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Despite the steady increase of computing power and speed, the complexity of many of today's engi-
neering analysis codes seems to keep pace with computing advances. Furthermore, the design and de-
velopment of complex systems typically requires the integration of multiple disciplines and the resolution
of multiple conflicting objectives. A departure from the traditional parametric design analysis and single-
objective optimization approaches is necessary for the effective solution of multidisciplinary, multiobjec-
tive complex design problems that rely on computer analyses. Statistical design of experiments and re-
sponse surface modeling have been used extensively to create inexpensive-to-run approximations of
expensive-to-run computer analyses and combat the problem of size associated with large, multidiscipli-
nary design problems. However, these statistical approaches also break down because of the curse of
dimensionality, wherein the number of design variables becomes too large to build accurate response
surfaces efficiently. Speculations have been offered in the literature regarding the manageable problem
size when these approaches are employed. In this paper, the limitations of these approaches are investi-
gated and demonstrated explicitly by pushing the limits in a large-scale design problem. The design of a
high-speed civil transport aircraft wing is used to illustrate 1) the use of these statistical techniques to
facilitate multidisciplinary design optimization and 2) the resulting curse of dimensionality associated
with large variable design problems. Our current research efforts in system partitioning and hierarchical
modeling, and kriging (an alternative statistical approximation technique) are discussed as remedies for
the problem of size.

Nomenclature
x = design variables over which the designer has control
y = system responses that represent objectives and

constraints
y = predicted value of response y at untried value of x
z — noise factors beyond the control of designers
JJLV = mean of a response
cr* = variance of a response

I. Introduction

M UCH of today's engineering analysis work consists of
running complex computer analyses, supplying a vector

of design variables (inputs) x, and receiving a vector of re-
sponses (outputs) y. Despite the steady and continuing growth
of computing power and speed, many of these analyses remain
computationally expensive to perform. Furthermore, the design
and development of complex systems typically requires the
integration of multiple disciplines and the resolution of mul-

Received Nov. 11, 1997; revision received April 27, 1998; accepted
for publication April 27, 1998. Copyright © 1998 by the American
Institute of Aeronautics and Astronautics, Inc. All rights reserved.

*Mechanical Engineer, Advanced Technologies and Applications,
1800 Perimeter Park West, Suite 275. Member AIAA.

fNSF Graduate Research Fellow, Systems Realization Laboratory,
George W. Woodruff School of Mechanical Engineering; currently
Assistant Professor of Mechanical Engineering and Industrial Engi-
neering, Pennsylvania State University, 207 Hammond Building, Uni-
versity Park, PA 16802. Member AIAA.

^Senior Research Scientist, Systems Realization Laboratory,
George W. Woodruff School of Mechanical Engineering. Member
AIAA.

§Professor, Systems Realization Laboratory, George W. Woodruff
School of Mechanical Engineering. Senior Member AIAA.

tiple conflicting objectives. To facilitate the effective solution
of multidisciplinary, multiobjective design problems, a depar-
ture from the traditional parametric design analysis and single-
objective optimization approaches is needed for the early
stages of design.

The inadequacies of traditional parametric design ap-
proaches when applied to large-scale, complex systems can be
attributed to the problem of size: approaches sufficient for
small, simple problems become inefficient and inappropriate
as the size of a problem is increased. There are three specific
issues relating to problem size that cause traditional ap-
proaches to break down: 1) number of variables and responses,
2) computational expense, and 3) multiple objectives with un-
certainty.

1) Number of variables and responses: As the number of
variables in a design problem increases, comprehensive para-
metric analysis becomes very time intensive. Often a one-at-
a-time approach is used to vary one variable while holding the
others fixed, iterating for each variable. This approach is not
only inefficient for a large number of variables, but it does not
provide sufficient insight into possible interaction effects be-
tween variables. Also, individual subsystem and/or discipline
analyses are often performed independently, again without
considering interaction effects, which leads to excessive iter-
ation to arrive at compatible solutions. Furthermore, as the
number of constraints and objectives increases, identification
of optimal or good settings for design variables becomes ex-
tremely difficult, and parametric approaches become increas-
ingly inefficient.

2) Computational expense: The analysis of complex, mul-
tidiscipline systems such as aircraft commonly requires run-
ning complex computer analyses. Despite continual advances
in computing power, the complexity of these codes seems to
keep pace with computing advances, making comprehensive
parametric analysis very time intensive.
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3) Multiple objectives with uncertainty: The evaluation of
complex system alternatives requires addressing multiple per-
formance and economic requirements. The high level of uncer-
tainty in these requirements in the preliminary stages of design
complicates the problem of resolving tradeoffs. Given this prob-
lem of multiobjective tradeoffs in the face of uncertainty, a sig-
nificant shift from optimizing to identifying robust regions of
good solutions is needed in the preliminary design stages.

One approach to address the first two of these problems of
size is through design of experiments and statistical approxi-
mation techniques. Our approach to address the third issue is
through robust compromise: the integration of robust design
principles and the compromise decision support problem. We
review each of these techniques in the next section. In Sec. Ill
we present the design of a high speed civil transport (HSCT)
aircraft to illustrate the use of statistical approximations and
robust compromise to combat the problem of size. However,
with large problems like the HSCT example, this approach also
breaks down because of the curse of dimensionality, wherein
the number of design variables becomes too large to build
accurate response surfaces efficiently. Our current research ef-
forts in 1) system decomposition and multilevel optimization
and 2) kriging, an alternative statistical approximation tech-
nique for modeling computer experiments, for combating the
curse of dimensionality associated with large variable prob-
lems, are discussed in Sec. IV. Section V contains our closing
comments.

II. Frame of Reference: Statistical Approximation
Techniques and Robust Compromise

Statistical techniques are widely used in multidisciplinary
design to construct approximations of the analyses that are
much more efficient to run, easier to integrate together, and
yield insight into the functional relationship between x and y.
Building approximations of computer analyses typically in-
volves 1) choosing an experimental design to sample the com-
puter analysis code, 2) choosing a model to represent the data,
and 3) fitting the model to the observed data. There are a
variety of options for each of these steps as shown in Fig. 1,
and we have attempted to highlight a few of the more prevalent
ones, e.g., response surface methodology, and kriging.

In Ref. 1, we discuss several of the approaches listed in Fig.
1, with emphasis on response surface methodology, neural net-
works, inductive learning, and kriging, and the limitations as-
sociated with each. In this paper, our focus is on the general
applicability of response surface models for building approx-
imations of computer analyses to combat the problem of size,
as described next.

