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Abstract
Being able to quantify the reliability of a water distribution system (WDS) is particularly important for
decision makers as it allows to take objective decisions for the benefit of the population served by the
system. The reliability of WDSs is an abstract concept that usually refers to the ability of the network to
supply the water demanded by the consumers under different circumstances or conditions. However,
setting explicit criteria to measure a system’s reliability has proven to be a challenging problem for
researchers given the complexity and non-linearity of WDSs. To this point, no widely accepted measure
methodology for reliability has been introduced in WDSs. Two main classes of reliability quantification
methodologies can be identified in recent literature: 1) Stochastic Reliability Measures which quantify
reliability based on probabilistic concepts and methods, and 2) Reliability Surrogate Measures which use
easy to compute indexes, based on intuitive judgment, and that are expected to correlate with reliability.
This thesis develops two estimators of stochastic reliability (MRE and HRE – Mechanical and Hydraulic
Reliability Estimators), that also work as reliability surrogate measures, getting important features from
both types of reliability measures. To test their applicability, a framework to evaluate the reliability of
realistic WDSs using pressure-driven analysis under extended period simulation is also developed. The
framework includes the use of a method to produce synthetic networks, and its further application to
complete five case studies based on real systems from Colombia. Then a method to perform pressuredriven analysis, under extended period simulation, using the proven network solver EPANET 2.0, is
introduced. Additionally, given that an efficient optimization procedure was required to deal with the
large case studies, a method named NSGA-II+OPUS was developed and tested.
Based on the results of a comparative and correlation analysis, it can be concluded that the proposed
estimators are both easy to compute and implement in an optimization routine, and consistently
representative of the reliability of the systems. Moreover, thanks to the new pressure-driven analysis
method, the computation of stochastic reliability is accessible by an extensive evaluation of different
functionalities.
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Chapter 1
Introduction
In the first Beaty Water Research Center & Leaders seminar of 2019, Dr. Joe Manous (US Army
Corp of Engineers) explained how water resources management in the U.S has been transitioning
from a deterministic perspective of safety to a probabilistic one since mid-20th century. There are
many factors that account for this lengthy slow transition, but one that Dr. Manous emphasized
during his lecture is the lack of agreement on the definition of concepts like Resilience,
Robustness, and Reliability. In a very illustrative way, he showed how the definition of
Resilience, for example, changed/evolved between dictionaries from the 1950’s, 1970’s, 1990’s,
and 2010’s, gaining a more physics/engineering sense of a system’s ability to recovery in most
recent years.
Being able to define and quantify these concepts is imperative, as it allows decision makers to
identify more and less trustworthy options and take a better informed decision. This is especially
the case for water distribution systems (WDS) given their social, economic, and political
importance in urban settlements. People rely on water networks to supply the personal demands
for water; industries to manufacture their different goods and cool their machinery, hospitals to
provide their service normally; and inhabitants in general to provide fire protection. However, the
number of uncertainties in water distribution systems management is countless as most of their
elements are buried, the population served does not behave deterministically, and they can be
affected by natural and human threads.
Previous studies on how trustworthy is the supply from a water distribution system (from now on
referred as reliability), identified two main types of metrics for its quantification. The first type
has been commonly known as Reliability Surrogate Measures, and they are based on intuitive
concepts and engineering judgment, that use a deterministic evaluation of the systems to measure
1

how trustworthy they are. These measures have been widely used because of their simple
computation, and easiness to be coupled in optimization routines. However, since they do not
consider explicitly the stochastic nature of the uncertainties that affect the WDSs, their
effectiveness in measuring reliability has been questioned by researchers.
The second type are Stochastic Reliability Measures, and their main attribute is that they do
consider the stochastic nature of uncertainties to estimate the reliability. This implies that these
measures typically require the simulation of the systems under different scenarios that represent
the various uncertainties affecting them, and therefore its evaluation is more time consuming.
Unfortunately, that computational burden means that they are used more as a post-processing
assessment of selected optimization results, rather than an explicit objective to be maximized.
This thesis finds a middle ground between the two types of measures, aiming to provide a new
computationally-efficient way to include the stochastic nature of uncertainties in the optimization
of WDSs. Furthermore, the proposed measures use a consistent definition of reliability in WDSs
from which other possible variations can derive depending on how the serviceability or
functionality of the system is defined.
Two additional matters are included in this thesis. First, acknowledging the current deficit of real
study cases in WDSs analysis (which has been more loudly voiced by researchers in recent years
to the point of creating the ASCE Task Committee of Research Databases for Water Distribution
Systems in 2013), this thesis gathered and compared various sources of real and synthetic
networks to be used as case studies in this research. This step was taken to allow a broader
applicability of the conclusions found, and takes one step in closing the gap between the advances
in research, and their adoption as practices by utilities and industry.
The second consideration was the need for an easy and intuitive method to simulate WDSs under
stressed conditions that reduce the pressures below the minimum required. The so-called Pressure
Driven Analysis is a fundamental need in evaluating the reliability of WDSs, and therefore part of
2

this thesis was dedicated to develop a method that was easy to implement, reliable in its results,
not computationally prohibitive, and that allows an extended period simulation of the systems (.
Putting together these advances is expected to provide practitioners and researchers with a set of
tools that facilitates the consistent and clear evaluation of reliability in water distribution
networks.

1.1 Objectives
The overall objective of this thesis is to develop a framework to quantify the reliability of water
distribution systems. This framework includes a set of explicit and tested measures that provide
decision makers and researchers with a way of assessing water distribution systems reliability in
optimization routines, pressure driven analysis, and extended period simulations.
This thesis encompasses the following specific objectives:
1. Collect and generate sets of real and synthetic water distribution networks that can be
used as representative case studies for this research.
2. Develop a simple, reliable method to simulate real-size water distribution systems with
pressure-driven demands under extended period simulations.
3. Implement and improve an existing metaheuristic algorithm for the efficient optimization
of real-size water distribution systems.
4. Compare existent reliability surrogate measures in realistic water distribution systems.
5. Develop easy-to-compute reliability measures based on a consistent stochastic
interpretation of mechanical and hydraulic reliability of water distribution systems.
6. Test the proposed reliability measures behavior in the previously implemented
metaheuristic algorithm.
7. Compare the proposed reliability measures, with a coherent interpretation of stochastic
reliability that comprise pressure driven analysis and extended period simulation.
3

1.2 Outline of the document
This thesis is organized based on a number of published or submitted journal and conference
papers as follows:


Chapter 2 presents a comprehensive review of existing literature related with reliability of
WDSs. It makes the differentiation between reliability surrogate measures and stochastic
reliability measures, and presents a review of studies comparing the two types. It also
examines and classifies different approaches to perform pressure driven analysis,
elaborating especially on simple methods that can be implemented in existing software.
Finally, it also discusses sources of WDSs that can be used as case studies in this
research.



Chapter 3 covers the results of collecting WDSs models from different databases, and
comparing them against five sets of synthetic networks generated using an online tool.
The comparison is made using reliability surrogate measures and connectivity metrics.
(Paez & Filion, 2017a and 2017b)



Chapter 4 introduces a non-iterative method to perform the simulation of water
distribution systems with pressure driven demands using EPANET2. The method is
tested in two benchmark networks and one realistic case study from the ones collected in
Chapter 3. (Paez et al., 2018a and 2018c)



Chapter 5 presents a method to combine the domain knowledge given by an energy-based
method for the optimal design of WDSs, with the robustness and adaptability of Nondominated Sorting Genetic Algorithm II (NSGA-II). (Paez et al., 2018b)



Chapter 6 performs a comparison of reliability surrogate measures in five realistic case
studies using a correlation analysis for combinations of optimization problems and
networks. (Paez et al., 2018d)
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Chapter 7 introduces the Mechanical Reliability Estimator and the Hydraulic Reliability
Estimator, as analytic solutions of the stochastic reliability of WDSs under a series of
simplifying assumptions. The proposed estimators are used in two well-known
benchmark networks. (Paez & Filion, 2019a)



Chapter 8 develops and tests a framework for the evaluation of mechanical reliability,
hydraulic reliability and firefighting reliability (hydrant activation) under extended period
simulations, and uses it to evaluate the performance of the Mechanical Reliability
Estimator and the Hydraulic Reliability Estimator in five realistic case studies from
Chapter 3. (Paez & Filion, 2019b)

1.3 Publications
The journal and conference papers that resulted from this thesis are listed as follows:



Paez, D., & Filion, Y. (2017a). Use of network theory and reliability indexes for
the validation of synthetic water distribution systems case studies. Sustainable
Energy Technologies and Assessments, 24, 2-7.



Paez, D., & Filion, Y. (2017b). Generation and validation of synthetic WDS case
studies using graph theory and reliability indexes. Procedia Engineering, 186,
143-151.



Paez, D., Suribabu, C. R., & Filion, Y. (2018a). Method for extended period
simulation of water distribution networks with pressure driven demands. Water
resources management, 32(8), 2837-2846.



Paez, D., Salcedo, C., & Avila, A. (2018b). Improving Convergence Rate of
NSGA II with Intermittent Feedback from Energy Based Methods for Design of
Water Distribution Systems. In 1st International Water Distribution System
5

Analysis / Computing and Control in the Water Industry Joint Conference,
Kingston, Canada, July 23-25, 2018.


Paez, D., Suribabu, C., & Filion, Y. (2018c). Performing Extended Period
Simulation in EPANET Under Pressure Driven Demands. In 1st International
Water Distribution System Analysis / Computing and Control in the Water
Industry Joint Conference, Kingston, Canada, July 23-25, 2018.



Paez, D., Filion, Y., & Suribabu, C. R. (2018d). Correlation Analysis of
Reliability Surrogate Measures in Real Size Water Distribution Networks. In 1st
International Water Distribution System Analysis / Computing and Control in the
Water Industry Joint Conference, Kingston, Canada, July 23-25, 2018.



Paez, D., & Filion, Y. (2019a). Mechanical and Hydraulic Reliability Estimators
for Water Distribution Systems. Journal of Water Resources Planning and
Management. (Accepted)



Paez, D., & Filion, Y. (2019b). Water Distribution Systems Reliability under
Extended Period Simulations. Journal of Water Resources Planning and
Management. (Submitted)
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Chapter 2
Literature review
Water distribution systems (WDS) are one of the most critical infrastructures in an urban
settlement due to their necessity to supply water for basic human consumption, as well as to
support different economic activities and to provide water for different kinds of emergencies.
However, it is widely acknowledged that there is considerable uncertainty in their planning,
design and operation. Sources of uncertainty can include a variety of factors such as deterioration
of the components, fluctuations in demand, unpredictability of fire-fighting demands, natural
disasters, among others.
Moreover, while some components like treatment plants, tanks, and pump stations have regular
monitoring that allows for an early identification of complications, buried mains are considerably
more difficult to check, and therefore the conditions in many cases cannot be assessed.
Being able to quantify the reliability of a WDS is particularly important for decision makers as it
allows them to take objective decisions for the benefit of the population served by the system.
The reliability of WDSs is an complex concept that usually refers to the ability of the network to
supply the water demanded by the consumers under different circumstances or conditions.
However, setting an explicit criteria to measure a system’s reliability has proven to be a
challenging problem for researchers given the complexity and non-linearity of WDSs. To this
point, no widely accepted measure methodology for reliability has been introduced in WDSs
(Ostfeld, 2004; Klise et al., 2015; Shin et al., 2018).
Two main classes of reliability quantification methodologies can be identified in recent literature:


Stochastic Reliability Measures: In this type of approach, the reliability of a WDS is
evaluated in relationship with a sample space such as “All possible combinations of pipe
breakage scenarios”, or “All possible combinations of nodal demands”, among others.
7

The measure is then in terms of a probability, an expected value, a variance, or different
combinations of them. The main disadvantage of these definitions is that their calculation
is computationally demanding, especially in networks with realistic size. Section 2.1
reviews previous research literature on stochastic reliability measures.


Reliability Surrogate Measures: Contrary to Stochastic Reliability Measures, the
Reliability Surrogate Measures approach uses experience-based criteria and intuitive
judgment to propose indexes or metrics that are expected to be correlated with the
reliability of the WDS. Their advantage is their quick computation, but their correlation
with reliability is still questioned by some researchers. Section 2.2 reviews the most
commonly used reliability surrogate measures, while Section 2.3 reviews the existent
comparisons between reliability surrogate measures and stochastic reliability measures.

An additional difficulty in assessing the reliability of WDSs, is the need to simulate their
hydraulic behavior. Current available software was initially developed to simulate the systems
under “normal conditions”, which allowed to assume total fulfillment of the demands (demand
driven analysis). However, many definitions of reliability actually require to abandon that
assumption, and consider the dependency that supplied flows have with the pressure (pressuredriven analysis). To consider this dependency in the simulation, additional computational efforts
are required to deal with the increased complexity of the underlying system of equations that
describes the system. Section 2.4 reviews different methods to perform pressure-driven analysis
on WDSs.
Due to all these difficulties and computational requirements to assess reliability, most researchers
have used as case studies theoretical or simplified WDSs that limit the transferability of their
conclusions to other networks. In addition, safety reasons and budgetary/time constraints for data
collection also prevent an extended use of realistic WDSs. Section 2.5 reviews literature on
alternatives to overcome the lack of realistic case studies in research.
8

2.1 Stochastic Reliability Measures
Two main definitions have been consistently used in the context of water distribution systems
analysis in the past 30 years. Bao & Mays (1990) on one hand, defined the reliability as the
probability that the system can satisfy the flow demand at the required pressure head. Under that
perspective, the system can either satisfy or not satisfy the demand, and therefore the reliability is
defined as how likely is it that the WDS do satisfy the demand (RelProb). The drawback of this
approach is that it disregards the magnitude of the shortfalls, and a slight reduction in service is
treated in the same manner as an overall shutdown of the service (Tanyimboh & Templeman,
1998). On the other hand, Fujiwara & Tung (1991) defined the reliability as the expected value of
the ratio between the water supplied and the water demanded in the system (RelExp). Under this
approach the magnitude of the shortfall is explicitly considered since a small reduction in service
would have a higher supply/demand ratio than a larger shutdown.
RelProb = Pr(𝑆𝑖 ≥ 𝑄𝐷𝑖 , ∀𝑖 ∈ 𝑁)

(2-1)

∑𝑖∈𝑁 𝑆𝑖
𝑇
RelExp = E [
] = E [ (𝑟𝑒𝑞) ]
∑𝑖∈𝑁 𝑄𝐷𝑖
𝑇

(2-2)

where 𝑆𝑖 is the water supplied to node 𝑖; 𝑄𝐷𝑖 is the water demanded in node 𝑖; 𝑁 is the set of
demand nodes in the network; 𝑇 is the total supplied flow to all demand nodes; and 𝑇 (𝑟𝑒𝑞) is the
total demanded flow at all demand nodes.
It is worth mentioning that other authors in the context of water resources have proposed
different perspectives of reliability (Shin et al., 2018). Some authors like Hashimoto et al. (1982)
defined the reliability as the inverse of the expected value of time in which the system is in an
unsatisfactory state. Some others like Kjeldsen & Rosbjerg (2004) use similar definitions but
instead of using the expected value, they propose the use of a 𝑝th percentile of the probability
distribution of time in which the system is in unsatisfactory state. Jung et al. (2013) proposed a
robustness criterion based on the coefficient of variation of a functionality metric, which in their
case is nodal pressure in the WDS.
9

In any case, it is clear that the concept of reliability needs to be connected to a probability space,
either to calculate non-failure probabilities, expected values of some functionality function,
coefficients of variation of a functionality function, or percentiles of a certain cumulative
probability distribution. Different sample spaces, in which these values of reliability are
computed, have been proposed by researchers for WDSs: a) Component failure scenarios that
define the mechanical reliability, and are usually limited to pipe-break scenarios (PBS) evaluated
using the minimum cut-set method (e.g., Su et al., 1987; Raad et al., 2010; Atkinson et al., 2014;
Di Nardo et al., 2018 ), b) Demand variation scenarios (DVS) that define the hydraulic reliability,
and usually assume a multivariate normal distribution of nodal demands (e.g., Raad et al., 2010;
Liu et al., 2016), c) Pipe breakage and leakage scenarios after seismic activity (SS) that define the
seismic reliability (e.g., Yoo et al., 2015; Paez et al., 2018), and d) Hydrant activation scenarios
(HAS) that define a firefighting reliability (e.g., Creaco et al., 2016). Other issues regarding water
quality reliability and contaminant scenarios have been explored but are out of the scope of this
thesis. Additionally, some authors include conveyance reduction of some components of the
network as hydraulic reliability, but their study is also outside the scope of this thesis. Table 2-1
summarizes the four sample spaces mentioned and the type of reliability they define:
Table 2-1. Types of reliability based on the sample space

Mechanical
Reliability

Definition and sample
space
Rel. under pipe-break
scenarios (PBS)
Set: 𝒫(𝑃) – Power Set of
the set of pipes .

Hydraulic
Reliability

Rel. under demand variation
scenarios (DVS)

Seismic
Reliability

Set: ℝ|𝑁|+ – Positive |𝑁|dimensional real numbers.
Rel. under seismic damage
scenarios (SS)

Sample
space size
2|𝑃|

ℵ1 –
Infinite

3|𝑃|
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Observations
- Assumes that all pipes have isolation
valves. If the location of isolation valves is
known, the sample space can be reduced to
the power set of the set of hydraulic
segments (Walski, 1993).
- Damages of tanks and pumps can be
implicitly included by closing the pipes
that connect them to the network.
- Includes all possible combinations of
positive real demands in the nodes.

- Damages of tanks and pumps are
implicitly included by considering the

Firefighting
Reliability

Set: All possible
combinations of nondamaged/leaking/broke for
all pipes in the network.
Rel. under hydrant activation
scenarios (HAS)
Set: 𝒫(𝑁𝐻 ) – Power Set of
the set of nodes.

pipes that connect them to the network
broken.

2|𝑁𝐻 |

- Assumes that a hydrant can be only open
or closed, i.e., no partial openings.

As it can be seen in Table 2-1, the sample space for any of the reliability types is too large to
perform an exhaustive computation of either RelProb or RelExp. For a complete assessment of
the mechanical reliability, for example, all possible combinations of failed/non-failed components
must be considered. If only pipes are included (which indirectly allows to model other component
failures by isolating them from the network), the number of possible scenarios is 2|𝑃| , which even
for a quite small network with 50 pipes can reach 1.16E+15 combinations. A similar situation
occurs with seismic reliability and firefighting reliability but with combinations of nondamaged/leaking/broke pipes or with open/closed hydrants. In the case of hydraulic reliability,
since the nodal demands are a continuous variable, all possible combinations of positive nodal
demands are possible (even with a minimal probability of occurrence), and therefore the sample
space in this case is the |𝑁|-dimensional quadrant of all real positive numbers.
Therefore, approximate methods have been proposed for the computation of stochastic reliability.
In the case of PBS and HAS, the most common approximation approach is to reduce the space to
scenarios with zero or only one component affected at a time (pipe breakage or hydrant
activation), which reduces the space size to |𝑃| + 1 and |𝑁𝐻 | + 1, respectively (e.g., Tanyimboh
& Tabesh, 1997; Raad et al., 2010; Creaco et al.,2016), and allows an exhaustive computation of
both types of reliability. For the RelExp definition for example Eq. (2-3) is truncated to Eq. (2-4)
which computed exhaustively only requires one simulation under normal conditions, and |𝑃|
simulations of one pipe at a time failures:
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E𝑃𝐵𝑆 [

𝑇
𝑇 (𝑟𝑒𝑞)

] = Pr(0)

𝑇(0)
𝑇(𝑚)
𝑇(𝑚,𝑛)
+ ∑ Pr(𝑚) (𝑟𝑒𝑞) + ∑ Pr(𝑚, 𝑛) (𝑟𝑒𝑞) + ⋯
(𝑟𝑒𝑞)
𝑇
𝑇
𝑇

(2-3)

𝑇(0)
𝑇(𝑚)
+ ∑ Pr(𝑚) (𝑟𝑒𝑞)
(𝑟𝑒𝑞)
𝑇
𝑇

(2-4)

𝑚∈𝑃

E𝑃𝐵𝑆 [

𝑇
𝑇 (𝑟𝑒𝑞)

] ≈ Pr(0)

𝑚,𝑛∈𝑃

𝑚∈𝑃

where 𝑃 is the set of pipes in the network, Pr(0) is the probability that no pipe is unavailable in
the network; Pr(𝑚) is the probability that only pipe 𝑚 is unavailable; Pr(𝑚, 𝑛) is the probability
that only pipes 𝑚 and 𝑛 are unavailable; and in the same manner 𝑇(0), 𝑇(𝑚) , and 𝑇(𝑚,𝑛) are the
total supplied flow when no pipe is unavailable, when only pipe 𝑚 is unavailable, and when only
pipes 𝑚 and 𝑛 are unavailable; respectively.
The idea behind this simplification of the sample space is that the probability of a pipe being
unavailable is small, and therefore, the probability that two or more pipes are unavailable at the
same time is negligible (e.g. Goulter, 1995; Tanyimboh & Tabesh, 1997; Xu & Goulter, 1998;
Shinstine et al., 2002; Raad et al., 2010; Liu et al., 2016). Gheisi & Naser (2015) showed that
under certain specific cases this can lead to a significant error, and propose instead the use of
Monte Carlo for the sampling of pipe breakage scenarios.
Tanyimboh & Tabesh (1997) and Tanyimboh & Templeman (1998) proposed to average a lower
and upper bound of the E𝑃𝐵𝑆 to get Eq. (2-5) as an approximate expression when the second order
term in Eq. (2-3) is maintained:
E𝑃𝐵𝑆 [

𝑇
𝑇 (𝑟𝑒𝑞)

] = (Pr(0)

𝑇(0)
𝑇(𝑚)
𝑇(𝑚,𝑛)
+ ∑ Pr(𝑚) (𝑟𝑒𝑞) + ∑ Pr(𝑚, 𝑛) (𝑟𝑒𝑞) )
(𝑟𝑒𝑞)
𝑇
𝑇
𝑇
𝑚∈𝑃

𝑚,𝑛∈𝑃

(2-5)

1
+ (1 − Pr(0) − ∑ Pr(𝑚) − ∑ Pr(𝑚, 𝑛))
2
𝑚∈𝑃

𝑚,𝑛∈𝑃

In this case the number of scenarios to consider increases to 1 + |𝑃| + nCr(|𝑃|, 2) since now all
the possible combinations of two pipe breakages are also considered.
Other common approach are random sampling approaches like Monte Carlo methods (e.g., Kang
et al., 2009; Raad et al., 2010; Liu et al., 2016), and Latin hypercube sampling (e.g., Kang et al.,
12

2009) which can sample discrete (PBS, HAS, SS) or continuous (DVS) sample spaces, and only
requires as many system evaluations as the desired sample size.
The main idea behind these kind of approaches is that a random sample from the sample space is
used to get, through simulation, a random sample of the system performance from which RelProb
or RelExp can be computed. If the random sample is representative enough of the input space, the
simulation of the outputs under all those combinations of inputs, would describe the distribution
of outputs and from that distribution, any probability or expected value can be computed.
Zhuang et al. (2012) explained how a proper application of this kind of method requires a
sensitivity analysis to the sample size, in order to ensure that a convergence is achieved for the
metric or measure of interest. For the case of PBS, Gheisi & Naser (2015) and Gheisi (2016)
show how in some cases it might be preferable to use this sort of approach rather than the
simplification of the sample space, as it can include the low-probability high-impact scenarios of
more than one pipe breakage at a time.
While Monte Carlo methods sample a large number of combinations of inputs, Latin Hypercube
Sampling constrains the random sampling in order to reduce the number of combinations that are
necessary. To do that, each range of the input variables is divided in to a number of nonoverlapping intervals with the same probability. Then a random sample from each interval is
taken and paired with samples from the other input variables selected in the same manner. The
result is a better distributed sample that can reduce the required number samples and improve the
accuracy of the estimation of the output distribution (Kapelan et al., 2005; Kang et al., 2009).
Finally, there are the Taylor Series based methods like the First Order Second Moment method,
which are applied mostly to DVS (e.g., Xu & Goulter, 1998; Kang et al., 2009; Jung et al., 2016),
and that allow the estimation of the mean and variance of a system output. The First Order
Second Moment method uses Taylor series to approximate the function between the outputs 𝑔(𝒙)
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and the inputs 𝒙 with center at the mean value of the inputs. Then the series are truncated after the
first order terms, and the expected value and variance of the outputs is calculated leading to:
E[𝑔(𝒙)] = 𝑔(E[𝒙])
VAR[𝑔(𝒙)] =

∑

∑

𝑖∈𝐼𝑛𝑝𝑢𝑡𝑠 𝑗∈𝐼𝑛𝑝𝑢𝑡𝑠

𝜕𝑔(E[𝒙]) 𝜕𝑔(E[𝒙])
COV(𝑥𝑖 , 𝑥𝑗 )
𝜕𝑥𝑖
𝜕𝑥𝑗

(2-6)
(2-7)

For its application in WDS, 2 |𝐼𝑛𝑝𝑢𝑡𝑠| + 1 simulations are needed in order to compute the
derivatives in Eq. (2-7) using centered differences (i.e., for DVS, 2 |𝑁| + 1 simulations would be
required). However, the First Order Second Moment method is not compatible with RelExp, since
the method assumes that the expected value of a function is the function evaluated at the expected
values of the parameters, and therefore would assign full RelExp reliability to any network that
supplies completely the demand for the design scenario.
A second order term from the Taylor Series expansion can be included under some conditions to
better estimate the expected value of a functionality metric (e.g. Filion et al., 2007), but it would
require to compute its Hessian matrix which in general requires 2 |𝑁|2 + 1 system simulations to
be estimated using centered differences.
Besides the sample spaces and the techniques used to simplify them, another important aspect of
stochastic reliability measures is the probability assigned to each scenario in the sample space.
For the case of PBS, a commonly used approach to compute the probability of a scenario with
some pipe failures, is to assume each pipe can be represented by an independent Bernoulli trial
with probability of non-failure 𝐴𝑚 and probability of failure (1 − 𝐴𝑚 ) (e.g., Fujiwara & De
Silva, 1990; Fujiwara & Tung, 1991; Cullinane et al., 1992; Xu & Goulter, 1998; Shinstine et al.,
2002 ). Therefore, the probability that there is no pipe failure in the network is given by:
Pr(0) = ∏ 𝐴𝑚

(2-8)

𝑚∈𝑃

while the probability of a certain scenario with a set of non-failed pipes {𝑃}𝑛𝑓 and a set of failed
pipes {𝑃}𝑓 is given by:
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Pr({𝑃}𝑛𝑓 ∧ {𝑃}𝑓 ) =

∏ 𝐴𝑚 ⋅ ∏ (1 − 𝐴𝑚 )
𝑚∈{𝑃}𝑛𝑓

(2-9)

𝑚∈{𝑃}𝑓

One of the most used equations to compute 𝐴𝑚 was proposed by Cullinane et al. (1992), who
used empirical data of pipe failures to estimate the mean value of repair time, and the mean value
of time between failures to propose the pipe availability equation:
𝐴𝑚 =

1.462131
0.21218 𝐷𝑚
0.285
1.462131
0.00074 𝐷𝑚
+ 0.21218𝐷𝑚

(2-10)

where 𝐷𝑚 is the diameter of pipe 𝑚 in inches. Tabesh et al. (2009) reviews other models and
equations for the pipe availability including Su et al. (1987); Ang & Tang (1984); Fujiwara &
Tung (1991) and Khomsi et al. (1996), but concluded that in some cases some of them give very
high or very low probabilities compared with their collected data.
For the DVS scenarios, the most common and accepted assumption is that demands are normally
distributed. It is worth mentioning that other probability distributions like log normal, uniform, β,
and Pearson Type III have also been used (Bao and Mays 1990; Filion et al., 2007; Giustolisi et
al., 2009; Kang et al., 2009), but normality remains the most used (Lansey et al. 1989; Xu &
Goulter 1998; Tolson et al., 2004; Kapelan et al., 2005; Raad et al., 2010; Liu et al. 2016).
̅̅̅̅̅
For the normal distribution, the mean is taken as the base demand (𝑄
𝐷𝑖 ), while the standard
deviation (𝜎𝑄𝐷𝑖 ) is usually calculated assuming a coefficient of variation CV between 0.1 and 0.5
(Xu & Goulter 1998; Filion et al., 2007; Liu et al., 2016). Moreover, Filion et al. (2007) explored
the effect of cross-correlated demands and showed how in some cases the capital costs required to
ensure a desired level of reliability are affected by correlation coefficient between demands
(𝜌𝑄𝐷𝑖 ,𝑄𝐷𝑗 ). Studies like Tolson et al. (2004); Kapelan et al. (2005); and Raad et al. (2010);
assume a correlation coefficient between nodal demands of 0.5:
̅̅̅̅̅
𝑄𝐷𝑖 ~ 𝑁(𝑄
𝐷𝑖 , 𝜎𝑄𝐷𝑖 )

(2-11)

𝜎𝑄𝐷𝑖 = 𝐶𝑉 ⋅ ̅̅̅̅̅
𝑄𝐷𝑖

(2-12)
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𝐶𝑉 ∈ (0.1, 0.5)
𝜌𝑄𝐷𝑖, 𝑄𝐷𝑗 =

𝐶𝑂𝑉[𝑄𝐷𝑖 , 𝑄𝐷𝑗 ]
= 0.5
𝜎𝑄𝐷𝑖 ⋅ 𝜎𝑄𝐷𝑗

(2-13)
(2-14)

Finally, for the case of HAS, very little previous research is available on probabilistic
distributions of the activation of hydrants. However, Creaco et al. (2016) assigned a uniform
probability of activation for all hydrants, simplifying the RelExp equation to a simple average
among all 1-hydrant-at-a-time activation scenarios.

