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Membrane filtration processes are often operated cyclically, where one cycle com-
prises a filtration and a backwashing phase. Due to the complex mechanisms involved,
these processes are mostly operated with fixed values of the manipulated variables,
leaving much of the economical potential unexplored. A model-based run-to-run pro-
cess control approach is introduced, in which the manipulated variables are optimized
after each filtration cycle. The approach is evaluated in a case study on submerged
membrane filtration in wastewater treatment. A simple, computationally inexpensive
process model is developed. The resulting model-based controller is tested in a simula-
tion environment employing a validated reference model. It yields excellent results
with respect to prediction quality and optimization results. � 2007 American Institute of

Chemical Engineers AIChE J, 53: 2316–2328, 2007
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Introduction

This article addresses the model-based control of mem-
brane filtration processes. The approach has originally been
developed for the special application of submerged mem-
brane filtration for wastewater treatment. However, the
underlying principles have been generalized to apply to the
large class of cyclically operated membrane filtration proc-
esses. Possibly, even more process types with similar charac-
teristics, such as classical filtration and adsorption processes,
could be covered. The distinctive process characteristic is its
cyclic operation, where each cycle comprises a filtration
(production) and a backwashing (regeneration) phase. The
model-based control approach presented in this article
exploits this structure in order to operate the respective pro-
cess safely in the presence of disturbances always close to its
economical optimum. Compared to standard operational

strategies with fixed set-points, this yields a substantial
increase in reliability and economical benefit.

In the following, an introduction to membrane filtration,
its control, and its modeling is given. The proposed control
approach is motivated and briefly outlined.

Membrane filtration

Membrane filtration is employed to separate particles from
a feed fluid. Particles may refer to solid particles, colloids,
macromolecules or molecules. A transmembrane pressure dif-
ference (TMP) forces the fluid and smaller particles through
the membrane pores. They leave the system as permeate,
while larger particles are retained on the feed side. Filtration
applications are operated either in dead end mode with the
feed flow parallel to the membrane pores, or in cross-flow
mode with the feed flow perpendicular to the pores. Figure 1
(right) shows a hollow-fiber membrane, where the feed is on
the outside and the permeate is drawn across the porous
walls to the inside. Figure 1 (left) shows many membranes
combined into a submerged membrane module. The cross-
flow is generated by air bubbles induced at the bottom of the
module. The bubbles rise upward, creating a two-phase flow
along the membrane surface. The membranes are sealed at
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the top, and the TMP is created by a pump connected to the
permeate outlet.

The permeability of the membranes and therefore the fil-
tration performance decreases with time due to membrane
fouling. Many mechanisms contribute to membrane fouling,
and their relative importance depends on the specific process.
In most applications, the repelled particles concentrate on the
feed side of the membrane and build a filter cake (organic
fouling). Furthermore, pores are blocked by intruding par-
ticles (pore blocking). Microorganisms build biofilms on the
membrane and pore surfaces, which decrease the perform-
ance and potentially damage the membrane (biofouling).
When inorganic soluble substances are repelled by the mem-
brane, they concentrate on the feed side of the membrane,
and after reaching the limit of solubility, they crystallize and
add to cake layer formation (scaling, inorganic fouling). The
concentration gradient of retained substances induces back-
diffusion away from the membrane (concentration polariza-
tion). All of these phenomena reduce the process efficiency
and can be counteracted by membrane and module design, as
well as by appropriate process control strategies.

There are three main concepts for limiting membrane foul-
ing during operation. First, cross-flow along the membrane
surface decreases the deposition of substances. Second, dur-
ing backwashing phases the flow direction through the mem-
brane is reversed, such that the membrane pores are flushed
with permeate. The third measure is to chemically or
mechanically clean the membranes, which is usually per-
formed at a much lower frequency than the other two meas-
ures. Each of these measures reduces membrane fouling,
however, all of them increase the operational cost due to
energy consumption, loss of product and availability, and the
cost of cleaning agents. While cross-flow intensity and back-
washing are optimized by the control algorithm proposed in
this article, mechanical and chemical cleanings are not taken
into account due to their low frequency.

Figure 2 shows the typical, yet simplified evolution of the
TMP for three filtration cycles, assuming that a constant fil-
tration and backwashing flux is applied. Each filtration cycle
consists of a filtration phase (positive TMP) followed by a
backwashing phase (negative TMP). During filtration, the
TMP increases mainly due to cake layer formation. After a
fixed filtration time, the flux is reversed and the membrane is
cleaned. Due to the removal of the cake layer and the clear-

ing of the pores, the absolute value of the TMP decreases
with time. The minimum TMP at the beginning of the filtra-
tion cycles also increases with time, as membrane fouling is
not completely reversed by backwashing.

Process control of membrane filtration

Filtration systems realize a certain permeate flux J, which
is the permeate volume flow per membrane area. The net
flux Jnet of a membrane filtration system is defined as

Jnet ¼ Jf � Dtf � Jb � Dtb
Dtf þ Dtb

; (1)

where Jf and Jb are the filtration and the backwashing fluxes
and Dtf and Dtb are the filtration and backwashing phase
durations, respectively. Typically Jf, Jb, Dtf, and Dtb are
operational degrees of freedom. In cross-flow systems, the
cross-flow intensity uc is available as a fifth degree of free-
dom. It is assumed in the following, that the desired net flux
Jnet is determined by an upper-level controller or operator.

In industrial practice today filtration processes are usually
controlled by fixing Jf, Jb, Dtf, Dtb, and uc to constant values
such that the desired net flux is realized and fouling is kept
within reasonable limits. The choice of these values is made
according to a pre-specified scheme or to the operator’s ex-
perience. The reason for the rather simple control approach
is the high complexity of the filtration process. It is charac-
terized by the periodic change between filtration and back-
washing, by the drift of membrane permeability due to irre-
versible membrane fouling, and by a high-number of distur-
bances, including variations of temperature or solids
concentration. Furthermore, only very limited measurement
information is available in industrial installations. In most
cases, only the overall TMP across an entire membrane mod-
ule is measured.

There are some approaches in the literature to better the
performance of membrane filtration systems by understand-
ing the influence of the controls during operation and adapt-
ing them accordingly. Most of them are based on experimen-

Figure 1. Submerged membrane filtration, TMP 5 Dp 5
pslug 2 ppermeate

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.] Figure 2. Evolution of the TMP during filtration and

backwashing.

