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Curly red chili is one of the vegetables with high economic value because it plays a role in
supporting the food industry and meeting domestic needs. Fluctuations in the price of curly red
chili peppers can change at any time, requiring forecasting to prevent losses for economic actors.
This research aims to get the best model for forecasting and determine the accuracy of
forecasting the price of curly red chili. The Autoregressive Integrated Moving Average
(ARIMA) model is one method that can be used for forecasting with limitations requiring data
that must be stationary. Outliers in the ARIMA model affect the autocorrelation structure of a
time series so that the estimated values of the Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF) become biased so that forecasting with the ARIMA model is
less accurate and requires handling outliers in the form of outlier detection, one of which is an
iterative procedure. From this study, it was found that the ARIMA(0,2,3) model with outlier
detection was the best model for forecasting. Forecasting tends to show a downward trend with
an accuracy level of MAPE value of 4.612, which means that the model is very good for
forecasting.
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1. INTRODUCTION

The agricultural production sector has an important role in meeting economic needs in Indonesia.
Vegetable agricultural products that have a high economic value because of their significant role in
meeting domestic needs and supporting the food industry, one of which is chili. According to Pickersgill
(1997), among the five species that have economic potential are Red Chili (Capsicum Annum) and
Cayenne Pepper (Capsicum Frutescens) [1].

According to the Central Statistics Agency (BPS) (2023), chili production in Indonesia in 2022
touched 3,020,262 tons [2]. This figure is an increase from 2021 which only touched 2,747,018 tons.
Indonesia has a good market potential in world trade by looking at the large chili production [3]. One of
the provinces that carries out the largest red chili production activities is East Java Province [4]. Chili
production in East Java still greatly affects the supply of chili prices, especially cayenne pepper and
curly red chili. The development of the retail price of curly red chili shows a fluctuating pattern from
day to day. Fluctuations in the price of curly red chili peppers that can change at any time require
forecasting to prevent losses for economic actors.

Forecasting is the prediction of an event or several events in the future. Most forecasting problems
involve the utilization of time series data, which is a series of observations on a variable that is sequential
in time or chronologically [5]. One method used for forecasting is the Box-Jenkins method with the
Autoregressive Integrated Moving Average (ARIMA) model, which was developed by George E. P.
Box and Gwilym M. Jenkins in 1970 [6]. The use of ARIMA models in the presence of outliers can
affect the autocorrelation structure of a time series so that the estimated values of the Autocorrelation
Function (ACF) and partial Autocorrelation Function (PACF) become biased [7]. The impact is that
forecasting with the ARIMA model produces less accurate forecasts where the model is unable to
provide forecasts that are close to the true value, so it is important to use procedures that will detect and
correct outliers.

Outlier detection was first studied by Fox (1972) by introducing two types of outliers: additive
outliers (AO) and innovational outliers (IO). Additive outliers are outliers that have an effect on time
series data for one period only, while innovational outliers are outliers whose effect follows an ARMA
process. One method for outlier detection is to use an iterative procedure, which was first developed by
Chang, Tiao, and Chen (1983). The iterative procedure is used to perform detection and handling when
the time of outliers is unknown. One of the studies using iterative procedures for outlier detection is
Putri and Suhartono's (2015) research which concluded that the outlier detection method is able to
overcome outliers and can be applied to the ARIMA model of short-term electricity data [8]. In addition,
outlier detection has been widely used in previous studies, including those conducted by Ahmar (2018)
concluded that the SARIMA model with outlier detection on palm oil production data is the best model
for forecasting palm oil production at PTPN XIII for the period January 2010 to December 2017 [9].

Based on the background description above, curly red chili is one of the important agricultural
products in fulfilling Indonesia's economic needs. Until now, there has been no research that examines
how to predict the price of curly red chili in the future, especially in East Java Province by considering
outlier detection in the data. In this study, forecasting and outlier detection are carried out on curly red
chili price data to be able to provide insight to economic actors so that they can design appropriate
strategies to overcome changes in the price of curly red chili in the future.

2. METHODS
Material and Data

This study uses daily data on the price of curly red chili peppers in East Java Province with the period
October 1, 2023 to April 13, 2024 2024 obtained from the site https://panelharga.badanpangan.go.id/.

The amount of data used is 196 as a sample. The variables used in this study are daily data on the price
of curly red chili peppers for the period October 1, 2023 to April 13, 2024 (Z;). The time series data for
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that period was chosen because the price of curly red chili in East Java Province slowly increases and

tends to fluctuate.
| M \ 'ﬂ\
A \ ’ / g
’ LAV !

