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RÉSUMÉ. In the contribution a (non-exhaustive) overview is given on the use of mathematical models in control systems of

wastewater treatment plants. As a starting point for the overview, the four building blocks of any controlled process are used,
1) the process itself, 2) the actuators that allow manipulation of the process, 3) the control algorithm that calculates a proper
action for disturbance rejection or setpoint tracking and 4) the measurement devices that provide information on the
important output variables and disturbances.
The use of models in controller design and tuning is reviewed. Besides traditional feedback control via PID, optimal control
schemes and MIMO control systems are covered briefly. Attention is drawn to the usefulness of feedforward control
strategies to compensate for the effect of predictable disturbances. The impact of the time-varying and nonlinear nature of
bioprocesses on the choice and design of controllers is discussed subsequently. Adaptive and nonlinear control approaches
that deal with these characteristics are explained.
Because measurements of disturbances and output variables form an integral part of a control loop, and a lack of adequate
instrumentation is still felt as the main bottleneck for the introduction of control systems in wastewater treatment processes,
the potential solution provided by incorporation of mathematical models in monitoring systems is presented.
As a first application of models in monitoring systems, the concept of software sensors is described and illustrated with
practical applications. First, the construction of state observers on the basis of process models will be introduced. Next, it
will be shown how on-line estimates of model parameters can be obtained. As software sensors aim at extracting the utmost
information from the scarce data that are typically available at WWTPs, the problem of the richness of information in the
data is introduced and some possible solutions will be proposed. It is illustrated with actual data obtained at pilot- and fullscale WWTPs how information rich data can be obtained (i) by “excitation” of the process variables using advanced control
schemes (that allow some dynamic variations of the monitored variables) or (ii) by performing so-called "In-SensorExperiments".
A second use of mathematical models in providing data to the WWTP control algorithm is the prediction of disturbances to
the treatment plant and prediction of the allowable discharge to the receiving water. For instance, the effect of rain events,
the impact of return liquors from sludge treatment or the optimal batch scheduling of industrial production facilities may be
summarised in a model that can be used to predict future influent flows and composition over a certain time horizon.
Similarly, incorporating the current and future receiving water quality dynamics in the control strategy receives increasing
attention. It is illustrated using a test case of a large city how mathematical models can be useful to determine the minimum
effluent quality that is required during the forthcoming period to guarantee the receiving water's quality.
MOTS-CLÉS : Process Control, Sensors, Biological Wastewater Treatment, Software Sensors, Adaptive Control
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1. Introduction
In the current operation of wastewater treatment plants one finds that automation, while introduced in the late
sixties [BUH 74], can still be considered minimal. Few plants are equipped with more than some elementary
sensing elements and control loops, mostly concerning flow metering and control. Since the early seventies,
when a major leap forward was made by the widespread introduction of dissolved oxygen control, little progress
has been made.
It is, however, worthwhile to confront this with the potential benefits of the use of dynamic models and
control systems as put forth by Andrews some 20 years ago [AND 74]:
Performance:
Productivity:
Reliability:
Stability:
Personnel:
Operation:
Start-up:
Guidelines:
Dynamic Operation:
Variable Efficiency:

Maintaining plant efficiency closer to its maximum by improved operation;
Increasing the amount of waste that can be treated per unit process capacity;
Decreasing the frequency of gross process failures with concomitant wastewater
bypassing;
While appearingly highly stable processes, occasional upsets may have important
consequences that could be avoided by increased process control;
Run plants with less skilled personnel or decrease time devoted to plant
management;
Reducing chemical and energy consumption;
The procedure for start-up of new treatment plants can be shortened;
Dynamic models can be used to make up procedures/control charts for manual
operation that summarise the obtained experience from model simulations;
Improving performance by taking advantage of process dynamics
Integrating the dynamics of the receiving waters within the control of the treatment
plant so as to match the assimilative capacity of the receiving waters;

Clearly, this list of potential benefits of the use of models and control systems still holds. However, the
increased public awareness as reflected in more stringent regulations, has considerably increased the
requirements imposed on treatment plants compared to the time this list was compiled. Not only the organic
carbon pollution of a wastewater must now be eliminated, but to this has been added the removal of nutrients
(nitrogen and phosphorous). With biological nutrient removal being the most economic way of treatment in most
cases, rather complex process configurations have resulted. The numerous interactions that occur among the
different unit processes and the fact that the biological potential is taken to its limits make that nutrient removal
plants are rather vulnerable to external disturbances or erroneous manipulations. Hence, the increased
complexity due to this process integration has become a major driving force for the introduction of models,
advanced instrumentation and control systems.
The need to make the best use of previous investments by upgrading existing plants for handling increased
loads or extension with nutrient removal capability is another incentive for increased use of mathematical
models. Still, in many cases, the alternative upgrade path via additional reactor volumes is still preferred
notwithstanding the considerably higher capital investments. The lack of full-scale demonstrations of the
potential of advanced instrumentation, control and automation is clearly one of the main reasons of the hesitation
to take this route [SPA 98a]. Hence, designers remain rather conservative, maintaining large safety margins in the
plant designs [OLS 93]. At the same time, however, no attention is paid to the inclusion of sufficient flexibility
and controllability into the plants which will be, as it is for current plants, a set-back for future upgrades [OLS
94].
Another effect of the changes in legislation concerns the decisions made with respect to surface or
groundwater use in industrial processes. The imposed limitations are such that total recycling of process water
has become an issue in certain industries, e.g. textile industry. Hence, the wastewater treatment becomes part of
the production process and consequently, quality control of the effluent becomes much more important since
failure of the treatment process may lead to important production losses. Control of the treatment plant therefore
becomes a bare necessity. Note that this development means that wastewater treatment is finally no longer
regarded as a non-profit process.
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1.1. Aim of the contribution
The paper aims to give a concise overview on the use of mathematical models in control systems of treatment
plants. The following topics will be covered:
1) Support of mathematical models in the design of control structure
2) Model-based tuning of control schemes
3) Controllers with embedded process models
4) Software sensors
5) Model use for disturbance prediction in feedforward control
6) Time-varying effluent quality description
1.2. Building blocks of a control system
Before introducing the different application areas of mathematical models, it is good to shortly review the
four building blocks on which a control system is always based (Figure 1): 1) insight in the plant operation as
summarised in a proper process model; 2) sensors that provide on-line data on some of the output variables of
the process and disturbances acting upon it; 3) adequate control strategies which try to minimise deviations ε
from the objectives and 4) actuators which implement the controller outputs on the plant.

Figure 1. The building blocks of a control system
2. Control system structures
2.1 Conventional feedback control
Although the process is inherently multiple input multiple output (MIMO), the different time constants of a
wastewater treatment system (ranging between minutes for DO dynamics to days for the sludge composition),
allows to decouple the many control actions into separate single input/single output (SISO) controllers [OLS 94]
[STEF 97]. Classic examples of SISO controllers are the on/off and PID-controllers. Although optimal control
performance cannot be expected from conventional PID or on/off controllers for the timevarying, nonlinear
processes considered, their widespread use in industry and the resulting familiarity with their properties and
concepts for design, have made that these regulators are the most widely applied in wastewater treatment
processes and this already for a long time [AND 74] [MAR 89] [HEI 93] [SPA 98b] [OLS 99]. The control action
of a PID-control system is based on the following formula in which the time evolution of the difference e(t)
between desired and measured behaviour is used to assign the control action u(t):
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1 t
de(t ) 
u (t ) = u 0 + K C e(t ) + ∫ e(t ) dt + τ D

dt 
τI 0

The three coefficients Kp, τI and τD are weights given to the proportional, integral and derivative action
respectively. In order to tune the parameters of the controller, it is necessary to gain insights in the dynamics of
the process. This information is typically obtained by experimentation on the real plant. However this may
endanger process performance since important disturbances may be required to obtain the necessary data [DUN
92]. As an alternative one can use a reliable process model to simulate plant behaviour under a wide range of
disturbances and concomitantly tune the controller [VAC 88] [MAR 92] [HEI 93] [SPA 98a] [ALE 99] [JAN 00].
Hence, a first application of mathematical models, i.e. as a support for the tuning of control systems, is
introduced here.
2.2. Optimal feedback control

Controller design methods have been developed which aim to devise a controller that extremises a certain
criterion function J which typically consists of a weighted function of the tracking error e(t) and the efforts u(t)
required:

