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Automated optimization by means of numerical simulation is a very promising technique now mainly used for
research studies. However, its applicationin an industrial context is not very common. Optimization of a supersonic
inlet is presented in the context of the development of an actual airbreathing missile. The automated optimization
loop is described in detail. The aerodynamic evaluation tool (the computational � uid dynamics software 2ES3D)
is described, and its validation on realistic cases is presented. The use of the optimization loop on a realistic and
complex problem is compared with classical methodology for inlet design. The results are very promising in terms
of design cycle time and cost reduction.

Nomenclature
Fi = � tness function
G j = constraint function
M = Mach number
Oi = objective function
Pi = total pressure
q = mass � ow rate
x = vector of parameters
® = angle of attack
" = mass � ow rate coef� cient
´ = total pressure recovery coef� cient

I. Introduction

S UPERSONIC inlets are major components of airbreathing
propulsionsystems.Theirmain functionis to providetheengine

with the speci� ed stable mass � ow rate and minimal total pressure
recovery loss.They also play an important role in the overall missile
drag, mass, and stealth.

Until now, inlet design and development cycles mainly relied
on multiple wind-tunnel test campaigns. Although they give very
accurateresultsover the � ight domain, they present two major draw-
backs: they are very costly, and they do not permit a complete ex-
ploration over the design space, that is, the number of tested con-
� gurations is very limited.

To reduce the design cycle time and cost, and also to improve
the quality of the � nal shape, an innovative technology can now be
used in a real world context:automated optimization using numeri-
cal simulation. Instead of limiting the applicationof computational
� uid dynamics (CFD) to the performance evaluationof existing de-
signs, CFD software is coupled with an optimization algorithm to
determine the set of shapes that give the best performance under
several constraints.

In recent years, signi� cant progress has been achieved in the de-
velopment of robust optimization algorithms. An example is the
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class of evolutionary strategies that are used in various � elds such
as biotechnology,mechanics, chemical engineering, telecommuni-
cations, microelectronics, physics, production planning, etc. In a
recent survey paper, Bäck1 notes that “the [CFD] � eld provides a
wide range of hard optimization tasks where several optimization
techniques have been tried to achieve reasonable results. The ap-
plication of evolutionary algorithms promises improved results in
comparison to the ones from standard techniques,e.g., hill climbers
and gradient based methods.”

Several applications of automated optimization in the � eld of
missile aerodynamics have been conducted. Dealing with external
aerodynamics, Anderson et al.2 “examine[d] the use of Pareto ge-
netic algorithms to determine high ef� ciency missile geometries,
and demonstrated the capability of these algorithms to determine
highly ef� cient and robust missile aerodynamics design, given a
variety of design goals and constraints.”

A collaborative research program on supersonic inlet optimiza-
tion was initiated in 1996 between the former AerospatialeMissiles
(nowMBDA France)andRutgersUniversity.3 The � rst studiescom-
pared gradient-basedalgorithms with mono-objectivegenetic algo-
rithms and demonstrated the superiority of genetic algorithms for
a class of inlet design problems. Then Pareto multi-objective ge-
netic algorithms were used to take into account not only one � ight
point but a complete mission. The modelization level began with
semi-empirical software based on a two-dimensional characteris-
tics method. Then two-dimensional CFD tools were introduced.
Recent progress in computer power has made it possible to use
three-dimensionalCFD tools to model fully realistic geometries.

The steps of this collaborative research program have been sum-
marized in several papers. In 1998, Blaize et al.4 performed the
optimization of two-dimensional inlets with a mono-objective al-
gorithm for a single � ight point and a mission. This was simulated
throughoneobjectivefunctionbyweighingthecontributionsof each
� ight condition, thereby biasing the importance of individual � ight
conditions.The aerodynamicsolver was semi-empirical.This study
showed the superiority of genetic algorithms over gradient-based
ones for such problems:

: : : when launched from an experimental design point : : : ;
CFSQP achieves an improvement of 20%, which can be com-
pared to the 62% improvement achieved by GADO. Moreover,
when launched from the optimum found by the genetic algorithm,
no further improvement was achieved. : : : This comparison shows
the reliability and the merit of the genetic algorithm used.

