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The NASA Engine Performance Program (NEPP) can con� gure and analyze almost any type of gas-turbine
engine that can be generated through the interconnection of a set of standard physical components. In addition,
the code can optimize engine performance by changing adjustable variables under a set of constraints. For engine-
cycle problems at certain operating points, the NEPP code can encounter dif� culties: nonconvergence in Powell’s
optimization algorithm and de� ciencies in the Newton–Raphson solver during engine balancing. A project was
undertaken to correct the de� ciencies. Nonconvergence was avoided through a cascade optimizationstrategy. De� -
ciencies associated with engine balancingwere eliminated through neural-network and linear-regression methods.
An approximation-interspersed cascade strategy was used to optimize engine operation over the � ight envelope.
Replacement of Powell’s algorithm by the cascade strategy improved the optimization segment of the NEPP code.
The performance of the linear-regression and neural-network methods as alternate engine analyzers was found to
be satisfactory. The paper illustrates the results and insights gained from the improved version of the NEPP code
considering two examples: a supersonic mixed-� ow turbofan engine and a subsonic waverotor-topped engine.

Nomenclature
T4 = temperature at entrance to high-pressure turbine
´ = ratio of NEPP solution to cascade result

Introduction

T HE NASA Engine Performance Program (NEPP) is a gas-
turbine engine-cycle simulation code. This code can con� g-

ure and analyze almost any type of gas-turbine engine that can be
generated through the interconnection of a set of standard physi-
cal components: propellers, inlets, ducts, combustors, fans, com-
pressors, turbines, shafts, heat exchangers, � ow splitters, subsonic
mixers and/or supersonic ejectors, nozzles and water injectors, or
gas generators. The engine can be designed for different types of
fuels: standard hydrocarbon jet fuel, cryogenic fuel, and slurries.
For thermodynamic analysis built-in curve � ts can be generated
from empirical data available in NEPP. For the analysis of jet and
rocket fuels, an auxiliary chemical equilibrium composition model
is available.1 The NEPP code has been successfully used to sim-
ulate a wide range of engines from turboshaft and turboprops to
air-turbo rockets and supersonic variable-cycleengines. A descrip-
tion of the NEPP code, with typical input � les for a set of engine
con� gurations, is given in Refs. 2 and 3. Since its inception,4 the
NEPP code has been continuouslyundergoingimprovement to keep
pace with the advanced gas-turbineengines envisioned for the 21st
century. NEPP simulation has decreasedengine-cycleanalysis time
and improved model � delity.

The NEPP code has a numerical optimization capability to in-
crease engine performance. The program allows the optimization
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of a cost function for a set of independent variables subjected to
a number of speci� ed behavior parameters of the engine, which
act as the constraints. In the NEPP code the resulting problem is
solved using Powell’s method,5 which was developed in the early
1960s. The observationhas been made that for certain engine prob-
lems Powell’s method can produce an overdesign condition with
fewer active constraints than the correct optimum solution or can
experience convergence dif� culties. A project was undertaken to
correct the optimization-related de� ciency in the NEPP code by
augmenting it with a cascade optimization strategy that was devel-
oped recently.6 During the implementationof the new algorithm for
the solution of multimission engine problems with multiple oper-
ating points within a � ight envelope, dif� culties were encountered
in engine-cycleanalysis. To overcome the dif� culties, approximate
analyzerswere created through two analysis approximators:neural-
network and linear-regressionmethods. This paper summarizes the
results and insights gained from the improved NEPP code.

The paper is organizedas follows: an overviewof the NEPP code
with emphasis on engine operation optimization; two illustrative
examples—a supersonicmixed-� ow turbofanengineand a subsonic
waverotor-topped engine; the cascade strategy with illustrations; a
description of the neural-network and regression approximations;
neural-network and regression solutions; and conclusions.

Overview of the Optimization Capability of NEPP
The NEPP code is popular in U.S. aircraft engine companies.

The early versions of this code4;7 have been improved by introduc-
ing multiple modes of operation to simulate variable-cycleengines,
stacked component maps for variable geometry components and
optimization capability. The current code2 can simulate the steady-
state design and off-design performance of almost any gas-turbine
engine. Its chemical dissociation subprogram can model standard
hydrocarbon jet fuel and cryogenic fuel and slurries. In addition
to modeling airbreathing propulsion engines, NEPP can simulate
air-turbo rockets, ejector mixers, and rockets.

