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Abstract: Extreme rainfall events cause immense damage in cities where drainage networks are
nonexistent or deficient and thus unable to transport rainwater. Infrastructure adaptations can reduce
flooding and help the population avoid the associated negative consequences. Consequently, it is
imperative to develop suitable mathematical models rooted in a thorough understanding of the
system. Additionally, the utilization of efficient computational search techniques is crucial when
applying these methods to real-world problems. In this study, we propose a novel iterative search
space reduction methodology coupled with a multiobjective algorithm (NSGA-II) for urban drainage
network rehabilitation and flood mitigation. This approach considers the replacement of pipes
and the installation of storm tanks (STs) in drainage networks. Additionally, NSGA-II is integrated
with the Storm Water Management Model (SWMM) to achieve multiobjective optimization. To
demonstrate the advantages of using this technique, two case study networks are presented. After
three iterations, 90% of the decision variables are eliminated from the process in the E-Chicé case,
and 76% are eliminated in the Ayura case. The primary outcome of this study is that the proposed
methodology yields reductions in rehabilitation costs and flood levels. Additionally, the application
of NSGA-II to the reduced-dimension model of the network yields a superior Pareto front compared
to that of the original network.

Keywords: reduced network; climate change; rehabilitation; multiobjective optimization; storm
tanks; pipe replacement

1. Introduction

The purpose of drainage networks is to remove rainwater, but adequately doing so
has become difficult. Drainage networks are not prepared to face new challenges, such
as climate change-induced intense rains and urbanization-induced modifications to the
area and shape of hydrographic basins and to the nature and porosity of the soils [1,2].
Since these challenges are new, they have attracted much attention. Several studies related
to climate change have been carried out; some have focused on the effects of climate
change [3-6], while others have focused on adaptations to climate change [7-11]. Other
studies related to the mechanisms and effects of urbanization have evaluated the effects
of urbanization on runoff [3,12] and studied the infiltration capacity of soils and the
corresponding effects on runoff [13-16]. Rapid urbanization affects hydrological processes
by reducing the infiltration capacity of soils, which causes an increase in runoff. Therefore,
urbanized areas are vulnerable to extreme rainfall events [13,17]. When extreme rainfall
events occur in urbanized areas, floods often occur [18].
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To mitigate flooding, several authors have proposed the implementation of low-impact
development (LID) techniques, the replacement of pipes, and the installation of storm tanks
(STs). For example, Ebrahimi et al. [19] used SWMM to study floods in the city center of
Ardabil. They evaluated the efficiency of four LID techniques (rain barriers, green roofs,
porous asphalt, and infiltration trenches) for reducing flooding in mountainous areas. Their
results showed that rain barriers were difficult to install and that the subsequent runoff
reduction rate was low; infiltration trenches, however, were recommended due to their
ability to be installed everywhere, even in small spaces. Olivares-Cerpa et al. [20] proposed
the implementation of permeable pavements in bicycle lanes in the city of Barcelona as a
measure to reduce surface runoff in a climate change scenario. Their results showed that
proper implementation of permeable pavements reduced the flow of surface runoff by
between 44 and 92%. Numerous studies focusing on green infrastructure implementation
to mitigate the impacts of flooding have been conducted [21-26]. However, it is essential to
recognize that although Low Impact Development (LID) systems can effectively manage
stormwater, their efficacy could be constrained during heavy rainfall events. Moreover, in
regions with constrained resources, the adequate implementation and maintenance of LID
systems pose notable challenges due to associated costs and a deficit of specialized technical
expertise. Hence, while LID systems present substantial environmental advantages, their
economic feasibility and sustainability in the long term necessitate meticulous evaluation
within the specific context of each country or region.

Enriquez et al. [27] defined storm tanks as structures designed for incorporation into
drainage networks to retain rainwater when intense precipitation exceeds the capacity of
the drainage system so that flooding is prevented. They compared two methodologies
to study the location of storm tanks in drainage networks in a climate change scenario.
Ngamalieu et al. [28] proposed a methodology for the rehabilitation of urban drainage
networks by combining pipe replacement and the installation of STs. The methodology
was based on SWMM and a pseudo-genetic algorithm (PGA). They obtained better results
when using a combination of pipe replacement and storm tank installation compared to
when implementing either one separately.

