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A new methodology that includes process synthesis and control structure decisions for the optimal process and control
design of dynamic systems under uncertainty is presented. The method integrates dynamic flexibility and dynamic feasi-
bility in a single optimization formulation, thus, reducing the costs to assess the optimal design. A robust stability test is
also included in the proposed method to ensure that the optimal design is stable in the presence of magnitude-bounded
perturbations. Since disturbances are treated as stochastic time-discrete unmeasured inputs, the optimal process synthe-
sis and control design specified by this method remains feasible and stable in the presence of the most critical realiza-
tions in the disturbances. The proposed methodology has been applied to simultaneously design and control a system of
CSTRs and a ternary distillation column. A study on the computational costs associated with this method is presented
and compared to that required by a dynamic optimization-based scheme. © 2013 American Institute of Chemical Engi-
neers AIChE J, 59: 2497-2514, 2013
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Introduction

Current trends in global economy are driving industries to
produce high-quality products that can meet the clients’
demands at minimum cost and under stringent operational,
environmental and safety restrictions. Optimal process design
represents an attractive alternative to specify highly efficient
and integrated processes that can meet the production targets
and minimize product variability in the presence of external
disturbances and uncertainty in physical parameters. Process
synthesis analysis is one of the first tasks that needs to be
performed in process design and is aimed to specify, from a
given set of process flow sheets, the most suitable and eco-
nomically attractive process layout that can meet the design
goals. This activity has been traditionally performed using
process heuristics or from previous experience with similar
processes.1 Steady-state process simulators such as Aspen
Plus or PRO/II are extensively used at this stage of the
design to determine the most suitable process flow sheet that
can meet the production targets at a nominal (steady-state)
condition. Alternatively, a large-scale mixed-integer nonlin-
ear optimization problem (MINLP) can be formulated to
obtain an optimal process flow sheet at steady-state. In addi-
tion, uncertainty in the physical model parameters can be
added to the formulation to obtain an optimal steady-state
process design under uncertainty.2 Once the process flow
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sheet and the corresponding capacities of the key process
units has been specified, the process dynamics, the effect of
external perturbations to products variability and the compli-
ance with the process constraints are considered in the
design. That is, dynamic flexibility and dynamic feasibility
analyses are performed on the optimal steady-state process
design. It is often found that the process design specifica-
tions, e.g., the process flow sheet and the corresponding sizes
for the equipment, imposes a limitation on the dynamic oper-
ability of the process3 or it may produce violations to key
process, safety or environmental constraints. Although safety
overdesign factors can be added to the process units’ sizes to
accommodate product variability, this relaxation often leads
to the specification of expensive designs. Moreover, studies
have shown that the optimal steady-state process design may
return processes that are dynamically unfeasible, i.e., the sys-
tem cannot be operated in the transient domain.*’

Based on the aforementioned, there is a motivation to con-
sider the dynamic operability of the process in the early
stages of the design since the transient operation of the pro-
cess is largely affected by the specification of the process
flow sheet (process synthesis analysis) and the corresponding
process units’ capacities. Integration of process and control
design is becoming a widely accepted approach in both aca-
demia and industry. The key idea in integration of process
design and control, also referred to as simultaneous design
and control, is to obtain the optimal process design while
considering the steady-state and the dynamic operation of
the process in the presence of variability in the disturbances
and uncertainty in the physical parameters of the process.
Several approaches have been proposed to assess optimal
process and control design. Due to computational limitations,
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the first methodologies proposed in this field described the
behavior of the process using steady-state models or linear
dynamic models and made used of open-loop controllability
metrics to measure the performance of the systf:m.3’6_8 Only
a few of these controllability index-based methodologies
accounted for structural changes in the process flow sheet,”'”
or incorporated advanced control techniques within the anal-
ysis, e.g., model predictive control.'' Advances in computa-
tional sciences enabled the development of comprehensive
integration of design and control methodologies based on
dynamic optimization algorithms.lzf21 Dynamic optimiza-
tion-based methodologies are usually formulated as a two-
stage iterative decomposition algorithm. In the first stage, the
optimal process design and control configuration that meets
the process constraints at minimum cost in the presence of
specific (critical) realizations in an uncertain process disturb-
ance function is obtained. The disturbance function is a
time-dependent function that includes uncertain (critical)
model parameters. This stage, usually referred to as a
dynamic flexibility analysis, is usually formulated as a multi-
period MINLP. In the second stage, a dynamic feasibility
analysis is performed on the optimal design obtained from
the previous stage and is aimed to identify the critical real-
izations in the uncertain disturbance function that produce
process constraint violations during the dynamic operation of
the process. If process constraints are exceeded, then a new
dynamic flexibility analysis must be performed using the crit-
ical realizations in the process disturbances identified in the
dynamic feasibility test. This algorithm continues up until no
process constraints violations are observed in the dynamic
feasibility analysis. Methodologies based on dynamic metrics
computed from robust control theory,zz*28 normal vectors on
critical manifolds®~' and probability-based methods®” have
also been reported in the literature. Moreover, systematic
methods that apply process heuristics for process synthesis
analysis and reverse design algorithms have been proposed
for simultaneous of design and control.**> Furthermore, the
implementation of advanced control techniques such as
model predictive control (MPC) within the integration of
design and control framework are also available.**° An in-
depth review of the current approaches available for optimal
process and control design is available elsewhere.*' ™+

The aim of this article is to present a new methodology
for simultaneous process synthesis and control structure
design. In the proposed approach, dynamic flexibility and
dynamic feasibility are evaluated simultaneously, i.e., a sin-
gle-optimization formulation is proposed to evaluate
dynamic flexibility and feasibility. Thus, this method does
not require a decomposition strategy as needed by the
current dynamic optimization-based methods.'?"'¢744 Like-
wise, this methodology obtains an optimal design that is
feasible in the presence of the most critical time-discrete
realizations in the disturbances. That is, this methodology
does not make any assumptions about the disturbances’
dynamics, i.e., it treats disturbances as stochastic bounded
perturbations. To the authors’ knowledge, this is the first
method that proposes a formulation for optimal process syn-
thesis and control structure selection that simultaneously
evaluates dynamic flexibility and dynamic feasibility in the
presence of the worst-case (critical) time-trajectories in the
disturbances. Moreover, process stability is fundamental to
ensure the safe operation of a system in the presence of dis-
turbances. In this work, a formal robust stability test is
included in this method to ensure the process asymptotic
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stability in the presence of bounded disturbances. The
proposed simultaneous design and control methodology was
tested using a system of CSTRs and a ternary distillation
column system. These case studies were also used to investi-
gate the computational costs associated with this method.

The new algorithmic framework follows the work pro-
posed by the corresponding author***#¢ that aimed to
address the simultaneous process and control design of sys-
tems with fixed process flow sheet and control structure. In
this method, structural decisions are explicitly included in
the analysis by proposing a new two-stage strategy for opti-
mal process synthesis and control structure design. In this
algorithm, the applicability of the worst-case performance
tool presented in**>° is extended for process synthesis and
control structure selection by embedding the tool within a
new formulation that evaluates the system’s dynamic flexi-
bility and feasibility simultaneously (Stage 1 in the proposed
algorithm). As shown in the first case study presented in this
work, suboptimal designs can be obtained when process syn-
thesis and control structure decisions are not formally
included in the analysis. Moreover, a computational efficient
method is presented here to compute the multiple critical
realizations in the disturbances simultaneously using com-
puter parallelization techniques. Furthermore, a rigorous ro-
bust stability analysis is formally included in this approach
(Stage 2 in the proposed algorithm) to ensure that the pro-
cess synthesis and control structure design obtained by this
method remains feasible and asymptotically stable under the
effect of bounded disturbances.

This article is structured as follows: the next section
presents the formulation proposed in this work for optimal pro-
cess synthesis and control design. The implementation of this
approach is illustrated in the section entitled: Case Study 1
using a system of CSTRs connected in series. In the section
entitled: Case Study 2, the simultaneous design and control of
a ternary distillation system using this methodology is pre-
sented. A study on the computational costs associated with this
approach and comparisons with a formal dynamic optimization
based method is presented in the section. Concluding remarks
are presented at the end of this article.

Mathematical Framework

This section presents the methodology proposed for
optimal process synthesis and control structure design. A
brief description of the tool used to calculate the worst-case
output performance is presented next. Then, the formulation
proposed for the simultaneous evaluation of dynamic flexi-
bility and feasibility is described. The robust asymptotic
stability test is presented at the end of this section.

