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Abstract. Several extensions are made to the theory of multivariate process monitoring via
Principal Components Analysis (PCA). An important robustnessissue is addressed: the
continued use of the PCA model after detection of a sensor failure. Without some
adjustment, asingle failed sensor can obscure other failures, thus rendering the monitoring
method useless. It isshown here that one can calculate an estimate of the output of the
failed sensor that is most consistent with the PCA model of the process. This estimate
allows continued use of the model. Under some circumstances, replacing the failed output
with this estimate is equivalent to rebuilding the entire PCA model. Partia Least Squares
(PLS) regression can be used in amanner similar to PCA for process monitoring. Itis
shown that PL S is fundamentally more sensitive to sensor failures than PCA. Unlike
PCA, however, the PLS monitoring scheme maps state information into the model
residuals. For thisreason, changes in the process state covariance and autocovariance can
invalidate calculated PLS model residual limits. The failed sensor problem is also solved
for the PLS monitoring method.
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INTRODUCTION

Principal Components Analysis (PCA) has shown grest utility as
aMultivariate Statistical Process Control (M SPC) tool when the
samples can be considered independent observations (Jackson,
1981; Veltkamp and co-workers, 1990; Wise and co-workers,
1991). The utility of the method for monitoring dynamic
processes has a so been shown (Kresta, MacGregor and Marlin,
1990; MacGregor, 1989; Wise and Ricker, 1989). Recently, a
theoretical basisfor the use of PCA in dynamic systemswith
measurement redundancy has been developed (Wise and co-
workers, 1990). Briefly, the application of PCA to the
measurements from such systems confines variationsin the
process states to the PCA "scores’, and under normal conditions
the PCA residuals are white. Statistical tests can be applied to
the PCA residuals to detect and diagnose a variety of abnormal
events. A key advantage of this approach isthat a complete
dynamic model of the system need not be devel oped.

Some important issues that bear on the robustness and
sensitivity of the monitoring method have yet to be addressed,
however. One of particular interest concerns the continued use
of the PCA model after a sensor has been identified as having
falled. If the datafrom the failed sensor continues to be included
in the monitoring system it has the tendency to *“ mask”
subsequent abnormal events.

It isalso known that the PCA monitoring method may be quite
insensitive to particular sensor failures. It has been proposed
(Wise, Ricker, and Veltkamp, 1989) that collections of Partia
Least Squares (PLS) regression models can be used in a manner
similar to PCA for process monitoring. Results have shown that
this method may be more sensitive than PCA, but the reason for
thisincreased sensitivity was not clarified in previous work, and
the potential pitfalls of implementing this PL S approach have not
been addressed.

It is the purpose of thiswork to address both the robustness and
sengitivity issues. In the sections that follow a method for
estimating the outputs of failed sensorsis proposed and it is
shown that, under certain conditions, this method is equivalent
to rebuilding the entire PCA model. This alows continued use
of the original model. The relationship between PCA and PLS
monitoring is aso explored and the reasons for the increased
sensitivity of the PLS method are demonstrated. Potential
problems with PLS monitoring are also investigated. Finally,
the failed sensor estimation problem is solved for PLS models.

BACKGROUND
The PCA method and the basis for its use in process monitoring
isreviewed in the following sections. We aso review the
proposed method for generation of PCA-like modelsvia PLS.

Principal Components Analysis

Let X be anm by n data matrix in which the rows are samples
and the columns are variables. We assume that X has mean-



centered such that its columns all have zero mean. In PCA, X is
decomposed into the sum of the product of n pairs of vectors
(Jackson, 1981; Veltkamp and co-workers, 1990). Each pair
consists of an by 1 vector caled theloadings, pj, andam by 1
vector caled the scores tj. Thus X can be written as

X =t1p1T +top2l + ... + thpnl 1)

The matrix of loadings vectors P forms a new orthogonal basis
for the space spanned by X and theindividual p; arethe
eigenvectors of the covariance matrix of the mean-centered data
matrix X, defined as:

covariance(X ) = ml_ 1(XTX)

2
Thus

covariance (X)pi = | ipi 3

where | j isthe eigenvalue associated with the eigenvector p;j. If
X has been autoscaled (i.e., mean-centered with each column
scaled to unit variance) the covariance matrix becomesthe
correlation matrix. The loadings vectors pj are referred to as
principal components because they are linear combinations of the
original variables that together account for large fractions of the
variancein the original matrix. Each of the scores vectorst; is
simply the projection of X onto the new basis vector p:

tj = Xpj (4)

PCA isvery closdly related to the Singular Vaue Decomposition
(SVD) (Strang, 1980) where X may be decomposed as

X =UsvT )

whereV contains the eigenvectors (p;) and S isadiagond
matrix containing the square roots of the eigenvalues (the
singular values) of the covariance matrix of X.

