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Abstract. Product quality testing is essential to maintain consumer satisfaction in the
textile company. Thus, the quality assurance industry should be aware of the shifting fashion
trend. The application of forecasting has an impact on corporate planning, which can be used as
areference. In addition, good forecasting can make the cost of production efficient. The ARIMA
model or Autoregressive Integrated Moving Average is a good time series data model to
understand data for forecasting. ARIMA modelling aims to find an excellent statistical
relationship between the predicted variables and the historical values of these variables so that
this model can be used to make predictions. Forecasting accuracy is calculated using the value
of Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE). The results
show that the best model for forecasting the demand for textile product testing is ARIMA
(2,1,0), with an RMSE of 195.88 and MAPE value of 7.01%.
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1. Introduction

Product quality testing is essential in the industry to satisfy consumers. The importance of quality in
the industry is increasing rapidly as competition rises [1]. In Indonesia, there are 323 textile companies
registered at the ministry of industry [2]. Thus, Indonesia is one of the world's largest textile and
apparel-producing and exporting countries [3]. Due to the high competition to meet the market for
textile products worldwide, guaranteeing product quality must compete worldwide. The process of
testing and certifying product quality is used to ensure the quality of the final product.

The demand for chemical testing of these textile products fluctuates and changes irregularly, merging
into one combination. Changes influence these fluctuations in testing requests related to world fashion
trends. The application of good forecasting is very impactful for corporate planning. In the company by
which this study was conducted, the forecasting only focuses on the number of test request forms rather
than based on the actual test data. It is because each test request form has different tests (depending on
the type of textile being tested). However, the company where this research was conducted to optimize
optimized the forecasting process in chemical testing. Inventors that occur cause delays in the testing
process and increase the cost of procuring consumables. Therefore, the application of forecasting based
on the actual number of chemical tests is expected to assist in planning consumables supplies. The aim
is to avoid shortages or excess inventory so that inventory planning can be well prepared.

Based on the literature study, the fluctuating data forecasting model that can be used is ARIMA
(Autoregressive Integrated Moving Average). The ARIMA model is a good time series data model to
understand data for forecasting [4]. ARIMA modelling aims to find an excellent statistical relationship
between the predicted variables and the historical values of these variables so that this model can be
used to make predictions. However, the ARIMA approach only works well for short-term data
forecasting, and its long-term forecasting accuracy is mediocre [5]. During the pandemic, some
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researchers used ARIMA to predict the COVID confirmation cases. Thus, it can help the government
to prepare healthcare facilities and reduce the effect of the pandemic shortly [6][7]. Besides, ARIMA
also has benefits in the economic area, such as predicting the market price [8] and predicting GDP
growth [9][10][11][12]. Therefore, it helps the government to determine fiscal and monetary policies
and plans future operating activities. Forecasting modelling also benefits private companies, especially
in predicting sales and demand [13][14][15].

This study presents demand forecasting based on actual testing data with the ARIMA model. During
the modelling process, the mean absolute percentage error (MAPE) and the root mean squared error
(RMSE) are considered to select the optimum model.

2. Methods

2.1. Data source

In this study, the data is from a company engaged in analysis service, testing, and certification of textile
products. The data used in the modelling are data demand for testing in chemical laboratories from
January 2015 to October 2022. The data are divided into training and testing data. Data testing was used
from January 2021 to October 2022, and data training from January 2015 to December 2020.

2.2.  ARIMA models

ARIMA is often referred to as the Box-Jenkins time series method [16] because Box and Jenkins were
introduced in the 1970s [17]. ARIMA model aims to find an excellent statistical relationship between
the predicted variables and the historical values of these variables, so it can be used to make predictions
[18]. This model can be explained by three-parameter arguments using the formula ARIMA (p, d, q),
where q is the order of the moving average, p is the order of the autoregression, and d is the amount of
the difference [19]. This model is classified into three groups, including autoregressive (AR) models,
moving average (MA) models, and mixed models with the characteristics of the first two models
(ARMA).

