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Abstract

In order to improve the performance of multivariate statistical process control (MSPC),
two advanced methods, known as moving principal component analysis (MPCA) and
DISSIM, have been proposed. In MPCA and DISSIM, an abnormal operation can be
detected by monitoring directions of principal components and the dissimilarity index,
respectively. Another important extension of MSPC was made with Multiscale PCA
(MS-PCA). In the present work, the characteristics of several statistical monitoring
methods are investigated. @ The monitoring performance are compared with their
applications to simulated data obtained from a 2 x 2 process and the Tennessee Eastman
process. The superiority of MPCA and DISSIM over the conventional methods comes
from the fact that those methods focus on changes in the distribution of process data.
Furthermore, the advantage of MPCA or DISSIM over the conventional MSPC and that
of MS-PCA are combined, and the new methods termed MS-MPCA and MS-DISSIM are

proposed.
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1 Introduction

Processes must be operated with little variation around the target in order to produce
products satisfying severe requirements. Statistical process control (SPC) is a collection
of useful tools for achieving process stability and reducing process variation. Seven major
tools of SPC are 1) histogram or stem-and-leaf display, 2) check sheet, 3) pareto chart,
4) cause and effect diagram, 5) defect concentration diagram, 6) scatter diagram, and 7)
control chart. In this article, the control chart is focused on.

For a successful operation of any process, it is important to detect process upsets,
equipment malfunctions, or other special events as early as possible and then to find and
remove the factors causing those events. In chemical processes, data-based approaches
rather than model-based approaches have been widely used for process monitoring, because
it is often difficult to develop detailed physical models. The data-based approaches
are often called SPC, and conventional SPC charts such as Shewhart control charts,
cumulative sum (CUSUM) control charts, and exponentially weighted moving average
(EWMA) control charts have been widely used. Such SPC charts are well established for
monitoring univariate processes, but they do not function well for multivariable processes.
For example, if there are P independent variables in a process and if an SPC chart with
P{type I error}= « is maintained on each variable, then the probability of type I error

for the joint control procedure is given by
o = 1-(1-a)f (1)

Therefore, the true probability of type I error increases as the number of variables increases.
In addition, if variables are not independent, it is difficult to measure the distortion in
the joint SPC charts. This situation motivates to develop SPC charts for multivariable
processes. Furthermore, chemical processes are becoming more heavily instrumented, and
process data are more frequently recorded. This situation causes a data overload, and a
great deal of data is wasted. Therefore, in order to extract useful information from process
data and utilize it for process monitoring, multivariate statistical process control (MSPC)

has been developed.



The original Shewhart-type control chart for correlated variables is the Hotelling 72

control chart. The Hotelling 72 statistic is defined by
1 = (x—2)Sx—z)7 (2)

where x is a 1 x P vector of measurements of P variables, and & and S denote the
sample mean vector and the sample covariance matrix respectively. The Hotelling 72
control chart is considered as a multivariate version of the Shewhart control chart. For
improving the monitoring performance, especially for detecting small shifts in the process,
multivariate CUSUM control charts and multivariate EWMA control charts are available.
Jackson (1959) used principal component analysis (PCA) and proposed a T control chart
for principal components. PCA was used for characterizing a multivariable process, but
it was not used for reducing the dimensionality. Therefore, the monitoring result of the
T? control chart for original variables and that for principal components were identical
because the number of principal components retained in the PCA model was the same as
that of original variables. In that article, the interpretation of principal components was
mainly focused on.

About two decades later, Jackson and Mudholkar (1979) and Jackson (1980) introduced
a residual analysis based on PCA. The residual is the difference between original data
and data reconstructed with several principal components. Since PCA can be used for
dimensionality reduction, the number of principal components used for reconstruction
is usually smaller than that of original variables. In other words, PCA finds linear
combinations of variables that describe major trends in a data set. The control charts
were introduced for the sum of squared residuals @ as well as T for principal components.
The T? statistic is a measure of the variation within the PCA model, and the Q statistic
is a measure of the amount of variation not captured by the PCA model.

MSPC is based on the chemometric techniques such as PCA and partial least squares
(PLS). Chemometrics is a coinage consisting of chemistry and metrics, and many
chemometric techniques were originally developed in the area of analytical chemistry. Wise

and Gallagher (1996) reviewed some of the chemometric techniques and their application to



chemical process monitoring and dynamic process modeling. They defined chemometrics
as the science of relating measurements made on a chemical system to the state of the
system via application of mathematical or statistical methods.

Chemometric techniques are very useful for modeling and monitoring chemical processes,
because a great number of variables are measured and they are highly correlated.
Kresta et al. (1991) demonstrated the usefulness of PCA and PLS as tools of MSPC
with their applications to simulated data collected from a fluidized bed reactor and an
extractive distillation column. With multiway PCA and PLS (Wold et al., 1987), the
MSPC functioning was extended to monitor time-varying batch processes. Multiway
PCA was applied to simulated data obtained from a semibatch reactor (Nomikos and
MacGregor, 1994) and also process data collected from an industrial batch polymerization
reactor (Nomikos and MacGregor, 1995). Wise et al. (1999) compared PCA, multiway
PCA, trilinear decomposition, and parallel factor analysis with their applications to
a semiconductor etch process. Another extension to handle very large processes via
multiblock PCA and PLS was made by MacGregor et al. (1994). Ku et al. (1995)
utilized dynamic principal component analysis for including process dynamics in a PCA
model. Such a dynamic version of chemometric techniques, in which not only current
measurements but also past measurements are used as input variables, is effective for
process modeling as well as process monitoring (Kano et al., 2000a). Although PCA has
shown its usefulness as a MSPC tool, few researchers have studied a theoretical basis of
using PCA for monitoring dynamic processes. Wise et al. (1990) have shown that PCA
can facilitate the monitoring for processes with more measurements than states. PCA
has also been used for faulty sensor identification (Dunia et al., 1996) and disturbance
diagnosis (Raich and Cinar, 1996).

