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( )Principal component analysis PCA is a powerful technique for constructing re-
duced-order models based on process measurements, obtained by the rotation of the
measurement space. These models can be subsequently utilized for chemical-process
monitoring, particularly for disturbance and failure diagnosis. Since the standard PCA
procedure does not account for the time-dependent relationships among the process
®ariables, this leads to poorer disturbance isolation capability in dynamic applications.
A simple idea, in which the last s PCA scores are recursi®ely summed and used to
construct descripti®e statistics for process monitoring, is presented. Analytically, it is
shown that the disturbance resolution afforded is enhanced as a result. Resolution is
impro®ed further through the use of an algorithm that enhances the correlations be-
tween the input and output ®ariables through optimal time shifting. An o®erall strategy
for on-line monitoring de®eloped includes disturbance identification through mapping.
The approach is demonstrated by two industrially rele®ant case studies.

Introduction

With the advent of improved instrumentation and automa-
tion, chemical processes now produce large volumes of infor-
mation. However, in the absence of appropriate processing,
only limited knowledge can be extracted directly from these
data, with many abnormal events, relating to interactions be-
tween the variables, remaining undiscovered. Several multi-
variate statistical methods have been developed to identify
correlations between the variables and create a new array of
orthogonal axes that capture most of the variability in the

Žcollected information such as Mardia et al., 1982; Martens
and Naes, 1989; Jackson, 1989; Wise et al., 1990; Kresta et

.al., 1991 . One of the most commonly used method is princi-
Ž .pal component analysis PCA , which also has been applied

Žto industrial processes such as Kosanovich et al., 1996; Sane-
.tan et al., 1997 . This method effectively reduces the original

measurement space, and as a result, facilitates process failure
and disturbance diagnosis, since the reduced-order model so
derived captures the essential correlations between the pro-
cess variables that characterize normal operating conditions
Ž .NOC . Deviations from these relationships, as a conse-
quence of the effect of failures or disturbances, are then in
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Ž .general easier to detect Dunia and Qin, 1998 . However, the
basic PCA method has difficulty in isolating deviations from
normal operating conditions when shifts are relatively small.
Moreover, the PCA method ignores the sequential depend-
encies in the samples, and thus neglects valuable characteris-
tics that can be used to increase failure detection resolution.

The main novelty of the approach introduced in this article
and described in the following section, is the use of the so-
called summed-scores construct, in which descriptive statis-
tics are computed using a vector of the last s PCA scores.
Since it can be expected that disturbances propagate in a dy-
namical system with a given directionality, the summed-scores
construct leads to a reinforcement of this directionality, and
thus improves the disturbance detectability. Basically, the
summed-scores approach is an extension of the standard uni-
variate moving-average technique, to the multidimensional
space of scores, obtained from applying the PCA model.

Two techniques related to the moving average are the
Ž .cumulative sum CUSUM and the exponential weighted

Ž .moving average EWMA . Each of these has advantages and
disadvantages compared to the others, as has been discussed

Žthoroughly in the univariate statistical literature such as
.Montgomery, 1991 . The main disadvantage associated with
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applying the CUSUM is that the resulting statistics are then
not normally distributed, thus leading to problems in the in-
terpretation of the results obtained. An important considera-
tion when considering the application of MA or CUSUM over
EWMA is that the latter is more complicated to implement.
By opting for moving-average techniques, one avoids the

Žadded complexity of tuning a filter time constant for each
.channel , as well as its rather arbitrary effect on the per-

Ž .formance obtained Ogunnaike and Ray, 1994 . It should be
pointed out that the characteristics of the CUSUM, MA, and
EWMA approaches remain when applying the methods on
uncorrelated, multidimensional data. The application of a
CUSUM chart in conjunction with PCA was suggested by

Ž . Ž .Zhang et al. 1996 , while Wold 1994 utilized the EWMA
on scores data.

It is worth noting that special methods must be used to
apply PCA efficiently to processes characterized by time-

Žvarying trajectories Wold et al., 1987; Wachs and Lewin,
.1998 . An algorithm introduced here, which accounts for the

dynamic delay between variables, is the so-called delay-
Ž .adjusted PCA DAPCA . This approach has similarities with

Ž .that proposed by Ku et al. 1995 , in which the dynamic be-
havior of the process is treated, but not its delays. In DAPCA,
the most appropriate time delays between the input and out-
put trajectories are determined by shifting input variables
backward iteratively until the correlation between each out-
put and each shifted input is maximized. In the third section,
this technique is shown to improve the resolution of PCA.
The overall algorithm, incorporating both the summed-scores
construct and delay adjustment, is presented in the fourth
section. The algorithm is tested on a simulated CSTR for
disturbance diagnosis in the fifth section, where delay-adjust-
ment is not used.

Relatively little has been published on the use of the scores
Žplane as a fault-identification tool Kresta et al., 1991; Lewin,

.1995; Raich and Cinar, 1996; Dunia and Qin, 1998 . By mov-
ing the cluster of shifted data further away from NOC, the
summed-scores statistics lead to a reduction in the crossing
zone in the NOC envelope, and thus improves the ability to
map common disturbances and to identify them. The ability
of PCA to provide visualization of abnormal conditions is
limited in practice to problems that can be adequately repre-
sented by three principal components at most. In circum-
stances where more than three principal components are
needed, either measures must be adopted which account for

Ždeviations in all dimensions of the problem space such as
2 .Hotelling’s T statistics , or multidimensional visualization

Ž .methods can be applied Wachs et al., 1999 . An attractive
Žalternative is the so-called ‘‘decentralized PCA’’ Georgakis

.et al., 1996 , in which the data set is divided into smaller
groups, each associated with a subsection of the process. This
requires additional computational effort, but has important
advantages in that the mapping of outliers is carried out with
a higher degree of specificity and sensitivity. An example ap-
plication of this idea for on-line monitoring is given in the
sixth section.

s -Summed Construct and PCA
ŽConsider the univariate moving-average filter Mont-

.gomery, 1991 : Let x , x , . . . , x , . . . denote a sequence of1 2 t

Figure 1. Ratio of the actual and ideal standard devia-
tions as a function of the degree of sequential
correlation.

samples. Then, the moving average of span w at time t is
defined as

x q x q ??? q xt ty1 tywq1
M s . 1Ž .t w

ŽAssuming normal distribution that is, no serial correlation in
.the sequence , the variance of the moving average M ist

t t 21 1 s
2V M s V x s s s . 2Ž . Ž .Ž . Ý Ýt i2 2 ww wis t y w q1 is t y w q1

'Thus, the expected standard deviation is sr w . However, if
sequential correlation exists, the standard deviation of the
moving-averaged data, s U, will be higher. To illustrate this,
consider the serially correlated sequence:

y s a ? y q 1y a ? x , 3Ž . Ž .i iy1 i

where x is white noise. Figure 1 shows the dependency ofi
U 'Ž .the ratio s r sr w on the degree of serial correlation of

y , as brought by a , with ws10.i
In the standard moving-average technique, control limits of
'sr w are used in any case, which therefore increases the

false-alarm rate when applied to serially correlated data.
When sequential correlation exists, the average run length
Ž . UARL will be reduced in proportion to a . More robustly, s
is used instead to construct control limits, and consequently,
the sensitivity to false alarms is similar to that of using the
raw data, with only the resolution-enhancement affected. As

Ž .a ™1 y ™ y , fault-resolution becomes similar to that at-i iy1
tained using standard Shewart control charts.

