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Abstract

Accurate forecasting of rice production is crucial for ensuring future food security in specific regions.
This study aimed to compare the predictive capabilities of two distinct time series models,
Autoregressive Integrated Moving Average (ARIMA) and Neural Network Autoregression (NNAR),
in forecasting rice production. The selection of input variables for the NNAR model was aligned with
the autoregressive components of the ARIMA model. Applying annual rice production data for the
East Kalimantan Province from 1994 to 2023, this study evaluated forecasting accuracy through the
Symmetric Mean Percentage Error (SMAPE). The results demonstrated the superior performance of
the ARIMA ([2],0,0) model compared to the NNAR (2, 8) model. The advantage of the ARIMA ([2],
0, 0) model is attributed to the limited amount of data used, making simpler models like ARIMA more
suitable for this case. Future research could develop more comprehensive forecasting models by
incorporating additional factors such as weather data. Furthermore, the adopting of hybrid models
combining ARIMA and NNAR, along with an increase in the quantity and diversity of data, could be
potential steps towards enhancing the accuracy of rice production forecasting in the future.
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1. INTRODUCTION

The relocation of Indonesia’s capital city to Nusantara in East Kalimantan
constitutes a transformative national project with far-reaching socio-economic
implications. While the initiative is expected to accelerate urban development and
population growth, it simultaneously poses challenges for the agricultural sector. A
considerable portion of farmland is projected to be converted into urban and industrial
areas, thereby reducing the land available for rice cultivation [1]. At the same time, the
expected influx of migrants is likely to increase food demand, particularly for rice as the
staple commodity [2], [3]. Anticipating these structural changes requires accurate
forecasting of rice production to inform policies that safeguard food security under
conditions of shrinking farmland and growing demand.

Time series forecasting has long been recognized as a reliable approach for
predicting agricultural outputs based on historical patterns[4], [5]. Among existing
methods, the Autoregressive Integrated Moving Average (ARIMA) model remains one
of the most widely applied due to its ability to capture linear trends and temporal
dependencies in time series data[6], [7]. ARIMA has demonstrated strong predictive
performance across diverse fields, including stock markets [8], [9], macroeconomic
indicators [10], energy demand [11], transportation systems [12], and agricultural
production, particularly crop yield forecasting [4]. However, because ARIMA is
fundamentally a linear model, its capacity to represent nonlinear or irregular
fluctuations—such as those driven by climatic variability, technological change, or
policy shocks in agriculture —may be limited.

To address these limitations, nonlinear approaches based on artificial neural
networks have gained prominence. Neural Network Autoregression (NNAR), a neural
network framework adapted for time series, leverages lagged inputs and hidden layers
to capture nonlinear dynamics that linear models may fail to represent [13], [14].
Empirical studies have reported mixed results regarding the relative performance of
NNAR and ARIMA. NNAR has been found to outperform ARIMA in forecasting
sunspot activity [15] and hospital admissions [13], whereas ARIMA produced superior
forecasts for rice and grain production in India [16], [17]. Other studies reported no
statistically significant difference between the two models [14]. These inconsistencies
indicate that the relative performance of ARIMA and NNAR is highly context-
dependent, shaped by data length, variability, and underlying structural conditions.

Despite the extensive application of ARIMA- and NNAR-type models in
agricultural forecasting, no previous study has evaluated their comparative performance
for rice production in East Kalimantan. Existing empirical evidence is predominantly
concentrated in South Asian settings, which differ from East Kalimantan in terms of
agro-ecological characteristics, land-use dynamics, and policy environments. This
geographical bias limits the transferability of previous findings to Indonesia, particularly
under the structural changes induced by the national capital relocation. The present
study addresses this gap by conducting a comparative assessment of ARIMA and NNAR
models for forecasting rice production in East Kalimantan under conditions of
anticipated land conversion and changing demand.

This study contributes to the time series forecasting literature in several ways.
First, it provides empirical evidence on the relative performance of linear (ARIMA) and
nonlinear (NNAR) models using a relatively short annual series in a region undergoing
major structural transformation, thereby extending existing knowledge on model
suitability under data and policy constraints. Second, it offers context-specific
parameterization and validation of both models for rice production in East Kalimantan,
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which has been underrepresented in prior agricultural forecasting research. Third, by
linking forecasting results to the implications of capital relocation, the study generates
insights relevant to food security planning and regional development. In addition to
these theoretical contributions, the findings have practical significance for policymakers
and stakeholders concerned with the sustainability agenda, particularly SDG 2 (Zero
Hunger) through the strengthening of sustainable agricultural systems, SDG 11
(Sustainable Cities and Communities) by considering the agricultural consequences of
urban expansion, and SDG 12 (Responsible Consumption and Production) through more
efficient resource use in agricultural planning.