A. Design of Experiments and Response Surface Modeling
A designer's ultimate goal is most often to arrive at im-

proved or robust solutions: determine the values of design var-
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Fig. 2 General approach to response surface modeling.

iables that best meet the design objectives. In statistical terms,
design variables are factors, and design objectives and con-
straints are responses; the factors and responses to be in-
vestigated for a particular design problem provide the input
for the approach of Fig. 2, and the solutions (improved or
robust) are the output. To identify these solutions, this ap-
proach includes three sequential stages that address the three
characteristic problems of size introduced in Sec. I (a one-to-
one correspondence exists between the problem and the ap-
proach):

1) screening —> problem of number of variables
2) model building —» problem of computational expense
3) model exercising —> problem of multiple objectives and

uncertainty

The first step (screening) is employed only if the problem
includes a large number of factors, e.g., >10; screening exper-
iments are used to reduce the set of factors to those that are
most important to the response(s) being investigated. Statistical
experimentation is used to define the appropriate design anal-
yses that must be run to evaluate the desired effects of the
factors. Often, two level fractional factorial designs or
Plackett-Burman designs2 are used for screening, and only the
main (linear) effects of each factor are investigated.

In the second stage (model building) of the approach in Fig.
2, response surface models are created to replace computa-
tionally expensive analyses and facilitate fast analysis and ex-
ploration of the design space. The most widely used response
surface approximating functions are low-order polynomials re-
lating a predicted response, y, to a set of design variables, x.
If little curvature exists, a two-level (fractional) factorial ex-
periment is designed, and the first-order polynomial [Eq. (1)],
is used to approximate the response(s). If significant curvature
exists, a second-order polynomial [Eq. (2)], including all two-
factor interactions, is commonly used. Among the various
types of experimental designs for fitting a second-order re-
sponse surface model and studying second-order effects, the
central composite design (CCD) is probably the most widely
used.3 CCDs are the first-order fractional factorial designs
augmented by an additional star and center points that allow
for the creation of a second-order surface with fewer points
than would be required for a three-level full factorial de-
sign.

The parameters (b terms) of the polynomials in Eqs. (1) and
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(2) are usually determined using a least-squares regression
analysis to fit the response surface model to observed data: Objective or

Deviation
Function

9 =

y =

(1)

(2)

If noise factors are included in the experimentation, the mean
and variance of each response must be estimated, and predictive
approximations for both must be built. One approach for build-
ing robustness models is presented in the next section.

B. Robust Design
The focus in robust design is to reduce the variation of sys-

tem performance caused by uncertain design parameters or to
reduce system sensitivity. In Fig. 3 we illustrate the concept
behind the robust design approach.4 The control factors, jc, are
adjusted to dampen the variations caused by the noise factors,
Z. The two curves in Figure 3 represent the performance var-
iation as a function of z when x is at two different levels, x =
a and x — b. If the design objective is to achieve a performance
as close as possible to the target, M, the designs at both levels
of x are acceptable; their means are at the target M. However,
introducing robustness, when x = a, the performance varies
significantly with the variation of z. When x = Z?, the perfor-
mance varies much less; therefore, x = b is better than x = a
as a robust design solution because it achieves the mean target
and dampens the effect of the noise variation on the response.

To implement robust design, equations for both mean and
variance of each response as a function of the control variables
are needed. One approach for estimating or modeling the re-
sponse variation caused by noise is to approximate statistically
the response mean and variance. In the model-building stage
of the approach in Fig. 2, the modeling experiment designed
should include both control and noise factors. A resulting re-
sponse surface model can then be postulated as a single, formal
model of the type:

where y is the estimated response, and x and z represent the
settings of the control and noise variables, respectively. Based
on the response surface model, it is possible to estimate the
mean using the statistical expected value function and to es-
timate the variability of the response using the Taylor series
expansion.5

Mean of the response:

Variance of the response:

dZ,

(4)

(5)

where JJL represents the mean values, k is the number of noise
factors in the response surface model, and cr\. is the variance
associated with each noise factor.

The underlying assumptions for this approach are that all
noise factors follow a normal distribution, and that Eqs. (4)
and (5) provide sufficient estimates of the response mean and
variance, respectively. The mean of each noise factor, JJLZ, is
approximated using the midpoint of the range over which that
factor is expected to vary, and the variance is determined by
defining the expected range of each noise factor as ±3<r. Given
these approximations, and the second-order polynomial re-
sponse surface models in x and z, the approximations for mean

Noise Factor, z

Fig. 3 Robust design approach.4

and variance for each response can be derived directly and
incorporated within a compromise decision support problem
(DSP) to evaluate tradeoffs associated with achieving perfor-
mance targets and minimizing performance variation. The
compromise DSP is described in the next section.

C. Compromise Decision Support Problem
In the third stage of the approach in Fig. 2, the response

surface models created in Stage 2 are exercised to explore the
design space efficiently (polynomial models are essentially free
computationally) and comprehensively (investigate multiobjec-
tive tradeoffs and robust design issues). We facilitate this stage
through robust compromise: the incorporation of response sur-
face models and robust design principles within the compro-
mise DSP.

The compromise DSP is a multiobjective mathematical con-
struct that is a hybrid formulation based on mathematical pro-
gramming and goal programming6 (Fig. 4). The compromise
DSP is used to determine the values of the design variables
that satisfy a set of constraints and achieve, as closely as pos-
sible, a set of conflicting goals (design objectives), as is often
the case in robust design and complex systems design. The
compromise DSP is solved using the adaptive linear program-
ming algorithm, which is based on sequential linear program-
ming and is part of the decision support in designing engi-
neering systems software (DSIDES).

In Fig. 4, each system goal is modeled using two deviation
variables (d^, d*\ representing underachievement or over-
achievement of each goal with respect to the target, G(. Inclu-
sion of the constraint [d~-d? = 0] requires that one of the
deviation variables is always 0, so that mathematically a goal
is either overachieved or underachieved, but not both. In the
compromise DSP, goals are formulated as equalities, setting
appropriate targets Gh to effectively evaluate the tradeoffs be-
tween the multiple goals. To handle these tradeoffs, the objec-
tive is to minimize the deviation function, Z, a function of all
the deviation variables. Goals may either be weighted in an
Archimedean solution scheme or rank-ordered into priority
levels using a pre-emptive approach to effect a solution on the
basis of preference. For the pre-emptive approach, we use the
lexicographic minimum concept7 to quickly evaluate different
design scenarios by changing the priority levels of the goals
to be achieved; a similar implementation is discussed in Ref.
8. Using these approaches, or a combination of the two, dif-
ferent design scenarios can be easily and quickly evaluated. A
more extensive discussion of deviation variables, deviation
functions, system constraints, goals, bounds, and the solution
algorithm can be found in Ref. 6.

