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Entropy Maximizing Evolutionary Design Optimization of Water Distribution

Networks under Multiple Operating Conditions

Abstract

The informational entropy model for flow networks was formulated over 30 years ago by
Tanyimboh and Templeman (University of Liverpool, UK) for a single discrete operating
condition that typically comprises the maximum daily demands and was undefined for water
distribution networks (WDNs) under multiple operating conditions. Its extension to include
multiple discrete operating conditions was investigated experimentally herein considering the
relationships between flow entropy and hydraulic capacity reliability and redundancy. A
novel penalty-free multi-objective genetic algorithm was developed to minimize the initial
construction cost and maximize the flow entropy subject to the design constraints.
Furthermore, optimized designs derived from the maximum daily demands as a single
discrete operating condition were compared to those derived from a combination of discrete
operating conditions. Optimized designs from a combination of discrete operating conditions
outperformed those from a single operating condition in terms of performance and initial
construction cost. The best results overall were achieved by maximizing the sum of the flow
entropies of the discrete operating conditions. The logical inference from the results is that
the flow entropy of multiple discrete operating conditions is the sum of their respective
entropies. Also, a crucial property of the resulting flow entropy model is that it is bias free
with respect to the individual operating conditions; hitherto a fundamental weakness

concerning the practical application of the flow entropy model to WDNSs is thus addressed.

Keywords: Maximum entropy; redundancy and reliability; penalty-free multi-objective
genetic algorithm; infrastructure resilience; water resources planning; uncertainty-based

design optimization
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1. INTRODUCTION

There is a general expectation of a safe and continuous supply of water even though there is
enormous uncertainty associated with the design, operation and maintenance of water supply
and distribution networks due to such stochastic processes as random (as distinct from
diurnal and seasonal) nodal demand variations (Almeida et al. 2013; Wang et al. 2016; Zhao
and Chen 2008), fire-fighting flows and pipe and other component failures. Uncertainty
arises, also, from imprecise or incomplete information and knowledge on long-term changes
in pipe roughness (Sharp and Walski 1988), socio-economic and demographic changes and
their effects on demands (Chang et al. 2012; Qi and Chang 2011; Sebri 2016; Tanyimboh and
Kalungi 2008; Wang et al. 2009a, b).

There is, also, increasing awareness of the need to consider uncertainty and resilience
along with cost effectiveness in water resources planning and design (Amarasinghe et al.
2016; Chang et al. 2012; Constantine et al. 2017; Harrison and Williams 2016; Herrera et al.
2016; Mitchell and McDonald 2015; Watts et al. 2012; Wright et al. 2015; Yazdani et al.
2011). In the context of water distribution networks (WDNSs), resilience relates to the ability
to avoid service interruptions and the extent to which reasonably acceptable levels of service
can be expected under both normal and unexpected operating conditions. Resilience is
characterised by redundancy, failure tolerance and reliability. It is strongly related to
components failure tolerance that, in turn, depends on the system’s redundancy in the form of
spare flow capacity in the individual components and multiple independent supply paths from
the sources to the demand nodes. Therefore, it stems from the topology of the network, pipe
diameters, reliability and availability of individual links and ultimately the network’s flow re-
routing properties (Gheisi and Naser 2015; Saleh and Tanyimboh 2016; Tanyimboh and
Templeman 1994, 2000; Tanyimboh 2017).

However, it is computationally challenging to evaluate the reliability of water
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distribution networks, as it requires the simulation of such stochastic events as random pipe
failures and demand fluctuations (Wagner et al. 1988; Xu and Goulter 1998). It is even more
challenging to incorporate accurate measures of reliability in design optimization processes
for water distribution networks, as the computational requirements are prohibitive (Eiger et
al. 1994; Xu and Goulter 1999; Yates et al. 1984). For example, Marchi et al. (2014)
explained the difficulties that arise from high dimensionality and computational complexity.
They observed that the difficulties were addressed variously through engineering experience;
parallel computing; reducing the number of decision variables; reducing the range of possible
values for each decision variable; skeletonizing the network; sequential optimization; zone-
by-zone design; and stage-wise optimization. High performance computing has been
deployed also (Barlow and Tanyimboh 2014; Tanyimboh and Seyoum 2016).

Reliability-based design optimization of water distribution networks is particularly
challenging because it addresses a complex, highly constrained, nonconvex, nonlinear,
computationally intensive optimization problem with numerous decision variables, multiple
conflicting objectives and probabilistic constraints. Evolutionary optimization algorithms are
frequently used as a result, as they deploy populations of candidate solutions in the search for
the globally optimal solutions. Consequently, the computational complexity increases
enormously due to the need to evaluate each candidate solution accurately.

This is the reason that surrogate performance indicators (Forrester et al. 2008) such as
flow entropy and resilience indices have been used widely (Atkinson et al. 2014; Gheisi and
Naser 2015; Greco et al. 2012; Saleh and Tanyimboh 2014, 2016; Prasad and Park 2004;
Bafios et al. 2011; Jayaram and Srinivasan 2008; Liu et al. 2014, 2016; Recca et al. 2008;
Singh and Oh 2015; Todini 2000; Lehky et al. 2017), wherein the system response that
requires complex simulations is replaced by an approximation that is much faster to evaluate

(Diaz et al. 2016).
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Results in the literature show that flow entropy is suitable for consideration as a
surrogate measure of resilience in water distribution networks (Awumah et al. 1990, 1991;
Awumah and Goulter 1992; Tanyimboh Templeman 1993a). Flow entropy stems from
informational entropy (Shannon 1948), a measure of the amount of uncertainty that a
probability distribution represents (Zhao and Zhang 2011). It reflects the respective flow
capacities and number of alternative supply paths between the source nodes and demand
nodes (Awumah et al. 1990, 1991; Awumah and Goulter 1992; Ang and Jowitt 2005a, b;
Tanyimboh and Templeman 1993b; Yassin-Kassab et al. 1999). Consequently, the flow
entropy value increases if there are more supply paths and/or the uniformity of the flow
capacities of the supply paths increases (Saleh and Tanyimboh 2014, 2016; Tanyimboh and
Sheahan 2002).

Thus, flow entropy has been tested on different water distribution networks for over
three decades (Atkinson et al. 2014; Gheisi and Naser 2015; Greco et al. 2012; Raad et al.
2010; Saleh and Tanyimboh 2014, 2016). Furthermore, recent studies have shown that flow
entropy yields the most consistent results among all the surrogate performance measures for
water distribution networks (Gheisi and Naser 2015; Saleh and Tanyimboh 2016; Liu et al.
2016; Tanyimboh et al. 2011, 2016).