Many successful applications have shown the practicability of MSPC. The conventional
MSPC method described above, however, does not always function well, because it
cannot detect a change of correlation among process variables as long as both monitored
indexes, T2 and @, are inside the control limits. In order to improve the performance

of process monitoring, two kinds of statistical process monitoring methods, focusing on



the correlation among process variables, were proposed (Kano et al. 1999; Kano et
al. 2000b, 2000c). The first method was termed moving principal component analysis
(MPCA). This method is based on the idea that a change of operating condition, i.e. a
change of correlation among process variables, can be detected by monitoring directions
of principal components. New indexes were defined for evaluating changes in the direction
of each principal component and changes in the subspace spanned by selected principal
components. The second method was termed DISSIM. This method is based on the
idea that a change of operating condition can be detected by monitoring a distribution
of time-series data, which reflects the corresponding operating condition. In order to
quantitatively evaluate the difference between data sets, the dissimilarity index was
introduced. The simulated results have shown that the monitoring performance of MPCA
and DISSIM are considerably better than that of the conventional MSPC method.

Another important extension of MSPC was made utilizing wavelet analysis. PCA has the
ability to extract the relationship between variables and decorrelate the cross-correlation,
and wavelet analysis has the ability to extract features in the measurements and
approximately decorrelate the autocorrelation. Combining the above two functions, Bakshi
(1998) developed multiscale principal component analysis (MS-PCA). The MS-PCA
method was applied to monitoring problems, and the superiority of process monitoring by
MS-PCA over conventional PCA was illustrated.

In the present work, the characteristics of several monitoring methods, including
conventional MSPC, MPCA, DISSIM, and MS-PCA, are investigated. The performance of
the monitoring methods are compared with their applications to simulated data obtained
from a simple 2 x 2 process and the Tennessee Eastman process. Furthermore, the
advantage of MPCA or DISSIM over the conventional MSPC and that of MS-PCA are
combined, and the new methods named multiscale MPCA (MS-MPCA) and multiscale

DISSIM (MS-DISSIM) are proposed.



2 Advanced MSPC Methods

In order to improve the performance of MSPC, several monitoring methods were
proposed in recent years. In this section, three advanced MSPC methods are briefly

explained.

2.1 Monitoring with Moving PCA

Kano et al. (1999) and Kano et al. (2000b) proposed a new statistical process monitoring
method termed moving principal component analysis (MPCA). MPCA is based on the
idea that a change of operating condition, i.e. a change of correlation among process
variables, can be detected by monitoring directions of principal components. In the
following sections, principal component is abbreviated as PC.

In order to detect a change of PCs, reference PCs representing a normal operating
condition should be defined, and the differences between the reference PCs and PCs
representing a current operating condition should be used as indexes for monitoring. The

index A; can be used for evaluating the change of i-th PC,
Ai(k) = 1= [wi(k) wiol (3)

where w;(k) denotes i-th PC calculated at step k, and w;y denotes the reference of i-th
PC determined from normal operating data. Both w; and w;y are unit vectors. The index
A; is based on the inner product, i.e. the angle of PCs. When the i-th PC representing
a current operating condition is equivalent to its reference, A; becomes zero. On the
contrary, A; becomes one when w; is orthogonal to w;g.

For applying MPCA, a reference PC and a control limit must be determined. The

following procedure is adopted.

1. Acquire time-series data when a process is operated under a normal condition.
Normalize each column (variable) of the data matrix, i.e. adjust it to zero mean
and unit variance.

2. Apply PCA to the data matrix, and define a reference PC, w.



3. Determine the size (steps) of time-window, w. Generate data sets with w samples from
the data by moving the time-window. Apply PCA to the data sets, and calculate PCs,
w;.

4. Calculate the index A;, and determine the control limits.

For on-line monitoring, the data matrix representing a current operating condition is
updated by moving the time-window step by step, and it is scaled with the mean and the
variance obtained at step 1. Then, PCA is applied to the w x P data matrix, and the
index A; is calculated at each step. If the index is outside the control limit, the process is
judged to be out of control. For updating PCs step by step, recursive PCA algorithm can
be used (Qin et al., 1999) instead of using a time-window.

MPCA can detect a change of correlation among process variables, which is difficult to
be detected by the conventional MSPC with 72 and @. However, the index A; does not
function well when variances of several PCs are similar to each other, because directions
of PCs might abruptly change while the correlation among process variables is unchanged
in such a situation. In order to cope with this problem, a change of subspace spanned
by several PCs with similar variances should be monitored instead of the change of PCs
(Kano et al., 1999; Kano et al., 2000b). Monitoring the change of subspace enables MPCA

to function well even if variances of several PCs are similar to each other.