\

Harga (Rupiah)
30000 50000 70000
Ji il

0 50 100 150
Waktu

Figure 1. Daily Curly Red Chili Price During October 1, 2023 - April 13, 2024.
Research Method

The analysis procedure of curly red chili price data in this study was carried out with the following
steps: (1) Exploring data using time series plots on curly red chili price data. (2) Categorize the data into
two parts, namely training data and test data. (3) Modeling data with ARIMA models using training
data. (4) Perform outlier detection on the selected ARIMA model to determine the type of outliers
contained in the data. (5) Comparing the AIC, BIC, and MSE values between the ARIMA model with
outlier detection and the ARIMA model without outlier detection to determine the best model. (6)
Forecasting the price of curly red chili using the best model. See the accuracy of the best model
forecasting results by calculating the MAPE value.

Time Series Analysis

Time series analysis aims to obtain a model of the variable under study and perform forecasting for
future values using past data [6]. In time series analysis, the stationarity assumption is divided into two,
including stationarity of variance and stationarity of average [5]. Data that are stationary with respect to
variance show that the values of the variables have a fixed and constant movement over time.
Meanwhile, data that is stationary with respect to the mean shows that the values of the variables move
steadily around a constant mean [10]. One way to check stationarity is to conduct a unit root test through
the Augmented Dickey Fuller (ADF) test. One way to check stationarity against variance is by looking
at the Box-Cox plot. Data that are not stationary in terms of variance can be overcome by Box-Cox
transformation.

Autoregressive Integrated Moving Average (ARIMA)

The Autoregressive Integrated Moving Average (ARIMA) model is a model formed from the
Autoregressive (AR) model and the Moving Average (MA) model with Integrated (I) which shows that
the data used has been differenced so that the data is stationary [10]. The ARIMA model is a model
developed from the AR, MA, and ARMA models but is used for time series data that is not stationary
so it is necessary to do differencing in order to achieve stationarity. The ARIMA model can be denoted
by ARIMA(p,d,q) with d representing differencing, in general the ARIMA model can be written as
follows [11]:

¢p(B)(1 = B)!Z: = 6o + 04(B)a (M

where ¢, is the autoregressive coefficient, Z; is the value of the t-th time series, 6 is the moving

average coefficient, (1 — B)? represents differencing process at d-th order, p is the autoregressive
order, q is the moving average order, and a; is the residuals at time t.
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Model Identification

Data that have not been stationary on average need to be differenced several times so that the data is
stationary. Meanwhile, data that has not been stationary to the variance can be overcome by Box-Cox
transformation. Data that have been stationary in both average and variance can be made ACF and PACF
graph plots to identify the ARIMA model. Table 1 shows model identification with ACF and PACF
graph plots as follows [11]:

Table 1. Identification of ARIMA models with ACF and PACF plots

ACF PACF
AR(p) Descends exponentially Cut off after p-th lag
or tails off
MA(q) Cut off after g-th lag Descends exponentially or tails
off
AR(p) or MA(q) Cut off after g-th lag Cut off after p-th lag
ARMA(p, q) Descends exponentially or tails Descends exponentially or tails
off off

Parameter Estimation with Maximum Likelihood

The MLE method uses a probability density function where the joint probability density function of
an n observation (xq,Xy,... ,X,) is a random sample from an identical population that exhibits a
probability density function that depends on the parameters 6 can be denoted as f(x|8) and can be written
as follows [11]:

fGn %, 2a10) = | [ FC110) = LOx1, 2z, 20) @
t=1

where (xq, X3, ... , X, |0) is the probability density function f(x|8), L is the likelihood function, and 8
is the unknown parameter. With the maximum likelihood estimator for the parameter € can be written
as follows:

n n
L =1(0) = In| [f(x10) =) n f(x,l0) 3)
t=1 i-1
Joint probability density function of residuals a = (aq,a,, ... ,a,)" and a; is white noise with

N(0,?) can be written as follows:

_ 2
fa) = (zna?) " exp|-3(“=2) |

2\ o,

-1\2 1/a 2
= (2m02) "V exp [—5(0—‘)

“)

with Equation (2), Equation (3), and Equation (4), the joint probability distribution for a4, a,, ... ,a,
can be written as follows [6]:

flay, ay, .., a;) = ﬁ(btaﬁ)_l\z exp [_%<ﬁ)2]
t=1

aa
_ 1/a,\2
= (2mo?) " e [‘z(a_:)
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Model Diagnosis, Best Model Selection, and Forecasting Accuracy Test

Diagnosis of the ARIMA model is used to assess whether the ARIMA model formed is suitable for
use or not by checking whether the residual assumptions in the model are met [11]. Test assumptions
that must be met, namely the assumption of white noise residuals and the assumption of normally
distributed residuals. The model is said to be feasible if the residuals {a,} is able to fulfill the white noise
residual assumption test with mutually independent residuals where the residuals of the formed model
are not correlated with each other [5].

