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Abstract: Enhancing the performance of aged water distribution networks (WDNs) has
become a significant global challenge. Many of these networks face issues such as dete-
riorated pipes, insufficient pumping heads, and increased water demands. Upgrading
existing WDNSs is often performed using optimization techniques, characterized by nu-
merous decision variables, resulting in computationally intensive and time-consuming
simulations. This paper proposes a novel optimal upgrading methodology for WDNs,
leveraging clustering principles from graph theory. The proposed methodology involves
adding a new storage tank and rehabilitating selected pipes of an existing WDN. The
methodology begins with dividing the WDN into smaller subsystems based on its commu-
nication properties. The parameter ranges for adding a new storage tank are determined
using a sensitivity analysis, assessing their values and impact on network resilience and
water quality. Critical pipes that directly impact the WDN performance are identified and
replaced for rehabilitation through three proposed scenarios, each with a distinct selection
criterion. The problem is formulated as a multi-objective problem, aiming to minimize total
annual costs while maximizing network resilience. The proposed methodology has proven
effective in reducing the search space size and computational effort, outperforming the
traditional full search space optimization approach.

Keywords: clustering analysis; NSGA-IIL; rehabilitation management; resilience; water
distribution networks

1. Introduction

The increasing demand for drinking water, coupled with the deterioration and in-
sufficiency of infrastructure, poses significant challenges for existing water distribution
networks (WDNs) in pre-developed and developing nations [1]. These challenges often
result in substandard water provision that fails to meet pressure and water quality require-
ments or increases the running costs due to higher operating expenditures or water losses.
Financial constraints further complicate significant upgrades, including strengthening,
rehabilitation, or expansion [2].

Consequently, an effective strategy for a full or partial WDN upgrade must be devel-
oped. The strategy should include appropriate upgrade options tailored to the current
requirements of the distribution system, ensuring efficient and reliable operation. The
strategy must be economically and computationally feasible while maintaining essential
WDN performance metrics (e.g., water quality and hydraulic efficiency) within acceptable
limits under both current and future conditions [3,4].

Upgrading existing WDN’s is complex, yet numerous methods for upgrading strate-
gies for WDNs have been developed by various researchers and practitioners in recent
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decades [5]. In recent decades, advances in computational modeling tools and processing
technology have led to significant interest in optimization models for developing effective
upgrading techniques [6]. The primary benefit of employing optimization models is in their
capacity to accommodate several independent variables and to effectively explore alterna-
tive combinations for WDN upgrading solutions [7]. These techniques incorporate a wide
range of decision variables. Examples include optimal pipe rehabilitation models [8-11],
tank sizing and siting [12,13], and pump operation scheduling [14-16]. Typically, the prob-
lem is framed as multi-objective optimization with objectives such as minimizing total
capital and operational costs, reducing leakage, and maximizing system reliability [17-19].

In such optimization problems, the trade-off between conflicting objectives is ad-
dressed using multi-objective evolutionary algorithms (MOEAs), yielding a Pareto front
of non-dominated solutions. Each solution on the front represents a unique upgrading
strategy with specific objective values. Identifying the optimal Pareto front for a WDN with
numerous candidate pipes requiring an upgrade poses a considerable challenge due to the
vastness of the decision space [20].

Diverse approaches have been employed to alleviate the complexity and computa-
tional requirements of optimal upgrading techniques. These approaches include the path
method [21], global sensitivity assessment [22], and sequential multistage MOEAs [23].

Furthermore, cluster-based analysis is an effective method for simplifying the assess-
ment of WDN . It partitions a network into multiple subnetworks (i.e., clusters), each
consisting of vertices and edges [24]. The resulting cluster design identifies network config-
uration, thus providing a clearer understanding of the network topology and connections
among its components. Various clustering techniques have been applied to WDNs [24]. A
graph-based algorithm was employed to integrate depth-first and breadth-first method-
ologies for the analysis of WDNs [25,26]. Perelman and Ostfeld [27] employed similar
approaches to partition WDNSs into strongly and poorly connected subgraphs based on
flow directions in pipes. Deuerlein [28] introduced a graph decomposition method that
simplifies networks into two primary components: forests (tree structures) and cores (loop
structures). Deuerlein et al. [29] further enhanced this model by distinguishing the tree
structure from the looping structure, significantly diminishing the system’s nonlinearity.
Diao et al. [30] employed a modularity-based technique [31,32] for segmenting WDNSs.
Giustolisi and Ridolfi [33] enhanced the modularity-based technique by developing a novel
modularity index, which was employed in multi-objective optimization, to produce diverse
decomposition solutions for WDNSs.

A key application of cluster-based decomposition is the development of district me-
tered areas (DMAs) [30,34-36]. Swamee and Sharma [37,38] developed a method for de-
constructing a multi-source WDN, through examining the influencing regions of different
water sources. The method identifies single-supplier subsystems for separate design and
subsequent integration into the system. Zheng et al. [39] presented an effective dual-stage
multi-objective optimization technique utilizing network decomposition, in which each
independent subsystem is optimized individually prior to integration for a holistic system
evaluation. Diao et al. [40] proposed a twin-hierarchy decomposition method to restructure
the WDN optimization into two levels: supplying mains and local neighborhoods, allowing
independent community-level design.

The discretization process of WDNSs into a set of DM As consists of two main stages.
The first stage utilizes graph theory to convert the network into an undirected graph, where
reservoirs, nodes, and storage tanks are represented by vertices, while pipes, pumps, and
valves are represented by edges [27]. The second stage involves partitioning the WDN
graph into DMAs using a clustering algorithm while ensuring that the internal connection
within each DMA is stronger than the external connection. Various clustering algorithms
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exist in the literature, but the most commonly used ones are the community structure
algorithm [41], modularity-based algorithm [42], multilevel graph partitioning [43], and
spectral graph algorithm [44].

Additionally, sensitivity analysis improves network design by minimizing search
space size, directing the optimization process toward addressing the key decision vari-
ables relevant to system performance, and pinpointing critical sources of uncertainty
in stochastic design scenarios [45]. Fu, Kapelan, and Reed [45] conducted a sensitivity
analysis on a WDN to simplify complex optimization procedures and evaluate several
performance indicators affecting the distribution system. Fiorini et al. [46] employed
a sensitivity analysis to assess WDN performance utilizing a pressure-driven analyti-
cal method and a classification strategy using an artificial neural network. Izquierdo
et al. [47] developed a methodology to assess the relative importance of pipes by analyz-
ing uncertainty in WDN data using sensitivity analysis. Jensen and Jerez [48] performed
sensitivity analyses for large WDNs with high uncertainty, integrating factors such
as storage tank head, pipe roughness, and nodal demand with a probabilistic model.
Guangtao, Kapelan, and Reed [22] used sensitivity analysis to reduce the computational
budget required for optimizing WDN design and operation. The study identified the
ineffective decision variables and directed the problem to the effective variables, thus
reducing problem complexity and computational demands.