(CFSQP is a gradient-based algorithm, and GADO is a genetic
algorithm.) Another result of this study was that multi-objective
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problems (such as a mission) could not be adequately treated with
a mono-objectivealgorithm.

Bourdeau et al.5 performed the optimization of a three-
dimensional supersonic inlet for a single � ight point, thus, demon-
stratingthe use of the 2ES3D solver(a semi-empiricalmethodbased
on a three-dimensional Euler code) for the optimization process.
Carrier et al.6 performed a similar study for a mission. This last
study concluded that “the optimization process presented in this
paper has reached the point where industrialapplicationcan now be
envisaged.”

The purpose of the present paper is to describe the � rst indus-
trial application of the automated inlet optimization methodology
developed by MBDA France and Rutgers University. We have ap-
plied the automated inlet design methodology to the postdesign of
the inlet for the French VESTA missile that was originally designed
using classical techniques involving a signi� cant amount of wind-
tunnel testing. We will demonstrate that the automated inlet design
methodologyachievesan optimal design comparable to the original
VESTA design but at a small fraction of the cost and time.

After a brief description of the present study context, the auto-
mated optimization loop is presented through its two main compo-
nents, the CFD prediction tool and the optimizationalgorithm. The
results obtained are then shown and compared with those obtained
with a classical design methodology.

II. Purpose of the Study
The French VESTA missile has been developed to constitute a

common vector for two supersonic missiles, the � rst being ship
launched and the second being air launched (Fig. 1). It is equipped
with two lateral supersonicinlets that must have a very high level of
performancesover a wide � ight domain. The developmentof the in-
let followeda methodologywhere the synergybetweenCFD compu-
tations and wind-tunnel tests was fully employed,7 leading to great
improvementsof productivity.Wind-tunnel tests make it possibleto
measure the performanceof a limitednumberof con� gurationsover
the entire � ight domain.Navier–Stokes computationsmake it possi-
ble to explorea large numberof shapes for a limitednumberof � ight
points with good accuracy.Therefore, the methodologyconsistedin
using CFD tools to optimize the shape manually on a small number
of � ight conditions and then to characterize fully the performance
of the shape on the � ight envelopewith wind-tunnelmeasurements.

However, during the VESTA inlet development, automated opti-
mization tools had not reached a suf� cient level of maturity to be

Fig. 1 VESTA missile (©AMM/1996/Bechennec).

industrially employed. The present study is indeed a postdesign of
the VESTA inlet with the automated optimization loop and a com-
parisonwith theoriginaldesign in terms of performance.The impact
of the automatedoptimizationloop on the developmentprocesswill
be measured, to answer two questions that are fundamental from an
industrial point of view.

1) Does the automated optimization loop achieve designs with
comparable (or better) performance than the original VESTA
design?

2) Does the automated optimization loop permit a reduction in
terms of design cycle time and cost?

III. Automated Optimization Loop
A. Overall View of Optimization

Classical design methods consist in creating a basic shape,
evaluating its performance (by means of experiment or compu-
tation), and then modifying it. This process is iterated using en-
gineering intuition and experience, coupled with CFD simulation
of speci� c con� gurations, until a suf� cient level of performance
is obtained.

Automated optimization relies on the coupling of one or several
evaluation tools with an optimization algorithm (see Fig. 2). This
optimizer has the purpose to obtain the best design (or set of best
designs) with a minimum number of evaluations.

