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Abstract: Food is essential for humans. In addition to being consumed, it 

can also be a valuable commodity for economic purposes through the 

production of food crops. Therefore, this study aims to model the 

forecasting of maize production in Indonesia using Production and 

Operations Management-Quantitative Method (POM-QM) software. The 

uniqueness of this research lies in its innovative approach to predicting 

corn production, which contributes a valuable addition to the existing body 

of knowledge in the field of production and operations management. This 

model not only enhances forecasting accuracy but also offers a novel 

perspective on optimizing corn production processes in the Indonesian 

context. The data collected on the production of corn commodities in 

Indonesia between 1980 and 2019 shows fluctuations, with both deficit 

and surplus periods. Secondary data in the form of time series sourced 

from the data and information center (Pusdatin) under the Ministry of 

Agriculture and the Central Bureau of Statistics (BPS) were used in this 

study. Our research employs advanced quantitative methods to analyze 

this historical data, aiming to develop a robust forecasting model that 

enhances the accuracy of predicting corn commodity production in 

Indonesia. This study uses a time series data-based forecasting model 

consisting of three methods: Double Moving Average (DMA) of 29.5 

million tons, Weighted Moving Average (WMA) of 28.9 million tons, 

and Single Exponential Smoothing (SES) of 27.7 million tons. The 

selection of the best model was conducted based on the Mean Absolute 

Deviation (MAD), Mean Square Error (MSE), and Mean Absolute 

Percent Error (MAPE). DMA emerged as the most preferred, with a 

lower MAPE value of 10.703%. The predicted production of corn in 

Indonesia is estimated at 29,5 million tons, sufficient to meet consumers' 

demand. The fusion of advanced quantitative methods and real-world 

data positions our forecasting model as a valuable asset in the pursuit of a 

more sustainable and resilient corn production sector in Indonesia. 
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Introduction  

Food can refer to either a daily necessity or a 
fundamental human need. In Indonesia, food security is a 
critical concern. Moreover, to prevent protracted 
political and social unrest, there must be enough food 
available to suit the demands of the populace. Another 

measure of a nation's economic expansion is its level of 
food security. Particularly when it comes to people's 
output and consumption, it can serve as a barometer of 
prosperity and welfare (Asriani and Herdhiansyah, 
2019). Consequently, to maximize the use of natural 
resources in every region, management strategies that are 
specific to those regions' characteristics must be put into 
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place (Herdhiansyah et al., 2012a-b; 2021; 2022; 
Herdhiansyah and Ode Midi, 2022).  

Law Number 18 of 2012, which recognizes food as a 

human right for Indonesian individuals, is proof of the 

government's commitment to ensuring food security. 

This is in line with the first and second Sustainable 

Development Goals (SDGs), which seek to eradicate 

global poverty, increase food security and nutrition, and 

advance sustainable agriculture. Zea mays L., sometimes 

known as commodity corn, is a grain plant belonging to 

the Graminaceae family and a substitute staple food. The 

principal producing regions of maize in Indonesia are 

Maluku, North Sulawesi, South Sulawesi, Madura, 

Special Region of Yogyakarta, East Nusa Tenggara, 

Central Java, West Java, and East Java. Corn plants are 

heavily farmed, particularly in Madura and East Java, 

because of the ideal soil and environment for their 

growth (Ministry of Agriculture, 2022b). 

According to the Director General of Food Crops 

(2016), corn is a food product that is crucial and 

strategically important to the growth of a country. Its 

annual GDP contribution also rises, especially in times 

of economic crisis (Zubachtirodin and Pabbage, 2016). It 

is among Indonesia's most significant staple foods. 

Furthermore, the Ministry of Agriculture's primary goal 

in achieving food self-sufficiency is this crop, along with 

two other commodities: Rice and soybeans. 

