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Abstract The growing availability of field data, from information and communication technologies (ICTs)
in ‘‘smart’’ urban infrastructures, allows data modeling to understand complex phenomena and to support
management decisions. Among the analyzed phenomena, those related to storm water quality modeling
have recently been gaining interest in the scientific literature. Nonetheless, the large amount of available
data poses the problem of selecting relevant variables to describe a phenomenon and enable robust data
modeling. This paper presents a procedure for the selection of relevant input variables using the multiobjec-
tive evolutionary polynomial regression (EPR-MOGA) paradigm. The procedure is based on scrutinizing the
explanatory variables that appear inside the set of EPR-MOGA symbolic model expressions of increasing
complexity and goodness of fit to target output. The strategy also enables the selection to be validated by
engineering judgement. In such context, the multiple case study extension of EPR-MOGA, called MCS-EPR-
MOGA, is adopted. The application of the proposed procedure to modeling storm water quality parameters
in two French catchments shows that it was able to significantly reduce the number of explanatory variables
for successive analyses. Finally, the EPR-MOGA models obtained after the input selection are compared with
those obtained by using the same technique without benefitting from input selection and with those
obtained in previous works where other data-modeling techniques were used on the same data. The com-
parison highlights the effectiveness of both EPR-MOGA and the input selection procedure.

1. Introduction

In the last decades, water utilities have significantly increased the number and frequency of measured and
collected data. This increase was mainly spurred by attempts to keep system processes under close control
and to better understand their behavior. This fits nicely within the ‘‘smart city’’ paradigm where new infor-
mation and communication technologies (ICTs) are used to achieve better, more livable cities. In addition,
the development and application of ICT solutions for urban infrastructures increasingly facilitate the integra-
tion of heterogeneous data that might be collected for different purposes.

The increased availability of measured data has enabled development and training of data modeling, which
can help practitioners and researchers in understanding complex phenomena and supporting management
decisions. This is of particular relevance to civil engineering practice, where many complex and large-scale
environmental phenomena cannot only be analyzed by means of physically based modeling. In fact, the
extension of physically based models built at a laboratory scale to the real scale environment would usually
require overly high costs associated with system monitoring. At the same time, practitioners and research-
ers need relationships between measurable variables in order to understand the problem and to support
decisions.

In the field of storm sewer systems, traditional methods for collecting water quantity and quality data rely
on sampling campaigns and laboratory analyses, which are typically costly and labor consuming. Therefore,
measured field data are usually limited [e.g., Bannerman et al., 1993]. Since the late 1990s, online continuous
measuring programs have started to be used in drainage water monitoring [e.g., Barraud et al., 2002]. As a
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result, more and more data sets characterizing storm water are available due to the advancement of meas-
uring technologies [e.g., Lacour et al., 2009; Metadier and Bertrand-Krajewski, 2012]. These available data sets
can then be used for building data-driven models to help understand the complex phenomena or for pre-
diction purposes. Some examples of storm water quality and sewer deterioration data-driven models are
provided by Vaze and Chiew [2003], Mourad et al. [2005], Aryal et al. [2009], Dotto et al. [2011], Sun and Ber-
trand-Krajewski [2011, 2012, 2013], Berardi et al. [2006], Savic et al. [2006], Berardi and Kapelan [2007], and
Berardi et al. [2008]. In particular, data-driven models are often preferred to physically based accumulation-
erosion-transfer approaches when modeling storm water quality due to their conceptual simplicity and
goodness-of-fit performance [M�etadier, 2011; Sun and Bertrand-Krajewski, 2011]. Unlike physically based
models, which have limited success in reproducing pollutographs in complex sewers, data-driven models
are normally used to predict total loads (Sun and Bertrand-Krajewski). However, in a number of situations,
the total load of pollutants may suffice to quantify the quality response of receiving waters [Donigian and
Huber, 1991; Demb�el�e et al., 2010].

In the framework of data-driven models, identifying the most relevant variables to describe a given
phenomenon is of interest from both the data collection and effective modeling viewpoints. On the
one hand, understanding which information should be collected first can help in prioritizing what
should be measured under budget constraints. On the other hand, the preliminary selection of inputs is
essential for system identification through data modeling. As highlighted by Galelli et al. [2014], irrele-
vant input variables are uninformative about the underlying process and their eventual inclusion would
cause noise and complexity to be added to the model. The inclusion of redundant, but relevant, input
variables would instead increase the dimensionality of the model identification without providing any
additional predictive benefit. One of the possible undesirable consequences of including irrelevant and
redundant input variables is the construction of models that overfit training data, while showing poor
generalization capabilities in other similar contexts. Such a drawback is undesirable in engineering
fields where the transferability of identified data-driven models from one case to another (new) is
required.

In the context of sewer systems, Sun and Bertrand-Krajewski [2012] investigated the extent to which the
selection of the training data set affects the results of the training of data modeling for modeling storm
water quality parameters COD (chemical oxygen demand) and TSS (total suspended solids). This was
extended further by the same authors [Sun and Bertrand-Krajewski, 2013], who used a cross-validation
method to improve input variable selection, i.e., the search for the most suitable number of explanatory var-
iables to ensure that a model is neither overfitted nor underfitted. Though being one of the first attempts
to consider input selection in this area, Sun and Bertrand-Krajewski [2013] used only simple linear regression
models. More research is then needed in order to set up procedures aimed at input selection in nonlinear
models, which can be more refined approximations of the complex phenomena in the urban and environ-
mental systems [Sun and Bertrand-Krajewski, 2011].

The issue of input variable selection in nonlinear models of storm water quality is addressed in this paper.
In particular, a procedure for relevant input selection was developed, based on the use of the multiobjective
evolutionary polynomial regression (EPR-MOGA) and of the multi case strategy (MCS-EPR-MOGA). EPR-
MOGA is a nonlinear regression technique, developed by Giustolisi and Savic [2009] as an extension of the
original EPR paradigm proposed by Giustolisi and Savic [2006]. It has been used in many different contexts
in the field of Hydroinformatics [e.g., Berardi et al., 2006; Savic et al., 2006; Berardi et al., 2008; Laucelli and
Giustolisi, 2011]. Furthermore, Berardi and Kapelan [2007] and Savic et al. [2009] proposed and demonstrated
a generalization of the EPR-MOGA paradigm, called MCS-EPR-MOGA. This technique is aimed at searching
for model structures to represent the dependence of target variables on explanatory variables by simultane-
ously simulating various data sets (i.e., cases).

