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The use of pareto genetic algorithms (GAs) to determine high-ef� ciency missile geometries is examined, and the
capabilityof these algorithmsto determine highlyef� cient and robust missile aerodynamicdesigns is demonstrated,
given a variety of design goals and constraints. The design study presented documents both the learning capability
of GAs and the power of such algorithms for multiobjective optimization. Results indicate that the GA is clearly
capable of designing aerodynamic shapes that perform well in either single or multiple goal applications.

Nomenclature
Aexposed = exposed nozzle area relative to missile body frontal

area, in.2

Aref = missile body frontal area, in.2

bt = exposed semispan of tail, in.
bw = exposed semispan of wing, in.
C A = axial force coef� cient
CN = normal force coef� cient
Crt = tail root chord, in.
Crw = wing root chord, in.
L / D = lift/drag ratio
Lbody = total missile body length, in.
Lnose = nose length, in.
L tot = total body length, excluding nozzle, in.
Rbody = body radius, in.
Rexit = exit radius, in.
TRt = tail taper ratio
TRw = wing taper ratio
X let = distance from nose tip to tail leading edge, in.
X lew = distance from nose tip to wing leading edge, in.
k tet = tail trailing-edge sweep angle, deg
k tew = wing trailing-edge sweep angle, deg

Introduction

I N recent years, researchers have applied gradient-based opti-
mization schemes to aerodynamic design,1 ¡ 4 but these methods

are subject to undesirable restrictions. For instance, gradient-based
optimizersmust startwith a speci� ed set of initial parameters,which
can bias future solutions toward a local optimum in the vicinity of
the starting point. Gradient search procedureswork most ef� ciently
when there are a small number of design variables and when the
variables are essentially independent of each other. As the number
of design variables increases and coupling of the variables occurs
(most often the case for complex aerodynamic designs), gradient-
based algorithms do not have the ability to recombine disparate
solutions to form solutions that sample a new portion of the opti-
mization space.

Only recently have attempts been made to couple arti� cial intel-
ligence, that is, learning techniques to aerodynamic design. The
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research of Gage and Kroo5 focused on applying genetic algo-
rithms (GAs) to the topologicaldesign of nonplanar wings. In their
work the wing was broken into several segments that were allowed
to vary in incidence and dihedral angles. The goal of the optimiza-
tion was to minimize induceddrag given a � xed lift. Their approach
used both a penalty and repair approach to deal with solutions not
achievingthe � xed lift value.Bramlette and Cusic6 havealsoapplied
genetic methods to the parametric design of aircraft, and Tong and
Gregory7 have used GAs to conduct the preliminary design of tur-
bine engines after gradient methods had stalled in a local optimum.
More recently,Anderson8 has applied GAs to subsonic wing design
with the goal of producing good aerodynamic shapes, with the ad-
ditional constraint that the structure must not break. Anderson used
penaltyweights to combine lift, L / D, and structuraldesign margins
into one global objective function. Anderson, like Gage and Kroo,5