Corn is also extensively utilized for a variety of uses, 

such as an ingredient in food and feed. It is becoming 

more and more popular both domestically and globally 

as a substitute fuel source (Director General of Food 

Crops, 2016). Due to its use as a component in animal 

feed and other food processing sectors, this crop is still 

in great demand (Panikkai et al., 2017). The primary 

food items, according to the Ministry of Agriculture, are 

five commodities: Corn, rice, soybeans, sugar, and beef 

(Ministry of Agriculture, 2022a). 

Corn is the food that is produced the second most 

after rice, and its high demand for animal feed and 

industrial uses presents problems including resource 

depletion and the effects of climate change. To assist the 

development of sustainable corn commodities, 

cooperation, and collaboration are needed (Nurliza et al., 

2020). However, Indonesian agriculture is limited by the 

issue of land-carrying capacity. The country's corn yield 

is impacted by the conversion of agricultural land due to 

the necessity for more space to accommodate the 

growing population. 

Between 1980 and 2019, Indonesian production 

increased somewhat, although altogether, the increase 

was just 3.98 tons/ha/year, or 0.102% annually (Ministry 

of Agriculture, 2022b). The production of commodities 

made by corn varies greatly. Both internal and external 

variables, including the environment, the weather, and 

governmental regulations, are blamed for this variation. 

Maize was mostly used as food thirty years ago. 

However, corn started to be employed as an energy 

source for contemporary poultry feed when the poultry 

business grew in the early 1970s (Tangendjaja and Wina, 

2016). It was demonstrated that, before 1990, 86% of 

this crop in Indonesia was consumed directly, with only 

6% going toward the feed sector. Despite this, the food 

industry still uses a small amount of maize (7.5%). 

Compared to the dry season, the rainy season offers 

greater availability of this product (Purwanto, 2016). 

During the wet season, this crop is usually grown on dry 

land. There is not enough corn available to meet the 

needs of the domestic industry because of the restricted 

harvest area during the dry season (Director General of 

Food Crops, 2016). 

Purwanto (2016) reports that there was a change in 

the way maize was used between 1989 and 2002, but 

direct consumption remained the main usage. A larger 

percentage was used after 2002 to satisfy the feed 

industry's needs. This commodity has also been used 

more frequently in the culinary business. Due to this 

modification, maize is now an industrial raw material 

rather than a staple food (Kasryno et al., 2016). Because 

of the growing industry and population, the commodity's 

demand is rising yearly (Purwanto, 2016). 

Rising oil costs also affect its dynamic demand. It is 

anticipated that maize will continue to be used more 

frequently as a raw ingredient for food and feed and as 

an alternate energy source. Moreover, Zubachtirodin and 

Pabbage (2016) found that an increase in per capita 

income leads to a rise in demand for products derived 

from corn commodities. 

Forecasting entails projecting future needs, such as the 

kind of commodities, the amount of time, and the location 

required to satisfy demand (Sinaga and Irawati, 2018). It 

is both an art and a science to forecast future events by 

consistently utilizing historical data (Montgomery et al., 

2009; Yuniastari and Wirawan, 2017). 

Zea mays, or corn, is a vital staple crop for 

Indonesia's expanding population and a pillar of the 

country's agricultural environment. The effectiveness of 

forecasting techniques becomes critical to guaranteeing 

sustainable production and satisfying the country's 

nutritional needs as the demand for corn rises. 

While corn plays a pivotal role in Indonesian 

agriculture, the existing forecasting methods that guide 

production decisions are faced with challenges that warrant 

further investigation. This study is dedicated to scrutinizing 

the efficiency of current forecasting mechanisms utilized in 

the corn production landscape. By delving into the 

intricacies of these methods, we aim to identify gaps, 

limitations, and potential areas for improvement. 

The importance of this research is underscored by the 

critical role accurate forecasting plays in shaping 

agricultural policies, informing farmers' decisions, and 
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ultimately influencing the overall productivity and 

stability of the corn industry. Inaccurate forecasts can lead 

to suboptimal resource allocation, affecting both farmers' 

livelihoods and the broader economic landscape. 

