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Preface

This thesis has been prepared at the Department of Matteahibdelling
(IMM), The Technical University of Denmark, and Kriiger Ai8,partial ful-
filment of the requirements for the degree of Ph.D. in enginge

The thesis is concerned with the modelling of wastewatecgsses with the
objective of using the models for control of sewer systemd wastewater
treatment plants. The main contribution to this field inésdoth linear and
nonlinear dynamic stochastic modelling of the influents tstewater treat-
ment plants as well as modelling of processes in the wasteviegatment
plant.

Ramlgse, 12th November 1999.
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Summary

In this thesis, models of pollution fluxes in the inlet to 2 Bdnwastewater
treatment plants (WWTPSs) as well as of suspended solidsd@®entrations
in the aeration tanks of an alternating WWTP and in the effldsom the
aeration tanks are developed. The latter model is furthezmeed to analyze
and quantify the effect of the Aeration Tank Settling (AT ®etating mode,
which is used during rain events. Furthermore, the mode$ésluo propose a
control algorithm for the phase lengths during ATS operatio

The models are mainly formulated as state space model imcmis time with
discrete-time observation equations. The state equatienthus expressed in
stochastic differential equations. Hereby it is possildaise the maximum
likelihood estimation method to estimate the parameteteemodels. A Kal-
man filter is used to estimate the one-step ahead predictahsare used in the
evaluation of the likelihood function. The proposed modeésof the grey-box
type, where the most important physical relations are cagthivith stochastic
terms to describe the deviations between model and realitye#l as measure-
ment errors.

The pollution flux models are models of the COD (Chemical Gxy®emand)
flux and SS flux in the inlet to the WWTP. COD is measured by meaadJV
absorption sensor while SS is measured by a turbidity seridoese models
include a description of the deposit of COD and SS amounspeively, in
the sewer system, and the models can thus be used to quaesfy amounts as
well as to describe possible first flush effects. The buildug ffush out of the
deposits are modelled by differential equations, thus tbeeats are dynamic



models. The dynamic models are furthermore compared tolsirafatic mo-
dels and it is found that the dynamic models are better at fiiogi¢he fluxes
in terms of the multiple correlation coefficieR’.

The model of the SS concentrations in the aeration tanks dlt@nnating
WWTP as well as in the effluent from the aeration tanks is a rhassnce
model based on measurements of SS in one aeration tank amel @@mmon
outlet of all the aeration tanks, respectively. This modedl state space model
with the SS concentrations and the sludge blanket deptheindration tanks
as state variables and with the SS concentrations in onéiaretank and in
the common outlet as observations.

The SS concentration model is used to quantify the benefiéd 8foperation
in terms of increased hydraulic capacity. The model is femore used to
propose a control algorithm for the phase lengths during Ap&ration. The
guantification of the benefits of ATS operation as well as ttappsal for a
control algorithm is based on the assumption that if the S®euatration in
the secondary clarifier increases beyond a plant and situapecific amount
above the normal dry weather level, the SS concentratiomenetfluent in-
creases to an unacceptable level. It was found that AT Saserethe hydraulic
capacity of the WWTP considered by more than 167%, while tlopgsed
control algorithm is yet to be implemented in full scale.



Resume (in Danish)

| denne afhandling er der udviklet modeller for henholddaigireningsflux

i indlgbet til 2 danske renseanleeg og for koncentrationesuapenderet stof
(SS) i luftningstankene pa et alternerende renseanleed s@vei udlgbet fra
luftningstankene. Sidstnaevnte model er desuden anvdrattdnalysere og
kvantificere effekten af Aeration Tank Settling (ATS) dsittrmen, der anven-
des under regn. Desuden er modellen anvendt til at foredfygngsalgoritme

for faseleengderne under ATS drift.

Modellerne er hovedsagligt formuleret som tilstandsmiedelkontinuert tid
med diskret tids observationsligninger. Tilstandsligi@me er derfor formu-
leret i stokastiske differentialligninger. Herved er datligt at anvende max-
imum likelihood estimationsmetoden til at estimere maztekes parametre,
idet et Kalmanfilter anvendes til at estimere et-trins pkagutierne der bruges
til evaluering af likelihood-funktionen. De foreslaede dedler er af grey-box
typen hvor de veesentligste fysiske sammenhaenge benytteddliormule-
ringen kombineret med stokastiske termer til at beskriwdgatserne mellem
model og virkelighed samt malefejl.

Forureningsfluxmodellerne er modeller for COD (Chemical@sn Demand)
flux og SS flux, i indlgbet til renseanlaegget. COD er malt vha.U¥ ab-

sorptionssensor mens SS er malt vha. en turbiditetsser3isse modeller
inkluderer en beskrivelse af aflejringerne af henholdsvid>@g SS meaengder
i aflgbssystemet, hvorved modellerne kan anvendes til attifvzre disse
meengder, samt til at beskrive eventuelle first flush effeki@®pbygningen
og udskylningen af aflejringerne er modelleret vha. diffdigdligninger, sa

Xi



Xii

modellerne er dynamiske modeller. De dynamiske modellgilesuden sam-
menlignet med simplere statiske modeller og det er fundeteatynamiske
modeller er bedre til at modellere fluxene malt vha. den pldtkorrelations
koefficient R.

Modellen for SS koncentrationerne i luftningstankene iteraerende rensean-
laeg savel som i udlgbet fra luftningstankene er en massedstzodel baseret
pa malinger af henholdsvis SS i én luftningstank og i detdselidigb fra
alle luftningstankene. Denne model er en tilstandsmodel 8@ koncentra-
tionerne samt slamspejlsdybderne i luftningstankene dstaride, og med SS
koncentrationerne i den ene luftningstank samt i det faalitsb som observa-
tioner.

SS koncentrationsmodellen er anvendt til at kvantificereldene ved ATS
drift malt i @get hydraulisk kapacitet ved at kvantificere l8&ngderne i luft-
ningstankene under ATS drift. Modellen er desuden anveihdit foresla

en styringsalgoritme for faseleengderne under ATS drift.aidificeringen af
fordelene ved ATS drift samt den foreslaede styringsalgwier baseret pa
en antagelse om at stiger SS koncentrationen i efterklstamggen mere end
en anlaegs- og situationsspecifik starrelse over normatjisniveau, stiger SS
koncentrationerne i udlgbet til et uacceptabelt niveaut dddundet at ATS

gger den hydrauliske kapacitet for det betragtede rersmmpnted mere end
167 %, mens den foreslaede styringsalgoritme endnu ikkegleimenteret i
fuldskala.
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Chapter 1

Introduction

Urban drainage was introduced to improve sanitary conaiitiolt involves
the diversion of wastewater and storm water out of the caeefficiently as
possible and away from the surface of the streets. Howevwerdischarge of
wastewater has a major impact on the receiving waters. Raltgrnsufficient
or no wastewater treatment could devastate the ecologadahbe of nature,
e.g. by lowered oxygen levels and possibly death of fish imgbeiving waters.
Hence, wastewater treatment plants has in this century estblished and
upgraded to remove pollutants in form of organic matter anttients from
the wastewater.

As a consequence of the cholera epidemics in Europe in thelenid the 19th
century, sewer systems were established, to divert theewasgtr out of the
cities. Then the wastewater could be removed from the citigisthe pollution
was just transported to the surrounding environment. Thardc pollution in
the wastewater resulted in loss of oxygen in the recipiemntsch lead to the
development of wastewater treatment plants that remoanargnatter. Nutri-
ents in form of ammonia, nitrate and phosphate stimulateytbath of algae
which in the receiving waters and result in excessive lossxgfien and un-
desirable changes in the aquatic life. Hence, nutrient vaineas introduced
on the wastewater treatment plants. In Denmark, the intibolu of nutrient
removal was mainly caused by the water pollution act enaaté887. Today,
the wastewater treatment is so effective that the crititahtons arise during
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rain storms, during which the upper limits of the sewers aadtawater treat-
ment plants are reached. This result in untreated wastewairg lead to the
receiving waters. Hence, the focus is today on extensioheo§éwer systems
with detention basins to store the excessive water fromrastirm until the

rain stops. Another possibility is to use modern on-line soeament equip-
ment combined with on-line controllers to control the sesvand wastewater
treatment plants so that more water can be handled.

To be able to design the optimal control laws the dynamichefsewers and
wastewater treatment plants has to be understood.

The understanding of the dynamic behavior of sewer systemsvastewater
treatment plants is today often formulated as dynamic nsod&$ the models
can be formulated in many ways, it is important that the mddehulation
and complexity is in agreement with the modelling objectivee some models
are developed to yield a very detailed description of thelved processes
while other models are developed to be operational for ptii and control
purposes.

1.1 Modelling approaches

Deterministic (white-box) models are developed from thesidhat a full un-
derstanding of nature can be obtained by identifying andri@sg all the
physical, chemical and biological laws that govern theaystoncerned. The
IAWQ!? Activated Sludge Models for the processes in an activaistbsl was-
tewater treatment plant (Henze et al., 1987, 1995, 199%Gujl., 1999) and
the commercially available urban drainage modelling tdmsed on the St.
Vernant equations (Chow et al., 1988) such as Mouse (Lindéeal., 1989;
Crabtree et al., 1995; Mark et al., 1995, 1998b), are exasmfldeterministic
models. The deterministic models are often formulated imtiooous time, i.e.
the dynamics are described by differential equations. Dubé large number
of parameters it is often impossible to estimate the pararsemiquely from
available measurements.

1JAWQ is an abbreviation for International Association on téfaQuality, formerly Inter-
national Association for Water Pollution Research and @bmtbbreviated IAWPRC. In 1999
International Water Association, IWA, was formed by the gegrof IAWQ and International
Water Services Association, WSA.
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Black-box models (Ljung, 1995, 1999; Sjtberg et al., 1998)developed fol-
lowing a data based approach. The objective is to describénthut-output
relations by equations that do not reflect physical, cheinlmalogical etc.
considerations. Time series models: Auto Regressive (A8Jets, Auto Re-
gressive Moving Average (ARMA), AR with eXternal input (ARXARMA
with eXternal input (ARMAX), Box-Jenkins (transfer funoti) models etc.
(Box and Jenkins, 1976; Box et al., 1994; Ljung, 1995, 199adsén, 1995;
Poulsen, 1995) are examples of black-box models. Theselmadeformu-
lated in discrete time, i.e. the dynamics of the phenomerwrterned are
described by difference equations. The time series modelade stochastic
terms to account for uncertainties in model formulation emehsurements. As
the models do not incorporate any prior knowledge, the patara have to be
estimated. Neural networks are another type of black-bodletso The pa-
rameters of neural networks are also found by an estimatiethod, but the
terminology is that neural networlkearn by training (see e.g. Sjoberg et al.
(1995)).

Grey-box models are based on the most important physicamictal and bi-
ological relations and with stochastic terms to count inaeutainties in model
formulation as well as in observations. The objective is &awehphysically
interpretable parameters that are possible to estimate danmof statistical
methods. Grey-box models are often formulated as a combimaf contin-
uous time and discrete time relations. The physical reiatiare formulated
in continuous time, with differential equations to deserthe dynamics, and
the observation equations are expressed as discrete fiatieme, as measure-
ments are taken at discrete time events. By including s&iichierms in both
the continuous time description of the system and the distime description
of the observations, it is possible to distinguish betwe@detiing uncertain-
ties and measurement uncertainties, and to quantify thertaicties.

Physical insight can also be used to establish models fatedlin discrete
time only (Young and Wallis, 1985; Young et al., 1997). Hoeeuthe esti-
mated parameters are not directly the parameters of thelyitdecontinuous
time model, even though there are unique relations betweediscrete time
and continuous time parameters.
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1.1.1 Sewer system modelling

Sewer systems are often modelled by means of commerciadljahle soft-
ware like the Storm Water Management Model, SWMM (Meinhdlzak,
1974), Hydroworks (Heip et al., 1997) and Mouse (Lindberglet1989; Crab-
tree et al., 1995; Mark et al., 1995, 1998b). Modelling witicls packages has
been used as a planning tool for introducing real time cdofreewer systems
(Entem et al., 1998; Hernebring et al., 1998; Mark et al.,889where the
modelling software is used to simulate the sewers.

The time series modelling approach has been used by Cajpodag04) to

make one day ahead predictions of the water flow in a seweersybased
on measurements of rainfall. Delleur and Gyasi-Agyei (299ge transfer
function models to predict suspended solids concentmsiiosewers from ob-
servations of temperature and flow rate. Modelling of flove iiom rainfall

observations has been carried out by Ruan and Wiggers (1997)

Liong and Chan (1993) use neural networks to predict stomoffusolumes
from a catchment. The predicted volumes from the neural oidsvare com-
pared with output from the SWMM model. Nouh (1996) appliearaknet-
works to model the peak concentrations of total suspendédssaitrates
and total phosphorus in sewer flows, and compares the resitlishose of
SWMM.

The grey-box method is applied by Grum (1998) to model susp@mrganic
matter (suspended COD concentration) and the water levahatverflow
structure in a Dutch combined sewer system.

1.1.2 Sedimentation and first flush

Sedimentation in combined sewers (sewers that handle betiicipal waste-
water and runoff water) and the first flush phenomenon areljiagslated to
the different flow conditions during dry weather and wet vireat If sedimen-
tation of pollutants in the sewer (and on impervious areahefcatchment)
can occur during dry weather periods, the sediments can bledftliout of the
sewer during wet weather situations, due to the increased ffitothe first part
of the rain event the concentrations will be increased, thagerm first flush.
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If the rain continues after the sewer is cleaned, the rairemigtassumed to
dilute the municipal wastewater, with lower concentragi@s a result.

Ashley and Crabtree (1992) analyse the sources of sedinrestvers, how
the sediments can be classified and how they are depositeshbiced sew-
ers. The flushing effects are treated by Geiger (1987); 2e{@D98); Saget
et al. (1996); Bertrand-Krajewski et al. (1998); Gupta amdil§1996), who

classify the effects by plotting the cumulative load of ptdints (suspended
solids, COD etc.) normalized with the total amount of palhts against the
cumulative flow normalized with the total amount of water &ostorm event,
see Fig. 1.1. If the observed curve is above the equilibrinew) = z, flushing

%

100 =
Py
Phe - /
- - /
- - /
- - ,/
- /
80 e !
- ’/
// /
© ~ /
g : :
= W
8 R !
8 60 o 7
g \)& 2
o 4 Q Y
= , S ’
o ’ N s
> ’ Q/Os 7
= / -
, .
S a0t / S
/ K4 R\
S / T
o K
/7 a
/ -
20/ s
’ o
/ /,/
/ -
/ /./
/ /_/'
/ e
() Vi I I | |
0 20 40 60 80 100%

Cumulative flow

Figure 1.1. Cumulative pollution curves.

is taking place and if the observed curve is below the equilib line dilution
has occurred. It should be noted that this method treatsoathsevents equal,
and it is not possible from an observed curve to see if therorgs a light
rain event or a heavy thunder storm.
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Gupta and Saul (1996) perform regression analyses on thelative load
of pollutants and find that peak rainfall intensity, the staiuration and the
antecedent dry weather period are most informative amoa@tialysed vari-
ables.

1.1.3 Control of sewer systems

The introduction of automatic control of sewer systems isst effective way
to improve the effluent quality, compared e.g. to buildingvreerflow struc-
tures, as automatic control is expected to enable bettamatitbn of the existing
facilities.

By means of appropriate models, predictive control alpong can be estab-
lished. These algorithms utilize predictions from the nmisde select the best
control action at a given time.

Entem et al. (1998), Hernebring et al. (1998), and Mark ef1#898b) prepare
for the application of the Mouse model for on-line controlrposes, i.e. a
complicated deterministic model, suitable for simulat&indies, is expected
to produce predictions applicable for on-line control, eteough Carstensen
et al. (1996) stress that no single model exists that is [deiteor both plan-
ning, detailed analysis and on-line control. CarstensehHarremoés (1997)
compared the flow predictions from a Mouse model used onwliitle a much
simpler transfer-function model based on measurementsaiofail intensity
and time of day only and estimated on observations from thehozent con-
sidered, and finds that the transfer-function model is mwttebin predicting
the flow. It is thus not expected that white-box models likeugk®is usable for
on-line purposes.

1.1.4 Wastewater treatment plant modelling

Activated sludge wastewater treatment plants are oftereffemtiby the IAWQ
Activated Sludge Models (Henze et al., 1987, 1995, 1999¢(ztjal., 1999).
Commercial software that implements the models is availad#ge e.g. EFOR
Version 3.0 (1998). Computer models based on the IAWQ maaielsused
to simulate different control strategies and the possilgieefits (Dupont and
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Sinkjeer, 1994; Rangla et al., 1998).

Novotny et al. (1991); Capodaglio et al. (1992); Berthoued Box (1996) ap-
ply the traditional time series analysis models to wastem@éatment plants.
Novotny et al. (1991) and Capodaglio et al. (1992) use phaysisight in form
of mass balances combined with Euler approximation to éstatorrespond-
ing discrete time models.

Ward et al. (1996) combine the Activated Sludge Model No. ér{¢t et al.,
1987) with time series models to establish a hybrid modelhef dctivated
sludge process and to enable prediction of suspended golids effluent.

Zhao et al. (1999) compare the Activated Sludge Model No. enfté et al.,
1995) with a simplified model and a neural net model, while Rd BHung
(1995) establish a neural network model for a trickling fijpant.

Modelling of secondary clarifiers is treated in Ekama et B997), which in-

clude a description of the Vesilind model (Vesilind, 19687%) for hindered
sludge settling velocity. Hartel and Popel (1992) have ammeterized the
original Vesilind mode, to include the dependency of slugigkime index,

SVI, on the settling velocity. Dupont and Dahl (1995) sud@gesodel that is
adequate for both free and hindered settling.

Comparison of different one-dimensional sedimentatiomeis carried out
by Grijspeerdt et al. (1995) and Koehne et al. (1995). Ingpdgrdt et al.
(1995) both steady state and dynamic properties of the exaiminodels are
compared. It is found that the Takacs model (Takacs et @1)1i& the most
reliable. Koehne et al. (1995) conclude that the modelsiderexd all model
storm water flow situations well, but lack sufficient accyratsimulating dry
weather situations.

1.1.5 Control of wastewater treatment plants

Concepts of control of wastewater treatment plants areetdelay Olsson et al.
(1989) and Olsson (1992), who also treat the instrumemtgtioblem as well
as the subject of building models suitable for control pggm Note that the
model structures suggested are of the time series anajyss and not of the
detailed deterministic IAWQ activated sludge model type.
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Results from the introduction of on-line instrumentatiommbined with ad-
vanced control strategies in wastewater treatment plaeteported by Nielsen
and Onnerth (1995) and Onnerth and Bechmann (1995), whénenimre cost
effective operation and better treatment results are oéthi

1.1.6 Purpose

The purpose of this research project is to establish ondperational models
for the wastewater coming to a wastewater treatment plahfa@rselected pro-
cesses in the plant, and to suggest control algorithms tileeuthe existing
facilities in the sewer and treatment plant in an optimal wElge project is a
contribution towards the total integrated control of sewgstems and waste-
water treatment plants.

1.2 Outline of the thesis

This thesis is based on 6 papers written during the projetti@divided into
two parts. The first part contains a summary of the theoryruktiie modelling
carried out in preparation of the papers as well as a coniladf the results
of the papers, which are are included in Part Il.

In Chapter 2 the background for stochastic modelling of dyigasystems is
given. The aim is to give the background for establishing edomprised of
continuous time descriptions of the system dynamics armlatistime descrip-
tions of the measurement process. Hence, the chapter beitfins description

of stochastic systems. Then a maximum likelihood method&imation of

the parameters in the models is presented. This estimatimad requires use
of the extended Kalman filter, which is introduced next. Alnoekfor treating

uncertain and missing observations is presented beforealwation of the

estimated models is treated. Finally in this chapter, thley-4pox modelling

concept is explained and the advantages of this concepplgiegd.

Chapter 3 summarizes the results presented in the papedismudses aspects
of the work behind the papers not treated in them. The paperddbe read in
connection with Chapter 3, as the results in the papers dnepeated in this
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chapter. Furthermore, suggestions concerning future \wotlke areas treated
is given.

Finally, the conclusions is presented in Chapter 4, afteiciwthe papers are
included.
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CHAPTER 1. INTRODUCTION




Chapter 2

Stochastic modelling of
dynamic systems

In this chapter some of the mathematical and statisticakdracnd for sto-
chastic modelling of dynamic systems is given. The objecis/to establish
the basis for building continuous time stochastic statespaodels with dis-
crete time observations, to estimate the parameters of tuels, and finally
to validate the models.

