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May, 2018

Abstract

Water leakages are present in every Water Distribution Network (WDN). This problem can cause
economic losses and health problems that affect the population and the environment. Hence, the
necessity of having automatic and accurate techniques to reduce and detect these leakages opened a
challenging area of research. Despite all the work already done trying to minimize the amount of water
losses, the seeking for improvement will always continue.

In this artilce, the problem of water leakages is presented. Moreover, a new tool called WATimizer
is presented. This tool is based on the algorithm Biogeography-based Optimization (BBO) and it was
built to handle multi criteria optimization problems. In this case the tool will be used to minimize
two distinct objectives: The first is to minimize pressure reduction in a WDN with the installation of
Pressure Reducing Valves (PRVs), the second is to minimize the costs associated with instalation. This
multiobjective problem is handled by two different methods, the pareto approach and the weighted sum
approach. At the end this two methods are compared, and the most efficient one is used to solve a
study case that has been used to test the performance of the solutions presented in previous studies.

Keywords: WATimizer, Epanet2.0, Multi-objective Optimization, Biogeography-based Optimization,
Pareto Front, Weighted Sum.

1. Introduction
Water is one of the most important resources in
the world and so it is essential to take care of the
infrastructures responsible for its distribution. As
the population of the Earth grows, the consump-
tion of water increases proportionally, not only due
to the water consumed by people but also due to
Agricultural and Industrial proposes. Despite wa-
ter being incredibly abundant (it covers about 70%
of the Earth’s surface), the amount of water avail-
able for consumption is limited, which makes the
problem of water losses a critical problem to solve.

Pipes are the most economical and safest mode
of transportation for water. However, most of the
water infrastructures are old, and at the time when
they were built, the technology was limited. There-
fore, the infrastructures were poorly designed and
maintained, and so, leakages occur in all of them.

Losses of water in the urban supply system reach
values of about 50% at a global level, which is half
of the water volume supplied.

With the advances in technology, it has become
possible to monitor parts of the WDNs, using field
instrumentation like sensors. The information col-
lected by these sensors can be used to compare the
actual behavior of the network with the predicted
behavior, thus find irregularities caused by losses

of water. The creation of computational models of
WDNs is the fastest way to detect leakages, but
they are extremely dependent on the data collected
from the real network.

1.1. Motivation

Until detected and repaired, small water leakages
can cause serious problems for both individuals and
communities, such as environmental, economic and
health problems. These problems will always grow
as time passes.

The consumption of water increases each year due
to the population growth. With this constant in-
crease in water consumption, the population will
end up suffering from lack of drinkable water, which
is a problem that will arise sooner if we let that this
amount of losses of drinkable water happen every
year. At an economic level, water losses represent
a real threat to the organizations responsible for
its distribution. With losses of 30%, it means a de-
crease of 30% in the profit of the organization which
can lead to the decrease in salaries and an increase
in water price.

As people become aware of water leakages prob-
lem, the answer to the question: “How can we mit-
igate the problem of water losses?” became a sig-
nificant area of research.
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1.2. Document Organization
This Document is divided into 4 different Sections.
The present Section is an introduction to the water
leakage problem. In Section 2 is explained some ba-
sic concepts that will be useful throughout the rest
of the document. In Section 3 is presented the im-
plementation of the WATimizer tool. In Section 4
are presented all the results obtained using the WA-
Timizer tool in some WDNs.

2. Preliminaries
In this section a review of a few concepts that will
be used throughout this document is made.

2.1. Water Leakage Problem
A Water Distribution Network (WDN) is a net-
work responsible for supplying water to all the con-
sumers. This network can be seen as an undirected
graph, composed of pipes, which are the edges of
the network, and junctions, which can be consum-
ing nodes or distribution nodes, and those are the
nodes of the network.

Definition 2.1 (Undirected graph). An undirected
graph G is defined by a pair of finite sets G =
(V,E), where V is a non-empty countable set of
elements, called vertices or nodes, and E is a set
of unordered pairs of different vertices v1, v2 ∈ V ,
called edges or links.

All the components of a WDN have physical
properties that change over time and are respon-
sible for the good operation of the network. Pipes
have an internal roughness coefficient which is a co-
efficient that affects the variation of energy of the
fluid when it flows through it. The roughness coef-
ficient of each pipe is not static, it varies over time
as deterioration occurs.

