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Abstract— Ground test data from propulsion systems such
as the Space Shuttle Main Engine (SSME) can be auto-
matically screened for anomalies by a neural network. The
neural network screens data after being trained with nom-
inal data only. Given the values of 14 measurements re-
flecting external influences on the SSME at a given time,
the neural network predicts the expected nominal value of
a desired engine parameter at that time. We compared the
ability of three different function-approximation techniques
to perform this nominal value prediction: a novel neural
network architecture based on Gaussian bar basis functions,
a conventional backpropagation neural network, and linear
regression. These three techniques were tested with real
data from six SSME ground tests containing two anomalies.
The basis function network trained more rapidly than back-
propagation. It yielded nominal predictions with a tight
enough confidence interval to distinguish anomalous devia-
tions from the nominal fluctuations in an engine parameter.
Since the function-approximation approach requires nomi-
nal training data only, it is capable of detecting unknown
classes of anomalies for which training data is not available.

I. INTRODUCTION

A fully-instrumented ground test of a propulsion system
typically generates a very large quantity of data. In the
case of the Space Shuttle Main Engine (SSME), data anal-
ysis 1s currently a labor-intensive process. Human experts
spend a great deal of time examining the large volume of
sensor data generated by each test. The experts look for
any anomalies in the data which might indicate engine con-
ditions warranting further investigation. In this paper, we
do not propose that the time-consuming manual process
can be entirely replaced by an automated system. Rather,
we propose that human expertise could be used more ef-
ficiently if an automated system performed a “first-cut”
screening of test data. The first cut would identify the rel-
atively small volume of data which is unusual or anomalous
in some way. Limited and expensive human resources could
then focus on this small volume of unusual data requiring
expert human analysis.

II. HYPOTHESIS

A liquid-fueled rocket engine, such as the SSME, can
be viewed as a system with a set of physical and infor-
mational interfaces to other systems. A relatively clean
interface is defined if the boundary is drawn around the
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Fig. 1. Hypothesis that the nominal steady-state time-series values
of a given internal engine parameter can be predicted from the
external influences shown on the left of the figure.

engine controller and the system it controls (valves, tur-
bopumps, etc.). The external influences which affect the
state of the system include the informational interface of
commands given to the controller, as well as various phys-
ical interfaces such as the fuel inlet, the oxidizer inlet, and
the venting and repressurization interfaces to both the fuel
and oxidizer tanks.

Under nominal steady-state operating conditions the be-
havior of the engine is, at least in principle, determined
by what transpires at these interfaces. Given measure-
ments of what is happening at the system interfaces, it
would therefore be possible to predict the steady-state val-
ues of all parameters measured within the engine. In other
words, to the extent that the SSME is a deterministic sys-
tem, there would exist some function f (Figure 1) which
predicts the nominal steady-state value of any desired en-
gine parameter. f would predict this value from measure-
ments at all interfaces crossing the system boundary. The
function f might be approximated as either a “white-box”
model based on the underlying physics of the SSME, or as
a “black-box” model which attempts to approximate the
function using empirically-derived relationships between
inputs and outputs.

The utility of approximating this function f depends on
three factors: (1) whether the behavior of the SSME is in-
deed sufficiently determined by these external influences,
(2) whether adequate measurements of these influences are
available, and (3) whether the function f could be approx-
imated accurately enough. If these three conditions are
met, then the approximation of f could serve as a tool for
detecting anomalies in the behavior of the SSME. The ar-
gument for our approach is straightforward. If an anomaly
within the SSME is detectable, it is presumably detectable
because a measured parameter within the engine differs
from the nominal value of that parameter for the given



operating conditions.

Anomaly detection would then be based on the idea of
making and continuously updating predictions of the ex-
pected nominal values of all internal engine parameters
which might conceivably indicate an anomaly. Each predic-
tion would be the nominal value of that parameter based on
the available measurements of interface conditions affecting
the engine. Each predicted nominal value for an engine pa-
rameter would then be compared with the actual measured
value of the parameter. If the measured value differs signif-
icantly from the predicted value, then a potential anomaly
would be indicated. This process would be repeated for
each data point in the time series of measurements to be
screened. An automated system could conceivably screen
large quantities of a test data in this manner. The system
could flag each potential anomaly for further study by a hu-
man analyst. The analyst would then determine whether
it is (1) an anomaly in the engine itself, (2) an anomaly
in the sensor or data channel, or (3) an anomaly in our
white-box or black-box model of f.

Unfortunately, a prediction which is possible in princi-
ple might not be accurate in practice. This might happen
because of several sources of error:

o Our knowledge of the interfaces affecting the SSME

may be incomplete.

o The available measurements of conditions at these
interfaces may not be complete enough or accurate
enough.

o The state of the SSME may be subject to internal fluc-
tuations which cannot be predicted from the external
interfaces.

o Our approximation of the function f may not be good
enough.

o The function f itself may vary from one engine to an-
other, or among different configurations of the same
engine.

Due to any combination of these factors, actual parame-
ter measurements might fluctuate a certain amount from
the predicted nominal values even under nominal operat-
ing conditions. If the fluctuation can be treated statisti-
cally, all is not necessarily lost; in this case the predictions
made by our model of f would need to be surrounded by
some nominal confidence interval. The utility of predic-
tions made by our model would then depend upon the ex-
tent to which fluctuations caused by genuine anomalies are
statistically significant in comparison to nominal fluctua-
tions in the measurement. (To the extent that the assump-
tions of signal detection theory are met, this would lead
to a well-understood trade-off between “misses,” in which
genuine anomalies are missed because their fluctuations fall
within the confidence interval, and “false alarms,” in which
nominal fluctuations fall outside the confidence interval and
are erroneously flagged as anomalous.) For the purposes of
data screening, any measurement deviating from the nomi-
nal prediction by more than a set confidence interval would
be flagged for further study by a human analyst. The an-
alyst would still have the task of distinguishing nominal
from anomalous fluctuations among this reduced set of data

falling outside the nominal confidence interval.

