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Computational Environment for Exhaust Nozzle Design

Andrew Gelsey* and Don Smithf
Rutgers University, New Brunswick, New Jersey 08903

The nozzle design associate (NDA) is a computational environment for designing supersonic aircraft
exhaust nozzles. Significant portions of the engineering design process involve trade studies that vary
numerical parameters to improve designs. NDA automates much of this search, thus allowing design
engineers to find better designs more quickly. The NDA software architecture has four principal com-
ponents: a simulator that evaluates candidate nozzle designs, a model/simulation associate that automat-
ically detects and monitors simulation problems, a search controller that looks for good nozzle designs
using various optimization algorithms, and a search space toolkit that is used to investigate the structure
of the search space. NDA was developed in a collaboration between computer scientists at Rutgers Uni-
versity and design engineers at General Electric and Lockheed. The NDA project has two principal goals:
to provide a useful engineering tool for exhaust nozzle design, and to explore fundamental research issues
that arise in the application of automated design optimization methods to realistic engineering problems.
Though the initial implementation of NDA is limited to exhaust nozzle design, most of the software and
methodology (except nozzle-specific simulation code) should apply to a wide range of aircraft design
problems.

I. Introduction

T HE nozzle design associate (NDA) is a computational en-
vironment for the design of jet engine exhaust nozzles for

supersonic aircraft. NDA may be used either to design exhaust
nozzles for new aircraft or to design new nozzles that adapt
existing aircraft so they may be reutilized for new missions.
NDA was developed in a collaboration between computer sci-
entists at Rutgers University and design engineers at General
Electric and Lockheed. The NDA project has two principal
goals: to provide a useful engineering tool for exhaust nozzle
design, and to explore fundamental research issues that arise
in the application of automated design optimization methods
to realistic engineering problems.

Significant portions of the engineering design process in-
volve varying sets of numerical parameters in an attempt to
find improved designs. Typically, trade studies are used to
guide this search process. NDA automates much of this search,
allowing design engineers to find better designs more quickly.
We view NDA as a software associate, which works with de-
signers rather than trying to completely automate their jobs.

Though the initial implementation of NDA is limited to ex-
haust nozzle design, most of the software and methodology
(except nozzle-specific simulation code) should apply to a
wide range of aircraft design problems. We chose exhaust noz-
zle design as our initial problem, both because of the availa-
bility of appropriate collaborators and because the exhaust
nozzle design could be formulated in a sufficiently limited way
to allow us to focus most of our attention on the general soft-
ware architecture rather than on specific details of the design
problem. As a second test problem, we are currently in the
process of developing a version of the NDA software archi-
tecture to be used for airframe conceptual design.
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Figure 1 shows the NDA software architecture. The search
space contains the possible nozzle designs whose performance
is evaluated by the simulator using its models of relevant phys-
ics and with the help of the model/simulation associate (MS A).
The search controller looks for good nozzle designs in the
search space using various optimization algorithms, and the
search space toolkit is used to investigate the structure of the
search space. The next four sections of this article describe
these four components of the NDA in more detail.

II. Simulator
Figure 2 shows the class of nozzles supported by the current

NDA, the axisymmetric scheduled convergent-divergent ex-
haust nozzles often found in supersonic aircraft.1 In Fig. 2, r10,
re, and r7 are fixed radii, and rg and r9 are radii that are me-
chanically varied during aircraft operation. The outer radius of
the engine to which the nozzle is attached is r10, re is the radius
of the duct leaving the engine, r7 is the radius of the duct at
the beginning of the movable convergent section of the nozzle,
r8 is the (variable) radius of the nozzle throat, and r9 is the
(variable) nozzle exit radius. Mechanically, this nozzle is a
four-bar linkage, with three movable links labeled in Fig. 2 by
their lengths /c, ld, and le. During aircraft operation, the linkage
is moved to change r8 so that the cross-sectional area at the
nozzle throat will produce desired engine performance. Since
a four-bar linkage has one degree of freedom, setting rs also
sets rg. The job of NDA is to choose values for the parameters
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Fig. 1 NDA software architecture.
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Fig. 2 Axisymmetric scheduled convergent-divergent exhaust
nozzle.

in Fig. 2 to give optimal performance for a particular aircraft
and flight mission.

