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A new method of optimizing the operation of distillation processes with uncertain
inflow streams from upstream plants is discussed. The case considered is the streams
that will be first accumulated in a tank before feeding to the column. To minimize the
total amount of operating energy while keeping a stable column operation under these
inflows, a novel decomposed optimization strategy consisting of two steps was used. For
an optimal planning of the dynamic operation, a smooth feed flow policy to the column
is developed in the first step by stochastic optimization under chance constraints by
ensuring a predefined probability of holding the tank level inside the desired range. An
easy-to-use method developed computes the maximum reachable probability of holding
the constraints so that a feasible solution of the chance constrained problem can be
guaranteed. Since the uncertainty in the inflow stream variability is absorbed in the
stochastic optimization over the tank, the operation of the dowstream distillation col-
umn is deterministic. Therefore, in the second step, the reflux and reboiler duty policies
of the column are developed by deterministic dynamic optimization. The optimal overall
strategy is obtained by the maximized smoothness of the feed flow to the distillation
column. The approach is applied to a pilot column, and the developed operating poli-

under

cies are implemented on the real plant by experiment.

Introduction

Optimization is an important way to enhance the profit
and reduce the environmental impact of industrial processes
by exploiting the degree of freedom. Studies on dynamic op-
timization have been emphasized recently for optimal design
and operation of increasingly intensified processes. Deter-
ministic nonlinear optimization methods have been devel-
oped for solving large-scale nonlinear programming (NLP)
problems (Gill et al., 1997; Leineweber et al., 1997). Ap-
proaches to solve dynamic optimization problems usually use
a discretization method to transform the dynamic system to a
NLP problem. They can be classified into simultaneous ap-
proaches (Steinbach, 1995; Cervantes and Biegler, 1998),
where all discretized variables are included in a huge NLP
problem, and sequential approaches (Logsdon and Biegler,
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1992; Vassiliadis et al., 1994; Li, 1998; Feehery and Barton,
1998), where a simulation step is used to compute the depen-
dent variables and thus only the independents are solved by
NLP. Although these approaches have been successfully ap-
plied to many chemical plants such as reactive, azeotropic,
and batch distillation processes (Logsdon and Biegler, 1989;
Li et al.,, 1998; Wendt et al., 2000), the optimization results
are only applicable when the real operating conditions are
included in the optimization.

Optimization under uncertainty

To deal with the unknown operating reality a priori, opti-
mization under uncertainty has to be considered. A process
may have internal uncertainties such as inaccurate model pa-
rameters or structures and external uncertainties such as un-
known future feedstock or atmospheric temperature. Many
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previous studies on the optimal process design under model
uncertainty have been made. These studies may also be clas-
sified into two approaches in view of treating the uncertain-
ties: (i) discretization approaches (Halemane and Gross-
mann, 1983; Varvarezos et al., 1992; Subrahmanyam et al.,
1994; Pistikopoulos and Ierapetritou, 1995; Bhatia and
Biegler, 1997; Rooney and Biegler, 1999) and (ii) multivariate
integration approaches (Diwekar and Rubin, 1991; Clay and
Grossmann, 1997; Diwekar and Kalagnannam, 1997; Bernado
et al., 1999). In the former approaches the bounded uncer-
tain parameters will be discretized into multiple intervals such
that each individual interval represents a scenario with an
approximated discrete distribution. This leads to a multi-
period optimization problem that provides the solution which
is feasible only on the selected points. Thus, the feasibility
problem is then tested over the entire range of parameters.
The latter approaches consider the continuous stochastic dis-
tribution of the uncertain parameters with the probability
density function. In these approaches, a multivariate numeri-
cal integration scheme will be chosen. An approximated inte-
gration through a sampling scheme and a rigorous direct in-
tegration are the two integration methods used in the litera-
ture.

To solve an optimization problem under uncertainty, some
special treatments to the objective function, and the equality
and inequality constraints have to be considered in order to
relax the stochastic problem to an equivalent NLP problem
so that it can be solved by the existing optimization routines.
Minimizing the expected value of the objective function has
been usually adopted (Torvi and Herzberg, 1997; Acevedo
and Pistikopoulos, 1998). To handle the inequality con-
straints under uncertainty, recourse and chance constraints
are the two main approaches used (Prékopa, 1995). In the
approach of recourse, violations of the constraints are al-
lowed and will be compensated by introducing a penalty term
in the objective function. This approach is very suitable to
solving process planning problems under demand uncertainty
(Subrahmanyam et al., 1994; Liu and Sahinidis, 1996; Ahmed
and Sahinidis, 1998; Gupta and Maranas, 2000). Recent de-
velopment of algorithms of this approach has made it possi-
ble to solve large-scale linear and mixed-integer linear pro-
cess planning problems (Clay and Grossmann, 1997). How-
ever, the application of recourse is limited since in many cases
a suitable measure of compensation of the constraint viola-
tion is not available. In these cases, the approach of chance
constraints can be used, in which a user-defined level of prob-
ability of holding the constraints (reliability of being feasible)
will be ensured. This is appropriate if constraint violations
are unavoidable in certain extreme cases, or if they cause sig-
nificant costs that cannot be modeled exactly (Kall and Wal-
lace, 1994).

While some uncertain parameters are usually treated as
constants during the process operation, there are some time-
dependent uncertain parameters which are dependent on the
process operation conditions. For instance, the catalyst activ-
ity in a catalytic reaction often changes with time. Another
example is the uncertainty of the feedstreams coming from
the upstream plants, which we will intensively study in this
work. A dynamic stochastic optimization problem will in these
cases be formulated. For such problems, rather than individ-
ual stochastic parameters, continuous stochastic processes
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should be considered. A special difficulty in solving such
problems is to handle the inequality constraints during the
time horizon. Arellano-Garcia et al. (1999) consider optimal
process operation under time-varying uncertain parameters
and use probabilistic (chance) constraints to describe the in-
equalities. This formulation has an advantage in solving the
stochastic programming problem by a simulation framework
(Szantai, 1988; Prékopa, 1995). This approach has been re-
cently applied to the design of robust controllers (Schwarm
and Nikolaou, 1999; Li et al., 2000a,b). Henrion and Romisch
(1999) have studied the stability of optimization approaches
under chance contraints if the uncertain variables deviate
from normal distributions.

