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Abstract

This paper presents the development of a state-spaceframework for monitoring

batch processesthat can complementthe existing multiv ariate monitoring methods.

A subspaceidenti¯cation method will be usedto extract the dynamic and batch-to-

batch trends of the processand quality variables from historical operation data in

the form of a \lifted" state-spacestochastic model. A simple monitoring procedure

can be formed around the state and residualsof the model using appropriate scalar

statistical metrics. The proposedstate-spacemonitoring framework complements

the existing multiv ariate methods like the multi-w ay PCA method in that it allows

us to build a more completestatistical representation of batch operations and useit

with incoming measurements for early detection of not only large, abrupt changes
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but also subtle changes. In particular, it is shown to be e®ective for detecting

changesin the batch-to-batch correlation structure, slow drifts, and mean shifts.

Such information can be useful in adopting the prediction model for batch to batch

control. The framework allows for the useof on-line processmeasurements and/or

o®-line quality measurements. When the both types of measurements are used in

model building, one can also use the model to predict the quality variables based

on incoming on-line measurements and quality measurements of previous batches.

Keyw ords: Pro cess Con trol, Batc h Con trol, Monitoring, PCA, Subspace

Iden ti¯cation, Multiv ariate Statistics, Inferen tial Prediction

In tro duction

The primary objective of statistical monitoring of a batch processis to ensurethat sig-

ni¯cant and sustainedchangesin the product quality (brought on by disturbancesand

faults) are detected quickly. The traditional way of doing this is to plot the sampled

quality variables to seeif they fall within speci¯ed limits on a Shewart chart. However,

the e®ectivenessof the conventional Shewart control charts for batch processmonitoring

has proven to be limited, particularly in terms of detecting small mean shifts and slow

drifts that are common in chemical processes.This has led to the more common im-

plementations of CUSUM or EWMA basedmethods for their improved abilit y to detect

mean shifts or the presenceof strong autocorrelation in the process. However, the lack

of on-line quality measurements limits the e±ciency of these classicalSPC methods in

making quality control or product releasedecisions.

To alleviate the limitation, many researchershave consideredusing multiv ariate statisti-

cal modelsbuilt around on-line processmeasurements to provide monitoring at the batch

level. The use of techniquessuch as Principal Component Analysis (PCA) and Partial

Least Squares(PLS) for batch processmonitoring has beendiscussedextensively in the

literature (Nomikosand MacGregor,1994;Nomikosand MacGregor,1995b; Nomikosand

MacGregor, 1995a). These multiv ariate SPC (MSPC) methods rely on the extracted

statistical information about how the processmeasurements vary together around some
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nominal conditions. MSPC methods have been shown to be e®ective in detecting and

diagnosingevents that have either causeda signi¯cant change in the dynamic correla-

tion structure amongthe processvariablesand/or causedthe variablesto go outside the

normal range as de¯ned by the historical data. In the absenceof an immediate qual-

it y measurement thesedeviations can be usedto distinguish between\good" and \bad"

product quality.

In practice, it is not uncommonfor disturbancesto evolve over several batches, leading

to a gradual drift of the product quality out of acceptablecontrol limits. In addition,

small shifts in the product quality can occur, which may not immediately translate into

products outside the normal range but just an increasedrisk of o®-spec products. The

occurrenceof such changescan be detectedby current MSPC methods but tight bounds

may be neededwhich can lead to many falsealarms. In other words, by monitoring each

batch independently, the existing MSPC methods may not be very e±cient in terms of

detecting thesetypesof changes.Moreover, changesin batch-to-batch correlation struc-

ture can go unnoticed by thesemethods. Such changescan be relevant for batch process

control asmany industrial batch processesare controlled in a batch-to-batch mannerand

recipe adjustment rules used by an operator or a controller may be basedon a partic-

ular correlation behavior. Adjusting recipes basedon a wrong correlation behavior can

worsenthe result and hencethe importanceof understandingthe predominant correlation

structure and detecting any signi¯cant deviation from it.

As mentioned earlier, the samede¯ciency was realizedwith the classicalcontrol charts,

which in turn led to the widespreadimplementations of CUSUM or EWMA basedmeth-

ods. However, all thesemethods implicitly assumethat the deviations in the monitored

variablesare serially independent. In the caseof strongly auto-correlatedprocesses,the

detection e±ciency of thesemethods can be enhancedby socalled \whitening" of the se-

quencebeforeapplying them. For batch processes,it is of interest to develop monitoring

methods within the multiv ariate SPC setting that are capableof detecting the onset of

such changes. At the simplest level, one could apply a CUSUM or EWMA test to the

relevant variables monitored by the MSPC method (such as the scoresof PCA). This
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may help detect drifts and mean shifts faster but it may not help detect changesin the

correlation structure in general. Also, in view of the fact that many industrial batches

show fairly strong batch-to-batch correlations even under normal operating conditions,

applying thesemethods directly to the auto-correlateddata may not result in the most

e±cient detection schemes. In addition, it is desirablebut not clear how to integrate

di®erent types of on- and o®-linemeasurements for monitoring, quality prediction, and

control.

Our aim is to develop a batch monitoring framework, which can nicely complement the

current MSPC methods by improving the abilit y to detect the aforementioned types

of changes,which may not lead to o®-spec batches immediately but neverthelesshave

strong implications for batch operations. Weproposeto capture the multiv ariate dynamic

behavior of processand quality measurements, both in time and batch-to-batch senses, in

the form of a stochastic state-spacemodel. The state-spaceframework provides us with

the °exibilit y and generality, such asthe abilit y to integrate di®erent typesof on- and o®-

line measurements and the abilit y to make quantitativ e predictions about relevant batch

variablesand actively control them.

