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SYNOPSIS

The objective of this investigation was to evaluate Holmberg’s method
for simultaneous dissolved oxygen control and parameter estimation in a

completely mixed diffused air activated sludge reactor.

Holmberg’s method is based on an adaptive controller which estimates
parameters in a model of the process. A dissolved oxygen (D0O) mass

balance on the liquid phase in the CFSTR gives:

g%%il = g‘(Cxu—Cour) + Kea* (C®-Cour) - R
where
Cavur = dissolved oxygen concentration in the reactor and
the stream leaving the completely mixed reactor
Cin = dissolved oxygen concentration in stream entering
the reactor
c® = dissolved oxygen saturation concentration
= flow rate of stream entering/leaving reactor
= CFSTR volume
= oxygen utilisation rate (= Respiration rate)
KLa = oxygen transfer coefficient
t = time

Holmberg (1986) proposed two simplifications of the actual process
model. Firstly, it was assumed that the mass transfer coefficient for

oxygen input is a linear function of the air flow rate, i.e.:

Kea = a"Fazr

The second assumption was that the contribution of the flow term in the
magss balance in negligible compared to the oxygen transfer and oxygen
utilisation rate terms. These assumptions lead to the simplified process

model:
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dCourt

= a Farr-(C¥-Cous) - R e L (3.8)
dt .
Holmberg proposed that the two terms « (relating to K.a) and the oxygen
utilisation rate R could be estimated on-line without any measurements
additional to Fair and Cour and without introducing major disturbances

in the process.

In the development of the deadbeat estimator, Holmberg assumed that the
input Fair oscillated and changed at every sampling instant. However the
requirement of continuous excitation contradicts the objective of the
controller the aim of which is to reduce all errors to a minimum. This
leads to the concept of dual control; where a compromise is made between

DO-regulation and on-line estimation of a and R.

Holmberg’s dual DO controller cum OUR/KLa estimator was evaluated
through simulations of controlled process behaviour. The following

.

conclusions were apparent from the results :

{i) The simulation program was shown to predict the results presented

by Holmberg (1986) very closely.

{ii) Simulations were conducted in which the x and OUR parameters of
the real process were held constant. These conditions are
encountered at the end of an aeration train. Results indicated
that under gsuch conditions Holmberg’s estimator converged rapidly
and without offset to the true parameter values. The dissolved

oxygen (DO) control was also effective.

(iii) Simulations were conducted in which the x and OUR parameters of
the real process were assumed to vary in a sinusoidal fashion:®
the amplitude of the OUR fluctuation was similar to that
encountered in practice at the head of an aeration train. Under
these circumstances the parameter estimates converged rapidiy to
the true values but the estimates now oscillated about the true

values. The magnitude of the estimate oscillations were shown to
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(v)
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{vii)
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be dependent on a parameter: S, that Holmberg had defined. The DO

control was effective.

Two methods for parameter estimation were proposed by Holmberg.
The first method; termed the '"zero order" method assumes the «
and OUR parameters to be constant over each sampling interval.
The second method: termed the "first order" method assumes the «
and OUR parameters to vary linearly over the sampling interval.
Simulations in which the sampling interval ranged from 1 to 10
minutes demonstrated that the +two methods vyield virtually
indistinguishable parameter estimates and DO control. This is at
variance with Holmberg’s observation that the first order method

yields "greatly improved' estimates.

Holmberg’s estimator assumes the flow terms of the real process
DO mass balance to be negligible. If the flow terms are included
in simulation of the real process: but excluded from the
estimator model, offsets occur in the values of the parameter
estimates. Nevertheless; the dissolved oxygen control is

effective.

In Holmberg’s simulations it was assumed that in the real
process, the oxygen transfer coefficient, Kea: is directly
proportional to the air flow rate and that the relation passes
through the origin. However:, Goto (1985) found that a linear
relationships but not passing through the origin, best described
the K.a/air flow rate relationship. If the real process Kia/air
flow rate relationship was modelled in the form proposed by Goto
(1985)s Holmberg’s estimator was shown to yield large offsets in
the estimated values of the parameters, especially the OUR. DO

control was still satisfactory.

An incorrect saturation dissolved oxygen concentration, C®, was
shown to cause offsets in the estimates of the OUR and «. The -
offset in the OUR estimates was small whereas the offset in the «

estimate was large.
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(ix)

(x)

(xi)

Holmberg's observation that the objectives of the DO controller
and the parameter estimator are contradictory was shown to be
correct. At given conditions: improving the DO control resulted
in worse parameter estimates. Similarlys improving the parameter

estimates resulted in worse DO control.

An extension to Holmberg's method was proposed to overcome the
small parameter estimate offsets resulting from excluding the

flow terms in the estimator model of the real process.

A further extension to Holmberg’s method was proposed to overcome
the significant offsets (particularly in OUR) resulting from an
incorrectly assumed KLa/Faz1r relationship. This proposed
extension was shown to eliminate the offsets in the parameter

estimates.

The effect of dead-time on parameter esimation was investigated.

It was found that:

- for a given dead-time, the greater the sampling interval, the
smaller the parameter estimate offsets,

- for a given sampling interval, the greater the dead-time, the

greater the parameter estimate offsets.
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CHAPTER ONE
INTRODUCTION

The objective of this investigation is to evaluate the Holmberg/Olsson
method for simultaneous dissolved oxygen control and énd oxygen
utilisation rate estimation in the activated sludge process. (Holmberg
and Olsson, 1985: Holmberg, 1986).

The activated sludge process (ASP) is established as the most widely
used large scale wastewater treatment process for domestic and organic-

bearing industrial wastewaters. In the process, wastewater is treated
while passing through a series of one or more mixed reactors containing

a dilute slurry of biological organisms. The essence of the treatment
step lies in the biological reactions of the heterogeneous organisms
present in the reactors. These micro-organisms utilize the organic
material present in the wastewater (the pollutant) as a food source. In

utilizing the organic matter, a portion of the carbon is directed into
the formation of new cellular mass. The remaining portion is oxidized by

the organisms to provide the energy required in the formation of the new

cellular mass. Molecular oxygen is the primary final electron acceptor

in the biological oxidation process. Thus oxygen must be supplied to the

reactors in order to sustain the micro-organisms. The amount of oxygen
required, termed the "oxygen demand': is related to the organic load on

the process!.

The influent to a uas{euater treatment plant generally exhibits wide
diurnal variations in both flow and concentration of organic pollutants

(and ammonia). These wvariations wusually follow a characteristic

cyclic pattern repeated closely from day to days the cyclic input
reflecting the water utilisation patterns of the community being served.

Because the influent flow rate and concentration vary; the loading rate

(the product of flow rate and concentration) also varies. A consequence

of the wvariation in the load on the process is a variation in the

process oxygen demand over the cycle. The oxygen input to the system

! Under certain conditions oxygen is also consumed in the biological

oxidation of ammonia to nitrate. This process:s termed nitrification,
will add to the carbonaceous oxygen requirement.
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thus needs to be controlled so as to ensure that the dissolved oxygen
level is maintained above some minimum which 9uarantees the continuous
growth of the aerobic micro-organisms. A dissolved oxygen (DO) content
of approximately 2 mg0/1 9generally is satisfactory: this concentration
corresponds to roughly 20 percent of the saturation dissolved oxygen

level.

A further incentive for controlling the dissolved oxygen concentration
is the possible savings in operating costs. The energy requirement for
aeration is the major operating cost in the ASP. Therefore: by
exercising control over the oxygen input, over-aeration can be avoided
through supplying only sufficient oxygen to match the time-varying
demand. In this way operating costg are minimised. The implementation of
effective automatic control strategies has resulted in reductions ‘in
energdy inputs in the range of 10 to 40 percent relative to processes

where the oxygen input is regulated by plant operators (Flanagan, 1977).

The method employed for the implementation of dissolved oxygen control
traditionally has been of the linear feedback type. In this approach the
dissolved oxygen concentration in the process is measured:s providing a
feedback signal for a controller. The controllers in turn: manipulates
the aeration rate with the objective of adjusting the measured dissolved
oxygen concentration to some desired setpoint value. Linear feedback
control systems have been utilised with a fair degree of success.
Howevers in recent years microprocessor-based adaptive controllers
(particularly the self-tuning regulator) have received increasing
attention as these can offer certain improvements in dissolved oxygen
control over the simpler feedback type. One reason is that conventional
linear controllers cannot function optimally at all operating levels as
a result of the inherent non-linearities in the system. Adaptive
controllers on the other hand are able to adjust the controller
parameters according to the operating conditionss thus ‘adapting’

controller response on-line to suit process conditions.

A further reason for the interest in the approach of adaptive control of
the dissoived oxygen concentration relates to the computations which
form a part of the controller parameter adjustment mechanism,; or which

can be carried out in parallel. In the case of the self-tuning regulator
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(STR) one of the steps 1in wupdating controller constants is the

estimation of parameters in a mathematical model which represgents
(identifies) the process. If the model is suitably defined the estimated

parameters can be used to calculate information which reflects process

operating conditions. One possible application that has been suggested

for diffused air wastewater treatment systems is the on-line estimation

of oxygen utilisation rate (OUR) (e.g. Olssons Rundquwist: Eriksson and

Hall, 1985).

The rate of oxygen consumption in the activated sludge process is linked
directly to the biological activity and therefore is a parameter
reflective of process operation. Knowledge of the OUR would be very
useful to plant operating personnel as a basis for deciding on operating
strategies. Alternatively the OUR could be used as an input variable in
other on-line process control procedures. In either case knowledge of

the OUR should be useful in regulating plant performance.

The objective of this investigation has been to evaluate one of the
methods proposed for adaptive DO control with simultaneous estimation of
OUR. This method: proposed by Holmberg and Olsson (1986), appears
particularly suitable because it -only requires measurement of the DO |
concentration. The means for evaluating the scheme is through simulating
the controlled process behaviour on a micro-computer. The simulations of
plant behaviour have been restricted to diffused air ASP systems. That
iss the oxygen input to the system is varied by varying the air flow
rate from a compressor. However; the technique for DO control and
simultaneous OUR estimation could also be applied to systems with

sur face aeration.

The dissertation starts by briefly reviewing the various approaches to
OUR measurement. This places the Holmberg/Olsson method in the context
of the current work in the field, justifying the selection of this
method. This is followed by a more in-depth analysis of the method. The
results of computer simulations using the method are then presented and

discussed. Suggested modifications to the method are evaluated.



CHAPTER Tuo

OXYGEN UTILISATION RATE ESTIMATION METHODS

2.1 INTRODUCTION

In the Activated Sludge Process (ASP) treating municipal wastewater, the
total oxygen demand can be divided into four components associated with
phenomena taking place in the system. The biodegradable organic material
in the influent may be regarded as being comprised of a soluble readily
biodegradable portion and a slowly biodegradable particulate fraction.
In removal of the two fractions a rapid utilisation of oxygen can be
associated with the readily biodegradable fraction and a slower rate of
consumption with the particulate material. In addition to the two 9growth
processes; a third component is the oxygen consumption associated with
endogenous respiration. These three components relate to 9growth and
maintenance of heterotrophic organisms and have been termed the
carbonaceous OUR (Dold and Marais,» 1985). A fourth component is
encountered in nitrifying activated sludge processes. In such systems,
ammonia nitrogen 1is converted to nitrate by autotfophic organisms:

oxygen is also required for this biological oxidation.

Because oxygen consumption is linked directly +to the biolosical
processes within a system: oxygen utilisation rate (OUR) is reflective
of process behaviour. For this reason knowledge of the OUR can be a
ugseful indicator of process status and perhaps can be used as a measured
variable in control strategies. The OUR has long been recognized as one
of the most meaningful parameters in control. Because of the value of
the information gathered in knowing the OUR, extensive research has been
conducted into methods for measuring or estimating the OUR. This chapter
will present the most common measurement methods and the most important

proposals for estimating the OUR using identification.
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2.2 DIRECT METHODS FOR MEASURING OUR

2.2.1 Laboratory measurement of OUR

Measurement of OUR in a laboratory-scale activated sludge system is a
simple procedure. To illustrate the method:; consider a single completely
mixed reactor through which a stream is passing. The technigue for
measuring OUR in this reactor ié as follows : The dissolved oxygen (bO)
concentration is increased by increasing the rate of oxygen input. In
the laboratory unit this would typically involve increasing the air flow
rate to the reactor. Oxygen input is terminated when the DO
concentration has been raised to near the saturation value: for example;
to 7 or 8 m90/1 in a unit operated at 20°C. The DO concentration then
decreases with time as no air is being bubbled through the reactor to
balance the oxygen demand arising from the activity of the biological
organisms. The QUR is obtained by monitoring the rate of decrease of DO
with time. This is achieved very simply by recording the DO
concentration change on an X-time plotter as shown in Fig 2.1. The slope

of the straight line gives the OUR.

In the laboratory measurement method an important factor to note is that
any flow to the reactor must be maintained during the test. Spurious
results will be obtained if the feed is stopped at any time. This is
particularly true for reactors receiving the influent flow. The error is
associated principally with the OUR component for readily biodegradable
substrate removal. The readily biodegradable material in the influent
is utilized rapidly on entering the reactor. Therefore by terminating
the feed to the reactor there will virtually be a step change in OUR.
This is demonstrated in Fig 2.2 which shows the OUR response in a single
aerobic ASP reactor receiving a cyclic square—-wave input of municipal
wastewater (i.e. 12 hours feed/12 hours no feed). The step change in OUR

on feed termination is readily apparent (Ekamas Dold and Marais: 1985).

2.2.2 Grab sample method for measuring the OUR

A 9rab sample method for OUR measurement in full-scale plants has
developed out of the laboratory method. This method has been reported as
being the simplegst to apply at full-scale (Gotos 1985). A grab sample of

an aeration reactor’s mixed liquor is taken and air bubbled vigorously
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Fig 2.1 Example of a DO concentration time plot used to estimate the OUR
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through the sample bottle until the DO concentration has increased to
close to the saturation concentration. This procedure may require
aeration for several minutes. The air supply is then turned off, and
thereafter DO concentration is measured continuously over the next few
minutes. As was the case in the laboratory measurement methods the OUR

is given by the rate of decrease of the D0 concentration.

One disadvantage of this method is its manual nature which makes it
unsuitable for frequent daily use. Furthermore the grab-sample method
generates values that are only as good as the representativeness of the
grab sample. As non-ideal flows are present in all aeration basins:
large variations frequently exist over small distances within a reactor.
Indeeds it is quite possible that two grab samples taken from the same
area at the same time vyield different OUR’s as a result of a non-ideal
flow regime present in the reactor. However, other sources of error are

more important in critisising the method.

In the method, a sample is taken from the continuous flow reactor and
thereafter oxygen utilisation is measured in a batch test. In the batch

test, concentrations of various compound; will change with time.

Therefore the OUR also will change with time and the measured value may
differ from the OUR in the continuous flow reactor. This problem is
compounded by the fact that during the period in which the 0O

concentration is raised before the OUR measurement is commenceds it is
likely that any readily biodegradable COD will be removed and
nitrification also may be completed. Therefore these components will be
excluded from the OUR measurement, and {he OUR will be underpredicted.
An additional problem with the batch mode of measurement is that the
grab-sample method is tantamount to measuring the OUR in the continuous
flow reactor but with the feed switched off. Therefore major errors can

be incurred in the OUR measurement for the reasons outlined in Section
2.2.1. One possible approach to overcome problems with the grab-sample
method is to use a small-scale reactor or ’'respirometer’® alongside the

full-scale plant.
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2.2.3 Respirometers for measurement of OUR

In recent years; a number of automatic respirometers ( OUR monitors )
have been developed and installed for continuous use (Goto» 1983).
Respirometers consist of small-scale reactors usually placed alongside
the full-gcale plant. A continuous stream is diverted from the full-
scale plant into the respirometer ands after passing through the
respirometer, is returned to the aerator. The OUR is measured in the
respirometer: and this measurement is taken as the OUR in the full-scale

plant.

A number of methods for measuring the GUR in the respirometer have been
proposed. One approach is to raise the DO within the respirometer and
then terminate the air supply: thereafter the OUR is measured as in the
laboratory scale method. An alternative approach is to adjust the air
flow rate in the respirometer so as to maintain the DO concentration at
some setpoint. The OUR is then estimated through solving the mass
balance for DO concentration in the respirometer. A drawback of this
approach is that some estimate of the mass transfer coefficient, Kia, is
required.. A third approach for measuring OUR in the respirometer is

based on measurement of the pressure change in a closed.vessel.

A disadvantage with the respirometer method is that close attention must
be 9iven to the experimental system and to the test procedures. To
obtain reliable results requires considerable experience. The
experimental difficulties with the respirometer itself are compounded by
the difficulties in transferring a representative sample from the full-

scale plant to the respirometer.
2.3 INDIRECT METHODS FOR ESTIMATION OF OUR

2.3.1 Estimating QOUR via prior KLa estimates

Goto and Andrews (1985) developed a technique for the on-line estimation
of OUR on a full-scale diffused air ASP plant. The method is based on
readily available sensors and a process control computer. A dissolved

oxygen balance on a well-mixed tank reactor gives:
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f%%11 = %'(Czu-Caur) + K (C%-Caur) = OUR  ....... o (2.1)
where OUR = oxygen utilisation rate
Q = aerator volumetric outflow
v = aerator volume
Cin = DO concentration-in aerator influent stream
Cour = DO concentration in aerator and its effluent stream
K = plant specific oxygen transfer coefficient
ct® = saturation dissolved oxygen (DO} concentration

Goto (1985) noted that K, the plant specific oxygen transfer

coefficient, was primarily a function of air flow rate, Farr i.e.