Distillation processes under uncertain inflows

Distillation is one of the most common separation pro-
cesses which consumes the largest part of energy in the
chemical industry. For continuous distillation processes with
a fixed feed flow and predefined distillate as well as bottom
specifications, a steady-state operating point can be designed
based on the knowledge of thermodynamics. During the col-
umn operation, this steady state is usually kept by closed con-
trol loops which can reject some slight feed disturbances. It is
well-known that there is no degree of freedom for carrying
out an optimization for such processes. However, there is an-
other usual case in the process industry where the feed of a
column is from outflows of several upstream plants. Usually,
these streams are first accumulated in a tank (a middle buffer)
and then fed to the column, as shown in Figure 1. The streams
often change considerably due to the varying operation of the
upstream plants. We may have high flow rates of the feed
during the main working hours and decreased flow rates dur-
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Figure 1. Distillation process with uncertain feed-
streams.
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Figure 2. Measured feed of an industrial methanol-water
distillation process.

ing the night hours or on the weekend. A typical case of such
processes is the methanol-water separation plant of large
chemical companies. Figure 2 shows the measured profiles of
the feed flow rate, composition, and temperature for 24 h
from an industrial plant. We only focus here on the impact of
the variation of the inflow rate. One consequence resulting
from the fluctuating feedstreams is that the tank level y(¢)
may exceed the upper bound (then a part of the liquid must
be pumped out to an extra tank) or fall below the lower bound
(then a redundant feedstream must be added to the feed
flow). Since large fluctuations of the inflows take place fre-
quently during the operation of such plants and the appear-
ance of these cases (overflow or an empty tank) will lead to
considerable extra costs, a careful planning for the operation
should be made to prevent it.

Another consequence of a large feed change is that it causes
significant variations of the operating point of the down-
stream column. Due to this large disturbance, the feedback
control loops are often not capable of following the required
changing operating point because of the strong nonlinearity
and the large time delay of the plant. A conservative set point
is usually used to guarantee the product quality (x,, and xp)
for a higher purity than the required specification. This leads
however to more energy consumption than required. The
growth of energy requirement for a column operation is very
sensitive to the product purity, especially for a high purity
distillation.

In this work we propose a novel decomposed optimization
strategy to solve this operation problem. Because of the exist-
ing feed tank, the system has a degree of freedom to manipu-
late its outflow rate (the feed flow to the column). First, an
optimal planning will be made to ensure the tank level inside
the upper and lower bounds (it is not necessary to keep a
tank level exactly) by controlling this stream while keeping a
flat outflow. The total inflow to the tank is described by a
stochastic process. Stochastic optimization under probabilis-
tic constraints is used to develop the outflow rate policy. As a
result, the level of the tank is held in the desired range with a
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predefined probability and meanwhile the tank outflow is as
smooth as possible. Thus, the propagation of the large inflow
disturbances from the upstream plants to the column will be
minimized. Feasibility issues are analyzed and a new method
is proposed to ensure a feasible solution of the stochastic op-
timization problem. Based on the parameters of the stochas-
tic process as well as the plant model, the maximum reach-
able probability of the constraints can be computed through
a run of simulation.

Since the uncertainty is absorbed in the stochastic opti-
mization over the feed tank, the operation of the column is
deterministic. The developed outflow from the tank is consid-
ered as the feed disturbance to the column. Since it may
change considerably, the operating point of the column must
also be altered drastically. Instead of using a feedback con-
trol system, a deterministic dynamic optimization is used to
develop the reflux rate and reboiler duty policies to minimize
the operating energy. In effect this is equivalent to holding
the product purities as close as possible to their specification
under the changing feed rate. The advantage of a nonlinear
optimization is that it can directly utilize the rigorous model.
Moreover, an optimal policy for the whole horizon can be
developed by the dynamic optimization, that is, it has a na-
ture of prediction. The objective function is defined as mini-
mizing the total operating energy during the defined time pe-
riod. The equality constraints consist of all model equations,
while the inequality constraints are the distillate and bottom
composition specifications.

The overall operating strategy is optimal in the sense that
the objective of optimization is the minimization of the total
operating energy. Considering a feed with a fixed composi-
tion, a smoother feed flow will demand less operating energy.
Thus, the optimality is obtained by the maximum possible
smoothness of feed flow to the column. The proposed ap-
proach is applied to a pilot distillation column for separating
a methanol-water mixture. For the deterministic optimiza-
tion, a rigorous dynamic column model is used, which is vali-
dated by the simulation and experimental results. The devel-
oped operating policies are realized on the real plant.