Fig. 2 Automated optimization loop.
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B. De� nition of Optimization Problem
We consider a multicriteria optimization problem:

minimize Fi .x/ for i D 1; l

subject to G j .x/ · 0 for j D 1; m

where l is the number of � tness functions,m is the number of con-
straints, and x D .x1; : : : ; xn ) is a vector completely describing the
inlet shape. The range of values of the xi is the design space. Each
� tness function Fi .x/ is decomposed into two terms,

Fi .x/ D Oi .x/ C Pi .x/

where Oi .x/ is the objective function, also called the measure of
merit. It describes the physical quantities to be optimized. For ex-
ample, to maximize the mass � ow rate of an inlet, the function
O1.x/ D ¡", that is, the negative of the mass � ow rate coef� cient
" D q=qref, can be used. Pi .x) is a function prescribing the physical
penalties to achieve satisfaction of the constraints. For example, to
obtain a total pressure recovery better than 0.7, the function

P D
»

0; ´ ¸ 0:7

e®.0:7 ¡ ´/2 ¡ 1; ´ < 0:7

can be used, where ´ is the total pressure recovery coef� cient
hPi i=P ref

i and ® is a parameter chosen by the user.
The solution to the multicriteria design optimization problem is

the Pareto set, that is, the set of nondominated solutions.8 A design
x dominates another design y if

8i 2 [1; l] Fi .x/ · Fi .y/

9 j 2 [1; l] F j .x/ < F j .y/

Thus, design x dominates design y if x is as good as y for all of the
objectives and if one objective exists for which x is strictly better
than y. Thus, no member of the Pareto set is dominatedby any other
individual in the Pareto set, and, therefore, the Pareto set constitutes
the best designs.

A Pareto set is a very rich source of information for an engi-
neer facing an optimizationproblem. It gathers the best individuals
and clearly represents the compromise between the different � tness
functionsbecause, in the Pareto set, a performancecan be improved
only at the expense of a loss in another performance. For example,
plotting the Pareto set for a supersonic inlet optimization problem
can show that, for the best set of designs, an improvement of one
point of total pressure recovery at a high Mach number typically
costs three points of mass � ow rate at a low Mach number. A com-
promise between both objectives can be accomplished in function
of the globalneed, that is, on the entire mission of the missile.Even-
tually, a � nal choice between several individuals of the Pareto set
can be based on complementary constraints or performances, such
as mechanics, drag, stealth, or guidance.

C. CFD Evaluation Tool
When used in an industrialcontext where a very high accuracy is

needed for aerodynamicdesign, theoretical or semi-empirical eval-
uation tools are oftentimes insuf� cient, and thus, CFD software has
to be used. This leads to an additional complexity for the general
structure of the loop because the use of a CFD code implies that a
mesh is provided, which implies also that a CAD model of the inlet
is generated.

From an industrial point of view, the logical choice at MBDA
France for the CAD package is Pro/ENGINEER. It is commonly
used by the design teams at MBDA France, and it is, moreover, a
parametric CAD tool. Each shape is representedwith a set of basic
geometries (protrusion,extrusion, cut, etc.) associatedwith a set of
variables.A parametricCAD modelof an inlet is, indeed,a familyof
shapes, that is, a potential design space. The CAD can be modi� ed
directly by changing the values of the parameters. Of course, these

Fig. 3 Validation of the 2ES3D mass � ow rate computations.

valuescan be sent to Pro/ENGINEER by an optimizationalgorithm,
which makes the geometric model management very natural.

The creation of the CFD mesh is a very important step because
it must not introduce any limitation in the exploration of the design
space. An individual design that could not be meshed would be ar-
ti� cially unevaluable and infeasible. Some designs would then be
ignored by the optimizer because they can not be meshed, whereas
they might otherwise present very good aerodynamicperformance.
To limit this drawback, the structured mesh topology was cho-
sen to be as general as possible to apply to the maximum num-
ber of con� gurations in the design space. The mesher chosen by
MBDA France is ICEMCFD HEXA, which is directly interfaced
with Pro/ENGINEER.

