Chapter 3

EvolutionaryAlgorithms Based on Structured Coding for Aerodynamic Wing Optimizations

3.1 Introduction

Thedifficulty in finding t heglobal opt imum in an aer odyna mic shapedesign optimization problemst ems in a largepart fromits high degr eeof nonlinearit y in theobjectivefunct ion distribution.

When EAs areused to solveengineer ing optimization problems, theter m epistasis is often used to describe nonlinearity in theobjectivefunction distribution [1]. In highly e pistatic problems, many of thedesign paramet ers strongly int eract with each ot her and thus, it is very difficult to decomposesuch design problem int o independent subproblems. SinceEAs t ypically opt imize by combining vali d features (sets of dependent paramet ers) of differ ent desig n candidates, therobustness and efficiency of

EAs decreasesignifica ntly for such design problems. Ther efor e, if the epistatic int eraction structures of thedesign paramet ers areident ified in adva nce, therobustness and efficiency of EAs can work morero bustly and efficiently by rearranging encoding of thedesign parameters.

To illustratethis, consider two sequentially coded design candidates ( Parent1& 2 ) wher et her e arestrong interactions between real design variables a and e as well as b and d (Fig. 3. 1).

a 1 a 2 b 1 c 2 c 1

b 2 d 1 d 2 e 1 e 2

S e q u e n ti a l c o d in g

P a r e n t 1 P a r e n t 2

Fig. 3.1 Sequentially coded design candidates

Application of one - point crossover at any sit ewould wind up destroying theabovecombinations. In such a caseEAs would not work well. Consider now a n alt ernativearrangement, in which int eractive desig n parameters aregrouped as Fig. 3.2.

S t r u c t u r e d c o d i n g

P 1 P 2

Q 1 Q 2

P a r e n t 1 P a r e n t 2 c 2 c 1

a 1 b 1 c 1

d 1

e 1

a 2 b 2 c 2

d 2

e 2

Fig. 3.2 Design candidates coded with structure

In t his case, no matt er whet her one - point crossover is applied t o bet ween P a nd Q or bet ween Q and c , thecombinations of thedependent design parameters arepreser ved.

For analysis of concer ning design problems, a paramet ric study is oft en conduct ed by varying oneparamet er at a timeor by trial and error for a limit ed number of paramet ers. However, such approaches only lea d to incomplet eknowledgefor a largedesig n space. An exhaustivesearch, in contrast, requires unacceptably largenumber of experiments and thus they arenot suitablet o real - world problems. For instance, a full factorial design of a design spaceof 10 paramet ers wit h 3 levels would require 3 10 = 59049 experiments. The useof such a time consuming approach is prohibitivefor the preprocessing epistasis analysis.

An efficient approach is experimental design that can gain required infor mation at theleast expenditureof resources . Theunderlying idea of t his statistical techniqueis that thenumber of exper iments can bereduced by extracting therequired infor mation, oft en thema in effects and 2 - factor int eractions , assuming that higher order of int eractions are negligible in typical design problems. This techniqueconstruct algebraic approximations of t he objective function distribution wit h a set of exper iments carefully distributed throughout thedesign spaceusing so - called orthogonal array and then, the effect iveness of the fact ors and their int er actions are est imat ed by F - t ests (for moredetail, see

[2])

Theobject iveof t his chapter is to improverobust ness as well as efficiency of EAs by introducing t hestructured coding based on t he epistasis analysis. Experimental design will beused t o exa min et he epistatic int eraction structures of design paramet ers. First, feasibilit y of t ypical airfoil shapeparamet erization t echniques will be exa mined though r eproduction of a NAS A supercrit ical airfoil and an aerodyna mic airfoil shapeopt imization in Sec. 3.2. Then, thepresent approach will be applied to aerodynamic design of a wing shapein Sec 3.3.

