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Inverse Design Optimization of Transonic Wings
Based on Multi-Objective Genetic Algorithms

Shinichi Takahashi,¤ Shigeru Obayashi,† and Kazuhiro Nakahashi‡

Tohoku University, Sendai 980-8579, Japan

Multi-objective genetic algorithms (MOGAs) have been applied to optimize an inverse design of a transonic
wing shape. First, the wing planform is optimized by solving a multidisciplinary optimization problem based on
aerodynamic, structural, and fuel storing objectives and constraints. Second, three-dimensional target pressure
distribution is optimized for the aerodynamic inverse design with the previously designed planform. Minimization
of the pro� le drag and the induced drag is performed under constraintson lift and other design principles.Applying
these two preprocessing procedures by using MOGAs, Pareto surfaces can be studied for tradeoffs among multiple
objectives. Thus, a designer is able to choose a good compromise for wing planform and target pressures for the
inverse design. Corresponding for wing surface geometry is obtained by Takanashi’s inverse method, and a sample
design result is given.

Introduction

T HERE is a long history for � ow control and optimization
in human civilization. Gunzburger introduced an interesting

viewpoint in a history.1 From his discussions, approaches taken in
this area may be categorized in three ways: 1) � ow optimization
without sophisticated � ow equations, 2) � ow optimization with-
out sophisticatedoptimization techniques,and 3) � ow optimization
with sophisticated � ow equations and optimization techniques.

An example of the � rst category, � ow optimization without so-
phisticated � ow equations, is aerodynamic controls. A desired air-
craft maneuver is obtained by controlling a position of the rudder,
elevators,ailerons,and so on. Aerodynamiccontrolsare determined
by solving ordinary differential equations where the in� uence of
the � ow appears as functions or constants. These functions and
constants are given a priori, and no attempt is made to solve the
governing partial differential equations of � uid motions.

Design of transonic shock-free airfoils gives a good example of
the second category, � ow optimization without sophisticated opti-
mization techniques.Absence of the shock wave is � rst considered
as an indication of the global minimum for the wave drag. Then,
an airfoil shape that generates a shock-free � ow is sought. Typical
shock-free airfoils have been found by analysis based on the � ow
physics, not by optimization techniques.

The third approach that combines sophisticated � ow equations
and optimization techniques is now of strong interest in the � eld
of aerospaceengineering.Good reviews for � ow optimization tech-
niques based on the adjoint formulation are found in Refs. 2 and 3.
The adjoint approach will be an ef� cient aerodynamic design opti-
mization tool,but it inheritsa limitationof thegradient-basedsearch.
It naturally assumes the aerodynamicobjectives are smooth. As re-
ported in Refs. 4 and 5, however, they are not necessarily smooth.

An alternative strategy for aerodynamic design is the inverse de-
sign approach.6 Inverse methods seek a geometry that yields a pre-
scribedpressuredistributionby usingan iterativemodi� cation to the
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boundary shape. Speci� cation of target pressures is dictated by the
� ow physics. Therefore, the inverse design approach falls into the
third category,� ow optimizationwithout sophisticatedoptimization
techniques. In other words, the inverse design method gives an op-
timal design only if a designer is able to specify an optimal target
pressure.

Although experienced designers are capable of translating their
design goals into properly de� ned pressure distributions in the in-
verse design approach, the requirement for experiences often be-
comes an obstacle in real-world applications.To address this prob-
lem, optimization of target pressures for transonic airfoils was dis-
cussed in Refs. 7 and 8. The inversemethod followingthe optimiza-
tion of target pressures forms a unique hybrid approach for the � ow
optimization.

This paperdealswith an extensionof this hybridapproachto three
dimensions. Suppose x is the chordwise direction, z is the airfoil
contour, and p is the corresponding pressure. The inverse method
can be described as follows: Specify ptarget.x/, then obtain z.x/ so
that p.x/ D ptarget.x/ for 0 · x · c, where c is a chord length. The
inverse optimization method can be written as follows: Optimize
ptarget.x/, then obtain z.x/ so that p.x/ D ptarget.x/ for 0 · x · c.
This statement can be extended to three dimensions by using the
spanwise direction y as follows: Optimize ptarget.x; y/, then obtain
z.x; y/ so that p.x; y/ D ptarget.x; y/.

