
 

Large scale dynamic-economic optimization of industrial
processes: a modified sequential approach
Citation for published version (APA):
Tousain, R. L., Schot, van der, J. J., Backx, A. C. P. M., & Bosgra, O. H. (1998). Large scale dynamic-economic
optimization of industrial processes: a modified sequential approach. In OH. Bosgra, P. M. J. Van den Hof, & C.
W. Scherer (Eds.), Selected topics in identification modelling and control : progress report on research activities
in the Mechanical Engineering Systems and Control Group (Vol. 11, pp. 33-41). Delft University Press.

Document status and date:
Published: 01/12/1998

Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 24. May. 2023

https://research.tue.nl/en/publications/3d9cc3ad-c2c9-41ab-920b-a5a1dbdc43b3


@Delft University Press Selected Topics in Identification, Modelling and Control 
Vol. 11, December 1998 

Large scale dynamic-economic optimization of 
industrial processes: a modified sequential approach 
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Deljt University of Technology, Mekelweg 2, 2628 CD Deljt, The Netherlands. 
E-mail: R.L.Tousain@wbmt.tudeljt.nl 
§ Aspentech Europe b.v., De Waal 32, 5684 PH Best, The Netherlands. 

Abstract. This paper addresses economic operating optimality of chemical processes 
during transients: e.g. batch operation or grade-changes in continuous settings. A general, 
dynamie-economie problem formulation is set up, with the process dynamies described by 
a DAE model and the economie objective defined as the maximization of added value. The 
so-called sequential approach, which is of ten considered most convenient and robust for 
large-scale dynamie optimization, uses control parametrization to discretize the problem 
and solves successive quadratie approximations to converge to a local optimum. In many 
problems where realist ic economic objectives are used, the nonlinearity of the objective 
function is expected to be more severe than the nonlinearity of the plant, and - which 
is worse - far from quadratie. In such cases, many iterations will be needed to converge, 
because the quadratic fit at each iteration varies greatly over the search space. Here, we 
present the early results of a new approach, successive sequential quadratic programming, 
which solves a nonlinear program every iteration, based on a linear approximation of the 
process dynamies and the real, nonlinear cost function. For the class of problems under 
consideration, such an approximation will be more accurate than aquadratie one, yielding 
faster progress towards the solution. The method is applied on a realist ie grade change 
problem for a HDPE polymerization simulation model. 

Keywords. Large scale dynamie optimization, economic optimization, control 
parametrization method, SSQP method, SQP method, HDPE polymerization. 

1 Introduction 

Economie optimization of the operation of in dus
trial processes is believed to lead to significant 
increase in plant profitability. There has been a 
tradition in process industries to regard economic 
process optimization (determining where to drive 
the plant) seperately from process control (taking 
the actions required to reach that optimum oper
ating range, while compensating for disturbances), 
e.g. (Figueroa et al., 1994; Amini et al., 1992; Bai
ley et al., 1993; Bandoni et al., 1994). This is 
reflected in the layered structure of the state-of-the 
art combined optimization and control system for 
(petro-) chemie al plants, as indicated in Figure 1. 
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Both layers have different goals and operate on 
different domains : the optimizer calculates steady 
state optimal operating conditions based on the 
plant economics, whilst the advanced control 
layer provides setpoint tracking and disturbance 
rejections, thus regarding plant dynamies. The 
underlying idea of steady-state optimization is that 
process dynamics are either unimportant, or just a 
nuisance impeding reaching the optimum operating 
conditions instantaneously. To reject the effect of 
slow disturbances and plant-model mismatch, the 
optimal setpoints are calculated and implemented 
recursively. The idea might come up that, if we 
are able to increase the optimization frequency (by 
using fast numerieal optimizers and by reducing the 



Real-Time Process Optimizer 

1 1 
Controller (e.g. MPC) 

1 1 
plant + basic controls 

Fig. 1: Controljoptimization hierarchy of state-of
the-art (petro-)chemical plants. 

