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Stellingen
1. De term 'tijdsvariant systeem' vloeit voort uit een verkeerd begrip van de werkelijkheid. Er wordt een 'tijdsvariant model' van een 'tijds/ravariant systeem' mee
bedoeld. De modellenbouwer heeft, al of niet bewust, niet alle dynamica van het
systeem gemodelleerd; daarom geeft het model een betere beschrijving van dewerkelijkheid alseen deel van het model alstijdsvariantwordt beschouwd.
2. Dezeer aannemelijke hypothese, dat meeronderbrekingen in debeluchting vaneen
C-verwijderend Actief Slib Proces een hoger effluent Chemisch Zuurstof Verbruik
geeft, wordt in Neiva et al. (1996) niet bevestigd door de waarnemingen. De
daaraan verbonden conclusie dat de hypothese onjuist is, is echter incorrect. De
strijdigheid tussen hypothese en waarnemingen zegt veeleer iets over het experimentontwerp.
Neiva M.R., Galdino L.A., Catunda P.F.C., Haandel A. van (1996). Reduction of operational costs
by planned interruptions of aeration in activated sludge plants. Wat.Sci. Tech., 33,pp. 17-27.

3. Deconclusie inPuznava etal.(1998)dat hun feedforward regelaar superieur isaan
hun feedback regelaar, vloeit voort uit onvoldoende waardering voor het principe
van feedback. De grote verdienste van feedback-regelaars is nl. het vermogen om
procesuitgangen gewenste waardes opte leggen ondanks onzekerheid in datproces.
Puznava N., Zeghal S. and Reddet E. (1998). Simple control strategies of methanol dosing for postdenitrif'ication. Wat.Sci. Tech.,38(3), 1998,pp.291-297.

4. De bewijskracht van ervaring wordt door veel wiskundigen onvoldoende gewaardeerd.
5. De meeste wetenschappers besteden veel te weinig tijd aan de vraag welkprobleem
zij moeten oplossen. Zij houden zich liever bezigmetde vraag hoezeeen probleem
moeten oplossen.
6. Alle goede wetenschappelijke publikaties hebben een conclusie gemeen: er is verderonderzoek vereist.
7. Het is schrijnend dat veel, zgn. onbevooroordeelde, wetenschappers de talrijke verslagen over wonderlijke gebeurtenissen na het aanroepen der goden glashard
ontkennen. Op dit specifieke terrein mag de waarnemingkennelijk, hoe dan ook,
niet gedaan worden.

8. Evolutie gedreven door natuurlijke selectie zou uiteindelijk de hele natuur zwart
kleuren. De meest efficiente plant benut nl. al het licht voor fotosynthese en is
daarom zwart.Dieren zullen daarna allemaal zwart als schutkleur aannemen,24uur
perdagfunctioned. Hopelijk maak ikdit stadium derevolutie niet meermee.
9. 'Eerlijke (de)regulering' iseencontradictio interminis.
10. Een goed functionerende regelaar beheerst het te besturen proces. Een slecht functionerende regelaar beheerst het leven vanzijn ontwerper.
11. De beste graadmeter voor de inzet van een onderzoeker is het aantal malen dat hij
thuis het verwijt krijgt: 'Houd nueensop aanje werk tedenken, wezitten nu gezelligaan de koffie', gedeeld door hetaantal malen dat hij daarop reageert.

Stellingen behorend bij het proefschrift 'Control and Identification in Activated Sludge
Processes' van LeoLukasse,Wageningen, 13januari 1999.
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Chapter 1, General introduction

1 General introduction

1.1 TheActivated Sludge Process and itsnewchallenge:total-N removal
The activated sludge process (ASP) is
a widely used system for biological
wastewater treatment. Traditionally
the ASP mainly served to remove organics and ammonium from the
wastewater. The basic design of an
ASP plant is depicted in Fig. 1.In the
reactor the organics in the influent
flow (qin) are transformed into settleable biomass (activated sludge floes)
by biomass growth. In the next step
Fig. 1,basic activated sludgeprocess.
the sludge settles at the bottom of the
secondary settler. The treated effluent of the plant flows over the weirs at the top of the settler,
whilethe settled sludge is withdrawn from thebottom.Themajor part of it is recycled tothereactor
(qr), and a small part is wasted (qw). Sludge recycling prevents the washout of biomass by decoupling the sludge residence time from the hydraulic residence time in the plant. The main control
handles aretherates (1/h)of return flow qr,wastage flow qwandairflowqajr.
During the last decade the interest in total-N removal from wastewater has risen due to increasing
attention for the problem of eutrophication in the aquatic environment. In the Netherlands, and
many other regions in theEU,in 1991this resulted in anew guideline for the stepwise introduction
of total-Nremoval (EU-directive 91/271/EEC).IntheNetherlands thisEU-directiveis implemented
in the "Lozingenbesluit Wvo stedelijk afvalwater" (Staatsblad 140, 1996). Before only an effluent
standard of 20 mg/1Kjeldahl-N in the summer period was applied. According tothe new law every
Dutch wastewater treatment plant has to comply with new effluent N-total standards by the endof
1998, with the possibility to postpone this deadline as far as 31-12-2005 for specific plants. The
new standards are a yearly averaged effluent N-total of 10 mg/1for plants with a design capacity
over 20,000 p.e. (population equivalents) and 15 mg/1for plants with a design capacity less than
20,000 p.e..For plants over 100,000 p.e.the standard applies tothe flow-proportional average,otherwisethetime-proportional average suffices.
Total-N removal requires twobiological processes:nitrification anddenitrification. Nitrification isa
twostepsprocessdescribedby
"•'""•"•""»" )N O , """""'"" > N0 3
NR.
Nitrite (NO,) only is an intermediate with usually low concentration, and therefore is usually
grouped together with nitrate (NO"3) as NOx. The nitrifiers Nitrosomonasand Nitrobacterboth are

(1)
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autotrophic organisms. Autotrophic organisms are able to build up their biomass from inorganic
carbon and H2O by reduction processes. Nitrification takes place when the autotrophs meet NH4
underaerobic conditions.
Denitrification isdescribedby
vrfV

heterotrophs

. VJT'V

heterotrophs

. T^

Most heterotrophic species present in ASP reactors are able to denitrify. Denitrifiers (heterotrophic
organisms that are able to denitrify) preferably use DO as electron acceptor, but switch to NOx instead if no DO is available. The denitrification process only takes place when denitrifiers meet
RBOS (Readily Biodegradable Organic Substrate) in an anoxic environment (presence of NOx,absenceofDO).Under thoseconditions denitrifiers consumeorganics, using nitrate andnitrite asoxidiser.
Both amongst scientists and practitioners areasonable consensus exists upon the statement that the
Activated SludgeModelno. 1(ASMno. 1)byHenzeetal.(1987)isthemostpopular mathematical
description of the biochemical processes in ASP reactors for N removal. The most popular model
for thesettlingprocessprobably isthedoubleexponential model (Takacs, 1991).

1.2 Control and identification ofActivated Sludge Processes
This thesis focuses on control and identification of ASP's. Over the last decades there has been a
large and ongoing interest in (nonlinear) system identification {e.g. Young, 1984;Ljung, 1987)and
its application to activated sludge processes (e.g. Busby and Andrews, 1975; Farkas et al, 1991;
Vanrolleghem, 1994; Cote et al, 1995; Jeppsson, 1996; Tenno and Uronen, 1996; Julien et al,
1997).Theobjective of identification istoreduce theuncertainty about process dynamics, such that
designs of processes and controllers can be improved. Good control can improve the utilization of
thereactor volumeandreducetherequired over-dimensioning of plant designs.
1.2.1GeneraltopicsinActivated SludgeProcess control
Themain challenge incontrol of the activated sludge process is disturbance attenuation inthecomplex non-linear multivariable ASP,whose stiff dynamics contain aconsiderable uncertainty andare
subject tolarge seasonal variations.To get acomprehensive overview of the problems involved see
Andrews (1974),Marsili-Libelli (1989),Olsson etal (1989) andvanLeeuwen (1990).
Thetraditional ASP control objective is disturbance attenuation (Andrews etal, 1976;Dold et al,
1984; Kabouris and Georgakakos, 1991;Olsson, 1992).Disturbance attenuation isjust a means to
achieve the higher level objectives of minimizing costs (e.g. avoid excessive aeration) and maximizing theconversion rates of biological processes in the reactor (e.g. reducing substrate limitation
duringthelow loaded partof theday).Themain source of disturbance is theinfluent. Large diurnal
variations occurboth ininfluent flow andcomposition, asaresult ofthecharacteristic life patternof
the connected households. Fortunately the large hydraulic residence time (typically > 10h) largely
dampens this diurnal cyclejust by dilution, especially in continuously mixed reactors (Jenkins and
Garrison, 1968). Yet there remains a significant task for active control to further dampen diurnal
variations.

/^\
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Rain events incidentally cause veryhigh flow rates andchanges in influent composition. Especially
hydraulic shock loads duetostorm events maycause serious overloading incidents inthe secondary
clarifier, resultinginlossofbiomassintheeffluent (Aspegren etal.,1996).Thiscontributes tovery
higheffluent BODduring theincident, andreduced processratesintheaftermath oftheincident.
The uncertainty in dynamics of ASP's make the useatfeedback control indispensable (Fig. 2).The
uncertainty iscaused by unpredictable changes insludgeactivity and composition, especially dueto
seasonal variations in temperature and rainfall. E.g.the rates of nitrification and denitrification respectively decrease by about 60% and 50%if the temperature drops from 20 °Cto 10°C (Metcalf
and Eddy, 1979). Seasonal variations in rainfall affect the influent flow and composition. That in
turnhasalong-term effect onthesludge inventory.
Solving
the
overall
disturbances
multivariable
control
problem of an ASP is a
Utopia. To keep the probobjectives
controller
actuators
process
lem solvable it needs to be
decomposed. Decomposition is possible by decoupling the control of fast
ymeasured
and slow processes {e.g.
sensors «•
Hiraoka and Tsumara,
1989). The main dynamic
Fig.2,generalfeedback controlloop.
processes in ASP reactors
can be separated into three timescales: fast DO dynamics, slower substrate (amongst others N)dynamics and slow biomass (sludge) dynamics.The characteristic time constants of these threetimescales are respectively minutes, hours and weeks. Substrate plays the keyrole as it is directly related
to effluent quality. DO - and biomass controljust serve to create an environment for efficient substrate removal, where the word efficient stands for an optimized balance between effluent quality
and operational costs. Viewed in that light it is natural that a substrate controller dictates the setpoints for both DO and sludge controllers, if necessary taking into account the realizability of these
setpoints.
1.2.2AdaptiveRecedingHorizon OptimalControl
Optimal control solves an objective functional subject to the modelled system dynamics and possibleconstraints onthemodel states,inputs andoutputs {e.g. Lewis, 1986).Asits solution isan openloop optimal control strategy it is unsuitable for practical implementation. Its use mainly comes
from the increased insight when applied in simulations. Several optimal control simulation studies
of the activated sludge process have been reported (Sincic and Bailey, 1978; Yeung et al, 1980;
Stehfest, 1985;Kabouris andGeorgakakos, 1990;Kabouris etal, 1992).
Receding Horizon Optimal Control (RHOC) is the way to implement the theory of optimal control
on-line,introducing feedback from theprocess (Fig. 2).The general digital RHOC algorithm solves
ateach sampling instant ke {0,1, 2,..} theoptimization problem
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min 7(u)=G(x(*+

ff))+jF(x(i),u(i))

U U

f H-l

(3)

i=*+l

subject tothemodelled system dynamics
x

*+i = / ( x * > u * ' d * > e )

x

* =

x

*

y*=g( x *.u<,9)
with control interval T,prediction horizon H, vector of control inputs u e W,state vector x e W,
output vector y e W,vector of disturbance inputs d e IRV,parameter vector 8 € Ef.The term
G(x(k+H)) in 7(u) allocates a (possibly negative) value to the state of the process at the end of the
prediction horizon, while the term F(x(i),u(i)) allocates (possibly negative) values to the states x
and controls u on the time interval [kT,(k+H)T\. The RHOC algorithm can be made adaptive by
recursiveestimation ofparameter vector 0(seee.g. Ljung andSoderstrom, 1983).
Many theoretical papers on RHOC are available now (Chen and Shaw, 1982; Mayne and Michalska, 1990;Genceli and Nikolaou, 1993;Michalska and Mayne, 1993;Yang and Polak, 1993; Nicolao et al, 1996; Ohtsuka and Fujii, 1997). Also a number of practical applications has been published (e.g. Shinar and Glizer, 1995; Afonso et al, 1996; Chalabi et al, 1996; de Madrid et al,
1996; Tap et al, 1996; Camacho and Berenguel, 1997; Miller and Pachter, 1997; Becerra et al,
1998).Although no applications in wastewater treatment have been published, the interest in adaptive RHOC for ASP's exists. This is illustrated in e.g.Dupont and Sinkjaer (1993) and Thornberg
and Thomsen (1994). After identifying the process dynamics and disturbance characteristics from
the data they used thecurrent state as initial condition to evaluate the effect of different near-future
control input scenario's in simulation. Selection of the most suitable control inputs is left to theoperator. AlreadyinOlsson etal.(1989)thisprocedure wasindicated asafuture trend.
RHOC is the way to implement the above described procedure on-line, moreover it automatically
selects the most suitable control input trajectory, i.e.the control input trajectory that minimizes the
formulated objective functional (eqn. 3). In the ideal case the dynamic model (eqn. 4) equals the
true system dynamics andthe knowledge with respect tofuture disturbance inputs is perfect. Inthat
ideal scenarioeqn.3should merelyexpress theeconomy oftheprocess.
The main hindrance for the on-line implementation of RHOC has always been the large computational demand for solving the RHOC's non-linear optimization problem. The fast evolution of computingpowerrapidly invalidates thisargument. Yetsomeproblems for RHOC in general remain:
1. The risk of getting stuck at local minima when solving nonlinear optimization problems.
2. Models usually have serious shortcomings, that need to be accounted for by adding
penalty terms toeqn.3.
3. On-line solving of the overall dynamic optimization problem for a plant is impossible
for systems with unobservable states,liketheASP.
4. Information with respect tofuture disturbance inputs is usually incomplete.

1.3 ControlofN-removal inalternating Activated Sludge Processes
Theintroduction ofdenitrification andimproved nitrification in ASP's is accompanied by somenew
control problems, in addition to the existing more general problems discussed in section 1.2.1. As

( 4 )
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mentioned in the preceding section nitrification requires the combination of three factors: NH4,
aerobic conditions and autotrophs. NH4is the main source of total-N in the influent wastewater. It
willjust remain in the wastewater until it meets autotrophs under aerobic conditions. Aerobic conditions are created by applying a sufficient air flow rate (Fig. 1) to the reactor or a part of it. The
limiting factor innitrification isthe low maximum growth rate of the autotrophic nitrifiers (eqn. 1),
especially during winter. In operation this requires a long sludge residence time (= sludge age) to
prevent washout of autotrophs.Typically, for nitrification thesludge ageshouldbeover20days.
The denitrification process has the attractive potential toremove organics from wastewater without
aeration and at areduced sludge production due tothe lower anoxic yield factor. As mentioned before denitrification requires the presence of three factors: denitrifying heterotrophs, anoxic conditions and RBOS. Denitrifiers are abundantly available in any ASP for total-N removal, and hence
do not deserve special attention. Two different approaches exist for introducing anoxic conditions.
One is to use anoxic zones (e.g. Spies and Seyfried, 1988; Londong, 1992; Nowak and Svardal,
1996; Meyer and Hanke, 1997). This requires plug-flow-like hydraulics, i.e. the presence of a
spacial distribution in the reactor, or multiple reactors in series. The other approach applies intermittent aeration inthereactors tocreate anoxicperiods(e.g. Sasaki etah, 1993).Under anoxicconditions the denitrification rate is mostly RBOS-limited,therefore the RBOS-rich influent is usually
fed to the location where conditions are anoxic. To enable the feeding of all influent to locations
with anoxic conditions the anoxicperiodsapproach isoften implemented in aplant design with two
parallel reactors ran incounterphase (e.g. Thornberg etah, 1993),orcombined with asmall anoxic
zonepreceding the alternating reactor (Wouters-Wasiak etah, 1994;Carucci etah, 1997).NOxaccumulates underaerobic conditions (eqn. 1).Hence incase of applying anoxiczonesalargeinternal
recirculation flow is required tobring NOx from theend of the aerobic zonetothebeginning of the
anoxic zone.Applying anoxicperiodsbrings theanoxic conditions totheNOx.
1.3.1Controlschemes
Three control handles are available in the nitrification process: waste flow rate qw, hydraulic residence time in aerobic zones orperiods, and air flow rate qw in the aerobic phase (Fig. 1).Waste
flow rate qw affects the sludge residence time, and hence the concentration of autotrophs. Settler
design and risk avoidance put fierce constraints to the freedom to manipulate q„. Moreover theresponse time of the sludge inventory to changes in qwis very long (months). Hence qw is unsuitable
foractive control of thenitrification process (Vaccari andChristodoulatos, 1989).Acommonactive
control handle for the nitrification process is the hydraulic residence time in aerobic zonesorperiods, i.e.the size of aerobic zonesor the length of aerobicperiods. It is very general to manipulate
qair in the aerobic phase with the objective to control the measured Dissolved Oxygen (DO) concentration around a fixed setpoint DOR. Usually DOR =2 mg/1, a sufficient value to prevent DOlimitation of nitrification. However somecases arereported wherethe aeration costs arereducedby
introducingcontrolled DO-limitation intheaerobiczone (Sekine etah, 1985;Isaacs,1996).
In principle the anoxic zonesapproach for denitrification introduces two new control handles,these
are the internal recirculation flow rate and the size of the anoxic zone. In the anoxic periods approach two new control handles occur, being the length of the anoxicperiods and, if multiple hydraulically connected reactors are used, the flow schedule through the reactors (Andrews et ah,
1980;Zhaoetah, 1994;Zhaoetah, 1995;Isaacs, 1996;Thomsenetah, 1997).
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The anoxicperiods approach for alternating nitrification/denitrification offers two principal advantagesovertheanoxiczonesapproach.Firstly,itdoesnotrequirethelarge internal recirculation flow
rate with its inherent pumping costs and continuous transport of oxygen to the anoxic phase. Secondly,excitation ofdynamics isinherent totheanoxicperiodsapproach.This offers anideal setting
for (recursive) identification of process dynamics, especially therates of nitrification/denitrification
caneasilybeestimated (e.g. Carstensen etal.,1995).
In both the anoxic zones and the anoxicperiods approach an external carbon source, usually ethanol,maybeaddedtothe anoxicphasetospeedupdenitrification (Sekoulov etal, 1990;Tarnet al,
1992;Isaacs etal, 1995;Lindberg, 1997).This is aneffective, but expensive, approach. Addingan
external carbon source should be the last option as there are additional costs related to the carbon
source addition itself, it causes extra sludge production and it does not exploit the possibility toreduceaeration costsby denitrification.
Feedback control requires the use of sensors to measure the plant's state (Fig. 2).There is a widespread reluctance to use the expensive, maintenance intensive, and failure sensitive measurement
devices for NH4and NOx. This is the driving force behind the use of indirect, incomplete, or even
no, measurements in control of nitrification/denitrification. The most common indirect measurement isORP (Oxidation Reduction Potential) (Sekine etal, 1985;Charpentier etal, 1989;Menardiere et al, 1991; Wouters-Wasiak et al, 1994). Also pH is used as an indirect measurement,
though still scantily (Al-Ghusain et al, 1994; Carucci et al, 1997; Wett et al, 1997). Recently it
was demonstrated that OUR can be used as well (Surmacs-Gorska et al, 1995; Klapwijk et al,
1998). Incomplete measurements are used when alternating the aeration on the basis of measurements of solely NH4 (e.g. Spies and Seyfried, 1988) or solely NOx (e.g. Kayser and Ermel, 1985;
van Dalen, 1993). No measurements are used when alternating the aeration in the anoxic periods
approach on the basis of timeclocks. Its open loopnature makes it cheap but also increases therisk
of gross failures. Obviously the best controller performance can be achieved if both NH4and NOx
aremeasured.
1.3.2Problems
Different strategies for controlling the alternating aeration have evolved. The amazing thing is that
all the alternative control-schemesjust coexist. What is missing is a profound comparison between
the different control-schemes, and a comparison with the best feasible result. Only when the performance loss of the simpler control schemes is known, a balanced trade-off between costs of instrumentation (purchase, maintenance) and loss of performance is possible. A mutual comparison
can easily be carried out in simulation. Drawback of simulations is that the dynamics of both the
sensors and the process need to be modelled. Andeven the best model of the ASP is nothing buta
poor resemblance of the real process. However, a fair experimental comparison of multiple controllers is impossible, not only for financial reasons. Simultaneous experimental testing would require the availability of multiple identical plants in parallel. Sequential testing on one plant would
disrupt the results by changes in process conditions and influent, disabling a mutual comparison.
Hencesimulation isthebest waytocomparedifferent control-schemes.
To enable comparison with the best feasible result, the best feasible result needs to be known. At
the moment it is largely unknown. The best feasible result can be approximated by applying Receding Horizon Optimal Control. As mentioned before, RHOC has not yet been applied in waste-
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water treatment. RHOC requires the availability of a simple internal process model, which should
yield accurate predictions over the control horizon H. Such a model is not yet available for Nremoval in ASP's. For a complicated system like the ASP a simple model is only possible by neglecting large parts of the process dynamics. Large simplifications of dynamics result in timevarying models. Recursive identification of (some of) the model parameters is required to preserve
accuratepredictions from atime-varying model inanon-line situation.
As mentioned before, the anoxicperiods approach offers an ideal setting for (recursive) identificationof therates of nitrification/denitrification. Uptonownoreports areavailable ontheuseofNH4
and NOx sensors for on-line recursive identification of the rates of nitrification and denitrification.
The only known exploitation of this kind of process conditions for estimating process rates is the
useofDOsensors toestimatetherespiration rate (=oxygen uptakerate) (e.g.Suescun etal.,1998).
In particular monitoring of the nitrification rate could be useful in controlling the autotrophic biomass inventory. Nowadays this control is done in an open loop manner, byjust aiming at a large
sludge age andhoping that this suffices tomaintain sufficient autotrophs.Duetothe lack of knowledge with respect totheconcentration of autotrophs it is often reasoned that effluent NH4shouldbe
verylow.Inthat waytheconcentration of autotrophs ismaximized. Inthis operation strategypossiblesignificant improvements inoperational costsandeffluent quality remain unutilized.

1.4 TheuseofDO-sensors and respirometers
The DO-sensor undoubtedly is the most widespread sensor in ASP's. It is generally used in aDO
feedback control loop with a DO-setpoint DOR of usually 2 mg/1. Manipulating the air flow rate
such that DO remains at its setpoint contributes to important costs savings as compared to the historical situation ofjust using aconstant large air flow rate (Flanagan et al, 1977;Corder and Lee,
1984;Evans andLaughton, 1994;Neiva etal, 1996).
1.4.1Stateoftheart
The problem of just controlling DO in aerated reactors at its setpoint has been solved (MarsiliLibelli etal., 1985;Olsson et al, 1985;Rundqwist, 1988;Haarsma and Keesman, 1995;Lindberg
andCarlsson, 1996b).Nowadays theresearch challenges with respect totheuseofDO-sensors concern thecontrol andestimation of variablesdeduced from DOreadings (Olsson andAndrews, 1978;
Tanuma et al, 1985; Chandra et al, 1987; Vargas-Lopez et al, 1989; Brouwer et al, 1998).An
important example is estimation of the respiration rate (Holmberg, 1982; Marsili-Libelli, 1984;
Holmberg etal, 1989),possibly in conjunction with oxygen transfer rate kia (Bocken etal, 1988;
Carlsson and Wigren 1993; Lindberg and Carlsson, 1996a) from DO-sensor readings only. DOsensors alsooccur inrespirometers (e.g. Spanjers, 1993;Spanjers etal., 1998).Even morecomplex
setups are built around the respirometer toidentify sludge kinetics and concentrations of individual
influent components from DO-sensor readings (Vanrolleghem and Verstraete, 1993; Spanjers and
Vanrolleghem, 1994;Reid etal, 1995;Vanrolleghem and Coen, 1995;Wentzel etal, 1995;Brouweretal, 1998).
Also identification of the DO-sensor dynamics itself has been applied. This is useful in monitoring
thewell-functioning of thesensor andreverse filtering of measurements before estimating therespi-
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ration rate from measured DO-transients (Spanjers and Olsson, 1992; Lindberg and Carlsson,
1996a;Suescun etal.,1998).
Spanjers etal.(1994)presented anestimation methodfor ShortTermBiochemical Oxygen Demand
(BODst)using acontinuous flow respirometer. It estimates BODst at a 15minutes sampling interval
with a 15minutes time-delay. This method is potentially interesting for control purposes. After all
BODst is defined as the rapidly degradable part of BOD5. Effluent BOD5 is a sludge independent
measure of the total amount of DO required to oxidize the effluent organics andNH4in thereceiving surface water. Active feedback control of BOD5is impossible because of the 5-days timedelay
inherent toits measurement. When reliable estimates of BODs,are available these may be usedexplicitlyinfeedback control loops,asBODstreflects thecontrollable part ofBOD5.
1.4.2Problems
Improvement of methods for experimental identification of thenon-linear function kLa(qair), i.e.the
relationship between kLa and qair (Fig. 1), will always remain relevant. It is especially valuable in
experimentally evaluating the relationship between kia(qai^)and the design of (newly developed)
aeration equipment, between kLa(qair) and the use of specific carrier materials in aerated reactors
(e.g. Morper, 1994),orbetween kLa(qair)andthepresence of certain detergents intheinfluent. After
all ahigher kiji at a given qairresults in ahigher efficiency of energy usage for aeration, and hence
identification ofkia(qair)for newlydeveloped equipment can yieldimportant salesarguments.
Identification of influent components and sludge kinetics from in-sensor experiments with continuousflow respirometers hasreceived considerable attention inrecent years.Moreover, in view of the
increased attention for respirometry intheIAWQcontext (Spanjers etal., 1998),it istobeexpected
that new approaches for further exploitation of continuous flow respirometers will emerge in the
near future. What deserves more attention is the need to assure the well-functioning of the device
itself.
Spanjers et al. (1994) presented an estimation procedure for BODst using a continuous flow respirometer. The possible benefit of arapid measurement strategy for BODst is clear, but their estimation procedure lacks accuracy. It looks though as if some modifications on their procedure can improvetheaccuracyof theirestimates.

1.5Pilot scaleASP
Alargepart of thisthesisisbased onexperimental results.Allexperiments havebeen carried outat
a pilot scale ASP,belonging to the Environmental Engineering group in our department. The pilot
plant is schematically depicted in Fig. 3. It consists of a 475 1 aerated continuously-mixed reactor
(reactor 2),preceded by a40 1 anoxic continuously-mixed reactor for predenitrification (reactor 1).
Application of the anoxicperiods approach toreactor 2by switching the air flow rate qair on/off is
studied in-depth. Preceding the alternating reactor 2by the anoxic reactor 1enables the feeding of
all influent to locations with anoxic conditions. It combines the anoxic periods approach with the
anoxic zones approach, like in Wouters-Wasiak et al. (1994) and Carucci et al. (1997). This pilot
plant is asimple representation of acarrousel with anoxic predenitrification zone.The main simpli-
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fication isthe absence of a spacial distribution inreactor 2,while in carrousels aclear DO-gradient
mayoccur andinmanycases anoxic zonesmaybeimposed on-purpose.
All on-line measurements
are
conducted in reactor 2. DO is
measured with a
WTW DO-sensor
EO90. The respiration rate r
(Oxygen Uptake
Rate) is measured
using an RA1000
respirometer
(Maontherm
Fig.3,pilot scale activated sludgeprocess.
B.V., Holland).
NH4 and NOx are measured using SKALAR auto-analysers type SA 9000. The continuous flow
sludge sample fed to the analysers is preconditioned by crossflow membrane filtration. In this way
clogging inside the analyzers is prevented. The Mixed Liquor Suspended Solids (sludge) concentration MLSS is measured using a SOLITAX-probe (Dr. Lange). It has experimentally been observed that the effect of air bubbles due to aeration on the MLSS-readings is at most 0.2 g/1.pH is
measured (and controlled in someexperiments) bytheLiquisys CPM 240 (Endress &Hauser).The
temperature Tismeasured byaPT 100.
Presettled municipal influent is drawn off the adjacent fullscale wastewater treatment plant
(WWTP) of the town of Bennekom and fed to the anoxic reactor 1. The influent flow rate qm is
freely adjustable. In many experiments qin isjust adownscaled version of the on-line measured influent flow rate at the adjacent fullscale WWTP.The return sludge flow rate qr is freely manipulat e aswell,in most experiments it isequal tothe average influent flow rate qin.The waste flow rate
qw is manually adjusted such that the measured sludge concentration MLSS in reactor 2 remains
about 3.5 g/1. The airflow rate qair (bubble aeration) in reactor 2 is manipulable between 0 and 6
m3/h. In most experiments reactor 2 is intermittently aerated. During the aerobic periods DO is
controlled toasetpoint of 2mg/1 bythecontrollerpresentedinHaarsma andKeesman(1995).

1.6 Aimsofthis thesis
This thesis is separated in twoparts. In part Ithe main objective istoreduce the lack of knowledge
with respectto(sub)optimality of N-control strategies inalternating reactors.Thisisdoneby
1. Developing an on-line implementable close-to-optimal controller for alternating processes using
measurements of NH4 and NOx. The controller will be tested by means of pilot-plant experiments.
2. The performance of this best feasible controller will then be compared with the most common
existing control strategies. This comparison is conducted in simulation, as that is the only way
toexcludeerroneousconclusions duetoarbitraryevents.
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3. Application of the above procedure will be repeated to a plant design with two hydraulically
connected reactors in parallel. In thiscase the optimal plant design isno longer obvious.Hence
the different operation strategies are simulated to a range of different plant designs within the
above described class. The objective is to find the optimal combinationof process design and
operation.
PartIIof thethesis concerns identification onthebasis ofDO-measurements and respirometry.The
objectives are
4. The development of an identification procedure for the DO-dynamics in ASP reactors. This
identification procedure must amongst others yieldestimatesofkLa.
5. The development of an estimation procedure for BODst and sludge kinetics from in-sensor experiments in continuous flow respirometers. The final scope is to use the estimates in ASPcontrol.
6. Improvement of the operation of continuous flow respirometers by applying diagnosis and
identification to the DO-sensor readings collected from special-purpose in-sensor experiments.
Thebenefit of such procedures is the reduced need for maintenance and the improved accuracy
of themeasuredrespiration ratebythedevice.

1.7 Thesis outline
All chapters in this thesis have been, or will be, published independently (except for chapter 12).
Consequently they can be read independently, the inherent drawback is that some repetition is unavoidable. As a side-effect exact chronological ordering of the steps made during the research is
impossible inthethesis.
Thechaptersin thisthesis aredivided intwoparts.Part I(chapter 2-8)deals with the development
of the best feasible, close-to-optimal adaptive receding horizon optimal controller (RHOC) for Nremoval in a continuously mixed alternating activated sludge process reactor. Subsequently this
controller and the most common existing controllers are mutually compared by means of simulations. In addition the application of the close-to-optimal RHOC controller to a system of two hydraulically connected alternating reactors is simulated for arange of plant designs within thisclass.
Inthiswaythecombination of design andoperation isoptimized.
Part II (chapter 9-11) concerns identification on the basis of DO-measurements and respirometry.
First theDO-dynamics in acontinuously mixed ASPreactor are identified, including the non-linear
relation between kLa and qair. Subsequenly the dynamics of a (DO-sensor based) continuous flow
respirometer areidentified byexciting itsdynamics.
1.7.1 PARTI, N-removalinalternating activatedsludgeprocesses
Chapters 2till 5present the design procedure for the adaptive RHOC for control of NH4and NOx.
Thefirst stepispresented inchapter 4,where it is concluded from an optimal control study that alternating nitrification/denitrification may be optimal, as opposed to simultaneous nitrification/denitrification atlimitingDO-levels.
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In chapter 2 a model for N-removal in alternating ASP's is identified. Limitation to the case of alternatingoperation isjustified by the above-mentioned conclusion in chapter 4. The model should
be computationally efficient, as the model will serve as the internal model (eqn. 4) of the adaptive
RHOC controller to be developed in chapter 5. Model simplicity is achieved by capturing the
slower process dynamics in time-varying model parameters. It is taken into account that the model
structure must be suited for recursive identification of the time-varying model parameters.RHOC,
like any model predictive controller, computes the current controls on the basis of model predictions upto horizon H. Hence the sum of squared 1,2, .., //-step ahead prediction errors is anatural
identification criterion. This idea is applied to NIVNOx measurements collected from reactor 2in
the pilot scale ASP of Fig. 3.Prediction horizon H appears to affect theparameter estimates significantly, supporting theidea that use of this new identification criterion will improve MPC performancein general.
RHOC with this simple model is applied to the pilot plant's alternating reactor in chapter 4. It appeared that the performance of this controller is suboptimal due to inaccurate model predictions.
This was to be expected, as the simplicity of the N-removal model in chapter 2 has been achieved
by capturing the slower process dynamics in the model parameters, while in this stage they arenot
recursively estimated.Theresultsofchapter4illustratethatrecursiveidentification of (someofthe)
model parameters isrequired tokeepthemodel uptodate.
Chapter 3presents the algorithm for recursive identification of those model parameters. The Kalman filter is used, because it has the attractive feature that the filter gain accompanying nonidentifiable parameters (e.g. thenitrification rateduring anoxic periods)increases linearlyintime.It
is proven that this increase of the filter gain will not cause instability during normal process operation.The method performs excellently on real data. The recursively identified model will serve as
the internal model of the adaptive RHOC controller developed in chapter 5. A practically relevant
spin-off is the on-line recursive estimation of the rates of nitrification and denitrification from NH4
andNOxmeasurements.
In chapter 4 optimal control theory is applied to the ASM no.l model (Henze et al., 1987). It appears that, from an N-removal point of view, both alternating nitrification/denitrification and simultaneous nitrification/denitrification at limiting DO-levels might be optimal. Hence, in view of
therisk of sludgebulking at limitingDO-levels, analternating strategy isfavoured. Subsequentlyan
RHOC controller for N-removal in alternating reactors is derived, using the model identified in
chapter 2. The controller successfully passed several tests both in simulation and in pilot plant experiments, but it also appeared that the performance of this controller is suboptimal due to inaccuratemodelpredictions.
Therefore adaptive RHOC is introduced in chapter 5, being the combination of the recursively
identified model in chapter 3 and the RHOC controller in chapter 4.Proofs with respect tothe stability of the resulting control algorithm can not be given, but only one instability scenario was encountered throughout many experiments. This scenario iseasy to prevent and does not occur under
normal operatingconditions.
Chapter 6 presents an l r norm optimal state feedback controller for 2-dimensional linear time invariant (LTI) systems with decoupled dynamics and a single control input. The process of Nremoval in a continuously mixed reactor can be approximated by such a system description, pro-
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vided that the aeration is alternated and the process rates are not NH4/NOx-limited. The motivation
for this research comes from the unusual observation in chapter 4 that the RHOC performance is
nearlyinvariant toitsprediction horizon.
Inchapter 7the three most common control strategies for N-removal in alternating reactors andthe
close-to-optimal controller of chapter 5 are mutually compared by means of simulation. It appears
that three totally different controllers (timer-based, NUt-bounds based and adaptive RHOC) can
achieve amoreorlessequal performance, if tuned optimally. Adaptive RHOC turns out tobesuperior in terms of sensitivity to suboptimal tuning. The timer-based approach is attractive for its simplicity,butverysensitive tosuboptimal tuning.
Chapter 8 describes a simulation study with the scope to optimise the plant design and operation
strategy of alternating activated sludge processes for N-removal with two hydraulically connected
reactors.The methodology is to simulate the application of RHOC to a range of different plant designswithin this class of systems.TheRHOC algorithm is obtained by reformulating the controller
of chapter 4 for a 2-reactors system. It appears that in the optimal process design the two reactors
areplacedin series,while thefirst reactor is about four times as large asthe second one.Aconceptually simplefeedback controller straightforwardly implements theimproved operation strategy.
7.7.2PARTII, identification on thebasisofDO-measurementsandrespirometry
Chapter9presentsagrey-box modellingapproach fortheidentification ofthenonlinearDOdynamics.
Herein, singular value decomposition of the locally available Jacobian matrix, or equivalently eigenvalue decomposition of the parameter covariance matrix, as well as parameter transformation areessential techniques. The use of respiration rate measurements greatly simplifies the modelling procedure.Theapproach is amongst otherscapable of identifying the non-linear function kLa(qair), i.e.the
relationship between theoxygen transfer ratekLaandtheaeration input signal qair.
Chapters 10and 11both deal with excitation of the respiration chamber dynamics in a continuous
flow respirometer with the objective to extract additional information from its dissolved oxygen
(DO) sensor readings. In chapter 10 an effort is made to improve the accuracy of the BODstestimation techniquedevelopedbySpanjers etal. (1994).Contrary toexpectation,theestimatesstill
suffer from unacceptable inaccuracy due to large parameter correlation. However, a slight modification in the measurement strategy is proposed which is expected to enable more accurate estimation.
Theresults of experiments with this modified measurement strategy arereported in chapter 11.The
estimation results convincingly discourage further efforts to identify sludge kinetics and BODst from
this type of experiments, in which the respiration chamber dynamics are excited by alternating the
continuousinflow betweenloadedandendogenoussludge.
Thetwoother objectives of chapter 11are the identification of theDO-sensor dynamics and thedilution rate in a continuous flow respirometer by excitation of the respiration chamber dynamics. Two
separatesimpleproceduresarepresented.Bothproceduresconsistofon-purpose in-sensorexperiments
succeeded by an ordinary least squares estimation step. The feasibility of both objectives is experimentally verified. Large experimental data sets are presented, which strongly advocate theon-line in-
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corporation of both procedures in the everyday operation of therespirometer as tools for autocalibrationandmonitoringofthedevice's well-functioning.

Inchapter 12thoseconclusions drawnintheindividual chapterswhich areof direct relevancetopractitioners are summarized. Moreover someremaining ideas,which Ibelieve are novel and likely tobe
succesfull, areshortlyexpounded inchapter 12aswell.Theideasconcern: 1)MeetingN-total effluent
standardsbypermittingelevatedeffluent NH4;2)Controlexplicitlyaimingatmeetingyearlyaveraged
effluent standards;3)Theuse of pH-measurements for continuous on-line tuningof timersin atimerbasedoperation strategyfor alternatingN-removalinacontinuouslymixedASPreactor.
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2Identification for model predictive control ofbiotechnologicalprocesses,casestudy: nitrogen removal inan activated
sludge process1

2.1Abstract
Identification forcontrol focuses onthe1-stepaheadprediction errors.Model predictive controllers
(MPC) with prediction horizon H compute the current controls using the 1, 2, .., //-step ahead
model predictions. Therefore in identification for MPCthe (weighted) sumof squared 1,2, ..,Hstep ahead prediction errors is a natural identification criterion. To illustrate this idea the ammonium/nitratedynamics inapilot scale activated sludgeprocess areidentified fordifferent //-values,
usingrealmeasurements.Happearstoaffect theparameterestimatessignificantly, supportingtheidea
thatuseofthisnewidentification criterion will improveMPC performance.
Keywords: identification criterion, prediction error, k-step ahead prediction, parameter uncertainty,
predictive control, eigenvalue decomposition, non-linear, biotechnology, wastewater, nitrogen removal

2.2 Introduction
Usually,identification forcontrol focuses onminimising thesumofsquared 1-stepahead prediction
errors. Incase of model predictive control (MPC) with prediction horizon Hthe(weighted) sum of
squared 1,2,..,//-step ahead prediction errors isa more reasonable identification criterion. Inthis
papertheeffect ofHontheidentified model willbeinvestigated.
Inthevastmajority ofMPC applications linearmodelsandquadratic costcriteria areused, allowing
for computationally efficient analytical solutions, thus enabling the control of fast processes
(Soeterboek, 1990;Bitmeadetal., 1990).Incaseofbiotechnological processes, withtimeconstants
ranging from minutes todays,themotiveoflimitedcomputation timeisless relevant. Therefore,in
these applications, important process non-linearities can be included in the model, such that the
MPC willexplicitly accountforthem.
Controlling theconcentrations of ammonium (NH4) andnitrate (NO3) is ahotitem in current days
waste water treatment duetotightening government legislation onnitrogen removal aiming atprotection of aquatic ecosystems. As an application this paper presents the identification of thenonlinearNH4andNO3 dynamics inanactivated sludgepilot plant from DOsetpoint (DOR) and measured NH4 andNO3 concentrations, using thesequence of 1,2, ..,//-step ahead prediction errorsas
* Published byLukasse L.J.S.,Keesman K.J.andStraten G.van(1997) inProc. 11thIFACsymp. onSyst. Ident.,3,
Fukuoka, Japan, pp. 1525-1530(without appendix).
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optimisation criterion, in further research the resulting non-linear model will be used in a model
predictive controller(MPC).

