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ABSTRACT

The optimal location of pressure sensors is typicallysolved using heuristic algorithms. Non-dominated
Sorting Genetic Algorithm Il (NSGA-II) is one of the most used algorithms in the water industry, requiring
a preliminary parameter tuning process. The lack of guidelines on how to tune model parameters
generally limits the use of these algorithms by researchers or practitioners and, as such, fails to be
used in real-life problems. The current paper explores different NSGA-Il parameterizations for the optimal
location of pressure sensors by using a multi-objective optimization methodology applied to a real
distribution network. Results show that (i) both the uniform and simulated binary crossover operators

ARTICLE HISTORY
Received 9 February 2022
Accepted 21 April 2023

KEYWORDS
Hypervolume; multi-
objective; NSGA-II;
optimization; pressure
sensors

(depending on the internal parameters) produce the best results, being the former recommended since it
does not require further parameter tuning; (ii) polynomial mutation with lower probability value should
be chosen; and (iii) the distribution indices of polynomial mutation have a minor effect on NSGA-II

performance.

1. Introduction

Water distribution networks (WDNs) are important public infra-
structures to ensure water supply and delivery to populations
in quantity and with acceptable quality and pressure. In devel-
oped countries, most WDNs were built several decades ago,
having, nowadays, high levels of water losses and frequent pipe
bursts due to the inevitable ageing and deterioration process
associated with intensive use (Leitdo et al. 2016). In this context,
collecting and processing pressure and flow rate data play an
important role in the daily operation of WDNs as these carry
information about the actual condition and performance of
these systems. Such data can be used with advanced machine
learning and optimization techniques in different frameworks
of hydraulic engineering and water resources analysis. Salloom,
Kaynak, and He (2021) used deep learning techniques for short-
term water demand forecasting. Vonk, Cirkel, and Blokker
(2019) used a machine learning model to estimate the peak
daily water demand under distinct climate change and vacation
scenarios. Menke et al. (2016) explored the optimal pump
scheduling to improve energy efficiency and shift electricity
consumption to low-tariff periods. Gomes, Vinga, and
Henriques (2021) analyzed the time-varying pairwise correla-
tions between pressure sensors for anomaly detection.
Pressure and flow rate data are widely used in the calibration
process of highly uncertain variables of hydraulic models, such
as nodal demands and pipe roughness coefficients (Dini and
Tabesh 2014; Do et al. 2016; Kumar, Narasimhan, and
Bhallamudi 2010; Meirelles et al. 2017; Zhang et al. 2018).
Only a well-calibrated hydraulic model can be reliably used to
detect and locate leaks and pipe bursts by inverse analysis

(Hajibandeh and Nazif 2018; Moasheri and Jalili-Ghazizadeh
2020), by using a classifier approach (Capelo et al. 2021;
Fereidooni, Tahayori, and Bahadori-Jahromi 2021; Hu et al.
2021; Rayaroth and G 2019), or by using error domain model
falsification approach (Goulet, Coutu, and Smith 2013; Moser,
Paal, and Smith 2018). Pressure data used for model calibration
and burst detection are collected using sensors installed in the
WDN. However, only a limited number of sensors can be
installed in a WDN due to budget constraints. This leads to
the question of where and how many pressure sensors should
be installed to maximize the total benefit and reduce the
associated costs.

Many methodologies based on different principles have
been developed to optimally locate pressure sensors in
WDNs. Simone, Giustolisi, and Laucelli (2016) located the pres-
sure sensors based on the network topological analysis; the
WDN is divided into distinct zones and a pressure sensor is
located in each zone centroid. In Klapcsik, Varga, and Hés
(2017), the graph theory is used to divide the WDN into sub-
systems, and the choice of locating single or several sensors per
subsystem is made at a higher level. In a different approach,
Cao et al. (2019) locate the sensors in order to represent the
different pressure patterns of homogeneous areas of the WDN.
The maximization of the accuracy of the hydraulic model is
considered by Kapelan, Savic, and Walters (2005) and
Behzadian et al. (2009). More recently, Francés-Chust et al.
(2020) considered the maximization of nodal pressure sensitiv-
ities. Related to leak and pipe burst-detection, Casillas et al.
(2013) and Steffelbauer and Fuchs-Hanusch (2016) aim at max-
imizing the percentage of leak scenarios correctly identified
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(according to certain criteria), while in Sarrate et al. (2014) the
aim is to maximize the leak detectability. Raei et al. (2019)
focused on reducing the time of pipe burst event detection,
while Zhao et al. (2020) maximize the detection coverage. Hu
et al. (2021) located the pressure sensors for pipe burst detec-
tion using a hierarchical algorithm that allowed the considera-
tion of sensor-failure scenarios.

Ferreira, Carrico, and Covas (2021, 2022) proposed a multi-
objective optimization method for determining the optimal
number and location of pressure sensors considering both
the hydraulic model calibration and pipe burst detection.
Several optimization problems (for a distinct number of pres-
sure sensors) are solved and the hypervolume quality measure
(Auger et al. 2009), which evaluates the benefit of installing
each number of sensors, is computed for each resulting Pareto
front. The optimal number of pressure sensors is determined by
assessing the evolution of the hypervolume with the number of
sensors. The NSGA-Il heuristic algorithm (Deb et al. 2002) is
used to solve the multi-objective optimization problem. This
algorithm requires specific parameters to be tuned for better
performance. The lack of guidelines on how to tune those
specific parameters limits the use of such methods by research-
ers and practitioners and, as such, fails to be used in real-life
problems (Wang et al. 2019).

