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An approach is presented to multivariate statistical process control (MSPC) for process
monitoring and fault diagnosis based on principal-component analysis (PCA) models of
multiscale data. Process measurements, representing the cumulative effects of many
underlying process phenomena, are decomposed by applying multiresolution analysis
(MRA) by wavelet transformations. The decomposed process measurements are rear-
ranged according to their scales, and PCA is applied to these multiscale data to capture
process variable correlations occurring at different scales. Choosing an orthonormal
mother wavelet allows each principal component to be a function of the process variables
at only one scale level. The proposed method is discussed in the context of other multiscale
approaches, and illustrated in detail using simulated data from a continuous stirred tank
reactor (CSTR) system. A major contribution of the paper is to extend fault isolation
methods based on contribution plots to multiscale approaches. In particular, once a fault
is detected, the contributions of the variations at each scale to the fault are computed.
These scale contributions can be very helpful in isolating faults that occur mainly at a
single scale. For those scales having large contributions to the fault, one can further
compute the variable contributions to those scales, thereby making fault diagnosis much
easier. A comparison study is done through Monte Carlo simulation. The proposed
method can enhance fault detection and isolation (FDI) performance when the frequency
content of a fault effect is confined to a narrow-frequency band. However, when the fault
frequency content is not localized, the multiscale approaches perform very comparably to
the standard single-scale approaches, and offer no real advantage. © 2004 American
Institute of Chemical Engineers AIChE J, 50: 2891-2903, 2004
Keywords: principal component analysis, process monitoring, fault detection, fault diag-
nosis, multiscale modeling

Introduction

A continuous dynamic process is usually characterized with
autocorrelated measurements. This autocorrelation is attributed
to the effects of process dynamics and disturbances. The com-
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mon multivariate statistical process control (MSPC) approach
to the continuous dynamic processes has been to use principal-
component analysis (PCA) or projections to latent structures
(PLS) to build a model that captures contemporaneous corre-
lations among the variables but that ignores the serial correla-
tion existing in the data during normal operation. The autocor-
related principal-component values or scores and the squared
prediction error (SPE) are then plotted along with appropriate
control limits.

As a more explicit method to account for the autocorrelated
nature of process data in dynamic systems, one can expand the
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X and Y matrices by including lagged values of all the vari-
ables (Ku et al., 1995; MacGregor et al., 1991; Nomikos and
MacGregor, 1994, 1995; Wise et al., 1991; Wold et al., 1984). In
this way PCA or PLS will explicitly model both contemporaneous
and serial correlations among all the variables. The number of
principal components required may now be larger, but the MSPC
scheme will now be able to detect any changes in the serial
correlation of the variables as well as changes in relationships
among the variables. This is analogous to the use of time-series
models to develop SPC charts on individual variables (Alwan and
Roberts, 1988; Harris and Ross, 1991; Montgomery, 1985).

An alternative approach to account for the dynamic aspects
of the data in MSPC is to use MRA (multiresolution analysis)
by wavelet decomposition (Daubechies, 1990; Mallat, 1989).
The individual signals are decomposed into different scales (or
frequencies). Data in each decomposed scale are used for
MSPC, which is an indirect way of handling process dynamics.
As an application of this approach to fault detection, multiscale
PCA (MSPCA) has been proposed by Bakshi (1998). MSPCA
enables one to simultaneously extract process correlations
across data and account for autocorrelation within sensor data.
It captures correlations among the process variables made by
various events occurring at different scales. Aradhye et al.
(2000) presented the theoretical analysis of MSPCA and ad-
dressed several properties from a statistical process control
perspective. It was shown that the existing statistical process
control (SPC) methods would be best suited for situations
where the scale of the signal features that represent abnormal
operation is known in advance. If the nature of abnormal
features cannot be predicted a priori, the multiscale approach
was shown to provide better performance in general. Misra et
al. (2002) also proposed a similar scheme. Several PCA models
built with approximation and detail blocks of decomposed
observations were used for FDI. Teppola and Minkkinen
(2000) proposed wavelet-PLS regression models for data analysis
and process monitoring. In their wavelet-PLS—based approach,
periodic seasonal fluctuation and long-term drifting, shown as
low-frequency variations, were filtered by removing the low-
frequency blocks. The wavelet-PLS model was constructed based
on the filtered measurements. The wavelet-based multiscale ap-
proach has also been used in other method fields such as data
compression (Misra et al., 2000), sensor validation (Luo et al.,
1999), data rectification (Nounou and Bakshi, 1999), and process
monitoring and diagnosis (Bakshi, 1998; Kasashima et al., 1995;
Vedam and Venkatasubramanian, 1997; Li, 1999).

