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Abstract

Optimal control problems in batch distillation involve finding a trajectory for the reflux ratio so as to maximize a performance index. Then
the controller is asked to follow this trajectory in an open loop fashion. It is important to minimize the effect of uncertainties in thermodynamic
models on the optimal control profiles to achieve a better operating performance. The non-linear parameter estimation problem in vapor–liquid
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quilibrium modeling involves determining the values of model parameters, which provide the best fit to experimental data. It w
reviously by Gau et al. [Fluid Phase Equilibria, 168, 1–8, (2000)] that, using a global optimization procedure based on interva

echnique combined with interval-branch-and-bound can significantly reduce the error between the predicted and experimental
his method, it was also shown that for some of the data sets published in DECHEMA, the parameters estimated correspond to lo
he effect of locally and globally optimal parameter estimates on batch distillation optimal control profiles is demonstrated in t
ince batch distillation is a dynamic process, the static (parametric) uncertainties are translated into time-dependent uncertaintie
ependent changes in relative volatility for the two cases are analyzed and represented by Ito processes. Next, the optimal contro
olved using the maximum principle and NLP approach. Numerical case studies show that using globally optimal parameter estim
ocally optimal parameter estimates results in a better product yield and the minimum error between the specified purity and the p
chieved.
2005 Elsevier Ltd. All rights reserved.
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. Introduction

Batch distillation is an important separation process com-
only used in pharmaceutical, specialty chemical and bio-

hemical industries. Because of its unsteady state nature, it
s very suitable for high-value, low volume production and
t has the flexibility to deal with variations in feed stock and
roduct specifications under different operating conditions.
or batch columns, finding an optimum operating policy is a
ey issue for achieving the most profitable operation.

∗ Corresponding author at: Vishwamitra Research Institute, 34 N. Cass
venue, Westmont, IL 60559, USA. Tel.: +1 630 515 8772;

ax: +1 312 996 5921.
E-mail address:urmila@vri-custom.org (U.M. Diwekar).

Optimal reflux policy in batch distillation is a trade-
between constant reflux and variable reflux policies, w
a trajectory for reflux ratio is obtained so as to optimiz
certain performance index. The trajectory of reflux rati
then followed by the controller.Diwekar (1992)presente
a unified approach to solving optimal control problem
batch distillation using an efficient short-cut method an
algorithm based on the maximum principle and NLP o
mization techniques. This article also showed that the
ferent categories of optimal control problems essentiall
volve the solution of the maximum distillate problem. Ho
ever, time-dependent uncertainties were not included in
deterministic formulation until recently. For many mixtu
encountered in pharmaceutical, specialty chemical and
chemical industries, the thermodynamic models are not
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Nomenclature

F amount of feed (mol)
H Hamiltonian
J objective function for the non-linear parameter

estimation
Pexp total pressure
P

vap
i vapor pressure
Rt the control variable vector, reflux ratio (func-

tion of time)
T total batch time (h)
UF uncertainty factor
V molar boil-up rate (mol h−1)
x1 state variable representing the quantity of

charge remaining in still B (mol)
x2 state variable representing the composition of

the key component in the still at the timet, x(1)
B

(mole fraction)
x

(1)
D composition of the key component in distillate

(mole fraction)
x

(1)
F composition of the key component in feed

(mole fraction)
xi,exp composition of the liquid phase
yi,exp composition of the vapor phase
z1, z2 adjoint variables

Greek symbols
α relative volatility
ᾱ “normal” level ofα, the level whichα tends to

revert
β drift parameter
γ I activity coefficient
γ i,calc activity coefficient determined from Wilson

model
γ i,exp activity coefficient determined from experi-

mental data
η speed of reversion
θij energy parameters of Wilson model
Λij binary interaction parameters of Wilson model
σ standard deviation
υi pure component liquid volume

or there is not enough data to predict the behavior caused
by non-idealities. These thermodynamic uncertainties are
translated into time-dependent uncertainties due to the dy-
namic nature of batch distillation. For the first time,Rico-
Ramirez, Diwekar, and Morel (2003)and Diwekar (2003)
presented a new approach to include time-dependent un-
certainties in mathematical formulations of optimal con-
trol. The uncertainties in relative volatility for ideal and
non-ideal mixtures were represented by Ito processes and
the maximum distillate problem was solved for determin-
istic and stochastic cases (Ulas, Diwekar, & Rico-Ramirez,