Applications of EPR-MOGA and MCS-EPR-MOGA to many contexts, including sewer systems [Berardi et al.,
2006; Berardi and Kapelan, 2007], have proven their capability to yield robust models for the representa-
tion of real complex phenomena. However, the input selection performance of EPR-MOGA in the case of
many candidate explanatory variables has never been tested. Furthermore, no systematic procedure for
input selection though EPR-MOGA has ever been presented in the scientific literature. The novelty of this
paper thus lies in the development of a systematic procedure for the identification of the most relevant
inputs from a large number of candidates based on EPR-MOGA. In fact, this identification is as an essential
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step prior to the construction of a data-driven model, when many potential explanatory variables are
present.

Compared to other input selection procedures [e.g., Bowden et al., 2005a, 2005b; D’Heygere et al., 2006;
Giustolisi and Simeone, 2006; Yang and Ong, 2011; Wan Jaafar et al., 2011; Tirelli and Pessani, 2011] presented
in the scientific literature, the new procedure presents the advantage of being more simple. As highlighted
by Galelli et al. [2014], input selection algorithms normally ‘‘involve three main steps: (1) generating a subset
of inputs from the candidate input pool, (2) evaluating the subset of inputs in terms of their ability to
predict the output, and (3) assessing whether the selected set inputs is optimal using a prespecified
stopping criterion.’’ As will be shown hereinafter, the new procedure, instead, is simply based on two steps:
(1) application of EPR-MOGA or MCS-EPR-MOGA and (2) analysis of input occurrences in EPR-MOGA or
MCS-EPR-MOGA models and selection of the most relevant inputs.

The remainder of the paper is organized as follows. First, the methodology is described. Then, the applica-
tions of the methodology to the modeling of storm water quality in two French sewer systems show how
the input selection procedure works with a wide set of available data. Finally, EPR-MOGA and MCS-EPR-
MOGA are applied to construct storm water quality models based on the selected input variables in the two
sewer systems. The constructed models are then compared with those developed on the same data in a
previous work [Sun and Bertrand-Krajewski, 2011].

2. Methodology

In this section, a brief description of the EPR-MOGA paradigm and its multicase strategy variant MCS-EPR-
MOGA is first reported. The procedure developed for relevant input selection is then elaborated.

2.1. EPR-MOGA Paradigm for Selecting Input Variables
EPR is a hybrid data-modeling paradigm which combines the advantages of the heuristic search for optimal
mathematical model expressions with numerical linear regression for parameter estimation. The EPR model-
ing scheme with its multiobjective enhancement and the more recent Multi-Case Strategy variant have
been presented and discussed in a number of referenced works [e.g., Giustolisi and Savic, 2006; Giustolisi
and Savic, 2009; Savic et al., 2009]. Thus, only the key features that are relevant to its applicability for input
selection are discussed here. For the sake of clarity, these features are presented in separated subsections,
although all of them are integrated in the same modeling paradigm.
2.1.1. Symbolic Expressions
The EPR paradigm operates on data to produce symbolic expressions, i.e., formulas that the user can easily
interpret based on his/her expertise in the particular field. On the one hand, this enables scrutiny of the rela-
tionships found (e.g., in terms of direct/inverse linear/nonlinear dependence between inputs and output).
On the other hand, symbolic expressions should contain combinations of variables that might have physical
meaning for the process being modeled. In this case, EPR not only identifies significant variables but also is
likely to facilitate knowledge discovery about the system [Giustolisi and Savic, 2009].

Equation (1) shows a general EPR model expression, where Xi are input vectors and ES(j,i) is the exponent
of the ith input within the jth term of the pseudopolynomial:

Y5a01
Xm

j51
aj3 X1ð ÞES j;1ð Þ � � � Xkð ÞES j;kð Þ

3f X1ð ÞES j;k11ð Þ � � � Xkð ÞES j;2kð Þ
� �

; (1)

where aj is the jth model parameter and function f is a user-defined function that has five possible settings:
(1) no function, (2) natural logarithm, (3) exponential, (4) tangent hyperbolic, and (5) secant hyperbolic; m
and k represent the maximum number of polynomial terms and the number of input variables (details can
be found in Giustolisi and Savic [2006]).

The user starts by selecting a set of possible exponents, including the null value. During the search for the
model expressions, those inputs that are assigned ES(j,i) 5 0 disappear from the expression. Such a strategy
allows the user to include all available inputs as ‘‘candidate’’ explanatory variables, while the modeling strat-
egy selects those that provide the best fit model.

For finding the most relevant inputs among many candidates, the simplest form, as given in equation (2)
and obtained by considering the ‘‘no function’’ setting for f in equation (1), is generally suggested:
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Y5a01
Xm

j51
aj3 X1ð ÞES j;1ð Þ � � � Xkð ÞES j;kð Þ: (2)

With regard to the adoption of the simple form in equation (2), it has to be noted that in this case EPR is
simply used as a data analyzer, aimed at detecting the contribution of each input variable, and not for the
construction of data-driven models.
2.1.2. Numerical Parameters (Coefficients)
Models in equations (1) and (2) are nonlinear structures. However, they are linear with respect to numerical
parameters (ai), which can be estimated by Least Squares (LS) or Nonnegative LS, or any linear parameter
estimation procedure. From the system identification point of view, robust models are those that provide
good fit to data by moving from one system to another while changing the numerical parameters only. This
is particularly relevant to engineering applications where a relationship between measurable variables is
needed, while numerical parameters are likely to represent specific system characteristics.
2.1.3. Multiobjective Modeling Paradigm
The multiobjective search paradigm implemented within EPR-MOGA shows a twofold advantage for select-
ing the relevant input variables by: (1) driving the search by selecting models with the objective functions
to be optimized and (2) returning a set of optimal models, which provide a basis for selecting the most rele-
vant input variables. Both features benefit from the user’s expertise on the particular field.