During filtration, the TMP rises due to fouling. During back-
washing, the absolute value of the TMP decreases due to the
removal of fouling effects. The minimum TMP rises due to
irreversible fouling. [Color figure can be viewed in the online
issue, which is available at www.interscience.wiley.com.]
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tal setups which analyze the effect of altering, e.g. the cross-
flow characteristics,1 the mechanical and chemical cleaning
frequencies,2 or the filtration phase duration and the filtration
flux.3 Another research direction is the development of
mechanistic models of the filtration process and performing
simulation experiments, which again give insight into the
effects of the various controls.4,5 Smith et al.6 present an
online approach in which backwashing is initiated when the
TMP has increased by a certain amount, which is advanta-
geous as compared to backwashing at a fixed frequency.
Finally, Blankert et al.7 develop a filtration model and deter-
mine the optimal profile of the filtration flux and TMP during
one filtration phase using offline dynamic optimization. They
find that constant flux filtration, which is typically performed
in industrial applications, is indeed close to optimal perform-
ance concerning energy consumption.

Membrane filtration modeling

Model-based control is oftentimes employed to increase
the performance of industrial processes with respect to reli-
ability and economic performance. The quality of any
model-based controller depends on the process model
employed. Rigorous, mechanistic modeling of filtration proc-
esses is a highly complex task due to the many physical and
possibly chemical and biological phenomena, which take
place on very different time scales. Still, there are several
approaches available in the literature for different applica-
tions and membrane types. Most of them are based on
Darcy’s law Dp 5 J � g � R, where J is the flux, g is the fluid
viscosity, and R is the membrane resistance. They differ in
the level of detail and local resolution with which the resist-
ance R is described. Busch et al.4 and Broeckmann et al.8

present a model covering pore blocking, filter cake and bio-
film formation, polydispersed particles, and gas-liquid feed
flow along the membrane length axis for submerged hollow-
fiber membranes. Polyakov9 focuses on dead end hollow-
fiber filtration, and cushion modules are comprehensively
treated by Gehlert et al.10 More general modeling approaches
for various types of membranes and applications are des-
cribed by Marriott and Sørensen11,12 and Mangold et al.13

However, there are also many approaches based on simple
semi-empirical laws describing the temporal evolution of
fouling14 or on purely data driven neural networks.15–17

From a model-based process control point of view, both
simple and complex models of either empirical or mechanis-
tic nature have advantages and drawbacks. More complex
models can yield a higher prediction quality, however, they
typically employ many parameters which are difficult to
determine offline or require much online measurement data.
Simpler modeling approaches require less measurement data
for identification and little computational time, but suffer
from low-prediction quality, especially on longer time hori-
zons. Given the high uncertainty and little measurement in-
formation available in industrial filtration processes, simple
models present a more intuitive choice for control purposes
and are therefore employed in this work.

Outline of this article

The key idea pursued throughout this article is the follow-
ing: A simple model is required to fulfill the online require-

ments of low-computational cost and sufficient identifiability.
The low-prediction quality of the simple model is increased by
frequently adapting the model to plant measurements. The fil-
tration process is divided into cycles, and each cycle is divided
into a filtration and a back-washing phase. The operation of
the filtration process can then be represented as a continuous
sequence of cycles. This structure is exploited by updating the
process model after each cycle based on the newly available
measurement data. The updated model is employed to deter-
mine the optimal set-points for the manipulated variables for
the next cycle. This strategy is known as run-to-run control.

In the following section, the run-to-run control theory is
briefly introduced, and it is then extended to the class of cycli-
cally operated processes with filtration (production) and back-
washing (regeneration) phases. This provides the framework to
develop model-based controllers for specific applications. The
approach is exemplified in a case study, in which a suitable
model for submerged membrane filtration for wastewater treat-
ment is developed. The resulting model-based controller is
evaluated in a simulation study. Finally, conclusions are drawn
and current research topics are highlighted.

Run-to-Run Control for Membrane Filtration

In this section, the framework for run-to-run control of
membrane filtration processes is developed. First, the general
run-to-run control theory is briefly revisited. It is then
extended to account for the characteristics of membrane fil-
tration processes, mainly the circumstance that one run
(cycle) comprises two phases. Related issues as the dual con-
trol problem, the treatment of unidentifiable parameters, the
certainty equivalence principle, and the impact of computa-
tional delay are discussed.

Run-to-run control

Run-to-run (or run-by-run, batch-to-batch) process control
has originally been proposed for semi-conductor manufactur-
ing processes, where silicon wafers are produced in batches.
While continuous PID-type controllers are employed during
the batches, the run-to-run controller is only active between
the batches. The run-to-run controller calculates the set-
points for the manipulated variables, which are then realized
by PID-type controllers. The calculation of the optimal set-
points is based on a simple process model, which is updated
using the measurements from the previous batch. Figure 3
illustrates the embedding of the run-to-run controller in the
control system, where u are the set-points for the manipu-
lated variables as computed by the run-to-run controller, v

the outputs from the base controller, y the measurements, p
the parameters and initial states, and / the objective function
of the control problem. An extensive review on run-to-run
control is provided by del Castillo and Hurwitz.18

Much of the fundamental work on run-to-run control has
been developed for single-input single-output (SISO) proc-
esses, which can be described by the linear stationary model

yk ¼ aþ b � uk�1 þ �k; (2)

where k indexes the run (batch), e represents the model error
often assumed to be white noise, and a and b are model

2318 DOI 10.1002/aic Published on behalf of the AIChE September 2007 Vol. 53, No. 9 AIChE Journal



parameters. Let r be the set-point of y. If a and b were con-
stants, the perfect feedforward control law

uk ¼ r � a
b

(3)

could be implemented. If however the process is disturbed,
e.g. due to aging of equipment or changes in the feed com-
position, this simple approach will not yield optimal process
performance. Instead, the model parameters need to be
adapted and a new value uk for the manipulated variable
needs to be calculated for every run (batch) according to
Figure 3.

Several strategies have been proposed for the update of
the model parameters, depending on the properties of the
process and of the chosen process model. They include expo-
nentially weighted moving average (EWMA) filters, double
EWMA, least-squares parameter estimation, and many
more.18–23 Usually the measurements from the previous run
(batch) k 2 1 are used to compute an estimate of the param-
eters for run (batch) k, e.g. ak and bk for the SISO model
given in Eq. 2. The manipulated variable uk for batch k is
then computed from

uk ¼ r � ak

bk
: (4)

Run-to-run control for membrane filtration

For the filtration systems treated in this article, a more
general problem formulation is required. In the following, a
general framework for the run-to-run control of membrane
filtration processes is developed, from which individual con-
trollers for specific applications and purposes can be derived.
This is exemplified in the case study presented in the next
section. Several variations of the run-to-run principle have
been proposed in the past. Recent examples are the control
of batch chromatography,23 yeast fermentation,24 and batch
polymerization.25 Srinivasan et al.26 reduce the dynamic opti-
mization problem within a run-to-run scheme to a control
problem by tracking online the previously determined neces-
sary conditions of optimality. François et al.27 apply this con-
cept to a batch polymerization process.

