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Nomenclature
f = function to be approximated by the
neural network
g = Gaussian bar basis function
nM= number of basis functions per input
N = number of inputs to the neural network
x = vector of inputs to the neural network
p = basis function center
o = basis function width
Subscripts
j = which basis function
k = component of input vector

Introduction

FULLY instrumented ground test of a propulsion system

typically generates a very large quantity of data. We
propose a screening system to identify the relatively small
volume of data that is unusual or anomalous in some way.
Limited and expensive human analysis can then focus on this
small volume of unusual data.

A liquid-fueled rocket engine, such as the Space Shuttle
Main Engine (SSME), is a system with physical and infor-
mational interfaces to other systems. A relatively clean in-
terface is defined by a boundary drawn around the engine
controller and the system it controls (valves, turbopumps,
etc.). The external influences that affect the state of the sys-
tem include the informational interface of commands given
to the controller, as well as physical interfaces such as the
fuel inlet, the oxidizer inlet, and the venting and repressuri-
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zation interfaces to both the fuel and oxidizer tanks. The
following 14 measurements at these interfaces, together with
4 turbopump configuration variables, form the 18 inputs to
our neural network model: .

1) Parameter 287, commanded main combustion chamber
pressure, psi

2) Parameter 819, engine fuel inlet pressure no. 2, psi

3) Parameter 821, engine fuel inlet pressure no. 1, psi

4) Parameter 827, engine fuel inlet pressure no. 3, psi

5) Parameter 830, fuel bleed interface pressure, psi

6) Parameter 835, fuel pressurization interface pressure,
psi

7) Parameter 836, fuel pressurization venturi inlet pres-
sure, psi

8) Parameter 837, fuel pressurization venturi delta pres-
sure, psi

9) Parameter 858, engine oxidizer inlet pressure no. 2, psi

10) Parameter 859, engine oxidizer inlet pressure no. 1, psi

11) Parameter 860, engine oxidizer inlet pressure no. 3, psi

12) Parameter 878, heat exchanger interface pressure, psi

13) Parameter 881, heat exchanger venturi inlet pressure,
psi

14) Parameter 883, heat exchanger venturi delta pressure,
psi

15) Installed low-pressure fuel turbopump (2109R6 or
2218R2)

16) Installed high-pressure fuel turbopump (4604, 4406R1,
or 6108)

17) Installed low-pressure oxidizer turbopump (2106R2 or
2118)

18) Installed high-pressure oxidizer turbopump (0810, 2030,

2315R1, 4108, or 9409)
Under nominal steady-state operating conditions the behavior
of the engine is, in principle, determined by what transpires
at these interfaces. To the extent that the SSME is a deter-
ministic system, there would exist some function f that predicts
the nominal steady-state value of any desired engine param-
eter from measurements at all interfaces at the system bound-
ary, e.g., from the measurements listed above. A neural net-
work can be trained to approximate f. Since this study attempts
to predict only steady-state parameter values, transients due
to SSME power-level changes and to fuel and oxidizer re-
pressurization were automatically removed from the time se-
ries inputs to the neural network.

Our approach to identifying anomalous behavior is to
train the neural network not to classify anomalies, but to
predict nominal values of engine parameters. Representa-
tive anomalous data is not needed for training because the
neural network is not trying to predict anything about an-
omalies. Rather, the neural network is trying to predict, as
accurately as possible, the nominal steady-state value of
each engine parameter under the given interface conditions
at each point in time. The detection of anomalies depends
upon surrounding the neural network’s predictions with a
nominal confidence interval. To achieve an acceptably low
false alarm rate, the confidence interval is set to five stan-
dard deviations above and below the predicted value. Mea-
sured values falling outside this confidence interval are flagged
as anomalous.
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Method

Three function-approximation techniques were investiga-
ted: 1) a novel neural network architecture based on Gaussian
bar basis functions, 2) a standard backpropagation neural
network,! and 3) standard linear regression. In contrast to 3,
1 and 2 are nonlinear function approximation techniques. The
Gaussian bar basis function architecture was investigated be-
cause of two difficulties in the application of backpropagation
to real problems: the slowness of the gradient descent opti-
mization when multiple layers are involved, and the possibility
of getting stuck on a local minimum.