natural time-to-steady-state of the process through 
increased controller aggressiveness), then we can 
also optimally deal with transitions in the process 
behavior. Next to practical problems, however, 
this line of thought is fundamentally unsuited 
sin ce the actual optimum operating conditions 
comprise both out- and inputs, which are linked by 
dynamic Iaws. A conceptually better viewpoint on 
optimal operation would be to take these process 
dynamics as relevant aspects of the overall plant 
economics. This means that we let go of the idea 
of "optimal operating point" and change it for "op
timal operating trajectory". Instead of optimizing 
steady-state plant economics and merely controlling 
plant dynamics, we seek to economically optimize 
plant dynamics. Note that the applicability of such 
dynamic-economic operating strategies is not lim
ited to those processes that are moved deliberately 
from one operating point to another: every process 
where money is lost due to the inability to opti
mally adjust the operating conditions according to 
disturbances is also a candidate. Shifting attention 
to dynamic optimality of the process not only has 
consequences for our own image of the process, but 
also for the technologies and strategies needed to 
come close to dynamic-economic optimal operation. 
The INCOOpl project aims at developing an 
integrated approach towards dynamic-economic 
optimal operation of chemical processes. Main 
ingredients in such an approach are techniques for 
large-scale, on-line dynamic optimization, state 
estimation and multivariable control. In this paper, 
we limit our attention to dynamic optimization in 
an off-line setting. 

In literature, dynamic optimization is extensively 
addressed, as it is an important ingredient in many 
control strategies. In Nonlinear Model Predictive 

lINCOOP is an abbreviation for "INtegration of COntrol 
and OPtimization". 
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ControI for example, a nonlinear optimization prob
lems is solved every sample to calculate the controls 
(Biegier and Rawlings, 1992; Ali and Elnashaie, 
1997; Sistu et al., 1993). For traditional reasons, 
the objective functions that are defined for such 
control-related dynamic optimization problems of
ten involve quadratic penalties on tracking errors 
and input moves. We feel that for real-life prob
lems linear or quadratic objective functions are of
ten oversimplifications. 
Two basic solution methods for large-scale dynamic 
optimization can be distinguished: the sequential 
approach and the simultaneous approach. The se
quential approach utilizes parametrization of the 
controls to discretize the problem (Jang, 1987; Vas
siliadis, 1993). An integration tooI is used to eval
uate the model equations and hen ce the objective 
function, the constraints and the gradients. Suc
cessive search directions towards the Iocal optimum 
are determined by an outer loop optimizer, which 
is generally a Sequential Quadratic Programming 
tooI (SQP) (Edgar and Himmelblau, 1988). In the 
simultaneous approach, both the controls and the 
states are parametrized (Li and Biegier, 1989) to 
transform, mostly via collocation on finite elements, 
the dynamic optimization problem into a Nonlinear 
Program which can be solved using a Nonlinear Pro
gramming tooI (e.g. SQP or Generalized Reduced 
Gradient (GRG) (Edgar and Himmelblau, 1988)). 
The big advantage of the simultaneous approach is 
that the objective function and the process model 
equations converge simultaneously (infeasible path 
method), while the process model equations are nec
essarily satisfied in every iteration in the sequential 
approach. However, the sequential approach is sim
pIer in implementation and especially for stiff sys
tems, it may actually be an advantage instead of 
a disadvantage that the model equations are sat
isfied every iteration. All problems related to nu
merical integration are dealt with by the integra
tion tooI, whereas for the simultaneous approach 
these numerical probIems interfere with the choice of 
parametrization and collocation intervals. For these 
reasons, in our research we focussed on the sequen
tial approach. 
An important aspect in dynamic optimization is the 
solution time. Minimizing solution time is espe
cially relevant in on-line applications of optimiza
tion. Because the model integrations are most time
consuming, the solution time will be strongly related 
to the number of iterations needed to converge. This 
number can actually be quite low if the problem is 
approximately quadratic (a quadratic approximate 
program is solved every iteration to yield a search 
direction). For problems that are strongly ("non
quadratically") nonlinear, many iterations will be 