Worst-case performance tool

The method used to specify the disturbances is central in
any optimization-based simultaneous design and control
method since it largely determines the approach used to
assess the optimal design. In this work, the disturbances are
defined as follows

d={d, (1), ...,dy(1), ..., dug(1) }
d, (1) ~ {dq(i)\dfow <d(i) < d;ﬁ} (1)
t=IiAt; i=0,

where the time vector ¢ has been discretized to reduce d € 3™
into a finite set; hence, d,(f) is approximated to a finite
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set of m piecewise constant realizations of the ¢™ disturbance

propagated through time; i and A¢ in (1) are the sampling
time and the sampling interval, respectively. d,(f) can be
reformulated as an uncertain parameter as follows

dy=dyomq*0d,
dw+di i —di™ ()
dnom‘,q = T 5 dq = T

where d,,, and 0d, are the nominal (steady-state) value
and the largest deviation expected for the q’h disturbance,
respectively. Thus, d, can take on values that satisfy descrip-
tion (2) at any time interval i. Description (2) can be
extended to the rest of the disturbances included in d. As
shown in (1) d4i7, dg’w, At and m are the specifications
needed to describe d,. Note that the dependence of d, on
t in (2) was dropped to simplify notation. Also, note that the
description for d, in (2) is not limited to follow a
user-defined function as it is proposed in previous methods
that included process synthesis and control structure
design.12714’]6721’37 The approach proposed here aims to
address that limitation by searching for the optimal process
synthesis and control design that can accommodate the criti-
cal time-discrete realizations in the disturbances that comply
with (2), i.e., this method searches for the critical realiza-
tions in the disturbances that produces the worst-case
increase (or decrease) in the process outputs, i.e., the worst-
case performance. The worst-case performance tool used in
this work has been considered in previous methods that did
not include structural decisions in the analysis.23’45’46 This
work extends and improves the applicability of that tool by
adding process synthesis and control structure decisions
within the formulation and by presenting a new parallel
algorithm that enables the efficient evaluation of the worst-
case performance. As shown in the first case study, process
flow sheet decisions are essential to specify optimal process
designs. Moreover, the parallel algorithm proposed in this
work reduces significantly the computational costs associated
with this method (see the computational performance sec-
tion). A brief description of worst-case performance tool is
presented next; a detailed description of the worst-case
performance tool is given in*>4,

In the worst-case performance method, the closed-loop
nonlinear dynamic behavior of the process is represented by
a finite impulse response model, which model parameters are
bounded by upper and lower limits, i.e., an uncertain finite
impulse response (UFIR) model. This uncertain model is as
follows*34

N
FapkA1)= hig(k=i+1)d, (i)hi g (k—i+1)
i=0
= (i (k=i+1)=8hi g(k=i+1), b g (k—=i+1)+0h; g (k—i+1)]
3)

where d,(i) is defined in Egs. 1 and 2; y (k+1) is the p"
output (in deviation form) due to a change in the ¢ disturb-
ance at the (k+ 1)” sampling interval. The set §p R,
contains the individual UFIR models that describe the
dynamics between each disturbance included in d and the
output p around a nominal operating state specified by &.
hi4(k-i+1) is the uncertain impulse response model
parameter at the (k-i+1)™" sampling interval. As shown in
(3), hig(k-i+1) is defined in terms of hig(k—i+1) and
Ohi4(k—i+1), which are the nominal value and the
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uncertainty associated with the impulse response coefficient.
As shown in (3), h; (k-i +1) can take on values that are
bounded by the interval defined by h;,(k-i+1) and
oOhi 4(k—i+1), respectively. Hence, the UFIR model (3) can
be considered as a family of linear impulse response models,
each evaluated at a particular combination in the impulse
response model coefficients. The uncertain terms
Ohi4(k—i+1) is used in this method to capture the system’s
response to changes in the disturbances. That is, these uncer-
tain terms are used to describe the variability in the output
that cannot be accurately described using nominal impulse
response model coefficients, i.e., using only a linear impulse
response model. Accordingly, the uncertain model parameters
oOhi 4(k—i+1), do not represent the uncertainty of an explicit
model parameter or neglected dynamics in the actual process
model equations. Instead, these uncertain terms are used by
the UFIR model to represent the actual nonlinear process
model in closed-loop and therefore to account for the nonlinear
dynamic behavior of the system due to changes in the distur-
bances. Note that the only inputs to the UFIR model are the
disturbances; thus, model (3) is obtained around a reference
state (§), and it is only valid in the vicinity of that operating
state. Assuming 7, process outputs, a total of n,1; UFIR mod-
els such as (3) need to be identified around (§) to obtain a
complete description of the process model. Each finite impulse
response model is expected to capture the process dynamic
characteristics between a process output, e.g., p, and a disturb-

ance, e.g., ¢, (9 qyp). The algorithm proposed in this approach

to identify UFIR models is as follows:

1. Define a nominal (steady-state) operating point (§) at
which the finite impulse response model needs to be
identified. The operating state & is specified by the set
of optimization variables included in the optimal pro-
cess and control design formulation. In addition, define
the maximal change expected for each disturbance con-
sidered in the analysis, i.e., dd,, as it is shown in (2).

For each process output p considered in the analysis:

2. Design an excitation signal, e.g., a white noise signal
or a pseudorandom binary signal (PRBS), for the n,
disturbances considered in the analysis. This input
signal has to be designed based on the dynamic charac-
teristics of the process in the vicinity of the nominal
operating point &. Guidelines to design meaningful
excitation signals are discussed elsewhere.*’

3. Simulate the closed-loop dynamic behavior of the process
using the n, excitation signals designed for the disturbance
set d. As shown in Figure 1, the simulation that describes
the variability of a process output due to the changes in
the n, disturbances is performed in tandem, i.e., one excita-
tion disturbance signal is used to simulate the process at a
time, while the rest of the disturbances are set to their con-
stant (nominal) values. Then, another excitation disturbance
signal is used for simulations, while the other disturbances
remain at their nominal value. Although this approach
requires additional programming for its implementation,
this procedure improves the computational efficiency in the
identification stage. As it is discussed in the section enti-
tled: Evaluation of the worst-case performance using a par-
allel algorithm, the implementation of this procedure
enables the simultaneous evaluation of multiple process
outputs, which improves the computational efficiency of
this method (see the computational performance section).
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Figure 1. Simulation approach for the identification of UFIR models.

4. As shown in Figure 1, the data set collected from the
simulations is subdivided into n, data arrays; each
array contains the response of the p” process output to
changes in a specific input disturbance. Each input-
output data array is then used to fit a linear impulse
response model using standard systems identification
techniques such as the least-squares method.*’ The
variance in the model parameter estimates, usually
specified by the covariance matrix, can be used to rep-
resent the uncertainty of each of the model parameters
included in the finite impulse response model, i.e.,
oh; ;. Accordingly, this identification test returns n,
UFIR models; each uncertain model is an element in
yp. Each model describes the dynamic behavior
between a specific disturbance, e.g., dg, and the p’h out-
put, i.e., ¥,

5. Repeat steps 2—4 up until the n, outputs considered in
the analysis have been evaluated.

The largest variability in y, due to changes in d, ie.,

the worst-case performance in output p, can be obtained as
follows

maxq ||y,

S't' yp:f(x'7x7 ‘|I7 Tl? V’ c7 d7 t) (4)
h(¢,c,@,h,u,1)=0
t=0,1)

where the functions f and & represent the process nonlinear
model and the controller equations considered in the analy-
sis, respectively. The variable y, contains the response of the
p™ process output to a particular time-discrete realization
in d and is a function of the states of the closed-loop
system, i.e., X and ¢, the process design variables of type
real (n), the process synthesis or design variables of type
integer (), the set of binary variables that specifies the
control structure (®), the nominal (steady-state) operating
conditions in the process outputs (v), the nominal (steady-
state) values in the manipulated variables (u), the controller
tuning parameters (L), and the disturbances (d) affecting the
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process. Discretization techniques can be implemented in (4)
to reduce this problem into a multiperiod (finite) stochastic
optimization problem. Problem (4) assumes that \, 1, ®, v,
u, A, remain fixed during the calculations; thus, problem (4)
needs to be embedded within another optimization formula-
tion (usually an MINLP) that considers the process design
and control decisions as optimization variables. At each iter-
ation step in the outer (MINLP) optimization problem, the
worst-case performance for each process output needs to be
calculated using problem (4), which is a computationally in-
tensive task. Thus, the implementation of that approach for
the optimal process synthesis and control design of large-
scale systems may result in prohibitive computational times.
The main limitation in (4) is that f is usually described by a
set of nonlinear differential equations. On the other hand, the
UFIR model (3), which represents the closed-loop process
dynamics, i.e., f and & in (4), is linear with respect to the
model parameters. Thus, tools from robust control analysis
can be used to reformulate problem (4) as a robust formulation
that enables the computation of the worst-case performance
using uncertain models such as (3). Hence, the worst-case
performance output for p around a current state &, i.e., ¥, can
be calculated if (4) is rewritten as a mixed structured singular
value problem, i.e.