The water that leaves the network through some
junction nodes, is typically controlled by devices
that keep track of the amount of water con-
sumed. Thus, using an hydraulic simulator, such as
EPANET (Rossman, 2000), which handles all the
calculation and gives us the values of pressures and
flows at each junction and pipe, respectively, it is
possible to calculate the amount of water lost, com-
paring the values of pressure measured on the field
with the values of pressure given by the hydraulic
simulator. Most of the times, the values collected
on the field and the simulated values do not match.
This discrepancy of values may occur due to un-
trackable losses of water somewhere in the network,
which could cause a pressure drop.

Instead of detecting leakages and repare the lo-
cations where the leakages occur, another approach
is to reduce the pressures on the network.

The values of pressure and the amount of leakage
are proportional, so as we reduce the pressure, we
also reduce the leakage.

To lessen the pressure on delivery points, it is nec-
essary the installation of Pressure Reducing Valve
(PRV). These valves have a cost of installation
that varies according to the diameter of each valve.
Hence a trade-off between the installation costs and
the reduction of the amount of water lost must be
made.

2.2. Biogeography-based Optimiza-
tion

Biogeography-based Optimization (BBO) is a meta-
heuristic algorithm for solving optimization prob-
lems, and it will be used to solve the problem of
pressure reduction.

This algorithm was motivated by biogeography,
which is the process of evolution and geographi-
cal distribution of species through time and space.
A geographically isolated habitat is called island.
These islands are composed of independent condi-
tions which can be, temperature, rainfall, amount
food, among others, that define that habitat suit-
ability. To a vector of these independent conditions
is called Suitability Index Variables (SIVs) and to
the goodness of a geographic area for species to mi-
grate is called High Suitable Index (HSI), which is
similar to the fitness of a Genetic Algorithm (GA).

The goal of Biogeography-based Optimization
(BBO) algorithm is to simulate the behavior of mi-
gration of species, which includes the extinction
and the appearance of new species (Simon, 2008).
Habitats with high HSI tend to have many species.
Hence, the rate of immigration of species to that
habitat is low, whereas the emigration rate is high.
Habitats with a low HSI tend to have a much lower
amount of species, and so, the immigration rate is
high, and the emigration rate is low (Simon, 2008).

Definition 2.2 (Migration). The migration opera-
tor Mig : I×I → I selects two islands Ij , Ik from an
archipelago A, Ij being the emigration island with
a SIV vector [Ij1, Ij2, ..., Ijn] and Ik being the im-
migration island with a SIV vector [Ik1, Ik2, ..., Ikn]
and migrate an SIV value Ijm to Ikm, 1 ≤ m ≤ n.

Definition 2.3 (Mutation). The mutation opera-
tor Mut(p) : I → I is a probabilistic operator that
modifies a SIV of an island I. The mutation oper-
ator is described as follows:

1. Choose whether to mutate an island according
to the probability p;

2. Choose uniformly the SIV to mutate.

2.3. Multi-Objective Optimization
A multi-objective optimization is an area of mul-
tiple criteria decision making with the main goal
of optimizing a set of objective functions, that are
mutually contradictory, this is, as we improve one
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objective value, we deteriorate, at least, the value
of another objective. There are various approaches
to deal with this problem. In this dissertation we
will introduce two different approaches, the Pareto
Optimality Method and the Weighted Sum
Method and a comparision between them, regard-
ing efficiency, is done. For the sake if the following
definitions we assume that we want to minimize the
objective functions.

Definition 2.4 (Multi-Objective optimization
Problem). Let Rn be the decision space, and X ⊂
Rn a feasible region in the decision space. Let Rk

be the criterion space, and Z ⊂ Rk a feasible region
in the criterion space.

Given a feasible region on the criterion space Z
and a decision space X, a Multi-Objective optimiza-
tion Problem consists of finding a solution vector
~x ∈ X that optimizes the vector function ~f(~x) ∈ Z.

2.3.1 Pareto Optimality Set
To understand what is a Pareto Optimal Set it is
important to understand the definition of domi-
nance.

