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High-Speed Civil Transport Design Space Exploration Using
Aerodynamic Response Surface Approximations
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A method has been developed to generate and use polynomial approximations to the range and cruise drag
components in a highly constrained, multidisciplinary design optimization of a high-speed civil transport (HSCT)
con� guration. The method improves optimization performance by eliminating the numerical noise present in
the analyses through the use of response surface methodology. In this implementation quadratic polynomials
are � t within variable bounds to data gathered from a series of numerical analyses of different aircraft designs.
Because the HSCT optimization process contains noise and suffers from a nonconvex design space even when
noise is � ltered out, multiple optimization runs are performed from different starting points with and without
the response surface models in order to evaluate both their effectiveness as surrogate functions and as a design
exploration tool. The alternative method used is variable complexity modeling (VCM). It is shown that response
surface methodology facilitates design space exploration, allowing improvements in terms of both convergence
performance and computational effort when multiple starting points are required, although using VCM usually
produces better � nal designs.

Introduction

N UMERICAL noise is a critical issue in the � eld of multidisci-
plinary design optimization (MDO). Numerical noise occurs

as a result of the incomplete convergence of iterative processes,
round-off errors, the nature of adaptive numerical algorithms, and
the discrete representation of continuous physical objects.1;2 Such
numerical noise is typically manifested as a low-amplitude, high-
frequency variation in the results obtained from computer analyses
as the design parametersvary.When gradient-basednumericalopti-
mization is attempted, this oscillatorybehavior results in numerous,
arti� cial local optima and causes slow convergenceor even conver-
gence failures.1;3

In the MDO of a high-speed civil transport (HSCT), numerical
noise is present in the analyses of various disciplines, with the ma-
jority of the noise originating from aerodynamic computations. In
our studies numerical noise was most evident in the calculation of
drag coef� cients, which subsequentlyled to noise in the calculation
of range.

Previous work using a variable complexity modeling (VCM)
approach3¡6 encountered the noise problem and was only partially
successful in solving it. This approach used computationally ef-
� cient low-� delity models and computationally expensive high-
� delity models in a method that reduced the computationaleffort to
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an acceptable level.The low-� delity models were also less noisy.At
each optimization cycle the low-� delity predictions were corrected
using a scaling factor obtained from the expensive methods. The
VCM approach was successful in reducing CPU time and jumping
over some of the arti� cial local minima caused by noise, but occa-
sionally failed because erratic calculations of scaling factors at the
peaks and troughs of the noise lead to convergenceproblems.VCM
is also used in this study as a comparison to the response surface
methodology (RSM) employed.

A somewhat different approach to numerical noise is Kelly’s im-
plicit � ltering,7 which has been very successfulfor low-dimensional
problemswhere the noise can be characterizedwith constantparam-
eters. Its applicationto MDO problems where the noise characteris-
tics vary across the constraints and across the design space is not so
clear, but its performance on low-dimensional HSCT MDO prob-
lems is comparable to that of response surfaces.8

More recentwork to eliminate the noise employs RSM. RSM9¡11

uses simple mathematicalmodels, typically low-orderpolynomials,
to approximatethe responseand smoothout numericalnoisepresent
in theanalyses.Such response-surface(RS)modelsarecreatedusing
a limited number of analyses at a set of statistically selected points
in the design space. The time consumed by running these initial
analyses is considered an investment in the future use of the RS
models, with the understanding that the optimization performance
will be increased enough for the RS models to be bene� cial if a
certain number of optimizations are executed. This is important
because many optimization runs are needed to study the possibility
of local optima occurring in a high-dimensionaldesign space.

HSCT optimizations have been conducted using aerodynamic
RS models for smaller regions of the design space with success.12

The purpose of this work is to construct RS models that cover a
larger volume of the design space and evaluate the effectivenessof
these models as a design space exploration tool by running a local
optimizer from a wide variety of starting points.

HSCT Design Problem
The design problem considered is the optimization of a HSCT

con� guration13;14 to minimize takeoff gross weight (TOGW) for
a range of 5500 n miles and a cruise Mach number of 2.4 while
carrying 251 passengers. The choice of gross weight as the objec-
tive function directly incorporates both aerodynamicand structural
considerations in that the structural design directly affects aircraft
empty weight and drag, whereas aerodynamicperformancedictates
drag and thus the required fuel weight.

