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Chapter 1

Introduction

There has always been a great deal of attention for the quality of man-
ufactured products and services. In ancient times, the quality level was
sometimes maintained in brute ways. For example, to quote the code of
Hammurabi which was dated to 2150 B.C.:

If a builder has built a house, and his work is not
strong, and the house falls in and kills the house-
holder, that builder shall be slain.

A second example concerns Phoenician inspectors who eliminated any re-
peated violations of quality standards by chopping off the hand of the maker
of the defective product.

A more subtle approach towards monitoring and improving quality
is Statistical Process Control (SPC), that aims at quality improvement
through reduction of variation. One of the primary techniques of SPC is
the control chart. After its introduction by Walter A. Shewhart in the
twenties, it was W. Edwards Deming who extended his ideas to a quality
improvement strategy that is not only applicable in a manufacturing envi-
ronment, but in all areas of an organization, from administration to sales.
This philosophy is known as Total Quality Management (TQM). Shortly
after the second world war, he succeeded in convincing Japanese topman-
agers of the usefulness of this approach. In those years, while the Western
countries were only interested in quantity of production, the Japanese built
up a head start by focusing on quality of production output. It was not
until the late seventies that the Western world realized the necessity of such
quality improvement programs. Won over by the success of the Japanese,
Western manufacturers became interested in Total Quality Management.
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Nowadays, ‘quality’ is in the center of attention worldwide. Over the years,
the control chart has proved its effectiveness in practice as a tool for reduc-
ing the variation in process outcomes.

Traditionally, in the development of manufacturing processes, a deter-
ministic viewpoint prevailed. Much engineering effort was put into action to
attain a situation where important quality characteristics of every product
comply exactly with predetermined target values.

The success of Shewhart’s approach is based on the idea that in any
production process, no matter how well designed it is, there exists a certain
amount of natural variability in output measurements. Such variation is
to some extent unavoidable without a profound revision of the process.
This type of variation is called variation due to common causes. Trying to
counteract the effect of the variation due to common causes is in many cases
like intervening in a stable system, thereby increasing instead of reducing
the variation around the target.

If the variation due to common causes is small compared to the re-
quirements of customers, and if the process is ‘on target’, this poses no
problems. The process is capable to meet the demands. However, the pro-
cess may be affected by external sources of variation, that are upsetting the
normal functioning of the process. Such causes are called special causes of
variation. The presence of special causes may lead to excessive variation in
process outcomes, resulting in malfunctioning of the product and customer
complaints. In such cases, quality improvement is possible by detection
and removal of special causes of variation.

Shewhart developed the control chart to detect the presence of special
causes of variation. In its basic form, a control chart is a plot of (a function
of) observations of a production process against time. The points that are
plotted on the graph are compared to a pair of so-called control limits.
One or more points outside the bandwidth of these limits are called out-of-
control signals and indicate the presence of special causes of variation, that
are upsetting the process.

Traditionally, two fundamental assumptions are made for the develop-
ment of control charts. Firstly, it is assumed that the distribution function
underlying the observations of a quality characteristic of interest, is normal.
Secondly, it is assumed that the process data is independently distributed.
One or both assumptions are frequently violated in practice. In this thesis,
we will concentrate on the case where independence of successive observa-
tions cannot be assumed. We will however make the assumption that the
data is normally distributed.
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For the case of non-normal data, we refer to recent articles by Chou,
Polansky and Mason (1998) and Shore (1998) and the references cited
therein. Other references are Burr (1967), Schilling and Nelson (1976)
and Haridy and El-Shabrawy (1996).

The purpose of this chapter is to provide an introduction to the sub-
ject. A precise definition of the terminology that is used can be found in
subsequent chapters. We start the chapter with some motivating practi-
cal examples in Section 1.1. In Section 1.2, we discuss what violations of
the independence assumption are allowed in subsequent chapters. In Sec-
tion 1.3, the subject of the thesis is discussed. This chapter is concluded
with an overview of the thesis in Section 1.4

1.1 Some motivating examples

The most commonly reported effect on control charts of violating one or
both of the fundamental assumptions is the erroneous placement of the
control limits. Examples of this phenomenon are numerous. In the last
subsection of this section we discuss an investigation conducted by Al-
wan (1989), see also Alwan and Roberts (1995), where, in a sample of 235
control chart applications, it was discovered that about eighty-five percent
displayed incorrect control limits. More than half of these displacements
were due to violation of the independence assumption. In the following sub-
sections, we will discuss four applications of control charts where violation
of the independence assumption leads to misplaced control limits.