2.2 Reliability Surrogate Measures
Considering the computational constraints to evaluate reliability using stochastic measures, a
heuristic approach known as reliability surrogate measures has been proposed by researchers.
Reliability surrogate measures, rather than considering explicitly the stochastic nature of the
circumstances that may affect a WDN, estimate the reliability of the network using only one state
of the system (design/base scenario).
The main idea is to use intuitive judgment to decide whether an option is more or less reliable
than the other. Therefore, this approach uses indexes based on attributes or performances of the
WDS under that selected scenario, which are expected to have a strong correlation with some sort
of reliability (Gheisi & Naser, 2014).
The most known metrics from this type are the flow entropy (𝑆) by Tanyimboh & Templeman
(1993) and the diameter sensitive flow entropy by Liu et al. (2014) which are mostly based on the
flow distribution in the network; and the Resilience Index (𝑅𝐼) (Todini, 2000), the Network
Resilience Index (𝑁𝑅𝐼) (Prasad & Park, 2004), the Modified Resilience Index (𝑀𝑅𝐼) (Jayaram
& Srinivasan, 2008), and the Available Power Index (𝐴𝑃𝐼) (Liu et al., 2016), which are all based
on the energy balance of the network. Most recently, graph theory indexes to measure different
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concepts like connectivity, redundancy or robustness of the layout of the network have also been
explored (Yazdani et al., 2011; Herrera et al., 2016; Di Nardo et al., 2018).
 The flow entropy 𝑆 (Tanyimboh & Templeman, 1993) measures the uniformity of the
flows in the network. A system with higher uniformity is expected to be more reliable as
it has more spread capacity to convey the required flows. It is defined as:

𝑆 = −∑
𝑅𝑠

𝑞𝑖𝑗
𝑞𝑖𝑗
𝑄𝑟𝑠
𝑄𝑟𝑠
𝑇𝑖 𝑄𝑖
𝑄𝑖
ln ( ) − ∑ ( ln ( ) + ∑
ln ( ))
𝑇
𝑇
𝑇 𝑇𝑖
𝑇𝑖
𝑇𝑖
𝑇𝑖
𝑁

(2-15)

𝑃↓𝑖

where 𝑅𝑠 and 𝑁 are the sets of sources and demand nodes, respectively; 𝑇 is the total
supplied flow to all demand nodes, 𝑇𝑖 is the total incoming flow to node 𝑖; 𝑄𝐷𝑖 is the
demand at node 𝑖, 𝑄𝑟𝑠 is the inflow from source 𝑟𝑠; 𝑃↓𝑖 is the set of pipes downstream of
node 𝑖; and 𝑞𝑖𝑗 is the flow in the pipe 𝑖𝑗.
Some authors have modified the flow entropy concept to include different features like an
extension to multiple sources and multiple demand scenarios (Yassin-Kassab et al.,
1999), or the addition of a velocity-related weight to the last term of the equation to
consider the diameters of the pipes by Liu et al. (2014).
 The Resilience Index 𝑅𝐼 (Todini, 2000) is the ratio between the surplus of power
delivered to users, and the available power. A WDN with a high RI, is expected to have a
high-power surplus to cope with hydraulic or mechanical failures:
(𝑟𝑒𝑞)

𝑅𝐼 =

∑𝑁 𝑄𝐷𝑖 (𝐻𝑖 − 𝐻𝑖
∑𝑅𝑠 𝑄𝑟𝑠 𝐻𝑟𝑠 + ∑𝑃𝑠

(𝑟𝑒𝑞)

where 𝐻𝑖 and 𝐻𝑖

)

𝑃𝑝𝑠
(𝑟𝑒𝑞)
∑
𝛾 − 𝑁 𝑄𝐷𝑖 𝐻𝑖

(2-16)

are the available and minimum required head at node 𝑖; 𝑃𝑠 is the set

of pumps in the network; 𝑃𝑝𝑠 is the power of the pump 𝑝𝑠; and 𝛾 is the specific weight of
water.
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Prasad & Park (2004) modified the RI to include a measure of redundancy in the network.
They defined 𝑢𝑖 as the ratio between the adjacent pipes’ diameters and the maximum of
these diameters:
(𝑟𝑒𝑞)

𝑁𝑅𝐼 =

∑𝑁 𝑢𝑖 𝑄𝑖 (𝐻𝑖 − 𝐻𝑖
∑𝑅𝑠 𝑄𝑟𝑠 𝐻𝑟𝑠 + ∑𝑃𝑠

)
(2-17)

𝑃𝑝𝑠
(𝑟𝑒𝑞)
∑
𝛾 − 𝑁 𝑄𝑖 𝐻𝑖

Jayaram and Srinivasan (2008) argued that a better RSM would be one independent from
the input power. Therefore, they defined the Modified Resilience Index as the surplus of
power delivered to users as a percentage of the required power, which removes the first
two summands in the denominator of Eq. (2-16). Alternatively, Liu et al. (2016) proposed
to use the ratio between the available power (total power delivered to users) and total
(𝑟𝑒𝑞)

output power, which can be therefore defined as a special case of 𝑅𝐼 when 𝐻𝑖

= 0.

Most recently, Creaco et al. (2016) extended the definition of 𝑅𝐼 to pressure-driven
demand models in order to consider leakage flows in the network.
 Some researchers (e.g., Prasad & Park, 2004; Farmani et al., 2005; Atkinson et al., 2014)
have also used a simpler index to measure the reliability of a WDS: the minimum surplus
head, which is computed using Eq. (2-18):
(𝑟𝑒𝑞)

𝑀𝑆𝐻 = min (𝐻𝑖 − 𝐻𝑖
𝑖∈𝑁

)

(2-18)

 Recently, researchers have included graph theory metrics in the field of WDSs to quantify
connectivity or redundancy of water paths as a proxy for reliability. Yazdani et al. (2011)
presented ten metrics related to structure, efficiency, redundancy and robustness of the
network. The metrics include quotients between expressions considering number of links
(pipes) and number of vertices (joints/nodes) like the links density 𝑞, the average node
degree < 𝑘 >, or the meshedness coefficient 𝑅𝑚; some path related metrics like the
graph diameter 𝑑𝑇 , the average path length 𝑙𝑟 , and some spectral metrics like spectral gap
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Δ𝜆 or the algebraic connectivity 𝜆2 . Di Nardo et al. (2018) extended on the metrics of
spectral nature to include the inverse of spectral radius 1/𝜆1 and the multiplicity of zero
𝑚0 .
Most of these metrics are useful for selecting which layout of a network is more reliable
than others, or which clustering technique to create district metered areas is more robust,
but once the layout of the network is defined, their values do not vary between different
network configurations, and therefore do not allow a further classification from more to
less reliable.
 Finally, other complementary indexes or metrics designed to be used in conjunction with
previously mentioned reliability surrogate measures have also been used in different
cases. Creaco et al. (2016) proposed the use of a loop diameter uniformity coefficient 𝐶𝑢
to improve the performance of 𝑅𝐼. Jung et al. (2016) computed simple metrics like
length-weighted average pipe diameter 𝐿𝑊𝐴𝑃𝐷, or the total system demand per source
𝑇𝑆𝐷𝑆 to compare them with stochastic reliability measures. Saldarriaga et al. (2016) used
the minimum specific power dissipated by a pipe 𝑆𝑃 to prioritize pipes that would
improve the performance of a WDS; while Tanyimboh et al. (2011) and Tanyimboh et al.
(2016) used the mean surplus power, which can be computed using Eq.(2-19):


(𝑟𝑒𝑞)
̅̅̅̅
𝑆𝑃 = ave (𝐻𝑖 − 𝐻𝑖
)
𝑖∈𝑁

(2-19)

2.3 Comparisons between Stochastic and Surrogate Measures
Given the number of reliability surrogate measures, different authors have performed comparative
analyses between some reliability surrogate measures and stochastic reliability measures. Table
2-2 summarizes the most significant comparative studies.
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Table 2-2. Summary of studies comparing RSMs with stochastic reliability measures
Authors
Raad et al.
(2010)

Evaluated
_

RSMs
𝑅𝐼
𝑁𝑅𝐼
𝑆
𝐼𝑐

Study
Cases

Solutions
considered

Problems
solved

min(𝐶𝑜𝑠𝑡𝑠)
Pareto
- NY
{
front
for
)
max(𝑅𝑆𝑀
Tunnels
𝑖
each
∀𝑅𝑆𝑀
𝑖
- Hanoi
problem
- Two
Reservoir
s

Hydraulic
Reliability

Mechanical
Reliability

avg.(𝑇(𝑠) ⁄𝑇 (𝑟𝑒𝑞) )

avg.(𝑇(𝑠) ⁄𝑇 (𝑟𝑒𝑞) )

𝐷𝑉𝑆

𝐷𝑉𝑆= Random sample of 1000 demand scenarios using a
Normal distribution with mean 𝑄𝑖 , standard deviation
0.1 ∙ 𝑄𝑖 and correlation of 0.5 between any pair of nodes.

Baños et
al. (2011)

Tanyimbo
h et al.
(2011,
2016)

Atkinson
et al.
(2014)

𝑃𝐹𝑆

𝑃𝐹𝑆= Sample of all possible 1pipe failure scenarios in the
network.

min(𝐶𝑜𝑠𝑡𝑠)
Pareto count ( 𝐹𝑎𝑖𝑙 )
N/A
{
max(𝑅𝑆𝑀𝑖 ) front for 𝐷𝑉𝑆 𝑆𝑐𝑒𝑛𝑎𝑟𝑖𝑜𝑠
|𝐷𝑉𝑆|
each
∀𝑅𝑆𝑀𝑖
problem min (𝑇(𝑠) | System )
𝐷𝑉𝑆
Fails
𝐷𝑉𝑆= Random sample of 10000 over-demand scenarios such that no 𝑄𝑖 increases more than
33% for Two-Loops and 10% for Hanoi; and the system total demand 𝑇 does not increase
more than 50% for Two-Loops and 20% for Hanoi
(0)
Six-Loops:
Pareto
- SixN/A
𝑅𝐼
𝑅𝑃𝐹𝑆
min(𝐶𝑜𝑠𝑡𝑠)
fronts
(1)
Loops
𝑁𝑅𝐼
𝑅𝑃𝐹𝑆
{
for
max(𝑆)
(65
layouts)
𝑆
-Wobu- { min(𝐶𝑜𝑠𝑡𝑠) problem
̅̅̅̅
𝑆𝑃
min(𝑝𝑑𝑒𝑓𝑖𝑐𝑖𝑡 ) 1 and 3,
lenzi
and 32
Wobulenzi:
designs
min(𝐶𝑜𝑠𝑡𝑠)
{
for
max(𝑄𝑠𝑎𝑡𝑖𝑠𝑓. )
problem
2
𝑃𝐹𝑆=
Sample
of all possible 1-pipe failure scenarios in the
𝑆𝑃= Mean surplus power
network.
𝐹𝑎𝑖𝑙𝑢𝑟𝑒
𝑇 | System
Between
-Anytown {min(𝐶𝑜𝑠𝑡𝑠)
𝑅𝐼
max ( (𝑠)
) count (
𝑃𝐹𝑆
𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛
3
and
4
𝐷𝑉𝑆
)
max(𝑅𝑆𝑀
Not
Fails
(EPS)
𝑆
𝑖
selected
≥ 24ℎ)
min(𝐶𝑜𝑠𝑡𝑠)
𝑀𝑆𝐻
solution
{max(𝑅𝑆𝑀𝑖 )
s per
max(𝑅𝑆𝑀𝑗 )
problem
∀𝑅𝑆𝑀

𝑅𝐼
𝑁𝑅𝐼
𝑀𝑅𝐼

- TwoLoops
- Hanoi

𝑖

Gheisi &
Naser
(2015)

𝐷𝑉𝑆= Gradual increments of 𝑇 until the system
fails.
min(𝐶𝑜𝑠𝑡𝑠)
22
- Six𝑅𝐼
{
designs
max(𝑆)
Loops
𝑁𝑅𝐼

𝑆

(22 layouts)

𝑃𝐹𝑆= Sample of all possible 1-pipe
failure scenarios in the network.

N/A

(0)

𝑃𝐹𝑆= Sample of all possible 1-pipe and 2-pipe failure scenarios in the network.
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(1)

𝑅𝑃𝐹𝑆 , 𝑅𝑃𝐹𝑆
(2)
𝑅𝑃𝐹𝑆

Liu et al.
(2014,
2016)

𝑅𝐼
𝑁𝑅𝐼
𝑀𝑅𝐼
𝐴𝑃𝐼
𝑃𝐻𝑅
𝑆𝑑

- Six
Loops
- Hanoi
modified
-Fossolo

min(𝐶𝑜𝑠𝑡𝑠)
Pareto
{
max(𝑅𝑆𝑀𝑖 ) front for
each
∀𝑅𝑆𝑀𝑖
problem

𝐹𝑎𝑖𝑙
)⁄|𝑆|
𝑆𝑐𝑒𝑛𝑎𝑟𝑖𝑜𝑠
𝑁𝑜𝑑𝑒𝑠 𝑤𝑖𝑡ℎ
avg. (count (
))
𝑓𝑎𝑖𝑙𝑢𝑟𝑒
𝑁
𝑆

count (
𝑆

(𝑟𝑒𝑞)

avg. (∑ (𝑄𝑖
𝑆

𝑁

(𝑟𝑒𝑞)

− 𝑄𝑖 )⁄∑ 𝑄𝑖

)

𝑁

𝑆=𝐷𝑉𝑆, 𝑃𝐹𝑆

𝐷𝑉𝑆= Random sample of 1000/10000
demand scenarios using a Normal
distribution with mean 𝑄𝑖 , standard
deviation 0.5 ∙ 𝑄𝑖 .

𝑃𝐹𝑆= Sample of all possible 1-pipe failure
scenarios in the network. Scenarios
weighted with their probability of
occurrence.

Raad et al. (2010) used three well-studied WDSs to evaluate the performance of 𝑅𝐼, 𝑁𝑅𝐼, 𝑆 and a
newly proposed hybrid index 𝐼𝑐 that combined the flow entropy and the resilience index. In their
study, the authors computed four Pareto fronts corresponding to the optimization problems of
minimizing cost and maximizing one of the studied RSM. Then for each Pareto front, a stochastic
measurement of reliability was performed for mechanical and hydraulic reliability. In both cases
the reliability measure used was 𝐸[𝑇/𝑇 (𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑) ], estimated using the average of a Monte Carlo
sample with 1000 cases in the case of demand variation, and all one-pipe at a time pipe breakage
for mechanical reliability. They found that, in their study cases, 𝑅𝐼 was mainly correlated with
hydraulic reliability but it did not correlate significantly with mechanical reliability.
Baños et al. (2011) performed a similar study as Raad et al. (2010) but mainly focused on
hydraulic reliability. In their case, the stochastic reliability measure used was more related with
𝑅𝑒𝑙𝑃𝑟𝑜𝑏 since it computed the percentage of cases in which the system would fail. Their results
validated the correlation between power based RSMs and hydraulic reliability even though they
questioned the advantage of 𝑀𝑅𝐼 against its predecessors.
Tanyimboh et al. (2011, 2016) computed different Pareto fronts including Cost vs. 𝑆; Cost vs.
Pressure deficit, and Cost vs. Satisfied demand for two case studies, and compared for RSMs
against 𝑅 (0) = 𝐸𝑃𝐵𝑆 [𝑇/𝑇 (𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑) ] and 𝑅 (1) = 𝐸𝑃𝐵𝑆 [𝑇/
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𝑇 (𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑) | 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 1 𝑝𝑖𝑝𝑒 𝑖𝑠 𝑏𝑟𝑜𝑘𝑒𝑛]. They found that, for their study cases, the flow entropy
had a strong correlation with mechanical reliability, especially with 𝑅 (1) .
Atkinson et al. (2014) used the well-known Anytown WDS to estimate the correlation between
𝑅𝐼 and 𝑆 with the mechanical and hydraulic reliability. Similarly to previous studies they
computed the Pareto fronts of Cost vs. the different RSM, but moreover they attempted to include
both 𝑅𝐼 and 𝑆 as objectives of a 3D Pareto front. However, they found that optimizing both
metrics at the same time is extremely computationally demanding and convergence was not
reached.
Gheisi & Naser (2015) performed a similar analysis to Tanyimboh et al. (2011) but included in
the 𝑃𝐵𝑆 sample space all possible combinations of two pipe failures at a time. They computed
then the mechanical reliability as against a higher-state reliability measure defined as:


𝑅 (𝑘) = 𝐸𝑃𝐵𝑆 [𝑇/𝑇 (𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑) | 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑘 𝑝𝑖𝑝𝑒𝑠 𝑎𝑟𝑒 𝑏𝑟𝑜𝑘𝑒𝑛 ]

(2-20)

which in their case, took values of 𝑘 from 0 to 2. Their results showed that the correlation
between hydraulic reliability and 𝑆 becomes stronger when higher states of reliability are
considered.
Liu et al. (2014, 2016) used three case studies to compare six RSMs, including their proposed
Available Power Index (API) and the Pipe Hydraulic Resilience Index (PHR), against three
measures of hydraulic and mechanical reliability related with both 𝑅𝑒𝑙𝑃𝑟𝑜𝑏 and 𝑅𝑒𝑙𝐸𝑥𝑝. Their
results showed that power-based indexes correlated acceptably with hydraulic reliability. Also,
the 𝑁𝑅𝐼 was the most correlated with mechanical reliability, while the diameter sensitive flow
entropy proved to be difficult to optimize and non-correlated with any reliability measure.
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2.4 Pressure-driven analysis
There are two main approaches to simulate the hydraulic behavior of a WDS: Demand Driven
Analysis (DDA) and Pressure-driven Analysis (PDA). DDA assumes that the demand on each
node is always satisfied independent of the hydraulic conditions of the network, which are
actually the outputs to be calculated. This approach is acceptable when the resulting pressures in
the nodes are sufficient to deliver the demanded volume of water through the internal pipe system
of the building and its water appliances. The most accepted method to make a DDA is using the
global gradient algorithm proposed by Todini and Pilati (1988) and its implementation in
EPANET 2 by Rossman (2000)
However, if the resulting pressures 𝑝𝑖 are not sufficient, the demands 𝑄𝐷𝑖 are not fully supplied
and only some flow 𝑆𝑖 is supplied/delivered. To model this partial supply, different authors have
proposed different curves that relate 𝑝𝑖 with 𝑆𝑖 (Bhave 1981; Germanopoulos 1985; Wagner et al
1988; Fujiwara and Li, 1998; Tanyimboh and Templeman 2010). Table 2-3 summarizes the
proposed relationships in terms of the hydraulic head 𝐻𝑖 = 𝑝𝑖 + 𝑧𝑖 (pressure head plus elevation
of the node).
Table 2-3. Summary of head-flow relationships for PDA
Authors
Bhave
(1981)

Flow – head relationship
0
𝑆𝑖 = {𝜆 𝑄𝐷𝑖
𝑄𝐷𝑖

(𝑚𝑖𝑛)
𝐻𝑖 < 𝐻𝑖
(𝑟𝑒𝑞)
𝐻𝑖 < 𝐻𝑖
(𝑟𝑒𝑞)
𝐻𝑖 ≥ 𝐻𝑖

Observations
-First attempt to
define a head-flow
relationship. Assigns
no-flow if the head is
below the elevation of
(𝑚𝑖𝑛)

the node (𝐻𝑖

=

𝑧𝑖 ) , and partial
supply 𝜆 ∈ (0, 1)if the
head is less than the
required one.
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Germanopoulos
(1985)

(𝑚𝑖𝑛)

0
(𝑚𝑖𝑛)

𝐻𝑖 −𝐻
−𝑐𝑖 [ (𝑟𝑒𝑞) 𝑖 (𝑚𝑖𝑛) ]

𝑆𝑖 = 𝑄𝐷𝑖

𝐻

1 − 10

−𝐻

𝑖

(𝑟𝑒𝑞)

𝐻𝑖 < 𝐻𝑖

𝑖

(

)
(𝑟𝑒𝑞)

{𝑄𝐷𝑖

Wagner et al.
(1988)

𝐻𝑖 ≥ 𝐻𝑖
(𝑚𝑖𝑛)

0
(𝑚𝑖𝑛)
𝐻𝑖 −𝐻𝑖
(𝑟𝑒𝑞)
(𝑚𝑖𝑛)
𝐻𝑖
−𝐻𝑖

1/𝑛
(𝑟𝑒𝑞)

)

𝐻𝑖 < 𝐻𝑖

(𝑟𝑒𝑞)

{𝑄𝐷𝑖

𝐻𝑖 ≥ 𝐻𝑖

𝑆𝑖 =
(𝑚𝑖𝑛)

0

𝐻𝑖 < 𝐻𝑖
𝐻𝑖
(𝑚𝑟𝑒𝑞)
(𝑚𝑖𝑛)
(𝑚𝑖𝑛)
(𝐻−𝐻𝑖
)(𝐻𝑖
−𝐻𝑖
)𝑑𝐻
∫ (𝑚𝑖𝑛)

𝑄𝐷𝑖

𝐻

𝑖
(𝑟𝑒𝑞)
𝐻
(𝑚𝑟𝑒𝑞)
(𝑚𝑖𝑛)
(𝑚𝑖𝑛)
𝑖
(𝐻−𝐻𝑖
)(𝐻𝑖
−𝐻𝑖
)𝑑𝐻
∫ (𝑚𝑖𝑛)
𝐻
𝑖

(𝑟𝑒𝑞)

𝐻𝑖 < 𝐻𝑖

(𝑟𝑒𝑞)

{𝑄𝐷𝑖

Tucciarelli et
al. (1999)

-If the exponent 𝑛 is
taken as 2.0, it
represents the orifice
equation for the
partial supply flow.

𝐻𝑖 < 𝐻𝑖

𝑆𝑖 = 𝑄𝐷𝑖 (

Fujiwara and
Ganesharajah
(1993)

-Assigned a constant
𝑐𝑖 to describe the
relationship in each
node.

𝐻𝑖 < 𝐻𝑖

𝐻𝑖 ≥ 𝐻𝑖
(𝑚𝑖𝑛)

0

𝐻𝑖 < 𝐻𝑖
(𝑚𝑖𝑛)

𝑆𝑖 = 𝑄𝐷𝑖 sin2 (

𝐻𝑖 −𝐻𝑖

(𝑟𝑒𝑞)
(𝑚𝑖𝑛)
2 (𝐻𝑖
−𝐻𝑖
)

)

(𝑟𝑒𝑞)

{𝑄𝐷𝑖

Wu et al.
(2009)

𝐻𝑖 ≥ 𝐻𝑖
(𝑚𝑖𝑛)

0
𝑄𝐷𝑖 (

𝑆𝑖 =

(𝑚𝑖𝑛)
𝐻𝑖 −𝐻𝑖
(𝑟𝑒𝑞)
(𝑚𝑖𝑛)
𝐻𝑖
−𝐻𝑖
(𝑡ℎ𝑟)

{

(𝑟𝑒𝑞)

𝐻𝑖 < 𝐻𝑖

𝑄𝐷𝑖 (

−𝐻𝑖

𝐻𝑖

−𝐻𝑖

-Defines a head
threshold

𝐻𝑖 < 𝐻𝑖

(𝑡ℎ𝑟)

)

𝐻𝑖 < 𝐻𝑖

(𝑡ℎ𝑟)

(𝐻𝑖
)after which
the supply does not
longer increases. It is
equivalent to Wagner
et al. (1988) when

𝛼

(𝑚𝑖𝑛)

𝐻𝑖

(𝑟𝑒𝑞)

𝛼

(𝑚𝑖𝑛) )

(𝑡ℎ𝑟)

𝐻𝑖 ≥ 𝐻𝑖

(𝑡ℎ𝑟)

Tanyimboh &
Templeman
(2010)

𝑆𝑖 = 𝑄𝐷𝑖
𝛼𝑖 =
𝛽𝑖 =

exp(𝛼𝑖 +𝛽𝑖 𝐻𝑖 )
1+exp(𝛼𝑖 +𝛽𝑖 𝐻𝑖 )
(𝑟𝑒𝑞)
(𝑚𝑖𝑛)
−6.907𝐻𝑖
(𝑟𝑒𝑞)
(𝑚𝑖𝑛)
𝐻𝑖
−𝐻𝑖

−4.59𝐻𝑖

11.502
(𝑟𝑒𝑞)

𝐻𝑖

(𝑚𝑖𝑛)

−𝐻𝑖

(𝑚𝑖𝑛)

It can be seen that all equations agree that there is a minimum head 𝐻𝑖
(𝑟𝑒𝑞)

outflow will be zero and a required head 𝐻𝑖

(𝑟𝑒𝑞)

𝐻𝑖
= 𝐻𝑖
.
-Continuous and
infinitely
differentiable equation
designed to ease the
PDA computation
even though it is not
physically based.

below which the

for which the outflow is exactly equal to the
(𝑚𝑖𝑛)

demanded flow. Additionally, all formulations agree that for 𝐻𝑖

(𝑟𝑒𝑞)

< 𝐻𝑖 < 𝐻𝑖

, the outflow

must be bigger or equal than zero, but lower than 𝑄𝐷𝑖 . But moreover, all formulations assume that
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(𝑟𝑒𝑞)

for 𝐻𝑖 ≥ 𝐻𝑖

the demand is fully supplied, and the outflow stops being pressure-dependent.

This assumption implies that for pressures higher than the required one, the end-users would
regulate the appliance opening ratio 𝜏 such that no more than the outflow demanded is consumed.
Figure 2-1 shows an interpretation of those assumptions for a given node.
It is worth mentioning that most of the previous models do not consider what happens in the
network for 𝐻𝑖 < 𝑧𝑖 . Suribabu et al., (2018) describe that zone in the head-flow plot, as the Node
Isolation Zone, in which not only the outflow in the node is zero, but the flow in the adjacent
pipes is also zero. This is explained by considering that siphonic flow is unlikely to occur in a
demand node, since some appliances connected would be expected to be open, and therefore

H

Emitter
demand
zone

100%

Total
demand
zone

would allow air entrance in the network.

Zero
demand
zone

Pressure
on the
emitter

Pressure
on the
node

Minimum
Head(H(min))

Node
Elevation (z)

Node
Isolation
Zone

S
Required
Flow(QD)

opening
ratio)

(appliance

τ

Required
Head(H(req))

Figure 2-1. Interpretation of the head-flow relationships (Suribabu et al., 2018)
Considering that it is physically based, and it represents the orifice equation, Wagner’s equation
is the most widely used head-flow relationship in literature dealing with reliability of WDS (e.g.,
Raad et al., 2010; Tanyimboh et al., 2011; Gheisi & Naser, 2015; Liu et al., 2016).
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To solve the PDA model of a WDN considering the flow-pressure relationship, three types of
approaches have been proposed:


Source code modification (modifying the source code of a DDA simulator): The
main idea for this type of method is to modify the algorithms previously developed
for DDA (typically EPANET 2.0), to include and solve the extra equations included
by the head-flow relationships (e.g., Cheung et al., 2005; Liu et al., 2011; Giustolisi
et al., 2011; and Siew and Tanyimboh, 2012). Mahmoud et al. (2017) reviews the
most important methods from this kind and identify five limitations that they can
have: 1. Require underlying algorithm modifications, 2. Not in the public domain, 3.
Require several iterations, 4. Demonstrated only on limited simple case studies, and
5. Unable to handle EPS analysis.



Iterative use of artificial elements (Adding iteratively artificial elements to the
nodes according to previous results using DDA): These methods usually start by
performing a DDA simulation of the WDS, and once critical nodes are identified
(𝑟𝑒𝑞)

(𝐻𝑖 < 𝐻𝑖

), an iterative addition and removal of artificial elements to the DDA

model like flow control valves (FCV), check valves (CV), pressure reducing valves
(PRV), general purpose valves (GPV), throttle control valve (TCV), emitters (E) or
reservoirs (R) is performed until convergence (e.g., Ang and Jowitt, 2006; Todini,
2006, Suribabu and Neelakantan, 2011, Mahmoud et al., 2017). However, the
drawback of these methods is they may require many iterations in large networks and
its implementation for EPS is complicated as the topology of the network must be
changed in each time step.


Non-Iterative use of artificial elements (Adding artificial elements to all demand
nodes in the DDA model): Similarly to the previous type of methods, the noniterative use of artificial elements uses FCVs, CVs, PRVs, GPVs, Es, and Rs.
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However, they add artificial elements to all demand nodes so the topology does not
need to be modified iteratively. They include adding to each demand node a series of
elements as PRV-E (Bertola & Nicolini, 2006), FCV-CV-R (Jinesh Babu and Mohan,
2012; Sivakumar and Prasad, 2013; Gorev and Kodzhespirova 2013), FCV-CV-E
(Sayyed et al., 2014), GPV-CV-R (Pacchin et al., 2017), and FCV-TCV-CV-R (Paez
et al., 2018). Table 1 presents a comparison of this type of methods based on Pacchin
et al. (2017)
Table 2-4. Non-iterative methods for PDA (Paez et al., 2018)
Ref.

Bertola
&
Nicolini,
(2006)

Jinesh
Babu &
Mohan,
(2012)

Artificial elements in each node

The E enforces
Wagner’s eq. for
0<p<p(req). For
p<0 the PRV
ensures no
backflow, and for
p>p(req) it ensures
that the pressure at
E is exactly p(req).

Emitter
Demand
node

Pressure
reducing
valve

Dummy
node
Demand
node

Gorev &
Kodzhes- Demand
node
pirova
(2013)

Flow
control
valve

Flow
control
valve

Reservoir

Check
valve

Dummy
node

Description

Reservoir

Check
valve
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Capability
Implements
Wagner’s eq.
with any
exponent n.

The FCV ensures Implements a
the maximum flow step activation
to R is QD. The
function.
CV ensures no
backflow, but
since no minor
losses are
assigned, the flow
for 0<p<p(req). is
as close to QD as
upstream
conditions permit.
Works similarly to
the previous one,
but assigns minor
losses to the CV
such that it
implements
Wagner’s eq.

Implements
Wagner’s eq.
with exponent
n=2.

Sayyed
et al.,
(2014)

Pacchin
et al.
(2017)

Paez
et al.
(2018)

Dummy
node

Emitter

Demand
node
Flow
control
valve

Check
valve

Dummy
node
Demand
node

General
purpose
valve

Reservoir

Check
valve

Dummy
node

Dummy
node

Demand
node

Flow
control
valve

Throttle
control
valve

Check
valve

The FCV and CV
work similarly to
the previous one,
but the E allows to
implement
Wagner’s equation
with any exponent

Implements
Wagner’s eq.
with any
exponent n.

The CV ensures no
backflow. The
GPV is used to
implement any
monotonically
increasing curve
including a nearly
constant Q for
p>p(req).

Implements any
monotonically
increasing
relationship
from Table 2-3

The FCV and CV
work similarly to
previous methods
but the TCV
induces a minor
Reservoir
loss that
implements
Wagner’s eq.
The parameters of
FCV and TCV can
follow a time
pattern using
‘Simple controls’
in EPANET2.

Implements
Wagner’s eq.
with exponent
n=2.
Allows EPS
using only
EPANET 2’s
interface.