The numerical optimization capability of the NEPP code, the
subject matter of this paper, casts the engine operation as a standard
nonlinear mathematical programming problem:

Find the design variables fDg;
To optimize a cost function C f ;
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Subjected to a set of inequality constraints fgg.
Engines have to perform satisfactorilyover their � ight envelopes,

which consist of a number of operating points de� ned by altitude,
Mach number, and power setting combinations. Engine operation
design becomes a sequence of interdependent optimization sub-
problems, one for each operating point. The optimization process
typically adjusts a few engine parameters. The dif� culty in the op-
timization problem does not lie with the number of active design
variables,but rather with its multiple operating-pointcharacter,con-
straint validity ranges, and the iterative nature of engine-cycleanal-
ysis. In the original NEPP code, subproblems were solved in se-
quence using Powell’s algorithm. This algorithm has been replaced
by a state-of-the-artcascade optimization strategy.

During engine optimization, an anomaly associated with the
Newton–Raphson solver was observed in the analysis portion of
the NEPP code. In the NEPP code an engine is balanced by varying
independent parameters until dependent parameters are matched.
For example, the compressor operating point must be varied until
the compressor � ow error is reduced to zero. In addition, the shaft
speed must be varied until the amount of power being supplied by
the turbinematches the amount of powerbeing used by the compres-
sor. The Newton–Raphson solver,8 which does this balancing, uses
the solution of the previous operating point as the initial guess for
the current operatingpoint. During an attempt to balance an engine,
this solver converges for small changes in operating conditions or
when the starting point is close to the solution point. The solver has
trouble reachingconvergencefor relatively large jumps in operating
conditions. In optimization such a de� ciency becomes troublesome
especially during one-dimensional searches, when the feasible de-
signspacecan be violated.In most situationsthe algorithmreturnsto
the feasible region to continue optimization calculations.However,
the engine analyzer is unable to return to the feasible region when
operating characteristics change abruptly, leading to a termination
of the optimization process. The authors attempted to overcome
this problem by approximating the engine analysis through neural-
network and regression methods. An engine design optimization
problem, in other words, can be solved using three analyzers: the
original NEPP analyzer, the derived analyzer using neural-network
approximations,and the linear-regression-basedanalyzer.

Behavior Parameters for Engine Optimization
NEPP providesa number of behaviorparameters that can be used

in engine operation optimization. In this paper only a partial list of
possibledesignvariables,cost functions,andconstraintsis provided.

Design Variables

The following parameters can be used as design variables for
engine operation optimization:

1) D1—rotational speed of the engine shaft that connects com-
pressors, turbines, propellers, and other components;

2) D2—tip speed of the propeller,when such a componentis used
in the engine;

3) D3—waverotor speed, when such a component is used in the
engine;

4) D4—ratio of compressor bleed � ow to total � ow into the com-
pressor;

5) D5—compressor pressure ratio, its adiabatic ef� ciency, and
its bleed (These parameters and the ratio of compressor bleed � ow
to total � ow into the compressor can also be used for turbines and
fans.);

6) D6—three-dimensionalmap value for the fan;
7) D7—nozzle � ow area (i.e., exit area for convergent and throat

area for convergent-divergentnozzles);
8) D8—ratio of the exit-to-the-throat area for convergent-

divergent nozzles;
9) D9—geometricalnozzle parameters, such as length and diver-

gence angle;
10) D10—nozzle-exit static pressure;
11) D11—geometrical parameters of the duct and burner;
12) D12—ratio of the entranceand exit bleed � ow to the total � ow

for the duct;

13) D13—for splitters the bypass ratio in each branch;
14) D14—primary� ow temperaturechange in the heatexchanger;
15) D15—heat added to the waverotor; and
16) D16—primary and secondary � ow area for mixers and ejec-

tors.

Cost Function and Constraints

For operationoptimizationseveralengine parameters can be con-
sidered either as behavior constraints or as components of the cost
function.Some behaviorparameters that can form cost components
follow:

1)C1—Net enginethrust is a typicalcost function.This parameter
can be modi� ed to account for drag from the installation, inlet,
nozzle boattail, and other protuberances. The shaft and propeller
horsepower are related cost components.

2) C2—Fuel � ow per unit time, or a combination of thrust and
fuel � ow (for example, the ratio of fuel � ow to the engine thrust),
can become a cost component.A constraintcan also be speci� ed on
fuel � ow.

3) C3—The NOx emission index (as the ratio of NOx in grams to
fuel in kilograms) can be a cost component. This variable can also
become a constraint with a speci� ed limit.

For optimization a merit function can be generated as a linear
combination of the component costs as

C f D
X

k

wk °k (1)

where C f is the cost function, wk is a weight factor, and °k is the
cost for the kth component.