pointed out that the achieved solution is strongly dependent on the
values of the penalty weights, a very unappealing result. Later, An-
derson removed the weighting procedure and instead used a pareto
GA on the same problem.9 The resultsof this later work showed that
pareto GAs are ideally suited for complex optimization problems
with diverse goals. Such an approach does mean, however, that the
designermust scan the resultingsolutionsin theparetooptimal set to
determinewhichsolutionor solutionsaremost desirable.Unlikesin-
gle objective problems where there is a clear winner, multiobjective
problems require judgement about which solutions are preferable.
For cases where there are both aerodynamic and structural goals in
the design, there is usually a willingness to trade off some aerody-
namic performance to ensure that structural integrity goals are met.
Some very recent work10 shows that a GA can be used to design
microdevices also. In this work a viscous micropump is designed
to maximize the � ow rate between two parallel plates encasing a
rotatingcylinder. The GA was used to determine the optimum plate
spacing, the correctupperplate shape (only the lower plate was � at),
and the optimal vertical location of the rotating cylinder to maxi-
mize the mass � ow of the device at the exit plane of the two plates.
Because the governing (Navier–Stokes) equationscan be quite time
consuming to solve, what should be called a microgenetic algo-
rithm, in combinationwith a multipointcrossover(parameter-based)
scheme and a high mutation rate, was employed in an attempt to re-
duce the total number of Navier–Stokes solutions attempted. The
results indicated that the microgeneticalgorithmwith relatively few
Navier–Stokes solutions (551 total) achieved good pump designs
when compared to standard large populationGAs. In Ref. 11, a pa-
rameter evolutionstrategycoupledwith a full potentialmethodcode
is used to design transonic wings in a parallelmode. By distributing
individualcases to multipleprocessors,signi� cant turn-aroundtime
reductions were achieved. The authors noted that taking advantage
of the inherentparallelizationcapabilityof population-basedsearch
techniqueswas a strength of the approach.The parameter evolution
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strategy is similar to simulated annealing and relies more heavily
on random parameter variations than does the survival of the � ttest
strategy embedded in a GA. Both Refs. 10 and 11 used procedures
with essentiallyhigh mutation rates when compared to the standard
GA. For small populations,however, there continuesto be emerging
evidence that higher than normal mutation rates are justi� ed. An-
other emerging trend in optimizationusing GAs is to couple the GA
with more traditional design techniques to speed convergence.The
goal of these hybrid methods is to use the global search strength of
the GA to provide useful information (starting points) for gradient
ascent/descent methods. Reference 12 successfully coupled a GA
with a differential corrections method to � nd � ight condition esti-
mates (i.e., Mach number, angle of attack, aerodynamic roll angle,
freestreampressure)fromstaticpressuresmeasuredarounda missile
forebody.The GA provided the initial guess for the gradientdescent
method. Fast and accurate � ight condition estimates were consis-
tently obtainedwith this method. In Ref. 13, a GA was coupledwith
an inverse design method to design wind turbines (wind mills) that
maximizepoweroutputat varyingwing speeds.The designvariables
includedblade pitch, blade chord, and blade twist distributionswith
span. In this case, the GA executedthe design search and the inverse
procedure enforced certain constraints while giving the designer
� exibility in choosing which variables to iterate and which to send
to the GA. Anotherhybrid approach14 coupleda GA with a standard
gradientapproachto maximize lift coef� cient for a multielementair-
foil. The designvariablesincluded� ap angle,gap, over� ap, and � ap
surface geometry. At some prescribed threshold lift coef� cient, the
GA was halted and the gradient method was begun. This approach
is very similar to the methodof Anderson et al.12; however,note that
both of these works determined that selecting the proper threshold
for switching algorithms is critical to the � nal result.

Aerodynamic Code
The aerodynamic prediction methodology used as the basis for

this study, AeroDesign, was developed at the U.S. Army Aviation
andMissileCommand as a design tool forpreliminaryinvestigations
of cruciform missile con� gurations. AeroDesign is an empirically
based package that was developed using British wind-tunnel test
data for a wide variety of con� gurations, including either a cone or
ogive nose, a cylindrical body, up to two sets of four � ns (in a +
con� guration only), and a boat tail. The Mach number regime of
the code is from subsonic to high supersonic/low hypersonic, that
is, Mach 4.0, � ow.

AeroDesign was modi� ed to include two axial force considera-
tions that were not part of the original software. First, the � neness
ratio of the nose of the missile is compared to a Sears–Haack (see
Ref. 15) body. If the nose of the resulting design is more blunt than
the Sears–Haack body, the axial force coef� cient is scaled by a ratio
of the � neness ratios of the two bodies as

D CASears ¡ Haack =
C ASears ¡ Haack

(Lnose /2Rbody)
(1)

where

CASears ¡ Haack =
9.67

(Lbody / 2Rbody)2
(2)

As Eq. (1) shows, larger nose � neness ratios have a smaller Sears–

Haack axial force penalty. It is recognized that this correction is at
best only � rst order, but the limited axial force predictioncapability
of the original AeroDesign code necessitates incorporationof such
improvements.

The second axial force coef� cient correction added to Aero-
Design was implemented to correct for cases where the rocket noz-
zle exit diameter exceeded the diameter of the body. The baseline
AeroDesign code has no nozzle aerodynamic prediction capability
whatsoever, which in itself is not too bad for most preliminary de-
sign studies, particularly when all of the propellant has burned and
the plume cannot affect the aerodynamics. Nevertheless, an axial
force coef� cient correction was added to include a drag increment

basedon the exposedarea of the nozzle that exceedsthe body frontal
area. Early studies with AeroDesign indicated that without nozzle
axial force considerations, the resulting nozzle exit areas could be
quite large without an appreciableimpact to the overallmissile axial
force coef� cient. The correction is as follows:

D CAnz = C A� at plate (Aexposed / Aref) (3)

where

Aexposed = p R2
exit ¡ R2

body (4)

C A� at plate = 1.0 (5)

Aref = p R2
body (6)

This correction is used only if Rexit is greater than Rbody .