Here,state-spacemodelswill be identi¯ed directly from processdata usingsubspaceiden-

ti¯cation techniquessuch asthe N4SID method (Van OverscheeandDeMoor, 1994). Even

though thesetechniquesweredevelopedoriginally for identifying continuoussystems,they

can be usedto model batch processesby employing the technique called \lifting". In our

recent conferencepaper (Dorsey and Lee, 1999),we investigatedthe useof the resulting

model for inferential product quality prediction. In the present paper, we will explorethe

useof the model for processmonitoring.

The state-spacemodeling enablesus to separatevariations seenin normal batch oper-

ations into a batch-wise correlated part (the state) and a part independent from the

previous batches(the innovation). This in turn allows us to employ additional tests on

the innovation, such asa whitenesstest, for detection of changesin the correlation struc-

ture. Simple tests like the T2 monitoring of the innovation aswell as its sum over several

successive batchesor its EWMA will be shown to be very e®ective for detecting changes
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in the correlation structure as well as small mean shifts and slow drifts at their onset.

A similar method for monitoring continuous systemswas proposedby Negiz and Cinar

(1997). In their monitoring procedure,however, a singleT 2 monitoring statistic wasused

around the state variables of the model. Going beyond their proposedscheme,we will

proposeto developand usescalarstatistics for the innovation term for improveddetection

of various subtle changes.

The primary advantage of using the state-spacemodeling framework for batch process

monitoring is that a more complete representation of the processoperation can be ex-

tracted from the data and usednot only for monitoring but alsofor inferential prediction

and control of product qualities. em The proposedmethod will nicely complement the

existing MSPC methods, which are proven to be very e®ective at catching events that

lead to abnormal batches. In fact, we show that the conventional multi-way-PCA-based

method canbe implemented asa part of the newmethod by usingPCA asa preprocessing

step in prior to the identi¯cation of the state-spacemodel, in order to allow for a recursive

estimation of the PCA scores(and SPEs)during the batch aswell asretaining the abilit y

to monitor each batch independently for abnormality.

The rest of the paper is organizedas follows. In Section2, we explain how to develop a

state-spacerepresentation of multi-dimensional batch variable correlations from normal

operating data. In Section 3, we discusshow the model can be used in various ways

for on- and o®-linemonitoring. In Section 4, a casestudy involving a simulated batch

pulp digester is presented to illustrate the useful and other notable featuresof the new

framework. In Section5, we o®ersomeconclusions.

Iden ti¯cation of Batc h State-Space Mo dels

Background

Batch processdata can be represented by a three dimensionaldata array containing the

di®erent processvariables (indexed through 1; · · · ; L) acrossboth the batch (1; · · · ; K )
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and time dimensions(1; · · · ; M ) as shown in Figure 1. Let X (K × L ×M ) represent

this three dimensionaldata array. Traditional multiv ariate approachesto batch processes

begin with the unfolding of this three dimensionaldata array into two dimensionsprior

to application of the modeling algorithm. The typical choicefor unfolding this array is to

preserve the batch dimensionand rearrangeeach resulting batch sliceinto a singlevector

(by collapsing the \within-batc h" dimensions). This unfolding processcreatesa large

data matrix X (K × LM ), upon which a multiv ariate statistical modeling technique like

PCA or PLS is applied. In that context, the particular way of unfolding results in a model

that describes variations of the processvariables around their nominal tra jectories and

treats each batch asan independentobservation. Seldomis an attempt madeto establish

a model along the batch dimension that captures the multiv ariate statistics among the

samplesof successive batches.

However, in the presenceof drifts, meanshifts, or other changesin the correlation struc-

ture, the lack of information on the `batch-to-batch' behavior could limit the e®ectiveness

of the statistical monitoring scheme. In order for existing MSPC tools to detect such

a changeat its onset, the detection limits may needto set very tightly, which can lead

to many false alarms. The conventional 3¾ bounds or 99% con¯dence limits may not

be very e±cient at detecting slow drifts or small mean shifts. The ideal situation is to

detect thesechangeswell before the processactually start producing o®-spec products.

Then, corrective action could be made beforeany true quality deviation is experienced,

increasingthe overall uptime of the plant by reducing the number of batches that are

downgradedor disposed.

In order for a monitoring schemeto detect such changesin the batch-to-batch trends, it

helpsto model the behavior alongthe batch dimensionof the data matrix X . This canbe

accomplishedthrough developinga dynamic state-spacemodel with respect to the batch

dimensionusing the subspaceidenti¯cation technique. Such a formulation doesnot treat

each batch independently but tries to capture and usemultiv ariate statistical information

on the batch-to-batch behavior.
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Preliminary Steps

The data preparation stepsfor the identi¯cation procedurebegin by meancentering and

scalingthe processmeasurements sothat they areexpressedasscaleddeviationsfrom the

nominal tra jectories de¯ned over the batch history. The within batch dimensionof the

data is then collapsedinto the \lifted" vector. To assignsomenotation to this procedure,

let yk(t) be the vector of mean centered and scaledprocessmeasurements available at

the current sampletime t within batch k. Collecting all such vectorsfor 1; · · · ; M sample

points, the lifted batch vector for the k th batch can then be expressedas

Yk = [yk(1)T ; yk(2)T ; · · · ; yk(M )T ]T (1)

which contains all of the processmeasurements within the batch orderedon time. This is

done for all batches(1; · · · ; K ) in the model building data set, which de¯nes the normal

operating condition of the plant. Here, the data de¯ning normal operation should not

necessarilyinclude all batchesthat producedsatisfactory end results. One must exclude,

for example,a wholesequenceof batchesalongwhich a problemmay have developed later

leading to a higher frequencyof abnormal batchesor other signi¯cant problems.