The aerodynamic software 2ES3D9 uses a CFD code solving the
three-dimensional Euler equations with a � nite volume approach
coupled with semi-empirical methods for losses in the terminal
shock wave and the subsonic diffuser.10 This tool enables the pre-
diction of the supercritical mass � ow rate and the maximum total
pressure recoveryof three-dimensionalinlets within a 5% accuracy.
The software2ES3D has been intensivelyvalidatedon realistic inlet
con� gurations. Figure 3 is a demonstration of the accuracy and the
reliability of the 2ES3D software for more than 200 mass � ow rate
computation cases, with several geometries,Mach numbers and an-
gles of attack.Eachpoint is de� ned by two coordinates:The � rst one
corresponds to the computed result and the second one to the wind-
tunnel test measure. If the accuracy is perfect, the point lies on the
curve y D x . The two curves y D x § 0:05 de� nes the 5% accuracy
domain. One can see in Fig. 3 that virtually all of the points (indeed
96% of them) are in this domain. The 2ES3D software comprises
the following elements.

1) The supersonic part of the inlet (including external ramps,
cowl, etc.) is computed with a three-dimensionalEuler CFD code.

2) A virtual terminal shock wave model (VTS) is applied at the
aerodynamic throat by solving the shock equations;

3) The subsonic diffuser is modeled with a one-dimensional in-
tegral method using the average � ow conditions found after the
VTS.

The use of 2ES3D has the consequence that only the supercriti-
cal mass � ow rate and the maximum total pressure recovery can be
computed. Ideally, the complete performance curve describing the
evolution of total pressure recovery vs mass � ow rate would have
to be computed to determine precisely the engine thrust. Such a
complete performance curve can be obtained only with Navier–
Stokes computations. However, several thousands of individuals
must be evaluatedduring an optimizationprocess,which makes the
use of Navier–Stokes computations impossible for CPU time rea-
sons. Table 1 is a comparison of the CPU time needed on one SGI
R12000 350-MHz processor for each method. Moreover, the 40-h
time corresponds to a single Navier–Stokes computation, that is,
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Table 1 Different levels of modelizationavailableat MBDA France

Software Method T CPU

2ES3D Three-dimensional Euler semi-empirical 10 min
NS3D Three-dimensional Navier–Stokes 40 h

Fig. 4 Relative angle of attack.

for one operating point. Usually, 5–10 of these computations are
needed to describe the complete performance curve. Therefore, the
strategyis to use 2ES3D in the automaticoptimizationloop to obtain
the optimum or the Pareto set, even though the aerodynamic per-
formance is only partially described. The resulting optimal design
(mono-objectiveoptimization)or optimal family of designs (Pareto
set of multi-objectiveoptimization) is then fully computed with the
Navier–Stokes code to predict the complete performance curves.
With the continuing increase in computer power, there is no doubt
that Navier–Stokes computationswill eventuallybe used directly in
the optimization loop.

The in� ow conditionsfor a realistic inlet attached to a missile are
nonuniform.The forebody� ow� eld is computedusinga parabolized
Navier–Stokes code.The predicted in� ow conditionsare used in the
2ES3D and Navier–Stokes (see Ref. 11) calculations of the inlet.
Figure 4 shows the � eld of relative incidence at the capture level,
that is, the � ow of

.®l ¡ ®1/=®1

where ®l is the local angle of attack and ®1 is the freestream an-
gle of attack. One can see in Fig. 4 that the local angle of attack is
50% higher than the freestream one. The � ow is, moreover, hetero-
geneous, which makes an industrial computation of installed inlets
more challenging.

A typical three-dimensionalNavier–Stokes calculation of an in-
let uses 500,000 nodes and requires about 40 CPU h for each as-
sumed downstreampressure.The complete performancecurve, that
is, the graph of total pressure recovery vs mass � ow rate, is ob-
tained by applying several backpressures simulating the engine to
obtain all of the operating modes of the supersonic inlet (supercrit-
ical, critical, subcritical, and buzz). The accuracy of these compu-
tations is of the same order as the wind-tunnel tests (Fig. 5). The
three-dimensionalNavier–Stokes computations also provide infor-
mation on the detailed structure of the � ow including major physi-
cal phenomena(boundarylayer/shock wave interaction,separation)
so that the causes of loss in performance can be understood and
corrected.

Fig. 5 Navier–Stokes computation accuracy.

Fig. 6 Operation of the GA.

