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Abstract. The purpose of this research was to predict seasonal time series data
using the Holt-Winters exponential smoothing additive model and the Seasonal
autoregressive integrated moving average (ARIMA). The data used in this study is
data on farmer term of trade at Nort Sumatera in 2016–2020, the source of the data
obtained from thesSocialwebsite of theCentral StatisticsAgency.The comparison
of the Holt-Winters exponential smoothing method and SARIMA on farmer term
of trade from 2016 to 2020 revealed trend patterns and seasonal patterns by first
determining the initial values and smoothing parameters to minimize forecasting
errors and obtain forecasting from the best model. The best model to prec farmer
term of trade is SARIMA (2, 1, 1) 0, 1, 112 because the model fits the observed
data well and shows no residual autocorrelation. The results of forecasting farmer
term of trade at Nort Sumatera in 2016–2020 have increased continuously every
month.
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1 Introduction

Time series analysis and forecasting is an active area of research, so the accuracy of time
series forecasting is very important for decision making [1]. All predictions, in general,
are based on experience, but they canbe formulatedwith varying degrees ofmathematical
accuracy, including varying degrees of probability or uncertainty. Forecasting does help
in the planning and decision-making process, but forecasting results are not always
accurate. The accuracy of the forecasting results depends on the accuracy of the data
and the methods used.

There are several studies that have been done before to predict a situation in the
future. The SARIMA technique is a univariate time collection technique that excels
at making forecasts for short time periods [2] and rely on Box Jenkins autoregressive
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integrated moving average (ARIMA) or Seasonal ARIMA (SARIMA) [3]. ARIMA and
seasonal ARIMA (SARIMA) models are popular methods for analyzing and forecast-
ing time series data, respectively [4, 5]. The wave-based hybrid ARIMA-NNAR model
is suitable for predicting the number cases of HFM [6]. To forecast production and
air emissions, the aviation industry employs a hybrid SARIMA-SVR time series app-
roach [7]. SARIMA model for forecasting influenza changes based on monthly data on
influenza incidence in China from January 2005 to December 2018 [8]. HoltWinters’
hybrid predictive model and support vector machine can be used to estimate shallot seed
demand (SVM) [9]. The four comparison algorithms listed below can be used to assess
early detection of an infectious disease’s onset: Cumulative SUM (CUSUM), Aberra-
tion Reporting System (EARS), Autoregressive Integrated Movement (ARIMA), and
the Holt-Winters algorithm are all examples of data analysis techniques [10]. This study
presents eight statistical models for evaluating time series and comparing their ability to
predict grain yield using Holt-Winters and dynamic linear models, which have the most
consistent predictive results [11]. In the syndrome surveillance system, the Holt-Winters
generalized exponential smoothing algorithm is used to detect time intervals [12–15] and
Exponential Weighted Moving Average (EWMA) [16]. The results of the analysis show
that by combining ARIMA and RBF models, the given model outperforms either the
ARIMA or the RBF model [17]. While COVID19 case predictions are updated every
24 h, the Autoregressive Integrated Moving Average (ARIMA) model was developed to
estimate these cases using the HoltWinters Expo Smoothing model in conjunction with
the GARCH model [13].

The holt winter additive method’sMAPE value is higher than the holt winter additive
damped method, according to comparisons made by measuring the MAPE value [15].
The BoxJenkins solution of the autoregressive integrated moving average (ARIMA) and
the HoltWinters exponential smoothing method are used in traditional statistical and
mathematical techniques [12, 18]. Forecasting entails predicting future results based on
historical and current evidence, as well as lowering decision risk by offering additional
knowledge about possible outcomes. If a model’s performance characteristics have been
calculated, They should be validated or checked by comparing the model’s forecasts to
historical data for the method they are designed to forecast. The model is validated using
calculation errors such as MAPE, RAE, and MSE [14, 18–20].