The white noise assumption can be verified through residual ACF and PACF plots, while the
Kolmogorov-Smirnov test is used to assess normality in residuals. These tests ensure the validity of the
model's residuals. The best model is determined by the lowest Mean Square Error (MSE), which
indicates better forecasting accuracy. Alternatively, models are compared using Akaike's Information
Criterion (AIC) and Bayesian Information Criterion (BIC), with preference given to the model with the
smallest values.

One method that can be used to measure the level of forecasting accuracy is to look at the Mean
Absolute Percentage Error (MAPE) value. The MAPE value is displayed in percentage form with the
criteria that the smaller the MAPE percentage value, the better the forecasting results of the model. A
good model has a MAPE value that meets the criteria in Table 2.

Table 2. MAPE Criteria

MAPE (%) Accuracy Level
MAPE < 10 Very good
10 < MAPE <19 Good
20 < MAPE <49 Worth
MAPE > 50 Inaccurate

Iterative Outlier Detection Procedure

Outliers are observations that are unusual and significantly different from the rest of the data. Outliers
can be caused by errors in measurement or data copying, or they can be due to sudden and temporary
changes in the process being observed [6]. There are four types of outliers, namely innovational outliers
(I0), additive outliers (AO), level shift (LS), and temporary change (TC). The four types of outliers can
be seen in Figure 2 as follows [16]:

Innovational Outlier Additive Outlier Level Shift Temporary Change
@ ®) © @

Figure 2. Outlier Model Graph Pattern Type

1. Additive Outlier (AO)
Additive outliers (AO) are outliers that have an effect on time series data for one period only.
AO only affects the observation t, Z;. The AO model can be written as follows [11]:

s _ (Xt t+T
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B
= a, + wI" (6)

1, t+T,
"(fT):{o, t="T, )
2. Innovational Outlier (I0)
Innovational outliers (I0) are outliers whose effects follow an ARMA process. Innovational
outliers affect all observations Zy,Z .., beyond time T through the memory system

described by %. The innovational outlier (I0) model can be written as follows [11]:

T+1’

0(B)
Z; =X+ ——wl
‘ 0‘(;¢<B) “l
- (1) ®)
0) (at + wl; )
where Z, is the value of the #th time series, X; is the value of a normal time series followed

by data in the absence of outliers, It(T) is the indicator variable that represents the presence or

absence of an outlier at time T, w is the magnitude of the impact of the outlier that occurs at
time T, 8(B) is the moving average (MA) operator of ARMA model, ¢(B) is the autoregressive
(AR) operator of the ARMA model, and a; represents white noise at time ¢.

Outlier detection was first studied by Fox (1972) [11]. Suppose Z; is the observed series and X; is an
outlier-free series. In general, time series data can contain several outliers of different types. The time
series model to account for outliers can generally be written as follows [11]:

k
Z,= ) opBLY +X, 9)
=1
where w; is the impact parameter of the outlier j, v(B) is the polynomial lag operator describing the
effect of outliers, X; is the value of a normal time series followed by data without outliers, and It(T)
represents the indicator function that takes value 1 if ¢ = T; and 0 if ¢ # Tj.

An iterative procedure was first proposed by Chang, Tiao, and Chen (1983) to detect and handle
when the timing of outliers is unknown. If T is unknown, but the time series parameters are known, it
can be calculated 4,, foreacht = 1,2, ... ,n, and a decision can be made based on the results. In reality,
it is often found that the time series parameters ¢;, 8;,7;, and o, are usually unknown and must be
estimated. Parameter estimation will be biased by the presence of outliers, so outlier detection can be
done with the following iterative procedure [5]. Then, the test statistic for AO can be written as follows:

~ T(/A\)AT
/1A,T = (10)
a
with
~ er Z]=_1T T[]eT+]
War = n=T 2 (11)
j=1 %
n—-T (12)
=) m}
j=1

If Ap = |iA,T| > c, then there is an AO detected at the Tth time. Where ¢ is a predetermined
constant value with a typical value of 3.0, 3.5, or 4.0 [5]. The effect of AO can be eliminated through
residuals which can be written as follows:

8= &, — DB = 8, — Dyrftyr t =T (13)
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Meanwhile, the test statistic for IO can be written as follows:

~

~ wrr
Ap = 14
=g (14)
with
(/‘\)IT =er (15)

Ifl; = |21,T| > c, then there is an 10 detected at the 7-th time. The effect of IO can be eliminated
through residuals which can be written as follows:

e, = ét_a)ITZO (16)

If outliers are identified, then the residuals and modified variance estimates can be calculated using
the same parameters 7(B) = % to calculate the statistics /TA,T and ﬁ,lT. Each section is repeated until
all outliers are identified. Outlier model for AO when the outlier identification procedure occurs at
multiple points in time, e.g. T1,T5, ... , Ty which can be used for estimation on the order of Z; can be

written as follows:

k
; o0(B
Z=) o™+ ¢EB§ a, (7)

j=1

Meanwhile, the outlier model for IO when the outlier identification procedure occurs at multiple
points in time, for example Ty, T,, ... , ), can be written as follows:

k
_ 0(B) )  0(B)
7= s am

k
0(B) :
5@ | 2l + e

(18)

=1

A modified time series observation containing outlier effects where the outlier effects are removed
can be written with the following equation:

k
Z,=27,+ Z a1 (19)
=1

3. RESULTS

The training dataset used consists of n = 155 observations. The Augmented Dickey—Fuller test
produces a p-value of 0.541 > 0.05, indicating that the data are not stationary in the mean. The Box—
Cox plot shows a lambda value of 1.591 > 1, indicating that the data are stationary in variance. After
second-order differencing (d = 2), the ADF test yields a p-value of 0.040 < 0.05, demonstrating
stationarity. Temporary ARIMA model estimation shows that only the ARIMA(0,2,1), ARIMA(0,2,2),
ARIMA(0,2,3), ARIMA(1,2,0), ARIMA(3,2,0), and ARIMA(1,2,1) models have significant parameters
(p <0.05). Based on minimum MSE, AIC, and BIC values, the ARIMA(0,2,3) model is selected as the
best model.
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Table 3. Residual Assumption Test of Selected ARIMA Model

Residual Assumption Test p-value
Ljung-Box 0,942
Kolmogorov Smirnov 0,150

Residual diagnostic tests are presented in Table 3. The Ljung—Box test yields a p-value of 0.942 >
0.05, and the Kolmogorov—Smirnov test yields a p-value of 0.150 > 0.05, indicating that the residuals

meet the assumptions of white noise and normality. The corresponding ARIMA(0,2,3) model equation
is:

Zy=2Zy1—Z2+ar—0,939a.-1 +0,326a,2 —0,252a,3 (20)

Outlier detection is used to determine the presence of outliers in the data and can be seen in Figure
3.

5000

- WWWMMM

-5000 —

|

Residual

-10000 — .
T T T T

0 50 100 150

Point of Time

Figure 3. Plot of Outlier Detection Results

There are three outliers in the curly red chili price data in East Java Province from October 1 to March

3, 2024, namely in the 37th, 150th, and 151st data. To find out the type of outliers, it can be seen in
Table 4.

Table 4. Outlier Detection of Selected ARIMA Models

Outlier Type Point Residual Value T-stat value

AO 37 5982 4,701
10 150 -9401 -6,892
AO 151 8475 6,261

The ARIMA(0,2,3) model equation with Additive Outlier (AO) on the 37th data can be written as
follows:

Z,=2Zy 4 —Z; 5+a,—0,930a,_, +0,316a,_, — 0,263a,_3 (21)
+ 0,2301T37)

Meanwhile, the equation of the ARIMA(0,2,3) model with Innovational Outlier (AO) on the 150th
data can be written as follows:

Z,=2Zy 41— Z; 5 +a,—0,740a,_, + 0,280a,_, — 0,338a,_; (22)
+ 0,848 T150)

The equation of the ARIMA(0,2,3) model with Additive Outlier (AO) on the 151st data:
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Zt = ZZt—l - Zt—Z + at - 0, 765at_1 + 0, 04-86!,_»_2 - 0, 191at_3 (23)
+ 0,6341T151)

Equations (21), (22), and (23) represent the initial estimation of the model for each outlier type

identified during the iterative detection process. Then, the addition of outlier types one by one into the
ARIMA(0,2,3) model so that the results can be obtained in Table 5 [12].

Table S. AIC Comparison of Models with Outliers

ARIMA(0,2,3) with Outlier Model Addition  AIC

151 2708,37
151, 37 2709,44
151,37, 150 2659,42

Table 5 indicates that the ARIMA model with the best outlier detection is IMA (2,3) with the addition
of three types of outliers.