All of those previous studies considered a single objective and a single solution. In the
real world, there are various criteria used by decision-makers to choose the best solution
for drainage network rehabilitation, such as budget availability, contaminant load elimina-
tion, risk level, and public regulation. Therefore, some studies considering multiobjective
optimization in drainage network rehabilitation have been carried out. Instead of a single
solution, a set of nondominated solutions is obtained and presented in Pareto form based on
the objectives considered. Saniei et al. [29] proposed a methodology based on the combined
use of SWMM and NSGA-II to optimally select and install four types of LID measures,
namely, detention ponds, bioretention zones, swale systems, and permeable pavements,
which were selected and installed in an urban basin. Their objective was to reduce flooding
and the pollutant load. The results showed that permeable pavements are more effective at
reducing flooding, while detention ponds are more efficient at reducing pollutant loads.
Martinez et al. [30] proposed a multiobjective optimization methodology based on NSGA-II
connected to SWMM to optimally select and install green infrastructure measures such
as bioretention cells, infiltration trenches, porous pavement, and vegetation swales. They
wanted to reduce urban runoff and improve water quality while reducing investment
costs. The authors presented different Pareto fronts for flood volumes and pollutant loads
plotted against investment costs. Zheng and Guan [31] proposed a methodology based
on a multiobjective evolutionary algorithm for rainwater management; this methodology
considers both quality and cost minimization for three types of LID techniques. Later,
Ngamalieu-Nengoue et al. [32] proposed a multiobjective methodology for the rehabilita-
tion of urban drainage networks that combines the replacement of pipes and the installation
of storm tanks. The methodology was based on SWMM and NSGA-IL Instead of a single
solution, a set of nondominated solutions represented via Pareto fronts was obtained. The
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majority of studies considering multiobjective optimization have adopted the combination
of SWMM and NSGA-IL

However, optimizing drainage network rehabilitation is currently a challenge world-
wide. The search space for finding optimal solutions is extensive and requires considerable
exploration time. New challenges in the field of water engineering include reductions in
calculation time and the procurement of more effective results. A reduction in the search
space can improve the navigability of optimization algorithms. Optimizing rehabilitation
is essential for minimizing investments in countries with limited economic means.

Maier et al. [33] highlighted reductions in the search space and calculation time as
relevant challenges in water resource management. A few years later, Mala-Jetmarova
et al. [34] published a review study that highlighted problems related to the design of
water distribution network systems. According to these authors, the key points that
should be considered in the future are strengthening existing systems, the expansion and
rehabilitation of systems, and uncertainty and performance analyses. Ngamalieu et al. [28]
presented an initial methodology based on SWMM and the PGA to reduce the search space,
and pipe replacement and storm tank installation were considered for drainage network
rehabilitation. Subsequently, Sophocleous et al. [35] proposed a methodology to reduce the
search space by locating water leaks in a real distribution network. Soon after, Ngamalieu-
Nengoue et al. [18] used SWMM and the PGA to improve upon the approaches in previous
studies, such as the one in [28] and presented a global and structured methodology to
reduce the search space for the optimal rehabilitation of drainage networks considering
pipe replacement and ST installation. The results of this methodology surpassed those
obtained in previous works. Then, Ngamalieu-Nengoue et al. [36] proposed an optimal
drainage network rehabilitation methodology based on a multiobjective approach that
combines pipe replacement and storm tank installation. In this methodology, search space
reduction (SSR) was initially performed using SWMM and the PGA.

The present research provides a state-of-the-art approach for reducing the search
space for the optimal rehabilitation of drainage networks, and an iterative reduction
search space methodology coupled with multiobjective optimization with NSGA-II is
established. The multiobjective approach adopted in this article is needed to address
the challenges associated with optimizing complex systems, particularly in the context
of drainage network rehabilitation. Unlike the majority of previous studies, which have
predominantly focused on single-objective analysis, the simultaneous consideration of
multiple objectives allows for a more comprehensive and balanced evaluation of solutions,
accounting for the interdependencies and inherent trade-offs in real-world situations. This
innovative approach not only enhances the understanding of the studied systems but also
provides more robust and sustainable solutions, underscoring the relevance and significant
contribution of our article to the advancement of the optimization field. The remainder of
this paper is organized as follows: The remainder of this paper is organized as follows: In
Section 2, the proposed methodology is described. This includes discussing the problem
statement and formulation of the iSSR model. Section 3 initially applies the iSSR to two
case studies, followed by solving the reduced problem using multiobjective optimization.
In Section 4, results and discussion are presented. Initially, we highlight the outcomes
obtained by the iSSR methodology, illustrating the reduction in the number of decision
variables and corresponding changes in problem size. Subsequently, an overview of the
nodes selected for pre-existing STs and the pipes identified for potential replacement in the
iSSR process across both case studies is provided. Finally, the conclusions of the research
can be found in Section 5.

2. Methodology

The primary aim of this study is to introduce an iterative search space reduction (iSSR)
method integrated with a multiobjective optimization approach for the optimal rehabilita-
tion of urban drainage networks. This methodology builds on and improves upon the SSR
technique proposed by Ngamalieu-Nengoue et al. [18], which involves a single reduction in
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the search space, requires a large population size, and results in a long computational time
to obtain reasonable results. Essentially, this new approach seeks to diminish the number
of decision variables and reduce the computational time and effort compared to those in
prior studies. In this research, rehabilitation is conducted incrementally, with the search
space progressively reduced at each iteration while preserving solution quality.

The fundamental concept is to systematically narrow the search space by reducing
the number of decision variables and the level of detail while maintaining the high quality
of the results. The reduced problem after the iSSR process is solved with multiobjective
optimization, and Pareto fronts are obtained.