Stochastic Optimization for Planning the Dynamic
Operation

A feedback control loop is used conventionally in process
industry to keep the level of the feed tank using the outflow
as the manipulated variable. The drawback of this control
loop is that it cannot guarantee the upper and lower level
bounds and it will propagate the inflow disturbance to the
downstream distillation column. In this section we will de-
velop an optimal planning for the operation of the process by
applying stochastic optimization to the feed tank. The con-
straints are the upper and lower bounds restrictions for the
tank level during the whole time horizon. To describe the
continuous uncertain inflow, this stochastic process is dis-
cretized as multiple stochastic variables in fixed time inter-
vals. We assume that they have a multivariate normal distri-
bution with an available mean profile and a covariance ma-
trix in the time horizon. The reason for this assumption is
that the total inflow to the feed tank is the sum of several
independent streams from the upstream plants. According to
the central limit theorem (Loeve, 1963), if a random variable
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is generated as the sum of effects of many independent ran-
dom parameters, the distribution of the variable approaches
a normal distribution, regardless of the distribution of each
individual parameter. An example in Papoulis (1965) illus-
trates a surprisingly good approximation of a normal distribu-
tion by the sum of three uniformly distributed parameters
(thus, each of those has a distribution very different from
Gaussian). The probability density function of a multivariate
normal distribution is described by
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where F, =[F.(1), ..., F§(N)]T is the vector composed of the
uncertain inflow rate in each individual time interval. p and
Y. are known mean values and the covariance matrices of
these stochastic variables, which have the following form
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where o; is the standard deviation of each individual

stochastic variable and rij e[—1, 1] the correlation coeffi-
cients between F;(i) and F;(j). It should be noted that often
a strong correlation between the uncertain variables exists for
time-varying stochastic processes. A positive correlation (r;;
> (0) means, if a variable is larger (smaller) than the mean
value in a time interval, the variable is likely to be larger
(smaller) than the mean value in the next time interval as
well. The reverse is true if the sign of the correlation coeffi-
cient is negative. The existence of a correlation will lead to
larger output deviations from the expected values and thus
causes a higher probability of violating the output con-
straints.

Figure 3 shows the sampled profiles of the inflow rate
where 0, =0.05(i=1, -+, N) and r;; =r; =1-0.05(j — ) (i
=1, - N, j=i+1, ---, N). With this distribution of the
inflow rate, it is not possible to decide the outflow of the
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Figure 3. Inflow rate through 10 samples.
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tank to guarantee the level absolutely in the specified region.
Therefore, the following stochastic optimization problem is
defined, which consists of a probabilistic (chance) constraint.
This means that inequality constraints are to be held with a
predefined probability level

N-1 )
min _;0 [F(i)—F,]

st. y(i+1)=ay(i)+b[F(i)= F(i)] y(0)=y,
P{Yinin <Y(I) < Ymax» =1, ", N} =p
FminSF(i)SFmax (3)

where F, is the specified value of the total flow rate to the
column, according to the column design. ¢ and b are con-
stants related to the tank area and the length of the time
interval. y, is the initial tank level. Due to the existence of
the stochastic variables and the chance constraint, this is a
stochastic optimization problem. This problem can also be
considered as a predictive control system under uncertainty.
In effect, Eq. 3 can be regarded as an optimal control prob-
lem, where y(¢) is the output and F(i) is the input variable,
and F,(i) is the disturbance, if a moving horizon is intro-
duced. In Eq. 3 a joint change constraint is used, which con-
cerns the joint probability of satisfying all of the inequalities
in the whole horizon. Another form of chance constraint is a
single probabilistic constraint which concerns the individual
time point

P{ymingy(i)ﬁymax}zp i=1: 7N (4)

Obviously, a joint constraint is more stringent than all single
chance constraints, but leads to a more difficult problem. We
propose to use the method of Szantai (1988) and Prékopa
(1995) to solve the problem with joint chance constraints. The
idea of the solution method is to relax the stochastic problem
to a nonlinear programming problem, so that it can be solved
with a standard NLP algorithm such as successive quadratic
programming (SQP). In the case of a linear problem with a
joint chance constraint, the relaxed problem is convex (Kall
and Wallace, 1994). The probabilities and gradients of the
constraints, composed of stochastic variables with multivari-
ate normal distribution, can be computed using an efficient
simulation approach (Prékopa, 1995).

Figure 4 shows the optimal outflow policies with specified
probabilities (two scenarios) under the uncertain inflow dis-
turbance shown in Figure 3. 16 time intervals inside the time
horizon are chosen as the dimension of the problem. The
model parameters in Eq. 3 are set to a = b = 1. It can be seen
that the optimal outflow policies are much more smooth than
the inflow profiles shown in Figure 3. Moreover, the outflow
will be inclined to the inflow if the required probability to
hold the level restriction is increased. Figures 5 and 6 show
the level trajectories resulted from the optimal outflow poli-
cies with 10 samples of the inflow rate F. Comparing Figure
5 with Figure 6, it can be seen that, by implementing the
outflow derived with the constraint P > 0.9, it is more likely
to violate the level restrictions than that with the constraint
P >0.95.
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Figure 4. Optimal outflow rate with different chance
constraints.

Feasibility Analysis of the Stochastic Optimization
Problem

The approach described above takes into account the
stochastic information on the inflow streams in a future time
horizon. The feasible set of the problem is dependent on the
prescribed probability level p. Increasing the probability level
p in Eq. 3 will decrease the feasible set. The feasible set
becomes empty starting from a value p. A user of the above
solution method may unintentionally choose a value of p
larger than p. Then, SQP will not find a solution to the prob-
lem. Therefore, it is important to analyze feasibility issues
and thus to ensure a solution. Previous studies (Prékopa,
1995) suggest a probability maximization step to obtain the
maximum probability value p. In this work, we propose a new
solution method that takes only one run of simulation to
compute this value.

Consider the output (level) at each time point as a variable
determined by the control (outflow) and disturbance (inflow)
trajectories, then the feasibility of the probabilistic constraint
in Eq. 3 means that the variables can be held in an N-dimen-
sional hypercube with a specified probability level. Although
the problem can be solved, there may be no feasible solution
at all in some cases, which implies that the chance constraints

0,8
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Time
Figure 5. Tank level realized by 10 samples with the
outflow for P > 0.95.
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Figure 6. Tank level realized by 10 samples with the
outflow for P > 0.9.

cannot be satisfied by any possible input trajectories. Thus,
we have to determine whether the defined problem has a
feasible solution or not. This is especially important when the
solution of the problem is carried out online.