Model Development

The following stochastic model of the processis extracted from the data usinga subspace

identi¯cation technique (Van Overscheeand De Moor, 1993).

Xk+1 = AXk + K Ek

Yk = CXk + Ek

(2)

The interpretation of the identi¯cation procedurein the batch processsetting, in which

Yk is the collection of all observations madefor the k th batch, is that the state sequence

is extracted from the processdata basedon the relevancy of the previousbatch measure-

ments for predicting the future batch measurements. In other words, the state is de¯ned

to be a holder of information from previousbatchesthat is relevant for predicting future

batches. Therefore,a monitoring algorithm built around the developed state spacemodel
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deliversa powerful way to detect not only deviations in the level of the processvariables

but also abnormal deviations in the processbehavior from a batch-to-batch dynamics

point of view. This can be potentially helpful for detecting unusual changes,both in

terms of the magnitudesand batch-to-batch dynamic trends, in the feedstock or other

batch operating parameters.

Reducing the Dimensionality of the Lifted Vector

One practical issuethat may ariseduring the application of subspaceID to batch data is

the largesizeof the lifted output vectorY. Oneway to combat the dimensionality problem

is to apply PCA in prior to subspaceidenti¯cation. In most batch processes,variabilities

of the measurements are manifestedby a relatively small number of parameters. Hence,

the data for the lifted vectorYk arelikely to show a high degreeof co-linearity. Oneshould

be able to reducethe lifted sampledata trends (other than measurement noises)into a

much smaller number of variables that represent the modesof variations in the process

variables. If the number of principal components is chosensothat the residualsrepresent

mostly measurement noises,which tend to be time-wiseand batch-wiseuncorrelatedand

is not a part of the processtrend to be modelled, the scoreswill retain the original batch-

to-batch behavior we want to model. PCA would be applied to project the lifted output

vector Y of size(LM ) to the scorevector Y residing in a lower dimensionalspaceof size

(n). With the compressedoutput vector, a more compact model can be developed by

applying the subspaceID algorithm to get the reducedstate spacemodel of

Xk+1 = AXk + K Ek

Yk = CXk + Ek

(3)

whereY represents the scorevector, which is de¯ned by

Y = £ Y + E (4)

£ is the matrix whosecolumnsare the principal directionsof the PCA model and E is the

residual matrix from the PCA. The state-spacemodel output in the reduceddimension
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can be projected back to the full batch dimensionby rewriting the output equation as

Yk = £ (CXk + Ek) + Ek .

State-Space Mo del Based Monitoring of Batc h Pro-

cesses

Monitoring Procedure

The application of PCA in prior to subspaceidenti¯cation provides someadvantagesin

terms of the monitoring task. The output of the state-spacemodel in this setting becomes

the scoresof the original PCA model. This is expressedas the sum of CXk , which is

the estimate of the scoresfrom the previous batch measurements, and the prediction

error E , which is the portion of the scoresthat are uncorrelatedwith the previousbatch

measurements (the `innovation'). This allows the abilit y to monitor the correlatedportion

through the state vector and the newportion through the prediction error. Both variables

can be monitored using the Hotelling T 2 statistic (as opposedto the Q statistics that are

used to monitor the residualsin the conventional PCA monitoring schemes)since they

both lie in the scorespaceand their elements are orthogonal.

The Hotelling T2 statistic is usedbasedon the assumptionthat the setof randomvariables

to be monitored are zero mean and follow a multinormal distribution with estimated

covariancematrix § (Anderson, 1984). The Hotelling T 2 statistic is in the form

T2
k = zk§ ¡ 1zk

T ∼
(N − 1)n
(N − n)

Fn;N ¡ n (®) (5)

With N being the number of samplesand n being the dimension of the observation

vector z. The F-distribution can be usedto establishcontrol limits with signi¯cancelevel

®. Hence,if the state variablesor the prediction errors in the scorespaceexhibit a lossof

orthogonality or a changein level from that de¯ned by the normal operating data, their

respective T2 valueswill be more likely to exceedthe establishedcontrol limits.

Beyond these`snapshot' analysis,the prediction error (E) canalsobe monitored in terms
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of its serial correlation. Signi¯cant auto-correlation in the residualsis likely an indication

of a changein the batch-to-batch dynamicsfrom the normal operating condition asde¯ned

by the model-building data. In order to detect such a change,we can usea whitenesstest

of somesort. A simple test onecan usefor this dependson the situation.

In the casethat the normal operation data shows little batch-to-batch correlation, states

will be negligibleand the T2 monitoring of the prediction error is almost equivalent to the

T2 monitoring of the scoresin the PCA approach. When small meanshifts, slow drifts, or

changesin the correlation behavior develop, the varianceof state and prediction error will

increaseeventually but it may take a while before the changecan be observed through

a static test. In such a case,somelow-pass-¯ltered form of the prediction error can be

monitored for a quicker detection. For example,assumingthe prediction error vector E is

multinormal with N (0; ¥), then summingover a speci¯ed number of batchesgivesa new

vector

ak =
kX

i = k¡ m+1

E i (6)

which is alsomultinormal with N (0; m¥), assumingE is an independent, identically dis-

tributed (i.i.d.) sequence.Control limits can then be establishedbasedon the T 2 calcu-

lated aroundak to verify this assumption.Note that the elements of ak represent mutually

orthogonalcomponents, sinceE is a vector formedin the scorespaceof PCA, of which the

elements are orthogonal. Hence,the T 2 statistic can be usedfor monitoring this variable

aswell. The value of m becomesa tuning parameter to achieve the desiredsensitivity to

drifts and meanshifts of the process.Alternativ ely, EWMA can be usedin placeof the

moving ¯nite sum.