When calculating the corresponding control limits, apply-
ing the moving-average technique on multidimensional data

August 1999 Vol. 45, No. 8AIChE Journal 1689



requires taking into account the correlation that exists among
the variables. In the transformation of the multidimensional
space of raw data into an uncorrelated space of principal
components, each principal component acts as an independ-
ent variable, and thus the characteristics of the moving aver-
age remain the same for each of the principal components.

wDefinition. Consider the data sequence X s x , x , . . . ,1 2
xx , with n41. For simplicity, a one-dimensional example isn

treated, but its extension to multidimensional data is trivial.
Assuming the data are normally distributed and scaled to have
mean zero and unit standard deviation, and also that every
subset of sequential samples from the full data set has a nor-

˜mal distribution, one can form the s-summed construct, X,
which is a vector of ny s values defined as

i

x s x is s, . . . , n. 4Ž .˜ Ýi k
k s iy sq1

˜Theorem 1. The s-summed construct, X, defined in Eq. 4,
'is of mean zero and of standard deviation s .

Proof. Since X has zero mean and unit standard devia-
Ž . 2Ž .tion, E X s0 and s X s1. Consequently,

˜E X s E X q X q ??? q X s E XŽ . Ž .Ž . iys iysq1 i iys

q E X q . . . q E X s0q0q . . . q0s0.Ž . Ž .iysq1 i

Furthermore,

22 2 2˜ ˜ ˜ ˜s X s E X y E X s E X y0Ž . Ž . Ž . Ž .
2w xs E X q X q ??? q XŽ .iys iysq1 i

2 2 2w x w x w xs E X q E X q ??? q E XŽ . Ž . Ž .iys iysq1 i

q2 ? E X ? X q ??? q E X ? Xw xŽ . Ž .iys iysq1 iy1 i

ss 2 X qs 2 X q ??? qs 2 XŽ . Ž . Ž .iys iysq1 i

q2 ? E X ? E X q ??? q E X ? E Xw xŽ . Ž . Ž . Ž .iys iysq1 iy1 i

s1q1q ??? q1q2 ? 0.0q ??? q0 ?0 s sŽ .

ˆE X s E X q X q ??? q X s E XŽ . Ž .Ž . iys iysq1 i iys

q E X q ??? q E X s0q0q ??? q0s0.Ž . Ž .iysq1 i

˜ 'Thus, X has zero mean and is of standard deviation s .
Properties. If the sequence X is disturbed by a step change

of d imposed at instance j, then the disturbed sequence, X D,
is defined as

x , i- jiDx s 5Ž .i ½ x qd , iG j.i

˜D DThe s-summed sequence X derived from X exhibits a
ramped change of a each instant over s instances, starting at

˜instant j. Thus, while the standard deviation of X is a factor
D˜'of s bigger than that of X, the shift in X is a factor of s

bigger than that of X D. Consequently, there is an increase by

's in the resolution between shifted data and normal limits.
As discussed before, the increase in resolution is dependent
on the degree of sequential correlation. In practice, the reso-

'lution enhancement lies between 1 and s .

Summed-scores PCA
Here, the idea of the s-summed construct is integrated into

Ž .PCA SSPCA . This is best introduced using an example.
Example 1. For demonstration purposes, consider a proc-

ess having two, linearly correlated sensors:

X sf 6Ž .1

X s af q b. 7Ž .2

Assuming the measurements are normally distributed at
NOC, then after scaling the data to have mean zero and unit

Ž .variance autoscaling , the scaled data from the two sensors
ˆ ˆare the same: X s X . Following the PCA procedure, the1 2

data set is projected onto a new set of orthogonal axes that
are the eigenvectors of the correlation matrix of the scaled
data, corresponding to the variability of measurements rela-
tive to their associated eigenvalues:

ˆ ˆX s X , X 8Ž .1 2

X T X
TAs s P L P 9Ž .

ny1

T s XP . 10Ž .

For the given example, the eigenvectors corresponding to
T' ' 'w x wthe eigenvalue in L, l s2, 0, are p s 0.5 0.5 , 0.51,2 1,2

T' xy 0.5 . From this result, it can be concluded that the first
principal component vector captures the entire data variance
Žthat is, the scores matrix, T , has one vector of zeros, and
thus, the second principal component can be neglected with

.zero residual . The s-summed construct is computed, giving
the so-called Summed-scores PCA:

i

t̃ s t , is s, . . . , n. 11Ž .Ý1,i 1,k
k s iy sq1

˜Following Theorem 1, T has a normal distribution, which is1
of zero mean and of standard deviation s . The NOC bound-˜
aries are determined to be at "3 ?s from the origin, so 99.7%˜
of NOC data will lie within the NOC limits.

To demonstrate the difference in detection and steady-state
resolution of a change in operating conditions, assume that a
process change, causing a shift of slightly more than 3s ,
propagates following a first-order lag with a time constant of
ten times the sampling interval. If the diagnosis is carried out
using conventional PCA, the 3s limits, delineating the NOC,
will be crossed due to the shift at about the 50th sample after

Ž .the onset of the change that is, after five time constants . In
'contrast, using SSPCA, the NOC limits are 3 ? s ? s , with the

nominal steady-state location of the shifted data extending to
3 ? s ?s . This increased resolution between the NOC and the
failure point will often lead to a faster identification of the
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( )Figure 2. Dynamics of nominal shift behavior for a
( )conventional PCA, and b summed-scores

PCA, with ss2.

alarm status. Thus, returning to the same disturbance as be-
fore, SSPCA with ss2 detects an alarm at the 14th sample,
as shown in Figure 2. In the following, the term ‘‘outlier’’
refers to measured data that fall outside normal operating
limits.