When PCA is done on adata s, it is often found (and it is
generaly the objective) that only thefirst few eigenvectors are
associated with systematic variation in the data, and the
remaining eigenvectors are associated with “noise”. Noisein
this case refers to uncontrolled experimental and instrumental
variations arising from random processes. PCA models are
formed by retaining only the eigenvectorsthat are descriptive of
systematic variation in the data. Determination of the proper
number of eigenvectors can be done by cross-validation or other
techniques (Malinowski, 1977, 1987). Once the PCA model is
formed, new data can be viewed as projections onto single
eigenvectors (scores plots) or the plane formed by pairs of
eigenvectors. The scores can be used to obtain the "PCA filtered
estimate” of agiven sample, i.e. the projection of the sample into
the PCA model. For areduced order model, Pk, (where only



thefirstk of then total eigenvectors are retained) and anew
sample, xj, thisis obtained from:

X i = tkiPKT = Xi{PKPKT (6)

wherety; isthe (1 by k) vector of scores on the model Py for
samplex;.

The "goodness’ of fit between new data and the model can be
monitored by calculating residuals, i.e., the difference between a

sample and its PCA estimate. Theresidua rj for samplex; is
given by

¢ T
ri =Xi-Xi=Xj(l - PkPk") (7)
The magnitude of the residua for any sample xj is
Q=ririT =xi(l - PkPkT)xiT (8)

Basisfor PCA Monitoring

The discrete state-space process model has the form:
X(k+1) = dx (k) + Tu(k) + v(k) 9
y(k) = Cx(K) + Du(k) + e(k) (20)

Assuming that the process has n states, r inputs and p
measurements, then x (k) isthe (n by 1) vector of state variables

at timek, u(k) isthe (r by 1) vector of processinputs, v(k) isthe
(n by 1) vector of state disturbances, y (k) isthe (p by 1) vector
of process measurements e(k) is the vector of measurement

noise, and @, T', C, and D are matrices of appropriate size. For
most processes D is zero; process inputs rarely have an
instantaneous effect on the process outputs. The dimension of
the state space can be greater than, less than or equal to the
dimension of the measurement space. Many references
concerning the state-space formalism are avail able (Kwakernaak
and Sivan, 1972; Sage and White, 1977).

We have shown previously (Wise and co-workers, 1990) that,
for processes with more measurements than states, proper
application of PCA can facilitate the process monitoring and fault
detection problem. Thisisdone by identification of a PCA
model of the outputsy (k). Under most circumstances, the PCA
model will span the same space asthe C matrix in the
corresponding state-space representation of the process. When
the PCA model is an accurate estimate of C, variationsin the
process states x (K) appear primarily as variationsin the PCA
scores, while noise e(k) mainly affectstheresiduals. This
allows one to consider only the noise properties when deriving
statistical limitsfor the PCA residuals. In particular, the process
dynamics need not be considered explicitly. Thisimplies that
conventiona statistical methods that rely on independence of the



samples (such ast- and F-tests and the multivariate T2) can be
applied to the residuals.

PL S Monitoring

Many references are available on the PLS method (Geladi and
Kowalski, 1986; Lorber, Wangen and Kowalski, 1987) so the
algorithm will not be repeated here. Briefly, PLS works by
simultaneously decomposing both the input datablock X and the
output datablock Y (avector if thereis only one output variable)
in such away that the factor scoresinthe X and Y blocks have
the maximum covariance. The number of factors or latent
variables retained in the PL S regression model is optimized
based on prediction through a series of cross-validations. The
parameters used in PLS prediction can aso be reduced to a
single linear equation:

AN
Y =XB (12)

where B isamatrix in the general case and a vector in the case
of only onevariableintheY block. Theresultis Eq. (12)
where k isthe number of latent variables to be used in the
prediction and it is assumed that the value of the term in brackets
isequa to| for thecaseof i = 1.

k i1
Y=Xxa bi{o (l -ijjT)}WiCIiT
i=1 [j=1 (12
In (12) the by are the inner relation coefficients, the wj and thep;
arethe X block weights and loadings and the gi arethe Y block
loadings. Here the notation of Geladi has been used.

