Optimal Operation of Integrated Processing

Systems

Part I: Open-Loop On-Line Optimizing Control

A new algorithm for the continuous tracking of the optimal economic operating
conditions of an integrated chemical plant has been developed. The method does
not make use of fundamental models of the plant but is based on an on-line search
using experimental moves of the independent variables. The results of these
moves provide the data for the identification of a dynamic process model. This
model allows one to determine the gradient of the objective function and thus
guides the next move of the independent variable eventually leading to the
optimum. The advantages of the new technique over other methods are demon-
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strated in simulation examples:

1) The speed of tracking is equally fast or faster than the relaxation speed of

the system after a step change.

2) The noise insensitivity allows safe tracking of the optimum despite sig-

nificant measurement errors.

As a key feature a decentralized form of the algorithm is developed making it

suitable for distributed microprocessor implementation.

SCOPE

Due to modelling inaccuracies and the influence of un-
measurable process disturbances the economically optimum
operating conditions of a process can generally not be pre-
dicted but are determined during the operation by experimen-
tation. This procedure encounters difficulties of two kinds: 1)
Long experimentation times do not allow one to track a drifting
optimum; and 2) Measurement noise hides the interdependen-
cies of input and output variables and makes the reliable de-
termination of the optimal search direction difficult. Starting
from the early work of Draper and Li(1951) over Evolutionary
Operation (Box and Draper, 1969) to the application of modern
optimization techniques, the large number of attempts toward

a solution which are reviewed below, gives an indication of the
importance of the problem. The new approach suggested here
is based on the identification of a dynamic system model and
uses measurements during the transient and not only at steady
state. This makes the algorithm faster and less noise sensitive.
Simulation studies clearly indicate the superiority over previ-
ous methods. While only the open loop unconstrained search is
treated in this paper, the second part of this series will eluci-
date the modifications necessary when constraints are encoun-
tered and how the optimizing controller can be interfaced with
a regulatory controller.

CONCLUSIONS AND SIGNIFICANCE

A new decentralized form of optimizing controller for inte-
grated processing systems was developed and test results ob-
tained from the simulation of a two CSTR example demon-
strated its superiority with respect to speed and noise insen-
sitivity. Both the speed of convergence and the degree of noise
suppression can be influenced by several adjustable param-
eters of the optimizing controller. In general it was found
exactly as for the tuning of filters that superior noise suppres-

sion slows down the parameter estimation and thus the speed of
movement of the optimizing controller has to be reduced to
avoid divergence. Good conservative a priori estimates of the
controller parameters are suggested for which stability is vir-
tually guaranteed. On-line tuning can be explored to accelerate
the convergence. The robustness, reliability, speed and decen-
tralized structure of the optimizing controller make it a likely
candidate for complex industrial applications.

INTRODUCTION

Increasing energy and raw materials costs have forced the
modern engineer to make better use of the available capacity of
existing plants without much additional investment. Aside from
methods which involve modifications of the process itself, as for
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example, energy integration schemes, other ways are being
sought to exploit the available degrees of freedom and increase
optimality. For instance, by continuously maintaining the plant
at its steady-state optimum despite changing environmental
conditions it is possible to achieve an important performance
improvement.
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Converter catalyst deactivation, heat exchanger equipment
fouling, ambient temperature drifts and changes in feedstock
quality offer a few examples of the disturbances which can have
a lasting economic impact on the operation. Continuous track-
ing and driving the process to its best operating conditions when
such changes occur are termed optimizing control.

To be applicable in an industrial environment in a nontrivial
situation any optimizing controller (OC) should:

1) Perform on-line experiments in order to account for un-
measured disturbances and model inaccuracies

2) Find the optimum faster than the period of important
process disturbances

3) Be able to deal with noisy measurements

4) Be able to handle multivariable, large scale systems

To present a method robust enough to take all these factors
into consideration is the subject of this paper. We shall now
examine currently used approaches to optimizing control and
point out their useful features as well as their disadvantages.