2.1 The Wiener process

The Scottish botanist Robert Brown observed the irregulation of pollen

grains suspended in water in 1828. The motion, called Brawniotion, was
later explained by the random collisions between the pafjeins and the
water molecules. The Wiener process is a fundamental sttch@ocess pro-
viding a mathematical description of the Brownian motioheTpplication of
the Wiener process goes far beyond the study of microscaipesnded par-
ticles, and includes modelling of noise and random pertiobha in physical

systems, e.g. thermal noise in electrical circuits.

13
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The properties that define thedimensional Wiener procegsv,,t > 0} are:

1. wy = 0 with probability 1

2. Theincrementsv;, — wy,, wy, —wy,,... ,wy, —wy, ,, Of the process
are mutually independent for any partitioning of the timeemal 0 <
o<t < - <tp <o

3. The incrementv; — w, for any0 < s < t is Gaussian with mean and
covariance:
Elw; —w,] =0 (2.1)
Viw; — ws] = Ty (t — 9) (2.2)

whereX,, is a positive semi definite matrix.

WhenX,, is the identity matrix, a standard Wiener process is obthine

Among other important properties of the Wiener processhdusd be noted
that the sample paths are continuous with probability onenbwhere differ-
entiable with probability one.

Even though the Wiener process is not differentiable, trmé&btime derivative
of w, is called Gaussian white noise. This derivative only malkess as a
generalized function. The process has a uniform spectraiyefunction for

all real frequencies, which is a characteristic of whiténtjghence, the term
white noise

Seee.g. Melgaard (1994); Madsen and Holst (1996); @kséheab); Jazwin-
ski (1970) for more details about the Wiener process.

2.2 Stochastic differential equations

In order to be able to handle stochastic terms in differémguations it is
necessary to introduce stochastic integrals.

Consider the one-dimensional stochastic differentiabgiga:



2.3. STOCHASTIC STATE SPACE MODELS 15

wheref (X, t) is the drift coefficientG (X, t) is the diffusion coefficient and
wy is a standard one-dimensional Wiener process.

A formal integration of (2.3) yields:

t t
Xt:Xo—I-/O f(Xs,s)ds+/0 G(X,, s)dw, (2.4)

The first of the integrals can be interpreted as a standanth&ia integral, but
the second integral is more difficult to handle, as the sapales of the Wiener
process have unbound variation (Madsen and Holst, 19963.0lution is to
apply the 1td stochastic integral, defined as the mean-gedirait of the left
hand rectangular approximation:

N-1
Z G(Xtiati)(wti+1 - wti) (25)
1=0

for all partitions0 = #; < t; < --- < ty = t as the maximum step size
max(t; 11 —t;) — 0.
1

More details can be found in e.g. @ksendal (1995); KloederPaaten (1995);
Madsen et al. (1998); Madsen and Holst (1996).

2.3 Stochastic state space models

State space models are often used to describe dynamic sysWith the in-
troduction of stochastic differential equations it is gbksto establish contin-
uous time stochastic state space models with discrete fsereations. This
is reasonable because physical systems are of a continmoesature, and
measurements are taken at discrete time instances. Intaastmcstate space
model, stochastic terms are used both in the differentinhggns and in the
observation equations. Hereby, it is possible to distisiglietween modelling
uncertainty in the differential equations and measureno@certainty in the
observation equations.

The dynamics of a general non-linear stochastic state spaxiel are de-
scribed by:

dX, = f(X,,U,,0,t)dt + GU,,0,t)dw,, t>0 (2.6)
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Here, X, is the state vectorf is a vector function that describes the evolu-
tion of the system as a function of the current state, thetimpatorU,, the
parameters of the model represented by the parameter \&ctod the time

t. The vector functiorG describes how the noise enters the system. The noise
is represented by the stochastic procegs), which is amn-th order standard
Wiener process.

The measurements are taken at discrete time intervals anthas expressed
in the observation equation:

Yk:h’(XkaUkaaatk)—i_eka tke{tﬂatla"' atN} (27)

whereh is a function that expresses how the measurements aredrétatbe
states and the input, and finally is the number of observations. The observa-
tion noisee is assumed to be a Gaussian white noise sequence indepefident
w. Here, the subscript is introduced as a shorthand notation fpr

2.4 Maximum likelihood estimation

When a stochastic state space model of a given system is leduand mea-
surements from the system are obtained, the parameters aee dstimated.
Even though different approaches to the estimation proldesdescribed in
the literature (see e.g. Ljung (1999)), only the maximunellkood method
will be described here.

The observations are considered as realizations of stochasiables. The
objective of the method is to maximize the probability of tieservations, i.e.
when a maximum likelihood estimate of the parametkis found, no other
parameters will result in a higher probability of the obszhdata.

In the following it is assumed that the system is observeegtlar time in-
tervals (i.e. with a constant sampling time). To simplifg thotation the time

is normalized with the sampling time, and thus the time indebongs to the
set0,1,2,... , N, whereN is the number of observations. In general every
observation is a vector.

Let Y (t) denote the matrix of all observed outputs until and inclgdime?:
Y(t) =Y, Yi1,..., Y1, Y (2.8)
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The unconditional likelihood functiod’(6; ) (N)) is the joint probability of
all the observations assuming that the parameters are kn@ann

L'(6;Y(N)) = p(Y(N)16) (2.9)

In order to express the likelihood function as a product oftitonal densities,
successive applications of the ril A N B) = P(A|B)P(B) are used:

L'(6; Y(N)) = p(Y(N)|6)
=p(YN|Y(N - 1),0)p(Y(N -1)|6
N (2.10)
= (TLpvidy(a - 1).0) )o(¥olo)
t=1
The conditional likelihood function (conditioned @f) is then:
N
L6:Y(N)) = [[ (Y eY(t - 1).0) (2.11)

t=1

As the increments ofv and the observation noigeare Gaussian, the condi-
tional densities for a linear system are also Gaussian. Fmnalinear sys-
tem like (2.6) we shall assume that the conditional dersséie approximately
Gaussian. The Gaussian assumption enables an evaluattbe bielihood
function. The normal distribution is completely charaized by the mean and
the covariance. Hence, in order to parameterize the conditidistributions,
the conditional mean and conditional covariance are iniced as:

Y1 = E[Y,Y(t—1),6] and (2.12)
Ry = VY| Y(t—1),6] (2.13)

respectively. Notice that (2.12) is the one-step predicdad (2.13) the asso-
ciated covariance.

The innovations or one-step prediction errors are:

&=Y, - Y (2.14)
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Then the conditional likelihood function (2.11) becomes:
L(6; Y(N))

N
» i ) (2.15)
= H ((277) /2 det Rt\t—/l exp(f%e;Rt‘tl_letD
=1

wherem is the dimension of th&” vector. Traditionally the logarithm of the
conditional likelihood function is considered, i.e.

log L(6; Y(N))

N
2.16
= —% Z (log det Rt\t—l + 62R5t1716t> + const ( )
t=1

The maximum likelihood estimate & is found as the value that maximizes
the conditional likelihood functiori.(@; Y(N)), which is the same value that
maximizeslog L(0; Y(N)) and minimizes-log L(#; Y(N)). Thus, the max-
imum likelihood estimate of is found as:

N
h : I p—1
0 = arg rlrjljl\? ;1 <log det Ry; 1 + eth\t—1€t> (2.17)
where D, is the set of allowed values 6f

As it is not possible to optimize the likelihood function &riecally, a numeri-
cal method has to be used. The quasi Newton method is a rddsateice.

The maximum likelihood estimator is asymptotically norinalistributed with
meand and variance

D=H"' (2.18)

whereH is the Hessian given by

82
{hi} = —E mlog L(6; Y(N)) (2.19)

where{h;,} denotes the element in rolxand columnk of H andé; denotes
element; of @ (Conradsen, 1984a).

An estimate ofD is obtained by equating the observed value with its expecta-
tion and applying

2

) = — (- log OV | (2.20)
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Equation (2.20) is used to estimate the variance of the petemestimates.
The variance estimate of each of the parameter estimatesssas basis for
calculating t-test values for test under the hypothesisthiesparameter is equal
to zero. Furthermore, the correlation between the paramestanates is found
based on the estimate &1.

2.5 The extended Kalman filter

The Kalman filter provides estimates of the states in a spteesmodel based
on measurements from the real system. In the maximum ligetirestimation

method described above, the one step predictions and assbciovariances
are needed for calculating the likelihood function, ang thiwhat the Kalman
filter provides. The Kalman filter is derived for linear syste and is thus
not directly applicable to non-linear systems. Howeveg, éktended Kalman
filter, based on linearizations of the system equation (&réynd the current
state estimate, can then be applied.

Consider now the model described by:
dX; = f(Xt,Ut,O,t)dt+G(9,t)d’wt, (2.21)

with w; being a standard Wiener process. Note tat now limited to be a
function of the parameters and time only. The observatiomsaken at discrete
time instantg;, and described by:

YkZh(Xk,Uk,o,tk)—l—ek, tr E{to,tl,... ,tN} (2.22)
wheree is a Gaussian white noise process independeant,@nd with

ei € N(O,S(G,tk)) (2.23)

For the continuous-discrete time extended Kalman filtertli@r state space
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model (2.21)—(2.22) the prediction equations are:

dX 5

dtt‘ = f( Xy, U 0.8), t€ [ty tps] (2.24)
dP .

dtt‘k — A(Xt‘k,Ut,a,t)Pt‘k

+Pt\kA’(Xt\kaUt70at) (225)
+ G(0,t)G'(0,t), tE€ [ty tri]

where A is obtained by a linearization of the system equation (2.21)

< 0
A(Xt\kaUtaavt) = 8—;; X=X " (226)
—t

At the observation times, the updates are:

Ky = Py 1Ci[CiPy—1C + S(0,8,)] " (2.27)
Xy = Xpppo1 + Kp(Yi — h(Xp-1,Up, 0, 1)) (2.28)
Py = Ppjp—1 — Ky C Py (2.29)

whereC is the linearization of the observation equation (2.22):

oh

C,= C(Xk\k—la Ukaoatk) = a—X X=X |
— A klk—1

(2.30)

To make the integration of (2.24) and (2.25) computatignfdhsible and nu-
merically stable for stiff systems, the time interval, ¢; [ between to subse-
guent observations is divided intQ subintervals (sub-sampled) and the equa-
tions (2.24) and (2.25) are linearized around the statenetti at each sub-
sampling time. The state propagation equation for the seival [¢;,%;1]
becomes:

2 f(X;,U0;,0,t)) + A(X;,U;,6.15)(X; — X)

dt
— AX,,U,.0.1)X, (2:31)
+(F(X;.U;,0,t) — A(X;,U;,0,t)X;) t€ [t tj]
Equation (2.31) has the solution:

A

X=X+ (2,() - D(AX,;,U;,0,t) " f(X,,U;,0,t;) (2.32)
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where
B,(j) = AKX U;815)7s (2.33)

andr, = tj41 —t; = T/ns whereT is the sampling time. The matrix ex-
ponential can be calculated by e.g. Padé approximation Nddsen et al.
(1998)). The state covariance equation becomes:

Pji1=2,(j)Pj®s(5) + As(5) (2.34)

where

AL() = /0 " 8,()G(6.1)G(6, 1), () ds (2.35)

The extended Kalman filter and the iterated extended Kalntandire treated
in more detail in e.g. Madsen et al. (1998) and Jazwinski@L97

2.6 Uncertain and missing observations

When working with real systems in an imperfect real world,asi@ements
are sometimes missing. Sometimes all measurements atakd@aibut the
modeller has a priori information that some measurememrdesss valid than
others. This is easily handled by adjusting the covariafit@, ¢) of the ob-
servation noise process according to the validity of thesuemaments. If a
measurement is considered uncertain, the correspondiagngeer inS (0, t)
is increased. How much, depends on how uncertain the measotes. If a
measurement is completely missing, the correspondinguvesi is ideally set
atoo. When increasingS (6, t) the Kalman gainK, is reduced and the data
update (2.28) of the state estimates that depend on the gieasurement is
reduced correspondingly.

Missing observations in the input data should be handledrailse. If a single
or at least few observations in a row are missing, these casubstituted by
interpolated values, but in case of long periods with miggihservations in-
terpolation is often not an option. In this case a changeamibdel should be
considered. Sometimes it is possible to change an inpudblarto an output
variable, by a slight modification of the model. When thisasé, the missing
observations can be handled by means of the method propbsed.a



22 CHAPTER 2. STOCHASTIC MODELLING OF DYNAMIC SYSTEMS

2.7 Model validation

When an estimation of the parameters of a model has beerdamt, it is
important to check if the resulting model is satisfactorkisTis done by model
validation. This is often carried out by applying severaltmogls simultane-
ously, of which some will be mentioned in the following.

2.7.1 Tests in the model

The maximum likelihood estimation method provides estenalf the variance
of the parameters, cf. Section 2.4, and enables test forighdisance of the
parameters, i.e. to test whether the parameters are samtifycdifferent from

zero. The hypothesis to test is:

Hy:0;=0 against H; :0; #0 (2.36)

The test value i |s— Where9 denotes the-th parameter estimate aﬁ@ the

associated variance estlmate As the parameter estimatesymptotically
normally distributed, the test value is t distributed, ahdrn a t-test of the
hypothesis in (2.36) can be performed (Conradsen, 1984b).

Based on the estimate of the parameter covariance (2.¥)ydiresponding
correlation matrix can be computed. Over-parameteriratibthe model is
indicated by closely correlated parameters, i.e. by cati@h coefficients be-
tween two parameters close tar —1. Hence if correlation coefficients close
to 1 or —1 are observed, a reformulation of the model should be coreside

2.7.2 Graphical methods

An obvious method for model validation is a graphical congmar of the mo-
del output and the observations, which is simply carried yuplotting the
observed and modelled data. The question is if the outputseainodel seem
to match the observations. Note that it is possible to oltath one-step (or
k-step) predictions and simulations from a state space motle¢ one-step
predictions use the observations at timand the model equations to predict
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the observations at the next sample time, while/trstep predictions use the
observations at timeé and the model equations to predict the observations
sample times ahead. Simulations are characterized by aihg uhe initial
conditions, the inputs and the model to simulate the outputs

The model output can also be compared with the observatipmdolting the
residuals, i.e. the difference between the observatiodsrardelled data. Nat-
urally, this can be done for both the one-step Kestep) predictions and the
simulations.

The states of the model are often interpretable in a phys@ase. Hence, the
state estimates should be plotted so that it can be checkbdyifare realis-

tic. This is particularly important, when unmeasured state included in the

model.

Often the graphical methods reveal possibilities for maadlancements, e.g.
inclusion of bounds on states etc.

2.7.3 Residual analysis

The residuals are that part of the observations that the hatm#es not count
in. Hence, an analysis of the residuals can provide usefoitrimation on how
to improve the model, or to improve the confidence in the motfehe mo-
del describes the true system well, the residuals are wbisenand it is thus
obvious to test if the residuals can in fact be consideredhéiewoise. Further-
more, the maximum likelihood method is based on a white nasseimption.
If this assumption is not fulfilled, the appealing propeste the method are
lost. If the residuals are not white noise, the propertieghefresiduals can
give an indication of how to improve the model. For instaritte autocorre-
lation function of the residuals show first order autoregies behaviour, then
an extra state is needed in the model.
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Auto- and cross-correlations

If the residuals:; of a scalar process are white noise, the estimated autecorre
lation function is

R 1
pe(k) €approx N(0, N) (2.37)
Approximative 95% and 99% confidence limits at®s = +2/v/N and
+30 = +3/v/N. Plots of both the estimated autocorrelations for the res&l
and the confidence limits provide a graphical way to test hdrethe white

noise assumption should be rejected.

The cross-correlations between inputand residuals can be used to check
whether the input contains more information that has to loduded in the
model. Provided that the residuals (or the inputs) are wiatse, the estimated
cross-correlation function is

1

ﬁue(k) eapprom N(O, N) (238)

Hence, a significance test equivalent to the one describexedbr the auto-
correlation function can be carried out. Note, however #hdocorrelations in
u Or e can generate large cross-correlations between the two,theegh they
are not mutually correlated (Madsen, 1995).

Estimators for the auto- and cross-correlations are gimdviadsen (1995).

Cumulative periodogram

The periodogram for the residuals for the frequencies

i=0,1,...,N/2

1
vy = N
is for N even:

N N

f(ul) = % [(Z €, COS 27wit>2 + (Z €;sin 27T1/Z~t> 2] (2.39)

t=1 t=1
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The periodogram is a frequency domain description of théatian of the
residuals, ad(v;) indicates how much of the variation of the residuals is
present at the frequenaey.

The normalized cumulative periodogram is

Cly) = 2iz L) (2.40)

SV ()

which is a non-decreasing function, defined for the freqiesng. For white
noise the variation is uniformly distributed over the freqaies. The total
variation for NV observations i&Vo? and hence the theoretical periodogram for
white noise is

I(v;) = 207

€

(2.41)

The theoretical cumulative periodogram is thus a straigt from origo to
(0.5, 1). If the residuals are white noise, it is expected @) is close to
this line. Confidence intervals around the straight line lsarcalculated using
a Kolmogorov-Smirnov test, cf. Melgaard (1994).

Note thaty; are normalized frequencies, normalized by the samplirguizacy
I/T, |efl = I/Z'/T.

2.7.4 Cross validation

Cross validation is a method that requires two data setsn Estimation data
set, and 2) a validation data set. The estimation data seteid for the pa-
rameter estimation. The validation data set is then usegbtdftthe estimated
model describes this data set equally well as the estimatida set. It is im-
portant to carry out this type of test, as a pitfall a modetteght fall into is to
model the data and not the system. When testing the model ew d@ata set
from the same system, it will be evident if the estimationadat the system
was modelled.
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2.8 Grey-box modelling

Traditionally modelling of dynamic systems has been cdroiet following one
of two approaches. THalack-boxconcept is a data based concept, where prior
knowledge of the system is not included in the model. Exampfdlack-box
models are the traditional time series models: autoreyegsR) models,
moving average (MA) models, and combinations of these (ARMA these
models external input can be included to build e.g. ARX or AR¥models.
Another type of black-box models is neural networks. A deiarstic model
purely based on known relations for a system is charactk@aeawhite-box
model. White-box models of complex systems as sewer sysésmhsvaste-
water treatment plants are often comprised of numeroudlegtquations for
the subsystems of the system. White-box models are subjettdertainties,
but a description of these is usually not included in the ngdad hence not
guantified.

In the environmental sciences, the IAWQ Activated Sludged®s (Henze
etal., 1987, 1995, 1999; Gujer et al., 1999) for the processactivated sludge
wastewater treatment plants, and the Mouse models (Ligdéeal., 1989;
Crabtree et al., 1995; Mark et al., 1995, 1998b), based orStheVernant
equations (Chow et al., 1988) for sewer systems, are examplbeterministic
or white-box models.

Often the deterministic models are very detailed and haveyrparameters,
which makes it difficult or impossible to estimate the partereby ordinary
statistical methods.

The grey-box method is supposed to be the best mix of the twbads. A
grey-box model combines the available knowledge of the imgsbrtant phys-
ical relations with statistical modelling tools. Herebysifpossible to establish
models with few parameters compared to the white-box modeld with pa-
rameters that have physical meaning as opposed to the btackiodels. Fur-
thermore, the uncertainties are included in the grey-bodeh@nd the param-
eters of the noise processes are also estimated. Henceotted amcertainties
are quantified.
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2.9 Summary

In this chapter an overview of stochastic modelling is giv€Ehe Wiener pro-
cess is introduced in order to describe continuous timeentuise. Ité stocha-
stic integrals and differential equations serve as basigdtablishing contin-
uous time stochastic state space models. The parameteushimsodels are
suggested estimated by the maximum likelihood method. Xktended Kal-
man filter is described, as it calculates the one-step piedgthat are needed
by the estimation method. When a model is established angatemeters
are estimated, it should be validated. Therefore a set afatén tools is pre-
sented. Finally, the grey-box modelling approach is prestand compared
with other modelling approaches.
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Chapter 3

Results and discussion

The results of the work carried out in the present Ph.D. pt@ee documented
in the papers included in Part Il of this thesis. The purpdsthie chapter is
to discuss aspects of the work that are not treated in therpajodook at the
results in a broader perspective and to compile the restilegapers, as well
as to suggest areas for future research.

The work presented here is divided into two parts:

The first part focuses on the wastewater coming into the wetée treatment
plant. The emphasis has been on developing dynamic greyabdels capable
of describing the first flush phenomenon by modelling the iimiog fluxes,
but the results presented also cover the on-line measutsrgpollutants and
comparison with static models. This work is presented inePap—C.