2003). It was shown that the stochastic reflux ratio profile
improves the process performance indices significantly as
compared to the reflux ratio profile computed by determinis-
tic approaches (Ulas & Diwekar, 2003). For example, one
case study for a non-ideal system such as ethanol–water
showed a 69% improvement in product yield, with using
this stochastic approach (Ulas & Diwekar, 2003, 2004). This
method also allowed including uncertainties in binary inter-
action parameters such as UNIFAC and it has been found
that the inclusion of binary interaction parameter uncertain-
ties increases the discrepancy between the stochastic and
deterministic solution. Therefore, it is important to mini-
mize the effect of thermodynamic uncertainties to obtain
optimal reflux ratio profiles and to maintain optimal oper-
ation.

Thermodynamic uncertainties are also due to non-linear
parameter estimation in vapor–liquid equilibrium modeling,
when a set of experimental vapor–liquid equilibrium data is
represented by a correlative model and the model param-
eters are estimated based on a least squares or maximum
likelihood analysis. In most of the cases, the objective func-
tion in non-linear parameter estimation problems is non-
convex and may have multiple local optima. Therefore local
optimization techniques cannot be employed since they do
not guarantee convergence to a global optimum.Gau, Bren
necke, and Stadtherr (2000), presented an alternative method
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or non-linear parameter estimation problem based o
nterval-Newton technique and interval-branch-and-bo
hich provides the guarantee of global optimality in par
ter estimation. It was shown that for some data sets publ

n DECHEMA VLE Data Collection (Gmehling, Onken, &
rlt, 1977–1990), the parameters predicted for an activ
oefficient model such as Wilson model correspond to
ptima and globally optimal parameter values were reli
etermined by the interval-Newton generalized bisectio
orithm (IN/GB).

In this paper, we demonstrate how the batch distilla
ptimal control profiles are affected by using the glob
ptimal parameter values predicted by IN/GB, versus

ocally optimal parameters published in DECHEMA. Si
atch distillation is a dynamic process, the uncertaintie
odel parameters are translated into time-dependent u

ainties. Two different time-dependent relative volatility p
les are obtained using globally and locally optimal par
ter estimates for Wilson model. These profiles are s

ically analyzed and represented by Ito processes. Fi
atch distillation optimal control problem is solved for fo
ases: the stochastic global case (relative volatility is
esented by an Ito process, obtained from globally opt
arameters), the stochastic local case (relative volatili
epresented by an Ito process, obtained from locally
al parameters) and two deterministic cases. The res
ur case studies show that the stochastic global reflux
rofile results in the highest product yield and the produc
ity is significantly closer to the specified purity for optim
ontrol.
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Table 1
Results of parameter estimation fortert-butanol(1)–n-butanol(2) (Gau et al. (2000)

DECHEMA volume: page No. of data points P (mmHg) DECHEMA Gau et al. (2000)-IN/GB

θ1 θ2 Objective function,J(θ) θ1 θ2 Objective function,J(θ)

2b:156 9 100 951 −602 0.0136 −568 745 0.0103
2b:157 9 300 1068 −638 0.0158 −525 626 0.0130
2b:158 9 500 901 −594 0.0097 −718 1265 0.0069
2b:159 9 700 801 −561 0.0174 −734 1318 0.0137
2f:151 14 760 848 −606 0.0333 −865 2420 0.0111
2f:152 17 760 153 −203 0.1300 −793 1757 0.1164

2. Uncertainty quantification

For the case studies presented in this paper, Wilson model
is used to predict the vapor–liquid equilibrium in rigorous
simulations of batch distillation operation. The expressions
for the estimation of liquid phase activity coefficients in Wil-
son model for a binary system are:

ln γ1 = −ln(x1 + Λ12x2)

+ x2

[
Λ12

x1 + Λ12x2
− Λ21

Λ21x1 + x2

]
(1)

ln γ2 = −ln(x2 + Λ21x1)

− x1

[
Λ12

x1 + Λ12x2
− Λ21

Λ21x1 + x2

]
(2)

The equations for binary parametersΛ12 andΛ21 are:

Λ12 = υ2

υ1
exp

[
− θ1

RT

]
(3)

Λ21 = υ1

υ2
exp

[
− θ2

RT

]
(4)

whereυ1 andυ2 are the pure component liquid volumes,T the
system temperature andθ1 andθ2 are the energy parameters
that need to be estimated.
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(a)water(1)–formic acid(2), (b)tert-butanol(1)–n-butanol(2),
(c)water(1)–1,2,-ethanediol(2) and (d)benzene(1)–hexafluor
obenzene(2).

