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The influence of process analyzer location and performance on plant-wide process
monitoring was e®aluated using fi®e uncertainty contributions to the estimation error:
measurement errorruncertainty, analysis frequency, sample sizergrab error, analyzer
memory effectrresponse correlation, and delay time. The choice of both the location
and performance characteristics of different process analyzers can be e®aluated using a
measurability factor M, ranging from zero to one, where one indicates perfect monitor-
ing capabilities. Due to the unifying nature of the measurability factor, this factor can be
used to make a rational decision between ®ery different process analyzers. This allows
for finding optimal process analyzer configurations for existing processes or for processes
in the design phase. A tubular reactor simulation model was used for the partial oxida-
tion of benzene to maleic anhydride to demonstrate the use of the measurability factor.

Introduction

An ever-increasing number of process analyzers are imple-
mented in the chemical industry. At the same time, the diver-
sity in techniques suitable for harsh process conditions, such

Ž . Ž .as chromatography, near infrared-, Raman- or low-field
nuclear magnetic resonance spectroscopy, mass spectrometry,
flow injection analysis, ultrasonic analysis, to name just a few,

Ž .grows steadily Workman et al., 1999 . The implementation
and operation of analytical in-process measurements is, how-

Žever, still relatively expensive. The expression ‘‘in-process’’
is an idiom for all off-line, at-line, on-line, in-line and non-in-
vasive measurement techniques suited for ‘‘real-time’’ moni-

.toring andror controlling of a process. The cost of purchase
and maintenance often limits the number of analyzers that
can be implemented for monitoring andror control purposes.
This naturally leads to the following three questions. What is
the best location to place the limited amount of analytical
instruments available? What is the best choice among the
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wide selection of process analyzers to monitor the process
under observation? What is the added value of process ana-
lyzers as compared to more conventional, interferential mea-
suring devices like temperature-, pressure-, flow-sensors?

In order to assess the performance of a process analyzer,
we identify five contributions to characterize the process ana-
lyzer: the analyzer dynamics. The first contribution is the un-
certainty or error encountered in every real-world measure-
ment. The second contribution is the analysis frequency of
the instrument, which determines the signal reconstruction
capabilities. The third contribution is the uncertainty buildup
introduced by collecting a sample of sufficient size, the so-
called grab error. The fourth contribution is memory effect
or correlation between successive measurements. This phe-
nomenon is often observed in ‘‘physical’’ measurements like
ion-selective electrodes, pH, or conductivity, where responses
are correlated over time. The fifth contribution is the delay
time: the time passed between taking a sample and retrieving
the analysis result. Separation based composition analyzers
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require some time to analyze the sample before the result
becomes available. These five contributions are used to char-
acterize a process analyzer, describing the way an in-process
measurement observes process variables and presents them
to the controllers. Additional instrumental characteristics
could be considered, but the five mentioned above form a
good representation of most analyzers.

In this article we model nonideal measurements for esti-
mating the entire state of a fixed-bed tubular reactor simula-
tion model for the catalytic partial oxidation of benzene to
maleic anhydride. The state of this system is formed by the
concentration and temperature profiles over the reactor tube.
These state elements have to be determined from measuring
one of the variables at one particular position. The optimal
analyzer type and position are selected by minimizing the
theoretical state estimation error in a Kalman filter. Using
state estimation error as a criterion for optimization requires
knowledge of the uncertainty in both the system and mea-
surements. Many authors discussed the optimal sensor loca-

Žtion problem using this same optimization criterion Aidar-
ous et al., 1975; Chen and Seinfeld, 1975; Colantuoni and
Padmanabhan, 1977; Kumar and Seinfeld, 1978; Harris et al.,
1980; Alvarez et al., 1981; Windes et al., 1989; Grewal and

.Andrews, 1993 . However, these authors all work with rela-
Ž .tive simple sensors typically temperatures , which deal mostly

with measurement uncertainty and sample frequency in the
optimization. For process analyzers, this is insufficient. The
time delay introduced when performing an accurate gas chro-
matographic concentration measurement might be competing
with a fast, but less accurate, spectroscopic determination.
These measurement�accuracy, sample frequency, delay
time, and so on�characteristics must be incorporated to
fairly assess the performance of different in-process applica-

Žtions. We do this by incorporating all dynamics both plant
.and analyzer in one system model, creating a so-called stan-

Ž .dard plant van Overschee and de Moor, 1996 . We explicitly
model uncertainty caused by stochastic process disturbances
and analyzer characteristics, showing their impact on optimal
measurement type and location from a set of realizable con-

Žfigurations. If we use the word ‘‘optimal’’ in this article, we
mean the best choice from the set of all possible process ana-
lyzers. The true ‘‘optimal analyzer’’ would be infinitely fast
and infinitely precise which are impossible specifications for

.practical and real measurements. An alternative can be found
Žin a deterministic analyzer selection criterion focusing on the

system dynamics, not using the stochastic process uncer-
.tainty of optimal analyzer location based on the idea of the

Ždegree of obser®ability from system theory van den Berg et al.,
.2000 .

