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Response Surface Models Combining Linear and Euler
Aerodynamics for Supersonic Transport Design
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A method has been developed to efficiently implement supersonic aerodynamic predictions from Euler
solutions into a highly constrained, multidisciplinary design optimization of a High-Speed Civil Transport.
The method alleviates the large computational burden associated with performing computational fluid
dynamics analyses through the use of variable-complexity modeling techniques, response surface (RS)
methodologies, and coarse-grained parallel computing. Using information gained from lower-fidelity aero-
dynamic models, reduced-term RS models representing a correction to the linear theory RS model
predictions are constructed using Euler solutions. Studies into 5-, 10-, 15-, and 20-variable design prob-
lems show that accurate results can be obtained with the reduced-term models at a fraction of the cost
of creating the full-term quadratic RS models. Specifically, a savings of 255 CPU hours out of 392 CPU
hours required to create the full-term RS model is obtained for the 20-variable problem on a single 75-
MHz IP21 processor of a Silicon Graphics, Inc. Power Challenge.

Nomenclature
b = wingspan
Cp = drag coefficient
Cp, = drag polar shape parameter
C, = lift coefficient
Croot = root chord
Cip = tip chord
o, ¢;, & = response surface model coefficients
g(x) = vector of optimization constraint values
K = drag polar shape parameter
m = number of design variables
N = number of points used to evaluate response
surface model error
n = number of terms in the response surface model
n, = number of processors used on a parallel

computer
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p = number of experimental design points
q = number of candidate sample sites
R = leading-edge radius parameter
Ttus, = fuselage radius at ith axial location
SLE, = inboard leading-edge length
STE, = inboard trailing-edge length
(t/€)oreac = thickness-to-chord ratio at leading-edge break
(t/0)wr = thickness-to-chord ratio at wing root
(/) = thickness-to-chord ratio at wing tip
croaw = corrected takeoff gross weight
fuel = fuel weight
Wroew = takeoff gross weight
Weing = wing weight
x = m-dimensional vector of design variable values
(X/C)max: = chordwise location of maximum thickness
X; = jth design variable
Xnax = vector of upper bounds on design variable
values
Xmin = vector of lower bounds on design variable
values
y = observed response value
y = predicted response value
Ynac = spanwise location of inboard nacelle
ACD0 = correction to linear theory value of the drag
polar shape parameter
AK = correction to linear theory value of the drag
polar shape parameter
AW = correction to fuel weight
AYpae = distance between nacelles
Avg, = inboard leading-edge sweep angle
LE, = outboard leading-edge sweep angle

= inboard trailing-edge sweep angle

I. Introduction

ITH advances in computational fluid dynamics (CFD)

code maturity, grid-generation capabilities, and com-
puter performance, the application of CFD in aircraft systems
design' has received much attention. According to Nicolai,?
about 80% of the aircraft life-cycle cost is set at completion
of the conceptual design stage. Using more accurate aero-
dynamic predictions early in the design process, when the air-
craft is initially defined, can result in less time and money
spent in redesign and an overall improved product. However,
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the relatively large computational expense associated with
CFD analyses can discourage its application in design opti-
mization procedures involving more than a small number of
variables. A new method must be developed to enable the ef-
ficient implementation of accurate CFD predictions into high-
dimensional, highly constrained multidisciplinary design opti-
mization (MDO) procedures. This paper presents details and
discusses results of such a method as applied to the MDO of
a High-Speed Civil Transport (HSCT) (Fig. 1) configuration.

The main component of this method involves utilizing in-
formation gained from inexpensive lower-fidelity aerodynamic
models to more efficiently create quadratic response surface
(RS) models for quantities used to evaluate performance-/aero-
dynamic-related constraints. While the specific implementation
varies, this approach is based on the ideas of variable-com-
plexity modeling (VCM) techniques developed at Virginia Pol-
ytechnic Institute and State University (VPI&SU)’~¢ In general
terms, VCM combines the accuracy of higher-fidelity results
with the computational efficiency of simpler models.

In this research, simple conceptual level models are used to
select an appropriate set of intervening functions for which to
construct RS models. These RS models are then created using
supersonic linear theory aerodynamics. In this paper, linear
theory aerodynamics refers to a combination of slender body
theory wave drag results, supersonic panel results for the drag
due to lift, and a strip boundary-layer correction for the viscous
drag. Section III provides details of these analysis methods.
Statistical techniques are applied to the linear theory RS mod-
els to reveal the terms that have a significant impact on cal-
culating the desired aerodynamic quantities. Terms that have
little or no effect can be removed without degrading the ac-
curacy of the RS models. Only the important terms are retained
when the reduced-term RS models are constructed using Euler
solutions with viscous drag corrections, thereby requiring
fewer CFD analyses to compute the coefficients of the models.
The reduced-term models are created as corrections to the full-
term linear theory RS models. In using such an approach, there
is a possibility that the influences of certain important nonlin-
ear effects will be missed. The results will show, however, that
this is not the cause for cruise drag predictions of our HSCT
designs.

Results obtained from the linear theory RS models are also
used to identify the likely neighborhood of the optimal designs
from Euler analysis. This enables smaller bounds on each de-
sign variable, which improves the accuracy of the RS models.