needed and the sol ut ion time will be long. In this 
paper we present the early results of a new optimiza
tion method that deals specifically with economic 
objective functions (van der Schot, 1998). This 
method increases solution speed for the large class of 
problems where the nonlinearity of the cost function 
is more severe than that of the process model. The 
outline of the paper is as follows: in Section 2 the 
dynamic-economic optimization problem is defined. 
The conventional sequential approach to sol ving this 
problem is described in Section 3. The particular 
structure of a class of dynamic-economic problems 
is investigated in Section 4. This investigation leads 
to the introduction of our new approach (Successive 
SQP) in Section 5. The application of SSQP on a 
polymerization grade change case is described and 
evaluated in Section 6. Some discussion on the pro
posed algorithm is contained by Section 7. Finally, 
conclusions are given in Section 8. 

2 Problem formulation 

Off-line determination of optimal trajectories can be 
useful in batch processes and in the control of tran
sients that are known weIl in advance. The transla
tion of the real-life problem to a mathematical prob
lem formulation comprises the definition of a model 
and an objective function (Edgar and Himmelblau, 
1988). The construct ion of an adequate model2 is a 
challenge in itself and an academic problem when it 
comes to the definition of general model adequacy 
requirements for dynamic optimization. The con
struction of a suitable objective function is of ten a 
case-specific task which requires knowledge of not 
only the process behavior but also of feedstock and 
consumer market situations (see e.g. (McAuleyand 
MacGregor, 1992)). For reasons of generality and 
consistency we decided to have the objective indi
cated by a unified and unambiguous performance 
indicator: money. Assuming the prices of all mate
rial and energy flows to be known, we can construct 
a so-called "money conservation law" (e.g. (West
erterp et al., 1984) mentioned the "money balance" 
in a modeling framework) for the process: 

where $ is the money holdup, $" is the added value, 
and $in and $out are respectively the costs related 
to the physical input to the process and the rev
enues related to the physical output of the process. 
What we want to maximize is the added value over 

2Note that model "dequacy in the framework of optimiza
tion is not necessarily related in a one-to-one fashion to model 
accuracy, (Forbes et al., 1994). 
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a certain time interval [to, t, l: 

l
tl ltl max $adt=$(tf)-$(tO)- ($in(t)-$out(t))dt, 

to to 
(2) 

subject to a so-called "continuity constraint" 

(3) 

where $ L is the minimum holdup that is required 
for continuity of operation and $u is the maximum 
holdup that is tolerabie. Constraint (3) may be re
dundant if other constraints with respect to produc
tion volume are already defined. The prices that are 
used to calculate the revenues will of ten depend on 
product quality, which is related to the operating 
conditions of the process. More generally, we in
troduce functions <I> and :3 and a vector of process 
variables z such that: 

$out(t) - $in(t) 

$(t, ) 

<I>(z(t)), 

:3(z(t,)), 

(4) 

(5) 

z, which contains all variables that appear in the 
cost function or in the later to be mentioned physical 
constraints, will generally be a combination of some 
of the inputs u, some of the state variables x and 
some of the algebraic variables y, i.e. 

z = Cxx + Cyy + Du, (6) 

with respectively state, algebraic variabie and input 
selector matrices Cx , Cy and D. The input, state 
and algebraic variables are related through the pro
cess dynamics, which we assume to be described by 
aDAE: 

x(t) 

o 
f(x(t), u(t), y(t)), 

g(x(t), u(t), y(t)). 