In the current version of NDA, the design parameters defin-
ing the search space are the lengths of the convergent, diver-
gent, and external nozzle flaps (/c, ld, and le in Fig. 2). NDA
optimizes the nozzle design under the constraint that the air-
craft must be able to complete its designated mission, and with
the goal that cost should be minimized, NDA currently uses
gross takeoff mass as an approximation for cost, as takeoff
mass is a rough combination of both acquisition cost (approx-
imated by dry mass) and operating cost (approximated by fuel
mass).

The NDA mission simulator is used both to verify that the
aircraft can complete its designated mission and that the con-
straint is satisfied, and also to compute the total fuel mass
consumed during the mission. NDA computes the fuel mass
used during the mission by numerically solving the nonlinear
ordinary differential equation,

dm

which indicates that the rate at which the mass of the aircraft
changes is equal to the rate of fuel consumption, which in turn
is a function of the current mass of the aircraft and the current
time in the mission. To compute the rate of fuel consumption,
the mission simulator must determine the aircraft control Set-
tings (currently, throttle and angle of attack) at each point in
the mission. The simulator chooses the control settings by
solving the system of nonlinear equations

a(c) = amlssion(0

where a is the current acceleration vector (horizontal acceler-
ation, vertical acceleration), c is the current control vector
(throttle, angle of attack), and a^ssion(t) is the acceleration vec-
tor required for the current time in the mission.

For each control setting, forces and fuel consumption rate
are determined using the airframe, engine, and nozzle models.
Presently, the NDA uses airframe and nozzle models based on
one-dimensional gasdynamics heavily supplemented by ex-
perimental data tables, and an engine model based on ther-
modynamic cycles with correction factors.

III. Model/Simulation Associate
Computational simulations of physical systems are tradition-

ally run by human experts who can recognize simulation prob-
lems and deal with them. In contrast, the NDA simulator is
invoked automatically by the NDA search controller, and the
input and output of an NDA simulation may never be seen by
a human. As a result, the NDA simulator architecture neces-
sarily includes nontraditional enhancements that automatically
detect and monitor simulation problems and allow the simu-
lator to serve as a reliable subsystem. The NDA simulator pres-

ently includes three types of enhancements, which we call
spies, saboteurs, and selective backtracking. These simulator
enhancements all work by communicating with a separate in-
telligent software agent called the MS A (see Fig. 1).

Spies are supplementary procedure calls added at particular
points in an existing simulator, which do nothing but transmit
information to the MSA. Spies have no side effects of any
kind within the simulator, and therefore do not change the
simulator's flow of control at all. If an existing simulator has
been validated, and a source code comparison shows that the
only change to the simulator has been the addition of spy calls,
then the simulator will behave just as before and does not need
to be revalidated. (There may be exceptions to this claim if
spies are not carefully written in a standardized fashion. For
example, a spy that exceeds an array dimension could poten-
tially cause a memory access violation that would terminate
execution.)

Saboteurs are supplementary procedure calls added to the
simulator that first ask the MSA what to do and then either do
nothing or completely abort the simulation. For a validated
simulator, the addition of saboteurs will not make revalidation
necessary, since any successful simulation run will produce
exactly the result it would have if no saboteurs were present.
However, it is necessary that any person or program using the
simulator must recognize that if a simulation aborts, then it
has not returned meaningful information. The MSA instructs
a saboteur to abort a simulation if the MSA determines, using
information received from its spies, that the simulation will
not be able to produce a valid result. A saboteur is imple-
mented as a communication mechanism that receives instruc-
tions from the MSA, in combination with a simple invocation
of an exit system call (equivalent to Fortran STOP).

Selective backtracking is a somewhat more complex simu-
lator enhancement that modifies the simulator's behavior at
choice points, for example, when the simulator chooses a start-
ing point for a numerical iteration. Selective backtracking al-
lows the simulator to try additional choices under control of
the MSA if its original choice fails. Determining whether se-
lective backtracking affects the validation of a simulator re-
quires a more careful examination of the details of the partic-
ular simulator than the other enhancements, but in some cases
it can be shown that adding selective backtracking does not
mean that a simulator must be revalidated. We show such an
example later in this section.

The MSA is an intelligent agent in an automated design
system for handling tasks involving models of physical sys-
tems and the simulations that execute those models. One of
the most important capabilities for the MSA is to monitor and
control computational simulation and to recognize when the
quality of simulation output is inadequate.

Gelsey2 provides an extensive list of methods for automat-
ically evaluating the quality of simulation output. For the pur-
poses of this article, we will focus on simulator problems aris-
ing from assumption violations. Models of physical systems
always involve approximations and simplifying assumptions.
If a simulator is given input that violates the assumptions un-
derlying the model that the simulator is based on, then the
simulator's output will not be trustworthy.

