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On line monitoring of multi®ariable processes is crucial to operational safety and
product quality. For this, multi®ariable statistical analysis methods, such as principal-

( )component analysis PCA , partial least squares, and canonical ®ariate analysis ha®e
been widely applied. Howe®er, few recursi®e monitoring techniques ha®e been de®eloped
for fully dynamic and time-®arying processes. Recursi®e PCA has been successfully ap-
plied to monitor static time-®arying processes, does not work for fully dynamic pro-
cesses. Dynamic PCA has been de®eloped, but its recursi®e ®ariant is not a®ailable.
Many processes operate in dynamic states and are often time-®arying, and the time-®ary-
ing property includes the ®ariation of parameters and of process structure, e.g., the change
of model order. A no®el approach to the adapti®e monitoring of multi®ariate dynamic

( )and time-®arying processes by the recursi®e multichannel instrumental ®ariable IV
( )lattice filters was de®eloped using the errors-in-®ariables EIV state space model to

represent a dynamic process. To show the relationship between EIV state-space repre-
sentation of the process and a multichannel IV lattice filter, the lattice filter was used to
generate a residual ®ector for process monitoring. By using lattice filter’s ability of recur-
si®ely updating the process model both in time and order, a real time, on-line algorithm
was used to update the residual ®ector with newly sampled process data, including a
practical approach to recursi®e determination of the process model order. Based on the
residual ®ector, the Hotelling T 2 statistic and the associated confidence limits are used
as the monitoring index. The proposed scheme was e®aluated on a simulation example
and a pilot plant to support the theoretical results.

Introduction

On line monitoring of multivariable processes is crucial to
operational safety and product quality. Multivariable statisti-
cal analysis methods, such as principal-component analysis
Ž . Ž .PCA , partial least squares PLS , canonical variate analysis
Ž .CVA , and other state-space methods have been widely ap-
plied to chemical processes for monitoring and diagnosis
ŽMacGregor, 1989; Kresta et al., 1991; Piovoso et al., 1992;
Wise et al., 1995; Kourti and MacGregor, 1995; Larimore,

.1983, 1997; Negiz and Cinar, 1997, 1998 . However, for dy-
namic and time-varying processes, few monitoring techniques

Ž .are available. Recursive PCA Li et al., 2000 has been pro-
posed and successfully applied to quasi-steady process moni-
toring, but it does not work for fully dynamic processes. Dy-
namic PCA has also been developed for processes diagnosis
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Ž .Ku et al., 1995 ; however, its recursive variant is not avail-
Ž .able yet. The subspace methods of identification SMI for

Ž .the errors-in-variables EIV state-space model has been pro-
Ž .posed by Chou and Verhaegen 1997 , and has been directly

applied to residual generation for process monitoring and
Ž .fault detection Qin and Li, 2001; Li and Shah, 2002 . More

recently, the SMI has been improved to be recursive in time
Ž .by Gustafsson et al., 2000 , but the improved SMI is still not

recursive in order.
Chemical processes often operate in dynamic state and

demonstrate slowly time-varying behaviors due to, for exam-
ple, catalyst deactivation, equipment aging, sensor and pro-
cess drifting, and preventive maintenance and cleaning. The
time-varying property includes not only the variation in pa-
rameters but also the variation in process structure, which
can be represented by the change in the process order. So
far, to our best knowledge, little has been reported on the
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development of adaptive monitoring techniques for time- and
order-varying multivariate dynamic processes.

In this article, we propose a novel approach to adaptive
monitoring of dynamic time-varying processes via the multi-

Ž .channel instrumental variable IV lattice filters. We use the
Ž .errors-in-variables EIV state-space model to represent a

multivariate dynamic process in the presence of process noise,
plus measurement noise in the inputs and outputs. By show-
ing the relationship between the process EIV state-space
representation and a multichannel lattice filter, we propose
the lattice filter to generate a residual vector for process
monitoring.

Lattice filters have been extensively applied to signal pro-
Žcessing and system identification Lee et al., 1981; Friedlan-
.der, 1982; Kummert et al., 1992 . Their main advantage is

that they are recursive both in time and order. In addition,
they have many other useful properties, such as modular lo-
cally interconnected structure, low sensitivity of their coeffi-
cients to numerical perturbations, and the algorithms’ rela-
tive indifference to the eigenvalue spread of the process data
covariance matrix, and the attribute of allowing fast conver-
gence and good tracking of time-varying process variables
Ž .Honig and Messerschmitt, 1981; Lev-Ari et al., 1984 .

Unfortunately, existing conventional lattice filters fail to
give a consistent estimate of the multivariate process model
in the EIV case, that is, parameters estimated by the conven-
tional lattice filters are biased from their true values. Fried-

Ž .lander 1983 proposes an IV lattice filter, which is able to
give a consistent estimate of the system model only when the
output of the system is corrupted, but is unable to do so in
the EIV case. In addition, Friedlander’s scheme does not work
for multivariate systems.

When a conventional lattice filter is applied to generate
residuals for monitoring a system with errors in the inputs
and outputs, the generated residuals will be affected by the
biases in the estimated parameters of the system, even though
the system under consideration is operating normally. As a
consequence, false alarms will result. We have developed an

Ž .IV multichannel lattice filter Li and Shah, 2000 that can
give a consistent estimate of the dynamic process model while
preserving all the advantages that the conventional lattice fil-
ters have. In this article, we propose an efficient algorithm to
update the residual vector in time and order simultaneously
by the use of the IV multichannel lattice filter. Further, we
employ the computed residual vector for constructing the
Hotelling T 2 statistic as a monitoring index. The proposed
approach is evaluated by monitoring a simulated process and
a time-varying pilot plant, respectively.

This article is organized as follows. The following section
outlines the problem formulation. In the third section, we
review the concept of the IV methods, establish the unified
signal space for inputs and outputs, introduce new notations
for the development of the IV lattice filter, and show the
equivalence between the EIV state-space model and the IV
multichannel lattice filter with regard to the generation of
the residual vector for process monitoring. The complete al-
gorithm for the recursive update of the residual vector in time
and order is given in the Appendices, including the initializa-
tion. The fourth section investigates the application of the IV
lattice filter for adaptive process monitoring, where treat-
ment of certain practical issues is also considered. Case stud-

ies for evaluation of the proposed algorithms are docu-
mented in the fifth section, where we also compare the pro-
posed monitoring approach to a constant model-based moni-
toring approach. The article ends with concluding remarks in
the final section.

Problem Formulation
Assume that the normal behavior of the process under

consideration be represented by the unknown discrete state-
Ž .space model, as in Chou and Verhaegen 1997 , as follows

x kq1 s Ax k q Bu k q Kp kŽ . Ž . Ž . Ž .˜

y k sCx k q Du k 1Ž . Ž . Ž . Ž .˜ ˜

Ž . l Ž . mwhere u k gR and y k gR are noise-free inputs and˜ ˜
Ž . noutputs, respectively, and x k gR is the state vector. In

Ž . daddition, p k gR is the process noise, and A, B, C, D,
and K are system and noise gain matrices with compatible
dimensions, respectively.

