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Nonlinear mathematical-programming-based design optimization can be an elegant method. However,
the calculations required to generate the merit function, constraints, and their gradients, which are fre-
quently required, make the process computationally intensive. The computational burden can be sub-
stantially reduced by using approximating analyzers derived from an original analyzer utilizing neural
networks and linear regression methods. The experience gained from using both of these approximation
methods in the design optimization of a high-speed civil transport aircraft is the subject of this paper.
The NASA Langley Research Center’s Flight Optimization System was selected for the aircraft analysis.
This software was exercised to generate a set of training data with which a neural network and regression
method were trained, thereby producing the two approximating analyzers. The derived analyzers were
coupled to the NASA Lewis Research Center’s CometBoards test bed to provide the optimization capa-
bility. Both approximation methods were examined for use in aircraft design optimization, and both
performed satisfactorily. The CPU time for solution of the problem, which had been measured in hours,
was reduced to minutes with the neural network approximation and to seconds with the regression
method. Instability encountered in the aircraft analysis software at certain design points was also elimi-
nated. However, there were costs and dif� culties associated with training the approximating analyzers.
The CPU time required to generate the I/O pairs and to train the approximating analyzers was seven
times that required for solution of the problem.

Nomenclature
bw = bandwidth
g = constraints
l = length
T = temperature
t = thrust
v = velocity
w = weight factor
x = design variables
y = approximating function
a = clustering algorithm control parameter
b = regression coef� cients
g = merit function component
§ = kernel function

Introduction

I NTENSIVE computation can be a serious de� ciency in an
otherwise elegant nonlinear mathematical-programming-

based design optimization method. In typical structural design
applications, most of the computations, often more than 99%
of the total calculations, can be traced to the analyzer.1 That
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is, reanalysis and sensitivity calculations consume the bulk of
the computation time in design optimization. To reduce the
computational burden, two approximation methods, regression
analysis and neural networks, have been incorporated into the
NASA Lewis Research Center’s design test bed Comet-
Boards1–3 (comparative evaluation test bed of optimization and
analysis routines for the design of structures). Both approxi-
mation methods provide the reanalysis and design sensitivity
information that is usually required during optimization. Ap-
proximation augmentation, which includes a strategy to select
training pairs, has broadened the scope of CometBoards; thus,
a design problem can be solved by using three different ana-
lyzers—the original analyzer or one of the two derived ana-
lyzers that are based on regression and neural networks.

The example of a high-speed civil transport (HSCT) aircraft
is considered to examine the performance of approximation
methods in design optimization. The NASA Langley Research
Center’s Flight Optimization System (FLOPS),4,5 which is well
known in industry, was chosen as the aircraft analyzer. This
analyzer is not just computationally intensive; it can also be-
come unstable at certain design points, thereby requiring that
the optimization process be restarted. Moreover, an optimum
benchmark solution established for the HSCT aircraft problem
from results generated previously with the FLOPS analyzer by
NASA Langley and Lewis Research Centers, and industry can
be a useful solution against which the results obtained with
the approximation methods can be compared. CometBoards,
which includes an approximation module containing regres-
sion analysis as well as neural networks, has been soft-coupled
to the FLOPS analyzer. The CometBoards– FLOPS combined
software can optimize an HSCT aircraft by using any one of
the three analyzers—the original FLOPS code, or the derived
regression or neural network models. This paper presents op-
timal solutions that were generated for the HSCT aircraft by
using all three analyzers. Results are examined to assess the
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Fig. 1 Organization of CometBoards test bed.

performance of the neural network and regression methods in
the design of an HSCT aircraft system, which is the primary
objective of this paper. The evaluation quanti� es the compu-
tational bene� t, the payoff from the use of closed-form vs nu-
merical sensitivities in design calculations, and the training and
use ranges. In speci� c terms, the deviation in the aircraft
weight and behavior constraints, and their sensitivity, are in-
vestigated for analysis as well as design. The computational
ef� ciency achieved by using approximation methods in design
optimization is examined by comparing CPU solution times.

This paper is organized as follows: an overview of the
CometBoards design test bed, a brief description of the aircraft
analyzer FLOPS, a strategy to generate the input portion of
the I/O pairs for training both approximating analyzers, a brief
description of regression analysis and neural networks, a def-
inition of the design problem and the benchmark solution, gen-
eration of the I/O pairs for this problem, representative re-
sponse prediction through the approximation methods, the
performance of both approximation methods in predicting the
behavior parameters of the aircraft, their performance during
design optimization, and conclusions.

CometBoards: A Design Test Bed
Our earlier research to compare alternate optimization al-

gorithms and different analysis methods for structural design
applications has grown into a multidisciplinary design test bed
that is still referred to by its original acronym, CometBoards.
The modular organization of CometBoards (Fig. 1) allows in-
novative methods to be quickly validated through the integra-
tion of new programs into its existing modules. Optimizers and
analyzers are two important modules of CometBoards. The
optimizer module includes a number of algorithms, such as the
fully utilized design and optimality criteria methods,6 the
method of feasible directions,7 the modi� ed method of feasible
directions,8 three different sequential quadratic programming
techniques,9–11 the sequential unconstrained minimizations
technique,12 sequential linear programming,7 a reduced gradi-
ent method,13 etc. Likewise, the analyzer module includes
COSMIC /NASTRAN,14 the nonlinear analyzer MHOST,15 the
U.S. Air Force ANALYZE /DANALYZE,16 IFM /ANALYZ-
ERS,17 the aircraft � ight optimization analysis code FLOPS,5

the NASA Engine Performance Program NEPP,18 and others.
Some of the other unique features of CometBoards include a
cascade optimization strategy, design variable and constraint
formulations, a global scaling strategy, analysis and sensitivity
approximations through regression and neural networks, and
substructure optimization on sequential as well as parallel
computational platforms.19 CometBoards has provisions to ac-
commodate up to 10 different disciplines, each of which can
have a maximum of � ve subproblems. The test bed can opti-
mize a large system, which can be de� ned in as many as 50

different subproblems. Alternatively, a component of a large
system can be optimized to improve an existing system. The
design test bed has been successfully used to solve a number
of problems, such as the structural design of space station com-
ponents; the design of nozzle components for air-breathing en-
gines; and the con� guration design of subsonic and supersonic
aircraft, mixed � ow turbofan engines, and wave rotor concepts
in engines. CometBoards has over 50 numerical examples in
its test bed. It is written in Fortran 77, except for the neural
network code, Cometnet,20 which is written in C11. The pro-
cess of integrating this C11 code into the CometBoards For-
tran 77 code is referred to as soft-coupling. Soft-coupling is
achieved by � rst generating an executable � le from the Com-
etnet C11 source code; then Cometnet is invoked from
CometBoards through a system call. Information is exchanged
between the two programs through data � les. At present
CometBoards is available on UNIX-based Cray and Convex
computers and on Iris and Sun workstations. CometBoards is
continuously being improved to increase its reliability and ro-
bustness for optimization at system as well as component lev-
els. This paper emphasizes the approximation module of
CometBoards, which includes regression analysis and neural
network approximations for the design optimization of an
HSCT aircraft.