Coarse-grained parallel computing comprises the final com-
ponent of the method, enabling efficient computation of the
numerous CFD solutions required. Details of the parallel im-
plementation are presented in Appendix A. For consistency, all
CPU times presented in this paper are given in terms of single

Fig. 1 Typical HSCT configuration.

processor performance; however, parallel computation on the
119 node Intel Paragon XP/S at VPI&SU reduced the com-
putational times by factors of over 45 with 53 processors.
Speedups of this quality are not necessarily obtainable with
this coarse-grained approach, as evidenced in parallel appli-
cations of structural optimization presented by Balabanov et
al.® and Burgee et al.’

Using VCM techniques, RS methodologies, and coarse-
grained parallel computing has enabled the efficient applica-
tion of accurate CFD analyses into the combined aerody-
namic-structural optimization of an HSCT. This method is
tested on HSCT design problems of 5, 10, 15, and 20 variables.

II. HSCT Design Testbed

The design problem involves minimizing the takeoff gross
weight (TOGW) of an HSCT with a 5500-n mile range, de-
signed to cruise at Mach 2.4 and carry 250 passengers. In this
study, the aircraft geometry and mission are parameterized by
as many as 20 design variables. Figure 2 shows the aircraft
development from the set of design variables. The wing plan-
form is created with eight design variables specifying the root
chord, tip chord, semispan, inboard leading edge (LE) length,
inboard LE sweep angle, outboard LE sweep angle, inboard
trailing edge (TE) length, and inboard TE sweep angle. The
airfoil sections are described using five design variables: the
LE radius parameter, location of maximum thickness, and the
thickness-to-chord ratios at the wing root, LE break, and wing
tip. The wing thickness is varied linearly between these three
spanwise locations. Fuselage radii are specified at four axial
restraint locations. The shape of the body between these points
is then determined by considering it as a minimum wave drag
body of a fixed volume.>® The final variables specify the in-
board nacelle placement, the separation between the inboard
and outboard nacelles, and the fuel weight. The allowable
ranges of values for these variables are shown in Table 1. The
vertical tail shape, engine thrust, relative position of the wing
to the fuselage, and the cruise climb rate and altitude are fixed.

The optimization uses up to 50 inequality constraints dealing
with the aircraft geometry and performance/aerodynamics.
These constraints (Table 2) are devised to ensure feasible air-
craft geometries and impose realistic performance and control
capabilities. Fuel volume and wing chord length limits are ex-
amples of geometric constraints. Performance/aerodynamic
constraints include, for example, landing angle-of-attack limits
and wing, tail, and engine scrape prevention criteria. Emer-
gency conditions are used to enforce the landing constraints.
It is assumed that the aircraft lands on a runway 5000 ft above
sea level at 145 kn, carrying 50% of its initial fuel weight.
These are complicated, nonlinear constraints that require aero-
dynamic forces and moments, stability and control derivatives,
and center of gravity and inertia estimates.

An example of the complicated constraint boundaries pres-
ent in the design spaces associated with this HSCT optimiza-
tion is shown in Fig. 3. This figure represents a plane in 10-
dimensional design space, passing through three design points.
Two of the design points represent local optima found by the
optimizer, and the third point is a suboptimal feasible point.
The design points represented by the open circles are feasible
points, whereas those represented by the filled circles have
violated some constraints. The plot illustrates the nonconvexity
of the design space caused by the aerodynamic constraints. If
the optimizer drives the design near optimum 1, it cannot cross
the boundary created by the range constraint to arrive at op-
timum 2, which is 2000 Ib lighter. Clearly, using RS models
does not eliminate the problem of local optima. In this work
we have dealt with this difficulty by using multiple starting
points to locate the best local optimum. Performing a number
of optimizations using the polynomial approximations is rela-
tively inexpensive. The bulk of the computational time is spent
up front on creating the RS models. Methods for global opti-
mization may be more effective for dealing with the local op-
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Fig. 2 Definition of the 20 design variables.

tima problem. We are now considering several global optimi-
zation methods for this purpose.

A series of optimization problems of 5, 10, 15, and 20 var-
iables serve to evaluate our methods of including Euler anal-
yses in multidisciplinary HSCT design. The design variables
(Table 1) and constraints (Table 2) for the simplified problems
are subsets of those used in the 20-variable design. The upper
and lower limits of the active design variables remain the same
throughout the series of optimization problems. These bounds
on the design variables are selected from optimization results
performed using the linear theory RS models. For the 5-, 10-,
and 15-variable problems we can afford the evaluations re-
quired to create full-term quadratic RS models, providing us
with a means to assess the performance of the reduced-term
models.

III. HSCT Design Tools

A. Linear Theory Aerodynamics

What we term supersonic linear theory predictions are ac-
tually obtained from three codes, each computing a particular
component of the drag. The volumetric wave drag is computed
using the Harris® wave drag program. Drag due to lift is cal-
culated using a panel method by Carlson and Miller,'® with
attainable LE thrust corrections.' Viscous drag estimates are
obtained using standard algebraic estimates' of the skin fric-
tion assuming turbulent flow. These viscous drag predictions
are also added to the Euler solution.

Wing camber for the HSCT designs is determined using a
linear theory code with empirical corrections to account for
nonlinear effects named WINGDES.'*” WINGDES attempts
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Table 1 Design variable limits in the optimization problems

KNILL ET AL.