In contrast to the approaches mentioned earlier, a run-to-
run scheme for filtration processes has to account for the fact
that each filtration cycle, or run, is divided into a filtration
and a backwashing phase. The estimation and control hori-

zons are each divided into a sequence of two phases, for
each of which different models are employed. This structure
leads to a multistage optimization problem.28 The problem
formulations proposed below are specializations of the more
general formulation for this type of problems given by Old-
enburg et al.29 Due to the complexity of the filtration pro-
cess, the proposed framework allows both phases to be
described by nonlinear dynamic models. This implies that in
addition to the model parameters, also the initial states of the
dynamic model have to be estimated.

In the following, the parameter and state estimation, as
well as the control problems are formulated. First, the opti-
mal control problem is presented. To correctly represent the
repeated solution of the problem on a moving horizon, the
cycle index k should be introduced for every variable. How-
ever, to ease the notation, the index k is omitted. The index j
is introduced to distinguish the filtration and the backwashing
phase, indicated by the value f or b, respectively. The optimi-
zation problem for cycle k, which is the analog to Eq. 4 in
the linear SISO case, is then

min
uj;tj ;e

/ (P1)

s:t: f jð _xj; xj; yj; uj; pj; dj; tÞ ¼ 0 (5)

gjðxj; yj; uj; pj; dj; tÞ � 0 (6)

hjðxj; yj; uj; pj; dj; tj;eÞ � 0 (7)

Cðxf ðtf ;eÞ; xbðtb;0ÞÞ ¼ 0 (8)

xðt0Þ ¼ x0 (9)

t0 ¼ tf ;0 � tf ;e ¼ tb;0 � tb;e ¼ te (10)

t 2 ½t0; te� (11)

j ¼ f for t 2 ½tf ;0; tf ;e�
b for t 2 ½tb;0; tb;e�:

(
(12)

x are differential and y are algebraic state variables, d are
disturbances, and t is the time. / is the objective function
representing the operational cost. fj is the set of differential-
algebraic equations (DAE) of index 1 describing the process.
gj are path and hj are endpoint constraints. Equation 8 gives
phase transition conditions G between the differential states at
the end of the filtration phase and the beginning of the back-
washing phase. The consistent initial states of the DAE system
are given in Eq. 9. Equations 10–12 define the optimization
horizon and the phase durations. The length of one cycle is
given by the time interval [t0, te], and comprises the filtration
phase [tf,0, tf,e] and the backwashing phase [tb,0, tb,e].

It should be noted that the problem formulation (P1) does
not consider the influence of cycle k on cycle k 1 1. For
example, insufficient cleaning in the backwashing phase of
cycle k lowers the operational cost in cycle k, but the nega-
tive impact on cycle k 1 1 is not considered. If necessary,
appropriate endpoint constraints (Eq. 7) have to be stated,
which, e.g., enforce that the final filtration resistance after
backwashing is below a certain limit.

The parameter and state estimation problem is formulated in
a similar fashion. The initial states x0 are treated as parameters

Figure 3. Run-to-run control.
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and estimated together with the model parameters pj. With the
assumption of white process and measurement noise, the esti-
mation problem reduces to a least-squares optimization prob-
lem.30,31 The formulation must account for the discrete nature
of the TMP measurement data, which are sampled at nl time
points tl [ [t0, te]. The predicted TMP measurements are there-
fore sampled accordingly. Again omitting the cycle index k for
better readability, the estimation problem is formulated as

min
pj;x0

Xnl
l¼1

1

2
ðD~pj;l � Dpj;lÞ2 (P2)

s:t: f jð _xj; xj; yj; uj; pj; dj; tÞ ¼ 0 (13)

Dpj;l ¼ DpjðtlÞ (14)

Cðxf ðtf ;eÞ; xbðtb;0ÞÞ ¼ 0 (15)

xðt0Þ ¼ x0 (16)

t0 ¼ tf ;0 � tf ;e ¼ tb;0 � tb;e ¼ te (17)

tl 2 ½t0; te�; l 2 f1; . . . ; nlg (18)

j ¼ f for tl 2 ½tf ;0; tf ;e�
b for tl 2 ½tb;0; tb;e�:

(
(19)

D~pj,l are the sampled measurements of the TMP, whereas
Dpj,l are the corresponding predicted measurement samples.
The solution of (P2) provides updated values of the parame-
ters and the initial values based on the measurements of
cycle k 2 1.

Depending on the process, it might be desirable not to
entirely rely on the most recent solution of the estimation
problem, which is only based on data from the previous, pos-
sibly strongly disturbed cycle. In such situations, filtering the
parameter updates is a well proven technique.32

Dual control problem

So far it has been assumed that all model parameters p

and initial values x0 can be estimated using the data from the
previous cycle k 2 1. However, it is not guaranteed that the
information content of these measurements is sufficient to
reliably identify all unknown quantities. Missing excitation
of certain states, inputs or disturbances might lead to an esti-
mation problem in which not all of the unknowns are inde-
pendently identifiable. This is referred to as the dual control
problem.33 To illustrate the problem, consider the model

yðtÞ ¼ a � uðtÞb; t1 � t � t2: (20)

If u(t) is constant on the entire estimation horizon, which might
comprise several cycles, then y(t) is also constant, and a and b
cannot be estimated independently. Consider, e.g. u(t) 5 3 and
y(t) 5 5, then there is an infinite number of solutions for a
and b, which satisfy Eq. 20. To overcome the problem, either
u(t) has to be excited, which might lead to a decrease in per-
formance, or the estimation horizon has to be chosen large
enough to include a natural variation in u(t).

The dual control problem does affect the proposed model-
based run-to-run controller. This is due to the fact that the
inputs of the filtration process are usually constant within

one filtration cycle, which means that they are not excited on
the estimation horizon. Therefore, an estimation technique is
proposed, which exploits relationships from stochastics and
parameter estimation theory.30 It enables the reliable estima-
tion of the affected parameters and initial values on appropri-
ately chosen longer time horizons [tk�N

0 , tk�1
e ], where N is the

number of filtration cycles considered. To ease the notation,
the following approach is formulated for the parameters pj
only, but it applies likewise for the initial values x0.