AR (p) model uses a linear combination between previous value variables (y.1, yi-2, ...,Vp) and current
residual (&;). Meanwhile, the MA (q) model use a linear combination of current and previous residual
values (&1, &2, ... , &2q)- The AR(p) (1) and MA (q) (2) equation is written as:
Ve = @1Ye-1+ @2YVe2 T +PpYep + & (D
Ve =01 €1+ 0265+ +0,6_4+ & 2)

¢ and 0 interpreted as autoregressive and moving average Constanta. y, represents the time value of
response at time ¢, and & represents white noise or random error at time ¢.

The ARMA (p, q) model will exist if the AR and MA models combine. The current time series response
in ARMA (p, q) is linearly connected to its past values and the present and past residual series. The
equation of ARMA can be presented as follows:

Ve= &+ @1Ye-1+ Q2Ye—2+ -+ QpYip + & — 0161 — 02605 — - — 04&t_q
3)

The value of a is a constant, and the value of the previous random error was denounced as &;_4. Before
continuing the process, data should be stationary in the mean, else the differentiation had to do. Thus,
ARMA models become ARIMA (p, d, q), and the value of d is associated with a degree of differentiation
[20]. The following four processes include model identification, parameter estimates, diagnostic
verification, and building an ARIMA model fix time series (mean and variance stationary).
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Figure 1. Flow Diagram of Research Methodology

2.3.  Assessment and identification

Before estimating the model's parameter, ensure the variance and mean of time series data are stationed.
It implies the variance and means data are constant over time. Static data in variance can be identified
by Box-Cox plot, while stationary in the mean can be identified by using The Augmented Dickey-Fuller
test (ADF). The transformation and differences process involved setting the variances and mean time
series [21].

2.4.  Model Parameter Estimation

After the data is stationary, the autocorrelation function (ACF) and partial autocorrelation function
should be used for determining orders of autoregressive terms (AR) and moving mean (MA) then the
ARIMA model will be formed.
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2.5. Diagnostic checking
The Ljung-Box test (Q*) checked the prediction model's feasibility. This test scans that residual does
not occur autocorrelation [22].

Shapiro-Wilk test (w) is beneficial for testing normal distribution in statistics. This test evaluates the
null hypothesis that a sample was drawn from a population with a normal distribution [23].

The element of uncertainty (residual) always involves prediction models. However, it can be predicted
to find the best models. This study used two types of performance criteria, namely Root Means Square
Error (RMSE) and Mean Absolute Percentage Error (MAPE), to check the ARIMA model performance
accuracy.

RMSE = \/%Z’Ll(et)z (5)
1
MAPE =3I, ;—i (6)

Where ¢, = the residual at time ¢, N = the number of observations, and y, = the observed response at time
t, lower RMSE and MAPE values indicate a more accurate prediction model.

3. Result and discussion

3.1.  Exploration data

Data exploration is done by determining the data demand for testing textile products throughout a
monthly period of 96 data. Figure 2 shows a time series plot for the requested textile product testing
from January 2015 to December 2022. The data looks non-stationary in both variance and mean.
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Figure 2. Data Actual Testing Textile Product at Laboratory
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Therefore, it is necessary to check the data using a Box-Cox plot to check stationary variance [24]. The
ADF test checks stationary in the mean [25]. Figure 2 shows the result of checking stationarity in
variance using a Box-Cox plot. According to Figure 3, it yields a lambda value of 1.767. This indicates
that the data variance is not stationary since its value is too far from one. Therefore, a box-cox
transformation must be performed. Figure 4 shows the result of approaching a lambda value close to
one, which means that the variance of the transformed data is stationary.

39.

40. After the data had been transformed, it was checked for stationarity in the mean used ADF
test. ADF test resulted in a p-value of 0.2908, which means the data is not stationary in the
mean. Therefore, it is necessary to do differencing to transform data stationary into mean. The
ADF test was performed to ensure the data was stationary in the mean after differencing at
the first level. ADF test for the first level resulted in a p-value of 0.01, which means a p-value
below a significant level of 5%. Figure 5 shows the data has been stationary in variance and
mean, so the data can be identified and estimated the parameters using the ARIMA model.
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Figure 5. Data Actual Testing Textile Product at Laboratory

3.2, Identification and estimation ARIMA model

Identification and estimation parameters of the ARIMA model can be done by analyzing ACF and
PACEF plots. Figure 6 shows the ACF plot; it is known that lag 1 and 3 are out of significant level. Then,
the MA estimator is 1 and 3. Figure 7 shows the PACF plot, which shows that lag 1 is out of significant
level, so the AR estimator is 1. The estimating parameters are obtained based on ACF and PACEF plots,
as shown in Table 1.
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Table 1 shows three ARIMA models in which all the estimating parameters are significant at the 5%
level. The significant models are ARIMA (1,1,0), ARIMA (0,1,1), and ARIMA (2,1,0).