One-step prediction

Instead of the tank model in Eq. 3, we now consider a
general linear stable plant

y(i+1)=ay(i)+bu(i)+cé(i) ®)

where a, b, and ¢ are known model parameters, and y and u
are output and input variables, respectively. ¢ is the stochas-
tic disturbance variable described by Eqgs. 1 and 2. Let us first
limit the predicted horizon to one future point. The con-
straint in Eq. 3 is reduced to

P{yminsy(l)symax} =2p (6)

From Eq. 5, we can derive the mean and the standard devia-
tion of y(1)

Myy = ay(0) + bu(0) + e,y @)

%) =leloy ®

It is interesting to note that the input value can change the
mean value of the future output, but has no effect on its vari-
ance. Since, for a normally distributed disturbance, the out-
put of a linear system is also normally distributed, the chance
constraint (Eq. 6) is equivalent to

(I)]( Ymax “‘y(l) >p (9)

%)

_ q)l( Ymin = Myq)

%)

where ®, is the one-dimensional (1-D) standard normal
probability distribution function. Figure 7 depicts the rela-
tions between the parameters in Eq. 9. The probability will
be different with different output variances resulted from Eq.
8, as shown in Figure 7 with o, <g;" < ¢;". With o, we have

y
the freedom to move w,;, with u(0), since the feasible region

AIChE Journal



is large enough. If the output standard deviation is as large as
O'y”, there will be no freedom, that is, 2(0) must have the value
such that w,) lies at the middle of [y, Yimax)- It implies
that the feasible region is reduced to one point. If oy, is
larger than o’ (like o, as shown in Figure 7), the problem
will have no feasible solution. Therefore, o; decides the fea-
sibility of the system, if the input is unconstrained. According
to Eq. (9), to make sure the problem has a solution there
must be

Ymax ~ Ymin
Uléﬁ (10)
2eld;! T)

where @ ! is the inverse function of ®,. From this represen-

tation, it can be concluded that we can relax an infeasible
problem of this kind by lowering the probability level p or by
enlarging the specified output region [ ¥,ins Ymax )

N-step prediction

For a horizon with N predictive points, from Eq. 5, the
output on each time point can be described as

i i
y(i)=a'y(0)+b Y. a tu(i—N+c Y, aE@i-1)
=1 =1

i=1,-,N (11)
From Eq. 2, the mean of the output is then
' i i

oy = a'y(0)+b Ya T u(-D+e Y a o (12)
1=1 =1

The covariance of the output between point i and j (j > i,
i=1, ---, N) can be computed by

R, (i,)) =E{[y() = | [y(D) = 1]}

=c2E{ Zl: aeG—-1)— /J“il+l]}

=1
J
2 o eg=m ]|

X

i
=C2 Z Z ai+j_[_m0-la-mrl,m (13)
I=1m=1

which will contribute to the correlation of these two points.
The variance of the output at point i is then

i
o =R, (i,i)y=c*), ) o """oo,n,, (14)
I=1m=1

which is a part of the covariance (Eq. 13). Again, it can be
seen from Eq. 12 and Eq. 14 that the input can only affect
the means of the outputs, which horizontally shifts an indi-
vidual probability profile (see Figure 7). From Egs. 13 and 14
the output covariance (and variance) is determined by the
covariances of the disturbance at different time points, as well
as the model parameters (a and c). The covariance will affect
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Figure 7. Probability in respect to the output variable.

the shape of the probability curve. Therefore, for a problem
with N predictive points, the feasibility depends on the out-
put covariance matrix if the input is unconstrained (or the
allowable region of inputs is large enough). Moreover, due to
the high-order exponential terms, both the means and the
covariances of the outputs are highly sensitive to the values
of the model parameter a.

Under single chance constraints

If we consider the single chance constraints (Eq. 4), the
relation (Eq. 9) can be used here for the inequality constraint
of each individual output point, since the output of a linear
system disturbed by a normally distributed sequence is also
normally distributed. This means

@(M >p i=L-, N (15)

Oy

_ (I)l(ymin — My

Oy (i)

where p,), 0, are computed from Egs. 12 and 14, respec-
tively. Manipulating u(i) such that u ;) is at the middle of
[Vmin> Ymax), the reachable maximum value of the individual
probability will be

=1,--, N 16
20, T ( )

Ymax ~ Ymin
—)_1 ;
y(@)

Pmax(i) = 2(1)1(

By comparing P, (i) with p, we can know whether the prob-
lem is feasible or not. The required input values u(i) corre-
sponding to this achievable probability can be calculated
through Eq. 12.

Under a joint chance constraint

For the joint chance constraint in Eq. 3 with N output
points, it is impossible to derive an explicit probability repre-
sentation like Eqs. 15 and 16. However, we know that large
absolute values of the elements in the output covariance ma-
trix may cause an infeasible problem. From Egs. 13 and 14,
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we have the following relations between the output covari-
ance of a point and that of the point before

an

i
. _ 2 2 i-1
R, (ii+l)=c (“%(i)"’ Ya U'I‘Ti+1”1,i+1)
=1
i+l
2 _ 2|22 i+1-1
Oyivn=C | aoyy T Ya 010 1741
I=1

(18)

i
i+1-m
+ Z a (Tmo-i+lri+1,m)
m=1

from which one can observe the change of the values of the
output covariance (variance) from one time point to the next.
In addition to the variance of the disturbance at each individ-
ual point, the correlation between the points of the stochastic
sequence has an effect on the increase of the variance of the
next output. For small element values in the output covari-
ance matrix, it is desired to have small correlation coeffi-
cients r;; in the disturbance covariance matrix. As for the
model parameters, it is shown from Eq. 17 and Eq. 18 that
lc|] <1 and |a| <1 is favorable for the feasibility of the system.
Another factor affecting the value of the covariance (vari-
ance) is the length of the horizon. For example, if a=1, o, =
o, 1,;=0, (i#j,i,j=1, ---, N), the variance of the output
at point N will be

oyiny=co°N (19)
Compared with Eq. 11, the variance of the output at point N
is N times higher than the value of that at the first point. In
this case, a larger N will more possibly lead to an infeasible
problem.