J = ∫ [e 2 (t ) + γ u 2 (t )] dt
t

0

In case a linear model adequately describes process behaviour, the classical linear quadratic (LQ) regulator
theory can be used to design an optimal feedback controller [MAR 89].
For nonlinear models, linearisation around the desired operating point can be used. [FAN 73] and [STEY 95]
derived (approximative) optimal feedback controls of the influent flow rate on the basis of effluent substrate
concentration measurements. [DEV 00] successfully designed a LQ controller for an equalisation system in an
industrial WWTP. Other LQ-examples for sludge recycle and dissolved oxygen control are reported in [MAR 89]
and for nitrogen removal by, for instance, [VANS 95] and [WEI 97].
When nonlinear models are the only reasonable means to describe the process dynamics, the problem
becomes much more intractable. Only a few results of an analytical solution of the optimal control law have been
published [DAN 71] [HER 97]. A solution is to approach the optimisation problem by numerical means and a
number of (simulation) exercises have been performed [SIN 78] [YEU 80] [MAR 82] [KAB 92] [DEM 94]. The
main problem with the resulting control strategies is that no closed-loop solution is obtained and that the optimal
control solution relies on the (unrealistic) assumption of a perfect process model with fixed model structure and
parameters. [VON 76] and [YEU 80] showed indeed that the optimal control actions depend to a large extent on
the model structure. Therefore, in view of the uncertainty on the correct model and the inherent nonstationarity
of the process, one should be cautious with the implementation of such control schemes. Possible means of
dealing with this problem are to incorporate adaptivity in the optimal control law [VANI 92] or to make the
controller robust against model deficiencies, either in the parameters or in the model structure [STEY 95] [DEV
00].
Another approach in which optimal control actions are calculated numerically is the so-called model-based
predictive control approach. In this, a process model is used to predict how the system would behave under a
proposed sequence of control actions u(t) (Figures 2 and 3). Traditionally a linear model is used in e.g. the DMC
model-based predictive control algorithm and an analytical solution of the optimal control action can be
calculated [OGG 94]. This approach was adopted by [WEI 97] showing the limitations of the linear
approximation of the process dynamics. When nonlinear models are used in the algorithm, a numerical search
algorithm is used to compute an optimal sequence uOpt(t) (for the process model that is!). To reduce the effects of
model mismatch, only the first action of the sequence is implemented on the process after which the optimisation
exercise is reiterated. Evidently, model updating can be performed to reduce the mismatch between process
behaviour and model predictions. More details can be found in [TEB 94]. Applications of model based predictive
control can be found in [PAT 95] [WEI 97] [HOE 98] and [LUK 99].
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Figure 2. Principle of MBPC

Figure 3. Typical calculation performed by a MBPC algorithm

2.3. MIMO control

The large span of time constants associated to the different (sub)processes allows to decouple their control to
a certain extent. As mentioned above, this allows the use of SISO control schemes. It can be expected though
that performance improvements can be obtained by considering the MIMO nature of the process during
controller design [WEI 00]. [NIE 95] provided a good example of this by showing the advantage of a two-input
control of a denitrification reactor: both the carbon addition and the oxygen supply were manipulated for the
control of effluent nitrate. Moreover, in this work the cost/benefit was clearly proven at a full-scale WWTP.
One should be aware though that controller design problems may arise due to the increased number of
feasible, alternative configurations of control loops [STEP 84] [WEI 00]. [LEC 78a] and [LEC 78b] also
exemplified for a wastewater treatment system that interactions between control loops may lead to process
instability. MIMO controller design techniques therefore aim for complete elimination of the interaction between
loops [STEP 84]. Mathematical models are extremely useful during the design phase as they allow to quickly
review different possible configurations and evaluate potential instabilities. A simulation example of a
decoupling MIMO control scheme for a carbon removal wastewater treatment plant can be found in [VANI 91].
2.4. Feedforward control

Feedback control is hampered by the fact that first a deviation of normal behaviour must surface before any
corrective action is taken. In cases where large dead times exist or where the system reacts only slowly to the
manipulations, the system may seriously deviate from desired behaviour. The characteristics mentioned above
make wastewater treatment processes exemplary for this category of systems.
In a feedforward control scheme the knowledge on upcoming disturbances is used to the benefit of a
treatment plant's operation by preparing it to cope with for instance toxic loads, important hydraulic disturbances
or increased organic loading. Theoretically, complete compensation of the disturbances can be obtained provided
the disturbance is measured or predicted (see further), a perfect process model exists and unlimited control
authority is available. It must be clear that the current state of knowledge is far from satisfying these conditions.
However, the advantages of feedforward control actions should not be discarded and a combination with
feedback correction may be very beneficial. In such set-up, the feedforward part of the controller aims to
anticipate for the effect of measured disturbances, while the feedback part corrects for any deviations that result
from the deficiencies in process model, control limits and inadequate measurement or prediction of the
disturbance(s).
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Ratio control is a simple feedforward control algorithm that consists of setting a control variable proportional
to the disturbance. The model used in this type of feedforward controller is therefore very simple. A classical
example is the ratio control of the sludge recycle flow rate to the influent flow rate that acts as the disturbance
[BRE 73] [AND 74]. The goal of the control action is to maintain the sludge concentration in the aeration tank
and therefore the biodegradation capacity nearly constant.
In Figure 4 the dynamic behaviour of a WWTP with constant recycle flow is compared to the behaviour of a
WWTP with ratio controlled recycle in case of an important rain event. Details on the simulated system can be
found in [VANR 96a]. One clearly observes that the variation of the heterotroph concentration in the aeration tank
is considerably lower in case of the ratio controlled system. However, if one considers the concentration of
thickened sludge in the underflow of the settler, one observes that the variation of the recycle flow rate disturbs
the thickening process in the secondary clarifier leading to decreased settler performance. Similar observations
were made by [OLS 94] who observed that the effluent quality also deteriorated under ratio controlled recycle
flow.
The conclusion must be that one unit process may suffer from the optimisation of another. Hence, it is
important to make an adequate trade-off, for instance using a simulation study.
In another simple feedforward control approach, the respiration rate in the aeration tank is measured.
Basically, for a given KLa - air flow relationship:
K L a = α Fin + β

the necessary air flow rate Fin can be calculated from the oxygen mass balance of the aeration tank (with the
inlet oxygen concentration assumed to be negligible):

dS O
Q
= K L a (S Osat − S O ) − S O − r
dt
V
for a steady state desired oxygen SO* value:

Q *

S +r

1  V O

−
Fin =
β
α  S Osat − S O*





As with all feedforward controls the performance of such strategy depends a lot on the quality of the
underlying model that predicts the effect of the disturbance. In this case the performance depends on the accurate
description of the KLa-Fin relationship (α, β), the appropriate values of the saturation concentration (SOsat) the
volume (V) and flow rates (Qin, Qrec) and the respiration rate (r). Finally, it must be stressed that the desired
value will only be reached under steady state conditions.
[VANR 96c] studied the potential of feedforward control to protect the plant for intoxication. Using respirometric
measurements, toxicity levels of the influent could be measured and it could be shown on full-scale that control
actions can be taken that protect the plant for suffering from toxicity to such an extent that the effluent quality
deteriorated.
2.5. Control of nonlinear processes

Nonlinearity is one of the features for which bioprocesses are well-known in systems' theory. It is not
surprising to see new theories for the control of nonlinear systems being illustrated using bioprocesses as
benchmark problems. Indeed, in biotechnology, the classical approach of linearising the nonlinear model around
an operating point and applying linear theory for control design is often not acceptable due to the highly varying
process conditions. This leads to new operating points where the linearised model is no longer providing a good
description of process behaviour. Then, adaptation laws must be included in the controllers to accommodate for
this (e.g. gain scheduling). An illustrative example of the problems induced by accepting a linearised model as
part of a model based control system was given by [WEI 97].
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Figure 4. Comparison of a WWTP behaviour with fixed (left) and ratio controlled (right) recycle.
Influent flow (top), heterotroph concentration in aeration tank (middle) and in thickened sludge (bottom)

A second design approach that deals with the bioprocess nonlinearities starts from the nonlinear model to
devise a nonlinear controller which ensures that the closed-loop behaviour is linear, from which stems the term
for this controller type, linearising control [KO 82] [BAS 90] [LIN 97].
The design procedure is as follows. Consider a nonlinear process model with one (linear) input u(t) and
measurements or estimates of all state variables X(t):
dX
= f ( X , u, t ,θ ) + b ⋅ u (t )
dt
Suppose that the aim is to track a certain reference behaviour X*(t), then a control law is to be devised for
manipulation of u(t). To impose linear behaviour of the closed loop system, a stable linear reference model is
imposed on the tracking error e(t) = (X-X*):
de
= −λ ⋅ e
dt
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This will ensure that if an initial error e(t=0) will disappear according to a first order process with time
constant 1/λ. Rewriting this in X(t):
dX *
dX
= −λ ( X − X * ) +
dt
dt
The linearising control law is obtained by elimination of dX/dt between the process model and the tracking
error model, yielding:
dX *
− λ (X − X * ) +
− f ( X , u , t ,θ )
dt
u=
b
Note that the nonlinear process model f is incorporated into the control law, which makes it a nonlinear
controller. The extension of linearising control towards MIMO models was presented by [DOC 91] and applied
to wastewater treatment systems in [VANI 91] and [DOC 97].
2.6. Neural and fuzzy control

In the last decade neural networks and fuzzy logic have gained increasing attention to solve control problems
characterised by ill-defined systems, for instance, the nonlinear time-varying biological wastewater treatment
processes considered here. A good introduction in the field is given in [TEB 94].
Experimental data are the only source of information used to build a neural network model. An essential
characteristic of the use of neural nets is the learning stage that precedes the application. During this stage,
examples of desired behaviour are applied to the net and with a learning algorithm the parameters of the network
model are adjusted. Once trained, neural nets can be applied for different tasks, such as process control [MIL 90]
[HUN 92]. For a control application, the inputs of a neural network consist of measurements of the process. A
control action is then obtained as the network output. While neural control is being used in other applications and
has been evaluated in biotechnological applications [THI 91] [CHT 93], it is not as widespread implemented in
wastewater treatment [WIL 95] [GUW 97].
In case a lot of qualitative knowledge is available (e.g. for settleability of activated sludge), fuzzy sets
provide an excellent means of representing this in mathematical terms. Fuzzy control systems have been
designed for the different unit processes of wastewater treatment, e.g. controlling the influent pumping rate in a
sewer system [Fuk 93], anaerobic digestion regulation [BOS 93] [MÜL 97] [STEY 97], dissolved oxygen control
[KAL 97], ammonium control in a combined nitrification/denitrification reactor [AOI 92], sludge dynamics [MAR
92] [MAR 97] and the supervision of local controllers in an activated sludge process [COU 92] [DEV 00].
2.7. Adaptive and robust control

