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Abstract: Water distribution systems are key components of public infrastructure and it is essential to design, manage and
rehabilitate them economically without compromising the required performance and regulatory standards.
Evolutionary optimization algorithms such as genetic algorithms have become popular in providing optimal and near
optimal solutions to various optimisation problems on water distribution systems. However, one of the main
challenges associated with genetic algorithms in the optimization of water distribution systems is that they are time
consuming when applied to problems on real-world water distribution networks with large numbers of pipes and
multiple operating conditions. For example, in the optimisation of large water distribution systems, a single
optimisation run may involve millions of hydraulic and water quality simulations that may take many days on modern
powerful computers such as workstations. One way to address this difficulty is by utilising parallel computing
methods. The aim of the research was to investigate the potential improvement in computational efficiency achievable
through parallel computing by optimizing a design based on a real-world water distribution network with a large
number of decision variables, large solution space and complex response surface. The results showed that the parallel
algorithm developed was practical and found optimal and near-optimal solutions reliably and efficiently, and the
solutions achieved were consistently competitive. The average speedup achieved on an eight-core workstation was 15,
based on an optimization problem with hundreds of decision variables for a real-world water distribution network
with extended period simulation.
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1. INTRODUCTION

Water distribution systems (WDSs) are key components of public infrastructure and it is
essential to design and rehabilitate them in a cost effective manner without compromising the
required performance and regulatory standards. Evolutionary algorithms (EAs) such as genetic
algorithms (GAs) have become popular in providing optimal and near optimal solutions to WDS
optimisation problems.

One of the main issues with genetic algorithms is that the algorithms are time consuming when
applied to optimisation problems on real-world networks with large numbers of pipes and multiple
operating conditions (Van Zyl et al. 2004). For example, in the optimisation of large water
distribution systems, a single optimisation run may involve millions of hydraulic and water quality
simulations (Rossman 2000, Ghebremichael et al. 2008, Spiliotis and Tsakiris 2011, Todini and
Rossman 2013) that may take many days on modern computers such as workstations.

One way to improve the computational efficiency of evolutionary optimization algorithms is by
adopting parallel computing. Indeed, parallel computing has the added benefit that it can be used
together with other strategies. In the context of water distribution systems, some of the other
strategies for improving efficiency include: (a) the use of supercomputers (Barlow and Tanyimboh
2014); (b) regression models to estimate the hydraulic properties rapidly (Vairavamoorthy and Ali
2000); (c) surrogate measures of system performance, such as flow entropy, that are relatively easy
to calculate (Tanyimboh and Setiadi 2008, Moosavian and Lence 2016); (d) techniques for reducing
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the solution space of the optimization problem (Kadu et al. 2008, Kang and Lansey 2012); and (e)
local search and hybrid methods (Haghighi et al. 2011).

Evolutionary algorithms for water distribution systems often use penalties to evaluate the merits
of infeasible solutions when solving optimization problems that have constraints. By contrast, the
penalty-free multi-objective evolutionary algorithm (PF-MOEA) proposed by Siew and Tanyimboh
(2012b) uses pressure-dependent analysis that accounts for the pressure dependency of the nodal
flows and thus avoids the need for penalties to address any violations of the minimum nodal
pressure constraints. The hydraulic simulator used was a pressure-driven extension of EPANET 2
called EPANET-PDX (Seyoum and Tanyimboh 2014, 2016, Siew and Tanyimboh 2012a, Tsakiris
and Spiliotis 2014, Sivakumar and Prasad 2015).

Given that fitness evaluation is often the most computationally expensive step in evolutionary
optimization algorithms (Alba and Tomassini 2002, Schutte et al. 2004), the aim of this research
was to investigate the improvement in the computational efficiency achievable through parallel
computing. A design problem on a real-world water distribution network with a large number of
decision variables and large solution space was investigated using extended period simulation.

