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Palm oil production forecasting in Kalimantan was important because
production patterns differed across regions and changed over time. This
study aimed to compare classical statistical, machine learning, and deep
learning models for forecasting regional palm oil production using panel
time-series data. Annual district and city-level production data from 2010 to
2024 were transformed into a panel format consisting of 56 regional series
and 840 observations. Data from 2010 to 2022 were used for training, while
data from 2023 to 2024 were used for testing. The evaluated models
included Naive Forecast, Autoregressive Integrated Moving Average, Holt
Linear Trend, Light Gradient Boosting Machine, Extreme Gradient
Boosting, Long Short-Term Memory, Gated Recurrent Unit, and Neural
Basis Expansion Analysis for Time Series. The results showed that Long
Short-Term Memory achieved the best performance based on root mean
squared error of 31,136.64 and coefficient of determination of 0.7695.

Meanwhile, Naive Forecast achieved the best mean absolute error, mean
absolute percentage error, and symmetric mean absolute percentage error.
This study contributed a comparative panel time-series forecasting
framework that showed deep learning was effective for reducing large
prediction errors, while simple forecasting remained competitive for stable
regional patterns.
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1. Introduction

Oil palm is one of the strategic plantation commodities that plays an important role in supporting
regional economies, processing industries, and agricultural sector development planning in Indonesia[1]. In
Kalimantan, oil palm production is distributed across various provinces and regencies/municipalities with
different production characteristics[2]. Differences in regional conditions, plantation area, processing
capacity, and annual production dynamics cause oil palm production patterns to be not always linear and
stable[3]. Therefore, oil palm production forecasting is important to support production planning, decision-
making, policy evaluation, and more measurable plantation commodity supply chain management.

The Kalimantan oil palm production data used in this study covered 56 regency/municipality areas
during the 20102024 period, forming panel time-series data with 840 observations. The data were then
divided into training data from 20102022 and testing data from 2023-2024 to evaluate the model’s ability to
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predict production in periods that were not used during the training process. This data structure not only
represents changes in production over time but also reflects production variation across regions, making a
panel time-series forecasting approach relevant to apply[4], [5].

The main problem in forecasting oil palm production is the high variation in production patterns
across regions and sharp trend changes in certain periods[6]. Based on historical data, total production in
Kalimantan showed significant changes, particularly after 2017. Total production, which previously reached
approximately 12.08 million tons in 2017, sharply declined to around 1.52 million tons in 2018, and then
remained within the range of approximately 2.39-2.78 million tons during 2021-2024. This condition
indicates the possibility of changes in production patterns, changes in recording coverage, or structural breaks
that may affect the stability of forecasting models. Therefore, using only one type of model may not be
sufficient to comprehensively describe predictive performance[7].

Various methods have been used in time-series forecasting studies. Classical models such as Naive
Forecast, Holt, and ARIMA are commonly used as baselines because they are simple and easy to interpret[8].
ARIMA and exponential smoothing are widely discussed in classical forecasting literature for modeling
historical patterns and trends in time-series data[9]. However, classical methods generally have limitations in
capturing nonlinear relationships and heterogeneity across regions. Along with the development of machine
learning, gradient boosting-based models such as XGBoost and LightGBM have been widely used for tabular
data because they are able to effectively learn nonlinear patterns and feature interactions. XGBoost was
developed as a scalable tree boosting system and has been widely used to achieve high predictive
performance in various data mining tasks, while LightGBM was designed as a more efficient implementation
of gradient boosting decision trees through techniques such as Gradient-based One-Side Sampling and
Exclusive Feature Bundling[10].

In addition to machine learning, deep learning approaches have also been increasingly used for
time-series forecasting because of their ability to learn complex temporal patterns. LSTM was developed to
overcome the vanishing gradient problem in recurrent neural networks and was designed to retain
information over longer time spans[11]. GRU is a recurrent neural network variant with a simpler gating
mechanism and has been reported in several studies to achieve performance comparable to LSTM in
sequence modeling. Meanwhile, N-BEATS is a deep learning architecture for forecasting that uses backward
and forward residual links as well as fully connected layers, and is designed to be applicable across various
time-series domains[12].

