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Abstract In this Chapter we present the modification of a DifferenBablution
algorithm to solve constrained optimization problems. Thanges include a deter-
ministic and a self-adaptive parameter control in two of Eifferential Evolution
parameters and also in two parameters related with the reamtshandling mech-
anism. The proposed approach is extensively tested by asg&j of well-known
test problems and performance measures found in the sgediditerature. Besides
analyzing the final results obtained by the algorithm witbpet to its original ver-
sion, some interesting findings regarding the behaviordanrthe approach and in
the values observed on each of the parameters controlledsareliscussed.

1 Introduction

Evolutionary computing (EC) comprises a set of algorithrasdal on simulating
the natural evolution and the survival of the fittest. Thdgerithms are known as
Evolutionary Algorithms (EAS).

Three original EAs were proposed in the 1960’s: (1) GenelgpAthms (GAs)
[10], Evolution Strategies (ES) [28] and Evolutionary Preogming (EP) [9]. De-
spite the fact that they arose from different motivatioispthem have been used
to solve complex search tasks [12] providing competitiwites [1, 7, 23].

In the 1990’s Storn and Price proposed a novel EA called Eifféal Evolution
(DE) [27]. DE shares similarities with original EAs e.g. DEes a population of
solutions called vectors to sample the search space; DEiak®a recombination
and mutation operators to generate new vectors from themupopulation and,
finally, DE has a replacement process to discard the lessdibre Like ES, DE
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uses real-value vectors to represent solutions (no degquiocess is necessary as
in traditional GAs with binary encoding). Unlike Gaussiastdbution used in ES,
DE does not use a pre-defined probability distribution ferntutation operator.
Instead, DE uses the current distribution of vectors in theutation to define the
behavior of the mutation operator, and this seems to be oitg wiin advantages.
Furthermore DE, in its original version, does not perforifiradaptation process to
its parameters as ES does with its mutation operator.

The optimization problem in discrete, continuous or everetisearch spaces
has been solved by using EAs. However, two shortcomings eadmtified in this
process: (1) A set of parameter values must be defined by #reand the behavior
of the algorithm in the search process depends of thesesiahde(2) in presence of
constraints, a constraint-handling mechanism must bechtidine EA in order to
incorporate feasibility information in the selection amghlacement processes, and
this mechanism may involve additional parameters to betfined by the user.

Eiben and Schut [8] proposed a classification of paramet@mgéechniques: (1)
Parameter tuning and (2) parameter control. Besides, pdearoontrol is divided
into deterministic, adaptive and self-adaptive. Paraniaténg consists on defining
good values for the parameters before the run of an algor&hdhthen running
it with these values. On the other hand, deterministic patamcontrol aims to
modify the parameter values by a deterministic rule e.g.edfschedule. Adaptive
parameter control aims to modify the parameter values basesbme feedback
from the search behavior e.g. diversity measure to updatenttiation rate. Finally,
self-adaptive parameter control encodes the parametgevaito the chromosome
of solutions and they are subject to variation operatorg &kpected behavior is
that the search process will be able to evolve the solutiétiseoproblems as well
as to find the optimal values for the parameters of the algoriEiben and Schut [8]
mention that most of the work related to parameter settirigaased on variation
operators (mostly on mutation) and population size.

DE, as the remaining EAs, lacks a mechanism to incorporagiifiity informa-
tion into the fitness value of a given solution. Hence, theaaln of an adequate
constraint-handling technique for a given EA is an open lemob Coello [4] pro-
posed a taxonomy of mechanisms: (1) Penalty functionsp@jial representations
and operators, (3) repair algorithms, (4) separation adathjes and constraints and
(5) hybrid methods. Penalty functions [25] decrease thed#rof infeasible solu-
tions as to prefer feasible solution in the selection prec8pecial representations
and operators are designed to represent only feasibleswdwend the operators are
able to preserve the feasibility of the offspring generaiepair algorithms aim
to transform an infeasible solution into a feasible one. 3éyaration of objectives
and constraints consists on using these values as separiéeid in the selection
process of an EA [19]; this is opposed to penalty functioniseng the values of
the objective function and the constraints are joined ime single value. Finally,
hybrid methods are a combination of different algorithmd/anmechanisms e.g.
fuzzy-logic with EAs, cultural algorithms [15] and immungssems [5].

Research in parameter control for constrained optimiraticscarce compared
to unconstrained optimization. Furthermore, the reseaftdrts do not usually
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consider, with the exception of penalty-function-basegrapches, the parameters
added with the constraint-handling mechanism.

Based on the aforementioned, three main motivations aigahthis work: (1)
to propose parameter control mechanisms in a competitivéoEAonstrained op-
timization by considering parameters of the constraimteliag mechanism (2) to
analyze the behavior of these controlled parameter valbes\solving constrained
optimization problems and (3) to know the on-line behavibthe proposed ap-
proach by measuring the evaluations required to reach #sibie region and the
improvement within it.

We use a very competitive approach for constrained optitioizé&nown as Di-
versity Differential Evolution (DDE) [21] where some of tiE parameter values
and also those parameter values of its constraint-handieainanism are controlled
by deterministic and self-adaptive mechanisms. Furthezmee analyze the be-
havior of each parameter during the evolutionary processder to provide some
insights about the values they use. A set of 24 test funcfith22] and two perfor-
mance measures [18] found in the specialized literaturased in the experimental
design, where the aims are: (1) to compare the performantteeqfroposed DDE
algorithm with respect to its original version and with respto state-of-the-art ap-
proaches (2) to analyze the behavior of each parametergitivnprocess and (3)
to know the on-line behavior of the proposed approach coetpaith the original
DDE version.

The Chapter is organized as follows: In Section 2 we formailsent the prob-
lem of our interest. Section 3 offers a brief introductioa. After that, Section 4
presents a review of DE and parameter control in constraipéchization. In Sec-
tion 5 we detail DDE, the approach which is the base of ourystliden, Section
6 introduces our parameter control proposal. The expetahdasign, the obtained
results and their corresponding discussions are givendtidde?7. Finally, Section
8 provides some conclusions and the future work.