The advancement of the agricultural sector has significantly aided the advancement
of national growth. The purchasing power of farmers to fund their household life is one of
themeasuring instruments used to assess the degree of agriculturalwelfare [21]. Farmer’s
Exchange Rate is onemeasure that shows how farmers’ conditions are changing bymea-
suring their capacity and purchasing power in rural areas. The strength of the exchange
(terms of trade) between agricultural products and goods and services consumed, as well
as production costs, can all be described by the Farmer’s Exchange Rate [22]. In North
Sumatra Province, the Farmer’s Exchange Rate is influenced by inflation, interest rates,
labor, GRDP, and the previous year’s farmer exchange rate. We can see the evolution of
the Farmer’s Exchange Rate in North Sumatra Province over the last 30 years from 1989
to 2018 using the Autoregressive Ordinary Least Squares (OLS) method. The fact that
the majority score is less than 100 indicates that the farmers of North Sumatra Province
are not prosperous or in need [23], In order to assess the progress of development, data
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on the level of welfare of the population, especially farmers, is required in addition to
data on economic growth. The Farmer Exchange Rate is one of the proxy measures that
can be used to assess farmer welfare. In 2020, the exchange rate for farmers was 109.83
percent, The average index charged by farmers is 114.75 percent, and the average index
earned by farmers is 114.75 percent. The percentage is 104.48 percent. The highest of
farmer exchange rate was in December 2020, while the lowest was in May 2020 [22].
Factors influencing food crop farmers’ well-being as calculated by Vector Error Correc-
tion Mode. Monthly data from 2011 to 2016 was used [24]. The aim of this analysis is to
compare the Seasonal ARIMA (SARIMA) method with the Holt-Winters Exponential
Smoothing method in a case study of farmer exchange rate data from 2016 to 2020 using
the RMAE and RMSE values, as mentioned previously. It will be carried out in order
to achieve the best results possible. From January to December 2021, we will forecast
farmer exchange rates.

2 Method

In this research, SARIMA and Holt-Winters Exponential Smoothing were used. The
procedures are as follows:

SARIMA
The SARIMA model expresses the additive interaction of seasonal and non-seasonal
components in the model

(
(p,P), (d ,D), (q,Q)s

)
(Seasonal ARIMA), it’s possible to

write the Xt process like this:
(
1− α1B− · · · − αpB

0
)
(1− B)d

(
1− Bs)pDt

=
(
1+ b1B+ · · · + bqB

q + θ1B
q + · · · + θqB

sQ
)
εi (1)

where: B back operator (backward), is
(
BjY

) = Yt−j, p and q = the ARMA model’s
seasonal part, d = Non-seasonal elements are arranged in a different order, P = the
number of autoregression coefficients, of the seasonal component, D= seasonal diferens
order, Q = the sum of the moving average coefficients of the seasonal component.

Holt-Winters Exponential Smoothing
The Holth Winter’s method is a method for dealing with seasonal and pattern elements
that occur concurrently in time series data [14]. This method is based on three elements
for each period: stationary elements, trend elements, and seasonality, and it provides
three weightings in the prediction, namely α, β, and γ . Menurut Mulyana dalam [14]
α, β, dan γ are Alpha (α) is a parameter that controls the relative refinement of the
recently made observations, Beta (β) is a parameter that controls the relative refinement
of observations made to estimate the appearance of a trend or trend element. Gamma
(γ ) is the parameter that controls relative generation of observations made to estimate
the occurrence of seasonal elements. The amount of the coefficient α, β, and γ has a
distance between 0 and 1 determined subjectively or by minimizing the error value of
the estimate.
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Suppose X (0) =
{
x(0)
1 , x(0)

2 , · · · , x(0)
s

}
, classical Holt-Winter following the equation

as:

St = α
x(0)(t)

It−L
+ (1− α)(St−1 + bt−1), 0 < α < 1 (2)

It = β
x(0)(t)

St
+ (1− β)It−L, 0 < β < 1 (3)

bt = γ (St − St−1) + (1− γ )bt−1, 0 < γ < 1 (4)

where L means the length of the season, like the month of the year and the day of the
year. It is the coefficient of seasonal correction and bt shows a trend. α, β, and γ is a
weighting coefficient that varies from 0 and 1. Thus, the initial values can be initialized
as follows:

Suppose the amount of data is as much s, so that the initial level value as a smooth:

Ls = 1

s
(x1, x2, · · · , xs) (5)

Trend initial values:

bs = 1

s

(
xs+1 − x1

s
+ xs+2 − x2

s
+ · · · + xs+s − xs

s

)
(6)

Seasonal starting values:

S1 = xi − Ls; i = 1, 2, · · · , s

The equation used to forecast the period m which will come:
where: Ls = the initial period exponential smoothing value, bs = initial period trend
estimation, xs = actual value in period to –s, s = seasonal length, and m = the number
of future periods to be predicted.

The author’s research methodology is shown in Fig. 1.

Forecasting Error Measures
The best forecasting result is the value that has the smallest forecast error. The mean
square error andmean absolute percentage error are the errormeasures used in this study.

The mean square error is a method that evaluates the forecasting method. Each error
or bias is squared and then added or divided by the number of observations. This method
manages large forecast errors by squaring the errors. Here is to calculate Mean Square
Error (MSE).