215



216 BAKER ET AL.

Table 1 HSCT con� guration design variables

No. Description

1 Wing root chord, ft
2 Leading-edge (LE) break, x , ft
3 LE break, y, ft
4 Trailing-edge (TE) break, x , ft
5 LE wing tip, x , ft
6 Wing tip chord, ft
7 Wing semispan, ft
8 Location airfoil maximum thickness
9 LE radius parameter
10 t/c at wing root
11 t/c at LE break
12 t/c at wing tip
13 Fuselage axial restraint #1, ft
14 Fuselage radius at axial restraint #1, ft
15 Fuselage axial restraint #2, ft
16 Fuselage radius at axial restraint #2, ft
17 Fuselage axial restraint #3, ft
18 Fuselage radius at axial restraint #3, ft
19 Fuselage axial restraint #4, ft
20 Fuselage radius at axial restraint #4, ft
21 Location of inboard nacelle, ft
22 Location of outboard nacelle, ft
23 Mission fuel weight, lb
24 Starting cruise altitude, ft
25 Cruise climb rate, ft/min
26 Vertical tail area, ft2

27 Horizontal tail area, ft2

28 Thrust per engine, lb

To perform aircraft con� guration optimization successfully, it is
important to have a simple, but meaningful, mathematical charac-
terization of the geometry of the aircraft. This paper uses a model
that de� nes the HSCT design problem using the 28 design variables
listed in Table 1. Twenty-four of the design variables describe the
geometry of the aircraftand can be divided into six categories:wing
planform, airfoil shape, tail areas, nacelle placement, and fuselage
shape. In addition to the geometric parameters, four variables de-
� ne the idealized cruise mission: mission fuel, engine thrust, initial
cruisealtitude,and constantclimb rate used in the rangecalculation.

Sixty-eightgeometry,performance,and aerodynamicconstraints,
listed in Table 2, are included in the optimization. Aerodynamic
and performance constraints can only be assessed after a complete
analysis of the HSCT design; however, the geometric constraints
can be evaluatedusingalgebraicrelationsbasedon the 24 geometric
design variables. It is in the evaluationof the range constraint using
the aerodynamic analyses where the numerical noise is evident.

The analysismethodsused to calculatethe threemain contributors
to the drag components (CDwave , CL® , and CT =C2

L ) used in the drag
calculationand their correspondingranges are described in Refs. 4,
5, and 15. The aerodynamic calculations are based on the Mach
box method16;17 and the Harris wave drag code.18 A simple strip
boundary-layer friction estimate is implemented as in Ref. 5. A
vortexlatticemethod19 with vortex lift and groundeffects included20

is used to calculate landing angle of attack.
All calculations were performed on an SGI Power Challenge.

Optimizations used the modi� ed method of Feasible Directions
(MMFD) algorithm in the optimizationsoftware package DOT.21 If
the RS model optimum design violates the range constraint calcu-
lated by exact analyses by a small amount, it is sometimes possible
to add fuel to the aircraft to increase the range without violating
any other constraints. When this is done, the aircraft TOGW used
for comparison is replaced by the corrected TOGW (CTOGW) that
includes the added fuel weight.

Variable Complexity Modeling
The two variable complexity modeling approximations used in

this study are scaled approximations and global-local approxima-
tions (GLA). With scaled approximationsa scaling function¾ .x/ is
calculated as