The parameters p are divided into a set of parameters
ps 5 {p1s , . . . , p

i
s, . . . , p

ns
s }, which are estimated on the data

of one filtration cycle according to (P2), and a second set of
parameters pr 5 {p1r , . . . , pir, . . . , pnrr }, which as a conse-
quence are not identifiable on the same horizon due to the
dual control problem.

The estimation algorithm for the parameters pr is depicted
in Figure 4. First, the estimation problem is solved for all pa-
rameters analogously to (P2), but on the horizon [tk�N

0 ,tk�1
e ].

When the estimation problem has converged to a solution p̂,
the quality of the estimates is evaluated. The Hessian H at
the solution describes a confidence ellipsoid in the parameter
space given by

dpT �H � dp � 2 � e; (21)

where e is a parameter defining the size of the so-called
indifference region, and dp is a vector of deviations from the
optimal parameter values p̂. Eq. 21 states how much the pa-
rameters may be changed under the condition that the objec-
tive function value does not change more than e. Let kj be an
eigenvalue and v

j the corresponding unit eigenvector of the
Hessian H, j [ {1, . . . ,np}, where np is the number of param-
eters, and where the eigenvalues are sorted in increasing
order. Then, the length lj of the corresponding main axis of
the confidence ellipsoid is

lj ¼
ffiffiffiffiffiffiffiffi
2 � e
kj

r
(22)

and the axis aj is given by

aj ¼ vj � lj: (23)

Figure 4. Parameter estimation on longer time horizons.
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The longer the ellipsoid extends in the direction of one para-
meter, the smaller is the confidence into the corresponding
estimated value. Therefore, the maximum extension of all
main axes in the direction of a parameter pi is taken as an
uncertainty measure qi of parameter pi according to

qi ¼ max aji

� �
; 8j 2 f1; . . . ; npg; (24)

where aji is the ith element of aj. It should be noted that since
the main axes are in general not parallel to the coordinate
axes, the maximum extension of the main axes is not exactly
equal to the extension of the ellipsoid itself. However, this
deviation is small compared to the absolute value and is
neglected in the following. It needs to be ensured that the
uncertainty of the parameter estimates p̂r is below a certain
threshold, if they are to be adopted. If not all of the parame-
ter estimates p̂r have uncertainty measures below a specific
tolerance qimax, the parameter with the highest contribution to
the largest ellipsoid axis is excluded from the estimation
problem, and the reduced estimation problem is solved again.
This procedure is repeated until a subset of the parameters
pr is estimated within the specified tolerances, or until all
parameters have been excluded from the estimation prob-
lem. Newly identified parameter values are adopted, while
the previously excluded parameters keep their initial values.
The number of filtration cycles N, the indifference region
parameter e, and the uncertainty tolerances qimax are tuning
parameters.

After the estimation of the parameters pr, the estimation of
the remaining parameters ps with the data from the previous
filtration cycle k 2 1 is performed according to (P2).

Certainty equivalence principle

Since the control problem (P1) depends on the estimated
parameters pj and the estimation problem (P2) depends on
the measurements ỹj,l, which in turn depend on the optimized
manipulated variables uj, both problems are interdependent.
This in turn implies that the control algorithm depicted in
Figure 3 is not guaranteed to converge to optimal process
performance. In fact, it can be shown that it will only lead to
optimal performance if the gradient of the measurements
with respect to the manipulated variables of the real process
equals the according gradient of the prediction, i.e.

@~ykj;l

@ukj
¼ @ykj;l

@ukj
; (25)

which is most likely not the case in practice. Roberts34 was
the first to address this problem systematically (see Roberts35

for a review and Gao and Engell23 and Xiong and Zhang25

for recent applications). Most of the proposed strategies to
circumvent the problem are based on the estimation of the
gradient @~ykj;l=@u

k
j from process measurements and a subse-

quent modification of the control problem. Within the scope
of this paper, this problem is not considered. The estimated
parameters are taken as the correct parameters, a common
assumption known as the certainty equivalence principle.
The induced error is expected to be small against other dis-
turbances, however, a rigorous method to estimate the error
is not available.

Computational delay

The control algorithm comprises three steps: parameter
and initial value estimation using data from a long horizon,
parameter and initial value estimation using data from the
last cycle, and optimization of the manipulated variables for
the future cycle. Ideally, the estimation and optimization take
place between two cycles k 2 1 and k, and the optimized
manipulated variables are realized at the beginning of the
new cycle k (Figure 5). However, since there is no pause in
between the two cycles, zero calculation time would be
required. Hence, a delay in the implementation of the opti-
mized manipulated variables is inevitable. Different strategies
are available to handle the delay. One option is to delay the
implementation by an entire cycle, thereby providing plenty
of time for communication and solution of the estimation
and optimization problems. Alternatively, the solution is
implemented as soon as it is available in cycle k, accepting
the delay in the implementation of the manipulated variables.
However, any delay can possibly lead to a loss of stability of
the closed-loop control system.36 In the online implementa-
tion of the proposed control scheme at an industrial pilot
plant, which is currently examined, the optimized manipu-
lated variables are realized with one cycle delay, and no sta-
bility problems have been observed so far.

Case study: Submerged Microfiltration for
Wastewater Treatment

The proposed run-to-run control framework is generic for
membrane filtration applications which are operated cycli-
cally, with each cycle comprising a filtration and a back-
washing phase. Beyond that, there are many more processes
which exhibit similar characteristics, e.g. classical filtration
and adsorption, and to which the framework might apply.
The framework allows to derive controllers for specific appli-
cations and purposes, if a suitable process model is available.
In the following, the controller design is exemplified step by
step for submerged microfiltration (MF) with intermitted aer-
ation for wastewater treatment applications in order to high-
light the procedure and demonstrate the effectiveness of the

Figure 5. Run-to-run control for membrane filtration.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]
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approach. First, the process is described. A suitable model is
developed, including the objective function and process con-
straints. Finally, the resulting controller is formulated and
tested in simulation.