K = K(Fair} ceseseesal(2.2}

-

Substituting Eq 2.2 into Eq 2.1 and re-arranging @
OUR = Q/V' (Cin—-Caur) + K(Faze)' (C3-Cout) -dCourt/dt veera(2.3)

Goto (1985) proposed that in order to estimate the OUR, all that
remained was to find the relationship between K, the plant specific
oxygen transfer coefficient, and the air flow rates Fairs by a series of
off-line experiments. An experiment was conducted in each of the
aeration basins of a full-scale plant by introducing step changes in the
air flow rate and following the DO with time. The empirical relationship
between K and Fair wd8s found using least squares curve fitting
techniques. Based on this information, the estimated OUR values showed

reasonable agreement with the measured values over a 24 hour period.

A major disadvantage of the Goto/Andrews method is its non-portability.
A geries of off-line tests are first required on every reactor in order
to determine that aerator’s specific empirical relationship between Fainr
and K. Furthermore these relationships need to be updated as changes

occur with time.
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Holmberg? and Ranta (1982) compared three estimation algorithms for
determining the OUR and the oxygen transfer coefficient, Kia, of the ASP
of a functional wastewater plant. The first of these is similar to the
Goto/Andrews method. The method assumes that the DO concentration is
strictly controlled. That iss it was assumed that dCour/dt=0. By
completing a DO mass balance in the form of Eq 2.1 and ignoring the flow

termss an equation very similar to that of Goto’s (Eq 2.3) was derived @

OUR = Kra(Farr)  (C®-Cour) eeeesl(2.4)

To estimate the OUR, the relation between Kia and Farr was determined
through a number of experiments in which the response of dissolved
oxygen was recorded after a step change in the air flow rate. A
graphical method, as opposed to Goto’s least squares method, was used to
determine the relation between Ki.a and Fartr. Holmberg and Ranta
concluded that the method for determining the K.a/Fatr relationship
graphically turned out to be poor. The method also occasionally failed

when the assumption dCeyr/dt = 0 was not valid.

2.3.2 OUR estimation via identification techniques

Holmberg and Ranta’s second method for determining the OUR consisted of
a recursive least squares estimation of OUR and Kia considering Kea to
be an "unstructured parameter”. The dissolved oxygen dynamics were

approximated by a first order response, i.e. ¢

dCour
+ C = K'Fatzr ceee.s (2.5)
m aur ALR
where
= 1/Ka Ll (2.6)
= C%/Fair - OUR/[KLa Farr]l ceeed (2.7

Equation 2.5 was discretised giving :

Coutr (k) = o Cour(k=-1) + B Fara(k-1) ee..(2.8)

2 This is the only reference to A. Holmberg (from Norway) who should not
be confused with U, Holmberg (from Sweden) referred to regularly
later.
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in which
= 1-at/vy Ll (2.9)
B = (1-e)°K ee. (2.10)
at = discretization step.

The parameters « and f were estimated through a recursive least squares
algorithm. The values of @ and 8 obtained through this algorithm allowed
the OUR and Kioa to be estimated through the rearrangement of Eqs 2.9
2.10, 2.6 and 2.7. Simulations showed that under ideal conditions, the
estimates of K.a and OUR converged to the correct valuess but only when
K.a and OUR were constant. An offset in the estimates was observed if
Kra or OUR varied. The algorithm also experienced stability problems if
the control was not constant for a long enougsh period to allow the
parameter estimates to converge. UWhen applied to a real process; the

estimation of the parameters was not successful because the OUR varies.

Holmberg’s third method was a recursive least squares estimation of OUR

»

and KLa using a linear expression for Ki.a. ie ¢

KLa = ag"Fair + a2 sessersss(2.11)

Ignoring the flow terms of the dissolved oxygen mass balance and
substituting Eq Z2.11 into the dissolved oxygen mass balance egquations Eq

2.1, gives :

dCour

it = as"Faza'[C¥-Cour] + a2°[C®%-Cour] - OUR ....... (2.12)

This equation can be discretized and expressed as @

vi (k) = [1-a2(k-1)-At) "ys (k=1) - as(k=-1)"At"y2(k-1)

+0UR(k-1)"At ya(k-1).  ...... (2.13)
in which
yi (k) = C¥ - Cour(k)
y2 (k) = vy (k) Farr(k)

1

vz (k)
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At = discretization step.

Equation 2.13 is linear in the parameters ai, az and QUR and therefore
can be estimated recursively with a least squares algorithm. The
estimates when applied to a real process were satisfactory, and were
better than those obtained in the second method. For the estimation» a
short sampling interval of one minute was used. The process was
stimulated through small changes in the DO setpoint every & minutes. The
general conclusion obtained for Holmberg and Ranta’s second and third
method was that although the estimates were good during transients with
great dynamic changes: the process did not provide sufficient dynamics
for successful estimation of all the parameters during normal controlled

operation .

Holmberg® and Olsson (1985) also proposed a method for simultaneous K.a
and OUR estimation. It was shown that both Ki.a and OUR can be estimated
on-line simultaneously without any steady-state off-set even if both
quantities are time varying. This was not possible with Holmberg and
Ranta’s second method. The ASP system was modelled on the éimp1e DO mass
balance of Eq 2.1. Two techniques for estimating the OUR and K.a were
proposed. The first method used the Kalman filter parameter estimator
with the Bayesian approach to account for the different rates of change
in the OUR and K.a. The second approach was termed the deadbeat
estimator and made use of singular excitations in the air flow rate.
Holmberg and Olsson (1985) noted that extra air flow excitation is
required to continuously ensure satisfactory identification. Both
estimation techniques yielded very 9o00d results in simulation tests and
feasible results were generated on an operational plant. The estimators

were not directly linked to any form of DO control algorithm.

In the schemes of Holmberg and Ranta (1982) and Holmberg and Olsson
(1985) the parameter identification is considered separately from DO
control. The values of the parameter estimates obtained were not used to
determine or influence the control action i.e. the controller parameters
were held constant. In contrasts a number of researchers have considered

OUR parameter identification together with dissolved oxygen control. In

3 In this case, the researcher was U Holmberg not A Holmberg as with
Holmberg and Ranta (1982)
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these schemes the estimated values of the parameters are used to

influence the control action, i.e. adaptive control.

Kos McInnis and Goodwin (1982) demonstrated by simulation experiments
the effectiveness of nonlinear adaptive control for the dissolved oxygen
process. In addition to obtaining very effective control of the DO
concentration level they showed that it was possible to obtain on-line
estimates of K.a and the OUR. The DO dynamics were represented by a
bilinear model the parameters of which were identified by a least-
squares procedure. The identified parameters implicitly defined the K.a
and the OUR. In order to overcome the problem of low process dynamics, a
square wave set-point, varying between 1.8 and 2.2 mg0/1 and of period
100 minutes, was used. Unfortunately Ko et al (1982) only demonstrated
the effectiveness of their parameter estimating algorithm and control

strategy at constant OUR and KLa, conditions rarely found in practice.

Olssons Rundqwist: Eriksson and Hall (1985) proposed a method that would
simultaneously estimate the time wvarying OUR and K.a as well as
providing DO control in ASP aerators. The ASP aerator model was based on

‘the integrated form of the DO mass balance (Eq 2.1):

C(t) = ag"C(t-1) + bg " Farr(t-1) - rg"OUR(t-1) veees(2.18)
where c = DO concentration

Farsa = air flow rate

OUR = oxygen utilisation rate

{(t-1),(t) = previous and current sampling interval

as = exp(=-a~h) ..., (2.15)

a = a + at"Fazr ... (2.18)
= gampling interval

at = slope of K.a versus F lines ie Koa = ai'F

ao = Q/V A (2.17)
= influent volumetric flow rate
= aerator volume

rs =(1/a)1-agqy ..., (2.18)

bs =rgragC® L (2.19)

s = saturation dissolved oxygen concentration
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The parameters as»> bs and rg are time~varying, but are assumed constant
over the sampling interval. It should be noted that these three terms
are all functions of a3 and Fair. The self tuning controller used the

process model

y(t)=a"" y(t-1) + b* u(t-1) veess.(2.20)
where
'y = dissolved oxygen concentration = Caur of Eq 2.12
u = air flow = Fair of Eq 2.14

The parameters a' and b' are constants determined by some recursive
least squares algorithm. Equation 2.20 differs from Eq 2.14 by the
omission of the last term of the right hand side of Eq 2.14, i.e. the
term rg*OUR(t-1). Thus the process model considers the rg OUR(t-1) term
an unknown disturbance. The method of estimating QUR(t-1) is as follows:
By putting a* = ‘ag» as can be calculated from Eaqs 2.15 and 2.16. The
value of rs and bg can then be estimated using Eqs 2.18 and 2.19,
regpectively. Hence all the terms of Eq 2.14 are known except for
OUR(t-1), thus allowing OUR(t-1) to be estimated. According to Olsson et
al (1985) these estimates are sensitive to as and may have hish
varijance. In the current investigation simulations showed that the

estimates obtained using this method were poor.

Holmberg (1986) improved on his previous work with Qlsson by expanding
his deadbeat K.a and OUR parameter estimator system to include
simultaneous on-line dissolved oxygen control. Simulations showed that
in closed-loop the dissolved oxygen control and parameter éstimates were
excellent. The estimator structure utilised the DO mass balance of Eq
2.1. Methods of approximating the left hand side derivative term of Egq
2.1y dCour/dt, were developeds and these estimates utilised to estimate
the QUR and K.a.

The control objective was to use the estimated time-varying parameters
in the controller in such a way that the closed loop system tended to
become a linear time-invariant system. This objective required fast
parameter tracking. The tracking objectives however, required high

excitation of the system, contradicting the control objective. It was
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apparent that a compromise had to be reached between parameter
estimation and DO control. This compromise was made by introducing a
Timit cycle to the closed loop system. The amplitude of the limit cycle
was made sufficiently large so as to provide sufficient information
about the system to the parameter estimator but was small enough so as

not to contradict the control objective.

As Holmber9’s method seemed the most promising of all the recently
proposed simultaneous parameter estimation and DO control technigques, it
was decided that a more thorough investigation into the method was
appropriate. Chapter 3 presents the development of Holmberg’s method in
detail.



CHAPTER THREE

HOLMBERG METHOD FOR D.O. CONTROL AND O0.U.R. ESTIMATION

3.1 INTRODUCTION

The concept of self-tuning con{ro1, where the controller parameters are
adjusted on-line, was first proposed in the early 1950’s. This approach
to control arose primarily out of a need to control non-linear processes
in which one set of controller parameters is not appropriate over the
entire range of operating conditions. The general strategy of such a
control system is shown in the block diagram overleaf (Fig 3.1). In
summary the system involves two separate aspects. First]ys appropriate
parameters for a dynamic process model are estimated on-line (parameter
estimation): and secondly, these model parameters are utilised to select
appropriate controller parameters on-line (controller design). In this
ways by continually adjusting controller parameters; the control method

is referred to as ‘adaptive’.

The self-tuning control (STC) configuration of Fig 3.1 is flexible
enough to accommodate a wide variety of parameter estimation techniques
and controller design strategies. Typically the dynamic process model is
assumed to be a linear difference equation with parameters that are
constant for a g9iven sampling interval. One of a number of possible
parameter estimation techniques is used to identify and update these
process model parameters at each interval. GiQen the model parameters; a
variety of methods also can be used to estimate appropriate values for
the controller constants. Typically the controller is designed either to
minimise a quadratic cost function or to place the poles (and perhaps
the zeros) of the closed loop system at desired locations. However, many

other controller design techniques exist.

Adaptive control is normally employed when the actual process is

nonlinear and/or time-varying. In the STC model of the process:
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Fig 3.1 The structure of the Self Tuning Controller.
Q,
CIN

Fig 3.2 A CFSTR aerator of the Activated Sludge Process.
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" approximate models of the real process: usually linear and of low-order,
are employed for purposes of simplifying the implementation. These
simple models suffice even though they may not reflect the actual
process dynamics accurately because deficiencies in the model are
compensated for by the continual adjustments in the model parameters. In
certain cases however, the process may in fact actually be of low order.
When such a process is modelled by a corresponding Jlow-order
differential equation then some correspondence may exist between the STC
model and the equation describing the actual process. Also some
relationship between the estimated model parameters and the true process
parameters may exist. In this instance it is sometimes possible to
abstract estimates of certain process parameters from the on-line STC
process model as opposed to making measurements of these variables in
the actual process. This is the general basis of the Holmberg method for
Oxygen Utilisation Rate (OUR) and Oxygen transfer coefficient (K.a}

estimation through identification techniques.

In this chapter the method for simultaneous DO control OUR estimation
proposed by Holmberg (198&) is analyzed and discussed. Modifications to
Holmberg’s method will be proposed later (Chapter S). In this chapter,
the original method is presented in three phases :

1) Selection of a model to mimic the real process:

2) Estimator structure and parameter estimation:

3) Control combined with parameter estimation:

The development of Holmberg’s method is presented in what might
initially appear unnecessary detail. This detail is provided for two
reasons: Firstly, the method is presented very briefly by Holmberg, and
a substantial effort was required to unravel the detail to enable
simulation of the system. Secondly, modifications to the method can be
presented clearly 9iven the detailed presentation here. It should also
be noted that in this presentation no attempt is made to place
Holmberg’s method in its control context: +that 1is,» the method is

presented without any reference to the underlying control concepts.



3.2 SELECTION OF A PARAMETER ESTIMATION MODEL

Consider the single continuous flow stirred tank reactor (CFSTR) of an
activated sludge process (ASP) shown in Fig 3.2. Oxygen input to the
reactor is via a diffused air system. In the liquid phase the oxygen is
consumed in the biological oxidation reactions: the oxygen utilisation
rate (OUR) is an wunknown function of, _inter alia, dissolved oxygen;,
substrate and bacteria concentrations. A dissolved oxygen (DQ) mass

balance on the liquid phase in the CFSTR gives

dzz“' = %'(an-cour) + Kea- (C8=Cour) - R eeeees (3D
where
Cour = dissolved oxygen concentration in the reactor and
the stream leaving the completely mixed reactor
Ciw = dissolved oxygen concentration in stream entering
the reactor
cs = dissolved oxygen saturation concentration
= flow rate of stream entering/leaving reactor
= CFSTR volume
= oxygen utilisation rate (= Respiration rate)
KrLa = oxygen transfer coefficient
t = time

Holmberg (1986) proposed two simplifications of the actual process model
of Ea 3.1. This was with the objective of formulating a simplified model
of the process which nevertheless would predict the dynamic process
behaviour with acceptable accuracy. By using this simplified model as
the parameter estimation model it would then be possibles perhaps: to
use the on-line parameter estimates to abstract information about the
behaviour of the real process ie. about the parameters in Eq 3.1. The
first simplification was to specify the oxygen transfer rate as a linear
function of the air flow rates Farr (Olsson et al, 1985):

Koa = " Farr + az cereeeeae(3.2)
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The coefficient a is a function of aerator type, air production system:
water depths basin shape and even air flow rate itself and is not knoun
in practice. Often a: is assumed to be zero (Olsson et _al,1985). With

this assumption Eq 3.1 becomes:

dc Q
d:“’ = 5 (Cin=Cour) + o Faze® (C®-Caur) - R e (3.3

A second possibility for simplifying Eq 3.1 involves considering the
magnitude of the different terms. The contribution of the flow term
[Q/V (Cin-Covur)] to the right hand side of Eq 3.3 typically is less than
1. percent of each of the other terms. Therefore this flow term can be

ignored without incurring a large error to give @

dCour
dt

= e« Farr’(C®-Cour) - R ......... (3.4)

In the process model of Eq 3.4 the terms Farr and Cour are readily
obtained by measurement: C%® is ; known function of temperature and
pressure. The two remaining terms o (relating to Kia) and the oxygen
utilisation rate R are unknowns. Holmberg proposed that these two terms

could be estimated on-line without any measurements additional to Fair

and Caur and without introducing major disturbances in the process.
3.3 ESTIMATOR STRUCTURE AND PARAMETER ESTIMATION

To estimate « (relating to KLa) and oxygen utilisation rate (R in Egq
3.4.) the process model in the parameter estimator should closely
resemble Eq 3.4. The computer-based estimator structure operates in
discrete time. Thus Eq 3.4 must be put in discrete form. A simple
transform would be to a;proximate the derivative using Euler’s method.

That is

dCour(kh)  Cgur(kh+h) - Cour (kh)
dt h

where

h = sampling interval
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>
"

integer counter representing the k’th sampling interval

measured DO concentration in the reactor and the stream

Covur

leaving the continuous flow stirred tank reactor.

The Euler approximation of Eq 3.5 based on the measured Cour values is
nof appropriate, howevers since experience has shown that such an
estimator structure gives a bias in the estimates even if the parameters
are constant over the sampling interval. Alternatively if the derivative
approximation of Eq 3.5 uses estimated values of Cour as opposed to true
measurements of Couvrs there will be no bias in the estimates provided
Cour and the other parameters are constant over the sampling interval.
This corresponds to zero order hold sampling. However the problem is to
track parameters o« and R that are not constant over the sampling
interval. The continuously varying « and R can be accounted for by
assuming that « and R vary linearly over each sampling interval. This
corresponds to first order hold sampling and should improve the

parameter tracking.

