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Identifiability analysis is a precondition for reliable parameter estimation. Building on previous work on structural identifiability,
this paper focuses on the practical identifiability and optimal experimental design (OED) of the EBPR anaerobic submodel. The
nonnegative determinant of the Fisher informationmatrix (FIM) found in this study clearly demonstrates that the parameters𝑌PO4,𝐾𝐴, 𝑞PHA, and 𝑋PAO in the submodel are practically identifiable using 𝑆𝐴 and 𝑆PO4 as the measured variables and fixing 𝐾PP as the
default value. Furthermore, fixing 𝐾PP to study the practical identifiability of the other parameters and to estimate their values is
shown to be valid. Subsequently, a modeling-based procedure for the OED for parameter estimation was proposed and applied
successfully to anaerobic phosphorus release experiments. According to the FIM D-criterion, the optimal experimental condition
was determined to be an initial 𝑆𝐴 concentration of 300mg/L. Under the optimal experimental condition, errors in the values of𝑌PO4,𝐾𝐴, 𝑞PHA, and𝑋PAO are all below 20%, and the estimated values were 0.35 ± 0.02mg P/mg COD, 3.88 ± 0.41mg COD/L, 3.35± 0.27mg P/(mg COD ∗ 𝑑−1), and 1500 ± 72mg COD/L, respectively. Compared to the results from the nonoptimal experimental
condition, the practical identifiability and the estimation precision of the four parameters were improved.

1. Introduction

Over the past 30 years, ASMs have advanced greatly and have
become important tools for improving biological wastewater
treatment processes. A large number of chemical stoichio-
metric and kinetic parameters are included in these models.
Although default values were suggested for these parameters
in ASMs, they might be site-specific in different application.
However, the best method for obtaining site-specific values
for model parameters remains unresolved, hindering the
practical application of ASMs [1]. Parameter estimation (PE),
a technique that achieves the best fit between the simulated
values and the observed data by choosing a set of parameters
to minimize the objective function, is the most frequently
adopted method for selecting appropriate parameter values
[2, 3]. Reliable PE depends on the model’s identifiability,
which determines whether it is possible to obtain unique

parameter value according to the type or quality of the
model structure (structural identifiability) or the measure-
ment data (practical identifiability), in cases where some
state variables can be measured or observed. Therefore,
identifiability evaluation is significant for ASMs because of
their complicated, nonlinear structure and the occurrence of
strong interconnectedness among some parameters.

Structural identifiability is a property of the model
structure and can be evaluated without any prior infor-
mation regarding the values of the parameters and even
before collecting any data. A number of methods have been
established for the structural identifiability analysis of ASMs,
including heterotrophic degradation [4], nitrification and
denitrification [5], and hydrolysis [6]. Practical identifiability,
however, depends heavily on the quantity and quality of
the available experimental data. Thus, parameters that are
structurally identifiable may be practically unidentifiable
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because of poor or limited data [4]. A method based on the
plots of sensitivity functions has been proven to be useful
for the analysis of practical identifiability of some Monod-
type models [4, 6]. Sensitivity calculations and graphical
analysis are extremely difficult to generate for more complex
models, however, limiting the application of this technology
to some simple models [7]. The inability to quantify the
interdependent correlation of the model parameters is also a
deficiency of the method. Weijers and Vanrolleghem (1997)
developed a procedure based on the FIM to study the
identifiability of ASM1 inwhichD andmodE criteria are used
to find an identifiable parameter subset among numerous
combinations [8]. Currently, this methodology has been
successfully applied to ASM2d [9], modified ASM3 [10], and
other kinetic models [3, 11, 12].

Considering the fact that practical identifiability and
the reliability of PE depend on the quantity and quality of
experimental measurements, OED was proposed to generate
a high-performance experimental scheme. The FIM forms
the core of the OED theory. The practical identifiability
of parameters under different experimental conditions is
represented by a variety of standard experimental designs
that are defined according to different scalar functions of the
FIM [13]. Moreover, the FIM inverse matrix is the parameter
estimation error covariance matrix. Using the experimental
data with the optimized initial substrate concentration [4],
sampling frequency [14] and substrate pulse dosage strategy
[6] have allowed for improvements on the practical identifia-
bility and the precision of parameter evaluations for a variety
of models. Strigul et al. (2009) proposed a practical guide
for the optimal design of experiments in the Monod model
[15].