Process description

Wastewater treatment represents a large industry with high
annual product volume, as well as financial investments.37

Shrinking water resources lead to intensified water reuse and
increasingly strict legislative limits on effluent concentra-
tions. At the same time, economical pressure demands for ef-
ficient process solutions. Membrane bioreactors (MBR) rep-
resent one promising technology in this context.38 In conven-
tional wastewater treatment plants, the biomass is separated
from the effluent in sedimentation basins. In MBR, the basins
are replaced by membrane filtration. In most cases, sub-
merged low-pressure MF membranes are employed due to
their low specific cost.39 The advantages of MBR include
high effluent purity, small plant size, and high biomass con-
centrations. Today MBR are already profitable in the upgrad-
ing of existing plants and in environments with high effluent
purity demands. Due to continuous technological advances
with respect to the design and operation of MBR and stricter
effluent requirements, MBR are expected to play an increas-
ingly important role in wastewater treatment.40–42

The feed to the MBR consists of water, in which a variety
of organic and inorganic particles and dissolved substances are
present. Organic fouling, biofouling, and pore blocking are the
dominating fouling effects. Usually hollow-fiber membranes or
plate modules with nominal pore sizes around one micron or
less are employed. The cross-flow is realized with air bubbles
periodically injected at the bottom of the modules.

Process model for control

In order to study the highly complex process, a rigorous
model has been developed, which is discussed in detail by
Busch et al.4 and Broeckmann et al.8 It has been shown to
adequately represent real plant behavior and is therefore used
as a reference model in the following simulation study. For
the run-to-run control framework, a much simpler model is
formulated, including a suitable objective function and pro-
cess constraints.

The model proposed in the following is based on very
simple descriptions of the main phenomena occurring in the
filtration process. The differential equations involved can be
solved analytically, allowing a very efficient online computa-
tion. The transmembrane pressure difference Dp is described
by Darcy’s law

Dp ¼ J � g � R; (26)

where J is the flux, g is the fluid viscosity, and R is the
membrane resistance. While J is a manipulated variable, g
depends on the feed suspension properties. It can either be
derived from an empirical correlation if further measure-
ments, e.g., of the temperature and of the solids concentra-
tion are available (e.g., Lübbecke and Vogelpohl43), or it can
be set to a constant typical value. As the TMP is assumed to

be measurable, Eq. 26 represents the system’s output equa-
tion. In the following, a filtration and a backwashing model
are introduced, which describe the resistance R.

Filtration Phase. During filtration, the membrane resist-
ance Rf is described by

dRf

dt
¼ m � Jf a � ubc (27)

Rf ðtf ;0Þ ¼ R0
f : (28)

R0
f is the initial membrane resistance. m, a, and b are model

parameters. a [ 0 holds, because high fluxes Jf lead to an
increase in membrane resistance. Accordingly, b \ 0 has to
hold to account for the strong increase of filtration resistance
related to low cross-flow intensity. If the filtration flux Jf and
the cross-flow intensity uc are constants, a linear increase of
membrane resistance results. It describes the cake layer for-
mation, which is the dominating effect on this time-scale.

The filtration model is very simple and combines some
physical insight about relevant effects with an empirical corre-
lation. Obviously, this model will only yield sufficient predic-
tion quality if the model parameters are frequently adapted to
the current process behavior. Note, that Eq. 27 can be solved
analytically, facilitating the solution in real-time.

Backwashing Phase. While often a linear increase of
membrane resistance can be observed during filtration, its
decrease during backwashing is typically exponential and
converges to an irreversible resistance R1

b according to

dRb

dt
¼ � n

sb
� DR � e�ðt�tb;0Þ=ðsbÞ (29)

Rbðtb;0Þ ¼ n � DRþ R1
b (30)

DR ¼ Rf ðtb;0Þ � R1
b (31)

n and sb are model parameters. DR is the difference between
the final resistance of the filtration phase Rf (tf,e) 5 Rf (tb,0)
and the irreversible resistance R1

b (Eq. 31). The initial resist-
ance at the beginning of the backwashing phase Rb(tb,0) need
not equal the final resistance at the end of the filtration phase
Rf (tf,e) (Eq. 29), since Darcy’s law neither captures the
hydrodynamics in the pipes between the membrane and the
pump nor the nonlinear dependency of the filtration resist-
ance on the flux, which is observed in real applications.

Cost function. The objective function needs to consider
all cost, which are sensitive to the manipulated variables.
These are

� the electrical energy to provide the TMP,
� the electrical energy to provide the cross-flow,
� and membrane replacement.
The electrical energy to provide the TMP in cycle k is

given by

dEp

dt
¼ jDp � Jj � Aj

gP � ðte � t0Þ ; Epðt0Þ ¼ 0; t 2 ½t0; te� (32)

where A is the membrane area, and gp is the efficiency factor
of the permeate pump.

The power required for the cross-flow depends on how the
cross-flow is realized. In dead end operation, it is zero. In
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classical cross-flow modules, the entire feed flows parallel to
the membrane surface. In submerged modules, the cross-flow
is usually realized with air bubbles, which are intermittently
injected at the bottom of the filtration module and which
establish a two-phase flow along the membrane in vertical
direction. The cross-flow intensity uc is not explicitly avail-
able as manipulated variable. Rather, it is a function of the
constant air flow rate Q, the length of the aerated intervals
ton, and the length of the aeration pauses toff. The membrane
is always aerated during backwashing to push biomass out of
the membrane module. Hence, uc is defined as

uc ¼ Q � ton
ton þ toff

; (33)

where toff is chosen to be the redefined manipulated variable
replacing uc. The power necessary to supply the air flow can
be described as

Ec ¼
Q � T � Rg � ca � ð1þ paÞ

ca
ca�1 � 1

h i
va � ðca � 1Þ � gA � tb;e

3
tf ;e � ton
ton þ toff

þ ðtb;e � tf ;eÞ
� �

; (34)

assuming that the compression is a polytropic process. T is
the ambient air temperature, va is the molar volume of air,
Rg is the gas constant, ca 5 1.4 is the polytropic coefficient,
pa is the pressure difference across the compressor (in bar),
and gA is an efficiency factor. Eq. 34 assumes that the air
compressor operates at constant power, such that the air flow
rate Q is the same during filtration and backwashing. Since
the air flow Q is not an optimization variable, this assump-
tion could easily be dropped and different values for filtration
and backwashing could be used.

The cost for membrane replacement Er cannot be
described as straightforwardly as the energy cost. In fact,
there is not yet quantitative insight to describe the influence
of the manipulated variables on the membrane lifetime.
Depending on the filtration system under consideration, dif-
ferent models for Er have to be developed. The following
model is proposed for MF membranes in wastewater applica-
tions. It has been observed in practice that a strong increase
of TMP within a filtration cycle indicates an overstraining of
the membrane. It is also known that the longer the filtration
phase lasts, the more the reversible resistance changes into
irreversible resistance, e.g. due to biofilm formation. There-
fore, the TMP increase within one filtration phase is penal-
ized, where the penalty increases exponentially with time
according to

Er ¼ n1 � ðDpðtf ;eÞ � Dpðtf ;0ÞÞ � etf ;e=n2 : (35)

n1 and n2 are tuning parameters, where n1 linearly scales the
fouling cost, and where n2 is a time constant. Higher values
of n1 and lower values of n2 lead to a conservative mode of
operation, where the straining of the membrane is strongly
penalized. The lower n1 and the higher n2 are chosen, the
more the direct operating cost in terms of energy consump-
tion are minimized.