FLOPS: An Aircraft Analyzer
Aircraft design was formulated as a nonlinear programming

problem with a set of design variables to optimize a merit
function under a set of behavior constraints. The FLOPS an-
alyzer evaluated the performance parameters of an advanced
aircraft to generate the constraints and merit function. By soft-
coupling NASA Lewis Research Center’s CometBoards and
NASA Langley Research Center’s FLOPS, the design problem
could be set up and solved without major modi� cation to either
code. The design problem was solved by using the Comet-
Boards– FLOPS combined capability.

The FLOPS analyzer has eight disciplines: weight estima-
tion, aerodynamic analysis,21,22 engine cycle analysis,23–25 pro-
pulsion data interpolation, mission performance, air� eld length
requirements for takeoff and landing, noise footprint calcula-
tions,26 and cost estimation.27– 32 The FLOPS analyzer allows
selection of the following free variables for the purpose of
optimization: 1) ramp weight, 2) wing aspect ratio, 3) engine
thrust, 4) taper ratio of the wing, 5) reference wing area, 6)
quarter-chord sweep angle of the wing, 7) wing thickness to
chord ratio, 8) cruise Mach number, 9) cruise altitude, 10)
engine design point turbine entry temperature, 11) overall pres-
sure ratio, 12) bypass ratio for turbofan engines, 13) fan pres-
sure ratio for turbofan engines, and 14) engine throttle ratio
(de� ned as the ratio of maximum allowable tubine inlet tem-
perature divided by the design point turbine inlet temperature).
For the HSCT problem, the free variables were separated into
a set of six active design variables and a set of eight passive
design variables.

For the purpose of optimization, the composite merit func-
tion available in FLOPS can be written as

7

Obj = w g (1)k kO
k=1

where Obj represents the merit function, wk represents the kth
weight factor, and the parameter gk can be selected from the
following list: 1) gross takeoff weight of the aircraft, 2) mis-
sion fuel, 3) the product of the Mach number times the ratio
of lift-to-drag, 4) range, 5) cost, 6) speci� c fuel consumption,
and 7) NOx emissions. For the HSCT problem, the gross take-
off weight was selected as the merit function by setting w1 =
1.0 and the other weight factors to zero.

Behavior constraints can be imposed on the 1) missed ap-
proach climb gradient thrust, 2) second-segment climb thrust,
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Table 1 Design variable selection strategy

Related
sets

Active design variables

Number Variables

In� uence region

Number Sets

Variables in design zones

Number Variables

1 2 4, 7 1 2 3 2, 4, 7
2 1 2 3 1, 3, 4 6 1, 2, 3, 4, 5, 7
3 2 3, 5 2 2, 4 5 1, 2, 3, 5, 7
4 3 1, 2, 7 2 2, 3 5 1, 2, 3, 5, 7

Fig. 2 Design variable sets with in� uence regions. Circled num-
bers represent sets; braced numbers are active design variables.
Adjacent regions are coupling regions.

3) landing approach velocity, 4) takeoff � eld length, 5) jet
velocity, 6) compressor discharge temperature, 7) total usable
fuel weight, 8) range of the � ight, 9) landing � eld length, 10)
aspect ratio (de� ned as the ratio of bypass area to the core
area of a mixed � ow turbofan engine), 11) engine-throttle ratio,
12) speci� c fuel consumption, 13) compressor discharge pres-
sure, and 14) excess fuel, etc. Only the � rst six constraints
were imposed in the HSCT problem.

The design space of an aircraft optimization problem can be
distorted because both design variables and constraints vary
over a wide range. For example, an engine thrust design var-
iable (which is measured in kilopounds, e.g., 40,000 lb), is
immensely different from the bypass ratio variable (which is
a small number, e.g., 0.5). Likewise, a landing velocity con-
straint in knots and a � eld length limitation in thousands of
feet differ both in magnitude and in units of measure. In
CometBoards the distortion is reduced by scaling the merit
function, design variables, and constraints such that their nor-
malized values are around unity.

Selection Strategy for Input Portion
of I/O Pairs for Training

Both regression and neural network approximations require
a set of I/O pairs for their training. The quality of the approx-
imation depends on the selected set of design points used to
generate the I/O pairs. Statisticians have long recognized the
importance of the sample, the selection of which utilizes a
design-of-experiments method. A strategy has been devised to
generate a set of design variables that form the input portion
of the training pairs. This strategy has two principal steps: 1)
separation of the design space into subspaces, and 2) division
of each design variable range into subintervals. The � rst step
addresses the intrinsic coupling of design variables that can be
inherent in large design problems. The second step allows a
bias toward, e.g., the initial design or the bounds of the range.
The output portion, representing the merit function and behav-
ior constraints, is generated from the FLOPS analyzer for the
speci� ed input design variables.

The input variable selection strategy is illustrated by con-
sidering a design problem with six active variables (1– 5 and
7) and one passive variable (6) as an example. The six active
variables are separated into four related sets, designated by
circled digits 1 – 4 in Fig. 2. The design variables are shown in
braces: {4, 7}, {2}, {3, 5}, and {1, 2, 7} for sets 1 through 4,
respectively. Their coupling and in� uence regions, shown in
Fig. 2, are given in Table 1. Consider, e.g., set 3 with two
in� uence regions (2 and 4, see Fig. 2). Response prediction
for set 3 (with two active design variables of its own) will
include those of its coupling regions (design variables 1, 2, 3,
5, and 7). These � ve variables will be perturbed by using the

scheme described next, and in addition, other active variables
may also undergo minor perturbations.