2 Statement of the problem

We are interested in the general nonlinear programming@non which, without
loss of generality, we want to:

Find x which minimizesf (x) (1)
subject to:
gi(X)SO, i:17"'7m (2)
hjx)=0, j=1,...,p 3)
wherex is the vector of solutions = [x1,Xp, ..., %], andeachx € R, i=1,...,n

is bounded by lower and upper limits < x; < U;. These limits define the search
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space of the problenm is the number of inequality constraints apé the number
of equality constraints (in both cases, constraints coellifear or nonlinear). If we
denote with.# to the feasible region and witl¥’ to the whole search space, then
it should be clear tha# C .. For an inequality constraint that satisfigéx) = 0,
then we will say that it is active at. All equality constraintd; (regardless of the
value ofx used) are considered active at all points’®f Most constraint-handling
approaches used with EAs tend to deal only with inequalityst@ints. However,
in those cases, equality constraints are transformednefguiality constraints of the
form:

lhj(x)| - <0 (4)

wheree is the tolerance allowed (a very small value).

3 Differential Evolution

DE is a simple, but powerful search engine that simulatesrabévolution com-
bined with a mechanism to generate multiple search dinestimsed on the dis-
tribution of solutions in the current population. Each e&dtin the population at
generatiorG, x; g, called at this moment of reproduction as the target vecibbes
able to generate one offspring, called trial vectgg). This trial vector is generated
as follows: First of all, a search direction is defined by akdting the difference be-
tween a pair of vectons; andry, called ‘differential vectors both of them chosen
at random from the population. This difference vector is alsaled by using a user-
defined parameter calle® "> 0" [27]. This scaled difference vector is then added to
a third vectorrs, called ‘base vectdt As a result, a new vector is obtained, known
as the mutation vector. After that, this mutation vectoeisombined with the target
vector (also called parent vector) by using discrete redoation (usually binomial
crossover) controlled by a crossover parameteil@R < 1 whose value determines
how similar the trial vector will be with respect to the targector. There are sev-
eral DE variants [27]. However, the most known and used is®ftel/1/bin, where
the base vector is chosen at random, there is only a pairfeféliftial vectors and a
binomial crossover is used. The detailed pseudocode o¥#miant is presented in
Figure 1.

4 Related Work

There are previous works on DE for constrained optimizaticempinen used
DE/rand/1/bin variant to tackle constrained problems [iyJusing Pareto domi-
nance in the constraints space, Mezura et al. [20] propa@sadd Deb’s feasibility
rules [6] into DE to deal with constraints. Kukkonen & Lam@m[13] improved
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Begin
G=0
Create a random initial populationg Vi, i =1,...,NP
Evaluatef (xig) Vi,i=1,...,NP
For G=1to MAX_GENDo
For i=1 to NPDo
Select randomly; #ry #r3:
jrand = randini{(1,D)
For j=1ton Do
If (rand;[0,1) < CRor j = jrang) Then
UijGe1 = Xg.j6+F (X j6—%yj6)
Else
Uijct1=Xjc
End If
End For
If (f(Uigr1) < f(xi6)) Then
Xi,g+1 = UiG+1
Else
Xi,G+1 =Xi,G
End If
End For
G=G+1
End For
End

Fig. 1 “DE/rand/1/bin” pseudocode. raji1) is a function that returns a real number between 0
and 1. randint(min,max) is a function that returns an integenber between min and maxP,
MAX_GEN, CRandF are user-defined parametengs the dimensionality of the problem.

its DE-based approach now to solve constrained multiolgoiptimization prob-
lems. Zielinsky & Laur also used Deb’s rules [6] in DE to sob@me constrained
optimization problems.

Other search techniques have been combined with DE. A gradased mu-
tation with DE by Takahama & Sakai was recently proposed.[82tombination
of Particle Swarm Optimization and DE (called PESO+), whbeeDE mutation
operator is considered as a turbulence operator, was EdnysMufioz-Zavala et
al. [26]. Other authors have proposed novel DE variantsdostrained optimization
[22] or multi-population DE approaches [33].

On the other hand, there are some studies regarding parasonateol in DE for
constrained optimization. Brest et al. [2] proposed an tdaparameter control to
two DE parameterd{ andCR). Huang et al. [11] presented an adaptive approach
to choose the most suitable DE variant to generate new gatbvs in constrained
search spaces. In this proposal, DE parameter&(andCR) were also adapted.
Liu & Lampinen [17] proposed to adapt DE parameters by meé&fsipzy Logic.

Besides controlling DE parameters, in this chapter two ipatars related with
the constraint-handling mechanism are controlled andyaed! Furthermore, two
performance measures help to understand the impact of titeotprocess in the
performance and behavior of the approach.
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5 Diversity Differential Evolution

Based on the very competitive performance shown by DE inajloptimization
problems [3], an adapted version to solve numerical optition problems in pres-
ence of constraints, called Diversity Differential Evatut (DDE) was proposed in
[21]. Three simple modifications were made to the originali@&d/1/bin (detailed
in Figure 1):

1. The probability of a target vector to generate a bettal wector is increased by
allowing it to generat®& O offspring in the same generation.

2. A simple constraint-handling mechanism based on fdagihiles [6] is added
to bias the search to the feasible region of the search space.

a. Between 2 feasible vectors, the one with the highest fitmalsie wins.

b. If one vector is feasible and the other one is infeasilhle,feasible vector
wins.

c. If both vectors are infeasible, the one with the lowest sfigonstraint viola-
tion is preferred

(221 max0,6i(x))).

3. Aselection ratio parameter0S < 1 is added to control the way vectors will be
selected. Based on ti& value the selection will be made based only in the value
of the objective functiorf (x) regardless of feasibility. Otherwise, the selection
will be made based on the feasibility rules described before

The detailed pseudocode of DDE is presented in Figure 2

6 Self Adaptive Diversity Differential Evolution

As it can be noted in the pseudocode presented in Figure 2, &l0E two param-
eters (NO andy)to the original four parameters used in DER, MAX_GEN, CR
andF). Therefore, in this work, two parameter control mechasisine proposed as
to keep the user from defining the values of four (out of sixppzeters. Three pa-
rameters are self-adapted and one of them uses a deterogoistrol. Furthermore,
the behavior of these parameters and the online perfornwitbe new approach
are analyzed.

