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GENETI K ALGORI TMA i LE ROTOR KANAT PROFi LLERI N N
AERODI NAM K SEKIL OPTi M ZASYONU

OZET

Bu calignada, genetik algorit na netodu bir helikopter kanat profilinin aerodinamk
ozellikleri gbéz Onilinde tutularak yapillacak bir dizayn problemn ¢oznek icin
kullaml mstir. Hr mkro genetik al gorit na, aerodinamk analiz anaciyla kullamlan
Smth&Hess panel netoduyla bir arada calistinl mstir. Kullamlan mikro genetik
algoritna nodeli “binary tournanent selection”, “unifor m crossover” ve elitizm
yontenteriyle calisnaktadir. Kanat profilin tensil eden B-spline egrisinin 20 kontrol
noktast genetikal gorit na opti mzasyonuigin dizayn paranetrelerini ol ustur naktadir. Bu
dizayn paranetreleri her ti¢ ugus durunu igin kaldir na katsayisim maksi mze et mek
anaciyla opti mze edil mistir. Bu opti mzasyon proble mnde kisitlar nonent katsayilar
icin konnmustur. Genetik al gorit namn bu anmglara erisnek anact ile siirekli olarak
siradist kanat profilleri bul dugu saptanmstir. Mo nent katsayilari iizerindeki kisitlar
bulunan kanat profilinn NACA 0012 profilinden daha iyl aerodinam k ozellikler
serglenesi goéz Oniinde tutularak ama¢ fonksiyonuna yerlestiril mstir. Gercektende,

bul unan opti mumpr ofilin NACA 0012 profilinden daha fazla nonent ol ustur naci & ve
verilen ¢esitli hiicum agilart i¢in daha yiiksek kaldirna saglad @ gozlenm stir. Sonug
olarak genetik al gorit ma yontem kanat profili dizayninda timt verici sonuglar ortaya
crkar mstir. Fakat helikopter kanat profili dizaym bir ¢ok farkli mithendislik disiplinine
bag nh1 dduguicin bualanda disiplinler-aras: bir sekil opti mzasyonuna ihtiyag vardr.



AERODYNAM C SHAPE OPTI M ZATI ON OF ROTOR ARFAO LS MA A
GENETI C ALGORI THM

ABSTRACT

Inthis work the genetic al gorithm nethod has been used to sove a helicopter rator

airfal design problemt hat addresses aerodynamc concerns. A mcro genetic al gorithm
wit h bi narytournanent selection unifor mcrossover and withan elitismoperator is used

in conjunction with Smith&Hess panel method aerodynamc code. The genetic
al gorithm operated on 20 variables which constitued the contrd poirnts of a B-spline
curve representing the airfal surface These design variables were opti mized to
maxi mze lift coeffident at three flight conditions wth a constraint on nonment

coefficient. It was found that the genetic al gorithmcoul d consistertly design a non-

tracditional airfail to achieve its objectives. The constrairnts are e mbedded i nthe fitness

functioninsuch a way that the resulting desi gns exhibit characteristics more favorabl e
than the fanous NACA 0012 airfal. Indeed it was found that the resulting opti nal

desi gn has better lift coefficentsthanthe NACA 0012 airfal at various val ues of angle
of attack while not exceedi ngthe no ment coefficients of NACA 0012 airfoil inany flow
condition As a conclusion, genetic al gorithmappears to be quite pronmisingin airfal

shape design but sincethe helicopter rator airfail designis dependent onthe effects of
various dsciplines, anirterdisciplinary design optim zation shoul d be applied



LINTRODUCTI ON

1 1 Introduction and Related Wrk

This work discusses the application of a genetic al gorithmto an airfail design
proble minthe consi deration of aerodynamc concerns,

The Genetic Agorithmis a conputational version of natural selection and
reproduction observed in bidogical populations [1]. Because an analogy can be
made bet ween survi val - of-t he-fittest and opti mzation dfferent for ns of the genetic
algorithns have been appliedto engi neering design and opti nization Recently, these
applications have alsoincluded raorcraft design problens.

A genetic algorithmfor the shape design of airfoils is preferred inthis work
due to several dsadvantages that aher design methods suffer while the genetic
al gorithns don’t.

Orect arfol design pertuwrbs an intia arfoil shape to inprove the
perfor mance of the airfoil. Athough successfu, this approach generally produces
airfals deviating only slightly fromthe initial design. Gal cul us-based search net hods
especially encounter this li mitation they find the nearest local opti mum to the
orignal design Arfal features like trailing-edge tabs, droop-snoats, and conplex
canber would be dfficult to dscover using a traditional nethod that perturbs a
known shape [2].

In contrast, inverse arfal design produces an airfal whose pressure
distribuion matches a desired distribution The inverse approach risks defining a
distribution that no physical shape can produce [2].

As one of its central features for engineering design applications, the GA
begins its search froma randonly generated population of designs. This feature
allows opti nmal designs to be conducted wthout the need of a starting design, which
is dfferent from nost opti mization nethods. For ratorcraft airfal design this offers
great promse since nost previous airfal design studies have been conducted using

traditional opti mzation approaches [3]. Athough airfail design has been a popul ar



application recertly, nost of these efforts attenpted to sdve an inverse proble m
[45]. @ those that atempt the direct problem[6], nany perturb an intia shape,
thus li nting the chances of findng an untraditional airfail shapes [2]. Further GA
applications have started to explore multioljective and multidiscipinary problens
[27

By defining a design space that uses the upper surface and lower surface
coordinates as design variables, the GA nay find airfal designs that include feat ures
that can nat be acquired using traditional opti mzation nethods. Infact, the resulting
airfal nay be significantly dfferent fromthose found using these nethods. However
this approach has the drawback of requiring an aerodynamc anal ysis that can predict
the perfor mance of very poor shapes, as well as good shapes.

As a concl usion, a genetic al gorithm net hodol ogy is devel oped to generate a
fanmly of t wo-di nensional airfal designs that address aerodynamc concerns to sd ve
a helicopter rator airfail design problem The genetic al gorithmecode [8] was used in
conjunction wth a panel nethod code. The genetic agorithmoperated on 20 design
variables which constituted the contrd points for a spline representing the arfal
surface.

A very si nilar approach toraorcraft airfal design problens has been taken
previously [2]. Inthis work a parallel genetic al gorithm net hodol ogy was devel oped
to generate a famly of two-di nensional arfoil designs that address raorcraft
aerodynamc and aeroacoustic concerns [2]. The mitipe objectives of this work
were to mn mze the drag and overall noise of the airfal. Constrairnts were placed on
lift coefficdent, nonent coeffident, and boundary layer convergence. The
aerodynamc analysis code XFA L provided pressure and shear dstributions in
addition to lift and drag predictions. The aeroacoustic analysis code, WOP WOP,
prowvi ded thickness and loading noise predictions. The final set of designs generated
by this nethodol ogy is shown in FHgure 11, Fgurel 2 and Fgure 13 The pressure
distributions of the final conpromse airfal for three fight conditions are presented

inFAgure 14
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Fgure 11 Aeroacoustic best airfal

C—\\‘,p -

Fgure 12 Aerodynamc best airfail

-

Figure 1 3 Conpronise airfal
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Fgure 1.4 Conpromse airfal pressure profiles: ¢ flowcondition I; g flowcondition 2; o, flow
condition 3



2 ARFAL GEOMETRY AND AERODYNAM CS

21 Arfal Gonetry

Airfal geonetry can be characterized by the coordinates of the upper and
lover surface It is often sumnarized by a few parameters such as: maxi num
thickness, maxi mum canber, position of nax thickness, position of max camber, and
nose radi us. (ne can generate areasonable airfail section g venthese parameters.

The basic parts of an airfal are shown in Fgure 21, wth their definitions

bel ow

upper surface

thicknesz
Leading edge

b ¥
camber
Uy
——l"—"@ + chard Tength

Figure 21 The basic parts of an airfail

/ Trailing edge

Towet surface rmean oF cambet Tine

e The chord line is a straight line connecting the leading and trailing edges of
the airfal.

e The chord is the length of the chord line fromleading edge totrailing edge
andisthe characteristic longitudinal d nension of the airfail.

o The nean canber line is aline drawn halfway bet ween the upper and | ower
surfaces. The chord line connects the ends of the mean camber line.

e The shape of the mean canber is inportant in deter mning the aerodynamic

characteristics of an airfoil section Maxi num camber (dsplacenent of the



mean canber line fromthe chord line) and the location of nmaxi mum canber
help to define the shape of the mean camnber line. These quartities are
expressed as fractions or percentages of the basic chord d nension

e Thickness and thickness distribution of the profile are i mportant properties of
an airfal section The maxi num thickness and its location help define the
airfal shape and are expressed as a percentage of the chord

e The leading edge radius of the airfal is the radius of curvature gven the

leadi ng edge shape.