Yoon and MacGregor (2001b) proposed a generalized or
modified principal-component analysis (MSPCA) by which

WL 1] h[L—-2] hL- 3]
hi[L - 1]

A D 0 0

where each line is an even shift of the impulse response of 4,[n]
and L is the filter length. H; has the effect of filtering the signal by
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one can decompose the process signals and discriminate all
the contributing events according to their scale (or fre-
quency) contents. The MSPCA model is an extension of
prior multiscale methods, and enables one to use additional
scale information for fault diagnosis. In this article, fault
detection and isolation (FDI) approaches based on MSPCA
will be investigated. Both on-line and off-line implementa-
tion schemes of MSPCA for FDI are proposed. Based on the
analogy between multiblock methods and multiscale meth-
ods, a new algorithm to calculate the MSPCA model is also
presented. Fault isolation methods based on contribution
plots are extended to multiscale methods. They are shown to
facilitate the isolation of faults that occur in different scales.
Performance of FDI using this MSPCA approach is assessed
using a simulated continuous stirred tank reactor (CSTR)
system. The FDI performance of the MSPCA based method
is compared to that of the regular PCA-based method by
Monte Carlo simulation.

An Improved MSPCA for Process Monitoring and
Fault Diagnosis

Off-line PCA model of multiscale data

Let X be the observation matrix of dimension, nX m, where
n is the number of observations and m is the number of
variables. Using the transformation matrix that is obtained by
the boundary corrected wavelet filters, all the columns of X can
be decomposed into the details at all levels and the approxi-
mation at the coarsest level (J). Further, the decomposed block
matrices are reconstructed such that all the columns have the
same number of rows as in the case of the original observation
matrix

WW,X = G'H"X + GPHPX + - - + GVHYX + - - -
+ GIHX + G{"H"X (1)

where each term represents the scale contribution of the orig-
inal data matrix in terms of reconstructed values. Wy is the
synthesis filter matrix and W, is the analysis filter matrix.
H{”is the matrix containing wavelet filter coefficients corre-
sponding to scale j and H is the matrix of scaling function
filter coefficients at the coarsest scale. If an orthogonal mother
wavelet is chosen, then G, = H}, G, = H%, where * denotes
Hemitian transpose. Thus, G$° =H{”", G =H{”’, and
W W, = 1. H{”and HS” are expressed in terms of successive
filters, H, and H,, respectively. H; is defined as

Wol 0 0

h(2] h[1] h[O] 2

H,(z) and subsampling by 2 (represented by the shift by 2 in H,).
For details, refer to the literature (Yoon, 2001). All the products of
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the analysis and the synthesis in Eq. 1 can then be simplified in
terms of the analysis filter matrices, and reexpressed as

T T i)7T- i
X=H"H"X + H’H’X +--- + H/'H/X + - - -

T, T,

+ H{'H{”X + H)'H"X
=X+ X+ X X X 3)

To investigate the variable correlations over frequency, all
the scale contributions in Eq. 2 are rearranged side by side to
produce a two-dimensional matrix of size [nX (J + 1)m]. The
two-dimensional matrix is defined as follows

X, =X, X, -+ X - X,

j XJ+1] (4)
where X has the dimension of [n X (J + 1)m]. One can
express X in terms of V and Diag(X),,, as follows

X = V Diag(X),, ()

where Diag(X),,, is a diagonal matrix whose diagonal com-
ponent is X and off-diagonal terms are zero matrices with the
same dimension as X. The dimension of Diag(X),, , becomes
[(J + Dn, (J + 1)m]. V is defined as

Vv = [H{"H"

2) Iy (2 Hyy(i
H(] ) H(l ) ng) H(I./)

HYHYOHH) ©)

The data matrix is then mean-centered and scaled with the
variances. An off-line MSPCA model is obtained by applying
the regular PCA on X,;. One can capture the variable correla-
tions over several scales (Yoon, 2001).

On-line MSPCA model

To implement the MSPCA model online, the observations
have to be decomposed online. Consider a sequence of variable
observations x[n], expressed as

J
x[n] =2 > XU[2k + 1]g[n — 2]
j=1 kez
+ > XU[2k]g[n — 2°k] (7

kEZ
where

X2k + 1] =(WV[2%k — 10, x[1])  j=1,...,J

XU[2k] = (h"[2%k = 10, x[11)

These are the convolutions of the input with hy[n] and h,[n]
evaluated at evenly indexed 2’k. In these equations, 4¢"[n] =
h[nland g{"[n] = g,[n]. If h,[n] is an orthogonal filter, h,[—n]
= g;[n] and hﬁj)[n] =gl(--f)[—n]. This structure implements an
orthogonal discrete time wavelet series expansion. The basis
functions g¢/’[n] are defined as the time domain versions of
GY(z) and G”(z), given by
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J—1

G(z) = GY N(2)G(2* ) =[] Go(2¥) (8)
GP(2) = G (2)G(¥) = G(¥) [] Gz 9
K=0

where G{(2) = Gy(z), G{"(z) = G,(z),andj = 1, ..., J. The
expressions for analysis filters, H”(z) and H\”(z) for j =
I,..., J can be similarly obtained. Using these expressions
and the multirate identity for filtering, the octave-band filter
banks that perform the multiresolution analysis can be ex-
pressed in terms of J + 1 filter banks that are the combination
of analysis and synthesis filters, downsamplers, and upsam-
plers. The filter banks at coarser scales need more samples.

