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ABSTRACT

Monitoring and diagnosis of mean shifts in manufacturing processes become
more challenging when involving two or more correlated variables. Unfortunately,
most of the existing multivariate statistical process control schemes are only effective
in rapid detection but suffer high false alarm. This is referred to as imbalanced
performance monitoring. The problem becomes more complicated when dealing with
small mean shift particularly in identifying the causable variables. In this research, a
scheme to enable balanced monitoring and accurate diagnosis was investigated in
order to improve such limitations. Design considerations involved extensive
simulation experiments to select input representation based on raw data and statistical
features, recognizer design structure based on individual and synergistic models, and
monitoring-diagnosis approach based on single stage and two stages techniques. The
study focuses on correlated process mean shifts for cross correlation function, p = 0.1
~ 0.9 and mean shift, u = £ 0.75 ~ 3.00 standard deviations. Among the investigated
designs, an Integrated Multivariate Exponentially Weighted Moving Average with
Artificial Neural Network scheme gave superior performance, namely, average run
lengths, ARL; = 3.18 ~ 16.75 (for out-of-control process) and ARL, =452.13 (for in-
control process), and recognition accuracy, RA = 89.5 ~ 98.5%. The proposed
scheme was validated using an industrial case study from machining process of
audio-video device component. This research has provided a new perspective in
realizing balanced monitoring and accurate diagnosis of correlated process mean

shifts.
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ABSTRAK

Pemantauan dan diagnosis ke atas anjakan purata dalam proses pembuatan
menjadi semakin mencabar apabila melibatkan dua atau lebih pembolehubah
terkorelasi. Walau bagaimanapun, skema kawalan proses statistik pembolehubah
berbilang yang sedia ada hanya berkesan bagi pemantauan secara deras tetapi
memberikan amaran palsu yang tinggi. Ini merujuk kepada keupayaan pemantauan
yang tidak seimbang. Masalah menjadi lebih rumit apabila melibatkan anjakan purata
yang kecil terutama dalam mengenalpasti pembolehubah penyebab variasi. Dalam
kajian ini, skema untuk membolehkan pemantauan seimbang dan diagnosis tepat
telah dikaji bagi memperbaiki kelemahan tersebut. Pertimbangan rekabentuk
melibatkan ujikaji simulasi yang mendalam bagi memilih perwakilan masuk
berasaskan kepada data mentah dan sifat-sifat statistik, rekabentuk struktur pengecam
berasaskan kepada model-model individu dan tergabung, serta pendekatan
pemantauan-diagnosis berasaskan kepada teknik-teknik satu peringkat dan dua
peringkat. Kajian ditumpukan ke atas anjakan purata proses terkorelasi pada fungsi
korelasi rentas, p = 0.1 ~ 0.9 dan anjakan purata proses, 4 = + 0.75 ~ 3.00 sisihan
piawai. Di antara rekabentuk-rekabentuk yang dikaji, skema tersepadu Purata
Bergerak Pemberat Exponen Pembolehubah Berbilang bersama Rangkaian Neural
Tiruan telah menghasilkan keputusan yang terbaik, iaitu, purata panjang larian, ARL,
= 3.18 ~ 16.75 (bagi proses luar kawalan) dan ARL, = 452.13 (bagi proses dalam
kawalan) serta ketepatan pengecaman, RA = 89.5 ~ 98.5%. Skema yang dicadangkan
telah diuji sah menggunakan kajian kes perindustrian di dalam proses pemesinan
komponen peralatan audio-video. Kajian ini telah memberikan perspektif baru dalam
merealisasikan pemantauan seimbang dan diagnosis tepat ke atas anjakan purata

proses terkorelasi.
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CHAPTER 1

INTRODUCTION

1.1 Background of the Research

The American Society for Quality Control defines quality as the totality of
features and characteristics of a product or service that bears on its ability to satisfy
stated or implied needs (Johnson and Winchell, 1990). Recently, customer demand
towards quality products has increased thoroughly in line with advances in
communication and information technologies. Their expectation and satisfaction

level have become more dynamic, diversifies and complex.

Figure 1.1 illustrates the scenario leading to the current research issue. Based
on engineering point of view, advances in manufacturing technology and growth in
customer demand has become the push-pull factors that motivate manufacturers to
focus on product miniaturization. Continuous quality improvement is implemented
towards manufacturing smaller scale (compact), higher capability and cost effective
products for various applications such as computer, television, hand phone, audio-
video, video-camera, among others. Production is moving towards precision
(minimum variation, tight tolerance), minimum cost (minimum waste, rework, fault)

and systematic decision making (computerized, intelligence system).



Customer Demand - - i’ - il_ |  Product Miniaturization
u
= Higher expectation and satisfaction level. = Smaller scale
= Higher quality, lower price, timely delivery. = Higher capability
= Good service. = Various models
e Vo

v

\ 4

Process Requirement

Precision — tight tolerance, minimum variation.
Minimum cost — no waste, rework, and fault.

Systematic decision making — computerized and intelligence system
Ready for correlated variables.

A 4

Process variation impairs
quality characteristics

v

SPC charting to monitor and diagnose the sources of variation

Challenge:
Joint monitoring and diagnosis for bivariate (correlated)
process variation Ja—

Continuous
quality
improvement

Current issue:
The existing MSPC charting schemes mainly show:
“imbalanced monitoring” and “lack of diagnosis”

Imbalanced monitoring: rapid detection of mean

shifts but inadequate to minimize false alarms

Lack of diagnosis: Inaccurate identification of
variables causing the variation for small shifts. o

Figure 1.1 : Scenario leading to the current research issue

v
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Advances in Manufacturing Technology «----
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" Precision machme.s ) = Automated = Automation and

= Advanced processing . . .
inspection. robotics
method.
£~ Vo Vo

Advances in manufacturing technology such as processing machines,

material handling system, and measuring and inspection system have enabled

automation to be applied into product manufacturing and quality control. Despite

such advances, unnatural process variation that is unavoidable has become a major

source of poor quality products. Process variation can be caused by tool wear and

tear, vibration, machine breakdown, inconsistent material, and lack of experienced

operators, among others.



Variation in manufacturing process environment causes no parts or products
can be produced in exactly the same size and properties. Process variation as shown
in Figure 1.2 can be influenced from chance causes (random error) and/or assignable
causes (systematic errors). The figure shows that from initial time ty to period t;,
process mean () and standard deviation (op) are in-control. Disturbance due to
assignable causes can be indicated in three situations. Firstly, at time ¢;, an
assignable cause may shift the process mean (x; > 1) but maintain the dispersion
(op). Secondly, at time t,, it may change the dispersion (o2 > opy) but maintain the
mean (). Thirdly, at time t3, other assignable cause may effects both process mean
and dispersion to be out-of-control, u; < wy and o3 > oy. Grant and Leavenworh
(1996) stated that lack of control usually cause the changes in process mean, while

cause no or little changes in process dispersion.

Time, t

Assignable cause three
Is present; proce
out-of-control

Assignable cause two

IS present; process is

out-of-control

t

Assignable cause one ‘
IS present; process is
out-of-control

Only chance causes of
variation present;
process is in
control

Process quality characteristic, x

Figure 1.2 : Process variation (Montgomery, 2005)

In order to maintain and improve the quality, effort towards minimizing
process variation in manufacturing environment has become an important issue in
quality control. Statistical quality engineering (SQE) tools have been developed for
systematically reducing variability in the key process variables or quality

characteristics of the product (Montgomery, 2005). Statistical process control (SPC)



charting is one of the SQE tools that useful for monitoring and diagnosing process
variation. Researches in design of SPC charting schemes focused on heuristic,
smaller shift detection, process pattern identification and automated pattern
recognition. Besides minimizing process variation, such advances are ultimately aim

to minimize human intervention through computerized decision making.

