Available online at www.sciencedirect.com

ScienceDirect Procedia
Engineering

CrossMark

ELSEVIER Procedia Engineering 186 (2017) 341 — 348

www.elsevier.com/locate/procedia

XVIII International Conference on Water Distribution Systems Analysis, WDSA2016

Population size influence on the efficiency of evolutionary
algorithms to design water networks

Daniel Mora-Melia®*, F. Javier Martinez-Solano®, Pedro L. Iglesias-Rey®, Jimmy H.
Gutiérrez-Bahamondes?

@ Universidad de Talca, Dpto. Ingenieria y Gestion de la Construccion, Curico, 3340000, Chile.
bUniversidad Politécnica de Valencia, Dpto. Ingenieria Hidrdulica y Medio Ambiente, Valencia, 46022, Spain.

Abstract

The optimal sizing in water distribution networks (WDN) is of great interest because it allows the selection of alternative
economical solutions that ensure design requirements at nodes (demands and pressure) and at lines (velocities). Among all the
available design methodologies, this work analyzes those based on evolutionary algorithms (EAs).

EAs are a combination of deterministic and random approaches, and the performance of the algorithm depends on the searching
process. Each EA features specific parameters, and a proper calibration helps to reduce the randomness factor and improves the
effectiveness of the search for minima. More specifically, the only common parameter to all techniques is the initial size of the
random population (P). It is well known that population size should be large enough to guarantee the diversity of solutions and
must grow with the number of decision variables. However, the larger the population size, the slower the convergence process.

This work attempts to determine the population size that yields better solutions in less time. In order to get that, the work applies
a method based on the concept of efficiency (E) of an algorithm. This efficiency relates the quality of the obtained solution with
the computational effort that every EA requires to find the final design solution. This ratio E also represents an objective indicator
to compare the performance of different algorithms applied to WDN optimization.

The proposed methodology is applied to the pipe-sizing problem of three medium-sized benchmark networks, such as Hanoi,
New York Tunnel and GoYang networks. Thus, from the currently available algorithms, this work includes evolutionary
methodologies based on a Pseudo-Genetic Algorithm (PGA), Particle Swarm Optimization (PSO) and Harmony Search (HS).

First, the different algorithm parameters for each network are calibrated. The values used for every EA are those that have been
calculated in previous works. Secondly, specific parameters remain constant and the population size is modified. After more than
500,000 simulations, the influence of the population size is statistically analyzed in the final solutions. Finally, the efficiency was
analyzed for each network and algorithm. The results ensure the best possible configuration based on the quality of the solutions
and the convergence speed of the algorithm, depending of the population size.
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1. Introduction

The optimal lay-out, design and operation of water distribution networks (WDN) is of central importance to water
industries and governments due to the vast capital investments associated with these tasks. While these problems are
not independent of each other, they can be formulated and solved independently. This work is focused on the design,
namely in the optimal sizing of pipes in WDN, ensuring requirements of demands and pressure at the nodes, and
velocities at the lines.

This problem is normally interpreted as a NP-hard [1] problem mainly due to two reasons: nonlinear equations and
discrete-valued diameters. A large variety of optimization methodologies have been developed for this problem,
including approaches that reduce the complexity of the original nonlinear problem to facilitate the use of linear and
nonlinear programming [2].

More recently, intelligent optimization techniques as Evolutionary Algorithms (EAs) have found applications in
this area. The generic term “evolutionary computation” refers to a broad set of metaheuristic techniques to solve
complex problems that base their performance on a similar mechanism to the processes of natural evolution. Besides,
EAs have the advantage of being insensitive to the characteristics of the problem, so that since their introduction and
subsequent popularization, EAs have been frequently used as an alternative optimization tool to conventional methods
and have been successfully applied in a variety of areas, including optimization of WDN [3-6].

These techniques are based on the natural processes of evolution, using mechanisms to select the best combinations
of the decision variables and to generate new solutions by recombination. It is because of that EAs require of setting
the values of several algorithm components and parameters. The calibration of these parameters has a key influence
on performance and efficacy of the algorithm [7,8].

The form and operation of some EAs are extensively studied, and one of the main conclusions is that the optimal
value for these parameters is not universal for all problems, but it depends on the optimization problem and on the
computational effort that will be spend in solving the problem. All EAs share some basic principles, but each has its
own parameters, which guide the search algorithm to the best possible solution. Among all the parameters, the initial
population size is the only one that can be considered common to all these techniques, and probably it has been one
of the important topics to consider in evolutionary computation.

