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Abstract—A one-step model calibration methodology of the activated sludge model no. 1 (ASM1) of a full-scale waste-
water treatment plant (WWTP) is proposed. First, the key parameters among all parameters of the ASM1 model are
selected by sensitivity analysis based on the effluent quality index. Second, multiple response surface methodology
(MRSM) is conducted to find the optimal parameter values of the ASM1 model. Lastly, an MRSM analysis is conducted
in order to determine the optimal parameter values. This study was conducted in order to develop a new systematic
model calibration methodology that can greatly help the modeler to find the optimal solution by selecting the key par-
ameters and optimizing the parameters. In two case studies of simple activated sludge process and a full-scale plant,
the experimental results indicated that the calibrated models can improve the prediction quality of the ASM model

and the efficiency of the modeling.
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INTRODUCTION

Activated sludge processes are most widely used in many bio-
logical wastewater treatment plants (WWTPs). Activated studge mod-
els (ASMs) have been developed as bench mark models which are
most successful and also describe the industrial standards in WWTPs.
These models have proven to be effective for describing carbon-
aceous, nitrogenous, and phosphorus removal processes in WWTPs
[1,2]. To develop control strategies and find optimal parameters in
ASMs, determinations of the concentrations of relevant compounds
in the wastewater, as well as the stoichiometric and kinetic parame-
ters are needed. However, determination of optimal model parame-
ters is not easy for any specific case [2-4].

Activated sludge models (ASM1, ASM2, ASM2d and ASM3)
for nutrient removal in activated sludge process were developed
and applied in a variety of WWTPs [1]. Vanrolleghem et al. [5] and
Wau et al. [6] conducted respirometric experiments for model cali-
bration, and Vanrolleghem [5] estimated the component concentra-
tions in sludge and influent wastewater, biokinetic and stoichiometric
parameters. Gernaey [7] and Sakara [8] studied modeling of acti-
vated sludge wastewater treatment plants. Especially, the white-
box models and alternative modeling methodologies on the inte-
gration of white-box models with artificial intelligence methodolo-
gies are indicated in the study [7].

The use of advanced model calibration techniques, including the
STOWA, BIOMATH, WERF and HSG protocols, has been rec-
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ommended in order to solve the problems associated with ASM
calibration. These techniques are used to select important parame-
ters and estimate those parameters for the plants. The four calibra-
tion methods have their own advantages and disadvantages regarding
the applicability, usefulness, accuracy, cost, experimental work and
chemical/biological aspects of the model calibration. Recently, Sin
et al. [4,9] discussed the comparison of four existing calibration ap-
proaches (BIOMATH, HSG STOWA and WERF) using a SWOT
analysis. Kim [10] performed the model-based optimization of the
operation in view of the biological performance of N and P removal
of a membrane bioreactor (MBR) by means of a two-tier scenario
analysis. Kim et al. [11] estimated adequate operating parametric
values of WWTP by response surface analysis and optimized the
retention time of each reactor to reduce pollution by mixture design.
Recently, Sibel [12] investigated NH;-N and PO; -P removal from
municipal wastewater by struvite formation, and experimental design
was made using Taguchi’s technique. However, these studies focused
on optimization about a single variable. The process development
methods by considering the effect of one variable have some limita-
tions, such as curvature in the system, interaction effect between
more than two variables, because, in real plants, there are often cases
which need to be considered for several variables, such as total sus-
pended solids (TSS), chemical oxygen demand (COD) and total
Kjeldahl nitrogen (TKN) which is the sum of organic nitrogen with
ammonia (NH;) and ammonium (NH;), simultaneously. On the
other hand, there are several problems with the model calibration
of the ASM families including identifiability, over-parameterization
and sparsity. For example, if the parameters are not identifiable then
even a low level of noise in the data will result in large variations



292 J. Lim et al.

in the parameters’ estimated values, and therefore the parameters
cannot be estimated accurately.

The basic assumption on the previous researches of the ASM
calibrations is that the parameters are independent of each other. If
this assumption is violated, the calibrated parameters may go astray
to incorrect position, where the estimated parameters are far from
the true parameters. Such an incorrect model calibration may limit
the usage of the ASM model.