The overall cost function / is

/ðteÞ ¼ EpðteÞ þ Ec þ Er: (36)

Constraints. Process constraints consist of safety relevant
state constraints and physical bounds on the manipulated var-
iables. The most important constraint in membrane filtration
is the maximum pressure difference across the membrane
Dpmax. The fluxes Jf and Jb and the cross-flow intensity uc
are limited due to physical reasons. Still, tighter limits can
be imposed on the fluxes Jf and Jb, the phase durations
defined by tf,e and tb,e, and the cross-flow intensity uc in
order to safeguard the membrane. All of these constraints
can easily be added to the control problem formulation as

Dpmin � Dp � Dpmax (37)

umin � u � umax; (38)

where u comprises the manipulated variables Jf, Jb, tf,e, tb,e,
and toff.

Run-to-run controller

In this section, the estimation and the optimal control
problems of the run-to-run controller for submerged mem-
brane filtration are formulated, employing the models derived
before.

Estimation. In industrial practice, only the TMP across
the membrane module is measured. In order to make the pro-
posed approach widely applicable, it is therefore assumed
that only this measurement is available. It is further assumed
that the filtration flux Jf, the backwashing flux Jb, and the
aeration pauses toff are set to constant values in each cycle
and that these set-points are satisfactorily realized by base
controllers. This however implies that the parameters m, a,
and b cannot be identified independently using the measure-
ment data from one filtration phase (Eq. 27). The estimation
problem is, therefore, separated into two subproblems as pro-
posed in the previous section.

The parameters are split into two sets as shown in Table 1.
The parameters m, R0

f , n, sb, and R1
b are estimated using the

data of the previous cycle k 2 1. The remaining parameters a
and b are estimated on longer time horizons.

First, the estimation problem using measurements from
cycle k 2 1 is treated. The estimation problems for the filtra-
tion and the backwashing phase are coupled through the
phase transition condition (Eq. 31), which relates the filtra-
tion resistance at the end of the filtration phase to the initial
resistance of the backwashing phase. In order to simplify the
problem and to decrease the computational demand, they are,
however, solved sequentially. The simple model structure
allows for an analytical solution of the differential equations.

Table 1. Separation of Model Parameters

Estimation Horizon Parameter Set Elements

filtration phase cycle k 2 1 ps m, R0
f

backwashing phase cycle k 2 1 ps n, sb, R1
b

filtration phase cycles
[k 2 N, k 2 1] pr a, b
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The initial value and parameter estimation problem for cycle
k using the measurement data from cycle k 2 1 for the filtra-
tion phase is then

min
m;R0

f

Xnf ;l
l¼1

1

2
ðD~pf ;l � Dpf ;lÞ2 (P3)

s:t: Dpf ;l ¼ Jf � g � Rf ;l; (39)

Rf ;l ¼ R0
f þ m � Jaf � ubc � tl (40)

tl 2 ½t0; tf ;e�; l 2 f1; . . . ; nf ;lg; (41)

where D~pf,l are discrete measurements at the sampling points
tl in cycle k 2 1, and Dpf,l are the corresponding predicted
measurements.

The backwashing model parameters are estimated from

min
n;sb;R1

b

Xnb;l
l¼nf ;lþ1

1

2
ðD~pb;l � Dpb;lÞ2 (P4)

s:t: Dpb;l ¼ Jb � g � Rb;l (42)

Rb;l ¼ R1
b þ DR � n � e�ðtl�tnf ;l Þ=ðsbÞ (43)

DR ¼ Rf ;lðtnf ;lÞ � R1
b (44)

tl 2 ½tb;0; te�; l 2 fnf ;l þ 1; . . . ; nb;lg: (45)

Rf,l(tnf,l) is obtained from the solution of (P3).
The estimation of the parameters a and b is performed

according to the algorithm proposed in the previous section
(Figure 4). The problem formulation is analogous to (P3).

Optimal Control. The control problem, which employs
the updated model, is

min
Jf ;Jb;toff ;tf ;e;tb;e

/ (P5)

s:t: Dpj ¼ Jj � g � Rj (46)

Rf ¼ R0
f þ m � Jaf � ubc � t (47)

uc ¼ Q � ton
ton þ toff

(48)

Rb ¼ R1
b þ DR � n � e�ðt�tf ;eÞ=ðsbÞ (49)

DR ¼ Rf ðtf ;eÞ � R1
b (50)

Jnet ¼ Jf � tf ;e � Jb � ðtb;e � tf ;eÞ
te � t0

(51)

Rbðtb;eÞ � v � R1
b ; v � 1 (52)

Jf � Jb (53)

Dpmin � Dp � Dpmax (54)

umin � u � umax (55)

t0 ¼ tf ;0 � tf ;e ¼ tb;0 � tb;e ¼ te (56)

t 2 ½t0; te�; j ¼
f for t 2 ½tf ;0; tf ;e�
b for t 2 ½tb;0; tb;e�:

(
(57)

Equations 46–50 constitute the process model, where the dif-
ferential equations for the filtration and backwashing resist-

ance are replaced by their analytical solutions. The net flux
Jnet in Eq. 51 is considered a set-point specified by the oper-
ator or an upper level controller. Equation 52 forces the final
resistance after the backwashing phase Rb(tb,e) to be close to
the irreversible resistance R1

b , introducing v as a tuning pa-
rameter. This way a sufficient cleaning of the membrane is
realized in each cycle. The backwashing flux Jb is forced to
be at least equal to the filtration flux Jf (Eq. 53), which is a
common safety measure to limit pore blocking. Equations 54
and 55 give bounds on the TMP and on the manipulated var-
iables Jf, Jb, tf,e, tb,e, and toff. / is defined according to
Eq. 36.

Simulation study

The performance of the controller is evaluated in a simula-
tion study. The plant is replaced by a reference model,4,8

which has been validated against plant measurements. The
predictions obtained from the reference model are referred to
as simulated measurements. The controller’s tuning and ini-
tial model parameter values have been chosen according to
Table 2. White noise with a standard deviation of 1% is
added to the set-points of the manipulated variables. The
model identification and set-point optimization are performed
between two cycles, and the results are implemented in the
next cycle without delay. Altogether, a sequence of 27 filtra-
tion cycles is considered. The simulated TMP measurements
from the reference model and the TMP predictions from the
controller are depicted in Figure 6, together with the relative
error between the two. The respective values of the manipu-
lated variables Jf, Jb, Dtf 5 tf,e, Dtb 5 tb,e 2 tf,e, and toff, as
well as the net flux Jnet are given in Figure 7. The interval
length ton with the aeration turned on is constant and set to
ton 5 12s.

