Chapter 1

Introduction

1.1 Background

Theaircraft industry, likeot hers, is increasingly exposed to considerable commercial pressures: Boeing Compa ny and Airbus Industriearestruggling for supremacy on thelarge - sizecivil airliner (seating mor ethan 10 0 passengers) market, whilema ny companies, such as Bombardier,

Embraer, Dornier, Dasa, arefight ing for a larger shareof the expanding regional jet aircraft market.

Sincet hesuccess of such commer cial products depends on cost and timeliness as well as q uality, the design process is being reengineered to savecost and timescales.

Wit h advances in Computational Fluid Dyna mics (CFD) and comput er hardware, CFD has becomean int egral part of theaircraft design process. CFD has contributed t o cut aerodyna mic design cost and time scales by r educing the number of required wind tunnel t ests. However, it is just an instrument for est imating aerodyna mic perfor manceof a given aircraft configuration. On thewhole, thebasis of thedesign process is trial and error, and thesuccess of thefinal design depends on the knowledgeand intuit ion of thedesigner. CFD technology will beableto display its ability to thefull when it is coupled wit h numer ical optimization met hods by displacing a ny huma n int eractions in the d esign procedure.

Yet, despit ethefact that numerical optimization met hods havebeen successfully used for a count less number of design problems, an application of numerica l optimization to aerodyna mic design still remains as a formidablechallengebecause of thefollowing difficulties:

1) Object ivefunct ion la ndscapeof an a erodyna mic optimization is oft en mult imodal and nonlinear:

ther earemany local opt ima, plateaus, or ridges even in a simplified problem [1]. This is becausethe flow field is gover ned by a systemof nonlinear partial differ ential equations expressing the conservation of mass, momentum, and energy.

2) F unction evaluation s using a CFD code , especially a three - dimensional Euler or Navier - Stokes code , arevery expensive. An aerodyna mic eval uation of a simplewing wit h a Navier - Stokes solver, for instance, can takemorethan an hour of CPU time even on a vector computer.

Aer odyna mic design problems wit h t heseproperties requir ea numer ical optimization tool to be ver y robust and efficient as well.

Theapplication of numer ica l optimization met hods coupled wit h CFD to transonic aerodyna mic shapedesigns was pioneer ed by Hicks et al. , wher eairfoil shapes wer edesigned using a gradient - based met hod coupled wit h a potent ial flow solver [ 2]. Since t hen, thegradient - based met hods ha vebeen widely used for wing design [ 3], scramjet nozzle design [ 4], supersonic wing - body design [ 5], and mor ecomplex aircraft configurations [6,7]. Thesemet hods uset hegradient of a n object ivefunction wit h respect to cha nges in thedesign variables to calculat ea search direction using thefinit ediffer ence methods [ 8] or adjoint for mulations [ 9]. Thesemet hods are efficient in searching optimums. Not only t hat, theoptimumobtained from these met hods will bea global one, if the object iveand constraints arediffer entiableand convex (Kuhn - Tucker condition). Distribution of an object ivefunct ion of an a erodyna mic design problem, however, is usually mult imodal, and thus, one could only hopefor a local optimumneighbor ing theinitial design point by using thegradient - based met hod. Therefor e, to find a global optimum, onemust start theoptimization process repeatedly from a number of init ial points and check for consist ency of theopt ima obtained. In this sense, the gr adient - based methods areneither efficient nor robust for design automation .

Evolutionary Algorithms ( EAs ) areemer gent optimization algorithms mimicking mecha nismof thenatural evolut ion , wher ea biological population evolves over generations to adapt to an envir onment by select ion, crossover and mut ation. When EAs areapplied t o opt imization problems, fitness, individual and genes usually correspond to anobjectivefunction value, a design candidat e, and design variables, respectively. Oneof thekey fea tures of EAs is that they search from mult iplepoints in thedesign space , inst ead of moving froma singlepoint likegradient - based met hods do. Further mor e, thesemet hods work on funct ion evaluations aloneand do not requir e der ivatives or gradients of th eobjectivefunction. Thesefeatures lead to thefollowing advantages:

1) Robustness: EAs havecapabilit y of finding a global optimum, becausethey don ´ t usefunct ion gradients that dir ect thesearch toward an exact local optimum. In addit ion, EAs ha vecap ability t o handleany design problems that ma y involvenon - different iab l e objectivefunct ion and/ or a mix of continuous, discrete, and integer design parameters.

2) Suitabilit y to parallel computing: SinceEAs arepopulation - based search algorit hms, all de sign candidat es in each generation ca n beevaluat ed in parallel by using t hesimplemast er - sla veconcept.

Parallel efficiency is also ver y high, if object ivefunction evaluations consume most of CPU time.

Aerodynamic optimization using CFD is a typical cas e.

3) Simplicit y in coupling CFD codes: As thesemet hods useonly object ivefunct ion values of design candidat es, EAs do not need substantial modification or sophisticat ed int erfaceto t heCFD code. If an all - out re - coding wer e r equir ed to ever y optimizati on problem, like the adjoint met hods, ext ensive validation of thenew codewould benecessary every time. EAs can savesuch troubles.

Owing to theaboveadva ntages over theanalyt ical met hods, EAs have becomeincr easingl y popular in a broad class of design problems (for example, see[10]). EAs havebeen also successfull y applied to a eronautical design problems including conceptual and pr eliminary design of aircraft

[11 ,12 ], preliminary design of turbines [ 13 ]. Table1.1 outlines some of aerodyna mic shap e op timization problems whereEAs coupled with CFD havebeen successfully applied.

Table1.1 Aerodynamic design problems solved by EAs and CFD

Researchers Year Application area

Quagliarella, D. and Cioppa,

A. D.

1994 Airfoil shapedesign using a potential so lver [ 14]

Yamamoto, K. and Inoue, O. 1995 Airfoil shapedesign using a

Navier - Stokes solver [ 15]

Cao, H. V. and Blom, G. A. 1996 Multi - element airfoil shapedesign using a

Navier - Stokes solver [ 16]

Obayashi, S. and Oyama, A. 1996 Subsonic wing shapedes ign using a

Navier - Stokes solver [ 17]

Theprevious applications of EAs, however, arerestricted to mor eor less simplified problems involving not mor ethan 10 - 30 design paramet ers. In contrast to that, in real - world design problems, a largenumber of des ign paramet ers must behandled ˘ for exa mple , a wing shapefor a gener ic transonic aircraft usually paramet erized by mor ethan a hundred of design paramet ers. Sinc e such problemhas highly mult idimensional search space and extr emely complicated object ivef unct ion distribution, standard EAs would fail to find a globally optimum. Unfortunately, an EA capablet o find a global optimumin such a large - scaledesign problemhas not been developed yet.

1.2 Thesis Objectives

Theobjectiveof this research is to dev elop a new, robust, and efficient numer ical design met hod applicableto real - world aerodyna mic design problems. To achievet his goal, the following threekey items will beinvestigated:

Goal 1: Improvement of EA search ability through theadaptivesearch range mechanism .

In thestandard EAs, theupper and lower limits of thesearch regions should begiven by thedesigner in advancet o theopt imization process. In general, a needlessly largesearch region is used in fear of missing theglobal optimum outsid eof thesearch r egion. Ther efore, if the search region is ablet o adapted toward a promising area during t heoptimization process, the perfor mance of EAs will b e enhanced greatly .

Goal 2: Improvement of EAs by using thestructured coding based on epistas is analysis.