3.2 Comparative Studyof Airfoil Shape Parameterization Techniques

In r ecent years, thedevelopment of automat ed design process for aerodyna mic design is act ively studied by many researchers . For instance, morethan twenty papers relat ed to aerodyna mic or mult idisciplinary optimization by numer ical met hods wer epresent ed in t he38th AIAA a erospace sciences meet ing and exhibit held on January 2000. In spiteof such vigorous investigations, as is the casein any new r esearch field, many quest ions rema in unanswer ed . Paramet erization of thedesign space, as well as choiceof optimization methods, is oneof themost outstanding issues of concern.

Therearethreeob jectives in developing a parameterization technique:

1) A paramet erization techniqueshould haveadequat eflexibilit y. Otherwise, theglobal opt imu m design may be excluded fr omthedesign space. For exa mple, if a transonic airfoil shapewer e designed using NA C A four - digit airfoils, theobtained airfoil would have high wave drag under a certain thickness constraint.

2) Thenumber of r equir ed paramet ers should bekept as low as possiblesinceit corresponds to t he number of dimensions of a design space. An extreme exa mpleis reported in [3] wher ea three - dimensional wing shapewas paramet erized by using thelocation of each surfacemesh point as design paramet ers. This approach requir ed moret han 4000 design paramet ers. Thefinal result was ther efor esubject to cons traints and theaddit iona l geometry smoothing. It is not efficient to find a global optimumdesign in such a largedesign space.

3) Design paramet ers should control important features of thegiven design problem. Becausesuch paramet ers arelikely to beindep endent of each other, optimization can beconduct ed efficient ly.

Onema y recall that early studies on airfoil properties in subsonic flow wer e efficient ly demonstrated by dividing an airfoil shapeint o thickness distribution and ca mber line. On theother h and, a design paramet er set that is chosen wit hout knowledgeof thegiven design problemwould havecomplex int eraction among themproviding a complex object ivefunction landscape. Finding a global optimumis very difficult in such an optimization problem.

Although ma ny researchers ha veproposed airfoil sha pe paramet erization t echniques to achieve t heir goals, ther eis no comparativestudy of airfoil shape paramet erization t echniques asidefroma work of

Reuther and Jameson [4] within theauthor ´ s knowledge . In this section, sometypical airfoil parameterization techniques will becompared to clarify this open issue.

3.2.1 Airfoil Shape ParameterizationTechniques

3.2.1.1 Extended Joukowski Transformation

Equation (3.1) is well known as theJoukowski transf or mation that transforms a circleint o various airfoils:

z

z

1

+ =

V

(3.1)

The ext ended Joukowski transfor mation [5] gives further variet y in theresultant airfoil shapes using a

preliminary transformation beforetheJoukowski transfor mation as:

) ( D -

- = ¢

z z z e

(3.2)

z z

¢

+ ¢ =

1

V

(3.3)

wher e e and D area complex number and a real number, respectively. Theairfoil shapeis defined by 5

paramet ers: cent er of thecircle Z c , real part and imaginary part o f e , and D . An exa mpleof the

extended Joukowski transformation is illustrated in Fig. 3.3.

Inst ead of theraw design variables ( Z c , e , D ), thepresent design variables aregiven by ( x c , y c , x t ,

y t , D ) wher et hecent er of thecircle Z c and the complex numb er e correspond t o theposit ion ( x c , y c ) and

( x t , y t ), respectively. D is the preliminary movement in thereal axis. It is known that x c and x t are

related to theairfoil thickness while y c and y t arerelated to theairfoil camber.

3.2.1.2 InverseTheodo rsen Transformation

Any given airfoil shapecan betransfor med int o a unit circle using theTheodorsen

transfor mation [6] that consists of t hefollowing Joukowski transfor mation and the primary

approximation:

z z

¢

+ ¢ = 1 V (3.4)

) exp(

0 å = ¢ ¥

n n

z c

z z

(3.5)

wher ethecomplex numbers C n aredet er mined by thefast Fourier transfor mation. Theinverseof the

Theodorsen transfor mation can beused to paramet erizean airfoil shape. Theaccuracy of this

techniquedepends on t he truncation of summation in Eq. (3.5). In this study, an airfoil shapeis

defined by 13 parameters, which corresponds to the truncation at thesixth term.