In this paper, we consider the binary systems oftert-
butanol(1)–n-butanol(2) and benzene(1)-hexafluorobenz-
ene(2) for our case studies to demonstrate the effect of glob-
ally and locally optimum energy parameters, on optimum
control profiles in batch distillation. The results of parameter
estimation presented byGau et al. (2000)are summarized
below in Tables 1 and 2, for the binary systems oftert-
butanol(1)–n-butanol(2) and benzene(1)–hexafluorobenze-
ne(2), respectively.

2.1. Static uncertainties (uncertainty factors)

A statistical analysis was performed on these six data sets
to quantify the uncertainties associated with globally and lo-
cally optimum energy parameters. For uncertainty quantifi-
cation, we can define uncertainty factors as the ratio of exper-
imental activity coefficients to activity coefficients computed
from Wilson model:

UF(1) = γ1,calc

γ1,exp
(6)

UF(2) = γ2,calc

γ
(7)
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These energy parameters are estimated by minimizin
elative squares of error between the activity coefficients
ermined from experimental data and activity coefficients
icted by Wilson method. The objective function is giv
elow:

(θ) =
n∑

j=1

2∑
i=1

(
γji,exp − γji,calc(θ)

γji,exp

)2

(5)

au et al. (2000)showed that the energy parameters p
ished in DECHEMA for some data sets were in fact
al solutions to this problem and new set of globally o
um energy parameters were presented for binary syste

able 2
esults of parameter estimation for benzene(1)–hexafluorobenzene(Gau

ECHEMA volume:page No. of data points P (mmHg) DE

θ1

:234 17 300 344
2,exp

here the experimental activity coefficients can be calcu
rom:

exp = yi,expPexp

xi,expPi
vap (8)

he probability density estimate of the uncertainty factor
ert-butanol(1)–n-butanol(2) and benzene(1)–hexafluoro
zene(2) are given inFigs. 1 and 2. From the figure, it ca
e seen that the expected values of uncertainty factor
loser to 1 and the variance is decreased, when the ac
oefficients are predicted using the globally optimal par
ter estimates reported byGau et al. (2000). We will refer to

(2000)

A Gau et al. (2000)-IN/GB

Objective function,J(θ) θ1 θ2 Objective function,J(θ)

0.0566 −432 993 0.0149
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Fig. 1. Probability density estimate of uncertainty factors for six experimental data sets oftert-butanol(1)–n-butanol(2) system for globally optimal energy
parameters predicted by Gau et al.(2000) using IN/GB method and locally optimal energy parameter values published in DECHEMA VLE data collection.

globally optimal parameter estimates as GOPE and locally
optimal parameter estimates as LOPE from this point on for
simplicity.

2.2. Time-dependent uncertainties

After establishing statistically that the Wilson model with
the GOPE show less deviation from experimental data, the
next step is to determine the time-dependent uncertainties.
During batch distillation operation, the relative volatility
of the key component changes with respect to time and
each plate in the column. This dynamic behavior of rela-
tive volatility can be represented by Ito processes. This was
shown previously for systems of pentane–hexane (ideal) and

ethanol–water (non-ideal) (Rico-Ramirez et al., 2003; Ulas
& Diwekar, 2003, 2004).

2.2.1. System I: tert-butanol(1)–n-butanol(2)
If we take the rigorous model in batch distillation as

a proxy for real experiments and simulate the system
tert-butanol(1)–n-butanol(2) using the Wilson model with
the GOPE and LOPE, two different time-dependent pro-
files of relative volatility are obtained which are shown in
Figs. 3(a) and 4(a). To generate these profiles, the parameter
estimates obtained from data set 6, shown inTable 1, were
used, with a constant reflux ratio profile.