When EAs areused t o solvean engineer ing opt imization problem, complexity in theobject ive funct ion distribution appears as int eractions among design paramet ers, which areoft en referred as epistas i s , corresponding to theter mused in biology . Ther efor e, if the epistatic int eraction structures of thedesign paramet ers areidentified in advance, ther obustness and efficiency of EAs will beimproved by properly defining thecoding structureof thedesign parameters.

Goal 3: Transonic wing desig n optimization based on EAs

To ensuretheabilit y of thepresent EA in large - scaleaerodyna mic design optimizations, an aerodyna mic design opt imization of a transonic wing shapefor generic transport aircraft will be demonstrated. Aerodyna mic perfor ma nces of thedesign candidat es will beevaluated by using t he three - dimensional compr essiveNavier - Stokes equations to guaranteean accuratemodel of theflow field. Structural constraint was introduced t o avoid an apparent solution of zer o thickness wing for lo w drag in high speeds.

Goal 4: Supersonic wing design optimization based on EAs

To exa minetheability of theEAs in supersonic wing design optim i zations, an EA will beapplied t o an aerodynamic wing shapedesign for a supersonic transport.

1.3 Evolutio nary A lgorithms

1.3.1 What ´ s Evolutionary Algorithm?

Evolution is a phenomenon of adapting to t heenvironment and passing genes t o next generations. In On the Origin of Species byMeans of Natural Selection [ 18], Charles Darwin did not know about theunde rlying genet ics, but heident ified t hr eebasic principles driving natural evolution;

reproduction, natural selection, and diversit y of individuals, maintained by variations fromoneto the next generation. Thesefeatures of natural evolution havefound ent rancet o a broad class of evolutionary algorit hms that mimic biological evolution and natural selections. It was 1960s that

Amer ica n and European researchers gavebirth to st ochastic search met hods inspired by Darwinian evolution theory, all independent ly of each ot her: they areEvolutionary Programming ( EP),

Evolutionary Strategies ( ESs), and Genetic Algorithms ( GAs).

Oneof them, EP goes back to thework of L. J. Fogel [19]. Heinitially studied this met hod to develop theartificial int elligenceand succe eded in evolving a mathematical automaton that predicts a binary timeseries. Later, in themiddleof 80 ´ s, his son David Fogel further developed it to solve mor egeneral tasks including prediction problems, optimization, and machinelearning [20]. Sincet his approach modeled orga nic evolution at thelevel of evolving species, theoriginal EP does not rely on any kind of recombination. In general, each parent generates an offspring by theGaussian mutation and bett er individuals among parents and offspring areselect ed as parents of the next generation. EP has been applied successfully for theoptimization of thereal - valued functions [21,22] and other practical problems [23]. For moredetails see[24].

ESs wer edeveloped by Rechenberg and Schwefel at theTe chnical University of Berlin and havebeen ext ensively studied in Europe[25 - 28]. WhileEP has derived for purescientific int er est, mot ivation of this study is, fromthe beginning , to solve engineer ing design problems: Rechenberg and

Schwefel developed ES s in order to conduct successivewing tunnel experiments for aerodyna mic shapeoptimization. Their important features arethreefold:

1. ESs usereal - coding of design paramet ers sincethey model t heorga nic evolution at thelevel of individual ´ s phenotypes.

2. ES s depend on deterministic selection and mutation for its evolution.

3. ESs usestrategic parameters such as on - lineself - adaptation of mutability parameters.

Some exa mples of early applications of ESs are: optima l dimensioning of thecor eof a fast sodium - t yp e breeder reactor [ 29], shapeoptimization of vault ed reinforced concret e shells [ 30], arm prosthesis design [31], optimization of a thermal water jet propulsion system[32].

GAs owet heir na meto an early emphasis on representing and manipulating individu als at thelevel of genot ypeinst ead of phenot ypic representation. In Holland ´ s original work [ 33], GAs wer e proposed to understand adaptation phenomena in bot h natural and artificial syst ems and they have threekey features that distinguish themselves fro mot her computational met hods modeled on natural evolution:

1. Theuseof bitstring for representation

2. Theuseof crossover as theprimary method for producing variants

3. Theuseof proportional selection

Soon thesemet hods areused to solvedesign opt imizatio n problems including discr et e design paramet ers and then real paramet er optimization problems. Early applications of GAs areoptimization of gas pipeline control [ 34], structural design optimization [34], aircraft landing strut weight optimization [ 35], ke yboard configuration design [36], etc. It should bement ioned that GAs have contribut ed to establish t heschema t heor emand r ecognizet heroleand importanceof crossover through attentivetheoretical analysis.

Though all thr eealgorithms, EP, ESs, and GAs , origina lly havet heir distinguishing characteristics according to t helevel of orga nic evolution modeling, such classification is not usefu l anymor e. For exa mple, many GA practitioners haveabandoned bitstring for floating - point representations. ES pract itioners oft en usecrossover operators as a reproduction operator. Application of EP is no longer limit ed to theevolution of finit estatemachines. New evolut ionary approaches such as genet ic programming [37] ha vebeen rising. Ther efore, today all theses yst ems areoft en collect ively called ^ Evolutionary Algorithm(EA) ~ or ^ Evolutionary Computation (EC). ~

1.3.2 RepresentationofIndividuals

Thefirst decision in applying an EA to seek opt imal values for continuous variables is how to represent design para met ers of an individual. Roughly speaking, ther earetwo classes of representations: binary representations and floating - point representation s.

Theuseof thebinary representation originates in GAs that usea bitstring to model an individual . When a bitst ring is used to r epr esent an individual, however, it is r equir ed to transfor mr eal design paramet ers into binary numbers. Sincebinary substrings repr esenting each paramet er wit h the desired precision areconcatenated to for ma chromosome for EAs, theresu lt ing chromosome encoding a largenumber of design variables would result in a hugestring lengt h. For exa mple, for 100 variables wit h a precision of six digits, thestring lengt h is about 2000. EAs would perfor mpoorly for such design problems. In additio n, thebinary representation of real design paramet ers presents the difficult y of so - called ha mming cliffs, which co mes fromdiscr epancy bet ween therepr esentation spaceand t heproblem space . For instance, two points closeto each other in ther epresentat ion space might befar in thebinary represent ed problemspace. As a consequence, EAs using thebinary representation is unable to focus thesearch effort in a closevicinit y of thecurrent population. It is still an open quest ion t o construct efficient ev olut ionary operators that suit to such a modified problem space.

Theuseof thefloating - point repr esentation originat es in EP and ESs. In thefloating - point representation, an individual is characterized by a vect or of real numbers. It is morenatural to usethe floating - point repr esentation for real paramet er optimization problems becauseit is conceptually closest to thereal design space, and mor eover, thestring length is reduced to thenumber of design variables. It has been r eport ed that real - coded E As outperfor med binary - coded EAs in many design problems [38,39]. Ther efore, all EAs used in this study adopt the floating - point representation. An exampleof binary and floating - point representations is illustrated in Fig. 1.1.

1 1 0 0 0 1 0 1 1

�

É¼¸Ã

�

ºÆ»ÀÅ¾

¹ÀÅ¸ÉÐ � ºÆ»ÀÅ¾

0.6 0.1 0.3

design parameter values mapping

000 � 0.0

001 � 0.1

010 � 0.2

011 � 0.3

100 � 0.4

101 � 0.5

110 � 0.6

111 � 0.7

Fig. 1.1 An exampleof binary and floating - point representations

1.3.3 Mechanics ofEvolutionary Algorithms

In spit e of thediversit y in EAs, they havecommon components: it erativeselection biased by fit ness, recombination, and mutation. Select ion is a process in which design candidates areselect ed for mating based on their fitness values. It may includealter nation of generations and select ion of mating partners. Thenew design candidat es arethen generat ed by a recombination operator and a mutation operator. Figure1.2 illu strates f lowchart of EA s. Each it emin thefigure will bepresent ed in the following subsections.

