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Abstract. Control charts are generally use in quality control processes, especially in the industrial sector, because
they are helpful to increase productivity. However, control charts can also be used in time series analysis. The
residuals from the time series model are used as observations in constructing the control chart. Because there is only
one variable observed, namely the residual, the control chart used is the Individual Moving Range (IMR). This study
analysis the accuracy of the time series model using the IMR control chart in two models, namely the Autoregressive
Distributed Lag (ADL) model without outliers and the ADL model with outliers. The results showed that the control
chart could be used to measure the accuracy of the time series model. The accuracy of the model can be seen from
the statistically controlled residual (in control).
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1. INTRODUCTION

The control chart in Statistical Process Control (SPC) is used to determine whether the process is in
control or not [1]. Two types of control charts are variable and attribute control charts. Some researchers use
control charts as a tool to control the production process. Haddad (2021) reviews the ability of the Palestinian
construction companies to apply the essential tools of SPC in their concrete production systems for process
improvement [2]. Hsu, Wang, Lin, Chen and Hsu (2020) applies statistical process control and machine
learning techniques to diagnose wind turbine faults and predict maintenance [3]. However, the application of
control charts can also be carried out in time series analysis uses here Box-Jenkins iterative steps: order
identification, parameter estimation, and diagnostic test [4]. The best model in the time series analysis is
obtained in the diagnostic test step, where the model must fulfill the white noise assumption, namely the
independent and normality of the residuals [5].

Measuring the model’s accuracy on the best model is very important in predicting the following several
periods. The accuracy of a model is seen from the residuals is value [6]. The smaller the residual, the more
accurate the model. Alternatively, it can be said that the residual is in a statistically controlled state. Such a
situation can be seen in the control chart. So the role of the control chart in the time series analysis is in
measuring the accuracy of the model obtained.

The case study in this paper is based on [7], which models the number of dengue fever cases in West
Kalimantan using the Autoregressive Distributed Lag (ADL) model with outlier factors. Data about the
number of dengue fever cases were first analyzed using the Box-Jenkins method to obtain an ADL model
without outliers. Hereafter, outlier detection is done then the ADL model with outlier factors is obtained. The
selection of the best model in this study was based on a model with all significant parameters.

This paper aims to verify the best model obtained in [7] using the control chart based on the residuals
from the model. Two models were verified in this study, namely the ADL model without outlier factors and
the ADL model with outlier factors. The first section describes the background. An overview of control charts
and time series control charts is portrayed sequently in the second and third sections. In comparison, the
fourth section explains the case studies and data analysis. While the conclusions are put forward in the fifth
section.

2. RESEARCH METHOD

2.1 Control Chart

The control chart is a technique used to evaluate a process, whether the process is statistically in control
or not, to solve problems and produce quality improvements. Three lines in control chart, namely Center Line
(CL), Upper Control Limit (UCL) and Lower Control Limit (LCL) [8]. Center Line (CL) is the average value
of quality characteristics. While UCL and LCL are the control limit. Fig. 1 is the examples of a control chart
for some conditions. The process is said to be out of control if [9]:

1) There is a point that is beyond the control limits (see Fig. 1a).
2) At least seven consecutive points located above or below CL (see Fig. 1b).
3) There are six or seven points in a row that keep going up or down (see Fig. 1c).

If the process is out of control, it is necessary to investigate and analyze the cause. While if the sample
points are within the control limits, then the process is in control (see Fig. 1d) [10]. Let w be a statistical
sample that measures some quality characteristic and let y,,, be the mean of w and the standard deviation of
w denoted a,,. Then UCL, CL and LCL are expressed as follows [11].

UcL = u,, + koy,
CL = py
LCL = u,, — ko,

where k is the distance of the control limit from the CL, expressed in standard deviation units. Walter A.
Shewhart firstly introduced the general theory of the control chart, accordingly the control chart based on
these principles is called the Shewhart control chart. Control charts are classified into two types, namely
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variable and attribute control charts [12]. The difference between the two types lies in whether the
characteristics are measurable (for variable control chart) or not (for attribute control chart). Three types
variable control charts, namely X — R (for small sample size or < 10), X — s (for large sample size or >
10) and IMR (for single sample size) [13].

(@) (b)

(©) (d)

Figure 1. The examples of a control chart showing an out of control process caused by (a) There is a point that
is beyond the control limits, (b) There are eight consecutive points located below CL, (c) There are six points in
a row that keep going up. While the process in control is shown in (d).