The EPR model search can be driven toward those models that maximize the goodness of fit to data (i.e., in
terms of Coefficient of Determination—CoD) while simultaneously minimizing the number Nx of inputs (Xi)
in the resulting model, the number Na of polynomial terms (up to a maximum number m), or both. In the
first case (goodness of fit versus number of inputs Nx), the number of monomial terms in resulting expres-
sions is not limited (up to m terms decided by the user). In this case, the search tends to distribute candi-
date variables over different terms. In the second case (goodness of fit versus number of terms Na), one
additional term is justified only if it enables improved goodness of fit; this pushes the search toward more
compact expressions where inputs are aggregated. In the third case (goodness of fit versus number of
inputs Nx versus number of terms Na), the addition of one input variable or one term in the final expressions
depends on which model structure provides the best fit to the target output. Although establishing a rule
about the preferred strategy is not easy, the last strategy (three-objectives) returns a larger number of mod-
els in comparison with the others, and thus is usually preferred. The result of the application of EPR-MOGA
is then made up of a Pareto front (band or surface depending on two or three selected objectives) of mod-
els, featuring increasing levels of complexity and goodness-of-fit performance.

It is worth remarking that, due to the global exploration in the space of symbolic expressions, the persist-
ence of some variables (or their combinations) in different models provides the user with increased confi-
dence about their relevance in describing the phenomenon (i.e., target output).

2.2. MCS-EPR-MOGA Paradigm for Selecting Input Variables
In some real contexts, like that reported in this paper, data are collected over different systems (or come
from different experiments on the same system). In this circumstance, there are two options to exploit the
EPR paradigm for input selection: (1) testing the inputs selected for one system on the other and (2) search-
ing for the relevant variables to describe the same phenomenon over all data sets simultaneously.

Option 1 requires performing the EPR-MOGA analysis for each data set and comparing the selected varia-
bles from different data sets. Option 2 can be easily performed using the MCS-EPR-MOGA strategy. The
strategy basically searches for the common model structure (i.e., combination of exponents in equation (1)
or (2)) but estimates different parameters (i.e., aj in equation (1)) for each case (data set).

Therefore, MCS-EPR-MOGA can also be used in the global analysis of the relevant inputs of a physical phe-
nomenon by using data coming from different data sets. The parameters (differing from case to case) catch
the difference between one physical system and another, for a given physical phenomenon, or the chang-
ing condition over time of the same physical system.

It is worth noting that in MCS-EPR-MOGA [Berardi and Kapelan, 2007; Savic et al., 2009], the approach used
in this paper assigns the same weight to each event in different data sets during the optimization. As a con-
sequence, a larger data set (containing more events) has a larger impact on the calculation of the CoD
describing the goodness of fit of the model to data. This is reasonable, as a larger data set is statistically
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more significant than a shorter one in providing information to describe the system/phenomenon in hand
[Ljung, 1999].

2.3. Selection of the Relevant Input Variables
A novel procedure that can be used for input selection in the framework of EPR paradigm is hereinafter
described. In particular, a description is first provided for the procedure applied to a single case study. The
extension to the case with a number of data sets featuring the same output and potential explanatory varia-
bles then follows.

It is worth noting that the reduction in the number of explanatory variables produced by the application of
the procedure to any kind of problem reduces the size of the search space. Then, it improves the efficiency
and effectiveness of any subsequent application of a data-driven modeling technique, such as EPR-MOGA,
MCS-EPR-MOGA, artificial neural networks (ANNs) [Haykin, 1999], or genetic programming [Koza, 1992].
2.3.1. Single Data Sets
The procedure encompasses the following two steps:

1. Perform an EPR-MOGA run, in which a reduced set of candidate exponents is considered; the reduced
set of candidate exponents ES(j, 1. . .k) aims to enable identification of the most relevant input variables,
without necessarily yielding data-driven models with high fit to data. This reduced set of exponents has
to be chosen in order to include positive values representing sublinear, linear, and superlinear relation-
ships, and the negative values. The set must include the 0 value, which helps to consider the independ-
ence of the explained variable from a certain explanatory variable.

2. Explore the optimal EPR-MOGA models and analyze the occurrences of each potential explanatory vari-
able, i.e., the number of times that it appears in the set of EPR-MOGA models obtained at the end of step
1, in order to identify relevant inputs, as explained below.

For the selection of relevant inputs, the following statistical criteria can be adopted:

a. Select the Nsel variables with highest number of occurrences, with Nsel being a parameter to be fixed
a priori; this approach can be useful, for example, when only a limited budget is available to start a
data collection campaign;

b. Fix a threshold value and then consider, as relevant input variables, those that feature a number of
occurrences over this threshold value.

The application of either of the statistical criteria has to be accompanied with engineering judgement. Such
an approach, which is possible using the EPR paradigm, cannot be easily extended to other data-modeling
techniques (e.g., artificial neural networks). In fact, EPR-MOGA has the advantage to produce symbolic
mathematical expressions that can be easily read and interpreted by experts through physical insight.
2.3.2. Multiple Data Sets (Cases)
In this case, two possible options can be followed according to the application of EPR-MOGA or MCS-EPR-
MOGA, as mentioned in section 2.2:

1. Option 1 consists in applying the EPR-MOGA-based procedure described in the previous subsection to
each of the available case studies (i.e., separate data sets). For each potential explanatory variable, the
total number of occurrences in the model expressions is considered as the sum of the numbers of occur-
rences in various case studies. This option requires separate EPR runs for different case studies;

2. Option 2 consists in applying MCS-EPR-MOGA to all case studies in a single run in order to derive the
number of occurrences of each explanatory variable.

Once input variable occurrences have been evaluated, step 2 described in the previous subsection can be
applied, based on occurrence analysis and expert engineering judgement.

3. Applications

3.1. Case Studies
Two urban catchments, located in the West and East part of Lyon (France), respectively, namely the Ecully
and Chassieu catchments [M�etadier, 2011; Metadier and Bertrand-Krajewski, 2012; Sun and Bertrand-Krajewski,
2012], were considered. These catchments were two experimental sites in the OTHU project (Field Observa-
tory for Urban Hydrology—www.othu.org). In particular, the Ecully catchment is a low-density residential
catchment, with a surface area of 245 ha and an imperviousness coefficient of 42%. The Chassieu catchment
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is an industrial catchment, with a surface area of 185 ha and an imperviousness coefficient of 75%. In the
Ecully and Chassieu catchments, numerous variables (see Table 1) were measured during 239 and 263 rain
events, respectively, in the period from 2004 to 2008.