Table 2 HSCT optimization constraints

No. Description

1 Range ¸ 5500 n miles
2 Required CL at landing speed ·1
2–20 Sectiion C1 · 2
21 Landing angle of attack ·12 deg
22 Fuel volume · half of wing volume
23 Spike prevention
24–41 Wing chord ¸7.0 ft
42–43 No engine scrape at landing angle of attack
44–45 No engine scrape at landing angle of attack, with 5-deg roll
46 No wing tip scrape at landing
47 Rudder de� ection for crosswind landing ·22.5 deg
48 Bank angle for crosswind landing ·5 deg
49 Takeoff rotation to occur ·5 s
50 Tail de� ection for approach trim ·22.5 deg
51 Wing root TE · horizontal tail LE
52 Balanced � eld length ·11,000 ft
53 TE break scrape at landing with 5-deg roll
54 LE break · semispan
55 TE break · semispan
56–58 Root, break, tip t/c ¸1.5%
59 Fuselage: xrest1 ¸ 5 ft
60 Fuselage: xrest1 C 10 ft · xrest2
61 Fuselage: xrest2 C 10 ft · xrest3
62 Fuselage: xrest3 C 10 ft · xrest4
63 Fuselage: xrest4 C 10 ft · 300 ft
64 Nacelle 1, y ¸ side of body
65 Nacelle 1, y · nacelle 2, y
66 Engine-out limit with vertical tail design; otherwise 50%
67–68 Maximum thrust required · available thrust

¾ .x0/ D
fhf.x0/

flf.x0/
(1)

where fhf.x0/ represents a high-� delity analysis result and flf.x0/
represents a low-� delity analysis result, both evaluated at a speci� c
design point x0 at the beginning of an optimization cycle (a single
DOT MMFD optimization run with move limits imposed). During
an optimizationcycle, the scaled approximateanalysis results, f .x/
are calculated as

f .x/ ¼ ¾ .x0/ flf.x/ (2)

Instead of keeping the scaling factor constant, the GLA uses a scal-
ing function of the form

¾ .x/ ¼ ¾.x0/ C r¾ .x ¡ x0/ (3)

The gradient of ¾ at x0 is performed by forward differences in-
volving both fhf and flf . For each approximation method the scaled
simple analysisis used throughoutthecycleuntilconvergence.Then
a new value of the scale factor is computed, and the optimization is
repeated.The scaledapproximationis employedonly when analysis
noise makes the derivative-basedmethods, like GLA, intractable.In
optimizationruns using RS models,VCM is used for the calculation
of low-speed aerodynamic and takeoff parameters.

Duringeach optimizationcycle, limits are placedon theoptimizer
to prevent large errors in the approximations.First, each cycle is run
with tight move limits. This prevents the optimizer from moving far
away from its initial point, where the approximationsmay become
inaccurate. Second, because some of the low-� delity models are
based on planform idealizations22 restrictions are implemented to
prevent the optimizer from investigating designs where these as-
sumptions are violated.

Construction of RS Models
The RSM process begins with the selection of a central (or

baseline) design. The central design becomes the centroid of a
28-dimensional box over which the RS model is created. The cen-
tral design for this work was chosen to be an optimum design that
was achieved using VCM. The initial (starting point A) and optimal
planform shapes are shown in Fig. 1.

The next step in the RSM process involves the de� nition of vari-
able bounds. Ideally the boundswould be selected to provide a large
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Fig. 1 Planform shapes for VCM optimization run (starting pt. A).

volume to allowa wide variationin the designparameters.However,
as the design box becomes large the error in the quadraticRS model
also grows. The goal here is to have a design box that provides a
signi� cant amount of variation in designs while keeping RS errors,
the difference between a value calculated using the exact analyses
and the RS models, acceptable. For this study the variable bounds
were set at §15% of the baseline values of each design variable.

With the design box de� ned, a sample set of designs is generated.
Initially, two different methods were used in the construction of
the data set. One of the data sets is created using an orthogonal
arraygeneratordevelopedbyOwen (privatecommunication), which
implements a method by Bose23 consisting of 47 levels for a total
of 2209 points. The other data set is a 2105 point SCD11 consisting
mostly of designbox vertices[a 2048 small compositedesign(SCD)
plus face pointsand the centraldesign].The numberof pointsin each
design set is then slightlydecreasedby the removalof geometrically
impossible designs. The impossible designs include con� gurations
with negativechordsthat arise froma combinationof extremedesign
variablevalues thatoccursat certainverticesof the designbox. Only
three designs were removed from the 2209-point orthogonal array,
whereas 512 were eliminated from the 2105-pointSCD-based data
set caused by the presenceof a large numberof points at the vertices
where negative wing chords occur. Because such a large number of
points were removed from the SCD, an additional 1024-point SCD
was created for a box with §7.5% variable bounds, providing a
second level of points. The total number of points remaining was
2206 for the orthogonal array and 2617 for the SCD-based set after
pruning the sets to exclude impossible designs.