Although various forecasting models are available, previous studies on oil palm production data in
Kalimantan have tended to use classical approaches such as Naive Forecast, Holt, and ARIMA. These
approaches are important as baselines, but they are not sufficient to assess whether machine learning and
deep learning models can improve performance on panel data of oil palm production. In addition, few studies
have systematically compared classical, machine learning, and deep learning models on oil palm production
data across regencies/municipalities in Kalimantan. This gap is important because oil palm production data
has panel characteristics, containing both time and regional dimensions simultaneously.

More specifically, the research gap in the context of oil palm production forecasting in Kalimantan
can be identified in three aspects. First, most previous approaches have focused on aggregate or single time-
series forecasting, while limited attention has been given to panel time-series modeling that simultaneously
captures temporal changes and regional heterogeneity across regencies/municipalities. Second, prior studies
have not sufficiently compared different model families under the same experimental setting, particularly
classical statistical models, machine learning models, and deep learning models. Third, regional variability in
oil palm production has not been deeply analyzed, even though each province and regency/municipality in
Kalimantan may have different production scales, trend stability, and error characteristics. Therefore, a
comparative panel time-series forecasting approach is needed to evaluate which model is more suitable for
heterogeneous regional oil palm production data in Kalimantan.

Based on these problems, this study proposes a comparative approach to evaluate the performance
of several groups of forecasting models, namely classical models, machine learning models, and deep
learning models. The models used include Naive Forecast, ARIMA, Holt, LightGBM, XGBoost, LSTM,
GRU, and N-BEATS. Evaluation was conducted using MAE, RMSE, MAPE, sMAPE, and R? metrics so that
model performance could be assessed from various error perspectives[13]. The novelty of this study lies in
the application of a comparative panel time-series forecasting approach to oil palm production in Kalimantan
by comparing three groups of models simultaneously, namely classical statistical models, machine learning
models, and deep learning models. Unlike previous studies that focused only on classical forecasting models,
this study utilizes the panel structure of cross-regional data and evaluates modern models such as LightGBM,
XGBoost, LSTM, GRU, and N-BEATS. Thus, this study not only produces predictive models but also
provides an understanding of which models are most suitable for the characteristics of Kalimantan oil palm
production data based on various evaluation metrics.
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In general, this study is expected to provide both methodological and practical contributions. From a
methodological perspective, this study presents a comprehensive comparison between classical, machine
learning, and deep learning models on panel time-series data of oil palm production. From a practical
perspective, the forecasting results can serve as an initial basis for local governments, plantation sector
managers, and related stakeholders in understanding oil palm production trends, supporting regional
agricultural planning, preparing supply chain strategies, and strengthening data-driven decision-making in the
palm oil sector.

2. Research Method

This study used a quantitative experimental research design with a comparative forecasting
approach. The objective was to evaluate the performance of classical, machine learning, and deep learning
models for forecasting palm oil production in Kalimantan using panel time-series data.

The forecasting task was formulated as a supervised time-series prediction problem. The input data
consisted of regional annual palm oil production records, while the output was the predicted production value
for future years. The models were evaluated using the same training and testing scheme to ensure a fair
comparison. The dataset contained 56 regional time series, covering the period 2010-2024, with a total of 840
observations after transformation into panel time-series format. The data were divided into training data from
2010-2022 and testing data from 2023-2024, with a forecast horizon of two years.
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Figure 1. Research Flow

The data used in this study were obtained from the official database of the Ministry of Agriculture
of the Republic of Indonesia. The dataset contains annual palm oil production data from districts/cities in
Kalimantan as summerized Table 1. The original dataset was arranged in wide format, where each year from
2010 to 2024 was represented as a separate column. The original attributes in the dataset were:

Table 1. Dataset Acquisition

Attribute

Description

Provinsi

Province name in Kalimantan

ID

Regional administrative code

Kabupaten Kota

District/city name

Ton Ha

Measurement unit

20102024

Annual palm oil production in tons
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The raw data had 56 rows and 19 columns, consisting of regional identity columns and annual production
columns from 2010 to 2024.