Two typical storm water quality indicators, i.e., the total amount (kg) of chemical oxygen demand (COD)
and total suspended solids (TSS) recorded during a certain rain event, were chosen as target variables
(model outputs). In addition, peak concentrations of COD and TSS, which are representative of interevent
characteristics, were also tentatively used as model outputs. However, the performance of models simulat-
ing peak pollutant concentrations was generally poor (see Appendix A). These variables, which are assessed
on short time intervals, are more prone to random factors and measurement uncertainty, and thus are less
related to event rainfall and runoff variables. Therefore, further analysis on modeling peak pollutant concen-
trations was not performed.

The potential explanatory variables (model inputs) included 56 variables associated with rainfall and
runoff, such as total amount, mean rate, duration, etc. These variables, listed in Table 1, were obtained
starting from rainfall and runoff time series recorded in the Ecully and Chassieu catchments during the
OTHU project. Among the potential explanatory variables listed in Table 1, there are three groups. The
first group is ADPJ (antecedent dry period from the last rainfall event exceeding J mm). The second
group is CRM (cumulative rainfall during M hours before a rainfall event, i.e., in other eventual rain
events preceding the event considered inside an M hour-long time slot). The third group is MRI(Y,Z)
(maximum rainfall intensity over a Y minute time interval during Z hours before an event, i.e., in other
eventual rain events preceding the event considered inside a Z hour-long time slot). In the ADPY
group, eight variables are present corresponding to Y values ranging from 5 to 40. In the CRY group,
nine variables are present corresponding to Y values ranging from 4 to 96. Finally, 27 variables are
present in the MRI(Y,Z) group corresponding to Y and Z values ranging from 5 to 30 and from 4 to 96,
respectively.

In the applications, the first two third of the events were used for selecting the most relevant variables. The
three-objective approach (see sections 2.1 and 2.2) was used in both EPR-MOGA and MCS-EPR-MOGA. All
modeling runs were performed using the EPR-MOGA-XL tool (www.hydroinformatics.it).

Table 1. Variables Measured in the Ecully and Chassieu Catchmentsa

Variables
Variable
Symbol Unit

Ecully Chassieu

Range
Mean
Value

Standard
Deviation Range

Mean
Value

Standard
Deviation

TSS event load TSS kg 2–4294 557 617 5–6,404 371 685
COD event load COD kg 2–7,573 976 1098 7–5,823 352 619
Rainfall duration TRD h 0.09–49.4 5.8 6.8 0.1–51.2 5.1 6.2
Total rainfall depth TRH mm 0.2–70.0 6.3 10.0 0.2–65.4 5.6 9.2
Rainfall intensity RI mm/h 0.1–29.1 2.0 3.6 0.1–27.6 1.5 2.5
Maximum rainfall intensity MRI mm/h 0.3–172 12.9 22.3 0.2–137 11.3 17.0
Maximum rainfall intensity in 5 min MRI5 mm/h 0.3–36.8 4.4 5.7 0.2–40.3 3.9 4.8
Number of the day in a year when an

event occurs (1–365)
NDAY 2.0–354 166 102 1.4–366 183 111

Number of the hour in a day when an
event occurs (1–24)

NHOUR 0–23 12.4 7.0 0–23 11.1 6.8

Antecedent dry period ADP day 0.2–23.6 2.7 3.6 0.1–21.9 2.5 3.6
Antecedent dry period from the last

rainfall event exceeding J mm (J 5 [5:5:40])
ADPJ day 11.2–84.1 13.3–83.7 10.1–116.2 10.8–80.6

Cumulative rainfall during M hours before the
rainfall event (M 5 4, 8, 12, 24, 36, 48, 52,
72, 96)

CRY mm 0.02–9.6 0.07–13.3 0.02–9.7 0.2–12.9

Maximum rain intensity in Y-minutes during
Z hours before the event (Y 5 5,10, 30;
Z 5 4, 8, 12, 24, 36, 48, 52, 72, 96)

MRI(Y,Z) mm/h 2.2–10.7 3.2–20.2 1.9–11.5 3.4–17.9

Average flow rate AFR L/s 21.8–1,018 118 112 4.0–880 102.1 121.7
Maximum flow rate MFR L/s 28.5–3,860 417 589 9.4–4,574 472 630
Duration of the runoff flow DRF h 0.03–2.38 0.3 0.3 0.1–2.54 0.32 0.27
Total flow volume TFV m3 120–42,198 3,313 5,727 84–42,506 2,993 5,386

aAdapted from Sun and Bertrand-Krajewski [2012].

Water Resources Research 10.1002/2015WR017971

CREACO ET AL. INPUT SELECTION BY EPR-MOGA 2408

http://www.hydroinformatics.it


For the selection of relevant input variables
for either TSS or COD, both options reported
in section 2.3 were used, i.e., option 1 entail-
ing the comparison between two separate
EPR-MOGA modeling runs (the cases in
Ecully and Chassieu) and option 2 using
MCS-EPR-MOGA.

For both EPR-MOGA and MCS-EPR-MOGA
runs, the maximum number of monomials
in the EPR structure in equation (2) was set
to 5 and the set of exponents for candidate
variables (ES) was set to [22, 21, 20.5, 0,
0.5, 1, 2] following a brief sensitivity analy-
sis. It is worth noting that the choice of the
exponents aims to represent all the possible
kinds of relationship between output and
input variables, i.e., the aim was not to
search for the function structure for fitting
the data. Apart from the 0 value, the values
of 0.5, 1, and 2 account for sublinear (expo-
nent within range of 0–1), linear (exponent
equal to 1), and superlinear (exponent
larger than 1) dependences, respectively.
The negative values consider inverse
dependencies. The selection of a larger
number of candidate exponents inside EPR-
MOGA does not conceptually improve the
selection of attributes/inputs, while expo-
nentially increases the search space of the
MOGA optimization, which is undesirable.
Both EPR-MOGA and MCS-EPR-MOGA were
applied using the Nonnegative LS regres-
sion strategy to estimate coefficients in
equation (2). As shown by Giustolisi and
Savic [2009], this numerical regression strat-
egy is a way to hinder the introduction of
alternate monomials, which are likely to
reproduce noises in data and overfit the tar-
get variables; ultimately it helps to increase
the generalization of the models (i.e., selec-
tion of relevant variables).