In the related study, many manufacturing processes involve two or more
dependent variables, whereby an appropriate scheme is required to monitor and
diagnose such variables jointly. In contrast, attempting to monitor such variables
separately using univariate SPC charting scheme would increase false alarms and
leading to wrong decision making. This joint monitoring-diagnosis concept is called
multivariate quality control (MQC). The main challenge in MQC is the need for an
effective MSPC charting scheme for monitoring and diagnosing of bivariate process
variation in mean shifts. In recent years, the artificial neural network-based pattern
recognition schemes have been developed for this purpose. Such advanced schemes
are generally more effective in detecting process mean shifts rapidly compared to the
traditional MSPC charting schemes such as 7°, multivariate cumulative sum
(MCUSUM) and multivariate exponentially weighted moving average (MEWMA)
control charts. Unfortunately, it showed a limited capability to avoid false alarm
(average run length of in-control process, ARL, =~ 200) as compared to the de facto
level for univariate SPC charting schemes (ARLy > 370). In this research, this
scenario is called “imbalanced monitoring” as illustrated in Figure 1.3. In diagnosis
aspect, the existing schemes are also inadequate to accurately identify the sources of
variation, particularly in dealing with small mean shifts. These situations have
resulted in poor decision making and lead to unnecessary troubleshooting. In order to
improve these limitations, it is necessary to investigate improved scheme towards
“balanced monitoring” and “accurate diagnosis”. The intended scheme should be
able to detect process mean shifts rapidly (average run length of out-of-control
process, ARL; = 1) with minimum false alarm (ARL, > 370) and correctly identify

the sources of variation (recognition accuracy, RA > 95%)).



Sensitivity in mean shift detection Capability in false alarm avoidance
Shorter ARL; represents faster Longer ARLg represents smaller
detection of process mean shifts false alarm

— | P

ARL; =1 ARLy =200 << 370

Current state

Imbalanced monitoring: able to detect process mean shifts rapidly (ARL; = 1)

but inadequate to minimize false alarm to the de facto level (ARL = 200 << 370)

ARL, =1 l ARL, > 370

Desired state (for this research)

Balanced monitoring (reasonable for current practice): able to detect process mean

shifts rapidly (ARL; = 1) and maintain minimum false alarm to the de facto level

(ARL, > 370)

ARL] =1 l ARLO =00

Ideal state

Perfect balanced: able to detect process mean shifts as soon as possible (ARL; = 1)

without triggering any false alarm (ARL, = o0)

Figure 1.3 : Current state and desired state towards balanced monitoring



1.2 Statement of the Problem

In manufacturing industries, monitoring and diagnosis of process variation is
necessary towards continuous quality improvement. It will be more challenging
when involving two or more dependent variables (multivariate), whereby an
appropriate scheme is required to perform joint monitoring and diagnosis. It is
important that the multivariate process variation be rapidly and correctly identified
with minimum false alarm. Failure to avoid false alarm and incorrect diagnosis
could lead to wrong decision making. The existing multivariate pattern recognition
schemes are mainly inadequate to fulfill these requirements. Such schemes mainly
show imbalanced monitoring, which is only effective to detect mean shifts rapidly
but inadequate to maintain minimum false alarm to the de facto level as for
univariate SPC (ARL, > 370). Additionally, they are also lacking to accurately
identify the sources of variation particularly when dealing with small mean shifts. In
order to improve these limitations, it is necessary to investigate a scheme for

enabling “balanced monitoring and accurate diagnosis”.

1.3  Purpose of the Research

The purpose of this research is to design, develop and test runs a scheme for
enabling balanced monitoring and accurate diagnosis of bivariate process mean
shifts. The desirable characteristics for the intended scheme are applicable for (i)
bivariate process (correlated data streams) and (ii) on-line situation (dynamic data
streams). The desirable monitoring-diagnosis performances are capable to: (i) rapidly
detect process mean shifts (ARL; = 1), (ii) minimize false alarms to the de facto
level for univariate SPC charting schemes (ARL, > 370), and (iii) accurately identify

the sources of variation in mean shifts (recognition accuracy, RA > 95%).
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1.5

Objectives

The objectives of this research are:

(i)

(i)

To design and develop a baseline scheme for enabling on-line

monitoring and diagnosis of bivariate process mean shifts.

To improve the performance of the scheme towards achieving
“balanced monitoring and accurate diagnosis”, that is, effective in
rapidly detecting process mean shifts with minimum false alarm, and

accurately identifying the sources of variation in mean shifts.

Scope and Key Assumptions

The scopes of this research are:

(1)

(if)

(iii)

(iv)

(V)

Bivariate process variables are dependent to each other based on
linear cross correlation (p). In particular, focus is given to positive
data correlation (p > 0).

In a statistically out-of-control process state, predictable bivariate
patterns are limited to sudden shifts (upward shift and downward
shift) in the component variables.

Bivariate process variation is limited to changes in mean shifts at
specified data correlation, or changes in data correlation at specified
mean shifts.

Magnitudes of mean shifts in the component variables are limited
within = 3 standard deviations based on control limits of Shewhart
control chart.

The foundation modeling and simulation for bivariate correlated
samples are based on established model (Lehman, 1977), whereas the

validation tests are performed using industrial data.



(vi)  The Baseline scheme is developed based on artificial neural network

(ANN) recognizer and raw data-based input representation.

1.6 Importance of the Research

The research is significant in theoretical and real world perspectives. In
theoretical perspective, implementation of balanced monitoring and accurate
diagnosis scheme in MQC would be useful for minimizing errors through
computerized decision making. In real world perspective, an intended scheme would
be effective towards realizing precision (minimum variation, tight tolerance),
minimum cost (minimum waste, rework, fault) and systematic decision making

(computerized, intelligence system) in today’s manufacturing environment.

1.7  Research Approach

The solution concept for addressing imbalanced monitoring and lack of
accurate diagnosis of bivariate process mean shifts was investigated through
extensive computer simulation-experiments. Broadly, the investigation was divided
into four phases. In initial phase, the Baseline scheme was designed and developed
for enabling on-line monitoring and diagnosis of bivariate process mean shifts. In the
following phases, further investigation was focused on improved input
representation, improved recognizer design and integration between monitoring and
recognition. As such, three alternative enhanced schemes, namely, Statistical
Features-ANN, Synergistic-ANN and Integrated MEWMA-ANN schemes were
designed and developed towards achieving balance monitoring and accurate
diagnosis performances. Details methodology adopted in this research are presented

in Chapters 3 to 5.



1.8

(a)

(b)

(c)

(d)

Definition of Terms

The following terms are important and frequently used in this research:

On-line process

On-line process refers to in-process environment in manufacturing industries,
that is, during manufacturing operation is running. Based on individual
samples, continuous data streams patterns will be produced through
automated measuring and inspection devices. An in-control process is
represented by random/normal patterns, while an out-of-control process is

represented by gradual trend or sudden shift pattern.