Despite the recognition that the estimated parameter
values are unreliable for an unidentifiablemodel,manyASMs
practitioners have ignored the investigation of practical iden-
tifiability to focus only on how well their simulation results
fit the experimental results. More importantly, relatively less
work has been devoted to the identifiability and OED/PE
of EBPR submodel than the other ASMs submodels. Our
previous work revealed that all the parameters of the EBPR
anaerobic submodel are structurally identifiable if prior
information of one of the three parameters, 𝐾PP, 𝑋PAO, and𝑞PHA, is available [16]. Based on this finding, the current paper
evaluates the practical identifiability of the EBPR anaerobic
submodel in ASM2d by the FIM using data from anaerobic
phosphorus release batch experiments and assuming the
default value for 𝐾PP. A modeling-based OED procedure
is proposed, and the optimal experimental conditions are
obtained according to the FIM D-criterion. Improvements
in both the practical identifiability and PE precision through
optimized experiments are demonstrated. Additionally, the
bias problem associated with fixing the parameter𝐾PP is also
assessed.

2. Materials and Methods

2.1. Model Description. The submodel of the EBPR anaerobic
phosphorus release process is summarized in (1) according to
the simplifications considered in [16]:

(1) Limitations or inhibitions of electron acceptor (DO
or nitrate), nutrients, and alkalinity on process rates are not
considered. These simplifications are frequently applied in a
batch experiment.

(2) It is assumed that the storage process of𝑋PP would not
be affected by the phosphorus content in PAOs.

(3) The model only considers substrate degradation pro-
cesses. This means that the effect of biomass decay processes
on the available data (measurements) could be excluded.

(4) Growth process of PAOs is neglected.

𝑑𝑆PO4𝑑𝑡 = 𝑌PO4 𝑞PHA 𝑆𝐴𝐾𝐴 + 𝑆𝐴
𝑋PP/𝑋PAO𝐾PP + 𝑋PP/𝑋PAO

𝑋PAO

𝑑𝑆𝐴𝑑𝑡 = −𝑞PHA 𝑆𝐴𝐾𝐴 + 𝑆𝐴
𝑋PP/𝑋PAO𝐾PP + 𝑋PP/𝑋PAO

𝑋PAO.
𝑑𝑋PP𝑑𝑡 = −𝑌PO4 𝑞PHA 𝑆𝐴𝐾𝐴 + 𝑆𝐴

𝑋PP/𝑋PAO𝐾PP + 𝑋PP/𝑋PAO
𝑋PAO

(1)

There are five parameters, 𝑌PO4, 𝐾𝐴, 𝑞PHA, 𝑋PAO, and𝐾PP, which need to be identified in this submodel. Zhang
et al. (2010) demonstrated that parameters 𝑌PO4 and 𝐾𝐴 are
globally structurally identifiable and that all the parameters
are structurally identifiable, provided that one of 𝑞PHA, 𝐾PP,
or 𝑋PP is known [16]. In this paper, 𝐾PP was selected as the
“known” parameter to evaluate the practical identifiability of
the other four parameters using 𝑆PO4 and 𝑆𝐴 as experimental
data available.

2.2. FIM-Based Method of Practical Identifiability Evaluation.
The FIM measures the variation in the output variables
caused by a variation in the model parameters and thus
summarizes the influence of each model parameter on the
outputs. The details on FIM can be found elsewhere. Alge-
braically, the FIM is represented as follows:

FIM = 𝑁∑
𝑖=1

𝑌𝑝 (𝑡𝑖, 𝑝)𝑇𝑄𝑖−1𝑌𝑝 (𝑡𝑖, 𝑝) . (2)

A FIM calculated for 𝑟 output variables and 𝑝 parameters
is a 𝑝×𝑝matrix, where 𝑖 represents each sampling data point
and𝑁 is the total number of samples.

As each column of the matrix represents a parameter, the
determinant and the condition number of the FIM provide a
reasonable measurement of the correlation of a set of param-
eters. Hence, less correlated parameters will easily provide a
diagonal-dominantmatrix.TheFIMdeterminant can be used
as a criterion (the D-criterion) for the practical identifiability
evaluation of the parameters [9]: when Det(FIM) = 0,
the unique parameter values cannot be obtained from the
experimental data because some sensitivity functions are
linear combination of each other; otherwise (Det(FIM) ̸= 0),
the parameters are practically identifiable. For identifiable
parameters, a greater determinant value indicates smaller
parameter estimation error.

