Scoping and Screening Complex Reaction
Networks Using Stochastic Optimization

E. C. Marcoulaki and A. C. Kokossis
Dept. of Process Integration, U.M.1.S.T., Manchester M60 1QD, U.K.

A systematic methodology to target the performance of chemical reactors with the use
of stochastic optimization is presented. The approach employs a two-level strategy where
targets are followed by the proposition of reactor configurations that match or are near
the desired performance. The targets can be used for synthesis and retrofit problems, as
they can prowvide the incentives to modify the operation, and ideas in developing the
reactor design. The application of stochastic optimization enables confidence in the
optimization results, can afford particularly nonlinear reactor models, and is not re-
stricted by the dimensionality or the size of the problem.

Introduction

The area of reactor network synthesis currently enjoys a
proliferation of contributions in which researchers from vari-
ous perspectives are making efforts to develop systematic
optimization tools to improve the performance of chemical
reactors. The contributions reflect on the increasing aware-
ness that textbook knowledge and heuristics (Levenspiel,
1962), commonly employed in the development of chemical
reactors, are now deemed responsible for the lack of innova-
tion, quality, and efficiency that characterizes many industrial
designs. The new methods focus on a systematic and thor-
ough consideration of the available options and employ tech-
nology in the form of superstructures, optimization tech-
niques, and a variety of graphical methods.

Thanks to Aris, the importance of mathematical methods
in optimizing reactors has been exemplified early enough with
the application of dynamic programming for the estimation
of optimal operating conditions in CSTR cascades (1960) and
the development of graphical techniques for single reversible
reactions in PFRs (1961). Around the same time, a set of
brilliant contributions by Horn (1964) provided the basis of
material that later emerged as attainable-region (AR) ap-
proaches. Dyson and Horn (1967) developed graphical tools
for optimal temperature control schemes, feed distribution
profiles along a PFR and catalyst minimization problems
(Dyson and Horn, 1969). In these early days, separate groups
made attempts to consolidate options and alternatives within
comprehensive reactor structures (Ng and Rippin, 1965;
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Jackson, 1968; Ravimohan, 1971). Optimization approaches
initially addressed fixed reactor structures. Examples include
the work of Paynter and Haskins (1970), and Chitra and
Govind (1981, 1985a,b). The first studies of comprehensive
structures should be attributed to Achenie and Biegler (1986,
1988, 1990), who employed existing representations (Jackson,
1968; Ng and Rippin, 1965) to launch optimization tech-
nigues in the form of NLP methods.

Kokossis and Floudas (1990, 1991, 1994) first introduced
the idea of a reactor network superstructure modeled and
optimized as an MINLP formulation. Though general and in-
clusive, their representation did not follow previous develop-
ments, but made an effort to facilitate the functionalities of
the MINLP technology with the synthesis objectives. Mainly
to scope, optimize and analyze the reaction process, Kokossis
and Floudas replaced detailed models with simple though
generic structures, enough to screen for design options and
estimate the limiting performance of the reaction system. In
the same vane, dynamic components have been replaced by
CSTR cascades. A superstructure of generic elements (ideal
CSTRs and PFRs) was postulated to account for all possible
interconnections among the units. The representation was
modeled and optimized as a MINLP model.

Around the same time, Glasser et al. (1987) retrieved and
extended the insightful methods of Horn (1964). They pre-
sented graphical procedures supported by simple and illus-
trative examples. Their approach requires the graphical
construction of the convex hull of the problem and helps to
exemplify the need for a systematic and general methodol-
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ogy. Though useful in two dimensions, in higher dimensions
their developments face both graphical and implementation
problems. Indeed, higher dimensions assume the employ-
ment of numerical procedures through which the construc-
tion of the convex hull represents an NP-hard problem.
Though fundamental limitations appear evident, persistent
efforts to extend the graphical methods have appeared in the
literature (Hildebrandt et al., 1990; Hildebrandt and Glasser,
1990; Glasser et al., 1992, 1994; Feinberg and Hildebrandt,
1997; Price et al., 1997; Glasser and Hildebrandt, 1997; Hop-
ley et al., 1997; Nisoli et al., 1997; McGregor et al., 1999;
Godorr et al., 1999).

A more promising direction has been pursued by Biegler
and coworkers. The motivation has been to instill better
guarantees in the optimization efforts by exploiting ideas and
rules established in the construction of the AR. Applications
presented in this area include the work by Balakrishna and
Biegler (1992a,b) and Lakshmanan and Biegler (1994, 1996,
1997), and involved mathematical programming applications
in the form of NLP and MINLP formulations. Optimal con-
trol formulation has been presented by Rojnuckarin et al.
(1996) and Schweiger and Floudas (1999). Hildebrandt and
Biegler (1994) presented a review of the attainable region ap-
proaches and suggested areas for future development of the
concept.

Targeting Objectives and Optimization Technology

Whether mathematical programming can reap benefits
from the attainable region developments is not for this article
to discuss. Instead, the discussion of this section is devoted to
the synthesis objectives perceived for the design problem in
question. From a practical viewpoint, the nature of a useful
approach for reactor network synthesis should primarily ac-
count for:

(i) Solid performance limits for the reaction system
(ii) The systematic development of layouts that approach
this performance.

The first part, the targeting stage, is particularly useful pro-
vided there is enough confidence in the optimization results.
Since the design equations of chemical reactors feature a sig-
nificant amount of nonconvex terms, the importance of confi-
dence assumes a significant place. From a targeting view-
point, layouts near the targets are considered equally impor-
tant. Consequently, the construction of envelopes, the devel-
opment of attainable regions, and the identification of *‘cor-
rect” reactor sequences that trace the borders of graphical
developments are not part of the approach. Solutions in the
interior of the attainable region make valid options provided
they remain close to the targets.