EPR-MOGA and MCS-EPR-MOGA runs were
performed with population and generation
parameters equal to 10 and 40, respectively,
in the EPR-MOGA-XL software.

For selection of the relevant inputs based
on the number of occurrences, criterion b in
section 2.3 was adopted considering a
threshold value equal to 0. This means that
only variables that never appeared in the
EPR-MOGA and MCS-EPR-MOGA models
were excluded from the list of the relevant
input variables. Two lists of relevant

Figure 1. Modeling COD in the two catchments. Occurrences of the
potential explanatory variables listed in Table 1 inside EPR-MOGA models.
Selected variables highlighted with a rectangle.
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explanatory variables (i.e., one for EPR-MOGA
models and the other for MCS-EPR-MOGA)
were then created for TSS and COD,
respectively.

The results of the application of the procedure
for input selection are reported in section 3.2.

Subsequent analyses based on the selected
explanatory variables for the development and
test of data-driven models are then reported in
section 3.3.

3.2. Analysis of Input Selection Results
The application of EPR-MOGA to the modeling
of COD and TSS in the Chassieu catchment
yielded 49 and 42 models, respectively. The
application to the modeling of COD and TSS in
the Ecully catchment yielded 28 and 29 models.
The simultaneous application of MCS-EPR-
MOGA to the two catchments led to 53 and 58
models for the modeling of COD and TSS,
respectively.

The occurrences of the various input variables
in the EPR models were calculated and reported
in Figures 1–3. In particular, Figures 1 and 2
show the results of option 1 based on EPR-
MOGA, for the modeling of COD and TSS,
respectively. Figure 3 shows the results of
option 2 based on MCS-EPR-MOGA.

Figures 1 and 2 indicate that 29 and 35 explana-
tory (out of the original 56 candidates) were
included by EPR-MOGA in the list of relevant
variables for modeling COD and TSS, respec-
tively. Figure 3 shows that MCS-EPR-MOGA
selects 30 and 31 variables as relevant input var-
iables for modeling COD and TSS, respectively.
The results indicate that selected variables are
very similar whether option 1 or option 2 is
used. The advantage of using MCS-EPR-MOGA
is that it requires only one run to analyze all the
cases simultaneously.

However, the application of the input selection
procedure helped in reducing significantly the
list of explanatory variables. Most of the elimi-
nated variables belong to the three groups, i.e.,
(ADPY, CRY, and MRI(Y,Z)). An explanation for
this is that the variables in each group are
strongly interrelated; therefore, the suitable
selection of one or some of them is sufficient to
fully describe the explanatory effects of the
whole group, making the others redundant. As

an example, let us consider the results obtained through EPR-MOGA and, in particular, the group MRI(Y,Z) of
candidate explanatory variables for the representation of COD (Figure 1). Among the 27 variables, only 8

Figure 2. Modeling TSS in the two catchments. Occurrences of the
potential explanatory variables listed in Table 1 inside EPR-MOGA
models. Selected variables highlighted with a rectangle.
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are simultaneously present in the models for
both catchments. Consequently, they are con-
sidered relevant inputs.

Figures 1–3 provide an insight into the most rel-
evant explanatory variables (in terms of number
of occurrences in the models) for the transport
of pollutants in sewers. If, for instance, the five
most relevant explanatory variables are
required for modeling COD, both EPR-MOGA
and MCS-EPR-MOGA select TFV, DRF, MRI, MFR,
and ADP15. At first sight, it seems to be unex-
pected that, in the context of the EPR-MOGA
applications, some variables have many occur-
rences in one catchment and are almost absent
in the other. For instance, MRI and ADP15 have
more occurrences in Chassieu than in Ecully.
This may be due to the different characteristics
of the catchments. However, in the Ecully catch-
ment, ADP30 and ADP35, which are closely
related to ADP15, have more occurrences than
in the Chassieu catchment and may thus com-
pensate for the fewer occurrences of ADP15.

The results of EPR-MOGA and MCS-EPR-MOGA
also agree when the five most relevant explana-
tory variables for TSS are considered, which are
TFV, DRF, MRI, MFR, and ADP5. At this stage, it
has to be noted that four out of five most rele-
vant explanatory variables, i.e., TFV, DRF, MRI,
and MFR, are the same for modeling COD and
TSS. The other variables, ADP15 (for COD) and
ADP5 (for TSS), are interrelated since they both
characterize the antecedent dry period. The
selection of TFV, DRF, MRI, MFR, and ADP, as the
most relevant explanatory variables for pollu-
tant quantities in sewers, is in agreement with
the recent findings in the scientific literature
[Ashley et al., 2004]. A relationship is expected
to exist between the COD and TSS masses and
all these variables.

3.3. Modeling Storm Water Quality
Indicators by EPR-MOGA
The selected inputs were then used to construct
models for simulating storm water quality
parameters COD and TSS in the Ecully and Chas-
sieu catchments. These applications were per-
formed by applying EPR-MOGA with the
following settings. In particular, the first two
third of the events, previously used for input
selection, were used hereinafter to develop and
train data-driven models; the second one third

of the events were used for testing the data-driven models. The upper boundary of Na was set to 5. Com-
pared to input selection, a wider set of exponents, with values in the range between 23 and 3, spanned
with a 0.5 long step, was used in order to improve the fitting performance of the data-driven models,

Figure 3. Output COD and TSS. Occurrences of the potential explanatory
variables listed in Table 1 inside the MCS-EPR-MOGA models. Selected
variables are those featuring a number of occurrences larger than 0.
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provided that the most significant model inputs/attributes have been identified in the previous step of
work. A shorter step could have been used to span the range of exponents to improve the goodness of fit
in the training phase. However, results of simulations not reported in the paper showed that this leads to
two problems for the EPR-MOGA models:

1. Decrease in the generalization performance of the model, i.e., decrease in the model prediction ability
for test data;

2. Decrease in the understanding ability of EPR-MOGA model structures, which is a relevant purpose of a
paradigm searching for symbolic structures of data.