Consider a design variable in a set with initial design xi,
upper bound xu, and lower bound x l. Divide the interval be-
tween the lower bound and the initial design, and that between
the initial design and the upper bound, into nil and niu subin-
tervals, respectively. A bandwidth bw is assigned for the design
variable that speci� es the number of subintervals to be grouped
together to form random perturbations. To illustrate the strat-
egy for selecting the input portion of a set of I/O pairs, let us
consider a simple example with two design variables. The per-
turbation scheme requires the following data for each variable:

1) Design variable 1: lower, initial, and upper bounds of,
e.g., 0.05, 4.00, and 10.00, respectively.

2) Design variable 2: lower, initial, and upper bounds of,
e.g., 0.50, 6.00, and 9.50, respectively.

Let us divide the intervals between the lower bound and the
initial design into four subintervals. Likewise, divide the in-
terval between the initial design and the upper bound into three
subintervals. Assume a moderate clustering of subintervals by
taking a bandwidth bw = 3. (There is no clustering when the
bandwidth is unity.) Specify the number of perturbations for
each subinterval as follows: for the four subintervals beginning
from the initial design toward the lower bound, 15, 10, 2, and
6, and for the three subintervals from the initial design to the
upper bound, 10, 4, and 8.

The input portion of the I /O pairs generated through the
selection strategy is depicted in Fig. 3. There are 131 design
points. The inner circle, with a radius of 2 centered on the
initial design (4, 6), captures 31 design points, which corre-
sponds to a density of 2.5 points per unit area. The annulus
with radii of 2 and 3 also contains 31 design points, but is less
dense with 2.0 points per unit area. The bias is not prominent
in the pattern shown in Fig. 3 because of the simplicity of the
problem. A different pattern for the input portion of the I /O
pairs can be generated by changing the bandwidth, number of
intervals, stations, and perturbations. The pattern can be im-
proved interatively.

Linear Regression Analysis
The regression analysis available in CometBoards uses sev-

eral basis functions. The basis functions can be selected from
1) a full cubic polynomial, 2) a quadratic polynomial, 3) a
linear polynomial in reciprocal variables, 4) a quadratic poly-
nomial in reciprocal variables, and 5) combinations thereof.
Consider, for example, regression analysis of an n variable
model with a combination of a cubic polynomial in design
variables and a quadratic polynomial in reciprocal design
variables. The regression function has the following explicit
form

n n n

y(x) = b 1 b x 1 b x x0 i i ij i jO OO
i=1 i=1 j=i

n n n n n n
1 1¯¯1 b x x x 1 b 1 b (2)ijk i j k i ijOOO O OOx x xi i ji=1 j=i k=j i=1 i=1 j=i

The regression coef� cients b are determined by using the lin-
ear least-squares approach incorporated in the double precision
general matrix linear least-squares solver (DGELS) routine of
the Lapack library.33 The gradient matrix of the regression
function with respect to the design variables is obtained in
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Fig. 3 Input portion of I/O pair for two design variables.

closed form. For the example with n variables, the gradient
matrix for the regression function has the following form:

­

­x1

­

=y = y (3)­x2

???
­

­xn

where

n n2 1 n n
­y 2= b 1 b x 1 b x 1 b x x 1 b xl il i ll l ijl i j iil iO O O O­xl i=1 i=1 j=i1 1 i=1

n n¯ ¯b 1 1 bl ll2 ¯1 b x x 1 b x 2 2 b 2 (4)ill i l lll l ilO O2 2 3x x x xl l i lj=i i=1

and bij = bji for i > j, bijk = bikj for j > k > i, etc.
Once the regression coef� cients have been obtained from

the single training cycle, reanalysis and sensitivity calculations
represented by Eqs. (2 – 4) require trivial computational effort.
In regression analysis, the accuracy of the approximation func-
tion and its gradient can differ signi� cantly near, as well as
outside of, the boundary of the training domain. This de� -
ciency, if any, in CometBoards can be reduced by selecting
either closed-form or � nite difference gradients, at the discre-
tion of the user.

Neural Network Approximations
The neural network approximator available in CometBoards,

Cometnet,20 is a general-purpose, object-oriented neural net-
work library that provides for both linear and nonlinear mod-
els. Cometnet is soft-coupled to the CometBoards test bed. The
neural network capability provides both function values and
their gradients. Cometnet approximates the function and its
gradient with R kernel functions as follows:

R nr

y(x) = w § (x) (5a)ri riOO
r=1 i=1

R nr
­y(x) ­§ (x)ri

= w (5b)riOO­x ­xl lr=1 i=1

where y is the functional approximation, x is the vector of
independent variables, §ri represents R kernel functions, nr rep-
resents the number of basis functions in a given kernel, and
wri are the weight factors.

Cometnet permits approximations by using different kernels,
which include linear, reciprocal, and polynomial, as well as
Cauchy and Gaussian radial functions. A singular value de-
composition algorithm,34 for computing the weight factors in
the approximating function, is used to train the network. A
clustering algorithm is used to select suitable parameters for
de� ning the radial functions. The clustering algorithm, in con-
junction with an optimizer, seeks optimal values for the pa-
rameters over a range for the threshold parameter t within its
domain (0 < t < 1). A user-speci� ed parameter a (0 < a < 2)
that controls the clustering algorithms is used to specify the
relative radius of the Gaussian and Cauchy kernel functions.
Increasing the value of the parameter can reduce the training
error, but may increase the test error. The mean-square error
during training is reduced by increasing the threshold, which
corresponds to an increase in the number of basis functions.
Over� tting is avoided with a competing complexity-based reg-
ularization algorithm.35 The merit function and each of the con-
straint functions can be trained separately by using different
basis functions.

De� nition of the HSCT Aircraft Design Problem
The HSCT aircraft problem devised by NASA Langley Re-

search Center was employed to examine the performance of
the approximation methods for both analysis and optimiza-
tion.24 This supersonic aircraft was to be powered by four
mixed-� ow turbofan engines. The mission requirement of the
aircraft is to carry 305 passengers at a cruise speed of Mach
2.4 for a range of 5000 n miles. The objective of the optimi-
zation was to determine the airframe– engine design combi-
nation that would meet these constraints with a minimum gross
takeoff weight. A good match between the engine and airframe
can be achieved by combining the engine parameters with the
airframe variables. Six active design variables were selected
to optimize the design. There were two airframe design vari-
ables, the engine thrust and the wing size, and four engine
design parameters, the turbine inlet temperature, overall pres-
sure ratio, bypass ratio, and fan pressure ratio. The turbine inlet
temperature was limited to a maximum of 35607R. The con-
straints imposed on the aircraft and engine were as follows:
the takeoff and landing � eld lengths had to be less than 11,000
ft, the approach velocity had to be less than 160 kn; there had
to be enough volume to carry all of the required fuel, there
had to be enough engine thrust available to recover from a
missed approach and execute a second-segment climb, the exit
jet velocity had to be less than 2300 ft/s to limit engine noise,
and the compressor discharge temperature had to be less than
17107R.