The multiple response surface methodology (MRSM) can be used
for optimizing more than one response variable of the full-scale plants
in which many variables should be optimized [13-15]. Several re-
searchers have suggested that by using MRSM, the optimization
of the variables can be improved. Vining [13] made use of the dual
surfaces of means and variance, and later Lin [14] used an optimi-
zation scheme with a cost function to minimize the mean square
error by weighting the bias and the variance under the assumption
of best target value.

In this study, a new systematic model calibration method for ASM1
parameters is proposed to minimize the modeling error of the plant
by using a multiple response surface methodology (MRSM) with
a desirability function of the minimum modeling error. Here, the
interactions among the modeling errors of COD, TSS and TN con-
centrations are included in the formulation of the parameter esti-
mation. The proposed systematic calibration method can be applied
to a full-scale WWTP.

This paper is organized as follows. Section 2 provides a brief ex-
planation of activated studge model no. 1 (ASM1), response surface
methodology and multiple response surface methodology. In sec-
tion 3, the proposed calibration scheme of ASM1 is described. Results
of the proposed one-step model calibration method are explained

THEORY

1. Activated Sludge Models No. 1 (ASM1)

Modeling of activated sludge processes has become a common
part of the design and operation of WWTP. In 1987, the Interna-
tional Association on Water Quality IAWQ) task group on mathe-
matical modeling for design and operation of biological wastewater
treatment processes presented ASM1. ASM1 is a single-stage acti-
vated sludge system that performs simultaneous COD oxidation,
nitrification and denitrification processes. After that, the task group
developed ASM2 where biological phosphorus removal process
model is incorporated, and ASM2d where denitrifying PAOs effects
are included, and ASM3 where some defects of ASM1 are enhanced
[1-4].

Even though there exist several ASM models (ASM2, ASM2d,
ASM3) and the modified ASM model family, still ASM1 is widely
used in the biological removal processes since it is well known and
easily applicable to modeling of full-scale treatment plants. ASM1
is presented in a matrix format and expressed that the system reaction
term, ¥ is obtained by summing the products of the stoichiometric
coefficients v; and the process rate expression g for the compo-
nent i in the mass balance by the following equation.

7%= 2.0 M

In the ASM1 model, the main 13 components are classified as COD
components and nitrogen components. Total COD and total nitro-
gen balance for the components in ASM1 is defined by the follow-
ing equations

in Section 4, followed by conclusions in Section 5. COD,,=S+Ss+XAX X+ X+ X @

Table 1. The typical stoichiometric and kinetic parameters of ASM1
Parameters Symbol Unit Value
Stoichiometric parameters
Heterotrophic yield Yu g cell COD formed (g COD oxidized)™ 0.67
Autotrophic yield Y, g cell COD formed (g N oxidized)™ 0.24
Fraction of biomass yielding part.products f, dimensionless 0.08
Mass N/mass COD in biomass iyp gN (gCOD)™" in biomass 0.086
Mass N/mass COD in products in biomass iy gN (gCOD)™" in endogenous mass 0.06
Kinetic parameters
Heterotrophic max. specific growth rate My day™ 6.0
Heterotrophic decay rate by day™ 0.62
Half-saturation coefficient(hsc) for hetero. Ks gCODm™ 20
Oxygen hsc for heterotrophs Kon gO,m? 0.20
Nitrate hsc for denitrifying heterotrophs Kyvo gNO;-Nm™ 0.50
Autotrophic max. specific growth rate Iy day™ 0.80
Autotrophic decay rate b, day™ 0.20
Oxygen hsc for autotrophs Ko gO,m” 0.4
Ammonia hsc for autotrophs Kyi g NH;-Nm™ 1.0
Correction factor for anoxic growth of hetero. 7, Dimensionless 0.8
Ammonification rate k, m’ (g COD day)' 0.08
Max. specific hydrolysis rate K, g slowly biodeg. COD (g cell COD day)™' 3.0
Hsc for hydrolysis of slowly biodeg. Substrate Ky g slowly biodeg. COD (g cell COD)™ 0.03
Correction factor for anoxic hydrolysis T dimensionless 0.4
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N/o{ = SJVH + S:\'D+ S:\'0+XND+X\'I +i)(B ' (XBHJFXBA)JriXI’ ‘XI’ (3 )

Also, there are different main processes defined in ASM1 such
as growth of biomass, decay of biomass, ammonification of organic
nitrogen, and hydrolysis of particulate organic matter [1,3,5]. The
stoichiometric and kinetic parameters of ASMI1 are given in Table 1.
2. Multiple Response Surface Methodology, MRSM