Ž . Ž .We assume that the observed input u k and output y k
are corrupted by zero-mean Gaussian distributed noise vec-

Ž . Ž .tors © k and o k , respectively, that is

u k s u k qv kŽ . Ž . Ž .˜

y k s y k q o k 2Ž . Ž . Ž . Ž .˜

ŽThis is referred to as the case of EIV Chou and Verhaegen,
. Ž . Ž . Ž .1997 . We assume that i © k and o k are mutually inde-

Ž . Ž . Ž . Ž .pendent; and ii © k and o k are independent of u k and˜
Ž .y k , respectively.˜

Substituting Eq. 2 into Eq. 1, and performing an algebraic
manipulation, shows

y k sG x ky n q H u k y H v k qG p kŽ . Ž . Ž . Ž . Ž .n n n n n n n n

q o k 3Ž . Ž .n

where

TT T mny k s y k ??? y ky n gRŽ . Ž . Ž .n

is the augmented output vector,

TTn T m =nnG s CA ? ? ? C gRŽ .n

is the extended observability matrix with rank n

ny1D CB ??? ??? CA B..0 D CB ??? .. . . m = ln nH s gR. . .n . ..
CB

0 ??? D

and
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ny10 CK ??? ??? CA K
..0 CK ??? .. . . m =dn nG s gR. . .n . ..

CK
0 ??? 0

are two upper triangular block Toeplitz matrices with m sn
Ž . Ž . Ž . Ž .nq1 m, l s nq1 l, and d s nq1 d. The vectors © kn n n

ln Ž . mn Ž . dn Ž . lngR , o k gR , p k gR , and u k gR are de-n n n
Ž .fined in the same format as y k .n

Assume that the characteristic polynomial of Ay x I is as
follows:

det Ay x I s x nq a x ny1 q ? ? ?q a x q a s0.Ž . 1 ny1 n

ŽIn accordance with the Cayley-Hamilton theorem Kailath,
.1980 , premultiplying both sides of Eq. 3 by the following ma-

trix

TH m=m nw xG s I a I ? ? ?a I gRŽ .n m 1 m n m

gives

y k q a y ky1 q ? ? ?q a y ky nq1 q a y ky nŽ . Ž . Ž . Ž .1 ny1 n

T T TH H Hs G H u k q G o k y G H v kŽ . Ž . Ž .Ž . Ž . Ž .n n n n n n n n

THq G G p k 4Ž . Ž .Ž .n n n

where note that G H is part of the null space of G .n n
Clearly, Eq. 4 is a typical autoregressive moving-average

Ž .exogenous ARMAX process in terms of the definition given
Ž .by Ljung 1987 . Denoting

ny1
THG H s D CBq a D CABq a CBq a D ???Ž . Ýn n 1 1 2

js 0

nI1I j Ž0. Ž1. Žn. m= ln= a CA Bq a D [ L L ??? L gRw xj n

and

ny1
TH ny1y jG G s 0 CK CAK q a CK ??? a CA KŽ . Ýn n 1 j

js 0

[ 0 C Ž1. ??? C Žn. gR m=lnw x

we rewrite Eq. 4 as

n n
Ž s.e k ' y k q a y ky s y L u ky vŽ . Ž . Ž . Ž .Ý Ýn s

ss1 ss 0

n n
Ž s.s o k q a o ky s y L © ky sŽ . Ž . Ž .Ý Ýs

ss1 ss 0

n
Ž s.q C p ky s 5Ž . Ž .Ý

ss1

Ž .where e k is defined as the residual vector and will be usedn
for process monitoring. Note that in Eq. 5 the first line on

Ž . Ž .the righthand side RHS shows how e k is computed fromn
� Ž . Ž .4the sampled data y k u k and their time-lagged values

� Ž . Ž . Ž . Ž .4y ky1 u ky1 ? ? ? y ky n u ky n ; but the second line
Ž .on the RHS reveals the internal relation bewteen e k ,n

w TŽ . TŽ . TŽ .x w TŽ .o k © k p k , and the time-lagged values of o k
TŽ . TŽ .x© k p k .
Apparently, Eq. 5 can be decomposed into m independent

equations, for example, the ith residual equation for is1 ? ? ?
m is

n
Ti i ie k s y k y u j k s a o ky sŽ . Ž . Ž . Ž .Ž . Ýn i n n s i

ss 0

n n
Ž s. Ž s.y l i ,: © ky s q c i ,: p ky s 6Ž . Ž . Ž . Ž . Ž .Ý Ý

ss 0 ss1

Ž . Ž .where a s1; y k and o k are the ith element of the vec-0 i i
Ž . Ž .tors y k and o k , respectively; in addition

i T Tj k s u k y ky1 u ky1 ? ? ?Ž . Ž . Ž . Ž .n i

TT l qnny ky n u ky n gR 7Ž . Ž . Ž .i

i w Ž0.Ž . Ž1.Ž . Ž2.Ž . Žn.Ž .xTand u s l i,: y a l i,: y a l i,: ? ? ?y a l i,:n 1 2 n
Ž lnqn. Ž ? .Ž . Ž ? .Ž .gR , with l i,: and c i,: symbolizing the ith row

of the matrices LŽ ? . and c Ž ? ., respectively.
Using Eq. 6, Eq. 5 can be rewritten into

T1 11 u j ks k Ž .Ž . Ž .n nn
. .. .e k ' s y k yŽ . Ž .n . .

m Tm me kŽ .n u j kŽ .Ž .n n

n
Ž0.s o k y L © k q a o ky sŽ . Ž . Ž .Ý s

ss1

Ž s. Ž s.y L © ky s q C p ky s 8Ž . Ž . Ž .

The following remarks are in order, on the basis of the exam-
ination of the preceding residual vector:

Ž . � 1Ž . mŽ .41. e k consists of m elements e k ? ? ? e k . To gen-n n n
Ž .erate e k , an m-channel lattice filter is needed. Note that an

Ž .lattice filter is said to be multichannel if the residual e kn
contains more than one element in accordance with the defi-

Ž .nition established by Proakis and Manolakis 1996 . How-
Ž .ever, since each element of e k is independent of the other,n

in practice we only have to derive the algorithm of the lattice
w xfilter for the ith channel with ig 1, ? ? ? ,m .
Ž .2. The model parameters of e k aren

T1uŽ .n
. m=Ž l qn.n.Q ' gRn .

TmuŽ .n

Ž .However, we propose to generate e k recursively in timen
w TŽ . TŽ .xTand order by using the sampled data y k u k withoutn n

estimating the model parameters explicitly.
3. In the ideal case that the process operates normally and

Ž . UŽ .there is no change in the process, e k s e k , wheren n
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n
U Ž0.e k s o k y L © k q a o ky swŽ . Ž . Ž . Ž .Ýn s

ss1

Ž s. Ž s.y L © ky s qc p ky sŽ . Ž .

w T Ž .is a vector MA process of the noise vector o k ©
Ž .T TŽ .xTk p k , with the covariance matrix as follows:

n
TUe 2 w xR k s a E o k o kŽ . Ž . Ž .� 4Ýn s

ss 0

n
TTŽ s. Ž s.w xq L E © k © k LŽ . Ž . Ž .� 4Ý

ss 0

n
TTŽ s. Ž s. m=mw xq c E p k p k c gRŽ . Ž . Ž .� 4Ý

ss1

Once there are slowly time-varying changes in the process,
the lattice filter can track such changes recursively. As a con-

Ž .sequence, the residual vector e k still can be zero mean,n
but the covariance matrix R e can be different from RU e. Then n
recursive update of R e is also proposed in this article.n

4. Any undesired changes in the parameters and structure
of the process model will manifest themselves as changes in

Ž .the mean of e k . Therefore, process monitoring is equiva-n
Ž .lent to checking if the mean of the recursively updated e kn

deviates from zero. This can be done by checking if the fol-
TŽ .Ž e.y1 Ž .lowing newly defined variable e k R e k follows an n n

chi-square distribution, where as mentioned earlier, R e hasn
to be recursively updated.

