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This paper describes a multi-objective optimization model including Real Options concepts
for the design and operation of water distribution networks. This approach is explained
through a case study with some possible expansion areas defined to fit different future
scenarios. A multi-objective decision model with conflicting objectives is detailed. Also,
environmental impacts are considered taking into account not only the life cycle carbon
emissions of the different materials used during the construction of the networks, but also the
emissions related to energy consumption during operation. These impacts are translated by
giving a cost to each tonne of carbon dioxide emitted. This work presents a new mullti-
objective simulated annealing algorithm linked to a hydraulic simulator to verify the
hydraulic constraints, and the results are represented as points on the Pareto front. The
results achieved show that the approach can deal explicitly with conflicting objectives, with

environmental impacts and with future uncertainty.
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1 Introduction

Water distribution networks today are complex systems that require high investment for
their construction and maintenance. The storage and transport of water has been
extensively investigated in recent decades by applying optimization techniques to water
distribution systems design (Sacks et al. 1989). In developed countries almost everyone
has access to water systems, but several problems remain to be solved such as
intermittent supply and the high level of water losses. Furthermore, as urban centers
continue to grow so does the amount of water used. The networks have to continually

adapt to new circumstances to provide an adequate service.

The design of water distribution networks is often viewed as a single-objective,
least-cost optimization problem with pipe diameters being the primary decision
variables. But when we need to address several objectives, multi-objective optimization
can be used to design of water distribution network instead. A number of researchers
and practitioners have noted that the optimal design of water distribution systems is a
multi-objective issue since it involves compromises between conflicting objectives,
such as total cost, reliability and level of service. Savic (2002) demonstrates some
shortcomings of single-objective optimization approaches and uses a multi-objective
based genetic algorithm (Fonseca and Fleming 1993) to avoid these difficulties.
Farmani, et al. (2004), Prasad et al. (2003), Creaco and Franchini (2012) and Todini
(2000) explored the application of multi-objective optimization where the minimization
of cost and maximization of reliability are the main objectives. Di Pierro et al. (2009)

compared two multi-objective algorithms for the design of real size networks. This
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paper describes the solution of a multi-objective optimization model with two

conflicting objectives.

This work aims to include the cost of carbon emissions in the design and
operation of water networks. We must therefore quantify the emissions from the very
beginning of extraction of the different materials used in the water systems until their
final disposal. Dennison et al. (1999) use life cycle analysis to compare the
environmental impact of different pipe materials. Dandy et a/l. (2006) developed a
multi-objective model that uses sustainability objectives in life cycle cost analysis,
energy consumption, greenhouse gas emissions and resources consumption. The tool
compared the minimum cost design with the sustainable environmental design. Herstein
et al. (2011) presents an index-based method to assess the environmental impact of
water supply systems. The index aggregates the consumption of resources,
environmental discharges and environmental impacts in a single index. Different
materials for tanks, manholes and moorings construction must be used to build up the
water supply infrastructure. The most common are: the steel used in pipes, accessories
and pumps; reinforced concrete; plastic for pipes and accessories; aggregates for
pipeline backfill and asphalt for repaving. The methodology presented Marques et al.
(2014a) is used to evaluate the carbon emissions involved, considering the whole life
cycle including the extraction of the raw materials, transport, manufacture, assembly,
installation, disassembly, demolition and/or decomposition. The methodology also
computes carbon emissions from the energy used during the network’s operation.
Adding together the partial contributions of pipe installation and energy consumption it
is possible to compute the total carbon emissions. It is also necessary to fix a value for
the carbon emissions cost for each tonne emitted. These costs are included in the

optimization model presented in the next section.
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According to Haimes (1998) the great challenge for the scientific community in
the third millennium will be to develop tools and technologies to support and maintain
infrastructure. Several methods for the effective planning of water systems have
appeared in the literature. If flexible planning can be adopted, the infrastructure will be
able to cope with future uncertainty. Real options (ROs), originally from financial
theory, could make an important contribution in this area. Myers (1977) was the first to
introduce the term real options. Since then a large number of studies have been

published where the concepts of ROs have been used in several fields.

A number of studies have developed ROs approaches to solve a variety of
problems: Nembhard and Aktan (2010), who systemized applications of ROs to design
and resolve engineering problems; De Neufville et al. (2006) report the use of ROs in
car parking problems, and Gersonius et al. (2010) apply ROs analysis to the option
planning process in urban drainage systems to incorporate flexibility to accommodate
climate change while reducing future flood risk. In the water industry, an ROs technique
appears in the work of Woodward et al. (2011) to define maritime coastal defenses to
reduce the risk of flooding. In the area of water systems expansion, Suttinon and Nasu
(2010) present an ROs based approach where the demand increases. Zhang and Babovic
(2012) use a ROs approach to evaluate different water technologies in water supply
systems under uncertainty. The work of Creaco et al. (2014) proposes a multi-objective
methodology aiming at considering the phasing of construction within the design of the
water distribution systems, which grow in terms of layout size. The work of Huang et
al. (2010) describes the application of ROs to the design of water distribution networks
and Basupi and Kapelan (2013) presents a methodology to the flexible and optimal
decision making dealing with future demand uncertainty. Finally the authors have

