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ABSTRACT

Water distribution networks necessitate many investments for construction,
prompting researchers to seek cost reduction and efficient design solutions.
Optimization techniques are employed in this regard to address these
challenges. In this context, the penalty-free multi-objective evolutionary
algorithm (PFMOEA) coupled with pressure-dependent analysis (PDA) was
utilized to develop a multi-objective evolutionary search for the optimization of
water distribution systems (WDSs).

The aim of this research was to find out if the computational efficiency of the
PFMOEA for WDS optimization could be enhanced. This was done by applying
real coding representation and retaining different percentages of feasible and
infeasible solutions close to the Pareto front in the elitism step of the
optimization. Two benchmark network problems, namely the Two-looped and
Hanoi networks, were utilized in the study. A comparative analysis was then
conducted to assess the performance of the real-coded PFMOEA in relation to
other approaches described in the literature. The algorithm demonstrated
competitive performance for the two benchmark networks by implementing real
coding. The real-coded PFMOEA achieved the novel best-known solutions
($419,000 and $6.081 million) and a zero-pressure deficit for the two networks,
requiring fewer function evaluations than the binary-coded PFMOEA.

In previous PFMOEA studies, elitism applied a default retention of 30% of the
least cost-feasible solutions while excluding all infeasible solutions. It was
found in this study that by replacing 10% and 15% of the feasible solutions with
infeasible ones that are close to the Pareto front with minimal pressure deficit

violations, the computational efficiency of the PFMOEA was significantly



enhanced. The configuration of 15% feasible and 15% infeasible solutions
outperformed other retention allocations by identifying the optimal solution with

the fewest function evaluations.
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1 INTRODUCTION

1.1 Background

Water Distribution Systems (WDSs) are essential in modern society, and their
value cannot be overstated. These systems serve as passive infrastructure for
transporting potable water from treatment plants to consumers, satisfying
residential, industrial, commercial, and firefighting requirements (WHO, 2014).
Nonetheless, it is worth noting that the construction, operation, and
maintenance costs associated with WDS are usually very high (Sangroula et
al.,, 2022). According to Sangroula et al. (2022), the WDS accounts for
approximately 80% of the entire cost of a water supply project. Therefore,
designing a cost-effective and sustainable Water Distribution Network (WDN)

is vital.

Previously, engineers relied on trial-and-error techniques to find low-cost WDS
solutions (Zarei et al., 2022). However, engineers have been doing it for a few
decades using optimization techniques to select cost-effective WDS that meet
the required water demands while maintaining adequate pressure (Zarei et al.,
2022). One distinctive aspect of engineering optimization is the use of multiple
yet sometimes conflicting decision-making criteria alongside constraints (Deb
et al., 2002; Mala-Jetmarova et al., 2018). Such problems have optimal
solutions in the constraint boundary region, whereas the infeasible and feasible
solutions are located on both sides of the boundary region (Siew and
Tanyimboh, 2012a).

The computational complexity of optimizing WDNSs is high due to the numerous
physical components and operational requirements inherently associated with

the systems (Sangroula et al., 2022). As a result, traditional optimization



approaches such as enumerative and calculus have seen a major decrease in
recent decades (Savic and Walters, 1997; Tran, 2005). Therefore, the
development of random guided search techniques known as metaheuristics
enables a trade-off between computational time and quality Mala-Jetmarova
et al., 2018). These search techniques include hill climbing, Tabu search, and
Evolutionary Algorithms (EAs) (Savic and Walters, 1997; Tran, 2005). Fang
(2007) stated that EAs solve complex multi-objective optimization problems by
mimicking biological theories. EAs are integrated into hydraulic models like
EPANET, and the resulting nodal head values are assessed using pressure-
related constraints (Zarei et al., 2022). Over the past decade, various
techniques falling under the umbrella of EAs have been developed and
employed (Mala-Jetmarova et al., 2018). One prominently used approach
within the array of EAs are the Genetic Algorithms (GAs), which has gained
recognition and broad usage (Deb et al., 2002; Tran, 2005).

One significant drawback of EAs is their inability to deal with constraints directly
(Siew et al., 2014). Most WDS optimization studies use the conventional
Demand Driven Analysis (DDA) method as a hydraulic solver (Kadu et al.,
2008). However, DDA cannot simulate pressure-deficient conditions due to the
assumption that all nodal demands are fully supplied regardless of pressure
(Siew and Tanyimboh, 2012b). Therefore, many past studies (Kadu et al., 2008;
Abdy Sayyed et al., 2019; Sangroula et al., 2022; Zarei et al., 2022) utilized
penalty functions or special techniques to handle pressure constraint violations.
In this context, infeasible solutions under the cost-driven objective function
incur extra penalty costs based on its current state of deficiency (Siew and
Tanyimboh, 2012a). The extent of this shortfall is directly proportional to the
corresponding penalty cost (Kadu et al., 2008). This implies that as the level of
deficiency increases, so does the penalty cost (Kadu et al., 2008). However,
the disadvantage of this approach is that additional expertise is required to



calibrate the penalty parameters (Siew and Tanyimboh, 2012a). Furthermore,
the method is not simple and is fine-tuned on a case basis (Mala-Jetmarova et
al., 2018).

Siew and Tanyimboh (2012a) developed the Penalty-Free Multi-Objective
Evolutionary Algorithm (PFMOEA) approach to optimize WDSs to address the
drawback mentioned earlier. The approach creates a multi-objective
evolutionary search, eliminating the requirement for ad hoc penalty functions,
additional "boundary search" parameters, or specialized constraint handling
procedures (Siew et al., 2014). It achieves this through the use of pressure-
dependent analysis (PDA) (Siew et al., 2014). PDA can simulate both normal
and pressure-deficient networks, enabling accurate and rapid identification of
feasible solutions in the solution space (Siew and Tanyimboh, 2012b).

In earlier PFMOEA research, solutions were encoded and decoded using
binary representation between the solution and coding spaces (Siew and
Tanyimboh, 2012a; Seyoum and Tanyimboh., 2016; Tanyimboh and Seyoum,
2020). Although binary coding is simple to use, some researchers (Siew, 2011;
Siew et al., 2014) claim that it generates redundant codes. These codes do not
match any members of the finite discrete set to which the encoded parameter
belongs (Siew, 2011; Siew et al., 2014). Thus, real coding has been suggested
by Tanyimboh (2021) as a suitable substitute for redundant codes and to
increase the GA's computational efficiency.

Previous studies (Siew et al., 2014, 2016; Seyoum et al., 2016) have
characterized the PFMOEA as a bias-free approach that does not impose
penalties on infeasible solutions. However, a closer examination reveals that

this perception is not entirely accurate. The PFMOEA incorporates an elitism



mechanism that involves preserving 30% of the population, consisting of the
least cost-effective feasible solutions, within each generation (Siew and
Tanyimboh, 2012a). Concurrently, the remaining 70% of solutions undergo
selection using the crowding distance operator, which fills the remaining
population slots (Siew and Tanyimboh, 2012a). Consequently, the preference
for preserving feasible solutions in the PFMOEA leads the solutions to primarily
approach the active constraint boundary from the feasible side (Siew and
Tanyimboh, 2012a). This behaviour limits exploration of both the infeasible and
feasible sides (Siew et al., 2014). However, Ray et al. (2009) observed that
maintaining a small percentage of infeasible solutions close to the constraint
boundary during optimization enhances the GA's convergence rate. Hence,
refining the elitism process of the PFMOEA becomes crucial to improve the
approach performance (Ray et al., 2009).

1.2 Aims and Objectives of the Research

This study aims at finding out if the computational efficiency of the Penalty-Free
Multi-Objective Evolutionary Algorithm (PFMOEA) design optimization of water
distribution systems could be improved by:

1) Incorporating real coding representation in PFMOEA of WDN optimization

process.

2) Altering the elitism concept of PFMOEA that retains 30% of the best least-
cost feasible solutions in each generation.

1.3 Main Steps of the Methodology

The proposed approach employed real-coded Non-Dominated Sorting Genetic
Algorithm Il (NSGA Il) with GA operators such as Polynomial Mutation (PM),
Simulated Binary Crossover (SBX), and simple tournament selection. This was



done to develop a multi-objective framework within the PFMOEA approach.
Furthermore, the implementation was conducted in a MATLAB environment
and EPANET 2 was used to simulate system hydraulics. The results were
compared with the previous binary-coded PFMOEA and other approaches in
the literature. This was done to evaluate the real-coded PFMOEA's efficiency
and effectiveness. The second part of the study investigated the elitism concept
in PFMOEA using different retention percentages of infeasible and feasible
solutions in each generation. The Two-looped and Hanoi networks were utilised
to achieve the objectives of the study.

1.4 Layout of the Thesis

The dissertation is composed of seven chapters. Following the introduction
chapter, the dissertation has the following structure:

Chapter 2 provides a literature review of the analysis of water distribution
systems (WDSs), exploring the fundamental elements integral to their
formulation and modelling. This chapter has also tackled the applications,
standard procedures, operators, solution representation, boundary search
techniques, and constraint handling methods of Genetic Algorithms (GA). In
addition, the PFMOEA was also reviewed in detail.

Chapter 3 presents the proposed research methodology, as summarized in
section 1.3.

Chapter 4 provides the results and discussions of the study. Much emphasis is
on the results achieved using real-coded PFMOEA and the retention of different

percentages of feasible and infeasible solutions on the active constraint region.
Chapter 5 concludes the study and presents suggestions for further research.
Chapter 6 contains a list of references utilized in the present research.

Chapter 7 presents the input data used in this study.



2 HYDRAULIC ANALYSIS AND DESIGN OPTIMIZATION OF WATER
DISTRIBUTION SYSTEMS USING PENALTY-FREE MULTI-
OBJECTIVE OPTIMIZATION APPROACH

The objective of this chapter is to review the water distribution network analysis,
including its governing hydraulic equations and types of simulations.
Additionally, it discusses the design optimization of WDSs using Genetic
Algorithms (GA) and the Penalty-Free Multi-Objective Evolutionary Algorithm
(PFMOEA).

2.1 Review of Water Distribution Network Analysis

Water distribution models have evolved into fundamental engineering tools,
vital to numerous applications within water utilities, including design, calibration,
rehabilitation, and operation (Bello et al., 2019). These models have the
capability to simulate system dynamics across an array of scenarios, such as
pipe failure, peak demands, fire flows, and pipes bursts (Bhave and Gupta,
2006). Through the utilization of WDN models, it becomes possible to predict
operational challenges and evaluate potential solutions before allocating
resources to real-world projects (Bello et al., 2019). These models provide
valuable insights that help engineers make informed decisions about
investment capital and materials for Water Distribution Systems (WDS) (Bhave
and Gupta, 2006).

The WDS may be simulated using either extended-period or steady-state
simulation (Siew and Tanyimboh, 2012a). A steady-state analysis simulates a
WDS in a single time snapshot under stable or normal conditions (Ezzeldin and
Djebedjian, 2020; Khalifeh et al., 2020). In contrast, an extended period

analysis simulates the performance of a water distribution system more
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realistically over a specified time duration (Siew, 2011). This makes it
appropriate for modelling tank filling and draining, controlling valve operations,
and variations in pressure and flow rates owing to demand fluctuation (Khalifeh
et al., 2020).

WDN analysis model employs a node-link formulation regulated by energy
conservation around hydraulic linkages and mass conservation at nodes
(Khalifeh et al., 2020). Numerical methods are employed to solve the governing
hydraulic equations, yielding flow rates and nodal heads within the connections
(Ezzeldin and Djebedjian, 2020). The resultant model outcomes undergo
comparison against minimal performance requirements to ensure the solution
is feasible (Bello et al., 2019).

2.1.1 Governing hydraulic equations

WDNs are designed so that one element's hydraulic condition complements
the neighboring element's hydraulic state (Rossman et al., 2020). Mass
conservation and energy conservation concepts are utilized to determine if a
WDN is hydraulically balanced (llemobade and Stephension, 2006). The
continuity equation represents the mass conservation principle, met when a
network's sum of inflows and outflows is zero (Zarei et al., 2022). This occurs
when the mass entering any pipe equals the mass leaving the pipe. In network
modelling, outflows are taken at network junctions. The continuity equation is

written as follows:
(2.1)

n
qu' =0
i=1

where i is the node, q; is the nodal inflows and outflow, and n is the number of

pipes connected at the node.