In this regard, it is possible to find different results in the literature on what may be the appropriate size of
population in an optimization process [9,10]. Since the exploration capacity of the algorithm depends on the population
diversity, researchers usually argue that a small population size could guide the algorithm to poor solutions, while a
large population size could lead the algorithm to a computational time too high in finding a final solution. For this
reason, in choosing the population size a trade-off between solution quality and search time should be done.

This paper applies an efficiency rate (E) to the initial population size of the algorithm. E relates the quality of the
solution obtained to the computational effort involved to reach that solution. £ has been calculated for the results
obtained by three EAs for the pipe-sizing problem of three benchmarking networks. The selected algorithms include
a PseudoGenetic Algorithm (PGA), a modified Particle Swarm Optimization Algorithm (PSO) and a Harmony Search
Algorithm (HS). The different stages of the optimization process and the complete description of each EAs can be
found in [7,5,11].

The presented method identify the most efficient population size for each of the analysed algorithms, and it can be
applied to many other EAs and networks that have not been considered in this work.
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2. Methods

This paper proposes a method to determine the most efficient population size of optimization algorithms for WDN
pipe sizing. The proposed methodology includes two steps. First, the different algorithm parameters for each network
are calibrated. Note that the parameters can be divided into two groups: specific parameters of each algorithm and
common parameters for all algorithms. Specifically, the only parameter common to all EAs is the initial size of the
random population (P).

This work considers only the calibration of P, whereas the remaining parameters are fixed in each algorithm. The
constant values of these parameters were obtained from author’s previous work [8] and correspond with the most
efficient combination for each of the algorithms included in this paper.

Regarding calibration of P, Eiben [12] distinguishes between two forms of parameter optimization: parameter
control and parameter tuning. In parameter control, the initial parameter values are changing during the run, and it can
be classified into three types depending on how the parameter change is made: deterministic, adaptative and self-
adaptative. Despite parameter control have obvious advantages, the needed computation overhead leads to less
efficiency on some problems.

On the other hand, in parameter tuning the parameters remain fixed during the optimization process, and maybe it
is the most common approach to choose the best parameter calibration before starting the simulation. Some of the best
known techniques are racing or sequential parameter optimization. In this sense, this paper adopts the methodology
proposed by McClymont [13]. This methodology applies several algorithm trial runs and tunes the operators (P in this
case), analyzing statistically the obtained results. After the parameters are calibrated, the second step of the method
begins and efficiency rates have to be calculated, according to equations (1) and (2):

N
n i — successful (I)
quality Ngim
Nqualit
E — quality (2)
Neonvergence

In these equations, 74y represents the quality of the solution related to a specific WDN sizing problem, so as to
satisfy constraints imposed on the objective function. Nyuccessid 1S the number of “lowest” cost solutions and N is
total number of simulations performed. On the other hand, the term #convergence 1S related to the velocity of convergence
it takes the algorithm to reach the final solution.

In this work, the term #convergence refers to the number of objective function (O.F) evaluations performed by the
algorithm before finding the final solution of the problem. Finally, the ratio of #4ualiry and #convergence defines E and gives
an idea of the performance of the algorithm. Literally, E reports the number of “successful” evaluations obtained per
call of the O.F. Similarly, 1/E represents the number of evaluations of the O.F for finding a successful solution of the
sizing problem.

E represents a strategy to relate the quality of the solutions with the computational effort that requires each
algorithm to find the final solution. Statistical analysis of E rates will determine which are the most efficient P for
each algorithm and tested network.

3. Case studies.

The benchmark networks provide a common set of problems on which different researchers can quickly test their
algorithms. Related to this, [14] classifies these benchmark problems into four groups (small, medium, intermediate
and large), according to the size of search space. In this work, three medium-sized benchmarking networks are used
to analyze the population size influence in EAs behavior: New York tunnel [15], Hanoi [16] and GoYang [17]. Table
1 summarizes the most relevant information of these benchmark problems, including the number of decision variables
(DV), the range of diameters plus other information:



344

Daniel Mora-Melia et al. / Procedia Engineering 186 (2017) 341 — 348

Table 1. Relevant information.for selected benchmarking networks.