Developing a comprehensive and effective rehabilitation plan for existing WDNSs is a
challenging task due to the large number of decision variables, uncertainties in the available
data, and the complexity of determining whether to add new elements to the network,
especially in the absence of supercomputing facilities [23]. The search space size for WDN
optimization problems is determined by the WDN scale along with the number of decision
variables and their associated options, such as the pipe diameters available in the local
market [21]. Therefore, many researchers have focused on developing methods to reduce
the search space size in the different optimization processes of WDNs. Kadu Mahendra
et al. [21] modified the genetic algorithm and introduced a methodology to reduce the
search space based on the critical path method for network pipes. Reca et al. [49] developed
anew approach to efficiently determine the optimal design of WDNs by limiting the search
space through specifying a predefined diameter range for the pipes in the network.

This current study introduces an innovative methodology for optimal WDN upgrad-
ing through rehabilitating selected pipes and adding a new storage tank, leveraging graph
clustering and decomposition concepts proposed by Schaeffer [24] and Fortunato [50]. By
integrating hydraulic insights from each subsystem, the proposed methodology aims to
significantly reduce the number of decision variables before conducting network optimiza-
tion. This work serves as a framework to assess and compare the effectiveness of different
graph-based optimization approaches. The following sections outline the suggested tech-
nique and its application to a case study, followed by the presentation and analysis of the
results. Finally, the main findings are summarized, and recommendations for future work
are provided.

2. Study Area

In this work, the WDN for Al-Hashimiya city, located in the Babylon Governorate in
central Iraq, was studied. The network suffers from deterioration due to aging infrastruc-
ture, poor maintenance, and random expansions. These issues have led to a decline in the
network’s overall efficiency and an increase in the required maintenance rate. Variations in
node pressures, insufficient water supply to meet demand, and fluctuations in disinfectant
concentrations significantly reduce end-user satisfaction.
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The Al-Hashimiya WDN serves five residential neighborhoods located in the center
of the city. Considering that the estimated city population was 23,535 capita according
to the 2010 population census and according to the city’s population growth rate (2.5%),
the current population is estimated at 33,254 capita, as reported by the Iraqi Ministry of
Planning/Central Bureau of Statistics. The Al-Hashimiya WDN consists of three main
components: a drinking water treatment plant, a pump station, and a pipe network.
Figure 1 shows all the details of the Al-Hashimiya WDN. For more details about the
network and its location, please refer to the Supplementary Information (Supplementary
Figures S1 and S2).

Outlet-5

Figure 1. Al-Hashimiya WDN details.

The drinking water treatment plant is located in the northwestern part of the WDN
along the Shatt al-Hilla River. The station operates with a production capacity estimated at
6000 m> /h. It takes raw water from Shatt al-Hilla and supplies treated water to four WDNs.
The share of the Al-Hashimiya WDN is 700 m3/h of the total treated water.

The pumping station consists of two parallel fixed-speed pumps that operate alter-
nately to supply the Al-Hashimiya WDN with potable water. Water is conveyed to the
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network through a 600 mm diameter and 720 m long pipeline. Each pump operates with a
power of 80 kW, delivering a discharge of 700 m®/h and a head of 42 m.

The network consists of 434 pipes and 383 nodes, with pipe diameters ranging from
75 mm to 600 mm, made from different materials such as plastic, asbestos, and ductile iron.
The network has five water outlets with different discharges: outlet #1 (150 m3/h), outlet
#2 (100 m3/h), outlet #3 (50 m3/h), outlet #4 (30 m3/h), and outlet #5 (15 m3/h). These
outlets supply smaller networks near the Al-Hashimiya WDN.

The Al-Hashimiya WDN currently meets 90% of end-users” demand during normal
conditions but fails during peak demand times, which amounts to 1.4 of the base demand.
Figure 2 shows the daily demand pattern for any junction within the network. To enhance
network efficiency and fulfill design requirements for the next 20 years, the addition of a
new storage tank and the replacement of selected critical pipes have been recommended.
The pressure of the network must be maintained between 10 m and 50 m, chlorine con-
centrations are between 0.2 mg/L and 0.5 mg/L, and flow velocity in pipes should not
exceed 2.3 m/s. All the new pipes are made from PVC with a Hazen-Williams coefficient
of 140, and information about the pipes available in the local market is shown in Table 1. To
conduct this study, an EPANET input file for the Al-Hashimiya WDN was obtained from
the official authorities of the Al-Hashimiya Water Centre.

1.6+
1.4+ — —
1.2+
1.0+ — — — =
0.8+ — P —
0.6+
0.44
0.24
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Figure 2. Daily demand pattern for the Al-Hashimiya WDN.

Table 1. Details of pipes available in local markets.

Available Diameters Replacement Cost ($/m)

d=75mm 5

d =110 mm 7.6
d=125mm 10

d =160 mm 14.23
d =200 mm 18.85
d =225 mm 24.6
d =250 mm 40
d=315mm 52.3
d =400 mm 85.38
d =500 mm 103.85
d = 600 mm 146.15

3. Methodology

The methodology is mainly based on the clustering concept and incorporates two
distinct features: first, determining the best parameter range for a new storage tank added
to the existing WDN based on sensitivity analysis; and second, identifying critical pipes that
negatively impact the network performance. The recommended tank parameter ranges,
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along with the selected pipes, were incorporated into the optimization process as decision
variables for rehabilitating the existing WDN.
The methodology consisted of four steps:

1. Network Clustering: The network is divided into smaller subnetworks, pre-defined
based on the characteristics of the connection between them, in line with the cluster-
ing concept.

2. Tank Parameter Ranges Identification: Decision variables for the new storage tank
are identified, imposing a range of recommended values. The optimal ranges are
determined after conducting a sensitivity analysis based on network performance.

3. Critical Pipe Identification: Pipes that negatively impact network performance are
identified and included as decision variables in the optimal rehabilitation process. This
step proposes three rehabilitation scenarios, each with a specific set of pipe-decision
variables selected using a distinct approach.

4. Network Optimization: The optimization process for upgrading the WDN is car-
ried out using two approaches: (1) Guided optimization: This approach utilizes the
best tank location and decision variable ranges identified through sensitivity analy-
sis. The pipe replacement decision variables are then identified based on the three
rehabilitation scenarios. (2) Full search space optimization: This approach serves
as a benchmark for the comparison and verification of the proposed methodology.
It explores all possible tank locations and ranges of tank decision variables, while
randomly selecting the replaced pipe and their number.

