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Abstract- In this paper, we propose the use of a Sim-
ple Evolution Strategy (SES) (i.e., a (1 + )\)-ES with
self-adaptation that uses three tournament rules based
on feasibility) coupled with a diversity mechanism to
solve constrained optimization problems. The proposed
mechanism is based on multiobjective optimization con-
cepts taken from an approach called the Niched-Pareto
Genetic Algorithm (NPGA). The main advantages of the
proposed approach is that it does not require the defini-
tion of any extra parameters, other than those required
by an evolution strategy. The performance of the pro-
posed approach is shown to be highly competitive with
respect to other constraint-handling techniques repre-
sentative of the state-of-the-art in the area when using a
set of well-known benchmarks.

1 Introduction

Evolutionary Algorithms (EASs) are heuristic methods that
have been successfully applied to a wide set of application
domains [10], both, in global (single-objective) and in mul-
tiobjective optimization. Nevertheless, EAs are an uncon-
strained search technique and lack an explicit mechanism
to deal with constrained search spaces. This has motivated
the development of a considerable number of approaches
to incorporate constraints into the fitness function of an
EA[11, 1].

The most common approach adopted to deal with con-
strained search spaces is the use of penalty functions [12].
When using a penalty function, the amount of constraint vi-
olation is used to punish or “penalize” an infeasible solution
so that feasible solutions are favored by the selection pro-
cess. Despite the popularity of penalty functions, they have
several drawbacks from which the main one is that they re-
quire a careful fine tuning of the penalty factors that accu-
rately estimates the degree of penalization to be applied so
that we can approach efficiently the feasible region [15, 1].

Evolution Strategies (ES) have been found not only
efficient in solving a wide variety of optimization prob-
lems [4], but also have a strong theoretical background
[14]. Motivated by the fact that some of the most re-
cent (and most competitive) approaches to incorporate con-
straints into an EA use an ES (see for example [13, 5]),
Mezura & Coello [9] proposed a Simple Evolution Strat-
egy (SES) to solve constrained problems. This approach
is based on a double mechanism: (1) the original self-
adaptation mechanism of the ES to sample the search space
and (2) a selection mechanism that chooses solutions based

on feasibility as new starting points for the search. How-
ever, our SES presented some drawbacks that are improved
in the current work. Our main improvement consists of a
diversity mechanism that allows the best of the A individ-
uals (based on feasibility and objective function value) in
the current generation (and not only the child formed by all
these individuals) to replace the current solution. We also
allow the individual (from the X created) with the best ob-
jective function value to replace the current solution regard-
less of its feasibility. This mechamism is controlled by a
stochastic parameter called Selection Ration (S,). This pa-
rameter indicates the number of times (as a percentage) that
normal selection (i.e., deterministic between the current so-
lution and the child formed by all the A candidate solutions)
will take place. The remaining 1 — S, times, either the best
solution (from the A) based on feasibility and fitness or the
individual (also from the A) with the best value of the ob-
jective function (regardless of feasibility) will replace the
current solution. In the current work, equality constraints
are transformed into inequality constraints using a dynamic
parameterless tolerance. In the remainder of the paper we
will call “candidate solution” to those A individuals created
on each generation and we will call “child” to the solution
created from the combination of the A solutions, the current
solution is the start point of each generation.

This paper is organized as follows: in Section 2 a short
survey of constraint-handling techniques similar to our own
is presented. Section 3 provides a detailed description of the
proposed approach. Section 4, describes the test functions
used and presents the results obtained. Section 5 provides
a discussion of our results. Finally, Section 6 provides our
conclusions and some possible paths for future research.