Unfortunately, many researchers who overlook borders and
optimal solutions assume a relative meaning in reactor de-
sign. The reaction kinetics typically involve significant uncer-
tainties and approximate models that give little justification
for a strict emphasis on the optimum. In this context, the
development of a CSTR-PFR-CSTR-PFR-CSTR-PFR
layout as an “optimal’ configuration represents an academic
exercise of limited interest. A single CSTR, seemingly infe-
rior by 1 or 2%, can feature operational advantages and even

1978 September 1999 Vol. 45, No. 9

prove a better choice in the form of an industrial back-mixed
reactor.

The type of information required from the targeting stage
naturally relates to the results one can obtain with the appli-
cation of the stochastic optimization approach. In particular,
this work applies simulated annealing (Kirkpatrick et al.,
1983), which is a statistical cooling optimization technique
that generates a biased random search and employs Monte
Carlo simulations under a variable probability schedule.
Chemical engineering applications include work for heat-
exchanger networks (Dolan et al., 1987, 1989, 1990; Nielsen
et al., 1994; Muller and Kokossis, 1995; Athier et al., 1997a,b,
1998), multiproduct batch (Das et al., 1990; Xia and Macchi-
etto, 1997), and noncontinuous plants (Patel et al., 1991),
separation and reaction (Floquet et al., 1994; Marcoulaki and
Kokossis 1995, 1996a,b; Cordero et al., 1997), utility networks
(Maia et al., 1995), flow-sheet optimization (Painton and Di-
wekar, 1995; Chaudhuri and Diwekar, 1996, 1997), and
molecular design synthesis (Marcoulaki and Kokossis, 1998).

Simulated annealing (SA) is based on a randomized evolu-
tion of states through stepwise modifications. The acceptance
of intermediate states is based on the amount of improve-
ment they bring to the objective (Metropolis et al., 1953) and
the annealing temperature, B. New states evolve as the an-
nealing temperature is updated via cooling schedules that ac-
count for the asymptotic convergence of the stationary points
between successive choices (Aarts and van Laarhoven, 1985;
Sorkin, 1991; Gidas, 1985).

The second part, the screening and scoping stage, is accom-
modated by superstructure developments. The importance of
screening is exemplified in a variety of recent research stud-
ies and can be accomplished by either a stepwise approach
(Kelkar and Ng, 1998) or a simultaneous search (Shah and
Kokossis, 1997; Marcoulaki and Kokossis, 1998; Briones and
Kokossis, 1998a,b,c, 1996). The idea of presenting SA appli-
cations against (non)linear or mixed-integer (non)linear pro-
gramming (that is, LPs, NLPs, MILPs, and MINLPs) meth-
ods accounts for the fact that the stochastic methods have
made very limited use of the superstructure schemes em-
ployed by the mathematical programming developments. The
superstructures are exhaustive representations of synthesis
options and an essential background for the formulation of
the mathematical programming methodology (Grossmann,
1985). However, because they account for general and com-
pact schemes with a focus on optimization, they maintain their
value beyond the scope of mathematical programming. This
section explains the use of superstructure within the context
of an annealing process.

Let us consider the reactor network superstructure of Fig-
ure 1. Its stream network establishes interconnections among
the superstructure units, and the selection of streams defines
exhaustive combinations of layouts. Figure 2 illustrates con-
ventional and novel designs obtained as special cases. Refer-
ring to the annealing process, each one of these cases repre-
sents a design instance or a state of the stochastic process.
Consequently, the superstructure accounts for the domain of
instances or the superstate model the annealing is searching.
The evaluation of the states can employ shortcut or black-box
models (for example, confidential, in-house developments of
industrial groups or Fortran-based simulation models) and
can be assessed on the basis of an optimization objective (cost,
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Figure 1. Reactor superstructure with 4 units, 2 feeds,
and 1 product.

profit, etc.) of the most general type. The transition from one
state to another directly relates to the building components
of the superstructure, and includes:

e Structural elements with transitions to account for changes
from one reactor type to another, introduction of new units,
elimination of units, and modifications of the units’ size and
capacity.

e A stream network with transitions to include the intro-
duction of new stream connections (based on existing struc-
tural units), elimination of existing streams, and modifica-
tions of mass and volumetric flow rates.

Figure 3 illustrates some structural moves, with the base
case design being the CSTR of Figure 3a: a new reactor can
be added (PFR in Figure 3b) or the type of the existing one
can be changed (Figures 3c and 3d). Figure 4 illustrates stream
network moves. Starting from the PFR-CSTR scheme of
Figure 4a new streams are introduced (Figures 4b and 4c),
and parallel structures can be revealed (Figure 4d). In non-
isothermal superstructures, additional moves account for the
elimination of heat-exchanger units and the changes in their
capacities.

Starting from some initial state, a transition process can be
developed in the form of a Markov chain that can be searched
and assessed within an annealing schedule. The convergence
of the annealing algorithm will provide a stochastically opti-
mal design. The superstructure can be used to define states
and facilitate a systematic evolution of potential layouts. Per-
turbation probabilities can reflect on preferences and biases

S F1 -
& Tl
(

(a) d)
(

(b
F1
F2

(c) ' e)

Figure 2. Conventional and novel designs arising from
Figure 1.
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Figure 3. State-to-state transitions: units.

related to the particular application. The evolution of states
and the Markov process will have to be repeated for a num-
ber of runs before the result is declared an optimum. The use
of larger or smaller Markov chains will provide the degree of
confidence behind the optimization task. The confidence
about the optimum can be quantified from the variations in
the optimization results from the different stochastic runs.

In summary, the application of stochastic optimization
within a superstructure scheme can provide

e Design targets that exploit features of the superstructure

e Confidence levels for the optimization results obtained

e Structural and operational alternatives with performance
close or exactly matching the targets.

Unlike their deterministic counterparts, the targets are re-
liable performance limits associated with quantifiable confi-
dence. Due to the nature of the stochastic approach, there is
a multitude of alternatives found with a performance that
matches or remains close to the targets. Most of these alter-
natives make useful design ideas for the practitioner and an
excellent initial point for rigorous calculations (for instance,
CFD models) to verify the promised features and account for
even more.

