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In principle, optimization-based ‘‘superstructure’’ methods for process synthesis can
be more powerful than sequential-conceptual methods as they account for all complex
interactions between design decisions. However, these methods have not been widely
adopted because they lead to mixed-integer nonlinear programs that are hard to solve,
especially when realistic unit operation models are used. To address this challenge, we
develop a superstructure-based strategy where complex unit models are replaced with
surrogate models built from data generated via commercial process simulators. In devel-
oping this strategy, we study aspects such as the systematic design of process unit surro-
gate models, the generation of simulation data, the selection of the surrogate’s structure,
and the required model fitting. We also present how these models can be reformulated
and incorporated into mathematical programming superstructure formulations. Finally,
we discuss the application of the proposed strategy to a number of applications. VVC 2010
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Introduction

Current chemical processes synthesis methodologies can
be classified in two broad categories: the more traditional se-
quential-conceptual methods and the more systematic super-
structure optimization-based methods. Sequential methods1–4

are based on the existence of a natural hierarchy among the
engineering decisions made during the generation of a chem-
ical process flow-sheet. Such an approach is highly popular,
because it reduces the complexity of the synthesis problem,
leading to a procedure where the main subsystems of the
plant are designed sequentially, disregarding the full interac-
tion between decisions made at different stages. Specific
conceptual tools have also been developed to support the
design of particular plant subsystems (e.g., reactor networks,
separation systems, heat recovery networks) by using tai-
lored graphic representations based on thermodynamic
insights. This is the case in the design of reaction systems

using the concept of attainable region,5,6 the design of distil-
lation-based separation systems using residue curves,7,8 and
the design of heat and mass exchanger networks using pinch
technology.9,10

On the other hand, in superstructure optimization-based
methods,11,12 a network composed by all potentially useful
unit operations and all relevant interconnections among them
is initially considered. Such superstructure is then used to for-
mulate an optimization model which includes reformulated
unit models, interconnection equations, and other constraints,
such as thermodynamic property calculation equations. The
model typically includes binary selection variables to allow the
activation/deactivation of every unit, though other switching
methods can be used. The solution of such problem ultimately
indicates which of the initially considered units and intercon-
nections are to be kept as well as the values of the optimal
operational conditions. A variety of methodologies have been
developed for the generation of superstructures in the design of
specific plant subsystems, such as reactor networks,13–15

separation networks,16–19 and heat exchanger networks.20–23

Also, alternative methodologies to create and represent general
process superstructures have been proposed.24–29
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In theory, the superstructure-based synthesis approach can
be very effective because it considers a large number of pro-
cess alternatives and it involves the simultaneous optimiza-
tion of the structure and the operational conditions of the
process. But this power comes at a price: the mathematical
complexity of the resulting optimization model; generally, a
large-scale nonconvex mixed-integer nonlinear program
(MINLP). In fact, when realistic unit operation models are
used (i.e., the kind of models featured in commercial process
simulators considering nonideal thermodynamics, kinetics,
and transport properties calculations), then the resulting
models cannot be solved. Some attempts to reduce the com-
plexity of superstructure optimization models include special
modeling/decomposition techniques30 and the integration of
hierarchical decomposition and MINLP frameworks.31–33 In
these approaches, the resulting MINLP models are computa-
tionally tractable by balancing the total number of design
variables, process alternatives, and the level of detail of sub-
system models.

In an attempt to reduce the complexity of engineering
design and optimization, several researchers have proposed
frameworks, which use surrogate models (also termed meta-
models or reduced order models).34–37 These models are of-
ten generated from data obtained via highly accurate
although computationally expensive simulation programs,
which capture the behavior of particular engineering sys-
tems. Interestingly, the use of simulation information to
build simpler models for individual pieces of a large system
can also be viewed as a multiscale methodology,38 an
approach, which is widely used in modeling-simulation of
complex systems. In the case of chemical process synthesis,

commercial process simulators can be used to generate sets
of simulation cases for particular process units. Simulation
data can then be used in building general purpose multivari-
able mappings to serve as surrogates, replacing the original
complex unit models in generic process optimization prob-
lems. Two popular techniques to build such surrogates are
artificial neural networks (ANN)39 and Kriging interpola-
tors.40 The literature presents several works applying ANNs
to modeling, optimization, and control of chemical process
systems.41–44 Some other articles present Kriging-based tech-
niques to support modeling and optimization of chemical
process systems,45,46 as well the solution of special classes
of MINLP models in the synthesis and optimization of
chemical process.47,48 However, the use of surrogates for the
solution of superstructure optimization problems has not yet
been explored in depth.

The objective of this article is to present a comprehensive
methodology for the generation of computationally tractable
but yet accurate superstructure optimization models for
chemical process synthesis problems through the construc-
tion and use of unit surrogate models. The presented meth-
odology allows us to make use of realistic unit operation
models, including nonideal thermodynamics, while formulat-
ing tractable optimization models. An overview of the pro-
posed methodology is shown in Figure 1, where shaded
boxes represent modeling, information processing, and opti-
mization tasks; whereas clear rounded boxes represent infor-
mation and models generated or provided. The methodology
starts with the process design statement from which a super-
structure can be generated and a set of design specifications
can be identified. This information along with knowledge

Figure 1. Overview of the proposed methodology. Sets IS and DS contain, respectively, surrogate independent and
dependent variables.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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regarding the variables included in detailed process unit
models is used in a systematic variable analysis to identify
the optimum set of independent and dependent variables for
every unit surrogate model. Given bounds on the independ-
ent variables, we define surrogate domains, which are
sampled to generate process unit simulation cases. The
results of such simulations are then used to fit multivariable
mappings obtaining fully functional surrogate models. Using
a high-level modeling approach (e.g., generalized disjunctive
programming), we generate a superstructure optimization
model. This high-level model is then combined with the pre-
viously generated surrogates to produce a reformulated
MINLP model, which is solved using a commercial solver.
The results are analyzed to determine if the surrogate
domains have to be updated. If this is the case, then the sur-
rogate model fitting and the solution of the optimization
problem are repeated until no further updating is required.