Definition 2.5 (Dominance). Let ~x, ~x′ ∈ X denote
two solution vectors. Then, ~x dominates ~x′ if and
only if:

1. fi(~x) ≤ fi(~x′) for all functions i in ~f ;

2. There is at least one i such that fi(~x) < fi~x
′.

A Pareto optimal set is a set of criterion vectors
that are nondominated with respect to all other
vectors in the search space. Due to the compu-
tationally challenging task of computing the true
Pareto set, the nondominated set of solutions ob-
tained, correspond to an aproximation of the true
Pareto front (Figueira, Greco, & Ehrgott, 2005).

Definition 2.6 (Pareto Set). A Pareto set P ∈ Z
is a set of all z ∈ Z that are nondominated.

2.3.2 Weighted Sum Method
The traditional approach to solve multi-objective
optimization problems is by scalarization, which
consists in creating a scalarization function that is
based on all objective functions that are being op-
timized. The weighted sum method is a scalariza-
tion method, commonly used to solve multi-criteria
problems.

Definition 2.7 (Scalarizing Function). Let F be a
scalarizing function, and let f = [f1, ..., fn] be a set
of objective functions. F is given by

n∑
i=1

wifi

where wi is the weight assigned to objective function
fi and n is the number of objective functions.

The usage of different weights for each optimiza-
tion function has the advantage of assigning dif-
ferent degrees of importance to each one of them,
instead of all having the same importance.

3. WATimizer
In this Section, a description of the architecture of
the proposed tool is presented. The optimization
procedure consists in finding the edges of a Wa-
ter Distribution Network (WDN) to install Pres-
sure Reducing Valves (PRVs), with the main goal
of minimizing both the pressure all over the network
and the costs of equipment installation.

3.1. Model
Let S = A1, A2, ..., Ak denote a system of Archipela-
gos. Ai = {[Ii1, Ii2, ..., Iij ], O,C} respresents an
Archipelago, which is composed of a vector of Is-
lands Ii1, ..., Iij , an objective function O, and a con-
straint C.

The Islands are vectors of real values which
are called Suitability Index Variable (SIV) values.
These values correspond to the roughness coefficient
of each pipe of the network.

The alteration of the roughness coefficient of a
pipe can be used to simulate a valve installed in that
same pipe, with an opening degree. As the rough-
ness coefficient decreases, even more, the opening
degree of the installed valve also decreases and so,
the pressure of the downstream node, decreases too.

In this work, we consider that all the pipes can
have a valve installed. The opening degree of each
valve can be adjusted by varying the roughness co-
efficient value, between 0 and the initial roughness
coefficient of a pipe.

To choose what pipes should have a valve, it
was considered a fixed threshold, that represents
the boundary value for what should be considered
valves or not. In WATimizer this threshold is called
VALVE THRESHOLD.

In this article, only pipes with a roughness co-
efficient with 50% or less than its original rough-
ness, are considered to be real valves, because hav-
ing valves which are open, more than 50%, will in-
crease the cost and then they are not effective in
decreasing the pressure.

Figure 1 shows the flow of the optimization pro-
cedure of the algorithm.
Step 1: Initialize Archipelagos The optimiza-
tion procedure begins with the initialization of each
archipelago, which corresponds to assign randomly
values of new roughness coefficient to each pipe.
Step 2: Simulate Pressures In this step, the
hydraulic simulator is used to calculate a vector of
pressures from the corresponding SIV values, for
each island.
Step 3: Calculate Fitness
In this step, each island is evaluated for the two
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Figure 1: Flux Diagram of WATimizer algorithm
procedure.

objective functions presented in Section 3.5.
Step 4: Calculate Constraints Violated This
step is used to calculate the number of contraints
that are violated by each island. These number of
constraints will be important to calcule the ranking
of each island.
Step 5: Calculate Ranking In this step will be
calculated the ranking of each solution according to
Algorithm 4 that will be presented in Section3.6.
Step 6: Calculate HSI The calculation of the
High Suitable Index (HSI) takes into account the
ranking calculated on previous step, and this calcu-
lation is handled by Equation 4.
Step 7: Apply Elitism This step in handled by
Algorithm 1 which will be presented in Section 3.3.
The algorithm receives a set of islands and return
the mark the islands that are part of the nondomi-
nated set.
Step 8: Migration & Mutation In this step, the
islands within the same archipelago, share informa-
tion between them. Islands with higher HSI tend
to accept values mor often from islands with lower
HSI. At each share of information, the shared value
can be mutated with a certain probability. Both al-
gorithms are described in Section 3.6.
Step 9: Cross Migration & Mutation This step
is similar to the previous step, but instead of shar-
ing information within each subsystem, the islands
share information with islands in other subsystem.