2.5 Availability of models for case studies
In 2013 an ASCE Task Committee on Research Databases for Water Distribution Systems was
formed after identifying a deficit of realistic case studies in the WDSs research. Typically,
researchers have used either hypothetical networks, or simplified/skeletonized versions of real
networks, but they are generally small and non-representative of real WDSs. One example of this
shortage of networks can be seen in Table 2-2, where the case studies are New York Tunnels (a
highly simplified system introduced in 1969, Hernandez et al., 2016), Two Loops (a hypothetical
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system with 8 pipes and two loops, introduced by Alperovits & Shamir in 1977), Hanoi (a
simplified model of the trunk system of the city of Hanoi, introduced by Fujiwara & Kang in
1990), Anytown (a small system from USA introduced by Walski et al. in 1987), Six Loops (a
hypothetical network with only 6 loops and 17 pipes, introduced by Awumah et al in 1991),
Wobulenzi (an skeletonized network with 21 pipes introduced by Tanyimboh & Kalungi in
2008), and Fossolo (a neighborhood model from Bologna, introduced by Bragalli et al., 2012).
From those examples the only medium-sized network is Fossolo, with 58 pipes.
The main causes for the lack of realistic data are safety reasons and the time and costs associated
with data collection (Brumbelow et al., 2007; Mair et al., 2014). To overcome these difficulties,
researchers have explored two alternatives: a) To publish or use models based on anonymous real
water distribution systems, but modified in such a way that their locations and other metadata
cannot be found; b) to generate synthetic systems that emulate realistic networks in features like
demands, layout, topography, etc.
From the first alternative, one example is Jolly et al. (2013), who presented 12 systems (although
the current database has more systems), based on the attributes of real WDSs from the US state of
Kentucky. The networks have been slightly modified to prevent the identity of their location but
the database has models with “looped”, “gridded” and “branched” configurations and they also
cover a wide range of size (small and medium sizes). The Water Distribution and Sewer Systems
Research Center (CIACUA in Spanish) from Universidad de los Andes in Colombia, also has a
data set of WDSs from different cities or towns of Colombia. Even though some models have
incomplete data, they represent a good source of realistic models for research on water
distribution networks reliability.
On the other hand, the first attempts to generate synthetic WDS were made manually by Farmani
et al. (2004) who proposed the EXNET network, and Brumbelow et al. (2007) who proposed two
synthetic WDSs based on realistic data available: Micropolis and Mesopolis.
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More automated approaches have appeared recently, such as Mair et al. (2014) who developed a
database of 2280 virtual systems based on a concatenation of looped sectors, and then developed
the software DynaVIBe-Web for the generation of synthetic WDSs based on street networks
patterns and topographies imported from real digital elevation models. Murano et al. (2012) also
proposed and developed a tool for the generation of synthetic networks called WaterNetGen
based on some user-defined parameters and constraints. Similarly, DeCorte & Sorensen (2014)
developed a tool called HydroGen which shares some features with WaterNetGen but has the
ability to include valves, pumps and tanks. Finally, Trifunovic et al. (2012) presented another
algorithm which makes use of graph theory algorithms allowing the randomized and nonrandomized generation of networks.
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Chapter 3
Generation and validation of synthetic WDS case studies using graph
theory and reliability indexes
Finding case studies that give statistical significance to the conclusions of research on Water
Distribution Systems (WDS) can be a challenging task. The generation of synthetic (virtual)
WDSs has been proposed recently to tackle this difficulty. These methods try to generate realistic
data, based on different assumptions for different properties of the networks. This paper describes
the use of a method for the generation of synthetic distribution systems and its subsequent
comparison against real life systems to validate the suitability of the synthetic set to drive the
conclusions of future research. Focus was given to connectivity and reliability-related indexes
considering the future use of these synthetic WDSs to study relationships between connectivity,
reliability and energy consumption. The algorithm for the generation of synthetic WDSs was
based on the work, methods and software presented by Mair et al (2014). The validation
procedure was made by evaluating metrics or indexes that account for network connectivity and
system reliability and comparing their ranges in both sets. Early results showed that the synthetic
WDSs required an enhancement of network connectivity to make them more similar to real-life
systems. After implementing a routine to increase the meshedness of the networks, an acceptable
degree of similarity between the synthetic and the real-life sets of WDSs was achieved, although
some modifications to the networks may be required in the future.

3.1 Introduction
Research on Water Distribution Systems (WDS) needs systems that can be used as baselines to
compare or derive conclusions. However, there is a lack of realistic data to supply that need,
which is based on safety reasons (Brumbelow et al., 2007), and on time and costs associated with
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data collection (Mair et al., 2014). To overcome that difficulty, virtual or synthetic systems can be
used given the smaller effort required to generate them and the small or null risk that its
publication can imply.
First attempts to generate virtual WDSs were made manually. Farmani et al. (2004) proposed the
network “EXNET” as one of the first benchmarks with realistic size for optimization
methodologies. Then, Brumbelow et al. (2007) used realistic data to propose two virtual WDSs
named “Micropolis” and “Mesopolis” with a small and a medium size (5000 inhabitants and
100000 inhabitants respectively).
A more automated approach was proposed by Mair et al. (2014) who developed a database of
2280 virtual systems based on a concatenation of looped sectors, and then developed the software
DynaVIBe-Web for the generation of synthetic WDSs based on street networks patterns and
topographies imported from real digital elevation models. Murano et al. (2012) also proposed and
developed a tool for the generation of synthetic networks called WaterNetGen based on some
user-defined parameters and constraints. DeCorte & Sorensen (2014) also developed a tool called
HydroGen which shares similarities with WaterNetGen but has the ability to include valves,
pumps and tanks. Finally, Trifunovic et al. (2012) presented another algorithm which makes use
of graph theory algorithms that allows the randomized and non-randomized generation of
networks.
Even though the use of synthetic systems is one of the alternatives to solve the scarcity of realistic
data, another approach presented by Jolly et al. (2013) is to use real data to assemble a database
of real life models. In this case Jolly et al. (2013) presented 12 systems (although the current
database has 15 systems), based on the attributes of real WDSs from the US state of Kentucky,
which have been slightly modified to prevent the identity of their location. The database has
models with “looped”, “gridded” and “branched” configurations (see Jolly et al., 2013 for a full
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description) and they also cover a wide range of size (small and medium sizes), demand, and
other system properties.
This chapter extends the work of Paez & Filion (2017a) and Paez & Filion (2017b), who used the
methodology and software developed by Mair et al. (2014) to generate 45 synthetic WDSs and
compare them against the 15 real life systems gathered by Jolly et al. (2013) in terms of
connectivity and reliability. This comparison is extended with three connectivity indexes
including a spectral connectivity index, and one proposed reliability surrogate index designed to
allow the comparison between systems of the Modified Resilience Index (MRI) (Jayaram &
Srinivasan, 2008). The comparison allows to validate the synthetic set and suggests further
improvements for the methodology.

3.2 Description indexes
3.2.1 Graph theory indexes
A WDS can be represented as a graph 𝐺 = (𝑉, 𝐸) where 𝑉 is the set of vertices and 𝐸 is the set of
edges within 𝐺. All junctions, demand nodes and sources of a WDS are considered elements of 𝑉,
while all pipes and link-represented elements (e.g., pumps and valves in EPANET) are elements
of 𝐸. Defining 𝑛 as the number of elements in 𝑉 and 𝑚 as the number of elements in 𝐸, the
following connectivity indexes can be defined (Yazdani et al., 2011):
𝑞=

𝑅𝑚 =

2𝑚
𝑛(𝑛 − 1)

(3-1)

<𝑘 >=

𝑚−𝑛+1
2𝑛 − 5

(3-3)

𝐷𝑎𝑝 =

𝑁𝑏𝑟
𝑚

(3-5)

𝐷𝑏𝑟 =

2𝑚
𝑛

𝑁𝑎𝑝
𝑛

Δ𝜆 = 𝜆1 (𝐴) − 𝜆2 (𝐴)

(3-2)

(3-4)

(3-6)

where 𝑞 is the link density that represents the fraction between the current number of links and the
maximum number of links in a non-multigraph graph (i.e., a graph without edges that share the
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same adjacent nodes which in WDSs context could be understood as a network without parallel
pipes); < 𝑘 > is the average node degree defined as the average number of links connected to a
node; 𝑅𝑚 is the meshedness coefficient that represents the fraction between the current number of
loops and the maximum number of loops in a planar graph (Buhl et al., 2006) (i.e., a graph
without intersections between non-adjacent edges which in WDSs context could be understood as
a network without pipe crossovers); 𝑁𝑎𝑝 and 𝐷𝑎𝑝 are the number and density of articulation
points which are nodes whose removal along with the removal of its adjacent links would
disconnect 𝐺; 𝐷𝑏𝑟 and 𝑁𝑏𝑟 are the number and density of bridges which are the links whose
removal would disconnect 𝐺; and Δ𝜆 is the spectral gap defined as the difference between the
two highest eigen-values of the adjacency matrix of the graph (𝐴) (Estrada, 2006).
Yazdani et al. (2011) describe 𝑞 and < 𝑘 > as structure quantifiers that reflect the sparseness of
the network and its similarity to a perfect grid structure, respectively, while 𝑅𝑚 is a redundancyrelated metric that compares the actual number of loops with the maximum number of loops a
planar graph could have. The other three metrics are more related with the robustness of the
network with 𝐷𝑎𝑝 and 𝐷𝑏𝑟 decreasing and 𝛥𝜆 increasing in more robust networks (more likely to
be able to work under critical scenarios).

3.2.2 Reliability-related indexes
Reliability is understood as the ability of a system to perform as required under different
conditions. However, in WDSs its quantification requires the evaluation of the system under
normal and subnormal scenarios as well as its simulation under pressure driven demand to
evaluate its performance supplying water. To simplify the process, surrogate measures of
reliability have been proposed. These, so called indexes, estimate the reliability of a system based
on its hydraulic behavior under normal conditions. For this research, three power related indexes
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were used: the Resilience Index (𝑅𝐼) (Todini, 2000); the Network Resilience (𝑁𝑅) (Prasad &
Park, 2004); and the Modified Resilience Index (𝑀𝑅𝐼) (Jayaram & Srinivasan, 2008):
(𝑟𝑒𝑞)

𝑅𝐼 =

𝑛
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where 𝐷𝑖 is the demand in node 𝑖; 𝐻𝑖 is the computed head in node 𝑖; 𝐻𝑖

is the required head

in node 𝑖, usually calculated as the node’s elevation plus the minimum allowable pressure; 𝐷𝑜𝑢𝑡𝑘
is the outflow from reservoir 𝑘; 𝐻𝑘 is the head in reservoir 𝑘; 𝑃𝑗 is the power of pump 𝑗, 𝛾 is the
specific weight of water; 𝑈𝑁𝑖 is the diameter uniformity coefficient of node 𝑖 calculated as the
ratio of the diameters connected to the node and the maximum of those diameters; 𝑛𝑛 is the
number of demand nodes, 𝑛𝑟 is the number of reservoir or water sources (may include some
tanks); and 𝑚𝑝 is the number of pumps.
The RI represents the surplus power available for demand nodes as a percentage of the net input
power; and the NR is a weighted Resilience Index that accounts the redundancy of the network,
while the MRI is the ratio of the surplus power available at demand nodes and the required
power.
For this study, the MRI required a slight modification to allow the comparison of the values
between the different networks. This need was identified after computing initial results of MRI
and finding considerable higher values for cities in low elevations even when they had worse
performance in terms of pressures. To understand the drawback just mentioned, consider that the
head in node 𝑖 can be written as the sum of its pressure head (total pressure divided by specific
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(𝑟𝑒𝑞)

weight of water) and its elevation (𝐻𝑖 = 𝑝𝑖 + 𝑧𝑖 and 𝐻𝑖

= 𝑝𝑚𝑖𝑛 + 𝑧𝑖 ). By replacing these

expressions in Eq. (3-9), the MRI can be rewritten as Eq. (3-10) which implies that the derivative
of MRI with respect to the pressure in one node 𝑖 is Eq. (3-11). This dependency of the growing
rate of MRI on the term ∑ 𝐷𝑖 𝑧𝑖 can be inconvenient as it generates different scales of MRI values
for exactly same networks just by changing the datum.
𝑀𝑅𝐼 =

𝑛𝑛
𝑛
∑𝑛𝑖=1
𝐷𝑖 𝑝𝑖 + ∑𝑖=1
𝐷𝑖 𝑧𝑖

𝑛𝑛
𝑛
∑𝑛𝑖=1
𝐷𝑖 𝑝𝑚𝑖𝑛 + ∑𝑖=1
𝐷𝑖 𝑧𝑖

−1

𝜕𝑀𝑅𝐼
𝐷𝑖
= 𝑛𝑛
𝑛
𝜕𝑝𝑖
∑𝑖=1 𝐷𝑖 𝑝𝑚𝑖𝑛 + ∑𝑛𝑖=1
𝐷𝑖 𝑧𝑖

(3-10)

(3-11)

To overcome that difficulty, the summation over the elevation in Eq. (3-11) needs to be set equal
to zero, so it no longer affects the scale. Therefore, for this paper the Centralized version of the
MRI (CMRI) was proposed and used, which is based on locating the datum of the model in a way
𝑛

𝑛
that ∑𝑖=1
𝐷𝑖 𝑧𝑖 = 0 meaning that the new index can be computed as:

𝐶𝑀𝑅𝐼 =

𝑛
∑𝑛𝑖=1
𝐷𝑖 𝑝𝑖

𝑛
∑𝑛𝑖=1
𝐷𝑖 𝑝𝑚𝑖𝑛

−1

(3-12)

3.3 Generation of synthetic case studies
3.3.1 Topography and layout
The advantage of DynaVIBe-Web (Mair et al., 2014) with respect to other virtual WDSs
generators described previously is its use of street patterns of real cities as well as their
topography, increasing the similarity to real WDSs. Therefore, this research used five real cities
as baselines for the generation of 45 WDSs (nine WDSs per city) using DynaVIBe. Two of the
cities are located in Europe, two in North America and one in Asia; and they cover a range of area
between 41 and 974 km2, and population densities between 684 and 8 453 PD./km2 (People
Density per square kilometer). The main attributes of the systems were assigned based on data
publicly available online such as the population, the consumption per capita and the location of
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major components such as treatment plants and tanks. Table 3-1 presents ranges of some
properties of the selected cities for the generation of synthetic cases, as well as for two data sets
of real WDSs. The first real data set introduced by Jolly et al. (2013) has 12 systems (although the
current database has 15 systems), based on the attributes of real WDSs from the state of
Kentucky, which have been slightly modified to prevent the identification of their location. The
second data base was available at the Water Distribution and Sewer Systems Research Center
(CIACUA in Spanish) from Universidad de los Andes in Colombia. This database contains 5
systems (although the current data base has been expanded), and the systems are based on real
towns or cities from different parts of Colombia.
Table 3-1. Summary of the real set, and the sets used for the generation of synthetic WDS
Real Sets
Population
(Peo.)
Area
(km2)
Pop. Density
(PD./km2)
Mean daily
consumption
(L/s)
Consumption
per capita
(L/day/hab.)

Synthetic Sets

KY

COL

City 01

City 02

City 03

City 04

City 05

(5 545 25 165)

(3 437 22 705)

666 058

808 515

278 475

297 943

346 574

(5 - 978)

(0.7 – 1.9)

974

114

188

263

41

(18 - 3 598)

(4 741 25 189)

684

7 092

1 481

1 134

8 453

(46 - 108)

(21 - 81)

2 532

5 100

1 400

1 609

2 060

(288 - 1 404)

(307 - 537)

328

545

434

467

514

The execution of the software DynaVIBe-Web was made by varying the parameters for demand
distribution, spanning tree for the layout, the cycle indicator and the main pipe offset (see Mair et
al., 2014, for the definition of each parameter). The spanning tree for the layout can be generated
using either a random tree on a minimum spanning tree that minimizes the length of the pipes.
The cycle indicator defines which loops are closed by selecting only the ones with a total length
higher than the product of the cycle indicator and the length of the added pipe. Finally, the main
pipe offset is the offset distance used to locate the trunk pipes of the network. After varying each
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of these parameters, an enhancement of the models was required to cover a wider range for the
connectivity indexes. This need was evidenced after computing 𝑞, < 𝑘 >, and 𝑅𝑚 for the real
WDSs set and for the five sets of synthetic WDSs (e.g., Table 3-2 column “Before increasing
connectivity”), and noting the differences in the maximum, average and standard deviation values
with the real set.
In order to increase the connectivity, another option recently implemented in DynaVIBe-Web
called “maximum possible graph” was used. With this option, all possible pipes that lay under a
street are drawn and included in the resulting network. Using this maximum-connectivity
network, randomly-selected pipes were added to the existing models making sure to connect
junctions already present in the network and without including parallel pipes. The results of the
procedure can be seen in Table 3-2 by comparing the columns “Before increasing connectivity”
and “After increasing connectivity”.
Table 3-2. Statistics for the meshedness coefficient 𝑹𝒎 for the real set and for the synthetic
sets before and after increasing the connectivity
Before increasing connectivity
KY
No. of
WDSs
Min.
Max.
Average
Std.
Dev.

After increasing connectivity

City 01 City 02 City 03 City 04 City 05 City 01 City 02 City 03 City 04 City 05

15

9

9

9

9

9

9

9

9

9

9

0.024
0.232
0.103

0.084
0.093
0.087

0.024
0.034
0.027

0.019
0.022
0.021

0.039
0.045
0.042

0.045
0.047
0.046

0.151
0.219
0.188

0.057
0.159
0.115

0.045
0.168
0.115

0.091
0.132
0.118

0.107
0.173
0.153

0.059

0.003

0.003

0.001

0.002

0.001

0.023

0.032

0.037

0.014

0.023

Figure 3-1 shows the result of the procedure for one of the networks. The pipes in red are the ones
added in order to change the meshedness coefficient from 0.021 to 0.141.
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a)

b)

Figure 3-1. Comparison of Network C03-07 before and after increasing connectivity. Pipes
added in red.

3.3.2 Pipe sizing
Expert criteria is likely to continue to drive the design of WDSs, instead of optimization methods.
Therefore, to make the synthetic systems more realistic, Paez & Filion (2017a) surveyed different
recommendations for pipe sizing found on different references. Table 3-3 presents values and
constraints recommended by different expert sources. It includes values for the minimum
diameter (𝑑𝑚𝑖𝑛 ), the maximum flow velocity (𝑣𝑚𝑎𝑥 ), the maximum unit head loss (𝑆𝑓𝑚𝑎𝑥 ), the
minimum and maximum allowable pressures (𝑝𝑚𝑖𝑛 ) and (𝑝𝑚𝑎𝑥 ); and sometimes they are defined
for different demand conditions where 𝐷𝑚𝑎𝑥 is the maximum demand condition (commonly
defined as the peak hour demand plus some fire scenario), and 𝐷𝑎𝑣𝑒 is the average demand
condition (commonly defined as the mean daily demand).
Table 3-3. Recommendations and constraints for pipe sizing. (Values converted to SI units)
Reference
Cesario (1995)
Surveya

Recommended

𝒅𝒎𝒊𝒏

𝒗𝒎𝒂𝒙

𝑺𝒇𝒎𝒂𝒙(1/1000)

200mmb

𝑥 = 2.0 m/s
𝑥 ∈ [1 − 6] m/s

𝑥 = 6.2
𝑥 ∈ [1 − 15]

1.5 m/s
@𝑑 < 600mm

1−2
@𝑑 ≥ 600mm
2−5
@𝑑 < 600mm
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𝒑𝒎𝒊𝒏

𝒑𝒎𝒂𝒙

𝑥 = 23 m
𝑥 = 77 m
𝑥 ∈ [14 − 42] m 𝑥 ∈ [42 − 151] m
28 − 35 m

63 − 77 m

1.0 m/s
@large 𝑑
1.5 m/s
@small 𝑑

Trifunovic
(2006)

1−2
@large 𝑑
2−5
@midrange 𝑑
5 − 10
@small 𝑑

Kujundzic
(1996)a

GLUMR
(2012)

Mississippi
Dept. of Health
(2001)

75mm
@no fire
protection
150mm
@with
fire
protection
100mm

1.5 m/s

20 − 30 m

60 − 70 m
@flat zones
100 − 120 m
@hilly zones

𝑥 = 28.5 m
𝑥 ∈ [20 − 40]
m

𝑥 = 93.6 m
𝑥 ∈ [70 − 160] m

14 m
@𝐷𝑚𝑎𝑥
24.5 m
@𝐷𝑎𝑣𝑒𝑟𝑎𝑔𝑒

70 m

14 m

56 m

Values reported for surveys on different cities and/or utilities (𝑥 and 𝑥 ∈ [ ] are respectively the mean and the range of values for the
variable within the evaluated sample).
b
Value reported for at least one utility of the sample.
a

Therefore, the design of the synthetic WDSs was based on the values of Table 3-3 by using a
demand’s peak factor of 2.0 and taking the original flow distribution for each DynaVIBe-Web
model (Mair et al., 2014), and then resizing the diameters to fulfill three conditions: 1. 𝑑𝑚𝑖𝑛 =
100 mm; 2. 𝑣𝑚𝑎𝑥 = 2.0 m/s; and 3. 𝑆𝑓𝑚𝑎𝑥 = 2 m/km, for 𝑑 > 500 mm, 𝑆𝑓𝑚𝑎𝑥 = 3.5 m/km, for
500 > 𝑑 > 200 mm, and 𝑆𝑓𝑚𝑎𝑥 = 5 m/km for 𝑑 ≤ 200 mm. However an additional
consideration was made to account for realistic pipe replacement, and in case a pipe already sized
by DynaVIBe-Web fulfilled the criteria within a ±10% range, it maintained its original diameter.

3.4 Results and discussion
3.4.1 Connectivity indexes
Figure 3-2 presents the computed connectivity indexes for the set of real WDSs (KY) and the set
of synthetic WDSs (C01 to C05) These results were computed for the networks after the

46

connectivity of the models generated with DynaVIBe-Web (Mair et al., 2014) was increased as
described previously.
The results show that, for 𝑅𝑚 and < 𝑘 >, the synthetic sets cover most of the range of the real
set, with cities C02, C03 and C04 covering the two central quartiles, and cities C01 and C05
covering the highest quartile. Moreover, by including the 5 sets the full range is covered for 3
metrics (< 𝑘 >, 𝑅𝑚 , Δ𝜆) and is covered in more than 90% for other two (𝐷𝑎𝑝 , 𝐷𝑏𝑟 ). For 𝑞 the
values reached by the synthetic sets are always in or below the lower quartile of the real set. This
is explained by considering the dependence of this index 𝑞 to the scale of the graph as described
by Yazdani et al.(2011). In this case the size of the synthetic systems was 𝑛 ∈ [1151,6847] and
𝑚 ∈ [1254,9211] while in the real set KY for example, only three networks have over 1000
nodes, and only two have more than 1500 pipes. This difference in sizes and the nature of the
link density index that increases its numerator proportional to 𝑚 but increases its denominator
proportional to 𝑛2 , explain the low values of 𝑞 found for the synthetic systems. Considering that
the generated models are meant to represent whole cities rather than independent sectors, this
difference in sizes is intended; meaning that the observed behavior of 𝑞 is consistent with the
expectations.
On the other hand, the results for the meshedness coefficient show the performance of the
algorithm to increase the connectivity of the network, producing networks with similar ranges and
values for this index and moreover with the same magnitude of variability in the two mid
quartiles.
It is worth noticing the extra information given by a spectral metric as the Spectral Gap (Δ𝜆)
which shows how a set like C04 with not much variability for the other indexes, is the one with
the most for this metric. Spectral Gap is a good metric to determine if a network is a Good
Expansion Network (Estrada, 2006). A Good Expansion Network is a network where it is
necessary to disconnect a large number of elements before it is divided in at least two
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disconnected parts. Contrasting with 𝐷𝑎𝑝 and 𝐷𝑏𝑟 which measure how many articulation points
and bridges are in a network, Δ𝜆 measures indirectly how many elements would be required to
disconnect before the graph is disconnected. The set C04 has low variability in 𝐷𝑎𝑝 and 𝐷𝑏𝑟
because the number of articulation points (or bridges) with respect to the total number of nodes
(or pipes) is very similar for the 9 networks, but this does not imply that all the networks are
equally easy to disconnect, and therefore there is a big variability in Δ𝜆.
q
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Figure 3-2. Comparison of connectivity indexes between the sets of real WDSs (KY and
COL) and the set of synthetic ones (C01 to C05). All indexes are unitless.

3.4.2 Reliability-related indexes
Figure 3-3 presents the frequency distribution of pressures in the WDSs with respect to the total
demand (i.e. the amount of water delivered with a pressure between 𝑝1 and 𝑝2 , as a percentage of
total demand, can be calculated as the area under the curve between 𝑝1 and 𝑝2 ). This figure
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represents also the distribution of power in the network considering that a narrow curve in the left
of the chart has lower delivered power than the same curve shifted to the right.
It can be seen that some WDSs have pressures below zero or above 150m, which according to
Table 3-3 are breaking pressure constraints. Since the pipe sizing procedure only considered
recommendations on a pipe level and did not include the examination of pressures for feedback it
was likely to find these results, especially for the assumed peak factor (2.0). However, since some
of the real networks also presented these low pressures, meaning that its designs may have used a
lower peak factor, the designs for the synthetic systems were used including these low pressures
and their correspondent effect in the indexes. To assure that the comparison was fair, a minimum
pressure of 0 m was selected for the evaluation of RI and NRI for all the networks, while a value
of 20 m was used for the CMRI to avoid dividing by zero.
Figure 3-4 presents the results for the reliability-related indexes. It can be noticed that the
reliability indexes of the synthetic WDSs are in the ranges of the real set. However, it is also
evident that the variability of the synthetic systems is considerably lower than the one from the
real set for the RI and the NR (and also 4 of the sets of CMRI).
This can be explained by noting that the indexes are a function of input power (IP), minimum
required power (MRP), and surplus output power, which is a function of the MRP and the power
losses due to friction in the network (FP). In the case of MRP, the differences between networks
in the same set must be almost negligible as the demand and the minimum pressure does not vary
from network to network. For the IP, variations are due to differences in the discharges from each
source on the networks, but models were made assigning a percentage range of the total demand
to each source and it was not changed between networks in the same set. Therefore, the discharge
from each source did not vary significantly throughout a set (𝐶𝑉 < 5.0%). This implies that the
differences are mostly due to the FP, which are function of the pipe sizing. Considering that the
same recommendations for pipe sizing were used in all systems, this variability is lower than the
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one found on the real WDSs set, where different considerations may have been taken when
designed.
a.

b.
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Figure 3-3. Pressure distribution along the network for: a. the real life systems KY, and the
synthetic systems based on b. City 01, c. City 02, d. City 03, e. City 04, and f. City 05.
It is noted that the results do not imply that the WDSs are similar in every sense. It is a known
fact that the exact same RI value can be achieved in a network by an infinite combination of
continuous diameters in its pipes (Takahashi et al., 2010). In this case, this fact explains how
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different WDSs with different connectivity and flow rate distributions among their pipes still
produce very similar RI (and likewise similar NR and CMRI). However, the proposed CMRI
index, which gives less importance to IP and more to FP, seems to be able to identify part of this
differences as it has a higher variability in sets C04 and C05 which are also sets with high
variability for the connectivity indexes.
RI

NRI

CMRI

KY
COL
C01
C02
C03
C04
C05
0.0

0.5

1.0

0.0

0.5

1.0

0.0

2.5

5.0

Figure 3-4. Comparison of reliability –related indexes between the sets of real WDSs (KY
and COL) and the set of synthetic ones (C01 to C05)
Regarding the differences between the synthetic sets, only the Cities 03, 04 and 05 presented
models with RI or NR below 0.6. Moreover, the curves from Figure 3-3 allow a qualitative
comparison on how much energy is being delivered to the end-users in terms of water pressure
(based on the horizontal position of the curve), and on how unequal is that energy being
distributed among the end-users (based on the width of the curve). It can be seen that the
methodology is able to acceptably emulate the amount of energy delivered to the end-users as
most of the curves have their core within the region delimited by the real set KY. However, the
uniformity on the perceived energy by the end-users is not similar to the real set for these same
three cities. These are also the cities with higher variation in topography due to some peripheral
high elevations. This shows the need to enhance the models using pumps and valves that allow a
better control of the pressures in these cases. Additionally, the higher dispersion between systems
from Cities 04 and 05 is due to the presence of models that rely differently on tanks to fulfill the
demand, showing also the importance of tank sizing and location criteria.
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3.5 Conclusions
Two sets of real WDSs were gathered from different databases in Kentucky (Jolly et al., 2013)
and from Colombia (CIACUA, Universidad de los Andes). The WDSs were used to identify
ranges of variation of different reliability, energy, and graph theory metrics or indexes.
In addition, a new set of synthetic WDSs was generated using the methodology and the software
presented by Mair et al. (2014) coupled with a method to increase the connectivity of the
networks and a set of criteria to size pipes in a realistic manner. The increasing of connectivity
presented successful results as it generated networks with good variety of connectivity (measured
by 3 graph theory indexes) and always with consistent values.
The criteria to size pipes, although realistic, do not have an effectiveness of 100% in solving the
pressure needs for the nodes of the network. Moreover, it also leads to WDSs that may be
different in their hydraulic behavior, but have not much variation on the reliability indexes
evaluated.
The set of synthetic WDSs was tested for six connectivity indexes and three reliability-related
indexes. The results show good performance of the synthetic sets in covering the ranges defined
by the realistic sets previously gathered.
Amongst the connectivity indexes, the Spectral Gap showed its convenience in considering other
aspects of graph connectivity, as it helped to identify the differences in networks from C04,
related with how many elements need to be removed to disconnect each network. Similarly, for
the reliability indexes, the proposed Centralized Modified Resilience Index (based on Jayaram &
Srinivasan, 2008) showed how giving less importance in the function to the input power and to
the minimum required power helped to see more variability in the sets with high variability of the
Spectral Gap.
A further enhancement of the models and of the pipe sizing criteria is recommended to ensure
more variability in the reliability-related indexes, and therefore in the representativeness of the
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synthetic set for future research. Also, for the networks with high percentages of the demand
outside the range of allowable pressures, it is recommended the evaluation of operational rules for
pumps and valves that allow a better control of the pressures (e.g. Cembrano et al., 2000) and a
consequent impact in the energy use of the system (e.g. Bouzidi, 2013; Valer et al., 2016).
Finally, since different studies on WDSs require also pipe ages, materials, and to account for
leakages, the use of tools like DynaVIBe for the generation of synthetic case studies, must be
complemented by including information of this nature in the final version of the models.
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Chapter 4
Method for Extended Period Simulation of Water Distribution
Networks with Pressure Driven Demands
This chapter proposes a non-iterative method to perform the simulation of water distribution
systems with pressure driven demands using EPANET2 without the need to use its programmer's
toolkit. The method works for single period simulation (snapshot) and for extended period
simulation (EPS) as well (quasi-steady simulation typically performed over a day or a week). It is
based on the addition of a flow control valve (FCV), a throttle control valve (TCV), a check valve
(CV) and a reservoir to each demand node in the network, in addition to a list of simple controls
to modify the setting of the FCV and TCV in each time step. The main advantages of this
approach are: 1. the source code of EPANET2 is not modified, 2. the toolkit functions are not
needed for the simulation and they remain available for further uses, 3. the extended period
simulation (EPS) is performed by EPANET2 and it carries tank levels, demand variation and
other time-changing variables internally. The performance of the method is tested in two
benchmark networks and a real size network with pumps, tanks and a 24hrs demand pattern. The
results show that the method computed the pressures and outflows accurately and that the
computational time required is not significantly higher than a demand driven execution in most
cases.