max [$plle < v = mM)=y, =0 5)

where 7, is a real positive scalar and ) is the value in y;
Yp Yp Y

that satisfies the equality constraint shown in (5). The scalar
y;f,p represents a bound on the worst-case performance on
output p due to changes in d. The first term in left-hand-side
in the equality constraint in (5) is referred to as the p-analy-
sis problem, i.e., s, (M).**° The two inputs in g-analysis
are the interconnection matrix M and the perturbation block
A. The elements of M are functions of the UFIR model pa-
rameters, i.e., h;,(k—i+1) and oh; ,(k—i+1), the disturban-
ces d, and the parameter 75,0 whereas the diagonal elements

of A denote the uncertainty associated with realizations in d,
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and the uncertainty in the impulse response coefficients. The
elements in A are the unknowns in the p-analysis calcula-
tion.*®*° The structures of M and A are shown online in the
supplementary material (Section A). To obtain y;f,p from (5),

a numerical method for finding roots needs to be imple-
mented. The method iterates over 7, until a value that satis-

fies the equality criterion (7) is found, i.e., y;f, . The critical
»

profile on each of the process disturbances that generates the
worst-case performance of the output p can be obtained as
follows*>4°

di=y; Mis - A; ©)

where M3 is an element of matrix M, whereas A} repre-
sents the solution obtained from p-analysis calculation when
y;,p=y;ﬂ (see Eqs. A.2 and A.6 in the supplementary mate-
rial); d;; contains the time-discrete realizations in the distur-
bances that produce the worst-case performance for the
output p. Hence, the actual worst-case performance in
¥(Vwep) can be obtained from simulations of the complete
mechanistic closed-loop process model, represented by f and
h in problem (4), using d;, as input. The equality constraint
formulation presented in (5) represents the worst-case per-
formance tool implemented in this work to identify the criti-
cal realizations in the disturbances that produces the actual
worst-case performance in the process outputs. Note that
parametric uncertainty can also be included in this analysis
by embedding the structured singular value formulation
shown in (5) within an optimization formulation that aims to
search for the value in the uncertain parameter that generates
the worst-case performance in a process output. Additional
remarks regarding the worst-case performance tool are pre-
sented online in supplementary material (Section A).

Evaluation of the worst-case performance using a
parallel algorithm

The computation of )7 and d; requires the identification
. 4 . .
of multiple UFIR models around a nominal operating state
€. Hence, the computation of y;f and dl*) may become inten-
P

sive depending on the size of the system. Nevertheless, the
identification method shown in Figure 1 for the UFIR
models enables the simultaneous evaluation of multiple
worst-case performance process outputs. Accordingly, the
procedure outlined earlier for the identification of the uncer-
tain model (3), and the corresponding computation of y;f,p, dl*]

and y,,.p, can be implemented using computer parallelization
techniques. Figure 2 presents the algorithm proposed here to
perform the simultaneous evaluation of the worst-case per-
formance for n, outputs. As shown in Figure 2, the computa-
tion of the worst-case performance on the process outputs is
performed individually using a CPU with multiple cores.
The first step in the algorithm is to design ngn, excitation
signals. Then, the simultaneous identification of n, UFIR
models, each describing the dynamics between the disturban-
ces d and a given output, e.g., ¥p, is performed using a CPU
with multiple cores. The individual identification of UFIR
models for each output is performed following the identifica-
tion procedure described above, and that is schematically
shown in Figure 1. Following Figure 2, bounds on the worst-

case performance for each output ¥, (yj‘), and its corre-
)

sponding critical time-discrete disturbance profile dj, are
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calculated simultaneously. The critical disturbance profile
obtained for each output d; is used as an input to simulate

the complete closed-loop process model, f and /; these simu-
lations are implemented in parallel since specific critical dis-
turbance profiles are obtained for each output and are
independent of each other. Accordingly, the actual worst-
case performance for each output is extracted from their
corresponding simulations. The computer parallel algorithm
presented in Figure 2 can be implemented in MATLAB®
using the parfor built-in function that executes parallel algo-
rithms on CPUs with multiple cores. The identification
method proposed for the UFIR models and the parallel algo-
rithm presented in Figure 2 represent an improvement to the
previous methods presented by Ricardez-Sandoval and co-
workers?>**#>%6 gince both the identification and computa-
tion of the worst-case performance were performed in a
serial fashion. Moreover, it can be shown that the corre-
sponding identification of a UFIR model followed by the
computation of the critical realization in the disturbances
that generates the worst-case performance is much less inten-
sive than the formal computation of the worst-case scenario
using problem (4).

Simultaneous dynamic feasibility and flexibility
formulation

Figure 3 illustrates the algorithm proposed in this work
to attain the optimal process synthesis and control design of
dynamic systems in the presence of the critical time-
discrete realizations in the disturbances. As shown in that
figure, an iterative approach is needed to ensure that the
optimal process and control design remains feasible and
stable in the presence of bounded disturbances. In the first
stage, a simultaneous dynamic flexibility and feasibility
analysis is performed to identify an optimal process and
control design alternative that remains feasible in the pres-
ence of critical realizations in the disturbances. A robust
stability test is performed in the second stage to evaluate
the asymptotic stability of the system obtained from the
first stage.

As show in Figure 3, a set Z is introduced in the
algorithm to store solutions obtained from the dynamic
flexibility and feasibility formulation that did not satisfy the
robust stability test (see the stability test section). This set Z
is defined as follows

Z={Z(1),.... ()} -
2(j)={V2(), ©z(j) nz (), ¥, (), Az () }

where Z(j) represents the solution set obtained from the
dynamic flexibility and feasibility analysis at the j’h iteration
step (see Figure 3) and that have not complied with the ro-
bust stability test. The formulation shown in (8) is included
in the dynamic flexibility and feasibility formulation to avoid
the reselection of solution sets that were identified as unsta-
ble by the robust stability test. Z; is a smooth approximation
function used to exclude from the dynamic flexibility and
feasibility analysis those process and control designs that
have been identified as unstable. The inequality constraints
shown in (8) on m, y and A become active when a process
design alternative () and a multiloop control scheme ()
selected in the dynamic flexibility and feasibility analysis are
the same to that included in any of the solution sets in Z.
M, is a sufficiently large number. The tolerance criterion pa-
rameters &,, &, and ¢, specify how far or how close the
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Figure 2. Algorithm for the simultaneous evaluation of dynamic flexibility and dynamic feasibility.

dynamic flexibility and feasibility formulation is allowed to
select values for n, y and A for process flow sheets and con-
trol structures included in Z. Estimates for these parameters
depend on the desired accuracy in the solution and the com-
putational infrastructure available. Setting ¢,, &, and ¢;
between 0.05-0.1 seem appropriate for this analysis. For
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example, if the dynamic flexibility and feasibility analysis
selects a values in |y and ® that are the same as in Z(i),
i.e., W, (i), wz(i) then the constraints on m, y and A in (8) are
active and ensure that the solution obtained for m, y and A
by the dynamic flexibility and feasibility analysis is at least
5-10% different from that included in Z(i)
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Figure 3. Simultaneous process synthesis and control
design algorithm.
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Problem (9) presents the formulation proposed here to per-
form the simultaneous dynamic flexibility and feasibility
analysis in the presence of critical realizations in the distur-
bances. The optimization variables include the set of nonneg-
ative integer decision variables (), which specify the
process flow sheet superstructure; the set of binary decision
variables (®), which includes the different control configura-
tions considered in the analysis (control superstructure); the
set of continuous process design variables (1) that specify
the sizes of the units included in the process flow sheet
specified by \; the set of continuous process variables that
determine the operating state of the system (y); and the set
of the controller tuning parameters (A). The set y may
include the process set points, i.e., v in problem (4), and the
nominal values in the variables that can be adjusted to con-
trol the operation of the system, i.e., u in problem (4). The
set of decision variables in (9) define the system’s nominal
operating state & Following (9), y,,, € R" represents the
worst-case performance of those process outputs that are
included in the process constraints p and the cost function ®.
The elements in yy. are obtained from simulations of the
complete closed-loop process model in closed-loop (f and £).
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The inputs to those simulations are the critical realization in
the disturbances, e.g., d;, which produce the worst-case per-
formance in a process output, e.g., 9p To obtain d’, the identi-
fication of an uncertain model such as (3) and the search of yy
from the roots problem posed in (5) is required. Logical con-
straints on the set @ have been included in (9) to ensure that
the multiloop control configuration selected by the optimization
algorithm is feasible. Also, problem (9) includes the formula-
tion (8) to ensure that previous solutions that did not comply
with the stability test cannot be-reselected as optimal designs

