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Abstract

In most applications of the Activated Sludge Models (ASM), calibration is based
on more or less ad-hoc and trial and error approaches. There is a need for more
systematic and automated approaches for ASM calibration. In this study, the
applicability of real-coded genetic algorithms and differential evolution in
calibration of a modified ASM No. 1 was evaluated. The evolutionary
optimisers were used in parameter identification of a subset of the model
parameters. The results were compared with a previously proposed calibration
approach based on Monte Carlo simulations. All methods were capable of
calibrating the model when given enough computation time. However, some of
the evolutionary optimisation methods had a clear advantage in terms of
computation time against the Monte Carlo method. The calibration was tested on
an independent data set. The calibrated model provided accurate predictions on
the testing data. However, it was found that the best parameter set for the
calibration data did not result in the best performance for the testing data.
Therefore the calibration and testing data sets have somewhat different optimal
parameter values. As the optimal parameter values cannot be expected to remain
constant for extended periods of time, the model will need recalibration in
practical applications. This result emphasises the importance of methods which
can automate the model calibration.
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1 Introduction

Modelling activated sludge systems has become an
accepted practice in wastewater treatment plant
(WWTP) design, teaching and research. Examples of
model applications include education of process
operators, evaluation of process alternatives in design
phase and process optimisation [1]. Activated Sludge
Models (ASM) published by the IWA Task Group on
Mathematical Modelling for Design and Operation of
Biological Wastewater Treatment [2] are by far the
most widely used models for activated sludge systems.
The ASMs have been implemented in a number of
commercial WWTP simulators as well as general
purpose simulation environments [1].

Despite the popularity of the ASMs, questions
regarding their calibration remain to be answered. The
fact that parameters of the ASMs are not universal,
and that influent wastewater has to be characterised in
terms of the model state variables, was acknowledged
already in the original IWA Task Group reports [2].
The Task Group provided some guidelines for
calibrating the models but no comprehensive
calibration protocol was given. Experimental
procedures for estimating model parameters and
wastewater characterisation were developed by several
researchers to fill the gaps in calibration methodology.
Review on these methodologies can be found in [3].
Systematic calibration protocols were developed later
to give a description of complete -calibration
procedure. Sin et al. have reviewed some of these
protocols [4]. Despite all the effort and numerous
publications over the years on calibrating the ASMs,
none of the proposed -calibration protocols has
established the status as the standard calibration
protocol. Review of literature on applications of the
ASMs revealed that in practice calibration is often
based on more or less ad-hoc approaches [5].

It is well-known that the parameters of large scale
environmental models such as the ASMs are poorly
identifiable [6]. For example, it was stated already in
the IWA Task Group report on ASM1 that errors in
the estimate of a certain parameter will be
compensated when estimating values of other
parameters [2]. The activated sludge models are
practically unidentifiable for two reasons: the model
structure does not allow identification of unique
values for all parameters, and the available data is
insufficient in quality and quantity [7]. Fortunately,
only a subset of parameters has to be calibrated for a
certain application. Determining suitable
combinations of identifiable parameters has been
mainly based on expert knowledge. As the
combinations are not guaranteed to be uniquely
identifiable, parameters have been adjusted manually
one by one.

As alternatives to the experience based approach,
systematic approaches have been proposed to address
the problem of parameter identifiability in large scale
non-linear models. These approaches systematically
evaluate subsets of parameters to determine their
identifiability given the available data and model
structure. The most often cited and applied
identifiability analysis methodologies were developed
by Weijers and Vanrolleghem [8] and Brun et al. [6].
There have also been more recent developments in
this field [9-10]. Methods described in [8], [6] and [9]
have been successfully applied on the ASMs. The
method of Weijers and Vanrolleghem [8] is based on
the Fischer Information Matrix (FIM). Properties of
the FIM are used to find identifiable subsets of
parameters. The method of Brun et al. [6] is derived
from linear regression diagnostics. Both methods
make use of local sensitivity analysis.

Identifiability analysis methods partly automate the
calibration process by systematically screening for
identifiable parameter subsets instead of relying on
expert judgment. Achieving a higher level of
automation in the calibration procedure is desirable in
order to avoid the problems associated with the
commonly used trial and error approaches: the
laboratory scale experiments to estimate parameters
are time consuming and expensive and there is no
established standard protocol for conducting the
experiments. Moreover, variable operating conditions
in some industrial treatment plants lead to the need of
updating calibration. For example, by analysing
process data from pulp mill WWTP it was found that
dependencies between process variables differ
significantly in different data clusters, which represent
operating conditions extracted from the process data
[11]. Frequent recalibration involving extensive
measurement campaigns would make the model
application too arduous. On the other hand, with
feasible  automatic  calibration = methods the
recalibration would not become an issue.