. Best known
Number of pipes

Network PP Available commercial diameters Search solution
®V) space (x106 um)

36; 48; 60; 72; 84; 96; 108; 120; 132;

25
New York Tunnel 21 144; 156: 168: 180; 192: 204 (inches) 1.93x10 38.642
Hanoi 34 304.8; 406.4; 508; 609.6; 762; 1016 (mm) 2.87x10% 6.081
GoYang 30 80;100;125;150;200;250;300;350 (mm) 1.24x10% 177.010*

In all benchmarking networks, EAs implemented reach the best solution available to date in literature. Note that
the complexity of the problem is related not only to the size of the solution space but also to the number of local
minima in each problem. Accordingly, the most complex problem between the analysed corresponds to Hanoi
network. More details and a full analysis of the complexity of networks can be found in [8,11].

4. Results

As already mentioned above, the EAs require of setting some algorithm parameters. This calibration has great
impact on performance and efficiency of the algorithm. Furthermore, it is possible to differentiate between specific
parameters and common evolutionary algorithm parameters (P) for each algorithm. In previous work [11], a wide
sweep for each specific parameter of each algorithm was made. Table 2 shows the specific parameters considered,
and the optimal parameter calibration for each network and algorithm considering efficiency of the algorithm.

Table 2. Optimal specific parameters calibration for considered networks.

Algorithm/Network Hanoi New York Go-Yang
PGA

Crossover frequency (P.) No influence >60% No influence
*Mutation frequency (P,) 3+4% 4+5% 2+3%
PSO

*Velocity limit (Vi) 20% 20+30% 10%
*Confusion probability (Peo) 10+20% 10% 10+20%
Learning factor (C)) 2% 2% 2%
Learning factor (C>) 2% 2% 2%

HS

*Harmony Memory Considering Rate (HMCR) 90+95% 85+90% 85+95%
*Pitch Adjustment Rate (PAR) 10% 10+40% 10-20%

*More sensitive parameters of the algorithm for better performance.

The data in the table above have been obtained from more than 500,000 simulations, in order to have a
representative sample. Note that not all the parameters have the same importance in enhancing the search process.
Thereby, certain parameters are extremely value-sensitive, while others do not influence too much on the performance
of the algorithm.

Once it was obtained the best possible configuration for each specific parameter and according to calibration
protocol, 200 simulations were performed for each initial population size (P) considered, keeping fixed all remaining
specific parameters. This calibration protocol has been applied to the three EAs studying this work (PGA, PSO and
HS).

For example, for the PGA algorithm, Fig. 1 reflects, on the left, the importance of setting parameters in these
algorithms, as the optimal combination of parameters allows to significantly increasing the number of successful
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solutions. On the other hand, the right side shows the percentage of successful solutions when the initial population
size is varied, keeping fixed all other specific parameters (crossover and mutation frequencies in this particular case).
The repeatability of obtaining minimal solutions is related to #74uair in equation (1).

a) mHanoi ®New York ®GoYang b) mHanoi ®New York ®=GoYang
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Fig.1. (a) Calibration of specific parameters, keeping fixed P; (b) Successful solutions varying P, keeping fixed remaining specific parameters.

As expected, the number of successful solutions is larger the greater is the initial population size of the algorithm.
However, this improvement is not linear and all tested EAs reach a certain population size from which stabilizes and
hardly improved in obtaining successful solutions. In the case of the PGA, the algorithm follows the general trend,
obtaining most successful solutions to larger populations. However, it is noteworthy in the case of GoYang network
no improvements are obtained for P> 100. This is logical, since this network is the simplest of all studied (fewer local
minima), so that the probability of obtaining the best solution about 40% define the limit of the algorithm for this
network.