To execute this, however, ranges of x and y, that is, wing plan-
form, should be speci� ed and optimized as well. Therefore, this
paper considers two optimization problems: wing planform opti-
mization and three-dimensionaltarget pressureoptimization.These
two optimization steps are preprocesses for the inverse design. The
� nalwinggeometrywillbeobtainedbyexecutingtheinversedesign.
The resulting steps can be summarized as follows: First optimize
planform.x; y/, then optimize ptarget.x; y/, � nally obtain z.x; y/ so
that p.x; y/ D ptarget.x; y/.

In standard aircraft design procedure, the wing planform shape
has to be determined at an early stage of aircraft design because
the planform shape is closely related to aircraft sizing. In this stage,
designers should account for tradeoff information between aerody-
namic performance, structural strength, and weight, fuel storage,
and so on. Therefore, an automated design of the wing planform
shape requires multidisciplinarydesign optimization (MDO) based
on a system composed of aerodynamics, structural dynamics, etc.
This naturally decouples the wing planform optimization from the
target pressure optimization because the latter is a purely aerody-
namic problem.

The MDO problem for the wing planform design was exten-
sively investigated in Ref. 9 by using a standard optimization tech-
nique. To optimize the planform shape, aerodynamicdrag was min-
imized undervarious constraintsgivenby the other disciplines.As a
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result, cross-disciplinarytradeoffs were built into the MDO model
implicitly. One of the conclusions of Ref. 9, therefore, was that
a highly sophisticated MDO model was needed to obtain realistic
wing planform shapes.

A much simpler MDO model is desired in the present study to
construct a preprocess for the inverse design. Such a model can be
constructedby avoidingthe builtincross-disciplinarytradeoffs.This
means that each disciplinary objective should be treated indepen-
dently. In such multi-objectiveoptimizationproblems (MOPs), it is
more natural to � nd a set of compromise solutions known as Pareto
solutions than to � nd a single optimal solution corresponding to a
particular tradeoff.

Conventional optimization techniques have to seek such Pareto
solutionsone by one, by changingweights in the utility functions.In
contrast, genetic algorithms10 (GAs) can search multiple optimums
from a populationof points in parallel.This feature is very attractive
for solving MOPs and, thus, GAs have been extended to MOPs as
multi-objectiveGAs (MOGAs).11 General reviews for MOGAs can
be found in Refs. 12 and 13. Reference 14 reported that the use
of MOGAs, allowed the use of a simple MDO model to examine
cross-disciplinarytradeoffsin the wing planformoptimization.This
approach will be adopted as the � rst preprocess in this study.

The second preprocess for the inverse design will be the target
pressureoptimizationfor the optimizedwing planform. In this step,
designobjectiveshave to be translatedinto targetpressureoptimiza-
tion. A good target pressure should yield elliptic loading, a straight
isobar pattern, and low pro� le drag. However, these design objec-
tives con� ict with each other in general. For example, the elliptic
loadingmay requirea higher lift in themidspan region,whichcauses
a shock wave and thus results in higher drag. Therefore, this opti-
mization problem should be solved by the multiobjectiveoptimizer
as well.

Minimization of the pro� le drag was discussed as the chordwise
pressure optimization in Refs. 7 and 8, as mentioned before. This
problem also had various constraints, and Ref. 7 mentioned the
dif� culty in applying a standard optimization technique. In Ref. 8,
GA was applied successfully because of its robustness. The same
method is going to be extended to three dimensions to be used as
the second preprocess in this study, by using MOGAs.

In this work, the transonic wing inverse design optimization sys-
tem has been constructedby coupling two preprocessingoptimiza-
tions to an inverse design method. First, a wing planform shape is
designed by using the MDO system based on aerodynamic perfor-
mance, structural strength and weight, and fuel storage. Second, a
target pressure distribution is optimized to reduce the pro� le drag
as well as to minimize the induced drag. The straight isobar pattern
also will be enforced. Finally, the corresponding wing geometry
can be obtained from existing inverse methods. A � owchart of the
proposed design system is given in Fig. 1. A design result will be
examined in the Results section.

Fig. 1 Flowchart of the proposed design system.

MOGA
Conventional optimization algorithms assume that the optimiza-

tion problem has (or can be reduced to) a single objective. Most
engineeringproblems, however, require the simultaneousoptimiza-
tion of multiple, often competing, objectives. Solutions to MOPs
are often computed by combining multiple objectivies into a single
objective according to some utility function. In many cases, how-
ever, the utility function is not well known prior to the optimization
process. The whole problem should then be treated with noncom-
mensurable objectives. Multiobjective optimization seeks to opti-
mize the components of a vector-valuedobjective function. Unlike
single objective optimization, the solution to this problem is not a
single point, but a family of points known as the Pareto-optimal set.