Aerodynamic Code GA Link
The links to the GA are straightforward. The genetic software

used for this study was the IMPROVE code,16 a general-purpose
GA package that can easily be interfaced to a variety of objective
functions. The GA is the controlling routine that calls the aero-
dynamic performance code as needed. The GA passes down the
design parameters through the subroutine call statement and the
aerodynamics code passes back a measure of how well the design
performed in the different goal areas.

Variables Governing Design
The design variablespassed by the GA to the aerodynamicscode

are shown in Fig. 1 and de� ned in the Nomenclature. For this study,
the distance over which the nozzle contracts and expands was as-
sumed to be a constant, proportional (three-to-one) to the radius
of the exit. Each variable is constrained with a maximum and a
minimum value. The desired resolution of each parameter is also
speci� ed. The maximum, minimum, and resolution dictate the size
of the optimizationspace. In GA terms, the number of genes in each
chromosome(also known as the numberof bits in a base-twosystem
of ones and zeros) is de� ned as

number of genes

=

number of
parameters

n = 1

Integer
LN(maxn ¡ minn ) / resolutionn

LN(2)
+ 1

(7)

Because it is natural in a design process to specify some desired
payload size that must be contained within the external shape, a
16-in.-radius £ 300-in.-length cylinder was selected as the space
requirement. The payload could, for example, encompass a rocket
motor and electronics.Table 1 shows the minimum, maximum, and

Fig. 1 Basic external aerodynamic shape variables.
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Table 1 Maximum, minimum, and resolution of variables
governing external aerodynamic design

Number
Parameter Minimum Maximum Resolution of genes

Nose 0 1 1 1
Lnose 20 200 5 6
L tot 300 700 5 7
Rbody 16 20 0.25 5
Rexit 4 30 0.25 10
Xlew 20 350 2.0 8
bw 0 80.0 1.0 7
Crw 0 80.0 1.0 7
k tew 0.0 75.0 5.0 5
TRw 0 1.0 0.05 4
Xlet 350 680 2.0 8
bt 0 80.0 1.0 7
Crt 0 80.0 1.0 7
k tet 0.0 75.0 5.0 5
TRt 0 1.0 0.05 4

resolutionof each parameter de� ning the external shape of the mis-
sile carrying this payload. The nose parameter denotes either an
ogive or a cone.

These parameter de� nitions mean that 91 genes (or bits) are re-
quired to capture the design space. The number of possible designs
is, therefore, 291 , or roughly 2500 trillion trillion. The size of the
design space immediately leads to doubt about the success of a pro-
cedure that does not even start with a reasonable guess at a good
design.

Performance Measurement Conditions
Each performance measure was sampled over eight Mach num-

bers at eight angles of attack to form a suf� cient aerodynamic data
base. The Mach numbers were 0.3, 0.7, 0.9, 1.1, 1.5, 2.0, 3.0, and
4.0, and the angles of attack were 1.0, 2.0, 4.0, 6.0, 8.0, 12.0, 16.0,
and 20.0 deg.The performanceat each unique� ight condition i con-
tributed to the overall performance of the design through a simple
summing procedure. For example, if high L / D is the current per-
formance parameter, the performance measure is calculated from

L

D
total

=
no. of conditions

i = 1

L i

Di

(8)

The Reynolds number was set to 6 £ 106 for each Mach number
rather than setting an established pressure altitude.

GA Setup and Mode of Operation
Many variantson the basicGA havebeendevelopedto help speed

convergence and minimize computational expense. For this study,
the two variant algorithms used are creep and elitism. Creep is de-
signed to randomly alter a certain percentage of the parameters by
their resolution amount. This technique helps the basic GA to � ne
tune solutions when an optimum is found. Elitism forces the GA to
keep intact the best performerof the current populationinto the next
population. Thus, the best performer cannot be destroyed through
crossover or mutation, and can only be replaced by a better per-
former when one is created. The genetic parameters used to control
the probabilitieswithin the algorithm are shown in Table 2.