2.3Modelling approach
2.3.1Priorknowledgeand presumptions
Theprior knowledge of continuously stirred, continuously fed biotechnological processes will generallybeavailableintheformofamassbalanceforthestates (XEIR")oftheprocess,
— =K(0)<p(x,u,0)--^•x+-^•x1,,
(1)
dt
^
V
V
where K(0)eR"x' isamatrix of yield coefficients, cp(x,u,9)e Rr is avectorof reaction rates,xmeR"
istheconcentration of xin theinflow, 0E RP isthevector of model parameters, Visthereactor volume and the flow rate q often is an element of the vector of control inputs (ueRs). The general
sampled-datameasurement equation relatesthestatestothemeasured outputs y(k)eRm:
y(*)=g(x(kT), u(kT), kT;Q)+e(*)
(2)
in which e(.)eRm is the so-called "output-error" containing errors from both the modelling and
measurement process.
2.3.2Model identification
Usingthe available apriori knowledge an open-loop identification experiment is designed and carriedout.Subsequently theparameter vector0,belonging tothepriorsetD,isestimatedfrom theiV+1
measurement pointsintheidentification data set,usingthe (weighted) sumof squared 1,2,.., //-step
aheadprediction errors asidentification criterion:
0=argminy(0) =argminY Ve(/t \k-i,Q)TWt(k
0E D

8e£» "

\k-i,Q)

(3)

w

wheretheprediction errorE(k\k-i;.) isdefined as
e{k\k-i,B) = y(k)-j(k\k-i,Q)
The positive definite weighting matrices WiERmx"'enable mutual weighting of the model outputs,
dependingoni.

(4)

Optimising 0 over N successive data points with prediction horizon H requires model integration
over/ samplingintervalsfor eachevaluation of theidentification criterion, with/ givenby
1=-H2 +HN +H 1<H<N
(5)
N2
Itiseasily shown that / has itsmaximum — +1for H =N/2 and itsminimum / =Nfor Heither1
or N. Note that // = 1 amounts to minimising the one-step ahead prediction error, and H =N
amounts to running the model from time 0 over the entire length of the data set without updates
from measurements (output error minimisation). Integrating once overTVtime steps is computationally more efficient than integrating JV times over one time step, therefore initially an acceptable
model withprediction horizon H=Nwillbe determined.
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Acceptance of amodel isbased onthetrade-off between goodness of fit, parameter uncertainty and
model complexity. If necessary, the model structure is modified within the admissible class of
model structures M. As a measure for goodness of fit the (weighted) mean squared error (M) is
used:

M=

„2 L „•i "x«**\ k - i ' Q y w w\ k ~^
—ti + fin + ti

I= i

(6)

t=1

Once a model is accepted, a suitable prediction horizon H for MPC is selected based on the accepted model and knowledge about process disturbances to be controlled by the MPC. Subsequently,theparameters of the accepted model areestimated again usingthenew prediction horizon
H ineqn.3.Finally,themodel with thisnew parametervector willbeusedinMPC.
2.3.3Parameter uncertainty
Uncertainties in parameters estimated from the weighted sum of squared 1,2, ..,//-step aheadprediction errors of non-linear models with m-dimensional output vectors can be locally approximated
around 8 bythecovariance matrix oftheestimates,defined by(see appendix)
/ H N-H-H

2,=

,.

\

( H H N-H+min(i,;)

X £ xirw,x; •21
=i

*=i

A

f H N-H-H

X xfvf&vfjXl•X X x l r ^ x i

„.

\

where X'keKm*pisthelocally availableJacobian matrix
_dy(k\k-i;Q)
x
'~
de
Noticethat ineqn.7 SE€Kmxm isadiagonal matrix with diagonal elements

(7)

(8)

which areused as approximations of thetrue variancea] ,assuming thatN is largeenough andthat
theresiduals e(k;.) areindependent. Thecorrectness ofthis last assumption canbechecked byacorrelation analysis. In practice z(k;.)will never be fully independent, and so Z t(/,/') will alwaysdeviate from a] .However, itis still valid touse S g asatool for mutual comparison of parameteraccuracies,although £. isnolongerthetrueparameter covariance.
Before mutually comparing the elements of E§e Rpxp they aremade relative, i.e. Z s is scaledsuch
that it represents the uncertainty for 8 with all elements equal to 1.This is achieved by using the
fact that
2Ke=KZ s K r
for any KeK*xp, with keM. By defining K as adiagonal matrix with diagonal elements K,,,= 1/8,

(10)

the covariance matrix ER.e l ' " 1 ' is obtained for all elements of 8 scaled to one. Dominant parameter directionscan easily befound byeigenvalue decomposition of Z RS (Bard, 1974),thatis
ErSK&E=A

(11)
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where E is an orthogonal matrix of eigenvectors andAis adiagonal matrix of eigenvalues. Arelatively large value of the7-th eigenvalue Ajj indicates a relatively large uncertainty in the direction
spannedbythey'-thcolumn of E. If element E,yisrelatively large ascompared totheotherelements
in they'-thcolumn of E, parameter 0. is the most uncertain and so the first candidate for parameter
reduction (Lukasse, 1996;Schneider &Munack, 1995).Inthesamewayacombination of relatively
smallAjj andrelatively largeE,jindicates that Qt isthemostcertain parameter.

2.4Identification ofammonium/nitrate dynamics
2.4.1Priorknowledge
TheIAWQmodelno. 1(Henze etal., 1987)isagenerally accepted model for activated sludgeprocesses. With some simplifications of this general model the following state space model can be
formulated forNH4INO3:
d_ NH4
dt NO,

•1 0
C„
1 -1

-NH,

V

^-NH:

W"+q ) NO,
V

NHt(kT)
y(*)=
NO,(kT)

(12)

r

3-NO;3
V

ex{k)
e2(k)

(13)

PNH = f(hydrolysis,ammonification)
DO.
NH,
•X„„/4.33
r -DO,+kn
NHt+km
NO,
•H™,„-ri-XBM/2.&6
'N03 +km ks +Ss
DO. +kn
with as control inputs qm and DOR. Vand q are known constants,
and NHJ", NOsr and 5s are unmeasured disturbances. From earlier
measurements NHj" is known to exhibit an irregular diurnal cycle
with an average of roughly 75 mg/1, extremes of 40 and 100 mg/1,
andhardlyanyhighfrequency components.Allremaining variables
(Table 1) can be regarded as time-varying parameters, where an
important partof thetimevarianceiscausedbyseasonal effects.
•

(14)

^

2.4.2 Experiments
The open loop identification experiment with Dissolved Oxygen
setpoint DOR and influent flow qm as inputs was carried out on an
activated sludge pilot plant with a475 1 reactor fed with presettled
domestic waste water. DO is maintained at DOR by a well-

(15)
Table 1,nominal valuesof
model parameters.
variable
V
XB.a (mgCOD/1)
XBM (mgCOD/1)
Hmax,a (day 1 )
Vmax,h (day 1 )

kDo,a(mg/1)
kD0,i, (mg/1)

km (mg/1)
kN0(mg/1)

value
0.8
90
1450
0.50
8.0
1.3
0.1
1.0
0.15
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performing slave MPC (Haarsma & Keesman, 1995). A series of steps of changing magnitudes is
puton DOR andqm inordertoexcitethenon-linearNH4/NO3 dynamics (eqn. 12andFigs. 1,2).The
choices ofmagnitudes andduration of thesteps arebasedonapriori knowledge.
Itisknown from theliterature thatsimultaneous consumption ofNH4 andNO3 atlimitingDOlevels
only occurs under very specific circumstances (Munch et al., 1996). All practical continuously
mixed plants apply alternatingly nitrification at non-limiting DO levels and denitrification at DO
equal tozero(e.g.Zhaoetal., 1995).Therefore inthis stage noeffort is madetoidentify thenotoriously difficult DO-limitingrange and DOR is only switched between zero and high DO levels (DO
1.5-2 mg/1), i.e.the experimental design focuses on identification for a control strategy with alternating aeration.
NH4and NO3 are measured with a sampling interval of 1min. During the experiment the ammonium and nitrate-analysers performed some auto-calibrations, which caused gaps in the data set
(Figs. 1, 2). This complicates the identification, but is very realistic indeed as many advanced
measurement devicesexhibit this behaviour.
2.4.3Outputerrormodel identification
In the prior model (eqns. 12 - 15) the non-linear production and consumption terms contain the
main uncertainties.Both thetermsPm and CNH (eqn. 12)areknown tobepositively correlated with
DOR, whiletherelatively small termPNHisnot measurable.Therefore PNH willbesettozero,which
isexpected toresult in an underestimation of CNH- TO account for this effect anadditional parameter
(84)isintroduced inthematrix of yieldcoefficients, allowingfor asystematic deviation betweenNH4
consumption and NO3 production. As also Ssis not measurable, but known to be positively correS
latedwith qm, theterm
— ineqn. 15isreplaced byqm. Parameterproducts in CNHand CNO are
ks +Ss
lumped together (81 and 63), since they are known to be structurally non-identifiable. 82 accounts
for deviations between thetrueNH4"1 andthemodel constant NHj".
The Monod kinetic function for DOR in eqn. 14 is replaced by a Blackman (1/0) kinetic model,
which linearizesthedynamic modelfor DOR <DOmax, therangeoffuture application. From themeasNH
urements it is clear thatkNH in the term
— (eqn. 14)is very small, as its expected slowing
NHi+kNH
effect on

during decreasingNH4 cannot beseen inthe data (Figs. 1,2around t=9handt=
dt
18h),the same holds for kN0.The experimental design is such that kDo,h cannot be identified from
these data. So the data contain insufficient information for estimation of k^H, &/voand kuo.h and
therefore they arefixed atreasonably smallvalues.

In the second state equation (eqn. 12) there are the terms qrN03rIVand -qrN03/Voriginating from
the presence of the sludge recycle flow qr. N03r varies in an unknown way, but on average it is
moreor lessequal toNO3. The combined effect of thetwoterms isrelatively small when compared
to CNHand C^o, soonlyasmall errorisintroducedbyomittingboth terms.
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From prior knowledge DOmax is known to have a value around 2.0 mg/1.The identification experiment wasnot designed to identify DOmax exactly, but to get an indication. The fit on the cross validation data, discussed below,improvesbyreducing DOmax from 2.0 to 1.5 mg/1,whilethefit onthe
identification dataisinvariant underthischange,soDOmaxisfixed atavalueof 1.5mg/1.
Atimedelay (A)is observed between inputs and outputs (Fig. 1at t = 5hand Fig. 2at t= 15h).It
is known to be caused mainly by the measurement devices and so Ais introduced in the output
equation. It has been found that the two analysers produce more or less equal time delays, hence
onlyonetimedelayisintroducedinthemeasurementequations.
Concluding,with themodifications outlined abovethefinal modelfor identification is
d_
dt NO,

-1

0 \C,
1 C„

V

•NH,

a
«-NO,
V

'NH

"l '

*-NO

"3 '

1

NH.
NHt +kNH

DOs(t)/DOm

DOR+kDOM

NO,
N03+kNO

NHt(kT-A)
'?,(*)'
NO,(kT-A)
*(*)
withtheconstants given inTable2.

M =0.6751(mg/1)

8 =[0.0778 0.6656 0.0757 1.4040]T
2 a = 1.0e-004*
e

0.0022 0.0039 0.0000 -0.0253
0.0039 0.0156
0 -0.0530
0.0000
0 0.0033 0.0001
-0.0253 -0.0530 0.0001 0.5706
-0.1746
0.9830
-0.0001
0.0566

(17)
(18)
(19)

e2{k)

2

-0.7555
-0.1706
0.0303
0.6318

(16)

o

DOR(t)>DOmm
DOR(t)<DOm

Theoutputerrorestimation resultsaregiven by:

0.6310
0.0676
-0.0014
0.7729

B^NH:

Table2,model constants.
variable
NH4m(mg/1)
V(l)
q (1/min)
A (min)
kNH(mg/1)
kN0(mg/1)
kDO.h (mg/1)
DOmax (mg/1)

value
75
475
0.7
25
0.0685
0.08
0.09
1.5

-0.0237
-0.0053
-0.9995
0.0181

diag(A)= 1.0e-004* [0.0957 0.5814 0.0184 0.5702]
The diagonal elements of A andM found for this model structure are both small. So a good model
fit (Fig. 1) is combined with accurate parameter estimates. The third element of diag(A) is the
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smallest, consequently the third column ofE contains the dominant direction in the parameter
space.Clearlythisdirection ishighlydominated by 02,hence82dominates themodel behaviour.
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In across validation test thefitis distinctly worse (compare Figs. 1and 2).Itis likely that this is
caused by adecrease in disturbance input NH4",resulting in the faster increase ofsimulated NH4
than measuredNH4 inthefirst five hours of thecross validation data set.From thisobservation itis
clear that the fit to the cross validation data can be largely improved by reducing 02(eqn. 16).Obviously,itwould be preferable to measure the actual inputNH/1 which would eliminate thehighly
sensitive 92 entirely, unfortunately this was technically infeasible during the experiments. This,together with the reasonable model structure from amechanistic point of view, makes the model acceptable.
2.4.4Effectofpredictionhorizon onmodelparameters
In order to investigate the effect ofH on the1.4
parameter estimates forthe model structure
given ineqns. 16-19,0hasbeen estimated for
Hranging from 1to 600 min with all weight- 12
ing matrices Wiequal toI (Figs. 3,4).In Fig. ,,
3 0 is only plotted for H up to 250, as larger
H does not show much change. Fig.3is
highly interesting asitshows that the current 09
model structure issuitable when using a prediction horizon from about 10minuteson,
while for H<10especially 03 and 04 contain
a large uncertainty and so one should look for
a better model structure. The most obvious
step would be tocheck the noise correlation Fig.3,nominal 0 with 2a-boundsasfunction ofH.
H(min)

functions andifnecessary addanoise model. All elements of0 depend significantly on //, so for
this example it is relevant to use as identification criterion the sum of squared 1,2, ..,//-step ahead
prediction errors(eqn.3)insteadofjustthe 1-stepaheadprediction error.

20

"
"

Control and Identification inActivated Sludge Processes

26

The mean squared error M is plotted in Fig. 4. Notice the rapid increase of M in case more-step-ahead
predictions are made with the optimal 0 for H=l.
The positive trend in Fig. 4 is obvious: the further
into the future a prediction is made the larger the
prediction error. It can be shown that the decreases
for both H e [200, 300] and H e [450, 550] are effects ofthegaps inthedata set.

2.5Discussion
Biotechnological processes characteristically exhibit
Fig.4,mean squared errorMfor 6estimated
time-varying dynamics. An obvious way to tackle
withH- 1(-.) andminimal M (-) asafuncthis in an MPC context is updating the model by
tionofH.
means of on-line recursive identification. However
minimisingthe sumof squared 1,2,..,//-step aheadprediction errors (eqn.3)for non-linear models
can be computationally very involving due to the large number of integrations required in each iteration of the optimisation routine. A gradient based optimisation algorithm, which for non-linear
models always has to determine the gradient numerically, needs to integrate the model over
(p+l)(H2+HN+H) sampling intervals per iteration, with p the dimension of 9. Therefore in an onlinerealisation thecombination ofp, H and the number of optimisation iterations at each time step
islargely limitedbytheavailablecomputation timepersampling interval.
Although not used in this paper the weights Wjenable mutual weighting of the /-step ahead predictionsfor ie[l, .., //]. It has been argued that in MPC the current control input u(k) is computed on
thebasis of theprediction sequence y(k +11k,.),.., y(k +H \k,.). However, it is reasonable toexpect that u(£) depends stronger on y(k +11&,.) than on y(k +H \k,.), which can be expressed in
theidentification phase byapplying aseries of decreasing weighting matrices Wj. This weightingis
likely to have a positive effect on the final MPC performance. The question of how to choose the
seriesof weighting matricesWiremains.

2.6 Conclusions
Itwas argued that in model identification for MPC with prediction horizon Hthe sum of squared 1,
2, ..,//-step aheadprediction errors (eqn. 3) is abetter identification criterion than the 1-stepahead
prediction error, because the 1,2, ..,//-step ahead predictions of the model are used to compute the
current controls. In the example of ammonium/nitrate dynamics in an activated sludge process the
value of H significantly affects theparameter estimate 0. Hence, it is reasonable to expect that the
use of the (weighted) sum of squared 1,2, .., //-step ahead prediction errors as identification criterion improves MPC performance. Whether this improvement is worth the extra effort depends on
manyfactors andwill vary from casetocase.
Acknowledgements:Theexperimental work wasdonebyM.Bloemen.Thisresearch was supported
bytheTechnology Foundation (STW)under grant no.WBI44.3275.
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2.8Appendix 1, covariance for multi-output model parameter estimates
minimizing the (weighted)sumofsquared 1,2,..,//-step ahead prediction
errors.
The general non-linear weighted least squares estimation problem can be locally linearized around
theestimate 0 toobtain
mmJ(Q) = e(k;Q)TRt(k;Q)
9

(A.l)

subject to
e0fc;9)=y(*)-y(*;e)
y(*,9)=X(*)e
where Xis the locally available matrix of regression variables and R is apositive definite symmetric weighting matrix. The covariance matrix related to the weighted least squares parameter estimateisgivenby(Eykhoff, 1974)
2- =(X r RX)-'X r RNRX(X 7 'RX)-'
whereNisthenoisecovariance matrix
N=E{e(k)-e(kf}
Byproperdefinition of Xandytheexpression for thecovariancematrix (eqn. A.4)canbeextended
to this paper's case of minimization of the (weighted) sum of squared 1,2, .., //-step ahead prediction errors from adata set containing N measurement points from an m-dimensional output system.
Define

(A.2)
(A.3)

(A.4)
(A.5)
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y(0
:

y=

(A.6)

y':=
y(N-H +i)
mx

j

m(W H+1)x

where y(k)e K \ y £R
matrix Xyields

"x1"

x;
X':=

X"

"

' andyeor"(AW/+1)x ' . Applying the same ordering tothe Jacobian

x,

_dy(k\k-i;Q)_
(39

'ff,(fc|*-t;9)
<&,

d$x(k\k-i;BY
<&„

ff,(*|*-i;6)ffw(*|*-i;9)

(A.7)

_N-H-H_

where X;eKmxp, XjeiRm(Ar-H+1)XPandXer ^ * 1 " " ' . Further,define R asablock diagonal matrix
suchthat
blockdiag(R) :=[Wi ...W, W 2 ... WH-iWH ...WH]
with Wi6IRm xm the weighting matrix on the i'-step ahead prediction in the identification criterion
(eqn.3).Now,usingthe abovedefinitions, thetermXTRXineqn.A.4canbereformulated as
"W,
0
X1
w,
X'
X r RX
^SExfw^
X"
X"
w„

(A.8)

W„
To analyze the remaining term X RNRX observe that N will always be non-diagonal because y(k)
appears more than once in y. Let ECERmxm be the covariance matrix of the measurement noise on
y(k), i.e. incaseof independent whitemeasurement noise
a]
0
T
2c=E{e(k)-e(k) } =

(A.9)

0
where o* canbeapproximatedby

J Je;(*|*-i,9)2
thenZe appears inNin aregularpattern.ForexampleifN=4andH= 2then

(A.10)
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y(2)
y(3)
y=
y(2)
y(3)
y(4).

0

2e
0
0
N=
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(A.11)

Because R and N are sparse matrices the computation of XTRNRX can be made more efficient by
summation over the submatrix-products. It requires just some ordinary matrix manipulations to
showthat
H H Af-H+min(i,j)

XTRNRX =£ ] T

J)

X[ W.Z.WjXi

(A.12)

(=1 j - \ k=m&\(i,j)

Substitutingeqns.A.8andA.12intoeqn. A.4yields
( H N-H+i

2,=

_

VY "

H

W-H+min(i.»

,,

V W JV-//-H

E l x f w x XS S xirw^w^MX £x;rw,x;
) y 1=1 ;=1 *=iraK(i,j)

Sothis istheexpression for parametercovariance incase theestimated parameter vector minimizes
the(weighted) sumof squared 1,2,..,//-step aheadprediction errors.

(A.13)
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3Arecursively identified modelfor short-term predictionsof
NH4/N03-concentrations in alternating activated sludge
processes1

3.1 Abstract
One of the stumbling blocks in the operation of alternatingly aerated activated sludge processes
(ASP's)for nitrogen removal isthelimited knowledgeof both thevaryinginfluent composition and
the complex dynamics of the biological process. This paper presents a simple physical N-removal
model for alternatingly aerated, continuously mixed ASP's.The simplicity is achieved by capturing
theslowerprocess dynamics inrecursively estimated time-varying model parameters.Both seasonal
and diurnal parameter variations are tracked. Also the influent ammonium concentration is treated
as arecursively estimated model parameter. The method performs excellently on real data collected
from an alternatingly aerated pilot scale ASP fed with municipal wastewater. Simulation of theresulting time-varying model yields accurate and computationally cheap predictions of ammonium
and nitrate concentrations in the specific plant under operation over the next hours. Simulation for
different control input scenario's can be used to optimize process performance, either manually by
operators or automatically by model based optimizing controllers. Another possible application is
optimization of thesludge (biomass)concentration, astheestimated parameters contain information
regarding process load and concentrations and activities of the N-removing biomass. From this information itcan becomputed whether thereisanexcess/shortage of sludgeinthereactor.
Keywords: activated sludge process, alternating aeration, control, Kalman filter, model, nitrogen
removal,nonlinear, optimization,recursiveestimation, stability.

3.2 Introduction
In the Netherlands, a law (Lozingenbesluit Wvo stedelijk afvalwater, 1996) enforces the introduction of nitrogen removal, with both nitrification and denitrification, in all municipal waste water
treatment plants. The same applies to many other areas in the European Union (EU-directive
91/271/EEG)andotherparts of the world. Operation strategies for ASP's with both nitrification and
denitrification are still evolving1"2. One of the stumbling blocks is the limited process knowledge.
Strong diurnal and seasonal variations occur both ininfluent flow, influent composition and inprocess dynamics. Important causes of these variations are the characteristic life pattern of the connected households, rainfall and temperature variations . Besides these variations in one plant, all
plants differ from each other.Each individual plantcontains aunique influent characteristic andmicro-organism population. What can give an important contribution to the optimization of process
f

published byL.J.S.Lukasse, K.J. Keesman and G. van Straten inJournal of Process Control, 9, 1998,pp. 87-100.
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operation is a simple model, capable of yielding accurate predictions of the ammonium (NH4) and
nitrate (NO3) concentrations during the next hours.Simulation of such a model for different control
input scenario'scanbe used todetermine the most suitablecontrol input. Selection of themost suitable control input can be done either manually by operators or automatically by model based optimizingcontrollers ,4-5
The objective of this study is to develop a simple physical model for accurate predictions of the
NHj/NC^-concentrations in one alternatingly aerated, continuously mixed ASP during the next
hours.In manycasesN-removal takesplacein this alternating type of process6"9. Asimple physical
model is possible by replacing the complex, relatively slow and uncertain dynamics of the sludge
inventory by time-varying model parameters. The alternating operation guarantees cyclical variations of ammonium (NH4) and nitrate (NO3) and hence excitation of process dynamics. This is a
good setting for recursive estimation of model parameters.Therecursive estimator must provide up
to date estimates of the time-varying model parameters: influent NH4(NH?), maximum nitrificationrate{CsH.max} andmaximum denitrification rate (CNo.max)There is a number of papers available on the estimation of Cm.maxfromin-sensor experiments.
Most of them are respirometry-based10"13, but also other measurement principles have been proposed14. The major drawbacks of these approaches are 1)thelarge number of pitfalls in the translation from sensorreadings toestimates of CuH.max inthereactor, and 2)the useof complicated measurement devices, that have hardly found acceptance outside the academic world. In the literature
thereisonlyonereportonrecursiveestimation of Cm.maJCm.max from NH4INO3 measurements15.It
concerns thedecoupled estimation of CnH.maxfromparts of theNH4measurements and CNo.max from
parts of theNO3 measurements in the unusual ASP layout of two alternating tanks in parallel. That
method cannot be applied to the common one tank ASP system, because it mainly uses data from
one tank in periods that its influent flow is zero, which is an unusual situation in the common one
tank ASPsystem.Hence,the methodof thispaperoffers anew possibility for thecommon onetank
ASPsystem.Itusesonecombined recursive estimator for all threeparameters, including NH™, and
itutilizes allmeasurements from standardNH4IN03-sensors.

3.3Processmodel
In earlier work16 identification experiments were conducted on the alternating reactor of a pilot
scale ASP. In the alternating reactor the airflow is manipulated by a dissolved oxygen (DO) controller, thatreceives its alternating setpoint (DOR)from ahigherlevel N-controller (Fig. 1).Inthese
experiments it was found that the major part of theNH4/N03-dynamics in alternating ASP's onthe
time scale of interest (hours) can be explained by only three processes: the reactor's influent load,
nitrification and denitrification. Nitrification is the transformation of NH4 into N03 under aerobic
conditions. Denitrification is the transformation of N03 into N2-gas under anoxic conditions.
Hence,thecombinedNH4/N03-balances inalternatingly aeratedreactorscanbemodeledas
NHt
NO,

NH4
NO,

-C

c +c

u+ V

-NH:

-c

(i)
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(2)

(3)
(4)

with
d, e2 =noiseonmeasurements ofrespectivelyNH4 andNO3.
ME {0, 1}i.e. {anoxic (dissolved oxygen setpoint DOR - 0mg/1),aerobic (DOR =3 mg/1)}
V=reactor volume (475 1)
d - measurement time delay rounded off at whole sampling intervals (4 sampling intervals).
qm = influent flow, onsomeplantscontrol input,onotherplantsdisturbance input(1/min).
NH4"- influent NH4concentration (mg/1).
CNH.max- max.consumption rateofNH4 (mg/l.min).
CNo.max=max.consumption rateofNO3 (mg/l.min).
In eqn. 1the term q'"NH^ represents the reactor's influent load, CNHU represents nitrification and
CN0(l-u) represents denitrification. The model is extremely simple in comparison to the generally
accepted ASM no. 1 model17. The simplification is justified as basically only four time-varying
slopes determine the system behaviour (Fig.4).Due to the alternating process operation simultaneous nitrification/denitrification will only occur during the transient from aerobic to anoxic phases
and viceversa. These transients typically take acouple of minutes,while onephase lasts at least 20
minutes. So the transients are negligible and it isjustified to assume DO =DOR instead of modelling the region of DO-limited process rates (0<DO<3mg/1).It was also observed that the regionof
substrate limited process rates is very small.Consequently, the process ishardly operated inthisregion. Therefore the generally used Monod kinetics can be replaced byhard switching functions, i.e.
nitrification is maximal ifNH4> 0 and equal to the influent load if NH4= 0 (eqn. 2), and denitrification is maximal if NO3 >0 and zero if NO3 - 0 (eqn. 3). The remaining simplifications are the
slower or less significant process mechanisms related to growth of biomass. These changes areaccounted for by recursive estimation of the model parameters Cm.max and Cm.max- Also NH4" is
known to exhibit strong variations. Hence, the parameter vector for recursive identification is defined as
9 := [NH4

CNH.max CNO.max]

Since most recursive parameter estimation techniques are based on discrete-time models, the Nremoval model is discretized. The Equivalent Discrete time System1 of the continuous timenitrogenremoval model (eqns. 1 -4),after elimination ofthestatevariablesNH4andNO3, isgivenby
q'"(t-rf).

_y2(k+l)
with theJacobian

+ X(k)Q(k)

(5)
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dy(k+\\k) _\-e
X(*)=
q'"(k-d)
de

Xu(k)
X2l(k)

Xn(k)
X22(k)

Xu(k)
X2,(k)

(6)

where Tis the sampling interval (5min).Theelements Xu(k),.., X2i(k) ineqn. 6aredefined inTabid.
Table 1,XU,..JC23 inJacobian X(eqn.6)in allpossibleoperatingmodes.

X„(k)
{y(*+l),y(A:)}>0
{y,(k+l),yi(k)}=0
{y2(k+l),y2(k)}=0

m

q (k-d)
V
0
qin(k-d)
V

X12(k)
-u(k-d)

X,3(k)
0

0

0

-u{k-d)

0

X21(k)
0

X22(k)
u(k-d)

X23(k)
u{k-d)-\

0

u(k-d)-\

0

0

qin{k-d)
V
0

3.4Recursive parameter estimation
Theparameter time-variance ismodeled asarandom walk, such thatbyincluding eqn. 5thecomplete
state-spacemodel forthisapplication becomes
d(k+1)=Q(k)+y/{k)
q'"(k-d)T

(7)

y(k +l)-e v y(k) = X(k)Q(k)+\(k)
where0e W, ye DT, w£ W andve K",inthisapplicationp = 3and n- 2.The vectors v/(k) and
v(£)areindependent Gaussian distributed white noise sequences. The random walk assumption is a
common choice when prior knowledge about the nature ofparameter changes ispoor. The wellknown Kalman filter19 ischosen to recursively estimate the time-varying parameter vector 0. This
filter has the attractive property that the filter gain varies as afunction of the Jacobian X, whichis
directly related totheparameter observability. Moreover it directly takes into account the uncertaintiesinthestate andobservation equations,reflected bywand v.TheKalman filter isgivenby
0(k) =Q(k-1)+h(k)e(k, Q(k-1))
L(k) =Y(k- l)XT(k){R(k) +X(k)Y(k - ^ X 7 ^ ) } " 1
T

(8)
T

P(k) =P(k-1)+Q(k)-P(k- l)X (k){R(k) +X(k)P(k - l)X (k)}"' X(k)P(k -1)
with theprediction error
e(£,9(*-l)) =y ( * ) - y ( * | * - l )
andthepredicted output
q'"q-,l-l)T

(9)

y(k\k-l) =e v y(k-l) +X(k-l)Q(k-l)
(10)
The Kalman filter has three positive definite matrices which need to be initialized: P(0), Q and R.
Theoretically Q =E{w(£)w(£)T}e Rpxp is the parameter random walk covariance matrix, and R=
E{v(£)v(&) }e W™isthe measurement noise covariance matrix ineqn. 7.With this tuning the
Kalman filter would yieldthemaximum likelihood estimate ofQ(k), if themodel structureineqn.7is
correct.However, inpracticethis last condition is usually not met and therefore Q and R loosetheir
theoretical meaning and aretreated asordinarytuningmatrices.
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Typically P(0), Q and R are diagonal matrices, unless one has prior knowledge about parameter or
measurement error correlations. P(0) is usually set at I*106, with I the unity matrix, a very large
value allowing for fast initial convergence andmakinganaccurateinitial guess 0(0) redundant . A
reasonable value for R can be obtained byevaluating the noise on the measurement signals.In this
study the measurement noise is very small for both outputs (Fig. 3, 4), so R is a diagonal matrix
whose diagonal elements get very small values. Most heuristics are involved in setting Q. Its elements aresetinproportion toeach other, usingpriorknowledge of the variability of theelementsof
9,but alsoinproportion to theelements of R. Typically, increasing element Q„improves the trackingof8„butalsoincreases themeasurement noise sensitivity of 0,.
As can be seen from Table 1the Jacobian X(k) can take four forms as the system can switch between four different modes: {y(fc+l), y(k)} >0under either aerobic or anoxic conditions, {y;(£+l),
y,(k)} = 0 under aerobic conditions and {y2(k+l),y2(&)}= 0 under anoxic conditions. So the nonlinear system inthis studycanbe regarded as asystem alternating between four different linearsystems. For this application the system in eqn. 7 is unobservable in all four linear modes, as it isobservable if and only if rank([X |XI | ...|XF"1]7) =p, where X is the Jacobian defined in eqn. 6.A
detailed study unravelled that in each of the four linear modes the elements of P corresponding to
the unobservable elements of 0 will increase linearly (Appendix 1).Obviously this will cause alinear increase in some of the elements of L as well (eqn. 8b).This increase makes the Kalman filter
superiortoarecursive estimator withfixed gain,asitcorrectly reflects the decreasing confidence in
theestimate of atime-varying parameter if nonew information iscollected from which its estimate
may be updated. In eqn. 8c the linear increase in P is counteracted by a quadratic decrease if 0 is
observable.Due to the facts that each individual parameter in this paper's application is observable
in at least one of the four modes and that the system regularly switches between these modes, all
elements of P and L will remain reasonably small.It is shown in Appendix 1that the system must
remain inonesinglemodefor atleast ayearbefore elementsof Preach thevalue 10 .Asthesystem
typicallyremainsinonemodefor atmost acoupleof hours,this valuewillneverbereached.
Toevaluate thestabilityproperties of therecursiveestimator, substituteeqns.7b,9and 10intoeqn.
8a.Thisyieldsthedifference equation describing theparameterestimate evolution:
§(*)=(I- L(k)X(k -1))6(*-1)+L(k)X(k - 1)G(*-1)+L(k)\(k -1)
(11)
Subtract eqn. 11from eqn. 7a to get the difference equation describing the estimation error evolution:
e(jfc)=6()fc)- B(k)=(I- L(*)X(*- l))e(it-1)+w(*-1)- L(k)\(k -1)
(12)
Thefollowing theorem appliestothetwoprecedingequations.
Theorem21: Asufficient condition for convergence oftheKalman filter toasteady-state gain L that
stabilises eqns. 11 and 12 is that the system to which it is applied (eqn. 7) is controllable and observable.
Thesystemineqn.7iscontrollable, asrank([I |l'l |... |I p l I]) =p. Unfortunately, itis unobservable
in allfour linearmodes,asmentioned before. Sothetheorem guarantees no stability ofeqns. 11and
12.Therefore amoredetailed studyofthestabilitycharacteristics isrequired.
InAppendix 1 itisshownthatthesystem ineqn.7can alwaysbewritten inthe form
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X(k) = [Xt(k) 0] and L(/t) =

0
with X\{k) the full rank Jacobian of the observable subsystem in eqn. 7 and 0 the Jacobian of the
unobservable subsystem. Asaresult
L,(*)X 1 (*-1)
L(/t)X(*-l)=
0
Stability of eqns. 11 and 12 requires the eigenvalues of the matrix I-L(£)X(&-1) to have absolute
valueslessthan one(theedgeof stabilityfor discretetimesystems),i.e.
|X(I-L(*)X(*-1))|<1

(13)

(14)

whereX(.)eW denotes the set of eigenvalues of the matrix l-L,(k)X(k-l). By substituting eqn. 13in
theequation abovetheeigenvalues ofeqns. 11and 12aregiven by
I, 0
L,(/fc)X,(A:-l) 0
X(I-L(*)X(*-1)) =X
=X(I.-L.(*)X 1 (*-l))uX(I 2 )
0
0
0 I,

(15)

Clearly, theeigenvalues are aunion of theeigenvalues of the observable and the unobservable subsystems.The Kalman filter stabilises theobservable subsystem dueto the theorem. The eigenvalues
of the unobservable subsystem take the value 1, which makes it unstable. The unstable modes in
eqn. 11remain constant asboth Xj(k) andL2W are0,meaning that if aparameter isnot observable
thenitsestimateremainsconstant.Theaccompanying unstablemodesine(&)(eqn. 12)aredrivenby
w(&),asL,2(k) = 0(eqn. 7).Sochangesin theunstable modes ofe(k)originate from changes in &(k).
From physical knowledge Q(k) is known to be bounded, so e(k) is bounded. Summarising, the asymptotic instability of eqns. 11and 12originates from constant elements of &(k) in phases where
theseelements areunobservable, while 0varies.Clearly, this typeof instability is totally acceptable
for this application.

3.5Application toreal measurements
Experimental
data
were collected from
an alternatingly aerated pilot scale ASP
(Fig. 1) with continuously mixed aeration
tank (V = 475 1,
MLSS = 3.5 g/1),
continuously fed with
presettled municipal
waste water. NH4and
NO3 in the aeration
tank are measured by
means of SKALAR
auto-analyzers type
SA 9000. DO is

N-ctrl
influent

DO,

1
NH4
NO,

DO-ctrl
DO
settler

Hr

effluent
an./aer.

-HX-ctrl

A

-%Fig. 1,schemeof ASPpilot plant withcascaded controllers for NandDO.

wastage
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tightly controlled at a setpoint alternating between 0 and 3 mg/1using the airflow as manipulated
variable. The data resulting from two of the experiments are shown in Figs. 2 - 4 . During both experimentspHremained rather constant at avalue
of 7. In the first data set (Figs. 2, 3) qin is a
downscaled version of the measured influent
flow at the adjacent full-scale wastewater treatment plant. The large jumps in qm (Fig. 2) are
due to the on/off switching of pumps at the fullscale wastewater treatment plant. In the second
data set (Fig. 4) q'n is kept constant at 48 1/h. In
both experiments an N-controller was used to
keepNH4low, but above zero.Clearly, thiscontroller did not perform as expected during the
second experiment (Fig. 4), but the data set is
interesting from a recursive identification point
of view. The time axes in Figs. 2 - 4 are such
thatmultiples of 24hcoincide with midnight.
Fig.2,input signals applied duringexperiment 1.
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Fig.3,prediction resultsforexperiment 1 (calibration phasesindicated byfat overbar).

30
time(h)

35

40

Fig.4,prediction resultsfor experiment 2(q'n =
481/h, calibration phasesindicatedbyfat overbar).

The validity of the data is first tested before they
areused intherecursive estimation scheme toprevent the recursive estimator from poorresultsdue
totheuseof unreliable measurements.There arethreecases inwhich measurement y,(fc), ie {1,2},
isjudged invalid:
1.Duringanalyzer auto-calibration:
Vi(k)eC={y,{k)e R\ kincalibration period}
2. When NH4or NO3is depleted {i.e.close to zero), and analyzer is not in calibration (in this
situation it is likely that y&k) actually is 0, but due to a little offset the analyzer gives a signal nonequalto0):

45
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yi{k)eD={yi{k)e

R\yi(k)eC; y(*)<

0.5
0.3

;|y(*)-y(*-l)|<

0.5
7.0

10"3}

(16)

Fortherarecases that depletion starts somewhere in the sampling interval, i.e. {y,{k-l)>0, yi(k)=0},
X(k-l) issettozeroasitisunknown whendepletion startedandhence 8 shouldremain unchanged.
3.When ameasurement isfar off from itsexpected value itisunreliable,i.e. anoutlier:
R\yi(k),yi(k-l)eC;yi(k)£ y , ( * | * - l ) +e;(*)±/*(*)•*,(*)}
(17)
yi(k)eO={yi(k)€
In the outlier test the terms e(£), /5(k) and o(k) are the outputs of an outlier detection filter19,
givenby
E(k)=(l-a)E(k-l) +ae(k)
(18)
o2(k) =(l-a)o2(k-l)
+a-diag((E(k)-E(k))(t(k)-E(k))T)
(19)
/3(ifc)=( l - « ) / ? ( * - l ) +a/3(oo)
(20)
withforgetting factor ae [0,1].Thedifference equation for /?isused toenable startup,characteristicallyl%0)>(K°°)>2. Inthisstudythevalues ct=0.1,;8(0)=15andf%°°)=3 proved satisfactory.
Table 2contains a schematic presentation of the way unreliable measurements are handled. Notice
thatincreasing/?,,resultsinanincreasedcovariance P(&)(eqn. 8),reflecting thedecreased reliability
o W( - 1 ) .