Process monitoring and diagnosis

Process monitoring refers to the identification of process status either it is
running within a statistically in-control or has become a statistically out-of-
control. Process diagnosis refers to the identification of sources of variation

in relation to a statistically out-of-control process.

Sources of variation

Source of variation refers to a component variable or group of component
variables that indicate a bivariate process has become out-of-control. In this
research, it is focused on sudden shift in process mean (process mean shifts).

This information is useful towards diagnosing the root cause error.

Balanced monitoring

Balanced monitoring refers to the desirable monitoring performance, that is,
effective to detect bivariate process mean shifts rapidly and maintain the

minimum false alarms to the de facto level (ARL( > 370).



(e)

()

(2

(h)

10

Imbalanced monitoring

Imbalanced monitoring refers to the undesirable monitoring performance,
that is, only effective to rapidly detect bivariate process mean shifts but

inadequate to minimize false alarms to the de facto level (ARL( > 370).

De facto level (de facto monitoring level)

De facto level refers to a widely acceptable average run length value for the
first false alarms to occur in monitoring process variables or quality
characteristics. Specifically, it refers to ARLy > 370 based on the traditional
univariate SPC charting schemes such as Shewhart, CUSUM and EWMA

control charts.

Accurate diagnosis
Accurate diagnosis refers to a desirable diagnosis performance, that is,

effective to correctly identify the sources of variation with high recognition

accuracy (> 95%).

Control chart patterns (CCPs)

Control chart patterns refer to the patterns of univariate process data streams

that can be indicated graphically using Shewhart control chart.

Bivariate patterns

Bivariate patterns refer to the unified patterns that are able to indicate the
linear correlation between two dependent variables. In this research, these

patterns are represented graphically using scatter diagrams.
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() Pattern recognition

Pattern recognition is an operation of extracting information from an
unknown process data streams or signals, and assigning it to one of the
prescribed classes or categories (Haykin, 1999). In this research, it deals with

bivariate patterns.

(k) Pattern recognition scheme

Pattern recognition scheme refers to a set of related procedures formulated
and presented in a unified manner for addressing the problem of control chart

pattern recognition (Hassan, 2002).

1.9 Research Contributions

The contributions for this research can be summarized in a hierarchical form
as shown in Figure 1.4. The main contribution is a concept to improve monitoring-
diagnosis performances of the MSPC charting scheme. In order to proof this concept,
philosophy for improvement, namely, “balanced monitoring and accurate diagnosis”
was implemented in developing the proposed scheme that is effective to detect
bivariate process variation (mean shifts) rapidly with minimum false alarms and
accurately identify the sources of variation (mean shifts). The supporting
contribution is the design strategy towards developing an intended scheme. It
involves application of the existing procedure and investigation on improved and
new procedures. The existing procedure includes modeling of bivariate process
samples and patterns, which is less reported in this field. The improved procedures
involve modification on the statistical features input representation and the
Synergistic-ANN recognizer that have been applied in univariate process monitoring
and diagnosis. The new procedure investigated is two-stage monitoring and

diagnosis using the integrated MEWMA — ANN scheme.
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Figure 1.4 : Hierarchy of research contributions

1.10  Organization of the Thesis

Organization of this thesis is summarized in Figure 1.5. The first chapter
describes the foundation of the research. This is followed by an extensive literature
review in Chapter 2 that provides background information in the related fields and
research trends leading to the current issue addressed in this research. Chapter 3 then
presents the research methodology adopted for solving the focused issue. In Chapters
4 and 5, the proposed methodologies were then applied into design, development and
testing for the Baseline scheme and Enhanced schemes towards achieving balanced
monitoring and accurate diagnosis performances. Overall discussion on the research
findings are provided in Chapter 6. The conclusions of this research, list of
publications, knowledge contribution and practical impact, limitations, and

suggestions for further research are highlighted in the final chapter.
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Chapter 3
Research Methodology
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Chapter 4 Chapter 5
Baseline scheme for Monitoring and R Enhanced Scheme for Balanced
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Chapter 6
Discussions
Chapter 7
Conclusions

Figure 1.5 : Organization of the thesis

1.11  Summary

This chapter has provided an essential introduction to this research through
the statement of problem, purpose, objectives, scopes and key assumptions, and
importance of the research. A brief note of research approach is then provided,
important terms are defined, research contributions are summarized and organization

of the thesis is outlined.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

This chapter provides a review on the existing researches related to the
subject of this thesis. This includes a general review on multivariate quality control
(MQC) and research works in multivariate statistical process control (MSPC), and a
specific review on statistical process control pattern recognition (SPCPR) schemes.
The need for joint monitoring of two dependent variables has led to the extensive
researches in the area of MSPC. Issues in development of the SPCPR schemes and
limitations of the existing multivariate pattern recognition (MPR) schemes are
reviewed. This chapter is organized as follows: Section 2.2 describes the
fundamental concept of joint monitoring of bivariate process variation, which is
supported with an industrial example. Section 2.3 focuses on the designs of MSPC
charting schemes. Section 2.4 then presents the advances in SPCPR schemes. This is
followed by further discussions on issues through out the development stages of the
SPCPR schemes in Section 2.5. Section 2.6 discusses the limitations of existing

MPR schemes. Finally, the summary of the review is outlined in Section 2.7.
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2.2 Monitoring of Bivariate Process Variation

In manufacturing industries, it is commonly known that process variation
such as wear and tear, machine vibration, inconsistent material and lack of human
operators, among others has become a major source of poor quality. It can be

monitored and diagnosed using the statistical process control (SPC) charting tools.

In monitoring and diagnosis of univariate process variation in mean shifts,
the traditional SPC charting schemes such as Shewhart (Nelson, 1984; 1985; 1989),
cumulative sum (CUSUM) (Hawkin, 1981; 1993) and exponentially weighted
moving average (EWMA) (Crowder, 1989; Lucas and Saccucci, 1990) control charts
remains among the most important tools for maintaining process stability. The key
feature of control chart is the promising technique to differentiate between a
statistically in-control and an out-of-control state of a running process or quality

characteristic.

In practice, many processes or quality characteristics comprised of two or
more dependent (correlated) variables, whereby they are need to be monitored-
diagnosed jointly. This scenario, which is sometimes called multivariate quality
control (MQC) (Montgomery, 2005) can be observed in machining of counterbore
feature in hard disc drive (HDD) component as shown in Figure 2.1. The
counterbore features namely, the counterbore hole and the counterbore head are the
critical features for component assembly. It is machined using different tools that
are: the counterbore hole is machined using boring tool, whereas the counterbore
head is machined using endmill tool. The positioning of counterbore hole and the
concentricity of counterbore head are two dependent process variables (bivariate)
that need for joint monitoring and diagnosis. This bivariate process is the simplest
case in MQC. Automation system is applied for handling and loading the work piece

into the machine, and it is hold using pneumatic fixture for machining.
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Figure 2.1 : Positioning and concentricity of counter-bore feature