The remainder of this paper is structured as follows. The methodology section
describes the dataset, model specification—including the non-seasonal and, where
applicable, seasonal components of the ARIMA structure —and the evaluation metrics
employed to assess forecasting accuracy. The results and discussion section presents the
empirical findings, compares the predictive performance of ARIMA and NNAR, and
interprets the outcomes in light of existing theory and policy considerations. The
concluding section summarizes the key results, highlights the theoretical and practical
contributions of the study, and outlines limitations and directions for future research.

2. METHOD

2.1. Dataset

Rice (Oryza sativa L.) is one of the vital cultivated crops, serving as a primary food
source for the Indonesian population [18], [19]. This annual crop produces rice as its
main product[18], [20]. Consequently, rice production plays a crucial role in meeting the
basic demand for rice [21]. Given the increasing demand for rice each year, predicting
rice production becomes essential for planning optimal cultivation to ensure sufficient
rice supply [21].

Rice production is measured in tons of dry unpulled rice (GKG), obtained from the
Statistics Indonesia (Central Bureau of Statistics—BPS). This data results from
multiplying the harvested area by productivity (rice yield per hectare). Since 2018, the
Area Sample Frame (KSA) method has been used to calculate the harvested area,
replacing the previous method of estimation based on sample plots collected through
Agricultural Statistics data reported by the Head of the Branch Office at the Subdistrict
Level. Rice productivity is assessed through sample plot surveys using plots measuring
25 m x 25 m to measure the production of dry harvested rice (GKP), which is then
converted to GKG using the conversion rate from the 2018 Grain to Rice Conversion
Survey. The dataset in this study comprises annual rice production sourced from East
Kalimantan province from 1993 to 2023. A total of 28 observations were used for training,
while three observations were used for testing. In 2012, East Kalimantan province
underwent a division where three districts, namely Malinau, Nunukan, and Tarakan,
formed the North Kalimantan province. Therefore, in this study, data before 2012
includes rice production in both East Kalimantan and North Kalimantan provinces.

2.2. Data Partition

In this study, the rice production data from East Kalimantan province spanning
the years 1993 to 2023 was divided into two distinct subsets: the training set and the
testing set. The training set comprises observations from 1993 to 2020, accounting for 28
years of data, which were used to develop and calibrate the predictive models. This
extensive period ensures that the model captures the underlying trends, seasonality, and
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other temporal patterns present in the data. The remaining observations, from 2021 to
2023, form the testing set, which serves to evaluate the model’s forecasting performance
on unseen data. This partitioning approach is crucial as it allows for a rigorous
assessment of the model’s generalization capability. By evaluating the model on a
separate testing set, the study aims to avoid overfitting, ensuring that the model’s
predictions are not only accurate on the training data but also robust when applied to
future, unknown data points.

2.3. ARIMA Modeling

The ARIMA model, originally introduced in 1970 by American statisticians G.E.P.

Box and G.M. Jenkins, is among the most widely utilized methods for forecasting time

series data [10]. This model, widely known as the Box-Jenkins method [10]. The model

is especially effective for non-stationary time series data. ARIMA consists of three

components, as represented by its acronym [6], [10]:

* AR (Autoregressive): A regression that uses the dependency relationship between
an observation and several previous observations (model parameter p).

* I (Integration): The process of calculating differences between observations at
different time points, represented by the model parameter d, with the goal of
making the time series stationary. The degree of differencing (d) indicates how
many times this differencing process is applied to the data.

* MA (Moving Average): An approach that considers possible potential dependencies
between an observation and the residuals produced when the moving average
model is applied to lagged observations, denoted by the model parameter q

The ARIMA model assumes stationarity, which means that the time series
maintains a constant mean and variance over time [7]. The d notation in ARIMA refers

to differencing used to make a time series stationary if it was initially non-stationary [7].