(7) 

(8) 

This model is included in the overall optimization as 
a set of constraints. We so obtain the general form 
of the (infinite dimensional) dynamic optimization 
problem: 

max 
uit) 

s.t. 

v = Jt~ <I>(z(t))dt + S(Z(tf)), 

x(t) = f(x(t), u(t), y(t)), 
o g(x(t), u(t), y(t)), 

z(t) C",x(t) + Cyy(t) + Du(t), 
o < c(z(t)). 

(9) 

c is a general constraint function that represents the 
physical constraints and also includes the continuity 
constraint (3). The choice of c involves an investiga
tion of the back-off, i.e. control freedom, that needs 
to be taken into account. This issue has been dealt 
with in literature for the steady state case (Bandoni 
et al., 1994); for the dynamic case the concept of 
back-off is rather new and a nice research topic. 



u(t) numeri cal z(t) 

solver 

construct calculate V 
u(p, t) and e 

optimizer 
p V,e 

Fig. 2: Sequential solution strategy for large scale 
dynamicoptimization. 

3 Standard sequential approach, us
ing SQP 

The conventional sequential solution approach is 
based on the discretization of the controls: u = 
u(p, t), introducing parameters p, to yield a fi
nite dimensional problem. Common parametriza
tion methods make use of splines, polynomials or 
wavelets. The sol ut ion strategy based on th is 
parametrized problem, which is of sequential na
ture, is indicated in Figure 2 (St0ren and Hertzberg, 
1995). 
An initial parameter vector is chosen. With the ac
cording input trajectories, the model is integrated 
using a numerical sol ver to obtain values for the ob
jective function V, the constraints e and the gradi
ents dV I dp and del dp. The gradients can be quite 
efficiently obtained by integrating, along with the 
model equations, the so-called sensitivity equations 
(St0ren and Hertzberg, 1995). These can be de
rived by taking the derivatives of equations (7) and 
(8) with respect to the parameters p: 

a ( ax ) a fax a f au af ay 
ap at = ax ap + au ap + ay ap) (10) 

o = ag ax + ag au + ag ay. (11) 
ax ap au ap ay ap 

Substitution of (11) in (10) (under the con dit ion 
that U is nonsingular, i.e. in the case the DAE 
system is of index 1), and change of the order of 
differentiation yields: 

~ (ax) = A ax + Eau, (12) at ap ap ap 

with 

(13) 
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Fig. 3: Nonlinearity characteristic of the process 
model and the economic objective function. 

B = [af _ af [ag] -1 ag]. (14) 
au ay ay au 

The integration of the sensitivity equations can be 
done quite efficiently since the Jacobian matrices 
that are required can be taken from the integra
tion of the model equations. Based on the state 
sensitivities, dVldp and deldp are calculated in a 
straightforward manner. With this gradient infor
mation and an approximated Hessian, aQuadratic 
Program (QP) is set up and solved to yield a search 
direction, followed by a line search in that direc
tion. Alternatively, the trust region (TR) approach 
to SQP sets up a QP within certain limits, i.e. it 
determines the step size a priori to be restrained to 
some surrounding of the current point in which we 
"trust" the quadratic model (Moré, 1983). The QP 
solution then yields a direct ion and step size which 
is implemented on the nonlinear model. If satisfac
tory improvement is obtained then the new point is 
adopted, otherwise the TR is reduced and a new QP 
solved. 

4 Problem structure 

The solution time of the SQP is strongly related to 
the number of integrations that needs to be per
formed (and thus the number of iterations ). The 
number of iterations can actually be quite small 
if the problem is approximately quadratic. For 
strongly nonlinear3 problems however, many iter
ations (and thus many costly integrations) will be 
needed. The dynamic-economic problem as we for
mulated it in Section 2 is in fact expected to be 
strongly nonlinear in many practical cases. The 
main reason for th is is the relation between product 
quality and its price, which will be almost discon
tinuous in many problems. The nonlinearity of the 
process itself, on the other hand, is expected to be 
rather smooth and less severe. This is illustrated in 
Figure 3. 
Hence, for the class of problems under consideration, 
the mapping from p to V comprises a smoothly non
linear part z(P) that is hard (or in terms of costs: 