Through a careful examination of the existing 

forecasting techniques, this study seeks not only to 

pinpoint shortcomings but also to propose improvements 

that could revolutionize the accuracy and reliability of 

corn production forecasts. By doing so, we aspire to 

contribute valuable insights that can inform 

policymakers, empower farmers with more precise 

information, and bolster the resilience of the corn 

industry in the face of evolving agricultural challenges. 

In the subsequent sections, we will delve into the 

methodologies employed, the data sources utilized, and 

the specific metrics by which we assess the efficiency of 

current forecasting methods. Through these investigations, 

we aim to pave the way for advances in corn production 

forecasting that align with the demands of a growing 

population and a changing agricultural landscape. Evans 

(2003); Heizer and Render (2011) state that forecasting is 

an essential part of decision-making that necessitates the 

prediction of future occurrences to guide effective 

judgments. A recurring problem is inaccurate predicting 

outcomes (Sinaga and Irawati, 2018). 

Forecasting and time series analysis are current 

research topics (Zheng and Zhong, 2011). When making 

decisions, time series forecasting accuracy is very 

important. The time series method, which is divided into 

averages Single Moving Average (SMA) and Double 

Moving Average (DMA), smoothing Single Exponential 

Smoothing (SES), double exponential smoothing from 

Brown and Holt, and regression (time series regression) 

are among the various methods used in prediction 

(Makridakis et al., 1998; 2008; Hyndman and 

Athanasopoulos, 2018). 

Although significantly varied, forecasting techniques 

are tailored to the data pattern. To ascertain the error 

level, there are typically three different approaches. 

These include the average absolute difference, average 

difference in rank, and average absolute difference 

percentage, which are calculated by the methods MAD, 

MSE, and MAPE, respectively (Sukarti, 2015). The data 

pattern type, cyclical, seasonal, and horizontal must be 

determined before applying the time series method 

(Hanke and Dean, 2008). 

The selection of forecasting methodologies is 

supported by the availability of multiple statistical 

software packages. A range of research analysts have 

employed software to aid in the computation of 

forecasting models (Prakoso et al., 2021). For product 

sales forecasting, for example, POM-QM software has been 

researched (Kristiyanti and Sumarno, 2020; Rianse et al., 

2023). A computer program called the POM program is 

used to resolve quantitative management issues in 

operations and production. POM for Windows is a 

different application that can help with decision-making 

because of its ease of use 

This research is unusual because it takes a fresh 

method to forecasting corn yield, making a significant 

contribution to the corpus of information already available 

in the field of production and operations management. 

This model provides a fresh viewpoint on maize 

production process optimization within the Indonesian 

setting in addition to improving forecasting accuracy. 

Furthermore, this method provides module options 

for mathematical calculations. Its forecasting model has 

several methods, including Naive, Moving Average, 

Weighted Moving Average (WMA), Exponential 

Smoothing, Trend Analysis (regression over time), linear 

regression/least square, multiplicative decomposition 

(seasonal), and Additive Decomposition (seasonal). 

Given these considerations, it is necessary to have a 

model to predict the productivity of corn commodities. 

Therefore, this study aims to establish a forecasting 

model for corn commodity production in Indonesia using 

Production and Operation Management-Quantitative 

Method (POM-QM) software. 

Materials and Methods 

The variable used was the production of corn per 

year from 1980-2019. Secondary data in the form of 

time series sourced from the data and information 

center (Pusdatin) under the ministry of agriculture and 

the central Bureau of Statistics (BPS) were used in 

this study. The population consists of information on 

the production of corn commodities from 1980-2019. A 

saturated sampling method was employed, where all 

population members were used as samples. Our 

research employs advanced quantitative methods to 

analyze this historical data, aiming to develop a robust 

forecasting model that enhances the accuracy of 

predicting corn commodity production in Indonesia. 

The fluctuations observed over the decades pose 

challenges and opportunities for stakeholders in the 

agricultural sector. Understanding and predicting 

these trends is essential for effective decision-making 

and resource allocation. 