In a full-scale plant, there are many cases where many variables
should be optimized. Therefore, the multiple response surface method
(MRSM) is used to cope with the problems for more than one vari-
able, and examine the relationship between one or more response
variables and a set of quantitative experimental variables or factors
[14,15]. These methods are often employed to find the variables’
values or settings that optimize the response. MRSM may be em-
ployed to find factor settings like operating conditions that produce
the best response and satisfy operating or process specifications,
and to identify new operating conditions that produce demonstrated
improvement in product quality over the quality achieved by cur-
rent conditions [11,13].

MRSM is the method in which a series of experiments will be
conducted first that will yield adequate and reliable measurements
of the response of interest. Secondly, a mathematical model will be
determined that best fits the data collected from the design chosen
in first step, by conducting appropriate tests of hypothesis concern-
ing the model’s parameters. Thirdly, optimal settings of the experi-
mental factors that produce the desirability value of the response
will be determined [11]. If the obtained best values of the response
are beyond the available resources of the experiment, then response
surface methods are aimed at obtaining at least a better understand-
ing of the overall process system.

In general, an experimenter’s first attempt to approximate the shape
is by fitting a 1* order model to the response values in the absence
of sufficient knowledge concerning the shape of the true response
surface. A linear function of the factors with 1* order model can be
written as the following equation.

Y=L4+x+ X+ Pxx+6 )

where Y is the response variable, x are independent variables, 3
are regression coefficients, and ¢1is the error. However, the 1" model
suffers from lack of fit arising from the existence of surface curva-
ture, hence a second order model is defined by adding higher-order
terms to the first order model and is obtained as following equa-
tion.

Y =8+ Bx+YBxi +Y Bxx+E )

sth

where Y is the response variable, x; and x; are i”, j* coded indepen-
dent variables, /3 is the intercept, A, B, B, f; are the regression
coefficients [13,16]. Because many variables have different units
and different limits, independent variables are coded in which the
original variable X; is coded as X; by equation,

X=Xy
= ©

X;=

where x; is the coded variable, X is an independent variable, which
is not coded, X, is the mean value and oX is a standard deviation
[16,17].

The desirability function approach and loss function approach

are the most widely used methods for the optimization of MRSM.
The desirability function transforms the results of analysis into desir-
ability (d). This approach reduces multiple responses to a single
aggregated measure and solves the equation as a single objective
optimization. The aggregated measure has often been defined as a
desirability function. Desirability assigns a number between 0 and
1 to the possible value of each response Y [16,17].1

To describe the desirability function approach mathematically, let
each of the k response variables are related to p independent vari-
ables by the following equation.

Y=1(X, Xo, -, X )t g
i=1,2,-,k
j:1’2’...’p (7)

where Y; is the j” observation on the i” response and f; denotes the

relat10nsh1p between the i” response, y; and x,, *+, x,. The parame-
ter p is the maximum number of observations for each of the k re-
sponses and &; is an error term with a mean value of 0 and variance
of o7 [14].

Desirability functions have three different forms: maximized, mini-
mized, assigned or target value [16]. The objective of this study is
to find the minimum error differences. To achieve this objective,
the desirability function is defined as follows.

0 Y.<A
Y—-AT 5
=| == A<Y,<B
a=|5=%| ; ®
1 Y.<B

where A is the minimum allowable value of ?,- and B is the prob-
lem-dependent limit value of ]A{,-, that is, the minimum and maxi-
mum error between predicted and default values. The weighted value,
1, is an assigned number between 0.1 and 10, and is used as an index
to express the relative importance of variables. If a response value
Y, is more than B, then d=1 and if Y, is less than A, then d=0 [14,
15].

The overall desirability (D) is obtained by combining the indi-
vidual desirability values using geometric mean as equation,

D=(d,xd,x---xd)" ©

where k denotes the number of the response. In this study, k is 3,
d,=TSS error, d,=COD error and d;=TKN error. This single value
of D represents the overall desirability of the combined response
levels. The value of D lies between 0 and 1, so, if D is close to 1, it
indicates that the balance of the properties becomes more favor-
able. However, if D=0, it indicates that one of the response vari-
ables is unacceptable that is d=0, that means the overall product is
unacceptable [14,17].