already used ROs in two prior works: Marques et al. (2014b) to the optimal design of
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water distribution systems using a single objective model formulation demonstrated in a
simple case study and Marques et al. (2014a) taking into account carbon emissions and
by using a different single objective model formulation demonstrated in “Anytown
network”. Here a new multi-objective optimization tool based on simulated annealing is
proposed to solve the multi-objective optimization model based on ROs that
incorporates two conflicting objectives explicitly. There is a vast body of literature
about multi-objective approaches that have been used in several fields: Hakanen et al.
(2013) in wastewater treatment plant design and operation; Ahmadi et al. (2014) to
calibrate of watershed models for pollutant source identification and watershed
management; Giuliani et al. (2014) to the operation of complex environmental systems
and Zheng and Zecchin (2014) for designing water distribution systems with multiple

supply sources are just some recent examples.

It is very important in water systems planning to predict future operating
conditions. However, cities are continually changing and the water supply networks
have to be adapted to these changes. Sometimes a new urban or industrial area is built
and the network has to be improved to accommodate the new conditions. The opposite
can occur in areas where population declines and demand falls. This work presents a
multi-objective approach where uncertainty is related to new expansion scenarios for

the network.

Some benefits of flexible design are associated with the ease of accommodating
different future scenarios. However, flexibility usually incurs an extra cost at the initial
stage of a water network design. A flexible design is one that enables the designer,
developer, or operator to actively manage or further develop the configuration of the
system downstream, to adapt it to changes in the supply, demand, or economic

environment. The ROs approach presented in this work uses a decision tree to reflect
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different scenarios that may occur during the planning horizon. The process uses a
multi-objective optimization model to find solutions for the first period and for different
possible future realities according to the decision tree. The model uses two objectives: a
minimum cost objective function that takes into account the carbon emission costs and a
level of service measure that minimizes the pressure failures that can occur over the
entire planning horizon. Various scenarios are analyzed to predict different alternative

future conditions.

The new ROs approach presented in this work deals with future uncertainties
and with two conflicting objectives, over the whole planning horizon. Decision planning
based on trying to delay some decisions for the future, enables current investment to be
reduced. This delay also incurs some costs because the initial solution has to be flexible

enough to accommodate all the future conditions, and such flexibility comes at a price.

The remainder of this paper is organized as follows: in the next section the ROs
framework and the case study are set out. This is followed by a multi-objective decision
model based on an ROs approach, and then the results are presented. Finally, the

conclusions are set out.

2 Real options framework and case study

A real options approach makes it possible to consider different adaptations over the
lifetime horizon, according to urban growth. Areas can become depopulated or
urbanized. These modifications have impacts on the hydraulic behavior of the networks
and should be taken into account. In this section a case study demonstrating how the
multi-objective model considering ROs can be employed is presented. Figure 1
represents a water distribution network inspired on the work of Walski ez al. (1990). In

the original case study the layout of the network is only the part represented inside the
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dashed line. However, in this case study the possibility to expand the network for four
different areas A1, A2, A3 and A4 it is considered. Furthermore an area A5 where it is

possible to have a depopulated area is taken into account.

Ad

SV D

Figure 1: Water distribution network inspired from Walski ez al. (1990)

The network is supplied by three fixed-level reservoirs and there is a pumping
station placed at link 1 to transmit energy to the flow from reservoir R1. The
characteristics of the nodes at demand conditions (1) and (2) are presented in Table 1.
This work considers two kinds of minimum pressure: the desired pressure and the
admissible pressure of reference. The lower limit of pressures (admissible pressures) is
assumed to be high enough to permit that the demand can be totally satisfied. Pressure
deficits for which the demand cannot be totally satisfied (Wagner et al. 1988) are not
considered here. The two different pressure levels are included to analyse the tradeoff
between costs and service levels measured in terms of minimum nodal pressures that are

desired and pressures that are effectively provided.
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The efficiency of the pump is considered to be constant and equal to 75%, as a
simplification of the problem and the daily consumption is 20 hours at demand
condition (1) with the other 4 hours at demand condition (2). The energy costs are
0.075$/KWh and should be evaluated for a 60-year period using a discount rate of 4%
year. The discount rate is just used to assess the cost in different time interval of the

planning horizon.This rate was fixed based on the work of Wu ef al. (2010).