The following subsections provide a detailed description of these steps.

3.1. Clustering the Al-Hashimiya WDN into DMAs

Several methods and approaches for clustering WDNs are available, primarily based
on graph theory and clustering algorithms [24,51,52]. Partitioning a WDN into district me-
tered areas (DMAs) facilitates identifying service failure locations and allows the isolation
of the affected part of the network without disrupting service across the entire system,
thus improving WDN management [30]. Moreover, conducting such an analysis simplifies
control and operation, particularly for large and complex networks [2].

In this study, the modularity-based clustering algorithm [31,52] was used due to its
efficiency in analyzing large-scale systems. The algorithm maximizes the modularity index
(M, which can be expressed as follows:

_ b _ koko
T 2mpw | oy,

}‘5(%/ Cw) (1)

where ky, = Y., Avw, kw = Y p Avw, Me = %va Ayw, in which

m, is the number of edges in the graph, A, denotes the elements inside the adjacency
matrix of the network, k, and k,, are the summation of edges connected to vertices v and w,
respectively. ¢, and ¢, are two different clusters (communities) that include vertices v and
w, respectively, é(cy, cw) is a function that depends on communities (equals 1 when ¢, = ¢,
and 0 otherwise). Further details about this method and clustering design concepts can be
found in [30,31].

The Al-Hashimiya WDN was partitioned into DMAs using the previous clustering
analysis. Trial and error analysis was performed during the implementation of the clus-
tering algorithm to establish five DMAs, each representing a neighborhood within the
Al-Hashimiya WDN, as shown in Figure 3. Subsequently, five potential locations were
identified for the proposed storage tank, one for each DMA, with the goal of selecting
the best location that effectively serves all five DMAs. Priority was given to areas with
significant pressure deficiency or high water demand within the DMAs.
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Figure 3. DMAs of the Al-Hashimiya WDN and potential storage tank locations.

3.2. Storage Tank Parameters

The optimization of WDNs when adding a new storage tank should first involve
leveraging engineering experience to define the relevant tank parameters and establish
reasonable ranges for them. The closer the optimization decision variables align with
engineering considerations, the more efficient the resulting solutions will be. On this
basis, the storage tank parameters in this study were classified into independent variables
(decision variables) and dependent variables (derived variables). The decision variables for
adding a new storage tank to the Al-Hashimiya WDN can be summarized as tank location,
tank elevation (E;), tank diameter (Dy), riser diameter (D,), and initial water volume (V).
The tank riser is the pipe responsible for both supplying water to the tank and draining it.

Selecting appropriate values for these parameters is crucial, as it directly impacts
the solutions quality in terms of applicability, cost, and computational efficiency. Appro-
priate values of these parameters reduce the search space size, leading to more effective
optimized solutions.

Therefore, a sensitivity analysis was conducted to identify the best values for the
storage tank parameters. The individual impact of each parameter on the network resilience
(Re) and average water age (Aw4) was evaluated, considering the addition of only one new
storage tank.
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Although several widespread formulas for calculating R, are widely discussed in
the literature, the Todini [53] formula was used in this study for its simplicity. This
formula indicates the network’s ability to maintain operation within the required pressure
constraints during failure events. R, evaluates network resilience by predicting the surplus
energy available for all network junctions, as shown in the following equation:

N; .
Zm]:] Qm (and - Hﬂrfllln)
Nps Py

Re= Ny Nj nin
(2N, QrHy + 5" ) = T, Qu Hy

(2)

where Nj is the number of junctions in the network, Qy, is the demand of junction m, Hj" is
the actual piezometric head of junction m, H};"" is the minimum required piezometric head
of junction m, N, is the number of reservoirs in the network, Q, is the reservoir outflow,
H; is the reservoir water elevation, Nps is the number of pumps in the network, and 7 is
the unit weight of water. R, ranges from 0.0 to 1.0, with the best value being close to 1.0,
indicating a highly resilient system.

Awa is calculated by averaging the water age at all nodes during the simulation
time [54], and is given by

Awa = = : (©)

where WA,, is the water age of node m at time t (h). The best Ay value is when it
approaches 0.0.

A preliminary analysis of the Al-Hashimiya WDN was conducted to determine rea-
sonable ranges for the new tank’s independent variables. After several attempts based
on network characteristics, the following base values were assumed: 20 m for E;, 150 mm
for D,, 13 m for D;, and 943 m? for V. Ranges of independent variables were selected as
follows: 22-40 m with an increment of 2 m for E;, 140-50 mm with a decrease of 10 mm for
D,, 14.3-26 m with an increment of 1.3 m for D;, and 1037-1886 m? with an increment of
94.3 m3 for V;. According to this practice, the number of scenarios was 41 for each potential
storage tank location, resulting in a total number of 205 scenarios.

The simulation time of the network was assumed to be four days with a time step of
0.25 h. R, and Awu were evaluated on the fourth day of the simulation to ensure a steady
periodic reading of water age and pressure patterns. R, was calculated at 3:00 pm on the
fourth day, corresponding to the time of maximum daily demand. All the analyses were
conducted using EPANET v2.2 [55].

After conducting the analysis, the tank parameters yielding the highest R, and the
shortest Ay were adopted. Figure 4 shows the results of the sensitivity analysis, revealing
that the best tank location was location 4. Taking D; as an example, it was found that
R, decreased with increasing D;, while Ay, increased, suggesting that minimizing D;
improves network performance.

On this basis, the best tank location and recommended values of the tank parameters
were determined based on sensitivity analysis results as follows: The potential storage tank
was located in DMA #4, E; range was 20 to 40 m, D; range was 13 to 18.2 m, V; range was
943 to 1131 m?, and D, was 150 mm or above.
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Figure 4. Variation in R, and Ay with respect to tank parameters: (a)—E;, (b)—D;, (c)—V;, (d)—D:r.

3.3. Critical Pipes Identification

Rehabilitating the studied WDN was optimized by replacing pipes that directly impact
network performance. The pipes affecting the network performance can be classified into
three types. First, high head loss pipes, where significant losses occur due to insufficient
diameter, i.e., due to increased demand or high roughness resulting from network aging.
Second, boundary pipes, which serve as water conveyors between the different DMAs.
Third, the group of pipes along the feeding path, i.e., the shortest path of flowing water
from the source to the DMAs.