III. HSCT Wing Design Example
The purpose of the robust design approach described in Sec.

II is to address the problems of size discussed in Sec. I, and
to facilitate efficient and comprehensive concept exploration
for large-scale, complex systems. However, as the size of de-
sign problems continues to increase, the problem of size re-
turns to also affect this robust design approach. Our focus in
this section, then, is to apply this approach to the design of a
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Given
An alternative to be improved. Assumptions used to model the domain of interest.

System parameters:
n number of system variables
p + q number of system constraints (q inequalities)
m number of system goals
gi3(x) system constraint functions

function of deviation variables to be minimized at priority level k for the preemptive case,
df , dj+ i7 = 1, ..., mFind: X|I

Satisfy
System constraints (linear, non-linear):

gi3(x) = 0 i3 = 1, ..., p
gu(x) * 0 i4 = p+1, ..., p+q
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Bounds
v min *̂ _, ^** -, max * __ i „X j j 5: Xj j s X j j i j — i, ..., n

d i 2-,d i 2
+ > 0 i2 = l , . . . , m

di2" • di2
+ = 0 i2 = 1, ..., m

Minimize: deviation function:

Fig. 4 Mathematical form of a compromise DSP.6

3. Cruise
M=0.9

5. Cruise
M=2.4

6. Descent 7. Loiter 9. Reserve
M=0.6 M=0.6

8. Abort
s,ooo ft. 10. Land

FL=11,000 ft

Table 1 Objective or goal responses

Response Target

Takeoff gross weight
Fuel weight
Average required yield per

revenue passenger mile
Acquisition cost

750,000 Ib
400,000 Ib
$0.12/RPM

$230M

\~50nm -\\-750nm •
I—————————————

\-100nm II—200 nm
Table 2 Constraint responses

Response Constraint value
Fig. 5 HSCT mission profile.

large system and identify the issues of problem size associated
with this more efficient approach. As an example, we inves-
tigate the wing configuration design of an HSCT aircraft, in-
corporating life-cycle economic uncertainties to identify eco-
nomically robust solutions.

A. HSCT Problem Definition
The HSCT is a proposed supersonic, 300-passenger com-

mercial aircraft that is capable of flying 5000 n mile cruise
with a 15% cruise segment at Mach 0.9, and the remaining
85% at Mach 2.4 (Fig. 5). A 200 n mile reserve segment is
included to provide a safety margin should the aircraft be un-
able to land at its destination.

The objective in this example is to 1) achieve a technically
feasible design while attempting to achieve technical and ec-
onomic targets, and 2) minimize performance variance caused
by economic uncertainty. The NASA synthesis tool FLOPS,9
with the integrated ENGGEN propulsion analysis code, is em-
ployed to size the aircraft and propulsion system to fly the
mission given in Fig. 3. The NASA aircraft economic analysis
code ALCCA10 is used to perform economic uncertainty anal-
ysis of the system.

The responses investigated in this example include four ob-
jectives, or goals, and four technical constraints, listed in Ta-
bles 1 and 2, respectively. The first two objective responses in
Table 1 are the traditional technical objectives: gross takeoff
weight and fuel weight. The economic responses are the re-

Takeoff field length
Landing field length
Approach speed
Wing fuel volume

< 10,500 ft
<11,000 ft
<155 kn

>Required fuel volume

quired average yield per revenue passenger mile ($/RPM) and
aircraft acquisition cost. The $/RPM is a metric that captures
the interests of the airline and manufacturer through their re-
spective returns on investment and the interests of passengers
through ticket price. The targets for these four goal responses
are derived based on experience and from previous HSCT
studies conducted at Georgia Tech. The constraint responses
listed in Table 2 represent the basic constraints for this aircraft
in addition to the mission requirements from Fig. 5.

The factors varied in this study include 22 control factors,
or system variables, listed in Table 3, and four economic noise
factors, listed in Table 4; the high and low values for each
factor are included in each table. The first six control factors
listed in Table 3 relate to the HSCT wing planform configu-
ration as shown in Fig. 6. These variables are defined as frac-
tions of the semispan, b, also shown in Fig. 6. The focus in
this example is on identifying robust wing planform configu-
rations: wing configurations that minimize the effects of eco-
nomic uncertainty (values of the noise factors in Table 4) on
the objectives given in Table 1. The remaining control factors
in Table 3 pertain to the geometry of the horizontal and vertical
tails, the propulsion cycle, and general characteristics of the
aircraft.
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Table 3 System (control) variables

Control factor

Kink Y location
LEa Kink X location
LEa tip
TEa tip
TEa Kink X location
TEa root
Wing area
Wing apex
Horizontal tail area
Horizontal tail apex
Vertical tail area
Vertical tail apex
Thrust-to-weight ratio
Turbine inlet temperature
Bypass ratio
Overall pressure ratio
Fan inlet Mach number
Fan pressure ratio
Nozzle thrust coefficient
Engine throttle ratio
Suppressor area ratio
Takeoff thrust multiplier

Unit

Semispan
Semispan
Semispan
Semispan
Semispan
Semispan

ft2

% fuselage
ft2

% fuselage
ft2

% fuselage

°R

——
——

——

——

Name

YKINK
XI
X2
X3
X4
X5

SWING
XWING

SHT
XHT
SVT
XVT

FNWTR
TIT
BPR
OPR

FIMN
FPR
CFG
TTR
SAR

THFACT

Low

0.44
1.54
2.1
2.4

2.19
2.19
8500
25

400
82

350
82

0.28
3050
0.36

18
0.5
3.38
0.97
1.05
1.9

0.85

High

0.58
1.69
2.36
2.58
2.36
2.5

9500
28

700
87.4
550
86.4
0.32
3140
0.55
22
0.7
4.2
0.99
1.15
4.7
1

LE is leading edge, and TE is trailing edge.

Table 4 Economic noise factors

Noise factor Unit Name Low High

Production quantity
Utilization
Economic range
Load factor

#
h/yr
nm
%

PRODQ
UTIL

ECONR
LOADF

300
3000
3000
0.55

750
5000
4500
0.85

Fig. 6 Wing planform variable definition.