Naturally, the next step in automating calibration
procedure is to use numerical optimisation methods to
calibrate the identifiable parameter subsets instead of
manual parameter adjustment. So far, identifiability
analysis has not been much used in combination with
global optimisation methods. Monte Carlo based
calibration approach, where parameter space was
sampled with Latin hypercube sampling (LHS), was
applied to calibrate a subset of ASM2d parameters in
[7]. Sin et al. justify their use of Monte Carlo
approach over other optimisation methods by citing a
claim that global search methods such as genetic
algorithms would be unusable due to their requirement
of an enormous number of simulations [7].

Genetic algorithms (GA) and differential evolution
(DE) have been previously used successfully in
parameter identification of nonlinear bioprocess



models. In [12], GA was used to estimate parameter
values of a model for E. Coli fed-batch cultivation
process. Real-coded GA was used in [I13] for
parameter identification of chemostat bioprocess
model. A modified DE was developed and applied to
estimate parameters of a Monod-type batch
fermentation model [14]. However, these successful
applications using data from simulators or from
laboratory scale experiments are no absolute proof that
the methods are equally feasible in modelling full
scale biological wastewater treatment processes.

This paper studies the applicability of genetic
algorithms and differential evolution in calibration of
a mechanistic model based on the ASM1 to simulate
the biological treatment of pulp mill effluent by an
activated sludge treatment plant. Identifiable subset of
parameters is chosen by following the methodology of
Brun et al. [6]. Performance of the evolutionary
optimisation methods in calibration of the Activated
Sludge Model is compared with the Monte Carlo
based calibration approach proposed in [7].

2 Materials & methods

2.1 Process and data

The WWTP under study is fully aerobic activated
sludge plant consisting of primary sedimentation,
aeration and secondary sedimentation. The WWTP
treats an average of 32 000 m® of wastewater per day
from a pulp mill with an annual production of 340 000
tonne of fully bleached kraft pulp. Process data
including online measurements and results from
laboratory analyses was extracted from the mill
databases. The data covers the period from 1
September 2009 to 31 January 2010.

Flow rates of influent wastewater, return sludge and
wasted sludge, and total chemical oxygen demand
(COD), total nitrogen (N) and total phosphorus (P)
concentrations are included in the process data of the
WWTP influent. The effluent process data consists of
total COD, total N, total P, soluble N and soluble P
concentrations. Flow rates in the data are daily
average values. Total COD concentrations are
analysed from 24 hour composite samples. N and P
concentrations are analysed from seven day composite
samples.

The process data has been split into calibration and
testing data sets. First 77 days of the data were used as
training data and the remaining 76 days as validation
data. The calibration data set is used to identify the
model parameters. The testing data set is used to
check if the calibration results can be generalised.

2.2 Model structure

The applied model is modified from the original
ASM1 to be more feasible in modelling the biological
treatment of nutrient deficient wastewaters. The

modifications are motivated by the fact that the
original ASM1 was developed to describe
simultaneous removal of excess organic nitrogen and
carbon. On the other hand, nutrient content in pulp
mill wastewaters is typically very low, and addition of
nutrients is required to get biological treatment
without nutrient limitation problems. The model was
introduced in [15] and simplified in [16]. Description
of the model given in [16] is used in this work.

When modelling biological wastewater treatment with
the ASMs, reactors are modelled as continuous stirred
tank reactors (CSTR). In this work the aeration basin
was modelled as one CSTR having the complete
volume of the aeration basin. Component balances for
the liquid phase over each CSTR are written for every
state variable of the model as
L, -c)+r M
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where C; is the concentration of the ith component in
mg I”', O is the flow rate in m® d”', V is the reactor
volume in m’ and R; is the reaction rate of the ith
component in mg (I d)'. Reaction rates R; can be
formulated from the model matrix in Appendix 1. with
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where y;; is the stoichiometric coefficient of the ith
component for the jth process, 7; is the rate equation
for the jth process and n is the number of processes.
Parameters are listed in Tab. 1 with their initial values.
Initial parameters values come from [2] and [15]. As
in [6], each parameter is assigned to an uncertainty
class from 1 to 3. Class 1 represents accurately known
parameters with 5% uncertainty, class 2 moderately
known parameters with 20% uncertainty and class 3
poorly known parameters with 50% uncertainty.

Tab. 1. Stoichiometric and kinetic parameters.