Once the design set has been pruned, the analyses are run for
each point, and the RS models can be generated.A total of four RS
models are generated for the aerodynamics. Because the noise is
seen primarily in the range constraint, it was decided to approach
this problem from two directions: to model the range itself as a
function of the 28 design variables and to model the individualdrag
componentsused to calculatethe rangeas a functionof the 28 design
variables. The aerodynamic calculations took 597 CPU minutes to
analyze the 2206-point set and 685 CPU min for the 2617-point set
on the Power Challenge.

The statistical analysis software (SAS)24 is used to create all of
the RS models, which are quadratic least-square � ts of the sample
design set data.A quadraticpolynomialwas used because its simple
form accurately models the behavior of the response, and it has a
relatively low numberof coef� cients that need to be found, reducing
the number of data points needed. The quadratic response surface
model has the form

y D c0 C
X

1 · j · 28

c j x j C
X

1 · j · k · 28

c jk x j xk (4)

where y is the response; the x j are the design variables; and c0, c j ,
and c j k are the polynomial coef� cients.

The error of each RS model’s rangecalculatedat thedesignpoints
is listed in Table 3. As can be seen from the table, the orthogonal
array RS models have smaller errors compared to those of the SCD
set. For this reason the orthogonal array RS models were selected
for use in this optimization study.

Table 3 Errors of RS models

Orthogonal array SCD-based data set
Error,
n miles Range RS Drag RS range Range RS Drag RS range

Median 24 17 39 21
rms 46 31 63 36

Table 4 Performance data for VCM and RS model optimization runs
(starting pt. A)

VCM Range RS Drag RS
Head Initial optimum optimum optimum

Range, RS, n miles —— —— 5,500 5,500
Range, exact, n miles 5,607 5,500 5,522 5,481
TOGW, lb 805,955 750,350 768,859 761,836
CTOGW, lb —— 750,350 766,879 763,546
CPU time, min. —— 184 45 30
Active side constraints —— None None None

Fig. 2 Design space visualization plot.

In previousworkitwasobservedthatmultipleoptimaexistedeven
when smooth RS models were used.25 A visualization technique
was needed to view the topology of the design space to understand
the cause of the local optima; however, the dimensionality of the
design prevents traditional techniques from being used. One of the
design space visualization methods that was developed is shown
in Fig. 2. To construct this plot, three different feasible base point
designs are chosen. The base points are connected to form a plane
in 28-dimensional space, and a grid is created in this plane. The
values for the objective function and constraints, using RS models,
are then calculated at each grid point.

This plot shows that even in this plane the design space is compli-
cated and nonconvex.The rangeconstraint,calculatedfrom the drag
RS models, appears to be multiply connected (though it is actually
connected in the 28-dimensional space), providing three possible
locations for local optima.

Optimization from Multiple Starting Points
The � rst RS model optimization run was conducted from start-

ing point A, the same starting point as the VCM optimization that
produced the central design. The performance data for these opti-
mizations are listed in Table 4. The resulting planform shapes and
convergencehistories are shown in Figs. 3 and 4, respectively.

For the optimum designs the range RS model overpredicted the
exact range by 22 n miles, and the range calculated using drag RS
models was 19 miles short of the exact range. The sets of mod-
els yielded a slightly heavier optimum and used only 25% of the
time needed for the VCM optimization. If a drag RS model opti-
mization run is restarted from the VCM optimum, the optimizer is
able to converge at a feasible design similar to the VCM optimum,
weighing 752,810 lb. The VCM optimization takes twice as many
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Fig. 3 Planform shapes for RS model optimization runs (starting
pt. A).

Fig. 4 Convergence histories for optimization runs (starting pt. A).

cycles to converge, and the cycles are twice as long as a result of
the multi� delity calculations.The convergencehistory of the VCM
also shows a slow, noisy convergence when compared to those of
the RS models.