The economic noise factors in Table 4 include the number
of aircraft produced (production quantity), the aircraft utiliza-
tion rate (in hours per year), the economic flight range of the
aircraft (in nautical miles), and the average percent of occupied
seats (load factor). All of these factors are not under the de-
signer's control but have a significant impact on the economic
performance of the aircraft, in this case the $/RPM and ac-
quisition cost. The ranges for these noise factors are deter-
mined from predicted demand and knowledge of subsonic
routes for which the HSCT may be utilized. In selecting the
economic noise factors for this problem, three economic as-
sumptions are made: the airline and manufacturer returns on
investment are fixed at 10 and 12%, respectively, and fuel cost
is assumed stable at $0.65/gal.

Given the definition of the HSCT problem, the identified
mission, responses, factors, and assumptions, the robust design
approach of Sec. II can be implemented. It is appropriate be-
fore proceeding to apply this approach, however, to ask the
question: is the approach of Sec. II warranted for this problem?
The answer is clearly yes. For the 26 total factors of this prob-
lem, a parametric analysis evaluating only the combinations of
the low and high values that define the range of each factor
(a two-level full-factorial analysis) would require 67,108,864
executions of FLOPS/ENGGEN and ALCCA. This evaluation
does not include any values within the factor ranges, and still
is obviously unmanageable (at approximately 5 min per exe-
cution on an IBM RISC6000 7012 model 320 Planar worksta-

tion, this analysis would take over 600 years to complete).
Linking these codes with a gradient-based solver would re-
quire on the order of weeks for one complete optimization,
and convergence is not guaranteed. With problems of this size,
and with complex analysis codes, multiple starting points are
essential for design space exploration and solution validation,
and the time required again becomes unmanageable. In addi-
tion, given the multiple objectives of Table 1 and the incor-
poration of economic uncertainty, tradeoff compromises and
robust design are essential. Thus, the size and characteristics
of this problem justify use of the robust design approach in
Sec. 2. The screening stage is discussed in the next section.

B. HSCT Screening
For the 26 control and noise factors, a two-level fractional

factorial experiment is designed for screening, which consists
of 64 experiment points and one center point. Pareto analysis
is used to analyze the experimental results to rank the impor-
tance of the factors for each response. As an example, Pareto
plots for $/RPM and takeoff gross weight are presented in Figs.
7a and 7b, respectively.

In the Pareto plots in Fig. 7, the factors are ranked by rel-
ative contribution (individual effect on response), as a fraction
of 1, for each response; the bars represent these individual
contributions. The curve in each Pareto plot represents the cu-
mulative contribution as each factor contribution is added to
the previous sum of contributions. The screening experiment
is used to identify the most important factors and reduce the
set for higher-order model building. Similar plots, not shown
here, are created for the remaining six responses of Tables 1
and 2.

Two important points are taken from the Pareto plots: 1) at
least one-third of the factors are required to achieve 80% con-
tribution and over half are needed for 90% contribution, and
2) the ranking of factors is significantly different for each
response—different factors are important for different re-
sponses. Based on the first point, as the number of factors
increases, the number of factors remaining after screening for
a single response may still be large (8-10 factors is manage-
able for creating second-order response surfaces). Given the
second point, screening over multiple responses may not allow
many factors to be removed from the initial list. These two
points are representative of the first characteristic of the prob-
lem of size: number of variables and responses.

The standard screening approach for a single response is to
select from the factors that have the greatest effect a set of
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Fig. 7 Pareto plots for a) S/RPM and b) takeoff gross weight.

factors that is small enough to manage, while providing a large
enough contribution to the response (80 or 90% contribution,
depending on the number of factors, is often used as the cutoff
for screening). For the case of multiple responses where each
response likes different factors, this standard screening ap-
proach breaks down. One approach for multiple response
screening is to screen each response separately, and select the
important factors for each response independently. The model
building process is then performed separately for each re-
sponse: a higher-order experiment is designed and conducted
for each response, varying only the factors important to that
response. Unfortunately, with this approach, the experimenta-
tion time is increased by a factor equal to the number of re-
sponses, and the resulting response surface approximations are
not consistent—factors varied to create one model are fixed
in another. Another approach that has been employed (see Ref.
4) is to average the effects of the factors across all of the
responses and select the factors that have the largest effects on
average. With this approach it is possible to eliminate a factor
that is extremely important for only one response; such a factor
may not fair well after averaging.

A reverse screening approach is utilized in this example by
identifying factors that are not important for any of the re-
sponses. This approach is accomplished by combining the sets
of important factors for each response, and observing which
factors are not included in the remaining set. An appropriate
cutoff point for the acceptable sum of contributions must first
be chosen. For this problem, if 90% total contribution is used
to identify the important factors for each response (dashed hor-
izontal lines in Fig. 7), the complete set includes all but two
of the original factors, leaving a reduced set of 24 factors. If
the acceptable total contribution for each response is reduced
to 80% (dotted lines in Fig. 7), eight factors are removed,
leaving a reduced set of 18 factors. For both the 90 and 80%
contribution cutoffs, the number of factors remaining after
screening is larger than desirable for fitting a second-order
response surface. Reducing the cutoff percentage further, how-
ever, leads to a sacrifice in accuracy that is not acceptable (less

than 80% of the contribution on the responses is captured; the
completeness of problem formulation is less than desirable).
[Eighty percent is a somewhat arbitrary cutoff for level of
contribution to responses. The tradeoff between an acceptable
level of contribution and loss of completeness in problem for-
mulation is very difficult to make. The cutoff point is currently
defined by the manageable problem size on a case-specific
basis. The focus in this paper to handle this large problem
efficiently when approximations are employed through the de-
sign of a small composite experiment (see Sec. III.C). Current
developments to increase the managable problem size are dis-
cussed in Sec. IV.] The tradeoff of accuracy vs efficiency
emerges again but now within the approach implemented to
address this tradeoff.

Whether either reduced set of factors, 24 or 18, for the
HSCT example is larger than manageable is an issue requiring
further investigation. To carry this example through robust
compromise, the set of 18 factors, the four economic noise
factors of Table 4 and the 14 remaining control factors listed
in Table 5, is chosen; the problems of size associated with this
set are only compounded for the larger set, and the associated
level of accuracy is accepted for now.

C. HSCT Modeling Building
Using the remaining 18 control and noise factors, second-

order response surface approximations are created for the eight
HSCT responses of Tables 1 and 2. At this stage, the second
characteristic of the problem of size given in Sec. I (compu-
tational expense) arises: a full central composite design in 18
factors would require 262,181 analysis cases, which would
take about 2.5 years to complete. Thus, a nonstandard small
composite experiment is designed based on a 1/8 fraction of a
211 factorial design (see Ref. 11), which requires 293 runs
(about 1.5 times the number of coefficients for a full second-
order model in 18 factors). This experiment is nearly three
orders of magnitude smaller than a full CCD for 18 factors,
and thus, allows the desired efficiency of analysis (1 day rather
than 2.5 years to complete the runs). Although the fit of each
response led to R2 values greater than 0.98, the accuracy of
predictive models built from small experiments is questionable
and is to be tested in the next section.