This process involves converting the series into the differences between consecutive

observations, such as, Z; — Z;_, If the series remains non-stationary, differencing can be

applied multiple times, as indicated by the d value in the ARIMA (p, d, q) model. The
general form of ARIMA can be expressed as ARIMA (p, d, q), denoted as follows:

¢p(BY(1 — B)?Z; = 6,(B)N, 1)
where is the ¢,(B) = 1 — ¢1B — ¢p,B* — - — ¢, B?
non-seasonal Autoregressive component, is the non-seasonal (1 — B)?differencing, is
the non-seasonal 6,(B) = 1 — ;B — 6,B* — --- — §,B? moving average, and Z; is the rice

production in the t-period.

2.4. NNAR Modeling

Neural Network Autoregression (NNAR) is an approach in the deep learning
category that simulates the neural networks of the human brain and can learn complex
linear and non-linear relationships between input and output variables. NNAR uses
lagged values in the time series data as inputs. This model is built from three layers of a
feedforward neural network, consisting of an-input layer, a hidden layer, and an-output
layer [17]. The architecture of NNAR can be illustrated as shown in Figure 1.
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Input Layer Hidden layer Output Layer

Bias Bias

Figure 1. NNAR Architecture

In general, the relationship between the output variable (Z;) and its lagged inputs
(Zt_l,Zt_z, ...,,Zt_p) can be expressed mathematically following Zhang [22]. The
functional form of the ANN with one hidden layer is given as:

Zy = go[a’o + 2?:1 an?(ﬁoj + Z?:l ,Bith—i)] + & )
where B;;(i = 0,1,2,...,p;j = 0,1,2, ..., q) and S, are the input-to-hidden weights and bias
parameters and «;(j = 0,1,2,...,q) and a, are the hidden-to-output weights and bias
parameters, p represents the number of input neurons (lags) and q denotes the number
of neurons in the hidden layer. In practice, the logistic sigmoid function is commonly
employed as the activation function in the hidden layer, defined as:

1
gx) = Trexp(—x) 3)

This nonlinear transformation enables the NNAR to capture complex relationships
and nonlinear dependencies in time series data that cannot be effectively modeled by

linear approaches such as ARIMA.

2.5. Model Evaluation

The evaluation of forecasting accuracy in this study employed the Symmetric
Mean Absolute Percentage Error (SMAPE), which has been widely adopted in the
forecasting area. SMAPE provides a normalized error metric by comparing the absolute
difference between the actual and forecasted values relative to their average magnitude,
thus reducing bias associated with large or small values. The mathematical formulation
of SMAPE is expressed as follows [23]:

_lyn 21Z-Z
SMAPE—n t=177.17, (4)

where Z, denotes the actual value at time t, Z, represents the forecasted value, and n is
the number of observations in the evaluation set. A lower SMAPE value indicates a
higher level of forecasting accuracy.
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2.6. Research Prosedure
The research procedure of this study follows as:
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Figure 2. Research Procedure

1. The rice production data from East Kalimantan province from 1993 to 2023 was
obtained from the Statistics Indonesia of East Kalimantan Province (BPS Kaltim—
Badan Pusat Statistik Provinsi Kalimantan Timur)

2. The rice production data was divided into two sets: training data (1993-2020) and
testing data (2021-2023). The training data was used to develop the models, while the
testing data was used to evaluate forecasting performance.

3. Applying the training data to the ARIMA model. The procedure in ARIMA modeling
is as follows:
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Model Identification: The identification of the ARIMA model begins with
assessing the stationarity of the time series in terms of both variance and mean.
This study employs the Box-Cox transformation and autocorrelation function
(ACF) plots to evaluate stationarity. If necessary, transformations or differencing
are applied to achieve a stationary series. Once stationarity is ensured, the patterns
of the ACF and partial autocorrelation function (PACF) plots are used to guide
the selection of the ARIMA order (p, d, q). For instance, if differencing transforms
the series into a white noise process, the model can be formally expressed as [5]

(1-B)4Z, = a, ©®)

Differencing, however, can only be applied to achieve stationarity in homogeneous
time series where nonstationarity arises from time dependence in the mean. In
practice, many time series are not homogeneous, as nonstationarity may also result
from time-varying variance or autocovariance structures. To address this issue, a
variance-stabilizing transformation is often required. One widely used approach
is the Box—Cox transformation, defined as [5].