Instrumental Variable Lattice Filter
The lattice filter was originally proposed by Itakura and

Ž .Saito 1971 for speech analysis and synthesis. Later, for a
variety of reasons as outlined in the Introduction, it found

Žwide applications in adaptive signal processing Friedlander,
. Ž1982; Lev-Ari et al., 1984 , and system identification Ljung,

.1987; Jabbari and Gibson, 1988 .
The original lattice filters could only be used to identify

Ž .the AR models. Then Lee et al. 1982 , Jabbari and Gibson
Ž . Ž .1988 , and Kummert et al. 1992 extended them to the iden-
tification of ARMA models. Nevertheless, the dynamic pro-
cess under consideration in this article is a typical ARMAX
process.

In this section, we start by showing that the proposed IV
lattice filter can give a consistent estimate of the parameters
in the considered ARMAX process. Then, we give the com-
plete IV lattice filter algorithm, including order and time-re-
cursion equations with initial conditions. Furthermore, we will
demonstrate the use of the lattice filter for the generation of

Ž .the residual vector e k . A detailed derivation of the latticen
filters is lengthy and beyond the scope of this article. The

Ž .interested readers are referred to Li and Shah 2000 .

Instrumental ©ariable methods
Ž .It is well-known Ljung, 1987 that the least-square esti-

mate of u i isn

y1N N1 1Ti i i iû s j k j k j k y k 9Ž . Ž . Ž . Ž . Ž .Ý Ýn , l s n n n i½ 5N Nk s1 k s1

where N is the number of data samples. Using Eq. 6 in Eq. 9
leads to

y1N N1 1Ti i i i iû su q j k j k j kŽ . Ž . Ž .Ý Ýn , l s n n n n½ 5N Nk s1 k s1

n n
Ž s.= a o ky s y l i ,: © ky sŽ . Ž . Ž .Ý Ýs i

ss 0 ss 0

n
Ž s.q c i ,: p ky s 10Ž . Ž . Ž .Ý

ss1

Consider the fact that the noise term

n n
Ž s.a o ky s y l i ,: © ky sŽ . Ž . Ž .Ý Ýs i

ss 0 ss 0

n
Ž s.q c i ,: p ky sŽ . Ž .Ý

ss1

iŽ .is correlated with j k ; then we can show thatn

ˆi ilim u /un , l s n
N ™`

To remove the effect of the noise term on the estimation
of u i, we will incorporate the IV method with the lattice fil-n
ter. For instance, we can choose an instrumental variable re-
gressor

i T Tr k s u kym y ky1ym u ky1ym ? ? ?Ž . Ž . Ž . Ž .n i

Ty ky nym u ky nym 11xŽ . Ž . Ž .i

such that

N1 Ti ilim r k j kŽ . Ž .Ý n nNN ™` k s1

has full rank, and

N n n1
i Ž s.lim r k a o ky s y l i ,: © ky sŽ . Ž . Ž . Ž .Ý Ý Ýn s iNN ™` k s1 ss 0 ss 0

n
Ž s.q C i ,: p ky s s0Ž . Ž .Ý

ss1

ˆ i iConsequently, the IV estimate u of u will ben,i® n

y1N N1 1Ti i i iû s r k j k r k y kŽ . Ž . Ž . Ž .Ý Ýn , i® n n n i½ 5N Nk s1 k s1

y1N N1 1Ti i i isu q r k j k r kŽ . Ž . Ž .Ý Ýn n n n½ 5N Nk s1 k s1

n n
Ž s.= a o ky s y l i ,: © ky sŽ . Ž . Ž .Ý Ýs i

ss 0 ss 0

n
Ž s.q c i ,: p ky s 12Ž . Ž . Ž .Ý

ss1
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which tends to u i as N tends to infinity. It will be shown thatn
ˆ ithere is a one-to-one correspondence between u and then

signals processed by the proposed IV lattice filter.

Unified signal subspace
i Ž .It follows directly from Eqs. 6 that e k is a linear combi-n

nation of the following signals

y k u k ??? y ky1 u ky1 ??? y ky n u ky n� 4Ž . Ž . Ž . Ž . Ž . Ž .i i i

The key for the multichannel lattice filters to generate the
i Ž .residual e k is to establish a unified notation to representn

all the input and output signals so that they can be handled
in a unified frame work. We define the following unified sig-

Ž .nal Kummert et al., 1992 :

y k , ss1Ž .iiz kMy s s 13Ž . Ž .½ u k , ss2 ??? M , where Ms lq1Ž .sy1

Ž .where u k for js1 ??? l stands for the jth element of thej
Ž .input vector u k . The establishment of Eq. 13 results in the

following unique correspondence from an input or an output
iŽ . � 4to the unified signal z tMy s , ; ss1 ??? M, ts k ??? ky n ,

for example,

iz kMy1Ž . y kŽ .i
iz kMy2Ž . u kŽ .1. .. .. .
iz kMy MŽ . u kŽ .l

iz ky1 My1 y ky1Ž . Ž .Ž . i
i u ky1Ž .z ky1 My2Ž .Ž . 1

.. .. ' 14Ž ...
i u ky1Ž .z ky n My MŽ .Ž . l

.. .. ..
i y ky nŽ .z ky n My1Ž .Ž . i

i u ky nŽ .1z ky n My2Ž .Ž . .. .. ..
i u ky nŽ .lz ky n My MŽ .Ž .

We define a signal vector with infinite length

Ti i i iz s z kMy s z ky1 My s ??? z 1My s 0 ? ? ?0Ž . Ž . Ž .Ž .k Mys

which belongs to the Hilbert space, for example, the vector
z i has real elements only, and for z i and z i ,k My s k M y s Žkym .Mys
their inner product is

- z i , z i )sk Mys Žkym .Mys

k
kyt i i w x= l z tMy s z tym My s -`Ž . Ž .Ý

t s1

iŽ .where ss1 ??? M, z t s0 for t-0, and 0- lF1 is a forget-
ting factor.

We define a subspace

hi k sSpan z i , z i , ??? , z iŽ . � 4s,h k Mysy1 k M sy2 k Mysyh

which is spanned by columns of the following matrix

i i i iz s z z ??? zk Mysy1:k Mysyh k Mysy1 k Mysy2 k Mysyh

gR`=h , hs1 ??? M y1n

Ž .where M s M nq1 . Further, we definen

i i i < if k s z y z h k ,Ž . Ž .s,h k Mys k Mys s ,h

hs1 ??? M y1; ss1 ??? M 15Ž .n

as the forward error vector of the IV lattice filter, which is
the difference between the vector z i and its nonsymmet-k My s

i Ž .ric projection onto the subspace h k . As will be showns,h
later, while the conventional least-square lattice filter can be
derived by performing a symmetric projection onto the sub-

i Ž .space h k , to derive the IV lattice filter, we must performs,h
a nonsymmetric projection on the subspace.