2.2 Data Preprocessing

The preprocessing stage was conducted to transform the raw dataset into a structured panel time-
series format suitable for comparative forecasting experiments. The original dataset was arranged in wide
format, where each year from 2010 to 2024 was represented as a separate column. The year columns were
first identified automatically and then transformed into long format using a wide-to-long transformation
process. In the transformed dataset, each observation represented one region in one year.

A regional identifier, named unique id, was created by combining the province and district/city
names. The year variable was converted into ds, while annual palm oil production was converted into the
target variable y. Production values were converted into numeric format to ensure compatibility with
statistical, machine learning, and deep learning models. Missing values and invalid production values were
checked before modeling. Records with missing or invalid target values were removed to avoid bias in model
training and evaluation.

For machine learning models, additional lag-based features were generated to represent historical
production patterns. These features included lag values from the previous one to five years, rolling mean,
rolling standard deviation, production differences, growth rates, and regional identifiers. These engineered
features were used by LightGBM and XGBoost to learn nonlinear relationships between historical production
behavior and future production values. For deep learning models, the dataset was prepared using a sliding-
window approach, where the previous five years of production data were used as input to predict the next two
years. This preprocessing design ensured that all models were trained and evaluated using the same
chronological data structure [14].

Table 2. Dataset Transform

Column Description
unique_id Regional time-series identifier
ds Year
y Palm oil production in tons

23 Data Splitting
The dataset was divided chronologically to avoid data leakage. The training set used observations
from 2010 to 2022, while the testing set used observations from 2023 to 2024.
Table 3. Split Dataset

Data Partition Period Number of Observations Purpose
Training data 2010-2022 728 Model training

Testing data 2023-2024 112 Model evaluation
Forecast horizon 2 years - Predicting 2023 and 2024

The chronological split was selected because forecasting problems must preserve temporal order. Therefore,
future values were not used during model training.

2.4 Model Configuration

To improve the reproducibility of the experiment, the main configuration of each model is described
as follows. The Naive Forecast model used the last observed value in the training period as the prediction for
the testing period. ARIMA was implemented separately for each regional time series using an order of
(1,1,1). Holt Linear Trend was also applied separately to each region to capture level and trend components.

For machine learning models, LightGBM and XGBoost were trained using lag-based and rolling
statistical features. The feature set included lag-1 to lag-5, rolling mean, rolling standard deviation, difference
features, growth features, year index, province, district/city, and regional identifier. Recursive forecasting
was used to predict the 2023-2024 testing period, where the prediction for 2023 was used as input for
forecasting 2024.

For deep learning models, LSTM and GRU were trained using a sliding-window input of five years
and a forecast horizon of two years. The production values were transformed using logarithmic
transformation and standard scaling before training to reduce the effect of large value differences among
regions. Both models used one recurrent layer, 64 hidden units, a batch size of 32, and 300 training epochs.
N-BEATS was trained as a global panel forecasting model using a forecast horizon of two years, an input
size of five years, and a lightweight architecture consisting of trend and identity stacks. The N-BEATS model
was trained for 500 maximum steps with a learning rate of 0.001.
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2.4.1  Naive Forecast

The Naive Forecast model was used as the baseline. This model predicts future production using the
last observed value from the training period[15]. where y;is the last observed production value in the training
data.

Yesh = Ve (M

242 ARIMA

ARIMA was applied separately to each regional time series. The ARIMA model is suitable for
classical univariate time-series forecasting because it models autoregressive, differencing, and moving
average components[16]. The ARIMA model can be represented as:

ARIMA(p,d, q) )
Parameter Description
P : Autoregressive order
d : Differencing order
q : Moving average order

In this study, ARIMA was trained for each region using the historical data from 2010-2022, and then used to
forecast 2023-2024.

2.4.3  Holt Linear Trend

Holt Linear Trend was used to model trend-based time-series patterns. This method estimates both
the level and trend components of the data. Holt forecasting was also applied separately for each region [17].
The general Holt formulation is:

lp =ay.+ (1 —a)le—q + be_y) 3)
by =B —le—1) + (1 = B)be4y “)
Yesn =l + hb, &)

where [, is the level, b, is the trend, and hhh is the forecast horizon.