The current paper is the follow-up of the research developed
by Ferreira, Carrico, and Covas (2021, 2022). First, the paper
explores different NSGA-Il parameterizations, specifically tai-
lored to the optimal location of pressure sensor problem. The
problem is applied to a real case study located in Lisbon
metropolitan area, Portugal. An extensive analysis of the evolu-
tion of the hypervolume indicator (Auger et al. 2009) is carried
out for different combinations of NSGA-Il parameters. An opti-
mal set of NSGA-Il parameters is obtained that can be used in
similar optimal pressure sensor location problems. Secondly,
the paper compares and discusses the results obtained by
using two different quality measures - the hypervolume
(Auger et al. 2009) and an adaptation of the generational dis-
tance (Van Veldhuizen 1999) - to assess their effectiveness in
the determination of the optimal location of sensors.

The main novel contributions of this research work are as
follows: (i) the summary of lessons learned in the tuning pro-
cess of NSGA-II parameters for the optimal location of pressure
sensors; (ii) the discussion of results obtained by using two
quality measures to assess the total benefit of a certain number
of pressure sensors and the respective effect on the optimal
number of pressure sensors; and (iii) the demonstration of the
analysis using a real case study with more than 1000 nodes.

2. Methods
2.1 Optimal location of pressure sensors

Different methodologies can be used to determine the optimal
location of a given number (N) of pressure sensors in a WDN.
This paper follows the methodology proposed in Ferreira,
Carrico, and Covas (2021, 2022) which focuses on pressure
sensor location for a better calibration of the hydraulic network
model and a more reliable near real-time detection of sudden
pipe bursts.
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Figure 1. Sequence of steps to obtain a set of optimal combinations of N pressure
sensors.

The methodology steps are depicted in Figure 1 and
include the formulation of an unconstrained multi-objective
optimization problem in which the decision variables are the
N nodes where the pressure sensors could be potentially
installed. Pressure sensors are optimally located based on
the maximization of nodal sensitivities for both pipe rough-
ness coefficients and pipe burst sizes. The calculation of the
objective function (OF) requires the prior computation of two
pressure sensitivity matrices, namely, one for the pipe rough-
ness coefficient (S7) and the other for the pipe burst size (S2).
The matrices assess changes in nodal pressure-head values
due to variations in pipe roughness coefficients and pipe
burst sizes (simulated by the nodal emitter coefficient). For
a given network with N, pipes and N, nodes, the sizes of the
obtained matrices S7 and S2 are N, x N, and N, x N, respec-
tively. Matrix component S7;; refers to the variation of the
pressure-head in node j given the variation of the pipe
roughness coefficient of pipe i. Similarly, 52;; refers to the
variation of the pressure-head in node j for the variation in
the pipe burst size in node i. These matrices can be numeri-
cally calculated by a finite difference scheme whose terms are
obtained by hydraulic simulations (see the original research
paper by Ferreira et al. 2022 for more details on the pressure
sensitivity analysis). More advanced techniques for pressure
sensitivity analysis (Kapelan, Savic, and Walterrs 2007; Liggett
and Chen 1994) could be used; however, these are not easily
applicable to real-case studies (Pérez et al. 2011).

Two distinct OFs are considered for the formulation of the
multi-objective optimization problem for a given sampling
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design X. A sampling design X is a discrete set of N pressure
sensors. The first function, f;, aims at maximizing the sensitivity
to the pipe roughness coefficient covered by sampling design
X. This OF can be computed as follows:

Np
Maximize f,(X) = ;Gu where a; = max (S155) )
where N, is the number of pipes.
A second function, f,, aims at maximizing the sensitivity of
the sampling design X to pipe burst events and can be com-
puted as follows:

Nn
Maximize f,(X) = ;a,-, where a; = rpe:;l(x (52i) )
where N, is the number of nodes.

As noted by Ferreira et al. (2022), both S1 and S2 sensitivity
matrices are not perfectly correlated and, as such, different
optimal combinations of sensors can be found for solutions f;
and f,. Thus, the result of the optimization problem is a set of
optimal combinations of N sensors, also known as a Pareto
front. Each solution of the Pareto front represents a specific
combination of N sensors (characterized by the values of f; and
f,), for which no other combination exists (with N sensors) that
presents better results for both objectives. The fact is that
differences can be found in the performance of pipe roughness
calibration and pipe burst location by using either the solution
maximizing f;, f,, or the trade-off solution (as demonstrated in
Ferreira et al. 2022).

By solely considering the maximization of sensitivities, there
is an inherent risk that the optimal solution leads to sensors
clustered in zones with highly sensitive nodes. As demon-
strated further in this paper, a trade-off solution between
objectives f; and f, has the ability to minimize the effect of
such clustered sensors and guarantee the spread of sensors in
the WDN. The f; and f, values of each optimal combination of
N sensors will be used to assess the benefit of installing
N sensors in the WDN (as further explained in 2.3).

2.2 Investigation of the NSGA-Il parameterization

The unconstrained multi-objective optimization problem pre-
sented in 2.1 can be solved by using different heuristic techni-
ques, namely, multi-objective genetic algorithm (Fonseca and
Fleming 1993), multi-objective particle swarm optimization
(Coello Coello and Lechuga 2002), or non-dominated sorting
genetic algorithm Il (NSGA-II) (Deb et al. 2002), among others.
This paper uses the NSGA-Il since it is considered to be an
‘industry standard’ (Wang et al. 2019) and has been successfully
applied to a variety of water resource optimization problems
(Maier et al. 2014; Mala-Jetmarova, Sultanova, and Savic 2018;
Reed et al. 2013). This algorithm ranks the solutions based on
the Pareto dominance relationship and a sorting criterion
known as crowding distance. Solutions with higher rankings
and larger crowding distances survive and are selected to
reproduce across generations.

The NSGA-II has different parameters that strongly affect the
computational efficiency (convergence velocity) and

effectiveness (success in finding the optimal solution) that
should be carefully tuned and tested to take full advantage of
the method’s capabilities (Wang et al. 2019). As noted by the ‘No
Free Lunch’ theorem (Wolpert and Macready 1997), a group of
parameters cannot be found that is always effective across dif-
ferent optimization problems. In other words, a set of highly
effective parameter values matching NSGA-II capabilities to the
characteristics of the optimal pressure sensor location problem
should exist.