To assess the performance of the approximation methods,
the design space was divided into three subregions: the stan-
dard, wide, and restricted range. The range used to train the
approximating analyzers is referred to as the standard range
and designated with the letter ‘‘b’’ in Table 2. The wide range,
designated by the letter ‘‘a,’’ was de� ned as the range outside
the training range. The restricted range, designated by the letter
‘‘c,’’ is de� ned as the range inside the training range. The
design variables, their ranges, and status (active or passive) are
speci� ed in Table 2.

The six behavior constraints, which are implicit functions of
the design variables, were as follows:

1) Missed approach climb thrust tc, which must be positive;
it was normalized with respect to 106 lb:

6g = 2(t /10 ) # 01 c

2) Second-segment climb thrust ts, which must be positive;
it was normalized with respect to 104 lb:

4g = 2(t /10 ) # 02 s
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Table 2 Design variables and their ranges for the HSCT aircraft

Number Description Status
Lower
bound

Initial
design

Upper
bound

1 Ramp weight, lb Passive —— —— ——
2 Wing aspect ratio Passive —— 2.36 ——
3 Engine thrust, lb Active 30,000a 50,000a 70,000a

36,000b 41,000b 45,000b

40,500c 41,000c 41,500c

4 Taper ratio of wing Passive 0.057
5 Wing area, ft2 Active 7,000a 8,000a 12,000a

7,100b 8,100b 9,100b

8,000c 8,100c 9,000c

6 Sweep angle, deg Passive —— 62.22 ——
7 Wing thickness-chord ratio Passive —— 0.03 ——
8 Cruise Mach number Passive —— 2.4 ——
9 Maximum cruise altitude, ft Passive —— 70,000 ——

10 Turbine entry temperature, 7R Active 2,300a 3,000a 3,560a

2,300b 2,900b 3,500b

2,850c 2,900c 3,000c

11 Overall pressure ratio Active 15a 24a 30a

18b 21b 25b

20c 21c 22c

12 Bypass ratio Active 0.10a 0.25a 0.8a

0.25b 0.40b 0.8b

0.39c 0.40c 0.5c

13 Fan pressure ratio Active 1.2a 3.6a 4.8a

2.6b 3.6b 4.6b

3.5c 3.6c 3.8c

14 Engine throttle ratio Passive —— 1.13 ——
a
Range outside training range.

b
Training range of approximating analyzers.

c
Restricted range inside

training range.

Table 3 Optimum weight for HSCT for the � ve test cases

Test cases

NASA CometBoards
solution

Weight, lb Deviation, %

Industry solution

Weight, lb Deviation, %

1 666,529 0.0 678,450 1.8
2 666,578 0.0 666,730 0.0
3 677,264 1.6 667,064 0.1
4 666,526 0.0 666,658 0.0
5 (benchmark) 666,531 0.0 666,665 0.0

3) Landing approach velocity va, which must not exceed 160
kn:

g = (v /160) 2 1 # 03 a

4) Takeoff � eld length lt, which must not exceed 11,000 ft:

g = (l /11,000) 2 1 # 04 t

5) Jet velocity vj , which must not exceed 2300 kn:

vj
g = 2 1 # 05

2300

6) Compressor discharge temperature T, which must not ex-
ceed 17107R:

g = (T/1710) 2 1 # 06

The constraints extracted from the FLOPS analyzer output
in the soft-coupling process were passed into the CometBoards
design test bed. Although the problem has several passive con-
straints, they were excluded from the design optimization cal-
culations.

Benchmark Solution for the HSCT Aircraft
NASA Langley Research Center posed six test cases with

different starting points and variable bounds for the HSCT air-

craft problem.23 NASA Lewis Research Center, using the
CometBoards test bed and the FLOPS analyzer, obtained so-
lutions for � ve of these cases, as did an industrial partner using
its own optimizer and the FLOPS analyzer. Table 3 gives the
optimum weights of the aircraft under the � ve different con-
ditions, as obtained by the NASA Lewis Research Center and
the industrial partner.

Case � ve is considered the benchmark solution against
which all results, including neural network and regression an-
swers, were compared. For the � ve cases given in Table 3, the
gross takeoff weight of the HSCT aircraft obtained by the two
groups agreed within a maximum deviation of 1.8%. Overall,
these results, with minor derivations, can be considered ac-
ceptable, because aircraft optimization is a dif� cult problem.
The problem may be dif� cult because of the variation in the
constraints over a wide range and because of the empirical
equations and smoothing techniques used in the FLOPS code.
The weight, design variables, and constraints for the optimal
solution of the benchmark case are given in Table 4.

The optimum solutions (see Table 4) were in agreement,
with minor deviations, except for the second-segment climb
thrust. However, both values of this constraint, which must be
positive, are acceptable. The number of reanalyses required for
the CometBoards and industry solutions (134 and 1240, re-
spectively) differed because the industrial partner used a com-
bination of a gradient-based algorithm along with a genetic
code, which, for this problem, was computationally intensive.
The optimum solution has also been veri� ed graphically. At
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Table 4 Benchmark solution for the HSCT aircraft

Parameters
Initial
design

CometBoards
solution

Industry
solution

Merit function

Aircraft Weight, lb 793,395 666,531 666,665

Active design variables

(1) Engine thrust, lb 50,000.0 41,418.00 41,495.00
(2) Wing size, ft2 7,000.0 8,170.00 8,162.00
(3) Turbine inlet temperature, 7R 3,200.0 2,958.00 2,958.00
(4) Overall pressure ratio 18.0 21.62 21.63
(5) Bypass pressure ratio 0.7 0.43 0.44
(6) Fan pressure ratio 2.5 3.62 3.59

Behavior constraints

(1) Missed approach thrust, lb 87,718 71,029 71,174
(2) Second-segment climb thrust, lb 12,968 25 279
(3) Landing approach velocity, kn 169 147 147
(4) Takeoff � eld length, ft 13,742 11,000 11,000
(5) Jet velocity, kn 2,108 2,300 2,288
(6) Compressor discharge temperature, 7R 1,587 1,710 1,710
Number of reanalyses to solution —— 134 1,240

optimum there are three active constraints: takeoff � eld length,
jet velocity, and compressor discharge temperature.