It is proposed that PL S can aso be used to monitor processesin
afashion similar to the use of PCA models. This requires that
PL S models be obtained that relate each process output to the
remaining outputs in the system. Thusfor asystem withn
outputs, n PLS models would be required. Fortunately, using
the relationship givenin Eq. (12) the n PLS models can be
formed into a single matrix, with each model being a column
vector. Because each of the variables does not contribute to its
own prediction, the resulting prediction matrix, M, has zeros
on the diagonal. Thusthe"PLSfiltered estimate” of adata
matrix X can be obtained by smple matrix multiplication

X =X Mp (13)

A residuals matrix, Dpjs, can be calculated from

N
Dp|S:X‘X =X -X Mp:X(l'Mp):X Rp|s (14)

where Ryjs isthe PLS equivalent of the| - PPT matrix in PCA.
Oncethe Rpjs matrix has been calculated it can be used with new
datato produce PCA-like residuals. These residuals can be used
with statistical tests to detect any changesto the process or its



sensors. Aswill be shown, however, there are some important
differences between PCA and PLS monitoring.

IMPROVING ROBUSTNESS

Asmentioned previoudly, if the data from failed sensors
continues to be included in the PCA monitoring system it can
mask additional failures, rendering the monitoring system
useless. In thissensethe system is not very robust; it isonly
capable of detecting thefirst sensor failure. 1t seemslogical that
there should be an optimal way of either replacing “bad” data or
modifying the existing PCA model so that changes in other
variables can be observed, without reforming the entire model.
The solution to the problem of replacing data from single or
multiple sensors follows.

Estimating Failed Sensor Outputs

Assume for the moment that the PCA model of the process of
interest has been calculated, and that the matrix used for
calculating the residual's has been obtained:

| - PkPk" = Rpca (15

The Q residual for any sample x (arow vector) can then be
caculated as:

Q= XRpcaXT (16)

Suppose now that one or more sensors have failed and have
been detected. Further, supposethat it is convenient to partition
X (possibly by rearranging the columns of x) into a group of
“bad” sensors xp, and a group of good sensors xg. Thus:

X = [Xp X (17)

Itis possible to partition R into parts that act on each of the
groups of good and bad sensors individualy:

R ca:{ Rll R12 }
P Rz Rz (18)
The Q residua isnow calculated as.
Q=[xbxg}{ 211 212} X%
21 2 1| Xg (19)

By multiplying this through, and using the fact that R21 = R12T,
the following expression for Q is obtained:

Q =XpR11Xp" + XgR21Xp" + XpR21TXg" + XgR2oXgT (20)

It would seem logical to estimate X, based on the value which
minimizes Q. This estimates the failed sensor output asthe
value which is most consistent with the PCA model. Note that
in Eq. (20) thelast term is afunction of xg and R22 only, and is



therefore fixed. The problem of minimizing Q then becomesthe
problem of minimizing the first three terms on the right hand
side of (20). Thusthe objective becomesto find:

N .
X" {XpR11Xp + XgR21XpT + XpR21TXgT} =min  (21)

Fortunately, this problem can be easily solved by “completing
the squares’ (Astrom and Wittenmark, 1984). Theresult is:

N
X b= -XgR21R111 (22)

Because R, isfixed, the value of xy, for any new sample can be
calculated from

X b=XgRR (23)
where RR isthe regression matrix formed from Rpy:
Rr=-R21R111 (24)

which can be calculated once and retained. Calculation of Rg
should be possible because R11 will be positive definite
provided that none of the variablesto be solved for are totally
independent, i.e., not correlated with any of the other outputs of
the system. Computationally, the biggest problem occurs when
the bad variables are not in a*“convenient” location and the
matrices R11 and R21 must be extracted from Rpca The process
for doing thisisshown in Fig. 1. Here sensors2 and 5 are
assumed to have failed. The figure shows how the parts of the
origina Ry, matrix map into R11 and Ros.