These steps are repeated at each iteration, un-
til a SIGTERM signal is sent to the algorithm.
The SIGTERM signal is when a given timeout is

reached. This signal activates an exit function that
applies Algorithm 1, in order to calculate the last
nondominated set of solutions. Then, this set of
solutions is provided in the output.

3.2. Hydraulic Simulator

The hydraulic simulator used in this dissertation
was the Epanet 2.0 (Rossman, 2000). Epanet is
an integrated environment used to edit and create
networks, and can also be used to simulate the hy-
draulic behavior of a network for an extended pe-
riod of analysis. As a result, Epanet provides the
values of the pressure, the flow at each node and
pipe at each hour of the day.

Epanet provides a library with endpoints that al-
low developers to integrate the hydraulic simulator
with external algorithms in order to optimize the
network regarding efficiency.

3.3. Nondominated Set

The nondominated set is calculated based on
the algorithm introduced by Kung, Luccio, and
Preparata (1975), and its pseudocode is presented
in Algorithm 1.

Algorithm 1 is a divide-and-conquer algorithm
which means it works by breaking down the prob-
lem into small sub-problems, recursively. The al-
gorithm receives as input a vector of islands that
is sorted from the best to the worst fitness related
to the first objective function. Then, the vector is
divided into two sub vectors, the topSet and the
bottomSet being the topSet always better than the
bottomSet in first fitness value(line 4, line 5). Then,
each element of the topSet is compared to the first
element of the bottomSet. If the first fitness value
of the solution in the topSet is equal to the solu-
tion in the bottomSet (line 13), then we compare
the second fitness (line 14), if the bottomSet solu-
tion has a better second fitness than the solution in
topSet, then the solution in topSet is replaced with
the solution in the bottomSet (line 15).

3.4. Metrics Module

This module is responsible for calculating the Hy-
pervolume and the Inverted Generational Distance
of the final population of the algorithm.

The Hypervolume value corresponds to the area
between the nondominated set of points and a ref-
erence point defined previously.

The Inverted Generational Distance value corre-
sponds to the area between the nondominated set
of points generated by one run and the best non-
dominated set of points generated by all the runs
of each algorithm (WATimizer and Non-Dominated
Sorting Genetic Algorithm (NSGAII)).
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Algorithm 1: Nondominated Set

Data: islands
Result: nondominated island set

1 size← size(islands);
2 if size = 1 then
3 return islands;

4 topSet← nonDominatedSet(islands[0 : (size/2)− 1]);
5 bottomSet← nonDominatedSet(islands[(size/2) : size− 1]);
6 while size(bottomSet) > 0 do
7 isDominated← false;
8 replaced← false;
9 for i ∈ range(0, size(topSet)) do

10 if topSet[i].fitness(1) ≤ bottomSet[0].fitness(1) then
11 isDominated← true;
12 break;

13 else if topSet[i].fitness(0) == bottomSet[0].fitness(0) then
14 if topSet[i].fitness(1) > bottomSet[0].fitness(1) then
15 topSet[i]← bottomSet[0];
16 replaced← true;
17 break;

18 if replaced == false then
19 if isDominated == false then
20 topSet.append(bottomSet[0]);

21 bottomSet[0].delete();

22 return topSet;

3.5. Optimization Module
The optimization procedure is done regarding two
objective functions. The first objective function is
given by:

Minimize :

NN∑
i

|MIN PRESSURE − pi|
MIN PRESSURE ∗NN

(1)

where MIN PRESSURE is the minimal pressure
that each node should have, pi is the value of the
pressure at node i and NN is the number of nodes
in the network.

The second objective function to optimize is given
by:

Minimize :

PP∑
i

diameter(pipei) ∗ φ(pipei) (2)

where PP is the number of pipes in the network,
diameter(pipei) is the value of the diameter of pipei
and φ(pipei) is an activation function that returns
1 if in that step of the algorithm is considered that
pipei has a valve installed and returns 0 other-
wise. The final value given by the previous equa-
tion is then divided by a MAX COST which is the
cost associated with having valves installed in every
pipe. This allows the values to range between 0 and
1.

In addition, the optimization procedure must
obey the minimum pressure constraint that is given
by Equation 3:

pi ≥MIN PRESSURE, i ∈ [0, NN ] (3)

where pi is the pressure of node i and NN is the
number of nodes in the network.