1.3.3.1 Initialization

An initial population of design candidat es is generated. This oft en is accomplished by randomsampling fromthedesign space.

selection

initialization evaluation recombination

termination mutation

Fig. 1.2 Main f lowchart of EAs

1.3.3.2 Evaluation

Thefit ness of all individuals is evaluated by objective funct ion values. When CFD codes are used to calculateaerodynamic performances, this phaseconsumes most of theCPU time.

1.3.3.3 S election

Select ion is a process in which fitt er individuals areselect ed to reproduceoffspring s for the next generation. In nature, an individual undergo two differ ent select ion pressures beforeproducing its offspring, i.e., survival to adult stateand find of its mates. S election of EAs models theseprocesses.

1.3.3.3.1 Alternation of generations (survival to adult state)

This phaseselects N individuals fromboth theparents and children to bestored in the mating pool wher ethet otal number of theparents and children i s great er than thepopulation size N . In non - overlapping syst ems, parents and offspring never compet ewit h each ot her. Theparent population is always replaced by theoffspring population wit hout any select ion process; thelifet imeof each individual is on egeneration. When a non - over lapping syst emis adopt ed, select ion pressureis put onl y in thenext parental selection phase.

Overlapping models, on thecontrary, giveselection pressurewher eparents and childr en compet efor survival. Select ion pressure, h owever, varies considerably fromoneover lapping model t o anot her that includes strategies such as random selection, thebest - N select ion [40,41], and niche - for mation met hods. In therandomselection, N individuals areselect ed randomly and t hus, no select ion pressureis put. As a result, selection pressureis requir ed in the parental select ion phase. In the best - N selection , the N best individuals areselected fromboth theparents and children. This selection brings selection pressureaccording to their f it ness values. In theniche - for mation met hods, N individuals aredrawn from both t heparents and children according to t heir similarity wit h each other.

Becausethediversity is important for evolution, delet ion of similar individuals will help to ma intain it.

Typical exa mpleis DeJong ´ s crowding scheme [ 42] wher esome parents similar to theoffsprings are replaced by them.

1.3.3.3.2 Selection of mating pairs (parental selection)

This phaseselects pairs of individuals fromthemating pool that will produ ceoffsprings for thenext generation. Thecommonly used is to assign each individual a probability of selection on the bias of its fitness. Goldberg and Richardson also suggest selection according to fitness modified by sharing function for the maintenanc e of diversity in thepopulation 1 [43].

Fitness - proportional selection A widely - used met hod is thefit ness - proportiona l selection

[34]. In this met hod, theselect ion probabilit y of each individual is calculated by dividing its fit ness by thesumof the fit ness of all individuals. Then, the parents areselect ed by eit her roulett e - wheel selection [34] or Stochastic Universal Sampling ( SUS) [44]. Figure1.3 shows the operation of the roulett e - wheel select ion that assigns a portion of thewheel proportional to theselection probabilit y and starts spinning theroulettewheel: each time, a singleindividual is selected.

Themost important concern in a stochastic select ion is t o prevent loss of population diversity duet o its stochastic aspect so - called genetic drift . For instance, in t heabove exa mple , it is possiblethat only theindividuals I - 1 and I - 2 are select ed to produceall offsprings. Thebasic consideration of theSUS is to prevent genet ic drift by selecting a number of parents each wheel spin.

Figur e 1.4 shows an exa mplewher efour parents areselect ed at a singlewheel spin from four individuals .

1 Detailed description of thesharing function will begiven in subsection 1.4.4.

I - 1

I - 2

I - 3

I - 4

0.1 1 I - 4

0.2 2 I - 3

0.3 3 I - 2

0.4 4 I - 1

selection probability

fitness individual

1

2

3

4

Fig. 1.3 Roulette - wheel selection

I - 1

I - 2

I - 3

I - 4

0.1 1 I - 4

0.2 2 I - 3

0.3 3 I - 2

0.4 4 I - 1

selection probability

fitness individual

1

2

3

4

Fig. 1.4 Stochastic universal s ampling

Ranking selection Ranking select ion assigns selection probabilities on an individual ´ s rank, ignoring absolut efitness value[45]. In this met hod, the individuals in themat ing pool are sorted according to their fitness va lues and then assigned a count that is solely a funct ion of their rank. The best individual receives rank 1, thesecond best receives 2, and so on. The select ion probabilit y is reassigned according to rank, for example, as an inverseof their rank values. In [45], Michalewicz proposed a nonlinear function to assign the selection probability as ,

) 1 ( ) 1 ( - - × = rank c c prob

( 1 . 1 ) wher e c is a user - defined paramet er. Then, theparents areselect ed by either roulett e - wheel selection or SUS.

Tournament selection Tourna ment select ion [ 46] operates by choosing someindividuals randomly froma population and select ing t hebest from this gr oup to survive int o the next generation.

Binary tournaments wheretournaments areheld between pairs of individuals arethemost common.

Many other select ion t echniques areimplement ed int o EAs. But why is t hechoiceof selection tech niques so important? Theanswer is that an appropriatelevel of selection pressure is the key to a successful evolution . An evolut ion under too strong selectivepressureleads prematureloss of diversity and r esults in prematureconver genceof an EA. It is well known that if theroulett e - selection is used, diversit y in a population is likely to belost i n early generations duet o domination of the entir e population by a few super individuals that aremuch bett er than theaveragefit ness. On thecontrary, lo w select ivepressurecan ma ket hesearch ineffective. Thus, it is important to find a proper balance and various selection techniques attempt to achievethis.

1.3 . 3 . 4 Recombination

Recombination is a process in which new individuals aregenerated by excha nging features of theselect ed parents with theint ent of improving thefitness of the next generation. This process is somet imes called crossover, especially when genot ypic representation is used. Thesenew individuals arethen subject ed to mutation. Ther earea number of differ ent ways in which therecombination operation can beimplement ed. Thefollowing describes someof t herecombination operators for the floating - point representation.

Blend crossover (BLX - a ) Themost common approach for recombinati on of t wo parents represent ed by a vect or of real numbers is BLX - a proposed by Eshelma n and Schaffer [ 47]. In this approach, children aregenerated on a segment defined by t wo parents, but thesegment may be ext ended equally on both sides det er mined by a u ser specified paramet er a . Thus, a child solut ion is expressed as:

2 ) 1 ( 1 1 Parent

Parent

Child × - + × =

(1.2)

2 1 ) 1 ( 2 Parent

Parent

Child ×+ × - = (1.3) where

g = ( 1 + 2 a ) u - a (1.4)

Child1 , Child2 and Parent1 , Parent2 denot edesign paramet ers of thechildr en and par ents,

respect ively. Theunifor mrandom number u in [0,1] is regenerated for every design paramet er. Figur e

1.5 gives schemat ic view of BLX - a. For example, BLX - 0.5 samples children that lieon an int erva l

that ext ends 0.5d on eit her sideof t heint erval bet ween t heparents. BLX - 0.0, on t heother hand, is

equivalent to Radcliffe ´ s flat crossover [48] that uniformly samples children between thetwo parents.