The population size is roughly three times larger than the num-
ber of bits/genes required to represent the parameters. This rule of
thumb has been successful for many previous studies but clearly
would be very computationally expensive if a higher-order aero-
dynamic design methodology were used. Coupling computational
� uid dynamics (CFD) to a GA for a complex three-dimensional
shape would require signi� cant computational resources, whereas
with an empirical method like the one used here 250 solutions re-
quire only seconds on a Pentium PC.

Results: Goal-Based Designs
The designs shown in this section assume a rigid structure, so

that structural considerations play no part in the design process.

Table 2 GA control parameters for external shape design

Parameter Value

Crossover probability 0.9 (90% of the time 2 survivors are
mated they produce offspring)

Mutation probability 0.002 (2 out of every 1000 bits will mutate)
Creep probability 0.05 (5% of the parameters in a population

will creep by their resolution)
Population size 250

The cases investigated here incrementally add dif� culty to the
design problem as additional in� uences on the performance are
activated.

Case 1: Maximize Normal Force Coef� cient
over Various Flight Conditions

Case 1 is designed to see whether the GA will maximize the
� n areas. Larger � ns will, of course, produce higher normal forces
than smaller ones. Fin placement does not play a signi� cant part
in the design consideration for this case but would certainly be a
driver for stability and control (S&C) when S&C becomes a de-
sign consideration. Also, because axial force is not considered for
this case, the nozzle geometry (exit radius) can essentially be any-
thing and the forebody(nose) can be very blunt without detrimental
lift impact. There is signi� cant coupling between the design vari-
ables, and this is an important point when contrasting a GA with
a gradient optimization scheme. As noted earlier, gradient-based
methods have dif� culty with variable coupling. This problem is
best seen by example for the problem at hand. To increase nor-
mal force, an algorithm can do two things for a missile-type shape:
increase the wing area or increase the body size. For a gradient
method d(CN ) / d(body radius) and d(CN ) / d(wing area) are always
positive,and so a gradientmethod would be likely to maximizeboth
the body radius and the wing area. That is, even though sensitive
derivatives for these terms can be properly established, a standard
gradientmethodwould tend to increaseboth the body radiusand the
wing area and not tradeone for the other.Therefore,a secondderiva-
tive term, d2(CN ) / d(body radius)d(wing area), would be required
to solve the problem. The problemis that for a � xed maximum span
increasing the body size decreases the available wing area. Wings
are more ef� cient at producing normal force than the cylindrical
body, so that every increase in the body radius effectivelydecreases
the amount of normal force that can ultimately be generated. This
subtle coupling of variables makes gradient methods unattractive
for complex design problems because there is no practical way of
determining a priori what sensitivity derivatives are needed. Thus,
one of the challenges posed to the GA is to produce high normal
forces smartly,by effectivelymaximizingwing surfacearea through
the minimization of the body radius.

Convergence history is important to the understandingof the be-
havior of a GA. Figure 2 shows the convergence history for this
case. The maximum line denotes the performanceof the best single
member of the population.Average denotes the performance of the
averagemember of the population.This type of convergencebehav-
ior is characteristic of GAs with creep: rapid assimilation of good
characteristics produces rapid improvements, but then an asymp-
totic convergence region is reached as the GA attempts to � ne tune
the solution through creep. Without creep, there are typically fewer
changesin the designand the improvementsare made in large leaps.
Creep certainly does not prevent the large leaps in performance as
Fig. 2 shows,but there is admittedlya higherchancethat the solution
will fall into a local optimum.

Figure 3 graphically shows the design history for the missile. In
Fig. 3, and subsequent � gures of this nature, only the design that
produced the highest aggregate normal force coef� cient at each dis-
played generation is shown. Because GAs are population based,
many designs (249 to be exact) within these same generations are
not shown.While viewing thesequantitativesnapshotsof the design
process, recall that for the high normal force coef� cient case neither
the nose shape, the nozzle shape,norwing/tail placementdrastically
alter the normal force coef� cient. Although these particular design
traits may make the missile look a little strange at � rst, one must
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Fig. 2 Convergence history for the maximum normal force coef� cient case.