This methodology considers both pipe replacement and storm tank installation and
relies on SWMM [37] and the PGA [38] for iSSR on one side and SWMM and NGSA-II [39]
for multiobjective optimization on the other. A flow chart of the iterative search space
reduction approach coupled with the multiobjective optimization methodology is presented
in Figure 1.

Entire
Problem

; Reduced Bt
—) iSSR —) o mmm) | Optimization | ) ey

Multi-Objective Pareto

NSGA-II

Figure 1. Flowchart of iSSR coupled with a multiobjective optimization methodology (NSGA-II).
2.1. Problem Statement

When drainage networks cannot provide appropriate functions in the context of ur-
banization and climate change, flood scenarios are likely to occur. Floods are deemed
intolerable in every nation globally, given the significant economic, social, and environmen-
tal ramifications they entail. While humanity lacks the capacity to directly influence the
intensity of rainfall, it possesses the capability to manipulate soil infiltration rates through
the augmentation of network capacity, the implementation of impermeable surfaces such
as pavements, and the establishment of storage infrastructure such as ponds, infiltration
trenches, or storm tanks. In this study, a rehabilitation approach is adopted, involving
the substitution of pipes with larger diameters and the incorporation of storm tanks to
augment the drainage network capacity. The objective of this process is to minimize the
overall investment required for rehabilitation endeavors. Thus, an objective function that
represents the cost of rehabilitation of the drainage network is optimized. The objective
function is composed of three cost subfunctions, as presented in Equation (1):

n n

Cp(Di)-Li+ Y Cv(Vi) + Y Cy(yi) (1)
i=1 i=1

F =

M

l
—

1

In this equation, Cp(D;) represents the cost of replacing the pipes in euros per meter, L;
is the length of each pipe replaced, Cy(V;) is the cost of installing the STs, Cy(y;) is the cost
of flood damage, m is the number of pipes in the network, and 7 is the number of nodes in
the network.

Equation (2) expresses the replacement cost of the pipes. This equation is based on
the current data provided by manufacturers, is expressed in euros per meter for pipe
replacement, and depends on the pipe diameter. Equation (2) is presented in the form of a
second-degree polynomial, where « and S are adjustment coefficients selected and used for
the proposed project because they provide the best correspondence with the second-degree
polynomial curve.

Cp(D;) = a D;+ B D} 2)

The installation of STs increases the storage capacity of a network and the holding
time of water. The cost of installing an ST is based on the volume of water it should hold
to prevent flooding. Its main function is to retain excess water that cannot matriculate
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normally through the drainage network during heavy rain events. The cost of installing
a storm tank is defined in Equation (3). In this equation, the first term Sy, is fixed and
represents the basic cost of a node without any modification, and the second term is
variable and depends on the volume of the ST to be installed. It represents the cost of the
supplementary volume stored at the new node. Sy is an adjustment coefficient, and n is
an exponent. Therefore, the base area of the ST is divided into N sections. If at the end of a
simulation a genome is equal to 0, the volume of the node does not need to be modified.

Cy (Vi) = Sfix + Svar Vi (©)

Equation (4) represents the cost of flood damage. A flood is defined based on the
maximum height reached by the water in the flooded area. The damage function is
expressed as a function of height and flood level, as detailed in a previous study [18]. It is
presented in Equation (4).

Cy(vi) —Q<1—€€W%x>v (4)

In this equation, {2 represents the maximum cost per square meter when the maximum
flood level yx is reached. The level at which the maximum economic damage occurs is
denoted by yuax, where y represents the flooding level at a specific node and ¢ and v are
the adjustment coefficients of the curve. The adjustment coefficients were obtained after a
sensitivity analysis of floods in different areas of the city of Bogota, Columbia.

2.2. Iterative Search Space Reduction (iSSR)

To optimally rehabilitate drainage networks, an exploration of adequate and satisfac-
tory solutions in a wide search space is needed. The hydraulic analysis model employed in
this study is based on the dynamic wave model, requiring an extended analysis duration
characterized by small calculation intervals. Consequently, this results in an elongation
of the simulation period, a substantial computational workload, and an extensive com-
putation timeframe for the rehabilitation of drainage networks. In this work, an iterative
methodology for reducing the search space is proposed, as illustrated in Figure 2. The
methodology facilitates a step-by-step optimization of the drainage network, with the
primary aim of reducing computational time. By employing a reduced population size, it
is evident that this approach can achieve a greater level of efficiency than the previously
proposed methods.

In the first stage, the number of nodes is reduced. Nj; simulations are performed
with n = Ny nodes in the network and m = 0 pipes. The configuration in this phase is as
follows: ND = 0 for the candidate diameter and N = N divisions in the base area of the
ST. The solutions obtained after the Nj;; simulations are ranked according to the results of
the objective function. The percentage P, is defined and applied to the Nj; simulations to
select only some of the best solutions. The best solutions are analyzed, and #; are selected
to create the new reduced problem.