Since the increase in resolution afforded by SSPCA over
'conventional PCA is by a factor of s for the ideal case, it

will increase with s, although at the price of delayed reac-
tion. Thus, the appropriate selection of the value of s de-
pends on the sensitivity to disturbances that is required from
the monitoring system. For gross alarm detection, when the
disturbance or failure is of sufficient magnitude to drive the
scores well outside the NOC limits, conventional PCA may
suffice to give adequate performance. On the other hand, it
may be of interest to detect constant shifts within what is
considered to be normal behavior, which can be accom-
plished with the SSPCA approach by selecting the value of s
appropriately. The so-called accumulated-scores PCA
Ž . Ž .ASPCA , suggested by Zhang et al. 1996 , is equivalent to
SSPCA with s™`. The implementation of ASPCA leads to
two main disadvantages. First, it generates NOC data that
are not normally distributed, and usually with a nonzero
mean, which may lead to interpretation problems. A second,
more serious disadvantage is its sluggish performance in deal-
ing with transient data, a consequence of setting s™`.

Another side benefit achieved by applying the suggested
method is that by moving the clusters of shifted fault-data
further away from NOC boundaries, the view angle as pro-
jected back from the outlier cluster is reduced, allowing for a
more accurate mapping of faults, which improves the identifi-
cation performance, as shown in Figure 3. This enhanced res-
olution is reflected by the view-angle ratio, R , which can beu

easily derived by trigonometry as

s
y1tanu ž /dR s s , 12Ž .u sû y1tan ž /'d ? s

where d is the shift size. This ratio increases with increasing
's, limiting by the asymptotes: R ™ s for srd <1, and Ru u

™1 for srd 41.
The motivation for the improvements described in this ar-

ticle is to increase the disturbance and failure resolution af-
forded by PCA. Several measures will be used, relating to
disturbance isolation and resolution, and these are defined
next.

Multidimensional NOC ©olume, VN O C

A measure of the resolution afforded by PCA is the
volume spanned by what is considered to be NOC in the
multidimensional scores plane, V , which can be com-NOC
puted either as the product of the principal component stan-
dard deviations, or equivalently, as the product of the roots
of the correlation matrix eigenvalues:

m m
V s P 3s A s P 3 l A . 13'Ž . Ž . Ž .NOC i i

is1 is1

Note that the factor of 3 in Eq. 13 enters as a result of the 3s
limits previously mentioned. Since a useful property of the
correlation matrix is that its determinant equals the product
of its eigenvalues,

m
m m'< <V s3 P l A s3 A , 14' Ž . Ž .NOC i

is1

increased resolution through a reduction in V is equiva-NOC
lent to minimizing the determinant of the correlation matrix.

Figure 3. Potential departure angles for shifted data ob-
tained using conventional PCA and SSPCA on
a plane of two principal components.
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Euclidean distance to failure, r
The Euclidean distance to failure is the mean distance be-

tween the origin and the location of the failurerdisturbance
in the normalized scores plane. Normalization of the scores
plane is by division of each score coordinate by the root of
the corresponding eigenvalue:

2Dm TŽ .i
r s , 15Ž .Ý)

liis1

where T D is the average value of the ith PC scores at thei
failure location.

Isolation ratio, I
The isolation ratio is the ratio between the Euclidean dis-

tance to failure and the distance from the origin to the NOC
limits, which can be expressed as

r
Is . 16Ž .'3 m

Enhanced disturbance resolution is achieved by increasing
the distance between NOC data and shifted data. The SSPCA
approach succeeds in doing this by shifting disturbed data

'from the origin by a factor of s more than its shift in NOC
data. An alternative is to produce a ‘‘tighter’’ NOC model,
through contraction of V . This is carried out by improv-NOC
ing the correlation between the process variables in transient
data by considering the dynamics or delays present between
them. This is discussed next.

Delay-Adjusted PCA
Ž .In delay-adjusted PCA DAPCA , the data are preproc-

essed, applying relative shifts between the inputs and out-
puts. The optimal shifts in each input variable are those that
minimize the determinant of the associated correlation ma-
trix. The algorithm is

1. Form the n= m raw data matrix, X , consisting of n rows
Ž . Ž .n observations and m columns m variables , the first k of
which are inputs and the subsequent my k are outputs: X s
w xx , . . . , x , x , . . . , x .1 k kq1 m

2. Define the maximum reasonable process delay, d , inmax
terms of samples.

Ž . Ž .3. For each input variable, i: a form the n= my kq1
Ž .data matrix, X , from the ith input and all my k outputs; bi

select the optimal backward shift in the ith input, d , in thei
range 0F d F d , such that the derminant of the correla-i max
tion matrix computed from X is minimized. The search fori

Ž .d is carried out by enumeration; c store the optimal shifti
for the ith input, d .i

4. Adjust the original data set such that each input vector
wis shifted by its optimal delay, Ys x , . . . , x , x , . . . ,1,d k ,d kq11 k

xx ; andm
5. Perform PCA on the modified data set, and adjust new

samples by the optimal shifts computed in step 3.
The algorithm assumes that the output variables are corre-

lated among themselves with no delays present, and that the

inputs are independent of each other. This may not always be
true, especially when analyzing closed-loop data. Thus, since
only correlations between the outputs and inputs are opti-
mized, it is not possible to guarantee that the proposed algo-
rithm always identifies the optimal shifts that find the global
minimum for V . An alternative algorithm could be ap-NOC
plied, requiring an exhaustive search over all combinations
between the m variables. However, since such an algorithm

Ž .mrequires as much as d computations of the determi-max
nant of the correlation matrix, its implementation is infeasi-
ble in processes with a large number of variables. In contrast,

Ž .the proposed algorithm requires up to d = k= my kmax
calculations of the determinant of the correlation matrix,
where k is the number of inputs. The use of the DAPCA
algorithm is now illustrated on two examples.