Accordingly, three scenarios were proposed for selecting pipes that will be replaced
within the optimal rehabilitation process. These scenarios can be summarized as follows:

Scenario 1: Rehabilitation of pipes along the feeding path

In this scenario, the rehabilitation focuses only on the pipes located along the shortest
path between the water source and the DMAs. The number of pipes along the feeding path
for each DMA is illustrated in Table 2. Here, it was assumed that these pipes were the main
cause of pressure deficiency at the network nodes. This pressure deficiency is often due to
high head loss or inadequate diameters of these pipes. Rehabilitating a limited number of
pipes could effectively solve the pressure deficiency at a relatively low cost.
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Scenario 2: Pipe rehabilitation within DMAs

This scenario focuses on rehabilitating the pipes within each DMA that experience
pressure deficiencies. These deficiencies are assumed to be a result of high head loss in
certain pipes, primarily caused by insufficient diameters due to increased demand and
high friction due to network aging. Therefore, priority is given to the rehabilitation of pipes
with high roughness, characterized by a Hazen-Williams coefficient of less than 90, as well
as pipes with large head loss gradient values, defined as gradients greater than 8 m/km.

On the other hand, part of the pressure deficiency was attributed to insufficient water
supply to the DMAs, often due to the undersized or aging of boundary pipes between
DMAs. Rehabilitating these pipes will alleviate pressure deficiency at the network nodes.

On this basis, the Al-Hashimiya WDN had 40 pipes with a Hazen-Williams coefficient
of less than 90, 28 pipes with a head loss gradient of more than 8 m/km, and 7 boundary
pipes. After excluding 13 common pipes, the total number of pipes that were included in
the optimization process as decision variables in this scenario was 62.

Scenario 3: Combined Rehabilitation Approach

In this scenario, both Scenario 1 and Scenario 2 were integrated. This meant consider-
ing the critical pipes within the DM As as well as the pipes connecting the DMAs to the water
source. Although this combined scenario may have the largest search space, it encompasses
all the potential pipes that could be significant for consideration during rehabilitation.

Since pipe replacement was the only option considered for rehabilitation, the deci-
sion variables for optimizing network rehabilitation were the diameters of the replaced
pipe. Eleven pipe diameters were available in the Al-Hashimiya WDN for replacement,
resulting in a full search space size of 11%3* = 9.213 x 10%!. In total, 35 pipes were
identified as decision variables for Scenario 1, and 62 pipes in Scenario 2, resulting in
corresponding search space sizes of 2.81 x 100 and 3.684 x 10%, respectively. After
deducting 23 pipes common to both Scenarios 1 and 2, the number of decision variables
for Scenario 3 was 74, leading to a search space size of 1.156 x 1077. All these scenarios
are illustrated in Figure 5. The diameters of the replaced pipes for Scenarios 1, 2 and
3 are provided in Supplementary Figures S3-55. Table 2 summarizes the hydraulic
properties and pipes considered as decision variables of the DMAs for the different
proposed scenarios.

Table 2. Properties of DMAs and pipes considered as decision variables for Scenarios 1 and 2.

Decision Variable Pipes

DMAs Properties 5 5
Scenario 1 Scenario 2
Max. Min. . Pipes Alon Pipes Inside Bounda
DMA Elevation (m) Elevation (m) Total Pipes  Total Nodes Feele)ding Pat%l pDMAs Pipesry
1 34 28 125 110 5 19 2
2 33 29 108 95 4 18 2
3 32 26 50 48 9 4 2
4 56 27 76 64 6 10 2
5 32 26 58 57 24 4 3
Total Pipes 48 55 11
Common Pipes 13 - 4
Decision Variable Pipes 35 55 7




Water 2025, 17, 1072

11 of 25

Pipe
= Pipes Connecting — Selected for Rehabilitation ~——Not Selected for Rehabilitation

Figure 5. Pipes considered decision variables for rehabilitation: (a)—boundary pipes, (b)—Scenario 1,
(c)—Scenario 2, (d)—Scenario 3.

3.4. Network Optimization Procedures
3.4.1. Problem Formulation

The main scope of this work was to optimize the upgrading of the studied WDN. The
optimal solutions should eliminate the nodal pressure deficit and increase the performance
of the distribution system while considering prespecified pressure and velocity constraints.
The upgrading process of the studied WDN included two main features: (1) adding
a new storage tank, and (2) rehabilitating selected pipes according to three proposed
scenarios. Two-objective functions were targeted for optimizing the WDN upgrading
process: (1) minimizing the total annual costs (TAC), and (2) maximizing R.. The total
annual cost (TAC) is a function of three components: annual replaced pipes cost (APC),
annual storage tank cost (ATC), and annual pumping energy cost (AEC) as follows:

min. TAC = APC + ATC + AEC )
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in which
NP
APC =) Cp*LpxC, (5)
p=1
ATC = (250 % V 4 5000(E; —20)) % C, (6)
AEC = 24 % 365 P, x EUC 7)
I(I+1)N
¢ = M+ ®)
(I+1)

where N, is the number of pipes, C, is the unit cost of replaced pipes (including excavation,
backfilling, and finishing works), L, is the pipe length, C; is the capital recovery factor, V
is the tank balancing volume (m?), E; is the tank elevation (m), I is the interest rate (0.09),
Py is the pumping power (kW), EUC is the energy unit cost (USD/kW-h), and N is the
expected WDN lifetime (20 years), where the estimated population of the city after 20 years
is 54,491 people, according to a growth rate of 2.5%.

Todini’s formula [53], as mentioned in Equation (2), was used to evaluate R, during
the optimization process.

In addition to the budget and performance embedded in the studied objective func-
tions, the optimization process must meet specific operational constraints. These included
maintaining nodal pressure within the range of 10 m to 50 m, and ensuring the flow ve-
locity in pipes did not exceed 2.3 m/s. On the other hand, the objective functions were
normalized to a consistent scale during the optimization process. Once the optimization
was complete, the values of the objective functions were converted back to their original
scale for displaying the results.

Decision variables were categorized into two groups: The first group was the decision
variables specified for adding a new storage tank, which included tank location (L), tank
elevation (E;), tank diameter (D;), riser diameter (D;), and initial volume (V;). The best range
of values for the decision variables was obtained from the sensitivity analysis conducted as
outlined earlier in Section 3.2. Pump power was also included as a decision variable, with
a range of 100 kW to 200 kW. This range was assumed and validated through trial runs
to ensure periodic operation of the storage tank levels, preventing the tank from filling
continuously throughout the operation period or experiencing insufficient filling. The
pumping power value can be directly used in EPANET by specifying a constant pumping
power in the pump properties window. The second group was the rehabilitation decision
variables, which were the diameters of the replaced pipes. Three proposed scenarios
determined the selection of pipes to be replaced, with 35, 62, and 74 pipes designated for
Scenarios 1, 2, and 3, respectively, as described in Section 3.3.