Number of variables

Variable 5 10 15 20
Planform variables
Croots ft 150-190 150-190 150-190 150-190
Cyp, Tt 7-13 7-13 7-13 7-13
b/2, ft [74] 58-78 58-78 58-78
Sig,, ft [132] [132] 105-135 105-135
Ayg,, deg 67-76 67-76 67-76 67-76
Apg,, deg [25] 12-32 12-32 12-32
StE, Straight TE Straight TE Straight TE 10-30 ft
Az, Straight TE Straight TE Straight TE —55-16 deg
Airfoil variables
(X/C)max.c» %o [40] 38-52 38-52 38-52
R [2.5] 2.1-4.1 2.1-4.1 2.1-4.1
(t/C)coor, Yo 1.5-2.7 1.5-2.7 1.5-2.7 1.5-2.7
(#/C)breax (#/C)breac = (2/C)ro0n (t/Cpreak = (/o0 (/D breax = (H/C)r0cn 1.5-2.7%
(t/c)(ip (t/c)\ip = (/C)ronn (t/c):ip = (t/C) o0 (tlc)xip = (t/C) o0 1.5-2.7%
Fuselage variables
T, ft [5.2] [5.2] 4.5-6.0 4.5-6.0
Trusy» ft [5.7] [5.7] 4.5-6.0 4.5-6.0
Ty, Tt [5.9] [5.9] 45-6.0 4.5-6.0
Tius,» Tt [5.5] [5.5] 4.5-6.0 4.5-6.0
Nacelle and mission variables
Ynac ft [20] 10-35 10-35 10-35
Ayuee, ft (61 (6] (6] 6-18
Weer No limits No limits No limits No limits

Note: [ ] indicates variable value when not active in the design.

Table 2 Constraints applied in the optimization problems

Number of variables

Number Constraint 5 10 15 20
1 Range = 5500 n mile X X X X
2 C, at landing speed X X X X
3-20 Section C, < 2 X X X X
21 Landing o = 12 deg X X X
22 Fuel volume X X X X
23 Spike prevention X X X X
24-41 Wing chord = 7.0 ft X X X X
42, 43 Engine scrape X X X
44, 45 Engine scrape (5-deg X X X
roll)
46 Wing-tip scrape X X X
47 TE break scrape (5-deg X X X
roll)
48 LE break = semispan X X X X
49 TE break = semispan X
50 Engine-out limit (vertical X X X X
tail design)
42° 49° 49° 50°

*Number of applied constraints.

to find the camber distribution along the wing that minimizes
the drag caused by lift. Two runs of WINGDES per design
were required to get the proper camber distribution. The sec-
ond run serves to smooth the camber distribution and provide
the maximum leading-edge suction parameter at the design lift
coefficient.

B. Computational Fluid Dynamics

Version 2.2 of the General Aerodynamic Simulation Pro-
gram' (GASP) is used to obtain the Euler solutions. GASP is
a fully conservative CFD code that solves the Reynolds-av-
eraged Navier—Stokes equations and many of its subsets. The
code uses an upwind three-dimensional finite volume spatial
discretization and, for our calculations, a third-order upwind-

biased interpolation of the Roe fluxes is used in each of the
marching planes. Space marching has been performed for all
of the CFD calculations. The accuracy of the CFD predictions
has been studied extensively by Knill et al.”” These studies
confirmed that the Euler drag results are accurate within 1/2
count (ACp = 1.0 X 107* corresponds to 1 count of drag), in
the range of flight conditions considered using 405,000 grid
cells.

Grids suitable for space-marching calculations on the HSCT
wing—fuselage configurations are created using a grid gener-
ator originally developed by Barger.'® The code was modified"’
to provide better resolution of the LE and remain robust for
large changes in the aircraft geometry. The grid generator re-
ceives as input the aircraft configuration stored in the Craidon'®
geometry format, extends the wing to join the fuselage, per-
forms filleting of the wing—fuselage intersection," and then
creates a grid for space-marching calculations. Two marching
planes for a wing—fuselage configuration are shown in Fig. 4.
Because our HSCT optimization code creates a Craidon de-
scription file from its set of design variables, the conversion
from a set of design variables to a space-marching CFD grid
is straightforward. The grid generator is automated and robust
for large planform changes, essential qualities for application
in design optimization.

C. Weight Estimation

All components of the TOGW are calculated using empiri-
cally based functions obtained from the Flight Optimization
System®™ (FLOPS) weight equations.

D. Optimization Routine

Optimization is performed using the software package De-
sign Optimization Tools* (DOT). The constrained optimiza-
tion is performed using sequential quadratic programming and
central-difference gradient approximations. The optimization
problem is the minimization of the TOGW subject to a number
of constraints related to both the geometry and the mission.
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Fig. 3 Nonconvex design space in a 10-variable problem.

4

Fig. 4 HSCT with CFD grid planes.