In the second part, focus is on the biological part of the awmater treatment
plant, especially during wet weather conditions, whereafien Tank Settling
(ATS) operation is activated. In Paper D a model for ATS ispreged and the
result of implementing the model on-line is documented. froelel of Paper
D forms the basis for further modelling as carried out in jar@pion of Paper
E.

In Paper E ATS operation is described in more detail, and auhjyn grey-

29
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box model of the suspended solids concentrations in théiaetanks as well
as in the effluent from these is established. This model id irsd?aper F
to quantify the advantages of ATS operation in terms of iaseel hydraulic
capacity of the biological part of the plant and the resuéscampared with the
hydraulic capacity during ordinary dry weather operatiércontrol algorithm
for enabling ATS and for selecting the optimal combinatidrplase lengths
during ATS is also proposed in Paper F.

3.1 Sewer models

The influent pollutant fluxes at two wastewater treatmenttslaand hence two
catchments, have been modelled. Skive wastewater treapteatt delivered
data used in the preparation of Paper A and Paper B, and deteXalborg
East wastewater treatment plant was used in Paper C.

The models estimated in Paper A and Paper B are based on tleensadel
structure: A diurnal profile of the incoming flux combined ki first order
linear differential equation for the deposits in the sewed an impervious
areas of the catchment.

The estimations in Paper A were carried out using the Matlgie®n Identi-
fication Toolbox (Ljung, 1995) with thbj (Box-Jenkins) function in discrete
time, and the results were translated to continuous tim#h(thied2cmfunc-
tion). In this paper the model structure is applied direttlyhe UV absorption
flux and the turbidity flux. If COD and UV absorption as well &S &nd tur-
bidity are proportional, this approach is equivalent to elbdg COD and SS
fluxes, but as the relationships are affine, the models of id@gdtion and tur-
bidity fluxes are not equivalent to the models of COD and SS8uiowever
in this paper UV absorption and turbidity are thought of assuees of COD
and SS concentrations, respectively.

The estimated models are cross validated, i.e. one data sested for the
estimation and another data set is used for the validaticheofnodel. Fur-
thermore, the estimated diurnal profiles for UV absorptiod turbidity fluxes
are shown. The modelled amounts of UV absorption and tugbitiposited in
the sewers are also shown. As it is not possible to estimatadtual levels of
the deposits in the sewer with the model structure used, delyations from
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the initial level can be found.

In Paper B the COD and SS fluxes are modelled. The estimatierns mvade
with the CTLSM software (Madsen and Melgaard, 1991; Meldaard Mad-
sen, 1991), hence, the parameters are estimated by a maxiikeliood

method directly in continuous time. In this paper the stadidieviations of
the parameter estimates are also included.

The modelling carried out in Paper B is based on the same dataeal in Pa-
per A and the estimated models are cross validated like irP&apHowever,
the models of Paper B are models of the COD and SS fluxes (asegpothe
models of Paper A). In Paper B the estimated amounts of dspoghe sewer
are shown as deviations from the unknown average for the pien®d con-
cerned. Due to the fact that the models are of COD and SS fltesgsectively,
the deposits are amounts COD and SS.

In Paper C four different model structures are estimatedcamdpared. The
data used in this paper are from Aalborg East wastewatdntesd plant. The
contribution from this paper is twofold: 1) The dynamic mbsigucture used
in the previous papers is compared with simpler static nmdahd 2) The
dynamic model structure is applied to a different seweresyist

Cross validations of the estimated models was not carriethdeaper C. This
would, however, be relevant to do so that the different m®deluld be com-
pared on a validation data set also.

3.1.1 Cumulated flux vs. cumulated flow

When dealing with sewer systems and rain storms, it is of@stavhether first
flushes are present or not. As the proposed models do notlgidscribe
whether and when a first flush is present, this issue will beudised here.
The graph of the normalized cumulated flux vs. cumulated flewsed in
the characterization whether a first flush was present, i.graph with the
parametric description:

ft'; Qdt f;; QXdt
ftf; Qdt’ ffol QXdt

(@, y) = ( to<t<t (3.1)
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whereX is the concentration of the pollutant concernédis the flow, and;
andt; denote the start and end times of the rain incident.

When using this method, it is not possible from a given grapHistinguish
between different types of rain incidents, e.g. betweenost shtensive thun-
derstorm and a long rain with lower intensity.

It is easier to distinguish different rain incidents fromethon-normalized
graph:
t t
@) =([ Qit, [ Qxan) w<e<n (3.2)

to to

Model 1 of Paper C consists only of a diurnal profile (a harmmduainction with

a 24-hour period), and is therefore not applicable to statoatsons. Model 2
models the pollutant fluxes as affine with the floWK = ¢y + ¢1Q, i.e. the

pollutant flux is modelled as a constant level with additidraderm propor-
tional to the flow. Hence, the deviation from the constantytant flux level

is modelled as a flux with constant concentration. Modelsdlzaare thus not
capable of describing first flush phenomena. Hence, it is ordganingful to
apply the cumulated flow — cumulated flux methodology to me8eind 4 of
Paper C.

The cumulated flow — cumulated flux methodology is appliedramincident
in the data series from Aalborg East wastewater treatmemitplThe flow to
the plant during the period in question is shown in Figure 3.1

In Figures 3.2 and 3.3 the normalized cumulated SS flux vsmalized cu-
mulated flow of models 3 and 4 are shown, and in Figures 3.4 &ndt& cor-
responding non-normalized graphs are shown. Note thatlikereed fluxes
are compared to simulations from the models, and not oné)(step ahead
predictions. From Figures 3.2 and 3.3 it can be seen thatrhottels can pre-
dict increased pollutant concentrations during the racidient, but also that
the simulated fluxes are too low in the first approx. 70 — 80 %nefihcident.
When inspecting the non-normalized graphs in Figures 332\ it becomes
clear that the modelled fluxes are too low as the graphs fombasurements
and the simulations does not end in the same point.

The normalized cumulated COD flux vs. the normalized cunadldtow is
shown in Figures 3.6 and 3.7 with the corresponding non-atmed graphs



3.1. SWER MODELS 33

1200 71771
|
1000

)
ol S

400 /A

200 \/
L V

06:00 09:00 12:00 15:00 18:00 21:00 00:00 03:00 06:00 09:00
7 - 8 May 1998

Flow (m%/h)

Figure 3.1. Influent flow to Aalborg East wastewater treatinpdemnt.
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Figure 3.2. Normalized cumulated SS flux vs. normalized dated flow,
model 3.
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Figure 3.3. Normalized cumulated SS flux vs. normalized dated flow,
model 4.
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model 3.
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Figure 3.7. Normalized cumulated COD flux vs. normalized ulated flow,
model 4.
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Figure 3.9. Cumulated COD flux vs. cumulated flow, model 4.

in Figures 3.8 and 3.9.

The increase of COD concentrations during the rain incideatnot as clear
as the increase of SS concentrations, and the COD flux moieldase the
fluxes lower than the observed data. From Figures 3.8 and 8&hibe seen
that the models predict a small degree of dilution, evenghaca (small) flush
effect is present.

From the non-normalized graphs in Figures 3.8 and 3.8 itsig elear that the
modelled COD fluxes are lower than the observed fluxes as tlsumament
graphs does not end in the same point as the correspondindasiom graphs.

When comparing the SS and COD flux graphs it is seen that fisdt fRimore
apparent for SS than for COD. When COD is stabilized in thees@md SS is
not, this difference is expected.

In general the models of SS and COD fluxes under estimate tieentration
increases during the rain incident in question.
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3.1.2 Suggestions concerning future research — sewer mo-
dels

As the proposed models are quite simple linear models, isuarprising that
they do not describe the observed data perfectly, and thahtddels should be
reformulated, for example by increasing the order of théedintial equation
describing the pollution deposits and/or including nareér terms. Further-
more, the sub-model for buildup and flush-out of pollutantéhie sewer can be
split up into two: 1) A sub-model describing the buildup oflptants in dry
weather periods, and 2) A sub-model for flush-out during weather peri-
ods. These two sub-models need not be of the same order —ilthegomodel
could for example be made up of a first order differential ¢éiguawhereas the
flush-out model could be of a higher order. The switch betwbertwo sub-
models should be controlled by the flow, and implemented Iplieation of
smooth threshold functions (see Paper E for an applicafismooth threshold
functions).

As first flushes and dilutions are expected to be a result afdotramounts of
pollutants deposited in the sewer, introduction of limdas on the deposits
in the sewer system could be an important extension to thardimmmodel

4. However, to be able to estimate the limits of the depo#its,data must
include periods where the limits are reached, i.e. intensiin events where
the sewer system is cleaned and long dry weather periodswihedeposited
pollutants reach the upper limits. Such data series witHfecgint number of

observations of the extreme events might be difficult to iobta

3.2 ATS operation

Aeration Tank Settling (ATS) is introduced to enable thddmecal treatment
facilities to handle larger wastewater flows than possibith wrdinary dry

weather operation. The traditional way to handle stornasitns is to store the
excess water that the biological part of the plant cannotilesin storm tanks,
if available. If the plant is not equipped with storm tanksfdhey are already
full, the excess water has to bypass the aeration tanks anddary clarifiers.
Hence, bypass wastewater, which has not been biologicaiated, is being
lead to the receiving waters. The details of ATS operatian described in
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Papers D-F.

When ATS is activated, the biological tanks of the plant @agable of handling
a significantly larger flow, and thus to remove nutrients frmonsiderably more
wastewater during a rain event.

Paper D documents the first preliminary modelling of ATS agien. The
model is formulated in discrete time, and forms the basighHerwork of the
following papers.

In Paper E the modelling of suspended solids in the aeraéipkstof an al-
ternating BioDenipho plant as well as in the effluent from dieeation tanks
during ATS is documented. In this paper the model is fornadan contin-
uous time with discrete-time observations. The modellmdased on mea-
surements of flow to the biological paf;, the recirculation flowQ,, the
concentrations of suspended solids in one aeration fagk,s in the recir-
culation flow X¢s and in the effluent from the aeration tankKSsoutar The
flow path through each of the aeration tank pairs as well asnixing sig-
nals (for;, mi andm, for the aeration tank pair consisting of aeration tanks
kandl, (k,1) € {(1,2),(3,4),(5,6)}, are also used as inputs to the model.
The incoming flomY); is actually measured in the effluent from the secondary
clarifier, but when the water dynamics of the aeration tama @arifier are
insignificant, these flows are equal.

In Figure 3.10 the data set used for the parameter estimatidtaper E is
shown. The flow path and mixing signals are only shown fortamraanks 5

and 6, as the signals for the other two tank pairs are delagesions of these
data. The data set covers two ATS operation events with a dathver period
in between. The first ATS event covers the period from 25 Gatdb30 to

October 26 15:50. Then the plant is in dry weather operatitii @ctober 27

12:30. The second ATS period continues to the end of the @éatansOctober
29 0:00.

Note that the average SS concentration in the influent to énatian tanks
(assuming that the SS concentratior(ji is zero) calculated as

Qr
Qi + Qr

is included in the graphs. It is reasonable to assume th&@$heoncentration
in Qin is zero as the estimations carried out in preparation of Pashowed

Xssina(t) = Xssr (3-3)
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that this concentration was insignificant.

In Figures 3.11 and 3.12 estimated and simulated SS coatiens and sludge
blanket depths for a part of the estimation data set usedperHaare shown.
Both the estimated and the simulated variables are outpat the extended
Kalman filter. The estimated values are the data updates esttitnates, where
the measurements have been used to compute the resultsiniated data
are the results of a simulation of the model, i.e. only theitrfata to the model
(flow path through the aeration tanks, mixing signals, resludge concentra-
tions, inflow and return sludge flow) and initial values of 8@ concentrations
and sludge blanket depths in the aeration tanks are usedflovir@ath fyse

through the considered aeration tank pair is also includéthen fpse = 1

the incoming wastewater as well as the return sludge flowrectid to aera-
tion tank 5 and the clarifier is fed from aeration tank 6 ancewersa when

fp56 = 0.

From Figure 3.11 it can be seen that the sludge concentratimcreasing in
the aeration tank with discharge to the clarifier and deangas the influent
tank. When comparing the SS concentrations in the aeradiokstin Figure
3.11 with the average SS concentration in the wastewateriegtthe aeration
tanks in Figure 3.10, it is noted that the average SS corat@oririn the in-
fluent is about 3 g SS/frand that the SS concentrations in the aeration tanks
fluctuate around 4.5 g SSfmHence, the SS concentration in the wastewater
entering the influent aeration tank is lower than in the waater already in the
tank. As the amount of water in the tanks is almost consthatfltictuations in
the sludge concentrations in the aeration tanks are cays#tebact that the
incoming water pushes the sludge over to the effluent tartkywdren the flow
path is changed the sludge is pushed back again. The reshé sfudge mov-
ing between the aeration tanks is seen in the SS concensatidhe effluent
from the tanks. When the flow path is switched, the effluenaken from a
tank with a lower concentration. The concentration in tHeueht tank then
increases until the next change of flow path, but as sludgngetccurs in the
tank, the SS concentration in the effluent is not increastrtbeasame rate as

in the aeration tank.

The estimated and simulated sludge blanket depths in aer&nks 5 and
6 are shown in Figure 3.12. It can be seen that the sludge dflatdpth is
limited to about 0.8 m. Unfortunately, the aeration tankthatAalborg West
plant are not equipped with sludge blanket sensors, so ibtigassible to
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compare the estimated and simulated values with measutentémwever, it is
straight forward to include sludge blanket measuremeritssimodel, if sludge
blanket sensors are installed. From the estimated sludgwét depths it is
seen that they become negative, especially in dry weath@dse This is of
course not feasible, but this physical limitation was natiuded in the model.
However, the negative values occurring are small, and tliisonsidered a
major problem.

The estimated model is used in Paper F to simulate differeatating modes
of the plant, i.e. dry weather operation and 5 different ATi@tegies, which
result in different flow capacity increases at the plant. Fheulations are
used to quantify how much ATS operation can increase the fepacity, as
well as to propose a control algorithm for selecting theropti ATS operating
mode. Examples of both dry weather and ATS operation s@natat Aalborg
West wastewater plant are included in Paper F to illustragabATS operation
situation and to compare with a dry weather situation. lidthdoe noted that
the ATS event illustrated is controlled by another contigloathm than the
one proposed in the paper. In order to make the comparisoaridi because
the load of the plant varies over the week, both situatiookide a Saturday
and a Sunday. The selection of the days was carried out bydaking for a

storm situation and then selecting a similar period withwgather.

3.2.1 Suggestions concerning future research
— aeration tank SS model

In the model for SS in the aeration tanks as well as in the efflfrem these
established in Paper F, parameters for errors in the maasmts of X 55, and
Xssoutatare estimated simultaneously with the other model paraet®f
course there can also be systematic errors in the flow measats, but param-
eters for errors in the flow observations were not estimakdor parameters
for the flow observations should be included in the model t&eriapossible
to test whether there are significant errors in the measurentd the flows.

The model includes all 6 aeration tanks of Aalborg West wester treatment
plant, which are operated in an identical way except for tdakys between
each of the tank pairs. The time delay is equal to the re-sampiterval (12
minutes). The benefits of using a full 6-tank model compaced simplified
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2-tank model are expected to be of minor significance, as ttaalé model
is made up of 3 identical 2-tank models, with a time delay oé-kampling
interval between each of the tank pairs. A simplified modelusth therefore
be tried and the results compared with the full 6-tank modéle advantage
of a simplified model is that it will only contain 4 states (2 &centrations
and 2 sludge blanket depths) instead of the 12 states (6 S®Bmwations and
sludge blanket depths) of the full model, and hence the ctatipas required
for estimation and simulation are reduced significantlyrtit@rmore will the
application of the model on other plants with a different fn@mof aeration
tanks be simpler.

As can be seen from the estimated sludge blanket depths ime=8y12, the
depths sometimes become negative. As this is not physipakgible, the
sludge blanket sub-model could therefore be reformulatgutévent negative
sludge blanket depths values, e.g. by means of a logaritansformation of
the sludge blanket depth equations.

The sludge blanket depths are unobserved states of the mibdelthus not
possible to compare the modelled sludge blanket depthsméthsurements.
Therefore addition of sludge blanket depth sensors in at lea of the aera-
tion tanks could be used to gain more confidence in the modeth&more
will addition of sludge blanket sensors enable estimatith® sludge settling
parameters.

The possibilities for developing a better model Xfsy,tatShould be investi-
gated as the current model does not perform as well as desirsdexpected
that a goodXssoutatmodel is required for modelling the SS conditions in the
secondary clarifier and in the effluent from here. Better fodpof Xssoutat
could be achieved by refining the sludge settling model, bygintroducing
more layers in the sludge settling model than the two useel her

Control of ATS operation

The content of suspended solids in the secondary clarifenbabeen mod-
elled in the present work. Inclusion of a clarifier model ioter extension
option, which should enable predictions of the SS concgatisin the effluent
to the receiving waters, and thus make it possible to desigira algorithms
that can control the effluent SS concentrations to the reciptloser to the
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allowed limits and thus further optimize ATS operation.

Finally, a combined ATS control strategy based on both mfation from the

influent to the wastewater treatment plant and from the otistate in the ae-
ration tanks and secondary clarifier should be establisfked.control strategy
should control both the ATS operation and the bypass flowebierit should

be possible to decide whether it is advantageous to use tBecApabilities to
handle the incoming flow or some of the flow should bypass thkgical part

of the plant. The use of available detention basins at tlartrent plant should
be included in the strategy as well. The control of ATS, bgplew and de-
tention basins at the wastewater treatment plant shouldtbgrated with the
control of the overflow structures, storage basins, pumptations etc., of the
sewer system to enable optimal operation of the total system
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Conclusions

In this thesis, stochastic models for the incoming wastenat two different
wastewater treatment plants as well as for the SS conciemisah the aeration
tanks of an alternating wastewater treatment plant anddreffiuent from the
aeration tanks are presented. The latter model is furthermsed to quantify
the effects of the Aeration Tank Settling (ATS) operatingdmas well as to
propose a control algorithm for controlling the phase leésgiuring ATS.

The objective of modelling the incoming wastewater to a exater treatment
plant was to model possible first flush effects. In Papers A Brdynamic

models of the COD flux and SS flux in the influent to two Danishtexaater

treatment plants are developed. The models include thduind flush out
of pollutants in the form of COD and SS in the sewer and on ivipes areas
of the catchment. The results show that the models can betasgescribe
some of the first flush effect, but also that the models in sotaat®ns predict
a dilution even though this is not the case. It is furthermioend that the
models make it possible to estimate the deviations in CODS$ideposits in
the sewer and on impervious areas of the catchment from tal il@vel but

not the actual amounts in the sewer.

In Paper C the dynamic models are compared to simpler statitels to quan-

tify the improvements of including the dynamics of the défos he quality of
the models is measured by the multiple correlation coefftoi&?) of the mo-

a7
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del simulations. This comparison shows that inclusion efdbposits results
in significant improvements of the simulation abilities bétmodel. However,
an analysis of the model predictions shows that the proposmttls could and
should be improved. Hence, suggestions concerning fuggearch within
modelling of incoming wastewater are given. It is thus sstge that the mo-
dels could be improved by increasing the order of the difféat equations that
describe the pollution deposits and by separating the nmiottea dry weather
part and a wet weather part. Furthermore is it suggestechtivatinear terms
are included to describe the physical limitations of theaséts.

The second part of the work is about ATS operation in an adtérg waste-

water treatment plant. ATS is an operating mode that ineedse hydraulic

capacity of the wastewater treatment plant and thus en#ieglant to treat
considerably increased wastewater amounts. In Papers [Eanchass bal-
ance model of the SS concentrations in the aeration tanksefisas/in the

effluent from these is established. In Paper E the modeliimatsd. The re-

sulting model performs very well in simulating the SS corncations in the

aeration tanks. The simulations of the SS concentratiorisareffluent from

the aeration tanks are not as good as the simulations of theentrations in

the aeration tanks but are however still good. In order torowg the model,

it is therefore suggested that the sub-model for the SS obratons in the

effluent from the aeration tanks be refined, e.g. by intragienore layers
in the sludge settling model. The work with the mass balanodehproved

that there were systematic errors in the SS concentraticmsurements, and
therefore error models on the SS observations were inclidéte model. It

is, however, not yet clear whether the flow measurements|sgesabject to

systematic errors. It is therefore suggested that erroratsddr the flow mea-
surements are included so that it could be investigateckif Hre also subject
to errors.

The Aalborg West wastewater treatment plant, which was titgest of the

model estimation, has 3 aeration tank pairs. All 6 aeratimks are included in
the model. As the tank pairs are operated in an identical weg for a short
time delay, it might be a good idea to simplify the model toyooihe logical

tank pair. The benefits of this simplification are reduced potation time and
easier generalization to other plants with a different namdf aeration tank
pairs.