Mean and variance approximations for robust design are de-
rived from the original response surface models (function of
both control and noise factors), for the objectives of Table 1
using the approach given in Sec. II.B [Eqs. (4) and (5)]. These
response models are employed for the third stage (model ex-
ercising) of the approach in Fig. 2.

D. HSCT Wing Robust Compromise
In this section, we apply our approach for addressing the

third characteristic of the problem of size: multiple objectives
with uncertainty. The compromise DSP for the HSCT problem
is given as follows:

Given:
Mission requirements and planform definition

300 passengers
Mach 2.4 cruise
Range 5000 n mile
Cruise 15% subsonic, 85% supersonic

Control factors and their ranges (Table 3)
Economic noise factors and their ranges (Table 4)
Response surface models for mean and variance of goal re-

sponses in Table 1
Response surface models for constraints in Table 2
HSCT design requirements [constraint values given in Eqs.

(6-9)]; goal targets given in Eqs. (10-17)

Find:
The values of the control factors (design variables, Table 3)
The values of the deviation variables dT, d* [i = 1, .. ., 8;

corresponding to goals, Eqs. (10-17)]
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Satisfy:
The constraints:

Takeoff field length < 10,500 ft
Landing field length < 11,000 ft
Approach speed < 155 knots
Available wing fuel volume/required fuel

volume ^ 1
The goals:

MTocw/750,000 + d
o-TOGw/800,000 + <*
MruELWT/400,000 +

- d* = 1.0

~ dl = 1.0
i - dl = 1.0

o-^jELWT/500,000 + J4" - dl = 1.0

M$/RPM/0.12 + dj ~ d + = 1.0
o-s/RPM/0.0001 + dl - dl = 1.0
^ACQcsT/230 + dj - dt = 1.0

(6)

(7)

(8)

(9)

(10)

(11)
(12)

(13)
(14)

(15)

(16)

o-ACQcsT/100 + dl - dl = 1.0 (17)
Bounds on the control factors: Range limits are given in

Table 3
d^-d? = 0, with dr, </+ > o

Minimize:
The deviation function: Z =/(d~, d*\ where / = 1-8 (see

HSCT design scenarios, Table 5)

(See Fig. 6 for planform variables.) The information in this
formulation is taken from the problem definition in Sec. III.A,
and the screening results from Sec. III.B.

To handle the multiple objectives simultaneously, each ob-
jective (MTOGW, ^TOGW, etc-) (where TOGW is the takeoff gross
weight) is modeled as a goal. Four design scenarios (different
deviation functions) are evaluated for the HSCT as listed in
Table 5. In the deviation functions of this table, no under-
achievement deviation variables (J;~) are included because for
each goal the objective is to minimize only the overachieve-
ment. Scenario 1 represents a baseline case for comparison and
does not include robustness (only goals for mean response are
included). The Archimedean formulation is used with equal

Table 5 HSCT concept exploration scenarios

Scenarios
1.

2.

3.

4.

Equal weights, no
robustness
Equal weights, with
robustness
Mean on target, then
minimum variance
Minimum variance,
then mean on target

0.25 *d\ +

Deviation function
Priority level 1

0.25
+ 0.25 *d5

+ +
0.25 *(d+, +

+ 0.25 *(
0.25*^ +

+ 0.25 *c
0.25 *J2

+ +
+ 0.25 *c

^2")
ds 4
0.25

f5
+ +
0.25
n +

*d3
+

0.25 *d7
+

+ 0.25 *(di + J4
+)

d^} + 0.25*(J7
+ + J8

+)
*fi?^

0.25*^7
+

*^/4

0.25<*8
+

Priority level 2

0.25 *d2
+

+ 0.25
0.25 *^T

+ 0.25

——

+ 0.25 *</;
*d<t + 0.25fi?J
+ 0.25 *d3

+

*^5
+ + 0.25 *J7

+

* indicates multiplication.

Table 6 HSCT robust compromise results8

Design scenarios
SI S2 S3 S4

Control factor
Kink Y location (YKINK)
LEb Kink X location (XI)
LEb tip (X2)
TEb Kink X location (X4)
TEb root (X5)
Nozzle thrust coefficient
Wing area
Bypass ratio
Overall pressure ratio
Fan pressure ratio
Takeoff thrust multiplier
Wing apex
Vertical tail area
Thrust-to-weight ratio

Constraints
Takeoff field length (ft)
Landing field length (ft)
Approach speed (kn)
Available fuel volume/required fuel volume

Goals
Mean takeoff gross weight (Ib)
Variance takeoff gross weight
Mean fuel weight (Ib)
Variance fuel weight
Mean $/RPM ($)
Variance $/RPM
Mean acquisition cost ($Mil)
Variance acquisition cost

Deviation function
Priority level 1
Priority level 2

See Fig. 6 for planform variables.
LE is leading edge and TE is trailing edge.

0.580
1.540
2.298
2.193
2.386
0.990

8500.00
0.550
20.25
3.508
0.974
26.30
350.00
0.280

10,210.65
8411.68
142.44
1.413

749,960
——

400,405

0.125
——

264.10
——

0.0476
——

0.561
1.540
2.277
2.190
2.416
0.990

8571.65
0.508
19.39
3.800
0.966
26.90
377.14
0.281

10,487.63
8523.37
143.93
1.306

791,526
556,522
434,082
932,944
0.128

8.42E-5
264.35
164.94

0.446
——

0.580
1.540
2.108
2.193
2.483
0.990

8531.00
0.550
21.91
3.380
0.962
25.17
540.15
0.280

10,475.12
8148.42
139.96
1.410

737,848
1.11E+7
396,442
9.16E+6

0.126
7.51E-5
263.96
160.34

0.0490
8.186

0.450
1.619
2.178
2.190
2.500
0.988

8562.60
0.550
22.00
4.052
0.975
25.28
352.67
0.288

10,509.63
8710.98
145.45
1.072

860,355
491,873
490,333
491,499
0.132

8.34E-5
264.60
159.50

0.548
0.156
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weights on all four objectives. Scenario 2, representing the
overall case including robustness, is for comparison with sce-
nario 1. In scenarios 3 and 4, the pre-emptive formulation is
used (with two priority levels), and the Archimedean formu-
lation is used within each priority level. For scenario 3, the
goals for the mean of each response are put in the first priority
level, representing a focus on trying to achieve mean on target.
For the second priority level, the variance goals are included,
thus, minimizing variance is addressed only after the mean on
target goals are achieved. For scenario 4, the priority levels of
scenario 3 are reversed.