Unnatural variation in bivariate process could exist due to “loading error”
and “offsetting tool” as illustrated in Figure 2.2. Loading error occurred when metal
chips or hard particles sticked at the datum pad of pneumatic fixture. Consequently,
the positioning (P) of counter-bore hole would be suddenly increased (upward shift),
whereas the concentricity (C) of counter-bore head remains in-control (normal
pattern). Offsetting tool occurred when metal burr sticked inside the cutting tool
holder. In this case, both quality characteristics (P and C) would be suddenly
increased (upward shift). The related sources of variation are summarized in Table
2.1. Notation ‘1’ represents shifted variable, while notation ‘0’ represents normal
variable. Bivariate in-control process is represented by (0, 0), whereby both quality
characteristics (Positioning, Concentricity) in normal patterns. Bivariate out-of-
control processes are represented by (1, 0), (0, 1) or (1, 1), whereby one or both

quality characteristics in shift pattern.
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Figure 2.2 : Process variation due to loading error and offsetting tool

Table 2.1: Sources of variation in bivariate process

In-control Loading error | Offsetting tool
(0,0 (1,0 1,1

PR AN

Positioning (P) —
Normal Upward Shift | Upward Shift

ana i A A A A A A
. LARAARNY V| PR A

Concentricity (C) .
Normal Normal Upward Shift

Based on common sense, one may think that the bivariate process variation
as described above should be easily monitored and diagnosed independently
(separately) using several Shewhart control charts. In certain situation as illustrated
in Figure 2.3, however, this assumption could be inefficient and leading to erroneous
decision making. In the presence of data correlation, an unusual sample with respect
to the other samples can be identified using joint monitoring approach (based on
joint control region) rather than using independent monitoring approach (based on
different Shewhart control charts). This situation also indicates that the unusual
sample could be deviate based on data correlation structure. Montgomery (2005)
noted that univariate SPC charting schemes is nearly impossible to detect an

assignable cause in the presence of bivariate correlated samples.
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2.3 Researches in Multivariate Statistical Process Control (MSPC)

The need for joint monitoring-diagnosis as described in Section 2.2 has
become the basis for investigation in multivariate statistical process control
(MSPC). Previous researches have focused on design and application of the MSPC

charting schemes.

2.3.1 Design of MSPC Charting Schemes

Advances in design of MSPC charting schemes have focused towards
achieving better monitoring and diagnosis capabilities as shown in Figure 2.4. The
T° control chart (Hotelling, 1947) that is developed based on logical extension of
univariate SPC chart (Shewhart control chart) was claimed as an original work in
MSPC. Initially, it was applied for joint monitoring of multivariate process of
bombsight data during World War II (Montgomery, 2005). Nevertheless, it was
found to be effective only for detecting mean shift in large magnitudes (> 1.5
standard deviations). In order to improve capability for detecting mean shift in
smaller magnitudes (< 1.5 standard deviations), the multivariate cumulative sum
(MCUSUM) (Crosier, 1988; Pignatiello and Runger, 1990) and the multivariate
exponentially weighted moving average (MEWMA) (Lowry et al., 1992; Prabhu
and Runger, 1997) control charts were developed based on logical extension of
univariate CUSUM and EWMA control charts respectively. These multivariate

control charts are commonly known as the traditional MSPC charting schemes.
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Figure 2.4 : Advances in MSPC charting schemes

The monitoring capability of the traditional MSPC charting schemes
particularly the 7° control chart was then enhanced for dealing with economical
aspect, variable sampling interval (VSI), process dispersion (shift in covariance
matrix), mean vector and covariance matrix, autocorrelated process, and specific

situation, among others. Montgomery and Klatt (1972) proposed an economic 7°
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charting scheme by including cost model into the multivariate charting procedures.
Chen (1995) investigated the additional statistical constrains into the 7° control
charting procedures. Aparisi and Haro (2001) proposed the 7° control chart for
variable sampling interval (VSI) to improve sensitivity in detecting mean shifts.
Chou et al., (2003) proposed the economic-statistical design of the multivariate
control chart for monitoring the mean vector and covariance matrix simultaneously.
Chou et al., (2006) and Chen (2007) applied genetic algorithm (GA) into the
economic design of VSI-T” charting schemes. Chou et al., (2006) utilized GA for
searching the optimal design parameters of the VSI-T® control chart (sample size,
long sampling interval, short sampling interval, warning limit and control limit)
towards minimizing the expected total cost. Chen (2007) used Markov Chain
approach in designing the cost model, whereas GA was utilized to determine the
optimal design parameters towards minimizing the cost function. Khoo and Quah
(2003) developed a multivariate control chart for monitoring shifts in the covariance
matrix based on individual observations. Alwan and Alwan (1994), Apley and
Tsung (2002), and Jiang (2004) investigated the application of 7° control chart for
monitoring mean shifts in univariate autocorrelated processes. Wei Jiang (2004)
focused on the global properties of the 7° test in a situation where mean shift
information is unknown. Ngai and Zhang (2001) proposed the MCUSUM control
chart based on projection pursuit to deal with a specific situation, that is, the process
mean is already shifted at the time the control charting begins. The extensive
literature review based on the international journal papers as cited above revealed
that there is a strong interest in the fields of economical and VSI designs of the 7*-

based control chart for monitoring multivariate process mean and dispersion.

The traditional MSPC charting schemes are only effective for monitoring
(detecting) mean shifts but they are unable to diagnose (identify) the sources of
variation in mean shifts. In other word, it is unable to provide diagnosis information
for a quality practitioner towards finding the root cause errors and solution for
corrective action. Therefore, besides research in the fields of economical and VSI
designs, major attention was also focused for improving capability in identifying the
sources of variation, particularly variation in mean shifts. Among others, the

Shewhart control charts with Bonferroni control limits (Alt, 1985), Shewhart control
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charts with an exact simultaneous control interval (Hayter and Tsui, 1994), principle
component analysis (PCA) (Jackson, 1980; 1991), T°-decomposition (Mason e al.,
1995; 1996; 1997), Minimax control chart (Sepulveda and Nachlas, 1997),
multivariate profile chart (Fuchs and Benjamini, 1994), dynamic Gabriel biplot
(Spark et al., 1997), T° with ratio charts (Maravelakis et al., 2002; Bersimis et al.,
2005) and Andrews curves (Maravelakis and Bersimis, 2005) are several methods
proposed for solving this issue. Further discussions on these schemes can be
referred in (Lowry and Montgomery, 1995; Kourti and MacGregor, 1996; Mason et
al., 1997; Bersimis et al., 2007).

The review also reveals that there are other schemes or procedures have been
proposed in the recent years towards improving the capability to identify the sources
of variation. They included the moving principle component analysis (MPCA) and
dissimilarity index (DISSIM) (Kano et al., 2002), vector autoregressive residual
(VAR) (Pan and Jarrett, 2007), and pattern recognition (PR) (Chih and Rollier,
1994; 1995; Wang and Chen, 2001; Zorriassatine et al., 2003; Chen and Wang,
2004; Niaki and Abbasi, 2005; Guh, 2007; Cheng and Cheng, 2008; Guh and Shuie,
2008; Hwarng, 2008; Cheng and Cheng, 2008; Yu and Xi, 2009; Yu et al., 2009; El-
Midany et al., 2010; Hwarng and Wang, 2010), among others. The MPCA and
DISSIM scheme, as enhancement from the PCA method, can be used to identify the
sources of mean shifts by monitoring the direction of principle components and the
dissimilarity index. The VAR scheme was designed for monitoring multivariate
process in the presence of serial correlation. The PR schemes were designed for
monitoring and diagnosis of bivariate process variation based on automated
recognition of data streams patterns. This technique coupled with knowledge of
manufacturing processes and quality characteristics would result in very effective
information for diagnosis and corrective action purposes. In this research, further
investigation was focused on these schemes since it was found as one of the
advanced techniques in the MSPC charting designs and showed significant
improvement in overall monitoring-diagnosis capabilities. As such, further

discussions on PR schemes are provided in the next section.
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Briefly, the design of MSPC charting schemes as discussed above can also

be classified as in Figure 2.5.
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Figure 2.5 : Classification of MSPC charting schemes