In the casethat the normal operation data shows strong batch-to-batch correlation, the

stateswill contain the more signi¯cant portion of the scores.A changein the correlation

behavior (to a much weaker correlation, for instance)will typically result in an immediate

increasein the varianceof the prediction error. Hence,the T 2 monitoring of the prediction

error can be very e®ective for the detection of a lossof correlation. The aforementioned

T2 monitoring of the CUSUM or EWMA of the prediction error canstill be usedto detect

sustainedshifts and drifts, even though the sensitivity will be loweredsimply becausethe

10



normal data themselvesshow strong correlation.

One point to emphasizehereis that, in practice, in addition to X and E , oneshould also

monitor Ek (through the Q statistics) asmany changeshave shown to have strong e®ects

on SPE but not on PCA scores. Hence, the proposedstatistics are in addition to the

statistics monitored by the conventional MSPC methods and are intendedto complement

them rather than to replacethem.

The additional metrics proposedabove o®era better chanceto detect relevant changes.

Thosefaults that immediately lead to abnormalbatchesshouldshow up in the statesand

in the prediction error within the PCA scorespace. Subtle changeslike a slow drift, a

meanshift, or a shift in the batch-to-batch correlation structure, shouldbe most apparent

in the tests on the prediction error sincethey tend to lead to auto-correlatedprediction

errors. Theseissueswill be investigatedfurther through the casestudiesin Section.

Monitoring Formulations

The selectionof the variables to be included within the lifted vector prior to identi¯ca-

tion is greatly dependent on the intent of the model's use. Three possiblemonitoring

formulations can be consideredbasedon the information included in the output vector

of the model. Theseinclude a formulation that useso®-linequality measurements only,

a formulation that useson-line processmeasurements, and an integrated approach that

usesboth sourcesof information.

Form ulation Based On O®-Line Qualit y Measuremen ts Only

The traditional industrial monitoring schemesrely only on the quality measurements to

detect relevant changesin the processbehavior. This formulation can easily be incorpo-

rated into the state-spaceformulation by identifying the model directly from the available

quality data. Let qk be the vector of quality measurements from batch k. Collecting all

such vectorsover the batch history the following state-spacemodel can be identi¯ed.
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xk+1 = Ax k + K " k

qk = Cxk + " k

(7)

As the quality measurements becomeavailable they would be used in the developed

Kalman ¯lter to obtain the optimal estimate of the state vector.

xk+1 = Ax k + K [qk − Cxk ]

= (A − K C)xk + K qk

(8)

The above T2 metrics could then be calculated for the state xk and prediction errors

(qk − Cxk) at the end of batch k and monitored. The § in Equation 5 would be calcu-

lated separatelyfor both the state and residual basedon the data generatedaround the

historical data. In the commonsituation when quality measurements are delayed consid-

erably, the ¯lter will lag behind the process.Alternativ ely, the delayed quality variables

could be augmented onto the state vector to handle the delays. However, in this setting

with no other information available during batch k, there is no signi¯cant performance

improvement in terms of monitoring.

Form ulation Based On On-Line Pro cess Measuremen ts

Oneattractiv e featureof the PCA basedmethod is its abilit y to useon-line measurement

information for monitoring. An on-line monitoring procedurecan be developed in the

present framework by including all of the on-line measurements within the lifted vector

Yk prior to identi¯cation of the state-spacemodel.

Xk+1 = AXk + K Ek

Yk = CXk + Ek

(9)

The advantage of this formulation over the purely o®-lineformulation is that there is no

delay from waiting for the o®-linequality measurements. The model can be used in a

batch-to-batch fashion(analogousto PCA) by applying the full measurement vectorY to
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the model equation (9) at the end of each batch.

Xk+1 = AXk + K
£
Yk − CXk

¤
(10)

Again, Xk+1 and Yk − CXk would be monitored upon completion of batch k.

A disadvantage of the above formulation is that the monitoring result becomesavailable

only after the completion of the batch. Instead, the model can be used in real-time as

the batch proceedsto provide monitoring throughout the batch. This is an attractiv e

formulation if the processcan allow for somecorrective action during the batch, or can

bene¯t from the abilit y to make product releasedecisionsprior to the end of the batch

either to scrapthe batch and begin again or modify the ¯nal target of the product.

The `within-batch' monitoring procedurecanbe implemented by usingthe samebatch-to-

batch model of (9) for recursive estimation through the useof a periodically time-varying

(PTV) Kalman ¯lter. To do this it is convenient to createthe following augmented system

vector:

Zk ≡

2

6
6
6
4

Xk+1

Ek

Yk

3

7
7
7
5

(11)

which contains all of the desiredvariables that would be monitored for batch k. Notice

herethat wechooseto includeXk+1 insteadofXk in Zk , which is composedof the variables

to be monitored during the kth batch. This is basedon the considerationthat Xk+1 holds

the relevant information contained in the measurements up to the k th batch, whereasXk

holds the information only up to the k − 1th batch. However, de¯ning Zk with Xk would

have also been¯ne as any fresh disturbance information contained in the measurements

for the kth batch would be represented in the estimate of E k .