When the LOPE are used in the Wilson model, the relative
volatility profile shown inFig. 4(a) is obtained, which is simi-

F e(1)–he pr
G ameter
ig. 2. Probability density estimate of uncertainty factors for benzen
au et al. (2000) using IN/GB method and locally optimal energy par
xafluorobenzene(2) system for globally optimal energy parametersedicted by
values published in DECHEMA VLE data collection.
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Fig. 3. (a) The change of relative volatility with respect to time and plate in a batch column from a rigorous simulation using Wilson model with GOPE; (b)
sample paths of a simple mean reverting process with 66% confidence intervals.

lar to the behavior of an ideal system, such as pentane–hexane
(Rico-Ramirez et al., 2003; Ulas et al., 2003).

However, experimental vapor–liquid equilibrium studies
show thattert-butanol(1)–n-butanol(2) system shows nega-
tive deviations from an ideal mixture and there are associ-
ations present in the mixture (Quitzsch & Koehler, 1969).
The effect of these associations is only captured when
global parameters are used in the Wilson model. The rela-
tive volatility profile shown inFig. 3(a) is obtained using the
GOPE, which shows a behavior between an ideal system like
pentane–hexane and a non-ideal system like ethanol–water,
presented byUlas and Diwekar (2003, 2004).

Figs. 3(b) and 4(b), show the sample paths of Ito pro-
cesses that are used to represent the time dependent changes
in relative volatility for thetert-butanol(1)–n-butanol(2) sys-
tem when the GOPE and LOPE are used in Wilson model,
respectively. To generate these sample paths, equilibriation
times are also considered, which are not shown in figures.

When the GOPE are used, the time-dependent uncertain-
ties for this system can best be described using a simple mean
reverting process, which is given in Eq.(9):

dα = η(ᾱ − α) dt + σ dz (9)

where dzis the increment of a Wiener process. This increment
can be represented in terms of time as:

dz = εt
√

dt (10)

In this equationεt is a random number drawn from a normal
distribution with meanµ= 0 and a standard deviationσ = 1.
The parametersη, ᾱ andσ can be found using statistical anal-
ysis of the rigorous simulation data for relative volatility. The
parameters were found asη= 4.7,ᾱ = 3.5 andσ = 1.1with a
R2 value of 0.95.

When the LOPE are used, statistical analysis shows that
this system can be best represented by a geometric Brow-
nian motion, which was also used for the ideal system of
pentane–hexane (Rico-Ramirez et al., 2003; Diwekar, 2003).
The general equation for the geometric Brownian motion is
given below:

dα = βαdt + σαdz (11)

As a result of statistical analysis, the constantsβ andσ were
found asβ =−0.128 andσ = 0.03 with anR2 = 0.90.

F late in a OPE; (b
s tervals
ig. 4. (a) The change of relative volatility with respect to time and p
ample paths of a geometric Brownian motion with 66% confidence in
batch column from a rigorous simulation using Wilson model with L)
.
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Fig. 5. (a) The change of relative volatility with respect to time and plate in a batch column from a rigorous simulation using Wilson model with GOPE; (b)
sample paths of a simple mean reverting process with 66% confidence intervals.

2.2.2. System II: benzene(1)–hexafluorobenzene(2)
For the second binary system, benzene(1)–hexafluorobe-

nzene(2), the relative volatility profiles for GOPE and LOPE,
obtained using a rigorous model with constant reflux as
a proxy for experiments is shown inFigs. 5(a) and 6(a),
respectively. The relative volatilities obtained using lo-
cally optimal parameters in Wilson model, are lower that
the relative volatilities obtained using GOPE. Both of
these profiles were represented by a simple mean re-
verting process, shown in Eq.(9). For this binary sys-
tem the use of GOPE versus LOPE in Wilson model af-
fects the constant coefficients of Ito process representa-
tion.

When the GOPE are used in Wilson model, the con-
stant coefficients of the mean reverting process are:ᾱ =
0.71, η= 0.03, σ = 0.018 with anR2 value of 0.91. When
the LOPE are used, the constant coefficients are:ᾱ = 1.08,
η= 1.06, σ = 0.012 with andR2 value of 0.95. To gener-
ate both of the profiles inFig. 6(a) and (b), the equilibria-
tion times are also considered, which are not shown in figu-
res.