Regarding convergence speed of each algorithm (#convergence), it 1s important to consider several influence elements.
On one hand, the specific calibration of parameters plays a key role in the speed of convergence to the final solution.
For example, Fig. 2a) shows, for HS algorithm, the average number of O.F evaluations based on specific parameters
HMCR and PAR for Hanoi network. The figure clearly shows that there is a relationship between the convergence
speed and the calibration of specific parameters. Concretely, the higher the value of HMCR parameter is, the faster the
final solution is found. On the other hand, the optimization process of each algorithm is an important differentiating
factor in the eventual degree of convergence. Therefore, in general terms, the HS algorithm is the one that takes fewer
iterations to reach the final solution, as shown in Fig. 2b). This pattern is repeated in all analyzed networks, so that the
conclusions derived from the analysis of the Hanoi network can be extended to other networks.
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Fig.2. (a) Number of O.F evaluations based on PAR and HMCR; (b) Number of O.F evaluations to reach final solution based on P.
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Finally, the rate between nyuaiiy and comvergence allows to define the efficiency rates according to equation (2). Fig. 3,
Fig. 4 and Fig. 5 show E for obtaining successful solutions for Hanoi, New York and GoYang networks respectively.
As mentioned above, E describes the level of performance of the algorithm while considering both the ability to obtain
a minimum (successful) solution and the number of O.F evaluations required to reach this solution.
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Fig.3. Efficiency of EAs in obtaining successful solutions for Hanoi network.
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Fig.4. Efficiency of EAs in obtaining successful solutions for New York network.
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Fig.5. Efficiency of EAs in obtaining successful solutions for GoYang network.
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In general terms, [11] demonstrates that PGA is the most efficient algorithm for sizing more complex networks.
Among the networks tested in this work, Hanoi network is the most complex, because it is the one that has a greater
number of local minima. In this case, numerically the £ of PGA for the best population size is 4.3 and 5.0 times larger
that of PSO and HS respectively. This means that for each successful solution obtained by HS, PGA obtains 5. The
same results were repeated in GoYang network. In this case, the £ value of PGA is 6.2 and 7.8 times higher than those
of the PSO and HS algorithms, respectively. The main reason for these results is the great difficulty for PSO and HS
to find minimal solutions. This penalizes them in terms of efficiency.

However, HS algorithm significantly improves for less complex networks, such as the New York network. In this
case, all techniques identified minimal solutions easily, but its faster convergence favors the HS algorithm in terms of
efficiency. Specifically, the efficiency of the optimally population size HS was 2.4 and 5.3 fold higher than those of
the PSO and PGA algorithms.

Regarding the influence of initial size population, the results show how, in general terms, small population sizes
are more efficient than large populations. For the PGA algorithm, the results show that for P> 50, the efficiency
decreases as the size of population in Hanoi and GoYang networks. For New York network, no significant differences
between the tested population sizes are appreciated for P> 75.

For the HS algorithm, the behavior is the same in all networks. E improves with increasing initial population sizes,
up to a limit where E remains stable. This size population "limit" is different in each network, being greater the greater
number of local minima has the analyzed network. Thus, the most efficient population size is 180, 150 and 60 for
Hanoi, New York and GoYang respectively.

Regarding the PSO algorithm, this shows no significant difference in terms of E throughout the range of initial
population size tested. In fact, PSO have some difficulties finding optimal solutions and besides the computational
effort of this algorithm is not lower than those of other methodologies. Because of this, in any of the networks analyzed
it has remarkable results in terms of E.

5. Conclusions

Nowadays, there are numerous methodologies based on Evolutionary Algorithms that can be applied to the design
of WDN. The performance of these techniques depends largely on the setting for different calibration parameters.
Agree with this, population sizing is one of the important topics to consider in parameter optimization.

This work applies a methodology for comparing algorithms based on an efficiency rate (E) and it is applied here
to determine the influence of the initial population size with the quality of the solution and with the computational
effort required to reach it. Both concepts are related by E.

Among all evolutionary algorithms available, three have been chosen: a PseudoGenetic Algorithm (PGA), a Particle
Swarm Optimization algorithm (PSO) and a Harmony Search algorithm (HS). The methodology was tested on three
medium-sized benchmark networks: Hanoi, New York Tunnel and GoYang. Thus, based on the statistical analysis of
the results, it is possible to highlight the following conclusions:

e Interms of E, PGA is best for complex pipe-sizing problems, with a greater number of local minima, as Hanoi
network. In this kind of problems, PGA is more likely to identify the lowest-cost solution. Meanwhile, HS
and PSO hardly found minimal solutions, which severely decrease their efficiency.

e HS improves their performance in simpler pipe-sizing problems (New York network), since all algorithms
are able to identify more frequently minimal solutions, but HS required fewer O.F evaluations to reach final
solution.

e Overall, large initial population sizes are not more efficient than small populations in finding the best solution.
In the case of PGA algorithm, populations around 50 individuals have been shown as the most efficient.

e Normally, there is a "limit" of population size from which the algorithms do not improve more in obtaining
successful solutions. For the HS algorithm, this population size is greater the greater the complexity of the
network.

¢  Finally, for the PSO algorithm not large variations are seen in the efficiency of the algorithm associated with
the initial population size.
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