GAs are known to be robust optimization algorithms and have
been enjoying increasing popularity in the � eld of numerical opti-
mization in recent years. GAs are search algorithms based on the
mechanicsof naturalselectionandnaturalgenetics.The basicproce-
dures are shown in Fig. 2. One of the key featuresof GAs is that they
search from a population of points, not a single point. Therefore,
by maintaining a populationof solutions,GAs can search for many
Pareto-optimal solutions in parallel. This characteristicmakes GAs
very attractive for solving MOPs. As solvers for MOPs, the follow-
ing two features are desired: 1) The solutions obtained are Pareto
optimal. 2) They are uniformly sampled from the Pareto-optimal
set. To achieve these with GAs, the ranking and niching techniques
have been successfully combined into MOGAs.

Crossover and Mutation
In GAs, the natural parameter set of the optimization problem is

coded as a � nite-length string. Traditionally, GAs use binary num-
bers to represent such strings: A string has a � nite length and each
bit of a string can be either 0 or 1. For real-function optimization,
however, it is more natural to use real numbers. The length of the
real-number string corresponds to the number of design variables.

A simplecrossoveroperatorfor real-numberstrings is theaverage
crossover15 that computes the arithmetic average of two real num-
bers provided by the mated pair. In this paper, a weighted average
is used as

Child1 D ran1 ¢ Parent1 C .1 ¡ ran1/ ¢ Parent2

Child2 D .1 ¡ ran1/ ¢ Parent1 C ran1 ¢ Parent2 (1)

where Child1 and Child2 and Parent1 and Parent2 are encoded de-
sign variables of the children (members of the new population) and
parents (a mated pair of the old generation), respectively. The uni-
form random number ran1 in [0, 1] is regenerated for every design
variable.

Mutation takes place at a probability of 20% (when a random
numbersatis� es ran2 < 0:2/ initially,and the rate is goingto decline
linearlyduring the evolution.Equations (1) will then be replacedby

Fig. 2 Flowchart of GAs.
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Fig. 3 Pareto rankingmethod.

Child1 D ran1 ¢ Parent1C .1 ¡ ran1/ ¢ Parent2C m ¢ .ran3 ¡ 0:5/

Child2 D .1 ¡ ran1/ ¢ Parent1C ran1 ¢ Parent2C m ¢ .ran3 ¡ 0:5/

(2)

where ran2 and ran3 are also uniform random numbers in [0, 1] and
m determines the range of possible mutation.

Pareto Ranking
To search Pareto-optimal solutions by using MOGAs, the rank-

ing selection method can be extended to identify the near-Pareto-
optimal set within the population of GAs.10;11 For single objective
problems, the populationcan be sorted according to objective func-
tion values. The best individual receives rank 1, the second best
receives rank 2, and so on. The � tness values are reassignedaccord-
ing to rank, for example, as an inverse of their rank values.

To consider MOPs, the following de� nitions are used: Suppose
xi and x j are in the current population, and f D . f1; f2; : : :, fq/ is
the set of objective functions to be maximized.

1) Here xi is said to be dominated by (or inferior to) x j , if f .xi/ is
partially less than f.xj/, that is, f1.xi / · f1.x j / ^ f2.xi / · f2.x j / ^
¢ ¢ ¢ ^ fq.xi / · fq .x j / and f.xi / 6D f .x j /.

2) Here xi is said to be nondominated if there does not exist any
x j in the population that dominates xi .

Nondominated solutions within the feasible region in the objec-
tive functionspacegive the Pareto-optimalset. As an example, let us
consider the following optimization: Maximize f1 D x and f2 D y
subject to x2 C y2 · 1 and 0 · x; y · 1. The Pareto front of the
this simple test case becomes a quarter arc of the circle x2 C y2 D 1
at 0 · x; y · 1.

Consideran individualxi at generationt (Fig. 3) that is dominated
by pt

i individuals in the current population. Following Ref. 11, its
current position in the individuals’ rank can be given by

rank.xi ; t/ D 1 C pt
i

All nondominated individualsare assigned rank 1, as shown in Fig.
3 The � tness assignment according to rank can be done similarly to
the single-objectivecase.