2.2 Monitoring based on Dissimilarity of Process Data

Kano et al. (1999) and Kano et al. (2000c) proposed a statistical process monitoring
method based on the dissimilarity of process data. The proposed method termed DISSIM
is based on the idea that a change of operating condition can be detected by monitoring a
distribution of process data because the distribution reflects the corresponding operating
condition.

In order to evaluate the difference between distributions of data sets, a classification
method based on the Karhunen-Loeve (KL) expansion (Fukunaga and Koontz, 1970) was

utilized. The KL expansion is a well known technique used for feature extraction or



dimensionality reduction in pattern recognition, and it is mathematically equivalent to
PCA.
Consider two data matrices, X1 and X 9. X; consists of IV; samples of P variables. The

covariance matrices are given by

1
R, = EX?XZ- (4)

and the covariance matrix of the mixture of both data sets is given by R.

Ny No

R = Ry + R
N + N, PN+ Ny

(5)

On the basis of the fact that the covariance matrix R can be diagonalized by an orthogonal

matrix Py
PIRP, = A (6)

the original data matrices X; are transformed into Y.

N; _1
Y, = — X, PoA 7
7 Nl +N2 L0 2 ( )

The covariance matrices of the transformed data matrices

1
i = =YY,
S N Y
N.
= —' _PT'R,P 8
N1+ N ®)
satisfy the following equations:
Si+8,=1 (9)
Siwy! =\ w)? (10)

Here, w; and A; are the eigenvectors and the corresponding eigenvalues, respectively.

From Egs. (9) and (10), the following relationships

s = (1-20)wld (1)

M _ 4O
1= = A (12)



Fig. 1 Linear transformation of data sets (from X; to Y;) for evaluating the

dissimilarity. The cases of similar data sets (top) and different data sets (bottom).

can be derived. The above two relasionships mean the transformed data matrices, Y
and Y9, have the same set of PCs and the PCs are reversely ordered. In other words,
the most important correlation for the transformed data set Y| is equivalent to the
least important correlation for the other transformed data set Yo, and vice versa. Two
illustrative examples are shown in Fig. 1.

Finally, the following index D was defined for evaluating the dissimilarity of data sets.

_%i - —0.5) (13)

Here, P is the number of variables and \; denotes the eigenvalues of the covariance matrix
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of the transformed data matrix. When data sets are quite similar to each other, the
eigenvalues \; must be near 0.5. On the other hand, when data sets are quite different from
each other, the largest and the smallest eigenvalues should be near 1 and 0, respectively.
Therefore, the index D changes between zero and one. When two data sets are similar to
each other, D must be near zero. On the other hand, D should be near one when data
sets are quite different from each other.

For applying DISSIM, a reference data set and a control limit must be determined. The

following procedure is adopted.

1. Acquire time-series data when a process is operated under a normal condition, and
normalize each column (variable) of the data matrix.

2. Determine the size (steps) of time-window, w. Generate data sets with w samples
from the data by moving the time-window. Then, select a reference data set from the
data sets.

3. Calculate the index D, and determine the control limit.

For on-line monitoring, the data matrix representing a current operating condition is
updated by moving the time-window step by step, and it is scaled with the mean and the
variance obtained at step 1. Then, the dissimilarity index D is calculated. If the index is

outside the control limit, the process is judged to be out of control.

2.3 Monitoring with Multiscale PCA

MS-PCA combines the ability of PCA to extract the relationship between variables and
decorrelate the cross-correlation with the ability of wavelets to separate deterministic
features from stochastic processes and approximately decorrelate the autocorrelation
among the measurements. The steps in the MS-PCA methodology proposed by Bakshi
(1998) for the process monitoring purpose are shown in Fig. 2, and the following procedure

is adopted.

1. Acquire time-series data when a process is operated under a normal condition.
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G1X— PCA

X —{ FWT

IWT PCA

Threshold

H X— PCA

Fig. 2 Statistical process control methodology for MS-PCA.

Normalize each column (variable) of the data matrix.

. Compute wavelet decomposition for each column in the data matrix, and generate L
wavelet coefficient matrices, G; X {j = 1,---, L}, and one scaling function coefficient
matrix, H;X. Here, L is the number of scales to be considered, G; and H j, represent
filters, and X is the data matrix.

. Apply PCA to the wavelet and the scaling function coefficient matrices, select
appropriate number of PCs, and determine control limits of the monitored indexes,
T? and Q, at each scale.

. Reconstruct the coefficient matrices from the scores at the selected scales. There are
2L+1 combinations for selecting scales.

. Reconstruct the approximated data matrix from the coefficients at the selected scales.

. Apply PCA to the reconstructed data matrix, select appropriate number of PCs, and

determine control limits on the monitored indexes, T2 and Q.

For on-line monitoring, current measurements are scaled with the mean and the variance

obtained at step 1, and then the measurements are filtered for calculating wavelet and

scaling function coefficients. The indexes, T2 and Q, of coefficients at the current time

are calculated at each scale. The measurements are reconstructed from the scores at the

selected scales where one of the current indexes violates the control limit. Finally, 72 and

Q of the reconstructed measurements are calculated. If T2 or @ is outside the control
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limit, the process is judged to be out of control.