Although we have no explicit function for calculating the
joint multivariate probability, its maximal achievable value can
be computed based on the theorem given in the Appendix. In
the Appendix we prove that the joint probability has the max-
imum value if the mean values of the output vector are at the
middle of [y,,i1, Ymae] fOor i=1, ---, N, namely

Ymin + Ymax

My = B i=1, -, N

(20)

Replacing p,, in Eq. 12 with p,;y in Eq. 20, the corre-
sponding input vector can be calculated by

) 1 al c &,
”(l_l)zgl-/«y(i)_g)’(o)_g Za Mi—141
=1
i
- Y a u@-1 i=1,-,N (21)
1=2

With this control vector, the maximal achievable joint proba-
bility can be computed through one run of simulation by the
method described earlier. Table 1 shows the results of maxi-
mal achievable probabilities to hold the lower and upper level
restrictions in problem 3 with a=b =1, y(0)=4, and y,;, =
2.5, Yiax = 7.5 (see Figures 5 and 6). The parameters describ-
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Table 1. Maximal Achievable Probability of Holding

Constraints
o =0.05 o=0.1 =02
9=0.05 p=0.999 p =0.965 p =0.805
9=0.1 p=10 p=0.986 p=0.854

ing the multivariate normal distribution are set with o, = o
(i=1, -, N)and r;=1-0(j—i1) (i=1, -+ N, j=i+],
-, N). It can be seen that, as the value of the standard
deviation of the disturbance variables increases, the maximal
reachable probability will decrease. A stronger correlation (0
= (0.05) between the variables more likely leads to violations
of the constraints.

Deterministic Optimization of the Column
Operation

The downstream column will be operated with the optimal
feed policy developed by the approach described in the sec-
ond section. The question now is how to operate the column
to keep the distillate and bottom composition specification
under this feed profile. This principally leads to a control
problem. Two control loops are designed to carry out this
task conventionally to manipulate the reflux rate and the re-
boiler duty. However, due to the changing feedstream, the
operating point should also be changed frequently. Since dis-
tillation is a strong nonlinear process, the conventional con-
trol loop cannot follow the desired changing operating point.
Thus, a conservative set point value higher than the purity
specifications is usually chosen. However, since the energy
requirement for a column operation increases sensitively to
the product purity, especially for a high purity distillation, a
conservative operation leads to much more energy consump-
tion than required. Therefore, we propose to use a nonlinear
dynamic optimization to solve the column operation problem.
It should be noted that this is a deterministic optimization
problem, since the uncertainty in the feedstream variability is
absorbed in solving the stochastic problem. A dynamic opti-
mization has three well-known advantages over the conven-
tional feedback control: (i) it employs the nonlinear rigorous
model; (i) it concerns a future time horizon; and (iii) it can
keep inequality constraints.

Problem formulation

The objective function is defined as minimization of the
total energy in the considered time horizon [¢, t,], by devel-
oping the optimal reflux rate and reboiler duty policies. The
equality constraints are the model equations of the distilla-
tion column. For the purpose of operation study, it is neces-
sary to select a more accurate model. We here use a rigorous
dynamic model shown in Figure 8, where i=1, ---, NK and
j=1, -+, NST are the indices of components and trays (from
the condenser to the reboiler), respectively. The state vari-
ables on each tray are the vapor and liquid compositions (y; ;,
x; ;), vapor and liquid flow rate (¥}, L)), the liquid holdup
HU,, temperature T;, and pressure P;. The model equations
include component and energy balances, vapor-liquid equilib-
rium (VLE) equations, a liquid holdup equation, as well as a
pressure drop equation (hydraulics) for each tray of the col-
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Figure 8. Model of a general tray in the column.

umn. Moreover, models like Wilson, NRTL, and so on are
used for the VLE calculation. Murphree tray efficiency is in-
troduced to describe the nonequilibrium behavior. This is a
parameter that can be verified by comparing the simulation
results with the operating data. Rigorous computation in the
model also includes the calculation of the component pres-
sure and the vapor, as well as the liquid enthalpy. The inclu-
sion of the tray hydraulics is necessary to describe the dy-
namic behavior for the dynamic optimization. These lead to a
nonlinear index-one DAE system. The inequality constraints
consist of the distillate and bottom product specifications, as
well as the physical limitations of the reflux rate and the re-
boiler duty. Thus, a complicated dynamic optimization prob-
lem is formulated, which has the following objective function

min ft “O(1)dt (22)

0

In addition, auxiliary equations are required to describe
the thermodynamic and physical relations in order to com-
pute unknowns which are functions of the state variables. The
total number of variables of the problem is (2NC +5)NST.
The time horizon [#,, ;] should be long enough to be able to
reflect the nonlinear dynamic behavior of the plant. Thus, we
transform the conventional control problem to an optimiza-
tion problem. It should be noted that it is not equivalent to
an optimal control problem for the column, which usually uses
a quadratic function as the objective function to minimize the
deviation of the distillation and bottom functions from their
specifications.

Solution approach

Although there have been approaches to solve large-scale
dynamic optimization problems, few reports on the solution
of such complex problems formulated together with the auxil-
iary equations have been, to our knowledge, found in litera-
ture. Li (1998) proposes a sequential approach to solve such
problems. Both the state and the control variables are dis-
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cretized on finite elements. In each element the state vari-
ables are approximated with orthogonal polynomials, while
the piecewise constant form is used for the controls. The ap-
proach consists of an optimization layer, where the controls
in each element will be solved by SQP, and a simulation layer,
where the total equation system is integrated and the sensi-
tivities required by SQP are computed. The approach is effi-
cient, since all equations (that may be very complicated) are
not included in SQP. It has been successfully applied to sev-
eral real processes (Li et al., 1998; Wozny and Li, 2000; W et
al., 2000).