4.1 Introduction
There are two main approaches to simulate the hydraulic behaviour of a Water Distribution
Network (WDN): Demand Driven Analysis (DDA) and Pressure Driven Analysis (PDA). DDA
assumes that the demand on each node is always satisfied independent of the hydraulic conditions
of the network, which are actually the outputs to be calculated. This approach is acceptable when
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the resulting pressures in the nodes are sufficient to deliver the demanded volume of water
through the internal pipe system of the building and its water appliances. The most accepted
method to make a DDA is using the global gradient algorithm proposed by Todini and Pilati
(1988) and its implementation in EPANET 2 by Rossman (2000).
However, if the resulting pressures 𝑝 are not sufficient, the demands 𝑄𝐷 are not fully supplied
and only some flow 𝑄 is delivered. To model this partial supply, different authors have proposed
different curves that relate 𝑝 with 𝑄 (Bhave 1981; Germanopoulos 1985; Wagner et al 1988;
Fujiwara and Li, 1998; Tanyimboh and Templeman 2010). From these relationships, the most
established in the research literature is the one proposed by Wagner et al. (1988) (Eq. (4-1)). They
assign a potential relationship (with exponent 𝑛) between the pressure and the outflow, for any 𝑝
between zero and the pressure required to ensure full supply of the demand (𝑝𝑟𝑒𝑞 ). Experimental
data from Shirzad et al. (2012) and Walski et al. (2017) show the validity of this function to
model nodal demands under critical pressures.
Wagner’s Relationship
0
𝑛
𝑝
𝑄 = 𝑄𝐷 (
)
𝑝𝑟𝑒𝑞
𝑄𝐷
{

𝑖𝑓 𝑝 ≤ 0
𝑖𝑓 0 < 𝑝 ≤ 𝑝𝑟𝑒𝑞
𝑝 > 𝑝𝑟𝑒𝑞

Proposed implementation method
→ enforced by a Check Valve
→ enforced by a Throttle Control Valve

(4-1)

→ enforced by a Flow Control Valve

To solve the PDA model of a WDN considering the flow-pressure relationship, three types of
approaches have been proposed: 1. modifying the source code of the DDA simulator (typically
EPANET2), 2. adding iteratively artificial elements to the nodes according to previous results
using DDA, and 3. adding artificial elements to all demand nodes in the DDA model. Mahmoud
et al. (2017) reviews the most important methodologies that follow the first approach (Cheung et
al., 2005; Liu et al., 2011; Giustolisi et al., 2011; and Siew and Tanyimboh, 2012; among others)
and identify five limitations that they can have: 1. Require underlying algorithm modifications, 2.
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Not in the public domain, 3. Require several iterations, 4. Demonstrated only on limited simple
case studies, and 5. Unable to handle EPS analysis.
The second category of methods is based on adding artificial elements to the model as flow
control valves (FCV), check valves (CV), pressure reducing valves (PRV), general purpose
valves (GPV), emitters (E) or reservoirs (R). These methods add and remove if necessary their
proposed artificial elements to the DDA model in each iteration until convergence (Ang and
Jowitt, 2006; Todini, 2006, Suribabu and Neelakantan, 2011, Mahmoud et al., 2017). However,
the drawback of these methods is they may require many iterations in large networks and its
implementation for EPS is complicated as the topology of the network must be changed in each
time step.
The third category of methods, instead, adds artificial elements to all demand nodes so the
topology does not need to be modified iteratively. They include adding to each demand node
series of elements as PRV-E (Bertola and Nicolini, 2006), FCV-CV-R (Jinesh Babu and Mohan,
2012; Sivakumar and Prasad, 2013; Gorev and Kodzhespirova 2013), FCV-CV-E (Sayyed et al.,
2014), and GPV-CV-R (Pacchin et al., 2017). All these methods find results that fulfill the flowpressure function with an acceptable error for single period simulations. However, they all need
complex code using EPANET2 programmer’s toolkit to run EPS as the parameters for the added
valves and reservoirs are a function of the demand in the node, which changes with time.
This chapter presents a new pressure-driven simulation approach (part of the third category of
methods mentioned above) that includes a throttle control valve (TCV) element which has never
been considered before for PDA simulations. The TCV simulates a partially-closed valve with a
minor head loss coefficient that can be changed in time, making it the first approach of the third
category of methods that does not require any external call of EPANET2 toolkit, or any source
code modification, to perform an EPS. The method solves completely the system of equations
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that drive a PDA (energy conservation, mass balance and flow-pressure relationship) while also
ensures a persistence in time of all the state variables of the network for the EPS.
Two benchmark networks by Ang and Jowitt (2006) and Jinesh Babu and Mohan (2012) are used
to compare the results, in single and extended period simulation respectively, against their PDA
approaches. A third case study is used to show the performance of the methodology in a real
network.

4.2 Method
The method proposed here adds, in order, a FCV, a dummy junction, a TCV, another dummy
junction, a CV and a reservoir to each demand node of the network (see Figure 4-1). As in all
other methods presented before, the base demand of the demand node must be set equal to zero
since the reservoir will be the one receiving the water now. The FCV is used to ensure that the
delivered flow 𝑄 does not exceed the demand at the node. Therefore, the setting of the FCV is
equal to the demand at the node 𝑄𝐷 . The downstream node is used just to connect the FCV with
the TCV. The TCV, which is the novel element used by this method, is added to simulate the
pressure-flow relationship when 0 < 𝑝 < 𝑝𝑟𝑒𝑞 by setting its head loss coefficient according to
Eq. (4-2), which comes from rearranging Wagner’s (1988) equation and equating the head loss in
the valve with 𝑝:
𝑝=

𝑝𝑟𝑒𝑞 𝑄 2
𝑄𝐷2

𝑤𝑖𝑡ℎ

Δ𝐻 = 𝐾𝑇𝐶𝑉

𝐾𝑇𝐶𝑉 =

𝑛 = 0.5

𝑄2
=𝑝
2𝑔𝐴2

𝑔𝜋 2 𝑑4 𝑝𝑟𝑒𝑞
8𝑄𝐷2

(4-2)

where Δ𝐻 is the head loss in the valve, 𝐾𝑇𝐶𝑉 is the minor losses coefficient of the TCV, 𝐴 is the
cross sectional area of the valve (𝐴 = 𝜋 𝑑2 ⁄4) and 𝑑 is the diameter assigned to the valve. It must
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be noted that the previous equation is valid only if 𝑛 is equal to 0.5. However, the authors do not
consider this a major drawback as experimental results have shown that this exponent value is a
valid assumption (e.g., Walski et al., 2017).
Dummy
node

Dummy
node

Demand
node

Flow
control
valve

Throttle
control
valve

Reservoir

Check
valve

Figure 4-1. Proposed artificial elements connected to a demand node
After the TCV, another dummy junction is added to connect it with the CV. The CV ensures that
if the pressure in the node is less than zero, then there will not be any inflow (negative 𝑄) from
the connected reservoir (which represents the appliances lumped in that node, and therefore
should not supply any flow). The parameters of the CV are set to produce negligible head losses
when water is flowing in the right direction (short length and large diameter). Finally, this
arrangement connects the reservoir with a constant head equal to the elevation of the demand
node to make sure that the pressure head 𝑝 is used entirely in the TCV (making Δ𝐻 = 𝑝). Table
4-1 summarizes the parameters for each artificial element while Eq. (4-1) shows the role of each
added valve.
Table 4-1. Parameters for artificial elements
Element
Demand node
Flow Control Valve (FCV)
Throttle Control Valve (TCV)
Check Valve (CV)

Parameter
Base demand ← 0
Diameter ← 𝑑𝑙𝑎𝑟𝑔𝑒 (a large number, e.g, 1000)
Setting (maximum flow) ← 𝑄𝐷
Diameter ← 𝑑 (arbitrary diameter, e.g.,150mm)
Setting (minor headloss coefficient) ← 𝐾𝑇𝐶𝑉 (Eq. 2)
Diameter ← 𝑑𝑙𝑎𝑟𝑔𝑒 (a large number, e.g, 1000)
Length ← 𝐿𝑠ℎ𝑜𝑟𝑡 (a small number, e.g., 0.01)
Elevation ← Elevation of demand node

Reservoir
For extended period simulation
Simple controls for FCV
Add new control for each time step 𝑡 in the demand pattern:
LINK FCV_ID 𝑄𝐷 (𝑡) AT TIME 𝑡
Simple controls for TCV
Add new control for each time step 𝑡 in the demand pattern:
LINK TCV_ID 𝐾𝑇𝐶𝑉 (𝑡) AT TIME 𝑡
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The above parameters’ configuration works for single period simulations where 𝑄𝐷 is constant.
However, in extended period simulations the demand varies with time according to the demand
patterns:
𝑄𝐷 (𝑡) = 𝑄𝐷0 ⋅ 𝐷𝑃(𝑡)

(4-3)

where 𝑄𝐷0 is the base demand of the node and 𝐷𝑃(𝑡) is the demand pattern multiplier for time 𝑡.
This is where using a FCV and a TCV becomes advantageous, as they can be controlled using
simple controls from EPANET2 allowing to consider demand time patterns by modifying their
setting at each time step.
To do that, the demand time series 𝑄𝐷 (𝑡) for each node must be computed a priori. Then, two sets
of simple controls are added for each demand node. The first set of controls modifies the setting
of the FCV at each time step 𝑡, making it equal to 𝑄𝐷 (𝑡). The second set of controls modifies the
setting of the TCV at each time step 𝑡, making it equal to:
𝐾𝑇𝐶𝑉 (𝑡) =

𝑔𝜋 2 𝑑4 𝑝𝑟𝑒𝑞
2

8(𝑄𝐷 (𝑡))

(4-4)

This means that if a network model has a demand pattern of 24 time steps, each node adds 48
simple controls to it. Even though three extra links, three extra nodes and 48 controls per demand
node may seem like an important modification to the model and its execution time, it is shown in
the results that the computational time is not affected considerably in most cases.

4.3 Case studies
The proposed method is tested in three WDNs. The first case is the Multiple Source Looped
WDN proposed by Ang and Jowitt (2006) and used by other researchers to test their algorithms
for PDA under single period simulation (e.g., Jinesh Babu and Mohan, 2012). The second case is
Multiple Source Pumped WDN introduced by Jinesh Babu and Mohan (2012) and it is selected to
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compare the proposed PDA approach against their FCV-CV-R approach under extended period
simulation. Finally, a real network, named “VC02”, from the WDNs database presented by Paez
and Filion (2016), is used to compare DDA and PDA results for extended period simulation, to
show how the solution completely conforms with the flow-pressure relationship, and finally to
evaluate the computational time of an execution.
a)

b)

Figure 4-2. Multiple Source Looped WDN (a) and Multiple Source Pumped WDN (b).
Elevations in m and diameters in mm.

4.3.1 Multiple Source Looped WDN
This WDS has two reservoirs, nine demand nodes, and 14 pipes. Figure 4-2a shows nodes IDs
and elevations in m, and pipe diameters in mm. The demands under normal conditions are 25𝐿/𝑠
for all nodes. All pipes have a Hazen-Williams coefficient of 130 and length of 1000𝑚. Ang and
Jowitt (2006) do not specify a required pressure but instead they make a maximum flow analysis
which according to Rossman (2000) can be modelled with a emitter coefficient of 100 ⋅ 𝑄𝐷 .
Equating that coefficient to the correspondent coefficient from Eq. (4-1) and solving for the
required pressure, a value of 𝑝𝑟𝑒𝑞 = 0.0001𝑚 is found.
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For normal conditions, the DDA model gives pressures between 0.14 − 2.70𝑚 which are clearly
higher than 𝑝𝑟𝑒𝑞 .The proposed PDA model with the corresponding FCVs, TCVs, CVs, and
reservoirs in every node was tested under this conditions to show that the extra elements do not
affect the results for the case where all 𝑝 > 𝑝𝑟𝑒𝑞 (see Table 4-2).
To generate pressure deficient conditions, Ang and Jowitt (2006) propose an extra firefighting
demand of 50𝐿/𝑠 on node J9. To model these conditions with the proposed method, the setting
for the FCVs was 25𝐿/𝑠 for nodes J1 to J8 and 75𝐿/𝑠 for J9; the setting for the TCVs was
1.9358 for nodes J1 to J8 and 0.2151 for J9; 𝑑𝑙𝑎𝑟𝑔𝑒 and 𝑑 were taken as 1000𝑚𝑚; and 𝐿𝑠ℎ𝑜𝑟𝑡
was 0.01𝑚. The results of the proposed method for these conditions are consistent with the ones
reported both by Ang and Jowitt (2006) and Jinesh Babu and Mohan (2012), who use respectively
an iterative connection-disconnection of reservoirs, and a non-iterative addition of FCV-CV-R, to
perform PDA.
Table 4-2. Nodal demands and pressures for Multiple Source Looped WDN
Normal conditions
DDA

Fire Flow

Proposed PDA

Ang and Jowitt (2006)

Proposed PDA

Node

Q(L/s)

p(m)

Q(L/s)

p(m)

Q(L/s)

p(m)

Q(L/s)

p(m)

J1

25.00

1.175

25.00

1.175

25.00

NR

25.00

0.839

J2

25.00

0.140

25.00

0.140

4.63

NR

4.63

4.0E-06

J3

25.00

0.801

25.00

0.801

25.00

NR

25.00

0.468

J4

25.00

0.953

25.00

0.953

25.00

NR

25.00

0.126

J5

25.00

0.873

25.00

0.873

25.00

NR

25.00

0.017

J6

25.00

0.886

25.00

0.886

21.16

NR

21.16

7.0E-05

J7

25.00

2.707

25.00

2.707

25.00

NR

25.00

1.344

J8

25.00

2.704

25.00

2.704

25.00

NR

25.00

1.094

J9

25.00

2.704

25.00

2.704

54.26

NR

54.27

4.9E-05

NR: Not reported.

4.3.2 Multiple Source Pumped WDN
Since the main advantage of the proposed method is its ability to perform PDA in extended
period simulation, the second case study is the Multiple Source Pumped WDN (Jinesh Babu and
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Mohan, 2012) which has a demand pattern of 4 time steps. This WDN also has nine demand
nodes arranged in a grid, but in this case there are two pumped sources and a gravity fed source.
Figure 4-2b shows nodes IDs and elevations in m, and pipes diameters in mm. The valve
connected to reservoir S3 is a FCV that ensures one third of the demand is supplied by S3. The
power for the two pumps is 125ℎ𝑝 (93.21𝑘𝑊). All pipes have a Hazen Williams coefficient of
130 and they are 1000𝑚 long except for the pipe S3-J7 which is 500𝑚 long. The base demand
𝑄𝐷0 for all the nodes is, in order if ID: 100, 150, 120, 120, 200, 100, 100, 330, 240 𝑚3 ⁄ℎ𝑟,
and the four factors of the demand pattern are 0.2, 1.0, 0.6, 0.8. Likewise, the pump speed has a
speed time pattern with factors 0.584, 1.0, 0.842 and 0.927.
Similarly to the previous case study, Jinesh Babu and Mohan (2012) do not report the used 𝑝𝑟𝑒𝑞
since they also perform a maximum flow analysis. Therefore, following the recommendation of
Rossman (2000), a 𝑝𝑟𝑒𝑞 = 0.0001𝑚 is used. Also, considering the large demands of this
network, 𝑑𝑙𝑎𝑟𝑔𝑒 and 𝑑 were increased to 2000𝑚𝑚; while 𝐿𝑠ℎ𝑜𝑟𝑡 was still 0.01𝑚. Finally, since
the model is in extended period simulation with four time steps and nine demand nodes, 72
simple controls where added to simulate the change in time of the settings for the FCV and the
TCV. Table 4-3 presents the setting values used for all the added controls.
Table 4-3. FCV and TCV settings for each time step in Multiple Source Pumped WDN
FCV setting (m3/hr)

TCV setting (-)

Time step:

0

1

2

3

Time step:

0

1

2

3

FCV-J1

20

100

60

80

TCV-J1

627.2

25.1

69.7

39.2

FCV-J2

30

150

90

120

TCV-J2

278.7

11.2

31.0

17.4

FCV-J3

24

120

72

96

TCV-J3

435.5

17.4

48.4

27.2

FCV-J4

24

120

72

96

TCV-J4

435.5

17.4

48.4

27.2

FCV-J5

40

200

120

160

TCV-J5

156.8

6.3

17.4

9.8

FCV-J6

20

100

60

80

TCV-J6

627.2

25.1

69.7

39.2

FCV-J7

20

100

60

80

TCV-J7

627.2

25.1

69.7

39.2

FCV-J8

66

330

198

264

TCV-J8

57.6

2.3

6.4

3.6

FCV-J9

48

240

144

192

TCV-J9

108.9

4.4

12.1

6.8
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The proposed method was executed for the model under normal conditions and the results were
exactly the same as reported by Jinesh Babu and Mohan (2012), with all demands fulfilled and
pressures between 4.81 − 19.93𝑚 for all four time steps.
Three additional scenarios where simulated in this WDN to test the performance of the PDA
proposed: 1. Pump S1 failure, 2. Pump S2 failure, 3. Valve S3 shutdown. Table 4-4 shows a
comparison of results between Jinesh Babu and Mohan (2012) and the proposed methodology.
The first thing to note is that both methodologies identify the same deficit nodes and only in those
nodes the correspondent valves are activated. However, the outflows present some differences
between the two methods. These differences are explained by the differences in the exponent
used 𝑛 and in the 𝑝𝑟𝑒𝑞 used. Since Jinesh Babu and Mohan (2012) use a CV to control inflows
but also to model the flow-pressure relationship, their approach has intrinsically an exponent 𝑛 =
0.54 correspondent to the exponent of the headloss when Hazen-Williams equation is solved for
𝑄. The second difference, and probably the one that explain most of the dissimilarities in the
results is that they do not consider explicitly the recommendation of Rossman (2000) for
maximum flow analysis (𝐾 = 100𝑄𝐷 ). This implies that their results are dependent on the
parameters’ values used for the artificial elements included (not reported). However, it must be
noted that the proposed method always finds higher values of delivered water and therefore
estimates better the maximum possible flows without negative pressures.
Table 4-4. Total water supplied for Multiple Source Pumped WDN
Total water supplied (m3/s)
Jinesh Babu and Mohan (2012)
Proposed method

292

1460

876

1168

Deficit
nodes
None

292

1460

876

1168

Deficit
nodes
None

Scenario 01

201.7

1000.2

602.4

801.1

J1,J2,J8,J9

210.7

1034.8

627.0

831.5

J1,J2,J8,J9

Scenario 02

201.7

976.9

597.5

788.8

J1,J2,J8,J9

210.1

1000.7

617.4

807.5

J1,J2,J8,J9

Scenario 03

202.6

971.7

596.4

785.5

J1,J7,J8

225.6

1053.4

651.4

849.7

J1,J7,J8

Time step:
Normal

0

1

2

3
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0

1

2

3

4.3.3 Large real WDN (VC02)
The network VC02 (Paez and Filion, 2016) has 284 demand nodes, 337 pipes, 1 reservoir, 4
tanks, 2 pumps, and a 24hr demand pattern. Figure 4-3 shows the layout and topography of the
WDN as well as the demand pattern. The base demands of the network were modified to have a
homogeneous value of 0.067L/s for a total mean demand of 19.03L/s.
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Figure 4-3. VC02 network layout and demand pattern
To implement the proposed method, the input file was modified including 568 dummy nodes, 284
reservoirs, 852 links (284 FCVs, 284 TCVs and 284 CVs), and as the network model works for
extended period simulation, 13 632 simple controls were added to modify the settings of the
valves in each time step (using MS Excel to modify the *.inp file). Since the system was
conveniently modified to have homogeneous demands, all FCVs and TCVs had the same time
pattern for their settings (Figure 4-4). For this network, 𝑑𝑙𝑎𝑟𝑔𝑒 was taken as 1000mm while 𝑑
was set as 150mm (more convenient considering the low demands); and 𝐿𝑠ℎ𝑜𝑟𝑡 was still 0.01m.
For this case 𝑝𝑟𝑒𝑞 was set as 15𝑚 as it is a more realistic value than the ones used for previous
examples.
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Figure 4-4. FCV and TCV settings time series in VC02
The first execution of the network model was under normal conditions, where the DDA shows no
occurrences of pressures below 𝑝𝑟𝑒𝑞 . The results using the proposed PDA method also finds no
occurrences of 𝑝 < 𝑝𝑟𝑒𝑞 and the minimum registered pressure in the entire simulation is 15.66m
which represents an error below 1% with respect to the DDA results. Figure 4-5 also shows a
comparison of the system flow balance between DDA and PDA for the normal conditions. It can
be seen that, although there are some differences, in no case they are significant (especially
considering the many other sources of uncertainty in a WDN model).
Produced DDA
Produced PDA

40

Consumed DDA
Consumed PDA

35

Flow (L/s)

30
25
20
15
10
5
0
0

6

12
Time (hrs)

18

24

Figure 4-5. System flow balance for VC02
To produce a pressure deficit scenario, pipe P1100 was closed simulating a failure (see Figure
4-3). Nodes J140, J77, J22 and J10 were analysed in detail to see the differences between the
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DDA and the PDA. Figure 4-6 presents the pressure and demand time series for the four nodes
under DDA and PDA. From the pressure time series, it is evident that node J140 is the most
affected from the closure, while node J77 is the least affected one. This is due to the closeness
between J140 and P1100 and the fact that they belong to the same hydraulic sector. On the other
hand, J77 is located in a zone with lower elevation and is actually part of a different hydraulic
sector as there is a pressure reduction valve upstream. Node J22 is also more affected because,
despite its low elevation, it is still connected by two paths to the sector of P1100 and therefore its
pressure is highly dependent on it. Lastly, node J10 is only slightly affected due to the presence of
a pump between the node and P1100 that overcomes partially the pressure deficit.
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Figure 4-6. Pressure and outflow time series for DDA (left) and PDA (right) of VC02
With respect to the difference between the DDA and the PDA results, it is evident that results
from DDA cannot be trusted in this kind of situation as it finds many negative pressures that are
actually just pressures below 𝑝𝑟𝑒𝑞 . This does not mean that PDA cannot find negative pressures,
but it is able to assign a supplied flow of zero for those negative-pressure nodes (e.g., the node
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immediately downstream on P1100 has negative pressures during 19 of the 24h simulated), and it
can identify nodes with 𝑝 between zero and 𝑝𝑟𝑒𝑞 .
To show how the proposed method always fulfills the flow-pressure relationship, Figure 4-7 plots
the supplied flow vs. the pressure for all demand nodes in the network at times 6, 12 and 20. It
can be seen that all the nodes fall into the flow-pressure curve with an average error below 0.5%
and a maximum error below 1.5%.
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Figure 4-7. Flow-pressure relationship for all nodes of VC02
Finally, since a single execution of the PDA method always took an indiscernible amount of time
(less than 1.0s), to test the computational cost of implementing this method two sets of 500
executions in extended period simulations were carried on using VC02. The configuration of
EPANET2 for the executions is presented in Table 4-5.
Table 4-5. Parameters for the hydraulic executions of EPANET2
Time Parameter

Value Hydraulic Parameter Value

Total Duration

24:00

Maximum trials

1000

Hydraulic time step

0:05

Accuracy

0.001

Pattern time step

1:00

CHECK FREQ

1

Reporting time step

0:15

MAX CHECK

10

DAMP LIMIT

0
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The first set of executions was just a repeated execution of the network under normal conditions.
The objective was to compare the extra computational time imposed by the additional elements
and controls. The second set of executions was based on choosing randomly one pipe per
execution to be closed. Figure 4-8 shows the computational time for all the executions. The DDA
shows an average of 0.08s per run without major variations for the normal conditions set. On the
other hand, the proposed method takes in average 0.29s per run for the normal conditions (PDA 1
on Figure 4-8). Finally, when the proposed approach is used for pipe failure simulation (PDA 2),
the average time is 0.41s per run, although the model sometimes required more than 1.0s to
converge. These high computational time cases had in common that the closure of the pipe
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isolated a sector and therefore water could not reach some demand nodes, pumps and tanks.
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Figure 4-8. Computational time for each extended period execution of EPANET2

4.4 Conclusions
This chapter introduces a new method to perform pressure driven analysis on WDNs using
EPANET2. The method is based on adding a flow control valve, a throttle control valve, a check
valve and a reservoir to each demand node. The main advantage of this configuration is its ability
to simulate the network in extended period simulation without the need to modify EPANET2
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source code or using its programmer’s toolkit. Instead, only simple controls are used to modify
the setting of the valves in each time step.
The method was tested in two benchmark networks to show it is able to simulate accurately
results found by other PDA methodologies. Additionally, a third real case study was used to
evaluate the performance of the method in a large complex WDN with pumps, tanks, valves and a
24hr demand pattern. The results obtained were also accurate in representing the flow-pressure
relationship and as it was also shown, the computational time was still within acceptable ranges
for most cases.
The main drawback of the method is it is only suitable for flow-pressure relationships with
exponent 0.5 as the throttle control valve only works with a minor headloss equation of exponent
2. However, considering experimental results found by recent studies (Shirzad et al., 2012;
Walski et al., 2017), it is not considered by the authors a major limitation.
Though an addition of series of hydraulic components to each node for converting DDA to PDA
in EPANET2 makes initial burden to network modeller, it is possible to implement a single
hydraulic component called Pressure Driven Element (PDE). The hydraulic properties of PDE
could be the combination of components shown in Fig. 1. Once this option is created as part of
nodal property in EPANET2, the initial burden can be eliminated fully.
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Chapter 5
Improving Convergence Rate of NSGA II with Intermittent
Feedback from Energy Based Methods for Design of Water
Distribution Systems
Optimization of water distribution systems in terms of costs and reliability has been a widely
studied problem in the last decades. Optimal Pareto fronts have been found for many benchmark
networks using NSGA-II (Non-dominated Sorting Genetic Algorithm) or similar evolutionary
algorithms. However, the computational costs of these approaches can still be a problem,
especially for medium or large networks. One alternative to evolutionary algorithms, and in
general to metaheuristic methods, are energy-based design methods, whose main advantage is the
small computational time they require to reach an acceptable solution.
This chapter presents a method to combine the domain knowledge given by energy-based
methods with NSGA-II, in a way that the convergence rate is improved and the overall
computational requirements to find near optimal Pareto fronts are reduced. The proposed
approach seeks to improve the convergence rate of NSGA-II algorithm by creating an initial
solution through an energy-based method (OPUS), and then using it intermittently between a
certain number of generations of NSGA-II to create a new set of solutions. This method is tested
in two benchmark networks seeking to minimize the costs of the WDS and maximizing its
reliability, and the obtained results are compared with a generic implementation of NSGA-II. The
results show that the feedback procedure achieves better results in each generation of NSGA-II
reducing the number of generations required to achieve convergence.
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5.1 Introduction
The optimal design problem in Water Distribution Systems (WDS) has historically consisted in
the determination of the pipes’ diameters in a given network, seeking to minimize the cost as a
unique objective, and guaranteeing the fulfillment of some hydraulic constraints related with the
operation of the system. However, during the last decades the definition of the optimal design
problem has changed, including some performance measures related to the reliability of the
network as a second objective of this optimization problem (Wang et al., 2015). The latter has led
to the formulation of a multi-objective optimization problem that can be solved through widely
accepted near-optimal approaches whose main result is a Pareto Front composed of different sets
of optimal solutions rather than a unique alternative.
However, besides the quality of the obtained solutions, the proposed approaches must be
computationally efficient (Maier et al., 2014) due to the complexity of many real-world models,
and consequently the large number of hydraulic executions that metaheuristic procedures may
require in order to reach a near-optimal solution (Bi et al., 2016). The use of domain knowledge
has demonstrated a high potential to increase computational efficiency by focusing on a better
understanding of the solution space to speed up the convergence of Evolutionary Algorithms
(EA). It is based on the incorporation of engineering knowledge and experience; the use of
heuristic procedures to improve the efficiency of the metaheuristic search method (Kang &
Lansey, 2012), and the use of new heuristic sampling methods for the determination of initial
populations of Genetic Algorithms (Bi et al., 2015).
This paper presents an approach that improves the convergence rate of NSGA-II, using an
energy-based method named Optimal Power Use Surface (OPUS) (Saldarriaga et al., 2015) for
the pre-processing of the WDS, and to give an intermittent feedback to the metaheuristic
algorithm. First, it presents the optimal design problem for WDS with a multi-objective approach,
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followed by the description of the proposed approach (OPUS-NSGA-II). This method was tested
in two benchmark study cases, for which the Pareto Fronts were obtained using simple NSGA-II.

5.2 Optimization problem
The optimal design problem in WDSs is addressed as a multi-objective approach that seeks to (1)
minimize the constructive costs of the network, and (2) to maximize a reliability-based index of
the network. In this case, the reliability of the network is assessed through a performance
measurement known as the Network Resilience Index (NRI) (Prasad & Park, 2004). It is based in
the Resilience Index (Todini 2000) but incorporates both the effects of surplus power at the nodes
and reliable loops in the system, considering the uniformity in the diameters connected to a node.
The two objectives used in this approach can be described as follows:
𝑛𝑝

Minimize Cost:

𝐶𝑇𝑜𝑡𝑎𝑙 = ∑ 𝑘 ∙ 𝐷𝑖𝑥 ∙ 𝐿𝑖
𝑖=1

Maximize NRI:

𝑁𝑅𝐼 =

∗
∑𝑚
𝑗=1 𝑈𝑗 𝐷𝑀𝑗 (𝐻𝑗 − 𝐻𝑗 )
∗
∑𝑅𝑟=1 𝑞𝑟 𝐻𝑟𝑅 − ∑𝑚
𝑗=1 𝐷𝑀𝑗 (𝐻𝑗 + 𝑧𝑗 )

; 𝑈𝑗 =

∑𝑝∈𝑀 𝐷𝑝
|𝑀𝑗 | ∙ max{𝐷𝑝 }
𝑝𝜖𝑀𝑗

where CTotal is the total network cost including the material and construction costs; np is the total
number of pipes; Di and Li stand for the diameter and the length of the i-th pipe; and k and x are
cost function parameters. Regarding the Network Resilience Index, Uj represents an indicator for
diameter uniformity; Hj and DMj are the pressure head and the nodal demands for the j-th node;
Hj* is the minimum allowable pressure head at the j-th node; qr and HrR are the total demands and
total heads provided by the supply source; zj is the elevation of the j-th node; Dp is the diameter
that belongs to a set Mj, which represents all the pipes that are connected to the j-th node, and |Mj|
is the cardinality of Mj.
The proposed optimization problem is subject to constraints of minimum pressure in the demand
nodes, mass and energy conservation in nodes and pipes respectively, and the selection of a
discrete set of diameters for the pipes.
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5.3 Method for Design of Water Distribution systems
5.3.1 OPUS
OPUS is a WDSs optimization method based on expert criteria on how to spend the available
power in the network (Saldarriaga et al., 2010). The method starts by using Prim’s algorithm
(Prim, 1957) to find a minimum spanning tree of the looped network. Then, a hydraulic head is
assigned to each node in the tree according to its distance to the source and its elevation. The
objective in this step is to generate a concave parabolic hydraulic grade line for each branch of
the network, following the recommendation by Wu (1975). Once a hydraulic head is defined for
all the nodes, the method returns to the looped network where a flow direction is now defined
(higher to lower head).
Then, the method takes all downstream nodes and distributes their demand in its upstream pipes
according to a “hydraulic favorability” criterion that considers the length of the pipe and the
difference between upstream and downstream heads (available head). This process is repeated for
the immediately upstream nodes, but distributing the sum of their demands and the flows of their
downstream pipes. The process finishes when all nodes have been covered and therefore a flow
distribution has been defined for the network.
Finally, since all pipes have now an assigned available head and an assigned flow rate, a
continuous diameter is calculated according to the friction equation of preference (HazenWilliams or Darcy-Weisbach). The original method also includes a round-off procedure of the
continuous diameters as well as different post-optimization procedures to ensure a valid design
(Saldarriaga et al., 2015), but for the method presented in this paper, a continuous-diameter
design is sufficient.
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5.3.2 NSGA-II
NSGA-II is a multi-objective evolutionary algorithm introduced by Deb et al. (2002) based on a
non-domination sort of the population in each iteration. The algorithm starts generating a random
population which values are within the specified range (the chromosomes are the decision
variables). Then the values of the objective functions are evaluated for each individual as well as
the rank and crowding distance. The rank represents the proximity of an individual solution to the
current Pareto front. If the solution is located on the Pareto front, it is assigned a rank of one,
otherwise, the solution is assigned a rank relative to the other solutions which dominate it. The
crowding distance represents how far is an individual solution to other solutions of the same rank.
Individuals are then sorted according to their rank and crowding distance, in that order, and a pool
of parents fit for reproduction is selected. Those parents are used to define new individuals with
crossover and mutation operators. The objective function is then computed for those new
individuals and combined with their parents to double the original population. The rank and
crowding distance is computed again and the best individuals are then selected.
The algorithm has been used to design WDSs minimizing cost and maximizing a reliability
surrogate measure like the NRI (Wang et al., 2015) by choosing the decision variables as the
diameters of each pipe, allowing them to take values from an available list of diameters.