Consider the nonlinear time varying system of Eq 3.4. Re-writing Eq 3.4

using a more standard nomenclature

dy
;;:u-u-(c" - y) - R cereeesa (3.6)
where y = Cour (process output)
u = Farr (process input)
Putting a = -x"u I . T D |

x-u-C? -R eeeeess {3.8)

and v

transforms the nonlinear equation to the linear equation:

9 _ary (3.9)
-_ = ‘ v YRR .
dt 4

It is convenient at this point to adopt the standard notation for
sampled systems when deriving the estimator structure. Sampling this

continuous time linear system of Eq 3.9 gives (see Appendix A.1)
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ylkh+h) = §*'yw(kh) +r L. (3.10)
where
h
§ = 3(h) = explla(kh + s)ds]
1] ' RN (3.11)
h
r 2rch) = §(s) vikh+h-s)ds ceesessa(3.12)
1]

It will be apparent later that it is convenient to define

h
h* = J §(s)ds ceeseses(3.13)
0

3.3.1 Zero order extrapolation

Assume the parameters « and R and the air flow rate u to be constant
over each sampling interval. It is clear froﬁ the definitions of a and v
(Eq 3.7 and Eq 3.8), that constants « and R generate constants a and v.
Thus the parameters a and v are also constant over the sampling

interval. Equations 3.11 and 3.12 then integrate to give :

rod
1]

expla®*hl .. ... (3.14)
h**wvi(kh) ... (3.15)

-
n

Integrating Eq 3.13 gives:

h
h* = [Ui(s)ds (expla*h]l - 1)/a

(3-1)x/a ... (3.16)

which re-arranges to

§g=1+h*a (3.17)

Substituting r and § of Eq 3.15 and Eq 3.17 into Eq 3.10 gives
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y(kh + h) = (1+h*-a) y(kh) + h*v(kh) ........ (3.18)

y{kh+h) - y(kh)
h.

= a'y(kh) + v(kh) ceeee (3.019)

¥ (kh} ceveneen (3.20)

If the parameter variation is not too rapid during the samplins'interval

a reasonable approximation of the derivative would be

R (kh+h) = y(kh)
$(khy = = ~ z ceereeea(3.21)

Note the similarity between the above equation and the Euler
approximations Eq 3.5 where instead of the sampling interval h we have
substituted for a ’generalised sampling interval’ h*. The relationship
between the generalised sampling interval:s h®, and the sampling interval

shs c¢an be clarified by expandjns the exponential term of Eq 3.16 to

give:

h* ~ h + a.h® + a?2.h% + ...
2! 31

ceeees(3.22 )

Having an approximation of ¥, the derivative of vy it makes sense to

write the system in matrix format

where

u' (C® - )

and
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8 = creeeess(3.25)

and to estimate the parameter vector 8 from the linear regression model

Y =[w’] -[e] ceenesen(3.23)

The deadbeat estimator for zero order extrapolation

Consider the DO equation (Eq. 3.23) at two consecutive sampling instants

{indexed ()1 and ()2 ). Assuming the parameters to be constant over the

interval, i.e. 81 = B2 = O we can write the two equations in matrix form
2 Y1
8 = ceversee(3.26)
728 2

Let the input change at every sampling instant to make the 1linear

equation well conditioned. The following estimator can then be used

’

4 vt

@ >
"

caseseesl3.2)
2 Y2

where the estimator is a direct solution of a set of linear algebraic
equations. Since the estimates converge in finite steps the estimator

was called a deadbeat estimator by Holmbersg.

3.3.2 First order extrapolation

It has been noted earlier that assuming the parameters x and R to be

constant during the sampling interval is not always wvalid. In this



situation a natural step of refinement is to use information about the

parameter derivatives in the approximation of ¥, ie.

D
1]
D
—
-2
o
—
W
N
o

The caret (or *hat’) indicates that the estimated value of a parameter

is being used.

Assume the parameters to vary linearly over the sampling interval, ie.

alkh + t) = a + axt a = a(kh) ¢

. where
vikh + t) = v + vat v v(kh)

a(kh)

o .
1"

. .. (3.29)
v{kh)

P
1]

Using techniques analogous to the zero order method it is possible to
show that ¢

h . [h
§Ch) = Joa(kh+s).§(s)ds 1 + ah* + a.J s.3(s)ds
0

=1 + ah* + a.ls vesenaes(3.30)
where
h
I = [ s.i(g)ds ... v el (3.31)
, a
and

h
. Th
r = 3(h-s).v(kh+s)ds = h".v + v.| s.3(h-g)ds
o Q
»
=h - v+ vI2 L. (3.32)

where

h
I = J 8- 3(h-s)ds
)

Appendix A.2 provides detailed derivations of Eq 3.30 and Eq 3.32.
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Substitution of § and r of Eq 3.30 and Eq 3.32 respectively into Eq 3.10

gives:

y(kh+h) = y(kh) + h*" (ay(kh) + v(kh) + é‘It'y(kh)'+ ;'Iz

y(kh+h) - y(kh) - (a.Ii.y(kh) + v.I2)
hl

a y(kh) + v(kh)

¥ (kh) rereesss(3.38)

If the parameter derivatives do not vary too rapidly during the sampling

interval a reasonable approximation of ¥ would be

A A
(kh+h) = y(kh) - (a'Ii"y(kh) + v'I3)
$(kh) = Z L hf 4 Il (3.35)

In order to estimate ¥(kh) through the use of Eq 3.35 the following

variables must be known ¢

y(kh+h) and y(kh):

I+ and I2:

h*;
A~ ~
a and v.

The DO concentrations at successive sampling intervalss y(kh) and
y(kh+h), are known as these are measured. The integrands in I:+ and I2
are very smooth functions and almost linear when a is small, making it
possible to approximate these two functions with polynomials without

incurring great errors. Taking one step with a Runge-Kutta integrator of

4th order gives @

[h
I, = | s 3(s)ds = h° (28(h) + B(h)) + OCh') ..., (3.36)
40 b 2
and 'h , .
I = s°§(h-s)ds = h (2%(h) + g(0)) + OCh >  ........ (3.37)
JO b 2

The detailed derivation of Eq 3.34 and Eq 3.37 is given in Appendix A.3.
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In order to calculate h* the integral expression for h®* (Eq 3.13) does
not need to be solved as in the zero order case but instead Eq 3.30 can

be used once I; has been calculated:

h* = (1/8014).(3 = 1 = 814" Is) e (323D

The parameter derivatives & and v may then be estimated by taking the

derivatives with respect to time of Eq 3.7 and Eq 3.8 ie.

é\= -%"u creere..(3.38)

and v = &uC¥ - R creesasa(3.39)

Note that the airflow rate u and the saturation DO concentration C% are
assumed constant over the sampling interval. Estimation of the parameter
derivatives & and R can be done using the least squares method. If n is

the number of estimates, the estimated derivative of « is

n .} n
n* I ((kh).&) - £ (kh) % &«
& = ket ket k=t eeeess.(3.80)

n n
n* £ (kh)2 - ( Z£ (kh))?

kwi k=1

Similarly R is estimated from ¢

[,} N .}
n* £ (kh).Re - £ (kh)-Z R
- ket ket k=1 ceeeese (3.81)

o [,
n* £ (kh)2 - ( T (kh))?

k=t k=1
See Appendix A.4 for the detai]ed.derivation of Eq 3.40 and Eq 3.41 .

The deadbeat estimator for first order extrapolation

Again consider the DO equation at two consecutive sampling instants one
and two steps before the current time (indexed ()1 and ()2). Assume the
parameters to vary linearly over the intervals, i.e. 8 = By + é1°h = 82
+ é2'h. Then the deadbeat estimator solves the following linear equation

system with respect to &:
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$:¢ + P81 °h
$2 + $2-82.2h

eIl - & =
29

3.4 SIMULTANEOUS OUR ESTIMATION AND DISSOLVED OXYGEN CONTROL

The idea of the dual controller/parameter estimator is to use the
estimated time-varying parameters in the controller in such a way that
the closed loop system tends to become a linear time-invariant system.
In order to track the parameters with 90od accuracys the deadbeat

estimator presented earlier is used.

Consider the process

Y _ 8
— = x'u'(C® - y) =R  iiiieeees (3.6a)
Let the setpoint be yap and the error e = ygp-y. Choose the controller

R + e
v T e
x* {C°-y)

so that substituting for u of Eq 3.43 into Eq 3.6 results in the closed

loop system:

d - (R+e)
& 2R R ceieenne (3.6b)
dt res

~

It is apparent that if the estimates of « and R are accurate ( ie. o =

and R * R) then the closed loop system becomes
fZ _ -de
dt ~ dt

and we expect the error to g0 to zero exponentially.

In the development of the deadbeat estimator, Holmberg assumed that the

input u oscillated and changed at every samp]iﬁs instant. In order to be

able to estimate the parameters continuously it is necessary that the
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right hand side of Eq 3.65 a'u-(C® - y) - R, does not remain constant at
successive sampling points. If the error is kept close to zero for a
long time with constant input us we cannot be sure the parameters are
constant. They may drift along the line «'K = R, where K = u.(C®-y) =
constant. Thus an estimator can 9give accurate estimates only at
occasions when the parameters deviate from this line. That is,» DO
control and parameter estimation is greatly hindered unless the system
is excited in some manner. However the requirement of continuous
excitation contradicts the objective of the controller the aim of which
is to reduce all errors to a minimum. This Teads to the concept of dual
control, where a compromise is made between DO-regulation and on-line

estimation of x and R.

A minor modification of the above control scheme provides the deadbeat
estimator with the necessary excitation and thus ensures a nonsingular
linear equation system even when the error is small. Modifying the

control signal with the term sign(e) yields:

R+e+ sign(e) . (3.45)
u = = ceeseeseslS.
& (€% - )

where sign{(e) is the function

-1 for e < O
gign(e) =
i for e 2 0
yielding for & = « and R = R : .
dy -de
— = —— = e + gign(e) cereesss(3.46)
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Figure 3.3 The effect of the sign(e) term on
the closed loop behaviour

Hypothetical plots that clarify the differences between Eq 3.44 and Eq
3.456 are given in Fig 3.3 above. In the figure the initial error is
assumed to be 10 units and a sampling period of 0.1 time units is used.
fAs expected, the error of the closed loop system of Eq 3.43, dy/dt=-e,
tends to zero exponentially. The closed loop equation containing the
sign(e) terms Eq 3.446, tends to zero at a faster rate than Eq 3.44. The
sign(e) term ensures that the decrease in the error is not exponential.
On the first occurrence of a 'nesative error, the error begins to
oscillate between an upper and lower value at each successive sampling
point. The amplitude of the oscillations gradually increases to one unit
aé the average between the peaks and troughs tends to zero. Thus the
closed 1loop system error finally settles down to oscillations of
amplitude 1 between +1 and -1. The amplitude of these oscillations is
termed the limit cycle amplitude. By introducing extra parameters into
the control scheme it is possible to choose the limit cycle amplitude

|Ay/a . The desired limit cycle amplitude is termed egp.
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Thus the following controller

R + ac.e + d.sign(e)
SR & sisntel . (3.47)

& (€8 - y)

u

gives the closed loop system

ac'e + d'sign(e)  ........ (3.48)

when & = « and R = R. The parameter a. specifies the closed loop pole;
i.e. the rate of a step response. The greater the value of a.s the more
sensitive the system and the more rapid the decrease in the error. The
parameter d should be tuned itself during the Timit cycle such that e =
*egp. As an approximate test for limit cycle we can take

Iet+e¢-1|<esp;

Thus the tuning for d becomes

de+s = de + ka-(egp - !e|) ........ (3.49)

where

k§ when |ev + er-1] <ese

k4 ceseeess(3.50)

0 otherwise

The choice of constants should be such that a reasonable compromise

between control and identification is reached.



CHAPTER FOUR

METHOD FOR EVALUATING HOLMBERG’S SIMULTANEOUS PARAMETER ESTIMATION AND
DISSOLVED OXYGEN CONTROL TECHNIQUE

4.1 INTRODUCTION

The theory behind Holmberg’s simultaneous oxygen utilisation rate (OUR)
parameter estimation and dissolved oxygen (DO) control technique has
been presented in Chapter 3. Chapter 4 now explains how Holmberg’'s
technique was evaluated. In essence Holmberg’s method was tested through
computer simulations of the controlled behaviour a completely mixed
aeration basin. The simulation program was written in Turbo Pascal for
the IBM Personal Computer. The progrém simulated two facets of system
operation:

(1) the real plant: and

(2} Holmberg’s controller/parameter estimator interfaced with

the real plant.

The chapter describes the methods by which the real plant and Holmberg’s
controller/parameter estimator were simulated. This is Fo1ioued by an
_explanation of the simulation program operation. Finally the program is

tested by simulating an example used by Holmberg,
4.2 SIMULATION OF THE REAL PLANT

The process to be simulated is the controlled response of an aerated
reactor in a diffused air activated sludge system. This reactor will be
referred to as the "aerator". The controller cum estimator requires only
measurements of the dissolved oxygen concentration and a knowledge of
the air flow rate. Therefore a complex dynamic model for the activated
sludge process was not required. Rather a simple model for DO response

in the real plant was used. It was assumed:

(i) The DO concentration in the aerator could be measured at any time.

(ii}) The air flow rate to the aerator could be manipulated.
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{iii) The relation between air flow rate and oxygen mass transfer
coefficient is known.

{iv) The time-varying oxygen requirement in the reactor, reflected by
the OUR, was specified.

{(v) Changes in DO concentration could be tracked by specifying an
initial DO concentration and thereafter solving the DO mass

balance differential equation.

Modelling the DO response in the aerator requires a knowledge of the
floJ regime. Ekama and Marais (1984) report that the mixing (or
hydraulic) regimes of aerators vary between two extremes: completely
mixed and plug flow. In completely mixed regimes the influent is
instantaneously and thoroughly mixed (theoretically) with the reactor
contents. Hence the effluent flow from the CFSTR reactor has the same
constitution as the reactor contents. Alsos the concentration of any
compound will be uniform throughout the reactors as will parameters such
as the OUR. In practice the response of a well-mixed reactor often
closely approximates the ideal continuous flow stirred tank reactors
(CFSTR). In a plug flow regime, the reactor is usually of the 1long
channel type basin. The influent is introduced at one end of the
channel, flows along the channel axis and is mixed by air spargers set
along the base of the channel. In ideal plug flow each volume element
along the axis is assumed to remain unmixed with the elements leading
and following. That is» a single plug flow reactor ideally is comprised
of an infinite number of CFSTR’s in series. In practice ideal plug flow
behaviour is difficult to achieve. Rather the behaviour usually lies
between the extremes of true plug flow and completely mixed. Common
practice is to approximate the intermediate flow regime by a finite
number of CFSTR’s in series. Figure 4.1, taken from Dold and Marais
(1987); illustrates how a channel type aerator may be modelled as a

-train of CFSTR’s in series.

This study considered the behaviour in a single completely mixed
aerator. Such a reactor will be characterized by a single DO
concentration and a single OUR value. Changes in DO in the reactor are

described by a mass balance for oxygen over the reactor:
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%—T- = %‘(CxN-Cour) + Kea* (C®-Cout) - R creeeea. (401)
where
Covur = dissolved oxygen concentration in the reactor and
the stream leaving the completely mixed reactor
Cin = dissolved oxygen concentration in stream entering
the reactor
¢ = dissolved oxygen saturation concentration
= flow rate of stream entering/leaving reactor
= CFSTR volume
= oxygen utilisation rate (= Respiration rate)
Kea = oxygen transfer coefficient
t = time

The Q/V(Cin-Coutr) term is called the hydraulic term. Generally this term
is relatively small compared to the other two terms of Eq 3.1. However:
occasions do arise in reactors in which both Cin is close to zero (and
thus not close {o Covr) and the @Q/V ratio is high: for example in a
selector reactor incorporated in a system configuration for sludge

bulking control. In such cases the hydraulic term may be of importance.

The oxygen mass transfer coefficient; Kia, is a function of several
variables including airflow rate, temperature, wastewater
characteristics and aerator geometry. Of these variables, the air flow
rate is the most important. Goto (1984) gives estimates of K, a plant
specific oxygen transfer coefficient; as a function of air flow rate.
Figure 4.2 shows such a set of estimates. Goto fitted a straight line
and a power curve to the estimates. He concluded that the straight line
fit of the form

KLa = «a*Farr + a2z e eeel(4.2)
where
o = slope of line
a: = K axis intercept
Fairr = air flow rate

produced better correlationss and thus recommended the use of the linear

correlation over that of the power fit. A disadvantage of the linear fit
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Fig 4.1 The modelling of 2 channel~type aerator
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Fig 4.2 Goto’'s curve-fits to the K-airflow relationship.
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is that negative oxygen transfer coefficients, a meaningless concept,
are predicted at air flow rates less than -az/«. The simulation program
assumed the oxygen transfer coefficient in the real plant to be a linear
function of air flow rate; as in Eq 4.2, but ensured that negative
values of K.a were not generated by setting all negative K.a’s to zero.

The air flow rate settings were provided by the controller.

The maximum dissolved oxygen concentration or saturated dissolved oxygen
concentration, C*, is also a function of several variables. Of these the
most important are wastewater temperature and pressure. As (% is a
function of pressure its value changes with depth in the aerator. An
range of C%'s thus exist between the surface‘of the aerator liquid and
the bottom of the aerator. However; for simplicity, the C® value is
usually taken at mid-depth (Schmidt and Redmon, 197S). In the
simulations the C® was assumed to be primarily a function of temperature
and the dependence of C? on depth was ignored. The validity of this

assumption will be analyzed in the following chapter.