2.2 Arfal Aerodynamcs

221 Lift, Drag and Mnment On Arfals

The aerodynamc forces and noments acting on an airfall are due to two
basi ¢ sources :
e Pressure distribution over the body surface

e Shear stress distribution over the body surface

The net effect of the pressure and shear stress dstributions integrated over the
conplete body surface is a resutant aerodynamic force Rand monment Mon the
body.[9]

An airfal's aerodynamic force nay be separated irto lift and drag
conponents. This force irtersects wth its chord line a a point designated as its
center of pressure. The lift, drag and center of pressure for a canbered airfoil vary as
its angle of atack is changed No aerodynamc mo nents (the tendency of an airfal
toturn about its center of gravity) are present a the center of pressure because the
line of action of the aerodynamc force passes through this poirt. If one has the
airfal mounted a somne fixed point a ongthe chord, for exanple, a quarter of a chord
length behind the leading edge, the noment is not zero unless the resultant
aerodynamc force is zero or the point corresponds to the center of pressure. The
mo ment about the quarter-chord poirt is generally afunction of the angle of attack


http://www.centennialofflight.gov/essay/Dictionary/four_forces/DI24.htm
http://www.centennialofflight.gov/essay/Dictionary/camber/DI14.htm
http://www.centennialofflight.gov/essay/Dictionary/airfoil/DI2.htm
http://www.centennialofflight.gov/essay/Dictionary/angle_of_attack/DI5.htm
http://www.centennialofflight.gov/essay/Dictionary/Moment/DI133.htm

Lift

éﬁm

.-\erodynamich,: Moment about
center aerodynamic center
(independent of «)

Figure 22 Lift and drag on an airfail

Inthe flowof real fludabout a body, the aerodynamc resistance depends on
the size, shape, and attitude of the body (its drection wth respect tothe airflow—
angle of atack); the properties of the flud eg, its density and pressure; and the
relative vel ocity bet ween the body and the flud (air). To illustrate, consider the lift
force, defined as the aerodynamc reaction perpendicuar to the drection of the
airflow Lift depends on size, shape, atitude, fluid properties, and vel ocity. For an
ideal flud the flud properties (except for density) do nat influence the lift force. For
a real flud however, viscosity, dasticity (the reciprocal of conpressihility), and
turbulent properties are also i nportart. In addition to the shape and atitude of the
body, the surface roughness has an effect on the force. Further more, the effects of
attitude and shape of a body are lunped together intothe factor called K Then,

Lift = p, xV,*xSxK (29
Since we areinterestedintwo-d nensional shapes, we shoul d replace the area
S wththe chordlength, ¢

S=c (22

2
© " !

The dynamc pressure of arflow was previously defined asq, 2%,0 V_“, so

if avalue of ¥2isincluded in equation (21) and the value of Kis doubledto keep
the equationthe sane, 2K may be replaced by G Fnaly;

Lit=C,q,c (23


http://www.centennialofflight.gov/essay/Dictionary/Viscosity/DI135.htm
http://www.centennialofflight.gov/essay/Dictionary/Compressibility/DI136.htm

C_is known as the coefficiert of lift. The equation states sinply that
aerodynamc lift is determ ned by a coeffiaent of lift ti nes the free-stream dynamc

pressure, g, ti nes the characteristic body area S

_Lit

C
S oq.c

(24
The aerodynamc drag is the aerodynamc resistance parallel to the free-
streamdirection (the direction of the airflow. Smilar equations can be obtained for

the drag coefficient, nanely,

_ Drag

C
° q.c

(29

The monment acting on a body is a neasure of the body s tendency to turn
about its center of gravity. This nonent represents the resutant aerodynami c force
tines a nonent distance. A sinilar derivation may be applied to the nmonent

equation as used for the lift and drag equations such that,

Moment
Cy = 5
g..C

(26)

where C,, is the coefficient of nonent and “Mnent” is the neasured noment per

unit length acting on the airfall (whether a the quarter-chord point or a the
aerodynamc center or any a her paint desired).

2 22 Arfal Pressure Distr butions

The aerodynamc performance of airfal sections can be studied by reference
tothe distribution of pressure over the airfal. This dstribution is usually expressed

inter ng of the pressure coeffident:

c, =P (27)


http://www.centennialofflight.gov/essay/Dictionary/Moment/DI133.htm

C, is the dfference between local static pressure and freestream static
pressure, nond nensionalized by the freestream dynamc pressure. To see airfal
pressure dstribution C,, is plated versus x/c which varies from O a the leading
edge to 10 a the trailing edge. C, is pated "upside-down" wth negative val ues
higher on the pa so that the upper suface of a conventional lifting airfal
corresponds to the upper curve. \arious parts of the pressure distribution are

depictedin Fgure 2 3

Cp

2.0 T Upper Surface

/ Lower Surface
_1_D —

Fressure Recovery
— xfc
b
Trailing Edge Pressure
10 — Stagnation Point

FHgure 2 3 Pressure distributions on an airfail

When the chordistakenas 1 unit, the section lift coefficert isrelatedtothe G, by

1
C,=[C,—Cydx (29

0

In ather words it isthe area bet ween the curves of upper and lower surface

pressure coeffidents.



2.3 Kutta-Joukows ki Theore m

An isdaedtwo-d nensional airfal inaninconpressible inviscid flowfeels a
force per unit depth of

F'=p V. xI 29

Since the lift and drag forces are defined as the forces inthe drections normal

and parallel tothe free stream a drect consequence is that

|’l P-ml'-lll'

oV

@

Fgure 24 Generation of lift

L'=pV.T (2 10)

o0

D'=0

The Kutta-Joukowski theoremis si nply an aternate way of expressing the
consequences of the surface pressure dstribution since lift is caused by the net
i nbalance of the surface pressure dstribution and circuation is si nply a defined
quantity deter mmned fromthe sane pressures.



3 POTENTI AL FLOW

3.1 Potentid Aow

For inconpressible flows, the continuity equation, that isthe conservation of
Mass is gven by,

VOV :O (3 l)
An inviscid inconpressible fludis also called anideal flud or perfect fluid
In a velocity field the curl of the velocity defines the vorticity. Snce an ideal

inconpressible flud wth zero vortidty a aninstant wll never generate vorticity, it

is mat he matically consistent to consider aflud wth
VxV =0 (32

everywhere and at al times. Such flud flows are called irrataional flows. This
i nplies that the flud elements have no angular vel ocity, their notion through space
is a pure translation [9] The irraationality condition for atwo d nensional flowis;

v _u_g (33
ox oy

These flows are often called patentia flows also because the vel ocity for an

irratational flowcan be written as the gradient of ascalar patertiad,

Vx(Vg)=0 (34

10



This equation states that for anirratational flow there exists a scalar function
¢ such that the vel ocity gvenis gven by the gradient of ¢ whichis denoted as the
vel ocity patertial.

For two d nensional flows, the velocity components , u and v can be

expressed as,
o9 ¢
it RV & 3
u=— 'V Y (39

Substituing the velocity conponents, u and v, for two d nensional flows, the

equations for continuity and irratationality woul d then becone,
V=0 (36)
Inthe above equation, the operator,

0% 8?2
=_+_

V2=
ox?  oy?

(37
ister ned the Laplacian operator, after Ferre de Laplace (1749-1827).

Snce the nor mal conponent of the flud velocity has to be zero a a solid
surface at rest, the appropriate boundary conditionis

neVg=0 (39

on astatic sdid boundary wth unit nor nmal n.

Consequently, the Laplace equationis the governing equation for the sol ution
of the problens of this invscd inconpressible flud The assunption nade in
solving Laplace’s equation is that the flows satisfy the equations for continuity and
irrctationality.

11



3.2 9 nple Sol wtions of Lapl ace Equati ons

Patertial Howis anidealized nmethod of nodeling flow If aflowisinvscid

andinconpressiblethena vel ocity patential function ¢ can be defined such that

_9¢ v:% (39

S ox oy
Substituting these expressions for horizontal (u), and vertical (v) velocity into the
governi ng continuity equati on for a flow produces a Laplace equationthe sol ution of

whichisrdativelysi nple.

2 2
N N g beco nes %+%=O (310
oX OX oX® oy

Intwo-di nensional flow, streamfunction () can be defined as a neasure of the

volure flowrate of flud bet ween a pair of streamlines. Sreanlines are defined by
janng a continuous line of points inthe flowfield by fdlowng the local vel ocity
vect ors.

Streanlines have a constant value of streamfunction since al the flow nust
be parallel tothe streamines. No flow crosses a streanmtine. For two-dimensional,
inviscid inconpressibde flow continuity nakes the local product of dstance
bet ween streanines and Vel ocity a constant. Thus the vel ocities ina flow field can
also be found by dfferentiating stream function wth respect to the flow field

coordinates y and x

a—W=u and a—W:—v (311
oy OX

If the two d nensional flowis irraaional (I'=0) then streamfunction can also be
used to define a governing Laplace equation
_ou ov o’y oy

y=———=0 becones +

- /v Y~ (312
oy OX oxX® oy

12



Vel ocity patertia (¢) and stream function () are orthogonal functions
definingideal, inviscidinconpressible and irraational flowintwo di nensions.

S nple streamfunctions o velocity patertial functions can be found which
are exact sd uions for the above Laplace equations.