-2

-1

0

1

2

-2 -1 0 1 2

Z

Z’

Zeta

Imag

Real

Fig. 3.3 Exampleof the extended Joukowski transformation

3.2.1.3 B - SplineCurves

Paramet er ization using th et hird - order B - Spline curves is oneof themost popular approaches

for airfoil designs (for example, see[7,8]). Thedesign paramet ers areposit ions of control points of t he

B - Splinecurves. In this study, an airfoil shapeis split int o a mean ca mber line and t hickness

distribution. Fivecontrol points areused for each of themea n camber lineand thethickness

distribution (Fig. 3.4). Since locations of thelea ding edgeand trailing edgearefrozen, 12 design

variables arerequired to givean airfoil shap e.

43

Thickness distribution

Control points for thickness distribution

�

� �

�

�

�

Z/C

Camber line

Control points for camber line

�

�

�

�

Z/C

Airfoil shape

�

�

�

�

�

�

�

�

� �

Z/C

X/C

camber line thickness distribution airfoil shape

Fig. 3.4 B - Splinecurves for mean camber lineand thickness distribution and theresultant airfoil shape

3.2.1.4 Orthogonal ShapeFunctions

Ther eis a class of paramet erization t echniques based on linear combination of shapefunctions.

In R ef. 9, Ch ang et al . haveproposed a polynomial function to paramet erize upper and lower surfaces of an airfoil using orthogonal shapefunctions to reducetherequired design parameters:

) ( ) ( ) ( 5

1 10

7

4

1 6

2

1 2

1

1

-

=

-

=

- - + - + - = å å n n

n n n

n n n

x x a x x a x x a Z (3.6)

This approach for theairfoil paramet erizatio n is a derivativeof theoriginal NACA met hod [10]. The number of parameters is 20.

3.2.1.5 PARSEC Airfoils

An airfoil fa mily ^ PARSEC ~ has been r ecent ly proposed t o paramet er izean airfoil shape[11].

A remarkablepoint is that this techniquehas been dev eloped aiming to control important aerodyna mic features effectively by selecting thedesign paramet ers based on theknowledgeof transonic flows around an airfoil.

Similar to 4 - digit NAC A series airfoils, ThePARSEC paramet erize s upper and lower airfoi l su rfaces using polynomials in coordinates X , Z as, å

=

- × = 6

1

2 / 1 n

n n X a Z (3.7) wher e a n arereal coefficients. Instead of taking thesecoefficients as design paramet ers , thePARSEC airfoils aredefined by basic geometric paramet ers: lea ding - edgera dius, upper and lower crest location including curvatures, trailing - edgeordinate, thickness, direction and wedgeangleas shown in Fig. 3.5.

These paramet ers can be expressed by theorigina l coefficients a n by solving simplesimultaneous equations. Eleven design paramet ers arerequired for thePARSEC airfoils to definean airfoil shapei n total. For comparison purpose, bot h t hetrailing - edget hickness and its ordinate(at X =1) wer efrozen t o

0. Therefore, ninedesign variables areused to givean airfoil s hapein thefollowing sections.

a

TE b

TE

r

LE

X

UP

X

LO

1

0

Z

XXUP

Z

XXLO

Z

UP

Z

LO

Z

TE

D Z

TE

Z

X

a b

r

X

X

1

0

Z

Z

Z

Z Z

D Z

Z

X

Fig. 3.5 Design parameters for thePARSEC

3.2.2 Reproductionofa NASA Supercritical Airfoil

To exa mineflexibility of t heaboveparamet erization techniques, reproduction of a NAS A supercritica l airfoil SC(2) - 0414 was demonstrated by minimizing differ ences bet ween theSC(2) - 0414 airfoil geometr y and airfoil shapes reproduced by the paramet erizations (seeFig. 3.6). A real - coded

AdaptiveRangeGenet ic Algorit hm (ARGA, seeChap.2) was used for minimization. In the evoluti onary process, 300 generations arerun for fivetimes with a population sizeof 200.