Because wavelet filters are in general noncausal in nature
and require future measured data for calculating the current
wavelet coefficient, special wavelets at the edges that eliminate
boundary errors, while being orthogonal to the other wavelets,
are required. These boundary corrected filters are causal and
require no information about the future observations to com-
pute wavelet coefficients at the signal ends (Cohen et al., 1993;
Nounou and Bakshi, 1999).

Thus, the on-line implementation scheme requires that one
decomposes the measured data within a window of dyadic
length using a causal boundary—corrected wavelet filter and
retains only the last data point of the reconstructed signal for
on-line use. When new measured data are available, one moves
the window in time to include the most recent measurement
while maintaining the maximum dynamic window length.
Nounou and Bakshi (1999) used a similar scheme for on-line
data rectification. It is noted that the data transformation is
done on a row as the new measured observation is obtained.
Thus on-line transformation does not guarantee orthogonality
of the scale block. However, one can obtain the block orthog-
onal PCA model by applying multiblock principal-component
analysis (MBPCA) (Cheng and McAvoy, 1997) or consensus
principal-component analysis (CPCA) (Wold et al., 1987) al-
gorithm on the data transformed by the on-line scheme. The
algorithm is summarized below.

Modified MSPCA algorithm

(1) Perform regular PCA on each scale block X; to obtain
loadings, P; and eigenvalues, A,

(2) Select the largest eigenvalue among all the existing
values and the corresponding loading.

(3) Obtain a MSPCA loading P, with the selected loading
of a scale block, j. For example, if the selected eigenvalue is the
ith eigenvalue of the jth scale block, then the corresponding

MSPCA loading P, is

0(1, m)

T |-
PG,k_

0(1,m) P 0(1, m) 0(1, m)

(= Dm (J+1=)m

(4) The scores can be obtained in two ways. One can use the
block score according to the loading selected, or use X and
P, the MSPCA loading
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T = XePg
(5) Deflate residuals
E; =Xs — TG.kPg,k

(6) Return to step 2 and repeat the procedure until one
obtains all the MSPCA loadings with all block loadings. In step
2, the eigenvalue is selected among the remaining eigenvalues
except for the one used in the previous step.

Process Monitoring and Fault Diagnosis Using
Scale and Variable Contributions

With the notion of MSPCA, one can estimate a scale con-
tribution to Hotelling’s 7° for fault diagnosis

1 m(J+1)

E (pkixG,k)z

m(J+1)

> xhove (10)

s
i=1 g k=1

m(J+1) A p 2

ki

= E sz,k E o
k=1 !
where p,; is kth variable weight in the ith latent variable, m is
the number of variables, J is the number of scales, A is the
number of PCA components, xg, is the kth variable of the
decomposed current signal x¢, and s, is the standard deviation
of the ith score. The overall 77 is partltloned into a contribution

from each scale as follows

m

2= XMW J=1...,J+ 1 (1)
i=1

This is the expression for the scale contribution of 72 to a fault.
Once the contributing scale for a fault is identified, one can
compute the variable contributions of the contributing scale. It
can be expressed as follows

T 7XG/ ]m+kw(/ Dm+k (12)

The above equation is the scale variable contribution to 7>
relative to zero. The expression for contribution to a change in
T? over some time interval is

ATJZk = T,zx(f) - Tfk(t -1)= Axé,(/—l)mww(_;‘ﬂ)mk (13)
where j = 1,...,J + 1,k =1,..., m. The upper control
limits for interval for T2, Tj?, and T,2k for a given significance
level « are given by

, (m=1Dm+1)g
ver, = n(n—_q)Fa(CL n—gq) (14

where F (g, n — q) is the upper 100a% critical point of the
F-distribution with ¢ and n — ¢ degrees of freedom (MacGre-
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gor and Kourti, 1995; Nomikos and MacGregor, 1995; Tracy et
al., 1992). In the case of 7°, 77, and T, the degrees of freedom
of the numerator terms (q) are A(J + 1), A, and 1, respectively.
One needs to carefully determine the significance level, a of T2
because the monitoring task using the multiple scale T2 plots
becomes a multiple statistical test and then the actual Type I
error will be 1 — (1 — a)’*'. It has an effect of lowering the
upper critical point and increasing the sensitivity of the fault
detection (Bakshi, 1998). Thus, the a-value of the test using
multiple Tf has to be modified such that the overall Type I error
would be the same as the desired Type I error. Otherwise,
comparison results between the regular PCA/PLS and the mul-
tiway, or multiscale methods may lead to an incorrect assess-
ment of the sensitivity of the fault detection (Misra et al., 2002;
Qin et al., 2001). Further detail of the Bonferroni adjustment is
given in the next section.