2 Previous Work

The use of tournament selection based on feasibility rules
has been explored by other authors. Jiménez and Verde-
gay [7] proposed an approach similar to a min-max formu-
lation used in multiobjective optimization combined with
tournament selection. The rules used by them are similar to
those adopted in this work. However, Jiménez and Verde-
gay’s approach lacks an explicit mechanism to avoid the
premature convergence produced by the random sampling
of the feasible region because their approach is guided by
the first feasible solution found. Deb [3] used the same tour-
nament rules previously indicated in his approach. How-
ever, Deb proposed to use niching as a diversity mechanism,
which introduces some extra computational time (niching



has time-complexity O(NN2)). In Deb’s approach, feasible
solutions are always considered better than infeasible ones.
This contradicts the idea of allowing infeasible individu-
als to remain in the population. Therefore, this approach
will have difficulties in problems in which the global op-
timum lies on the boundary between the feasible and the
infeasible regions. Coello & Mezura [2] used tournament
selection based on feasibility rules. They also adopted non-
dominance checkings using a sample of the population (as
the multiobjective optimization approach called NPGA [6]).
They adopted a user-defined parameter S,., to control the
diversity in the population. This approach provided good
results in some well-known engineering problems and in
some benchmark problems, but presented problems when
facing high dimensionality [2].

The three approaches discussed before are based on a ge-
netic algorithm. However, several of the most competitive
constraint-handling approaches known to date are based on
an ES (e.g., Stochastic Ranking [13] and the Adaptive Seg-
regated Constraint Handling Evolutionary Algorithm (AS-
CHEA) [5]).

3 Description of the Approach

The motivation of this work was twofold:

1. We hypothesized that the use of an ES for constrained
optimization would be beneficial (compared to the
use of a genetic algorithm).

2. We were also aware that having a good mechanism to
maintain diversity is of great importance to produce a
constraint-handling approach that is competitive with
the techniques representative of the state-of-the-art in

the area.
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Figure 1: Diagram that illustrates the diversity mechanism
implemented for our SES.

In [9], we introduced the so-called Simple Evolution
Strategy (SES), which is based on two mechanisms:
e The self-adaptation mechanism of an ES, which helps
our approach to sample the search space well enough
as to reach the feasible region reasonably fast.

e The use of tournaments based on feasibility, which
are adopted to guide the search in such a way that the
global optimum can be approached efficiently.

The three simple selection criteria used in our tournaments
are the following (binary tournaments are adopted):

o Between 2 feasible solutions, the one with the high-
est fitness value wins (assuming a maximization prob-
lem/task).

o If one solution is feasible and the other one is infeasi-
ble, the feasible solution wins.

o If both solutions are infeasible, the one with the low-
est sum of constraint violation is preferred.

Our SES uses the 1/5-success rule for auto-adapting the
o value of our ES. By using just one & value and one fitness
function evaluation per generation, the resulting computa-
tional cost (per generation) of our approach is very low.

This first version of our approach provided very compet-
itive results [9]. However, it presented premature conver-
gence in some problems due to the high selection pressure
caused by the tournaments performed. This motivated the
changes introduced in this paper.

The new version of our algorithm has a process con-
trolled by a parameter (that is not defined by the user) called
Selection Ratio (S,). This parameter was introduced in [2]
and it refers to the percentage of selections that will be per-
formed in a deterministic way (as used in the original ver-
sion of our SES where the child replaces the current solu-
tion based on the three selection criteria). In the remaining
1 — S, selections, there are two choices: (1) either the can-
didate solution with the best value of the objective function
will replace the current solution (regardless of its feasibility)
or (2) the best candidate solution (based on the three selec-
tion criteria) will replace the current solution. Both options
are given a 50% probability each (see Figure 1).

