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NOTA: El desarrollo de la tesis de grado de la maestría se presenta en dos artículos en donde se desarrollan los
objetivos propuestos. Los documentos constituyen cada uno de los capítulos de la tesis de grado. La numeración
de páginas, figuras, ecuaciones y referencias son independientes para cada capítulo.
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Objectives

a. General Objective

It is proposed the simultaneous design and control of and extractive distillation column for the production of fuel grade
ethanol using numerical optimization techniques.

b. Specific Objectives
-Analyze the dynamic model of an extractive distillation column.
-Obtain the optimal control of the extractive distillation column for the production of fuel grade ethanol.
- Propose one or several optimization strategies for the simultaneous design and control of the extractive distillation
column.
-Obtain an optimal design and of the extractive distillation column using the methodologies proposed.

General Introduction

The master graduation thesis was accomplished by developing two papers, which match the two chapters in the
present document. The first chapter is dedicated to the fulfillment of specific objectives 1 and 2. It contains the first
part of the thesis, where the optimal control strategy is developed for a given extractive distillation column
configuration. The second chapter is dedicated to develop specific objectives 3 and 4, having as starting point the
results contained in chapter one. Here, the studied distillation system is simultaneously designed and controlled by
using optimization techniques. It is important to note that each chapter is self-contained, i.e. all the information
referenced is explained in the same chapter and all references are independent.
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CHAPTER 1: Optimal Control of the Extractive Distillation for the
Production of Fuel Grade Ethanol.

5

Abstract

The extractive distillation of ethanol using glycerol as entrainer is studied in order to find its optimal control profiles
when the azeotropic feed is subjected to composition disturbances. The process is modeled by the DifferentialAlgebraic Equation (DAE) system that represents the dynamics of the equilibrium stages in the extraction column.
The model equations are solved by discretizing the time domain using orthogonal collocation on finite elements.
Initially, the effect of feed disturbances on product flow and quality is analyzed. Subsequently, a profit objective
function is formulated and the optimal profiles of the manipulated variables (reflux ratio and reboiler duty) are found,
subjected to quality constraints. The solution is obtained by solving the Nonlinear Programming (NLP) problem that
results from the discretization. The problem was solved in GAMS® using IPOPT as the nonlinear solver, testing two
different linear solvers, the Harwell subroutines MA57 and MA86. The optimal control strategy is compared to a
simple PI control scheme.

1. Introduction

Many governments around the world are moving to encourage production and consumption of liquid fuels from
biomass1, such as fuel grade ethanol2. Their objectives are to reduce oil dependence, to lessen environmental
pollution, and to promote agro-industrial production. These initiatives are turning ethanol produced from renewable
resources into the most popular substitute for gasoline3.
Ethanol is mainly obtained by sugar fermentation, a process that produces a mixture with a high content on water
and impurities. Fuel grade ethanol requires a molar composition of 0.995 in order to avoid a two-phase formation
when mixed with gasoline4. Among the most popular processes used in ethanol dehydratation there are the
following5,6: heterogeneous azeotropic distillation using solvents such as benzene, pentane, iso-octane and
cyclohexane; extractive distillation with solvents and salts as entrainers; adsorption with molecular sieves; and
processes that use pervaporation membranes. A comparison between the main ethanol dehydratation techniques is
available elsewhere (see Bastidas et al.6).
The purification of ethanol produced by fermentation implies an energetically intensive separation process, even
more when it is successfully accomplished by distillation. Distillation processes represent not only a high percentage
of the separation operations used in chemical industries but also have a strong impact on the total energy
consumption of the overall process5. For example, distillation consumes around 53% of the total energy used in
separation processes, which makes it the most energy-consuming unit operation7.
6

The separation of the ethanol-water mixture by conventional distillation is limited by the presence of a minimumboiling azeotrope. In order to obtain high purity ethanol by distillation, certain techniques have been developed to
alter the relative volatilities of the substances in the mixture that allow exceeding the azeotropic composition. Among
these techniques, the most commonly used are: vacuum distillation, azeotropic distillation, and extractive distillation8.
Recently, a research presented by Garcia-Herreros et al.9 proposed the design and operating conditions that
maximizes a profit function for the extractive distillation of fuel grade ethanol using glycerol as entrainer. That process
is aimed to offer the greatest economic benefit in stationary conditions. However, to maintain the optimal operating
conditions of the process, dynamics ought to be neglected. In practice, distillation processes are subjected to
disturbances and/or process transitions.
In order to establish the usefulness of the proposed process for the industrial production of fuel grade ethanol, it is
necessary to analyze its dynamic behavior and controllability. The dynamic stability of the extractive distillation might
represent a forceful advantage over the azeotropic distillation with benzene, the traditional method for the production
of fuel grade ethanol. The azeotropic distillation has proved to have high parametric sensitivity and the presence of
multiple steady-states10,11,12, which often implies low ethanol recovery13.
Several authors have studied the dynamic behavior and the control of other extractive distillation
processes11,14,15,16,17,18,19,20,21,22, as shown in Table 1. The evaluation done by Maciel & Brito20 of the dynamic behavior
of the extractive distillation of ethanol using ethylene-glycol as entrainer suggests good possibilities for the process’
control. Recently, Gil et al.5 proposed a control scheme to maintain stable operating conditions under feed
disturbances for the extractive distillation of fuel grade ethanol using glycerol as entrainer. However, no studies have
been reported on the optimal control of such processes, neither on the optimal control with economic considerations
i.e., finding the optimal response of the process subjected to disturbances that maximizes profit.

Author

Year

Optimization type

Solved in

Gilles et al. 14
Abu – Eisah
et al. 23
Rovaglio et
al. 11
Maciel et al.

1980

Simulation – Control
Optimization – Steadystate

Not reported

Distillation
type
Extractive

Not reported

Azeotropic

Energetic

1990

Simulation - Dynamic

Not reported

Azeotropic

n/a

1995

Simulation - Dynamic

Aspen Plus®

Extractive

n/a

20

1985

Type of objective function
n/a
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Ghaee et al.
18

2008

Arifin et al. 17

2008

Barreto et al.
21

2011

Gil et al. 5

2012

This article

2012

Optimization – Dynamic
(Stochastic)
Optimization – Steadystate
Optimization – Dynamic
(Stochastic)
Simulation – Control
Optimization – Dynamic
(Deterministic)

Not reported

Extractive

Conventional Control
(Parameter estimation)

Aspen Plus®

Extractive

Cost

Aspen Plus®

Batch extractive
Extractive

GAMS/IPOPT

Extractive

Matlab®

Profit
n/a
Optimal Control - Profit

Table 1. Comparison of different studies on the dynamics and control of extractive distillation.

The use of dynamic optimization implies finding the control profiles that minimize an objective function in a system
subjected to disturbances and/or transitions. In this work, the optimal control problem is solved by discretizing the
time domain through orthogonal collocation on finite elements24,25, which converts it into a large-scale, non-convex,
Nonlinear Programming (NLP) problem. This simultaneous approach has a greatly advantage over sequential
methods (see Biegler26 for further reference) because operability constraints may be added to avoid certain undesired
operation regions10, unstable systems can be modeled well27 and convergence of the optimization problem is
achieved faster26. Moreover, the solution strategy addressed in the present work aid to obtain very low solution times,
which are necessary when a Nonlinear Model-Predictive Control (NMPC) strategy is implemented in a real production
facility27–30. It should be noted that a NMPC control strategy has at its core the solution of an optimal control problem
as the one addressed in the present work. On the other hand, in order to tailor efficient predictions with an NMPC
control system the plant model has to be as rigorous as possible, considering model non-idealities (e.g. modeling the
liquid phase with the NRTL model), as it is addressed in this work.

2. Model of the Extraction Column

The separation of the ethanol-water mixture beyond the azeotropic composition in this research is achieved by
extractive distillation. The addition of an entrainer such as glycerol modifies the relative volatilities of the components
present in the mixture. It allows obtaining fuel grade ethanol as distillate and a water-glycerol mixture as bottom
product. The assumptions taken into account on this research in order to develop a dynamic model for the
aforementioned distillation column are the following:
-Thermodynamic equilibrium at each stage.
-Adiabatic operation.
-Ideal vapor phase.

8

-The NRTL model represents the behavior of the liquid phase.
-Total condenser and partial reboiler.
-There is no pressure drop in the reboiler.
-The residual thermodynamic properties are negligible.
-Constant total holdup in the condenser and in the reboiler.
-There is no vapor holdup in the condenser.

Figure 1. General extractive distillation column scheme.

The process is modeled as a series of counter-current separation stages. At each stage, liquid and vapor flows get
in contact in order to reach thermodynamic equilibrium as shown in Figure 1.

9

2.1.

Dynamic Mathematical Model.

Based on the assumptions made in the previous section, the mathematical model of the dynamic behavior of the
distillation column is based on the MESH equations. The process is described by total and partial mass balances
(M), thermodynamic equilibrium - equations (E), mole fraction summations (S), energy balances (H) and additionally,
holdup and pressure definitions. Let n denote the total number of stages in the column and NS  {1, 2,...n} is the
corresponding index set of the stages. Let nc denote the number of components in the system and C  {1, 2,...nc}
denote the corresponding index in the set of components. The subsets REB  {n}, COND  {1}  NS denote the
reboiler (stage n) and the condenser (stage 1), respectively. Additionally, let COL  {2,3,...n  1}  NS denote the
subset of stages between the condenser and the reboiler. In order to represent the dynamic behavior of the system,
the model includes the following differential and algebraic equations for each one of the subsets in the column:
-Total mass balance:

dM j
dt

 V j 1  L j 1  V j  L j  Fj , j  COL

dM j


1 
 V j 1  L j  1 
 , j  COND
dt
 RR 

dM j
dt

 L j 1  L j  V j , j  REB

M j (0)  M 0j , j  NS

Eq. 1

Eq. 2

Eq. 3

Eq. 4

-Partial mass balance:

dM c , j
dt

dM c , j
dt

dM c , j
dt

 V j 1 yc , j 1  L j 1 xc , j 1  V j yc , j  L j xc , j  F j zcf, j , j  COL, c  C

Eq. 5


1 
 V j 1 yc , j 1  L j  1 
 xc , j , j  COND, c  C
R

R 

Eq. 6

 L j 1 xc , j 1  L j xc , j  V j yc , j , j  REB, c  C

Eq. 7

M c , j (0)  M c0, j , j  NS , c  C

Eq. 8
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-Thermodynamic equilibrium:

Pj yc , j   c , j xc , j Pc vap , j  NS , c  C

Eq. 9

-Phase equilibrium error:
nc

y
c 1

nc

c, j

  xc , j  0, j  NS

Eq. 10

c 1

-Energy balance:

dU j
dt

 V j 1hv j 1  L j 1hl j 1  V j 1h v j 1  L j hl j  Fj h f , j  COL

dU j


1  l
 V j 1hv j 1  L j 1 
 h j  Qc , j  COND
dt
 RR 

dU j
dt

 L j 1h l j 1  L j h l j  V j h v j  QR , j  REB

U j (0)  U 0j , j  NS

Eq. 11

Eq. 12

Eq. 13
Eq. 14

-Holdup and pressure defining equations.
-Liquid holdup (Zuiderweg relationship31):

pA 

M lj  0.6  l j Atray hw 0.5  FPj i tray 
Lw 

Qlj   lj 
FPj  v  v  , j  COL
Q j   j 

0.25

, j  COL

Eq. 15

Eq. 16

-Vapor holdup32:
2

V

vol
j

l

M
d 
    hw  l j , j  NS
j
2

M vj   vj V jvol , j  NS

Eq. 17

Eq. 18

-Total holdup:

M j  M vj  M lj , j  NS

Eq. 19

-Partial holdup:
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M c , j  M vj yc , j  M lj xc , j , j  NS , c  C

Eq. 20

-Internal energy holdup:

U j  M vj (hvj  RgasTi )  M lj hlj , j  NS

Eq. 21

- Pressure and vapor flow definitions33,34 (for coefficient calculation see Cecile34):

Pj  Pjs  PjL , j  COL

Eq. 22



s
2
A0  2Pj K 0 
Vj  v 
 , j  COL
 j  760(1   2 ) 

Eq. 23

PjL  f ja  lj g (h Dj  hw ), j  COL

Eq. 24

 Qlj 
D
h j  0.6  
L 
 w

2/3

, j  COL


Q vj
f  0.981exp  0.411

Atray

a
j

Eq. 25





 vj  , j  COL

Eq. 26

-Enthalpy definition:
Tj

hcv, j   Cpcig dT , j  NS , c  C

Eq. 27

hcl , j  hcv, j  hcvap
, j , j  NS , c  C

Eq. 28

T0

nc

h   hcl , j xc , j , j  NS
l
j

c 1

nc

h   hcv, j yc , j , j  NS
v
j

Eq. 29

Eq. 30

c 1

It is important to remark that Eq. 10 is sufficient to ensure that the mole fractions will sum to unity if the way to describe
mass balances on the distillation column model is the same as described with Eq. 1 - Eq. 10. These four sets
equations altogether guarantee the necessary condition. This for ensure total independence between equations. A
single distillation column tray (if considering the steady-state model) has 2nc+3 variables, thus, in order to be
completely specified it will need 2nc+3 equations35,36: 1 total mass balance, nc partial mass balances, 1 mole fraction
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summation, nc phase equilibrium relationships and 1 total energy balance. This way of describing the model
equations has been used elsewhere in literature26,37.
It should be noted that the above equations (Eq. 1-Eq. 30) constitute a proven index-1 DAE system since all
algebraic variables are defined by the algebraic equations, as stated by Raghunathan et al.32. Thus, index reduction
techniques have not to be applied. It is important to remark that at first, the model considered by this research was
an index-2 DAE system. In order to avoid index-reduction techniques, it was instead decided to implement the index1 model described in detail above, by considering vapor holdup and pressure drop in the column.

2.2.

Discretization of the dynamic model

In order to accomplish the simulation and optimization of the dynamic model of the extractive distillation column, the
DAE system is discretized. The state and control variable profiles are approximated into a family of orthogonal
polynomials on finite elements10,22,25,26,38,39; it allows solving the complete formulation simultaneously as a NLP
problem. The time horizon is divided into i finite elements. Inside each finite element the profiles are discretized
around k collocation points. In this case, 10 finite elements and 3-point Radau collocation was selected because of
its compatibility with NLP formulations and their high stability with truncation errors of order O(h 2 K 1 ) and because
they are proven to stabilize the DAE system if higher index models are present 26. Continuity across element
boundaries is also enforced. This approach allows to make a “direct transcription” of the optimization problem and to
solve it simultaneously in an Equation Oriented (EO) environment. Moreover, it maintains accuracy of the state and
control profiles and allows the consideration of unstable systems, path constraints and singular controls 26,38. On the
other hand, it should be noted that sometimes this kind of approach may not be useful for dynamic optimization of
high-index systems, unless proper consistent initialization steps are taken40. This is essential when dealing with highindex state path equalities, and the consistent initialization step is equivalent to index-reduction26. It is important to
remark that this approach leads to a large–scale sparse NLP formulation that requires flexible decomposition
strategies to solve the problem efficiently. State of the art solvers are nowadays capable of exploiting these
properties26,41. The orthogonal collocation method on finite elements is described next:
K

zi ,k  zi ,0  t f hi   j ( k )
j 1

dzi , j
dt

, k  1,...K , i  1,..., I

Eq. 31

Inside each finite element, the state profile ( zi , k ) depends on the initial value of the state variable in the initial point
of the finite element ( zi ,0 ). In Eq. 31, I is the number of finite elements, K is the total number of internal collocation
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points, t f is the final time, hi is the length of the i-th finite element,  j is the j-th element of the collocation matrix
and

dzi , j
dt

is the first derivative of the state variable z at the point i,k. In order to enforce continuity of the state profiles

across element boundaries, the following equations are used:
K

zi ,0  zi 1,0  t f hi   j (1)
j 1

dz j ,i 1
dt

, i  2,..., I

Eq. 32

Eq. 32 ensure that the initial state value at the first collocation point of the i-th finite element is equal to the state value
at the last collocation point of the i-1 finite element. For the initial value of the state variables we have:

z1,0  z (t0 )

Eq. 33

With Eq. 31-Eq. 33, the dynamic model can be written as:

dzi ,k
dt

 f ( zi ,k , ui ,k , p), k  1,...K , i  1,..., I

Eq. 34

Here, ui , k stands for the manipulated variables and p for design parameters of the process equipment.
The initial value of the state variables is equivalent to their steady-state value ( z (t0 ) ) i.e. taking the derivative in Eq.
34

dz1,0
dt

 0 , based on the design proposed by Garcia-Herreros et al (2011). It is important to remark that z (t0 ) are

also decision variables. This strategy of including the optimal steady-state solution as the starting point does not
imply a suboptimal solution for the dynamic process. The reason of this inclusion is the assumption that the distillation
column is at optimal steady-state operation before the perturbation in feed composition. Also, including the steadystate state variables inside the optimization problem does not affect dynamic behavior. Moreover, it provides a better
solution than when assuming non-optimal starting points. It corresponds to the best starting point prior to an
aggressive perturbation.

3. Formulation of the optimization problem.

The mathematical formulation of the optimal control problem includes differential states and continuous variables.
Objective function and constraints depend on both the differential states and algebraic variables. The standard
formulation for the optimal control problem is the following26,42:
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min J ( z (t ), y (t ), u (t ), d i ,  (t ))

Eq. 35

s.t.
dz
, z (0)  z0 t  [to , t f ]
dt
h( z (t ), y (t ), u (t ), d i )  0 t  [to , t f ]
f ( z (t ), y (t ), u (t ), d i ) 

g ( z (t ), y (t ), u (t ), d i )  0

Eq. 36

t  [to , t f ]

u  R u , di  Dc , z  Z  R Z , y  Y  RY
Eq. 35-Eq. 36 represent the general case of an optimal control problem, where z stands for the differential variables
(e.g. M j , M c , j ), y for the algebraic variables (e.g. V j , L j ), u for the input (manipulated) variables (i.e. QR , RR ), di
for the design parameters (e.g. column internal elements such as diameter) and  for the uncertainty parameters
(e.g. noise in input measurements). Within the present study, it was not considered any uncertainty parameter.

3.1.

Objective Function

The criterion for the derivation of the optimal control for the extractive distillation column taking into account the profit
of the process has the aim of minimizing the off-spec products while maximizing the profit of the process. The
objective function has therefore two main elements: the first one is the optimal control structure and the second one
is the profit.
tf

min J   (1 ( xdt ,eth  xdsp,eth )2   2 (QRt  QRsp )2   3 ( RRt  RRsp )2  NPt  dt
0

Eq. 37

In Eq. 37 QR t is measured in GJ/h and NPt is measured in $/h. Appropriate scaling of the objective function is made
in order to improve performance of the optimization. The first three terms of Eq. 37 stand for the optimal control
problem. The aim of these three terms is to represent the quadratic error between the desired set point (e.g. xd ,eth sp
) and the dynamic behavior of such a variable (e.g. xd ,etht ). The first term belongs to the controlled variable, ethanol
molar composition in distillate. This expresses the aim to minimize off-spec products during the time of perturbation.
Terms two and three belong to manipulated variables: the net heat duty of the reboiler and the molar reflux ratio of
the condenser. These two terms are included into the objective function in order to make the solution as smooth as
possible10,18,42 . The terms 1 ,  2 ,  3 are weight parameters associated with ethanol molar composition, reboiler duty
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and molar reflux ratio, whose value is shown in Table 2. These parameters were calculated iteratively (and offline),
according to the following procedure: 1) Arbitrary parameter values were chosen and the optimization problem was
solved. 2) If the solution appeared to be smooth enough (and the problem converged), the parameter values chosen
were valid. Otherwise, the values were adjusted by increasing or decreasing them in an arbitrary way according to
the results obtained. An example of a non-smooth profile is shown in Figure 2, where weight parameters shown in
Table 2 are not taken into account. The last term in the objective function is the net profit ( NPt ). The cost parameters
of this term of the objective function are taken as market values, according to those reported by Garcia-Herreros et
al9. The net profit was defined as the profit subjected only to time – variant terms (i.e. non-constant), as distillate flow
and reboiler duty. The expression is as follows:

NPt  QRt (CostQR )  Dt (Cost Ethanol )

Eq. 38

It is to say that as the net profit increases, the objective function value decreases in value.
Weight Parameter Value
1
1e5

2
3

500
100

Table 2. Values of the weight parameters.

Figure 2. Non-smooth profile example.
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3.2.