In particular, EPR-MOGA was applied to each catchment for modeling COD and TSS with the selected
explanatory variables of Figures 1 and 2, respectively. In these runs, the population and generation parame-
ters were also set to 10 and 40, respectively, in the EPR-MOGA-XL software. At the end of each run, the final
optimal models were sorted in terms of increasing values of coefficient of determination (CoD) computed
on the basis of the training data. This coefficient increases from 0 to 1, when the model complexity in terms
of Na and Nx increases. The lowest value of 0 is obtained by the simplest model which always returns a value
equal to the mean of the output in the training phase. The value equal to 1 would be reached by a theoreti-
cal model that fully explains the phenomenon under consideration. The training and testing results (CoDtrain

and CoDtest) are reported in Figures 4a and 5.

In particular, Figure 4a reports results for the modeling of COD in the Ecully catchment. The graph shows
that, for less complex models (corresponding to the lower values of CoDtest), CoDtest is quite close to
CoDtrain. When a certain model complexity is reached, the distance between CoDtest and CoDtrain tends to
increase. In fact, the graph shows that the CoDtest and CoDtrain dots are further and further when CoDtest

(and then the model complexity) grows. Graphs such as that in Figure 4a, where CoDtrain and CoDtest are
plotted together, then help in making distinction between robust models (with CoDtest close to CoDtrain)
and fragile models (with CoDtest much lower than CoDtrain). Figure 4b reports the results of a benchmark
run, where EPR was applied to the whole set of 56 input variables, without any prior application of the input
selection procedure. In this benchmark run, the wider set of exponents of [23, 22.5 22, 21.5, 21, 20.5, 0,
0.5, 1, 1.5, 2, 2.5, 3] was adopted. Furthermore, population and generation parameters in the EPR-MOGA-XL
software were set to 6 and 20, respectively. This resulted in the same computational burden as when
applying first the input selection procedure and then EPR-MOGA in the other case. The comparison of the
CoDtrain and CoDtest values in Figure 4a with the corresponding values in Figure 4b highlights better fitting
performance for the case of EPR applied following input selection in Figure 4a. Some negative values are
even observed for CODtest in Figure 4b. Furthermore, the graphs in Figure 4 show that the models obtained
in the benchmark MOGA-EPR run (Figure 4b) feature, on average, a larger CoD decay from the training to
the testing phases, than those obtained using a relevant input selection strategy (Figure 4a). Ultimately, this
attests to the efficiency of the input selection procedure herein proposed, which helps in obtaining robust
models with better fitting performance.

Figure 4. Values of coefficient of determination CoD obtained by the EPR models in the Ecully catchment in the training (black dots) and testing (grey dots) phases for the representa-
tion of COD (kg); results of (a) application of EPR following input selection procedure and (b) application of EPR alone. In the graphs, EPR models are sorted according to ascending val-
ues of CoD.
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The graphs in Figure 5 show the results obtained by applying EPR-MOGA to the set of relevant input varia-
bles, in both catchments for modeling both COD and TSS. The graphs also display, as a benchmark, the
CoDtrain and CoDtest values reported by Sun and Bertrand-Krajewski [2011] obtained by using the genetic
programming (GP) technique. The graphs highlight that the runs performed were able to yield a number of
models with better performance than GP, as indicated by higher CoD values and lower differences between
training and testing for EPR-MOGA than for GP. This result may be ascribed to the effective search for data-
driven models in the EPR-MOGA technique as well as from the efficient selection of the relevant input
variables.

Figure 5. Values of coefficient of determination CoD obtained by the EPR models for the representation of COD (kg) and TSS (kg) in the Ecully and Chassieu catchments in the training
and testing phases. In the graphs, EPR models are sorted according to ascending values of CoD. CoD values of the models obtained by Sun and Bertrand-Krajewski [2011], using the GP
technique in the testing and training phases.

Table 2. EPR-MOGA Models Chosen to Have CoDtrain Values Close to the GP Models Obtained by Sun and Bertrand-Krajewski [2011]

Catchment EPR-MOGA-XL model
CoDtrain 2 CoDtest

by EPR
CoDtrain 2 CoDtest

by GP

Ecully
COD50:020106

MRI 30; 48ð ÞTFV2:5

TRD0:5ADP150:5MRI 30; 96ð Þ2MFR1:5
1

10:37998MFR10:093824ADP300:5MFR1176:0661TRD0:5

0.88 2 0.66 0.87 2 0.60

Ecully TSS50:073534TFV10:000037636MFR21

13:9991ADP50:5MFR0:5161:3158

0.81 2 0.66 0.81 2 0.57

Chassieu COD50:056207TFV15:5718MFR0:51

10:00035637MRI ADP150:5DRF0:5 TFV

0.94 2 0.94 0.93 2 0.91

Chassieu TSS50:016373ADP200:5MRI 30; 4ð Þ0:5MFR1

10:00024997
MRI TFV1:5

MRI5
187:9863

0.85 2 0.73 0.84 2 0.69
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In the graphs in both Figures
4 and 5, CoDtest is always
noticeably lower than CoDtrain.
This may be due to the way
the data were originally
divided into training (first two
third of the data) and testing
(last one third of the data)

phases and could then be possibly improved by different data subdivision. In this study, a similar data subdivision
strategy to Sun and Bertrand-Krajewski [2011] was used in order to facilitate comparison with the Authors’ models
in terms of goodness of fit. Nevertheless, the issue of data subdivision is out of the scope of the paper.

For either catchment and for either target variable, an EPR-MOGA model was then selected in such a way as
to have similar CoDtrain values to Sun and Bertrand-Krajewski [2011]. Selected models are reported in Table 2,
as well as their CoDtrain and CoDtest values. The analysis of Table 2 mainly highlights two aspects:

1. The EPR-MOGA models are compact and easy to interpret due to their simple polynomial structure. This
is an advantage compared to other techniques, such as GP, which may produce very complex structures
[Luke and Panait, 2006];

2. The performance of the selected EPR-MOGA models does not deteriorate significantly when passing
from training to testing phases, unlike the GP models by Sun and Bertrand-Krajewski [2011]. This demon-
strates the improved robustness of EPR models, benefitting from both the preliminary input selection
and the modeling paradigm itself.

In many cases, the EPR models are so simple that they can show the dependence of the output on the
explanatory variables in a very straightforward way.