However, previous research on flow entropy has focussed on networks with a single
operating condition (SOC), essentially a steady-state condition in which it is assumed that
the nodal demands are constant. While it is common in the literature to design water
distribution networks considering the peak demands only (Kadu et al. 2008; Prasad and Park
2004), the demands generally follow a diurnal pattern and multiple loading conditions must
be satisfied equally (Alperovits and Shamir 1977).

A novel entropy maximizing approach to the design optimization of water distribution

networks (WDNs) is proposed here. Maximum entropy designs of WDNs counter
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uncertainty and improve resilience as they transcend the design constraints by being
maximally non-committal to the totality of the feasible operating conditions (Tanyimboh and
Templeman 1993a, 2000; Zhao and Zhang 2011). The methodology is broadly comparable to
the applications of the maximum entropy formalism in environmental management and
decision making under conditions of uncertainty or incomplete information (Zhao and Zhang
2011; Ainslie et al. 2009; Gurupur et al. 2014; Hao et al. 2010; Kaplan et al. 2003; Lind
1997). Specifically, this article describes the development and assessment of a novel multi-
objective evolutionary design optimization model for water distribution networks that
maximizes the flow entropy under multiple discrete operating conditions. The algorithm

developed was applied to networks in the literature and its effectiveness demonstrated.

2. FLOW ENTROPY FUNCTION FOR SINGLE OPERATING CONDITION

The flow entropy function (Tanyimboh 1993; Tanyimboh and Templeman 1993a-d) has been
investigated extensively in the literature (Atkinson et al. 2014; Gheisi and Naser 2015; Saleh
and Tanyimboh 2016; Liu et al. 2014; Tanyimboh et al. 2016). For the kth discrete operating

condition, the flow entropy function may be expressed as in Egs. 1 to 3.

S, = SO,k +an,kSn,k ; Vk (1)

n=1
For the kth operating condition, Sk is the entropy; Sox is the entropy due to the relative flow
contributions from the supply nodes; S, «1is the entropy at node n; pn,« = T #/T} is the fraction
of the total flow through the network that reaches node n; T, is the total flow that reaches
node n; T is the sum of the nodal demands; and »n#n is the number of nodes in the network.
Eq. 1 is predicated on flow continuity at the demand nodes and pipe junctions. Consequently,
the total flow through the network, T}, is also equal to the total flow from the supply nodes.
The entropy due to the flows from the supply nodes, i.e. their relative contributions, for

the kth operating condition is
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SO,k _ _Z QnOn,k ln(Q’;)n,k } Yk )

nely Yvk k
where Onon i 1s the flow from supply node n; and /i represents the set of supply nodes.

Similarly, the entropy at demand node # for the kth operating condition is

S, =- On, In On,o 3 Z Op; i In Op; i Cn=l,. Vi 3)
Tn,k Tn,k ijeND, Zv,k Tn,k

Onuo 1s the demand at node n and Op;;x the volume flow rate in pipe ij with nodes i and j as
the upstream and downstream nodes, respectively. Set ND,  represents the pipe flows from
node n. T, is the total flow that reaches node n. It is also equal to the sum of the outflows
from node n including any nodal demand, due to the continuity of the flows at the pipe
junctions and demand nodes. Eqgs. 1 to 3 describe a multi-probability space model the details

of which are available in Tanyimboh (1993) and Tanyimboh and Templeman (1993a-d).

3. FORMULATION OF THE EVOLUTIONARY DESIGN OPTIMIZATION MODEL
A challenge that is associated with evolutionary algorithms in general is their poor ability to
handle constraints directly. Most practical problems generally involve constraints that are
usually addressed by introducing penalties that degrade infeasible solutions (Phan et al.
2013). There is a risk, however, that if poorly defined the penalties could hinder the search
capabilities and so lead to suboptimal solutions (Woldesenbet et al. 2009). More
fundamentally, the formulation of constraint violation penalty functions is extremely
challenging (Coello Coello 2002; Saleh and Tanyimboh 2014; Siew et al. 2014). According
to Siew et al. (2014), “Dridi et al. (2008) observed that the results obtained are highly
dependent on the penalty coefficients used, and user-specified constraint-violation penalties
are not practical enough.” Also, constraint dominance tournaments (Deb et al. 2002) are
used frequently as an alternative to penalty functions. They are relatively easy to apply but

typically they favour the feasible solutions at the expense of infeasible solutions, which
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constitutes a weakness (Siew et al. 2014, Sheikholeslami and Talatahari 2016).

Furthermore, it has been established that evolutionary algorithms that exploit the
information content of the infeasible solutions generated during the search generally
outperform those that do not (Eskandar et al. 2012; Siew et al. 2014, 2016; Saleh and
Tanyimboh 2013, 2014; Woldesenbet et al. 2009; Yang and Soh 1997). Tanyimboh and
Seyoum (2016) observed that a constraint handling approach that promotes the development
and crossbreeding of subpopulations of nondominated feasible and infeasible solutions
provides a practical, seamless and effective boundary search mechanism. This is a crucial
property whose significance is that the optimal solutions are generally located near the active
feasibility constraint boundaries (Wu and Walski 2005). Also, the approach promotes
diversity in the gene pool (Sheikholeslami and Talatahari 2016) by maintaining and
exploiting the full spectrum of non-dominated infeasible solutions in every generation, a
feature that helps to avoid premature convergence.

Therefore, to improve the computational efficiency and accuracy of the optimization
results achieved, constraint violation penalties or constraint dominance tournaments were not
used herein. The approach adopted is practical and has the added advantage that, besides the
underlying GA parameters (e.g. mutation rate, crossover probability, etc.), additional
parameters that require case-by-case calibration and time consuming trial runs are not
introduced (Tanyimboh and Seyoum 2016; Moosavian and Lence 2017).

The objectives considered in the design optimization model developed were: (a)
minimization of the initial construction cost; (b) maximization of flow entropy; and (c)
minimization of any deficits in the residual pressures at the critical demand nodes. The
critical demand node is the demand node with the largest shortfall in pressure. As the nodal
demands vary spatially and temporally, the location of the critical demand node is dynamic.

In other words, its location may vary from one hour to the next and from one design to the
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next, depending on the respective diurnal demand patterns of the nodes and the
configurations of the various network components. Consequently, in general, it cannot be
predicted accurately before completing the design, followed by detailed and extensive
simulations.