Results for the four design scenarios (S1-S4) are given in
Table 6. In the first scenario, only one of the four goal targets
is achieved (takeoff gross weight). This solution represents the
best possible tradeoff between each goal and serves as our
baseline design.

Introducing robustness through the variance goals using the
formulation of scenario 2, the solution changes slightly. The
values achieved for mean gross weight, mean fuel weight,
mean $/RPM, and mean acquisition cost each increase slightly;
however, the variances are reduced from the computed vari-
ances corresponding to the solution from scenario 1. The re-
sults for scenario 2 represent the tradeoff in attempting to
simultaneously bring mean on target and minimize variance;
system performance is sacrificed to achieve a more robust sys-
tem. Again, most of the goal targets are not met (only the
variance targets of gross weight and $/RPM are met), and the
solution represents a tradeoff or robust compromise.

For scenario 3, the four goals for mean on target are im-
proved significantly. Both the gross weight and fuel weight
goals are achieved, and although the $/RPM solution is not as
good as that of scenario 1, it is better than that of scenario 2,
as expected. In this case, the variances, placed in the second
priority level, are sacrificed to achieve better mean on target;
specifically, the gross weight and fuel weight variances in-
crease significantly. The $/RPM and acquisition cost variances
actually improve slightly for this solution, but the total devi-
ation for the variance goals is still higher for scenario 3 than
for scenario 2.

For scenario 4, the variances, placed in the first priority
level, are reduced substantially; the targets for gross weight
and fuel weight variance are both achieved, and the variances
of $/RPM and acquisition cost are reduced compared with the
other scenarios. In this case, the values for the mean goals are
sacrificed to reduce these variances. The results for this sce-
nario represent the most robust solution.

The corresponding HSCT wing planform configurations are
illustrated in Fig. 8. Notice that the resulting configurations for
scenarios 1 and 2 (Figs. 8a and 8b, respectively) appear to be
very similar. In these cases, the leading- and trailing-edge kink
locations (XI and X4) are basically the same, but the other
dimensions are all slightly different. The configuration of sce-
nario 2 represents a more robust planform configuration be-
cause the variances in the system objectives caused by eco-
nomic uncertainty are smaller than the computed variances for
scenario 1, which did not include any robust design consid-
erations.

The planform configurations of scenarios 3 and 4 (Figs. 8c
and 8d, respectively) are significantly different from those of
scenarios 1 and 2, and from each other. For each scenario, the
trailing-edge root location (X5) increases. For scenario 3, the
leading-edge tip location (X2) moves forward, giving a con-
figuration with a longer chord at the tip. For Scenario 4, the
most robust solution, the kink Y location (YKINK) decreases
significantly, the leading-edge kink X location (XI) increases,
and the trailing-edge root location (X5) increases to its upper
bound, giving a configuration with much sharper angles.

E. Summary of HSCT Robust Compromise Results
Our intention in this example is to apply the approach of

Sec. II with a focus on identifying additional problems of size

Planform Variables

c) "V \\ d)
Fig. 8 HSCT wing planform configurations. Scenarios a) 1, b) 2,
c) 3, and d) 4.

when implementing this approach. Such issues are discussed
in Sec. III.B for screening, and introduced in Sec. III.C for
response surface model building. We return now to the dis-
cussion of the problem of size associated with model building
with a short discussion on verification of results and the ac-
curacy vs efficiency tradeoff.

When employing any approximation models, verification of
results is extremely important. The results in Table 6 were
analyzed by using the variable values in the original FLOPS/
ENGGEN and ALCCA analyses and comparing the results for
the eight responses. This comparison is given in Table 7 as a
percent error for each response for each design scenario (Sl-
S4). Many of these errors are higher than desirable, a result
that is not surprising given the small number of experiments
and the 80% contribution cutoff used for screening. The errors
for two of the responses—takeoff field length and the fuel
balance constraint—stand out in Table 7. The takeoff field
length is underpredicted in all design scenarios, to the extent
that each solution is actually infeasible, i.e., the constraint is
violated by each configuration. In addition, the fuel balance
for scenario 4 is overpredicted to the extent that the available
volume for fuel is significantly less than the needed fuel vol-
ume; therefore, this configuration would not be able to fly the
mission. The errors in gross weight and fuel weight for sce-
narios 1 and 3 are also higher than desirable.

A tradeoff of accuracy for efficiency occurs in large-scale
problems, but as the size of a problem increases, the accuracy
can decrease to the point of being unacceptable and the re-
sponse surface approximations are not useful. The problem of
size is not escapable with this approach either because we
suffer from the curse of dimensionality resulting from the in-
efficiency in building accurate second-order response surfaces
for problems with a large number of variables. We discuss our
current research efforts for handling the problem of size in the
next section.

IV. Current Investigations into the Problem of Size
The general question that arises from these problems, then,

is how can these experimentation and approximation tech-
niques be used efficiently for larger problems (problems with
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Table 7 Verification of results

• Error3

SI S2 S3 S4
Constraints

Takeoff field length
Landing field length
Approach speed
Available fuel/required fuel

Responses
Takeoff gross weight
Fuel weight required
$/RPM
Acquisition cost

-7.85
-1.00
-0.67
24.39

-5.04
-6.67
-1.47
-0.19

-7.14
-0.065

0.13
19.92

-2.53
-3.20
-0.43
-0.235

-6.68
-2.37
-1.39
25.07

-5.52
-6.91
-0.47
-0.20

-5.12
-0.10
-0.18
15.23

1.14
1.85

-0.15
-0.13

aA negative value indicates value is underpredicted, a positive value indicates value is overpredicted.

greater than 10 factors after screening)? Our current investi-
gations into addressing the problem of size seek to answer the
following more specific questions.

1) How can we decompose a large-scale, complex design
problem into smaller, more manageable parts?

2) How can decomposed subproblems be evaluated concur-
rently while ensuring sub-problem compatibility for system
synthesis?

3) How can we increase the efficiency of experimentation
for larger problems while maintaining sufficient modeling ac-
curacy?

4) How can we efficiently and accurately model highly non-
linear design spaces?