Proposed Design Framework

The previous section explains the use of superstructure
schemes with a stochastic optimization search. The develop-
ment of isothermal and nonisothermal reactor network su-
perstructures was addressed by Kokossis and Floudas (1990,
1994), who provided details for the units and connectivities of

b

(a) Initial (base) state (c) Introduce feed bypass to PFR

B

(b) Introduce PFR sidestreams (d) Change from serial to parallel

Figure 4. State-to-state transitions: streams.
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these networks. The stochastic search over the superstructure
schemes is described in the form of the following stages:

e Development and evolution of states

e Assessment and acceptance criteria

e Cooling schedule and convergence.

Development of states

On the grounds of an initial or current state (base state),
the approach randomly generates new states that involve new
units and streams. New and base states are both instances of
the reference structure, which accommodates various flow,
mixing, and temperature control patterns. Each state is iden-
tified with respect to its type of process units, the operating
characteristics of its units, and its stream network.

The units refer to reactors and heat exchangers. The types
of reactors include CSTRs and PFRs (both isothermal and
adiabatic). The types of heat exchangers include heaters and
coolers. The operating characteristics of the reactors consist
of their volumes and their residence times. The operating
characteristics of the heat exchangers involve their heat-
transfer area. Each reactor unit is directly connected to a
potential heat exchanger for feed preheating/cooling. The
reactor—exchanger arrangement is preceded by a mixing point
and is followed by a splitting point. The entire mixing—heat-
ing—reaction—splitting scheme composes a process module.
Additional splitters and mixers relate to the initial feed(s)
and final product(s), respectively.

The stream network defines connectivities between the
units, the feeds, and the products. The flow rates of streams
are also defined within the state representation and satisfy
constraints on feasibility of material balances. Units that set
up the base case make the existing units of the state and
feature a stream network of existing and nonexisting connec-
tions. These are the active streams that represent potential
links among the existing units. Inactive streams consist of
connections that involve units not currently employed.

Evolution of states

The state evolution is carried through a probabilistic set of
moves that relate to each state element that was described
earlier. The evolution is developed through perturbation
probabilities assigned to each class of moves. The moves ap-
ply to the process units and the stream network. The former
consist of structural and operational modifications. Opera-

(séiect
E @m—®D (fraction | F(@ED
&L P
HE3 HE3

0.1 1 10

(a) base state (¢) new state

(b) typical distribution

R4§

(b) new state

(a) base state

Figure 6. Unit reshuffling.

tional moves include sizing, and structural moves include
reshuffling, contraction, and expansion. Moves associated with
the stream network relate to stream shifting. These moves
are described as follows:

1. Sizing applies to all existing units, namely reactors and
heat exchangers. The move involves the selection of: an exist-
ing process unit M;; a volume or area fraction to adjust the
unit size. Applied on the base case of Figure 5a, the sizing
operation considers options among the available units {HE,,
R;, R,}. Assuming reactor {R,} is selected, a volume fraction
is chosen based upon a given distribution, say that of Figure
5b. The layout of Figure 5c is obtained as a result of the
move. Note that for nonisothermal applications the area of
the heat exchanger can be altered in the same way as the
volume of reactor units.

2. Reshuffling refers to changes in the types of existing
units. The move involves the selection of: an existing unit M;
of type A; an alternative type B, and change of M; from A
to B. This operation is illustrated in Figure 6, where an exist-
ing reactor, namely a PFR, is selected and changed to a
CSTR. In nonisothermal applications, moves to switch heaters
to coolers, remove existing heat exchangers, or introduce new
ones can be addressed in the same context.

3. Contraction and expansion refer to changes in the num-
ber of existing units. If the unit is a reactor, then the accom-
panying heat exchanger is removed/introduced along with the
reactor module.

The operation of contraction eliminates existing units
through the following steps: selection of an existing unit M;;
adjustment of the stream network to isolate the unit; and
elimination of the unit along with its input/output streams.

Rearrange
streams

5

(a) base state (b) new state

Figure 5. Unit sizing.
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Figure 7. Contraction operation.
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Figure 8. Expansion operation.

Figure 7 illustrates these 3 steps. As reactor module {M,} is
“deleted,” its streams are proportionally spread away from
the remaining units toward the new state in Figure 7b.

The operation of expansion introduces nonexisting units
through the following actions: selection of a nonexisting unit
M;; selection of an existing stream (k, 1); and expansion of
the stream network and inclusion of unit M; through (k, I).
The operation is illustrated in Figure 8. Stage (i) selects M,
stage (ii) selects (sg, m,), and stage (iii) yields the layout of
Figure 8b.

Contraction and expansion are profound changes, as they
shrink and enlarge the base structure. Both alter the active
mixers and splitters, which account for the grand canonical
features of the problem (Dolan et al., 1987, 1989, 1990).

4. Shifting applies to all active process streams and in-
volves the selection of: an existing splitter, s;; two active mix-
ers m; and m,, so that link (i, j) corresponds to an existing
connection; and a load fraction to be shifted from (i, j) to
stream (i, k). The load fractions are splitting fractions of the
current flow rates. In their limit, they can give rise to new
(active) streams or eliminate existing connections. Consider
the flowsheet of Figure 9a. Step (i) selects s; from the avail-
able splitters {sg, s, s,}. From the available mixers {m;, m,,
mp} only {m,, m,} combine existing connections. Stage (iii)
will change the flow rates of (s;, my) and (s;, m,). At the
limit one of these connections can be removed.

Note that, for the move set to be efficient one should avoid
overlapping between moves. For instance, adding or deleting
a stream connection should be checked against the status of
units before and after the action. That is, the involved con-
nection should not introduce a new process unit or remove

“ml sl fg_l_?l’

|

sF ml sl mP
_[ -
m2 s2 ED m @ 52
Rearrange
m3 . s3

streams  —ez(M3)—e
(a) base state

(b) new state

Figure 9. Stream shifting.
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Figure 10. Implementation flowchart of the simulated
annealing algorithm.

an existing one. Additionally, deleting or adding units should
not affect connectivities within the current network state.