Table2,special actionsinunusual situations.
situation

action

y,<k) € C

e,{k\k-l) =0,Rii = ll06

y,ik) € D

y,(k\k-i)

yiik) e O

et(k\k-l) = 0 (in eqn. 8,not in eqns. 18-20), Ru =1106

yi(k-l) e C

^.(ifc-1)= y.(k -11 k - 2) ,Ei (k\k-\) = 0,Ru= 1 106

yi(k-l) 6 O

_y,(M)= y,(k -11 k -2), £,(k\k-l) =0, Ru = 1 106

=o

# i ) e O , # ) e D X(/fe-l) =0, R =I10 6

#D«A#)e

D

X(it-l)=0,R = r i 0 6

[ym,y,<k-l)}eC

evolution of outlier testing filter (eqns. 18-20) halted

y,(*|*-l)<0

y,(k\k-l)=0

3.6Results &Discussion
The Kalman filter tuning matrices P(0), Q and R are set according to the earlier discussed strategy,
usingdata set 1(Figs. 2,3).The tuning of Q is based on the knowledge that NH™ usually exhibits
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diurnal variations. CNo.max is related to the Readily Biodegradable Organic Substrate (RBOS) concentration in the reactor, which is likely to be subject to diurnal variations as well. So the influent
related ft and the RBOS related ft will usually fluctuate a lot faster than the sludge related ft.
Therefore Qwand£>33 aregiven adistinctly largervaluethan 222-Obviously, thischoiceeffects the
frequency content of theparameter estimates.Thediagonals of the three resulting diagonal matrices
aresetto
diag(Q)= [10510"7MO"5],diag(R) = [0.10.1],diag(P(0))= [1 11] 106
Contrary toexpectation, the influent related parameter NH" does not show much diurnal variation
(Figs. 5 and 6). This is probably due to the attenuation of diurnal influent cycli in an overdimensioned presettler, which isusuallynotpresent atfull-scale plants.
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As expected, the estimated C^H.max shows little
variation on ashort time scale (Figs. 5and6),but aclearchange isobserved on alarger timescale:
CNHmm estimated from data set 1is distinctly smaller than from data set 2(compare Figs. 5and6).
This demonstrates a lower concentration and/or activity of nitrifying biomass during the first experiment, which had been carriedoutoneyearbefore thesecond experiment.
Adiurnal variation isobservable in CNo.max in both data sets, it consistently reaches its minimum at
about noon,just after theend of thelow loaded part of the day.Candidate explanations for thisphenomenon have to use quantities that show equal diurnal cycles during both experiments. Only two
such signals have been observed: both the percentage of aerobic time is low and the diurnal NO3cycle reaches its minimum during the hours preceding the lowest CN0max. Limitation due to low
NO3 is unlikely, asNO3 remains above 4mg/1in data set 2,and it would contradict with the earlier
identification experiments16 if the availability of NO3 limits the denitrification rate at these values.
So the little aerobic time is the only plausible explanation for the reduced Cso.max- It is known that
the anoxic hydrolysis rate is lower than the aerobic one.As aconsequence, aperiod with little aerobic time results in reduced RBOS in the reactor, and this induces a lower Cuo.max- However, be
aware that this explanation is a hypothesis, and it is beyond the scope of this study to verify/falsify
it.
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The good model predictions for both data sets
(Fig.3,4),areespecially clear during calibrations
(Fig. 7). During those periods it becomes apparent that even more-step-ahead predictions (up to
1 h) contain reasonably small errors. Strictly
speaking these nice results only demonstrate that
themethod works well for themain reactor ofthe
pilot scale ASP in Fig. 1. Yet the method is believed to be applicable to any alternating reactor,
regardless where its influent comes from, as long
as it is more or less continuously mixed. It is irrelevant what type of N- and DO-controllers are
used, the only prerequisite is that DOR switches
between zero and oxygen abundance (2 mg/1or
more) and that the DO-controller manages to
controlDOtightly.

; >v

54''

my

*
•

"

\.

^^-/ *\

measured
predicted

-

Fig.7,close upof twodifferent calibration
phases indata set 1.

3.7Simulationstudy
Theresultsof thepreceding section seemtobegood,but there arenotrue parameter valuestocompare with. Therefore a simulation study is carried out to investigate the capability to track diurnal
variations in NH™ and Cuo.max- First the continuous time model (eqns. 1-4) is simulated over one
day with DOR alternating between 0 and 3 mg/1in 50 min cycles (20 min aerobic and 30 min anoxic), qm = 45 1/h,Cfm.max - 0.2 mg/l.min and sinusoidal cycli for NH™ and C^o.max (Fig. 9) given
by
NHf (/)=45+20•sin( 2 ? r ( ^

5)

)

24

(mg/1)

2rc(t-2)
) (mg/l.min)
24
with tthetime of the day (h).To make the simulation more acceptable, themodel's switching functionsfor CNHand CNO (eqns.2,3)werereplacedbythegenerallyacceptedMonod kineticterms
NH4
NO,
and
c =r
NHA+K
N03+km
with thehalf saturation constants kNH = kN0=0.01 mg/1.This very small value is in correspondence
withobservations atourpilotplantduringtheearlier identification experiments16.
,(0 =0.1+0.02-sinC

Therecursive estimation scheme is applied tothedata generated bythis simulation (Fig. 8).Theestimated trajectories of NH™ and CN0,max follow thetruetrajectories quite well (Fig.9),apart from a
slight phase shift appearing as atime delay (from which 20 min are caused by the analysers'measurementtimedelay).Thephase shift couldbereduced byincreasingthe elements of Q (eqn. 8),but
this will increase the noise sensitivity of 0 as well. As the current tuning of the Kalman filter is
based on a trade-off between tracking capacity and noise sensitivity for the real data set 1, it was
decidednottochangeQ.

(21)
(22)

(23)

Chapter 3,A recursively identified model for...

41

8- 9 > t r u e (-•) a n d estimated (-)parameters for
datagenerated bysimulation of acontinuously
The observed slight bias between CNHmm and loadedplant.
Fig.8,datagenerated bysimulation.

Fi

CsH.max (Fig. 9) is caused by the Monod kinetic term CNH,max*NH4/(NH^+kNH) in the simulation
model,according towhich somedegreeof substrate inhibition occurs atanysubstrate concentration.
In fact CNHmax is the estimate of CNH,max*NHi/{NH^+kNH) instead of CNH.max- On average M/ 4 =4
mg/1in the simulation data (Fig. 8) and hence Cm,max*NH4/{NH4+kNH) is around 0.1995 mg/l.min,
the value to which C M l l m converges. Obviously, the bias between CNHmax and CNH.max contributes
toimproved model predictions.
To illustrate the improved model predictions due to recursive identification the mean squared 1step-ahead (=5minutes ahead)prediction errorM (mg/1)2is computed for the above described case
with recursively estimated parameters and for the case the model predicts with fixed, but unbiased
parameters: [NH" Cm.max Cuo.max] = [450.20.1].Thisresultsin
[MNH MN0] =[1.2 1.0] 10"3
forrecursivelyestimatedparameters
[Mm MN0] =[11.1 4.4] 10"3 forconstantparameters
So even in case of only diurnal parameter variations the model predictions are largely improvedby
using the recursive estimation scheme. In reality there are also large parameter variations on a
longer time scale, e.g. seasonal variations. This will cause the constant parameters to become biased, andfurther deteriorate thepredictive capacityofamodel with constant parameters.
Tracking of diurnal changes in the sludge-related CsH.max is not interesting, because such fast
changes are not expected to occur in reality, however there will occur changes on a longer time
scale. Moreover, the data used in the preceding section and the above simulation concern plants
with constant qm, while in manyfull scale plants influent is supplied during the anoxic phases only.
To study the tracking of gradual changes in Cmi.max and the estimator's behaviour in case of alternating feeding a new simulation is carried out where CNH.max has a slight trend and q'n alternates
between 0during aerobic phases and 751/h during anoxic phases.Asexpected thetracking of NH™
and Cfjo.max does not differ much from that obtained with continuous feeding (compare Figs. 9and
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10). Moreover, slow changes in C/^H.max can be
tracked as well with the current settings of Q,
albeit with a larger phase shift than NH™ and
CN0,max (Fig. 10).
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3.8 Conclusions
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A simple physical model for N-removal in alternatingly aerated, continuously mixed activated
sludge processes suffices to accurately predict
NH4 and NO3 trajectories over the next hours.
This is only possible by replacing the complex,
relatively slow and uncertain dynamics of the
Fig. 10,true (-.) andestimated (-)parameters for
sludge inventory by recursively estimated timedatageneratedbysimulation of an alternatingly
varyingmodel parameters. AKalman filter based ] oa( j^i n\ani
recursive estimator has been designed for these
parameters. This estimator showed good performance on different experimental data sets with one
andthesametuning.Themodel withrecursively estimated parameters provides accurate predictions
of NH4and NO3 concentrations during the next hour (Fig. 7). The only quantities that need to be
measured areNH4,NO3,q'n and DO. The applicability of the recursive estimator to both alternatinglyandcontinuously fed plants wasverified bysimulation studies.Thisenhances the applicability
ofthemethod, asboth alternating andcontinuous feeding occurs inpractice.
Due to thecombination of simplicity and accurate predictions this recursively identified model isa
suitable tool for optimizing plant operation, as it allows fast and accurate simulation of different
control input scenario's over the next hours.Evaluation of the different control input scenario's can
be done both directly in model based optimizing controllers5 and in decision support systems for
plant operators.
Another possible application istheuseof theparameter estimates on ahigher level.The recursively
estimated parameters contain information withrespect totheinfluent N-load (q'" •NH™), maximum
nitrification rate {CnH.max) and maximum denitrification rate {Cuo.max)- This information is usually
not available in current practice, and least of all closely monitored. From this enhanced process
knowledge itcan bededuced towhatextend theprocess is over/underloaded, andhence whetherthe
sludge concentration should be increased/decreased. Another application is the detection of toxic
effects when CNH,maJCNo,maxdroptoolow.
Acknowledgements: We are very grateful to theeditor and reviewers for the constructive reviewing
process,toM.Bloemen, whocarried out theexperiments, and totheDutch Technology Foundation
(STW),which financially supported thisresearch undergrant no.WBI44.3275.
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3.10Appendix 1,stability characteristics of the Kalman Alter applied to unobservable systems.
Anysystem ofthe form
y(k +l) =Ay(k) +X'(k)Q'(k)
(A.l)
with X'(fc)notfull column rank,isequivalent to
y(*+l)=Ay(*)+X(*)9(*)
(A.2)
with
X(*)=[X,(*) 0]
(A.3)
where Xi(Jfc) 6 0TX<?has full column rank. X(k)Q(k) follows from X'(k)Q'(k) by singular value decomposition of X\k):
X'(k) =U(*)2(Jfc)V r(k)
(A.4)
SubstitutethisinX'(k)Q'(k)toget
X'(jfc)G'(Jfc)=V(k)I,(k)\T (k)&(k)
(A.5)
and define
X(k):=V(k)l.(k) =[X,(k) 0]
(A.6)
and
Q(k):=XT(k)Q'(k)
(A.7)
Bypartitioning the Jacobian X according to eqn. A.3 the parameter random walk model in eqn. 7
can be divided in an observable subsystem with Jacobian Xi and an unobservable subsystem with
Jacobian 0. Due tothe equivalence of X(k)Q(k) and X\k)Q\k), everything that applies to the system
ineqn.A.2appliestoall systemswithnon-full columnrankJacobians.
TheKalman filter basedestimatorhasthe form
9(ifc)=Q(k-1)+L(k)e(k, Q(k-1))
L(k) =P(.k-l)XT(k){R(k) + X(k)P(k-l)XT(k)Yl
T

(A.8)
T

l

P(fc)=P(*-1)+Q(/fc)- P(fc- V)X (k){R(k) +X(k)V(k - l)X (k)Y X(k)V(k -1)
Inthesequel thetimearguments donotchange,hencetheyareomitted for brevity.Let
E ={R+XPX 7 T 1
BypartitioningtheJacobian Xaccordingtoeqn.A.3E canbewritten as
E ={R+[X, 0

^{R+x^x/

0
Consequentlythegainmatrix L(k)isgivenby
P P
PnX,T
x,r
L =PX r E=
{R+ x . p n x :
P21X,

IP*,

It will be shown in the sequel that P2i(fc)=Pi2T(&)=0 for all k, under the hardly-limiting assumption
that Q2i(0)=Q12T(0)=0 andP2i(0)=Pi2T(0)=0. If P21=Pi2T=0 the above equation can be further simplified to
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P I1 (*-l)X/'(*){R(*)+X 1 (*)P I1 (*-l)X 1 r (*)}0
Sothe system equations can alwaysbe brought in such aform thatthe unobservable parametersremainjust constant attheirinitial value,duetothezerosingain matrix L(£).
L(*) =

45
(A.9)

ToevaluatethediscretetimeRicatti equation
P(jfc)=P(k-1)+Q(*)- P(/fc- l)Xr(/t){R(A:)+X(*)P(ifc- l)Xr(Jfc)}-'X(fc)P(Jfc -1)
atfirst matrix partitioningisusedtoget
PXT =

[P.. Pnl[x,rl

k,

p

*22_

0

l"p..xr

(A.10)

0

and
XP=[x, 0

p
*11

p
12

••[XPU

0]

(A.ll)

Hence
'pnX1r{R+X1P11XlT}-,X1P11 0'
P..X,'
(A.12)
{R+X,P1IX1r}-,[X1PI1 0]=
0
0
0
Substituting thisresult intheRicatti equation yields
>„(*- l)X1r(fc){R(*)+X.WP,^*- DX'ik^X^P^k
-1) 0"
(A.13)
P(jfe) = P(fc - 1 ) + Q(fc) 0
0
Conclusion: if Q2i(0)=Qi2T(0)=0 and P2i(0)=P,2T(0)=0 then 1) P2i(£)=Pi2T(/t)=0 for all k and 2)
P22(^) = P22(0) + kQ22- Hence, the elements of the block-diagonal matrix P22 in P associated with
the unobservable parameters increase linear in time. In this paper 10 is the maximum value of the
diagonal elements of Q22,hence it takes 106/10= 105sampling intervals before the largest element
ofP22reachesthevalue 106.Incaseof samplinginterval 5minthisisaslongas 1 year.
PXr{R+XPXr} lXP=
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4Optimal control ofN-removalinASP's*

4.1Abstract
Optimisation oftheoperation strategyofN-removing activated sludgeprocesses (ASP's) contributes
to improved effluent quality and/or costs savings. This paper deals with the development of an
aeration strategy yielding optimal N-removal in continuously mixed, continuously fed ASP's.First,
optimal control theory is applied to the generally accepted ASM no.l model (Henze et al., 1987).
This study reveals that, from an N-removal point of view, both alternating nitrification/denitrification and simultaneous nitrification/denitrification at limiting DO-levels might beoptimal, depending on the uncertain oxygen half-saturation constants of autotrophic and heterotrophic
biomass.Hence,taking into consideration therisk of sludgebulking atlimiting DO-levels, an alternating anoxic/aerobic strategy is favoured. A Receding Horizon Optimal Control (RHOC) strategy
using NH4 and NO3 measurements is developed, enabling feedback control of the alternation between anoxic and aerobic phases with theexplicit objective of optimal N-removal. Simple rules are
given for straightforward tuning of this controller. The controller successfully passed several tests
both in simulation and in application to a pilot plant continuously fed with presettled domestic
wastewater.
Keywords: ASM no. 1model; denitrification; nitrification; receding horizon optimal control; predictivecontrol

4.2 Introduction
Usually aeration tanks in the Netherlands are carrousels with hydraulic characteristics somewhere
between continuously mixed and plug flow. Most existing carrousels were designed for CODremoval and nitrification, but are now faced with the legislatory demand to reduce the yearly averaged total effluent nitrogen to at most 10mg/1bythe year 1999.Part of the required denitrification
capacitycanbeintroduced bythecreation of anoxic phasesintheaeration tank.
The objective of this paper istodevelop an aeration strategy for optimal N-removal in continuously
mixed,continuously fed plants.This is regarded as anintermediate stepin the development of such
control strategies for carrousels. First optimal control theory is applied to the ASM no.l model
(Henze et al., 1987) to study whether alternating nitrification/denitrification is more optimal than
simultaneous nitrification/ denitrification. From the results of this simulation study a much simpler
on-line implementablereceding horizon optimal control (RHOC) strategy isextracted. The meritof
RHOCisthatiton-lineoptimises anobjective criterion and straightforwardly handlesconstraintson
* published byLukasseL.J.S.,Keesman K.J., Klapwijk A.and Straten G. van in Wat.Sci. Tech., 38(3), 1998,pp.255262.
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both in-andoutputs. Byexpressing theplant economy intheobjective criterion anatural relation
between plant control andplant economy emerges. This simple RHOC controller is successfully
tested both insimulation andonacontinuously mixed pilot plant, continuously fedwith presettled
municipal wastewater.

4.3Optimal controlofnitrogen removal according toASMno.1
According toASM no.l (Henze etal., 1987) ona short time scale nitrification/denitrification are
mainly affected bytheconcentrations of SNH, SNO,SOandSs(see App. 1forallsymbols inthispaper).Inthis study Soistreated ascontrol input, intheimplementation phase itwill beused as setpoint for an earlier developed slave So-controller (Haarsma and Keesman, 1995). To enable the
formulation of an optimal control problem thedynamic mass balances ofthethree other quantities
arerequired.Thesecanbeextractedfrom ASMno. 1.After somesimplifications onegets
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IntheASMno. 1 modelawiderangeofvaluesisgivenforsomeofthe parameters,inthisstudythe
average values were used. Notice that ineqn. 1SNHiin ismultiplied with afactor/ This isbasedon
the knowledge that acertain percentage ofinfluent nitrogen isentrapped inorganic components(in
this study's pilot plant±20%,hence/= 1.25),andtheassumption that this isallammonified. This
simplification allowsfortheomission ofabalanceforsoluble biodegradable organic nitrogen. Also
the slower and largely unknown dynamics ofX$,XB,AandXB.Hhave been neglected byassuming
these processes tobein steady state.Theremaining three differential equations above describethe
major partofthenitrogen dynamicsonatime scaleofdays.
To find the aeration strategy that yields optimal N-removal in continuously mixed aeration tanks
whose dynamics are described by eqns. 1-3,the following optimal control problem needs tobe
solved:

(3)
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(4)

^N0\

subject tothesystem dynamics (eqns. 1-3), thecontrol input constraints
0<So(r)<3
(g/m3)
andtheinput disturbances qinand SNHM-

(5)

The control input minimum (So= 0) is a physical limitation. The control input maximum (So=3
mg/1)will allow for oxygen abundance in the reactor, it is generally known that higher Sowill not
have anyeffect. The weight wand the setpoints SNH.R and SNO,Raretuning parameters. In this study
w - 3 and SNH.R = SNO.R = 0. That tuning expresses that a good effluent quality is achieved if both
SAW andS^oarelow, and that low SNH ismore important than low SNO- The case of total-Nminimisation can beobtained byselecting w= 1 and SNH.R = SNO,R = 0.To gain insight in the characteristic
optimal control pattern it suffices to use initial time tg = 0 and final time tf=24 h, as the dominant
disturbance inputs (qin,Srw.in) exhibit diurnalcycles.
The solution to this highly non-linear optimal control problem turned out to suffer
from (numerically induced) local minima.
Moreover, the optimal aeration strategy appeared tobehighly dependant onthevalues
of K0,A and K0,H- Within the K0,A and K0,H
ranges given in the ASMno. 1model both
an aeration strategy aimed at simultaneous
and an aeration strategy aimed at alternating nitrification/denitrification may be optimal. E.g. for KO.A = 1.3 and K0,H - 0.1
mg/1 a predominantly alternating aeration
strategy is optimal (Fig. 1), while the optimal solution for K0,A =1.3 and K0,H = 0.2
mg/1 is predominantly aimed at simultaneous nitrification/denitrification at 5o=0.4
mg/1(notshown).

:\

1 ill

w

_JL

JAI \

time (h)

Fig.1,optimal aeration strategyfor ASMno. 1 model
with KQ.A =1-3 and KQ,H=0.1 mg/1.

Although noconclusion can be drawn from the optimal aeration strategies for the ASMno.l model
due to uncertainty in K0,A and KO,H, there remains a strong motivation to favour alternating instead
of simultaneous nitrification/denitrification: risk of sludge bulking at limiting So-levels (van Leeuwen, 1990).Once the choice for alternating nitrification/denitrification has been made, the remainingproblem istomaketheoptimal control strategy suitablefor on-line implementation.

4.4Recedinghorizon optimal control implementation
The disadvantage of controlling uncertain systems bymeans of non-linear optimal control theory is
that it is an open-loop control strategy. To enable on-line implementation there is a need to introduce feedback, requiring fast computation of the optimal controls. Feedback is introduced by em-
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ploying Receding Horizon Optimal Control (RHOC) (Mayne and Michalska, 1990). The basic
RHOC approach solves ateach sampling instant ke {0, 1,2,...}theoptimal control problem with to
- kT andt/= (k+H)T (H= prediction horizon) and implements only u*{k). At k+\ thenew output
y(k+l), which will deviate from the expected y(k +l\k), is measured andthe RHOC problem is
solved again, with t0= (k+l)T, t/= (k+H+l)T and y{k+\) asinitial condition. Obviously optimisation over therelatively small time interval [kT, {k+H)T\ largely reduces thecomputational demand.
A second reduction in computation time is obtained byimposing theconstraint So(k)e {0,3},i.e.
requiring alternating aeration.
Finally, a third reduction of computation time is obtained by replacing the complex ASM no.l
model (eqns. 1-3)byamuch simpler discrete time model:
SNH(k +\)

SNH(k)

-1
u+

SsoW

v"

(6)

V
SNH>0

(7)
-SNH.in+ran

S„o>0

(8)

0
y,(*)'

SNH(k - A)
SN0\k"

(9)

A)

with
ue {0,1} i.e.{anoxic (SO.R - 0), aerobic (SO,R - 3mg/1)}
SO.R (mg/1)=dissolved oxygen (So)setpoint forslave So-controller, control input
This model hasbeen identified in earlier work (Lukasse et al., 1997b). Be aware that themodel is
only valid forue {0,1}. Thevalue SO.R =3mg/1ensures total aerobicity during aerated periods. This
value itself could beoptimised as well, butthat is beyond thegoal of this paper. Contrary to ASM
no. 1 theabove model does not contain theunmeasurable SsNow attime kTthe RHOC problem forN-removal isformulated as
w
<SNH_R-SNH(k +i))
min ./(«)= V
SNO,R~SNO('C

+ 1)

(10)

]

subject tothe system dynamics (eqns. 6-9), thecontrol input constraints
K(* + ; - 1 ) E { 0 , 1 }

ie[l,H]

(11)

and theexpected input disturbances qin(k+i-\) andSNH,m(k+i-l), i = \,..,H. Eqn. 10isjust theordinary Euler discretisation of
min 7(«) =- fw•\SNHR- SNH(t)\+\SN0,R - SNO(t)\dt
u
T J.
whose integrand isequal tothe one used ineqn.4.

(12)
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The number of possible control input trajectories over the horizon H is 2H. The optimal control u (k)
is determined as the first element of the control trajectory resulting in the lowest objective criterion
byjust computing the objective criterion value for all 2H possible control trajectories. The attractive
feature of this approach is that a globally optimal solution of eqn. 10 is guaranteed. Moreover the
required computation time is known in advance, contrary to e.g. gradient and Gauss-Newton search
algorithms. If the computation time is less than the sampling interval the RHOC controller is on-line
implementable. It should be stressed here that this has been made possible by largely simplifying the
ASM no.l model and introducing the constraint ue {0,1}.
The RHOC controller has five tuning parameters: T, w, SNH,R> SNO.R and H. In this study the sampling interval T is selected equal to the measurement time delay (20 min), as this is roughly the
smallest time span at which the aeration in full
b^sr.cxo-ar
scale plants is alternated and no roundoff error is
introduced when expressing the time delay in whole
sampling intervals (A in eqn. 9). Obviously, the
smaller T the better SNH/SNO may be controlled to
their setpoints. However too short sampling inters
UbiMll,
/
^ \•• \
vals make no sense and a lower limit is imposed by
/
/ /
|b(2)ufp(2)|the So-dynamics.
/

It is impossible to control both SNH and SNOto their
setpoints as their consumption/production are completely coupled (eqn. 6). The positive weight w is a
handle to give preference to either SNHor SNOcontrol. To demonstrate the effect of w on the
closed-loop behaviour the fact is invoked that for
any pair of 2-dimensional vectors (b, c)
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Fig. 2, the 1-norm of bw+c as a function of u.
(13)
2. Substituting eqn. 6 in the RHOC ob-

w r
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,_ |b(1)u»c(1)|

argmin\\bu +c
;argmin|b(/)«+c(/
u
u
where b(i) = max(|b|). To understand this equality see Fig.
jective criterion (eqn. 10) with H - 1gives
min J(u) =
u{k)

<

•

w^Su
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w-SNH(k)
SN0(k) _

3JJL

V

V

in which the b-vector of eqn. 13can be recognised as
(14)
From eqn. 13 it follows that SNH,R - SNHis minimised if b(l) > b(2), and SNO.R - SNO is minimised if
b(l) < b(2). As rNHand rNo depend on SNH and SNO (eqns. 7-8) there are multiple values of w for
which b(l) equals b(2). It is easily seen that these are given by
^NH'S/iO > 0

(15)
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SK»>0,SNO=0

_V_

^NH.in

"*" ramm "*" '/VO.max

sNH=o,sNO>o

V
with usually w(<wc <wu.The RHOC behaviour as afunction of wis summarised in Table 1.For
notational convenience it was chosen to useH =1in the above analysis.However, it holds for any
H as the optimal control solution is independent of H (Fig. 3). Simulations for different combinationsof rNo,max< rmmax, ramm andqinconfirmed correctness ofTable 1.
FromTable 1it is seen that if the
Table 1,effect of weightwonRHOC behaviour.
setpoint for the well-controlled
RHOC behaviour
output is zero it should hold that —
SNOwell-controlled
wi <w < wu, otherwise S0,R re- ° < w < Wc
SNHwell-controlled
mains in one extreme. No plant w>w<SNOwell-controlled, noaeration atall
operator will need the RHOC 0 < w<wiA SNO,R = °
w w AS
SNHwell-controlled, noanoxicityatall
controllertoobtain that situation. > u NH.R=0
Asis shown above eitherSNHorSNoiscontrolled toits setpoint, while the other follows asaconsequence. Usually one will select both setpoints as 0, as this is every operator's ideal. In most cases
one will choose to control SNH to its setpoint by selecting w > wc. One can imagine situations in
which it is preferable to select a setpoint larger than zero for the well-controlled state.For example
in areactor with post-aeration and w> wca setpoint SNH.R > 0 will exchange some nitrification for
denitrification inthereactor, whiletheremaining SNHwill beremoved during post-aeration.
The last tuning parameter to be set is the prediction horizon H. Generally RHOC yields a suboptimal solution for the full horizon optimal control problem, even when process behaviour and future
disturbance inputs areexactly known (Bitmead etal, 1990).In absence of model-plant mismatch it
holds that the larger H the closer the RHOC solution approaches the full horizon optimal solution,
thus pleading for large H. On the other hand H should be as small as possible because 1)the com-

H (sampling int.)

Fig.3, J' asafunction ofHwith SNHM thesine
waveofFig.4andqinconstant.

Fig.4,RHOC in simulation with SNH.R = SNO.R
=0andwr < w < wu.

(17)
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putational burden increases exponentially with H and 2) larger H requires inclusion of more-stepahead predictions and hence more uncertainty. To investigate the effect of H in this specific application the controlled process is simulated for H ranging from 1to 15 sampling intervals, with the
sine wave pattern in Fig. 4 for SMM- This has been repeated for a whole range of combinations w,
SNH,R and SNO,R- It turns out that for constant qin RHOC yields the globally optimal solution to the
full horizon optimal control problem aslocal optima areruled outbysolvingtheRHOC problemby
enumeration andreducing Hdoesnot increase J* (Fig.3),where J" - J divided bythenumberof
samples. Complementary simulations unravelled that this no longer holds in case of an a priori
known sinewavepattern for qin.However, knowledge of future qinvalues isusuallypoor. Therefore
it was decided to stick to the objective criterion in eqn. 10 with H = 1, as increasing H only increases the computational burden. Acharacteristic simulation of the thus controlled process, with
sinewavesfor both S^HMandqin,isshowninFig.4.

4.5Pilot plant results
Thecontrollerhasbeenappliedtoapilot scaleASPwithcontinuously mixed aeration tank(V=475
1.1m- 451/h, MLSS =3.5 g/1),continuously fed withpresettledmunicipal wastewater. SNHand Sm
intheaeration tank aremeasured using SKALAR auto-analysers typeSA 9000.Soiscontrolled ata
setpoint alternating between 0 ad 3mg/1using the airflow as manipulated variable. Two generated
data sets are shown in Fig. 6 and 5(be aware of the 20 min measurement time delay). The aerated
periods with SNH= 0 in Fig. 6 are sub-optimal, as aerating while SNH= 0 yields rNH <rNHmaxand
ought tobeexchanged for anoxic periods likedone in simulation (Fig.4).It is very likely that these
periods arecaused bya rather large model-plant discrepancy during that experiment. In theexperiment ofFig.5themodel seemstobebetter,asnoanoxicityappears while SNO=0.
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4.6Discussion
In this RHOC problem there are no limitations to the objective criterion J. Therefore J shouldjust
bechosen asclose aspossible tothetrulyeconomical objective of plant operation.This wastheaim
of selecting J according to eqn. 10. As the currently available knowledge in this field is limited,
better alternatives may well emerge in the near future. Even the addition of constraints on SNH
and/orSN0is straightforward, these might well appear as aresult of authority-imposed limits on the
effluent quality.The only drawback of altering thecurrent RHOC formulation is that the nicepropertyof global optimality for H- 1might get lost. Yetthis is nottooserious asit took only 10.5min
tocompute the optimal control u*(k) with H = 15in Matlab 4.2c running on a 166MHz PC.This
computation time is well within the 20minutes sampling interval Tand onlymarginally affected by
Jandpossibleconstraints on SNHand/or SNOIn simulation it was observed that, if accurate knowledge of future qin variations is available, enlargingH improves controller performance in terms of eqn. 10,as mentioned before. This isprobably caused by exploiting moments of high dilution rates as a means to rapidly discard the highest
weighted process output. This statement is supported by simulation results that showed the flowweightedcriterion
w
<SNHR-SNH{k +i))
minJ(u) = ^qin(k +i)
tobe much less sensitive for H, incase of known future qin variations.This makes the aboveobjective criterion with large H appealing on precedent that knowledge of future qin values is available.
Replacing theobjective criterion (eqn. 10)bythisflow-weighted one hasnofurther implications for
theRHOC controller.
TheRHOC success depends on the model accuracy. Themodel accuracy may be improved by finetuning the model to the specific plant under control and accounting for the large system timevariance. This requires recursive identification of the plant. A recursive identification scheme with
encouraging results is presented in Lukasse etal. (in press b).The succesfull integration of thedeveloped RHOC and recursive identification method is presented in Lukasse et al.(1997a). SeeLukasse etal.(in press a) for acomparison by means of simulations between the performance of this
adaptiveRHOC andmoretraditional controllers.

4.7 Conclusions
A readily implementable aeration control strategy aiming at optimal N-removal in continuously
mixed,continuously fed ASP's hasbeen developed. It showed good performance both in simulation
and during application to a pilot plant continuously fed with presettled domestic wastewater. Contrary to the general case, this RHOC application yields globally optimal control with a prediction
horizon of only one sampling interval. In this paper the objective criterion (eqn. 4) is formulated
such that either SNH o r SNO is controlled to its setpoint, depending on the weight w.The other follows as a consequence. Analytical expressions for the thresholds of w, determining which one is
well controlled, are given inTable 1.Replacement of the current objective criterion (eqn.4)byany

(18)
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other functional of qim S0, SNH and SHO and the introduction of constraints on SAWor SNO maydemandfor alargerprediction horizon H,but doesnot hamperthe applicability of themethod.Hence,
if better knowledge about the objectives/costs of N-removing plants emerges it can easily be incorporated intheRHOC controller.
With the K0,A and K0,H ranges given intheASMno.l model (Henze etal, 1987)both simultaneous
and alternating nitrification/denitrification might be optimal in terms of N-removal. It depends on
whereinthegivenranges thetrueparametersreside.
Acknowledgements: This paper contains work conducted by L.B. Suurmond during his MSc. project. M. Bloemen supported the experimental work. Financial support came from the Dutch TechnologyFoundation (STW)undergrantno.WBI44.3275.
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4.9Appendix 1,list ofsymbols
variable

i"«

value [unit]
0.5 [day1
6.0 [day-1

description
maximum specific growth rate of autotrophs
maximum specific growth rate of heterotrophs
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A

1 [sampling intervals]

Vg

0.8 []

Vh

0.4 []

lXB

0.086 [gN (g cell COD) 1 ]

h
KNH

3.0 [g soluble COD (g cell COD) -1
1.0[gNH4-N/m 3 ]

KNO

0.5 [g N0 3 -N/m 3 ]

KO.A

0.4-2.0 [g 0 2 /m 3 ]

Ko,H

0.01-2.0 [g0 2 /m 3 ]

Ks

20.0 [g soluble COD/m 3 ]

Kx
ramm

0.03 [gCOD (g cell COD) 1 ]
1.0 [m3/day]
0.03 [mg/l.min]

rNH.max, fNH

0.11,.. [mg/l.min]

rNO.max, rno
SNH.im SNH,R>

0.08,.. [mg/l.min]
SNH 6 0 , . . , . . [gNH4-N/m 3 ]

SNO,R> SNO

.. [gN0 3 -N/m 3 ]

So.Ry So

.. [g 0 2 /m 3 ]

Ss.iii' $s
T
V
XB,A
XB,H

Xs
YA
YH

125,.. [g soluble COD/m 3 ]
20 [min]
0.475 [m3]
280 [gcell COD/m 3 ]
3220 [gcell COD/m 3 ]
30 [g COD/m 3 ]
0.24 [g cell COD (g N)' 1 ]
0.6 [gcell COD (g soluble COD)"1]

20min analysers' time delay in sampling
intervals
correction factor for heterotr. growth underanoxic conditions
correction factor for hydrolysis under
anoxic conditions
mass of nitrogen per mass of COD in
biomass
]maximum specific hydrolysisrate
ammonium half-saturation coefficient
for autotrophic biomass
nitrate half-saturation coefficient for denitrifying heterotrophs
oxygen half-saturation coefficient for
autotrophic biomass
oxygen half-saturation coefficient for
heterotrophic biomass
RBOS half-saturation coefficient for heterotrophic biomass
hydrolysis saturation ratio
influent flow rate
ammonification rate (ammonium production rate)
(maximum), ammonium consumption
rate
(maximum),nitrateconsumption rate
(influent), (reference), NH4-N concentration
(reference), nitrate nitrogen concentration
(reference), dissolved oxygen concentration
(influent) RBOS concentration
sampling interval
aeration tank volume
autotrophic biomass concentration
heterotrophic biomass concentration
SBOS concentration
autotrophic yield coefficient
heterotrophic yield coefficient

Chapter 5,Adaptive receding horizon optimal control of...

5Adaptivereceding horizonoptimalcontrolofN-removing
activatedsludgeprocesses*

5.1Abstract
In this paper an adaptive Receding Horizon Optimal Controller (RHOC) for optimal N-removal in
alternatingly aerated, continuously mixed, continuously fed activated sludge processes (ASP's) is
presented. It is successfully tested both in simulation and pilot plant experiments. The RHOC
approach offers an excellent opportunity to link the higher level of plant economy and the lower
level ofplant control byexpressing theplant economyin theRHOC's objective criterion. This isan
important novelty in comparison with the existing controllers for this process, which do not
explicitly aim at process optimisation. Handling of constraints on both in- and outputs is
straightforward. Essential for the performance of RHOC controllers is the availability of accurate
predictions of near-future NH4 and NOx concentrations. A recursive estimator for the model
parameters takes care of this.As with nearly all adaptive controllers (Astrom &Wittenmark, 1989)
thiscontrollerisnot globally stable.Butthroughout manysimulations andpilotplantexperimentsit
hasbeen learnedhowtoprevent instability.Thestep-by-stepcontrol algorithm isgiven in section4.

5.2 Nomenclature
variable
A
z(k\k-l)

value lunitl
1 [sampling intervals], 20 [min]
..[mg/1mg/1]

Q(k),Q(k)

.. [mg/1mg/1.min mg/1.min]
..[mg/1mg/1]

m,y(k)
H
J
k
P(0)
Q
qm
R

••[•]

rNH,max
rNO.max
SNHM, SNH.F, SNH

.. [mg/1.min]
.. [mg/1.min]
..,..,.. [mgNftt-N/l]
.. [mgNOx-N/1]

SNO.R-I

••[mg/1]
••[•]

.. [m3/day]

SNO

description
analysers'timedelay
prediction errorattimekT
(estimated)parameter vector attimekT
(predicted) [NH4-NNOx-N] measurement
RHOCprediction horizon
RHOCobjective criterion
index of sampling instants
initial parametercovariance P
parameterrandomwalkcovariance matrix
influent flow rate
measurement noisecovarianceony(.)
maximum ammonium consumption rate
maximumNOx-Nconsumption rate
(influent), (reference), NH4-Nconcentration
(reference), N02-N +NO3-Nconcentration

* published by L.J.S.Lukasse, K.J. Keesman, A. Klapwijk and G. van Straten inMed. Fac. Landbouww. Univ. Gent,
proc. 11th FAB, 62(4b), 1997, Gent,Belgium,pp. 1665-1672.
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5o,«. So
T
u ,u
V
wc,w

.. [mg0 2 /l]
20[min]
••[•]

475[1]
..[.]

(reference), dissolved oxygen concentration
samplinginterval
(optimal)control input attimekT
aeration tank volume
(critical) weight inRHOC objective criterion

5.3 Introduction
Usually aeration tanks in the Netherlands are carrousels with hydraulic characteristics somewhere
between continuously mixed and plug flow. Most existing carrousels were designed for CODremoval and nitrification, but are now faced with the legislatory demand to reduce the yearly
averaged total effluent nitrogen to at most 10 mg/1 by the year 1999. Part of the required
denitrification capacity can be realised by creating anoxic periods in the aeration tank, as it is
usually underloaded.
In current practice the alternation between aerobic and anoxic modes in alternatingly aerated ASP's
is often based on timers. The currently available feedback controllers for alternatingly aerated
ASP's normally employ measurements that areonly capable of indicating the depletion of NH4and
NO x , e.g. ORP (Menardiere et al., 1991) or OUR (Surmacz-Gorska et al, 1995). Recently it has
been shown that moreadvanced operation mayimproveprocessperformance (Zhao etal.,1995).
This paper's objective is to develop an aeration strategy for economically optimal N-removal in
continuously mixed,continuously fed plants bymeans of adaptive receding horizon optimal control
(RHOC).This is regarded as an intermediate step in the development of such control strategies for
carrousels. The merit of RHOC is that it optimises an objective criterion on-line and
straightforwardly handles constraints on both in- and outputs, using model predictions. By
expressing the plant economy in theobjective criterion anatural relation between plant control and
planteconomy emerges.
The RHOC success depends strongly on the model quality. To guarantee the availability of an
always up to date process model recursive identification of model parameters is required, because
the nitrification/denitrification process is subject to strong diurnal and seasonal variations. These
variations are due to variations in influent composition, temperature and rainfall (Metcalf &Eddy,
1979). Moreover each individual plant has a unique influent characteristic and microorganism
population, to which the model is fine-tuned when using recursive identification. The model
parameters arerecursively estimated using aKalman filter. Theresulting adaptive RHOC controller
is successfully tested both in simulation and on acontinuously mixed pilot plant, continuously fed
withpresettled municipal wastewater.