The S, parameter is adapted online using the fitness
value of the current solution during an interval of time
(number of generations). The “mean deviation” (M) of the
current solution over a certain number of generations is cal-
culated in order to know how different has been the current
solution. All the fitnesses are normalized in order to obtain
a value between 0 and 1. The expression used to adapt the
S, value is the following:

Sy(t —interval)/1.001  if My < 0.1
Sp(t — interval) * 1.001 if My >0.2 (1)
Sp(t —interval)  if0.1 < M;<0.2

Si(t) =

where interval is defined as a percentage of the maximum
number of generations. For example if the interval is de-
fined as 0.05 and the number of generations is 100, the
update process will take place at every 5 generations. As
can be seen, S, will be decreased if the current solution
has not significantly changed during the given interval (i.e.,
M, < 0.1) allowing a candidate solution (which may be
infeasible) with a good fitness value to replace the current
solution. This is meant to increase diversity. On the other
hand, S, will increase if the solution has been significantly
different (i.e., My > 0.2) during the interval, thus favoring



SES
Problem Optimal Best Mean Median Wor st St. Dev.
TF1 —15 —15.000000 —15.000000 —15.000000 —15.000000 0.000000
TF2 0.803619 0.803569 0.769612 0.782466 0.702322 0.027547
TF3 1 1.004329 1.003563 1.003669 1.002604 0.000423
TF4 —30665.539 | —30665.539062 | —30665.539062 | —30665.539062 | —30665.539062 0.000000
TF5 —6961.814 —6961.813965 —6961.813965 —6961.813965 —6961.813965 0.000000
TF6 24.306 24.313972 24.418837 24.419113 24.560797 0.071159
TF7 0.095825 0.095826 0.095784 0.095826 0.095473 0.000104
TF8 680.63 680.669189 680.809829 680.797882 681.199646 0.122624
TF9 7049.25 7057.044434 10771.416895 10935.448730 16375.266602 2524.075298
TF10 0.75 0.749018 0.749179 0.749062 0.750647 0.000316
TF11 1 1.000000 1.000000 1.000000 1.000000 0.000000
TF12 0.053950 0.053964 0.264135 0.438692 0.544346 0.206214

Table 1: Statistical results obtained of the 30 runs performed using the new SES with the 12 test problems adopted.

deterministic selection to impel convergence. S, will keep
its current value if the variation of the current solution in the
interval has been moderated (i.e., 0.1 < My < 0.2).

In order to always keep the best solution found during
the process, a superelitist mechanism is included. Its only
goal is to keep the best feasible solution found. This is re-
quired because the diversity mechanism adopted makes the
current solution to be replaced by another solution which is
not necessarily better and may be infeasible. Its implemen-
tation does not add any significant extra computational or
storage cost to the algorithm.

To deal with equality constraints, a parameterless dy-
namic mechanism similar to that used in ASCHEA [5] is
adopted. The tolerance value € is decreased with respect to
the current generation using the following expression:

€;(t + 1) = ¢;(£)/1.000001 )

() Current Solution
@ Candidate Solution

the search space in a better way as to select the most promis-
ing point. The same behavior will occur later in the process,
but in this case the points close to the current solution will
be the more deeply explored (local search). A graphical il-
lustration of this behavior is provided in Figure 2.

Another aspect to note is that in order to maintain the
low computational cost of our SES, the candidate solutions
are only evaluated if some of them are to replace the current
solution. In the same way, the child will be evaluated only
if it is to compete against the current solution. The pseudo-
code of this approach is shown in Figure 3.

4 Experiments and Result

To evaluate the performance of the new approach we used
12 of the test functions described in [13]. The test func-
tions chosen contain characteristics that are representative
of what can be considered “difficult” global optimization
problems for an EA. Their expressions are provided next.

o TF1:

< o @ o Minimize: /(%) = 5 T TEN:D Sl B oL
Explored Region subject to:
° = g1(%) = 2z1 + 222 + 210 + 211 — 10 <0
92(%) = 2x1 + 223 + 210 + 212 — 10 <0
93("5) =22+ 223+ 211 + 712 —10<0
° 94(%) = =81 + 10 <0
O ' 95(%) = —8x2 + w11 <0
e 96(%) = —8x3 + 12 <0
97(%) = =224 — 5 + 210 <0
g8(Z) = =26 — z7 + 211 <0
. 9o(%) = —2z8 — w9 + 712 <0

Figure 2: Diagram that illustrates the explored region of
the search space in the new version of our SES. In the old
version only the points in white (child and current solution)
could be selected.