Side constraints limit the values of the design variables. The
optimization problem can be written as

min TOGW(x)

xER™
subject to

g(x) = 09 X min =x = X max (1)

IV. RS Modeling

To use relatively expensive Euler solutions for the large
number of constraint evaluations required in our multidisci-
plinary optimization, RS models of the supersonic aerodynam-
ics are created. RS modeling techniques have been used for a
number of years to solve complex, computationally intensive
engineering problems. In 1964, Powers™ applied this technique
to find minimum drag bodies of revolution using results from
a real-gas blunt-body program and a real-gas method of char-
acteristics program. RS modeling techniques for aerodynamic

and structural design improve the performance of highly con-
strained gradient-based optimizations.*”>~* The RS models
smooth out numerical noise present in the analyses. Numerical
noise manifests itself as low-amplitude, high-frequency noise
present in the analyses. Numerical noise manifests itself as
low-amplitude, high-frequency variations in the computational
results with changes in the design variables. These variations
are present in any method with iterative procedures or discrete
representations of continuous geometric shapes or physical
phenomena.”** This noise distorts gradient information and
can lead to artificial local minima in the design space. In ad-
dition, the analysis codes are separated from the optimization
routines, eliminating the need to integrate large, production-
level grid generators, analysis codes, and postprocessing util-
ities with the optimizer. This also allows analyses to be per-
formed by experts in the specific discipline on parallel
architecture machines. Finally, by replacing complex analysis
codes with simple quadratic polynomials, one can readily ob-
tain information on design tradeoffs, sensitivities to certain
variables, and insight into the highly constrained, nonconvex
design spaces. Details of tradeoff studies are presented in Ap-
pendix B.

A. Functional Form of the Response

Not all response functions can be modeled accurately by
low-order polynomials, but often accuracy can be improved by
transformations of the function or its arguments. Analytic so-
lutions obtained under simplifying assumptions often help re-
veal the needed transformations. The use of such transforma-
tions was pioneered for approximations of structural response
by Schmit and Vanderplaats and their coworkers (see Ref. 28).
They called the transformed variables and functions ‘“‘inter-
vening variables’’ and “‘intervening functions,’’ respectively.

Our group has made use of intervening variables to improve
the accuracy of the RS model for optimal structural weight as
a function of the HSCT configuration variables.’ Golovidov®
showed that approximating the drag coefficient by a quadratic
polynomial and calculating the range from the drag coefficient
improves the accuracy over direct approximation of the range.
The drag coefficient became the intervening function for the
range.
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In the present work, we use the knowledge that for uncam-
bered wings, the drag coefficient is approximately a simple
quadratic function of the lift coefficient, written as

Cp(x) = Cp(x) + K(x)C}, @

We then fit the intervening functions, Cp,(x) and K(x), by
quadratic RS models. Using this form has the added advantage
of removing the dependence of the drag coefficient on the fuel
weight, introduced only through the lift coefficient.

The HSCT wings have little camber because they are opti-
mized for cruise at Mach 2.4; therefore, this form of the drag
polar for uncambered wings is still fairly accurate. The error
in fitting the Euler drag polars to this form is less than 0.5
count over 0.05 = C, = 0.12. These values of C, cover the
range of cruise lift coefficients found for our HSCT designs.

B. Creating Quadratic RS Models
A quadratic RS model in m variables has the form

S=bt D, et D G 3)

1=j=m 1=j=<k=m

There are (m + 1)(m + 2)/2 coefficients for a quadratic RS
model in m variables. Giunta et al.* found that using approx-
imately twice as many points as the number of coefficients is
sufficient to accurately compute the value of the coefficients
for our low-dimensional HSCT design problems. However, as
the dimension of the problem increases, the ratio of the re-
quired number of points to the number of terms p/n in the RS
also increases.” We use a systematic increase from p/n = 2.0
in the five variable case to p/n = 3.5 in the 20-variable case
to provide adequate accuracy. This translates to 60, 276, 720,
and 1470 CFD evaluations per RS model for the 5-, 10-, 15-,
and 20-variable problems, respectively. While suitable for our
HSCT design problems, these requirements on the number of
design points are, in general, problem dependent.

To compute the coefficients for the quadratic RS models of
both Cp (x) and K(x) for a 30-variable problem would require
4184 CFD evaluations. On a single processor of the SGI
Power Challenge, this would require over 46 days of com-
putation. Clearly, a method must be developed that enables
accurate RS estimates with a reduced number of required CFD
analyses.

Design of experiments theory provides a systematic means
of selecting the set of points (called an experimental design)
within the m-dimensional design space. The number of points
in this initial screening experimental design is reduced by ap-
plying geometric constraints. Using the remaining set of geo-
metrically feasible points, the D-optimality criterion> is ap-
plied to select the points used in creating the RS models.
Appendix C provides further details on the experimental de-
signs used.

C. Reduced-Term RS Models

Linear theory RS models can be readily created for mod-
erately high-dimensional spaces because the evaluations are
computationally inexpensive. Stepwise regression analysis pro-
vides a means of systematically removing terms from the RS
models that have little or no impact on the response. Terms
are eliminated using a measure of the significance level of the
term called the p value. This represents the probability that the
coefficient of a particular term is actually zero, not the value
computed. Typically, a p value of 0.05 or less indicates that
the term is significant in predicting the variation in the re-
sponse. As the prescribed value of the p value is reduced, more
terms are eliminated from the RS model. At some point in the
stepwise regression process, the error in the RS model fit in-
creases noticeably, indicating that too many terms have been
eliminated to satisfy the p-value limit. For this research, JMP*
is used to perform the stepwise regression analysis.