Parameter Unit Initial Uncertainty
value class
Stoichiometric parameters
Yy g COD (g COD)"'  0.67 2
fo - 0.08 2
ixs gN(gCOD)'  0.05 2
ixp gN(gCOD)'  0.035 3
ixBp.1 gP(gCOD)'  0.005 3
ixp2 gP(gCOD)'  0.005 3
Ixep gP(gCoD)'  0.004 3
Kinetic parameters
iy d! 12 3
by d’ 0.744 2
Kon mg O° I'! 0.2 3
Ks mg COD I'! 20 3
Kpi mg P 1" 0.2 3
Ky mgP 1" 0.01 3
Kp, mgP 1" 0.5 3
Kym mg NI 0.1 3
ky m’ (g CODd)"  0.16 3
ki g COD (g COD d)' 9.0 3
Ky g COD (g COD)"'  0.09 3




The modified ASM1 describing biological part of the
WWTP is coupled with a settler model to get
predictions on quality of WWTP effluent that is
discharged to sea. The settler model is necessary also
for modelling the composition of return sludge.
Secondary settler was modelled as described in the
report on Benchmark Simulation Model no. 1 (BSM1)
by the IWA Task Group on Benchmarking of Control
Strategies for WWTPs [17]. The settler volume was
divided into four layers instead of the original ten to
reduce computation time. Primary settler was not
included in the model, as the influent wastewater
measurements used in calibration were made from the
primary settler effluent.

2.3 Identifiability analysis

Analysis of practical identifiability of the applied
model structure taking into account the available data
is made by following the methodology described in
[6]. In order to be identifiable, a parameter subset K
with a number of k£ parameters has to be influential on
the model outputs, i.e. the model outputs are sensitive
to parameters in the subset K, and changes in certain
parameters of the subset K may not cancel out the
effect on model output by changes in other
parameters.

In the identifiability methodology of Brun et al. [6],
sensitivity of the model outputs to changes in
parameters is calculated first. The method is a local
sensitivity analysis, where small changes are made to
parameters at a specific location in parameter space.
Dimensionless scaled sensitivity functions are

A9, ov,(1,0) (3)
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where 0,/00;, denotes the derivative of a model
variable y; with respect to the parameter 6; evaluated at
a specific point @, in the parameter space, Af; is an
estimate of the reasonable range of §; and sc; is a scale
factor representing typical magnitudes of the output y;.
The a priori measures of reasonable ranges for
parameters are calculated from the uncertainty classes
in Tabs. 1 and 2. All parameters in this work were
assigned to classes 2 and 3, as the applied model is
rather experimental compared to the well established
standard ASMs.
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The sensitivity function in Eq. (3) was approximated
with the finite difference method

oy, Ny‘(fﬁﬁief)—yi(fﬁj) 4
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where ¢ is a perturbation factor. Sensitivity measures
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are calculated to quantify the influence of individual
parameters on the model outputs [6]. Vector s; is
constructed by concatenating the sensitivity function
vectors of each output variable i for the parameter j
and 7 is the total number of measurements.

Collinearity index of parameter subset K is defined as

_ | (6)

where 7 is the smallest eigenvalue of matrix §73,
[6]. 5,
functions, where columns are the vectors s; belonging
to the subset K. Purpose of the collinearity index is to
reveal interdependencies of parameters in the subset K
by quantifying the degree of collinearity between
columns of matrix § . Determinant measure px is

is the normalised matrix of sensitivity

useful in identifiability analysis as it considers both
parameter  sensitivity and  collinearity. Low
collinearity index yx and high determinant measure pg
values are indicators of good identifiability. The
determinant measure is defined as [6]

o :det(SAT,SK )l/2k~ (7

Kinetic and stoichiometric parameters of the modified
ASM1 were included in the identifiability analysis.
Parameters of the settler model were not included in
the identifiability analysis and calibration procedure,
and they were therefore kept at their default values.
Wastewater characterisation of total COD and nutrient
concentrations to COD and nutrient components of the
applied model is also a part of the model calibration
procedure. Wastewater characterisation was included
in the identifiability analysis and calibration procedure
as influent wastewater characteristics of each WWTP
are unique and using default values would not be
reasonable.

Tab. 2. Influent wastewater characterisation used in
identifiability analysis and calibration.

Parameter Initial Uncertainty
value class

Biodegradable COD (agst+ 0.502 3

O!XS)

Ratio of Ss to biodegradable  0.468 3

COD (ass (ass™ axs) ")

Ratio of Sj to 0.843 3

nonbiodegradable COD (ag;

(1-(osst axs) ™)

Ratio of soluble N to total N 0.311 2

Ratio of soluble P to total P 0.473 2

Ratio of Sy to soluble N 0.078 3

Ratio of Sy to soluble N 0.027 2

N/COD in inert particulate 0.015 3

matter (ix;)

P/COD in inert particulate 0.005 3

matter (ix]p)

Wastewater characteristics in the model are given as
ratios of model component concentrations to total
COD, N and P concentrations. The sum of model
component fractions for COD, N and P is one. The
model component fractions cannot be used directly in
identifiability analysis or calibration, as change in one
fraction would have to be compensated in the other
fractions to retain the sum of one. Therefore the



wastewater characterisation was defined in a new set
of components which can be altered without the need
to compensate the changes. The defined components
are converted back into model components before
running a simulation. The new set of components is
given in Tab. 2. Initial values of wastewater
characterisation come from [16].