The nonsymmetric projection of z i onto the subspacek Mys
i Ž .h k iss,h

Ti i ii<z s z zh Žk . Ž .k Mys k Mysy1:k Mysyh Žkym .Mysy1:Žkym .Mysyns ,h

Ty1i i i= z z zŽ .k Mysy1:k Mysyh Žkym .Mysy1:Žkym .Mysyh k Mys

16Ž .

i Ž .Geometrically, f k is perpendicular to the subspaces,h
i Ž .h kym , where m is a positive integer. Note that the non-s,h

symmetric projection just defined is reduced to the conven-
tional symmetric projection when ms0.

i Ž .Denote the first element of f k bys,h

e i k 'fTf i k 17Ž . Ž . Ž .s,h s ,h

w xT `with f s 1 0 ??? 0 gR , then from Eqs. 15, 16, and 17, we
have

Ti i i ie k s z kMy1 y z zŽ . Ž . Ž .1, M y1 k My1 Žkym .My2:Žkym .MyMn n

iz kMy2Ž .
y1 .Ti i .= z zŽ .k My2:k MyM Žkym .My2:Žkym .MyM .n n

iz kMy MŽ .n

On the other hand, clearly it follows from Eqs. 7, 11, 12
iŽ . Ž .and 14 that z kMy1 s y k ,i

ii z kym My2z kMy2 Ž .Ž . Ž .
. .

i i. .j k s , r k sŽ . Ž .n n. .
i iz kMy M z kym My MŽ . Ž .Ž .n n
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and

Ty1k k1 1T Ti i i iû k s r t j t r t y tŽ . Ž . Ž . Ž . Ž .Ý Ýn , i® n n n i½ 5ž /k kt s1 t s1

Ti is z zŽ .k My1 Žkym .My2:Žkym .MyM n

y1Ti i? z z 18Ž .Ž .k My2:k MyM Žkym .My2:Žkym .MyMž /n n

where we introduce a time index k to the estimated parame-
ˆ i Ž .ters u k in order to emphasize that the parameters aren, i®

estimated from k samples of data. Hence,

Ti i iˆe k s y k y u k j k , 19Ž . Ž . Ž . Ž . Ž .Ž .1, M y1 i n , i® nn

i Ž .which is equal to e k as given by Eqs. 6 and 12, that is,n
; is1 ??? m,

e i k ' ei k 20Ž . Ž . Ž .1, M y1 nn

i Ž .Equations 18 and 20 link the ith residual e k of the consid-n
ered system and the lattice filter, making the generation of

i Ž .e k possible by the use of the IV lattice filter without iden-n
tifying the parameters u i explicitly.n

New notations and definitions
i Ž .In addition to the forward error vector f k , the com-s,h

plete lattice filter algorithm also includes other quantities.
Define

i i i < ib k s z y z ,Ž . h Žk .s ,h k Mysyh k Mysyh sy 1 ,h

hs1 ??? M y1; ss1 ??? Mn

as the backward error vector, which is the difference between
the vector z i and its nonsymmetric projection onto thek Mysyh

i Ž . i Ž .subspace h k . Geometrically, b k is perpendicularsy1,h s,h
i Ž .to the subspace h kym .sy1,h

i Ž .Similarly, denote the first element of b k bys,h

g i k sfTb i kŽ . Ž .s,h s ,h

Furthermore, define

< iif sf yf h Žk .h Žk . s ,hs ,h

i Ž .which is orthogonal to the subspace h kym .s,h
Finally, we need to define several scalar quantities, which

are inner products of the associated vectors,

i ² i i :a k s f kym , f k , ss1 ??? MŽ . Ž . Ž .s,h s ,h s ,h

i ² i i :b k s b kym ,b k , ss1 ??? MŽ . Ž . Ž .s,h s ,h s ,h

² i i :f kym ,b k , ss1 ??? My1Ž . Ž .s,hy1 sq1,hy1i ,mv k sŽ .s,h i i½ ² :f kym ,b ky1 , ss MŽ . Ž .s,hy1 1,hy1

i ,m ² i :ie k s f kym ,f , ss1 ??? MŽ . Ž .s,h s ,h H Žk .s ,h

² i :ib kym , f , ss1 ??? My1Ž .sq1,h H Žk .s ,hi ,m§ k sŽ .s,h i² :½ ib ky1ym , f , ss MŽ .1,h H Žk .s ,h

and

i ² :i ip k s1y f ,f , ss1 ??? M .Ž .s,h H Žkym . H Žk .sy 1 ,h sy1 ,h

The complete set of lattice filtering algorithms for the cal-
Ž .culation of e k , including order-recursion and time-recur-n

sion equations, and the initialization, are given in the App-
pendices.

IV Lattice Filter-Based Process Monitoring
As discussed previously, our proposed IV lattice filter can

recursively compute

1e kŽ .1, M y1n
..e k ' 'e kŽ . Ž .n 1, M y1. n

me kŽ .1, M y1n

This residual error signal is now used to construct a statistic
for process monitoring.

Monitoring index
As shown by the last line of Eq. 8, under the normal case
Ž .e k is an MA process with simultaneous excitation by noisen

Ž . Ž . Ž .vectors o k , © k , and p k . If any of these noise vectors is a
multivariate zero-mean Gaussian process, it must follow that

e k ;/ 0, R e kw xŽ . Ž .n n

and consequently

y1T e 2e k R k e k ; x mw xŽ . Ž . Ž . Ž .n n n

eŽ .However, the true value of R k is usually unknown. To workn
around this issue, we use the Hotelling T 2 statistic as the
index for process monitoring, which is based on the esti-

Ž .mated covariance matrix. Moreover, note that e k being ann
Ž .nth-order MA process, it is autocorrelated with e kqt forn

any 0Ft F n. Therefore, at the k th time instant, the follow-
ing residual vectors sequence

e 0 e 1 ??? e ky1 e k� 4Ž . Ž . Ž . Ž .n n n n

2 Žcannot be directly used to compute the T statistic Johnson
.and Wichern, 1998 . To work with a series of uncorrelated

signals from the aforementioned sequence, we consider a se-
ries of lagged signals, that is,

kyt k
e 0 e t ??? e Int t e Int tŽ . Ž .n n n n½ 5ž / ž /t t

for the computation of the T 2 statistic. Clearly the disadvan-
tage of this approach is the time delay in detecting a fault
during monitoring. For instance, if the process has an abnor-
mal variation at time instant k, then such a variation will not
be detected until the time instant kqt . Generally, since t is
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selected to be nq1, if the process order n is not high, a time
delay of this magnitude can be tolerated.