Ž .Example 2. Consider the example used by Kramer 1991
to demonstrate nonlinear PCA:

us0.8 ? sin u 17aŽ .

ys0.8 ?cos u 17bŽ .

w xu sW 0, 2p , 17cŽ .

w xwhere W a, b represents the uniform distribution in the
Ž .range a, b . A data set, comprising of 100 samples, is

w xcollected and stored in the matrix, X s u, y . Performing
PCA on the raw data produces the orthogonal eigenvectors:

T T' ' ' 'w x w xp s 0.5 0.5 and p s 0.5 y 0.5 with correspond-1 2
ing eigenvalues l s1 and l s1. This implies that there is1 2
no correlation between the two variables and that both direc-
tions describe the same amount of variability in the data. Us-
ing DAPCA, it is found that by delaying the input variable, u,

Žrelative to the output variable, y, by 25 samples correspond-
.ing to 0.5p , the determinant of the correlation matrix is 0,

and so V is reduced to zero. Performing PCA on theNOC
modified array will produce eigenvalues l s2 and l s01 2
associated with the same eigenvectors as before. Using the
known shift for further analysis will allow the use of one prin-
cipal component to model the normal data with no loss of
information.

Ž .Example 3. Wood and Berry 1973 present a linear model
approximating the dynamics of a binary distillation column
separating methanol from water, in which the distillate and
bottoms methanol weight fraction are expressed as functions
of reflux and reboiler steam flow rates. Their continuous
model, sampled at a time interval of one minute, gives the
difference equations:

X s1.895 X y0.898 X q0.744R y0.709RD , i D , iy1 D , iy2 iy2 iy3

y0.879S q0.828S 18aŽ .iy4 iy5

X s1.845 X y0.851 X q0.579R y0.54RB , i B , iy1 B , iy2 iy8 iy9

y1.302S q1.187S . 18bŽ .iy4 iy5

In Eqs. 18, X and X are the percentage methanol weightB D
fractions in the distillate and bottoms product, and R and S
are the reflux and reboiler steam flow rates, with all vari-
ables expressed as deviations from their nominal steady-state
values. Normal behavior is simulated by generating 1,000
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Table 1. Correlation Matrix Eigenvalues for the Raw
and Shifted Data Sets

l l l l V1 2 3 4 N OC

X 1.91 1.01 0.99 0.10 35.3
X 2.08 1.02 0.83 0.08 29.2D A

samples of data in which R and S are normally distributed
vectors having mean zero and unit variance, and X and XB D
are computed according to Eqs. 18 with the addition of mea-

Žsurement noise assuming normally distributed noise with
.zero mean and 0.01 standard deviation . The application of

the delay-adjustment algorithm to the generated data indi-
cates that the optimal backward shifts in the input vectors R
and S are two and four samples, respectively. Eigenvalues of
the correlation matrix obtained for the raw array and the
modified one are given in Table 1.

To investigate the impact of the preceding results, various
faults and disturbances were simulated, and the resolution
capabilities of PCA using the original and the DA-modified
data sets were compared. The two process disturbances simu-
lated were constant shifts in R and S, one at a time, and four
sensor faults were simulated as constant shifts in the values
of each variable, one at a time. Each disturbance or fault set
consisted of 1000 samples in each run. The results of the tests
are presented in Table 2. Clearly, there is no marked im-
provement in the process disturbance resolution afforded by
DAPCA, whereas for sensor fault detection, the improve-

Ž .ment is statistically significant up to 14% better . These
results can be elucidated by first noting that the DA-modifi-
cation actually increases the normal operation variability
range, as reflected by the higher value of the first eigenvalue,
while decreasing the permitted operation range in scores cap-
turing the allowed variation in the physical relations between

Ž .the variables as captured in the last two eigenvalues . Next,
we note that disturbances will manifest themselves as possi-
bly increasing the observed operating range, whereas sensor
faults cause violations in the necessary physical relations be-
tween the variables. Thus, the increased ‘‘tightness’’ of the
model so obtained explains why mismatches in the allowed
interrelation between the variables are trapped more effec-
tively. This is shown in the two-dimensional example in Fig-
ure 4.

Algorithm for Failure and Disturbance
Identification

The algorithm involves off-line data manipulation, delay-
adjustment, PCA model-building and NOC definition steps.

Ž .Once the NOC is defined in the principal component PC

Table 2. Mean Shift of Applied Faults and Disturbances

Ž . Ž .r "s r r "s rD A D A

Shift in R 4.46"0.21 4.41"0.21
Shift in S 5.79"0.20 5.71"0.20
Fault in R 2.02"0.02 2.30"0.02
Fault in S 2.04"0.03 2.23"0.03
Fault in X 2.36"0.10 2.64"0.10B
Fault in X 2.45"0.13 2.76"0.14D

Figure 4. Two-dimensional example showing tighter
model obtained with DAPCA.

space, on-line failure diagnosis can be implemented. These
steps are described in detail next.

Data Manipulation. The process measurements represent-
ing normal operating conditions are stored in a matrix X with
Ž . Ž .n observations rows and m sensors columns. The data are

usually autoscaled; that is, the entries in each column are
subtracted by their mean values and divided by their stan-
dard deviations.

Delay Adjustment. The optimal backward shift is deter-
mined for each input variable, using the algorithm presented
in the third section. The resulting data are stored in a matrix
Y. In some cases, and particularly when analyzing closed-loop
data, this step may be omitted, and Y taken as X.

Off-Line Modeling Using PCA. The m= m correlation
matrix is formed using Y:

Y T Y
As . 19Ž .

ny1

The eigenvectors and eigenvalues of A are computed and
arranged by decreasing order of eigenvalue magnitudes. The
scores on the new coordinate system are computed: T s PY.
A reduced-order model is defined, using the first k loadings,

Ždeemed sufficient to capture most of the data variance using
cross-validation, SCREE plot, arbitrarily defined percentage

Ž .variability capture, or other techniques. See Jackson 1989
.for more details .

Y s t pTq t pTq ??? q t pTq ??? q t pT 20Ž .m 1 1 2 2 k k m m

YsY q R . 21Ž .m

Finally, the summed-scores construct is calculated for the
scores:

t̃ s t q t q ??? q t . 22Ž .k k ky1 kys

Computing the NOC En®elope. The NOC limits should be
defined for each process specifically, according to which type
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of error is more important. For example, if one operates a
potentially unsafe process, it is clearly preferable to receive
false alarms rather than not to receive an alarm when a real

Žshift has occurred that is, Type I and Type II error consider-
.ations should be accounted for . As a general rule, though, it

will be assumed that one seeks to minimize false alarms and
the limits will be defined as three times the standard devia-

˜tion of the t vectors, ensuring that 99.74% of normal dis-
tributed data in normal conditions are inside the NOC
boundary limits. Thus, if only the first two principal compo-
nents are used, the NOC boundaries will be elliptical, with

Ž . Ž .˜ ˜principal radii 3s t , 3s t , respectively. If data of higher1 2
dimension must be maintained, a general measure such as
Hotelling’s T 2 should be used. Residual analysis is carried
out with the Q-statistic:

TQs Y yY Y yY , 23Ž .Ž . Ž .m m

with the statistical limit,

1rh02'c 2u h u h h y1Ž .a 2 0 2 0 0
Q su q q1 , 24Ž .a 1 2u u1 1

where

m m m
2 3u s l , u s l , u s l ,Ý Ý Ý1 i 2 3

is k q1 is k q1 is k q1

2u u1 3
and h s1y .0 2u2

In the preceding, l is the ith eigenvalue of the correlationi
matrix and c is the normal deviate cutting off an area of aa

under the upper tail of the distribution, with its sign equal to
the sign of h .0

Mapping the Disturbances. If two or three principal com-
ponents are sufficient to describe the data with an adequate
resolution, mapping departure directions from NOC bound-
aries can be carried out on the scores plane for known dis-
turbances, in conjunction with residual analysis. Mapping of
higher dimensions, or even projection of all of the principal
components simultaneously, may be obtained using parallel

Ž .coordinates Wachs et al., 1999 .
On-Line Process Monitoring. New data are monitored

against the NOC and its alarm limits. Each new observation
vector is autoscaled and projected onto the principal compo-
nent space. The modified sample vector is then summed with
the preceding sy1 score vectors to form the summed-scores
data vector. An alarm for a shift in the process occurs when

˜the values of T move out of the defined NOC envelope. When
such an alarm occurs, the departure direction should be com-
pared to the disturbance map for identification. After certain
identification, its data should be added to the mapping data,

Ž .so its accuracy will improve with time Lewin, 1995 .
In the following, disturbance diagnosis and identification

using the SSPCA algorithm is demonstrated on two industri-
ally relevant case studies: an exothermic CSTR and the Ten-
nessee Eastman process simulation.

Case Study 1: Disturbance Diagnosis for a CSTR
Ž .Allgower and Ilchmann 1995 provide a model that de-¨

Ž .scribes several reactions taking place in a CSTR: 1 A™ B,
Ž . Ž .2 B™ P, and 3 B™ X, in which A is the raw material,
and B, P, and X are the intermediate, desired, and unde-

Ž . Ž .sired reaction products. Reactions 1 and 2 are exothermic,
Ž .reaction 3 is endothermic, and since the overall reaction is

exothermic, the reactor is equipped with a cooling jacket to
allow temperature control.

Modeling. The process is described in terms of its state
Ž .variables xs C , C , C , T , T , manipulated variables usA B P j

Ž . Ž .q, q , and outputs ys C , T , T , q, q , in which T and Tj P j j j
are the reactor and cooling jacket temperatures; C , C , andA B
C are the concentrations of A, B, and P; and q and q areP j
the reactor feed flow and cooling water flow rates. The reac-
tor is modeled by the differential equations:

Ċ s q C yC y k T ? C 25Ž . Ž .Ž .A A0 A 1 A

Ċ sy qC q k T ? C y k T ? C y k T ? C 26Ž . Ž . Ž . Ž .B B 1 A 2 B 3 B

Ċ sy qC q k T ? C 27Ž . Ž .P P 2 B

1
Ṫ s q T yT y ? k T ? C ?D H q k T ? C ?D Hw Ž . Ž .Ž .0 1 A 1 2 B 2r p

U? A
q k T ? C ?D H q ??? y ? T yT 28xŽ . Ž .Ž .3 B 3 jV ?r p

U? A
Ṫ s q T yT q ? T yT . 29Ž .Ž . Ž .J j j0 j jV ?r pj

The reaction rates follow Arrhenius relationships:

Ei
k T s k ?exp is1, 2, 3. 30Ž . Ž .i i0 ½ 5T

The physical properties, together with the values of the
process variables at the operating-point steady state, are
summarized in Table 3.

Control. A control scheme was implemented to regulate
T and C , by manipulating q and q . A decentralized PIDP j
control scheme was designed, with the controller pairings se-
lected using the dynamic RGA, with the loops being T y q
and C y q . Finally, the controllers were tuned using theP j

Ž .IMC-PID rules Rivera et al., 1986 . This model-based scheme

Table 3. Physical Parameters and Process Variable
Values at Steady State

Variable Value Variable Value
y1 10w xw x w xC M M 1.00 k min 1.169=10P 10
y1 11w x w xT K 353.15 k min 1.445=1020

y1 y1 11w x w xq min 0.15 k min 1.689=1030
y1w x w xq min 0.10 E K 9,000j 1

w xw x w xC M M 5.00 E K 9,500A ,0 2
w x w xT K 343.15 E K 9,8000 3
w x w xT K 288.15 D H kJrmol y40j0 1
w x w xUArV 1 KrkJ ?min 0.225 D H kJrmol y202
w x w xrC kJrK 1.00 D H kJrmol 120p 3
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relied on the process model, linearized in the vicinity of the
operating point, with the tunings ensuring that each individ-
ual control loop satisfied robust stability and that the whole
system guarantees closed-loop stability despite process inter-
actions. The following controllers were obtained:

4.05=10y4? 2 sq1 10 sq1Ž .Ž .
Loop 1: C s s 31Ž . Ž .1 s 1.4 sq1Ž .

2y3y8.3=10 ? 8 sq1Ž .
Loop 2: C s s . 32Ž . Ž .2 s 1.5sq1Ž .

Five variables were assumed to be continuously available,
namely C , T , T , q, and q , while the disturbances to beP j j
diagnosed were abnormally high step changes in C , the feedA0
concentration, T , the feed temperature, T , the cooling wa-0 j0
ter inlet temperature, and a slow accumulation of fouling as
modeled by a gradually decreasing heat-transfer coefficient,
U. Modest changes in the first three disturbance variables
were considered normal, namely "0.3 M in C , and "38CA0
and "58C in T and T , respectively. The control system0 j0

implemented attenuates the effect of these levels of disturb-
ances and maintains C and T within "0.02 M and "18C ofP

Žtheir setpoints assuming measurement noise to be insignifi-
.cant .

Applying the Method. A simulation was carried out over
4,000 min, with normal disturbance variations occurring ran-
domly, with the data for NOC sampled at 5-min intervals.
The NOC envelope, computed following the algebraic steps
described earlier, but without implementing delay adjust-
ment, was defined in two-dimensional scores space, following
the observation that about 95% of the data variability is cap-
tured by the first two principal components.