To maximize the total quality of a system, the dual optimization
objective function is defined as:

Maxp (Hd] (10)

st.
d~df(Y,), desirability function
Yl:fl(X]’ XZ’ AL Xp)

where D is the overall desirability, d, is individual desirability func-
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tion, is the optimal, p is the number of the independent variables,
and k is the number of responses [11,13,17].

The outcome of the experiments generally depends on the exper-
imental conditions. This means that the experimental results can be
described as a function of the experimental variables by the fol-
lowing equation. In this study, polynomial models of linear, inter-
action, and quadratic terms are used to describe the relationship be-
tween the experimental variables and the responses. For the experi-
mental model, an analysis of variance (ANOVA) method is used
to analyze the aspects of the precipitation behavior of alloys for dif-
ferent process combinations. ANOVA can be used to estimate whether
the results of the model are significant or not. If the results are not
significant, a new model is constructed and analyzed [13,18].

To complete the ANOVA calculations, degrees of freedom (d.f.)
should also be considered together with each sum of squares. As
ANOVA studies are in fact experimental studies with a certain test
error, determination of error variance is an essential step. Similarly,
sample variance within the factor levels should be calculated because
the sample size establishes the confidence level of the results derived
from the analysis. These data are subsequently used to estimate the
value F of the Fisher test (F-test). The portion of total variation ob-
served in an experiment attributed to each significant factor and/or
interaction is reflected in the percent contribution, (P), which indi-
cates the relative power of a factor and/or interaction to reduce varia-
tion, i.¢., factors and interactions with substantial percent contributions
are most important.

MATERIALS AND METHODS

1. Data Collection and Process Design

General information required for process modeling is collected
and compiled from the activated sludge plant database based on
designed documents and/or personal communication with the plant
operators. The data for the process design are influent and effluent
characteristics, physical characteristics such as volumes, compart-
ments, pumping capacities, aerators and pipelines, and various kinetic
parameters about microorganisms in the activated sludge process
[19]. The selected process is designed using a general purpose simu-
lator of wastewater treatment plant. In this study, the WEST® pro-
gram is used to model the process.
2. Parameter Selection by Sensitivity Analysis

The optimization of the ASM is problematic due to model com-
plexity because of many components and because of many kinetic
and stoichiometric parameters. To improve the prediction efficiency
of the model, sensitivity analysis is performed to select the key par-
ameters influencing the removal efficiency, because it is difficult to
simultaneously consider all of the parameters when predicting the
results at the same time. The phased change method of single param-
eter is applied between 60-160% scopes of the ASM1 parameters.
Then, the most sensitive parameters are determined by sensitivity
analysis functions of the measured variables to the model parame-
ters. These selected parameters are used for the optimal parameter
estimation using MRSM [19].
3. A Multiple Errors Minimization of ASM1 Model Parame-
ters by Using MRSM

A multiple response surface methodology (MRSM) is conducted
to find optimal parameter values of the ASM1 model. Here, the model
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errors which are obtained by comparing the measured data with
the ASM model prediction values are very useful for parameter es-
timation. These model errors are used as the input of MRSM with
a desirability function in order to minimize the modeling errors of
chemical oxygen demand (COD), total suspended solid (TSS) and
total nitrogen (TN) concentrations. The interactions between the
modeling errors of COD, TSS and TN concentrations are included
in the formulation of the parameter estimation.

By using MRSM, one can find optimal operating conditions or
optimal parameter values through a minimum number of experi-
ments [11]. The experimental design for MRSM uses independent
variables which are chosen by sensitivity analysis. The variables
were transformed and coded as —1, 0, or 1. The experimental design
uses a central composite design (CCD) which results in an efficient
quadratic model.

In this study, polynomial models of linear, interaction, and qua-
dratic terms are used to describe the relationship between the exper-
imental variables and the responses. For the experimental model,
an analysis of variance (ANOVA) method is used to analyze the
aspects of the precipitation behavior of alloys for different process
combinations. ANOVA can be used to estimate whether the results
of the model are significant or not. If the results are not significant,
anew model is constructed and analyzed [13,18].