6.1 Self-adaptive parameter control

In order to get a self-adaptive parameter control, the patars must be encoded
within the solution of the problem. Motivated on the way Exan Strategies work
[30], three parameters are encoded in each soluBQICR andNO as shown in
Figure 3.
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Begin
G=0
Create a random initial populationg Vi, i =1,...,NP
Evaluatef (xjg) Vi,i=1,...,NP
For G=1to MAX_.GENERATIONSDo
F=rand[0.3,0.9]
For i=1to NPDo
For k=1toNO Do
Select randomlyy #ry #Ar3 #i
jrand = randin{1,D)
For j=1ton Do
If (rand;[0,1) < CROr j = jrana) Then
childj = %3 j.c +F(Xy.j.6 —%p.j.6)
Else
Ch“dj =Xjc
End If
End For
Ifk>1Then
If (child is better thamij g1
based on the three selection critefTdjen
Ui_G+1=Chi|d
End If
Else
Ui‘G+1=Chi|d
End For
If flip(S) Then
If (f(uic+1) < f(Xi6)) Then
Xi,g+1 = UiGr1
Else
XiGg+1 = Xi.G
End If
Else
If (uj g+1is better tharx;
based on the three selection criteffd)en
Xi,G+1 = UiG+1
Else
Xi,G+1 =Xi,G
End If
End If
End For
G=G+1
End For
End

Fig. 2 DDE pseudocode. The steps modified with respect to the afifpi algorithm are high-
lighted with an arrowrandint(min,max returns an integer value betwegrin andmax rando, 1)
returns a real number between 0 and 1. Both functions adoptfarm probability distribution.
flip(W) returns 1 with probabilityVV. NP, MAX_GEN, CR F, NOand$§ are user-defined param-
eters.nis the dimensionality of the problem.

x 116 x inG F 1,G CR 16 NO 16
X 216G X 2,n,G F 2,G CR 2,G NO 2,G
NP.1G e X NP.n.G F NP.G CR NP.G NONP,G

Fig. 3 Encoded solutions including three parameters to be selfitad.
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Now, each solution has its owh, CRandN O values and these values are subject
to differential mutation and crossover. The process isarpt in Figure 4, where
the trial vector in Diversity Differential Evolution williherit the three parameter
values from the target vector if the last decision variabdes waken from it . On the
other hand, the values for each parameter will be calculatesing the differential
mutation operator i.e. they will be inherited from the migatvector. The decision
variables are handled as in traditional DE, howeverGRgarameter value used in
the process is that of the target vector.

If (the last decision variable was inherited from the targetorg Then

childjF =Fi g

Chi|deR: CR@\G

childjNO=NO; g
Else

child;F =F, c+Fic(Fr,.c —Fr,.0)

Chi|deR: CRr?,,G + Fi‘G(Cer,G — Cer,G)

child;NO = NO, 6 + Fi. 6(NO;, g —NOr, 6)
End If

Fig. 4 Differential mutation applied to the self-adapted pararetNote that th& value for the
target vectof g is used in all cases where differential mutation is used.

6.2 Deterministic parameter control

Recalling theSR parameter explanation in Section 5, this parameter cantha
percentage of comparisons made between pairs of vectorslpyonsidering the
objective function value, regardless of feasibility infaation. Therefore, it affects
the bias in the search [29]. High&Rvalues keep infeasible solutions located in
promising areas of the search space, whereas |&Raralues help to reach the
feasible region by using Deb’s rules [6].

Based on this behavior, ti&Rparameter is controlled by a fixed schedule. A sim-
ple function is used to decrease the value for this paranreserch a way that ini-
tial higher values allow DDE to focus on searching promisiegjons of the search
space, regardless of feasibility, with the aim to approaehfeasible region from
a more convenient area. Later in the process 3Realues will be lower, assum-
ing the feasible region has been reached and that it is mgrertant to keep good
feasible solutions. The range with8Rvalues will be considered is the following:
[0.450.65. At each generation, tHeRvalue will be decreased based on the expres-
sion in Equation 5:

SR™Y = SR — Agr (5)
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whereSR!Y is the new value for this paramet&R is the currenBRvalue, Asris
the amount decreased from this value at each generatioreémdated as indicated
in Equation 6:

(6)

whereSPF represents the initial value f@R and SF°max its last value in a given
run.

The detailed pseudocode of Diversity Differential Evadatiwith the parameter
control techniques, called Adaptive-DDE (A-DDE) is showrFigure 5.

7 Experiments and Results

In order to extensively test the A-DDE algorithm, six expegnts are conducted.
The first experiment compares the final results of A-DDE wétspect to the original
DDE (called Static DDE). In order to verify that the self-atlae mechanism is not
equivalent to just generating random values for them withiggested ranges, the
second experiment compares A-DDE with respect a special R&&on, called
Static2 DDE, where the values for the four controlled par@nsein A-DDE are
just generated at random (by using a uniform distributioithiw the same ranges
used in A-DDE. The third experiment analyzes the converg@mnaphs for Static
DDE, Static2 DDE and A-DDE. The fourth experiment includes graphs for the
three self-adapted parameteFs CR andNO) in order to know which values are
they taking as to provide competitive results. The fifth ekpent compares Static
DDE, Static2 DDE and A-DDE by using two performance measfamesonstrained
optimization in order to know (1) how fast the feasible regi®reached and (2) the
ability of each DE algorithm to improve inside the feasil#gion (difficult for most
EAs as analyzed in [18]). The two measures are the following:

1. Evals [14]: The number of evaluations (objective functand constraints) re-
quired to generate the first feasible solution are counteldw&r value is pre-
ferred because it means a faster approach to the feasilidareg