The stepwise regression technique is applied to the RS mod-
els for the linear theory aerodynamics to create reduced-term
RS models. Because the Mach 2.4 cruise regime is predomi-
nantly linear, performing stepwise regression analysis on the
RS models for the linear theory aerodynamics should give
polynomials with the terms that are also important with respect
to Euler aerodynamics. Instead of creating full-term quadratic
RS models for the Euler results, one needs only to create the
reduced-term models found using linear theory analyses. Com-
putational time is therefore not wasted evaluating coefficients
that do not have a significant effect on the response.

The rms error estimate is used to indicate the error in the
RS model fit. The rms error is calculated as

rms error = \/[E (v — ﬁ,)z]/N C))

The N sample points are a randomly selected subset of the
points used in the initial screening experimental design, not
including the design points used in the RS model creation.

We have found that the best means to implement the re-
duced-term RS models with Euler analyses is by using an in-
cremental form (see Ref. 17 for details on other alternatives).
This approach uses reduced-term RS models for the difference
between the Euler and linear theory RS model predictions of
the drag polar shape parameters, ACp (x) and AK(x). To es-
timate the Euler values of the response, these correction RS
models are added to the full-term quadratic linear theory RS
models. The sum of the linear theory and correction RS models
will be referred to as the incremental RS models, i.e., n-term
incremental RS model = n-term correction RS model + full-
term linear theory RS model.

V. Optimization Results

Results from stepwise regression analysis for the five vari-
able design are shown in Fig. 5. The rms error in the linear
theory RS models represents the differences between the linear
theory RS model prediction of the cruise drag and the linear
theory analysis value. The rms error in the incremental RS
models represents the differences between the incremental RS
model prediction of the cruise drag and the actual Euler value.
Both errors are computed at 30 points randomly selected from
the set of feasible design points not used in the RS model
creation. The plot shows that the rms error for the incremental
RS model does not have the abrupt increase below seven terms
that is present in the linear theory RS models.

The stepwise regression plot demonstrates that the stepwise
regression technique can eliminate unimportant terms from the
RS models with little or no effect on the error. Furthermore,
it shows that the errors in the reduced-term incremental RS
models, created using terms found from stepwise regression
analysis on the linear theory RS models, do not change sig-
nificantly as the number of terms is reduced. This indicates
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Fig. 5 Stepwise regression (5-variable problem).
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that linear theory analysis does reveal the terms that are im-
portant to the Euler analyses and that no important nonlinear
effects have been masked. The five-term incremental RS mod-
els, which require only 10 design points to be evaluated, are
chosen to perform the five variable optimization studies.

The five-term incremental RS model requires only 5.3 h to
create, compared with 16 h required for the full-term model.
The optimal design obtained from the incremental RS models
(Fig. 6) compares well with the full-term Euler RS model. The
top half of this figure contains the optimal designs for the five
variable problem. More importantly, Euler analysis on the op-
timal design reveals that the RS model cruise drag prediction
is less than 0.1 count higher than the Euler value. The design
variable values (Table 3) for the incremental RS model opti-
mum fall within their prescribed bounds, demonstrating the
success of selecting these bounds based on the linear theory
optimal designs. Table 4 shows that the corrected TOGW
(Wetoaw) of 622,500 1b is only 700 1b higher than that for the

—— 5 Variable Optimum (15-Term Euler RS Models)

=~ = = 5 Variable Opti

(5-Term Inc 1 RS Models)

——— 20 Variable Optimum (73-Term Incremental RS Models)

Fig. 6 Optimal configurations from the 5- and 20-variable design
problems.

full-term Euler optimum. The corrected TOGW is the result of
adding or subtracting fuel weight (AWj,.,) to the optimal de-
signs to correct for the range discrepancy caused by differ-
ences between the RS model and actual Euler predictions.

For the 10- and 15-variable designs, using the reduced-term
incremental RS models results in savings of 47 out of 74 h
and 115 out of 192 h required to create the full-term RS mod-
els, respectively. The error in RS model drag prediction for
both cases is within 0.6 counts of the value from Euler anal-
ysis. The optimal design variable values and weights are given
in Tables 3 and 4. Further details of these cases are presented
by Knill et al.*

Because of computational expense, the full quadratic Euler
RS models are not created for the 20-variable design. This is
exactly the situation for which the reduced-term incremental
RS models were developed. Regression analysis on the linear
theory data (Fig. 7) shows that the rms cruise drag error re-
mains nearly constant until about 73 of the original 210 terms
remain in the RS models. Creating the 73-term RS models
requires data from 256 of the 735 total experimental design
points. Euler evaluations for 350 design points were performed
to create the 100-term incremental RS models. Because the
full-term Euler RS models are not present, this provides a
model with which to compare the errors in the 73-term RS
models. It is seen that there is no major difference in the cruise
drag errors of the 100- and 73-term incremental RS models.

The optimal design from the incremental RS models is
shown in Fig. 6 to provide comparison with the five-variable
optima. Table 3 provides the optimal design variable values.
The cruise drag prediction for the optimal design from the
incremental RS models is 0.8 counts lower than the actual
Euler value, which is much better than the rms error estimate
of the RS models. Compensating for the range deficiency gives
a corrected TOGW of 588,000 Ib. Table 4 shows the consistent
reduction in the optimal wing weight, fuel weight, and TOGW
with increasing number of design variables.