The conservation of energy is stated using the head loss equation (Zarei et al.,
2022). This occurs when the total head losses in the pipes that constitute each

loop are equal to zero as expressed in Equation 2.2.

m

J=1

(2.2)

where m is the number of pipes in the loop, and h; is the head loss in each pipe

J-

In a hydraulic system, fluid possesses kinetic energy (due to movement),
potential (elevation) and pressure energy (Haghighi et al., 2011). The reduction
in water pressure or potential energy as it flows through a WDS is referred to
as head loss (Haghighi et al., 2011). Much of the head loss in a pipeline system
is caused by friction between the fluid and the walls of a pipe (Bhave and Gupta,
2006). Additionally, it is also as a result of the fluid particles as they move
relative to one another (Bhave and Gupta, 2006). Darcy-Weisbach (Equation
2.3), Hazen-Williams (Equation 2.4), and Chezy-Manning's (Equation 2.5)
equations can be used to calculate pipe head loss (Bhave and Gupta, 2006).

8fLQ? (2.3)
- gD>m?
wLQ1852 (2.4)
h = (18524871
_ nL(CQ)? (2.9)
h = D533



where h, L, and D are the pipe's head loss, length, and diameter in metres. fis
the pipe’s Darcy-Weisbach friction factor, Q is the flow rate in a pipe in cubic
meters per second, g is the gravitation due to gravity, C is the roughness
coefficient, and n is the Chezy-Manning dimensionless conversion factor
(10.29 in SI).

The unit conversion factor w is determined by the units used in Equation (2.4).
As a result, the calculation of head loss in Equation (2.4) is strongly dependent
on the specific value assigned to w. By choosing a greater w value, the head
loss in the pipe increases, necessitating larger pipe sizes and increasing the
network's overall cost (Palod et al., 2021). A lower w value, on the other hand,
minimizes head loss, allowing for smaller pipe diameters and thereby lowering
network costs (Palod et al., 2021). As a result, it is not appropriate to directly
compare the costs of different networks from different studies since
researchers utilize different values of w (Palod et al., 2021). Siew and
Tanyimboh (2012a), as well as Savic and Walters (1997) used similar w values
of 10.5088 and 10.9031. On the other hand, Cunha and Sousa (2001) solely
employed a w value of 10.5088 while llemobade and Stephenson (2006) used
a w value of 10.7. EPANET 2 hydraulic simulator uses a Hazen-Williams
equation with w value of 10.667 (Rossman, 2000). Thus, the efficiency of the
optimization approach can be evaluated by comparing the maximum number
of function evaluations (NFEs) (Palod et al., 2021). As they are required to
obtain an optimal cost across different w values (Abdy Sayyed et al., 2019;
Palod et al., 2021).

In addition to the equations 2.3 to 2.5, the resistance coefficient for the pipe is

used to calculate the head loss h, as shown in equation 2.6.



h=KQY (2.6)

where the pipe resistance coefficient is represented by K; the flow exponent n,

is equivalent to 2 for Darcy-Weisbach and Chezy-Manning, and 1.852 for

Hazen-Williams.

At each demand node, the minimum required heads are often specified to fully
evaluate the WDS's capacity to supply nodal requirements. This constraint is

briefly written as

H; = H (2.7)

where H; is the actual pressure head at the node, and H;“? is the required
pressure head at the node. The required pressure head is the minimum
pressure at a node above which all demands are met. H; is determined by

hydraulic simulation.

2.1.2 Types of hydraulic simulations
Steady state simulation

The hydraulic simulation in steady state analysis is done in a single period
under the premise that reservoir water levels and nodal demands are constant
(Khezzar et al., 2001; Qiu and Ostfeld, 2021). This assumption does not
accurately represent real world network performance since the nodal
requirements and reservoir water levels do not stay constant (Khezzar et al.,
2001). Engineers often utilize steady state simulation for WDN design purposes
since it does not need much data and can be used to determine the appropriate

10



network layout and pipe diameters (Qiu and Ostfeld, 2021). Nevertheless, there
exist numerous scenarios where steady-state simulation proves to be
insufficient, such as when assessing tank volumes or examining valve
operations (Qiu and Ostfeld, 2021). In these instances, it becomes imperative
to simulate WDNSs over a specified time period (Qiu and Ostfeld, 2021).

Extended period simulation

The extended period simulation (EPS) is used to evaluate changes in demand,
pump performance, or tank water level over a longer duration (Saleh, 2013;
Bello et al., 2019). Due to significant daily swings in demand, the EPS is often
done over 24 hours (Czajkoska, 2016).

2.1.3 Network Analysis

The WDN is designed to deliver water to every node in the system with
appropriate pressure to satisfy the needs of all users (WHO, 2014). Thus,
network analysis methods that include the head-driven and demand-driven
analysis are used to simulate and evaluate water flow (Siew, 2011).

Demand-driven network analysis

The conventional approach for analyzing WDNs is demand-driven analysis
(DDA). It assumes that nodal demands are satisfied in full irrespective of the
nodal pressure (Siew, 2011). In real world, satisfying nodal demands becomes
challenging due to the available pressure falling below the required pressure
(Seyoum, 2015). Several factors, including increased pipe demand, network
expansion, and leakage through joints and pipes, induce pressure drops
(Seyoum, 2015). In such operating situations, it is more feasible to apply
pressure-dependent analysis, in which nodal supplies are based on nodal

11



pressure, and to evaluate the pressure-outflow connection (Siew and
Tanyimboh, 2012b).

Despite its limitations, the DDA method continues to be commonly used in the
water industry due to its simplicity. Four distinct approaches exist for
addressing the DDA problem. These methods encompass the Hardy-Cross
method (Martin and Peters, 1963), Linear Theory (Wood and Charles, 1972),
and the Global Gradient approach (Todini and Pilati, 1988). This study presents
the Global Gradient method explicitly.

Global Gradient Method

Todini and Pilati (1988) used the Newton-Raphson iterative numerical
technique in the Global Gradient Method (GGM) to calculate pipe nodal heads
and flow rates. Specifically, the GGM replaces the corrected values for nodal
heads and pipe flow rates in the head loss equation as Hf = H¥ + AH} and

Qf = Qf + AQf; respectively.

Furthermore, the GGM, like other linear theory methods, does not need solving
the continuity equations at all nodes to begin the process (Czajkoska, 2016).
The unknowns in the Q-H equations are the nodal heads and pipe flow rates
(Czajkoska, 2016). Nonlinear functions are linearized using Taylor's series
(Czajkoska, 2016). Therefore, the kth iteration for the non-linear head loss
equations can be expressed as

(HE + AHE) — (HF + AHF) = K(Q5)™ +npKig| QK5 [™ ™ 80k Vi (2.8)
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By stating the nodal heads H/*' and H/**' in corrected terms, Equation 2.8 can
be rearranged and rewritten as follows.

k+i k+i ksl
HE = Hf — ek | Q|

f AQK = K;;(QF)™ Vij (2.9)

In the above equation, Hf*' = Hf + AHf and Hf*' = Hf + AH. Substituting
the corrected pipe flow rate Q/5"* for Qf; + AQ/; in Equation 2.9 results in the
following

k+i k+i k|1
H{ — HI — K| Q|

f QF = (1 —npKQF)™ Vij (2.10)

Equation 2.10 provides a sequence of linear equations for combining the
adjusted nodal heads and pipe flow rates. Because of the linearity of the
continuity equation, the relationship may be expressed in adjusted pipe flow
rates as

ijEJ

Equations 2.10 and 2.11 are solved simultaneously to establish the values of
pipe flow rates and nodal heads. Initially, the values of Q{‘j (pipe flow rates)
might be given to one or any arbitrary number for the first iteration. As the
iteration process continues, the changes in nodal head and pipe flow rates
become insignificant (Czajkoska, 2016).

The United States Environmental Protection Agency (USEPA) developed
EPANET 2.0 (Rossman, 2000), which has been the industry standard for
modelling WDNSs for the last twenty years. EPANET 2.0 is a DDA simulator that
simulates networks of any size using a hydraulic solver based on the fast GGA
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(Rossman, 2000). It also includes extended period simulation and steady state
analysis (Rossman, 2000; Qiu and Ostfeld, 2021). EPANET 2.0 calculates
friction head loss in pipes using one of the three well-known formulas (Darcy-
Weisbach, Chezy-Manning, or Hazen-Williams) (Saleh, 2013). The equations
include minor head losses for fittings and bends. Besides that, EPANET 2
computes pumping energy and cost (Rossman, 2000; Rossman et al., 2020).
The pumps are modelled using a head-flow curve, which may represent various
types of pumps with variable or constant speed (Rossman et al., 2020).
EPANET 2 additionally has tank size functionality whereby the tank height is
dependent on the diameter (Rossman, 2000).

EPANET 2.0 provides a wide variety of water quality modelling tools in addition
to hydraulic modelling (Rossman, 2000). It allows users to track the age of
water in a system and analysis the flow of reactive and non-reactive
constituents in the system over time (Rossman, 2000). A global reaction rate
coefficient that may be adjusted pipe by pipe is also included (Saleh, 2013).
Users may monitor the percentage of flow from one node to another over time,
and growth or decay reactions can continue until the limiting concentration is
reached (Rossman, 2000; Saleh, 2013). The software is available as an
independent external application and an open-source Programmer Toolkit. The
Programmer Toolkit comprises over 50 functions and is a dynamic link library
(DLL) that empowers researchers to modify EPANET to suit their specific
requirements (Saleh, 2013).

The newest version of EPANET 2.0 released by the USEPA is EPANET 2.2
(Rossman et al., 2020). It provides the option of implementing PDA or DDA
solver for hydraulic analysis (Rossman et al., 2020). However, Gorev et al.
(2021) observed some problems with using the PDA option. EPANET 2.2

assumes that all nodes have the same minimum and required pressures and
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that each node has a single type of demand (Gorev et al., 2021). This may not
reflect real-world WDNs, where the minimum and required pressures can vary
between nodes, and some nodes may have fixed fire. Therefore, alternative
PDA methods are needed to accurately simulate networks with different

pressure requirements or multiple demand types.

Siew and Tanyimboh (2012b) developed an EPANET 2 model extension called
EPANET-PDX, incorporating a pressure-dependent analysis feature. EPANET-
PDX maintains all the features of EPANET 2, such as demand-driven analysis,
extended period simulation, hydraulics, and water quality (Siew and Tanyimboh,
2012b). Unlike EPANET 2.2, EPANET-PDX employs the Tanyimboh and
Templeman (2010) logit pressure-dependent function (Siew and Tanyimboh,
2012b). The function aids in the generation of correct results for network
simulations with pressure deficits (Seyoum et al., 2011; Seyoum and
Tanyimboh, 2016).

Pressure Dependent Analysis

The Pressure Dependent Analysis (PDA) takes into account of the relationship
between pressures at nodes and the demands in a network (Tanyimboh and
Templeman, 2010; Seyoum et al., 2011; Seyoum, 2015). This provides a more
precise depiction of network deficiencies, offering improved accuracy (Siew
and Tanyimboh, 2012b). The development of PDA models can assist engineers
in water companies to assess WDSs performance under various pressure
conditions (Gorev et al., 2021). Moreover, these models allow for the
identification of pressure-deficient nodes where nodal demand may not be fully
met (Seyoum et al., 2011; Seyoum, 2015). In contrast to DDA, PDA provides
realistic nodal head values, particularly in scenarios characterized by pressure

insufficiency (Siew and Tanyimboh, 2012b). Over time, various functions have
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emerged to account for the pressure-dependency of nodal consumption. These
functions are based on the concept of pressure-outflow relationships (Seyoum
et al., 2011). Presented herein are a few examples of PDA functions.

A parabolic equation for nodal pressure and outflow was proposed by Wagner
et al. (1988) and Chandapillai (1991), which can be written as

Hides — Hl_min + R(QZ"GQ)TLQ (212)
Q;, = Qireq H; = Hireq (2.13)
1 min < pg.o< Hgred 2.14
Q QTeq Hi - Himm Tle Hl - Hl - Hl ( )
LT X Hl-req _ Hl_min
Q=0 H, = gmin (2.15)

where R denotes the resistance coefficient, and the exponent parameter, n,,
can be modified from 1.5 to 2 (Gupta and Bhave, 1996).

Q; refers to the nodal i outflow that can be provided by the system, while Q;°?

i
is the required demand at node i. H; is the actual head at node i, and H™™"
denotes the nodal head at node i that results in zero outflows, which is the

r

node elevation in practice. Finally, H;“? is the head required at node i to fully

meet the demand.
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Germanopoulos (1985) developed an equation that is used to approximate the

nodal flow in a pressure-deficient network as

Qp=QFqF—bﬁﬂ4%§] (2.16)

where Pr; is the actual pressure at the node i while Pr;" is the part of the
pressure at which the required demand of node i is met. The coefficients of a
node to be calibrated are given as b; and c;. If field data is not obtainable b;
and c; are assumed to be 10 and 5, respectively. Similarly, Pr;" is also assumed
as a head to meet 93,2% of the required node demand. Equation 2.16 has a
drawback as it tends to give Q; # 0 at H; = H™™ and Q; # Q;°? at H; = H]**
(Czajkoska, 2016). As a reiteration, Gupta and Bhave (1996) developed an
upgraded version of Equation 2.16 that addresses the setback stated earlier.