The model is used to quantify ATS operation as well as to e control
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algorithm for choosing the optimal phase lengths during AT& found that
ATS increases the hydraulic capacity of the consideredtggnmore than
167% (from the dry weather capacity of 6008/mto more than 16000 #h).
A comparison between ATS and the construction of detentasins capable
of handling some of the excess water reveals that the finaadi@antages of
ATS are extremely good.
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Abstract

On-line measurements of pollutants in the wastewater coeabivith grey-box

modelling are used to estimate the amount of deposits iretlverssystem. The
pollutant mass flow at the wastewater treatment plant isddorconsist of a
diurnal profile minus the deposited amount of pollutantse @rnal profile is

found to be a second order harmonic function and the polisitdeposited in
the sewer is identified using first order ordinary differahgquations.

Key words: Sewer system, wastewater treatment plant, grey-box mostals
tistical identification, first flush.

Introduction

When designing control systems for sewer systems and watgetweatment
plants, only the hydraulic load of the sewer system and tligawfic capacity

of the wastewater treatment plant are normally considefus means that
first flush effects are not taken into account, and that a maxiramount of

wastewater is sent through the equalisation basins or pyigiarifiers of the

treatment plants. This practice often multiplies the palht discharge with the
combined sewer overflows.

The wastewater composition is often described by two coraptsn- a con-
tribution from the dry weather wastewater and a contribufimm the run-off
water assumed to have constant concentrations. The pllcoacentrations
of the dry weather flow are described by a diurnal mean anduhff water
is considered as having constant pollutant concentratitygscally 1/10 to 1/5
of the dry weather concentration level. This approach dotyield a realistic
description when pollutants are depositing in the sewetegys

On-line measurements of UV absorption and turbidity in theer system can
be used to estimate the actual level of chemical oxygen deérf@@D) and
suspended solids (SS) in the wastewater (Kanaya et al.,, Faifan et al.,
1993; Nowack and Ueberbach, 1995; Matsché and Stumwor866)1and
hence to identify diurnal concentration variations andah®unt of deposits
settled in the sewer system in dry weather, and the washinhgfdhis during
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rain.

In the present work a grey-box model for the deposition ofytahts in the

sewer system is suggested. A grey-box model is a stochastitelnwhich

describes only the most important relationships of the rd@testic theory,

and such a model is very useful when the objective is confriblewastewater
system (Carstensen et al., 1996). The parameters of thel mestimated
and using the estimated model it is shown how the depositeigdwer system
grow in dry weather and are washed out during rain.

Data catchment

In Skive in central Jutland, Denmark, the a measuring borld@ed by Kriger
has been operating during the early spring of 1997. The Knigasuring box
is a compact and portable unit, and consists of a datalogdéY¥/ absorbance
sensor and a turbidity sensor. Furthermore the measurirgsboollecting

flow measurements through a connection to the supervisarfraicand data
acquisition (SCADA) system of the WWTP. The SCADA system paias

estimates of the inlet flow based on measurements from teepamping sta-
tion. The inlet flow consists of a flow to the biological parttok WWTP

and a flow to an equalisation basin. The measuring box is pgdiguch that
it is possible to remote control the box and to transfer datdé Kriiger of-

fice. Off-line measurements of the rain fall are also avédlahs is laboratory
analyses of COD and SS.

Two sets of data are used in this paper. The first set covetartheeek period
from 13th to 26th of March, and it is used for the estimatiomme Becond set
which covers 9 days from 28th of March to 5th of April, is used Validation.
The data sets are shown in Figures 1 and 2. Unfortunatelg ikesnly some
relatively small rain incidents available, and the avdéahcidents are mutual
alike.
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Estimation data set
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Figure 1. The estimation data set.
Theory

It has been found previously that the relationships betwe®D and UV ab-
sorption (UV), and between SS and turbidity (Turb) are Im@g&aanaya et al.,
1985; Ruban et al., 1993; Nowack and Ueberbach, 1995; Matsuth Stumwohrer,
1996), i.e.

COD =ayUV + 8y 1)
SS=a tTurb + 8 1 (2)

wherea v, 8 v, @ T andg 1 are constants. This means that the UV absorption
and turbidity measurements can be thought of as concemisatf COD and
SS, respectively. Therefol®@y = Q x UV andQt = Q x Turb describe
the pollutant mass flow in terms of UV absorption and turlyidinasses”,
respectively. The quantity of pollutant deposits in the sesystem can also
be modelled in terms of UV absorption and turbidity masses.

Itis assumed that pollutants gradually deposits in the s@amel on impervious
areas) during dry weather (low wastewater flow) and that thgodists are
flushed out during storm situations. The amounts of COD deposodelled
in UV absorbance terms, and SS deposits modelled in tuybieitns arery
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Validation data set
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Figure 2. The validation data set.

andzt. The time derivatives of thesdzy/dt anddzr/dt are the flows of
UV absorbance and turbidity masses into the sewer depots.

The flow of COD and SS measured as UV absorption and turbidityses to
the WWTP, is assumed to consist of a fixed diurnal profile (thiupants that
enter the sewer system) minus a contribution to the depakeisewer system.
The diurnal profile is assumed to be a periodic function wigtdtdour period,
which can be described byrath order harmonic. Letting denote is the time
of the 24 hour period given in (decimal) hours, the flows aemttescribed by:

n
. t t dl‘U
Qu =ag + kzl <ak sm(27rk%) + by, cos(2wkﬂ)> - ()
- . t t dx
Qr =c¢o + kz_:l (ck s1n(27rkm) 4 dy, cos(27rkm)> - (4)

respectively, wherey andc, are assumed to be the global mean valueQ of
andQr over the entire data set.

With ¢4 as the initial time point of the measuring period, andandyr defined
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as:
t
wit) == [ Qo =a)
t
yr(t) = —/t (Qr - co)
we obtain, using (3) and (4), that
yu(t) = zu(t) — zu(to)
tn
_ /t 3
0 k=1
yr(t) = x7(t) — 27(t0)
t

< : t t (6)
— ; ; <ak sm(27rkm) + by cos(2wkﬂ)> dt

_ t t (®)
(ak sm(27rkm) + by COS(QWkE)> dt

It is easily seen that the integration of the sines and ceshikyield a diurnal
mean of zero. Hence the trend sf andyr will follow the trend of zy and
z1. When examining the trends ¢f; andyr it is possible to sed pollutants
are deposting in the sewer singe andyr will be growing, when pollutants
are depositing, and falling and when the pollutants are @dsut.

If pollutants actually are deposting one approach to idieritie amount of
deposits in terms of UV absorption and turbidity mass @nd zt) in the
sewer system is to model these using simple first order angididferential
equations:

dz—tU = av(zu, — zv) + bu(Qo — Q) (7)
= —ayryu — bUQ + cu,
d;_tT = ar(z7,9 — 1) + br(Qo — Q) ©)

= —arzT — brQ + cT,

wherecy = auzru,0 + bUQU70 andcr = arxT,0 + bTQT,O- The actual flow
through the sewer i§), au, by, aT and by are constants.()q is the global
mean value of), andzy o andzT are assumed to be the meanscpfand
xy, respectively.
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The explanation of the differential equations, (7) and {8)that when there
is a small amount of deposits in the sewer and the flow is loWiutamts will
be built up to an equillibrium (dependant g o, Q andQu o or zT,0, Q and
QT,0). When a large amount is deposited and the flow is high, thietpoks
will be flushed out of the sewer resulting in higher polluteels in the was-
tewater.

Results - Discussion

From the plots ofjy andyr in Figure 3 it is seen that both has a growing trend
between the rain incidents, and a significant falling trend short period after
the rain incidents. The conclusion is, that it is evidentt ttheposition and
flushing out of pollutants actually does occur. Hence themeason to try to
model these depositions.

X 106 Estimation data set
25 T T T

_— UV data
2r | - =~ Turbidity data s~

£,0 _— Precipitation
1S
|

0 |
13 15 17 19 21 23 25
March 1997

Figure 3.

In dry weather the relations between COD and UV absorption, lzetween
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SS and turbidity was found to be:

COD = 5.0—28 _yy — 2628
Il xm™! 1

mg mg

—1.52— 28 qyph - 7.808

SS 5 X FTU urb — 7.8 i

with correlation coefficients 0.90 and 0.85 respectivelhe3e relations are
good during dry weather, but are not suitable in storm sibnat Hence instead
of measuring discharge during storms, we model the builaupollutants
during dry weather. This simple approach is reliable if thgweather load to
the sewer is predictable or constant.

A second order harmonic was found to be reasonable in dasgribe diurnal
profiles for both UV and turbidity mass flow. In Figure 4 resuttf the mass
flow estimations are shown with the validation data set. Theehis seen to
describe the measurement data reasonably well.

s .
x 10 Validation data set
3 T T
D . Y
I [~ : -
£ Modelled Q , 3
< i n.-x
E1f e N
N ik - o\ i A \ ks Ay,
p MR R A A, BN A D M
0 5 | | | | | | | |
x 10
6
2arl ﬁTd lled ; |
T odelle QT |‘:
ey 2 \
o - [ oo
€ it [N
. ,/":\'L"‘;\-._s PN CPMRAL A q‘h_rllvt\‘ /v\,\ N '\:“ L JAvrn o N
O- | | | | | | | | ]
28 29 30 31 1 2 3 4 5 6

March — April 1997

Figure 4. Real and modelled UV and turbidity mass flows.

The estimated parameters in (3), (4), (7) and (8) are showalite 1, and the
estimated diurnal profiles foy andQyu are shown in Figure 5, and as ex-
pected the pollutant load is lowest in the night and the eadyning hours and
are highest in the afternoon. It is important to notice thatéstimated values
of cy ander are dependant on the initial valuesaf andxzr, respectively.
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The initial values ofr; were estimated td5 x 10°m?3 x m~! for the estima-
tion data set an@2 x 10°m? x m~! for the validation data set. The initial
values ofzt were estimated t80 x 10°m?3 x FTU for the estimation data set
and95 x 10°m? x FTU for the validation data set.

ag = 44.4 x 103m3/h x m™" | ¢y = 48.2 x 10°m?/h x FTU

a; = —6.54 x 103m3/h x m™' | ¢; = —10.3 x 103m3/h x FTU
by = —2.40 x 10°m3/h x m~! | d; = —2.60 x 10°m?3/h x FTU
as =—1.25x10°m3/h x m™! | ¢y = —1.15 x 10*m?®/h x FTU
by = 3.81 x 10°m?/h x m™" | dy = 1.98 x 10>°m?/h x FTU

ay = 0.0821h~! at = 0.0685h~!

by = 59.7m ™! br = 121.5FTU

cu =81.2x 10°m*/h x m™t | e =162 x 10*°m?/h x FTU

Table 1.

The values ofiy andaT shows that the UV and turbidity will build up in the
sewer with the time constanig0.0821h = 12.2h and1/0.0685h = 14.6h.
This means that after a (considerable) change in the flowJthand turbidity
masses in the sewer will reach 63% of the equilibrium in 12@ 84.6 hours,
respectively.

The estimations of the pollutant masses in the sewer is sliowigure 6. It
is clear that the pollutants are built up in the sewer during wleather and
flushed out during the rain incidents. During the first apprately 24 hours
after the rain incident the growth is much faster than it wess pefore the rain
which shows that the level of UV and turbidity at the WWTP ighrer during
the rain periods, than under normal dry weather conditiéfier the rain the
levels will be lower at the WWTP, since the depots in the seaverbuilt up
again.

Conclusions

On-line measurements of UV absorption, turbidity and waater flow com-
bined with grey-box modelling can be used to identify a mddelpollutant
concentrations in the wastewater and the amount of degodite sewer sys-
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Figure 5. The estimated diurnal profiles.

tem at a given time.

Longer test periods with more variation in length of dry weatperiods and
rain intensity are needed for a better validation of the niwded prediction
methods.

When models of the build-up of pollutants are establishieelcombination of
the models and a flow prediction (Carstensen et al., 1998)eaised to predict
the pollutant concentrations in the wastewater. Theseigireds can be used
adjust the control strategy for the sewer and the WWTP. Thrgbactions

for the sewer can typically be a choice between directingwthstewater to a
detention basin, to the WWTP or directly to the recipient.
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x 10° Validation data set
25 T T T
— = X, [m3 m'l]
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Figure 6. The estimated build up of pollutants in the sewer.
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Summary

On-line measurements of turbidity, UV absorption and flowha inlet to a
Danish wastewater treatment plant are used to establismanug model of
the deposition of pollutants in the sewer system and thautawit mass flow
to the treatment plant. The modelling is made using the goeydpproach,
which is a statistical method that uses known physicalimatto formulate the
model. The dynamics of the sewer are modelled by means ofhcants time
stochastic differential equations combined with dry weaitliurnal pollutant
mass flows.

Key words:On-line measurements; sewer systems; wastewater tregptaai
dynamic systems; grey box modelling; stochastic difféetre@quations; first
flush; diurnal pollutant load

Introduction

Modelling of sewer systems is necessary to gain a betterrstaoheling of the
dynamics of the system, and to verify if deposition of pahits occurs. If
deposition occurs then the model can be used to predict aaatifuthe first
flushes. When the dynamics of the first flushes are quantifi@dni be used
to calculate the necessary size of a storage basin in the sgatem or at the
wastewater treatment plant.

When modelling sewer systems, these are often describad astonfigura-
tion of storage volumes and pipes with different dimensiomhis approach
results in a mathematical model with many parameters amdnak states of
the stores. Unfortunately the data seldom provides sufitigigformation to
uniquely identify all parameters.

In this paper a data based grey box modelling approach is useptey box

model is a stochastic model which only describes the mosbitapt physical
relations. The benefits of this approach are that the reguttiodel has few pa-
rameters and states which are possible to identify, usipgogpiate statistical
methods. Due to the small number of parameters, few conmpugtresources
are needed to estimate the parameters, which makes thegiaragstimation
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applicable for on-line use, e.g. for on-line control purp@¢Carstensen et al.,
1996).

The present work is based on on-line measurements of UV tisoy turbid-

ity and flow. The measurements of UV absorption and turbidity used to
estimate the actual level of chemical oxygen demand (COD)saispended
solids (SS) in the wastewater (Kanaya et al., 1985; Rubaln 4983; Nowack
and Ueberbach, 1995; Matsché and Stumwdhrer, 1996). Bas#tkse data
a model including the diurnal profiles of COD and SS mass flowek as

the amount of COD and SS deposits in the sewer, is proposedientified.

The model parameters are estimated using one set of datar@swvalidated
using another data set.

The deposits, which are not practically measurable, atesita the model and
hence estimated by means of the procedure. By use of the rihedestimated
amounts of deposited pollutants in the sewer are identifigidsaown.

The measurement system

A measuring box, developed by Kriiger A/S, Denmark, has bedacting
measurements from the inlet to the wastewater treatment pfahe town of
Skive in central Jutland, Denmark, in the early spring of 199he Kriger
measuring box is a compact and portable unit which consists aatalog-
ger, a Dr. Lange UV absorbance sensor model LXV 109 and a Dngéa
SOLITAXplus LXV 121 turbidity sensor. Furthermore inletfeestimates are
collected from the supervisory control and data acquisifeCADA) system
of the WWTP. The flow estimates are computed in the SCADA sysir the
basis of measurements from the inlet pumping station. iBéf#neasurements
of the precipitation and laboratory analyses of COD and $%kso available.

The influent to Skive WWTP is separated into industrial anchitipal waste-
water. The sensors are placed in the municipal wastewater.
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COD and SS

Linear relationships between the concentration of COD th6'-op and

UV absorption V) and between the concentration of SS dendgted and
turbidity (T'urb) have been suggested by several authors (Kanaya et al;, 1985
Ruban et al., 1993; Nowack and Ueberbach, 1995; Matsché tamda®hrer,
1996), i.e.

Ccop =ayUV + By (1)
Css = arTurb+ (2)

where« 17, 6 7, « 7 andg 7 are constants. The concentrations of COD and SS
are measured igO/m? andgSS/m?3. The models are calibrated on the basis
of laboratory measurements 6t op andCsgs and the corresponding on-line
measurements df vV andTurb. When the concentrations are multiplied by
the wastewater flow)) (in m?/h) the results are the mass flows of COD and
SSingO2/h andgSS/h, respectively.

A dynamical model of the deposited pollutants

It is assumed that pollutants quantified as masses of COD @ $osit grad-
ually in the sewer system and on impervious areas of the ceohin dry

weather (low wastewater flow). Similarly, it is assumed thatdeposited pol-
lutants are flushed out during rain incidents and into thetiof the treatment
plant. This means that the model does not explicitly desaractions occur-
ring in the sewers, but these processes are in part accotortéladrough the

statistical calibration of the model.

The deposited amounts of COD and SS are denatedp and X sg, respec-
tively. The time derivatives{ Xcop/dt anddXsg/dt are the growth rates at
which COD and SS are built up in the depots. The growth rateassumed to
be described by the first order linear differential equation

ch?tOD =acon(Xcop — Xcon) +bcon(Q — Q) )
dXss =ags(Xss — Xg5) + bss(Q — Q) (4)

dt
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where( is the wastewater flow in the inlet ankiicop and@Q are the mean
values of X and@. The proposed model is thus a simple first order storage
model. When the parameteds:op, bcop, ass andbgg are assumed to be
negative constants, a flow larger than the mean flow will cawderrease of the
amount of deposits and a flow lower than the mean flow will camsimcrease

of the deposits. Likewise a deposited amount of pollutartger than the mean
will cause a decrease in the corresponding growth rate, medversa.

Furthermore we assume that the pollutant mass flow entdrmgeawer system
is following a diurnal profile and that the rain water does caitain any COD
and SS. The diurnal profiles are modelled by periodic fumstiavith a 24 hour
period, which are described byth order harmonic functions. A simple mass
balance of the sewer system shows that the mass flows of COLE&nat
the WWTP are the corresponding diurnal profile minus therifoution to the
depots. The pollutant mass flolsop = @ x COD andQgss = Q x SS'in
the inlet to the WWTP are then modelled by:

t ¢ dXcon
Qcop = ag + kE . (ak sin QWkE) + by, COS(QWkE)> - (5)
¢ dX 55
Rss =co+ E (ck sin(27k 24h) + dj, cos(27k 24h)> 7 (6)

whereayg, ay, b, cg, ¢ anddy, (1 < k < n), are the parameters of the harmonic
functions. Combining (3) with (5) and (4) with (6) leads to:

Qcop = —acop(Xcop — Xcon) — beon(Q — Q)
- . (7)
+ap + ; <ak sm(27rkm) + by, cos(2wkﬂ)>

Qss = —ass(Xss — Xs5) — bss(Q — Q)

2 21k ——
+ o —i—kzl (ck sin( 7Tk24h) + dy cos( 7Tk24h)>

(8)

In order to use a matrix notation we introdu&g, U andY as the state vector,
the input vector and the observation vector, respectivedy;
X =[Xcop — XC’ODaXSS — Xgg)' )

— Q- 0,1, sin(2r—— 4h ﬁ) cos(2wkﬁ)}' (10)

=[Qcop, Qss]' (11)

), cos(2m
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and the matricesi, B, C and D defined by:

A= -—GSOD _SSJ (12)
B=| e 00 ) a3
C - -CLC(;)D ags] (14)
e K AN | B

After addition of a noise term (3) and (4) can now be describethe stocha-
stic differential equation:

dX = AXdt + BUdt + dw(t) (16)

where the stochastic proceagt) is assumed to be a vector Wiener process.
The noise term is included to describe the deviations betilee model equa-
tions (3) and (4) and the true system.

The observation equation in the matrix notation is founddaybining (3) with
(5) and (4) with (6):

Y(t) = CX(t) + DU(t) + e(t) (17)

Here the terme(t) is the measurement error, which is assumed to be a zero
mean Gaussian white noise sequence independentiQf

The parameter estimation method

This section briefly describes the method used to estimatpatameters of the
stochastic differential equation (16) for the dynamicshaf sewer system. The
estimation method is a maximum likelihood method for estintgparameters

in stochastic differential equations based on discrete titata. For a more
detailed description of the method we refer to Madsen anaybéetd (1991) or

Melgaard and Madsen (1993).
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The observations are given in discrete time, and, in ordsimplify the nota-
tion, we assume that the time indekelongs to the s€i0, 1,2, ..., N}, where
N is the number of observations. Introduce

Yt)=[Y®),Y{t—-1),...,Y(1),Y0) (18)
i.e. Y(t) is a vector containing all the observations up to and inclgdimet.