The hypothesis of our study is that, despite the many
sources of error enumerated above, the function f can be
sufficiently approximated to yield predictions which have
practical utility for automated data screening. Our crite-
rion for practical utility is the ability to detect fairly subtle
anomalies in SSME data without incurring an inordinate
number of false alarms. The type of data screening system
envisioned in Section 1 will not be useful unless it signif-
icantly reduces the volume of test data requiring human
analysis. If under nominal engine conditions, the devia-
tions of actual measurements from their predicted values
could be modeled as Gaussian noise then a nominal confi-
dence interval of three standard deviations above and below
the predicted nominal value would perhaps yield an accept-
able false alarm rate (on the order of 0.003). In fact, the
nominal fluctuations observed in the present study do not
fit the Gaussian assumption well enough to yield this low
a false alarm rate with confidence intervals of three stan-
dard deviations. To compensate for this departure from
Gaussian noise, we arbitrarily set a nominal confidence in-
terval of five standard deviations around the predicted val-
ues. That is, only a measurement deviating more than five
standard deviations from its predicted nominal value would
be flagged as anomalous. This criterion was applied uni-
formly to all function approximation techniques to evaluate
the validity of each method in detecting real anomalies.

Since neural networks are tools for approximating arbi-
trary nonlinear functions [1], [2], [3], [4], [5], [6], we compare
the ability of candidate neural network architectures to ap-
proximate the function f described herein. A neural net-
work does not assume any particular model or functional
form for the system it is modeling. Instead, it converges to
an approximation of a function based only on the actual
data points observed for that function. A neural network 1s
also particularly suitable for fine-tuning the approximation
of f to each particular engine configuration. Since a neural
network constructs its approximation by being trained on
data points, it is conceivable that a neural network can be
fine-tuned to adjust its predictions for each of several en-
gine configurations, provided that test data is available for
each configuration.

ITI. BACKGROUND
Many investigators [7], [8], [9], [10], [11], [12], [13], [14]

have demonstrated that neural networks can learn to dis-
criminate between nominal sensor data and various known
classes of faults. Since neural networks learn from exam-
ples, they avoid the costs of explicitly building and main-
taining large, complex knowledge bases. Furthermore, such
an example-based training method is likely to be easier to
adapt to new SSME designs (or to engines other than the
SSME) than a knowledge base which has been built for a
specific engine.

Since neural networks are trained by example, however,
their reliability depends upon the availability of represen-
tative training data for the discriminations to be learned by
the network. If the discrimination to be learned is that of



nominal versus anomalous data, conventional neural net-
work training procedures require representative data on
both sides of the discrimination, (i.e., representative nom-
inal data and representative anomalous data).

In SSME testing (and in propulsion testing in general)
it 1s possible to collect a representative sample of nomi-
nal data by systematically varying test conditions over the
range of conditions for which engine behavior is of inter-
est. Collecting a representative sample of anomalous data
is, however, problematic. In testing any complex system,
data is collected for only a very small fraction of all pos-
sible anomalies. Other possible anomalies might be simu-
lated, but it is still not possible to anticipate and simulate
every possible type of anomaly which might occur. Un-
fortunately, if a neural network has been trained on an
incomplete or unrepresentative set of anomalies, there is
no guarantee that it will reliably identify other types of
anomalies which might occur.

The underlying problem is therefore to train a neural net-
work to reliably discriminate between two categories (i.e.,
nominal versus anomalous) when representative training
data is available for only one of these categories (i.e., nom-
inal) [15].

Our approach to identifying anomalous behavior, as indi-
cated in the previous section, is to train the neural network
not to classify anomalies, but to predict nominal values of
engine parameters. Representative anomalous data is not
needed because the neural network is not trying to predict
anything about anomalies. 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. Anomalies are identified by compar-
ing predicted nominal data to actual data.

In the terminology of the previous section, the function f
is modeled under nominal conditions. Only nominal train-
ing data is needed to achieve this purpose. The neural net-
work is never trained on anomalous data, and does not itself
construct a decision surface between nominal and anoma-
lous data.

Such a decision surface can be constructed outside the
neural network by computing the confidence interval de-
scribed in Section 2 above. The advantage of constructing
a decision surface in this way is that it does not depend on
our ability to characterize or gather data for all possible
anomalous conditions. A potential anomaly is simply rec-
ognized as a greater-than-chance deviation from nominal.
In practice, of course, this idea will work only if the neural
network’s predictions are sufficiently and consistently accu-
rate enough to yield tight confidence intervals. Finding out
whether this is the case is the purpose of the present inves-
tigation of neural network architectures for the propulsion
system data screening application.

Neural network architectures for multivariate function
approximation have been evaluated in the neural network
literature [1], [2], [3], [4], [5], [6], [16], [17] and shown to
be comparable to classical techniques in the quality of the
approximation expected. In screening large volumes of
propulsion sensor data, however, the type of example-based

training used in a neural network is likely to be more prac-
tical to implement than a classical function-approximation
technique. Example-based training also has the advantage
of avoiding any particular assumptions about the form of
the function to be approximated.

IV. APPROXIMATION TECHNIQUES

Three function-approximation techniques were investi-
gated in this study: (i) a novel neural network architecture
based on Gaussian bar basis functions [18], [19]; (ii) a stan-
dard backpropagation neural network [20]; and (iii) linear
regression. Backpropagation is the neural network tech-
nique most commonly used in real applications, and thus
serves as a benchmark for evaluating other neural network
architectures. The Gaussian bar basis function architecture
was investigated because of two difficulties in the applica-
tion of backpropagation to real problems: the slowness of
the gradient descent optimization when multiple layers are
involved, and the possibility of getting stuck on a local min-
imum. (Both of these difficulties were actually encountered
in this application, as discussed in Sections 5.8 and 6.1 be-
low.) Finally, a straightforward linear regression technique
was included to assess whether, and to what extent, a non-
linear function-approximation procedure was necessary for
our application.

Each of the three function-approximation techniques can
be used to model a real-valued function of N real variables,
which we term input variables. The cross product of these
N input variables is termed the nput space. This input
space 1s the domain of the function f to be approximated.
The number of input variables is the dimension of the input
space. The value of the function f to be approximated is
termed a predicted variable. (The term “output variable”
is avoided, since in our application the variables to pre-
dicted are typically measurements of the internal state of
the SSME, not outputs per se.) If more than one variable
is to be predicted, each will be considered as the range of
a separate real-valued function f;.