_<ﬂ> (2.17)
l req _ mln
Qi=0Q " [1—be i

l

Fujiwara and Ganesharajah (1993) incorporated pressure-dependent outflow
in their approach. Although the function of the approach can analyze any WDN,

it has a complex form which can be written as

fH“{ilm(H—HZ"i“)(HZ “_pyan  HM™" < H; < H* (2.18)

re
Qi = Qi 1 ' ed

J‘Hrlnin
i

(H-H™™)(H]*1-H)dH

Tanyimboh and Templeman (2010) proposed a nodal outflow function based
on a Logit function. It permits a seamless transition from zero to partial nodal
outflow, as well as from partial to full demand satisfaction. Thus, when one
likens it to other head flow functions, there are no discontinuities in the
derivatives or function. Presented herein is Tanyimboh and Templeman (2010)
nodal outflow equation.
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exp(a; + f;H;) (2.19)
1+ exp(a; + B;H;)

Q=01

The parameters calibrated to control the flow in the field and the shape of the
function curve are a; and p;, respectively. In case the field data is not
obtainable, Tanyimboh and Templeman, (2010) proposed replacing the
Demand Satisfaction Ratio (DSR) value with 0.01 in scenarios where H; <
H™™ and 0.999 when, H; = H;*. When Equation 2.19 is adjusted, the

equation will be as presented.

Qi exp(a; + BiH;) (2.20)
(0 1+ exp(a; + BiH))

Where the node DSR is Q;/Q; °“ and is associated with values between 0 and

1.0. The correlation of nodal head and DSR values is given below.

H; = H 1 If DSR=1 (2.21)
H; < H™" If DSR=0 (2.22)
HMn < |, < HT® If 0<DSR<1 (2.23)

In Equations 2.21 to 2.23, the node demand is fully met when the DSR is
equivalent to 1.0 (Czajkoska, 2016). The demand is partially satisfied when the
DSR is associated with a value between 1 and 0. In addition, when the DSR is

0, no outflow is achieved.
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2.2 Review of Design Optimisation of Water Distribution Systems

The use of EAs to address the challenges of WDN designs have drastically
increased over past years. EAs encompass a range of methods including GAs,
simulated annealing, harmony search, differential evolution and self-adaptive
differential evolution (Czajkoska, 2016; Sirisant and Janga, 2018). These
algorithms have consistently demonstrated their efficacy over time, effectively
navigating both small and large networks to identify optimal solutions for the
WDN design (Saleh, 2013). However, it is worth noting that the dependability
and reliability of these algorithms are closely tied to specific parameters,
necessitating substantial effort for parameter tuning (Sirisant and Janga, 2018).
Hence, GAs are commonly used as they possess built-in mechanisms that
promote reliability, robustness, and adaptability across diverse problem
domains (Deb et al., 2002; Tran, 2005). This reduces the necessity for
extensive parameter fine-tuning (Tran, 2005).

2.2.1 Genetic algorithms in WDS

In the early 1960s and 1970s, Holland developed the GA concept (Deb et al.,
2002). GAs stand as metaheuristic optimization techniques founded on the
principles of natural evolutionary processes that is natural selection and genetic
inheritance (Savic and Walters, 1997). The core concept of natural selection is
based on the idea of evolution (Deb et al., 2002). In which individuals with larger
fitness levels persist and reproduce, while weaker individuals experience a
decline (Deb et al., 2002). On the other hand, genetic inheritance dictates that
offspring retain fundamental traits inherited from their parents, while random
mutations introduce novel attributes (Deb, 2000; Fang, 2007). Should these
new traits prove advantageous, they are retained and inherited by subsequent
generations (Deb, 2000). Consequently, the average fitness of individuals
increases with each successive generation (Deb, 2000). Previous research has
shown that GA is reliable and can solve design, rehabilitation, operation
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scheduling, tank sitting, and water quality optimization problems (Siew, 2011;
Czajkoska, 2016). Most studies observed that GAs are not usually trapped in
local optimum and can confidently undertake a global search (Konak et al.,
2006; Mishra, 2017; Katoch et al., 2021).

Classification of genetic algorithms in water distribution systems

Genetic Algorithms are categorized into two main types, real-coded and binary-
coded, based on how they represent solutions in the search space (Katoch et
al., 2021). Consequently, when a GA is employed for an optimization task, the
potential solutions are expressed within the phenotypic (solution) space and/or
the genotype (coding) space (Seyoum, 2015). However, the choice between
these two types depends on the nature of the problem being solved and how
the solutions are best represented in the algorithm (Katoch et al., 2021).
According to various studies (Holland, 1975; Kumar, 2013; Seyoum, 2015;
Czajkoska, 2016), proper representation of the phenotypic and genotypic

spaces significantly impacts the performance of the GA.

Binary-coded GAs

This is one of the most straightforward and widely used representations in GAs.
In this type of representation, the genotype uses bit combinations of 0 and 1 to
denote problem variables (Siew, 2011; Seyoum, 2015). Many prior researchers
(Barlow, 2009; Seyoum, 2015; Czajkoska, 2016) argue that binary encoding
proves highly advantageous for the optimization of WDS design. Particularly,
this is due to the discrete nature of decision variables such as pipe diameters
(Saleh, 2013). Nonetheless, certain encodings may lead to redundancy when
employing binary representations for parameters belonging to a finite discrete
set (Siew, 2011; Seyoum, 2015). For instance, in a network with six potential

pipe diameter sizes, a 3-bit substring would be required, yielding eight
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substrings (i.e., 2"3) (Czajkoska, 2016). Consequently, the decision variable
would encompass six substrings, with the remaining two demonstrating
redundancy within this context (Czajkoska, 2016). As a countermeasure to this
issue, Tanyimboh (2021) proposed the adoption of real coding as a viable
substitute for these redundant representations, resulting in an enhancement of

the computational efficiency of the GA.

Real-coded GAs

In real coding, the actual values represent variables in solutions (Seyoum,
2015; Czajkoska, 2016). Essentially, the genotype space has the same
structure as the phenotypic space (Barlow, 2009; Deep et al., 2009; Seyoum,
2015). The real coding is advantageous, as it encompasses a continuous
search space and accommodate numerous design variables within the
framework of an optimization problem (Deep et al., 2009; Seyoum, 2015). In
contrast, an approach involving bit-string representation would be inefficient,
as it would be represented by excessively lengthy chromosomes (Tanyimboh,
2021). Real-coded GAs are also commonly used in automatic control,
combination optimization, planning and design (Wang et al., 2019).

Genetic operators

Genetic Algorithms (GAs) employ several operators to navigate the search
process effectively. The essential genetic operators, namely selection,
crossover, and mutation, constitute pivotal components of this process (Deb et
al al., 2000). Both binary-coded and real-coded Genetic Algorithms (GAS)
employ identical selection methodologies, as the whole selection mechanism
relies on the assessment of fitness values (Panteleev and Metlitskaya, 2011).
However, the crossover and mutation types employed by real-coded GAs differ
from binary-coded GAs (Jebari and Madiafi, 2013; Marques et al., 2015). This
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difference is due to the distinct encoding schemes employed by each type of
algorithm (Marques et al., 2015). The reason behind this distinction lies in the
nature of the solution space (see section 2.2.1.1). Therefore, to ensure the
effective exploration of the continuous solution space, real-coded GAs require
crossover and mutation operators that are tailored to handle real-valued
representations (Deb et al., 2002; Deep et al., 2009; Panteleev and Metlitskaya,
2011). These modified operators enable the exploration and exploitation of
potential solutions more appropriately, considering the continuous nature of the
problem domain (Panteleev and Metlitskaya, 2011).

Selection operator

The selection operator is an important step in reproduction in which the fittest
genes are chosen to carry on to the next generation (Barlow, 2009; Deb, 2000).
This operator enables the elimination of weak genes while maintaining the
population size constant (Deb et al., 2002). This operation effectively guides
the GA search process toward a region within the search space that holds
potential for productive exploration (Deb et al., 2002). Nevertheless, caution
must be exercised to avoid a single, incredibly fit solution consuming the entire
population within a few generations (Jebari and Madiafi, 2013). This would
result in the solutions being like one another in the solution space, reducing
their diversity (Jebari and Madiafi, 2013).

Furthermore, the selection pressure affects the convergence rate of GA
(Katoch, 2021). Premature convergence or the engulfment of the entire
population by a single extremely fit solution is an undesirable condition in a GA
(Katoch, 2021). Malik and Wadhwa (2014) recommended that premature
convergence should be avoided using a low selection pressure (i.e., a reduced
degree to which better solutions are chosen). This is done to maintain diversity
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within the population and facilitate thorough exploration across the search
space (Malik and Wadhwa, 2014). Considering this, it is advisable to employ a
high selection pressure as the genetic search approaches completion,
effectively refining the search space (Katoch, 2021). In essence, the key to
solving optimization problems successfully lies in striking the right balance
between exploration and exploitation (Katoch, 2021). This equilibrium can be
maintained by carefully applying selection pressure, as noted by Hussain and
Muhammad (2020).

There are several ways to incorporate the selection operator into GAs.
According to researchers (Siew, 2011; Xavier et al., 2013; Seyoum, 2015;
Czajkoska, 2016), the commonly used forms of selection are the tournament
and roulette wheel. Holland (1975) invented the roulette wheel/proportionate
selection, whereby a slot on the roulette wheel represents each person in the
population. The wheel is revolved while being fastened at the location indicated

on its circumference (Xavier et al., 2013).

It is evident that solutions with more fitness have bigger areas/pies on the wheel
(Xavier et al., 2013). There is a greater likelihood of landing in front of the fixed
point when the wheel is rotated (Xavier et al., 2013). This is because the area
filled by a solution and the parent’s fitthess correlates (Xavier et al., 2013). As
a result, a person’s fitness directly impacts their chance of being selected
(Xavier et al., 2013; Seyoum, 2015). However, according to Goldberg and Deb
(1991), spinning the roulette wheel to create fitter individuals leads the
population to lose genetic variability. This results in the algorithm’s premature
convergence to a less-than-optimal solution (Goldberg and Deb, 1991).
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Another form of selection which is the tournament was suggested by Goldberg
and Deb (1991). Within this selection method, a specific number of individuals
are selected from the population, and their fitness levels are assessed (Deb,
2000). Typically, a tournament comprises a group size of 2 (Siew, 2011,
Seyoum, 2015). The winner is determined by physical fithess, and they are
chosen to be a member of the mating pool (Seyoum, 2015). This competitive
process is reiterated with varying participants until the mating pool reaches an
optimal capacity, as demonstrated Seyoum, (2015). Within the context of
tournament selection, adjustments to the selection pressure can be made in
accordance with the tournament size (Siew, 2011). Notably, the intensity of
selection pressure escalates as the size of the tournament increases (Siew,
2011). Each tournament's winner (the one with the greatest fitness) is chosen

for crossover.

Tournament selection allows all individuals to be picked, preserving diversity
(Miller and Goldberg, 1995; Filipovi¢, 2003). Although this is the case, the
convergence rate is slowed when the tournament size is small (Siew, 2011).
This is also applicable as the tournament size increases; weak individuals tend
to have a lower chance of being chosen, resulting in a loss of diversity. However,
if a tournament has many competitors, for instance four, it will yield an average
mating pool where the tournament is limited to just two competitors (Czajkoska,
2016). This pool tends to encompass more fit solutions compared to a situation
where the tournament consists of only two competitors (Czajkoska, 2016).
Using tournament selection, Miller and Goldberg (1995) created a model that
can objectively estimate the selection pressure and convergence rates of GAs.
The study results showed that tournament selection can be efficiently coded
and that the level of selection pressure can be easily modified.
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Crossover operator

The crossover operator controls the GA reproduction stage to produce children
by partially exchanging genetic information between the parents (Elaoud et al.,
2010; Kora and Yadlapalli, 2017; Zainuddin and Samad, 2020). The aim is to
produce offspring with superior characteristics to their parents (Zainuddin and
Samad, 2020), thereby making the GA search more exploitable (Seyoum,
2015). In this context, exploitation which refers to using successful existing
solutions to generate even better and improved ones is implemented (Seyoum,
2015). As a result, the search space continuously narrows while the method

converges faster.