Basically, the MSPC charting schemes for variables can be categorized to:
(1) statistical design, and (ii) economical design. Both design categories can be
further classified to fixed sampling interval (FSI) and variable sampling interval
(VSI). The traditional MSPC charting schemes that are 7°, MCUSUM and
MEWMA control charts were designed based on statistical consideration for dealing
with FSI. In the same level, the 7° charting procedures were enhanced to deal with
VSI (VSI-T%), economical consideration (economic-7°), and joint VSI-economic
consideration (economic VSI-7%). Based on the diagnosis issue of the 7” charting
scheme, various schemes designed towards identifying the sources of mean shifts

can be classified to (i) statistical method (such as PCA, PLS, MPCA and DISSIM,
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and VAR, among others) (ii) graphical method (such as M-profile chart, Gabriel
biplot and ratio charts, among others), and (iii) pattern recognition method (such as
expert systems (ES), neural-fuzzy (ANFIS), artificial neural network (ANN),

support vector machine (SVM) and decision tree (DT), among others.

2.3.2 Application of MSPC Charting Schemes

Advances in automated inspection, data acquisition, computerized SPC, and
their integration systems have enabled the application of MQC in manufacturing
industries. Satisfy applications of 7” control chart have been reported in Flores e al.
(1995), Mason et al. (2001), Parra and Loziza (2003; 2004), and Williams et al.
(2006), among others. In semiconductor manufacturing, 7° control chart was used to
monitor six quality parameters for achieving optimal micro-lithographic
performance. Such parameters provided effects to the wafer grid-staging error
(Flores et. al., 1995). In spatialty plastic polymer manufacturing, 7° control chart
was used to monitor seven chemical compositions for achieving rigid chemical
formulation. The chemical formulation is necessary for mould release when the
spatialty plastic polymer has completely transformed into a product (Mason et al.,
2001). In drug manufacturing, 7° control chart with 77 decomposition procedures
was used to control seven major organic impurities profile that constitutes an
identifier of a particular drug substance (Parra and Loziza, 2003; 2004). Then, the
used of T” distribution based on ‘successive differences estimator’ was presented by

Williams et al. (2006).

Singh and Gilbreath (2002) and Milatec et al. (2004), among others, have
reported effective application of principal components analysis (PCA) and partial
least square (PLS) schemes in chemical industries. In developing a real-time control
system prototype, PCA was utilized for monitoring process performance and
product characteristics (Singh and Gilbreath, 2002). Milatec et al. (2004) reported
the development of an on-line monitoring system for multivariate processes, which

involve system design, integration, performance evaluation with on-line systems,



REFERENCES

Al-Assaf, Y. (2004). “Recognition of Control Chart Patterns Using Multi-Resolution
Wavelets Analysis and Neural Networks.” Computers and Industrial

Engineering. Vol. 47. pp. 17 — 29.

Al-Ghanim, A. M. (1997). “An Unsupervised Learning Neural Algorithm for
Identifying Process Behaviour on Control Charts and A Comparison with
Supervised Learning Approaches.” Computers and Industrial Engineering. Vol.

32 No. 3. pp. 627 — 639.

Alt, F. B. (1985). “Multivariate Quality Control.” The Encyclopedia of Statistical
Sciences. Kotz, S. Johnson, N. L. and Read, C. R. (Eds)” New York: John Wiley
pp. 110 — 122.

Alwan, A. J. and Alwan, L. C. (1994). “Monitoring Autocorrelated Processes Using
Multivariate Quality Control Charts.” Proceedings of the Decision Sciences
Institute Annual Meeting 3. pp. 2106 — 2108.

Anagun, A. S. (1998). “A Neural Network Applied to Pattern Recognition in
Statistical Process Control.” Computers and Industrial Engineering. Vol. 35. No.

1-2.pp. 185 — 188.

Aparisi, F. and Haro, C. L. (2001). “Hotelling’s T*> Control Chart with Variable
Sampling Intervals.” International Journal of Production Research. Vol. 39. No.

14. pp. 3127 — 3140.



153

Apley, D. W. and Tsung, F. (2002). “The Autoregressive T> Chart for Monitoring
Univariate Autocorrelated Processes.” Journal of Quality Technology. Vol. 34.
pp- 80 — 96.

Assaleh, K. and Al-Assaf, Y. (2005). “Features Extraction and Analysis for
Classifying Causable Patterns in Control Charts.” Computers and Industrial
Engineering. Vol. 49. pp. 168 — 181.

Barghash, M. A. and Santarisi, N. S. (2004). “Pattern Recognition of Control Charts
Using Artificial Neural Networks - Analysis The Effects of The Training
Parameters.” Journal of Intelligent Manufacturing. Vol. 15. pp. 635 — 644.

Besimis, S., Panaretos, J. and Psarakis, S. (2005). “Multivariate Statistical Process
Control Charts and The Problem of Interpretation: A Short Overview and Some
Application in Industry.” Proceeding of 7th Hellenic European Conference on

Computer, Mathematics and Its Application. Athens, Greece pp. 1 — 7.

Bersimis, S., Psarakis. S. and Panaretos, J. (2007). “Multivariate Statistical Process
Control Charts: An Overview.” Quality and Reliability Engineering
International. Vol 23. pp. 517 — 543.

Bishop, C. (1995). “Neural Network for Pattern Recognition.” New York: Oxford

University Press.

Billings, S. A., Jamaluddin. H. B. and Chen, S. (1991). “A Comparison of the Back
Propagation and Recursive Prediction Error Algorithms for Training Neural
Networks.” Mechanical Systems and Signal Processing. Vol 5. No. 3. pp. 233 —
255.

Box, G.E.P. and Kramer, T. (1992). “Statistical Process Monitoring and Feedback
Adjustment - A Discussion.” Technometrics. Vol. 34. pp.251 — 285.



154

Chen, Y. K. (1995). “Economic and Economic-Statistical Design of Hotelling’s T*
Control Chart.” National Tsing-Hua University, Hsinchu, Taiwan: MS Thesis.

Chen, Y. K. (2007). “Economic Design of Variable Sampling Interval T> Control
Charts - A Hybrid Markov Chain Approach using Genetic Algorithms.” Expert
Systems with Applications. Vol. 33. pp. 683 — 689.

Chen, Z., Lu, S. and Lam, S. (2007). “A Hybrid System for SPC Concurrent Pattern
Recognition.” Advanced Engineering Informatics. Vol. 21. pp. 303 — 310.

Chen, L. H. and Wang, T. Y. (2004). “Artificial Neural Networks to Classify Mean
Shifts from Multivariate x> Chart Signals.” Computers and Industrial
Engineering. Vol. 47. pp. 195 — 205.

Cheng, C. S. (1995). “A Multi-Layer Neural Network Model for Detecting Changes
in The Process Mean.” Computers and Industrial Engineering. Vol. 28 No. 1.
pp.- 51 —61.

Cheng, C. S. (1997). “A Neural Network Approach for the Analysis of Control
Chart Patterns.” International Journal of Production Research. Vol. 35 No. 3.
pp. 667 — 697.