The batch-to-batch transition model of (9) can be equivalently expressedasthe following

PTV system:

Zk+1 (0) =

2

6
6
6
4

A 0 0

0 0 0

C 0 0

3

7
7
7
5

| {z }
©

Zk(M ) +

2

6
6
6
4

K

I

I

3

7
7
7
5
Ek+1 (12)
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Zk(t + 1) = Zk(t)

yk(t + 1) = H (t)£
h

0 0 I
i
Zk(t) + ek(t + 1);

t ∈ {0; · · · ; M − 1}

(13)

whereH (t) is a matrix that extracts yk(t) from the lifted vector Yk and ek(t) is the PCA

residualat time t, which we will assumeto be i.i.d. sequences.Basedon the above model

representation, a PTV Kalman ¯lter can be constructed (Lee et al., 1992), to estimate

Xk+1 , Ek andYk recursively aseach measurement becomesavailable during the k th batch.

Notice here that the state contains Yk , which contains the PCA scores.This is certainly

redundant asX and E de¯ne Y. However, by including it, the PTV Kalman ¯lter for-

mulation provides a recursive estimate of the PCA scores,which may be useful. The

estimatedXk+1 and Ek as well as some¯ltered form of E k can be monitored through the

T2 tests as before.

For this formulation the covariance matrix § in the T 2 calculations (Equation 5) will

be basedon all of the data points for di®erent times obtained by applying the recursive

formulation of the state spacemodel to the historical data base(a total of K LM data

points). Alternativ ely one could calculate M separatecovariance for every sampletime

within the batch. This would be a tedious task but may be required if the variables

to be monitored are dispersedunevenly acrossthe batch tra jectory. In that casesome

sensitivity would be lost in detecting changesat the lower levelsof thesevariablesif only

a lumped covariancematrix was used.

In tegrated approac h:

The ¯nal and most °exible formulation allows for inferential quality prediction aswell as

batch monitoring (in a manneranalogousto PLS) by including all the measurements from

each batch, including the on-line processmeasurements and the o®-linequality variables.

Quality variablesqk , which de¯ne the terminal condition of the batch, is appendedto the

lifted on-line measurement vector Y prior to identi¯cation of the model. We would then

identify the model basedon this lifted vector.
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Xk+1 = AXk + K

2

4
EY

Eq

3

5

k2

4
Yk

qk

3

5 =

2

4
CY

Cq

3

5

| {z }
C

Xk +

2

4
EY

Eq

3

5

k| {z }
Ek

(14)

It is likely that the quality measurement vector qk will not be available immediately at the

end of batch k. For the casewhen the quality measurements are not available beforethe

next batch begins,onecan carry over the quality variable in the state vector in order to

allow for correction basedon the laboratory measurements when they becomeavailable.

To incorporate the lab measurements of the previousbatch, the identi¯ed model is simply

augmented with the quality variablesof the previousbatch. Any amount of delay in the

lab analysiscan be handledby augmenting the state with an appropriate number of past

batch quality variables. Even when the analysisdelay is not ¯xed, an upper bound on

the delay can be establishedbasedon typical laboratory analysis times of the quality

variables. For example,assumingthe quality measurements are delayed by at most two

batches,the following augmented state vector can be created.

Zk = [xT
k+1 ; ET

k ;Yk ; qT
k ; qT

k¡ 1; qT
k¡ 2]T (15)

Where Yk has been included as well to allow for the recursive formulation of the PCA

scoresduring the batch.

For recursive calculation of Zk in real time, the following PTV model derived from the

above batch-to-batch model can be used:

Zk(0) =

2

6
6
6
6
6
6
6
6
6
6
6
6
4

A 0 0 0 0 0

0 0 0 0 0 0

CY 0 0 0 0 0

Cq 0 0 0 0 0

0 0 0 I 0 0

0 0 0 0 I 0

3

7
7
7
7
7
7
7
7
7
7
7
7
5

| {z }
©

Zk¡ 1(M ) +

2

6
6
6
6
6
6
6
6
6
6
6
6
4

K

I
2

4
I 0

0 I

3

5

0

0

3

7
7
7
7
7
7
7
7
7
7
7
7
5

Ek (16)
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Zk(t + 1) = Zk(t)

yk(t + 1) = H (t + 1)£
h

0 0 I 0 0 0
i

| {z }
¦( t )

Zk(t + 1) + ek(t + 1); t ∈ {0; · · · ; M − 1}

(17)

Basedon the above model, a time-varying Kalman ¯lter can be designedto update Zk(t)

as measurements at each time becomeavailable. Measurements of the quality variables,

whenever they becomeavailable, can also be included in the Kalman ¯lter update (by

appropriately modifying the measurement matrix ¦ to include the measuredq). This

formulation o®ersan important advantage over previous methods in that it allows for

the use of both on-line and o®-line information in the monitoring decision as well as

an opportunit y to predict the quality variables (possibly for on-line inferential product

quality control) all in a single framework.

Case Study

The proposedstate-spacemonitoring formulation will be testedon on data generatedfrom

a fundamental model of the pulp digester (seeDatta (1996) for model details). For this

study the major sourceof disturbancesare assumedto occur from feedstock variations

in the wood chips. Variations of the chip moisture, chip size,and chip composition have

an impact on the kinetics throughout the batch and lead to deviations in the quality

variables,the Kappa number, and yield. Measurements of e®ective alkali, lignin, sul¯de,

density, and total solidswere assumedto be available every ¯v e minutes throughout the

batch duration of three hours. This leadsto an output vector with dimensionof 185after

lifting the processtra jectories as described by Equation 1. The dimension of the full

lifted vector Y is prohibitiv ely high for identi¯cation of a state spacemodel from limited

data. Hence,PCA will be used as in Section throughout the casestudy when online

measurements are involved to reducethe sizeof the output vector prior to identi¯cation.