To facilitate the presentation of our strategy, we use the
overview in Figure 1 as roadmap. In the next section, we
cover the design of surrogates, including a systematic model
variable analysis, and its application to the creation of com-
pact formulations for different process units. Then, we pres-
ent the surrogate model generation, including aspects such as
surrogate domain sampling, the generation of simulation
data, the surrogate structure selection, and the final data fit-
ting. Next, we discuss superstructure modeling, including al-
ternative generation and representation approaches, as well
as the necessary reformulations to incorporate unit surrogate
models in superstructure formulations. This is followed by
some extensions of the ideas introduced, including the auto-
matic update of surrogate domains, the use of surrogates to
describe entire plant subsystems, and the use of surrogates to
integrate detailed models developed in different platforms.
We close with the presentation of two illustrative example
problems.

Surrogate Model Design

Although several authors have already used surrogate
models to address different issues in the solution of optimi-
zation problems, no systematic method has been proposed to
design compact and accurate surrogates for superstructure-
based process synthesis. This section presents a systematic
unit model variable analysis to guide the selection of inde-
pendent and dependent variables and its application to the
formulation of standard surrogates for common chemical
process units.

Unit model variable analysis

The replacement of detailed unit models with surrogates is
useful if such surrogates include as few of the original varia-
bles as possible, while enforcing the same constraints the
original model does. The former means that the surrogate is
compact, reducing the computational expense in both its
generation and later use; whereas the latter ensures that the
surrogate is equivalent to the original model in the context
of the synthesis problem. To satisfy these two conditions, it
is necessary to analyze the original unit models, and the way
in which they interact with other units and affect the

objective function of the synthesis problem. For a particular
steady state unit model, we define:

IUM: Set of independent variables; fixing these variables,
transforms the model into a structurally nonsingular equation
system.

DUM: Set of dependent variables (i.e., model variables not
in IUM).

NUM: Set of natural independent variables; these are the
variables used in a steady state commercial process simula-
tion model to close its degrees of freedom.

FUM: Set of variables fixed by the design problem state-
ment (e.g., design specifications).

CUM: Set of connecting variables; variables in the original
unit model that appear in other parts of the optimization
problem (e.g., any other unit model, constraint, or the objec-
tive function).

In essence, a unit model is a set of equations establishing
relationships among the unit variables in such a way that a
subset of these variables (IUM) can be fixed to fully deter-
mine the values of the remaining (DUM). In other words, the
model implicitly imposes a mapping from ZI (a vector in the
space defined by IUM) to ZD (a vector in the space defined
by DUM). For a surrogate model to enforce the same con-
straints the original model does, it is necessary and sufficient
that it characterizes the relationship between the free inde-
pendent variables IUM/FUM (which in general explains the
variability of all dependent variables DUM) and the connect-
ing variables CUM.The remaining dependent variables (i.e.,
DUM/CUM) are internal and required to make the original
unit model work, but irrelevant in the context of the process
synthesis problem (e.g., temperature profile along a distilla-
tion column). Figure 2 shows the Venn diagrams for the var-
iables of the original and surrogate models, along with a
graphic representation of the implicit unit model mapping
and the dimensionally reduced surrogate model mapping.

Figure 2. Venn diagrams and representation of the
mappings between variable sets.

a: Original unit model; b: dimensionally reduced surrogate
model.
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For a particular model, the sets FUM and CUM are
uniquely determined by the design specifications, the super-
structure topology, and the form of the objective function.
However, set IUM is not unique because many different sub-
sets of variables can be chosen to close the degrees of free-
dom of a particular model. Thus, to properly select the varia-
bles in IUM we have to account for the structure of the unit
model (an equation system). Particularly, a selection of IUM
is valid only if fixing those variables results into a unit
model that is structurally nonsingular; that is, a square sys-
tem of equations with no over/under-determined subsystems.
We use the following mixed integer programming (MIP)
model (M) to systematically select the variables in IUM:

max
P
i2I

ui � yi (1)

s:t:
P

i:ði;jÞ2A
xij ¼ 1 8j 2 J

(2)

P
j:ði;jÞ2A

xij ¼ 1� yi 8i 2 I
(3)

xij; yi 2 0; 1f g (4)

where I and J are respectively index sets of variables and
equations for a unit model; A is the set of edges of the bipartite
graph describing the variable-equation incidence structure of
the unit model, i.e. A ¼ {(i,j): variable zi appears in equation
ej}; xij is a variable-equation matching binary variable; yi is a
selection binary variable defining IUM, i.e. IUM ¼ {zi: yi ¼ 1};
and ui is a weight coefficient, which can be adjusted to favor
the inclusion in IUM of some variables over others. Constraints
(2) and (3) enforce a perfect matching between the model
dependent variables, zi [ DUM, and its equations (i.e. (2))
enforces that every equation is matched with exactly one
variable and (3) enforces the matching of every dependent
variable with exactly one equation and no matching between
independent variable and the equations). This perfect matching
ensures the aforementioned structural nonsingularity.49

Figure 3 illustrates this idea.
Finally, a couple of important aspects have to be consid-

ered when selecting variables in IUM. First, fixed variables
in FUM must be included in IUM because, in principle, a
fixed variable cannot be dependent. This selection is
enforced by making yi ¼ 1 V i [ FUM. If model (M)
becomes infeasible in the presence of these additional con-
straints, then the original specification scheme is inconsistent
and has to be reviewed. Second, since every variable in a
unit model depends only on the free independent variables
(IUM\FUM), and since we are interested in building mappings
characterizing only relevant features, the final selection of
the surrogate independent (dependent) variable set IS (DS) is
given by (see Figure 2):

IS ¼ IUMnFUM (5)

DS ¼ CUMn FUM [ IUMð Þ ¼ CUMnIUM (6)

Also, (5) and (6) lead to:

ISj j ¼ IUMj j � IUM \ FUMj j ¼ IUMj j � FUMj j (7)

DSj j ¼ CUMj j � CUM \ IUMj j (8)

where the second equalities in (6) and (7) consider FUM (
IUM. Note that the set of fixed FUM and connecting CUM

variables are well defined once the superstructure has been
defined, and |IUM| is also a fixed quantity (e.g., unit model
number of degrees of freedom). Thus, (7) and (8) suggest that
the number of variables in the surrogate model (|Is| þ |DS|) can
only be reduced by including in IUM as many of the connecting
variables in CUM as possible. Finally, if data to build the
surrogate models is obtained from commercial process
simulators, it is convenient to include in IUM as many of the
natural degrees of freedom NUM as possible. This reduces the
use of external specification loops (e.g., adjust functions in
HYSYS, process specifications in ASPEN PLUS, etc.) and the
associated computational burden. These requirements can be
satisfied by selecting large values for ui: zi [ (CUM|NUM).