2.4 Modelling objective

Objective of the model calibration is to fit the
modelled concentrations of pollutants to the measured
values. From the WWTP operator’s point of view, the
most important components in the effluent are the
chemical oxygen demand, nitrogen and phosphorus.
Discharges of these three are monitored by the
authorities, and discharge limits are expected to
become more stringent in the future.

An objective function that describes the problem well
is necessary in order for the optimisation to succeed.
The problem at hand has multiple objectives, as the
residuals between the modelled and measured total
COD, N and P have to be minimised simultaneously.
The weighted sum of squared errors objective function
is calculated as follows:

J(9)=ZL’1[Y“COD_W} +Z[YG_YY)@} (8)
n Yi,r _);i,l’(e) ’

G(Y cop )
where 6 is the evaluated parameter subset, Y; is the ith
measurement, Y; is the model output at the ith time
instance and # is the number of measurements.

2.5 Optimisation methods

Genetic algorithms, differential evolution and Monte
Carlo based calibration approach [7] are applied in
calibration of the modified ASM1. Genetic algorithms
are optimisation methods which operate on a
population of potential solutions. The population is
improved over several generations using genetic
operators inspired by biological evolution. The
potential solutions are encoded into chromosomes.
Binary encoding is used most commonly, but other
representations such as real valued encoding can be
used. Information about the solution in the
chromosomes must be decoded before fitness of the
solution can be evaluated by an objective function.
The chromosome without knowledge of the encoding
provides no information about the optimisation
problem. The optimisation process, however, operates
on the encoded chromosomes using genetic operators.
[18]

Individual solutions are chosen to reproduce the next
generation with a probability related to their fitness
value. Recombination operators are used to combine
genetic information from the selected parents to
produce offspring. Mutation operator is applied to the
new population to guard against the loss of genetic

material in the selection and crossover. The new
population is then again evaluated with the objective
function. The GA is usually terminated after a
predefined number of generations has been achieved.
[18]

Differential evolution is also based on a population of
evolving solutions. The most novel aspect of DE is the
differential mutation operator used in producing
intermediary population. In differential mutation
scaled difference of two randomly selected solutions
is added to a third randomly selected solution. The
intermediary population is recombined with the
current population to produce a trial population.
Potential solutions of the trial population compete
with solutions of the current population for placement
in the next generation. [19]

There are many variants of GA and DE, and the
choice of a suitable variant for a given problem is far
from obvious. The GA variant used in this study is
adopted from [13]. The real-coded GA described in
[13] allows encoding parameter values in
chromosomes without conversion between real values
and binary digits. Genetic operators are also applied as
described in [13].

DE is inherently real-coded. Therefore it is directly
applicable to the parameter optimisation problem at
hand. Of the different DE variants DE/rand/1/bin is
said to be more reliable while DE/best/1/bin
converges faster on some problems. The terms “rand”
and “best” after “DE” specify how the base vector is
chosen in differential mutation. “rand” means that the
base vector is chosen randomly from the current
population and “best” means that the best vector from
current population is chosen. “bin” means that
uniform crossover is used in both variants. [19] Both
DE/rand/1/bin and DE/best/1/bin are compared in this
study.

The effect of constraint handling method on the
performance of DE is evaluated by comparing three
constraint handling methods: brick wall penalty,
random reinitialisation of out-of-bounds parameters
and bounce-back. Boundary constraints arise from the
fact that parameters of the mechanistic model have
limitations on their possible values. The brick wall
penalty sets a very high objective function value for
solutions with out-of-bounds parameters to make sure
such solutions will not be selected to the next
generation. Random reinitialisation replaces offending
parameters with random values from the allowed
range. The bounce-back method replaces offending
parameters with values that lie between the mutation
base vector and the violated bound [19].

The Monte Carlo approach for model calibration of
Sin et al. [7] uses Latin hypercube sampling to draw a
predefined number of samples from the parameter



space. The samples are evaluated with an objective
function such as Eq. (8). The sample with the lowest
objective function value is chosen as it describes the
measured data best. In [7] the LHS is integrated into
complete modelling procedure including the choice of
parameters to be calibrated, definition of parameters
space and testing the calibrated parameter set with
data that was not used in the model calibration.