Similar expressions can be obtained for the squared predic-
tion error (SPE), that is

m(J+1)

SPE = E (x,; —

i=1

6. 15)

From this expression, the scale SPE (that is, the scale contri-
bution to the overall SPE) is given by

m

SPE; = 2 [xc,(_f—l)m+i -

i=1

‘x/\G,(jfl)m#»i:l2
i=1,...,J+1 (16)

where £5; = (PAP,Z\-)k-xG,k and the j variable contribution to the
SPE at that scale SPE; is

j=1,....J+ Lk
=1,....m (17

_ 4 2
SPEjk = [xc,<_;—1)m+k - Xc,(;—l)mk]

The upper control limits for SPE, SPE;, and SPE,, for a given
confidence 1 — « can be approximated by a weighted chi-
squared distribution (Box, 1954) as dgpg o = & X2 (h), where the
weight (g) and the degree of freedom (/) are both functions of
the eigenvalues of the covariance matrix. The mean and vari-
ance of the gxZ(h) distribution (w = gh, o* = 2g*h) are
equated to the sample mean (m) and variance (v) of the SPE
sample (Nomikos and MacGregor, 1995). This is a quick and
reliable way to estimate g and / provided that the number of
SPE observations is sufficiently large. Thus the upper control
limit on the SPE at the given significance level « is given by

2
Bore.e = (2';1))(( = ) (s)

This is the upper 100a% critical point of the chi-squared
variable weighted with 1/2m and with 2m*/v degrees of free-
dom at the significance level o (MacGregor and Kourti, 1995;
Nomikos and MacGregor, 1995; Tracy et al., 1992). Based on
this expression, the upper control limit for the scale SPE and
the variable contribution to the scale SPE can be obtained. On
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Figure 1. Fault detection and isolation using MSPCA.

the other hand, the upper control limit can also be computed
from historical data using the approximate distribution for
quadratic forms proposed by Jackson and Mudholkar (1979).
Nomikos and MacGregor proved that both methods give al-
most the same result when one uses the Wilson—Hilferty equa-
tion (Nomikos and MacGregor, 1995). In the case of the SPE
statistics, one also has to modify the significance level o
according to the Bonferroni adjustment attributed to the same
reason explained above.

The process monitoring and fault diagnosis procedure based
on the MSPCA can be summarized as follows:

(1) Build an MSPCA model with the training data set and
calculate the control limits for 72, T/z, SPE, and SPEj based on
the training data set.

(2) For a new sample, calculate, 7°, 77, SPE, and SPE,.

(3) If either T2 or SPE or both of them are out of their limits,
a fault is detected.

(4) The scale j whose sz or SPE; violates its control limit is
deemed to be related to the fault.

(5) Any of the variable contributions T,2k and SPE, for k =
1, 2,..., m, that are large compared to the others in the
responsible scale blocks are then diagnosed to be related to the
fault.

It is noted that steps 3 and 4 would be done together
assuming that the control limits for the T2, T/z, SPE, and SPE/-
are adjusted by Bonferroni corrections. Depending on the fault
characteristics, only a few values of 77 and SPE; in step 4, T5;
and SPE; in step 5 should be affected. In general, one might be
able to recognize a fault type with the scale contribution plots,
Tf and SPE; When the fault induces variations in only a
narrow-frequency band, one can further investigate a root
cause by examining the variable contributions to sz and SPE,,
that is Tj2k and SPE;. (k = 1, 2,- - -). It is reccommended to use
the overall MSPCA statistics (72 and SPE) at first as overall
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monitoring tools, and the scale MSPCA statistics (T/2 and SPE))
for further diagnosis. Because MSPCA allows one to use
information on scale localization in addition to time localiza-
tion, the fault investigation thus may provide a suitable frame-
work for the fault isolation. Figure 1 summarizes the FDI
procedure using the MSPCA model. The proposed scheme
provides a systematic approach for diagnosing abnormalities in
processes.

Performance measures

Fault detectability is measured with the SPE and 7 statistics
with respect to various types of faults. With the following null
and alternative hypotheses

H,: No fault H,: fault (19)

Type I error is defined as a probability of rejecting the null
hypothesis that is true (Mongomery and Runger, 1994), and
presented by the « risk

a = p(reject Hy | H, is true) (20)

By calculating the false alarm rate during normal operating
conditions for the testing set and comparing it against the level
of significance upon which the threshold is based, one can
measure the robustness of a fault detection method. The dis-
crepancy between the calculated Type I error from data and the
theoretical significance level indicates deviation from the as-
sumed distributions on the statistics of 72 and SPE. One can
adjust the control limit such that the calculated Type I values
are consistent with the specified significance level (Russel et
al., 2000). The adjustment of thresholds to provide the same
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Table 1. Comparison between Multiblock and Multiscale Approaches

Multiblock

Multiscale

Process units or variables
CPCA (Wold et al., 1987);

Decomposition methods

MBPCA (Cheng and McAvoy, 1997);

Tools for FDI
Requirements

T?/SPE, T;/SPE,, T3/SPE;,
Location mformatlon of process
variations and faults

Applications Large processes

Scales (Frequencies)
MSPCA (Bakshi et al., 1998; Misra et al., 1998);
MSPCA (Yoon and MacGregor, 2001b)

T*/SPE, T;/SPE,, T;/SPE;,

Frequency characterlstlcs of process variations and faults

Small but complicated processes

Type I error, or «, provides a fairer basis for the comparison of
the sensitivities of the statistics.