It is worth emphasizing that allowing a candidate solution
to replace the current solution in a (1 + X)-ES (used by our
SES) enhances the search power (global and local) of the ES
because it explores more deeply the regions that surround
the current solution. As the ¢ value is high early in the pro-
cess, it will generate candidate solutions on far regions of
the search space (global search). This will allow to sample

where the boundsare 0 < z; < 1@ = 1,...,9),
0 < z; < 10,11,12) and

< 100 ¢ =
0 < =x3 < 1. The global optimum is at

= = (1,1,1,1,1,1,1,1,1,3,3,3,1) where
f(z*) = —15. Constraints g1, g2, g3, g4, g5 and g
are active.

o TF2:

o7 cos®(z:) 217, cos? ()
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Maximize: f(Z) =



subject to:

a@ = 075-][=<0
=1
92(%) = Z:U,- —75n<0 (3)
i=1

wheren = 20and 0 < z; < 10 (4 = 1,...,n).
The global maximum is unknown; the best reported
solution is [13] f(z*) = 0.803619. Constraint g; is
close to being active (g; = —1078).

TF3:
Maximize: f(%) = (v/n)" [T"
i=1 Ti

subject to:
h 7\ — n

@=5" a1
wheren = 10and0 < z; <1 (i = 1,...,n). The
global maximum is at z7 = 1/y/n (i = 1,...,n)

where f(z*) = 1.

TF4:

Minimize: f(Z) = 5.3578547z% + 0.8356891xz1 x5 +
37.2932392; — 40792.141

subject to:

91(Z) = 85.334407 + 0.0056858z2x5 +
0.0006262z1z4 — 0.0022053z325 — 92 < 0

g2(F) = —85.334407 — 0.0056858x2x5 —

0.00062622124 + 0.0022053z325 < 0

g3(%) = 80.51249 + 0.0071317zsxs +
0.0029955z1 22 + 0.0021813z% — 110 < 0

g;;(f) = —80.51249 — 00071317.%‘2.%‘5 —
0.0029955z1 22 — 0.0021813z% + 90 < 0

g5 (%) = 9.300961 + 0.0047026x3x5 +
0.0012547x1 23 + 0.0019085z32x4 — 25 <0
96(Z) = —9.300961 — 0.00470262x3x5
0.0012547x123 — 0.0019085x324 + 20 <0

x; < 45 (i = 3,4,5). The optimum solution is z*
(78, 33,29.995256025682, 45, 36.775812905788)
where f(z*) = —30665.539. Constraints g y g are
active.

TF5

Minimize: f(Z) = (z; — 10)% + (22 — 20)3
subject to:

gl(f) = —(56‘1 - 5)2 - (5[32 - 5)2 + 100 S 0
gz(f) = (55'1 - 6)2 + (372 — 5)2 —82.81<0

where: 78 < z; < 102, 33 < zo < 45,27 <

where 13 < 2y < 100 and 0 < zo < 100.
The optimum solution is z* = (14.095,0.84296)
where f(z*) = —6961.81388. Both constraints are
active.

TF6

Minimize: f(Z) = 2} + 2% + 2122 — 1421 — 1625 +
(3 —10)2 +4(xq — 5)2 + (w5 — 3)2 + 2(z — 1)2 +
522 + T(wg — 11)2 + 2(zg — 10)2 + (w10 — 7)% + 45

subject to:
91(Z) = =105+ 421 + 5y — 3x7 + 928 <0

92(%) = 10z1 — 8x9 — 1727 + 223 <0

93(%) = —8x1 + 2x2 + bxg — 2m19 — 12 <0

94(%) = 3(x1—2)*+4(22—3)°+222 -T2, —120 < 0
95(Z) = 522 4+ 85 + (v3 — 6)% — 224 —40 < 0
96(Z) = 23 +2(xz9 — 2)% — 23129 + 1435 — 626 < 0
g7(Z) = 0.5(z1 —8)%+2(w3—4)?+322 —26—-30 < 0
93(%) = —3x1 + 622 + 12(x9 — 8)2 — Tw10 < 0

where =10 < z; < 10 (i = 1,...,10). The global
optimum is z* = (2.171996,2.363683,8.773926,
5.095984,0.9906548, 1.430574,1.321644,
9.828726,8.280092, 8.375927) where f(z*) =
24.3062091. Constraints g1, g2, g3, g4, g5 and gg are
active.