Until now, we have defined two (decomposed) optimiza-
tion problems for such processes as shown in Figure 1: a
stochastic optimization over the feed tank with the objective
function given in Eq. 3 and a deterministic optimization over
the downstream column with the objective function (Eq. 22).
By solving the former problem, a smooth outflow from the
tank will be determined, while, with this flow as the feed to
the column, the policies of reflux and reboiler duty of the
column will be developed by solving the latter problem. At-
tention should be paid to the optimality of the overall strat-
egy.

Our aim of optimization is to minimize the total operating
energy under the uncertain streams to the feed tank. Mean-
while the distillate and the bottom purity specification must
be satisfied. Considering the process shown in Figure 1, the
overall operating energy consumed by the column will be
minimal if the compositions of the distillate and the bottom
flow are well kept at the values of their purity specification
(purer than specified is allowable but more energy will be
needed). To achieve this, proper reflux and reboiler duty
policies will be developed, which is the task of the determin-
istic optimization. However, due to the oscillation of the
feedstream of the column, it is impossible to keep the com-
positions right at their specifications, that is, higher than those
values will be realized (lower than specification is not al-
lowed). Therefore, the overall minimum operating energy is
reached if the feed flow rate of the column is kept as smooth
as possible, which is the task of the stochastic optimization.

Application to a Pilot Distillation Column

Although many theoretical investigations on dynamic opti-
mization have been made, very few studies have been done
on their verification on real plants. In this section, the opti-
mization strategy proposed is applied to a pilot distillation
column in our lab. The flow sheet of the plant is similar to
Figure 1. The column has a diameter of 100 mm and 20 bub-
ble-cap trays with a central downcomer. Isolation coat has
been mounted to prevent the heat loss from the column wall.
The boilup is provided by an electrical reboiler with a maxi-
mum duty of 30 kW. The condensation is carried out by a
total condenser with cooling water. The plant is equipped with
temperature, pressure, level, and flow rate measurements and
electrical valves for flow control. All input/output signals are
treated by a process control system. Several control loops have
been configured and implemented on the plant. The control
system is connected to the local area network to manage ex-
perimental data. The composition of the feedstream, distil-
late and bottom product is measured off-line with a gas chro-
matograph.
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Model validation

The column is to be used to separate a methanol-water
mixture to high purity products. The column is operated at
the atmospheric pressure. We use the column model de-
scribed in the last section. The Wilson model is used for com-
puting the VLE and its parameters are from Gmehling et al.
(1977). Parameters of the pure components are from Reid et
al. (1987). The parameters for the tray holdup and the pres-
sure drop calculated by the gas and liquid fluid dynamics are
based on the tray geometric sizes. Several parameters (coeffi-
cients) in the model are strongly dependent on the column
structure and the operating point and thus should be matched
to the experimental results. We consider the tray efficiency in
the rectifying section my and stripping section ng of the col-
umn, the weir constant Cy, for the holdup calculation, the
friction factor ¢);, for the calculation of the dry pressure loss,
as well as the total heat loss Q,, from the column. The result
of O, is important for the implementation of the computed
reboiler duty values Q. on the real plant.

To accomplish the above verifications, 10 steady-state op-
erating points have been gained through experiment. The
measured data (temperature, pressure as well as pressure
drop, flow rates, compositions, and reboiler duty) are com-
pared with the simulation results by adjusting the parameters
with trial-and-error. Moreover, the measured data of the dry
pressure drop of the rectifying section and the total pressure
drop of the stripping section during the startup phase were
also used for estimating the parameters ¢, and Cy,. To ver-
ify these values, step changes of feed rate, reflux rate, and
reboiler duty were given from a steady-state operating point
during an experiment. Figure 9 shows the temperature re-
sponses along the column, where the black lines with noises
are the measured curves and the gray lines are the simulated
results. It can be seen that a very good agreement has been
received for the top and bottom temperature. The tempera-
ture on tray 17 and 18, which are the two most sensitive trays
in the column, has a 2-3°C difference between the measured
and computed results. The reason for this is the existing slight
disturbances from the atmospheric pressure and temperature
during the experiment which led to the oscillation of the col-
umn pressure and heat loss from the column.

The fact that both the measured and simulated curves have
the same tendency demonstrates that the inclusion of the hy-
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Figure 9. Simulated and measured temperature.

1206 June 2002 Vol. 48, No. 6

ik

10 p------

AAAAFAAATAAA,
[ T TS

Reboiler duty [ KW ]
©
)
)
)
'
)
l
'
|
P
t
'
|
t
!
'
|
|
|
i
'
'
t
|
|
t
|
|
|
|
|
|

i i I 1 ]
i i I 1 t
1 1 I I
i ! I ] I

TTT T T T T T T T et T T T T TT T T T T i
1 t 1 ]
1 I 1 1
1 i ] 1 1

6 F------ Fo—— - o R 4---=-== 4--=-=-=--4
I 1 b 1 1
I I 1 1 1
I I 1 1 1

99,4 99,5 99,6 99,7 99,8 99,9 100
Purity (mol%)

Figure 10. Energy requirement of the pilot column op-
eration with different purity specifications.

draulic computation leads to a successful description of the
dynamic behavior for the column operation. It can be noted
that the temperature on the trays in the rectifying section is
not sensitive to the step changes, especially for the top of the
column. However, the temperature in the stripping section
has a significant sensitivity. This phenomenon can be identi-
fied from the form of the x-y-diagram of the methanol-water
mixture (Gmehling et al., 1977).