2. OPTIMIZATION PROBLEM FORMULATION AND SOLUTION

Evolutionary algorithms (EAs) by nature start with a randomly generated set of candidate
solutions that may include both feasible and infeasible solutions. To address the node pressure
constraints, penalty methods have been applied widely (Broad et al. 2005, Ostfeld and Tubaltzev
2008). The major drawback of the penalty-based approach is that additional case-specific
parameters are required whose calibration is generally challenging (Prasad and Park 2004).

In an attempt to alleviate the difficulties associated with the minimum node pressure constraints,
Siew and Tanyimboh (2012b) proposed a penalty-free multi-objective evolutionary algorithm (PF-
MOEA) based on NSGA II (Deb et al. 2002). The PF-MOEA algorithm uses pressure-driven
analysis to assess each individual in the population of solutions. In this way, the pressure-driven
analysis addresses the node pressure constraints as an integral part of the hydraulic simulations. PF-
MOEA employs the pressure-driven extension of EPANET 2 that is known as EPANET-PDX
(Siew and Tanyimboh 2012a) and carries out pressure-driven analysis seamlessly. Hence, when
comparing infeasible solutions, PF-MOEA does not employ the constraint dominance approach
used in NSGA 1I.

The PF-MOEA formulation has been applied previously to various aspects of WDS optimization
that included design, operation and long-term rehabilitation and upgrading (Siew and Tanyimboh
2012b, Siew et al. 2014, 2016). Overall, PF-MOEA generated superior results for the optimization
problems solved in terms of the cost, hydraulic performance and computational efficiency,
compared to all other results in the literature.

The PF-MOEA approach is practical and straightforward to implement as it utilises the most
basic operators such as single-point crossover and single-bit mutation. The algorithm was selected
in this research to investigate the relative merits of parallel computing due to the above-mentioned
advantages. The decision variables in PF-MOEA are represented using binary coding. Single-point
crossover, single-bit mutation and binary tournament selection for crossover are the genetic
operators used in the algorithm.

Minimising the total network cost (capital and operation) and maximising the network hydraulic
performance were the two conflicting objectives adopted, subject to the constraints of conservation
of mass and energy and the minimum nodal pressures, as follows.

Minimise: f; = (CR)’ (1)

Maximise: f, = (DSR)* (2)
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where f; and f> represent the first and second objective functions, respectively. CR is the cost ratio
i.e. the ratio of the cost of a particular solution to the cost of the most expensive solution in the
whole population within a single generation. DSR is the demand satisfaction ratio i.e. the ratio of
the available flow to the required flow and measures the feasibility of a solution. Feasible solutions
have a DSR value of unity; solutions with DSR values below unity are infeasible.

Large problems can be divided often into smaller ones that can be solved simultaneously on
parallel processors in a shorter time (Trobec et al. 2009). A controller-worker approach was applied
to parallelise the penalty-free optimization algorithm employed. The controller-worker approach,
with a potential to improve the computational performances of algorithms significantly, is relatively
straightforward (Canti-Paz and Goldberg 2000).

The fitness evaluation of the child population was parallelized, as fitness evaluation is often the
most computationally expensive step in evolutionary algorithms (Alba and Tomassini 2002, Schutte
et al. 2004). The fitness evaluations were divided equally among all the processors including the
controller processor. The controller processor performed the rest of the operations of the
evolutionary algorithm including selection, crossover and mutation, and all the other procedures of
the optimization. The authors wrote the parallel algorithm program in C++ with Message Passing
Interface (MPI) routines. Microsoft HPC pack 2008 was used to run the program in Microsoft
Visual Studio (version 2010). A detailed description of the parallel evolutionary algorithm is
available in Seyoum (2015).