The MS-PCA eliminates false alarms after a process returns to normal operation
through the steps of selecting scales that indicate significant events, reconstructing the
measurements, and computing 72 and Q of the reconstructed measurements. In addition,
it should be noted that the control limits calculated at step 5 depend on the selection of

scales used for the reconstruction.

3 Application 1

In this section, several monitoring methods, including conventional MSPC (¢cMSPC),
MPCA, DISSIM, and MS-PCA, are applied to monitoring problems of a simple 2 x 2
process. The simple process is used for obtaining statistically meaningful results and for

fair comparison.

3.1 Example System

For simplicity, the following multivariate process (Ku et al., 1995) is considered.

0.118 —-0.191 1.0 2.0

x(t) = x(t—1)+ u(t—1) (14)
0.847  0.264 3.0 —4.0

y(t) = (1) + o) (15)

where w is the correlated input:

0.811 —0.226 0.193  0.689
u(t) = w(t — 1) + wit—-1)  (16)
0.477 0.415 —0.320 —-0.749

The inputs w; in w are uncorrelated Gaussian signals with zero mean and unit variance.
The output y; in y is corrupted by uncorrelated Gaussian errors with zero mean and
variance 0.1. The input w and the output y are measured, and those measurements are
used for monitoring.

For comparing the performance of monitoring methods, mean shifts of w; and changes

of a coefficient from wuq to xy are investigated. The settings of those abnormal conditions
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Table 1 Settings of abnormal conditions.

Case Type Size

0 normal condition -

1 mean shift of w; 0.0 — 0.5
2 mean shift of wy 0.0 — 1.0
3 mean shift of w; 0.0 — 1.5
4 mean shift of wy 0.0 — 2.0
5 mean shift of w; 0.0 — 3.0
6 change of parameter from u; to zo 3.0 — 2.5

7 change of parameter from u; to z2 3.0 — 2.0

8 change of parameter from u; to zo 3.0 — 1.0

are summarized in Table 1. One data set obtained from the normal operating condition
is used to build a PCA model for cMSPC and MS-PCA, to determine reference PCs for
MPCA, and to determine a reference data set for DISSIM. In addition, 200 data sets were
used to determine control limits of monitored indexes. Different data sets were generated
by changing seeds of the white noise w. Then, 1000 data sets were generated at each case

shown in Table 1.

3.2 Settings for Monitoring

The control limit of each index is determined so that the number of samples outside the
control limit is 1% of the entire samples while the process is operated under a normal
condition. Therefore, the control limits represent 99% confidence limits without any
assumptions of probability distributions of sample statistics.

On the basis of these control limits, each monitoring method is evaluated by the following

steps.

1. Each monitoring method is applied to the data in cases 0-8, and each index is

calculated.
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2. For the data obtained after the occurrence of an fault, the percentage of the samples
outside the control limit is calculated in each simulation. This percentage is termed
reliability in the present work and used for evaluation of each monitoring method.

3. The average reliability of 1000 simulations is calculated in each case.

Since the control limits are determined so that they represent 99% confidence limits, a
monitoring method is regarded to be successful in detecting the abnormal condition if the
reliability is considerably higher than 1%. On the other hand, when the reliability is less
than or close to 1%, the monitoring method is regarded to be not functioning well. The
reliability is affected by the number of samples used for calculating it. In the present
work, 100 samples are used for calculating the reliability. Therefore, for example, when
the reliability is 60%, the average run length (ARL) will be less than 41. ARL is a well

known index for evaluating the fault detection performance (Montgomery, 1997).

3.3 DMonitoring Results and Discussion

The monitored indexes for cMSPC and MS-PCA are T? and @;. The subscript i denotes
the number of PCs retained in the PCA model. The monitored index for MPCA is A; or
Aq_p,. Here, Aj_,, denotes the index for monitoring the change of subspace spanned by

the first m PCs. The monitored index for DISSIM is the dissimilarity index D.

3.3.1 Static Monitoring

The vector of variables for static monitoring at step k is the following:

[y" (k) " (k)] (17)

The static monitoring results are summarized in Table 2. The eigenvalues of the covariance
matrix, which are the variances of PCs, are 1.86, 1.44, 0.63, and 0.06. Therefore, two or
three PCs should be retained in the PCA model. The best monitoring performance is
achieved when three PCs are used. As expected, the reliability of each method increases

as the size of mean shift or parameter change increases. However, the reliability measures
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Table 2 Reliability (%) of MSPC methods: Static monitoring of 2 x 2 process.

Case 0 1 2 3 4 5 6 7 8

Method Index w

cMSPC T? 1.1 1.3 24 43 85 230 12 13 2.0
Qs 10 10 11 12 16 23 16 32 95

MPCA Ay 200 0.6 0.7 52 267 710 999 09 53 752
Aj_2 200 15 15 26 56 125 265 31 39 74

A3 100 1.1 08 09 07 05 06 173 50.2 69.9

DISSIM D 50 16 14 1.0 15 5.6 407 21 35 504
D 200 1.2 12 25 78 224 576 17 13 84

MS-PCA T2 0.7 05 07 13 30 156 06 1.1 45

Q3 08 09 15 30 75 288 39 198 57.0

of cMSPC are less than 10% in almost all cases. These results indicate that cMSPC
does not function well for the changes investigated here. In addition, since the reliability
measures in case 0 are close to 1%, the control limits are successfully determined.