In this paper, a new objective function of response variables of
MRSM for the model parameter estimation is proposed with the
following equation.

e=y—-y an
where y is a vector of the measured data of TSS, COD, and TKN,
¥ is a vector of the predicted data and e is a vector of the modeling
error of ASM1. The error values are used to confirm the difference
between the measured and predicted data. If the errors are closer to
zero then it means that the modeling results match with the real pro-

cess. The optimal values of ASM1 parameters to get minimum value
of the error can be determined using MRSM. The interactions be-

Data collection

Data collection 1
Data filtering
) v
Modeling Process modeling -

L4
L . Estimation of sensitive parameters
+ Sensitivity analysis
i v
- Multiple response surface analysis
Multiple response D=y xedyx-xd, )

surface methodology — —* -
Estimation of regression model

L]

Multiple response optimization

Max t " . L
Optimization R § CORE e AV I L
and calibration ' ' v
Modeling error of TSS, COD, TKN

L]

Verification Check the modeling performances

Fig. 1. A proposed systematic model calibration method of the ASM
model.
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tween the modeling errors of COD, TSS and TN concentrations
are included in the formulation of the parameter estimation.
4. Proposed Systematic Model Calibration Methodology for
ASM1 Model Parameters

In this study, to find optimal parameters of ASM1, a systematic
model calibration method is proposed as shown in Fig, 1. The model
calibration method consists of six steps: collecting data, modeling,
sensitivity analysis, multiple response surface methodology, opti-
mization and calibration, and verification. First, it gathers key data
set from a plant. Second, a model is selected and a treatment plant
is modeled by using ASM1. The third step is to select key parame-
ters among all parameters of ASM1 using a sensitivity analysis with
respect to the effluent qualities. The fourth and fifth steps are MRSM
to find optimal parameters of ASM1, where the parameter search-

ing space is designed using CCD. The following step is based on
multiple errors minimization scheme of TSS, COD and TKN. In
this step, an individual desirability and a transformation function of
TSS, COD and TKN are defined and a multiple optimization frame-
work is performed based on the overall desirability function. The
final step is to check whether the modeling performance with the
calibrated parameter of ASM1 is satisfactory or not. If the system
performance is not satisfactory, the model calibration strategy needs
to be iterated.

RESULTS AND DISCUSSION

Two cases are studied in this research. Case study 1 is a simple
activated sludge process partitioned into three compartments of an

Trans_2

Shudoe_waste

—

©_waste Sludae_disposal
4
'RAS_loop

Fig. 2. Layout of activated sludge processes in WEST (case study 1).
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(b) COD in oxic reactor

——_T
—-—_Lim

0.5 4
~—a— A
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Variation of parameters

(d) TSS in clarifier

Fig. 3. Sensitivity analysis for each parameter in case study 1, (a) TSS, (b) COD, (¢) TKN in oxic reactor, and (d) TSS in clarifier.
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oxic reactor, a clarifier and an external recycle. Case study 2 is a
Daewoo Nutrient Removal (DNR) process which is an advanced
biological treatment process with four basins of anaerobic, two anoxic,
oxic processes and a secondary clarifier. To model these two case
studies, the WEST® program has been used as a general purpose
simulator.

- Case study 1: Simple activated sludge process.

- Case study 2: DNR process in a full-scale treatment plant.

1. Case Study 1

A simple activated sludge process consists of oxic reactor, clari-
fier and recycled sludge in clarifier. The influent conditions in this
study are as follows: flow 2,000 m*/d; TSS 149 g/m’; COD 398 g/
m’; and TKN 18 g/m’ and operational conditions are as follows:
oxic reactor volume 1,000 m’; clarifier volume 300 m’; recycled
sludge 2,000 m’/d; and wasted sludge 40 m*/d. Fig. 2 shows the lay-
out of the first case study used in WEST program simulation.

Fig. 3 shows the relative sensitivity about TSS, COD and TKN.
Heterotrophic yield coefficient Y,,, which affects the sludge produc-
tion and nitrogen content of the biomass I, was sensitively repre-
sented as change of TSS in Fig. 3(a). Heterotrophic yield coefficient
Y, which affects the oxygen demand and maximum specific het-
erotrophic growth rate z4, and Half-saturation coefficient (hsc) for
heterotrophic growth rate K, was sensitively represented as change
of COD in Fig. 3(b). Ammonification rate constant K, and het-
erotrophic decay coefficient b, were sensitively represented as change
of TKN in Fig, 3(c). Finally, Y, £4/, 14, by and iy selected in associa-
tion with organic matter, nutrient removal, growth and decay of bio-
mass in aeration tank are sensitive to TSS in Fig. 3(d). Also settling
parameter in low concentration r, and maximum theoretical settling
velocity v, are sensitively represented as change of TSS in Fig. 3(d).