Our research efforts for addressing the first two questions is
discussed in Sec. IV.A; a preliminary approach for hierarchical
modeling and robust system synthesis is introduced. The third
and fourth questions are addressed in Sec. IV.B, wherein krig-
ing is introduced as an alternative statistical approximation
technique for modeling large-scale and possibly nonlinear
problems.

A. Hierarchical System Partitioning
One technique that may help overcome the problem of size

is problem partitioning and multilevel or multidimensional op-
timization. A recent review of techniques for breaking a prob-
lem into smaller problems is given in Ref. 12. Detailed reviews
of multidisciplinary design optimization approaches for for-
mulating and concurrently solving decomposed problems are
presented in Refs. 13 and 14, and a comparison of some of
these approaches is given in Ref. 15.

Hierarchical approaches may be grouped into three catego-
ries: 1) single-level optimization, 2) concurrent subspace op-
timization, and 3) collaborative optimization approaches. Sin-
gle-level approaches include all-at-once or simultaneous
analysis and design (SAND), individual discipline feasible or
nested analysis and design, and multidiscipline feasible ap-
proaches.15 In concurrent subspace optimization,16 the sub-
problems of a decomposed complex problem are optimized
independently and concurrently. A system-level coordinator is
then used to evaluate the compatibility of the subproblem so-
lutions (for problems in which system-level design variables
and objectives do not exist). In collaborative optimization17

and multiobjective collaborative optimization,18 subproblems
are optimized concurrently, but a system-level optimizer is
used to evaluate compatibility and system-level constraints/ob-
jectives, where system-level design variables exist.

In the current literature, these MDO approaches have been
applied using complex analysis codes/routines. Very often
these analysis codes are computationally expensive and highly
nonlinear, leading to difficulties with convergence. We are in-
terested in how the experimentation and approximation tech-
niques presented in this paper can be exploited for these large-
scale, complex problems. The approach we are currently
investigating integrates problem partitioning and hierarchical
modeling techniques with experimentation and approximation

Given Need, Requirements

Step 1: Define System and Subsystem Problem:
Partitioning and Requirements

Step 2: Classify System Level Factors and Ranges

Step 3: System Level Preliminary Experimentation

Step 4: Classify Subsystem Level Factors and Ranges

Step 5:

Step 6:

Step 7:

Step 8:

Formulate Robust Hierarchical
Compromise DSP

Generate Robust System and Subsystem
________Specifications________

Fig. 9 Approach for hierarchical robust preliminary design ex-
ploration.19

techniques to facilitate comprehensive and efficient design
space exploration for large problems. In particular, we are ex-
panding the robust concept exploration method4 to support hi-
erarchical robust preliminary design exploration.19 The focus
in this method, shown in Fig. 9, is on facilitating concurrent
system and subsystem preliminary design exploration, for con-
current generation of robust system and subsystem specifica-
tions for the preliminary design of multilevel, multiobjective,
large-scale complex systems.

The method in Fig. 9 includes eight basic steps. Given the
need and requirements associated with a preliminary design
problem, the problem is partitioned into a system and its sub-
systems, and the requirements for each are defined (step 1).
The system level design factors are then classified using the
terminology from robust design, and appropriate factor ranges
are defined (step 2). A preliminary system level experimenta-
tion (step 3) is used to define necessary subsystem level factor
ranges; subsystem factors are then classified and ranges for
these factors are defined (step 4). This step is repeated for all
subsystems. With both the system and subsystem factors and
ranges defined, screening experiments (step 5) are conducted
concurrently for the system and all subsystems. Based on the
results from screening, higher-order experiments are designed
as necessary, and response models are constructed concurrently
for the system and subsystem responses (step 6). Using these
response models and the problem definition of step 1, a robust,
hierarchical compromise DSP is formulated (step 7), and ro-
bust system and subsystem specifications are generated con-
currently (step 8) for the system and all subsystems.
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The method in Fig. 9 represents a hybrid of traditional
design and optimization approaches and the more complex
multidisciplinary design optimization (MDO) approaches,
augmented and facilitated through the development and
implementation of response surface approximations. The use
of experimentation and approximation within this method al-
lows exploitation of the strengths of traditional design and op-
timization approaches and more current MDO approaches. Af-
ter clearly defining the system partitioning (step 1), steps 2-
4 follow a traditional top-down sequential design approach.
These steps do not require seeking system solutions before
investigating subsystem problems; however, they are used to
appropriately bound the problem after partitioning, linking the
system and subsystem problems. The concurrent screening and
model building of steps 5 and 6 are analogous to the distrib-
uted analyses typical of all the MDO approaches; the system
and subsystem problems are investigated concurrently. The
purpose with distributed concurrent analysis, however, is not
for optimization or for determining subproblem feasibility (as
with the MDO approaches); rather, it is to concurrently iden-
tify important system and subsystem factors (step 5), and con-
currently construct approximation models (step 6) to replace
system and subsystem analyses for efficient and comprehen-
sive exploration of the design space (steps 7 and 8); this can
be classified as an all-at-once or the simultaneous analysis and
design (SAND) approach. The system and subsystem problems
are integrated by formulating a hierarchical compromise DSP.
The efficiency gained in using the approximations eliminates
the need for distributed/concurrent subsystem evaluation (for
feasibility and/or compatibility) or optimization (as with con-
current subspace optimization and collaborative optimization).

The successful implementation of the hierarchical method of
Fig. 9 (and the robust design approach of Fig. 2) requires the
construction of sufficiently accurate approximation models.
Using the HSCT problem of Sec. Ill as an example, the small
composite experiment employed to sample the design space
led to models with high prediction errors and the identification
of infeasible solutions that were thought to be feasible. More-
over, the primary models we have investigated have been lin-
ear and quadratic response surfaces. One aspect of the problem
of size that has not been investigated in this paper is the ade-
quacy of these simple models. Quite often the design space
associated with a complex system design problem is highly
nonlinear and is difficult to reduce to a small region that is
good for multiple objectives. The construction of higher-order
polynomials, however, increases the computational expense as-
sociated with experimentation even further. Thus, alternate ap-
proximation techniques are necessary that permit both efficient
experimentation and sufficient accuracy in modeling simple
and nonlinear design spaces. One such approach that we are
investigating is kriging, which is the topic of the next section.