3 Results and discussion
3.1 Identifiability analysis

The identifiability analysis methodology of Brun et al.
[6] presented in Chapter 2.3 was used to find an
identifiable parameter subset. The 27 kinetic,
stoichiometric and  wastewater  composition
parameters listed in Tabs. 1 and 2 were included in the
identifiability analysis.

The finite difference method (Eq. 4) used in
calculating the sensitivity functions (Eq. 3) requires
the choice of a proper perturbation factor £ The
choice of ¢ determines the quality of sensitivity
function. Perturbation factor should approach zero, but
in practice precision of calculations limits the choice
[20]. Sensitivity analysis was run with ¢ values of
0.05, 0.01, 0.005 and 0.001. & value of 0.01 was
chosen, as smaller values produced inconsistent
results.

The sensitivity function in Eq. 3 was calculated for all
27 parameters of Tabs. 1 and 2 using the calibration
data set. Three model outputs, total COD, N and P,
were considered in the sensitivity analysis. Sensitivity
measure J;"*%" defined in Eq. 5 was calculated for all
parameters using the sensitivity functions. The
parameters were ranked according to their J"7
values, and collinearity index yx defined in Eq. 6 and
determinant measure px defined in Eq. 7 were
calculated for all parameter subsets K of sizes 2 to 22.
The lowest ranking five parameters were removed as
the least significant parameters have very little effect
on model outputs, and to reduce computation time.
Including all 27 parameters would have required yx
and px to be calculated for 134217700 parameter
subsets while including 22 parameters reduced the
number of subsets to 4194281.

Results from calculation of yx and pg for different
subset sizes are shown in Tab. 3. Ranges of yx and pg,
pk of subset with the smallest yx and proportion of
subsets with yx < 10 are given for parameter subsets
with sizes from 2 to 17. yx value of 10 was chosen as a
threshold for subset identifiability in line with [6].
Subsets with yx > 10 are considered poorly
identifiable. There were no subsets of 17 or more
parameters with yx < 10.

Tab. 3. Identifiability analysis results.

Subset 7%,min 7% ,max Pk .min PK max P (7 min) Vx<10
size [%]
2 1.00 12.61 0.36 34.21 1.72 99.6
3 1.01 18.71 0.34 18.87 2.38 97.9
4 1.09 2534 034 1264 190 93.7
5 1.31 27.42 033 9.18 1.07 86.6
6 1.51 3421 032 7.21 0.93 76.5
7 1.81 38.03 031 549 0.95 64.2
8 2.02 40.89 031 437 1.17 50.8
9 224 4561 035 3.53 1.02 37.5
10 248 4775 038 289 0.76 25.7
11 2.57 49.02 042 245 0.93 16.2
12 271 5026 045 210 0.82 9.1
13 311 5149 048 1.81 0.86 4.5
14 354 5237 0.51 1.59 0.62 1.8
15 4.01 53.17 0.53 1.41 0.77 0.5
16 540 53.64 0.55 1.27 0.80 0.1
17 1242 5391 056 1.14 0.74 0.0

Parameter subsets with yx < 10 are found up to subset
size of 16. However, there are no subsets with more
than 10 parameters having yx < 10 in hundred best
subsets ranked with px values. This indicates that the
largest  identifiable  subsets  contain  mostly
insignificant parameters. A subset of ten parameters
was chosen to be identified to calibrate the model. The
subset was chosen as it had both low yx and high px
values. The chosen subset is given in Tab. 5.
Parameters which were not included were given their
initial values listed in Tabs. 1 and 2.

3.2 Model calibration

The modified ASM was calibrated by optimising the
parameter subset which was chosen in the previous
chapter. A genetic algorithm, two differential
evolution variants with different boundary constraint
handling methods and the Monte Carlo based
calibration approach [7] were all applied and
evaluated for their performance in calibration.
Boundary constraints for the parameters were defined
by the uncertainty classes in Tabs. 1 and 2.

Optimisation method parameters for both DE variants
rand/1/bin and best/1/bin were population size = 50,
scale factor F = 0.8 and crossover probability Cr = 0.9.
The applied GA was adopted from [13] including the
choice of GA parameters. Both GA and DE were run
for 50 generations for a total of 2500 objective
function (Eq. 8) evaluations. With the Monte Carlo
based calibration approach, 2500 samples of
parameter values were drawn using LHS. Initial
values of the optimised model parameters are listed in
Tabs. 1 and 2.