The fitness of each island is calculated based on
the objective function of the archipelago it belongs
to, and it is used to calculate its ranking. The rank-
ing calculation will be described in Section 3.6.1.

The ranking of each solution is used to calculate
its HSI, which is a probabilistic value. The HSI is
responsible for whether or not an island will receive
new SIV values from other islands. For example, if
an island i has an HSI value of 0.7 it will receive
SIV values from other islands with a probability of
0.7 and will share its SIV values with a probability
of 1 − 0.7. Hence, islands with an higher HSI will
receive SIVs from other islands more often than is-
lands with lower HSI.

3.6. Operators
For the optimization, there are three essential op-
erators: Migration, Cross Migration, and Mu-
tation. The Migration operator is responsible
for sharing SIVs values, with a certain probability,
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between different islands within the same subsys-
tem. This mechanism allows islands with higher
HSI to receive values from other islands with a
higher probability, thus increasing the fitness of all
islands. The Cross Migration operator is similar
to the Migration operator. The difference is that,
while in the Migration operator the SIVs values
are shared between islands within the same subsys-
tem, in the Cross Migration operator the SIVs
values are shared between islands of different sub-
systems. This allows all the archipelagos to evolve
concerning all the objective functions. The Muta-
tion operator is used to maintain the diversity of
values in each solution. Hence, it keeps the diver-
sity of solutions that helps to the optimization of
all candidate solutions.

The pseudocode for the Mutation and the Mi-
gration are given by Algorithm 2, and Algorithm 3,
respectively.

Algorithm 2 receives as input the SIV values of
an island, which correspond to the roughness coef-
ficient of each pipe. These values could be mutated
taking into account a probability. In line 2 a ran-
dom number between 0 and 1 is generated to verify
whether to mutate a SIV value of an island or not.
If the SIV value is chosen to be mutated, there are
two conditions:

1. the value corresponds to the initial roughness
of a pipe (line 4), and so, the value will be mu-
tated to a value which corresponds of having a
valve installed in that pipe with a opening de-
gree between 0 and VALVE THRESHOLD.

2. the value of roughness coefficient is already
considered a valve with a certain opening de-
gree and it will be mutated to a non-valve value
which is the value of the initial roughness of the
pipe (line 8).

VALVE THRESHOLD is a constant that rep-
resents the maximum opening degree that a valve
must have to be installed. In this case the value
corresponds to 0.5.

In Algorithm 3 all the islands will suffer immi-
gration proportionally to its ranking. The ranking
mechanism will be described in Section 3.6.1. For
each island in the Archipelago (line 1) and then, for
each solution in the island (line 3) a random num-
ber between 0 and 1 is generated in order to accept
or not emigrating values from other islands. The
emigrating value is chosen according to the emigra-
tion probability which is 1 - HSI. Both the mutation
operator and the migration operator are destructive
methods, this is, the input they receive are pointers
to the data structures and the values are replaced
instantanously. So, there is no need for the opera-
tors to return a value.

Algorithm 2: Mutation Operator

Data: island
1 for i ∈ [0, ISLAND SIZE] do
2 r ← random(0, 1);
3 if r < MUTATION RATE then
4 if island.getSIV (i) ==

initialRoughness[i] then
5 newRoughness← random(0, 1)×

V ALV E THRESHOLD ×
initialRoughness[i];

6 island.setSIV (i, newRoughness);

7 else
8 island.setSIV (i, initialRoughness[i]);

Algorithm 3: Migration Operator

Data: Archipelago
1 for island ∈ Archipelago do
2 immigration = island.getHSI();
3 for i ∈ [0, ISLAND SIZE] do
4 r = random(0, 1);
5 if r ≤ immigration then
6 emigratingIsland =

chooseProbabilistically(Archipelago);

7 newSIV =
emigratingIsland.getSIV [i];

8 island.setSIV (i, newSIV );

3.6.1 Ranking Solutions

In order to rank all the solutions, a ranking mech-
anism was implemented. The pseudocode of the
ranking mechanism is presented in Algorithm 4

To calculate the ranking of each solution, both
the number of constraints that are violated and the
fitness of each solution are taken into account. The
solution with the lowest ranking will be the solu-
tion with the best fitness and with no constraints
violated. For this, we compare each pair of islands
of the same archipelago (line 1, line 2), verify which
one has more constraints violated (line 3, line 5)
and add 1 to its ranking. In case the number of
constraints violated is equal, the measure of qual-
ity used to rank the solutions is the fitness. The
island with the highest fitness will have its ranking
increased by 1.