The oxygen utilisation rate, R, is the primary variable in the hydraulic
model equation. For simulation purposes it was assumed that the OUR

varied sinusoidally, with a 24 hour period.

Equation 4.1 was forward-integrated using the fourth order Runge-Kutta
method. A fixed specific step length was utilised. The step length was
always less than or equal to 1 minute. The relatively slow moving
dynamics and the global error of 0(h*) due to the Runge-Kutta technique

engsured accurate integration.

To provide realistic simulations as well as a fuller evaluation of the
Holmberg technique the option of adding dead time to the process was

included.
4.3 SIMULATION OF THE CONTROLLER/ESTIMATOR

The role of the controller/estimator is two-fold. Firstly the estimator
is to estimate the OUR and Kia using only measurements of dissolved

oxygen concentration and a knowledge of the air flow rate. Secondly,
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suitable control action is to be determined with these estimates to keep

the dissolved oxygden concentration close to its set point.

4.3.1 OUR and KLa estimation

The parameter estimator proposed by Holmberg makes estimates of R, the
respiration rate or oxygen utilisation rate, and «y» the slope of the
assumed straight line relationship between KLa and air flow rate!. Thus

QUR is estimated directly while KLa can be calculated from:

Kra = o * Faig . N - . 3

It will be recalled from Chapter 3 that +two methqu of parameter
estimation exist ! A zero order method in which the parameters of the
real process were agsumed constant over the sampling interval, and a
first order method in which these parameters were assumed to vary

lTinearly over the sampling interval.

(i) Zero order method

The method for estimating R (respiration rate) and « in the zero order
approach is set out in Fig 4.3. The symbols used are the same as those
in Chapter 3! i.e.

airflow rate

c
1]

~
1]

DO measurement, etc

A1l carets(”) indicate estimated values. For example, J is the estimated
value of y. Certain variables are followed by an integer within
parentheses - eg $(2), u(1), v{0). These parentheses are used for all
variables in which the values at. successive sampling intervals are
required for estimation purposes. A numbers &k, within parentheses
denotes that the variable wvalue k sampling intervals prior to the
current time is to be utilised. Thus $(2) is the value of ¥ two sampling

intervals prior to the current time.

! Holmberg assumed that the parameter az in the K.a/Fair relation of

Eq 4.2 was zero. The validity of this assumption will be considered
later.
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PHASE 1
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h
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h
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f,2>=-1

INVERT ‘f MATRIX
a(0>->Eq.3.27
R(0>->Eq.3.27

Fig 4.3 The zero order method of estimating « and R.
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Figure 4.3 shows that the estimation of x and R is comprised of three
phases. In the first phase, values that were measured or estimated in
the previous iteration but which are still required in the current
iteration are assigned new variable names so as to make place for the
current values of those variables. Thus vy(1) becomes the previous
iteration’s y(0), &(1) becomes the previous iteration’s &(0), etc. The
second phase consiéts of the measurement of the current dissolved oxygen
concentration, y(0). The third phase consists of the steps required to
estimate ¢ and R. These are !

(i) estimate a through Eq 3.7.

(ii) estimate h* throush Eq 3.22.

(iii) estimate ¥ throush Eq 3.21.

(iv) update the ¢ matrix througsh Eq 3.24.

(v) invert the ¢ matrix.

(vi) estimate «» R through Eq 3.27.

(ii) First order method

The first order method is more complex than the zero order method:
althoush the overall structure of the two methods are similar. The major
difference between the two methods lies in the fact that the slopes of
the parameters « and R, & and R, are estimated in the first order
methods whereas the first order method assumes & and R to be zero.
Figure 4.4 illustrates schematically the steps involved in estimating‘u
and R through the first order method. As in the zero order case: the
first phase consists of updating those values that were measured or used
in the previous iteration and which are required in the current
iteration. Here it includes all those variables that are updated in the
corresponding phase of the zero order method plus previous R and &

values and the variables used to estimate the current values of R and &.

The second phase of the first and zero order methods are identical -
measurement of the current dissolved oxygen concentration. In the third
phase; the steps required to estimate x and R are carried out. These
steps are more complex than the zero order method. The steps are:
(i) estimate & and R by using the least squares
approach of Eq 3.40 and Eq 3.41.
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PHASE 1
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a AND R

TWD INTERVALS PREVIDUS
PRIOR INTERVAL
e 1
h
<
y( &

<

)

TIME

(@) —— Y1
q@ &—— S(D

R(@) &—rn— RCD
Qi &
RCD € ¢
§<a> D
@ &——————— R
L &
R € )

¥ (2,10 e YLD
\9(&2) PARS— -

a(=—auc1)

XC0>->Eq 3.40
RCOY-DEq 3.41
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J=&(DHUCLICERAD

I1->Eq 3.36
I2->Eq 3.37
A->Eq_3.30
Y- >Eq 3.35
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INVERT ¥ MATRIX

g<o>->z 3.42
(0)->Eq 3.42

Fig 4.4 The first order method of estimating QUR.
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(ii) estimate the values of the terms required to

estimate ¥(1) i.e.:

i = —a(l)u(l) €q 3.7

8 = -&(1)ru() Eq 3.38
¢ = &(1)-u(1)'C® - R Eq 3.8

$ = &(1)u(1)-Cc* - R Eq 3.39
I, = £(4(1),4(1)h) Eq 3.36
I = £f(a3(1),a(1),h) Eq 3.37
h* = £(a8(1),a(1),h) Eq 3.30

(iii) estimate ¥(1) from Eq 3.35

(iv) estimate new values of the ¥ matrix
(v) invert ¥ matrix

(vi) estimate a> R through Eq 3.42

4.3.2 Controller aimb]ation

The controller uses the estimates of a and R to calculate the required
controller response. The controller mechanism is independent of the
identification procedure used. Thuss whether zero or first order
identification is used, .the controller response is given by Eq 3.47:

R + ac.e + d.sign(e)

u = — s veresesa(8.4)
o' (C° - y)

There are two controller constants in Eq 3 47. The first, ac, specifies
the closed loop pole. The greater the value of ac the more sensitive the
controller and the more rapid the decrease in the error. Whereas ac is
not tuned by the tuning mechanisms the second controller constant, d,
can be self-adjusted by the contro]ier. The greater the magnitude of d,
the greater the limit cycle amplitude. The value of d is modified
(*tuned’) so as to allow a suitable compromise between the contradictory

demands of identification and control. The tuning for d is:
deer = de + ke'(ese - |e|)  .....LL (4.5)

where egp and k¢ are specified as ’*tuning’ constants. The +tuning
constant egp is the magnitude of the desired limit cycle amplitude. The

value of kg is given by:



kd when Iez + er-1| <esge
ke = 1 e e (4.6)
0 otherwise

4.4 PROGRAM OPERATION

The Turbo Pascal simulation program was compiled into a file called
AERATOR.COM. In order to execute the simulation program the user types
'aerator’ followed by a carriage return®. On execution the user is

presented with a menu. The user may then select one of the options:

1) enter parameters defining the simulation conditions:

2) display the current values of the parameters defining the
simulation conditions:

3) change one or more of the parameters defining the simulation
conditions’

4) simulate the process using the current parameter values: or

5) exit the program.

The menu of choices above has arisen as a result of a desire to adhere
to modern programming techniques of modularizing and structuring

programs as much as possible.

The modular nature of the simulation program is illustrated in Fig 4.5.
Each of the four modules consists of its individual separately compiled

code. The four modules are @

INPUT.CHN : The module used to enter the parameters defining the

simulation conditions.

DISPLAY.CHN : Displays the simulation parameters.

CHANGE.CHN : Changes one or more of the simulation parameters.

x

If the user wishes to take advantage of the graphics options
availables then INT10.COM and HARDCOPY.COM must be executed before
AERATOR.COM.
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Fig 4.5 The modular nature of the simulation program.
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~ PROCESS.CHN : The core of the simulation program.

Only one of the four modules may be executed at a time. To pass from one
of the four modules to another, one must pass througsh the central menu
in AERATOR.COM. Thus, for example, to display the values of the current
parameterss and then change the value of one these parameters:; requires

the following sequence:

a) call the ’display parameters’ option in the main menu of AERATOR.COM:

b) display the variables according to the choices available in
DISPLAY.CHN:

¢) leave DISPLAY.CHN and return to the main menu of AERATOR.COM:

d) choose the *change parameters’ option in AERATOR.COM;

e) change the desired parameters.
The core of the simulation program> PROCESS.CHN» may not be executed
. until all the parameters defining the simulation conditions have been

entered. The simulation parameters are entered by calling INPUT.CHN.

4.4.1 The operation of INPUT.CHN

There are two methods for entering the gimulation parameters. Either the
entire set of variables are entered one variable at a time from the
keyboard, or alternately a set of variables may be recalled from a data
file stored on disk. Data files may be stored to disk in CHANGE.CHN.

The parameters that are required for the simulation fall into the
following categories:

- Process parameters

Controller parameters

-~ Time parameters

Identification parameters

Results output parameters

4.,4.1.1 Description of the process parameters

Process parameters consist of all those parameters that define the
conditions under which the real process: as specified by Eq 3.1,

operates. The process parameters are:
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i) @
@, the wastewater flowrate entering and leaving the reactor:. may be made
to vary sinusoidally with time by specifying:
- mean Q
- amb]itude of @ sine wave
- @ sine wave period

- offgset in degrees from the origin (eg an offset of 90°

converts the sine-wave into a cosine-wave).

ii) Vv

V ig the reactor volume. The volume is assumed constant.

iii) Ciw

The influent dissolved oxygen concentration, Cin» is assumed constant.

iv) Coutcinttiat)

Couttinitiaty is the dissolved oxygen concentration in the reactor at

the beginning of the simulation.

v) « and a2z

The parameters « and az define the relationship between KLa and the air

flow rate to be used in simulation of real plant; i.e. :
Kra = «xrairflow + a2

Whereas the specified value of a2z remains unchanged throughout the
simulations it is possible to vary «x sinuscidally with time. Thus in the
same manner that the flowrate Q@ is defined in terms of a sine-wave; the
following parameters define the exact nature of the sinusoidal variation
in «:

- mean «

- amplitude of x sine wave

- period of x sine wave

- offset of sine wave in degrees.
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vi) 925

In most activated sludge plants, the oxygen wutilisation rate varies
approximately sinusoidally over the day and thuss as for the simulation
. parameters Q@ and «s the value of OUR at each point in time is defined
by:

- the mean OUR

- the amplitude of the OUR sine wave

- the wavelength of the OUR sine wave

~ the OUR sine wave offset in degrees.

vii) Wastewater temperature

The DO saturation concentration, C®, was assumed to be solely a function

of temperature through the relation given by Bratby(1987):

. 51,6
C®* = — = 9,07 P ' Y
31,6 + T

where

T = temperature in °C

To specify a C®, a wastewater temperature is required. Even thoush in
practice the wastewater temperature does not vary greatly with time, the
temperature of the wastewater can be specified by the previously used
sine-wave characteristics: viz.

- the mean temperature

- the amplitude of the temperature sine-wave

~ the period of the temperature sine-wave

- the temperature sine wave offset

ix) Initial air flow rate

If the process is uncontrolled the air flow rate remains constant at the

initial air flow rate throughout the simulation.

x) DO noise band.

In practice any measurement value will include some measurement error.
The measurement of the dissolved oxygen concentration is no exception.

The error present in all DO measurements is simulated by being able to



specify the magnitude of the noise 1level. The value of the

concentration made available to the controller is given by @

Measured DO = True DO *( 1 + DO_Noise) el (4.8)

where DO_Noise is a random number between zero and DO_band.

xi) Q band

4.16

DO

Q@ band is a parameter identical in function and operation to DO_band,

but instead applied to the flow rate measurement.

xii) Process lag

In order to render the simulations more realistic, it is possible to

specify the magnitude of a dead time in the process. This process lag

may be thought of as a method of accounting for a process that does not

fully conform to the hydraulic model used: or as a method of specifying

a dead time inherent to measurement of the DO.

4.4.1.2 Description of the controller parameters

The following controller parameters must be specified @

- The type of controller. The user has the choice of the following

controllers:
i) One of the traditional P, PI, PD: PID controllers:

ii) Holmberg’s dual mode controller:

iii) One of the proposed extensions to Holmberg’s controller:

iv) Np controller at all, in which case the air flow rate

remains constant at the initial air flow rate throughout

the simulation.

- If a controller is chosen then the DO setpoint must be specified.

Furthermore, the controller’s tuning constants must also

be

specified. Holmberg’s controller requires the specification of the

following constants:
acs dy espr ke.
The traditional PID-type controllers require:
Ks the gain.

T1i» the integral time constant
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T4s the derivative time constant

4.4.1.3 Description of time parameters

The time parameters consist of:

i) The Runge-Kutta time interval step used in integrating the real
process equation; Eq 4.1.

ii) The sampling interval used by the controller/estimator.
The sampling interval must be greater than or equal to the Runge-

Kutta time step.

4.4.1.4 Description of the identification parameters

The user is- requiréd to specify whether first or zero order
identification is used. If first order identification is useds the user
must specify the number of points utilised in the least squares fit for
estimating & and R (Eq 3.40 and Eq 3.41).

4.4.1.5 Description of the output parameters

To facilitate the ana]&sis of the simulation runs:; specific attention
was paid to output of simulation results. The program output allows most
variables and parameters that are calculated to be displayed. The list

of variables that may be displayed is g9iven in Table 4.1.

The program is able to display the simulation results in various
formats. The number of variables that may be output simultaneously
varies according to which output mode is chosen. The user must choose
between one of the following output modes:

a) Numeric output

b) Graphical output

¢) Numeric and disk output

d) Graphical and disk output

a) Numeric output

The numeric output mode allows for eight variables to be displayed
simultaneously on a standard text screen. The program always chooses the

simulation time elapsed as the first of the eight variables, leaving the
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TABLE 4.1 List of variables that may be output either
graphically, numerically or to disk

Cours DO Measurement True and measured DO

Air flow air flow rate = control Action

Ry R True and estimated Oxygen Utilisation Rate

o & True and estimated x. See Eq 3.2

a2, a2(est) True and estimated a2 (a2 used in Eq 3.2)

Keas Kialest) True and estimated K.a (See Eq 3.2)

as a Intermediate values used to estimate ¥

G ¥ Intermediate values used to estimate ¥

h* Pseudo sampling interval. See Eq 3.22

Iy I2 Intermediate values used to calculate ¥
via the first order method.

g Estimated rate of change in Cour

Temperature uasteuater temperature - used to
calculate C* of Eq 4.2

Q, Qf0] True and measured wastewater flow rate.

Control Action Control action calculated from Eq 3.47

S sensitivity of ¥ to rates of parameter
change

user to choose the remaining seven from the list in Table 4.1. The
values of the eight variables are updated at intervals equal to the
Runge-Kutta step size used to integrate the process model equation,
.Eq 4.1. A disadvantage with the numeric output mode lies in the fact
that broad trends are not always clearly discernible when displayed in

numeric form.

b) Graphical Output

The graphical output mode is useful for displaying the broad trends of
the simulation. In order to take advantage of the graphical output mode;

the IBM Personal Computer executing the program must be equipped with
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additional hardware in the form of a Hercules graphics card. Alsos a

procedure called INT10.COM must be executed before AERATOR.COM is run.

The graphical output allows for any four variables found in Table 4.1 to
be displayed simultaneously on the screen. The y-axis scales ( ie. the
lowest and highest values envisaged ) must be individually specified for
each of the four chosen variables. The X-axis is the simulation time,
and its units and range must be specified. Once the simulation time
exceeds the X-axis ranges the graphical output re-commences on the left
hand axis and simultaneously clears and over-draws the previously drauwn
lines as the simulation continues from the left to right. The X-axis
time units must be chosen from the following ¢

- minutes

-~ hours

- days

- weeks ,
The four Y-axes are always hashed and divided into ten divisions,
Howevers there is no default number of divisions for the X-axis: and so
the number of X-axis divisions desired must be specified. No default
number of X-axis divisions is chosen by the program as the 1large
differences in time-scales and units demand different numbers of
divisions. For examples a simulation period of 24 hours would most
suitably require 12 or 24 X-axis divisions, whereas a simulation period

of a week would be suited to 7 axis divisions.

It is possible to dump the contents of the graphics screen at any moment
of the simulation to a dot matrix printer. To be able to send a copy of
the graphic screen to the printer a file called HARDCOPY.COM must be
executed after INT10.COM but before AERATOR.COM is executed. The
graphics screen is dumped to the printer by depressing the ’Print
screen’ and ’1’ keys in succession. The user must also specify whether a
copy of the graph is to be sent to the printer automatically each time
the lines being drawn reach the right hand side axis.(The user need not

depress the ’Print screen’ key, but must still depress the '1' key)
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¢c) and d) Disk Output

To allow statistical analysis and numerical c0mparison of simulations
runss an option has been included in the program to allow output of the
gimulation runs to be written to disk in a text file format compatible
with the well known Lotus 1-2-3 spreadsheet package. The disk output is
always written concurrently with either numeric or graphical output. No
limit is placed on the number of variables that may be written to disk,
but Lotus 1-2-3 will not load files that have had 18 or more variables

written to disk simultaneously.