Surrogate model formulation

Based on the variable analysis presented in the previous
subsection, we developed standard surrogate models for all
common process units. The proposed models are given in
Tables 1–3, where components, streams, and units are denoted
by c [ C , s [ S, and u [ U, respectively; inlet and outlet
streams of unit ‘‘u’’ are denoted by s [ S

I
u and s’ [ S

O
u; varia-

bles Fc,s, Ts, and Ps, denote component c flow rate, temperature
and pressure in stream s; Qu and Wu denote heating duty and
power consumption/generation of unit u; whereas DPu, DPu,
ns,u, and eu denote pressure drop, pressure increase, stream s
split fraction, and isentropic efficiencies of unit u, respectively.
A complete and detailed notation is presented at the end of this
article. It is important to note that, in principle, multivariable
mappings can be used to replace nonlinear equations for all
units where thermodynamic calculations are necessary. With

Figure 3. Equation system representations.

a) Bipartite representation for a unit model with eight varia-
bles and five equations, b) Perfect matching (bold edges)
and identification of sets IUM, DUM.
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this in mind, we developed the general surrogate models given
in Tables 1–3. However, if the original models for some of the
units are relatively simple, then they can be kept and combined
with surrogate models for the remaining units.

To develop these models, we assumed that no variable is
fixed (i.e., FUM ¼ �) and that the set CUM of connecting varia-
bles includes the unit input and output streams state variables
and the operational variables related to the capital cost and util-
ity usage. Finally, set IUM includes only the unit operating vari-
ables and the input streams state variables. All these assump-
tions are necessary to generate general purpose unit surrogate
models; however, if necessary, variable analysis with none of
these assumptions can be performed to develop more compact
models tailored to replace specific units in specific problems.

Finally, we have taken advantage of the partial linearity of
the original unit models by including some of its equations
(mainly the component mass balances and hydraulics) in the
surrogate. These equations are used to explicitly calculate a
subset of the variables in DS (i.e., outlet component flows
and pressure) reducing the set of variables for which the
general mapping must be developed. In other words, the pro-
posed surrogates are composed by a subset of linear equa-
tions from the original unit model and a reduced multivari-
able mapping for a subset DS* ( DS.

To illustrate the generation of standard surrogate models,
consider the flash vessel model included in Table 2. The
multivariable mapping allows the calculation of the liquid
outlet stream component flows ½Fc;O2

�c 2 C and the unit tem-
perature Tu from the feed component flows, temperature, and
pressure [Fc,s,Ts,Ps] c[C, s [ S

I
u, as well as the unit pressure

drop DPu and heating duty Qu. The component balances,
hydraulics, and thermal equilibrium condition are then used
to calculate the vapor outlet stream component flows
½Fc;O1

�c 2 C and the vapor and liquid outlet stream tempera-
tures and pressures [Ts,Ps] s [ S

O
u.

Example #1: Tailored unit surrogate model for a
homogeneous CSTR

We consider the annual profit maximization of a homogene-
ous CSTR with fixed feed and pressure drop as presented in
Table 4. The reactor operation is constrained by a maximum
allowed operational temperature Tmax. The CSTR model
includes a general kinetic expression in terms of reactor tempera-
ture and molar concentrations, as well as nonideal thermodynam-
ics. The annual profit objective function includes a capital cost
term (a function of the reaction volume VR), an operational cost
term (a function of the heating duty QR), and a revenue term
(a function of the main product flow leaving the reactor Fc*,o).

Table 2. Surrogate Models for Expansion Valves (u[UEV
), Heater-Coolers (u[UHC

), and Flash Vessels (u[UFv
)

Table 1. Surrogate Models for Mixers (u[UM), Splitters (u[US), and Compression-Expression (u[UCE) Units
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Our objective is to build a surrogate to replace the
detailed CSTR model. The variables of the unit model can
be classified as follows:
• The problem statement indicates feed conditions and re-

actor pressure drop are fixed, hence,

FUM ¼ TI;PI; Fc;I

� �
c2C;DPR

n o
.

• The CSTR model is connected to the objective function
through the main product flow, the reactor volume, and heat
duty. Additionally, the model is also connected to another
constrain trough the reactor temperature; hence,
CUM ¼ TO;Fc�;O;VR;QR

� �
.

• Commonly, in commercial process simulators a CSTR
specification set includes the feed stream state variables, unit
pressure drop, reaction volume, and operating temperature;

hence, NUM ¼ TI;PI; Fc;I

� �
c2C;DPR;VR;TO

n o
.

As the CSTR model is relatively simple and for this case
FUM ( NUM, we can determine IUM without solving prob-
lem (M). In fact, by selecting IUM ¼ NUM, we satisfy all the
desirable characteristics of IUM. Using Eqs. (5) and (6), we
obtain IS ¼ {VR, TO} and DS ¼ {QR,Fc*,O}. This is a tai-
lored surrogate design, which turns out to be significantly
more compact than the standard form presented in Table 3.

Table 4. Detailed Homogeneous CSTR Simulation and Optimization Models

Table 3. Surrogate Models for Distillation Columns (u[UDC), Absorption Columns (u[UAC), and Reactors (u[UR)
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Surrogate Model Generation

In this section, we present several aspects regarding the
automatic generation of surrogate models, including the sam-
pling of the independent variable space, the generation of
points in the dependent variable space, and the final surro-
gate-data fitting. All the aforementioned components have
been implemented in ASPEN-PLUS and MATLAB and inte-
grated as shown in Figure 4.

Independent variable sampling

Once the sets of independent (IS) and dependent (DS) varia-
bles have been determined for a particular unit, the IS space
(i.e., the Cartesian product of the domains of variables in IS)
can be sampled. Here, the primary objective is the generation
of a high amount of information from a limited number of
sampling points. In other words, it is important to maximize
the sample information content by a proper selection of the
sampling points. A way to accomplish this is by selecting
points with very different values for every variable, leading to
a set of simulation cases where every variable in IS has a maxi-
mum number of well distributed sampling values. Under this
perspective, both grid sampling and random sampling are not
appropriate because the former leads to subsets of points,
which share values for one or several variables, and the latter
can lead to a non homogeneous coverage of the sampled space.
To avoid these difficulties, special experimental design techni-
ques, such as Latin Hypercube, Hammersley sequences, and
D-optimal designs, have to be used. Among this procedures,
the classic Latin Hypercube and its modifications are very pop-
ular in general applications,50 whereas D-optimal designs are
advantageous as they account for the type of fitting model dur-
ing the generation of sampling points.51 In this work, we
developed a MATLAB sampling subroutine that uses a modi-
fied Latin Hypercube design to define the sampling matrix of
the IS space from given bounds on the variables in IS (initially
provided by the user and later updated by another subroutine).