Zt(z): %,Aqto ©)
InZ,, =0

This transformation normalizes the variance of the series, thereby facilitating
subsequent differencing and ARIMA model identification.
. Model Estimation: The estimation of ARIMA model parameters in this study was
performed using the Conditional Least Squares (CLS) method, which minimizes
the sum of squared residuals conditional on initial observations. To evaluate the
statistical significance of the estimated parameters, a t-test was applied. Let 6
denote a parameter in the Box-Jenkins model, § its point estimate of 8 and s is the

standard error of the estimate. The statistic test is defined as [24]

t =

& |

@)
Under the null hypothesis Hy: 68 = 0 the statistic follows an approximate Student’s
t-distribution with n-p degrees of freedom where 7 is the number of observations
and p is the number of estimated parameters. The decision rule is to reject Hy if
It1> Yapnny) -
. Diagnostic Checking: The Ljung-Box and Kolmogorov-Smirnov tests are used to

check the white noise assumption and the normal distribution of model residuals.
The hypotheses of the Ljung-Box Q test are defined as:

Hy:pr=0,k=1,2,..,K
Hy: at least one p, # 0

where py denotes the residual autocorrelation at lag k. The statistic test is given
by:

2

Q=n(n+2)xk, L ®)
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The statistic Q is approximately distributed as )(,f,_(p +q) Where p and g denote the AR
and MA orders of the ARIMA (p, d, q) model. The decision rule is to reject Hy if
Q> )(,%_(p +¢) Indicating that the residuals are not independently distributed.

The normality of residuals was evaluated using the Kolmogorov-Smirnov (K-5) test.

The hypotheses are:

Ho: residuals are normally distributed
Hi: residuals are not normally distributed

The K-S statistic test is defined as:

D = sup|F,(x) — F(0)|

E,(x) noted as cumulative distribution function (CDF) from the sample residuals and
F(x) is cumulative distribution function (CDF) of the normal distribution. The
decision rule is to reject Ho if D > D, where D, is the critical value from the
Kolmogorov-Smirnov distribution table or equivalently if the p-value.

d. Forecasting with Test Data
e. Evaluating ARIMA Model Evaluation

4. Building the Neural Network Autoregression (NNAR) model. The steps to build the
NNAR are as follows:

a. Neural Network Architecture Design: This includes selecting the number of
hidden layers, the number of neurons per layer, and the activation function.

b. Model learning: The model is trained using training data and applying
Backpropagation algorithm.

c. Hyperparameter Tuning: Hyperparameter tuning was conducted to optimize the
performance of the NNAR model by adjusting the architecture of the hidden
layer. In this study, the tuning process was restricted to the number of neurons in
the hidden layer, which was set to a maximum of 4p, where p denotes the number
of input neurons (lags) included in the model. This restriction follows common
practices intime series neural network modeling, aiming to balance predictive
accuracy and computational efficiency while avoiding overfitting.

d. Forecasting with Test Data

e. Evaluating NNAR Model Evaluation

5. Comparing the accuracy of the ARIMA and NNAR models. The model accuracy in
this study is evaluated using the Symmetric Mean Absolute Percentage Error (SMAPE)

6. Forecasting the best model based on the smallest SMAPE.

7. Interpretation of the forecasting results.

3. RESULTS AND DISCUSSION

This study focuses on rice production in East Kalimantan from 1993 to 2023. Figure
3 illustrates the descriptive statistics visualized in a boxplot. The annual rice production
in East Kalimantan province shows an average of 399,627 tons. The lowest production
was recorded in 2023 at 170,256 tons, while the highest production was achieved in 2010
with a total of 588,879 tons. The line within the box represents the median rice
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production, which is approximately 399,627 tons. There are no data points outside the
whiskers, indicating that there are no significant outliers in this rice production data.
With an understanding of the characteristics of the annual rice production in East
Kalimantan, we can proceed with modeling using ARIMA (Autoregressive Integrated
Moving Average) and NNAR (Neural Network Autoregressive) models.