244 LightGBM and XGBoost
LightGBM and XGBoost were used as machine learning models. Unlike ARIMA and Holt, these
models were trained as global panel models using engineered features from all regions. The features used for
LightGBM and XGBoost included:
Table 4. Paramater LightGBM and XGBoost

Feature Type Features
Regional features Province, district/city, unique id
Time features Year, year index
Lag features lag-1, lag-2, lag-3, lag-4, lag-5
Rolling features rolling mean-3, rolling mean-5, rolling standard deviation-3, rolling standard deviation-
5
Difference diff-1, diff-2
features
Growth features growth-1, growth-2
Statistical features minimum, maximum, and median of the last five years

The machine learning training data contained lag-based and rolling statistical features for each
regional time series. For multi-step prediction, LightGBM and XGBoost used a recursive forecasting
strategy. The prediction for 2023 was used as input to forecast 2024, preventing the model from using actual
future values during testing [18].

245 LSTM

Long Short-Term Memory was used as a deep learning model to capture sequential dependencies in
the production data. LSTM was trained using sliding windows from the training data[19]. The input sequence
length was set to five years, and the output horizon was two years:

X = [Vt Ye-3: Ye-2: Ye-1, Ve (6)
Y = [Ver1, Vesal @)
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Before training, the target values were transformed using logarithmic transformation and standard scaling to
stabilize the range of production values.
246 GRU
Gated Recurrent Unit was used as another recurrent deep learning model. GRU has a simpler gating
mechanism than LSTM but can still capture temporal dependencies in sequential data[20]. The GRU model
used the same input-output configuration as LSTM:

Table 5. Component GRU

Component Value
Input window 5 years
Forecast horizon 2 years

2023-2024 prediction
loglp and standard scaling

Training target
Data transformation

247 N-BEATS
N-BEATS was used as a deep learning forecasting model based on fully connected neural networks
and residual learning. In this study, N-BEATS was trained as a global panel time-series model using all
regional series simultaneously[21].

The N-BEATS model was configured with a two-year forecast horizon for evaluation. The model
was trained using the panel time-series format consisting of unique id, ds, and y. The N-BEATS training

process successfully generated predictions for the 2023-2024 testing period.

3. Result and Discussion

This section presents the experimental results and discussion of the comparative panel time-series
forecasting models for palm oil production in Kalimantan. The results are presented through descriptive
statistics, model comparison tables, provincial-level analysis, and forecasting interpretation. The evaluated
models include Naive Forecast, ARIMA, Holt, LightGBM, XGBoost, LSTM, GRU, and N-BEATS.

3.1 Dataset Transformation and Experimental Setting

The original dataset consisted of palm oil production records from 56 districts/cities in Kalimantan
for the period 2010-2024. The raw data were initially arranged in wide format, where each year was
represented as a separate column. The dataset was then transformed into a panel time-series format consisting
of three main variables: unique_id, ds, and y. The unique_id represents each district/city, ds represents the
year, and y represents palm oil production in tons.

After preprocessing, the final dataset contained 840 observations, representing 56 regional time
series with 15 annual observations for each region. The dataset was split chronologically, where data from
2010-2022 were used as training data and data from 2023-2024 were used as testing data. This splitting
strategy was applied to preserve the temporal order of the forecasting task and to avoid data leakage.

Table 6. Dataset and experimental setting

Component Description
Number of regions 56 districts/cities
Period 2010-2024
Total observations 840

Training period 2010-2022
Testing period 2023-2024
Forecast horizon 2 years

Target variable

Palm oil production in tons

The use of panel time-series data is important because palm oil production in Kalimantan is not only
influenced by temporal changes but also by regional differences. Each district/city may have different
production patterns, production scale, and trend characteristics. Therefore, the forecasting problem requires
models that can capture both temporal patterns and regional heterogeneity.