Disturbance Diagnosis. Each of the four disturbances
mentioned earlier was applied to the system with random step
sizes of predefined ranges, and at a random time of occur-
rence. The effect of each disturbance was simulated 200 times,
with perturbations imposed in both positive and negative di-
rections relative to the nominal value. Two ranges of disturb-
ance sizes were examined, one with shifts smaller than nor-
mal, and in that case ss10 was selected for SSPCA, and the
second with disturbance magnitudes of between twice and
three times the normal values, for which ss4 was found to

Figure 5. Disturbance diagnosis with PCA and SSPCA.
Ž . Ž . Ž .Normal data are shown by dots, while disturbed data by circles: a SSPCA, large shift, ss 4; b PCA, large shifts; c SSPCA, small shift,

Ž .ss10; d PCA, small shifts.

August 1999 Vol. 45, No. 8AIChE Journal 1695



Figure 6. Residual analysis for a shift of H0.1 in CaO:
( ) ( )a raw data; b summed scores, ss10.

provide good performance. For each case, the elapsed num-
ber of samples, t , from the instant that the disturbance oc-0
curs until the NOC limits were crossed were recorded, as were
the directions in which the T-vector crossed the NOC enve-

Ž . Ž .lope u , and that of the last sample u , at 400 minutes,0 f

which was taken as the steady-state disturbance direction.
These results were compared with the performance of con-
ventional PCA on the raw measurements with the same
disturbances, as illustrated in Figure 5, where resolution en-
hancement with SSPCA between normal and disturbed data
for both large and small shifts in disturbances is noted.
Residual analysis indicates that all disturbances showed devi-
ations on the residual plane with both PCA and SSPCA, al-
though the latter provides sharper transitions between the
NOC and alarm conditions, as shown by the example in Fig-
ure 6.

The results for large and small disturbances are summa-
rized in Tables 4 and 5, respectively. It can be seen that the
number of samples between occurrence and diagnosis, t , is0

Ž .much smaller than the number of samples for each run 81 ,
so the assumption of steady state is reasonable.

Although the average value of t is similar for both PCA0
and SSPCA, a significant reduction in departure-angle range
is obtained using SSPCA, as reflected by the smaller values

Ž .of the standard deviation statistic, s u , so obtained. Figure0
7 shows pie-chart representations of the steady-state scores-
plane directions obtained by the two methods, for the two
levels of disturbance magnitude tested. In each figure, the
effect of each disturbance is projected as a sector in the pie

Ž .chart whose limits are delineated according to u "s u . Itf f
is noted that the sectors representing the projections for the
final directions for SSPCA are distinct and do not overlap.
This means that, for the disturbances investigated, the cause
of every outlier that falls into one of the known departure-
angle ranges can be uniquely identified. Furthermore, the re-
sults obtained using SSPCA appear to be independent of the
disturbance magnitude tested. All of this is in marked con-
trast with the results obtained with conventional PCA, where
there is significant overlapping, meaning that identification
of the cause of most of the outliers would be ambiguous. An
additional advantage of SSPCA over PCA is the improve-
ment of the isolation ratio, I. For ss4 and 10, the values of I
for SSPCA were about 2.5 and 3.8 times larger than for PCA,
which fits the analytical expectations of increased ability to
isolate disturbances with increasing s.

Case Study 2: Disturbance Diagnosis for the
Tennessee Eastman Process

SSPCA was applied to the diagnosis of disturbances for the
Tennessee Eastman industrial process simulation, introduced

Ž .by Downs and Vogel 1993 . In this process, two products, G
and H, as well as one unwanted byproduct, are produced
from four feed streams consisting of four reactants: A, C, D,

( )Table 4. Detection Performance of PCA and SSPCA Large Disturbances

Conventional PCA SSPCA

Ž . Ž . Ž . Ž .Dist. Range t u s u u s u t u s u u s u0 0 0 f f 0 0 0 f f

C y0.3m0.5 4 3518 21 2928 19 5 3408 14 2718 9A ,0
0.3m0.5 4 1278 36 628 10 5 1368 21 778 6

T y3my5 4 3578 16 3218 13 4 3528 12 2978 100
3m5 3 1518 31 748 16 4 1578 15 978 8

T 5m8 5 158 17 38 17 5 258 12 3488 21j0
U 0.225´0 10 3558 21 2908 3 10 3228 23 2858 2
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( )Table 5. Detection Performance of PCA and SSPCA Small Disturbances

Conventional PCA SSPCA

Ž . Ž . Ž . Ž .Dist. Range t u s u u s u t u s u u s u0 0 0 f f 0 0 0 f f

C y0.1my0.3 6 3478 20 3188 32 8 3328 18 2688 8A0
0.1m0.3 7 778 50 498 17 7 1218 22 808 6

T y1my3 7 3538 16 3408 23 7 3498 13 2948 100
1m3 11 958 60 578 26 7 1408 17 1028 9

T 2m5 12 68 16 108 24 8 238 11 3468 26j0
U 0.225´0 10 3558 21 2908 3 13 3238 18 2848 1

Figure 7. Steady-state disturbance direction mapping
for CSTR failure identification.
Ž . Ž . Ž .a SSPCA, large shift, ss 4; b PCA, large shifts; c

Ž .SSPCA, small shift, ss10; d PCA, small shifts.

and E, and an inert component, B. The main process units in
the flow sheet are a reactor, separator, stripper, condenser,
and a compressor, and the system involves 12 manipulated
variables and 41 process measurements of which 22 are con-
tinuous and the rest measure concentrations at intervals of 6
or 15 min. The logged process variables, organized into groups
associated with the reactor, stripper, and separator for the
purposes of decentralized diagnosis, are shown in Figure 8,
which also indicates the sources of the first seven disturb-
ances that are to be identified, noting that the disturbances
are numbered as they appear in the original article.

There has been significant activity in the application of dis-
Žturbance diagnosis methods to this problem such as Ku et

al., 1995; Georgakis et al., 1996; Raich and Cinar, 1996, 1997;
.Wachs and Lewin, 1998 . However, comparison between the

reported results is difficult, since each study employs a differ-
ent control scheme, which affects the system behavior and
the consequent correlation between the process variables.
Moreover, none of the reported studies have simulated vary-
ing disturbance magnitudes, and therefore lack generality,
since then, each disturbance is defined strictly by its magni-
tude.