Table 3. EPR-MOGA Models in the Run Related to the Ecully Catchment and to COD as Out-
put Variable

EPR-MOGA-XL Model CoDtrain 2 CoDtest

COD522:8704 TFV0:5 0.69 2 0.71
COD50:13184 TFV128:7659MFR0:5 0.78 2 0.65
COD50:13144 TFV10:19267ADP50:5MFR1264:7627 0.80 2 0.59
COD50:13185 TFV10:00024437ADP302:510:19258ADP50:5MFR1224:4755 0.81 2 0.60

Figure 6. Values of COD and TSS in kg (dots) obtained through the EPR-MOGA models reported in Table 2 as a function of the observed values in the Ecully and Chassieu catchments
and graph biceptor (line).
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The analysis of the structure highlights
that, in the Ecully catchment, there is a
direct relationship between output TSS
and explanatory variables TFV, MFR,
and ADP5. In the Chassieu catchment,
output COD is directly related to TFV,
MFR, MRI, ADP15, and DRF.

In the case of the model representing
TSS in the Chassieu catchment, in addi-
tion to TFV, MFR, ADP20, MRI(30,4), and
AFR, the output also relates directly to
the dimensionless MRI/MRI5.

The structure of the model for representing COD in the Ecully catchment is more difficult to interpret. In
order to have a cleaper insight into the dependency between the output variable and the various explana-
tory variables in this case, the models with lower fitting performance belonging to the same EPR-MOGA run
can be referred to. In the case of output COD in the Ecully catchment, some models with lower fitting per-
formance than that in Table 2 are reported in Table 3.

The simpler polynomial models in Table 3 highlight the direct relationship of COD with TFV, MFR, ADP5,
and ADP30. The table also shows how these variables are gradually included in the model structure as the
complexity increases. This helps in understanding which explanatory variables influence COD most. In par-
ticular, TFV is present starting from the simplest model and this variable alone is able to explain the phe-
nomenon with a CoD 5 0.69. MFR is added to the second model whereas ADP5 appears in the third model.
Adding MFR and ADP5 to TFV increased CoD to 0.8. Finally, ADP30 appears only in the most complex model

Table 4. Indices Used to Represent the Goodness of Fit

Name Formula

Coefficient of Determination
CoD512

XN

i51
yi2fið Þ2XN

i51
yi2yð Þ2

Mean Squared Error MSE5 1
N

XN

i51
yi2fið Þ2

Correlation
q5

XN

i51
yi2yð Þ fi2f

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

i51
yi2yð Þ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

i51
fi2f
� �2

q

Index of agreement
d512

XN

i51
yi2fið Þ2XN

i51
jyi2y j1jfi2y jð Þ2

Figure 7. Values of the coefficient of determination (CoD), Mean Squared Error (MSE), correlation q, and index of agreement d for the various EPR-MOGA models obtained to simulate
COD in the Chassieu catchment. Values for the model chosen in Table 2 are highlighted by the vertical line.
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in Table 3, yielding only a marginal CoD increase. In order to further improve CoD, other variables need to
be added. However, this results in more complex polynomial forms (see Table 2).

Figure 6 displays the scatterplots of modeled and observed values in both catchments for the EPR-MOGA
models reported in Table 2. Globally, these graphs highlight the good alignment of data values along the
graph bisector, attesting to the good agreement of modeled and observed values in both the training and
testing phases.

Since various authors [e.g., Gupta et al., 2009] proved that the choice of a particular goodness-of-fit indi-
cator within the optimization may affect the results, an analysis was carried out to assess model perform-
ance by a number of indicators in addition to CoD, including the Mean Squared Error (MSE), the
correlation coefficient (q), and the index of agreement (d). This was done by postprocessing the results
of the optimal EPR-MOGA models obtained using COD in the Chassieu catchment (see Figure 5). The for-
mulas used to assess the goodness-of-fit indicators as a function of N modeled (f) and observed (y) val-
ues are shown in Table 4. In the graphs in Figure 7, the values of the indicators in both the training and
testing phases are shown. Similarly, to the trend of CoD plotted against model complexity in the training
phase, the corresponding MSE is, as expected, strictly monotonous. The trend of the other goodness-of-
fit indicators is globally monotonous, despite some very small oscillations, which can hardly be spotted
in the graphs. Therefore, the graphs show a high agreement between the four goodness-of-fit indicators.
The fact that CoD generally agrees well with the other indicators then corroborates the choice of CoD as
an objective function in the optimization process. The graphs in Figure 7 also show that the model cho-
sen in Table 2 features a small decay from the training to the testing phases in terms of all the goodness-
of-fit indicators.

4. Discussion

Most algorithms in the scientific literature [e.g., Bowden et al., 2005a, 2005b; D’Heygere et al., 2006; Giustolisi
and Simeone, 2006; Yang and Ong, 2011; Wan Jaafar et al., 2011; Tirelli and Pessani, 2011] address input
selection by iteratively including or excluding potential inputs toward models with high goodness-of-fit per-
formance. In these cases, a model structure needs to be predefined, which is usually challenging for a com-
plex problem such as storm water quality. In this study, an input selection method is developed through
explorative runs of EPR-MOGA or MCS-EPR-MOGA, which enable model construction without predefining
the model structure. By considering frequency with which each potential input appears in the EPR models,
the user can get an estimate of the extent to which that variable is influential in modeling the output. Based
on this methodology, input selection can be easily performed. A major advantage of the method thus lies
in its ability to perform input selection without predefining a model structure. Furthermore, in comparison
with other data-driven models (e.g., ANN and EP models), many near-optimal models are generated in one
run of EPR-MOGA or MCS-EPR-MOGA, while other methods need a number of runs to identify multiple opti-
mal models. Furthermore, the simple form of EPR-MOGA or MCS-EPR-MOGA models allows interpretation of
their mathematical expressions and parameters thus facilitating explanation of the phenomenon. As dem-
onstrated in this study, the EPR-MOGA and MCS-EPR-MOGA models are capable of simulating total loads of
pollutants with better goodness-of-fit performance than other data-driven methodologies [Sun and
Bertrand-Krajewski, 2011; Sun and Bertrand-Krajewski, 2013] or physically based models [M�etadier, 2011].