3. RESULTS AND DISCUSSION

The example considered was one of the water supply zones of a network in the UK (Seyoum and
Tanyimboh 2014, 2016). The network and pipe cost data were obtained from the water utility. The
system comprised 251 pipes, 199 demand nodes, 29 fire hydrants, 5 variable-head supply nodes and
three water demand categories including leakage (Kanakoudis and Gonelas 2016, Tabesh et al.
2009). The minimum residual pressure required at the demand nodes was 20 m. The minimum
residual pressure required at the fire hydrants for a flow rate of 8 litres per second was 3 m. A fire
demand was operational in each hour, except for the first and last hours. Extended period simulation
for a period of operation of 31 hours with a hydraulic time step of one hour was used. The Darcy—
Weisbach formula for the head loss due to friction in the pipes was used (Rossman 2000). Figure 1
shows the network topology and pipe diameter options.

The network was optimised as a new design. Ten commercially available pipe diameters were
selected based on the existing network’s pipe diameters that range from 32 mm to 400 mm. The 10
candidate pipe diameters correspond to 10%°! feasible and infeasible solutions in total. The crossover
and mutation probabilities were 1.0 and 0.005, respectively. The maximum number of function
evaluations allowed per optimization run was 1,000,000. Ten optimization runs with different initial
populations of 1000 were carried out. A workstation that comprised dual Intel Xeon 2.4 GHz CPU
(four cores each) and 16 GB RAM running the Windows operating system was used. The
workstation had eight cores in total and all were utilized for the parallel computing.

The least expensive solution achieved by the parallel algorithm had a cost of £418,685 within
975,000 function evaluations. This is the best solution obtained for the network to date. The
solution is 0.2% cheaper than the best solution reported in Tanyimboh and Seyoum (2016), i.e.
£419,514 within 985,000 function evaluations. Figure 2 shows the pipe diameters of the solutions
from the parallel and serial algorithms and existing network. The solution for the serial algorithm
was obtained from Tanyimboh and Seyoum (2016). All the solutions shown are fully feasible, i.e.
the minimum residual pressure requirements for all the operating conditions were satisfied. Figure 3
illustrates the progress of the algorithm in terms of the least expensive feasible solution in
successive generations.
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Figure 1. Network topology and pipe diameter options. RI1-R5 represent the supply nodes.
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Figure 2. Comparison of the existing and optimised pipe diameters
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A single optimization run with 1,000,000 function evaluations using the serial algorithm required
an average CPU time of 30 days while the parallel algorithm required only two days on average.
Thus, the parallel algorithm achieved a considerable improvement in the execution time. The
speedup achieved by the parallel algorithm ranged from 10.96 to 17.15 as shown in Figure 4. On
average, the parallel algorithm achieved a speedup of 15; in other words, the CPU time for the
parallel algorithm was approximately 6.7 % of the CPU time for the serial algorithm.

4. CONCLUSIONS

The results showed that the parallel algorithm developed found optimal and near-optimal
solutions reliably and efficiently; the solutions were consistently competitive and a new best
solution was achieved. The number of solutions analysed before finding the Pareto-optimal
solutions was extremely small in comparison to the total number of solutions available.
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Figure 3. lllustration of the progress of the least expensive feasible solution in successive generations. The graphs show
the least-cost feasible solutions for the serial and parallel algorithms, using the same initial population.
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Figure 4. The CPU times and speedup achieved by the parallel algorithm

The average speedup achieved on an eight-core workstation was 15, based on an optimization
problem with hundreds of decision variables for a real-world water distribution system. In other
words, the average execution time for the parallel algorithm was approximately 6.7 % of the
execution time for the serial algorithm. Though highly effective, the improvement achieved
previously by search space reduction was smaller (Kadu et al. 2008, Siew et al. 2014). Thus, the
results reinforce previous evidence in the literature that fitness evaluation is often the most
computationally expensive step in evolutionary optimization algorithms (Alba and Tomassini 2002,
Schutte et al. 2004). Hence, the results seem encouraging and further studies with more advanced
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approaches (e.g. the island model) may be worth considering as parallel computing has the added
benefit that it can be used together with other strategies that can improve the computational
efficiency further. The network considered comprised one water supply zone of a water distribution
system in the UK. Therefore, additional investigations regarding the speed and other properties of
the proposed parallel algorithm in the context of optimization problems with significantly more
decision variables may be worth considering.
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