Using the matrix notation the continuous time stochastiieidintial equation
describing the dynamics of the sewer system can be writtémeaso-called 1t6
differential equation (dksendal, 1995)

dX(t) = f(X,U,t)dt + G(U, t)dw(t) (19)

where X is the state vectorU an input (e.g. control) vectory a vector
standard Wiener process (see e.g. Kloeden and Platen §1888) andG are
known functions. The matri& (U, t) describes any input or time dependent
variation related to how the variation generated by the \figotocess enters
the system.

For the observations we assume the discrete time relation
Y(t) =h(X,U,t) + e(t) (20)

wheree(t) is assumed to be a Gaussian white noise sequence indepeifident
w. All the unknown parameters, denoted by the veétaare embedded in the
continuous-discrete time state space model (equationsa(ib(20)).

The likelihood function is the joint probability density afl the observations
assuming that the parameters are known, i.e.

L'(6:Y(N)) = p(Y(N)|0)
p(Y(N)| V(N —1),0)p(Y(N —1)|6)

N (21)
T[o(v )Y 1), 0>)p<Y(o>o>

t=1

Il
7N

where successive applications of the riled N B) = P(A|B)P(B) are used
to express the likelihood function as a product of conddiafensities.

In order to evaluate the likelihood function it is assumeat Hil the conditional
densities are Gaussian. In the case of a linear state spat®l amdescribed
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by (16) and (17), it is easily shown that the conditional d#s are actually
Gaussian (Madsen and Melgaard, 1991). In the more genemdimear case
the Gaussian assumption is an approximation.

The Gaussian distribution is completely characterizedheymean and covari-
ance. Hence, in order to parameterize the conditionalildigion, we intro-
duce the conditional mean and the conditional covariance as

Y (tlt — 1) = E[Y (t)|Y(t — 1),0] and

(22)
R(tt—1)=V[Y (t)|Y(t —1),0]

respectively. It should be noted that these corresponcktortle-step prediction
and the associated covariance, respectively. Furthernitoigeconvenient to
introduce the one-step prediction error (or innovation)

et) =Y () =Y (it —1) (23)

For calculating the one-step prediction and its varianceiterated extended
Kalman filter is used. The extended Kalman filter is simplyeolasn a line-
arization of the system equation (19) around the curreimest of the state
(see Gelb (1974)). The iterated extended Kalman filter igiobd by local
iterations of the linearization over a single sample period

Using (21) — (23) the conditional likelihood function (catiohed onY (0))
becomes
L(6; Y(N))

N
H(Qw )" det R(tt — 1)7/% exp(-} (t)’R(t|t—1)_1e(t))> &4

t=1
wherem is the dimension of th&” vector. Traditionally the logarithm of the
conditional likelihood function is considered

log L(6; Y(N))

N
— 1S (log det R(t — 1) + et/ R{tlt — 1) e(t) + const )
t=1

The maximum likelihood estimate (ML-estimate) is the 8etwhich maxi-
mizes the likelihood function. Since it is not, in generalsgible to optimize
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the likelihood function analytically, a numerical methodshto be used. A
reasonable method is the quasi-Newton method.

An estimate of the uncertainty of the parameters is obtaiyettie fact that the
ML-estimator is asymptotically normally distributed withean®d and covari-
ance

D=H""! (26)

where the matrix is given by
82
{hi} =—-E [m log L(8; y(N))} (27)

An estimate ofD is obtained by equating the observed value with its expecta-
tion and applying

2

00,00y,

O e G ) (28)

|0=0

The above equation can be used for estimating the varianteegfarameter
estimates. The variances serves as a basis for calculatiisg values for test
under the hypothesis that the parameter is equal to zerallfithe correla-
tion between the parameter estimates is readily found basélde covariance
matrix D.

Results and Discussion

In dry weather the relations between COD and UV absorptiahetween SS
and turbidity were found by regression analysis to be:

Coop = 5.0$UV . 26% (29)
Cgs = 1.52m3§TUTurb . 7.8% (30)

with degrees of explanatioR? = 0.90 and R?> = 0.85, respectively. In dry
weather equations (29) and (30) describe the relations aedl it is assumed
that it is reasonable to extrapolate to rainy situationsrevtborough research
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will have to be carried out to refine the relationships betwibe measurements
of UV absorption and turbidity, and COD and SS, respectivalis investi-
gation could include flow dependent parameter values. Sam@pgaroach will
increase the need for laboratory analysis of COD and SS ensin

The parameters in the model were estimated using the CTL8kt@m (Mad-

sen and Melgaard, 1991; Melgaard and Madsen, 1991). Differelers of the
harmonic functions were tried, and it was found that a se@ddr harmonic
was reasonable in describing the diurnal profiles for bottDGDd SS mass
flow. The estimated parameters are shown in Table 1, togefitiethe estima-

ted standard deviations of the parameter estimates.

It was found thats was not significantly different from zero, and it was there-
fore excluded from the final estimation.

In the model presented it is not possible to estimate the nevahof the non-
measured deposited pollutants:op and Xss. In the estimations these were
fixed at zero, meaning thaX-op and Xgg are differences from unknown
mean values. This does not put any limitations on the useeafibdel, as it is
still possible to quantify the amount of pollutants in a fitash.

Validation of the resulting model was done by cross-vaiatgti.e. by apply-
ing the model on a data set (the validation data set), whitfardifrom that

used for the parameter estimation. Using all the estimaszdrpeter values,
except for the initial states, the initial values of the esafor the validation
data set were found by the estimation software. In Figuresdl2athe mea-
sured and simulated pollutant mass flows are shown. Theyeamre t® be in
good agreement. Furthermore tests on the white noise asisunigased on
the autocorrelations and on the cumulative residual pegoans were carried
out. It was seen that the white noise assumptions were nfeqbigrsatisfied,
but since the cross-validations shown in Figures 1 and 2 arg fine, it is

concluded that the model describes the data well.

In Figures 3 and 4 the estimated amounts of deposited COD &radleéSshown
for the estimation data set and for the validation data sat,ifis clear that
COD and SS are deposited in dry weather periods and flushedldag rain
incidents. From Figure 4 it appears that the amount of CODffirsh during
the rain incident on April 3rd is approximateB500 kgO, and that the SS
first flush is approximately 800 kgSS. A comparison of these amounts with



‘wa)sAsjeipialawesed ay) Jo Sa1ewWIISa POoyI|aXI| WNWIXe T a|gel

Parameter acon bcop ag a by a9 by

: _ kgO: kgO: kgO: kgO: kgO: kgO:
Unit h 1 rgn32 gh 2 gh 2 gh 2 gh 2 gh 2
Estimate -0.05432 -0.2969 198.3 -26.58 -16.05 -6.710 20.76

Standard deviation 0.00378 0.0041 1.2 1.50 1.62 1.560 1.47

Parameter ass bss (o) Cc1 dq CcH do

: — kgSS kgSS kgSS kgSS kgSS kgSS
Unit b 3 i i gh % %
Estimate -0.03597 -0.1962 62.14 -12.27 -6.008 - 2713
Standard deviation  0.00259 0.0032 0.71 1.09 1.061 — 1.054
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the mean loads of COD and SS to the WWTP5080 kgO2/24h and 1527
keSS/24h shows that this first flush contains approximately half a @drh
load of COD and 20% more than a 24-hour load of SS. This is densd
realistic, as it is expected that COD stabilizes in the selepots. When COD
stabilizes in the sewer the amount of COD in a first flush coexbdo the
normal load of COD will be smaller than the amount of SS coragao the
normal load of SS, as SS are not expected to stabilize betra@emcidents.

Estimation data set
2000 T T T

—_— XCOD (kg 02)
X (kg SS)

1000

2 -1000
—-2000
—-3000
—4000 i i i i i i
2 T T T T T T
£ L | —— Precipitati0||1 |
E A
0 | | | | |
13 15 17 19 21 23 25 27

March 1997

Figure 3. Estimated amounts of COD and SS deposits in thersswiem -
estimation data set.

The time constantscop = —1/acop andrss = —1/agg are found to be
Tcop = 18.4h andrgg = 27.8h. This means that after a considerable change
in the flow, the masses of COD and SS in the sewer depots wilhr6a% of

the equilibrium in 18.4 and 27.8 hours, respectively. Theeticonstants are
thus found to be reasonable.
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Validation data set
2000 T T T

1000 : : *

2-1000
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Al [—— Precipitatiof /\ J\/\ |
€
O | | | | | | | |
28 29 30 31 1 2 3 4 5 6

March - April 1997

Figure 4. Estimated amounts of COD and SS deposits in ther sswwtem -
validation data set.

Conclusion

In this paper a stochastic grey box model of the depositigmotifitants in the
sewer system and on impervious areas of the catchment isggdp Further-
more, the model provides a characterization of the influesttewater to the
WWTP. The parameters of the model are estimated using thémax like-
lihood method. The modelling is based on measurements aectrations of
COD and SS, which are calculated from measurements of U\Wfjati@o and
turbidity. It is concluded that the models, which relate theasurements of
UV absorption and turbidity to COD and SS concentrationscdbe the rela-
tions well in dry weather situations, and it is assumed thit ieasonable to
extrapolate to rainy conditions.

Using the grey box approach, it is possible to identify a niddea com-
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plex dynamical system based on simple physical assumptiombined with
statistical modelling tools. The model is formulated in tomous time with
discrete time measurements and due to the rather small mohparameters,
the model is operational for on-line applications.

The model makes it possible to estimate the amount of COD &nidh 8 first
flush during a rain incident. It is found that these amourggd@pendent on the
time interval since the previous rain event and on the iritgrms the current
rain.
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Abstract

Using a compact measuring unit with on-line meters for UVoapson and
turbidity, it is possible to determine concentrations gjaic load (chemical
oxygen demand and suspended solids) anywhere in a sewemsyShen
measurements of the flow are available as well, the polluteads flow at the
measuring point can be calculated.

The measured data are used to estimate different modelshdegahe load

of pollutants in the sewer. A comparison of the models shdwata grey-box
model is most informative and best in terms measured by thHépteucorre-

lation coefficient. The grey-box model is a state-space medeere the state
represents the actual amount of deposition in the sewerftendutput from
the model is the pollutant mass flow to the wastewater treatplant. The

model is formulated by means of stochastic differentialagiguns. Harmonic
functions are used to describe the dry weather diurnal loafilgs. It is found

that the accumulation of deposits in the sewer depends etopserain events
and flows.

By means of on-line use of the grey-box models, it is posdiblpredict the
amount of pollutants in a first flush at any time, and hence ftloencapacity
of the plant to decide if and when the available detentionnbasto be used
for storage of wastewater. The mass flow models comprise goriamt im-
provement of the integrated control of sewer and wastewetatment plant
including control of equalisation basins in the sewer systEurther improve-
ments are expected by the introduction of an additive modielrevdry weather
situations and storm situations are modelled separatdtydaddition to the
resulting model.

Key words: Pollutant deposition, sewer system, first flush, grey-boxiets
statistical identification, on-line measurements.

Introduction

On-line measurements of organic pollution in terms of kgadal, chemical
or total oxygen demand (BOD, COD or TOD) and suspended s(B&3 by
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means of UV absorbance and turbidity sensors are now wedtithesl (Dobbs

et al., 1972; Mrkva, 1975; Kanaya et al., 1985; Ruban et 8031 Nowack

and Ueberbach, 1995; Matsché and Stumwohrer, 1996; Reyaaldl Ahmad,

1997; Wass et al., 1997). When on-line measurements of C@DS&hare

available a better characterization of the wastewater easchieved, and this
leads to a better understanding of the processes in the sggatem.

The sewer system is often modelled by means of deterministidelling as a
configuration of storage volumes connected with pipes éédifit dimensions
(Mark et al., 1995; Dempsey et al., 1997; Heip et al., 1997 haijtelaar
and Rebergen, 1997). As these models are formulated aseadaligction
of differential equations with many parameters, it is difficto estimate the
parameters on the basis of available measurements.

Data based models are also common in the literature (Capodb@94; Delleur
and Gyasi-Agyei, 1994; Ruan and Wiggers, 1997; Young ell@Py). These
models have few parameters, which can then be estimatee draslis of avail-
able data. However, as the models are most often formulatdisé¢rete time,
the parameter estimates depend on the sampling time.

In this paper a data based grey-box modelling approach . userey-box

model is a physically based macroscopic model with stogh#sins to count
in uncertainties in model formulation and measurementesl he introduc-
tion of stochastic terms enables maximum likelihood ediioneof the model
parameters. The maximum likelihood method provides esémaf the vari-
ances of the parameter estimates, which are used to evéheat@certainty of
the parameters. The proposed models are formulated heomiimaous time.
Measurements of pollutant mass flows in the inlet to a wastsweeatment
plant (WWTP) are modelled by means of models of differing ptaxrity. Pol-

lutant deposition in the sewer can for instance be inclutiedyake it possible
to quantify the amounts of pollutants in a first flush.

The measurement system

A compact portable measuring box, developed by Kriiger AEhrBark, has
been used to collect measurements of UV absorption anddityldrom the
inlet to the Aalborg East wastewater treatment plant in Nt Jutland, Den-
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Figure 1. The measurements of flow, UV absorbance and ttybidi

mark, in the late 1997 and in the beginning of 1998. The Kriigeasuring

box consists of a Grant SQ-1003 datalogger, a Dr. Lange Udrhhace sen-
sor model LSV 109 and a Dr. Lange SOLITAXplus LSV 121 turbydiensor.

The Aalborg East WWTP is equipped with the STAR control sys(Blielsen

and Onnerth, 1995; Onnerth and Bechmann, 1995) which sispgtitimates of
the inlet flow, based on measurements from the inlet pumpitips. Figure

1 shows the data used in the present work. Laboratory arsabfSEOD and

SS are also available.

Models of the pollution concentrations and fluxes

The relationships between on-line measurements of UV Absoe A) and
turbidity (7") and laboratory analyses of COD and SS concentratiohs
andCsg, respectively) are assumed to be:

Ccop = acopd + Bcop 1)
Css = agsT + fss (2)
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whereacon, Bcop, ass and Ggg are parameters, which have to be estima-
ted on the basis of measurements(&fon, Css, A and T, as the parame-
ters depend on the actual operating conditions and the watstecomposition
(Dobbs et al., 1972; Mrkva, 1975; Kanaya et al., 1985; Ruliaal.e1993;
Nowack and Ueberbach, 1995; Matsché and Stumwdohrer, 1996 1dRls and
Ahmad, 1997; Wass et al., 1997). When these parameters tareats, it is
possible to consider the observation at titred pollution flux:

y(t) = Q)C(1) ®3)

with Q(¢) andC(t) denoting the flow and the pollution concentratiai-6p
or Csg), respectively. This quantity can be modelled using:

y(t) = g(t) + €(t) 4

Hereg(t) is the predictable part of the model, and the residgglis a stocha-
stic part, which is the difference between the data obseaweidthe prediction
obtained from the model.

The first approach considered is to model the pollution flurgia fixed diur-

nal profile expressed as anth order harmonic function with a 24 hour period
(model 1):

t
=ag + Z (ak sin QWkE) + by, COS(QWk%)> (5)

whereay, ai, andb;, (1 < k < n), are the unknown parameters.

Another approach is to model the flux as a mean value and a teporional
to the flow (model 2):

y(t) = co + c1Q(1) (6)

wherecy ande; are positive parameters.

These two approaches can be combined to (model 3):

t) =ag + 2_: (ak sin( QWkE) + by cos(Zka)> +cQ(t) (7)
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Note that the parameter values of the Fourier expansion uiateans (5) and
(7) are in general not the same, as some of the harmonic ieariet y(t) is
most likely explained by the harmonic variationa@(#).

These approaches all result in static models.

The final approach considered is model 4 which is a dynamicatfodnulated
as a state-space model. This model takes the depositionllafgms in the
sewer system and on impervious areas of the catchment d@oceaccount.

The model is based on the assumption that pollutants degrasiually in dry
weather and that the deposited pollutants are flushed ourtgdrain incidents
and into the inlet of the treatment plant. L) denote the deposition of pol-
lutants at time. Then a simple first order linear ordinary differential etioR:

dz . =
S =@ -8 +hQ-Q) ®)

can be used to describe the dynamics of the pollution deéposifThe time
derivative ofz is the estimated growth rate at which pollution is built ughie

sewer, andz and ) are the mean values afand(Q. The parametera and

b are assumed to be negative, and hence a flow larger than tregavidow

during the period will decrease the growth rate and a flow kativen the mean
flow will increase the growth rate. Similarly a deposited amiolarger than
the mean will decrease the growth rate, and vice versa.

The pollution flux observed at the measuring point in thetitdeghe WWTP, is
assumed to consist of a fixed diurnal profile, which describepollutants that

enter the sewer system, minus a contribution to the depasitin the sewer.
This is formulated in the observation equation:

n
. . t t dz
9(t) = ap + ; (ak SID(QWkE) + by, cos(Zka)> -5

- t t 9
=ap+ Z (ak sin(2wkﬂ) + by, cos(27rkm)> ®)
k=1

Cale—7) - HQ-Q)

Besides a better description of the available data, thiscagh also provides
information about the practically unmeasureable amoundegfosits in the
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sewer and impervious areas of the catchment. Hence, bdbiegmrameter
estimates, the model also provides an estimate -efz. This means that the
model does not give information about the actual deposlgeal x, but only
about the difference from the mean level of deposition. Toiss not pose any
practical limitations on the use of the model, as, for instarit is still possible
to quantify the amount of pollutants in a first flush.

All the proposed pollution flux models can be applied to boghahd COD
flux.

Estimation methods

The parameters of the concentration models (1) and (2) dsag¢he param-
eters of the static pollution flux models (5), (6), and (7)) te estimated by
ordinary least squares methods, as these models are alllintne parameters.

The method used to estimate the parameters of the dynanhitipolflux mo-
del (4) and (8) — (9) is a maximum likelihood method for estimgparameters
in stochastic differential equations based on discrete titata given by (4).
For a more detailed description of the method refer to MadsehMelgaard
(1991) or Melgaard and Madsen (1993).

In order to use the maximum likelihood method, some stoah&stms have
to be introduced. Hence, the first order differential equrai(8) turns into a
stochastic differential equation, where the continuometéquation describing
the dynamics of the pollution deposition can be written as gb-called It6
differential equation (dksendal, 1995)

dz(t) = f(z,u,t)dt + g(u,t)dw(t) (10)

wherez is the state variabley an input (e.g. control) variabley a standard
Wiener process (see e.g. Kloeden and Platen (1995))f amdlg are known
functions. The functiory(u,t) describes any input or time dependent varia-
tion related to how the variation generated by the Wienecgse enters the
system. Note, that in order to illustrate the flexibility detmethod equation
(10) represents a generalization of the ordinary statetamuéB).



UrbanWater, 1(1),ppP. 71-78, 1999 91

For the observations we assume the discrete time relation
y(t) = h(z,u,t) +e(t) (11)

wheree(t) is assumed to be a Gaussian white noise sequence indepefhdent
w, which can be seen as a generalization of (4) and (9). All tieown
parameters, denoted by the vediorare embedded in the continuous-discrete
time state space model (equations (10) and (11)).

The observations are given in discrete time, and, in ordsimiplify the nota-
tion, we assume that the time indekelongs to the s€id, 1,2, ..., N}, where
N is the number of observations. Introducing

Y(t) = [yt),y(t —1),...,y(1),y(0) (12)

i.e. Y(t) is a vector containing all the observations up to and incigdime
t, the likelihood function is the joint probability density all the observations
assuming that the parameters are known, i.e.

L'(6; Y(N)) = p(¥(N)|0)

p(y(N) V(N —1),0)p(Y(N —1)[6)
v (13)

_ (Hp(ya)y(t - 1>,0>)p<y(0)|0>

t=1

where successive applications of the riled N B) = P(A|B)P(B) are used
to express the likelihood function as a product of conddiatensities.

In order to evaluate the likelihood function it is assumeat #il the conditional
densities are Gaussian. In the case of a linear state spatel adescribed
by (4) and (8) — (9), it is easily shown that the conditionatglges are actually
Gaussian (Madsen and Melgaard, 1991). In the more genemndimear case
the Gaussian assumption is an approximation.

The Gaussian distribution is completely characterizedheymhean and covari-
ance. Hence, in order to parameterize the conditionaliligion, we intro-
duce the conditional mean and the conditional variance as

§(t|t —1) = E[y(t)|Y(t —1),0] and

(14)
R(t]t = 1) = V]y(t)|Y(t - 1), 6]
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respectively. It should be noted that these correspondetmitie-step predic-
tion and the associated variance, respectively. Furthernilos convenient to
introduce the one-step ahead prediction error (or innowati

e(t) = y(t) — ([t = 1) (15)

For calculating the one-step ahead prediction and its vagiaan iterated ex-
tended Kalman filter is used. The extended Kalman filter ihirbased on
a linearization of the system equation (10) around the atiestimate of the
state (see Gelb (1974)). The iterated extended Kalman idtebtained by
local iterations of the linearization over a single sampeq.