3.4.2. Optimization Process

The optimization process of WDNSs is usually based on linking a specific optimization
algorithm to a WDN hydraulic simulator. The hydraulic simulation of the WDN in this work
was conducted using EPANET v2.2 [55]. The Non-dominated Sorting Genetic Algorithm
III (NSGA-III) [56] was employed to reach a set of feasible non-dominated solutions that
satisfied the pressure and velocity constraints throughout the simulation time.

Although NSGA-III in multi-objective optimization requires more computational effort
than its counterpart, NSGA-II, the studied problem necessitates maintaining a diverse set
of solutions throughout the optimization process. The complexity of this problem arises
from the combination of continuous and discrete decision variables, which can lead to
irregularities or discontinuities in the generated Pareto front. Unlike NSGA-II, which relies
on crowding distance, NSGA-III employs a reference point-based selection mechanism to
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ensure well-distributed Pareto-optimal solutions, guiding the search toward more diverse
and near-continuous solutions while reducing the risk of convergence to local optima. This
advantage is particularly relevant for small population sizes, provided that the population
size is greater than the number of reference points [57].

Deb and Jain [58] also mentioned that decision-making in multi-objective and many-
objective optimization problems typically requires only a limited number of tradeoff so-
lutions. They also demonstrated that NSGA-III effectively identifies a small set of Pareto-
optimal solutions even with a reduced population size, thereby reducing the required
computational budget.

On the other hand, selecting the appropriate population size and number of runs
remains a challenging task, especially when optimizing scenarios with varied search space
sizes. Generally, a larger population size is preferred over a smaller one, assuming all other
factors are equal. A larger population size allows for more global search and may lead
to faster convergence, while maintaining greater diversity. However, it may encounter
difficulties with local optima in noisy environments and requires a larger computational
budget. Therefore, to balance the benefits of a larger population while minimizing its
drawbacks, it is important to choose a reasonable population size and increase the number
of runs. This approach can lead to more diverse exploration, faster convergence, and a
reduced computational budget. Nevertheless, a large population size with a larger number
of runs remains preferable. Given the constraint of a limited computational budget and the
decision to increase the number of runs, a smaller population size was chosen for all the
studied scenarios. This size should satisfy the NSGA-III condition, where the population
size must be a multiple of four and greater than or equal to the number of reference
points [58].

The optimization process for upgrading the Al-Hashimiya WDN was carried out
using two approaches: (1) Guided optimization: This optimization applied the best tank
location and decision variables ranges obtained from the sensitivity analysis. Then, the
decision variables for replacing the pipes were applied according to the three proposed
scenarios. (2) Full search space optimization: This optimization was used for comparison
and verification of the proposed methodology. All possible tank locations and wider ranges
of tank decision variables were used, and the replaced pipes and their numbers were
randomly determined. Table 3 summarizes the decision variables and their values used in
the two optimization approaches.

Table 3. Decision variables of optimization processes.

. ) Guided Optimization Full Search Space
Decision Variable Scenario 1 Scenario 2 Scenario 3 Optimization
Tank Location DMA 4 DMA 4 DMA 4 DMAs1,2,3,4,and 5
Tank Elevation (m) 20-40 20-40 20-40 2040
Tank Diameter (m) 13-18.2 13-18.2 13-18.2 13-26
Initial Volume (m?3) 943-1131 943-1131 943-1131 943-1886
Riser Diameter (mm) 150 150 150 50-150
Pumping Power (kW) 100-200 100-200 100-200 100-200
Replaced Pipe Number 35 62 74 random
Replaced Pipe Location ! - - - random

Note(s): ! Replaced pipe location for Scenarios 1, 2, and 3 is specified in Figure 5.

The NSGA-III parameter values were selected as shown in Table 4. The assumed values
for NSGA-III parameters were 10 for the number of divisions (N;), 0.5 for the crossover
percentage (Cp), 0.5 for the mutation percentage (Mp), and 0.02 for the mutation rate (M,).
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For the population size (P;), function evaluations (F.), and maximum number of iterations
(Nj), their values were set to 40, 75,000, and 1875, respectively. Although the used NSGA-III
population size may be considered relatively small, using the same population size ensured
that each scenario was tested under the same limited computational conditions, providing
a fair evaluation of performance without interference from population size. Studying the
effect of different population sizes or number of iterations on the optimization results is
beyond the scope of this study.

Table 4. Parameter values of NSGA-III used in optimization processes.

Action Description Parameter Value
Generating Reference Points ~ Number of reference points 11
C Crossover percentage 0.5
rossover Number of parents 20
Mutation percentage 0.5
Mutation Number of mutants 20
Mutation rate 0.02

The number of parents (N,,), number of mutants (N;,;), and mutation step size (M;)
were calculated using the following formulas:

Cp x Py
Ny =2x% {(2> +0.5J )
Ny, = [(MP * PS) + O.SJ (10)
M; =0.1x% (U, — Ly) (11)

where U, and L, are the upper and lower bounds of variables, respectively. N, and N, are
rounded to the nearest one.

For the guided optimization, 10 runs were conducted for each scenario to obtain
10 Pareto fronts, which were then accumulated to extract the best Pareto front corresponding
to each scenario. The full search space optimization problem was analyzed in the same
manner. Finally, decision-makers selected the most suitable solution after considering the
available budget and required network performance.

4. Results and Discussion
4.1. Pareto Optimal Solutions

The NSGA-III algorithm was used to perform the optimization and generate Pareto
optimal solutions, where the optimization was repeated 10 times for each scenario, includ-
ing the full search space scenario. The optimization goal was to reach the best rehabilitation
scenario among the studied scenarios. To establish a comparison between different scenar-
ios based on using the same computational budget, the convergence metric (C,) of each
scenario’s solutions was assessed. This metric computed the average Euclidean distance
between all the Pareto front solutions and a reference point. The reference point was
assumed to be at TAC = $0.0 and R, = 1.0. The C, formula can be written as follows:

1 &
Co==) G (12)

nii3

where 7; is the number of Pareto optimal solutions and C; is the Euclidean distance between
each Pareto front solution and the reference point.
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A comparison was conducted using the mean and standard deviation of convergence
across scenarios 1, 2, 3, and the full search space scenario. A lower mean convergence value
indicates that the Pareto front is closer to the optimal solution, while a lower standard
deviation suggests that the solutions are more tightly clustered around the mean value,
leading to larger consistency in the optimization results.