3.2 Global Model Performance

The performance of all forecasting models was evaluated using five metrics: MAE, RMSE, MAPE,
sMAPE, and R?. Table 7 presents the global comparison results across all regions and testing years.
Table 7. Global performance comparison of forecasting models

Rank by RMSE  Model MAE

RMSE MAPE (%) sMAPE (%) R?
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1 LSTM 17,381.81 31,136.64 45.44 68.62 0.7695
2 GRU 17,914.31 34,293.47 43.32 65.29 0.7204
3 N-BEATS 14,145.98 36,042.39 29.65 47.30 0.6911
4 LightGBM 20,903.86  39,349.90 70.71 71.70 0.6318
5 Naive Forecast 11,674.02 43,249.75 24.05 22.43 0.5552
6 ARIMA 16,559.22  45,286.35 119.59 48.66 0.5124
7 XGBoost 24,481.89 48,944.31 55.43 72.27 0.4304
8 Holt 25,475.90 57,728.38 80.93 77.09 0.2076

The results show that LSTM achieved the best performance based on RMSE and R?, with an RMSE
0f 31,136.64 and an R? of 0.7695. This indicates that LSTM was more effective in reducing large prediction
errors compared with the other models. GRU ranked second with an RMSE of 34,293.47, followed by N-
BEATS with an RMSE of 36,042.39. These findings indicate that deep learning models generally performed
better than classical and machine learning models when evaluated using RMSE and R?.

However, the results also show that Naive Forecast produced the lowest MAE, MAPE, and sMAPE.
Naive Forecast obtained an MAE of 11,674.02, MAPE of 24.05%, and sMAPE of 22.43%. This indicates
that, although LSTM reduced large errors more effectively, the simple Naive Forecast model was still
competitive for many regions with relatively stable production patterns. Therefore, the best model depends
on the evaluation metric used. Figure 2. presents the global RMSE comparison of all forecasting models used
in this study. The results show that LSTM achieved the lowest RMSE, followed by GRU and N-BEATS.
This indicates that deep learning models generally provided better performance in reducing large forecasting
errors compared with classical and machine learning models. Holt produced the highest RMSE, indicating
weaker forecasting performance in the testing period. Although Naive Forecast did not achieve the lowest
RMSE, it still remained competitive compared with ARIMA, XGBoost, and Holt.

Global RMSE Comparison of Forecasting Models

60000 |
50000
40000

w

2 30000

o
20000 |

10000 A

Figure 2. Presents the global RMSE comparison of all forecasting

33 Discussion of Global Model Performance

The superior RMSE and R? values of LSTM suggest that the model was able to capture sequential
patterns in the panel time-series data more effectively than other models. LSTM is designed to learn temporal
dependencies through memory cells and gating mechanisms, which makes it suitable for time-series
forecasting tasks [22]. In this study, the model benefited from the sliding-window approach, where the
previous five years of production data were used to predict production in the next two years.

GRU also showed strong performance, ranking second based on RMSE. This result is reasonable

because GRU has a gating mechanism similar to LSTM but with a simpler architecture. The relatively close
performance between LSTM and GRU indicates that recurrent neural network models are suitable for
modeling temporal dependencies in palm oil production data.
N-BEATS ranked third based on RMSE and R Although N-BEATS did not outperform LSTM and GRU,
its performance was still competitive. N-BEATS achieved lower RMSE than LightGBM, Naive Forecast,
ARIMA, XGBoost, and Holt. This indicates that N-BEATS can be considered a promising deep learning
model for panel time-series forecasting, although its performance may depend on data length, model
configuration, and the stability of production patterns.
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In contrast, the classical models ARIMA and Holt produced lower performance than most deep
learning models. ARIMA obtained an RMSE of 45,286.35, while Holt obtained the highest RMSE of
57,728.38. These results suggest that classical univariate time-series models may have difficulty capturing
regional heterogeneity and irregular changes in production patterns across multiple districts/cities.

The machine learning models, LightGBM and XGBoost, did not outperform the deep learning
models in the global evaluation. LightGBM performed better than Naive Forecast in terms of RMSE but
produced higher MAE, MAPE, and sMAPE. XGBoost performed lower than LightGBM in the global
comparison. This result may be influenced by the limited number of annual observations per region, where
each region only contains 15 data points. Figure 3 illustrates the comparison between actual and predicted
total palm oil production in Kalimantan for the testing period 2023-2024. The actual production increased
from 2023 to 2024. Several models, such as Naive Forecast, ARIMA, Holt, and N-BEATS, tended to
produce higher total predictions than the actual values. In contrast, LightGBM, XGBoost, LSTM, and GRU
tended to underestimate total production. This result indicates that each model captured different production
patterns, and the prediction behavior varied depending on the model architecture and learning mechanism.