The three function-approximation techniques all assume
the availability of a set of sample points (points in the
input space) at which the value of the function f was
observed. This set of sample points with corresponding
observed function values is termed the training set, and
fitting the function approximation to the training set is
called training. In our anomaly detection application, the
training set consists of nominal data only, as explained
in Sections 2 and 3 above. The input variables (Figure
1) consist primarily of measurements of conditions at the
interfaces we defined for the SSME. These interfaces are
the lines supplying fuel and oxidizer to the engine, venting
and repressurization interfaces which affect pressure in the
fuel and oxidizer tanks, and the commanded main combus-
tion chamber pressure which the engine controller works to
maintain.

In our application, the predicted variable is a measure-
ment of some engine parameter which is known to be nom-
inal in the training data, but which might be either nomi-
nal or anomalous in new data to be screened. Even under



nominal conditions, measurements of the predicted vari-
able are assumed to be subject to the sources of error and
variability described in Section 2 above. All three function-
approximation techniques studied are based on the idea of
minimizing the root-mean-squared (RMS) error of the func-
tion approximation over the sample points in the nominal
training set.

A. Gaussian Bar Basis Function Network

Basis function networks [2] are a family of neural net-
work architectures useful for multivariate function approx-
imation. Such networks attempt to approximate an arbi-
trary nonlinear function as a linear combination of a set of
basis functions. Since the basis functions themselves are
nonlinear, this family of architectures is capable of approx-
imating nonlinear functions. Neural network architectures
in this family normally have three layers. Each node in
the input layer receives input from one variable z; in the
domain of the function to be approximated. The number
of input nodes is thus the dimension of the input space.
Each node in the middle layer computes the value of one of
the chosen basis functions g;. The number of middle nodes
is thus the number of basis functions used for the function
approximation. Finally, if more than one function is to be
approximated from the same set of basis functions, then
there can be a separate output node for each real-valued
function f; to be approximated.

The functional form of the basis functions, and the se-
lection of the specific set used in a given network vary over
this family of architectures as described below. Once the
basis set is determined, however, the value computed by
each output node can be expressed as a linear combination
of the basis functions (i.e., a linear combination of the val-
ues computed by the middle nodes). Computation of the
least-squares optimal choice of coefficients to form such a
linear combination is straightforward—either algebraically
or iteratively. If an iterative gradient descent method is
used, the error surface whose gradient is being descended
takes the form of a paraboloid with only one local mini-
mum which is also a global minimum. Training is therefore
likely to be orders of magnitude more rapid than backprop-
agation [17], and there is no danger of getting stuck on
a non-optimal local minimum. Eliminating local minima
is perhaps the chief appeal of basis function networks for
practical applications.

Various architectures in this family of basis function net-
works are differentiated primarily by the set of basis func-
tions to be computed by the middle layer of the network.
If the dimension of the input space is small, radial Gaus-
sian basis functions are attractive because of mathematical
proofs of their ability to approximate a large class of non-
linear functions [1], [2], [3]. Each radial basis function g;
in the set takes the Gaussian form

(%) = exp [— > (2;7“)] )

where the point (gj1,...,p;n) is the center of the basis

function g;, and o; is its width. The symbol x simply
denotes the vector of inputs (z1,z3,...,2N).

Radial basis functions form a local function approxima-
tion in the sense that they are nonzero only in a local por-
tion of the input space centered around one point. There
must then be enough of these local basis functions to fill
the volume of the input space to be approximated. Excel-
lent results have been obtained with radial basis functions
for input spaces of a few dimensions, but as the number of
dimensions increases, the number of basis functions needed
grows exponentially. For this reason, a radial basis func-
tion architecture was not considered for the present study
in which the dimension of the input space is 14.

To adapt the basis-function technique to input spaces of
high dimensionality, a set of semi-local Gaussian bar basis
functions has been proposed [18], [19]. Each such basis
function takes the one-dimensional Gaussian form

e — 12)2
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where pf is the center of a one-dimensional Gaussian func-
tion. As originally proposed, [18], [19] there is only one
Gaussian bar for each dimension of the input space. The
center and width of each Gaussian bar is then adjusted
by the same type of gradient descent procedure as used
in backpropagation. Since there is only one Gaussian bar
along each dimension of the input data, there is no particu-
lar reason to expect this architecture to be able to approxi-
mate an arbitrary nonlinear function. In fact, pilot studies
with this architecture have been unsuccessful in approx-
imating the training data of this study to the degree of
accuracy required for differentiating nominal from anoma-
lous data.

In light of these considerations, it appears to us that ra-
dial Gaussian basis functions form too rich of a basis set,
theoretically capable of universal approximation, but re-
quiring too many basis functions when a high-dimensional
volume needs to be filled. Semi-local Gaussian bar func-
tions can overcome this “curse of dimensionality,” but hav-
ing only one basis function for each dimension appears to
form too poor a basis set to give good performance in our
application.

We therefore devised a set of basis functions falling be-
tween the two extremes of the radial basis and Gaussian
bar functions. This new set of basis functions consists of
M | rather than 1, Gaussian bars along each dimension of
the input data. That is, the set of possible values of each
input variable xy is covered by a set of M basis functions

xp — pin)?
e R ®
as shown in Figure 2. For computational efficiency, each
basis function is truncated to zero for values of x; outside
the interval [ pjx — 40k, pjx+ 40y ].  Altogether, there
are accordingly MN basis functions g;,, j = 1,..., M;
and k= 1,..., N. The number of basis functions required

therefore grows linearly, not exponentially, with the num-
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Fig. 2. Gaussian bar basis function neural network for approximating
the function f of Figure 1. The predicted variable is listed as the
measurement screened in Table 1. The input variables are listed
in Table 2. The function f from the inputs to the predicted
nominal value is approximated as a linear combination of the
Gaussian bar basis functions g ;.

ber of dimensions of the input space. Our new set of ba-
sis functions, like the original Gaussian bar architecture, is
clearly not capable of approximating every possible nonlin-
ear function. It provides for arbitrary nonlinear recoding
of each input variable, but not for arbitrary nonlinear in-
teractions among the inputs. We hypothesized that this
limited ability to approximate nonlinearities might yield
a sufficient approximation for our application, and if so,
would yield a more robust and more rapid training proce-
dure than backpropagation.