Once RR has been obtained, it can be mapped into an identity
matrix in such away that multiplication of new samples by this
matrix, the “replacement” matrix Ry, resultsin the bad variables
being replaced by their values that minimize Q. The mapping is
shownin Fig. 2. The solid black squaresin the figure represent
“ones’, the white portions represent “zeros’ and shaded portions
are occupied by the regression matrix.

It isfound that when new samples are multiplied by Ry, the
PCA residuals of the replaced variables are identically zero.
This can be seen by substituting the estimates of x, back into
Eq. (20). Thisalso leadsto an expression for the minimum
value of Q.

Qmin = 'XgR21R11'1R21TXgT + XgRZZXgT (25)

The problem now isthat the resulting Q values will tend to be
artificialy low. In order to remedy this, it would be possible to
add a*“white” noise signal of zero mean and appropriate variance
to the estimate of the failed sensor outputs. However, it may be
that for most practical monitoring problems adding noiseis
unnecessary. Using the original calculated limits may be close
enough, particularly in cases where there are many variables
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Fig. 1. Obtaining R11 and R21 from original Rpcamatrix.
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Fig. 2. Mapping of RR into R,

relative to the number of PCsretained in the model. In thiscase
the loss of the variance due to one variable has only asmall
affect on thetotal residual. The variance of other residuals will
be dightly decreased, making the origina limits at an effectively
higher confidence level. In many applications the difference
would be insignificant.

The dternative to replacing bad variablesin an existing PCA
model isto re-calibrate the model, omitting the failed sensor.
This approach was compared to the method outlined above. The
somewhat surprising result is that the two methods are
equivalent. Inthe noise free case, wherethe dataistruly rank
deficient, the two methods produce identical results (Wise,
1991). In the presence of noise, the solutions are approximately
equal and usually very close to one another, provided that a
sufficient number of samples are available for re-calibration.

Example of Failed Sensor Estimation

The system given in Wise and co-workers (1990) is used here to
generate an example of improved robustness. Briefly, the
system model has 5 states, 5 inputs and 10 measurements. The
system is driven by white noise of unit variance and the variance
of the measurement noiseis equal to the deterministic variance of
the outputs. A 5 PC model was identified from 1000 samples.
A new data set of 500 samples was generated, but thistime a
bias of 3 units was added to output 1 starting at sample #201 and
to output 5 at sample #301. The upper plot in Fig. 3 shows Q
for the new data set along with the 95% Q limit. Note how the
system detects a change at sample #201, as expected. The
change at sample 301, however, is not obvious. In the bottom



plot the bad output was replaced as above starting at sample
#201. Note how the failure at sample #301 is now obvious.

In Fig. 4 the residuals resulting from replacing the failed output
are compared to the residuals on an entirely new model
constructed without the failed sensor. Residuals are shown in
the upper plot for sample #201 and in the lower plot for sample
#301. Note how the replaced output residuals (circles) are zero
on the first output, as expected. The new model residuals (x's)
are nearly identical to the replaced output residuals for outputs 2
to 10. (Thereisno output 1 in the new model.)

Q showing sensor failure at sample 201

30
| \‘\
i
(04 Lo ‘ L Ml \\H
o Y i H il
Ol‘\Nv“V]“MHlJ\JA{Wl le ijwm W]Fyr{ !
0 50 100 150 200 250 300 350 4-00 450 500
Sample Number (Time)
20 Q with output 1 replaced after sample 200
20+
(o4 [
1o ‘L[\ F“ Mwm LA )
o i IR, Nwh EYO LY 8 AL A B
450

0 50 100 150 200 250 300 350 40

Sample Number (Time)

Fig. 3. Q with and without replacing first failed sensor output.
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Fig. 4. Comparison of residuals with replaced output #1 and
residuals on new model for sample #201 and #301.

This example demonstrates that estimating the outputs from
failed sensor is aviable alternative to rebuilding the entire PCA
model. One advantage of the method is that it allows continued
use of any plots being used for monitoring, including any scores
plots, without modification. Detection of additional failuresis
also enabled, though the original statistics on the residuals will
be only approximate.