The following parameters are considered for tuning: 1) the
population size (PS), 2) the number of generations (NG), 3) the
crossover operator and 4) the mutation operator. The first two
parameters (PS and NG) determine together the computation
effort applied to a given problem, since PS x NG equals the total
number of evaluations. A larger NG normally ensures better
convergence, but the convergence rate significantly declines as
NG increases. Furthermore, the PS is essential to ensure conver-
gence, as an inadequately small value can lead to a population
with similar solutions (rather than a diversified set of solutions).

The third parameter to be tuned is the crossover operator.
Different crossover operators can be used, namely, simulated
binary (SB), uniform and half-uniform, one-point and two-point,
and exponential crossover, among others. In SB, the real values
are represented by a binary notation, and the working principle
of the single-point crossover operator on binary strings is car-
ried with a given probability p.. The exponential distribution of
probabilities can be fine-tuned by using the distribution indices
n.. More details regarding the SB crossover operator can be
found in Deb, Sindhya, and Okabe (2007). The uniform cross-
over takes with a probability of 0.5 the values from each parent
(not a sequence of values but one value at a time). In the half-
uniform crossover, the different values in the first and second
parents are first selected. Then, half of the different values in
each parent are randomly selected. The one-point crossover
works by randomly selecting one point in both the parents,
thus leaving the offspring with a sequence of values from both
parents. The two-point crossover works similarly but by con-
sidering two random points. Finally, the exponential crossover
is mainly a one-point crossover that may occasionally perform
as a two-point crossover, and which can be tuned with the
probability parameter p. Note that some crossover operators
(SB and exponential crossover) have internal parameters, such
as the probability of crossover p. and distribution indices n. in
SB and probability p in exponential crossover operator.

The fourth parameter to be tuned is the mutation operator. The
polynomial mutation is used (with its associated probability of
mutation p,,, and distribution indices n,,). This operator works by
mutating the individual values of each population member after
a crossover with a given probability, p,,,. The distribution of prob-
abilities can be fine-tuned by using the distribution indices, nj,.

In this study, random sampling and selection methods are
used. These parameters do not require any tuning. So, multiple
NSGA-Il combinations of parameters can be generated by vary-
ing the PS, NG, the crossover and the mutation operator.

The tuning process is performed by considering an initial
estimation of the NSGA-Il parameters (see Table 1) based
on previously published research (Wang et al. 2019). This
initial estimation of the NSGA-Il parameters is used for the
optimal design of WDNs, which involves a distinct multi-
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Table 1. Initial estimation of NSGA-II parameters.

Parameter

Initial estimation

Population Size (PS)
Number of generations (NG)
Crossover operator
Mutation operator

100
100
Simulated binary (p.=0.95; n.=10)

Polynomial mutation (p,,=0.05; n,,=10)

Start

Initial estimation of NSGA |l parameters

v

Tuning of population size

v

Tuning of number of generations

v

Tuning of crossover operator

v

Tuning of mutation operator

v

End
Optimal set of NSGA-Il parameters

Figure 2. Sequence of steps for the NSGA-Il parameterization.

objective formulation. Thus, these parameters may not be
optimized for the problem of the optimal location of pres-
sure sensors.

Figure 2 depicts the general steps for the parameterization
of NSGA-II. The following tuning process is performed for each
parameter:

(1) Multiple alternatives are considered for the parameter
being tuned (e.g. a PS of 50, 100, and 250). The remain-
ing parameters should be considered as in Table 1 or, if
available, the tuned values.

(2) The unconstrained multi-objective optimization pro-
blem (see 2.1) is solved for a given number of
N sensors using the NSGA-Il with each parameter alter-
native. The hypervolume indicator (Auger et al. 2009) is
used to assess the evolution of the Pareto front across
the generations and, thus, the performance of each
alternative of parameters.

(3) The best parameter alternative is chosen, and the next
parameter can be tuned.

Parameters like the crossover and mutation operators may
result in a large number of alternatives as more than one

internal value can be affected. For instance, SB leads to
nine alternatives when considering three values for both p,
and n..

2.3 Determination of the optimal number of pressure
sensors using a quality measure

A cost-benefit analysis (CBA) is used to determine the optimal
number of sensors, N,,. This step is based on Zhao et al. (2020)
who have originally used CBA to determine the optimal num-
ber of pressure sensors for burst detection that resulted from
the best relation between the benefit and the respective cost.

The minimum and the maximum number of sensors that can
be installed in the network, N,,i, and N,,. should be first
established. These limits define the decision space where the
optimal number of sensors will be searched. The N,,;, is equal
to one, since at least one sensor will be installed, while the N,,q
may be established based on different criteria, such as the
available budget (Behzadian et al. 2009; Quintiliani et al.
2020), the number of possible locations (Raei et al. 2019), or
the network size (Steffelbauer and Fuchs-Hanusch 2016).

The total expenditure (TOTEX) associated with N sensors
comprises, generally, the capital expenditure (CAPEX) and the
annual operation and maintenance expenditures (OPEX) of
those sensors. The CAPEX of a single pressure sensor is usually
related to its accuracy and the coupled transmission or logging
equipment (Zhao et al. 2020). In this study, it is assumed that
the total expenditure (TOTEX) associated with the N pressure
sensors, TOTEX(N), can be described as follows:

TOTEX(N) = Cynit X N (3)

where C,,; is the unit cost of a pressure sensor including the
CAPEX and OPEX and N is the total number of sensors to be
installed.