Implementation Framework

A simplified flow diagram of the implementation frame-
work is presented in Figure 10. The user identifies the
desired components of the superstructure (reactors, connec-
tions, etc.) and the perturbation matrix. The optimization re-
quires initial values for the annealing temperature ( 8) and
the chain length (N). The length of the Markov chain per
B-interval and the minimum B quantify the termination cri-
teria for the inner (chain) and the outer (temperature) search
loops.

Initialization

The cooling process is based on the completion of a fixed
number of moves. This number accounts for the chain length
(N). The chain iterations terminate after (N/2) accepted
moves, or (N) total moves. The final annealing temperature
is fixed to a very small value and the optimization process
terminates once this bound is satisfied. The initial g8 value is
set for 10 times the maximum expected deviation in the ob-
jective (Aarts and van Laarhoven, 1985). A priori estimates of
the deviation provide safe values for B.

The perturbation probabilities are presented on Table 1.
The assignment of probabilities has not considered the physi-
cal system, namely the practicalities or prior knowledge of
trade-offs. In practical applications, better distributions
should consider these issues.

Table 1. Perturbation Probabilities

Probability Probability

Module Moves % Stream Moves %
Module over stream 60/40 Stream over module 40,60
Unit reshuffling 20 Delete stream 30
Contraction 20 Add new stream 30
Expansion 20 Modify stream load 40
Unit sizing 40 Feed over process 40/60
CSTRs over PFRs 50,50 streams
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Figure 11. Flowchart for move selection.

The probabilities of Table 1 refer to the move selection
process illustrated on Figure 11. Perturbation probabilities
are assigned to each one of the steps, and they bias the avail-
able actions. Stream shifting is regarded as a separate option,
thus distinguishing between stream and process unit moves.
For the stream network, additional steps control the selec-
tion of feed over process-originated streams. For the units,
further biases can be considered in adding, deleting, or modi-
fying reactors of different types.

Evaluation and assessment

For each state, simulation runs converge mass and energy
balances. The balances are first converged for total flow rates
(linear system), followed by composition and energy balances.

Flow-rate Balances. The variables include stream flow
rates, and splitting fractions are introduced as fixed parame-
ters provided by the stochastic moves. Finally, the solution of
the linear system is checked against user-specified bounds. If
the bounds are not satisfied, a restoration step resets streams
and restores bounds. This stage helps in identifying infeasible
modifications to the base case, and speeds up the calculation
of the nonlinear balances that follows next.

Component and Heat Balances. The variables include re-
actant and product compositions and temperatures at the
outlet of reactors and mixers. The equations include:

e Component mass and heat balances around the mixing
points

e Heat balances around the heat exchangers

e Component and heat balances around the reactor units
(PFRs are simulated as CSTR cascades)

e Reaction rate and heat equations.

The nonlinear set of equations is solved using NEQLU
(Chen and Stadtherr, 1981). To facilitate and speed up the
solving process, the algorithm considers only the units af-
fected by the move, rather than the entire network. ldentifi-
cation of the disturbed part follows simple concepts from set
theory applied on the network connectivity matrix. This ma-
trix stores existing stream connections as logical variables. The
square of the matrix provides second-order connectivities, the
cube provides third-order connectivities, and so on. Thus, it
becomes possible to identify the units associated with the
streams or reactors modified during the current move. This
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identification step significantly decreases the size of the non-
linear system, yielding on lower CPU times for the entire
stochastic run.

Cooling schedule and convergence

According to the Aarts and van Laarhoven (1995) cooling
schedule, the annealing temperature, 3, is updated after a
certain number of iterations have been completed:

BR L= [1+In(1+ 8) - BYAEna 8)] 18",

where k represents the current temperature interval, and &
is a statistical cooling parameter that controls the speed of
the annealing process. The maximum energy deviation,
AE,,. at each temperature level, B, is given by

AEma\x( Bk) = Emax( Bk) - Eminv

where E, (8% is the maximum energy value over g%, and
Emin i the minimum energy.
Conventional annealing schedules use the approximation:

AE ( B¥) =30 ( BY).

This approximation does not require knowledge of the mini-
mum energy, but becomes invalid for short chains, while
longer chains require long relaxation times and slower an-
nealing (Aarts and van Laarhoven, 1985).

The cooling schedule proposed here updates the annealing
temperature, B, using AE,,, by

AEqna( BY)

= min{< E( Bk)>+3"7( BY), Emax( Bk)}_ S
where E,, is the minimum value of the passing objective.
The standard deviation can be evaluated by (Johnson and
Kotz, 1970)

o(B¥) = ‘§1(<E(Bk)>—Ei(Bk))Z/(tk—l),

where t¥ is the number of iterations over g¥.

During the early stages of annealing the standard devia-
tion, o, dominates the cooling, while the algorithm estab-
lishes good approximations for EX;,. The minimum energy
term is constantly updated, and it prevents the system from
freezing at some locally optimal value by using information
on better solutions accumulated during the search. The new
schedule allows shorter chains and higher values for parame-
ter 6. In the examples presented, & is optimized to 6 = 0.12
and compares favorably with conventional runs that feature
8 = 0.05. This allows the system to start from very high tem-
peratures and quickly cool down to the “freezing” tempera-
ture, where it spends most of the computational time (Kirk-
patrick et al., 1983). On the basis of the evidence accumu-
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Table 2. Design Bounds and Increments

Variable Characteristic Value
Reactor residence time Maximum 10%s
Reactor residence time Minimum 107%s
Reactor residence time Increment 1074 s
Stream flow rate Maximum —
Stream flow rate Minimum 5% of feed
Stream-splitting fraction Increment 0.05

lated by the following examples, the new schedule has in-
creased the CPU time by 4 to 5 times.

lllustration Examples

The examples illustrated here emphasize the targeting and
scoping stages discussed in the synthesis objectives. In all
cases, stochastic experiments are presented with respect to
the Markov chains involved, the number of required experi-
ments, and the standard deviation observed in the optimiza-
tion. The examples address conventional problems (Van de
Vusse-Denbigh reaction), as well as problems with highly
nonlinear kinetics and stiff models. Unless it is stated other-
wise, the superstructure consists of four isothermal reactors.
Design bounds and increments employed throughout the op-
timization search are shown on Table 2.