Figure 6 shows the differences between the objective function values for all the runs
of scenarios 1, 2, and 3, along with the full search space scenario, while Table 5 presents
the mean and standard deviation of the convergence metrics computed from 10 runs of
each scenario. The Pareto front resulted from each run is illustrated in Supplementary
Figures 56-59. The results in Table 5 indicate that Scenario 2 exhibited the best convergence
performance. The relative difference in the mean and standard deviation for each scenario
compared to the full search space expresses the extent of improvement in results compared
to the full search space.
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Figure 6. Box and whiskers plot for TAC and R, values ((a)—scenario 1, (b)—scenario 2, (c)—scenario
3, and (d)—full search space).
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Table 5. Mean and standard deviation of the convergence metrics of the Pareto optimal solutions.

Mean Standard Deviation
Scenario X 3 . .
Value Relative Difference (%) Value Relative Difference (%)
1 0.878 2.227 0.0217 57.450
2 0.744 17.149 0.015 70.588
3 0.822 8.463 0.049 3.922
Full search space  0.898 - 0.051 -

4.2. Guided Optimization Results

In this optimization, the best storage tank location and recommended ranges for the
tank decision variables obtained from the sensitivity analysis were adopted. Moreover, the
decision variables for the replaced pipes were applied according to the proposed scenarios
1, 2, and 3. The optimization analysis was conducted with 10 runs for each scenario to
generate 10 Pareto fronts, which were then accumulated to extract the cumulative Pareto
front. Figure 7 shows the cumulative Pareto front between TAC and R, for the final
optimization result of the Al-Hashimiya WDN under each scenario. All solutions shown
in Figure 7 satisfied the operational constraints. The cumulative Pareto front for Scenario
1 consisted of 42 solutions, with R, values ranging from 0.353 to 0.437 and TAC values
between $73,234 and $93,920. For Scenario 2, the cumulative Pareto front consisted of
65 solutions, with R, values ranging from 0.534 to 0.658 and TAC values between $70,592
and $108,966. Scenario 3 resulted in a cumulative Pareto front consisting of 59 solutions,
with R, values ranging from 0.495 to 0.669 and TAC values between $79,580 and $132,742.

‘ A Scenario 1 Scenario 2 Scenario 3 ‘

140,000 1
130,000
120,000
110,000
100,000

90,000 ] C

80,000 \!9‘
] - N

Total Annual Cost ($)

70,000 ]

60,000-llllIllllIllllIlIIIIIIIIIIIIIIIIIIIIIIII
0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70

Resilience (%)
Figure 7. Cumulative Pareto front of Scenarios 1, 2, and 3.

The analysis results showed that all solutions in the cumulative Pareto front of Scenario
2 dominated those of Scenarios 1 and 3. Table 6 provides key characteristics of all the
cumulative Pareto fronts, facilitating an approximate comparison of results. The average
TAC for the cumulative Pareto front of Scenario 2 was 4.076% higher than that of Scenario 1
and 16.873% lower than that of Scenario 3. Also, the average R, for the cumulative Pareto
front of Scenario 2 was 34.868% and 0.978% higher than Scenarios 1 and 3, respectively.
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The convergence value for the cumulative Pareto front of Scenario 2 was approximately
11.785% and 9.744% lower than Scenarios 1 and 3, respectively.

Table 6. Characteristics of the cumulative Pareto front of Scenarios 1, 2, and 3.

Objective Function Value

Average Objective for Lowest Euclidean

. Number of Function Val Lowest Euclidean
C unction Value . .
Scenario Solutions onvergence Distance Solution Distance Solution
TAC ($) R, TAC ($) R,
1 42 0.840 81,018 0.396 A 77,891 0.402
2 65 0.741 84,461 0.608 B 72,051 0.556
3 59 0.821 101,605 0.602 C 82,630 0.544

On the other hand, solutions A, B, and C on the cumulative Pareto fronts of Scenarios
1,2, and 3, respectively, were identified as the closest solutions to the reference point (i.e.,
the solutions having the lowest Euclidean distance). The TAC value of solution B was
7.497% and 12.803% lower than that of solution A and solution C, while the R, value of
solution B was 27.698% and 2.158% higher than solution A and solution C, respectively.

From the above analysis, Scenario 2 proved to be more efficient than Scenarios 1 and 3.
This indicated that the replaced pipes in Scenario 2 have the most significant impact on the
Al-Hashimiya WDN and are the primary contributors to system operational problems.

Differences in objective function results during the optimization process arose from
variations in the decision variables. Although the storage tank parameters varied across
solutions, the difference in objective function results was largely attributed to the rehabili-
tation decision variables, specifically the selected set of replaced pipes, which significantly
varied in their impact on the distribution system from one scenario to another. More
effective optimization outcomes can be achieved when the algorithm prioritizes replacing a
larger number of pipes that have a high impact on the system. However, including pipes
with minimal impact on the system leads to suboptimal results in terms of the rehabilitation
cost. Therefore, merely increasing the number of replaced pipes is not a reliable criterion
for system optimization. Instead, the key to better optimization lies in replacing pipes that
significantly impact the system’s performance.

For instance, this concept can be mathematically demonstrated by calculating the aver-
age percentage increase in the diameters of the replaced pipes and the average percentage
decrease in the head loss gradient for the pipes shared between solutions B and C. Solution
C consisted of 74 pipes as a decision variable, 62 of which were also present in solution B,
as shown in Figure 8 and Table 7. Figure 8 shows the common pipes’ IDs between solutions
Band C.

In Table 7, d, S, 1;, and Is represent the pipe diameter, head loss gradient, percentage
increase in the pipe diameter, and percentage decrease in the head loss gradient, respectively.
The table shows that the average values of I; and Is were 41.123% and —61.046% for solution
B and 66.402% and —54.557% for solution C, respectively.

Although the average percentage increase in the pipe diameters was lower in solution
B compared to solution C, the average percentage decrease in the head loss gradient was
greater in solution B. This suggests that solution B achieved a more effective reduction in
the head loss gradient with smaller changes in the pipe diameters compared to solution C.
Since solutions B and C shared the same conditions in all respects except for the inclusion
of the feeding pipes from Scenario 1 in Scenario 3, it is likely that these additional pipes
contributed to the observed deficiency in solution C. This can be attributed to the relatively
minimal effect of rehabilitating these pipes on the studied system'’s resilience, despite their
significant impact on the rehabilitation costs.
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665

Figure 8. IDs of shared pipes between solutions B and C.