For two reasons a need exists to adapt a control law in wastewater treatment processes. First, when the
approach is taken to linearise the model of the nonlinear system under study around an operating point to design
a controller, a deviation of the operating point induces the need to adjust the parameters of the control law to
maintain control performance. An important example of adaptation induced by applying a linearisation of the
process model can be found in the modification of the conventional PID controller, the self-tuning regulator. The
adaptation of the PID parameters is essentially based on the on-line identification of a simple linear model that
gives a local description of process dynamics. From this model, the optimal controller parameters are readily
calculated using one or another control design criterion [STEP 84]. Self-tuning PID regulators are used in the
adaptive control of dissolved oxygen in activated sludge plants. They were shown able to deal with changes in
mass transfer efficiencies and important variations in oxygen demand [OLS 85] [MAR 90] [CAR 94].
A second need for adaptation of the control law is due to the inherent nonstationarity of bioprocesses, e.g.
adaptation of a microbial population to new wastewater composition or process conditions (e.g. temperature, see
[BAE 99]). Since the regulators are designed on the basis of nominal values of the process model, the need exists
to adapt the controller's parameters to the new system. In the case of the linearizing control mentioned above,
adaptivity is simply introduced by replacing the model parameters in the control law by their estimates obtained
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from an on-line parameter estimator. Applications of adaptive linearizing control have been presented for
anaerobic digestion and activated sludge systems [REN 88] [VANI 91] [DOC 97].
It is worthwhile to mention a more recent, alternative approach to deal with systems with time-varying or
uncertain dynamics. In this methodology, model uncertainty is taken into account and fixed, linear time-invariant
robust designs are used. A main disadvantage of these control systems is that their performance in terms of
conventional performance criteria is sacrificed to ensure robustness [GEN 93]. Recently robust control theory is
also applied in the field of wastewater treatment [HAA 95] [STEY 95] [WEI 00].
3. Model use in sensor systems

Sensors play a key role in control systems as they provide both information on the state of the system, the
outputs from the system (which can be compared with the objectives) and the disturbances to the system for
which feedforward compensation can be pursued. The aim of this section is only to review the role models play
in modern "sensor systems".
Some sensors like redox (oxidation reduction potential, ORP), pH and dissolved oxygen (DO) electrodes
have proven their robustness, reliability and limited demand for maintenance. Recent efforts have therefore been
directed towards the extraction of as much information as possible from the primary data these sensors provide.
The approach taken is to combine process knowledge (in the form of mathematical models) with these data to
produce upgraded information. Such combination is called a "software sensor" [BAS 90]. The data produced by
these software sensors can subsequently be used in the same manner as other data to feed a control algorithm
with the necessary information. In the following examples are given of such software sensing systems.
3.1. Simple software sensors

The ORP dynamics in batch-wise operating systems contain all information necessary to detect the
disappearance of nitrate under denitrifying conditions: in Figure 5 typical patterns can be observed during the
unaerated periods (where ORP decreases). These so-called "nitrate knees" reflect the disappearance from the
mixed liquor of the nitrate that was formed during the preceding aerated period. Model-based methods to reliably
detect such knees from the raw data were evaluated in [VANR 95]. Control based on such on-line detected nitrate
knees has been applied in many instances [WAR 93] [DEM 94] [CAU 97].
Similar work in which specific characteristic changes in pH data series were focused upon also proved
successful [ALG 94].
However, prior to this work on pH-profile features, an alternative way to use the monitoring of pH effects
induced by biological reactions was adopted. Indeed, a difficulty related to the observation of pH changes is the
buffer capacity of the liquid medium that varies with pH due to the presence of several acid-base buffer systems
with pH depending buffer capacity [STU 81]. The pH variation of the liquid medium during biological reactions
is thus difficult to convert into a precise number of protons that are released or consumed. The data interpretation
problems caused by the pH depending buffer capacity of the liquid medium can be avoided by controlling the pH
of a liquid medium at a constant pH setpoint through addition of acid and/or base. Monitoring the acid and/or
base consumption rate, needed to keep the pH constant, provides the rate of proton formation or consumption
due to biological reactions. This is exactly the information that is needed to monitor biological activity. It should
be clear that such approach only allows to monitor processes or biological reactions that will result in a proton
production or consumption.
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Figure 5. ORP-data obtained from an intermittently aerated (hatched boxes) BNR plant.
Nitrate knees are indicated with arrows.

The principle of the pH-STAT was already described in 1957, as a device that could quantify the amount of
protons consumed or produced during biochemical reactions [JAC 57]. The growing importance of wastewater
treatment also resulted in the development of titrimetric sensor applications in this field. Titrimetric biosensor
principles were soon developed for the nitrification process [BEC 80] [RAM 80] [AIV 92], as an alternative to
respirometry (measurement of the oxygen uptake rate, see below). In the titrimetric sensor, the stoichiometric
conversion of NH4+ to produce 2 H+ (NH4+ + 2 O2 → NO3- + H2O + 2 H+) is used to obtain information about the
nitrification process.
A typical data-set obtained in a titrimetric sensor is depicted in Figure 6. Nitrification starts immediately after
addition of the sample and continues for 25 minutes. The initial high base dosing rate is needed to quickly reach
the pH setpoint. Interpreting the cumulative base addition curves can be done using a simple slope extrapolation
method, assuming that nitrifying 14 mg N will produce 2 meq protons. The NH4+-N concentration SNH (mg N/l)
and the nitrification rate r (mg N/l.h) are readily calculated according to the following equations:
2
S NH =
⋅ ( B 2 − B1)
14
2
r = ⋅ ( S1 − S 2) ⋅ 60
14
where the intercepts B1 and B2 (obtained as illustrated in Figure 6) are expressed in meq/l units, while the
slopes S1 and S2 are expressed in meq/l.min units.
[MAS 95] [MAS 98] showed that a good correlation can be obtained between the amount of ammonium added
to activated sludge and the amount of ammonium measured with the titrimetric sensor. This measuring principle
has been developed and applied further to the on-line measurement of the nitrification rate in activated sludge
[GER 97], the on-line measurement of the ammonium concentration in activated sludge [GER 97] and even
nitrifiable nitrogen [YUA 01], the estimation of biokinetic parameters for the nitrification process, [GER 98] [GER
01] [FIC 00] [PET 00] [PET 01], and the detection of toxic effects of wastewater and chemical compounds [AIV
92] [GER 99] [ROZ 99].
Contrary to dissolved oxygen measurements and respirometry, a pH measurement can also be used to
monitor the anoxic denitrification process. Denitrification usually results in proton consumption, and this
characteristic of the denitrification process is applied in titrimetric sensors. The applications include
determination of volatile fatty acid concentrations [MAS 96], nitrate concentration measurement [BOG 97],
measurement of the amount of carbon source needed to obtain full denitrification [BOG 97], and addition of
carbon source based on measurement results provided by a titrimetric sensor [Bog 97] [YUA 97].
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Figure 6. Raw cumulative base addition curve obtained in a
titrimetric experiment conducted with nitrifying sludge.

[VANV 00] did not attempt to circumvent the varying buffer capacity of water samples and created an on-line
sensor system in which titration curves are automatically collected and interpreted. The procedure is as follows:
first, a titration curve data set is collected (Figure 7). By differentiation of the added base with respect to pH, the
buffer capacity curve is obtained (Figure 8). Using mathematical models that describe the buffering of a mixture
of different buffer systems, concentrations of these buffers can be calculated. The technique was successfully
applied to monitor treatment plant effluents and mixed liquor samples for ammonia, bicarbonate and
phosphorous contents [VANV 96] [VANV 99]. Note that, theoretically, all pollutants that are involved in acid/base
reactions can be monitored (e.g. the VFA/bicarbonate alkalinity-monitor [MOO 93]).

Figure 7 Four repeat titration curves obtained
for a typical treatment plant effluent.

Figure 8. Four repeat buffer capacity curves
calculated from the titration curves of Figure 7.

Dissolved oxygen probes are probably the most widely applied sensors in biological wastewater treatment
plants and it is no surprise that numerous efforts have been devoted to maximise the information extracted from
the raw data. Here only a simple example is given of one such software sensor used in nitrification control [DEM
94]. With an on-off control of the aeration (aeration on if DO < 1.5 mg/l and aeration off when DO > 2.5 mg/l), a
DO-profile can be obtained as in Figure 9. When the aeration is switched off, the slope of the DO-curve is equal
to the oxygen uptake rate of the sludge. Therefore, the time between switching the aeration off and on is a
measure of the oxygen consumption rate. In the experiment depicted in Figure 9, one clearly observes that the
on/off frequency significantly drops after 90 minutes. Further evidence showed that this was the time when
nitrification had completed. This information calculated (using a simple model !) can be used in nitrification
control [DEM 94].
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Figure 9. DO (line) and deduced oxygen uptake rate (dots) data from a SBR for nitrogen removal.
Aeration is regulated with an on/off controller [DEM 94].
3.2. “Traditional” software sensors