One way to obtain solutions to Laplace’s equation (subject tothe appropriate

boundary conditions) isto expl ait its linear nat ure and the principle of superposition

Super position

If #,,6,,0,,4, is each asd uion of , V?¢ =0
then Ag, +Bg, +Ceh, +K + X, is dso a sduion of V> =0, where A B... Xare

constarts.

Thus, the sduion for a conplex problem can be expressed as the sum of
sa utions of several si npler problens.

Obviously, the principle of superposition can be used to add up an arbitrary
nunber of elenentary sduions to laplace’s equation This nethod is rather
powerfu and wll be used inthe remainder of this lecture to construct the sol uion of
the flowabout an arhitrarily shaped lifting airfail.

There arethree types of elenentary sd uions. Wthalarge nunber of each of
these three kinds of sdutions we wll be able to construct the flow about rather
general airfals a arhbitrary angles of atack

321 Fee SreamPotentid

The patertia function and streamfunction for afree streamof nagnitudeV _,
aligned wththe x-axis is g ven by
9., =V.X v, =V, Yy (313

o0

Taking the gradient of this patentia we see that the resulting vel ocity field is
given by

13



u(x,y)=Vv, (314a)

v(x,y)=0 (3 14b)

That is, the vel ocityis unifor meverywhere inthe domain The patential function can

be rataed a an arhitraryangle « sothat
¢, =V _(cosax+sinay). (315

uniform flow

Fgure 31 Whifor mflow

3.2 2 Source/ S nk Potentid

A source/sink that expels/absorbs an anount of fluid vol une/ unit ti re ==+qcan

be constructed fromthe foll owng patertiad ;
¢y =~ 2In(r) (316)
27
and the streamfunction;
*q
ws=--"0 (317)
27

where x=r.cos(d) y=r.sin(@) and q issource strength

Fgure 32 Source flow
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The resulting vel ocity componernts are;

tq X
Y)=— 3183
Uy = (3189)

tq Yy
Y)="—"—"— 318b
V(% y)=—— 1y (3 18b)

3.23 Point \brtex Potentid

b =—2-0  y, =Z-In(r) (319
2r 2r

where y is the drcuation strength of the vortex y is defined positive if the

induced circuar flowis clockwse. @ isthe angle measured in polar coor dinates

fromsone arbitrary originradia line. Taking the gradient of this function, we
see that the vel ocity field of a vortexis given by

Ty |y
u(x,y)=—"4—>— 320a
(%) 21 X2 +y? ( )

ty X
v(x,y)=—" 3203
(x.¥) 2 x2+y2 ( )

and has streanlines that are concentric arcles centered about the location of the
poi nt vortex The circulation around any contour that encl oses the point vortexis
constant and equal to y . Further nore, the flow outside of the point vortex is
fuly irraational. Al of the vortidty inthis flow is contained a the singul ar
location of the paint vortex Notice alsothat the for mof the patertial for a point
vortex is rather si mlar tothat of a source/sink wththe substituions x -2y, and
y —=>-xinthe appropriate for mula for the velocity field the velocity fields are

per pendi cul ar to each ather (and so are the equi patential lines).
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FHgure 33 \Vortex How

A wde range of flows and flow around objects can be built up using these
si nple s uions. The more conplex patertia flons can be constructed by the super-
position of exact sduions or nunerical approx mation techniques can be used wth

this governing equationto sd ve alarge range of aerodynamc problens.
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4 SM TH&HESS PANEL METHOD

4.1 Panel Mthods

Panel nethods are wdely used inthe aerospace and autonotive industry and
are effectively boundary-elenent nmethods for conputational flud dynamcs
problens. These nethods e npl oy the surface of the body over which fludis flowng
to be used as the conputational domain rather than using the whole region in which
the body is enbedded This is nat only conputationally nore efficient than a finite
difference nethod for exanple, but aso alows more conplicated body shapes to be
studiedthan woul d be tractable if the body were embeddedinaregular nesh

Panel nethods have been extensively investigated and successfuly applied in
the aeronautic industry for more than 30 years, and at present there are a nunber of
production codes available that perfor mconputations of flows around very conpl ex
geonetries. The nethod is based onthe for mulation of linear patertial flow around a
sdid body in terns of an integral equation over the surface for the velocity or
potential. The surface integral is approxi nated by panel elements on which a
singularity distribution is assuned to exist. The numerical sduion of the potential
flowis rendered into a matrix linear system where the singularity dstributions over
the panels are the unknowns. The atractiveness of this for mulation lies in the fact
that the sd ution can be obtained fromthe surface problem and it is nat necessaryto
model the conplete three-d nensional flowfield. Thus, panel nethods reduce the
di mension of the problem fromthree totwo dmensions, a fromtwo di mensions to
a one-d nensional problem Qher advantages are the capability of obtaining flow
sd uions about conpletely arbitrary configurations and the fact that the predictions
by panel nethods have provento agree well wthexperi nent ina wde range of flow
conditions [10Q].
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General aspects relating to the inplenentation of panel nethods were

discussed categorizingthe minfour dstinct procedures, as fdlows:

1 Gonetry definition and generation of the surface panel ele nents.

2 Glcuaion of the coefficdent matrix (velocity induced by the panels on each
other’s contrd poairts).

3. Sol ution of the resulting syste mof linear equations for the singularity strengt hs.

4. Gllcuaion of the flow field paraneters of interest.

One of the i nportant advantages of panel nethods is their ahility to analyze
the flow around conplex configurations or “arbitrary bodies”, as is comnonly
expressed Qher conputational nethods for flud dynanics, e g, finite eements and
finite vdume, require a gid on the flud donmain which is na easily adapted to
conplex body geonetries. Consequently, panel nethods have found nassive
applications in industry, and practically all najor aeronautic conpanies have a
proprietary panel code or have customzed a public-donain panel nethod [11]

The nain interest is the possihlity of si milating flows around conplete

aircraft, or significant parts of an aircraft.

4.2 Kutta Gondition

Kutta condition states that the pressure above and belowthe airfal trailing
edge nust be equal, and that the flow nust snmoothly leave the trailing edge inthe
samne direction a the upper and lower edge. Consider the figure bel ow

T
/

Fgure 4 1 Trailing Edge \&l ocities
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Fromthis sketch we see that pressure wil be equal, and the flow wll leave

the trailing edge s noaothly, if, and only if

Y/

upper — Yupper lower — Vlower
Y upper = Vupp 4 v

(49

4.3 Snith &Hss Panel Met hod

4.3 1 Introducti on

There are nmany choices as to howto for mulate a panel nethod (singul arity
sa uions, variaion wthin a panel, singularity strength and distribuion etc) The
sinplest and first trdy practicll nethod was due to Hess and Smith, Douglas
Aircraft, 1966. The Hess-Smth techni que combines source panels and vortices for a
single-elenent, lifting airfal ininconpressible flow It is based on a distribution of

sources and vortices onthe surface of the geonetry. Intheir nethod
=P, + s+ (42

where, ¢ isthe taa paentia function and its three conponents are the potentials
correspondi ng to the free stream the source dstribution and the vortex distribution
These last two distributions have patertialy locally varying strengths g(s) and y(s),
where s is an arc-lengt h coordinate which spans the conpl ete surface of the airfail in
any way desired

The patertias created by the distribution of sources/sinks and vortices

are gven by

#(s)=| A6) 1y rgs (49
27

pv) =—| %S[)ads (44

where the various quartities are defined inthe Fgure below where s isthe distance

measured al ong the surface and (r,8)are polar coordinates of the ‘field point” (X,Y),

relative tothe point onthe surface whose locationisind cated by s.
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Figure 42: Arfal Analysis Nomenclature for Panel Mt hods

In these for mula the integration is to be carried ou aong the conplete
surface of the arfal. Wing the superposition principle, any such dstribution of
sources/sinks and vortices satisfies Laplace’s equation, but we wll need to find

conditions far g(s)and y(s) such that the flowtangency boundary condition and the

Kutta condition are satisfied
Intheory, we could
e ke the source strength distribution to satisfy flow tangency and the vortex
distributionto satisfythe Kutta condition
e ke arbitrary conbinations of bath sources/sinks and vortices to satisfy both

boundary conditions si multaneousl y.

Hess and Smth nade the fdlowng valid si nplification; take the vortex
strength to be constart over the whole airfal and use the Kutta condition to fix its
val ug, while allowng the source strengthto vary frompanel to panel sothat, toget her
with the constant vortex distribution the flow tangency boundary condition is
satisfied everywhere.