min
t=thoyin C(V, @,y 1)

s.t.
ﬁ("‘(f)vx(f)>\|l,3’(l)a'| d),l eL
hi(€(t),¢(1), y(t), @, 1)=0,j € J

Pe(V,¥yem) <0,8€G

ey wN“M] (9)

d*={ fdl, d*}
wa:[ywc,lv-“ayw(',pv-~~-
constraints  (8)
y:{yayl S Yy Syu}
A={0 <A<y}

n:{n711[ S n S ’7,4}
Yyezt

7ywc,ny}

As shown in (9), p, represents the constraints that ensure
the feasible operation of the system. The worst-case perform-
ance tool can be employed to evaluate dynamic path con-
straints due to critical realizations in the disturbances. For
example, the following constraint represents a purity con-
straint in one of the distillates in a distillation column (see
case study 2 section)

xizf:";et _de(t) <0< xizl;%el _'XE?;(WC <0 10)
where x;"*" is a user-defined concentration target for a dis-
tillate, whereas x;,(f) represents the composition of that dis-
tillate at any time ¢ and that is calculated from the process
model equations f;. Thus, an UFIR model such as (3) that
captures the key process dynamics between the disturbances
d, e.g., random changes in the feed-stream composition, and
Xgis(f) needs to be identified. Recall that the UFIR model
captures the nonlinear behavior in x;,(#) due to changes in d
since each of the UFIR model coefficients are defined as
uncertain model parameters bounded by specific limits (see
definition (3)). Hence, the nonlinearities between x,;,(#) and
d are explicitly accounted for in the evaluation of that non-
linear constraint since the uncertain model, which is used to
obtain x"®*  captures the process nonlinearities between

iwe ?
these variables with the uncertain impulse response coeffi-
cients, i.e., 6h; (k-i +1) in (3). As shown in the worst-case
performance tool section, the p-analysis problem shown

in (5) needs to be solved first to obtain a bound on the
worst-case performance output for x;(f) (y;fw), and the

normalized time-discrete realizations in d that produces such
condition, i.e., A} (see (A.6) in the supplementary material).
The key entries to solve (5) are the UFIR model parameters,
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ie., hj,(k-i+1) and Oh; (k-i +1), and the maximal devia-
tions expected for the disturbances, dd (see definition (2)).
Both y} ~and A}, are used to calculate d;{m using (6). The
critical time-discrete vector is then used as input to simulate
the complete process model and controller equations using f;
and h;, respectively. The largest (worst-case) variability in

the positive direction for xg;y, (xg}';‘,"wl.) can be extracted from

max

the results of that simulation. The estimate for ¥, . is then
used to evaluate the purity constraint on this variable as
shown in (10). Although constraint (10) has an explicit linear
form, it is a nonlinear dynamic path constraint since is a
function of the process model (nonlinear) equations, e.g.,
X4is(t) behave in a nonlinear fashion due to changes in d. As
described in the worst-case performance tool section, the
UFIR models are only valid around a nominal operating
point defined by the optimization variables (&) in the simul-
taneous process flow sheet and control design formulation
shown in (9). Thus, UFIR models describing the dynamics
between the process outputs (or constraints), and the distur-
bances need to be identified for each new set of values in §
tested by the optimization algorithm used to solve (9).
Accordingly, a robust performance analysis, which deter-
mines the worst-case performance in the outputs or con-
straints (p,) due to critical realizations in the disturbances
using UFIR models, is conducted at each optimization step
via the solution of the structured singular value problem (5).
The UFIR model parameters /;,(k—i+1) and oh; ,(k—i+1),
are obtained from simulations of the actual nonlinear closed-
loop process model following the systems identification pro-
cedure described in the worst-case performance tool section.
Thus, the UFIR model coefficients are updated at every step
in the optimization calculations, i.e., the quantification of
uncertainty on each of the uncertain impulse response coeffi-
cients 0h;,(k—i+1), is recalculated at every optimization
step. As shown in the computational performance section,
this approach is more efficient than the direct computation of
the worst-case performance from problem (4).

Dynamic path constraints can also be formulated as func-
tions of multiple process outputs that may appear in a non-
linear form, e.g., a flooding restriction in a distillation
column that needs to be satisfied at time ¢

Dﬂood(t)chol < 0 (11)

where D, is the distillation column’s diameter; Dy,oq(?) is
the minimum column diameter required to avoid flooding in
the column and which is defined as a nonlinear function of
other time-varying outputs, e.g., the vapor flow rate, the
flooding velocity and the liquid and vapor mass densities
along the column. The nonlinear function, e.g., Dy,o4(f), can
be explicitly considered as a process output, and, thus, its
worst-case performance calculated using the procedure
described above for xg(7). However, the UFIR model
required to capture the process nonlinearities between Dj,oq
and d may generate large values in 6h; ,(k-i +1), which may
subsequently produce large worst-case performance estimates
for Dg,oq. An alternative approach consist in the independent
evaluation of the worst-case performance of each of the out-
puts included in the nonlinear function, e.g., Dgyoq(t). For
example, the largest variability in the vapor flow rate along
the column due to changes in the d is calculated using the
method described in the section. The rest of the outputs
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required to evaluate the nonlinear function are obtained in
the same fashion. The worst-case performances for the indi-
vidual outputs are then used to evaluate the nonlinear func-
tion, e.g. Dy,0q(?). Such evaluation returns an estimate on the
variability expected for the nonlinear function due to
changes in the disturbances. That is, this approach may not
return the worst-case variability for the nonlinear function,
e.g., Dgo0a(t), since the function is evaluated using the indi-
vidual worst-case performance outputs. Problem (9) can be
solved using the two alternatives proposed here and select
the design that suits the user’s requirements.

The optimal process and control design formulation shown
in (9) ensures that the entire operating range is dynamically
feasible since it accommodates the worst-case deviations
expected for the process operability constraints due to criti-
cal time-discrete realizations in the disturbances. On the
other hand, the performance of the control system obtained
by this method is expected to be conservative since the con-
straints are evaluated based on their worst-case deviations.
The controllers’ performance directly depends on the disturb-
ance dynamics, which are assumed to be the only inputs
affecting the system. Therefore, the major source of uncer-
tainty in this analysis is the uncertainty in the time-discrete
realizations in the disturbances, i.e., the disturbance dynam-
ics, which generates the worst-case deviation in the con-
straints and in the process outputs. The structured singular
value formulation shown in (5) aims to search, at every step
in the optimization calculations, for the critical time-discrete
disturbance profiles that generate such condition, i.e., the
worst-case performance. The computation of the worst-case
performance is then used to evaluate the compliance of the
constraints and the cost function in simultaneous process
flow sheet and control design formulation shown in (9).

As shown in the simultaneous design and control formula-
tion (9), the control structure (®) and their corresponding
controllers’ tuning parameters (A) are optimization variables
that are selected such that they minimize the total plant costs
and comply with the feasibility constraints in the presence of
the critical time-discrete disturbance realizations that produce
the worst-case deviations in the constraints. The worst-case
deviations in the constraints are evaluated using the UFIR
model, which represents the closed-loop dynamic behavior
of the system and that is identified from simulations. Thus,
the computation of the worst-case performance, and the cor-
responding evaluation of the constraints in problem (9), takes
into account the selection made by the optimization algo-
rithm used to solve (9) in terms of the control structure ()
and their corresponding controllers’ tuning parameters ().
Accordingly, the solution to problem (9) specifies a control
structure and their corresponding controllers’ tuning parame-
ters that maintain the system within its feasible limits in the
presence of the critical time-discrete realizations in the
disturbances.

Problem (9) is an MINLP complemented with dynamic
simulations of the complete closed-loop process model, i.e., [
and /& in problem (9). This formulation is different from
previous dynamic optimization-based methodologies since
they explicitly include as constraints the process model and
control equations, which are usually discretized using finite
element analysis or finite differences.'*'®%’ In this formula-
tion, the process model equations are implicitly included as
constraints and satisfied at the optimal solution since they
are used for the computation of the worst-case performance
in the process outputs, which are also satisfied at the optimal
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solution. Also, this formulation estimates the critical disturb-
ance set d* using a norm-bounded technique (u-analysis),
which is a convex problemso that is more computationally
efficient than the solution of a formal nonlinear optimization
problem (see computational performance section). This is a
new feature introduced by this algorithm since it enables the
simultaneous evaluation of dynamic flexibility and feasibil-
ity, i.e., evaluate the dynamic flexibility of a given process
flow sheet and control structure alternative by testing the
dynamic feasibility of that alternative using the critical real-
izations in d that produces the largest (worst-case) perform-
ance for the process outputs. To the authors’ knowledge,
problem (9) is the first formulation proposed to perform both
dynamic flexibility and feasibility simultaneously for optimal
process synthesis and control structure design.