4.4.2 The operation of DISPLAY.CHN

The entire set of wvariables may be displayed by choosing the ’display
variables’ option in AERATOR.COM. AERATOR.COM will then execute
DISPLAY.CHN which displays the current values of the variables either on
the screen or, if desireds will send a copy to the printer for permanent’

record.

4.4.3 The operation of CHANGE.CHN

Once a set of variables has been loaded by executing INPUT.CHN, it is
possible to change any of these parameters defining the existing
gsimulation environment by calling the ’change parameters’ option in
AERATOR.COM. UWhen this option 1is chosens CHANGE.CHN is executed.
CHANGE.CHN is particularly helpful when a number of simulations are
completed one after another. In this situation most sets of simulation
parameters differ only slightly from one another. CHANGE.CHN was written
80 as to speed up the setting up of news, slightly different conditions
as it is far quicker to change one or two conditions of a previous
simulation environment than to re-enter an entire set of new conditions.
There is also an option within CHANGE.CHN to save a set of parameters to
disk for later use in INPUT.CHN.

4.4.4 The operation of PROCESS.CHN

PROCESS.CHN is the core of the simulation program» and may only be
executed once a set of parameters defining the simulation conditions has

been entered by executing INPUT.CHN. The operation of PROCESS.CHN is
digsplayed in block-diagram format in Fig 4.6. Figure 4.5 shows that
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INITIALISATION
N
N\
7/
INCREMENT TIME
COUNTER
SIMULATE <7
7 |
PROCESS 7
PROCESS
SIMULATIIN
N
y |
N\
CONTROL Y o
A PRICESS 7 4 1
MEASURE
DISSOLVED DXYGEN
N ]
CALCULATE
CONTROLLER ACTION
vV 1
SET
AIR FLOV RATE
DISPLAY RESULTS OF Z
SIMULATION AND CONTROL <
N sTOP
N SIMULATION 7
Y
TERMINATE

Fig 4.6 Flow diagram of PROCESS.CHN, the core of the simulation program.
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PROCESS.CHN is first initialized before entering an infinite loop. The

following instructions are carried out within the loop!?

i) The time counter is incremented.
ii) The process response is simulated at the specified intervals.
iii) If it is time to take control action then:
a) the dissolved oxygen concentration is measured:
b) the controller action is calculated:
c) the air flow rate is set according to the controller
action.
iv) The results of the iteration are displayed.
v) If the user hits any key then the simulation is terminated and

program execution is returned to AERATOR.COM.
4.5 CONFIRMATORY SIMULATION RUN

The simulation program was checked by simulating one of the runs

undertaken by Holmberg (19868). Conditions for the simulation were:

i) Q/V =10
ii) Courvzmnitiany =0
iii) Mean « = 3%10°7/1 = 0.018 min/hr/m’
« sine wave amplitude = 3.3#10°%*/1 = 0.002 min/hr/m’
o« sine wave period = 10 hours (estimated)
x sine wave offset = 90°
iv) Mean OUR = 10m90/1/hr
OUR sine wave amplitude = 1 m90/1/hr
OUR sine wave period = 10 hours (estimated)
OUR sine wave offset = 90°
v) C¥®. The value of C® used in Holmberg’s simulation is not given, and
thus this value had to be guessed. C% is a function of temperature
as given by Eq 4.7. Holmberg is Swedish, and thus a relatively cold
wastewater temperature of 10°C was utilised to estimate C%.
vi) The process was assumed ideal i.e. no process lag, and no noise in
the measurement of either the DO concentration or Q.
vii) Holmberg’'s dual mode controller was used with the following
parameters :
ac = 0.16666 /min = 10/hour
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ege = 0.01 mg90/1
k§ = 0.01667 /min = 1/hour

d = 0.01666 mg0/1.min = 1 mg0/1.hr
viii) Setpoint = Zmg0/1
ix) Sampling interval = 6 minutes
x) First order identification, with 5 points used to estimate R and

&

The results of the two simulations are displayed in Fig 4.7 and Fig 4.8,
Figure 4.7a shows the true wvalues of o« and R and their respective
estimated values:s as simulated by the program used in this study
Figure 4.7b displays the @ and R values and their respective estimates,
as simulated by Holmberg. In both simulations the estimated values of «
and R follow the +true values of o« and R very closely. The two
simulations have produced almost identical results. There are however:
minor differences. It will be noticed that in Fig 4.7a, the first two
values of & and R show major oscillationss whereas in Fig 4.7b
(Holmberg’s simulation) oscillations of the same magnitude are not
observed. This phenomena is ascribed to the fact that in Holmberg’'s
simulation the values or o« and R are held constant for three hours
before commencing the sinuscidal variation in x and R. In the simulation
program used in this thesiss the sinusoidal variation in « and R is
commenced immediately. This difference in operating conditions is
important. It will be shown in Chapter S that the greater the variation
in a parameter, the worse its estimate. It may appear as if the
estimates of both « and R in Fig 4.7a are consistently worse than those
of Fig 4.7b. However, closer examination of the figures reveals that the
apparent greater inaccuracy of Fig 4.7a is due to the greater resolution’
in both the X and Y axes of Fig 4.7a.

Figures 4.8a and 4.8b display the air flow rate and DO concentration
changes corresponding to Figures 4.7a and 4.7b;s respectively. It will be
noticed that in both this study’s and in Holmberg’s simulations:; the DO
is well-controlled. Moreover:; the DO concentration time profiles in Fig
4.8a and Fig 4.8b are very similar. The air flow rates also follow
similar trends. The slight differences between the air flow rates of Fig
4.8a and 4.8b is ascribed to the initial differences in R and «s as well

as the uncertainty in the value of C® used by Holmberg.
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The simulation run above included all the more difficult aspects of

Holmberg’s method: first order identification and the Holmberg

As the results obtained under these conditions by Holmberg
would appear that the

controller.
were confirmed by this study’s simulation, it

simulation program results may be accepted.
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CHAPTER FIVE
EVALUATION AND MODIFICATIONS TO HOLMBERG’S METHOD
5.1 INTRODUCTION

This chapter evaluates Holmberg's method for simultaneous parameter
estimation and dissolved oxygen control. The evaluation was carried out
entirely through simulation runs using the program described in Chapter
4, The evaluation is a multi-faceted problem: as it involves analyzing
the effect of a number of variables. The factors that are considered

are; the effect of:

(i) the rates of change in OUR and «
{ii) identification technique
(iii) the flow terms
{iv) the assumed K.a/Fain relationship
(v) inaccuracies in (%

{vi) the controller parameters

Once the effect of the above six factors have been considered, various
modifications that overcome some of the shortcomings of Holmberg’s
method will be presented. Finally, the problem of dead-time will be

discussed.
S.2 EVALUATION OF HOLMBERG'S METHOD

The results of the simulations used to evaluate both Holmberg’s method
and the proposed extensions to the' method are wusually presented in
graphical form. As more than 50 parameters are required to define each
simulation run, it is impossible to mention magnitudes of all parameters
used for every simulation run in the text without sacrificing clarity.
Therefore only the important parameters that quantify the exact
di fferences between simulation runs are mentioned within the discussion.
For purposes of completeness: Appendix C lists the entire parameter sets

of all the simulation runs in this chapter.
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5.2.1 The effect of the rates of change in the parameters x and OUR

In a full-scale activated sludge system consisting of a number of zones
in series the OUR is not constant: but decreases through the plant. Dold
and Harais.(1987) have explained the reasons for a decreasing OUR along
an aerobic reactor train such as that considered in Fig 4.1. The reasons

for the "tapered" oxygen demand are two-fold @

(i) Approximately 20 percent of the influent COD is in a readily
biodegrable (soluble) form and is utilized rapidly on entering the
system: this manifests itself as a high OUR at the head of the

system.

(ii) In long sludge age plantss the nitrification rate ofﬁen is
sufficiently high that nitrification is completed close to the head
of the plant. Again this manifests itself as a high OUR at the.

head of the system.

In the final passes of the system the OUR is principally due +to
oxidation of substrate from hydrolysis of slowly degradable COD and
nitrification of ammonia made available by organism death: and thus the

OUR is low c0mpared't9 that in the first passes.

In addition to the OUR being highest in the aerated zones closest to the
head of the system, the largest OUR fluctuations are found in these
zones (see Fig. 5.1). Again the fluctuations are linked to the varying
utilization rates bof readily biodegrable influent COD and ammonia
nitrogen that arise as a result of the cyclic COD and TKN loads on the
plant over a 24 hour period. At the head of the reactor train daily
variations of approximately SO percent above and below the mean daily
OUR can be expected. On the other hand:; reactors at the end of the train
"are subject to very small daily variations in the OUR, to the extent

that the OUR in these final reactors may be considered constant.

The first run simulates the type of behaviour encountered in an aeration
reactor at the end of a plant. The OUR and « are assumed constant. In

the simulation the OUR was the average obtained by Dold and Marais
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(1987) in the fifth and last aeration reactor of a five-in-series
aeration train : OUR = 20 mg90/1/hr. The K.a was assumed to be directly

proportional to the air flow rate (i.e. Kica = «a*Farr). The
proportionality constant was obtained by fitting a straight line to
Goto’s (1984) data given in Fig 4.2 : o = 1.2%10°%/1. The flow terms of

the real process models Eq 3.1 , were set to zero. A full list of the
parameters used for this simulation run is provided in Appendix C and is

labeled EXP2.DAT.

The results of the simulation are given in Figs 5.2a and 5.2b. Figure
5.2a shows that the estimates of o« and OUR converge very rapidly (within
S sampling intervals) to the true values of « and OQUR. No offset is
observed in either estimate after the values of & and R converge. Figure
5.2b illustrates that the dissolved oxygen concentrations Coutrs settles
very rapidly to the setpoint of 2.0 mg0/1. The air flow rate also
settles down rapidly to its final value. The magnitude of the
oscillations in air flow rates reflected in corresponding oscillations
in Cours decrease from the start of the simulation until a simulation
‘time of S5 hours, after which time the masnitude of the oscillations:
termed the limit cycle amplitude, remains constant. The decrease in the
amplitude of the oscillations indicates that the controller parameters

have been tuned.

The second run simulates an aeration reactor at the head of an aeration
train. Here, the OUR is higher than at the end of the aeration train.
Furthermore, the OUR is not constant, but is assumed +to .vary
sinusoidally over the day. The OUR used was that obtained by Dold and
Marais (1987) in their first aeration reactor. The OUR has a mean value
of 65 mg0/1/hr with a sinusoidal amplitude of 15 mg0/1/hr. The
wavelength of the OUR sine wave is 24 hours. The parameter « was set to
vary sinusoidally by 10 percent around the value used in the previous
run: Experiment 2. The full set of simulation parameters for this run,
Experiment 3, are listed in Appendix C. The results of the simulation
are 9iven in Fig. S5.3a and 5.3b. Figure 5.3a illustrates that the
dissolved oxygen concentration is suitably controlled. The air flow rate
stabilizes rapidly to the required value and subsequently gradually
decreases over the 12 hour period simulated, following the decreasing

OUR with time. The amplitude of the dissolved oxygen concentration is
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FILE USED TO GEMERATE THIS DATA : expZ.DAT

o x oz qBst [x= al Juz OUR  Jo= QurBst |8 o
2,000 70,000 40,00 0.0
34000 40,000+ ' L%.00 +%.20
2,000 +5.000- L300 4300
0.000 40,00+ 25,00 42590
0,000 49,000 Lovaid 420,00
R.R
0,000 40000 2.0 120,00
.0 .00 L1600 416,00
.
xx
£.000 9,00 12,00 41208
0:400 40.000- L2.000 12,000
0,0004+0,000 Ly, 000 14,000
0.000 40,000 — T T T T T T T T T T 1.000 4400
TR R TR R TR T I VR YRR YR T I R Y
Tine (Hrs)

Fig S5.2a (Experiment 2) The true and estimated x and R values in a
simulation run in which x and R are constant.

FILE USED TO GENERATE THIS DATA : expa.DAT

o x lox Cout [x= Cout |u= pirflow [0= hirflow | 0 o

c our
'.M 9‘ AAAAAAA AN

10000 T:m

T T T T T T T T 9,000 4.0
18 26 M ki 50 &6 %W B0 NF WA LD 120

Tiwe (Hrs)

Fig 5.2b (Experiment 2} The airflow rate and dissolved oxy3gen control
over the first 12 hours of a run in which « and R are constant.




FILE USED TO GENERATE THIS DATA : exp3.DAT

o % loz Cout |x= Cout h=ﬂlr?lw[o=ﬂlrﬂou b

2408 4 20004 Cour o Lo
o A~ -
150 1w H“WNNWUUWW Air i Lo
120 41.204 MWMWMMMMWMWMM

Time (Hrs)

FILE USED TOQ GENERATE THIS DATA : exp3a.DAT

o X foz (UR x= QurBst |o= 3 0= 8 ¢
108,87 190.0 l urfs l [ 3 8,005 ~8.005
Ny

.06 450,004 0,000 +0.006

A

R,R
2,004 7.0 L0.00, 10,00
0.0 4000 14,003 70,009
2.0 $50.00 Lo.0on3 10003
40,00 142,00 0,002 $0.002
36,00 430,004 +0.000 +0.00
20,3 420,004 0001 43,001

S
0,00 10,00 15,000 40,000
0,000 -0,000 —T Y —————— 0,000 10,09
W0 L0 M G0 8D M0 120 N 64 1RO B0 20 Al
Tine (Hrs)

oscillations of R on S.

Fig 5.3b (Experiment 3) The dependence of the magnitude of the
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Fig 5.3a (Experiment 3) Airflow rate and dissolved oxygen control over
the first 12 hours of a run in which OUR and « vary.
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greater than that of the previous run (see Fig 5.2a.). The reason for
this will be explained later in Section 5.2.6. Figure 5.3b shows that R
the OUR estimate, closely follows the true value of the OUR. Houwever,
unlike the constant OUR case of Experiment 2 (Fig 5.2b)» R oscillates
around the true value of the OUR. The magnitude of the oscillations in R
varies with time., Thus at time = 6.0 hours, the OUR estimate
oscillations are approximately 3 mg 0/1/hr uwhereas at time = 12 hours

this oscillation has decreased to zero.

Holmberg was able to explain the reasons for the varying magnitude of
oscillations in R. He defined a variable, S, equal to the error in ¥ due
to parameter (i.e. a« and R ) variation. Mathematically S is expressed

as:

de dt

‘ds‘r de

3Kz

[&utc® -y) - R] .....(5.1)

From the development of Eq 5.1 it is apparent that S is also a measure
of the sensitivity in ¥ with respect to the variations in 8 { 8 is the
matrix Ia RI? and @ is the matrix |u(C‘-y) -1|). The values of S are
plotted together with the OUR estimates in Fig. 5.3b. It can be seen
that there is a direct relationship between S and the magnitude in the
oscillations of R. Thus at time = 12 hours: S * 0 and the corresponding
oscillation in R is also zero. In the previous run (Experiment 2) the
value of 6 is zero at all timess; as « and R are constant. Thus, through
Eq 5.1, S is zero at all times and no oscillation in R or & are

observed.

It should be noted that S is a function of both & and R. If x and R vary
in phase with one another: that is if & and R are of the same sign, then
the magnitude of S will be small as the terms & u' (C%-y) and ;R tend to
cancel each other out. If on the other hand: « and R vary out of phase
with one another ( i.e. & and R of opposite sign ) then S will tend to
be large as the terms &u(C%¥-y) and ~R will tend to augment one another.
The next simulation run (Experiment 4) demonstrates this effect. The

simulation conditions of this run are identical to those of the previous
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run, Experiment 3, except that the OUR is now 90° out of phase with «.
The results are displayed in Fig 5.4. The S wave observed in Fig 5.4
differs from the S wave generated by the previous run {(see Fig 53.3b) in

several respects ¢

{i} The values of S are higher in Fig 5.4 than those in Fig S5.3b. The
maximum S values are 0.0013 mg0/1/min® in Experiment 4 as opposed
to 0.0006 mg 0/1/min® in Experiment 3. The reasons for this have
already been outlined. The 9reater S values have resulted in

greater oscillations in R.

(ii) Although the wavelength of the two S-waves are identical, the times
at which the zero values occur are not the same. This is a result
of the 90° offset in the OUR variation implemented in Experiment 4.
Note that in E#periment 4, unlike Experiment 3, zero values in S do
not correspond to either a maximum or minimum value in either the
OUR or «.

5.2.2 First order versus Zero order identification

Holmberg (1986) has described two methods for parameter estimation. The
first method, termed the ’'zero order’ method, assumes the parameters «
and R to be constant over each sampling interval. The second method,
termed the ’first order’ methods assumes these parameters to wvary
linearly over the sampling interval. In order to highlight the
differences in the two methods, simulations were carried out at
conditions in which the parameters &« and R varied: these conditions
satisfy the first order method assumptions, but do not satisfy zero
order method assumptions. It would be pointless attempting to highlight
the differences between the two methods with simulation runs at constant
OUR and «x values as at these conditions the assumptions of both the zero

order and first order identification methods would be satisfied.