In the second stage, the number of pipes is reduced. N;; simulations were performed
with n = ns nodes in the network. The configuration at this stage is as follows: ND = ND
candidate diameters and N = N divisions in the base area of the ST. The solutions ob-
tained after the N simulations are ranked according to the result of the objective function.
A percentage Py, is applied to the Nj; simulations to select only some of the best solutions.
The best solutions are analyzed, and m; pipes and n; nodes are selected to form the new
reduced problem. The first and second stages are repeated until the size of the problem
cannot be further reduced. More details about the specific stages 1 and 2 can be found in
reference [18].
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Figure 2. Iterative search space reduction flowchart.

The third stage of the methodology is the last reduction step. Nj;; simulations are
performed with n = ns nodes in the network and m= m; pipes. The configuration at this
stage is as follows: ND = ND,;,, candidate diameters and N = N divisions of the base area
of the ST. At this stage of the methodology, the full range of diameters is used to further
reduce the number of decision variables and the size of the problem. The obtained solutions
are ranked in terms of the objective function value. The best solution is examined, and
ns nodes and m; pipes are selected to form the reduced problem. The reduced problem is
solved with NSGA-II, which yields Pareto fronts as the final optimal outcome.

2.3. Multiobjective Optimization Algorithm: NSGA-II

The investment cost and flood damage cost functions are the two conflicting objective
functions that should be minimized. The two objective functions are linked such that the
flood damage cost is reduced if more investment is made, and vice versa.

The investment cost (F1) function accounts for both pipe substitution costs and storm
tank installation costs, as expressed in Equation (5). The flood damage cost (F) function is
given in Equation (6). Both functions express hydraulic values in monetary units and have
been defined previously.

Fi =Y Cp(Dj)-Li+ ) Cy(Vp) ®)
i=1 i=1

F= ; Cy(yi) (6)

The choice to incorporate NSGA-II [39] into this research is justified by its proven
effectiveness in solving multiobjective optimization problems, especially considering the
inherent complexity of urban drainage network rehabilitation. The NSGA-II method uses a
fast, nondominated sorting approach to rank solutions through an implicit elitist selection
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method based on the Pareto dominance and crowding distance concepts. In this work,
an additional elitist aspect is added. The best individual for every generation and every
objective is selected for the next generation. This allows the zero-flooding individual at the
end of the optimization process to be included in the Pareto front.

3. Case Studies

Two drainage networks were selected to test the application of the methodology and
to analyze the behavior of the selected multiobjective algorithm. Notably, the E-Chico
and Ayura networks were tested in previous works. Consequently, many solutions are
available in the literature, which allows the results to be compared and the conclusions
to be extended to networks with a search space of the same order of magnitude. A brief
description of each case study is provided below. Additionally, SWMM files (.inp) and
designed rainfalls (IDF curves) are provided in the Supplementary Material.

3.1. Details of the Case Studies and Initial Conditions

The E-Chico drainage network [18] is part of the drainage network of the city of Bogota.
The network is depicted in Figure 3 and comprises 35 watersheds that cover a total of
51 hectares. The network has 35 circular pipes with diameters that vary between 0.3 m and
1.4 m. The total length of the network is 5 km. The difference in height between the highest
point and the lowest point of the network is 39.28 m. The network is entirely gravity-fed.

V36 a5

Figure 3. E-Chic6 drainage network representation.

An IDF curve with a return period of 10 years and a duration of 55 min, obtained by
applying a climate change scenario based on the CMIP3 and CMIP5 global climate models,
was used to generate a rain event based on alternating blocks with intervals of 5 min. This
rain event was used in all analyses and evaluations. The maximum intensity recorded was
118 mm/h for a duration of 10 min. The analysis of the application of rain to the E-Chicé
network revealed that 11 nodes in the network were flooded. The total volume of the flood
reached 3833 m3, which represents 18% of the total runoff of 21,233 m3. The total cost of
damage in this study area was approximately €5,240,000, which indicates the urgency of
rehabilitating the network and applying the proposed methodology.

On the other hand, the Ayura district serves as a catchment area within the drainage
network of Medellin in Colombia. The Ayura network’s outfall is linked to the Medellin
River, which courses through the city from south to north. A total of 83 hydrological
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subcatchments with 73 nodes and 86 circular conduits ranging from 200 mm to 1050 mm in
diameter were identified, and the network spanned 22.5 hectares. The elevation drop from
the highest to the lowest point in the network is 15.61 m. The terrain profile is conducive to
rainwater drainage, with an entirely gravity-fed network. Ayura was chosen for this study
due to the corresponding mesh network structure and the significant number of decision
variables. Figure 4 provides an illustration of the Ayura network.

Figure 4. Ayura drainage network representation.

An IDF curve with a return period of 10 years was derived through the application
of the Pulgarin equation [1] to determine event intensity for short durations, utilizing the
available daily precipitation data for Colombia. The IDF curve, incorporating the effects
of climate change on rainfall, was used to generate a rain event with alternating blocks at
5 min intervals. The initial hydraulic analysis in SWMM revealed a total flood volume of
approximately 4271 m® within the network, representing 27.14% of the generated runoff
(15,735 m?) for the selected rainfall event. In summary, the preliminary network analysis
indicated a suboptimal drainage capacity for the studied rainfall event. Consequently,
the Ayura drainage network was considered suitable for the application of the proposed
rehabilitation methodology in this study.