Stability test

Problem (9) returns an optimal process flow sheet and con-
trol structure configuration that is feasible in the presence of
the most critical time-discrete realizations in the disturbances,
i, d". To ensure the asymptotic stability of the process and
control design obtained from (9), this methodology incorpo-
rates a robust stability test in the algorithm as shown in Figure
3. In order to obtain estimates for the system states, the
dynamic behavior of the complete closed-loop process model
needs to be represented as a state space model, i.e.

x—_Ax+Baq (12)
$,=Cx

where ﬂq represents the effect of the ¢ disturbance (in devi-
ation form) to the p’h output. The elements of matrices B
and C are assumed to be real scalars, whereas each of the
elements in the A state-space matrix (a;;) is assumed to be
given by a range of values defined as follows

A={a,-1,-\a,-,,- S deiéaiJ-} (13)

where a;; is the nominal value in the 7, element of the A
state-space matrix, whereas dg;; represents the uncertainty
associated with that element in the matrix A. As in the UFIR
model (3), the da;; are used to capture the nonlinearities in
the system states due to changes in the disturbances d. State-
space models with an uncertain matrix A can be also be
identified using the procedure described in the section.

The robust stability test proposed in this work is based on
the concept of Lyapunov theory’'™* and is as follows (the
complete derivation of the robust stability test is shown in
the supplementary material, Section C)

A(6)'Q+QA(0,) <0
0:{91, ceny 01, ...,027}

0, € {d,—d-—éa,-d-,é,-d--kéau}
Q=Q",Q>0

(14)

where 0 denotes the set of 2' vertexes specified by the differ-
ent combinations between the extreme values of each of the
a(i,j) elements in matrix A. Q is a positive definitive matrix
that is independent of the system states and is also known as
the Lyapunov matrix. The inequality constraint in (14) is a
finite set of linear matrix inequalities (LMI’s), each eval-
uated at the vertexes included in the set 0. The robust stabil-
ity test states that the system, with states are given by the
uncertain matrix A, is asymptotically stable if there exists a
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positive definitive matrix Q that satisfies the LMI’s shown in
(14). The uncertain parameters of the state-space model
shown in (12), i.e., da;; in (13), are the key inputs to evalu-
ate the process asymptotic stability in the presence of magni-
tude-bounded disturbances using the robust stability test
(14). The uncertain terms da;; are used to capture the sys-
tem’s nonlinearities due to changes in the disturbances and
do not represent the uncertainty in one (or a few) of the pa-
rameters of the actual process model equations. As in the
worst-case performance tool, the only inputs considered to
evaluate the closed-loop stability are the disturbances. Thus,
the major source of uncertainty in the stability test is also
the uncertainty associated with the time-discrete realizations
in the disturbances that may generate process instability.
Accordingly, a robust stability analysis using (14) is per-
formed on every optimal process flow sheet and control
design configuration obtained from problem (9) to ensure
that the system is asymptotically stable in the presence of
disturbances. Numerical subroutines that can efficiently eval-
uate LMIs similar to that shown in (14) are available, e.g.,
the LMI toolbox in MATLAB®.> Although condition (14)
may be added as a constraint in problem (9), this solution
strategy may only work for systems with a small number of
process units**?” since the stability test is computationally
intensive for large-scale systems. To reduce the computa-
tional costs, this method only implements the robust stability
test (14) on the solutions obtained from the dynamic flexibil-
ity and feasibility formulation, i.e., the stability test is per-
formed outside problem (9). This new approach introduced
by this algorithm (see Figure 3) ensures that the solution
obtained from (9) is asymptotically stable without the need
to sacrifice computational speed. Process stability is key in
optimal process design. Previous designs obtained by simul-
taneous design and control methodologies that did not
include a stability test have been found to be unstable.** In
addition, only a few methods have included a formal stabil-
ity analysis in their formulation.'®*7**

Following Figure 3, if the solution obtained from (9) at
the j’h iteration (§;) does not comply with condition (14),
then update (augment) the set Z shown in (7) with the set as
follows

Z()=8={V2(), 0z(), (), y,(); 2z(N} (15

The new (augmented) set Z is the key input to perform
the dynamic flexibility and feasibility analysis at the next
iteration, i.e., j=j +1. The set Z, embedded in (9) through
the formulation shown in (8), ensure that the previous pro-
cess and control design configurations, which were identified
as unstable, cannot be reselected as optimal from problem
(9). On the other hand, if condition (14) is satisfied for the
current set &;, then STOP, an optimal process synthesis and
control structure design that remains feasible and asymptoti-
cally stable in the presence of critical realizations in the dis-
turbances have been identified, i.e., é* =g,

Case Study 1: A System of CSTR’s connected in Series

The methodology presented in the previous section was
applied for the optimal process and control design of a sys-
tem of continuous stirred-tank reactors (CSTRs) connected
series. As shown in Figure 4, the process flow sheet super-
structure for this case study considers two CTSRs connected
in series and a maximum of two inlet feed streams. An
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Figure 4. Process flow sheet superstructure: System of CSTRs in series.

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

exothermic irreversible reaction that transforms reactant A into
product B is assumed to occur on both reactors, i.e., A — B.
The mechanistic model for this system is shown in (16). The
binary variable D determines the existence of the second
CSTR, whereas the binary variable R determines the existence
of a second inlet feed stream that enters the second CSTR,
ie., the set y in (9) is defined for this case study as
y={D, R}. Hence, this case study considers three process syn-
thesis decisions: (1) a single reactor with one inlet feedstream
(D=R=0), (2) two reactors with a single feed stream enter-
ing the first reactor (D =1, R =0), and (3) two reactors with
two feedstreams, each feedstream entering each reactor
(D=R=1). As shown in (16), the states of the system are
specified by the liquid level, the temperature and the concen-
tration of reactant A inside each reactor. Following (16), s
(0 < s< 1) denotes the feed flow rate for the first and the sec-
ond feedstream, respectively, E represents the activation
energy (83,145 J/mol), ko is the pre-exponential factor (7.2e-
10), R is the gas universal constant (8.3144 J/mol-K), C, repre-
sents the liquid’s heat capacity (0.239 J/g-K), AH, is the heat
of reaction (4.78e4 J/mol), ¥ is the density of the fluid (1e3
kg/m3 ). Furthermore, C4 (1 mol/L) and C4 s> (1 mol/L) rep-
resent the concentration of reactant A in the inlet streams

Vl =qr1—q1

(er)
_ qr1 (T[:l —Tl) + AHkoCA.lexp RT[
V1 19C17

—E

ol ()

CM:(IH( ACI A.I) —koCiexp RT,
1

V2=D(qr+qi )

Tl _Q('l

E
Tpo—T T\=Ty)  AHkoCaarex (_R_Tz>
qr2(Tra z)+611( 1 2)+ 0CA2€Xp

T,=D
g Vs Vs 9C,

_Q('Z

—E
CA'2=D ar (CA‘FZ_CA'Z) + 7 (CA~1 _CAZ) ——koCaexp <R_T2>

Va Vs
0.1=48.1909x,
¢1=10K2y/V{
Q(‘z =48. 1909DK3
¢2=10Dk4\/V;
qr1=qr(1—sRD)
qr2=qrsRD

16)
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Table 1. Optimal Process and Control Design Structure: System of CSTRs in Series

Optimal design: OD

One CSTR, one inlet stream: (PF1)

Two CSTRs, one inlet stream: (PF2)

Process flowsheet
Control Structure

D=1, R=1, s=0.52
(-T): Kc=-50.015, 1,=50
(-V i Ke=-0.1, 1,=0.89
(-Car: Ke=13.33, 1,=0.34
L‘4-V22 KC:-O.I, ‘L'1=0.97

Operating conditions T,"=470 K
C45'=0.01 mol/L

V,"=45.89 L
V, =138.34 L

Annualized Costs

CC ($/yr) 1,797.60

DPC ($/yr) 9,595.65

Dcsrr ($/yr) 11,393.24

D=0, R=0, s=0 (fixed)
£1-T11 KC:-IO, ‘51:4803
(-V: Kc=-0.088, 7,=0.0153

D=1, R=0, s=0 (fixed)
-T): Ke=-9.60, 7;=20.38
-V Ke=-0.1, 1,=0.0001
gj-CAzi KC:1336, TIZO.SO
§4-V2: KC:-0.00I, 1120274