Parent2

Parent1 a × d d a × d

Possible sampling region

Fig. 1.5 BLX - a

When an EA is applied to a design optimization problem , what is important is balance of

two conflict ing goals: exploiting good solut ions and exploring thesearch space[49]. An extr eme

exa mpleis therandom search that explor es thesearch spacewit hout any exploitation of thepromising

regions. As a result, randomsearch enha nces therelia bilit y in multimoda l situations, but reduces the

conver gencerate. Anot her extremeis gradient - based met hods that exploit theregion adjacent to the

init ial solution but neglects exploration of thesearch space. Such a search likely ends up wit h finding a

local optimum. In t his sense, t heparamet er a plays very important role in BLX - a , because a

represents theproportion of exploration to exploitation. BLX - 0.0, for instance, exploit s theregion

bet ween t wo parents but ignor es exploration. Thus, BLX - 0.5 is usually used in which bot h exploration

and exploitation arecarried out equally.

Simulated binary crossover (SBX) SBX [50] is developed by Deb et al . by incorporating

the essenceof self - adaptation mechanism of ESs into crossover operator. This approach is similar to

BLX - a in t hesensethat children arecr eated in proportion to thediffer encein parents but SBX has an unique property ˘ that is, solution points near theparents aremorelikely to beselect ed as their

offsprings tha n solution points distant fromt heparent s. In SBX, thechildren solutions are expr essed

as follows:

( ) [ ]

2 ) 1 ( 1 1 5 . 0 1 Parent

Parent

Child

q q

× - + × + = (1.5)

( ) [ ]

2 ) 1 ( 1 1 5 . 0 2 Parent

Parent

Child

q q

× + + × - = (1.6)

wher etheblending paramet er b q is found so that the area under a specified probabilit y distribution

function P( b ) from0 to b q is e qual to a uniformrandomnumber u defined in [0,1]:

ï ï

î ï ï

í ì

÷ ÷

ø ö

ç ç

è æ

-

£

=

+

+

otherwise

u u if u

q 1

1

1

1

) 1 ( 2

1

5 . 0 _ ) 2 (

(1.7)

î í ì

+

£ +

=

+ otherwise if

P

2 / ) 1 ( 5 . 0

1 _ ) 1 ( 5 . 0

) ( (1.8)

where

2 1

2 1

Parent

Parent

Child

Child

-

-

=

(1.9)

Thedistribution index h is any nonnegat iver eal number. In [51], it was report ed that an EA w it h SBX

outperformed both ESs and an EA with BLX - 0.5 on sometest functions.

Convent ional Crossovers This kind of cr ossover operators includeone - point, two - point,

mult i - point, and unifor mcrossovers. In theone - point crossover for thebitstring repr ese ntation [34],

thebits areswapped bet ween t het wo parents in segments at a randompoint of a chromosomein

bet ween thebits. In the floating - point representation, thevect or components of two parents are

swapped in gr oups at a randomspaceof a vect or bet ween t hevector components. For example, given

a five dimensional space, Parent1 has a vector (x1 , x2, x3, x4, x5 )and Parent2 has a vect or (y1 , y2,

y3, y4, y5 ) and thecrossover point was select ed to be3, then theoffsprings will carry vect ors (x1 , x2,

x 3 y4 , y5 ,) and (y1 , y2, y3 , x4, x5). An exa mpleof one - point crossover is illustrated in Fig. 1.6.

Two - point, mult i - point, and unifor mcrossovers for thefloating - point implementation can bedefined

in thesamemanner.

7.9     5.4    2.3     0.4    - 1.0
crossover site

                                                                                        Parent 1

                                                                                        Parent 2

                                                                                        Parent 1

                                                                                        Parent 2

5.7     3.5    1.2    - 0.1   - 2.6

5.7     3.5    1.2     0.4   - 1.0

7.9     5.4    2.3    - 0.1   - 2.6

                                                                 Fig. 1.6 One - point crossover for f loating - point representation

                               Evolutionary Direction Operator    In general, EAs  are  good at finding a neighborhood of a

global optimum but poor at locating an exact optimum within the neighborhood.  As a consequence,

conver gence of an EA  becomes slower as i t approaches to the optimum.  Evolutionary direction

operator suggest ed by Ya ma mot o and Inoue [ 52 ]  can impr ove the conver gence  by estimating the

direction of evolut ion from the select ed parents.  Figure 1 . 7  schematica lly shows a generation of an

offspring by  the evolutionary dir ect ion operator in a two - dimensional optimization problem.  By using

a reference point denot ed as ^Present~, two directions are  det er mined from Parents 1 and 2. An

offspring will be generat ed in the quadrilat eral obtained in the dir ect i ons of incr easing fitness values.

The genes of the offspring C
                                                                                         o

                                                                                            of the present individual C  wit h the fitness value of F  can be writt en by

the genes and the fitness of the presents ( C
p1

, F
p1

) and ( C
p2

, F
p2

) as :

)

(

)

                                                                                                      (

1

1 p
p

                                        o

C

C

F

                                                                                                          F

                                                                                    sign

                                                                        S

                                                      C

                                C

-

×

                                                                                                                   -

                                                                               ×

                                                               +

                                              =

)

(

)

                                                                                                    (

2

2 p
p

C

C

F

                                                                                                        F

                                                                                   sign

                                                                      T

-

×

                                                                                                                  -

                                                                               ×

                                                               +
    ( 1 .10)

wher e S  and T  are random numbers bet ween 0 and 1.  Since t his does not requir e any eva luation of

gradients, additional computational requirement is negligibly small.

                                                                FITNESS

DESIGN VARIABLE 2

DESIGN VARIABLE 1

                                                                                                              PARENT 2

PARENT 1

PRESENT

OFFSPRING

                                                                            Fig.  1 . 7 Illustration of evolutionary direction operator

1.3 . 3.5  Mutation

                               The  function of mutation is to keep diversit y of a population and promot e the searching in

the solut ion space that cannot be represent ed by the strings of the present population.  One of the most

common mutation met hods in real - coded EAs is unifor m mutation th at adds a  unifor m random number

to each component of an individual ´ s vector at a probabilit y of p
c

. Another mutation met hod is t o

Gaussian  mutation that mutates each component of an individual ´ s vect or by adding a number from a

Gaussian  distribution with a  mean of zero. This reflects populations in nature, where gross

characteristics such as weight or height generally follow  a normal distribution.

1.3.3.6 Elitist Strategy

                               Since evolut ion in EAs depends on stochastic operators, EAs do not guarantee a monot o nic

improvement in objective function  value of t he design unless det er ministic overlapping syst ems are

used. To ensure a monotonic impr ovement, De Jong proposed so - called elit ist strategy [53], in which

some of t he  best individuals are copied into t he next  generation wit hout applying any evolut ionary

operators .  EAs incorporating non - overlapping system usually adopt this strategy.

1.3.4 Parallelization

                               In biological evolution, ever y individual in a generation undergoes a series of evolution

processes such a s evaluation, selection and mating in parallel. Ther efor e, EAs that mimic biologica l
evolution to solve design problems are intrinsically parallel search met hods and consequent ly EAs can

be easily parallelized . When an E A is implemented on a parallel machi ne, there is a choice between:

                                               F� � Preserving the global population while para llelising the EA  operators that are restricted on

                                                              the neighboring individuals.

