Chapter 2

Real - Coded Adaptive Range Genetic Algorithm

2.1. Introduction

Finding a global optimumin thecont inuous doma in is challenging for Genetic Algorit hms

(GAs). Traditional GAs usethebinary representation that evenly discr etize s a real design spac e.

Although such binary - coded GAs havebeen successfully applied to a widerangeof design optimization problems, they suffer fromdisadvantages, when applied to thereal - world problems involving a largenumber of real design variables . Sincebinary substr ings represent ing each paramet er with t hedesir ed precision areconcatenat ed t o represent an individual, theresult ing string encoding a largenumber of design variables would wind up a hugestring length. For example, for 100 variables with a precision of six digits, thestring lengt h is about 2000. GAs would perfor mpoorly for such design problems. Previous applications havebeen kept away fr omt his problem by sacrificing precision or narrowing down thesearch regions prior to theoptimization. However, s uch approaches might excludethe region that actually has theglobal optimum.

Anot her drawback of thebinary - coded GAs applied to paramet er optimization problems in cont inuous domains comes from discr epancy bet ween thebinary representation spacea nd t hea ctual problemspace. For exa mple, t wo points closeto each ot her in t herepr esentation spacemight befar in thebinary represent ed problemspace. It is still an open question to construct an efficient crossover operator that suits to such a modified probl emspace.

A simple solution to theseproblems is theuseof thefloating - point repr esentation of paramet ers. In thesereal - coded GAs, an individual is coded as a vector of real numbers corresponding to thedesign variables. Ther eal - coded GAs are robust, a ccurate, and efficient becausethe floating - point r epresentation is conceptually closest t o ther eal design space, and mor eover, thestring lengt h reduces to thenumber of design variables. However, even thereal - coded GAs would lead t o prematureconvergen cewhen applied t o aerodyna mic shapedesigns wit h a largenumber of design variables.

A mor esophist icated approach is to dyna mically alt er thecoarseness of thesearch space referred to as dyna mic coding. In [1], Krishnakumar et al. present ed Stochastic G enet ic Algorit hms

(Stochastic GAs) to efficient ly solveproblems wit h a largenumber of real design paramet ers. Thekey features of Stochastic GAs are:

1. Each binary number represents a region of thereal spaceinst ead of a singlepoint to ma intaining good p recision with thesmall string length.

2. Those regions adapt during t heoptimization process according t o the 1/5 th success ruleas

Evolutionary Strategies (ES) to improve efficiency and robustness.

TheStochastic GAs havebeen successfully applied to Int egr ated Flight Propulsion Controller designs

[1] and air combat tactics optimization [2]. As they explained, theStochastic GAs bridgethegap between ES and GAs to handlelargedesign problems.

AdaptiveRangeGene t ic Algorit hms (ARGAs) area new approach usi ng dyna mic coding proposed by Arakawa and Hagiwara [3]for binary - coded GAs to treat continuous design space. The essence of their idea is to adapt thepopulation toward promising design regions during t he optimization process, which enables efficient and robust search in good precision whilekeeping the string lengt h small. Moreover, ARGAs eliminat eprior definit ion of boundaries of thesearch regions sinceARGAs distributedesign ca ndidat es according to thenor mal distributions of thedesign variables in thepresent population. In [4], ARGAs havebeen applied t o pressurevessel designs and outperformed other optimization algorithm s.

Theobjectiveof this chapt er is to develop robust and efficient GAs applicableto aerodyna mic shapedesigns. To achievethis goal, the idea of thedyna mic coding is incorporated wit h theused of thefloating - point representation. Sincet heideas of theStochastic GAs and theuseof the floating - point repr esentation are incompatible , ARGAs for thefloating - point representation a r e developed. Thereal - coded ARGAs are expect ed to posses s both advantages of thebinary - coded

ARGAs and thefloating - point representation to overcomet heproblems of having a largesearch space that requir es continuous sampling. First, to displa y advantag es of thepresent approach, theproposed approach is applied to a test function optimization problem. Then, an aerodyna mic airfoil shape optimization is demonstrated t o ensur ethefeasibility of theproposed approach in aer odyna mic design problems.