Where necessary, laboratory data of the Kappa number and yield of the pulp will be

combined with thesemeasurements to illustrate the di®erent formulations.
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In all casesthe normal batch history and test data are generatedby assumingthat the

chip properties vary from batch to batch accordingto

dk = Ádk¡ 1 + ³k (18)

where³k is an i.i.d. sequence.Á can be adjusted to model di®erent degreesof correlation

in the batch to batch behavior. The basecasescenariofor this paper will assumethat

the batch history is weakly correlatedwith a value of Á = 0:1. However, in the later part

of the study we will seethe impact of a stronger correlation in the batch history has on

the monitoring performanceand set Á = 0:9 to generatethe normal history.

To show the complementary nature of the proposedmonitoring method, we considered

test caseswith subtle changesin the feedstock that may not lead to o®-specproducts on

an immediate basisbut develop into signi¯cant problemsin the long term. Thesetypes

of changescould go unnoticed by the conventional PCA method. Henceit will be shown

that the developed framework o®ersa nice complement to PCA.

Model Building

In generatingthe normal batch history for the basecasescenario,it wasassumedthat the

processhad very little batch to batch correlation and 200batchesweregeneratedwith Á

set to 0:1 in Equation 18 to simulate this normal condition. Only online measurements

from thesebatcheswere usedto obtain a PCA model with 3 principal components and

in turn a state-spacemodel of order 6 was identi¯ed directly from the scoresof the PCA

model.

Detecting changes in correlation

First we investigatethe impact of correlation on the monitoring algorithm, particularly in

its abilit y in detecting changesin the overall degreeof batch-to-batch correlation. As we

mentioned, this is relevant as optimal batch-to-batch adjustment of operating conditions

or time varies with the degreeof the correlation. Such situations will be simulated by
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changing the value of Á in Equation 18. Figure 2 shows the behavior of the quality

variable and the monitoring performanceassumingthe processhas changedfrom what

is consideredto be the normal operating condition of weakly correlated behavior to the

stronger correlatedcase.In this ¯gure and all the subsequent ¯gures, the boundsshown

for the quality variable chart are the 3¾boundsand the boundsfor all the control charts

(shown by the horizontal dotted lines on the plots) are the 99% con¯dencelimits. This

changewasmadeafter batch 25 by changingthe valueof Á from 0.1 to 0.9 in Equation 18

and adjusting the covarianceof ³ by a factor of 1¡ 0:92

1¡ 0:12 to keepthe total feedstock variance

at the samelevel. The ¯gure shows the scaledKappa number, the T 2 valuescalculated

around the state vector, prediction error, and the sum of the prediction error over 5

consecutive batches. The performanceof the PCA basedmonitoring metrics are also

shown. In this casethe performanceof the metrics around the prediction error and

the scoresof the PCA model are very similar. This is primarily due to the presence

of little batch to batch correlation in the normal operating condition. Therefore, the

resulting state spacemodel appropriately treats the majorit y of the scorevariations as

being batch-wise independent. Though the PCA is unable to detect the change,the T 2

monitoring of the cumulative sum to the state-spaceprediction error allows for a quick

detection of the change in the behavior. Note that the state also indicates a potential

problem as the quality extendscloseto the limits.

Detection of a drift in product quality

Next we are concernedwith detecting a drift of the product quality within the normal

operating rangeof the process.To test the monitoring performance,a new data set was

generatedthat had a slow ramp in the feedstock variables midway through 50 batches.

In Figure 3, the quality variablesand the monitoring performanceare shown. The state

vector still shows good sensitivity to the change. Most sensitive to the ramp changeis

onceagain the sumof the prediction error over 5 batches,which is indicated in the ¯gure.

The model is expecting little correlation to be found in the process;hence,when the

strong correlatedtype drift occurs in the process,the test o®ersa good indication of the
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changearound batch 40. The sensitivity of the CUSUM procedurecould be adjusted by

increasingthe value of m in Equation 6. The metrics from the PCA model and the state-

spaceprediction error signal faults as the processbegins to drift closeto the speci¯ed

limits.

Detection of a small mean shift in product quality

This sectionconsidersanother exampleof a subtle change,a small meanshift occurring

inside what would for all practical purposesbe classi¯ed as the normal operating range.

Even though such a changemay not lead to an o®-spec product on an immediate basis,

it will surely increasethe frequencyof o®-spec products in the future. For the test data,

we simulated 50 batcheswith a slight meanshift occurring in the chip propertiesstarting

around batch 26. The monitoring resultsareshown in Figure 4. Again, notice that the T 2

around the state vector is nearly identical in behavior to the T 2 value from PCA (due to

the weak correlation in the normal data set). Also notice that the sum of the prediction

errorsof the previous5 batchesshows a greaterabilit y in detecting this meanshift in the

process.

Impact of a short-lived upset

For this casea singleabrupt quality deviation wassimulated around batch 26. Using the

samebasecaseof the weakly correlatedbatch history the model wastestedagain for this

new disturbance and is shown in Figure 5. Notice that for this weakly correlated case,

the abrupt, short-lived changegivesa large prediction error and PCA scorevaluesonly

for the particular batch. The state is raisedappreciablyduring the event but is not large

enoughto signal a fault.
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Within batch monitoring

As discussedin Section, an onlineformulation canbeusedto performmonitoring through-

out the batch. A model was usedthat was derived from the normal operating data with

weak batch-to-batch correlation (Á = 0:1). The model was then used in the recursive

fashion to assessthe abilit y of the framework to detect the change. Figure 6 shows the

performanceduring the samefeedstock drift as shown above. Here the dots in the ¯gure

represent the points within the batch and the circlesare shown to indicate the ¯nal point

of the batch. Figure 7 shows an exampleof a within batch pro¯le taken from batch 45,

49, and 50. For example,in batch 45, the T 2 value around the prediction error goesout

of limits 30 minutes beforethe end of the batch.