In the 1960s P. M. E. M. van der Grinten developed ideas
to quantify the performance of measurements and control ac-
tions by approximate first-order dynamics and uncertainties
Ž .van der Grinten, 1968; van der Grinten and Lenoir, 1973 . A
short explanation of the theory developed by van der Grinten
is given in Appendix A. He introduced two scalar values called

Ž .meetbaarheids factor measurability factor and regel-
Ž .baarheids factor controllability factor that quantify how well

a signal can be measured and how well a disturbance can be
suppressed. The ideas only found limited application outside
of the Dutch engineering community, possibly due to the lan-

Ž .guage barrier Stephanopoulos, 1984 . Only a few sources on

Žthis theory are available in the English language van der
Grinten, 1968; Leemans 1971; Rijnsdorp, 1986; Didden and

.Duisings, 1992 .
The original theory of van der Grinten focuses on univari-
Ž .ate simplified first-order descriptions of a process and a

measurement and a fixed location. In this article we extend
the five key ideas on measurement uncertainty and dynamics
of van der Grinten to state estimation problems and define a
measurability factor M for the multivariate case, that is, for
the whole system. Moreover, we also consider the location of
the analyzer in the optimization of the system’s measurability.

Process analyzer location and performance assessment as
presented in this article can be seen as related to other re-
search areas such as sensor failure and data reconciliation
Ž .Darouach and Zasadzinski, 1991 . However, we will not ad-
dress these important issues in this article. Although an
ever-increasing number of in-process analytical measure-
ments are being installed, the implementation cost involved
still does not allow them to be treated like more regular sen-
sors. In nearly all situations, analyzers are used for key-infor-
mation on process variables, and information ‘‘redundancy’’
from these measurements is not really an issue yet. This justi-
fies our focus on the specific instrument characteristics for
process analyzers selection and positioning.

The theory is developed on different sources of analyzer
dynamics and their implementation in the Kalman filter is
shown. A short description of the reactor simulation model is
used as an example. The results are presented for the opti-

Žmal process analyzer configuration problem both instrument
.characteristics and location for the tubular reactor, and con-

clusions based on the results are formulated.

Theory
Process model

Nonideal measurements of a dynamic process are modeled
and, subsequently, the entire state of this system is estimated.
The position of an analyzer for process monitoring or control
in this article is shown in Figure 1. The process is influenced

Ž .by a deterministic input possibly modified by a regulator
and stochastic disturbances. This results in a certain process
output. The analyzer measures one of the variables in the
process and, together with a filter, tries to find the best esti-
mate of the present state of the process. The estimated value
is then used to adjust the regulator to achieve a desired pro-
cess output. The system and measurement dynamics and un-
certainties can be captured in the well-known linear, time

Žinvariant state-space format as follows Grewal and Andrews,
.1993; Gelb, 1974; Jazwinski, 1970

x t s A x t qb u t qb w t 1aŽ . Ž . Ž . Ž . Ž .˙ c 1 2

y t s c�x t q® t 1bŽ . Ž . Ž . Ž .

Ž . Ž .where x t n�1 is the state of the system at time t, Ac
Ž . Ž .n� n is the continuous time system matrix, b n�1 arei

Ž .input distribution vectors, u t is the deterministic input, and
Ž . Ž Ž ..w t is the stochastic disturbance with distribution N 0,q t ,

Ž . Ž . Ž .where q t is the spectral density of w t , y t is the mea-
Ž .surement result, c n�1 is the output coupling vector, and

Ž .® t is the stochastic measurement disturbance with distribu-
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Figure 1. Position of the analyzers in process monitor-
ing and control.

Ž Ž .. Ž . Ž .tion N 0,r t , where r t is the spectral density of ® t . For
notational convenience, we will only treat the theory for sin-

Ž .gle channel inputs and measurements SISO ; the extension
Ž .to the multiple inputsroutputs MIMO , however, is straight-

forward.
The discrete time solution for Eq. 1a�under zero-order

Ž Žhold assumption for the inputs�is tsk �� t; tq� ts kq
. .1 �� t

tq� tA � t A Ž tq� ty� .c cx s e x q e d� b uHkq1 k 1 k
t

tq� t A Ž tq� ty� .cq e d� b w s Ax qBb u qBb w 2aŽ .H 2 k k 1 k 2 k
t

Ž .where integral B n� n is implicitly defined and w is thek
Ž . Žvariance corresponding to the spectral density w t Grewal

.and Andrews, 1993; Gelb, 1974; Jazwinski, 1970 . We further
Žassume that measurements y are discrete observations withk

.sampling time � t from a system through the following equa-
tion

y s c�x q® 2bŽ .k k k

where ® is the stochastic measurement disturbance with dis-k
Ž .tribution N 0,r and discrete time measurement variance r .k k

In this article we adopt the concept of the standard plant
Ž .van Overschee and de Moor, 1996 . The idea of this concept

Ž .is to incorporate all dynamics both plant and analyzer in
one system matrix A in Eq. 1. Augmenting the original plantc
system matrix with the dynamics representing the behavior of
the analyzer creates the standard plant. The augmented states
transform the true process variable selected for measurement

Figure 2. Sampling of one process variable in the
process.
The sample is ‘‘processed’’ by the analyzer, and the result is

Ž .used to estimate the entire system state x t via a filter. The
goal of the in-process measurement is to minimize the esti-

Ž .mation error e t over all-time t.

to a new, modified variable filtered by the process analyzer
dynamics. This ‘‘ virtual’’ variable gives the signal retrieved
from the analyzer. This procedure has the advantage that all

Ždynamics present in system Eq. 1 plant, measurement and
.possibly control are captured in one model, merging all op-

erations in one system matrix A .c

Process analyzer model
Figure 2 zooms in on the process analyzer in a monitoring

or control design. One of the state variables in the process is
selected for measurement. This variable can be a concentra-
tion of one of the components. The variable under observa-

sŽ . Žtion is in Figure 2 symbolized by element x t x-signal or
. Ž .sampled variable from the state vector x t . The variable

sŽ . Ž .x t possesses certain dynamic behavior symbolized by Ts
Ž 2.and varianceramplitude � due to the process distur-s

bances. These dynamics and variances are intrinsic properties
of the process. In the remainder of the article we focus on
the stochastic disturbance input to the process in Eq. 1a, as-

Ž .suming that the deterministic input component u t is com-
pletely known.