3. Optimal control profiles for locally and globally
optimal parameter estimates

After quantification of uncertainties for the thermody-
namic system that is being separated by batch distillation,
the next step is to find an optimum operating policy. Max-
imum distillate problem in batch distillation is an optimum
control problem where the optimal reflux ratio profile that
maximizes the distillate for a specified purity and time is
computed.Rico-Ramirez et al. (2003)andDiwekar (2003)
presented a stochastic formulation of the maximum distillate
problem, where the time-dependent uncertainties in relative
volatility are included in the formulation. It was shown that
the uncertainties in relative volatility affect one of the state
variables and this state variable can also be represented by an
Ito process of the same form.Ulas and Diwekar (2004)solved
the maximum distillate problem for the stochastic case, where
the time-dependent uncertainties in relative volatility were
described using geometric Brownian motion and geomet-
ric mean reverting process. The next subsection analyzes
the stochastic case where the state variables are described

F late in a OPE; (b
s e inter
ig. 6. (a) The change of relative volatility with respect to time and p
ample paths of a simple mean reverting process with 66% confidenc
batch column from a rigorous simulation using Wilson model with L)
vals.
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using a mean reverting process, such as the cases fortert-
butanol(1)–n-butanol(2) system when the GOPE are used in
the Wilson model and the benzene(1)-hexafluorobenzene(2)
system.

3.1. Derivation of stochastic optimal reflux ratio profile
for a mean reverting process

It was shown in Section2.2 that the time-dependent un-
certainties in relative volatility can be represented by a mean
reverting process for benzene(1)–hexafluorobenzene(2) sys-
tem and for thetert-butanol(1)–n-butanol(2) system, when
the GOPE are used in Wilson equation. Whereas, when
LOPE are used, geometric Brownian motion best represents
the time-dependent uncertainties in relative volatility for
tert-butanol(1)–n-butanol(2). Using Hengestebeck–Geddes
equation and Ito’s Lemma,Rico-Ramirez et al. (2003)
showed that when the time-dependent uncertainties in rel-
ative volatility are represented by a geometric Brownian mo-
tion, this affects one of the state variables and this state
variable also takes the form of geometric Brownian motion.
This formulation is used here for the case of LOPE fortert-
butanol(1)–n-butanol(2).Ulas and Diwekar (2004)showed
that this is true for a general case which means that the state
variable takes the form of the same Ito process that is used to
r
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The adjoint equations are:

dz1

dt
= z2

V (x2 − x
(1)
D )

(RtU + 1)(x1)2
, z1(T ) = −1 (16)

dz2

dt
= −z2

V

(
1 − ∂x

(1)
D

∂x2

)

(RtU + 1)x1
, z2(T ) = 0 (17)

If we define:

∂L

∂x1
= z1,

∂L

∂x2
= z2 and

∂2L

(∂x2)2
= ωt

Since∂H/∂RtU = 0;

RtU =
∂L
∂x1

− ∂L
∂x2

(x2−x
(1)
D )

x1

∂x
(1)
D

∂RtU

1
x1

∂L
∂x2

+
[
σ2

∂σ2
∂RtU

∂2L

(∂x2)2

] [
(RtU+1)2

V

]
∂x

(1)
D

∂RtU

1
x1

∂L
∂x2

− 1

(18)
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z =
∂L
∂x2
∂L
∂x1

= z2

z1

dz
V

(
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epresent relative volatility.
However, for GOPE we need to derive the optimality c

itions for the reflux ratio profile, when the state variables
epresented by a mean reverting process. This formulat
iven below:

The maximum distillate problem is formulated in ba
istillation as:

Maximize
Rt

−x1(T )

subject to :
dx1

dt
= dBt

dt
= −V

Rt + 1
, x1(0) = B0 = F

(12)

dx2

dt
= V

Rt + 1

(x2 − x
(1)
D )

x1
, x2(0) = x

(1)
F (13)

s mentioned above when the relative volatility is a m
everting process as shown in Eq.(9), the behavior of relativ
olatility affects the state variablex2. The equation for th
tate variablex2 becomes:

x2 = V

Rt + 1

(x2 − x
(1)
D )

x1
dt + σ2 dz, x2(0) = x

(1)
F

(14)

he Hamiltonian function, which should be maximized i

= −V

RtU + 1

∂L

∂x1
+ V

RtU + 1

(x2 − x
(1)
D )

x1

∂L

∂x2
+ σ2

2

2

∂2L

∂(x2)2

(15)
dt
= −z

(RtU + 1)x1
− z

(RtU + 1)(x1)2
(19)

lso if we define:

=
∂2L

(∂x2)2

∂L
∂x1

= ωt

z1

dξ

dt
= −ξ

V

(
1 − ∂x

(1)
D

∂x2

)

(RtU + 1)x1
+ z

V
∂2x

(1)
D

∂x2

(RtU + 1)x1

−ξz
V (x2 − x

(1)
D )

(RtU + 1)(x1)2
(20)

tU = x1 − z(x2 − x
(1)
D )

∂x
(1)
D

∂RtU
z

+
x1

[
σ2

∂σ2
∂RtU

ξ
] [

(RtU+1)2

V

]
∂x

(1)
D

∂RtU
z

− 1

(21)

n this analytical solution it can be seen that the adjoint e
ions are not affected by the behavior of state variablex2,
ince the additional termσ2 dt is not dependent onx2, which

s different from the solution obtained when the state v
ble is represented by a geometric Brownian motion.
olution algorithm proposed byDiwekar (1992)can be use
o solve this problem with this representation. The colu
odel used in this algorithm is the short-cut model, wh

ntroduces quasi-steady state approximation to some o
tate variables, thereby reducing the dimensionality o
roblem. This algorithm combines the maximum princ
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and non-linear programming (NLP) techniques. It is an ef-
ficient technique which avoids the solution of the two-point
boundary value problem for the pure maximum principle for-
mulation or and the solution of partial differential equations
for the pure dynamic programming formulation. Numerical
results are given in the following subsection.

3.2. Global and local solution for optimal reflux profile

Optimal reflux ratio profiles were computed for four
cases for tert-butanol(1)–n-butanol(2) and benzene(1)–
hexafluorobenzene(2) systems:

I. Stochastic-global case: uncertainties in relative volatil-
ity are represented by the Ito process obtained by us-
ing GOPE in Wilson model and the maximum distillate
problem is solved for the stochastic case using combined
maximum principle-NLP technique.

II. Stochastic-local case: uncertainties in relative volatil-
ity are represented by the Ito process obtained by us-
ing LOPE in Wilson model and the maximum distillate
problem is solved for the stochastic case using combined
maximum principle-NLP technique.

III. Deterministic case I: relative volatility is taken as con-
stant and the maximum distillate problem is solved for the
deterministic case using combined maximum principle-

I t
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the
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p ed:
1 r
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S
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f
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c rmin-
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s f the
r the
G e top
a il-
s two
v e for

Fig. 7. Optimal reflux ratio profiles for the stochastic-global, stochastic-local
and deterministic cases.

the next time interval as mentioned above. From the figure it
can be seen that, the reflux ratio profile obtained from the sec-
ond deterministic approach is quite different than the other
profiles. Also there is a jump in the value of reflux ratio since
the initial value of relative volatility is calculated using only
the bottoms composition, but after the initial point the relative
volatility is calculated from the geometric mean of top and
bottom. The reflux ratio profiles obtained for the four cases
are given inFig. 7.

3.2.2. Case study II: benzene(1)–hexafluorobenzene(2)
system

For this case study a system of benzene(1)–
hexafluorobenzene(2) was separated in a batch column
where the operation and design related parameters were cho-
sen as: Specified purity:xD(1) = 0.70; number of plates: 15;
amount of feed: 100 (kmol); feed composition:xF(1) = 0.55,
xF(2) = 0.45; vapor rate: 60 kmol h−1; pressure: 300 mmHg;
batch time: 2 h.

For deterministic case (1), the relative volatility was taken
as constant at 1.12. FromFig. 8, it can be seen that the deter-
ministic profiles are in between the global and local stochastic
profiles.