The design constraints were the minimum residual pressure constraints at the demand
nodes in addition to the conservation of mass and energy. The minimum nodal residual
pressure constraints were incorporated as a single objective function and satisfied by
reducing the residual node pressure deficits to zero (Eq. 5). In this way the minimum nodal
residual pressure constraints were addressed seamlessly and efficiently. Siew and Tanyimboh
(2012) similarly addressed the minimum node pressure constraints by maximizing the
demand satisfaction ratio (DSR) as a single objective function, using pressure-driven analysis
(He et al. 2016). The DSR takes values between zero and unity and is the fraction of the
demand that is satisfied at adequate pressure (Tanyimboh et al. 2003). Barlow and
Tanyimboh (2014) minimized the sum of the node pressure deficits, this being a single
objective function.

Saleh and Tanyimboh (2013) included additional topological constraints that defined
the reachability and redundancy of the demand nodes. The reachability constraint, in the
topological optimization problem, was to avoid and account for possible node isolation. The
redundancy constraint was to avoid and account for the absence of loops. The topological and
minimum node pressure constraints were formulated as a single combined deficit objective
function that was minimized. By contrast, Khu and Keedwell (2005) represented the
minimum pressure constraint of each demand node as a separate objective function that
minimized the nodal pressure deficit. This is not practical given the generally large number of
demand nodes.

Siew and Tanyimboh (2012) demonstrated that faster convergence was achieved by
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minimizing the shortfall in flow and pressure or DSR at the critical node as opposed to the
entire network, which is equivalent to the sum or average of the node pressure deficits. Eq.
(5) minimizes the largest nodal head deficit accordingly.

The nodal mass balance and energy conservation equations were satisfied herein in the
hydraulic simulation model, this being the EPANET 2 hydraulic solver (Rossman 2000). The
decision variables of the optimization problem were the discrete pipe diameters, which were
selected from a set of commercially available pipe diameters. Accordingly, the optimization

problem may be summarized as follows:

np

Minimize the initial construction cost f;, = Z c.d.,L) 4)
Minimize the largest nodal head deficit £, = Max <max [O, (H - Hn)]; Vn> (5)
Maximize the flow entropy f; = S(k; Vk) (6)
Subject to: d; € D, Vi; and g(Qp, H) =0 (7)

Ci(d;, L;) is the cost of pipe i with diameter d; and length L; while np is the number of pipes in
the network. The set D comprises the available discrete pipe diameter options. S(k; Vk)is the
flow entropy considering the various operating conditions k. The entropy is essentially a
function of the pipe flow rates, which were obtained from the hydraulic simulation model

used, EPANET 2, which ensured energy and flow conservation, and provided the nodal head

values. F1, and H are the available and minimum required heads, respectively, at node n.

The minimum required head corresponds to the residual pressure above which the demand is
satisfied in full. g(Qp, H) = 0 represents the conservation of mass and energy system of
equations, where Qp and H are the vectors of the pipe flow rates and nodal heads,

respectively.
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3.1 Flow Entropy under Multiple Operating Conditions

The fundamental issue addressed in the present investigation is that the flow entropy function
in the literature was formulated considering only one operating condition, i.e. the maximum
daily demands typically. Flow entropy was, thus, undefined for water distribution networks
under multiple operating conditions. However, Alperovits and Shamir (1977) stated that
when designing a water distribution network, the minimum and maximum daily demands and
fire-fighting flows should be considered. Indeed, Prasad (2010) demonstrated that even if a
network satisfies the maximum daily demands, it does not follow that other operating
conditions will be feasible. Prasad (2010) also demonstrated that designs obtained using
multiple operating conditions (MOCs) (Morgan and Goulter 1985; Walski et al. 1987) are
more resilient than those based on a single operating condition.

Accordingly, the most appropriate formulation of the flow entropy function under
multiple operating conditions was investigated experimentally herein. The three competing
hypotheses with different interpretations of the maximum entropy formalism (Jaynes 1957)
as characterised below were tested, viz:

(a) Maximize the maximum entropy value from all the operating conditions.

(b) Maximize the minimum entropy value from all the operating conditions.

(c) Maximize the total entropy value from all the operating conditions.

3.1.1 Maximizing the Maximum Entropy

The criterion used for maximizing the maximum entropy is the highest entropy value among
all the entropy values achieved by a single candidate solution, considering all the operating
conditions. Accordingly, the genetic algorithm seeks the highest entropy value possible,
irrespective of the entropy values of the other operating conditions. In other words, the
algorithm tries to find solutions that are very good, based on the entropy measure, for at least

one operating condition. A solution with a very high entropy value for one operating
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condition and poor values for other operating conditions would be deemed superior to
another solution with a slightly lower maximum entropy value, even if the entropy values are
quite high for all the operating conditions. This criterion has the potential to overestimate the
overall performance of a solution and, consequently, yield suboptimal results. The approach

may be represented as follows.
Maximize f = Max(S,, Vk) (8)

where Sk is the entropy of the Ath operating condition (Eq. 1).

3.1.2 Maximizing the Minimum Entropy

Maximizing the minimum entropy, on the other hand, ensures that the entropy value for any
operating condition would not be excessively low, by alleviating the worst case. However, it
has the disadvantage that it ignores the operating conditions with higher entropy values than
the worst case. Therefore, it would likely underestimate the overall performance of a solution
and, consequently, yield suboptimal and/or inconsistent results. The approach may be

summarized as follows.
Maximize f = Min(S,, Vk) 9)

where S; is the entropy of the kth operating condition.

3.1.3 Maximizing the Total Entropy

Maximizing the total entropy considers all the operating conditions simultaneously. Hence
the resulting solutions can be expected to perform reasonably well in all the operating
conditions. The total entropy value is obtained by adding together the entropy values of all

the operating conditions considered and is maximized as follows.

Maximize /= Y_5, (10)
k

where S; is the entropy of the kth operating condition.
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4. COMPUTATIONAL SOLUTION METHODOLOGY

4.1 Penalty-free Multi-objective Genetic Algorithm

The genetic algorithm developed is a modified version of the elitist non-dominated sorting
genetic algorithm (NSGA) II (Deb et al. (2002). NSGA 1I is efficient and used widely by
many researchers in various disciplines (Alirezaei et al. 2019; Avci and Selim 2017,
Lahsasna and Seng 2017; Sanodiya et al. 2019; Soui et al. 2019; Wang et al. 2018). It
maintains diversity by seeking an even distribution of the non-dominated solutions in the
objective space using the crowding distance (Deb et al. 2002), a measure of the spatial
density of the solutions in the objective space, based on the average distance between a
solution and its nearest neighbours.