At time instant k , assume that a sequence of uncorrelated0
residual vectors,

k k0 0
e 0 e t ??? e Int t yt e Int tŽ . Ž .n n n n½ 5ž / ž /t t

has been computed when a process is normal. Now the goal
is to use this residual sequence to determine a nominal oper-
ation or control region as a template for comparing with fu-
ture residuals

k k k0 0
e Int t qt e Int t q2t ??? e Int tn n n½ 5ž / ž / ž /ž / ž / ž /t t t

We have to emphasize that ‘‘raw’’residual monitoring alone
can lead to erroneous results. Thus simple residual monitor-
ing is not enough, because each variable can play a different
role in the process. For instance, while a small-sized residual
in one variable means a significant deviation in the variable
from its desired value, a large-sized residual in another vari-
able may only indicate a slight deviation of the variable from
its target. To avoid this conflict, one solution, in monitoring
the process, is to scale all the variables to have an identical

2Ž .weight, as in the Hotelling’s T k shown later.n
Ž . Ž .We denote k [Int k rt t and we select Int k rt uncor-1 0 0

related residual vectors to compute

Ž .Int k rt y101 k0
e k s e k q iyInt q1 tŽ . Ýn 1 n 1½ 5ž /k t0 is 0Int ž /t

21Ž .

with t s nq1.
Ž .According to Johnson and Wichern 1998

k0
Int ž / y1t T2 eˆT k [ e k y e k R kw xŽ . Ž . Ž . Ž .n n n 1 n 1k0

Int q1ž /t

= e k y e k 22w xŽ . Ž . Ž .n n 1

is distributed as

k0
Int y1mž /t

F k rt y m ,Ž .m ,Int 0k0
Int y mž /t

Ž .where 1 F stands for an F-distributed randomm,IntŽk rt .ym0
Ž .variable with degrees of freedom m and Int k rt y m; and0

Ž .2

Ž .Int k rt y101
eR̂ k sŽ . Ýn 1 k0 is 0Int y1ž /t

k0
= e k q iyInt q1 t y e kŽ .n 1 n 1½ 5ž /ž /t

Tk0
= e k q iyInt q1 t y e k 23Ž . Ž .n 1 n 1½ 5ž /ž /t

Ž .is the estimate of covariance matrix of e t based on a se-n
Ž .quence of Int k rt uncorrelated residual vectors.0

Therefore, given a level of significance d , the confidence
2Ž .limit of T k for process monitoring will ben

k0
Int y1 mž /ž /t

F d ,Ž .m ,IntŽk rt .ym0k0
Int y mž /t

Ž .which is a function of Int k rt and m, the dimension of the0
Ž .residual vector e ? .n

As each newly computed residual vector becomes avail-
2Ž .able, we can compute T k and check if it stays within then

control region. In this way, the process under consideration
can be effectively monitored.

Treatment of some practical issues
When we apply the proposed approach to monitoring a

practical process, some practical issues need to be consid-
ered.

Preprocessing of Process Data. We denote the process vari-
Ž .ables sampled at the t th instant by z t , which includes both

inputs and outputs. First of all, outliers in the data should be
removed. Many data sets may contain unusual observations
that do not seem to belong to the pattern of variability pro-
duced by the other observations. These unusual observations
are referred to as outliers. For data with a single characteris-
tic, outliers are those that are either very large or very small
relative to the others. The situation can be more complicated
with multivariate data. Outliers are best detected visually
whenever this is possible. When the number of observations
k is large, scatter plots are not feasible. When the number of

Ž .variables mq l number of inputs and outputs is large, the
Ž .Ž .large number of scatter plots mq l mq ly1 r2 may pre-

vent viewing them all. Even so, we suggest visual inspection
of the data whenever possible. If the process variables are
high-dimensional, outliers cannot be detected from the uni-
variate or bivariate scatter plots easily. However, in this case,
assume that we have k samples of data. Then a large value of

T y1�w Ž . x w Ž . x4 w xz t y z S z t y z for t g 0,k will suggest an un-
Ž .usual observation Johnson and Wichern, 1998 , even though

it cannot be seen visually, where z and S are the mean and
w xcovariance matrix of z estimated over t g 0,k .

Second, some process data may be missing. Since correla-
tions exist among multivariate data of process variables, we
can make use of these correlations to reconstruct the missing
data. For example, the approach proposed by Dunia et al.
Ž . Ž .1996 and Burnham et al. 1999 can be used for data recon-
struction.

Finally, we need to ensure that each output variable is lin-
early independent of the others. For real data, if some ele-

Ž .ments of y k are correlated, data preprocessing should be
carried out. For example, we can perform PCA on the sam-
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Ž .pled y k to remove its correlated elements. Consequently,
Ž . T Ž .instead of y k , the scores p y k will be fed to the latticeˆy

filters, where p are the principal eigenvectors of the covari-ˆy
Ž .ance matrix of y k . Similarly, we can preprocess the sam-

Ž . Ž .pled input u k if it has correlated elements so that not u k
T Ž .but its scores p u k will be fed to the lattice filters, whereû

p are the principal eigenvectors of the covariance matrix ofû
Ž .u k . Alternately, data prefiltering can also be used to re-

move the correlation.
Online Recursi®e Order Determination for Lattice Filters.

When applying the proposed lattice filter-based approach to
the monitoring of a process, since the process order n is usu-
ally unknown a priori and can vary, we have to estimate it in
real time and on line.

The correct choice of a process order is very important. If
the chosen order is too low, the process will be under-
parametrized, and as a consequence, the unmodeled dynam-
ics of the process may destabilize. This means that in practice
there maybe a tendency to overparametrize the process.
However, with overparametrization, there is a danger of ill-
conditioning in the lattice filter algorithm, and the conver-

Žgence of the algorithm cannot be guaranteed Xia and Moore,
.1989 .

Ž .Chen and Guo 1987 have proposed an approach based
Ž .on the Bayesian information criterion BIC for a consistent

estimation of the order of a class of stochastic systems given
a batch of data. We adopt this approach here for the on line
recursive determination of the order of the lattice filter.

Ž . Ž .From e k [e k , it turns out that the process or-n 1, M y1n

der n corresponds to the order index hs M y1 of the lat-n
tice filter. Therefore, the determination of n is in a one-to-one
correspondence with the determination of h.

� Ž .With an available sequence of residual vectors e 01, M y1n
Ž .4???e k , we define a function1, M y1n

k
TV h s k log e t e tŽ . Ž . Ž .Ýk 1,h 1,h

t s 0

hq1
w xq2 y1 log k log log k 24Ž . Ž . Ž .ž /M

Then the lattice filter order h will be determined by mini-0
Ž . w xmizing V h with respect to hg My1, . . . , M y1 , fork L

example,

w xh sarg min V h , hg My1, . . . , M y1 25Ž . Ž .Ž .0 k L

Ž .where L can be a large positive integer and M s M Lq1 .L
Moreover, since the process order n can vary, we need to
develop a recursive scheme for order determination as new
data become available.