B. Kriging as an Alternative to Response Surface Modeling
To increase the efficiency of experimentation for larger

problems while maintaining sufficient modeling accuracy,
kriging20"22 is being investigated as an alternative technique
for approximating expensive computer analyses. The kriging
approach combines a global underlying model with a locally
varying spatial correlation function. The underlying global
model is typically taken as a constant but may be linear or
quadratic, i.e., Eqs. (1) and (2), if necessary. Meanwhile, there
are several possible spatial correlation functions that may be
selected for the kriging model21'22; the spatial correlation func-
tion dictates the local behavior of the model. The Gaussian
spatial correlation function that is most commonly used is
given by

(18)

where xl and xj are two sample points, numdv is the number
of design variables, 6k is the parameter used to fit the kriging
model, and xl

k and xj
k are the kth components of jc1 and xj.

With the Gaussian spatial correlation function, each predicted
point is essentially a linear combination of exponentially de-
caying functions that are based on the spatial distance between
xl

k and xj
k, thus the name, spatial correlation function.

In our preliminary investigations of the kriging approach,
we found that a constant global underlying model and a Gauss-
ian spatial correlation function were as accurate, if not slightly
better, than a full second-order response surface model.23 Krig-
ing models have also been used successfully for several prob-
lems involving a large number of variables. Welch et al.24 de-
scribe a kriging-based approximation methodology that they
use to identify important variables, detect curvature and inter-
actions, and produce a useful approximation model for two
20-variable problems using only 30—50 runs of the computer
code. Booker et al.25 solve a 31-variable helicopter rotor struc-
tural design problem using a similar approximation method-
ology based on kriging. Booker26 extends the helicopter rotor
design problem to include 56 structural variables to examine
the aeroelastic and dynamic response of the rotor.

Why can kriging handle the large number of variables? The
response surface approach typically employs second-order
polynomials that have n = (k + 2)(k + l)/2 coefficients for k
variables, e.g., a second-order response surface for 10 variables
has 66 coefficients; for 25 variables, 351 coefficients. Giunta
et al.27 and Kaufman et al.28 found that l.5n sample points for
small problems (5-10 variables) to 4.5n sample points for
large problems (20-30 variables) are necessary to obtain rea-
sonably accurate second-order response surface approxima-
tions. Therefore, the number of samples needed to accurately
fit a second-order response surface model grows on the order
of A:2, which quickly becomes unmanageable for large variable
problems. However, for a kriging model, a constant term, /3,
is usually sufficient for the global model (as opposed to a
second-order polynomial); therefore, the number of design var-
iables is not necessarily dictated by the number of terms
needed to fit a polynomial model. The reader is referred to
Ref. 23 for more discussion on the differences between the
response surface model and kriging approaches.

Finally, there is the issue of accurately modeling highly non-
linear design spaces. As Barton29 points out, for multicriteria
optimization, the response region of interest will rarely be re-
duced to a small neighborhood by optimization that is neces-
sary to achieve accurate response surfaces. The complications
associated with multiple objectives is further evidenced during
screening in Sec. III.B; it is difficult to reduce the number of
design variables because different variables have different ef-
fects on the multiple objectives. Therefore, there is a need to
investigate metamodeling techniques with sufficient flexibility
to build global approximations of the design space, kriging is
one such approximation. A kriging model can either honor the
data, providing an exact interpolation of the data, or smooth
the data, providing an inexact interpolation.20 Moreover, a krig-
ing model is extremely flexible because of the wide range of
global and local models that can be selected, allowing highly
nonlinear design spaces to be modeled with reasonable accu-
racy, a pertinent issue to MDO that is not considered in this
HSCT example.

V. Closing Remarks
In this paper, we identify issues relating to the size of a

problem when implementing robust design in the preliminary
design stages. We describe an approach for efficient and com-
prehensive design space exploration for large-scale, complex
systems that is founded in robust design principles, statistical
experimentation and modeling techniques, and the compromise
DSP. We illustrate this approach using the example of an
HSCT aircraft with the specific focus of demonstrating the
limitations of such approaches; we identify specifically where
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and when the approach breaks down with problem size as a
result of the curse of dimensionality, wherein the number of
design variables becomes too large to build accurate response
surfaces efficiently.

The first characteristic of the problem of size, as defined in
Sec. I, is identified in Sec. III.B for the robust design approach:
the screening process breaks down for large numbers of factors
and responses. For a single response, as the number of factors
increases, the reduction in factors resulting from screening be-
comes insufficient to bring the problem to a manageable size.
So what is a manageable size and at what point does screening
break down? If creating a second-order response surface model
is the objective, 10 factors or less is generally desirable to
build an accurate model with acceptable effort (a full com-
posite design for this case requires 1045 experiments). For
most problems, if before screening the number of factors is
much greater than 20, screening to 10 or fewer factors usually
leads to an unacceptable level of accuracy. This problem with
screening is compounded when more than one response is be-
ing monitored, as is usually the case with large-scale, complex,
multiobjective problems. Often with multiple responses, dif-
ferent factors are important for each response, and as a result,
very few factors are not important or are insignificant for all
responses. Reducing the number of factors becomes very dif-
ficult, as is the case with the HSCT example, and again more
factors than desirable, possibly more than manageable, remain
after screening.

These problems relating to screening led to the second char-
acteristic of the problem size: computational expense associ-
ated with the response model-building stage. If more than 10
factors remain after screening, the computational expense as-
sociated with creating response surface approximations can
easily begin to outweigh the associated gains, resulting in the
curse of dimensionality. Creating second-order response sur-
face models for the HSCT responses in all 26 factors would
require 67,108,917 analysis cases (using a full CCD); for the
reduced sets of 24 or 18 factors, 16,777,265 and 262,181 cases,
respectively, are required, neither of which is manageable.
Nonstandard, small composite experiments can be designed
with some extra effort as is done for the HSCT example, but
a sacrifice in accuracy is associated with fitting models for
these smaller experiments.

Our current focus is on addressing these problems of size
associated with the robust design approach discussed in this
paper, maintaining both efficiency of modeling and explora-
tion, and accuracy necessary for identifying robust regions of
a design space. We have implemented and tested the method
of Fig. 9 (Sec. IV.A), using an example developed in collab-
oration with Allison Engine Company, Rolls Royce Aerospace
Group: the hierarchical preliminary design of a commercial
turbofan engine cycle and compressor subsystem configuration
design. This example problem is based on the Allison AE3007
commercial engine developed for regional business jets. The
results and the approach are being compared with existing en-
gine data and the traditional engine preliminary design ap-
proaches. Favorable results have been obtained and are doc-
umented in Ref. 19. As for the kriging approach described in
Sec. IV.B, the flexibility of the kriging models and our initial
investigations comparing response surfaces and kriging justify
continued investigation into the approach despite the added
complexity of fitting and using a kriging model.
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