This ranking is used to calculate the immigra-
tion probability which corresponds to the HSI value
of each island based on Equation 4:

λ =

∑R
i=1

i
T∑T

i=1
i
T

(4)
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Algorithm 4: Ranking Algorithm

Data: islands
1 for i in range(0, size(islands)) do
2 for j in range(i, size(islands)) do
3 if island[i].getConstraintsV iolated() > island[j].getConstraintsV iolated() then
4 island[i].addRanking(1);

5 else if island[i].getConstraintsV iolated() < island[j].getConstraintsV iolated() then
6 island[j].addRanking(1);

7 else
8 F1 = island[i].getF itness();
9 F2 = island[j].getF itness();

10 if F1 < F2 then
11 island[j].addRanking(1);

12 else if F1 > F2 then
13 island[i].addRanking(1);

where R is the ranking of the island whose immi-
gration rate is being calculated and T is the total
number of islands in a subsystem.

3.6.2 Elitism
In multiobjective optimization problems, the
elitism is a way to preserve the best solutions found
so far. This process of elitism helps the algorithm
to evolve faster because, in evolutionary computa-
tion, the evolution process consists in the changing
of information between all the cadidate solutions.
If good solutions are preserved for the next itera-
tions, they will share its information with all other
solutions.

In each iteration of the algorithm, all the islands
are submitted to a process to choose if they will be
part of the elite or not.

In WATimizer the process of election is based on
the nondominated set of solutions. All the solu-
tions in the nondominated set are considered elite
solutions. For each archipelago, at the end of each
iteration, there will be a set of islands that are part
of the nondominated set, these islands are elected
and they will be immutable on the next generation.
The algorithm to find the nondominated set was
presented in Algorithm 1.

4. Experimental Results
The purpose of this Section is to present the results
obtained by applying the WATimizer tool to the
problem of reducing the leakage in water distribu-
tion systems.

In computational models of Water Distribution
Network (WDN) the leakages are given by leakage
coefficients which can be seen as a hole where the
leakage happens.

This multi-objective problem was also modelled
to work with the Non-Dominated Sorting Genetic

Algorithm (NSGAII) in order to compare the re-
sults obtained by WATimizer and NSGAII. The
NSGAII used was developed at KanGAL, which
is a research laboratory at the Indian Institute of
Technology Kanpur. The problems to be solved are
WDNs with different configurations generated and
a case study network used in previous studies (Reis,
Porto, & Chaudhry, 1997; Vairavamoorthy & Lum-
bers, 1998; Araujo, Ramos, & Coelho, 2006; Nicol-
ini & Zovatto, 2009; Creaco & Pezzinga, 2014; Ali,
2015).

4.1. Network Instances
To evaluate the performance of WATimizer, a set
of networks were generated with the tool Water-
NetGen (Muranho, Ferreira, Sousa, Gomes, & Mar-
ques, 2012). This tool allows the creation of differ-
ent networks with different configurations, varying
the number os nodes, the number of edges and the
K-Nearest Neighbours (KNN). Default values were
used for all other parameters. The tool generated
a set of 13 different network varying the number of
nodes between 40 and 150 and the KNN between 1
and 5.

In addition to the networks generated with Wa-
terNetGen, a network presented by Jowitt and Xu
(1990) and used in many other studies, was used.
The network has 25 nodes and 37 pipes.

4.2. WATimizer vs NSGAII
The WATimizer and the NSGAII were tested using
every network generated by WaterNetGen. Each
algorithm ran, with its best configuration for 1800
seconds. Moreover, for each algorithm and network,
6 different seeds were used and the final results were
obtained by calculating the median values of the
Hypervolume and Inverted Generational Distance
(IGD) generated in each run.
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For all the 13 networks, the NSGAII has a slightly
better performance than WATimizer, for both the
Hypervolume and the IGD, except in network 10
where WATimizer have a better IGD than the
NSGAII. This difference is around 5% to 10%. The
results for each of the networks are showed in Fig-
ure 2.
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Figure 2: Hypervolume and IGD values of each al-
gorithm for every 13 networks.