The Gaussian bar basis function network can be used to
approximate a real-valued function f(z) as a linear combi-
nation of basis functions. Thus, f(z) is to be approximated
by

Y= Woo + Z Wikgik(Tk) (4)

ik

where y is the output of the network, as illustrated in Fig-
ure 2, and the coefficient w;j, represents the “weight” of the
connection from the basis function g;; to the output node
y. A constant bias term in the linear combination of the
basis functions is w,,. The network is trained by adjusting
the weights to minimize the mean squared prediction error
over the training set. The weights are adjusted according

to the widely-used gradient descent learning rule [21]

“gjk(@n) (5)

in which y is the difference between the approximation
y produced by the network for a given training example x,
and the actual measured value of f(x) for that training ex-
ample. A constant a between 0 and 1, which controls the
rate of gradient descent, is commonly called the “learning
rate” in neural network literature. Training proceeds by
making repeated passes through the training set, apply-
ing the learning rule (5) above for each successive training
example in the training set. Section 5 below details the spe-
cific parameter settings and procedures used for our SSME
application.

ijk —a- yerror
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B. Backpropagation Neural Network

Backpropagation networks are the class of neural net-
works most commonly applied to real-world problems, and
hence serve as a benchmark for comparison to a new ar-
chitecture such as that described above. For our purpose,
the most commonly used standard backpropagation algo-
rithm with momentum was used. Since this algorithm and
its justification have been extensively described in the neu-
ral network literature [20], such a description will not be
repeated here.

A three-layer architecture was employed for our back-
propagation neural network. The input layer contains one
node for each input variable to be processed, as in the
Gaussian bar architecture. Each node in the middle layer
computes a linear combination of these inputs, and then
passes the result through a sigmoid “squashing function.”
Each node in the output layer, in turn, computes a linear
combination of the middle-layer outputs and also passes
the result through a sigmoid “squashing function.” The
gradient-descent training procedure adjusts the coefficients
(“weights”) of all these linear combinations to minimize the
mean squared error in the function approximation com-
puted by each output node. The form of gradient de-
scent most commonly used in neural networks, and used in
this study, employs a “momentum” term [20] which forms
a linear combination of the currently-calculated steepest-
descent gradient vector and the gradient vector used in the
previous time step.

C. Linear Regression

To test whether a nonlinear function approximation tech-
nique 1s even necessary for this application, multivari-
ate linear regression was employed as our third function-
approximation technique. This linear regression was con-
ducted using the method of singular value decomposition
which yields appropriate results even if the matrix of sam-
ple data is singular or nearly so. (In fact, neither singular-
ities nor near-singularities arose in the data sets we used.)

V. PROCEDURE

Unless noted otherwise, the steps below were followed
identically for each of the three function approximation
techniques described in Sections 4.1, 4.2, and 4.3.



SSME Engine 2206 Component Nos. Measurement NASA

Test HPFP* LPFP**  ppop? LpPopft Screened Analysis

901-671 #3 #1 #3 #2 Fuel Preburner Nominal

901-672 #3 #1 #4 #2 Oxidizer Valve Anomaly @ 96 s
901-637 #4 #2 #5 #2 Position, PID 42 Nominal

902-548 #1 #1 #1 #1 POGO Surge Suppression Nominal

902-549 #1 #1 #2 #2 System, Pressure Change, Anomaly @ 120 s
902-550 #2 #1 #2 #2 PID 221 Nominal

*High Pressure Fuel Turbo Pump
**Low Pressure Fuel Turbo Pump

THigh Pressure Turbo Pump
TLow Pressure Oxidizer Turbo Pump

Table 1

A. Selection of SSME Tests and Predicted Variables

As explained in Section 3 above, our function approxi-
mation approach requires nominal training data which ad-
equately represents the engine conditions for which data
screening is desired. After training is complete, both nom-
inal and anomalous data are required to test the perfor-
mance of each technique. We therefore required one or
more series of SSME ground tests meeting the following
criteria:

1. The engine configurations within each series of ground

tests were similar but not identical.

2. Each series contained known nominal data over a

range of SSME power levels.

3. Each series also contained one known anomaly which

occurred during steady-state operation.

4. Each series contained an adequate sample of nominal
data at the same power level as the data containing
the anomaly.

. The indications of the anomaly in the data stream
were subtle enough to be detectable by a trained
NASA engineer, but not necessarily obvious to an un-
trained observer.

Any anomaly in which a given engine measurement goes
outside its normal operating range would be easily de-
tectable by many different techniques, and was not con-
sidered difficult enough to serve as an adequate test of
our technique. We therefore considered only anomalies
in which all engine parameters remained within their nor-
mal operating ranges, and which appeared anomalous to
trained engineers only on the basis of a much more precise
understanding of what is deemed nominal for a given set
of operating conditions.

Based on our criteria, NASA engineers selected two se-
ries of three ground tests each. These tests, and the major
engine components of each test, are shown in Table 1. The
variables predicted were simply those engine measurements
to be screened and classified by the system as nominal or
anomalous. Since we wished to compare the ability of each
function approximation technique to distinguish anoma-
lous from nominal data, we chose the engine measurements

which had been so-classified by NASA engineers. Table 1

Ut

shows the engine measurement whose nominal value is to
be predicted for each test, as described in Section 4 above.
Table 1 also indicates the onset time of each anomaly in
these measurements, as identified by NASA engineers. To
the best of our knowledge, the causes of these anomalies
have not been explained.