Intuitively, for a time-varying process, its order change is
less frequent than its parameter change. Therefore, we pro-
pose a batchwise approach to recursive-order determination.
Define an intermediate variable

k
TJe k [ e t e t 26Ž . Ž . Ž . Ž .Ý 1,h 1,h

t s 0

We can rewrite Eq. 24 into

V h s k log Je kŽ . Ž .k

hq1
q2 y1 log k log log k 27Ž . Ž . Ž .Ž .ž /M

If at time instant kq n , a new sequence of residual vec-kq1
� Ž . Ž .4tors e kq1 ???e kq n becomes available1, M y1 1, M y1 kq1n n

Ž .n G1 , in terms of Eq. 26, we havekq1

k q nkq 1
TJe kq n [Je k q e t e t 28Ž . Ž . Ž . Ž .Ž . Ýkq1 1,h 1,h

t s k q1

Therefore,

V hŽ .kqlkq 1

k q nkq 1
Ts kq n log Je k q e t e tŽ . Ž . Ž .Ž . Ýkq1 1,h 1,h

t s k q1

hq1
q2 y1 log kq n log log kq n 29w x Ž .Ž . Ž .kq1 kq1ž /M

Ž .Using Eq. 28, V h is recursively computed. Eventu-kqnkq 1
Ž .ally, if the h corresponding to the minimum of V h is0 kqnkq 1

found, as shown in Eq. 25, then the new process order will be
updated to

h q10
n s y10 M

Update of Co®ariance Matrix. Since the process under
surveillance is time-varying, we also need to recursively up-

ˆeŽ Ž . .date the covariance matrix R Int k rt t , based on then 0
newly sampled process data. This will provide the proposed
monitoring scheme an adaptive capability. As the time in-
stant k progresses, some old data should be discounted and
the most recent data should be weighted heavily in the recur-
sive updates. When we update the covariance matrix using a
sequence of w uncorrelated residual vectors at one time, atl
the time instant k sk qw t , we have2 1 l

k k1 1
y1

t te e Tˆ ˆR k s R k q e k y e kŽ . Ž . Ž . Ž .n 2 n 1 n 1 n 2k k2 2
y1 y1

t t

Ž .k rt y121TT= e k y e k qŽ . Ž . Ýn 1 n 2 k2
Ž .is k rt y wy1 2 l

t

k2
= e k q iy q1qw t y e kŽ .n 1 l n 1½ 5ž /t

Tk2
= e k q iy q1qw t y e k 30Ž . Ž .n 1 l n 1½ 5ž /t
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and the mean update equation is

Ž .k rt y12k t1
e k s e k qŽ . Ž . Ýn 2 n 1k k2 2 Ž .is k rt y w2 l

k2
= e k q iy q1qw t 31Ž .n 1 lž /t

The derivation of Eqs. 30 and 31 is straightforward, and is
not included here due to lack of space.

Adapti©e process monitoring
Once the data preprocessing is completed, the sequence of

steps required for real-time and on line adaptive process
monitoring is as follows.

1. Choose an initial data block with d samples and apply0
the proposed lattice filtering algorithm given in the Appen-
dices to the first segment of the block to generate residual
vectors. Determine the order of the lattice filter from the
generated residual vectors using the index given in Eq. 27.

2. With the determined n, let t be nq1. Apply the lattice
filter to the remaining data in the initial data block. Select

Ž .Int d rt uncorrelated residual vectors to estimate the co-0
eŽ Ž . .variance matrix R Int d rt t according to Eq. 23.n 0

3. As new data samples become available, calculate the
residual vectors based on the lattice filters. Select w , andl

2Ž .calculate T k and compare it with its predetermined confi-n
2Ž .dence limit. If T k is within its confidence limit, recursivelyn

update the covariance matrix with w uncorrelated residuall
vectors and the order with n residual vectors, accordingkq1
to Eqs. 30 and 29, respectively. Otherwise, stop updating, an-
nounce alarm, and take a further action for diagnosis if nec-
essary.

4. The aforementioned monitoring procedure is repeated
for each new data sample.

Case Studies
In this section, we conduct two case studies to illustrate

the application of the proposed IV lattice filter to dynamic
process monitoring. The objective of the studies is to show
the lattice filter’s ability to adapt to slow, normal process
changes and detect abnormal operations. The first case study
is based on a simulated process, and the second one is based
on a real pilot plant.

Case study one
A second-order dynamic process with four inputs and four

outputs, for example

0.67 0.67x kq1 s x kŽ . Ž .
y0.67 0.67

y0.4326 0.1253 y1.1456 1.1892q u k q p kŽ . Ž .˜y1.6656 0.2877 1.1909 y0.0376

0.3573 y0.5883
0.1746 2.1832y k s x kŽ . Ž .˜ y0.1867 y0.1364
0.7258 0.1139

1.0668 0.2944 y0.6918 y1.4410
0.0593 y1.3362 0.8580 0.5711q u k 32Ž . Ž .˜y0.0956 0.7143 1.2540 y0.3999

y0.8323 1.6236 y1.5937 0.6900

is used to generate data. Further, according to Eq. 3-4, we
convert Eq. 32 into the following input]output equation:

y k y1.34 y ky1 q0.8978 y ky2Ž . Ž . Ž .˜ ˜ ˜

1.0668 0.2944 y0.6918 y1.4410
0.0593 y1.3362 0.8580 0.5711s u kŽ .˜y0.0956 0.7143 1.2540 y0.3999

y0.8323 1.6236 y1.5937 0.6900

y0.5912 y0.5227 y0.1485 2.3423
y3.7913 2.4405 1.2502 y0.6397q u ky1Ž .˜0.4361 y1.0198 y1.6289 0.3190

0.6116 y2.0519 1.4397 y0.0658

y0.1396 0.4627 y0.0909 y1.1088
2.9781 y1.7848 0.9774 y1.3153q u ky2Ž .˜y0.1233 0.6587 0.8377 y0.1003

y1.1867 1.5051 y0.2981 y0.0650

0.3273 y0.5883 0.1749 0.6135
p ky1Ž .0.1746 2.1832 y1.5797 y1.3458q

y0.1867 y0.1364 0.2165 y0.0337 p ky2Ž .
0.7258 0.1139 y0.5626 0.4100

33Ž .

We select a combination of sine waves with different fre-
� Ž .4quencies as the noise-free input sequence u k . We assume˜

Ž . Ž .that the observed inputs u k and outputs y k are cor-
Ž . Ž .rupted by noise vectors o k and © k , respectively, for exam-

ple,

u k s u k q© kŽ . Ž . Ž .˜
y k s y k q o k 34Ž . Ž . Ž . Ž .˜

Ž . Ž . Ž .where o k , © k , and p k are zero-mean Gaussian-distrib-
uted random vectors whose means and variances are as fol-
lows:

20.15 0 0 0
20 0.4 0 0o k ;/ 0,Ž . 20 0 0.08 0� 020 0 0 0.15

20.04 0 0 0
20 0.04 0 0© k ;/ 0,Ž . 20 0 0.04 0� 020 0 0 0.04

20.15 0p k ;/ 0,Ž . 2ž /0 0.17

We select an initial block containing the first 300 input and
output points as training data. We apply the IV lattice filter

Ž .to this block for the generation of the residual vector e k .1,h
Since the process has four inputs and four outputs, Ms8

Ž .and hs1 ??? 8 nq1 y1.
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We determine the initial process order n, which is two,
using the first 100 data points in the block. Then, we estimate

eŽ Ž . .the initial value of the covariance matrix R Int 300rt t withn
Ž .t s3 using Int 300rt s100 uncorrelated residual vectors.

We consider two scenarios of parameter variation. First,
starting at the time instant ks1,501 until ks6,000, we con-
tinuously change the parameters of the following system ma-
trix

0.67 0.67As
y0.67 0.67

at each time instant. For example, at the kth time instant
and thereafter at each time step, the first, second, and fourth
elements decrease by 0.01%, but the third element increases

Ž .by 0.01% of their respective values at the ky1 -th time in-
stant. Consequently, at the time instant ks6,000, we have

0.4272 0.4272As
y0.4272 0.4272

We consider such a parametric variation as a normal process
drift because its magnitude is tiny.