Cheng, C. S. and Cheng, H. P. (2008). “Identifying the Source of Variance Shifts in
the Multivariate Process Using Neural Networks and Support Vector Machines.”

Expert Systems with Applications. Vol. 35 pp. 198 — 206.

Chih, W. H. and Rollier, D. A. (1994). “Diagnosis Characteristics for Bivariate
Pattern Recognition Scheme in SPC.” International Journal of Quality and

Reliability Management. Vol. 11 No. 1. pp. 53 — 66.

Chih, W. H. and Rollier, D. A. (1995). “A Methodology of Pattern Recognition
Schemes for Two Variables in SPC.” International Journal of Quality and

Reliability Management. Vol. 12 No. 3. pp. 86 — 107.



155

Chou, C. Y., Chen, C. H. and Chen, C. H. (2006). “Economic Design of Variable
Sampling Intervals T> Control Charts using Genetic Algorithms.” Expert
Systems with Applications. Vol. 30. pp. 233 — 242.

Chou, C. Y., Chen, C. H., Liu, H. R. and Huang, X. R. (2003). “Economic-
Statistical Design of Multivariate Control Charts for Monitoring the Mean
Vector and Covariance Matrix.” Journal of Loss Prevention in the Process

Industries. Vol. 16. pp. 9 — 18.

Crosier, R. B. (1988). “Multivariate Generalizations of Cumulative Sum Quality

Control Schemes.” Technometrics. Vol. 30. No. 3. pp. 291 — 303.

Crowder, S. V. (1989). “Design of Exponentially Weighted Moving Average
Schemes” Journal of Quality Technology. Vol. 21. No. 3. pp. 155 — 162.

Dedeakayogullari, I. and Burnak, N. (1999). “The Determination of Mean and/or
Variance Shifts with Artificial Neural Networks.” International Journal of

Production Research. Vol. 37 No. 10. pp. 2191 —2200.

Demuth, H. and Beale, M. (1998). “Neural Network Toolbox, User’s Guide.”
Natick: The MathWorks.

Doty, L. A. (1996). “Statistical Process Control.” 2nd. ed. New York: Industrial

Press, Inc.

El-Midany, T. T., El-Baz, M. A. and Abd-Elwahed, M. S. (2010). “A Proposed
Framework for Control Chart Pattern Recognition in Multivariate Process Using
Artificial Neural Networks.” Expert Systems with Applications. Vol. 37. pp.
1035 — 1042.

Flores, G. E., Flack, W.W., Avlakeotes, S., and Martin, B. (1995). “Process Control

of Stepper Overlay Using Multivariate Techniques.” OCG Interface pp. 1 — 17.



156

Fuchs, C. and Benjamini, Y. (1994). “Multivariate Profile Charts for Statistical
Process Control.” Technometrics. Vol. 36. pp. 182 — 195.

Gauri, S. K. and Chakraborty, S. (2006). “Feature-Based Recognition of Control
Chart Patterns.” Computers and Industrial Engineering. Vol. 51. pp. 726 — 742.

Gauri, S. K. and Chakraborty, S. (2008). “Improved Recognition of Control Chart
Patterns Using Artificial Neural Networks.” International Journal of Advanced
Manufacturing Technology. Vol. 36. pp. 1191 — 1201.

Grant, E. L. and Leavenworth, R. S. (1996). “Statistical Quality Control.” 7th. ed.
Boston: McGraw-Hill.

Guh, R. S. (2005). “A Hybrid Learning-Based Model for On-Line Detection and
Analysis of Control Chart Patterns.” Computers and Industrial Engineering.
Vol. 49. pp. 35 - 62.

Guh, R. S. (2007). “On-Line Identification and Quantification of Mean Shifts in
Bivariate Processes Using a Neural Network-Based Approach.” Quality and
Reliability Engineering International. Vol. 23. pp. 367 — 385.

Guh, R. S. (2002). “Robustness of the Neural Network Based Control Chart Pattern
Recognition System to Non-Normality.” International Journal of Quality and

Reliability Management. Vol. 19 No. 1. pp. 97 — 112.

Guh, R. S. and Hsieh, Y. C. (1999). “A Neural Network Based Model for Abnormal
Pattern Recognition of Control Charts.” Computers and Industrial Engineering.

Vol. 36. pp. 97 — 108.



157

Guh, R. S. and Shiue, Y. R. (2005). “On-line Identification of Control Chart Patterns
Using Self-Organizing Approaches.” International Journal of Production

Research. Vol. 43 No. 6. pp. 1225 — 1254.

Guh, R. S. and Tannock, J. D. T. (1999). “Recognition of Control Chart Concurrent
Patterns Using a Neural Network Approach.” International Journal of

Production Research. Vol. 37 No. 8. pp. 1743 — 1765.

Guh, R. S., Tannock, J. D. T. and O’Brien, C. (1999a). “IntelliSPC: A Hybrid
Intelligence Tool for On-Line Economical Statistical Process Control.” Expert

System with Applications. Vol. 17. pp. 195 — 212.

Guh, R. S., Zorriassatine, F., Tannock, J. D. T. and O’Brien, C. (1999b). “On-Line
Control Chart Pattern Detection and Discrimination - A Neural Network

Approach.” Artificial Intelligence in Engineering. Vol. 13. pp. 413 — 425.

Hassan, A. (2002). “On-Line Recognition of Developing Control Chart Patterns.”
Universiti Teknologi Malaysia: Ph.D. Thesis.

Hassan, A., Nabi Baksh, M. S. and Shaharoun, A. M. (2000). “Issues in Quality
Engineering Research.” [International Journal of Quality and Reliability

Management. Vol. 17 No. 8. pp. 858 — 875.

Hassan, A., Nabi Baksh, M. S., Shaharoun, A. M. and Jamaluddin, H. (2006),
“Feature Selection for SPC Chart Pattern Recognition Using Fractional Factorial
Experimental Design,” 2nd I*IPROMS Virtual International Conference on

Intelligent Production Machines and Systems.

Hassan, A., Nabi Baksh, M. S., Shaharoun, A. M. and Jamaludin, H. (2003).
“Improved SPC Chart Pattern Recognition Using Statistical Features.”
International Journal of Production Research. Vol. 41 No. 7. pp. 1587 — 1603.



158

Hawkins, D. M. (1981). “A CUSUM for a Scale Parameter.” Journal of Quality
Technology. Vol. 13. No. 4. pp. 228 — 235.

Hawkins, D. M. (1993). “Cumulative Sum Control Charting: An Underutilized SPC
Tool.” Quality Engineering. Vol. 5. No. 3. pp. 463 — 477.

Hayter, A. J. and Tsui, K.L. (1994). “Identification and Quantification in
Multivariate Quality Control Problems.” Journal of Quality Technology. Vol.
26. No. 3. pp. 197 — 208.

Hotelling, H. (1947). “Multivariate Quality Control. Techniques of Statistical
Analysis” New York: McGraw-Hill.

Hwarng, H. B. (1992). “Pattern Recognition of Shewhart Control Charts Using a
Neural Network Approach.” Arizona State University: Ph.D Dissertation.

Hwarng, H. B. (1995a). “Proper and Effective Training of a Pattern Recognizer for
Cyclic Data.” IIE Transactions. Vol. 27 pp. 746 — 756.