The analyzer ‘‘processes’’ the selected process variable and
yields an estimated value on discrete time-points as measure-
ment outcome y . This estimate is then fed to a filter thatk
has two functions: invert the undesired signal processing by
the analyzer, and estimate from this signal the present state
x of the system under observation. This leads to an estima-ˆk
tion error e s x y x , and the objective is to select theˆk k k
measurement and filter that minimize this estimation error.
An example in Appendix B will help to illustrate the theory

Ž .developed in this article van den Berg et al., 2000 .
To find the optimal in-process measurement configuration

for estimating the state of a process, we take six different
aspects into consideration. The first one is the selection of
the processrstate variable and location to be sampled. This
selection is guided by the amount of information that a vari-
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able contains on the dynamics of the process under investiga-
tion, the availability of a suitable in-process instrument for
monitoring in ‘‘real-time’’ that variable at that location, and
the matching of the process dynamics and analyzer dynamics.
The variable selection is achieved by defining the appropriate
measurement vector c in Eq. 2b.

2 ŽThe second aspect is measurement uncertainty � Figurei
.2 present in all physical and analytical measurements. Un-

certainty in the analyzer outcome is approximated by the true
Ž . �quantity y t s c x plus additive white noise ® with knownk k k

distribution, typically determined during the calibration pro-
cedure or supplied by the instrument vendor

y s y q® ® sN 0,� 2 3Ž .ˆ Ž .k k k k i

which is similar in form as the system measurement Eq. 2b.
The second source of error is the sampling frequency of

the instrument, the error introduced by making discrete ob-
servations on the continuous time process with continuous
time disturbances. This analyzer characteristic is symbolized

Žby the time interval between successive sample T where thef
.sample frequency is 1rT , Figure 2 , and its impact on signalf

reconstruction is again illustrated in Figure 3. We assume
equidistant samples where the basis for switching from con-
tinuous time in Eq. 1 to discrete time in Eq. 2 is the period
� t between two successive measurements. Therefore, this

parameter determines the time-period over which stochastic
Ž .disturbance w t in Eq. 1 is free to alter the system state

before a new observation is done. The uncertainty about the
state can only be reduced when this new measurement be-
comes available and a new state estimate is made. For many

Ž .instruments such as spectrophotometers , there is a trade-off
possible between the sample frequency and the measurement
uncertainty in Eq. 2. If more time is taken per analysis,
thereby increasing the signal-to-noise ratio, the measurement
error can be reduced, at the cost of less frequent measure-
ment outcomes.

The fourth phenomenon is introduced by sample size or
grab size. This component to the analyzer dynamics is named

Ž .T Figure 2 . As an example, think of a spectrophotometerg
averaging several spectra in a certain period of time to re-
duce the noise contribution in Eq. 2b. The mean spectrum
with better signal-to-noise ratio can then be used to compute
a concentration.

The expected value of a measurement taken over a short
period of time is the average value over that time period.
This expected value becomes available once the entire sam-
ple period has passed. Under the assumption that sampling
or grab-time is short compared to the dominant time con-
stants of the system, we associate the measurement response
with the mean-time on this sampling time interval. There-
fore, we penalize the integration or sample time with a time

Figure 3. Effect of different process analyzer dynamics contributions on the observation of a variable for the outer
world.
T sampling frequency, T grab or sample, T sensor response correlation and T response delay. Markers indicate measurementf g i d

Ž . Ž .pointsrtrajectories, .. is the true signal and � is the sensor response.
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delay of T r2 seconds. The effect of sample time or grab-sizeg
on signal reconstruction is illustrated in Figure 3. It is impos-
sible to represent pure delays in the state-space time domain
notation in Eq. 1. A good approximation of pure delay for
the problems presented in this article turns out to be a third-
order Pade approximation, shown here in Laplace domain´

Ž .notation Stephanopoulos, 1984

Tg
y s

2y s s e y s q® sŽ . Ž . Ž .ˆ
24 120 240

3 2y s q s y sq2 3T T Tg g g
f y s q® s 4Ž . Ž . Ž .24 120 240

3 2s q s q sq2 3T T Tg g g

The concrete implementation of time delay in the state-space
time domain for the standard plant concept is illustrated by
the example in Appendix B.

The fifth component in process analyzer performance is
the correlation between successive measurements. In many
instruments there is significant carry-over in the detectorrsig-

Žnal response from one measurement to the next such as pH
.ion selective electrodes or temperature dependent resistors ,

and this ‘‘memory effect’’ can be modeled explicitly. We as-
sume exponentially first-order correlation of the autoregres-
sive form

2y1rT y1rT 2i i'y s e y q 1y e ® ® sN 0,� 5Ž . Ž .ˆ ˆ Ž .kq1 k k k i

where T is the correlation time between successive measure-i
Ž .ments Figure 2 and the uncertainty ® is scaled to havek

equal magnitude as the uncertainty contribution in Eq. 3. The
effect of sensor response correlation on signal reconstruction
is illustrated in Figure 3. As can be seen, it is effectively a
convolution between the instrument dynamics and the true
underlying variable. The practical implementation is again
shown in the example in Appendix B.