Fig. 3 External shape history for the maximum normal force coef� -
cient case.

focus on the wing/tail planform geometries because they are the
most important for now. From these qualitative representations of
the designvariablehistoriesit is readilyapparentthat theGA learned
to make the wing and tail areas large and to minimize the body ra-
dius during the design process.Althoughearly attempts used highly
swept wings, they were later replacedby blunt and large wings. The
missile body also grew in length during the process, which con-
tributes to higher normal force coef� cients. The nose length was
also minimized in favor of longer body length, further helping to
maximize the normal force coef� cient. As these � nal generations
show, there is virtuallyno root-to-tiptaper ratio in the wings or tails.
In fact, the � nal taper ratio is exactlyone resolutionvalueaway from
having no taper at all in the wings/tails. This would appear to show
that the GA failed to � nd the correct taper ratio because logically
it would be expected that there should be no taper when maximiz-
ing the normal force coef� cient. In reality, however, an investiga-
tion on the effect of taper on the normal force coef� cient showed
that, although for subsonic Mach numbers no taper produced bet-
ter normal force performance, for supersonic Mach numbers slight
tapering improved the normal force coef� cient. As the taper ratio
was manually decreasedan additional resolutionamount, the aggre-
gate normal force coef� cient decreased from what the GA found,
meaning that the GA had found an optimum for taper ratio.

According to Fig. 3, there must be a bene� t to spatially spreading
the wings and � ns apart from one another. Numerical studies, in
fact, showed just that. The wings and tails were moved toward each
other by their resolution amounts and the aggregate normal force
coef� cient decreased.Moving the tail aft also decreased the normal
force coef� cient; however, moving the wing forwarddid marginally

Table 3 Final parameter values: case 1

Parameter Minimum Maximum Resolution Final value

Nose 0 1 1 1
Lnose 20 200 5 20
L tot 300 700 5 700
Rbody 16 20 0.25 16
Rexit 4 30 0.25 29.19
Xlew 20 350 2.0 44.88
bw 0 80.0 1.0 80.0
Crw 0 80.0 1.0 80.0
k tew 0.0 75.0 5.0 0.0
TRw 0 1.0 0.05 0.967
Xlet 350 680 2.0 595.88
bt 0 80.0 1.0 80.0
Crt 0 80.0 1.0 80.0
k tet 0.0 75.0 5.0 0.0
TRt 0 1.0 0.05 0.967

increase the aggregate normal force coef� cient (0.78% maximum
change in CN ). Thus, it would appear that it is possible to numeri-
cally prove for this case that the GA did not � nd the exact optimum
in the 100 generations it was allowed to run. However, note that of
all of the design variables,only the variable controlling the forward
movement of the wing increased the aggregate normal force coef� -
cient (and then only by 0.78%). Table 3 shows the � nal values for
the best design for this case. The nose length was minimized, the
body radius was minimized, the body length was maximized, the
wing and tail root chords and spans were maximized, and the wing
and tail sweep angles were minimized.

Variables such as the nozzle exit radius and the type of nose are
not signi� cant until drag is considered.

Case 2: High Normal Force, Low Axial Force
The objective function for this case is simply an accumulationof

CN / CA over all of the � ight conditions:

CN

CA total

=
no. of conditions

i = 1

CNi

CAi

(9)

The inclusionof a requirementfor lowaxial forcecoef� cientsshould
necessitate two primary design changes over the preceding high
normal force coef� cient case. First, the nose of the missile should
elongateto minimize largewave drag due to a blunt nose [the Sears–

Haack correctionof Eqs. (1) and (2)]. Second, the nozzle exit radius
should be equal to or less than the radius of the body [Eqs. (3–5)].
It might be expected that there would be wing/tail leading-edge
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Fig. 4 Convergence history for the maximum CN /CA case.

Fig. 5 External shape history for the maximum CN /CA case.

sweeps to forestall the sharp transonic drag rise that accompanies
the transition from subsonic to supersonic � ight. However, given
the weighting toward supersonic Mach numbers in the preplanned
� ight conditions (� ve of eight Mach numbers are supersonic), the
GA might � nd that high normal force coef� cients due to unswept
wings might outweigh the delay in axial force coef� cient rise that
sweep would certainly produce.