Table 1: Characteristics of the nodes

Ground Nodal consumption (/s) Minimum desirable Minimum admissible
Node Areas elevation pressure (m) pressure (m)

(m) (6] ‘ 2 (€] 2 O] 2
1 36.48 Reservoir at the level of 35.48 m
2 30.48 0 0 28.132 17.583 21.099 10.550
3 106.68 31.545 47.318 28.132 17.583 21.099 10.550
4 117.35 Reservoir at the level of 151.73 m
5 106.68 31.545 47318 28.132 17.583 21.099 10.550
6 A5 106.68 126.180 189.270 28.132 17.583 21.099 10.550
7 A5 106.68 63.090 94.635 28.132 17.583 21.099 10.550
8 121.92 Reservoir at the level of 156.30 m
9 Al 106.68 31.545 47318 28.132 17.583 21.099 10.550
10 Al 106.68 31.545 47.318 28.132 17.583 21.099 10.550
11 Al 106.68 31.545 47.318 28.132 17.583 21.099 10.550
12 A2 106.68 31.545 47.318 28.132 17.583 21.099 10.550
13 A2 106.68 31.545 47.318 28.132 17.583 21.099 10.550
14 A3 106.68 31.545 47.318 28.132 17.583 21.099 10.550
15 A3 106.68 31.545 47318 28.132 17.583 21.099 10.550
16 A4 106.68 31.545 47318 28.132 17.583 21.099 10.550
17 A4 106.68 31.545 47.318 28.132 17.583 21.099 10.550

This is a new network that considers the 8 different commercial diameters
available for the pipe design presented in Table 2. The installation of parallel pipes
during the planning horizon is not considered in this study. Carbon emissions are
computed assuming a value of 0.637 KgCO2 per each KWh of energy produced. This is
a mean value of the carbon emissions of the electricity generation sector between 2005

and 2010 in Portugal (ERSE 2012). The characteristics of the pipes are given in Table 3.



151  Table 2: Diameter, unit cost, carbon emissions and Hazen-Williams coefficients

. . Carbon Hazen-
Diameters Unit cost .. s
emissions Williams
(mm) ($/m) (TonCO»/m) | coefficients
152.4 49.541 0.48 100
203.2 63.32 0.59 100
254 94.816 0.71 100
304.8 132.874 0.81 100
355.6 170.932 0.87 100
406.4 194.882 0.96 100
457.2 225.066 1.05 100
508 262.795 1.14 100
152
153  Table 3: Characteristics of the pipes
Pipe LI:;:;:] E::;: Length (m) Area
1 1 2 Pump
2 2 3 3218.688
3 3 4 3218.688
4 2 5 1609.344
5 3 6 1609.344
6 5 6 3218.688
7 6 7 3218.688
8 7 8 1609.344
9 5 9 1609.344 Al
10 6 10 1609.344 Al
11 7 11 1609.344 Al
12 9 10 3218.688 Al
13 10 11 3218.688 Al
14 2 12 1609.344 A2
15 3 13 1609.344 A2
16 12 13 3218.688 A2
17 9 14 1609.344 A3
18 10 15 1609.344 A3
19 14 15 3218.688 A3
20 12 16 1609.344 A4
21 13 17 1609.344 A4
22 16 17 3218.688 A4
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A planning horizon of 60 years is assumed for this case study, which was
subdivided into 3 stages of 20 years. The decision tree contemplates 8 possible
scenarios where different conditions can occur in future time intervals. The different

decision paths that can be taken are schematized through the tree shown in Fig. 2.

Decision paths

T=1 (0 to 20 years) T=2 (20 to 40 years) IS DD EDTE) (0 to 60 years)

Expansion A3/A4 0.6 Scenario 1 | 0.06

\ 4

—» Expansion A1/A2 | 0.1 Scenario 2 | 0.02

\ 4

Expansion A3 02

Expansion A4 0.2 Scenario 3 | 0.02

|_t
\—:
Expansion A3 0.6
Initial Solution 1 - Expansion Al 04
Do not Expand 0.4

A 4

Scenario 4 | 0.24

A\ 4

Scenario 5 | 0.16

A 4

\ 4

Expansion A4 0.5 Scenario6 | 0.2

—»  Expansion A2 0.4

\ 4

Scenario7 | 0.2

Do not Expand 0.5

Scenario 8 | 0.1

A\ 4

—» Do not Expand 0.1 »  Depopulation A5 1

Figure 2: Decision tree for the planning horizon and probabilities of occurrence

Each decision path has different probabilities. For this case study the
probabilities considered for the different decision nodes are shown in the square boxes
of Fig. 2. For real case studies, these probabilities have to be defined by decision
makers using appropriate methods and knowledge. The values shown in the last
branches of the decision tree are the probabilities of the scenarios and are calculated by
multiplying the probabilities of all nodes on the path of that scenario. For the first
period T=1 an initial design for the network is defined. For T=2, four different
situations can occur, expansion to Al and A2, expansion to Al, expansion to A2 and no

expansion. In the last period T=3, new expansion areas are possible, A3 and A4,

10
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expansion to A3, expansion to A4 and no expansion. It is also possible to have a
depopulated area A5 where the consumption could decrease by 30%. These scenarios,
included in the decision tree of Fig. 2, are deemed the most probable future conditions
for the case study. ROs permits an adaptive planning strategy and if the predicted future

conditions turn out to be wrong, the model could be rerun for more realistic scenarios.