The ability of each function approximation technique to
detect anomalies without incurring false alarms is what we
are testing. Thus, we performed two approximation tasks:
(a) to predict nominal values of PID (Parameter Identifica-
tion) 42 for Tests 901-671, 901-672, and 901-673; and (b) to
predict nominal values of PID 221 for Tests 902-548, 902-
549, and 902-550. Each function approximation technique
would identify an anomaly whenever the measured value
of the given PID differs significantly from the predicted
nominal value.

B. Selection of Input Variables

Our choice of input variables was governed by the bound-
ary defined around the SSME. As explained in Section 2
above, the external interfaces which cross this boundary
include the informational interface of commands given by
the controller, and the physical interfaces at the fuel inlet;
the oxidizer inlet, and the venting and repressurization in-
terfaces to both the fuel and oxidizer tanks. These types
of inputs are depicted in Figure 1. Input variables were se-
lected to capture information about physical conditions at
these interfaces which might affect nominal operating con-
ditions within the engine. Based on the advice of NASA
engineers who analyze SSME test data on a routine basis,
the input variables shown in Table 2 were selected as the
most promising for our purpose. The same set of input
variables were used in predicting PID 42 and PID 221.

The first of these variables, Commanded Main Combus-
tion Chamber Pressure, is the desired chamber pressure
sought by the engine controller. The remaining variables
are pressure measurements at various physical interfaces to
the fuel and oxidizer tanks as indicated in Table 2. We ex-
tracted data for these engine measurements from existing
NASA databases in which measurements are sampled at 25
Hz in the case of the commanded chamber pressure, and



SSME
PID* Measurement Description Units
287 Commanded Main Combustion Chamber  PSI
Pressure
819 Engine Fuel Inlet Pressure #2 PSI
821 Engine Fuel Inlet Pressure #1 PSI
827 Engine Fuel Inlet Pressure #3 PSI
830 Fuel Bleed Interface Pressure PSI
835 Fuel Pressurization Interface Pressure PSI
836 Fuel Pressurization Venturi Inlet Pressure  PSI
837 Fuel Pressurization Venturi Delta Pressure  PSI
858 Engine Oxidizer Inlet Pressure #2 PSI
859 Engine Oxidizer Inlet Pressure #1 PSI
860 Engine Oxidizer Inlet Pressure #3 PSI
878 Heat Exchanger Interface Pressure PSI
881 Heat Exchanger Venturi Inlet Pressure PSI
883 Heat Exchanger Venturi Delta Pressure PSI
*Parameter |dentification Number

Table 2

at 50 Hz for all other parameters shown in Table 2.

The function f to be approximated might conceivably
vary among different configurations of the same engine. To
allow for this, the input variables also included four discrete
variables to represent the different combinations of compo-
nents shown in Table 1. These configuration variables were
provided as inputs to allow each function approximation
technique to bias its prediction on the basis of the specific
components installed during each SSME test.

C. Time-averaging of Engine Measurements

All engine measurements were time-averaged over a slid-
ing window of 0.2 seconds. We averaged data to improve
the signal-to-noise ratio of the data. Admittedly, this time-
averaging would reduce the ability of the system to detect
subtle anomalies of very short duration.

D. Ezxtraction of Steady-State Engine Data

Our current study focuses only on steady-state data.
Thus we had to remove transient data from the data
stream. Transients due to SSME power-level changes, fuel
and oxidizer venting, and fuel and oxidizer repressurization
were present in the raw data. Thrust-level profiles provided
by NASA were used as a guide for locating transients, but
the actual onset time and duration of the transients were
determined from available engine measurements indicative
of each type of transient. We preferred to overestimate
rather than underestimate the duration of each transient,
since we did not want to risk the accidental inclusion of
any transient data in our steady-state training sets. For all
transients, at least five seconds of data were removed from
the data stream. In the case of major power level changes,
at least 10 seconds of data were removed, and for engine
startups, at least 20 seconds of data were removed.

In the case of SSME Tests 902-548, 902-549, and 902-
550, a slow facility venting schedule was in effect through
nearly the whole duration of these tests. Since removing
data affected by this venting would have removed most
of the data from these tests, only the onset and offset of
these slow venting operations were removed from the data
stream. Transients due to power-level changes and repres-
surizations were removed in all cases.

The remaining steps described below used only the
steady-state engine data that remained after the removal
of transient data. The portion of steady-state data sam-
pled for training is described below. All steady-state data,
however, was screened by the system after training was
completed.

E. Random Sampling of Nominal Training Data

As explained in Sections 2 and 3 above, only nominal
data was used for training (“fitting”) each function ap-
proximation. The same training sets were used for all
three function approximation techniques. All steady-state
data segments identified by NASA engineers that contained
anomalies (Table 1) were excluded from the training sets.
An additional 220 seconds of nominal steady-state data in
SSME test 901-671 (from 400 to 620 seconds into the test)
were excluded from the training set to serve as a check that
nominal data excluded from the training set would still be
classified as nominal by the system. The resultant data
available for training from tests 901-671, 901-672, and 901-
673 totalled approximately 50,000 data points. For the test
series 902-548, 902-549, and 902-550; the total was approx-
imately 14,000 data points.

For each series, the actual training data set was created
by randomly sampling 10 percent of the available data
points. This was done for two reasons. First, training
with the complete data sets would have been computation-
ally prohibitive for any of the three function approximation
techniques. The second reason was that, after training was
completed, it would be possible to test the response of each
function approximation technique on a different sample of
data than was used in training. (Altogether, three inde-
pendent, 10% samples of the nominal data were created
for our study: (1) to serve as the training set, (2) for use
in estimating the approximation error to compute nominal
confidence intervals in Section 5.9, and (3) for screening
(i.e., to test the response of the trained function approx-
imation in Section 5.10). These same three samples were
used for each of the function approximation techniques.

The 10% sample of training data was allocated among
different power levels to give each power level approxi-
mately equal representation in the sample. This was nec-
essary because the criterion to be optimized by both neu-
ral network techniques was mean-squared error over the
training sample. Any significant inequality in the repre-
sentation at different power levels would translate into un-
equal weighting for these power levels in the mean-squared
error criterion, allowing a heavily-represented power level
to be approximated closely at the expense of a lightly-
represented power level.