As the performance of evolutionary optimisers may
vary from run to run, parameter optimisation was run
ten times with each method. Results from the ten runs
were averaged as the interest is on average
performance of the methods instead of a single best



result. Progress of solution for the evolutionary
optimisers is shown in Figs. 1 and 2. In the Figs. 1 and
2, objective function values of the full population
averaged over ten runs is plotted as a function of
generation. The initial randomly generated population
is omitted from the Figs. 1 and 2. DE with brick wall
penalty converges most slowly while the other
methods have quite similar performance. The GA has
variation until the end of the optimisation run due to
its mutation operator. DE/best/1/bin with bounce-back
boundary constraint handling method has the fastest
convergence.
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Fig. 1. Progress of solution for the GA and
DE/rand/1/bin. Objective function values of the full
population averaged over ten runs and plotted as a
function of generation.

It can be seen from the Figs. 1 and 2 that with the best
performing optimisation methods the result after 15 to
20 generations is already near the final result of full
run of 50 generations. In practical applications it is not
reasonable to run the optimisation further than
necessary as computation times are considerable. On a
fairly efficient desktop computer (AMD Athlon™ 64
X2 Dual Core 4200+, 2.00 GB RAM) 2500 objective

function evaluations required approximately 18 hours
of computation. The required computation time is
directly proportional to the number of objective
function evaluations, so stopping the optimisation
after 15 generations (750 objective function
evaluations) corresponds to computation time of
approximately five and half hours.
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Fig. 2. Progress of solution for DE/best/1/bin.
Objective function values of the full population
averaged over ten runs and plotted as a function of
generation.

Performance of the optimisation methods is compared
at 750 objective function evaluations. For each
method, best solution was taken from each of the ten
runs. For these best solutions, mean and standard
deviation of objective function values and sum of
squared errors (SSE) of the three components in the
objective function was calculated for both calibration
and testing data to give the results in Tab. 4.

From Tab. 4 it can be seen that DE/best/1/bin and
DE/rand/1/bin with bounce-back boundary constraint
handling gave the best results for calibration data. The
Monte Carlo method performed worse than

Tab. 4. Mean performance and standard deviations (in parentheses)
of the best solutions averaged over the ten runs.

Training data Testing data

Obj. fun COD, SSE P,SSE N,SSE Obj.fun COD,SSE P,SSE N, SSE
GA 7217 8.79*10° 35 28.5 322.9 1.47%10°  14.1 270.7

(39.2)  (4.40%10% (0.6) (6.2) (7.8)  (8.20%10% (0.9)  (16.0)
DE/rand/1/bin, bounce- 6363  7.60*10°  2.69  30.8 325.5 1.58%10°  13.0  287.1
back (29.9)  (6.25%10% (0.23) (9.4)  (162) (1.21*10°) (0.9)  (49.1)
DE/rand/1/bin,  brick 852.6  9.84*10° 3.6 45.5 328.2 1.59%10° 143  255.1
wall penalty (65.5)  (1.97%10°) (0.6) (20.5) (22.6) (2.51*10°) (0.5)  (57.9)
DE/rand/1/bin, random 707.6  8.73*10° 3.0 32.8 328.0 1.51%10°  14.1 279.2
reinitialisation (52.7)  (1.03*10°) (0.3) (7.6)  (11.9) (1.72*10°) (1.0)  (30.1)
DE/best/1/bin, bounce- 604.0  7.05%10° 2.7 30.3 323.3 1.47%10°  13.1 301.0
back (56.3)  (6.11¥10% (0.3) (4.9) (9.8)  (1.04*10°) (0.8)  (19.6)
DE/best/1/bin,  brick 808.2 8.83*10° 3.4 49.4 319.9 1.42%10° 147 2538
wall penalty (76.9)  (1.23*10°) (0.5) (16.6) (21.1) (1.51*10°) (0.8)  (62.4)
DE/best/1/bin, random 646.3  7.64*10° 3.1 29.0 3153 1.48%10°  13.5  265.5
reinitialisation (33.7)  (3.87*10% (0.5 (41) (11.4) (1.21*10°) (1.1)  (22.3)
LHS 767.0  9.08*10° 3.5 35.8 328.4 1.57%10°  14.1 266.5

(452)  (1.50%10°) (0.7) (16.9) (17.6) (2.59*10°) (1.0)  (35.1)




evolutionary optimisers except for DE with brick wall
penalty. DE with brick wall penalty was the most
inferior optimisation method. However, the best
parameter set for the calibration data did not result in
the best performance for the testing data. Therefore
the calibration and testing data sets have different
optimal parameter values.