The benefit of installing a certain number of N pressure
sensors can be given by the quality of the Pareto front related
to that number of sensors (Ferreira, Carrico, and Covas 2021).
So, the optimization problem presented in 2.1 should be solved
for each N in the range of N,,;, and N4, resulting in a Pareto
front for each number of sensors. The goal is to assess the total
benefit associated with each number of sensors, i.e. to obtain
a single value that represents the quality of each Pareto front. In
this paper, two quality measures are used, namely, the hyper-
volume (Auger et al. 2009) and an adaptation of the genera-
tional distance (Van Veldhuizen 1999) indicators.

The hypervolume indicator is described as the ‘volume’
(defined in as many dimensions as the number of OFs) of the
objective space dominated by the Pareto front and delimited
by a reference point. In this study with two OFs, the hypervo-
lume indicator describes the ‘area’ dominated by the set of
optimal solutions according to objectives f; and f,. The main
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advantages of this metric are the simplicity and the properties
related to guaranteeing strict monotonicity regarding Pareto
dominance (Guerreiro, Fonseca, and Paquete 2020).
Furthermore, it can capture the spread of the solutions across
the objective space to some extent. Nonetheless, it may be
sensitive to the extreme points of the Pareto front (While
et al. 2006). The formal mathematical formulation for the hyper-
volume indicator is presented in Guerreiro, Fonseca, and
Paquete (2020). Figure 3(a) depicts the hypervolume for two
Pareto fronts relative to N and N + 1 sensors; the solutions of
the Pareto fronts are depicted in circular blue and orange
markers, respectively. The hypervolume is represented as
a blue cross-pattern and orange area for N and N + 1 sensors.
The chosen reference point is the origin (0,0) since both objec-
tives aim at the maximization of the OF. The benefit of using N
+ 1 sensors (which is naturally higher than the benefit for
N sensors) is represented by a higher hypervolume value (i.e.
the orange area is larger than the blue cross-pattern area).
The generational distance measures the average Euclidean
distance from any point in the obtained Pareto front to the
closest point in the true Pareto front. The true Pareto front
represents the globally non-dominated set of solutions. As
noted by Laszczyk and Myszkowski (2019), the true Pareto
front in real-world problems is often unknown. In these situa-
tions, reference points can be used. The mathematical formula-
tion for the generational distance can be found in Van
Veldhuizen (1999). It is a straightforward measure to compute,
although it might be sensitive to the number of points in the
Pareto front (Audet et al. 2021) and, unlike the hypervolume
indicator, does not capture the spread of the solutions across
the objective space. An adaptation of the generational distance
is used herein by considering a reference point (0,0) and by
calculating the average Euclidean distance between each point
of the Pareto front and the reference point. These distances are
represented in Figure 3(b) in dashed blue and orange lines (for
N and N + 1 sensors, respectively). Note that the benefit for N +

)
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1 sensors is represented by a higher average line’s length (in
orange lines) when compared to those related to N sensors (in
blue lines). Since both OFs present distinct units,
a normalization process is carried out for the f; and f, values
of each solution of the Pareto front before computing the
Euclidean distances. For this purpose, f;"* and ,”* are calcu-
lated by considering that a sensor is installed in each possible
location. The £, and £,™" are considered equal to zero (since
both objectives aim at maximization). Accordingly, the normal-
ized values of function f; of each solution are calculated as
follows:

max

finorm :% (4)

1 1

The total benefit associated with a given number of sensors
N is either described by the respective hypervolume or the
generational distance. So, HV and GD are the sets of hypervo-
lume, and generational distance values obtained from each of
the Pareto fronts between N,,;, and N,,,o.. HV(N) and GD(N) refer
to the hypervolume and generational distance, respectively,
related to N sensors.

Since both units (benefit and cost units) differ,
a normalization of the previously obtained sets TOTEX, HV,
and GD to [0,1] is required. This leads to the normalized set of
installation cost TOTEX,,o;m, as well as the normalized sets of
hypervolume and generational distance values, HV,,,,, and
GD,orm (Which describe the benefit). The normalized values
can be computed as follows:

_ TOTEX(N) — TOTEX(Npmin)
 TOTEX(Nmax) — TOTEX(Nmin)

TOTEXorm(N) (5)

~ HV(N) — HV(Npmin)
HVnorm (N) - HV(Nmax) — HV(Nmin) (6)

(b)

Fnorm
[
@)

v

norm
f

255 Hypervolume for A sensors
Hypervolume for N+1 sensors -
@ Pareto front solutions for A'sensors

© Pareto front solutions for N+1 sensors

Distance used in GD calculation for N/ sensors
Distance used in GD calculation for N+1 sensors
Reference point

Figure 3. Assessment of the total benefit for a given number of sensors using: (a) the hypervolume and (b) the generational distance.



_ GD(N) B GD(Nmin)
~ GD(Nmax) — GD(Npin)

GDporm(N) (7)

where TOTEX,om(N) is the normalized total cost for
N sensors, and HV,,o;m(N) and GD,,,m(N) are, respectively, the
normalized hypervolume and generational distance values for
N sensors.

By considering that C,,;; is the same regardless of the num-
ber of sensors N, the TOTEX,,,,m calculation could be simplified
as follows:

Cunit x N — Cunit X Nmin N — Nmin

TOTEXorm (N) = - ®)
norm (N) Cunit X Nmax — Cunit X Nmin~ Nimax — Nmin

Finally, the relationship between the benefit and the cost of
installing the distinct number of sensors can be assessed. To
this end, the final net cost for a given number of sensors, NC(N),
is computed as the difference between the benefit, described
by the HV,om(N) or by the GD,om(N), and the real cost,
described by the TOTEX,o,m(N):

NChy (N) = HVporm (N) — TOTEXporm (N) )

NCep(N) = GDporm(N) — TOTEXporm (N) (10)

where NCy\(N) is the final net cost for a given number of
N sensors when using the hypervolume to characterize the
total benefit and the NCgp(N) represents the final net cost by
using the generational distance to characterize the total
benefit.