Optimization results

The deterministic optimization approach is applied to the
verified column model, with the feed flow rate trajectory given
by the stochastic optimization over the tank. We consider 5 h
as the time horizon with an initial steady state at F =20 L/h,
z = 30 mol % with the reflux rate and reboiler duty L =14.7
L/h, Q. = 6.414 kW, respectively. Figure 10 shows the re-
boiler duty of the column due to different distillate and bot-
tom purity specifications in steady-state operation. It indi-
cates that the energy requirement increases exponentially with
an increasing purity. For the dynamic operation, we assume
that both the distillate and the bottom purity should be higher
than 99.5 mol %, which are the two path inequality con-
straints for the dynamic optimization. The two control vari-
ables (reflux rate and reboiler duty) are discretized as piece-
wise constants in 20 time intervals with a length of 0.25 h for
each interval. For starting the computation the guess policies
of the two variables are given as constants during the time
horizon.

To analyze the energy requirement under different feed
flow rate, a smooth case and a drastically changing case are
considered, as shown in Figure 11. The total amount of the
feed to be separated in the time horizon are the same in the
two cases. This amount is also equivalent to the total amount
of feed at the steady-state. Thus, if the purity constraints are
exactly satisfied (x, = x5 =99.5 mol %) during the horizon,
the theoretical energy consumption in the two cases should
have the same value as required by the steady-state opera-
tion. According to the optimization results, however, the to-
tal energy consumption in case 1 is £, =115.454 MJ and in
case 2 it is E, =118.739 MJ. This means that the purity con-
straints can be almost exactly satisfied during the time hori-
zon if the feed rate trajectory is relatively smooth like Case 1.
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Figure 11. Feed flow rate to the distillation column.

In the second case a higher purity than required has to be
realized to ensure the constraints to be held under the drasti-
cally changing feedstream. Figures 12 and 13 show the opti-
mal distillate and bottom purity trajectories of the two cases.
Both products are purer than, but tend to their specifica-
tions, which demonstrate a high quality of the optimization
approach. Considering the complexity of the plant (nonlin-
ear, time delay, and interaction between the variables), it is
impossible to achieve such a performance by using a conven-
tional feedback control system.

The distillate purity profiles are not sensitive to the changes
of the feedstream and thus there is almost x, = 99.5 mol %.
Obvious differences of the bottom purity between the two
cases can be observed. These case studies demonstrate the
conclusion that, for the optimal operation of such processes
as shown in Figure 1, the outflow of the feed tank should be
kept as smooth as possible to reduce the energy consump-
tion, as long as probabilistic level constraints are satisfied.
This means that the optimality of the overall strategy is ob-
tained by implementing the smooth flow to the column devel-
oped in the stochastic optimization.

Figures 14 and 15 show the optimal operating policies for
the two feed cases. It is interesting to note that in both cases
both the reflux rate and the reboiler duty have the same ten-
dency as the column feed flow. This implies that a feed for-
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Figure 13. Optimal purity (Case 2).

ward control may improve the operating quality of this col-
umn. Another remark from these results is that reflux rate
takes part in the campaign against the feed disturbances, al-
though the distillate purity constraint is constantly satisfied.
This shows another advantage of nonlinear optimization that
concerns the whole multivariable system over conventional
control loops that concern only the individual input and out-
put variables.

Implementation on the real plant

An experimental implementation of the optimization re-
sults was done on the pilot plant by considering a feed flow
trajectory to the column. The column was initially operated
at a steady-state point with F =15 L/h, z =30 mol % fed
to the 14th tray from the top of the column. Before conduct-
ing the experimental run, the optimal reflux flow and reboiler
policies were computed by the optimization approach. Then
the profiles of the feed flow, the reflux flow, and the reboiler
duty were realized at the column, as shown in Figure 16. It
should be noted that the lower bound of the reflux L _;, =9.6
L/h was set in the computation due to the minimal liquid
load in the column.

Figure 17 shows the measured temperature profiles of the
condenser and of every two trays in the column and of the
reboiler. As the feed flow was increased during the first pe-
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Figure 14. Optimal policy for Case 1.
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riod, both the reflux flow and the reboiler duty, according to
the optimization results, should be raised to compensate the
feed increase. However, this led to the increase of the pres-
sure drop in both of the stripping and rectifying section, as
shown in Figure 18. This larger pressure drop caused a higher
operating pressure on the trays and the bottom of the column
and thus led to the increase of their temperature during the
first 2 h (the pressure of the column top was the atmospheric
pressure that was 1.03 bar during the experiment). At a higher
bottom pressure, a slightly higher equilibrium temperature
was required for keeping the bottom product purity, which
can be seen in Figure 17.

During the second time period, as the feed flow was de-
creased, both the reflux and the reboiler duty were reduced.
This caused the decrease of the column pressure drop, par-
ticularly in the rectifying section. The pressure drop was only
about 1 mbar per tray in the rectifying section at the mini-
mum point. It implies that the tray efficiency in the section
was much smaller during this period than that in the period
before, reflecting the lower bound of the liquid load of the
column. It is interesting to note that the larger temperature
differences of the trays in the stripping section, as shown in
Figure 17, indicate that this section took the most separation
task during this period. Moreover, due to the smaller pres-
sure drop, the operating pressure of the bottom was reduced
and thus the bottom temperature was also decreased. As the

~
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o 1 1
0 1 2 3 4 5
time [h]

Figure 16. Implemented feed flow, reflux flow, and re-
boiler duty.
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Figure 17. Measured temperature trajectories in the
condenser of every two trays in the column
and in the reboiler by the optimal control
policy.

feed and the operating policy reverted to their initial values
at the end, the column operation tended to return to the
initial steady state.