The MSA must have methods for processing the information
received from its spies within a simulator to determine if the
simulator's modeling assumptions have been violated. If the
MSA detects a model violation, then it must either use a sab-
oteur to abort the simulation or use selective backtracking to
try to correct the model violation.

The models shown in Fig. 1 are based on numerous as-
sumptions, and spies have been inserted within the NDA sim-
ulator to send the MSA the information it needs to determine
whether the assumptions are satisfied. Recovery from some
model violations is impossible, so saboteurs have been put in
the NDA simulator to abort simulations having those model
violations. For example, if the search controller invokes the
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NDA simulator to evaluate a nozzle in which le is much longer
than lc + ld, then it will not be possible to connect this nozzle
to form a four-bar linkage. A basic assumption of the NDA
simulator is that the nozzle is a four-bar linkage, if this as-
sumption is violated, the simulator cannot give valid output.
When the MSA detects this model violation, it instructs a sab-
oteur within the NDA simulator to abort the simulation. The
NDA search controller (see Fig. 1) recognizes that it should
ignore data from an aborted simulation and should not attempt
to consider that parameter combination.

In some cases, the MSA can use selective backtracking to
allow the NDA simulator to recover from model violations.
For example, the NDA simulator solves the system of nonlin-
ear equations

using Newton's method. Each step of the Newton iteration
does function evaluations by calling the NDA physics models.
If the NDA simulator chooses the wrong initial guess for the
iterative Newton algorithm, the physics models may be in-
voked with input that violates their underlying assumptions.
For example, the engine model assumes that flow through the
nozzle becomes supersonic. If the initial guess for the Newton
iteration has too low a throttle setting, it may be impossible
for the nozzle to make the flow supersonic. This causes a
model violation for the engine model. However, it is important
to note that this model violation applies to the initial guess,
and not necessarily to the true solution to the system of equa-
tions, which in fact may be fully consistent with all modeling
assumptions. So the MSA uses selective backtracking to restart
the Newton iteration with a different initial guess. Often this
selective backtracking leads to a sound solution to the equa-
tions, which would have been missed if the initial model vi-
olation had caused an aborted simulation.

In our MSA implementation, the MSA capabilities can be
invoked selectively, which is convenient for running compar-
ative experiments. To test the impact of the MSA on the nozzle
design process, we ran a comparison study to determine the
effects of MSA-controlled selective backtracking on numerical
optimizations. We ran one set of 40 optimizations with MSA-
controlled selective backtracking enabled, and then ran the
same set of optimizations with selective backtracking disabled.
We used four different numerical optimization methods: the
Fletcher -Reeves, Pollack -Ribiere, and Powell methods from
Ref. 3, and sequential quadratic programming in the CFSQP
program from the University of Maryland.4 The same set of
10 randomly chosen starting points were used for each opti-
mization method.

We found that one of the optimization methods (CFSQP)
proved very reliable when MSA-controlled selective back-
tracking was used by the simulator that the optimization
method called to do function evaluations. All of the CFSQP
runs from the 10 different starting points found designs whose
takeoff mass was within 1/4% of the best takeoff mass found
by any run. On the other hand, without MSA-controlled se-
lective backtracking, none of the optimization methods worked
reliably: only 9 out of the 40 optimization runs found designs
that were within 1% of the best design found.

IV. Search Controller
Though automated design optimization has been applied to

some engineering tasks for over three decades,5 the majority
of engineering design still relies on traditional trial- and-error
techniques. This backwardness is partly because of cultural
and educational factors, but in fact, there are significant tech-
nical barriers that make the application of automated design
optimization to realistic engineering problems a far from trivial
task. Numerical optimization algorithms have traditionally
been developed using abstract, mathematically well-behaved
objective functions. However, the objective functions needed

for engineering design are typically embodied in complex sim-
ulators such as the NDA mission simulator described previ-
ously. These simulators tend to produce output that is not at
all mathematically well-behaved, with problems ranging from
nonsmooth transitions in the values computed for neighboring
points in a design space, to the common practice of aborting
a simulation whenever design parameters violate the simula-
tor's underlying assumptions.

NDA addresses this problem by MSA-controlled simulator
enhancements (as described in the previous section), by sys-
tematic investigation of search space structure (see the descrip-
tion of the search space toolkit in the next section), and by
optimizer enhancements. NDA includes a number of exten-
sions to traditional optimization algorithms to make them more
robust. For example, NDA algorithms for numerical differen-
tiation recognize when a simulator aborts trying to compute a
function value. NDA then automatically attempts to recover by
computing the derivative of the function using different step
sizes, avoiding the current bad point.