Table 6. Comparison of AIC of ARIMA Model with Outlier Detection and Without Outlier

Detection
Model MSE AIC BIC
ARIMA(0,2,3) 2941,74 2724,45 2736,58
ARIMA(0,2,3) with outlier detection 1854,50 2659,42 2680,63

Table 6 indicates that the MSE, AIC, and BIC values of the ARIMA model with outlier detection are
smaller than the MSE, AIC, and BIC values of the ARIMA model without outlier detection. Thus, the
best model chosen is the ARIMA model with outlier detection so that the model can be used for
forecasting. After the iterative process is completed, the parameters are re-estimated to produce the final
combined model as shown in Equation (24). The best model equation or ARIMA(0,2,3) model with
outlier detection can be written as follows:

Z,=2Z 1~ Z +a,—0,716a,_, +0,243a, , - 0,312a, (24)
+ 0, 1691T37) — 0, 1341T150) 4 0, 790 T151)

The forecasting plot in Figure 4 shows a decreasing pattern with price values ranging from 15,413.29
rupiah to 61,452.82 rupiah with an average of 38,474.76 rupiah.

80000
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Figure 4. Forecasting with the Best Model

The smaller the MAPE value, the better the model for forecasting. Table 7 indicates that the
ARIMA(0,2,3) model with outlier detection has a MAPE value 0f 4.612 < 10, so the model is very good
for forecasting according to Lewis (1985) [13].
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Table 7. Forecasting Accuracy Level of the Best Model

Model MAPE
ARIMA(0,2,3) with outlier detection 4,612

4. DISCUSSIONS

The ADF test results indicate that the original training data contain a unit root, requiring differencing
to achieve stationarity. The Box—Cox lambda value greater than 1 suggests that variance transformation
is unnecessary. After second-order differencing, the stationarity requirement is satisfied, allowing
ARIMA modeling. The evaluation of temporary ARIMA models shows that only six models have
significant parameters, and among them, the IMA (2,3) model performs best based on MSE and
information criteria. This highlights that higher-order integrated moving average structures better
capture the behavior of red chili price fluctuations. The residual diagnostic tests confirm that the selected
IMA (2,3) model satisfies both white-noise and normality assumptions, ensuring that the model is
statistically reliable and adequately fits the data.

Outlier detection reveals three extreme observations. These outliers significantly influence the model,
as evidenced by the improvement in AIC, MSE, and BIC after including their effects. This suggests that
ignoring outliers may reduce model accuracy, and their incorporation leads to a more robust ARIMA
specification. The final model incorporating all outliers demonstrates substantially better performance,
indicating that unexpected shocks in chili prices—possibly due to supply disruptions or seasonal
events—must be accounted for to improve forecasting precision. The forecasting results show a
decreasing trend in predicted prices with reasonable variability. The MAPE value of 4.612 categorizes
the model as “very accurate” according to Lewis (1985) [13], confirming that the ARIMA (0,2,3) model
with outlier adjustments is suitable for predicting red chili prices in East Java Province.

The practical interpretation of the identified outliers reveals a strong correlation with market
conditions in Indonesia. The Additive Outlier (AO) at point 37 (November 6, 2023) corresponds to the
peak of the El Nifio-induced drought, which caused a significant supply shock in major chili-producing
regions. This led to a temporary but sharp price spike as harvests failed.

Furthermore, the Innovational Outlier (IO) at point 150 (February 27, 2024) followed by an AO at
point 151 (February 28, 2024) highlights extreme volatility during the transition to the Ramadan season.
The negative 10 suggests systemic shock, possibly due to large-scale market interventions or sudden
harvest inflows, while the immediate positive AO correction reflects the high market sensitivity and
speculative pressure typical of the days leading up to the holy month.

5. CONCLUSION

Using R Studio and ARIMA(p,d,q) models with outlier detection, the analysis identified the optimal
model as ARIMA(0,2,3). The model demonstrates a downward trend in forecasts, with predicted values
ranging from 15,413.39 IDR to 61,452.82 IDR. The model's accuracy, reflected by a MAPE 0f 4.612%,
indicates excellent forecasting performance. This study examines the forecasting of curly red chili prices
in East Java Province for the period from October 1, 2023, to April 13, 2024, revealing a general
downward trend. Factors such as rainfall, population size, and inflation may influence price fluctuations
and warrant further consideration. Additionally, exploring alternative outlier detection methods could
improve the identification of outlier values.
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