The average run length (ARL) is the average number of
samples required to detect a shift (Mongomery and Runger,
1994). When the magnitude of shift is zero, the corresponding
ARL value is a reciprocal of the probability of false alarms, and
is referred to as the in-control run lengths (ARL, = 1/a). It is
desirable to have the same in-control run length for calculating
the consistent ARL values for nonzero mean shifts. This ap-
proach provides a standard way of comparing the relative
performance of different SPC techniques. For example, when
plotted against the magnitude of the shift, the ARL curve is
expected to be nonincreasing and typically converges to the
location of the mean shift as the magnitude of shift tends to
infinity (Aradhye et al., 2003).

Herein, SPE and 7° statistics and their scale contributions,
SPEj and sz, with respect to various values of the fault-to-
signal ratio (FNR = w/o, where u is fault magnitude and o is
standard deviation of signal variation), are used for the perfor-
mance evaluation of the fault detection. The 7% and SPE
statistics are used together without any smoothing effect to
calculate Type I and II errors, and the ARL.

One can address a fault isolability of a method using the
contributions to the 7% and SPE statistics. The scale contribu-
tions to the SPE and 7> (SPE; and 77) and the varlable contri-
butions to SPE; and T2 statistics (SPE wand T ) are the main
tools for the fault 1solat10n under the assumptlon that a fault is
detected. However, they will be limited to the simple type of
fault attributed to the fault propagation caused by process
dynamics and feedback controls.

Bonferroni adjustment

The significance level («) is the chance taken to incorrectly
declare a fault because of the Type I error. In the case of more
than one statistical test, the chance of finding at least one test
statistically significant attributed to chance fluctuation in-
creases. Thus, multiple tests increase the chance to incorrectly
declare a fault as significant. Because the overall significance
level using all tests should result in the same value of the
original significance level intended, the significance level of
each test should be adjusted downward when there is more than
one test in a particular study. For a set of independent tests, the
Bonferroni adjustment (Alt et al., 1988) can be used. When «
is set at 0.05, the test will show “something” in one out of 20
statistical tests, whereas in fact there is nothing. With five
independent tests, the chance of finding at least one fault
significant arising from chance fluctuation equals 0.23 (=1 —
0.95%). In ten tests, this chance becomes 0.40 (=1 — 0.95'%),
which is about one in two. Using the Bonferroni method, the «
value of each individual test is adjusted downward to ensure

2896

November 2004 Vol. 50, No. 11

that the overall risk for a number of tests remains 0.05. For
example, « in the case of five tests will be 0.01 (=1 — 0.95'%).
Then the risk of incorrectly finding a fault continues to be 0.05.
Thus, in the case of MSPCA with J levels of decomposition,
the signiﬁcance levels of the scale statistics, sz and SPE,, are
adjusted as o; = 1 — (1 — 2>lvﬁn)”(“l) Then, the rlsk of
incorrectly ﬁndlng a fault continues to be 0.05, providing each
of the test statistics is statistically independent.

The Type I error of Tf/SPEj is based on the threshold value
adjusted with the Bonferroni rule. This adjustment is based on
the assumption that one uses the scale monitoring plots, T /
SPE; as the main fault detection tools (Bakshi, 1998; Misra et
al., 2002) On the other hand, adjusting the threshold with the
Bonferroni rule is not appropriate in the case that the scale
monitoring plots are used only for the purpose of fault diag-
nosis because it is assumed that a fault is already detected.

Analogy between multiblock and multiscale methods

In very large processes involving many processing units with
many variables in each unit, the number of potential errors or
faults can be very large, making the diagnosis more difficult.
Schemes for process monitoring using multivariate statistical
projection methods such as PCA and PLS can be extended to
situations where the processes can be naturally blocked into
several subsections (MacGregor et al., 1994). The multiblock
projection methods allow one to establish monitoring charts for
the individual process subsections as well as for the entire
process. Multiblock data analysis methods have their origins in
path analysis and path modeling in the fields of sociology and
econometrics (Wagen and Kowalski, 1988; Wold, 1987).
Westerhuis et al. (1998) presented a unifying view of all the
multiblock PCA and PLS algorithms. (See Table 1.)

The main advantage of such blocking is to allow for easier
interpretation of the data by looking at smaller meaningful
blocks and the relationship between blocks. The choice of
blocking depends on engineering judgments. The block should
correspond to distinct units of the process where all the vari-
ables within a block or process unit may be highly coupled, but
where there is minimal coupling among variables in different
blocks. Variables associated with streams that leave one block
and enter another (feed or recycle streams) should generally be
included in both blocks.