Niching
To sample Pareto-optimal solutions from the Pareto-optimal set

uniformly, it is important to maintain genetic diversity. It is known
that the genetic diversity of the population can be lost due to the
stochasticselection process.This phenomenon is called the random
genetic drift. To avoid such phenomena, the niching method has
been introduced.10

The niching method penalizes the individualscrowded in a small
niche by having them share the � tness as follows. A niche count
of an individual is given by sum of a sharing function. The sharing
function depends on the distance between individuals. If they are
separatedmore than a speci� ed distance,¾share, the sharing function
returns zero. If two individuals are closer than ¾share, the sharing
function returns a higher value. If they are identical, the function
returns the highest value of one. The original � tness value of the
individualis then dividedby thenichecount.This schemeintroduces
new GA parameters, the niche size ¾share. The choice of ¾share has a
signi� cant impact on the performance of MOGAs.

The distancebetween individualscan be measured with respectto
three types of metrics. A genotypic sharing measures the interchro-
mosomal Hamming distance. A phenotypic sharing, on the other

hand, measures the distance in the design space. Another type of
phenotypic sharing measures the distance between the designs’ ob-
jective function values. In MOGAs, the latter phenotypic sharing is
usually preferred because we seek a global tradeoff surface in the
objective function space.

Coevolutionary shared niching (CSN) is an alternate new nich-
ing method proposed in Ref. 16. The technique is loosely inspired
by the economicmodel of monopolisticcompetition,in which busi-
nessmen locate themselvesamong geographicallydistributedpopu-
lations, businessmenand customers,where individualsin each pop-
ulation seek to maximize their separate interests thereby creating
appropriately spaced niches containing the most highly � t individ-
uals.

The customer populationmay be viewed as a modi� cation to the
original sharing scheme, in which the sharing function and ¾share

are replacedby requiringcustomers to share within the closestbusi-
nessman’s servicearea. In otherwords, a customer is supposedto be
served by the nearestbusinessman.The numberof customersa busi-
nessman serves becomes the niche count. Then, a customer’s raw
� tness is divided by the niche count similar to the original sharing
scheme.

The evolution of the businessman population is conducted in a
way that promotes the independentestablishmentof the most highly
� t regions or niches in the search space. The businessman popula-
tion is created by an imprint operator that carries the best of one
population over the other. Simply stated, businessmen are chosen
from the best of the customer population.

This model introduces a new GA parameter dmin that determines
the minimum distance between the businessmen. It was found that
dmin was easier to be tuned by the trial-and-errorbasis than by ¾share,
and thus CNS was successfullyappliedto the followingcalculations.

Those who are interested in performance of these GA operators
in a simple test case may refer to Refs. 16 and 17.

Wing Design System
Multidisciplinary Planform Design

As the � rst preprocess, this optimizationproblem determines the
planform shape used in the inverse design. Although the planform
design would require a careful study by itself, the present optimiza-
tion is simpli� ed so as to model only the basics of each discipline.

The present multiobjective optimization problem is described as
follows: 1) minimize aerodynamic drag (mostly induced drag), 2)
minimize wing weight, and 3) maximize fuel weight (tank volume)
stored in the wing under the constraints1) lift is to be equal to given
aircraft maximum takeoff weight and 2) structural strength is to be
greater than aerodynamic loads.14

The model aircraft consideredhere is a midsize regional aircraft,
which was assumed to have a wing area of 525 ft2 , a total maximum
takeoff weight of 45,000 lb at a cruise Mach number of 0.75, and a
Reynolds numberbased on the root chord of 1:5 £ 107. The original
wing was taken from an existing wing: Its airfoil sections were
supercritical, and its thickness and twist angle distributions were
reduced toward the tip.

In this design stage, only two parameters are chosen as design
variables: leading-edge sweep angle and taper ratio. A semispan
length is calculated from the taper ratio and the given wing area.
The number of design variables used was greatly reduced because
any introduction of kinks to a wing for the regional aircraft would
increase the manufacturing cost severely.