The last component describing the performance of an in-
process instrument is the delay time between sampling and

Ž .the release of the result T in Figure 2 . A frequently en-d
countered example of an analyzer with a significant time de-
lay is a gas chromatograph for concentration measurements,
where the different components in a sample first have to be
physically separated before the analysis results can be deter-
mined. We again use a Pade approximation�similar to the´
one for sample size in Eq. 4�to approach pure-time delay

y s s eyTd s y s q® sŽ . Ž . Ž .ˆ
12 60 120

3 2y s q s y sq2 3T T Td d d
f y s q® s 6Ž . Ž . Ž .12 60 120

3 2s q s q sq2 3T T Td d d

To stress the importance of the dynamics of in-process an-
alyzers, Figure 4 shows the ‘‘time-profile’’ of a measurement.
Only after a period equal to the delay time T plus half thed

Figure 4. Time schedule for an in-process measure-
( )ment. l indicate the different time spans,

( ).. designate the time-point a measurement
result is connected with.

sample period T will the results become available, while theg
sample frequency T determines how often a measurementf
outcome is retrieved. Optimal selection of instrument type
and location must guarantee that sufficient information is left
in the measurements to make a good ‘‘real-time’’ estimate of
the state of the system.

State estimation with a Kalman filter
The filter used for state estimation of the standard plant

model�as depicted in Figures 1 and 2�in this article is the
Žwell-known Kalman filter Grewal and Andrews, 1993; Gelb,

.1974; Jazwinski, 1970 . It consists of two parts:
Ž . Ži The state estimation time update known as a priori es-

y.timate x between two successive measurements k and kqˆk
1, separated � t s

xy s AxqqBb u 7aŽ .ˆ ˆkq1 k 1 k

Py s APqA�qQ 7bŽ .kq1 k k

Ž .ii The state estimate measurement updatercorrection
Ž q.known as a posteriori estimate x using the measurementˆk
result at point kq1

y1�y yk sP c c P cq r 8aŽ .Ž .kq1 kq1 kq1 k

xq s xy q k y y c�xy 8bŽ .Ž .ˆ ˆ ˆkq1 kq1 kq1 kq1 kq1

Pq s Iy k c� Py 8cŽ .Ž .kq1 kq1 kq1

where k is the Kalman filter gain, Pq is the theoreticalkq1 kq1
a posteriori estimation error covariance matrix, and Q is thek
positive semi-definite uncertainty distribution covariance ma-
trix

tq� t ��A Ž tq� ty� . A Ž tq� ty� .c cQ s e b q � b e d� 9Ž . Ž .Hk 2 2
t

The matrix Q represents the contribution of the systemk
Ž .disturbance w t in Eq. 1 on the overall state estimation er-

Ž .ror in Eq. 7. Uncertainty w t �with a spectral density of
Ž .q t �is injected in the process with a system matrix A . Un-c

certainty in Eq. 2a continuously builds up over the time-period
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t to tq� t, the time between two discrete measurements in
Eq. 2b. At these discrete measurement time-points, all uncer-
tainty can�for the hypothetical case of perfect measure-
ments�be removed, but not before these points.

The Kalman filter as presented in Eqs. 7 and 8 is an unbi-
ased, minimum variance and consistent estimator for the lin-

Ž .ear or linearized system in Eq. 1. If the system is observable
and controllable, and if Q , r and A are bounded, the filterk k
is asymptotically stable, meaning that all the eigenvalues of
the matrix Ay k c� fall within the unit circle.k

Notice that in the approach taken in this article, the role of
Q �the constant term in the difference equation for thek
theoretical estimation error P in Eq. 7b�is somewhat dif-k
ferent than the one encountered in many other studies
ŽAidarous et al., 1975; Chen and Seinfeld, 1975; Colantuoni
and Padmanabhan, 1977; Kumar and Seinfeld, 1978; Harris

.et al., 1980; Windes et al., 1989 . Here, we give Q the role ofk
describing the uncertainty propagation in the system for a
period � t between two measurements, since this is of impor-
tance for the optimal process analyzer location problem ad-
dressed in this research. Known uncertainties for the system
parameters in A can also be accounted for by placing the
appropriate values in the system uncertainty covariance ma-

Ž .trix Q . In many applications this is done by post-run analy-k
sis, ‘‘tuning’’ the diagonal elements in Q to create a betterk
fit between some reference values and the Kalman-predic-
tions. In this article, however, we give guidelines for an ana-
lyzer type and location selection in an early design stage of a
process, which obviously excludes the use of post-run infor-
mation. Known uncertainty in the system parameters can
however be included in the system error matrix Q if avail-k
able. Instrument selection and location are optimized by min-
imizing a sensible norm of the expected estimation error Pk
given by the algorithm in Eqs. 7 and 8. For linear time invari-
ant systems, this theoretical estimation error can be calcu-
lated a priori by implementing Eqs. 7b, 8a, and 8c. This means
that the optimal analyzer type and location can be deter-
mined without any form of process simulations.

Measurability factor
From Eq. 9, we notice that�for a stable system matrix Ac

�there is an upper bound on the system uncertainty covari-
Žance matrix by Q for � t™� the covariance matrix of un-k

.certainty propagation through the system . This value for Qk
corresponds with the maximum uncertainty in knowledge
about the state of the process, corresponding to the situation
where no measurements whatsoever are performed. When an
analyzerrfilter-combination is used to do an estimate, some
of the uncertainty about the process state will be removed.
The remaining uncertainty contribution after a measurement
update is represented by the estimation error covariance ma-
trix P in Eq. 8c. The performance of an analyzerrfilter pairk
can be judged by the size of this uncertainty residual.