To obtain a quantitative qualification on the energy saving
from the optimization results, a comparative experiment was
done, during which two well-tuned PID-controllers were used
to control the top and bottom temperature with fixed set
points. The same feed profile shown in Figure 16 was fed to
the column. Figure 19 shows the trajectories of the feed and
the two control variables, and Figure 20 showed the mea-
sured temperature trajectories resulting from the controllers.
Although the temperatures can be well kept at their set
points, the operation is not optimal. The product purity will
be either lower than the specification (constraint violation
during the first period) or higher than the specification (more
energy consumption during the second period). The total en-
ergy consumed during the time period was 101.083 MJ by the
PID controllers, while it was 98.858 MJ by the optimal poli-
cies shown in Figure 16.

The results of the plant study indicate that the tray effi-
ciency is sensitive to the feed flow rate. Thus, a proper corre-
lation or an online estimation of tray efficiency is necessary
in such cases to enhance model accuracy. This problem is
studied by Wendt et al. (2001a). Another result from the ex-
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Figure 18. Measured trajectories of the pressure drop
of the rectifying and the stripping section.
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the PID controllers and the implemented feed
flow.

periment shows that due to the tray hydraulics, a bottom
temperature control with a fixed set point is not proper for
column operation, if the feed flow changes significantly.

Conclusions

In this work we considered a new process optimization
problem under uncertainty, that is, the operation of distilla-
tion processes with uncertain feedstreams coming from up-
stream plants. These flows are very different during the days
from those in the night, and during the normal working days
from those at the weekends. These changing streams cause
undesired tank operations, as well as significant changes of
the operating point of the downstream distillation column. A
novel strategy composed of a stochastic optimization under
chance constraints and a deterministic dynamic optimization
was proposed to solve such operation problems. The stochas-
tic information of the feedstreams was employed to receive
an optimal planning for the process operation by developing
a flat feed policy to the column, while allowing the tank level
to change inside the required region with a predefined prob-
ability. The feasibility analysis for the stochastic optimization
problem was made and an easy-to-use method was proposed
to compute the maximum reachable probability of holding
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Figure 20. Measured temperature trajectories in the
condenser, of every two trays in the column,
and in the reboiler by PID-control.
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the constraints. This leads to a guarantee to obtain a feasible
solution of the chance constrained stochastic problem, which
is especially important for an online optimization of such
processes.

The deterministic optimization is carried out for the opera-
tion of the downstream column under the feed policy from
the stochastic optimization. This leads to a nonlinear large-
scale dynamic optimization problem that is solved by a se-
quential approach. The proposed strategy as a whole pre-
sents an appropriate example of integration of optimization
and control. The realization of the optimal policies on a pilot
plant demonstrate the proposed approach. It takes about 2
min and 10 min CPU-time for a run of the stochastic and
deterministic optimization by using a SUN Ultral Station (143
MHz), respectively.

A straightforward extension of the present work is the on-
line optimization of such processes. An online optimization
demands computationally a higher robustness and a high effi-
ciency. Furthermore, a state observer should be developed
for predicting the unmeasured state variables such as compo-
sition on each tray of the column. These will be used for the
prediction of the initial state of the future horizon. An on-line
parameter updating (such as the tray efficiency) via a real-time
identification is also required for an adaptive framework.

Moreover, we will extend the approach to optimal opera-
tion under uncertain compositions of the feed flows. This is
also a usual case in the process industry which has consider-
able effects on the operation of the downstream plants. A
study on the influence of oscillations of feed composition on
the operating energy should be made, so that a suitable prob-
lem can be defined. Since the only controllable stream is the
outflow from the tank, optimization may result in a compen-
sation of the smoothness between its flow rate and composi-
tion. The reason is twofold for our choice to consider only
flow rate as uncertain variables in this work. First, cases of
overflow and an empty feed tank appear frequently in the
industrial plant, and these are directly caused by the uncer-
tain flow rates from the upstream plants. Second, introducing
inflow composition as uncertain variables will lead to a non-
linear stochastic optimization problem under chance con-
straints. A method to address this problem is being studied
(Wendt et al., 2001b).
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Appendix: Theorem for the Maximal Joint
Probability of a Multivariate Normal Distribution

Theorem: For a multivariate normal distribution the maxi-
mal value of the joint probability is achieved, if

Ymin + Ymax

Moy = > i=1,-,N (A1)

Proof: Let the probability density function of the output
vector be

1 Tp—1
- E(y— n) Ry (y— py

)

- = el

e =vye (A2)
IR, (2m)™?

en(y) =

where y and f(y) are the corresponding constant and func-
tion, respectively. The joint probability means

Py = [ [ [ e () ()

Ymin Ymin Y min
wedy(i) - dy(N)  (A3)

at the maximum point, there will be

JP
i.y)= i=1, - N (A4)
Iy (i)
Since
don () =yef(y) af(y) (AS)
Iy (i) Iy (i)
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From Eq. A2 Y max Ymax (Vmax

ey Ly, ey =)

min Ymin " Yymin Ymin

<

af(y) af(y)
) (D) (AS) y(+ 1), Y (N o= s dy(1)

dy(i—1)dy(i+1)---dy(N) (AS8)

From Eq. A3 and Eq. A4 we have

[ fy[ [ yerar( y)]

Y min Ymin Ymin

It means
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That is (A9)

Ymax Ymax Y max Ymax . Since ® is the probability function of N —1 joint events
~ 1), -, y(i—1 N-1 p y ]

fymm fymm /ymm 'I_;}mi“ ey ¥ ) of normally distributed variables, it is continuous and sym-

) metric. Since Y., # Ymax» then the mean of y(i) must be at
y(A+1), =, y(N) Ly =y dy(1) - the center of [ Yins Yimax)-

dy(i =1)dy(i +1)---dy(N)

Manuscript received Aug. 7, 2000, and revision received June 4, 2001.

AIChE Journal June 2002 Vol. 48, No. 6 1211