Dependent variable data generation

The sampling matrix of the IS space is used to specify dif-
ferent simulation cases, which provide the values of the de-
pendent variables DS. As part of the implementation for this
work, a series of MATLAB unit subroutines, a tailored
MATLAB-ASPEN interfacing subroutine, and a series of
standard ASPEN simulation models were developed. The

way all these components interact is illustrated in Figure 4.
The MATLAB unit subroutines use material and energy
(M&E) balance information generated by ASPEN Plus to
perform sizing-costing calculations. The MATLAB-ASPEN
interface manages the information flow between the MAT-
LAB code and the ASPEN Plus calculation engine. Finally,
each of the mentioned standard ASPEN Plus simulation
models features a distinct unit operation. All ASPEN simula-
tion input files (i.e., UnitName.inp) have a very similar
structure that includes a ‘‘sensitivity block paragraph’’ defin-
ing the sets of dependent and independent variables.52

To generate the sample values for the dependent variables
in DS of a particular unit, the corresponding unit subroutine
calls the MATLAB-ASPEN interface. This interface calls
the proper standard ASPEN simulation input file (e.g., fla-
sh.inp, reactor.inp, etc.), rewrites the sensitivity block para-
graph to specify simulation cases using the information in
the IS sample matrix, calls the ASPEN Plus calculation
engine on the modified ASPEN input file, and retrieves the
material and energy balance values generated by ASPEN
Plus in the corresponding output file (e.g., flash.out, reactor.-
out, etc.). This simulation information is used by the unit
subroutine to perform automatic sizing and costing calcula-
tions based on standard algorithms.53 The M&E balances
and cost information is presented in a DS sample matrix.

Surrogate structure and data fitting

The variable analysis presented above is general and ap-
plicable to any kind of detailed process unit and surrogate
model; however, the generation of the multivariable mapping
depends on the type of surrogate model. Although any such
procedure involves the solution of an optimization problem,
the approach and the corresponding algorithms are rather
diverse. In this work, we used ANN because of their

Table 5. Applicability Region for a Distillation Column
Surrogate Model

Variable Lower bound Upper bound

FO2 ;I ðkmol=hÞ 0.01 0.1
FN2 ;I ðkmol=hÞ 0.01 0.1
FCO2 ;I ðkmol=hÞ 5000 10000
FH2O;I ðkmol=hÞ 50000 100000
FMEA,I (kmol/h) 5000 15000
TI (K) 300 360
PI (kPa) 150 200
DP (kPa) 0 0
Nr 1 1
Ns 3 3
Tcond (K) 313.15 313.15
Br 0.01 3

Figure 4. Automatic generation of simulation data and
ANN training.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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excellent fitting characteristics and low complexity, and
because they can be easily reformulated to be incorporated in
a superstructure mathematical programming model. Neverthe-
less, it is important to note that the proposed methodology can
be used to develop surrogate models of any type or approxi-
mations of parameters of well known short-cut models.

One of the most common ANN configurations is the so-
called multilayer perceptron (MLP).39 A MLP is a highly par-
allel computational structure composed by a series of
‘‘layers’’, connected as presented in Figure 5. Mathematically,
every layer k in a MLP acts as a transformation between an
input vector uk-1 and an output vector uk according to:

uk ¼ f Wk � uk�1 þ bk
� �

; k 2 K ¼ 1; :::;Kf g (9)

The set of all relations (9) defines the mapping between
the network input u0 and its output uK. Parameters bk and
Wk of layer k (composed by nk neurons) are known as the
layer bias vector (nk-dimensional) and weight matrix (nk �
nk-1 dimensional), respectively. The function f(�) [generally
tanh(�)] is known as activation function, and acts on every
component of its argument vector to generate the output uk.
The last layer (k ¼ K) is called the output layer, whereas the
rest of them are called hidden layers.

The fitting characteristics of ANNs are described by the
following theoretical result39: an arbitrary multivariable
function with a finite number of discontinuities can be
approximated with an arbitrary degree of accuracy using a
MLP having only two layers; a hidden layer with a sigmoid
activation function (e.g., tanh(�)), and an output layer with a
linear activation function. The exclusive use of this kind of
MLPs reduces the identification of the optimal network
architecture to the determination of the proper number of
neurons in the hidden layer. This is the case since the num-
ber of neurons in the outlet linear layer is always equal to
the number of mapping dependent variables (i.e., |DS*|).

ANN fitting is referred to as ‘‘training.’’ There are differ-
ent training algorithms and data preprocessing options that
enhance the ANN-fitting performance. In this case, a training
algorithm with Bayesian regularization and early stopping
was used.54 In general, the training involves the minimiza-

tion of the sum of squared model deviations with respect to a
subset of the available data points called the ‘‘training set.’’
Training with regularization takes as objective function the
weighted sum of two terms: the traditional sum of squared devia-
tions and the mean sum of squared network parameters wk

ij and
bkj. The weights of these terms are denoted by c and (1 � c),
respectively. This alternative objective function guides the opti-
mization algorithm towards solutions with small network param-
eters, which are characteristic of smooth fitting surfaces. Bayes-
ian regularization is a statistical framework that allows the auto-
matic determination of the so-called performance ratio c.

Early stopping is a training termination criterion, and
involves the monitoring of the model deviations with respect
to a second subset of the available data points known as the
‘‘validation set.’’ Both regularization and early stopping
reduce over-fitting, a condition in which the trained network
features very small deviations with respect to the training set
but big deviations with respect to the validation set, indicat-
ing a poor network capacity to reproduce data outside of the
training set (i.e., poor interpolation—extrapolation capabil-
ities). This is particularly important when dealing with noisy
data and small data sets.

Other important aspects are the initialization algorithm for
weights and biases and the way the data is preprocessed.
Here, we used the Nguyen-Widrow initialization proce-
dure.55 The network parameter initialization algorithm dis-
tributes the active region of each neuron in a layer evenly
through the layer input space, hence increasing the fraction
of neurons actively used during the training, the training
speed, and the prediction capabilities of the network for a
fixed number of neurons.55 Data scaling and principal com-
ponent analysis were used to enhance the information con-
tent in the data.54 The data preprocessing and ANN training
is performed by the same MATLAB subroutine.