3.2. Application of iSSR

To apply the iSSR approach in case studies, it is essential to establish the numerical
values of the constants of the problem. Table 1 shows the numerical values of the adjustment
coefficients for the cost functions [18]. These coefficients are necessary for implementing
the different cost functions and solving the objective function of the problem. These steps
were the same for both case studies.

Table 1. Numerical values of the constants in the cost functions.

Conduit Substitution Storm Tank Installation Flood Damage
o B Sfix Svar n 0 13 Ymax v
40.69 208.1 16,923 3184 0.65 168 4.89 1.4 2

According to the step-by-step methodology presented in Section 2.2, it is necessary to
define, at every stage, the number of simulations (N;) and the number of divisions (N). In
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the first stage of the methodology, which involves a reduction in the number of nodes, the
values considered were Nj; = 10 simulations and N = Ny = 10 divisions for both study cases.
In the second stage, which involves the reduction of pipes, the same steps were repeated
for the number of simulations (N;; = 10) and the number of divisions (N = N = 10). In this
stage, the number of candidate diameters (ND) was also needed, where NDj is the reduced
range and ND,y is the full range. ND = ND, = 10 candidate diameters were considered in
this stage. Table 2 shows the reduced range of candidate diameters used in the second part
of the methodology.

Table 2. Reduced range of candidate diameters.

D (m) 0.30 0.40 0.60 0.80 1.00 1.20 1.50 1.80 2.00
C (€/m) 30.93 49.56 99.31 165.70 248.74 348.43 529.16 747.35 913.61
Note that only nine candidate diameters are presented; the tenth value, 0, indicates
that no action should be taken or that the pipe should not be modified after the simulation.
The reduced range of candidate diameters is obtained after considering the full range of
candidate diameters.
The third stage of the methodology is the final reduction step. The number of
simulations Nj;;, the number of divisions N, and the number of candidate diameters
ND are needed. The specific values used were Nj;; = 10, N = Ny = 10 divisions, and
ND = ND;x = 25. Table 3 includes the full range of candidate diameters used in this stage
and in multiobjective optimization.
Table 3. Full range of candidate diameters.
D (m) 0.30 0.35 0.40 0.45 0.50 0.60 0.70 0.80
C (€/m) 30.93 39.73 49.56 60.44 72.36 99.31 130.43 165.7
D (m) 0.90 1.00 1.10 1.20 1.30 1.40 1.50 1.60
C (€/m) 205.15 248.74 296.51 348.43 404.51 464.76 529.16 597.73
D (m) 1.80 1.90 2.00 2.20 2.40 2.60 2.80 3.00
C (€/m) 747.35 828.4 913.61 1096.52 1296.07 1512.27 1745.11 1994.6

The table above shows 24 candidate diameters, with the 25th value being 0, which
indicates that no action should be taken or that the pipe should not be modified after the
simulation. From the calibration result, simulations were carried out to assess the iterative
reduction methodology in the search space.

Ultimately, concerning PGA optimization, utilizing iSSR for case studies requires defin-
ing genetic parameters for the proper execution of each simulation at every stage. Table 4
outlines all the genetic parameters utilized for the pre-location of STs and preselection of
pipes at each iteration, as well as those employed for the final reduction in the E-Chicé
network. Table 5 provides the algorithm configuration for Ayura.

On the one hand, the initial columns in both Tables 4 and 5 illustrate the diminished
size of the problem after each stage and iteration. Specifically, the iSSR technique im-
plemented in the E-Chicé case enabled the transition from the original problem size of
35T35C to a reduced problem size of 3T3C after three iterations and the final reduction step.
Similarly, for the Ayurad case, the reduction in the solution space was from 73T86C to 8T30C.
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Table 4. Numerical values of genetic parameters used in iSSR for the E-Chic6 network.
. . Number of Population Crossover Mutation o o Reduction
Scenario Iterations Simulations Nj; Size Rate % Rate % Ngen — Pu%  Pum % Scenario Result
35T I ion 1 10 100 80 2.9 20 30 0 15T
15T35C ~ teration 10 100 80 2 20 0 30 15T8C
15T Iteration 2 10 50 80 6.7 20 30 0 6T
6T8C eration 10 30 80 7.1 20 0 30 6T5C
6T I ion 3 10 10 80 16.7 20 30 0 6T
6T5C  teration 10 30 80 125 20 0 30 3T4C
3T4C Last 10 30 80 143 20 30 30 3T3C
reduction

Table 5. Numerical values of genetic parameters used in iSSR analysis for the Ayura network.