3The adjective "strongly" must be interpreted as "other 
than quadratic" here ... 



expensive) to evaluate and a strongly nonlinear part 
V(z) that is easy and inexpensive to evaluate. It is 
easy to see that for this class of problems the ap
plication of the standard SQP approach is highly 
inefficient. Take for example the case where the 
model is Linear Time Varying and the cost func
tion strongly nonlinear. If we would, unaware of 
the linearity of the model, apply the SQP method, 
then we would need many iterations (and as many 
integrations) to converge to the optimum, since the 
quadratic approximation of V (p) will only be valid 
in a small region. However, one integration of the 
model's sensitivity equations provides all the infor
mation we need to characterize the process behav
iorj all other integrations are redundant and a waste 
of time. Based on this understanding of the struc
ture of many dynamic-economic problems, we now 
intro duce the Successive SQP approach that explic
itly takes into account the nonlinearity of the cost 
function. 

5 N ew approach using successive 
SQP (SSQP) 

To speed up sequential solution of strongly nonlin
ear dynamic-economic optimization problems we 
need to find a way to increase the progress/iteration. 
lntuitively we can accomplish this by increasing the 
validity range of the approximate problems that we 
solve every iteration (recall that the conventional 
SQP method utilizes aquadratic approximation). 
In the SSQP method that we propose here, this is 
realized by construct ion of a nonlinear approxima
tion, based on a linear approximation of the model 
and the fully nonlinear objective function. The 
approach comprises a 5 step-procedure, as des cri bed 
below (we adopt the trust region approach here for 
reasons that will be discussed in Section 7): 

Step 1: initialization 
l is set to 1 (first iteration). An initial trust region 
T R~, and a parameter vector of length M, pI = Po, 
is chosen to initialize the dynamic optimization. 

Step 2: objective and constraint evaluation 
The model equations are integrated with input 
ul(t) = u(pl,t) . The solutions are denoted xl(t) and 
yl (t). For reasons that will become clear shortly, 
the objective function is evaluated by calculating 
the Riemann sum: 

N 

VJ = Vd(zl) = L q>(zl(iT))T + 3(zl(tf)), (15) 
i=l 

where z = [z(T)Tz(2T)T .. . z(NT)T]T, N = tJlT, 
and T is the integration time step that is used. 
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The constraints c can be evaluated using in
terior points or using an end-point constraint 
o = Jt

tl min(c(z(t)), O)dtj sin ce the constraint 
handling 

0 

can be done exactly the same way as in 
the standard sequential approach, we do not treat 
this issue extensively here. 

Step 3: gradient evaluation 
The sensitivities of zl with respect to pi are evalu
ated along the trajectories (xl (t), ui (t), yl (t)) at dis
crete times T, 2T, . .. , NT. The gradients can be 
stacked in a sensitivity matrix S~pl~~zl to yield: 

[ 

f::.zl(T) j [ f::.pi j f::.zl (2T) _ f::.p~ 
: - S~pl~~ZI : 
. . 

f::.zl(NT) f::.p~ 

(16) 

or, in short notation:f::.zl = S ~p' ~~z' f::.pl. A prac
tical and efficient way of constructing S~pl~~ZI is 
given in the Appendix. The choice of T contains 
two aspects: the relevancy of the different time 
scales for the economic performance of the plant, 
and the desired accuracy of the sensitivity matrix. 

Step 4: determination of search step 
A search step is calculated by solving the following 
NLP: 

min 
~p' 

S.t. 

- I I Vd = Vd(z + S~pl~~zlf::.p), 
linearized constraints (17) 

f::.pl ETRI 
p' 

using for example SQP optimization. All Jacobians 
can be calculated analytically, so the co ding of the 
optimization can be done efficiently. lnstead of 
using linearized constraints, we can also include 
nonlinear interior point constraints Cd based on the 
original nonlinear constraints c: 
o ~ Cd(zl + S~pl~~zl f::.pl). 