If a special event or fault occurs in a certain section of the
process, then the multiblock methods can generally detect the
event earlier and reveal the subsection within which the event
has occurred (MacGregor et al., 1994). This is because a
process is monitored by the deviations of the block 7?/SPE
statistics relative to normal variations in the variables of the
corresponding process subsection, but not with respect to vari-
ations in all the process variables. However, if a fault occurs
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that affects all sections of the plant almost simultaneously, then
the superblock (or consensus) scores and SPE should detect the
event earlier because it is simultaneously using information on
the fault gathered from all blocks of the process. Note that the
superscores level in MBPCA/MBPLS is equivalent to the con-
ventional (single block) PCA/PLS.
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The analogy between the multiblock methods and multiscale
methods comes from the fact that both methods decompose the
overall monitoring statistics and provide detailed frameworks
for diagnosing process abnormalities. The multiblock methods
block the information according to variables, whereas the mul-
tiscale methods block the data with respect to frequency char-

(b)

100 ' ]
;
10-1
1
o 102 ‘
£ 103
i
10411 |
10-5i M ”’\"‘\_4; L , S
0 0.01 0.02 0.03 0.04 0.05
Freq (Hz)
(d)
10%%
-
~
<
g 1
2 10
= 3
2 —
AN
10° L e S ® =
0 2 4 6 8 10
FNR = wo

Figure 3. Monte Carlo simulation of an oscillatory fault in the T, sensor for various FNR ratios.

(a) Time series plot of T;; (b) power spectral density function of 7|, of fault data (FNR = 2 at 51 min); (c) detection ARL; (d) isolation ARL
(# of simulations at one FNR: 500; o = 0.01; scaling on X; >: T%/SPE(PCA); [J: T¥SPE(MSPCA); O: T?/SPEj).
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Figure 4. FDI of T, sensor drift.
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(a) Time series plot of 7, with FNR = 2.8; (b) power spectral density function of 7|, sensor after the fault; (c) detection ARL based on Monte
Carlo simulation; (d) isolation ARL based on Monte Carlo simulation (# of simulations at one FNR: 500; a = 0.01; scaling on X; *:

T*/SPE(PCA); [J: T*/SPE(MSPCA); O: T}/SPE,).

acteristics. When a fault occurs in one subsection of the pro-
cess, or in one frequency band of the whole frequency range of
the process variations, either the multiblock or multiscale
method would be better than the regular methods in detecting
and isolating faults. However, it is questionable if the
multiblock and multiscale methods would result in better per-
formance when the fault effect is spread over more than one
subsection of the process or one frequency range of the process
variations. Thus, a suitable monitoring method to give the best
detection and isolation of the faults must be based on the fault
characteristics. Such information on the faults is very crucial if
one is to optimize an FDI scheme.

Numerical Examples

In this section, we illustrate how the MSPCA-based FDI
performs for several types of faults with different frequency
characteristics. The CSTR system illustrated in Figure 2 (taken
from Marlin, 1995, pp. 90-92) is used in this simulation study.
The reaction rate, the overall heat transfer coefficient, and all
the input variables (Cyg, Cya, Ty, and T) were simulated to
have first-order autoregressive variations in them. These vari-
ations, together with additional white noise measurement errors
on the input variables, made up the normal or “common-cause”
variations in the process when it is operating normally (see
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Yoon and MacGregor, 2001a for details). All faults were then
introduced on top of these normal variations.

Fault with a localized frequency content

This example is used to illustrate a situation where the
MSPCA approach should show an advantage over regular
PCA. The fault consist of the appearance of an additional
oscillatory variation in the measured value of the inlet temper-
ature (7)) of the CSTR, whereas the real value of T}, continues
to behave in its normal manner (autoregressive plus white noise
variation). The fault is simulated with a sinusoidal function
whose oscillation period is 25 s and magnitude is M

~(2mt
©w = M sin 5 21

Using the CSTR model, a set of observations was collected for
200 min under normal operation. The sampling interval was
10 s. Testing data were generated with the fault introduced at
51 min into the run as shown in Figure 3a. The PCA and
MeSPCA models were estimated with the training data. The
scaling for the MSPCA model was done on X;. Note from the
power spectral density (PSD) of the inlet temperature measure-
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(a) Time series plot of T, with M = 2; (b) power spectral density function of T, signal; (c) detection ARL based on Monte Carlo simulation;
(d) isolation ARL based on Monte Carlo simulation (# of simulations at one FNR: 500; a = 0.01; scaling on X; >*: T%/SPE(PCA); [I:

T*/SPE(MSPCA); O: T;/SPE)).

ment for the testing data (Figure 3b), the fault in 7, shows up
as a peak at 0.04 Hz (in the high-frequency—low-scale band)
and it does not propagate into other frequencies nor into the
other variables. The significance levels of the T/2 and SPE;
statistics were compensated with the Bonferroni adjustments
The adjusted significance level is 0.0020 [=1 — (1 — «)'”].
The upper control limits of MSPCA 72/SPE statistics are thus
higher than those of the PCA statistics.

To fairly assess the performance of the proposed method,
Monte Carlo simulations (Sobol, 1974) were implemented.
A total of 500 sets of training and testing data were gener-
ated at each value of various fault to normal noise ratios
(FNR) on the inlet temperature measurement. The FNR is
defined as the ratio of the magnitude of the fault to the
standard deviation of the 7, measurement under normal
operation {FNR = [M/a(T,)]}. With each data set, the ARL
values for the fault detection and isolation were calculated.
The Type I error of Tj2/SPEj is based on the threshold value
adjusted with the Bonferroni rule. With these monitoring
statistics, the overall ARL based on the 77 and SPE plots is
calculated. The individual control limits for the 7% and SPE
plots are then slightly adjusted such that the overall type I
error is 0.01 in all cases. Average ARL values are calculated
with 500 simulations for each FNR condition.