Although numerical values for sensitivity are generally
much less informative than an algebraic relation, algebraic
sensitivity analysis is not feasible if the equations of the
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model are complicated [9, 17]. Therefore, the 𝑌𝑝 values
were determined numerically using the finite differences
method according to (3). The central difference approach
with 10−4 (0.01%) was selected as the perturbation factor for
the sensitivity calculations according toMachado et al. (2009)
[9].

𝑌𝑝 (𝑡𝑖, 𝑝) ≈ 𝑦 (𝑡𝑖, 𝑝𝑗 + Δ𝑝𝑗) − 𝑦 (𝑡𝑖, 𝑝𝑗 − Δ𝑝𝑗)2Δ𝑝𝑗 . (3)

2.2.1. Determination ofQ. Themeasurement error covariance
matrix 𝑄 of 𝑆𝐴 and 𝑆PO4 is defined by (4), and the measure-
ment error of 𝑆𝐴 and 𝑆PO4 can be obtained by data fitting
according to (5).

𝑄 = [ 𝑠2𝐴 𝑠𝐴𝑠PO4
𝑠𝐴𝑠PO4 𝑠2PO4 ] (4)

𝑠2 = ∑𝑁𝑖=1 (𝑦𝑖 − 𝑦)2
𝑁 − 1 , (5)

where 𝑦𝑖 represents the experimental data with repeated
analytical determination,𝑦 represents the average of themea-
sured values, and𝑁 represents the number of measurements.

2.3. Parameter Estimation and Optimal Experimental Design

(1) Cost Function and Algorithm for PE. The parameter
estimation procedure was based on the minimization of a
cost function (see (6)), calculated as the sum of squared
error (SSE) between the experimental data and the model
predictions.

𝐽 (𝑝) = 𝑁∑
𝑖=1

(𝑦 (𝑡𝑖) − 𝑦𝑚 (𝑡𝑖))2 . (6)

A genetic algorithm using roulette choice, uniform cross,
and simple mutation was applied to estimate the param-
eters. Crossover probability was 0.7, and variation prob-
ability was 0.1. The ranges of parameters 𝑌PO4, 𝐾𝐴, and𝑞PHA were determined as [0.20∼0.60]mg P/mg COD, [2.00∼
6.00]mg COD/L, and [1.50∼4.50]mg P/[mg COD ⋅ d−1],
respectively. These ranges were selected to represent a 50%
deviation from the typical values according to the parameters
uncertainty [18]. 𝑋PAO was assumed to be in the range of
[0&#x7e;3000]mg COD/L. The initial population was set to
30. The initial population was defined with Latin hypercube
sampling to make it evenly distributed in the parametric
space. The reciprocal of the objective function was taken as
the fitness function; thus, when the parameters were closer to
the optimal solution, the objective function was smaller and
the fitness value was greater. The algorithm was terminated
after 300 iterations, and the optimal solution was the output
along with the maximum fitness value.

(2) Confidence Interval of PE. The inverse matrix of the FIM
(FIM−1) is the parameter estimation error covariance matrix
COV(𝑝𝑖), giving the Cramer-Rao lower bound of the param-
eter estimation error [19], as shown by (7). Therefore, the

Choosing parameters Initial values①

Degree of freedom Experimental schemes②

Simulating experimental 
schemes③ Estimating parameters ④

FIM

OED/PE criterion

⑤

Optimal experimental 
scheme ⑥

Reestimating
parameters ⑦

Figure 1: Optimal experimental design for parameter estimation
procedure.

standard deviation of parameter estimation is the diagonal
elements’ square root of FIM−1. The confidence interval of 𝑝𝑖
is shown in (8).

COV(𝑝𝑖) ≥ FIM−1 (7)

[𝑝𝑖 − 𝑡𝑎;(𝑁−𝑝)√FIM−1𝑖𝑖, 𝑝𝑖 + 𝑡𝑎;(𝑁−𝑝)√FIM−1𝑖𝑖] , (8)

where 𝑡 is the statistical Student’s 𝑡-test with 𝛼 = 95%
of confidence and 𝑁 − 𝑝 degrees of freedom (number of
experimental data points minus 𝑝 parameters).