Generation of the I/O Pairs for Training
The training data were generated in two steps. In the � rst

step, the input portion of the I/O pairs was generated through
the selection strategy illustrated earlier; it was calculated by
using bw = 3 and by setting the number of stations between
the initial design and both the lower or upper bound equal to
four. The number of pseudorandom perturbations in the four
intervals beginning with the initial design and moving toward
the lower or upper bound are 40, 36, 32, and 28. This selection
strategy biases the training set toward the initial design. The
passive design variables were not altered. The selection strat-
egy for the speci� ed parameters yielded a total of 641 design
variable input sets.

In the second step, for each of the 641 sets, the FLOPS
aircraft analyzer was run to obtain 641 sets of response param-
eters consisting of the merit function and the behavior con-
straints. Examination of the FLOPS response parameters in-
dicated that many of these could not be used for training. The
reasons for these sets being categorized as nonusable were 1)
the FLOPS analyzer encountered numerical instability, pro-
ducing ‘‘NaN’s’’ (not-a-numbers, three such occurrences); 2)
the analyzer aborted without any ouput (14 occurrences); and
3) the analyzer encountered out-of-range conditions (212 oc-
currences). Of the 641 output sets, 229 sets could not be used.
The 412 satisfactory design sets, which exceed the number of
design variables by a factor of 35, were used for regression
and neural network training. The bad design points sometimes
interfere with the optimization process when the FLOPS ana-
lyzer is used directly. Such an analyzer de� ciency suggests that
the use of approximation methods might be bene� cial in the
design optimization of the HSCT aircraft. During the iterative
design process, the optimizer can request prediction of the be-
havior parameters for design points that fall outside the valid
range of the analyzer and cause instabilities. It is not evident
that such instabilities can be eliminated by adjusting the op-
timization parameters, particularly with the use of the multi-
disciplinary analysis code FLOPS. Irrespective of their perfor-
mance, neural network and regression methods extend
predictions beyond the valid range, thereby circumventing in-
stabilities.

Regression Approximations

Cubic polynomials in design variables and quadratic poly-
nomials in reciprocal design variables were used for the re-

gression analysis. An HSCT aircraft with six active design var-
iables has 111 terms in the regression series, so that 412
training pairs is considered an adequate number for the re-
gression function. The regression coef� cients were determined
by using the linear least-squares routine DGELS from the La-
pack subroutine library.33 Once the coef� cients were known,
Eq. (2) was used for functional approximations and Eqs. (3)
and (4) for gradient calculations.

Neural Network Approximations

The 412 I/O pairs were separated into a set of 392 training
pairs and 20 validation pairs. The neural network training used
a Gaussian radial function for the merit function and all the
constraints, except the second one (second-segment climb
thrust), which used linear, polynomial, and reciprocal basis
functions. The con� guration parameters associated with the
Gaussian radial function used were an initial threshold value
of 0.15; a maximum of four threshold iterations; a threshold
step size of 0.2; and a measure of the clustering algorithm
control parameter a equal to 0.6 for the constraints, and 0.5
for the merit function.

Representative Response Predictions
The overall performance of neural network and regression

analysis can be illustrated by considering the weight of the
HSCT aircraft as an example. The aircraft weights obtained
with approximation methods and the FLOPS analyzer are pro-
jected into two-dimensional planes with aircraft weight as a
function of engine thrust in Fig. 4a and as a function of wing
area in Fig. 4b. These two graphs reveal several attributes of
the two approximating methods. Consider � rst the engine
thrust within the training (or standard) range of 36,000– 45,000
lb (Fig. 4a). In this � gure for the engine thrust, the maximum
error in the weight determined by the regression method is
4.6%, whereas that determined by the neural network is 3.7%.
For both methods the errors peak at the lower boundary of this
range. For the wing area in the standard range of 7100– 9100
ft2 (Fig. 4b), the maximum error obtained with the regression
method was about 1.3%, and with the neural network it was
about 3.4%. The error for the wing area variable peaks near
the lower boundary with the regression method, but the neural
network maximum error of 3.4% occurs at a wing area of
about 8000 ft2, which is inside the standard range. For both
wing area and thrust, the aircraft weight approximation by the
two methods shows substantial deviation outside the training
(standard) range, as expected. Beyond the training range, the
neural network performs somewhat better than the regression
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Fig. 4 Aircraft weights obtained by using approximations and
FLOPS analyzer as a function of a) engine thrust and b) wing
area.

method (see Fig. 4). In the standard range, both regression and
neural network methods perform satisfactorily.

Analysis of the HSCT Aircraft by
Approximation Methods

The responses obtained for the aircraft by neural network
and regression approximations were examined for a set of 100
design points in each of the three ranges (restricted, standard,
and wide). The design points were not selected from the train-
ing data; rather they were selected at random in the speci� ed
ranges. An attempt was made to generate the response param-
eters for these design points with the FLOPS analyzer. As be-
fore, the FLOPS analyzer could not generate valid responses
for all 100 design points. It produced 100, 39, and 33 accept-
able sets of response parameters in the restricted, standard, and
wide ranges, respectively. Neural network and regression re-
sults in the three ranges were compared with only the accept-
able sets from the FLOPS analyzer. The means of the relative
absolute errors in the weight and in each constraint are pre-
sented in Table 5 for the three ranges.