Scenario  Iteration Number of Population Crossover Mutation N, P, o P. o Reduction
Simulations N;; Size Rate % Rate % gen m e m’®  Scenario Result
BT 10 200 80 14 20 30 0 29T
29T86C ~ teration 10 200 80 0.9 20 0 30 29T39C
29T 10 50 80 3.4 20 30 0 18T
18T39C ~ ‘eraton 10 100 80 1.8 20 0 30 18T33C
8T 10 30 80 5.6 20 30 0 15T
15T33C ~ ‘teration 10 80 80 21 20 0 30 15T30C
15T30C Last 10 70 80 2.2 20 30 30 8T30C
reduction

On the other hand, it is evident that the definition of the population is contingent on
the size of the problem. A larger problem size necessitates a larger population, while a
smaller problem size warrants a reduced population. Determination of the population
size is critical for preventing premature convergence; however, the algorithm must not run
indefinitely. Therefore, in this instance, the number of generations without any change in
the objective function value is specified as Ng, = 20 generations.

Finally, the crossover rate remains consistent at 80% for all the scenarios in both case
studies. The mutation rate is inversely proportional to the size of the problem. Given the
proven effectiveness of SSR methods in prior studies, conducting an extensive number
of simulations is unnecessary. Therefore, for both case studies, N;; = 10 simulations per
scenario is deemed sufficient to achieve a satisfactory reduction in the problem size. The
percentages P, and Py, which represent the proportions of the best solutions based on the
objective function results, were set to 30%.

3.3. Application of Multiobjective Optimization

Based on multiobjective optimization with the reduced network resulting from iSSR in
the E-Chicoé case, calibration was conducted with N = N,y = 40 divisions and
ND = NDy;x = 25 candidate diameters. The adjustment coefficients from Table 1 were
utilized for the multiobjective optimization of the reduced network. Parameters such as a
population size of Nyo, = 20 individuals, a crossover rate of 80%, a mutation rate of 16.7%,
and a predetermined number of generations of Ng.;, = 1000 were chosen based on the 3T3C
scenario and the reduced network. The required population size in optimization problems
is influenced by the number of decision variables, and for scenarios with a limited number
of variables, a small population size is sufficient while still maintaining diversity.

Similarly, for the application of multiobjective optimization to the reduced network
obtained in the Ayura case, calibration was performed with N = Ny, = 40 divisions and
ND = NDyx = 25 candidate diameters, utilizing the adjustment coefficients from Table 1.
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The selected parameters, such as a population size of Ny, = 100 individuals, a crossover
rate of 80%, a mutation rate of 2.7%, and a fixed number of generations at Ngm =1000, were
based on the 8T30C scenario and the reduced network.

The fourth section provides a comparison of the performance of the multiobjective
algorithm in two contexts: one with the full search space and the other with the reduced
space achieved through iSSR.

4. Results and Discussion

This section includes two subsections. First, in Section 4.1, we highlight the outcomes
obtained by the iSSR methodology, illustrating the reduction in the number of decision vari-
ables and corresponding changes in problem size. Subsequently, we provide an overview of
the nodes selected for pre-existing STs and the pipes identified for potential replacement in
the iSSR process across both case studies. Once the original networks are reduced through
iSSR, a multiobjective optimization of the reduced networks is performed with NSGA-II.
Section 4.2 presents the results, and the Pareto fronts derived from diverse search space
approaches in the two case studies are analyzed.

4.1. Iterative Search Space Reduction

It is crucial to emphasize that the core concept of the proposed methodology is to
streamline the optimization algorithm by decreasing the number of decision variables.
Table 6 outlines the evolution of the number of decision variables and the corresponding
changes in the problem size following each iteration for both case studies.

Table 6. E-Chico optimization results using the iterative search space reduction methodology.

E-Chicé Network Ayura Network

Iterati

eration Nodes Lines Pro?lem Nodes Lines Pro!)lem
Size Size

Original network 35 35 2.3-10100 73 86 7.8-10122
Tteration 1 15 8 4.1-10%° 29 39 1.8-10%
Iteration 2 6 5 4.10%8 18 33 1.5-1088
Iteration 3 3 4 1.4-10%4 15 30 9.3.10%3
Reduced network 3 3 1-1031 8 30 1.1-1073

In the case of the E-Chicé network, the number of decision variables was reduced from
70 to 7, with the preselected nodes for ST placement and the preselected pipes for potential
changes in pipe diameter identified. For the Ayura network, the original problem was
reduced from 159 decision variables to 38. These outcomes signify noteworthy reductions
in decision variables of 90% and 76.1%, respectively.

By reducing the number of decision variables, the search space of the algorithm
is considerably reduced, increasing its efficiency in finding more and better solutions.
In this regard, the importance of the last reduction step becomes evident. In this part
of the methodology, the size of the problem is decreased from 1.4-10% to 1-10%! for the
E-Chic6 network and from 9.3-10% to 1107 for the Ayura network. The findings highlight
a correlation between network size and the magnitude of the SSR in this concluding phase
of the iSSR method. In addressing real-world challenges, it is imperative to recognize the
presence of numerous local minima to which solutions may converge.

The final reduction step in the optimization algorithm is instrumental in facilitating the
escape from such local minima, thereby enhancing the solution. Moreover, a reduction in
the number of decision variables plays a pivotal role in enabling the optimization algorithm
to utilize smaller population sizes or less stringent stopping criteria (number of generations
without change). This also increases the speed of the algorithm.