PRESENT APPROACHES TO OPTIMIZING CONTROL
Off-Line Methods

Many techniques reported in the literature rely on the model
prediction of optimal inputs. Key measurements are fed to a
simulator or model and a search is performed off-line, making
them fast but necessarily inaccurate (e.g., Webb et al., 1978;
Prett and Gillette, 1979; Duncanson and Youle, 1970; Shah and
Stillman, 1970; Davis et al., 1974).

On-Line Methods

1. Methods using a continuously varying perturbation signal:
Early approaches to on-line optimizing control employed either
ramp signals (Draperand Li, 1951) or sinusoidal inputs (Boxand
Chanmugam, 1962; Kotnour et al., 1966) to detect changes in
performance. Besides requiring undesirable perturbations
from an operating point of view these methods are generally
noise sensitive and essentially limited to systems with one
degree of freedom. Extensions even to two degrees encounter
complex stability problems (White et al., 1968) and no applica-
tions have been reported.

2. Direct search methods: Multivariable systems have been
handled by implementing either gradient or pattern-type
search methods from optimization theory directly on the plant.
Edler, et al., (1970) compare the performance of different
techniques. Being essentially steady-state procedures, mea-
surements should be taken only after the process has settled
after each change in the manipulated variables, which makes
the OC very slow. On the other hand, if the manipulated
variables are perturbed without awaiting the end of the tran-
sient, complex stability problems arise (Sawaragi et al., 1971)
which lie beyond a possible theoretical analysis.

3. Methods to handle measurement noise: In stochastic ap-
proximation the numerical on-line computed gradient is
filtered and used to determine input moves. Although the
scheme can be shown to converge in probability to the plant
optimum (Saridis, 1974) discouraging application results have
made it necessary to reduce it to a trial and error technique with
the noise level limiting the achievable optimality (Ahlgren and
Stevens, 1966). If replications of measurements are averaged
better results are obtained (Luecke, 1970) at the expense of
slowing the procedure.

4. Optimizing control using dynamic mode! identification:
Desiring speed on one hand and accuracy on the other the most
promising approach appears to be the recursive identification of
a dynamic model of the system as proposed by Bamberger and
Isermann (1978). Instead of using only the steady-state informa-
tion, parameters in a simple dynamic input-output model are
estimated on the basis of the transient response. In a second
step the steady-state version of the model is used to determine

AIChE Journal (Vol. 27, No. 6)

OPTIMIZATION
COORDINATION
IDENTIFICATION IDENTIFICATION IDENTIFICATION]
SUBSYSTEM SUBSYSTEM SUBSYSTEM
1 2 s
SUBSYSTEM SUBSYSTEM j—p» -~ SUBSYSTEM
1 2 f—— - s

Figure 1. Structure of hierarchical optimizing controller for interconnected
systems; centralized optimization with decentralized identification.

how the manipulated variables should be varied in order to
improve the economic performance. Then the procedure is
repeated with a process identification at the new operating point
followed by an optimization step and so on until the eco-
nomically optimal point is reached. The appealing features are
evident:

® Periodic updating of the parameters through experimen-
tation provides the adaptive element with respect to distur-
bance change that we seek.

® The need to wait for steady-state is ruled out since a
dynamic model is identified each time.

® Most identification schemes have been shown to work well
with low signal to noise ratios in industrial applications (Gus-
tavsson, 1972) allowing one to reduce the undesired plant
upsets to a minimum. Moreover, extension to multivariate sys-
tems can be made without much difficulty.

NEW OPTIMIZING CONTROL TECHNIQUE

Our goal is the development of an on-line optimizing control
method for structured processing systems consisting of interact-
ive subsystems. An example would be a refinery consisting of
several subsections run by different groups of operating per-
sonnel. The optimizing control scheme should find the optimal
operating conditions for the integrated system while taking
maximum advantage of the subsection structure. Because of the
advantages discussed above the optimizing contro! will proceed
via the identification of a dynamic model.

It is natural to carry out the identification in a decentralized
fashion and the optimization in a centralized fashion as shown in
Figure 1. With the necessary coordination each subsystem is
identified separately. Then, the optimizer is supplied with the
subsystem models and chooses changes in the inputs to the
system such that the overall economic objective is improved.