Hwarng, H. B. (1995b). “Multilayer Perceptron for Detecting Cyclic Data on
Control Charts.” International Journal of Production Research. Vol. 33 No. 11.
pp- 3101 —3117.

Hwarng, H. B. (1997). “A Neural Network Approach to Identifying Cyclic
Behaviour on Control Charts: A Comparative Study.” International Journal of

Systems Science. Vol. 28 No. 1. pp. 99 — 112.

Hwarng, H. B. and Chong, C. W. (1995). “Detecting Process Non-Randomness
Through a Fast and Cumulative Learning ART-Based Pattern Recognizer.”
International Journal of Production Research. Vol. 33 No. 7. pp. 1817 — 1833.



159

Hwarng, H. B. and Hubele, N. F. (1993). “Back-Propagation Pattern Recognizers for
X-bar Control Charts: Methodology and Performance.” Computers and
Industrial Engineering. Vol. 24 No. 2. pp. 219 — 235.

Jackson, J. E. (1980). “Principal Components and Factor Analysis: Part I — Principal
Components.” Journal of Quality Technology. Vol. 12. No. 4. pp. 201 — 213.

Jackson, J. E. (1991). “A User Guide to Principle Components.” New York: John
Wiley.

Jiang, W. (2004). “Multivariate Control Charts for Monitoring Autocorrelated
Processes.” Journal of Quality Technology. Vol. 36. No. 4. pp. 367 — 379.

Johnson, R. and Winchell, W. (1990). “Management and Quality.” Milwaukee, WI:

American Society for Quality Control.

Kano, M., Nagao K., Hasebe, S., Hashimoto, I., Ohno, H., Strauss, R. and Bakshi, B.
R. (2002). “Comparison of Multivariate Statistical Process Monitoring Methods
with Applications to the Eastman Challenge Problem.” Computers and Chemical
Engineering. Vol. 26. pp. 161 — 174.

Kapur, K. C. (1993). “Quality Engineering and Tolerance Design.” in Kusiak, K.
(Ed.) “Concurrent Engineering: Automation, Tools, and Techniques.” New

York: John Wiley & Sons. pp. 287 — 306.

Khaw, J. F. C., Lim, B. S. and Lim, L. E. N. (1995). “Optimal Design of Neural
Networks Using the Taguchi Method.” Neurocomputing. Vol. 7. pp. 225 — 245.

Khoo, M. B. C. and Quah, S. H. (2003). “Multivariate Control Chart for Process
Dispersion Based on Individual Observations.” Quality Engineering. Vol. 15.

No. 4. pp. 639 — 642.



160

Kourti, T. and MacGregor, J. F. (1996). “Multivariate SPC Methods for Process and
Product Monitoring.” Journal of Quality Technology. Vol. 28. pp. 409 — 428.

Lehman, R. S. (1977). “Computer Simulation and Modeling: An Introduction.”

London: Lawrence Erlbaum.

Lowry, C. A. and Montgomery, D. C. (1995). “A Review of Multivariate Control
Charts.” IIE Transactions. Vol. 27. No 6. pp. 800 — 810.

Lowry, C. A., Woodall, W. H., Champ, C. W. and Rigdon, S. E. (1992). “A
Multivariate Exponentially Weighted Moving Average Control Chart.”
Technometrics. Vol. 34. No 1. pp. 46 — 53.

Lucas, J. M. and Saccucci, M. S. (1990). “Exponentially Weighted Moving Average
Control Schemes: Properties and Enhancements.” Technometrics. Vol. 32. No.

1. pp. 1 —29.

Maravelakis, P. E., Besimis, S., Panaretos, J. and Psarakis, S. (2002). “Identifying
The Out-of-Control Variable in a Multivariate Control Chart.” Communication

Statistics, Theory Methods. Vol. 31 No. 12. pp. 2391 — 2408.

Mason, R. L., Chou, Y. M. and Young, J. C. (2001). “Applying Hotelling T*
Statistic to Batch Processes.” Journal of Quality Technology. Vol. 33 No. 4. pp.
466 — 479.

Mason, R. L., Tracy, N. D. and Young, J. C. (1995). “Decomposition of T? for
Multivariate Control Chart Interpretation.” Journal of Quality Technology. Vol.
27.No 2. pp. 109 — 119.

Mason, R. L., Tracy, N. D. and Young, J. C. (1996). “Monitoring a Multivariate
Step Process.” Journal of Quality Technology. Vol. 28. pp. 39 — 50.



161

Mason, R. L., Tracy, N. D. and Young, J. C. (1997). “A Practical Approach for
Interpreting Multivariate T> Control Chart Signals.” Journal of Quality
Technology. Vol. 29. pp. 396 — 406.

Masood, 1. and Hassan, A. (2008). “Application of Full Factorial Experiment in
Designing an ANN-based Control Chart Pattern Recognizer”, International

Graduate Conference on Engineering and Science. pp. 187-193.

Masood, I. and Hassan, A. (2009), “Synergistic-:ANN Recognizers for Monitoring
and Diagnosis of Multivariate Process Shift Patterns”, International Conference

on Soft Computing and Pattern Recognition, pp. 266-271.

MacGregor, J.F. (1988). “On-line Statistical Process Control.” Chemical

Engineering Process. Vol. 10. pp. 21 — 31.

Miletic, 1., Quinn, S., Dudzic, M., Vaculik, V., and Champagne, M. (2004). “An
Industrial Perspective On Implementation On-Line Applications of Multivariate

Statistics.” Journal of Process Control. Vol 14. pp. 821 — 836.

Montgomery, D. C. (2005). “Introduction to Statistical Quality Control.” Sth. ed.
USA: John Wiley & Sons, Inc.

Montgomery, D. C., Keats, J.B., Runger, G.C., and Messina, W. S. (1994).
“Integrating Statistical Process Control and Engineering Process Control.”

Journal of Quality Technology. Vol. 26. pp. 79 — 87.

Montgomery, D. C. and Klatt, P. J. (1972). “Economic Design of T*> Control Charts
to Maintain Current Control of a Process.” Management Science. Vol. 19. pp. 76

- 89.

Nelson, L. S. (1984). “The Shewhart Control Chart Tests for Special Causes.”
Journal of Quality Technology. Vol. 16. pp. 237 — 239.



162

Nelson, L.S. (1985). “Interpreting Shewhart X-bar Control Chart.” Journal of
Quality Technology. Vol. 17 No. 2. pp. 114 — 116.

Nelson, L. S. (1989). “Standardization of Shewhart Control Chart.” Journal of
Quality Technology. Vol. 21 No. 4. pp. 287 — 289.

Ngai, H. M. and Zhang, J. (2001). “Multivariate Cumulative Sum Control Charts

Based on Projection Pursuit.” Statistica Sinica. pp. 747 — 766.

Niaki, S. T. A. and Abbasi, B. (2005). “Fault Diagnosis in Multivariate Control
Charts Using Artificial Neural Networks.” Quality and Reliability Engineering
International. Vol. 21. pp. 825 — 840.

Packianather, M. S., Drake, P. R. and Rowlands, H. (2000). “Optimizing the
Parameters of Multilayered Feedforward Neural Networks through Taguchi
Design of Experiments.” Quality and Reliability Engineering International. Vol.
16. pp. 461 — 473.

Pan, X. and Jarrett, J. (2007). “Using Vector Autoregressive Residuals to Monitor
Multivariate Processes in the Presence of Serial Correlation.” International

Journal of Production Economics. Vol. 106 pp. 204 — 216.