The scenario resulting from the final reduction step represents the reduced problem set
used in multiobjective optimization with NSGA-IIL The application of the iSSR methodology
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facilitates a transition from the complete search space (35T35C for E-Chicé and 73T86C for
Ayura) to the reduced search space (3T3C for E-Chic6 and 8T30C for Ayura).

Specifically, Figures 5 and 6 depict the nodes chosen for prelocated STs and the pipes
selected for potential replacement during the iSSR process for the E-Chic6é and Ayura
networks, respectively.
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Figure 5. List of nodes and pipes selected in the iterative search space reduction process for E-Chico.
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Figure 6. List of nodes and pipes selected in the iterative search space reduction process for Ayura.
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4.2. Multiobjective Optimization: NSGA-II with the Reduced Network Obtained for E-Chico

After the original networks are reduced with iSSR, multiobjective optimization of the
reduced networks is performed with NSGA-II. The genetic parameters used in NSGA-II
are presented in Tables 7 and 8.

Table 7. Genetic parameters for the application of NSGA-II on E-Chico.

Number of Population Cross-Over Mutation

Scenario Simulations Nj; Size Nyop Rate % Rate % Ngen
35T35C 10 200 80 1.7 10,000
3T3C 10 20 80 16.7 500
Table 8. Genetic parameters used in the application of NSGA-II to Ayura.
Scenario Number of Population Crossover Mutation N,
Simulations Nj; Size Npop Rate % Rate % gen
73T86C 10 200 80 0.7 15,000
29T39C 10 200 80 15 15,000
8T30C 10 200 80 2.7 15,000

In this section, we explore the Pareto fronts generated from different search space
approaches for the two case studies. On the one hand, we examine the Pareto front derived
from a reduced search space obtained through the application of the iSSR methodology. On
the other hand, this result is compared with the Pareto front resulting from an exhaustive
exploration of the complete search space. The aim of this study is to assess and discern
the advantages and disadvantages of each approach in obtaining optimal solutions for
multiobjective optimization problems. Both case studies are analyzed in detail.

To observe the impact of the iterative search space reduction, Figure 7 represents the
Pareto fronts of the 2 scenarios for E-Chico: the original network (35T35C) and the reduced
network (3T3C). The focus is on exploring solutions under the assumption of an unlimited
budget. This choice is justified by recognizing that the best rehabilitation solution depends
on various parameters, such as budget, risk, and public regulations.
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Figure 7. Pareto front representation for two scenarios.

In the case of E-Chico, Figure 7 illustrates a range of feasible solutions for optimal
rehabilitation, considering different investment scenarios. Notably, the absence of budget
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constraints allows for solutions representing zero-flooding scenarios. In particular, the solu-
tion for zero flooding requires an investment of €517,559 for the original network (35T35C)
and an investment of €330,801 for the reduced network (3T3C). The graph demonstrates
that reducing the problem size, as exemplified by the reduced network (3T3C), leads to
more favorable results. All points in the Pareto front of the reduced network lie to the left
of those for the entire network, indicating proximity to the origin of the axis. This finding
implies that the reduced network provides a Pareto front closer to the optimal solution.

The final solution for achieving zero flooding in the E-Chic6 network is presented
in Figure 8, detailing the locations at which storm tanks are to be installed and pipes to
be substituted. The areas of the base of the storm tanks to be installed are specified as
A (NO04) = 1350 m?, A (N10) = 1950 m?, and A (N23) = 1950 m?. The diameters of the
new pipes used to rehabilitate the network are D (P02) = 1.8 m, D (P04) = 0.3 m, and
D (P10) = 0.3 m, as determined through the multiobjective optimization process.

P10 — ® 0.3m
N10 — A=1950m’

P04 — @ 0.3m
N04 — A=1350m?

N23— A=1950m?

Il ST installation
Pipe substitution

P02— @ 1.8m

Figure 8. Locations of storm tanks to be installed and pipes to be replaced according to the results of
the multiobjective optimization of Scenario 2: 3T3C for zero flooding.

The analysis is extended to the rehabilitation of Ayura, as presented in Figure 9. In
this instance, three scenarios are considered: the original network (73T86C), a reduced
network obtained after the application of SSR (29T39C) [24], and the reduced network after
the application of iSSR (8T30C).

The approach involves an unlimited budget, resulting in solutions for zero-flooding
scenarios. Once again, the reduced networks obtained with SSR and iSSR demonstrate
superior performance, with the Pareto front positioned to the left of the full-network Pareto
front. Specifically, the solution for zero flooding requires an investment of €2,269,492 for the
original network (73T86C), an investment of €1,183,541 for the reduced network obtained
with SSR (29T39C), and an investment of €552,611 for the reduced network obtained with
iSSR (8T30C). This finding further underscores the advantage of reducing the problem size
to achieve better results.

Figure 10 provides an overview of the ST installation locations and the pipes to be
substituted in the Ayura network. Table 9 details the list of pipes to be replaced, along with
their corresponding diameters. Furthermore, Table 10 specifies the nodes at which storm
tanks should be installed, along with their corresponding base areas, contributing to the
comprehensive solution for achieving zero flooding in the reduced network (8T30C).
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Figure 9. Pareto front representation for the three scenarios.