The optimal number of sensors N, can be determined by
analyzing the relationship between the final net cost and the
number of sensors, specifically as the number of sensors with
maximum net cost value.

In a real WDN, the total capital cost for installing pressure
sensors may not increase linearly with the number of sensors,
as typically the unit cost, C,,;,, is demonstrated to decrease with
the increase in the number of sensors. Such non-linear costs
can be included in the analysis by changing the TOTEX calcula-
tion. The comparison of how linear and non-linear cost func-
tions affect the optimal number of pressure sensors using cost—
benefit analysis is out of the scope of this study and can be
carried out in future works.

3. Application to a case study: results and discussion
3.1 Case study description

The case study is a real WDN located in the Lisbon metropolitan
area, Portugal, that supplies approximately 700,000 m>/year of
water to a population of 14,000 inhabitants. The supplied area
spans 4 km? and is quite heterogeneous in terms of buildings’
typology and functionality containing residential buildings as
well as a few supermarkets, schools, a large sports complex,
a central hospital, some shops, and industrial plants. The WDN
has an approximate length of 36 km with about 2,200 service
connections. Most pipes are made of asbestos cement (63%),
PVC (34%), and HDPE (3%), with diameters ranging from 32 to
400 mm. The hydraulic model, developed in EPANET, includes
967 pipes and 1,262 nodes. The network is supplied by one
storage tank with a pumping station. The pumping station is
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set to operate at a constant pressure throughout the day and is
simulated as a constant-level tank (reservoir). Also, 24-h con-
sumption patterns are included in the hydraulic model, allow-
ing extended period simulations. Table 2 summarizes the
characteristics of the WDN.

Figure 4(a) presents the analysed WDN with the location
of the storage tank (in blue square marker), the diameter of
each pipe (given by the colour of each pipe), and the
location of the three largest consumers (in blue, orange,
and green triangular markers). The three largest consumers

Table 2. A summary of the characteristics of the case study.

Supplied area 4 km?
Total length 36 km
Number of service connections 2,200

Type of users Heterogeneous, with residential,
commercial, and industrial users

Inlet of the WDN 1 storage tank upstream of a pumping

station
Average flow rate at the inlet 30 L/s
Pipe diameters 32 to 400 mm

Asbestos cement (~63%), PVC (~34%) and
HDPE (~3%)

Pipe materials

Supplied volume per year 700,000 m?
Supplied population 14,000 inhabitants
Hydraulic Number of nodes 1,262 nodes
model Number of pipes 967
Extended period 24 periods of average hourly consumption
simulations
(@) . ——
o Pipe diameter (m)
e 0.30
I Storage tank ~ 0.25
Pipe
® Node 0.20
AAA Large consumer
0.15
0.10
0.05

() 5o

40 A

301

— Inlet of the WDN
—— Large consumer (Hospital)

Large consumer (Industrial complex)
—— Large consumer (Sport complex)

20 -

Flowrate (L/s)

104

10:00 15:00 20:00

Time

00:00 05:00

Figure 4. (a) WDN with information on the pipe diameter and the location of the
three largest consumers; (b) average daily consumption of the three largest
consumers and inlet flow rate of the WDN.
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are a hospital, an industry, and a sports centre, with an
average daily consumption of 3.60, 2.55, and 1L/s, respec-
tively. The average daily consumption of the largest con-
sumers is presented in Figure 4(b), as well as the inlet flow
rate of the WDN.

The optimization problem related to pressure sensor loca-
tion in the WDN often results in a large search space, as thou-
sands of nodes can be potential locations for pressure sensors.
For the analyzed network with 1,262 nodes, 2.72 x 10** differ-
ent combinations of 10 pressure sensors can be found. Many of
these 1,262 nodes are redundant and irrelevant for the analysis
since they represent similar locations in the network. In this
paper, a search space reduction process (i.e. the reduction of
the number of node candidates to sensor location) is carried
out aiming at reducing the number of possible combinatorial
solutions of sensor locations. The search space reduction pro-
cess is carried out as described in Sophocleous, Savi¢, and
Kapelan (2019) by excluding all nodes associated with non-
pipe components. These nodes are only excluded from
the range of candidate locations but continue to exist in the
hydraulic model. This model has 390 valves that are spread
across the network. By applying the search space reduction, the
number of possible sensor locations is reduced from 1,262 to
just 481, since upstream and downstream nodes of valves are
excluded, as well as the storage tank node. As such, there are
1.66 x 10%° different combinations of 10 pressure sensors (con-
sidering 481 possible locations), which corresponds to
a reduction factor of about 16,000 in the search space for this
number of sensors.

A pressure sensitivity analysis is carried out by considering
a variation on the Hazen-Williams’s pipe roughness coefficient
of 10 and by generating a burst of a fixed size for every node of
the hydraulic model with a single emitter coefficient of 0.0002
m?*°/s and an emitter exponent of 0.5 (leading to an average
burst of 1L/s for an average pressure-head of 30 m). The
hydraulic simulations are carried out with the EPANET toolkit
(Rossman 2000) within the Water Network Tool for Resilience
(WNTR) Python package (Klise et al. 2017). Extended period
simulations are considered in the calculation of each pressure
sensitivity matrix; one matrix was calculated for each time step
and the mean values are calculated to obtain the final matrices
ST or S2.

3.2 Problem formulation and NSGA-Il parameterization

The optimization problem is formulated in NSGA-II using dis-
crete variables and integer encoding; each discrete location (i.e.
node) is assigned an integer value. A population member is
a set of locations for the pressure sensors (set of integer values)
and each variable of a population member represents
a possible pressure sensor location (a single integer value).
A repair algorithm is also used after each generation to prevent
two or more identical sensor locations (same integer value) to
occur in the same population member.