V. Search Space Toolkit
The search space toolkit (SST) is a suite of tools for inves-

tigating the properties of continuous search spaces. The search
spaces that SST explores differ significantly from the discrete
search spaces that typically arise in artificial intelligence (AI)
research, and properly searching such spaces is a fundamental
AI research area. Our SST research has focused on the prob-
lem of designing complex engineering artifacts and the anal-
ysis of the associated search spaces. Evaluation of points
within these search spaces requires significant computation by
a numerical simulator.

Figure 3 shows what might be called a naive approach to
design automation: simply combine a standard optimizer with
a simulator capable of evaluating candidate designs. Unfortu-
nately, simulators are typically written with the assumption that
they will be invoked by experienced human users, and making
them robust enough for use in an automated environment like
Fig. 3 can be demanding. Even when some software engi-
neering has been done to make the simulator and optimizer
capable of working together, optimization results tend to vary
widely, as illustrated by the example in Fig. 4, in which an
exhaust nozzle simulator is combined with a number of dif-
ferent optimization algorithms.3 In Fig. 4, each optimizer was
started at the same point and run until it could find no further
design improvement. The horizontal axis shows the number of
iterations the optimization method required to find its best
point, and the vertical axis shows the deviation of the design
quality of each termination point from the best point found by
any method. In Fig. 4, we sort the optimization methods into
groups: those whose deviation was small enough to be ac-
ceptable for the current design goals, and those with larger,
unacceptable deviation.

Figure 5 illustrates an alternative way of looking at the prob-
lem of automated design optimization. The viewpoint here is
that the simulator implicitly defines a search space, which in
turn is searched by the optimizer. The premise of our SST
research is that automated design optimization has a much bet-
ter chance of success if this search space is treated as a distinct
entity whose geometry and topology should be investigated by
a variety of computational tools, rather than as a black box
buried in the interface between an optimizer and a simulator.

Fig. 3 Simple simulate/modify loop.
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Fig. 4 Experimental data showing quality of termination points
of various optimization methods.
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Fig. 5 Optimizer searches space induced by simulator.

Figure 6 lists a number of search space properties that are
likely to be important in searching the space for an acceptable
design. Gelsey et al.6 explains these properties in more detail,
but in this article we will just discuss how we have used SST
to investigate the structure of the nozzle design search space.

The number of local optima in a search space is a critical
property. Unfortunately, for an objective function defined by a
large numerical simulation program, the information we are
able to obtain about the number of local optima will generally
be statistical in nature, rather than the subject of a mathemat-
ical proof. SST uses a Monte Carlo-like multistart method for
estimating the number of local optima: the algorithm repeat-
edly chooses random combinations of design parameters, uses
the resulting design as a starting point for a numerical opti-
mizer, and sorts the termination points of the optimizations into
bins. (A byproduct of this process may be the identification of
a global optimum, which is the best of the local optima.)

Properly classifying the termination points of the optimiza-
tions is a nontrivial task. For numerical reasons, even if two
numerical optimizations end up at the same local optimum,
they will typically stop at slightly different points because of
numerical tolerances, etc. SST can do a line search between
any two close termination points to determine whether they
are, in fact, at the same local optimum, and belong in the same
bin.

A more important problem in classifying the termination
points of the optimizations is whether the termination points
are local optima at all. If the objective function includes com-
plexity such as ridges and unevaluable regions, then optimizers
will often stop at points that are not true local optima. SST
includes a local property analysis capability that can be applied
at interesting local points, such as optimization stopping
points. The SST local property analyzer generates a family of
other points surrounding the point of interest by adjusting each
design parameter by +wA/*, and — wA/i,, where m is a small
number (e.g., 4), and A/I, is an appropriate step size for nu-
merical differentiation of the objective function with respect
to design parameter i. The local property analyzer then com-
putes the gradient numerically at each point in this family, and
if the gradients are not all effectively the same, it partitions
the neighborhood into piecewise smooth components. In each

number of local optima
convexity
"depth" of local optima
smoothness; continuity of nih derivative
local properties in piecewise smooth regions
evaluability of objective function
topology/geometry of evaluable region
constraints: explicit, implicit
ridges; valleys
plateaus
noise

Fig. 6 Search space properties.