The reliability measures of MPCA with A4 is amazingly better than the others. In cases
4, 5, and 8, the reliability measures of A4 are higher than 70%, and A4 is the best index of
all. In this application, A, gives excellent monitoring results because the data generated
from a normal operating condition can be well explained by three PCs and only one PC,
that is the fourth PC, is unimportant for explaining the variation of process data. That is,
changes in the correlation among variables directly affect the fourth PC. On the contrary,
if two or more PCs are unimportant for explaining the process data, monitoring one of
those unimportant PCs might not be successful.

If the variation of process data is well explained by three PCs, the index Q3 of cMSPC
seems to function as well as A4. However, the reliability measures of Q3 are considerably
worse than those of A4. These results have clearly shown the advantage of MPCA over
cMSPC. MPCA functions better than ¢cMSPC for detecting the mean shifts and the

parameter changes investigated in this application, because those abnormal operating
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conditions affect the correlation among variables while the variation of variables are not
significantly increased. In other words, the advantage of MPCA over cMSPC comes from
the fact that MPCA focuses on the correlation among variables.

MPCA with A;_5 or A;_3 also functions better than cMSPC. For example, when the
subspace spanned by the first two PCs is monitored and the time-window size is 200 steps,
MPCA can detect the mean shifts successfully. When A;_3 is monitored and w = 100,
MPCA can detect the parameter changes but it cannot detect the mean shifts. Therefore,
the performance of MPCA strongly depends on the design parameters such as the number
of PCs and the size of time-window.

The design parameter of DISSIM is the time-window size. The optimal time-window
size depends on the characteristics of abnormal conditions. For mean shifts and parameter
changes, the best reliability is achieved when w = 200 and w = 50 respectively. The
results have shown that DISSIM can outperform ¢cMSPC. The reason why the small
changes, which are difficult to be detected by cMSPC, can be detected by DISSIM is that
such abnormal operating conditions affect the correlation among variables and change the
distribution of data. In order to detect changes in the process with cMSPC, 72 or QQ must
exceed the control limit. In other words, changes in the correlation of process variables
cannot be detected by cMSPC as far as measurements are inside the control envelope
defined by the PCA model. DISSIM functions well even when the variation of data is
decreased. From this viewpoint, DISSIM and MPCA have the same characteristic.

MS-PCA functions better than cMSPC, especially for detecting the parameter
changes. On the other hand, comparison of MS-PCA with MPCA or DISSIM is not
important. Although three advanced methods were originally developed for achieving
better monitoring performance, their attentions are devoted to different matters. MS-PCA
mainly focuses on autocorrelation of each variable, and decomposed signals at each
frequency range are monitored independently. On the other hand, MPCA and DISSIM
focus on how to detect changes in the correlation among variables. In fact, multiscale

approach can be integrated with MPCA or DISSIM as shown later.
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Table 3 Reliability (%) of MSPC methods: Dynamic monitoring of 2 x 2 process.

Case 0 1 2 3 4 5 6 7 8

Method Index w

cMSPC T? 1.1 11 19 37 78 237 16 3.8 142
Qs 1.0 14 29 59 121 364 13.6 39.3 65.5
MPCA A;¢ 200 0.8 1.0 28 95 231 474 29.1 81.6 938

DISSIM D 200 0.8 1.1 7.5 379 627 81.7 342 747 90.6

3.3.2 Dynamic Monitoring

In general, static monitoring does not function well for autocorrelated data. A
useful approach for dealing with autocorrelated data is to identify a time-series model
such as autoregressive moving-average (ARMA) model, use the model to remove the
autocorrelation from the data, and apply SPC charts to the residuals. The use of past
measurements as monitored variables is also useful for capturing the autocorrelation and
the cross-correlation among process variables, because the dynamics can be taken into
account (Ku et al., 1995). In this section, the measurements at one step before are used
as monitored variables. The vector of process variables for dynamic monitoring at step k

becomes the following;:
' (k—1) uw'(k—1) y'(k) u’(k) (18)

More general description of the vector for dynamic monitoring can be used. For example,

if z is a column vector consisting of monitored variables at each step,
[2(k) 2'(k—s1) 2'(k—s2) -] (19)

is a general description. For achieving the best monitoring performance, s; must be
optimized. In this simple example, however, the use of the measurements at one step
before is found to be sufficient.

The dynamic monitoring results are summarized in Table 3. The best monitoring

performance is achieved when six principal components are used. The detection
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performance, that is the reliability, of dynamic monitoring is considerably better than
that of static monitoring shown in Table 2. For example, the reliability of static cMSPC
with Q3 is only 9.5% in case 8, but the reliability of dynamic cMSPC with Qg is 65.5%.
The best reliability of static MPCA is 50.2% in case 7, but the reliability of dynamic
MPCA is 81.6%. The reliability measures of static DISSIM are 7.8% and 22.4% in cases
3 and 4 respectively, but those of dynamic DISSIM are 37.9% and 62.7%. Although the
performance of cMSPC is drastically improved by application of dynamic monitoring, the
reliability of dynamic cMSPC is quite worse than that of dynamic MPCA and dynamic
DISSIM. The results have clearly shown the superiority of dynamic monitoring over static
monitoring for autocorrelated data and also the superiority of MPCA and DISSIM over

c¢cMSPC. Furthermore, dynamic cMSPC gives better performance than MS-PCA.