PLSMONITORING

In Wise, Ricker and Veltkamp (1989) it was demonstrated that
PCA-like residuals could be generated with PLS, and that the
detection limits were often much improved over PCA
monitoring. This section provides abasisfor the PLS
monitoring approach and compares the effectiveness of the PLS
monitoring method to PCA monitoring using synthetic data.
The section closes with the solution to the "bad variable"
problem for PL S monitoring that was solved for anal ogous PCA
problem in the previous section.

A Basisfor PLS Monitoring

In the following paragraphsit will be shown that PLS
monitoring isalogical extension of the PCA monitoring. The
argument proceeds as follows: it is shown that a PCA model
can be converted to another form that has detection power
identical to the original model. Thistransformed model hasthe
form of acollection of regression models, arranged in a manner
similar to the collection of PLS models described above. A
collection of PLS models, therefore, is ssmply an optimization of
these regression models to improve their predictive ability.
Furthermore, the PLS models make no assumptions concerning
the intrinsic dimensionality of the output variable space.

Suppose that we have a discrete LTI process with noise and with
fewer states than measurements in the state-space form as
defined by Egs. (9) and (10). Furthermore, suppose that an
accurate PCA model Py has been determined for the system,
i.e., Pk spansthe same space as C from the "true” state-space
model of the process. Using the notation of the previous
section, with Rpca partitioned asin Eq. (18), it is possible to
write the residual on the first variabler1(k) as

ri(k) = R11C1x(k) + R12C2x(K) + R11€1(K) + Ri2e2(k) (26)

where C; corresponds to the first row of the state-space C
matrix and C isequal to theremaining rows2to p. Itisknown
that if the PCA model is accurate, the first two terms on the right
hand side of Eq. (26) sum to zero, i.e. the states make no
contribution to theresiduals. Thus

ri(k) = Ry1e1(k) + Ra2e2(k) (27)

Suppose now that the PCA model is transformed so that the
residuals on the transformed mode! rt are defined as

N
re(k) = y (k) - y(k) (28)
where each of they; is estimated based on the variable

replacement method defined above, e.g., for the first variable in
the system

N
y 1(k) =-y2R12R1171 (29)



Thefirst transformed model residual ry1(k) can now be written in
terms of the state-space model parameters as

r1(K) = Cax(K)+ew(k)+Cox (K)R21R117+ex(k)R21R1171 (30)

Note the correspondence between Eq. (30) and Eq. (26). Itis
easily seen that the residual r1(Kk) is different from ri1(k) by a

factor of R11-1. Furthermore, it can be seen that the transformed
model will have fault detection "power" identica to the original
model: the ratio of the expected size of the residuals to the size
when afault has occurred is the same for both the original and
the transformed models. When the modél is transformed in this
manner, if asingle variable changes, its residual changes by the
same amount. Thus, the entire PCA model for calculating
residuals Rpca can be transformed to R as follows:

Rt = Rpcddiag(R pca))'1 (31)

where diag(Rpcg) is the matrix containing the diagonal elements

Itis clear that the transformed model Rt hasthe form of a
collection of regression models. Now, because of the
"normalization” of the residuals, the predictive ability of Rt can
be compared directly to acollection of PLS models Rpjs as
proposed in Egs. (11) to (14).

The system used in Wise and co-workers (1990), will again be
used as an example to compare the predictive ability of the
methods. For the test, data was generated exactly as described
above, except that the noise level was varied from 0 to 1.0 times
the noise level specified previoudly inincrements of 0.1. In
each case 1000 samples were generated and PCA and PLS
models, Ry and Rpjs, were formed. In each case the PCA model
retained 5 PCs. The number of latent variablesin each of the
PL S models was optimized based on prediction error using
crossvalidation. The predictive ability of the models was then
tested on a new data set with the same noise level asthe
calibration set. Note that the only difference in each of the
calibration and test data sets was the noise magnitude. Identical
input and noise sequences were used.

The results of a subset of the prediction error tests are shown in
Fig. 5. Theresultsare shown in terms of the percentage
decrease in total sum of squares prediction error for the PLS
model as compared to the PCA model, e.g., for variable 7 and a
noise level of 0.9 timesthe base noise level, the PLS model sum
of squared error was almost 60% less than for the PCA model.
Note how the difference in predictive ability of the models
increases as the noise level isincreased. It isalso evident that
thereisalarger difference for some variables than for others.