Like previous data-driven studies, this work does not use the EPR-MOGA and MCS-EPR-MOGA models to
analyze the dynamics of storm water events, that is, the interevent process is not simulated. It is worth men-
tioning that, as an attempt, EPR-MOGA was also applied to model the peak pollutant concentration. How-
ever, the peak values, which are assessed on short time intervals, are more prone to random factors and
measurement uncertainty, and are thus difficult to model using only rainfall and runoff variables (see
Appendix A). The modeling of pollutant dynamics in the interevent process remains challenging for either
data-driven or physically based models [e.g., M�etadier, 2011].

The potential input variables for simulating pollutant loads include rainfall and runoff variables collected on
the field. Even when runoff measurements are not available, a calibrated rainfall-runoff model can be used
to estimate runoff from rainfall data. Input selection and EPR-MOGA or MCS-EPR-MOGA can then be applied
to simulate total loads of pollutants using rainfall and simulated runoff data.
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5. Conclusions

This paper presented a procedure for
the selection of the relevant input varia-
bles in the context of the multiobjective
evolutionary polynomial regression
(EPR-MOGA) and of its multi case strat-
egy (MCS-EPR-MOGA) extension. EPR-
MOGA and MCS-EPR-MOGA are nonlin-
ear regression techniques yielding data-
driven models able to express the rela-
tionship between the target and
explanatory variables of a certain phe-
nomenon with growing structure com-
plexity and fitting performance.

The input selection procedure consists
in performing an exploratory run of
EPR-MOGA and MCS-EPR-MOGA. At

the end of this run, a statistical and engineering judgement-based analysis of the occurrences of the poten-
tial explanatory variables in the models is performed.

Applications concerned derivation of the relevant input variables to describe storm water quality in two
French catchments. Results showed that the input selection procedure reduced significantly the number of
explanatory variables in modeling two indicators of storm water quality (i.e., TSS and COD). A proof of the
effectiveness of the procedure was supplied by the results of subsequent EPR-MOGA runs using different
sets of potential inputs. Results proved that

1. The proposed input selection procedure enabled the fitting performance and robustness of the models
obtainable by EPR-MOGA to be improved;

2. The EPR-MOGA models obtained following input selection featured simple structures and high model
robustness compared to the results using other data-driven modeling techniques in previous studies.

It has to be noted that the input selection procedure described in this paper could also be applied to other
data-driven modeling techniques. The advantage of using EPR-MOGA or MCS-EPR-MOGA lies in their multi-
objective modeling approach. Thanks to this, these techniques are able to produce many models in a single
run, based on which analysis of variable occurrences can be easily made. Should another technique, such as
the genetic programming, be used instead, numerous runs would be required involving a much larger com-
putational cost. Another advantage of EPR-MOGA and MCS-EPR-MOGA is that they produce models that are
easier to interpret and check using engineering judgement.

Appendix A

In a preliminary analysis, EPR-MOGA optimizations were performed to analyze the feasibility of the maxi-
mum concentrations of COD and TSS as target variables in EPR-MOGA models as an alternative option to
the total loads. As an example, the graph in Figure 8 reports the results of an optimization performed to
model the maximum concentration of COD, CODmax, in the Ecully catchment. In this optimization, the popu-
lation and generation parameters in the EPR-MOGA-XL software were set to 6 and 20, respectively, and the
wider set of exponents of [23, 22.5 22, 21.5, 21, 20.5, 0, 0.5, 1, 1.5, 2, 2.5, 3] was adopted. Furthermore,
all the 56 explanatory variables were considered. The results of the optimization show that the CoD values
obtained in the training and testing phases are always lower than 0.6. The comparison with the optimiza-
tion related to the total load of COD, which had produced CoD values up to 0.88 (see Figure 4b), highlights
the fact that such regression models as the EPR-MOGA models, perform better when event mean concen-
trations, or total loads, have to be reproduced. This led to the choice of the total loads of COD and TSS as
target variables in all the optimizations of this paper.

The reason for the bad results of EPR-MOGA is that the maximum pollutant concentration, which is assessed
on short time intervals, is more prone to random factors and is thus possibly less related to the event rainfall

Figure 8. Values of coefficient of determination CoD obtained by the EPR models in
the Ecully catchment in the training (black dots) and testing (grey dots) phases for the
representation of CODmax (mg/L); results of application of EPR alone. In the graph, EPR
models are sorted according to ascending values of CoDmax.
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and runoff characteristics listed in Table 1. In addition, measurement uncertainty in the maximum pollutant
concentration values is significant in comparison to that in event loads due to accumulated effect of
uncertainty.

Notation

a coefficient in the monomials in the generic EPR model.
ADP antecedent dry period (day).
ADPJ antecedent dry period from the last rainfall event exceeding J mm (Y 5 [5:5:40]) (day).
AFR average flow rate (L/s).
CoD coefficient of determination.
COD chemical oxygen demand event load (kg).
CODmax maximum concentration of the chemical oxygen demand (mg/L).
CRM cumulative rainfall during M hours before the rainfall event (M 5 4, 8, 12, 24, 36, 48, 52, 72, 96)

(mm).
d index of agreement.
DRF duration of the runoff flow (h).
EPR acronym for evolutionary polynomial regression.
ES set of exponents which can be selected in EPR.
f function in the EPR polynomial structure.
f average value of f.
GP acronym for genetic programming.
MCS multicase study.
MFR maximum flow rate (L/s).
MOGA acronym for multiobjective genetic algorithm.
MRI(Y,Z) maximum value of the average rainfall intensity over a Y minute long time interval during Z

hours before an event (Y 5 5, 10, 30; Z 5 4, 8, 12, 24, 36, 48, 52, 72, 96) (mm/h).
MRI maximum rainfall intensity (mm/h).
MRI5 maximum rainfall intensity in 5 min (mm/h).
MSE mean squared error (unit of measurement of the variable considered, raised to 2).
N number of data.
Na number of monomials in the generic EPR model.
NDAY number of the day in a year when an event occurs (1–365).
NHOUR number of the hour in a day when an event occurs (1–24).
Nsel number of relevant input variables to be selected.
Nx number of input occurrences in the generic EPR model.
RI rainfall intensity (mm/h).
TFV total flow volume (m3).
TRD total rainfall duration (h).
TRH total rainfall depth (mm).
TSS total suspended solids event load (kg).
X explanatory variable in the generic EPR model.
Y explained variable in the generic EPR model.
y generic observed variable.
y average value of y.
q correlation.
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