Because of the different methods of calculating range between
RSM and VCM, the design spaces also look different.This explains
why the RSM optimization restarted from the VCM optimum does
not convergeto the same design.The optimizersees a differentvalue
for range throughRSM and � nds its own optimum accordingly.The
exact range, or the range used by VCM, may not be the true range.
As mentioned before, noise can cause peaks and troughs, with the
true range possiblybeing some average between adjacent extremes.
VCM can take advantageof the troughs in the noise and resultingly
use a lower value than the true range.

For the remainder of the optimization runs, the single-range RS
model was abandonedin favorof thedrag RS models.This was done
to simplifycomparisonof the results,providinga singleRS optimum
for everyVCM optimum.The drag RS modelswere chosenbecause
they had slightly smaller errors (Table 3) and becauseit was felt that
the individual drag components are better modeled by a quadratic
function of the 28 design variables than their resulting range.

A total of four more starting points were used to explore the
design space. The starting points were selected primarily for their
variety, with starting point B representing a conventional HSCT
design and the other points being considerably more unorthodox.
Details of optimizations from starting points B, C, D, and E are
shown in Figs. 5–12 and Tables 5–8.

Starting points B and C resulted in essentially the same optimum
design independently of the method used. The discrepancies in the
optimum weights can be attributed to small differences in the opti-
mal airfoil design variables.

The optimum designsobtained from startingpointD show a little
more diversity between them and are by far the lightest designs
achieved. The biggest difference in these two designs is the size
of the horizontal tail. The RS model optimum has a much larger
horizontal tail and is consequentially much heavier. Other notable
differences between these two designs are the length of the root
chord and the sweep of the outboard section of the wing.

For starting points A and E the VCM and RS model optimum
designshave very differentweights. The only major differenceseen

Table 5 Performance data for VCM and RS model optimization
runs (starting pt. B)

VCM Drag RS
Head Initial optimum optimum

Range, RS, n miles —— —— 5,500
Range, Exact, n miles 4,946 5,500 5,463
TOGW, lb 823,331 791,066 789,386
CTOGW, lb —— 791,066 792,716
CPU time, min. —— 326 56
Active side constraints —— None None

Table 6 Performance data for VCM and RS model optimization
runs (starting pt. C)

VCM Drag RS
Head Initial optimum optimum

Range, RS, n miles —— —— 5,500
Range, exact, n miles 4,621 5,500 5,478
TOGW, lb 795,161 765,751 756,515
CTOGW, lb —— 765,751 758,495
CPU time, min. —— 293 98
Active side constraints —— Maximum vert. Maximum vert.

tail area tail area

Table 7 Performance data for VCM and RS model optimization
runs (starting pt. D)

VCM Drag RS
Head Initial optimum optimum

Range, RS, n miles —— —— 5,500
Range, exact, n miles 5,295 5,500 5,472
TOGW, lb 872,763 733,785 743,431
CTOGW, lb —— 733,785 745,951
CPU time, min. —— 218 51
Active side constraints —— None None

Table 8 Performance data for VCM and RS model optimization
runs (starting pt. E)

VCM Drag RS
Head Initial optimum optimum

Range, RS, n miles —— —— 5,500
Range, Exact, n miles 4,316 5,500 5,464
TOGW, lb 769,080 766,249 770,256
CTOGW, lb —— 766,249 773,496
CPU time, min. —— 146 44
Active side constraints —— None None

Fig. 5 Planform shapes for VCM and RS model optimization runs
(starting pt. B).

in designs is the sweep of the outboard section of the wing. In both
cases the RS model convergesat a design thathasan outboardsweep
angle roughly halfway between that of the initial and optimal VCM
design. This difference leads to the RS model designs being more
than 10,000 lb heavier than the VCM optimum.

Again, a distinct differencebetween the two methods can be seen
in the convergencehistoryand CPU time usedfor eachoptimization.
In all cases the optimization using RS models moved swiftly and
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Fig. 6 Convergence histories for optimization runs (starting pt. B).

Fig. 7 Planform shapes for VCM and RS model optimization runs
(starting pt. C).