                                               The method s  a) are categorized as global parallel  evolutionary algorithms. A commonly - used

                                 approach is a master - slave implementation wher e each individual ´ s fit ness is evaluated  simultaneously

                                 on a differ ent processor (slave processor) and the master collects the results and applies the

                                 evolutionary operators to produce t he next generations . An asset in this approach is that time saving

                                 can be easily  achieved by distributing the computational effort without any cha nge to the standard EAs

                                 since an individual´ s fit ness evaluation process is independent of t hat of the ot her. Moreover, parallel

                                 efficiency can be very high when the fitness evaluation consumes most of CPU time.

                                               The met h od s  b) categorized as island distribut ed evolut ionary  algorithms [ 54]  are  posit ive parallel

                                 evolutionary  algorit hm s. In these met hods, a population is divided into sub - populations wit h some

                                 restrictions imposed on the mixing of t hese semi - isolated subpopul ations.  Some studies have r eport ed

                                 that these met hods can be mor e robust  than t he standard EAs since differ ent subpopulatio ns will t end

                                 to explor e differ ent portions of the search space (see for instance [55,56]) Some EA practitioners

                                 implement these met ho ds even on serial machines. It was also reported that, however, the se  met hod s

                                 do not always produce better results [ 57 ].

                                               The t hir d met hod s  c) categorized as cellular evolutionary algorit hms  are  the ext ension of b).  The

                                 mixing in the population is strictly restrict ed to the neighbors and thus quick domination in a

                                 population by a super individual is prevented.

                                 1.4 Multiobjective Evolutionary Algorithms

                                 1.4.1 Introduction

                                                              Many real - world design problems requir e simultaneous optimization of multiple and oft e n

                                 compet ing object ives.  Such problems are called mult iobject ive problems  (MOPs) .  Alt hough

                                 single - objective optimization problems may have a unique opt imal solution, MOPs often present a set

                                 of compromised solut ions, largely known as the  tradeoff surface ,  P areto - optimal  solutions or
non - dominated  solutions. These solut ions are optima l in the sense t hat no ot her solut ions in the search
space are superior to them when all objectives are consider ed. In general, the goal of MOPs is to find
as many Pareto - opt imal  solutions as possible. Once such solutions revea l tradeoff infor mation among
differ ent objectives, the higher - level decision - ma ker will be able to choose a final design wit h further
considerations.

                              Consider, for instance, the car design. Ther e are a wide variety of dema nds from consumer s
such as fuel efficiency, maximum speed and cost. A perfect design might be a car that maximizes  fuel
efficiency and maximum speed while minimizing cost. However, these goals are conflicting i n
general: lower vehicle  costs may not result in t he desired maximum speed, an alt ernative car of high
maximum speed may end in an expensive gas - guzzler. Therefore, the higher - level decision - ma ker
selects one of such Pareto - optima l designs wit h ot her considerations: which profits our co mpa ny the
best?

                              According to the above discussion, the primary goal of MOP optimizations is, unlike that of
single objective optimizations, to find various Pareto - optima l solutions to show the precise tradeoff
infor mation a mong the compet ing  object ives. In  this sense, EAs seem to be particularly suit ed for

MOP optimizations because they can unifor mly sample ma ny Pareto - optima l solutions in parallel via
its population of solutions. EAs developed for MOPs are called Mult iobjective Evolutionary

Algorithms (MOE As).

                              Schaffer is usually recognized as a pioneer MOEA researcher, who first perceived a n

MOEA ´ s population capabilit y of finding Pareto - solutions wit hin a single opt imization run [58,59]. In
his ^ Vect or Evaluated  Genetic Algorit hm (VEGA), ~  appropriate frac tions of the next generation are
sequent ially select ed from t he whole of the present generation based on their perfor mance in each of
the objectives. In a two - objective problem, for instance, VEGA would select half of the next
generation ´ s population using  one of the object ives and the ot her half using anot her objective. Thes e
sub - populations  wer e then shuffled toget her and  evolutionary operators  such as crossover and
mutation are  applied  as usual .  Although Schaffer reported  some success, VEGA t ends to  find  onl y
extr eme regions  on the Pareto front since it  choose specialists in each object ive ignoring solut ions
performing ^ acceptably ~  in some of the objectives.

                              A brea kthrough in MOEA research was given by Goldberg [ 34]. In his lit erature, he
suggest ed to use  the concept of Pareto optimality  though selection and  ranking met hods . This offers
capabilit y of sampling unifor m Pareto solutions to Evolut ionary approaches. Ther eaft er, many

MOEAs ha ve been developed based on this concept  [60 - 62] and most of the MOEA pr actitioner s, at
present, use such Pareto - based MOEAs.

1.4.2  Pareto Optimality

                              In real - world MOPs that usually involve conflicting object ives, there is no unique opt imum,
but rather a set of compr omised solutions known as Pareto optima l solut ions or non - do minat ed
solut ions [63]. These solutions distribut e on the edge of t he feasible region, showing t he tradeoff
infor mation bet ween t he conflict ing  objectives. Figur e 1.8  shows an example of MOPs, which is to
minimize two conflicting  object ives. In this proble m, ther e is no single perfect solution that minimizes
both f

                  1
                     and f

                                       2
                                         . Instead, there are innumerable compromised opt ima l solut ions such as solutions A, B,
and C. In optimization ter minology, all these solutions are Pareto optima l because ther e is no bett er
solut ion on bot h object ives. On the ot her hand, one can say that the solution D is inferior to B because
it has larger values than B in bot h object ives. The  final goal in a MOP is to find such Pareto opt ima l
solutions as many as possible to represent trad eoff information among different objectives.

                              The t er ms ^ domina nce ~  and ^ Pareto optima lity ~  can be mathemat ically defined for a genera l
problem of simultaneously  minimizing an  n - components vect or  funct ion ( f =  f

1
( x ), � , f
n
( x ) ) of a n
m - dimensional decision va riable vector ( x = x

1
, � , x
m
) from some universe
W

.

Definition  1  (Dominance) :   A vector  u  = (  u

1
, � , u
m
)  is said to dominate v  = (  v

1
, � , v
m
) if and only if
u  is partially less than v ,  i . e .,
                                                                                                               { } { }
i
i
i
i

v
u
m
i
v
u
m

                                                                                                     i <
Î

$

Ù

£

                                                                                                        Î

                                                                                               " :

,...,

1

,

                                                                                                                    ,...,

                                                                                                                 1

De fi nition 2  (Pareto o ptimality) :   A solution WÎx  is said to be Pareto - optima l with respect to

 W

             if and only if there is no  x´
W

Î

 for which v = f ( x´ )=( f

1
( x ´ ), � , f
n
( x ´ ))  dominates
u = f ( x ) = ( f

                                1
                                  ( x ), � , f

                                                         n
                                                           ( x ) ).

1.4.3  Pareto - Based MOEAs

 In this subsection, a few salient Pareto - based MOEAs are presented.

1.4.3.1 Multiobjective Genetic Algorithm (MOGA)

                              Fonseca and Fleming proposed multiobject ive GA [60] that uses non - dominat ed sorting and
ranking selection met hod.  In MOGA, an individual´s rank corresponds to the number of individuals in
the current  population by which it is dominat ed. Non - dominat ed individuals are, ther efor e,  all assigned
the same rank, while dominat ed ones are penalized according to how  concentrated the popula tion is i n
the corresponding r egion of t he tradeoff  surface.  This approach is also easier to for mulate, and t o
analyze, mathematically.  This ranking procedure for a minimization problem is illustrated in Fig. 1.9.