Fig. 3.6 Area to beminimized

Thereproduced airfoils and thecorresponding residuals arepresent ed in Figs. 3.7 and 3.8,

respect ively. It should benot ed that fiveru ns wer eperformed for each airfoil but the differ encewas

negligible. Theresults show that theSC(2) - 0414 airfoil is included in t he paramet erized spaceof

PARSEC , Theodorsen, and B - Spline airfoils. Theresiduals of thoseairfoils in Fig. 3.8 arenot

conv er ged to machine - zer o duet o thebrunt trailing edgeof theSC(2) - 0414 airfoil. On theot her hand,

the ext ended Joukowski airfoil and theairfoil using orthogonal shapefunctions havefailed to reach

theSC(2) - 0414 airfoil. Thefailureof the ext ended Jouk owski airfoil results fromits insufficient

design space. To find t hecauseof thefailur eof theorthogona l shapefunct ions, reproduction of

NAC A 2412 airfoil was perfor med. Figur e3.9 shows thetarget airfoil shapeand t hemost approximat e

shapewit h fiv etrials obtained by theEA using theorthogonal shapefunctions. Alt hough the set of the

orthogona l shapefunct ions includes the generator of theNAC A 4 - digit airfoils, thepresent EA has

failed to reach theNAC A 2412 airfoil. Theseresults indicat ethat theparamet erization using

orthogonal shape functions is not suited for EA - based optimization.

-0.05

0

0.05

0 0.2 0.4 0.6 0.8 1

PERSEC

B-Splie

E. Joukowski

Theodorsen

Chang

SC(2)-0414

Z/C

X/C

Fig. 3.7 Comparison of thereproduced airfoils

0

0.001

0.002

0.003

0.004

0.005

E. Joukowski Chang PERSEC Theodorsen B-Spline

Residual

Fig. 3.8 Residual of theSC(2) - 0414 airfoil reproduction

-0.08

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

0.08

0 0.2 0.4 0.6 0.8 1

NACA2412

Obtained shape

Z/C

X/C

Fig. 3.9 NACA 2412 and theairfoil shapeobtai ned by orthogonal shapefunctions

3.2.3 Aerodynamic Shape Optimization

Aer odyna mic airfoil shapeoptimizations wer edemonstrated to exa minethesearch efficienc y

of theparamet erization techniques further. Theobjective funct ion was thelift - t o - drag rati o L / D to be

maximized. Thefree strea m Mach number and theangleof attack wer eset to 0.8 and 2 degrees,

respect ively . Thea erodyna mic perfor manceof each design was evaluated by the t wo - dimensional

Navier - Stokes solver described in Chap.4. Theairfoil t h ickness was constrained so that themaximu m

thickness was greater than 12% of thechord length. Thereal - coded ARGA was used to maximizethe object ivefunct ion wher ethep opulation sizeand thenumber of generations wer eboth 100. Because

EAs arestochasti c optimization algorit hms, two trials wer eperfor med for each airfoil

parameterization .

Figur e3.10 shows theopt imization histories. Theaerodyna mic perfor mances of thedesign

results aresummarized in Table3.1. These r esults ensurethat theperfor ma n ceof t hedesigned airfoil

greatly depends on thechoiceof theparameterization techniques.

10

20

30

40

0 20 40 60 80 100

L/D

Generation

PERSEC

B-Splie

E. Joukowski

Theodorsen

Fig. 3.10 Optimization histories

Table3.1 Results of aerodynamic optimizations

Theodorsen Extended

Joukowski

B - Spline PARSEC

L / D 31.87 34.73 39.02 39.40

C l 0.5535 0.5427 0.6223 0.6253

C od 0.01737 0.01562 0.01595 0.01587

Thepresent EA using thePARSEC airfoils has reached to theairfoil shapeof thebest

perfor mance. Becausetheparamet er set of theP ARSEC airfoils represents aerodyna mically important

features of an airfoil shapein transonic regime, they areto some ext ent independent and thus, the

present EA could search thedesign spaceefficiently. This paramet erization gives thedesign space

wide enough as shown in theprevious section, which also helps finding a global optimum.