Example 1: Denbigh reaction
The reaction scheme involves five components and is de-

scribed by:

2A—5B, B—»C, A——D, 2B——E

with the following kinetics:

R=[R1| Rz, Rs, R4]

==k X3, — Ky x5, — Kg* Xa, — kyo X3]
where k, =3.0 It/mol-s; k,=0.06 s %; k,=0.6s"% k,=0.3
It/mol-s; x,=C,/C2 (It denotes long ton). The feed is 100
It/s and consists of A (6.0 mol/It) and D (0.6 mol/It). The
objectives include the maximization of (1) the selectivity of A
to B, and (2) the conversion of A to B. The different design
stages are described as follows.

Targeting Stage. The maximum selectivity is found to be
1.304, and the maximum exit concentration of B is 0.2528
mol/It. The results of each stochastic run required an aver-
age of 120 CPU-s on a HP 9000-C100 workstation. The sta-
tistical experiments included 10-40 runs. Figure 12a illus-
trates targeting results for maximum selectivity against differ-
ent Markov chains. The results are presented based on aver-
age values from the stochastic experiments; optimal values are
apparently higher. Figure 12b illustrates the development of
the standard deviation of the experiments against the Markov
chain. Chains shorter than 16 result in high deviations; longer
chains indicate converged experiments with standard devia-
tion smaller than 1%. Each point of these figures corre-
sponds to a sample of 40 different runs that use (1) different
initial design structures, and (2) different initialization seeds.

AIChE Journal

1.30 +
o
2
3
= 110
<]
o
o
«©
o 0.90
>
<
0.70 ‘ :
0 8 16 24 32
Markov chain length

$ 040
S
(Y]
2
& 0.30 A
o
£
c 0.20
.0
=
5
S 0.10
o
(=]
0.00 : L ‘
0 8 16 24 32
Markov chain length

Figure 12. Results for Example 1 (i).

Figure 13 illustrates the robustness of the approach to ini-
tialization. The 40 runs of Figures 12a and 12b are presented
with respect to the initial designs employed: PFR, CSTR, 2
CSTRs, and CSTR-PFR. The results clearly demonstrate that
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Figure 13. Study of initial states for Example 1 (i).
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Figure 14. Study of initial annealing temperatures for
Example 1 (i).

the targets remain unaffected by the initialization strategy, as
the standard deviation of the stochastic experiments remains
within 0.1+1.0% (N =32) and 0.8+1.4% (N =16). Figure
13b illustrates the spread on the deviation for each case.

The robustness of the targeting procedure with respect to
its algorithmic parameters is presented in Figures 14a and
14b. Figure 14a illustrates the targets for different initial an-
nealing temperatures, B8° Unless they are for particularly
small temperatures ( 8°=0.1), the incremental gains in em-
ploying higher temperatures are small. Based on Figure 14a,
targets for 8°=1.0 and B8°=10.0 change by 0.07%. The lay-
out of standard deviations is presented in Figure 14b.

Figure 15 presents results similar to those in Figure 14,
with respect to the second objective.

Screening and Scoping. Table 3 presents the designs ob-
tained at N =32, B%=10 for maximum selectivity. The re-
sults indicate a single PFR as the optimal design (4 PFRs in
series), with volume 19.7-21.3 It. The cascade in the solution
is apparently due to the low degree of discretization in the
PFR (7 sub-CSTRs). The performance can be improved fur-
ther by using conventional deterministic solvers and/or by
employing more sub-CSTRs in the PFR representation. The
final improvements have shifted the targets further to 1.319
(20.7 It, 200 sub-CSTRs).

Table 3 also presents a list of designs for short chains (N =
4, B°=10) and unconverged results (N =4, 8°=10.1). Even
for the case of unconverged runs, optimization results have
come very close to the targets (S1, S2, S3). In other words,
although the average performance illustrated on Figures 12a,
13a, 14a, and 15a is inferior to the targets, the best designs
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Figure 15. Study of initial annealing temperatures for
Example 1 (ii).

reported from each stochastic experiment are within +3.1%
of the actual target.

The designs reported in Table 4 apply to the conversion
objective, and they follow a similar analysis. The initial guess
is @ CSTR with volume 5 It and objective 9.051-10~2 mol/It.
Deterministic optimization in the form of NLPs can be used
to further improve the performance to 0.2573 mol /It (39.4 It,
200 sub-CSTRs).

Comparison with Results in the Literature. Similar opti-
mization results are reported by groups that applied mathe-

Table 3. Selected Designs for Example 1 (i)

Selectivity
of
Final Network Structures (7 Sub-CSTRs) B over D
B°=10, N=32
S1 4 PFR cascade [3.11, 5.19, 6.50, 5.46 It] 1.304
S2 4 PFR cascade [5.74, 3.72, 6.60, 5.20 It] 1.304
S3 4 PFR cascade [4.93, 4.90, 5.12, 4.76 It] 1.304
B°=10, N=4
S4 Single PFR (20.7 It) 1.255
S5 Single PFR (18.1 It) 1.252
S6  Single PFR (13.4 It) 1.213
B°=0.1, N = 4 (unconverged)
S7 2 PFR cascade [1.65, 20.6 It]; 60% feed 1.224
bypass to second PFR; 20% bypass from
first PFR to product
S8  CSTR-PFR (5.09, 10.7 It) in parallel, 1.140
87% feed to PFR
S9  Single PFR (10.2 It) 1.141

AIChE Journal



Table 4. Selected Designs for Example 1 (i)

Conversion

Final Network Structures (7 Sub-CSTRs) B (mol/1t)

=

TR (109, 12,6, 12.6, 2.77 It]
S2 1 CSTR-3 PFRs [1.32, 10.2,9.02, 19.7 1t]
S3 3 PFR cascade [5.09, 12,6, 21.7 It]

B"=0.1 mol/lt, N=

4 (unconverged)

S4 2 PFR cascade [I 10, 63.3 1] 0.2304
S5 0.2183
CSTR feuluru 2. interchange with
asecond CSTR(7.70 1)
S6 0.2009

matical programming (Kokossis and Floudas, 1990). though
without the for y as it is p d here.
Unlike efforts to instill such confidence lhluugh combina-
tions with graphical methods (Balakrishna and Biegler,
1992a), the optimization approach presented here has no need
to integrate itself with these methods. Indeed, the approach
can equally apply to the larger and more complicated prob-
lems of multiphase systems (Metha and Kokossis, 1998,
1999a,b).