The ministry of agriculture and the central statistics 

agency apply strict methodologies in collecting and 

compiling agricultural data. Primary data sources include 

surveys, field observations, and records obtained from 

agricultural institutions across the country. This data set 

undergoes comprehensive quality control measures to 

ensure accuracy and predictability. 

Although datasets serve as valuable resources, it is 

important to recognize certain limitations inherent in 

secondary data. Variations in data collection 

methodologies over the study period, potential 
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differences in reporting practices, and slow availability 

of data are aspects that may give rise to interactions. 

In addition, it includes data sets limited to 

parameters covered by official agricultural and 

statistical institutions. Unaccounted-for variables or 

new factors not adequately captured in the data set 

may pose challenges to a holistic understanding of the 

intricacies of corn production dynamics. 

Forecasting Model for Corn Commodity 

Production in Indonesia 

Forecasting Model of Corn Commodity Production 

with DMA 

Time series data with a linear trend can be predicted 

using a double-moving average (Hanke and Dean, 

2008). When it comes to time series data with patterns 

that frequently follow a linear trend, multiple moving 

averages, also known as linear moving averages, are 

utilized. In addition, single-moving average data with 

trend and first and second-moving average adjustments 

is used in the double-moving average approach 

(Hudiyanti et al., 2019). The first and second moving 

average groups are computed using the DMA method. 

The sign (𝑘 × 𝑘) indicates that the 𝑘 periods are used to 

calculate the moving average (Makridakis et al., 1998). 

The number of moving average orders in the moving 

average approach is not objectively determined 

(Hatimah et al., 2013). 

Many methods can be used in forecasting, including 

DMA. The data used for calculations does not have 

elements of trend or seasonality. DMA is a forecasting 

method performed on past data for two periods with an 

average pattern (Oktarini et al., 2017), which is suitable 

for long-term data (Astuti et al., 2019). The 

mathematical equation of DMA is presented in Eq. 1: 

 

1 1 2t TF X X .......X     ( 1 )  

 

Information: 

 

Ft+1  = Forecast for period t +1 

XT = True value of t period 

T = Timeframe of moving average 

 

Identifying time-series data patterns, determining the 

values of the first and second moving averages, 

determining the value of the constant (𝑎), determining 

the value of the trend coefficient (bt), choosing the best 

model based on forecasting accuracy criteria, and 

determining forecast results for future periods are all 

steps in the process data analysis of the corn commodity 

productivity forecasting model using DMA. POM-QM 

software was utilized to streamline the computing 

procedure throughout the data analysis.  

Forecasting Model of Corn Commodity Production 

with WMA 

By adding more weights to the computation, the 

moving average method is developed in the WMA 

forecasting method. It is computed by giving particular 

values in a data set more weight according to their 

characteristics. On the other hand, weight determines the 

average. The moving average approach is enhanced by 

the WMA forecasting method, which assigns a distinct 

weight to each time series (Handoko, 1999). According 

to Aritonang (2002), a WMA is essentially a moving 

average based on the weight of each item of data. 

When determining weights for WMA, it's important to 

consider the characteristics of the data, the forecasting 

objectives, and the desired balance between 

responsiveness to recent changes and stability over 

time. Additionally, the choice of weights may involve 

some trial and error or statistical optimization to find 

the most effective set of weights for a specific 

forecasting problem 

The data analyst's judgment and experience play a 

role in determining the weight. For example, the 

analyst might prioritize the most recent observation or 

the other way around. Compared to the early period, 

when the weighting opportunity was higher in the 

preceding observation, the weighted factor will be 

larger in the final era. The most recent data is given a 

higher weighting the longer the period is provided, 

and the number of weighted opportunities equals one 

(Eris et al., 2014). Equation 2 presents the formula 

utilized in the corn commodity production forecasting 

model with WMA: 

 

     1 1 1 1
1 1 1t t t n

WMA kX k X .... X / k k ...   
          (2) 

 

Information: 

 

K = Number of periods or ranges of forecasting numbers 

Xt = The time series data value at point t 

 