The simulation study is divided into two parts: during the
first 12 cycles, the control loop is not closed, such that the
controller has no influence on the process, which is operated
with fixed values of the manipulated variables. In the open-
loop part, the adaptation of the model in the presence of pre-
defined changes in the operating conditions is evaluated
(Figure 7). At cycle 4, the filtration flux Jf is increased, at
cycle 7 the aeration pause toff is changed from 12s to 48s,
and at cycle 10 the backwashing flux Jb is increased. From
cycle 13 on, the control loop is closed and the performance
of the controller with respect to reliability and optimality is
examined. The desired net flux Jnet is specified and the

Table 2. Tuning and Initial Model Parameters

Tuning Parameters

n1 2.5 n2 200s
N 3 e 5e24
qamax 0.0625 qbmax 0.035
m 1.01

Initial Model Parameters

Filtration Backwashing

m 15e7 n 0.75
R0
f 3e12 s 1.25

a 1.5 R1
b 1.85e12

b 21.5
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manipulated variables are computed by the controller (Figure
7). At cycle 16 the desired net flux Jnet is increased, and at
cycle 21 it is strongly decreased. At cycle 25, the membrane
resistance in the reference model is strongly increased to
simulate an unforeseen process disturbance. The according
increase in TMP can be observed in Figure 6.

TMP Prediction and Model Adaptation. For most cycles,
the controller’s predictions are very close to the simulated
measurements (Figure 6), even in the presence of large
changes in the desired net flux Jnet, e.g. at cycle 16 and cycle
21. The values of the updated parameters after each cycle
are depicted in Figure 8. Only in three cycles the predictions
deviate more than a few percent from the simulated measure-
ments: the first cycle, cycle 7, and cycle 25. Each of these
three instances is discussed in the following. The prediction
for the first cycle is based on the model parameters that have
been arbitrarily chosen according to Table 2. Accordingly,
the prediction for the first cycle is arbitrarily bad. After the
first cycle, the parameters are updated based on the obtained

measurement data from cycle 1, and the prediction for cycle
2 is then very good.

At cycle 7, the aeration pause toff is prolonged from 12s to
48s (Figure 7). In the model equations, the aeration intensity
uc has the exponent b (Eq. 27), which is not updated after
each cycle due to the dual control problem. The initial value
of b is 21.5 (Figure 8), which is too low. Hence, the TMP
prediction after the set-point change of the aeration at cycle 7
deviates from the simulated measurement (Figure 6). How-
ever, the change of the aeration pause toff (Figure 7) is
exploited to update b to a value of about 20.7 (Figure 8),
which in the following leads to good predictions even when
the aeration intensity is changed (Figure 6). Likewise, a is
adapted at a change of the filtration flux at cycle 4. It is
observed that the filtration model parameter m is varying quite
strongly during the first 9 cycles, but once a and b have been
identified, m is relatively constant (Figure 8). This indicates
that the filtration model structure is well chosen and that with
properly identified parameters a and b, only small variations
of the remaining model parameters can be expected.

The individual excitation of the inputs in the first 12
cycles facilitates the estimation of a and b. The tuning pa-
rameters related to the required confidence in the parameter
estimates have been chosen tight, such that the subsequent
excitation does not lead to a parameter update. Depending on
the dynamics of the process, a less tight tuning and possibly
deliberate excitation should allow for a more frequent update
of these parameters.

At cycle 25, the simulated TMP measurement changes
abruptly compared to the previous cycle (Figure 6) although the
manipulated variables are almost the same (Figure 7). The rea-
son is that the membrane resistance in the reference model has
been strongly increased to simulate an unforeseen process dis-
turbance. Naturally, the process disturbance is not predicted by
the controller, which assumes the same process behavior as in
the previous cycle. Hence, the TMP prediction differs strongly
from the simulated measurements (Figure 6). After cycle 25, the
model parameters are adapted (Figure 8), and from cycle 26 on
the TMP prediction is very good again.

The analysis of the TMP prediction (Figure 6) shows that
the proposed controller yields excellent results with respect to
TMP prediction, even in the presence of large changes in the
operating conditions and after a severe process disturbance.
Based on this conclusion, the controller’s performance with
respect to process optimization is examined in the following.

Figure 6. TMP measurements and prediction.

Figure 7. Manipulated variables and net flux.
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Control Performance. From cycle 13 on, the control loop
is closed and the optimal values of the manipulated variables
as computed by the controller are implemented in the process
(Figure 7). Although the desired net flux Jnet does not change
between the cycles 12 and 13, it is observed that the optimal
values of the manipulated variables at cycle 13 are different
from the fixed values in cycle 12. Most importantly, the aera-
tion pause toff is lowered from 48s to about 15s, which
results in a smaller TMP increase during the cycles 13–15
(Figure 6). Also, the backwashing flux Jb is reduced.

At cycle 16, the net flux Jnet is increased from about
25 l

h�m2 to 40 l
h�m2 (Figure 7). Accordingly, the filtration flux Jf

and the backwashing flux Jb are increased by the controller,
the filtration duration Dtf is prolonged, and the aeration pause
toff is shortened. The latter is an obvious measure to decrease
fouling, which is more severe at high fluxes. A longer dura-
tion of the filtration phase allows for a lower filtration flux,
but on the other hand decreases the backwashing frequency.

When the desired net flux Jnet is decreased to a low-value
of about 8 l

h�m2 at cycle 21, the filtration and backwashing
fluxes Jf and Jb are also decreased (Figure 7). The filtration
phase duration Dtf is first increased to about 240s, and then
lowered back to 210s. The aeration pause is adjusted to its
maximum value of 48s.

Finally, at cycle 25 the process is severely disturbed,
which leads to a strong increase in measured TMP (Figure
6). The process model is adapted after cycle 25 (Figure 8),
and the new values of the manipulated variables for cycle 26
already consider the new process behavior (Figure 7). The
filtration phase duration Dtf and the aeration pause toff are
strongly lowered to respond to the high TMP increase.