4 Application 2

In this section, univariate SPC (USPC), cMSPC, MPCA, DISSIM, and MS-PCA are

applied to monitoring problems of the Tennessee Eastman process.

4.1 Tennessee Eastman Process

The simulator of the Tennessee Eastman process was developed by Downs and Vogel
(1993). The process consists of five major unit operations: a reactor, a product condenser,
a vapor-liquid separator, a recycle compressor, and a product stripper. Two products
are produced by two simultaneous gas-liquid exothermic reactions, and a byproduct is
generated by two additional exothermic reactions. The process has 12 manipulated
variables, 22 continuous process measurements, and 19 composition measurements sampled
less frequently. The simulator includes a set of programmed disturbances listed in Table 4.
The control system utilized for dynamic simulations is the decentralized PID control
system designed by McAvoy and Ye (1994), which is shown in Fig. 3. The sampling

interval was set to be three minutes.
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Table 4 Process disturbances for the Tennessee Eastman process.

Case Disturbance Type
1 A/C feed ratio, B composition constant Step
2 B composition, A/C ratio constant Step
3 D feed temperature Step
4 Reactor cooling water inlet temperature Step
5 Condenser cooling water inlet temperature  Step
6 A feed loss Step
7 C header pressure loss - reduced availability —Step
8 A, B, C feed composition Random variation
9 D feed temperature Random variation
10 C feed temperature Random variation
11 Reactor cooling water inlet temperature Random variation
12 Condenser cooling water inlet temperature =~ Random variation
13 Reaction kinetics Slow drift
14 Reactor cooling water valve Sticking
15  Condenser cooling water valve Sticking

16-20 Unknown Unknown

4.2 Settings for Monitoring

The control limit of each index or variable is determined so that the number of samples

outside the control limit is 1% of the entire samples while the process is operated under

a normal condition. All monitoring methods are evaluated on the basis of the reliability,

which is calculated from 100 samples after the occurrence of a fault. In this application,

the average reliability is calculated from 10 realizations.

A total of 16 variables, selected by Chen and McAvoy (1998) for the monitoring purpose,

are used as monitored variables. These 16 variables are listed in Table 5.
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Cooling @
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Fig. 3 Control system of the Tennessee Eastman process.

4.3 Monitoring Results and Discussion

Several disturbances can easily be detected by USPC. In other words, several
disturbances can be detected immediately by monitoring each measured variable
independently. For example, the reliability of USPC reached 99.2% in case 1 and 95.5%
in case 2. It is very easy to detect such disturbances with other monitoring methods. In
the present work, disturbances, that are relatively difficult to detect by using USPC, are
mainly investigated.

For utilizing conventional MSPC, the number of PCs must be determined. Many
procedures have been proposed for selecting the number of PCs to be retained in a
PCA model (Jackson, 1991). For example, a practical method is to retain principal
components with corresponding eigenvalues greater than one when data are normalized.
In this application, six eigenvalues of the correlation matrix are greater than one. In

addition, 68% of the variance in the data can be explained by six PCs, and almost 80%
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Table 5 Process variables utilized for monitoring.

A feed

D feed

E feed

A and C feed

Recycle flow

Reactor feed rate

Reactor temperature

Purge rate

Product separator temperature
Product separator pressure
Product separator underflow
Stripper pressure

Stripper temperature

Stripper steam flow

Reactor cooling water outlet temperature

Separator cooling water outlet temperature

of the variance can be explained by eight PCs. In the following part, the number of PCs
retained for cMSPC is 11, since the best performance was obtained at that number.

For utilizing MPCA, the number of PCs and the size of time-window must be selected.
The optimal time-window size depends on the sampling interval of measurements. In
addition, the optimal window size depends on the number of monitored variables because
PCA is applied at each step. For obtaining reliable PCs representing the operating
condition at each step, a sufficient number of samples need to be used. On the other
hand, the use of an excessively large time-window can result in the reduced speed of
detecting changes in the operating condition. From the results of having tried several
different sizes of time-window, the size was set at 100 steps. The reliability of MPCA is

strongly affected by the selection of PCs (Kano et al., 2000b). In this application, A;_1;

22



Table 6 Reliability (%) of SPC methods: Static monitoring of the Tennessee Eastman

process.

Case 3 8 9 10 11 14 16 19 20

Method Index w

USpPC 26.1 80.7 152 776 7.1 66.6 150 11.4 63.5
cMSPC T 17 846 31 765 08 62 9.0 103 674
Qn 189 88.2 149 81.2 204 708 219 11.3 69.1

MPCA Aj—11 100 41.7 864 41.0 779 714 975 433 36.0 61.2

DISSIM D 300 58.1 849 288 79.7 494 925 609 529 68.5
MS-PCA T2 19.6 86.2 15.0 785 4.0 655 234 295 67.1
Qn 10.7 875 13.8 81.3 479 945 39.0 44.3 685

MS-MPCA  A;_1;1 200 2.7 822 166 529 746 929 350 46.5 545

MS-DISSIM D 200 411 821 26.1 76.6 616 96.6 542 704 653

is the best index.

For utilizing DISSIM, the size of time-window must be determined. The optimal
size of time-window depends on the sampling interval of measurements and the number
of monitored variables. For obtaining a data set representing the operating condition
appropriately, a sufficient number of samples need to be used. On the other hand, using
an excessively large time-window can result in the reduced speed of detecting changes in
the operating condition as is the case of MPCA. From the results of having tried several
different sizes of time-window, the size was set at 300 steps.