Forecasting Model for Corn Commodity Production with 

SES 

SES is a straightforward technique that necessitates 

one parameter estimation. It gives all historical data 

weights based on the Exponential Moving Average 

(EMA). According to Indrajit and Djokopranoto (2003); 

Siregar et al. (2017); Tularam and Saeed (2016), the 

exponential smoothing forecasting method is an 

iterative process of repeating calculations that improves 

the forecast (smoothing) by exponentially calculating 

the average of past values in a time series. SES is 

appropriate for data without extreme trends and is 

typically used for forecasting one period in the future. 
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The objective is to forecast previous values by 

estimating the current level. Equation 3 is used in the 

corn production forecasting model with SES 

(Makridakis et al., 2003): 
 

 1 1t t tF .X F       (3) 

 

Information: 
 

Ft+1 is the forecast for the next period, α is the 

smoothing constant, Xt is the tth data or observation, and 

Ft is the tth period data. The Ft+1 forecast is based on the 

weighting of the latest Xt data with a weight of α and the 

newest forecasting weighting of Ft with a weight of 1-α. 

By repeating this process and replacing Ft+1 and Ft+2 with 

their components, the result in Eq. 4 is obtained: 

 

   

   

   

 

1

1 1

2

1 1

2

1 1

1 1

1 1

1 1

1

t t t t

t t t

t t t

t t

F .X F .X

.X F .X

X F .X

X F

   

    

   

 



 

 

 

     

       

    

 

 (4) 

 

Therefore, Ft+1 is the WMA of all historical data. As t 

increases, the value of (1–α)2 decreases, leading to a 

smaller contribution from F1. Since F1 is not known, the 

initial value can be estimated. For volatile initial data, one 

method is to set the first forecast equal to the first 

observation, F1 = y1. Furthermore, for initial data that is 

quite constant, the average of the first five or six data 

points can be used as the first forecast: F1 = MA (5) or F1 = 

MA (6). The exponential smoothing equation can be 

rewritten in a form that describes the role of the weighting 

factor α, as shown in Eq. 5: 

 

 1 1t t tF F X F     (5) 

 

Exponential smoothing is used to adjust a previous 

forecast (Ft) by incorporating adjustments for errors. The 

value of α, which ranges between 0 and 1, cannot be equal 

to 0 or 1. To obtain a stable forecast with random 

smoothing, a small α value should be used for data that 

does not fluctuate too much. In contrast, a large α value is 

more appropriate for data that fluctuates significantly and 

requires a fast response to changes. To determine the 

optimal α value, one can estimate it using trial and error, 

testing values of 0.1, 0.2, 0.3, ..., 0.9, and selecting the 

value with the smallest MSE for the next forecast. 

Selection of the Best Model for Forecasting 

Production of Corn Commodities 

Variations in data patterns frequently affect the 

forecasting method's calculating accuracy. To reduce 

errors in forecasting outcomes, it is crucial to choose 

the appropriate method (Prabowo and Aditia, 2020). It 

is necessary to take into account the accuracy degree 

of each procedure. Consequently, picking a strategy 

that may reduce predicting errors is crucial. 

Athanasopoulos et al. (2017); Chopra and Meindl 

(2016) state that forecast facts should have small 

values and mistakes. The forecast result's accuracy is 

negatively correlated with the error value. 

The resulting inaccuracy determines which forecasting 

model is optimal. Metrics like (a) Mean Absolute 

Deviation (MAD), (b) Mean Square Error (MSE), and (c) 

Mean Absolute Percent Error (MAPE) are frequently used 

to determine how accurate the model predictive time 

series is. The better the prediction outcomes, the smaller 

the criterion value (Hudaningsih et al., 2020; Kim and 

Kim, 2016; Heizer and Render, 2008). 