Step 5: evaluation of progress; adaptation of 
trust region 
The new solution p* = pi + f::.pl is implemented 
on the nonlinear model as in to step 2 and the 
resulting objective is denoted Vd*. The following 
rule base is used for the trust region adaptation: 

lF Vd* < VJ, 
set Vi+I - V* pl+l - p* calculate T RIH d - d' -, p , 

and goto step 3 (l = l + 1), 
ELSE 

reduce T R~ and goto step 4 (l = l). 

The update of the Trust Region may involve both 
shape and size updates. Of course, the exact limits 



and update rules are tuning parameters to the algo
rithm (see e.g. (Moré, 1983)). 
The SSQP procedure and a comparison with the 
(trust-region-based) SQP method are summarized 
in Table 1. 

6 Example on HDPE process 

The proposed method has been tested on a 
medium-scale model of a fluidized bed high-density 
polyethylene (HDPE) reactor functionally similar 
to the problem studied by McAuley and MacGregor 
(1992). This sample process has been chosen 
because polyethylene manufacturers are faced with 
an increasing need to operate flexibly with respect 
to different quality grades of polymer, which are 
mainly characterized by the density and so-called 
melt-index of the product. This flexibility caUs for 
frequent grade transitions from one product to the 
other, during which the plant pro duces off-spec 
material which can only be sold at a lower price 
than on-spec product (Figure 4). We have applied 
the methods developed to define and find the 
economicaUy optimal grade transition between two 
given grades (A and B) . Finding such trajectories 
can lead to significantly improved plant profitability. 

0.5 

;31 0.1 

Fig. 4: Relation between quality (indicated by 
melt-index and density) and price for a cer
tain grade of HDPE. 

Test setup 

The process model is a complex, stiff, nonlinear 
DAE system with 3800 variables (of which 100 
states) implemented in SpeedUp. The optimization 
routine was developed in MATLAB, with a simp Ie 
communication protocol for the transfer of data 
and commands. As with all control parameter
ization methods, there was no need to alter the 
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existing process model, hence numerical integration 
problems were avoided. AU solution times reported 
were obtained on a multiplatform setup of a 500 
MHz Alpha station (simulation code) and a Dual 
Pentium 200 MHz machine (optimizer code) and 
exclude communication time. The manipulated 
variables chosen are those that most influence the 
product quality, and the inventory control: the 
feed ratio C2/C4

4 , the feed ratio H2 /C2 , the purge, 
the N2 feed and the bedlevel setpoint. These were 
parameterized by a tot al of 50 variables (10 each) 
using piece-wise linear functions. The inputs were 
aUowed to vary from time 0 to 12 and held constant 
at the (supposed known) desired steady-state values 
from t = 12 to t = 25 in order to force the process 
to attain steady state within the interval concerned. 
This is similar to the use of control and prediction 
horizons in Model Predictive Control algorithms. 
The initial grade change trajectories were chosen 
as ramps, yielding a transition foUowing the dashed 
line in Figure 5. The dotted lines represent the spec
ifications on melt-index and density for both grades. 

Solution 

Maximizing the added value over a grade transit ion 
for this reactor poses a dynamic optimization 
problem that possesses the structure of Figure 3: 
a costly but relatively smooth process model and 
sharp edges in the objective function. Therefore, 
the SSQP method was used to solve the problem. 
The optimal trajectories were calculated for several 
market conditions (prices for grade A, grade B 
and off-spec product), each yielding a different 
grade-change policy. The solution time for one 
setting of the market conditions is summarized 
below, where the numbers correspond to the steps 
in Table 1. 

(1) SLl.pl-tLl.zl 546 CPUs (7 times dz/dp) 
(2) NLP sol. 194 CP Us (585 times V(z) 

and 215 times 
dV/dz) 

(3) DAE integr. 667 CP Us (16 times z(P)) 
Tot al 1407 CP Us = 24 CPUmin. 