Model Description

Since the optimization routine to be applied requires only
local information, namely gradients, a linear approximation of
the general nonlinear plant at an operating point is sufficient for
our purposes. Each subsystem will be described by the discrete
time input-output model
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AXq)y'(k) = g (BY(q)m'(k)
+ Ciquuitk)} + oitk) i=1,...,s 1)

where y' € R"i is the measured subsystem output, m' € R% the
noise free optimization inputs and u are the noise corrupted
interconnection inputs coming from neighboring subsystems

u =1Ly @)

with L an interconnection matrix. A{q), B¥q) and C(q) are
polynomial matrices in the backward shift operator g;

qy(k + 1) = y(k)

whose order and structure depend on the individual subsystem
state dimension and observability properties (Valis, 1970;
Rowe, 1970). The vector of stationary correlated noise vi(k)
combines the effects of higher order modelling error terms and
measurement noise. Due to the interconnections it will in gen-
eral be correlated with other subsystem noise vectors v,j # ).

It will be assumed that the orders of the polynomial matrices
as well as the multiple delays represented by 7; are obtained
previous to the identification either from past knowledge of the
system or from preliminary experiments. It is generally ac-
cepted that second order—deadtime models describe chemi-
cal processes with sufficient accuracy for control purposes. Thus
experimentation to determine the order is usually not justified.
The identification method to be derived will estimate the pa-
rameters in the polynomials A¥q), B'(q) and C¥(g) presuming
that y* and u’are measured with m! known noise free. Then, the
steady-state parts of these locally valid dynamic models are
easily obtained by setting g = 1,

Ay = Bm'+ Clut i=1,... s 3)
with
u =1Ly

or in integrated form to be used by the central optimizer:

Ay = Bm )

Optimization Schemes

The general static optimization problem to be considered is

min  P(y(m), m) Q

where we assume the system equations to be expressed im-
plicitly through y(m). The case when m is subjected to ad-
ditional inequality constraints which might become active dur-
ing the search, falls into the category of constraint control and
will be considered in Part II.

A gradient search algorithm is employed to solve Eq. 5.
Using subscripts to denote iteration numbers the operating
points m; are updated as follows,

My, = my — Mslvmpll 6

where p is a fixed stepsize, S, a positive definite matrixand V,,P|,
is the gradient of the objective function at m,,

ViaPly,m)|, =

P
s (y,m) ,

+ s Pl (o). @

Note that the Jacobian of the plant equations is obtained from
the static form of the locally valid identified model for the
overall process and computed from Eq. 4 as

(42) = @m. ®)

Depending on the choice of S, algorithms with diverse con-
vergence characteristics can be obtained. If the inverse Hessian
at m; is used the Newton search results. Alternatively, an ap-
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proximation to the inverse Hessian by first order terms yields a
Quasi-Newton algorithm while the familiar steepest descent
follows by setting S, = I, the identity matrix. The Quasi-Newton
techniques were found to be very noise sensitive and to perform
worse than steepest descent in our simulation runs and there-
fore only steepest descent was employed.

Since the gradients for our algorithm are computed as easily
as function values, the usual one dimensional minimization
along the search direction to determine the stepsize is not
needed. It has been shown that for a fixed u within a certain
interval determined by the properties of the Hessian of P(y(m),
m) convergence is obtained (Polak, 1971).

We finish this discussion with three important remarks:

1) Since we never await the steady-state after a change in a
manipulated variable, the process always lags behind the
search and due to nonlinearities V,,P|, does not correspond to
m;.
2) Search directions are determined by using only gradient
values, thus from the optimization point of view the identifica-
tion of a more complex model (e.g., involving quadratic terms)
is not justified.

3) The estimates used in the evaluation of the Jacobian are
corrupted with an estimation error. Thus the search direction
will vary within a certain confidence interval and will slow
down the convergence of the algorithm.

We now present the parameter identification scheme for
composite systems which is the backbone of the optimizing
controller described.

Identification of Interconnected Systems

For a method to be useful within the optimization framework
described in the previous section it should:

® Converge relatively fast

Provide unbiased estimates

Deal with time varying parameters

Handle small signal to noise ratios

Be transformable into a simple recursive form.