Overall, Table 5 shows that the responses generated for the
aircraft with both approximation methods progressively de-
grade from the restricted to the wide range. In the restricted
range, approximations by regression analysis can be consid-
ered satisfactory, except for the second-segment climb thrust
(the second constraint). For this constraint, the 3.4% error by
regression analysis reduced to a 2.4% error by neural network
analysis. To a certain extent, the discrepancy in this constraint
can be attributed to the small number (around 25 lb) being
normalized with respect to 10,000 lb. For example, an error
of 25 lb in the second-segment climb thrust constraint, though
physically negligible with respect to its bound of 10,000 lb,
leads to a very large relative error of 100%. If this constraint
were associated with a few hundred pounds of thrust, then a
relative error of several fold would be seen, but it could still
be inconsequential. A similar anomaly is observed in the bench-
mark solution for the second-segment climb thrust given in

Table 4. CometBoard’s (25 lb) and industry’s (279 lb) solutions
for the constraint differed by a factor of 11.4, but the variation
is inconsequential. The performance of the neural network in
the restricted range can be considered satisfactory except for
the takeoff � eld length constraint. For this constraint, the 5.2%
error by the neural network method reduced to a 1.8% error
with regression analysis. The maximum error in the restricted
range was about 5% for all the variables and constraints. In
this range neural network and regression approximations com-
plement each other.

In the standard range, the errors were substantially larger
than in the restricted range. For example, both neural network
and regression analysis showed an error of around 13.5% for
the takeoff � eld length constraint. In this range, the regression
and neural network approximation methods performed at about
the same level, with the exception of the jet velocity constraint,
for which regression analysis outperformed the neural network
method. In the wide range, both the approximations exhibited
higher errors. The error from the neural network was substan-
tially lower than that of the regression method. An attempt was
made to improve the regression method by replacing the basis
functions with quadratic polynomials in the design variables
only. (These results are given in the column marked ‘‘qua-
dratic’’ in Table 5.) Even though using quadratic polynomials
reduced the error in the regression approximation, the response
still cannot be considered satisfactory. In the wide range, the
performance of the regression method with quadratic polyno-
mials can be considered similar to the performance of the neu-
ral network method, but neither is satisfactory.

In all three ranges, the regression approximation method
(with a suitable choice of polynomials) and the neural network
method can be considered to perform similarly in predicting
responses for the HSCT aircraft.

Design Optimization of the HSCT Aircraft
Through Approximations

This section examines the performance of approximation
methods in optimization of the HSCT aircraft. The sequential
quadratic programming algorithm used earlier to generate the
benchmark results was retained as the optimizer. This gradient-
based optimizer requires not only the values of the merit func-
tion and constraints but also their design sensitivities. Such
gradient information is available only by using � nite differ-
ences when the FLOPS code itself is used as the analyzer in
design optimization. However, both approximating analyzers
provide closed-form sensitivities. Results were obtained by us-
ing these closed-form sensitivity formulas in the neural net-
work and regression methods. The optimization was also re-
peated by using � nite difference sensitivity calculations with
both approximating analyzers. In total, � ve methods were used
to obtain sets of optimal results for the HSCT problem: 1) the
FLOPS analyzer with � nite difference gradients, 2) the neural
network analyzer with closed-form gradients, 3) the neural net-
work analyzer with � nite difference gradients, 4) regression
analysis with closed-form gradients, and 5) regression analysis
with � nite difference gradients. The optimization was carried
out in the restricted, standard, and wide ranges. Because a
review of the results indicated satisfactory performance only
in the restricted range (as might have been expected from the
results obtained for analysis validation), only those results are
given in this section. Results for the other two ranges are pro-
vided in the Appendix. Table 6 summarizes the results gener-
ated for the � ve cases, along with the benchmark solutions
obtained by using a closed-form gradient. Results were similar,
with minor deviations, when � nite difference gradients were
used.

In the following paragraphs, the design variables, merit
function, active constraints, and passive constraints are each
discussed separately with respect to the performance of the
approximation methods in design optimization.
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Table 5 Percent mean error in three ranges

Response quantities

Mean error, %

Restricted range

Regression
method

Neural
network

Standard range

Regression
method

Neural
network

Wide range

Regression
method

Cubic
function

Quadratic
function

Neural
network

Weight 0.4 0.9 2.2 2.6 1375 7.1 6.7
Missed approach 0 0.1 0.3 0.3 128 0.5 3.4
Second-segment climb 3.4 2.4 17.2 10.2 9720 110 110
Approach velocity 0.2 0.5 1.1 1.5 753 0.4 7.0
Takeoff � eld length 1.8 5.2 13.5 13.6 8180 109 65.8
Jet velocity 0.2 0.7 0.5 3.0 157 0.9 9.8
Compressor temperature 0.3 0.6 1.9 1.8 53 2.4 7.3

Table 6 HSCT aircraft design using approximations in restricted range with closed-form gradients

Design parameters
Benchmark

solution

Percent deviation in optimum solution

FLOPS
analyzer Neural network Regression

Merit function

Aircraft weight, lb 666,531 0.1 0.8 0.2a 1.0 0.7a

Active design variables

Engine thrust, lb 41,418.00 0.0 22.2 22.2 0.2 0.2
Wing size, ft2 8,170.00 0.1 0.3 0.3 1.3 1.3
Turbine inlet temperature, 7R 2,958.00 20.7 1.8 1.8 1.8 1.8
Overall pressure ratio 21.62 22.1 23.5 23.5 25.4 25.4
Bypass pressure ratio 0.43 26.2 3.3 3.3 7.6 7.6
Fan pressure ratio 3.62 21.7 5.0 5.0 1.2 1.2

Behavior constraints

Missed approach thrust, lb 71,029 20.1 23.7 23.8a
20.1 0.1a

Second-segment climb thrust, lb 25 2100.0 1706.0 299.9a 760.8 299.9a

Landing approach velocity, kn 147 20.0 20.1 20.1a
20.2 20.3a

Takeoff � eld length, ft 11,000 0.1 0.0 4.7a 0.0 0.0a

Jet velocity, kn 2,300 20.5 0.0 0.9a 0.0 0.4a

Compressor discharge temperature, 7R 1,710 0.0 0.0 21.0a
21.8 22.2a

a
Values were generated by FLOPS analyzer for the optimum designs that were obtained by neural network and regression

methods.

Design Variables

Notice that even when the FLOPS analyzer itself is used,
the maximum deviation in the optimum values of the design
variables exceeds 6% of the benchmark results. This deviation
can be attributed to the nonlinearity of the eight disciplines
within the FLOPS code, which uses statistical and empirical
calculations to estimate the merit function and constraints. The
optimum results with the neural network analyzer differed
from the benchmark solution by a maximum of 5%. And the
regression analyzer results differed by 7.6%. These maximum
deviations of 5 and 7.6% are comparable to the 6% deviation
for the FLOPS analyzer. Thus, the three analyzers (FLOPS,
neural network, and linear regression) performed at about the
same level.