F. Scaling of Input Variables

In the case of the Gaussian bar basis function technique,
basis function centers are equally spaced over the range of
each input variable as described in Section 4.1 above. The
units of measurement for these input variables are therefore
irrelevant to the definition of the basis functions, and to the
activation and training of the basis function network.

For the other two techniques, backpropagation and linear
regression, however, it is desirable to rescale all input vari-
ables to the same dimensionless scale so that the weights
resulting from training reflect the actual influence of each
variable, rather than an artifact of the scale on which that
variable is measured. Each input variable was therefore
rescaled to have a mean of zero and a standard deviation
of 0.25 over the training set. (The same scale was sub-
sequently used for data to be screened.) The data was
scaled to a standard deviation of 0.25 so that all training
data within four standard deviations of the mean would
fall within the interval [-1, 1] which is desirable for good
performance of the back propagation algorithm.

G. Scaling of Predicted Variables

For all techniques, the variables to be predicted were bi-
ased to have a mean of approximately zero over the training
set. Since all three approximation techniques contain ad-
justable bias terms, this constant bias was not strictly nec-
essary but it served to improve the speed of convergence of
the iterative techniques. Units of measurement of the pre-
dicted variables are irrelevant to the linear regression and
Gaussian basis function techniques. In these two cases, the
original engineering units were used so that the prediction
errors would be expressed in meaningful units.

In the case of backpropagation, the sigmoidal output
units are capable of producing outputs only within the
range (-0.5, 0.5) and can only approach the endpoints of
this range asymptotically. For backpropagation training,
therefore, each variable to be predicted was rescaled to a
range of [-0.25, 0.25] so it would fall well within the sig-
moidal output range. All prediction errors computed by
the backpropagation algorithm were then scaled back to
the original engineering units of the predicted variables for
comparison with the prediction errors of the other two tech-
niques.

H. Parameters and Training Procedures for the Approzi-
mation Techniques

All approximation techniques were configured for the
same set of 18 input variables, consisting of the 14 en-
gine measurements shown in Table 1 and the discrete en-
gine configuration variables described in Section 5.2 above.
Each approximation technique was given the same two
tasks—predicting the two variables shown in Table 1 from
these 18 inputs. For the linear regression technique, “train-
ing” simply consisted of computing the coefficients of the
best linear approximation to the predicted variable. Singu-
lar value decomposition was employed to compute these co-
efficients. Since the singular value decomposition employed

32-bit floating-point arithmetic, singular values smaller
than .000001 of the largest singular value were zeroed.

The Gaussian bar basis function network was imple-
mented with a middle layer of 60 (M = 60) basis func-
tions per input variable, with the width op set to half
the spacing between adjacent basis functions. The total
storage required for the neural network weights was 844
floating-point numbers. Even with this large number of
basis functions we expected the basis function technique
to learn more rapidly than back propagation, and to have
the advantage of reliably converging without getting stuck
on local minima. Since each Gaussian basis function was
truncated to the interval [p;; — 40k, pjr + 40%), each ba-
sis function will be zero outside of its own neighborhood.
For a given value of an input variable, at most four of the
basis functions for that variable will be nonzero. Thus,
for each training example, at most four basis functions
per input variable can affect the neural network output
and weight adjustment. Equal spacing of the basis func-
tions has the computational advantage that it is possible
for these four nonzero basis functions to be identified by a
simple subscript calculation.

The backpropagation technique was evaluated for config-
urations of 1-8, 10, 12, and 16 nodes in the middle layer of
the network. Each configuration was given a fixed amount
of computation for training for each of the two tasks de-
fined in Section 5.1. For comparing these backpropagation
configurations with the basis function technique, training
computation was quantified as the number of scalar weight
adjustments computed. This is a reasonable measure since
it represents the inner loop of both neural network training
algorithms, yet is independent of implementation software
details. (We wished to compare the techniques themselves,
not the efficiency of their software implementation.) In all
cases, training was limited to 25 million scalar weight ad-
justments. This amount of training was sufficient for some,
but not all, of the neural configurations to perform each
prediction task well. The training number was thus chosen
to differentiate the performance of the different techniques
and configurations.

Each neural network technique was trained at the highest
learning rate (rate of gradient descent) for which conver-
gence to a global minimum was reliably achieved in both
prediction tasks by all network configurations tested. For
the Gaussian bar basis function network, this rate was 0.04.
For back propagation, convergence to a local minimum in
mean squared error was observed regardless of the learning
rate whenever the learning rate of the input-to-middle-layer
connections was the same as that of the middle-to-output-
layer connections. The output connections were observed
to quickly converge to a non-optimal local minimum in er-
ror without significant changes in the input-to-middle layer
weights. Such local minima yielded correct predictions for
one SSME power level but incorrect predictions for sub-
stantially different power levels, and remained stuck in this
situation for as much as one billion weight adjustments.
The solution to this problem was to employ a 10:1 ratio
between the input-to-middle-layer learning rate and the



middle-to-output-layer learning rate. With this ratio, back-
propagation training was able to achieve a low error rate at
all power levels. The maximum learning rate which reliably
achieved convergence in both tasks for all backpropagation
configurations was 0.041 for the input-to-middle layer and
0.0041 for the middle-to-output layer.

I Statistical Estimation of Nominal Approrimation Error

As explained in Sections 2 and 3 above, the detection of
anomalies depends upon surrounding the predictions made
by each function approximation technique with a nomi-
nal confidence interval. To achieve an acceptably low false
alarm rate, the confidence interval was set to five standard
deviations above and below the predicted value. Since the
neural networks were to be tested on different samples of
data than those on which they had been trained, it was de-
sirable to estimate the standard deviation of the prediction
error from data other than the training set. For this pur-
pose, an independent random sample of nominal data was
constructed for each task. We used the same procedures as
those employed for the training sets, but with a different
seed for the random number generator.

Using each of the trained neural networks, and the fitted
linear regression, predictions were generated for the inde-
pendent samples of nominal data. In each case, a nominal
standard deviation was calculated as the RMS prediction
error over this independent nominal data. This nominal
standard deviation was then used in the screening proce-
dure described in Section 5.11 below.