The typical time needed for one optimization run 
was 25 CPU minutes. Of this time, more than 85% 
was spent on process model integration and sensitiv
ity calculations, in line with previous research. This 
shows that integration of the process model is the 
main bottleneck in optimization and any at tempt 
to reduce the number of model integrations needed 
is likely to re duce total optimization time. As we 
can see, the number of process simulations needed 

4implemented on the model using a ratio-controller. 



Table 1: Comparison between SQP and SSQP in the "trust region" setting 

SQP 
1. linearize z (p ) 

linearize V (z ) 
update Hessian of V(z(P)) 

2. solve QP within TR V(z(P)) 
3. evaluate V on nonlinear model 

V better : adopt new & goto 1 
V worse: reduce T R & goto 2 

is surprisingly low for SSQP, only 16 time-expensive 
simulations! This should be seen in contrast to 
the number of inner loop iterations of 585, which 
indicates the nonlinearity of the economic objective. 

Results 

The results on the HDPE process show improved 
profitability of plant operation during a grade tran
sition. The optimizer changed the input profiles to 
such an extent that both the off-spec time and the 
off-spec volume were reduced, which yielded an in
crease in added value (profit + net holdup) over the 
fixed interval of 25 hours. In Figure 5 the optimal 
trajectories for melt-index, density and the produc
tion flow are plotted in solid lines for the situation 
where off-spec production is evaluated at the feed 
price and grade A resp. grade B is worth DM 1.35 
and DM 1.45. We see that the optimizer succeeds 
in bringing the production from A to B in a short 
time, whilst the production flow is somewhat at
tenuated during the changeover. Apparently, the 
space within the grade specifications is optimally 
exploited to perform the grade change at maximum 
efficiency. More details on the example can be found 
in (van der Schot, 1998) . 

7 Discussion 

We motivated the development and application of 
the SSQP method by stating that the nonlinearity 
of economic cost functions will in many problems be 
non-quadratic and more severe than that of the pro
cess model. We did not give a mathematical proof 
for this. Nor did we provide a feasible way to check 
this . At the moment we do not have such a check 
available in a suitable form. We may however, look 
at the Taylor expansion of the nonlinear mapping 
p --+ V to get a hold of some heuristics. The Hes-

SSQP 
1. 

2. 
3. 
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linearize z(P) 
do not approximate V(z) 

solve NLP within T R z(P) 
evaluate V on nonlinear model 
V bet ter : adopt new & goto 1 
V worse: re duce T R & goto 2 

sian in the Taylor expansion is given by: 

02V = 02V (OZ)2 + oV 02z 
Op2 oz2 op OZ Op2 . (18) --....--

2ndorder dynamics 

In the SQP method, this Hessian is approximated 
from successive gradients, using for example a BFGS 
update (Edgar and Himmelblau, 1988). In the 
SSQP method, only the part of the Hessian related 
to the second order derivative of the cost function 
is present. Thus, a basic assumption underlying 
the SSQP approach, which allows us to discard the 
second order dynamics term of z (P) from the sec
ond order term of V(P) is that the contribution of 