In order to sdve the equation consisting challenging integrals to eval uate,
si nplificationis done by selecting a nunber of points, N onthe body contour, called
nodes. The nodes are then connected wth strai ght lines, which becone the panels, as
showninfigure 42 Fgure 4 2illustrates the representation of a snooth surface by a
series of line segnments. The nunbering syste mstarts a the lower surface trailing
edge and proceeds forward around the leading edge and rearward to the upper

surface trailing edge. N+1 points are usedto define N panels.
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F‘anelz/‘

Modes

Fgure 4 2 Definition of Nodes and Panels

we can dscretize Equation 4 2inthe fdlowng way.

anelj 271 2

¢:Vw(c03ax+sinoey){ijp ﬁlnr—Le}ds (45

Since Eguation 4.5 involves irtegrations over each discrete panel on the
surface of the airfal, the variation of source and vortex strength wthin each of the
panels nust be paraneterized Sdnce the vortex strength was considered to be a
constart, the attertion shoul d be on the source strength distribution wthineach panel.
This is the nmajor approxi nation of the panel nethod. However, it can be seen how
the inportance of this approxi mation should decrease as the number of
panels, N —oo (of coursethis wll increase the cost of the conputation considerably,
sothere are nore efficient aternatives.)

Hess and Smth decided to take the si nplest posside approxi mation that is,
totake the source strength to be constart on each of the panels

g(s)=q(i) on paneli, i=1...,N (46

Therefore, we have N+ 1 unknowns to sdve for in our problem the N panel

source strengths g, and the constant vortex strength . Consequently, we wil need

N + 1 independent equations which can be obtained by fornulating the flow
tangency boundary condition a each of the N panels, and by enforcing the Kutta
condition The sd uion of the problem wll require the inversion of a matrix of size
(N +1)x (N +1).

Inthe Smth&Hess nethod, the flowtangency boundary conditionis i nposed
on the points located a the mdpoint of each of the panels. Athough this approach
suffers froma slight alteration of the surface geonetry, it is easy toinplement and

yields fairly accurate results for a reasonable number of panels. This locationis also
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used for the i nposition of the Kutta condition (on the last panels on upper and | ower
surfaces of the airfail, assumng that their nmidpoints remain a equal dstances from

the trailing edge as the nunber of panelsis increased).

4.32 1 nplenentation

Consi der the ith panel to be located bet ween the ith nodes, wthits arientationtothe

X-axis gven by

sin, =y1|—_y (47

cosd, = X”ll_ al (48

where |, is the length of the panel under consideration The nor nal and tangertial

vectarstothis panel, are then gven by

A, =—siné, +cosé, | (49

f =—cosfi +sing, | (410)

The tangertial vector is ariented inthe drection from node i to node i+l
while the nor mal vector, if the airfal istraversed clockwse, paintsintothe flud
Letting the ith panel be defined as the one bet weenthe ith and (i +1)th nodes,

anditsinclinationtothe x-axis be, as shownin Hgure 4 3

Fgure 43 Local Panel Coordinate System
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Furt her nore, the coordinates of the mdpoint of the panel are gven by

X, 1+ X,

X =1 4171
= (41
y = Jm Y (412
2
and the vel ocity conmponents at these nidpoi rts are given by
U; =u()_(i7yi) (413
Vv, =V(X,Y;) (4 14)

The flowtangency boundary conition canthen be si nply wittenas ('h) =0, or, for

each panel

—u;sing, +v,cos6, =0 fori=l ....N (415
while the Kutta conditionissi nply diven by

u, siné, +v, cos@, =—u, sing, —v, cosé, (4 16)

where the negative signs are due tothe fact that the tangential vectors a the first and
last panels have nearly opposite drections.

Now the wvelocity a the mdpoint of each panel can be conputed by
super position of the contributions of all sources and vortices located a the nadpoint
of every panel (includi ng itself). Snce the vel ocity induced by the source or vortex

on a panel is proportional tothe source or vortex strengthinthat panel, g, and  can

be pulled out of theirtegral in Equation 4 5to yield

N N
u; =V, Cosa+ Y q,Ug +7 D Uy (417)
= i1
N N
v, =V, sina+ g Ug + 7D Uy (4 18)
=1 -1

where ug;; vy are the velocity conponents a the midpoint of panel i induced by a
source of unit strength at the mdpoint of panel j. Asimlar interpretation can be
found foru,; ,v,. . Ina coord nate syste mtangential and nor nal tothe panel, we can

vij 1 Yvij
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perfor mthe irtegrals in Equation 45 by naticing that the local vel ocity conponents

can be expanded into absol ute ones accord ngtothe fdlow ng transfor nation:

U=u cosd; —v sing, (419

V=u sing; +Vv coso, (4 20)

Now the local velocity conponents a the midpoint of the ith panel due to a unit-
strengt h source distribution onthis jth panel can be witten as
1% Xt
u;j:— ——dt (422)
* 2 *
275 (X" —t)’ +y
IJ *
P S S (a2
* 2 *
25 (X —t)2 +y

where (x",y")are the coordinates of the nidpoint of panel i inthe local coordinate
systemof panel j. Garrying out the irtegrals in Equation 421 we findthat

* 1 [ * ~k2]i t:Ij
U sij :—Zln (x —t)+y 2 |t:0 (4 23)
* 1 2 Y
Vsij=——tan= — g 4 24
' o X —t |t:° (429

These results have a si mple geonetricirterpretation that can be dscerned by | ooki ng
at the Hgure 44 (One can saythat

. 1 r+1 ..,
u'sij=——In-2 : 42
: 2 I |‘:° (429
Vi Ve _ A (4 26)
27 27

Fgure 4 4 Geonetric Interpretation of Source and MVortex Induced \&l ocities
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r;isthe dstance fromthe ni dpoirt of panel i tothe jth node, while g; isthe

angl e subtended by the jth panel a the midpoirnt of panel i. Notice that usi =0, but
the value of v'si=0is nat so clear. Wen the point of irterest approaches the
m dpoirt of the panel fromthe outside of the airfal, this angle, S, — 7. Hwever,
when the mdpoint of the panel is approached from the inside of the airfal,
pi ——m. Ince we are interested inthe flow outside of the airfal only, we will
a ways take g, > .

S mlarly, far the velocity fidd induced by the vortex on panel j a the
m dpoirt of panel i we can si nply see that

U;j :i X—_tzdt = ﬁ (4 27)
* 2 *
2r 0 (X _t) +y 2
I *
. : r, +1
v = Y gLl (429)

2y (¢ 4yt 2T

and finally, the flowtangency boundary condition, wsing Equation 4 17 and 4 18,

and undoing the local coordinate transfor nation of Equation 4 19 and 4.20 can be

written as

N

ZAijqj"‘AiN +17=bi (429

=1

where
S =—Uu_ —sing, +V_, cosé: (4 30)
1] Sl) 1 Sl) 1

whi ch yiel s

. r. +1
27A; =sin(6, - 6,)In -

+cos(6, - 0,) B, (432

ij
S nilarlyfor the vortex strength coefficient

r; +1

27AN =icos(¢9i =6;)In —sin(6, - 0,) B; (433

=1 ij
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The right hand side of this natrix equationis g ven by
b, =V, sin(6, —a) (4 34)

The flowtangency boundary condition gives us N equations. V¢ need an additional
one provided by the Kutta conditionin order to obtain a systemthat can be sdved
Accordingto Equation 4

N

ZAN+1,jqj +AN+1,N+‘7=bN+1 (4 35)
j=2
After si milar nani pul ations we findthat

by, =-V, cos(@, —a)-V, cos(6, —a) (4 36)
These various expressions set up a natrix problemof the kind ;

Ax=b

where the matrix Ais of size (N+1)x(N+1). This system can be sketched as

fdlows :
An Ay; Ain .-11.‘.\,'.'.1_1 i i
A e A e Ain AiN+1 4 bi
Ayt ... Ang ... Ay Annp N by
| Avsin o Avgte o Avay Avave [ [ v ] | v

Notice that the cost of inversion of aful natrix such as this one isO(N +1)*,
so that, as the nunber of panels increases wthout bounds, the cost of solving the
panel problemincreases rapidy. This is usually not a problemfor two-dimensional
flows, but becomnes a serious proble min three-dimensional flows where the nunber

of panels are nuch higher.

26



FHnally, once we have solved the systemfor the unknowns of the problem it
Is easy to construct the tangential velocity a the mi dpoint of each panel accordingto

the fdlowng for mula

N 0. r
Vy =V, cos(@, —oc)+22—“{sin(6'i -6,)B; —c0s(6, —6;)In ;1}
j=1 &%

ij

ij

Li[ in(@, —6,)In r:” +c0s(6) —01.),6’”1 (437)
2r =T

And knowng the tangentia wvelocity conponent, we can conpute the pressure
coeffident (no approxi metion sinceV,, =0) a the mdpoirt of each panel according

tothe fdlowng for mula
i (4 38)

from which the force and nonent coefficients can be conputed assumng that this

val ue of Qpis constant over each panel and by perfor ming the discrete sum
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5 CPTI M ZATI ON AND GENETI C ALGORI THMS

51 Qpti mzation Overview

Opti nzation techniques are used to find a set of design paramneters,
X = {X,,X,,...X, }, that caninsome way be defined as opti mal. Ina si nple case this

mght be the mini mzation or naxi mzation of sonme system characteristic that is
dependent on x In a nore advanced for mul ation the olyjective function f(x), to be
mni mzed or maxi mzed, mght be subject to constraints inthe for mof equality
constrai s,

G,(x)=0 i=1..,m, ;inequality constrairts

ey e

G, (xX)<0 i=m,+1..,m and or paraneter bounds, x,,Xx

u

A general problemdescriptionis stated as

M ni mze f(x)
xeR"

subject to

G(x)=0 i=1..,m,
G(X)<0 i=m,+1..,m
X, S XX,

where x is the vector of design paraneters (xeR"), f(x)is the objective function
that returns a scalar value, and the vector function G(x)returns the values of the

equality and i nequality constrairts eval uated a X .