Behavior constraints can be imposed on the following engine
parameters:

1) g1—pressure ratio, temperature, and drag for inlets;
2) g2—surge margin and pressureratio for fans, compressors,and

turbines;
3) g3—exit temperature and corrected speed for fans and com-

pressors;
4) g4—� ow factor for turbines;
5) g5—jet velocity, overall pressure ratio, and static and critical

pressure ratio at the throat for nozzles;
6) g6—pressure, temperature,Mach number, and fuel-to-air ratio

at speci� c � ow stations along the engine;
7) g7—mass-� ow rate at the entrance or exit of the inlets;
8) g8—bypass ratio, total-pressure losses, and total weight � ow

for � ow splitters; and
9) g9—total pressure drop, fuel mass � ow, outlet temperature,

and ef� ciency for burners.
The constraintset has to be modi� ed for waverotoraugmentation.

Illustrative Examples
Two engine problems are used to illustrate the cascade optimiza-

tion strategy and analysis approximations.Engine 1 is a supersonic
mixed-� ow turbofan engine for the High-SpeedCivil Transport sys-
tem. Engine 2 is a subsonic waverotor-toppedengine.

Engine 1: Supersonic Mixed-Flow Turbofan Engine

The supersonic mixed-� ow turbofan (MFTF) engine with by-
pass � ow is con� gured with 15 components. The components are
mounted on two shafts with 17 � ow stations: an inlet, a fan, a � ow
splitter, two ducts, a compressor, another duct, a burner, a high-
pressure turbine, a low-pressure turbine, one more duct, a � ow
mixer, an afterburnernozzle, and so forth. The fan and low-pressure
turbine are mounted on the � rst shaft. The second shaft carries the
compressor, the high-pressure turbine, and a load. The engine was
designed for a � ight envelope with 122 operating points. The alti-
tude of the operating points varies between sea level and 80,000 ft,
while the speed changes between 0 and 2.4 Mach as shown in Fig. 1.
The design objective at each operating point is to maximize the net
thrust of the supersonicengine, accounting for the installationdrag.
The three active, independentdesign variables of the MFTF engine
for these off-design points are
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Fig. 1 Mission pro� le for supersonic and subsonic engines.

Fig. 2 Subsonic waverotor-topped gas-turbine engine.

1) D1—bypass � ow ratio of the splitter between � ow stations 3
and 4 (� ow station 3 is located downstream of the fan, and � ow
station 4 is located upstream of a duct leading to the compressor);

2) D2—fan speed; and
3) D3—fan surge margin.
Upper and lower bound constraints were speci� ed on the follow-

ing parameters:
1) g1—inlet air� ow ratio;
2) g2—bypass ratio in the � ow splitter;
3) g3—burner exit temperature exclusive of nonheated air;
4) g4—compressor exit temperature;
5) g5—high-pressure turbine � ow scale factor;
6) g6—corrected speed ratio for the fan;
7) g7—corrected speed ratio for the high-pressurecompressor;
8) g8—mixer primary entrance Mach number at � ow station 11

(located upstream of a � ow mixer leading through a duct to the
nozzle);

9) g9—mixer secondary entrance Mach number at � ow station
16 (located upstream of the � ow mixer);

10) g10—R-value for the fan; and
11) g11—R-value for the high-pressurecompressor.

Engine 2: Subsonic Waverotor-Topped Engine

A high bypass-ratio subsonic waverotor-enhanced turbofan en-
gine, depicted in Fig. 2, is considered as the second example. This
engine is made of 16 components mounted on two shafts with 21
� ow stations. It is modeled with an inlet and a splitter,which branch
off to a compressor, a duct, and a nozzle. The main � ow proceeds
through a fan, a duct, a high-pressure compressor, another duct, a
high-pressureturbine, a low-pressure turbine, one more duct, and a
nozzle. The components mounted on the � rst shaft include the fan,
the compressor along the secondary � ow branch, the low-pressure
turbine, and a load. The second shaft carries the high-pressurecom-
pressor along the main � ow, the high-pressure turbine, and another
load. A four-portwaverotor (with its burner inlet and exhaust, com-
pressor inlet, and turbine exhaust) is located between the high-
pressure compressor and the high-pressure turbine. As shown in
Fig. 1, the engine operating condition is speci� ed by a � ight enve-
lope with 47 operating points, with altitudes between sea level and
40,000 ft, and speeds between Mach 0 and 0.85.