ŽSecond, at the k s 8,001 time instant no parametric
changes are made during the period of time from ks6,000

.until ks8,000. , we change the order of the system from two
to three, and at the same time introduce additional parame-
ters and process disturbance to the system. For instance, af-
ter such a change, matrices A, C, and the process distur-

Ž .bance p k , respectively, are as follows:

0.4272 0.4272 y a
As y0.4272 0.4272 a

a y a a

y0.4326 0.1253 y1.1456 1.1892
y1.6656 0.2877 1.1909 y0.0376Bs

b b b b1 2 3 4

0.3273 y0.5883 0.2225
0.1746 2.1832 y0.4532Cs

y0.1867 y0.1364 0.2132
0.7258 0.1139 0.5674

20.15 0 0
2p k C/ 0,Ž . 0 0.17 0� 020 0 0.08

where as0.44, b sy1.2332, b s0.4532, b s0.0987, and1 2 3
b sy0.9987.4

We use two approaches to monitor the previously men-
tioned time- and order-varying process simultaneously, and
the associated results are shown in Figures 1 and 2, respec-

Ž .tively. Note that in both figures, 1 95% and 99% confidence
2Ž . Ž .limits for T k are selected; 2 the covariance matrix is up-n

dated based on w s100 uncorrelated residual vectors if nol
Ž .alarm is announced; and 3 after every n s100 samples,kq1

an on-line order redetermination is carried out.
Ž .In Figure 1, the residual vector e k is generated accord-n

ing to Eq. 5 based on the known state-space model matrices
� 4A, B, C, D . Since the model is constant, the calculated

2Ž .T k frequently exceeds its confidence limit after the timen
instant ks1,500, even though the process is operating nor-

Figure 1. Constant model-based process monitoring for
simulated system.

mally, giving a lot of false alarms. Such false alarms would
not be tolerated in the industry.

2Ž .Figure 2 shows the T k calculated from the residual vec-n
tor generated by the adaptive IV lattice filter with a forget-
ting factor ls0.99. Since the IV lattice filter can adapt to
the process variation, the T 2 statistic is basically within itsn
99% confidence limit for kF6,000, significantly eliminating
false alarms. Further, when the order of the system changes
at the time instant ks8,001, we determine the new order at
the time instant ks8,100 using the index given by Eq. 29. As

2Ž .shown clearly in the figure, the IV lattice filter-based T kn
triggers its control limit during the transient period of time
and drops back to the limit after the system enters its new

Figure 2. Adaptive IV lattice filter-based process moni-
toring for simulated system.
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Figure 3. Tracking parameters of the AR part of simu-
lated system.

steady state, tracking the operational state of the system ef-
fectively. Note that in the x-axis of Figures 1 and 2, each
point is not equal to each sample of the original data. Since

2Ž .we compute T k using a sequence of uncorrelated residualn
Ž .vectors, before including point 2,700, each point in the x-axis

Ž .corresponds to three data samples t s3 , and after point
Ž .2,700, each point corresponds to four data samples t s4 .

We also perform an experiment to observe how the lattice
filter tracks the parameters of the AR part in the ARMAX
process. It is seen from Eq. 33 that the initial values of the
AR parameters are a sy1.34 and a s0.8978, respec-1 2
tively. When we change the parameters of the A matrix, the
two parameters are also subject to a slight variation, for ex-
ample, at the instant ks6,000, a sy0.8544, and a s1 2
0.3650. Moreover, at the instant ks8,001, when the order of
the simulated process is changed from 2 to 3 suddenly, be-
sides an extra parameter a sy0.326 being introduced to the3
AR part, a and a become y1.294 and 0.3650, respec-1 2
tively. Figure 3 plots the ratios of the estimated a , a , and1 2
a over their respective true values, from which we find that3
the slowly time-varying parameters a , a , and a are effec-1 2 3
tively tracked.

Case study two
In this study, we use the proposed scheme to monitor a

Ž .real continuous stirred-tank heater system CSTHS . The sys-
tem is located in the Computer Process Control Laboratory,
in the Department of Chemical and Materials Engineering,
University of Alberta, Canada, and is shown in Figure 4,
where the cold water continuously flowing through the tank
is heated by high-temperature steam passing through a coil

Žand four thermocouples e.g., TT1, TT2, TT3, and TT4 in
.Figure 4 installed at different locations of the long exit pipe

provide temperature signals. The ultimate purpose of the
CSTHS is to control the level and temperature of the water
in the tank. There are three PID controllers included in the
system. Two of them control the level and the temperature of

Figure 4. CSTHS.

the water in the tank, respectively, and the third one controls
the cold water flow rate.

In Figure 5, the lower subplot illustrates the flow rates of
steam and cold water. As mentioned above, these are the
manipulated variables for controlling temperature and level
of the water in the tank. The upper subplot shows the corre-
sponding level and temperature of the cold water.

The purpose of this case study is twofold. First, to show
again that our proposed adaptive monitoring scheme will not
cause any false alarms when applied to a real pilot plant with
a normal drift. Then, we show that in the event of a real
fault, the proposed scheme can immediately detect the fault.

Figure 5. Flow rates of steam and cold water; level and
temperature of cold water in CSTHS.
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Figure 6. Order determination of CSTHS model.

We collect 300 samples from the CSTHS as the initial data
block. Since the lattice filter converges very quickly, we only
use the first 100 samples in the block to identify the order
and coefficients of the lattice filter. The result of order deter-
mination is illustrated in Figure 6, where apparently the or-
der is selected to be three based on our previous analysis.
Further, we estimate the initial value of the covariance ma-
trix of the residual vectors based on the whole block of data.

After time instant ks1,500, we introduce a slight drift into
the system by adding a small ramp to the level output, which
is fed back to the level PID controller. Then, after time in-
stant ks2,000, we change the setpoint of the water level
several times by a magnitude 0.25 each time. Further, we
change the setpoint with a magnitude 0.40 each time after
the time instant 3,600. These setpoint changes in the level
result in significant overall changes to the process. For exam-
ple, when the level changes each time, the temperature-to-
steam loop gain and time constant also change, making the
CSTHS a time-varying system. However, we require that these
setpoint changes and a slight process drift should be consid-
ered normal and not process faults from an engineering point
of view.

As in the previous case study, we use two schemes to moni-
Ž .tor the CSTHS simultaneously, where again 1 uncorrelated

residual vectors generated from the lattice filter are used to
2Ž . Ž .compute T k ; 2 w s100 uncorrelated residual vectors aren l

Ž .used to update the covariance matrix; and 3 n s100kq1
residual vectors are employed to redetermine on-line the or-
der at one time. In the first scheme, the lattice filter identi-
fied from the 100 samples in the initial block is used as a
fixed model to generate the residual vector, and the corre-
sponding result is given in Figure 7. Since the residuals are
produced from the constant model, when the CSTHS is sub-

2Ž .jected to a normal variation, the computed T k exceeds itsn
confidence limit, especially its 95% confidence limit, fre-
quently. These limit violations would clearly sound many false
alarms.

Figure 7. Constant model-based process monitoring for
( )CSTHS using every fourth sample period .