Optimization Variables

The variables of the optimization problem can be classified as state variables and control variables. They both
represent the set of decision variables of the optimal control problem. As it was said earlier, the variable to be
controlled is the ethanol molar composition of distillate. The manipulated variables are the reboiler duty and the molar
reflux ratio of condenser. All variables have a trajectory through time that is represented by their values at each
collocation point inside each finite element. Therefore, the solution of the optimal control problem requires finding the
trajectory of these variables. Initial values of the state and control variables are also considered decision variables of
the optimization problem. It is important to remark that lag time in the ability to change the reboiler duty in real time
was not taken into consideration.

3.3.

Constraints

The equality constraints of the optimal control problem are the collocation equations of the dynamic version of the
MESH model Eq. 1-Eq. 13. As operational constraints the derivation of the optimal control for the extractive
distillation column has the following inequalities9:
minimum purity of ethanol produced at each time step:



xdt ,eth  0.995, t  [0, t f ]


Eq. 39

maximum operating temperature of the column in order to avoid glycerol decomposition temperature:

T jt  555 K , j  NS , t  [0, t f ]

Eq. 40

4. Solution Strategy.

The optimal control problem was modeled and solved in GAMS 23.8 on a quad core Intel i5 2.7 GHz CPU with 8 GB
of RAM. IPOPT43 was chosen as the NLP solution algorithm, because of its tested advantages for the solution of
large-scale NLP and optimal control problems. This algorithm has shown to converge faster than other NLP
algorithms26,43. IPOPT was configured to run with MA57 and MA86 (w/MC77 ordering option) linear solvers in order
to improve performance44. Compilation of the dynamic libraries for the linear solvers was done using Intel Visual
FORTRAN Compiler XE2011, linking against MKL libraries.
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5. Case Study

In order to successfully accomplish the simulation and optimization of the extractive distillation column, certain
physical properties and column elements of the system have to be determined, i.e. vapor pressure, heat capacities,
liquid phase activity coefficients, densities, heats of vaporization and column internal characteristics, as noted by Eq.
1 - Eq. 30. The way these physical properties were calculated is summarized in Table 3. Column internal

characteristics were obtained with a steady-state simulation of the column in Aspen Plus45 and with expressions
retrieved from it according to Zuiderweg’s expression31 and are summarized in Table 4.
Physical property
Model
Parameter source
Vapor pressure
Antoine Extended Equation45
Aspen Properties®
45
Ideal gas heat capacity
Aspen Ideal Gas Heat Capacity Polynomial
Aspen Properties®
Liquid phase activity coefficient
NRTL45
Aspen Properties®
Vapor density
Ideal gas Model
--------------------------Liquid density
Constant45
Aspen Properties®
45
Heat of vaporization
DIPPR Model
Aspen Properties®
Table 3. Physical properties calculation and sources. Reference: T= 298 K, P= 1 bar, Vapor phase.

Internal characteristic Value/expression [units]

Lw
d

hw

Atray
A0

0.578 [m]
0.796 [m]
0.0254 [m]

0.8


4

d2



0.1 d 2
4

Table 4. Internal characteristics of the column.

The dynamic behavior of the extractive distillation system was simulated in order to obtain its uncontrolled response
to two types of perturbations in the feed conditions.

5.1.

Operating conditions

The extraction column is made up by a total condenser (stage 1), 17 theoretical stages, and a partial reboiler (stage
19). The azeotropic mixture is fed into stage 12 at a rate of 100 kmol/h and at saturated liquid conditions (i.e.
T f  351K . Pure glycerol is fed into stage 3 at a rate of 35 kmol/h and a temperature of 305 K. The condenser

operates at atmospheric pressure (101 kPa) and pressure drop is calculated with the equations above. These
18

operating conditions are the same reported by Garcia – Herreros et al.9, except azeotropic feed temperature, glycerol
feed rate and pressure drop across the column. Saturated liquid temperature in azeotropic feed is used instead of
sub-cooled liquid temperature (reported by García-Herreros et al.9) and a lower value of glycerol feed is used (35
kmol/h instead of 52 kmol/h reported by García-Herreros et al.9). The latter change was made since in preliminary
optimizations it was found by defining glycerol feed as a time-independent variable that its optimal value for any kind
of optimization problem was 35 kmol/h. In consequence, that value was assumed constant in the present research.
The azeotropic mixture composition is subjected to two different disturbances in order to obtain the optimal control
profiles for both scenarios.

5.2.

Perturbations

For the derivation of the optimal control, two different types of perturbations are taken into account: the sinusoidal
one described by Eq. 41, and a step perturbation. Both perturbations were defined as shown in Figure 3. The
sinusoidal perturbation in ethanol molar composition was defined in the following manner:

zif,eth  80  5sin  ti  , i  Time

Eq. 41

In Eq. 41, ti stands for time (h). The dynamic behavior of the system was evaluated in a 5 hour span of operation.

Figure 3. Perturbations in feed composition.
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5.3.

Uncontrolled Response

The uncontrolled response of the dynamic system is obtained assuming that the manipulated variables of the column,
the condenser molar reflux ratio ( RR ) and reboiler heat duty ( QR ) are considered constant along time (Table 5)
according to the results of Garcia – Herreros et al.9. The response of the dynamic system is shown in Figure 4-Figure
5.
Parameter Value [units]
RR
0.04
QR
5.9784 [GJ/h]

Table 5. Value of reboiler duty and molar reflux ratio for the uncontrolled simulation.

As it can be observed, the ethanol composition in the distillate is out of specification because in some time intervals
it is below 99.5 % on a molar basis. It is necessary to derive the optimal control strategy of the extractive distillation
column in order to guarantee the production of fuel grade ethanol and to maximize the profit of the process.

Figure 4. Uncontrolled response of the extractive column with the sinusoidal perturbation.
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Figure 5. Uncontrolled response of the extractive column with the step perturbation.

6. Results.

It was found that MA86 linear solver was by far faster than MA57, because it can run in parallel exploiting
multiprocessor architecture and is more recently developed 44. Dramatic changes in solution times were observed
with MA86, decreasing from 1150 CPUs (MA57) to 84 CPUs (MA86) in some cases. Table 6 shows the different
CPU times observed with different linear solvers and the solver times when initialized with a warm-start (i.e. initializing
the next optimization problem with the results obtained in the last optimization). The optimization problem contained
38457 variables and 38425 constraints (31 inequalities, 38394 equalities). This leads to 62 degrees of freedom
(manipulated variables). It is important to note that with MA86 solution times a NMPC control strategy can be reliable
and successfully implemented, since these times are very low compared to the prediction horizon of a NMPC27, even
more when the optimal control problem is warm-started, where the solution times are very low.
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MA57
Optimization
Problem
Step
perturbation
Sinusoidal
perturbation

MA86 (w/MC77)

Average
CPUs

Average
iterations

Average
CPUs

Average
iterations

Average
iterations
(warm start)

Average
CPUs (warm
start)

1002

312

87

241

8

13.7

1163

334

89

223

9

9.4

Table 6. Comparison of solution times with different linear solvers for the composition-optimal-control problem.

6.1.

Initialization

For the initialization of the optimization problem, the steady-state values of the variables at each time step were
chosen. It is important to remark that the convergence of the algorithm is highly dependent of the initialization values.
For this purpose, three different initializations were used. Steady-state values were obtained by carrying out steadystate simulations with different values of reflux ratio and reboiler duty, obtaining temperature, molar composition
(liquid and vapor) and liquid and vapor molar flow profiles. Running the NLP problem with 3 different initializations
also contributes in finding different local optima10.
Initialization Reflux Ratio Reboiler Duty (GJ/h)
1
0.2
5.8
2
0.04
5.9784
3
0.1
5.5

Table 7. Steady-state simulations with different reflux ratio and reboiler duty values to obtain different NLP initializations.

6.2.

Optimization Results

The comparative profiles of the decision variables for the different perturbations is shown in Figure 6-Figure 18. It
should be noted that figures of the optimal distillate rate profile are included. It is important because the controlled
overall process has to maintain also productivity, in order to accomplish product demand. It also can be seen that
ethanol composition in distillate is controlled by changing manipulated variables. A comparison between the optimal
control strategy studied in this research and a simple equivalent PI (proportional-integral) scheme is shown in Figure
10-Figure 13, using PI tuning parameters as optimization variables. At this point it is important to do some remarks
about the composition control. As it can be seen, the control strategy employed requires real-time knowledge of
distillate composition. In a commercial setting, analyzers that can potentially provide composition analysis of a
multicomponent stream include the following46: gas chromatograph, infrared spectrometer, UV spectrometer, mass
spectrometer and nuclear magnetic resonance (NMR) analyzer. Of the latter, gas chromatography is most commonly
applied to distillation columns46. It is to say that on-line composition analyzers have a solid advantage: they report
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straightforwardly the value of composition46. However, they have important drawbacks46: installation and
maintenance costs are very high, highly specialized technicians are required in order to do the maintenance and
operation and it has a considerable lag time. The other way to infer composition of a column product is using
temperature. By maintaining a constant temperature for a specified stage temperature, the composition of a product
stream will remain essentially constant46,47. The advantage is that temperature measurement has very little or none
lag time, it is more reliable and installation and maintenance costs are very low. Because of the aforementioned
reasons, an optimization problem where the controlled variable is a specified stage temperature was also taken into
consideration, with only considering the sinusoidal perturbation (Figure 14-Figure 18). The most-sensitive tray
temperature selection for composition control was made using the sensitivity criterion used by Luyben et al.48. The
analysis determined stage 4 as the most sensitive temperature to distillate composition.

Figure 6. Optimal profile of ethanol composition in distillate.
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Figure 7. Optimal reboiler duty profile.

Figure 8. Optimal molar reflux ratio profile.
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Figure 9. Optimal distillate flowrate profile.

Figure 10. Ethanol composition profile: PI controller vs. Optimal Composition Control.
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Figure 11. Reboiler duty profile: PI controller.

Figure 12. Reflux ratio profile: PI controller.
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Figure 13. Distillate flowrate profile: PI controller vs. Optimal Composition Control.

Figure 14. Ethanol composition profile in distillate: temperature control vs. composition control.
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Figure 15. Stage 4 temperature profile in temperature control case.

Figure 16. Reboiler duty profile: temperature control vs. composition control.
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Figure 17. Reflux ratio profile: temperature control vs. composition control.

Figure 18. Distillate flowrate profile: temperature control vs. composition control.