2.2  Time Series Control Chart

The basic assumptions on the control chart are independence and no correlation among the observations [14]. In
the time series control chart the observations used are residuals (due to the residuals assumption in the time series model
is white noise, which is independent and uncorrelated among residuals), considering that only one variable is observed
that is the residual model. Consequently, constructing a control chart for the time series model can be applied to any
model that assumes white noise on the residuals. The control chart that fulfill these condition is the IMR control chart,
which the calculations can be written as [15].

hML=f+3¥E

d;
Individual plot = CL = @
LCL =% BW
and
UCL = D, x MR
Movingrange plot = { CL = MR 7
LCL=0

where MR is the average of MR; with MR; = |x; — x;_1/, x; is i-th observation, d, and D,, are constants.
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The residual (e, ), independent and identical normal distributed with zero mean and 62 is used in the time series
control chart then the x in Eq. (1) equals to zero. The following are the steps to construct a time series control chart.

1) Calculate the moving range (MR;) and average moving range MR.

2) Compute the UCL, CL and LCL (see Eq. (1) and (2)).

3) Construct an IMR control chart consisting of individual plots and moving range plots. Then, add the UCL, CL
and LCL calculated in second step in each plot. Residuals are contained in the individual plots, while the
moving range plots contain the moving ranges calculated in the first step.

4) If the residuals are out of control, then the model obtained has poor accuracy. It is necessary to evaluate the
identification of the time series model. If the residuals are in control, then the time series model obtained can
be used for prediction, or it can be said that the model has good accuracy.

To overcome the residuals that are out of control, the time series model needs to be evaluated (in this paper, the
model is evaluated by adding the outlier factor).

For more details, the procedures in constructing a time series control chart can be seen in Fig. 2b. Fig. 2a
describes the outlier detection algorithm in the ADL model. After the outlier detection time is obtained, the outlier factor
is added to the ADL model. The residual of the ADL model with an outlier factor is the input to flowchart 2b. The
purpose of the evaluation step in Fig. 2b is that if the residuals are out of control, then the step returns to Fig. 2a and is
adjusted to the model used.
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Figure 2. Flowchart, (a) Flowchart of ADL model with outlier factor [7], and (b) Flowchart of control chart for
time series model

3. RESULT AND DISCUSSION

This study uses a case study in [7], which uses the ADL model to model the number of dengue fever
cases in West Kalimantan. Two models were obtained, namely the ADL model without outlier factors
(referred to Model 1) and the ADL model with outlier factors (referred to Model 2). The Box Jenkins method
was applied to the data to obtain Model 1, while Model 2 was obtained based on detecting outliers in Model
1. In this study, the residuals from each model were used to construct the IMR control chart. Fig. 3 is an IMR
control chart for Model 1.

Individual Moving Range

A UCL = 26,065

RS NG — @’\«/‘v\/\/ \VAV/\VM i

V LCL = -21.218

UCL = 21218

(a) (b)
Figure 3. IMR Control Chart for Model 1, (a) Individual plot and (b) Moving range plot

Fig. 3 shows that the residuals Model 1 are out of control because there is one point outside the control
limit (see Fig. 3a and 3b), and there are nine points in a row between CL and LCL (see Fig. 3b). Residuals
that are outside the control limits indicate that the residual value is much different from other residuals. So
that, the difference between the observations and the estimation results become large. One of the reasons for
this is the presence of outliers in the data. Therefore Model 1 is evaluated by adding an outlier factor. The
ADL model with outlier factors is referred to as Model 2. Residuals Model 2 are then remade the control
chart to determine whether the residuals are in control or out of control. The control chart for Model 2 is
presented in Fig. 4 below.



1000 Imro’ah, et. al. Control Chart As Verification Tools In Time........

Individual Moving Range
ucL - 12493 ucL = 15366
: 3 A ALUELE A 3 .t
r Al a2 /\/\/\ /\ 4 .‘/ P T R BT S A ey CL = 4497
/ '\/ V '\w e V XX © 2 A LCL = 0.000
LCL = -12.493
(a) (b)

Figure 4. IMR Control Chart for Model 2, (a) Individual plot and (b) Moving range plot

Based on Fig. 4, there is no point that is outside the control limit, or it can be said that the residuals are
in control. So, it can be concluded that Model 2 is an accurate model for predicting several future periods.
Alternatively, it can be said that Model 2 is the best model because the residuals are in a statistically controlled
state.

So that consistent with the conclusion in [7] that the presence of outliers makes the model less accurate
(resulting in out of control residuals). So that the addition of an outlier factor into the model is one of the
proper steps to produce a more accurate model (marked by residuals in control); thus, the control chart can
be used as a tool to measure the model’s accuracy from the residuals perspective.

4. CONCLUSIONS

There are two things obtained based on the analysis that has been done. First, the presence of outliers
in the data causes the residual value to be too large or too small compared to other residuals so that the
model’s accuracy is low. It can be seen from the residual model on the control chart that it is not statistically
controlled (out of control). Second, the addition of outliers to the model has a good impact on the model’s
accuracy. The model obtained becomes more accurate because the residuals of the model are in control. From
these two things, it can be concluded that the control chart can be used as a tool to analyze the accuracy of
the time series model. The appropriate control chart is IMR, with the residuals model as observations on the
control chart.
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