2. Progress Ratio [18]: Originally proposed by Back for amstrained optimiza-
tion [1]. It is a measure of improvement inside the feasikelgion by using the
objective function values of the first and the best feasiblet®n reached so far

at the end of the process. The formula is as follows=Rin %?Tf;) , Where
fmin (fo) is the objective function value of the first feasible solatfound and
fmin (T) is the objective function value of the best feasible solufimund in all
the search so far. A higher value means a better improvemsidei the feasible
region.
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Begin
G=0
= Create a random initial populatiot g Vi, i =1,...,NP
Evaluatef (X g) Vi,i=1,...,NP
Select randomlyRe (0.450.65
Select randomiBRs,,,, € (0.0,0.5)
For G=1toGmay Do
For i=1 to NPDo
= For k=1toNG, g Do
Select randomly; #ry #r3:
jrand = randin(1,D)
For j=1to D Do
= If (rand;[0,1) <CR g Or j = jrang) Then
childj g = Xr5.j.6 +Fi.c(X.j6 —%,.jc)
ban=0
Else
childjc =X j.c
ban=1
End If
End For
= If (ban==1)Then
Ch”dF.G = FiAG
Ch”dCRG = CR.G
Ch”dno‘G =Noi g
Else
childe g = Fry 6+ Fig(Fry.6 —Frpc)
childcre =CR, 6 +Fi6(CR; 6 —CR,)
childyoc =NO; 6 +Fi (NG, 6 —NGO, )
End If
If k>1Then
If (child is better than; g1
(Based on three selection criteriajjen
U gr1= child
End If
Else
Uigt1= child
End If
End For
If flip(SR
If (f(Uigr1) < f(Xig)) Then
XiG+1 = UiG+1
Else
XiG+1 =XiG
End If
Else
If (Uigi1<Xigc
(Based on three selection criterid)hen
Xi,G+1 = UiG+1
Else
Xi.Gg+1 = XiG
End If
End If
End For
G=G+1
= SR= SR—Asr
End For
End

4y

Fig. 5 A-DDE pseudocode. Arrows indicate steps where the paransetdgrol mechanisms are

involved.
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Finally, the sixth and last experiment compares the finalltegbtained by A-DDE

with those reported by some state-of-the-art algorithmghe first five experiments
24 well-known minimization test problems were used. Thesblpms are used to
test EAs in constrained search spaces. Details of the prsidan be found in [16].
A summary of their features can be found in Table 1.

Table 1 Details of the 24 test problemsn™is the number of decision variableg,= |.7| /||

is the estimated ratio between the feasible region and thelsespace [24], LI is the number of
linear inequality constraints, NI the number of nonlinegquality constraints, LE is the number of
linear equality constraints and NE is the number of nonlirepality constraintsa is the number
of active constraints at the optimum.

Prob. n  Typeof function P LI NI LE NE a
g0l 13 quadratic 0.0111% 9 0 0 0 6
g02 20 nonlinear 99.9971% O 2 0 0 1
g03 10 polynomial 0.0000% 0 0 0 1 1
g04 5 quadratic 52.1230% O 6 0 0 2
g05 4  cubic 0.0000% 2 0 0 3 3
go6 2  cubic 0.0066% 0 2 0 0 2
g07 10 quadratic 0.0003% 3 5 0 0 6
g08 2 nonlinear 0.8560% 0 2 0 0 0
g09 7  polynomial 0.5121% 0 4 0 0 2
gl0 8 linear 0.0010% 3 3 0 0 6
gll 2 quadratic 0.0000% O 0 0 1 1
gl2 3 quadratic 4.7713% 0 1 0 0 0
gl3 5 nonlinear 0.0000% 0 0 0 3 3
gld 10 nonlinear 0.0000% 0 0 3 0 3
gl5 3 quadratic 0.0000% O 0 1 1 2
glé 5 nonlinear 0.0204% 4 34 0 0 4
gl7 6 nonlinear 0.0000% 0 0 0 4 4
gl8 9 quadratic 0.0000% 0 12 0 0 6
gl9 15 nonlinear 33.4761% O 5 0 0 0
g20 24 linear 0.0000% 0 6 2 12 16
g2l 7 linear 0.0000% 0 1 0 5 6
g22 22 linear 0.0000% 0 1 8 11 19
g23 9 linear 0.0000% 0 2 3 1 6
g24 2 linear 79.6556% O 2 0 0 2

For all the experiments the results are based on 30 independges for each
DE algorithm for each test problem. The number of evaluatjperformed by each
DDE version is 180000 in order to promote a fair comparison (except experiment
6, where the results by the state-of-the-art algorithmsevt@ken directly from the
specialized literature). A tolerance value for equalitystoaintss = 1E-4 was used.
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7.1 Experiment 1

In the first experiment Static DDE and A-DDE are compared. fdmameters used
for each algorithm were the following:

1. Static DDE

e NP=60yGMAX=600

e SR=0.45

e NO=5,CR=0.9 andF € (0.3 0.9) generated at random.
2. A-DDE.

e NP=60yGMAX=600

e SRc (0.450.65), SF°mx ¢ (0.0,0.5), randomly generated on each indepen-
dent run and this value is controlled by the deterministictaal.

e NO€ (3,7),CRe (0.9,1.0) andF € (0.30.9) initially generated at random
per each vector in the population and then handled with tifi@daptive con-
trol.

The statistical results (best, mean and worst values froet af30 independent
runs) are summarized in Table 2.

From those results in Table 2, A-DDE was able to maintain tbedgperfor-
mance of the original DDE in fourteen test problems (g01, g0, g05, g06, g07,
g08, g09, gl11, g12, g15, g16, g18, g24). Furthermore, thestital values were
improved in six problems (g10, g14, g17, g19, g21 and g23jalfj, in problems
g02 and g13 the results, mostly in the average and worst sjaluere not better
than those provided by Static DDE. Problems g20 and g22 reedainsolved by
A-DDE.

7.2 Experiment 2

A-DDE is now compared with respect to Static2 DDE, where the parameters to
be controlled in A-DDE are just generated at random betwieeisame intervals in
Static2 DDE. The parameter values used in A-DDE were the saputed in ex-
periment 1 in Section 7.1. The parameters used in Static2 WexEe the following:

e Static2 DDE

— NP=60yGMAX=600

— SRe (0.450.65) generated at random instead of using the deterministic pa-
rameter control.