In this study, the process was controlled using the con-
Ž .figuration proposed by McAvoy and Ye 1994 , which utilizes

the first 11 manipulated variables. Data describing normal
operating conditions were collected from 40 h of simulated
operation of the process. It should be noted that only the 22

Figure 8. Tennessee Eastman Process, showing the
three diagnosis groups and the disturbance
sources.
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continuous output measurements and the 11 manipulated
variables were used for diagnosis, sampled at 3-min intervals,
thus the sparser composition measurements were not used.
The main reason for neglecting these was to avoid the conse-
quences of interpolation on the diagnosis procedure. The
sample interval affects the degree of correlation in the sys-
tem and is usually selected to be an order of magnitude
smaller than the dominant characteristic time of the process.

Ž .The value selected was that used by Georgakis et al. 1996 ,
allowing a comparison with their results. The 33 measure-
ments were divided between three diagnosis groups, associ-
ated with the reactor, separator, and stripper, following the

Ž .decentralized approach suggested by Georgakis et al. 1996 .
As a result, the dimensionality of the data that needs to be
dealt with in each group is significantly less than that of the
complete data set, thus increasing the likelihood of being able
to isolate the disturbances. Furthermore, the decentralization
of the diagnosis has the additional advantage of being able to
pinpoint the source of the disturbance by identifying which
group violates its NOC limits first.

The performance of conventional PCA on the Tennessee
Eastman problem is rather disappointing, with many dis-
turbances not uniquely identified. However, the diagnosis
performance is significantly improved when employing de-
centralized SSPCA with ss5. The rather arbitrary selection
of s reflects the desired sensitivity and on how much diagno-
sis delay is acceptable. It was found that three principal com-
ponents could explain 90% of the data variability for each

Ž .group that is, a total of nine were used . Thus, a three-di-
mensional presentation on the scores-plane is implemented,
with two solid angles describing the direction of an outlier for
each unit when it occurs. By adapting the original
simulation-code, disturbances of known types with varying
magnitudes were imposed on the simulated process. This
modification is of importance when testing fault diagnosis
strategies, since the scores trajectories change with distur-
bance size, and algorithms that use a ‘‘disturbance bank’’

Žwith one profile fitted to each kind of disturbance, such as
.Raich and Cinar, 1996; Ku et al., 1995 are not general enough

to deal with disturbances of varying sizes. Each disturbance
was simulated 100 times with varying time of occurrence and

Ž .magnitude within a prespecified range . For each instance,
Ž .the solid angles of departure from NOC u ,w for each group

and the sequence and intervals between departures of the
different NOC groups were recorded, as shown in Table 6.
The number of samples between the registered alarms are
not included in the mapping, since they show low specificity
and do not add valuable information. The departing order
entries have values of either 1 or 0, denoting whether a cer-
tain unit was observed to depart from its NOC limits in the
specified order. It can be seen that the definitions are rather
unique, and even though there is some overlap, no distur-
bance registration is identical to another. Thus, for example,

Ž .Disturbance 1 with a positive direction departs either first
Žor second from the reactor NOC group with average solid

angles of u s3088 and w s748, as shown in the first row in
.Table 6a , either second or first from the stripper NOC group

Žwith average solid angles of u s138 and w s628, as shown in
.the first row in Table 6c , and last from the separator NOC

Žgroup with average solid angles of u s1868 and w s928, as
.shown in the first row in Table 6b .

Table 6. Mapping Disturbance Departures from NOC Group

Departing u w
Order Range RangeDisturbance Disturbance

Ž . Ž . Ž . Ž .Number Range 1 2 3 m u s u m w s w

Ž .a Reactor

1 0.4m1.6 1 1 0 308 14 74 8
y0.4my1.6 1 1 0 131 14 107 6

2 0.4m1.6 1 0 0 307 12 68 9
y0.4my1.6 1 0 0 126 17 112 7

3 2m5 1 1 0 23 9 94 6
y2my5 1 1 0 189 8 88 5

4 0.4m1.6 1 0 0 58 12 101 9
y0.4my1.6 1 0 0 224 11 83 8

6 0.1m0.8 1 0 0 339 7 59 6
y0.1my0.8 1 0 0 151 13 121 9

7 0.4m1.6 1 1 0 168 8 109 4
y0.4my1.6 1 1 0 348 5 70 4

Ž .b Separator

1 0.4m1.6 0 0 1 186 6 92 3
y0.4my1.6 0 0 1 354 6 79 4

2 0.4m1.6 0 1 1 178 7 79 5
y0.4my1.6 0 1 1 349 5 92 4

3 2m5 1 1 0 292 6 100 7
y2my5 1 1 0 114 59 77 8

4 0.4m1.6 } } } } } } }
y0.4my1.6 } } } } } } }

6 0.1m0.8 } } } } } } }
y0.1my0.8 } } } } } } }

7 0.4m1.6 1 1 0 78 5 103 4
y0.4my1.6 1 1 0 260 6 76 4

Ž .c Stripper

1 0.4m1.6 1 1 0 13 12 62 10
y0.4my1.6 1 1 0 217 12 110 6

2 0.4m1.6 0 1 1 282 51 29 10
y0.4my1.6 0 1 1 315 31 141 12

3 2m5 } } } } } } }
y2my5 } } } } } } }

4 0.4m1.6 } } } } } } }
y0.4my1.6 } } } } } } }

6 0.1m0.8 } } } } } } }
y0.1my0.8 } } } } } } }

7 0.4m1.6 0 1 1 303 32 139 14
y0.4my1.6 0 1 1 156 18 33 21

The first seven disturbances refer to step changes in con-
centrations, temperatures, and flows. As shown in the tables,
disturbances with opposite signs cross the NOC boundaries
at approximately opposite sides of the NOC envelope. Clearly,
disturbances defined as random variations cannot be mapped
using this approach. Several disturbances do not register de-
parture from NOC in all three groups, namely Disturbance 3,
which does not affect the stripper group, and Disturbances 4
and 6, which only affect the reactor group.

On examination of the residual data, it was found that all
of the disturbances that violate the NOC limits also crossed
the normal level of residual deviation, and therefore analysis
of residuals does not add any additional discriminating infor-
mation. The only exception was Disturbance 5, which did not
show deviation on the scores plane, but moved out of the
normal residual level for the separator group. The disturb-
ance resolution is enhanced by increasing s: for the values
ss2, 5, and 20, the ratio of the mean residual value with and
without applying SSPCA were approximately 1.1, 1.4, and 3.5,
respectively.
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On-line detection
An on-line detection procedure was programmed to keep

track of how the effect of a detected disturbance matches up
against each known disturbance’s mapping registration. The
following algorithm detects and identifies a disturbance:

1. Projection of the New Sample’s Data into the Three
Groups’ Scores-Plane.

2. Detection of Outlier. In principle, an alarm is triggered
as soon as the NOC limits of one of the diagnosis groups is
violated. This makes the algorithm rather sensitive and po-
tentially prone to register false alarms; modifications to re-
duce sensitivity should be considered.