The objective functions and constraints are computed as follows.
First, lift and drag are evaluated using a full potential � ow solver
calledFLO27 (Ref. 18). In this preprocessingoptimization,the wing
area and the airfoil shape is � xed. Thus, the viscous drag can be re-
garded as nearly constant, and only a sum of inducedand wave drag
is needed.Therefore, the � ow is assumed inviscid.Second, the wing
weight is calculated, using an algebraic weight equation.19 Third,
the fuel weight is calculateddirectly from the tank volume given by
the wing geometry. Finally, the structure is evaluated by using the
model described in Ref. 9, where the wing box is modeled only for
calculatingskin thickness.Then the wing is treated as a thin-walled,
single-cellmonocoquebeam to calculate stiffness.Flexibilityof the
wing is ignored.
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Fig. 4 B-spline polygon and corresponding pressure distribution.

The objective function values and constraint violations are now
passed to the system-level optimizer, MOGA. When any constraint
is violated, rank of the particular design is lowered by adding an
integer according to the degree of violation.

Aerodynamic Design by Inverse Optimization
Here the design philosophy of target pressures for the inverse

design is translated into MOPs. The aerodynamic design of a
wing usually proceeds in two steps. First, the airfoil section at the
midspan section is designed. This reduces the three-dimensional
design problem into the two-dimensional one. Second, the span-
wise variation of the airfoil sections is considered for the � nal
wing design.The presentobjective functionsare derived from those
considerations.

Pressure Distribution for Airfoil
In Ref. 8, a GA has been applied to optimize target pressure

distributions around airfoils for inverse design methods. An airfoil
drag is minimized under constraints on lift, airfoil thickness, and
other design principles.The same technique is adapted here.

Chordwise pressure distributions are parameterized by B-spline
polygons and split into two curves, corresponding to the upper and
lower surfaces of an airfoil. As shown in Fig. 4, seven points for
lower surface and eight points for upper surface are used to de� ne
B-spline polygons, respectively.

The two-dimensional optimization problem is then de� ned as
follows: Minimize drag coef� cient Cd subject to 1) lift coef� cient
Cl D speci� ed, 2) airfoil thickness to chord t=c D speci� ed, and 3)
additional constraints for chordwise pressure distribution, where
Cd is evaluated by the Squire–Young relation and Cl and t=c can
be estimated from surface pressure integrations. The speci� cation
of airfoil thickness can be done approximately in two dimensions,
but not in three dimensions. Thus, it was dropped in the follow-
ing three-dimensional optimization. Additional constraints are re-
quired to guarantee the existence of a solution of the aerodynamic
inverse problem. They concern, for example, expansionat the lead-
ing edge, sonic plateau, rear loading, and so on (see Ref. 8 for
details). The only new constraint introduced here is the Stratford
pressure recovery20 near the trailing edge.

Pressure Distribution for Wing
The designprinciplesfor a three-dimensionalwing are essentially

twofold. One is to preserve the two-dimensional performance as
much as possible. This is easily achieved by the inverse method by
specifying the same chordwisepressure distributionalong the wing
span. The resulting wing has the straight isobar pattern of pressure
contours on the wing span.

The other is to minimize the induced drag, which is achieved
by specifying a parabolic lift distribution in the spanwise direction
when the structural constraint is imposed. The constraint in the
total lift will specify a parabolic lift distribution uniquely. Thus,
the objective function can be given by differences of the sectional
lifts to the parabolicdistributionat, for example, the sevenspanwise
sections.

Fig. 5 Flowchart of the inverse design procedure.

The wing with the straight isobar pattern cannot have a parabolic
lift distributionunless it has a parabolicplanform.This means these
two designobjectivescontradicteach other in general.We overcome
this problem by enforcing the isobar pattern only on the upper sur-
face of the wing. The resulting straight isobar pattern of pressureon
the upper surface of the wing is expected to produce the drag diver-
gence at the same Mach number along the wing span, and thus the
resulting drag-divergenceMach number of the wing will be similar
to that of the wing that has a fully straight isobar pattern.

The three-dimensional optimization problem is now de� ned as
follows: Minimize 1) the differenceof the spanwise lift distribution
to the parabolicdistribution,2) the two-dimensionaldrag coef� cient
Cd at each spanwisesection,and3) thepenaltyfunctionbasedon the
additional constraints for chordwise pressure distributionsubject to
the straight isobar pattern of pressure contours on the upper surface
of the wing.