MAD 

According to Heizer and Render (2008); 

Hudaningsih et al. (2020), the sample size (the 

number of prediction periods) is divided by the total 

of the absolute values of each error to determine the 

overall forecast error or MAD. At last, the MAD 

mathematical formula is shown in Eq. 6: 

 

 
n

t tt
A F

MAD
n





  (6) 

 

Information: 
 
At = Actual demand in period t 

Ft = Forecasting demand in period t 

n = Number of forecasting periods involved 
 

MSE 

According to Heizer and Render (2008); 

Hudaningsih et al. (2020), MSE is computed by 

squaring the sum of all mistakes for each period and 

dividing the result by the number of forecasted periods. 

Equation 7 presents the MSE mathematical expression: 
 

2n

t tt
MSE A F   (7) 

 
Information: 

 
At = Actual demand in period t 

Ft = Forecasting demand in period t 

n = Number of forecasting periods involved 

 

MAPE 

The MAPE computation is a tool utilized in evaluation 

to assess the precision of forecasts (Farizal et al., 2021; Kim 

and Kim, 2016; Booranawong and Booranawong, 2018). 
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In order to properly evaluate the forecasting method, it 

was selected as the performance parameter (Tratar and 

Srmcnik, 2016; Booranawong and Booranawong, 2017). 

Moreover, the expected time series magnitude has no 

bearing on MAPE (Gentry et al., 1995; Alon et al., 

2001). Industry practitioners also find it attractive since 

it is straightforward to understand, regardless of scale, 

and widely applied in practice (Ravindran et al., 2023). 

(Chatfield, 2000; Byrne, 2012). As a proportion of the 

average absolute error rate for the real data period, 

MAPE calculates the average absolute error. Equation 8 

displays the mathematical expression: 

 

   

 

100 n t t

t

A F
MAPE t

n n


   (8) 

 

Information: 

 

At = Actual demand in period t 

Ft = Forecasting demand in period t 

n = Number of forecasting periods involved 

 

As a proportion of the average overall error rate for 

the real data period, MAPE calculates the average 

absolute errors. Its standards clarify that greater accuracy 

corresponds with a reduced MAPE score. The scoring 

criteria are displayed in Table 1 (Chang et al., 2007). 

Production Data Processing of Corn Commodities 

is Carried Out Using POM-QM Software 

The next step is to describe and process data related 

to corn commodity production. The POM-QM 

software program was used to analyze data on the 

commodity output of corn from 1980 to 2019. In the 

POM-QM application, a number of forecasting 

techniques were applied, leading to the production of 

expected forecast results. 

To apply the POM-QM software in forecasting 

productivity of corn commodities, the steps to be 

followed include: (a) Running the QM program and 

selecting the module-forecasting; (b) Selecting the menu 

File-New-Time series Analysis and a dialogue box titled 

"Create data set for Forecasting/Time-series Analysis" 

will appear (c) In the dialog box, provide the title of the 

forecast, "Production of corn commodities," along with 

the number of time series data periods to be used as 

training data, starting from 1980-2019. Specify the 

name for each row's period name using numbers, 

letters, or months. After completing the above steps, 

press the OK button. The data settings in QM for 

Windows are shown in Fig. 1. 

Table 1: Mape value criteria 

MAPE value Criteria 

< 10 Very good 

10–20 Well 

20–50 Enough 

>50 Bad 

 

 
 

Fig. 1: Data settings in QM for windows 

 

For businesses, forecasting is essential since it helps 

with inventory, production, and planning decisions 

(Pennings and Van Dalen, 2017). Fong et al. (2020) say 

that using many forecasting models is necessary. To get 

the most accurate prediction, a number of forecasting 

model options should be taken into consideration. Next, 

each method's corn production predicting figures are 

gathered and examined for accuracy. As a result, picking 

the right forecasting technique is crucial as utilizing the 

wrong one could make the forecast less accurate. 

Results and Discussion 

Forecasting Model of Corn Commodity Production 

with DMA 

Adding the production data of corn commodities 

from the two preceding periods and dividing the total by 

two is the DMA forecasting method. An alternative 

method is to compute the mean of the corn commodity 

production figures from the two preceding timeframes. 

Table 2 displays the moving average predicting results. 