This paper deals with a small water network example. In real-world large
networks with many pipes and with many possible plans for upgrades, the decision tree
can become very complex. However, the methodology presented here does allow
numerous scenarios to be defined, and there is no restriction on the number of
possibilities. However, the aim is to keep the number of options relatively small by
taking into account the most probable future scenarios for the water network. In that
case, the decision trees are easy to understand and can be easily handled by decision

makers and the methodology.

Finally a cost must be assigned to the carbon emissions. A carbon cost of 5§ for
each ton of carbon emitted is assumed here. This cost is defined according to European

Energy Exchange 2013-2020 data.

3 Optimization model

This work presents a multi-objective model with two conflicting objectives. One of the
objectives consists in minimizing the costs of construction and operations of the
network. These systems are responsible for important carbon emissions during
construction but mostly during the operation phase. Therefore, the carbon emissions are
also computed to try to achieve an environmental friendly design for the water

distribution system. The other objective of the model is used to determine a solution

11
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taking into account the level of service. As it was stated, the model considers two kinds
of minimum pressures, the minimum desirable pressures and the minimum admissible
pressures. If nodal pressure remains between these two limits, the pressure violations
are summed for all nodes. However the model considers that the network has to obey
the desirable pressure constraints for the first 20 years. In the subsequent time intervals,
pressures can decrease up to admissible pressures, according to the probability of

occurrence of the decision paths.

The decision model aims to minimize two objectives. The first one is given by

Eq. 1.

OF1=Min (Ci+Cf) (1)
Where:
Ci - cost of the initial solution to be implemented for the first period in

year zero ($);

Cf — future costs ($).

The objective function OF' ] of Eq. 1 is written so that the solution for the first
period, T=1, can be determined while taking into account the different decision paths of
the planning horizon. The objective function seeks to minimize both the initial cost and
the probable future cost of the system. The term Ci computes the cost of the network for

the first period T=1 of planning and is given by Eq. 2.

_ NPI NPU NDC
Ci= Z;(Cpipei’1 +CCEpipel.’l)+ Zl (Cpsj,1)+ ; (Ced’1 +CCEed’1) (2)
1= j: =
Where:

NPI - number of pipes in the network;

12
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Cpipe; 1 - cost of pipe i in period T=1;

CCEpipe; - cost of the carbon emissions of pipe i in period 7=1;
NPU - number of pumps in the network;

Cpsj,1 - pumping station costs of pump j in the period 7=/;

NDC - number of demand conditions considered for the design;

Ceq 1, — present value cost of energy in demand condition d in period 7=1;

CCEey 1, — present value cost carbon emissions by energy in demand

condition d in period 7=1.

The initial cost is given by the sum of the cost of pipes, the cost of pumps and

the present value of energy cost. The carbon emissions’ cost of pipes and energy are

also included. The carbon emissions related to other network elements as pumps are not

considered, since they are neglected compared with pipe construction and energy. The
other term of the objective function OF ] represents the future cost of all the scenarios

(Eq. 3), weighted by the corresponding probability of each scenario.

NS t

Cf = Cfuture, - H prob,, 3)

s=1t nt=2

S

Il
[\

Where:
NS - number of scenarios;
NTI - number of periods into which the planning horizon is subdivided;
Cfuture; - cost of future designs in scenario s for period ¢;

Prob,s - probability of scenario s in period nt.

The future scenarios’ costs are arrived at by summing all possible future costs,

starting from T=2. These costs are computed by multiplying the cost of each decision

option by the probability of taking that decision path. A mean is obtained for the future

13
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possible costs for the network. The term Cfuture;s is computed in Eq. 4, for all periods
beginning in 7=2 (the costs for the first period are already calculated in the Cinitial

term).

NPI NPU NDC 1
: +

Cfuture, , = [Z(Cpipe,-,t,s )+ 2 (Cps;. )+ 2 (Cey)
i=1 J=l1 =1
NPI NDC
+ (Z ( CCkpipe; , ) + Z (CCEed,t,.\' )]

i=1 d=1

7
(1+1R) @
Where:
NPI - number of pipes in the network;
Cpipei: - cost of pipe i installed in period # in scenario s;
NPU - number of pumps in the network;
Cpsjis - pumping station costs of pump j installed in period ¢ in scenario s;
NDC - number of demand conditions considered for design;
Ceq:s — present value cost of energy (actualized for the first year of the
time interval ¢) in demand condition d for period ¢ in scenario s;
CCEpipe; s - cost of the carbon emissions of pipe i installed in period ¢ in
scenario s;
CCEeq, s — present value cost carbon emissions by energy in demand
condition d for period ¢ in scenario s;
IR - annual interest rate for updating cost;

Y: - year when costs will be incurred for period .