The results of this experiment show why PL S based residuals
might be superior to those based on PCA. With the PCA mode
transformed in this manner, the changein aresidua given a
changein avariable dueto error isidentical for both the PCA
and PLS models. However, the PLS model residuals under



normal conditions are substantially smaller than the PCA
residuals. Therefore, for the PLS model the change due to error
isrelatively larger, and should be more easily detected.

Comparison of the models Rt and Rpjs themselves showed
some interesting trends. When the noise level is zero the models
areidentical, as might be expected. Asthenoiseleve is
increased, Ry changes very little. Thisis consistent with
experience which has shown that it is possible to identify an
accurate PCA model even when the noise level isquite high.
Rpls, on the other hand, changes a great deal asthe noise
becomes very high. For optimum predictive ability, the model
requires fewer latent variables, as would be expected. In
general, the coefficients of the model tend to get smaller, though
for some variables they may get larger. Thistrend isindicative
of the shift towards fewer latent variables, which tends to spread
the predictive ability of the model over more variables rather than
concentrating it on afew.
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Fig. 5. Percent improvement in sum of squared prediction error
for PLS models over PCA models.

Whileit can be expected that the PLS model Rpjs will be more
sensitive to changes in the process data, it cannot be expected
that the residuals will behave asin the PCA case. In generd,

PL S models do not produce zero-mean residuals. Furthermore,
to the extent that Rps lies outside of the subspace spanned by
Rpca it can be expected that some state information will be
mapped into the residuals. Because the states are usually
autocorrelated, the PLS residuals will be also. Thisisshownin
Fig. 6, where the autocorrelation function (ACF) of the PLS
residualsis shown along with the ACF of the process outputs.
For this test the process was driven by a Pseudo Random Binary
Sequence (PRBYS). It isapparent that thereis agood deal of
autocorrelation in theresiduals. Thereisno autocorrelation in
the corresponding PCA residuals, which are not shown. If the
autocorrelation in the states changes (perhaps due to achangein
input behavior or a disturbance), then the autocorrelation of the



PLSresiduals would also be affected. Any changein the
autocorrelation of the residuals would have the affect of making
the control limitsinvalid. Thus, any PLS detection scheme
based on a particular correlation structure in the process states
would becomeinvalid given a change in the state behavior.

In spite of the autocorrelation in the residuals, the detection
limits for the PLS models (adjusted to account for the
autocorrelation) are better than for the PCA models. Thisis
shown in Fig. 7, where the approximate detection limits are
given for the PCA and PLS models. Here the limits are based
on a 20 sample window and 99% confidence. The PCA limits
are calculated directly from theory as shown in Wise (1990).
The PLS limits are based on the observed mean and standard
deviation of 20 sample subgroups of the process data. Note that
the PLS limits are better for all variables, but the differenceis
more significant for some than others.

ACF for Outputs (solid) and PLS Model Residuals (dashed)

ACF(Tau)

Vaue of Time Shift Parameter Tau

Fig. 6. Autocorrelation function of process outputsand PLS
residuals from data set with PRBS inpui.

Detection Limits for Changesin Noise Mean (+) and Std. Dev. (0)

Detection Limit

1 2 3 4 5 6 7 8 9 10
Variable (Sensor) Number

Fig. 7. Detection limitsfor changes in measurement noise mean
and standard deviation for PCA (solid lines) and PLS
models (dashed lines).



It was pointed out in Wise and co-workers (1990) that the
assumption that any process has afinite number of statesis
clearly an approximation, although generally a useful one.

Thus, it is an approximation to say that the data from any
process (where measurements are made at different locations) is
intrinsically rank deficient. The PLS monitoring method, on the
other hand, makes no assumptions about the intrinsic rank of the
process data and, therefore, about the order of the process
producing it. Instead, the PLS models are built up individually
and the criteriafor the modelsis the predictive residual error.
Thusthereis no "cutoff" approximation asin the PCA models.
It could be said, however, that in each PLS model the number of
factors used for prediction is an estimate of the number of
process states that are relevant in the prediction of each outpuit.