More advanced software sensors incorporate a dynamic process model as an essential ingredient. Two types
of software sensors are important, the state observers and the parameter estimators.
3.2.1. State observers
Starting from the (linear) state space process model:

dX
= AX + Bu
dt
Y = CX
where X, the state vector, is a set of variables that are needed to describe the process behaviour, one can
construct a state observer by replacing the real values by their estimates and adding a so-called "driving term"
that aims to minimise the "observation error" between measured values Y and model predictions Ŷ :
dXˆ
= AXˆ + Bu + K Y − Yˆ
dt
Yˆ = CXˆ
Running this observer consists of starting from an initial state estimate Xˆ (t = 0 ) and integrating the observer
model. State estimates are then calculated on the basis of the experimental data. Remark that it is assumed that
all model parameters, A, B and C and the input u(t) are known. The design of the observer now reduces to the
adequate choice of the matrix K, known as the "gain matrix". The two approaches that have become standard, i.e.
the Luenberger and Kalman observers, both start from the desire to minimize the observation error e(t). The
dynamics of the observation error are readily obtained by subtracting the observer equation from the process
model:
de d X − Xˆ
=
= A X − Xˆ − KC X − Xˆ
dt
dt
de
= [A − KC ] e
dt
The aim is now reduced to the problem of designing the gain matrix in such a way that the observation error
decreases in a desirable way. [BAS 90] provide some support in this design problem.
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3.2.2. Parameter estimators
As mentioned before, the time-varying nature of bioprocesses results in the need for updating the process
model. As the process models in a control environment are used for on-line purposes a problem of on-line
modelling results. Hence, selection of a mathematical model structure and estimation of the model parameters
must be performed on-line.
In most cases (but not always, see [VANR 96c]), the model structure can be assumed to remain constant and
the problem may be simplified to the on-line determination of parameters. For this type of problem the second
type of more advanced software sensors can be applied, i.e. the parameter estimators. A number of techniques
have been proposed to incorporate the process model in the algorithm so as to improve its performance [BAS 90].
In the "observer-based parameter estimator", the observer (now with the parameters being replaced by
current estimates) is used to predict the states. These state estimates are compared with the measured states.
Subsequently, the observation error, reflecting the mismatch between the true parameter values and the
parameter estimates, is used as the driving force in a parameter update model. In addition to the observer gain,
the user must now also supply the gain matrix of the parameter updating law.
A second approach consists of rewriting the process model such that a model linear in the parameters is
obtained. With a standard recursive least squares algorithm on-line parameter estimation is possible. A number
of user supplied tuning parameters must be chosen to provide an adequate convergence rate. This estimator
tuning is typically done by trial and error using simulation with the process model [BAS 90].
3.2.3. Information Richness
On-line modelling is faced with one particular problem, i.e. the information richness in actual plant data is
often insufficient to allow reliable model identification. Figure 10 illustrates this problem in case on-line model
selection is required. The example may be illustrative for a well-controlled nitrifying system on which data on
the nitrification rate are obtained for a limited range of substrate (0 to 4 mg NH4+-N/l) only. It is evident from
this figure that, given the typical measurement errors, no discrimination can be made between a Monod-type
saturation model and a Haldane type inhibition model. However, in case an important excursion of the substrate
concentration would occur (e.g. to 15 mg NH4+-N/l due to a peak loading), it is important that a model-based
controller applies the correct model, since only then adequate control actions can be taken.

Figure 10. Problem of on-line modelling of the substrate degradation
kinetics using data from a controlled process.

Evidently, data are required from the system for the higher concentration ranges. For certain process
configurations the problem is non-existing as the operation is based on important dynamics of the important
variables. Examples of such systems are alternating nutrient removal systems [ISA 94] or sequencing batch
reactors [DEM 94].
3.2.4. Relay feedback control approach
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In other, less favourable (from the information content point of view) treatment processes, a possible solution
by which data can be obtained over a wider range is to loosen the control and allow for temporary deterioration
of the WWTP performance, e.g. the effluent quality. Hence, a conflict arises between control performance,
which should result in very smooth operation, and need for informative data for model identification, which
requires sufficient variations in the measured variables. These contrasting requirements can, however, be
reconciled to a certain extent if a probing or excitation signal is superimposed on the control action [BOX 74]
[AST 84] [PAR 93]. This so-called relay feedback control approach has also been applied in adaptive control
designs for the dissolved oxygen concentration and is illustrated below [HOL 82] [HOW 85] [HOL 89] [MAR 90]
[VANR 93].
The method starts from a model, in this case the oxygen mass balance:
dS O 2
Q
= K L a (S Osat2 − S O 2 ) − OUR + (S Oin2 − S O 2 )
V
dt
in which the mass transfer coefficient KLa is known to be a function of the gas flow rate U, the temperature T
and many other factors. One may however choose to only explicitly model the dependency on the gas flow rate
U, e.g. KLa=α.U. The idea of the special controller used here is to manipulate U in such a way that three goals
can be met: 1) control the dissolved oxygen (SO2 near a particular setpoint (S*O2); 2) generate sufficiently rich
data that allow reliable estimation of the actual oxygen uptake rate and 3) allow the estimation of the (possibly
time-varying) mass transfer parameter α. Note that this parameter α will have to compensate for all deficiencies
of the simple KLa-model used, e.g. its dependency on temperature, surfactant concentrations, ... To obtain
sufficiently rich data, an excitation signal is superimposed on the (optimal) control action calculated by the
adaptive controller. This induces the necessary variation of the dissolved oxygen data for accurate estimation of
both parameters (Figure 11).

Figure 11. Principle of the DO controller with superimposed excitation
for reliable estimation of mass transfer parameters and oxygen uptake rate.

In Figure 12 lab-scale results are summarised to illustrate the behaviour of such dedicated controller/estimator under time-varying conditions. In this case not the bioprocess is considered time-varying, but a
change in the efficiency of the aeration system is evaluated. In the studied pilot scale reactor, aeration intensity is
determined by the mixing intensity and the air flow rate. The dissolved oxygen control action is based on
manipulation of the mixing intensity (tpm, revolutions per minute). A deliberate disturbance of the aeration
intensity can therefore be achieved by changing the air flow rate from 2.5 to 4 l/min. As the KLa-model used did
not consider the dependency on the air flow rate, i.e. KLa = α.tpm, the proportionality constant α has to be varied
to compensate for the increased aeration efficiency induced by the increased air flow rate.
In Figure 12, one observes that the different objectives of the dedicated controller are satisfied, i.e. the DO is
controlled around 3 mg/l by manipulation of the mixing intensity. Rather than a smooth variation of the
manipulated variable (tpm) one should note the superimposed oscillation and the concomitant, fast dynamics of
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the controlled variable (SO2)! The controller rapidly reacts to the increased aeration efficiency by reducing the
mixing intensity and the estimator of α converges reasonably fast. A temporary disturbance of the OURestimation algorithm can also be deduced from Figure 12. A similar approach has been shown to be of high
interest for the control of anaerobic digestion processes [STEY 99].

OUR

SO2

α

tpm

Figure 12. Control of DO (top) by manipulation of mixing intensity(tpm, bottom)
under constant OUR (estimate: top) and varying aeration efficiency (α: bottom)

3.2.5. In-Sensor-Experiment approach
So-called In-Sensor-Experiments have been proposed by [VANR 95] as an alternative solution to obtain rich
information on the bioprocesses occurring in the treatment plant. The main advantage of the approach is that it is
not necessary to make a difficult trade-off between the control performance and the modelling accuracy. This is
achieved by separating the data generation from the control goal of a full-scale monitoring program. The method
essentially consists in performing the experiments on a down-scaled version of the full-scale process that is
sufficiently representative of the plant, e.g. the reactor contains activated sludge from the plant that is to be
modelled on-line. In-Sensor-Experiments are performed in this down-scaled reactor that is operated in parallel to
the full-scale system (Figure 13). Evidently, no restrictions exist with respect to the type of experiments that are
allowed to be performed since the full-scale plant itself will not be affected by them. Consequently, the
information content of the collected data can be made sufficiently large to allow for the identification of rather
sophisticated process models.
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In Figure 13 a sensor system is schematised with the ability to perform In-Sensor-Experiments aimed at
modelling denitrification. A sample of sludge can be taken either from the nitrate or sludge recycles while
wastewater samples can either be influent or a synthetic wastewater. Such synthetic wastewater can have a
composition especially designed for calibration of the sensor or specific experimentation, e.g. to determine the
denitrification capacity of the sludge residing in the built-in reactor. Different sensors can be installed in the
device to monitor the progress of the experiment. For example, in Figure 14 a data set is presented of a system
where an ORP electrode is used. The detected nitrate knee is then used for instance to deduce the denitrification
potential of a carbon source. Such information could not have been obtained from a continuous flow
denitrification zone because the dynamics necessary for reliable application of the ORP signal are not present in
such system.

Figure 13. Principle of In-Sensor-Experiments (ISE) for a denitrifying process.

In Figure 15 another application of this new concept is presented. A sensor was developed in which settling
experiments can be performed automatically at a treatment plant [VANR 96d]. For this unit process too a clear
need for on-line modelling is felt and this device aims at providing quantitative data that can not be obtained
from turbidity measurements of a well-controlled secondary clarifier. More details on this sensor system can be
found in [VANR 96d], its application in on-line monitoring of a treatment plant in [VAND 99] and estimation of
settling model parameters is discussed by [VAND 99]
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Figure 14. Data collected from a batch InSensor-Experiment for denitrification modelling.
ORP (top line), nitrate (low) and COD (middle).

Figure 15. Settling curves obtained for four different
sludges in a settlometer performing
batch In-Sensor-Experiments.