Figure 8 depicts the result of IV lattice filter-based process
monitoring and fault detection, where as compared with Fig-
ure 7, the number of false alarms are greatly reduced. Even-
tually, in Figure 8, we also demonstrate how the IV lattice
filter-based scheme detects fault. Between ks5,200 and ks
5,260, a real fault is introduced into the CSTHS by choking
the cold water exit pipe, and this fault is instantly detected by

2Ž .the statistic T k .n

Conclusions
We have proposed a IV multichannel lattice filter scheme

for adaptive dynamic process monitoring with two main con-

Figure 8. IV lattice filter-based monitoring for CSTHS
( )using every fourth sample period .
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tributions. First, we develop a IV-based multichannel lattice
filter that gives a consistent estimate of the vector ARMAX
model in the presence of measurement noise in inputs and
outputs and process noise. Then, based on the newly devel-
oped IV lattice filter, we propose an adaptive process-moni-
toring scheme for fully dynamic and time-varying processes.

We have successfully applied the proposed scheme to two
cases, a simulated process and a real pilot plant. In compari-
son with a constant model-based process-monitoring tech-
nique, our proposed approach can adapt to a normal process
drift, with significant reduction in the number of false alarms,
and yet at the same time is sensitive to any real faults.

Currently, the IV lattice filter is updated at each data sam-
ple. In a practical situation, particularly for slowly time-vary-
ing chemical processes, we may not need to update the pro-
cess models at each data point. Instead it is suggested that
one update the model based on nonoverlapping data blocks
of user-specified window lengths. Work on such a block-based
lattice filter for adaptive processing is currently in progress.
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Appendix A: Time-Recursion and Order-Recursion
Equations

In the algorithms given below, where unless otherwise
Žstated, ss1 ??? M, hs1 ??? M y1, and k)s2mqInt sqhn

.y1rM .

ie kŽ .s,h
s

ig kŽ .s,h

i ,ym° v kŽ .s,h
1 y i ib kŽ . e kŽ .sq1,hy1 s ,hy1

, s/ M
i ,m iv k g kŽ . Ž .s,h sq1,hy1

y 1ia kŽ .s,hy1~
i ,ymv kŽ .s,h

1 y i ib ky1Ž . e kŽ .1,hy1 s ,hy1
, ss M

i ,m iv k g ky1Ž . Ž .s,h 1,hy1
y 1ia kŽ .¢ s,hy1

A1Ž .
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i ,m i ,ym° v k v kŽ . Ž .s,h s ,hia k y , s/ MŽ .s,hy1 ib kŽ .sq1,hy1
i ~a k sŽ .s,h i ,m i ,ymv k v kŽ . Ž .s,h s ,hia k y , ss MŽ .s,hy1 i¢ b ky1Ž .1,hy1

A2Ž .
iym i ,m° v k v kŽ . Ž .s,h s ,hib k y , s/ MŽ .sq1,hy1 ia kŽ .s,hy1

i ~b k sŽ .s,h i ,ym i ,mv k v kŽ . Ž .s,h s ,hib ky1 y , ss M .Ž .1,hy1 i¢ a kŽ .s,hy1

A3Ž .

e i ,m k sŽ .s,h

i ,m° v kŽ .s,hi ,m i ,me k y § k s/ MŽ . Ž .s,hy1 sq1,hy1ib kŽ .sq1,hy1~ A4Ž .i ,mv kŽ .s,hq1i ,m i ,me k y § ky1 ss MŽ . Ž .s,hy1 1,hy1i¢ b ky1Ž .1,hy1

i ,ym° v kŽ .s,hi ,m i ,m§ k y e k s/ MŽ . Ž .sq1,hy1 s ,hy1ia kŽ .s,hy1
i ,m ~§ k sŽ .s,h i ,ymv kŽ .s,hi ,m i ,m§ ky1 y e k ss MŽ . Ž .1,hy1 s ,hi¢ a kŽ .s,hy1

A5Ž .

e i k sg i k s z i kMy s A6Ž . Ž . Ž . Ž .s,0 s ,0

i ,m i ,m i w xe k s§ k s z kym My s , ss1 ??? M . A7Ž . Ž . Ž . Ž .s,0 s ,0

k
i i kyt i i w xa k s b k s l z tMy s z tym My sŽ . Ž . Ž . Ž .Ýs,0 s ,0

t sy`

A8Ž .

g i k § i ,m kŽ . Ž .s,h s ,hi i ip k sp k q , with p k s0Ž . Ž . Ž .s,hq1 s ,h s ,0ib kŽ .s,h

A9Ž .

° i ,m ie k e kŽ . Ž .s,h s ,hip k q s/ MŽ .sq1,h ia kŽ .s,h
i ~p k s A10Ž . Ž .s,hq1 i ,m ie k e kŽ . Ž .s,h s ,hip ky1 q ss MŽ .1,h i¢ a kŽ .s,h

ia k sŽ .s,h

° i i ,me k e kŽ . Ž .s,h s ,hila ky1 q , s/ M , hs0 ??? M y1Ž .s,h ni1yp kŽ .sq1,h~
i i ,me k e kŽ . Ž .s,h s ,hila ky1 q , ss M , hs0 ??? M y1Ž .s,h ni¢ 1yp ky1Ž .1,h

A11Ž .

g i k § i ,m kŽ . Ž .s,h s ,hi ib k s lb ky1 q , hs0 ??? M y1Ž . Ž .s,h s ,h ni1yp kŽ .s,h

A12Ž .

° i ,m ie k g kŽ . Ž .s,hy1 sq1,hy1i ,mlv ky1 q , s/ MŽ .s,h i1yp kŽ .sq1,hy1
i ,m ~v k sŽ .s,h i ,m ie k g kŽ . Ž .s,hy1 1,hy1i ,mlv ky1 q , ss MŽ .s,h i¢ 1yp kŽ .1,hy1

A13Ž .

i ,ymv k sŽ .s,h

° i ,m i§ k e kŽ . Ž .sq1,hy1 s ,hy1i ,ymlv ky1 q , s/ MŽ .s,h i1yp kŽ .sq1,hy1~ A14Ž .i ,m i§ ky1 e kŽ . Ž .1,hy1 s ,hy1i ,ymlv ky1 q , ss MŽ .s,h i¢ 1yp ky1Ž .1,hy1

Note that the preceding algorithm should be executed for is
1 to is m.

Appendix B: Initialization of the Lattice-Filter
Algorithms

We assume that the process data are available only for kG
0. Therefore, we have to initalize the lattice filtering algo-
rithms at a certain time instant. This can be done by assign-

i iŽ . Ž .ing initial values to the quantities a k and v k . Tos,0 s,h
i Ž . i Ž .compute e k and l k for alls,h s,h

ss1 . . . M , hs1 . . . M y1, and ks0 . . . `n

the following initialization procedure is suggested.
1. Assign initial values to the quantities

sqhy1
i i ,ma y1 and v Int y1 q2mŽ .s,0 s ,h ž /ž /M

for ss1 . . . M and hs1 . . . My1
n

2. For kG0 and ss1 . . . M, execute the complete lattice
wŽ . .xfiltering algorithms from hs1 until Int sqhy1 rM q2m

- k.
wŽ . .x3. When k G Int M q M y2 rM q2m, execute then

complete algorithms from hs1 until M y1.n
Ž .Note that the operator Int ? means that the argument has

to be converted into an integer.
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