(3) Methodology for Optimal Experimental Design. The pro-
posed methodology combines modeling technology with
the theory of OED. In this technique, all experimental
schemes will be first simulated on a computer before real
experiments are conducted (Figure 1). Briefly, the proposed
procedure for OED includes (1) selecting parameters to be
estimated and determining their initial values, (2) choosing
the experimental degree of freedom and the experimental
schemes to be optimized, (3) simulating the experimental
schemes, (4) estimating the parameters using the simulated
data and the generated virtual data, (5) calculating the
FIM and the values of the adopted OED/PE criterion, (6)
determining the optimal experimental scheme according
to the OED/PE criterion and performing the experiment,
and (7) reestimating the parameters using the data from
the optimal experiment. Details of the methodology will be
further presented through its application to the design of an
experiment on anaerobic phosphorus release. All calculations
and simulations were implemented in MATLAB.

2.4. Experimental Procedure for Anaerobic Phosphorus Re-
lease. Batch experiments of anaerobic phosphorus release
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were carried out in a cylindrical, plexiglass reactor with a
working volume of 2.5 L. Activated sludge rich in polyphos-
phate was taken from a lab-scale A2/O activated sludge
system treating synthetic wastewater and performing well in
microbial phosphorus removal. Synthetic wastewater con-
taining designed COD concentration was mixed with the
activated sludge by magnetic stirring. Nitrogen gas was
flushed into the reactor to maintain anaerobic conditions.
Acetate was used as the carbon source. During phosphorus
release, samples were taken at selected intervals, and the
concentrations of COD (𝑆𝐴) and P-PO4

3− (𝑆PO4) were deter-
mined offline.

3. Results

3.1. Practical Identifiability of the EBPR Anaerobic Submodel.𝑆𝐴 and 𝑆PO4 were bothmeasured 30 times in the same sample
to determine the measurement error, as shown in Figure 2.
According to these measurements, the measurement error
covariance matrix 𝑄 of 𝑆𝐴 and 𝑆PO4, which is a diagonal
matrix due to 𝑆𝐴 and 𝑆PO4’s independence, was determined
using the following equation:

𝑄 = [𝑠2𝐴 0
0 𝑠2PO4] = [1.014 × 102 0

0 9.796 × 10−3] . (9)

In addition to 𝑄, the initial values of all the parameters
are needed for calculation of the FIM. Instead of the default
values used in ASM2d, estimated values were used in this
study. Therefore, the profiles of 𝑆𝐴 and 𝑆PO4 obtained from
the anaerobic phosphorus release experiment were simulated

(Figure 3), using the model in (1), through the method
described above in Materials and Methods. According to the
results of structural identifiability [16], 𝐾PP was fixed at the
ASM2d default value of 0.01mg𝑋PP/mg𝑋PAO, and the other
parameters were estimated as follows: 𝑌PO4: 0.36mg P/mg
COD,𝐾𝐴: 3.27mg COD/L, 𝑞PHA: 3.41mg P/[mg COD∗d−1],
and𝑋PAO: 1560mg COD/L.

The FIM of the EBPR anaerobic submodel was then
calculated as in (10) in the sequence of 𝑌PO4, 𝐾𝐴, 𝑞PHA, and𝑋PAO. The determinant of this matrix was 8.048 × 105.

[[[[[[
[

3.743 × 106 −8.492 × 103 3.867 × 105 5.923 × 102
−8.492 × 103 2.150 × 10 −8.800 × 102 −1.337
3.867 × 105 −8.800 × 102 4.015 × 104 6.162 × 10
5.923 × 102 −1.337 6.162 × 10 9.521 × 10−2

]]]]]]
]
. (10)

Based on the knowledge that a full-rank FIM (Det(FIM)̸= 0) indicates practical identifiability and that a larger de-
terminant value represents better practical identifiability, the
determinant value of 8.048×105 clearly demonstrates that the
parameters 𝑌PO4,𝐾𝐴, 𝑞PHA, and𝑋PAO in the EBPR anaerobic
submodel are practically identifiable using 𝑆𝐴 and 𝑆PO4 as the
measured variables.

3.2. Reliability of Parameter Estimation and the Bias Problem
Associated with Fixed 𝐾𝑃𝑃. In addition to the practical iden-
tifiability, the reliability of parameter estimation can also be
evaluated based on the FIM. The parameter estimation error
covariance matrix is first calculated as the inverse matrix of
the FIM.