Finally, the important efforts that have been put in the development of respirometric techniques for on-line
modelling of the interaction between wastewater and activated sludge warrant some attention. A number of
applications have proven their usefulness, e.g. model-based toxicity detection [VANR 96c] or characterisation of
wastewater composition in terms of particular process models [SPA 95] [VANR 99]. An important idea that was
prototyped on such respirometric sensors was the application of optimal experimental design techniques to
improve the quality of the data obtained from the In-Sensor-Experiments. Goals pursued were optimal
experiments for model selection [VANR 94] and parameter estimation [VANR 95]. One of the aspects investigated
was to ensure that the optimal experimental design could be performed on-line since the time-varying and
nonlinear nature of the processes studied imposes that the optimal experiment is time-varying as well. Hence,
adaptivity of the In-Sensor-Experiments is needed and from this stems the term given to such sensing system, i.e.
"adaptive sensor" [VANR 94].
4. Prediction of disturbances and receiving water capacity

When one considers the wastewater treatment plant in its larger context, the attention is immediately drawn
to the up- and downstream processes to which a treatment plant is connected, i.e. the sewer system (or the
industrial production facility) and the receiving water body. These three subsystems take care of the collection of
sanitary (or industrial) sewage and drainage of rain runoff, its transport and treatment. In recent years awareness
has increased substantially that the assessment of the interactions between these subsystems is very important to
evaluate the overall performance of the urban drainage system.
However, according to the present state-of-the-art, sewer system and treatment plant are planned and
designed as totally separate entities, each subject to a specific set of performance objectives, which are only
loosely related to receiving water quality standards. Moreover, these receiving water norms are typically given as
invariant maximum discharge limits, and only recently , some differentiation is being made depending on the
specific planned use of the water body (fishing, drinking water production) [RAU 98].
During the last few years it is postulated that an integrated view could allow for a more efficient urban water
management with lower risks of harmful effects on the receiving water and a more constant quality of the
discharged water. As the time constant of actions at the level of the design of the subsystems is in the order of 10
years or more, most of the attention is currently focused on a better operation of the systems by introducing realtime control strategies. As the aim of this paper is only to discuss the control of the wastewater treatment plant,
the RTC systems that are being developed for the sewage transport system or the batch scheduling for waste
design in a chemical production facility are not considered here, albeit that the treatment plant is considered in
the optimisation process (note that certain optimal solutions may be worse for the treatment plant compared to
the situation prior to the implementation of RTC in the sewer system, see [VANR 96a]).
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Control of a treatment plant that integrates the sewer within the decision process is based on predictions of
future flows and loads. Drainage modelling therefore becomes an integral part of such control scheme. Such a
model includes two parts: 1) an inflow forecasting model that transforms measured or predicted rainfall into
runoff and inflow to the collection system and 2) a sewer transport model that describes the movement of the
sewage in the sewer network [CAP 94]. At this stage some schools exist on the type of models to be used for this
purpose.
Deterministic models have the advantage to incorporate available mechanistic knowledge on the hydraulics
(and transport of solutes and particulate material, although modelling of the latter is still under debate). However,
it is computationally intensive and requires the identification of an important number of parameters. To reduce
computations, model reduction can be made from a highly detailed network description which is calibrated and
validated for a few specific rain events to a simplified system that retains the general dynamic behaviour
characteristics [MEI 01].
An alternative is to apply stochastic transfer function descriptions as black box models of the system, i.e. the
user must not invest time to gain insight in the system and identification requires less effort. The approach aims
at finding an adequate input-output mapping amongst the variables considered most important, e.g. the rainfall
and the outflow and composition. This approach is solely based on time series of experimental data. Data that
typically give rise to such modelling efforts are depicted in Figure 16: a week of influent waste concentration is
given for a hospital wastewater treatment plant in Gent. One clearly observes the important diurnal pattern.

Figure 16. Typical weekly pattern of influent waste concentration measured with a respirometer
at a hospital wastewater treatment plant in Gent, Belgium.

Moreover, in this plant the flow rate changes nearly in sync. Hence, the load variation is amplified further,
the main result being that a high-strength wastewater is to be treated under a shorter hydraulic retention time.
Evidently, predictions of the incoming load can be used by a feedforward controller to the advantage of the
treatment plants' performance. A time series model can easily capture this diurnal pattern. In the literature
several examples of time series analyses for flow and load predictions are described, with prediction horizons
ranging from one-day-ahead [BER 78] [CAP 94] to one-hour-ahead or even 6-minute-ahead [TAN 91].
An important application of sewer models is the prediction of flow rates after rain events as these have an
important effect on the hydraulics of a treatment plant and may disturb the final settling to such an extent that
sludge washout occurs. A treatment plant can be protected against such events but sufficient time is needed for
the feedforward control actions (step feed, storm tank emptying) to have their desired effect. Different upstream
sensor signals combined with predictive models can be used, each with a different forecasting horizon: weather
radar [ASP 93] [PLE 01], rain gauges and flow meters in the outer parts of the sewer network. Depending on the
measurement made, different models are used to map these inputs to the influent flow of the treatment plant.
As mentioned before, models are also used in the control scheme to describe the objective of a treatment
plant. Ultimately, such model may be a complete description of the costs associated to a treatment facility over
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its lifetime [VANR 96b] [GIL 99] and may involve many aspects (investment, operational costs, etc.). Currently,
however, the model that describes the objectives is very simple, i.e. fixed standards are used that are supposed to
be the translation of water quality goals. Hence, the objectives are emission-based and therefore are
representative of the separated view on the different unit processes of the urban drainage system. However, a
distinct move is being made towards an immission-based approach that considers the interaction between
combined sewer overflows from the sewer system, diffuse pollution, purified wastewater discharge and receiving
water quality [HAR 93] [VANR 96a] [SCH 97]. Clearly, the models used to describe the objectives of the
wastewater treatment plant now become much more comprehensive. Typically these models involve a good
description of the hydraulics of the receiving water. Main factors to which attention is drawn for the definition of
the objectives are oxygen depletion, ammonia toxicity and eutrophication with the resulting algal blooms.
Secondary factors that have to be taken into account are the temperature, the transport of sediments, nitrate and
phosphate levels, light input and dynamics of higher trophic levels including fish [BEC 94].
In Figure 17 simulation results are given for one year of dissolved oxygen levels in a river [VANR 96a]. It is
evident that oxygen depletion occurs for periods of substantial length. A closer inspection of the data learns that
these critical periods do not coincide with what apparently are the main CSO discharges. On the contrary, a
sequence of small overflow events in summertime when the river flow rate is at its minimum causes the long
dissolved oxygen depletion periods that are detrimental for the ecological quality of the river system.
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Figure 17. Example of a one year simulation of the DO levels in a river to which CSO and wastewater
discharges occur (dark line and thin line depict two sewer designs).
5. Conclusions

The main message of this contribution is that models are ubiquitous in WWTP control. In the control system
itself, models are involved in:
!
!
!

Support for design of the control structure,
Support for controller tuning,
Model-based control algorithms.

In the monitoring system, mathematical models play an increasing role as part of
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!

Software sensors.

Closely related to the monitoring system application, prediction of upcoming disturbances is also heavily
depending on mathematical descriptions of the:
!
!

Sewer system,
Scheduling of industrial processes.

Finally, it was indicated that future definitions of control objectives for wastewater treatment plants will
increasingly rely on an integrated view on the immissions to the receiving water and models will play a
dominant role due to the complexity of the description of the
!

River quality.

All in all, it must be evident from the above that the use of models in advanced WWTP control is not limited
to model-based predictive control applications.
REFERENCES
[AIV 92] AIVASIDIS A., HOCHSCHERF H., ROTTMAN G., HAGEN T., MERTENS M.T., REINERS G., WANDREY C., Neuere
konzepte zur Prozessüberwachung und -regelung bei der biologischen Stickstoffelimination. Abwassertechnik, 5, 48-55,
1992, (in German)
[ALE 99] ALEX J., BETEAU J.F., COPP J.B., HELLINGA C., JEPPSSON U., MARSILI-LIBELLI S., PONS M.N., SPANJERS H.,
VANHOOREN H., Benchmark for evaluating control strategies in wastewater treatment plants. In: Proceedings European
Control Conference - ECC ’99, Karlsruhe, Germany, August 31-September 3, 1999.
[ALG 94] AL-GHUSAIN I.A., HUANG J., HAO O.J., LIM B.S., Using pH as a real-time control parameter for wastewater treatment and
sludge digestion processes. Wat. Sci. Tech., 30(4), 159-168, 1994.
[AND 74] ANDREWS J.F., Review paper: Dynamic models and control strategies for wastewater treatment processes. Wat. Res., 8,
261-289, 1974.
[AOI 92] AOI T., OKANIWA Y., HAGIWARA K., MOTOMURA K., IWAIHARA E., IMAI M., SERIZAWA Y., A direct ammonium control
system using fuzzy inference in a high-load biological denitrification process treating collected human excreta. Wat. Sci.
Tech., 26(5-6), 1325-334, 1992.
[ASP 93] ASPEGREN H., NYBERG U., ANDERSSON B., Integration of on-line instruments in the practical operation of the Klagshamn
wastewater treatment plant. In: Proceedings Workshop Modelling, Monitoring and Control of Wastewater Treatment Plants.
Med. Fac. Landbouww. Univ. Gent, 58, 2019-2028, 1993.
[AST 84] ASTRÖM K.J., HÄGGLUND T., Automatic tuning of simple regulators with specifications on phase and amplitude margins.
Automatica, 20, 645-651, 1984.
[BAE 99] BAETENS D., VANROLLEGHEM P.A., VAN LOOSDRECHT M.C.M., HOSTEN L., Temperature effects in Bio-P removal. Wat.
Sci. Tech., 39(1), 215-225, 1999.
[BAS 90] BASTIN G., DOCHAIN D., On-line Estimation and Adaptive Control of Bioreactors, Elsevier, Amsterdam, 379 pages,
1990.
[BEC 80] BECCARI M., PASSINO R., RAMADORI R., TANDOI V., Inhibitory effects on nitrification by typical compounds in coke
plant wastewaters. Environ. Technol. Lett., 1, 245-252, 1980.
[BEC 94] BECK M.B., REDA A., Identification and application of a dynamic model for operational management of water quality.
Wat. Sci. Tech., 30(2), 31-41, 1994.
[BER 78] BERTHOUEX P.M., HUNTER W.G., PALLESEN L., SHIH C.Y., Dynamic behavior of an activated sludge plant. Wat. Res., 12,
957-972, 1978.