The methodology developed herein is generic and can handle any number of discrete
operating conditions for any network configuration. It uses Pareto-dominance sorting (Deb
et al. 2002) but unlike NSGA II, the constraint dominance concept is not invoked. Instead,
Pareto-dominance is applied strictly with respect to the objective functions (71, >, f3)' only.
The genetic algorithm is thus characterised as penalty free, which means the propagation of
infeasible solutions is not impeded by any additional constraint-based penalties or criteria
(Siew and Tanyimboh 2012; Saleh and Tanyimboh 2014; Tanyimboh and Seyoum 2016).

The evidence in the literature shows that algorithms that exploit the information content
of any infeasible solutions generated generally outperform those that do not (Eskandar et al.
2012; Woldesenbet et al. 2009; Yang and Soh 1997). For example, Tanyimboh and
colleagues (Siew et al. 2014, 2016; Saleh and Tanyimboh 2013, 2014; Barlow and
Tanyimboh 2014) achieved numerous new best-known solutions for nine different
benchmark optimization problems in the literature. Some of the optimization problems are as
follows. The Balerma network (Reca and Matinez 2006) has 443 demand nodes, four supply

nodes and 454 pipes. The Anytown network (Walski et al. 1987) involves capacity
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expansion, rehabilitation, upgrading, tanks siting and design, pumps design and scheduling,
five operating conditions and extended period simulation. Also, new best solutions were
achieved for the Kadu et al. (2008) network, and the least cost was improved by 4.72%.

Network design problems that optimize both the topology and components are
extremely complex due to extra layers of difficulty. Saleh and Tanyimboh (2013) achieved
two new best fopologies and six new best designs in total, for three benchmark problems.
Moreover, the novel penalty-free approach in Saleh and Tanyimboh (2014) yielded a
complete spectrum of optimal and near-optimal designs and topologies for each benchmark
problem considered, an unprecedented achievement. All the new best solutions achieved
were feasible.

Thus, the source code of NSGA II in C++ was modified and used with the hydraulic
simulation software for water distribution systems EPANET 2. A procedure that calculates
the flow entropy for any given network topology was developed, tested and incorporated in
the optimization algorithm. The penalty-free multi-objective genetic algorithm thus
developed is shown diagrammatically in Figure 1.

It was observed that the number of infeasible solutions exceeded the feasible solutions
in the Pareto-optimal sets achieved. The nodal pressure deficit function f> in Eq. 5 does not
distinguish between solutions with different levels of surplus pressure, as all feasible
solutions have a pressure deficit of zero. Hence, for feasible solutions, the Pareto-dominance
is based on the initial construction cost and flow entropy only (f; and f3). By contrast, for
infeasible solutions, the Pareto-dominance is based on all three objectives (fi, f> and f3). In
general, more solutions become non-dominated as the number of objectives increases
(Ishibuchi et al. 2015). This is likely the reason for the greater number of infeasible solutions
in the Pareto-optimal sets achieved. On discarding the non-dominated infeasible solutions at

the end of the optimization, all the non-dominated feasible solutions achieved from the start
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to the end of the optimization were selected, based on Pareto dominance, using software
developed herein for this purpose in the Perl language (Figure 2). All the solutions presented
herein were derived in this way.

Furthermore, for each instance of the various design optimization problems considered,
the non-dominated solutions from all the optimization runs were combined and sorted, based
on Pareto dominance, to obtain the final cost vs. entropy non-dominated set of solutions.

Also, following the optimization, the final non-dominated solutions obtained from the
above-mentioned union of the non-dominated sets were analysed further to determine their
reliability and failure tolerance values as described in the next subsection. An outline of the

overall procedure for the optimization and performance assessment is provided in Figure 2.

Initial random population of size N

\

(a) Simulate the performance of all the solutions, for all the operating conditions
(EPANET 2)

(b) Evaluate the objective functions (cost; entropy; nodal head deficit)

v

Create an offspring population of (a) Simulate the performance of each

size N by applying: offspring, for all the operating
conditions (EPANET 2)

o Selection (binary tournament) $

e Crossover (single point) (b) Evaluate the objective functions

« Mutation (single bit) (cost; entropy; nodal head deficit)

\Z

(a) Combine the parent and offspring
populations

Are the termination
criteria satisfied? (b) Sort the solutions according to
their respective non-domination

levels

(c) Based on the non-domination
levels (and crowding distance

whenever necessary) select the
best N solutions

Fig. 1 Penalty-free multi-objective genetic algorithm procedure
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Perform an optimization run by executing

the genetic algorithm (GA) (Figure 1)

(a) Select the hydraulically feasible
solutions from all the generations

(b) Reject the infeasible solutions

(c) Remove any duplicate solutions

i

Determine the cost vs. entropy non-
dominated solutions based on Pareto
dominance

Have GA runs
reached the
total number

allowed?

(a) Merge the cost vs. entropy non-
dominated solutions from all the
optimization runs

(b) Sort the merged solutions to determine
the final set of cost vs. entropy non-
dominated solutions based on Pareto
dominance

For each solution in the final cost vs.
entropy non-dominated set perform pipe
failure simulations using head-driven
analysis to evaluate the hydraulic reliability
and pipe failure tolerance (Subsection 4.2)

Fig. 2 Optimization and performance evaluation procedure

Penalty-free evolutionary
optimization

Cost vs. entropy non-
domination sorting
methodology based on
Pareto dominance

A

Reliability-based
performance and failure
tolerance assessment
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4.2 Post-Optimization Performance Evaluation

The solutions in the final cost vs. entropy non-dominated sets achieved were analysed to
determine their reliability and failure tolerance values (Figure 2). Pressure-driven analysis
(He et al. 2016; Rasekh and Brumbelow 2014) was carried out to simulate the effects of pipe
failures or closures using PRAAWDS (program for the realistic analysis of the availability of
water in distribution systems) (Tanyimboh et al. 2003; Tanyimboh and Templeman 2010).
The program has been tested and used extensively over many years (e.g. Saleh and
Tanyimboh 2016; Tanyimboh et al. 2016). It has the four pressure-dependent nodal discharge
functions proposed by (a) Wagner et al. 1988; (b) Germanopoulos (1985) as amended by
Gupta and Bhave (1996); (c¢) Fujiwara and Ganesharajah (1993); and (d) Tanyimboh and
Templeman (2010). The logistic pressure dependent nodal discharge function in Tanyimboh
and Templeman (2010) was adopted herein. In addition to its superior computational
properties (Kovalenko et al. 2014), Vairagrade et al. (2015) and Ciaponi et al. (2015) have
demonstrated that it is the most accurate approximation of the nodal pressure-discharge
relationship.