𝐸 =
[[[[[[
[

6.133 × 10−5 −2.807 × 10−4 −7.807 × 10−4 1.198 × 10−1
−2.807 × 10−4 5.211 × 10−1 3.191 × 10−2 −1.159 × 10
−7.807 × 10−4 3.191 × 10−2 1.519 × 10−2 −4.528
1.198 × 10−1 −1.159 × 10 −4.528 2.033 × 103

]]]]]]
]
. (11)

Next, the confidence interval for parameter estimation
with a 95% confidence level was calculated according to
(8), and the results are shown in Table 1 in the Nonoptimal
experiment column.

Generally, estimation errors within 20% of the parameter
value are considered to be acceptable in the field of activated
sludge process modeling. Obviously, the parameters 𝑌PO4,𝑞PHA, and 𝑋PAO were estimated with acceptable error levels
in this study, as all three have error lower than 10%. However,
the estimation of𝐾𝐴 needs to be improved due to its error of
39.34%.

To investigate the probable bias problem caused by fixing𝐾PP, the variations in the estimated parameter values and
errors were calculated when the value of 𝐾PP was increased
by 10%, and the results are presented in Table 2. The very
slight resulting variations of the estimated values of the four
parameters illustrate that the fixed value of 𝐾PP has almost

no effect on the parameter estimates. Although comparatively
higher variations of the confidence intervals of𝑌PO4 and𝑋PAO
were observed, the influence of the fixed value of 𝐾PP on the
reliability of the parameter estimation is still insignificant.
The bias problem would, therefore, not be evident when the
value of 𝐾PP is altered, and it is acceptable to fix 𝐾PP to
study the practical identifiability of the other parameters and
estimate their values.

3.3. Optimal Design of the Anaerobic Phosphorus Release
Experiment. The proposed OED/PE procedure was applied
to the experimental design of the anaerobic phosphorus
release process to improve the practical identifiability of the
EBPR anaerobic submodel. The estimated values of the four
identifiable parameters, listed in Table 1 in the Nonoptimal
experiment column,were set as initial values. Previous studies
have reported that the practical identification of a model



Mathematical Problems in Engineering 5

−2

0

2

4

6

8
Measurements

Residuals

S
０
／
4

(m
g/

L)

−100

0

100

200

300

400

Residuals

Measurements
S
A

(m
g/

L)

Figure 2: Data and residuals of measurement of 𝑆𝐴 and 𝑆PO4.
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Figure 3: Experimental data and model fit.

Table 1: Comparison of the parameter estimates results.

Parameters (unit)
Nonoptimal experiment Optimal experiment

Parameter value ±
confidence intervals

Error (percentage of
parameter values)

Parameter value ±
confidence intervals

Error (percentage of
parameter values)

𝑌PO4 (mg (P)/mg
(COD)) 0.36 ± 0.01 3.88% 0.35 ± 0.02 4.86%

𝐾𝐴 (mg (COD)/L) 3.27 ± 1.29 39.34% 3.88 ± 0.41 10.67%𝑞PHA (mg
(P)/(mg (COD) ∗ d−1)) 3.41 ± 0.22 6.44% 3.35 ± 0.27 8.15%

𝑋PAO (mg (COD)/L) 1560 ± 80 5.15% 1500 ± 72 4.79%

Table 2: Variations of parameter estimates when𝐾PP was changed.

Parameter Parameter value ±
confidence intervals Variation of estimated value Variation of error

𝑌PO4 0.36 ± 0.02 0% 14.43%
𝐾𝐴 3.39 ± 1.31 +3.67% −2.16%
𝑞PHA 3.43 ± 0.22 +0.59% −2.17%
𝑋PAO 1520 ± 91 −2.56% 16.31%
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Figure 5: Experimental data and model fit for the optimal experiment.

parameter based on batch experiments is related to the
initial substrate concentration [4]; therefore, the initial COD
concentration 𝑆𝐴(0) in the anaerobic phosphorus release
experiment was set as the degree of freedom of the optimal
experiment. Seven different 𝑆𝐴(0) values, 100, 150, 200, 250,
300, 350, and 400mg/L, were adopted. Virtual anaerobic
phosphorus release experiments with the selected initial 𝑆𝐴
concentrations and parameter valueswere run on a computer.
“Noise” was added to the simulated data using a normal
distribution to generate a virtual experimental dataset, which
was then used as measured data to reestimate the parameters.
Figure 4 shows the values of the D-criterion for different ini-
tial 𝑆𝐴 concentrations. When 𝑆𝐴(0) varied between 100mg/L
and 400mg/L, the value of the D-criterion changed from6.558 × 104 to 5.635 × 107. According to the D-criterion, the
optimal experimental condition was determined to be the
initial 𝑆𝐴 concentration of 300mg/L, corresponding to the
maximum D-criterion value of 5.635 × 107.