Example #2: Optimum design and operation of a
homogeneous CSTR

We consider the production of maleic anhydride (MA)
from Benzene (B) in a CSTR fed with 966 kmol/h of air and
34 kmol/h of benzene at 300 K, 1013 kPa according to the
following vapor phase catalytic reactions:

Figure 5. Graphic representation of a multilayer perceptron MLP.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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C6H6 þ 9=2ð Þ � O2 ! C4H2O3 þ 2 � CO2 þ 2 � H2O

C4H2O3 þ 3 � O2 ! 4 � CO2 þ H2O

C6H6 þ 15=2ð Þ � O2 ! 6 � CO2 þ 3 � H2O

Assuming no pressure drop, the goal is to find the operat-
ing temperature and reactor volume maximizing the annual-
ized profit. Reaction kinetics for this reactive system is
reported in the literature.56 Annualized profit includes reve-
nue from MA at current price (www.icis.com), capital
cost,57 and utility costs.

The underlying optimization problem has the same struc-
ture as the one presented in Example 1. Following the pro-
posed methodology, we use a surrogate to replace the origi-
nal CSTR model. Recalling our analysis in Example 1, the
detailed CSTR model can be replaced by a mapping from
IS ¼ {VR, TO} (i.e., reactor volume and outlet temperature)
into DS ¼ {QR, FMA,O} (i.e., reactor heating duty and MA
outlet flow). We developed an ANN with a linear output
layer, two hidden layers with five neurons each, using
tanh(�) as the activation function. At the sampled points,
the maximum surrogate deviation observed in the values of
the dependent variables was less than 0.4% of the mapping
range. Figure 6 presents the fitting capabilities of the gener-
ated surrogate. The optimization problem was solved using
CONOPT in GAMS v22.5 to obtain an optimal reactor
temperature of 670 K and an optimal reactor volume of 40
m3. All calculations were performed in a PC with an
Intel(R) Core(TM)i7 CPU 920 @ 2.67 GHz. The time
required for the generation of the surrogate was 30.4 s and
the time required for the solution of the simplified optimi-
zation model was 0.13 s

Superstructure Generation and Modeling

This section discusses the generation of a process super-
structure and the formulation of the corresponding optimiza-
tion model. It includes a brief comment on the generation of
superstructures, followed by a presentation of two popular
superstructure mathematical modeling techniques, and the
reformulation required to incorporate ANN surrogate models
within a superstructure formulation.

Superstructure generation

One of the critical aspects affecting the quality of a pro-
cess synthesis solution obtained by a superstructure-based
approach is the extent of the design space covered by the
original superstructure. Clearly, the optimal solution cannot
be found if the optimal structure is not embedded within
the original superstructure. Traditionally, superstructure for-
mulation has been tackled using ad-hoc approaches that
rely on empirical knowledge and insights. Although several
works focus on the design of specific plant subsystems,13–29

only a hand full of them address the problem of superstruc-
ture generation in a rigorous manner. One of these
approaches24–27 uses combinatorial techniques and graph
theory to formulate an axiom system, which defines the
properties any feasible process structure should satisfy. This
set of axioms is complemented by a set of theorems allow-
ing the explicit manipulation of process structures. This

forms the theoretical basis of the maximal structure genera-
tion (MSG).25

Superstructure modeling approach

All approaches to superstructure formulation have some-
thing in common: the capacity to deal with the discrete-con-
tinuous nature of the synthesis problem, which requires the
identification of both the optimal structure (discrete deci-
sions) and operational conditions (continuous decisions).

One powerful approach involves the use of Mathematical
Programs with Equilibrium Constraints (MPEC) or Mathemat-
ical Programs with Complementarity Constraints (MPCC),
where complementarity constraints are used to model disjunc-
tions without using binary variables. This approach is advan-
tageous because it leads to optimization problems, which can
be handled by standard NLP solvers,58 though the effective
use of MPECs-MPCCs requires special care in their formula-
tion and solution strategies due to their inherent nonconvexity
and lack of NLP regularity properties.58–60

Figure 6. Original and surrogate model predicted val-
ues for QR and FMA,O.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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In this article, we represent process superstructures as
‘‘State Task Networks-One Task One Equipment’’ (STN-
OTOE),12 and formulate the corresponding optimization
problem as a generalized disjunctive program (GDP).61 The
general form of the GDP formulation we consider includes
Eqs. 10–13:

max
P

s2SPD
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P
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X Yð Þ ¼ True; Yu 2 True; Falsef g (13)

The objective function (10) used here is an approximation
of the process annual profit, accounting for revenue and raw
material costs using molar prices ps (for product streams s [
S
PD and raw material streams s0 [ S

RM), as well as the an-
nual cost of the plant, including the annualized capital cost
(A/P)CCu and operating cost COPu of every unit u in the
process. Constraint (11) includes the models of permanent
units u [ U

P (i.e., units we know will be included in the
final solution), whereas constraint (12) includes the models
of conditional units u [ UC (i.e., units whose presence within
the final solution is to be decided) in the form of disjunctive
constraints, where Boolean variables Yu are used for the acti-
vation/deactivation of entire unit models. In previously pro-
posed methods, unit models in Eqs. 11 and 12 include mate-
rial and energy balances, kinetics, thermodynamic property
expressions, sizing-costing equations, and inequality con-
straints in the form of relationships among the component
flows, temperature, and pressure of the streams s [ Su enter-
ing and leaving the particular process unit u, and its opera-
tional variables wu. Finally, a group of logic constraints (13)
in terms of the mentioned Boolean variables Yu accounts for
superstructure connectivity implications.62

Although GPD models can be handled directly by the
logic-based solver LogMIP,63 in the next subsection, we dis-
cuss a reformulation of ANN surrogate models that allows
us to develop a computationally tractable MINLP reformula-
tion that can be solved using traditional solvers.64,65

Superstructure and surrogate model reformulation

Linear constraints included in disjunctions can be readily
reformulated into mixed-integer constraints using well
known methods. We propose the use of the convex-hull
reformulation to handle the linear equations of our surrogate
models66 (see Tables 1–3). The use of such strategy for non-

linear constraints however results into mixed-integer nonlin-
ear constraints that can lead to computational difficul-
ties.67,64,65 To address this challenge, we reformulate the
nonlinear equations in our surrogate models as follows,

uk ¼ f vk
� �

vk ¼ Wk � uk�1 þ bk

k ¼ 1; :::;K

0
B@

1
CA

!

uk ¼ f vk
� �

vk ¼ Wk � uk�1 þ bky

Uk�1
L y � uk�1 � Uk�1

U y

y 2 0; 1f g; k ¼ 1; :::;K

0
BBB@

1
CCCA ð14Þ

where we use a MLP given by (9); the activation function is
tanh(�) for the hidden layers and linear for the output layer;
UL

k and UU
k are lower and upper and bounds on the

components of u
k; and y is a binary selection variable, that

is, the binary that corresponds to the Boolean variable Yu in
Eq. 12.