The reliability was calculated as in Tanyimboh and Templeman (2000) and Tanyimboh
and Sheahan (2002). The probabilistic pipe failure model in Cullinane et al. (1992) was used
to estimate the pipe failure rates. It was recommended in Tanyimboh et al. (2011) following
an appraisal of the available alternatives in the literature, where it was also observed that the
model in Khomsi et al. (1996) gave similar results. It may be noted, for example, that the pipe
failure model put forward in Xu et al. (2018) is not valid for pipe diameters that are greater
than 300 mm.

The reliability of WDNs is frequently defined as the mean value of the fraction of the
required flow that is satisfied at adequate pressure, considering both normal and abnormal

operating conditions (Tanyimboh and Templeman 2000). Failure tolerance is a
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complementary property that provides an estimate of the fraction of the total demand that the
network can satisfy on average, with one or more components out of service (Tanyimboh and
Templeman 2000). To calculate the reliability, the minimum number of pressure-driven
analysis simulations required for each candidate solution (or network) under consideration is

np +1, where np is the number of pipes (Tanyimboh and Templeman 2000). Generally, the

procedure is highly computationally expensive, especially when dealing with many Pareto

sets, where each set may have hundreds of solutions or more, as in the present investigation.

5. RESULTS

The methodology developed was assessed using several networks in the literature (Figure 3).
Experiments were performed to determine suitable values for the genetic algorithm (GA)
parameters including the population size, mutation rate and crossover probability. In addition,
solutions based on (a) the peak demands only and (b) the peak demands plus additional
operating conditions were compared.

In the examples that follow, unless otherwise stated, the values of the parameters of the
genetic algorithm were as follows. Ng = 30; Ng = 200,000; N = 1,000; Ns = 200; pm = 1/ng,
and p. = 1.0. The symbols represent the number of executions of the optimization algorithm
(Ngr); number of function evaluation allowed (Ng); number of generations (Ng); population
size (Ns); mutation (p»,) and crossover (p.) probabilities; and chromosome length (ng). The
results achieved suggest the values chosen were satisfactory with respect to the quality and
consistency of the solutions. Any redundant binary codes (Saleh and Tanyimboh 2014) were
allocated evenly (Czajkowska 2016) among the candidate pipe diameters to minimize the
representational bias. A single-point crossover was used to produce two offspring from two

parents.
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A PC (personal computer) (Intel Core i3, 2.4 GHz, 3.0 GB RAM and Windows XP
operating system) was used. Demand-driven simulation (EPANET 2) was used in the

optimization. The performance assessment of the solutions in the final Pareto-optimal sets
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achieved employed pressure-driven simulation (PRAAWDS) (Tanyimboh and Templeman
2010). In total, 453 evaluations of reliability plus failure tolerance were performed for the
networks in Figure 3. The total number of pressure-driven simulations was 6,690; i.e. 954,

3,186 and 2,550 for Network 1, 2 and 3, respectively.

5.1 Resilience Improvement due to Multiple Loading Conditions

This example is based on Network 1 in Figure 3a and Table 1. The available data in the
literature had only one loading condition, and so two additional loading conditions were
generated using demand multipliers from the literature (Walski et al. 1987; Surendran et al.
2005). Thus, the nodal demands in the literature were taken as the peak demands. The
demand multiplier for the average demand was taken as 0.8. The average demand was then
multiplied by 0.6 to obtain the minimum demand. The demand multipliers were applied
uniformly to the demand nodes. The GA parameters were as follows: Ng = 200,000; Ns =
200; p. = 1.0; and p,, = 0.03125. Four instances of the design optimization problem were
considered, with Nz = 10, i.e. 40 GA runs in total, or 8 million function evaluations.

The entropy values for the total entropy maximization model were approximately three
times the values of the other three cases, because they were the sums of the entropy values for
three operating conditions. Thus, to facilitate the comparisons, and without loss of generality
(Shannon 1948; Tanyimboh and Templeman 1993a-d), the total entropy values were divided
by 3 before any subsequent analyses. The average CPU (central processing unit) time for one
optimization run was approximately 11 minutes for a design with one operating condition and
approximately 23 minutes for a design with three operating conditions.

Figure 4a illustrates the Pareto-optimal fronts of cost versus entropy for the single
operating condition (SOC) and three different maximum entropy models for multiple
operating conditions (MOCs). Figure 4b presents the same results, but only up to the point

beyond which the entropy improvements are insignificant. There are many solutions with
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negligible increases in entropy and high increases in cost. For this network, the point at which
the improvements in entropy become insignificant is, approximately, around 99% of the

maximum entropy value achieved.

Table 1 Node data and pipe diameter options for Network 1

Elevations Demands Required Diameters Unit costs Diameters Unit costs

Nodes (m) (I/s)  heads (m) (mm) ($/m) (mm) ($/m)
1 210 - - 25.4 2 304.8 50
2 150 27.78 30 50.8 5 355.6 60
3 160 27.78 30 76.2 8 406.4 90
4 155 33.33 30 101.6 11 457.2 130
5 150 75.00 30 152.4 16 508.0 170
6 165 91.66 30 203.2 23 558.8 300
7 160 55.56 30 254.0 32 609.6 350

8210 m is the total head at the supply node (reservoir).

Figure 4a shows clearly that the top 1% of the entropy values achieved account for
more than 60% of the total increase in cost relative to the least expensive feasible solution.
Furthermore, the evidence in the literature shows that optimized solutions with similar
maximum entropy values have similar hydraulic and pipe failure properties (Tanyimboh and
Sheahan 2002; Tanyimboh and Setiadi 2008; Tanyimboh et al. 2011, 2016). In other words, it
is reasonable to assume that the top 1% of the solutions achieved are virtually functionally
the same, except for the differences in cost due to the larger pipe diameters that are not
accompanied by any fundamental improvement in the flow distribution. Thus, the excessive
increases in cost are not accompanied by any substantial performance improvements.