In binary-coded GAs, the crossover operators are characterized by a single-
point crossover, two-point crossover, or uniform crossover (Elaoud et al., 2010;
Zainuddin and Samad, 2020). Within the single-point crossover, a designated
point along a chromosome is chosen, leading to an exchange of all bits situated
on one side of this point (Konak et al., 2006; Reca et al., 2017). In a two-point
crossover, the central half of the parent's genetic material is transferred
between the crossover points to generate new offspring (Mishra, 2017).
Uniform crossover allows an equal probability of two parents' genes being
swapped by allowing a 50% chance of exchanging the first parent's genes,
followed by an extra half of the genes from the next parent's genes (Fang,
2007). (Katoch et al.,, 2021) observed that the single-point crossover is
straightforward to implement, while uniform crossover is suitable for large

solutions. The crossover types have been illustrated in Figure 2.1.
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Uniform crossover

Figure 2. 1 Operation of single-point, two-point, and uniform crossover

According to Deb et al. (2002), the crossover operator significantly influences
the search for good solutions. This is so, as it impacts the odds of creating
better solutions. Furthermore, Deb et al. (2002) discovered that as the number
of cross sites in the crossover operator increases, string preservation
decreases until it approaches a minimum in the case of a uniform crossover
operator. Some of the crossover types used in real-coded GAs include heuristic
crossover (HX), blend crossover (BLX-a), and simulated binary crossover
(SBX) (Deb and Bhushan, 1995; Raghuwanshi et al., 2008). For the seek of
this research simulated binary crossover (SBX) will be described in details.

Real-coded Genetic Algorithms (GAs) incorporate the Simulated Binary
Crossover (SBX) as a fundamental crossover operator (Deb and Bhushan,
1995; Mokhade and Kakde, 2014). The selection of SBX was influenced by the
effective application of single-point crossover in binary-coded GAs tailored for
problems with discrete search spaces (Sorsa et al., 2008). The SBX operator
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offers advantages, demonstrating performance on par with or surpassing that
of binary-coded GAs using single-point crossovers (Mokhade and Kakde,
2014). Furthermore, SBX operator becomes pronounced in scenarios
containing multiple optimal solutions within a confined global basin
(Raghuwanshi et al., 2008). This also occurs in instances where the predefined
lower and upper bounds of global optimum are not available beforehand
(Raghuwanshi et al., 2008).

To perform SBX, the following procedure is followed:
Step 1: Select a uniform random number, « <( 0,1)

Step 2: Utilize Equation 2. 24 to determine the spread factor.

zmni_l) If w < 0.5 2.24

Y= 1 otherwise
[2(1 — w)]@+D)

The non-negative real number n serves as the distribution index. The
probability of producing near-parent solutions increases for large values of .
The selection of distant solutions as children's solutions occurs when n has

lower values.

Step 3: Let p;, and p,, be two parent solutions who are mated. Children's

solutions may then be calculated using Equations (2.25) and (2.26).

Cupe = 5[ =) *pric+ (A +7) xpay] (2.25)

Cope = 5[+ ) ¥ pric+ (1= y) *pay] (2.26)
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Mutation operator

Contrary to crossover, mutation broadens space exploration by introducing
random variation inside chromosomes at the gene level (Fang, 2007; Katoch
etal., 2021). In essence, this involves the stochastic modification of a particular
bit value within a string (Fang, 2007). This helps the algorithm explore new
areas and prevents it from getting stuck in local optima (Malik and Wadhwa,
2014). The mutation is often used with an extremely low probability (Loewe and
Hill, 2010). Introducing a high probability of mutation could result in frequent
disruptions to valuable genetic material, consequently impeding the algorithm's
ability to rapidly converge (Fang, 2007; Katoch et al., 2021).

The polynomial mutation is a variation operator often utilized in real-coded GA
optimization problems (Deb and Bhushan, 1995; Sorsa et al., 2008). Given that
the parentsp, , and p, are identical, the polynomial mutation is carried out as

follows:

Ch =i + (P;é - pllc) * O (2.27)

In the Equation 2.27, C, represents the child solution whilep, the parent
solution. p¥ and p. represent the lower and upper limits of the parent
component, respectively, and §, is dependent on u and n as depicted in
equation (1.28).

! If u < 0.5 otherwise  (2.28)

(2/{,{,)(Um+1)
5]( == 1

1-[2(1 - w)]@m+D

In this case, the mutation distribution index is applied in conjunction with a

uniformly distributed random number ranging between 0 and 1.
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A review of the effects of solution representation strategies on GA
operators

Panteleev and Metlitskaya (2011) suggested a methodology aimed at tackling
the challenge of approximating suboptimal control synthesis for nonlinear
deterministic systems. This was accomplished through the utilization of EAs
within a framework of conditional optimization, employing both binary and real
coding strategies (Panteleev and Metlitskaya, 2011). The investigation resulted
in the development of an algorithm, providing the flexibility for users to adjust
its parameters and assess its efficacy. The outcomes of the study
demonstrated that GAs employing real coding exhibit enhanced speed
compared to their binary-coded counterparts (Panteleev and Metlitskaya, 2011).

This is due to the elimination of encoding and decoding procedures.

Conventional Genetic Algorithm Procedure

As described in the preceding sections, GAs employ three fundamental
biological operations: selection, crossover, and mutation (Fang, 2007). These
operators are applied to the population in a cyclic and systematic manner,
simulating the evolutionary process of the initial population (Savic and Walters,
1997; Fang, 2007). The first step involves the establishment of decision
variables (Zainuddin and Samad, 2020). Subsequently, a random population of
solutions is generated using the GA methodology (Zainuddin and Samad,
2020). After fitness values have been assigned to each individual, the
chromosomes of the parent population are evaluated in alignment with the

optimization objectives (Zainuddin and Samad, 2020).

The selection of the solutions in a mating pool signifies the start of the
reproduction phase (Fang, 2007; Mishra, 2017). Following this step, the

crossover operator selects the fitter parents for reproduction (Fang, 2007). Only
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a small percentage of the children undergoes genetic mutation for the
population to remain diverse (Mishra, 2017). The fittest members of the
offspring population are then picked to make up the next generation after the
offspring population is assigned a fitness level (Mishra, 2017). If a solution is
not found, the population is replaced with a new one and undergoes the
genetic operators once more (Mishra, 2017). Achieving an approximate
solution to the problem becomes attainable if one specified termination criteria
of the algorithm are met (Mishra, 2017). The individual from the preceding
population with the highest fithess function value is then selected (Mishra,
2017).

Elitism preservation strategy in GA

The elitism approach is one technique to prevent losing the best solutions in
the population during the GA search process (Deb, 2000). The method
described by Purshouse and Fleming (2002) assures that top-performing
individuals, known as "elites," are passed down to the next generation,
preventing them from being lost or altered throughout the evolution process.
The advantage of adopting elitism in evolutionary algorithms is that it provides
a reference for desirable areas of the search space throughout generations,
allowing for continuous exploration of these areas and perhaps leading to the
discovery of local or global optima (Tran, 2005). However, using elitism might
reduce diversity within a population and hinder an algorithm's exploratory
potential (Purshouse and Fleming, 2002). As a result, elite groups usually
comprise a small number of individuals, calculated as a percentage of the
entire population (Jebari and Madiafi, 2013). Moreover, determining the optimal
configuration for elitism within evolutionary algorithms is contingent upon the
specific problem at hand and the characteristics inherent to the search space
prediction (Jebari and Madiafi, 2013). This configuration remains elusive to
accurate prediction.
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Recent development of water distribution systems optimization using
Genetic Algorithms

a) Constraint handling and boundary search methods

Evolutionary Algorithms (EAs) are known to have difficulty handling constraints
effectively. This is because they were formulated for unconstrained search
spaces (Siew et al., 2016). The inclusion of constraints makes the search space
more complex and the decision space more multi-modal and discontinuous
(Deb, 2000). Thus, making it harder for EAs to find optimal or near-optimal
solutions (Siew and Tanyimboh, 2012a). Researchers (Savic and Walters,
1997; Deb et al., 2002; Kadu et al., 2008; Siew et al., 2012; Abdy Sayyed et al.,
2019; Zarei et al., 2022) have taken on this challenge and proposed several
constraint-handling methods which focus on retaining near-feasible solutions.
As depicted in Figure 2.2, these techniques focus on the exploration at the
active constraint boundaries that demarcate feasible solutions from infeasible
ones. Itis in these regions that optimal or close-to-optimal solutions are situated
(Dandy et al., 1996; Siew, 2011). The progression of techniques to handle
constraints and explore boundaries effectively is an active and evolving area of
research in WDS optimization (Siew, 2011).
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Active constraint boundary

----------------------------------------------------------------------------------------------------------------

_________________________________________________________________________________________________________________

KEY
O Feasible solutions close to the active boundary
- Infeasible solutions close to the active boundary

. Feasible solutions

. Infeasible solutions

Figure 2. 2 Allocation of solutions on the active boundary region

In the process of designing a WDS through the utilization of an EA, trial
solutions are subjected to simulation using a hydraulic simulator (Savic and
Walters, 1997). These solutions are subsequently assessed based on pressure
constraints, and those that fail to adhere to these constraints are deemed
infeasible (Ray et al., 2009). Nevertheless, a limitation inherent to EAs is their
inability to handle constraints directly, which poses challenges in effectively
differentiating between feasible and infeasible solutions (Siew, 2011). In
response to this challenge, most studies on WDS optimization using EAs
involves the utilization of penalty functions (Savic and Walters, 1997; Deb et
al., 2002; Kadu et al., 2008; Abdy Sayyed et al., 2019; Sangroula et al., 2022,
Zarei et al., 2022). This approach introduces an additional cost for infeasible
solutions, proportional to the extent of constraint violation (Zarei et al., 2022).
The effectiveness of the penalty function approach depends on the specific
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structure of the penalties applied (Zarei et al., 2022). Employing a substantial
penalty cost can confine the EA's search to the region of feasible solutions,
potentially yielding costly and redundant results (Abdy Sayyed et al., 2019).
Conversely, a low penalty cost prompt the EA to regard infeasible solutions as
viable alternative, causing it to explore the infeasible region (Abdy Sayyed et
al., 2019; Sangroula et al., 2022; Zarei et al., 2022).

Selecting appropriate penalty functions and parameters is a complex
procedure (Siew and Tanyimboh, 2012a). It frequently demands iterative
experimentation to identify the most suitable configurations guiding the
exploration towards feasible solutions (Zarei et al., 2022). This process can be
time-consuming and may require fine-tuning (Kadu et al., 2008). Furthermore,
the impact of penalty parameters can vary depending on the specific
optimization problem at hand (Abdy Sayyed et al., 2019). Poorly chosen
parameters can negatively influence both the optimality of the final solution and
the convergence rate (Abdy Sayyed et al., 2019). Moreover, the unconstrained
optimization problems formulated through the application of penalty functions
encompass a broader objective function space compared to the original
problem (Deb, 2000). As a result, the chances of finding the optimal solution
decreases (Deb, 2000).

Many studies have attempted to address the challenges associated with EAs
optimisation for WDSs. Further details into the advancements in EAs can be
found in the works of Wu and Simpson, 2002, Wu and Walski 2005, Khu and
Keedwell, 2005, and Afshar and Moeini, 2008.

b) Advances in representation scheme and genetic operators
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Savic and Walters (1997) and Dandy et al. (1996) introduced the application of
Gray coding as a substitute for binary coding. Specifically, this was done to
address the convergence effect associated with the hamming cliff. While
Vairavamoorthy and Ali (2000) and Kadu et al. (2008) utilised real coding to
prevent the redundancy problem associated with binary coding. In addition the
approach also addressed the stress linked to encoding and decoding diameter
variables. In another research by Pattanaik et al. (2020), real and binary coding
were employed in the WDS optimization using GA. It was observed that in
scenarios with a large number of decision variables, real coding is preferred
over binary coding. This is due to the fact that binary coding lead to extended

chromosome lengths.

Tanyimboh (2021) explored redundant binary codes within the context of
optimizing WDNs. This research arose due to the substantial impact of
mapping schemes on the solutions' quality in both the phenotype and objective
spaces (Tanyimboh, 2021). Thus it was an integral of the computational
resources available.The adoption of several fixed mapping strategies produced
substantially different solutions within the search space (Tanyimboh, 2021).

c) Search space reduction

The efficiency and efficacy of GA explorations are significantly influenced by
the dimensions of the network and the quantity of candidate pipes under
consideration (Kadu et al., 2008). Researchers have found that larger networks
and more candidate pipes lead to a broader search space (Kadu et al., 2008;
Tanyimboh and Seyoum, 2020). This, in turn, increases the computational time
required for convergence to be achieved and reduces the probability of
attaining the global optimum solution (Siew et al., 2011). It is recommendable

to limit the number of candidate pipe diameters to reduce the size of the
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solution space (Kadu et al., 2008). However, this must be done carefully, as
choosing inappropriate candidate pipes could result in sub-optimal solutions
(Kadu et al., 2008).