Parra, M. G. L. and Loziza, P. R. (2003 — 2004). “Application of Multivariate T*
Control Chart and Mason-Tracy Decomposition Procedure to the Study of the
Consistency of Impurity Profiles of Drug Substances.” Quality Engineering.
Vol. 16 No. 1. pp. 127 — 142.

Perry M. B., Spoerre, J. K. and Velasco, T. (2001). “Control Chart Pattern
Recognition Using Back Propagation Artificial Neural Networks.” International

Journal of Production Research. Vol. 39 No. 15. pp. 3399 — 3418.

Pham, D. T. and Chan, A. B. (1998). “Control Chart Pattern Recognition Using a
New Type of Self Organizing Neural Network.” Proc. Instn. Mech. Engrs. Vol.
212 Part I. pp. 115 - 127.



163

Pham, D. T. and Chan, A. B. (1999). “A Synergistic Self-Organizing System for
Control Chart Pattern Recognition.” In S. G. Tzafestas. “Advances in
Manufacturing: Decision, Control and Information Technology.” London:

Springer-Verlag.

Pham, D. T. and Chan, A. B. (2001). “Unsupervised Adaptive Resonance Theory
Neural Networks for Control Chart Pattern Recognition.” Proc. Instn. Mech.
Engrs. Vol. 215 Part B. pp. 59 — 67.

Pham, D. T. and Oztemel, E. (1993). “Control Chart Pattern Recognition Using
Combinations of Multilayer Perceptrons and Learning Vector Quantization

Neural Networks.” Proc. Instn. Mech. Engrs. Vol. 207. pp. 113 — 118.

Pham, D. T. and Oztemel, E. (1994). “Control Chart Pattern Recognition Using
Learning Vector Quantization Networks.” International Journal of Production

Research. Vol. 32 No. 3. pp. 721 — 729.

Pham, D. T. and Sagiroglu, S. (2001). “Training Multilayered Perceptrons for
Pattern Recognition: A Comparative Study of Four Training Algorithms.”
International Journal of Machine Tools and Manufacture. Vol. 41. pp. 419 —
430.

Pham, D. T. and Wani, M. A. (1997). “Feature-Based Control Chart Pattern
Recognition.” International Journal of Production Research. Vol. 35 No. 7. pp.

1875 — 1890.

Pignatiello, J. J. and Runger, G. C. (1990). “Comparison of Multivariate CUSUM
Charts.” Journal of Quality Technology. Vol. 22. No. 3 pp. 173 — 186.

Prabhu, S. S. and Runger, G. C. (1997). “Designing a Multivariate EWMA Control
Chart.” Journal of Quality Technology. Vol. 29 No. 1. pp. 8 — 15.



164

Reddy. D. C. and Ghosh, K. (1998). “Identification and Interpretation of
Manufacturing Process Patterns Through Neural Networks.” Mathematical

Comput. Modelling. Vol. 27 No. 5. pp. 15 — 36.

Ribeiro, L. M. M. and Cabral, J. A. S. (1999). “The Use and Misuse of Statistical
Tools.” Journal of Materials Processing Technology. pp. 288 —292.

Saniga, E. M. (1977). “Joint Economically Optimal Design of X-bar and R Control
Charts.” Management Science. Vol. 24. pp. 420 — 431.

Sepulveda, A. and Nachlas, J. A. (1997). “A Simulation Approach to Multivariate
Quality Control.” Computers and Industrial Engineering. Vol. 33 No. 1 — 2. pp.
113 -116.

Singh, R. and Gilbreath, G. (2002). “A Real-Time Information System for
Multivariate Statistical Process Control.” International Journal of Production

Economics. Vol 75. pp. 161 — 172.

Sparks, R. S., Adolphson, A. and Phatak, A. (1997). “Multivariate Process
Monitoring Using The Dynamic Biplot.” International Statistical Review. Vol.

65. pp. 325 — 349.

Taguchi, G., Elsayed, E. A. and Hsiang, T. C. (1989). “Quality Engineering in
Production Systems.” New York: McGraw-Hill.

Tontini, G. (1996). “Pattern Identification in Statistical Process Control Using Fuzzy
Neural Networks.” Proceedings of the Fifth IEEE International Conference on
Fuzzy System. Vol. 3. pp. 2065 — 2070.

Tontini, G. (1998). “Robust Learning and Identification of Patterns in Statistical
Process Control Charts Using a Hybrid RBF Fuzzy Artmap Neural Network.”
The 1998 IEEE International Joint Conference on Neural Network Procedings.
(IEEE World Congress on Computational Intelligence). Vol. 3. pp. 1694 — 1699.



165

Velasco, T. (1993). “Back Propagation Artificial Neural Networks for the Analysis
of Quality Control Charts.” Computers and Industrial Engineering. Vol. 25 No.
1 —4. pp. 397 — 400.

Wang, T. Y. and Chen, L. H. (2001). “Mean Shifts Detection and Classification in
Multivariate Process: A Neural-Fuzzy Approach.” Journal of Intelligence

Manufacturing. Vol. 13. pp. 211 —221.

Wang, C. H., Kuo, W. and Qi, H. (2007). “An Integrated Approach for Process
Monitoring Using Wavelet Analysis and Competitive Neural Network.”

International Journal of Production Research. Vol. 45 No. 1. pp. 227 — 244.

Williams, J. D., Woodall, W. H., Birch, J. B., and Sullivan, J. H. (2006).
“Distribution of Hotelling’s T* Statistic Based on the Successive Differences

Estimator.” Journal of Quality Technology. Vol. 38 No. 3. pp. 217 — 229.

Yang, L. and Sheu, S.-H. (2006). “Integrating Multivariate Engineering Process
Control and Multivariate Statistical Process Control.” International Journal of

Advanced Manufacturing Technology. Vol 29. pp. 129 — 136.

Yang, M. S. and Yang, J. H. (2002). “A Fuzzy-Soft Learning Vector Quantization
for Control Chart Pattern Recognition.” International Journal of Production

Research. Vol 40. No. 12. pp. 2721 — 2731.

Yu, J. B. and Xi, L. F. (2009). “A Neural Network Ensemble-Based Model for On-
Line Monitoring and Diagnosis of Out-of-Control Signals in Multivariate
Manufacturing Processes.” Expert Systems with Applications. Vol. 36. pp. 909 —
921.

Yu, J. B, Xi, L. F. and Zhou, X. J. (2009). “Identifying Source(s) of Out-of-Control

Signals in Multivariate Manufacturing Processes Using Selective Neural



166

Network Ensemble.” Engineering Applications of Artificial Intelligence. Vol. 22.
pp. 141 — 152.

Zorriassatine, F. and Tannock, J. D. T. (1998). “A Review of Neural Networks for
Statistical Process Control.” Journal of Intelligent Manufacturing. Vol. 9 No. 3.
pp. 209 — 224,

Zorriassatine, F., Tannock, J. D. T. and O’Brien, C (2003). “Using Novelty
Detection to Identify Abnormalities Caused by Mean Shifts in Bivariate

Processes.” Computers and Industrial Engineering. Vol. 44. pp. 385 — 408.



	Thesis status declaration.doc
	Supervisor Declaration.doc
	Thesis TOC (Print).doc
	Thesis Manuscript (Print).doc