An important parameter in either identification technique 1is the
sampling interval. The sampling interval affects the validity of the

assumptions made in each technique. For example, the zero order method
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FILE USED TO GEMERATE THIS DATA @ expd.DAT

o % o= QUR |x= Ourlst |o= 8

100.0 7 100,05

>
"
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[~}
<

0,00 490,004
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40,00 $46.00- 0,002 40,002
.00 42,0 ' 0.0z 4.0
S
2.0 L 20,004 dﬁf’#ﬂﬂd.-\‘.man-ﬁmm
I
10,00 4 10,00 0,000 10,000
LW T T T T T T 1 0,000 ~0.000

0.0 2.0 MG 60 80 0.0 120 W 8.0 180 D0 20 DD
Time (Hrs)

Fig 5.4 (Experiment 4) A simulation demonstrating how an out of phase «
and R generate larger S values (compare to Fig S5.3b}.
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assumption that the parameters are constant over the sampling interval

is more valid at small intervals than at large sampling intervals.

The differences between the zero and first order methods was
demonstrated through a set of 20 simulation runs. In all 20 runs the
parameters x and R wvary as in Experiment 3, the simulation run of an
aeration reactor at the head of Dold and Marais’® (1987) aeration train.

The 20 simulation runs differ from one another in only two respects @

(i) Identification technique. Ten simulations used the zero order

identification techniques and ten used the first order technique.

(ii) Sampling interval. Ten different sampling intervals are used:
varying from one to ten minutes. Although sampling intervals of up
to 15 minutes have been used in the DO control of activated sludge
processes (Rundquwist, 1986), sampling intervals of this magnitude
were not used in the comparisons as no single set of controller
parameters could be found to give rise to stable identification and

control for the entire 1 to 15 minute sampling interval range.

The results of the simulations are shown in Figs 5.5 and 5.6. Figures
5.5 and S.6 illustrate the effect of sampling time on the precision of R
and operation of the DO controller, respectively. The points 9enerated
in both graphs are the average values at every sampling point generated

over a full 24 hour simulation period.

Figure 5.5 - illustrates that, for both zero and first or der
identification techniques, increasing the sampling interval will
decrease the accuracy of the R estimates. This is to be expected
because; as the sampling interval increases;s less information is
obtained from the process as measurements are being made less often.
Perhaps what is more suprising is the similarity between the errors in R
for the first and zero order methods. The zero order method has obtained
almost identical results to the first order case at all the sampling
intervals examined. In fact it is impossible to distinguish between the
accuracies of the two methods from Fig 5.5. Careful scrutinity of the
values used to plot Fig 5.5 (Appendix D, Table E.1) reveals that the

first order method 9enerates slightly better estimates of R. The
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difference between the estimates of the first and zero order method
increases with increasing sampling interval. However these differences
are extremely small, such that at a sampling interval of 10 minutes the
di fference between the estimates of the two methods is only .0.01
percent. To understand this phenomenon consider the 10 minute sampling

interval run. The average rate of change in R is approximately:

»»
2’

(max. value of R - min. value of R )/12 hours
(80-50)/12 mg0/1/hr?
0.04 (m90/1/hr)/min
0.427 (m90/1/hr}/ten minute sampling interval

The average OUR in the above runs was 65 mg0/1/hr and thus the average

.

change in OUR over the sampling interval is approximately @

Percent change in OUR over 10-min. interval =0.427/65%100 %
' = 0.64%

The fact that the OQOUR changes only bys on average, (0.564X per 10-minute
sampling interval means that the zero order assumption that the
parameters are constant over the sampling interval is acceptable even
when a sampling interval as long as 10 minutes is used. For smaller
gampling intervalss the OUR changes by smaller percentages per sampling
interval and thus the zero order assumption even more acceptable. This
accounts for the apparently identical operation of the two methods. It
should-be noted that these simulations were carried out at conditions of
rapidly varying parameters: conditions that would accentuate the
di fferences between the operation of the first and zero order methods.
If these simulations were carried at conditions found at the end of the
aeration train, that is at almost constant OUR: the differences between
the first and zero order methods would be even smaller. This finding
clearly questions Holmberg’s (1986) claim that the first order method

vields "greatly improved estimates' over the first order method.

Figure 5.6 displays the effect of the sampling interval on the operation
of the DO controller for the set of 20 runs. Two conclusions can be

drawn from Fig 5.6:
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(i) As the sampling interval increases; so the mean deviation in DO

concentration from the setpoint increasges.

(ii) The operation of the controllers that make use of first order and
zero order parameter estimates are indistinguishable from each
other. This is due to the fact that the two identification
techniques 9generates as discussed previously; almost identical

parameter estimates.

5.2.3 The effect of the flow term on identification and control

In Holmberg’s method it is proposed that the flow term in the DO mass
balance (Eq 3.1) usually is very small. For this reason the term wuwas
excluded in the parameter estimator model. In all of Holmberg’s (1986)
simulations: and in all the simulations discussed so far in this
chapters the flow term was also excluded in simulating the response of
the real process. Therefore; any problem arising from the assumption
that the flow term is negligible would not be apparent. To test the
validity of this assumptions Experiment 3 is now repeated,; but with the

flow term included in the real process model. The flow term is :

@ (Cin - Cour)
Vv

Flow terms =

The values of Q and V used were values obtained from Dold and Marais
(1987). An incoming dissolved oxygen concentration of 0.1 mg 0/1 was
assumed. See EXP46.DAT in Appendix C for a full 1list of all the

parameters used in this run.

The results of the run, displayed in Fig 5.7, show that an offset in the
OUR estimate resultis when the Q/V term is included in simulation of the
real process (see Fig 5.3b). The offset, however,; under normal operation

is only of the order of 1 or 2 mg 0/1/h.

To quantify the offset, consider the DO mass balance equation:

dC Q
d:UT = = (Cin - Cout) + KLa'(cB - Cout) " R teeeteee (4.1)

<

If the oprocess flow terms @/V°(Cin - Coutr) are ignored by the

identifier, Eq 4.1 can be rewritten as
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4
8 - Kia (€% - Caur) = R* e (5.2)
dt :
-
where:
Q
R’ =R°"U"(an - Caurt) veesssse (5.3)

The offset in the R estimate would therefore equal Q/V: (Ciw - Covur). As
Cour > Ciws the term is negative, thys making R* > R. Therefore the R
estimate should be greater than the true R by Q/V°(Ciw - Caur). This is
confirmed in Fig 5.7 which shows that the estimated R is greater than
the true R: and that the offset is:

Q/V (Citw - Cavur)

_ 200%10% 1/day 0.1 -2.00
T 15%10% 1 ) )

= =25.3 mg/1/day
= =-1.1 m9 0/1/hr

Offset due to flow terms

S.2.4 The effect of the assumed KLa/Farr relationship

In all of Holmberg’s simulationss and in all the simulations discussed
go far in this chapter, it has been assumed that the oxygen transfer
coefficient: K.as in the real process is directly proportional to the

air flow rate i.e.

Kia = o' Fazn ceeessa(5.8)
This corresponds to the simplification in the estimator model. However
it is likely, especially at high Fairs that the Ki.a/Farr relation is
more accurately described by:

Kia = " Fasr + az el (5.9)

This is clear from Fig 4.2 which illustrates the K.a/Fair curve fits
obtained by Goto (1985).

.15
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Experiment 7 was run to test the parameter identification and DO control
at conditions in which the process K.a/Faia was of the form of Eq 5.5 as
opposed to the earlier runs when the true process K.a was directly

proportional to the airflow rate as in Eq 5.4.

Values of « and a2 were obtained Féom Goto (1985). All other conditions
were identical to those of Experiment 3 (Fig 5.3). Figure 5.8a shous
that the controller is still able to provide satisfactory DO control.
Figure 5.8b shows the true and estimated values of the parameters R and
a. The estimated R exhibits a wide offset from the true R value. The

egtimated @ values also exhibits an offset, but which is small.

In the DO mass balance equation:

dCour

= Kca*(C® - ¢ ) - R teeennes (5.8)
d'l’. L QuT

If KLa = «au + a2 then

dCovur
dt

= au (C® - Cour) + @2°(C® - Cour) - R e s (5.7)

= a'u (C® - Cour) - R?

where
R* = R - a2°(C% - Cour)

The identifier model equation is

dCovur
dt

= xu(C® - Cour) - R L. (5.8)

Thus . an offset between the true and estimated R values would be

anticipated:
Offset in R = a2°(C? - Cour)

Checking this hypothesis with the values 9generated in Experiment 7

gives:

Offset in R = |az2 (C® - Cour)|
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Fig 5.8a (Experiment 7) The DO and airflow rate values for a run in
which the real process Kia/Fair relationship is of the form
Kia = x'Farr + az.
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Fig 5.8b (Experiment 7) The true and estimated R and x parameter values
for a run in which the real process Kra/Fair relationship is of
the form Kia = «"Farr + «2.
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0.02256(11.25 - 2.0)
0.208 mg 0/1/min
12.5 mg 0/1/hr

The calculated R offset of 12.5 mg 0/1/hr is very close to the observed
R offset of approximately 14 mg 0/1/hr. It should be noted, however,

that this explanation does not account for the small offset in &.

5.2.5 The effect of inaccuracies in C*?

It has been mentioned in Chapter 4 that C® is a function of pressure and
temperature. As C% is a function of pressure its value changes with
depth in an aerator. A range of C® values thus exist between the surface
of the aerator liquid and the base of the aerator. These variations may

be compounded by differences in temperature.

Whatever the true average value of C®, the question was raised as to the

effect of an incorrectly assumed average C®. Experiment 8 was completed

by using the same conditions as Experiment 3 (Fig 5.3):, expect that 1 mg

0/1 was added to the true C® value used by the estimator/controller. The

results of the simulations are displayed in Figs S5.9a and 5.9b. Figure

5.9b illustrates the effect of the incorrectly assumed average C® values

on the parameters estimates. It can be concluded from Fig 5.9b that an

incorrectly assumed Cs will create an offset in both & and R. For a
discrepancy of 1 mg 0/1(in C®, & values contain offsets of up to 50%
whereas the R estimates are very small, in the order of less than 1 mg
0/1/hr.

In explaining the offset in R as before, consider

dc
dt

Kia-((C® + x) - Coutr) ~ R convennn. (5.9)

Kea-(C® - Coaur) - R + KLa'x
Kia“ (C® - Cour) - R’

inaccuracy in C® estimates

where x
R!

1]

R -KLa" x

R - xu*x

18
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Fig S.9a (Experiment 8) Dissolved oxygen and airflow rate profiles of
runs in which a C® offset of 1 mg 0/]1 was utilised by
controller/estimator.
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Fig 5.9b (Experiment 8) The true and estimated R and « parameter values
for a run in which a C% offset of 1 mg 0/1 was utilised by
controller/estimator.
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The offset in R is «*u'x. Substituting values for Experiment 8 gives

offset in R

o

| ue x|

1.2%10°° »100000%1
0.12 mg 0/1/hr

which is approximately what is observed in Fig 5.9b. Ag9ain as in the
flow terms section and Kia/Fair section no similar explanation for the

offset in « can be proposed.

5.2.6 The effect of controller parameters on parameter identification

and control

A case study was used to illustrate the effect of the controller
parameters on identification and DO control. The case study was carried
out at conditions similar to Experiment 3: that is;s a high and
fluctuating OURs no flow terms and a proportional relationship between «
and Fair. The results of this case studys Experiment 9, are given in Fig
S.10 which displays the values of the following four variables :

(i) d - the tuned controller constant

(ii) S - the error in § due to « and R variation.

(ii) Cour

(iv) R - the estimated value of R.

At the start of the simulation the oscillations in Cogur are large as a
result of the large initial value of the d controller parameter (see

Eq 3.47). Concomitant with the large variations in in Cour are very
small oscillations in the estimated R values. The magnitude of
oscillations in R vary in phase with the magnitude of S (as discussed in
Section S5.2.1). However at low values of S: such as at t = 11 to 12
hours, conditions are reached in which the conditions for tuning d are
satisfied» and thus the value of d is decreased accordingly. The
decreased d value causes smaller oscillations in the Cour wvalues and
larger oscillations in R. Thus at t = 13 hours Cour oscillates between
1.85 and 2.1 mg90/1, whereas before the tuning of d: Coutr oscillates

between 1.8 and 2.15 mg90/1. The oscillations in R increase with the
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Fig 5.10 (Experiment 9) Results of the case study showing the
interaction between the tuned controller constant and the
(i) estimates of R, R
(ii) control of the DO.
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decreasing oscillations in Ceur. This dependence of the R and Cour
oscillations on the d controller parameter value clearly demonstrates

the contradictory demands of the identifier and the controller.

The d controller parameter is tuned whenever the S value is low. The d
controller parameter thus decreases with time, resulting in smaller and
smaller oscillations in Cour and larger and larger oscillations in R.
Eventually at t = 45 hours the oscillations in Cour have decreased to
such an extent that the estimator becomes unstable, resulting in wild
oscillations in R. The controller is formulated in such a manner that it
is unable to increase the d-parameter to - counter these wild
oscillations. The abating of the oscillations at t=46 to t = 48 hours is
due to the low wvalue of S at that time, and therefore as soon as the
value of S increases the wild oscillations will re-commence. The tuning
ability of the self tuning controller is thus limiteds as the tuner only
tunes one of four controller constantss and as illustrated above, only

does so with limited success.

S.3 MODIFICATIONS TO HOLMBERG®'S METHOD

Certain shortcomings have been identified in the estimator as proposed
by Holmberg. In this section extensions to Holmberg’s method are

proposed to overcome some of these problems.

5.3.1 Accounting for flow terms

Experiment & in Section 5.2.3 demonstrated that Holmberg's method was
unable to account for the flow terms: and thus an offset in the
estimation of R occurred. In order to account for the flow terms,
extensions to the theory are required. Also: knowledge of the flow rate,

Qs a reactor volume, V, will be required.

Consider the controller model of the process to be

dC Q
d:uf = G. (CIN-y) + u-u(cs—y) - R ..... 0.0(5-10)
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where y = Coutr (process output)

u = Farr (process input)
Putting a=s -~x‘u - Q/V ceseenane (5.11)
and v = aru-C® = R + Q/VxCyn ceeseeses(8.12)

transforms the nonlinear equation to the linear equation:

dy
Zzary+v e (3.9)
dt ’

Equations 5.11 and 5.12 differ from Holmberg’s method in only one

aspect: the final flow term is not included in Eqs 3.7 and 3.8,

As before it is possible to re-write Eq 5.10 in matrix format

o[l fo] [x] e

where as before

u (C® - )
@ = , ceeacess(3.24)
-1
and
x
8 = | | i e (3.25)
R
but
K = [Q/U*(an‘Cour)] ........ (S.14)

Equation 5.13 differs from that used by Holmberg by the last K - matrix
term (see Eq 3.23).



The controller response can also be modified to account for the flow

terms. The controller response becomes :

R -Q/V' (Ciu-y)+ ac.e + d.sign(e)
u = Y e E ereree (5.15)
x' (C¥ - y)

Compare this form of the controller response to Eq 3.47.

The theory behind the inclusion of the flow terms is implemented by

making the following changes to Holmberg’s method:

Changes to zero order method

- estimate a through Eq 5.11 instead of Eq 3.7
- estimate ¥ through

o (kh+h) - y(kh)
$(khy = = = 2 + Q/V.(Cin - y(kh)) ..... (5.16)

ingtead of Eq 3.21.

Changes to first order method

- estimate a through Eq 5.11 instead of Eq 3.7
- estimate Q = (QUOI-QL11)/h
- estimate & through

d = -au - Q/V cerreess(3.17)

instead of through Eq 3.8.

.- estimate v through

v =a&ucd® -R + Qs ceesee..(9.18)
instead of through Eq 3.39

- estimate ¥ through

A N
_y{kh+h) - y(kh) = (a"Ii"y(kh) + v I2)

5.24

$(kh) = + Q/V" (Cin-Cout)

h.

ingstead of through Eq 3.35.
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The experiment that brought the effect of the flow terms on parameter
estimation to the fore, Experiment &6, is now re-run using the new
identification method. Figure 5.11 clearly shows that the offset in R
clearly apparent in Fig 5.7s had been eliminated through the use of this

extended method.

-

5.3.2 Accounting for the assumed KLra/Fair relationship

Experiment 7 in Section 5.2.4 demonstrated that if the real process

Kea/Fatr relation was of the form
Kea = o« * Farr + az ceveeess(5.9)

with a2 non-zeros while the parameter estimator assumed a2=0, then large
offsets in R occurred. In order to account for these offsets, extensions
to the theory are required. The theoretical extensions proposed in this
gection will not include, for reasons of clarity, the flow term
extensions proposed in Section 5.3.1, although the two extensions are
Eeadi]y combined (and have been in the simulation program). Consider the

controller model of the process to be

dCovut

m =»(«‘u+az)‘(Cs-y) - R ceeesees(D.19)
where y = Cour (process output)
u = Fain (process input)
Putting a = -x°u - az ceeesses.(5.20)

and v = aru'C® - R + az.cCt ceneee. (5.2

transforms the nonlinear equation to the linear equation:

9 _ 4y s (3.9)
- = ° v et st e e e .
dt Y

Equations 5.20 and 5.21 differ from Holmberg’s method in only one
aspect: the final term containing the az variable is not included in Eqs
3.7 and 3.8.
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Fig 5.11 (Experiment 10) Experiment demonstrating how the parameter
estimate offset caused by the flow terms can be eliminated
using the proposed modified identifier. Compare this figure to
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As before it is possible to re-write Eq 5.10 in matrix format @

v = [wq-[e] cereeesal5.22)

where the ¢ and 8 matrices now have an extra term :

u' (C% - v}
@ = -1 ceeessss(D.23)
c® -y
and
F
u
8 = R cessesee(S5.24)
azl

The controller response is also modified to @

R +a32°(C%-y)+ ac.e + d.wave_function
gz R = 2=y cereen..(5.25)
o (C¥ - y)

so as to account for the extira a2 parameter and ensure the closed loop

system is of the form ¢

|
|

e + wave_function veerese.(5.28)

The deadbeat estimator solves for the parameters by solving a set linear
of linear algebraic equations. In order to ensure a solution to the set
of equations, that is» in order to ensure that a non-singular solution
to the set of equations was available; Holmberg introduced the sign(e)
function that ensured that the airflow u oscillated and changed at every
sampling interval. However, now that there are three process parameters

to identify, (xs R and a2), the sign(e) wave-function term must be
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modified so that the air flow rate is different at three successive

sampling instants. The new wave ~-function term used is

-1 for first sampling interval

-1/3 for second sampling interval
wave_function =
-1 for third sampling interval

1/3 for fourth sampling interval

Figure 5.12 illustrates the closed loop behaviour in which the new wave
function is utilised. This can be compared to Fig 3.3 which gives the
closed 1loop response; under identical conditionss using Holmberg’s

sign(e) wave function term.