Response surface methodology (RSM) is conducted to use cen-
tral composite design (CCD) and to find optimal parameters. Table
2 shows the coded and actual levels of seven key variables, and the
model has run through 152 experimental trials. Experimental results
are subjected to multiple linear regression analysis using MINITAB
14 statistical software to approach the optimal response region for
minimum errors of TSS, COD and TKN. ANOVA analysis is con-
ducted for estimating error between real data and model data for
TSS, COD and TKN. All the p-values are less than 0.01, R? values
obtained for TSS, COD and TKN are TSS=0.973, COD=0.972,
TKN=0.979. Then, nonlinear regression coefficients are estimated
and are given in Table 3.

To know whether the model is over fitted, verification has been
carried out by using training data and test data. The training data is

Table 2. Experimental design for MRSM in case study 1

Independent Range and level
variables -1 0 1

N 0.402 0.67 0.938
y™ 2.4 4 5.6

by 0.24 0.4 0.56
y 0.33 0.55 0.77
iyp 0.0516 0.086 0.1204
rp 0.001716 0.00286 0.004004
Vo 284.4 474 663.6
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Table 3. Nonlinear regression coefficients in case study 1

TSS COD TKN
Term Coefficient Coefficient Coefficient
Constant -102.75 —138.35 —13.11
Y, -0.63 -3.12 1.75
y7e 0.09 2.22 0.09
by, 721 -7.01 -0.85
y —-1.45 5.26 4.77
i 21.03 -20.39 0.08
rp 31099.10 41890.50 3231.19
Vo 0.15 0.21 0.02
Y Yy —4.11 -4.92 -1.14
L Ly -0.05 -0.28 -0.01
b, *by -6.75 -10.81 -0.72
Ly -2.93 -4.08 -2.39
Lp* iy —120.12 -167.42 -13.29
S —2891418.00  —3872908.00  —287974.00
Vo*V, 0.00 0.00 0.00
Y 1 0.44 0.63 0.03
Y, *by -7.18 -9.80 1.11
Yo, 2.75 -1.21 -1.71
Y, Fiy -16.88 9.01 2.74
Y1, 1339.25 1547.59 118.87
Y, *v, 0.00 0.00 0.00
*by 0.77 2.76 -0.03
i —-0.46 -0.89 -0.03
775 T 2.93 5.79 0.14
Ty —106.35 —203.53 —14.26
v, 0.00 0.00 0.00
b* 1, 4.54 5.84 1.46
b ¥l -29.64 -38.10 —18.44
b,y 820.96 2217.82 32.93
b,*v, 0.00 0.00 0.00
7t 26.72 39.94 1.47
L*Tp —621.63 —1480.60 -135.82
e 0.01 0.00 0.00
¥, 3964.21 9343.56 693.61
1%V, -0.04 -0.02 0.00
%V, -15.95 -22.02 -1.71

defined as the data which is used for obtaining the model equation
in this study. On the other hand, the test data is comprised of non-
used data for obtaining the model equation in the process.

In Fig. 4 and Fig. 5, comparison of experimental data and pre-
dicted data from 1* and 2 order model equation for training and
test data are presented. The results of 2" order model equations are
closer to real data than 1" order model equations. Also, a root mean
square error (RMSE) value is used to find out the model accuracy.

n

> (XY

RMSE= [F——
S — (12)
where, X, is experimental value, Y, is prediction value, n is the num-
ber of experimental values. Table 4 shows RMSE values for each
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Fig. 4. The comparison of experimental and predicted data for training data (case study 1), (a) TSS, (b) COD, and (c) TKN.
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Fig. 5. The comparison of experimental and predicted data for test
data (case study 1), (a) TSS, (b) COD, and (c) TKN.