Qualitatively speaking, the values of the manipulated vari-
ables computed by the controller for a variety of operating
conditions make perfect sense. In situations with high fluxes,
fouling is a greater problem and needs to be counteracted by
appropriately choosing the filtration duration length and by a
higher aeration intensity. At very low fluxes, fouling is not a
problem, which allows for long filtration phases and reduced
aeration. In the given simulation study, the backwashing du-
ration is always chosen to its minimum value of 20s, and the
backwashing flux is always very close to the filtration flux,
which is again a lower bound (Figure 7). This indicates, that
the reversible fouling is completely removed under these
conditions, which is confirmed by a close examination of the
TMP evolution during backwashing (not shown). It is also
observed in Figure 7 that the computed aeration pauses toff

vary for similar process conditions (cycles 16–20). The opti-
mal aeration pause is quite sensitive to changes in the esti-
mated model parameters. This can be circumvented by filter-
ing the model parameters or the manipulated variables if the
variation becomes too large.

In order to get an idea of the economical potential of the
proposed run-to-run controller, it is compared against a typi-
cal choice of manipulated variables for the scenario consid-
ered above. For the cycles 13–27, a constant filtration dura-
tion Dtf 5 240s, backwashing duration Dtb 5 20s, and aera-
tion pause toff 5 12s are assumed. The backwashing flux
always equals the filtration flux, which is adapted to meet the
desired net flux. The resulting TMP trajectories for the run-
to-run control approach (Figure 6) and for the standard
approach with fixed manipulated variables (not shown) are
obtained from the reference model. The objective function is
evaluated for both approaches based on the respective simu-
lated measurements. The results are presented in Figure 9.
For the cycles 1–12, the result is the same, as the control
loop is not closed. For the cycles 13–20, the run-to-run con-
troller yields up to 60% lower objective function values than
the standard approach with fixed manipulated variables. This
is especially true for the operation with high fluxes during
the cycles 16–20. For the cycles 21–24, the standard
approach and the run-to-run controller yield about the same
objective function values. When the process disturbance
occurs at cycle 25, the run-to-run controller performs slightly
worse, but after model adaptation the controller again outper-
forms the standard approach.

Figure 8. Model parameters as identified after each cycle.

Figure 9. Objective function values for the standard
approach and the run-to-run controller.
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The objective function (Eq. 36) considers the cost Ep to pro-
vide the TMP and the aeration cost Ec, which can both be pre-
dicted rigorously, and the membrane replacement cost Er,
which are predicted based on an empirical correlation. It is
interesting to evaluate the rigorous part separately and observe
how the controller affects the direct operational cost excluding
membrane replacement cost. The result is depicted in Figure
10. During the cycles 13–15 and 26–27, the direct operational
cost are about the same. During the cycles 16–20 with high
fluxes, the direct operational cost are about 10% higher for the
run-to-run controller. The high fouling caused by the high
fluxes during these cycles is counteracted by the controller in
order to lower the overall objective function by up to 60%
(Figure 9). When fouling is very low during the cycles 21–24,
the controller realizes the same overall cost (Figure 9), but the
direct operational cost are reduced by about 40% (Figure 10).

To conclude, the run-to-run controller substantially lowers
the overall cost of the process, reliably outperforming the
standard approach with fixed set-points. When fouling is neg-
ligible, the direct operational cost are lowered by up to 40%,
and when the fouling potential is high, the TMP increase is
strongly lowered with an only slight increase in the direct
operational cost. In addition, the run-to-run strategy updates
the optimal set-points after each cycle and thereby reacts to
process disturbances with only one cycle delay. Operational
conditions, in which the membranes are strongly fouled and
possibly damaged, are therefore avoided.

Conclusions

A generic methodology for the model-based control of mem-
brane filtration processes is proposed, which is based on run-to-
run control theory. It is exemplified for submerged membrane
filtration in wastewater treatment applications, for which a suita-
ble process model is developed. The controller is tested in a
simulation scenario employing a rigorous and validated process
model as plant substitution. It is shown to achieve excellent
results concerning prediction quality, adaptation to process dis-
turbances, and process optimization with respect to power con-
sumption and irreversible membrane fouling.

The controller’s performance is currently experimentally
verified in an industrial pilot plant. One of the remaining chal-
lenging research topics is the rigorous modeling of the cost of

membrane fouling in different applications, for which at the
moment only empirical descriptions are available. Another
research focus is the application of the proposed run-to-run
controller to different industrial filtration applications.
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Notation

a5 element of main axis of confidence ellipsoid
a5main axis of confidence ellipsoid
A5membrane area
d5vector of disturbances
Ep5power for permeate pumps, W
Ec5power for air compressor, W
Er5membrane replacement cost
H5Hessian
J5flux, m s21

l5 length of confidence ellipsoid axis
m5model parameter, Eq. 27
n5model parameter, Eq. 29
n5number of parameters/samples
N5number of cycles in estimation horizon
p5vector of parameters
p̂5vector of estimated parameters
pa5pressure difference across difference air compressor, bar
dp5parameter deviation
Dp5 transmembrane pressure difference, Pa
D~p5measured transmembrane pressure, Pa
q5uncertainty measure
Q5 air flow rate, m3 s21

r5vector of set-points from base control
R5 resistance, m21

Rg5gas constant, J K21 mol21

DR5 reversible resistance m21

t5 time, s
Dt5phase duration, s
T5 set-point controlled variable
T5 temperature, K
u5manipulated variable
u5vector of manipulated variables
uc5 cross-flow intensity
v5 eigenvector
va5molar volume of air, m3 mol21

x5vector of differential states
y5 algebraic state
y5vector of algebraic states
ỹ5vector of measured states

Greek letters

a5model parameter, Eqs. 2, 20, 27
b5model parameter, Eqs. 2, 20, 27
ca5polytropic coefficient
e5white noise
e5 indifference region parameter
g5viscosity, kg s21 m21

gA5 efficiency factor, air compressor
gP5 efficiency factor, permeate pump
k5 eigenvalue
m5parameter, Eq. 52
n15parameter, Eq. 35
n25parameter, Eq. 35
sb5model parameter, Eq. 29, s
/5objective function

Subscripts

05beginning of time horizon
b5backwashing

Figure 10. Operational cost without membrane re-
placement cost for the standard approach
and the run-to-run controller.
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e5 end of time horizon
f5filtration
i5parameter index
j5phase index
l5 sample index

max5maximum
min5minimum
net5net flow
off5 aeration off
on5 aeration on
p5 all parameters

permeate5permeate side
r5parameters estimated on a longer horizon
s5parameters estimated on one cycle

slug5 slug side

Superscripts

j5parameter index
k5 cycle index

?5 irreversible
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