L - __ sin®(2wzq) sin(27x
Maximize: f(Z) = w§(w11+wz) :
subject to:

g(Z) =22 —22+1<0
QQ(f):1—$1+($2—4)2SO

where 0 < 7 < 10and 0 < z2 < 10. The optimum
solution is located at z* = (1.2279713,4.2453733)
where f(z*) = 0.095825. The solutions is located
within the feasible region.

TF8

Minimize: f() = (z1 — 10)2 + 5(z2 — 12)% + 73 +
3(w4 —11)?+ 1028 + 722 + 23 — 4677 — 1026 — 827
subject to:

91(Z) = —127 + 223 + 324 + 23 + 422 + 525 <0
gz(f) =282+ 721 + 325 + 10.’1!% +z4—25 <0
93(%) = —196 + 23z1 + 22 + 622 — 827 <0

94(%) = 423 + 13 — 3z132 + 222 + 5zg — 1127 <0

where —10 < T < 10 (4 =
1,...,7). The global optimum is z* =
(2.330499,1.951372, —0.4775414,4.365726,

—0.6244870,1.038131, 1.594227) where
f(z*) = 680.6300573. Two constraints are
active (g and g4).

TF9

Minimize: f(Z) = 21 + 2 + 3

subject to:

91(Z) = —1 +0.0025(z4 + 26) < 0

gg(f) =—-1+ 00025(1‘5 +x7 — .CL'4) <0

93(%) = —1+0.01(zs —25) <0

gi(f) = —z1m6 + 833.33252z4 + 100z; —
83333.333 <0

g5(f) = —Zox7 + 125025 + 2224 — 125024 < 0
ga(f) = —z3x8 + 1250000 + 2325 — 250025 < 0
where 100 < z; < 10000, 1000 < z; < 10000,
(i = 2,3),10 < z; < 1000, (i = 4,...,8). The
global optimum is: z* = (579.19,1360.13,5109.92,
182.01, 295.5985,217.9799, 286.40, 395.5979),
where f(z*) = 7049.25. g1, g» and g3 are active.



[ Problem T n T Functiontype ] P [ LI T NI JTLE [ NE |

TF1 13 quadratic 0.0003% 9 0 0 0
TF2 20 nonlinear 99.9973% 2 0 0 0
TF3 10 nonlinear 0.0026% 0 0 0 1
TF4 5 quadratic 27.0079% 4 2 0 0
TF5 2 nonlinear 0.0057% 0 2 0 0
TF6 10 quadratic 0.0000% 3 5 0 0
TF7 2 nonlinear 0.8581% 0 2 0 0
TF8 7 nonlinear 0.5199% 0 4 0 0
TF9 8 linear 0.0020% 6 0 0 0
TF10 2 quadratic 0.0973% 0 0 0 1
TF11 3 quadratic 4.7697% 0 | 93 0 0
TF12 5 nonlinear 0.0000% 0 0 1 2
Table 3: Values of p for the 12 test functions chosen.
e TF10

Minimize: f(Z) = 23 + (2 — 1)2

subject to:

h&) =z —22=0

where: —1 < 3 < 1, -1 < 25 < 1. The

optimum solution is z* = (+1/v/2,1/2) where

f(z*) =0.75.
° TFL ( )2=( )2—( )?