MSE =
∑

e2i
n

=
∑

(Xi − Fi)
2

n
(7)

Mean Absolute Percentage Error is calculated by dividing the absolute error for
each period by the actual observed value for that period, and then multiplying the result
by the mean absolute percentage error. This method is used to assess and measure the
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Fig. 1. The Comparing of SARIMA and Holt-Winters’ Eskponential Smoothing

forecast’s accuracy. MAPE measures the magnitude of the error in comparing the value
of the forecast results to the actual value. The formula for calculatingMAPE is as follows:

MAPE =
∑ |ei|

Xi
× 100%

n
=

∑ |Xi−Fi |
Xi

× 100%

n
(8)

where: n = the number of time periods in the data, ei = error on a period of time to –i,
Xi = data on time period to –i, Fi = the forecast for the time period to -i.

3 Result and Discussion

The research steps on forecasting farmer exchange rate (NTP) data were initiated with
data preprocessing and continued with identifying the best model.

Best Performing SARIMA (Seasonal ARIMA).
Figure 2 shows that the above plot on the ACF/PACF function sig only on lag-1 and

decays towards zero for another lag. Modeling is a good model with few parameters
based on the principle of simplicity (parsimony). According to Fig. 2 the results of the
NTP data plot are obtained by forecasting using Seasonal Autoregressive Integrated
Moving Average (SARIMA):

Based on Fig. 3 forecast using exponential smoothing, the NTP data plotting results
are obtained as follows: The overall smoothing parmater (alpha)= 0.9998, trend smooth-
ing parameter (beta) = 0.0555 and seasonal smoothing parameter (gamma) = 1e-04.
The initial values of level, trend and seasonality is interpreted (Fig. 4).
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Fig. 2. Residual plot, corresponding ACF and PACF plot

Fig. 3. Best Model ARIMA (1,1,2)0,1,012

The forecasted NTP values for the next two years, assuming they are for 2021 and
2022, are displayed. The values are calculated with a confidence interval of 80% and
95%. As a result, we can see that the above metric measures forecast accuracy. The plot
above depicts estimates of the time series data’s level, trend, and seasonal components
(Fig. 5).

There is no pattern in the residual plot. As a result, we can conclude that the predicted
values are correct.

The comparison results of SARIMA and Holt-Winters Exponential Smoothing are
shown in Table 1. This can be seen especially in the RMSE and MAPE values which
are overall smaller in value when compared to the RMSE and MAPE values of the other
two models.

The forecasting results from the Seasonal ARIMA (SARIMA) method and the Holt-
Winters Exponential Smoothing method are shown in Table 2.
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Fig. 4. Plot of estimates of leave, trend and seasonal component of the data time series measuring
forecast accuracy

Fig. 5. The plot comparing actual and forecasted data

Table 1. Error Value Comparison of the Two Models Using RMSE and RMAE

Model SARIMA Holt-Winters Eksponential Smoothing

Best Parameter p = 1, d = 1, q = 2 α = 0.9998, β = 0.0555, γ = 1e-04

RMSE 0.01923946 2.163281

RMAE 0.01067915 1.036954
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Table 2. Forecasting Farmer Term of Trade in 2021

Month SARIMA Holt-Winters Eksponential Smoothing

January 210,5071 118.1118

February 198,7070 118.9625

March 184,2608 119.0199

April 159,7961 119.1042

Mei 165,5294 118.3415

Juni 179,9622 118.2806

July 194,8129 119.2876

August 204,4553 120.4837

September 206,9268 121.5224

October 211,7031 122.1394

November 211,5970 122.7108

December 214,4630 123.3238

4 Conclusion

Based on the findings and discussion, it can be concluded that the comparison of Addi-
tive Holt-Winters Exponential Smoothing data and SARIMA data on farmer exchange
rates from 2016 to 2020 contains trend patterns and seasonal patterns by determining
the initial value and parameters in advance of smoothing, which can minimize forecast-
ing error. The obtained additive Holt-Winters exponential smoothing parameters are =
0.9998, = 0.0555, = 1e-04 with RMSE = 2.163281 and RMAE = 1.036954 and also
for SARIMA Methods parameters p = 1, d = 1, q = 2 with RMSE = 0.01923946 and
RMAE = 0.01067915. The best model to prec farmer term of trade is SARIMA (2, 1,
1) 0, 1, 112 because the model accurately fits the observed data and exhibits no resid-
ual autocorrelation. The results of forecasting farmer term of trade at Nort Sumatera in
2016–2020 have increased continuously every month. Based on the results and discus-
sions analyzed, the government and community of Nort Sumatera should pay attention
to the increasing farmer term of trade to increase income of farmer in Nort Sumatera
every month.
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