Figure 7 also comparesthe performanceof the T 2 value basedon the recursive estimate

of the scoreY to the actual scorevector of the PCA calculation for the three batchesthat

were signaledas faults (45,49,and 50). Notice that in batches49 and 50 the method is

able to signalquite early (within 15 minutes) the presenceof a potential problem through

the recursive formulation of the PCA scores.

Figure 8 repeatsthe changein feedstock correlation exampleusing the recursive formula-

tion. Herenotice that the performanceof the metrics around the state and the prediction

error areslightly di®erent from that indicated in Figure 2 even though the model and test

data werethe samein both cases.This is due to the di®erencesin the covariancematrices

obtained for the T2 calculation. The actual valuesof the state and the prediction error

at the end of the recursive formulation are equivalent to that obtained by the `snapshot'

approach.

Impact of stronger correlations during normal batch operations

In the previous scenarios,the state spacemodel's prediction errors were very similar

in behavior to the PCA scoresdue to the fact that little correlation was assumedto

exist in the batch history. The situation is quite di®erent when the batch history has
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more substantial correlation. To examinethis, we have simulated the casewherenormal

operating data had signi¯cant batch-to-batch correlation (Á wasset to 0.9 in Equation 18)

and built a state-spacemodel with it.

Figure 9 shows the situation where the processchanging from what is consideredto be

the normal operating condition of strongly correlated behavior (Á = 0:9) to the weaker

correlated case(Á = 0:1). As we predicted, the T 2 metrics around the prediction error

and state vector are both very sensitive to the changeindicating several persistent faults

after batch 25.

Figure 10 shows the monitoring performanceduring a processdrift. The identi¯ed model

is expecting behavior that would be closeto a random step changesand when the drift

occurs in the processthe model prediction continually lag behind the drift leading to

the accumulation of the error shown by the cumulative sum of the prediction error. The

metrics around the state vector and PCA scoresstill exhibit good sensitivity asshown by

the abilit y to signal a fault due to the processdrifting out of the normal range. However,

the statistic on the sumof the prediction error signalsthe problem beforeo®-specbatches

result.

Figure 11 shows the meanshift scenariorepeatedusinga model identi¯ed from data with

the strong batch-to-batch correlation. Here notice that, even for a relatively small mean

shift, the metric around the prediction error shoots up on batch 26 detecting the mean

shift in the process. After this batch however, the metric quickly returns to within its

normal range indicating the abilit y of the model to follow thesecorrelated type drifts in

the process. This indicates that, by monitoring the innovation term, even small mean

shifts (relative to the variance) can be detectedeven when normal operating data show

strongcorrelations. It hasbeenindicated that detectinga small meanshift in the presence

of strong auto-correlation in the data can be very di±cult (Harris and Ross,1991). Even

though this is a fundamental problem, we can seethat the sensitivity is indeedenhanced

by the whitening of the auto-correlated data that the state-spacemodeling performs

implicitly .

Figure 12 shows the casewhen an isolated upset for a single batch occurs. Notice that

21



in the strongly correlated casethe prediction error statistic shows two large signals,the

¯rst onewhen the event occursand the next onewhen returning back within the normal

range.

Online with delayed quality measurements

Available quality measurements of pulp Kappa and yield can be easily included in the

model for purposesof monitoring as well as inferential product quality prediction as dis-

cussedin Section. For this case,modeling data was generatedby assumingthe process

was strongly correlated (Á = 0:9). PCA was only applied to the lifted on-line measure-

ments Y to obtain the reducedvector Y upon which the quality variableswereappended

in prior to identi¯cation of the model.

The test data was generatedby creating a drift away from the normal condition over

50 batches. Three di®erent inferential prediction scenarioswere consideredbased on

assumptionsof the availablemeasurements for updating the model. The ¯rst scenarioonly

assumesthat on-line measurements are available for model update. The secondscenario

assumesthat only delayed laboratory measurements are available and the ¯nal scenario

considersthat both piecesof information areavailable for model update. Wenote that the

samemodel was usedin all three situations and they di®eredonly in the measurements

that were entered into the Kalman ¯lter. By consideringthesedi®erent typesof model

update, someinsight can be gained into the importance of using all available sourcesof

information for providing model correction and inferential quality prediction. It will also

give someindication of potential model performancein the absenceof measurements due

to a sensorfailure or a lab analysisfailure.

The kappa prediction results for the three update casesare shown in Figure 13. Using

just delayed quality information givesthe abilit y to follow the overall trend of the drift in

the processbut the predictionsareconsiderablylaggedand biased.Usingonline measure-

ments alonegivesgood prediction performancein most cases;however, it canbeseenfrom

the ¯gure that performancebegins to su®erwhen the processmoves out of the normal
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operating rangede¯ned by the model building set. Using the delayed quality information

together with online measurements o®ersthe abilit y to correct for this model bias and

achievesbetter prediction performancethan just using online measurements alone. The

inclusion of the delayed quality variablesgives the most °exibilit y in terms of providing

a single framework for monitoring along with inferential prediction and control of the

product quality.