5.4RHOC scheme
The basic RHOC approach solves at each sampling instant k an optimal control problem with to kT andtf={k+H)T (T=sampling interval, H - prediction horizon) and implements only u (k).At
£+1the new output y(k+l), which will deviate from the expected y(k +11k), is measured and the
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RHOC problem is solved again, with to =(k+l)T, tf= (k+H+l)T and y(k+l) as initial condition.
TheRHOCcontrol algorithm for thisapplication isgiven by
rmnJ(u) =Y{wpNHR-SNH(k

+i))\+\SNOM-SN0(k +i)\}

(1)

subject toinitial condition [SNHO<) Swo(£)]T,thecontrol input constraints
«(/fc+i-l)e{0,l}
ie[l,H]
theexpectedinputdisturbancesqin(k+i-\), SNHi„(k+i-l)with i=l,..,H, andthesystemdynamics:
=e

(2)

4in c

Sm(k)

u+ V

(3)

V
>0
r

™ W ,
'NO.imx

sNH=o
5ra>0

0

SNH(k-Aj
y2(k)

SN0(k-A)

(4)

(5)
(6)

with
ue {0,1}i.e. {anoxic (SO,R-0), aerobic (S0,R-2 mg/1)}
SO.R (mg/1)=dissolved oxygen (So)setpoint for slaveSo-controller,control input
Thedynamic model in eqns. 3-6 is only valid for So,sS{0,2}. It has been identified inearlier work
(Lukasseefa/., 1997).
The RHOC problem is solved at each sampling instant by enumeration, i.e. byjust computing the
objective criterion value for all 2H possible control trajectories. The attractive feature of this
approach is that a globally optimal solution of eqn. 1is guaranteed. Adetailed study of the RHOC
controller's behaviour asafunction ofthetuning parameters T,w, SNH.R, SNO.R andHispresentedin
Lukasse etal.(submitted 2).In summary: thesampling interval Tis selected equal totheanalysers'
time delay A (20min), this may be altered but there is not much tobe gained. The weight wactsas
aswitchingfunction with athreshold
w=!
Either SNH or S^o is controlled to its setpoint dependent on w, while the other follows as a
consequence. If 0<w<wc then SNOis well controlled, if w>wcthen SNHis well controlled. Most
appealing is to select both setpoints as0, as this is every operator's ideal. In most cases removal of
SNH haspriority, soonewill choosetocontrol SNHtoits setpoint byselecting w>wc.If one wantsto
stick to apurely economical tuningonewill select SNH,S = SNO.R - 0andw- (costs of effluent SNHaeration costs for SNH removal) divided by the costs of effluent SNO-The prediction horizon H is
only one sampling interval, because it was shown in Lukasse et al. (submitted 2) that larger H
yieldsnoimprovement atall,whilethecomputational burden increasesexponentially with H.

(7)
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5.5Recursiveidentification scheme
The RHOC controller of the preceding section yields optimal N-removal provided that an accurate
dynamic process model is available.Due to thetime variance in ASP's an accurate model can only
beavailable whenrecursively estimatingthetimevarying modelparameters:
9 : = [SNH.in TNH.max TNCmax]

Thewell-known Kalmanfilter isusedtoestimate9(k):
9(/fc)=B(k-1)+L(k)e(k,0(k -1))
L(fc)=P(k - l)XT(k){R(k) +X(k)P(k - l)X r (/t)}-'
P(k) =P(k-1) +Q(k) - P(k- l)XT(k){R(k) +X(k)P(k - 1)XT(k)}~lX(k)P(k -1)
wheretheprediction errorisgivenbythetwoequationsbelow
e(fc,e(*-l)) =y(A:)-y(A:|*-l)
y(k |k-1) =A(k - l)y(k -1)+X(k)Q(k-1)

(8)

(9)
(10)

The dynamic model (eqns. 3-6) is brought in the form of eqn. 10by eliminating the state variables
SNHandSN0yielding
.q'"(k -A)
1-7"0
A(*)=
q'"(k-A)
0
\-T

(ID

and
X,

X ( j f c ) g *(* +H*) s

X,21 •"•Ji.22~.
^9
withtheelements ofX(k) defined inTable 1.
L

(12)

•"•

Table 1,Jacobian Xinallpossible operating modes.

The Kalman filter has
three positive definite
y(*)>o
{y2(k),y2(k-l)}=0
(yj(*),>;(*-!)} = 0
matrices that need to
in
0
Xu(k)
Tq*(k-A)
Tq (k-A)
be initialized: P(0), Q
V
V
and R. Theoretically Q
0
-Tu(k-A)
-Tu(k-A)
X12(k)
is the parameter
0
0
X13(k)
0
random
walk
0
0
X2i(k)
-A)
covariance
and
R
the
q^kT
measurement
V
covariance matrix. In
Tu(k-A)
0
0
X22(k)
practice,
however,
T
(
l
i
-T(l-u(ki(k-A))
0
X23(k)
A))
they areusuallytreated
as ordinary tuning matrices as thecovariances are unknown. Typically P(0), Q and R are diagonal
matrices, unless one has prior knowledge about parameter or measurement error correlations. P(0)
is usually set at I*106, with I the unity matrix, a very large value allowing for fast initial
convergence and making an accurate initial guess 9(0) redundant (Young, 1984). A reasonable
valuefor R, themeasurement covariance,can beobtained byevaluating thenoiseon someprevious
measurement signals. In this study the measurement noise is very small for both outputs, so R isa
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diagonal matrix whose diagonal elements get very small values. Most heuristics are involved in
setting the Q-matrix. The tuning of Q is based on the knowledge that the influent related SNHM
usually exhibits diurnal variations, while r^o.max and r^H./nax are sludge related and therefore will
show much slower variations. So Q(l,l) ought to get a much larger value than the two other
diagonal elements. By simulating the recursive estimator for different Q-matrices and evaluating
the resulting Q(k)- trajectories an acceptable Q is determined. Obviously, this choice effects the
frequency content of theparameter estimates.Thediagonals of the threeresulting diagonal matrices
are
diag(Q) = [105-10"7 MO"5],diag(R)= [0.10.1],diag(P(0))= [1 11]106
It has been proven in Lukasse et al. (submitted 1) that stability of this recursive estimator is
guaranteed provided that theaeration doesnotremain constant for verylongperiods (overayear).

5.6Adaptive RHOC
Adaptive RHOC is just the combination of the preceding RHOC and recursive identification
schemes.Theoverall control algorithmperforms at samplinginstant kthefollowing steps:
1. check whethery(k) isreliable,i.e. nooutliers andanalysersnot autocalibrating
2. replaceeach unreliableyt{k)by
yt{k\k-\,9(£-1))
3. determine thecorrect X(k) inTable 1 onthebasisofy(k)and y(fc-l)
4. estimate y(£ |&-1,9(£-1)) accordingtoeqn. 10
5. evolve theKalman filter (eqn. 8),usinge(£|£-l)andX(k), togetP(jfc)and Q(k)
6. reconstruct thestate [SNH(k) S/vo(£)]Tfrom eqns.3-6usingy(k), B(k), u(k-A), qin(k-A)
7. solvetheRHOC problem (eqns. 1-6) using &(k)andinitial condition [SNH(k) SN0(k)]T
8. implement thecomputed optimal control u(k)
The main difficulty in adaptive control in general is that the controller and the estimator operate
together in one closed loop.The overall closed loopbehaviour is inherently non-linear in uand 8,
which makes it generally impossible toget more than aregion of stability, i.e.local stability results
(Astrom &Wittenmark, 1989).Moreover, the information in the measured output signal gradually
shifts to high frequencies when the process becomes better controlled. When the parameters are
estimated on the basis of this ever poorer information the model actually drifts from process model
tonoise model. Therefore, special precautions need tobe taken topreserve sufficient richness of u.
Thetypical solution is toadd alittle dither signal tothecontrol input or tothe setpoint, from which
a logical inconsistency emerges: to enable the control improvement by adaptive control it needsto
bedeteriorated byaddingadither signal.
This paper's application has some features, which make the use of a dither signal redundant. The
speciality is that u can only take two values, which guarantees sufficient richness of the
measurements provided that uis switched regularly and Tis large enough. If Tis large enough the
shift of measurement information to high frequencies can be excluded. The highest possible input
frequency isreached by switching thevalueof uateach sampling instant. At this frequency, incase
T = 20 min, there still is sufficient information in the measurement outputs to allow for the
estimation of reasonable 9-trajectories. Obviously thesmaller Tthe larger thepercentage of timein
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which DO is at values between 0 and 2 mg/1. This puts a (not exactly known) lower limit to T,
below which the sufficient richness gets lost and 0 might drift away indeed. If this behaviour is
observed when implementing this paper's adaptive controller, it can be removed by simply
increasing T.
The region of stability for this paper's application is defined as all combinations of y(k) and Q(k)
for which the closed loop behaviour converges tothe optimal cyclic behaviour, i.e.alternatingu(k)
with SNH around its setpoint (if w>wc).One known source of instability is a negative estimate for
rNH.max, which will erroneously cause the dynamic model (eqns. 3-6) to predict production of SNH
under aerobic conditions. SotheRHOCcontroller will not turn onthe aeration, nonew information
to update fNHimx is obtained and the deadlock is there. Another source of instability occurs when
SNH.R =0,w>wc and rNo,maxis largelyunderestimated. InthatcasetheRHOC controller will notturn

off the aeration, as a consequence no new information to update rN0^ is obtained and again the
impasse is there.Notice that this last situation will only occur when SNH,R - 0. When SNH.R > 0and
w>wc thedecision toturn off theaeration willbedominated bythe fact SNH < SNH.R and rNOmla only
playsaminorrole.
Both above described instabilities originate form poor estimates &(k). These may especially occur
during start-up when the Kalman filter gain is very high to allow for large steps in 0(fc), i.e.rapid
initial tuning but also the risk of large errors due to poor measurements. This source of instability
can simply be excluded by an initial tuning phase: after start-up first switch a few times between
aerobic andanoxicphasesbefore theRHOCcontrollerbecomes active.

5.7Simulationresults
The adaptive RHOC has been tested in simulation for many different situations. A characteristic
simulation is shown in Figs. 1and 2. The sine wave pattern for the influent related SNHM and the
slowerchanges inthesludgerelated rNH,max and rN0,max arebelieved tobecharacteristic. Clearly,the
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Fig.2,simulated adaptive RHOCofSNH(-) and
SNO (-•)with SNH.R=2 mg/1,SNO.R =0andw>wc

Fig. 1,true (-.) andestimated (-) parameters
accompanying Fig.1
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recursive estimator is reasonably capable of tracking the variations in 0 (Fig. 2). SNH is controlled
around its setpoint as a consequence of the choice w>wc. In this simulation the objective criterion
value for the adaptive RHOC over the full 48h horizon is 2545 mg/1, while RHOC with constant,
average parameter values yields /*= 2600 mg/1. So in this case adaptive RHOC performs slightly
better then non-adaptive RHOC.This is the most fortunate comparison for non-adaptive RHOC,as
itusestheaverage6-values.Hencetheobserved difference is alowerbound,theworsethe9-values
used by the non-adaptive RHOC
thelargerthedifference willbe.
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5.8Pilot plant results
Several experiments have been
carried out on a pilot scale ASP
with continuously mixed aeration
tank (V =475 1,MLSS = 2 g/1),
continuously fed with presettled
municipal wastewater, preceded
by a 40 1 anoxic tank for
predenitrification. The average
sludge load during dry weather
conditions is roughly 0.2 kg
COD/kg MLSS.day. SNHand SN0
in the aeration tank are measured
using SKALAR auto-analysers
type SA 9000. S0 is tightly
controlled
at a setpoint
alternating between 0 ad 2 mg/1
by means of an earlier developed
robust MPC controller (Haarsma
and Keesman, 1995). The qin
pattern for the experiments is
obtained by monitoring the
influent flow of the adjacent fullscale WWTP of the town of
Bennekom and downscaling this
signal to a reasonable level for
the pilot plant. In this way a
natural relation between diurnal
influent flow and influent
pollution
variations
is
guaranteed, moreover real storm
events occur in the experiments.
One of the resulting data sets and
the accompanying estimates of
&(k) are shown in Figs. 3 and 4.
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The sharp peaks of SNH = 15 mg/1and SNO = 25 mg/1in Fig. 3 are analyser calibrations, due to a
software error these were handled by the controller as reliable measurements. As a result the
estimates of Q(k) show some strange oscillations especially in the initial phase of the experiment.
Despite this error the controller performance is satisfactory. In low loaded periods the aeration is
switched off overlonger time spans inordertoutilise thepossibility of more denitrification without
deteriorated effluent £#//• During the two storm events the plant is overloaded, but the controller
correctlydecidestokeepthe aeratorson.

5.9 Discussion
The controller can be tuned such that it is truly optimal not to alternate, but only nitrify or only
denitrify (Lukasse et ah, submitted 2). In these situations no information is obtained to update
rNOnWi respectively fNHimK.Hencetheseestimateswillbecomeeverpoorer, andhavethepotential to
lock thecontroller erroneously in onemode.Toenable regular updating of all elements of 0(&) the
controller shouldreceive anextraconstraint: donotremain inone andthe samemode for morethan
12hours.Whether this will work satisfactorily and whether a 12hours period is suitableremains to
betested.
The denitrification rate is related to the availability of readily biodegradable organic substrates
(RBOS) (Henze et ah, 1987). In this study no relation between rN0 and #,„ was observable, and
therefore in the model rso - rNo.max- The explanation is that no influent RBOS reaches the reactor
due to the presence of an anoxic predenitrification tank. In case of the absence of anoxic zones
precedingthe alternatingreactorthemodel
_r
'NO

?L2-+r

'NO.s „

T

'NO,end

(13)
"-

'

seems more reasonable. In eqn. 13rN0,s is related tothe influent RBOS concentration, while rN0,end
istheendogenous denitrification rate.Whether eqn. 13holdsin absenceof anoxic predenitrification
remainstobetested.
Reactor pH predominantly is a function of nitrification/denitrification. This can be taken into
account in the current controller. For example, during one of the experiments a storm event
occurred, causing a period of high influent N-load. The controller was tuned such that SNHwas
controlled to its setpoint, resulting in a longer than usual period of maximum nitrification. As a
consequence the pH temporarily dropped to values around 6.1. During the next day intensive
foaming occurred and nearly all sludge disappeared from thereactor. Acausal relationship islikely,
though not proven yet. As the pH-trajectory predominantly is a function of
nitrification/denitrification itispredictable.Byaddingthesimple stateequation
d H
(P )
r
r
dt

=Px- NH+P2- N0

, a pH measurement and a minimum constraint for pH to the RHOC problem in eqns. 1-6 and
addingpj andp2to the recursive estimator repetition of the foaming disaster might be prevented.
Obviously installation of an independent pH-controller will remedy the problem as well, but at
highercosts.

(14)
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Monitoring instead of recursively estimating SNH,in islikely to improve controller performance. Itis
unlikely that the improved controller performance outweighs the extra costs of Sw^-monitoring,
butitmaybeconsidered asanoption.
Besides a short-term effect, the different operation strategy will have a long-term effect as the
sludge composition will adapt tothenew operation strategy. In afollow up study thiseffect willbe
investigated. There are indications that it might lead to a decreased presence of Nitrobacter in the
activated sludgeandhence stimulateN-removalvianitriteinsteadofnitrate(Brouwer, 1997).

5.10 Conclusions
Thepresented adaptiveRHOC controller showed goodperformance, both in simulation andinpilot
plant application. The control algorithm's stability region is not exactly known, but after many
simulations andpilotplantexperiments ithasbeen learned whatthemain difficulties areandhowto
prevent instability. The controller is believed tobe of direct practical relevance,because the useof
an economy-related objective criterion offers a natural way to bridge the gap between the higher
level of plant economy and the lower level of plant control. Moreover the use of a recursive
estimator for the RHOC's model parameters will fine-tune the controller to the specific plant under
control.
Acknowledgements: We are very grateful to M. Bloemen, who carried out the whole lot of
experimental work. This research was financially supported by the Dutch Technology Foundation
(STW)undergrant no.WBI44.3275.
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6 Li-Norm optimal control ofN-removalin an activated
sludge process1

6.1Abstract
This paper presents an lpnorm optimal state feedback controller for 2-dimensional linear time invariant (LTI) systems with decoupled dynamics and a single control input. The controller is successfully appliedtotheproblem of N-removal in activated sludge processes,both in simulation and
on a pilot plant fed with real municipal wastewater. It optimises the moments at which the plant's
aerators areswitchedon/off. Improvement of operation strategiesfor theprocess ofN-removal from
wastewater is an important topic due to tightening government legislations with the objective to
protect theaquatic environment.
Keywords: 1-norm,absolutevalue,ammonium,nitrate,nitrogen, wastewater treatment

6.2 Introduction
Throughout thelastdecades manypapershavebeen published inthefield of optimal control theory.
Foracomprehensive overview of thefield seee.g. Bryson andHo (1975) orLewis (1986).Despite
the large amount of literature the number of successful applications is relatively small. The major
drawback of optimal control in its pure form is its open loop nature, which can only work satisfactorywhen applied tosystemswithhardlyany uncertainty.
The ideal situation is to derive a state feedback law that realises the optimal control trajectory for
the full horizon optimal control problem, asthis will automatically compensate for small errorsdue
to system uncertainties. State feedback can be introduced in any optimal control problem by applyingreceding horizon optimal control (e.g.Kwon andPearson, 1977;Thomas, 1975;Thomas etal.,
1977).Unfortunately, ingeneral thiscannotyieldthefull horizon optimal trajectory of u duetothe
inequality (Bitmead etal.,1990)
'<

'<.

'i

minfL(x,u,0^^min[^(x,u,f)^ +minfi-(x,u,0^
u J
uJ
uJ
'o

'o

with t0<tl<tt

'i

The only known exception is the situation in which a quadratic (b-norm) objective criterion is
minimised subject to alinear system model. In that case atimevarying static state feedback lawexists that yields the full horizon optimal trajectory of u (Kwakernaak and Sivan, 1972).Due to that
attractiveproperty ithasbeen usedinmany applications.
However, for many controllers the 1-normis acloser resemblance of the plant's operational objectives than the 2-norm. Yet the use of h-norm objective functionals has been very limited, though
1

to appear in Control Engineering Practice byL.J.S.Lukasse, K.J. Keesman and G. van Straten

(1)
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some examples are available in the literature (Genceli et ai, 1993,Morshedi et al., 1985).In this
paperastatefeedback law ispresented that optimises thefull horizon optimal control problem fora
1-normobjective criterion subject to a2-dimensional linear model with decoupled dynamics anda
singlecontrol input.
The li-norm optimal state feedback controller has been applied successfully tothe process ofnitrogen (N) removal in activated sludge processes (ASP's). In most developed countries N-removal
from municipal wastewater is enforced by government legislation with the objective to protect the
aquatic environment against eutrophication. Nis usually biologically removed in ASP's. Biological
N-removal requires two processes: nitrification (NH4—> NO3)in presence of oxygen and denitrification (NO3—> N2-gas) in absence of oxygen. Application of the denitrification step is relatively
new; it is currently being introduced on a large scale in the European Union. Operation strategies
for ASP's with both nitrification and denitrification are still evolving (Leeuw and van 't Oever,
1996;Munch etai, 1996).InpracticeN-removal usually takesplace in alternatingly aeratedASP's.
In that situation the optimal control problem boils down to the question when to turn the aerators
on/off.

6.3TheLi-norm optimal statefeedback law
In this section an optimal state feedback law will be derived for the digital full-horizon unconstrainedli-norm optimal control problem givenby
min / ( „ ) =

f|Wx(0|U?

(2)

subject to
x=Ax+b«+d

x(f0) =x0

(3)
2x2

with Tthecontrol interval, n the number of control intervals, U E R the control input, W e R a
diagonal weighting matrix and state vector x € RL2,disturbance inputs d e K2,A e K2x2 and bE
K2.In eqn. 2 \\Wx(t)\[ is the 1-normof Wx(f), which is defined as £|Wx(f)| for x e Kp.Notice
thattheuseof asetpoint0for x(t)ineqn.2doesnotmean anyloss of generality.
The state xat timeto+(k+l)T, Xjt+i,asafunction of x, d and uat time to+kTisgiven by the solution
of eqn. 3. When using the assumption that both u{i)and d(f) are piecewise constant functions, i.e.
u(t) = Ukandd(r)=d*onthetimeinterval kT<t< kT+T, this solution isgivenby:
**+i=eA'x* +(«AT-1)A"'(b«t +dk)
(4)
Fromthisresult, xattimek+jiseasilyfound tobe
x*+, =eJA% +t(eiXT " e (M,Ar )A-'(bK^, +d t + ^)

(5)

1=1

Discretisation of the continuous time objective functional, using the straightforward Euler approximation,yields
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/(«„,..,«„_,) = J|Wx(0|l^=£ J|Wx(f|<a=r£|WxJ

(6)

Substitutingeqn. 5ineqn.6resultsin

'i> -V'~" ')\"{bu

/(Mo,..,M(i_1) = r ] r

We jA 'x 0 +W 2 >

=TflweJATx0

A

+w £ e ' A r ( I - e'AT)A-\buH

H

+d._,)

+d,J

Rewriting this b y stacking then 2-dimensional vector n o r m s yields

J(u0,..,u.)

Wewxn

V/eKT{l-e-XT)A-lb

We" A 7 x„

We"A'(I- e"A')A"'b ••• WeA'(I- e"A')A b [«„_,

=

0

We A r (I-e" w )A-'d 0

(7)

We"Ar(I - e~kT)A-'d0 +...+WeA7(I - e'kT) A X - i
An optimal state feedback law exists if and only if ui is independent of Uj , V/ 6 {k+l,..,n-l}, i.e.
if and only if M* can be computed on the basis of only the first k+l of the n above vector expressions.This only holds for a verylimited class of systems.In the sequel it is proven that it holds for
linear time-invariant systems with one input, two states and diagonal A-matrix. To show this the
fact needstobeusedthat
argminllbu+ell =argmin\b(h)u +c(h)\
where b 6 I2, C € K 2 , U €
maximal absolute valueinb,i.e.

(8)

and h is the index of the

/i=argmax|b((')|

(9)

The example in Fig. 1 illustrates that the value of u that
minimizes {|b(l)w+c(l)| + |b(2)«+c(2)|} is determined by
max{|b(l)|, |b(2)|}, as stated in identity 8. That identity 8
does not automatically hold for systems of order higher
than two is shown by a counter example. E.g. if b = [-5 2
4] T and c = [3 0 0] T then |b«+c| achieves a minimum
valueof 3 atw =0, whileaccordingtoeqn.9the minimum
value wouldbe3.6 and u =0.6.

wDu^mi

. . |b(2)u.o(2)|

-i f g w a - '

.^'jW')

Fig. 1, |bw +c|| asa function of u.

Define

V 'w«\'
=

c=
_cQ_

A7

We" x0

We^I-e-^AX
+

(10)
Ar

AT

Ar

AT

We" (I- e" )A"'d,+...+We (I- e~ )A-'d„.
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We^CI-e^^A-'b
D=

(11)
We"AT(I-e"A7)A-'b

D„.

We^I-e-^A-'b

with c e K2nandDe E2""1. After substituting ci€ U2 andD n £ K2ineqn. 7itfollows from identity8thatthefirst ofthenvectorexpressionsineqn.7hasitsoptimal solution at
Dn(h)u0+c1(h) =0
with

(12)

fc =argmax|D n (i)|

(13)

i

i.e.theoptimal control solely depends upon the state that accompanies the largest term in Dn. The
control input wo that optimises thefirst vectorexpression in eqn. 7isoptimal for the othern-1vectorexpressions aswellif
argmaxto u (i)|=aiBmaa|DH(i)| V*e{2,..,n}
i

i

(14)

'

Inthat situation, duetoidentity 8,wo*,..,un.\ arethesolution of thesetof nequalities
DI1(A)«0+c,(fc) =0
DBl(A)«0+...+D„(ft)ii11_1+c11(ft) =0

(15.1)
(15.n)

Theusual waytosolve theabove setof nequalities istofirst solve «ofromthe first equality,subsequently uj from the second and so on. So if condition 14is met equalities 15.£+1, .., 15.n pose no
limitations on UQ , .., u^ and as a consequence ut can be computed independent of Uk+i , ••, un.\
(not vice versa).Hence, a simple state feedback law exists that minimises objective criterion 2if
condition 14holds. In appendix 2 it is shown by a counter example that an li-norm optimal state
feedback lawmaynotexist ifcondition 14isnot satisfied.
Theorem 1:The scalarstatefeedback controllaw
Mh.h)T
A(h,h)
x»W
A(W)r
*
(e
-l)b(fc)"
is h-norm optimal for single input, 2-dimensional systems with A diagonal if A(h,h) > A.QJ) withy
6 {1,2} andhgiven byeqn.13.
Proof: For diagonal A-matrices the term We* Ar (I-e" Ar )A"'b in the matrix D (eqn. 11)can bereformulated byusingthefact that for anypxp-matrixAwithp independent eigenvectors
e"'T 0
0"
=V 0
0
0 0 ev
with Vthe matrix of eigenvectors of A and Xi the l-th eigenvalue of A. In case Ais adiagonal matrix V=I andtheeigenvalues takethevalue of thediagonal elements ofA.Hence,for thecase with
p= 2

(16)
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U|7

-X(T

0
\-ehT

K

o

V

|

\

(17)

1- -^r

K

According toeqn. 13histheindex ofthe maximal absolute element in this vector \)kl fork=1.
Condition 14ismetifthisindexhisinvariant tok,whichisthecaseifandonlyif(eqn. 17)
W>

\-e

W,

k

Using thefact that e
can alsobewrittenas

kV

andeWjT

In W,

\-e

\-e

Vfce {!,..,«} and j e {1,2}

are always positive,theabove necessary and sufficient condition

W„

\-e

A„>A,+-

Vifce{!,..,«} and j'e{l,2}
kT
Inequality 18issatisfied fork= 1 bythedefinition ofh(eqn. 13).Furthermore,fork>1 thesecond
term on the right-hand side is a monotonic function of k. Sothe remaining conditions for k e
{2,..,n}are satisfied ifandonly ifinequality 18holdsfork- n.Incaseofinfinite horizon controln
=°° while
(

In W,

l-e~

W„

(18)

l-e~

lim

=0

nT
So inthat case inequality 18canbesimplified tothenecessary andsufficient condition X/, > kj.In
summary,for2-dimensional single input systems with adiagonal A-matrix anli-normoptimal state
feedback law existsifinequality 18holdsfork= n,because astate feedback law existsifcondition
14ismet andcondition 14ismetifandonlyifinequality 18holdsfork= n.Forthecaseof infinite
horizon control n=°°andinequality 18fork- nreduces toA(h,h) >\(jj) forje {1,2} withh
given byeqn. 13.

(19)

Aboveithas been shown forwhich classofproblems anl|-norm optimal state feedback law exists.
Now itremains tobeshown that this feedback law isgiven byeqn. 16.Eqn. 15 illustrates,inconjunction with eqns. 10and 11,that « / should aimatobtaining W(h,h)xk+i(h) - 0,while from eqn.4
itfollows that W x , ^ , theweighted 1-stepaheadprediction ofxattimeto+kT, isgivenby
Wx^=WeArx4+W(eAr-/)A-'(bHt+d<)

(20)

By setting the /i-th row ineqn. 20tozero (Wx ltl(( (/i)=0)andsolving forukone finds theoptimal
control law.In case of unknown disturbances, i.e. d4 =0 (control lawcontains no feedforward
component),theoptimal control uk isthesolutionof
W(h,h)eMhM)Txt(h) +W(M)(e A<M)T -l)A(h,hylb(h)uk =0
(21)
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andthusthescalarstatefeedback law ineqn. 16isoptimal.

•

The existence of an li-norm optimal state feedback law hasbeen proven above for a2-dimensional
linear diagonal system with a single control input and an objective functional without weights on
theinput. Although this is an important class in practice, thequestion arises towhat extend thisresultcanbe generalised:
• Theeffect of (weighted)inputs intheobjective functional hasnot yetbeen investigated.
• The given proof fails for higher dimensional systems, since identity (8) only holds for singleinput-double-outputs systems.Moreover, itiseasytocome upwith examples ofMIMOsystems
for which an li-norm optimal state feedback law does not exist. Yet, there may be a class of
MIMOsystemsfor which anlpnormoptimal statefeedback controllerexists.

6.4Application toN-removal inactivated sludge processes
A schematic representation of the process of N-removal in activated sludge processes (ASP's) is
given inFig.2.Inthepilotplant used inthis study theinfluent isfed to a40 1 anoxic predenitrification reactor, succeeded by a475 1 continuously mixed alternating reactor (Fig. 2).Biomass is controlled at a setpoint of 3.5 g/1('X-ctrl' in Fig. 2).The pilot plant setup is aprototype of the widely
applied alternatingly aerated carrousel with predenitrification reactor. This is a usual layout for
plants aiming atboth nitrification and denitrification. The alternating reactor to be controlled is the
one where the airflow is manipulated by adissolved oxygen (DO)controller, which receives itsalternating
setpoint
(DOR) from a higher
level N-controller.NH4
influent
and NO3in the reactor
are measured using
SKALAR
autoanalysers type SA
9000. DO is tightly
controlled at a setpoint
alternating between 0
and 2 mg/1 by means of
an earlier developed
robust model predictive
^
wastage
controller
(Haarsma
andKeesman, 1995).
Fig.2,schemeofASPpilot plant withcascaded controllers for NandDO.
The optimal control
problem of nitrogen removal in continuously mixed, alternatingly aerated activated sludge reactors
canbeformulated as
r/=<o+nr

min / ( „ ) =
subject to

||W(x(?)-x R

\dt

(22)
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NHt>0
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NH=0

(23)

4

(24)

NO,>0
NO,=0

(25)

M/ 4
and we {0, 1}, i.e. ue {anMX
oxic (dissolved oxygen setpoint DOR =0 mg/1), aerobic (DOR = 2 mg/1)}. This non-linear state
spacemodel hasbeen identified inearlier work (Lukasseetal.,1997a and 1997b).
with W e

»2x2

adiagonal weighting matrix, n= °°, x=

The theoretical result of the preceding section has been derived for LTI-systems with w* 6 K.This
application hastwocomplications: 1.it isnon-linear, i.e.it switches between different LTI-systems
depending on x (eqns. 24, 25), 2. it has the constraint w* 6 {0, 1}.In practice the N-controller is
tuned such that h- 1 ineqn. 13andx R (l) =NH^R> 0.In that situation changes inb andd onlyoccur when x(2) reaches/leaves zero (see eqns. 23-25). This only happens during two small partsof
theday: whenNOj reaches zero during the low-loaded part of the day, late at night, and when NO3
starts toincrease again inthemorning, atthestart of thehigh-loaded part of the day(Fig.4).Therefore the changes in b and d are of minor importance and the system behaviour is LTI during the
major part of theday, although strictly speaking thesystemis non-linear.
Due to the other complication, ue {0, 1}instead of ue IR,the existence of an optimal state feedback law like eqn. 16 is no longer guaranteed. This is proven by a counter example.For the simple
"A 0"
caseofn=2and A=
0 A eqn.7isofthe form
{W0,M,}*=argmin

r
0
We A 7 (I-e" )A"'b
Ar
Ar
Ar
A7
Ar
? We (I-< - )A-'b We (I-e- )A-'b

r

K0

-

U.

__
+ c,
c,

*- ^
Let uk e {0, 1}, eXT=0.9, We A r (I-^ A r )A~ 1 b =[4.0 3.07 and c, = c2 = [-3.4 2.9]T It is easily
checked that sequential optimisation of the two vector expressions in eqn. 26 yields the solution
{UQ, U/} = {0,0} with an objective functional value J{UQ, UJ) =12.6. Solving the overall optimisation problem yields {UQ, U\] = {1,0} with J (UQ, U{)= 12.3.Clearly, the last is a better solution,
which cannot be obtained by sequentially optimising the two vector expressions, i.e. an optimal
state feedback law does not exist. Hence, this counter example proves that for the class of systems
in eqn. 3with control inputs «*£ [/ with V afinite subset in K,combined with the objective functional in eqn. 2, an optimal state feedback law does not necessarily exist. Be aware that this has
nothing todowith theuse of 1-normcontrol, it holds for anynorm. Here it suffices tomention that
additional conditions on b can be derived to guarantee the existence of an li-norm optimal state

(26)
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feedback lawfor systems withdiscretecontrolinputs,buttheseconditions aretoocomplicatedtobe
reportedhere.
FortheN-removal problem the suboptimality of state feedback hasbeen investigated by simulating
the process controlled with a receding horizon optimal controller (RHOC) over two days for prediction horizon Hranging from 1to 15control intervals of 20min.Asine wave pattern for influent
ammonium (NH") and constant influent flow (qm) were used. The controller was given perfect
knowledge of the process dynamics and only the actual NH" (and not its future values).This has
been repeated for a whole range of combinations W and XR. It turns out that H does not effect J*.
From thisresult, and the fact that using enumeration to solve theoptimisation problem rules outlocaloptima, ithasbeenconcluded that RHOC yields thegloballyoptimal solution tothe full horizon
optimal control problem. Complementary simulations unravelled that decreasing H slightlydeterioratesJ in case of apriori known variations in q'n, i.e.in case of apriori known time-variations of
Aandd. However, knowledge of future qm values isusually poor. Sothebestfeasible result canbe
obtained by RHOC with H = 1.This means that an optimal state feedback law exists, despite the
fact that ue {0,1}. Hence,for H=1 theoptimalcontrol problemreducesto finding
(27)

uk = argmin |W(i t t l | t •
Usingeqn.20itfollows that
uk= argmin W«ATx, +W(eA
uke {0,1}"

(28)

•7)A-'(bii i +d t )-Wx 1

FortheN-removal process (seeeqn. 17)
ZHT

eAT=e' I

(29)

and
r

l-e

(I-e- A r )A-' =
0

-V
qm
0

v

0

l-e'

(i

-V
qm

3-T

l-e v
q'"
V

(30)

Substituting theselast twoequations ineqn.28yields thestatefeedback law
f

„•= argmin W
uke{0,l]

\

l-e

--3-T
v

"(•»"*+ d *)- x «

v

Thelow dimensionality of the aboveproblem makes it possible tocompute the objective functional
value for both possible solutions and implement the optimal one. Acharacteristic simulation of the
controlled process,using the controller ineqn. 31, is shown in Fig. 3.The trajectories of NH™ and
qm havebeen measured onarealplantduring adryweather weekday (Spanjers etah, 1997)
Several experiments have been carried out onthe pilot scale ASP described at the beginning of this
section.The influent flow q'nduring the experiments is obtained by monitoring the influent flow of
the adjacent full-scale wastewater treatment plant of the town of Bennekom and downscaling this
signal to areasonable level for the pilot plant. In this way anatural relation between influent flow

(31)
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and influent pollutant concentrations is guaranteed. Moreover real rainstorm events occur
in the experiments. The pilot plant results in
Fig. 4 have been obtained by the previously
described RHOC controller extended with a
recursive model parameter estimator (Lukasse
et al., 1997a). The recursive parameter estimator does not interfere with the control loop
as its tuning is such that the dynamics of the
parameter estimation loop are much slower
than the closed loop dynamics. The sharp
peaks ofNH4 - 15mg/1andNO3 - 25 mg/1 in
Fig. 4 are analyser auto-calibrations. The
controller performance is satisfactory. In low
loaded periods the aeration is switched off
over longer time spans in order to utilise the
possibility of more denitrification without
deteriorated effluent NH4. During the two
storm events the plant is overloaded, but the
controller correctly decides to keep the aerators on. Summarising, despite the nonlinearity and the limitation u e {0, 1} the
controller performance is(closeto)optimal.

20

51.5^ W A A A A / /

An h-norm optimal state feedback law has
been derived (theorem 1).The theorem holds
for 2-dimensional LTI systems with decoupled dynamics, a single input u e E.and no
input weightingintheobjective functional.

/
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Fig.3,RHOC insimulation withxR = [1.50] Tand
W suchthatNH4 iscontrolled toits setpoint.
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Fig.4,adaptiveRHOC applied topilotplantwith
xR= [20] Tmg/1 andW such thatNH4iscontrolled
toitssetpoint. (*=outlier, o= {NH4,N03 = 0}).

Straightforward application of the theorem to
the control of ammonium and nitrate in an
alternating activated sludge process for wastewater treatment is impossible, because the system is
only stage-wise linear and H E {0, 1}instead o f « e R. However, application of the li-norm state
feedback controller (eqn.31)to apractical pilot plant yielded very satisfactory and close-to-optimal
performance over the full experimental period of more than 3 days (Fig. 4). This successful application to acase with unproven optimalityjustifies cautious optimism about the method's wider applicability.
Acknowledgements: We are very grateful to M. Bloemen, who carried out the experimental work,
and to the Dutch Technology Foundation (STW), that financially supported this research under
grant no.WBI44.3275.
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6.7Appendix 1,listofsymbols
symbol

value [unit]

|jx||

..[..]

CNH.max
CNO max
4

0.11 [g/m3.min]
0.08 [g/m3.min]
,3
1.0[m7day]

description
n

1-normof vectorx,i.e. ^ | x ( 0 |
i=l

maximum ammonium consumption rate
maximumnitrateconsumption rate
influent flow rate
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NH*,NH4
N03
D0R, DO^, DO
T
V

w
XR

.. [gNKt-N/m3]
.. [gN03-N/m3]
..,2,..[g0 2 /m 3 ]
20[min]
0.475 [m3]
.. [••]
.. [••]

(influent), ammonium nitrogen concentration
nitratenitrogen concentration
(ref. for slavecontroller), (min.nonlimiting),oxygencone.
control interval
reactor volume
positivedefinite weightingmatrix
state vector reference/setpoint

6.8Appendix 2,counter example
Takethecase
0.7 0.9
0.8
0.5 0
d„=d, =0
b=
0.5 0.6
0.2
0 1.0
Itiseasilychecked thatfor thiscaseineqn.7
[2.32]
[0,70]
!>,,=
D*,=
0.62
2.86
andhencecondition 14isnot met.When consecutively solvingeqns. 15.1and 15.2for respectively
u0anduj,which wouldhappen incaseof statefeedback, onegets
7=|[0 1.38 0 1.98j| =3.36 u 0 =-3.07 M]=-1.82
(32)
W=

When solving the linear programming problem in eqn. 15jointly, which is impossible in case of
statefeedback, onegets
7*=|[-1.55 0 0 0.20f|j =1.75 ^ =-5.28 M,*=5.44
(33)
This result demonstrates that if condition 14is not satisfied, an li-norm optimal state feedback law
maynotexist.
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7Acomparison of NH4/NO3control strategiesfor alternating
activated sludgeprocesses*

7.1Abstract
Four control strategies for N-removal in alternating activated sludge plants (ASP's) are compared:
1.timer-based, 2. switching the aeration on/off when depletion of nitrate/ammonium is detected, 3.
switching the aeration on/off when ammonium crosses an upper/lower-bound, 4. the newly developed adaptive receding horizon optimal controller (ARHOC) as presented in Lukasse etal.(1997).
The comparison is made by simulating the controllers' application to an alternating continuouslymixed activated sludge reactor preceded by a small anoxic reactor for predenitrification. The biological processes in the reactors are modelled by the activated sludge model no. 1 (Henze et al,
1987). Realistic influent patterns, measured at a full-scale wastewater treatment plant, are used
(Spanjers etal., 1997). The results show that three totally different controllers (timer-based, NH4bounds based and ARHOC) can achieve a more or less equal effluent quality, if tuned optimally.
The difference mainly occurs in the sensitivity to suboptimal tunings.The timer-based strategy has
a higher aeration demand. The sensitivity of the ARHOC controller to sub-optimal tuning, known
measurement time delays and changing plant loads is significantly less than that of the other controllers.Alsoitstuningismorenatural andexplicit.
Keywords:ammonium;control;nitrate;nitrogen; sensitivity; setpoint

7.2 Introduction
In recent years several types of control strategies for N-removal in continuously mixed ASP's have
been developed inresponse to tightening government legislation with respect to effluent Nconcentrations. What is missing is a profound comparison of the different control strategies. That is the
subject of this paper. The comparison is restricted to N-removal control strategies foralternating
nitrification underaerobicconditions anddenitrification underanoxicconditions.
Three well-known existing alternating control strategies and a newly developed adaptive receding
horizon optimal controller (ARHOC) (Lukasse et al., 1997) are compared. The comparison is carried out by simulating the application of the controllers to an alternatingly aerated continuouslymixed reactor preceded by a small anoxic reactor for predenitrification. The on/off aeration in the
alternatingreactor istheonlycontrol input totheN-removal control loop.Thisis ausual layout for
plants aiming at both nitrification and denitrification. The use of simulations, rather than experiments,tocomparecontrollers excludeserroneousconclusions duetoarbitrary events.
published byby L.J.S.Lukasse, K.J. Keesman, A. Klapwijk and G. van Straten inproc. application ofmodels inwater
management (IAWQ), 1998,Amsterdam, pp.215-222 (submitted to Wat.Sci. Tech.).
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7.3Methodology
7.3.1 Plantmodel
The plant is modeled as a40
1anoxic continuously mixed
predenitrification
reactor,
succeeded by a 475 1continuously mixed alternating
reactor (Fig. 1).The biological processes in the two reactors are modeled by the
generally accepted activated
sludge model no. 1 (ASM
no.l) (Henze et al, 1987)
with
default
kinetic/stoichiometric
parameters at 20 °C. For comFig. 1,simulated ASPwith 2weeksinfluent hydrograph andcasputational reasons the settler
cadedcontrollers for NandDO.
model is highly idealised: it
has no volume, the sum of the two outflows equals the settler influent flow, while there are exclusively soluble components in the effluent. The sludge concentration in the reactors is controlled at
3.5 g/1.Thesimulations havebeencarriedoutinSIMBA™.
The output of theN-controllers is the DO setpoint DOR, which alternates between 0 and 2 mg/1.A
lower level DOcontroller realises DOR more or lessinstantaneously. TheDO controller saves aerationcostsbyadjusting theairflow totheDOconsumption rate.
7.3.2 Influentscenario
Input for the simulations are the influent
data over a period of 14 days, proposed
asabenchmark bySpanjers etal.(1997).
These influent data contain most naturally occurring influent scenario's (Fig.
2): dry weather working days, dry
weather weekends, a storm event and a
second stormeventtwodayslater.
The influent flow is scaled such that the
average effluent SNHand SNOconcentrations reach usual values. This turns out
tooccur at an average dry weather influent flow of 12.51/h,resulting in an averagesludgeloadof

time (days)

Fig.2,influent flow and SNHpattern usedin simulation.
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7.3.3Evaluationcriteria
Themost important criterion for comparison istheeffluent quality, which isquantified as
.