An effident and accurate sd uion tothis problem depends nat only on the
size of the problemin ter ns of the nunmber of constrains and design variabes but
also on characteristics of the oy ective function and constrai rts.

28



52 Arfal Qoti nazation

Inthe design of airfals typical targets include prescribed pressure or vel ocity
distributions, lift range, naxi mum lift, mni mal drag shock-free suction side in
transoni ¢ flowand type of stall a subsonic speeds, under geonetrical constrairts that
may include one or nore of the fdlowng: thickness ratigq naxi mumcanber, leading
edge radius, trailing edge angle, o even the whole geonetry itself defined by
coordi nates of contrd poirts.

5.3 Gnetic Agorithns

531 Overviewadf Gnetic Agorithns

Evol wionary agorithns are stochastic search nethods that nmimc the
metaphor of natural hiological evd uion Evoluionary agorithns operate on a
popul ation of patertial sol wions applying the principle of survival of the fittest to
produce better and better approxi nations toasdution A each generation a newset
of approxi mations is created by the process of selecting individuals accordingtotheir
level of fitness inthe problem donain and breeding the mtoget her using operators
borrowed fromnatural genetics. This process leads tothe eval wion of popul ations of
individuals that are better sutedto their environment than the individuals that they
were created from just asinnatural adaptation [12].

Evol wionary agorithns nodel natural processes, such as selection,
reconmbination mutation, mgration locality and neighborhood Evol utionary
algorithns wor k on populations of indviduals instead of singe sduions. Inthis way
the searchis perfor ned in a parallel nanner. Fgure 1 shows the structure of asi nple

genetic a gorithm
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FHgure 51 The structure of a genetic a gorithm

A the beginning of the conputation a nunber of indwvduals (the
popul ation) are randomy intiadized The objective function is then evaluated for
these individuals. The first/initiad generationis produced.

If the opti mization criteria are nat net the creation of a new generation
starts. Individuals are selected according to their fitness for the production of
offspring Parents are reconbined to produce offspring Al offspring will be mutated
with a certain probability. The fitness of the offspring is then conputed The
offspring are irserted into the population replacing the parents, producing a new
generation This cycleis perfor med until the optimi zation criteria are reached

Such a single population evol wionary agorithm is powerful and
perforns well on a broad class of problens. However, better results can be obtai ned
by irntroducing nany populations, called subpopulaions. Every subpopulation
evolves for a few generations isdated (like the single population evol utionary
algorithn) before one or more indi viduals are exchanged bet ween the subpopul ati ons.

The Muilti-popul ation evol uionary al gorithm nodels the eval wion of a
species in a way nore simlar to nature than the single popul aion evol utionary
al gorithm

Fromthe above dscussion, it can be seen that evol uionary a gorithns
differ substartially frommore traditional search and opti mzation nethods. The nost
significant differences are:

e Evoluionary agorithns search a popul aion of poirtsin paralel, nat asingle
poi rt.

30



o Evoluionary agorithns do nat require derivative infor mation or aher
auxiliary knowedge; only the objective function and corresponding fitness
levels influence the drections of search

e Evoluionary algorithns use probabilistic transition rues, nat deter mnistic
ones.

o Evoluionary agorithns are generally nore straightfor wardto apply

e Evoluionary agorithns can provide a nunber of patertial sduions to a
given problem The final choice is left tothe user. (Thus, in cases where the
particdar probdlem does nat have one individual sduion for exanple a
famly of pareto-optinal sduions, as in the case of miltiobjective
opti mzation and scheduling problens, then the evol uionary agorithm is
potertially useful for identifying these aternative sduions si multaneously

[12].

532 APBrief Hstory of Genetic Agorithns

Genetic agorithns originated from the studies of celluar autonata,
conducted by John Holland and his cdleagues a the Uhiversity of M chigan
Holland’s book [15], published in 1975, is generally acknow edged as the begi nning
of the research of genetic algorithns. Uil the early 1980s, the research in genetic
algorithns was nainly theoretical , wth fewreal applications. This period is narked
by anple work wth fixed length binary representation in the domain of function
opti mzation by, anong others, D¢ Jong and Holstein Holstein’s work provides a
carefu and detailed analysis of the effect that dfferent selection and nating
strategies have onthe perfar nance of a genetic algorithm De Jongs work atte npted
to capture the features of the adaptive nechanisns in the famly of genetic
algorithns that constitute arobust search procedure [14].

From the early 1980s the community of genetic agorithns has
experienced an abundance of applications which spread across a large range of
disciplines. Each and every additional application gave a new perspective to the
theory. Further nore, inthe process of i mproving perfor nance as much as possible
via tuning and specializing the genetic algorithm operators, new and i nportant
findings regarding the generality, robustness and applicability of genetic al gorithns

becane availabl e
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Followng the last couple of years of furious developrment of genetic
algorithns inthe sciences, engineering and the business world these agorithns in
various guises have now been successfuly applied to opti mzation problens,
scheduling data fitting and d ustering trend spatting and pat h fi ndi ng

533 Hdogca Background

Al living organisns consist of cells. In each cell thereisthe sane set of
chrormosones. Chronpsones are strings of DNA and serve as a nodel for the whole
organism Achronmosome consists of genes, bocks of DNA Each gene encodes a
particdar pratein Basically, it can be saidthat each gene encodes atrait, for exanple
coor of eyes. Possible settings for atrait (e g Hue, brown) are called aleles. Each
gene has its own position inthe chromosome. This positionis called locus [13].

Conplete set of genetic nateria (al chronmosones) is called genone.
Particular set of genes in genone is called genatype. The genotype is with later
devel oprent after hirth base for the arganis ms phenotype, its physical and nental
characteristics, such as eye cal or, intelligence etc.

During reproduction recomnbination (or crossover) first occurs. Genes
from parents conbine to fom a whole new chromosone. The newy created
offspring can then be mitated Miation neans that the elements of DNA are a hit
changed This changes are mainly caused by errors in copying genes fromparents.

The fitness of an organismis neasured by success of the organis minits
life (survival).

534 Sructure of Gnetic Agorithns

Genetic agorithns areinspired by Dar wrstheory of eval ution Sol ution
toa problemsa ved by genetic a gorithns uses an eval utionary process.

A gorithm begins wth a set of sduions which are represented by
chromosones, called populaion Sol uions from one popul ation are taken and used
tofor ma new population. This is notivated by a hope, that the new populaion wll
be better than the dd one. Sol uions which are then selected to for mnew sol utions
(offspring) are selected according to their fitness - the nore suitable they are the
mor e chances they have to reproduce.
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This is repeated until some condition for exanple nunber of popul ati ons

or i mprove nent of the best sd uion is satisfied

Outline of the Basic Gnetic Agorithm
1 [Start] Generate random popul ation of n chronosones (sutable sd utions for
the problen)
2. [Htress] Eval uate the fitness f(x) of each chronbsone x inthe popul ation
[ New popul ation] Geate a new popul ation by repeating fol ow ng steps until
the new popul ationis conpl ete

1 [Selection] Select two parent chromosones from a popul aion
according to their fitness (the better fitness, the bigger chance to be
sel ected)

2. [Qrossover] Vith a crossover probability cross over the parents to
form new offspring (children). If no crossover was perfor ned,
offspring isthe exact copy of parents.

3 [ Mitation] Vith a mutation probability mitate new offspring at each
locus (positionin chronmosone).

4. [ Accepting] Hace newoffspringinthe new population

4. [Replace] We newgenerated popul ation for a further run of the al gorithm

5 [Test] If the end condition is satisfied stop and return the best sduion in
current popul ation

6. [Loop] GCotostep 2

5341 Encod ng

The first step in genetic al gorithmis to ‘“translate” the real probleminto
“bidogcal terns”. Format of chronpsone is called encoding A chronosone

shouldinsonme way containinfor nati on about sdutionthat it represents.