The NSGA-II algorithm is applied in the Python environment
using the Pymoo package (Blank and Deb 2020). The tuning
process is carried out as described in 2.2 and it is based on an
initial estimation of NSGAIl parameters (see Table 1). This esti-
mation is characterized by a default PS and NG of 100, as well as

a simulated binary crossover (with high-probability p.=0.95
and default distribution indices n, =10), and a polynomial
mutation (with low-probability p,, =0.05 and default distribu-
tion indices n,,, = 10). Furthermore, random sampling and selec-
tion methods are considered.

The first parameter to be tuned is the population size, PS. An
unconstrained multi-objective optimization problem is formu-
lated for 10 sensors (with the possible locations being the result
of the search space reduction). Three distinct sets of parameters
are used by considering the PS parameter equal to 50, 100, and
250, resulting in combinations of parameters C1, C2, and C3,
respectively. The remaining parameters are used as in the initial
set of parameters (see Table 1). The hypervolume indicator is
used to assess the evolution of the Pareto front. The use of the
hypervolume indicator differs from that explained in 2.3, in the
sense that it is calculated for each generation (and not just for
the final Pareto front). To account for the heuristic nature of the
optimization algorithm, three distinct runs of each combination
are carried out (i.e. each combination of parameters C1, C2, and
C3 was used three times to solve the optimization problem).
Each of these runs uses a particular sequence of random num-
bers (commonly known as seed), and which is the same across
combinations. For example, the 1%, 2", and 3™ runs of the
Combination C1 uses seed 1, 2 and 3, respectively. Similarly, the
15t 2" and 3™ runs of the Combination C2 use seeds 1,2 and 3.
Figure 5 presents the obtained results for C1, C2 and C3,
represented by three lines in red, green, or blue color. The
computational times for a single run of the three combinations
are 42, 82, and 201 s, respectively. All optimization problems
presented herein are solved using an Intel Core i5-8250 U pro-
cessor of 1.80 GHz and 8 GB of memory. This figure shows that
a higher population size is preferable, as better results are
obtained when using 100 or 250 individuals. The total number
of OF evaluations is equal to the PS times the NG, so the PS has
a direct impact on the total computational time. Since compar-
able results are obtained when considering either C2 or C3
(with PS of 100 and 250), the former is used herein, represent-
ing a reduction factor of 2.5 in the total computational time.

The second parameter to be tuned is the number of gen-
erations, NG. A similar tuning process is performed by consider-
ing three distinct values for the NG parameter, namely, 100,
250, and 1000 generations (resulting in combinations C4, C5,
and C6, respectively). The tuned value of PS=100 is used,

90,000

85,000

80,000

75,000

Hypervolume

70,000 ——C1 (Population = 50)

C2 (Population = 100)
65,000
C3 (Population = 250)

60,000
0 10 20 30 40 50 60 70 80 90 100

Generations

Figure 5. Hypervolume evolution across generations for different values of
population size.



92,000
—— =
90,000 J’J__/f_/_'—’;/
o 88,000
1S
=y
$ 86,000
[
S
I 84,000 — C4 (Finishing on the 100t generation)
— C5 (Finishing on the 250t generation)
82,000
— C6 (Finishing on the 1000t generation)
80,000
0 100 200 300 400 500 600 700 800 900 1000

Generations

Figure 6. Hypervolume evolution across generations for three distinct runs.

while the remaining parameters are considered equal to those
in the initial set of parameters (see Table 1). Figure 6 presents
the obtained results for three different runs ending on the
100™, the 250" or the 1000™ GA generation.

Indeed, a higher number of generations is better, with sig-
nificant improvement in hypervolume indicator being
observed at the 600" or 900" generation. These improvements
suggest that even more than a thousand generations should be
considered. Nonetheless, this higher number of generations is
reflected in the total computational time, with C4, C5, and C6
taking, respectively, 82, 403, and 802 s. As such, an NG of 1000 is
considered for the remaining tuning process, while a higher NG
of 2,500 is considered for the actual case study.

The third parameter to be tuned is the crossover operator.
A total of 15 combinations of parameters (by varying the cross-
over operator) were considered (combinations C7 to C22). Nine
combinations (C7 to C15) are related to the SB operator since
three values for p. and three values for n. were combined.
Uniform, half-uniform, one-point, and two-point do not require
internal parameters, thus resulting in just a single combination
for each parameter (C16 to C19). Two combinations (C20 and

(a) 91,500
91,100

90,700

90,300

Hypervolume

89,900

89,500

0 100 200 300 400 500 600

Generations

(b) 91,500

91,100
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C21) are considered for the exponential crossover operator by
varying its internal parameter p. The tuned values of PS =100
and NG =1000 are used, while the mutation operator para-
meter is considered equal to those in the initial set of para-
meters (see Table 1). A similar tuning process is carried out, with
three optimization problems being solved for each combina-
tion of parameters. The average of the three simulation runs for
each combination of parameters is calculated and presented in
Figure 7. Figure 7(a) presents the obtained results for nine
combinations (C7 to C15) for the SB crossover operator,
while Figure 7(b) presents the results for the remaining combi-
nations (C16 to C21).

As expected, different values for probability p. and distri-
bution indices n. in SB operator produce very distinct results
(see Figure 7a). This operator, depending on the combination
of p. and n,, leads to both the worst overall solution (C10)
and the 2" best overall solution (C15). The best results are
obtained when considering a low probability of crossover p.
=0.05 (C15 and C12). Furthermore, p. seems to have a higher
impact on NSGA-II performance than n. this can be seen in
the results for two combinations C12 and C15, which differ
greatly in the value of the distribution indices n. (3 and 20)
and produce the two best results for this particular crossover
operator.

The results of the remaining crossover operators in
Figure 7(b) show that uniform (C16) and exponential crossover
with p equal to 0.95 (C20) presents the best overall results, with
the highest hypervolume value in the 1,000" generation, as
well as a high hypervolume value since early generations (300"
generation for instance).