Table 7. Relative improvement in shared pipes between solutions B and C in terms of pipe diameter

and head loss gradient.

R After Optimization
Before Optimization - -
ID Solution B Solution C
d (mm) S (m/km) d (mm) I; (%) S (m/km) Is (%) d (mm) I; (%) S (m/km) Is (%)

455 110 29.095 125 13.636 4.250 —85.393 160 45.455 1.880 —93.538
457 160 37.903 250 56.250 1.890 —95.014 315 96.875 0.560 —98.523
458 160 14.983 250 56.250 1.850 —87.653 250 56.250 1.620 —89.188
459 110 3.882 75 —31.818 0.930 —76.043 160 45.455 0.270 —93.045
460 110 5.719 160 45.455 0.010 —99.825 200 81.818 0.125 —97.814
461 110 7.276 125 13.636 0.031 —99.574 160 45.455 0.010 —99.863
466 160 38.191 315 96.875 0.890 —97.670 315 96.875 0.980 —97.434
467 160 7.934 315 96.875 0.850 —89.287 315 96.875 0.940 —88.152
468 160 41.255 315 96.875 0.940 —97.721 315 96.875 1.040 —97.479
475 160 11.046 200 25.000 3.380 —69.401 225 40.625 2.240 —79.721
490 75 11.635 125 66.667 0.140 —98.797 400 433.333 0.043 —99.630
491 75 0.140 160 113.333 0.003 —97.857 200 166.667 0.001 —99.286
492 110 1.010 125 13.636 0.080 —92.079 200 81.818 0.010 —99.010
493 110 0.115 110 0.000 0.020 —82.609 200 81.818 0.014 —87.826
494 110 1.215 75 —31.818 0.900 —25.926 225 104.545 0.010 —99.177
515 160 19.909 250 56.250 1.890 —90.507 315 96.875 0.700 —96.484
516 160 13.138 200 25.000 3.770 —71.305 225 40.625 2.480 —81.123
517 160 37.364 315 96.875 0.870 —97.672 315 96.875 0.970 —97.404
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Table 7. Cont.
R After Optimization
Before Optimization - -
ID Solution B Solution C
d (mm) S (m/km) d (mm) I; (%) S (m/km) Is (%) d (mm) I; (%) S (m/km) Is (%)
541 200 36.931 315 57.500 0.730 —98.023 500 150.000 0.070 —99.810
542 200 55.158 315 57.500 1.070 —98.060 315 57.500 1.000 —98.187
549 225 22.723 250 11.111 7.010 —69.150 315 40.000 2.290 —89.922
553 110 1.956 75 —31.818 0.880 —55.010 110 0.000 0.240 —87.730
563 75 0.516 75 0.000 0.070 —86.434 125 66.667 0.010 —98.062
567 160 0.010 75 —53.125 0.070 600.000 75 —53.125 0.070 600.000
569 75 4.898 315 320.000 0.980 —79.992 315 320.000 0.960 —80.400
575 110 0.859 110 0.000 0.130 —84.866 75 —31.818 0.220 —74.389
578 110 0.662 75 —31.818 0.400 —39.577 110 0.000 0.230 —65.257
591 75 0.220 75 0.000 0.160 —27.273 75 0.000 0.220 0.000
609 75 0.192 75 0.000 0.030 —84.375 75 0.000 0.030 —84.375
621 75 39.432 110 46.667 19.750 —49.914 225 200.000 0.810 —97.946
623 75 0.075 75 0.000 0.030 —60.000 160 113.333 0.013 —82.667
633 75 0.124 125 66.667 0.012 —90.323 125 66.667 0.026 —79.032
635 110 0.081 75 —31.818 0.050 —38.272 110 0.000 0.020 —75.309
657 110 12.870 160 45.455 1.300 —89.899 110 0.000 5.360 —58.353
665 110 26.752 200 81.818 0.540 —97.981 225 104.545 0.300 —98.879
676 110 1.922 160 45.455 0.023 —98.803 200 81.818 0.010 —99.480
681 75 0.014 160 113.333 0.002 —85.714 250 233.333 0.001 —92.857
684 110 1.117 160 45.455 0.004 —99.642 160 45.455 0.120 —89.257
686 75 9.340 160 113.333 0.030 —99.679 225 200.000 0.006 —99.936
694 160 8.204 200 25.000 2.810 —65.748 225 40.625 1.900 —76.841
699 225 2.522 315 40.000 1.320 —47.661 110 —51.111 3.760 49.088
700 225 0.774 500 122.222 0.120 —84.496 315 40.000 1.180 52.455
701 160 12.580 315 96.875 0.640 —94.913 225 40.625 2.810 —77.663
702 250 4.485 315 26.000 0.730 —83.724 250 0.000 2.070 —53.846
703 160 8.308 225 40.625 0.070 —99.157 225 40.625 0.010 —99.880
704 225 7.845 315 40.000 1.870 —76.163 225 0.000 10.400 32.569
705 225 20.686 315 40.000 2.160 —89.558 250 11.111 6.710 —67.563
726 160 10.522 225 40.625 1.850 —82.418 110 —31.250 0.690 —93.442
728 160 41.863 315 96.875 0.950 —97.731 315 96.875 1.050 —97.492
733 160 14.796 200 25.000 2.350 —84.117 200 25.000 2.020 —86.348
753 110 41.103 225 104.545 0.470 —98.857 200 81.818 0.830 —97.981
768 110 0.032 75 —31.818 0.020 —37.500 160 45.455 0.010 —68.750
769 110 0.005 125 13.636 0.002 —60.000 200 81.818 0.001 —80.000
784 110 2.950 160 45.455 0.140 —95.254 200 81.818 0.050 —98.305
785 75 2.774 160 113.333 0.110 —96.035 200 166.667 0.040 —98.558
786 160 0.081 160 0.000 0.080 —1.235 110 —31.250 0.480 492.593
787 110 0.655 160 45.455 0.060 —90.840 125 13.636 0.180 —72.519
804 160 3.548 200 25.000 0.490 —86.189 200 25.000 0.560 —84.216
866 75 18.095 110 46.667 0.670 —96.297 160 113.333 0.180 —99.005
870 225 0.162 110 —51.111 0.540 233.333 125 —44.444 0.440 171.605
871 225 0.463 125 —44.444 1.040 124.622 160 —28.889 0.430 —7.127
873 160 4277 200 25.000 0.530 —87.608 160 0.000 1.080 —74.749
Average 41.123 —61.046 66.402 —54.557

4.3. Full Search Space Optimization Results

This optimization was conducted for comparison and verification of the proposed
methodology in this study. Wider ranges of tank decision variables were considered, and
the algorithm included determining the number of replaced pipes and their location as
additional decision variables. The optimization analysis was performed in the same manner
as the previous optimizations, with 10 runs to obtain 10 Pareto fronts, which were then
accumulated to extract the cumulative Pareto front. Figure 9 shows the cumulative Pareto
front between TAC and R, for the full search space problem. All the Pareto front solutions
differed in terms of the number of replaced pipes and their locations. The cumulative Pareto
front for the full search space problem consisted of 31 solutions, with R, values ranging
from 0.477 to 0.629 and TAC values ranging from $91,002 to $126,492. The cumulative
Pareto front of Scenario 2 was 19.936% lower in average TAC than the full search space
problem and 6.250% higher in average R, than the full search space problem.
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Figure 9. Cumulative Pareto fronts of Scenario 2 and the full search space scenario.