Although the optimisation runs produced many very
similar results with only slight variance in the
optimised parameter values, simulations with one
result are presented. Optimised parameter values of
the result with the lowest objective function value for
the calibration data are given in Tab. 5. The result was
obtained with DE/best/1/bin with bounce-back
boundary constraint handling. Comparison between
the simulation results and measured WWTP effluent
total COD, N and P concentrations are illustrated in
Figs. 3-5. The dotted vertical line in the Figs. 3-5
represents the split between calibration and testing
data. By visual comparison the measured and
simulated values are in good agreement for both
calibration and testing data.

Tab. 5. Optimised parameter values of the result with
lowest objective function value for calibration data.

Parameter Calibrated value

Yu 0.804

ixB 0.049

ixp 0.025

ixBP.1 0.0026

IxBp2 0.0059

K 14.01

Kx 0.123
Biodegradable COD 0.747

Ratio of Sj to 0.752
nonbiodegradable COD

Ratio of Sy; to soluble N 0.043
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Fig. 3. The simulated COD concentration in the
WWTP effluent and the measured COD concentration
in the WWTP influent and effluent.
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Fig. 5. The simulated P concentration in the WWTP
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4 Conclusions

Given enough computation time, genetic algorithms,
differential evolution and the Monte Carlo based
calibration approach are all applicable for calibration
of Activated Sludge Models. Some of the DE variants,
DE/rand/1/bin and DE/best/1/bin with bounce-back
boundary constraint handling, require much less
computation time than less efficient methods to
achieve sufficient convergence. This gives the
evolutionary optimisers an edge in terms of
computation time against the Monte Carlo methods.
However, the Monte Carlo method is very simple to
implement and the only required parameter for the
optimisation method is the number of samples. Bad
choice of evolutionary optimisation method and
variant, as in this case DE with brick wall penalty, can
actually lead to worse performance than the random
search method.

It was found that the most optimal parameter set for
the calibration data did not result in the best
performance for testing data. Therefore calibration and
testing data sets have somewhat different optimal
parameter values. It is therefore necessary to
recalibrate the model regularly in practical



applications. This result emphasises the importance of
developing methods to automate the model
calibration.

5 References

[1] K.V. Gernaye, M.C.M van Loosdrecht, M. Henze,
M. Lind, and B. Jergensen. Activated sludge
wastewater treatment plant modelling and simulation:
state of the art. Environmental Modelling & Software,
19:763-783, 2004.

[2] M. Henze, W. Gujer, T. Mino, and M.C.M. van
Loosdrecht, eds. Activated Sludge Models ASMI,
ASM2, ASM2d and ASM3. Scientific and Technical
Report no 9. IWA Publishing 2000.

[3] B. Petersen, K. Gernaey, M. Henze, and P.A.
Vanrolleghem. Calibration of activated sludge models:
a critical review of experimental designs. In: S.N.
Agathos and W. Reineke (Eds.), Biotechnology for the
Environment: Wastewater Treatment and Modeling,
Waste Gas Handling. Kluwer Academic Publishers.
2003.

[4] G. Sin, S.W.H. Van Hulle, D.J.W. De Pauw, A.
Griensven, and P.A. Vanrolleghem. A critical
comparison of systematic calibration protocols for
activated sludge models: a SWOT analysis. Water
Research, 39:2459-2474, 2005.

[5] J. Keskitalo and K. Leiviskd. Mechanistic
modelling of pulp and paper mill wastewater
treatment plants. Report A No. 41. University of Oulu,
Control Engineering Laboratory. 2010. Available at:
http://ntsat.oulu.fi/file.php?718

[6] R. Brun, M. Kiihni, H. Siegrist, W. Gujer, and P.
Reichert. Practical identifiability of ASM2d
parameters — systematic selection and tuning of
parameter subsets. Water Research, 36:4113-4127,
2002.

[7] G. Sin, D.J.W. De Pauw, S. Weijers, and P.A.
Vanrolleghem. An efficient approach to automate the
manual trial and error calibration of activated sludge
models. Biotechnology and Bioengineering, 100:516-
528, 2008.

[8] SR. Weijers and P.A. Vanrolleghem. A
Procedure for selecting best identifiable parameters in
calibrating Activated Sludge Model no.1 to full-scale
plant data. Water Science and Technology, 36:69-79,
1997.

[9] V.C. Machado, G. Tapia, D. Gabriel, J. Lafuente,
and J.A. Baeza. Systematic identifiability study based
on the Fisher Information Matrix for reducing the
number of parameters calibration of an activated

sludge model. Environmental Modelling & Software,
24:1274-1284, 2009.

[10] S. Hengl, C. Kreutz, J. Timmer, and T. Maiwald.
Data-based identifiability analysis of non-linear
dynamical models. Bioinformatics, 23:2612-2618,
2007.