A last element to be implemented in the optimization loop is a
simpli� ed ramjet model so that the optimization can be conducted
on the performancenot only of the inlet but of the entire propulsion
system. It is then possible to maximize directly the thrust of the
engine. This part of the loop is not yet operational.

D. Details of the Genetic Algorithm
Genetic algorithms12;13 mimic the mechanism of natural selec-

tion described by Darwin in his evolution theory. In this study,
we used the steady-state genetic algorithm GADO developed by
Rasheed14 and Rasheed et al.15 GADO is initialized with a popula-
tion of designs selected at random from the design space. GADO
then proceeds iteratively as follows (Fig. 6). GADO generates a
new design by a series of operators (described later), and the new
design is added to the population as appropriate. At the same time,
one design is removed from the population, thereby maintaining a
constant population size. The iteration procedure is continued until
a good approximation to the Pareto set is achieved.

GADO generates a new design in the following manner. First,
two parent designs are selected. The selection process is performed
by rank because it is the best method when a penalty function is
used because the range of � tness function is then wide. Each design
is assigned a weight dependingon its � tness rank in the population.
The weights constitute a decreasing arithmetic series and are used
to compute the probability each individual has to be selected.

Second,a crossoveroperatoris appliedto the parentsto generatea
newdesign.GADO contains� vedifferentcrossoveroperators:point
crossover, line crossover, double-line crossover, guided crossover,
and random crossover.

The pointcrossover,sometimescalled real crossover,mixesgenes
of both parents in the following way: A crossover position is
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randomly chosen with uniform probability.The offspring genotype
is constituted from the � rst parent’s genotype until this position is
reached, and the remainingpart comes from the other parent’s geno-
type. For example, let us say that each individual is described by
N real-coded genes. If the two parents are X D .X1; : : : ; X N ) and
Y D .Y1; : : : ; YN ) and the crossoverpositionis P , then the offspring
is Z D .X1; : : : ; X P ¡ 1, YP ; : : : ; YN ).

Line crossover works by creating a line between the two real-
coded parents, extending it from both sides to a certain distance and
choosing randomly a point on this segment as the offspring. The
total length of the line increases during the optimization process.
Line crossover is useful because many design spaces have good
regions that look like thin hyperellipsoidsthat can not be ef� ciently
explored by classical point crossover operators.

Double-line crossover is a new operator introduced by GADO.
It combines the advantages of both point and line crossover. The
� rst step consists in randomly choosing a crossover position in the
genotype,like in point crossover.Then two linecrossoveroperations
are performed, the � rst one on the pre� x (genes forward of the
crossoverposition)of the parents and the second one on the suf� xes
(genes aft of the crossover position).

Guided crossoverwas introducedin GADO to improve its ability
to � nd a solution as close as possible to the actual optimum. A � rst
parent point X is chosen using the classical rank-based selection
process. The other parent Y is selected using a different rule: For
each individual Z among the population the mutual � tness with X
is computed with the following equation:

mutual � tness D [F .X / ¡ F .Z /]2

[D.X I Z /]2

where D(X ; Z ) denotes the Euclidian distance between X and Z .
The second parent Y is then the individual among the population
that maximizes the mutual � tness. Then the offspring is chosen on
the line joining both parents with a probability depending on the
stage of the optimization process.

Random crossover is a classicaloperator commonly used in most
of genetic algorithms(GAs): Each gene of the offspring is randomly
selected, with a uniform probability, from either parent.

GADO choosesat each iterationwhich crossoveroperatorwill be
used among the � ve availableones using the following rule: Guided
crossover is chosen with a probabilitydependingon the stage of the
optimization process (low probability at the beginning and high at
theend).Then if guidedcrossoveris not selected,GADO will choose
randomlywith equalprobabilityone of the other four operators.The
main idea is that guided crossover has the ability to speed up the
GA when it has reached a region near the optimum by introducing
a simpli� ed gradient (the mutual � tness), but it has not to be used
too much because it may endanger diversity.