Example 2: Van de Vusse reaction
The reaction scheme involves four components and is de-
scribed by:

A—sB, B—sc. 245D

The kinetic vector assumes the form

R=[R. Ry R3] = [~k Cp—hy Gy = ks C3]
where k;=105""; k; = 1.0 s7'; k3= 0.5 It/mol-s. The feed
flow rate is 100 It/min and consists of pure A. The design
objective is to maximize the outlet concentration of B, as-
suming feed concentrations C§=0.58 mol/It (Case A) and
C{ = 5.8 mol/lt (Case B). The different design stages arc de-
scribed as follows.

Targeting Stage. 'The maximum concentration of B is
0.4304 mol /1t for Case A and 3.661 mol/It for Casc B. Re-
sults for each stochastic run required 128 CPU-s for Case 4
and 157 CPU-s for Case B on the average. Statistical experi-
ments included 10 runs. In all cascs the optimization startcd
from a single CSTR with a volume of 10* It. Figurcs 16a and
17a illustrate targeting results against different Markov chains
and initial anncaling temperatures. The feed concentration
sets an upper bound for the objective, thus affecting the val-
ues of BY employed. The results are again presented based
on the average values of the stochastic experiments that are
lower than the optimal values observed. As in the previous
example, Markov chains longer than 16 account for satisfac-
tory convergence. For such chains, o is less than 0.74% (Casc
A) and 0.93% (Case B), as shown in Figures 16b and 17b.
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Flgure 16. Results for Example 2: Case A.

Screening and Scoping. Tables 5 (Case A) and 6 (Case B)
present the designs obtained at N=32, B*=50, and 50
mol/It, respectively. For Case A, the initial guess is a CSTR
(volume 10* It, objective 5.765x107* mol/It). The designs
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Figure 17. Results for Example 2: Case B.
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Table 5. Selected Designs for Example 2: Case A

Final Network Structures, Conversion
B°=5.0 mol/lt, N =32 (7 Sub-CSTR) B (mol/It)
S1 3 PFR cascade [10.8, 4.54, 11.1 It] 0.4304
S2 1 CSTR and 3 PFRs cascade 0.4299
[1.45, 6.48, 8.90, 9.84 It]
S3 3 PFR cascade [4.93, 6.45, 13.7 It] 0.4295
S4 4 PFRs in series [0.240, 11.5, 1.48, 14.5 It]; 0.4285
76% feed bypass to second PFR
S5 3 PFRs in series [14.7, 8.88, 5.39 It]; 0.4284

third PFR features 7.3% recycle

(81, S3, S4, and S5) of Table 5 clearly suggest the PFR as the
optimal structure (25.1-29.0 It). As in Example 1, the cas-
cades only reflect on the low discretization employed for the
plug flow (7 sub-CSTRs/PFR). Design S2 also suggests a sin-
gle PFR, as the design employs a CSTR that is similar in size
(1.45 1t) to the sub-CSTRs of the PFR representation (0.93-
1.41 It). For Case B, the initial guess is a CSTR (volume 10*
It, objective 5.734x 10~2 mol/It). The designs of Table 6 in-
clude CSTR-PFR structures (S1-S4) and a single PFR (S5).
The CSTR volumes fall within 10.5-12.0 It and the PFR vol-
umes within 17.3-18.4 It (except S5).

It is important to note that a higher degree of discretiza-
tion for the plug flow is always possible but meaningless. In-
deed, the authors highly discourage this practice. Once the
most difficult part of screening is accomplished with the use
of stochastic optimization, further and easy improvements can
be achieved by using deterministic optimization solvers
and/or by making improvements in the representation of the
plug flow. For example, such improvements can further in-
crease the target behind S1 (Table 5) to 0.4364 mol/It
(+1.4%) and the target for S1 (Table 6) to 3.680 (+ 0.52%).
The PFR (Case A) and the CSTR-PFR (Case B) schemes
have been previously reported in the literature (Glasser et
al., 1987; Kokossis and Floudas, 1990).

Example 3: A polynomial test of kinetics

In the previous example, it is claimed that simple represen-
tations for the plug flow are adequate, as the approach can
be combined with better models once the screening is com-
pleted. In order to further illustrate the point, a more chal-
lenging example is selected where highly nonlinear kinetics
are involved. The example is a contrived problem presented
by Glasser et al. (1987) to illustrate the efficiency of graphical
methods. The reaction involves two key components with ki-

Table 6. Selected Designs for Example 2: Case B

Final Network Structures, Conversion
B° =50 mol/It, N = 32 (7 Sub-CSTRs) B (mol/1t)
S1 CSTR-3 PFRs[11.6, 7.13, 4.20, 6.07 It] 3.661
S2 CSTR-3 PFRs [10.7, 5.65, 5.48, 6.47 It]; 3.659
6.8% recycle first PFR to CSTR
S3 CSTR-3 PFRs [10.5, 4.91, 5.85, 7.65 It]; 3.656
25% recycle first PFR to CSTR
S4 CSTR-PFR (12.0, 17.3 It) in series 3.621
S5 Single PFR (26.8 It) 3.550

1986 September 1999 Vol. 45, No. 9

netics given by:

R=[RX,RY]=[X'F(X),F(X)2+ x-F’(x)-y];

X=Cn/CQi y=Cg/CR,

where the functions F(x) and F’(x) follow polynomial ex-
pressions based on x:

F(x)=6-x5-6-x5+9-x*-16-x*+9-x>-2-x and

F'(x) = dF(x)/dx

The feed flow rate is 100 It/h, and consists of pure A (x°=1,
y®=0). The objective is to maximize the concentration of
product B in the effluent stream. The PFR is again pre-
sented by 7 sub-CSTRs.