The following changes to the implementation of Holmberg’s zero and first

order methods are required:

Changes to zero order method

- estimate a through Eq 5.20 instead of Eq 3.7
- the ¢ matrix contains an extra row. Update ¥ through Eq 5.23
instead of Eq 3.24.

- The estimation of the parameters is now *

2 Y1
8 {= ¥t 1 v cheeeee (5.2
72 v3 i

instead of Eq 3.27.

Changes to first order method

- estimate 3 as well as R and & in the same way that R and & are
estimated in previous methods.

- estimate a from Eq 5.20 instead of Eq 3.7
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Fig 5.12 The effect of the new wave function term on the closed loop
behaviour.
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- estimate a from
4 = -&'u - a2 ceereeea(9.28)

instead of through Eq 3.8.

- estimate v through
v =&ucC? - & + azCt ceeeeses(5.29)
instead of through Eq 3.39

- estimation of the parameters is through :

@] J1 + @181 h
¢t Y2 + @é'gz.Zh

e = ceeeeess(5.30)
2 $3 + ¥3-83.3h

instead of through Eq 3.42

The experiment that brought the effect of the an incorrectly assumed
K.a/Fair relationship ;o the fore; Experiment 7 is now re-run using the
new adopted identification method. Figure 5.13 clearly shows that the
offset in R, clearly apparent in Fig 5.8, has been eliminated through
the use of this extended method that takes the modified K.a/Farr
relationship 1into account. Although the offset has been ¢1iminated
through this me#hod, the amplitude of the oscillations in the parameter
estimates has increased. Furthermore the method initially generates
unstable estimates of QUR and az. It should be remembered however that
the controller parameters used in the simulation of Experiment 11 are
not ideals as they were merely chosen to be identical to those of
Experiment 7 so as to provide a meaningful comparison with Experiment 7.

Per formance can be improved by adjusting controller parameters.
S.4 THE PROBLEM OF DEAD-TIME

Systems such as the activated sludge process that involve the
~transportation of fluids often exhibit control problems due tothe dead-

time inherently associated with these processes. To analyze the effect
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Fig 5.13 (Experiment 11) Experiment demonstrating how the parameter
estimate offset caused by an incorrectly assumed proportional

Kia/Fair relationship can be eliminated by changing the assumed
Kra/Fatr relationship.
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of dead-time on parameter identification, a series of runs were
completed at different sampiing intervals, each with differing amounts
of dead-time. The process conditions of Experiment 3 were used for all
the runs. A parameter set of one of the runs is listed in Appendix C as

EXP12.DAT. The results of the runs are displayed in Fig 5.14.

Figure 5.14 shows that the offset from the true R mean value of
65mg0/1/hr is dependent on both the dead-time and the sampling interval
used. The first trend apparent from the graph is that for a given
sampling interval, the greater the dead-times the greater the offset in
the estimate of R. The second trend is that the greater the sampling

interval, the less the offset for a given dead-time.

40

35 -
¢ = 6 Min. sampling interval

30
+=3 Min. sampling interval

25 +

20 +

15 -

10 o A = 10 Min sampling interval

O T T T T T T T
0 1 2 3 4

Process Dead—Time (minutes)

Fig 5.14 A sample run illustrating the effect of deadtime on the R
estimates at various sampling intervals.



CHAPTER SIX

CONCLUSIONS

The objective of this investigation was to evaluate Holmberg’s method

for simultaneous dissolved oxygen control and parameter estimation. The

method

adopted for evaluating the system was through simulations of

controlled process behaviour. The following conclusions may be drawn

from the results :

(i)

(ii)

(iii)

Civ)

The simulation program was shown to predict the results presented

by Holmberg (1986) very closely.

Simulations were conducted in which the x and OUR parameters of
the real process were held constant. These conditions are
encountered at the end of an aeration train. Results indicated
that under such conditions Holmberg’s estimator converged rapidly
and without offset to the true parameter gyalues. The dissolved

oxygen (DO) control was also effective.

Simulations were conducted in which the x and OUR parameters of
the real process were assumed to vary in a sinusoidal fashion:
the amplitude of the OUR fluctuation was similar to that
encountered in practice at the head of an aeration train. Under
these circumstances the parameter estimates converged rapidly to
the true values but the estimates ﬁou oscillated about the true
values. The magnitude of the estimate oscillations were shown to
be dependent on a parameter. S, that Holmber9 had defined. The DO

control was effective.

Holmberg (1986) proposed two methods for parameter estimation.
The first method, termed the "zero order" method assumes the «
and OUR parameters to be constant over each sampling interval.
The second method:s termed the "first order" method assumes the «
and OUR parameters to vary linearly over the sampling interval.

Simulations in which the sampling interval ranged from 1 to 10
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minutes demonstrated that the +two methods vyield wvirtually
indistinguishable parameter estimates and DO control. This is at
variance with Holmberg’s observation that the first order method

yields '"greatly improved" estimates.

(v) Holmberg’s estimator assumes the flow terms of the real process
DO mass balance to be negligible. If the flow terms are included
in simulation of the real process, but excluded from the
estimator model, offsets occur in the values of the parameter
estimates. Nevertheless: the dissolved oxygen <control is

effective.

(vi) In Holmberg’s simulations it was assumed that in the real
processs the oxygen transfer coefficient: Kias is directly
proportional to the air flow rate and that the relation passes
through the origin. However, Goto (1985) found that a 1linear
relationship» but not passing through the origin, best described
the K.as/air flow rate relationship. If the real process K.a/air
flow rate relationship was modelled in the form proposed by Goto
(1985), Holmberg’s estimator was shown to yield large offsets in
the estimated values of the parameters:; especially the OUR. DO

control was still satisfactory.

(vii) An incorrect saturation dissolved oxygen concentration, €%, was
shown to cause offgets in the estimates of the OUR and «. The
offset in the OUR estimates was small whereas the offset in the «

estimate was large.

{viii) Holmberg’s observation that the objectives of the DO controller
- and the parameter estimator are contradictory was shown to be
correct. At given conditionss improving the DO control resulted

in worse parameter estimates. Similarly, improving the parameter

egtimates regulted in worse DO control.



(ix)

(x)

(xi)

6.3

An extension to Holmberg's method was proposed to overcome the
small parameter estimate offsets resulting from excluding the

flow terms in the estimator model of the real process.

A further extension to Holmberg’s method was proposed to overcome
the significant offsets (particularly in OUR) resulting from an
incorrectly assumed Kia/Farr relationship. This proposed
extengsion was shown to eliminate the offsets in the parameter

estimates.

The effect of dead-time on parameter esimation was investigated.

It was found that:

- for a given dead-time, the greater the sampling interval, the
smaller the parameter estimate offsets.

- for a given sampling interval, the greater the dead-time, the

greater the parameter estimate offsets.
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APPENDIX A

DERIVATIONS RELEVENT TO CHAPTER 3

Appendix A lists a set of derivations relevent to the development of
Chapter 3. The derivations presented in this appendix are tabulated in
TABLE A.1 below.

TABLE A.1
Derivations presented in Appendix A

DERIVATION SECTION
Eq 3.10, 3.11 and 3.12 Part 1
Eq 3.29 and Eq 3.31 Part 2
Eq 3.35 and Eq 3.36 Part 3

Eq 3.39 and Eq 3.40 Part 4




A.2

Part 1 Derivation of Eq 3.10s, Eq 3.11 and Eq 3.12

A general first order equation is of the form:

d
—yza'y+v 000‘00000(309)
dt

.

This is a linear differential‘equation of the form ¢

dy
— + Py =@
dx 4

where

All linear equations of the above form are termed exact differential
equations and can be solved by the use of integrating factors. The

integrating factor is defined as :

I.F. exp[J P dx]

h
exp[Jaa(kh + g)ds]

Defining
h
$§ = 3(h) = expljal{kh + s)ds]
. 0 veeerses(3.11)
puts
I.F = 1/%(h)
= 1/8%

Thus mulitipliying both sides of Eq 3.9 by the integrating factor gives :

dly/%]

= v/
dat v/%

h h
=> Jg[y(kh+s)/§(s)] = J [v(kh+t)/3(t)] dt
o



=> y(kh+h)/3(h)

=> y{kh+h) =
= y(kh+h) =
Putting h-t

gives: -dt

and the new limits of integration

when t=0, s=h
t=h, s=0

=> y(kh+h)

=> y{kh+h)

Which is of the

y{kh+h)

where

(]
1}

-
i

y(kh)/%<0)

$(h)xy(kh)/3(0)

+

$(h)*y(kh)/1

§(h)*y(kh)

$Ch)*y(kh)

" y(kh) +r

a{kh + s)ds]
0

$(s)vikh+h-s)ds

h
j [v(kh+t)/3()] dt
0

h
§(h)*] [v(kh+t)/8(t)] dt
: 0

h
J [3(h-t)#v(kh+t)] dt
0

become ¢

[0

h[§(s)*v(kh+h-s)] ds

[h

[3(s)%v(kh+h-g)] ds
0

oooooooo

oooooooo



Part 2 Derivation of Eq 3.29 and Eq 3.31

Derivation of Eq 3.29

-

It is convenient to define :

h
h* = j §(s)ds creesees(3.13)
0

where

h
§ = §Ch) = exp[[a(kh + 8)ds] ,
0 , ceseesean(3.11)

and for first order extrapolation

a+at where a = alkh) & a = a(kh)

alkh + t)

.o

Thus Eq 3.11 becomes

$ = 3(h)

h L]
expfjg(a + as) ds 1

.

expl (ah + ah®)]
2

explah]: explah? ]
2

Substituting Eq A.1 into Eq 3.13 gives :

h .
h* = J explaslx*explas?/2]ds
(1]

Integrating by parts gives ¢

) . h .
h* = (explahl - expfah?/21)/a -1/a + a/afe*exp[as]*exp[382/23 ds
1]

A.4



A.S

And making use of Eq A.1 gives:
. h
h* = 3%/a -1/a + a/a s*3(s)ds
0

Which on rearranging gives :

. |h
} = 1 + ah” + a [ s#§(s)ds  ...... .. (3.29)
0

Derivation of Eq 3.31

We have @

-
[1]]

h
r(h) = J $(S) - v(kh+h~-S)dS creeeess(3.12)
0

and putting s = h-$S

gives: -dg = d$
and the new limits of integration become :
when $=0, s=h
S=hs s=0

ie.

0
r = -J $(h=-g) v(kh+s)ds
h

h
r = [ §(h~g)*vikh+s)ds
0

and for first order extrapolation :

vikh + 1) = v + v 't  where v = vikh) & v = v(kh)



h .
J §(h-s)#*[v(kh)+ s*v(kh)lds
0

. [h
h®*.v + v I 8.3(h-8)ds
0

s 00 000

« . (3.31)

a.b



Part 3 Derivation of Eq 3.35 and Eq 3.36

The Runge-Kutta fourth order method is used to integrate

h
Iy = j s#f(s)ds = ........ (3.30)
_ o
The Runge-Kutta method is desribed in Gerald and Wheatliey[1984] and is

used as follows !

For
h
I = fix) dx
0
calculate :
Ky = h.f(0)
K2 = h.f(h/2)
K3 = h.f(h/2)
Ke = h.f(h)

The integral is then given by :

I = 1/6 ( Ki + 2K2 + 2Kz + Ka) ceeees(A.L2)

Putting f(x) = s*§(s) gives:

Ke = h' 0" §(0) =0

K2 = h*h/2°§(h/2) = h%/2°§(h/2)
Ks = h*h/2°§(h/2) = h®/2°§(h/2)
Ke = h h* §(h) = h%- §(h)

Substitution of Ki:K2:Ks and K« into Eq A.2 gives :

I ~1/6 ( 0+ h*/2°§(h/2) + h?/2°§(h/2) + h% §(h) )
= h?/6°(2§(h/2) + §Ch)Y L., (3.35)

Similarly for

h
I, = } s-3(h-s)ds crsseeas(3.32)



Putting f(x) = s §(h-s) gives:

K+ = h" 0" §(h-0) =0

K2 = h*h/2" §(h-h/2)= h?/2" §(h/2)
Ks = h*h/2" §(h=h/2)= h?/2" §(h/2)
Ks = h*h" §(h-h) = h?-§(0)

and again substitution of Ky »K2,Ks and K,

into Eq A.2 gives !

I =1/6 ( 0+ 2°h?2/2°3(h/2) + 2°h%/2°8(h/2) + h%® )

= h?/6° (2§(h/2) + (D))

cseesels(3.36)

ﬂ's
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Part 4 Derivation of Eq 3.39 and Eq 3.40

Consider Fig A.1 below representing a hypothetical change of & with

time.

[ - e

DO Hmemrn®

Time

Figure A.1 Illustration of how & is estimated

At each sampling interval (-khs...»-3hs~Zhs-hs...) estimates of o are
made (Xisr...1&31&x2'&1...). It is possible to estimate & at time=0 by

finear regression on the equation

& = & + & kh R ¢ T 9

”~

Define ex = & + & kh - &

and put S = % e?
k=q



A.10

S is to be minimised by choosing suitable & and &. This is done by

taking partial derivatives of S with respect to & and & °

2 = s2ft -0
(o4 kw1 6“
n
=> SO & + & kh - & )*1 =0
k=l
n 1 ] . n
=> 21+ &I kh = & R . WY )
k=q k=1 k=i
Also
88 _ 2 .Sex
_gt - kgtzek §& 0-
n
=> S & + &' kh - & )*kh = 0
ke -
a ] n .
=> & % kh + &.2 (kh)?2 = £(kh)- &« Cereees (AT
kmy k=1 k=1

Using Kramer®s rule to solve the pair of simultaneous equations in Eq

A.4 and Eq A.5 for & gives

n
n T &k
k=1
n n
T kh  Z(kh)%*&
A~ k=i k=4q
d( =
L]
n Z kh
k=
[} L]
£ kh T(kh)?
k=4 k=g

ie.
n . L] n
n* £ (kh).&x - I (kh) % &
k=1 k=1 k=t e (3.39)

Q>
[}

n n
n* I (kh)?2 - (% (kh))?

k=i ke



Similarly by putting

Re = R + R kh
It is possible to show that

n n n
n* £ (kh).Re =% (kh)'Z Re
ﬁ - k=t kwt kmi

n n
n° £ (kh)® - ( Z£ (kh))?
kw1 k=1

(3.41)

.11



APPENDIX B

LISTINGS OF THE PROGRAMS USED IN THE SIMULATION RUNS

This appendix gives a listing of the files used to generate the results

-

presented in Chapter S. The files are :

(i) AERATOR.PAS
(ii) INPUT.PAS
(iii) DISPLAY.PAS
{iv) CHANGE.PAS

(v) PROCESS.PAS

{vi) VARIABLE.PAS
(vii) COMMON.PAS
(viii) GXINC.PAS

(ix) PRINTER.DEF

Figure 4.5 illustrates how the first five files, i.e. AERATOR.PAS to
PROCESS.PAS:; are linked. The sixth files VARIABLE.PAS is ’included’ at
compilation time into these first five files as VARIABLE.PAS contains
the definitions of all the 9lobal variables. The seventh file,
COMMON.PAS, contains various rountines that are common to two or more of
the first five files. The eighth file, GXINC.PAS contains a set of
routines ‘used in conjunction with INT10.COM. GXINC.PAS is used
exclusive]Q by PROCESS.PAS. The 1last file 1listed in this Appendix,
PRINTER.DEF, is the printer file specification file that is required for
HARDCOPY.COM. The source code for INT10.COM and HARDCOPY.COM is not

given as these were not written by the author.

The program listings are presented in a separately bound document.