Fig. 8 Convergence histories for optimization runs (starting pt. C).

smoothly to their optimum while the VCM approach’s convergence
is visibly hindered by the presence of noise. Because of the smooth
convergenceand short function evaluationtime, the RS model opti-
mizations converged 76% faster on average, in terms of CPU time,
than the VCM optimizations.

The drag RS models also proved to be highly accurate in all of
the optimizations.The maximum error seen in the range calculated
using the drag RS models at any of the optima was only 37 n miles.

From all of the starting points, the optimizer was successful in
overcominga large initial range de� cit to producea lighter, feasible
design whether using the VCM approach or RS models. The best
optimum design for each method came from startingpoint D, where
the VCM approach produced a design with a TOGW of 733,785 lb
and the RS models produced a design with a TOGW of 745,951 lb.

Discussion
In the � ve HSCT con� guration optimizations that were per-

formed, we were able to see the advantages and disadvantages of
quadratic RS models for the design box used. In our implementa-
tion RSM has the advantageof accurate noise � ltering and compu-
tational ef� ciency over the VCM approach when using a suf� cient
number of starting points. However, the VCM approach has the ad-
vantage of not being con� ned to a design box as well as the ability
to jump through the design space toward promising regions. Also

Fig. 9 Planform shapes for VCM and RS model optimization runs
(starting pt. D).

Fig. 10 Convergence histories for optimization runs (starting pt. D).

Fig. 11 Planform shapes for VCM and RS model optimization runs
(starting pt. E).

Fig. 12 Convergence histories for optimization runs (starting pt. E).

if the design box had been made suf� ciently larger, it is likely that
the quadratic response surface models would have been inaccurate
enough to render them ineffective.

The values of range predicted by the drag RS models were ex-
ceptionally accurate over the entire design box. The RS models
were also able to capture the governing trends of the exact values
of range (excluding the noise) because most of the optimizations
started from the same initial design were able to � nd very similar
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Fig. 13 Comparison of total CPU time used for VCM and RS model
optimizations.

optimum designs whether the VCM approach or RS models were
used.

The biggest advantage in using the RS models for design space
exploration is not necessarily in the optimum that is found but in
how ef� ciently this optimum is found.Even thoughthere is an initial
investment of almost 600 CPU minutes required for the construc-
tion of the RS models, the increase in optimization performance
using the RS models over the � ve optimization runs from different
starting conditionscan be seen in Fig. 13. In this case after three op-
timizations were performed, the total CPU time used by RS model
optimizations was surpassed by that of conventional optimizations
using VCM.

Although the results were virtually identical for starting point B
and startingpointC, the VCM optimizationis able to make substan-
tial improvements over the RS models for the other three starting
points. These improvements are most likely caused by the behav-
ior of the VCM approach during an individual optimization cycle.
Because VCM uses low-� delity analyses with some initially cal-
culated correction factor, it is possible, as each optimization cycle
progresses, for it to jump through constraints that exist in the high-
� delity analyses and RS models. For example, the RS model opti-
mization from starting point A begins by following the path of the
VCM optimizationuntil the RS models encounter a local minimum
caused by the range constraint. The VCM optimization continues
on to reduce the weight by an additional13,000 lb to convergeat an
optimal weight of 750,350 lb. When the RS model optimization run
is restarted from the VCM optimum, it convergesat a design weigh-
ing 752,810 lb. In this case the VCM approach was able to move
to a region of the design space that is better than what it originally
started in, but the RSM was not.

Conclusions
The use of RS models in this study was valuable in providing a

relatively quick and accurate means of exploring the design space.
The largesizeof the designbox that was used is evidentin the variety
of initial designs that were available for optimization.The spacious-
ness of the design box can also be seen in that the side constraints
did not play an important role in the optimization process.

When performingdesign space exploration in a nonconvexspace
without the aid of a global optimizer, multiple starting points are
required with or without RS models. In this case the RSM used
was successful in � ltering out the effects of noise while provid-
ing savings of almost 5 hours of CPU time when compared to the
VCM approach. Alternatively, the VCM approach was successful
in navigating to better regions of the design space.
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