One approach to reducing the search space is using the pipe index (Pl) as
suggested by Vairavamoorthy and Ali (2005). The Pl assesses a pipe's
influence on the hydraulic performance of the network and its relative
significance within the entire network (Vairavamoorthy and Ali, 2005). An
alternative approach to limiting the search space involves the application of the
critical path principle in the design of water distribution networks (Kadu et al.,
2008). This method assumes that the shortest path from the source to the
demand node is the cheapest option for delivering water (Kadu et al., 2008). In
a separate approach, Haghighi et al. (2011) suggested a hybrid optimization
scheme that combines the GA with Integer-Linear Programming (ILP) to reduce
the search space. The network is transformed into a quasi-branched network,
and a single pipe from each loop is excluded and optimized by the GA
(Haghighi et al., 2011).

Multiple-objective Genetic Algorithm applications in WDNs

WDN optimisation is a difficult task that frequently includes numerous
competing objectives (Fang, 2007). As a result, multi-objective evolutionary
algorithms (MOEAs) are commonly used to find optimum solutions (Siew and
Tanyimboh, 2012a; Siew et al. 2014). Therefore, MOEAs has been classified
as: non-elitist algorithms and elitist algorithms. Both algorithms work towards
finding Pareto-optimal solutions, but they differ in the selection of solutions
(Deb, 2000). As a result, the algorithm that is employed is determined by the
situation at hand.
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A) Non-Elitist Multi-Objective Evolutionary Algorithms

These algorithms do not maintain a set of non-dominated solutions throughout
the search process but instead use selection schemes that favour diverse and
high-quality solutions (Deb, 2000). The two significant examples of Non-Elitist
Multi-Objective Evolutionary Algorithms used in WDN optimization, include: the
Multi-Objective Particle Swarm Optimization (MOPSQO) algorithm and the
Strength Pareto Evolutionary Algorithm (SPEA2) (Deb, 2000).

i) Multi-Objective Particle Swarm Optimization (MOPSO)

The particle swarm optimisation (PSO) technique developed by Kennedy and
Eberhart (1995) is among the widely used meta-heuristic optimisation
algorithms employed in WDSs. This algorithm draws inspiration from swarm
intelligence phenomena observed in nature such as fish schools and flocks of
birds (Kennedy and Eberhart, 1995). Therefore, the algorithm aligns with the
optimal solution in the context of optimization. Building upon this, Coello and
Lechuga (2002) extended the PSO algorithm's capabilities to give rise to the
multi-objective PSO (MOPSO) algorithm. This enhancement included the
integration of an external archive designed to store non-dominated solutions
(Coello and Lechuga, 2002). Thereby, effectively approximating the Pareto set

throughout the optimization procedure (Coello and Lechuga, 2002).

ii) Strength Pareto Evolutionary Algorithm (SPEA) and Strength Pareto
Evolutionary Algorithm 2 (SPEA2)

The Strength Pareto Evolutionary Algorithm (SPEA) was formulated with the
primary objective of identifying solutions that represent the Pareto front within
a multi-objective optimization context (Zitzler and Thiele, 1999). Although SPEA
boasts inherent advantages, it encounters certain challenges (Zitzler et al.,

2001). One such challenge is the lack of density estimation within the objective
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space, resulting in crowding phenomena and premature convergence towards
a limited subset of solutions (Zitzler et al., 2001). Additionally, SPEA utilizes a
binary tournament selection method, which occasionally fails to strike a
reasonably equilibrium between selection pressure and diversity retention
(Zitzler et al., 2001). The algorithm’s archiving technique is also rather basic
and uses a fixed size (Zitzler et al., 2001). Thereby, it poses challenges to
determine which solutions to retain and discard, because the archive does not
accurately record the changing pareto front (Zitzler et al., 2001). Furthermore,
SPEA necessitates manual parameter adjustment for diverse problem domains
(Zitzler et al., 2001). A process that proves time-consuming and complex due
to the varying parameter demands of different problems for optimal
performance (Zitzler and Thiele, 1999).

It is against the aforementioned challenges that SPEA2 was developed.
SPEA2 was improved over SPEA in order to handle a wider variety of problem
types and achieve higher convergence, diversity maintenance, and solution
quality (Guimaraes and Walters, 2011).

B) Multi-Objective Elitist Genetic Algorithms (MOEGAs)

As the name suggest, Multi-Objective Elitist Genetic Algorithms (MOEGAS) are
used for optimising WDNs with multiple objectives. These algorithms maintain
non-dominated solutions throughout the search process and use selection
schemes favouring high-quality and diverse solutions (Deb, 2000).

i) Rudolph’s Elitist Multi-Objective evolutionary algorithm (EMOEA)

Rudolph's MOEGAs is based on the principles of MOEAs (Rudolph, 1999). It
has demonstrated to be an effective technique for tackling multi-objective
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optimization problems. Specially, It emphasize on elitism, non-dominated
sorting, and crowding distance (Rudolph, 1999; Rudolph et al., 2000). This has
led to its wide application and integration into various problem domains
(Rudolph, 1999). The approach has been particularly valuable as it maintains
a diverse set of solutions on the Pareto front through non-dominated sorting
and crowding distance assignments (Rudolph et al., 2000). Additionally, by
balancing exploration and exploitation, the approach generates a well-
distributed set of solutions that capture the trade-offs between conflicting
objectives (Rudolph, 1999; Rudolph et al., 2000). However, the limitation of the
Rudolph’s MOEGA lies in its scalability to handle high-dimensional and
complex problems (Rudolph et al., 2000). As a result, the computational
complexity can become a challenge when dealing with problems that have
numerous decision variables and complex fitness landscapes (Rudolph et al.,
2000).

ii) Distance-Based Pareto Genetic Algorithms (DBPGA)

The principles of Distance-Based Pareto Genetic Algorithms (DBPGA) exhibit
a substantial reliance on the concepts underlined by SPEA and SPEA2
(Schadler et al., 2016). However, in contrast to SPEA and SPEA2, which
cannot effectively manage infeasible solutions, DBPGA retains these solutions
within its population (Schadler et al., 2016). This strategic decision is made to
prevent any hindrance to the evolutionary procedure (Deb, 2000). Additionary,
DBPGA differ from other MOEGAs in terms of the fithess assignment and
parent selection employed (Schadler et al., 2016). Instead of using traditional
fithness functions, DBPGAs calculate a fithess value for each solution based on
the distance to its k-nearest neighbors in the objective space (Deb et al., 2002).
The distance is computed using metrics like Euclidean distance or other
appropriate distance measures (Deb, 2000). Furthermore, DBPGAs use a
distance-based approach to select parent solutions for mating (Deb, 2000).
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Solutions that are closer to each other in the objective space have a higher
chance of being selected as parents, thereby, promoting diversity in the
population (Schadler et al., 2016).

iii) Elitist Non-Dominated Sorting Genetic Algorithm (NSGA 1)

Deb et al. (2002) suggested the Non-Dominated Sorting Genetic Algorithm
(NSGA II) for optimizing water distribution systems. NSGA Il addresses the
weaknesses of classical optimization methods (Deb et al., 2002; Siew, 2011;
Ciro et al., 2016). These weaknesses include: computational complexity, lack
of elitism, and the requirement for a predefined sharing parameter (Deb et al.,
2002). The philosophy of NSGA-II is based on four main principles, which are:
Non-Dominated Sorting, Elite Preserving Operator, Crowding Distance and
Selection Operator (Deb et al., 2002).

The non-dominated sorting procedure involves sorting population members
based on Pareto dominance. It starts by assigning the first rank to non-
dominated individuals, forming the first front as illustrated in Figure 2.3 (a). The
process continues until all population members are placed in different fronts
based on their ranks (Siew, 2011). The elite preserving operator then ensures
that the best solutions in a population are carried forward directly to the next
generation. This means that the non-dominated solutions identified in each
generation continue into subsequent generations until they are surpassed by
some other solutions (Siew, 2011).

The crowding distance in NSGA-II is a metric used to measure the density of
solutions within a front (a set of non-dominated solutions) in the objective space
(Deb et al. (2002). It's calculated for each individual based on its proximity to

its neighbours within the same front as depicted in Figure 2.3 (b). When
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comparing solutions with varying crowding distances, a larger crowding
distance indicates the existence of a solution in a less densely populated region
(Deb et al., 2002). This distance for an individual solution is determined by the
average side length of a cuboid, as illustrated in Figure 2.3 (b). In mathematical

terms, if 'f!' represents the 'jt"' value of an objective function for the 'it"'
] J

individual, and 'f™**' and 'f™"' are the maximum and minimum values
] J

respectively of the 'j"' objective function among all individuals. Then the
crowding distance of the 'i*"' individual is calculated as the average distance
between the two nearest solutions on either side, as in Equation 2.29.

(2.29)

k

f}'i+1 _ f;'i_l

cd (l) = £ f}max _ f}min

where k is the number of objective functions.
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Figure 2. 3 Non- dominated sorting procedure and Crowding distance
(Deb et al., 2002)

Furthermore, the next generation's population is chosen using a crowded
tournament selection operator, utilizing both the rank and crowding distances
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of the population members for selection (Deb et al., 2002). The selection rule
is as follows: (i) If two population members have different ranks, the one with
the superior rank is chosen for the next generation(Deb et al., 2002). (ii) If both
population members have the same rank, the one with the greater crowding
distance is selected for the next generation (Deb et al., 2002).

Figure 2.4 depicts the primary structure of the NSGA-II algorithm. In which the
parent population Pt produces offspring population Qt, and the two populations
merge to generate an offspring population R; of size 2N (Deb et al., 2002; Siew,
2011). The non-dominated sorting is then used to classify the entire population
Rt into mutually exclusive non-dominated sets (Deb et al., 2002). Any member
from the same set is regarded to have the same scale of importance with
respect to the objectives (Tran, 2005; Deb et al., 2002). After sorting filling of
solutions is done in fronts starting with the best solutions. Following the sorting
process, solutions are allocated across consecutive fronts, beginning with the
best solutions (Tran, 2005). Subsequently, this procedure extends to the
solutions constituting the second non-dominated front, and continues to fill the
remaining least non-dominated fronts (Zarei et al., 2002). Researchers have
observed that incorporating the 2N overall population within the N available
slots in the new population is not feasible (Ciro et al., 2016; Tran, 2005; Siew
et al., 2012). As a result, a niching approach is used to define the final front,
which is positioned within the least crowded region of that particular front (Zarei
et al., 2002).
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Figure 2. 4 Generating a new population through crowded tournament
(Sato and Sato, 2022)

NSGA-II has been extensively applied in water engineering, particularly in the
MOEA of WDSs. Zarei et al. (2022) coupled NSGA Il to EPANET hydraulic
simulator in a MATLAB environment. The outcome demonstrated the
algorithms strong capacity for identifying the best solutions. Similarly, the
NSGA Il was used by Jayaram and Srinivasan (2008) to address the challenge
of optimal performance-based WDS design and rehabilitation. The algorithm's
application in this context demonstrated its effectiveness in generating
solutions that enhance system performance. In the domain of drinking WDS
security, Preis and Ostfeld (2008) applied NSGA |l to address two optimisation
objectives. These include: the consumed contaminant mass and the number of
operational activities needed to manage and eliminate the contaminant from
the system (Preis and Ostfeld, 2008). This application highlighted the
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algorithm's utility in enhancing the security and reliability of water networks
(Preis and Ostfeld, 2008).

Furthermore, Prasad (2010) and Siew et al. (2014) utilized the NSGA |l to
optimize the design and upgrading of the "Anytown" network. This
encompassed optimising factors like multi-operating conditions, pump
scheduling, and tank sizing and placement (Prasad, 2010; Siew et al. 2014).
Farmani et al. (2006) improved the algorithm's efficacy by integrating network
reliability and water quality considerations into their solution for the "Anytown"
problem. This additional dimension illustrated the algorithm's flexibility in
accommodating multiple objectives. Moreover, Siew and Tanyimboh (2012a)
also employed the NSGA Il in the framework of its MOEA. The approach was
called the Penalty-Free Multi-Objective Evolutionary Algorithms (PFMOEA).
Siew et al. (2014) extended this approach to consider initial cost, rehabilitation,
upgrading cost, repairs, and pipe failures, as well as deterioration over time.
Overall, NSGA-Il has been successfully applied to the optimisation problems
using PFMOEA and the other aforementioned approach. Its ability to handle
multiple objectives and constraints simultaneously, as well as its efficiency and
robustness, have made it a popular choice for WDS optimization.

2.3 Penalty-Free Multi-Objective Evolutionary Algorithm (PFMOEA)

PFMOEA was developed to solve the multi-objective evolutionary optimization
algorithm for WDS (Siew and Tanyimboh 2012a; Siew et al., 2014). This
penalty-free approach seeks to avoid the usage of penalty functions or other
specific constraint-handling strategies within the MOEA search (Siew and
Tanyimboh 2012a; Saleh and Tanyimboh, 2013). Thus, its use has shown to be
effective and robust in guiding the GA search to optimum or close to optimal

solutions (Siew and Tanyimboh 2012a). Additionally, penalty-free techniques

43



offer the benefit of retaining infeasible solutions that hold useful decision
variables, which might not be prevalent among feasible solutions (Siew and
Tanyimboh 2012a). This inclusion, therefore, serves to preserve diversity within

the genetic pool (Siew and Tanyimboh 2012a).