The evaluation results show different model rankings depending on the metric used. LSTM achieved
the best performance based on RMSE and R?, while Naive Forecast achieved the best performance based on
MAE, MAPE, and sMAPE. This difference does not indicate inconsistency in the experiment, but rather
reflects the different sensitivity of each evaluation metric.

RMSE gives greater penalty to large prediction errors because the errors are squared before averaging.
Therefore, the lower RMSE obtained by LSTM indicates that this model was more effective in reducing large
forecasting deviations, especially in regions with high production values or more dynamic production
patterns. The R? value of 0.7695 also indicates that LSTM explained a larger proportion of production
variability than the other models.

On the other hand, MAE, MAPE, and sMAPE evaluate forecasting errors from different perspectives.
MAE measures the average absolute error, while MAPE and sMAPE measure relative percentage errors. The
superior performance of Naive Forecast on these metrics indicates that many regional production series were
relatively stable during the testing period. In such cases, the last observed value from the training period can
be a strong predictor for the next year. Therefore, Naive Forecast remained competitive for stable regions,
even though it was less effective in reducing large errors at the global level.

These findings show that model selection should depend on the forecasting objective. If the main
objective is to minimize large errors in high-production regions, LSTM is more appropriate. However, if the
objective is to obtain stable and simple forecasts for regions with relatively constant production patterns,
Naive Forecast can still be used as a strong baseline.

16 Actual vs Predicted Total Palm Qil Production in Kalimantan
3.00 1 .>—<:
e————
2.75 1
Naive_Forecast
—8— ARIMA
2.251 —e— Holt

—o— LightGBM

—8— XGBoost
LSTM

—— GRU

1.25 4 . '

T T T T T T
2023.0 2023.2 2023.4 2023.6 2023.8 2024.0
Year

Production (Tons)

Figure 3. Comparison between actual and predicted

3.4 Provincial-Level Model Performance

In addition to global evaluation, the models were also evaluated by province to identify regional
differences in forecasting performance. Table 8 summarizes the best-performing model for each province
based on RMSE.

Table 8. Best model by province based on RMSE
Province Best Model RMSE R?
Kalimantan Barat Naive Forecast 12,738.12 0.9599
Kalimantan Selatan Naive Forecast 3,710.66  0.9912
Kalimantan Tengah Naive Forecast 11,863.32 0.9825
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Kalimantan Timur  XGBoost 19,696.65 0.7749
Kalimantan Utara Naive Forecast 1,446.52  0.9968

The provincial evaluation shows that the best model varied across regions. Naive Forecast achieved
the best RMSE in Kalimantan Barat, Kalimantan Selatan, Kalimantan Tengah, and Kalimantan Utara.
Meanwhile, XGBoost achieved the best RMSE in Kalimantan Timur. This indicates that no single model was
consistently superior across all provinces.

The strong performance of Naive Forecast in several provinces suggests that the production values
in those provinces were relatively stable during the testing period. When the production pattern is stable, the
last observed value from the training period can serve as a strong predictor for the next period. This explains
why Naive Forecast achieved low error in Kalimantan Barat, Kalimantan Selatan, Kalimantan Tengah, and
Kalimantan Utara.

Kalimantan Timur showed a different pattern. In this province, XGBoost obtained the lowest RMSE
of 19,696.65, while Naive Forecast produced a much higher RMSE of 100,159.31. This indicates that
Kalimantan Timur may have more dynamic production patterns, making a feature-based machine learning
model more suitable than a simple last-value baseline. XGBoost was able to use lag features, rolling
statistics, difference features, growth features, and regional features to capture patterns that were not
adequately represented by Naive Forecast.