Table 7 Estimated ARIMA Model

Model Parameter P-value Description
ARIMA (1,1,1) MA (1)* <2e-16 Significant
AR (1) 0.1473 Not significant
ARIMA (1,1,3) MA (1) 0.8656 Not significant
MA (2)* 0.0007 Significant
MA (3) 0.9945 Not significant
AR (1) 0.1359 Not significant
ARIMA (1,1,0) AR(1)* 0.0013 Significant
ARIMA (0,1,1) MA (1)* 5.27E-15 Significant
ARIMA (0,1,3) MA (1)* 1.38E-06 Significant
MA (2)* 0.0246 Significant
MA (3) 0.2733 Not significant
ARIMA (2,1,0) AR (1)* 7.62E-06 Significant
AR (2)* 0.0004 Significant

*Parameters that significant at the 5% level

3.3.  Model diagnostic
A significant model based on Table 1 will be diagnosed by Ljung-Box and Shapiro-Wilk tests. It is

important to check model feasibility. Table 2 presents the outcomes of the Ljung-Box and Shapiro-
Wilk tests.

Table 8 Diagnostic Parameters Test Results

Model Ljung-Box test (p-value) Shapiro-Wilk test (p-value)
ARIMA (1,1,0) 0.2469 0.7981
ARIMA (0,1,1) 0.2822 0.7974
ARIMA (2,1,0) 0.9748 0.6776

Table 2 shows the results of the Ljung-Box and Shapiro-Wilk tests. The Ljung-Box test was carried out
to determine the presence of residual autocorrelation in the model formed [26]. From Table 2, it was
found that the three models were free from autocorrelation because the p-value is greater than the
significant level. Shapiro-Wilk is a test to find that the residual data is normally distributed [27]. The
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Shapiro-Wilk test on the three ARIMA models has a normal distribution with a p-value more
remarkable than the significant level.

Table 9 Forecasting Accuracy

Accuracy
Model RMSE  MAPE
ARIMA (1,1,0) 215.24 8.04
ARIMA (0,1,1) 236.09 8.20
ARIMA (2,1,0) 195.88 7.01

Model accuracy is done by comparing the RMSE and MAPE values of the three ARIMA models. The
model with the smallest RMSE and MAPE values is used for forecasting modelling. The forecasted
findings are compared to 24 actual data from January 2021 to December 2022 to determine the accuracy
of the prediction. Based on Table 3, ARIMA (2,1,0) has the smallest RMSE and MAPE. Then, the
company can use ARIMA (2,1,0) as a model for forecasting the number of tests as a reference for
planning consumable materials.

4. Conclusion

Indonesia has a high potential to meet the demand for textile products in the global market. This
potential must be supported by the quality of textile products so that they can compete in the worldwide
market. Product testing is required to guarantee the quality of textile products before being distributed
to the worldwide market. This study focuses on forecasting the demand for textile product testing in a
chemical laboratory in an analysis and certification service company. Based on the results obtained, for
the number of requests for testing in chemical laboratories with the ARIMA model, the optimum model
is ARIMA (2,1,0) with an RMSE is 195.88 and MAPE is 7.01%.

This forecasting using the ARIMA model is based on historical data on the number of request testing
and is suitable for various data patterns. However, the accuracy could be better for long-term forecasting
because it will produce a consistent result. In addition, consumer loyalty and export-import regulations
can affect the number of test requests. Due to changes in test requests, the supply chain becomes
unstable, and it is difficult to predict changes in demand. However, in general, these factors only
sometimes occur. Therefore, future research is expected to include other elements and use other
forecasting models to obtain a more appropriate model for this problem.
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