Figure 4 shows the convergence history for this case. As before,
there is rapid assimilation of good characteristics (the power of
GAs with good diversity in the population), but then an asymptotic
convergence region is reached as the GA attempts to � ne tune the
solution through creep. After generation 70 (roughly), there is no
continued improvement in the best member of the population, and
the average member actually starts to decline (which looks a little
odd). An investigationinto the cause of the declining average stems
from geometry con� icts that the GA produces as it begins to � ne
tune the solution. A geometry-con�icts subroutine checks to make
sure that the wings are not overhangingthe missile nose and that the
tails are not overhangingthe nozzle portion of the missile. Through
time, as the GA began to maximize the wing and tail areas (Fig. 5),
it moved these surfaces toward the extremes of the nose and tail to
increase normal force coef� cient as it did before. Because the nose
of the missile began to elongateto reduce axial force coef� cient, the
forward placementof the wing eventuallybegan to con� ict with the
length of the nose. Designs with con� icts return a zero value for
the objective function. As more con� icts were encountered during
the � ne-tuning process, the average for the population did indeed
decrease. Nevertheless, the GA design history (Fig. 5) shows that

the algorithm produced good high CN / CA designs. As expected,
1) the wings and tails became exactly those that were designed un-
der the high CN case (taper ratio included), 2) the body radius was
exactly minimized, 3) the nozzle exit radius became less than the
body radius, and 4) the nose grew in length to minimize bluntness
(to reduce the axial force coef� cient). Unlike the preceding case,
the wing leading-edge location was exactly placed where the nose
ended, thereby attempting to maximize the possible separationdis-
tance between the wing and the tail. The tail location was within
one resolutionincrementof beingat the aftmost positionpossible.A
test was performed where the tail was moved to its aftmost possible
position and the aggregate CN / CA only changed by 1.5 (roughly
0.058% better than the design produced by the GA).

Case 3: High Normal Force, Low Axial Force,
Minimal Static Margin

This case includes a measure of the stability of the airframe in
addition to the aerodynamic performance. AeroDesign can calcu-
late the static margin, which is the distance between the center of
pressure and the center of gravity, once the location of the center
of gravity is input to the code. The center of gravity is in turn cal-
culated by the components that make up the missile. One of the
most signi� cant contributors to the weight and center of gravity is
the rocket motor propellant. For this study, the propellant was not
burned, so that the center of gravity remained � xed at one location.
The fuel mass was � xed at 6500 lbm in a length of 300 in. and
a radius of 15.7 in. A 1000-lbm payload was also included. The
payload was assumed to begin at the end of the nose section (be-
ginning of the body) and its volume and center of gravity location
was calculated by assuming a payload density of 0.1 lbm/in.3 The
outer body of the missile was assumed to be made of a titanium
alloy (density 0.23 lbm/in.3), as were the wings, tails, and nozzle.
The rocket motor case was assumed to be a steel alloy with a den-
sity of 0.29 lbm/in.3 , an ultimate strength of 195,000 psi, and a
design pressure of 3000 psi (which de� nes its thickness). Because
the GA controls the external designof the missile, a mass-properties
subroutine must be called for each attempted design. This subrou-
tine calculates the total missile mass, center of gravity location, and
inertial properties. After the mass properties for the design have
been determined, the AeroDesign code can then calculate the nor-
mal force coef� cient, axial force coef� cient, center of pressure, and
static margin for each Mach number and angle of attack.

Equations (1–5) are used again to measure the aerodynamic per-
formance, but static margin is such a different design consideration
that it is natural to question how a measure of this goal can be
included into the design process. Certainly a weighting procedure
could be used to combine the aerodynamic performance goal and
the static margin goal into one overall performance measure, but,
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just as Anderson8 has shown, there is no clear way to know a priori
the correct weighting values. For this study a strict pareto GA was
employed to avoid weights. The strict pareto GA considers each
design and compares how each design works in each goal area. Su-
perior designs are those that perform better than their competitors
in each goal area. Designs that are easily dominated disappear and,
at the end of the design process, the � nal population is called the
p-optimal set because it contains a mixture of designs that work
reasonably well in each goal area. Certainly there will be a clearly
superior performer in each goal area; however, the best multiob-
jective performer will probably not also be the best performer in
a given speci� c goal. The p-optimal set is made up of hybrid de-
signs that have survived based on their ability to perform across
multiple goals. The aerodynamic performance goal is calculated as
before, whereas the static margin goal, which is to minimize the
static margin, is calculated as

X̄static =
no. of conditions

i = 1

X cpi ¡ Xcgi
(10)

where the X locations are measured positive aft of the nose tip.
This construction will not guarantee a stable missile, but will sim-
ply minimize either the stability or the instability of the missile.
The pareto scheme will attempt to � nd solutions that will perform
reasonablywell in each of the two goal areas, but it can be expected

Fig. 6 Convergence history for the maximized CN /CA , minimized static margin case.