4

ses
i
b tested
b are
t the
m rous
m and
i pre-
s

own
i -
NLP technique.
V. Deterministic case II: relative volatility is computed a

the top and bottom of the batch column for each inte
tion interval using the Wilson model and the geome
mean of these two values is taken as the constant re
volatility for the next interval, the maximum distilla
problem is solved for the deterministic case using
combined maximum principle-NLP technique

.2.1. Case study I: tert-butanol(1)–n-butanol(2) system
In this numerical case study a system oftert-butanol(1)–n-

utanol(2) was separated in a batch column where the o
ion and design related parameters were chosen as: Sp
urity: xD(1) = 0.94; number of plates: 10; amount of fe
00 kmol; feed composition:xF(1) = 0.4,xF(2) = 0.6; vapo
ate: 60 kmol h−1; pressure: 1 atm; batch time: 2 h.

This algorithm was implemented in MultiBatchD
Diwekar, 1996). The reflux ratio profiles obtained for t
our cases are given inFig. 7.

We compared the stochastic local and stochastic g
ases to two deterministic cases. For both of the dete
stic cases, the shortcut method was used inside the op
ontrol problem similar to the stochastic cases. For the
eterministic case, the relative volatility was taken as
tant at 3.035, which corresponds to the initial value o
elative volatility profile from the rigorous model, when
OPE are used. For the second deterministic case, th
nd bottom relative volatility was computed using the W
on model with GOPE and the geometric mean of these
alues were taken as the constant relative volatility valu
. Results and discussion

The reflux ratio profiles obtained for four ca
n Section 3 for the tert-butanol(1)–n-butanol(2) and
enzene(1)–hexafluorobenzene(2) systems need to be
y a rigorous model in batch distillation in order to comp

he results and determine which reflux ratio profile yields
aximum performance for the batch column. The rigo
odel includes the hold-up effects for the batch column

nvolves the solution of several differential equations, re
enting the column dynamics.

The results obtained from the rigorous model are sh
n Tables 3 and 4for the tert-butanol(1)–n-butanol(2) sys
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Fig. 8. Optimal reflux ratio profiles for the stochastic-global, stochastic-local
and deterministic cases.

tem. The same operation and design related parameters spec-
ified in optimal reflux computations were used for the batch
column. InTable 3, the results for distillate purity from the
rigorous model are presented. Recall that the optimal con-
trol problem was solved for a purity constraint of 94%. This
means that a purity of 94% should be obtained, when we
use a reflux ratio profile that is obtained by a thermodynamic
model where the effects of uncertainties are minimized. As
it can be seen from the results inTable 3, the reflux ratio pro-
file obtained for the stochastic global case results in a purity
of 96.13%, which is closest to 94%. The % error between
the specified purity and the purity obtained increases as we
proceed to stochastic-local and deterministic cases due to the
effect of thermodynamic uncertainties: both static (paramet-
ric) and time-dependent.

Furthermore, for the stochastic global case, the highest
yield is obtained as compared to stochastic-local and deter-
ministic cases, which can be seen inTable 3. Similarly, as

Table 3
Results for distillate purity from the rigorous model fortert-butanol(1)–n-
butanol(2) system

Specified purity for optimal control 0.94
Stochastic-global optimal reflux ratio profile 0.961
Stochastic-local optimal reflux ratio profile 0.978
Deterministic reflux ratio profile (1) 0.993
D
%
%
%
%

T
R
b

G l)
L l)
D l)
D

Table 5
Results for distillate purity from the rigorous model for benzene(1)–
hexafluorobenzene(2) system

Specified purity for optimal control 0.70
Stochastic-global optimal reflux ratio profile 0.763
Stochastic-local optimal reflux ratio profile 0.841
Deterministic reflux ratio profile (1) 0.769
Deterministic reflux ratio profile (2) 0.767
% Error in global 8.96%
% Error in local 20.08%
% Error in deterministic (1) 9.79%
% Error in deterministic (2) 9.57%

we proceed to stochastic local and deterministic cases, the
distillate yield decreases. Using a geometric mean of relative
volatility at the top and bottom of the column and updating
at every time step using the Wilson model with GOPE when
solving the optimal control problem, instead of a constant
relative volatility throughout the batch time did not improve
the results for the deterministic case. This can be attributed to
the fact that the relative volatility profile obtained from taking
the geometric mean of the top and bottom of the column is
different to some extent than both the stochastic profile and
deterministic profile (1). Due to the associations and non-
ideal behavior of this mixture, the stochastic profile gave the
optimal results.