In all cases the objective function optimal value is negative, indicating the reliability of the overall controlled process.
The PI parameters found by the solution of the PI control optimization problem is shown in Table 8.
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Parameter Value ( 105 )

K PQR

1.1192e-5

K IQR

-4.9788

K PRR

-2.2813e-5

K IRR

7.0731

Table 8. PI parameters found by optimization.

7. Analysis and discussion.

Analysis and discussion for each set of figures shown in the latter section is presented next. Table 9 shows the
objective function value for each one of the optimal control problems.
Optimal Control Problem
Complete Objective Function (unscaled). Value /5 h of operation
Sinusoidal perturbation
- 1.181 10 4
(Temperature-control)
Step perturbation (Composition-control)
- 1.100 10 4
Sinusoidal perturbation
- 1.182 10 4
(Composition-control)
Table 9. Objective function value for the optimal-control problems.

7.1.

Composition Control.

The optimal profiles in Figure 6-Figure 9 show the optimal behavior of the decision variables for the composition
control case. As it can be observed, ethanol composition in distillate can be maintained constant despite the different
perturbations in feed conditions. It is important to remark that manipulated variables respond in a way consistent to
perturbation in feed and manage to keep the system in the required operation point and to minimize off-spec product.
Manipulated variables have different frequency regarding frequency in feed perturbation49 in the sinusoidal case. This
is consequence of system inertia (i.e. molar holdup in trays). Delay in response in both cases can be seen clearly,
taking into account that the overshoot is not important in magnitude.
On the other hand, it is important to remark that although the task of the control system is to maintain in a given
operation point ethanol composition in distillate, it is also important to not sacrifice distillate flow (i.e. ethanol
throughput), as said earlier. Figure 9 shows that this task is possible most notably in the sinusoidal perturbation case:
the distillate rate oscillates between ~74 kmol/h and ~84 kmol/h, weighting the deviation with the steady-state
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optimization. It can be seen also that reboiler duty and reflux ratio set point values differ from the sinusoidal
perturbation case set point. This result is consistent with the inclusion of the steady-state variables (set points) into
the optimization problem, on the framework of the multiplicity of the steady-states of the extractive distillation
process11,12. The optimal point is reached by changing the set point value of both variables. Moreover, from Table 9
it is remarkable the higher value of the objective function magnitude in the sinusoidal perturbation case. All objective
function values (at the optimal point) are negative, indicating the economic reliability of the overall controlled process.
The control terms (1, 2 and 3) of the composite objective function (in the optimal point) are very small compared with
the profit term.
The optimization was performed with the three different initializations shown before in order to increase the probability
of finding the global optimum within variable bounds. The results obtained with the three different initializations were
exactly the same. This is likely to confirm that at least a very good local optimum has been found.
On the other hand, in order to analyze if there is an improvement on the overall profit with the composite objective
function (Eq. 37), an optimization was carried out with a control - only objective function (terms 1, 2 and 3 of Eq. 37)
with the sinusoidal perturbation. Table 10 shows that the overall profit (computed according to the negative of Eq.
38) is greater in the composite objective function.
Profit in problem

Value ($/5 h of operation)

Control – only

7885.09

Composite (sinusoidal)

11851.49

Table 10. Comparison of the profit value in different optimization problems (Composition-control).

7.2.

PI vs. Optimal Control.

As it can be seen from Figure 10-Figure 13, the PI control strategy is also capable to maintain ethanol composition
above 99.5% on a molar basis. However, it is clear from Figure 10 that the response is not as smooth as in the
optimal control results. As shown in the manipulated variables profiles, PI control strategy results differ notably from
the optimal control results. This is due to the fact that manipulated variables in a PI control strategy have to respond
accordingly to the PI-controller model equations, while in the optimal control case (as in an NMPC controller),
manipulated variables can respond freely inside variable bounds. It is important to note that the PI controller maintains
ethanol composition above the desired set point but keeps ethanol throughput lower than in the optimal control case
obeying the reasons stated above. Other authors report similar results between a model-based control strategy and
traditional PI control schemes30,50.
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7.3.

Temperature-Control vs. Composition-Control.

From Figure 14-Figure 18 it is clear that by controlling temperature on a specified stage it is possible to maintain
ethanol composition in distillate above 99.5% on a molar basis with a smooth response. Temperature of stage 4 is
maintained almost constant, only oscillating in a small interval. It should be noted that results of the temperaturecontrol strategy are very similar to those of the composition-control strategy. This is due to the fact that although
controlling temperature of a stage instead of controlling directly distillate composition is not the same is at least
equivalent and reliable. Ethanol throughput and reboiler duty profiles in both aforementioned cases is very similar,
indicating that the profit of both processes is practically the same, as it is shown by the objective function values in
Table 9.

8. Conclusions.

The derivation of the optimal control strategy for the extractive distillation of fuel grade ethanol was successfully
addressed in this work. Using state of the art algorithms, the solution of this large scale problem can be obtained in
matter of minutes or even seconds in the case of warm-starting the optimization problem. Our experience using
different linear solvers with IPOPT shows that MA86 (w/mc77) performs very well and behaves well with the large –
scale NLP derived from the optimal control problem. With this kind of results, it can be concluded that is possible to
implement an NMPC control strategy to this kind of process having several advantages over traditional PI control
systems, using rigorous, non-ideal and highly nonlinear models.
It is also shown that through optimization it is possible to find the optimal control strategy of such a change-prone
system as extractive distillation, even when the modeling is done considering a great number of non-idealities such
as vapor holdup and pressure drop. The solution of several different problems addressed in this research confirms
this statement. On the other hand, it is also shown that by controlling whether distillate composition or a specific stage
temperature the control system behaves properly and responds in a way consistent to disturbances in order to
minimize off-spec product.
It is also remarkable that the controllability of the extractive distillation process was confirmed, showing that the
designed process proposed by Garcia – Herreros et al.9 is not only stable and operable in steady-state operation but
also subjected to dynamic disturbances in theory.
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This kind of optimization problems has multiple local minima due to nonconvexities in the model, although IPOPT in
most of the cases was able to find the local optima inside the feasible region. This is also confirmed by solving most
of the problems with 3 different initializations. The results obtained show an economically profitable process even if
the process itself is subjected to strong perturbations in its operation conditions, as the ones proposed in this
research.

9. Perspectives.

As future work, it is proposed the simultaneous design and optimal control of the extractive distillation column and
furthermore of the complete extraction/recovery system. On the other hand, the complete NMPC control strategy of
the extractive distillation column is going to be addressed in an upcoming research.
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Nomenclature
Subscript

j: Tray number

c: Chemical species
d: Distillate

ti : Time
i: Finite element
k: Collocation point
eth: Ethanol
Superscript
v: Vapor phase
l: Liquid phase
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f: Feed
sp: Set point
t: Time
Latin symbols
NS: Index set of stages
C: Index set of components
n: Total number of stages
nc: Total number of components

Qcond : Condenser duty (GJ/h)
QR : Reboiler duty (GJ/h)
M j : Total molar holdup at stage j (kmol)
M c , j : Molar holdup at stage j of component c (kmol)

M vj : Vapor molar holdup at stage j (kmol)
M lj : Liquid molar holdup at stage j (kmol)
U j : Internal energy holdup at stage j (MJ)
V j : Vapor molar flow at stage j (kmol/h)
L j : Liquid molar flow at stage j (kmol/h)

V jvol : Vapor volume at stage j (m3)
R gas : Ideal gas constant (MJ/(kmol)(K))
 Pj : Pressure drop of stage j (mmHg)

Pjs : Dry tray pressure drop (mmHg)
PjL : Liquid pressure drop (mmHg)
A0 : Hole tray area (m)
K 0 : Hole coefficient

f ja : Aeration factor
g : Gravity acceleration (m/s2)
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h Dj : Liquid height below weir of stage j (m)
F j : Feed molar flow at stage j (kmol/h)
xc , j : Liquid molar composition at stage j for component c
yc , j : Vapor molar composition at stage j for component c
Pj : Absolute pressure of stage j (MPa)
Pc vap : Vapor pressure (MPa) for component c
h j : Total molar enthalpy (GJ) at stage j
Atray : Total active bubbling area on the tray (m2)

hw : Average weir height (m)
pi : Diameter of tray holes (m)
FP: Flow parameter

Lw : Average weir length (m)
Q j : Volumetric flow at stage j (m3/h)

z f : Molar composition in feed
zi , k : State profile at finite element i, collocation point k
t f : Final time (h)

h : Distance between finite elements

K: Total number of collocation points
I: Total number of finite elements
ui , k : Control profile at finite element i, collocation point k

p: Design parameters

RR : Condenser molar reflux ratio
CostQR : Reboiler duty cost ($/GJ)

Cost Ethanol : Ethanol price ($/kmol)
NP : Net profit ($)
d : Column diameter (m)

di : Design parameters
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Greek symbols

 c , j : Liquid phase activity coefficient at stage j for component c

 : Tray porosity
 j : Molar density (kmol/m3) at stage j
 : Collocation matrix

 : Radau collocation point

i : Weigth parameter
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CHAPTER 2: Simultaneous Optimal Design and Control of an
Extractive Distillation System for the Production of Fuel Grade
Ethanol using MPCC.

1

Abstract
The simultaneous optimal design and control problem of an extractive distillation system is studied in order to find its
optimal design using a rigorous model and solved when the feed is subjected to composition disturbances. First, the
problem is formulated as a dynamic optimization problem with complementarities, and then transformed into a
mathematical program with complementarity constraints (MPCC) problem using orthogonal collocation on finite
elements and complementarity constraints. The model allow to simultaneously determine the number of trays, feed
tray locations, structural parameters of the column, heat exchangers areas, set-points of both the controlled and
manipulated variables and the optimal control policy in order to obtain an optimal design which maximizes profit and
also guarantees feasible dynamic operation. The study also demonstrates how the distillation column design problem
can be addressed as a mathematical program with complementarity constraints (MPCC) problem instead as a MINLP
problem, containing thousands of continuous variables and constraints, and how can it be solved in reasonable times
using state-of-the-art algorithms. The problem is modeled in GAMS® and solved using IPOPT. Finally, results
obtained by the simultaneous strategy are compared to those obtained by addressing the design/control problem
sequentially.