— NO€ (3,7),CRe (0.91.0) andF € (0.3,0.9) also generated at random in-
stead of using the self-adaptive parameter control.



Parameter control in DE for Constrained Optimization 13

Table 2 Comparison of results obtained with the original DDE vemswith static parameter
values (named Static DDE) and the proposed Adaptive-DDEefhenistic and self-adaptive pa-
rameter control). -, means no feasible solution found. Valueshioldface mean that the global
optimum or best know solution was reached, valuataiic mean that the obtained result is better
(but not the optimal or best known) with respect to the apgiia@mpared.

Best Best Mean Wor st
Test known | Adaptive Static | Adaptive Static | Adaptive Static
problem solution DDE DDE DDE DDE DDE DDE

901 -15000 | -15000 -15000 | -15000 -15.000 | -15.000 -15.000
g02  -0.803619 -0.803605 -0.803618 -0.771090 -0.789132| -0.609853 -0.747876,
g03  -1.000 | -1000  -1.000 | -1.000  -1.000 | -1.000  -1.000
g04  -30665.53p30665.539 -30665.539|-30665.539 -30665.539|-30665.539 -30665.539
905  5126.497| 5126497 5126.497 | 5126.497 5126497 | 5126.497 5126.497
g06  -6961.814 -6961.814 -6961.814 | -6961.814 -6961.814 | -6961.814 -6961.814
907 24306 | 24306 24306 | 24306 24306 | 24306  24.306
g08  -0.095825 -0.095825 -0.095825 | -0.095825 -0.095825 | -0.095825 -0.095825
g09 68063 | 680.63  680.63 | 68063  680.63 | 680.63  680.63
gl0  7049.248 7049.248 7049.248 | 7049.248 7049.262| 7049.248 7049.503
gl1 0.75 0.75 0.75 0.75 0.75 0.75 0.75
gl2  -1.000 | -1.000  -1.000 | -1.000  -1.000 | -1.000  -1.000
913  0.053942 0.053942 0.053942 | 0.079627 0.053942 | 0.438803 0.053961
gld  -47.765| -47.765 - -47.765 - -47.765 -
915  961.715| 961.715 961715 | 961715 961715 | 961715  961.715
gl6  -1.905 | -1905  -1.905 | -1.905  -1.905 | -1905  -1.905
917  8853.540 8853540 8853.540 | 8854.664 8854.655| 8858.874 8859.413
gl8  -0.866025 -0.866025 -0.866025 | -0.866025 -0.866025 |-0.866025 -0.866025
919  32.656 | 32656 32656 | 32.658 32.666 | 32.665  32.802
920  0.096700 - - - - - -
921  193.725| 193725 193.725 | 193725 193.733 | 193.726 193.782
922  236.431 - - - - - -
923 -400.055| -400.055 - -391.415 - -367.452 -
924 5508 | -5508  -5508 | -5508  -5508 | -5508  -5.508

The summary of statistical values from a set of 30 indeperders is shown in
Table 3.

The results in Table 3 suggest that the effect of the selp@damechanism is
not equivalent to just generating random values within eaent limits. A-DDE
provided better statistical results (mostly in the meanwarst values from a set of
30 independent runs) in thirteen test problems (g01, g02, g06, g07, g10, g13,
g14, g16, g17, g19, g21 and g23). In nine problems the pedoc®was similar
between A-DDE and Static2 DDE (g03, g05, g08, g09, g11, g1%, g18 and
g24). Finally, Static2 DDE was unable to provide better itsso any problem.
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Table3 Comparison of results obtained with the DDE version withd@nly-generated parame-
ter values (named Static2 DDE) and the proposed Adaptive-Qi2terministic and self-adaptive
parameter control).-", means no feasible solution found. Valuesinldface mean that the global
optimum or best know solution was reached, valuataiic mean that the obtained result is better
(but not the optimal or best known) with respect to the apgiia@mpared.

Best Best Mean Wor st
Test known | Adaptive  Static2 | Adaptive  Static2 | Adaptive  Static2
problem solution DDE DDE DDE DDE DDE DDE

901 -15.000 | -15000 -15000 | -15000 -14.937 | -15000 -13.917
g02  -0.803619 -0.803605 -0.803610 -0.771090 -0.706674| -0.609853 -0.483550)
g03  -1.000 | -1000  -1.000 | -1.000  -1.000 | -1.000  -1.000
g04  -30665.53p:30665.539 -30665.539|-30665.539 -30660.23-30665.539 -30591.889
905  5126.497| 5126497 5126.497 | 5126.497 5126497 | 5126.497 5126.497
g06  -6961.814 -6961.814 -6961.814 | -6961.814 -6959.015| -6961.814 -6877.840)
907 24306 | 24306 24306 | 24306  24.945 | 24306  38.903
g08  -0.095825 -0.095825 -0.095825 | -0.095825 -0.095825 | -0.095825 -0.095825
g09  680.63 | 680.63  680.63 | 68063  680.63 | 680.63  680.63
910  7049.248 7049.248 7049.248 | 7049.248 7073.779| 7049.248 7308.826
gl1 0.75 0.75 0.75 0.75 0.75 0.75 0.75
gl2  -1.000 | -1.000  -1.000 | -1.000  -1.000 | -1.000  -1.000
913 0.053942 0.053942 0.053942 | 0.079627 0.131458| 0.438803 0.438803
gld  -47.765| -47.765 - -47.765 - -47.765 -
915  961.715| 961.715 961715 | 961715 961715 | 961715  961.715
gl6  -1.905 | -1905  -1.905 | -1.905  -1905 | -1.905  -1.900
917  8853.540 8853540 8853.540 | 8854.664 8855.884| 8858.874 8859.693
gl8  -0.866025 -0.866025 -0.866025 | -0.866025 -0.866025 |-0.866025 -0.866025
gl9  32.656 | 32656 32656 | 32.658 37.785 | 32.665  65.993
920 - - - - - - -
921  193.725| 193725 193.725 | 193725 198.009 | 193.726 263.444
922 - - - - - - -
923  -400.055| -400.055 -400.011| -391.415 -370.854| -367.452 -165.715
924  -5508 | -5508  -5508 | -5508  -5508 | -5508  -5.508

7.3 Experiment 3

In order to analyze the convergence behavior of each DDFEitlgpcompared, the
convergence graph of the run located in the median valueed®@independent runs
was plotted for each test problem. The graph starts whenrtddasible solution is
generated. Thg-axis represents the generation number ang/taeis is calculated
as follows:log10( f (x) — f(x*)), wheref(x) is the best feasible solution found in
the current generation arfdx*) is the optimal solution or best known solution for
the problem being solved (see Table 1).