The first term of Eq. 4 computes the cost of pipes to be installed for different
decision paths plus the costs to install pumps every 20 years plus the cost of energy. The
current value of these cost are then determined. To compute the current value of the
costs of energy, it is necessary to sum and discount the costs during the number of years

of each the time interval. Thereafter, it is required to update these costs by Y years to

14
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year zero of the planning horizon. The carbon emission costs associated with pipe

installation and with energy consumption are included in the second term.

The sum of the initial costs with future costs is intended to represent the full
planning horizon of the network, considering future uncertainty. The model aims to
determine the decision variables not only for the first period but also for all the future
decisions that have to be taken according to certain possible decision paths. The values
of the decision variables that are achieved for the first period are effectively the ones

that are needed to be adopted now.

The second objective function is given in (5). The aim of this expression is to

minimize the total pressure violations for the different future scenarios.

OF2=Min (TPV) (5)

Where:
TPV - total pressure violations (m).

The multi-objective model determines different solutions for different levels of

pressure violations. The total pressure violations are computed according to Eq. 6:

NS NTI NDC NN

PV=%3%"Y ZMax{O;(Pdesmin,n’d—P”,dm)} ©)
=12 =1 nl

Where:
NN - number of nodes;

Pdesminnq- minimum desirable pressure at node »n for demand condition
d,
P45 - pressure at node n at demand condition d for time interval ¢ and in
scenario s.

Eq. 6 computes the sum of pressure violations for each scenario, each time

interval (starting from T=2), each demand condition and each network node. This sum

15
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of pressure violations can be used as a measure of the network performance during the

entire planning horizon.

Table 1 presents the desirable and admissible minimum pressures for each node.
However these admissible pressures are a threshold limit to compute the lowest value
that the nodal pressures can reach according to the probability of scenarios. The
constraint presented in expression (7) aims to obtain higher values, and thus less
pressure violations, for scenarios with high probabilities of occurrence. In the first time
interval, a decision node with probability equal to 1 is only considered. If in expression
(7) the probability is set to 1, the minimum pressure become equal to the desired
pressure. Thus, for the first time interval the pressures have to be higher or equal to

desirable pressures and no violations are permitted in the first time stage.

t
})n,d,t,s 2 {H prObnt,s (Pdesmin,n,d _Padmmin,n,d )+ Padmmin,n,d}
nt=2

Vne NN;¥d e NDC;¥nt € NTI;Vs € NS

(7

Where:

Padmpinn,a - minimum admissible pressure at node » for demand
condition d.

Expression (7) is just one of the constraints of the model. The model also
includes other constraints: Eq. (8) to verify the nodal continuity equations; Eq. (9) to
compute the head loss of the pipes; Eq. (10) to guarantee a minimum diameter for the
pipes; Eq. (11) so the candidate discrete diameter for each pipe is based on a set of
commercial diameters; and Eq. (12) to ensure the assignment of only one commercial
diameter for each pipe. The decision variables of this optimization problem described

by Eq. (1 to 12) are the commercial pipe diameter assigned to each pipe of the network.

16
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NPI

>1,0.,.,=0C, VneNN;VdeNDC;Vte NTI;Vse NS
i=1

AH,,, ., =KQ0,,~ VneNN;VdeNDC;VteNTI;Vse NS

1

Where:

D, >Dmin, VieNPI

ND
D, =Y YD,,Dcom,, VieNPI

d=1

ND
> YD, =1 Vie NPI

d=1

I,; incidence matrix of the network;

(8)

)

(10)

&y

(12)

0. 45— flow on the pipe i in demand condition d for period ¢ and scenario

s (m’/s);

OCy.4s - consumption in node » in demand condition d for period ¢ and

scenario s (m>/s);

NN - number of nodes;

AH;s - head loss in pipe i in demand condition d for period ¢ and

scenario s;

K; ,a- coefficients that depends of the physic characteristics of the pipe i;

D; - diameter of pipe i;

Dmin; - minimum diameter for the pipe i;

YDy, - binary variable to represent the use of the diameter d in pipe i;

Dcomg,; - commercial diameter d assigned to pipe /;

ND- number of commercial diameters.
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4 Optimization tool

A new method has been developed to solve the multi-objective model. This work
presents a multi-objective simulated annealing algorithm inspired by the work of
Bandyopadhyay et al. (2008). In these problems the objective is to search for a group of
optimal solutions that are normally named “optimal Pareto front”, introduced by Pareto
(1896). These solutions are characterized by the fact that it is not possible to enhance

one objective without worsening the other.

The original simulated annealing method for single-objective problems proposed
by Kirkpatrick et al. (1983) needs some changes before multi-objective optimization
problems can be solved. A fundamental difference is the use of a dominance concept to

guide the exploration of neighborhoods during the search process. The concept of

dominance is generally used to compare two solutions §; and s;. If ; is not worse for
all the objectives than s, and only better for at least one objective, it is said that s,
dominates s, . Also, a solution s,, is said to be non-dominated if no other feasible

solution found so far dominates it. The set of non-dominated solutions s,, is known as a

Pareto optimal front.