1. Introduction
Process design and control has been usually approached sequentially, by first considering the steady-state
performance of the process based on an economic objective and later determining the operability aspects. This kind
of treatment neglects the fact that the dynamic controllability of the process is an inherent property of the design 1,2.
This is why, for at least 70 years the concept of simultaneous design and control has been matter of discussion and
research, when Ziegler and Nichols3 observed that the ability to control a system subjected to disturbances is
dependent on the process design. Therefore, process controllability has to be addressed at the early stages of the
design process. In the middle sixties, Page Buckley of DuPont pioneered the simultaneous design and control of
process systems4. Recently, dynamic considerations of processes have acquired more importance, since chemical
processes have evolved and have become more complex with time. Over the past 30 years or so, the interest in the
simultaneous design/control problem has reawakened in academia and industry, leading to many publications in the
field5.
It has been realized that the sequential approach may lead to more expensive/less efficient design options6, since a
particular design may appear to be optimal with respect to its steady-state economic operation, but due to poor
operability characteristics, the process may not show good economic operation over time 1. Moreover, since
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processes have a non-linear nature, the sequential approach tends to embed operability problems, i.e. operation in
a highly sensitive region or regions where other multiplicities arise. Therefore, the process could be operated on a
non-optimal region because of the modifications7. On the other hand, addressing the design/control simultaneously
aims at exploring the powers to ensure the economical and smooth operation of the plant despite the influence of
disturbances and the existence of uncertainty8. Also, the operation of the process must adhere to strict operational
constraints due to restrictions on product quality and government regulations, and the design has to interact and be
consistent with these constraints1.
Many governments around the world are moving to encourage production and consumption of liquid fuels from
biomass9, such as fuel grade ethanol10. Their objectives are to reduce oil dependence, to lessen environmental
pollution, and to promote agro-industrial production. These initiatives are turning ethanol produced from renewable
resources into the most popular substitute for gasoline 11.
Ethanol is mainly obtained by sugar fermentation, a process that produces a mixture with a high content on water
and impurities. Fuel grade ethanol requires a molar composition of 0.995 in order to avoid a two-phase formation
when mixed with gasoline12. The purification of ethanol produced by fermentation implies an energetically intensive
separation process. The separation of the ethanol-water mixture by conventional distillation is limited by the presence
of a minimum-boiling azeotrope. In order to obtain high purity ethanol by distillation, certain techniques have been
developed to alter the relative volatilities of the substances in the mixture; they allow exceeding the azeotropic
composition. Among these techniques, the most commonly used are: vacuum distillation, azeotropic distillation, and
extractive distillation13. Recently, a research presented by Garcia-Herreros et al.14 proposed the design and operating
conditions that maximizes a profit function for the extractive distillation system of fuel grade ethanol using glycerol as
entrainer. The extractive distillation system is composed by the extractive distillation column and a glycerol recovery
column. Later, Ramos et al.15 proposed the optimal control of only the extractive distillation column designed in
steady-state conditions by García-Herreros et al.14, leading to a sequential approach in optimal design/control. In the
present research, the simultaneous optimal design/control problem of the extractive distillation system for the
production of fuel grade ethanol is studied, in order to demonstrate the usefulness of the simultaneous approach for
this kind of system. In order to obtain the design of a distillation column it is necessary to determine some structural
elements e.g. number of trays, feed location, column diameter and heat exchangers areas. Several authors have
studied the simultaneous design and control of distillation columns, as shown in Table 1.
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As it can be seen, finding the optimal design of a distillation column (considering or not the dynamics) involves both
discrete (e.g. number of trays) and continuous variables (e.g. reboiler duty), which implies using a model that
accounts for this issue. Several models have been proposed in literature in order to address the optimal design of
distillation columns. On the first hand, stochastic models in which discrete decisions are treated in a stochastic master
problem and continuous variables are treated deterministically in a sub-problem (see for example García-Herreros
et al.14 and Gómez et al.16,17). On the other hand, deterministic models in which both discrete and continuous
decisions are treated at the same level, i.e. discrete decisions are explicit in the model. This approach has been
addressed by: (i) Viswanathan et al.18, (ii) Ross et al.19 and Bansal et al.20, (iii) Yeomans et al.21, (iv) Lang et al.22
and (v) Neves et al.23. While the approaches (i)-(iii) solve the design problem as an MINLP, approaches (iv) and (v)
focus their research in addressing the problem as a purely NLP through distribution functions (iv) or with special
constraints (v) that can be solved in a matter of seconds and with conventional NLP solvers. On the other hand,
Mathematical Programs with Complementarity Constraints (MPCC) have arisen recently in the field of chemical
engineering in order to model discrete decisions formulating and solving the problem as a NLP24–27. MPCCs have
been used in process optimization literature in order to model discrete decisions such as flow reversal, relief valves,
check valves and compressor kickback, piecewise functions, PI controller saturation and phase changes in distillation
columns24,26. Nevertheless, complementarity formulations have never been used in order to model the discrete
decision in tray optimization, as seen in Table 1.

Author

Year

Mohideen et al. 6

Hager et al.

1

1996

1998

Solved in

GAMS®

MINOPT

Distillation
type
Conventional

Conventional

Type of
Approach

control

Remarks

strategy
Stochastic
Deterministic/MINLP
(i)

PI

Consideration of
uncertainties
Development of a

PI

general solution
strategy
Only continuous design

Ross et al.

19

1999

gPROMS®/gOPT®

Conventional

Deterministic/NLP

PI

parameters (i.e. no
discrete variables)

Bansal et al.

20

2000

gPROMS®/gOPT®

Double-

Deterministic/MINLP

effect

(ii)

Double-effect distillation
PI

system, development of
a solution strategy

4

Georgiadis et al.
28

Bansal et al. 5

2002

2002

gPROMS®/gOPT®

gPROMS®/gOPT®/GAMS®

Reactive

Conventional

Deterministic/MINLP
(ii)
Deterministic/MINLP
(i)-(ii)

Comparison between
PI

sequential/simultaneous
methods
Control superstructure,

PI

combination of
deterministic models
Control superstructure,

Panjwani et al. 8

2005

gPROMS®/GAMS®

Reactive

Deterministic/MINLP
(i)

PI

discrete part of the
problem managed in
GAMS®
Only design

Miranda et al. 2

2008

Fortran

Reactive

Deterministic/NLP

Optimal

parameters, no discrete
decisions. Pontryagin’s
minimum principle

De la Fuente et
al. 7

This article

2009

2013

GAMS®

GAMS®

Conventional

Extractive

Deterministic/MINLP
(i)
Deterministic/MPCC
(i)-(iv)

Control superstructure,
PI

no number of trays, only
feed tray location
Comparison between a

Optimal

novel MPCC model and
sequential approach

Table 1. Comparison of different studies on the simultaneous design and control of distillation columns.

Moreover, the traditional approach for treating the design problem is through MINLP, as shown in Table 1. However,
the MINLP approach can be very CPU time intensive in large-scale models (such as a dynamic distillation column),
since the only way to solve this highly nonlinear and non-convex problems is using Branch and Bound. That is why
the present research presents a novel way to address and solve tray optimization by using MPCC (reformulating it in
order to use traditional non-linear programming tools to solve it) as the solution method based on the model based
on the approach (i), by only solving a series of NLPs. Furthermore, none of the researchers have presented a
simultaneous optimal design and control on extractive distillation columns/systems at least in knowledge of the
authors of this article. The next section will introduce the reader to the problem statement and the model of the
extractive distillation column. Later, the solution strategy of the problem is explained. Finally, a comparative analysis
between the sequential and the simultaneous approaches is presented.
With the extractive distillation system designed through the simultaneous strategy presented in this article, it is
possible to implement a Nonlinear Model-Predictive Control (NMPC) in a real production facility

29–32.

It should be
5

noted that a NMPC control strategy has at its core the solution of an optimal control problem as the one addressed
in Ramos et al.15.

2. Problem statement and description
The separation of an azeotropic mixture water-ethanol using glycerol as entrainer in order to produce fuel grade
ethanol is considered (see Figure 1). The saturated liquid azeotropic mixture, at 351 K and with a sinusoidal
perturbation in its composition, defined by zi , eth  80  5sin   ti  , i  Time( hr ) 15 (Figure 2), is fed to the
f

extractive column at a fixed feed rate of 100 kmol/hr in order to produce fuel grade ethanol as the top product with a
molar composition of at least 0.995. Pure entrainer (i.e. glycerol) is fed at a stage above of the azeotropic mixture,
due to its lower volatility, at 305 K. The objective is to design the extractive distillation column (i.e. all structural
elements, e.g. number of trays, feed locations) and optimal control policy in order to obtain the maximum annual
profit (taking into account operating and capital costs), maintaining feasible operation and product specifications in a
finite time horizon. This problem is subjected to: (i) a sinusoidal perturbation in the azeotropic feed composition; (ii)
fuel grade ethanol quality specifications; (iii) flooding, entrainment and minimum column diameter requirements and
(iv) feasibility constraints for the heat exchangers of the column. The determination of the optimal control policy
involves the computation of the optimal profiles for both the controlled and manipulated variables. This problem can
be modelled as a mixed-integer dynamic optimization (MIDO) problem that has to be numerically treated in order to
transform it into a mixed-integer non-linear programming (MINLP) problem or a dynamic optimization problem with
complementarities and then transformed into a MPCC.

6

Figure 1. Extractive distillation column.

7

Figure 2. Feed Composition Perturbation.

3. Mathematical model and optimization problem
The assumptions taken into account on this research in order to develop a dynamic model for the aforementioned
distillation system are the following:
-Thermodynamic equilibrium at each stage.
-Adiabatic operation.
-Ideal vapor phase.
-The NRTL model represents the behavior of the liquid phase.
-Total condenser and partial reboiler.
-There is no pressure drop in the reboiler.
8

-The residual thermodynamic properties are negligible.
-Constant total holdup in the condenser and in the reboiler.
-There is no vapor holdup in the condenser or the reboiler.

3.1.

Model statement

The process is modeled as a series of counter-current separation stages. At each stage, liquid and vapor flows get
in contact in order to reach thermodynamic equilibrium. The stages are numbered from top to bottom. The dynamic
model for a distillation column is based on the MESH equations, based on the above assumptions. The process is
described by total and partial mass balances (M), thermodynamic equilibrium - equations (E), mole fraction
summations (S) and energy balances (H). Let n denote the maximum number of stages in a column and
NS  {1, 2,...n} is the corresponding index set of the stages. Let nc denote the number of components in the system

and C  {1, 2,...nc} denote the corresponding index in the set of components. Let nf denote the number of feeds to
the column and FE  {1, 2,...nf } denote the corresponding index in the set of feeds. The subsets
REB  {n}, COND  {1} NS denote the reboiler (stage n) and the condenser (stage 1), respectively.