The multi-objective optimization technique employed for the PFMOEA is the
elitist-preserving non-dominated sorting genetic algorithm (NSGA-II) (Siew and
Tanyimboh, 2012a). PFMOEA evaluates solutions based on performance
function, and then ranks them using pareto dominance that considers both cost
functions and performance (Siew and Tanyimboh, 2012a). In contrast to NSGA
Il (Deb et al., 2002), PFMOEA strictly ranks solutions as being feasible and
infeasible on the basis of their cost-effectiveness (Siew and Tanyimboh, 2012a;
Siew et al., 2014). All feasible and infeasible non-dominated solutions surpass
feasible and infeasible dominated solutions (Siew and Tanyimboh, 2012a).
Consequently, non-dominated infeasible solutions are preferred to dominated

feasible ones (Siew and Tanyimboh, 2012a).

Prior PFMOEA studies linked NSGA Il programme with a hydraulic simulator in
C++ environment and the code was written in binary coding (Siew and
Tanyimboh, 2012a). While binary coding is widely used, its drawback is the
occurrence of redundant codes (Czajkoska, 2016). This occurs when the
encoded parameter is part of a finite discrete set whose basic number is not a
power of two (Czajkoska, 2016). According to Saleh and Tanyimboh (2014),
redundant codes result in the early loss of vital information and beneficial genes,
lowering the GA's efficiency. Thus, Tanyimboh (2021) proposed real coding as
a viable replacement for redundant codes and as a method of improving the
GA's computational efficiency. Therefore, there is a need to incorporate real

coding in the PFMOEA, as a way of addressing redundant codes.
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Siew and Tanyimboh (2012a) incorporated the pressure-driven hydraulic
simulator EPANET-PDX in the PFMOEA. This hydraulic simulator takes into
account the pressure conditions at demand nodes (refer to section 2.1.3). On
the other hand, Saleh and Tanyimboh (2013, 2014, 2016) employed the
EPANET 2 hydraulic simulator to demonstrate the efficacy of the penalty free
approach. Demand driven analysis is the term used to describe the hydraulic
modelling approach in EPANET 2 (Rossman, 2000; Seyoum and Tanyimboh,
2011; Siew and Tanyimboh, 2012b). It is based on the assumption that flows at
nodes are consistently satisfied irrespective of the existing pressures (Seyoum
and Tanyimboh, 2011). It should be noted that the PFMOEA approach involved
the basic hydraulic constraints on minimum pressure, conservation of energy,
and conservation of mass (Siew and Tanyimboh, 2012a; Siew et al., 2014). The
aforementioned hydraulic simulators, EPANET 2 (Rossman, 2000), and
EPANET-PDX (Siew and Tanyimboh, 2012b), were used to manage these
constraints and ensures that they are satisfied internally. For more explanation
of EPANET 2.0 and EPANET PDX refer to section 2.1.3.

The past studies on PFMOEA, used the Elitism concept to retain 30% of the
population, encompassing the least cost feasible solutions within every
generation, as shown in Figure 2.5. This subset is distinguished by allocating
much higher crowding distance values to each solution (Siew et al., 2014).
Subsequently, the remaining solutions undergoes selection through the
crowding distance operator to occupy the remaining slots within the population
(Siew and Tanyimboh, 2012). However, Ray et al. (2009) claims that searching
both the infeasible and feasible regions improves an approach's convergence
rate, as opposed to searching exclusively via the feasible region.
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Figure 2. 5 Schematic diagram of the elitism criteria in PFMOEA

2.3.1 The relative merits of PFMOEA

Previous research on PFMOEA has shown that the technique is very reliable
and efficient since it is applicable to a spectrum of optimization problems (Siew
and Tanyimboh, 2012a). These range from small networks (such as the two-
looped network with 8 pipes) to big networks (such as the 251-pipe network)
(Siew and Tanyimboh, 2012a; Seyoum and Tanyimboh, 2016). In addition, the
approach can be applied to complex network optimization problems. For
example, from just initial design or capital cost minimization problems to
subsequent rehabilitation, upgrading and capacity expansion network (Siew et
al., 2016; Seyoum and Tanyimboh, 2016). Therefore, the initial design
problems of relatively simple networks with a few pipes were done on the
following networks: the two-loop, Hanoi, Kadu, New York Tunnels and 251-pipe
network (Siew and Tanyimboh, 2012a; Seyoum and Tanyimboh, 2016).
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Furthermore, Siew et al., (2014) used the PFMOEA to solve the Wobulenzi
network optimization problem. As a result, they obtained the cheapest solution
of $3,814,298 (Siew et al., 2014). This signifies a 3.5% reduction from the
optimal solution of $3,953,663 obtained by Tanyimboh and Kalungi (2008)
using the linear programming method. In another similar study, Siew et al.,
(2016) obtained a least total cost of $10.31 million on a complex design and
upgrade problem of the Anytown network. The study's results were not only
competitive but also demonstrated full feasibility, highlighting its effectiveness
of being practical and applicable across various problems (Siew et al., 2016).

The other penalty-free approaches previously used (Saleh and Tanyimboh,
2014, 2016) are relatively difficult to use due to their level of complexity. The
approach by Tanyimboh and Czajkowska (2018, 2021) introduced a reliability-
based algorithm that maximized flow entropy as a substitute for resilience while
minimizing the initial construction cost. Entropy is a scale of uncertainty that
assesses the resilience of WDS (Saleh and Tanyimboh, 2014). Unlike the past
studies that investigated the flow entropy function using one operating
condition, Tanyimboh and Czajkowska (2018, 2021) maximized the total
entropy value under multiple operating conditions. As a result, compared to
prior studies, there was a considerable increase of 274% in the number of
nondominated solutions obtained (Tanyimboh and Czajkowska, 2018). In
another study, Saleh and Tanyimboh (2014) factored in network connectivity,
statistical entropy, and hydraulic feasibility throughout the optimisation process
of a penalty-free approach. It is in this light, that the approach succeeded to
achieve a whole spectrum of solutions for completely branched, moderately,
and completely looped networks (Saleh and Tanyimboh, 2016; Siew et al.,
2016).
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2.4 Summary of Literature Review

Overall, this chapter reviewed the water distribution network analysis, including
its governing hydraulic equations and types of simulations. Additionally, it
discussed the design optimization of WDSs using Genetic Algorithms (GA) and
the Penalty-Free Multi-Objective Evolutionary Algorithm (PFMOEA) approach
The literature review has highlighted the advantages of the PFMOEA and also
revealed that this method has applied binary coding to date while real number
coding could enhance its efficiency. The literature review further revealed that
the PFMOEA applications have subjectively applied 30% of the feasible least
cost solutions in implementing elitism. While straddling across the bound of
feasibility to include efficient but infeasible solutions close to this boundary
could probably also improve the efficiency of optimization. These findings form
the basis of the aims and objectives of the study stated in Section 1.2. The next
chapter will look into the methodology of the research.
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3 METHODOLOGY

The penalty free multi-objective evolutionary algorithm (PFMOEA) developed
by Siew and Tanyimboh (2012a) was adopted for this research. This
methodology provides a detailed explanation of the materials and procedures
employed to implement the study’s objectives. These include the utilization of
real coding in PFMOEA, and the alteration of the retention percentage in
implementing elitism. Additionally, the research includes details about the two
benchmark problems employed in the study.

3.1 Incorporating Real Coding in PFMOEA

In pursuit of this research objective, real-coded NSGA Il source code was linked
to EPANET model in MATLAB environment. NSGA Il (Deb et al., 2002) was
utilized as a computational tool because it exhibits robustness and adaptability
by handling complex, multi-objective, and constraint-based optimisation
problems. On the other hand, MATLAB was chosen due to its user-friendly
interface, making it accessible to researchers and engineers with limited
programming experience (Khalifeh et al., 2020). EPANET 2.0 was used for
network modelling and hydraulic simulation. The code was modified to reflect
the PFMOEA approach, and GA operators such as tournament selection,
simulated binary crossover (SBX) and polynomial mutation (PM) were
employed. Figure 3.1 depicts how the computational tools were coupled to

enable a seamless modelling and optimization process.
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3.1.1 Design optimization problem formulation
Objective function

The design optimization model aimed to achieve two main objectives:
minimizing the cost of the initial construction and minimizing the pressure deficit
at the critical demand node i.e., characterized by a significant shortfall in the
required head. The cost minimization objective was expressed as function, f;
(Equation 3.1) and was straightforward to implement as it simply involved
solving the corresponding equation. It is worth observing that the optimization
design focused solely on reducing the initial construction cost. Although
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operational, rehabilitation, and expansion costs contribute to the total cost of
the WDS (Shirajuddin, 2023), this study did not consider their inclusion within
its scope.

The head deficit objective was signified by function, f, (Equation 3.2) and
involved converting head shortfall values to positive values, while surplus
heads were set to zero. Feasible solutions were identified as those with zero
values of f,, indicating that the nodal head was fully satisfied, meeting or
exceeding the desired head value. Infeasible solutions, on the other hand, were
associated with positive values of f,, indicating that the nodal head did not

meet the desired requirements.

Minimise the cost X (3.1)

fi=) eI L

x=1

Minimise the residual head deficits £, = max(H%® — H,,0) (3.2)

where c(D,) is the cost per unit length of pipe x with diameter Dy, Lx is the
length of pipe x, and X is the number of pipes in a network. In Equation 3.2, the
nodal pressure deficit at node n was obtained by subtracting the available head

(H,,) from the desired head (H%¢) at node n.

Constraints

The optimisation objectives were subject to the following hydraulic constraints.
1) The conservation of mass and energy as indicated by Equations 2.1 and
2.2, respectively, were satisfied by integrating EPANET 2 simulator into
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NSGA Il. The present research also utilized the Hazen Williams formula
for calculating friction head loss in pipes as illustrated in Equation 2.4.

2) The optimization problems involved the selection and sizing of discrete
pipe diameters from a predefined set of commercially available sizes.
Thus the aim was to determine the most suitable diameters for the pipes
(Tanyimboh and Czajkowska, 2018).

3) The minimum node pressure constraints were addressed in the second
optimisation objective that deals with head deficit conditions. Demands
were aggregated and allocated at the nodes even though they occur
along the pipes in real world. Equation 2.7 (chapter 2, section 2.1.1) was
included as one of the governing equations for assessing the hydraulic
performance of WDS.

3.1.2 Elitism criteria in PFMOEA

The real-coded PFMOEA approach employed a solution allocation and
retention procedure that involved preserving 30% of the population, comprising
of the best feasible solutions in each generation. These retained solutions were
selected by being given a very high crowding distance value. Then the
remaining solutions were evaluated using the crowding distance operator to fill
the remaining population slots. This process aimed to preserve feasible
solutions that were close to the boundary region, while also maintaining a
certain level of diversity among the population members. The PFMOEA
procedure utilized in this research is illustrated in Figure 3.2.
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3.1.3 Application of the real-coded PFMOEA approach

In this research, the applicability of real-coded PFMOEA was assessed through
two benchmark optimization problems namely, the Two-loop network
(Alperovits and Shamir, 1977), and Hanoi network (Fujiwara and Khang, 1990).
While these networks do not completely represent the real-world situations of
WDSs, they have been extensively examined in prior research including the
previous binary-coded PFMOEA research. In this study, the effectiveness of
the real-coded PFMOEA approach was assessed by considering both the
optimal cost and the number of function evaluations. Additionally, a
comparative analysis was conducted against other approaches with the
smallest number of function evaluations in the literature. Upon conducting the
evaluation and comparing the results, the approach that demonstrated the least
number of function evaluations was identified as the best-performing approach.