Using this upper bound we can define a performance index
Žfor a particular in-process measurement configuration Ap-

.pendix A

trace Q ytrace PŽ . Ž .k k2M s 10Ž .
trace QŽ .k

We will call the square root of this quantity the measurability
factor. M can vary between 0 and 1, where 1 means perfect
knowledge about the state of the system after a measurement

Žis taken all uncertainty has been removed by the measure-
.ment and state estimate , while 0 indicates that a particular

measurement configuration supplies no information about the
Žstate of the process. For an extremely poor choice of ana-

lyzer, the trace of P could theoretically exceed the trace ofk
Q , giving a negative result for Eq. 10 and a negative valuek

.for the measurability factor M. The best analyzer type and
location is taken as the one maximizing the measurability fac-
tor M. If the system is unstable there is no upper bound on
the error covariance matrix. The criterion to judge the per-
formance of the analyzerrfilter combination is the trace of
the estimation error covariance matrix P and the system un-k
certainty Q . This norm corresponds to the sum of estima-k
tion error variances, thereby giving variances for all variables
equal weight.

All process variables from one measurement will be esti-
mated, and equal weight will be placed on all errors through
the trace criterion in Eq. 10. If installing more analyzers is
feasible or if appropriate information is available, alternative
Ž .weighted selection criteria can be introduced placing heav-
ier penalties on mismatch for certain process variables. There
is no problem in introducing these alternative criteria in the
proposed procedure of optimal instrument selection and po-
sitioning.

Tubular Reactor Model
The theory on analyzer selection developed in this article

is illustrated with a simulation model of a fixed-bed tubular
reactor for the production of maleic anhydride by partial oxi-

Ždation of benzene van den Berg et al., 2000; Ramirez and
.Calderbank, 1977; Wohlfahrt and Emig, 1980 . Three

exothermic, irreversible gas-phase reactions take place on a
solid V O -MoO -P O catalyst particles packed in a 1 in.2 5 3 2 5
diameter tube

6C H q4O C H O qCOqCO q2H O 11aŽ .6 6 2 4 2 3 2 2k1

6C H q6O 3COq3CO q3H O 11bŽ .6 6 2 2 2k 2

6C H O q2O 2COq2CO qH O 11cŽ .4 2 3 2 2 2k3

Reaction 11a is the desired path for the formation of maleic
anhydride�the product�from benzene. Reactions 11b and
11c represent the undesired burning of reactant and product,
respectively. The feedstream to the reactor is air mixed with

Ž .approximately 0.9% vrv benzene. Because of the oxygen ex-
cess in the feed, all reactions are assumed to be pseudo first-
order in the limiting reactant.

The two mass balances used in the model are molar-flow
Ž y1.benzene F mol � s and molar-flow maleic anhydride FB MA

Ž y1.mol � s in the fluid phase stream. The partial differential
Žequations are given by Eqs. 12a and 12b t denotes time; z

indicates axial position in the reactor; ® is linear gas velocity
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y1 .of 2.48 m � s ; D is effective mass diffusion coefficienteff

� F t , z � F t , z � 2F t , zŽ . Ž . Ž .B B B
sy® qDeff 2� t � z � z

yk t , z F t , z yk t , z F t , z 12aŽ . Ž . Ž . Ž . Ž .1 B 2 B

� F t , z � F t , z � 2F t , zŽ . Ž . Ž .M A M A M A
sy® qDeff 2� t � z � z

qk t , z F t , z yk t , z F t , z 12bŽ . Ž . Ž . Ž . Ž .1 B 3 M A

Two heat balances are included in the simulation, namely,
Ž .the temperature of the fluid-phase T K and the tempera-f

Ž .ture of the stagnant solid-phase catalyst T K . The corre-s
Ž .sponding partial differential equations are shown in Eqs.

Ž12c and 12d k is effective heat diffusion coefficient, Ueff f - w
is the fluid phase-wall heat-transfer coefficient; U is thes- f
solid-phase fluid-phase heat-transfer coefficient, T is the re-w
actor-wall temperature; c � H is a reaction enthalpy coeffi-s x

.cient

� T t , z � T t , z � 2T t , zŽ . Ž . Ž .f f f
sy® qkeff 2� t � z � z

yU T t , z yT yU T t , z yT t , z 12cŽ . Ž . Ž . Ž .Ž . Ž .fyw f w syf s f

dT t , zŽ .s
syU T t , z yT t , zŽ . Ž .Ž .s- f s fdt

qc � H k t , z F t , z qc � H k t , z F t , zŽ . Ž . Ž . Ž .s 1 1 B s 2 2 B

qc � H k t , z F t , z 12dŽ . Ž . Ž .s 3 3 M A

Figure 5 shows the steady-state concentration and temper-
ature profiles over the reactor tube for three different ben-
zene feeds. The boundary conditions used in the calculations

Ž . w x y1 Ž . y1are F t,0 s feed mol � s , F t,0 s 0 mol � s andB M A
Ž .T t,0 s733 K. Diffusion effects at the entrance and exit aref

neglected.
The nonlinear partial differential equation system in Eq.

12 is rewritten in a linear, finite dimensional state-space re-
Ž .actor model van den Berg et al., 2000 . The first step is to

divide the reactor length into m equidistant segments indi-
cated by z , where z is the reactor entrance. For every grid-i 0

Ž .point z , we define four partial differential equations fromi
Eq. 12. In the next step, the first-and second-order differen-
tial terms in the partial differential equations on every grid-
point are approximated by second-order upwind and central
differential terms. After this step, the original reactor model
is transformed into a set of ns4� m ordinary differential
equations, two mass and two heat-balances on all m grid-point

Ž .over the reactor length ‘‘method of lines’’ approximation .
The last step is to linearize all nonlinear terms in the reactor

( ) ( ) ( ) ( )Figure 5. a Molar flow benzene; b molar flow maleic anhydride; c fluid phase temperature; d solid phase
( ) ( ) ( ) ( )temperature, benzene feed 0.900 – , 0.0873 .. and 0.927% v/////v – – .
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model. This is done by a first-order Taylor-series approxima-
tion.