Extensive studies can be found in the literature on the esti-
mation of parameters for discrete linear models. The survey
paper by Astrom and Eykhoff (1971) contains a comprehensive
list of references on both theory and implementation. Also,
Eykhoff's book (1974) is a good source for methods and applica-
tions. Comparative studies have been reported (Isermann et
al., 1974; Soderstrom et al., 1978) which evaluate the charac-
teristics of the different techniques.

Parameter estimation of a dynamic model via least squares
(LS) is the simplest scheme available. Its handy recursive form
makes it very appealing for on-line implementation, but it is
well known to yield biased estimates when the noise is corre-
lated, and hence becomes inconvenient for our purposes. From
among the several techniques directed to correct this flaw,
which do not require additional noise identification and retain
the LS structure, we have chosen to use the instrumental vari-
ables (IV) approach.

Although it can be shown to be a non-efficient estimator,
observed parameter variances in simulation studies of IV are
not significantly different from their minimum achievable val-
ues, the Cramer-Rao lower bounds (Rowe, 1970} and we only
foresee mild effects on the sensitivity of the search.

We will limit the following discussion to SISO systems for
simplicity in notation. The scheme for interconnected systems
will be presented afterwards.

IV Method for SISO. For N + p measurements modelled by:

Alq)y(k) = B(g)ym(k) + v{k) ©
Define
Yulk) = (yk) yk +1)...yN+ k- 1)
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Vuk) = (k) ok +1)...0oN +k — 1)7
Muyk) = (mk)ymk + 1) . .. m(N + k — 1))
Dy(y,m) = (Ya(0) Ya(-1). .. Y1 — p) My0) ... Mx(1 - p))
6=1{a ...a, b ... b (10}
Then Eq. 9 is equivalent to
Yy(l) = @afy,m)0 + V(1) (1)

We multiply on the left by a N X 2p matrix Zy to be defined
later and solve for 6

8 =46y — (Z3DPuly.m)) 'ZIVA(1) (12)
where 8 is the estimate of :
Oy = (ZFPu(y,m)"ZEY A1) (13)

Theorem. (Wong and Polak, 1967): fy is a consistent es-
timator of 8 if the matrix of “instrumental variables” Z, is
selected such that the following limits in probability hold:

1
- = 14
p lim 5 ZEVs(1) = 0 19
p lim Tb— ZI®(y,m) = R (nonsingular) (15)
N—ox

(Limit in probability is weaker than the usual limit definition.)
Note that for Zy = ®.(y,m) the instrumental variable method
is equal to the least squares method. We emphasize that

1
p lim — ®Fy.m) V(1) # 0

in general because y and v are correlated. Therefore, LS usually
yields biased estimates.

Among the different choices for the IV matrix the “bootstrap
method” has been found to yield good results (Wong and Polak,
1967; Smets, 1970):

Z, = ®,(Fm)
where

B =88k -1+ ... +afk—p) +bmk—-1+

-+ bymk — p) (16)
Thus instead of the measured outputs, the model predicted
outputs are used in Zy where A, B now employ the most recent
estimates §y which are contmuously updated as a result of the
identification. Note that the convergence of the bootstrap es-
timator has not been demonstrated here or elsewhere although
it has been shown to work well in simulation results.

Extension to Identification of Interconnected Systems. The
main difficulty in applying the IV technique directly in the
identification of individual subsystems arises from the noisy
signal u' as an input to the model. For simplicity, let us demon-
strate this by considering a very simple example. The same
argument will apply to general systems as well. If no plant noise
is assumed, a 2 X 2 linear system is described by:

ik + 1) = apx(k) + ayxa(k) + bymy(k)
xo(k + 1) = anyxi(k) + axexa(k) + bymy(k)

with measurements

(17)

yl(k) = x:(k) + el(k)
yo(k) = xy(k) + ea(k)

where e,(k), e:(k) are mutually independent white noise se-
quences of measurement errors

e., Ele)k) ek — D] =0 ¥l
Elefk) etk — D] = Z:8(1),

After decomposition in two one-dimensional subsystems, the

i=12
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Figure 2. A decomposition approach to the /V identification of large
interconnected systems.

individual input-output relationships are:
Subsystem 1:

ik + 1) = ayyi(k) + bymy(k) + aoui(k) + vik + 1)