Additionally, let COL  {2,3,...n 1} NS denote the subset of stages between the condenser and the reboiler.
In the present research, a distillation column superstructure which model the discrete decisions is implemented, as
it was mentioned before: the MINLP model proposed by Viswanathan et al.18, with the difference that the discrete
decisions are modeled with complementarity constraints. The approach deal with finding the optimal number of trays
in the column by determining the optimal location of the reflux (note that the optimal location of the boilup can be also
used in this kind of model), as well as the optimal location of the feeds. The model is described with greater details
subsequently. Figure 3 shows the superstructure considered in the approach of Viswanathan et al.18.

9

Figure 3. Superstructure of the model proposed by Viswanathan et al.18.

In order to represent the dynamic behavior of the superstructure, the model includes the following differential and
algebraic equations for each one of the subsets in the column, by considering the model which takes into account
pressure drop and vapor holdup, which is a proven index-1 DAE system27:
-Total mass balance:
nf
 j
 dM j
yr

V

L

V

L

F j , f  LR j , j  COL
  j' 

j 1
j 1
j
j
dt
f 1
 j ' 2


dM j
dt

dM j
dt

Eq. 1

 V j 1  D 1  RR  , j  COND

Eq. 2

 L j 1  L j  V j , j  REB

Eq. 3

M j (0)  M 0j , j  NS

Eq. 4
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-Partial mass balance:
nf
 j
 d (M c, j )
 V j 1 yc , j 1  L j 1 xc , j 1  V j yc , j  L j xc , j   F j , f zc , f  LR j xc ,1 , j  COL, c  C
  yrj ' 
f 1
 j ' 2  dt

d (M c, j )
dt

d (M c, j )
dt

Eq. 5

 V j 1 yc , j 1  D 1  RR  xc , j , j  COND, c  C

Eq. 6

 L j 1 xc , j 1  L j xc , j  V j yc , j , j  REB, c  C

Eq. 7

M c , j (0)  M c0, j , j  NS , c  C

Eq. 8

-Thermodynamic equilibrium governing equations22,24,27:

yc , j   j K c , j xc , j , j  NS , c  C

Eq. 9

1   j  sl j , j  COL

Eq. 10

0  L j  sl j  0, j  COL

Eq. 11

Note that in the stages located above the stage where the reflux is fed there is only vapor traffic, and consequently,
each stage model must include complementarities that allow for disappearance of the liquid phase22,24,27 (Eq. 11).
Thus, the equilibrium relation (Eq. 9) is enforced only when liquid and vapor are present on the stage and relaxed
when there is only vapor flow, modeled through the variable  j . This formulation is derived as the reformulation of
Gibbs free energy minimization on each tray j33.
-Phase equilibrium error:
nc

y
c 1

nc

c, j

  xc , j  0, j  NS

Eq. 12

c 1

-Energy balance:
nf
 j
 dU j
v
l
v
l
 V j 1h j 1  L j 1h j 1  V j 1h j 1  L j h j   F j , f h f  LR j h1l , j  COL
  yrj ' 
f 1
 j ' 2
 dt

dU j
dt

 V j 1h vj 1  D 1  RR  hlj  Qc , j  COND

Eq. 13

Eq. 14
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dU j
dt

 L j 1hlj 1  L j hlj  V j h vj  QR , j  REB

U j (0)  U 0j , j  NS

Eq. 15
Eq. 16

-Holdup and pressure defining equations.
-Liquid holdup (Zuiderweg’s relationship34):

pi Atray 

M lj  0.6  l j Atray hw0.5  FPj

L
w



0.25

, j  COL

Qlj   lj 
FPj  v  v  , j  COL
Q j   j 

Eq. 17

Eq. 18

-Vapor holdup27:
2

V

vol
j

l

Mj
d 
    hw  l , j  NS
j
2

M vj   vj V jvol , j  NS

Eq. 19
Eq. 20

-Total holdup:

M j  M vj  M lj , j  NS

Eq. 21

-Partial holdup:

M c , j  M vj yc , j  M lj xc , j , j  NS , c  C

Eq. 22

-Internal energy holdup:

U j  M vj (h vj  RgasTi )  M lj h lj , j  NS

Eq. 23

- Pressure and vapor flow definitions35,36 (for coefficient calculation see Cecile36):

Pj  Pjs  PjL , j  COL

Eq. 24



s
2
A0  2Pj K 0 
Vj  v 
 , j  COL
 j  760(1   p 2 ) 

Eq. 25

PjL  f ja  lj g (h Dj  hw ), j  COL

Eq. 26
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 Q lj
D
h j  0.6 
L
 w





2/3

, j  COL


Q vj
f  0.981exp  0.411

Atray


Eq. 27





Eq. 28

 j

Pj  Pj 1    yrj '  Pj , j  COL
 j ' 2


Eq. 29

a
j

 vj  , j  COL

-Enthalpy definition:
Tj

hcv, j   Cpcig dT , j  NS , c  C

Eq. 30

hcl , j  hcv, j  hcvap
, j , j  NS , c  C

Eq. 31

T0

nc

h   hcl , j xc , j , j  NS
l
j

Eq. 32

c 1

nc

h   hcv, j yc , j , j  NS
v
j

Eq. 33

c 1

Physical properties of the system are calculated according to Table 2.
Physical property
Model
Parameter source
Vapor pressure
Antoine Extended Equation37
Aspen Properties®
37
Ideal gas heat capacity
Aspen Ideal Gas Heat Capacity Polynomial
Aspen Properties®
Liquid phase activity coefficient
NRTL37
Aspen Properties®
Vapor density
Ideal gas Model
--------------------------Liquid density
Constant37
Aspen Properties®
37
Heat of vaporization
DIPPR Model
Aspen Properties®
Table 2. Physical properties calculation and sources. Reference: T= 298 K, P= 1 bar, Vapor phase15.

It is important to remark that L1  0 for the equations above, since the reflux rate is not entering necessarily entering
stage 2. For instance, the reflux rate feed (to a stage j) is being accounted with the term LR j . Note that the term
 j

  yrj '  is employed to consider certain stage model properties only if reflux has been fed above or in the stage
 j ' 2
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in consideration, such as holdup or pressure drop. For instance, if a stage does not exist physically, there is no
pressure drop in the stage and the total and partial material balances and internal energy balance are reduced to
trivial balances where there is not liquid flow and the LHS of such equations (i.e. the derivative) is set to zero.
The additional equations for the superstructure are the following18:
-Constraints on the amount of reflux and their locations:

LR j  ( RR )( D)( yrj ), j  COL
n 1

 yr
j 2

j

1

Eq. 34
Eq. 35

-Constraints on feeds and their locations:

Fj , f  ( yf j , f )( Feed f ), j  COL, f  FE
n 1

 yf
j 2

j, f

 1, f  FE

Eq. 36
Eq. 37

-Logical relations between the locations of the feeds and the reflux (note that the feeds must be located in the same
or below the stage where the reflux is located):
j

yf j , f   yrj '  0, j  COL, f  FE

Eq. 38

j ' 2

-If feed two has to be located below feed 1 (as in the present case, where azeotropic mixture has to be located below
the entrainer):
j

yf j ,2   yf j ',1  0, j  COL

Eq. 39

j ' 2

In order to obtain a feasible design of the column, it should be obvious to the reader that the variables

yf j , f , yrj , j  COL, f  F must have binary values. As mentioned before, the traditional approach was to consider
these variables as binary and solve the problem as a MINLP. Instead, in the present research, these variables are
treated as continuous and the 0-1 decision is modeled with complementarity constraints, as follows:
-Complementarity constraints for determining feed and reflux location:
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0  (1  yrj )  srja  0, j  COL

Eq. 40

0  yrj  srjb  0, j  COL

Eq. 41

srja  srjb  1, j  COL

Eq. 42

0  (1  yf j , f )  sf ja, f  0, j  COL, f  FE

Eq. 43

0  yf j , f  sf jb, f  0, j  COL, f  FE

Eq. 44

sf ja, f  sf jb, f  1, j  COL, f  FE

Eq. 45

Eq. 40-Eq. 45 in combination with Eq. 35 and Eq. 37 ensure the unique possible values of the decision variables, i.e.
0 or 1. It is also ensured that there is only one possible reflux and feed location (for each feed). The methodology to
formulate the complementarities is not an easy task and a naïve formulation can lead to disjoint regions and the
wrong, or no solution at all, can be obtained26. In order to formulate the complementarities in such a way that the
selection of the values of the slack variables is not conditioned by a disjoint region is important to follow the guidelines
of Baumrucker et al.26 and Biegler24.

3.2.

Optimization problem formulation

The mathematical formulation of the simultaneous design and control problem includes differential states and
continuous variables. Objective function and constraints depend on both the differential states and algebraic
variables. The standard formulation for the dynamic optimization problem with complementarities is the following24,27:

min J ( z(t ), y(t ), u(t ), di )

Eq. 46

s.t.
dz
 f ( z (t ), y (t ), u (t ), d i ), z (0)  z0 t  [to , t f ]
dt
h( z (t ), y (t ), u (t ), d i )  0 t  [to , t f ]
g ( z (t ), y (t ), u (t ), d i )  0

t  [to , t f ]

Eq. 47

0  y1 (t )  y2  0
u  R u , d i  Dc , z  Z  R Z , y  Y  R Y
15

where J is the scalar objective function, f the RHS of the differential equation constraints, h the equality
constraints, g the inequality constraints, z the differential state profiles (e.g. M j , M c , j ), y the algebraic states (e.g.
V j , L j ), u the input (manipulated) variables (i.e. QR , RR ) d i for the time-independent parameters, and y1 , y2 the

sub-vector of algebraic state profiles involved in the complementarities.
In the present study, the dynamic optimization problem with complementarities is the following:
tf

min J  (ophour )  (1 ( xdt ,eth  xdsp,eth )2   2 (QRt  QRsp )2  3 ( RRt  RRsp ) 2  NPt  dt  IC
0

Eq. 48

s.t. Eq. 1-Eq. 45,
xdt ,eth  0.995, t  [0, t f ]