After these modifications, the original reactor model is
transformed into n linear time invariant ordinary differential
equations. They can then be organized in a state-space model
as shown in Eq. 1a. The state vector is organized in an alter-

Ž . w Ž . Ž . Ž . Ž .nating fashion x t s F t, z , F t, z , T t, z , T t, z ,B 1 M A 1 f 1 s 1
Ž . Ž .x�F t, z , . . . , T t, z . The band diagonal dynamic coeffi-B 2 s m

cients matrix A has appropriate constants connecting the nc
linear differential equations for successive grid points. In our

Ž .reactor model, both the deterministic input u t and the
Ž .stochastic input w t is benzene concentration in the feed-

stream. This system for our reactor model is asymptotically
stable.

To simulate analyzers in the reactor, the system measure-
ment Eq. 1b is used. All the components of the analyzer dy-
namics are included in the augmented system matrix A inc
accordance with the standard plant concept.

Results
To study the effect of process analyzer uncertainty and dy-

namics, we introduce three kinds of measurements in our re-
actor simulation model presented in the previous paragraph
Ž .Skoog, 1985; Pallas-Areny and Webster, 1991 . The first in-´
strument is a fast, but relatively inaccurate, spectroscopic

Ž . Ž .measurement of the benzene B or maleic anhydride MA .
Ž .The second analyzer is a fast gas chromatographic GC mea-

surement of benzene or maleic anhydride. For this analyzer,
accuracy is increased at the cost of introducing delay-time
necessary to physically separate the different components in
instrument. The third measurement is a thermal resistor sen-
sor for the solid or fluid-phase temperature in the reactor
tube. This is an example of an instrument having significant
correlation in the response. The specification of each instru-
ment is specified in Table 1.

The disturbance on the system is a 10% fluctuation of the
Ž .nominal benzene feed-flow of 0.9% vrv . Using Eqs. 7, 8 and

9, the theoretical estimation error for the different instru-
ments is computed. The task of the Kalman filter is to esti-

Ž .mate from the measurement outcome all state variables x t
in the reactor tube in Eq. 13. The measurability factors for
the three process analyzers, specified in Table 1, placed at
different locations in the reactor tube are shown in Figure 6.

From Figure 6 and Table 1, we learn that the best perfor-
mance for monitoring the benzenermaleic anhydride reactor

Ž .is achieved by analyzer a �the fast but less accurate spec-
troscopic analyzer�measuring maleic anhydride at z s

Ž .0.6�0.7 m. Instrument a also gives a good performance for
benzene concentration analysis near the entrance, which is

Table 1. Specifications of Three Analyzers Used in Tube
Simulation Studies

� � � �Analyzer � T T T T1 g i f d

Ž . Ž .a Spectrometer B : 0.045% vrv � � 0.05 s �
Ž .MA: 0.030% vrv

Ž . Ž .b GC B : 0.014% vrv � � 5.00 s 5.00 s
Ž .MA: 0.09% vrv

Ž .c Thermal resistor 1.5 K � 3.0 s 0.05 s �

�
�Means no significant contribution for the overall performance of this

type of analyzer.

Figure 6. Measurability factor M for different analyzer
configurations at different locations in reactor
tube.
Ž . Ž . Ž . Ž . Ž .a spectrometer for B � and MA .. ; b GC B � and

Ž . Ž . Ž . Ž .MA .. ; c temperature fluid � and solid .. phase.

close to the source of disturbance for the reactor model,
namely fluctuation in the benzene feed. The second observa-

Ž .tion is that estimation of the reactor state using analyzer b
performs poorly for both benzene and maleic anhydride anal-
ysis. The delay time T of 5 s for this GC-analysis is simplyd
too long for this process and the measurement therefore con-
tains hardly any information for real-time monitoring the sys-

Ž .tem state. The third sensor c in the location z s
0.4�0.7�sampling temperature of fluid or solid phase in the
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reactor tube�is a reasonable alternative for the use reactor
state estimation, although not as good as the concentration

Ž .measurement with analyzer a .
If we look at Figure 6, together with the nominal reactor

profiles plotted in Figure 5, we can draw some additional
conclusions. The first one is that none of the instruments
perform well in the last part of the reactor tube. Not much
information on the dynamic behavior of the reactor system is
available in the last half of the system, as is to be expected. A
second observation is that the rather extreme ‘‘hot-spot’’plays
a crucial role in the location. Temperature measurements are
clearly dominated by its location, while the concentrations
are indirectly influenced by the ‘‘negative feedback’’ for the
exothermic oxidation of benzene, as can be observed in Fig-
ure 5a. Another observation is that all optimal positions have
slightly moved towards the reactor entrance, as compared to
deterministic selection criteria for optimal measurement lo-

Ž .cation van den Berg et al., 2000 . Two reasons can be identi-
fied: the interaction of analyzer and reactor dynamics, and
the fact that the only disturbance for this particular example
system was selected to be the uncertainty in the benzene feed
at the reactor entrance. If alternative disturbances, possibly
taking place at different positions in the reactor tube, were to
be included in the process model, the optimal measurement
location might be altered.

Conclusions
It has been shown that the dynamic behavior of a process

analyzer plays an important role in the selection of the opti-
mal in-process measurement type and location. Six contribu-
tions that are needed to specify the in-process analyzer per-
formance have been identified: analyzer location, uncertainty
� 2, sample frequency T , samplergrab size T , response cor-i f g
relation T , and delay time T . Other important componentsi d
in the success or failure of the process state estimation prob-
lem are the dynamics T and amplitude � 2 of the processs s
variable selected for measurement.