Ther esult ing airfoil shape a nd t hecorresponding Cp distribution areshown in Fig. 3.11. The

surfacepressuredistribution is similar to that of NASA supercritical airfoils, such as an approximately

unifor mdistribution (r ooftop) on theupper surface, a weak shock wa vesignifica ntly aft of the

midchor d, a pressureplateau downstr ea mof theshock wave, a relatively st eep pressurerecover y on

the extreme r earward region, and a trailing edgepr essure slightly mor eposit ivet ha n a mbient pr essure

[12]. Thedesign result is consider ed to betheglobal optima l and thus ensures thefeasibilit y of the

present approach.

-0.08

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

0.08

-1.5

-1

-0.5

0

0.5

1

1.5

0 0.2 0.4 0.6 0.8 1

Z/C-Cp

X/C

Fig. 3.11 Designed airfoil shapeand thecorresponding pressuredistribution using PARSEC airfoils

EA using t heB - Splinecurves has succeeded in finding a reasonably good airfoil design but the

perfor manceof t her esult ing airfoil is slight ly less tha n that optimized by theP ARSEC airfoil s. The

reason is probably theselection of thedesign paramet ers. Thelocat ions of B - Splinecontrol points are

not related to theflow physics in contrast to theparameter set of thePARSEC airfoils.

Ther esult ing airfoil obtained fr omt heinverseTheodor sen transfor mation perfor med worst. To

check whet her thedesign obtained by thePARSEC airfoils is included in thesearch spaceof the

inverseTheodorsen transfor mation, airfoil reproduct ion was tried as shown in Fig. 3.12. While the

ext ended Joukowski airfoil has failed to express the best design, theot hers including theinve rse

Theodorsen transfor mation havesucceeded. This indicates that theworst perfor manceof EA using the

inverseTheodorsen transfor mation is not dueto its insufficient search spacebut thecomplex object ive

funct ion distribution. Becauset heparamet ers of theinverseTheodorsen transfor mation arenot defined

based on theflow physics around an airfoil, they arelikely to havecomplex int eraction of each other.

Because EAs typically opt imizeby combining valid features (sets of dependent paramet ers ) of

diff er ent design candidat es , therobustness and efficiency of EAs decreasesignificantly for such

design problems.

-0.12

-0.08

-0.04

0

0.04

0 0.2 0.4 0.6 0.8 1

Sobieczky

E. Joukowski

B-Spline

Theodorsen

Z/C

X/C

Fig. 3.12 Reproduction of theairfoil design obtained by PARSEC airfoils

The ext ended Joukowski transfor mation has found an airfoil that performs bett er than the

inverseTheodorsen transfor mation . This is dueto a relatively small number of design paramet ers and

thus a smaller search space. Theother reason is t hat ( x c , x t ) and ( y c , y t ) arerelat ed t o t heairfoil thickness

and themea n ca mber line, respectively. They areimportant factors for airfoil performa nce . As shown

in Fig. 3.12, however, the design spaceis too small to obtain a global optimumfor theairfoil design.

3.3 Wing Design Using EAs Based on Structured Coding

3.3.1 Formulatio nofOptimizationProblem

Thepr esent design problem is an aer odyna mic opt imization of a transonic wing shapeat the

transonic cruisedesign point. Thecruising Mach number is assumed to be0.8. Theobjectives

funct ions of thedesign problem arelift coeff icient C L to bemaximized and drag coefficient C D t o be

minimized. Ther efor e, thepurposeof thepresent optimization is to find tradeoff solut ions bet ween

maximization of C L and minimization of C D within oneoptimization. Airfoil thickness is constrained

so that themaximumthickness is greater than 0.08 of thechord length.

Thea erodyna mic perfor mances are eva luated by using FLO - 27, which is the conser vative

full - pot ential codedeveloped by Jameson and Caughey [13] . FLO - 27 can solveflow around a wing

ver y rapidly: within a few seconds on a vector computer.