The best overall results are obtained by using either the SB
with a specific combination of internal parameters (C15) or the
uniform crossover operator (C16). The latter operator is prefer-
able, since it does not contain internal parameters and will be
used in the following tuning process of the mutation operator
and in the actual case study.

C7: SB (p, = 0.95; n, = 10)
€8: SB (p, = 0.50; n, = 10)
C9: SB (p, = 0.05; n, = 10)
C10: SB (p. = 0.95; n. = 3)
C11: SB (p. = 0.50; n. = 3)

C12: SB (p. = 0.05; n. = 3)

C13: SB (p, = 0.95; n. = 20)
C14: SB (p = 0.50; n, = 20)
C15: SB (p, = 0.05; n = 20)

700 800 900 1000

90,700

90,300

Hypervolume

89,900

89,500

200

0 100 300 400 500 600

Generations

C16: Uniform

C17: Half Uniform

C18: One point

C19: Two point

C20: Exponential (p = 0.95)
C21: Exponential (p = 0.05)

700 800 900 1000

Figure 7. Hypervolume evolution across generations for different crossover operators.
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Figure 8. Hypervolume evolution across generations for different values of the polynomial mutation’s parameters.

Table 3. NSGA-II parameters after tuning.

Parameter

After tuning

Population Size (PS)
Number of generations (NG)
Crossover operator
Mutation operator

100
1,000 (2,500)
Uniform crossover
Polynomial mutation (p,,=0.05; n,,=10)

The final parameter to be tuned is the mutation operator.
Three distinct values are considered for p,, namely, 0.05,
0.50, and 0.95. Similarly, three distinct values are considered
for the n,, namely, 3, 10, and 20. This leads to a total of
nine combinations (C22 to C30). The tuned values of PS and
NG are used, as well as the uniform crossover operator. The
same tuning process is carried out, with three optimization
problems being solved for each combination of parameters.
The average of the three simulation runs for each combina-
tion of parameters is calculated and presented in Figure 8.
Lower values of p,,=0.05 are preferable, with significant
differences being found for the three distinct values of p,.
Although the mutation operator is needed to skip the local
search space, high mutation rates can lead the search to be
random. Furthermore, p,, has a higher impact on NSGA-II
performance than n,, this can be seen by comparing the
results of three combinations with similar p,,, and distinct n,,
(for instance, C23, C26, and C29) with three combinations
with similar n, and distinct p,, (for instance, C25, C26,
and C27).

The best combinations of parameters are C24 and C27, both
with p,,=0.05 and with n,, of 10 and 3, respectively. So, the
polynomial mutation operator with p,,=0.05 and n,,=10 is
used for the case study. The final set of NSGA-Il parameters
after tuning is presented in Table 3.

3.3 Multi-objective optimization of pressure sensors’
location

The minimum and maximum numbers of sensors, N,,;, and
Nmax, are defined, respectively, as 1 and 20 sensors. The
latter is defined according to the water utility budget lim-
itation. The unconstrained multi-objective problem is for-
mulated as previously described and solved twenty times
using the NSGA-II algorithm (Deb et al. 2002), one for each
number of sensors, and by using the set of tuned NSGA-II
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Figure 9. Obtained Pareto fronts.

parameters (see Table 3). The possible locations for pressure
sensors are the result locations of the search space reduc-
tion. Each optimization problem is solved for 2,500 genera-
tions, resulting in 2,500 x 100 =250,000 objective function
evaluations, and with a total running time of around 35
min per optimization problem. The result of each optimiza-
tion problem is a Pareto front of optimal pressure sensor
locations (according to the objective functions f; and f)).
These Pareto fronts are depicted in Figure 9. Each dot
represents a possible combination of a given number of
sensors N between 1 and 20. The optimal combination for
a given number of pressure sensors is not the same when
individually maximizing each objective and there are several
trade-off optimal solutions when attending to both objec-
tives simultaneously. Furthermore, Pareto fronts for a higher
number of pressure sensors (for instance, 19 and 20 sensors)
appear to be ‘closer’ to each other than the Pareto fronts
obtained for a lower number of pressure sensors (for
instance, 1 and 2 sensors). This is expected since there is
a greater marginal benefit of installing a second sensor than
a 20™. This behavior should be assessed by the quality



measures when characterizing the total benefit associated
with each number of pressure sensors (as assessed in the
following section).

3.4 Optimal number of pressure sensors by using quality
measures

Both the hypervolume and the adaptation of the generational
distance indicators are calculated for each Pareto front as
shown in Figure 9 (and as described in 2.3). The obtained
results are depicted in Figure 10. The increase in the number
of installed sensors leads to a higher benefit; this can be
observed in Figure 10 with the highest hypervolume and the
generational distance values being found for 20 sensors.
Furthermore, the marginal benefit decreases for a higher num-
ber of pressure sensors; this behaviour is observed in both
quality measures (besides the different order of magnitude).
Nonetheless, the generational distance indicator appears to be
susceptible to the shape of the Pareto front, as a higher mar-
ginal benefit is obtained from 6 to 7 sensors than it was
obtained from 5 to 6 sensors. This is due to the sudden changes
in the Pareto from 6 to 7 sensors (see Figure 9). The hypervo-
lume, on the other hand, is not so susceptible to changes in the
Pareto front and consecutively decreasing marginal benefits
are obtained.