5.3.3 NSGA-II with Intermittent Feedback from Energy Based Methods
The proposed method (OPUS-NSGA-II) includes the domain knowledge acquired by using
OPUS in the NSGA-II metaheuristic. It is divided in 2 steps as follows: 1. Preprocessing of
OPUS results and 2. Provide intermittent feedback to NSGA-II.
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Preprocessing of OPUS results
Considering that OPUS is a design method that achieves a near optimal design without requiring
a long computational time, the OPUS-NSGA-II starts by running OPUS algorithm until
continuous diameters are assigned to each pipe. Then the hydraulic execution of the resulting
WDS is performed to compute the unit-headloss (UH) for each pipe.
With the UH and diameter for each pipe, an exponential or power function is adjusted to the
maximum UH vs. diameter relationship. Then, using the friction equation that relates UH,
diameter and flow rate, a new power function is adjusted between flow rate vs. diameter. This
function represents the diameter recommended by the OPUS design for a given flow rate that
may pass through a pipe.

Intermittent feedback to NSGA-II
Given an arbitrary generation of the NSGA-II algorithm, its population has individuals with
randomly selected diameters values that are tested in a hydraulic engine to check if they comply
with the pressure constraints as well as to compute the reliability surrogate measure. One more
result that can be extracted from that hydraulic execution is the flowrate in each pipe. This
flowrate is then used in the flow rate vs. diameter function found before to find the diameter
recommended by OPUS. The new recommended diameter is computed for all pipes of an
individual.
Then each individual is used as a parent of its modified version, which is generated by assigning
to each chromosome the average between its original diameter and the diameter recommended by
OPUS. This feedback process ensures to consider both the hydraulic criteria used by OPUS and
the spreadness of the population required by NSGA-II.
Since that feedback can be applied at any arbitrary generation of NSGA-II, the proposed method
performs that feedback in the initial population as a way to include a “hot start” (Sladarriaga et
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al., 2015) but also every certain number of generations (𝑚) to keep “warming” the solutions
found by NSGA-II. The rate at which the feedback is performed is a parameter of the OPUSNSGA-II method that measures how much the final solution is driven by the hydraulic criteria
and how much it is driven by the metaheuristic random procedure.
Initial results of a sensitivity analysis of this parameter suggest that if the feedback is repeated
every few number of generations (𝑚 = 2,3,4,5), the final Pareto front has some discontinuities
and gaps, with many of its individuals in the low-cost end of the curve. On the other hand if the
feedback occurs only a few times during the OPUS-NSGA-II execution (𝑚~50,100, … ), the
convergence rate of the method does not differ significantly from NSGA-II. Considering the
trade-off between convergence rate and quality of the Pareto Front, the recommended values are
𝑚 ∈ (10, 30).

5.4 Case Studies
The OPUS-NSGA-II method was tested in two benchmark networks: Hanoi and Fossolo (Figure
1). Each of these WDS were designed using both simple NSGA-II and OPUS-NSGA-II
algorithms.

Figure 5-1. (a) Layout of the Hanoi Network, (b)Layout of the Fossolo Network
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5.4.1 Hanoi Network
The Hanoi network was first introduced by Fujiwara an Khang (1990) based on the planned
network of Hanoi, Vietnam. The Hanoi network is a benchmark problem for the urban water
modelling and optimization, which is ranked as a medium complexity problem with a search
space of 2.87x1026 possible design alternatives (Wang et al., 2015). This network is modeled
using Hazen-Williams equation with a roughness coefficient of 130 and a minimum pressure of
30 m. The costs were calculated using an exponential equation with an exponent of 1.5 and a unit
coefficient of $1.1/m. The diameter of the pipes available for this problem are 12, 16, 20, 24, 30
and 40 in. This network has 34 pipes configured in three main loops. This system is supplied by
one reservoir with a constant head of 100 m. The layout of the network is presented in Figure
1(a).

5.4.2 Fossolo Network
The Fossolo network (Bragalli et al., 2012) is based on a Fossolo neighborhood in Bologna, Italy.
Like the Hanoi network, this network is a benchmark problem that has been used in urban
modeling and optimization, research. The network is ranked as an intermediate complexity
problem with a search space of 7.25x1077 possible design alternatives (Wang et al., 2015).
Fossolo network includes 58 pipes with 36 demand nodes. In this case, the system is supplied
with a fixed head of 121 m. The head loss equation used in this network is Hazen-Williams with a
roughness coefficient of 150, and the minimum pressure for design for all nodes is 40 m. For this
network, there are 22 available diameters. The cost for the Fossolo network is calculated using an
exponential equation with an exponent of 1.95 and a unit coefficient of 0.0015 $/m. The layout of
the network is presented in the Figure 5-1(b).
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5.5 Results and Discussion
The two WDSs were designed using simple NSGA-II and OPUS-NSGA-II. The parameters of the
evolutionary algorithm were the same for both executions, and the feedback frequency of OPUSNSGA-II was selected as 𝑚 = 15 for both cases. The number of generations was limited to 500
in all cases due to time constraints. The evolution of the Pareto Fronts is shown in Figure 5-2 for
the Hanoi network and Figure 5-3 for the Fossolo network (simple NSGA-II with gray points,
OPUS-NSGA-II with blue points, and best-known front with light blue points). These figures
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Figure 5-2: Approximate fronts of the proposed method (blue) and NSGA-II algorithm
(gray) for the Hanoi network; The light blue fronts are the best-known fronts.
The results in Figure 5-2 indicate that applying OPUS as a hot start produced better (dominant)
results at the end of the first 20 generations than without its use (only the NSGA-II). Thus, at the
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end of 50 generations the proposed OPUS-NSGA-II method produced results that were very close
to the best-known Pareto Front of the network in most of the domain of the problem. Finally, at
the end of the execution of 500 generations, both the simple NSGA-II and OPUS-NSGA-II
obtained near optimal results compared to the best-known Pareto Front presented by Wang et al.
(2015).
The use of OPUS as a hot start in Fossolo network obtained better results at the end of the first 20
generations than using only NSGA-II. However, these results are not very close to the bestknown Pareto Front. At the end of 50 generations, it can be seen that both methods have arranged
the solutions, shaping the form of the best-known Pareto Front. Then, at the end of 100
generations, the Pareto Fronts are very close for the low-cost end solutions, but with the mid
solutions far from the best-known Pareto Front. Finally, after 500 generations, the latter trend is
maintained, which would mean that more generations are required. However, a comparison of
final results show that OPUS-NSGA-II results are closer to the best-known Pareto front than the
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Figure 5-3: Approximate fronts of the hot start methodology (blue) and NSGAII algorithm
(gray) for the Fossolo network; The light blue fronts are the best-known fronts.
These results show that the fronts obtained through the proposed hot start method presents a
better approach to the optimal Pareto front than the NSGA-II method itself. As seen in Figures 52 and 5-3, the differences between both methods are more noticeable for problems with a bigger
search space and smaller numbers of generations. In addition, it can be noticed that the superior
performance of OPUS-NSGA-II is more noticeable in the regions of low cost. In the regions
where the cost and the NRI are considerably high, both of the methods tend to have the same
performance.

5.6 Conclusions
Herein, a multi-objective approach for solving the optimal design problem of WDS was proposed
based in the NSGA-II algorithm, and using an energy-based method – OPUS. The latter had two
objectives: to use OPUS as a pre-processing procedure to get an initial solution that incorporates
the domain knowledge of the problem, and as a mean for the intermittent feedback to keep
warming the solutions obtained by the NSGA-II. The proposed method was tested in two
benchmark networks, Hanoi and Fossolo WDS, and compared against a simple NSGA-II
execution.
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According to the obtained results, the proposed method obtained near optimal results in both
cases, showing a faster convergence rate for the NSGA-II when aided by the OPUS algorithm,
rather than when the metaheuristic was applied alone. Regarding the best-known Pareto Front, the
method reached very close solutions after 100 generations, demonstrating the efficiency of the
algorithm for medium size problems, although it was not able to fully reach the best-known front
for Fossolo WDS after 500 generations.
Finally, the difference between the two methods seems to increase for the larger network,
suggesting that in larger case studies the advantages of OPUS-NSGA-II will be more evident.
Therefore, the next steps in this research will be to increase the size of the WDSs and use
quantitative indexes to compare the convergence rates of the two algorithms.
It should be noted that one limitation of the method is that the current version of OPUS algorithm
only can take into account one demand condition on the system. Therefore, the function that
recommends a diameter given its flowrate must be constructed as many times as demand
scenarios are considered, and then a composite unified function should be used for the
intermittent feedback on NSGA-II.
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Chapter 6
Correlation Analysis of Reliability Surrogate Measures in Real
Size Water Distribution Networks
A stochastic reliability assessment of a water distribution system requires a high computational
effort. Surrogate measures are indexes of easy evaluation that in theory represent one or many
aspects of reliability, allowing a faster comparison between different design/rehabilitation
alternatives. Two types of reliability surrogate measures (RSM) can be found in the research
literature: 1. Power-based indexes (e.g. resilience index, networks resilience index, available
power index) and 2. Entropy-based indexes (e.g. flow entropy). These four RSMs are used to
optimize five water distribution systems and then a correlation analysis of the different designs of
a given network is performed.
Results suggest that all Power-based indexes are highly correlated, and they all represent the
same aspect of network reliability that is likely related to the functionality of the system under
uncertain demands. Meanwhile, the flow entropy does not have any significant correlation with
the other indexes which indicates that it can better represent the other aspect of network reliability
like the functionality of the system under pipe failure scenarios. Further examination of these
relationships using samples of pipe-failure and demand variation scenarios is needed.

6.1 Introduction
Water distribution networks (WDN) have an essential role in delivering drinking water to end
users. However, its correct performance is sometimes affected by different factors as component
malfunctions, abnormal demand behavior, or any other circumstances that reduce their capacity to
supply the water demand. Therefore, WDN optimization researchers have included the network
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reliability as a factor or goal to consider when making different decisions as pipe sizing (Raad et
al., 2010), rehabilitation (Jayaram & Srinivasan, 2008), district metered areas partition (Alvisi &
Franchini, 2014), among others.
One main open question is how to quantify the reliability of a WDN. On one hand there are the
stochastic or direct approaches that consider explicitly the randomness behind the failures of the
system. Examples of this kind of metrics are Tanyimboh & Templeman (1998) who propose a
weighted mean of the total demanded/supplied flow ratio among a sample of scenarios (pipe
breaks, over-demands, etc.), Baños et al. (2011) who counts how many scenarios of a predefined
sample have failures (pressures below a threshold), and Liu et al. (2016) who calculates the
average number of failed nodes among a sample of scenarios. All these methods require several
executions of a hydraulic model to evaluate the performance of the WDN for each scenario in the
sample, making them time consuming and computationally demanding.
On the other hand, there are reliability surrogate measures (RSM) that, instead of considering
explicitly the stochastic nature of the circumstances that may affect a WDN, estimate the
reliability of the network using only one state of the system (design/base scenario). The best
known metrics from this type are the flow entropy (𝑆) by Tanyimboh & Templeman (1993)
which is mostly based on the flow distribution in the network; the Resilience Index (𝑅𝐼) (Todini,
2000), the Network Resilience Index (𝑁𝑅𝐼) (Prasad & Park, 2004), the Modified Resilience
Index (𝑀𝑅𝐼) (Jayaram & Srinivasan, 2008), and the Available Power Index (𝐴𝑃𝐼) (Liu et al.,
2016), which are all based on the energy balance of the network. The main advantage of the
RSMs is their fast computation and therefore their suitability for optimization algorithms.
One problem with all these proposed RSMs is that they might be redundant in terms of
quantifying the reliability of a WDN, especially considering the many power-based indexes (RI,
NRI, MRI, API). This question has been tackled by different researchers who have used the
different RSMs in some WDN optimization benchmarks and have compared them within each
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other or with one stochastic reliability metric. Raad et al. (2010) used NY Tunnels (20 nodes),
Hanoi (32 nodes), and a Two Reservoir network (12 nodes) for their study with RI, NRI and S.
Baños et al. (2011) used a Two Loops network (7 nodes) and Hanoi to compare RI, MRI and
NRI. Tanyimboh et al. (2011) used a Six Loops network (12 nodes) to compare RI, NRI and S.
Finally, Liu et al. (2016) used Hanoi and Fossolo (37 nodes), for their study with several RSMs.
All these studies have in common the small size of the networks, which are mostly theoretical
study cases, the small number of WDNs for the comparison, and their use of single period
simulations that prevent the consideration of tanks and pumps and their time varying states.
This chapter uses five real WDNs from the database presented by Paez & Filion (2017) to
perform a correlation analysis between S, RI, NRI, MRI, API computed under daily extended
period simulations that allow to consider the tanks and pumps present in the WDNs.

6.2 Reliability Surrogate Measures
The RSMs used in this study are S, RI, NRI, MRI and API. The flow entropy 𝑆 (Tanyimboh &
Templeman, 1993) measures the uniformity of the flows in the network. A system with higher
uniformity is expected to be more reliable as it has more spread capacity to convey the required
flows. It is defined as:

𝑆 = −∑
𝑅𝑠

𝑞𝑖𝑗
𝑞𝑖𝑗
𝑄𝑟𝑠
𝑄𝑟𝑠
𝑇𝑖 𝑄𝑖
𝑄𝑖
ln ( ) − ∑ ( ln ( ) + ∑
ln ( ))
𝑇
𝑇
𝑇 𝑇𝑖
𝑇𝑖
𝑇𝑖
𝑇𝑖
{𝑃}𝑖↓

𝑁

where 𝑅𝑠 and 𝑁 are the sets of sources and demand nodes, respectively; 𝑇 is the total outflow
from the sources (reservoirs and tanks), 𝑇𝑖 is the total incoming flow to node 𝑖, 𝑄𝑖 is the demand
or supply at node 𝑖, {𝑃}𝑖↓ is the set of pipes downstream of node 𝑖, and 𝑞𝑖𝑗 is the flow in the pipe
𝑖𝑗.
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The Resilience Index 𝑅𝐼 (Todini, 2000) is the ratio between the surplus of power delivered to
users, and the available power. A WDN with a high RI, has a high power surplus to cope with
hydraulic or mechanical failures:
(𝑟𝑒𝑞)

∑𝑁 𝑄𝑖 (𝐻𝑖 − 𝐻𝑖

𝑅𝐼 =

∑𝑅𝑠 𝑄𝑟𝑠 𝐻𝑟𝑠 + ∑𝑃𝑠
(𝑟𝑒𝑞)

where 𝐻𝑖 and 𝐻𝑖

)

𝑃𝑝𝑠
(𝑟𝑒𝑞)
∑
𝛾 − 𝑁 𝑄𝑖 𝐻𝑖

are the available and minimum required head at node 𝑖, 𝑃𝑠 is the set of

pumps in the network, 𝑃𝑝𝑠 is the power of the pump 𝑝𝑠 and 𝛾 is the specific weight of water.
Prasad & Park (2004) modified the RI to include a measure of redundancy in the network. They
defined 𝑢𝑖 as the ratio between the adjacent pipes’ diameters and the maximum of these
diameters:
(𝑟𝑒𝑞)

∑𝑁 𝑢𝑖 𝑄𝑖 (𝐻𝑖 − 𝐻𝑖

𝑁𝑅𝐼 =

∑𝑅𝑠 𝑄𝑟𝑠 𝐻𝑟𝑠 + ∑𝑃𝑠

)

𝑃𝑝𝑠
(𝑟𝑒𝑞)
∑
𝛾 − 𝑁 𝑄𝑖 𝐻𝑖

Jayaram and Srinivasan (2008) argued that a better RSM would be one independent from the
input power. Therefore, they defined the Modified Resilience Index as the surplus of power
delivered to users as a percentage of the required power:
(𝑟𝑒𝑞)

𝑀𝑅𝐼 =

∑𝑁 𝑄𝑖 (𝐻𝑖 − 𝐻𝑖

)

(𝑟𝑒𝑞)

∑𝑁 𝑄𝑖 𝐻𝑖

Finally, Liu et al. (2016) proposed the Available Power Index 𝐴𝑃𝐼 as the ratio between the
available power (total power delivered to users) and the total output power:
𝐴𝑃𝐼 =

∑𝑁 𝑄𝑖 𝐻𝑖
∑𝑅𝑠 𝑄𝑟𝑠 𝐻𝑟𝑠 + ∑𝑃𝑠

𝑃𝑝𝑠
𝛾

6.3 Case Studies and Methods
Five networks based on real cities from Colombia (Paez & Filion, 2017) were used in this study.
They have both 24-hour residential and commercial/industrial demand patterns as well as pumps
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and tanks to supply the demand. Figure 6-1 shows the layouts of the networks as well as a
summary of their sizes.
Since the simulation of the networks was done using extended period simulation, it was necessary
to perform an analysis looking for the time of day in which the RSMs had their lowest (most
critical) value. Figure 6-2 shows the time series of RI, NRI, API and S for one arbitrary design of
VC01. It can be seen that the time series follow a very similar behavior for power-based indexes,
while 𝑆 follows a slightly different pattern. However, they all seem to identify the times between
11am and 7pm as the times when the system is least reliable. This behavior was consistent in
several designs for VC01 and therefore the indexes for the following analyses were evaluated at
3pm. A similar analysis was made for the other WDNs.

a.

b.
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Figure 6-1. Layout and properties of the five WDNs: a. VC01, b. VC02, c. VC03, d. VC04, e.
VC05.
For each of the networks, four multi-objective optimization problems were defined:
min(𝐶𝑜𝑠𝑡𝑠)
(6-1)
{
max(𝑆)

min(𝐶𝑜𝑠𝑡𝑠)
(6-2)
{
max(𝑅𝐼)

min(𝐶𝑜𝑠𝑡𝑠)
(6-3)
{
max(𝑁𝑅𝐼)

min(𝐶𝑜𝑠𝑡𝑠)
(6-4)
{
max(𝐴𝑃𝐼)

The decision variables were the diameters of all pipes in the network. The costs of the network
where calculated using a power function for the unitary cost of a pipe with a certain diameter, and
the available diameters for all problems were {50, 75, 100, 150, 200, 250, 300, 350, 400, 450,
500, 600} mm.
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Figure 6-2. Time series of the RSMs for an arbitrary selected design of VC01.
To solve the multi-objective optimization problems, a modified version of NSGA-II algorithm
(Deb et al., 2002) called OPUS-NSGA-II (Paez et al., 2018) was used. For each WDN and for
each optimization problem, a final Pareto Front with 300 designs was obtained, including some
designs of rank 2 (i.e. non-optimal designs dominated only by other designs in the actual Pareto
front).

6.4 Correlation Analysis
Since the use of RSMs in optimization is mostly focused on identifying solutions or designs that
are more or less reliable than others, the Spearman's rank correlation coefficient (𝑟𝑠 ) was selected
for the analysis. The analysis was conducted in three different levels: 1. Per network and per
optimization problem, 2. Per network including all the optimization problems, and 3. Per
optimization problem including all networks.
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6.4.1 Per Network and Per Optimization Problem
Since a total of five WDNs were used, and a total of four optimization problems were evaluated
on them, the final number of Pareto Fronts was 20. For each of the 20 Pareto fronts comprised of
300 individual designs each, a correlation analysis between RI, NRI, MRI, API and S was
performed. Table 6-1 shows four typical correlation matrices for VC03 and VC04, and for
optimization problems (6-1) and (6-2) (the plots in the diagonals correspond to histograms of the
RSMs):
Table 6-1. Correlation matrices for networks VC03 and VC04 for optimization problems (61) and (6-2).
Min(Cost) & Max (S)

Min (Cost) & Max (RI)

VC03

VC04
_

It can be seen that the power-based RSMs always have a positive correlation with values
particularly close to 1.0 when the optimization problem minimizes a power-based RSM. These
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correlation coefficients close to 1.0 are consistent among all the 20 Pareto fronts as can be seen in
Figure 6-3 where a box and whiskers plot is generated for all the correlation coefficients.

Figure 6-3. Box and Whiskers for rs between the RSMs. (Box: Percentiles 0.25,0.5,0.75;
Whiskers: Extreme values without outliers)
It is worth noting that the flow entropy 𝑆 does not present any clear correlation with the other
RSMs, having both high positive and negative values with a median value always close to zero.
This would indicate that previous results on small benchmarks are case specific (as they represent
only one observation) and their conclusions cannot be extended immediately to real networks.

6.4.2 Per Network Including All Optimization Problems
A second correlation analysis that incorporates all the designs generated for a WDN was
conducted. This second analysis was performed to identify networks for which the correlations
found showed a different behavior than the others. However, all five WDNs presented similar
correlations between pairs of RSMs, with values between 0.8 and 1.0 for any pair of power-based
indexes, and with values between -0.3 and -0.6 for the flow entropy with respect to any other
RSM. Table 6-2 shows a sample of the correlation matrices for VC01 and VC02.
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Table 6-2. Correlation matrices for accumulated designs of VC01 and VC02.
VC01

VC02

6.4.3 Per Optimization Problem Including All Networks
The final correlation analysis collected all the results for a given optimization problem among the
different WDNs. This analysis showed that MRI and S metrics change their range considerably
according to the network in which they are evaluated - a problem previously described in Paez &
Filion (2017b). An example of that can be seen in Table 6-1, where the range for 𝑆 when it is
maximized (first column) varies between 6.0 and 8.0 for VC03 and between 5.0 and 9.0 for
VC04.
The differences in range for MRI are due to the elevations of the network which are included in
the denominator, but not in the nominator of the index, and therefore can be fixed by reallocating
the datum of all the models (Paez & Filion, 2017b). The differences in S are due to the
differences in the layout and size of the networks, and specially with the number of loops as seen
in Table 6-3. The range of S seems both to increase in its values and in its size with the number of
loops in the network.
Table 6-3. Number of loops and ranges of variation of flow entropy for the WDNs.

No. Loops
S (percentile 0.1)
S (percentile 0.9)

VC01
35
5.7
6.6

VC02
54
5.6
6.7
96

VC05
74
5.1
7.9

VC03
77
6.0
8.1

VC04
108
5.8
8.5

However, despite that effect on the data, the results were consistent with previous sections,
showing high positive correlation coefficients for RI, NRI and API, and negative coefficients for
S (Table 6-4).
Table 6-4. Correlation matrices for optimization problems (1) and (3) for all WDNs.
Min(Cost) & Max (S)

Min (Cost) & Max (RI)

6.5 Discussion
The results showed how RI, NRI, MRI and API are highly correlated RSMs independently of the
network of optimization problem. The case of RI and API is probably the most evident one. It can
be easily explained by looking at the definition of API and noticing that it is a particular case of
(𝑟𝑒𝑞)

RI in which 𝐻𝑖

= 0. Liu et al. (2016) explains how this limiting case defines a completely

different physical meaning between API and RI, but as seen in the previous results,
computationally that difference is not reflected in the final results of the optimization.
For the case or RI and MRI, the indexes are mostly correlated when the optimization problem had
a power-based index as one of its objectives but was reduced when the optimized RSM is S. This
is because the designs produced in the latter case tend to be in the mid or lower part of the powerbased metrics’ ranges increasing the effect of the elevations in MRI.
Finally, between RI and NRI the difference stands in the diameter uniformity factor 𝑢𝑖 that
reduces the nominator of RI for designs with the main diameters concentrated in specific paths
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instead of distributed in reliable loops. However, this factor does not seem to affect the ranking of
reliable designs. It can be explained by the fact that in optimal cost designs the nodes in the
downstream end of the networks usually have small homogeneous diameters in their adjacent
pipes. This is weighted by the large number of nodes in real WDNs reducing the overall impact of
considering the redundancy of diameters in the RI.
One important item to consider is how the high correlation between the power-based metrics
implies that they all represent the same aspect or feature of WDN reliability. Moreover, since
they are surrogate measures based mostly on intuitive ideas on what makes a network reliable, it
is very unlikely that they cope the full definition of network’s reliability. This can actually be
seen in the results of studies like Raad et al. (2010) or Liu et al. (2016) who, using small
benchmark cases, find that some RSM reproduce better hydraulic reliability (demand
perturbations of the system) while some others seem to be more related with mechanical
reliability (pipe failure perturbations). Therefore, it seems that using just one power-based index
is sufficient to consider the aspect of reliability that all of them represent, while the flow entropy
might have the potential of representing another different aspect that should be considered in a
holistic understanding of reliability.

6.6 Conclusions
A correlation analysis was conducted between different reliability surrogate measures in five real
case studies with four different optimization problems. The study required the simulation in
extended period of the five systems in order to consider the effect of pumps and tank levels on the
metrics used. Each combination of WDN and optimization problem generated a Pareto Front of
300 solutions using OPUS-NGSA-II as optimization engine (Paez et al. 2018).
The results show that power-based indexes are consistently correlated in the sample, indicating
that they all represent the same aspect of network reliability. This is explained by their common
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features of representing reliability as a ratio between some numerator involving the power
delivered to users, and the denominator involving either total available power and/or the
minimum required one.
On the other hand, the flow entropy seems to be uncorrelated with the other indexes indicating a
potential to represent a different aspect of network reliability. A further study is recommended
exploring that potential as well as the correlation between the power-based indexes and stochastic
reliability measures that consider explicitly the uncertainty and randomness of the perturbations
in a WDN.

6.7 References
Alvisi, S., and M. Franchini. "A heuristic procedure for the automatic creation of district metered
areas in water distribution systems." Urban Water Journal 11.2 (2014): 137-159.
Baños, Raúl, et al. "Resilience indexes for water distribution network design: a performance
analysis under demand uncertainty." Water resources management 25.10 (2011): 23512366.
Deb, Kalyanmoy, et al. "A fast and elitist multiobjective genetic algorithm: NSGA-II." IEEE
transactions on evolutionary computation 6.2 (2002): 182-197.
Jayaram, Nirmal, and K. Srinivasan. "Performance-based optimal design and rehabilitation of
water distribution networks using life cycle costing." Water Resources Research 44.1
(2008).
Paez, D., and Y. Filion. "Generation and Validation of Synthetic WDS Case Studies Using Graph
Theory and Reliability Indexes." Procedia Engineering 186 (2017): 143-151.
Paez, D., and Y. Filion. "Use of network theory and reliability indexes for the validation of
synthetic water distribution systems case studies." Sustainable Energy Technologies and
Assessments 24 (2017): 2-7.
Paez, D., Salcedo, C., Avila, A., Filion, Y., Saldarriaga, J. (2018) Improving Convergence Rate of
NSGA II with Intermittent Feedback from Energy Based Methods for Design of Water
Distribution Systems. In: 2018 WDSA / CCWI Joint Conference. ASCE.
Prasad, T. D., & Park, N. S. (2004). Multiobjective genetic algorithms for design of water
distribution networks. Journal of Water Resources Planning and Management, 130(1),
73-82.
99

Raad, D. N., A. N. Sinske, and J. H. Van Vuuren. "Comparison of four reliability surrogate
measures for water distribution systems design." Water Resources Research 46.5 (2010).
Tanyimboh, T. T., and A. B. Templeman. "Calculating maximum entropy flows in networks."
Journal of the Operational Research Society 44.4 (1993): 383-396.
Tanyimboh, T. T., and A. B. Templeman. "Calculating the reliability of single-source networks
by the source head method." Advances in Engineering Software 29.7-9 (1998): 499-505.
Tanyimboh, Tiku T., Marika T. Tietavainen, and Saleh Saleh. "Reliability assessment of water
distribution systems with statistical entropy and other surrogate measures." Water
Science and Technology: Water Supply 11.4 (2011): 437-443.
Todini, E. (2000). Looped water distribution networks design using a resilience index based
heuristic approach. Urban water, 2(2), 115-122.

100

Chapter 7
Mechanical and Hydraulic Reliability Estimators for Water
Distribution Systems
Reliability of water distribution systems is typically divided into mechanical and hydraulic
reliability. This chapter introduces two reliability surrogate measures named the Mechanical
Reliability Estimator and the Hydraulic Reliability Estimator. The estimators were developed
based on simplifications of a broader definition of stochastic reliability. The estimators were
tested in the multi-objective design optimization of the Hanoi and Fossolo benchmark networks.
The numerical values of the estimators were compared with existing reliability surrogate
measures (residence index, network resilience index and flow entropy) through correlation
analysis. Results showed that the proposed estimators concur with existing optimization
algorithms. They also show that previous indexes correlate with at most one of the types of
reliability, while a tradeoff between them seems to appear, especially in one of the study cases.

7.1 Introduction
The reliability of water distribution systems (WDS) is an abstract concept that usually refers to
the ability of the network to supply the water demanded by the consumers under different
circumstances or conditions. Its study can be divided according to the nature of the conditions
that affect the system in mechanical and hydraulic reliability (Farmani et al., 2005). Mechanical
reliability considers the performance of the WDS under failure of network components such as
pipe breakage, valve malfunction, or pumps out of service. Hydraulic reliability, on the other
hand, considers mainly uncertainties in the demands due to population variations or climate
change as well as pipe deterioration over time (Gheisi & Naser, 2015).
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Two primary definitions of reliability have been advanced by researchers to assess the reliability
of a system in quantifiable terms. Bao & Mays (1990) defined the reliability as the probability
that the system can satisfy the flow demand at the required pressure head. Fujiwara & Tung
(1991) defined it as the ratio of the expected total water supplied to the total water demanded
(Park et al., 1998). However, as pointed out by Tanyimboh & Templeman (1998), a measure of
probability of sufficient supply only disregards reduced service and does not consider the
magnitude of the shortfalls.
In most cases, reliability assessment requires probabilistic approaches that typically necessitate
Monte Carlo simulation given the non-linearities and complex layouts of WDSs. Since these
methods are computationally demanding, they are difficult to implement in optimization tools for
the design of WDSs (Liu et al., 2016). To tackle this issue, different reliability surrogate measures
(RSM) have been proposed. They are usually indicators that use the performance of the WDS
under only one scenario (design scenario) to assess its reliability. One-scenario RSMs that are
widely recognized and used by researchers include the statistical flow entropy (S) (Tanyimboh &
Templeman 1993), resilience index (RI) (Todini 2000), network resilience index (NRI) (Prasad &
Park 2004), the modified resilience index (Jayaram & Srinivasan 2008) and the pressure-driven
RI (Creaco et al., 2016). Other recently proposed one-scenario RSMs that have shown interesting
extra features include the loop diameter uniformity (Cu) which seems to help represent the
reliability of a system when used jointly with RI (Creaco et al, 2016a); and the length weighted
average pipe diameter (LWAPD) which has been shown to correlate significantly with hydraulic
reliability measures presented by Jung et al. (2016). The reader interested in many-scenario
RSMs, might refer to Jung et al., 2016; Liu et al., 2016; or Jung et al., 2014.
Recently, researchers have performed different comparative analyses of RSMs to identify how
they relate to each other or with probabilistic assessments of reliability (e.g., Raad et al., 2010;
Baños et al., 2011; Tanyimboh et al., 2016, Atkinson et al., 2014; Gheisi & Naser, 2015; Liu et
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al., 2016; Jung et al., 2016). However, conclusions are not definitive as some of the RSMs seem
to be correlated with stochastic definitions of either mechanical reliability, hydraulic reliability or
a mixture of both.
Other topological measures based on the work of Yazdani & Jeffrey (2011), or on graph theory
indexes, have also been explored as RSMs to evaluate the effect of the layout in the reliability of
the system (e.g., Jung & Kim, 2018), but they can only be applied in problems where the layout
of the network is to be decided/designed.
This chapter introduces two new RSMs based on adaptations of the reliability defined by
Fujiwara & Tung (1991) to its mechanical and hydraulic versions, and a posterior simplification
of the expressions to get these new estimators. The new RSMs are tested and compared in a
multi-objective design optimization of the Hanoi and Fossolo benchmarks.