4.3. Pareto efficiency vs Weighted
sum efficiency

In this Section the same problem will be solved with
a weighted sum approach.

The weighted sum approach differs from the
Pareto approach in the sense that, instead of opti-
mizing each objective function individually, we cre-
ate a global optimization function that is a scalar-
ization of all objective functions. So, all the solu-
tions that belong to the Pareto front can be gen-
erated by a weighted sum approach in which, the
value generated by the scalarization function is the
sum of each individual fitness multiplied by a num-
ber, which is the weight associated to that fitness.

For each solution generated with the weighted
sum approach, the values for each individual ob-
jective function were kept, in order to be possible
to plot the results and compare them the results
obtained with the Pareto approach.

The results show an improvement in performance
for the tool WATimizer, while using the weighted
sum approach, for every network. This improve-
ment includes better results in both the objective
functions and in time of execution. For the largest
network tested, WATimizer output the best result
for one run in approximately 20 minutes.

For the NSGAII it is the opposite. The weighted
sum approach decreases slightly the performance of
the algorithm. The results for the 13 different net-
works are presented in Figure 3.

0.0

0.2

0.4

0.6

0.8

Hy
pe

rv
ol

um
e

WATimizer
NSGAII

n1 n2 n3 n4 n5 n6 n7 n8 n9 n10 n11 n12 n13
0.00

0.05

0.10

0.15

IG
D

WATimizer
NSGAII

Figure 3: Comparison between the solutions of WA-
Timizer with a weighted sum approach and the so-
lutions of NSGAII with a Pareto approach for every
13 networks.

In Figure 3 can be seen the comparison between
the tool WATimizer using the weighted sum ap-
proach and the NSGAII using the Pareto approach,
which are the best approaches for each algorithm re-
spectively. It can be seen that WATimizer improved
its performance in terms of Hypervolume for every
network. For networks 3, 7, and 8 WATimizer got
better results than NSGAII for Hypervolume. In
terms of IGD it got a little worse results than using
the Pareto approach. This happens because with
the weighted sum approach, for each run we only
consider one solution which is the one with the best
value given by the scalarization function, and so the
approximationto the Pareto front is worse.

The best improvement can be seen in network 8
with and increase of about 20% on the Hypervol-
ume.

4.4. Case Study
This section presents the results of applying WA-
Timizer to a case study network, presented in pre-
vious studies. For the case study network there
is a leakage coefficient, denoted as Kf , associated
with each node, in order to be able to calculate the
amount of leakage that can be reduced.

The network with this distribution of leakage co-
efficients has a total of water losses of 27.3L/s. Con-
sidering the price of water of Empresa Portuguesa
de Águas Livres (EPAL) of 0.8 e/m3, the amount
of losses corresponds to 689, 203.26e of lost water
per year.

The previous results obtained for this case study
network will be used to validate the results obtained
by WATimizer and they are presented in Table 1.
The column Pipe ID shows the id of each pipe
where a valve was installed. The column Valve
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Open corresponds to a percentage of the opening
degree of the corresponding valve, and the Total
Leakage column shows the values in liters per sec-
ond of water lost after the optimization procedure.
In the final column is presented the percentage of
improvement related to the initial amount of water
leakage, which was 27.3L/s.

The results for this network were obtained us-
ing WATimizer with both a Pareto approach and a
weighted sum approach. The results are shown in
Figure 4, and can be seen that the solutions gener-
ated with the weighted sum approach dominate the
solutions obtained with the Pareto front approach.
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Figure 4: Comparison of the solutions generated
from the Pareto approach and the weighted sum
approach for the case study network introduced by
Jowitt and Xu (1990).

After the WATimizer finish running, all the solu-
tions found by the tool were filtered and the non-
dominated set was calculated. The values for all
the solutions in the nondominated set are shown in
Table 2.

Table 2 shows 6 different solutions with different
number of valves installed. In terms of minimizing
leakages, all the solutions are capable of a mini-
mization of at least 19.4%, which corresponds to a
saving of 133.705, 43e per year. In terms of in-
vestment, the cost of installing Pressure Reducing
Valve (PRV) increase with the diameter of the pipe
where the valve is to be installed. For the solu-
tions mentioned above, the installations may occur
on pipes 1, 5, 11, 20, 21, 27 and 29.