A real batch experiment of anaerobic phosphorus release
was carried out under the optimal experimental condition.
By fitting the measured data (Figure 5), the parameters were

estimated, as shown in Table 1 in the Optimal experiment
column.

Compared to the results from the nonoptimal experi-
mental condition, the error in the estimated value of 𝐾𝐴
was reduced significantly from 39.34% to 10.67%. Despite
the slight increase of the error of 𝑌PO4 and 𝑞PHA, the
overall practical identifiability and estimation precision of
the parameter vector were improved through the optimal
experimental design. Errors in the four parameter values are
all approximately 10%or lower and reliable parameter estima-
tion is achieved.The estimated values of the parameters differ
only slightly from the ASM2d default values.

4. Discussion

Phosphorus removal is becoming an increasingly important
goal for wastewater treatment systems. ASMs have been
proven to be beneficial tools for the design and operational
control of wastewater treatment systems. Careful calibration
of these models might be essential for their correct applica-
tion, and their calibration must be based on the evaluation
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of model identifiability. However, insufficient research has
focused on the identifiability of the EBPR model, although
Zhang et al. (2010) have contributed important work on
its structural identifiability [16]. Building on this work, the
practical identifiability of the EBPR anaerobic submodel was
investigated in this paper using a method based on the
FIM. FIM analysis provides a quantitative evaluation of the
practical identifiability of the model’s parameters as well as
a criterion for OED. Due to both its simple implementation
and the low impact of subjective choices on the results [9, 20],
this methodology has been widely applied to a variety of
models. This method was used to determine the practically
identifiable parameter subset of amodifiedASM3with a two-
step nitrification-denitrification process [10]. In addition to
ASMs, methods based on FIM analysis have been frequently
adopted in integrated urban drainage water-qualitymodeling
[20, 21]. This paper demonstrates unambiguously that the
parameters 𝑌PO4,𝐾𝐴, 𝑞PHA, and𝑋PAO in the EBPR anaerobic
submodel are practically identifiable using 𝑆𝐴 and 𝑆PO4 as
the measured variables, provided that 𝑋PP is known. The
precision of the parameter estimation was also acceptable.
This finding indicates that, for reliable calibration of anaer-
obic P release model, it is necessary to conduct anaerobic
phosphorus release experiments and simultaneous measure-
ments of 𝑆𝐴 and 𝑆PO4. Although 𝑋PP can also be selected
as a measurement variable for the parameter estimation, as
the index of poly-P content in PAOs, its determination is
more difficult than 𝑆𝐴 and 𝑆PO4. Although some variables
defined in ASMs can not be measured directly, these state
variables might be determined through softy-sensor based
on specific models and corresponding parameters estimates.
Therefore, improvement in the precision and frequency of 𝑆𝐴
and 𝑆PO4 analysis is beneficial not only to the calibration of
EBPR model but also to the indirect measurements of some
state variables such as 𝑋PAO and 𝑋PP. Since one of the three
parameters 𝐾PP, 𝑋PAO, and 𝑞PHA needs to be “known” for
the identification of the other parameters, fixing 𝐾PP might
be more reasonable because this parameter represents the
maximumcapacity of poly-P in PAOs,which ismore constant
than the other two process variables. The same default value
of 𝐾PP (0.01) in ASM2d under different temperature (10∘C
and 20∘C) might be taken as a clue. In this paper, the
calculations also show that it is valid to fix𝐾PP as default value
to identify and estimate the other four parameters.

In addition to the FIM-based method, Brun et al. (2001)
reported a systematic approach for evaluating the practical
identifiability of the parameters of large environmental mod-
els [22], and this method was applied to a large lake model
[11]. However, the application of this approach to ASM2d
resulted in different conclusions: one study reported that a
maximum of nine model parameters should be (condition-
ally) identifiable from the data available [18], while another
reported that 13 model parameters are identifiable [23].