Third, a mutation operator is applied to the new design to main-
tain diversity and explore new design space regions. GADO uses
three mutation operators: nonuniform mutation, shrinking-window
mutation,and greedymutation.Let us say that a real-codedgenehas
a value x with a lower boundary l and an upper boundary u and that
the optimization process is at iteration t on a possible total number
of T . The nonuniform mutation operator produces a mutant value
xmut given by the following equation:

xmut D
»

x C .u ¡ x/ ¢ r ¢ [1 ¡ .t=T /] ¢ s with probability0:5

x ¡ .x ¡ l/ ¢ r ¢ [1 ¡ .t=T /] ¢ s with probability0:5

where r is a random value uniformly selected in the interval [0; 1]
and s a scale number between 0 and 1 chosen by the user to decide
how conservative the mutation process is.

Shrinking-window mutation consists in randomly choosing the
mutant gene value in a window around the original value that has a
size of .u ¡ l/ ¢ s ¢ [.T ¡ t/=T ], where s is a scale number depend-
ing on the crossover operator previously used. Thus, the window
progressively shrinks during the optimization process to limit the
effect of perturbationwhen the optimum is almost found.

Greedy mutation is the only mutation operator whose behavior
does not evolve during the optimizationprocess.The mutated value
of the gene is given through

xmut D
»

x C .u ¡ x/ ¢ r1 ¢ r2 with probability0:5

x ¡ .x ¡ l/ ¢ r1 ¢ r2 with probability0:5

where r1 and r2 are two random values uniformly selected in the in-
terval [0; 1]. The main purposeof this operator is to maintain reach-
ability of the whole design space any time during the optimization
process.

The three mutation operators are chosen with the given probabil-
ities: 0.1 for greedy mutation, 0.4 for shrinking-windowmutation,
and 0.5 for nonuniform mutation.

At each iteration, GADO created a new design with a crossover
and a mutation operator so that one design has simultaneouslyto be
removedfrom the populationtherebymaintaininga � xed population
size. The replacement strategy is based on a crowding technique
taking into account both the � tness and the proximityof individuals
in the design space. Candidate designs for elimination from the
population are individuals that are neighbors of the offspring and
that are also both worse in � tness than the offspring and among the
worst in � tness among the whole population.

GADO also includes tools to minimize the number of evaluations
needed to perform the optimization: a screening module and a di-
versity maintenance module. The screening module predicts if an
offspring is promising, extrapolating its � tness from the previously
computed ones with a K -nearest neighbor approach. That means
that a large sample of previously evaluated points (about 30 times
the population size) is kept in memory. If the offspringpredicted� t-
ness excessesa given threshold,the new designis actuallycomputed
by the evaluation tool.

The purposeof the diversitymaintenancemodule is to prevent the
optimization process from premature convergence to a nonglobal
optimum. It rejects points that are extremely close to previously
evaluated designs. The reject radius is based on a given reject tol-
erance and decreases during the optimization process so that the
global optimum can be actually reached. Also, if a critical lack of
diversity is detected, a reseeding operation is performed: All points
in the populationare discarded except the best one, and the popula-
tion is rebuilt using points from the screening module that have the
best � tness and that are far from the previously retained designs.

The GADO parameter settings used in this research re� ect our
experience with complex inlet optimizations and lead to a good
compromise between robustness and ef� cacy of the results. The
size of the population is 10 times the number of variables, that is,
180, based on previous experience.14 The reseed fraction parameter
is 0.5, and the mutation factor is 3. The guided crossoverproportion
is set to 0.5. Typically, 10,000 iterations of GADO were used. Our
prior experience indicates that the number of iterations required
for convergence of the multicriteria optimization is about 50 times
the population size. Because a lot of designs are not feasible, only
1000–1500 designs are actually computed by 2ES3D.

IV. Results for the VESTA Missile
Our work on postdesign of the VESTA missile inlet began with

the original development of the VESTA inlet. Constraints of gen-
eral dimensions and mechanics were taken into account to create a
realistic and complex geometricmodel that is far more dif� cult than
in the generic cases used in our previous research.