Thewing pla nfor mis that for a typical transonic aircraft as [14] (Fig. 3.13). The ext ended

Joukowski transformation or thePARSEC is used for wing profile paramet erization . Airfoil sect ions

defined by these paramet ers and thetwist anglewill begiven at fivespanwisesect ions. Thewing

surfaceis linearly int erpolated bet ween thespecified spanwisesections. Thenumbers of therequir ed

design paramet ers are30 for thewing paramet erized by the ext end ed Joukowski transfor mation and 55

for thewing parameterized by thePARSEC.

Fig. 3.13 Wing planform

3.3.2 OptimizationUsing MOEA

In thefollowing calculations, a real - coded MOEA is used for optimization. In thepresent

MOEA, randomparental selec tion and b est - N selection based on Pareto - ranking met hod coupled wit h

fit ness sharing areused. Sincet hestrong elitismis used, high mutation rateof 0.2 is applied and a

randomdisturbanceis added to theparamet er in theamount up to

�

�

�

�

�

�

�

�

�

¯º

¸ ¯º°º ¯º¯Ë ¯º°Ë

¯º¸w °º¯Ë °º°Ë °º¸w ¯Ë°Ë ¯Ë¸w °Ë¸w

˝¸ºËÆÉÊw¸Å»wÀÅË¼É¸ºËÀÆÅÊ

˝

˚£

˚¸

˚ÉÀËÀº¸Ãw-¸ÃÌ¼Ê�|�

˚ÉÀËÀº¸Ãw-¸ÃÌ¼Ê�|�

x c y c x t y t

� D a x c y c x c x t x c y t � x c

D y c x t y c y t � y c

D x t y t � x t

D y t

D

Fig. 3.14 Effectiveness of factors a nd their interactions for the extended Joukowski transformation

X

X c1

X c2

X c3

X c5

X c4

Y

Y c1

Y c2

Y c3

Y c5

Y c4

X t1

X t2

X t3

X t5

X t4

D

D 1

D 2

D 3

D 5

D 4 a

a 1

a 2

a 3

a 5 a 4

Y t1

Y t2

Y t3

Y t5

Y t4

Profile1

Profile2

Profile3

Profile4

Profile5

One - point Crossover gene site

Fig. 3.15 Structured coding for the extended Joukowski transformation

3.3.3.2 Design Results

To validat eadvantageof t hecrossover wit h thestructured coding, design opt imization is

dem onstrated. Thedesign r esults obtained by t hepresent approach arecompared with t hat of theEA

with t hesequent ial coding wher eone - point crossover is applied t o each spanwisedistribution of the

design paramet ers but each crossover genesit eis select ed independent ly as illustrated in Fig. 3.16.

Figur e 3.17 shows thePareto optima l solutions indicating thetradeoff bet ween maximization of C L

and minimization of C D . Solid and hollow points show ther esulting Pareto fronts obtained fromt he

sequent ial and s tructured coding s , respectively. This figure indicates t hat the present EA wit h the

structured coding had better Pareto solutions in high C L region.

X c

X c1

X c2

X c3

X c5

X c4

Y c

Y c1

Y c2

Y c3

Y c5

Y c4

X t1

X t2

X t3

X t5

X t4

D

D 1

D 2

D 3

D 5

D 4 a

a 1

a 2

a 3

a 5 a 4

Y t1

Y t2

Y t3

Y t5

Y t4

X t Y t

Profile1

Profile2

Profile3

Profile4

Profile5

One - point Crossover gene site

Fig. 3.16 Sequential coding for the extended Joukowski transformation

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 0.01 0.02 0.03 0.04 0.05 sequential

structured

CL

C

D

Fig. 3.17 Comparison of Pareto f ronts for sequential and structured coding techniques