3. Computation of a Matching Coefficient Against Each
Known Disturbance. The disturbance mapping, available for
each known disturbance, is used to assign feasibility cause to
the observed situation. Each time new information is logged,
a matching coefficient, M, is computed:

Ms p , 33Ž .Łi i' i

where p is the probability density function for a given matchi
of each solid departure-angle for the relevant diagnosis group:

21 u ym u` Ž .Ž .i
p s ?exp y du . 34Ž .Hi 22 ž /2s uŽ .u '2ps uŽ .i

In Eq. 34, the distribution of each solid departure-angles is
Ž .assumed to be normally distributed, with average m u and

Ž .standard deviation s u . Thus, in Eq. 33, M is computed as
the ith root of the product of the probabilities of i solid de-
parture-angles, with i being 2, 4, or 6, depending on whether
1, 2, or 3 groups have violated their NOC limits.

Identification of disturbances
Disturbance 7 is considered to demonstrate the proposed

on-line strategy, with the detection performance obtained
Ž .summarized in Table 7. It takes 7 samples 21 minutes from

the instigation of the disturbance until an outlier appears on
the reactor group scores-plane, with departing angles u s1488
and w s1108C. On the basis of the disturbance-mapping
database and matching computations, the information so far
fits Disturbances 1, 2, 6 and 7, with 6 being the most proba-

Žble fault Eq. 33 gives a matching coefficient of Ms0.42 for
.Disturbance 6 . Two samples later, the separator group data

moves out of NOC, with direction angles u s3078 and w s
1388. Thus, Disturbance 6 is eliminated from further consid-
eration, and the matching for Disturbance 1 drops to 0. Dis-
turbances 7 and 2 are therefore left, with the latter being the

Ž .more probable Ms0.57 . One sample later, the stripper
group data deviate from NOC, with angles u s798, w s1028,
triggering a further revision of the diagnosis. Disturbance 2
now has a near-zero matching coefficient, while that for Dis-
turbance 7 is up to 0.41, and is deemed to be the most proba-
ble disturbance.

Successful identification of the first seven disturbances has
been demonstrated. The other programmed disturbances in

Ž .the TE simulation involve random variation 8]12 , slow drifts

Table 7. Disturbance Identification Trajectory for
Disturbance 7

Samples 0 2 3

Disturbance u w M u w M u w M1 1 2 2 3 3

Ž .y 1 0.22 0.62 0.37 0
Ž .y 2 0.30 0.78 0.40 0.80 0.80 0.57 0

Ž .y 6 0.82 0.22 0.42 0

Ž .q 7 0.01 0.80 0.09 0.90 0.94 0.29 0.69 0.84 0.41

Ž . Ž .13 , sticking valves 14 and 15 , and unknown disturbances
Ž .16]20 . In principle, the mapping procedure can be applied
to include these cases in the database, although the logging
of random changes is rather problematic. These disturbances
will cause outliers in two opposing directions in the relevant
diagnosis group scores-planes. Careful analysis is required to
differentiate these cases from false alarms and unidirectional
step changes. The method was successfully applied to the

Ž .identification of most of the unknown disturbances 17]20 ,
with these uniquely mapped as new disturbances.

The DAPCA algorithm was tested with the normal data set
of the Tennessee Eastman process, with the maximum delay,

Ž .d , defined as 1 hour 20 samples . Since this process ismax
operating under closed loop, the partitioning of the variables
between inputs and outputs is artificial, since correlation be-
tween them exists as a result of feedback. It was found that

Ž .input variables 1 and 2 the feed flows of D and E need to
Žbe shifted back by one sample, and variables 8 and 11 the

stripper liquid product flow and the condenser cooling water
.flow need to be shifted back by 2 and 5 samples, respec-

tively. As a result of these delay adjustments, V is re-NOC
duced by about 20%. Examination of diagnosis performance
for all step disturbances was carried out in the same manner
as for Example 2, but with only one test for each disturbance

Žat its prespecified nominal value that is, its magnitude was
. Ž .set to one simulated for 5 h 100 samples . The results, which

are presented in Table 8, indicate that only modest improve-
ments are achieved in disturbance isolation capability. It
should be mentioned that these results were obtained with-
out invoking SSPCA. For this example, delay adjustment does
not add significant improvement over that which can be
achieved with SSPCA, which is not surprising for this closed-
loop process.

Conclusions
This article has presented an algorithm for detecting and

identifying excursions from normal conditions. It shows that

Table 8. Euclidean Distance for Step Disturbances

Ž .Disturbance r r 1y rrr =100%D A D A

1 399 441 11
2 57.9 64.5 11
3 2.28 2.90 27
4 29.0 31.0 6.9
5 1.07 1.11 3.7
6 90.9 93.1 2.4
7 1,780 1,900 6.7
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by combining relatively simple preprocessing of the raw data
with PCA, more accurate mapping and identification of dis-
turbances can be accomplished. The preprocessing methods
exploit the fact that the order of the samples is important,
which is neglected by conventional PCA. In SSPCA, the ap-
propriate number of samples to be summed, s, needs to be
selected large enough to enable small shifts to be detected,
but no larger than necessary to reduce the diagnosis reaction
time to a minimum. The strength of the proposed method is
apparent especially when small shifts need to be diagnosed
and conventional PCA is not adequate. This method was
proved effective on both small-scale and large-scale exam-
ples, where for the latter there was also a clear definition of
a strategy dealing with high-dimensionality systems and ways
to handle on-line problems that arise when monitoring con-
tinuous processes. In DAPCA, performing optimal shifts in-
creases the correlation between inputs and outputs. Although
the idea and its implementation are simple, its usefulness de-
pends on the process dynamics and complexity.
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Notation
Ascorrelation matrix

Ž .Isisolation ratio defined in Eq. 16
Psmatrix of principal component vectors, arranged columnwise

Ž .eigenvectors of A
ssnumber of recursively summed scores

ŽV smultidimensional volume defining NOC define in Eqs. 13NOC
.and 14

Ysoptimal shifted data array of n rows and m columns
a sdegree of sequential correlation
d sdisturbance magnitude
l sthe ith eigenvalue of Ai
Lsa diagonal matrix of eigenvalues of A
u sNOC-departure-angle for standard PCA
ũ sNOC-departure-angle for SSPCA
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