The optimisation experiments were conducted on a desktop computer with an
Intel ® Xeon ® W-2223 at 3.60 GHz and an installed storage of 16.0GB (15.7
GB usable). An Uninterruptible Power Supply (UPS) was utilized as a backup
for the computer. The parameters for crossover distribution index and mutation
distribution index were set to n.=20 and nm=20, respectively, following the
methodology outlined by Deb et al. (2002). For both networks, 20 runs were
permitted. Each run began with a randomly generated population with a total
of 200,000 function evaluations which effectively corresponds to 1,000
generations for a population size of 200. The objective was to find pipe
diameters that minimised total cost while satisfying demand and system

constraints at every node.
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Figure 3. 2 Flowchart of PFMOEA (Siew and Tanyimboh, 2012a)
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3.1.4 Altering the elitism retention of PFMOEA

The performance of PFMOEA approach was investigated by altering the
allocation percentages of the least infeasible and feasible solutions at the
boundary regions shown in Figure 3.3. Three different allocation percentages
were employed for this study, and they were labelled as PFMOEA-A, PFMOEA-
B, and PFMOEA-C. These allocations comprised of 15% feasible and 15%
infeasible solutions, 20% feasible and 10% infeasible solutions, and 30%
feasible and 0% infeasible solutions, respectively. Each solution within the
population underwent individual evaluation based on the optimization
objectives (Equation 3.1 and Equation 3.2). Solutions violating the pressure
constraint were identified as infeasible, while feasible solutions were those

exhibiting zero-deficit pressure.
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et i i =
: Feasible solutions Infeasible solutions :
1 [
1 (B > | < [ [
| o o |
| O 1
I ._> (@) I
1 O — [
I o ® I
1 O - . [
1 > < 1
e o/ ° *
1 ’ _— — 1
| © J |
1 O [
1 1

Figure 3. 3 Schematic diagram of the altered elitism criteria in PFMOEA

The elitism retention for PFMOEA was implemented as follows:

1. Arandom initial population (Pt) was created with a size of N.
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. The initial population was sorted and ranked based on the two objectives
(i.e. cost and head deficit).

. Selection, combination, and mutation operators were applied to P: to
generate an offspring population (Qt) with a size of N.

. After producing the first generation, encompassing parent and offspring
chromosomes, the new population was generated in the following
manner:

Combinations of Pt parent chromosomes and Q; offspring chromosomes
produced the second offspring (Rt) generation with a size of 2N.

Rt generation was sorted based on the non-dominated classification
method. This involved the identification and classification of non-
dominated fronts (F1, F2,...) as described in section 2.3, Figure 2.4.
The parent generation (Pi+1) for the subsequent iteration, comprised of
size N elements and was produced for PFMOEA-C using the approach
detailed in section 2.3, Figure 2.5.

Operations including selection, combination, and mutation were applied
to the new parent generation (Pt+1), giving rise to the offspring generation
(Qt+1) comprising N elements as in Figure 2.4.

. The process continued iteratively from step 4 until reaching the
termination condition of PFMOEA-C.

PFMOEA-A implemented steps 1 through 3 as described above while step 4

involving the generation of parent population (Pw+1) with size N, was altered.

This alteration retained 15% of the least costly feasible solutions. These

solutions were obtained by ranking the feasible solutions on the basis of the

cost and selecting the 15% with the least cost. Simultaneously, 15% of the best

infeasible solutions were selected on the basis of head deficit. Ranking these

infeasible solutions involved assessing their head deficits, and the 15% with

the lowest deficits were preserved in each generation. It was presumed that

selected solutions were dominated by those near the boundary of feasibility

56



although no tests were undertaken to inform if this was the case. The remaining
70% of N solutions underwent a selection process using the crowding distance
operator, occupying the remaining population slots.

Subsequently, step 5 was iteratively executed until the termination condition
designated for PFMOEA-A was satisfied. This iterative approach ensured the
continual refinement and enhancement of the solution set until the
convergence criteria were satisfied. Subsequently, this process was replicated
for PFMOEA-B with an altered retention percentage in step 4.

3.2 Description of Case Study Networks
3.2.1 Two-looped network

Alperovits and Shamir (1977) proposed the two-looped network which consists
of a single reservoir and eight pipes that are 1000 m long. A Hazen-Williams
coefficient of 130 was assumed for new pipes. The minimum pressure required
to satisfy the nodal demands in full was 30 m. This design optimization problem
was based on a set of 14 commercially available pipe diameters, leading to a
search of 142 which is approximately 1.4 X 10° solutions. The Two-looped
network's layout is depicted in Figure 3.4, whereas other nodal and pipe data
can be found in Appendix A (section A-1 to A-3).

3.2.2 Hanoi network

The Hanoi network (Figure 3.5) is composed of 34 pipes and 32 nodes, with a
reservoir located at an elevation of 100m (Fujiwara and Khang, 1990). The
nodal demands required a minimum head of 30m to ensure sufficient flow. All
new pipes were assumed to have a Hazen-Williams friction coefficient of 130.
The nodes were placed at ground level, at an elevation of 0.0m. The diameters
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of the pipes utilized in designing the system are listed in Appendix B (section
B-1 to B-3).
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Figure 3. 4 Layout of Two-Loop network (Alperovits and Shamir, 1977)
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Figure 3. 5 Layout of Hanoi network (Fujiwara and Khang, 1990)
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4 RESULTS AND DISCUSSION

This section contains results obtained from implementing real coding
representation and modifying the solution allocation in PFMOEA. Two
benchmark optimization problems were utilized, namely, the Two-looped
network and Hanoi network. The results of this implementation are discussed
in detail, providing valuable insights into the effectiveness of real coding and

solution allocation alterations.

4.1 Effectiveness of Real Coding in PFMOEA
4.1.1 Two-looped network optimisation

The real-coded PFMOEA approach implemented on the Two-looped network
in this study identified an optimum solution of $419,000 and a pressure deficit
of zero within 2,000 function evaluations. This represents a fraction of 1.35x10"
4% of the total solution space (i.e., 148~ 1.48 x 10°). Additionally, the average
CPU time required to perform a single optimization run comprising 200,000
function evaluations was approximately 48 hrs. The pressure heads and
deficits for the optimal solution are depicted in Figure 4.1 with a consistent 30m
minimum head requirement across all network nodes. As depicted in the figure,
the actual pressures obtained at the nodes surpass the minimum pressure
heads specified for each node. Furthermore, there is no shortfall in pressure
as evident by a zero-pressure deficit at all nodes. It is assumed that these
analyses uses the 30%-70% split as shown in Figure 3.2 and then only you will

change the selection of the population.
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Figure 4.1 The Two-loop network nodal pressure heads

Figure 4.2 illustrates the Pareto optimal front obtained for the Two-looped
network with a parameter value of w=10.667, based on 20 random runs. The
pareto front of cost against head deficit showcases a range of solutions that
achieve different levels of cost and head deficit, highlighting the trade-off
between these two objectives. Moreover, in Figure 4.2, it is evident that several
hydraulically feasible designs exist in close proximity to the least expensive
feasible solution, valued at $419,000. This indicates that the non-domination
sorting process guarantees the survival of only the most economical feasible
design at the boundary of feasibility (Siew et al., 2014)
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Figure 4. 2 Pareto fronts for the Two-loop Network

Previously binary-coded PFMOEA approach by Siew and Tanyimboh (2012a)
identified the optimal solution of $419,000 and $420,000 within 2,200 and 2,600
function evaluations, respectively. The optimal solution was obtained in a single
run out of 10 conducted runs. Similarly, the real-coded PFMOEA in the present
study achieved the same optimal solution ($419,000) within lesser (2,000)
functional evaluations. The optimal value was achieved three times out of 20

runs which were conducted (see Figure 4.3).
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Graph of Optimal Cost against Run Number for
the Two-looped network
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Figure 4. 3 Comparison of the optimal cost against the run number for
the binary-coded and real-coded PFMOEA using the Two-looped

network

Figure 4.4 shows a graph of function evaluation against the run number
displaying fluctuations in both the binary-coded and real-coded PFMOEA. It
was observed that the real-coded PFMOEA fluctuated on a lower side than the
binary-coded PFMOEA curve. In addition, the average number of function
evaluations of 3,797 which was obtained for the real-coded PFMOEA was
smaller than the average of 5,290 obtained by the binary-coded PFMOEA. This
represents a 28.21% reduction in the number of function evaluations and
indicates that the real-coded PFMOEA outperformed the binary-coded
PFMOEA in computational efficiency. Therefore, the real-coded PFMOEA may
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be a more effective and efficient optimization approach than the binary-coded
PFMOEA.

Graph of Function Evaluations against Run Number for
the Two-looped Network
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Figure 4. 4 Comparison of the function evaluation against the run
number for the binary-coded and real-coded PFMOEA using the Two-
looped network

Table 4.1 presents a comparison of optimal costs and the number of function
evaluations for the Two-looped network from various studies. To facilitate easy
comparison, the pipe diameters in the table have been provided in Sl units.
Particularly, the real-coded PFMOEA surpassed other studies by achieving an
optimal cost of $419,000 with just 2,000 function evaluations. This is in contrast
to the respective function evaluations of 7467 (Wu et al., 2001), 25,000 (Cunha
and Sousa, 1999), and 9500 (Sirisant and Janga, 2018). However, these
results were not compared based on CPU time due to its heavy dependence
on the specific computer configuration used (Palod et al., 2021).
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Table 4. 1 Solutions for the Two-looped network

Diameter of pipes (mm)

w =10.508 w =10.9031 w =10.667
Pipe number Savie
and Cunha and Siew and Savic and Siew and Sirisant and
Walters Sousa Wu et al, Tanyimboh Walters Tanyimboh Janga
(1997) (1999) (2001) (2012a) (1997) (2012a) (2018) Present work
1 457.2 457.2 457.2 457.2 508 508 457.2 457.2
2 254 254 254 254 254 254 254 254
3 406.4 406.4 406.4 406.4 406.4 406.4 406.4 406.4
4 101.6 101.6 101.6 101.6 254 254 101.6 101.6
5 406.4 406.4 406.4 406.4 355.6 355.6 406.4 406.4
6 254 254 254 254 254 254 254 254
7 254 254 254 254 254 254 254 254
8 254 254 254 254 254 254 254 254
Binary- Binary-
Optimization GA SA GA coded GA coded SADE Real-coded
method PFMOEA PFMOEA PFMOEA
Total cost ($) 419,000 419,000 419,000 419,000 420,000 420,000 419,000 419,000
Maximum Function
Evaluation 250,000 25,000 7,467 2,200 250,000 2,600 9,500 2,000
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4.1.2 Hanoi network optimisation

The real-coded PFMOEA identified the least cost feasible solution of $6.081
million, and a pressure deficit of zero using w=10.667. This was achieved four

times out of 20 runs in which the best run took 48,000 function evaluations. The

solution, therefore, corresponds to 1.67x102° % of the entire search space (63

~ 2.865 x 102%). In all those runs, the minimum required pressure of 30 m was

met for all nodes as demonstrated in Figure 4.5 for the least cost feasible

solution. Moreover, it took approximately 24 hours on average for a single

optimization run comprising of 200,000 function evaluations to be completed.
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Figure 4. 5 Pressure heads in the optimized Hanoi network

Figure 4.6 depicts the pareto-optimal fronts from the 20 runs of the real-coded
PFMOEA approach. It is evident that the PFMOEA consistently performs well,
as all the fronts presented in the figure exhibit a remarkable level of similarity.
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Figure 4. 6 Pareto-Optimal Fronts of the 20 Real-coded PFMOEA Runs
for the Hanoi Network

The Hanoi optimization problem which was solved using the real-coded
PFMOEA (in the present study) slightly outperformed the binary-coded
PFMOEA (Siew and Tanyimboh, 2012a). This was based on the number of
function evaluations needed to reach the optimum solution. In contrast to Siew
and Tanyimboh (2012a) who attained the least cost design of $6.056 million in
51,000 function evaluations, the present research achieved the optimal solution
of $6.081 million within 48,000 function evaluations. This was attained four
times out of 20 runs while the binary-coded PFMOEA obtained the optimal
solution eleven times out of 60 runs (see Figure 4.7). Additionally, the average
costs for the 20 runs of real-coded PFMOEA were found to be $6.17 million.
Conversely, the 60 runs of binary-coded PFMOEA had an average cost of
$6.16 million (Siew and Tanyimboh, 2012a). The two approaches are therefore
reasonably close in effectiveness based on the ability to achieve the global

optimum.
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Graph of Optimal Cost against Run Number for the Hanoi Network
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Figure 4. 7 Comparison of the optimal cost against the run number for
the binary-coded and real-coded PFMOEA using Hanoi Network

Figure 4.8 shows that the real-coded PFMOEA applied to the Hanoi network,
converged in fewer function evaluations in many more runs than the binary-
coded PFMOEA. On average, the real-coded PFMOEA obtained 82,281
function evaluations. This represents a 34.38% decrease from the average of
125,398 achieved for the binary-coded PFMOEA. These results are
comparable to those of the Two-looped network optimisation problem
presented in Section 4.1.1. This indicates that the real-coded PFMOEA has

superior computational efficiency over the binary-coded PFMOEA.

67



Function Evaluations against Run Number
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Figure 4. 8 Comparison of the function evaluation against the run

number for the binary-coded and real-coded PFMOEA

Table 4.2 presents the optimal diameters, optimal costs, and their
corresponding maximum function evaluations for various approaches including
the real-coded PFMOEA. This study’s optimal cost of $6.081 million at
w=10.667 is consistent with the findings of Suribabu (2010). However, it differs
from the results of other researchers (Cunha and Sousa, 1999; Vairavamoorthy
and Ali, 2000; Wu and Walski, 2005; Geem, 2006; Kadu et al., 2008; Siew and
Tanyimboh, 2012a) who obtained their optimum cost at a higher function
evaluation as indicated in Table 4.2.