1.1.1 Monitoring electrical resistance of insulation material

In Table 2 on page 20 of his pioneering book “Economic Control of Quality
of Manufactured Product”, Shewhart (1931) presents a data set of measure-
ments on electrical resistance of insulation material. The data is reprinted
in Table 6.1 of Chapter 6 of this thesis.

The data set consists of 204 observations, which Shewhart grouped into
51 subsamples of size four. Eight of the sample means exceeded the control
limits that were computed for this data. In Chapter 6, the data set is re-
analyzed. It turns out that the independence assumption is violated, so that
the standard approach for computing control limits is not valid in this case.
In Chapter 6, some of the control charts that are discussed in Chapter 3, 4,
and 5 which take the effect of serial correlation into account, are applied
to the individual observations. These charts indicate that the series of 204
individual observations contain only two (perhaps three) outliers.
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In this case, misplacement of control limits is due to serial correlation
in the data. The standard control chart methodology suggests the presence
of process upsets which cannot be linked to a responsible special cause of
variation. In such cases, a search for a cause for the suspected process
upsets will be initiated while the process is functioning normally.

In later chapters of this thesis more appropriate control charts for seri-
ally correlated data are discussed.

1.1.2 Monitoring the large outside diameter of a flywheel

In an article by McCoun (1949), which was reprinted in the October 1974
issue of Quality Progress, a quality problem at International Harvester’s
truck engine works is presented. A great deal of trouble had been experi-
enced in maintaining the size on the large outside diameter of a flywheel.
Samples of size five were taken at approximately one hour intervals, and
control charts for the mean and the range were set up. The specifications
on the diameter of the flywheel were such that for an in-control process,
individual measurements should fall amply within the specification limits.

The resulting control charts indicated no out-of-control situations. How-
ever, a large portion of the production did not even comply with the spec-
ification limits. By considering a series of consecutive measurements, the
cause of this mystery was found. It turned out that the measurements ex-
hibited systematic cyclic behavior. Unknowingly, the samples were taken
in phase with two periods of the cycle, so that all the sampled observations
came from the same place in the cycle (the bottom). As a result, only a
part of the variation in the process outcomes was monitored in the control
charts. The out-of-spec products were produced in the part of the produc-
tion cycle that was not sampled. In this case, misplacement of the control
limits occurred due to the fact that the variation observed in the samples
did not represent the variation in the process.

This problem was solved by reworking a part of the mechanism of the
machine, so that the systematic behavior was removed.

1.1.3 Monitoring viscosity measurements

Montgomery (1996) discusses a data set of one hundred viscosity measure-
ment, taken from a certain chemical process. Based on physical arguments
which follow shortly, and from visual appearance of the data set, serial cor-
relation is suspected. Montgomery first sets up a standard control chart for
the mean, thereby ignoring these hints. Out of the hundred observations,
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nineteen appear to be out of control. However, if the data is monitored
with a control chart that accounts for serial correlation, there is no reason
to suspect the presence of special causes of variation. Also in this case,
violation of the independence assumption leads to too many false out-of-
control signals.

The data set is used to illustrate that in some cases it is possible to
relate autocorrelation in process measurements to process inertia in an
analytical way. Montgomery considers a tank, that is filled up constantly
with a certain liquid from the top of the tank. With the same flow rate, the
material is flowing out again at the bottom of the tank. The concentration
of the liquid entering the tank may vary over time. The concentration of
the liquid in the tank is a mix of previous concentrations. Montgomery uses
laws of physics to demonstrate that successive concentration measurements
taken at equally spaced time intervals on the outflow side of the tank are
serially correlated.