It can be observed also that the MOC and SOC solutions have comparable entropy
values. Only five solutions in total (i.e. less than 5% approximately) (from the minimum and
total entropy maximization approaches) are dominated by being located slightly below the

common Pareto front.
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Table 2 shows the strengths of the relationships between entropy, the distribution of the
pipe diameters and reliability. The correlation coefficients are higher for the solutions up to
99% of the maximum entropy values achieved, except for the mean diameter in the case of
the minimum entropy maximization model. The solutions with entropy values above 99% of
the maximum entropy values achieved are essentially superfluous for practical purposes.
Therefore, hereafter the presentation focuses on the solutions up to the assumed entropy cut-

off point of 99%.
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Table 2 Correlation coefficients for selected performance indicators for Network 1

Correlation Coefficients (R°)

Total Maximum Minimum

Relationships Entropy range SOC entropy entropy entropy
Mean diameter vs. entropy 0-100% 0.842 0.794 0.835 0.966

0-99% 0.893 0.899 0.904 0.918
Pipe size distribution vs. entropy  0-100% 0.663 0.714 0.674 0.773

0-99% 0.874 0.892 0.875 0.922
Hydraulic reliability vs. entropy  0-100% 0.813 0.821 0.819 0.826

0-99% 0.885 0.890 0.892 0.870

The range from 0 to 99% includes solutions up to 99% of the maximum entropy value achieved. The
pipe size distribution parameter used was the coefficient of variation. The shading and boxes highlight
the largest and smallest value in each row, respectively.

The methodology developed also solves the SOC design optimization problems as this
example shows. As the pipe lengths are equal, the mean and coefficient of variation of the
diameters are useful indicators. They show that, on average, the diameters become more
uniform and larger as the flow entropy increases. Therefore, the correlation between flow
entropy and resilience is expected to be positive. Strong positive correlation between entropy
and reliability was observed for the four maximum entropy design approaches. The results
demonstrate that the MOC solutions outperform the SOC solutions. Moreover, in general the
SOC solutions achieved may be infeasible if additional loading conditions besides the peak
demands are not included in the design specifications. Thus, SOC solutions are not
considered hereafter.

The network considered in this example is peculiar in the sense that it is severely
limited in terms of redundancy from the perspective of alternative flow paths. Therefore, as
this network has very few alternative flow paths and very limited capacity for flow re-

routing, the option of maximizing the minimum entropy seems to provide the best results.
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5.2 Loading Conditions with Uniform Demand Multipliers

While Network 2 (Figure 3b) (Czajkowska and Tanyimboh 2013) does not reflect the scale
and complexity of water distribution networks in general, it has been used extensively in
previous flow entropy studies including Awumah et al. (1990, 1991) and has a considerable
number of loops that offer many possibilities for alternative flow paths.

It has a single supply node with a head of 100 m. The elevation and minimum residual
pressure required at the demand nodes are 0 m and 30 m, respectively. The pipes are 1000 m
long with a Hazen-Williams roughness coefficient of 130. The pipe diameter options in mm
are 100, 125, 150, 200, 250, 300, 350, 400, 450, 500, 550 and 600. The pipe cost per metre is
f{d) = yd'>, where d is the diameter in metres and y = £800. The peak demands are as follows
(node number and demand in litres/s): {(2, 27.8), (3, 41.7), (4, 41.7), (5, 41.7), (6, 27.8), (7,
55.5), (8, 55.5), (9, 55.5), (10, 27.8), (11, 41.7), (12, 27.8)}.

With 17 pipes and 12 pipe diameter options, the solution space has 12!7 or 2.218x10'®
feasible and infeasible solutions. A 4-bit binary substring was used. With 2* = 16 substrings,
four substrings were redundant. The four redundant substrings were allocated evenly to
minimize the representational bias by doubling the 125, 250, 400 and 550 mm diameters
(Czajkowska 2016). The GA parameters were p, = 1/ng = 1/68 = 0.0147; p. = 1.0; Ns = 200;
Ne =200,000; Ng = 1,000; and Nz = 30, in each instance of the design optimization problem.
There were thus 90 GA runs in total for the three alternative flow entropy maximization
approaches with 18 million function evaluations or hydraulic simulations. The mean CPU
time for a single optimization run was approximately 28 minutes.

The original nodal demands in the literature were taken as the peak demands and used
to calculate the average and minimum demands. Due to the relatively small size of the
network, identical demand multipliers were used for all the nodes. The entropy values

achieved by adding together the entropy values of the minimum, average and peak loading
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conditions were divided by 3, as explained previously in Subsection 5.1.

Figure 5 shows the non-dominated solutions and relationship between entropy and
mean pipe diameter. Notice the improvements in the entropy become negligible around a cost
of £1.78x10° approximately. This point corresponds to 99% of the maximum entropy value
achieved. Solutions up to 99% of the maximum entropy value are presented in Figure Sb.
Compared to Czajkowska and Tanyimboh (2013) the present maximum entropy value is
higher, and numerous new solutions have been added at the upper end of the Pareto front
close to the maximum entropy value. Thus, the results herein are superior.

A few solutions based on maximizing the maximum entropy have higher entropy
values for the same cost than maximizing the minimum or total entropy. However, there is a
gap with no solutions between costs of £1.4x10° and £1.5x10° in the Pareto front for
maximizing the maximum entropy. Moreover, above a cost of £1.5x10%, a few solutions
based on maximizing the maximum entropy have lower entropy values for the same cost than
the other two Pareto fronts. Thus, the Pareto front achieved by maximizing the maximum
entropy is the least consistent.

Figure 5c shows the relationship between the average pipe diameter and entropy, and
Table 3 shows that the correlation coefficients are very similar. However, the total entropy
maximization model achieved a slightly higher value than the other two. Previously, the
importance of failure tolerance as a resilience indicator has been demonstrated very clearly in
the literature (Gheisi and Naser 2015; Kalungi and Tanyimboh 2003). The peak demands
were used in the pipe failure simulations as explained previously (Subsection 5.1). Although
the correlation coefficients are generally comparable, maximizing the total entropy achieved
the best result for each of the measures shown in Table 2. Conversely, maximizing the
minimum entropy had the worst performance for each of the measures, which suggests that it

may be suboptimal to attach undue importance to the worst-case scenario.
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Table 3 Correlation coefficients for selected performance indicators for Network 2

Correlation Coefficients (R?)

Relationships Total entropy Maximum entropy Minimum entropy
Mean diameter vs. entropy 0.957 0.949 0.942
Hydraulic reliability vs. entropy 0.605 0.601 0.554
Pipe failure tolerance vs. reliability 0.699 0.672 0.622

The shading highlights the largest value in each row.