To generate a good initial population of feasible solutions, the
two-dimensional GA was � rst run by using only the constraints.
Then, the resulting chordwise pressure distribution was distributed
to seven spanwise sections from the 10 to the 93% spanwise sec-
tions so as to give the parabolic lift distributionapproximately.The
population of 200 individuals was used as the initial population for
the MOGA. Because the � ow calculation required in this step is
only the boundary-layer integration for the Squire–Young relation,
the entire process runs easily on a regular workstation or personal
computer. During the evolution, the pressure on the upper surface
of the wing does not change very much because it is constrained
not to change in the spanwise direction. Instead, the pressureon the
lower surface of the wing is mainly modi� ed to optimize the three
preceding objectives.

Inverse Design
Once the present MOGA � nds an optimum target pressuredistri-

bution, correspondingwing geometry can be obtained by an inverse
design method.This design loop is shown in Fig. 5. Here the inverse
design code WinDes6 is used. WinDes uses the following iterative
procedure.Suppose the initial geometry and surface pressuredistri-
bution obtainedfrom any computational� uid dynamics (CFD) code
are given. Then, pressure differences are calculated from the given
initial and target pressure distributions.From these pressure differ-
ences, corresponding geometry corrections can be computed from
the integralequationsdiscretizedat the panelson thewing planform.
Improved geometry is then obtained from the initial geometry and
the computed geometry corrections. Finally, the CFD code is used
again to check how close the resultingpressure distributionis to the
target distribution. If the differences are still large, the process will
be iterated. In practice, 10–15 design cycles are suf� cient to obtain
the � nal geometry.

The inverse design code, Navier–Stokes code, and algebraic grid
generator construct a nearly automated loop for the inverse design
with reasonable computationalrequirements.These codes were im-
plemented on a NEC SX-4 supercomputer at the Department of
Aeronautics and Space Engineering, Tohoku University. The in-
verse design for one cycle required about 45 min of single CPU
time. (Most of the time is used for the Navier–Stokes computation.)
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Fig. 6 Pareto solutions in the objective function domain.

Results
Multidisciplinaryoptimization of wing planform was performed

with 100 individualsof populationfor the MOGA. Upper and lower
limits of the designvariableswere de� ned as 5–20 deg for the sweep
angle and 0.1–0.6 for the taper ratio. After 70 generations, almost
all individualswere convergedto the Pareto front. This corresponds
to 8 h of single CPU time of an SX-4 computer. On the other hand,
the inverse design required 15 cycles and it took roughly 11 h of
CPU time. Because the computational cost of the wing planform
optimizationwas comparable to that of the inverse design, no effort
was taken to reduce the computational time further.

Because GA is a stochastic process, the present MOGA was run
three times with different sets of initial populations. Figure 6 plots
all individuals of the three populations in the objective function
space after 70 generations. It is con� rmed that the present MOGA
consistently reproduce the same Pareto front every time, although
the individuals on the Pareto front are different from population to
population. The result also suggests a smaller population size may
be used, but as mentionedbefore the possibilitywas not investigated
here. (Our recent study shows that a MOGA using a populationsize
of 64 works � ne with 66 design variables for the wing de� nition.21)

Figure 6 shows the locus of the Pareto solutions in the objective
functionspace. All three axes are arrangedso that the left lower cor-
nerbecomesthe desiredpoint.The Pareto front, namely, the tradeoff
surface, appears as a curve in the three-dimensionalobjective func-
tion space rather than as a surface.This is probablybecauseonly two
design variables are used. In fact, the two-dimensional projections
of the Pareto front to the drag to wing weight and drag to fuel weight
planes show a very simple curve of tradeoffs.On the other hand, the
projection to the wing weight to fuel weight plane does not show
any tradeoff. Here the middle of the drag to wing weight tradeoff
surface is chosen as a planform shape for the inverse design.

Figure 7 shows extreme Pareto solutions in the planform shape.
Because the extreme Pareto solutions correspond to optimal solu-
tions for each single objective, they can be used to judge the qual-
ity of Pareto solutions. The minimum drag wing has the smallest

Fig. 7 Planform shapes of extreme Pareto solutions.

taper ratio among the feasible solutions,but slightlygreater than the
lower limit. Although the lowest taper ratio (the largest aspect ratio)
in the design space can achieve the lowest drag, it also violates the
structural constraint. Thus, this solution corresponds to the lowest
possible taper ratio. The individual corresponding to the minimum
wing weight and the maximum fuel weight has the same shape be-
cause the wing area is � xed in this optimization.These shapes have
the maximum taper ratio. Therefore, the extreme Pareto solutions
are found physicallyreasonable.The wing shape at the centerof the
Pareto surface has the most reasonableshape and can be considered
as the best compromise between the multiple objectives here.