(18)
Subsystem 2:

yolk + 1) = anys(k) + bymy(k) + agiuq(k) + vo(k + 1)
where u,(k) = yo(k), us(k) = y:(k). The noise has the following
dynamics

vk + 1) = e;k + 1) — ayyey(k) —
volk +1) = ey(k + 1) —

al2e2(k)

agse1(k) — agseq(k) as)

where we can see the noise correlation among subsystems.
Assuming that the bootstrap estimator is used for the iden-
tification of the first subsystem, we examine the following limit:

;
sz—nm)

)i Lz ) = lim — S myk - D odk)]| (20

lm 27V = b gy | S ik - 0o®| @
N
2 u,(k — 1) vy(k)

where

Rk + 1) = 878 K) + bim(k) + Giui (k)
and
u,(k) = apwnlk — 1) + bymy(k — 1) + anyi(k — 1) + k)

First we may note that the IV £,(k — 1) is not noise free and
although for this special case it is uncorrelated to v,(k), for a
more general model it would be. Moreover, since m, is known
noise free the second element in vector (Eq. 20) vanishes
asymptotically while the dependence of u;(k — 1) on vy(k — 1)
yields a non-zero last element. Specifically, Eq. 20 reduces to:

0
0
— 122,

and we observe that the bias is proportional to the interconnec-
tion parameter. Hence, condition (Eq. 14) is not satisfied and
unbiasedness cannot be ensured.

In the IV scheme for the integrated process consistency is
achieved by using %, instead of u, in the matrix Zy. But 1, is the
1V generated by the identification algorithm of the second
subsystem. Therefore it is natural to expect that the bias can be
eliminated by supplying the local estimator with the instrumen-
tal variable of the neighboring subsystem. This suggests a coor-
dination structure as indicated in Figure 2. Each individual
estimator uses all its available measurements plus information

lim _;T ZEVN(1) =

N—ox

(21
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Figure 3. Flowchart of the new optimizing control technique.

from the coordinator, whose function is basically the transfer of
instrumental variables.

The analysis can be extended to any number of subsystems of
arbitrary dimension and order since the problem structure is
basically the same. For the development of the IV procedure as
applied to multivariable systems the reader is referred to the
paper by Rowe (1970).

The decomposition is not without tradeoffs. It requires the
“main” interconnection variables to be measured thus possibly
increasing the expenditures for instruments. The establishment
of quantitative decomposition criteria along the ideas put for-
ward by Morari et al. (1980) will be a topic for future investiga-
tion.

SUMMARY OF NEW TECHNIQUE

After specifying both the optimization and identification
schemes to be used by the controller, we proceed to discuss the
proper selection of tuning parameters, and measures to prevent
divergence of the IV algorithm. Figure 3 illustrates the com-
plete algorithm.

Tuning Parameters

As described below, there are three tuning parameters. In
most circumstances a functional relationship can be established
a priori between two of them, further simplifying the im-
plementation.

1. Search stepsize (u): As previously mentioned the upper
bound on the allowed fixed optimization algorithm stepsize
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depends on the particular response surface and has to be found
on-line in principle. However, from our limited experience it
appears that the scheme is not very sensitive to its choice unless
an unreasonably large value is employed.

2. Samples between imput moves (IMOVE): It is desirable
to keep IMOVE as small as possible in order to move rapidly
toward the optimum. However, we are limited by the fact that
after each input change enough time has to elapse for the
dynamic system to move and to allow an adaptation of the
parameters. Thus high noise levels or long system response
times will require a large value of IMOVE.

3. Forgetting factor (\): In order for the IV estimation
method to be implementable on-line, the “one-shot” estimation
Eq. 13 must be expressed in a recursive form so as to update the
parameters as new samples are available. For a SISO model the
estimate at sampling time N + 1 is obtained from the estimate at
time N as follows (Goodwin and Payne, 1977):

§N+l = a’» + Ky {yv + 1) — 4)11;’4-191\1)
Ky+1 = Pyiy 234

Pyiy = [Py — Pyzyni[N + OFiPranii] ™t dF PN ©2)
2

and
Py = (Z}Py)?

where zy41, Pn+1 are the vectors containing the latest samples
and 0 < A = 1 is the forgetting factor which is included to make
the estimator track time varying parameters. Intuitively, A can
be interpreted as the fraction of past data used in the present
estimation, and any past data point j < N contributes as a
fraction A¥ 7110 the estimate at N + 1. Equal weighting is given
to all samples when A = 1.