In this case, serial correlation cannot be removed without redesigning
the process. It must be considered as a part of the process. In other
words, the variation due to serial correlation is a part of the common-cause
variation. Monitoring data from such a process with control charts that
assume independence will result in many out-of-control signals, indicating
the presence of serial correlation. When it is known that process data
exhibits serial correlation, control charts that account for serial correlation
must be used.

1.1.4 Monitoring the composition of diode tin/lead layers

In Chapter 8 of this thesis, we present a case study of a quality improvement
project that was conducted at Philips Semiconductors Stadskanaal, the
Netherlands, a leading manufacturer of diodes. The problem that will be
considered concerns the quality of a tin/lead layer that is applied to diodes.
A diode is an electrical component that will be soldered on printed circuit
boards. A bad tin/lead layer obstructs soldering of the diodes.

We will discuss several aspects of the quality improvement project that
are within the framework of this thesis in Chapter 8. A more complete
report can be found in Wieringa (1997). At a certain point in our inves-
tigation, it was decided that the ratio of the amount of tin to the amount
of lead in the layers needed to be monitored with a control chart. These
measurements exhibited serial correlation, so that application of a standard
control chart resulted in many false out-of-control signals, see Figure 8.14.
However, in this case, the charts that are discussed in subsequent chapters
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are not directly applicable either. The data shows non-stationary behavior
(see Chapter 2 for a definition). A characteristic of non-stationary processes
is that the level of the process may wander away from a predetermined tar-
get, without ever returning to it. For such processes, it is necessary to
apply a kind of active control that keeps the process ‘on-target’, before the
output can be monitored with control charts.

In the case study, we decided to adjust the process once a week to
prevent the mean of the process drifting away from its target. In the
meantime, the output of the process is monitored with widened control
limits to allow for a slight wandering of the mean.

1.1.5 More examples

Other examples of misplaced control limits can be found among the 235
“expert control chart applications” that are studied by Alwan (1989). The
author only considered ‘real life’ data sets, encountered in quality control
text books and manuals, advertisements and brochures of quality control
software vendors, and articles from a prominent quality control journal.

In over eighty-five percent of the cases, one or both of the assumptions
that underlie the standard implementation of control charts are violated,
leading to control limits which are not appropriate for the data under con-
sideration. Alwan classified the violations into four categories: non-i.i.d.
behavior, purely described by time series models, non-i.i.d. behavior de-
scribed by models combining time series models and deterministic variables,
non-i.i.d. behavior described by deterministic variables, and violation of the
normality assumption. Almost half of the observed misplacements are due
to a violation of the first category.

To illustrate the consequences of the misplacements, Alwan (1989) de-
termined the total number of out-of-control signals that occurred in the
235 data sets when the standard three-sigma methodology (see Chapter 2)
was routinely applied. The total number of out-of-control signals thus
identified across all 235 applications was 674. In contrast, the number of
out-of-control signals when the three-sigma methodology was applied to
residuals of fitted time series models was found to be 90. Alwan (1989) be-
lieves that the large disparity (674 versus 90) reflects the fact that due to
positive autocorrelation, false out-of-control signals occur more frequently.

Moreover, Alwan (1989) found that the two approaches agreed in the
detection of only 57 out-of-control situations. Therefore, the large majority
of the out-of-control signals identified by the standard methodology turned
out not to be out-of-control signals from the perspective of time series
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modelling. In addition, 33 of the 90 out-of-control signals identified by the
time series approach were not detected by routinely applying the standard
approach.

Hence, by ignoring serial correlation there is a great danger of misinter-
pretation of the information present in the data. In a substantial number
of cases, special causes are not detected when they do, in fact, truly exist,
and in even more cases, special causes are signalled that do not exist. As
a result, most of the actions that are undertaken on the basis of the out-
of-control signals will not produce any effect. The fruitless search for the
cause of the apparent, but nonexisting, process upsets will have a detri-
mental effect on the popularity of the control chart and may obstruct other
applications of SPC methods.

1.2 Violation of the independence assumption

When there are only common causes of variation present, observations of
a production process may look like the observations in Figure 1.1 (a), (b),
(c) or (d).