J. Sampling of Data to be Screened

To test the ability of each function approximation tech-
nique to distinguish nominal from anomalous data, we con-
structed data sets containing both nominal and anomalous
data to be screened by each technique. All steady-state
data from each test was screened. To construct data sets
for screening, the steady-state data extracted from each
SSME test (as described in Section 5.4 above) were peri-
odically sampled at the rate of five samples per second. A
separate screening data set was constructed for each of the
six SSME tests shown in Table 1. Each screening data set
contained the same 18 input variables described in Section
5.2 above.

K. Screening Procedure and Visualization of Results

Each trained neural network was applied to each screen-
ing data set to generate a time series of expected nominal
values for the predicted variables shown in Table 1. Ex-
pected nominal values were also generated using the lin-
ear regression technique. (The nominal predictions are the
middle dotted lines in Figures 4-6.) As explained in Sec-
tions 2 and 3, each prediction was surrounded by a confi-
dence interval of five standard deviations above and below
the nominal prediction, as calculated according to Section
5.9 descriptions.

The actual measured values of these predicted variables
were then screened as follows: The measured value at each

time was compared to the expected nominal value pre-
dicted by the given neural network or by linear regression.
Each measured value was classified as nominal if it fell
within the confidence interval of five standard deviations
above and below the predicted nominal value. This screen-
ing is portrayed graphically in Figures 4-6, in which the
measured values are shown as a solid line and the confi-
dence interval 1s bounded above and below by dotted lines.
Measurements falling within the confidence interval are
classified as nominal; those falling outside the confidence
interval are classified as anomalous. The results shown in
these figures are discussed in the next section.

This screening process was repeated on the same data
sets using the trained Gaussian bar basis function network;
trained backpropagation networks with 1-8, 10, 12, and 16
middle nodes; and the linear regression technique.

VI. RESULTS AND DISCUSSION
A. Training

Figure 3a shows the progress achieved by each neural
network technique in learning to predict PID 42, fuel pre-
burner oxidizer valve (FPOV) actuator position. The train-
ing set was composed of nominal steady-state data from
SSME Tests 901-671, 901-672, and 901-673. The ordinate
of Figure 3a shows RMS error over the training set, which
is the criterion each technique is attempting to minimize.
Because training reduces this error by more than two or-
ders of magnitude a logarithmic scale is used. Each plotted
line in Figure 3a shows the reduction in this error as a func-
tion of the amount of training. (The amount of training is
measured as the number of scalar weight adjustments as ex-
plained in Section 5.8.) The dotted line in Figure 3a shows
the reduction in error achieved by the Gaussian bar basis
function technique. The solid lines show the same informa-
tion for backpropagation networks with 1-8, 10, 12, and 16
nodes in the middle layer. Among these backpropagation
configurations, best results were obtained with four middle
nodes. Increasing the number of middle nodes slowed down
training, as expected for the backpropagation algorithm.

Figure 3b shows same information for the prediction of
PID 221, pressure change in the POGO surge suppression
system, trained on nominal data from SSME Tests 902-
548, 902-549, and 902-550. For this prediction, the best
backpropagation results were obtained with seven middle
nodes.

Since linear regression was computed directly rather than
iteratively, it is not shown in Figure 3. Linear regression
is inherently simpler than either neural network technique,
and there 1s little question that it is the fastest of the three
techniques by any reasonable measure of computation.

As expected, the Gaussian bar basis function technique
shows more rapid training than backpropagation in both
tasks. This result was expected because only one layer
of weights is being updated, and also because only a small
fraction of the weights are adjusted for any one training ex-
ample, as discussed in Section 5.8 above. For the prediction
shown in Figure 3a, the basis function network achieved
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Fig. 3. Comparison of training speed of the neural network architectures. RMS error of each neural network prediction decreases as training
progresses. Solid lines indicate backpropagation networks with 1-8, 10, 12, and 16 middle nodes, with the number of middle nodes
indicated to the right of each line. Dotted lines indicate the Gaussian bar basis function network. This information is shown for the
two tasks of Table 1: (a) Prediction of Fuel Preburner Oxidizer Valve Position; and (b) Prediction of Pressure Change in POGO Surge

Suppression System.

one-third the RMS error of the best backpropagation net-
work. For the task shown in Figure 3b, the final RMS error
of the Gaussian bar basis function approximation was only
one-tenth that of back propagation.

Figure 3 shows that a very large number of basis func-
tions can be trained more rapidly than a back propagation
network of comparable or even much smaller size. As dis-
cussed in Section 5.8, this advantage arises from the local
nature of the basis functions. Since each basis function
is zero outside its immediate neighborhood, only a few of
the basis functions are affected by each training example,
and hence only a few of the middle-to-output layer weights
need to be adjusted. Since the basis functions themselves
are fixed, there are no input-to-middle layer weights that
need adjusting as in backpropagation.

Given the relative ease of training of the Gaussian bar
basis function network, the question remaining is whether
a function approximation as accurate as that of back prop-
agation can be achieved. This question is addressed in the
next section.

B. Screening

Each of Figures 4, 5, and 6 compares predictions make
by the three techniques of Gaussian bar basis functions,
backpropagation, and linear regression. Each of these fig-
ures has three parts corresponding to the three techniques
tested. To avoid clutter, the backpropagation results shown
are the best results obtained from the eleven different back-
propagation configurations tested. The predictions made
by each technique are indicated with dotted lines. In each
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Screening of data from a nominal SSME test (901-671) by three approximation techniques: (a) the Gaussian bar basis function

network, (b) the best backpropagation network, and (c) linear regression. The engine parameter being predicted is Fuel Preburner
Oxidizer Valve Actuator Position. In each plot, the nominal confidence interval calculated by the given technique is bounded by the
upper and lower dotted lines. The measured value of the engine parameter is shown as a solid line. The measurements were correctly

classified as nominal by all three techniques, with no false alarms.

case, the middle dotted line represents the expected nom-
inal value predicted by the given technique from the set
of inputs shown in Figure 1 and detailed in Table 2. The
upper and lower dotted lines show the nominal confidence
interval for this prediction, as explained in Sections 5.9 and
5.11. The solid line shows the actual measured value of the
parameter being predicted. The solid line is identical in
parts a, b, and c of each figure. The interpretation of these
figures 1s based on whether the actual measurement falls in-
side or outside the nominal confidence interval at any given
time. When the measurement falls inside the confidence
interval, it is classified as nominal by the given technique;
when 1t fall outside, it is identified as anomalous.