T,"=499 K T,"=499 K
Ca, =0.01 mol/L Ca5'=0.01 mol/L
V,"=134 L V,"=39.59 L

V,"=351L
1,450.09 728.72
15,481.52 15,622.98
16,932.43 16,351.71

The control scheme considered for this case study is a
multiloop feedback control strategy composed of propor-
tional-integral (PI) controllers. As shown in Figure 4, the
manipulated variables for this process are the flow rates at
the outlet of each CSTR (¢, and ¢,) and the cooling heat
flow on each reactor, (Q.; and Q.,). The variables x; in (16)
are the control inputs for each manipulated variable. Like-
wise, the temperature, the liquid level, and the concentration
of reactant A on each reactor, i.e., T}, Vi, Ca, Ta, Vo, Cas,
are the controlled variables. The set of multiloop control
schemes considered for this process is as follows

. €nm
Cnm = Wpm
Tinm
6
Kp=Kpt E Ak
=1

m
AKnm = Wnm KCnm (enm + Cnm)

Cnm=Zpy " Znm

NP om<l  Ym=123 an
3! Do <1 Ym=4,56

S om<1  Vn=12

3 Do <1 Vn=34

Dpm = {07 1 }

where the binary variables w,,,’s specify a particular multi-
loop control structure (see problem (9)). The inequality con-
straints shown in (17) are the logical constraints shown in
(9) that ensure that only one manipulated variable can be
paired with one controlled variable in a control loop, i.e., it
guarantees the feasibility of the multiloop control structure
selected by the optimization algorithm. Following (17), the
subscripts n and m represent the manipulated and the con-
trolled variables for this case study, respectively. To simplify
the analysis, this control superstructure only includes control
loops between manipulated variables and controlled variables
located on the same process unit. Thus, m = 1,23 (T, Vi,
Cay) and n=1,2 (q;, Q.) represent the controlled variables
and the manipulated variables for the first CSTR, whereas
m=4,.5,6 (T,, V5, Cap) and n=34 (g,, O.») are the con-
trolled variables and manipulated variables for the second
CSTR, respectively. Hence, ® = {0,1}"™" contains 12 binary
decision variables, whereas the sets K¢ € ™" and
11 € R, the PI tuning parameters, consider 12 continuous
decision variables. k, is a nominal (steady-state) value in the
control input x,, whereas Ak,, denotes the control action.
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The flow rate and the temperature of each of the inlet feed-
streams included in the process flow sheet superstructure
(qr1> Tr1, qr2 and Tr) are assumed to be unmeasured varia-
bles that are subject to random fluctuations due to changes
in the upstream process. Thus, these inputs represent the dis-
turbances for this process and are defined as follows

d={qg, Tr1, qp,, Tr2}

ar1 ={qr1|qr1=200(1—sRD)*30(1—-sRD)} ~ (L/min)
Te ={Tr1|Tr1 =350%20}  (K)
A ={9r2|qr2=200sRD*30sRD}  (L/min)
Tr={Tr|Tr,=350+20}  (K)

(18)

The goal for this case study is to specify an optimal pro-
cess synthesis and control design that continuously produces
an outlet stream with a molar flow rate of product B of 198
mol/min. That is, the key design and control goal for this
process is to obtain an outlet stream that maintains B’s molar
flow rate close to its target value in the presence of random
fluctuations in the inlet feedstreams’ flow rate and tempera-
ture. Also, the concentration of reactant A at the outlet
(product) stream needs to be below 0.03 mol/L at all times.
Moreover, the maximum and the minimum allowed operat-
ing temperature for each reactor is 500 K and 400 K, respec-
tively. These temperature limits have to be satisfied at all
times in the presence of fluctuations in the feedstreams’ flow
rate and temperature. Section C in the supplementary mate-
rial shows the key steps to obtain the optimal process design
for this case study using this simultaneous process synthesis
and control design methodology.

Table 1 presents the results obtained for this case study.
As shown in that table (optimal design, OD), the method
specifies a process flow sheet that includes two CSTRs
together with two inlet feedstreams. Likewise, the simultane-
ous optimal design and control formulation specified four
control loops for this process; two PI controllers are used to
maintain the liquid levels in the CSTRs, whereas the other
two feedback loops maintain the reactors’ temperature within
their operability limits and the concentration of reactant A
close to its set point value (0.01 mol/L), which was obtained
from the solution specified by the decision variables set.
Figure 5 shows the worst-case performance obtained for the
process outputs at the optimal solution. As shown in Figure
5, the temperature inside each reactor complies with the
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Figure 5. Worst case performance in the process outputs: System of CSTRs in series.

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

process feasibility constraints specified for this variable,
whereas the concentration of reactant A at the product stream
(C4 ) oscillates closely to its set point value in the presence
of critical realizations in the disturbances. Also, the liquid
level on each CSTR fluctuates around their corresponding
set point values (see Table 1). The stability of the process
and control design specified by this method was verified by
simulating the design using high- and low-frequency signals
in the disturbances. No instabilities or constraint violations
were observed from those simulations. Thus, the solution
obtained by this method returned an optimal process synthe-
sis and control design that is dynamically feasible and
asymptotically stable in the presence of critical realizations
in the disturbances.

In order to compare the results obtained by this method,
this case study was relaxed and assumed that the process
flow sheet remained fixed in the calculations. That is, the
variables D and R, which determine the process flow sheet
structure for this case study, were fixed in the analysis.
Hence, the simultaneous design and control formulation
seeks for the optimal control structure and operating condi-
tions that complies with the process constraints at minimum
annualized cost (®cg7r). Hence, two additional optimal pro-
cess and control designs were performed in this case study.
The first scenario (PF1) involves a single CSTR with a sin-
gle inlet feedstream (D =0, R =0, s =0), whereas the sec-
ond scenario (PF2) specified a process flow sheet with two
CSTRs and one single feedstream (D =1, R =0, s =0). The
results obtained for each of these scenarios are presented in
Table 1. As shown in Table 1, the optimal designs obtained
for PF1 and PF2 are 32.71% and 30.32% more expensive
than that obtained when process synthesis decisions were
included in the simultaneous design and control formulation,
respectively. Although the optimal design found by this
method (OD in Table 1) specifies a capital cost that is
19.33% and 59.46% more expensive than that obtained for
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PF1 and PF2, the dynamic performance cost, which domi-
nates the process economics, was reduced in OD by almost
38%with respect to PF1 and PF2, respectively. The signifi-
cant savings in the case of the optimal process and control
design (OD in Table 1) is mainly due to the selection of the
process flow sheet structure, i.e., D =1, R = 1. This process
flow sheet allows a balanced distribution of the random fluc-
tuations in the inlet feedstream flow rates between the two
CSTRs, which reduce the variability in the liquid level, the
temperature and the concentration of A in the reactors. This
result is a clear indication that the process economics and
the process’ dynamic flexibility and dynamic feasibility are
directly influenced by process synthesis and control structure
decisions. Thus, process synthesis and control decisions are
activities that need to be integrated in a single formulation
for optimal process and control design, as it is considered in
this methodology.

Case Study 2: A Ternary Distillation Column
System

This section presents the application of the methodology
proposed in this work for the simultaneous process synthesis
and control design of a ternary distillation column, a typical
chemical process widely used in the industry. This second
case study is presented to demonstrate the effectiveness of
this method to perform the optimal process and control
design of challenging (complex) dynamic systems that are
subject to critical realizations in the disturbances.

A graphical representation of the process superstructure
considered for this case study is presented in Figure 6. The
goal for this process is to separate a mixture of toluene, n-
hexane and heptane into two streams with specific produc-
tion targets. As shown in Figure 6, the distillation unit
includes an overhead total condenser/reflux drum, a partial
reboiler and a cooler located at the bottom of the unit. The
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Figure 6. Process flow sheet superstructure: Ternary distillation unit.