To model a function f with N input variables, we propose
a set of semilocal Gaussian bar basis functions®? spaced equally
along each dimension of the input data. The set of possible
values of each input variable x, is covered by a set of M basis
functions

X = M)’ .
gix{x:) = exp I:"(k—ﬂ.-?&]’ j=1...,M (1)
I

where the M centers p,, . . . , My are equally spaced along
the interval of x, covered by the training data. Altogether,
there are accordingly MN basis functions g, j = 1, . .. , M,
andk = 1,. .., N. This proposed Gaussian bar basis function
network approximates a real-valued function f(x) as a linear
combination of these basis functions using a gradient descent
learning rule.*

NASA engineers selected two tasks for our study.

1) Detect anomalies in engine parameter 42 for SSME tests
901-671, 901-672, and 901-673.

2) Detect anomalies in engine parameter 221 for SSME
tests 902-548, 902-549, and 902-550. The Gaussian bar basis
function network was implemented with M = 60 and N =
18; backpropagation with 1-8, 10, 12, and 16 middle-layer
nodes.

Results and Discussion

As expected, the Gaussian bar basis function technique
showed more rapid training than backpropagation in both
tasks. This result was expected because only a small fraction
of the weights are adjusted for each training example.

Figures 1 and 2 show the nominal predictions made by the
Gaussian bar basis function neural network for these two
SSME tests.

In SSME test 901-672, all three function-approximation
techniques correctly identified the anomaly at the right time.
This lends support to our hypothesis that nominal behavior
of the SSME can be predicted from the external influences
crossing the system boundary. The prediction accuracy allows
the fluctuation due to the anomaly to be clearly distinguished
from the noise fluctuations that nominally arise inside the
SSME and due to measurement errors. The anomaly is de-
tected at approximately five times the rms noise level.

In SSME test 902-549, the Gaussian bar basis function net-
work constructed a much tighter confidence interval than the
other two techniques, and hence, detected the anomaly at 20
times the rms noise level; linear regression at 4-6 times the
rms noise level; and backpropagation at only 2—-3 times the
rms noise level.

The chief appeal of the function-approximation approach
to anomaly detection is that it is not limited to detecting
specific, foreseen classes of anomalies, in contrast with most
other types of neural network and expert system approaches.
Instead, training requires nominal data only, and anomaly
detection is based on nominal confidence intervals. Based on
the results we have presented, it appears that the function-
approximation approach, and its implementation using basis
functions, merits more extensive investigation of its practi-
cality for screening large amounts of propulsion system test
data. The approach needs to be tested on a larger scale, and
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Fig. 1 Neural network screening of data from SSME test 901-672,
which was determined by NASA to have an anomaly at 96 s indicated
in the fuel preburner oxidizer valve actuator position. The dotted lines
show a nominal confidence interval of plus or minus five times the
nominal rms prediction error. The middie dotted line is the neural
network’s prediction. (Sloping segments in the accompanying power-
level plot represent transient regions in which no predictions were
made. Different steady-state segments are connected by straight lines
for visual continuity.) The anomaly is indicated when the measured
value of this valve position (solid line) moves outside the nominal
confidence interval (bounded by dotted lines).
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Fig. 2 Neural network screening of data from SSME test 902-549,
which was determined by NASA to have an anomaly at 120 s indicated
in the pressure change in the POGO surge suppression system. Con-
fidence intervals as in Fig. 1.

1500

Command set point (psi}

it needs to be extended to cover transient as well as steady-
state data. Both types of further work are in progress and
will be reported at a later date.
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Introduction

XCESSIVE base heating has been a problem for many

launch vehicles. For certain designs such as the direct
dump of turbine exhaust inside and at the lip of the nozzle,
the potential burning of the turbine exhaust in the base region
can be of great concern. Accurate prediction of the base en-
vironment at altitudes is therefore very important during the
vehicle design phase. Otherwise, undesirable consequences
may occur.