The following remarks result from our own experience with
simulation cases and other published results (e.g., Smets, 1970;
Eykhoff, 1974).

(i) A < 1 always increases the variance of the estimates

{ii) For a fixed noise level, as A is decreased, faster parameter
convergence is 2chieved.

(iii) For fixed X, higher noise levels slow down the con-
vergence.
A could be chosen independent of the other tuning parameters
according to these considerations but it is reasonable to
presume some dependence on IMOVE. After IMOVE samples
the parameter estimates should be independent of the mea-
surements taken before the last input variation. Thus we
suggest to choose A such that IMOVE is approximately twice the
asymptotic memory length (1/1 — A) of the estimator (Clarke
and Gawthrop, 1975)

2

A=1]1-
! IMOVE @3)

This rule worked very well for all our example runs.

Divergence of the Recursive Algorithm

It is certain that if the information matrix Z{®y is singular the
estimate @y will diverge. Let us examine how it may occur. For
simplicity, consider the MISO system:

o = ¥ aglk -

b'muk — i) (24)

[UN

B
+ S bimk — ). ..
i=t

¢

]

1

According to the analysis in Soderstrom (1974) the following
equivalence holds for the noise free bootstrap estimator:

Zi®, = DMDT (25)

where M is a square matrix of delayed inputs which is positive
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definite if the my(k) sequences are persistently exciting, Disa  determined by B(q). It can easily be shown that by fixing A(q)

matrix of true system parameters for the model aboveand Disa  and estimating only B(q) close to the optimum, the resulting
matrix of same structure but for the model parameters. One can information matrix is symmetric and of tull rank, yielding a
show that positive definiteness of M and D, D of full rank are stable recursive estimator. The model to be identified is then
sufficient for nonsingularity of the information matrix. _ ~ _

It is known (Woodside, 1971) that for LS estimation the gtk + 1) = Algyy(k + 1) = Blg)m(k + 1)
information matrix is always of full rank when the observations where A(q) contains the best estimated values before di-
are noisy. Though it is not possible to conclude rigorously that vergence.
the same will be true for IV (the informat.ion matrix is nonsym- By continuously identifying B, a change in plant conditions
metric and depends on the parameter estimates) no divergence  can be detected and the plant driven to a new optimum. Once it

difficulties were encountered in the simulation examples when
sufficient noise was added to the measurements. Therefore
divergence is unlikely to occur in real life situations. Neverthe-

moves away, more than a certain pre-specified distance
(DELM) the original scheme is resumed to regain speed.

less we will analyze the reasons and provide counter measures. EXAMPLE
1. Input sequence not persistently exciting: S.ince it is as- A simple reaction system was simulated on the digital com-
sumed that sufficient excitation is provided by the input moves, puterin order to demonstrate the basic features of the proposed

persistent perturbations of limited amplitude such as PRBS are

OC. Two CSTR’s in series in which an exothermic autocatalytic
recommended only at the start-up until fair estimates are ob-

reaction is taking place are shown in Figure 4. The units interact

tained. Also, diminishing excitation upon convergence can be in both directions due to the recycle of a fraction « of the
avoided by choosing a larger stepsize p which keeps the OC  product stream into the first reactor. It is assumed that a servo
varying within a small neighborhood of the optimum due to  controller has been set up such that the individual reactor
inaccuracies in the estimation. temperatures can be specified the OC. T, and T, are assumed to