                                                       f

                                                          2
f

1

                                                                    Pareto - optimal set

                                                                                           A

                                                                                                                       B

C

D

infeasible region
feasible region

E

F

G

                                                                                               Fig. 1.8 The concept of Pareto optimali ty

                                                        f

                                                          2
f

1

                                                                    Pareto - optimal set

                                                                                       A(1)

                                                                                                                     B(1)

C(1)

D(2)

feasible region

E(2)

F(3)

G(5)

                                                               Fig. 1.9 Fonseca ´ s ranking method for a minimization problem

1.4.3.2 Niched  Pareto G enetic A lgorithm (NPGA)

                              Niched  Pareto Genet ic Algorit hm (NPGA) holds a type of binary tourna ment selection called
a Pareto domination tourna ment [61]. In this tourna ment ,  the two strings are  compared to a sample of
the population and the number of dominat ing points in the  sample is count ed for both individuals. The
individual wit h the least number of  dominat ing points survives. The size of the sa mple used can be
varie d depending on  the level of selection pressure requir ed. Obviously larger size samples will
incr ease the  bias towards stronger solutions.  This met hod is analogous to performing Fonseca ´ s
ranking method locally.

1.4.3.3 Non - Dominated Sorting G enetic  Algori thm (NSGA)

                              Non - dominat ed sorting G enet ic  Algorithm (NSGA) uses Goldberg ´ s non - dominat ed sorting
procedure [ 62]. The idea behind NSGA is t o assign equal probability of reproduct ion to all
non - dominat ed individuals in the population.  This met hod involves  fir st finding all of the Pareto
optima l points within a population, giving them a rank of  one and removing them. The remaining
population members are again processed to  find non - dominat ed individuals and these are given rank
two and removed and so on  until al l of the population has been ranked . This ranking met hod is
illustrated in Fig. 1.10.

                                              f

                                                  2
f

1

                                                                                 A(1)

                                                                                                                  B(1)

C(1)

D(2)

feasible region

E(2)

F(2)

G(3)

                                                                       Fig. 1.10 Goldberg ´ s ranking for a minimization problem

1.4.4 Niching

                              In MOEAs, maint enance  of diversit y  in the population  is important to sample unifor m

Pareto - opt i mal solutions . To preserve this diversity, Goldberg ´ s fitness sharing  [34] is used most

                         frequently, which is a fit ness scaling mecha nism based on the idea that individuals in a particular

                         niche have to share the available resources.

                                                      For a minimization prob lem, i - th individual ´ s shared fitness function
( )
i

F
¢

 is equal t o its

                         prior fitness )( iF  multiplied by its niche count , which is the sum of sharing funct ion  ( sh ) values

                         between itself and each individual in the populati on:

                                                                                                     å

                                                                                                        =

                                                                                                  ×

                                                                           =
                                                              ¢
                                                                                                       N

                                                                                                      i

ij

d

                                                                                                               sh

                                                                                           i

                                                                                 F

                                                                   i

                                                        F

                                                                                                          1

)

                                                                                                                       (

                                                                                              )

                                                                                        (

                                                                      )

                                                                (       (1.11)

                         wher e N  is a population size. The most commonly - used sharing funct ion is  given by the following

                         equation :

                                                                                      ç

                                                                                      ç

                                                                                      ç

                                                                                      è

                                                                                      æ

<

÷
÷
ø

ö

                                                                                                    ç
                                                                                                    ç

                                                                                                    è

                                                                                                    æ

                                                                                              -

                                                                                =
others

d

                                                                                                              d

                                                                   d

                                                        sh
share
ij

                                                                                                               share

                                                                                                                   ij

                                                                        ij

                                                                                                              0

                                                                                          1

                                                                            )

                                                                (

   (1.12)

wher e  s
                           share

                                       is the niche size. If t he distance bet ween t wo individuals is gr eater than or equal t o s
share

,

they do not affect each other ´ s shared fitness.

                              The distance can be measur ed wit h respect t o a metric in eit her phenot ypic or genot ypic

space. A genot ypi c sharing measur es the int erchromosoma l Hamming distance. A phenot ypic sharing

can further be classified into t wo types. One measures the distance bet ween t he design variables. The

ot her, on the ot her hand, measur es the distance bet ween the object ive funct ion values. In MOEAs, a

phenot ypic sharing is usually preferred to distribut e the population over the Pareto - optima l region.

Bot h MOGA and NPGA perfor m sharing wit hin  objective function  space.  NSGA, on the other ha nd ,

perfor ms sharing by measuring the vect or distance bet ween  the decoded design va riables, emphasizing

maintenance of diversity in the parameter set.

                              The choice of s
                                                                                 share

                                                                                             has a significant impact on the perfor mance of MOEAs. Fonseca and

Fleming [60] gave a simple estimation of s
share

 in the objec tive function space as

0

)

(

)

                                                                            (

                                                                       1 1

                                                  1 =

-

-

                                                                                                               +

                                                                                             -

                                                          -

                                                                 Õ Õ

                                                                     = =

                                               -

share

                                                                     q

                                                                   i
q

i
i
i
share

                                                                                                          i

                                                                                        i

                                             q

                                            share
m

M

                                                                                                   m

                                                                                M

                               N    (1.13)

wher e q  is a dimension of the object ive vect or, and M
i

 and m
i

 are maximum and minimum values of

each objective, respectively. When t his for mula is applied at ever y generation, the result ing s
share

 is

adaptive to t he population during the evolut ion process. Niche counts can be consist ent ly incorporated

into the fitness assignment according to rank by using the to scale individual fitness within each rank.

1.5 Documentation Organization

                               The r emainder  of  this document is orga nized as follows . Chapter 2  proposes  a new EA,

na med ^ real - coded Adaptive Range Genet ic Algorithms (real - coded ARGAs) .~  To display advantages

of the real - coded ARGAs, they will be first applied to a test function optimization problem .  Then, an

aerodyna mic airfoil shape optimization is demonstrated  to ensure t he feasibilit y of t he proposed

approach in aerodyna mic design problems. In Chapt er 3, a tree structure of design paramet ers inspired

by the data structure of Genet ic Programming  is  introduced as a coding structure. The coding structure

is det er mined by the epistasis analysis using experimental design in advance. First, feasibility of

typical airfoil shape paramet erization techniques will be exa mined t hough reproduct ion of a NASA

sup ercritica l airfoil and an aerodyna mic airfoil shape opt imization. Then, the present approach is

applied to aerodyna mic design using MOEAs coupled with a potential flow solver. Chapter 4 provides

the  aer odyna mic opt imization results of a transonic wing desi gn by using the proposed  EA. CFD

analyses are perfor med using a three - dimensional Navier - Stokes code. In Chapter 5, the  aerodyna mic

optimization of a supersonic wing design will be demonstrated. Chapter 6 concludes this research and

discusses directions fo r future research .

                               References

                               [1] Obayashi ,  S. , ^ Inverse Optimization Method for Aer odyna mic Shape Design, ~  Recent

                               Development of Aerodynamic Design Methodologies ˘ Inverse Design and Optimization  ˘ , Friedr.

                               Vieweg & Sohn Verlagsgesellschaft mbH, Braunsch weig/Wiesbaden, Germany, 1999, pp.25 - 54.

                               [2] Hicks, R. M., Murman, E. M. and Vanderplaats, G. N., ^ An Assessment of Airfoil Design by

                               Numerical Opt imization, ~  NAS A TM X - 3092, Ames Research Cent er, Moffett Field, California, July

                               1974.

                               [3] Hicks, R. M. and Henne, P. A., ^ Wing Design by Numer ical Optimization, ~  Journal of Aircraft ,

                               Vol. 15, 1978, pp.407 - 412.