Figure 3¢ shows the average ARL values of several statistics
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for fault detection of the oscillatory fault in the 7, sensor at
several FNR levels. Those of the MSPCA based on T%/SPE,
and the scale contribution based on sz/SPEj are shorter than
those of the regular PCA statistics. This is attributed to the
characteristic of the oscillatory sensor fault whose effect is
concentrated in a single-frequency range. However, one may
not have the same result for other types of faults if their
frequency characteristics are different. The ARL for isolation
measure is also calculated with the testing data under the
assumption that the fault is detected. In the case of MSPCA, the
variable contributions to the scale statistics sz and SPE,, that is,
T3 and SPE,, are used, whereas the variable contributions 77
and SPE, are used for PCA. From Figure 3d, it is obvious that
one can diagnose the oscillatory sensor fault better with the
statistics of the MSPCA than with those of the standard PCA
approach.

On the other hand, this enhancement may result from the
scaling effect. Unit scaling of each scale block would put equal
weights on all the process correlations of the decomposed
scales regardless of the scale contributions to the overall pro-
cess variation. If the scale contribution of the high-frequency
block is small, the unit scaling might unreasonably increase the
small contribution. The issue on the scaling will be discussed in
a later example.
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Sensor drift (incipient fault)

The fault effect of the sensor drift is also confined in one
scale band but at the low-frequency—high-scale bandwidth. A
seasonal variation or long-term ageing of reactor catalyst may
show this type of characteristics. Figure 4a shows a drift on the
inlet temperature measurement. The drifting sensor is simu-
lated to start at 51 min and continue until the end of the testing
simulation. The eventual fault magnitude is M. The frequency
characteristic of the sensor drift is shown in Figure 4b to be
located mainly at the low frequency.

Monte Carlo simulations were done for the sensor drift. All the
simulation conditions were the same as those for the previous
example except for the type of fault. A total of 500 simulations
were made for each FNR [M/o(T,)] of the drift fault. Figures 4c
and d summarize the detection and isolation ARL for the PCA,
MSPCA, and the scale contribution with respect to various mag-
nitudes of the fault-to-signal ratio. Both plots show that the de-
tection and isolation performances of the three methods are almost
identical. This phenomenon is explained by the fact that the
low-frequency scale contains most of the fault variance, and all
these approaches are therefore based on essentially the same
frequency information. The FDI, using the MSPCA and its scale
statistics, does not provide an enhanced performance if the fault
effect is confined to the low-frequency region.
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Sensor bias

A sensor bias of magnitude M in the inlet temperature
measurement (7)) is simulated as in Figure 5a. All the other
simulation conditions are the same as in the above case.
Figure 5a shows the process trend of the inlet temperature.
Even though this type of fault is a high-frequency event, the
high-frequency feature is easily missed and instead other
effects such as measurement noise and measurement dy-
namic characterize the fault signature. Figure 5b confirms
this fact.

A total of 500 sets of training and testing data were
generated with different magnitudes of the bias on the inlet
temperature measurement {FNR = [M/a(T,)]}. Figures 5c
and d show the fault detection and isolation ARL for the
sensor bias for different values of FNR. The detection and
isolation ARL of the MSPCA based on T%/SPE, and the scale
contribution based on T_,?/SPE_,-, show almost the same results
as those of the regular PCA. This is attributed to the char-
acteristic of the sensor bias, which consists of a short-
duration and high-frequency event, but mainly a low-
frequency shift. The simulation result confirms that the
multiscale model does not significantly outperform the reg-
ular PCA in such a case.
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Figure 7. Complex fault with a measurement bias of AT = +1° K in the reactor at 51 min.

Sensor spike

Figure 6a shows a spike on the inlet temperature measure-
ment. Such a fault may arise simply from a temporary sensor
error or from a real short-term variation (the latter usually
being more serious). The fault, simulated to occur at the 51st
minute, occurs in a higher-frequency band. Because it is an
instantaneous action, it is not clearly shown in the PSD plot of
the sensor spike in Figure 6b.

Monte Carlo simulations were done for the sensor spike case to
generalize the result obtained. All the simulation conditions were
the same as those for the previous simulation except for the type
of fault. A total of 500 simulations were made for each magnitude
(M) of the fault {FNR = [M/o(T,)]}. Figures 6¢ and d show the
ARL values of several statistics for fault detection and isolation of
the T, sensor spike at different FNR values. Both plots show that
the detection and isolation performances are almost identical in the
three cases, which is explained by the fact that the effect of the
sensor spike is easily missed when its magnitude is small. The
FDI, using the MSPCA and its scale statistics, does not provide an
enhanced performance. It is also noted that the overall perfor-
mance of the FDI with respect to the sensor spike is worse than
that with respect to the sensor bias.