Fig. 7 Slab-shaped evaluable region.

piecewise smooth component the Hessian (matrix of second
partial derivatives of the objective function with respect to
pairs of design parameters) is computed and diagonalized. If
the neighborhood has only one component, the gradient is
zero, and the Hessian is positive definite, then the point is
identified as a true local optimum. Otherwise, further analysis
may be required, particularly at points where an optimization
terminated.

SST currently addresses the issue of objective function eval-
uability by a fixed-grid sampling technique, both on large
regions and on selected subregions of a search space. In the
NDA exhaust nozzle search space, if SST imposes a grid on
a large section of the search space spanning the reasonable
range of values for the design parameters, sampling the grid
points reveals that only about 4% of the grid points are eval-
uable. These grid points are contiguous, and form a slab-
shaped evaluable region. Figure 7 graphically portrays the ap-
pearance of this slab using scientific visualization software. In
the current NDA, the space of possible nozzle designs is three
dimensional, since we only allow NDA to vary the three pa-
rameters 4, ld, and /«,, the lengths of the movable nozzle flaps.
SST does not detect internal pockets of unevaluable points
within this slab, suggesting that the evaluable region in this
space is simply connected. The boundaries of this slab are
implicit constraints on the acceptable combinations of design
parameters for this problem.

Several of the SST tools have led us to the conclusion that
the gross structure of the NDA nozzle design space is that of
a valley. The SST fixed-grid sampling reveals that the slab-
like evaluable region has a thin surface running midway be-
tween the flat boundaries of the slab, which contains designs
much better than their neighbors closer to the outside of the
slab. The optimizations run by the Monte Carlo-like multistart
techniques tend to stop on this central surface, though most of
the stopping points are not local minima. If the Hessian matrix
for a point on this central surface is diagonalized, one eigen-
value is much larger than the others, and its corresponding
eigenvector is normal to the central surface. This data gathered
by SST strongly suggests that the central surface running
through the middle of the slab is a higher dimensional analog
of a ridge. The nozzle design objective function is an approx-
imation of cost, which should be minimized, and so we refer
to this ridge as a valley, and we refer to the central surface in
the slab as the valley floor. Optimizers tend to stop soon after
finding the valley floor because the gradients driving the op-



474 GELSEY AND SMITH

355000

350000

345000

340000

335000

330000

325000

320000

315000

310000

"b2_cl.dat" ——
"b2_dl.dat"
"b2_el.dat"

-0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6

Fig. 8 Objective as function of lc, /rf, and le.

0.8

355000 -

-1 -0.8 -0.6 -0.4 -0.2 0.2 0.4 0.6 0.8 1

310200

310000

309800 -

0.2 0.4 0.6 0.8 1

Fig. 9 Objective function variation in directions of Hessian eigenvectors: a) large scale and b) close-up view.



GELSEY AND SMITH 475

timization towards the valley floor are very strong and tend to
mask the much weaker gradients along the valley floor.

Figure 8 shows how the objective function varies about a
typical optimization stopping point as a function of design
space parameters (lc> ld, and le in Fig. 2), and indicates that the
gradient is approximately zero and the second derivatives pos-
itive, so that it was legitimate for the optimizer to stop here.
Figure 9 shows how the objective function varies about the
same optimization stopping point as a function of combina-
tions of parameters in the direction of the eigenvectors of the
Hessian at this point. Here we see that there may be a downhill
direction that is a linear combination of the eigenvectors cor-
responding to the two smaller eigenvalues, but that the other
much larger eigenvalue is masking this possibility for improve-
ment.

There is more to a search space than its gross structure. If
gross analysis reveals that a search space is a valley, the next
natural question is what is the structure of the valley floor? To
investigate this issue, SST includes a tool we call dimension
reduction. The floor of a valley can be considered a search
space in its own right, but a search space of dimensionality
one less than that of the primary search space. Though the
valley floor space has fewer dimensions, it may still have a
very complex structure. To ascertain the properties of this sub-
space without having them masked by the strong gradients in
the rest of the primary search space, SST must limit its eval-
uations to points exactly on the valley floor.