3.5 Interpretation of Deep Learning Models

The global results indicate that deep learning models were generally strong in reducing large

forecasting errors. LSTM, GRU, and N-BEATS occupied the top three positions based on RMSE. This
suggests that deep learning models are useful for capturing complex temporal relationships in panel time-
series data.
LSTM achieved the lowest RMSE, showing its ability to model temporal dependencies across regional
production patterns. GRU followed closely behind LSTM, indicating that a simpler recurrent architecture can
still produce competitive performance. N-BEATS also provided a strong result, although it did not
outperform LSTM and GRU[23], [24].

However, deep learning models did not dominate all evaluation metrics. The Naive Forecast model
still achieved the best MAE, MAPE, and sMAPE. This means that while deep learning models are better at
reducing large errors, they may still produce relatively high percentage errors in regions with low or stable
production values. Therefore, the results should not be interpreted as evidence that deep learning is always
superior. Instead, the findings show that deep learning models are advantageous for minimizing large-scale
errors, while simple models may remain effective for stable regional series.

3.6 Interpretation of Classical and Machine Learning Models

The classical models showed mixed results. ARIMA performed better than Holt but was still weaker
than the leading deep learning models based on RMSE. The ARIMA model also produced a high MAPE
value, indicating that its percentage error was unstable for some regions. Holt produced the weakest global
performance, with the highest RMSE and lowest R2.

The machine learning models also showed varied performance. LightGBM ranked fourth based on
RMSE, outperforming Naive Forecast, ARIMA, XGBoost, and Holt in terms of RMSE. However,
LightGBM produced relatively high MAPE and sMAPE values. XGBoost ranked lower globally but
performed best in Kalimantan Timur. This suggests that machine learning models may be useful for specific
regional patterns, especially when production behavior is less stable and requires additional engineered
features.

The difference between global and provincial results highlights the importance of evaluating
forecasting models at multiple levels. A model that performs well globally may not be the best model for
every province. Therefore, regional-level analysis is necessary to obtain more practical insights for decision-
making [25].

3.7 Forecasting Implications

The experimental results have several implications for palm oil production forecasting in
Kalimantan. First, LSTM is the most suitable model when the main objective is to reduce large prediction
errors, as shown by its lowest RMSE and highest R2. Second, Naive Forecast remains important as a strong
baseline, especially for provinces with stable production patterns. Third, XGBoost may be more suitable for
regions with dynamic production behavior, as shown in the case of Kalimantan Timur.

Additional forecasting results for 2025-2027 using the trained forecasting framework showed that
total palm oil production in Kalimantan was predicted to remain relatively stable. The total predicted
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production was 2,665,795.75 tons in 2025, 2,665,549.00 tons in 2026, and 2,698,897.00 tons in 2027. These
results suggest a slight increase in total production by 2027.
Table 9. Total forecasted palm oil production in Kalimantan
Year Predicted Production (tons)

2025 2,665,795.75
2026 2,665,549.00
2027 2,698,897.00

The forecast results indicate that palm oil production in Kalimantan is expected to remain relatively
stable in the short term. However, the prediction should be interpreted carefully because the historical data
show a major shift in production patterns after 2017. The total production increased from 3.87 million tons in
2010 to 12.08 million tons in 2017, then declined sharply to 1.52 million tons in 2018 before stabilizing
around 2.39-2.78 million tons in 2021-2024. This structural change may affect model stability and
forecasting accuracy.

3.8 Overall Discussion

Overall, the results show that model performance depends strongly on the evaluation metric and the
regional characteristics of the data. Based on RMSE and R?, LSTM was the best global model, indicating that
it was effective in reducing large forecasting errors. However, based on MAE, MAPE, and sMAPE, Naive
Forecast was the best model, showing that simple forecasting methods can remain competitive when the data
are stable.

The finding that Naive Forecast performed strongly in several provinces is important. It suggests
that some regions have production patterns where the latest historical value is already a strong predictor. In
such cases, more complex models may not always provide better performance. On the other hand, the strong
performance of XGBoost in Kalimantan Timur indicates that machine learning models can be useful in
regions with more variable production patterns.

The results also demonstrate the value of a comparative forecasting approach. If the study only
evaluated one model, such as N-BEATS or LSTM, the conclusion could be misleading. By comparing
classical, machine learning, and deep learning models, this research provides a more comprehensive
understanding of which model is suitable under different evaluation criteria and regional conditions.