Table 4. RMSE values between training and test data in case study 1

TSS COD  TKN
(mgL)  (mgll)  (mgL)

1* Order 6.33 4.52 0.51
2" Order 2.63 1.89 0.18
1" Order 12.27 8.40 1.73
2" Order 430 6.11 1.09

Training data

Test data

component, and the accuracy of the model was favorable when the
RMSE is close to zero. RMSE values of 2* order model equations
are less than RMSE values of 1* order model equations.
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Fig. 6. Response surface plots of (a) TSS, (b) COD, and (c) TKN
with six kinetic parameters of ASM1.

Optimal operational conditions in Case 1 are determined by using
MRSM. The target values of response variables for the desirability
function are close to zero because of minimum error between experi-
mental and predicted data. The response surface plots to estimate
the COD error, Y, and x4, (keeping other variables as constants)
are shown in Fig. 6. The optimal parameter values obtained after
doing multiple response optimizations are: Y, 0.938; 14, 5.567; b,
0.240; 14, 0.506; 1,5 0.120; 1, 0.003 and v, 663.600. Also the errors of
TSS, COD and TKN obtained are 0.0412, —0.1913 and —0.4369,
respectively and given in Fig, 7.

Then the models are calibrated by optimal parameters which are
found from MRSM in case 1. Table 5 shows the comparison of real
data, default results and calibration results. The errors between real
data and calibration data are less than using default values of ASM1
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Optimal Y_H mu_H b_H mu_A i-XB rP
o Hi 0,930 5,60 0,560 0,770 0,1204 0.0040 663,60
Cur (0,3380) (5.5669) (0.240) (0,5056) (0, 1204) (0.0027)  [663.6000)
0.75885 [, 0,4020 240 0.240 0,330 0,0516 0.0017 284.40
TSS .= | B S R |
Target : 0.0 /
y =0,0412
d =0,95879
coD - i | == ——czoooo R — e
Target : 0.0 /
y =-0,1913
d =0,80874
TKN -/_.-J-’_"__ e | I :-)-J—'.T-_-_‘-_"‘_-_-H-_-‘%\_n S
Target : 0.0 /
y =-0,4369
d =0,56310

Fig. 7. The composite desirability and optimal parameter values of seven kinetic parameters of ASM1 (case study 1).

Table S. The calibration results in case study 1

Table 6. The results of sensitivity analysis in case study 2

Real data Default Calibration Sensitive variables
TSS (mg/L) 12.82 14.56 12.79 Denitrification reactor Y. by, £
COD (mg/L) 43.09 46.14 42.83 Anaerobic reactor Y, by,
TKN (mg/L) 1.557 2.509 2.079 Anoxic reactor Yy by, £
Oxic reactor K, 14, Yy
Secondary clarifier Vg, Tp
parameters.

2. Case Study 2

The proposed method is applied to a full-scale plant of a DNR
process. The DNR process is an advanced biological nutrient removal
process and consists of two anoxic, anaerobic and oxic reactor and
clarifier. The influent conditions used are as follows: flow 8,767
m’/d; TSS 114 g/m’; BOD; 108 g/m*; COD 206 g/m’; and TKN
26 g/m’. Also, the WEST” program is used for modeling and

Fig. 8 shows the layout of DNR process.

To find optimal parameters in ASM1, the parameters and proce-
dures are the same as carried out in case 1. Sensitivity analysis of
TSS, COD and TKN is performed at each reactor. The results of
sensitivity analysis at each reactor are indicated in Table 6. Based
on the results of sensitivity analysis, five parameters of b, K, 4,

Anserobic Arcooc  Asrobic

oo e S 4
i, ...