In this study, the turbulent base flowfield of a cold flow
experimental investigation' for a four-engine clustered nozzle
was numerically benchmarked using a pressure-based com-
putational fluid dynamics (CFD) method. This is a necessary
step before the benchmarking of hot flow and combustion
flow tests can be considered. Since the medium was unheated
air, reasonable prediction of the base pressure distribution at
high altitude was the main goal. Several physical phenomena
pertaining to the multiengine clustered nozzle base flow phys-
ics were deduced from the analysis.

Numerical Modeling

The basic equations employed in this study to describe the
base flowfield for a four-engine clustered nozzle are the three-
dimensional, general-coordinate transport equations. These
are equations of continuity, momentum, enthalpy, turbulent
kinetic energy, and turbulent kinetic energy dissipation rate.
A standard two-equation turbulence model is used to describe
the turbulence.
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To solve the system of nonlinear partial differential equa-
tions (PDEs), it uses finite difference approximations to es-
tablish a system of linearized algebraic equations. An adaptive
upwind scheme was employed to approximate the convective
terms of the momentum, energy, and continuity equations;
the scheme is based on second- and fourth-order central dif-
ferencing with artificial dissipation. The dissipation terms are
constructed such that a fourth-order central and fourth-order
damping scheme is activated in smooth regions, and a second-
order central and second-order damping scheme is used near
shock waves. Viscous fluxes and source terms are discretized
using second-order central difference approximation. A pres-
sure-based predictor plus multicorrector solution method is
employed so that flow over a wide speed range can be ana-
lyzed. The basic idea of this pressure-based method is to
perform corrections for the pressure and velocity fields by -
solving a pressure correction equation so that velocity/pres-
sure coupling is enforced, based on the continuity constraint
at the end of each iteration. Details of the present numerical
methodology are given in Ref. 2.

Computational Grid Generation

A typical layout of the computational grid is shown in Fig.
1. The four nozzles, which are conical with a cylindrical ex-
ternal shell, are equally spaced on a circular base.’ Due to
the symmetrical nature of the flowfield, only one-eighth of
this layout is generated and used for the actual calculation.
The two sides of the pie-shaped grid, as shown in Fig. 1, are
the symmetry planes. Two grid zones were created. The first
zone started at the base and included the nozzle and the plume
region. The second zone (the outer shell) comprises the am-
bient air and a portion of the expanded plume.

Three algebraic grids were generated for the purpose of
this report. The difference among these three grids can be
visualized by taking a section from the nozzle symmetry plane
that lies in between the nozzle centerline and model center-
line, as shown in Fig. 1. Grid A has 34,030 points, whereas
the grid density for grid B and C is 113,202 points. An am-
bient-to-total-pressure ratio, P,/P, = 39 X 10~ is chosen
as the nozzle operating condition. The grid lines near the
nozzle lip of grid C are slanted to match the Prandtl-Meyer
expansion.

Boundary Conditions

To start the calculation, an axisymmetric nozzle flow so-
lution at the prescribed nozzle condition was carried out in a
separate manner. The converged flow solution was then mapped
to a three-dimensional nozzle flowfield. The nozzle lip, nozzle
outer wall, and the base were specified as no-slip wall bound-
aries. The exit planes of zones 1 and 2, the outer surface
(shell) of zone 2, and the inlet plane of zone 2 (flush with the
base shield plane) were specified as exit boundaries. In ad-
dition, a fixed (ambient) pressure was imposed on the inlet
plane of zone 2 in order to obtain a unique solution for the
corresponding altitude. Flow properties at the wall, symmetry
plane, and exit boundary were extrapolated from those of the
interior domain. A tangency condition was applied at the
symmetry planes.

Results and Discussion

At this ambient pressure, which corresponds to an altitude
of 91,800 ft, the four exhaust plumes have interacted and a
reverse jet is formed. The reverse jet impinges on the center
of the base and spreads out, forming a wall jet. This wall jet
may be choked once the ambient pressure is lower than a
critical limit. A comparison of the computed radial base pres-
sure profiles with data is shown in Fig. 2. In general, the peak
pressure occurred at the base center and the base pressure
decreased as the radial distance from the center of heat shield
increased.



