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Abstract: - Food derives from biological
resources, animals, and water, whether processed
or not processed, meant as food or drink for
human consumption. Food commodities have
often been referred to as staples or basic needs of
Indonesian people and others. The availability of
staples has played a strategic role in stabilizing
food security, economic security, and national
political stability, leading to the issue of
availability of staples receiving very serious
attention from the Indonesia government. This
study analyzed the best model of production
forecasting and prices of rice and corn in Central
Sulawesi, Indonesia. The study used the ARIMA
method to predict the production and prices of
rice and corn. The results of the analysis showed
that the best model was the forecasting model of
ARIMA rice production (4,0,0) with decreasing
production forecast data trends and corn with
the ARIMA model (1,0,0) with increasing
production forecast data trends. The forecasting
model of ARIMA rice price (2,2,0) with
decreasing price forecast data trends and
ARIMA corn prices (2,2,0) with increasing price
forecast data trends.
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I. INTRODUCTION
Agriculture is an economic sector in Indonesia, both
micro and macro. At the micro-level, agriculture
provides the livelihood of the majority of the rural
population, and at the macro-level it supports the
manufacturing industry and ensures national food
security. Food, by definition, is everything that
comes from biological resources, animals, and
water, whether processed or not processed, which is
intended as food or drink for human consumption
[1, 2]. Included in the definition of food are food
additives, food raw materials, and other materials
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used in the process of preparing, processing, and/or
making food and drink.

Food security is a condition of fulfillment of
food needs — in this case, for all the Indonesian
people. This has been reflected in the availability of
sufficient food, both in quantity and quality, and
affordable by people's purchasing power. Food
commodities have often been referred to as staples
or basic needs of Indonesian people. The availability
of staples has played a strategic role in stabilizing
food security, economic security, and national
political stability, leading to the availability of
staples receiving substantial attention from the
government [3]. So far, there has been accurate and
comprehensive information about the amount of
staples consumption in  Indonesia. Several
calculation approaches of staples consumption
based on various sources have indicated very
diverse information. The national socio-economic
survey as one of the information sources of staples
consumption, though it has only been able to
accurately capture processed staples consumption
inside the household, while staples consumption of
those processed outside the household has not yet
been calculated accurately [4].

Staples are food materials that can be processed
into food. The survey results of the Central Statistics
Agency of Central Sulawesi showed that the most
consumed staples were grains. The average
consumption of the grains food group is 995,446
calories per capita per day [5]. The most consumed
grains in the region were rice and corn [5].

Grains are sold freely in the market to meet their
daily needs. Fulfillment of the need for grains has
been one of the most important objectives both at
the national and individual scales. Imbalance of
production and community needs for grains has
caused unstable prices, while price instability made
this need difficult to fulfill.
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Price instability could complicate in planning of
production and investment activities. Stable prices
could support the maintenance of people's
purchasing power [6, 7]. In the case of price
instability, producers and consumers needed
information of production forecasting and grain
prices, allowing business people to carefully plan
their business ventures [8, 9].

Production forecasting and price of grains with
time-series data could be done using a statistical
method derived from a multiple linear regression
model [10, 11], but forecasting results have not been
accurate [12, 13]. One of the statistical methods for
analyzing time-series data is the Autoregressive
Integrated Moving Average (ARIMA). The
advantage of this method is that it only used past
and present values of the dependent variable to
produce forecasting [14-16]. This study analyzed
the forecasting model of production and the prices
of rice and corn commodities in Central Sulawesi,
Indonesia.

Il STUDY METHODS

A. Location And Data Sources

This study was conducted in Central Sulawesi in
January of 2020. The study used time-series data
from 2015 to 2019. The variables collected were
rice and corn production and rice and corn prices.
Sources of data came from the Department of
Industry and Trade and the Department of Food
Crops and Horticulture in Central Sulawesi.
Forecasting of production and prices used the
ARIMA Box Jenkins Method.

B. Determination of the Forecasting Model of production
and price of grains

Table 1 exhibits the regression equation of
forecasting of production and price of grains.

Table 1. Equation of forecasting of production and
price of grains in Central Sulawesi

Variable Autoregressive Model Moving Average Model

(AR) (MA)

Rice Yey=a+ aYu + ...+ Yy =€ — Y - Yi€o -

production aiYe + € oo Yn€tn

Rice priCe Yy=a+ aYu + ... + Yo =€ — Y1 - Yi€o -
aiYel + € ... Yoo

Corn Yy =a+aYu+ ...+t Ys=e—Yeu- Yeeo-

production Yy + e v Yn€tn

Corn Price Ya=a+ aYu + ... + Yo =€ — Y€1 - Yi€o -
aiYu + € ... Yoo

Note: a — ai = AR coefficient, Y1 — Y, = MA
coefficient

The best forecasting model of production and
price of grains was selected based on the adjusted
R2 value criteria, Akaike information criteria (AIC),
and Schwarz information criteria (SIC). If the model
met more than one of these requirements, it was
chosen again based on the value of the Root Mean
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Square Error (RMSE) [17, 18]. The model with the
smallest RMSE value was the most suitable model
for forecasting. The combination of Autoregressive
(p) and Moving average (q) formed the ARIMA
model (p, d, g) where p was the AR order, q was the
MA order, and d was the number of differences to
obtain data that was stationary to the average. An
important requirement for modeling data on the
ARIMA time-series method was the data
stationarity.