Table 4 Nodal elevations and loading conditions for Network 3

Demand Pattern 1 Demand Pattern 2 Demand Pattern 3
Nodes Elevations (m) Demands Heads Demands Heads Demands Heads
Us) (m) (I/s) (m) (Is) (m)
2 320.04 12.62 28.18 12.62 14.09 12.62 14.09
3 326.14 12.62 17.61 12.62 14.09 12.62 14.09
4 332.23 0.00 17.61 0.00 14.09 0.00 14.09
6 298.70 18.93 35.22 18.93 14.09 18.93 14.09
7 295.66 18.93 35.22 82.03 10.57 18.93 14.09
8 292.61 18.93 35.22 18.93 14.09 18.93 14.09
9 289.56 12.62 35.22 12.62 14.09 12.62 14.09
10 289.56 18.93 35.22 18.93 14.09 18.93 14.09
11 292.61 18.93 35.22 18.93 14.09 18.93 14.09
12 289.56 12.62 35.22 12.62 14.09 50.48 10.57

5.3 Loading Conditions with Fire-Fighting Flows

This example is based on Network 3 (Figure 3c¢) (Simpson et al. 1994). It has the peak

demands and two fire-fighting flows. Each fire-flow condition has a fire flow added at one

specified node, while the demands at the other nodes are the same as the peak demands.

Moreover, the required residual pressures depend on the operating condition for the network

as a whole and the location of the fire flow (Table 4). The residual pressure required is lower

for the fire flow conditions, which is consistent with fire flow requirements in practice.
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To avoid unnecessary complexity in the interpretation of the results, the design
optimization problem was approached herein as a new network design problem with all pipes
to be sized, as distinct from a rehabilitation and/or upgrading problem. The network consists
of 10 demand nodes, 14 pipes and two supply nodes (reservoirs). The assumed Hazen-
Williams roughness coefficient of all pipes was 120. All the pipes are 1,609 m long, except
for pipe 1-2 (4,828 m) and 4-5 (6,437 m). The constant heads at the supply nodes (reservoirs)
1 and 5 were 365.76 m and 371.86 m, respectively.

There are eight candidate pipe diameters and 14 pipes, hence 8'* or 4.398x10'? feasible
and infeasible solutions. A 3-bit binary code was used. There were no redundant codes as the
number of substrings (2* = 8) matched the eight pipe diameter options. The values of the GA
parameters were Ng = 200,000, Ng = 1,000, Ns = 200, Ng = 30, p. = 1.0 and pn = 1/ng = 1/42
= 0.0238. With Nr = 30 for each of the three maximum entropy approaches, there were 90
optimization runs in total that comprised 18 million hydraulic simulations. The average CPU
time for a single optimization run was approximately 17 minutes.

Differences between the Pareto fronts in Figure 6 can be seen in the ranges and shapes
of the fronts, due to the deep differences between the loading conditions. With three loading
conditions, the entropy values achieved by maximizing the total entropy were divided by 3. It
is interesting that the resulting Pareto front for the total entropy is located between the other
two fronts, thus reinforcing the notion that it represents a bias-free compromise.

It is easy to deduce that there is no need to analyse all the solutions, as numerous
solutions have excessive cost with insignificant improvements in entropy. Hence, the entropy
cut-off points were taken as 99% of the respective maximum entropy values achieved. The
correlation coefficients for the average pipe diameter and its relationship to entropy were
high, and the total entropy approach provided the highest value (Table 5).

Figure 7 shows the plot of the hydraulic capacity reliability against entropy for the
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solutions that are non-dominated based on cost and entropy (CEND) up to 99% of the
maximum entropy value achieved. Also, the solutions that are non-dominated based on cost
and reliability (CRND) among those that are non-dominated based on cost and entropy are
highlighted. Similarly, the solutions that, additionally, are non-dominated based on cost and
failure tolerance (CFTND) are highlighted. The correlation coefficients are shown in Table 5.
The peak demands were used to evaluate the hydraulic reliability and failure tolerance.
Unlike the fire flows that represent extreme and rare conditions, the peak loading occurs

daily. Moreover, all the feasible solutions achieved satisfy all three operating conditions.
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Fig. 6 Pareto-optimal solutions for Network 3 based on 30 optimization runs
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It is noticeable in Figure 7 that the three alternative maximum entropy approaches have
clusters of solutions located near the highest entropy values. With the solutions above 99% of
the achieved maximum entropy values excluded, at least half of the solutions retained were
close to the highest entropy values (Figure 7). As a result, fewer solutions were non-

dominated based on all the criteria considered (f7, /> and f3).

Table 5 Correlation coefficients for selected performance indicators for Network 3

Correlation Coefficients (R?)

Total Maximum Minimum
Relationships and Pareto Categories entropy entropy entropy
Mean diameter vs. entropy 0.952 0.857 0.872
Hydraulic reliability vs. entropy
Level 1: Cost vs entropy (CEND) 0.651 0.599 0.007
Level 2: Cost vs. hydraulic reliability (CRND) 0.825 0.660 0.832
Level 3: Cost vs. pipe failure tolerance (CFTND) 0.898 0.814 0.832

The shading highlights the largest value in each row.

Furthermore, for the total entropy maximization, the correlation between the reliability
and entropy increases from 0.651 for CEND and 0.825 for CRND to 0.898 for CFTND
(Table 5). These results reinforce the hypothesis that, for cost-effective solutions, there is
strong positive correlation between flow entropy and resilience. For the maximum entropy
maximization, the correlation coefficients increase similarly, but the values are not as high.
For the minimum entropy maximization, the correlation between hydraulic capacity
reliability and entropy is only 0.007 for CEND, i.e. practically no correlation. Between the
entropy values of 2.7 and 3.0, the hydraulic capacity reliability seems to decrease as the
entropy increases. These results could be case specific or anomalous possibly, but 30
optimization runs with independent randomly generated initial populations were performed.
Therefore, it is reasonable to infer that maximizing the minimum entropy value did not yield

the best performing solutions.
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Fig. 7 Relative effectiveness of alternative maximum entropy approaches on Network 3. CEND,
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6. DISCUSSION

Overall, maximizing the total entropy seems the most effective and reliable formulation. This
reinforces the hypothesis that the flow entropy function should include all the operating
conditions and provides evidence that supports the central tenet of the maximum entropy
formalism, i.e. the entropy should be maximized subject to all the available information
(Jaynes 1957). While maximizing the total entropy adheres to this maxim, maximizing only
the maximum or minimum entropy does not, as the maximum and minimum entropy values
represent only the operating conditions from which they are derived.