To examine the bene� ts that accrue from the waverotor enhance-
ment, the engine is optimized under the assumption that most of the
baseline variables and constraints are considered passive. The de-
sign objective is to maximize the net engine thrust, by considering
the following two waverotor design variables as active:

1) D1—heat added to the waverotor in the range 93,700–

131,300 Btu/s; and
2) D2—waverotor speed in the range 4940–7660 rpm.
An upper-anda lower-bound constraintwere speci� ed on each of

the following engine parameters:
1) g1—corrected speed ratio for the compressor along the sec-

ondary � ow branch in the range 0.7–1.01;
2) g2—corrected speed ratio for the fan in the range 0.7–1.01;
3) g3—corrected speed ratio for the high-pressure compressor

along the main � ow in the range 0.7–1.01;
4) g4—waverotor unmixed temperature in the range 2000–

3200 ±R;
5) g5—surge margin on the compressoralong the secondary � ow

branch in the range 15–100;
6) g6—surge margin on the fan in the range 15–100;
7) g7—surge margin on the high-pressure compressor along the

main � ow in the range 15–30; and
8) g8—pressure ratio for the high-pressure turbine in the range

0.0–6.59.

Cascade Optimization Strategy
Nonlinear programming optimization algorithms play an impor-

tant role in the optimizationof aircraft, their engines and structures,
and other engineering problems. During the past few decades, sev-
eral algorithms with associated computer codes have been devel-
oped. The performance of 10 different algorithms was evaluated
for a set of 40 structural design problems with 10–50 design vari-
ables and a few hundred constraints. The observation was made
that none of the algorithms could solve all of the problems, even
though most algorithms succeeded in solving at least one-third of
them.9;10 The algorithms were used next to solve aircraft system
design and variable-cycle engine problems. Even the most robust
algorithmsencountereddif� culties in generatingoptimumsolutions
for the aircraftand engineproblems.This can be attributedto diverse
design variables and distorted design spaces. The aircraft problem,
for example, required combining different types of design variables
such as the wing area, engine thrust, temperature,and pressure ratio.
The constraints (such as the takeoff and landing � eld lengths, com-
pressortemperature,jet velocity,andclimb thrust), whichdifferedin
magnitude and units of measure,distorted the feasibledesign space.
The complexity was further compounded by the large sequence of
implicit optimizationsubproblemsthat had to be solved for multiple
operating points.

Improvingthe two key ingredientscommon to most algorithms—
the search direction and step length—and thereby developing a su-
perior optimizerwas seriouslyconsidered,but ruled out because we
believed that such aspects had been considered by the combined
efforts of the developers of the algorithms.11¡15 Instead, a strategy6

that would bene� t from the strength of more than one optimizer was
conceived. This strategy uses a number of optimization algorithms,
one at a time, in a speci� ed sequence (see Fig. 3a). The problem is
solved by Optimizer 1. The second optimizer is begun from the Op-
timizer 1 solution with some pseudorandomdamping, and so forth.

The cascade strategy is illustrated for a subsonic aircraft system
design and the two engine problems: the MFTF engine (Engine 1)
and the subsonic waverotor-toppedengine (Engine 2). For the sub-
sonic aircraft system design problem a three-optimizercascade was
used along with the aircraft system analyzer Flight Optimization
System16 of the NASA Langley Research Center. Aircraft weight
was considered as the merit function.Design variables included the
wing area, wing sweep, wing aspect ratio, wing taper ratio, wing
thickness-to-chord ratio, and engine thrust. Behavior constraints
were speci� ed on the approach velocity, jet velocity, takeoff and
landing � eld lengths, and missed-approach thrust.

The cascade strategy used a sequence of three algorithms: non-
linear quadratic programming (NLPQ11), followed by the method
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a) Cascade concept

b) Cascade and component solutionsfor a subsonicaircraft

c) Cascade solution for an MFTF engine

d) Cascade solution for a waverotor-topped engine

Fig. 3 Cascade solutions for aircraft and engines.

of feasible directions (FD12), followed by NLPQ again to solve
the subsonic aircraft system design problem. Figure 3b depicts the
cascade solution, along with solutions obtained from individual al-
gorithms. The NLPQ method, used alone, converged to a heavy
infeasible solution for the aircraft weight of 202,005 lb (see the in-
sert in Fig. 3b). Likewise, the FD algorithm alone produced a heavy
design of 202,854 lb (see the insert in Fig. 3b). In other words,
neither the NLPQ nor the FD algorithm alone could successfully
solve the subsonic aircraft system design problem. However, the
NLPQ–FD–NLPQ cascade created from the same two optimizers
successfullysolved the problem with a feasible optimum solution at
199,818 lb for the aircraft weight (see Fig. 3b). The cascade strategy
reduced the aircraft weight by 1.5%, eliminating infeasibility and
overdesign conditions encountered by the individual cascade com-
ponents. In a cascade (for example, NLPQ–FD–NLPQ) the same
optimizer, NLPQ, can be used more than once, but we recommend
that optimizerNLPQ be separatedby anotheroptimizer, such as FD.