Table 3 Design variable values for the optimal designs from
incremental RS models

Number of variables

Variable 5 10 15 20
Planform variables
Croon> ft 178.0 170.4 166.2 169.5
Cup, ft 7.4 9.0 7.7 7.8
b/2, ft [74.0] 72.1 68.1 67.4
i, ft [132.0] [132.0] 120.4 124.8
Ayg,, deg 71.1 70.0 69.4 70.5
Apg,, deg [25.0] 18.7 242 304
Stg,> It Straight TE Straight TE Straight TE 27.4
Aqg,, deg Straight TE Straight TE Straight TE —29.0
Airfoil variables
X/ mixr» o [40.0] 50.2 49.8 51.1
R x [2.5] 2.1 2.1 2.1
/¢ coo» %o 1.81 1.91 1.99 1.99
(t/prear A rearc = (HCeoor  (tC)preax = (1100 (1/C)prear = (HO)romn 1.91%
(t/C)p (t/€)ip = (t/C)ron (t/0)ip = (HC) 100 (t¢)sp = (1C)romn 1.94%
Fuselage variables
Tras,» ft [5.2] [5.2] 5.2 52
Tiusys It [5.7] [5.7] 5.6 5.6
Trusy» £t [5.9] [5.9] 5.6 5.6
Frus,» ft [5.5] [5.5) 52 5.2
Nacelle and mission variables

Ynacs ft [20.0] 30.0 28.1 27.7
Ay, ft [6.0] [6.0] [6.0] 6.0
Wi, 1b 309,800 306,000 299,600 293,300

Note: [ | indicates variable value when not active in the design.
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Using the reduced-term incremental RS models provides a
means to create RS models for high-dimensional problems,
where computing the coefficients of the full quadratic RS mod-
els is not viable. Figure 8 shows how the present model ex-
trapolates to 25 and 30 design variables. The trend indicates
that a reduced-term RS model in 25 design variables can be
created using the same number of terms as a full quadratic
model in 15 design variables.

The rms error estimates for the incremental RS models are
consistently higher than the errors in the optimal designs. In-
vestigation led to the finding that the incremental RS model
fit through the interior of the design bounding box is better
than that at the vertices, where the points used to evaluate the
rms errors are located. When evaluating the rms error in the
15-variable design, using a new set of 162 design points scat-
tered through the interior of the design box, the rms error
estimate dropped from 1.5 counts to 0.9 count. This indicates
that computing the rms errors based solely on points selected
from the vertices of the design box may not provide a suffi-
ciently accurate representation of the RS model fit.

The rms errors in the linear theory and incremental RS mod-
els steadily increase from the 5-variable through the 20-vari-
able problem. The inability to perform calculations at all ver-
tices of the design bounding box and the nonquadratic
behavior of the responses are contributing factors. Preliminary
examinations of three methods to improve the accuracy of the
RS models have been made. The first method involves using
a more accurate physical model to provide the functional form
for the drag polar. With an additional CFD evaluation per de-
sign, a more accurate cambered form of the drag polar, Cp(x)
= Cp,(x) + K)[C. — CLm(x)]z, can be evaluated. This ap-

Table 4 Weights for optimal designs from full-term and
reduced term RS models

Number of variables

5 10 15 20
Reduced-term incremental RS models

Waing 103,900 96,100 87,800 86,900
Wiser 309,800 306,000 299,600 293,300
Wroow 622,800 610,400 590,700 583,200
Range:

(Euler) 5503 5542 5495 5449

AW, —320 —3720 450 4430

We roow 622,500 606,300 591,200 588,000

Full-term Euler RS models

Wering 103,900 99,200 87,900
Whiar 313,200 301,000 300,100 I
Wioow 626,300 608,900 591,500 —
Range:
(Euler) 5544 5485 5505 —
AWy —4010 1300 —440 S
We toaw 621,800 610,300 591,000 S
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proach was found to reduce the rms error in the RS models
by approximately 0.3 drag count. The nonquadratic nature of
the response can be addressed in two ways: reducing the size
of the design bounding box and including cubic terms in the
RS model. Reducing the size of the design box has a signifi-
cant effect on the error; however, care must be taken to ensure
that the optimal design lies within the reduced box. Including
cubic terms allows one to maintain the size of the original box,
but the computational expense of evaluating all of the cubic
terms makes it unattractive for high-dimensional problems. Us-
ing the more accurate drag polar representation along with a
zooming technique to reduce the size of the design box appears
to be a promising approach. Research is currently under way
to further investigate the merits of these approaches.

VI. Conclusions

A method for efficiently implementing supersonic Euler
analyses in an MDO involving aerodynamics, weights, and
performance of an HSCT has been developed and tested on
problems of 5, 10, 15, and 20 design variables. This method
takes advantage of information obtained from inexpensive
lower-fidelity aerodynamic analyses to more effectively create
RS models for the Euler solutions. The functional form of the
drag polar is selected based on conceptual level aerodynamic
models. Correction RS models representing the difference be-
tween linear theory and Euler values of the intervening func-
tions, ACp,(x) and AK(x), are then created. Incremental RS
models for the Euler predictions are then created by adding
the correction RS models to the full quadratic linear theory RS
models. Optimization results from the linear theory RS models
are used to select the design bounding box within which the
optimum from Euler analysis should lie. This improves the
accuracy of the RS models by allowing smaller ranges on the
design variables compared to those required if no information
was available on the general location of the optimal design.