14days

J

W =77 h-SNH(t) +SN0(t)dt
14

(2)

Jo

The above integral expresses that a good effluent quality is achieved if both SNH (ammonium) and
SNO(nitrate)arelow,andthatlow SNHismoreimportant thanlow SNoThe lowest feasible values of objective criterion J(u), f, for the four controllers are compared.
Moreover, the sensitivity of f to suboptimal tuning, to measurement time delays and to load
changes isdetermined. Before computingf theXs,4:XBi#-ratioisbrought in its steady stateforeach
individual controller by simulating thecontrolled process over 112days,with the influent beingthe
repeated 14daysdata setof Spanjers etal.(1997).Anotherimportant evaluation criterion istheaverage airflow qair which isneededtoachieveJ ,as qajr directlyreflects the aerationcosts.

7.4 Controllers tobe compared
The most basic controller to be evaluated is the timer-based on/off controller. This open-loop controller hasonlytwotuningparameters:theduration of aerobic (taerobiC) and anoxic periods (tanoxic). It
easily causes time wasting: sometimes theaeration ison while NH4=0 mg/1,orit isoff whileNO3
=0mg/1.Controller 1:
fl for
kT<t<kT+t
..
c
c ae,ol c
u(t)= \
"
(3)
{0 for (k+ \)Tc-tamxk<t<{k + lK
whereTc - taer0biC +tanoxic, k - {0, 1,2, ...} and ue {0, 1},i.e. DOR £ {0,2} mg/1,{anoxic,aerobic}
Amore advanced control scheme isonethat switches the aeration off/on when serious limitationof
the (de)nitrification rates due to low NH4/NO3, i.e. depletion, occurs. In reality it uses measurements of quantities directly related to the process rates.The most usual is ORP (e.g.de la Menardiere, 1991), but pH and OUR may be used as well (Al-Ghusain et al., 1994; Surmacz-Gorskaet
al., 1995;Klapwijk etal., in press). In these simulations it is assumed that depletion is detected as
soon asNO3/NH1 fall below the controller parameters SN0,mJSNH,min- This prevents the difficulty of
modelling themeasurement devices (controller2):
0
if
SNH(kT)<SNHtran
u(kT)=U
if
SN0(kT)<SN0^
(4)
m-l)T)
if
(SNH(kT)>SNH^)A(SN0(kT)>SN0KiJ
where T= samplinginterval (1min),k = {0,1,2,...}, SNH,mm = NH4lower-bound andSm.min =N0 3
lower-bound
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Another approach that is sometimes used in practice is the measurement of NH4 and controlling it
between two bounds. Time wasting occurs when NH4 is kept between its bounds while NO3hits
zero.Controller3:
0
if
SNH(kT)<S„H^n
«(«")= 1
if
SNH(kT)>SNH^
m-l)T)
if
SNHMD<SNH(kT)<SNH^
where T =sampling interval (1min), k- {0, 1,2,...} and 5W//,m,„/5WWi„
(tuningparameters)

(5)

:= NH4 lower/upper-bound

The last controller is the newly developed adaptive receding horizon controller (ARHOC) for Nremoval (Lukasseetal.,1997),itneedsmeasurements of NH4,NO3and influent flow qin.Anearlier
version of theARHOC controller hasbeen tested successfully inpilot scale experiments. It isgiven
by(controller4):
<>
0

min/(H) = f 3-5JV„(0+5A,o(0+A-max

—9

AW,min

^NH

(0

dt

subject to initial conditions [SNH^T) SJVO(W)]T, control input constraint WE {0,1}, expected disturbances:
i =l,..,H
qJ(k +i-l)T) =qin(kT)
for
SNH.,((k +i-DT) = SNHJkT)
for
i=\,..,H
andthemodelpredictions:
( —r
^
"in a
SNH((k+l)T)
SNH(kT)
-1
'NH
U+ •.T °NH,in
Sm((k +l)T)
_ NH "*" NO_
A
' ~ NO
V
/
V
r

r

(6)

(7)

T

SNH>0
IHin

s„„=o
SNO>0

sNO=o
SNH(kT- -Ol
SN0(kT- -h)\
with X=weighting parameter, H =prediction horizon (in sampling intervals), rNHmax=maximum
nitrification rate (mg/l.min), rNo,max =maximum denitrification rate (mg/l.min), SNHM= NH4 concentration in influent (mg/1),SNH,mm - NH4lower-bound (mg/1), SN0,mm - NO3lower-bound (mg/1)
and T=sampling interval (min)
The ARHOC's adaptive part exists of arecursive estimator for the time-varying model parameters
r
SNHM' Wmax and rN0,max, based on the well-known Kalman filter (Lukasse et al, submitted). The
dynamic model ineqns.7-10 isonly valid for ue {0, 1}.The good fit of themodel outputs tomeasured SNH and SNOconcentrations observed inLukasse etal.(1997) demonstrates that the model suf-

(8)

(9)
(10)
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fices for short termpredictions ofNH4andNO3.Themajor simplifications withrespect totheASM
no.1 enabletheon-line solution of theoptimisation problem above.
The ARHOC objective criterion (eqn. 6) contains three tuning parameters: weight X, and the
NH4/NO3lower-bounds Sm.min andSm.min- The weightXshouldjust be verylarge suchthat thelast
term ineqn.6, aso-called soft constraint, prevails overthefirst twoterms,therefore Xis setto 100.
SNH.min andSN0,min will beoptimised. The soft constraint ensures that SNH andSNostayout of theregion of substrate limited process rates as long as possible. Use of this soft constraint is necessary
because of the large difference between the kinetics in ASM no.l and in the ARHOC's internal
model. In the default ASM no.l the (de)nitrification rates are substrate limited by Monod kinetics
with £/vH=1.0 and £/vO=0.5 mg/1. However, in the model identification experiments much smaller
half saturation constants havebeen observed (Lukasse etal., 1997),whichjustified the replacement
of theMonodkinetic termsbytheswitchingfunctions ineqns.8and9.
The remaining tuning parameters are prediction horizon H and sampling interval T.They are set to
H=\ and T=20min.InLukasseetal.(inpress) itisshownthatusingH>\ yieldsnoimprovement at
all.The sampling interval Thas anot exactly known lower-bound: the point where toofast switchingoccurs,itisexpected thatthisisnotfar below 20min;atleast faster switching doesnot occurin
practice. Summarising, the ARHOC tuning in this study is H=l, r=20 min and X=100.SNH,mw and
SNO.min will beoptimised.

7.5Bestfeasible results
In this section the most favourable results for all controllers are compared. The tuning of controller
1 that minimises J(u) turns out to betaembic = 20 min andtanoxic =24.9 min. In the optimisation the
constraint was used that each phase should last at least 20 min, the adopted sampling interval of
controller 4.Controller 1realises amoreor lessconstant SNO,while the influent cycle occurs in SNH
(Fig. 3). This was to be expected: if both the (de)nitrification rates and the ratio taer0biC:tanoxic are
constant then theaverage SNOisconstant.

10
15
timeoftheday(h)

Fig.3,simulated SAW(-) andSNO (-•) forcontroller 1 duringadryweatherweekday.

10
15
timeoftheday(h)

Fig.4,simulated SAW(-) and SNO (-•)forcontroller 2during adryweather weekday.
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SNH.mm and Sno.mmforcontroller 2 are tuned to respectively 1.0 (kNH) and 0.5 (kN0) mg/1, i.e. sub5.5
strate limitation is detected when the process rate
5 ,'i '' '\
{ 1'
has dropped to 50% of the maximum rate. Opti4.5
mising Sm.min and SNO.min results in switching the
%4
aeration on/off at about 10-20% process rate limiE
tation, but such an early detection is impossible in
^
l! 3
practice. Controller 2 establishes a compromise
between control of SNHand SNo, while the switch2.5
ingfrequency isverylow (Fig.4).
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For controller 4 only the lower-bounds SNH.min and
Sm,mm need to be optimised. It is enforced that
limeoftheday(h)
Sm.min = 2 SN0,min, because kNH =2 kN0. The optiFig.5,simulated S^/ (-) and SNO (-•)forconmal tuning turns out to be SNH%min =1.4 and SN0,mm
troller4during adryweatherweekday.
=0.7 mg/1.Clearly controller4tightlycontrols SNH>
while the influent cycle occurs in SNO(Fig. 5). The bounds SNH.min a n d SNH.max in controller 3 are
tuned at resp. 1.3 and 1.9 mg/1,the average S/v/rlevels at which the optimally tuned controller 4
turns the aeration on/off. With this tuning controller 3 performs close-to-optimal, as it closely
mimics the close-to-optimal controller 4 (Fig. 5). Controller 3 achieves more constant upper and
lower limits on the SNHcycles than controller 4,because therestriction to aerate for multiplesof 20
minislacking.

#%VVVW v%^v\

The quantitative performance measures of the four controllers with optimal tuning are listed in
Table 1.All numbers inTable 1are 14days averages.From the7*-valuesin Table 1it is immediately clear that the effluent quality achieved with controller 2is the worst, while the aeration costs
are about equal tothose of controllers 3and 4.The / and qair achieved by controllers 3 and 4 are
nearly equal, astheirbehaviour isnearly equal.The optimally tuned open-loop controller 1slightly
outperforms controllers 3 and 4 in terms of the criterion f, but this is achieved at the expense of
12%higher aerationcosts (qajr). Byapplying more denitrification during thehigh loaded part ofthe
day (the period with relatively high Ss, and thus high rN0.max), controller 1better exploits the increaseddenitrification capacitythan controllers 3and4do.

Strong rainfall occurs at the end of day 8and during the first half of day 12 (see Fig. 2).The first
rain
event
flushes
the
Table 1,controllerperformance at qin=12.5 1/h.
sewerage,
controller
1timers 2depletion
causing high
3 SNH bounds 4ARHOC
8.23
12.0
8.27
8.31
f (mg/1)
RBOS con<L>(m3/day) 12.3
11.1
11.0
10.9
centrations in
the reactors,
2.9
1.8
1.6
1.6
Sm (mg/1)
and
hence
3.0
3.4
3.5
3.6
S*,(mgfl)
high denitrifisensors
ORP, pHor OUR
NH4and N0 3
cation rates.In
NH4
the Simulano.settings 2
0
2
3
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tions thispositiveeffect exceedsthenegative effect of temporarily increased loading.Atthe startof
the second rain event the sewerage hadjust been flushed, therefore the denitrification rate increase
ismuch lessandthenegativeeffect of high loading dominates.Duetotheuseof anidealised settler
model themostimportant raineffect doesnotoccur inthesimulations: sludgebeingpushed intothe
settler or effluent. Hence, these simulations are inconclusive with respect to the controllers' responsestorainevents.

7.6Sensitivity analysis
Besides the best feasible performance it is of interest to study the controllers' sensitivities to less
ideal circumstances.Therefore in this section the sensitivity of J(u) totuning parameters,measurementtimedelays andinfluent loadisinvestigated.Fig.6presentsthesensitivity ofcontroller 1 with
respect to its tuning parameters taerobic and Wmc (eqn. 3). It nicely illustrates that controller 1is
much moresensitive totheratiotaewt,iC:tanoxiCthantotheiractualvalues.
For controller 2 it is important at which SNO/SNH values substrate limitation can be detected with
how much time delay tj. To reduce the dimensionality of the sensitivity analysis the ratio
SNH,min'SNo,min (eqn.4) is kept equal tokm'-k-No- Itturns out thatJ ismuch more sensitive to SNo.min
and SNH,min than totd(Fig. 7), because reduction of SNHfrom e.g.0.5 to 0.4 mg/1takes more time
than a 10 min measurement time delay in detection of SNH=0.5 mg/1. This time could be spent
much moreefficiently for denitrification.
Controller 3 has two tuning parameters SAW,™*and Sm.max (eqn. 5).The sensitivity is presented in
Fig. 8. The interesting phenomenon occurs that an increasing SsH.max causes an increase in J(u)at
highSNH,min, but adecreaseinJ(u)atlowSNH.mm- Thereason isthat Swrlimitationisnoissue athigh
SNH.min, and therefore an increased Sm.maxjust causes an increase in SNH and hence in J(u). However, at low Sm.min increasing SNH.max reduces the part of the cycle in the 5/v/f-limiting range and
hence a slight increase in SNHis compensated by a large decrease in SN0 and as aresult areduced
J(u). Inpracticetheexceeding of theboundsisdetected with atimedelay td- ItturnsoutthatJ(u),at

Fig.6,sensitivity of controller 1 withrespectto
*aerobic «nQ lanoxic-

Fig.7,sensitivity of controller2withrespectto
with SNH,min =2 SNo,min-

td a n d s N H m i m
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nominally tuned SNH.min and SNH.max, increases
nearly linear with tj from /"=8.27 at tj=0 till
J*=9.45mg/1 at t^lO min. The larger td the
larger the amplitude of the Sw/S/vo-cycles and
hence the larger the part of the cycles that is locatedinthesubstrate-limitingrange.
The only tuning parameters of controller 4 for
which a sensitivity analysis makes sense are
an
SNOM" d SNH,min (eqn. 6), because it is hard to
say what their optimal tuning is.Like in the sensitivity analysis for controller 2, the ratio
SNH.min'-SNO.min is fixed at 2 and the analysis is
combined with the effect of the measurement
Fig.8,sensitivity of controller 3withrespectto
time delay tj (Fig. 9). Fig. 9 shows that J(u) is
SfilHmnr a n d SNH minespecially sensitive for too small SNH.min and that
the larger tj the larger the optimal SNH.min- The larger SNH.min counteracts the fact that SNH drops below SNH.min due to its delayed measurement. Moreover, t& has a worse effect at low SNH.min than at
high SNH.min- delayed detection of the exceeding of a low SNH.min keeps the S^w-cycle in theSNHlimiting range for a larger percentage of time than delayed detection of the exceeding of a high
Toinvestigate theeffect of the constraint on the minimum switching frequency of u,the sensitivity
ofJ(u)tothesampling interval Tincontroller4isevaluated.J(u)iscomputed for Tranging from 4
to 30 min, resulting in a J(u) increasing close-to-linearly from 7.52 till 8.95 mg/1. A smaller T
clearly results in a smaller J(u), due to the reduced amplitude of the Sw/-cycle at constant SNH.min
andhenceareduction of SNH .
Thesensitivity ofJ(u)with respect to q^, the plant load, has been analysed for all controllers (Fig.
10). It turns out that the performance of controller 1largely deteriorates at high plant loads due to
1
- - Ctrl 1
- -Ctrl 2
Ctrl 3
Ctrl 4

„ _ - - - " '

/ <S
^s

Fig.9,sensitivity ofcontroller4withrespectto
tdand SNH.min-

Fig. 10,J for controllers 1-4 asafunction of
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high SNH .Controller 2 is significantly worse than all others are,except for the low loaded region,
but in that region detection of nitrification/denitrification endpoints becomes more difficult andthe
simulation maywell give atoopositiveimpression. Onlyduring low process loadscontroller 4outperforms controller 3 by reducing both SNHand SNO below their lower-bounds, while controller 3
just controls SNHbetween itsbounds.

7.7Discussion
Although controller 4 is an adaptive receding horizon optimal controller, its performance is not
trulyoptimal intermsofJ(u)ineqn. 2;thisisdemonstratedbytheslightlylowerf-values achieved
bycontrollers 1and 3(Table 1).The suboptimality of controller 4hastwo reasons.First, controller
4 turns the aeration on/off for multiplesof 20 min sampling interval. This is a theory-driven constraint,theprocessonlyposestheconstraint thattheswitching interval shouldbeatleast20min.At
themoment workisgoingontochangethefixed sampling interval into aminimalsamplinginterval
T.The second reason for suboptimality of controller 4 is that its internal model is amajor simplification of the ASM no.l. This discrepancy introduces errors in the predicted NH4and NO3concentrations,butitmakes thesimulations morerealistic.
To reduce the negative effect of knownmeasurement time-delays one can use state estimators, requiringtheavailabilityof aprocessmodel.Incontrasttocontrollers 1-3 theARHOCcontrolleruses
a process model anyway. Good results have been obtained for the ARHOC with state estimatorin
pilot scaleexperiments with known 20min measurement delaysinboth SNHand SNO (Lukasseetal.,
1997)

7.8 Conclusions
The existing N-control strategies and a newly developed adaptive receding horizon optimal controller (ARHOC) (Lukasse et al., 1997) for N-removal in alternating activated sludge processes
have been compared by means of simulation. The comparison is restricted totheusual plant layout
of asmall continuously mixed anoxic predenitrification reactor, succeeded by acontinuously mixed
alternating reactor wheretheon/off aeration istheonlymanipulated input variabletotheN-removal
control loop(Fig.1).
The difference in the best achievable effluent quality of the four controllers is insufficient to conclude that one of them is indisputably the best. The cheap timer-based controller (controller 1) is
ableto perform very well, but due to its open-loop nature it is very sensitive to suboptimal tuning,
load variations and changing process rates. Controller 2 (switching the aeration on/off when depletion of nitrate/ammonium is detected) requires relatively simple measurements and only little tuning, but it performs significantly worse than all others do. Controller 3 (switching the aeration
on/off when ammonium crosses an upper/lower-bound) mimics the close-to-optimal behaviour of
controller4 (adaptive receding horizon optimal control) as long asnearly complete nitrification and
denitrification duringthelow loadedpartof thedayis infeasible.
Summarising, ARHOC requires morecomplex sensors than the othercontrollers, while the achievableeffluent quality isnearly equal for ARHOC,timer-based andNH4-measurement based control.
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The superiority of ARHOC comes in terms of its low sensitivity to suboptimal tuning and load
changes,and in terms of the little retuning that isrequired. Moreover, the ARHOC controller yields
estimates of rNHmax,rNOmaxand SNHM as additional outputs. The enhanced process knowledge can
improve e.g.the detection of toxic effects or could be used in optimising the sludge concentration
setpoint.
Acknowledgements: We are very grateful to M. Bloemen for his contribution to the software programming and to H. Spanjers for providing us with the influent data set and his useful comments.
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8Optimisedoperationanddesignofalternatingactivated
sludgeprocessesforN-removal*

8.1 Abstract
This paper presents a simulation study with the scope to optimise the plant design and operation
strategy of 2-reactors alternating activated sludge processes with only flow schedule and aeration
on/off ascontrol inputs.The methodology isto simulatethe application of Receding Horizon OptimalControl (RHOC)toarangeof different plant designs within thisclass of systems,and selectthe
combination of design and operation strategy with the best performance. Subsequently a simple
feedback controller is designed that closely imitates theoptimal operation strategy. Starting-point is
the plant layout with maximal degree of freedom within the above-mentioned class (Fig. 1),which
is commercially available under the name BIODENITRO™.The simulation results indicate that in
theoptimal combination ofplantdesign and operation strategythe performance interms of nitrogen
removal improves significantly as compared to current practice, especially if a shorter cycle length
is used. In the optimal process design thetworeactors areplaced in series,the first reactor is about
four times aslarge asthe second one.Thepossibilities tofeed influent toreactor 2andto withdraw
effluent from reactor 1areredundant. Aconceptually simple feedback controller (OSCAR, Operating aSeries Connection oftwoAlternatingReactors) ispresented that straightforwardly implements
theimproved operation strategy.
Keywords:BIODENITRO™;processdesign;OSCAR;nitrogen;processoperation;optimal control

8.2 Introduction
Inrecent yearsseveral approaches tobiological N-removalfrom wastewater in activated sludgeprocesses (ASP's)havebeen developed inresponse totightening government legislation withrespectto
effluent N concentrations. Biological N-removal requires aerobic conditions for nitrification (ammonium —> nitrate) and anoxic conditions for denitrification (nitrate —> nitrogen gas). One implementation used in practice is the operation of two hydraulically connected, alternatingly aerated,
continuously mixedreactors.
This paper aims at optimisation of the operation strategy of this type of ASP (Fig. 1)in interaction
with theplant design. Starting point isaplant design with twoequally largereactors and thelargest
possible degree of freedom within the class of 2-reactors alternating processes with only flow
schedule and aeration on/off as control inputs. Influent can be fed to either of the two reactors, effluent can be withdrawn from either reactor, there can be a flow between the tworeactors in either
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direction, andeach reactor can beeither aerobic or anoxic.This type of plant iscommercially availableunderthenameBIODENITRO™.
Although alotof attention hasbeenpaidtotheoperation of thistype of process,the (sub)optimality
of the combination of process design and operation strategy has never been studied. To investigate
this(sub)optimality the application of Receding Horizon Optimal Control (RHOC) tothe 2-reactors
process willbe simulated inSIMBA™.Thefollowing research questions are formulated:
1. Is the current practice of running the two reactors in counter phase at approximately equal
ammonium andnitrateconcentrations optimal?
2. Should the two reactors have equal volumes and is it useful to equip the plant hydraulics
with allpossibledegreesof freedom?
3. Could a simply implementable feedback control strategy be formulated, which closely imitatestheoptimal operation strategy?
The use of simulations, rather than experiments, to comparecombinations of plant design and operation strategy excludes erroneous conclusions due to arbitrary events. Moreover it would bepractically impossible to make a fair experimental comparison between all the combinations of design
and operation, which are compared in these simulations. Drawback of simulations is that the dynamicsof theprocess need tobemodelled andeven thebest model of the ASPisjust apoorresemblance of the real process. Therefore at the end of the day full-scale experiments are required to
verify/falsify themainconclusions.

8.3Currently availableoperation strategies
All published controllers for theBIODENITRO™ process (Fig. 1)aim at operating the two reactors
in counter phase (equal loading).Most of the time, one reactor is aerated while the other is anoxic.
The influent is usually fed into the anoxic reactor, in
order to maximally utilise its organic carbon content
for denitrification. The role of thetworeactors istoggled as soon as the nitrate concentration (SNO) in the
anoxic reactor reaches a preset value close to 0 or if
the process cycle length tcis exceeded. Several reports are available on manipulating tc with the objective to reduce effluent total-N (Isaacs, 1997; Zhao et
ah, 1994). Usually nitrification is faster than denitrification. If the ammonium concentration (Sm) in a
reactor reaches apreset valueclose to0 before SNO in
the other reactor does, the aeration in the nitrifying
reactor is switched off already. Effluent is always
withdrawn from the reactor with lowest SNH- In that
way the buffering of SNHin the reactors is increased
to avoid idle time during the low loaded part of the
day, i.e. the process runs with more SNH to nitrify/denitrify in storage. All published controllers Fig. 1,schemeof the2-reactors alternating
share the disadvantage that setting the large number system.
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of tuning parameters really is a specialist's task, because of their indirect relation to the operational
objectives of the process. For more details see e.g. Thornberg et al. (1993), Zhao et al. (1995),
Isaacs (1996),Isaacs andThornberg (1998)orThomsenetal.(1998).
In principle the currently available control strategies have about 10 tuning parameters: the eight
phase lengths (aphase is defined as apossible combination of aeration on/off and influent feed location inthetworeactors inFig. 1)and someadditional tuningparameters {e.g. lowerbound on SNH
and upper bound on length of aerated periods) that incidentally overrule the phase lengths. To reduce the controller's complexity at least two, and often even four, of the possible phases are discarded, attheexpense of adeterioration of thecontroller's best feasible performance. The complexity of the control algorithm and the indirect relation between costs and effluent quality on the one
hand andtuning parameters ontheotherhand donotinvite theoptimisation of tuning parametersin
practice. As aconsequence it is unknown to what extent the current combination of process design
andoperation strategyapproachestheoptimal case.Inthis studytheapplication ofrecedinghorizon
optimal control toarangeof processdesigns is simulated in ordertofind the close-to-optimal combination ofdesign andoperation strategy.

8.4 Simulation methodology
8.4.1The2-reactorsalternatingprocessmodel
Theplant is modelled astwo 800 1 continuously mixed alternating reactors (Fig. 1).Thecontrol inputs are theflows qi and q4, and the dissolved oxygen (DO) setpoints in reactor 1(DOj)and inreactor 2 (DOi).The biological processes in the reactors aremodelled by the generally accepted activated sludge model no. 1 (ASM no.l) (Henze et al., 1987) with default kinetic/stoichiometric
parameters at 20°C.Forcomputational reasonsit isassumed that lowerlevelDOcontrollers realise
their setpoints instantaneously, i.e. the DO-balance is omitted. Also for computational reasons the
settler model is highly idealised: it has no volume, the sum of the two outflows equals the settler
influent flow, whilethere areexclusively soluble components in the effluent. The sludge concentration in the reactors is controlled at 4 g/1 by means of the waste flow. The recirculation flow (qr)is
manipulated such that qjq\n - 1(with qin the influent flow rate in 1/h), according to the common
concept of recycle ratio control (Metcalf andEddy, 1979).This plant model equals the one used in
Isaacs and Thornberg (1998) to test their controller, except for the assumed steady state of theDO
balance.
8.4.2Influentscenario
Input for thesimulations aretheinfluent dataoveraperiod of 14days,proposed asabenchmarkby
Spanjers etal.(1998).These influent data contain most naturally occurring influent scenario's (Fig.
2): dry weather working days, dry weather weekends, a storm event and a second storm event two
dayslater.
The influent flow qin is scaled such that the average dry weather influent flow is 90 1/h,the value
usedinIsaacs andThornberg (1998).Theresulting average sludgeloadBx is
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14days

J_ J4.

COD,At

kgCOD
=0.132
(Vt+V2)-MLSS
kgCOD.day
where CODin=influent Chemical Oxygen Demand (kg COD/1), Vi - volume of reactor 1(1), V2
volumeof reactor 2(1)andMLSS= sludgeconcentration (kgCOD/1).
14
Bx=-

(1)

8.4.3Evaluation criteria
The most important evaluation criterion for acombination of plant design and operation strategy is
theeffluent quality, which isquantified as
14days

J3-(qt(t)-SNHl(t)+q5(t)SNH2(t))+q,(t)-SNOl(t) + q5(t)SN02(t)dt
J(V) =-

14days

(mg/l)(2)

jq4(t) +q5(t)dt
o

where SNH,]and SNH.2 (respectivelySNO.I
and 5/vo,2) are ammonium (respectively
nitrate) in reactors 1and 2, and q4 andqs
are flow rates as defined in Fig. 1.J(\x) is
the flow-weighted average of (3SNH +
SNO)in the plant's effluent. This objective
functional expresses that a good effluent
quality isachievedif bothSNHand SNO are
low, and that low SNHis more important
than low SNO- Additional evaluation criteria are average effluent SNHand SNO,
sludgeproduction andeffluent COD.
Before computing J(u) for a specific
combination of process design and operationstrategytheratioof autotrophic (XB,A)
time (days)
and heterotrophic (XB,H) organisms is
Fig.2,influent flow and SNHpattern usedin simulation.
brought in its steady state by simulating
thecontrolled process over 112days, with the influent being the repeated 14days data setof Spanjersetal.(1998).

8.5 Receding horizon optimal control of the alternating process
Inprinciple thetheory of optimal control (Lewis, 1986)is themost suitable tool tocompute theoptimal control strategy for a given plant design. In practice however it has some major drawbacks:
large computational demand, not implementable on-line, and the risk of getting stuck at local minima. The first two drawbacks are not shared by RHOC (Receding Horizon Optimal Control){e.g.
Mayne and Michalska, 1990). The third drawback can be avoided by using the enumeration algorithm to solve the optimization problem, in eqn. 3 it will become clear that this algorithm is only
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practical in the RHOC context. For these reasons
RHOC is favoured in this study, accepting the
RHOC's drawback that its limited prediction horizon
disables the exact solution of the full-horizon optimal
control problem (Bitmead etah, 1990).
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Insimulating the application ofRHOC totheproblem
of N-removal in the above described 2-reactors sysDO,
2mg/l
D02
tem there are four control input trajectories to beoptimised over each process cycle, being qi, q4, DOi
andD02. Thecontrol input constraints are
U2_
u->
J±
qj,q4G {0, 40} 0/h)
Omg/1
DO,,D02e {0,2}(mg/l)
4
Altogether this gives 2 = 16 possible combinations
(k+V2)tc
ktr
(k+l)tc
of control inputs. Notice that once qi and q4 are
known, the other flows q2, q3 and qsfollow as aconFig.3,control inputsparametrisationover
sequence (Fig. 1). Flow q4 is decoupled from the
oneprocesscycle.
other controls by adopting the current strategy to
withdraw the effluent from the reactor with lowest SNH (work queuing). The remaining three controls areparametrised accordingtoFig. 3,whereu/,u2andU3 aremultiplesofthecontrol interval T.
T isamultipleof half thecyclelengthtc, i.e. tJT =nwithneven.Bylimitingthecontrols uj, u2and
U3 to be multiples of the control interval T the number of possible combinations of control input
trajectories overtheRHOCprediction horizonHisreducedfrom infinite to
m=

A
IT

+1

TheRHOCcontroller solves ateach start of half aprocesscycle(lctc withke {0,l/z, 1, IV2, 2,...}) the
non-linear optimisation problem in eqns. 4-8 byjust computing G(u) for all m possible combinations of control input trajectories, and selecting the one that minimises G(u).The attractive feature
of this socalled enumeration algorithm is its guaranteed globally optimal solution of the RHOC's
optimisation problem within fixed time. Drawback is the computational inefficiency of the enumeration algorithm. Only the first half cycle of the computed optimal combination of control input
trajectories is implemented, i.e. applied to the earlier described process model (section Simulation
Methodology). After this half cycle theoptimisation problem is solved again with qi,DO;and D02
inFig.3flipped upside down andthe state attime (k+ Vi)tc asinitial condition. Solving ateachhalf
cycle, instead of each whole cycle, increases the feedback from the process and hence reduces the
negative effect of prediction errors bytheRHOC's internal model (eqn. 7).TheRHOC optimisation
problem isgivenby

(3)
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U = [tt,

G(u) = Jw,(?45WH-1 + ?5,SN„,2)+(<74SNO, + q5SN02)
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M3]
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^-DO,+^DO,
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(4)

%

\Q0
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*

+ H>, >,max
^NO,^-SNoa){2-D02)
subject to initial conditions [SNH,i(ktc) SNo,i(ktc) SNH,2(.ktc) SNOA^C)]
qf>(ktc+iT) =2-qia{ktc)
for
i = 0,..,nH
S w ( f e , + f f ) =0.5^„ l a (fe [ )
and subject to the model predictions:

for

.expected disturbances:
(5)

i= 0,..,nH

(6)

min(0,g3) 1-e

K

A~

0
min(0,g,) 1-e"'
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A
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DO,-2
-1D02

A

0

JllOmax _

DOa-2

L

where
<?4 +max(0,g,)

and D,

^-min(0,g3)
V,

The vector ofcontrol inputs uisrelated to qj, DO] and D02 according to Fig. 3. By taking the initial
conditions equal tothecurrent state of the process perfect non-time-delayed measurements are assumed. This choice isunrealistic forapractical implementation, butyields better insight intheoptimal performance of the process. The incoming q0 and SNH.Oare the total reactors' inflow (effect of
influent and return flow!). Asthereturn flow isadjusted such that qr =qtn (ratio-control), the resulting flow q0 isdouble theinfluent flow qin (eqn. 5).SNH in thereturn flow ismuch lower than
SNHM and hence neglected, resulting ineqn. 6.The RHOC's internal dynamic model (eqn. 7)is just
the equivalent discrete time system (Lewis, 1986) of simple continuous time mass balances forSNH
and SNO over the two reactors. The possibility ofa flow q$inboth directions necessitates the useof
the terms max(0,q3) and min(0,^) ineqn. 7,aflow from reactor 1toreactor 2isdefined aspositive.
The good fitof the same type of model fora 1-reactor alternating system to measured SNH and SNO
concentrations observed inLukasse etal. (1997) demonstrates that the model suffices forshort term
predictions ofSNH andSNO in alternating reactors. Themodel isonly valid for [DO], DO2] e{0,
DO }(mg/1), with DO anon-limiting DO-concentration, say DO > 1.5 mg/1. The model parameters rNH,max (max. nitrification rate) andrNo,max (max. denitrification rate) areestimated from simu-

(8)
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lated process trajectories. The major simplifications with
respect to the ASM no.l model (Henze etah, 1987) enable the fast simulation of the model over the prediction
horizon H.
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Table 1,RHOC'stuning parameters
parameter
W/

W>2

description
weight
weight
weight
weight
SNHmin.bound
SNOmm.bound
cycle length
control interval
prediction hor.

The RHOC's tuning parameters and their values are
W3
listed in Table 1. The first two terms in G(u) represent
W>4
the numerator of the evaluation criterion (eqn. 2), reSNH.min (mg/1)
flecting the desired effluent quality. In Lukasse et al.
SNO.min(mg/1)
(1998) it is shown that weight w; = 3is a suitable value,
tc (min)
much lower w; will make low SNo more important than
T (min)
low SNH, while much higher values will make SNOtotally
H
irrelevant. The weight W2 can be used to enforce equal
loading of thetworeactors,itpenalizes differences between theaverageammonium (SNH,- SNH 2 ) 2

value
3
0
1300
5 103
0.3
3.1
120
tJYl
1

andnitrate (SN0, - SN02)2 concentrations inthetworeactors during acycle.The default valueofW2
is 0, a value of 350 was found to be sufficient for obtaining reasonably equal loading. Weight wj
penalises feeding influent toan aerobic reactor. This penalty term is aneffort to compensate for the
absence of theknown positive effect of qo on r^o.max inthecontroller's internal model.Avalue wj=
1300appears to suffice for preventing the feeding of influent to the aerobic reactor. Finally weight
w4= 5•103, this isjust a very high value which forces theprocess to stay out of the region of substrate limitedprocess rates aslong as SNH> SNH.min or SNO > SNO.min (Table 1).This penalty termjustifies the absence of substrate limitation terms in the controller's internal model. The tuning parameters vfj, SnH,mm andS^OMn havebeen tuned iteratively suchthat7(u)ineqn.2is minimised.
Thecycle length tc is initially set equal to 120min, the value used in the controller to which Isaacs
and Thornberg (1998) compared. The control interval T is set to rr/12 (in case tc= 120 min, this
yields 7 = 1 0 min).It wasfound that smaller Tonly yieldsaminorimprovement attheexpenseofa
rapidly increasingcomputational demand (eqn.3).

8.6RHOC results
For RHOC in general it holds that, in absence of
model-plant mismatch, the larger H and the more
prior knowledge about future disturbance inputs,
the better the controller performance (Bitmead et
al., 1990).Therefore the effect of H was tested by
computing 7(u)for // = 1and H-2 cycle lengths,
both with and without prior knowledge about qo
and SNH.O in eqns. 5-6. The differences in 7(u) occurred to be less than one percent, while the computation time increases sharply with H (eqn. 3).So
it isjustified to set H - 1.Fig. 4 depicts the state
trajectories for thedefault case.

Fig.4,dryweather weekday state trajectories
of theplant inFig. 1 withRHOC,tc =120min.
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Nowthefirst research question (Isitoptimal torun
thetworeactors in counterphase?) is addressed by
investigating the effect of enforcing equal loading
of the tworeactors as a function of cycle lengthtc.
Both the default RHOC controller (Table 1), the
RHOC with enforced equal loading (vv2 =350) and
the rule-based controller to which Isaacs and
Thornberg (1998) compared their controllers are
simulated over the characteristic 14 days period,
for different revalues. The results are presented in
Fig. 5. It turns out that the explicitly optimising
RHOC controller without the equal loading constraintoutperforms theothercontrollers.Especially
atshortcyclelengthsRHOC is superior, andhence
runningincounterphaseis suboptimal.Thiscanbe
understood by observing that the shorter tc the
smaller the amplitudes in the SNH/SNO cycles.
Hence the shorter tcthe more eminent concentration differences between the two reactors can be
realised, i.e. the larger the possible advantage of
non-equal loading of the two reactors. RHOC exploits the possibility to create larger concentration
differences between the two reactors: In the predominantly denitrifying reactor 1 the fluctuations
in SNHJH areattenuated and SNO iskept low (Fig.6),
while the effluent is withdrawn from the predominantly nitrifying reactor 2,where SNH is low. Influent is fed to reactor 1 except when reactor 1 is
aerobic while reactor 2 is anoxic. All effluent is
withdrawn from reactor2.

Fig.5,7(u) asafunction oftcfor different
controllers.

Fig.6,dryweatherweekdaystate trajectories
As therole of thereactors is nolonger the samein
oftheplantinFig. 1 withRHOC,tc - 40min.
caseof RHOC,itisnolonger obviousthat thevolumes should be equal (research question 2).To investigate the effect of non-equal volumes RHOC
is applied to aplant design with volume Viranging from 400 to 1450 1,while the total volume remains fixed, i.e.Vj+Vj=16001. This simulation isdonefor RHOC withtc =40 min and withtc 120min,toseewhethertheeffects oftc and V;interact. Itturns outthat intheoptimal design of the
RHOC controlled plant V]and V2 are approximately equal,regardless oftc (Fig. 7).The optimality
for Vi =V2 looks very coincidental in the light of the two opposite effects of changing Vy. I. The
larger Vjthebetter theinfluent cycleisdampened inreactor 1,andn. The smaller Vithehigher the
concentration readily biodegradable organic substrate (5s) and hence the higher rNOmaxin the predominantlydenitrifying reactor 1.
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The results of this RHOC study show that the optimal operation strategy uses short cycles and
keepsSm low inreactor 1and SNHlow inreactor 2
(Fig. 6). Influent is fed to reactor 1, except when
reactor 1is aerobic while reactor 2 is anoxic. All
effluent is withdrawn from reactor 2. Hence, running the two reactors in counter phase is suboptimal (research question 1).With respect to theprocess design (research question 2) the RHOC
simulation results show that the possibility to
withdraw effluent from reactor 1is redundant and
that the optimal volume distribution is Vj = V2
(Figs.6,7).

8.7Simple
RHOC

controllers
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imitating

Fig.7,7(u) asafunction of Vjfor
(-) andtc= 120min(--) incaseof
default tuning.

tc=40min
RHOCwith

Implementing RHOC on-line is possible (Lukasse et ai, 1998),but rather complex. However, the
observed optimal behaviour can be cast in some easily implemented rules (research question 3),
which willcloselymimictheoptimal RHOC'sbehaviour (Fig.6).Therulesare:
1.
Always withdraw theeffluent from reactor2.
2.
ControlSN0inreactor 1 between alowerandupperbound:
0
if
DOl(kT) = -DOl((k-l)T)
if
^NO,min ^ ^NO,\
^NO.max
2
if
NOA ^
NO.min
where T is control interval (1 min), Smo.max is nitrate upper bound (3.6 mg/1) and SNO,*
nitratelowerbound (2.0mg/1)
3.
Control SNH inreactor 2between alowerandupperbound:
9
<r <>
0
if
D02{kT)= D02((k~l)T)
if
NH,mm ^ " N H , 2 ^
^NH.max
2
if
"JV/7,2 '
^NH,max
u

u

u

4.

(9)

(10)

where SAW,™** is ammonium upper bound (1.8 mg/1) andS/v//,„
is ammonium lower bound
(0.8 mg/1)
Always feed the influent to reactor 1,except when reactor 1is aerated and reactor 2 unaerated.