7.2 Proposed estimators of reliablity
7.2.1 Mechanical Reliability Estimator
Applying Fujiwara & Tung (1991) approach to the mechanical reliability, it is defined as the
expected value of the ratio between the total water supplied and the total water demanded for all
possible combinations of pipe failure scenarios (PFS). Under this definition, the total supplied
flow (𝑇) must be calculated using a pressure-driven model with a flow-pressure relationship (e.g.,
Wagner et al., 1988) to consider partial supply of the demand in nodes with pressure deficit,
while the total flow demanded (𝑇 (𝑟𝑒𝑞) ) can be computed as the sum of nodal base demands.
(0)

Since this reliability under pipe failure scenarios (𝑅𝑃𝐹𝑆 ) is an expected value, it can be computed
as the multiplication of the probability of each scenario with its correspondent ratio of
supplied/demanded flows (𝑇⁄𝑇 (𝑟𝑒𝑞) ) and written as (Tanyimboh & Sheahan, 2002):
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(0)

𝑅𝑃𝐹𝑆 = 𝐸 [

𝑇
𝑇 (𝑟𝑒𝑞)

] = 𝑝(0)

𝑇(0)
𝑇(𝑚)
𝑇(𝑚,𝑛)
+ ∑ 𝑝(𝑚) (𝑟𝑒𝑞) + ∑ 𝑝(𝑚, 𝑛) (𝑟𝑒𝑞) + ⋯
(𝑟𝑒𝑞)
𝑇
𝑇
𝑇
𝑚∈𝑃

(7-1)

𝑚,𝑛∈𝑃

where 𝑃 is the set of pipes in the network, 𝑝(0) is the probability that no pipe is unavailable in
the network; 𝑝(𝑚) is the probability that only pipe 𝑚 is unavailable; 𝑝(𝑚, 𝑛) is the probability
that only pipes 𝑚 and 𝑛 are unavailable; and in the same manner 𝑇(0), 𝑇(𝑚) , and 𝑇(𝑚,𝑛) are the
total supplied flow when no pipe is unavailable, when only pipe 𝑚 is unavailable, and when only
pipes 𝑚 and 𝑛 are unavailable; respectively. Since its full evaluation would require to compute
2|𝑃| times the supplied/demanded ratio, which is time consuming, the function is usually
truncated after the second term in the equation considering only 1 pipe failure per time (i.e. no
simultaneous pipe break events). This truncation is based on the idea that the joint failure
probability for two or more pipes is a relatively small number that would not affect significantly
the final result of the function (Raad et al., 2010). Therefore, it can be redefined as:
(0)

𝑅𝑃𝐹𝑆 ≈ 𝑝(0)

𝑇(0)
𝑇(𝑚)
+ ∑ 𝑝(𝑚) (𝑟𝑒𝑞)
(𝑟𝑒𝑞)
𝑇
𝑇

(7-2)

𝑚∈𝑃

Using this definition, the proposed Mechanical Reliability Estimator (MRE), is an approximation
(0)

of 𝑅𝑃𝐹𝑆 based on the results of only one hydraulic execution of the model (instead of the |𝑃| + 1
hydraulic executions needed to evaluate Eq. (7-2)). The first thing to note is that 𝑇(0), which is the
supply that the system can achieve under no failure conditions, must be equal to 𝑇 (𝑟𝑒𝑞) if the
system has been properly designed, which means that the first summand is reduced to 𝑝(0).
For the probability that only pipe 𝑚 is unavailable, 𝑝(𝑚), we can use the equation by Cullinane
et al. (1992) which states that the probability of a pipe failure scenario is given by the
multiplication of the availabilities of the pipes that are functioning (𝐴𝑚 ) and the un-availabilities
of the pipes that have failed (1 − 𝐴𝑚 ). Therefore, the probability of all pipes available, 𝑝(0),can
be computed as the product of all 𝐴𝑚 (which can be understood as the probability that pipe 𝑚 is
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available – Eq. (7-3)), while 𝑝(𝑚) can be computed as the product of 𝑝(0) with the unavailability of pipe 𝑚, divided by its availability (Eq. (7-4)):
𝑝(0) = ∏ 𝐴𝑚

(7-3)

𝑚∈𝑃

𝑝(𝑚) = 𝑝(0)

𝐴𝑚 =

1 − 𝐴𝑚
𝐴𝑚

1.462131
0.21218 𝐷𝑚
0.285
1.462131
0.00074 𝐷𝑚
+ 0.21218𝐷𝑚

(7-4)

(7-5)

where 𝐷𝑚 is the diameter of pipe 𝑚 in inches.
For the supply/demand ratio, the denominator in all the summands of Eq. (7-2) is the constant
𝑇 (𝑟𝑒𝑞) which can be easily computed by summing the base demand for all nodes. A good way to
estimate the numerators 𝑇(𝑚) , that are given by the supply that the network can provide when
pipe 𝑚 has failed, is to assume that the deficit in the supply is equal to the flow that was being
transported by 𝑚 in the design scenario:
(𝑟𝑒𝑞)
̂
𝑇
− 𝑞𝑚
(𝑚) ≔ 𝑇

(7-6)

where 𝑞𝑚 is the flow that the pipe 𝑚 is conveying under normal conditions (i.e., no pipe failure
̂
scenario). It is worth noting that 𝑇
(𝑚) = 𝑇(𝑚) for all pipes in a tree network, and for all bridges in
a closed network. Also, the difference between the estimator and the estimand is a function of the
number of pipes that can supply water to the nodes downstream of pipe 𝑚, and their hydraulic
conveyance, but its evaluation would defeat the nature of a RSM.
̂
Therefore, the proposed RSM is defined by replacing 𝑇(𝑚) with 𝑇
(𝑚) (Eq. (7-6)) and the
probabilities 𝑝(0) and 𝑝(𝑚) with their correspondent expressions from Eq. (7-3) and Eq. (7-4):
1 − 𝐴𝑚 𝑇 (𝑟𝑒𝑞) − 𝑞𝑚
𝑀𝑅𝐸 (0) ≔ ∏ 𝐴𝑚 ∗ [1 + ∑ (
)(
)]
𝐴𝑚
𝑇 (𝑟𝑒𝑞)
𝑚∈𝑃

(7-7)

𝑚∈𝑃

Similarly, the tolerance defined by Tanyimboh et al. (2001), also called first-state reliability
(Gheisi & Naser, 2015), which represents the expected value of the supply/demand ratio under
105

pipe failure scenarios when at least one component has failed, can also be estimated equivalently
with 𝑀𝑅𝐸 (1) :
(1)

𝑅𝑃𝐹𝑆 = 𝐸 [

(0)

𝑇

| at least 1 pipe failed ] =

𝑇 (𝑟𝑒𝑞)

𝑀𝑅𝐸 (1) ≔

𝑅𝑃𝐹𝑆 − 𝑝(0)(𝑇(0)/𝑇 (𝑟𝑒𝑞) )
1 − 𝑝(0)

(7-8)

𝑀𝑅𝐸 (0) − ∏𝑚∈𝑃 𝐴𝑚
1 − ∏𝑚∈𝑃 𝐴𝑚

(7-9)

7.2.2 Hydraulic Reliability Estimator
The hydraulic reliability 𝑅𝐷𝑉𝑆 can be defined, in an equivalent way to mechanical reliability, as
the expected value of the fraction of the demand that the system can supply under all possible
demand variation scenarios (DVS). To define the possible demand conditions, a probability
⃑ is defined as the N-tuple containing all
distribution must be assigned to each base demand. If 𝐷
⃑ ) as the probability of that given configuration of demands,
demands in the nodes (𝑁), and 𝑝(𝐷
then 𝑅𝐷𝑉𝑆 can be defined as:
⃑)
𝑅𝐷𝑉𝑆 ≔ ∫ … ∫ (𝑝(𝐷
𝒟

𝑇(𝐷⃑)

⃑)
) 𝑑𝐷1 … 𝑑𝐷𝑁 = ∫ (𝑝(𝐷
(𝑟𝑒𝑞)

𝑇⃑

𝒟

(𝐷 )

𝑇(𝐷⃑)
(𝑟𝑒𝑞)
(𝐷 )

𝑇⃑

⃑
) 𝑑𝑁 𝐷

(7-10)

where 𝒟 is the domain of all possible combinations of demands and 𝑑𝐷1 … 𝑑𝐷𝑁 is the N⃑ . It is worth to note that in this case 𝑇 (𝑟𝑒𝑞)
dimensional differential volume abbreviated as 𝑑 𝑁 𝐷
⃑ since it is defined as the water that is being demanded by all the nodes in the
varies with 𝐷
system. However, one first simplification of the expression, in order to get a RSM, is to replace
(𝑟𝑒𝑞)

𝑇(𝐷⃑)

(𝑟𝑒𝑞)

with its expected value 𝐸 [𝑇(𝐷⃑) ] = 𝑇 (𝑟𝑒𝑞) so that it can be taken out of the integral,

allowing an easier evaluation:
𝑅𝐷𝑉𝑆 =

1
𝑇 (𝑟𝑒𝑞)

⃑ ) 𝑇 ⃑ ) 𝑑𝑁 𝐷
⃑
∫ (𝑝(𝐷
(𝐷 )
𝒟
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(7-11)

This first assumption tends to be true as the number of nodes is bigger, owing to the Central Limit
(𝑟𝑒𝑞)

Theorem applied to the individual base demands, since the variance of 𝑇(𝐷⃑)

decreases with 𝑁.

Noting that the integral factor is by definition the expected value of the supply that the system can
provide under demand variations 𝐸 [𝑇(𝐷⃑) ], and replacing 𝑇(𝐷⃑) with its definition as the sum of the
supplied flow to each demand node 𝑆𝑖 , Eq. (7-11) can be rewritten as:
𝑅𝐷𝑉𝑆 =

1
𝑇 (𝑟𝑒𝑞)

𝐸 [∑ 𝑆𝑖 ]
𝑖∈𝑁

=
𝐷𝑉𝑆

1

𝑇

∑ 𝐸[𝑆𝑖 ]𝐷𝑉𝑆
(𝑟𝑒𝑞)

(7-12)

𝑖∈𝑁

Based on this definition, the proposed RSM for hydraulic reliability, named Hydraulic Reliability
Estimator (HRE), is an approximation of 𝑅𝐷𝑉𝑆 based on the results of only one hydraulic
̅𝑖 at the nodes.
execution of the model using the mean values of demand 𝐷
To deduce HRE, it first must be noted that, according to most flow-pressure relationships
including Wagner et al. (1988), the supply in a node is equal to its base demand 𝐷𝑖 for any
hydraulic condition that ensures that the supplied head 𝐻𝑖 is higher than or equal to the minimum
required head for that node 𝐻𝑖 𝑚𝑖𝑛 . Therefore:
𝐸[𝑆𝑖 ]𝐷𝑉𝑆 = 𝑝(𝐻𝑖 ≥ 𝐻𝑖 𝑚𝑖𝑛 )𝐷𝑖 + 𝑝(𝐻𝑖 < 𝐻𝑖 𝑚𝑖𝑛 )𝐸[𝑆𝑖 |𝐻𝑖 < 𝐻𝑖 𝑚𝑖𝑛 ]𝐷𝑉𝑆

(7-13)

The second assumption, and probably the most quarrelsome but necessary, is to discard the
second summand in the previous equation. It can be understood by assuming that the probability
𝑝(𝐻𝑖 < 𝐻𝑖 𝑚𝑖𝑛 ) should be relatively small for most nodes in the network under demand
uncertainties and considering only the first summand is representative enough to estimate 𝐸[𝑆𝑖 ].
Equivalently, it can be seen as finding a lower bound for 𝐸[𝑆𝑖 ] since the second term is always
positive, and furthermore, this assumption would hold true if the flow-pressure relationship was a
step activation function like the one used in Ang, & Jowitt (2006) where the outflow for pressures
below the minimum is strictly zero. The convenience of this step is that evaluating the expression
𝐸[𝑆𝑖 |𝐻𝑖 < 𝐻𝑖 𝑚𝑖𝑛 ] would require Monte Carlo simulations under pressure-driven demands, which
defeats the purpose of a RSM as it would be very time consuming.
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To estimate 𝑝(𝐻𝑖 ≥ 𝐻𝑖 𝑚𝑖𝑛 ), it can be assumed that the head losses between the source and the
node 𝑖 are proportional to the flow that passes through the node to some power 𝛼. If the
proportionality constant is 𝐾𝑖 then:
𝐻𝑖 = 𝐻0 − 𝐾𝑖 (𝑄𝑖 )𝛼

(7-14)

where 𝐻0 is the constant head at the source and 𝑄𝑖 can be calculated as the sum of the flows in
the pipes immediately upstream of the node 𝑖. Moreover, 𝐾𝑖 can be computed based on the
hydraulic execution with the mean values for the demands, giving:
𝐾𝑖 =

̅𝑖
𝐻0 − 𝐻
(𝑄̅𝑖 )𝛼

(7-15)

̅𝑖 are the flow that passes through the node and the head in the node 𝑖, when the
where 𝑄̅𝑖 and 𝐻
system is under mean-demands condition. Replacing Eq. (7-14) and Eq. (7-15) in 𝑝(𝐻𝑖 ≥ 𝐻𝑖 𝑚𝑖𝑛 )
we get:
̅𝑖 )
𝑝(𝐻𝑖 ≥ 𝐻𝑖 𝑚𝑖𝑛 ) ≈ 𝑝 (𝐻0 − (𝐻0 − 𝐻

(𝑄𝑖 )𝛼
≥ 𝐻𝑖 𝑚𝑖𝑛 )
(𝑄̅𝑖 )𝛼

𝑄𝑖
𝐻0 − 𝐻𝑖 𝑚𝑖𝑛
𝑝(𝐻𝑖 ≥ 𝐻𝑖 𝑚𝑖𝑛 ) ≈ 𝑝 ( ≤ (
)
̅
̅𝑖
𝑄𝑖
𝐻0 − 𝐻

1⁄𝛼

(7-16)

(7-17)
)

From Eq. (7-17) it is important to note that the only random variable in the right hand side is 𝑄𝑖
which means that by knowing its probability distribution, the probability statement on the left
hand side can be computed. To estimate its probability distribution, a common assumption that
̅𝑖 as mean and
assigns a Normal probability distribution to the demand of each node, using 𝐷
̅𝑖 )2 as variance, is used (e.g., Raad et al., 2010; Liu et al., 2016). Since 𝑄𝑖 is the sum of all
(0.5𝐷
demands downstream of node 𝑖, then it also must follow a Normal distribution with mean equal to
the sum of their means, i.e., 𝑄̅𝑖 , and variance equal to the sum of their variances (assuming
independence between demands).
Therefore:
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̅𝑗 )2
∑𝑗∈Downstream 𝑖(𝐷
𝑄𝑖
2
~𝑁 (1, (0.5)
)
𝑄̅𝑖
̅ ))2
(∑
(𝐷
𝑗∈Downstream 𝑖

(7-18)

𝑗

where Downstream 𝑖 is the set of nodes downstream of node 𝑖 including node 𝑖. It can be shown
that the quotient in the variance is equal to 1⁄|𝐷𝑜𝑤𝑛𝑠𝑡𝑟𝑒𝑎𝑚 𝑖| when the demands are the same,
simplifying the expression to:
(0.5)2
𝑄𝑖
~𝑁 (1,
)
|Downstream 𝑖|
𝑄̅𝑖

(7-19)

Therefore, the HRE is defined as:
1

𝐻0 − 𝐻𝑖 𝑚𝑖𝑛
𝐻𝑅𝐸 ≔ (𝑟𝑒𝑞) ∑ 𝑝 (𝑋𝑖 ≤ (
)
̅𝑖
𝐻0 − 𝐻
𝑇

1⁄𝛼

̅𝑖
)𝐷

(7-20)

𝑖∈𝑁

where 𝑋𝑖 follows a Normal distribution with mean 1.0 and variance (0.5)2 ⁄|Downstream 𝑖|.
In the case where the nodal demands are not independent, if a homogeneous correlation
coefficient 𝜌 is assumed, it can be similarly deduced that the variance of 𝑋𝑖 must be multiplied by
a factor (1 + 0.52 𝜌(|Downstream 𝑖| − 1)).
To compute |Downstream 𝑖| exhaustively, one option is to use the Floyd-Warshall algorithm to
calculate the transitive closure of the directed graph that represents the network (Cormen et al.,
2009). However, since that algorithm has a 𝑂(|𝑁|3 ) time complexity, it can be time consuming
for large networks. As an alternative, |Downstream 𝑖| can be estimated as the percentage of the
total demand that passes through the node 𝑖 multiplied by the total number of nodes of the
network:
|Downstream 𝑖| ≈

̅

𝑄𝑖
(𝑟𝑒𝑞)
𝑇

∗ |𝑁|

(7-21)

Figure 7-1 shows the pseudocode for the calculation of the proposed estimators. It is worth noting
that, even though the pipe availability equation for the formulation of MRE was the one presented
by Cullinane et al. (1988), other pipe availability equations like the ones presented in Tabesh et
al. (2009) can be used with no loss of universality. Similarly, even though for the formulation of
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HRE a variation coefficient of 0.5 was assigned to the Normal distribution of the demands, other
coefficients can be included by modifying that parameter in Eq. (7-19).
a)

b)

_______________________________________________________________________________________________________

_____________________________________________________________________________________________________________________________

(𝑟𝑒𝑞)

𝐈𝐧𝐩𝐮𝐭: 𝑃, set of pipes; 𝑇
, total demanded flow. 𝐈𝐧𝐩𝐮𝐭: 𝑁, set of demand nodes; 𝐻0 , total head at source;
1: 𝐟𝐨𝐫 𝐚𝐥𝐥 𝑚 ∈ 𝑃 𝐝𝐨
𝑇 (𝑟𝑒𝑞) , total demanded flow.
2:
D(𝑚) = 𝑚. getDiameter();
1: 𝐟𝐨𝐫 𝐚𝐥𝐥 𝑖 ∈ 𝑁 𝐝𝐨
̅ (𝑖) = 𝑖. getDemand();
3:
q(𝑚) = 𝑚. getFlowRate();
2:
D
4:
A(𝑚) =
3:
Hmin(𝑖) = 𝑖. getMinimumRequiredHead();
̅ (𝑖) = 𝑖. getActualHead();
𝑚. getAvailability(D(𝑚)); %Eq. (5)
4:
H
5: 𝐞𝐧𝐝 𝐟𝐨𝐫
5:
ND(𝑖) = 𝑖. countDemandNodesDownstream();
6: 𝑝0 = 𝐩𝐫𝐨𝐝𝐮𝐜𝐭(A(𝑚) | ∀𝑚 ∈ 𝑃);
%Use
7: 𝑀𝑅𝐸0 = 𝑝0 ⋅ (1 + 𝐬𝐮𝐦((((1 − A(𝑚))/A(𝑚) ) ⋅
Floyd Warshall algorithm or Eq.(21)
̅ (𝑖)))^(1/𝛼);
x(𝑖) = (((𝐻0 − Hmin(𝑖)))/(𝐻0 − H
(𝑇 (𝑟𝑒𝑞) − q(𝑚))/𝑇 (𝑟𝑒𝑞) ) | ∀𝑚 ∈ 𝑃)); 6:
7:
VARx(𝑖) = (0.5)2 /ND(𝑖);
8: 𝑀𝑅𝐸1 = ((𝑀𝑅𝐸0 − 𝑝0))/((1 − 𝑝0));
_______________________________________________________________________________________________________
8:
p(𝑖) = 𝐍𝐨𝐫𝐦. 𝐂𝐮𝐦𝐮𝐥𝐚𝐭𝐢𝐯𝐞. 𝐃𝐢𝐬𝐭(x(𝑖) | 𝜇 = 1.0,
𝜎 2 = VARx(𝑖));
9: 𝐞𝐧𝐝 𝐟𝐨𝐫
̅ (𝑖) | ∀𝑖 ∈ 𝑁));
10: 𝐻𝑅𝐸 = (1/𝑇 (𝑟𝑒𝑞) ) ⋅ (𝐬𝐮𝐦(p(𝑖) ⋅ D
_________________________________________________________________________________________________________________________________

Figure 7-1. Pseudocode for the computation of: a) MRE0 and MRE1; and b) HRE

7.3 Application examples
Two benchmark networks are used to test the proposed RSMs in a multiobjective design problem.
The first case is the Hanoi network (Fujiwara & Khang, 1990) with a search space of 2.87 × 1026
possible designs (Figure 7-2a), while the second case study is the Fossolo network (Bragalli et al.,
2008) with a search space of 7.25 × 1077 (Figure 7-2b).
a)

b)

Figure 7-2. System layout for: a) Hanoi network and b) Fossolo network.
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Both cases use Hazen-Williams equation which means 𝛼 = 1.85, and both cases use a similar
cost objective function where each diameter 𝐷𝑚 has a unitary cost 𝑈𝐶 that is multiplied with the
length 𝐿𝑚 to get the cost of the pipe (Eq. (7-22)). The optimization constraints are minimum
pressures of 30 m for Hanoi and 40 m for Fossolo, a maximum velocity of 1 m/s for Fossolo
network, plus continuity and energy conservation for the network and a given list of available
diameters.
𝐶𝑜𝑠𝑡 = ∑ 𝑈𝐶(𝐷𝑚 ) ∗ 𝐿𝑚

(7-22)

𝑚∈𝑃

Two Pareto fronts were obtained per network (i.e. four optimization problems): Cost vs. MRE(0)
and Cost vs. HRE. To find the Pareto fronts, the algorithm OPUS NSGA-II presented in Paez et
al. (2018b) was used with population size of 300; 400 generations; and intermittent feedback
from OPUS of 10.

7.3.1 Results
Considering the complexity of the Fossolo network, the estimation of |Downstream 𝑖| was
performed using Eq. (7-21). For Hanoi, both Eq. (7-21) and Floyd-Warshall algorithm were used,
but since the results did not present major differences, only the ones with Eq. (7-21) are
presented.
Given the nature of both MRE(0) and HRE as estimators of the expected value of the
supply/demand ratio, their lower bound is 0 (less reliable) and their upper bound is 1 (more
reliable). Therefore, the objective in both cases was to maximize reliability (MRE(0)→1.0;
HRE→1.0). Figure 7-3 shows the four resulting Pareto fronts for the two case studies.
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Figure 7-3. Pareto fronts for: a) Hanoi network, b) Fossolo network.
After the 400 generations, the Pareto fronts are smooth and convergence of the algorithm has
been reached although a further exploration of the low cost end might be possible as a
comparison with Wang et al. (2014) would show.
One important observation is the difference in the scales and ranges of MRE(0) and HRE between
the two networks. For the MRE(0), Hanoi network ranges between 0.99967 and 0.99974 while for
the Fossolo network the range spans 0.98750 to 0.99930. This difference can be explained by the
difference in the ranges of diameters of each problem. Since Hanoi has diameters between
305mm and 1016mm, the availability of its pipes according to Eq. (7-5) is always above 0.99981,
while the Fossolo network has diameters between 16mm and 409mm and therefore its pipes’
availabilities are between 0.99403 and 0.99987. These values are in accordance with reality as the
Hanoi network represents the trunk system of a city, while the Fossolo network represents a
secondary distribution system for a neighborhood. Therefore, the MRE(0) is able to capture and
represent these differences in scale and assign higher mechanical reliability values to networks
with higher diameters that are generally less likely to fail.
On the other hand, the range for HRE is considerably higher in the Fossolo network than it is in
the Hanoi network. Since there is a minimum of 40 m headloss across the first two pipes in the
Hanoi network when their diameter is 1016 mm (maximum available), the rest of the looped
network only has 60 m of head remaining which limits the probability of full supply of the
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○ HRE
◊ MRE(0)

◊ MRE(0)
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demand and leads to low values of HRE. Meanwhile, the numerous commercially-available
diameters for the Fossolo network are so sufficient that even a design using just two of the
smaller diameters in the list (73.6 and 90mm) is enough to fulfill all pressure requirements. This
is also the reason why the cost range in the cost-HRE Pareto front in the Fossolo network is one
order of magnitude smaller than cost range in the cost-MRE(0) Pareto front, since values of HRE
of almost 1.0 can be reached without using high cost configurations.
One important advantage of HRE is that it does not only estimates the supply/demand ratio for
the whole system, but it also estimates the probability that the demand in a node can be fully
supplied (Eq. (7-17)). This allows one to dissect the performance of the network and identify
nodes or zones that are more likely to have supply deficits. Figure 7-4 shows the probability of
deficit in the nodal supply (1 − 𝑝(𝐻𝑖 ≥ 𝐻𝑖 𝑚𝑖𝑛 )) for an arbitrary design of the Hanoi network.
This illustrates the most vulnerable nodes in terms of hydraulic reliability which would help
utility managers to plan improvements (e.g., pipe replacement, or additional storage installation).
Pipe
ID
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0.1
0.2
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0.4

Figure 7-4. Estimated nodal probability of deficit in supply for the given diameter
configuration of Hanoi network.
Finally, a correlation analysis was also performed for all solutions in the Pareto fronts of each
network between the proposed estimators (MRE(0), MRE(1), and HRE) and some of the most
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commonly used one-scenario RSMs: flow entropy – 𝑆 (Tanyimboh & Templeman, 1993);
resilience index – 𝑅𝐼 (Todini, 2000); and network resilience index – 𝑁𝑅𝐼 (Prasad & Park, 2004);
loop diameter uniformity – Cu (Creaco et al, 2016); and the length weighted average pipe
diameter – LWAPD (Jung et al., 2016). The pressure driven RI (Creaco et al., 2016) was not used
since the minimum pressure was considered a hard constraint and therefore no design had
pressure driven demands. Since the use of RSMs is mostly focused on identifying solutions or
designs that are more or less reliable than others, the Spearman's rank correlation coefficient was
selected for the analysis. Figure 7-5 shows correlation plots and values for pairs of different
variables for both case studies.
a)

b)
S

1.00

RI

0.80

0.70

0.45

0.37

-0.01

-0.40

0.85

S

1.00

0.99

0.78

0.80

0.50

0.80

0.99

RI

1.00

0.82

0.84

0.56

-0.83

0.98

NRI

1.00

0.95

0.84

-0.96

0.73

Cu

1.00

0.91

-0.99

0.74

LWAPD

1.00

-0.90

0.42

MRE0

1.00

-0.74

MRE1

1.00

HRE

NRI

Cu

LWAPD

MRE0

MRE1

HRE

S

RI

NRI

Cu

LWAPD MRE0 MRE1

HRE

1.00

0.44

0.64

0.89

0.59

0.65

0.60

0.41

1.00

0.94

0.59

0.96

0.91

0.84

0.97

1.00

0.74

0.98

0.98

0.89

0.89

1.00

0.69

0.75

0.62

0.52

1.00

0.98

0.90

0.92

1.00

0.91

0.85

1.00

0.84
1.00

S

RI

NRI

Cu

LWAPD MRE0 MRE1

Figure 7-5. Correlation analysis between proposed estimators and most commonly used
RSMs for: a) Hanoi network, and b) Fossolo network. Numbers indicate Spearman’s rank
coefficient
The results show that RI and NRI are both highly correlated with HRE but not significantly
correlated with any of the mechanical reliability estimators (MRE(0) or MRE(1)). This means that,
regarding these two study cases, optimizing RI or NRI is indirectly optimizing the network’s
hydraulic reliability but is only partially optimizing the mechanical reliability as already noticed
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HRE

by Creaco et al. (2016). In this sense, the use of Cu as an extra criterion to account for mechanical
reliability seems marginally beneficial as it is more correlated with MRE0 than with HRE, and in
the case of Hanoi, that correlation is considerably higher than RI or NRI. With respect to S, it
does not show any significant correlation with any of the proposed estimators, even though by its
definition it could be somehow related with the mechanical reliability (Paez et al., 2018a). This
might be due to the small number of loops in the networks, especially the Hanoi network, which
does not allow a sufficiently broad range for S. LWAPD on the other hand, seems to be
consistently correlated with most of the tested RSMs except S, and in both cases it would suggest
that increasing a pipe diameter is more beneficial to the mechanical reliability than to the
hydraulic reliability, as the correlation with MRE(0) is higher than with HRE.
It is important to note that, while there has been a proliferation of new RSMs in the research
literature recently, many of these indicators are still intuitive relationships that are expected to be
representative of the reliability of the system. Power-based RSMs like RI, or NRI, assume that the
surplus power in the system is a measurement of its capacity to deal with different perturbations,
while S and Cu assume that a higher flow or diameter uniformity reduces the dependency on a
small number of pipes—thus reducing the likelihood of a catastrophic failure. Moreover, given
the similar nature of some of these RSMs, the extra knowledge about the reliability of the system
that they provide is marginal compared with previously developed indexes (Paez et al., 2018a). In
contrast, MRE and HRE explicitly represent probabilistic assessments of the mechanical and
hydraulic reliability of the WDS, after a number of simplifying assumptions that reduce the
computational burden of their calculation. It is also worth noticing that after analysing individual
designs from the Pareto fronts, it was observed that optimal HRE designs did not require usually
a head surplus higher than 8.0 m for Fossolo, and 4.0 m for Hanoi, while optimal MRE(0) designs
could reach up to 12.0 m surplus head for Fossolo, and 20.0 m for Hanoi, and would not find an
upper limit to the MRE(0). This would reinforce the idea that once a level of hydraulic reliability
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is reached, every increment in diameters is only beneficial for the mechanical reliability of the
WDS.
One final remark is the negative correlation between MRE(1) and MRE(0) for the case of Hanoi.
This would indicate that under some circumstances, there seems to be a trade-off between the
tolerance or first-state reliability (terms are used interchangeably) and the mechanical reliability
(zeroth-state reliability). Since the tolerance indicates the performance of the system under pipe
failure scenarios when at least one component has failed (a common scenario for maintenance
and some other operative conditions), this indicates that it can be detrimental for the performance
of the network under these scenarios to choose a design in the high MRE(0) end of the Pareto
front, for the Hanoi network.