Next, the three-dimensionalpressure distribution was optimized
for the best compromise planform obtained, and then an inverse
problem was solved. The parabolic lift distribution is monitored at
seven locations from the 10 to the 93% span as indicated in Fig. 8.
The inverse solver is used at the same spanwise locations for the
geometry correction. For the Navier–Stokes analysis, the modi� -
cation of wing geometry was linearly interpolated between those
sections, and the twist angles of the designedwing at those sections
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Fig. 8 Wing planform and computed pressure distribution on the de-
signed wing.

are smoothed for simplicity of manufacturing. In the tip and root
region, the airfoil sections were extrapolated from the interior sec-
tions, whereas the wing twist was linearly extrapolated.At the root
section the fuselage is ignored, and the symmetry plane is assumed.
It should be pointed out that the tip and root sections are usually
designedby othermeans, and thus they are not treatedby the inverse
method.

The computational mesh for Navier–Stokes analysis has the C–

O topology and contains 169 £ 49 £ 37 grid points in the chord-
wise normal (to the surface) direction and spanwise directions, re-
spectively. Although the grid size used was relatively small, it was
considered suf� cient for demonstrationpurposes.That was because
1) the wingplanformwas a simple taperedwing and 2) it was enough
to predict a drag difference between different wings correctly. (If
CDwing1 < CDwing2 on the present grid, then CDwing1 < CDwing2 on a grid
re� ned doubly in every coordinate direction.)

Figure 8 shows the wing planform and the computed pressure
contours on the upper surface of the wing designed by the inverse
method based on the target pressure distribution optimized by the
MOGA. Flow condition was set to the freestream Mach number of
0.75, the Reynolds number based on the root chord of 1:5 £ 107,
and an angle of attack of 0 deg. The resulting straight isobar pattern
satis� es the � rst designprincipleof thewingwell and, thus, indicates
good performance at higher Mach numbers.

Figure 9 shows the target chordwise pressures obtained from the
present MOGA, the resulting airfoil shapes of the wing obtained
from WINDES, and the corresponding pressures computed by the
Navier–Stokes solver.The targetpressureshows sonicplateau, front
and rear loadings, and Stratford pressure recovery. The upper sur-
face pressures are exactly the same along the spanwise direction to
produce the straight isobar pattern. It also con� rms that the inverse
problem is solved satisfactorily, although the front loading in the
target pressure results in a small leading-edge radius in the present
design.

Figure 10 shows the computed lift distribution of the designed
wing in comparisonto the parabolicdistribution.The result is found
to satisfy the second design principle of the wing, except at the root
and tip regions where low and high sectional loadings are required,
respectively, due to the straight isobars on the tapered wing.

As discussed in the Introduction, the optimality of the inverse
design depends on physical properties of speci� ed pressures. In
this work, three-dimensionalpressure distribution was constructed
by distilling the design objectives of the transonic wing. Those
objectives consist of sonic plateau, shock free, Stratford pressure
recovery, parabolic spanwise loading, and straight isobar pattern.
Figures 8–10 con� rm that these objectives are materialized in the
wing geometry designed by the inverse method.

Fig. 9 Designed airfoil sections and corresponding chordwise pressure
distributions.

Fig. 10 Sectional lift distribution in the spanwise length.

Conclusion
An optimization system for an inverse design of transonic wings

has been developed by using MOGAs based on the Pareto rank-
ing method. First, planform shapes with minimum drag, minimum
weight,and maximumfuel weightunderconstraintsof lift andstruc-
tural strengthwere sought by using the multidisciplinarymodel that
consistedof thepotential� ow,algebraicweight,andwing-boxstruc-
ture equations. A wide variety of Pareto solutions were obtained,
including a good compromise solution.

Second, target pressureoptimizationwas performed for the plan-
form obtained. The optimization problem was formulated to mini-
mize the induced drag as well as to minimize the pro� le drag. The
present design procedure also enforced the straight isobar pattern
on the upper surface of the wing at the same time.
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These two design optimization procedureswere successfully ap-
plied to the inverse design of a transonic wing. The tradeoff in-
formation was given by the Pareto front, and the best compromise
wing was able to be designed. The present approach will provide a
practical automated design tool for the aircraft industry.
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