P — 100—(z1—5)“—(x2—5)“—(x3—5
Ma>_<|m|ze. f(@) = ! To0 8
subject to:

a1(Z) = (z1-p)?+(22—q)*+ (23—7)2—0.0625 < 0

where 0 < =z; < 10 (¢ = 1,2,3) and
p,q,r = 1,2,...,9. The feasible region of the
search space consists of 93 disjointed spheres. A
point (x1,x2,z3) is feasible if and only if there
exist p, ¢, r such the above inequality (4) holds. The
global optimum is located at z* = (5,5,5) where
flz*) =1
e TF12
Minimize: f(F) = e*12%s%4%5
subject to:
(@) =23 +25+zi+2i+22-10=0
92(%) = x2w3 — dx4ws =0
@) =23 +23+1=0
where —2.3 < z; < 2.3 (+ = 1,2) and —3.2
z; < 3.2 (i = 3,4,5). The optimum solution is z*
(—1.717143,1.595709, 1.827247, —0.7636413,
—0.763645) where f(z*) = 0.0539498.
To get a measure of the difficulty of solving each of
these problems, a p metric (as suggested by Koziel and
Michalewicz [8]) was computed using the following expres-
sion:;

A

p=|Fl/S] (4)

where | F'| is the number of feasible solutions and | S| is the
total number of solutions randomly generated. In this work,
S = 1,000,000 random solutions.

The different values of p for each of the functions chosen are
shown in Table 3, where n is the number of decision vari-
ables, L1 is the number of linear inequalities, NI the number
of nonlinear inequalities, LE is the number of linear equali-
ties and NE is the number of nonlinear equalities.

The parameters used in the experiments are the follow-
ing (30 runs were performed for each problem): the total
number of fitness function evaluations was set to 330,000.
Equality constraints were transformed into inequalities us-
ing an initial tolerance value of 0.001. The initial values
for the (1 + X)-ES parameters were: o = 4.0, C' = 0.99,
A = 3, and maximum number of generations = 275, 000.
The interval of the .S, updates was almost negligible (0.9).
This means that the update will take place until generation
247,500. We anticipated that our approach would not be
too sensitive to the .S, parameter and our experiments con-
firmed this hypothesis. The statistical results are presented
in Table 1. For problems TF3, TF4, TF7 and TF10 the re-
sults seem to improve the corresponding optimum. It is due
to the fact that either we use a small tolerance for equality
constraints (TF3 and TF10), or we round the results (TF4
and TF7).

5 Discussion of Results

In Tables 2, 4, 5 and 6, we compare the new SES against
the last (old) SES, the Homomorphous Maps [8], Stochas-
tic Ranking [13] and ASCHEA [5], respectively. Such ap-
proaches were selected for comparison because they are
representative of the state-of-the-art in the area. There are
several issues derived from this comparison that deserve
some discussion:

e The new SES was able to converge to the global op-
timum in 7 of the test 12 functions used (TF1, TF3,
TF4, TF5, TF7, TF10 and TF11), and it was able
to converge very close to the optimum in TF2, TF®6,
TF8, TF9 and TF12.

e With respect to the last version of the SES (Table 2),
this New SES improved the robustness of the results
in problems TF1, TF2, TF4, TF6 and TF10. Also,
the quality of the results was improved in problems
TF9 and TF12.

e With respect to the Homomorphous Maps (see Ta-
ble 4), we can see that our SES converged to a better
“best” solution in 9 problems (TF1, TF2, TF3, TF4,
TF5, TF6, TF8, TF9 and TF11). Also, it found a
better average and a better “worst” solution in 8 prob-
lems (TF1, TF3, TF4, TF5, TF6, TF7, TF8, and
TF11). Thus, it should be clear that our SES had a
highly competitive performance, even improving the
results of the Homomorphous Maps in several test
functions. No comparison was made with problem
TF12 because such results were not available.