                               [4] Baysal, O. and Eleshaky, M. E., ^ Aerodyna mic Design Optimization Using S ensit ivit y Analysis

                               and Computational Fluid Dynamics, ~  AIAA Journal , Vol. 30,  No. 3, 1992, pp. 718 - 725.

                               [5] Reuther J. J. and Jameson, A., ^ Supersonic wing and wing - body shape opt imization using an

                               adjoint for mulation, ~  Technical r eport, The Forum on CFD for Design and Optimization, (IMECE95),

                               San Francisco, California, November 19 95.

                               [6] Reuther, J. J., Jameson, A., Alonso, J. J., Rimlinger, M. J. and Saunders, D., ^ Constrained

                               Multipoint Aer odyna mic Shape Optimization Using an Adjoint For mulation and Parallel Comput ers ,

                               Part 1, ~  Journal of Aircraft , Vol.36, No. 1, January - February , 1999, pp.51 - 60.

                               [7] Reuther, J. J., Jameson, A., Alonso, J. J., Rimlinger, M. J. and Saunders, D., ^ Constrained

                               Multipoint Aer odyna mic Shape Optimization Using an Adjoint For mulation and Parallel Comput ers ,

                               Part 2, ~  Journal of Aircraft , Vol.36, No. 2, Ja nuary - February, 1999, pp.61 - 74.

                               [8] Press, W. H., Teukolsky, S.A., Vett erling, W. T. and Flannery, B.,  Numerical Recipes in Fortran

                               77: The Art of Scientific Computing,  second edit ion, the Press syndicat e of the Universit y of

                               Cambridge, New York, 1996.

                               [9]  Lions, J. L., Optimal Control of Systems Governed by Partial Differential Equations,

�

Springer - Verlag, New York, 1971, Translated by Mitter, S.K.

[10] Miettinen, K., Makela, M. M., Neittaanmaki, P. and Periaux, J. (Eds.), Evolutionary Algorithms

in Engineering and Comput er Science,  John Willey & Sons Ltd, Chichester, U.K., 1999, Chaps.17 - 24.

[11] Bramlett e, M. F. and Cusic, R., ^ A Comparative Evaluation  of S earch Met hods Applied to the

Parametric Design of Aircraft, ~  Proceedings of the Third International Conference on Ge netic

Algorithms , Morgan Kaufmann Publishers, Inc., San Mateo, CA, 1989, pp.213 - 218.

[12] Parmee, I. C. and Watson, A. H., ^ Preliminary Airframe Design Using Co - Evolutionary

Multiobject ive Genet ic Algorit hms, ~  Proceedings of the Genetic and Evolutionary Co mputation

Conference , Vol. 2, Morgan Kaufmann Publishers, Inc., San Mateo, CA, 1999, pp.1657 - 1671.

[13] Powell, D. J., Tong, S. S. and Sholbick, M. M., ^ EnGENEous Doma in Independent, Machine

Learning for Design Optimization, ~  Proceedings of the Third Inter national Conference on Genetic

Algorithms , Morgan Kaufmann Publishers, Inc., San Mateo, CA, 1989, pp.151 - 159.

[14] Quagliarella, D. and Cioppa, A. D., ^ Genet ic Algorit hms applied t o the Aer odyna mic Design of

Transonic Airfoils, ~  AIAA - 94 - 1896 - CP, June 1994.

[15] Ya ma moto, K. and Inoue, O., ^ Applications of Genet ic Algorit hm to Aerodyna mic Shape

Optimization, ~  AIAA Paper 95 - 1650 - CP, A collect ion of technical papers, 12 th  AIAA Computationa l

Fluid Dynamics Conference, CP956, San Diego, CA, June 1995, pp. 43 - 51.

[16] Cao, H. V. and Blom, G. A., ^ Navier - Stokes/Genet ic Optimization of Multi - Element Airfoils, ~

AIAA 96 - 2487, June 1996.

[17] Obayashi, S. and Oya ma, A., ^ Three - Dimensional  Aer odyna mic Optimization wit h Genetic

Algorithms, ~  Proceedings of the Third ECCO MAS Computational Fluid Dynamics Conference , John

Wiley & Sons, Ltd, Chichester, U.K., 1996, pp.420 - 424.

[18] Darwin. C., On the Origin of Species by Means of Natural Selection , Murray, London, 1859.

[19] Fogel, L. J.,  Owens, A.  J. and Walsh, M.J., Artific ial Intelligence Thorough Simulated Evolution,

John Wiley & Sons, Ltd, Chichester, U.K., 1966.

[20] Fogel, D. B., Evolutionary Computations: Toward a New Philosophy of Machine Intelligence ,

IEEE Press, New York, 1995.

[21] Fogel, D. B. and At mar, J. W., ^ C omparing genet ic operators with Gaussian mutation in

simulated evolut ionary processes using linear systems, ~  Biological Cybernetics , Vol.63, 1990,

pp.111 - 114.

[22] Fogel, D. B. and Stayton, L. C., ^ On the effectiveness of crossover in simulat ed evolut ionar y

o ptimization , ~  BioSystems , Vol. 32, No. 3., 1994, pp171 - 182.

[23] Sebald, A. and Schlenzing, J., ^ Minimax Design of Neural Net Controllers for Highly Uncertain

Plants ,~  IEEE Transactions of Neural Networks , Vol. 5, No. 1., pp.73 - 82.

[24] Back, T., Rudolp h, G. and Schwefel, H. - P., ^ Evolutionary progra mming and evolut ion strategies :

Similarities and differ ences, ~  Proceedings of the Second Annual Conference on Evolutionary

Programming , Evolutionary Programming Society, San Diego, CA, 1993, pp.11 - 22.

[25] Re chenberg, I., ^ Cybernet ic Solution Path of an Experimental Problem, ~  Ministry of Aviation ,

Royal Aircraft Establishment, U.K., 1965.

[26] Rechenber g, I., Evolutionsstrategie: Optimierung technischer systeme nach prinzipien der
biologischen evolution,  Fromm ann - Holzboog Verlag, Stuttgart, Germany, 1973.

[27] Schwefel, H. - P., Numerical Optimization for Computer Models , John Willey, Chichest er, U.K.,

1981.

[28] Schwefel, H. - P., Evolution and Optimum  seeking , Sixth - Generation Comput er Technology S eries,

Wiley,  New York, 1995.

[29] Heusener, G., ^ Optimierung natriumgekuhlt er scheneller Brutreaktoren mit Methoden der

nichtlinearen Programmierung, ~  report KFK - 1238, Nuclear  Research Cent er (KfK) Karlsruhe,

Germany, July 1970.

[30] Hartmann, D., ^ Optimierung balkena rtiger Zylinderschalen aus Stahlbeton mit elastischem und

plastischem Werkstoffverhalten, ~  Doctoral Dissertation , University of Dortmund, 1974.

[31] Bruder mann, U.,  ^ Entwicklung und Anpassung eines vollstandigen Anst euersyst ems fur

fremdener get isch angetri ebene Ganzar mprothesen, ~  Fortschrittberichte der VDI - Zeitschriften , Vol.17

(Biotechnik), No. 6, December. 1977.

[32] Markwich, P., ^ Der ther mische Wasserstrahlantrieb auf der Grundlage des offenen

Clausius - Rankine - Prozesses -  Konzeption und hydrot her modyna mische Ana lyse, ~  Doctoral

Dissertation , Technical University of Berlin, 1978.