For sake of clarity representative graphs were groupeddbasehe behavior
observed: (1) Test problems where the convergence wassianiong Static DDE,
Static2 DDE and A-DDE in Figure 6, (2) problems where A-DDEwerged to
better solutions faster than the other two approaches iar&ig and (3) problems
where A-DDE got trapped in a local optimum solution in Fig8re
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Regarding Figure 6, besides problems g06, g15 and g16, thesggence be-
havior was similar in other nine problems (g01, g03, g04,, @@8, g09, g11, g12
and g24). A-DDE was able to present a better convergenceioehiaesides prob-
lems g07, g19 and g21 in Figure 7, in other five problems (g18, g14, g18 and
g23). Finally, the two problems presented in Figure 8 (gQ2gi) are those where
A-DDE got trapped in local optima solutions compared to ttieeotwo DDE algo-
rithms.

There is not a clear pattern between convergence behawddeatures of a test
problem. However, the results indeed show that A-DDE mastintained the origi-
nal DDE competitive convergence behavior and even was allap local optimum
solutions and providing better results in some problemstrabthem in presence
of equality constraints (g13, g14, g21 and g23).

7.4 Experiment 4

The results of the experiment to analyze the values taketh#icontrolled pa-
rameters are reported as follows: Two graphs for repregeati@st problems are
presented. One graph includes the average value foF taed CR parameters in
each generation of the run located in the median value oud ai@pendent runs.
The other graph presents the average value of\tBeparameter of the same run.
As in the previous experiment, the graphs are grouped basttedehavior found:
(1) Those where the parameter values converged to a speaitie in Figure 9,
(2) problems where the parameter values oscillated andrtakerésults were better
with respect to the compared approaches in Figure 10 andyfii3altest problems
where the parameter values oscillated and the final restiesewnot better than
those obtained with the other two DDE versions in Figure 11.

Itis clear from Figures 9, 10 and 11 that an oscillating béravas obtained in
all cases, This effect was more remarkedrimndNO, whereas irCRit is barely
noted. Based on these results, the self-adaptive mechahate to find thaCR=
0.9, which means trial vectors more similar to the mutatiorieeand less similar to
the target vector, is a suitable value on this set of testtfons. On the other hand,
F €[0.5,0.7] andNO € [3,5] are adequate boundaries for the set of constrained
problems used in the experiments.

Figure 9 includes representative graphs for test probleherevthe parameter
values reached a single value after converging to an optif@@a Figure 6). Other
test problems where the behavior was similar were g04, dii,gl1, g12 and g24.

Figure 10 contains graphs where A-DDE provided a better femllt (See Fig-
ure 7), but required more time to converge. In the same wayp#rameter values
kept oscillating, helping the search by varying the valumestly for F and NO.
Other test functions with the same type of results were g03, g05, g10, g14,
g17,gl18 and g23.

Finally, Figure 11 shows those graphs where the parameliges/&ept varying
while A-DDE got trapped in a local optimum solution (See Fi8).
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Fig. 6 Convergence graphs for problems g06, g15 and g16 where Hawibe was similar in the
three compared DE algorithms.
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GO07 Convergence graph
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G19 Convergence graph
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G21 Convergence graph
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Fig. 7 Convergence graphs for problems g07, g19 and g21 where tiwvibe of A-DDE was
better.
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G02 Convergence graph
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G17 Convergence graph
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Fig. 8 Convergence graphs for problems g02 and g17 where the leldA-DDE was not better
than those provided by the compared approaches.

7.5 Experiment 5

The 95%-confidence intervals for the mean value, out of 3@peddent runs are
presented for both performance measures: Evals in Tablel £ergress Ratio in
Table 5. The aim is to analyze the average performance oftke DDE versions
as to establish the effect of the deterministic and selfptidgacontrol mechanisms.

Regarding the Evals results reported in Table 4, some testigms were not
considered in the discussion because the feasible regismaeahed in the initial
population or even in the first generation. These problermg@®, go4, g08, g09,
012, g19 and g24. Problems g20 and g22 are also excludeddeenaufeasible
solutions were found by any algorithm. The confidence iratisrfor Evals indicate
that Static2 DDE reached the feasible region faster in gigbblems: g03, g05,
g06, gl11, g13, g15, g17 and g21. Static DDE generated feasihlitions faster in
four problems: g01, g07, g16 and g18. A-DDE only found feles#folutions faster
in three problems: g10, g14 and g23. These results poinhatithhe deterministic
and self-adaptive mechanisms, despite maintaining oramipg the quality and
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Fig. 9 Average values foF, CRy NO parameters in each generation on the run located in the
median value out of 30 independent runs for problems g06,aytbgl6. The parameter values
converged to a single value.

consistency of the final results, delayed the arrival to #asible region with respect
to the other two DDE variants.

The results for the Progress Ration in Table 5, where againi@ms g20 and g22
are excluded from discussion because no feasible solutvens found, show that
A-DDE obtained a better improvement inside the feasibléore@ ten problems:
g02, g04, g09, g10, g14, g15, g16, g17, g21 and g23. Static &iid&ined a better
Progress Ratio interval in eight problems g01, g06, g07, g08, g12, g18 and g19,
while Static2 DDE was better in four problems: g03, g05, gi@ g24.