Using (13) — (15) the conditional likelihood function (cadtiahed ony(0))
becomes

€(t)?

- I;I (x/%\/ R(t]t — 1) 2R(t]t - ))> (10)

Traditionally, the logarithm of the conditional likelihddunction is considered

f(t)2

N

) + const  (17)
t=1

The maximum likelihood estimate (ML-estimate) is the 8etwhich maxi-
mizes the likelihood function. Since it is not, in generalsgible to optimize
the likelihood function analytically, a numerical methodshto be used. A
reasonable method is the quasi-Newton method.

An estimate of the uncertainty of the parameters is obtayetthe fact that the
ML-estimator is asymptotically normally distributed witheané and covari-
ance

D=H"' (18)

where the matrixf is given by

2

(i} = ~B | 5o g L(B; Y (V) (19)
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An estimate ofD is obtained by equating the observed value with its expecta-
tion and applying

2

0
trut =~ (g, o100 (20)

The above equation can be used for estimating the variantieegfarameter
estimates. The variances serve as a basis for calculatexj tralues for test
under the hypothesis that the parameter is equal to zerallithe correla-
tion between the parameter estimates is readily found doas¢he covariance
matrix D.

The estimation methods are implemented in the CTLSM progranich are
available from http://www.imm.dtu.dk/hm/.

Results and discussion

The parameters of equations (1) and (2) are found by linegnession. It
turned out thaficop andfSss were insignificant, and therefore they were eli-
minated in the final estimation. The estimated parametedsttair standard
deviations are shown in Table 1. The degrees of explanationttiple corre-
lation coefficients) of the COD and SS concentration modedsit = 0.98
andR? = 0.97, respectively.

Parameter ‘ acop  Bcop ass  fss

N m3 m3
Unit % g0y /m? gSFST/U gSS/m?
Estimate 10.57 - 3.05 -
Standard deviatio 0.40 - 0.13 -

Table 1. Parameters of equations (1) and (2). FBlgarameters are insignifi-
cant and are therefore not estimated.

For the models, which include a diurnal profile modelled asuartonic func-
tion (models 1, 3, and 4), it was found that second order haienfoinctions
were suitable, as the higher order coefficients were in@gmt. In Tables 2
and 3 it can be seen that some of the parameters of the harfuoeions are
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- Parameter a aq by a9 by

g Unit kgﬁb kgﬁb kgﬁb kgﬁb kg}?Q

§ Estimate 4435 -148.6 -39.22 1794 53.94
Standard deviation 3.8 5.34 5.34 534 5.34

~ Parameter Co cl

g _Unit S

§ Estimate 190.1 0.3464
Standard deviation 10.3 0.0130

- Parameter ag aq by ay by c

g Unit kgﬁ)g kgﬁ)g kgﬁ)g kg}(l)z kg}(l)z kfn(;?

§ Estimate 270.8 -114.3 -29.29 19.25 36.04 0.2361
Standard deviatiorn 9.4 5.07 4.79 476 485 0.0120

< Parameter a b ag ai by ay by

— . — kgOo kgOo kegO: kegO: kgOo kegO:

% Unit h 1 iﬁ gh gh 2 gh 2 gh gh 2

§ Estimate -0.08775 -0.4448 4444 -93.50 1.403 24.67 22.69
Standard deviation 0.00864 0.0175 3.0 465 4.690 412 434

6
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— _Parameter a0 o S S T
g Unit % kghbb kghbb kghbb kghbb
§ Estimate 198.8 -65.91 -16.62 -10.55 32.10
Standard deviatior 3.3 4.70 4.70 470 4.70
~ Parameter Co cl
g _Uni KESS K
§ Estimate -77.11  0.3772
Standard deviatior 5.25 0.0066
. Parameter a aq by a9 by C
— . kgSS kgSS kgSS kgSS kgSS kgSS
o Unit 8= i i & & o
§ Estimate -67.96 -12.96 -1.268 -8.536 4.445 0.3647
Standard deviatior 5.60 3.01 2846 2.830 2.882 0.0071
< Parameter ass bss ag a by as by
— : 3 kgSS kgSS KgSS kgSS kgSS kgSS
% Unit h m3 h h h h h
§ Estimate -0.01192 -0.4147 204.3 -3.945 4.002 -6.357 -0.1627
Standard deviationp 0.00090 0.0086 1.7 2.663 2.429 2.339 2.476

666T ‘8.—T/. dd‘(T)T ‘eremueqin
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insignificant, as their estimated values are smaller or @ratge in absolute
values to their estimated standard deviations. Espedialtyy COD flux model

3, by of SS flux model 3 and, of SS flux model 4 are very uncertain. Usually
insignificant parameters should be excluded from the firtahesion, to make
the estimation of the remaining parameters better. Howevethave chosen
to include these parameters for comparison with the othatatso

Comparison plots of measured and modelled pollution fluxdeen4 models

are shown in Figures 2, 3, 4, and 5. Note, that the modellelditpmi fluxes

shown in the figures are not one-step ahead predictions,iroutations from

the estimated models. The simulations are based only ond¢lasumed input to
the models, which is time of day (models 1, 3, and 4) and ind&t {imodels 2,

3, and 4). In Tables 2 and 3 the parameter estimates of thegedpmodels are
listed, and in Table 4 the correlations between measurediamalated fluxes
R? of the models are listed.

Model R?
COD model SS model
1 0.39 0.15
2 0.32 0.69
3 0.51 0.69
4 0.61 0.76

Table 4. Degrees of explanation of the different models.

When comparing Figures 2, 3, 4 and 5, it is seen that the sihgl®onic mo-
del 1 is good at describing most of the dry weather situatibos not the wet
weather situations. Models 2, 3 and 4 are better than modeiall@wing the
peaks in pollution flux in wet weather, as they include a teropprtional to
the flow. Besides a better correlation between measured aaliad pollu-
tant fluxes expressed by the degree of explanaidrapplication of the dyna-
mic model provides information about the pollutant deposi in the sewer.
In Figure 6 the estimated deviations from the mean levels ©@DGind SS
deposits are shown. From this figure it is seen that pollatantld up in the
sewer during dry weather periods and are flushed out during Tdae amounts
of deposits in a first flush can also be quantified on the badigofre 6: The
first and second rain incidents contain approximately 30§0-k(COD) and
6000 kgSS which are 14% and 63% of the diurnal load of COD and&S
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spectively. As it is expected that deposited COD stabilindhe sewer this is
considered realistic. The stabilization of COD will leadasmaller amount
of COD in a first flush compared to the normal load of COD thanaim®unt
of SS compared to the normal load of SS, as deposited SS aexpedtted to
stabilize in the sewer.

The time constants of the dynamic COD and SS models-aye = 11.4h and
—1/a = 83.9h, respectively. This means that after a considerable chamge
the flow, the COD and SS depositions will reach 63% of the ststate level
in 11.4 and 83.9 hours, respectively. The dynamics of the C@pbsition is
thus about 7 times faster than the dynamics of the SS depsiti

As the data used for estimating the models are dominatedybyweather situ-
ations, the fluxes are underestimated during rainful eveseparation of the
models into dry weather models and storm models, which adeditb each
other, might be a significant improvement.

Conclusions

Linear relationships between UV absorption and COD and eetwurbidity
and SS are derived. These relationships are used to confpt€@D and
SS concentrations from on-line measurements of UV absor@ind turbidity.
Using available measurements of the flow in the inlet to Aagli®ast WWTP
the pollution flows of COD and SS are used to estimate modethffefing
complexity. It is shown that the estimated dynamic grey-bmdels, which
include the deposition and flush out of pollutant massesdrséwer, describe
the data better than the other models proposed. Furtherrti@se dynamic
models estimate the amounts of deposits in the sewer at argy tHereby
the amounts of pollutants in a first flush are found. This imfation is very
useful when control algorithms for the use of the availal#éedtion basin at
the WWTP are designed. However, when the models are to betosgtable
better operational control of available detention baginsdictions of the was-
tewater flow to the WWTP are required. When flow forecasts eaédable, the
models suggested can be used to predict the pollutant Iahdive same time
horizon as the flow predictions.

With degrees of explanation (multiple correlation coeéfits)R> = 0.76 and
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Figure 6. Estimated depositions of COD and SS in the sewepanghpervi-
ous areas.

R? = 0.61 for the dynamic grey-box COD and SS flux models, respectively
there are still variations in the data that are not descriyetthe models. Hence,
there is still a need to develop better models. Improvemeottd be a sep-
aration into dry weather models and storm models, and thedattion of
limitations on the depositions in the sewer and on impewiateas. However,
introduction of limitations on the depositions will reggimeasurement data
that covers the limits sufficiently to estimate the paramsetkat describe the
bounds.
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Abstract

The use of aeration tank settling during high hydraulic kad large wastewa-
ter treatment plants has previously been demonstrated el@ble technique
and proven valuable. The paper proposes a simplified detestici model to
predict the efficiency of the method. It is shown that a qatiliely correct
model can be established. The simplicity of the model allfaw®sn-line iden-
tification of the necessary parameters, so that no maintenameeded for use
of the on-line model for control.

The practical implementation on 3 plants indicates thatlémgntation of
STAR with ATS control gives 50% increase of plant capacity 386 extra
cost.

Key words: Wastewater treatment, modelling, on-line control, hyticacapa-
city, stormwater control, activated sludge.

Introduction

The settling in aeration tanks is often a problem in actdaiedge wastewater
treatment plants. Especially for low loaded plants or dy@moxic conditions
during nutrient removal correct mixing intensity is impamt. Traditionally,
these problems are solved by introduction of mixers or bigifetion of excess
aeration capacity in the tanks to assure homogeneity ineidietion tanks.

During recent years more controllers are accepting pasdtylisg in the ae-
ration tanks during intermitting aeration, as presentetA#fQ ICA Work-
shop 1997. Other controls are today emphasizing on integitigettling in the
aeration tank (Bundgaard et al., 1996) to increase the biidreapacity of
the plant. As Wett et al. (1997) demonstrated, introductbmixing in the
denitrifying clarifiers has no effect on the reaction rat&amilar experiences
have been reported in aeration tanks with intentionalisgttBundgaard et al.,
1996).

As there is no negative effect on reaction rates by no miximjtae hydraulic
capacity can be increased, there is a potential to saveyeartgimprove plant
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capacity by use of aeration tank settling in activated styolgnts. Thus, many
mixers might be saved in future plants.

To be able to design the controllers for these processes)édessary to be able
to predict when and how much sludge settling will occur in tdweks during
stop of aeration. Then it is possible to model the effect angport of sludge
to clarifiers, and hence the hydraulic capacity of the plantlee calculated. To
adjust the capacity to predicted needs, the periods ofrgetthn be adjusted,
and in alternating plants the settling can be further expdriay intermediate
phases where settling is taking place in the whole voluméaas in Figure
1.

Aeration Tank Settling

Interm ediate Interm ediate

phase phase

E Settling
Mitrification ATS cycle: phase shitbased an
. Clarification Flowe, ammonia, nitrate | S5, (time)

Figure 1. Dynamic phase length control schemes for STARrobnt

In the following a simple model for settling in aeration tarik proposed. The
model is a little different for alternating and recircutadi systems. However,
the aim is to describe a model, which can be used for desigradjudtments
of the control strategies and which can obtain 30 — 100 pemeension of
the hydraulic capacity for the plants.
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Theory for modelling

The sludge settling starts when the turbulence in the taskeduced after
stopping both aeration and mixing. When the settling stalnes formula for

hindered settling dependent on the mixed liquor suspendiédss MLSS, in

the interface is proposed as a two-layer model with dynaayier heights. The
upper layer is assumed to be clear water while the lower leyassumed to
contain all the initial sludge content which concentratestee sludge layer
height decreases during the settling period.

The settling rate model for sludge proposed by Vesilind @%hd quantified
by Hartel and Popel (1992) is used:

vss = vspe ™5 (1)

where:

vssandws o are the actual and the unhindered settling rate of sludgecles:;
respectively, ana, is an empiric concentration effect factor.

The modelling of the sludge blanket deptlsg, can be done by integration of
the settling rate over time:

t
dSB:/ vsglt (2)

to

The relevant sludge concentration starts at the MLSS valtlesi aerated tank
and increases during the settling as sludge concentratesds the bottom.

The starting time is when the turbulence is reduced.

To predict the outlet SS from the tanks in non-ideal fulllsgaants the details
of the inlet, outlet and tank geometrical design must beuithet! in the model.

As a first simple model for SS in the top weir outlet of the d@eratank and
inlet to the clarifier,5S oy, can be made as a calculation of suction de@ify:
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dSB

Water
layer

Sludge blanket

Sludge
layer

dSB = Sludge blanket depth
dSuct = Suction depth

Figure 2. Parameter definition for modelling effluent SS.

The suction depth is predicted for the specific outlet andcthecentration is
modelled as:

Sou = =t g5, ©

suct

Of course, the suction depth is varying with the flow rate, tiecdistribution of
the actual flow is not proportional with the depth. These ussneable factors
are modelled by data fitting to full-scale measurements.

Physical model

Alternating systems

In the alternating system typically two tanks are availal#is a rule only the
last tank before the clarifier is relevant for settling. Thiet will normally be
from an adjoining tank as seen in Figure 3, and the inlet visl@nd distribu-
tion is of paramount importance for the efficiency of thelsejtas well as the
outlet distribution as it is in other clarifier designs.
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Settling

Influent

\

Effluent

Aereation

Figure 3. Physical description of outlet modelling in satjlaeration tanks in
an alternating plant.

Apart from simple ideal settling the model must include theéuced efficiency
of the aeration tank as clarifier because inlet and outledvi®ptimal. Further
the storage of sludge on the bottom will limit the capacity $ettling after
some time in the same phase, as there is no sludge removattioaeration
tanks during the phases.

The inlet turbulence must be adequate enough to distriléntoming wa-
ter sufficiently in the tank under settling operation to avshort-circuiting.

For the modelling, the limitation in settling efficiency isrplest described by
reducing the efficient volume of the aeration settling tank.

The outlet is more important for the time distribution of theration tank effi-
ciency for settling. The outlet is assumed to be via a wei,tae suction depth
is a function of outflow. As shown in Figure 2 the concentnatad sludge in

the outlet is dependent on the sludge blanket level and theo8&entration
under the sludge blanket that is sucked out in the effluent fiwe tank.

The sludge build-up and concentration profile on the bottermodelled as
a single layer model, but to be able to fit the model to pracgsperiments
a virtual bottom is assumed, and the sludge concentratitowbibe sludge
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blanket and the virtual bottom is assumed homogeneous.

With these assumptions we have a simple model for the comatiemt out of
an aeration tank at any time dependent on present and psdaiad and on the
period since the settling started as shown in Figure 7.

Recirculating plants

In recirculating plants the settling can take place in thtueft part of the
aeration tank. Apart from the stopping of the aerators iaridls, the priority
can be to stop the effluent end aeration grids as shown in &guo obtain
settling in the outlet end. The return of sludge can use tistieg recirculation
system.

...................

Q

0,5 kg/m3 SS

3 kg/m?® SS

8 kg/m?® SS

Figure 4. Physical description of outlet modelling in a reglating plant.
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Plant capacity

The capacity of the clarifiers is often the limiting factorrihg rain events.
In stationary situations, the capacity of the clarifierssarding to normal de-
sign rules (like the ATV rules), is inverse proportional teetsludge volume
index, SVI, and the concentration of suspended sol&l%, Billmeier (1986)

describes the steady state hydraulic capacity of the desifis

Vclarifier K

= = 4
Q SSoutS VIk SSout ( )

wherek is a proportionality factor, specific for a given plant designd
_ Velarifier (5)

SVIk

is a plant specific value for a given sludge quality.

Hence, at a plant with a given clarifier volume and sludge waundex, the
hydraulic capacity of the plant is inverse proportional e suspended solid
concentration out of the aeration tank as shown above.

By introducing the aeration tank settling (ATS) operaticefdse and during

rain, the necessary clarifier volume is reduced as illustrén Figure 5 taken
from Nielsen et al. (1996).

Practical test

To test the model, the data from a full-scale applicationabarg East WWTP
shown in Figure 6 are used.

At present this configuration is used on 3 alternating plaetving approx
700.000 pe in Scandinavia. At minor rain events the modelraatity look
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as shown in Figure 7 below. Compared to conventional exaensi clarifier
volume, the use of control to extend the capacity can be eetiiby typically
1/10 of the cost.

MLSS, kg S5/m3 ATS Control on

.‘ B
-
e AT e T . . ;

700 1100 1500 1900 2200 2:00 o0

--------- Effluant tank 172 FPred. Effl. Tank1

Pred. Effl. Tank2

Figure 7. Measured and modelled MLSS out of the aeratiornstank

The modelled and measured MLSS out of aeration tanks dutorgisevents
with settling in the aeration tanks are shown in Figure 7.

As it can be seen the modelled MLSS is nearly 45 minutes ahemeasured
values. This is due to delay from: 1) SCADA system, 2) Rotatiohorizontal

channels and 3) delay from stop of micro-turbulence aftep sf aeration and
mixers, all of which are not included in the model.

Equal results are experienced from other alternating pla@bntrol has been
introduced on a recirculating system at the Sydkysten WWiPthey have
not been documented on-line yet. However, it has been eqmd that the
return sludge flow must be reduced proportionally by the tlerd the aerator
stop periods to maintain constant concentration in retiurdge (Nielsen and
Onnerth, 1995), so a significant but smaller effect will béaated.

Discussion

It is seen that the proposed model is qualitatively corréstquantification is
sufficient for most control, however there are some emgidoastants, which
are only adjustable from practical fitting based on on-lintad Although these



Design, Operation and Economics of Large WWTPs 113

constants are explained above, as having a physical meahieg are only
found from data fitting to experiences during rain events.

However, experiences show that the model can be transfeEmedone plant to
another. Only small adjustments, and update to actual Mlo&8emtration and
SVI is needed, hence practical experiences from one planbearansferred
to another similar plant, and the on-line update can be bthfrom the first
rain event experiences.

By use of the model and the prediction of flow from rain gaugeseawer
system it is possible to predict the needed efficiency of th& Aontrol and
optimize the organic versus hydraulic capacity of the plant

Conclusion

Aeration tank settling is a robust and reliable techniqukictv by use of mo-
dels can be designed and controlled to perform efficiemtlglternating plants
to increase their hydraulic capacity with 30 - 100% withirea/fhours.

The use of the same model methodology can predict the hydreabacity
for recirculating plants. When further experiences of thetimdology of the
settling sludge and recirculation of the sludge are catiddtom full-scale, the
standard design technique will be extended to cover mogtfidw and other
recirculating activated sludge plants too.
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Abstract

A model of the concentrations of suspended solids (SS) ira¢ination tanks
and in the effluent from these during Aeration Tank SettliAg§) operation
is established. The model is based on simple SS mass balanoeslel of the
sludge settling and a simple model of how the SS concentratithe effluent
from the aeration tanks depends on the actual concentsaitiothe tanks and
the sludge blanket depth.

The model is formulated in continuous time by means of ststhdifferential

equations with discrete-time observations. The parameaitthe model are
estimated using a maximum likelihood method from data fronakéernating
BioDenipho wastewater treatment plant (WWTP).

The model is an important tool for analyzing ATS operatiod & selecting

the appropriate control actions during ATS, as the modebeansed to predict
the SS amounts in the aeration tanks as well as in the efflceantthe aeration
tanks.

Key words: Aeration Tank Settling, mass balance, grey-box modelisstal
identification, on-line measurements.

Introduction

With the introduction of advanced optimising control sysgeat wastewater
treatment plants (Nielsen and Onnerth, 1995; Onnerth amthBann, 1995)
the demand for mathematical models of the important presesswastewa-
ter treatment plants is increased. The Aeration Tank 8gt(IATS) principle
introduces settling periods in aeration tanks of altengaplants and enables
increased amounts of suspended solids (SS) to be stored aethtion tanks
during rain storms. ATS increases the hydraulic capacitthefWWTP, but
complicates the prediction of the SS concentration in tleezit from the ae-
ration tanks, compared to dry weather operation. Duringnkgther operation
the aeration tanks are fully mixed, and the SS concentmiiothe effluent are
equal to the SS concentrations in the tanks, but during AT&ation the ef-
fluent comes from an aeration tank where the sludge settlencé] the SS
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concentrations in and out of the aeration tanks are not edpralg ATS ope-
ration.