Models in WWTP control
[BOG 97] BOGAERT, H., VANDERHASSELT, A., GERNAEY, K., YUAN, Z., THOEYE, C., VERSTRAETE, W., A new sensor based on pHeffect of the denitrification process. J. Environ. Eng., 123, 884-891, 1997.
[BOS 93] BOSCOLO A., MANGIAVACCHI C., DRIUS F., RONGIONE F., PAVAN P., CECCHI F., Fuzzy control of an anaerobic digester
for the treatment of the organic fraction of municipal solid waste (MSW). Wat. Sci. Tech., 27(2), 57-68, 1993.
[BOX 74] BOX G.E.P., MACGREGOR J.F., The analysis of closed-loop dynamic-stochastic systems. Technometrics, 16, 391-398,
1974.
[BRE 73] BRETT R.W.J., KERMODE R.I., BURRUS B.G., Feed forward control of an activated sludge process. Wat. Res., 7, 525-535,
1973.
[BUH 74] BUHR H.O., ANDREWS J.F., KEINATH T.M., Research needs for automation of wastewater treatment systems. In:
Proceedings of a U.S. Environmental Protection Agency Workshop. Clemson University, South Carolina, September 23-25
1974. pp. 135.
[CAP 94] CAPODAGLIO A.G., Transfer function modelling of urban drainage systems, and potential uses in real-time control
applications. Wat. Sci. Tech., 29(1-2), 409-417, 1994.
[CAR 94] CARLSSON B., LINDBERG C.-F., HASSELBLAD S., XU S., On-line estimation of the respiration rate and the oxygen transfer
rate at Kungsangen wastewater treatment plant in Uppsala. Wat. Sci. Tech., 30(4), 255-263, 1994.
[CAU 97] CAULET P., LEFEVRE F., BUJON B., RÉAU P., PHILIPPE J.P., AUDIC J.M., Automated aeration management in waste water
treatment: Interest of the application to serial basins configuration. In: Proceedings 7th IAWQ Workshop on ICA of Water and
Wastewater Treatment and transportation Systems. Brighton, UK, July 6-9 1997, 41-48.
[CHT 93] CHTOUROU M., NAJIM K., ROUX G., DAHHOU B., Control of a bioreactor using a neural network. Bioproc. Eng., 8, 251254, 1993.
[COU 92] COUILLARD D., ZHU S., Control strategy for the activated sludge process under shock loading. Wat. Res., 26, 649-655,
1992.
[DAN 71] D'ANS G., KOKOTOVIC P.V., GOTTLIEB D., A nonlinear regulator problem for a model of biological waste treatment.
IEEE Trans. Autom. Control, 16, 341-347, 1971.
[DEM 94] DEMUYNCK C., VANROLLEGHEM P.A., MINGNEAU C., LIESSENS J., VERSTRAETE W., NDBEPR process optimization in
SBRs: Reduction of external carbon source and oxygen supply. Wat. Sci. Tech., 30(4), 169-179, 1994.
[DEV 00] DEVISSCHER M., HARMAND J., STEYER J.-PH., VANROLLEGHEM P.A., Control design of an industrial equalization system Handling system constraints, actuator faults and varying operating conditions. In: Proceedings IFAC 4th Symposium on Fault
Detection, Supervision and Safety for Technical Processes (Safeprocess2000), Budapest, Hungary, June 14-16 2000.
[DOC 91] DOCHAIN D., Design of adaptive controllers for nonlinear stirred tank bioreactors: extension to the MIMO situation. J.
Proc. Cont., 1, 41-48, 1991.
[DOC 97] DOCHAIN D., PERRIER M., Dynamic modelling, analysis, monitoring and control design for nonlinear bioprocesses. Adv.
Biochem. Eng. Biotechnol., 56, 147-197, 1997.
[DUN 92] DUNN I.J., HEINZLE E., INGHAM J., PRENOSIL J.E., Biological Reaction Engineering. Principles, Applications and
Modelling with PC Simulation. VCH, Weinheim, 438 pages, 1992.
[FAN 73] FAN L.T., SHAH P.S., PEREIRA N.C., ERICKSON L.E., Dynamic analysis and optimal feedback control synthesis applied to
biological waste treatment. Wat. Res., 7, 1609-1641, 1973.
[FIC 00] FICARA E., MUSUMECI A., ROZZI A., Comparision and combination of titrimetric and respirometric techniques to estimate
nitrification kinetics parameters. Water SA, 26, 217-224, 2000.
[FUK 93] FUKANO T., Application of fuzzy control to wastewater pumping station. In: Instrumentation, Control and Automation of
Water & Wastewater Treatment and Transportation Systems. Ed. Jank B., IAWQ, London, 499-503, 1993.

Peter A. VANROLLEGHEM
[GEN 93] GENDRON S., PERRIER M., BARRETTE J., AMJAD M., HOLKO A., LEGAULT N., Deterministic adaptive control of SISO
processes using model weighting adaptation. Int. J. Control, 58, 1105-1123, 1993.
[GER 97] GERNAEY K., BOGAERT H., MASSONE A., VANROLLEGHEM P., VERSTRAETE W., On-line nitrification monitoring in
activated sludge with a titrimetric sensor. Environ. Sci. Technol., 31, 2350-2355, 1997.
[GER 98] GERNAEY K., VANROLLEGHEM P., VERSTRAETE W., On-line estimation of Nitrosomonas kinetic parameters in activated
sludge samples using titration in-sensor-experiments. Wat. Res., 32, 71-80, 1998.
[GER 99] GERNAEY K., MAFFEI D. VANROLLEGHEM P., VERSTRAETE W., A new pH-based procedure to model toxic effects on
nitrifiers in activated sludge. J. Chem. Technol. Biotechnol., 74, 679-687, 1999.
[GER 01] GERNAEY K., PETERSEN B., OTTOY J.P., VANROLLEGHEM P.A., Activated sludge monitoring with combined respirometric
– titrimetric data. Wat. Res., 35, 1280-1294, 2001.
[GIL 99] GILLOT S., DE CLERCQ B., DEFOUR D., SIMOENS F., GERNAEY K., VANROLLEGHEM P.A., Optimisation of wastewater
treatment plant design and operation using simulation and cost analysis. In: Proceedings 72nd Annual WEF Conference and
Exposition. New Orleans, USA, October 9-13 1999 (on CD-ROM).
[GUW 97] GUWY A.J., HAWKES F.R., WILCOX S.J., HAWKES D.L., Neural network and on-off control of bicarbonate alkalinity in a
fluidised-bed anaerobic digester. Wat. Res., 31, 2019-2025, 1997.
[HAA 95] HAARSMA G.-J., KEESMAN K., Robust model predictive oxygen control. In: Proceedings Workshop Modelling,
Monitoring and Control of Wastewater Treatment Plants. Med. Fac. Landbouww. Univ. Gent, 60, 2415-2425, 1995.
[HAR 93] HARREMOËS P., CAPODAGLIO A.G., HELLSTRÖM B.G., HENZE M., JENSEN K.N., LYNGGAARD-JENSEN A., OTTERPOHL R.,
SOEBERG H., Wastewater treatment plants under transient loading - Performance, modelling and control. Wat. Sci. Tech.,
27(12), 71-115, 1993.
[HEI 93] HEINZLE E., DUNN I.J., RYHINER G.B., Modeling and control for anaerobic wastewater treatment. Adv. Biochem. Eng.
Biotechnol., 48, 79-114, 1993.
[HER 97] HERREMANS C., RYCKAERT V., VAN IMPE J., Calculation of carbon addition during biological nitrogen removal by using
optimal control theory. In: Proceedings 11th Forum Applied Biotechnology. Med. Fac. Landbouww. Univ. Gent, 62(4b),
1691-1694, 1997.
[HOE 96] HOEN K., SCHUHEN M., KÖHNE M., Control of nitrogen removal in waste water treatment plants with predenitrification,
depending on actual purification capacity. Wat. Sci. Tech., 33(1), 223-236, 1996.
[HOL 2] HOLMBERG A., Modelling of the activated sludge process for microprocessor-based state estimation and control. Wat. Res.,
16, 1233-1246, 1982.
[HOL 89] HOLMBERG U., OLSSON G., ANDERSSON B., Simultaneous DO control and respiration estimation. Wat. Sci. Tech., 21,
1185-1195, 1989.
[HOW 85] HOWELL J.A., SODIPO B.O., On-line respirometry and estimation of aeration efficiencies in an activated sludge aeration
basin from dissolved oxygen measurements. In: Modelling and Control of Biotechnological Processes. Ed. Johnson A.,
Pergamon Press. 211-218, 1985.
[HUN 92] HUNT K.J., SBARBARO D., ZBIKOWSKI R., GAWTHROP P.J., Neural networks for control systems - A survey. Automatica,
28, 1083-1112, 1992.
[ISA 94] ISAACS S.H., HENZE M., SOEBERG H., KUMMEL M., External carbon source addition as a means to control an activated
sludge nutrient removal process. Wat. Res., 28, 511-520, 1994.
[JAC 57] JACOBSEN C.F., LÉONIS J., LINDERSTRØM-LANG
Biochem. Anal., 4, 171-210, 1957.

AND

OTTESEN M., The pH-STAT and its use in biochemistry. Meth.