After taking more evaluations to reach the feasible regfDDE was able
to improve the fist feasible solution in more problems withpect to Static and
Static2 DDE. This behavior suggests that A-DDE enters thsilide region from a
more promising region, based on a better exploration ofélaech space due to the
suitable parameter values. However, this issue requirtiseiuand more detailed
research.
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Behavior of NO parameter on function g07
Behavior of F and CR parameters on fuction go7
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Fig. 10 Average values foF, CRy NO parameters in each generation on the run located in the
median value out of 30 independent runs for problems g07,agtdg21. The parameter values
keep oscillating during all the run and the final results wetter with respect to both Static DDE
versions.

7.6 Experiment 6

In order to compare the final results obtained with A-DDE wi#ispect to state-
of-the-art approaches, a summary of statistical value$eriitst 13 test problems
(the most used for comparison in the specialized literatare presented in Table
6. The approaches used for comparison are: (1) The Genenedvwork for con-
strained optimization by Venkatraman & Yen [35], where tkarsh is divided in
two phases, one where only the feasibility of solutions issidered and another
one where the feasibility and the optimization of the objecfunction are taken
into account, (2) the self-adaptive penalty function byseesa & Yen [34], where
a parameter-free penalty function is used to deal with timstzaints of the problem
and (3) a mathematical programming approach combined withitation operator
by Takahama & Sakai [31]. The comparison shows that A-DDEdeéd very com-
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Behavior of NO parameter on function g02
Behavior of F and CR parameters on fuction g02
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Fig. 11 Average values foF, CRy NO parameters in each generation on the median value out of
30 independent runs for problems g02 and g17. The paramalieesvkeep oscillating during all
the run and the final results were not better with respect tio 8tatic DDE versions.

petitive with other evolutionary approaches for consedioptimization based on
the quality (best result obtained so far) and consisteneitédbmean and standard
deviation values) of the final results.

8 Conclusions and Future Work

In this chapter, a deterministic and self-adaptive parant&ntrol mechanisms were
added to a competitive DE-based approach, called DivelBsffgrential Evolution
(DDE) to solve constrained optimization problems. The pimal approach, called
Adaptive-DDE (A-DDE) considered the encoding of three pasters per each vec-
tor in the population, two from the original DEE (@ndCR) and one related with the
constraint-handling mechanisNQ, number of trial vectors generated per target
vector). Traditional mutation and crossover DE operatoesewused to self-adapt
these three values per each vector. Furthermore, othemp&aawhich controls
the bias in the search to keep infeasible solutions locatgatémising areas of
the search space (based on the objective function valuatdiegs of feasibility),
calledS was deterministically controlled by a decreasing functfonusing first on
keeping good infeasible solutions and, after that, maiirigimostly good feasible
solutions and discarding those infeasible ones.
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Table4 95%-Confidence intervals for the Evals performance measute three DE algorithms
compared. The best values are remarkeldliaiface.

Proble Evals

Adaptive DDE Static Static2
g01 [6134,5158] [4349,4375] [4852,4875]
g02 [62,62] [61,61] [61,61]
go3 [5396,5440] [5038,5084] [4989,5023]
go4 [63,63] [62,63] [65,65]
g05 | [18926,18948] [20825,2085(].8820,18858]
g06 [1237,1244] [1282,1291] [1221,1231]
go7 [2723,2734] [2432,2443] [2590,2605]
go8 [143,146] [152,154] [163,166]
g09 [163,165] [188,192] [165,167]
gl0 [4137,4158] [4236,4259] [4486,4509]
gl1 [2681,2715] [2393,2419] [2161,2190]
gl2 [79,79] [78,78] [85,85]
gl13 | [30866,30973] [34440,34551P9012,29164]
gl4 |[106738,106899] - -
gl5 | [11332,11354] [11528,11545]10362,10386]
gl6 [1312,1323] [1159,1168] [1199,1210]
gl7 | [33804,33865] [37488,37553B0929,31013]
gl8 | [10785,10818] [10282,10310] [10434,10468
g19 [64,64] [62,62] [64,64]
g20 - - -
g21 | [38214,38289] [47745,4785¢B4957,35127]
g22 - - -
023 | [59992,60107] - -
g24 [62,62] [62,63] [62,62]

I

A-DDE was extensively compared with respect to the origlDBIE and also
with respect to other state-of-the-art approaches. Sierxgnts were conducted
and the following findings were obtained:

e A-DDE maintained the very competitive performance of thigioal DDE and it
also was able to improve the final results in some test prahlem

e A-DDE's performance was clearly superior with respect tazHY¥ersion where
just random values were generated per each parameter aidleiquate limits.
The self-adaptive mechanism seems to be effective in mdkedest problems.

e A-DDE convergence behavior was similar in most cases wipeet to the origi-
nal DDE. However, in some problems with equality constsaADDE was able
to avoid local optimum solutions.

e An oscillating behavior dominated the self-adaptive meddra on the three pa-
rameters encoded on each vector in the population. The @féscmore remarked
in F € [0.5,0.7] and inNO € [3,5], whereaCR~ 0.9 was almost a constant in
all the test problems. These results indicate that DDE req\{lL) different scale
values for the search directions generated in the proc®ss &llow each target
vector to generate at least 3 trail vectors and (3) to let thermore similar to
the mutation vector instead of being similar to the trialteec
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Table 5 95%-Confidence intervals for the Progress Ratio performaneasure in the three DE
algorithms compared. The best values are remarkédluiface.