3.3.4 Wing DesignUsing PARSEC Airfoils

3.3.4.1 Construction of S tructured Coding

Now, thepr esent approach is applied to wing design using t heP ARSEC. First, theint eraction

structures of theparamet e r sets for thePARSEC airfoils areanalyzed by the experimental design. The

factors to be exa mined arer LE , X UP , Z UP , Z XXUP , X LO , Z LO , Z XXLO , a TE , Z TE and t heir two - factor

int eractions on F1 and F2. Thewedgeangleat thetrailing edgeand its int eractions are neglect ed sinc e

thewedgeangleis primary det er mined by t hestructural strengt h . Also, int eraction s of r LE Z TE , r LE a TE

and r LE Z XXLO ared isregarded. Consequent ly, 42 factors are examined by the experimental design

conduct ed according to theL 729 (3 364 ) design template. Number of CFD runs requir ed for this epistasis

analysis is reduced from3 9 = 19683 (full factorial design) to 3 6 = 729.

Fig u r e 3.18 shows ther esult of theF - t ests . I nteractions e ffect ivein both C L and C D are

illustrated wit h b old lines in Fig. 3.19. Sincethesefigures indicat ecomplicat ed int eractions among the

design variables, e specially , Z UP , Z LO , and Z TE , it seems diffic ult to construct a structured coding for

thesedesign variables. Therefore, new parameters Z C and Z H areintroduced instead of Z UP and Z LO as:

Z C = ( Z UP + Z LO ) / 2 (3.11)

Z H = ( Z UP - Z LO ) (3.12)

wher eZ C and Z H correspond to airfoil c a mber and thickness, respectively. Using theseparamet ers, int eractions aregreatly simplified as shown in Fig. 3.20. According to this result, a structured coding

for thespanwisedistributions of airfoil parameters is introduced.

0

1

2

3

4

5

6

7

8

9

1 0

135791 11 31 51 71 92 12 32 52 72 93 13 3

F a ct or s an d i n te r a c t ion s

F

C L C D C r i t ic a l V a l u e( 1 % ) C r i ti c a l V a lu e ( 5 % )

X LO X LO X LO Z LO Z LO Z LO Z LO Z TE Z TE Z TE a TE Z UP Z LO Z TE Z UP Z TE a TE Z UP X UP a TE Z UP X UP Z UP X UP

Fig. 3.18 Effectivene ss of factors and their interactions for thePARSEC

r

LE

X LO

X UP

Z XXUP

Z XXLO a

TE

Z TE

Z UP

Z LO

Fig. 3.19 Effectiveinteractions of theoriginal PARSEC r LE

X LO

X UP

Z XXUP

Z XXLO a TE

Z TE

Z TH

Z C

Fig. 3.20 Effectiveinteractions of themodified PARSEC

3.3.4.2 Design Results

Thedesign result obtained by theEA using thecr ossover based on thestructured coding is

compared with that obtained by theEA using thesequent ial coding. Figure3.21 compares Paret o

fronts obtained fromthesequentia l coding of theoriginal PARSEC airfoils and thestructured coding

using Z C and Z H . Similar to the previous section using the ext ended Joukowski airfoils, advantageof

thecrossover based on thestructured coding is observed in high C L region. Compared wit h Fig. 3.17,

this figur ealso illustrated that Pareto front of thePARSEC airfoils is superior to that of the ext ended

Joukowski airfoils.

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 0.01 0.02 0.03 0.04 0.05 sequential

structured

CL

C

D

Fig. 3.21 Comparison of Pareto fronts for sequential and structured coding techniques

3.4 Summary

First, feasibility of typical airfoil shapeparamet erization techniques was invest igated through

comparativestudie s. The reproduct ion of a NASA supercritica l airfoil showed that the ext ended

Joukowski airfoil was not insufficient for transonic airfoil shapedesigns. This study also showed t hat

theparameterization using orthogonal shape functions is not suited for EA - based optimizations.

Theaerodyna mic airfoil shapeoptimizations ensured that theperfor manceof thedesigned

airfoil gr eatly depends on thechoiceof theparameterization t echniques. EA using t hePARSEC

airfoils succeeded in finding t heairfoil shapeof t hebest perfor mance, thanks to t heselect ion of design

paramet ers based on theknowledgeof transonic flow around an airfoil. Becausetheparamet er set of

thePARSEC airfoils represents important features of thegiven design problem, they likely to be

inde pendent of each other and thus, thepresent EA searched thedesign space efficiently.