Il ST installation
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Figure 10. Representation of storm tanks installed and pipes to replace for scenario 8T30C with a
zero-flooding solution.

Table 9. New pipe diameters based on the zero-flooding solution for scenario 8T30C.

Pipes D P04 P16 P17 P20 P28 P31 P34 P40 P41 P44 P46 P48 P49
(mm) 700 300 800 450 300 600 300 900 800 400 600 900 500
Pipes D P51 P52 P53 P55 P59 P64 P66 P68 P76 P81 P83 P88
(mm) 450 900 500 500 900 900 600 450 400 800 500 350

Table 10. New storm tank areas based on the zero-flooding solution for scenario 8T30C.

Nodes N12 N36 N45 N47 N50 N51 N56 Ne62

Tank area (m?) 550 1500 1100 1700 200 1350 1150 1550
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In conclusion, the analysis of the results suggests that a reduced network not only
yields better solutions but does so with less computational effort. Figures 7 and 9 highlight
that the reduced network outperforms the entire network in terms of the optimization
results, emphasizing the efficiency gained through search space reduction. The iterative
reduction of the search space is specifically effective for providing superior outcomes,
with enhanced exploration capacity for the optimization algorithm when the problem size
is reduced. In summary, both cases emphasize the effectiveness of the iSSR approach.
Similarly, reducing the problem size, especially through iterative approaches, contributes
to obtaining more efficient and effective solutions.

5. Conclusions

Climate change has led to an increase in extreme rainfall events, a phenomenon
exacerbated by urbanization, leading to heightened flood risks due to inadequate drainage
networks. In the literature, several strategies have been proposed to address this issue,
such as the replacement of pipes and the installation of storm tanks within networks. These
measures aim to extend the retention time of networks, thereby mitigating the occurrence of
flooding. Nevertheless, the optimization of rehabilitation strategies for drainage networks
is a significant global challenge. The vast search space required to identify optimal solutions
demands substantial exploration time. Contemporary challenges in water engineering
underscore the need for reducing calculation times while obtaining optimal results.

The proposed methodology, centered around the iSSR technique, demonstrated ef-
ficacy in accelerating the optimization process by significantly reducing the number of
decision variables in water distribution network rehabilitation. According to the results,
the following conclusions can be drawn:

e  Through successive iterations, the number of decision variables for the E-Chic6 net-
work decreased from 70 to 7, and that for the Ayura network decreased from 159 to
38, representing reductions of 90% and 76.1%, respectively. These reductions critically
contribute to the efficiency of the optimization algorithm, as evidenced by the substan-
tial decrease in problem size from 2.3-10'% to 1-10%! for E-Chic6 and from 7.8:10'%2 to
1-1072 for Ayura.

e  The final reduction step, a crucial component of the iSSR methodology, not only aids
in escaping local minima but also enables the optimization algorithm to function with
smaller populations and faster convergence rates.

e  The Pareto fronts obtained for the reduced networks consistently outperform those
from the exhaustive exploration of the complete search space, demonstrating the
effectiveness of the iSSR approach.

e  This study emphasizes the practical significance of reduced network solutions, particu-
larly in zero-flooding scenarios. The obtained optimal solutions demonstrate superior
performance in terms of both solution quality and computational efficiency. Notably,
the reduced network solutions are superior to the entire network solutions, indicating
the efficiency gained through search space reduction.

The conclusions drawn from this study have significant practical implications for
addressing the challenges posed by extreme rainfall events and urbanization-related flood
risks. By demonstrating the efficacy of the iSSR technique in accelerating the optimization
process for water distribution network rehabilitation, this research highlights a promising
approach to mitigate flooding occurrences. The substantial reductions in decision variables
achieved through successive iterations of the iSSR methodology translate to improved
computational efficiency and faster convergence rates, crucial factors in addressing con-
temporary challenges in water engineering. Furthermore, the superior performance of
the reduced network solutions, particularly in zero-flooding scenarios, underscores their
practical significance in achieving optimal solutions with enhanced computational effi-
ciency. Overall, these findings contribute valuable insights for researchers and practitioners
seeking efficient and robust optimization strategies for managing water infrastructure in
the face of climate change and urbanization challenges.
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Finally, future research directions could include exploring the application of alterna-
tive optimization algorithms and comparing the results obtained to further enhance the
understanding of their efficacy in urban drainage network rehabilitation. Additionally,
investigating the modification of conduit slopes could provide valuable insights into opti-
mizing the hydraulic performance of the network. These potential research directions aim
to broaden the scope of inquiry and contribute to the ongoing development of effective
strategies for urban drainage network rehabilitation.

Supplementary Materials: The following supporting information can be downloaded from https:
/ /www.mdpi.com/article/10.3390/w16030458 /s1: SM1. Presentation of designed rainfall for
E-Chic6 network; SM2. Presentation of designed rainfall for Ayura network; SM3. E-Chicé net-
work (SWMM file); SM4. Ayura network (SWMM file).
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