Summary

In this paper, a monitoring framework for batch processeswas proposedbasedon state-

spacemodelsidenti¯ed directly from the historical operation data through subspaceiden-

ti¯cation. By modeling the batch-to-batch dynamic trendsof the variablesand coupling it

with someadditional testsbuilt aroundthe prediction error, the newframework wasshown

to o®erenhancedsensitivity for early detection of slow drifts, mean shifts, and changes

in the batch-to-batch correlation structure. The state-spaceframework renderedus sev-

eral possibleformulations for the monitoring procedureincluding a formulation basedon

o®-linequality measurements, a formulation basedon on-line processmeasurements, and

an integrated formulation that allows for the useof the both typesof measurements. It

nicely complements the existing MSPC methods like the multi-way PCA-basedmonitor-

ing. Simulation results from a pulp digesterusing the on-line formulations indicate that

the proposedmonitoring framework indeedprovides increasedsensitivities to thesetypes

of changesand also provides increased°exibilities to integrate predictions and control

with monitoring.
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List of Captions for Figures

1. Description of batch data matrix X .

2. Monitoring performancethe state-spacemodel and the conventional PCA model

during a changefrom weak to strongly correlatedbehavior.

3. Monitoring performanceof the state-spacemodel and the conventional PCA model

during a feedstock drift. This caseassumesthat only weak batch-to-batch correla-

tion exist during normal historical operations.

4. Monitoring performanceof the state-spacemodel and the conventional PCA model

during a meanshift in the feedstock properties. This caseassumesthat only weak

batch-to-batch correlation exist during normal historical operations.

5. Monitoring performanceof the state-spacemodel and the conventional PCA model

during an abrupt changein the feedthat lasts for a singlebatch. This caseassumes

that only weakbatch-to-batch correlation exist during normal historical operations.

6. Monitoring performanceof the state-spacemodel throughout each batch during a

feedstock drift. This caseassumesthat only weak batch-to-batch correlation exist

during normal historical operations.

7. Comparisonof T2 around predicted Y and conventional PCA for all batches that

signaledfaults (batches45,49,and50) during a feedstock drift.

8. Monitoring performanceof the state-spacemodel throughout the batch during a

changein from weakly to strongly correlated feedstock variations.

9. Monitoring performancethe state-spacemodel and the conventional PCA model

during a changefrom strong to weakly correlatedbehavior.

10. Monitoring performanceof the state-spacemodel and the conventional PCA model

during a feedstock drift. This caseassumesthat strong batch-to-batch correlation

exist during normal historical operations.
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11. Monitoring performanceof the state-spacemodel and the conventional PCA model

during a meanshift in the feedstock variables. This caseassumesthat strong batch-

to-batch correlation exist during normal historical operations.

12. Monitoring performanceof the state-spacemodel and the conventional PCA model

during an abrupt changein the feedthat lasts for a singlebatch. This caseassumes

that strong batch-to-batch correlation exist during normal historical operations.

13. Inferential prediction of the Kappa number during a drift in the feedstock quality.
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Figure 1: Description of batch data matrix X
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Figure 2: Monitoring performancethe state-spacemodel and the conventional PCA model

during a changefrom weak to strongly correlatedbehavior
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Figure 3: Monitoring performanceof the state-spacemodel and the conventional PCA

model during a feedstock drift. This caseassumesthat only weak batch-to-batch corre-

lation exist during normal historical operations.
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Figure 4: Monitoring performanceof the state-spacemodel and the conventional PCA

model during a meanshift in the feedstock properties. This caseassumesthat only weak

batch-to-batch correlation exist during normal historical operations.
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Figure 5: Monitoring performanceof the state-spacemodel and the conventional PCA

model during an abrupt changein the feedthat lasts for a singlebatch. This caseassumes

that only weak batch-to-batch correlation exist during normal historical operations.
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Figure 6: Monitoring performanceof the state-spacemodel throughout each batch during

a feedstock drift. This caseassumesthat only weakbatch-to-batch correlationexist during

normal historical operations.
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Figure 7: Comparisonof T2 around predicted Y and conventional PCA for all batches

that signaledfaults (batches45,49,and50) during a feedstock drift.
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Figure 8: Monitoring performanceof the state-spacemodel throughout the batch during

a changein from weakly to strongly correlated feedstock variations.
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Figure 9: Monitoring performancethe state-spacemodel and the conventional PCA model

during a changefrom strong to weakly correlatedbehavior

35



0 10 20 30 40 50
0.5

0.55

0.6

0.65

0.7

Q
ua

lit
y 

1

0 10 20 30 40 50
0

5

10

15

20

S
ta

te
 T

2

0 10 20 30 40 50
0

5

10

P
.E

. T
2

0 10 20 30 40 50
0

10

20

30

5 
S

um
 P

.E
. T

2

0 10 20 30 40 50
0

5

10

15

P
C

A
 T

2

Batch
0 10 20 30 40 50

0

2

4

6
x 10

-3

P
C

A
 Q

Batch

Figure 10: Monitoring performanceof the state-spacemodel and the conventional PCA

model during a feedstock drift. This caseassumesthat strong batch-to-batch correlation

exist during normal historical operations.
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Figure 11: Monitoring performanceof the state-spacemodel and the conventional PCA

model during a mean shift in the feedstock variables. This caseassumesthat strong

batch-to-batch correlation exist during normal historical operations.
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Figure 12: Monitoring performanceof the state-spacemodel and the conventional PCA

model during an abrupt changein the feedthat lasts for a singlebatch. This caseassumes

that strong batch-to-batch correlation exist during normal historical operations.
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