A A k : . . :
2. Rank deficiency of D or D: Matrices D or D may become be known noise free. The reaction s

rank deficient if some parameters in the model and/or in the

+
real system vanish. Consider the case when the output y in A+ B=—2B
model (Eq. 24) is optimized. At the steady-state optimum the -
following must occur: with rate = k,C4Cp — k_ C} (k+ = A. exp (—E./RT)). The
» physical and design constants of the system are
i=21bi:0]:17 i a =05
Matrices D and D exhibit the following structure:
(0b!bl...b} i 10 br. .. b
0 : . : \\ N
0 q blibzl_-_; b} : 1 0 N N
VTN | N
D= 0 __\-,“b?;;: L f‘m"_'\b%n_
Ql : : Qm J
where Q, . . . Qp are full rank matrices of the coefficients a/.
For the simple case p = m = 1, Tank 1 mean residence time = 30 min.
D = [0 bl] Tank 2 mean residence time = 25 min.
1
@ E./R = 17786. E_/R = 23523°K

and trivially, b, = 0 = rank D < 2. Higher order models
require all coefficients b/ to vanish for rank deficiency. The
same situation is expected to occur for MIMO systems.

For the recursive algorithm (Eq. 22) it can be demonstrated
by induction that

A, =973 x 10% A_ =31 x 10* lVgmol-s

resulting in an overall time constant of approximately 40 min.
We desire to find the temperatures T, and T, which maximize
Cjs the concentration of B at the second reactor. The important

Py = (ZIA,®y + Ae I)! (26) disturbance for optimization is C 4o, the feed concentration of A
’ which has a significant effect on the optimum C*y, as shown in
where the following table:
1
=1
and F
: N—1) N—2 (1-a)F E“
Ay = diag AN 2. . A D). < €0 ]

Consequently, for A = 1, by choosing € sufficiently large the
recursion can be made stable even when the “one-shot” compu- (z

tation, i.e., Z{®y becomes singular, is expected to diverge.
However, we require A < 1 for the algorithm to track time
varying parameters implying that for some large N, Py becomes - ow _ Sz
singular for any €. v, B2

In order to resolve the conflict between speed of adaptation L : ; i
and preventing divergence at the optimum we found the fol- ; il

lowing modification helpful. Since the autoregressive part of oo - s R <2

the model reflects mainly the dynamics of the system, as the et pset
search converges, the parameters in A(q) remain constant, 1 z
while the magnitude and direction of the gradient is mainly Figure 4. Two CSTR system used in the example.
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Figure 5. Sequence of set point changes for the noise free search (1 =
5000, IMOVE = 15, A = 0.9).
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1
0.1 0.0731 315.0 309.0
0.06 0.0420 317.0 312.0
0.20 0.1536 312.0 306.0

The proposed large scale systems approach was used where
each reactor is considered as a subsystem, modelled as a linear
first order system:

Reactor 1:

nk + 1) = a;x, (k) + a;zul(k) + bymy(k) + d,

Y

Reactor 2:
xo(k + 1) = agoxa(k) + agiu2(k) + bymo(k) + d,

where
1 =y = Cpy Xy = u; = Cp
my =T, my =Ty

and the parameters d;, d; are included to account for the
nonzero steady-state.

For all the runs a sampling time of 0.5 minutes is used. Short
sampling periods are suggested since the convergence rate of
the identification actually depends on the amount of data pro-
cessed per unit time. Due to the generally imprecise values of
the parameters at the beginning of the search, a maximum
bound on the input steps (STMX = 1 degree) is specified. As
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Figure 7. Search for the optimum under severe measurement noise (02 =9
x 107¢, u = 7500, IMOVE =40, A = 0.97); actual objective, ---
measured objective.
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Figure 6. Record of the objective C s, during the search for the optimum
shown in Figure 5.

suggested by Smets (1970} in case no a priori information about
parameter values is at hand the LS algorithm is run during the
first 40 iterations (ILSQ = 40) and the search is started after 80.
During this initial period, PRBS of 1° amplitude in each tem-
perature are employed. All the following runs start at (T, T,) =
(308, 299)°K for C4 = 0.1

The Deterministic Case

In Figures 5 and 6 the noise free case for A = 0.90, IMOVE =
15 and p = 5000 is shown. Convergence is achieved in about
four system time constants which is not much longer than the
time required for a system to reach a new steady-state after a
step change. Also, divergence was avoided by stopping the
identification of the autoregressive part of the model close to
the optimum as described above.