[33] Holland, J. H., Adaptation in Natural and Artificial Systems , University of Michigan Press, Ann

Arbor, 1975.

[34]  Goldber g ,  D.  E., Genetic Algorithms in Search, Optimization  and Machine Learning ,

Addison - Wesley Publishing Company, Inc., Reading, MA, 1989 .

[35] Minga, A. K., ^ Genet ic algorit hms in aerospace design, ~  the AIAA Sout heastern R egiona l

Student Conference, Huntsville, AL, 1986.

[36] Glover, D. E., ^ Experimentation wi t h an adaptive search strategy for solving a key - board

design/configuration problem, ~  Doctoral Dissertation , University of Iowa, 1986.

[37] Koza, J., Genetic Programming: On the programming of computers by means of natural selection ,

Bradford Books, Cambri dge, MA, 1992.

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

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

Genetic Algorithms , Morgan Kaufmann Publishers, I nc., San Mateo, CA, 1991, pp.31 - 36.

[39] Wright, A. H., ^ Genet ic Algorit hms for Real Paramet er Optimization, ~  Foundations of Genetic

Algorithms , Morgan Kaufmann Publishers, San Mateo, CA, 1991, pp.205 - 218.

[40] Eshelma n, L. J., ^ The CHC Adaptive Search Alg orithm: How to Have Safe Search When

Engaging in Nontraditional Genet ic R ecombination, ~  Foundations of Genetic Algorithms , Morgan

Kaufmann Publishers, Inc., San Mateo, CA, 1991, pp.265 - 283.

[41] Tsutsui ,  S. and Fujimot o,  Y. ,  ^Forking Genetic Algorithms wit h blocking and shrinking modes

(fGA),~ P roceedings of the Fifth  International Conference on Genetic Algorithms , Morgan Kaufmann

Publishers, Inc., San Mateo, CA, 1993, pp. 206 - 213.

[42] De Jong, K. A., ^ An analysis of the behavior of a class of genet ic adapt ive syst ems, ~  Doct oral

Dissertation , University of Michigan, 1975.

[43] Goldber g, D. E. and Richardson, J., ^ Genetic algorithms wit h sharing for mult imodal function

optimization, ~  Proceedings of the Second International Conference on Genetic Algorithms , Mo rgan

Kaufmann Publishers, Inc., San Mateo, CA, 1987, pp.41 - 49.

[44] Baker, J.  E., ^Reducing Bias and Inefficiency in the Se le ction Algorit hm,~ Proceedings of the

Second International Conference on Genetic Algorithms , Morgan Kaufmann Publishers, Inc., San

M ateo, CA, 198 7 , pp.14 - 21.

[45]  Michalewicz, Z., Genetic Algorithms + Data Structures = Evolution Programs, third revised

edition, Springer - Verlag, Berlin, 1996.

[46] Goldberg, D. E. and Deb, K., ^ A comparative  analysis of select ion schemes used in genet ic

algorit hms ~  Foundations of Genetic Algorithms , Morgan Kaufma nn Publishers, Inc., San Mateo, CA,

1991, pp.69 - 93.

[47] Eshelma n, L. J. and Schaffer, J. D., ^ Real - coded genet ic algorithms and int erval schemata, ~

Foundations of Genetic Algorithms.2 , ~  Morgan Ka ufma nn Publishers, Inc., San Mateo, CA, 1993,

pp.187 - 202.

[48] Radcliffe, N. J., ^ Genet ic Neural Networks on MIMD Comput ers, Doctoral Dissertation ,

University of Edinburgh, Edinburgh, U.K., 1990.

[49] Booker, L. B., ^Improving  Search in Genetic  Algorithms, ~  Genetic Algorithms and Simulated

Annealing , Morgan Kaufmann Publishers, Inc., San Mateo, CA, 1987, pp.61 - 73.

[50] Deb, K. and Goyal, M., ^ A robust optimization procedure for mechanical component design

based on genet ic adaptive search , ~  Transactions of t he ASME: Journal of Mechanical Design , Vol.

120, No. 2, 1998, pp.162 - 164.

[51] Deb, K. and Beyer, H. - G., ^ Self - Adaptation  in Rea l - Paramet er Genet ic Algorithms wit h

Simulated Binary Crossover, ~  Proceedings of the Genetic and Evolutionary Computation Confer ence ,

Morgan Kaufmann Publishers, Inc., San Mateo, CA, 1999, pp.172 - 179.

[52] Ya ma mot o, K. and Inoue, O., ^New Evolutionary Direction Operator for Gen e t ic Algorit hm, ~

AIAA Journal , Vol. 33, No. 10, Oct. 1995, pp. 1990 - 1992.

[53] De Jong, K. A., ^ An Analysi s of the Beha vior of a Class of Genet ic Adaptive Syst ems, ~  Doct oral

Dissertation , University of Michigan, Ann Arbor, 1975.

[54] Cohoon, J. P., Hedge, S. U., Martin, W. N. and Richards, D.,  ^ Punctuated equilibria: A parallel

genet ic algorit hm, ~  Proceedings of the Second International Conference on Genetic Algorithms ,

Morgan Kaufmann Publishers, Inc., San Mateo, CA, 1987, pp.148.

[55] Lin, S. C., Punch, W. F. and Goodma n, E. D., ^ Coarse - grain parallel genetic algorit hms:

Categorization and a new approach, ~  Si xth IEEE SPDP, 1994, pp.28 - 37.

[56] Loraschi, A., Tettamanzi, A, Tomassini, M and Verda, P., ^ Distributed genet ic algorithms wit h an

application to portfolio select ion problems, ~  Proceedings of the International Conference on Artificial

Neural Networks and  Genetic Algorithms , Springer - Verlag Wien, New York, 1995, pp.384 - 387.

[57] Belding, T. C., ^ The Distributed Genetic Algorit hm Revisit ed, ~  Proceedings of the Sixth

International Conference on Genetic Algorithms , Morgan Kaufmann Publishers, Inc., San Mateo,  CA,

1995, p.114 - 121.

[58] Schaffer, J. D., ^ Some Experiments in Machine Learning Using Vector Evaluat ed Genetic

Algorithms, ~  Doctoral Dissertation , Vanderbilt University, Nashville, TN, 1984.

[59] Schaffer, J. D., ^ Multiple Object ive Optimization wit h Vec tor Evaluated Genet ic Algorit hms, ~

Proceedings of the First International Conference on Genetic Algorithms and Their Applications ,

Lawrence Erlbaum Associates, Publishers, Hillsdate, NJ,  1985, pp.93 - 100.

[60] Fonseca, C. M., ^ Multiobjective Genetic Algorit hms  with Application to Control  Engineering

Problems , ~   Doctoral Dissertation , University of Sheffield , 1995.

[61] Horn, J. and Nicholas N., ^ Multiobjective Optimization  Using the Niched Pareto Genetic

Algorithm, ~  Technica l Report 930005, Universit y of Ill inois at Urbana - Champaign, 117

Transportation Building, 104 South Matthews Avenue, Urbana, IL61801 - 2996, Illinois Genet ic

Algorithms Laboratory (IlliGAL), July 1993.

[62] Srinivas, N. and Deb., K., ^ Multiobjective Optimization Using Nondominated Sorting in  Genet ic

Algorithms, ~  Evolutionary Computation , Vol.2, No.3, 1994, pp.221 - 248.

[63] Stewart, T. J., ^ A critical Survey on the Status of Multiple Criteria Decision Making and

Practice, ~  International Journal of Management Science , Vol.20, No5/6, 1992, pp.56 9 - 586.