2.2. A daptive Range Genetic Algorithms

2.2.1 ARGAs for Binary Representation

When convent ional binary - coded GAs areapplied t o rea l - number optimization problems, discret evalues of real design variables p i aregiven by evenly discr etizing prior - defined search re gions for each design variable[ p i,min , p i,max ] according to thelength of thebinary substring b i,l as min , min , max , 1 2

) ( i sl

i i i i

p

c p p p +

-

- =

(2.1) where

) 2 ( 1

1

,

-

=

× = å l

sl l

l i i

b c (2.2)

In binary - coded ARGAs, decoding rules for theoffspring aregiven by the following nor ma l distributions:

) )( , ( 2 ) )( , ( 2 2 i i i i i i i

p N p N

s m s p s m × = ¢

)

2

) (

exp(

2

2

i i i p

s m -

- =

(2.3)

wher etheaverage m i and thestandard deviation s i of each design variablearedet er mined by the

population statistics . Thosevalues arerecomput ed in ever y generation. Then, mapping froma binar y

string int o a real number is given so that theregion bet ween UB N ¢ and LB N ¢ in Fig. 2.1 is divided

into equal sizeregions according to thebinary bit sizeas

ï ï

î ï ï

í ì

³

-

- ¢ - ¢ - ¢ × - +

- £

-

¢ - ¢ + ¢ × - -

=

-

-

-

-

-

1

1

1 2

1

1

2

2 )

1 2

2

) ( ln( 2

1 2 )

1 2

) ( ln( 2

sl

i sl sl

i

LB UB UB i i sl

i sl i

LB UB LB i i

i

c for c

N N N c for c

N N N

p

s m s m

(2.4)

wher e UB N ¢ and LB N ¢ areadditional syst emparamet ers defined in [0,1]. In theARGAs, genes of

design candidates repr esent relativelocations in theupdated rangeof thedesign space. Therefor e, the

o ffspring aresupposed to represent likely a rangeof an optimal valueof design variables.

(000)

(001)

(010) (101)

(100)

(110)

(111)

p i p i(B=(000)) p i(B=(111))

(011)

LB N ¢

UB N ¢

Fig 2.1 Decoding for binary - coded ARGAs

Although t heoriginal ARGAs ha vebeen successfully applied to r eal paramet er opt imizations,

ther eis still roomfor impr ovements. Thefirst oneis how to select thesyst emparamet ers UB N ¢ and

LB N ¢ on which robustness and efficiency of ARGAs largely depend. Thesecond oneis theuseof

constant int er vals even near the cent er of thenor mal distributions. Third oneis that sincegenes

represent relativelocations, theoffsprings become constantly away fromt hecent ers of thenor ma l

distributions when thedistributions areupdated. Therefore, theactual population statistics does not

coincide with theupdated population statistics.

2.2.2 ARGAs for Floating - Point R epresentation

In real - coded GAs, real values of design variablearedirectly coded as a real string r i :

i i r p =

(2.5)

where

max , min , i i i p r p £ £

Or, some times normalized values of thedesign variables areused as:

min , min , max ,

) (

i i i i i p r p p p + × - = (2.6)

where

1 0 £ £

i r

To employ thefloating - point representation for ARGAs, thereal - va lued design variable p i is rewritt en

her eby a real number r i de fined in [0,1] so that int egral of t heprobability distribution of thenor ma l

distribution from ¥ - to pn i is equal to r i as:

i i i i pn p m s + × =

(2.7)

dz z N r i pn

i ò

¥ -

= ) )( 1 , 0 (

(2.8)

wher etheaverage m i and thestandard deviation s i of each design variablearecalculated by thet op

half of thepresent population. Schematic view of this coding is illustrated in Fig. 2.2. It should be

not ed that thereal - coded ARGAs resolvedrawbacks of theoriginal ARGA s; no need for

selecting UB N ¢ and LB N ¢ as well as arbitrary resolution near theaverage. To prevent inconsist ency

bet ween t heactual and updated population statistics, thepresent ARGAs update m and s every N

generation s and t hen thepopulation is reinit ialized. Flowchart of ther esult ing ARGA is shown in Fig.