[11] M. Heikkinen, T. Heikkinen, and Y. Hiltunen.
Process states and their submodels using self-
organizing maps in an activated sludge treatment
plant. The 49th Scandinavian Conference on
Simulation and Modeling (SIMS 2008), Oslo,
Norway, October 7-8 2008.

[12] O. Roeva. Parameter estimation of a Monod-type
model based on genetic algorithms and sensitivity
analysis. In I. Lirkov, S. Margenov, and .
Wasniewski, editors, Large-Scale Scientific
Computing. Springer Berlin / Heidelberg. 2008.

[13] A. Sorsa, R. Peltokangas, and K. Leiviské. Real-
coded genetic algorithms and nonlinear parameter
identification. IEEE International Conference on
Intelligent Systems (IS 2008), Varna, Bulgaria,
September 6-8 2008.

[14]J.-P. Chiou and F.-S. Wang. Estimation of
Monod model parameters by hybrid differential
evolution. Bioprocess and Biosystems Engineering,
24:109-113, 2001.

[15] E. Lindblom, C. Rosen, P.A. Vanrolleghem, L.-E
Olsson, and U. Jeppsson. Modelling a nutrient
deficient wastewater treatment process. 4th IWA
World Water Conference, Marrakech, Morocco,
September 19-24 2004.

[16]J. Keskitalo, J. la C. Jansen, and K. Leiviska.
Calibration and validation of a modified ASM1 using
long-term simulation of a full-scale pulp mill
wastewater treatment  plant. Environmental
Technology, 31:555-566, 2010.

[171JB. Copp (ed.) The COST simulation
benchmark: Description and simulator manual, Office
for Official Publications of European Communities,
Luxembourg. 2002.

[18] A. Chipperfield. Introduction to genetic
algorithms. In: A.M.S. Zalzala and P.J. Fleming
(Eds.), Genetic Algorithms in Engineering Systems,
IEE London. 1997.

[19] K.V. Price, R.M. Storn, and J.A. Lampinen.
Differential Evolution — A Practical Approach to
Global Optimization. Springer Berlin Heidelberg.
2005.

[20] D.J.W. De Pauw and P.A. Vanrolleghem.
Practical aspects of sensitivity function approximation
for dynamic models. Mathematical and Computer
Modelling of Dynamical Systems, 12:395-414, 2006.



w+ moM P ey ay
XX stoydsoyd omegio paddenus Jo sTSK[OIPAH "o

movb XXy,
y
s

ity ueSonmr oweSio paddenus Jo s1SAOIPAH ¢

+ "y N1 X+ M
Nﬁ s w XX K sonmgio paddenus Jo SISAOIPAY
My Tty uaBonmu >TuRSI0 (N[0S JO UONRIGIUOWILYY ¢
Hyhy sydonoroay Jo Aroa(] 7

OM‘AT EDM‘ mM‘ 4 MM‘ m.m‘Jr mmVN m.m‘+ EM‘ mz.m‘ 4 :ZM
" E g T.olc E tP—3 HE Ed
§ & 5 & 8 sydoneors)ay Jo moIs o1qoIey |

L4 91BI $$9001] [ssanol]
[91-61] TSV PRIFIPOW 24 JO SAJRT $59001d T 9B

sruoydsoyd

omwedio paddenus

I- I JO SISA[OIPAH 9

uagonmu

otuegio paddenua

I- I JO SISA[OIPAY ¢

somesio paddenua

I- I Jo STSATCIPAH

uadonm

oTeSIO 2[qNOs Jo

I- I UOTIBSYTUOUNLTY "¢

JHoy DG 4D HEp Evel el a sydonorsian

By dely . L TEdy . 40 | (CEdy  Tady) L - LDy ¥ o1- -1 Jo Aroa( T
(% +3)

L& 41y Cdg . Tady JHR sydonoIxey jo

mm THTG rasy 4+ 1ay) - Ty e ! HA- IMOIS 019013V ']

TEy 4y Ty Erg Ty Dy Ey g Ty @y Hgy  O¢  dy Hiy Sy Iy S¢ Lo T ['s82001g
e & 81 L1 o1 B! L 1 S 01 5 8 L 9 ¢ v v T 1 « Tusuodwoy

Appendix 1.

TO1-STT TINSV perIpow a1j) JO SURTOTIJ00 OLIRWOTRTONS ' #qB T



	1 Introduction
	2 Materials & methods
	2.1 Process and data
	2.2 Model structure
	2.3 Identifiability analysis
	2.4 Modelling objective
	2.5 Optimisation methods

	3 Results and discussion
	3.1 Identifiability analysis
	3.2 Model calibration

	4 Conclusions
	5 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