The variations in optimal costs in Table 4.2 can be attributed to the different w
values employed in the head-loss equation (refer to Equation 2.4) and the
reduction in the search space. Kadu et al. (2008) utilized a search space
reduction technique, where only a subset of candidate pipe diameters from the
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6 commercial pipe sizes were considered. As a result, the GA search was
performed on a reduced search space of 2.351x10'® which accounts for
approximately 8.2x10 % of the entire solution space (i.e., 634 = 2.865x102).
In contrast to Kadu et al. (2008), this current research explored the entire

solution space.
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Table 4. 2 Historic and current solution for the Hanoi network

Diameter of pipes (mm)

) 10.508 10.508 10.508 10.509 10.508 10.508 10.903 10.9031 10.667 10.667
Cunha
) Wu and Kadu et Siew and Kadu Siew and )
. and Vairavamoorthy ] Geem ] ] Suribabu Present
Pipe number ] Walski al., Tanyimboh etal, Tanyimboh
Sousa and Ali (2000) (2006) (2010) study
(2005) (2008) (2012a) (2008) (2012a)
(1999)
1-8 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
9 1016 1016 1016 1016 1016 1016 762 1016 1016 1016
10 762 762 762 762 762 762 762 762 762 762
11 609.6 609.6 609.6 609.6 609.6 609.6 762 609.6 609.6 609.6
12 609.6 609.6 609.6 609.6 609.6 609.6 609.6 609.6 609.7 609.6
13 508 508 508 508 508 508 304.8 304.8 508 508
14 406.4 406.4 406.4 406.4 406.4 406.4 304.8 304.8 406.4 406.4
15 304.8 304.8 304.8 304.8 304.8 304.8 304.8 304.8 304.8 304.8
16 304.8 304.8 304.8 304.8 304.8 304.8 406.4 304.8 304.8 304.8
17 406.4 406.4 406.4 406.4 406.4 406.4 508 508 406.4 406.4
18 508 508 508 508 508 508 609.6 609.6 609.6 508
19 508 508 508 508 508 508 609.6 609.6 508 508
20 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
21 508 508 508 508 508 508 508 508 508 508
22 304.8 304.8 304.8 304.8 304.8 304.8 304.8 304.8 304.8 304.8
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23
24-25
26
27-28
29
30
31
32
33
34

Optimization
method

Total cost
($M)
Maximum
Function

Evaluation

1016
762
508

304.8
406.4
304.8
304.8
406.4
406.4
609.6

SA

6.056

53000

1016
762
508

304.8

406.4

304.8

304.8

406.4

406.4

609.6

GA

6.056

160000
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304.8
406.4
304.8
304.8
406.4
406.4
609.6

GA

6.056

150000

1016
762
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304.8
406.4
304.8
304.8
406.4
406.4
609.6

HS

6.056

200000

1016
762
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304.8

406.4
304.8
304.8
406.4
406.4
609.6

GA

6.056

18000

1016
762
508

304.8

406.4
304.8
304.8
406.4
406.4
609.6

Binary-coded
PFMOEA

6.056

51000

1016
762
508

304.8

406.4
304.8
304.8
406.4
508
609.6

GA

6.19

18000

1016
762
609.6
304.8
406.4
406.4
304.8
406.4
406.4
609.6
Binary-
coded
PFMOEA

6.182

100000

1016
762
762

304.8
406.4
304.8
304.8
406.4
406.4
609.6

Differential

evolution

6.081

48724

1016
762
508

304.8

406.4
304.8
304.8
406.4
406.4
609.6
Real-
coded
PFMOEA

6.081

48000
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4.2 Effect of Altering the Allocation of Solutions Near the Active
Constraint Boundary Region in Real-coded PFMOEA.

The progress in achieving the optimal solution across function evaluations for
different retention percentages in real coded PFMOEA are presented in Figure
4.9.

Solution allocation on the active boundary region
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Figure 4. 9 Progress of the Real-coded PFMOEA optimization with
varied percentages of retention in the boundary region for the Two-
looped network

In the early stages of the evolutionary process, PFMOEA-A, PFMOEA-B, and
PFMOEA-C exhibited rapid improvements in minimizing the network cost
(Figure 4.9). Remarkably, the progress made by PFMOEA-A with a 15%
allocation on both sides of the boundary region surpassed the progress of the
other percentage allocations. Additional runs not reported here also revealed
the same. During optimization process, the progress lines for PFMOEA-A,
PFMOEA-B, and PFMOEA-C continued to advance, resulting in the attainment
of the optimal solution at 1,600, 1,680, and 2,000 function evaluations,
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respectively. The results of the computational effort required by PFMOEA-A
was 20% lower than that of PFMOEA-C. Notably, none of the allocations
encountered a plateau before reaching the optimal solution ($419,000) which

indicates efficient progress.

Furthermore, the findings indicate that the 15% feasible-15% infeasible
percentage allocation of PFMOEA-A is superior to the other two. This allocation
imposes greater pressure on the search to stay in proximity to the boundary,
where both good feasible solutions and the least costly infeasible solutions are
situated. By preserving infeasible solutions near the boundary region, it
becomes easier to transform them into feasible and optimal solutions (Ray et
al., 2009). This strategy improves diversity among population members while

satisfying constraints (Ray et al., 2009).

The results presented in Figure 4.10 are for the three percentage retentions in
elitism for the Hanoi WDS. The figure demonstrates a similarity to the findings
for the Two-looped network. PFMOEA-A, PFMOEA-B and PFMOEA-C attained
the optimal solution ($M 6.081) with 39,700, 41,500 and 48,000 generations.
This confirms that the 15% feasible-15% infeasible percentage allocation
employed by PFMOEA-A outperformed PFMOEA-B (20% feasible-10%
infeasible solutions) and PFMOEA-C (30% feasible solutions).
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Solution allocation on the active boundary region
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Figure 4. 10 Progress of the real-coded PFMOEA optimization with
varied percentage allocations on the constraint boundary region for the

Hanoi Network (w=10.667).
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5 CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

This study aimed to find out if the PFMOEA for WDS could be improved by
incorporating real coding representation and alterating the elitism concept in
the approach. Previous PFMOEA research utilized binary representation to
encode and decode solutions. Although binary coding is simple to use, it tends
to generate redundant codes that do not match any members of the finite
discrete set to which the encoded parameter belongs. Hence the need to find
out if using real coding could improve PFMOEA performance. The study
applied two benchmark networks; Two-looped and Hanoi networks that have
been applied in previous studies using binary-coded PFMOEA and other
optimization methods.

The real-coded PFMOEA succeed in identifying the least cost feasible solution
of $419,000 and $6.081 million for the Two-looped and Hanoi networks,
respectively. Hence, the reduction in the average number of function
evaluations required to attain the optimal solution. Specifically, for the Two-
looped network, there was a decrease of 28.21% while for the Hanoi network,
the reduction amounted to 34.38%. As a result, the real-coded PFMOEA
outperformed the binary-coded PFOMEA in terms of computational efficiency
as it converged to the optimal solutions faster. This might be attributed to a
more effective exploration of the solution space, as real coding does not

generate redundant genes unlike binary coding.

In previous PFMOEA studies, 30% of the least-cost feasible solutions were
retained in each generation with no inclusion of any infeasible solutions.

Therefore the second objective of this research, was to find out if replacing
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various percentages of both feasible and infeasible solution close to the active
constraint boundary could improve the PFMOEA performance. The solution
allocation of 15% feasible and 15% infeasible solutions achieved the best
results. As it just required 1600 function evaluations to achieve the optimal
solution using the Two-looped network. In comparison, allocating 20% feasible
and 10% infeasible solutions required 1680 function evaluations, while
allocating 30% feasible and 0% infeasible solutions required 2000 function
evaluations. This implies that the first solution allocation (15% feasible and 15%
infeasible) outperformed the other two in terms of efficiency.

In the case of the Hanoi optimisation problem, the solution allocation
comprising 15% feasible and 15% infeasible solutions also required the fewest
number of function evaluations of 39,700 to obtain the best solution. Allocating
20% feasible and 10% infeasible solutions involved 41,500 function evaluations,
whereas allocating 30% feasible and 0% infeasible solutions needed 48,000
function evaluations. Thus, including infeasible solutions close to the feasible
least-cost boundary significantly enhanced the computational efficiency of the
PFMOEA.

The significant limitation of this study was the time constraint in coupling
EPANET 2 with NSGA II, and efforts involved in testing the coupled model and
aligning the algorithm to incorporate the principles of PFMOEA. Moreover, the
extensive CPU time required for optimizing the water distribution network
(WDN) within the duration of the master's program prevented further
exploration of additional WDNs. Most of the optimizations were conducted on
a single desktop computer due to limitations of and constraints on
computational facilities. This constraint restricted the timing, scalability, and

parallelization of the optimization process. Thereby, also limiting the number of
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networks explored and the assessment of effect of retention allocation

percentages on optimization performance.

5.2 Recommendation

This study achieved its aims and objectives successfully, improving the
computational efficiency of the PFMOEA. Nevertheless, there are opportunities
for future investigations and improvements to build upon the current findings.
Therefore, there is a need to use a wider range of WDNs with diverse
configurations and characteristics. This broader analysis would enhance the
generalizability and applicability of the real-coded PFMOEA findings to real-
world situations. Furthermore, exploring a spectrum of retention percentages
in the PFMOEA would be appropiate. This is so as previous researchers
employed a default of 30% as a total retention percentage. However, there was
no basis to how the 30% was selected. Therefore, it is subjective, and further

research would be recommended.

Additionally, this study used three different retention precentages of feasible
and infeasible solutions totaling to 30%. Hence, exploring a wider range of
retention percentages would be beneficial for future research. The selection of
infeasible solutions for retention in this study was based on head deficit only
and other approaches for this selection could be investigated in future studies.
Moreover, Matlab was used in the present study as it is user-friendly.
Nevertheless, it tends to utilize a lot of CPU time in the optimization process.
Thus, future studies on real-coded PFMOEA should consider utilizing other
computer languages like C++ which might be computationally more efficient.
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7 APPENDIX

Appendix A: Data Input and Supplementary Results for Two-Loop
Network

Table A-1 Two-loop network node data

- Minimum
. Demand required
Node No. Elevation (m) (I/s) pressure head

é

2 150 27.78 30

3 160 27.78 30

4 155 33.33 30

5 150 75.00 30

6 165 91.66 30

7

160 55.56 30

Table A- 2 Reservoir data for the Two-loop network

Reservoir No. Head (m)

1 210.00
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Table A- 3 Available commercial pipe diameters options and their

corresponding costs for the Two-loop network

Diameter (in) Diameter (mm) Cost (units)

1 254 2

2 50.8 5

3 76.2 8

4 101.6 11

6 152.4 16
8 203.2 23
10 254.0 32
12 304.8 50
14 355.6 60
16 406.4 90
18 457.2 130
20 508.0 170
22 558.8 300

24 609.6 500




Appendix B: Data Input and Supplementary Results for Hanoi Network

Table B-1 Hanoi network nodal data

Minimum
Node No.  Elevation (m)  Demand (m%h) g?g;sizeri
head (m)
5 0 890 247.22
3 0 850 236.11
4 0 130 36.11
5 0 725 201.39
6 0 1,005 279.17
7 0 1,350 375.00
8 0 550 152.78
9 0 525 145.83
10 0 525 145.83
11 0 500 138.89
12 0 560 155.56
13 0 940 261.11
14 0 615 170.83
15 0 280 77.78
16 0 310 86.11
17 0 865 240.28
18 0 1,345 373.61
19 0 60 16.67
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20 0 1,275 354.17
21 0 930 258.33
22 0 485 134.72
23 0 1,045 290.28
24 0 820 227.78
25 0 170 47.22
26 0 900 250.00
27 0 370 102.78
28 0 290 80.56
29 0 36 10.00
30 0 360 100.00
31 0 105 29.17
32 0 805 223.61

Table B- 2 Reservoir data for the Hanoi network

Reservoir Total head (m)

1 100
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Table B- 3 Available commercial pipe diameters options and their
corresponding costs for the Hanoi network

Diameter (mm) Cost ($/m)
304.80 45.73
406.40 70.40
508.00 98.38
609.60 129.33
762.00 180.80

1,016.00 278.30

Table B- 4 Pipe data for the Hanoi network

H-W
Pipe Start node End Node Length (m)  Coefficient

1 1 2 100 130
2 2 3 1,350 130
3 3 4 900 130
4 4 5 1,150 130
5 5 6 1,450 130
6 6 7 450 130
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