2.3.

To improverobustness of thepresent ARGAs further , relaxation factors m w and s w are

introduced to updatetheavera geand standard deviation as

) (

present sampling present new m m w m m

m

- + = (2.9)

) (

present sampling present new s s w s s

s

- + = (2.10)

wher e w lower than 1 contribut es to improverobustness of theARGAs. sampling m and sampling s ar e

determined by sampling thetop half of thepresent population.

pn i pn i ( ri ) r i

i r i

Fig. 2.2 Decoding for real - coded ARGAs

Initial population

Evaluation

Selection

Reproduction by

crossover+mutation

Optimum

Range

adaptation

Reproduction by

random distribution

Sampling for

range adaptation

Every N generations

Fig. 2.3 Flowchart of thep resent ARGA

2.3. Results

In t his sect ion, a real - coded ARGA is applied t o two t est problems : (1) a test function

optimization problem, (2) an aer odyna mic airfoil shapeoptimization. In bot h calculations, the present

ARGA uses non - overlapping syst emcoup led wit h elit ist strategy wher ethe best and thesecond best

individuals are copied int o thenext generation , parental selection by SUS coupled wit h ranking using

Michalewicz ´ s nonlinear funct ion, one - point crossover, unifor m mutation t hat takes placeat a

probabilit y of 0.1 and t hen adds a randomdisturbances to thedesign variablein the a mount up to

r

10 % of t he domain. User - defined paramet ers of the rea l - coded ARGA, w m , w s and N, areset to 1, 0.5 and 4, respectively. Theseparamet ers aredet er mined by a parametric study using a simplet est funct ion not shown her e. Unbiased initial population is generated by randomly spreading solutions over the entiredesign spacein consideration.

2.3.1 Test FunctionMinimization

Prior to attack theaerodyna mic shapeo ptimization, thereal - coded ARGAs wer eapplied to a test function optimization problem. Thetest function in [5] is a dynamic control as

)) ( min( 2 1

0

2 2 k

N k

k N

u x x + + å -

=

(2.11) subject to k k k

u x x + =

+ 1 , 1 ,..., 1, 0 - = N k , wher e, k x is a state, and )

,..., ( 1 0 -

=

N u u u

& is thecontrol vect or. Thesearch doma in is [ - 200,200] for each k u . Theinitial state 0 x and thesizeof thecontrol vect or aregiven by 100 and 45, respect ive ly. Here, 500 generations wer eallowed with a population sizeof 200. Fivetrials wererun for each GA changing seeds for randomnumbers to givediffer ent init ial populations. Figur e2.4 compares theoptimization histories for both GAs. Thebold lineindic ates thea nalytically obtained optimumva lue. Whileall thetrials using theconventional GA lead to prematureconvergence, the

ARGA find theglobal optimumat every trial.

10 5

10 6

0 100 200 300 400 500

FITNESS

GENERATION

optimum value

Conventional GA

ARGA

Fig. 2.4 Optimization histories for thetest function optimization problem

2.3.2 Aerodynamic Airfoil Shape Optimization

To demonstrateperfor ma nceof t her eal - coded ARGAs in comparison wit h theconventiona l real - coded GAs, aerodyna mic airfoil shapeoptimizations wer ecarried out. Theobject ive function was thelift - to - drag ratio to be maximized wher ethe free strea m Mach number and t hea ngleof attack wer e set to 0.8 and 2 degr ees, respect ively . Theairfoil thickness was constrained so that themaximu m thickness was greater than 12%of thechor d length. Theaerodyna mic perfor manceof e ach design was evaluat ed by t heNa vier - Stokes solver described in sect ion 4.4. PARSEC airfoil (seesubsect ion

3.2.1.5) was used with thetrailing - edgethickness and its ordinate(at X =1) frozen to 0.