e With respect to Stochastic Ranking (see Table 5),
the new SES was able to converge to similar “best”
solutions in 10 problems (TF1, TF3, TF4, TF5,
TF6,TF7, TF8, TF10, TF11 and TF12). SES found
a slightly better result in problem TF2. Moreover,
SES found a similar average solution in 8 prob-
lems (TF1, TF3, TF4, TF6, TF7,TF8, TF10, and
TF11). SES found a better average solution in prob-
lem TF5. Finally, SES found similar “worst” solu-
tions in 5 problems (TF1, TF3, TF4, TF6 and TF11)



Best Result Mean Result Worst Result

P Optimal NEW OLD NEW OLD NEW OLD
TF1 —15 —15.000000 —15.000000 —15.000000 —14.848614 —15.000000 —12.999997
TF2 0.803619 0.803569 0.793083 0.769612 0.698932 0.702322 0.576079
TF3 1 1.004329 1.000497 1.003563 1.000491 1.002604 1.000424
TF4 —30665.539 —30665.539062 —30665.539062 —30665.539062 —30665.539062 | —30665.539062 | —30663.496094
TF5 —6961.814 —6961.813965 —6961.813965 —6961.813965 —6961.813965 —6961.813965 —6961.813965
TF6 24.306 24.313972 24.368050 24.418837 24.702525 24.560797 25.516653
TF7 0.095825 0.095826 0.095826 0.095784 0.095826 0.095473 0.095826
TF8 680.63 680.669189 680.631653 680.809829 680.673645 681.199646 680.915100
TF9 7049.25 7057.044434 - 10771.416895 - 16375.266602 -
TF10 0.75 0.749018 0.749900 0.749179 0.784395 0.750647 0.879522
TF11 1 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000
TF12 0.053950 0.053964 — 0.264135 — 0.544346 —

Table 2: Comparison of results between the new SES and the old SES proposed in [9].

“-” means no feasible solutions

were found.
Best Result Mean Result Worst Result

Problem Optimal SES HM SES HM SES HM
TF1 —15 —15.000000 —14.7886 —15.000000 —14.7082 —15.000000 —14.6154
TF2 0.803619 0.803569 0.79953 0.769612 0.79671 0.702322 0.79119
TF3 1 1.004329 0.9997 1.003563 0.9989 1.002604 0.9978
TF4 —30665.539 | —30665.539062 —30664.5 —30665.539062 —30655.3 —30665.539062 —30645.9
TF5 —6961.814 —6961.813965 —6952.1 —6961.813965 —6342.6 —6961.813965 —5473.9
TF6 24.306 24.313972 24.620 24.418837 24.826 24.560797 25.069
TF7 0.095825 0.095826 0.0958250 0.095784 0.0891568 0.095473 0.0291438
TF8 680.63 680.669189 680.91 680.809829 681.16 681.199646 683.18
TF9 7049.25 7057.044434 7147.9 10771.416895 8163.6 16375.266602 9659.3
TF10 0.75 0.749018 0.75 0.749179 0.75 0.750647 0.75
TF11 1 1.000000 0.999999857 1.000000 0.999134613 1.000000 0.991950498
TF12 0.053950 0.053964 NA 0.264135 NA 0.544346 NA

Table 4: Comparison of results between our approach (SES) and the Homomorphous Maps (HM) [8] NA = Not Available.

and reached a better “worst” individual in problem
TF5. Though the Stochastic Ranking performed with
a little more consistency, SES performed almost at a
similar level than this highly competitive approach.

e Finally, with respect to ASCHEA (see Table 6),
the new SES converged to similar “best” results in
7 problems (TF1, TF3, TF4, TF5, TF7,TF8 and
TF10) and it found better “best”results in 3 problems
(TF2, TF6 and TF9). A better average result was
found by the SES in 4 problems (TF1, TF2, TF3 and
TF6), and a similar average solution was reached in
4 problems (TF4, TF5, TF8 and TF10). Note that
we didn’t present any results for ASCHEA in prob-
lems TF11 and TF12 because such results were not
available.
From the previous comparison, we can see that the new SES
produced very competitive results with respect to three tech-
niques representative of the state-of-the-art in constrained
optimization. The new SES can deal with highly con-
strained problems, problems with low (TF5 and TF7) and
high (TF1, TF2, TF3, TF6) dimensionality, with different
types of combined constraints (linear, nonlinear, equality
and inequality) and with very large (TF2) or very small
(TF12) or even disjoint (TF11) feasible regions. However,
our approach presented some robustness problems in TF9.
This function has a very large search space (because of the
intervals of the decision variables). Therefore, our SES re-
quired to explore several regions of the search space in order

to find promising areas consistently. This can be obtained
more easily by using a population-based ES (e.g., a (u+ A)-
ES).