In Tables 5 and 6, the results obtained from the rigorous
model for the benzene(1)–hexafluorobenzene(2) systems are
presented.Table 5shows the results for distillate purity for
the four cases. We can see that the purity that is closest to
the specified purity of 70% is obtained when the stochastic
global reflux ratio profile is used. The stochastic local reflux
profile gives the highest error in purity about 20%. This is due
to the fact that the local reflux ratio profile is obtained using a
relative volatility profile that is lower than both the stochastic
global and deterministic profiles. The second deterministic
profile slightly improved the results for purity as compared
to the first deterministic profile.

In Table 6, the results for product yield (distillate) are
s the
s file
g an
t

fact
t val-
N r es-
t fails
t in-
t ced

T
R for
b

G
L
D
D

eterministic reflux ratio profile (2) 0.997
Error in global 2.26%
Error in local 4.03%
Error in deterministic (1) 5.65%
Error in deterministic (2) 6.06%

able 4
esults for amount of distillate from the rigorous model fortert-
utanol(1)–n-butanol(2) system

lobal optimal reflux ratio profile 38.73 (kmo
ocal optimal reflux ratio profile 37.80 (kmo
eterministic reflux ratio profile (1) 36.23 (kmo
eterministic reflux ratio profile (2) 31.6023
hown. The highest amount of distillate is obtained when
tochastic global reflux ratio profile is used. The local pro
ives a product yield that is significantly lower (61%) th

he global profile.
The results from this case study validate the

hat if a global optimization method such as inter
ewton-interval-branch-and-bound is used in paramete

imation step, for cases where the local optimizer
o find the global minimum, the effect of uncerta
ies on the optimal reflux ratio profiles may be redu

able 6
esults for amount of distillate from the rigorous model
enzene(1)–hexafluorobenzene(2) system

lobal optimal reflux ratio profile 18.64 (kmol)
ocal optimal reflux ratio profile 7.18 (kmol)
eterministic reflux ratio profile (1) 17.86 (k-mol)
eterministic reflux ratio profile (2) 11.172 (kmol)
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to a great extent and a better operating performance is
achieved.

5. Conclusion

In this paper, the effect of thermodynamic uncertain-
ties due to non-linear parameter estimation problem in
vapor–liquid equilibrium modeling, on the batch distillation
optimal control profiles are presented. When a global op-
timization method such as IN/GB method is used for pa-
rameter estimation, the thermodynamic uncertainties (static)
are significantly reduced relative to the case in which
only a local minimum is found in the parameter es-
timation problem. The uncertainties were quantified in
terms of uncertainty factors which are defined as the ra-
tio between the experimental and predicted activity coef-
ficients for a system oftert-butanol(1)–n-butanol(2) and
benzene(1)–hexafluorobenzene(2). The variance of uncer-
tainty factors is reduced significantly and the expected values
are closer to 1.

The dynamic nature of batch distillation translates the
static uncertainties to time-dependent uncertainties. Two dif-
ferent relative volatility profiles are obtained for when a rig-
orous model of batch distillation with GOPE and LOPE is
used to simulate the two binary systems mentioned above.
F he
r tility
p ture
a rel-
a ne).
T time-
d and
G ob-
t used
f ) sys-
t nd
L del,
t the
p tive
v both
t s.

our
c repre
s ility,
s tation
o wo
d n as
c y is
c each
i met-
r lative

volatility for the next interval for deterministic case (2). Us-
ing these four cases, four different reflux ratio profiles are
obtained. When these reflux ratio profiles are tested by a rig-
orous model, the stochastic-global profile gives the highest
yield and a purity that is closest to the purity constraint on
the distillate for the optimal control problem. Especially, the
yield obtained from the stochastic-global reflux profile for
benzene(1)–hexafluorobenzene(2) is significantly higher.

From these results it can be concluded that an optimum
operating policy using optimal control in batch distillation
can only be obtained if the effects of thermodynamic uncer-
tainties are minimized. The effect of uncertainties due to the
usage of local methods during the parameter estimation step
in VLE modeling is propagated in time during batch opera-
tion and the optimal reflux profile obtained results in a lower
product yield and a purity that is significantly different from
the specified purity on the distillate.
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