~~ * is an order of magnitude smaller than that 

of ~ (~;) 2 • If this is not the case, the SSQP 

method may actually yield worse progress than the 
SQP method. On the ot her hand, all higher order 
derivatives of the cost function also appear in the 
Taylor expansion, since we do not approximate the 
cost function, which will favor the SSQP approach 
in those situations where nonlinearity of the process 
is less severe. 
Our choice for the trust region-based determination 
of a search step instead of the more common line 
search-approach, needs some motivation. Although 
we might just as weIl use a line search to confront 
the search directions with the real nonlinear process 
behavior, we feel that the trust region approach is 
more powerful in the SSQP setting. Note that the 
solutions resulting from the inner loop NLP will pro
vide proper search directions (and will actually also 
be good "search steps") if they are located within 
the region where the inner loop approximation is ex
pected to be accurate (i.e. in the so-called "Trust 
Region" .). If th is is not the case, the quality of the 
search directionsjsteps may actually be rather poor 
and slow convergence may result. A second advan
tage of the Trust Region approach is that not only 
the search step is altered af ter an unsuccesful imple
mentation of a new solution, but - at the relatively 
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Fig. 5: Grade change under normal market conditions for loose MI specifications (dotted-lines: specifications, 
dashed-lines: initial trajectories, solid-lines: optimal trajectories). 

low cost of 1 extra solution of the inner loop NLP 
- a new, and thus more suitable, search direction is 
also calculated. 

8 Conclusions 

The INCOOP project aims at an integration 
of proeess control and plant-wide optimization. 
In this paper we dealt with the problem of 
dynamic-eeonomic optimization in an off-line 
setting. We defined a dynamic-economic objective 
as to maximize the added value of the plant over 
some time interval. Mathematically, this comes 
down to solving an optimization problem with 
algebraic-differential constraints. Based on an 
investigation of the sequential approach to sol ving 
such problems and its inefficiency for strongly 
nonlinear objeetive functions, we motivated the 
introduction of a new approach, successive sequen
tial quadratic programming. The proposed method 
solves an NLP - eonstructed from a linearized 
process model and an exact (non-approximated) 
objective function - instead of a QP in the inner 
loop of a dynamic optimization problem. This 
yields much more accurate steps in the outer loop, 
hence greatly reducing the number of nonlinear 
model integrations needed. The extra inner loop 
iterations are inexpensive, thus total optimization 
time ean be reduced by an order of magnitude for a 
large class of problems. The optimization approach 
was tested suecesfully on a HDPE polymerization 
grade change problem, with the process described 
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by a complex, stiff, nonlinear DAE system with 
3800 variables implemented in SpeedUp. 
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Appendix: construct ion of SDoP-tDoZ 

An efficient and convenient way of obtaining the 
mapping dz I dp is by using a high order fixed step 
size integration algorithm to solve the sensitivity 
equations. Even if the Jacobians are not available 
from the model integration this would require only 
few evaluations of the Jacobians along the nominal 
trajectories. Most simulation tools provide this op
tion in the form of a linearization algorithm, which 
does nothing more than the evaluation of the Ja
cobians by numerical perturbation. In SpeedUp the 
linearization option is called "CDI" (Control Design 
Interface) . In Mathworks' Simulink, the lineariza
tion tooI is called "linmod". The result is generally 
presented in state space form: 

Llx(t) = AkLlx(t) + BkLlu(t), (A.l) 

where A and Bare given by respectively (13) and 
(14) . Having at our disposal these Jacobians for 
t = T , 2T, .. . ,NT we can integrate the sensitivity 
equations to obtain 

Llx((k + I)T) = «PkLlx(kT) + r kLlu(kT), 

k = 0, . . . , N - 1, where «Pk = eAkT and r k 
(k+l)T 

J eAkT Bk dr (Lee and Ricker, 1994). Note that 
kT 

applying this high order integration comes down to 
the discretization of the state space system (A.l), 
zero-or der-holding u . For convenience and ease of 
notation, we assume that the economically rele
vant variabie z are related to x and u only: Llz = 
CxLlx + DLlu. Following (Lee and Ricker, 1994) we 
can construct the IlO matrix Tu by integrating the 
process model: 

Do 
cro 
C«Plr O 

C«P2«Plr O [ 

Llu(T) 1 
~U(2T) . 

Llu(NT) 

Introducing Up as the parametrization-dependent 
mapping from p to u, 

[ 

Llu(T) 1 
~U(2T) = UpLlp, 

Llu(NT) 

we obtain SD.p-tD.z = TuUp . 