Fig. 7 Performance variation for p-optimal set.

that some of the earlier aerodynamicperformance exhibited will be
lost to the desire to have a minimal static margin. Note also that
the addition of a new design goal further enhances the desirability
of a nongradient-basedoptimization method. Gradient methods are
dif� cult to correctly implement with multiple goals, and there is
always the question of the frequency/method of switching between
the different goals during the design process.

Figure 6 shows the convergence history for the average among
the members of the population in each goal area. Figure 6 shows
the classic behavior expected during a tradeoff-type optimization
approach. The static margin and aerodynamic performance contin-
ued to improve for the average member, at least until generation
90–95 for this case. There is slight improvement beyond this point,
but not signi� cant enough improvement to warrant additional gen-
erations. Figure 7 shows the performance of each member of the
p-optimal set in each goal area. As Fig. 7 shows, there are a great
many solutions that perform well in each goal, and there are mem-
bers of the population that are clearly superior in each goal. There
is an abundance of solutions with accumulated static margins be-
tween 10 and 20 in. with an accumulatedCN / CA between 2050 and
2100. There are superior aerodynamic performers around 2200–

2250 CN / C A, but their static margins are between 100 and 200 in.
Clearly, some aerodynamic performance was sacri� ced for good
static margin performance.The pareto approach produces an abun-
dance of solutions with an accumulated static margin near 10 in.,
allowing the designerto choosefroma varietyof similar performing
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Fig. 8 Some available designs at generation 100: maximized CN /CA,
minimized static margin case.

solutions,based perhapson some other criteria such as manufactur-
ing simplicity or weight. Several of the better solutions are shown
in Fig. 8. These solutions have different levels of static margin and
aerodynamic performance. All of the solutions have large tails to
increase CN / CA . This result should have been expected because
large tails would serve also to help the static margin performance.
From these solutions, it is apparent that the better staticmargin solu-
tions have more highly swept wings and more taper than the higher
CN / CA solutions.More generally, note that each of these solutions
has swept wings. Clearly, the GA learned to keep the wing areas
fairly large while at the same time keeping the center of pressure far
enough aft to keep the static margin reasonable.An increased wing
area improvedCN / CA performance;however, the staticmargingoal
seemed to suffer at the same time.

Conclusions
The GA is clearly capable of designing aerodynamic shapes that

perform well in either single or multiple goal applications. For
multiple-goal/multiple-objective problems, the strict pareto algo-
rithm provideshybriddesigns that seek to perform well in each goal
area, while providing signi� cant diversity in the p-optimal set. The
p-optimal set allows designers to choose among several candidate
solutions.

It is also clear from these results that complex problems are not a
deterrent to the use of GAs in solving a problem. Any of the models
used in the present solutions could be replaced by more accurate
routines because the interface between the GA and the various pre-
diction codes involves only a simple, one-line subroutine call. For
example, the aerodynamicpredictioncode used in the present anal-
ysis, AeroDesign, could be replaced by a more robust code such as
Missile Datcom. The only restriction that is placed on these codes
is that they must be capable of providing answers to any design that
is developedby the GA code. For codes in which some designs are
off limits, penalties must be arti� cially programmed into the code

to reject those designs. Consequently, the � nal solution resulting
from the GA design process is only as good as the codes involved.
For the present case, no attempt has been made to quantify the ac-
curacy of the � nal con� guration because the goal was to develop
the techniques and demonstrate the capability of the GA approach.
This has clearly been done, but it is recognized that more accurate
codes could improve the � nal results but not likely change the � nal
general con� gurations very much.

Finally, it is clear that the methodology has been established in
which GAs can be successfullyused to circumventmonths and per-
haps years of labor in pursuing designs that work well individually
but not collectively as a system. The use of GAs can optimize sys-
tem approaches and will most certainly alter the manner in which
system designs are � nally extracted.
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