A. Mission Pro� le
The missionpro� le of the VESTA missile is shown in Fig. 7. After

an initial boost phase using a jettisonablerocket engine and then the
integrated booster, the supersonic inlets are opened, and the ramjet
is started. The acceleration phase consists in both climbing at high
altitude and increasing the � ight Mach number. The cruise phase
is performed to obtain the best range at high Mach number and
high altitude. The mission ends with the maneuver phase, where
the missile dives to its target and accomplishes high load factor
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Table 2 Variable lower and upper boundaries

Variable Symbol Lower boundary Upper boundary

Ramp 1 length, mm L1 5 200
Ramp 1 angle, deg ®1 0 25
Ramp 2 length, mm L2 5 200
Ramp 2 angle, deg ®2 5 25
Ramp 3 length, mm L3 5 150
Ramp 3 angle, deg ®3 5 25
Ramp 4 length, mm L4 5 150
Ramp 4 angle, deg ®4 5 25
Cowl 1 length, mm Lc1 5 100
Cowl 1 angle, deg ®c1 0 25
Cowl 2 length, mm Lc2 5 100
Cowl 2 angle, deg ®c2 5 25
Cowl 3 length, mm Lc3 5 100
Cowl 3 angle, deg ®c3 5 25
Cowl 4 length, mm Lc4 5 150
Cowl 4 angle, deg ®c4 5 25
Cowl position, mm Xcowl 0 800
Width, mm W 50 250

Fig. 7 Mission pro� le.

direction changes. From the aerodynamics point of view, two � ight
points have to be considered for the inlet design.

The � rst point is acceleration:The Mach number and the angle of
attack are low. The inlet must provide the engine with a very high
mass � ow rate;

The second � ight point is maneuver: The Mach number and the
angle of attack are high. The inlet must provide the engine with the
highest total pressure recovery.

These two � ightconditionsare suf� cient to designthe shapeof the
supersonicinlet becausethey demandoppositecriteria:A high mass
� ow rate at low Mach number requires low compression, whereas
a high total pressure recovery at high Mach number requires high
compression.Thus, a compromise has to be reached, and the use of
automated optimization and of Pareto sets are a great achievement.

B. Geometrical Model
The variable geometrical model consists of a four ramp mixed-

compression inlet, as shown in Fig. 8. The cowl comprises four
segments.The � nal cowl used for Navier–Stokes computationsand
mechanical design is determined by smoothing the segments. The
number of design variables is 18. The other geometrical parameters
are � xed and determined by the geometrical constraints of integra-
tion of the inlet on the missile.The positionof the inlet apex is given
by results of external aerodynamics with the constraintsof stability
of the complete missile. The positionsof the ramjet entranceand its
section are also given. The variablesconsist of the ramp lengths and
angles. The variable names and lower/upper boundaries are given
in Table 2.

A few preconstraints are used to limit the number of computed
individuals. They apply mostly to the angles of the ramps. Because

Fig. 8 Geometrical model of the inlet.

Fig. 9 Pareto set.

it is clear that an actual compression ramp is needed, the angles of
the ramps are necessarily increasing,

®1 < ®2 < ®3 < ®4

The cowl has also to create a compression, thus, leading to the sets
of constraints

®c1 > ®c2 > ®c3 > ®c4

Another well-known result of supersonic inlet design is that the
cowl apex must be between the beginning and the end of the last
compression. This gives the � nal constraint,

L1 C L2 C L3 < X cowl < L1 C L2 C L3 C L4

The geometricconstraintsare used to limit the maximum heightand
widthof the inlet to respecttheconstraintsof integration.Notice that,
because the capture area is � xed during the optimization, the width
of the inlet (one variable parameter) also gives its height. The value
of the capture area was chosen on the basis of studies made during
the ramjet engine predesign.