0.70

Solution D represented the solution having the shortest Euclidean distance from

the reference point. Table 8 presents the number of replaced pipes for solutions of the

cumulative Pareto front, where solution D corresponds to solution #5, and subsequent

solutions are listed in order.

Table 8. Number of replaced pipes for Pareto front solutions of full search space scenario.

Solution = Number of Replaced Pipes  Solution =~ Number of Replaced Pipes  Solution = Number of Replaced Pipes

1 102 12 109 23 109
2 122 13 109 24 109
3 106 14 109 25 109
4 106 15 109 26 109

5(D) 120 16 109 27 109
6 120 17 109 28 109
7 120 18 109 29 109
8 120 19 109 30 109
9 120 20 109 31 109
10 120 21 109 - -
11 109 22 109 - -

A comparison between the cumulative Pareto front for Scenario 2 and the cumulative
Pareto for the full search space is made in Table 9. The results showed that Scenario 2
yielded 65 solutions, while the full search space front had 31 solutions, resulting in a 109.68%

increase in the number of solutions for Scenario 2. This led to a wider range of applicable

solutions when using Scenario 2, despite the search space size of Scenario 2 occupying only
14.28% of the full search space size. Furthermore, the TAC value for solution B was 21.398%
lower than solution D, while its R, value was 5.396% higher than solution D.

Convergence was measured for both the cumulative Pareto fronts of Scenario 2 and

the full search space, using the reference point of TAC = $0 and R, = 1. The results showed

that the average convergence of the front of Scenario 2 was 16.176% better than that of the

full search space.
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Scenario 2 demonstrated superiority over the full search space problem, especially in
such a limited computational budget, due to the systematic selection of decision variables
included in the optimization process. In Scenario 2, the critical pipes were carefully selected
based on their hydraulic characteristics, ensuring a reduced and more reliable search
space. In contrast, the full search space problem included all the pipes of the network,
which significantly increased the computational complexity and time required to reach the
best solutions.

These results demonstrated that the proposed methodology using Scenario 2 is more
efficient in identifying the optimal solutions for upgrading existing WDNs. It achieves this
by significantly reducing computational effort and narrowing the size of the search space,
all while ensuring optimal performance and cost-effectiveness.

Table 9. Characteristics of the cumulative Pareto front of Scenario 2 and the full search space problem.

Number of

Objective Function Value for

Average Objective Lowest Euclidean Distance

Convergence Function Value Lowest Euclidean

Problem Solutions Distance Solution Solution
TAC $) R, TAC $) R,
Scenario 2 65 0.741 84,461 0.608 B 72,051 0.556
Full search 31 0.884 104,190 0.570 D 91,666 0.526

space

5. Conclusions and Recommendations

A new methodology for incorporating an additional storage tank and rehabilitating
existing WDNs was proposed, leveraging graph theory clustering and the NSGA-III
optimization algorithm. Using graph theory principles, the methodology was applied
to upgrade the Al-Hashimiya WDN in Iraq, where the network was clustered into a
predetermined number of subnetworks, DMAs. The problem is formulated as a multi-
objective optimization problem, aiming to minimize annual total costs and maximize
network resilience.

The decision variables were categorized into two groups. The first group pertains to a
newly added tank, including its location, elevation, diameter, initial water volume, and
riser diameter, while the second group concerns the diameters of the replaced pipes for reha-
bilitation purposes. Sensitivity analysis was conducted to determine the best tank location
and optimal ranges for the rest of the tank parameters based on their impact on network
resilience and water quality. Three scenarios were considered to determine the number and
location of the replaced pipes, where Scenario 1 is concerned with rehabilitation of pipes
along the shortest path from the feeding source for each DMA, Scenario 2 targets pipes
having relatively higher head losses within DMAs along with the boundary pipes between
the different DMAs, and Scenario 3 is a combination of Scenarios 1 and 2. Additionally,
a full search space optimization was performed for the purposes of comparison between
the different studied rehabilitation scenarios and verification of the proposed tank design
methodology. The main conclusions reported in the current work are listed as follows:

1. The proposed methodology for adding a new storage tank and rehabilitating critical
pipes, mainly based on using graph theory clustering and sensitivity analysis, strikes
an effective balance between total annual costs and network resilience;

2. The optimization scenario focusing on rehabilitating high head-loss pipes within
DMAs and boundary pipes (Scenario 2) produced a cumulative Pareto front that
dominated those of other proposed scenarios relying on rehabilitating pipes along the
feeding path of water (Scenarios 1 and 3). Furthermore, Scenario 2 outperformed the
full search space optimization;
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3. These findings highlight the significance of using graph theory clustering in limiting
both rehabilitation costs and operational issues in district-metered areas (DMAs)
within water distribution networks (WDNs). The importance of using graph theory
clustering is emphasized as it reduces the search space for locating the new storage
tank, identifies and isolates low-pressure areas, and facilitates the hydraulic analysis
process through sensitivity analysis;

4. The recommended tank location and tank parameters ranges, derived from sensitivity
analysis, can guide future optimizations of the Al-Hashimiya WDN. The sensitivity
analysis helps in bridging the gap between engineering expertise and mathematical
considerations, especially while choosing the values of the different decision variables;

5. The developed approach streamlines the optimization process by simplifying the
problem, reducing the search space size, and identifying optimal and practical so-
lutions. Decision-makers can choose any solution located on the cumulative Pareto
front of Scenario 2 to achieve optimal performance and cost-effective operation of
the network.

In general, similar studies can be conducted for any existing WDNSs to incorporate
a storage tank, rehabilitate network pipes, or address both aspects, keeping in mind that
the tank’s location and water elevation are both crucial for network resilience and water
quality. Future work will focus on extending the developed methodology to more complex
networks, incorporating multiple storage tanks and pumping stations.
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