Complex fault

In contrast with the simple faults simulated above, a com-
plex fault is the one whose effects are propagated into many
measurements. Complex faults are generally the most impor-
tant type of fault to detect. They arise from real changes
occurring in the process, such as might arise from reaction rate
changes attributed to the presence of impurities or contami-
nants, or from heat transfer changes as a result of fouling, or
from any sensor fault that occurs within a feedback loop. In all
these cases the effect of the fault will appear in many process
variables. The isolation of complex faults becomes compli-
cated and problematic because process dimension and com-
plexity increase the fault propagation. The complex fault has an
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initial fault signature, a time-varying trajectory, and a steady-
state fault signature. The initial fault signature may provide a
reliable and prompt source for fault isolation because it is not
affected by fault propagation. However, the initial fault signa-
ture can be easily missed by any fault-detection scheme. The
transient behavior and final steady-state vector of the measure-
ments are thus generally used as an alternative to the initial
fault signature (Yoon and MacGregor, 2001a).
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Figure 8. Detection and isolation of a complex fault with
AT = +1 at 51 min using T?/SPE,.
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The fault is introduced as a measurement bias of +1°C that
suddenly appears on the reactor outlet temperature at time 51,
as shown in Figure 7. Because the reactor outlet temperature is
the controlled variable, the effect of measurement bias is prop-
agated into other variables. The coolant flow rate, which is the
manipulated variable, is changed to remove the deviation of the
reactor outlet temperature from its setpoint, and this causes a
change in the reactor outlet concentration.

The change of the coolant flow rate is an action at a low-
frequency level compared to the random variation in a normal

(a)
10%%;
2
<
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E 10
g X
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0| Foee
9% 3 5 1%
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case. On the other hand, the fault—a sudden change in the
temperature measurement—occurs at a higher-frequency band.
In the conventional PCA, the 72 and SPE statistics include all
the events occurring at all scale bandwidths. With 7%/SPE
statistics, one can easily detect the fault. With the variable
contribution plot, one can diagnose that the outlet temperature
and the coolant flow rate are associated with the fault. Simi-
larly, one can detect the fault successfully with the MSPCA-
based 7%/SPE monitoring plots (Yoon, 2001), and diagnose the
faults with the scale contributions to 7% and SPE. Figure 8
indicates that both the lowest and highest scale blocks are
responsible for the fault alarm. In the variable contribution plot
to the SPE, of the D, scale in Figure 9a, the outlet temperature
measurement is clearly associated with the fault. The variable
contribution plot to the SPEs of the A, scale, the highest
approximation block in Figure 9b indicates that the measure-
ment of the cooling water flow rate is also associated with the
fault. Based on these two plots, one might conclude that the
measurement of the outlet temperature may be a root source of
the fault and the cooling water flow rate as an affected variable.
This example illustrates how MSPCA does help in the fault
isolation through contribution plots in specific scales, even
though MSPCA does not improve the detection of the fault.

Scaling effect

To examine the scaling effect on the FDI performance, the
Monte Carlo simulation has been done for the sensor precision
degradation with the scaling on X instead of X. The simula-
tion conditions used in the previous examples were used.

Figure 10a thus shows the detection ARL values for the
oscillatory fault in the 7, sensor. The ARL has been calculated
with T2 and SPE statistics of the regular PCA, the MSPCA, and
the scale contribution of the MSPCA model (MSPCA). Com-
pared to Figure 3a the detection ARL of MSPCA in this
example is degraded. This occurs because X scaling puts
much greater weight on the faults occurring in high frequency,
whereas X scaling weights the less-dominant low frequencies
more. On the other hand, the isolation ARL values in Figure
10b show the same result as given in Figure 3b, regardless of
the scaling, because the same statistics TjZk/SPEjk are used in
both cases.
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Figure 10. Scaling effect: Monte Carlo simulation of T, sinusoidal fault.

T*/SPE(PCA); [1: T*/SPE(MSPCA); O: T7/SPE,).
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(az) Detection ARL; (b) isolation ARL based on Monte Carlo simulation (# of simulations at one FNR: 500; « = 0.01; scaling on X; :
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Conclusion

A modified MSPCA algorithm is presented for use in pro-
cess monitoring. Procedures for both fault detection and isola-
tion are presented. Contributions of the various scales to the
overall 72 and SPE, and contributions of the variables to each
scale, have been proposed as additional tools for fault isolation.
Because of the usage of scale information, FDI performance
sometimes can be enhanced.

FDI performance using the modified MSPCA was assessed
through Monte Carlo simulation with a CSTR system for
several types of both simple and complex faults. When an
abnormal event occurs within one scale bandwidth, the
MSPCA-based FDI method is shown to be more effective than
that based on the regular PCA model for detecting and isolating
faults. However, the multiscale approaches appear to provide
little improvement if the fault effect is spread over more than
one frequency band, or the fault effect occurs mainly in the
scale with the dominant variance. Thus, a monitoring method
that gives the best detection and isolation of faults will depend
on the fault characteristics; however, unless one has faults that
are expected to be very localized in frequency or that appear in
scales that normally have small variance, there is little to be
gained by using MSPCA models.
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