The above reformulation has two major advantages: (a)
unlike standard methods, no variable transformation that
results in numerical difficulties is necessary, and (b) the non-
linear equation u

k ¼ tanh(vk) does not involve binary vari-
able y. The development of this reformulation exploits the
fact that tanh(0) ¼ 0. Thus, when y ¼ 1 the original surro-
gate relation is enforced; and, when y ¼ 0, the surrogate
model is deactivated, leading to u

0 ¼ 0, uK ¼ 0. The effec-
tiveness of this reformulation is another reason why we
chose to use ANN surrogate models. Finally, note that the
proposed strategy leads to the replacement of the multiple
types of highly nonlinear equations in the original unit mod-
els with only one type of nonlinear constraints, namely, the
sigmoid tanh(�). Hence, future work will focus on the devel-
opment of solution methods that exploit this special struc-
ture. One alternative includes the use of convexification
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techniques similar to the ones presented by Westerlund
et al.68,69 in search for global solutions.

Our surrogate-based MINLP model includes the surrogate
models of the permanent units, the reformulation of the sur-
rogate models we just introduced for conditional units, and
the algebraic equivalents of the logic constraints in (13).

Extensions

Surrogate domain update

Once the surrogates have been generated, their validity is
limited to the sampling domain of their IS space, henceforth
denoted as surrogate domains. In fact, the bounds of such
domains are included in our formulation to ensure that surro-
gate models are used correctly. However, this can lead to infea-
sible programs when, for example, two units are interconnected
and the surrogate range of the upstream unit for any of the vari-
ables in the connecting stream does not overlap the surrogate
domain of the downstream unit for the same variable.

To address this challenge, we update the surrogate
domains every time an infeasible model is formulated or
when a solution is found where at least one of such domain
bounds is active. The implementation of this scheme includ-
ing a MATLAB-GAMS interface is depicted in Figure 7. In
every iteration of the external loop, IS sampling bounds are
used in the calculation of the surrogate adjustable parame-
ters. At this point, a MATLAB-GAMS interface calls
GAMS to solve the superstructure MINLP model (i.e.,
Superstructure.gms) using the recently calculated surrogate
parameter values, and retrieves solution information. This in-
formation includes the solution status that indicates if the
problem is feasible or not, as well as details about active-
inactive, feasible-infeasible constraints. This information is
used by the IS domain updater to either declare that a solu-
tion has been found or to update the domain in order to start
a new iteration. The proposed scheme can also be extended
to obtain more accurate surrogates over a reduced domain,
thereby partially addressing potential mismatches between
detailed unit models and surrogates.

In general, guaranteeing that a surrogate-based approach
will converge to the optimal solution of the original model is
a difficult task. Even in the special case where both surrogate
and detailed models are NLP formulations, checking the suffi-
cient conditions is rather hard, whereas ensuring that neces-
sary conditions are satisfied can be of little use in practice
(see Biegler et al.70 for a theoretical discussion of such condi-
tions in the context of optimization using approximated mod-
els). An alternative to check directly such conditions has been
proposed by Caballero and Grossmann.48 In their work, the
surrogate domain updating procedure enters a contraction step
every time the optimization step returns a feasible solution
strictly interior to the surrogate domain. The idea of such con-
traction of the domain is to increase the local accuracy of the
surrogate, which increases the chances of identifying a solu-
tion to the original detailed optimization problem.

Plant subsystem surrogates

The use of surrogates at the unit operation level is intui-
tive because unit models are the natural components of any
process synthesis exercise and the building blocks of com-

mercial simulators. However, surrogates can also be used to
describe the behavior of entire plant subsystems composed by
several unit operations. This is convenient when the structure
of such subsystems is not under investigation; for example,
when the selection of one unit operation implies the selection
of another unit. The obvious advantage is the reduction in the
total number of connecting variables (e.g., state variables of
the streams connecting the units) and their associated surro-
gate expressions (in the case of the dependent variables).

To illustrate this idea, consider the amine-based CO2 cap-
ture system presented in Figure 8. Assuming five compo-
nents (O2, N2, CO, H2O, MEA) and using the standard sur-
rogate models presented in Table 1, Table 2 and Table 3,
and adding capital and operational costs to the list of de-
pendent variables in each unit, the total number of surrogate
independent and dependent variables to model the systems
as presented in Figure 8(a) approaches 100. However, con-
sidering a single surrogate for the entire system as presented
in Figure 8(b) brings this number close to 30. This reduction
is the result of: (a) some streams becoming internal to the
system, and (b) the reduction in the total number of degrees
of freedom (and hence the effective number of independent
variables) because of unit coupling.

The construction of such plant subsystem surrogate
requires the implementation of a simulation model where
some of the original degrees of freedom for the individual
units are related to each other; for example, the pressure
increase of the pumps are related to column operating pres-
sures and the pressure drops of the units in the streams con-
necting the columns. Hence, these variables are no longer in-
dependent variables, whereas some other variables are
replaced by variables which are introduced to better describe
the impact of the operational conditions on the system per-
formance; for example, the total solvent flow rate and the re-
generator CO2 degree of separation are replaced by the
absorber CO2 recovery and the lean solvent CO2 concentra-
tion as suggested in the literature.71

Integration of multiplatform models

Another interesting aspect of the proposed framework is
that it enables the formulation of optimization models that

Figure 7. External loop to handle the update of surro-
gate applicability bounds.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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combine unit models developed using different tools. This is
possible because models developed in different commercial
simulators, programming languages, and modeling environ-
ments can be used as black boxes to generate data that is
then used to fit surrogate unit models which can be easily
combined. Thus, the proposed framework allows us to opti-
mize processes that include new technologies or, in general,
unit operations that cannot be readily modeled using com-
mercial tools.