The solution to the MFTF engine problem used a two-optimizer
cascade: sequential linear programming (SLP12), followed by FD.
This cascade algorithmconvergedto a feasible solution at 26,946 lb
for the engine thrust (see Fig. 3c). The � rst algorithm, SLP, pro-
duced an infeasible underdesign at 22,699 lb for optimum thrust,
and it violated 11 constraints. The second algorithm, FD, reached
the optimum with a thrust value of 26,946 lb, which is feasible. The
cascade strategy improved the engine thrust by 19% and eliminated
design infeasibility.

The solutionto the waverotor-enhancedsubsonicengine (Fig. 3d)
used a three-optimizercascade: NLPQ followed by FD and NLPQ.
The � rst NLPQ algorithmproducedan infeasibledesignat 73,293lb
for the optimum thrust. The intermediate algorithm also produced

an infeasibledesign at 73,694 lb. The � nal NLPQ algorithmreached
the feasible optimum thrust at 72,989 lb. In summary, the cascade
strategy successfully solved the subsonic aircraft problem and the
two engine problems, even though its componentsencountereddif-
� culties when used individually.

Solutions of the MFTF and Waverotor-Topped Engines
Solutions for the supersonic MFTF and subsonic waverotor-

toppedenginesobtainedusing the cascadestrategiesand the original
NEPP code (which used Powell’s method) are depicted in Tables 1
and 2, respectively, for a few representative operating points.
Figure 4 shows normalized solutions for both engines throughout
their respective � ight envelopes. The vertical axis in Fig. 4 rep-
resents an ef� ciency factor ´ (the ratio of NEPP solutions to the
cascade results) for each operatingpoint. A value less than unity for
this factor (´ < 1) represents superior performance for the cascade
strategy. From Tables 1 and 2 and Fig. 4 the observation is made
that the cascade solution produced higher thrust (´ < 1) for most of
the operating points. For a few operating points the two solutions
agreed. The performance improvement can become signi� cant if
the design points with increased thrust are used to size the engine.

Engine Analysis and Optimization with Neural-Network
and Regression Approximations

Linear regression and neural networks have been used to create
approximateanalyzersfor engineanalysis.The followingstepswere
used in developing the approximate analyzers: 1) select the basis

Table 1 Solution for the 122-operating-point,
supersonic MFTF engine

Operating points Optimum thrust, lb

Altitude, Mach Cascade Original NEPP
Cascade

Number ft number solution solution
improvement, 

%

20 Sea level 0.3 47,570 46,000 3.41
31 689 0.3 19,119 18,690 2.30
57 10,000 0.9 46,384 44,674 3.83
68 30,000 0.9 14,566 13,827 5.34
85 36,089 1.1 10,080 9,857 2.26
100 40,000 1.5 14,403 14,311 0.64
122 56,000 1.8 20,127 19,773 1.79

Table 2 Solution for the 47-operating-point, subsonic
waverotor-topped engine

Operating points Optimum thrust, lb

Altitude, Mach Cascade Original NEPP
Cascade

Number ft number solution solution
improvement, 

1 Sea level 0.25 70,075 70,075 0.0
13 10,000 0.4 45,135 43,072 4.80
20 20,000 0.51 29,279 29,221 0.20
26 30,000 0.60 18,827 17,898 5.19
32 30,000 0.70 19,161 18,203 5.26
38 20,000 0.80 30,898 30,110 2.62
47 40,000 0.85 12,684 12,611 0.58

%

Fig. 4 Solutions for supersonic and subsonic engines, normalized with
respect to cascade solutions.
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functions; 2) establish a benchmark solution; 3) generate input-out
pairs; 4) train the approximate methods; and 5) measure perfor-
mance during optimization.

The MFTF and waverotor-topped engines required independent
approximations for the cost function, as well as all of the con-
straints. For each method the MFTF engine with 22 constraints and
122 operating points required the development of 2806 indepen-
dent functions. Likewise, the other engine required 799 functions
for each method. Creating approximatemodels for engineproblems
requires the manipulation and management of an enormous amount
of numerical data. To illustrate the approximate concepts in analy-
sis and optimization while keeping numerical calculationswithin a
manageable level, we selected the second problem—the waverotor-
augmented subsonic engine with 10 operating points. For both the
regressionand neural-networkmethods, this problem only required
the generation of 170 approximate functions. The regression and
neural-network models are described next.