The current study processed production data and
grain prices using the Eviews application version 9.
The study used the best forecasting model to predict
the value of production and price of grains for the
period of January to December 2020.

I11. RESULTS AND DISCUSSION

Table 2 exhibits the analysis results of the best
forecasting model of production and price of rice
and corn. The model can predict the production and
price of rice and corn for January to December
2020.

Table 2. The best forecasting models of production
and price of rice and corn in Central Sulawesi

ARIMA
production and price Variable  Model

(P, d, Q)
Rice production Y1 (4,0,0)
Rice price Y (2,2,0)
Corn production Ys (1,0,0)
Corn Price Yy (2,2,0)

A. Rice Production Forecasting in Central Sulawesi
Table 3 lists the results of rice production
forecasting.

Table 3. Rice Production Forecasting from January
to December 2020 in Central Sulawesi

Rice Production

Month Forecast (ton)
January 37,137
February 36,143
March 35,077
April 33,938
May 32,727
June 31,443
July 30,087
August 28,657
September 27.156
October 25 582
November 23.935
December 22215
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Table 3 reveals the results of the rice production
forecast for 2020 with the ARIMA method, which
indicated a decrease in production. This happened
because of the reduced size of the rice field planting
area, as well as a decrease in the productivity of
cultivated land. Other factors included pest attack
and disease, natural disasters (floods), and the
sustainable dry season. The decrease in production
would be exacerbated by the ongoing COVID-19
pandemic that has hit Central Sulawesi. The
decrease in  production would impact the
consumption needs of the population of Central
Sulawesi — needs that are increasing every year.
Increasing rice production could be done by
increasing cultivated land area using superior
varieties that are resistant to disease pests and high
productivity, at the same time using balanced
fertilizers, adequate irrigation, improving planting
methods, enhancing mechanization and practicing
soil maintenance [19-22].

B. Rice Price Forecasting in Central Sulawesi

Table 4 lists the results of rice price forecasting.
Table 4. Rice Price Forecasting from January to
December 2020 in Central Sulawesi
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Abbasi et al. [23] in Pakistan where an increase in
rice production also heightened

C. Corn Production Forecasting in Central Sulawesi

Table 5 lists the results of corn production

forecasting.

Table 5. Results of Corn Production Forecasting

from January to December 2020 in Central Sulawesi
Corn Production

Month Forecast (ton)
January 30,686.90
February 30,581.10
March 30,786.50
April 30,981.50
May 31,166.20
June 31,340.40
July 31,504.30
August 31,657.80
September 31,800.90
October 31,933.70
November 32,056.00
December 32,168.00

Rice Price Forecast

Month (IDR)

January 10,153
February 10,106
March 10,041
April 9,965
May 9,883
June 9,791
July 9,687
August 9,575
September 9,452
October 9,320
November 9,178
December 9,026

Table 4 illustrates the rice price forecasting in
2020, where the price of rice has decreased monthly
in the first several months of the year. This forecast
is contrary to the economic rule that dictates how if
production decreases, selling price will increase.
This happened because the rice stock in the
Indonesian Bureau of Logistics fulfilled the
consumption needs of the people of Central
Sulawesi, ensuring there was no imbalance between
demand and supply. Moreover, there is often
government interference with the price of rice in
Indonesia. This result differs from the findings of
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Table 5 shows that the corn production forecast
increases monthly. This happened because the
productivity of corn agricultural land remained
relatively productive for planting corn. According to
Badar et al. [20], vyields of wheat, rice, and corn
increase when planting techniques improve. Indeed,
the tropical climate in Central Sulawesi strongly
supports the growth of corn [24].

D. Corn Price Forecasting in Central Sulawesi

The results of Corn Price Forecasting are listed in
Table 6.

Table 6. Results of Corn Price Forecasting from
January to December 2020 in Central Sulawesi

Corn Price
Month Forecast (IDR)
January 8,039.51
February 8,089.44
March 8,142.10
April 8,195.49
May 8,249.07
June 8,302.70
July 8,356.35
August 8,409.99
September 8,463.64
October 8,517.29
November 8,570.94
December 8,624.59

Table 6 shows the price of corn and how it
tended to increase. This happened because the
consumption and use of corn as animal feed was
imbalanced with corn production. In addition, there
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were corn products derived from Central Sulawesi
that sold outside the region for animal feed needs.
Central Sulawesi needed to expand its agricultural

land being used for corn,

thereby balancing

production and consumption so that the price of
corn would be stable [25, 26].

V. CONCLUSION

The best forecasting model for grain commodities in

Central

Sulawesi was that of ARIMA rice

production (4,0,0) with decreasing production
forecast data trends, and ARIMA corn (1,0,0) with
increasing production forecast data trends. The
forecasting model of ARIMA rice prices (2,2,0) saw
decreasing price forecast data trends and ARIMA
corn prices (2,2,0) saw increasing price forecast data
trends. This meeting can be a reference in making
decisions, especially in making policies related to
the production and price of rice and corn in Central
Sulawesi. This finding could be a reference when it
comes to making decisions, especially in developing
policies related to the production and price of rice
and corn in Central Sulawesi.
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