For example, consider the production of methanol from
water and CO2, where the latter is split into CO and O2

using a thermochemical splitter. The resulting CO is then
mixed with water in a water gas shift (WGS) reactor to pro-
duce a mixture of CO, CO2, and H2 that is finally feed to a
methanol synthesis (MS) reactor to generate the product.
Scientists from Sandia National Labs are currently exploring
this pathway to methanol using a recently developed ther-
mosplitter, called CR5.72 Clearly, to optimize the process as
a whole, we need to account simultaneously for the CR5
splitter and all remaining units. Although the WGS and MS
reactors and separation units can be modeled using ASPEN,
the CR5 reactor is too complicated: it features a configura-
tion where multiple parallel discs supporting a catalytic ma-
terial rotate inside the devise, passing from and oxidation
section, where CO2 is stripped of one oxygen atom, to a
reduction section where the catalyst is regenerated and O2 is
released. However, a FORTRAN model was recently devel-
oped that accounts for the effects of ring rotation, reaction

and diffusion in the active ring material in both the oxidation
and reduction sections of the ring, and recuperation energy
transfer with a counter-rotating ring outside the oxidation
and reduction sections. A shrinking core particle model is
used to account for the reaction and diffusion processes
occurring on the scale of individual particles, and reacting
particles are embedded within an inert solid matrix through
which reacting species and heat diffuse.73 Therefore, using
this FORTRAN model, we can obtain results that allow us
to develop a surrogate model for the CR5 (see Figure 9) that
can then be combined with surrogates for the remaining
units (developed using other codes or any commercial pro-
cess simulator) for plant-wide optimization.

Superstructure modeling implementation

The optimization models presented in this article were
written in GAMS using compact equations blocks per equip-
ment type, and network connectivity using stream-equipment
incidence sets. As shown in Figure 7, the use of proper inter-
facing between ASPEN PLUS and GAMS, and MATLAB
and GAMS (see MATLAB and GAMS: Interfacing Optimi-
zation and Visualization Software, by Michael C. Ferris;
http://www.cs.wisc.edu/math-prog/matlab.html) allows the
automatic information transfer between the major calculation
operations, a prerequisite to make the methodology practical.

Applications

Example #3: Solvent regeneration unit

Consider the solvent regeneration column presented in
Figure 10 for an amine-based carbon capture system. The
system has five components (O2, N2, CO2 H2O and MEA);
that is, NC ¼ 5. The column has one feed, one partial con-
denser with total reflux, one partial reboiler, and five equilib-
rium stages (N ¼ 5). A rigorous MESH model for a simple
isobaric distillation column like this one has N(3NC þ 5) þ

Figure 8. Amine-based CO2 capture unit.

(a) Use of surrogate models at the unit operation level (|IS|þ |DS| ¼ 99), (b) Use of a surrogate for the whole system
(|IS| þ |DS| ¼ 33).

Figure 9. CO production and extent of reaction in the
CR5 subsystem model as a function of rota-
tion ring speed and fraction of reactive mate-
rial.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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2 equations (including the summation of mol fractions for
the feed stream as well as the thermo equations to calculate
K-values and stream molar enthalpies) and N(3NC þ 5) þ
(NC þ 4) þ 3 variables (including the K-values and molar
enthalpies for every stage and every stream), leading to NC
þ 5 degrees of freedom. This leads to a total of 102 equa-
tions and 112 variables, 10 of which are independent (e.g., 5
feed component flows, feed temperature, feed pressure, col-
umn pressure drop, condenser temperature, and boil up ra-
tio).

An approach that is often used to generate computation-
ally tractable methods is to use simplified unit models. For
example, in the case of distillation columns, a popular sim-
plification comes with the use of ideal thermodynamics,
where the K-values are independent of composition, and
mixing effects are not considered in enthalpy calculations.
Although these models can be useful in addressing simple
ideal problems, their quality in general can be rather poor
(e.g., ideal models cannot be used to describe amine regener-
ation, a case where the mixtures are highly nonideal). Our

approach does not suffer from this limitation because regard-
less of the complexity of the unit models used to generate
unit surrogates, the form of the surrogates is exactly the
same and their size is similar. Most importantly, surrogate
models generated using detailed unit models can be substan-
tially less complex and more accurate than unit models using
simplified thermodynamics.

To illustrate this point, we compare a MESH model with
ideal thermodynamics against a surrogate model for the col-
umn in Figure 10. Considering a fixed number of trays, a
standard surrogate model for this column in the form pre-
sented in Table 3 will include the same 10 independent vari-
ables of the rigorous model and 16 expressions to calculate
the connecting dependent variables (outlet stream state varia-
bles, plus condenser, and reboiler duties). The surrogate was
built considering the Is domain presented in Table 1.

The multivariable mapping of the surrogate is an ANN
with two hidden layers including 15 neurons each (with the
tanh(�) activation function), and an output layer with nine
linear neurons (because the number of dependent variables
in the multivariable mapping section of the surrogate is only
9). It was built from sample points calculated using a MESH
model in ASPEN with the amine thermo package. All calcu-
lations were performed in a PC with an Intel(R) Core(TM)i7
CPU 920 @ 2.67 GHz. The generation of the 1024 sample
points used took 140 s, whereas the training of the network
took 144 s. Figure 11 represents the postregression analysis
for two important dependent variables: reboiler duty and bot-
toms CO2 flow. These two variables where selected as they
are related to the tower regeneration capabilities and its
operational cost. As shown, the agreement between the
detailed MESH model and the surrogate is very good, with a
maximum deviation of about 2% of the variable range.

A similar analysis is presented in Figure 12 for a MESH
model with ideal thermodynamics. As shown, the values pre-
dicted for CO2 content in the bottoms are greatly underesti-
mated by the ideal model, whereas the deviations are not
very significant in the case of the reboiler duty. This is
expected as the major contribution of a nonideal amine

Figure 10. Amine regeneration column.

Figure 11. Postregression analysis of an amine regeneration unit surrogate.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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thermo calculation package is in the correct estimation of
CO2-MEA interaction. The enthalpy calculation of aqueous
amine solutions does not seem as challenging in cases like
the one presented here, where water is abundant.

Example #4: Synthesis of a reaction
separation—Recycle system

Consider the simple process superstructure presented in
Figure 13 for the production of maleic anhydride (MA) from
Benzene. It consists of five units: a CSTR (R1), a PFR (R2),
a flash tank (F), a splitter (S), and a mixer (M). The goal is
to find the reactor type (CSTR or PFR), reactor temperature
and volume, flash temperature and recycle fraction, maxi-
mizing the annualized profit, which includes revenue from
MA at current price (www.icis.com), capital cost as per
Guthrie57 and standard utility prices.