APPENDIX C

PARAMETER LISTS USED FOR THE SIMULATION RUNS OF CHAPTER S

In the simulation program used in this thesiss more than 50 parameters
are required to define each simulation run. In order not to bog the
reader down by-listing each set of 50 parameters for every simulation
run of Chapter 5, only the salient parameters are mentioned within the
text of that Chapter. For purposes of complieteness, this Appendix lists
the entire set of parameters for all the simulation runs of Chapter 5.
Also included in this Appendix is the entire list of parameters used for

the confirmatory . run of Chapter 4, entitled Holmberg.dat.
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vave aapiitude = 4, nu
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in = 9.000 ngd2/} ,
Coutinitial = 9 20 2g g2/
sean at = 0,00000 C700 /1

g
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L
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CONTROLLER
The process is controlled by a
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ac = 0,1666000 /a1n
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= 0,016640 |8D/l.axn,
SETPOINT =  2.000 =gO2/1
TIME DATA
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e
snuLaTeD process” Bhod 0

gean @ = 0,0000000 [1/day]
3 vave asplitude = 0 5005000 [1/ﬂav]
§ cosine wave offset = 0,000 [']
8 cosipe vave periad = 0,000 rlln]
¥ = {5000000,000 |
?%zt°P°‘?s>“wu
putnitia i

sean ai = 0,000001200 C1/1]
al vave annlltude = 4, UUUOOUOOO ; 1]
al cosine vave otfset = 90 (10 t

] [

0 [ nl

al
[he]
]

ain]

al cosine vave period = 0,000
Kla ag1s 1nterLept = 0,000000
aean OUR = 64,998 [ngﬂ/l/ r]

QUR vave amplitude = 15,00 [|80
QUR cosine vave offset = 99,00
QUR cosine vave Serlod = {440,000
aean Teap = 20,000 [*

Teap wvave aaplitude = 0.000 [*(]
Tenp cosine vave offset = 0.000 [*]
Teap cosine yave perxod = 0.000 [a1n]
Inlglal air tlow = 15000001/minl

D0 noise band = 0,000

¢ naise band = 0.000

No process lag

CONTROLLER

1/
']
a1
{/al
/1
[.

[

ra
bl

con
1000000 /ain
esp = 0,0010000 a90/1
kdo = 0,001000 /min
d = 0,08957 agl/1.2in
SETPOINT =~ 2.000 ag0Z/1
TIME DATA

Run ge Kytte interval = 1,000 ain
Confraller interval = 10,000 min

IDENTIFICATION

lero order identification is being' used

QUTPUT  MODE

-——————— 0 e e

GRAPHIC AND FILE OUTPUT

~ GRAPHICAL guTPUT
s variable Lov l:ait Hxah limit

t ! T
{ Cout 4,000 3,000
: JuR 45.009 9. 000
3 Ourkst 43,000 30,000

Cout 0,000 3,000

Svabol Fre}uencv per screen = {2
Nuaber of X-axis divisions =12

X - axis units 1n hours

Tine per screen = 24,0 hours

NO Hardcopy ever sent to srinter

c.4

File nam B b,DAT
SIMULATED NMESHW& ALUES

aean & = 200001500,0000000 C[1/4ay]

9 vave aaplitude = 0,0000000 [t’daYJ
3 cosine yave offset = 9.000 [*)

4 cosine wave perjod = 0,500 [ainl
Y = 15600007, 000 |

fin= 0, 100 aajz/]

CoutInitial = 0,000 n?02/

aean al = ¢, 000001"00 (1/1]

al vave aaplitude = 0, 0000001“0 [1/1]

al cosine vave offset = 4,000 [*]

al cosine wave period = 1440 900 (ain]

Kla axis 1ntercest = 9,0000000 C{/a1a]

sean GUR = 54,998 [a qO/l/hr

UR vave amplitude = 15.000 [aal/1/he]

OUR cosine wave offset = 0,000 [*]

OUR cosine wave 5 er1od = 1440.000 [ain]

aean Tesp = 10,000 [*(]

Temp wvave anolltude = (.000 [*C]

Telp cosine vave offset = 0,000 E']
g cosine wave perlod = 0.000 Lainl

Initial air flow = {00000CI/ain]

08 noise band =
2 noise band =
No process lag

CONTROLLER

- -

- e s e e

Runge Kutte interval = 1,000 ain
Cantroller xnterva! 8,000 ain

IDENTIFICATICON

First order 1dentlf1catlon 1s being used
3 points ysed tn least squares estiaation

QUTPUT  MODE

. GRAPHICAL DUTRUT
axis variable LDU iait ngh liait

l
H

i auR 0.000 100 000
2 QurEst 0,000 100.000
3 g 0.000 {.005
] § 0.000 0.005

Syabol Frequency per screen = §
Nuaber of X-axis divisions =12
f - axis units 1n hours

Tiae papr screen = 24,0 hours

Hardcopy sent to prinfer at snd of sach screen



File nase : sup7,PAT
SIMULATED NMES*WH mﬂﬁ

.....

§ vave anplxtude = g, 00000“0 rl/dav]

9 cosine wave offset = 0,000 [

Q cosine vave gerxnd E U 000 [=in]
V = 150000000,000 i

0.000 a2/}

CoutInltlal “0,000 g

pean af = 0, 000001719 { ] .

al vave amplitude = 0.0 00@01“0 [/

al cosine vave offset = 9,000 (]
ried =

-0.6

g0

1

2

al cosine vave periad = 1440,000 [ain]
Kla axis 1ntercest = -0,6225600 {1/m1n]
sean QU /1ihe]

QUR vave asplitude = 15.000 [laO/l/hr]
QUR cosine vave offset = 0,000 [*]
QUR cosine vave Berlod 1440,000 Cain]
aean Teap = 10,000 [*€]

Temp wvave amplitude = 0,000 [*C)
Temp cosine vave offset =  0.000 [*]
Teap cosine vave perlud = 0,000 Cninl
Inttial air flov = {00000C1/m1n

D0 noise band = 0,000
@ noise band =
No process lag

CONTROLLER

The process is controlied by a &

Dual mode controller

ac = 0,1666000 /sin

ssp = 0.0100000 »g0/1
kdo = 0.00001) /|1n ,

d = 0040000 ng0/1.nin
SETPOINT = 2, 000 ag02/1

TINE DATA

lun?e Kutte interval = 1,000 min
Confroller interval = 6,000 min

IDENTIFICATION

First order identification is being used
5 points used in least squares estiaation

QUTPUT  MODE

. GRAPHICAL DUTRUT
axis . variable Luu liait High Timit
; t t
-
0y

§ AirF}ov 4,000 200000, 08

4 AirFlov 0.900  200000.000
Syabol Frequency per screen =0
Nusber of 1-axis divisiens =12

{ - axis units in hours
Time ver screen = 12,0 hours

Hardcopy sent ta printer at end of each screen

c.5

File name ;,ezpﬁ.,
SIMULATED PROCESS HuLtL YALUES

sean 4 = 4,0000000 [1/day]

q vave dlD]ltudE = 0, ﬂﬂuvUOO [l;day]

% cosine vave offset = 0.000 [*]

§ cosine wave perlod = 0,000 [anl

¥ = 130000000.900 1

fin = 4,000 a2/ 5
{

fout’nltlul 0,000 w02/

aean af = 0,000001200 CI/12

3l vave asplitude = 9.000000120 (111
al cosine vave offset = 0,000 [F ]

al cosine vave perlud = {440,000 [nin]
Kia axis xntercest 0.0000000 C1/a1n]
aean OUR 4.9 [lgﬂ/ll r]

OUR wave amplitude = 15. 010 Engﬂ:l/hr]
QUR cosine wave offset = 0,000 (']
OUR cosine vave Berlod = {440,000 [ainl
aean Teap = {0 9

Teap wvave amplitude =  0.000 [*(]
Temp cosine vave offset = 0,000 [*]
Telg cosine vave period = 0,000 [ain]
Initial air flov = 100000C1/min]

00 noise band = 0,000
@ noise band = 0.000
No process lag

CONTROLLER

The process is controlled by a :

Dual mode controller

ac = 0.1666000 /ain

esp = 0,0100000 agl/1

kdo = 0.000010 /min

d = 0,040000 aql/1.8in

SETPOINT = 2,000 mg02/1
TIME DATA

D T

Run%e Kutte interval = 1,000 min
Controller interval = 6,000 min

IDENTIFICATION

First order identification is being used
points used 1n least squares estiastion

QUTPUT  MODE

. SRAPHICAL QUTRYT .
axis  variable Lov limit Hlﬂh liait
uR .000 1Q0.000
Oupkst 0.000  100.000
aEst 0,000 9.000

al 0.000 0.000

Syabol Frequency per screen = 0
Nuaber of I-axis divisions =12

1 - axis units 1n houes

Time per screen = 74,0 hours

o G 3 e

Hardcopy sent to printer at end of sach screen



11e name i ex F“

SIHULATED PRGSESS HiDEL ”t-

pean & = 9,0000000 [1/day]

8 vave amplitude = 0 ﬂﬁﬂhoﬁu_[
8 cosine wave offset 3,000 £°]

q cosine wave oeriod = 0,000 [mip]

¥ = 150000000.000 1

{in = 0.000 a2/

Coutlnitial = 0 nuﬁ -q,./}

asan af = 0, uﬁOGOi.”U 1]

3l vave amplitude = ¢ Uu00001”ﬂ £/
al cosine vave offset = 0,000 !

al cosine wave period = 1442,000 [ain)
Kla ax1s 1ntercept = 0 UuOﬂPOU {1/min]
sean OUR = 44,998 [agl/i/hr

QUR vave amplitude = 15,000 [aqﬂ i/brl
DUR cosine vave offset = ¢

OUR cosine vave Berlod = {440, 00 0 [ninl
nean Teap = 10,000 [*(]

Temp wave amplitude = 0,000 [*{]
Temp cosine vave offset = 4,000 [*]
Teng £0S1ne vave perxod = 1,000 [ain]
Initial air flow = 10000001 fain]

00 noise band = 0,000

Q naise band =  0.000

No process lag

CONTROLLER

i/day]
rey

Dual mode controller

ac = 0,1666000 /ain

psp = 0,0100000 ql/1

kdo = 0.016670 /min

g = 0,080000 maD/].8in

SETPOINT = 2,000 |90 /]
TIME DATA

Runge Kutte interval = 1,000 min
Confroller interval =  &.000 min

IDENTIFICATION

glPSt prder ldEﬂt}faL?tlﬂn 15 being used
points used 1n ifeast squares estization

QUTPUT  MODE

_ GRAPHICAL QUTRYT
axls  variable Llov iiait High liait

{ ,out 0,000 3000
: . .99 0,010
3 ﬂ 9,004 5,500
4 ﬂurt‘ 3,000 {34,008

Syabol Frequency per scraep = 12
Nunber of I-axis divisions =12
- axis ynits 1p hours
T’IE per screen = 48,0 hours
Hardcepy sent to printer at end of each screen

C.6

nage : BP0, DAT
SIMULATED PRD ESS HODEL ™ VALDES

aan 4 = 200001400,0000000 [1/4ay]
4 vave amplitude = 0.0000000 [llﬂﬂYJ

4 cosine vave offset =  §.000 [*]

g 051ne.gaye FFPIDU = 0,000 [ain]
fin = 0,400 |¢F 1

foutInitial = 0 040 m:ﬂ‘/l

aean al = 0,00000{200 L{/1]

i wave anplxtude =0, uOOuuﬂi”O [1/11
al cosine vave offset = 6,000 ']

al cosine uave perxud = 148), fﬂO (aip]_
Kla arls int erreg = 0.@&[0.00 {1/8152
mean QUR = 44,998 [aal/1/hr]
OUR wave amplitude = {5, 000 [agl/ I’hr]
UR cosine vave offset = 9,000 [*]
ouR tgsine vaye serlod 1440.000 [mind
aean femp = 10,000 [*C]

Temp wave agpiitude = 0,000 (*(]
Temp cosine vave offset = .000 [*]
1eng cosine vave period = 0,000 (ainl
Initial air flow = 104000C1 /81n]

{0 noise band = 0,000

9 noise bangd = 0,000
No process lag

CONTROLLER

The pracess is controlled by a :

Dual mode controller vith flov terss included
ac = 0,1666000 /min
esp = 0,0100000 g0/l
kdo = (000010 /lln
4 = 0,040000 ngl/1.0in
SETPOINT = 2.0 0 agl2/1
TIME DATA

Run?e Kytte interval = 1,000 min
Controller interval =  4.000 min

IDENTIFICATION

First order 1dentification is being used
5 points used in least squares estimation

QUTPUT MODE

~ GRAPHICAL QUTAYT

axis | variable Lov lisit Hx:h lisit
JuR 0,900 1@0.900
Jurkst 0,000 100.000
2 §.000 2,009

af {4,000 2,000

syabol Frequency per screen = 0

Humber of f-axis lelSlons =12

1 - axis gnits In nour

Time per scroen = 24,0 hours

Hardcopy sent to prxntar at end of sach screen

o Gl



' File name : EIP{Y,
SIMULATED PROCESS #0DEL VALY

aean & = 0,0000000 [1/d4av]
2 vave asplitude = 9.0 j
8 cosine vave offset =
§ cosine vave perigd =
¥ = 130000000.000 1

{inz 9. 000 gal2/1

CoutInitial = 0.000 300271
pean al = 9, 000091/‘3 /13

al vave amplitude = &, {00 120 0413

al cosine vave affset = g (7]

al cosine vave period = 144\ 10 fainl
0 [ /s1n

Kla axis 1ntercegt = =047
aean QU 8 (agl/i/hr]

OUR vave amplitude = *5 00 faaC/& el
UR casine vave affset = 4,000 [*]

QUR casine wave perigd = 1440,000 Cain]
aean Teap = 10,000 [*(

Teap vave alplltude = 0,090 (03
Teap cosine vave offset = 0,000 [*]

TEI% cosine vave period = 9,000 [s1nl
Initial air flow = 100006[}’|'n1

00 noise band =

g noise hand =

No process lag

CONTROLLER

The process is contralled by a ¢

Steph‘s dual mode controller
ac = 0,1666000 /ain
psp = 0,0100000 aal/1
kdo = 0,000010 / sln
= 0,04000 0 aal/1.ain
SETPOINT = 000 ag02/
TIME DATA

Run%e Kutte interval = 1,000 ain
Controller interval =  4.000 ain

IDENTIFICATION

First order identification is being usad
5 points used in least squares estimafion

QUTRUT  RODE

~ BRAPHICAL ouTRyT o
als | variabie Lov timit Hiah iiai!

i H T
H

1 DUR ﬂ m)i] “‘(" 'ﬂn
Z Qurkst 0,500 1”0. i
3 akst 9.000 1, 004

al 4,000 4,000

Syabol Frequency per screen = §
Number of 1-axis divisions =12
X - axis units in hours

Time per screen = 24,0 hours

Hardcopy sent to printer at end of sach screen

c.7

File name ! eyp{l,[AT
SIMULATED PROCESS HPQE! YALuES

aean @ = 0,0000000 [1/4ay]

4 yave ampittude = §.0000000 [1/day
Q cosine wave offset = 0,000 [°)

% cosine wave peripd = 0.000 {ain]
Y= 150000000, 000 1

Cin = {000 wal2/]

CoutInltlai 0,000 2902/

pean af = 0,000001200 [1/1)

il vave aip!liude 0. ﬂ000ﬂﬂ1°0 [

al cosine vave offset = 0,000 ['J

3l cosine vave periad = 144,900 Tain]
Kla ais xntercept = 0, OOOOUOU [1/m1n]
asan GUR = 64,998 [agU 1k

OUR wave amplitude = 15. 000 TugU;l/hr]
OUR cosine vave offset = 0,000 [*]
OUR cosine wave Serlnd = {440, 100 [ainl
sean Tesp = 10,000 [*0]

Tesp wave amplitude =  0.000 [*(]
Teap cosine wave offset =

Teaf cosine vave Perlod = 0800
Initial air flow = 10£030[l ‘ainl
00 noise band = 0 100

# nolse bangd = 000

No process lag

CONTROLLER

The process is controlled by a:

Dual ande Lontroller

ac = 0,1666000 /a1n

esp = 0,0100000 sg0/]

kdo = 0.900010 /ain

4 = 0,040000 agﬂ 1.xin
SETPOINT = 2.000 IgﬁQ!l

TINE DATA

Runge Kutte interval = 1,000 zin
Confroller interval = 10,000 sin

IDENTIFICATION

Fxrst prder identification is being used
5 points ysed in least squares estimation

QUTPUT  MODE

SRAPHIC AND FILE QUTPUT
. GRAPHICAL OutPyT
ax1s  variable Lov liait Hiah limit
x i
Cfmt 0000 300

{ {oy

2 JuR 3.000 100,900
3 AlrFlow §.000  200090,990
i ULPESt 0,900 100,000
vabol Frequency per screen = 9
Nusber of X-ax1: divisigns =12

- axis units in hours

Tine per screen = 12,0 hours
ND Hardcopy ever sent to printer



APPENDIX D
TABLE OF DATA USED TO PLOT FIGURE S.5 AND FIGURE 5.6

Figures 5.5 and 5.6 illustrate the effect of sampling time on the
estimates of R and on DO control using the first order and zero order
methods. As no discernible difference between the zero order and first
order method is apparent from these Figures, this Appendix lists the
data used to plot Figures 5.5 and 5.6, so as to quantify the difference

(albeit small) between the values generated by the two methods.

TABLE D.1

Values used to plot Figures 5.5 and 5.6

Sampling ZERO ORDER FIRST ORDER
Interval Mean error Mean DO Mean error Mean DO
{(min) in R setpoint in R setpoint
difference di fference
1 0.242176 0.043284 0.242176 0.043284
2 0.463263 0.056819 0.463263 0.056819
3 0.668742 0.076599 0.668742 0.076599
4 0.862851 0.097422 0.862851 0.097472
5 1.046662 0.118056 1.046662 0.118056
6 1.2246649 0.138176 1.226492 0.138176
7 1.399737 0.157687 1.399973 0.157687
8 1.571543 0.176898 1.571533 0.176899
9 1.739320 0.195115 1.739278 0.195114
10 1.9122265 0.213039 1.912003 0.213041