Models in WWTP control
[JAN 00] JANSSEN M., HOPKINS L.N., PETERSEN B., VANROLLEGHEM P.A., Reduction of an activated sludge process model to
facilitate controller tuning. In: Proceedings of the 14th European Simulation Multiconference. Ed. R. Van Landeghem,
Society for Computer Simulation International (SCS). Gent, Belgium, 697-701, May 23-26 2000.
[KAB 92] KABOURIS J.C., GEORGAKAKOS A.P., CAMARA A., Optimal control of the activated sludge process: Effect of sludge
storage. Wat. Res., 26 , 507-517, 1992.
[KAL 99] KALKER T.J.J. , VAN GOOR C.P., ROELEVELD P.J., RULAND M.F., BABUSKA R., Fuzzy control of aeration in an activated
sludge wastewater treatment plant: Design, simulation and evaluation. Wat. Sci. Tech., 39(4), 71-78, 1999.
[KO 82] KO K.Y-J, MCINNIS B.C., GOODWIN G.C., Adaptive control and identification of the dissolved oxygen process.
Automatica, 18, 727-730, 1982.
[LEC 78a] LECH R.F., LIM H.C., GRADY C.P.L.JR., KOPPEL L.B., Automatic control of the activated sludge process. I. Development
of a simplified dynamic model. Wat. Res., 12, 81-90, 1978.
[LEC 78b ] LECH R.F., GRADY C.P.L.JR., LIM H.C., KOPPEL L.B., Automatic control of the activated sludge process. II. Efficacy of
control strategies. Wat. Res., 12, 91-99, 1978.
[LIN 97] LINDBERG C.-F., Control and estimation strategies applied to the activated sludge process. PhD. Thesis. Uppsala
University, Sweden, 1997.
[LUK 99] LUKASSE L., Control and identification in activated sludge processes. PhD. Thesis. Wageningen Agricultural University,
The Netherlands, 155 pages, 1999.
[MAR 82] MARSILI-LIBELLI S., Optimal control strategies for biological wastewater treatment. In: Environmental Systems Analysis
and Management. Ed. Rinaldi S., North-Holland, Amsterdam, 279-287, 1982.
[MAR 89] MARSILI-LIBELLI S., Modelling, identification and control of the activated sludge process. Adv. Biochem. Eng.
Biotechnol., 38, 90-148, 1989.
[MAR 90] MARSILI-LIBELLI S., Adaptive estimation of bioactivities in the activated sludge process. IEE Proc., 137, 349-356, 1990.
[MAR 92] MARSILI-LIBELLI S., Deterministic and fuzzy control of the sedimentation process. In: Proceedings Workshop
Monitoring, Modelling and Control of the Activated Sludge Process. Med. Fac. Landbouww. Rijksuniv. Gent, 57, 2229-2238,
1992.
[MAR 97] MARSILI-LIBELLI S., GIGLI G., Fuzzy control of storage and sludge management in an activated sludge process. In:
Proceedings 11th Forum Applied Biotechnology. Med. Fac. Landbouww. Univ. Gent, 62(4b), 1697-1700, 1997.
[MAS 95] MASSONE A., GERNAEY K., ROZZI A., WILLEMS P., VERSTRAETE W., Ammonium concentration measurements using a
titrimetric biosensor. Med. Fac. Landbouww. Univ. Gent, 60, 2361-2368, 1995.
[MAS 96] MASSONE A., ANTONELLI M., ROZZI A., The denicon: a novel biosensor to control denitrification in biological
wastewater treatment plants. Med. Fac. Landbouww. Univ. Gent, 61, 1709-1714, 1996.
[MAS 98] MASSONE A., GERNAEY K., ROZZI A., VERSTRAETE W., Measurement of ammonium concentration and nitrification rate
by a new titrometric biosensor. Water Environ. Res., 70, 343-350, 1998.
[MEI 01] MEIRLAEN J., HUYGHEBAERT B., SFORZI F., BENEDETTI L., VANROLLEGHEM P.A., Fast, simultaneous simulation of the
integrated urban wastewater system using mechanistic surrogate models. Wat. Sci. Tech., 43(7), 301-310, 2001.
[MIL 90] MILLER W., SUTTON R., WERBOS P., Neural Networks for Control. M.I.T. Press, Cambridge, 1990.
[MOO 93] MOOSBRUGGER R.E., WENTZEL M.C., EKAMA G.A., MARAIS G.V.R., A 5 pH point titration method for determining the
carbonate and SCFA weak acid/bases in anaerobic systems. Wat. Sci. Tech., 28(2), 237-245, 1993.
[MUL 97] MÜLLER A., Entwicklung eines integrierten Fuzzy - Kontrollsystems zum Belastungsausgleich von industriellen
Abwasserkläranlagen mit anaerober Vorbehandlung. PhD. Thesis. Fakultät für Maschinenwesen, RWTH Aachen, Germany.
101 pages, 1997.

Peter A. VANROLLEGHEM
[NIE 95] NIELSEN M.K., ÖNNERTH T.B., Improvement of a recirculating plant by introducing STAR control. Wat. Sci. Tech., 31(2),
171-180, 1995.
[OGG 94] OGGUNAIKE B.A., RAY W.H., Process Dynamics, Modeling, and Control. Oxford University Press, New York, 1260
pages, 1994.
[OLS 93] OLSSON G., Advancing ICA technology by eliminating the constraints. Wat. Sci. Tech., 28(11-12), 1-7, 1993.
[OLS 94] OLSSON G., JEPPSSON U., Establishing cause-effect relationships in activated sludge plants -What can be controlled?
In: Proceedings Workshop Modelling, Monitoring and Control of Wastewater Treatment Plants. Med. Fac. Landbouww.
Univ. Gent, 59, 2057-2070, 1994.
[OLS 99] OLSSON G., NEWELL R.B., Wastewater Treatment Systems - Modelling, Diagnosis and Control. IWA Publishing,
London, United Kingdom, 742 pages, 1999.
[OLS 85] OLSSON G., RUNDQWIST L., ERIKSSON L., HALL L., Self-tuning control of the dissolved oxygen concentration in activated
sludge systems. In: Instrumentation and Control of Water and Wastewater Treatment and Transport Systems. Ed. Drake
R.A.R., Pergamon Press, Oxford, 473-482, 1985.
[PAR 93] PARTANEN A.G., BITMEAD R.R., Excitation versus control issues in closed loop identification of plant models for a sugar
cane crushing mill. In: Proceedings 12th IFAC World Congress. Sydney, Australia, July 18-23 1993. 9, 49-52, 1993.
[PAT 95] PATRY G.G., TAKÀCS I., Modelling, simulation and control of large-scale wastewater treatment plants: An integrated
approach. In: Proceedings Workshop Modelling, Monitoring and Control of Wastewater Treatment Processes. Med. Fac.
Landbouww. Univ. Gent, 60, 2335-2343, 1995.
[PET 00] PETERSEN B., GERNAEY K., VANROLLEGHEM P.A., Improved theoretical identifiability of model parameters by combined
respirometric-titrimetric measurements. A generalisation of results. In: Proceedings IMACS 3rd Symposium on Mathematical
Modelling (MATHMOD2), February 2-4, 2000, Vienna University of Technology, Austria. 2, 639-642.
[PET 01] PETERSEN B., GERNAEY K., VANROLLEGHEM P.A., Practical identifiability of model parameters by combined
respirometric-titrimetric measurements. Wat. Sci. Tech., 43(7), 347-356, 2001.
[PLE 01] PLEAU M., PELLETIER G., COLAS H. LAVALLÉE P., BONIN R., Global predictive RTC of Quebec urban community's
Westerly sewer network. Wat. Sci. Tech., 43(7), 123-130, 2001.
[RAM 80] RAMADORI R., ROZZI A., TANDOI V., An automated system for monitoring the kinetics of biological oxidation of
ammonia. Wat. Res., 14, 1555-1557, 1980.
[RAU 98] RAUCH W., AALDERINK H., KREBS P., SCHILLING W., VANROLLEGHEM P.A., Requirements for integrated wastewater
models - Driven by receiving water objectives. Wat. Sci. Tech., 38(11), 97-104, 1998.
[REN 88] RENARD P., DOCHAIN D., BASTIN G., NAVEAU H., NYNS E.-J., Adaptive control of anaerobic digestion processes - A
pilot-scale application. Biotechnol. Bioeng., 31, 287-294, 1988.
[ROZ 99] ROZZI A., FICARA E., CELLAMARE C.M., BORTONE G., Characterization of textile wastewater and other industrial
wastewaters by respirometric and titration biosensors. Wat. Sci. Tech.., 40(1), 161-168, 1999.
[SCH 97] SCHILLING W., BAUWENS W., BORCHARDT D., KREBS P., RAUCH W., VANROLLEGHEM P.A., Receiving water objectives Scientific arguments versus urban wastewater management practice. In: Proceedings XXVII IAHR Congress "Water for a
Changing Community". San Francisco, USA, August 10-15 1997, 1, 510-515.
[SIN 78] SINCIC D., BAILEY J.E., Optimal periodic control of activated sludge processes. I. Results for the base case with
Monod/decay kinetics. Wat. Res., 12, 47-53, 1978.
[SPA 95] SPANJERS H., VANROLLEGHEM P.A., Application of a hybrid respirometric technique to an industrial wastewater. In:
Proceedings 50th Purdue Industrial Waste Conference. Lewis Publ., Chelsea, Michigan, 611-618, 1995.
[SPA 98a] SPANJERS H., VANROLLEGHEM P.A., NGUYEN K., VANHOOREN H., PATRY G.G., Towards a simulation-benchmark for
evaluating respirometry-based control strategies. Wat. Sci. Tech., 37(12), 219-226, 1998.