Eq. 49

The criterion for the simultaneous optimal design and control of the extractive distillation column is based on
minimizing the off-spec products and the annualized column infrastructure cost while maximizing the net annual profit.
According to the abovementioned, the objective function has therefore three main elements: the first one is the
optimal control structure, the second one is the net profit, and the third is the costs associated with column
construction, all in an annual basis.
In Eq. 48 QR t is measured in GJ/h, NPt is measured in $/h and IC is measured in $/year. In order to annualize the
integral part of the objective function, it is preceded by the scalar ophour , which represents the total operating hours
of the column in a year. Appropriate scaling of the objective function is made in order to improve performance of the
optimization. The first three terms of Eq. 48 inside the integral stand for the optimal control problem. The aim of these
three terms is to represent the quadratic error between the desired set point (e.g. xdsp,eth ) and the dynamic behavior of
such a variable (e.g. xdt ,eth ). The first term belongs to the controlled variable, ethanol molar composition in distillate.
This expresses the aim to minimize off-spec products during the time of perturbation. Composition control was chosen
instead of temperature control, which is the traditional way to control distillate composition on a column since it is not
known a priori the stages that are sensitive to distillate composition in a model where the existence of a stage is
determined by the solution of the optimization problem. Moreover, it was shown by Ramos et al.15 that the differences
between temperature and composition control are negligible. Terms two and three belong to manipulated variables:
the net heat duty of the reboiler and the molar reflux ratio of the condenser. These two terms are included into the
objective function in order to make the solution as smooth as possible 7,38,2 . The terms 1 ,  2 ,  3 are weight
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parameters associated with ethanol molar composition, reboiler duty and molar reflux ratio, whose value is shown in
Table 3, and are the same as those reported by Ramos et al.15. It is important to remark that lag time in the ability to
change the reboiler duty in real time was not taken into consideration. The second term inside the integral in the
objective function is the net profit ( NPt ). The cost parameters of this term of the objective function are taken as
market values, according to those reported by Garcia-Herreros et al14. The net profit was defined as the profit
subjected only to time – variant terms (i.e. non-constant), as distillate flow and reboiler duty. The expression is as
follows:

NPt  QRt (CostQR )  Dt (Cost Ethanol )

Eq. 50

Weight Parameter Value
1
1e5

2
3

500
100

Table 3. Values of the weight parameters.

The last term of the objective function ( IC ) , accounts for the costs associated with column and heat exchangers
construction. These costs were calculated in the same manner as in the supporting information of García-Herreros
et al.14 and following the guidelines and price correlations available in Turton et al. 39, Seider et al.40, and Doherty et
al.41. These infrastructure costs are function of the total number of stages, reboiler and condenser heat duties, and
column diameter, all variables of the optimization problem.

4. Solution strategy and algorithmic framework
In order to solve the optimization problem stated in the previous section successfully, there are three instances that
have to be taken care of before solving the optimization problem:
-Dynamic model discretization
-Multi-objective optimization
-MPCC reformulation
-Modeling environment and solver selection
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This section deals with the explanation of how this is accomplished in the present study.

4.1.

Dynamic model discretization

In order to accomplish the simultaneous optimal design and control of the extractive distillation column, the DAE
system has to be discretized. The state and control variable profiles are approximated into a family of orthogonal
polynomials on finite elements7,22,44,24,43,45 that allows solving the complete formulation simultaneously as a NLP
problem. The time horizon is divided into i finite elements. Inside each finite element the profiles are discretized
around k collocation points. In this case, 5 finite elements and 3-point Radau collocation was selected because of its
compatibility with NLP formulations and their high stability with truncation errors of order O(h 2 K 1 ) and because they
are proven to stabilize the DAE system if higher index models are present 24. Only 5 finite elements were selected
due to the current large-scale of the optimization problem and to obtain results in reasonable computation times.
Continuity across element boundaries is also enforced. This approach allows to make a “direct transcription” of the
optimization problem and to solve it simultaneously in an Equation Oriented (EO) environment. Moreover, it maintains
accuracy of the state and control profiles and allows the consideration of unstable systems, path constraints and
singular controls24,43. It is important to remark that this approach leads to a large–scale sparse NLP formulation that
requires flexible decomposition strategies to solve the problem efficiently. State-of-the-art solvers are nowadays
capable of exploiting these properties24,46. The orthogonal collocation method on finite elements is described next:
K

dzi , j

j 1

dt

zi ,k  zi ,0  t f hi   j ( k )

, k  1,...K , i  1,..., I

Eq. 51

Inside each finite element, the state profile ( zi , k ) depends on the initial value of the state variable in the initial point
of the finite element ( zi ,0 ). In Eq. 51, I is the total number of finite elements, K is the total number of internal collocation
points, t f is the final time, hi is the length of the i-th finite element,  j is the j-th element of the collocation matrix
and

dzi , j
dt

is the first derivative of the state variable z at the point i,k. In order to enforce continuity of the state profiles

across element boundaries, the following equations are used:
K

dz j ,i 1

j 1

dt

zi ,0  zi 1,0  t f hi   j (1)

, i  2,..., I

Eq. 52

Eq. 52 ensure that the initial state value at the first collocation point of the i-th finite element is equal to the state value
at the last collocation point of the i-1 finite element. For the initial value of the state variables we have:
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z1,0  z (t0 )

Eq. 53

With Eq. 51-Eq. 53, the dynamic model can be written as:

dzi ,k
dt

 f ( zi ,k , ui ,k , p), k  1,...K , i  1,..., I

Eq. 54

Here, ui ,k stands for the manipulated variables and p for design parameters of the process equipment.
The initial value of the state variables is equivalent to their steady-state value ( z (t0 ) ) i.e. taking the derivative in Eq.
54

dz1,0
dt

 0 , based on the design proposed by Garcia-Herreros et al.14. It is important to remark that z (t0 ) are also

decision variables. This strategy of including the optimal steady-state solution as the starting point does not imply a
suboptimal solution for the dynamic process. The reason of this inclusion is the assumption that the distillation column
is at optimal steady-state operation before the perturbation in feed composition. Also, including the steady-state state
variables inside the optimization problem does not affect dynamic behavior. Moreover, it provides a better solution
than when assuming non-optimal starting points. It corresponds to the best starting point prior to an aggressive
perturbation.

4.2.

Multi-objective optimization

As noted in section 3.2, the current optimization problem is multi-objective due to the multi-criterion objective function.
In order to deal with this, the most straightforward method for handling multi-objective optimization is to formulate a
single-composite objective function with different scalars (weights) associated with each one of the single objective
functions. This kind of method is called linear scalarization 47. Another kind of method to handle the multi-objective
optimization, called the  -constraint method, deals with the generation of a pareto-optimal solution reducing the
multi-objective problem to the successive solution of single objective problems. This non-inferior solution set is the
set of solutions where one objective can be improved only at the expense on the other. As it can be seen, the latter
involves the solution of a series of single-objective problems, where the former only deals with the solution of a single
problem. On the framework of the solution of the problem stated in this research, the former method is more
convenient due to the dynamic problem with complementarity constraints, a problem that has to be already solved
with a series of sub-problems. This is why the linear scalarization method was chosen in the present research.
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4.3.

MPCC solution strategy

MPCC introduce an inherent non-convexity in the model as well as linear dependence of constraints, which make
the non-linear program very hard to solve. It is important to note that the solution of a MPCC is always a local solution
due to non-convexities, and the modeler should be satisfied with this kind of solution 24. In order to solve a MPCC, a
reformulation of the problem has to be made to efficiently solve it with a standard NLP solver (for a more complete
explanation of the matter the reader should refer to Biegler24 and Baumrucker et al.26). Among the MPCC
reformulations to allow standard NLP tools to be applied, the most efficient and robust according to Biegler 24 and
Baumrucker et al.26 are denominated Reg ( ) , regularized formulation, and PF (  ) , penalty formulation. These
formulations are described next24:
-Reg ( ) :

min f ( w)
s.t.
h ( w)  0

Eq. 55

g ( w)  0
x, y  0
xi yi   , i  1,..., nc

-PF (  ) :

min f ( w)   xT y
s.t.
h ( w)  0

Eq. 56

g ( w)  0
x, y  0

In Eq. 55 and Eq. 56, x and y are the variables involved in the complementarities.
In Eq. 55 the reformulation consists in representing the complementarities with the last equation. The
complementarities are relaxed with a positive relaxation parameter  . The solution of the MPCC can be obtained by
solving a series of relaxed solutions as  approaches zero. In contrast to the regularized formulations, in the penalty
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formulation the complementarities are moved to the objective function and the resulting problem is solved for a
particular value of  or by a series of problems with increasing  24,26. In the present research, both reformulations
were implemented, the Reg ( ) solving a series of problems starting with  0  10 4 , decreasing by 101 to a final
relaxation parameter  f  10 8 and the PF with   105 . In this way, the solution of the original MPCC is achieved
and the complementarities are satisfied within the tolerance (106 ).Biegler24 and Baumrucker et al.26 report a full
comparison between the MPCC reformulations to NLPs. Their conclusion is that the more reliable way to reformulate
MPCC into NLPs is the PF formulation, because (i) the complementarities are not included as constraints but only in
the objective function, maintaining the problem size despite the complementarities and (ii) the problem can be solved
a single time instead of multiple times, if a good value of  is chosen.

4.4.

Modeling environment and solver selection

The problems were modeled and solved in GAMS 23.9 on a quad core Intel i5 2.7 GHz CPU with 8 GB of RAM.
IPOPT48 was chosen as the NLP solution algorithm, because of its tested advantages for the solution of large-scale
NLP and MPCCs. Biegler24 and Baumrucker et al.26 concluded that the most reliable way to solve MPCCs was using
PF as the reformulation and IPOPT as the NLP solver. This algorithm has shown to converge faster than other NLP
algorithms24,48, and excellent performance when solving MPCCs. IPOPT was configured to run with MA86 (w/MC77
ordering option) linear solver in order to improve performance49. Ramos et al.15 solved a large-scale optimal control
problem using the abovementioned IPOPT configuration, showing that the solution times, comparing with other
solvers, are dramatically decreased. Compilation of the dynamic libraries for the linear solvers was done using Intel
Visual FORTRAN Compiler XE2011, linking against MKL libraries.