Comparison of PCA and PL S Monitoring

The ability of the PCA and PLS models to accurately identify
sensor bias and was tested through simulation. Two new 1000
sample data sets were generated using the example model. In
the first case the model was driven by white noise (asin the
calibration set) and in the second case the model was driven by a
PRBS, which has considerably more power at low frequencies.
The data sets were broken into 50 segments of 20 points each
Bias was then added to each variable in the segment in turn, and
the residuals were calculated and tested for significance. The
"failed sensors" were identified based on theratio of the residual
mean or standard deviation to the appropriate limits, i.e., the
output with the largest relative residua was assumed bad.

The results of the error detection simulation are shown in Table
1. Thetableisdivided into two sections corresponding to the
case of white noise input to the model or the PRBS sequence
which is autocorrelated. The results for the PCA model are the
four columns on the left while the PLS model results are the four
columns on theright. Each of the four columns corresponds to
adifferent level of added bias or noise. The basisfor the bias
and noise levelsisthe scaled outputs, i.e., abias of 0.5 indicates
that abias of 0.5 units was added to the scaled variable. The
original scaling, which resulted in amean zero unit variance
calibration set, was used in the test. A noise error of 1.0
corresponds to adding white noise of unit standard deviation to
the scaled outputs. The row labeled "Correct” indicates the
number of times the method correctly identified the proper
variable has having added bias. "None" indicates the number of
times there were no variables over the limits. "Incorrect”
indicates the number of times an out of bounds variables was
detected but the wrong variable was indicated as faulty. The
sum of the "Incorrect” and "None" categoriesis given in the
final line of the table.



TABLE 1. Error Detection Simulation Results for Bias Errors

Model Input White Noise

PCA Modd PLS Modd
Bias Size 05 10 15 20 05 10 15 20
Correct 141 423 485 499 229 485 499 500
None 286 29 1 0 187 4 0 0
Incorrect 73 48 14 1 84 11 1 0

Co.+Inco. 359 77 15 1 271 15 1 0
Model Input Correlated PRBS

PCA Modd PLS Mod€
Bias Size 05 10 15 20 05 10 15 20
Correct 153 438 492 500 186 412 473 492
None 298 24 1 0 89 2 0 0
Incorrect 49 38 7 0 225 86 27 8

Co.+Inco. 347 62 8 0314 88 27 8

It is clear that, under the same conditions as the calibration data,
(in this case awhite noise input), the PLS model performanceis
superior. When the model input is changed to PRBS, however,
the PLS model performance suffers considerably while the PCA
model performance is essentially unchanged. This degradation
of the PLS model performanceis due to the mapping of state
information into the residuals. When the autocorrelation in the
states changes, the PLS residual limits become invalid.

Improving PLS Model Robustness

Like the PCA models, the unmodified PLS models will become
useless after one sensor failure. However, outputs from failed
sensors can be estimated based on the collection of PLS models
in the same way asfor PCA models. It is possibleto solve for
the values of xp which minimizes the magnitude of the residual
vector. Thelack of symmetry in the Rp|s matrix causes aminor
complication, however, the result is

Xp = -Xg((R21 + R12T)/2)R1171 (32)
where it is understood that the Rpjs matrix has been partitioned
asin Eqg. (18). Itisinteresting to note that, while the residuals
on the bad variables becomes zero in the PCA casg, it does not
inthe PLS case. Instead, the new residuals on the bad variables
are:
where

Rave= (R21 + R121)/2 (34)

S0 to the extent that R»1 is not equal to R1»T the residuals on the
fixed variables will not be zero.



CONCLUSIONS

This article has shown how the robustness and sensitivity of
MSPC can beimproved. Replacing afailed sensor output with
its PCA-based estimate allows for detection of additional

failures, which would otherwise be obscured. Furthermore, this
method produces residuals that are nearly identical to the
residuals from an entirely new PCA model.

PLS can be used in manner ssimilar to PCA for failure detection.
It has been shown that the use of predictive ability asthe basis
for model selection makes PLS more sensitive than PCA. The
major drawback of PLSisthat it producesresidualsthat are
autocorrelated, due to mapping of state information into the
resduals. The autocorrelation in the residuals can change when
the autocorrelation in the states changes, invalidating the
calculated limits.
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