Each chronmosone is represented by a binary string. Each hit inthe string
can represent sonme characteristics of the sduion There are nany aher ways of
encodi ng which depends nainly onthe sdved problem There are four comnonly
used encoding nethods: kinary encoding per mitation encoding drect value
encoding and tree encoding Bnary encoding is the most comnmon one, nainly

because the first research of GA usedthistype of encoding and because of its relative
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si nplicity. In binary encoding, every chronbsomne is astring of bits- O ar 1 Bnary
encoding g ves many possible chromosomes evenwith asmall nunber of alleles.
the ather hand, this encodingis often nat natural for nany problens and someti nes
corrections nmust be nade after crossover and/ or mut ation

Chronmpsone A|101100101100101011100101
Chronmpsone B|111111100000110000011111

Exanple o chronosomes wth binary encoding

Per mtation encoding can be used in “ordering problens”, such as
traveling salesman problem or task ordering problem In per mutation encoding,
every chromosone is a string of nunbers, which represents number in a
sequence. For exanple:

Chronmosonme A1 53264798
Chromosome BI8 56 7231409

Exanple o chronosones wth per mut aion encoding

Cirect val ue encoding can be used in problens where some conplicated
val ues such as real numbers are used We of hinary encoding for this type of
problens would be very dfficut. In value encoding, every chromosone is a string
of sonme values. \alues can be anything connected to problem for m numbers, real

nunbers or charstosomnme conplicated objects

Chromosome A1 2324 53243 04556 2 3293 2 4545
Chronosone B/ABDJ H FJ DHD ERIFDLDFLFEGT
Chronmosone C |(back), (back), (right), (for ward), (left)

Exanple o chromosones wth va ue encodi ng
Tree encoding is used mainly far evdving prograns o expressions, for

genetic programm ng Intree encoding every chronmosone is atree of some objects,

such as functions or commrands in programm ng language.
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534 2Intid Popuation

A genetic agorithm starts wth a populaion of strings to be able to
generate successive populaions of strings afterwards. The intidization is usually
done randonty . This neans, wth binary strings for exanple, that every alée is set
toO o 1, wtheach val ue having a chance of 50 %to occur.

5.34 3 BEval uation

After every generated population every individual of the popul ation
must be eval uated to be able to distinguish bet ween good and bad individuals. Thisis
done by mapping the objective function to a'fitress functior . The individuals are
selected according totheir fitness val ues and some randomoperators.

534 4 Reproduction

The reproduction operator allows individual strings to be copied for
possibe inclusioninthe next generation The chance that a string wll be copied is
based on the strings fitness value, calcdated from a fitness function For each
generation, the reproduction operator chooses strings that are placed irnto a nating
pool, whichis used as the basis for creatingthe next generation

There are nany different types of reproduction operators. One al ways
selects the fittest and discards the worst, statistically selecting the rest of the nating
pool fromthe renainder of the population These operators wil perfor mbetter than
ot hers depending on the proble mdo nain bei ng expl ored

Since describing al these operators is beyond the scope of this thesis,
onlythe operators that are usedinthis work are presented

5345 Slection

Selection deter mnes, which individuals are chosen for nating
(reconbination) and how mnany offspring each selected individual produces. In
selection the indviduals producing offspring are chosen The first step is fitness
assignnent. Each indvidual inthe selection podl receives areproduction probability
dependi ng onthe own objective val ue and the objective val ue of al aher individuals

inthe selection poal.
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There are nany nethods in selecting the best chromosones. Exanples
are roulette wheel selection, Boltznan selection tournament selection rank selection,
steady state selection and sone a hers.

In tournanment selection , a nunber Tour of indwvduals is chosen
randonmy fromthe populaion and the best indvidual fromthis group is selected as
parent. This process is repeated as often as individuals to choose. These selected
parents produce unifoom at random offspring. The parameter for tournanmnent
selectionis the tournament size Tour. Tour takes val ues ranging from2 - N (number

of individuals in popul ation)
5.34 6 Qrossover and Mut ation

Once the nating pool is created the next operator inthe GAs arsenal
cones into play. Remember that crossover in bidogical ter ns refers tothe Hending
of chronosones fromthe parents to produce new chronosomes for the offspring
The anal ogy carries over to crossover in genetic algorithns.

Depends onthe nat ure of the proble mand encodi ng type, i nple mentation
of crossover and mutation may vary greatly. The fdlowng are sorme general ideas
on crossover and mutation for binary encodi ng
Crossover
(rossover operates on selected genes from parent chronbsomes and creates new
offspring The si nplest way howto do that is to choose randonty some crossover
point and copy everything before this point from the first parent and then copy
everything after the crossover poirnt fromthe o her parert.

Qrossover can be illustrated as fdlows: (| isthe crossover pairt):

Chronosone 111011 | 00100110110
Chronosone 211011 11000011110
Offspring 1 11011| 11000011110

Offspring 2 |11011] 00100110110

There are aher ways howto nake crossover, for exanple we can choose

more crossover poirnts. Orossover can be quite conplicated and depends mainly on
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the encoding of chronpsomes. Specific crossover nade for a specific proble m can
i nprove perfor mance of the genetic a gorithm

There are four often used nethods for binary encoded crossover: single-
poi rt, two-poi nt, unifor mand arithnetic crossovers.

S ngle- poi nt crossover:

One crossover poirt is selected The hinary string from beginning of
parent 1 to its crossover point is copied to the new offspring on the sane
positions. The rest (fromthe sane crossover point of parent 2toitstall) is copiedto
the new offspring onthe same positions. Here’s an exanple

11001 011+1101 111 =11001111

Two- poi nt crossover:

Two crossover points are selected The hinary string from begi nning
of parent 1toits first crossover pant andthe binary string fromits second crossover
point toits end are copied tothe newoffspring The rest (the first crossover point of
parent 2to its second crossover poirnt) is copied tothe new offspring in the sane

fashion Fere’s an exanple

111001q 11 + 170111 11 = 11011111

Unifor mcrossover:
Bts are randony copied fromthe first o fromthe second parent tothe
newoffspring Here’s an exanple

11001011 + 11011101 =11011111

Mut ation

After a crossover is perforned, mutation takes place. Mrtation is
intended to prevent falling of all sduions inthe populationirnto aloca opti mum of
the sdved problem Mitaion operation randomly changes the offspring resulted
from crossover. In case of hinary encoding we can swtch a fewrandomly chosen
bitsfrom1to 0o fromOtol Mirtation can bethenillustrated as fdlows:
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Original offspring 1/1101111000011110
Orignal offspring 2/1101100100110110
Mut ated offspring 1/1100111000011110

Mut ated offspring 2/1101101100110110

The technique of mutation (as well as crossover) depends nainly on the
encoding of chronosomes. For exanple when we are encoding per mitations,

mut ati on coul d be performed as an exchange of two genes.
5347 Hitism

It’s obvious that generating popul ations fromonly fromt wo parents nay
cause youtoloose the best chrormosone fromthe last popul ation This istrue, and so
elitismis often used This neans, that a least one of a generatioris best sol ution is
copied wthout changes to a new popul ation so the best sd uion can survive tothe
succeeding generation When creating a new popul ation by crossover and mutation,
we have a big chance, that we wil loose the best chronmosore.

Hitismis the name of the nethod that first copies the best chronpsomne
(or few best chronmpsomes) tothe new population. Hitismecan rapidy increase the

perfor mance of GA because it prevents aloss of the best found sdl uion

535 Nicro Gnetic Agorithns

The term mcro-genetic algorithm (mcro-GA refers to a small-
popul ation genetic algorithm wth reinitialization The idea was suggested by sone
theoretical results obtained by Goldberg according to which a population size of 3
was suffident to converge, regardess of the chronosomc length The process
suggested by Coldberg was to start wth a snall randomy generated popul ation,
then apply to it the genetic operators urtil reaching convergence (e.g, wen all the
individuals have their genatypes either idertical or very si nilar), andthento generate
a new popul ation by transferring the best individuals of the converged popul ationto

the newone. The renaining indviduals woul d be randonmy generated [15].
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In mcro- GAfirstlythe convergence of the populationis checked To do
this the nunber of dfferent hits fromthe best nember inthe populaion is checked
If in the population only 9% of the nunber of the hits are dfferent then it is
concluded that the GA has been converged Ater convergence test, Nlcro- GAis
started again wththe best indvidual of the previous population while the rest of the
new popul ation is filled wth newrandomy generated parents. During each cycle,
the nicro- GA undergoes converntional genetic operators: tournament selection,

unifor merossover, unifor m mutation and elitism
536 Paraneters of Genetic Agorithm

Crossover probahility:

It defines how often crossover wil be perfor ned. If thereis no crossover,
offspring are exact copies of parents. If there is crossover, offspring are made from
parts of bath parent's chromobsome. If crossover probability is 100% then all
offspring are made by crossover. If it is 0% whole new generation is made from
exact copies of chronpsomes froma d popul ati on

Qrossover is nmade in hope that new chronmosomes wll contain good
parts of dd chronmosomes and therefore the new chronosomes wll be better.
However, it is goodtoleave sone part of dd popul ation survive to next generation

Qrossover rae should be high generally, about 80%95% (However

sone resuts showthat for some problens crossover rate about 60 %is the best.)

Mut ati on probahility:

It defines how often parts of chronosone wll be mtated If there is no
mutation offspring are generated i mnediately after crossover (or drectly copied)
without any change. If mutationis perfor ned, one or nore parts of a chronosone
are changed If mutation probabilityis 100% whole chronosone is changed, if it is
0% nathing is changed

Mutation generally prevents the GA fromfalling into local extrenes.
Mut ati on shoul d nat occur very often because then GA wil infact change to random
search

Mut ation rate shoul d be very low Best rates seens to be about 05% 1%
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Popul ation si ze:

It defines how many chronpsones are in popul ation (in one generation).
If there are too few chronmosones, GA have few possihilities to perform crossover
and only asnall part of search space is explored Onthe aher hand, if there are too
many chronosomnes, GA slows down. Research shows that after sone limt (which
depends mainy on encoding and the problen) it is not usefu to use very large
popul ations because it does nat sdve the problem faster than noderate sized
popul ati ons.