Based on DMA applied to forecast corn commodity 

production, Table 2 presents the mean absolute percent 

error results, which is 10.703%. Figure 2 shows the 

forecasting graph of the production of corn commodities 

using this method. 

Figure 2 shows that the forecasting results for corn 

commodity production from DMA appear different from 

the actual data. 
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Table 2: Calculation of the double moving average forecast for 

corn commodity production 

Measure Value 

Error measures  

Bias (mean error) 1032734.000 

Mean Absolute Deviation (MAD) 1253492.000 

Mean Squared Error (MSE) 3763437000000.000 

Standard error (denom = n-2 = 35) 1994615.000 

Mean Absolute Percent Error (MAPE) 10.703% 

Forecast  

Next period 29588980.000 

 
Table 3: Forecasting the weighted moving average on 

production commodity corn 

Measure Value 

Error measures  

Bias (mean error) 1369668.000 

MAD (Mean Absolute Deviation) 1564418.000 

MSE (Mean Squared Error) 6239597000000.000 

Standard Error (denom = n-2 = 35) 2568296.000 

MAPE (Mean Absolute Percent Error) 12.553% 

Forecast  

Next period 28924020.000 
 

 
 
Fig. 2: Forecasting graph with the double moving average 

method on production commodity corn 
 

 
 
Fig. 3: Forecasting graph with the weighted moving 

average method at corn commodity production 

Table 4: Forecasting single exponential smoothing at corn 

commodity production 

Measure Value 

Error measures  

Bias (mean error) 1247938.000 

Mean Absolute Deviation (MAD) 1395548.000 

Mean Squared Error (MSE) 4406025000000.000 

Standard error (denom = n - 2 = 36) 2156572.000 

Mean Absolute Percent Error (MAPE) 11.688% 

Forecast  

Next period 27701760.000 

 

Forecasting Model for Production of Corn 

Commodity with WMA 

WMA 2 is carried out by giving the last two years' 

worth of corn commodity output data weight. From 1980 

to 2019, corn commodity output was forecasted. Table 3 

displays the forecasting method's computation procedure. 

Based on the WMA applied to forecast corn 

commodity production, Table 3 presents the results of 

the mean absolute percent error of 12.553%. Figure 3 

shows the forecasting Graph with WMA for the 

production of corn commodities. 

According to Fig. 3, the forecasting results for corn 

commodity production using WMA display a slight 

increase towards the end of the period compared to DMA. 

Forecasting Model of Corn Commodity Production 

with SES 

To calculate the forecasting of corn commodity 

production using SES, the α coefficient is first 

determined. It is performed by multiplying α by the 

actual demand. Afterward, the result is added with the 

outcome of 1 min α multiplied by the corn commodity 

production forecast in the previous period. The value of 

α is assumed to be 0.5 in this model.  

The selection of the α value is a pivotal decision in 

SES, influencing the model's responsiveness to recent 

changes in the data. The choice of 0.5 was made based 

on a balance between capturing short-term fluctuations 

and maintaining a degree of stability in the forecasting 

process. The forecasting process using SES is presented 

in Table 4. 

Table 4 shows that from the results of forecasting 

production of corn commodities using SES, this 

forecast's mean absolute percent error is 11,688%. 

Figure 4 shows the forecasting Graph of SES. 

Figure 4 shows that the forecasting results for corn 

commodity production from WMA appear to be more 

stable than SES. 

Table 5 presents the forecasted corn commodity 

production using methods such as (a) DMA, (b) WMA, and 

(c) SES in the next (year). The data used in the analysis 

consist of 39 years of production, from 1980-2019. 
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Fig. 4: Forecasting graph with the single exponential 

smoothing method on corn commodity production   
 
Table 5: The value of the size of the error in the forecasting model for the 

production of corn commodities 

 Error size value 
 --------------------------------------------------------------------- 

Method MAD MSE SEE MAPE (%) 