Effect of Noise

If the output signals Cg; and Cp, are corrupted with severe
measurement noise of variance 62 = 9 x 107%, excellent per-
formance of the OC is observed (Figure 7). The need to set the
tuning parameters to A = 0,97, IMOVE = 40 brought an in-
crease in the search time. Nevertheless, no parameter di-
vergence was found to occur for this noise level, showing the
robustness of the proposed OC to measurement errors. At this
noise level the OC is unable to find the optimum when LS
identification is used showing the detrimental effect of estima-
tion bias on the search (Figure 8).
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Figure 8. The OC using LS identification is unable to find the optimum for
same parameters and noise level as in Figure 7.
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Figure 11. Tracking of a drifting optimum (---- steady-state optimum
without optimizing controller).

Direct Search vs. New OC

To make a fair comparison the same time between setpoint
changes as in the above identification runs should be allowed. It
was found, however, that direct search on the noise-free system
with three points used to compute the gradient did not con-
verge for values of IMOVE less than 100 (Figure 9), thus it took

AIChE Journal (Vol. 27, No. 6)

over 15 times as long to reach the optimum as compared to the
new OC. The SIMPLEX pattern search appears less sensitive
and finds the optimum when IMOVE = 15 although the oscilla-
tions about the solution are quite undesirable (Figure 10). Even
for the noise-free case these classical methods are quite slow
and further simulation results showed the speed of con-
vergence and stability properties to deteriorate significantly
when noise is added.

Tracking of Optimum Changes

The real test for our OC is to observe its ability to follow plant
upsets. To demonstrate this, a sequence of step changes in C 4
was imposed on the system after achieving convergence at the
optimum for C4 = 0.10, as follows:

C 4o(gmol/1) TIME (min)
0.06 600
0.20 1500
0.10 2700

and the corresponding optima have been given previously. Fig.
11 demonstrates the ability of the OC to rapidly adapt the
system operating conditions to important disturbance changes.
Without OC the loss in performance would have been approxi-
mately 4%.
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NOTATION

A,B,C = polynomial matrices in linear dynamic models
a,b, = parameters in polynomial matrices

D,D = matrices of parameters defined in Eq. 25

Ky recursive IV algorithm gain vector
L = interconnection matrix

My = vector of input variables

m = manipulated inputs

P = economic objective function

P = recursive IV algorithm “covariance” matrix

S; = positive definite matrix in optimization algorithm
$ = total number of subsystems

u = interconnection inputs

Vs = yector of errors

v = correlated error

x = state variable

Y, = vector of outputs

y = measured outputs

Zy = IV matrix

Vo = gradient operator w.r.t. m
Greek Letters

0 = vector of system parameters

Ay = diagonal matrix defined in Eq. 26
A = forgetting factor

i = optimization algorithm stepsize
T = time delay

o, = regressor matrix in IV algorithm
Subscripts

l = optimization iteration number
N = identification iteration number
Superscripts

= estimated value
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Numerical Solution of Nonequilibrium
Multicomponent Mass Transfer Operations

D. S. BILLINGSLEY
and
ARUN CHIRACHAVALA

An improved model and solution procedure for nonequilibrium, multicompo-

nent, two-phase, steady-state mass transfer problems are developed. Processes as
diverse as packed column operation and the drying of porous solids are included.
Ideas such as “HETP,” “HTU” or “mass transfer section” are avoided. “Stiff’

systems appear to be handled well.
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SCOPE

This paper proposes a model and solution procedure for
steady state continuous contact mass transfer problems as di-
verse as nonequilibrium operation of packed columns and the
drying of porous media. Included are all the features listed as
items (a) through (g). Such a combination represents an ad-
vance over previous work.

(a) Energy, mass and momentum are each required to be
conserved in each phase.
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(b) Equations of state are nontrivial in each phase.

(¢) A multicomponent system is considered.

(d) Phase temperatures, velocities and concentrations are
not assumed constant.

(e) Transfer coefficients for mass, energy or momentum are
assumed neither constant nor equal for all components.

() One phase at some place in the unit is not assumed to be in
equilibrium with the other phase at some other place in the
unit.

(g) The problem of obtaining a numerical solution is
addressed.

The model is sufficiently detailed and realistic to be represent-
ative of the best currently available.

AIChE Journal (Vol. 27, No. 6)