C. Results
The optimizationproblemis a multi-objectiveone.The purposeis

to maximizeboth mass � ow rate at low Mach number and total pres-
sure recoveryat high Mach number.The resultingPareto set is given
in Fig. 9. The vertical axis is the normalized total pressure recovery
at the cruise condition, and the horizontal axis is the normalized
mass � ow rate at the acceleration condition. Each point represents
a particular three-dimensional inlet shape. Both ends of the Pareto
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a) Shape for best mass � ow rate at acceleration

b) Shape for best total pressure recovery at cruise

Fig. 10 Examples of inlets in Pareto set.

Fig. 11 Performance curves of the VESTA and the optimal inlet.

set are the optima corresponding to each objective. Of course, the
performancefor the other objectiveis very bad, and these shapes are
not good compromises for the global performances of the missile.
The Pareto set was achieved in about 10,000 iterations, where one
iteration is the creation of a single new design and its replacement
(as appropriate) into the population.

The Pareto set presents three major areas.
The � rst is an almost horizontal line: When started from the

shape having the best total pressure recovery for the maneuver,
the mass � ow rate at the acceleration point can be improved
with very few losses in the total pressure recovery. An exam-
ple of one design from this portion of the Pareto set is shown in
Fig. 10.

The second area is an almost vertical line: When started from the
shape giving the best mass � ow rate at the acceleration point, the
total pressure recovery for the maneuver can be improved with very
few losses in mass � ow rate. An example of one design from this
portion of the Pareto set is shown in Fig. 10.

The third is a tradeoff area: It gathers the best compromises be-
tween both performances.The optimal shape was selected from the
inlet con� gurations in the tradeoff area of Fig. 9 by taking into ac-
count the missile � ight trajectories.A few con� gurations,very close
in terms of aerodynamic performance, were separated using other
criteria such as mechanicsor stealth.The performancecurves of the

optimal inlet con� guration and of the VESTA inlet are compared
on one � ight point in Fig. 11. The vertical axis is the normalized
total pressure recovery, and the horizontal axis is the normalized
mass � ow rate. The performanceof both designs is very close. This
means that the classical methodology used during the development
actuallyrealizedan optimuminlet shape,but also that automatedop-
timization permits us to reach the same level of performancemuch
faster, thus achieving real improvements in terms of design cycle
time and costs.

V. Conclusions
The automated optimization loop has demonstrated the capabil-

ity of achievinga design comparable to the actual VESTA design in
terms of performance, but in a signi� cantly shorter time frame. The
VESTA inlet was obtained in about two years with classical meth-
ods, whereas the automated optimization cycle required only three
months: one month for the setting of the geometrical model and of
the loop, one month for optimizationcomputations, and one month
for Navier–Stokes computations. Therefore, in our view, the auto-
matedoptimizationloop allowsa signi� cant reductionin thenumber
of wind-tunnel test campaigns necessary to characterize the inlet
performance over the entire � ight domain and, thus, signi� cantly
reduces design costs.

Even though our automated optimization loop for multicriteria
optimization of three-dimensional inlets is reliable in an industrial
context, several improvements can be considered.

1) The 2ES3D aerodynamic software should be modi� ed to give
more information on the performances of the inlet. A prediction of
the subcriticalmass � ow rate would be essential to have precisedata
for the ramjet model.

2) The ramjet model should also be used more to permit opti-
mization of the ramjet engine thrust.

3) A trajectory module should be added to have a better descrip-
tion of the mission and to be able to optimize global performances
of the missile (maneuverability, range, ceiling, etc.).

4) Finally, multi-objectivealgorithms make it possible to accom-
plish multidisciplinary optimizations. The same optimization loop
could be used to obtain best con� guration taking into account aero-
dynamics, stealth and mechanics.

Such optimization tools would allow considerationof the design
process from a global point of view. They would be very powerful
and useful to � nd the best compromise by automatically perform-
ing a concurrent engineering optimization between several perfor-
mances and disciplines.

Although optimization tools were not available early enough to
play an important role during the developmentof the VESTA inlet,
they will undoubtedly be used in an intensive manner for future
airbreathing supersonic missile developments.
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13Bäck, T., Some Theory of Evolution Strategies, von Kármán Institute
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