5. Results and discussion
The initialization of the optimization problems was made according to a dynamic simulation of the column with the
maximum number of stages, i.e. n  50 . Both problems (with Reg ( ) and PF reformulations) converged to a local
optimal solution and satisfying all the complementarities. Both column configurations resulted to be the same, with
slight changes in the optimal objective function values. Table 4 presents a summary of these results.
Variable
Number of Stages
Glycerol Feed Stage
Azeotropic Mixture Feed Stage
Sales ($/year)

Sequential DesignControl
19
3
12
$ 15,163,728.18

Simultaneous DesignControl (Reg ( ) )
42
2
17
$ 15,614,714.22

Simultaneous DesignControl (PF)
42
2
17
$ 15,716,503.44
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Operating Cost ($/year)
Infrastructure Cost ($/year)
Net Annual Profit ($/year)
CPU min
Variables
Equalities
Inequalities

$ 362,285.18
$ 378,378.20
$ 14,423,064.81
~0.6
19715
19684
16

$ 325,990.13
$ 351,863.48
$ 14,936,860.61
~25
56181
55097
1216

$ 330,160.64
$ 354,197.54
$ 15,032,145.26
~11
56186
55102
160

Table 4. Summary of simultaneous design-control results and comparison with sequential design-control.

The comparative profiles of the three cases are shown in Figure 4-Figure 7. The comparison is made between the
simultaneous design-control results obtained in the present research and the sequential design-control results,
solving the optimal control problem of Ramos et al.15 (with the only differences being 5 finite elements instead of 10
and a final time of 1 hour for the sake of comparison), which in turn is based on the steady-state design of GarcíaHerreros et al.14.

Figure 4. Comparison of ethanol purity.

From Table 4 is important to note how the simultaneous approach provides as solution an overall more profitable
process than the sequential approach, as predicted by the studies mentioned in section 1. In the first place, by
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designing the column considering dynamics, the total number of stages is substantially increased from 19 to 42. Note
also that feed stages are considerably different, most of all the azeotropic mixture one: in the simultaneous approach,
(i) there are none stages between the condenser and the solvent feed stage, (ii) there are considerably more stages
between the solvent feed stage and the azeotropic mixture stages (15 versus 9), and (iii) there are substantially more
stages between the azeotropic mixture feed stage and the reboiler (25 versus 7). As it can be seen, the resulting
column has more stages, which can be interpreted as a more expensive column. Contrary to this, the resulting column
has annual infrastructure and operating costs lower than the base column, i.e. the sequentially design and controlled,
decreasing the annual infrastructure cost in ~7.5% and the annual operating cost in ~10%. This is due mainly to heat
exchanger annual infrastructure cost: reboiler and condenser tend to be more expensive that the column and stages
themselves, and with the design obtained with the simultaneous approach these costs are markedly inferior to the
base case, as shown in Table 5.

Figure 5. Comparison of reboiler duty profiles.

Variable

Sequential DesignControl

Simultaneous Design-Control
(Reg ( ) )

Simultaneous DesignControl (PF)
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Column Cost
($/yr)
Condenser Cost
($/yr)
Reboiler Cost
($/hr)
Stages Cost ($/yr)

$2,582.38

$3,755.60

$3,632.79

$63,333.51

$53,492.28

$54,008.62

$24,235.12

$21,868.91

$22,118.55

$4,443.54

$8,849.08

$8,789.42

Table 5. Comparison of the annual infrastructure costs.

As it can be seen from Table 5, the most notorious decrease in annual infrastructure cost is in the condenser, where
there is a decrease of ~15.5%. The increase in column and stages costs is less that the latter decrease.
Moreover, not only the annual infrastructure and operating costs are decreased, but also the annual profit is increased
in the simultaneous approach, as seen in Table 4: an increase of ~3.51% is obtained respect to the sequential case.

Figure 6. Comparison of reflux ratio profiles.

Regarding to the optimal control part of the optimization, it can be noted from Figure 4 that ethanol composition is
maintained at the set point in the simultaneous approach as well as in the base case. Nevertheless, a slight difference
should be noticed in the simultaneous design-control solved with the Reg ( ) reformulation of the MPCC. This
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difference is negligible, since the order of magnitude of the difference is very low. Still, the difference exists only in
this case and not in the simultaneous approach solved with the PF. This can be explained in a framework where the
multi-objective optimization problem is formulated as a sum of trade-offs between the various elements comprised in
it: it is better to the optimization to maintain the control part related to ethanol composition in the way it behaves in
Figure 4, instead of decreasing the square error between the variable and the set-point penalizing other elements in
the objective function. Also, it is important to note that this is only a local solution, due to the large number of nonconvexities that the model presents.

Figure 7. Comparison of distillate flowrate profiles.

It is important to remark that manipulated variables (Figure 5-Figure 6) respond in a way consistent to perturbation
in feed and manage to keep the system in the required operation point and to minimize off-spec product. Manipulated
variables have different frequency regarding frequency in feed perturbation 50, consequence of system inertia (i.e.
molar holdup in existing trays). Delay in response can be seen clearly, even more than in the sequential approach.
Moreover, it should be noticed from Figure 5 that reboiler duty profile in the simultaneous approach (both
reformulations) is not as smooth as in the sequential approach. Though, the profiles have the sinusoidal tendency,
which is what matters. This also can be explained from the multi-objective optimization point of view aforesaid.
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Profiles of both manipulated variables differs substantially in magnitude in the simultaneous approach, having as
consequences in the first case, i.e. reboiler duty, a decrease in annual operating and infrastructure costs, and in the
second case, i.e. reflux ratio, an increase in annual sales. This can be noticed in Figure 7, where distillate flowrate
(which in turn is defined by reflux ratio) is higher in magnitude in both cases of the simultaneous approach.
Regarding to the solution of the MPCCs, it is important to highlight that both the Reg ( ) and the PF worked very
good in the present research. Nonetheless, it is noticeable that the PF is more efficient, because a single problem
has to be solved instead a series of them, in accordance to Biegler24 and Baumrucker et al.26. Both solutions can be
considered as equivalent.

6. Conclusions and perspectives
The simultaneous optimal design and control using MPCCs of the extractive distillation column for the production of
fuel grade ethanol was successfully addressed in this work. Using state of the art algorithms, the solution of this
large-scale problem can be obtained in matter of minutes. Our experience using different linear solvers with IPOPT
shows that MA86 (w/mc77) performs very well and behaves well with the large-scale NLPs derived from the MPCC
of the simultaneous optimal design and control problem.
It is shown how and why the design of unit operations should be made in presence of the dynamics of the process.
By designing equipment, considering dynamics, optimal control and perturbations the resulting unit operation is more
profitable and fully controllable. Nowadays, this is completely possible due to recent advances in computer
technology and in optimization algorithms. Design of large equipment, such as distillation columns, can be obtained
in a matter of minutes, even when the modeling is done considering a great number of non-idealities such as vapor
holdup, pressure drop and non-ideal liquid phase.
It is also important to note that a novel way to solve tray optimization is addressed successfully in the present
research. Through the implementation of complementarities, a kind of large and difficult MINLPs can be actually
solved by using MPCCs in a matter of minutes, by being cautious in the way the reformulation is made and being
satisfied with local solutions. The results obtained show an economically profitable process even if the process itself
is subjected to strong perturbations in its operating conditions, as the ones proposed in this research and in Ramos
et al.15.
As future work, it is proposed the complete NMPC control strategy of the extractive distillation column designed by
this research. In addition, a possible integration between the design strategies hereby presented and process
simulators (where the possibility of solving MINLPs is very restricted or not existent) is going to be taken into account.
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8. Nomenclature
Subscript
j: Stage number index
c: Chemical species index
d: Distillate

ti : Time
i: Finite element index
k: Collocation point index
eth: Ethanol
a: Complementarity slack a
b: Complementarity slack b
f: Feed
Superscript
v: Vapor phase
l: Liquid phase
f: Feed index
sp: Set point
t: Time
Latin symbols
NS: Index set of stages
C: Index set of components
FE: Index set of feeds
n: Total number of stages
nc: Total number of components

Qcond : Condenser duty (GJ/h)
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QR : Reboiler duty (GJ/h)
M j : Total molar holdup of stage j (kmol)
M c , j : Molar holdup of stage j of component c (kmol)
M vj : Vapor molar holdup of stage j (kmol)
M lj : Liquid molar holdup of stage j (kmol)

U j : Internal energy holdup of stage j (MJ)
V j : Vapor molar flow of stage j (kmol/h)

L j : Liquid molar flow of stage j (kmol/h)
LR j : Reflux feed flow of stage j (kmol/h)

V jvol : Vapor volume of stage j (m3)
Rgas : Ideal gas constant (MJ/(kmol)(K))
Pj : Pressure drop of stage j (mmHg)

Pjs : Dry tray pressure drop (mmHg)

PjL : Liquid pressure drop (mmHg)

A0 : Hole tray area (m)
K 0 : Hole coefficient
f ja : Aeration factor
g : Gravity acceleration (m/s2)

h Dj : Liquid height below weir of stage j (m)
F j , f : Feed j flowrate of stage j (kmol/h)
Feed f : Fixed feed f flowrate (kmol/h)

xc , j : Liquid molar composition of stage j for component c
yc , j : Vapor molar composition of stage j for component c

Pj : Absolute pressure of stage j (MPa)
Pc vap : Vapor pressure (MPa) for component c
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h j : Total molar enthalpy (GJ) of stage j
Atray : Total active bubbling area on the tray (m2)

hw : Average weir height (m)

pi : Diameter of tray holes (m)
FP: Flow parameter

Lw : Average weir length (m)
Q j : Volumetric flow of stage j (m3/h)
yrj : Existence of reflux in stage j

yf j , f : Existence of feed f in stage j
sr j : Slack for reflux complementarity of stage j
sf j , f : Slack for feed f complementarity of stage j
sl j : Slack for equilibrium relationship relaxation of stage j

z f : Molar composition in feed
zi , k : State profile at finite element i, collocation point k

t f : Final time (h)

h : Distance between finite elements
K: Total number of collocation points
I: Total number of finite elements
ui , k : Control profile at finite element i, collocation point k

p: Design parameters

RR : Condenser molar reflux ratio
CostQR : Reboiler duty cost ($/GJ)

CostEthanol : Ethanol price ($/kmol)
NP : Net profit ($)

IC : Annual infrastructure cost ($)

ophour : Annual operating hours (h/yr)
d : Column diameter (m)
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d i : Design parameters
Greek symbols

 j : Equilibrium relationship relaxation parameter of stage j

 p : Tray porosity
 : Relaxation parameter
 j : Molar density (kmol/m3) of stage j
 : Collocation matrix

 : Radau collocation point

 i : Weigth parameter
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