Merit Function

The aircraft weights determined by the three analyzers de-
viated from the benchmark solution by a maximum of 1%.
When the values of the design variables obtained with the
regression scheme were used in the FLOPS code to calculate
the weight, the error in the optimal weight decreased by 30%
(from 1.0 to 0.7%). Similarly, the error reduction achieved by
using the FLOPS code with the design from the neural network
scheme was 75% (from 0.8 to 0.2%). Overall, for the HSCT
problem the three analysis methods performed at about the
same level.

Active Constraints

The benchmark solution has three active constraints: takeoff
� eld length, jet velocity, and compressor discharge tempera-
ture. Optimization with the FLOPS analyzer produced the
same active set within a 0.5% deviation. The neural network
optimization results contained the same three active con-
straints. When the neural network optimum design was used
with the FLOPS analyzer to back-calculate these constraints,
the jet velocity and compressor discharge temperature agreed
within 1%. However, the takeoff � eld length was infeasible at
about 5% deviation. Optimization with regression analysis also
produced the same set of active constraints, with a 2% devi-
ation for the compressor discharge temperature. When the re-
gression optimum design was used with the FLOPS analyzer
to back-calculate the active constraints, the takeoff � eld length
and jet velocity agreed within 0.4% deviation. The deviation
in the compressor discharge temperature was about 2%. Al-
though the approximating analyzers often returned with active
constraint values of 0.0, this can be deceptive because these
values are only an approximation of the true values. The actual
constraint values obtained with the original FLOPS code are
given in Table 6.

Passive Constraints
The benchmark solution has three passive constraints:

missed approach, second-segment climb thrust, and landing-
approach velocity. The missed approach and landing-approach
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Table 8 HSCT aircraft design using approximations in standard range with closed-form gradients

Design parameters
Benchmark

solution

Percent deviation in optimum solution

FLOPS
analyzer Neural network Regression

Merit function

Aircraft weight, lb 666,531 0.0 21.2 0.1a
210.8 1.6a

Active design variables

Engine thrust, lb 41,418.00 20.1 24.5 24.5 213.1 213.1
Wing size, ft2 8,170.00 0.1 22.6 22.6 213.1 213.1
Turbine inlet temperature, 7R 2,958.00 20.2 2.8 2.8 3.3 3.3
Overall pressure ratio 21.62 21.2 23.9 23.9 13.7 13.7
Bypass pressure ratio 0.43 26.4 10.0 10.0 84.3 84.3
Fan pressure ratio 3.62 20.6 10.2 10.2 27.9 27.9

Behavior constraints

Missed approach thrust, lb 71,029 20.1 26.7 27.9a
211.6 226.6a

Second-segment climb thrust, lb 25 20.8 1907.7 299.9a 76,827.0 2100.0a

Landing approach velocity, kn 147 0.0 0.5 1.3a 2.2 8.1a

Takeoff � eld length, ft 11,000 0.0 0.0 12.7a
23.8 67.8a

Jet velocity, kn 2,300 0.0 0.0 0.9 212.9 29.8a

Compressor discharge temperature, 7R 1,710 0.0 0.0 1.0a 0.0 1.6a

a
Values were generated by FLOPS analyzer for the optimum designs that were obtained by neural network and regression methods.

Table 7 CPU time for design optimization on a Silicon Graphics PS 480-VGX a

Activity

FLOPS

Closed-form
gradients

User System

Neural network

Closed-form
gradients

User System

Finite difference
gradientsb

User System

Regression analysis

Closed-form
gradientsb

User System

Finite
difference
gradientsb

User System

Generation of I /O pairs —— —— 63,207 827 (a) (b) (a) (b) (a) (b)
Training —— —— 2,407 16.8 (c) (d) 2.2 0.2 (e) (f )
Optimization 8,897 96 24.1 40.3 124.4 263.5 0.4 0.1 1.9 0.2
a
All times are given in seconds.

b(a) and (b) generation of I /O pairs was carried out only once; (c) to (f ) neural network and regression methods were trained once.

velocity constraints agreed with the benchmark solutions
within a 0.1% deviation when the FLOPS analyzer was used.
However, the second-segment climb constraint became active,
which caused a 100% deviation, corresponding to a 0-lb thrust
(vs the 25-lb benchmark solution). Both of these amounts are
small compared to the 10,000 lb normalization factor, as dis-
cussed earlier. The neural network optimization returned the
same three passive constraints, with a maximum deviation of
about 4% for the missed approach thrust and landing approach
velocity. The second-segment climb thrust determined with the
neural network deviated by 1706%, which represents 443 lb;
this too can be considered small compared with 10,000 lb.
When the neural network optimum design was used with the
FLOPS analyzer to back-calculate these constraints, the missed
approach thrust and landing-approach velocity constraints
agreed with the neural network-generated constraint values. In
this case, the deviation between FLOPS and the neural network
method for the second-segment climb constraint represents 25
lb, which can also be considered relatively small compared
with the normalization factor. The regression optimization also
returned the same three passive constraints, with a maximum
deviation of less than 0.2% for the missed approach thrust and
the landing approach velocity. It produced a deviation of 761%
for the second-segment climb, which represents 211 lb, a rel-
atively small amount compared with 10,000 lb. When the re-
gression method optimum design was used with the FLOPS
analyzer to calculate these constraints, the missed approach
thrust and landing approach velocity constraints agreed with
the regression-generated constraint values reasonably well.
The deviation between the FLOPS and regression values for
the second-segment climb constraint represents 25 lb, which

can also be considered relatively small compared to its nor-
malization factor. Thus, the neural network and regression
analysis methods can both be considered to have performed
satisfactorily in determining the values of the passive con-
straints, though the regression scheme was slightly better.

In� uence of Gradient Generation Schemes
in Design Optimization of HSCT Aircraft

The results presented in Table 6, which were obtained by
using closed-form gradients, were generated again with � nite
difference gradients. The regression and neural network meth-
ods produced optimization results that were similar, whether
by closed-form or � nite difference gradients. For the aircraft
weight, both methods gave about the same results. Using the
two gradient approaches with the regression method produced
results almost identical to the optimum values of the design
variables. With the neural network method, the maximum de-
viation of these variables was less than 2%. Constraint values,
with the exception of the second-segment climb thrust, follow
the same pattern. For this passive constraint, the neural net-
work deviation represents 316 lb, which, as before, can be
considered small compared to the normalization factor of
10,000 lb.