3.9 Practical and Policy Implications

The findings of this study provide several practical and policy implications for palm oil production
planning in Kalimantan. First, the forecasting results can support regional agricultural planning by providing
estimated production trends for districts/cities and provinces. These forecasts can help local governments and
agricultural agencies anticipate production changes and prepare appropriate policy responses.

Second, the comparison of forecasting models can assist decision-makers in selecting appropriate
forecasting methods based on regional characteristics. For regions with relatively stable production patterns,
simple models such as Naive Forecast may be sufficient and easy to implement. However, for regions with
more dynamic production behavior, deep learning or machine learning models may be more suitable because
they can better capture complex temporal and regional patterns.

Third, the forecasting results can support supply chain preparation in the palm oil sector. More
accurate production forecasts can help stakeholders plan processing capacity, logistics, distribution, and
market supply. This is important because palm oil production affects not only agricultural planning but also
industrial processing and regional economic activity.

Fourth, the provincial-level evaluation provides useful insight for regional policy-making. The
results show that no single model dominated all provinces. Therefore, forecasting systems should not rely
only on one global model but should consider regional characteristics and model performance at the
provincial or district/city level. This approach can improve the relevance of forecasting results for local
decision-making. Finally, the study provides a methodological basis for developing data-driven monitoring
systems for palm oil production. Such systems can be used by government institutions, plantation agencies,
and industry stakeholders to monitor production trends, identify potential production instability, and support
evidence-based agricultural policy.

4.  Conclusion

This study successfully addressed the research objective stated in the Introduction, namely to compare
classical statistical, machine learning, and deep learning models for forecasting palm oil production in
Kalimantan using regional panel time-series data. The dataset consisted of 56 regional series from 2010 to
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2024, with a total of 840 observations. Data from 2010-2022 were used for training, while data from 2023—
2024 were used for testing.

The results showed that model performance varied depending on the evaluation metric. Based on
RMSE and R? LSTM achieved the best global performance, with an RMSE of 31,136.64 and an R? of
0.7695. This indicates that LSTM was more effective in reducing large forecasting errors. However, Naive
Forecast achieved the best performance based on MAE, MAPE, and sMAPE, with an MAE of 11,674.02,
MAPE of 24.05%, and SMAPE of 22.43%. This finding shows that simple forecasting methods can remain
competitive for regions with relatively stable production patterns.

The provincial-level analysis also showed that no single model dominated all regions. Naive Forecast
performed best in Kalimantan Barat, Kalimantan Selatan, Kalimantan Tengah, and Kalimantan Utara, while
XGBoost achieved the best performance in Kalimantan Timur. This result confirms that regional production
characteristics strongly influence forecasting performance, so model selection should consider both
evaluation metrics and regional behavior.

The forecasting results for 2025-2027 indicated that total palm oil production in Kalimantan is
predicted to remain relatively stable, with a slight increase by 2027. However, these predictions should be
interpreted carefully because the historical data showed a sharp structural change after 2017, which may
affect long-term forecasting stability.

The main contribution of this study is the development of a comparative panel time-series forecasting

framework for regional palm oil production in Kalimantan. Unlike studies that rely on a single model or
aggregate time-series data, this study compared multiple model families using the same experimental setting
and evaluated their performance at both global and provincial levels. The findings provide methodological
insight into the suitability of different forecasting models for heterogeneous regional production data.
From a practical perspective, the results can support regional agricultural planning, production monitoring,
supply chain preparation, and policy-making in the palm oil sector. LSTM can be considered when the main
objective is to reduce large forecasting errors, while Naive Forecast can be used as a strong and simple
baseline for stable regional production patterns.

Future research should use longer historical data, include explanatory variables such as plantation
area, rainfall, temperature, land suitability, fertilizer use, commodity prices, and policy factors, and apply
rolling-origin validation for more robust evaluation. Further studies may also explore hybrid or ensemble
models combining LSTM, XGBoost, and N-BEATS, as well as explainable artificial intelligence methods
such as SHAP to identify the most influential factors affecting palm oil production forecasts.
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