Figure 1.1(a) represents the case where successive observations are un-
correlated. There is no memory in the data: previous observations do not
influence future observations. The process fluctuates randomly around the
mean. In most applications of control charts, it is assumed that the data
exhibits this kind of behavior. However, in practice, most data sets show
some form of serial correlation.

In Figure 1.1(b), successive data points are negatively correlated. An
observation below the mean tends to be followed by an observation that is
larger than the mean value, and vice versa. The sequence of observations
exhibits alternating behavior.

The data in Figure 1.1(c) is positively autocorrelated. If the current
observation is on one side of the mean, the next observation will most
likely be found on the same side of the mean. Positively correlated data
is characterized by runs above and below the mean. This type of serial
correlation is more often encountered in practice than negative autocorre-
lation. It may occur due to mixing of raw materials in a tank as discussed
in Subsection 1.1.3.

In Figures 1.1(a), (b), and (c), the observations are mean reverting. The
process may wander away from the mean in a non-random manner, but will
eventually return to the mean. The underlying processes are stationary (see
Chapter 2). In Figure 1.1(d), realizations of a nonstationary process are
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Figure 1.1: Four different kinds of process observations.
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drawn. If a non-stationary process is left alone, it may wander away from
the mean without ever returning to it.

In a manufacturing environment where target values are set for the
quality characteristics, monitoring process measurements of Figures 1.1(a),
(b), and (c) is fundamentally different from monitoring a process underlying
Figure 1.1(d). The last must be adjusted regularly, otherwise the process
will wander away from the target value. In this case, some form of active
control is necessary to ensure that the process stays on target. Thereafter,
control charts can be used to monitor the adjusted process for special causes
of variation.

Also in the case of stationary autocorrelated data (Figures 1.1(b) and
(c)), a combination of active control and control charts can be used in some
cases. When possible, active control can be applied to the observations
to remove the extra variation due to serial correlation. Such procedures
are sometimes collectively labeled as Automated Process Control (APC) or
Engineering Process Control (EPC). The purpose of these techniques is to
filter out serial correlation, so that observations from the adjusted process
are approximately uncorrelated. This has two beneficial effects. Firstly, the
variation in measurements is reduced, since the systematic variation due
to serial correlation is removed. Secondly, the independence assumption is
no longer violated, so that the standard control charts can be applied to
monitor the adjusted process for special causes of variation.

Several authors advocate this integration of APC (or EPC) and SPC
(EPC) methods. A classical article is Box and Kramer (1992), other ref-
erences are MacGregor (1988), Part II of Keats and Hubele (1989), Mont-
gomery, Keats, Runger, and Messina (1994), Box, Coleman, and Bax-
ley (1997), Box and Luceño (1997a,1997b), and Janakiram and Keats (1998).

Active control of processes requires a thorough knowledge of the un-
derlying process. Such knowledge is not always present. Furthermore, it is
required that there are possibilities to adjust the level of the process fre-
quently in a highly accurate manner. This may not be very cost-efficient.
In other cases, it is (given the process) not possible to remove the serial
correlation at all (see the example discussed in Section 1.1.3). Therefore, in
some cases, serial correlation cannot be removed before control charts are
applied to monitor process outcomes, and this systematic variance compo-
nent must be viewed as part of the common-cause variation of the process.
This induces the need for the development of control charts which allow
for violations of the independence assumption. This is the subject of this
thesis.
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1.3 Scope of the thesis

It is the purpose of this thesis to extend the application of control charts to
cases where serially correlated observations are allowed. This extension is
interesting from a theoretical point of view. However, the main motivation
stems from practical situations such as the examples from Subsection 1.1,
which illustrate that the independence assumption is often not fulfilled for
many real life data sets. The question that is raised in this thesis is how
a sequence of serially correlated observations is properly monitored for the
presence of special causes of variation.

This question is treated as follows. Firstly, it will be investigated what
happens if the serial correlation in the data is not recognized or ignored,
and standard control chart procedures are applied to the observations. This
is what would happen in most practical cases. An operator or a process
engineer might not be aware of the problems that are caused by serial
correlation in the data, and consequently apply control charts as if the
data were uncorrelated.