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

distillation column considers N stages numbered from top to
bottom, i.e., stage 1 represents the total condenser/reflux
drum, whereas stage N represents the partial reboiler at the
column base. The distillation column’s feedstream contains a
mixture of toluene, n-hexane and heptane and may enter the
column at any stage between 1 and N. Following Figure 6,
the reflux ratio (RR) and the heat duty in the reboiler unit
(Q,.») are considered to be adjustable variables that can be
used to maintain the dynamic operability of this process
within specs. Likewise, the system under consideration
assumes that the composition of toluene at the top stream
(X/01,1) and the composition of heptane at the bottom stream
(Xnep,y) are variables that can be measured online and are
available for control. A multiloop control strategy composed
of feedback controllers of type PI was considered in the for-
mulation. A set of binary decision variables (®) are included
in the control superstructure formulation to specify the pair-
ings (control loops) between the manipulated variables and
the controlled variables considered for this system. More-
over, this analysis assumes that the total condenser located
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at the top of the column operates at a constant pressure
(Pona)- Therefore, P.,,; is considered as an optimization
variable in the simultaneous dynamic flexibility and feasibil-
ity formulation. This case study considers that the composi-
tion of heptane and n-hexane in the feedstream, i.e., Xjep feea
and Xy feeq» are random perturbations that cannot be meas-
ured online. Hence, Xjep feca aNd Xpey fecq TEpresent the distur-
bances (d) for this process. The feedstream operating
conditions, including the disturbance descriptions specified
for Xjep feea ANA Xjex foeq, are shown in Table 2.

The dynamic behavior of this process is represented by a
rigorous tray-by-tray mechanistic model that was adapted
from Mohideen et al.'? The complete process model super-
structure considered for this case study is given as supple-
mentary material (Section D). The distillation column model
describes the time-varying fluctuations of toluene, n-hexane
and heptane inside the column due to changes in the compo-
sition of the feedstream. The distillation column model also
includes tray-by-tray energy conservation balances that
describe the temperature distribution along the column at
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Table 2. Feedstream Data and Product Specifications:
Ternary Distillation Unit

Modeling aspects Process variables

Feedstream Temperature (Tf..,)=60 C
Conditions Flowrate (Ff..q)=600 mol/hr
Xhex,feed(t) =0.08% (sxhex,feed
thp,fccd(t) =0.12% 5xhcp.fccd
Xlol,feed(t): 1 ~Xhex,feed™Xhep,feed
5Xhex‘feed =0.008
5Xhep,feed =0.012
Product Distillates Bottoms
specifications D,;(t)> 72 mol/hr Bn()> 508
mol/hr

xhe,\.](t)z 0.45
Xpep,1()> 0.25
Xi01,1()< 0.015

xh('x,N(t)S 0.01
Xpep (< 0.09
Xeorn(0)> 0.90

any time due to changes in the process operating conditions,
e.g., changes in the reboiler heat duty due to sudden fluctua-
tions in the feedstream’s composition. The control super-
structure, also presented in supplementary material (Section
D), includes the two control schemes considered for this pro-
cess and their corresponding controllers’ tuning parameters,
ie., K¢ € R*? and 11 € R*2. The two set points considered
in the control superstructure are the composition of toluene
at the top stream and the composition of heptane at the bot-
tom stream, i.e., x;,,; and xZeP’N. As shown in Table 2, the
two outlet streams need to comply at any time with specific
product targets.

The goal for this case study is to search for the optimal
design and control structure that is able to maintain the
dynamic operation of the ternary distillation column within
limits, i.e., satisfy the outlet streams’ specifications, in the
presence of the most critical random fluctuations in the com-
position of n-hexane and heptane at the feedstream. The si-
multaneous design and control methodology presented in the
mathematical framework section was implemented on this
ternary separation system. The integer decision variables
considered for this problem are the number of stages in the
column (N), the feedstream stage (N.q) and the binary set
o, which specifies the multiloop PI control scheme. Like-
wise, the continuous decision variables are the pressure of
the condenser at the top of the column (P,,,y), the set point
for the composition of toluene in the distillate (x;,, ), the
set point for the composition of heptane at the column base

Xpepn )» and the PI’s controller tuning parameters, i.e., K¢
and t;1." The cost function specified for this process (D) is
presented in Section D of the supplementary material. The
function @, is defined in terms of the sizes of the process
units involved in the analysis, i.e., the distillation column’s
diameter, the number of trays, and the heat-transfer areas of
the reboiler, the cooler and the condenser units, and the costs
due to the water and steam consumption in the cooler, the
condenser and the reboiler units, respectively. To ensure that
the optimal process and control design is dynamically feasi-
ble in the presence of disturbances, this analysis incorporated
the product specifications at the outlet streams (see Table 2)
as dynamic path constraints in the dynamic flexibility and
feasibility formulation. These constraints are formulated as
shown in the mathematical framework section. For example,
the constraint shown in (19) is included in this case study’s
MINLP formulation to ensure that the composition of tolu-
ene in the distillates complies with the process specifications
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in the presence of critical realizations in the compositions of
heptane and n-hexane in the feedstream, i.e., Xjepfeeq and
Xpex feeq- The variable xt"o‘j‘l"w in (19) represents the worst-case
increase in the composition of toluene in the distillates due
to critical realizations in Xpep feeq ANd Xpey feeqs TESPECtively.
The evaluation of the worst-case performance of an output
variable due to changes in the disturbances has been explic-
itly described for the first case study in Section C of the sup-
plementary material. That same procedure is used in this
case study to evaluate the compliance with the process con-
straints in the presence of critical realizations in Xy feeq and
Xpex feeds T€Spectively

Xo1(1)—0.015 < 0 <= 1 —0.015<0 (19)

tol} e

The dynamic flexibility and feasibility (MINLP) formula-
tion specified for the ternary distillation unit was imple-
mented in MATLAB®. The built-in function ode23s>’ was
used to integrate the model and control equations that spec-
ify the process superstructure whereas the built-in function
gledirect was used to solve the resulting MINLP problem.

Table 3 shows the optimal process and control design
specified for this case study using the methodology presented
in this work. As shown in Table 3, a column containing 28
theoretical trays is needed to operate the ternary distillation
unit specified for this case study. The feedstream enters the
column at stage 22, whereas the optimal condenser pressure
is 0.9334 atm. The reflux ratio is used to maintain the com-
position of toluene at the top stream at its target value
whereas the composition of heptane at column base is main-
tained at its set point adjusting the partial reboiler heat duty.
Figure 7 shows the worst-case performance expected for the
composition of toluene, n-hexane and heptane in the distil-
lates. This figure shows that the optimal design specified by
this method maintains the products’ composition within their
limits in the presence of the critical realizations in the distur-
bances. As shown in Figure 7, constraint (19) is active at the
optimal solution. Similarly, Figure 8 shows that the con-
straints on the distillate and molar flow rates are also active
at the optimal solution. These results indicate that the opti-
mal design obtained by this method is dynamic feasible in
the presence of the most critical realizations in Xy, feq and
Xpexfeeas TeSpectively. Extensive simulations of the optimal
design were conducted to ensure that the resulting design is
stable in the presence of magnitude-bounded perturbations.

Table 3. Optimal Process and Control Design Structure:
Ternary Distillation Unit

Specifications

N=28
Nfeed =22

Doy =0.722m

Acona = 0.1795 m?

Aver, =0.1014 m?

Acoor = 0.0250 m?

.Xm[y/-RR: KC:-48.89, ’E,=O615
Ynepn-Oren: Ke=-35.55, 1,=0.725
P pna=0.9334 atm

X 011 = 0.0069

X pepn = 0.0733

Process design

Control Structure

Operating conditions

Annualized Costs

Capital Cost ($/yr) 33,581.17
Operating Cost ($/yr) 1,376.20
i ($/y1) 34,957.37
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Figure 7. Worst case performance in the distillates’ composition, Ternary distillation unit.

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

Therefore, the optimal design obtained for this case study is
ensured to be dynamically feasible and asymptotically stable
since it is able to accommodate the worst-case performance
expected for the key process outputs and maintain the stable
operation of the system under the influence of magnitude-
bounded changes in the disturbances. The results presented
in Table 3 also show that the capital cost dominates the pro-
cess economics for this case study. Thus, this method aims
to specify a system with the lowest number of trays and the
smallest units’ capacities that can comply with the process
constraints and product specifications in the presence of criti-
cal realizations in the feedstream’s composition.

This case study was also used by Mohideen and co-
workers'? to demonstrate the applicability of their simultane-
ous design and control methodology. Although the dynamic
tray-by-tray process model used in this work is the same to
that used by Mohideen,'? a full comparison between the
designs obtained by both methods is not possible due to the
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different assumptions made in solving this case study, e.g.,
the economic indicators in the cost function and the model
coefficients in the dynamic model were taken from different
sources. A qualitative comparison between the integration of
process and control design approaches is described next.
While Mohideen at al.’s methodology required the sequen-
tial solution of two MINLPs to perform the dynamic flexibil-
ity and the dynamic feasibility analyses, this methodology
performs both analyses simultaneously by solving a single
MINLP complemented with dynamic simulations of the
closed-loop process model. Although the closed-loop simula-
tion of the process at each iteration step may increase the
computational demands, this method enables the implemen-
tation of computer parallelization techniques, which reduces
the computational effort in the calculations (see the computa-
tional performance section). Therefore, it is expected that
this method 1is less computationally demanding than
Mohideen et al.’s approach. Due to the use of gradient-based
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Figure 8. Worst case performance in the product streams’ flow rates: Ternary distillation unit.