To calculate the cost of installing a valve, two
different equations were considered:

Installation costs:

FCPRV inst = ICPRV inst ∗ (1 + r)N (5)

where FCPRV inst is the final cost of installation,
ICPRV inst is the initial cost of installation, and
(1 + r)N is the annual growth rate of the additional
money used for the repayment of the loan received

for purchasing the valve. A loan is considered be-
cause we are thinking of prices in the worst case
scenario.

Maintenance costs:

FCPRV maint = ICPRV maint ∗
N∑
i=1

(1 + r)i−1 (6)

where FCPRV maint is the final cost of mainte-
nance, ICPRV maint is the initial cost of mainte-
nance, (1 + r)i−1 is the annual growth rate of the
maintenance costs.

To calculate both the final installation cost and
the final maintenance cost it was used the values
N = 5 and r = 0.01, where the N is the number of
years considered and r is the interest rate.

For the cheapest solutions which is the first pre-
sented in Table 2, the total price is 23, 479.77e
including installation and maintenance during the
next 5 year after the installation, and the amount
of saving of reducing water leakages was of
133, 722.89e per year. For the most expensive so-
lution, the final cost is 110, 493.89e, which includes
installation and maintenance for next 5 years and
the amount of saving due to the reduction of water
leakages was 185, 395.67eper year.

There is always a tradeoff between efficiency and
cost. This tradeoff must be evaluated by an exper-
tise that knows how much money can be invested
and how serious the problem is.

5. Conclusions
Water leakage is a global problem that affects ev-
eryone around the world, so something needs to be
done in order to stop or at least mitigate this prob-
lem. There are several previous works trying to
mitigate the losses of water in Water Distribution
Networks (WDNs), using computational models to
locate existing leakages or to predict future leak-
ages. The most used methodology to detect and re-
duce leakages are based on evolutionary algorithms,
which are algorithms inspired by biological evolu-
tion. These type of algorithms achieve good results
in optimization problems.

In this article, the tool WATimizer is pre-
sented. This tool is based on a population-
based metaheuristic optimization algorithm called
Biogeography-based Optimization (BBO) Simon
(2008) and it was built to solve multi-objective op-
timization problems. In particular, the problem of
reducing both the amount of leakages and the costs
associated with the installation of equipment.

The results obtained by WATimizer were vali-
dated in two distinct ways:

1. Comparing the results obtained by WATimizer
with the results obtained by Non-Dominated
Sorting Genetic Algorithm (NSGAII), for the
same networks.
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Table 1: Results from different authors for Jowitt and Xu (1990) network.
Pipe Valve Total Leakage Improvement

Authors ID Open flowrate (L/s)

Reis et al. (1997) 1-11-29 6%-13%-0% 22.78L/s 16.6%
Vairavamoorthy and Lumbers (1998) 11-21-29 30%-90%-0% 20.78L/s 23.9%

Araujo et al. (2006) 11-21-29 - 22.1L/s 19%
Nicolini and Zovatto (2009) 1-11-20-21-27 6%-30%-0%-63%-37% 22.89L/s 16.2%
Creaco and Pezzinga (2014) 1-11-20 - 23.09L/s 15.4%

Ali (2015) 1-11-20 6%-29%-0% 21.72L/s 20.4%

Table 2: Best solutions Generated by WATimizer
Number Pipe Valve Total Leakage Improvement
Valves ID Open flowrate (L/s)

1 11 13% 22.0L/s 19.4%
3 11-20-21 16%-20%-3% 21.35L/s 21.8%
4 5-11-20-21 23%-27%-18%-8% 21.08L/s 22.7%
4 11-20-21-27 16%-14%-10%-6% 20.94L/s 23.3%
6 1-5-11-20-21-29 5%-27%-24%-4%-39%-25% 20.06L/s 26.5%
7 1-5-11-20-21-27-29 5%-14%-27%-7%-33%-29%-33% 19.95L/s 26.9%

2. Comparing the results obtained by WATimizer
with the results in previous studies, for the
same case study network.

The WATimizer tool showed better results when
using a weighted sum approach to deal with multi-
objective optimization, than when using a Pareto
approach. Fot the case study network, WATimizer
generated 6 different solutions with different trade-
offs in the amount of leakage reduced and costs of
installation. Some of these solutions are more effi-
cient than the ones presented in previous studies.
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