For utilizing MS-PCA | the number of scales and the number of PCs must be selected.
If the number of scales is too small, the last scaled signal will have a significant amount of
noise. That is, the method will not function well for separating a deterministic component
from a stochastic component. Usually, the use of three or four scales is a good choice. In
this application, the number of scales was set at three. The number of PCs was set at 11,
that was the same number retained in the PCA model for cMSPC.

The monitoring results are summarized in Table 6. Although ¢cMSPC can outperform
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USPC in many cases, the advantage of using PCA is not significant. However, It should
be noted here that the probability of type I error with USPC is higher than that with
other methods because the control limit of each variable is determined independently.

The reliability of MPCA and that of DISSIM are considerably better than that of
c¢cMSPC in cases 3, 9, 11, 14, 16, and 19. In these cases except 14, the reliability of cMSPC
is less than or approximately equal to 20%. Therefore, the results show that MPCA and
DISSIM can detect the small events that are difficult to be detected by cMSPC. MS-PCA
outperforms cMSPC significantly in cases 11, 14, 16, and 19. In other cases, the reliability
of MS-PCA and that of cMSPC are comparable to each other.

The monitoring results in case 3 are shown in Fig. 4. It should be noted that the
reliability in Table 6 is not equivalent to the reliability estimated from Fig. 4, because
the results from one of the 10 realizations are shown in this figure. In case 3, the D
feed temperature changes step-wise. Since the influence of the disturbance in case 3
can be easily reduced by the control system as reported by McAvoy and Ye (1994), the
deterministic change of the monitored variables are not significant. As a result, it is
difficult to detect the change of operating condition by cMSPC. The step change of D feed
temperature causes the small mean shift in both flow and outlet temperature of reactor
cooling water, through the function of cascade control system for reactor temperature.
Although MS-PCA is useful for detecting a small deterministic change in measurements
such as mean shift, it does not function well in this case. In the simulated result shown in
Fig. 4, any out-of-control signal cannot be detected by MS-PCA. Therefore, both indexes
are zero at all steps. However, the disturbance can be detected successfully by MPCA
and DISSIM. These results have clearly shown the advantage of MPCA and DISSIM over
cMSPC. MPCA and DISSIM can detect the change of operating condition even when
faulty data are inside the control envelope defined by the PCA model, because these two
methods focus on the distribution of process data.

The monitroing results in case 11 are shown in Fig. 5. In this case, the inlet temperature
of reactor cooling water changes at random. The disturbance is also difficult to be detected

by cMSPC. However, the reliability of MS-PCA is much higher than that of cMSPC. The
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Fig. 4 Monitoring results in case 3. T121 and ()11 of cMSPC, A1_11 of MPCA, D of
DISSIM, and T2 and Q1 of MS-PCA are shown from the top (solid line) with their

control limits (dotted line). A disturbance occurs at the step 0.

advantage of MS-PCA over cMSPC can be realized by its smoothing effect. MS-PCA

has such a smoothing effect because decomposed signals in different frequency ranges are
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Fig. 5 Monitoring results in case 11. T121 and ()11 of cMSPC, A1_11 of MPCA, D of
DISSIM, and T2 and Q1 of MS-PCA are shown from the top (solid line) with their

control limits (dotted line). A disturbance occurs at the step 0.

monitored. Such a smoothing effect of MS-PCA is a drawback as well as an advantage

because the detection speed might be reduced. As shown in Fig. 5, c MSPC seems to detect
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the change earlier than MS-PCA. Since MPCA and DISSIM also have a smoothing effect
caused by using the time-window, their detection speed might be reduced. However, the
steady increase of A;_11; and D indicates that MPCA and DISSIM detect the change of
correlation among monitored variables. In addition, the reliability of MPCA and DISSIM
is considerably higher than that of cMSPC. Although the random change of reactor cooling
water inlet temperature in this case is difficult to be detected, it can be easily detected by
checking the signal from the flow controller, that is the reactor cooling water flow.

In this application, only the static monitoring methods are investigated. The
performance of each statistical process monitoring method might be improved significantly
by the use of a dynamic monitoring method. Ku et al. (1995) applied the dynamic PCA
method, that was a dynamic version of cMSPC, to the Tennessee Eastman process, and
demonstrated the effectiveness of dynamic PCA. Furthermore, Kano et al. (2000d) have

shown the superiority of dynamic DISSIM over static DISSIM.

5 Integration of Monitoring Methods

The monitoring performance of MPCA and DISSIM is considerably better than that
of the conventional MSPC method in some situations. MPCA and DISSIM can detect
changes in the operating condition even when the variances of monitored variables are
decreased, since these two methods monitor the distribution of process data. On the other
hand, MS-PCA can also outperform the conventional MSPC method. The advantage
of MS-PCA comes from the fact that decomposed signals at several different frequency
ranges are monitored independently. Therefore, further improvement of the monitoring
performance is expected by integrating MPCA or DISSIM with the multiscale method.
In this section, multiscale MPCA (MS-MPCA) and multiscale DISSIM (MS-DISSIM) are

proposed and evaluated.
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5.1 Mutiscale MPCA and Mutiscale DISSIM

The monitoring procedure of MS-MPCA or MS-DISSIM is the same as that of MS-PCA,
except that steps named PCA in Fig. 2 is replaced by MPCA or DISSIM and the indexes,

T? and Q, are replaced by A; or D. For example, the procedure of MS-MPCA is as follows:

1. Acquire time-series data when a process is operated under a normal condition.
Normalize each column (variable) of the data matrix.