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

AIChE Journal July 2013 Vol. 59, No. 7

Published on behalf of the AIChE

DOI 10.1002/aic 2511


wileyonlinelibrary.com
wileyonlinelibrary.com

optimization methods, Mohideen’s method required the spec-
ification of a time-dependent disturbance function with
uncertain model parameters, e.g., a sinusoidal function with
unknown amplitude and frequency. The goal in their
dynamic feasibility analysis is to search for the critical val-
ues in the uncertain disturbance model parameters that gen-
erate constraint violations. Accordingly, the optimal design
obtained by that method may not be valid for cases when
the disturbance dynamics deviates significantly from the dis-
turbance function used to attain the optimal process design.
This method treats the disturbances as random time-discrete
variables that can take any value that is bounded between
upper and lower limits at a given time 7. Hence, this methodol-
ogy specifies a process design based on a more general disturb-
ance description since it does not limit the disturbance
dynamics to follow particular (user-defined) disturbance func-
tions. On the other hand, Mohideen et al.’s methodology evalu-
ates the dynamic feasibility test using the full nonlinear
dynamic process model whereas this method evaluates such
condition from the computation of the worst-case performance,
which is based on the identification of a UFIR model that is
only an approximation to the actual nonlinear closed-loop pro-
cess model. Therefore, the direct calculation of the worst-case
performance using the true process model may deviate from
that obtained by this method. However, the rigorous computa-
tion of the worst-case performance using a general disturbance
description is an intensive calculation that may become prohib-
itive for systems with a large number of states or process units.

Computational Performance

One of the key limitations in simultaneous design and
control is the computational demands required to obtain the
optimal design. The aim of this section is to present a study
on the computational costs associated with this methodology.
This analysis was performed on an Intel Core i7 CPU 930
@ 2.80 GHz (6.0 GB in RAM) with four physical cores.

The specification of the worst-case performance for a pro-
cess output, i.e., the set yy. in problem (9), represents the
key calculation in this method since it needs to the per-
formed as many times as process outputs and constraints are
included in the dynamic flexibility and feasibility formula-
tion. For example, case study 1 (system of CSTRs) requires
the computation of the worst-case performance for six (four)
process outputs when the binary decision variable D is set to
be 1 (0). These computations must be redone for every new
set of decision variables specified by the case study’s
MINLP optimization problem. Thus, the computation of a
single worst-case performance can be used as a metric to
estimate the computational costs of this approach. Hence,
this analysis determined the CPU time required to evaluate
the worst-case increase in the composition of toluene in the
distillate xg;;‘fr> i.e., see constraint (19). The variable
Xpoir,, Was evaludted using the optimal solution obtained for
the ternary separation system (see Table 3).

In order to evaluate the computational efficiency of this
method, an alternative approach based on the computation of
the worst-case performance using a formal dynamic optimiza-
tion formulation was considered in this study. In principle,
optimization problems similar to problem (4) need to be speci-
fied for every time-varying output that appears in the process
constraints and in the cost function of the optimal design and
control formulation. For example, x%* in (19) can also be

10l e
obtained from the following optimization problem
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max Xhep feed Xhex feed ”lel ||3o
st X =f (X X, N, Nieed Xpp1. 15 Xhep N> Xbiep feeds Xhexfeed s Peond t)
h(¢,c,®,Kc,t1,1)=0
1=10,1)
(20)

where f and / represent the model and control equations of
the process model superstructure specified for the ternary dis-
tillation unit, respectively. The solution to (20) returns the
critical time-discrete vectors in Xjep feeq ANd Xjey foeq that pro-
duces the largest variability in x,,,, ie., x5 . Eq. 20 was
solved in MATLAB® using finincon, a built-in function that
implements the sequential quadratic programming (SQP) algo-
rithm.”®> The CPU time required for the evaluation of using
both the method proposed in this work and dynamic optimiza-
tion was recorded. The CPU time ratio between the approach
presented in this work and the dynamic optimization scheme
is 1:24 in favor of this method. That is, the computation of
the worst-case performance using a dynamic optimization-
based method is 24 times more intensive than the approach
proposed in this work. Thus, the optimal design and control
of complex systems like the ternary distillation unit using a
formal dynamic optimization formulation for the computation
of the worst-case performance results in higher computational
costs than those required by this method. The worst-case per-
formance approach proposed in this work is based on repeated
systems identification and dynamic simulation of the process
model for every new set of values in the design variables (&)
selected during the optimization calculations. Also, the
dynamic optimization method used to solve problem (20) may
not be the most efficient solution approach, i.e., sequential
simulation and optimization. Thus, it is expected that the com-
putational costs obtained by this study for the dynamic opti-
mization problem may be improved when using other
dynamic optimization techniques. Furthermore, the solution of
these problems using other computational platforms, e.g.,
gPROMS, MUSCOD II, GAMS, may influence the outcome
drawn from this comparison.

A key feature introduced by this approach is that the compu-
tation of the worst-case performance can be done independ-
ently, thus, allowing the implementation of computer
parallelization techniques (see Figure 2). Therefore, significant
savings in computational costs can be expected when the opti-
mal process synthesis and control design method can be imple-
mented using parallel programming. To test the computational
benefits of this approach when using parallel programming, the
codes used to obtain the optimal process synthesis and control
design of the system of CSTRs and the ternary distillation unit
were parallelized following the algorithm presented in Figure 2.
The parallel codes were solved using parfor, a built-in function
in MATLAB® that enables the use of multiple cores in parallel
using multiple MATLAB workers.* Figure 9 shows the com-
putational performance of this method when using multiple
cores. As shown in (21), the computational performance speci-
fies the reduction in computational time when the optimization
function proposed by this approach is evaluated using multiple
cores. As shown in Figure 9, the computational costs decreased
by approximately 26% when four physical cores are used
instead of a single core

CPU time using n cores

Computational performance =1— - -
CPU time using one core

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

Due to the limitations on the number of physical cores
available, this study was not able to test the computational
demands using a larger number of cores. However, it is
expected that the optimal number of cores that can be used
in this method is directly proportional to the number of
worst-case performance outputs that need to be assessed per
function evaluation. That is, for the case of the ternary distil-
lation unit, the worst-case performance of 6 outputs is
needed to completely evaluate the cost function and the
constraints considered in that optimal design and control
formulation (see Figure 2). Thus, it is expected that using
six physical cores in the complete evaluation of the optimi-
zation function will return the optimal CPU time for this sys-
tem, i.e., using more than 6 cores for that case study may
not improve the computational efficiency in the evaluation
of the optimization function. The results presented in this
study can be used as a guideline to implement this optimal
process and control design methodology to other engineering
applications.

Conclusions

A new methodology that integrates process synthesis anal-
ysis and control structure selection for the optimal design of
dynamic systems has been presented. The key feature intro-
duced by this method is the simultaneous evaluation of
dynamic flexibility and feasibility for optimal process
synthesis and control structure design. Also, computer paral-
lelization techniques can be implemented, which makes this
method computationally attractive. Moreover, the norm-
bounded formulation used to assess the worst-case increase
(or decrease) in the process outputs allows a general descrip-
tion of the disturbances, i.e., disturbances are treated as
unmeasured random (stochastic) time-discrete inputs that are
bounded by lower and upper limits. Accordingly, the optimal
process flowsheet and control structure obtained by this
approach is robust since it can accommodate the critical real-
izations in the disturbances that produce the worst-case per-
formance in the process outputs. Furthermore, a robust
stability test based on Quadratic Lyapunov theory is included
in this methodology to ensure that the optimal design is
asymptotically stable for any of the magnitude-bounded per-
turbations considered in the analysis.

The methodology presented in this work was used to eval-
uate the optimal process and control design of a system of
CSTRs connected in series and a ternary distillation column.
A study on the computational costs using MATLAB revealed
that the evaluation of the worst-case performance using this
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method is at least 24 times more efficient than using a
formal dynamic optimization formulation. Also, the
computational costs of this method are significantly reduced
when the code that implements this simultaneous design and
control approach is executed in parallel using multiple pro-
cessors. Thus, this method is an efficient tool that can be used
for optimal process synthesis and control structure design.
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