Thetuningof upper/lower bounds inthe algorithm aboveis suchthat theserules mimic theoptimal
RHOC behaviour with tc =40 min and V;=V2 - 800 1 (Fig. 6) as close as possible. In the sequel
this controller will be referred to as 'stepfeeding', as not using the possibility to withdraw effluent
from reactor 1reduces the BIODENrTRO™-design to a system of 2-reactors in series with stepfeeding (Stehfest, 1985).As expected, implementing this new rule-based controller yields state trajectories verymuch likethose for RHOC withtc - 40 min inFig.6(not shown).Evaluating theob-
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jective functional value 7(u) for Vi ranging from
400till 1450 1 yields the dashed line (-) in Fig. 8.
Especially for Vj > V2 stepfeeding largely outperforms RHOC. While RHOC performs optimally at
V]=V2, the stepfeeding controller achieves its optimalperformance at Vjabout 13001(V;=4V2).
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In the simulations it was observed that the stepfeeding algorithm above hardly uses the possibility
to feed influent to reactor 2. Therefore the stepfeeding control algorithm is further simplified by
modifying rule4into
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Always feed theinfluent toreactor 1.

This new algorithm is referred to as 'OSCAR' (Operating a Series Connnection of Alternating Reactors). It can be implemented in a plant design of
just two alternatingly aerated reactors in series.
Simulating the OSCAR-algorithm for V/ ranging
from 400till 14501 yieldsthe solidlineinFig.8.It
turns out that OSCAR even slightly outperforms
the stepfeeding algorithm when V/ > 700 1.Characteristic statetrajectories for OSCAR control with
V] - 13001areshown inFig.9.
The fact that OSCAR outperforms the stepfeeding
algorithm can be explained by looking at the two
effects offeeding influent toreactor2:
I.Increased denitrification inreactor 2due
toincreased solubleorganic substrate.
n.Deteriorated effluent dueto temporarily
overloadingof reactor2.

Fig.8,/(u) asafunction of Vifor stepfeeding
(--),OSCAR (-) andRHOC withtc =40min
(:)•

Fig.9,dryweatherweekdaystate trajectories
achieved with OSCAR incase V,- 1300 1.

Effect I becomes weaker when Viincreases, while
effect IIbecomes stronger when Viincreases. The superior performance of OSCAR for Vi>700 1
shows that the first, positive,effect nolonger outweighs the second, negative, effect when Vj> 700
1.

8.8Discussion
The value of 7(u) for the simulated BIODENITRO™ plant model with RHOC control and equal
loading (operating in counter phase) at a 120 min cycle length is about 12.6 mg/1(Fig. 5,RHOC,
equal loadingattc - 120min).ApplyingOSCAR atapproximately40min cycle length for thesame
plant model yields /(u) = 10.4 mg/1(Fig. 8, OSCAR at V, = 800 1).Hence replacing the current
practice of operating in counter phase by OSCAR control yields an improvement of about 17%.In

1400
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the simulations an additional 10%performance improvement (/(u) =9.4 mg/1)was achieved byusingOSCAR control and modifying theplant design from V] =V2 into Vj~AV2, while keeping Vj +
V2 unchanged (Fig.8,OSCAR atV, =13001).
Up to here the results have only been evaluated in light of the objective criterion /(u), a flowweighted sum of effluent SNH and SNO- Obviously, it is interesting to know the average flowweighted effluent concentrations of SNH and SNO itself as well. Other additional criteria are sludge
production, effluent COD and aeration costs.These complementary quantities are presented in Table 2for the most interesting combinations of control and design only.The averages in Table 2are
flow-weighted.
Table2,additional performance measuresformostinterestingcases.
controller/plant

design

RHOC, equal loading,tc= 120 min
RHOC,tc= 120 min
RHOC,tc=40 min
OSCAR, V, =800 1
OSCAR, Vi = 13001

c

e

(mg/l)
2.0
2.18
1.48
1.25
1.25

(mg/l)
6.7
5.8
6.5
6.5
5.6

sludge prod.
(g COD/day)
294.1
294.4
295.4
289.1
288.1

CODef
(mg CODA)
31.1
31.1
31.0
30.5
31.1

Inthe preceding section it was already observed that OSCAR is superior in terms of /(u). Fromtable2itappearsthat OSCAR is superior both interms of effluent SNH, effluent SNoand, though marginally, sludgeproduction. Theeffect of thecontroller/plant design combination oneffluent CODis
marginal. Unfortunately the aeration costs arenot explicitly available from the simulations, as they
were run without the oxygen balance in ASM no.l. A qualitative indication is the process knowledge that lower SNOef at equal CODe/ is only possible by replacing some of the DO as electrondonorwith SNO- HenceitisunlikelythatOSCAR causesincreased aeration costs (Table2).
Adding penalty terms to objective functionals in RHOC and optimal control problems is a usual
way toremediate known model shortcomings (e.g.Tap etal, 1996).Sometimes thisisthebestone
can do, but these simulation results nicely illustrate the risk of doing so. As mentioned before, the
penalty term w.

+^-S

^S
^in

'"

"in

in theRHOC objective functional (eqn.4) is used toreplacethe
'"

,

absence of the known positive effect of influent soluble organic substrate on rN0,max in the RHOC's
internal model. The fact that OSCAR and stepfeeding largely outperform RHOC at Vj >V2 illustrates that thepenalty term indeed enforces thefeeding of influent toreactor 2,but that the negative
effect of overloadingreactor 2outweighsthepositiveeffect of increased rNo,max- Thenegative effect
especially occurs when V2 is small. Clearly, in that case the penalty term fails toreplace the model
shortcomingin asatisfactory way.
In practice the 'best' tcis unknown, because besides J(u) other factors play a role as well. Oneof
these is the sluggish response of the hydraulics in the BIODENITRO™ plant design when the flow
direction between the two reactors is reversed. In the currently available operation strategies this
moment usually coincides with the toggling of anoxicity/aerobicity in the two reactors.The result-
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ingundesiredflowfrom theaerobictotheanoxicreactor advocates theuseof alongcyclelength.In
caseofOSCAR control thisargument nolongerholds astheflow direction isneverreversed.
Further refinement of the OSCAR rules, and fine-tuning to the specific plant under control, can
probably further improve the OSCAR performance. The first thing to look at would be the optimisation of tuning parameters SNo,max, SNo,min, S^max and 5w//,m,„.It is good tobe aware that the cycle
lengthsinreactors 1and 2increase approximately linearwith increasing SNo.ma* -SNo,min and Stw.max
-SNH,minrespectively.
IntheOSCAR-algorithm aerobicity/anoxicity inareactor isindependent of theotherreactor's state.
It will be interesting to investigate the effect of some kind of synchronisation between thereactors.
Especially becausereactor 2can neverbefully anoxic when itisfed from an aerobic reactor 1.This
effect was not incorporated in the current simulations due to the omission of the dissolved oxygen
balance from the ASMno. 1 model.Theeffect of this assumption on the simulation results islikely
tobe small, asreactor 2mainly serves for nitrification. However, if it appears to be significant then
synchronisation will be useful. Another argument in favour of synchronisation is that aerobicity in
reactor 2requires less aeration in case its inflow from reactor 1is aerobic (possibility toreduceoperational costs).

8.9 Conclusions
Running the two equally large reactors of a BIODENITRO™ plant in counter phase does not fully
exploit the plants capability to attenuate varying influent concentrations. From the simulations it
appeared favourable toattenuate variations in influent ammonium and keepnitrate low inreactor 1,
while withdrawing effluent from reactor 2, where ammonium is low (Fig. 6).This can be achieved
effectively by a straightforwardly implementable rule-based controller (OSCAR), which is conceptually very simple.The OSCAR strategy works best at short cycle lengths. Additional advantageof
thisnew typeof operation is that it can achieve this superior result in a simplified plant design with
justtworeactors inseries.
Operating the simulated BIODENITRO™ plant model by OSCAR control at a 40 min cycle length
yieldsaperformance improvement of 17%intermsof theevaluation criterion ineqn. 2ascompared
to the current practice of operating in counter phase at a 120min cycle length. An additional 10%
performance improvement was achieved by using OSCAR control and modifying the plant design
from Vi=V2 into V] ~AV2, while keeping V;+ V2 unchanged (Fig. 8).The simulated performance
improved both interms of ammonium, nitrateandsludgeproduction (Table2).
With respect to the methodology it isimportant toconclude that in this application it has been very
successful. A significant performance improvement has been achieved in simulation, and new insight was gained, by the methodology of successively building a dynamic model of the system,
simulating the application of receding horizon optimal control to different plant designs, and derivingasimplecontrollerimitatingtheoptimal behaviour.
Acknowledgements: We are very grateful to the Dutch Technology Foundation (STW), which financiallysupported thisresearch undergrantno.WBI44.3275.
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9 Grey-box identification ofdissolved oxygendynamics inactivated sludgeprocesses1

9.1Abstract
In this paper a grey-box modelling approach for the identification of nonlinear, time-varying dissolved oxygen dynamics in an activated sludge wastewater treatment process (ASP) is presented.
Herein, singular value decomposition of the locally available Jacobian matrix, or equivalently eigenvaluedecomposition oftheparametercovariance matrix,aswell asparametertransformation are
essential tools to arrive at a model suitable for adaptive, long-range prediction. The use of on-line
respiration rate measurements circumvents the need to model substrate dynamics, and thus greatly
simplifies themodellingprocedure.
Keywords:system identification, modelling,eigenvalue decomposition, dissolved oxygen, activated
sludge process

9.2 Introduction
Many biotechnological systems show anonlinear and time-varying behaviour (Bastin and Dochain,
1990).Relevant for this studyisthatthesystem output isnonlinear in theparameters.When dealing
with identification of this type of systems theclass of candidate model structures is very large,thus
frustrating the choice of a suitable model structure when no first principles are used. Black-box
(data-based) modelling techniques based on neural nets or wavelets, for instance, limit the classof
candidate model structures,but ingeneral theylead tomodelsnot appealingtoengineers inthe field
of application. Moreover, such black-box model structures are only valid on a limited prediction
range. Since long-range prediction of the dissolved oxygen (DO) concentration within a ModelBased Predictive Control (MBPC) strategy is the ultimate goal, it is chosen to start from a mechanistic-based pointofview.
Naturally, time-varying parameters are identified by using recursive parameter estimation techniques. For the sake of convergence rate it is desirable to reduce parameter correlations and thus
overparametrization as much as possible (Ljung and Soderstrom, 1983; Young, 1984). This requirement as well as the utilization of first principles put constraints on the feasible model structures.Hence,theproblem istofind amodel withcorresponding parameters for thenon-linear, timevarying dissolved oxygen process,that is suited for our intended useof adaptive long-range prediction,usingboth priorsystem knowledge andmeasured data.

f

published byL.J.S.Lukasse,K.J. Keesman and G. van Straten inproc. 13th1FACWorldCongress, 1996, vol.N,San
Francisco,pp.485-490.
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This paper demonstrates the application of amodelling approach which starts from anonlinear first
principle model structure and iteratively adjusts the number of unknown parameters in the prior
structure on the basis of available data, without sacrificing too much of the model's whiteness. In
this approach eigenvalue decomposition of the locally available covariance matrix as well as parametertransformation playacrucialrole.

9.3Modelling approach
9.3.1Priorknowledgeandpreassumptions
The prior knowledge of continuously mixed biotechnological systems is available in the form of a
dynamic modelfor the states(x)of theprocess,
— =—•*„ ~^-x +prod-cons
F
dt V " V
whereqinandqou,areflow rates, Vthevolume andxin theconcentration ofA;inthe inflow.

(1)

Inaddition tothe stateequation the following sampled-data measurement equation relates the states
tothemeasuredoutputs:
y(h) =g(x(tt), u(tk),tt;B)+e(tk)
(2)
p
in which e(.)istheso-called "output-error", u(.)theinput andGeK the vectorof model parameters.
Itisassumedthateqn. 1 isexact andthemeasurement noiseiswhite.
9.3.2Identification ofmodelstructureandparameters
The next step is the design of an identification experiment using the prior knowledge expressed in
thepreliminary model.The mainissues inthis design arethechoiceof sampling interval, excitation
of input signals,length of theexperiment and variables tobe measured. After preprocessing theexperimental data (seee.g. Ljung, 1987) theparameter vector 0is usually estimated in a (constrained)
least-squares sense,which for thesingle-output casegives

e w =argmin^e(r i |e) 2
where e(.|8) =y(.)-g(.,.,.;9) is the output residual error andD is the prior parameter domain. If the
residuals arenonlinear in the parameters, theestimation problem is usually solved by static optimizationtools (seee.g.Fletcher, 1987).
Theresult ofthefirststageisafirstprinciplesmodel andanestimated parameter vector QN .Theprocedurecouldstophere,butoften thepriormodelturnsouttobeoverparametrized ormaygiveunsatisfactory residuals. So, subsequently the phase of iteratively modifying the model structure within the
conceivablemodelclassMandestimatingnewparametervectorsstarts.
In making a choice between candidate model structures one essentially has to trade-off misfit
againstcomplexity.Here,themisfit isexpressed intermsof theresidual error variance,

(3)
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°c2=^—ie(h\V2

(4)

N-pt!

Unlikethelinearcase,auniversal complexity measurefornonlinear model structuresisnotavailable.
In ourapproach overparametrization is avoided byevaluating thedominant directions in theuncertainty region of theestimates. Theprocedure istofirstmake theresidual error variance assmallas
possible, andsubsequently toreduce both thenumber of unknown (freely selectable) parametersand
theircorrelations asmuch aspossible,ifnecessary bymodifying themodel structure within theclass
ofcandidatemodelstructuresM.
Local parameter uncertainties around theestimate 0^ aregiven bythecovariance matrix oftheestimates,definedby
CovQN=(Te2(XTXrl
where XistheJacobian matrix

(5)

de(tk\B)
<— with k=l,...,N andj=l,...,p.Dominant parameter directions
dQj

canbefound from aneigenvaluedecomposition ofthecovariancematrix,thatis
\TCovQN\ =A
whereVisanorthogonal matrix ofeigenvectors andAisadiagonal matrix with eigenvalues.Alarge
valueofthe7-thdiagonal element inA,ascompared tootherelements indicates arelatively largeuncertainty inthedirection spannedbythe7thcolumn ofV;aformal significance test ofdifferences between eigenvalues canbefound inKendall (1980).If, for instance,element Vjjislarge (almostequal
toone)ascomparedtootherelementsinthiscolumn,parameterestimate QN( containsrelativelylarge
uncertainty andwould hardly affect thesumofsquares. Hence, such aparameter isacandidate to be
fixedduringfurther analysis,thusreducingtheremainingparameter uncertainties.Sointheparameter
reduction procedure anincreaseinthesumofsquaresisoutweighed againstadecreaseinthe parameterestimates uncertainty.
After having selected and estimated the dominant parameters, the assumptions with respect tothe
whiteness oftheoutput error, andhence with respect totheexactness ofthesystem dynamicsrepresentation, arecheckedbyevaluatingtheautocorrelation function oftheoutput residuals.Furthermore,
itischecked whetherthere still remains information intheresidual sequence with respecttoobserved
inputs.Dependence between uandeisusuallytestedbycomputingthesamplecross-correlation function.Ifoneofthesecorrelation functions shows significant correlation ataspecific timelag,eitherthe
model structure ofeqn. 1needsmodification orasystemnoisetermmustbeaddedineqn. 1to representtheunmodelledsystemdynamics.

9.4 Application
The procedure isapplied tothemodelling ofthedissolved oxygen (DO)concentration inthecompletely mixed aerator of an activated sludge pilot plant. Anovelty in thepresent application isthe
availabilityofadirect measurement ofthenon-DO-limitedoxygen uptake rate,oractual respiration
rate, rachbymeans of thecommercially available RA1000 (Manotherm B.V.,Holland) (Spanjers,
1993). The use of respirometry avoids identifiability problems associated with direct estimation

(6)
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from DO-measurements (Holmberg, 1982;Holmberg et al., 1989;Bocken et al, 1989), as well as
theneedofmodellingthesubstratekinetics.
9.4.1Priorknowledge
Theapriori knowledge oftheDO-dynamics iscontained inthefollowing model:
dC_ -/(Or„+* a(0-(C,-C)-3L^C
t
dt

(7)
(8)

C
/(C)=
C+kr

(9)

y(0=C(0+e(0

(10)

whereqin=qr =0.8 1/minand V=4751. From previousexperiments it wasroughly known that Cs 9.23 mg/1,a =3.3410"31"\ y= 5.9010"2min"\ andkc = 0.3 mg/1(see list of symbols).The oxygen
mass balance (eqn. 7) consists of an oxygen uptake term, aterm to describe air supply and atransport term.The initial model (eqns.7-9)isacollection of knowledge from first principles, literature
andprevious experiments. Uncertainties in the model structure are mainly found in the relation betweenkLaandqair. Thisrelationship isusually assumedtobelinear,either with orwithout an off-set
y (Marsili-Libelli, 1989; Holmberg, 1982; Dochain and Perrier, 1992; Tanuma et al., 1985), although it is likely that the slope of the curve decreases with increasing qatr(Carlsson and Wigren,
1990).Also the oxygen uptake limitation term/(C), here taken as the well-known Monod kinetics,
isuncertain.
9.4.2Experimentdesign
The inputs to eqn. 7 are qair(t) and ract{t). A
random binary sequence (RBS) superimposed
on a triangular-like signal was put on the air80
flow (Fig. la), covering its relevant operating
60
range. The only way to excitate rac, is by ma40
20
nipulating the substrate concentration in the
0
aeratorbymeans of the influent. Due totechni.
. time(h)
,
cal limitations it was only possible to switch
Fig. 1,Designedexperimental inputs.
between real waste water and tap water. An
RBS was designed to switch between these two (Fig. lb). The pilot plant data are sampled every
minute,which isconsidered fast enough in view ofthedominant timeconstant of theDOprocessof
several minutes.
100

9.4.3Identification ofmodelstructureandparameters
The resulting observations over the first 11 hours are shown in Fig. 2. In periods where the plant
onlyreceives tap water, theDO exceeds thenormal operating range.Therefore, initially, the identi-

-
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fication was restricted to the data of the first
couple of hours, leaving out the noisy period
around t= 3hours,where there were temporary
difficulties withtheractmeasurements.
The fit of the model consisting of eqns. 7 - 10
with optimised parameters kc, a, y, and Csappeared to be unsatisfactory, so the model structure needed to be modified. Firstly, in view of
the discussion in section 3.1 it was decided to
extend eqn. 8 with a term proportional to the
square root of qatr.Secondly, based on crosscorrelation analysis a dead time (A) was introducedfor qair. Physically, this isjustified dueto
the delay between putting the airflow setpoint Fig. 2, Measured DO and rac,during the experion the outport of the process computer and the ment.
actual occurrence of a new column of bubbles
in the aerator. Thirdly, a scaling factor ifmax) to rac, was introduced in order to trace apossible systematicerrorinthis signal.Inthesethree stepseqns.8and9aretransformed into

M O =«•<U'- 4)+0•Jqjt-A) +Y
/(C)=/

(11)
(12)

-'^7

The model consisting of eqns.7, 10- 12contains seven unknown parameters, tobe estimated from
thedata.Theresult for te [0, 150]min.ispresented inTable 1(column 2)andFig.3,showingthat
themodel output satisfactory fits thedata.
Now, the number of estimated parameters needs to be reduced as far as possible. The estimated
value ofJmax close to oneconfirms the correctness of the measured ract, so for the time being/ „ is
fixed atone.In alater stageitsrecursiveestimation mightbereintroduced asanalarmfor failures of
the respiration meter. As stated before the time
lagA iscaused inthe electro-mechanical partof
the system, and so will be largely time.
invariant, therefore it is fixed at 0.5 min. The
measurements
optimal estimates for the remaining five paoe-model
/
rameters are presented in Table 1 (column 3).
As can be seen the error variance oE is hardly
7
increased byfixing/ „ andA.
Successive reductions in the number of free parameters were made on the basis of analysis of
dominant direction in parameter space. As an
illustration oftheprocedureconsiderApp.1.
0

50

100
time(min)

Fig.3,Bestfitting model.

The largest eigenvalue of the covariance matrix
is about 15 times the second largest, indicating

108

Control and Identification inActivated Sludge Processes

an insensitive direction in the parameter space.
The accompanying eigenvector that spans this
insensitive direction is dominated by the fourth
parameter, being Q . This means that the errors
in the estimate of Cs have only minor influences on the sum of squares of the residuals.

Table 1
parameter
A (min)
Jmax

ad1)
P (1 1 / 2 min

exp.

estimated value

0.5
1.04
-0.82
1.88

-0.80
1.85

-1.29
3.60

lO"3
2.13

The estimated C s -value of 17.4 for t e [0,
150]is much larger than the physically expected
-4.71 -4.67 -8.33 -4.51
y (min 1 )
values which should be in the range of 8 - 10
1
0.54 0.29 3.16
0.54
Mmgr 1 )
mg/1. In view of the uncertainty in Csit was deCs(mgr ) 17.5 17.4
cided to estimate both Cs and the parameters
6.8
6.8
9.4
9.6
Oe (mgl"1)
determining kLa from the measurements at high
DO concentration, i.e. for t e [300,450] (Fig. 2).From these data it was found that Cs= 9.12 mg/1.

io-2
10"2

10"2

In the following analyses Cs was fixed at this value. This slightly deteriorates the results for the
lower DO concentrations, but it makes the model much more acceptable to engineers in the field of
application. The result of optimising the remaining four parameters, again for t E [0, 150], is found
in Table 1(column 4). As before the estimates of a, P andy turned out to be heavily correlated (not
shown), indicating that one may expect convergence difficulties during on-line recursive estimation.
In view of the fact that the absolute value of a is small it was decided to set its value equal to zero,
thus further reducing model complexity (Table 1,column 5).
As expected the correlation between P and y is still very large (not shown). Moreover, from the
small values of the remaining eigenvalues (not shown) it is concluded that further parameter reduction is no longer justified. The remaining large correlation between P and y may well become a
stumbling block during recursive estimation, and therefore this is not very satisfying as final result.
A possible way out is to reformulate the model, such that the parameters are less correlated. Most
correlation in eqn. 7 is caused by the products of P and y with Cs- This correlation is removed by
substituting eqn. 11with a = 0 into eqn. 7 and defining a new set of parameters. This transformation
is purely a parameter transformation, offering some model whiteness, resulting in
dC

i

/

— = -f(C)-r
+a\q . (t-A) + P\q . (r-A) C+Y,C +S'—'•*
dt
act
v air
v air

<?.
r +<7

-C
y

(13)

with a!=P * Q , P'= -P, Y'= -Yand 8' = y*Cs.
The estimated parameters are presented in Table 2 (column 2). Analysis of the covariance matrix
shows that y is insignificant, so it should be possible to fix y' at zero without introducing a large error (Table 2,column 3).
In accordance with our expectation, quitting y only causes a minor increase in the sum of squares.
From the correlation matrix (not shown) there appears to be a quite strong correlation between p'
and kc, although it is much less profound than that between P and Yin the model consisting of eqns.
7, 10 - 12.The eigenvector associated with the largest eigenvalue is dominated by a combination of
P' and kc- Therefore it is not straightforward to fix another parameter. The resulting model fit with
0"E = 7.4 10"2instead of 6.8 10"2mg/1is visually hardly distinguishable from that of Fig. 3.
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Autocorr.functionof residuals

parameter
a' (mg l"15 mirf
>/2)

estimated value
0.1656
0.1608

P'(r 1/2 min- ,/2 )
y'(min"1)
8'(mgT1 min"1)

-1.3213-10"'
5.2014 10"2
-0.4285
0.6266
7.3 10"2

Mmgr 1 )
Qe (mg 1')
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V_x__

'
\*^-——-^.^~^

0

..

,

-0.5,

-6.216210":
-0.3831
0.6023
7.410"2

-20

Crosscbrr.function between Rdctandresiduals

To test the noise assumptions of the model the
autocorrelation of the residuals and the cross cortime lag(min)
relation of theresiduals with theinputs are shown
Fig.4,Correlation functions.
inFig.4.While the latter arewell within the 95%
confidence interval aroundzero,thereisstill asignificant autocorrelation, indicating thepresenceof
system noise, and hence violation of the assumption that the system dynamics are represented exactly. Consequently, in further analyses the state eqn. 7 is extended with an additional white noise
term.
Because of the relatively low parameter correlation the model consisting of eqns. 9, 10 and 13is
preferred abovethatofeqns.7-10 asastartingpointfor recursive identification.
Anextended Kalmanfilter (seee.g. Young, 1984),hasbeen appliedtothemodelconsistingofeqns.
9, 10 and 13over the complete data set. Over the application relevant operation range of the first
three hours the parameter estimates arereasonably constant. However, when the system isforced to
a radically different operation range, theresulting parameter trajectories (Fig. 5) donot converge to
a constant value as expected. This demonstrates the need for an adaptive modelling approach resulting in different parameter values for each output range. If, for instance, the operation range is
extended tohigherDOconcentrations,thesaturation concentration Cswill becomemoreandkcless
significant

9.5 Conclusions
A nonlinear modelling approach, starting from
a first principles model and using eigenvalue
decomposition analysis to indicate superfluous
parameters, has been presented. Essentially, the
approach allows for a well-balanced decision
between preserving model-whiteness and good
identification properties in a recursive estimation context.
The method has been illustrated to work well
on the identification of the DO-dynamics in an

300
400
time(min)

Fig.5,Recursively estimatedparametervalues.
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activated sludge process. In this example it proved to be possible to arrive at a well identifiable
model,whilelargelyrespecting thepriorknowledge ofthenonlinear systemdynamics.
Acknowledgments: This research is supported by the Technological Foundation (STW) under grant
no. WBI44.3275. The authors thank Dr. Bram Klapwijk of the Environmental Engineering Departmentfor hishelpful comments.
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9.7Appendix 1,listofsymbols

c

Cs
qin
IT

V
r

act

klfliqair)
qair

- DO-concentration (mg/1)
=DO-saturation constant(mg/1)
=influent flow (1/min)
=return sludgeflow (1/min)
=aeratorvolume(1)
=actuallymeasured respiration rate(mg/l.min)
=oxygen transfer coefficient (min1)
=airflow (1/min)
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a
(3
Y
f(C)
kc

=oxygen transfer parameter (l 1 )
=o x y g e n transfer p a r a m e t e r (1" 1/2 min" 1 / 2 )
=oxygen transfer coefficient atzeroqair(min1)
=oxygen limitation term
=Monodconstant inDO-limitationterm(mg/1)

9.8Appendix 2,parameter uncertainties ineqns.7,10 -12
6„ = [a P YCskc] =[-0.80 1.85 -4.67 17.4 5.41] (exponents omitted)
Cov 9„:
0.0320
-0.0463
0.1146
0.1543
0.0514

-0.0463
0.0759
-0.1852
-0.3647
-0.0969

0.1146
-0.1852
0.4595
0.8408
0.2176

0.1543
-0.3647
0.8408
2.9952
0.6295

0.0514
-0.0969
0.2176
0.6295
0.1833

Correlationmatrix:
1.0000
-0.9379
0.9445
0.4982
0.6711

-0.9379
1.0000
-0.9913
-0.7649
-0.8215

0.9445
-0.9913
1.0000
0.7166
0.7498

0.4982
-0.7649
0.7166
1.0000
0.8495

0.6711
-0.8215
0.7498
0.8495
1.0000

-0.2839
0.3065
-0.8309
0.3424
-0.1332

0.7719
-0.4710
-0.3921
0.0470
-0.1621

-0.0682
0.0276
0.2450
0.1411
-0.9564

0.5619
0.8176
0.1201
0.0329
0.0192

0.0007

0.0412

0.0000

V:
-0.0562
0.1225
-0.2852
-0.9271
-0.2023
diag(A):
3.4487 0.2554
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10Estimation ofBODst,respiration rate and kinetics ofactivated sludge1

10.1Abstract
Tight control of Activated Sludge Processes (ASP) is hampered bythe lack of reliable information
about important process characteristics. Someof those important characteristics are sludgekinetics,
short-term biochemical oxygen demand (BODSi)andrespiration rateintheaeration tank. Spanjers et
al. (1994) developed a technique to estimate those characteristics from data collected from acontinuously fed respirometer with a specially developed operation strategy. Essential in their estimationtechnique istheinstablebackward integration of aforwardly stabledifferential equation.
In this paper an improved on-line implementable estimation methodology is presented. The estimation problem is formulated as anon-linear optimization problem, avoiding backwad integration and
estimating the respirometer flow. This novel methodology has been applied tothe data set of Spanjers etal.(1994).Theresultingestimates turn outtobecomparable tothose obtained bySpanjers et
al. (1994). But, contrary to expectation, the estimates still suffer from unacceptable inaccuracy due
tolargeparameter correlation.
However, a slight modification in the measurement strategy is proposed which will eliminate the
problem of parameter correlation toalargeextent and soenable more accurate estimation. Thenew
measurement strategy isonly advantageous when combined with thenovel estimation methodology
presentedinthispaper.
Keywords: estimation, identification, respirometry, short term biochemical oxygen demand, sludge
kinetics,uncertainty analysis

10.2 Nomenclature
BODsl
Cin, C
DO
e
ks
q
rac,
re

- short termbiochemical oxygen demand
- dissolved oxygen concentration ininfluent andeffluent (mg/1)
=dissolved oxygen
- measurement noise,assumedtobewhite
=kineticconstant (min"')
= flow through therespiration chamber(1/min)
= actual total respiration rateinaeration tank(mg/l.min)
= endogenous respiration rate, being the sum of truly endogenous respiration rate and
therespiration of possiblehydrolysisproducts (mg/l.min)

* published byL.J.S.Lukasse, K.J. Keesman and G. van Straten in WaterResearch, 31, 1997,pp.2278-2286.
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- substrate respiration rate (mg/l.min)
=maximum substrate respiration rate (mg/l.min)
=correlation matrix of 0

S, Sin, SAT = substrate concentration in respirometer, respirometer influent and aeration tank (mg
BOD st /l)
to,tf
- initial and final time ofmeasurement inamode (min)
tk
=k-th sampling instant inamode (min)
V
=respiration chamber volume = 0.7311
y
- measured dissolved oxygen concentration (mg/1)
A
=time shift inswitching point between two successive modes (min)
e
=model mismatch, i.e. measured DO -estimated DO (mg/1).
at2
=residual variance (mg2/l2)
2 .e
=covariance matrix of 0
0

=/^-dimensional parameter vector

ve
v
v
v

=variable vine-mode, where vcan beany variable.
=variable vin1-mode, where vcan beany variable,
=steady state value ofv, where vcan beany variable,
=estimated value ofv, where vcan beany variable.

10.3Introduction
In thepast few years it hasbeen recognized that respirometry, involving the reconstruction ofthe
oxygen uptake rate from DOmeasurements under specific conditions, hasgreat potentials (Shamas
and Englande, 1992;Spanjers, 1993; Vanrolleghem, 1994). However, the on-line estimation of
wastewater andsludge characteristics using respirometric data hasnotyetbeen fully explored. This
paper isan attempt tofurther explore this area from anidentification point of view. But,letus first
mention anumber ofcontrol-relevant estimation items related to respirometry.
In theDOcontrol loop theactual respiration rate (rflC,) is themain disturbance. Haarsma andKeesman (1995) showed that explicit use ofits on-line measured value canlargely improve the performance of aDOcontroller. Thecurrently available measurement technique requires the addition ofa
small continuous flow ofinfluent tothe respirometer proportional tothevarying influent flow of the
aeration tank (Klapwijk etai, 1992). This small flow isvulnerable toerrors due tocongestion of the
thin hose required tomaintain the small flow. Sothere isaneed foraneasier way tomonitor ract.
Active control with theobjective tomeet effluent BOD 5 norms is impossible because of the 5-days
time delay inherent tothe measurement. Yet, effluent BOD5 iseffected bymany control inputs, like
length of anaerobic/anoxic/aerobic phases, feedpoints, intensity of aeration and (internal) recycle
flows. BOD st is defined as thesumof oxygen demand for oxidation of all sorts of readily biodegradable organic compounds and NH4. When reliable estimates ofBOD sl areavailable these maybe
used explicitly in feedback control loops, as BOD st reflects the controllable part of BOD5. Inthe
currently available respirogram-based measurement technique, like applied by Vanrolleghem and

Chapter 10.Estimation of BOD'«,respiration rate and...

115

VanDaele(1994),themeasured BODst alwayshasatimelagof at least half an hour, which is unfavorablefor control purposes.Hence,afaster methodofmeasuringBODstisrequired.
Sludge kinetics will vary due to e.g.changing temperature, concentration and composition of both
substrate and sludge. Therefore their on-line identification has received considerable interest in recent years (Vanrolleghem & Verstraete, 1993; Vanrolleghem & Coen, 1995; Carstensen et al,
1995). It is believed that subsequent adaptation of setpoints of controllers for substrate concentration andrespiration ratesmaybeauseful tool inoptimizingprocess operation.
The estimation methodology used by Spanjers et al. (1994) uses the backward integrationof the
substrate balance, being a differential equation stable in forward time. The inherent exponentially
growing integration errorisreduced byshiftingtheintegration startingpoint, thus violating theinitial conditions. This boils down to ahard choice between variance and bias of the estimates and is
formally incorrect. Furthermore the methodology assumes the flow through the respiration meter to
be known from measurements. In practice this assumption is often violated, as the flow slowly
changes duetowearing and fouling.
The main objective of thispaper istopresent anestimation procedure of some relevant characteristics in an ASP using a nonlinear optimization problem formulation. Herein, the flow through the
respirometer isincluded inthevectorofparameters tobeestimated and all differential equations are
integrated forward in time. By applying the new methodology to the same data set as used by
Spanjers etal.(1994)theestimatescanbecompared.
The outline of the paper is such that first Spanjers' measurement strategy is shortly summarized.
Then theestimation problem is formulated as anonlinear optimization problem and results arepresented. Next the estimation of the actual respiration rate in the aeration tank is addressed. Subsequently the estimation results are discussed, from which proposals for improved experimental design emerge.Finallythepaperendswith someconclusions.

10.4Measurement strategy
The measurement strategy, as applied by Spanjers etal. (1994), is based on the repeated excitation
of thedynamics intherespiration chamber of anRA-1000respirometer. Basically, this respirometer
consists of a peristaltic pump maintaining a flow of activated sludge through a small intensively
stirred respiration chamber of 0.75 1.At the exit of the respiration chamber a DO-probe measures
the dissolved oxygen concentration. Every 30 seconds the flow direction through the respiration
chamber ischanged, and soevery 30seconds ameasurement of alternately effluent and influent DO
is obtained (Fig. 1, Fig. 6a). Excitation is obtained by alternately loading the respirometer with
loaded sludge from an aeration tank, fed with presettled domestic waste water, in the so-calledlmode and endogenous sludge, produced in
a bypass tank (1 h detention time), in the
so-called e-mode, each mode lasting 15
minutes (Fig. 1).Aconstant flow of 0.3575
1/min has been used. For a more detailed
description of the experimental conditions
werefer toSpanjers etal.(1994).
Fig. 1,schematicoperation of respirometer.
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The oxygen measurement data set consists of 90 1-and e-mode cycles. Every sixth 1-mode isreplaced byana-mode measuring theactual respiration rate rac,intheaeration tank (Fig. 2). This will
be used tocompare theestimated rac,with. Tomeasure rac,an additional small influent flow isfed
to the respiration chamber s.t.insteady state 5= SAT, while in1-mode steady state SJ„=SAT and soS<
SAT and the measured rt0,<racl.

10.5Respirometermodel
Under thereasonable assumption of constant biomass concentration, therespirometer is
describedbytheDOand substrate balances,givenby

completely

rfC

=-~(Q,(')-C(f))-re-,i(0
dt V

(1)

dS_
dt

(2)

and

v

(Sin(t)-S(t))-rs(t)

where
SAT(t)
0

1-mode
:-mode

In these balances theonly measurable quantities are C(t) and
Cinit). In the sequel the notation
d, S1andC, S* denote DOand
substrate (mg BOD st /l) in the
respirometer during respectively
the 1-modeande-mode.
The influent flow switches immediately after the last sample
C(tf) of a mode, being the first
sample Cifo) of the next mode.
The exact switching moment of
Ci„(t) is slightly later but unknown duetoa time delay inthe
supply hose. This uncertainty is
dealt with by introducing a time
shift A. Let C,„(f.2) denote the
50
100
150
200
last measured influent DO contime(min)
centration before switching time
toandaccordingly Cin(t2)thefirst F i S ' 2 ' characteristically measured DO concentrations in a„.
. .
.r
and 1-mode.
after to.Then ontheinterval [f.2,
t2]Cin(t)isinterpolatedas:
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t_x<t<t0 +A

C,„(*_J
2

CJO=

cjtj1

-t
2

(C„(',)-C,(r_,))

h~ "'_!

t0 + A<t<t,

Exactlythesameinterpolation isappliedto5,„(0Under normal conditions the endogenous respiration rate reis rather constant, as it mainly depends
on the hardly varying biomass concentration. Its value may be determined by observing that in the
steadystateattheendof thee-mode

=0 and rs(t)=0, sofrom eqn. 1 itfollows that:
dt

re(t)=f(q:-C')

(3)

wheretheoverbardenotes steady statevalues.Oncere isknown the substraterespiration ratersmay
bedeterminedfrom eqn.1:

rs(t)=^(Cin(t)-C(t))-re(t)-^P-

(4)

V
dt
As the DO concentration is non-limiting and the biomass concentration is constant, rs solely depends upon the substrate concentration. Inliterature anumber of models have been proposed todescribethiskineticrelationship.InthispapertheBlackman (1/0)modelisused:
rsiS t)

' ~-{

rf-

(5)

S(t)* * _ / * ,

During the experiment the measured ractat the end of a-modes was significantly higher than the
measured r,0, attheendof 1-modes(Fig.2),sors(t)<rSimax. Under this condition eqn. 5 is a bijectivemapping and soitmaybeinverted togive:
S{t)=r-^>-

S(t)<r Smax /* s

(6)

Once rs(t)isknown from eqn.4,S(t)for knownksfollows from eqn.6 andfinallythe influent substrate concentration in the 1-mode,which is equal to SAT,follows from the steady state of the substratebalance (eqn.2)attheendofthe1-mode:

M 0 =s'+4

(7)

V

Byreformulating eqn. 4 for the 1-modesteadystateand substituting eqns. 3,4 and 6 in eqn. 7 the
following expression for SATis found:

sAT(t)=ac!n-c,)-{ci:-c<))-a+-3-)

w

ksV

Once re,ks and SAT are known the actual respiration rate rac, in the aeration tank may be reconstructed as the sum of reand rs,AT, where rs,AT is found by substituting SAT and fo into the kinetic
model (eqn.5):
rM(t) = re(t)+ksSAT(t)

(9)
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andbysubstituting eqn.3and 8ineqn.9:
raa(t)=(ks+p(Cill-C')-ks(Q-Ce)

(10)

10.6Estimationprocedure
From theequations and measurements discussed inthepreceding section theparameters ks,Aandq
are estimated. Though measurable, the flowqis estimated. Its estimation isunlikely to becomea
problem,asitisdominantlypresentinthesystem.
On the basis of the reasonable assumption that the endogenous respiration rate is constant during
onecycleof e-and1-mode,itcanbeestimated from thesteadystateof theDObalance attheendof
the e-mode. Furthermore, by assuming that the substrate concentration SAT in the aeration tankis
constant during one1-mode,it maybeestimated from the steady state of thesubstrate balance atthe
end of the 1-mode. This might introduce small errors in case offast changing plant load, as van
Straten etal.(1993) derived that typical values for the time constant of the substrate balance in the
aerationtank areintherangeof 20-30min.
Initially oneoverall estimation problem was formulated. However the correlation between the three
parameter estimates turned out tobe very large,causing large computation times.Therefore theestimation problemis split upintwoparts,byutilizing both eqns.4and 5toestimate rs(t).Decomposition cannot remove parameter correlation, butitisaway to circumvent its slowing effect on the
estimation process.Thetwostepsof theestimation problem areoutlined below.
10.6.1 step1Estimationofq andA
The first problem is the estimation of q and A,estimating the trajectory rs(t) directly from the DO
data.Theoptimization problemisstatedas
min J(81) =fje(tk;9l)2
0,=lq M

(11)

subject to
e{tk-ei)=y{tk)-C(tk;9i)
y(h) = C(tk)+e(tk)
dC(t)_ q
•(Cin(t)-C(t))~re-rs(t)
dt V

, C(t0)=y(?0)

rs(t)= l(Ci„(t)-C(t,Gl))-re-^pV

dt

at

h-tk_,
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t0<t<t0+A

Q,('i)
t, -t

0.(0=

Cin(h) +- J
*

(C,„(?_,)- Cta(f,))

f,-f

r0 +4 <f<r,

where iV is the number of measurement points in one mode (= 15), and y(tt), C(tk), C{tk) are the
measured, true and estimated DO concentration at sampling instant h in amode.From this estimationproblem anestimateof thesubstraterespiration rate rs(tk) atthe 15measurement pointsin acycleisobtained.Theseestimates areusedinthenextstep.
10.6.2 step2Estimation ofks
In this step the kinetic constant ks is estimated by fitting the estimates r s (S,0 from the kinetic
model (eqn. 5)tothe estimates from step 1,denoted by rs(tk;0x). The optimization problem is formulatedas
Y{rs(ttA)-rs(S,tt;e2)}2

min J(92) =
62=ks

(12)

subject to
^ l =
l.(Sti<-S(t))-rs(S,f,e2)
at V
rJS,t;62) = k,S(t)

S(to)= r s (/ o ;0,)/*.