7.4 Conclusions
This chapter introduced two new reliability surrogate measures named Mechanical Reliability
Estimator (MRE(0) and MRE(1), in its zeroth and first state versions respectively) and Hydraulic
Reliability Estimator (HRE). They were tested in two benchmark networks and it was seen how
they produce smooth Pareto fronts for the optimized design of the Hanoi and Fossolo networks.
The main advantage of these estimators is that they consider explicitly the difference between
mechanical reliability, understood as the performance of the WDS under pipe failures, and
hydraulic reliability, understood as the performance of the WDS under demand uncertainties.
These new indicators have helped identify the strengths and weaknesses of other reliability
surrogate measures that intend to represent both concepts with one unique index.
One additional advantage in the case of the HRE is that it estimates the probability of fully
supplied demand for each node individually. Therefore, a map of the network can be produced to
identify nodes or zones that are more prone to supply deficits, allowing better planning of
mitigation plans. Also, an analysis of that nature amongst several designs, can provide insights on
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the overall layout of the network, and suggest possible locations for extra elements like tanks or
additional pipes.
Even though the current formulation of HRE relies on the normal distribution assumption for the
demand at each node, further analysis with other probability distributions could be explored in the
future to account for hydrant activation scenarios in the estimator.
Finally, since the correlation analysis shows that the relationships between the MRE(0), MRE(1)
and HRE are not definitively positive and direct, it is recommended to explore further their
interactions in other case studies (ideally larger and with realistic layouts) and evaluate their
trade-offs in a multiobjective optimization framework that considers them simultaneously and
compares them with other RSMs including many-scenario RSMs.
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Chapter 8
Water Distribution Systems Reliability under Extended Period
Simulations
Water distribution systems reliability has typically been studied using single-period simulations
of the hydraulic behaviour of the system, due to high computational requirements. The aim of this
chapter is to develop and test a framework for the evaluation of mechanical reliability, hydraulic
reliability and firefighting reliability under extended period simulations. Four functionality
functions were proposed to quantify the serviceability of the system under the perturbation
scenarios. The functions were tested in five case studies based on real networks and compared
with previously developed Mechanical Reliability Estimator (MRE) and Hydraulic Reliability
Estimator (HRE), as well as with similar definitions for single-period simulation. Results showed
that both MRE and HRE consistently correlate with the supply/demand ratio functionality, while
being easy to compute even in optimization routines. Comparison results with single-period
definitions of functionality, showed that on average, evaluating hydraulic conditions at the peak
hour works as a good estimation of the extended period behavior, but in some cases,
discrepancies up to 50% can be found.

8.1 Introduction
Reliability of water distribution systems (WDS) is a general concept related with how trustworthy
the water supply is in a system. Quantifying that trustworthy capacity can have different
approaches and perspectives, however, two main definitions have been consistently used in the
context of water distribution systems analysis in the past 30 years. Bao & Mays (1990), on one
hand, defined the reliability as the probability that the system can satisfy the flow demand at the
required pressure head. Under that perspective, the system can either satisfy or not satisfy the
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demand, and therefore the reliability is defined as how likely is it that the WDS does satisfy the
demand (RelProb). The drawback of this approach is that it disregards the magnitude of the
shortfalls, and a slight reduction in service is treated in the same manner as an overall shutdown
of the service (Tanyimboh & Templeman, 1998). On the other hand, Fujiwara & Tung (1991)
defined the reliability as the expected value of the ratio between the water supplied and the water
demanded in the system (RelExp). Under this approach, the magnitude of the shortfall is
explicitly considered since a small reduction in service would have a higher supply/demand ratio
than a larger shutdown. Moreover, this approach can be extended by realizing that the
supply/demand ratio is just one of different possible quantification functions for the serviceability
or functionality of the system, and therefore different functionality definitions can be used. It is
worth noting that Jung et al. (2013) showed that, under some conditions, two networks can have
the same probability of non-failure, and the same expected value of functionality, and in view of
this observation proposed a robustness criterion based on the coefficient of variation of the
functionality metric (nodal pressure in their case).
Under both definitions, RelProb and RelExp, it is clear that the concept of reliability needs to be
connected to a probability space, either to calculate non-failure probabilities, or expected values
of functionality. Different sample spaces, in which these values of reliability are computed, have
been proposed by researchers: a) Component failure scenarios that define the mechanical
reliability, and are usually limited to pipe-break scenarios (PBS) evaluated using the minimum
cut-set method (Su et al., 1987; Raad et al., 2010; Atkinson et al., 2014; Di Nardo et al., 2018 ),
b) Demand variation scenarios (DVS) that define the hydraulic reliability, and usually assume a
multivariate normal distribution of nodal demands (Raad et al., 2010; Liu et al., 2016), c) Pipe
breakage and leakage scenarios after seismic activity (SS) that define the seismic reliability (Yoo
et al., 2015; Paez et al., 2018), and d) Hydrant activation scenarios (HAS) that define a
firefighting reliability (Creaco et al., 2016). Other issues regarding water quality reliability and
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contaminant scenarios have been explored but are beyond the scope of this paper. Table 8-1
summarizes the four sample spaces mentioned and the type of reliability they define.
Table 8-1. Types of reliability based on the sample space
Definition and sample
space
Mechanical
Reliability

Rel. under pipe-break
scenarios (PBS)
Set: 𝒫(𝑃) – Power Set of
the set of pipes .

Hydraulic
Reliability

Rel. under demand variation
scenarios (DVS)

Seismic
Reliability

Firefighting
Reliability

Set: ℝ|𝑁|+ – Positive |𝑁|dimensional real numbers.
Rel. under seismic damage
scenarios (SS)
Set: All possible
combinations of nondamaged/leaking/broke for
all pipes in the network.
Rel. under hydrant activation
scenarios (HAS)
Set: 𝒫(𝑁𝐻 ) – Power Set of
the set of nodes.

Sample
space size
2|𝑃|

ℵ1 –
Infinite

Observations
- Assumes that all pipes have isolation
valves. If the location of isolation valves is
known, the sample space can be reduced to
the power set of the set of hydraulic
segments (Walski, 1993).
- Damages of tanks and pumps can be
implicitly included by closing the pipes
that connect them to the network.
- Includes all possible combinations of
positive real demands in the nodes.

3|𝑃|

- Damages of tanks and pumps are
implicitly included by considering the
pipes that connect them to the network
broken.

2|𝑁𝐻 |

- Assumes that a hydrant can be only open
or closed, i.e., no partial openings.

The information in Table 8-1 indicates that the sample space for any of the reliability types is too
large to perform an exhaustive computation of either RelProb or RelExp. Therefore, approximate
methods have been proposed for their computation. In the case of PBS and HAS, the most
common approximation approach is to reduce the space to scenarios with zero or only one
component affected at a time (pipe breakage or hydrant activation), which reduces the space size
to |𝑃| + 1 and |𝑁𝐻 | + 1, respectively (e.g., Tanyimboh & Tabesh, 1997; Raad et al., 2010;
Creaco et al.,2016), and allows an exhaustive computation of both types of reliability.
Other common approaches are Monte Carlo methods (e.g., Kang et al., 2009; Raad et al., 2010;
Liu et al., 2016), and Latin hypercube sampling (e.g., Kang et al., 2009) which can sample
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discrete (PBS, HAS, SS) or continuous (DVS) sample spaces, and only require as many system
evaluations as the desired sample size. The main idea behind these approaches is that a random
sample from the sample space is used to obtain, through simulation, a random sample of the
system performance from which RelProb or RelExp can be computed.
Finally, there are Taylor Series-based methods like the First Order Second Moment (FOSM)
method, which are applied mostly to DVS (e.g., Xu & Goulter, 1998; Kang et al., 2009; Jung et
al., 2016) to estimate the mean and variance of a system output. However, the FOSM method is
not compatible with RelExp, since the method assumes that the expected value of a function is
the function evaluated at the expected values of the parameters, and therefore would assign full
reliability to any network that supplies water for the design scenario. A second order term from
the Taylor Series expansion can be included under some conditions to better estimate the
expected value of a functionality metric (e.g. Filion et al., 2007), but it requires the evaluation of
its Hessian matrix which in general requires 2 |𝑁|2 + 1 system simulations to be estimated using
centered finite differences.
One additional approach by Paez & Filion (2019) was to obtain analytical solutions for the
expected value of the functionality using estimators based on a series of assumptions and
simplifications on the behaviour of the WDS and on the nature of the sample spaces. Using this
approach, they proposed the mechanical reliability estimator (MRE) and the hydraulic reliability
estimator (HRE) which estimate the RelExp for PBS and DVS using only 1 system simulation.
Even after the approximations mentioned above, the computational requirements for the
evaluation of reliability remain high. Additionally, for the calculation of RelExp, it is necessary to
compute the functionality for all selected scenarios, in order to account for the reduction in
service, and therefore a pressure-driven analysis (PDA) of the WDS is necessary to calculate the
partial supply of the demand when the pressure is below the minimum required. PDAs increase
the complexity of the system of equations to simulate a WDS, and therefore require more time for
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its solution, thus increasing the computational requirements to evaluate RelExp (Paez et al.,
2018).
Since all these factors make the computation of reliability a computationally demanding task, a
common implicit assumption is that the scenarios from the sample space are only evaluated under
a single-period simulation (i.e., steady state simulation). The demand conditions are therefore set
with the design values corresponding in most cases (according to the regulations of the case study
location), to the peak hour demand (maximum water demand on any single hour during the year).
In this paper, pressure-driven models are used under extended period simulations to test four new
reliability metrics that account for the WDS behaviour during a full 24 hr period. The
computational requirements to perform this study were minimized by using the PDA method
developed by Paez et al. (2018). The proposed metrics are compared against single-period
simulation metrics computed exhaustively for PBS and HAS, and with Latin Hypercube
Sampling for DVS, besides a comparison with the analytic estimators presented by Paez & Filion
(2019).

8.2 Hydraulic and Mechanical Reliability Estimators
Paez & Filion (2019) developed two estimators that compute analytically the expected value of
the supply demand ratio for single-period simulations under a number of simplifications. The
supply (𝑇) is defined as the sum of supplied flows to all nodes in the system, and the demand
(𝑇 (𝑟𝑒𝑞) ) is defined as the sum of all the demanded flows.
For the mechanical reliability (PBS sample space), the RelExp definition of reliability is given by
Eq.(8-1):
𝐸𝑃𝐵𝑆 [

𝑇
𝑇 (𝑟𝑒𝑞)

] = Pr(0)

𝑇(0)
𝑇(𝑚)
𝑇(𝑚,𝑛)
+ ∑ Pr(𝑚) (𝑟𝑒𝑞) + ∑ Pr(𝑚, 𝑛) (𝑟𝑒𝑞) + ⋯
(𝑟𝑒𝑞)
𝑇
𝑇
𝑇
𝑚∈𝑃

𝑚,𝑛∈𝑃
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(8-1)

where 𝑃 is the set of pipes in the network, Pr(0) is the probability that no pipe is unavailable in
the network; Pr(𝑚) is the probability that only pipe 𝑚 is unavailable; Pr(𝑚, 𝑛) is the probability
that only pipes 𝑚 and 𝑛 are unavailable; and in the same manner 𝑇(0), 𝑇(𝑚) , and 𝑇(𝑚,𝑛) are the
total supplied flow when no pipe is unavailable, when only pipe 𝑚 is unavailable, and when only
pipes 𝑚 and 𝑛 are unavailable, respectively.
As mentioned before, a common simplification is to truncate the expression to consider only the
first two terms with the heaviest weight in the expression (e.g., Tanyimboh & Tabesh, 1997; Raad
et al., 2010). Even though Gheisi & Naser (2015) showed that under certain cases this can lead to
a significant error, the assumption is necessary to reduce the space from 2|𝑃| to |𝑃| + 1.
The second simplification to develop the MRE is to estimate the total water supplied when only
pipe 𝑚 is unavailable, as the total water supplied when all the network is working, minus the flow
rate at pipe 𝑚 under those conditions (Eq. (8-2)). This simplification holds true for open networks
(tree networks) and for bridges in closed networks, since disconnecting any of these pipes results
in no flow downstream.
𝑇(𝑚) ≈ 𝑇 (𝑟𝑒𝑞) − 𝑞𝑚

(8-2)

where 𝑞𝑚 is the flow that the pipe m is conveying under no-pipe breakage conditions. Coupling
the previous two simplifications with the pipe availability equations by Cullinane et al. (1992)
which describe the probability that a pipe is available or not (Eqs. (8-3), (8-4), and (8-5)), results
in Eq. (8-6):
Pr(0) = ∏ 𝐴𝑚

(8-3)

𝑚∈𝑃

Pr(𝑚) = Pr(0)

𝐴𝑚 =

1 − 𝐴𝑚
𝐴𝑚

1.462131
0.21218 𝐷𝑚
0.285
1.462131
0.00074 𝐷𝑚
+ 0.21218𝐷𝑚
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(8-4)

(8-5)

1 − 𝐴𝑚 𝑇 (𝑟𝑒𝑞) − 𝑞𝑚
𝑀𝑅𝐸 = 𝑀𝑅𝐸 (0) ≔ ∏ 𝐴𝑚 ∗ [1 + ∑ (
)(
)]
𝐴𝑚
𝑇 (𝑟𝑒𝑞)
𝑚∈𝑃

(8-6)

𝑚∈𝑃

where 𝐴𝑚 is the availability of pipe 𝑚, and 𝐷𝑚 is the diameter of pipe 𝑚 in inches. It is worth
noting that the superscript (0) denotes that the expression developed represents the zeroth-state
reliability as defined by Gheisi & Naser (2015), but a similar expression can be developed for the
first-state reliability (expected value of the supply/demand ratio given that one pipe in broken)
(Paez & Filion, 2019).
For the hydraulic reliability (DVS sample space), the RelExp definition of reliability is given by
Eq (8-7) (Paez & Filion, 2019):

𝐸𝐷𝑉𝑆 [

𝑇

𝑇

⃑)
] ≔ ∫ … ∫ (Pr(𝐷
(𝑟𝑒𝑞)
𝒟

𝑇(𝐷⃑)

⃑)
) 𝑑𝐷1 … 𝑑𝐷𝑁 = ∫ (Pr(𝐷
(𝑟𝑒𝑞)

𝑇(𝐷⃑)

𝒟

𝑇(𝐷⃑)
(𝑟𝑒𝑞)
𝑇(𝐷⃑)

⃑
) 𝑑𝑁 𝐷

(8-7)

where 𝒟 is the domain of all possible combinations of demands and 𝑑𝐷1 … 𝑑𝐷𝑁 is the N⃑ ,𝐷
⃑ is defined as the N-tuple containing all
dimensional differential volume abbreviated as 𝑑 𝑁 𝐷
⃑ ) as the probability of that given configuration of demands.
demands in the nodes (𝑁), and Pr(𝐷
⃑ in this case, a first simplification is to use the expected value of
Since 𝑇 (𝑟𝑒𝑞) varies with 𝐷
𝑇 (𝑟𝑒𝑞) instead of its variable value. This means that the denominator can be taken out of the
integral expression which simplifies the definition of hydraulic reliability (Eq. (8-8)). In addition
to this, the expected value of the flow supplied to a node 𝑖 can be estimated using Eq. (8-9) which
assumes that the supply to a node is either, its full demand, when the pressure is above the
required one, or zero, when it is not:
𝐸𝐷𝑉𝑆 [

𝑇
𝑇 (𝑟𝑒𝑞)

]=

1
𝑇 (𝑟𝑒𝑞)

𝐸𝐷𝑉𝑆 [∑ 𝑆𝑖 ] =
𝑖∈𝑁
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1
𝑇 (𝑟𝑒𝑞)

∑ 𝐸𝐷𝑉𝑆 [𝑆𝑖 ]
𝑖∈𝑁

(8-8)

(𝑟𝑒𝑞)

𝐸𝐷𝑉𝑆 [𝑆𝑖 ] = Pr (𝐻𝑖 ≥ 𝐻𝑖

(𝑟𝑒𝑞)

) 𝑄𝐷𝑖 + Pr (𝐻𝑖 < 𝐻𝑖

(𝑟𝑒𝑞)

) 𝐸𝐷𝑉𝑆 [𝑆𝑖 |𝐻𝑖 < 𝐻𝑖

]
(8-9)

≈ Pr (𝐻𝑖 ≥

(𝑟𝑒𝑞)
𝐻𝑖
)

𝑄𝐷𝑖
(𝑟𝑒𝑞)

where 𝑆𝑖 is the flow supplied to node 𝑖, 𝐻𝑖 and 𝐻𝑖

are the actual and minimum required

heads in the node 𝑖, respectively, and 𝑄𝐷𝑖 is the base demand in that node. Clearly this
assumption disregards the pressure dependency of the demand for low pressures, but it is through
this simplification that the HRE can be computed without a pressure-driven model or a sampling
(𝑟𝑒𝑞)

over DVS to calculate 𝐸𝐷𝑉𝑆 [𝑆𝑖 |𝐻𝑖 < 𝐻𝑖

].

To estimate the probability in Eq. (8-9), Paez & Filion (2019) proposed the following expression:
(𝑟𝑒𝑞) 1⁄𝛼

Pr (𝐻𝑖 ≥

(𝑟𝑒𝑞)
𝐻𝑖
)

𝑄𝑖
𝐻0 − 𝐻𝑖
≈ Pr ( ≤ (
)
̅
̅𝑖
𝑄𝑖
𝐻0 − 𝐻

)

(8-10)

where 𝑄𝑖 and 𝐻𝑖 are the flow that passes through node 𝑖, and its hydraulic head, 𝐻0 is the constant
head at the source, 𝛼 is the exponent of the friction equation, and 𝑄̅𝑖 and ̅̅̅
𝐻𝑖 are 𝑄𝑖 and 𝐻𝑖
evaluated for the mean demands scenario. If the nodal demands are assumed to follow a Normal
distribution with coefficient of variation 𝐶𝑉 = 0.5, the probability of Eq. (8-10) can be computed,
leading to a coupled expression for HRE as:
(𝑟𝑒𝑞) 1⁄𝛼

1

𝐻0 − 𝐻𝑖
𝐻𝑅𝐸 ≔ (𝑟𝑒𝑞) ∑ Pr (𝑋𝑖 ≤ (
)
̅𝑖
𝐻0 − 𝐻
𝑇

) 𝑄𝐷𝑖

𝑖∈𝑁

where 𝑋𝑖 follows a Normal distribution with mean 1.0 and variance (0.5)2 ⁄|𝑁𝐷 𝑖 |, and |𝑁𝐷 𝑖 | is
the number of demand nodes downstream of node 𝑖 including itself.
The interested reader can review Paez & Filion (2019) for the detailed deduction and
implementation of MRE and HRE.
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8.3 EPS behavior of WDSs
In a well-designed and working WDS, the nodal water supplied follows the same time series as
the nodal water demand for all connected nodes. However, when the system is perturbed either by
a mechanical failure, a demand variation, a seismic damage, or an unexpected hydrant activation,
the pressures in the network are affected and their values are frequently decreased under the
minimum required per node. When the pressure reaches these low values, it is expected that the
water supply in the affected nodes also decrease. Different authors have proposed different
relationships between pressure and water supply (e.g., Bhave, 1981; Germanopoulos, 1985;
Wagner et al., 1988). From these, the most used and accepted in research literature is Wagner’s
equation since it represents the orifice equation (Eq. (8-11)):
0

𝑖𝑓 𝑝𝑖 ≤ 0
0.5

𝑝𝑖
𝑆𝑖 = 𝑄𝐷𝑖 ( (𝑟𝑒𝑞) )
𝑝𝑖
{

(𝑟𝑒𝑞)

𝑖𝑓 0 < 𝑝𝑖 ≤ 𝑝𝑖

(8-11)

(𝑟𝑒𝑞)

𝑄𝐷𝑖

𝑝𝑖 > 𝑝𝑖

where 𝑆𝑖 is the nodal water supply, 𝑄𝐷𝑖 is the nodal water demand, 𝑝𝑖 is the nodal pressure, and
(𝑟𝑒𝑞)

𝑝𝑖

is the minimum required pressure.

This allows to generate a plot like Figure 8-1 for each node, where the water supply and water
demand time series are compared. Figure 8-1 indicates that there are times in the day in which the
demand is fully supplied, while at other times the demand is only partially supplied.
Supplied

Flow rate

Demanded

Time

Figure 8-1. Water supply and water demand time series for a node.
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To consider this effect in a reliability measure, a functionality of the system must be defined. Shin
et al. (2018) discuss how focusing on one functionality only can be detrimental to the overall
performance of the system, and therefore recommends to consider multiple functionalities in
every reliability analysis. Four interpretations of functionality in extended period simulations
were studied in this research:


Fujiwara & Tung (1991); Tanyimboh & Tabesh, 1997; and Raad et al. (2010), among
others, have defined the functionality as the ratio between the total water supply in the
network and the total water demand in the network under the design single-period
simulation. To extend this definition to extended period simulation, the supply and
demand must be integrated during the day (Eq (8-12)):
𝐹01 = ∑ ∑ 𝑄𝑖 (𝑡)⁄ ∑ ∑ 𝑄𝐷𝑖 (𝑡)
𝑖∈𝑁 𝑡∈𝕋

(8-12)

𝑖∈𝑁 𝑡∈𝕋

were 𝑁 is the set of demand nodes and 𝕋 is the set of time steps for which the extended
period simulation is performed.


If the ratio between the water supply and water demand per node is averaged amongst all
nodes for each time step, it can define a time series describing how much, in average, the
nodal demand is supplied at each time (Figure 8-2). This allows to define a second type
of extended period simulation functionality, given as the ratio between the area under the
instantaneous functionality curve (line filling), and the area given by a fully supplied
network (dotted filling):
𝐹02 = ∑ ∑
𝑡∈𝕋 𝑖∈𝑁

𝑄𝑖 (𝑡)
⁄ (|𝕋| ⋅ |𝑁|)
𝑄𝐷𝑖 (𝑡)
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(8-13)

Av. Supply/Demand ratio

Actual performance

Full supply

Time

Figure 8-2. Functionality time series for the network.


A different perspective of functionality is related to the percentage of users that are not
affected by the perturbation in service, meaning that at any time during the day, they get
their demand supplied to an admissible extent (defined in this research as 80% of the
demand).
𝐹03 = count { 𝑖 |
𝑖∈𝑁



𝑄𝑖 (𝑡)
≥ 0.80 ∀𝑡 ∈ 𝕋}⁄|𝑁|
𝑄𝐷𝑖 (𝑡)

(8-14)

Finally, an extended period simulation allows for the computation of the severity of a
perturbation to the system in terms of the shortage duration. Therefore, a fourth type of
functionality can be the complement of that severity averaged among all nodes in the
network (i.e., the average time a user can rely on the system to supply an admissible
percentage of their demand).
𝐹04 = Δ𝑡 ⋅ ∑ count { 𝑡 |
𝑖∈𝑁

𝑡∈𝕋

𝑄𝑖 (𝑡)
≥ 0.80}⁄|𝑁|
𝑄𝐷𝑖 (𝑡)

(8-15)

8.4 Methods
Most case studies in which reliability is to be calculated are WDSs which have been previously
optimized in some manner. The most common objective in the optimization process is
minimizing construction costs, usually described by a cost per unit length of each possible pipe
size. Additionally, different indirect measures of reliability are also included as a second
objective to be maximized. Examples include the Resilience Index (Todini, 2000), Network
Resilience Index (Jayaram & Srinivasan, 2008), Flow Entropy (Tanyimboh & Templeman,
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1993), and others. Paez & Filion (2019) showed how MRE and HRE can also be used as
reliability surrogate measures to be optimized given their rapid computation.
Therefore, for this research the design method NSGA-II+OPUS (Paez et al., 2018) was used to
optimize five real case studies and obtain two Pareto fronts per system: 1) min(Cost) vs.
max(HRE), and 2. Min(Cost) vs. max(MRE). The algorithm was run using 600 generations of
300 individuals, and an intermittent feedback from OPUS of 10. Then, five designs per Pareto
front were selected, covering the low-cost region of the front, to perform a full reliability analysis
using the four previously introduced functionality functions. Figure 8-3 shows the obtained
Pareto fronts for the five case studies and highlights the selected designs to be used in the
extended period simulation reliability analysis.
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0.88
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0.94

0.94

0.92
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1.00
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0.80
0.0 0.4 0.8 1.2 1.6

1.00
0.96
0.92
0.88
0.0 0.2 0.4 0.6 0.8
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VC05

1.00

0.0 0.2 0.4 0.6 0.8

1.00
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0.76
0.0 0.2 0.4 0.6 0.8

0.0 0.4 0.8 1.2 1.6 2.0

1.00

1.00

0.95

0.96

0.90

0.92

0.85

0.88

0.80
0.0 0.4 0.8 1.2 1.6
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Pareto Front MRE vs. Cost
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0.84
0.0 0.2 0.4 0.6 0.8
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Figure 8-3. Selected designs for the reliability analysis.
In addition to the selected optimized designs, a sample of five randomly-generated designs was
also included in the analysis to represent cases where the network has not been through an
optimization process.

8.4.1 Extended period reliability analysis
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For the total of 15 designs per case study, the extended period simulation RelExp was computed
using the following sample spaces:


PBS: Simplified pipe-break scenarios including all 1-pipe break at a time cases (|𝑃| + 1
space size). To compute the probability of each scenario, the Cullinane et al. (1992) equation
was used (Eq.(8-4)).



DVS: For the demand variation sample space, Latin hypercube sampling was used with size
2 |𝑁|. The probability distribution assumed for the base demand was a multivariate normal
distribution with mean equal to the given base demand, and coefficient of variation of 0.5
(consistently with the assumption in HRE).



HAS: For the hydrant activation sample space, the simplified version with all 1-hydrant at a
time cases was used (|𝑁𝐻 | + 1 space size). The hydrant activation was set from 1:00pm to
7:00pm which corresponds to the 6-hr interval with the highest regular demand. The
individual probability of activation of a hydrant was computed using Eq. (8-16):
Pr(𝑖 is activated) =

𝜇𝑑
𝜇𝑑 + 𝜇𝑎𝑖

(8-16)

where 𝜇𝑑 is the average duration of hydrant activation (𝜇𝑑 = 6 hrs), and 𝜇𝑎𝑖 is the average
time between activations, computed as the inverse of the frequency of activation of the
hydrant 𝑖. For the frequency of activation, the data from Tillander (2004) was used to get an
average value of 3 ⋅ 10−4 activations/year-inhabitant, which means:
𝜇𝑎𝑖 =

365 ⋅ 24
3 ⋅ 10−4 𝑃𝑜𝑝𝑖

(8-17)

where 𝑃𝑜𝑝𝑖 is the population assigned to hydrant 𝑖, and 𝜇𝑎𝑖 is expressed in hours. However,
since the population per hydrant was not available for the case studies, the nodal demands
were used to estimate them (assuming a hydrant in each demand node), leading to Eq. (2-1):
Pr(𝑖 is activated) =

6.0 𝑄𝐷𝑖 𝑃𝑜𝑝𝑇𝑜𝑡𝑎𝑙
6.0 𝑄𝐷𝑖 𝑃𝑜𝑝𝑇𝑜𝑡𝑎𝑙 + 2.92 ⋅ 107 𝑇 (𝑟𝑒𝑞)
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(8-18)

Therefore, the probability of the no-hydrant-activation scenario is given by Eq. (8-19) and
the probability of the only hydrant 𝑖 activated scenario is given by Eq.(8-20):
Pr(no hydrant activated) = ∏ (1 − Pr(𝑖 is activated))

(8-19)

𝑖∈𝑁𝐻

Pr(Only 𝑖 is activated) =

Pr(no hydrant activated)
Pr(𝑖 is activated)
1 − 𝑃(𝑖 is activated)

(8-20)

This can be summarized in that all the 12 combinations of the four functionality definitions and
the three sample spaces were computed for the 75 selected networks (15 cases per network).

8.5 Case studies
Five water distribution systems based on real cities in Colombia (Paez & Filion, 2017) were used
as case studies. Figure 8-4 shows the layouts and properties of the systems including their 24hour residential and commercial/industrial demand patterns as well as the number of pumps |𝑃𝑠|
and water sources |𝑅𝑠| (including reservoirs and tanks). It can be seen that most of the layouts of
the case studies follow a looped topology in the downtown area, with some branched, and more
scarcely looped sections in the outskirts of the city.

a.

b.
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Figure 8-4. Layout and properties of the five WDNs: a. VC01, b. VC02, c. VC03, d. VC04, e.
VC05

8.6 Results
8.6.1 HRE and MRE performance
To evaluate the performance of the MRE and HRE as estimators of the expected value of the
supplied/demanded ratio for single-period (𝑇/𝑇𝑟𝑒𝑞 ) and extended period simulations (𝐹01 ), both
values were computed for PBS and for DVS for the selected 75 networks (Figure 8-5). It can be
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seen that MRE has an outstanding prediction capability, with most points close to the actual value
of the RelExp mechanical reliability, and no considerable bias for neither of the single-period, or
the extended period equations. The HRE, conversely, has a clear underestimation bias for both
cases, assigning values as low as 0.8 to systems that have a hydraulic reliability RelExp near 1.0.
One possible source of error is the methodology for the calculation of the RelExp hydraulic
reliability, since the sample for the Latin Hypercube sampling method was only 2 |𝑁| (due to
computational constraints) and therefore many critical combinations of demands might not have
been considered. However, a sensitivity analysis with three systems (the ones with the lowest
HRE) showed that increasing the size of the sample, did not affect significantly the results for
𝐸𝐷𝑉𝑆 [𝑇/𝑇𝑟𝑒𝑞 ] or 𝐸𝐷𝑉𝑆 [𝐹01 ].
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Figure 8-5. Performance of MRE and HRE as estimators of RelExp for supply/demand
ratio.
A sounder explanation for the underestimation of the hydraulic reliability is the assumption
required to develop Eq. (8-9) since it was necessary to discard the second summand of the
equation, leaving a deficit that accumulates amongst the nodes with partial supply of their
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demands. Since this quantity is always positive, it is expected that HRE underestimates the
hydraulic reliability.
Nevertheless, the value of the MRE and HRE is also held in their ability to identify,
comparatively, which of the two, or more, candidate designs of a network are more or less
reliable. In order to test the performance of the estimators in this case, the Spearman Rank
Correlation Coefficient was calculated for all networks, and all interpretations of reliability
RelExp under extended period simulation. Table 8-2 and Table 8-3 show the correlations
obtained (the statistically significant correlations [p-value lower than 0.05] are underlined in these
tables).
Table 8-2. Correlation analysis between MRE and all extended period simulation

VC01
VC02
VC03
VC04
VC05

MRE vs.

reliabilities
PBS - Mechanical Rel.

DVS - Hydraulic Rel.

HAS - Firefighting Rel.

E[F01] E[F02] E[F03] E[F04]

E[F01] E[F02] E[F03] E[F04]

E[F01] E[F02] E[F03] E[F04]

>0.99
0.98
>0.99
>0.99
0.99

>0.99
0.88
>0.99
>0.99
>0.99

>0.99
0.98
>0.99
>0.99
>0.99

>0.99
0.98
>0.99
>0.99
>0.99

0.14
0.69
0.56
0.69
0.45

0.05
0.56
-0.23
0.25
0.14

0.43
0.79
-0.07
0.70
0.64

0.43
0.80
0.00
0.70
0.48

0.91
0.32
-0.21
0.73
0.31

0.03
-0.71
-0.42
-0.39
0.18

0.83
0.00
0.61
0.92
0.67

0.81
0.49
0.78
0.91
0.31

Table 8-3. Correlation analysis between HRE and all extended period simulation

VC01
VC02
VC03
VC04
VC05

HRE vs.

reliabilities
PBS - Mechanical Rel.

DVS - Hydraulic Rel.

HAS - Firefighting Rel.