To minimize the amounts of SS in the effluent, predictive nmdé the SS

concentrations are needed. In Nielsen et al. (1999), a nofd&$ in the aera-
tion tanks and in the effluent from these is proposed. The humiesists of 3

submodels: 1) A simple mass balance model for the SS coatiemis in the

aeration tanks, 2) a sludge settling model and 3) a modeh&SS concentra-
tion in the effluent from the aeration tanks. Here, the masletformulated by

means of stochastic differential equations, and the paemare estimated by
a maximum likelihood method.

Vesilind (1968, 1979) proposed a sludge settling velocibdei of exponential
form. During recent years, several refinements to the azgimodel have been
proposed, see e.g. Grijspeerdt et al. (1995); Dupont and @8B5); Ekama

et al. (1997). In the proposed models several layers in thingetank are

incorporated to permit the calculation of SS profiles over tiink depth and
predict the SS concentrations in the return sludge and ieffiheent from the

clarifier.

Here, the original Vesilind model combined with a simpletgutdepth model
is used to enable prediction of the SS concentration in tfieest from the
aeration tank. In order to make the model applicable for teaé control
purposes, only two layers of variable height in the aeratémk are considered.

Dry weather and ATS operation

In an alternating WWTP, the aeration tanks are composed iof p&inter-
connected tanks. The wastewater is directed to one of thes,térough the
connection between the tanks and out of the second tank.ylwelather si-
tuations the tanks are fully mixed to enable optimal nutriemmoval. The
incoming wastewater is directed to an aeration tank withxanoonditions,
and thus with denitrification. The other tank from which tHtuent is taken
is aerated and is hence a tank with nitrification. Dependimghe state of the
processes in the aeration tanks, the flow path is changed.

During rain storms ATS operation is activated. When the WW3 i ATS
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operation, the aeration scheme is changed so that the ihfludinected to an
aerobic nitrification tank, and the effluent is taken from anyac denitrifica-
tion tank. When the mixers are switched off in the anoxic teetling occurs.
When the sludge settles in the tank that discharges to théerathe SS con-
centration in the effluent is lower than the average conagaotr in the aeration
tank. Hereby more SS can be kept in the aeration tanks coothpadry wea-
ther operation at the same time as the SS load to the clasfa@dreased.

It is crucial that as much SS as possible is kept in the aerioks during the
rain storm and not transported to the clarifier, as an ine@&sS concentration
in the aeration tank effluent will limit the hydraulic capgcof the clarifiers,
and thus lead to an SS increase in the effluent to the receivaers.

By introducing intermediate phases with settling and anorinditions in both
tanks, the SS concentrations in the effluent from the aerasinks can be fur-
ther reduced. By proper control of the flow path and the segftlthe SS con-
centration out of the aeration tanks can be optimized, sotiieacontrol does
not limit the organic capacity of the plant unnecessarily.

Based on measurements and predictions of the influent floletoMWTP the

ATS operation is activated. The use of flow predictions makesssible to

prepare the plant for the increased storm flow, before themsteater actu-

ally enters the WWTP. At Aalborg West WWTP, from where theadased

here originates, the influent flow prediction horizon is apmately one hour.

Before the influent flow is increased, the recirculation ofdgle from the se-
condary clarifiers to the aeration tanks is increased. He&bis decreased in
the clarifiers and increased in the aeration tanks. Furtbernthe hydraulic

load to the aeration tanks and clarifiers is increased. Wherstorm water
arrives at the plant, the recirculation flow is decreasedltwar level.

Theory

In Figure 1 the flow through the aeration tanks and clarifisrdlustrated.
The black and grey lines illustrate alternative flow path®tigh the aeration
tanks. The influent flow and the recirculation flow are denafgdand @\,
respectively. Xss, Xssrand Xssoutatdenote SS concentrations in the influent,
the return sludge and the effluent from the aeration tank$éosecondary
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clarifers. The dynamics of the water amounts in the aeratianks are not
considered, i.e. it is assumed that the flows to and from e&ttecaeration
tanks are the samé&)( + ();). Furthermore, the SS concentration in the flow
between the two aeration tanks is assumed to be the averagen8&ntration

in the feeding tank. When the feeding tank is fully mixedstagsumption is
fulfilled, but when settling occurs it is an approximation.

The mass balance equations for each of the aeration tankad®en the actual
flow path designated,. When f, = 1 the influent flow is directed to aeration
tank 1, and the effluent flow is taken from tank g, is O when the opposite
flow path is applied. WitH/, Xssm1and Xssmodenoting the volume of each
of the equally sized aeration tanks and the average SS doatiens in tank 1
and 2, respectively, the mass balance equations can bdigwdb

For f, = 1 the mass balance equations for the aeration tanks are:
dXssm1 _ QiXssi+ QrXssr— (Ql + Qr)Xssml

1
dt Vat ( )
dXsst _ (QI + Qr)Xssml— (QI + Qr)Xssoutat (2)

dt Vat

For fp = 0 the mass balance equations are:
dXssml _ (QI + Qr)Xsst— (QI + Qr)Xssoutat (3)

dt Vat
dXsst _ (QiXssi+ QrXssr) - (QI + Qr)Xsst (4)

dt Vat

The flow path variable can be used to combine equation (1) (@)tahnd equa-
tion (2) with (4) into one equation per aeration tank:

dXssml _ QiXssi + QrXssr_ (QI + Qr)Xssml

dt Tr Vat )
+(1- fp) (Qi + Qr)Xsst‘_/at(Qi + Qr) Xssoutat
and:
dXssm2 = f (Qi + Qr) Xssm1— (Qi + Qr) Xssoutat
da—'P V.
at (6)

(QiXssi + QrXssr) - (Qb + Qr)Xsst

(1= fy) -
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Figure 2. Two layer model of settling in an aeration tank.

When mixing is stopped in an aeration tank, the suspendedssetttle. A
simple two layer model, where the water in the layer abovesthdge blanket
is assumed to be clear water, and the layer under the sludgkeilis assumed
to contain all the SS fully mixed, is used. The settling viglotor the sludge
blanket is modelled according to Vesilind (1968) as:

ddsb _

o VO e*ansssI (7)

wheredgp and Xsgsg denote the sludge blanket depth and the SS concentration
in the sludge layer, respectively, see Figure 2, péndn, are sludge vol-
ume index § V1) dependent parameters. For simplicity we use the expmessio
found by Hartel and Popel (1992):

m
h

|
ny = (—0.9834 ¢~ 0-009815VI +1.043)6

Vo = (17.4e 0-0135VT 4 3 937)
€)

If sludge blanket depth measurements are availdfjl@ndn, can be estima-
ted.

As the volume of the sludge layer (i84; — dsp) Vat/dat, the average SS concen-
tration in the sludge layer is:

Xsssl = 7Xssm (9)

whereXgssmis the average SS concentration in the aeration tank.
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When the tank is fully mixed, the sludge blanket depth is 0.ewWhixing is
switched ondg, tends towards zero, which is modelled by:

———dsp (10)
wherermix IS @ mixing capacity dependent time constant.

Introduce the mixing signats.; andms for aeration tank 1 and 2, respectively.
The mixing signals are 1 when the corresponding aeratiokitamixed and 0
otherwise. The signals can then be used to combine thengeéttjuation (7)
with the mixing equation (10) for each of the aeration tanks:

ddsp1 _ 1

) — d
TG - (11)
+ (1 _ l(ml))v‘o e—ansssIl
and:
ddsbz 1
— = ——d
TR — (12)

+ (1 = 1(m2))Vy o Xsssi2

Here, the aeration tank number is introduced on the sludgekbt depth and
average SS concentration variables so thgt, dsps, Xsssi1 and Xssqi1 desig-
nates the sludge blanket depths and average SS concardriatiaeration tank
1 and 2, respectively.

The SS concentration in the effluent from an aeration tankosetied as a
function of the suction deptlig,ctand the SS concentration in the sludge layer:

Jouer—tsp x oo fOr dsyct > d
Xssoutat= dsuct sssl suc.t = Usb (13)
0 otherwise
The suction depth is expected to depend on the flow and is heddzs:
bSUCt
i+
dsuct = do (QI Qr> (14)
Qo

whered, andbs,are positive parameters aigh = 1000 m*/h. Combining
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Figure 3. The logistic function foi = 0 and differenth values.

(9) and (13) yields

dsuct_ dsb dat
Xssoutat: Xssm
dsuct dat - dsb

_ 1- dsb/dsuct
1- dsb/dat

(15)
Xssm for dsyct > dsp

To enable smooth changes Kysoutatwhen the pointdsyct = dsp is passed a
smooth threshold function is introduced. Here, the logiiinction:

(z) = I(z,a,b) = H% (16)

is used. For: = « the logistic function is 0.5, i.e. the value @fletermines the
midpoint of the switch between 0 and 1. By appropriate seleaif o andb the
change between 0 and 1idf:, a, b) can be controlled. In Figure 3 the logistic
function is shown for = 0 and 3 different values df. In the followingb > 0

is assumed.

The logistic function (16) is used to calculaXasouaiwhile the flow path vari-
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able is used select the discharge tank:

1 — dgpo/d
Xssoutat= fp (l(dsuct_ dsbz) MXssm2>
- dst/dat (17)
1 — dspa/d
(1 - fp) <l(dsuct_ dsbl) *é{/;‘:ﬂ){ssmg

As dsyct is only dependent on the flow, there is no need to consideerdifit
suction depths for each of the aeration tanks.

In order to use a matrix notation, introduce the state veXipthe input vector
U and the observation vectdf:
X = [Xssmila Xssmz dsbla dsbz]’
U= [fpamlamQaXSSh Qia QI’]’ (18)
Y = [Xssmz Xssouta}’

Here, it is assumed that aeration tank 2 is equipped with pesuied solids
Sensor.

By use of the vector functioff (X, U, t) the mass balances and sludge blanket
depth equations can be expressed in a vector differentigdti:

dX (t)
dt
wheref(X,U,t) is easily constructed from equations (5)—(12) and (18).

= f(X,U,t) (19)

The measurements are described by the observation equation
Y (t) = h(X,U,1) (20)

whereh (X, U, t) is constructed from equations (17) and (18).

To count in uncertainties in the model formulation and tokd@aise of the
maximum likelihood parameter estimation method, stoéhamstise terms are
introduced. Hence, equation (19) turns into a stochastierdntial equation,
where the continuous time equations describing the massted and the
sludge blanket depths in the aeration tanks can be writtéheaso-called 1td
differential equation (Jksendal, 1995):

dX(t) = £(X,U,bt) dt + G(X,U,t) dw(t) (1)
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where the stochastic proceast) is assumed to be a standard vector Wiener
process (see e.g. Kloeden and Platen (1995)). The fun&io¥, U, t) de-
scribes any state, input or time dependent variation refkméow the variation
generated by the Wiener process enters the system.

Here,G is assumed to be a constant diagonal matrix:

oss 0 0 0

_ _ 0 Oss 0 0
GX,U,t)=G= 0 0 og 0 (22)
0 0 0 og
Hereby, the covariance @ dw (t) becomes
o 0 0 0
P 0 ok 0 0
Z=GG=| o2 0 (23)
0 0 0 o2
The observation uncertainties are included in the observaguation:
Y (t) = h(X,U,t) + e(t) (24)

where the terme(t) is the measurement error, which is assumed to be a zero
mean Gaussian white noise sequence independenttofand with covariance
matrix:

2
V (e (t) ) - USSOZ(t) O'gsoita(t) (25)

Estimation method

The method used to estimate the parameters of the model(22})and (24)
is a maximum likelihood method for estimating parameterstacthastic diffe-
rential equations based on discrete-time data given by 3%)a more detailed
description of the method refer to Madsen and Melgaard (L89Melgaard
and Madsen (1993).

All the unknown parameters, denoted by the ve@piare embedded in the
continuous-discrete time state space model (21) and (24).
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The measurements are given in discrete time, and, in ordeimplify the
notation, it is assumed that the time indetselongs to the s€f0, 1,2, ..., N},
whereN is the number of observations. Introducing

y(t) = [Y(t)aY(t_l)v"' vY(l)vY(O)]’ (26)

i.e. Y(t) is a vector containing all the observations up to and incigdime
t, the likelihood function is the joint probability density all the observations
assuming that the parameters are known, i.e.

L'(6; Y(N)) = p(¥(N)|6)
p(Y(N)Y(N = 1),0)p(Y(N —1)[6)

N
(ITov@1¥e - 10.0))o(v ©)0)

t=1

(27)

where successive applications of the riled N B) = P(A|B)P(B) are used
to express the likelihood function as a product of condalaensities.

In order to evaluate the likelihood function it is assumeat thll the conditio-
nal densities are Gaussian. In the case of a linear state spadel, it is easily
shown that the conditional densities actually are Gaugdatsen and Mel-
gaard, 1991). In the more general non-linear case, as dedchy (21) and
(24), the Gaussian assumption is an approximation.

The Gaussian distribution is completely characterizedheymhean and covari-
ance. Hence, in order to parameterize the conditional dessn (27), we
introduce the conditional mean and the conditional covagaas

Y(tlt—1) = E[Y (#)|]Y(t—1),0] and

(28)
R(tlt — 1) = VY (t)|Y(t - 1),6]

respectively. It should be noted that these corresponcktortle-step prediction
and the associated covariance, respectively. Furthernitoigeconvenient to
introduce the one-step prediction error (or innovation)

et) =Y () =Y (it —1) (29)

For calculating the one-step prediction and its varianceiterated extended
Kalman filter is used. The extended Kalman filter is simplyeolsn a line-
arization of the system equation (21) around the curreimest of the state
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(see Gelb (1974)). The iterated extended Kalman filter isinbd by local
iterations of the linearization over a single sample period

Using (27) — (29) the conditional likelihood function (catiohed onY (0))
becomes

L(6: Y(N))

al 2 1/2 i —1 (30)
-1 ( 2m)"™/2 det R(t/t — 1) /% exp(~ Le(t) R(t]t — 1) e(t)))

t=1
wherem is the dimension of th&” vector. Traditionally the logarithm of the
conditional likelihood function is considered

log L(6; Y(N))
N

=1 " (log det R(t|t — 1) + e(t) R(t[t — 1) '€(t)) + const
t=1

(31)

The maximum likelihood estimate (ML-estimate) is the 8etwhich maxi-

mizes the likelihood function. Since it is not, in generalsgible to optimize
the likelihood function analytically, a numerical methodshto be used. A
reasonable method is the quasi-Newton method.

An estimate of the uncertainty of the parameters is obtayetthe fact that the
ML-estimator is asymptotically normally distributed witheané and covari-
ance

D=H"! (32)

where the matrixH is given by

06,00

An estimate ofD is obtained by equating the observed value with its expecta-
tion and applying

2
wu=—[ al%uow>ﬂ (33)

2

0]
(i} = = (e LY (34)

The above equation can be used for estimating the variaridbe parameter
estimates. The variances serves as a basis for calculat@sg talues for tests
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under the hypothesis that the parameter is equal to zerallyithe correla-
tion between the parameter estimates is readily found basdide covariance
matrix D.

Unreliable measurements are handled by adjusting thengriafe(¢). When
an unreliable observation is encountered, the correspgnalbservation vari-
ance is considerably increased. As the extended Kalman tigies the ob-
servation noise variance and the intensity of the Wienecgss, that count for
state noise, the unreliable observations are taken intmuat®dy the estimation
procedure.

Results and discussion

Aalborg West WWTP, from where the data used for the estimatariginates,
has three aeration tank pairs, which are controlled in antidal way, except
for a time delay between the tank pairs. The master tank pasists of aera-
tion tanks 5 and 6, of which tank 6 is equipped with an SS senEoe flow
path and mixing of tanks 3 and 4 are delaygd= 12 min in relation to tanks
5 and 6, and tank 1 and 2 are delayed furthgrTo include all 6 aeration tanks
in the model, it is extended with equations for the 4 add#ldanks. The flows
to and from each tank pair are reduced to a third of the totald|@nd the time
delay between the tank pairs is taken into account in the flativ and mixing
signals to the respective tank pairs. The resulting SS cdrate®n out of the
aeration tanks is the average of the SS concentrations dbed tank pairs.
The Aalborg West WWTP model is thus a 12 state non-linear inaih 2
observations,Xssmeand Xssoutat

The measurements of the average SS concentration in aetatik 6 are only
reliable when the tank is fully mixed. This is taken into aasbby adjusting
the variance o&(t) according to the mixing of aeration tank 6. When the tank
is not mixed 72,(#) is large (ideallyoc) compared to the value of () when
the tank is mixed.

Aalborg West WWTP is equipped with a STAR (Superiour TuningdARe-

porting) control system (Nielsen and Onnerth, 1995; Ormartd Bechmann,
1995), which optimizes the operation of the plant. In the BT#ystem, mea-
surements are fetched and control actions are computed @veinutes. This
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turned out to be a too short sampling time for the estimati@mecgdure, hence,
the data was re-sampled to a longer sampling period. Funibrey, it turned
out that there was a significant time delay between the inpiidbles (the flow
direction, the mixing signals and the flows and concentnatim the aeration
tanks) and the output variables (SS concentrations iniaarenk 6 and out
of the aeration tanks). The time delay was found to be 0.8 d,the new
sampling interval selected was 0.2 h.

The parameters of the model were estimated on one data sétenesulting
model was cross validated on another data set. It was noibp®$s estimate
the sludge settling model parametégsandn, and the parameters of the suc-
tion depth modetl, andbg,c; Simultaneously. This is due to the fact that these
two sub-models are closely correlated, as a change in thgesisettling model
will be compensated by an equivalent change in the suctipthdaodel. The
SVI for the estimation data set was 142, hence the sludge getidirameters
found from (8) are

Vo =7.43m/h and n, =0.612m°/kg SS (35)

The SV for the validation data set was 177, which gives the cornedjpgy
sludge settling parameters

Vo =629m/h and n, = 0.691m3/kg SS (36)

By inspecting the data before the estimation was carriedsystematic errors
in the SS concentration measurements were observed. Asidtipossible
from the available measurements to detect which of the meamnts that
are correct, it was decided to uség as the reference. The errors on the
measurements oK ssoutatWere included in the model as offset errors, even
though other methods could be applied. For the errors in éh@n sludge
measurements both an additive and a multiplicative formeweged out. It
was found that both types gave similar results, and the plighitive form was
used in the final estimations. The bias &gsoutatdesignatedX ssoutpand the
factor on Xsg designatedXss  were estimated simultaneously with the other
parameters.

The influent SS concentratiokssj was sought estimated as constant during the
period considered. This parameter was, however, found iedignificant, and
therefore excluded from the final estimation.

The estimated parameters as well as their estimated sthuo@arations are
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Parameter do bsuct Xssr’f Xssout’b Ugs Ugb 0236 Ugsoutat
Unit m - - gl (g)? m? (g/l)? (g/l)?
Estimate| 1.005 0.164 1.129 0.143 0.0259 1.34 1.91101.78 10/

Standard deviatiorn

0.015 0.022 0.009 0.014 0.0038 0.09 0.28102.08 10’
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shown in Table 1. All the parameters exceg, are estimated with small
standard deviations. The estimatesgf,, S thus uncertain.

The measured and modelled SS concentrations are shownurekig and 5,

for a part of the estimation data set and the validation detarsspectively.
The mixing signal for aeration tank 6 is included in thigsggraphs to indicate
the validity of the Xssgmeasurements, as these are only reliable when mixing
is on. Note that the modelled SS concentrations are sinouktbased only

on the input variables to the model, and not one-step ahesticpions, which
use the measurements of the output variables at every tepeaipredict the
output at the next time step.

For the validation data set th& andn, parameters for bott VI = 142
(the estimation data set value) a8@#7 = 177 (the validation data set value)
were tried. The best result was obtained with the parametkres for the
estimation data set, hence, these values were used to makgapbhs. The
fact that the values of; andn, for the estimation data set performed better
with the validation data set indicates that the sludgeisgtthodel, the suction
depth model and th& ssoytatmodel are interdependent. These should thus be
regarded as a single sub-model, and not independent sublsnodhe model

is found to perform well as regards the SS concentrationeratmn tank 6
for both the estimation data set and the validation data $é&e simulated
SS concentrations in the effluent from the aeration tanksatexs good for
the validation data set as for the estimation data set. Tiiigates that the
combined model consisting of the sludge settling model, sihetion depth
model and theXssoutatmodel could be refined.

The estimation method relies on the assumption that thenadismn noise is
white. The validity of this assumption is checked by use aficlative residual
periodograms, see Figs. 6 and 7. As only the observatiod&;gfin aerated
periods are reliable, the non-aerated periods result ildueks that can not
be considered to be generated by a white noise process. Hbeceumula-
tive residual periodograms are shown only for thgoutatObservations. The
confidence limits for the periodograms are calculated uttiegKkolmogorov-

Smirnov test principle (Kendall and Stuart, 1979; Box anukiles, 1976). As
the periodograms are between the confidence limits Xthgairesiduals can
be considered to be white noise. Note that the confidence foaride valida-

tion data is wider than for the estimation data. This is cdusethe fact that
the estimation data set contains more observations tharatitation data set.
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the effluent from the aeration tanks, estimation data set.