SAT={(CL-Cl)-(Ci:-Ce)}-(l

S,=

+-2-)
ksV

l-mode, t > t
e-mode , t>t,

0
SJt_L)

SM-.

t0<t <t0+A
t, -t

Sm(tt) +—
2

(Sin(t ,)-5,„(f,))

t, ~t ,

2

t0+A<t<r,

2

2

In addition to the parameter estimates obtained from the optimization problem, the uncertainty in
the estimate 9 is evaluated, like done by Lukasse et al. (1996), Schneider & Munack (1995) and
Vanrolleghem etal.(1995).Ameasure of the uncertainty resulting from each individual stepin the
estimation procedure isprovided bythecovariancematrix associated with 9, whichisgivenby
Z.=ac\\TXr
whereXisthelocallyavailableJacobian matrix with theelements
X(k,j)=deitk)Q)

k =l,..,N

and j =l,..,p

(13)

(14)

d0 j

andoE2istheresidualsvariance,defined by

2
—te(0)
N-p

(15)
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with N the number of data points in one mode. Another measure closely related to the covariance
matrix isthecorrelation matrix of 0,
Zs(*.7)

Rdkj)=-

\ji:.(k,k)--L.u,j)

Thecorrelation matrix indicates dependencies between parameterestimates.
Anextra sourceof uncertainty inthetwo stepprocedure of this section is the propagation of uncertaintyfrom theestimatesof step 1 intotheestimatesof step2.Theeasiest waytoevaluatethis effect
isbylayingagridoverthe 2a-boundeduncertaintyregion of 0, andestimating 62 and S- for each
individual grid point. From this a 2a-region for 92 can be constructed, based on the combined effects of S. andpropagation from 2- .

10.7Results
The presented results are limited to the model fitted in the 1-mode,as this mode contains the most
information intherangeof5(f), which isof interest for acontrol system design.Generally speaking,
the e-mode results were smoother, but less significant. The estimation procedure has also been applied using Monod (containing an extra parameter) and Blackman (WO) kinetic models, but with
worse results.Hence,there is focused onresults using aBlackman (1/0)kinetic model anddataobtainedin1-modeundernon-saturating substrateconcentrations.
Despite the high signal-to-noise ratio of the oxygen measurements (Fig. 6a) the simultaneous estimation of q andAin step 1of the estimation procedure appeared to be nearly impracticable due to
huge parameter correlation. Fig. 3a shows a set of [q,A] pairs equally distributed within the 2abounded region of [q, A], approximated from its covariance
matrix. Clearly the correlation
between q and A is large. By
solving the second step in the
estimation procedure for all
pairs [q,A]in Fig. 3a the uncertainty propagation to ks is
found. In Fig. 3b and c the resulting estimates of ks (without
individual uncertainty regions)
*>**imKMmxm
are plotted versus q and A. It
"***
turns out that ks is insignificant
and the estimated SAT can take
any value (Fig.3d),becauseSAT
0.2 0.4
has a vertical asymptot at ks= 0
k (min-')
(eqn.8).
Fig.3,characteristic 2a uncertaintyregions in1-mode.
s

(16)
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To investigate the potential of
estimating q for known A, it is
fixed at a reasonable value and
only q is estimated. A proper
choiceof avaluefor A in1-mode
isfound tobe0.07 minutes.Obviously a wrong value for Awill
result in biased estimates, but
for anevaluation of thepotential
of the estimation procedure this
is acceptable. As can be seen
from Fig.4theestimatesofq for
known Aare accurate, confirming the correctness of the choice
for itson-lineestimation.
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nominal estimates and2o -bounds in l-mode
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The uncertainty in q propagates
into ks, which itself has a rela10
15
20
25
time (h)
tively large variance as well, resulting in mainly insignificant Fig.4,estimation results from 1-modewith significant estimates
estimates ks, and so insignifi- ofSArstressedbyfat underbar.
cant approximations of SAT.Fig.4contains thenominal estimates and their 2o-bounds for all available1-modes.
Summarizing, theparameter correlations inherent tothecurrent combination of model structure and
data set are unacceptably large. Only the resulting numerical problem has been solved by splitting
the estimation procedure in two steps. It is expected that the parameter correlations themselves can
be largely reduced by optimizing the measurement strategy for the estimation procedure of this paper,aswillbedemonstrated inthesequel.

10.8Estimation oftheactual respiration rateintheaeration tank
Usingtheoutcomes of theestimation probleminthepreceding section rac,{t) maybeestimated from
eqn. 10,in analogy with Spanjers etal.(1994).This method has been applied tothe1-modeestimation results of the preceding section. It appeared that the order of magnitude of the estimates racl(t)
corresponds with that of the measured rac,(t) (Fig. 5). Yet the estimates are unsatisfactory both becauseofthetoolarge 2o-interval andbecauseof theunrealistic spikiness ofthenominalestimates.

10.9Proposalsfor improved measurement strategy
The main difficulty in the estimation procedure is the large correlation between time delay Aand
flow qin combination with the poor identifiability of A.The uncertainty in parameter A only exists
because of a lack of samples of C,„(0around timet0. An obvious way to overcome this problem is
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high frequent sampling of C,„(0
around to,making estimation of
A redundant. This will largely
reduce the uncertainty in q and
ks, to see this compare the current uncerainty regions of q and
ks with those for one given A
(Fig.3a, c).
The observations justify linear
interpolation of C,„(?) between
Cin{th) and CJtf) (Fig. 2), allowing for high frequent sampling of C(t)during the intermediate time span, without loosing
information on Cin(t). This will
increase the information content
of the data set and so further reduce the uncertainty in q and
ks. Moreover, if the new data
are sufficiently rich, estimation
of rs,max may be possible. This
greatly enhances the applicability of the method, as it is no
longer required that rs < rSimaxMoreover in that case the choice
for Blackman (1/0) kinetics instead of the generally used
Monod kinetics needs to be reconsidered.

Fig.5,measured (*)andestimated (-) rac,with 2o-bounds (:)
current sampling moments
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Cin(t)
C(t)
measurement
35
proposed newsampling moments

So far sensor dynamics have
been neglected in this work. In
non-steady-state, inherent to the
employedoperation strategy,this
introduces asystematic deviation
time(min)
between the true and measured
DO concentration. The DO sen- Fig.6,current andproposed newmeasurement strategy.
sor itself is known to exhibit
first orderdynamics (Spanjers &Olsson, 1992;Lindberg &Carlsson, 1996):
y(k+l)= Ply(k) +p2C(k) +e(k)
(17)
The unknown parameters p\ andp2can be estimated from the transients measured at the end of a
mode (Fig. 6b) using ordinary least squares estimation. Now, the true DO concentration at the
membrane duringthewholemodecanbereconstructed from:
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+l)-Ply(k)

Pi

InFig.6theproposed new sampling strategyis visualized.
Withrespecttothereconstruction of SAT (eqn.8)thefollowing isnoticed. The uncertain part inthis
relation is -¥—. Hence,thecontribution ofthis term to SATcanbereduced byreducing q,andas a
ksV
result ofthat theterm (C'n -C')- {C'n -Ce) ineqn. 8increases. Consequently, byreducing qpart
of the contribution of the uncertain estimates to SAT is exchanged for a contribution by reliably
measured DOconcentrations. Alower limit forqisgiven bytheconstraint thatDO measurements
in therespirometer must be obtained under non-limiting oxygen concentrations. Thecost for this
reduction ofqisthat a longer cycle period isneeded toreach steady state, thus reducing thesamplingrateofSATFor faa thesituation isless obvious.Reducing qwill reduce S1 andso ks isestimated from lower
substrate concentrations. Asaresult theidentified kinetic model will befurther extrapolated in the
computation ofrac, (eqn.9),andsostructural errorsinthekinetic model willbecomemoreserious.

10.10 Conclusions
Thepresented methodology, which starts from asystem identification point ofview,enablesthe estimation of both BODst, actual respiration rate andsludge kinetics intheaeration tank of anactivated sludge plant without facing the numerical problems encountered in Spanjers' approach.
Moreover theflow through therespiration chamber is accurately estimated from themeasuredinandeffluent DOconcentrations oftherespiration chamber, which isveryuseful asatooltomonitor
the well-functioning of therespirometer. Aswith anyestimate of process kinetics from in-sensor
experiments, itremains tobeseen towhat extent theestimates reflect thetrue kinetics intheaeration tank.
Essential inthis paper istheformal identification approach, which also allows foradirect evaluation oftheuncertainty intheestimates.This uncertainty evaluation clearlyreveals themain problem
of large correlations between theparameter estimates, making the95%confidence interval of SAT
unacceptably large. A two-step estimation procedure has been used to overcome the numerical
problemsresultingfrom thesecorrelations.Finally,anewmeasurement strategy hasbeen suggested,
enabling areduction of both thesize ofthe parameter vector andtheuncertainty oftheremaining
parameters.
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11 Diagnosisandidentification byexcitationofthedynamics
incontinuousflowrespirometers*

11.1Abstract
Thispaperdeals with excitation of therespiration chamber dynamics in acontinuous flow respirometer with the objective to extract additional information from its dissolved oxygen (DO) sensor readings.Ameasurement strategy isproposed from which it is theoretically possible toidentify therespiration chamber's dilution rate, the DO-sensor dynamics, the sludge kinetics and the BODst
concentration intheinflow oftherespirometer.Inexperiments with activated sludge,fed withmunicipalwastewater,themethod proved successful inidentifying therespiration chamber'sdilution rateand
theDO-sensor dynamics.Experimental results over alongerperiod nicelyillustratethepoint indoing
so. Finally, the results convincingly discourage further efforts to identify sludge kinetics and BODst
from thistypeofexperiments,despitethetheoretical feasibility.
Keywords:autocalibration,dilutionrate,fault detection,kinetics,respirometry,sensordynamics

11.2 Introduction
A respirometer is a device to measure the respiration rate in a sample of activated sludge, i.e.the
amount of DO used per unit of time per unit of volume by this specific sample. Despite the large
and ongoing attention for respirometry incontrol of Activated Sludge Processes (ASP's) on ascientific level, its practical implementations are still scarce. This is partially due to the lack of robustness of the available measurement devices, resulting in too large a need for maintenance. For a
comprehensive overview of literature, possible applications and available measurement principles
seeSpanjers etal.(1998).
Whiletherespiration rate dependson substrate and sludge,BOD5 andBODst aresludge independent
measures for the load of Biochemical Oxygen Demand on the receiving surface water. Effluent
BOD5 is a measure of the total amount of DO required to oxidize all available carbonaceous substrate and NH4 in the receiving surface water. Active control with the objective to meet effluent
BOD5standards is impossible because of the 5-days time delay inherent to its measurement. BODst
istherapidlydegradable part ofBOD5.When reliableestimates of BODst areavailable thesemaybe
usedexplicitly infeedback control loops,asBODstreflects thecontrollablepartofBOD5.
This study focuses on methods for diagnosis and identification from the excited dynamics of acontinuous flow respirometer with aDO-sensor at only one entry and a reversible flow direction (Fig.
1). Obviously the methods are applicable to designs with DO-sensors at both entries as well if the
submitted to WaterEnvironment Research byLeoLukasse, Karel Keesman, Henri Spanjers and Michiel Bloemen.
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facility is there to reverse theflowdirection (e.g. Vanrolleghem & Spanjers, 1998).Three separate
methods, unified in one framework, are investigated. All three are experimentally tested on large
newdatasets.Theconcreteaimsof theseparatemethodsare
1. Estimation oftherespiration chamber'sdilution rateDfrom theDO-sensorreadings.
2. Identification oftheDO-sensordynamicsfrom itsstepresponse.
3. Identification of sludgekineticsandBODstusingknownDandknown DO-sensordynamics.
The first method, estimation of the respiration chamber's dilution rate D from the DO-sensor readings, takes away the main difficulty in the operation of continuous flow respirometers: The measurement of the respiration chamber's dilution rate D (flow/volume, i.e. q/V), which is required for
calculating the respiration rate.Errors made in themanual determination of q and Vresult in asystematic error in the computed respiration rate. Moreover q is subject to gradual changes due to
changing pump characteristics, wearing andclogging. Automatic flow measurement devices areexpensive.Henceamethod for estimation of Dfrom theDO-sensorreadings will beuseful asanautocalibration method.Nosuch method hasbeen reported intheliterature, although thetheoretical feasibilityhasbeen recognizedbyVanrolleghem &Spanjers (1998).
The second method, identification of the DO-sensor dynamics from its step response, is a slight
modification on the method presented in Spanjers & Olsson (1992). Incorporating this method in
the standard operation of acontinuousflowrespirometer is attractive for two reasons.Firstly it enableson-line diagnosing of theDO-sensor; observation of too slow dynamics means that the sensor
fouling isgetting too serious and hence it istime for maintenance. Secondly during transient modes
the measured DO lags behind the true DO; when the DO-sensor dynamics are known the true DO
canbereconstructed from themeasuredDO(seee.g. Suescun etal.,1998).
The main differences with Spanjers & Olsson (1992) are the detection of natural sensor fouling in
the experiments whereas they introduced artificial fouling in their experiments, and the use of a
non-iterative estimation procedure for the model parameters whereas their procedure is iterative.
The non-iterative nature of the modified algorithm makes its on-line implementation a lot easier.
Iterative estimation algorithms in general are not very suitable for on-line implementation, because
that requires guarantees with respect to the speed of convergence and larger on-line computation
power.
The third method, identification of sludge kinetics and BODst, is a continuation of Lukasse et al.
(1997),which itself alreadywasacontinuation of Spanjers etal.(1994).The method aimsatidentification of the sludge kinetics and BODst in therespirometer inflow from DO transients induced by
alternately feeding the respirometer with endogenous and loaded sludge. The major incentive for
this measuring strategy is that it allows for more frequent sampling than the existing respirogrambased approach (Brouwer etal, 1998;Vanrolleghem and Van Daele, 1994). If accurate estimation
appears possible then this method can be used to monitor BODst in an ASP reactor at a relatively
high samplingrate.This wouldenabletheapplication of BODst-controllers.
Lukasse etal.(1997)presented aneffort toidentify the kinetic relationship between substrate respiration rate rs and BODst from the data used in Spanjers et al.(1994) and to estimate the incoming
BODst concentration by inverting that relationship, but failed to achieve accurate estimates. In Lukasse et al. (1997) a new experimental design was proposed through which it could be possible to
overcometheinaccuracyproblem.Theseexperiments andtheirresultsarereportedinthispaper.
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11.3Dynamic respirometer model
The continuous flow respirometer
with a DO-sensor at only one entry
and a reversible flow direction (Fig.
1) is commercially available as the
bin — *v
Manotherm RA-1000™ respirometer.
Basically, this respirometer consists
of a peristaltic pump maintaining a
flow of activated sludge through a
toaerationtank
small intensively stirred respiration
chamber. The flow direction through
the respiration chamber is reversible
Fig.1,schemeofrespirometer setup.
by either opening valves (vi, V2)and
closing (v3,v4)orclosing (vi, v2)andopening (v3, v4).Theflowreversion enables alternatingmeasurement of in- and outflowing DO with only oneDO-sensor.The major part of the dynamics of the
continuously mixed respiration chamber and the DO sensor measuring the DO concentration in its
in-andoutflow aredescribedby
-D
0
0 C
DC,(t)-re-rs(
c
+
DSin{t)-rs(t)
0
-D
0
s =
s
u(t-A)
cM 0 0 - 1 cM
y{k) = CM{k)+e{k)
Seethe section 'nomenclature' for the meaning of all symbols in this paper. In the sequel the three
balances above will be referred to as DO-balance (eqn. 1.1), 5-balance (eqn. 1.2) and sensordynamics (eqn. 1.3). All diagnosis/identification methods below are based on the on-purpose excitation of the dynamics in eqn. 1 and estimation of model parameters from the resulting y{k)trajectories. In the next section it will be shown how all model parameters {D,re,rand A)ineqn.1
can beidentified from the measurementsy{k)when exciting therespirometer dynamics in anappropriateway.

11.4Identification ofrespirometer modelparametersD,re, randA
In principle the respirometer dynamics (eqn. 1.1-1.3)can be excited by manipulating q {i.e.D), Cin
and Sin,and by reversing the flow direction {i.e.switching u between C and C,„).Treating the endogenous respiration rate reas a (time-varying) model parameter isjustified, because it mainlydepends onthehardly varyingbiomassconcentration, andhenceitchanges onlyslowly.
The first step in identifying the model parameters is bringing the system in eqns. 1.1-1.3in steady
state such that y{k)= u{k) =d„{k)and subsequently switching toy{k)=u{k)=C{k), while keeping
re+rs{t) constant.This measurement sequenceisconducted bypositioning SiinFig. 1 such thatSj„ =
SATor5,-„ =0, and first opening valves (vj, V2) andclosing valves (V3,v4)such that «(t)= d„{t),and
subsequently closing (vi, V2)and opening {v3, v4) such that u{t) - C{t).If in that situation si is
switched into theposition 5,„=S,then effectively there isnodilution in therespiration chamber (D
=0),while yetmaintainingtheflowalongtheDO-sensor andhence:

'1.1^
1.2
,1-3

128

Control and Identification inActivated Sludpe Processes

C =-re-rs(t)
The more obvious case of switching off the pump would accomplish D =0 as well, but the flow
alongtheDO-sensorwoulddisappearcausingerroneousDOmeasurements (u(t)* C(i)).

(2)

Using Laplace transform and final value theorem (Stephanopolous, 1984) it is easily verified that
after an initial startup phenomenon CM =C, if C is constant. As a result the measurement sequencey(k)exhibits a linearly descending trajectory if the assumption is satisfied that re+rs is constant, i.e.if there is no, or constant, C-and5-limitation.The ordinary least squares (o.l.s.)estimate
(seee.g. Ljung, 1987)of theconstant re+rsisobtained from the;y(£)-trajectoryby
re +rs =(x x)'lxTy
where
-T
y(2)-y(X) '

(3)

x=
-T

v(n)-v(n-l)

Under the reasonable assumption that during the whole above described measurement sequence
re+rs{t) and C,„(t) remain constant the dilution rate D may now be solved from the steady state of
eqn 1.1:
D(C,„-C)-re-rs(.t)=0
OnceDisknown theusualcontinuous flow methodfor estimating re+rs(t) can beusedtodetermine
re. Itcanbesolvedfrom eqn.4byalternatingbetween therespirometer steadystates withy(k)=u(k)
= CinQc) andy(k)= u(k)= C(k), whilekeeping rs(t)=0byfeeding endogenous sludgetotherespirometer (si inFig. 1suchthat5,„=0).The underlying assumption isthat C,„and C areconstanton
asmalltimescale.
The last two parameters to be identified (T and A)concern the sensor dynamics. Suitability of the
first order linear model structure has been demonstrated in Spanjers and Olsson (1992). The parameters TandAcanbeidentified byreversingtheflow direction (switching ufrom CtoC,„orvice
versa)when the system isin steady state,resulting in afirst order stepresponse of the measurement
sequencey(k).From this stepresponse TandAcan beidentified usingtheexact discretization of the
firstorderlinearsensormodel (eqn. 1.3):
Cu(k +l)=aCM(k) +(l-a)u(k-d)
with a=e'T,T and d = Arounded off at whole sampling intervals. The o.l.s. estimate of a is given
by
7
a = (x'.Txj'x
[' 'y
with
CM(d)-u(0)
CM(d + l)-u(0)
x=
:
y=
CM(n-\)-u{n-d-l)
CM(n)-u(n-d-\)
Theassumption isusedthat u(k) =v(n)=CM(n) forks {0,.., n-d-l}, i.e.it is assumed thatthesensor-dynamics arein steady state attheend of the measurement sequence. Characteristically the sen-

(4)

(5)

(6)
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sor reaches its new steady state in about 20 s. Hence in a measurement sequence of only 30 s the
assumption isnormally satisfied.
Onceahasbeenestimatedthe sensortimeconstant rcan bereconstructed from a by
f =-r/ln(a)
Thesumof squaredone-step-ahead prediction errorsisgivenby
sse= (y-xa)T(y-xa)
The pair (a,d) maybe estimated bycomputing afor severalpositive values of d and accepting the
pair(d,d) yieldingthe smallestsse.

(7)
(8)

The main difference between this estimation procedure for r and Aand the procedure in Spanjers
andOlsson (1992) isitsnon-iterative nature,asalready mentioned inthe introduction. Spanjers and
Olsson (1992)used u(k)=a, with a aconstant, andasaconsequence needed an iterative estimation
procedure for estimation of r and a. Replacing the estimation of a bythe assumption u(k)=y(n) =
CM{n) for ke {0,.., n-d-l} enables theuseof thenon-iterative o.l.s.estimation procedure,probably
attheexpenseof asomewhat highersse.

11.5Identification ofsludgekineticsandS,„
What is missing in the respirometer model in eqn. 1is the kinetic relationship between S and r$.
This section presents a method to identify both the sludge kinetics and 5,„ from the DOmeasurements in the respirometer, based on excitation of the 5-balance (eqn. 1.2). This excitation
can be obtained by alternately loading the respirometer with endogenous sludge in the so-called emode, and loaded sludge in the so-called 1-mode.This is realized by toggling switch si (Fig. 1)betweenSj„ - 0(e-mode)andS;„ =£47-(1-mode).
Obviously periodic excitation of the5-balanceinduces aperiodic behavior of rs(t) aswell.If during
the transients u(k)=C(k) then the rs(r)-trajectory can be reconstructed from the DO-balance (eqn
1.1) and the sensor dynamics (eqn 1.3) in two steps.Thefirststep istoreconstruct the trajectory of
u(k), i.e. C(k),from the y(£)-trajectory by solving eqn. 5for u(k), assumingy(k) =C^k), i.e.e(k) =
0.Thisyields
u(k) = C(k)=yik

+ d + 1) ay(k

~

+ d)

(9)
\-a
The second stepistoreconstruct rs(k) from theDO-balance:
rf(k) =D{C^k) - C(k))- re - C{k)
(10)
where C(k) isapproximated by
•
C(*+ l ) - C ( * - l )
2T
Drawback of this twosteps procedure isthat both eqn.9and 11aredifferentiating filters, which are
notorious amplifiers of the measurement noise e(k). Therefore, in orderto achieve areasonable signal-to-noise ratio in the reconstructed r^(k) -trajectory, the measurement noise of the DO-sensor
mustbeverylowandtheuseof alow-passnoisefilter maybenecessary.
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By simulating the S-balance a simulated r/(ft)-trajectory is obtained. Under the reasonable assumptions of constant biomassconcentration and noDOlimitation, rs solely depends upon thesubstrateconcentration:
r/(ft) =f(5(ft))
Theinflowing substrate concentration during amoderelatestorsaccordingto(eqn. 1.2):

(12)

Sfc=S(«)+^

(13)

withtheoverbardenoting steady state values andaccordingtoeqn. 12
S(n) =r'(rsc(n))
(14)
assuming 5 in the region where f(S) is invertible. Integrating the substrate balance (eqn. 1.2) for an
estimated f(5) with theabove-calculated Sin and 5(0)=f~'(FSC(0)) yieldsboth an S(ft)-trajectory and
a simulated /"/(ft)-trajectory. In the ideal case this simulated r/(ft)-trajectory coincides with the
r/(ft)-trajectory reconstructed from the DO measurements (eqn. 10). Hence the kinetic model f(S)
canbeidentified byfitting the r/(ft) -trajectory tothe r/(ft) -trajectory, i.e.byiteratively solvingthe
non-linearoptimization problem

min/(f(5))=J(/f(ft) - /-/(ft))2
i(")

(15)

*=i

subject toeqns. 1.2,12,13, 14and S(0)=f~'(r/(0)). InherentlySin follows from eqn.13.
Spanjers et al. (1994) already tried to reconstruct 5,„and the sludge kinetics from this type of experiments, using a totally deviant estimation procedure. Essential in their estimation procedure is
theunstablebackward integration of theS-balance(eqn 1.2). Hence theinaccuracy of theirresultsis
inherent to the method. The only difference between the above estimation procedure for ksand the
one used in Lukasse et al. (1997) is that the low frequent sampling in their dataset forced them to
neglect the DO-sensor dynamics in reconstructing the r/(ft)-trajectory, i.e. they assumed u(k)=
y{k+d)(a =0 in eqn. 9). The new measurement strategy necessary to support the new estimation
procedure isdiscussed inthenext section.

11.6Measurement strategy
In principle all measurements required for the identification procedures of the two preceding sections could be combined in one measurement procedure. Yet the measurements are split in two
separate experiments for practical reasons. Experiment 1is designed to estimate D. The design of
experiment 2aimsattheidentification of T,A,sludgekinetics andS,„,for known D.
Experiment 1consists of a series of 1586 identical measurement cycles, Fig. 2 shows only oneof
them.Inthedesign ofexperiment 1 ameasurement cycleiscomposed of four phases:
I. Switch Si (Fig. 1) such that 5,„= SAT- (VI, v2) closed and (v3, v4) opened such that u(t) C{t). Lasts720s.
n. Reverseflow direction (u(t) = Cin{t)). Lasts 120s.
HI.Reverseflow direction again (u(t)- C(t)).Lasts60s.

Chapter 11,Diagnosis and identification by excitation of..
IV.Switch Si (Fig. 1) such that 5,„= S. Lasts 6.6
300s.
6
In phase Iy(t) converges to C, then the flow direction ischanged in phase IIandy(i)converges to
the approximately constant C,„(f)- After changing
the flow direction again y{i) rapidly converges to | 4 5
C againin phase HI,as apreparation tophase IV. 8 4
Finally in phase TV D= 0, while yet maintaining a 35
constantflowalongtheDO-sensor membrane,and
y(t) becomes a linearly decreasing sequence with
theslope-re-rs(t).
"
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phase1

i II

'III i \

IV

600

time(s)
Identification of the sludge kinetics in experiment
2 requires the alternation between 1-and e-modes
Fig.2,characteristic measurement cycle for
asalready mentioned in thepreceding section.The
estimation ofD(realdata).
endogenous sludge, required for the e-mode, is
produced in abypass tank with 3hretention time.Theloaded sludge is taken from an aerobicreactor continuously fed with presettled domestic wastewater. One measurement cycle in experiment 2
consistsof an1- andane-mode.Eachmodelasts 15minutes andcanbesubdividedin 3phases:
I. Valves (vi,v2)closed and(v3,v4)openedsuchthat u(t)= C(t).Lasts780s.
n. Reverseflowdirection (u(t) = Cin(t)). Lasts60s.
m. Reverseflowdirection again (u(t) = C{t)). Lasts60s.
In total 542 measurement cycles are collected. One characteristic measurement cycle is shown in
Fig.3.Sensorparameters TandAcanbeidentified from phasesIIandHIof both modes.The sludge
kinetics and Sin can be identified from phase I in each mode, after reconstruction of the r^(k)trajectory.

11.7Experimental results
The estimation results for experiment 1 are presented in Fig. 4. In the 12 days data set gradual
changes in D are clearly observable. Moreover
the difference between the manually measured D
at time t= 0 (horizontal line in Fig. 4) and theestimates during the first day is about 15%,despite
accurate manual measurement of q and V.Fig. 5
depicts estimates of re+rsobtained both from the
continuous flow method (eqn. 4) using phases II
and HIof ameasurement cycle and from thebatch
method (eqn. 3) using phase IV of a measurement
cycle.In the estimation of re+rs from phase IV the
initial startup phenomenon is skipped by discarding the data for which DO is less than 0.2 mg/1
below the last measured DO in phase HI. From

A
phaseI

800
1000
time(s)

1200

1400

II III

1600

Fig.3,measurement cyclefor estimation of T,
A,sludgekinetics and5,„(realdata).
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F i g . 5y re+rs determined bycontinuousflow and
rate.
batch method.
Fig. 2it is clear that amargin of 0.2 mg/1suffices. The assumption of no, or constant, C-limitation
is satisfied byensuring high C,„and using onlythe first 60datapoints for which DOis 0.2 mg/1 below the last measured DO of phase HI.The usage of only this first minute of reliable data alsoprevents serious violation of theassumption of no,orconstant S-limitation,asShardly changes on this
timescale.
In experiment 2each measurement cycle contains four DO sensor step responses (phases II andHI
in 1-and e-mode) from which z and Afor the DO sensor (manufacturer WTW, meter model OXY191with sensor model EO90) can be estimated by means of eqns. 6-8.Fig. 6 depicts 12days of restimates from the step responses in phase EI. In a first run sse was minimized with respect tothe
pair (T, A)for each mode,according tothemethod discussed ineqns. 5-8.Inmost cases the optimal
A-valueoccurred tobe 3.In the second run only Twasestimated with Afixed at 3 s, as aresult the
graph inFig.6isnotblurred bycorrelation between randA.Aslight gradual changeof f isvisible
over the whole time span. A large sudden increase in f occurs around t = 6days due to fouling of
the sensor membrane by a flake of dried sludge,
which has visually been observed. After thoroughly cleaning the sensor's membrane at t = 7.8
40
days f approximately returns at its old level
36
(Fig. 6). This observation nicely illustrates the
330
useofidentifying theDO-sensordynamics:Itisa
1
straightforward tool for automatic detection of
|25
membrane fouling.
J20
o

::*J':

The last method is the reconstruction of the
I 15
c
rs (k)-trajectory from phase I in the 1- and e10
mode,andthe subsequent identification of sludge
l******"*^'
v, ,: .-w\_
kinetics and 5,„.First the C(£)-trajectories arere2
4
B
10
constructed by filtering the ;y(£)-trajectory "°
lime^i
through the inverse sensor model (eqn. 9). _. r
.
, „ ., .
Fig.6, T-estimatesfrom phase 3withA=3s.
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Fig.7,trajectories ofy(k)(dotted)and C(k)
(solid)duringthe1- ande-mode inFig. 3.
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Fig.8, rf(k) accordingtoeqn. lOfromunfiltered C(k) -trajectories inFig.7.

Clearly the C(k) -trajectories (Fig. 7) are disrupted byasignificant high-frequent noise.Thenext step,reconstructing the r^(k) -trajectory from
the C(k)-trajectory bymeans of eqn. 10results in a very poor signal-to-noise ratio (Fig.8). The
noise needs to be reduced by applying a low-pass filter to either of the sequences y(k), C{k) or
rsc(&).Itwas chosen tofilter the C(k) -trajectory, asthisisthefirst sequence inwhich a significant
noiseisobservable.
Any measurement sequence consists of a signal and a noise part. Low-pass filtering reduces the
high-frequent noisepartattheriskofsignal distortion.Thecut-off frequency ofthefilter isthemain
design handletomakethetrade-off between noise reduction andsignal distortion.Toenable abalanced trade-off thefrequency content of the C(k)-trajectory is determined, using thefast Fourier
transform. Through analyzingthefrequency contentitwaslearnedthatthemain partofthesignalin
the C(k) -trajectory resides below 0.08 Hz. A
fourth order low-pass Butterworth filter with cutoff frequency 0.08 Hz is designed to filter the
data. The C(k) -trajectory is filtered for- and
backward to prevent the introduction of a phase
shift. Visual observation of the results confirms
1-mode, phase I
e-mode, phase I
the successful noise reduction in absence of a
significant signal distortion (compare Figs. 7 and
9).
Reconstruction of the rf(k) -trajectory from this
800
1000
time (s)

1200

1400

1600

Fig.9,trajectories ofy(k)(dotted) and filtered
C(k) (solid)forthe1- ande-mode inFig. 3.

filtered C(k) -trajectory by means of eqn. 10 results in a reasonable signal-to-noise ratio (Fig.
10).The significant startupphenomenon in r£(k)
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at the start of both modes demonstrates a systematic error in rf(k). This phenomenon is not an
incident, ithasbeen observed inall 542evaluated
measurementcycles.Themost likely explanations
are structural errors in the assumed DO- and sensor-dynamics (eqns. 1.1, 1.3) (e.g. the first order
linear approximation of the sensor dynamics is
insufficient or the respiration chamber mixing is
imperfect).
Despite the observed systematic error, an effort
was made to fit a kinetic model to the reconstructed r/(&)-trajectory. Blackman (V2JO) kineticsareassumed:
r ;=f(5) =*sVs

1-mode, phase I

e-mode, phase I

JrfiMfW-

800
1000
time (3)

1200

1400

1600

Fig. 10, r/(£) accordingtoeqn. 10 (•) and

(16)

r/(*) from f(S) ineqn. 12(-).
Rapid convergence of the non-linear optimization problem (eqn. 15) for ks in the equation above
occurred.But asexpected, theresulting systematic data-model mismatch duringthetransients isunacceptable (Fig.10).

11.8 Discussion
With respect to the estimation of D (Fig. 4) the key question is: What comes closer to reality, the
manuallymeasuredDortheestimates of D?Asthetrue dilution rate is unknown theanswerhasto
be sought by comparing the likelihood of errors in the manually measured D and the estimates of
D. Recall that D isthe solution of eqn.4with fe + fs(t) estimated from C in phase IV (eqn. 3)of
the measurement cycle, and Cin and Cmeasured in phases II and HI (Fig. 2). Errors in D are the
consequence oferrorsin re +rs(?) andC,„-C.Possiblesourcesof errors in re +rs(t) are:
1. Theassumption ofnoDO-limitingmeasurements isviolated, andhence re +rs(t) < re+rs(t).
2. CM*C inphaseIV.
3.Sdecreases significantly andrsis5-limitedduringphaseIV,andhence r,+rs(t) < re+rs(t).
4. Systematic measurement errors due to errors in the linear DO-sensor calibration curve
DO=c,•amperage+c2:
4.1Errors inslopec;.
4.2Errorsinoffset ci.
4.3Non-linearity of thecalibration curve.
Sources of errors in C,„ - C, besides the above mentioned calibration errors, are hard to imagine.
Moreover if C,„- Cis overestimated by a factor/then it will cause an underestimation of D bya
factor l//(eqn. 4).This underestimation is advantageous as in the continuous flow method for estimating re +rs(t) thetwoerrors willcancel againsteach other.
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Errorpossibility 1 isexcluded becausethe lowestDO-measurementinthewholedataset used toestimate ft+fs(t) is as high as y(k)= 4.4 mg/1. Possibility 2, CM*C, only occurs during the initial
startup phenomenon. In the preceding section it was shown that this phenomenon is not present in
the data from which re+rs(t)is estimated. Possibility 3, S decreases significantly during phase IV,
may be the explanation for the observed little increase of C in Fig. 2 during phase IV. As mentioned before in the oneminute of data used toestimate r +rs(t) the S-decrease could onlybevery
small. Moreover decreased S would yield fe +rs(t) <re+rs(f), that contradicts with the observation
that the batch method yields higher estimates than the continuous flow method in the main partof
the data (Fig. 5).Possibility 4, errors in the DO-sensor calibration curve, is very unlikely to cause
errors in D. The WTW DO-sensor EO90 was calibrated at the start of the experiment and automatically corrects for temperature changes. Moreover an error in the slope c; (4.1) would effect
ft +rs(t) and C,„ - Cin the same way and hence would not effect D (eqn. 4). An error in theconstant offset C2 (4.2) would effect neither re +fs(t) nor C,„- C.Anon-linearity (4.3)could explain a
systematic error in D, but not the observed variations in Fig.4. Moreover it is very unlikely for a
well-established devicelikethis,asanymanufacturer doeshisutmostbesttopreventthat.
Bynow itisvery likely thatboth fe +rs(t) and C,„-Ccontain onlyminor errors,while intheintroduction several possible error sources aregiven for themanually measured D. Sothere is goodreason to believe that D comes closer to reality than the measured D does. Hence both the observed
gradual changes in D and the large initial difference between the measured and the estimated D
strongly advocate the on-line estimation of D on regular intervals as an autocalibration method for
continuous flow respirometers.
Withrespecttoidentification oftheDO-sensordynamicsthereremainsonethingtobe investigated.
If the DO-sensor dynamics become more sluggish the assumed steady state at the end of phases II
andin in experiment 2(Fig.3)is not reached, and hence using the assumption u(k)= y(n)= C/nin)
for k 6 {0,.., n-d-l} yields an underestimated input u(k)for k e {0, ..,n-d-l). Could the modified
method fail to detect DO-sensor fouling due to this newly introduced assumption? To answer this
question stepresponses of theDO-sensor modelin
eqn. 1.3 aresimulated over60 seconds and stored
at 1 s intervals, like in experiment 2, for A= 0
and Tranging from 6till 100 s. Subsequently Tis
estimated from the simulated data according to
the procedure in eqns.6-7. The results are shown
in Fig. 11. Clearly no scenario exists in whichT
gets very large, while f still resides in the acceptablerange.
In the preceding section the estimation of sludge
kinetics and BODst from dynamic respirometer
40
50
60
70
experiments failed. The collected measurements
timeconstant T(seconds)
in experiment 2areexcellent and, though thetrue
system dynamics are unknown, one would expect F i 8- U ' f a s a f u n c t i o n o f t r u e DO-sensor rfor
A=0.
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themajor part of the system dynamics tobecontained in the dynamic model (eqn. 1).Yet thequalityofthemeasurements andthedynamic model appeared insufficient toestimate thesludge kinetics
and BODst. The measurement noise problem was tackled by using a rather heuristically designed
low-pass filter. This filtering procedure can definitely be improved upon by using a more fundamental approach. Thequality of the dynamic model maybe improved by adding a black box model
describing higher order system dynamics. An overview of relevant software and books is available
athttp://www.mathworks.com/products/sysid/andhttp://www.mathworks.com/products/signal/.
If one would succeed to come up with seemingly reliable estimates of sludge kinetics and BODst,
then there still are the questions whether a static kinetic relationship suffices in the dynamic experimental conditions (Bakes et al., 1994) and what exactly is the meaning of a quantity called
BODst. Moreover the objective is to use the BODst-estimates in BODst-controllers. Hence the final
estimation procedure shouldbe sufficiently fast for on-lineimplementation andcometo satisfactory
estimates of BODst without manual intervention. Especially this last requirement will be hard to
meet.
Theencountered difficulties, together with theexpected difficulties ahead, convincingly discourage
the further development of the proposed method for estimation of sludge kinetics and BODst. Yet,
theauthorswill behappytoput thedata availabletoanybody whowantstogiveit atry.