These results show that both quality measures (hypervo-
lume and generational distance) can describe the total benefit
of installing a different number of pressure sensors, though the
former appears to be less influenced by the shape of the Pareto
front.
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A cost-benefit analysis is used to determine the optimal
number of pressure sensors N, by assessing the number of
sensors with the maximum final net cost NC. A test is performed
to assess if major differences in the optimal number of pressure
sensors are found by considering either the hypervolume or the
generational distance to quantify the benefit for each number
of sensors. Two separate cost-benefit analyses are carried out,
one by using the hypervolume and the other by using the
generational distance. Both sets of hypervolume and genera-
tional distance values presented in Figure 10 are normalized
into [0,1] (see 2.3), leading to HV,,.m and GD,,m, values. The
former is depicted in Figure 11(a) as red squares, while the
latter is presented in Figure 11(b) as blue diamonds. The total
expenditure TOTEX is also normalized into [0,1] and depicted in
Figure 11 as black circles. The final net cost NC for each number
of sensors is calculated twice (using either HV,,o,m Or GD,orm),
leading to NCpy and NCgp, and is represented in Figure 11 as
red or blue triangles, respectively.

Finally, the optimal number of sensors is found as the
number of sensors with the maximum value of the net cost
NChy and NCgp (represented in a blue arrow); the former is
found to be equal to 8 sensors, while the latter is equal to 7
sensors. No major difference in the optimal number of
sensors is attained by using the hypervolume or the gen-
erational distance indicator. The hypervolume is recom-
mended due to the previously presented characteristics,
such as the simplicity and the ability to capture the spread
of the Pareto fronts. The optimal number of pressure sen-
sors N,y is, thus, defined as 8 sensors.

Once the number of sensors is defined as 8, an optimal
configuration can be chosen from the Pareto front (see
Figure 9). Figure 12 presents the Pareto front for 8 sensors,
where each grey point represents an optimal configuration.
Three distinct configurations are highlighted: the configuration
that maximizes the f; objective (in a red triangle), the solution
that maximizes the f, objective (in a green triangle), and
a trade-off solution between these two objectives (in a blue
triangle).

Figure 13 depicts the location of these three highlighted
configurations of 8 sensors in the WDN. This figure shows that
the optimal location for pressure sensors depends strongly on
the chosen solution of the Pareto front (i.e. either maximizing
an objective or a trade-off solution). As a result, different opti-
mal locations could be found for the solutions that individually
maximize each objective (red and green triangles).
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Figure 11. Optimal number of sensors using a cost-benefit analysis and by assessing the total benefit using: (a) the hypervolume; (b) the generational distance.
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Figure 12. Pareto front for 8 sensors with three highlighted solutions.

As noted earlier, the maximization of sensitivities may lead
to sensors clustered in zones with highly sensitive nodes. This
can be seen in Figure 13, where two sensors are clustered in
both f; and f, solutions (although in different zones of the
WDN). The trade-off solution, which considersboth objectives
simultaneous, results in more evenly spread sensor locations
throughout the WDN. Summing up, the trade-off solution
should be adopted as it contains compromised locations
between f; and £, solutions in several network zones.

4. Conclusions

This paper presents an extensive analysis of NSGA-Il parame-
terization for the optimal pressure sensor configuration for
WDNSs. A multi-objective optimization methodology is used to
optimally locate a given number of pressure sensors. The loca-
tion of pressure sensors is determined such that they can be
used for the continuous calibration (in terms of pipe roughness
coefficient) of the hydraulic model, as well as used to detect
and locate pipe bursts. Two distinct OFs are formulated, max-
imizing nodal pressure sensitivities to both pipe roughness

coefficients and pipe burst events. This ensures that pressure
sensors are optimally located to generate pressure-head data
to be used in the calibration of the hydraulic model and for
pipe burst detection.

A total of 30 different combinations of NSGA-Il parameters
are considered by varying the population size, the number of
generations, the crossover, and the mutation operator. These
combinations are assessed by using the hypervolume indicator
to measure the evolution of the Pareto front across the gen-
erations for each combination of parameters. Ninety multi-
objective optimization problems are solved to find a suitable
set of NSGA-Il parameters. Results demonstrate that the popu-
lation size should be appropriately selected as it has a direct
influence on the total computation time; similar results are
obtained when considering population sizes of 100 and 250,
with the former representing a reduction factor of 2.5 in the
total computational time. Simulated binary, depending on its
internal parameters (with a total of 9 combinations), leads to
both the second best and the overall worst results when tuning
the crossover operator. On the other hand, the uniform cross-
over operator produces the best overall results and it does not
require internal parameters to be defined. So, the uniform
crossover operator is therefore recommended. A polynomial
mutation operator with lower probability values is preferable
(i.e. 0.05), with significant differences being found for the two
other analyzed values (0.50 and 0.95). The distribution indices
of the polynomial mutations have a minor effect on NSGA-II
performance.

The optimal number of pressure sensors is determined by
using a cost-benefit analysis. An unconstrained multi-objective
optimization problem is formulated and solved (using the
tuned set of parameters) for a range of between 1 and 20
pressure sensors. The benefit of installing each number of
sensors is assessed by using two distinct quality measures,
namely, the hypervolume and an adaption of the generational
distance. The objective is to assess if major differences in the
optimal number of pressure sensors exist by using different
quality measures. No differences have been observed, being
the optimal number of pressure sensors found by using the

‘ A A A Pressure sensors for 7, £, and trade-off solution

Figure 13. Optimal pressure sensor location of the three highlighted solutions.



hypervolume and the generational distance being equal to 8
and 7, respectively. The hypervolume is herein recommended
due to its characteristics, such as the simplicity and the ability
to capture the spread of the Pareto fronts (as opposed to the
generational distance which could only capture the average
distance of the set of solutions to the reference point).

Finally, the results have demonstrated the importance of
using tools, such as optimization techniques, to help water
utilities to address real-life problems, which are often too
complex to be solved solely by engineering judgment. The
use of such tools allows utilities to explore a higher number
of solutions and, ultimately, increase the benefit of instal-
ling pressure sensors. Nonetheless, the experts’ judgment is
crucial for the correct use of such tools, not only in the
problem formulation but also in the critical analysis of the
obtained results.
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