Secondly, a survey of existing procedures that take serial correlation into
account will be conducted. In addition, if necessary, alternative procedures
will be developed that take serial correlation into account.

And thirdly, a comparison of these procedures is conducted on the basis
of Average Run Length (ARL) behavior, a notion that will be defined in
Chapter 3. We are aware of, and do agree with, the objection that the ARL
does only reflect a small part of the behavior of the control chart. Indeed,
it would be better to discuss the distribution of the run length. On the
other hand, the ARL is widely used in the literature to compare different
control charts.

We will restrict ourselves to stationary data, which is assumed to be
generated by an ARMA model with normally distributed disturbances (see
Chapter 2). The class of ARMA models can be used to capture a wide
range of serial dependence in the data. Among these models, the model
for first-order autocorrelation (the AR(1) model) is commonly reported as
being most frequently encountered in practice. Therefore, we will only
pay attention to the AR(1) case. Results for other models are derived in
a similar manner and are not discussed in the text, but only displayed
in an appendix. We will not go into detail concerning the identification
and estimation of an appropriate time series model. We will assume that
enough data is available (for example as a result from a so-called prerun) to
correctly identify and estimate an underlying process model. In addition,
we will not discuss the possible integration with APC (or EPC) techniques.
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We refer to the references cited earlier.

1.4 Outline of the thesis

Chapter 2 introduces the reader to terminology that is used in the remain-
der of the thesis. The chapter starts out with a review of the philosophy of
SPC, in particularly the control chart. Secondly, some theory concerning
time series models is briefly discussed. The chapter ends with a discussion
of the problems that arise when the variance of serially correlated data
is estimated as if the observations were independent. References to rele-
vant literature are made where appropriate estimators are discussed. For
the remainder of the thesis, the problems concerning the estimation of the
variance are acknowledged, but assumed to be nonexistent, since there are
good methods to obtain estimates of the process parameters.

In Chapter 3, we will discuss and evaluate the ARL behavior of two
types of Shewhart-type control charts that are suggested in the literature.
It turns out that both control charts do not exactly comply with the in-
tended ARL behavior. Apart from the estimation problems of Chapter 2,
the standard control chart theory with appropriate variance estimates can-
not be routinely applied to serially correlated data. Especially for large,
positive autocorrelation, we will find that shifts in the mean of the process
may go undetected much longer than expected, compared to the case of
uncorrelated observations. For this reason, a third Shewhart-type control
chart is developed that has improved ARL behavior for first-order autocor-
relation.

For each of these three approaches, an Exponentially Weighted Mov-
ing Average (EWMA) or a CUmulative SUM (CUSUM) can be computed.
The resulting sample statistics can be drawn in corresponding EWMA or
CUSUM control charts. In Chapter 4, the ARL properties of these EWMA-
type control charts are evaluated. In Chapter 5 the CUSUM-type control
charts are considered. As a result, Chapters 3, 4, and 5 have basically the
same design. In Chapter 6 two examples are worked out that illustrate the
theory in previous chapters.

In Chapters 3, 4, and 5, control charts are developed for the case of
individual observations. These individual data points may be means of
samples or individual measurements. In Chapter 7, we consider the case
where subgroups of observations are sampled (the case n > 1). This poses
new problems for the control chart for the mean of the process, but also
allows us to consider control charts for the spread of the process. In the case
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of individual observations, which is considered in the Chapters 3, 4, and 5,
it is hard to find a suitable measure of the within-sample variation, because
the ‘sample’ consists of only one observation. Therefore, the focus in those
chapters is on control charts for the mean. However, with subgroups of
size n > 1 in Chapter 7, it is possible to consider control charts which
monitor the process for special causes that affect the standard deviation of
the process.

In Chapter 8, a case study is presented that was carried out in the
context of this thesis. Several aspects of a quality improvement project that
was conducted at Philips Semiconductors Stadskanaal, the Netherlands, are
considered. One of the problems we encountered there was how to monitor
serially correlated data.