It may be surprising that very big population size usually does not
i nprove perfor mance of GA (in the sense of speed of finding sduion). Good
popul aion size is about 20-30, however soneti mes sizes 50-100 are reported as the
best. Sone research also shows, that the best popul ation size depends on the size of
encoded string (chrormosones). It neans that if you have chronbsomnes with 32 hits,

the popul ati on shoul d be hi gher than for chronmosonmes wth 16 hits.
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6. B SPL NE CURVES

6. 1 Introduction

B-splines are wdely used in conputer graphics and conputer aided design.
B-splines are often used in nunerically and differertiate that are defined only
through a set of data points. Bsplines are nat really irterpolating splines, because
the curves do nat normally pass through al of the points. Bsplines have the
i nportant property of staying wthinthe polygon deter nined by the given poirnts. In
addition b-splines have a nice geonetric property in that in changing one of the
points we only change one portion of the curve, a local effect. And finally, in
contrast to aher interpoating splines the points were given are not data poins, but
are nore likely contrd points that we select to deter nine the shape of the curve we

are working on

6.2 For mul ation of The Cubic B Spline

B-spline curves can be of any degree, bu since a cubic B-spline curve is used
inthis work the concentrationis onthe mfor the for mul ati on
We begin wththe description by stating the formula for a cubic Bspline in

ter ns of paranetric equations whose paraneter is u.

Gven the ponts p, =(x,y;), 1=0L..,n , the cubic Bspline for the

interval (p;, pi,;), 1=12,..,n-1 is

2
B (u) = Zbk Pi,  \here
k=—1
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b , 61
B 5 (61)
3
bozu——u2+g,
2 3
ut u* u 1
b=—-t+—+—+—,
2 2 2 6
3
=2,  0<u<l
6

As before p, refers tothe point (x,y;); it is atwo-conponent vector. The
coefficents, the b, ’s, serve as a basis and do not change as we nove fromone set of

points to the next. They can be considered weighting factors applied to the
coordinates of a set of four points. The weighted sum as u varies from 0 to 1,
generates the B-spline curve.
If wve wite out the equations for x and y from Equation (6 1), we get
_1 3 1 3 2 1 3 2 1 3 .
xi(u)_g(l—u) Xi4+g(3u —6u +4)xi+g(—3u +3u +3U+1)Xi+1+gu Xiis
(62

y; (u) :%(1—u)3yil +%(3u3 —6u’ +4)y, +%(—3u3 +3u®+3u+1)y,, +%u3yi+2 ;
X;(u) and y,(u) are functions and x;,y, are conponents of the paint p. The

u-cubics act as weighting factors on the coord nates of the four successive points to

generate the curve.

P2
L ]

! P
g Po

Fgure 6 1 Bspline and control poirts
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Because a set of four points is required to generate only a portion of the Bspline,
that associated wthtwo inner paints, it must be considered howto get the B-spline
for nmore than four points as well as howto extend the curve into the region outside
of the mdde pair. A nethod narching along one poirt & atine, for mng newsets
of four.

i-1

./’1‘44

H gure 6 2 Successive B Splines Joined Toget her

The conditions that we want toi npose onthe B-spline are; cortinuty of the
curve and its first and second deri vati ves. It turns out that the equations for wei ghting
factors are such that these require ments are net.

Hnally generation of the ends of the janed Bspline If we have points from

p, to p,, we aready can construct Bsplines B, through B, ,. V¥ need B, and

B,,. To overcone these problem we add fiditious points p_,, P, P,.y» Pr., SUCH
that
P, =P1=Po (63

pn+1 = pn+2 = pn

[16]
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7. PROBLEMFORMULATI ON AND RESULTS

7.1 Approach

As nentioned before, this work tries to find an opti mal shape of an airfoil
consi dering aerodynamc concerns. Thus, the objective function and the constraints
shoul d be described insuch a way that the requirements are net.

In order to keep arctor tri mned in for vard flight, the Hade’s angle of attack
on the retreating side nust be high enough to nmake up for its low vel ocity through
the air. A somne forward speed the required angle of attack reaches the stall angle of
airfal and effectively limts the ahility to fly any faster. The nmaxi num would be
increased by replacing the airfail either wth one that could goto a higher angle of
attack o wth one that generates nore lift & a specified angle of atack [17].

Therefore, a high lift coefficiert, C, is a desirable characteristic for any airfal. Snce

the sd ver usedinthis work enploys aninviscid panel nethod, we wil not be able to

deter mne the max lift coefficiert,C, ., whichisthe max lift obtained before stall.

But instead we’ll tryto find an opti nal airfoil shape wth naxi numlift for a nunber
of gven, «, angle of atack val ues. These val ues of « are choseninsuch a way that
they are al lower thenthe stall angle of the farmous airfal NACA 0012 Uhder these

consi derations, olyective function, which we tryto naxi mze, isstaed as;
N

maxinize & => C,
i=1

where Nis the nunber of chosen «’s for design The nunber of o values used in
this work are N=3, and their val ues are selectedto be;

a, =15 i=
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a, =55 =2
o, =9.0 1=3
,respectively. In aher words, we have three flight conditions for the airfoil shape to
be opti mzed

Conpared tothe wng of an airplane, the blade of a helicopter is long and
flexble Any aerodynamic pitching nonent generated by the airfal will tend to
twst the dade and produce oscillating loads inthe contrd system This nose-down
pitching nonent nay cause aircraft to dve ou of contrd [17]. Consequently, the
mo ment coeffident , C,,, plays aninportart rde inthe design of raor arfals.
Therefore, we will i npose a constraint onthe C,, irtothe objective functionin order
to overcone this problem The constrairts ensure that, for each flight condition the
airfal generated by the GA nust maintain a C,, snaller in nagnitude than that of
the airfall NACA 0012 The constraints are i nposed via an exterior penalty function
for each of the design conditions. Because GA perfor ns its search using only a
fitness val ue nust reflect the objective function val ue and any constrairnt vidations.
H nallythe fitness function takes the for m;

3

maxi ize (' =»C, —P

i=1

where
100 , |Cy|=[Cuo01d i =123

0 . [Cu|<|Cuo0d i =123

To keep the problemtractable li nits must be imposed on the position of
each spline cortrd paint. Excessively li niting these paraneters renoves patertialy
beneficda designs from the search space, whereas excessive freedom wastes
conputing effort on very irregular designs. Fgure 7.1 dsplays the li mts used inthis
proble mdescription This search space still alons features like trailing-edge reflex
and large anounts of camber while eli mnating pointed leading edges and ather

unsol vabl e feat ures.
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Fgure 7.1 Li mts of Contro Points Representing Arfail Surface

7.2 Arfal Surface Representation

Athird order Bspline with 22 contrd poirnts described airfal surfaces for
this application To define an airfal, the chordwse coordinates of the B-spline
contrd points renain fixed along a unit chord Qdinate locations of the contrd
poirts of the Bspline are used as design variables. Contrd points are arranged in
such an order that they start fromtrailing edge, go along the lower surface round the
leading edge to the upper surface and then back to trailing edge. Ten variables
represert the upper surface and ten additional represented the lower surface. The
contrd points a the trailing edge and the leading edge are fixed, sothe remai ning 20
points are the design variables for this problem This approach gwves a rational
description of an airfail for input intothe panel code, wthout li niting shapes tothose

described by specific equations (like the NACA 4-series airfals.)

Conparedto aher nethods, a Bspline produces a snoather representation
of irregular airfals that are encountered by the GA particdarly in the intid
randony generated population The snoothing effect of the Bspline allows sone
anal ysis to be conducted even onirregular shapes [2].

For the representation of the airfals a Bspline Qurve Generator code is used.

Asanple representation of the NACA 0012 airfail generated by the codeisin
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FHgure 7.2 The figure shows that even wththe limited resd uion of data, the spline
isableto doselyrepresent the airfail.
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Figure 7.2 Spline contrd points and representative surface of NACA 0012

7.3 Aerodynamc Analysis Validation

An inviscid panel nethod called Smith&Hess nmethod provided the
aerodynamc anal ysistool for this work Wingthis allowed a wde range of shapes to
be evaluated and provided reasonable esti nates of lift and pitching nonent
coeffiderts.

Aerodynamc properties are calcuated using 150 panels distributed over the
airfal surface represented by the B-splines. To test the accuracy of the code, the
values of C,_ and C,, for NACA 0012 are conpared with the resuts from another

sover. This sdver is a well-established airfal analysis code called XFQ L [18].
Houres 7.3 and 7.4 show the conparison between the values acquired from
Smth&Hess panel code and XFA L code.
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Fgure 7.3 Conparison of CL val ues
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Fgure 7.4 Conparison of CM val ues

As can be seen fromthe figures above, the values of CL and CMare very
close to each ather. Note that the monent coeffident is conputed on the leadi ng
edge inbath nethods.