In our case study�partial oxidation of benzene to maleic
anhydride in a tubular reactor�the best analyzer is a fast
spectroscopic measurement of the product and, to a lesser
extent, the reactant. Gas chromatographic measurement of
neither reactant nor product performed well, due to the rela-
tive large delay time associated with this instrument. Tem-
perature measurement of fluid and solid phase also per-
formed well in the ‘‘hot-spot’’ region of the reactor tube.

The approach as formulated in this article�including all
process analyzer relevant dynamics in the so-called standard
plant, and using the theoretical estimation error to compute
the measurability factor�can serve to optimize new in-
process measurement implementations. This optimization for

Žanalyzer type and position can be done in an early ‘‘drawing
.board’’ stage of the process design cycle. By using analyzer

specifications, retrieved from, for example, instrument ven-
dors, analytical chemistry departments, or earlier experi-
ences, and a model of the process, the theory developed in
this article makes it possible to determine the feasibility of
process state estimation and monitoring tasks. The measura-
bility factor M is a convenient scalar number to compare dif-
ferent in-process measurement configurations. The tools for-
mulated in this article can be used to investigate the poten-
tial of in-process measurements.
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Appendix A
In this Appendix we give an introduction to the ideas as

presented by P. M. E. M. van der Grinten on optimization of
Žmeasurements and control schemes van der Grinten, 1968;

.van der Grinten and Lenoir, 1973 . We have changed some
of the notations used in the original work in order to create a
closer parallel with the work presented here.

Controlling is intervening in a situation on the basis of
Ž .measurements van der Grinten, 1968 . Three possible

sources for lack of controller performance can be identified
Ž .in this definition: I The measurement may be in error due
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Ž .to sensor inaccuracies and sluggishness. II The intervention
may lose its effectiveness through over-determinacy or dy-

Ž .namically unfavorable regulator behavior. III The static and
dynamic characteristics of the system under control are insuf-
ficiently known. If a measurement is used for control, the
accuracy and speed with which the result becomes available
are of equal importance. If time is lost in the measurement,
or sampling intervals are long, the systems status may have
changed without this appearing in the sensor response. Inter-
vention made on such a basis can never be fully correct.

Three dynamic operations are identified for the measured
Ž Ž ..signal denoted w t : the sample time or frequency T , thef

averaging or grab-size time T , and the delay time T , neededg d
Ž .to condition and process the sample Figure 4 . A measure-

Ž .ment error ® t is superimposed on the result. In many prac-
tical applications a reconstruction filter is used to minimize

Ž .error e t between the sensor outcome and the true value. In
evaluating the efficiency of the estimator, only variations in

Ž . Ž .the measured quantity w t and the measuring error ® t are
Ž .considered systematic errors are not included . The defini-

tion A1 is used to determine optimum efficiency

� 2y� 2
w e2m s A1Ž .2�w

Žwhere m denotes the measurability factor ‘‘meetbaarheids
.factor’’ , indicating what part of the signal is actually mea-

Žsured under optimal conditions ms1 is a perfect recon-
.struction; ms0 means no information at all .

Completely analogous we can define an efficiency factor
for the control structure, again focusing on the changes of

Ž .the variable about their nominal value. Variable w t now
Žrepresents the equivalent disturbance summed effect of all

.disturbances on the process in the point immediately before
the measurement location. The goal of stabilizing control is

Ž .to minimize the resulting error output e t . The controller
efficiency is now derived as

� 2y� 2
w e2r s A2Ž .2�w

Ž .where controllability factor ‘‘regelbaarheids factor’’ r indi-
cates the extent to which disturbances can be suppressed.
Notice that r can never exceed m. This means that besides,
for example, slugguishness of the controller itself, the sensor
performance can dominate the overall control performance.

Ž .Dynamics of stationary signal or time series w t can be
characterized by their auto-correlation function, which for
many physical systems can be approximated by Markov pro-
cesses

w x 2 y�rTw 2� � sE w t w tq� f� e � 0 s�Ž . Ž . Ž . Ž .ww w ww w

A3Ž .

Equation A3 can be seen as a prediction curve, characterized
by the varianceramplitude � 2 and the correlation time T .w w
The latter can be estimated already during the design stage
by computing the largest time constant of the expected dis-
turbances.

Figure A1. Role of delay time on the controller perfor-
mance.

ŽTo achieve good control the overall delay-time sum of
.sensor and controller delay must be smaller than the dis-

turbance time constant: T �T . This is illustrated in Figured w
Ž .A1 for the case of optimal control. A disturbance w t will

Ž .emerge as output error e t until time equals tsT , afterd
which the error is compensated for by the controller. From
this observation and Eq. A2, a controllability factor due to
delay-time is deduced.

r s eyTdr Tw A4aŽ .d

For all other combinations to the overall measurement and
control uncertainty, similar equations can be derived. These
are often simplifications of more complicated, statistically
more thorough descriptions. Only the final results are pre-
sented here. For details on derivations, more complicated
auto-correlation functions, and process disturbances we refer