R v = 0 TS
Nihedbecycle sacodary claifer ™ cout  Trang_ 2 Effluent waler

Shudge_watte

Collection3 ©_waste Shudge_disposal

Fig. 8. Layouts of activated sludge processes in WEST (case study 2).
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Table 7. Experimental design of five key parameters in case study Table 8. The 2" order model regression coefficients in case study
2 2
Independent Range and level TSS COD TKN
variables -1 0 1 Term Coefficient Coefficient Coefficient
by 0.24 0.4 0.56 Constant 171.494 18.216 119.432
Ky 12 20 28 by -6.263 1.574 -9.954
Ly 2.4 4 56 K 0.041 ~0.040 ~0.070
Vo 284 474 664 Wy -1.142 -0.183 -0.279
rp 0.00172 0.00286 0.00400 Vo -0.197 -0.023 —-0.149
rp —42030.600 —4685.600 —31766.000
b, by 12.507 2.346 6.900
v, and r,, are selected as the key parameters for DNR modeling. K*Kg 0.003 0.001 0.002
And then MRSM is performed to find optimal parameters. I Ly 0.275 0.018 0.048
Table 7 shows the experimental design of five key parameters VoV, 0.000 0.000 0.000
which are coded with three levels of —1/0/1 and has run through ¥, 3897027.000  408837.000  2908634.000
32 experimental trials. Design of experiments of five key parame- K 0392 0.000 —~0.002
ters of ASM1 model is conducted through the combinations of 5 bi* 1y 2422 0.002 0.020
key parameters which can search for the optimal parameters with by*v, 0.003 20.001 0.002
minimum modeling errors of TSS, COD and TKN in a treatment b, 512,183 _174.142 409.747
plant. The 2 order model regression coefficients in case 2 are given K1 _0.046 0.002 —0.004
in Table 8. ANOVA results of nonlinear regression represents that KS* " 0 600 0' 000 0 (')00
all of the p-values are less than 0.01, and their R” values are TSS= S*VO X ' ’
0.993, COD=0.993, TKN=0.981. Ks*r" ~0.819 ~0-205 0273
) . o . 14V, 0.000 0.000 0.000
Fig. 9 shows the composite desirability and optimal parameter X
values of five kinetic parameters of ASM1. By using multiple re- HarTr 10244 1.024 —2.732
Vo*1, 19.708 2.832 15.556

sponse optimization, the optimal parameters of ASM1 by using the
proposed systematic model calibration method are found as b;, 0.56;
K, 28.0; 24, 3.30; v, 664.0; and 1, 0.004. RMSE values of ASM1
for training data in Table 9 are 0.47 for TSS, 0.65 for COD and 0.12
for TKN, respectively. The data used for test period is not used for
model building step. RMSE values of ASM1 for test data are 1.45,

Table 9. Comparison of the measured data of TSS, COD, and TKN
and the predicted value of ASM1 with the defaults and
calibrated parameters

. . Real data Default Calibration
1.96, and 0.34 for TSS, COD and TKN, respectively. Fig. 10 and
Fig. 11 show the prediction results of ASM1 model with the defaults TSS (mg/l) 1.83 15.23 8.79
and calibrated parameters for training and test data to compare with COD (mg/l) 11.91 35.87 30.66
the measured data of TSS, COD, and TKN. Table 9, Fig. 10 and TKN (mg/]) 6.25 3.37 4.01
ormmal 0360 50 ) 6640 o.oun
Cur [0.5600] [28.0000] [3.2988] [663.9939] [0.0040]
0.72965 | 0.240 12,0 2.40 284.0 0.0017
TSSe
Targ: 0.0
v =-7.2438
d =0.85512
CODe ———= - - —-— = -
Targ: 0.0
y = -19.5309 /
d = 0.69952
TKNe
Targ: 0.0 [T~ 77°7 =1 "= - TS
y = 52574 /‘—
d = 0.47426 /

Fig. 9. The composite desirability and optimal parameter values of five kinetic parameters of ASM1 (case study 2).
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Fig. 11 clearly show that the calibration results of ASM1 are closer
to the measured data than using default parameters.

CONCLUSION

A new systematic calibration method for the ASM model based
on multiple error minimization values of TSS, COD, and TKN is
proposed to find optimal parameter values of ASM1. The pro-
posed method is validated in two case studies. Case studies repre-
sent that each wastewater plant has different sensitive parameters
of ASM1 model. In case study 1, Y,;, t4;, by, 1, 1y, T and v, are

(c)

Fig. 10. The comparison of measured and predicted data for training data (case study 2), (a) TSS, (b) COD, and (c¢) TKN.

selected as sensitive parameters, while in case study 2, by, K, 4,
v, and r, are determined as sensitive parameters. The nonlinear re-
gression coefficients for each component are estimated, and model
equations are used to predict effluent components in training and
test data. The results of the calibrated ASM1 parameters show better
modeling performance with low RMSE values for both training
and test data set than using default parameter values. We expect
that the proposed method can be applied to calibrate the model par-
ameters of other processes such as anaerobic digestion model and
river water quality model. Moreover, our on-going research is focused
to further upgrade and optimize a full-scale WWTP.

Korean J. Chem. Eng.(Vol. 29, No. 3)
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