7 S 588879

500000
|

i 408969 399267.23

Production (tons)
300000

E— 170256

100000

Figure 3. Box Plot Annual Rice Production

The ARIMA model is constructed through four stages: model identification, parameter
estimation, diagnostic checking, and forecasting. In the identification stage, the
stationarity of the annual rice production in East Kalimantan province is assessed.
Stationarity identification is conducted to determine whether the variance and mean in
the time series data are constant or not. If the time series data do not meet stationarity in
variance, a transformation is required. Meanwhile, if the time series data do not meet
stationarity in the mean, differencing needs to be applied. Variance stationarity can be
identified using the Box-Cox Transformation. The transformation is performed on the
Box-Cox Transformation parameter A, which ranges between -1 and 1 [5]. Mean
stationarity, on the other hand, can be identified from the ACF (Autocorrelation
Function) plot. Differencing is performed if the lags in the ACF plot do not exhibit a "dies
down" pattern (a rapid decrease). The time series data identification of the annual rice
production in East Kalimantan province can be illustrated in Figures 4(a)-(b).

Figure 4(a) shows that the variance in the time series does not require
transformation because the value of the A parameter is outside the range of -1 to 1.
Meanwhile, Figure 4(b) indicates that the time series data also do not require
differencing as they follow a "dies down" pattern, with only lag 1 and lag 2 falling
outside the upper control limit, while the rest are within the upper and lower control
limits. After confirming that the data are stationary, an initial estimation of the order of
ARIMA (p, d, q) can be made based on the lag patterns from the ACF (Autocorrelation
Function) and PACF (Partial Autocorrelation Function) in Figures 4(a)-(b).
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Figure 4. (a) Box-Cox Transformation, (b) ACF Plot and (c) PACF Plot

Figure 4(a) shows that lag 1 and lag 2 exceed the upper control limit, while no
other lags exceed either the upper or lower control limits. In contrast, Figure 4(b) shows
thatlag 1 exceeds the upper control limit and lag six exceeds the lower control limit, with
the remaining lags staying within the control limits. Based on the patterns observed in
Figures 4(a)-(b), the possible ARIMA (p, d, q) model estimations are ARIMA ([1,6], O,
[2]) or ARIMA ([6], 0, 2). Subsequently, model estimation is conducted based on the
initial ARIMA (p, d, q) model estimation obtained. The final ARIMA (p, d, q) model
obtained may differ from the initial estimation due to multiple trials during the
parameter estimation stage, diagnostic checking with the Ljung-Box test, and normality
testing on the residuals. A summary of the two final ARIMA (p, d, q) models, along with
each parameter estimation and diagnostic checking stage, can be seen in Table 1.

Table 1 presents a comparison between two forecasting models for rice
production in East Kalimantan, namely ARIMA (1, 0, 0) and ARIMA ([2], 0, 0). Both
models exhibit significant parameters, as evidenced by p-values less than 0.05 for all
parameters. The results of the diagnostic checks, including the Ljung-Box test and the
normality test, indicate that both models satisfy the assumptions of white noise and
normality in the residuals. Although both models demonstrate good performance, the
ARIMA ([2], 0, 0) model slightly outperforms with a SMAPE value of 14.85%,
compared to the ARIMA (1, 0, 0) model, which has a SMAPE value of 18.16%. This
suggests that the ARIMA ([2], 0, 0) model has a slightly lower error rate in forecasting
rice production in East Kalimantan.
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Table 1. Summary of ARIMA Model

Parameter Estimation Diagnostic Checking SMAPE (%)
Model Ljung-Box Test ~ Normality
Parameter Estimate p-value Until p-value p-value
lag

M 332346.2  <0.0001 6 0.1003

ARIMA 0.82311  <0.0001 12 05140  0.0594 18.16
(1,0,0) 18 02762
24 0.1005
M 328609.8  <0.0001 6 0.0988

ARIMA 2 0.80085 <0.0001 12 0.3794 >0.1500 14.85
([21,0.0) 18 0.4423
24 0.4037

Following the identification of the final ARIMA model, the second modeling
approach, the Neural Network Autoregression (NNAR) model, was developed. The
NNAR model in this study was constructed using the R programming language. The
input for the NNAR was determined based on the AR order obtained from the
previous ARIMA model. Therefore, two experiments were conducted for the NNAR
input in this study, i.e. NNAR with p =1 and NNAR with p = 2. To determine the
number of nodes in the hidden layer, experiments were conducted up to 4p nodes.
Consequently, for NNAR with p = 1, the number of nodes in the hidden layer was
tested up to 4, and for NNAR with p =2, the number of nodes in the hidden layer was
tested up to 8. The performance results of each model are illustrated in Figure 3.