Figur e2.5 compares opt imization hist ories of thr eetria ls using ther eal - coded ARGA and the convent ional real - coded GA. Bot h of the p opulation sizea nd t henumber of generations wer e100. The present ARGA outperformed theconventional GA starting fromall initial populations.

15

20

25

30

35

40

0 20 40 60 80 100

FITNESS(TOBEMAXIMIZED)

GENERATION

Conventional GA

ARGA

Fig. 2.5 Optimization histories for theaerodynamic airfoil shapeoptimization

Figur e2.6 compares thebest airfoil shapes designed by theconvent ional GA and ARGA and thecorresponding pressurecoefficient distributions. Thesurfacepressuredistribution of thedesign optimized by ARG A is almost ident ical to that of NAS A supercritica l airfoils. This indicates the feasibility of thepresent ARGA in aerodynamic designs.

-0.12

-0.08

-0.04

0

0.04

-1.5

-1

-0.5

0

0.5

1

1.5

0 0.2 0.4 0.6 0.8 1

EQPXGPVKQPCN�)#

#4)# conventionalGA

ARGA

Z/C-Cp

X/C

Fig. 2.6 Designed airfoil shapeand thecorresponding pressuredistribution

2.4. Summary

To develop robust and effi cient EAs applicableto aerodyna mic shapedesigns, thereal - coded

ARGAs havebeen developed by incorporating theidea of thebinary - coded ARGAs wit h theuseof

thefloating - point representation. Theresult ing real - coded ARGAs are expect ed to posses s bot h

a dvantages of thebinary - coded ARGAs and theuseof thefloating - point representation to overcome

theproblems of having a largesearch spacet hat requires cont inuous sampling. First, theefficienc y

and t herobustness of theproposed approach havebeen demo nstrated by using a typica l test funct ion.

Then t heproposed approach has been applied t o an a erodyna mic airfoil shapeoptimization problem.

Ther esults confir mthat thereal - coded ARGAs consist ent ly find bett er solutions than t heconvent ional

real - coded G As do. Thedesign result is consider ed to betheglobal opt ima l and thus ensures the

feasibility of thereal - coded ARGAs in aerodynamic designs.

References

[1] Krishnakumar, K., Swaminatha n, R., Garg, S. and Narayanaswamy, S., ^ Solving LargeParamet er

Op timization Problems Using Genet ic Algorithms, ~ Proceedings of theGuida nce, Navigation, and

Control Conference, Baltimore, MD, 1995.

[2] Mulgund, S., Harper, K., Krishnakumar, K. and Zacharias. G., ^ Air Combat Tactics Optimization

Using Stochastic Genet ic Algorit hms, ~ Proceedings of 1998 IEEE International Confer enceon

Systems, Man, and Cybernetics, San Diego, CA, Oct. 1998, pp.3136 - 3141.

[3] Arakawa, M. and Hagiwara, I., ^ Development of AdaptiveR eal Range(ARRange) Genetic

Algorithms, ~ JSME International Journal , Series C, Vol. 41, No. 4, 1998, pp.969 - 977.

[4] Arakawa, M. and Hagiwara, H., ^ Nonlinear Integer, Discreteand Cont inuous Optimization Using

AdaptiveRangeGenetic Algorit hms, ~ in CD - ROM Proceedings of the34th Design Aut omation

Conference, Anahe im, California, Jun.1997.

[5] Janikow, C. Z. and Michalewicz, Z., ^ An Experimental Comparison of Binary and Floating Point

Representations in Genet ic Algorithms, ~ Proceedings of the Fourth International Conference on

Genetic Algorithms , Morgan Kaufmann Pub lishers, Inc., San Mateo, CA, 1991, pp.31 - 36.