Computational expense is reduced using stepwise regression
analysis results gained from linear theory analysis to remove
terms from the RS models that are not important to the Euler
aerodynamics. Compared with the cost of creating full-term
RS models, creating the reduced term RS models results in
savings of 11 out of 16 h, 47 out of 74 h, 115 out of 192 h,
and 255 out of 392 h of CPU time on a single 75-MHz IP21
processor of an SGI Power Challenge for the 5-, 10-, 15-, and
20-variable design problems, respectively. Errors in the re-
duced-term incremental RS model cruise drag predictions,
based on actual Euler calculations, for the optimal designs
range from 0.1 to 0.8 counts.

Appendix A: Parallel Computing

Over 1000 CFD drag solutions are used to create the RS
models and evaluate the errors for the 15- and 20-variable
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designs. Performing these calculations on a single processor
of the SGI Power Challenge R8000 machine would take nearly
2 weeks of wall clock time. This time can be reduced signif-
icantly by taking advantage of parallel computing.

A coarse-grained parallelization of the CFD analyses has
been implemented on the 119-node, distributed memory Intel
Paragon XP/S at VPI&SU. While fine-grained paralleliza-
tion offers potentially better performance, especially for large
numbers of nodes, coarse-grained parallelization is easier to
implement and does not require in-depth knowledge of or
modifications to the complex codes used. The parallel com-
putations are organized in a master-slave paradigm, where one
processor creates the directory structure and input files, dis-
tributes the jobs, and checks for their completion. Each indi-
vidual CFD calculation is performed entirely by a single slave
node.

Two measures of parallel performance are presented: the
parallel speedup and efficiency. Speedup represents the ratio
of the serial calculation time to the parallel computation time
on n, nodes. The parallel efficiency is the speedup divided by
the number of nodes. Ideally, the speedup equals the number
of nodes, bringing the efficiency to 1.0; however, this ideal
behavior is not realized. File I/O, which is inherently serial,
increases with n, and prevents the user from approaching ideal
speedup and efficiency for large numbers of nodes. Reading
and writing of input files, CFD grid files, and CFD solution
files are examples of the file I/O present in the procedure.

Despite these detractors, good performance is achieved
when implementing the CFD calculations in parallel. Figure
Al shows the parallel speedup and efficiency obtained from
performing 1080 CFD calculations for 360 HSCT configura-
tions used in the 15-variable design. When using 27 nodes, a
speedup of 24.3 (0.90 efficiency) is realized. When using 53
nodes, a speedup of 45.4 (0.86 efficiency) is achieved. Even
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though a single processor of the Intel Paragon is about 10
times slower than a single processor of the SGI Power Chal-
lenge, significant improvements in the turnaround time are
achieved when using a large number of nodes. On 53 nodes,
the 1080 Euler calculations require only 2.8 days to complete.

Appendix B: Design Tradeoffs

Parametric studies are invaluable to a designer. These studies
provide information on tradeoffs between various disciplines
and influences, sensitivities to variations in design variables,
and effects of perturbations to a chosen design. To perform a
single parametric study, 25—50 analyses may be required. To
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completely examine a design, many of these parametric studies
would be desired. The computational burden involved in per-
forming these studies is greatly reduced by using results from
RS models instead of data from a large number of CFD cal-
culations, because the expense lies only in the evaluation of
the simple quadratic polynomials. In this section, we examine
variations in selected design variables to gain insight into the
behavior and relative importance of these parameters.

The optimal designs predicted from linear theory and Euler
RS models for the 5-, 10-, and 15-variable design problems
show the effects of the higher drag predictions typical of the
supersonic Euler solutions. The wing thickness is a direct
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tradeoff (Fig. B1) between aerodynamics and structures. Aero-
dynamics dictates that the wing should be as thin as possible
to reduce the drag, and therefore, the fuel weight. Structural
optimization, on the other hand, would attempt to increase the
wing thickness to reduce the wing weight. A compromise is
met between the fuel and wing weight to obtain the minimum
TOGW. The effects of replacing the linear theory aerodynam-
ics with Euler solutions are apparent in the fuel weight. The
higher drag predicted from Euler analysis translates to higher
fuel weights and a design in which the aerodynamic aspects
are more dominant. The optimal design is obtained at a lower
t/c value to counter the effects of the higher drag at the ex-
pense of the wing weight.

The linear theory curve for the fuel-weight variation with #/c
has a nearly zero slope at t/c = 1.5%. This occurs because the
fuel weight required to meet the range constraint is not influ-
enced only by the aerodynamics. As the wing gets thinner and
the wing weight increases, there is a point where the fuel
weight penalty associated with the increasing weight of the
aircraft becomes as important as the fuel weight benefit from
the reduced drag. This point occurs near t/c = 1.5% when using
linear theory analysis. When using Euler analysis, the fuel
weight is still dominated by the aerodynamic benefits over the
range of t/c investigated.