E[F01] E[F02] E[F03] E[F04]

E[F01] E[F02] E[F03] E[F04]

E[F01] E[F02] E[F03] E[F04]

0.80
0.71
0.80
0.41
0.77

0.81
0.46
0.80
0.41
0.75

0.81
0.71
0.80
0.41
0.73

0.80
0.71
0.80
0.41
0.75

0.57
0.65
0.69
0.57
0.76

-0.16
0.67
-0.35
0.11
0.63

0.43
0.76
-0.23
0.32
0.83

0.43
0.69
-0.09
0.32
0.76

0.95
0.43
-0.03
0.78
0.70

0.31
-0.71
-0.16
-0.41
0.63

0.94
0.05
0.54
0.47
0.71

0.93
0.62
0.79
0.55
0.71

In the case of MRE, its correlation with all mechanical reliability definitions used is clear, with
most cases being almost 1.0. Some other statistically significant correlations appear for some
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networks and some definitions of hydraulic or firefighting reliability, but no consistency is
observed.
Meanwhile, the HRE consistently correlates with 𝐸𝐷𝑉𝑆 [𝐹01 ], which would indicate that, even
though it is not a good predictor of the actual value of RelExp, it is able to rank a sample of
designs from more reliable to less reliable with acceptable accuracy if the supply/demand ratio is
used.
Additionally, an unexpected correlation emerged between HRE and 𝐸𝐻𝐴𝑆 [𝐹04 ]. A case-by-case
analysis suggested that, since many hydrant activation scenarios did not affect considerably the
pressures in the network, 𝐹03 and 𝐹04 were mostly driven by a handful of scenarios that reduced
the pressures to the point of producing a nodal supply/demand ratio under 0.80. In turn, the
number of scenarios that affected the network was smaller for higher values HRE since,
generally, high HRE designs had sparser conveyance capacity, while low HRE designs relied in
less and larger pipes.

8.6.2 Single-period simulation vs. Extended period simulation functionalities
In order to evaluate the discrepancies between evaluating functionalities only at the peak hour
(𝑡𝑝𝑒𝑎𝑘 ) and evaluating the functionalities during the entire day using extended period simulation,
a comparative analysis was performed for three definitions of functionality. The functionalities
used for comparison were the equivalent single-period simulation versions of 𝐹01 , 𝐹02 and 𝐹03 as
shown in Eqs. (8-21), (8-22), and (8-23), respectively:
𝐹𝑃𝑒𝑎𝑘01 =

𝑇
𝑇 (𝑟𝑒𝑞)

= ∑ 𝑄𝑖 (𝑡𝑝𝑒𝑎𝑘 )⁄ ∑ 𝑄𝐷𝑖 (𝑡𝑝𝑒𝑎𝑘 )
𝑖∈𝑁

(8-21)

𝑖∈𝑁

𝐹𝑃𝑒𝑎𝑘02 = ∑
𝑖∈𝑁

𝑄𝑖 (𝑡𝑝𝑒𝑎𝑘 )

⁄ |𝑁|
𝑄𝐷𝑖 (𝑡𝑝𝑒𝑎𝑘 )
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(8-22)

𝐹𝑃𝑒𝑎𝑘03 = count { 𝑖 |
𝑖∈𝑁

𝑄𝑖 (𝑡𝑝𝑒𝑎𝑘 )
𝑄𝐷𝑖 (𝑡𝑝𝑒𝑎𝑘 )

≥ 0.80}⁄|𝑁|

(8-23)

It is noted that there is no sound way of creating a single-period simulation version for 𝐹04 since
it is related with the duration of a shortfall in supply, which necessarily requires an extended
period simulation of the network.
Figure 8-6 shows the expected value of 𝐹01 , 𝐹02 , and 𝐹03 for the five case studies and for all
perturbation scenarios (PBS, DVS and HAS), against the expected value of their single-period
versions evaluated at 𝑡𝑝𝑒𝑎𝑘 . It can be seen that for 𝐹03 (related with the number of nodes affected
by the perturbation), evaluating the response under single-period simulation gives almost the
same results as using extended period simulation. This would indicate that, on average, if a
demand node is affected at any time in the day by a pipe breakage, a demand variation, or a
hydrant activation, it can be detected using a single-period simulation during the peak hour.

0.9

EANY[FPeak03]

1

EANY[FPeak02]

1

EANY[FPeak01]

1

0.9

0.8

0.9

0.8
0.8

0.9
EANY[F01]

0.8

1

0.8

0.9
EANY[F02]

1

0.8

* VC01

VC02

VC03

VC04

VC05

0.9
EANY[F03]

1

Figure 8-6. Comparison of single-period and extended period simulation functionalities
However, for 𝐹01 and 𝐹02 the results show that, under some conditions, there will be
discrepancies between RelExp estimations using single or extended period simulations. In the
case of 𝐹01 , the differences are not significant in most cases, but, for a handful of cases, the
differences reach up to 4.5%. Moreover, in 87.1% of the cases, the evaluation at peak
overestimates the magnitude of shortfalls (or underestimated the reliability). This is due to the
fact that 𝐹01 considers the 24-hr behaviour of the network, which includes many periods during
which the system is able to supply a higher part of the demand than what a single-period
simulation at 𝑡𝑝𝑒𝑎𝑘 would show.
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On the other hand, 𝐹02 presents the highest differences, which occur especially in system VC02.
This occurs because VC02 has two hydraulic districts with relatively little demand in which the
water tanks are comparatively small (North-East sectors of the city in Figure 8-4). These two
districts are particularly vulnerable to perturbations in the network due to their poor connectivity
with the main network, and their small water storage to supply higher demands. Therefore, many
pipe breakage scenarios would disconnect completely some nodes from the main source while
many demand disturbances reduce the pressures, and in both cases the tanks drain completely.
Since single-period simulation does not have the capacity to model when, and for how long, a
tank is empty, 𝐹𝑃𝑒𝑎𝑘02 overestimates the reliability in such cases.
To show evidence of this, Figure 8-7 compares the single-period simulation functionalities
against 𝐹𝑀𝑖𝑛01 , 𝐹𝑀𝑖𝑛02 , and 𝐹𝑀𝑖𝑛03 , which are defined similarly to Eqs. (8-21), (8-22), and
(8-23), but at the time in the extended period simulation that produces the lowest value instead of
𝑡𝑝𝑒𝑎𝑘 . It can be seen that the overestimation of reliability by the single-period simulation
functionalities at 𝑡𝑝𝑒𝑎𝑘 is more frequent and higher when compared with the most critical time in
the day. In this case, the discrepancies can be up to 50.3%
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Figure 8-7. Comparison of single-period and extended period simulation functionalities
It is also worth mentioning that differences between 𝐹𝑃𝑒𝑎𝑘02 and 𝐹02 (or 𝐹𝑀𝑖𝑛02 ) are more
noticeable, since, as mentioned previously, many of the affected nodes have a relatively small
demand that does not significantly affect the overall supply/demand ratio used in 𝐹01 and
𝐹𝑃𝑒𝑎𝑘01 , even if they are still identified by both 𝐹03 and 𝐹𝑃𝑒𝑎𝑘03 . This suggests that
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quantifying reliability using only the supply/demand ratio overlooks the local impact that nodes
or districts with small demand can have after a perturbation and it might be advisable to consider
metrics like 𝐹02 or 𝐹03 for a full assessment.
Table 8-4 shows the relative difference between evaluating the functionalities at peak, at the
worst time step of the simulation, and at the full simulation day, for the three sample spaces used.
It can be seen that the nodal average of supply/demand ratio (𝐹02 ) is the most sensitive of the
functionality equations used, as mentioned before.
Regarding the different sampling spaces, DVS produces higher differences when comparing the
functionality at the peak versus functionality during the entire simulation day. However, when
compared against the minimum value, PBS and HAS scenarios can generate considerable
differences in the estimated reliability. This can be due to DVS scenarios generating a longlasting, but mild perturbation in the hydraulic response, while PBS and HAS produce higher
shortfall peaks at certain specific times different than the peak hour.
Table 8-4. Comparison of single-period and extended period functionalities for each sample
space

E[FPeak01] vs. E[F01]
E[FPeak02] vs. E[F02]
E[FPeak03] vs. E[F03]
E[FPeak01] vs. E[FMin01]
E[FPeak02] vs. E[FMin02]
E[FPeak03] vs. E[FMin03]

Average Difference
PBS
DVS
HAS

Max. Difference
PBS
DVS
HAS

0.0%
2.3%
0.1%

0.7%
4.9%
0.1%

0.0%
2.2%
0.1%

0.1%
3.4%
1.1%

4.6%
17.1%
0.5%

0.2%
3.4%
1.1%

0.7%
7.7%
0.1%

0.7%
3.2%
0.4%

0.7%
7.7%
0.1%

12.8%
50.1%
1.3%

5.7%
9.0%
3.3%

13.1%
50.3%
1.3%

8.7 Conclusions
This chapter developed and tested four functions that quantify the functionality of a water
distribution system under different perturbation scenarios in extended period simulation. The four
functionalities were tested in five case studies based on real networks to estimate their reliability
under pipe breakage scenarios, demand variation scenarios and hydrant activation scenarios.
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The reliability metrics used in this study were based on Fujiwara and Tung (1991) definition, as
the expected value of the functionality, rather than the probability of non-failure. The MRE and
HRE (Paez & Filion, 2019) were tested as analytical solutions of the reliability equations.
Results showed that the MRE is a good estimator of mechanical reliability, as it is closely
correlated with the evaluation of reliability using the minimum-cut set method for all one-pipe
breakage scenarios, and in many cases it is considerably close to the actual value.
Similarly, the HRE is consistently correlated with the hydraulic reliability evaluated with Latin
Hypercube sampling for a functionality given by the supply/demand ratio. However, it has a
strong bias to underestimate the reliability, due to the simplifications required for its computation.
Since neither MRE or HRE were explicitly defined to estimate the firefighting reliability, no
significant correlation was expected. However, there seems to be a potential capability of HRE to
measure firefighting reliability as it consistently correlated with the expected value of
functionality 𝐹04 under hydrant activation scenarios. This capability might be worth to explore in
future research.
Regarding the comparison between single-period and extended period simulation to estimate the
reliability of the system, it can be concluded that:


On average, evaluating the functionalities only at 𝑡𝑝𝑒𝑎𝑘 is an acceptable simplification to
estimate the expected value of functionalities 𝐹01 and 𝐹03 , even though errors up to 5.0%
can be expected in some cases.



For functionality 𝐹02 , the estimation using only single-period simulation implies higher
chances of error, especially if the network is comprised of hydraulic districts with
relatively low demand.



Observations suggest that the hour with the lowest values of all functionalities for all the
networks under PBS and HAS does not necessarily happen at 𝑡𝑝𝑒𝑎𝑘 , and the differences
in functionality values can be considerable (up to 50%) depending on the function used.
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Since single-period simulations cannot estimate the effects of perturbations like demand
variation, pipe breakage, and hydrant activation, on water storage of tanks, it is
recommendable to perform extended period simulations, if computational capability is
available.

It is important to note that all functionalities were averaged amongst all nodes in the network.
However, future research could consider percentiles of the lowest nodal functionality values, to
measure dispersion of the nodal functionality and provide a better assessment that emphasises on
strongly affected nodes.
The firefighting reliability framework developed in this research, gave the same importance to
domestic and firefighting demands. In future works, it is recommended to include functionality
functions specific for HAS that gives more weight to hydrant demands.
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Chapter 9
Summary and Conclusions
9.1 Summary
Reliability is an important but abstract concept related with how trustworthy is a system, and in
the case of water distribution systems (WDS), how trustworthy is the water service. This thesis
developed a framework to quantify probabilistically the reliability of WDSs. The proposed
methods will allow practitioners and researchers to include objective reliability measures in
optimization routines, as well as post-process their results under a more comprehensive
perspective that includes the daily behavior of the systems and their service reduction under
stressing conditions.
Regarding the objectives of the thesis, the first objective was to collect and generate realistic case
studies that were representative of existing systems, enabling to extend the findings of this
research beyond theoretical simplified WDSs. Chapter 3 assembled two sets of real networks
from North and South America and compared them with synthetic networks generated using an
existing software. The results showed that the real networks cover a wider range of reliability and
connectivity values, measured with different metrics.
From the second objective, a pressure-driven analysis method that can be used in extended period
simulations was developed. This was one of the pillars of this research as it allowed to evaluate
the magnitude of the reduction in serviceability of WDSs using an extensively used and tested
software (EPANET 2.0). The method was explained and tested in Chapter 4.
The third and fourth objectives were related to the evaluation of reliability surrogate measures in
the optimization of real-sized WDSs in order to compare them and assess their performance.
Chapter 5 introduced a modification to a widely used optimization routine (NSGA-II) to increase
its efficiency using energy-based knowledge on the design of WDSs. Chapter 6, used this
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algorithm to optimize five real networks (from Chapter 3) and compare five reliability surrogate
measures. The results indicated that all power-based measures are highly correlated and given its
loose relationship with stochastic reliability it was found to be more convenient to develop more
consistent reliability measures.
Chapter 7 developed two novel reliability measures that combine a stochastic approach to
mechanical and hydraulic reliability, with the ease of computation of reliability surrogate
measures, fulfilling the fifth objective of this thesis. Regarding objective six, it also showed how
the new measures can be implemented in the previously developed optimization algorithm,
leading to smooth and clear Pareto fronts.
Finally, the last objective was to test the new reliability measures in an extended period
simulation, pressure driven analysis. The results of this analysis were shown in Chapter 8 where it
is seen how the measures are representative of the mechanical and hydraulic reliability as they
correlate consistently with stochastic metrics. Chapter 8 also developed four functionality
equations to assess the performance of the WDSs under perturbation scenarios, that would allow
decision makers to be aware of the effects of their decisions in different extents.

9.2 Contributions
This thesis produced four main research contributions for the assessment of the reliability of
WDSs. The research contributions consist of techniques to perform different steps in the
evaluation of reliability, and they can be used by engineers and decision makers to better
understand the performance of a WDS, and therefore secure the continuous delivery of water to
consumers:


A simple and efficient technique to perform pressure driven analysis of WDSs in
extended period simulations carried by EPANET 2 software. The developed method
proved to be accurate in solving the system of equations that describes pressure-driven
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simulations, even for large networks. This method allows to estimate the partial supply of
the demand after a perturbation to the system has occurred, such as pipe failures or
demand variations.


A method to combine domain knowledge given by energy-based WDSs design
algorithms with the Non-dominated Sorted Genetic Algorithm II (NSGA-II). The method
uses the novel concept of intermittent feedback to improve the solutions of NSGA-II
using previously processed results from the Optimal Power Use Surface method (OPUS).
This technique is capable of optimizing large networks in acceptable computational
times, reducing the number of generations required to reach convergence, and therefore
bringing optimization routines closer to practitioners dealing with real-network problems.



Two reliability measures that combine the stochastic nature of reliability with the fast
computation of surrogate measures. The Mechanical Reliability Estimator (MRE) and the
Hydraulic Reliability Estimator (HRE) allow to consider explicitly these two types of
reliability of the WDSs in optimization routines where efficient computation in required.
The estimators are capable of predicting the expected value of the supply-demand ratio to
some extent, and to correlate with that measure consistently.



A set of four functionality definitions to measure the daily serviceability of the WDSs
under perturbation scenarios. Each definition characterizes a version of reliability in
terms of overall supply of the demand, nodal supply of the demand, number of users with
continuous service, and average time users can rely on the water supply. These four
metrics give a broader perspective of the effects of a perturbation in the system and will
allow a more aware decision making process.
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9.3 Limitations
The framework developed to estimate the reliability of WDSs has a number of limitations. Firstly,
it is based on knowing the probability distributions of perturbations like demand variations, pipe
failures, or hydrant activations. However, those distributions are particular for each system, and
in many cases they are unknown. Moreover, for the case of pipe failure, the location of isolation
valves drives highly that probability distribution, and therefore results assuming all pipes can be
independently isolated may differ from the real case where the network is divided in a number of
segments with pipes that must be isolated simultaneously. Similarly, for hydrant activation
scenarios, the lack of data on frequency and duration of activation, prevents the corroboration of
the assumed probability distribution.
Secondly, the status of pipes and hydrants was assumed binary (open/closed). However, for the
case of pipes, partial failure may occur, and in some cases, no isolation is required to repair the
damage. The effect that this may have on the overall reliability of the system was not included in
this study.
Finally, in this thesis water leakage in the network was not considered explicitly, and therefore
the results from this study are limited to systems with low pressure-dependent leaks, even though
in future studies the method could be adjusted.

9.4 Recommendations for future work


Future work could address the previous limitations regarding the need to further
understand and adjust the probability distributions of the different perturbations to the
system making use of available data from utilities. This includes to study the effect of
hydraulic segments on the mechanical resilience, and a comparison with current results to
highlight the importance of a nourished set of isolation valves.
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Similarly, future research could make use of pressure-driven analysis capabilities to
consider leakage and partial failure of pipes, as well as other components of the system
like pumps, valves or storage tanks.



In this work, the effect of any perturbation on the nodal water supply was averaged
among all demand nodes of the networks, and no weights or considerations on more and
less critical consumers was included. In future studies, lower percentiles of nodal
functionalities could be used to assess the performance of the system, and a special
consideration could be included for the case of consumers with higher necessity for
continuous supply like hospitals.



Finally, this set of tools should be automated in a software to allow practitioners to
implement easily this framework on their particular WDSs closing the gap between
engineering research and practice. Moreover, a software of this kind also would allow
researchers to explore further implications of its use, and understand the relationship
between reliability and network layout for example.
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Appendix A
Detailed description of functions for NSGA-II + OPUS
The following text describes the implementation of NSGA-II (Deb et al., 2002) in Matlab, using a
modified version of the code by Mr. Aravind Seshadri (Seshadri, A., 2009), to implement the
intermittent feedback using previously processed results from OPUS (Saldarriaga et al., 2015):
function [N,ParetoSols] = nsga_2(N,initPF)
% nsga_2 This modified version of the original code by Aravid Seshadri,
receives as inputs, N: Matlab object containing the network model that will be
optimized; initPF: Initial population in case the user wants to initiate with a
“hot start”. The function returns the same object N, and the ParetoSols: Matrix
containing all individuals of the Pareto Front of the problem, including in
each row, the inputs (diameters) and optimized outputs (Cost and a reliability
metric) plus a Pareto number, and a crowding distance. *Modified by Diego Paez*
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

Copyright (c) 2009, Aravind Seshadri
Copyright (c) 2019, Diego Paez (only on the modifications made in the
original code)
All rights reserved.
Redistribution and use in source and binary forms, with or without
modification, are permitted provided that the following conditions are
met:
* Redistributions of source code must retain the above copyright
notice, this list of conditions and the following disclaimer.
* Redistributions in binary form must reproduce the above copyright
notice, this list of conditions and the following disclaimer in
the documentation and/or other materials provided with the distribution
THIS SOFTWARE IS PROVIDED BY THE COPYRIGHT HOLDERS AND CONTRIBUTORS "AS IS"
AND ANY EXPRESS OR IMPLIED WARRANTIES, INCLUDING, BUT NOT LIMITED TO, THE
IMPLIED WARRANTIES OF MERCHANTABILITY AND FITNESS FOR A PARTICULAR PURPOSE
ARE DISCLAIMED. IN NO EVENT SHALL THE COPYRIGHT OWNER OR CONTRIBUTORS BE
LIABLE FOR ANY DIRECT, INDIRECT, INCIDENTAL, SPECIAL, EXEMPLARY, OR
CONSEQUENTIAL DAMAGES (INCLUDING, BUT NOT LIMITED TO, PROCUREMENT OF
SUBSTITUTE GOODS OR SERVICES; LOSS OF USE, DATA, OR PROFITS; OR BUSINESS
INTERRUPTION) HOWEVER CAUSED AND ON ANY THEORY OF LIABILITY, WHETHER IN
CONTRACT, STRICT LIABILITY, OR TORT (INCLUDING NEGLIGENCE OR OTHERWISE)
ARISING IN ANY WAY OUT OF THE USE OF THIS SOFTWARE, EVEN IF ADVISED OF THE
POSSIBILITY OF SUCH DAMAGE.

% Original algorithm NSGA-II was developed by researchers in Kanpur Genetic
% Algorithm Laboratory and kindly visit their website for more information
% http://www.iitk.ac.in/kangal/
function f = initialize_variables()
% *Initialize Population *Modified by Diego Paez*
%
%
%
%
%
%

Population is initialized with random values which are within the
specified range. Each chromosome consists of the decision variables. Also
the value of the objective functions, rank and crowding distance
information is also added to the chromosome vector but only the elements
of the vector which has the decision variables are operated upon to
perform the genetic operations like crossover and mutation. To consider
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% the domain knowledge from OPUS, the generation of random individuals is
% performed, half with uniform distribution and half with exponential
% distribution
%
%
%
%
%
%

*Sort the initialized population
Sort the population using non-domination-sort. This returns two columns
for each individual which are the rank and the crowding distance
corresponding to their position in the front they belong. At this stage
the rank and the crowding distance for each chromosome is added to the
chromosome vector for easy of computation.

function f = genetic_operator(parent_chromosome)
% *Start the evolution process *Modified by Diego Paez*
%
%
%
%
%
%

The following are performed in each generation
- Select the parents which are fit for reproduction
- Perform crossover and Mutation operator on the selected parents
- Perform Selection from the parents and the offsprings
- Replace the unfit individuals with the fit individuals to maintain a
constant population size.
%
%
%
%
%
%
%
%
%

*Select the parents
Parents are selected for reproduction to generate offspring. The
original NSGA-II uses a binary tournament selection based on the
crowded-comparison operator. The arguments are
pool - size of the mating pool. It is common to have this to be half the
population size.
tour - Tournament size. Original NSGA-II uses a binary tournament
selection, but to see the effect of tournament size this is kept
arbitrary, to be chosen by the user.

function f = tournament_selection(chromosome, pool_size, tour_size)
% *Selection process *Modified by Diego Paez*
% A binary tournament selection is employed in NSGA-II. In a binary
% tournament selection process two individuals are selected at random
% and their fitness is compared. The individual with better fitness is
% selected as a parent. Tournament selection is carried out until the
% pool size is filled. Basically a pool size is the number of parents
% to be selected. The input arguments to the function
% tournament_selection are chromosome, pool, tour. The function uses
% only the information from last two elements in the chromosome vector.
% The last element has the crowding distance information while the
% penultimate element has the rank information. Selection is based on
% rank and if individuals with same rank are encountered, crowding
% distance is compared. A lower rank and higher crowding distance is
% the selection criteria.
%
%
%
%
%
%
%
%
%
%
%

*Perform crossover and Mutation operator
The original NSGA-II algorithm uses Simulated Binary Crossover (SBX) and
Polynomial mutation. Crossover probability pc = 0.9 and mutation
probability is pm = 1/n, where n is the number of decision variables.
Both real-coded GA and binary-coded GA are implemented in the original
algorithm, while in this program only the real-coded GA is considered.
The distribution indexes for crossover and mutation operators as mu
and mum respectively. As a modification to the original algorithms, it
was introduced an extra step to avoid having duplicated individuals, by
removing them and replacing them with mutations of randomly selected
parents

% *Intermediate population
% Intermediate population is the combined population of parents and
% offsprings of the current generation. The population size is two
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% times the initial population.
function f = non_domination_sort_mod(x, M, V)
% *Non-domination-sort of intermediate population *Original version by
% Aravind Seshadri*
% The intermediate population is sorted again based on non-domination sort
% before the replacement operator is performed on the intermediate
% population.
function f = replace_chromosome(intermediate_chromosome, M, V,pop)
% *Perform Selection *Original version by Aravind Seshadri*
% Once the intermediate population is sorted only the best solution is
% selected based on it rank and crowding distance. Each front is filled in
% ascending order until the addition of population size is reached. The
% last front is included in the population based on the individuals with
% least crowding distance
function [newD] = getHotStartDiam(N, NStatic, initD)
% *Intermittent feedback from OPUS *Developed by Diego Paez*
% Every adj_freq number of generations, the genetic operator is replaced by
% a modification of the current solutions using the function getHotStartDiam()
% which computes the pipe flow rates for each solution and uses them to
% calculate the recommended diameter according to OPUS Flow vs. Diameter
% distribution.
function discreteVals = findClosest(availableList,continuousVals)
%% Function to find closest diameters to a continuous list of diameters
*Developed by Diego Paez*
function [newD] = getHotStartDiam(N, NStatic, initD)
% Recalculates the diameters using the computed flows and the potential
relationship between maxQ and D found with OPUS *Developed by Diego Paez*
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Appendix B
Detailed description of functions to compute MRE and HRE
The following text shows the implementation of the functions getMRE() and getHRE() to
compute the Mechanical Reliability Estimator and the Hydraulic Reliability Estimator in Matlab:
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

Copyright (c) 2019, Diego Paez
All rights reserved.
Redistribution and use in source and binary forms, with or without
modification, are permitted provided that the following conditions are
met:
* Redistributions of source code must retain the above copyright
notice, this list of conditions and the following disclaimer.
* Redistributions in binary form must reproduce the above copyright
notice, this list of conditions and the following disclaimer in
the documentation and/or other materials provided with the distribution
THIS SOFTWARE IS PROVIDED BY THE COPYRIGHT HOLDERS AND CONTRIBUTORS "AS IS"
AND ANY EXPRESS OR IMPLIED WARRANTIES, INCLUDING, BUT NOT LIMITED TO, THE
IMPLIED WARRANTIES OF MERCHANTABILITY AND FITNESS FOR A PARTICULAR PURPOSE
ARE DISCLAIMED. IN NO EVENT SHALL THE COPYRIGHT OWNER OR CONTRIBUTORS BE
LIABLE FOR ANY DIRECT, INDIRECT, INCIDENTAL, SPECIAL, EXEMPLARY, OR
CONSEQUENTIAL DAMAGES (INCLUDING, BUT NOT LIMITED TO, PROCUREMENT OF
SUBSTITUTE GOODS OR SERVICES; LOSS OF USE, DATA, OR PROFITS; OR BUSINESS
INTERRUPTION) HOWEVER CAUSED AND ON ANY THEORY OF LIABILITY, WHETHER IN
CONTRACT, STRICT LIABILITY, OR TORT (INCLUDING NEGLIGENCE OR OTHERWISE)
ARISING IN ANY WAY OUT OF THE USE OF THIS SOFTWARE, EVEN IF ADVISED OF THE
POSSIBILITY OF SUCH DAMAGE.

function [MRE] = getMRE( Nodes, Links, Sources_Index)
%GETMRE Computes the Mechanical Reliability Estimator for a network
%
Nodes: Structure with information of the nodes of the network
%
Links: Structure with information of the links of the network
%
Sources_Index: List of indexes from the Nodes structure with Reservoirs
%
or tanks
%% Get Required variables
Links_Diam=Links.Diam;
Links_Flow=Links.Flow;
Sources_Inflow = -Nodes.ADemand(Sources_Index);
%% Computation
%Compute the total demand of the network
Treq = sum(Sources_Inflow);
%Availability Using Culliane et al. (1992) eq:
D=double(Links_Diam(:));
Links_Availability=(0.21218*(D/25.4).^1.462131)./(0.00074*(D/25.4).^0.285+0.212
18*(D/25.4).^1.462131);
%p(0):
p0=prod(Links_Availability);
%p(m):
Am=Links_Availability;
Links_pm=p0.*(1-Am)./Am;
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%MRE(0) y MRE (1)
pm=Links_pm;
Qm=Links_Flow(:);
MRE0=p0+sum(pm.*(1-Qm./Treq));
MRE1=(MRE0-p0)/(1-p0);
MRE=[MRE0;MRE1];
end
function [HRE] = getHRE( Nodes, Links, DemandNodes_Index, Sources_Index,
reqPressure)
%GETHRE Computes the Hydraulic Reliability Estimator for a network
%
Nodes: Structure with information of the nodes of the network
%
Links: Structure with information of the links of the network
%
DemandNodes_Index: List of indexes from the Nodes structure with demand
%
nodes
%
Sources_Index: List of indexes from the Nodes structure with Reservoirs
%
or tanks
%
ReqPressure: minimum required pressure for the network
%% Get required variables
%Parameters
alpha=1.85; %2.0; %Exponent in friction losses eq.
CV=0.5; %Coefficient of variation for the demands
%Variables
DemandNodes_Demand = Nodes.ADemand(DemandNodes_Index);
DemandNodes_Head = Nodes.Head(DemandNodes_Index);
DemandNodes_ReqHead = reqPressure+Nodes.Elevation(DemandNodes_Index);
Sources_Inflow = -Nodes.ADemand(Sources_Index);
Sources_Head = Nodes.Head(Sources_Index);
%Compute the total demand of the network
Treq = sum(Sources_Inflow);
%% Get number of downstream nodes for each demand node
DemandNodes_DownsNodes=countDownstreamNodes(); %Uses Floyd-Warshall algorithm
DemandNodes_DownsNodes=estimateDownstreamNodes(); %Uses the flow upstream to
make the estimation
%% Computation
%Compute ((H0-Hmin)/(H0-Hi))^1/alpha
H0=max(Sources_Head);
Hi_min=DemandNodes_ReqHead(:);
Hi=DemandNodes_Head(:);
xi=((H0-Hi_min)./(H0-Hi)).^(1/alpha);
%Compute p(Xi<=xi)
mui=ones(length(xi),1);
Downsi=DemandNodes_DownsNodes(:);
sigmai=(CV)./(Downsi).^0.5;
pi=normcdf(xi,mui,sigmai);
%HRE
Di=DemandNodes_Demand(:);
HRE=1/Treq * sum(pi.*Di);
%% Auxiliary functions
function [DownstreamNodes] = countDownstreamNodes()
%FUNCTION TO COUNT DOWNSTREAM NODES FOR EACH NODE based on Floyd–
Warshall algorithm
NumNodes=length(Nodes.Index);
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NumLinks=length(Links.Index);
Reach=eye(NumNodes);
NodesIndex=Links.NodesIndex;
for m=1:NumLinks
n1=NodesIndex(m,1);
n2=NodesIndex(m,2);
if Nodes.Head(n1)>Nodes.Head(n2)
Reach(n1,n2)=1;
else
Reach(n2,n1)=1;
end
end
for k=1:NumNodes
for i=1:NumNodes
for j=1:NumNodes
if Reach(i,j)==0 && Reach(i,k)+Reach(k,j)==2
Reach(i,j)=1;
end
end
end
end
DownstreamNodes=sum(Reach,2);
DownstreamNodes=DownstreamNodes(DemandNodes_Index);
end
function [DownstreamNodes] = estimateDownstreamNodes()
%FUNCTION TO ESTIMATE DOWNSTREAM NODES FOR EACH NODE BASED ON FLOW
%UPSTREAM
Qi=zeros(length(DemandNodes_Index),1);
Links_Flow=Links.Flow;
j=1;
for i=DemandNodes_Index
AdjNodes = Nodes.AdjNodes{i};
AdjLinks = Nodes.AdjLinks{i};
Nodei_Head = Nodes.Head(i);
AdjNodes_Head = Nodes.Head(AdjNodes);
UpLinks = AdjLinks(AdjNodes_Head >= Nodei_Head);
Qi(j) = sum(Links_Flow(UpLinks));
j=j+1;
end
N=length(DemandNodes_Index);
DownstreamNodes=Qi*N/Treq;
end
end
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Appendix C
Complete results of the correlation analysis between reliability
surrogate measures
Chapter 6 of this document, showed a summary of the results of a correlation analysis performed
in five water distribution systems, solving four optimization problems for each system. The full
set of correlation plots found in this study is shown below:
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