On theot her hand, design paramet ers of theinverseTheodorsen transfor mation that arechosen

without knowledgeof theflow physics around an airfoil provided a complex object ivefunct ion

landscape. Because EAs typically optimizeby combining valid features of different design candidat es ,

theperformanceof EAs decreases significantly for such design problems.

Then, a crossover operator based on structured coding has been proposed for EAs. Thecoding

structure of thedesign variables is developed according to the epistasis analyzed by the experimenta l

design. Thepresent approach was applied to an aerodyna mic shapedesign of a transonic wing wher e

thewing shapeis modeled using theparamet er sets defined by the ext ended Joukowski airfoils and by

thePARSEC airfoils . Aerodyna mic optimizations of a transonic wing demonstrated that thestructured

coding for EAs is a promising approach to find a global opt imumin practical app lications. Thedesign

results also confir mthat thePARSEC is an adequat etechniquefor transonic wing shap e

paramet erization. Theimproved Pareto front is obtained by EA based on theproposed structured

coding using thePARSEC.

References

[1] Davidor, Y. , Genetic Algorithms and Robotics: A Heuristic Strategy for Optimization , World

Scientific, Singapore , 1991, Chap. 9.

[2] Barker, T. B., Quality byExperimental Design , Second edit ion, Marcel Dekker, Inc., New York,

1994.

[3] Jameson, A., ^ OptimumAer odyna mic Design via Boundary Control, ~ AGARD - VKI Lecture Series,

Optimum Design Methods in Aerodynamics , von Karman Inst. For Fluid Dyna mics, RhodeSait

Genese, Belgium, 1994.

[4] Reuther, J. J. and Jameson, A., ^ A Comparison of Design Variables for Control The ory Based

Airfoil Optimization, ~ sixth Int er national S ymposiumon Computational Fluid Dyna mics, LakeTahoe,

Nevada, Sept. 1995.

[5] Jones, R. T., Wing Theory, Princeton University Press, Princeton, NJ, 199 0, Chap. 3 .

[6] Theodorsen, T. and Garrick, I. E. ^ General Potential Theory of Arbitrary Wing Sect ions, ~ NAC A

TR 452, 1933.

[7] Obayashi, S., ^ Pareto Genet ic Algorithm for Aer odyna mic Design Using the Navier - Stokes

Equations, ~ Genetic Algorithms and Evolution Strategy in Engineering and Computer Science , J ohn

Wiley & Sons, Ltd, Chic h ester, U.K., 1998, pp.245 - 266.

[8] Doorly, D. J. and Peiro, J., ^ Supervised Parallel Genetic Algorit hms in Aerodyna mic

Optimization , ~ AIAA - 97 - 1852, 1997.

[9] Chang, I., Torres, F. J. and Tung C., ^ Geometric Analysis of Wing Sect ions, ~ NAS A TM 110346,

1995.

[10] Abbott, I. and von Doenhoff, A., Theory of Wing Sections, Dover Publications, New York , 1949.

[11] Sobieczky, H, ^ Parametric Airfoils and Wings, ~ Recent Development of AerodynamicDesign

Methodologies ˘ Inverse Design and O ptimization ˘ , Friedr. Vieweg & Sohn Ver lagsgesellschaft mbH,

Braunschweig/Wiesbaden, Germany, 1999, pp.72 - 74.

[12] Harris, C. D., ^ NASA Supercritical Airfoils, ~ NASA TP 2969, 1990.

[13] Jameson, A. and Caughey, D. A., ^ A Finit eVolumeMet hod for Transonic Pot entia l Flow

Calculations, ~ AIAA Paper 77 - 677, 1977.

[14] Jacobs, P. F., ^Experimental TrimDrag Values and Flow - Field Measurements or a Wide - Body

Transport Model with Conventional and Supercritical Wings,~ NASA TP 2071, 1982.