Linear-Regression Analysis

Linear-regression analysis can employ the following basis func-
tions: 1) a full cubic polynomial, 2) a quadratic polynomial, 3) a
linear polynomial in reciprocalvariables,4) a quadraticpolynomial
in reciprocalvariables, and 5) combinationsof these functions.The
regressionfunction for an n variable model with a cubic polynomial
in the design variables and a quadratic polynomial in the reciprocal
design variables has the following explicit form:

y.x/ D ¯0 C
nX

i D 1

¯i xi C
nX

i D 1

nX

j D i

¯i j xi x j C
nX

i D 1

nX

j D i

nX

k D j

¯i j k xi x j xk

C
nX

i D 1

N̄
i

1
xi

C
nX

i D 1

nX

j D i

N̄
i j

1
xi x j

(2)

where y is the function to be approximatedand x is the vector of in-
dependentvariables.The regressioncoef� cients f¯g are determined
by using the linear least-squares method in the Lapack library17

(DGELS routine). The gradient matrix of the regression function
with respect to the design variables is

r y D

8
>>>>>>>>>><

>>>>>>>>>>:

@
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@

@x2
:::

@

@ xn

9
>>>>>>>>>>=

>>>>>>>>>>;

y (3)

Table 3 Benchmark solution with standard deviation and optimum thrust for the waverotor-topped engine

Approximate solutions of optimum thrust, lb

Benchmark solution Regular optimization Cascade optimization solutions

Operating point of optimum thrust NLPQ

Altitude, Mach Average Standard Neural Neural Neural
Number ft number solution, lb deviation Regression network Regression network Regression network Reg-NLPQ/NEPP

1 0 0.25 70,030 83 69,980 70,094 69,980 70,094 69,980 70,094 70,165
2 0 0.10 80,220 48 80,188 80,271 80,188 80,271 80,188 80,271 80,238
3 0 0 88,827 55 88,794 88,818 88,794 88,818 88,794 88,818 88,751
4 5,000 0 73,641 31 83,307 83,454 73,631 73,647 73,631 73,647 73,633
5 0 0.10 80,029 377 80,207 80,289 80,207 80,289 80,207 80,289 80,318
6 5,000 0.10 66,941 106 75,232 63,291 66,893 66,911 66,897 66,890 66,901
7 0 0.20 72,963 899 73,052 73,156 73,052 73,156 73,052 73,156 73,079
8 5,000 0.20 61,703 101 68,357 67,675 61,647 61,664 61,645 61,664 61,641
9 0 0.30 69,209 370 69,165 69,213 69,164 69,174 69,167 69,213 69,184
10 5,000 0.30 57,446 61 62,348 62,206 57,450 57,472 57,450 57,472 57,437

FD–SUMT–NLPQ NLPQ–FD–NLPQ
NLPQ/NN–FD/
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@y

@x`

D ¯` C
nX

i D 1

¯i`xi C ¯``x` C
n ¡ 1X

i D 1

nX

j D i C 1

¯i j`xi x j

C
nX

i D 1

¯i i`x2
i C

nX

i D 1

¯i``xi x` C ¯```x
2
` ¡

N̄
`

x2
`

¡ 1

x2
`

nX

i D 1

N̄
i`

1
xi

¡
N̄

``

x3
`

(4)

Once the regression coef� cients have been obtained, the reanaly-
sis and sensitivity analyses representedby Eqs. (2–4) require trivial
computationaleffort.

Neural-Network Approximations

The neural-networkapproximationavailablefor engineoptimiza-
tion is referred to as Cometnet. It approximates the function with a
set of kernel functions:

y.x/ D
NX

r D 1

nrX

i D 1

wr i ’r i .x/ (5a)

@y.x/

@xi
D

NX

r D 1

nrX

i D 1

wr i
@’r i .x/

@ xi

(5b)

where ’r i represents the N kernel functions,nr represents the num-
ber of basis functionsin a given kernel, and wr i represent the weight
factors.

Cometnet permits approximations with linear, reciprocal, and
polynomial, as well as Cauchy and Gaussian radial, functions. A
singular-value decomposition algorithm18 is used to calculate the
weight factors in the approximatefunction during network training.
A clusteringalgorithmin conjunctionwith a competingcomplexity-
basedregularizationalgorithm19 is used to selectsuitableparameters
for de� ning the radial functions.