Besides still being a very simple approach, it is worth
reminding that SES does not require any extra parameters
(besides those used with an ES) because the S, is adapted
online. In contrast, the Homomorphous Maps require an
additional parameter (called v) which has to be found em-
pirically [8]. Stochastic ranking requires the definition of a
parameter called Py, whose value has an important impact
on the performance of the approach [13]. ASCHEA also re-
quires the definition of several extra parameters, and in its
latest version, it uses niching, which is a process that also
has at least one additional parameter [5].

Measuring the computational cost, the number of fitness
function evaluations (FFE) performed by our approach is
lower than the other techniques with respect to which it was
compared. Our approach performed 330,000 FFE. Stochas-
tic ranking performed 350,000 FFE, the Homomorphous
Maps performed 1,400,000 FFE, and ASCHEA performed
1,500,000 FFE.

It is interesting to note that with a very small popula-
tion size (only 3 individuals), the search power is improved
when we allow to the candidate solutions to replace (in a
deterministic way) the current solution regardless of their
feasibility.



Begin
t=0, S»=0.9, interval=0.9

Evaluate f(z°)
For t=1 to MAX_GENERATIONS Do

m=randint(1, \)

z§ =z, VieEn
If (flip(S») Then

Evaluate f(z€)

dse
If (flip(0.5) Then
dse

endif
endif

x5 =zt
endif
t=t+1
If (¢ mod n=0)Then

End If
If (¢ mod interval = 0)Then

If (My < 0.1) Then

dse
If (Mg > 0.2) Then

End If
End If
End If

End For
End

Create a random initial solution £ and store it as the superelitist solution z>

Produce A mutations of z(t=1) using:
ol =zl 4 ot] - Ni(0,1) Vi€ m, j =1,2,...,A
Generate one child z¢ by the combination of the A mutations using

Apply comparison criteria to select the best individual z* between z(*~1) and z¢
Evaluate all the A mutations obtained
xt = candidate solution with best objective function value regardless of feasibility

2t = best candidate solution based on the comparison criteria

If (ztbetter than £5) (using selection criteria) Then

{ olt—n]/c ifps>1/5
oftj=4¢ olt—n]-¢c ifps<1/5
ot —n] if ps =1/5

Calculate the mean deviation (M) of the current solutions in the interval

Sr(t) = S, (t —interval)/1.001

Sr(t) = Sy(t — interval)/1.001

€i(t) = €;(t — 1)/1.000001 (only for each i equality constraint)

Figure 3: Our algorithm of SES (n is the number of decision variables of the problem, flip(P) is a function that returns

TRUE with probability P ).

6 Conclusions and Future Work

We have introduced the addition of a diversity maintenance
mechanism to a simple ES previously proposed to solve
constrained optimization problems [9]. Such a mechanism
was found to improve the quality and robustness of our ap-
proach.

We also introduced the use of an online adaptive mecha-
nism that automatically updates the value of the S,. parame-
ter (responsible for controlling diversity in the population).
As its predecessor, the new SES does not require a penalty
function or any extra parameters (other than the original pa-
rameters of an ES) to bias the search towards the feasible
region of a problem. Additionally, this improved approach
has a low computational cost and it is easy to implement.

Our main path for future research is to explore in more
detail the impact of the S,. parameter on the performance of
the approach. We also intend to use our SES to solve some
engineering (real-world) optimization problems.
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