Targeting Stage. The maximum value of y is 65.35%.
Stochastic runs carried out for different initial guesses and
algorithmic parameters indicate a need for longer Markov
chains, compared to the length used in conventional prob-
lems. Statistical experiments are carried out at N =110, 8°
=1.0, starting from different initial structures. The experi-
ments include 15 runs and result in an average objective of
62.72% and o of 1.56%.

Screening and Scoping. Table 7 summarizes the results ob-
tained at N =110, 8°=1.0, starting from different initial
guesses, namely a single CSTR, a single PRF, and 4 CSTRs
in series. The results include several, equally promising de-
signs that suggest the CSTR-PFR-CSTR-PFR structure re-
ported by Glasser et al. (1987), along with other similar ar-
rangements that include bypasses (S6, S8, S15), interchanges
(810, S12), and recycles (S11, S13, S14). Structures S7, S9,
and S13 feature a CSTR-PFR-CSTR arrangement. At this
stage, an increase in the sub-CSTRs in the representation of
the plug flow and the use of mathematical programming can
further improve the performance from 65% (7 sub-CSTRs) to
68% (200 sub-CSTRs). Similar gains can be found for the
other final designs. Designs featuring the sequence of
CSTR-PFR-CSTR can reach a performance of 67% (200
sub-CSTRs) starting from 61-63% (7 sub-CSTRs). In brief,
even for a more complex problem, the use of a simpler repre-
sentation has retained the screening functions of the ap-
proach and justified the overall development from targets to
designs. It is evident that mathematical-programming ap-
proaches have no chance of handling the type of kinetics re-
ported here, while the graphical methods are limited in ex-
tending their analysis to higher dimensions. The proposed
approach requires no adjustments to the overall procedure,
and the same, simple representations can be used without a
loss of optimality.

Example 4: Design of a bifurcational catalyst for benzene
production

An isomerization and a hydrogenation component are used
in a bifunctional catalyst to produce benzene from methylcy-
clopentane (Luus et al., 1991). The catalyst consists of an iso-
merization component and a hydrogenation component. The
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Table 7. Selected Designs for Example 3

Final Network Structures, 8" = 1.0, N = 110 (7 Sub-CSTRs)

si CSTR-PFR-CSTR PFR [11.0, 303, 372., 389 ]
$2 CSTR-PFR-CSTR-PFR [10.9, 285, 382.. 382 1]
s3 CSTR-PFR-CSTR-PFR [12.8, 206, 371, 452 It
sS4 CSTR-PFR-CSTR-PFR [10.8, 24.9, 411, 37.0 1]
s5 CSTR-PFR-CSTR-PFR [11.1, 218, 412.. 346 I
— —
6 o . 683l M {so] 3824t 6328
7 62.02
S8 62,83
9 CSTR-PFR-PFR-CSTR [12.0, 18.0, 4.66, 383 It] 6257
N — — —
114l FET B
st I e T e R s KT T
— —
si1 1001y IIM 67l T 39610 6207
s12 6150
s13 60.96
S 60.32
sis 60.32

reaction scheme is described by:

cracked
products E

ol

2 4
A%B;’C;D

R

F

concentration of benzene along a PFR with residence time
2,000 g-h/mol. The PFR consists of 10 segments (5 sub-
CSTRs/segment) of different catalyst blends. The catalyst
blend varies within 0.6-0.9, and the feed flow rate is 100 It/h
and consists of pure methyleyclopentane (1 mol/1t).

Targeting Stage. The results are summarized in Figure 18.
Moves allow changes to the compositions, u;, of the catalyst
blend in each PFR segment, i. The additional move for u is
achieved with a discretization of u; by a 1% increment, and
employs a uniform probability distribution. The maximum
concentration of benzene is 10.05X 107 mol/It. Statistical
experiments each included 5-15 runs, and initial anncaling
ranged from 2.0x107% mol/lt to 20x 1073

where A: B: methy C: oy
clohexene; D: benzene; E: cyclohexane; F: toluene. The reac-
tions are first order and proceed isothermally. The kinetic
constants arc cubic functions of the catalyst blend (u): k; =
E3_gay,u", ¥j=1, ..., 10, with u defined as the mass frac-
tion of the hydrogenation component over the total catalyst
mass. Table § provides the values of a; . and the objective is
to determine the profile of u that maximizes the effluent

AIChE Journal September 1999

mol/It. For chains longer than 30, ¢ has been less than 0.6%.

Screening and Scoping.  Table 9 presents the solutions ob-
tained for N =40, B°=20x10"* mol/It. The initial value
for all the u; is 0.6, resulting to an objective of 5.463x 103
mol/It (5 sub-CSTRs per PFR segment). Solutions SI, S2,
and S3 feature i i iti (u=
0.90) from the fourth PFR segments and result in maximum

Vol. 45, No. 9 1987



Table 8. Kinetic Parameters for Example 4

Reaction (j) ajq aj, @3 @4
1 0.2918487 x 102 —0.8045787 x 102 0.6749947 x 102 —0.1416647 x 102
2 0.2682093 x 102 —0.9556079 x 102 0.1130398 x 10° —0.3166655x 10°
3 0.2087241 % 10° —0.7198052 % 10° 0.8277466 x 10° —0.4429997 X 102
4 —0.3950534 0.1679353 x 10* —0.1777829 x 10* 0.4974987
5 —0.2504665 x 10~ * 0.1005854x 10~ * —0.1986696 x 10~ * 0.9833470%x 10?2
6 0.9509977 x 10* —0.3500994 x 102 0.4283329 x 102 —0.1733333 x 102
7 0.1350005 x 10* —0.6850027 x 10* 0.1216671 % 102 —0.6666689 X 10*
8 0.1921995x 1071 —0.7945320x 107 ¢ 0.1105666 —0.5033333%x107¢
9 0.1323596 —0.4696255 0.5539323 —0.2166664
10 0.7339981 x 10* —0.2527328 x 102 0.2993329 x 102 —0.1199999 x 102
Table 9. Selected u-Profiles for Example 4
Final Catalyst Compositions in PFR Segments, 8° =20.10~3 mol/It, N = 40 Benzene
1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th (10® mol/g)
S1 0.666 0.673 0.677 0.900 0.900 0.900 0.900 0.900 0.900 0.900 10.050
S2 0.671 0.691 0.676 0.900 0.900 0.900 0.900 0.900 0.900 0.900 10.030
S3 0.666 0.655 0.672 0.900 0.900 0.900 0.900 0.900 0.900 0.900 10.026
sS4 0.668 0.676 0.681 0.682 0.900 0.900 0.900 0.900 0.900 0.900 9.9890
S5 0.669 0.672 0.680 0.679 0.900 0.900 0.900 0.900 0.900 0.900 9.9889
S6 0.668 0.678 0.677 0.683 0.900 0.900 0.900 0.900 0.900 0.900 9.9886
S7 0.672 0.675 0.682 0.678 0.900 0.900 0.900 0.900 0.900 0.900 9.9877