Optimal experimental design can undoubtedly be useful
in reducing the number of necessary experimental mea-
surements and improving the precision of model param-
eter value determinations. In addition to linear regression
models and several simple nonlinear regression models
[24], the application of local optimal experimental design

for different modifications of the Monod model has been
recommended [25]. Furthermore, a complete theoretical
examination of optimal designs for theMonodmodel has also
been presented [24]. In this paper, the practical identifiability
of the parameters in the EBPR anaerobic submodel was
significantly improved through the optimal design of the
anaerobic phosphorus release experiment, which provided
a two-order-of-magnitude increase in the D-criterion value.
According to D-criteria, the higher initial 𝑆𝐴 was used in
the optimal experiment and the fitness of 𝑆PO4 was improved
obviously. Consequently, the estimation accuracy of 𝐾𝐴 was
improved, whichmight counteract the possible adverse effect
of the higher final 𝑆𝐴 in the optimal experiment. The overall
precision of the estimated parameter set was also improved
by using data from the optimized experiment. The estimated
values of the parameters differ only slightly from the ASM2d
default values. However, OED procedures are not yet widely
used in practice, most likely because practitioners often lack
the necessary mathematical background or experience in
numerical methods. Therefore, the development of a prac-
tical guide and application of commercial ASMs simulators
would allow for more widespread application of the OED
technique.

The selection of an appropriate criterion is an important
issue in the field of OED. A different choice of criterion
produces different optimal experiments. In addition to theD-
criterion used in this paper, other FIM-based criteria include
the A criterion, the modA criterion, the E criterion, and
the modE criterion. In some cases, normalization would
be necessary to weaken the dependence of the criterion
value on the magnitude of the involved parameters, allowing
comparisons among subsets with the same size but with
different parameters. A new RDE criterion calculated as the
ratio of the normalized D-criterion to the modE criterion
has been proposed and applied successfully to the study of
the IWA-ASM2d model [9]. In conclusion, the adoption of
a suitable criterion is essential to the successful application
of OED. Therefore, further investigation on the application
of other optimal design criteria to the OED of anaerobic
biological P release process is necessary.

5. Conclusions

The FIM found in this study was a full-rank matrix with
a determinant value of 8.048 × 105, clearly demonstrating
that the parameters 𝑌PO4, 𝐾𝐴, 𝑞PHA, and 𝑋PAO in the EBPR
anaerobic submodel are practically identifiable using 𝑆𝐴 and𝑆PO4 as the measured variables and assuming that 𝐾PP was
determined as a default value. It was found that fixing 𝐾PP
to study the practical identifiability of the other parameters
and to estimate their values was valid. The proposed OED
procedure for parameter estimation was applied successfully
to anaerobic phosphorus release experiments by using a com-
puter model to optimize the experiment. The practical iden-
tifiability and the estimation precision of the four parameters
in the EBPR anaerobic submodel were significantly improved
through the optimal experimental design procedure. The
estimated values of the parameters differed only slightly from
the ASM2d default values. Errors in the estimated values of
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the four parameters were all approximately 10% or below, and
reliable parameter estimation was achieved.

Nomenclature

ASM1: Activated sludge model number 1
ASM2d: Activated sludge model number 2d
ASM3: Activated sludge model number 3
ASMs: Activated sludge models
COV(𝑃0): Parameter estimation error covariance

matrix
EBPR: Enhanced biological phosphorus removal
FIM: Fisher information matrix
FIM−1: Inverse matrix of FIM𝐾𝐴: Half-saturation coefficient for 𝑆𝐴

(g CODm−3)𝐾PP: Half-saturation coefficient for
polyphosphate (g𝑋PP g𝑋−1PAO)

OED: Optimal experimental design𝑝: Vector of 𝑝 parameters
PAOs: Phosphorus accumulating organisms
PE: Parameter estimation
PHA: Polyhydroxyalkanoates𝑄−1𝑖 : Covariance matrix of the measurement

noise𝑞PHA: Rate constant for the storage of𝑋PHA (gPHAg𝑋−1PAOd−1)𝑆𝐴: Concentration of fermentation products
(g CODm−3)𝑆PO4: Concentration of inorganic soluble
phosphorus (g Pm−3)𝑡: Time𝑡𝛼;(𝑁−𝑝): Statistical Student’s 𝑡-test, with 𝑎 = 95% of
confidence and𝑁 − 𝑝 degrees of freedom𝑋PAO: Concentration of phosphorus
accumulating organisms (g CODm−3)𝑦: Output variable𝑌𝑝: Output sensitivity function matrix𝑋PP: Concentration of polyphosphate (g Pm−3)𝑌PO4: PP requirement per PHA stored (g P g
COD−1).
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