2. Compute wavelet decomposition for each column in the data matrix, and generate L
wavelet coefficient matrices, G; X {j =1,---, L}, and one scaling function coefficient
matrix, H; X.

3. Apply PCA to the wavelet and the scaling function coefficient matrices, and define
reference PCs at each scale.

4. Determine the size (steps) of time-window, w. Generate data sets with w samples
from the coefficient matrices by moving the time-window. Apply PCA to the data
sets, and calculate PCs at each scale.

5. Calculate the index A;, and determine the control limits at each scale.

6. Reconstruct an approximated data matrix from the coefficients at the selected scales.
There are 2171 combinations for selecting scales.

7. Apply PCA to the reconstructed data matrix, and define reference PCs.

8. Generate data sets with w samples from the reconstructed data matrix by moving the
time-window. Apply PCA to the data sets, and calculate PCs.

9. Calculate the index A;, and determine the control limits.

For on-line monitoring, measurements are scaled with the mean and the variance
obtained at step 1, and then the measurements are filtered for calculating wavelet and
scaling function coefficients. The index A; of coefficients at the current time is calculated
at each scale. The measurements are reconstructed from the scores at the selected scales
where the current index violates the control limit. Finally, A; of the reconstructed
measurements is calculated. If A; is outside the control limit, the process is judged to

be out of control. In MS-MPCA, a change of subspace spanned by several PCs might be
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Table 7 Reliability (%) of MS-MPCA and MS-DISSIM: Static monitoring of 2 x 2

process.

Case 0 1 2 3 4 ) 6 7 8

Method Index w

MS-MPCA  A;-3 200 09 14 33 90 173 357 54 50.0 823

MS-DISSIM D 200 09 11 21 104 341 650 43 30.0 689

monitored instead of a change of PCs.

5.2 Application to the 2 x 2 process

For evaluating the performance of MS-MPCA and MS-DISSIM, these two methods are
applied to the monitoring problems of 2 x 2 process. The settings are the exactly same as
those in the previous application. The static monitoring results are summarized in Table 7.
From the comparison of the results in Tables 2 and 7, it is shown that MS-MPCA and
MS-DISSIM function quite well. As expected, MS-MPCA can outperform both MPCA
and MS-PCA, and MS-DISSIM can also outperform both DISSIM and MS-PCA. However,
it is also shown from the results in Tables 3 and 7 that multiscale version of MPCA or
DISSIM cannot outperform dynamic version of MPCA or DISSIM. Therefore, dynamic
monitoring is better than multiscale method for coping with autocorrelated data, at least

in this application. These results can be expected from the results in Tables 2 and 3.

6 Conclusion

Several multivariate statistical process monitoring methods, conventional method based
on PCA, MPCA, DISSIM, and MS-PCA, were analyzed with their applications to
simulated data obtained from the 2 x 2 process and the Tennessee Eastman process.

The monitoring performance of MPCA and DISSIM is considerably better than that of
the conventional MSPC method based on PCA in many situations. MPCA and DISSIM

can detect changes in the operating condition even when the deterministic changes in the
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monitored variables are not significant and the variances are not increased, since these
two methods focus the correlation among process variables. On the other hand, MS-PCA
can also outperform the conventional MSPC method. The advantage of MS-PCA comes
from the fact that decomposed signals at several different frequency ranges are monitored
independently. Since MPCA and DISSIM have a smoothing effect caused by the use
of time-window, these two methods suffer from the delay. However, it should be noted
that the speed and the reliability of fault detection can be adjusted by changing the
time-window size. The selection of an appropriate size of time-window is crucial for an
effective functioning of MPCA and DISSIM. The results have also shown the superiority
of dynamic monitoring over static monitoring. In comparison with a multiscale method,
dynamic monitoring functions well for autocorrelated data. It might be possible to achieve
better monitoring performance with integration of dynamic monitoring and a multiscale
method. Furthermore, the advantage of MPCA or DISSIM over the conventional MSPC
and that of MS-PCA are combined, and the new methods termed MS-MPCA and
MS-DISSIM are proposed.

Montgomery and Woodall (1997) concluded that areas for future research that have
considerable promise include developing methods for statistical monitoring and control
with very large data sets, developing distribution-free multivariate methods, obtaining
better understanding of the effects of parameter estimation on control chart performance,
developing more insight regarding the performance of methods such as partial least squares
and principal components in multivariate process monitoring, and investigating approaches
for making these techniques easier to use in practice. In this article, MSPC methods
are applied not only to the realistic Tennessee Eastman process but also to the simple
2 x 2 process, in order to provide statistically significant comparison between various
methods with Monte Carlo simulations. The use of PCA as a tool of MSPC has a
long history, and many extensions and applications have been reported, but there are
few theoretical research on it. In addition, control limits were determined without any
assumptions of probability distributions in the present work. Although control limits are

usually determined under the assumption of normal distribution of sample statistics, such

30



assumption is not valid in many realistic situations. Therefore, it is undoubted that further

researches are necessary from various aspects in the area of statistical process monitoring.
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