Generation of a Benchmark Solution for the Subsonic
Waverotor-Topped Engine

Depending on the choice of the initial design, the nonlinear en-
gine problem exhibited some variations in the optimum solutionsat
different operating points. To quantify the variation in the optimum
thrust, the problem was solved using the originalNEPP analyzer for
10 operating points, each using 10 different initial designs. The re-
sults are given in columns4 and 5 of Table 3 and Fig. 5. The average
solution for the 10 operating points is considered as the benchmark
solution. The solution for thrust shows a maximum standard de-
viation of 1.2% for operating point 7 (see column 5 of Table 3).
Modest variation was observed for the other nine operating points.
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Table 4 Good-quality input-output pairs for training the approximate methods

Bad quality input-output pairsNumber of
Operating good-quality Thrust Zero Constraint value
point input-output Zero difference value for difference
number pairs thrust exceeding 10 lb constraints exceeding 6%

1 2764 224 10 1 2
2 2768 223 7 2 1
3 2768 225 6 1 1
4 2764 235 2 0 0
5 2766 226 5 3 1
6 2763 237 0 1 0
7 2771 225 4 1 0
8 2763 235 0 1 2
9 2778 215 6 1 1
10 2772 227 2 0 0

Fig. 5 Optimum solutions for a subsonic waverotor-topped engine at
10 operating points.

The benchmark solution is represented by the solid horizontal line
in Fig. 5. The height of the vertical lines in Fig. 5 represents the
standard deviation at each operating point.

Strategy to Generate the Input-Output Training Pairs
To generate the input-outputpairs to train the approximatemeth-

ods, 3000 design points were selected at random within their upper
and lower bounds. The NEPP code was executed for the waverotor-
topped engine analysis for 10 operating points for the 3000 design
points.Midway through the � rst operatingpoint, the NEPP analyzer
encountered convergence dif� culties—producing Not-A-Numbers
followed by premature termination. For the 1500 points for which
numerical solutionscould be obtained,about 10%, or 150 cases, en-
countered convergencedif� culty, producing zero-thrust conditions.
For example, the design point with 112,350 Btu added and a speed
of 3740 rpm produced a thrust of 56,805 lb. However, 103,080 Btu
and 4826 rpm produced zero thrust instead of the correct thrust
of 58,998 lb. Likewise, 113,000 Btu and 5505 rpm produced zero
thrust instead of the correct64,682 lb. Because it was suspected that
this behaviorwas associatedwith the step size between neighboring
design points, the 3000 design points were rearranged in an as-
cending order for each variable to obtain two sets of design points.
Input-output pairs were generated for both sets. A point-by-point
comparison was made between the output results obtained for the
two sets. The following criteria were used to select good quality
input-outputpairs:

1) Pairs with zero-thrust conditions were excluded.
2) Pairs with thrust differences exceeding 10 lb were excluded.
3) Pairs with zero values for constraints were excluded.
4) Pairs with constraintdifferencesexceeding6% were excluded.
The selectionprocess produceda set of good quality input-output

pairs for the 10 operating points as shown in Table 4. On an average
about 10% of the generated input-output pairs were excluded. The
rejectedpairscouldhaveadverselyaffectedthe optimizationprocess
when the original NEPP analyzer was used.

Training the Approximate Methods
Both regression and neural-network methods were trained for

the 10 operating points for the good-quality training pairs shown
in Table 4. For regression approximations cubic polynomials were
used in design variables,and quadraticpolynomialswere used in re-
ciprocal design variables. Likewise, a Gaussian radial function was
used to generate neural-network models for each operating point.
For each of the 10 operatingpoints, the process generated17 regres-
sion and 17 neural network models (for 16 constraints and a cost
function). A total of 340 approximate models were obtained for the
10 operating points. The quality of the reanalysis models was veri-
� ed for a set of 100 random points by generating NEPP, regression,
and neural-networksolutions.The following error norms were used
to quantify the level of accuracy.

Average error in the cost function for the neural-networkmethod
was de� ned as

"cf D
nX

i D 1

­­­­­

³
CNN

f ¡ C NEPP
f

C NEPP
f

´

i

­­­­­

,
n (6a)

where "cf represents the average relative error, n is the total number
of sample data points, and CNN

f and C NEPP
f are the values of the cost

function from the neural-networkcalculationand the originalNEPP
methods, respectively.

Average error in a constraint for the neural-network method is
de� ned as

"g D
nX

i D 1

­­¡gNN ¡ gNEPP
¢

i

­­
,

n (6b)

where "g represents the average error, n is the number of sample
data points, and gNN and gNEPP are the values of the constraint from
the neural-network calculation and the original NEPP methods, re-
spectively. Because the constraints g represent normalized values,
the error calculation is not further normalized. Likewise, average
errors can be de� ned for the regression method.

Table 5 gives the error norm for a few typical engine parame-
ters for both methods for each of the 10 operating points. For the
neural-networkmethod the maximum error in the thrust over the 10
operating points was about 0.25%. For the regression method the
same parametersproducedan error of less than 0.04%. Both neural-
network and regression method performance for thrust estimation
can be consideredadequate.Over all of the constraints,the compres-
sor surge margin exhibited the highest error, which was 1.25% for
the regression method and 1.05% for the neural-network method.
Both neural-network and regression methods trained satisfactorily
for the subsonic waverotor-toppedengine.