Problen Progress Ratio
Adaptive DDE Static Static2
g01 [1.004,1.013] [1.064,1.073] [0.900,0.906]
g02 [1.071,1.074] [1.060,1.062] [1.005,1.008]
g03 [1.199,1.216] [1.255,1.273] [1.411,1.427]

904 |[0.77E-01,0.78E-01] [0.63E-01,0.63E-01] [0.62E-01,0.63E-(1]
g05 |[0.83E-06,0.85E-06] [0.17E-05,0.18E-0F).20E-05,0.21E-05]

906 [0.375,0.379] [0.446,0.450] [0.396,0.400]
g07 [1.689,1.699] [1.849,1.857] [1.750,1.761]
908 [1.465,1.479] [1.691,1.701] [1.479,1.492]
g09 [2.622,2.647] [2.522,2.558] [2.492,2.528]
g10 [0.468,0.470] [0.481,0.483] [0.484,0.487]
g1l |[0.52E-01,0.53E-01]0.58E-01,0.59E-01] [0.30E-01,0.31E-01]
gl12 [0.102,0.104] [0.123,0.124] [0.100,0.102]

g13 |[0.11E-02,0.11E-02] [0.89E-03,0.97E-0R).34E-02,0.36E-02]
gl4 |[0.47E-01,0.47E-01] - -
g15 |[0.11E-05,0.12E-05] [0.10E-05,0.11E-05] [0.92E-06,0.96E-(6]

g16 [0.215,0.216] [0.205,0.207] [0.207,0.209]
g17 |[0.12E-02,0.12E-02] [0.41E-03,0.44E-03] [0.61E-03,0.64E-(3]
gl8 [0.731,0.738] [0.763,0.771] [0.710,0.714]

g19 [3.124,3.129] [3.150,3.155] [2.990,2.997]

920 - - -

921 |[0.54E-01,0.55E-01] [0.31E-01,0.31E-01] [0.35E-01,0.35E-(1]
922 - - -

923 [0.290,0.294] - -

924 [0.397,0.401] [0.310,0.313] [0.506,0.517]

e The results obtained in the two performance measures shihaed-DDE re-
quires more evaluations to reach the feasible region wipeet to the original
DDE. However, A-DDE is capable of generating a better improent inside it.

e A-DDE provided very competitive results with respect to sostate-of-the-art
approaches.

Part of the future work derived from the present researclo ianialyze more
in depth how A-DDE approaches the feasible region with ressfethe original
DDE as to get more knowledge on the effects of the parametgralonechanisms
added. Moreover, we will use A-DDE to solve complex engiimegdesign prob-
lems. Finally, we will test other type of special operatar®ider to self-adapt the
parameters encoded in each vector of the population.
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Table 6 Statistical results obtained by A-DDE with respect to thpsavided by state-of-the-art
approaches on 13 benchmark problems. Valuémidface mean that the global optimum or best
know solution was reached, valuesitalic mean that the obtained result is better (but not the
optimal or best known) with respect to the approaches coaap&to results reported for problems
g12 andgl3 were found in [35]

[Problem/BKY] Statistid Venkatraman & Yen [3g[Tessema & Yen [34[Takahama & Sakai [3]] A-DDE |

g01 Best -15.000 -15.000 -15.000 -15.000
-15.000 |[|Median -15.000 -14.966 -15.000 -15.000
Worst -12.000 -13.097 -15.000 -15.000
St. Dev. 8.51E-01 7.00E-01 6.40E-06 7.00E-06
g02 Best -0.803190 -0.803202 -0.803619 -0.803605
-0.803619 || Median -0.755332 -0.789398 -0.785163 -0.777368
Worst -0.672169 -0.745712 -0.754259 -0.609853
St. Dev. 3.27E-02 1.33E-01 1.30E-02 3.66E-02
g03 Best -1.000 -1.000 -1.000 -1.000
-1.000 Median -0.949 -0.971 -1.000 -1.000
Worst -1.000 -0.887 -1.000 -1.000
St. Dev. 4.89E-02 3.01E-01 8.50E-14 9.30E-12
g04 Best -30665.531 -30665.401 -30665.539 -30665.539
-30665.539 | Median -30663.364 -30663.921 -30665.539 -30665.539
Worst -30651.960 -30656.471 -30665.539 -30665.539
St. Dev. 3.31E+00 2.04E+00 4.20E-11 3.20E-13
g05 Best 5126.510 5126.907 5126.497 5126.497
5126.497 ||Median 5170.529 5208.897 5126.497 5126.497
Worst 6112.223 5564.642 5126.497 5126.497
St. Dev. 3.41E+02 2.47E+02 3.50E-11 2.10E-11
g06 Best -6961.179 -6961.046 -6961.814 -6961.814
-6961.814 || Median -6959.568 -6953.823 -6961.814 -6961.814
Worst -6954.319 -6943.304 -6961.814 -6961.814
St. Dev. 1.27E+00 5.88E+00 1.30E-10 2.11E-12
g07 Best 24.411 24.838 24.306 24.306
24.306 Median| 26.736 25.415 24.306 24.306
Worst 35.882 33.095 24.307 24.306
St. Dev. 2.61E+00 2.17E+00 1.30E-04 4.20E-05
g08 Best -0.095825 -0.095825 -0.095825 -0.095825
-0.095825 (| Median -0.095825 -0.095825 -0.095825 -0.095825
Worst -0.095825 -0.092697 -0.095825 -0.095825
St. Dev. 0 1.06E-03 3.80E-13 9.10E-10
g09 Best 680.76 680.77 680.63 680.63
680.63 Median| 681.71 681.24 680.63 680.63
Worst 684.13 682.08 680.63 680.63
St. Dev. 7.44E-01 3.22E-01 2.90E-10 1.15E-10
g10 Best 7060.553 7069.981 7049.248 7049.248
7049.248 || Median 7723.167 7201.017 7049.248 7049.248
Worst 12097.408 7489.406 7049.248 7049.248
St. Dev. 7.99E+02 1.38E+02 4.70E-06 3.23E-4
gll Best 0.75 0.75 0.75 0.75
0.75 Median 0.75 0.75 0.75 0.75
Worst 0.81 0.76 0.75 0.75
St. Dev. 9.30E-03 2.00E-03 4.90E-16 5.35E-15
gl2 Best NA -1.000 -1.000 -1.000
-1.000 Median NA -1.000 -1.000 -1.000
Worst NA -1.000 -1.000 -1.000
St. Dev. NA 1.41E-04 3.90E-10 4.10E-9
913 Best NA 0.053941 0.053942 0.053942
0.053942 || Median NA 0.054713 0.053942 0.053942
Worst NA 0.885276 0.438803 0.438803
St. Dev. NA 2.75E-01 6.90E-02 9.60E-02
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