performances (10.026—10.050 < 102 mol/It). Solutions S3 to
S7 feature instead the maximum compositions from the fifth
segment and result in a lower overall performance
(9.9877-9.9890 x 103 mol/It). The optimal profiles are simi-
lar to the results of Luus et al. (1991), who studied the prob-
lem using dynamic programming and analysis. The use of the
stochastic tool results in no measurable difference between
the best solution (10.050 X 102 mol/It) and the worst (9.9877
x 1072 mol/It).

Example 5: Hydrolysis of lactose by B -galactosidase
The reaction mechanism (Bakken et al., 1989; Bailey and

Ollis, 1986) is given by

E+S2ES—>GL+ BG

E+aGa2EaG (&Y
E+BGaEBG

BG=2aG (2)
GL - GA (3)
E - Ed, (%)

where E: enzyme; S: substrate (lactose); G: galactose (a, B
forms); Ed: deactivated enzyme; GL: glucose; GA: gluconic
acid. The kinetic expressions take the form

.\ —1
My =Ce-Cs[1+Coo/Kuo + Cpo/Kpa] -

Kae =0.003, Ky = 0.079
MR, =50-(Cis —C,c),
*6=(Cd+Cl: +Cfs —Cs) - KAK +1), K=0.1111
R,=0.083:C5., N,=0.047-C¢

1988
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The objective is to maximize the concentration of glucose for
a feed stream of 100 It/min that consists of 100.0 mol/It lac-
tose, 0.65 mol/It B-galactosidase, and traces of galactose
(0.001 mol/It for each form).

Targeting Stage. The maximum conversion of glucose is 2.7
mol/It. Results for each stochastic run require 860 CPU-s on
the average, and statistical analysis is based on 10 runs. The
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Figure 18. Results for Example 4.

AIChE Journal



27 1
o
2
=
Q
9 25+
)
o
(]
o
g 231
[
>
<
2.1 + + +
0 10 20 30 40
Markov Chain Length
H
H
o 03¢
2
=]
[4)]
[0
& 02+
o
£
= 0.1+
Q
(=]
0.0 $ + -
0 10 20 30 40
Markov Chain Length

Figure 19. Results for Example 5.

initial guess is 2 CSTRs with feed bypass, leading to an initial
objective 0.5247 mol/It. Figures 19a and 19b present the de-
velopment of the average and the standard deviation for dif-
ferent initial annealing temperatures, and different Markov
chains. Deviations at chain lengths greater than N =40 fall
below 0.04%.

Screen and Scoping. Table 10 presents final designs at (N
=20, B =1,000 mol/It), starting from different initial states,
namely 4 CSTR cascade, 4 PFR cascade, and 2 CSTRs with
feed bypass. The results suggest a single PFR (PFR cascade)
with a volume of 731-763 It. Stochastic results of 2.7 mol/It
(7 sub-CSTRs) can be improved to 2.744 mol/It (50 sub-
CSTRs), with a PFR volume of 750 It, using NLP technology.

Table 10. Selected Designs for Example 5

Final Network Structure,

B°=10° mol/It, N=20 Vol. Lactose

(7 Sub-CSTRs) (It (kmol/It)
S1 4 PFR cascade 762.0 2.7000
S2 4 PFR cascade 741.0 2.6999
S3 4 PFR cascade 761.0 2.6996
S4 4 PFR cascade 731.0 2.6995
S5 4 PFR cascade 754.0 2.6976
S6 4 PFR cascade 761.0 2.6956
S7 4 PFR cascade 749.0 2.6946
S8 4 PFR cascade 752.0 2.6872
S9 4 PFR cascade 743.0 2.6846
S10 4 PFR cascade 723.0 6.6793
S11 4 PFR cascade 763.0 6.6778
S12 4 PFR cascade 752.0 2.6775

AIChE Journal

Conclusions

This article presents a new synthesis approach that applies
optimization technology to the design of chemical reactors.
As the first stage, the approach calculates reliable targets for
the performance of a reaction system. The development of
targets is followed by a proposed solution set comprising sim-
ple and complex combinations of reactors that perform close
to the targets. Confidence levels are calculated to assess the
quality of the targets using stochastic optimization techniques
and simulated annealing.

From a practical viewpoint, the approach can be used to
evaluate the operation of new and existing reactors. New re-
actors can be developed so that they match the targets and
follow one or more of the layouts selected in the optimiza-
tion. The performance of existing reactors can be compared
with the targets and the incentives for modifying their opera-
tion determined. ldeas for changing them can be obtained by
reviewing the list of available designs and adjusting the reac-
tor’s performance to achieve the characteristics of the se-
lected options.

The methodology is not limited by the typical complexities
of the reactor models or the reaction kinetics. Its implemen-
tation has proved to be robust enough to encourage applica-
tions in larger and more complicated systems. Indeed, re-
search is already in progress for reaction systems with more
than a single phase (Mehta and Kokossis, 1997a,b,c,d,ef,
1998), and subsequent articles address a systematic way of
extending these developments (Mehta and Kokossis,
1999a,b,c).
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