134 PAPER E

Aalborg W. WWTP, v8-8-2

6.5 T T
Xssme Measured E—
Xssme Simulated B
Me T
6

5.5 A

A0 O]

XssmG (g/ I)
(&
—
/

\;\\
= R
Aeration/mixing in AT6

3.5 b A H - Off
03 Apr '98 04 Apr '98 04 Apr '98 04 Apr '98 04 Apr '98
18:00 00:00 06:00 12:00 18:00
Aalborg W. WWTP, v8-8-2
4.4 T T
Xssoutat ”.‘eaSUVEd -
42 | Xssoutat Simulated R

4 :
A i .
el A L
34 }[\\\ / Vf\/ VI\ y j L
32 [ AN o
28 \ ) o 22

2.6 - \

2.4
03 Apr '98 04 Apr '98 04 Apr '98 04 Apr '98 04 Apr '98
18:00 00:00 06:00 12:00 18:00

Xssoutat (9/1)

Figure 5. Measured and simulated SS concentrations ini@eraink 6 and in
the effluent from the aeration tanks, validation data set.
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Figure 6. Cumulative residual periodogram f8gsoutatWith 95% and 99%
confidence limits, estimation data set.
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Figure 7. Cumulative residual periodogram f&kgqytatWith 95% and 99%
confidence limits, validation data set.
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Conclusions

A model for the SS concentrations in and out of the aeratinkgan an alter-
nating WWTP is proposed, and the parameters are estimaitegl thh® maxi-
mum likelihood method.

The estimated model shows good agreement between simaladetheasured
SS concentrations in the aeration tanks and in the effluent these at Aal-
borg West WWTP. However, improvements are still possiblee $ub-models
for the sludge settling velocity, the suction depth and tBec8ncentration out
of the aeration tanks are subjects for refinements, and thgehshould be
tested under conditions with more flow variation as well astaer WWTPs.
Furthermore, the inclusion of the secondary clarifiers i thodel is an im-
portant improvement, as the objective is to keep the efflteitite receiving
waters to a minimum.

Due to time delays in the aeration tanks the model simulatéoe 0.8 h ahead
of the measurements. Combined with an influent flow forecastzdn of ap-
proximately 1 h, the SS concentrations out of the aeratiokstacan be pre-
dicted almost 2 h ahead. This horizon is considered to beciiffifor select-
ing the optimal control action.

The proposed model is a valuable tool for designing contigbrithms for
ATS. By applying the models, it is possible to forecast thec88centration
in the effluent from the aeration tanks. The predictions camnded to choose
the best control action, i.e. whether to change the flow tdorcand switch
aeration and mixing on or off, within the limitations, cadsey the nutrient
removal processes.
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Abstract

Aeration Tank Settling (ATS) operation is introduced aealating wastewa-
ter treatment plants (WWTPS) to increase the hydraulic @apauring rain
storms. A recently developed dynamic grey-box model of A$%vall as a dy-
namic model of dry weather operation is used to quantify theelfits of ATS
operation in terms of increased hydraulic capacity on al@rgnish alternating
Bio Denipho WWTP.

A real time control algorithm for optimal selection of opting mode based on
model predictions of the SS concentrations in the aeratiokg is proposed.

The economic value of ATS operation is estimated by a caicunaf the price
of a detention basin capable of handling nearly the same anafuvater as
the increased hydraulic capacity entails.

Key words: Aeration Tank Settling, model based predictive controtygipox
models

Introduction

In an alternating wastewater treatment plant (WWTP) thatamr tanks are
composed of pairs of interconnected tanks. The influentacatration tanks
is directed to one of the tanks, through the connection bevike tanks and
out of the second tank to the secondary clarifier. During deather peri-

ods, the tanks are always fully mixed to enable optimal eatriemoval. The
tank which receives the incoming wastewater is in anoxidgtdéocation mode,

while the other tank, which delivers effluent to the secondarifier, is oper-

ated in aerobic nitrification mode.

During rain storms, the wet weather flow often exceeds theagpof the
clarifier, and the usual approach to this situation is toestbe excess water
in detention basins and/or bypass the biological treatmparttof the WWTP.
Another approach is to handle the excess water in the bidbgiart of the
WWTP by increasing the secondary clarifier volume, e.g. bggiavailable
storm water tanks for sedimentation (Carrette et al., 1.998) another way to



‘d L MAKEDUB] e ue ul Jred Yuel uonelae ybnoayl yred mol4 T a4nbi4

Aeration tank pair Secondary clarifier
Qj +Qr

Xssoutat

To receiving
waters

Incoming
wastewater

Qi Xssi

Return sludge
Qr. Xssr

Excess sludge
Qw: Xssr

orT

4 93dvd



SUBMITTED . 141

increase the hydraulic capacity of the biological treathokiring rain storms
is to introduce aeration tank settling (ATS) operati¢Bundgaard et al., 1996;
Nielsen et al., 1996, 1999).

When ATS is active, the aeration scheme is changed, so thaeitation tank
that receives influent is aerated and the other tank not. @ypstg the mixers
in the non aerated tank, sludge settling is made possibl&ghwdnables an
increased amount of SS to be held in the aeration tanks. MetebSS load
to the secondary clarifier can be reduced, and hence the Wligd@apacity
increased. The effect of ATS can be increased by introduaimgtermediate
phase with settling periods in the tank that receives influerstart the sludge
settling before the flow path is switched. ATS operation tbassists of the
four phases illustrated in Figure 2.

The benefits of ATS are better wastewater treatment duringweather pe-
riods and economics compared to building storm water taBk®iien et al.,
1999).

When a rain storm can be predicted ahead of the arrival of tihenswater
at the WWTP, the prediction horizon can be used to transp8rfr&m the
secondary clarifer to the aeration tanks, and hereby fuititzease the effect
of ATS control.

The selection of the lengths of the periods with aerationria of the tanks
(main phases) and the periods with no aeration at all (irediate phases) du-
ring ATS is a trade off between two objectives: 1) to keep ashmsuspended
solids in the aeration tanks as possible, and 2) to obtaimapgaeration capa-
city. Long main and intermediate phase lengths fulfil the bigective, while
shorter main phases and no intermediate phases satisfy¢bads objective.
Hence, it is important to choose the phase lengths to enkatehe needed
hydraulic capacity is available with minimum limitation aération capacity.
To utilize the available hydraulic capacity of a given plaith given sludge
characteristics and sludge amounts, the sludge storageitapf the clarifier
must be used. It is assumed that the sludge storage capanityecquantified
in terms of how much sludge from the aeration tanks that castdred in the
clarifier without limiting the hydraulic capacity.

IATS is patented by Kriiger A/S
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Theory

A grey-box model of the suspended solids (SS) concentfiorand out of
the aeration tanks of an alternating WWTP during ATS operalias recently
been developed (Bechmann et al., 1999c; Nielsen et al.,)19B8e model
consists of 3 submodels: 1) A simple mass balance for the 8&atrations
in the aeration tanks, 2) a sludge settling model, and 3) aeirfod the SS
concentration in the effluent from the aeration tanks.

In Figure 1 an aeration tank pair composed of the aeratickstAm1l and AT2
as well as the secondary clarifier is illustrated. The mearc@®entrations
in AT1 and AT2 are designatellssmiand Xssma While Xssj, XssoutatdaNd Xssr
denote the SS concentrations in the incoming wastewat#rgieffluent from
the aeration tanks to the secondary clarifer, and in thenetludge flow, re-
spectively. Qi, Qr, andQ,,, denote the incoming wastewater flow, the return
sludge flow and the excess sludge flow, respectively.

When the incoming wastewater is directed to AT1, and the efflis taken
from AT2, the mass balance equations are:

dXssml _ QiXssi’|‘ QrXssr_ (Ql + Qr)Xssml

1
dXssm2 _ (QI + Qr)Xssml— (QI + Qr)Xssoutat
= 2
dt Vat
whereVy is the volume of each of the equally sized aeration tanks.
For the opposite flow direction, the mass balance equatiens a
dXssm1 _ (QI + Qr)Xsst_ (Ql + Qr)Xssoutat 3
= 3
dt Vat
dXssm2 _ (QiXssi+ QrXssr) - (Qb + Qr)Xsst 4
= 4
dt Vat

The sludge settling in an aeration tank is modelled by a rvpb layer model,
where the layer above the sludge blanket is assumed to hrewdéer, and the
layer under the sludge blanket contains all the SS fully ohixeee Figure 3.
The sludge blanket settling velocity is modelled accordmiyesilind (1968):

ddsb

o — VO e*ansssI (5)
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Figure 3. Two layer model of settling in an aeration tank.

wheredsp and Xgsg denote the sludge blanket depth and the SS concentration
in the sludge layer, respectively.

The average SS concentration in the sludge layer is

d
Xsssl = Patdszssm (6)

where Xssmis the average SS concentration in the aeration tankdgfid the
aeration tank depth.

The SS concentration in the effluent from the aeration tardssimed to de-
pend on the suction depthy,c;, and theXsgsi

dsuct — dsp
Xssoutat= %Xsssl (7)
Suc

wheredg,ctis flow dependent and modelled as:
Qi _|_ QI‘) bsuct
Qo

whered, andbs,ctare positive parameters, aggh = 1000 m?/h is a normali-
zing constant.

dsuct = dO ( (8)

Introduce the loss of mean SS concentration in the aeragiokstduring the
period fromt =ty tot = ¢y:

Assat: Xssn(to) - Xssm(tl) (9)
where

P Xesmilt) —;Xsst(t) (10)




SUBMITTED . 145

is the average SS concentration in the aeration tanks atttime

When it is assumed that the SS amounts that enter the aetati&a from
the influent and that come from sludge growth are equal to heu®ounts
removed from the system with the excess sludge and with theeef to the
recepient, the increase in the SS concentration in the dacpelarifier is:

V.
Assscz V_atAssat (11)
sc

whereVy andVs: denote the total volume of the aeration tanks and the secon-
dary clarifer, respectively.

From (11) it can be seen thalss,tis a measure of the increase of SSin the se-
condary clarifier. At a given operating point (return sludipsv, effluent flow,
sludge characteristcs etc.) the secondary clarifier is capable of handling a
limited increase of SS, before the SS concentration in ttheegit to the receiv-
ing waters is increased to an unacceptable level. Hehgg;must be limited

to a certain level, dependent on the WWTP considered angéistonal state.

Dry weather operation

During dry weather operation the aeration tanks are fullyadj henceXssoutat
= XssmeWhen the effluent is taken from aeration tank 2, aadoutat= Xssm1
when the opposite flow path is used. Thus, when the wastewgad@ected to
aeration tank 1 and effluent is taken from aeration tank 2ditheveather mass
balance equations are

dXssml _ QiXssi’|‘ QrXssr_ (Ql + Qr)Xssml

(12)
dt Vat
dXssm2 _ (QI + Qr)Xssml— (QI + Qr)Xsst
dt Vat (13)

Note that the mass balance equations for AT1 during ATS diperéequation
(1)) and during dry weather operation (equation (12)) aeeséime, but that the
corresponding equations for AT2 (equations (2) and (13)&t the same.

When it is assumed that the SS concentrations in the twoi@etanks as well
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as their time derivatives are approximately equal, ie:

Xssm= Xssm1= Xssmz (14)
dXssm dXssml dXsst

= = 15

dt dt dt (15)

the addition of (12) and (13) yields

dXssm _ QiXssi+ QrXssr_ (QI + Qr)Xssm

1
dt Wt (16)
which for constant;, Qr, Xssi, XssrandVa has the solution
Xssm(t) _ QiXssH‘ QrXssr <1 B e_Q;aCfr (t—t0)> n Xssm(to) o Qé;:fr(t—to)
Qi + Qr
(17)

Hence, the loss of SS concentration in the aeration tankagldry weather
operation during the period from= ty tot = ¢ is

Assat: Xssm(to) - Xssn(tl)

_ <Xssm(t0) _ QIXE;IT_ g:Xssr> <1 e Q;‘ta?r (t1—to)> (18)

The steady state solution to (16) is easily found to be

QiXssi + QrXssr

Xssm,ss: Qi T Qr (19)
with the corresponding SS concentration loss
i Xssi X
Assat: Xssm(tO) _ QI SSI_I_ Qr SSr (20)

Qi‘|‘Qr

Choice of operating mode

During a storm situation the main objective is to avoid skidlight to the re-
cepient, and the secondary objective is to enable optinadddical treatment
of the incoming wastewater. Hence, the operating mode ttesfepts unac-
ceptable SS concentrations in the effluent and enables bgsibte biological



SUBMITTED . 147

treatment should be chosen. This choice can be made on tisedigze-
dictions of the loss of SS concentration in the aeration g&ok the possible
operating modes. The model of ATS operation can be used thcptbe loss
by simulation for a sufficient time to reach steady state ¢, while equa-
tion (20) is used to predict the dry weather operation loshek\the acceptable
loss for the WWTP considered is known, e.g. from experiemamfprevious
rain storms, the optimal operating mode can be selectedh&$8 concen-
tration loss predictions can be computed offline for differeombinations of
flows, concentrations and operating modes, the real timgaaigorithm can
be established by feedback frafh, @r, Xssrand the initial SS concentrations
in the aeration tanks, e.g. implemented in a look-up table.

Results and discussion

The Aalborg West WWTP in Northern Jutland, Denmark, was teestimate
the model for the ATS operation (Bechmann et al., 1999c) hemte it is used
for the analyses carried out here.

The maximum loss of average SS concentration in the aertditts during
dry weather operation as well as ATS operation was calail&tie varying

flows Qi and @, varying return sludge concentratioi&s, and varying initial

average concentrations in the aeration tanks. The sirnnk&tf ATS operation
were run for a time span of approximately 24 hours in ordemtabte the ATS
operation to reach steady state conditions.

In Bechmann et al. (1999c¢) it was found that the SS concémtraf the was-
tewater entering the aeration tanks was insignificant. afioee X s5; was fixed
at 0 in all the computations.

In Figure 4 the SS concentration losses for different opegahodes are shown
as a function of the influent flow. The initial SS concentnatio the aeration
tanks wasXssat = 4 g/m?, the return sludge concentration wags, = 10 ¢
SS/nt, and the return flow wag), = 2500 m3/h, as these values are typical
for a rain situation at Aalborg West WWTP. At this plant, treeeptable loss
is empirically found to be\ssa= 0.7 g SS/nt, hence a horizontal line for this
value is included in the figure. Note that the influent flow garirom low dry
weather flow to very strong storm flow (2000 fh to 16,000 /h), and that
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3 Aalborg X\/ WWTP 3
Q, = 2500 m“/h, X,,=10 g SS/m~,SSinit=4 g SS/m™, dSVI=142 ml/g

3
— Dr'y weather op'eration '
---»--- ATS, Mpl=1.0h, Ip|=0.0h -
---%--- ATS, Mpl=1.5h, Ipl=0.0h //
2 | @ ATS, Mpl=2.0h, Ipl=0.0h

--m-- ATS, Mpl=2.0h, Ipl=0.5h
~-o- ATS, Mpl=2.0h, Ipl=1.0h// I )

e A=07 _/_,_/96“’7':7.,_,,,.»e"""_'i’i' S |
1 B e

TS

Bl

Dge (@ SSIM?)

2000 4000 6000 8000 10000 12000 14000 16000
Qi (m3/ h) atssimul 1991007.0ut

Figure 4. Loss of SS concentration in the aeration tanksiftardnt operating
modes. Mpl and Ipl denote the lengths of the main and inteiaeghases of
ATS operation, respectively.

the upper physical limit of the plant is approximately 12006°/h. When the
flow exceeds this limit, the WWTP is flooded.

The uppermost curve in Figure 4 is the dry weather operationec The 5
curves below are all for ATS operation, with increasing ATicency to-
wards the lowest curve. Each of the 5 ATS curves represemd roperating
mode, in terms of lengths of main and intermediate phases AT efficiency
increases with increasing phase lengths. The first three Aifgs represent
operating modes with no intermediate phases but with isangamain phase
lengths. In the last two ATS operation curves, intermedpdtases are intro-
duced. It is clearly seen that the introduction of a 0.5 hatermediate phase
increases the efficiency considerably. However, 1 hourimeeliate phases do
not result in the same increase as the first 0.5 hour inteateeghases. This is
because the sludge settles faster in the first 0.5 hour oflanggthase than in
the next 0.5 hour, as the SS concentration in the sludge iagerases as the
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sludge settles, c.f. equations (5) and (6).

When the operating mode is to be chosen, the algorithm id¢otshe opera-
ting mode with the uppermaost curve in Figure 4, but not abbeeMss= 0.7
g SS/nt limit. Then the best possible biological treatment withslutige flight
will be performed.

From Figure 4 it is seen that the hydraulic capacity of Aajpdfest WWTP
during dry weather operation is 6000* . The lightest version of ATS ope-
ration with a main phase length of 1 hour and no intermedihtese increases
the hydraulic capacity to 8000 and the strongest version of ATS opera-
tion with a 2-hour main phase and a 1-hour intermediate pheseases the
hydraulic capacity to beyond 16,000 fh, which is far more than the physical
limit of 12,000 n¥/h.
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Figure 5. Results from 2 different weekends. Left plot: awgather weekend.
Right plot: a wet weather weekend.

In Figure 5 measurements from two weekends are shown. Tethis la dry
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weather weekend with dry weather operation of the plant erldd right a wet
weather example with ATS operation during some of the pefiamn Octo-
ber 2nd 10:14 to October 3rd 14:08, and October 3rd 11:44 108)4 The
algorithm controlling the phase lengths of ATS operatiomisearlier devel-
oped version than the one proposed here. The uppermostsgsiquivv the
influent flow to the aeration tanks as well @gypass Which is the part of the
total inflow to the WWTP that bypasses the biological treatini the middle
graphs, the SS concentration in the effluent from the aeratioks and in the
effluent from the WWTP are shown. In the bottom graphs the anianand
nitrate concentrations in aeration tank 6, as well as tha totrogen concen-
tration (the sum of the ammonia and nitrate concentratiomghis tank are
shown. The wet weather example shows that the WWTP is agtcegtlable of
handling a flow of approximately 11000%*t. Part of the total inflow to the
WWTP bypassed the biological tanks so that the plant was ootléld. Fur-
thermore, it can be seen that the storm situation with AT Saijmn causes the
ammonia, nitrate and hence total nitrogen concentrationiscrease to levels
considerable higher than during dry weather. However, ilregen concen-
trations are below the Danish criteria for the plant (8 gltotmogen per mi on
an average).

Economic advantages of ATS operation

Assuming that the combined system of sewers and a WWTP slbauétble
to handle the increase in the influent flow from 600¢rto 12,000 m/h for,
say, 5 hours. Then the detention basin volume required is

5h- 6000 m*/h = 30,000 m? (21)

The cost of building detention basins is estimated to be éetmd00 and 500
Euro per mi, hence, a 30,000 frdetention basin costs between 3,000,000 and
15,000,000 Euro!
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Conclusions

ATS operation can be used to increase the hydraulic capaidite WWTP and
hereby decrease the need for bypassing the biologicalesdtfacilities of
the WWTP or adding detention basins. Compared to constigi¢éidditional)
detention basins the cost benefit of introducing ATS opemais extremely
good. Furthermore, ATS operation does not require extraespahich is not
necessarily available), does not require cleaning faslitand does not smell
bad when not in operation.

Furthermore this paper has shown how dynamic models of ATiSdaynwea-
ther operation can be used offline to establish and updatelaotable to
select the optimal operation strategy at the actual opgyanditions in a real
time control system.

The model types used here can be applied to other types d§@ad operation
modes, cf. Boonen et al. (1999); Carrette et al. (1999);ddielet al. (1999),
and hence to develop optimal control algorithms for diffenelants.

Incorporation of flow and pollution flux predictions of thdlirent to the WWTP
enables further on-line optimization of the operation té&sthen not necessary
to control the ATS phase lengths according to steady statgithons, but only
according to the predicted conditions.

To predict the limiting value of the loss in the SS conceitrat in the aera-
tion tanks and thus the corresponding increase in the SSeotmations in the
secondary clarifier experience with the WWTP considereceigiired. The
inclusion of a model of the clarifier to enable better pradittof the SS con-
centrations in the clarifier and when sludge flight will takege can further
increase the benefits of ATS operation, as it is expectedataéarifier mo-
del will make it possible to operate the WWTP even closer éoghint where
sludge flight occurs.
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