The decreased inboard LE sweep in the optimal designs
from Euler aerodynamics is an interesting occurrence. This is
not a result of aerodynamic-structural tradeoffs, but rather it is
mainly a result of a compromise between aerodynamic influ-
ences. With b/2 and s, g, fixed, there is an increase in the size
of the outboard section implicit with any increase in A.g,. The
aerodynamic tradeoff (Fig. B2) is between the high inboard
sweep desired for improved supersonic performance and the
size of the outboard section, which has poor supersonic per-
formance. The nonlinear aerodynamic predictions have a rel-
atively larger fuel weight penalty associated with the outboard
section than do the linear theory results. This naturally shifts
the optimal A g, to a lower value.

The wing weight plot in Fig. B2 shows a A g, compromise
between structural effects as well. At the lowest wing sweep,
the planform takes on a structurally sound shape. However,
the large planform area results in extra weight. At the other
extreme, the planform area is reduced, but the design is not as
sound structurally. Extra weight is required to strengthen the
structure. The best design is a tradeoff between these two in-
fluences.

Appendix C: Design of Experiments

Design of experiments theory provides a systematic means
of selecting the set of points (called an experimental design)
within the m-dimensional design space at which to perform
computational analyses. The 2" vertices formed by the upper
and lower bounds on the design variables define the design
bounding box or hypercube within which the experimental de-
sign is created. The range of each design variable is scaled to
span [—1, 1] for both numerical stability and ease of notation.™
To create the experimental design, the ranges of the design
variables are discretized at evenly spaced intervals. For ex-
ample, a 2" full factorial design is created by specifying each
design variable at two levels: the lower bound (—1) and the
upper bound (1). Therefore, this experimental design consists
of every vertex in the design bounding box. The type of ex-
perimental design created is defined by the number of intervals
and the distribution of the points on those intervals. The choice
of experimental design depends on the dimension of the prob-
lem, the computational resources available, and the type of
function to which one wishes to fit the data. Four types of
experimental designs are used in this research: 3" full factorial
designs,” face-centered central-composite designs,*** small-
composite designs,* and D-optimal experimental designs.”

A 3™ full factorial design® is created by specifying the de-
sign variables at three levels (—1, 0, 1) corresponding to the
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Fig. C1 3° full factorial experimental design.

lower bound, midpoint, and upper bound of the design varia-
bles. A 3° experimental design is presented in Fig. C1. This
experimental design provides sufficient information to con-
struct quadratic polynomial RS models. However, as the num-
ber of design variables increases, the number of computational
experiments required becomes prohibitively large. For exam-
ple, a 3" full factorial design in a 20-dimensional space re-
quires 3*° ~ 3.5 X 10° computational experiments.

A face-centered central-composite design***> enables reso-
lution of quadratic terms in the RS models with fewer com-
putational experiments. It is created by taking a 2™ full factorial
design and adding 2” star points on the faces of the hypercube
and another point in the middle of the design hypercube. The
star points correspond to a set of design variables in which all
variables are held at their midpoint value except for a single
variable that is specified at either its upper or lower bound. As
the number of design variables is increased, these experimental
designs also become prohibitively large. Creating a face-cen-
tered central-composite design in a 20-dimensional space re-
quires 2*° + 2 X 20 + 1 =~ 1.0 X 10° computational exper-
iments.

The small-composite experimental design® allows even
fewer computational experiments with which to evaluate quad-
ratic RS models. This experimental design is constructed in a
manner similar to that for the central-composite design, except
that a fractional factorial® experimental design is used in place
of the 2" full factorial design. The fractional factorial design
includes only 2" * vertices of the m-dimensional bounding box
(B is an integer number smaller than m). There is some free-
dom in the value of 3; however, it cannot be too large or there
will be insufficient data to properly resolve all terms in the
quadratic polynomial. Certain vertices of the design space will
not have any associated data when using this experimental
design. While this is not an ideal situation, it is inevitable
because the number of vertices grows exponentially with the
number of design variables.

The final experimental design used in this study is the D-
optimal experimental design.’’ Using D-optimal designs allows
a flexibility in the number of computational experiments that
is not allowed in the classical experimental designs. D-optimal
designs are also well suited for irregularly shaped design
spaces, while the classical designs are best suited to rectangu-
lar design spaces. D-optimal designs minimize the uncertainty
in the polynomial coefficient estimates and in the predicted
value of the response. To create a D-optimal experimental de-
sign, one selects p design points out of g candidate points. In
this research, the candidate points are derived from one of the
three classical experimental designs described earlier. An it-
erative optimization method is then used to find the p D-op-
timal points.

For the 5- and 10-variable cases, the JMP** statistical soft-
ware package is used to provide the D-optimal designs. The

approach implemented in JMP uses sets of randomly selected
seed candidate points from the classical design, and the best
points in terms of the prediction variance are kept throughout
the iterative procedure. Because the design points are selected
in a quasirandom manner, it is unlikely that the experimental
design chosen from JMP is truly a D-optimal set. Limitations
in JMP prevent its use for the larger design problems. A routine

~ employing Mitchell’s k-exchange method,*® developed by Dan

Haim, is used for the 15- and 20-variable cases.
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