This method makes use of an archive where the non-dominated solutions seen so

far are stored. The structure of the proposed optimization tool is presented in Fig 3.
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Figure 3: Multi-objective simulated annealing flow chart
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Some parts of the algorithm are similar to the single-objective simulated
annealing tool: the initial solution, the annealing parameters, the building method of the
neighborhoods, the cooling process and the stop criteria that are given in the work of
Cunha & Sousa (2001) are also used in this method. But some important differences are

highlighted below.

After the generation of a candidate solution and verification of the constraints of
the model we must check the domination status. This is the key difference between the
single-objective and multi-objective tools based on simulated annealing. In the single-
objective method the candidate solution is accepted according to the Metropolis
criterion that compares the current solution with the candidate solution. However, in
this multi-objective method the candidate solution is compared both with the current

solution and with the solutions saved in the archive.
The dominance between two solutions is computed by Eq. 13:

adom,, =[] |OF(@-OF®b) (13)
i=1,0F; (a)#OF, (b)
Where:
Adom,»— dominance a to b;
N- total number of objectives;
OF(a) —value of objective function i for solution a;

OF(b) — value of objective function i for solution b.

The dominance between two solutions is computed by multiplying the change in
the values of the N objectives, if this difference is other than zero. The domination

concept is explained in Fig. 4 for the example of two objective functions.
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Figure 4: Domination between solutions a and b, adapted from Bandyopadhyay ef al.

(2008)

The amount of domination is represented in Fig. 4 by the area of the rectangle
between solutions a and b and is used by the multi-objective simulated annealing to
compute the acceptance probability.

Three different conditions can occur when checking the domination status:
current solution dominates candidate solution; candidate and current solutions are non-
dominated and candidate solution dominates current solution. According to the
domination status, it can also be necessary to compute the dominance of the candidate
solution in relation to the solution in the archive. According to the situation, the solution
can be accepted directly and become the new current solution. But, if the candidate
solution is dominated by current solution or by the archive, a metropolis criterion is
used to compute the acceptance probability for three distinct cases of dominance, as

presented in Fig. 3. For case 1, the dominance is computed by Eq. 14:

P
[Z Adom, ., j + Adom
Adom ===

mean

curr ,cand ( 1 4)

p+1

21



401
402

403

404

405

406

407

408

409

410

411

412

413

414

415

416
417

418

419

420

421

422

Where:
Adompeqsn — mean dominance relative to the candidate solution;
Adom; cana— dominance of the archive relative to the candidate solution;
Adomecyrr,cand— dominance of the current solution relative to the candidate
solution;
p — total number of solutions in the archive that dominate the candidate

solution.

Eq. 9 considers not only the dominance of the current solution in relation to the
candidate solution, but also the sum of dominance of all the solutions in the archive that
dominate the candidate solution. This sum is divided by the number of solutions in the
archive that dominate the candidate solution, plus one, to take into account the
dominance of the current solution relative to the candidate solution. For case 2, the
current and candidate solutions are non-dominated and the mean dominance is

computed by Eq. 15:

[Z Adomi,cand j (15)

Adom = =-~"

mean

p
This expression is analogous to case 1, except that now the dominance between
the current and candidate solutions is not taken into account. Lastly, for case 3, the
candidate solution dominates the current solution. But if the archive dominates the
candidate solution a minimum dominance is computed through Eq. 16, deemed equal to
the minimum value of dominance between the solutions of the archive that dominate the

candidate solution.

Adom ;= Min(Adom, ,,,,i=1,...p) (16)
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Where:

Adomyin — minimum dominance relative to candidate solution.

After calculating the dominance in these three different cases the Metropolis
criterion is used to compute the acceptance probability of the candidate solution. For
cases 1 and 2 the acceptance probability is computed by Eq. 17, and for case 3 the

acceptance probability is computed by Eq. 18:

_Adommean

P, =exp — 7 (17)
—Adom__.

Pacp =€xp (Tmm] (18)

For cases 1 and 2, if the Metropolis criterion is met the current solution becomes
the candidate solution. For case 3, if the Metropolis criterion is met the current solution
becomes equal to the solution of the archive with the minimum dominance relative to
the candidate solution. These movements are also called uphill moves because they are
contrary to the direction to the minima can be accepted according to the computed
probabilities. This method is thus able to explore, in theory, the full solution space and

the solutions achieved, regardless of the starting point of the algorithm.

According to the structure of the algorithm of Fig. 3, the multi-objective process
is repeated for a number of iterations at each temperature. The temperature is reduced

until the stop criteria are attained and the process stops.