\
\
\
\
\
\
\
\
\
\
\ |
\
\
0

10 20 30 40

SMAPE (%)

Figure 5. SMAPE of NNAR Model

Figure 5 illustrates the comparison of Symmetric Mean Absolute Percentage Error
(SMAPE) for the Neural Network Autoregression (NNAR) model with different
numbers of neurons in the input and hidden layers. The number of neurons in the
hidden layer is a tunable parameter in the NNAR model. This hidden layer is
responsible for learning complex patterns within the data. By varying the number of
neurons, we can adjust the model’s capacity to learn these patterns. Figure 5 shows
that the NNAR model with input p=2 performs better than with p = 1. In the case of
NNAR with input p=2, the SMAPE initially decreases as the number of neurons
increases. However, beyond a certain point, SMAPE begins to increase as the number
of neurons continues to rise. This indicates that an excessive number of neurons can
lead to overfitting, where the model becomes too closely tailored to the training data
and fails to generalize well to new data. Therefore, it is crucial to select the appropriate
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number of neurons in the hidden layer to achieve optimal forecasting performance.
The NNAR (2,8) model was identified as the best-performing NNAR model for
forecasting rice production in East Kalimantan province. Subsequently, the
performance of each final model from ARIMA and NNAR will be compared as shown
in Figure 6.

25
|

22.75

20
|

14.85

15

10

SMAPE (%)

5
|

0
L

ARIMA([2],0,0) NNAR(2,8)

Figure 6. Comparison SMAPE of ARIMA and NNAR Model

Figure 6 presents the comparison of Symmetric Mean Absolute Percentage Error
(SMAPE) values between the ARIMA and NNAR models in forecasting rice
production. As a measure of forecasting accuracy, lower SMAPE values indicate
better model performance. The results show that the ARIMA(2,0,0) model achieved a
lower SMAPE compared to the NNAR(2,8) model, suggesting that the ARIMA
specification provided more accurate forecasts of rice production in East Kalimantan.
This outcome implies that the relatively simple ARIMA model is better suited for
capturing the linear patterns in the data, whereas the NNAR model, which is designed
to exploit nonlinear dynamics, may have been disadvantaged by the limited dataset.

The superior performance of the ARIMA(2,0,0) model should be interpreted
with caution. The training dataset consisted of only 28 observations, which may have
been insufficient to adequately train the more complex NNAR model. Neural
networks generally require larger and more diverse datasets to fully capture nonlinear
dependencies, and the limited sample size in this study may have led to overfitting
and, consequently, reduced forecasting accuracy. These findings are consistent with
previous studies in the agricultural domain, such as Vijayalakshmi, Pushpanjali, and
Babu [16]and Ahmar et al.[17], which also reported that ARIMA outperformed NNAR
in forecasting crop yields. From a practical perspective, the results suggest that
ARIMA remains a reliable and interpretable tool for rice production forecasting in
East Kalimantan, particularly under conditions of limited data availability. This
finding is relevant for policymakers and agricultural stakeholders seeking to develop
evidence-based strategies for food security planning amidst the structural changes
associated with the relocation of the national capital.

Nevertheless, there is scope for further improvement. Future research should
incorporate additional explanatory variables such as climatic factors and cultivated
land area to enhance forecasting accuracy. Moreover, the exploration of hybrid
models that combine ARIMA and NNAR may offer a promising avenue to integrate
the strengths of linear and nonlinear approaches. Expanding the dataset in both
temporal length and variable diversity would also be beneficial, particularly for
improving the performance of neural network-based models, which are inherently
data-intensive.
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4. CONCLUSION

This study shows that the ARIMA model ([2], 0, 0) is superior in predicting rice
production in East Kalimantan Province compared to the NNAR model (2, 8). This is
likely due to the limited amount of data and the complexity of the NNAR model.
Therefore, the ARIMA model ([2], 0, 0) is recommended for forecasting rice production
in East Kalimantan Province. Further research can develop a more comprehensive
forecasting model by considering other factors such as weather data, planting area,
fertilizer use, and pest and disease attacks. In addition, the use of a hybrid model that
combines ARIMA and NNAR, as well as an increase in the number and diversity of data,
can be a potential step to improve the accuracy of rice production forecasting in the
future.
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