The system feed, kinetics, and annualized profit calcula-
tions are the same used previously to illustrate the construc-
tion of a surrogate model and its use in the optimal design
and operation of a CSTR. The detailed models in this case

were developed in MATLAB. The formulation involves the
reformulated surrogate models for the mixer (|IS| ¼ 7, |DS| ¼
7), CSTR (|IS| ¼ 9, |DS| ¼ 11), PFR, (|IS| ¼ 9, |DS| ¼ 11)
and flash tank (|IS| ¼ 9,|DS| ¼ 15). The optimization was
performed using GAMS 22.5 – DICOPT. The optimal solu-
tion involves a 40 m3 PFR at 680 K, a flash unit at 333 K,
and recycle stream that is equal to 46% of the flash vapor
stream. All calculations were performed in a PC with an
Intel(R) Core(TM)i7 CPU 920 @ 2.67 GHz. The bound
updating loop was performed only once. The times required
for the generation of the surrogate were 82.3 s for the
CSTR, 42.3 s for the PFR, 230.1 s for the flash unit, and
30.1 s for the mixer. The time required for the solution of
the simplified optimization model was 4.33 s.

Conclusions

Although theoretically powerful, superstructure-based
methodologies have not yet been widely adopted mainly due
to the mathematical complexity of the resulting mathematical
programming models. To address this challenge, we pre-
sented a strategy where complex unit operation models are
replaced with compact yet accurate surrogate models that are
generated using commercial process simulators (e.g.,
HYSYS, ASPEN Plus). The article discussed a variable anal-
ysis approach for the design of effective surrogate models
and standard models for all common unit operations. We
also presented how accurate surrogates can be generated
using highly sophisticated unit models, and how superstruc-
ture representations can be formulated as MINLP models
incorporating the proposed surrogate models. Finally, we dis-
cussed aspects concerning the effective solution of the result-
ing models.

The proposed strategy has three major advantages. First, it
leads to accurate superstructure optimization models that are
not prohibitively large. Most importantly, it results in unit

Figure 12. Effect of ideal vs. real thermodynamics in a distillation column MESH model.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 13. Maleic anhydride process superstructure.
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models that are simpler and yet potentially more accurate
than models currently used in superstructure approaches.
Second, it offers a high-level modeling framework that
allows the uniform formulation of different unit operations,
thereby facilitating the study of processes whose unit models
have been developed using incompatible tools. Third, it leads
to formulations that involve a single type of nonlinearity,
which implies that special-purpose solution algorithms can
be developed to address realistic process synthesis problems.
Therefore, we believe that the proposed framework lays the
foundation for significant advances in the area of process
synthesis.

Notation

Indices and sets

c [ C ¼ component
i [ I ¼ unit model variable
j [ J ¼ unit model equation
k [ K ¼ neural network layer or MLP layer index
r [ R ¼ reaction
s [ S ¼ stream
u [ U ¼ process unit
CUM ¼ unit model connecting variables
DUM ¼ unit model dependent variables
DS ¼ surrogate model dependent variables

FUM ¼ unit model fixed variables
IUM ¼ unit model independent variables
IS ¼ surrogate model independent variables

NUM ¼ unit model natural independent variables

Subsets

DS
* ¼ surrogate dependent variables calculated using the

nonlinear multivariable mapping
Su ¼ streams of unit u
S
I
u ¼ inlet streams of unit u

S
O
u ¼ outlet streams of unit u

SPD ¼ superstructure product streams
S
RM ¼ superstructure raw material streams

U
AC ¼ simple absorption columns
U
C ¼ conditional units

UCE ¼ compression-expansion units
U
DC ¼ simple distillation columns

U
EV ¼ expansion valves

U
FV ¼ flash vessels

UHC ¼ heater-coolers
U
M ¼ stream mixers
U
P ¼ permanent units

U
S ¼ stream splitters

UR ¼ reactors

Variables

(A/P) (---) ¼ inverse annuity factor
Bru (---) ¼ boil-up ratio of distillation unit u

Cc,s (kmol/m3) ¼ molar concentration of component c in stream s
CCu (USD) ¼ capital cost of unit u

COPu (USD/yr) ¼ annual operating cost of unit u
Du (m) ¼ internal diameter of reactor u

DPu (kPa) ¼ pressure drop of unit u
DPu (kPa) ¼ pressure increase of unit u

eu (--) ¼ isentropic efficiency of compression unit u
Fc,s (kmol/h) ¼ molar flow rate of component c in stream s
hs (kJ/kmol) ¼ molar enthalpy of stream s

Lu (m) ¼ length of reactor u
Nru (--) ¼ number of rectifying stages in distillation column u
Nsu (--) ¼ number of striping stages in distillation column u
Nau (--) ¼ number of absorption stages in absorber u
ns,u (--) ¼ split fraction for stream s in splitter u
Ps (kPa) ¼ pressure of stream s

Qu (kJ/h) ¼ heating duty of unit u
rr [kmol/(m3 h)] ¼ rate of reaction r

Tcondu[K] ¼ Condenser temperature of distillation unit u
Ts (K) ¼ temperature of stream s
Tu (K) ¼ temperature of unit u

uk ¼ ANN outlet vector of layer k
ts (m

3/kmol) ¼ molar volume of stream s
Vu (m

3) ¼ internal volume in reactor u
Wu (kW) ¼ power consumption/generation of unit u
xc,s (--) ¼ mol fraction of component c in stream s
xij (--) ¼ matching binary for variable zi and equation ej

Xr,u (kmol/h) ¼ extent rate for reaction r in unit u
yi (--) ¼ selection binary for variable zi in IUM
Yu (--) ¼ activation/deactivation Boolean variable for unit u

wu ¼ vector grouping unit u operating variables (e.g.,
pressure drop, heat duty and volume in the case of
an isothermal CSTR)

Parameters

A ¼ {aij} ¼ incidence matrix of variables zi in equations ej
bk ¼ ANN bias vector of layer k

UL
k ¼ lower bound on outlet vector of layer k

UU
k ¼ upper bound on outlet vector of layer k

mr,c ¼ stoichiometric coefficient of component c in reaction
r

ps (USD/kmol) ¼ molar price of stream s
ui ¼ selection preference coefficient for variable zi
Wk ¼ ANN weight matrix of layer k
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