Double 1.564.418 6.239.597 2.568.296 10.703  
moving   .000.000 

average      
Weighted  1.564.418 6.239.597 2.568.296 12.553 

moving   .000.000 

average      
Singel  1.395.548 4.406.025 2.156.572 11.688 

exponential   .000.000 

smoothing     

 
Table 6: Value of corn commodity production forecasting size 

next period 

 The value of the next period 

Method forecasting measure (Tons) 

Double moving average  29.588.980 

Weighted moving average  28.924.020  

Single exponential smoothing 27.701.760 

 

The analysis in Table 4 compares the error rates of 

the three different methods for forecasting corn 

production. Based on the results, DMA outperforms the 

other method with a MAPE value of 10.703%, which is 

very close to zero. A lower MAPE indicates a closer 

alignment between predicted and observed values, 

suggesting higher forecasting accuracy. Conversely, a 

higher MAPE signifies a greater degree of deviation 

between predicted and actual outcomes. It is important to 

note that the practical significance of MAPE values 

depends on the context of corn production forecasting. 

Therefore, DMA is chosen for forecasting corn 

commodity production.  

In summary, the selection of the Double Moving 

Average (DMA) model for corn production forecasting 

is grounded in its ability to address the unique challenges 

posed by seasonal variations, its adaptability to time 

series data, its simplicity for effective communication, 

its historical success in agricultural forecasting, and its 

alignment with the distinctive characteristics of the corn 

production dataset in Indonesia. The forecasting values 

for the upcoming period are presented in Table 6. 

Table 6 indicates that the forecasted corn commodity 

production for the next period is 29.588.980 tons. 

Implies that corn commodity production in Indonesia is 

expected to satisfy the entire consumer demand. The 

findings of this study hold significant implications for 

farmers, policymakers, and other stakeholders in the corn 

production sector. The identification of deficit and 

surplus periods provides valuable insights for strategic 

planning, risk management, and resource allocation. 

Moreover, our research contributes to the broader 

discourse on the application of quantitative methods in 

agricultural forecasting, paving the way for more 

informed decision-making in the field. 

As we delve into the complexities of corn commodity 

production in Indonesia, this study not only enhances our 

understanding of historical patterns but also equips 

stakeholders with a powerful tool for navigating the 

uncertainties inherent in agricultural production. The 

fusion of advanced quantitative methods and real-world 

data positions our forecasting model as a valuable asset 

in the pursuit of a more sustainable and resilient corn 

production sector in Indonesia. 

Policymakers can leverage the research findings to 

inform agricultural policies at regional and national 

levels. Accurate forecasts enable policymakers to design 

interventions that promote sustainable agricultural 

practices, allocate subsidies effectively, and address 

challenges related to food security. The research 

outcomes, therefore, provide a robust foundation for 

evidence-based policymaking. 

The implications extend to the broader economic 

landscape. Accurate corn production forecasts contribute to 

overall economic planning by ensuring a stable and resilient 

agricultural sector. Policymakers can use this information 

to formulate strategies for economic diversification, rural 

development, and the sustainable growth of the 

agricultural industry, fostering economic stability. 

Conclusion 

Forecasting results of corn commodity production, 

using the following methods: (a) Double Moving 

Average, (b) Weighted Moving Average, and (c) Single 

Exponential Smoothing in the next (year), from 1980-2019: 

Forecasting model for corn commodity production The 

selected method, namely the Double Moving Average 

method, has a lower error rate than other forecasting 
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models, the MAPE value is 10.703%, The forecasting 

model for corn commodity production is 29.588.980 tons, 

meaning that corn commodity production in Indonesia is 

expected to meet all consumer demands for corn 

commodities. The results of this study are expected to 

assist the government in predicting the amount of corn 

commodity production in the next period by national 

corn needs. Policymakers can leverage the research 

findings to inform agricultural policies at regional and 

national levels. Accurate forecasts enable policymakers 

to design interventions that promote sustainable 

agricultural practices, allocate subsidies effectively, and 

address challenges related to food security. The research 

outcomes, therefore, provide a robust foundation for 

evidence-based policymaking. 
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