Figure 4 compares the screening performance of the three
techniques on the known nominal data of SSME test 901-

671. The purpose is to verify that each technique will cor-
rectly classify a sample of nominal data different from the
sample on which it was trained. Prior to 400 seconds in
the test, this is merely a question of whether an indepen-
dent 10% sample of the data (as defined in Sections 5.5
and 5.10) will be correctly classified. All data from 400 to
620 seconds, however, was deliberately excluded from the
training sample to verify that this data would be correctly
screened. All three techniques correctly classified this data
as nominal with no false alarms, as shown in parts a, b,
and c of Figure 4.

Figure 5 compares the screening performed by the three
techniques on SSME test 901-672. As shown in Table
1, an anomalous shift in PID 42 (FPOV actuator posi-
tion) was identified by NASA analysts. All three function-
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Fig. 5. Screening of data from SSME test 901-672, which was determined by NASA to have an anomaly at 96 seconds indicated in the Fuel
Preburner Oxidizer Valve Actuator Position. All three techniques detected this anomaly. The anomaly is indicated when the measured
value of this valve position (solid line) moves outside the nominal confidence interval (bounded by dotted lines).

approximation techniques correctly identify the anomalous
shift in this measurement beginning approximately 96 sec-
onds after ignition. Figures 4 and 5 show that nominal be-
havior of the SSME can be predicted from the external in-
fluences shown in Figure 1. Figure 5 shows the accuracy of
the prediction that can be obtained. The accuracy is such
that the fluctuation due to the anomaly can be clearly dis-
tinguished from the fluctuations that nominally arise inside
the SSME and due to measurement errors. More specifi-
cally, the magnitude of the shift representing the anomaly
is greater than five times the RMS error representing nom-
inal fluctuations. This result is achieved by all three of the
function-approximation techniques tested.

Figure 6 compares the three techniques in screening
SSME test 902-549. In this case, the anomaly 1s a shift
in PID 221, pressure change in the POGO surge suppres-
sion system. The anomaly appears to be more subtle than

that of test 901-672, and is not detected equally well by
the three techniques. The Gaussian bar basis function net-
work constructs a much tighter confidence interval than
the other two techniques. In Figure 6a, the dotted lines
representing the upper and lower bounds of this confidence
interval are nearly indistinguishable from each other and
from the actual measurements before the anomaly occurs.
This is not too surprising given that the training of the
Gaussian bar network achieved one-tenth the error rate
of the backpropagation networks (Figure 3). The result
is that the anomaly of Figure 6 is most clearly detected
by the Gaussian bar network, falling well outside the five-
standard-deviation nominal confidence interval. For the
backpropagation network, on the other hand, the nominal
confidence interval is considerably wider, and the anomaly
does not fall outside this nominal confidence interval. The
backpropagation technique thus fails to detect the anomaly.
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Screening of data from SSME test 902-549, which was determined by NASA to have an anomaly at 120 seconds indicated in the

Pressure Change in the POGO Surge Suppression System. In all plots, the dotted lines show a nominal confidence interval of plus or
minus 5 times the nominal RMS prediction error. (a) The Gaussian bar basis function network constructs a very tight nominal confidence
interval. The anomaly is detected when the measured value of this parameter (solid line) moves well outside this confidence interval, to
a deviation greater than 20 times the nominal RMS prediction error. (b) Even the best of the backpropagation networks fails to detect
the anomaly. The measured value stays well within the nominal confidence interval. The maximum deviation due to the anomaly ranges
from 2 to 3 times the nominal RMS prediction error. (c) For linear regression, the measured value lies near the border of the confidence
interval, ranging from 4 to 6 times the nominal RMS prediction error.

The results for linear regression fall between those of the
other two techniques, with the anomaly falling near the
boundary of the nominal confidence interval.

VII. CONCLUSION

The main hypothesis of this study was that the nominal
value of a given engine parameter at a given time could be
predicted from external influences on the SSME. Based on
the boundary we drew around the SSME, these external in-
fluences included not only the commanded power level, but
also the pressures in the fuel and oxidizer inlets, venting
lines, and repressurization lines. These measurements of
external influences were used to predict the nominal values

of two internal engine parameters. More specifically, our
hypothesis was that this prediction could be made with a
tight enough confidence interval to be useful for detecting
anomalies, in spite of the many sources of variability within
the SSME and its measurement channels. This hypothesis
appears to be supported by the data we have presented.
If the anomalies to be detected are considered signals, and
nominal fluctuations in the measurements are considered
noise, then both anomalies used as test cases were detected
at over five times the RMS noise level using the Gaussian
bar basis function network. With nominal predictions sur-
rounded by a confidence interval of five times the RMS
prediction error, no false alarms would be expected from



nominal fluctuations, and none were observed.

Nominal predictions and confidence intervals were also
created using two other function approximation techniques,
the backpropagation neural network and linear regression.
The three techniques all gave comparable results in the task
of screening engine parameter 42, FPOV actuator position.
In the apparently more difficult task of screening engine
parameter 221, pressure change in the POGO surge sup-
pression system, the Gaussian bar basis function network
detected the anomaly at 20 times the RMS noise level; lin-
ear regression at 4-6 times the RMS noise level; and back-
propagation at only 2-3 times the RMS noise level. The
basis function network also trained more rapidly than back
propagation and did not get stuck in local minima.

The chief appeal of the function-approximation approach
to anomaly detection is that i1t is not limited to detect-
ing specific, foreseen classes of anomalies, in contrast with
most other types of neural network and expert system ap-
proaches. 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 practicality for screening large amounts of propulsion
system test data. The approach needs to be tested on a
larger scale, and it needs to be extended to cover transient
as well as steady-state data. Both types of further work
are planned and will be reported at a later date.
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