7.4 Gnetic AgorithmOrgani zation

The genetic dgorithmusedinthis work [8] is aserid micro- GA wtha hinary
tournament selection routine , unifor m crossover and an elitism operator. Design
variables are coded to binary chronmosomnes for use inthe GA wth a hinary encodi ng
sche e, so al variables are actually discretized

The mcro- GA algorithm is used since it requires considerably less function
eval uations than the traditional GA This is because the mcro- GA works wth a

popul ation size of 5 while traditional GA has a popul ation size of 50
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There are 20 design variables for opti mzation and li mits for each of the
variable is shown previouslyin Hgure 7.1 Four are used as the alldletorepresent the
y/ ¢ location of each control poirnt. The resd ution can be any val ue; afiner resal uion
requires nore hits in the chronosone. Snce geonetry defintion and encoding
procedure specifies the gene length achromosome length of 80is required.

A crossover probability of %50 and a mutation probability of %2 is used in

this work The popul ation size is deter nined to be N, =5 since micro- GA works

with small population sizes. The intiad population is randomy generated The
algorithm e npl oys an elitismoperator, so the best individual in each generation is
stared The convergence criteria for this a gorithmis nat supplied, but the maxi num
nunber of generations is supplied The naxi num nunber of generations is
deter mnedto be nmaxgen =1000.

7.5 Resuts and Dscussion

Since the GAis a guided search nethod wth sone random elenents, the
same input conditions coul d possibly resut ina different opti nal sd wion Hwever,
these sd wions wll likely be si mlar.

Hgure 7.5shows a pda of convergence history of the best run

best run
3
2
1
0 T T T T T
0 200 400 600 800 1000 1200
— best run

Fgure 7.5 Convergence history of the best run

During the process of airfal evd uion the GA mates individuals wth high
fitness val ues in an atte npt to naxi mze the fitness function The designs move from
the intia, randony generated popul ation through a series of shapes that could be
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considered highly unconvertional arfals. A the generations advance, the airfails
becone nore reasonable and event ually a feasi bl e designis obtai ned

Snce a certain constraint for the nmonent coeffidents is i nposed , the GA
eli mnates the shapes that vidate this constraint inthe first fewgenerations. Then the
algorithmfinds anintia shape that would be finetuned by the next generations.. An
exanple shape that was generatedin generation-0isshowninfigure 7.6
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FHgure 7.6 An airfal shape from generation-Othat vidates the CMconstrai nt

After the 10. generation the GA finds a shape that doesn’t woate CM
constraint. In Hgure 7. 7the best airfal shape from generation-10is shown.
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Fgure 7.7 The best airfail in generation-10
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To give afelling about the finetuning process the best airfal shape in generation-50
isshowninFHgure 7.8
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Fgure 7.8 The best airfail from generati on-50

After generation-10, GA starts to finetune the shape and finally after 200
generations a reasonable arfail shape is found In Fgure 7.9 the design which was
generated after 200 iterations is shown. To inprove the shape the algorithmis
conputed to higher number of iterations and finally after 1000 iterations the
opti mum shape is found This airfail shape is the opti mumsol wion to our problem

anditisshownin Hgure 7. 10.
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Fgure 7.9 The best airfal from generation-200
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Fgure 7.10 Anal Design- The best airfal fromgenerati on-1000

The fdlowng figure shows the pressure dstributions for the final airfoil
shape. The Qo val ues for a=9° is p ated agai nst the chordwise locations (Xc).
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Figure 7.11 Pressure Distributions of the final airfail shape for @ = 9.0°
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Table 7.1 presents how the GA maxi mzes the fitness function during

evol wionary process. Htness function val ues of best airfals fromseveral generations

are shown wththeir corresponding C, and C,, val ues.

fitness
gener aion a pha CL CL0012 CM CM0012 vd ue
15 0. 769502 0.18063 -0329613 -0 04695
0 55 1 259317 0. 66136 -0464148 -0 17117 | -296.28797
9 1683211 107941 -0 57769 -027721
15 0.126761 0.18063 -0 013507 -0 04695
10 55 0.741768 0. 66136 -0 151648 -0 17117 2 048296
9 1179767 107941 -Q 273775 -027721
15 0.210525 0.18063 -0 013507 -0 04695
30 55 0.712021 0. 66136 -0 154369 -0 17117 2.07039
9 1 147844 107941 -0 275831 -027721
15 0.237607 0.18063 -001042 -0 04695
100 55 0.741768 0. 66136 -0 151648 -0 17117 2 159142
9 1179767 107941 -Q 273775 -027721
15 0.26635 0.18063 -0 018901 -0 04695
200 55 0. 763371 0. 66136 -0 156448 -0 17117 2 224448
9 1194727 107941 -Q 275439 -027721
15 0.271448 0.18063 -0 01777 -0 04695
500 55 0.767867 0. 66136 -0 155624 -0 17117 | 2 23798795
9 1 198674 107941 -0 27495 -027721
15 0.290319 0.18063 -0 0197 -0 04695
1000 55 0. 785952 0. 66136 -0 156637 -0 17117 | 2 29243134
9 1216161 107941 -0 275211 -027721

Table 7.1. Best airfoil properties fromseveral generations and co nparisons
with NACA 0012 aerodynamc coeffidents

In Table 7.1 the aerodynamc characteristics of resuting opti mal design

which was generated by genetic agorithns are conpared to those of the NACA

0012 airfal. A seen above the GA nanaged to generate an opti numairfall having

better aerodynamc properties than NACA 0012 airfal.

To eval uate the accuracy of the algorithm anaother test case is i nplenmented.

Inthis case the constraints on the nmoment coeffidents are adapted from those of
VR7 airfal wth 0° tab while basic the structure of the cost function remains the
same. The sane conditions used for the previous run are applied After 1000
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iterations the algorithm creates a final design which appear to have better
aerodynamc properties thanthe VR7 airfal as shownin Table 7.2. The final design
and its pressure dstributions for o =9° are shown in figuwes 7.12 and 7.13
respectivel y.
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Figure 7.13 Pressure Distributions of the final airfail shape for o = 9.0°
fitness
gener ation a pha CL CLVR7 CM CMVRY va ue
15 0.521645 0.4725 -0 1516666 -01642
1000 55 1 003042 0. 9467 -0278873 -0 2862 2.94483
9 1 420147 13581 -0 388449 -0 3905

Table 7.2 Aerodynanic properties of the best design conparedtothose of VR7 airfal
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The second approach to the problemis to for mulate it wth a dfferent cost
function This tine the nonent coefficdents take an active part in the olyjective
function instead of being an unbreakable constraint. Therefore the monent
coefficents are enmbedded in the cost function via an exterior penalty function
Bel owis the fitness function of this case;

o N — f_ CLi
maxi mze & = E _ R*F’i
i=3 CLi0012

where P =max (0, g;)

|CM |i

and g; =

| Mooz

Here Ris the penalty coefficdent and it is determined to be R=0.5 due to
resuts fromseveral runs. The aher conditions are just the sane as the previous cases.
After 1000 iterations, the a gorithmgenerates the opti mumshape of the airfoil which
isshownin Hgure 7.14 The pressure dstributions are presentedin FHgure 7. 15.

0.5

0.3

0.1
————l R

-0.1

x/c

Fgure 7.14 Fnal Design- The best airfail fromgeneration-1000
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Figure 7.15 Pressure Distributions of the final airfail shape for o = 9.0°
fitness
gener ation a pha CL CLOO012 CM CMo012 va ue
15 0. 398052 0.18063 -0 068952 -0 04695
1000 55 0. 888615 0. 66136 -0 20197 -017117 1 1458750
9 1 314202 1 07941 -0 316931 -0 27721

Table 7.3 Aerodynanic properties of the best design conparedtothose of NACA 0012 airfail

7.6 Concl usion

The genetic agorithm method for airfal shape design has been shown to
exhibit some advantages over traditional designtechniques, nost natably, the ability
to generate designs that woul d nat have a her wse been considered This is because
of the al gorithnis populati on-based search and global -opti mzation behavior. Based
onthe prediction of the Smth&Hess panel code, the resuting non-traditional shapes
appear to have good aerodynamc perfor mance.

One another fact is the effidency of the aerodynamc predction tool
deter mnes the efficiency of the opti mzation Although Smtt &Hess’s low order
panel code appears to have successfuly anal yzed the non-tracitional shapes, a nore
robust aerodynamc analysis using higher-order panel nethods may provide better
opti mzation In ather words, gvenincreased computational capabilities, the genetic
al gorithm woul d be able to generate designs wth a higher level of confidence inthe

aerodynamc predictions.
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Anather i nportart issue is the absence of non-aero-dynamec constrairnts in
the airfal design problem Snce the helicopter engineering problens include the
I nportant effects of irterdisciplinary dependencies, such as aerodynamc, structural,
aeroacoustic, and dynamic, they nust be formulated around the use of multi-
disciplinary design optim zation techni ques [19]. Inspite of the recent devel oprents
inraorcraft multi-disciplinary design nore work has to be perfor ned in this field

[3].
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