The SST dimension reduction algorithm works by projecting
the desired subspace onto a hyperplane tangent to the subspace
at some point. (A limitation of our current version of this al-
gorithm is that it works poorly for subspaces with high cur-
vature.) Linear algebra gives a coordinate system for the hy-
perplane with one less dimension than the primary space. This
coordinate system then serves as a coordinate system for the
subspace by identifying each point Ps in the subspace with the
nearest point Ph on the hyperplane (i.e., the line defined by Ps
and Ph is normal to the hyperplane). Thus, each function eval-
uation in the reduced dimension subspace requires a search in
the primary space along the line normal to the corresponding
point on the hyperplane to find the intersection with the sub-
space and evaluate the point of intersection. If the subspace is
the valley floor in the nozzle search space, then each function
evaluation requires solving a one-dimensional minimization
problem, because the line normal to the hyperplane (just a
plane in this case) will have its minimum value of the objective
function where it intersects the valley floor.

The SST dimension reduction algorithm has been applied to
the NDA nozzle design search space. By combining the di-
mension reduction algorithm with our fixed-grid sampling
technique, we were able to determine the structure of the val-
ley floor for the nozzle design space, as shown in Fig. 10 (Fig.
11 shows a contour plot of the same data). Note the apparent
presence of two local optima, especially in the contour plot of
Fig. 11. The fixed grid sampling technique is too coarse to
conclusively demonstrate that these apparent local optima are
real, but the big picture given by the sampling technique is
very useful for suggesting points in the space where optimi-
zation algorithms and gradient and Hessian analysis may be
able to identify local optima.

VI. Design Example
Table 1 illustrates how NDA could be used by a nozzle

designer. For this example the goal is to choose lengths for
the three nozzle's three movable flaps to give the best perfor-
mance for a given mission. In this case a very simplistic mis-
sion was used: 1) 1 h at 40,000 ft altitude at Mach 2; 2) 1 h
climbing from 40,000 to 60,000 ft at Mach 2; and 3) 1 h at
60,000 ft altitude at Mach 2.

The best design was defined to be the one giving the small-
est takeoff mass for the aircraft as a whole. As indicated in
Table 1, the optimizer used was CFSQP, and it was started

Fig. 10 Valley floor structure for NDA nozzle design space.
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Fig. 11 Valley floor contour plot.
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from 10 different random points. Two different optima were
found, with the better one being found more often. We tenta-
tively label the better design as globally optimal. At this point
the nozzle designer has several options including: 1) accept
the best design, 2) use the search space toolkit to gather addi-
tional evidence showing that the best design is globally opti-
mal, and 3) vary the mission specification and repeat the multi-
start optimization to check sensitivity to mission requirements.

VII. Implementation
NDA is implemented in C and runs on desktop Unix work-

stations. A typical mission simulation requires about 1/4 s of
CPU time on a DEC Alpha 250 4/266. Table 1 suggests how
many function evaluations may be needed in an optimization,
though the number needed will vary with the circumstances.
Each function evaluation computes takeoff mass for a candi-
date design and requires a mission simulation. NDA has no
large memory requirements and should run with any standard
memory configuration. The NDA software is not proprietary
and is available from the authors.
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Table 1 Multistart using CFSQP to minimize aircraft takeoff mass

Start
point

1
2
3
4
5
6
7
8
9

10

Takeoff
mass

306525.8
306526.9
306527.2
306524.7
306995.1
306526.6
306995.1
306524.9
306995.1
306525.0

lc

4.4
4.3
4.3
4.3
2.6
4.4
2.6
4.4
2.6
4.3

ld

37.5
37.2
37.0
37.3
35.2
37.7
35.2
37.3
35.2
37.4

I.
57.4
57.0
56.8
57.1
52.7
57.7
52.7
57.2
52.7
57.3

Function
evaluations

299
387
231
351
371
355
475
261
517
305

Local
optimum

A
A
A
A
B
A
B
A
B
A

VIII. Related Work
A great deal of work has been done in the area of numerical

optimization algorithms,5'7'9 though not much has been pub-
lished about the particular difficulties of attempting to optimize
functions defined by large real-world numerical simulators.
Search has been a key focus of AI research from the field's
beginning,10 but most of the attention has been on discrete
rather than continuous objective functions. A number of re-
search efforts have combined AI techniques with numerical
optimization,11'16 but automated identification of search space
properties has not been a focus in this work.

IX. Conclusions
NDA combines automated optimization, computational sim-

ulation, and enhancements to each that allow them to work
effectively together. The automation of the NDA computa-
tional environment enables a faster and more robust exhaust
nozzle design process. It produces potentially superior designs
by a combination of systematic optimization, which is less
likely to overlook promising designs, and mission-oriented
simulation, which produces a more balanced evaluation of can-
didate designs. NDA is the result of an active academic-in-
dustrial collaboration, and is a significant step in the direction
of a new and better design methodology for exhaust nozzles
and other aircraft components.
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