Optimization Using the Approximate Analyzers
The waverotor-topped engine was optimized using both neural-

network and regression approximations, along with three dif-
ferent cascade strategies. The � rst cascade (FD–SUMT–NLPQ)
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Fig. 6 Optimum thrust for a subsonic waverotor-topped engine at the
sixth operating point.

used three algorithms in sequence: FD, the sequence of uncon-
strained minimizations technique (SUMT15 ), and NLPQ. The sec-
ond cascade (NLPQ–FD–NLPQ) was createdusing two algorithms:
NLPQ, FD, and NLPQ again. The third strategy is referred to as
the approximation-interspersed cascade strategy (NLPQ/NN–FD/
Regression-NLPQ/NEPP). Here, the engine was optimized � rst
by the NLPQ algorithm with the neural-network analyzer, fol-
lowed by optimization using the FD algorithm with the regression
model, and � nally, by the NLPQ algorithm with the original NEPP
analyzer.

In Fig. 5 the optimum thrust obtained using the � rst cascade is
represented by a triangle for regression and a circle for the neural
network.The solutionsobtainedfrom both approximatemethods lie
withinonestandarddeviationof the benchmarksolutionfor each op-
erating point. Both approximate methods performed satisfactorily.

For the sixth operating point optimum solutions obtained with
and without the use of cascade strategies are depicted, along with
the benchmark solution, in a bar chart (see Fig. 6). The solution
for this operating point obtained using the approximate methods
with no cascade strategy exhibited a variation of 12.4 and 5.5% for
thrust. The solution also varied 16.9 and 5.8% for the added heat
and 1.7 and 26.8%for the waverotorspeed.The neuralnetwork with
the NLPQ optimizer produced an infeasible design with a thrust
that was 5.5% lower than the benchmark solution. Similarly, the
regression model with the NLPQ optimizer produced an infeasible
design with a thrust that was 12.4% higher than the benchmark
solution.All three cascadesolutionswith the approximateanalyzers
agreed with the benchmarksolution,with minor deviations.In other
words, successful optimization of the subsonic waverotor-topped
engine required the cascade strategy even for the neural-network
and regression approximate methods.

CPU Time Estimation
The engine operation optimization is not computationally inten-

sive. Furthermore, estimation of computation time has become less
signi� cant because the cost of computation has been continuously
decreasing over the past few years. However, a time estimation is
provided for completeness.

The numerical calculations reported in this paper used three dif-
ferent machines for convenience: International Business Machines
RS6000 (for the generation of input-output pairs and for engine
operation optimization), Silicon Graphics Indigo2 (for training the
regression scheme), and Silicon Graphics Power Series 480–VGX
(for training the neural network). The CPU times for the optimiza-
tion using the original NEPP code with three different algorithms
(NLPQ alone, Cascade 1, and Cascade 2) were 22, 85, and 116 s,
respectively. The input-output pair generation to train the approx-
imate analyzers consumed the bulk of the CPU time at 16,535 s
(4 h, 35 min, 35 s). The time required does not account for the
many unsuccessful attempts to generate good-quality input-output
pairs. Regression training required a trivial amount of CPU time
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at 14 s. The neural-network training time was 3914 s (1 h, 5 min,
14 s). Optimization run times with the regression analyzer for the
three different cascade strategies were 4, 15, and 11 s, respectively.
Optimization with the neural network required more time than the
regression analyzer.

Conclusions
Replacement of Powell’s optimization algorithm by the cascade

strategy improved the performance of the optimization segment of
the NEPP code.The maximumimprovementin the thrustwas 8% for
the MFTF engineand 5% for the subsonicwaverotor-toppedengine.

The performance of the linear-regression and neural-network
methods as alternate engine analyzers was found to be satisfactory
for the analysis and operation optimization of airbreathing propul-
sion engines. Both linear regressionand neural networks performed
at about the same level.

The engineoptimizationrequiredthe cascadestrategyfor solution
using the original NEPP analyzer, as well as the neural-networkand
regression method-based analysis-approximators.

Airbreathing propulsion engines can be optimized using either
the original NEPP code or an approximateanalyzer and any of three
methods: 1) a single state-of-the-artoptimization algorithm, 2) cas-
cade strategies, or 3) approximation-interspersed cascade strategies
(i.e., a cascade strategy that includes approximate analyzers in the
� rst few elements of the cascade and the original NEPP analyzer in
the last element).
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