Models in WWTP control
[SPA 98b] SPANJERS H., VANROLLEGHEM P.A., OLSSON G., DOLD P.L., Respirometry in Control of the Activated Sludge Process:
Principles. IAWQ Scientific and Technical Report n°7, London, UK, 1998.
[STEF 97] STEFFENS M.A., LANT P.A., NEWELL R.B., A systematic approach for reducing complex biological wastewater treatment
models. Wat. Res., 31, 590-606, 1997.
[STEP 84] STEPHANOPOULOS G., Chemical Process Control. An Introduction to Theory and Practice. Prentice-Hall, Englewood
Cliffs, New Jersey, 696 pages, 1984.
[STEY 95] STEYER J.P., HARMAND J., BERNET N., AMOUROUX M., MOLETTA R., Robust control as a solution for monitoring and
control of biological nutrient removal processes. In: Proceedings Workshop Modelling, Monitoring and Control of
Wastewater Treatment Plants. Med. Fac. Landbouww. Univ. Gent, 60, 2427-2434, 1995.
[STEY 97] STEYER J.P., ESTEBAN M., POLIT M., Fuzzy control of an anaerobic digestion process for the treatment of an industrial
wastewater. In: Proceedings 6th International Conference on Fuzzy Systems - FUZZ-IEEE'97. Barcelona, Spain. July 1-5
1997, 3, 1245-1250.
[STEY 99] STEYER J-P., BUFFIÈRE P., ROLLAND D., MOLETTA R., Advanced control of anaerobic digestion processes through
disturbances monitoring, Wat. Res., 33(9), 2059-2068, 1999.
[STU 81] STUMM W., MORGAN J.J., Aquatic Chemistry, An introduction emphasizing chemical equilibria in natural waters. John
Wiley & Sons, New York, 780 pages, 1981
[TAN 91] TAN P.C., BERGER C.S., DABKE K.P., MEIN R.G., Recursive identification and adaptive prediction of wastewater flows.
Automatica, 27, 761-768, 1991.
[TEB 94] TE BRAAKE H.A.B., BABUSKA R., VAN CAN H.J.L., Fuzzy and neural models in predictive control. Journal A (Special
Issue on Model Predictive Control), 35(3), 44-51, 1994.
[THI 91] THIBAULT J., VAN BREUSEGEM V., Modelling, prediction and control of fermentation processes via neural networks. In:
Proceedings European Control Conference. Grenoble, France, July 2-5 1991. p. 224-229.
[VAC 88] VACCARI D.A., COOPER A., CHRISTODOULATOS C., Feedback control of activated sludge waste rate. J. Water Pollut.
Control Fed., 60, 1979-1985, 1988.
[VAND 99a] VANDERHASSELT A., VANROLLEGHEM P.A., Estimation of sludge sedimentation parameters from single batch settling
curves. Wat. Res., 34, 395-406, 1999.
[VAND 99b] VANDERHASSELT A., ASPEGREN H., VANROLLEGHEM P.A., VERSTRAETE W., Settling characterisation using on-line
sensors at a full-scale waste water treatment plant. Water SA, 25, 453-458, 1999.
[VANI 91] VAN IMPE J.F., VANROLLEGHEM P.A., VERSTRAETE W., DE MOOR B., VANDEWALLE J., Model based monitoring and
control of activated sludge wastewater treatment processes. Part II: Nonlinear control of the biotransformation and the
sedimentation process. In: Modelling and Control of Water Resources Systems. Eds. Kerckhoffs E., Koppelaar H., Van der
Beken A., Vansteenkiste G., Society for Computer Simulation, San Diego, USA, 221-226, 1991.
[VANI 92] VAN IMPE J.F., NICOLAÏ B.M., VANROLLEGHEM P.A., SPRIET J.A., DE MOOR B., VANDEWALLE J., Optimal control of the
penicillin G fed-batch fermentation: An analysis of a modified unstructured model. Chem. Eng. Comm., 117, 337-353, 1992.
[VANS 95] VAN SCHAGEN K.M., VEERSMA A.M.J., MEINEMA K., VAN DER ROEST H.F., Multivariable: The new generation? H2O,
28, 480-483 , 1995 (in Dutch).
[VANR 93] VANROLLEGHEM P.A., VERSTRAETE W., On-line monitoring equipment for wastewater treatment processes: State of the
art. In: Proceedings TI-KVIV Studiedag Optimalisatie van Waterzuiveringsinstallaties door Proceskontrole en -sturing. Gent,
Belgium, 1-22, 1993.
[VANR 94a] VANROLLEGHEM P.A., On-line modelling and control of activated sludge processes: Development of an adaptive
sensor. PhD. Thesis. Faculty of Agricultural and Applied Biological Sciences, Ghent University, Belgium, 201 pages, 1994.

Peter A. VANROLLEGHEM
[VANR 94b] VANROLLEGHEM P.A., VAN DAELE M., Optimal experimental design for structure characterization of biodegradation
models: On-line implementation in a respirographic biosensor. Wat. Sci. Tech., 30(4), 243-253, 1994.
[VANR 95a] VANROLLEGHEM P.A., COEN F., Optimal design of in-sensor-experiments for on-line modelling of nitrogen removal
processes. Wat. Sci. Tech., 31(2), 149-160, 1995.
[VANR 95b] VANROLLEGHEM P.A., VAN DAELE M., DOCHAIN D., Practical identifiability of a biokinetic model of activated sludge
respiration. Wat. Res., 29, 2561-2570, 1995.
[VANR 96a] VANROLLEGHEM P.A., FRONTEAU C., BAUWENS W., Evaluation of design and operation of the sewage transport and
treatment system by an EQO/EQS based analysis of the receiving water immission characteristics. In: Proceedings WEF
Conference Urban Wet Weather Pollution: Controlling Sewer Overflows and Stormwater Runoff. Québec, Canada, June 1619 1996, 14.35-14.46.
[VANR 96b] VANROLLEGHEM P.A., JEPPSSON U., CARSTENSEN J., CARLSSON B., OLSSON G., Integration of WWT plant design
and operation - A systematic approach using cost functions. Wat. Sci. Tech., 34(3-4), 159-171, 1996.
[VANR 96C] VANROLLEGHEM P.A., KONG Z., COEN F., Full-scale on-line assessment of toxic wastewaters causing change in
biodegradation model structure and parameters. Wat. Sci. Tech., 33(2), 163-175, 1996.
[VANR 96d] VANROLLEGHEM P.A., VAN DER SCHUEREN D., KRIKILION G., GRIJSPEERDT K., WILLEMS P., VERSTRAETE W., On-line
quantification of settling properties with In-Sensor-Experiments in an automated settlometer. Wat. Sci. Tech., 33(1), 37-51,
1996.
[VANR 99] VANROLLEGHEM P.A., SPANJERS H., PETERSEN B., GINESTET P., TAKACS I., Estimating (combinations of) Activated
Sludge Model No.1 parameters and components by respirometry. Wat. Sci. Tech., 39(1), 195-214, 1999.
[VANV 96] VAN VOOREN L., WILLEMS P., OTTOY J.P., VANSTEENKISTE G.C., VERSTRAETE W., Automatic buffer capacity based
sensor for effluent quality monitoring. Wat. Sci. Tech., 33(1), 81-87, 1996.
[VANV 99] VAN VOOREN L., LESSARD P., OTTOY J.-P., VANROLLEGHEM P.A., pH buffer capacity based monitoring of algal
wastewater treatment. Environ. Technol., 20, 547-561, 1999.
[VANV 00] VAN VOOREN L., Buffer capacity based multipurpose hard- and software sensor for environmental applications. PhD.
Thesis. Faculty of Agricultural and Applied Biological Sciences. Ghent University, Belgium. 326 pages, 2000.
[VON 76] VON JESZENSZKY T., DUNN I.J., Dynamic modelling and control simulation of a biological wastewater treatment process.
Wat. Res., 10, 461-467, 1976.
[WAR 93] WAREHAM D.G., HALL K.J., MAVINIC D.S., Real-time control of wastewater treatment systems using ORP. Wat. Sci.
Tech., 28(11-12), 273-282, 1993.
[WEI 97] WEIJERS S.R., ENGELEN G.L., PREISIG H., VAN SCHAGEN K., Evaluation of model predictive control of nitrogen removal
with a caroussel type wastewater treatment plant model using different control goals. In: Proceedings 7th IAWQ Workshop on
ICA of Water and Wastewater Treatment and Transportation Systems. Brighton, UK, July 6-9 1997, 401-408.
[WEI 00] WEIJERS S.R., Modelling, identification and control of activated sludge processes for nitrogen removal. PhD. Thesis,
Technical University of Eindhoven, The Netherlands, 235 pages, 2000.
[WIL 95] WILCOX S.J., HAWKES D.L., HAWKES F.R., GUWY A.J., A neural network, based on bicarbonate monitoring, to control
anaerobic digestion. Wat. Res., 29, 1465-1470, 1995.
[YEU 80] YEUNG S.Y.S., SINCIC D., BAILEY J.E., Optimal periodic control of activated sludge processes. II. Comparison with
conventional control for structured sludge kinetics. Wat. Res., 14, 77-83, 1980.
[YUA 97] YUAN Z., BOGAERT H., VANROLLEGHEM P.A., THOEYE C., VANSTEENKISTE G.C., VERSTRAETE W., Control of external
carbon addition to predenitrifying systems. J. Environ. Eng., 123, 1080-1086, 1997.
[YUA 01] YUAN Z., BOGAERT H., Titrimetric respirometer measuring the nitrifiable nitrogen in wastewater using in-sensorexperiment. Wat. Res., 35, 180-188, 2001.