As the best results were obtained by maximizing the sum of the entropies, it is posited
here that the research has provided hitherto unavailable empirical evidence that the joint
entropy of independent discrete operating conditions in a water distribution network is the
sum of the separate entropies. Moreover, this is consistent with the formal definition of the
joint entropy of two or more independent probabilistic schemes (Shannon 1948; Tanyimboh
1993). Additional research to verify this proposition further is thus required in the future.

The results also showed that, on the average, maximizing the maximum entropy was
generally uncompetitive. This may provide a partial explanation for some of the inconsistent
results that have been reported in Raad et al. (2010) and Atkinson et al. (2014), and relatively
slow convergence properties reported in Liu et al. (2014). The reason is that maximizing the
maximum entropy does not consider all the operating conditions simultaneously when
selecting the entropy value that is used subsequently in the fitness assessment.

Moreover, based on a real-world network in the literature with 75 pipes, 19 loops and
two source nodes (Creaco et al. 2010, 2012), Tanyimboh and Czajkowska (2018)
demonstrated that the operating condition that yielded the maximum entropy value varied
from one solution to the next, depending on the specific configurations of the various

solutions. Consequently, the operating conditions having the maximum entropy values could
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change from one generation to the next during the optimization. More fundamentally perhaps,
the respective critical operating conditions of the Pareto-optimal solutions belonged to all the
operating conditions collectively rather than any single one.

Fundamentally, the critical operating conditions are design specific. Whether the peak,
average or minimum demand, or any other loading condition is the most critical with respect
to the residual pressures or any other design criteria depends on the configuration of the
individual design. This includes, for example, the spatial distributions of the various
components and their capacities, e.g. the pipe diameters and any service reservoirs, etc.
Consequently, the critical operating conditions cannot be determined with certainty
beforehand. Put differently, maximizing the total entropy ensures that all the active
constraints are considered in each generation of the evolutionary optimization procedure.
Thus, convergence towards any local optima would be less likely, as the active constraints at
the forefront would drive the search, based on consistently reliable performance data.
Additionally, slow convergence would be obviated, for the same reason.

The primary aim of the present research was to extend the flow entropy model to
multiple operation conditions and an experimental investigation was carried out using a novel
penalty-free multi-objective GA. The effectiveness of the optimization method can be gauged
further using larger networks from the literature. For the network in Creaco et al. (2010,
2012) with 75 pipes, 19 loops, 2 source nodes, 3 operating conditions, 8 pipe diameter
options and 500,000 function evaluations per optimization run, the average CPU time for the
full optimization run with 500,000 function evaluations was about 90 minutes on a PC (Intel
Core 2 Duo, 3.5 GHz, 3 GB RAM). Convergence was achieved at 200,000 function
evaluations (Czajkowska 2016). For the network in Kadu et al. (2008) with the peak daily
demands only, 34 pipes, nine loops, two source nodes and 14 pipe diameter options, the mean

CPU time to complete 100,000 function evaluations was 3.63 minutes. The minimum number
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of function evaluations to achieve convergence was 4,000 (Czajkowska 2016) while NSGA 11
required 108,200 function evaluations in Barlow and Tanyimboh (2014).

Finally, the interested reader may refer to Czajkowska (2016: 101-110) for additional
details on the properties of the algorithm including computational efficiency from the
perspective of the objective function that minimizes the largest nodal head deficit (Eq. 5), for
a real-world network from the literature (Creaco et al. 2010, 2012). The properties include:
(a) the progress of the number of feasible and infeasible solutions from the start to the end of
the optimization; (b) the surplus head at the critical node vs. cost for the Pareto-optimal
solutions; (c) the surplus head at the critical node vs entropy for the Pareto-optimal solutions;
(d) the progress of the cost considering both feasible and infeasible solutions from the start to
the end of the optimization; and (e) the progress of the nodal head deficit function value (Eq.

5) from the start to the end of the optimization.

7. CONCLUSIONS

A flow entropy-based optimization approach for the design of water distribution networks
under multiple operating conditions has been developed and demonstrated. The algorithm
developed can handle both single and multiple operating conditions. Solutions based on
multiple operating conditions generally outperformed those based on a single operating
condition in terms of initial construction cost, hydraulic performance, entropy, reliability and
redundancy. Under multiple operating conditions, there is a flow entropy value for each
operating condition. In other words, each solution has a vector of entropy values. The design
objectives investigated involved maximizing the largest, smallest or sum of the elements of
the entropy vector. Maximizing the sum produced the best results overall. A crucial property
of the sum unlike the maximum and minimum is that the sum responds to all the operating
conditions simultaneously. It is thus bias free with respect to the individual operation

conditions. Maximizing the sum, therefore, ensures that all the active constraints are
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considered in each generation of the evolutionary optimization process, thus reducing the
chances of slow, local or premature convergence. Also, the results provide hitherto
unavailable empirical evidence that the joint flow entropy of independent discrete operating
conditions in a water distribution network is the sum of their separate entropies.
Consequently, more clarity and consistency in future applications of the flow entropy model
under multiple operating conditions can be expected. This research is in progress, and
additional verification on larger networks is necessary. Some improvements in the
methodology are desirable also, for example, to reduce the observed over-representation of
solutions with the highest entropy values and the relatively high proportion of infeasible
solutions in the Pareto-optimal fronts achieved.

Compared to traditional penalty-based approaches, the penalty-free multi-objective
genetic algorithm developed in this research has many advantages. Additional parameters that
require case-by-case calibration and numerous time consuming trial runs are not introduced.
It is bias free with respect to constraint violations, as efficient and promising i.e.
nondominated infeasible solutions are not discarded arbitrarily and prematurely.
Consequently, diversity in the gene pool increases, premature convergence decreases, and a
more even distribution of the frontier optimal solutions is achieved. Moreover, by
maintaining and exploiting both feasible and infeasible nondominated solutions from the
start to the end of the optimization, there is extensive and sustained boundary search the
significance of which is that the best solutions generally occur near the active feasibility
constraint boundaries. Finally, only one additional objective function was introduced, i.e. a
two-objective constrained optimization problem was transformed and solved efficiently and

seamlessly as a three-objective penalty-free unconstrained optimization problem.
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Figure Captions
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Figure 2
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Figure 4
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Penalty-free multi-objective genetic algorithm procedure
Optimization and performance evaluation procedure
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Pipe diameter options for Network 3
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Pareto-optimal solutions for Network 3 based on 30 optimization runs

Relative effectiveness of alternative maximum entropy approaches on Network 3

Table Captions
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