CPU Time for Design Optimization
The CPU times associated with design optimization of the

HSCT aircraft are given in Table 7. A Silicon Graphics Power
Series 480-VGX with eight 40-MHz processors and 256
Mbytes of main memory was used for all the calculations. The
total time is separated into user and system component times.
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Fig. A1 Normalized optimum weight and six design variables for
HSCT aircraft. (*Truncated.)

The user component is primarily computation time. The system
component, which is typically small, accounts for forking of
processes as well as some manipulation of � les. The relatively
large system times in Table 7 can be attributed to soft-coupling
of the CometBoards, Cometnet, and FLOPS codes. Generation
of the I /O pairs consumed the most time (almost 18 h). Neural
network training took about 0.67 h, but regression analysis
training time was negligible. Regular optimization with the
FLOPS code itself required 2.5 h (when the process was suc-
cessful). Neural network-based optimization took 1 min when
closed-form sensitivities were used, but the time increased to
6.5 min when � nite difference gradients were used. For re-
gression analysis with closed-form gradients, the time for op-
timization was less than 1 s, but it increased to 2 s when
numerical sensitivities were used. The user CPU times for op-
timization with closed-form gradients via neural network and
regression methods were 24.1 s and 0.4 s, respectively. Even
if a portion of the neural network time can be attributed to
soft-coupling, it is unlikely that the time can be reduced from
24.1 s to less than 0.4 s.

Optimization by approximation methods substantially re-
duced the computation time in comparison to regular optimi-
zation. The reduction factor was 140 when a neural network
was used with closed-form gradients, and it was almost 18,000
when regression analysis was used. Although these reduction
factors are attractive, keep in mind that the I/O-pair generation
and training times were 18.5 and 17.8 h for neural network
and regression methods, respectively. Overall, for the HSCT
aircraft problem, regular optimization time, which has been
measured in hours, was reduced to minutes with a neural net-
work and to seconds with a regression scheme; however, a
substantial price was paid for the generation of the derived
approximating analyzers. The approximation methods, despite
the training penalty, can be advantageous for situations in
which the aircraft design solution is required multiple times
with minor variations in constraints and design parameters.

Optimization worked satisfactorily with closed-form as well
as numerical gradients. Numerical sensitivities, however, in-
creased the solution time by factors of 6.0 and 4.2 for the
neural network and regression methods, respectively.

Note that using approximation methods to solve an optimi-
zation problem required the separation of bad response points
from the candidate I /O pairs generated by the FLOPS code.
The time required for this operation is not included in this
discussion.

Summary of Results
The regular design optimization capability of CometBoards

has been augmented with two approximation methods: neural
network and regression analysis. This paper presents the val-
idation of the approximation methods for the analysis and de-
sign of an HSCT aircraft. Intensive computation in the opti-
mization of the aircraft was reduced by using the neural
network and regression approximation methods. Regular CPU
time for aircraft optimization has been measured in hours but
was reduced to minutes with a neural network and to seconds
with the regression scheme. The regression and neural network
methods can be considered to have performed satisfactorily
within an appropriate range for both the analysis and design
of the aircraft. When the derived analyzers used closed-form
gradients, the computation time for optimization was further
reduced. Both approximation methods eliminated the effect of
the instability in the FLOPS code that can interfere with the
optimization process and lead to premature termination. Gen-
eration of the derived analyzers for both the neural network
and regression methods required substantial computational
time. Training time for the regression method was negligible.
The aircraft problem required that training be done in a large
(standard) range and optimization be performed in a smaller
(restricted) range. The training and optimization ranges should
be strategized prior to developing the derived analyzers.

Overall, neural network and regression approximation meth-
ods were found satisfactory for the analysis and design opti-
mization of a HSCT aircraft.

Appendix: HSCT Aircraft Optimum Solutions
in the Standard and Wide Ranges

The optimum solutions for the HSCT design in the standard
and wide ranges are summarized in this Appendix. Both
closed-form gradients and � nite difference gradients were used
to obtain the solutions. The solution in the standard range is
presented in Table 8. The solutions in all three ranges (stan-
dard, wide, and restricted) are compared with the benchmark
solution in a bar chart format in Figs. A1 and A2. The perfor-
mance of the approximation methods in design optimization
of the HSCT aircraft in the standard and wide ranges is dis-
cussed separately with respect to the design variables, merit
function, active constraints, and passive constraints.

Design Variables

The optimum results for the � rst four design variables
(thrust, wing area, inlet temperature, and overall pressure ratio)
as determined with the neural network analyzer differed from
the benchmark solution by a maximum of 5% in the standard
and wide ranges (see Fig. A1). The maximum deviation ob-
tained by this method for the other two design variables (by-
pass and fan pressure ratios) was 10% in the standard range
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Fig. A2 Normalized constraint values at the optimum for HSCT
aircraft. (*Padded or truncated.)

and 21% in the wide range. Using the regression method in
the standard range yielded a maximum deviation for the design
variables within 14%, except for the bypass pressure ratio,
which was about 84%. The performance of the full cubic poly-
nomial regression method was unacceptable in the wide range.
Thus, the regression approximator was retrained with a qua-
dratic polynomial in the design variables. In the wide range,
the maximum deviation for the design variables was within
4% by this method.

Merit Function

The merit function was better behaved than the design var-
iables in both ranges, except for an 11% deviation obtained by
the regression method in the standard range (Fig. A1).

Active Constraints

With the neural network method, the maximum deviation of
the active constraints in both ranges was within 13%. With the
regression method, the maximum deviation of 68% in the stan-
dard range was reduced to 4% when the regression approxi-
mator was retrained with quadratic basis functions in the wide
range (see Fig. A2).

Passive Constraints

A large deviation was observed for the passive constraints
in both the standard and wide ranges. For example, the second-
segment climb thrust as determined by the neural network de-

viated by 1907%, and that determined by the regression
method deviated by 76,827%. This constraint exhibited sub-
stantial deviation in the restricted range; however, its perfor-
mance in the standard and wide ranges is considered unac-
ceptable (see Fig. A2).

The regression and neural network methods gave similar
optimization results, with some deviations, regardless of
whether closed-form or � nite difference gradients were used.
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