The archive contains the non-dominated solutions found so far. The size of the

archive is given by two limits, a lower limit LL and an upper limit SL. During the search
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process, solutions are stored in the archive until it is completed with SL solutions. Then
a clustering technique is used to lower the number of solutions stored to the lower limit
LL. The clustering technique is based on the work of Hartigan and Wong (1979). This
tool aims to find a small number of LL solutions that represents the group of SL
solutions. The values are LL=10 and SL=30 and are defined according to the number of

final of Pareto front solutions that we wish to obtain.

This optimization method was linked to the EPANET hydraulic simulator
(Rossman, 2000) to verify the hydraulic constraints of the multi-objective model.
Although this is a demand driven hydraulic simulator, the methodology included in this
paper could be easily adapted for a pressure driven hydraulic simulator to include issues

related to network deterioration and leakages.

In this work a simple water network it is used to illustrate the approach. For
large size networks the computation demand increases due to the size of the network,
which has impacts on how quickly the RO problem can be solved. For large networks, if
the computation time increases too much, some strategies can be used to overcome this
problem: considering just the more important parts or by dividing the network in

subzones, such as district metered areas (DMAs) or using parallel computing.

5 Results

Figure 5 provides some results obtained by solving the multi-objective model given by
the objective functions and constraints (Eq. 1 to 12). The model determines the Pareto
front consisting of 10 different solutions. The total cost represents not only the
investment and operation costs but also the carbon emission costs of the network

lifecycle. The minimum pressure violations are arrived at by summing all the violation
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values for each node and considering the different conditions that the network can cope

with.
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Figure 5: Pareto front of objectives OF [ and OF2

The Pareto front that can be traced through the points represented in Fig. 5 gives
an idea about how the cost decreases when pressure violations are permitted. Fig.5
provides the Pareto front identified by the optimization tool. This figure represents 10
distinct solutions. The number of solutions is given a by the lower limit of the archive
LL. This limit is defined according to the number of final solutions required. If it is
necessary to identify a high number of solutions, with the objective to obtain an
extended Pareto Front in terms of cost (Higher costs than 5.784x10%) or lower pressure
violations (lower than 23 m) the number of final solutions has to increase. However, the
computational effort will also increase. These 10 solutions were achieved in
approximately 2.5x10° evaluations. Details of the cost of pipes, pumps and energy
(PPE), carbon emission costs, total costs and total pressure violations for each solution

of the Pareto front are given in Table. 4.
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Table 4: Pareto front solutions

Solution 1 2 3 4 5 6 7 8 9 10

PPE cost $(x10°) 5.784 | 5.461 | 5358 | 5.291 | 5.279 | 5.276 | 5.273 | 5.253 | 5.248 | 5.246
Carbon cost $(x10°) | 0.161 | 0.150 | 0.149 | 0.148 | 0.148 | 0.148 | 0.147 | 0.147 | 0.146 | 0.146
Total cost $(x10°) 5945 | 5.611 | 5507 | 5.439 | 5.427 | 5.424 | 5.420 | 5.399 | 5.395 | 5.392

Pressure Viol. (m) 23 32 41 55 61 67 74 79 85 92

Table 4 also shows that the total cost falls if high pressure violations are
allowed. A higher level of service requires an increase in the network capacity to meet
the minimum desirable pressures of the network. We can also see that for solutions 10
to 4 a small increment in the total cost makes it possible to define solutions with
significant falls in the total minimum pressure violations. Thus, it is possible to improve

the level of service of the network within this range of solutions for a low expenditure.

The carbon emission cost falls as the PPE cost decreases, as indicated in Table 4.
The carbon emission varies for different solutions on the Pareto front between a
minimum of $146,227 for solution 10 and a maximum of $161,019 for solution 1. In
fact, the variation in carbon costs for these 10 solutions is small and thus the impact on
the optimization process is low. This value is nonetheless included in the model to

quantify the carbon emissions involved in construction and operation of water networks.

In order to explain how solutions are defined, the extremities of the Pareto front
(solution 1 and solution 10) will be detailed next, just for the first scenario.. Fig 6 shows
the total cost of the solution 1, for scenario 1 and for the 60-year planning horizon, is
$7,455,992 and is composed of PPE costs of $7,260,067 and carbon emission costs of
$195,925, associated with the design and operation of the network. The total cost of

solution 10 (Fig. 7) for the same scenario and for the 60-year planning horizon, is
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$7,068,095 and consists of PPE costs of $6,883,401 and carbon emission costs of
$184,694. In this scenario all the areas are expanded, thus the total consumption in the
network increases. This is the most demanding case considered in the decision tree and
has a 6% probability of occurrence. The diameters are given in millimeters and the

expansion areas are indicated by traced ellipses aggregating the new consumption

nodes.
147.8 m
R8

Costs (5):

PPE costs: 7,260,067

Carbon costs: 195,925

Total costs @7; 7,455,992

Pressure (m):

P. Violations O2: 18

Figure 6: Design for solution 1 and considering scenario 1 in the last time interval
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Figure 7: Design for solution 10 and considering scenario 1 for the last time interval

In terms of violations, solution 1, for scenario 1, has 18m and solution 10, for
scenario 1, has 35m total minimum pressure violations. Differences between solutions
indicate that a cost increment of 6% is needed for scenario 1 to lower the total minimum
pressure violations by 17m. Also, the carbon emission costs increase 6% if a network

with low pressure violations is required.