11.9 Conclusions
Amethod to automatically estimate the dilution rate in acontinuous flow respirometer proved successful. In theexperiments (Fig.4)gradual changes in thedilution rate areclearly observed, moreover a significant systematic difference between the manually measured and the estimated dilution
rate occurs. It has been argued that the estimates of D come closer to reality than the manually
measured D does.Therefore it is worthwhile toconsider accommodation of the method in an autocalibration procedure, as that will allow for the generation of more accurate measurements bycontinuousflow respirometers.
The method of Spanjers and Olsson (1992) to identify the DO-sensor dynamics has been modified.
Themodification simplifies theon-lineimplementation of themethod. Themodified method iswell
suited to auto-monitor the DO-sensor quality in continuous flow respirometers and generate warning messages when the DO-sensor deteriorates. Fig. 6nicely illustrates how the DO-sensor dynamicsmaychangeif sudden membrane fouling occurs.
Reliable estimates for sludge kinetics and BODst from dynamic respirometer experiments have not
been achieved. The proposed method makes atoohigh demand on the quality of the measurements
andthe dynamic model.Though possible ways out are indicated the resulting method will probably
be verycomplex, if feasible at all.Theencountered difficulties, together with the expected difficulties ahead, convincingly discourage the further development of the proposed method for estimation
of sludgekineticsandBODst.
Acknowledgments: This research was financially supported by the Dutch Technological Foundation
(STW)undergrantno.WBI44.3275.
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11.10 Nomenclature
variable
C
T

A

rf(k),i(k)
a
BODst
*Wn> ^ » ^ M

D
d
e
k
n
nc
q
re
rs
S, Sin,

sse
t

T
to, tf

u(t)
V
y

SAT

unit [value]
mg/1
s
s
mg/1

description
steadystateDOinrespiration chamber
DOsensortimeconstant
timedelayinDOsensordynamics
rsattimekTestimatedfrom DO-balance,-from S-balance

sampling intervals
mg/1
mg/1
h1
sampling intervals
mg/1
1/h
mg/l.h
mg/l.h
mg/1
mg2/l2
s
s[l]
h
mg/1
1[0.480]
mg/1

discretetimeDOsensormodelcoefficient (e~T,T)
shorttermbiochemical oxygen demand
DOinresp.influent, effluent andin sensor
dilution rateqlV
Aroundedoff atwholesampling intervals
measurement noise,assumed tobewhite
fc-th samplinginstantinamode
no.of datapointsfor o.l.s.parameter estimation
no.of sampl.interv.usedtoapproximate C
flow throughtherespiration chamber
endogenousrespiration rate
substraterespiration rate
BODstinrespirometer, itsinfluent, aeration tank
Sumof Squaredone-step-ahead prediction Errors
time
samplinginterval
initial andfinal timeof amode
DOatsensormembrane (either CorC,„)
respiration chambervolume
measureddissolvedoxygen concentration
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12Conclusions and suggestions
In chapter 1 the research objectives have been listed (section 1.6). The related conclusions are
summarised in the section below, although all conclusions can be found in the individual chapters
as well. Especially the conclusions, which are most important from a practitioner's point of view,
are highlighted. Moreover some remaining ideas with respect to theproblem of total-N removal are
given as suggestions in this chapter. Inchapter 1the new problem of total-N removal hasbeendiscussed and the large research efforts related to that were coarsely reviewed. After building up four
yearsof experience in thefield my impression isthat there still exist several unexplored lacunas offering good possibilities for costs savings and/oreffluent quality improvement. Some ideas concern
those lacunas, but came too late to study them myself. Those ideas, which I believe are novel and
likelytobesuccessful, areexpoundedinthelastsectionsofthischapter.

12.1Conclusionsfor the practitioner
In chapters 2and 3asimple model for the ammonium (SNH)and nitrate (SNO)dynamics in alternating reactors is developed. The simplicity is achieved by capturing the slower process dynamics in
time-varying model parameters.Therefore inchapter 3arecursive identification algorithm for those
parameters is presented. Two of those parameters represent the actual rates of nitrification and denitrification under aerobic and anoxic conditions respectively. The scope of the recursively identified model isitsuseintheadaptivereceding horizon optimal controller (RHOC) ofchapter 5,butit
can be used independent of the N-controller. Apractically relevant spin-off is the on-line monitoring of therates of nitrification and denitrification from SNH and SNO measurements. These estimates
contain information with respect to the product of concentration and activity of both nitrifiers and
denitrifiers. This information is currently not on-line available in practice, and least of all closely
monitored. From this enhanced process knowledge it can be deduced to what extend the process is
over/underloaded, and hence whether the sludge concentration should be increased/decreased. Another application is the detection of toxic effects when the rates of nitrification/denitrification drop
toolow.
The combination of recursive identification with RHOC, adaptive RHOC, has been tested extensively in both simulation and pilot scale experiments (chapter 5). On-line implementation proofed
very well possible, but the algorithm is complex and it requires the measurement of both SNH and
SNO- From chapters 4,5and 6it isconcluded thatitsperformance isclose-to-optimal interms ofthe
evaluation criterion formulated in chapter 7. This evaluation criterion expresses the wish for low
total-N, andespecially low SNHInchapter 7four different control strategies for total-N removal inalternating reactors arecompared
by means of simulations: 1. timer-based, 2. switching the aeration on/off when depletion of nitrate/ammonium is detected, 3. switching the aeration on/off when SNHcrosses an upper/lowerbound, 4. the newly developed adaptive RHOC. It appears that timers, S/«/-bounds based, and
adaptive RHOC can do an approximately equally goodjob, although adaptive RHOC is least sensi-
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five to suboptimal tuning.Especially the good performance of the open-loop timer-based operation
is surprising. Thepotential of optimally tuned timers,together with the observed sensitivity tosuboptimal tuning,hasled toasuggestion in the sequel of this chapter how to auto-tune thetimers online.
Although in this application the simple timer-based operation isjust as good as adaptive RHOC in
terms of the evaluation criterion in chapter 7,there may well be situations in ASP control in which
adaptive RHOC is superior. This situation may already occur if a more complete evaluation criterionisused,in whiche.g. aeration costs,sludgeproduction costs,effluent COD,sludge settleability
etc. are taken into account. The principle advantage of RHOC remains unaffected by the resultsof
chapter 7it is afeedback controller that directly aims at minimisation of an objectivecriterion. By
formulating the objective criterion such that it resembles the plant economy the higher level economicobjectives arenaturally linkedtothelowerlevelcontrol objectives.
Application of theRHOC algorithm to the2-reactors alternating process in simulation has resulted
in aperformance improvement byusing an operation strategy which is totally deviant from current
operation strategies for that process. By applying the RHOC algorithm to a range of plant designs
within theclass of 2-reactors alternating processes the combination of process design and operation
is optimised. A conceptually simple, straightforwardly implementable control algorithm successfully imitates thenew operation strategy of theRHOC algorithm. It should be stressed that the performance improvement has only been achieved in simulation, and has not yet been confirmed by
full-scale experiments (chapter8).
In chapters 10and 11an effort was made tobring the respirometry-based estimation procedure for
BODstin Spanjers etal.(1994)toperfection. Thedisappointing conclusion isthat it isunlikely that
theprocedure will ever work (chapter 11).Therefore it is strongly discouraged to spend timeon efforts toestimate BODst from the kind of dynamic respirometer experiments first proposed in Spanjersetal.(1994)(alsodiscussedinchapter 10).
Positive are the conclusions in chapter 11 with respect to monitoring of the respirometer's DOsensordynamics andrespiration chamber dilution rate.Both of them servetoincrease the reliability
of respiration rate measurements and are easily implementable in the every day operation of continuous flow respirometers. Their practical relevance is illustrated by the experimental results in
chapter 11. Especially thenew procedure for estimation of the dilution rate is useful. It will reduce
thebiasinestimates of respiration rates.Theindication inchapter 11is that this bias mayeasily be
15%. Therefore it is worthwhile to consider accommodation of the method in an autocalibration
procedurefor continuous flow respirometers.

12.2IncreasedNFL*concentrationtomeettotal-Nstandards
Many plants have difficulties in meeting the effluent total-N standards, while their effluent NH4
concentration (SNH) isclose tozero.These plants could easily improve there effluent total-N byexchanging some nitrification for denitrification, as only denitrification reduces effluent total-N.
However, increasing effluent SNH increases the risk of nitrifiers wahout. Nitrifier washout occursif
the aerobic sludge age is lower than l/(/Wt,/t-£,4)> where (fJmax,A-bA) is the nett maximum specific
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growth rate of autotrophs. A typical value for the minimum required aerobic sludge age is 5 days
(e.g. Andrewsetal.,1980;Potteretal, 1998).
The need to comply with a total-Nnorm motivated Potter et al. (1998) and Tseng et al. (1998) to
modify the design of an ASP plant in order to enable operation at elevated SNHwithout nitrifier
washout.Positive sideeffects arethereduced aeration costs and areduced amountof sludgeneeded
inthesystem.They stated that intheusual plantdesigns instability duetowashout isunavoidableif
elevated effluent SNHispermitted.
Inmy opinion Potter etal.(1998) chose apromising approach in solving the problem of total-Nremoval, but they are wrong in stating that the approach of elevated SNHcannot work in the usual
plant designs.This generally accepted point of view has blocked anyresearch towards thepossibility topermit elevated SAW in ordinary plant designs.However the risk of nitrifiers washout onlyexistsincasenofeedback control of SNHisapplied,buttheconcentration ofnitrifiers will bestabilised
by S^H-feedback controllers. If SNH exceeds its setpoint then an Sw/rfeedback controller will automatically increase the hydraulic residence time in aerobic phases,and hence inherently increasethe
aerobic sludge age. Hence control engineers should start to explore the path of permitting elevated
SNH in ordinary plant designs using S/wrfeedback control for the aerobic phase. If desired, the risk
of gross failures can be further reduced by using a surplus sludge storage facility (e.g.Yuan etal.,
1997).Extrasafety comesfrom thefact thatthetotal-N standardsconcern yearly averages.Sothere
areeleven months left tocancel thenegativeeffect of awashout incident inJanuary.

12.3Controlinviewoftime-averaged effluent standards
Up to now no reports are available on how to relate the every day plant control to time-averaged
effluent standards. Yet the E.U. effluent standards for phosphate (P) and total-N are expressed as
integrals over time, weekly averages apply for P and yearly averages for total-N. Important costs
savings maybepossiblebyexplicitlyexploitingthistime-averaged natureof theeffluent standards.
Theproblemof yearly-averaged total-Ncontrol hasalongtime-scale.Becausethe sludge dynamics
are slow, the sludge concentration setpoint MLSSrejinthe reactor seems a suitable control input for
controlling the yearly-averaged total-N (sludge = Mixed Liquor Suspended Solids, MLSS).In current practice MLSSref is based on heuristics and MLSS is controlled manually by manipulating
waste flow rate qw. Reducing MLSS to the minimum concentration required for meeting effluent
total-N standardsoffers several advantages:
• Reduced aeration costs due to reduced nitrification and lower endogenous respiration (inherentlyincreasing thesludgeproduction!).
• Higherpercentage ofbiomassinthe sludge,duetolessinert solids (Yuan etal.,1997).
• Less sludge in theplant and hence less risk of solids loss in the effluent due to settler overloading.
• Reducedrisk of sludge settlingproblemsduetolower sludgeage(Seviouretal, 1994).
Let the maximally permitted yearly averaged effluent total-N concentration for the controlled plant
be Ne/. Then a possible higher level control objective aiming atjust complying with the integral
constraintis:
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C3. The algorithm for yearlyaveraged total-N control will be
placed in block Cj. It is expected that a sluggish PID-controHer with anti-integral windup (0 <
MLSSref< settler constraint) (see e.g. Peng et al., 1996) for Ci will suffice to control x (Fig. 1) to
zero. In case one has objections against the proposed manipulation of MLSSre/one could think of a
setup in which Ci dictates SNH and SNO setpoints for C3instead of MLSSre/for C2. In either implementation care should be taken to prevent oscillatory behaviour due to interaction of the different
control loops.Themost obviousapproach istousetheprinciple of time scale decoupling:design d
suchthatMLSSrefvariesonly slowly,andC2suchthatMLSStracksMLSSrefsufficiently fast.

O

If the above suggested control strategy proofs worthwhile, then a valuable next step is to compute
the optimalNr(,/-trajectory throughout the yearin order to account for the reduced process rates and
the improved oxygen transfer during winter. This is possible by formulating an optimal control
problem for the whole year with Nrej treated as control input and the system being the controlled
ASP-plant, i.e.plant + Ci + C2+ C3(Fig. 1).The availability of a simple model is required to enable solution of the problem in reasonable time. A first step could be time scale decomposition of
ASM no. 1(Henze et ah, 1987), i.e. neglecting the dynamics of the faster subprocesses. Furthermore, assumptions need to be made about the average yearly temperature cycle in the reactorand
the influent disturbance. Solving this optimal control problem yields the optimal trajectory forNref,
but also for MLSSref, qw and qa,>.Obviously in the implementation phase one should only feed the
optimalA^re/-trajectory tothe system, theothers being computed on-line by the feedback controllers
Ci,C2and C3.Inthis way the feedback from the uncertain process is maximised and hence therisk
ofnotmeeting the Nef-standardis minimised.
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12.4 pH-based auto-tuning oftimers for N-removal
Open loop timer-based operation ofalternating aeration inreactors isattractive, because timersare
cheap, simple andhave alittle risk offailures. From thesimulation study inchapter 7it appeared
that this operation strategy even performs close-to-optimal, provided that the tuning is optimal.
However the sensitivity tosuboptimal tuning appeared tobelarge aswell, which isaconsequence
of thetimer's open-loop nature.Hencethebottleneck inusingtimersishowtomaintain the optimal
tuning.
Themainproblemintuningtimersissettingthepercentageofaerobic timep air inacycleofaerobic
+ anoxic period, after the length ofthe whole cycle hasbeen determined. Suppose that itisknown
what theoptimal daily averaged SNHandSNOinthereactor are. Then pair E [0,1]canbe solved
from thesteady stateoftheSNHand SNObalances:
^NH ~ T7 (SNH,in

~ SNH ) _ r/W.max ' Pair

=

^

$NO ~ ~T7^NO + rNH,mm ' Pair ~ Vl.max ' (* ~~Pair)

(2)

=

"

w)

The above model structure hasalready been introduced inchapter 3.Thefirst term inboth eqn.2
and3describesthedilution effect. SNHMistheNH4concentration intheinflow ofthereactor,which
is notnecessarily equal totheNH4 concentration inthetreatment plant's influent. Themaximum
rates of nitrification (rNH,max) and denitrification (rNo,max) are assumed to be limited by aerobicity/anoxicity (pair) only. Limitation bylow SNHorlow SNO isneglected, asthis will hardly occur
incaseofgoodcontrol.
The optimal tuning p'air isatrade-off between theone following from thedesired SNH (solve from
eqn. 2)
77'(^NH.in ~ ^NH I

P*=Z

(4)

andtheonefollowing from thedesired SN0 (solvefrom eqn.3)
I7
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=Z
r

NOT '/VO.maji

(5)

/VH,max "*~ '/VO.max

Ineqns.4and 5theoverbars mean dailyaverages.
Hencethe tuning oftimers requires knowledge of q, SNHin, rNH,max andrso.max- Feedback fromthe
process is required because q, SNHjn and especially rNH.max and rNo.max are subject to gradual
changes.Usually reasonable knowledge exists with respect to q and SNHM,butrNH.max and rNo.max
are largely unknown. Hence thefollowing question comes to mind: could a device be developed
thatestimates rNH.max andrNo,maxonregularintervals (onceaday suffices)?
The answer is: yes,probably. Both nitrification anddenitrification effect pH: FT^-ionsarereleased
during nitrification, while they areconsumed during denitrification. Hence pH-measurements have
the potential toyield information about both processes. Inin-sensor batch experiments Gernaeyet
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al.(1998)regulated pHina41 continuously mixed vessel filled with nitrifying sludgeon aconstant
value by base addition. From the required base dosage they were able to reconstruct rNHimax and
SNH^O)- In a very similar device (DECADOS) Bogaert et al. (1997) regulated pH in a vessel filled
with denitrifying sludge on a constant value by acid addition. The purpose of their experiments is
determination of the optimal carbon-dosage flow rate in the denitrification phase of a full-scale
plant.From therequired aciddosage during their experiments they were able toreconstructSuodo),
required carbon dosage and denitrification capacity (mg/l.h). If it is possible tomeasure denitrification capacity, then it should bepossible to modify the measurements such that rN0.max inthe reactor
is measured as well. Integration of the two automatic measurement strategies in one device is
straightforward. The required sampling rate for timer auto-tuning is low. Hence a device for autotuningof timersiswithin arm'sreach.
Aconstant pH in the vessel (Gernaey etal, 1998;Bogaert et al, 1997) is maintained to make the
measurement independent of the wastewater's buffer capacity. In my opinion a possible alternative
is the periodic determination of the wastewater's buffercapacity by in-sensor experiments and use
thisknowledge todeducerNHmaxandrNOmaxfrom pH-profiles in alternatingreactors.
It is interesting to observe that the device used by Gernaey etal. (1998) and Bogaert et al.(1997)
looks very much like a respirometer, except for the DO-sensor, which has been replaced by apHsensor. In thepast there wasnodrive toreplace the DO-oriented respirometer by apH-based respirometer-like device, as only aerobic phases occurred in ASP's. Nowadays ASP's contain aerobic,
anoxic, and increasingly anaerobic zones.The principle advantage of the change from DO- to pHsensors is that thepH-sensor has the potential to yield information about biological processes in all
threephases.Thisexplains thegrowinginterest inmanipulating control inputs inASP's onthebasis
ofpHmeasurements (Al-Ghusainetal, 1994;Carucci etal, 1997;Wett etal, 1997)

12.5Dynamicsimulations: the future
In chapters 7 and 8 we conducted simulation studies to compare the performance of different operation strategies.In chapter 8receding horizon optimal control was used to search for the optimal
combination of plant design and operation. In my opinion this kind of simulation studies is very
useful and should be applied to many more cases. It is the only practically feasible way to quantify
thedifferences between different combinations of operation and design.Especially the combination
of these simulations with optimal control ispowerful. They arecomplex tocarry out, but can come
up with simple unexpected solutions, as occurred both in chapters 7 and 8. In many cases the optimalcombination of operation anddesign isunknown. In chapters 7and 8the above-described type
of simulation studies proofed very helpful in collecting knowledge with respect to this important
topic.
This call for optimal control simulation studies puts no blame on past generations, who did not or
hardlyusethem.Itistheevolution of technique whichenablesfar morecomprehensive simulations
now than only ten years ago. For successful simulations of complex systems three things are required: powerful computers, user-friendly simulation packages and good models. Especially the
progress in the fields of computers and simulation packages has been tremendous over the lastdecade(s).
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Twopossibletopicsforsimulation studiesrelatedtoactivatedsludgeprocessesare:
• Comparethe optimal operation of aonetanks system with that of a2,3,4, 5,..., ntanks system
to learn about the marginal value of adding extra tanks. This relates to the discussion of plug
flow vs.continuously mixed hydraulics (Jenkins and Garrison, 1968).After all,plug flow reactorscanbe approximated asaseriesconnection ofcontinuously mixedreactors.
• Compare the optimal operation of an alternating two tanks system (anoxic periods approach)
with that of the equally large optimally operated 2-tanks system with internal recirculation (anoxiczonesapproach).
This list contains only two suggestions for simulation studies, but undoubtedly there remain many
more questions in the field of ASP-design and operation which could be (partly) answered by
meansof optimal control simulation studies.
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Summary
This thesis is about control and identification in activated sludgeprocesses (ASP's).Thechaptersin
this thesis are divided in two parts.Part Ideals with the development of the best feasible, close-tooptimal adaptive receding horizon optimal controller (RHOC) for N-removal in a continuously
mixed alternating activated sludge process reactor. Subsequently this controller and the most
common existing controllers are mutually compared by means of simulations. In addition the
application of the close-to-optimal RHOC controller to a system of two hydraulically connected
alternating reactors is simulated for a range of plant designs within this class. In this way the
combination of design and operation is optimized. Part II concerns identification on the basis of
DO-measurements and respirometry. First the DO-dynamics in a continuously mixed ASP reactor
areidentified, including thenon-linearrelation between kia andqair- Subsequenly thedynamicsofa
(DO-sensorbased)continuous flow respirometer areidentified byexcitingitsdynamics.
Inchapter 1 the principles of theN-removing ASP areshortly explained. The new problem of totalN removal is discussed. The general features of the ASP control problem are listed: disturbance
attenuation, storm events, process uncertainty and variation, multiple time-scales. Special attention
ispaid tothepotential of RHOC.The literature with respect to operational aspects of N-removal as
well astheuseof DO-sensors andrespirometers in ASPoperation iscoarsely reviewed. Itisargued
that the anoxic periods approach for N-removal offers two principle advantages over the anoxic
zonesapproach:excitation ofdynamics andnoneedfor internal recirculation. Someproblems inthe
field are indicated. With respect to DO-sensors it is illustrated that the challenges today are in the
field ofextracting notonlyDObut alsoadditional information from itsreadings. Allexperimentsin
this thesis have been carried out at a pilot scale ASP. A description of this pilot plant is given in
chapter 1.Thechapterendswith theformulation ofresearch objectives andthethesisoutline.
Chapters 2till 5present the design procedure for the adaptive RHOC for control of NH4and NOx,
though not exactly chronologically. The first step is presented in chapter 4, it concerns application
of optimal control to the N-removal part of the generally accepted Activated Sludge Model no. 1.
From this optimal control study it occurs that alternating nitrification/denitrification, as opposed to
simultaneous nitrification/denitrification, may be optimal indeed. This, together with the risk of
sludge bulking at limiting DO-values, justifies the limitation to alternating process operation. To
implement an optimal control strategy on-line the receding horizon principle is needed, leading to
RHOC.RHOC uses an internal process model for short term predictions. Hence a computationally
efficient process model isrequired. Such amodel is developed in chapter 2bycapturing the slower
process dynamics in time-varying model parameters. It is taken into account that the model
structure must be suited for recursive identification of the time-varying model parameters from the
measurements.
RHOC, like any model predictive controller, computes the current controls on the basis of model
predictions upto horizon H. Hence the sum of squared 1, 2, .., //-step ahead prediction errors is a
natural identification criterion. In chapter 2 this idea is postulated and applied to NHVNOx
measurements collected from the pilot scale ASP described in chapter 1. H appears to affect the
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parameterestimates significantly, supportingtheideathat useof this new identification criterion will
improveMPCperformance ingeneral.
In chapter 4 RHOC with this simple model is applied to the pilot plant's alternating reactor. The
controller successfully passed several tests, but it also appeared that the performance of this
controller is suboptimal due to inaccurate model predictions. This was to be expected, as the
simplicity of the N-removal model in chapter 2has been achieved by capturing the slower process
dynamicsinthemodel parameters,whileinthisstagetheyarenotrecursively estimated.
The results of chapter 4 illustrate that recursive identification of (some of the) model parameters is
required tokeepthemodeluptodate.Chapter 3presents thealgorithm for recursive identification of
thosemodelparameters.TheKalmanfilter isused,becauseithasthe attractive feature that the filter
gain accompanying non-identifiable parameters (e.g. the nitrification rate during anoxic periods)
increases linearly in time. It is proven that this increase of the filter gain will not cause instability
duringnormal processoperation.Themethodperforms excellently onreal data.
Chapter 5 concerns adaptive RHOC of N-removal in alternating ASP reactors, being the
combination of therecursively identified model in chapter 3and the RHOC controller in chapter4.
Although stability of the nonlinear RHOC feedback controller has not been proven, not to mention
its combination with recursive identification, only one source of instability was encountered in
many experiments. This is the scenario in which NH4 dominates the objective functional, its
setpoint is zero and the estimated rate of nitrification has become negative for whatever reason. In
that case the controller will keep aeration off to prevent the predicted production of NH4, as a
consequence no new information to update the estimated nitrification rate is obtained and the
deadlock is there. Obviously this scenario is easy to prevent and does not occur under normal
operatingconditions.
In chapter 4 the unusual observation is done that the RHOC performance is nearly invariant to its
prediction horizon. This triggered a study on the cause of this phenomena and an effort to
generalize the results as far as possible, the results are presented in chapter 6. It has led to the
derivation of an li-norm optimal state feedback controller for 2-dimensional linear time invariant
systemswithdecoupled dynamicsand asinglecontrol input.
In chapter 7 the close-to-optimal adaptive RHOC of chapter 5 and three existing control strategies
(timers, NHt-bounds based and ORP, Oxidation Reduction Potential, based) for N-removal in
continuously mixed alternating reactors arecompared by means of simulation. The simulations are
carried out in SIMBA™,a commercially available application within theMATLAB/SIMULINK™
environment, based on the Activated Sludge Model no. 1. Drawback of simulations is that the
dynamics of both the sensors and the process need tobe modelled. And even the best model of the
ASP is nothing but a poor resemblance of the real process. However, a fair experimental
comparison of multiple controllers is impossible, not only for financial reasons. Simultaneous
experimental testing would require the availability of multiple identical plants in parallel.
Sequential testing on one plant would disrupt the results by changes in process conditions and
influent, disabling a mutual comparison. Hence simulation is the best way to compare different
control-schemes. It appears that three totally different controllers (timers, NKrbounds based and
adaptiveRHOC)can achieveamoreorlessequal performance, if tuned optimally. AdaptiveRHOC

Summary
turns out to be superior in terms of sensitivity to suboptimal tunings. The timers approach is
attractive for itssimplicity, but verysensitivetosuboptimal tuning.
Chapter 8 describes a simulation study with the scope to optimise the plant design and operation
strategy of alternating activated sludge processes for N-removal with two hydraulically connected
reactors. The methodology is to simulate the application of RHOC to a range of different plant
designs within this class of systems. The RHOC algorithm is obtained by reformulating the
controller of chapter 4 for a 2-reactors system. It appears that in the optimal process design the two
reactors are placed in series, the first reactor is about four times as large as the second one. A
conceptually simple feedback controller straightforwardly implements the improved operation
strategy. The results of this chapter strongly advocate the simulation of optimal control applied to
complex process models. The results are unexpected and indicate a significant outperformance of
thecurrent operation strategy.Thiskindof simulation studies atleast serves as anideas generator.
Chapter9presentsagrey-boxmodellingapproachfortheidentification ofthenonlinearDOdynamics.
Herein, singular value decomposition of the locally available Jacobian matrix, or equivalently
eigenvaluedecomposition oftheparameter covariance matrix,aswell asparameter transformation are
essential techniques. The use of respiration rate measurements greatly simplifies the modelling
procedure.Theapproach isamongstotherscapableofidentifying thenon-linear function kLa(qair), i.e.
the relationship between kifl and the aeration input signal qair. This is especially valuable in
experimental identification of the relationship between kLa(qair) and the design of (newly
developed) aeration equipment, the use of specific carrier materials in aerated reactors, or the
presence of certain detergents. After all ahigher kLaat a given qair results in a higher efficiency of
energy usage for aeration, and hence identification of kLa(qair)for newly developed equipment can
yieldimportant sales arguments.
Chapters 10and 11both deal with excitation of the respiration chamber dynamics in a continuous
flow respirometer with the objective to extract additional information from its dissolved oxygen
(DO) sensor readings. Chapter 10 is an effort to improve the accuracy of the BODst-estimation
technique developed by Spanjers et al. (1994). Contrary to expectation, the estimates still suffer
from unacceptable inaccuracy due tolarge parameter correlation. However, a slight modification in
the measurement strategy is proposed which is expected to enable more accurate estimation. The
results of experiments with this modified measurement strategy are reported in chapter 11. The
estimation results convincingly discourage further efforts to identify sludge kinetics and BODst from
thistypeofexperiments.
The two other objectives of chapter 11 are the identification of the DO-sensor dynamics and the
dilutionrateinacontinuousflow respirometerbyexcitationoftherespiration chamberdynamics.Two
separatesimpleproceduresarepresented.Bothproceduresconsistofon-purposein-sensorexperiments
succeededbyanordinaryleast squaresestimation step.Thefeasibility ofboth proceduresisverified in
experiments with activated sludge, fed with municipal wastewater. Large experimental data setsare
presented, which strongly advocate the on-line incorporation of both procedures in the everyday
operation oftherespirometer.
In chapter 12 those conclusions drawn in the individual chapters which are of direct relevance to
practitioners are summarized. Moreover someremaining ideas,which Ibelieve arenovel and likelyto
be succesfull, are shortly expounded in chapter 12 as well. The ideas concern: 1) Meeting N-total
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effluent standards bypermitting elevated effluent NH4;2)Control explicitly aiming at meetingyearly
averagedeffluent standards;3)TheuseofpH-measurementsforcontinuouson-linetuningoftimersin
atimer-basedoperation strategyforalternatingN-removalinacontinuouslymixedASPreactor.
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Samenvatting
Het thema van dit proefschrift is de regeling en identificatie in aktief-slib processen (ASP's). De
hoofdstukken zijn onderverdeeld in twee delen.Deel I gaat over de ontwikkeling van de best haalbare, nagenoeg-optimale adaptieve optimale regelaar met voortschrijdende horizon (RHOC) voor
N-verwijdering in een continu gemengde alternerende aktief-slib reactor. Vervolgens worden deze
regelaar en de meest gebruikelijke bestaande regelaars onderling vergeleken door middel van simulaties.Daarnaastwordt detoepassing van denagenoeg-optimale RHOC regelaar opeen systeem
met twee hydraulisch verbonden reactors gesimuleerd voor een reeks procesontwerpen binnen die
klasse. Op die manier wordt de combinatie van ontwerp en besturing geoptimaliseerd. Deel IIbetreft identificatie opbasis van zuurstofmetingen en respirometrie.Eerst wordt de zuurstofdynamica
ineencontinu gemengdeASPreactorgeidentificeerd, inclusief deniet-lineairerelatietussen kip. en
qair.Vervolgens wordt de dynamica van een (op een zuurstofsensor gebaseerde) continu doorstroomderespirometer geidentificeerd doorexcitatie vandedynamica.
In hoofdstuk 1 worden hetprincipe van hetN-verwijderende ASPkort uitgelegd enhetnieuweprobleemvan totaal-N verwijdering uitgelegd. Ookde algemenekenmerken van ASPregeling worden
kort besproken: verstoringsonderdrukking, regenbuien, proces onzekerheid en - variatie en meerdere tijdschalen. Extra aandacht gaat uit naar de potentie van RHOC. Ook bevat dit hoofdstuk een
kort overzicht van de literatuur met betrekking tot de operationele aspecten van zowel N-verwijderingals het gebruik van zuurstofsensors en respirometrie in ASP besturing. Twee principiele voordelen van de anoxische perioden aanpak voor N-verwijdering (in plaats van de anoxische zones
aanpak) zijn: excitatie van de dynamica en de afwezigheid van interne recirculatie.Een aantal actuele problemen met betrekking tot N-verwijdering worden aangegeven. Een kort overzicht maakt
duidelijk dat de hedendaagse uitdagingen met betrekking tot het gebruik van zuurstofsensoren liggen ophet gebiedvan het verkrijgen van meerinformatie uitdemetingen danenkelde zuurstofconcentratie. Alle experimenten in dit proefschrift zijn uitgevoerd op een ASP proefopstelling, die
wordt beschreven in hoofdstuk 1.Het hoofdstuk eindigt met een beschrijving van de onderzoeksdoelen eneenkortoverzicht vandeinhoudvanhet proefschrift.
Hoofdstuk 2 tot 5 presenteren de ontwerpprocedure voor de adaptieve RHOC voor regeling van
NH4 and NOx, hoewel niet helemaal chronologisch. De eerste stap, applicatie van optimal control
ophetN-verwijderings deelvanAktief-SlibModelno. 1,wordtomschreven inhfst. 4.Hieruit blijkt
dat alternerende nitrificatie/denitrificatie optimaal kan zijn. Dit resultaat, samen met het bekende
risico van licht slib bij limiterende zuurstofconcentraties, rechtvaardigt de beperking tot alternerende procesvoering. Om de optimale regelstrategie on-line te implementeren is het voortschrijdende horizon principe nodig, wat leidt tot RHOC. RHOC gebruikt een intern proces model voor
korte termijn voorspellingen, dus is een rekenkundig efficient model vereist. Zo'n model wordt
ontwikkeld in hfst. 2, de tragere procesdynamica wordt daarbij met tijdsvariante modelparameters
beschreven. Er wordt in deze fase al rekening mee gehouden dat de modelstructuur geschikt moet
zijn voorrecursieveidentificatie van detijdsvariante parameters.
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RHOC,zoalsiederemodelvoorspellende regelaar, berekent dehuidigesturingen opbasis vanmodel
voorspellingen tot een horizon H. Daarom is de som van gekwadrateerde 1, 2, .., tf-staps vooruit
voorspellingen een logisch identificatie criterium. In hfst. 2 wordt dit idee toegepast opNUi/NOxmetingen, die zijn verricht aan de in hfst. 1beschreven proefopstelling. H blijkt een belangrijk effect tehebben opde parameterschattingen, daarmee het idee ondersteunend dat dit nieuwe identificatiecriterium zal leiden tot verbetering van de prestatie van modelvoorspellende regelaars in het
algemeen.
In hfst. 4 wordt RHOC met dit simpele model toegepast op de alternerende reactor van de proefopstelling. De regelaar heeft meerdere tests met succes doorstaan, wel bleek de prestatie suboptimaal alsgevolg van onnauwkeurige model voorspellingen. Dit waste verwachten, want deeenvoud van het N-verwijderings model in hfst. 2 is bereikt door de tragere dynamica te beschrijven
middelsmodelparameters,dieinditstadiumnognietrecursief geschatworden.
Deresultaten van hfst. 4tonen aan dat recursieve identificatie van (een deel van) demodelparameters nodig is om het model actueel te houden. Hfst. 3 presenteert het algoritme voor recursieve
identificatie van die modelparameters. Het Kalman filter is gebruikt, omdat dat de aantrekkelijke
eigenschap heeft dat de versterkingsfactor van het filter behorend bij niet-identificeerbare parameters (bijv. de nitrificatiesnelheid tijdens anoxische perioden) lineair toeneemt in de tijd. Het wordt
bewezen dat deze toename van de versterkingsfactor bij normale procesvoering niet zal leiden tot
instabiliteit.Demethodeblijkt primatewerkenopechtedata.
Hfst. 5behandelt de adaptieve RHOC voor N-verwijdering in alternerende ASP reactors. Dit is de
combinatie vanrecursieve identificatie in hfst. 3en deRHOC regelaar in hfst. 4.Hoewel stabiliteit
van de niet-lineaire RHOC feedback regelaar niet kan worden bewezen, om maar niet te spreken
van de combinatie met recursieve identificatie, is er maar een bron van instabiliteit ontdekt in een
helereeksexperimenten. Ditishet scenariowaarin NH4dedoelfunctie domineert,hetNHt-setpoint
nulisen degeschatte nitrificatiesnelheid, om welkereden dan 00k,negatief is geworden. In datgeval zal de regelaar de beluchting niet aanschakelen omproductie van NH4te voorkomen, dientengevolge komtgeen nieuwe informatie beschikbaar om degeschatte nitrificatiesnelheid bij te stellen
en dus zit de regelaar in een impasse. Uiteraard is dit scenario eenvoudig te voorkomen en bovendienzalhetnietoptredenondernormale omstandigheden.
In hfst. 4 wordt de ongebruikelijke waarneming gedaan dat de RHOC prestatie vrijwel onafhankelijkis vandevoorspelhorizon.Ditis aanleiding geweest vooreenstudienaar deoorzaak van ditongebruikelijke fenomeen en een poging om de resultaten zover mogelijk te generaliseren. De resultaten worden gepresenteerd in hfst. 6. Deze studie heeft geleid tot de afleiding van een li-norm
optimale toestandsteruggekoppelde regelaar voor 2-dimensionale lineair tijdsinvariante systemen
metontkoppelde dynamicaeneen enkele stuuringang.
In hfst. 7 worden de nagenoeg-optimale adaptieve RHOC uit hfst. 5 en de drie bestaande
regelstrategieen (tijdklokken, NUt-grenzen en redox-gebaseerd) voor N-verwijdering in continu
gemengde alternerende reactors vergeleken middels simulaties. Deze simulaties zijn uitgevoerd in
SIMBA™,een commercieel beschikbare toepassing binnen deMATLAB/SIMULINK™ omgeving,
gebaseerd op het Aktief-Slib Model no. 1. Nadeel van simulaties is dat de dynamica van zowel
sensoren als hetproces gemodelleerdmoeten worden,en zelfs het beste model van een ASPisniet
meer dan een slechte weergave van het werkelijke proces. Maar een eerlijke experimentele
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vergelijkingvan meerdere regelaars is onmogelijk, niet enkel om financiele redenen. Gelijktijdig
experimented testen vereist de beschikbaarheid van meerdere identieke installaties. Sequentieel
testen opeen installatie zou de resultaten vertekenen door veranderingen in procesomstandigheden
en influent. Dus simulatie is de beste manier om verschillende regelschema's onderling te
vergelijken. Het blijkt dat drie totaal verschillende regelaars (tijdklokken, NHt-grenzen en
adaptieve RHOC) een min of meer gelijke prestatie kunnen leveren, mits optimaal ingesteld.
Adaptieve RHOC blijkt superieur in termen van gevoeligheid voor sub-optimale instellingen. De
tijdklokken aanpak is aantrekkelijk vanwege haar eenvoud, maar erg gevoelig voor sub-optimale
instellingen.
Hfst. 8beschrijft een simulatiestudie metalsdoeldeoptimalisatie vanprocesontwerp in samenhang
met de procesbesturing voor alternerend aktief-slib processen voor N-verwijdering met twee hydraulisch verbonden reactoren. Demethodeisgebaseerd opsimulatie van de toepassing van RHOC
opeen reeks verschillende procesontwerpen binnen die klasse van systemen. Het RHOC algoritme
wordt verkregen door de regelaar uit hfst. 4 te herformuleren voor een 2-reactoren systeem. In het
optimale procesontwerp blijken de twee reactoren in serie geschakeld te worden, waarbij de eerste
reactor ongeveer viermaal zo groot is als de tweede. Een conceptueel simpele teruggekoppelde regelaar implementeert de verbeterde besturingsstrategie rechttoe rechtaan. De resultaten van dit
hoofdstuk pleiten sterk voor de simulatie van optimal control toegepast op complexe procesmodellen.Dit soort simulatiestudies doetimmersopz'nminstdienst alsideeen generator.
Hfst. 9 presenteert een grey-box modelleringsaanpak voor identificatie van de niet-lineaire zuurstofdynamica. Essentiele technieken hierin zijn singuliere waarden decompositie van de lokaal beschikbare Jacobiaan matrix,ofwel eigenwaarden decompositie van deparameter covariantie matrix,
en parameter transformatie. Het gebruik van respiratiesnelheidsmetingen brengt een belangrijke
vereenvoudiging van de modelleringsprocedure met zich mee. De procedure is o.a. in staat om de
niet-lineaire functie kLa(qair)teidentificeren, i.e.derelatie tussen kLaen het beluchtingsingangssignaal qair. Dit is in het bijzonder waardevol voor deexperimentele identificatie van derelatie tussen
kiA{qair) en het ontwerp van (nieuw ontwikkelde) beluchtingsapparatuur, het gebruik van bepaalde
dragermaterialen in beluchte reactors, of de aanwezigheid van bepaalde wasmiddelen. Een hogere
kLabij een bepaalde qair resulteert immers in een betere benutting van de beluchtingsenergie. Dus
kan identificatie van kLa(qair)voor nieuw ontwikkelde apparatuur een belangrijk verkoopargument
opleveren.
Hfst. 10en 11behandelen beiden deexcitatie vanderespiratiekamer dynamica ineencontinu doorstroomde respirometer met het doel om extrainformatie teverkrijgen uit de zuurstofmetingen in de
respirometer. Hfst. 10 is een poging tot verbetering van de nauwkeurigheid van de BZVkt-schatttingstechniek ontwikkeld door Spanjers et al. (1994). In tegenstelling tot de verwachting bevatten
de schattingen nog steeds een onacceptabele onnauwkeurigheid als gevolg van parametercorrelatie.
Er wordt echter een kleine wijziging in de meetstrategie voorgesteld, waarvan wordt verwacht dat
het nauwkeurigere schattingen mogelijk maakt. De resultaten van experimenten met deze gewijzigde meetstrategie worden gerapporteerd in hfst. 11. De schattingsresultaten ontmoedigen verdere
pogingen teridentificatie vandeslibkinetiek en BZVkIuitdit soortexperimenten overtuigend.
Detwee andere doelen van hfst. 11zijn identificatie van dezuurstofsensor dynamica en de verdunningssnelheid in een continu doorstroomde respirometer door excitatie van de respiratiekamer dynamica. Twee gescheiden procedures worden gepresenteerd. Beide procedures bestaan uit doelge-
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richte in-sensor experimental gevolgd door een gewone kleinste kwadraten schatting. De
haalbaarheid vanbeideprocedures isgeverifieerd inexperimenten met aktief-slib, gevoed methuishoudelijk afvalwater. Grote experimentele data-sets worden gepresenteerd, die het on-line gebruik
vanbeideproceduresindealledaagsebesturingvanderespirometer bepleiten.
In hfst. 12worden de praktisch relevante conclusies, die in de individuele hoofdstukken al getrokken zijn, nog een keer samengevat. Bovendien bevat hfst. 12 ook nog een korte uiteenzetting van
een aantal resterende ideeen, waarvan ik geloof dat ze nieuw en kansrijk zijn. Deze ideeen betreffen: 1)Het voldoen aan N-totaal effluent normen door een hoger effluent NH4 toe te staan; 2)Regeling met als expliciet doel het voldoen aanjaarlijks-gemiddeldeeffluent normen; 3) Het gebruik
van pH-metingen voor continue on-line tuning van tijdklokken in een op tijdklokken gebaseerde
besturingsstrategie vooralternerende N-verwijdering ineencontinu gemengde ASPreactor.
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