Ž .to van der Grinten 1968 . The contribution of sampling fre-
quency is given by

m s eyTfr2Tw A4bŽ .f

The factor 1r2T stems from the notion that information atf
the moment of sampling is complete, but, immediately before
the next sampling, the information is obsolete by a time equal
to T . Similar reasoning leads to an equation for the samplef
size error

m s eyTgr2Tw A4cŽ .g

Formulas can be derived for the measurement error with
sensor error correlation T and the inverse controller re-®

sponse with inversion time Tin

� T® ®
m f1y A4dŽ .n (� Tw w

1yT rTin w
r s A4eŽ .in 1qT rTin w
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The overall controllability factor can now be determined from
the different contributions by the following equation

r smrsm m m m r r A4fŽ .tot g f n d d in

Equation A4f serves two purposes. The value of the overall
controllability factor r must be close to 1. As a rule of thumbtot
values larger than 0.8 indicate good measurementrcontroller
couples, while values below 0.5 indicate that control schemes
are of little use. Equation A4f give us a quantity to directly
compare various sensorrcontroller setups. The second advan-
tage is that the overall uncertainty can be split up in separate
contributions that can be optimized individually, with the aim

Ž .of identifying and ultimately removing the bottleneck from
a control structure or sensor implementation.

We would like to emphasize again that a more complete
Ž .English treatment on the material as presented in this Ap-

Ž .pendix can be found in van der Grinten 1968 .

Appendix B
The autonomous system in Eq. B1 serves as an example to

study some of the influences of analyzer location and dynam-
Ž .ics defined in the main text van den Berg et al., 2000

x tŽ .1y1 1 1.5
x tŽ .x t s A x t qb w t s �Ž . Ž . Ž . 1 y2 1˙ 2c 2

0 1 y3 x tŽ .3

1
q � w t B1Ž . Ž .0

0
�w xx 0 s 1 1 1 q t s0.1Ž . Ž .

Ž .As can be seen from Eq. B1 disturbances w t are ‘‘injected’’
on the first state and are distributed over the other two states

( ) ( ) ( )Figure B1. a Autonomous response; b auto- c and
cross-correlation’s for the three states in

( ) ( ) ( ) ( ) (system B.1 : x – , x .. and x – – � =1 2 3 x1
)0.17, � =0.10 and � =0.03 .x2 x3

Table BI. Three Different Analyzers for the System in Eq. B1
� � � �2Analyzer � T T T Ti g i f d

B 1.0 � � 0.1 s �a
B 0.1 � � 5.0 s 5.0 sb
B 0.5 � 2.0 s 0.1 s �c

�
�means no significant contribution on the overall performance of this

analyzer.

through the system dynamics in A . The autonomous solu-c
Ž .tion for the system plus the auto-correlation’s 	 x x andi i

Ž .cross-correlation’s 	 w x for a white noise feed pattern withi i
Ž .distribution N 0, 0.1 is shown in Figure B1. The dynamics of

Ž . Ž .state x t and x t show a clear system delay time for input1 2
Ž .uncertainty w t .

On this system, we define three ‘instruments’ with the
specifications as shown in Table B1.

The specifications of the instruments imply the following
characteristic features: B is a moderately accurate instru-a
ment with a high sampling frequency, B is a very accurateb

Žanalyzer, however, it suffers from a large delay time typically
.equal to the analysis time , and B is a representative of manyc

physical measurements with a moderate accuracy and a sig-
nificant memory effect.

Implementation of B is straightforward using the appro-a
priate values in equations as presented in the theory section:
sampling time T forms the basis for going from the continu-f
ous system in Eq. B1 to discrete observation, while � 2 speci-i
fies the uncertainty in the measurement responses. To imple-
ment the time delay of B , measuring, for example, the firstb
state, the original system A has to be augmented with threec

Ž . Ž .virtual states x t � x t in accordance with Eq. 6 creating4 6
the standard plant

x t s A x t qb w tŽ . Ž . Ž .˙ c 2

x tŽ .1
y1 1 1.5 0 0 0 x tŽ .21 y2 1 0 0 0

x tŽ .30 1 y3 0 0 0
s �

1 0 0 y2.4 y2.4 y0.96 x tŽ .4
0 0 0 1 0 0 x tŽ .50 0 0 0 1 0

x tŽ .6

1
0
0

q � w t B2Ž . Ž .0
0
0

� w xy t s c xq® t s y1 0 0 4.8 0 1.92 xq® tŽ . Ž . Ž .

Table B11. Measurability Factors for the Analzyers in Table
B1 Sampling the System in Eq. B1

Analyzer x x x1 2 3

B 0.8 0.7 0.3a
B 0.4 0.3 0.1b
B 0.7 0.6 0.4c
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In Eq. B2 the parameters for the augmented part of the
system form a companion canonical state space representa-
tion of the Pade approximation for time delay in Eq. 6.´

To model the signal correlation in B , sampling, for exam-c
ple, state number two, system B1 has to be augmented by

Ž .one state x t in accordance with Eq. 54

x t s A x t qb w tŽ . Ž . Ž .˙ c 2

x tŽ .1y1 1 1.5 0 1
x tŽ .1 y2 1 0 2 0

s � q � w tŽ .0 1 y3 0 0x tŽ .3
0 1r2 0 y1r2 0x tŽ .4

B3Ž .

2� y1r Ti' w xy t s c xq 1y e s 0 0 0 1 xq0.8® tŽ . Ž . Ž .

For these three analyzer types the uncertainty propagation
from Eq. 9 is determined and the expected estimation error
P is computed from Eqs. 7 and 8. The measurability factork
Eq. 10 for these, the three analyzers in Table BI for the sys-
tem B1, are given in Table BII. The table shows that measur-

Žing the first state is favorable for every instrument van den
.Berg et al., 2000 . It also shows that the best overall match

between system and analyzer dynamics for state estimation is
between B and the first state. The last conclusion from thisa
example is that if only state x is available, B is to be pre-3 c
ferred.
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