The optimization model aims to simultaneously minimize the installation,
operation and carbon emission costs of the first objective function OF /. But it also aims
to minimize the pressure violations given by objective function OF2. The designs
represented by Figs 6 and 7 can be used as solutions for the case study described in this
work if scenario 1 occurs. However, other solutions given by the multi-objective model

can be chosen, according to the preferences of decision makers. All the possible
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decision paths of solution 1 of the Pareto front in Fig. 5 determined by the multi-

objective tool, are shown in greater detail in Fig. 8.

Decisions have to be made for each time interval of the decision tree. Fig. 8
presents, for each node, a table with the results of design solution 1 of the Pareto front,
beginning with the diameters of pipes (in millimeters) required in the network. Then the
costs are shown, divided into PPE costs, carbon costs, total cost and minimum pressure
violations. Finally, the last branches of the decision tree represent the total cost of PPE,
carbon emissions, total cost and total pressure violations for each scenario. These
figures represent, for each scenario, the total cost and pressure violations that may be

expected if that scenario occurs.

Only the first stage design decision has to be implemented now, and therefore
the future decisions will be made as new information comes. At the end of each phase
the methodology should be applied again and different scenarios from those considered
initially could be considered (Creaco et al. 2014). The ROs approach is formulated as a
multi-stage model whose objective is to design the network for the first time interval
and help decision makers to find the best system development strategy while

minimizing the costs.

The design for the network depends not only on the hydraulic conditions of the
present decision but on the decision paths that can be followed, too. The decisions taken
in prior stages have to accommodate the future possible conditions of the network. The
ROs approach considers different scenarios with different probabilities. By adding
together the initial cost and all the future weighted costs we can arrive at the present
value of the ROs solution in the Pareto front, which is $5.945x10°. The sum of all

pressure violations at the nodes of the network for this solution is 23m.
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Figure 8: Designs for solution 1 according to the planning horizon decision tree
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The design achieved for each link has enough capacity to extend the network to
future new areas that may be built. Pipes 2 to 8 (see Fig. 1) are designed in the first
stage, but need to have enough capacity for different decision paths. However, there is a
tradeoff to determine the minimum cost solution involving carbon emissions and the

minimum pressure violations that are allowed in the planning horizon.

6 conclusions

An ROs approach has been described that takes future uncertainties into account and
deals with conflicting objectives over the whole planning horizon. A case study has
been detailed with some possible expansion areas defined for different future scenarios.
This was followed by a multi-objective decision model based on an ROs approach. The
model aims to minimize two objectives and cope with all the different planning horizon
scenarios that are considered. The objective functions and their constraints determine
the solutions to be implemented in the first period, T=1, while taking into account all
the possible future conditions that the network may have to cope with. ROs enable

initial investments to be reduced by postponing some decisions for the future.

The model aims to minimize two objectives. The first is given by the total cost
computed as the sum of the installation cost of pipes and pumps plus the energy costs
and the carbon cost over the lifecycle of the network. These costs are actualized to year
zero and weighted by the probabilities of the future scenarios. The second objective is to
minimize the minimum desirable pressure violations computed by summing the extent
of the violation for all the nodes of the network and for all the scenarios. This objective
can be seen as a level of service measure for the water supply system. The model is

solved by a multi-objective simulated annealing heuristic and the results are represented
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as points on the Pareto front. Carbon emissions are considered in the model. These
environmental impacts are reduced by decreasing the size of the diameters and by
cutting energy consumption. But, in this case study, there is a relationship between the
pipe design and the energy consumed by pumps. Energy consumption can be reduced
by using large pipe diameters that decrease the head losses, thereby reducing the amount

of energy required to pump water. The optimization model has to handle this tradeoff.

A group of solutions is obtained by the multi-objective model. These results
enable decision makers to choose which solution to implement according to some
preferences. One of these solutions is shown in more detail by means of a decision tree,
including the values for the different decision variables, the total investment, the
operating and carbon emission costs that will be incurred, and the minimum pressure

violations.

From the results, it was concluded that the carbon emission costs do not have a
significant influence on the objective function value. As future trends, carbon emission
costs should be included explicitly in the multi-objective optimization model to express
the compromise between the minimization of these eco-friendly aspects and the other
objectives. Furthermore, energy and pipe costs are conflicting with each other and the

cost of energy could be viewed as another distinct objective to optimize.

Overall, this study suggests that the multi-objective optimization tool based on
ROs and considering environmental impacts can be used for solving water network
design and operation problems with a long-term and uncertain planning horizon. The
results also suggest that a multi-objective simulated annealing method can be

successfully applied, leading to sparse Pareto front solutions.
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