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A conceptual design of a model-based fault detection and diagnosis system is developed for the Space Shuttle
main engine. The design approach consists of process modeling, residual generation, and fault detection and
diagnosis. The engine is modeled using a discrete time, quasilinear state-space representation. Model parameters
are determined by identification. Residuals generated from the model are used by a neural network to detect and
diagnose engine component faults. Fault diagnosis is accomplished by training the neural network to recognize
the pattern of the respective fault signatures. Preliminary results for a failed valve, generated using a full,
nonlinear simulation of the engine, are presented. These results indicate that the developed approach can be used
for fault detection and diagnosis. The results also show that the developed model is an accurate and reliable
predictor of the highly nonlinear and very complex engine.

Introduction

HIS paper describes a model-based fault diagnosis system

based on a neural network classifier for the Space Shuttle
main engine (SSME). The system may be used to monitor the
life cycle of engine components and for the early detection,
isolation, and the diagnosis of engine faults. As such, the
proposed system will be one part of a larger, engine health
monitoring system.! The health monitoring system will allow
for accommodation of faults, reduce maintenance cost, in-
crease engine availability, and be one part of an integrated,
intelligent control system? for the SSME. A description of
SSME dynamics and its modeling is given in a study by Duyar
et al.’ A summary of the major failures of the SSME that have
occurred are outlined by Cikanek.® Several authorsS# survey
the available methods and approaches for fault detection and
diagnosis. In particular, the survey by Isermann® gives several
examples of the use of identification techniques for process
fault detection.

A fault is the abnormal behavior of a component due to
physical change in the component. A fault event often impairs
or deteriorates the system’s ability to perform its specified
tasks or mission. The detection task is defined as the act of
identifying the presence of an unspecified fault. After a fault
is detected, then the fault must be isolated to the component
that has failed. During the process of isolation, the magnitude
of the fault may be estimated. Fault diagnosis is the isolation
and estimation of a fault mode. Once a fault is detected and
diagnosed, the fault can be accommodated through reconfigu-
ration of the system. Reconfiguration includes both hardware
actions (e.g., activating backup systems) and software tasks
(e.g., adjusting the feedback control gains). The detection and
diagnostic tasks may be accomplished by an onboard proces-
sor, on line and in real time for fault accommodation, as well
as by an off-line processor that analyzes recorded data for
life-cycle analysis and preventive maintenance.
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Initially, a brief description of the conceptual design of the
model-based fault detection and diagnostic system (FDDS) is
given. This is followed by a description of the process model-
ing, the residual generation method, and the detection and
diagnostic system design. Finally, results of the application of
the FDDS to the detection of a stuck valve fault using simu-
lated data are presented.

Conceptual Design

Model-based fault detection methods rely on the determina-
tion of changes appearing in the system due to the existence of
a fault, in comparison with the normal status of the system.
For example, in aerospace applications control actuator faults
may be represented as shifts in the parameters of the control
gain matrix. Sensor faults may be represented as abrupt
changes in the parameters of the output matrix or increases in
measurement noise. These changes are determined by compar-
ing the parameters of the ebserved process with the parame-
ters obtained from the model of the normal process. The
differences between these parameters are called residuals. The
residuals and their patterns are analyzed for fault detection
and diagnosis by comparing them with the known fault signa-
tures of the process.

Fault signatures, which show the effect of a fault on the
parameters, are generated by inducing faults in the nonlinear
dynamic simulation of the process. Fault diagnosis is accom-
plished by training a neural network classifier to recognize the
pattern of the respective fault signatures.

The design of the FDDS is accomplished in three stages:
process modeling, residual generation and fault detection, and
diagnostic classifier design. In the following sections the meth-
ods used in these stages are briefly explained.

Process Modeling

A complete nonlinear dynamic simulation of SSME perfor-
mance was developed by Rocketdyne Division of Rockwell
International Corporation.® In this study, this nonlinear
model is considered as the unknown process. It is used for the
generation of fault signatures by modifying the actuator mod-
els to include a fault model. The input-output data generated
from this simulation are also used to identify the parameters
of the engine. Due to its size and complexity (40 min of CPU
time for 20 s of real-time operation with a VAX 8800), this
nonlinear simulation cannot be used to generate data in real
time to describe the normal mode of operation.
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An off-line system identification algorithm developed by
Eldem and Duyar!® and the data generated from the nonlinear
performance simulation are used to obtain linear point mod-
els of the SSME at 25 different operating points. The inputs of
these models are the rotary motion of the valve actuator
outputs of the oxidizer preburner oxidizer valve (OPOV),
Bopov, and fuel preburner oxidizer valve (FPOV), Bgpoy. The
point models have measurable state variables that simplify the
model structure. The outputs, which are also the state vari-
ables, are the chamber inlet pressure Pc, mixture ratio MR,
high-pressure fuel turbine speed Sypgr, and high-pressure oxi-
dizer turbine speed Sypot.

Two models of the SSME are used in the design of the
FDDS: a linear state variable observer and a linear state-space
model of the normal operation of the engine. Consider the
discrete state-space representation of the engine, linearized
about one operating point:

x(n + 1) = Ax(n) + B(n) (1)
y(n) = Cx(n) )

here x, u, and y are the deviations of the state, the input, and
the output vectors about an operating point. For mathemati-
cal simplicity, it is assumed that the system is not subject to
disturbances and to sensor noise. Following the work of El-
dem and Duyar,'? it is assumed that the system is in a-canon-
ical form such that the following is satisfied:

C = [0:H]
A = Ay + KHC

Al=0 3
(HC), A4 =0

(HC), A{K;,=0 for p>w and  k<p -y
Here the subscript r; and ¢; denote the ith row and jth
column, respectively. Superscripts indicate exponentiation.
The structure matrix Ay is lower left triangular and consists of
zeros and ones only and is determined by the observability
indices u, where k associates u, with the kth output and g =
max {u; }. The matrix K is a deadbeat observer gain.

To estimate the states from the measured input and output
data, a state variable filter

xp(n + 1) = Axp(n) + Bu(n) + K[y(n) — Cx;(n)] 4
y(n)=Cx(n) ()

is used. Here the subscript f denotes the estimated values
obtained from the filter. Equations (1-5) can be solved to give

ymﬂq ©

# .
x/(n)=A{x(0)+ ¥ A{'[KH:B] .
= u(n — i)
Using the nillpotency of Ag, the previous equation yields the
state variable filter equation

yin —1)

u(n ~ l)] for n>p (7

ww=§Arm£{

yr(n) = Cxs(n) ®

which can be used to estimate the states from the measure-
ments of the input and the output data.

Unlike the state variable filter, the state-space model of the
engine estimates the state variables from the measurement of

the input data only. The equation describing the state-space
model of the engine is given as follows:

Im(n = 1)

u(n—l)} for n>up (9)

Xm(n) = _; Al [K:B][

Ym(n) = Cx(n) (10)

where the subscript m denotes the variables estimated by the
model.

Both the state variable filter and the state-space model are
tested by comparing their prediction with the actual output
obtained from the nonlinear simulation. The point models can
predict the output of the nonlinear simulation with very good
accuracy.'! These point models are linked to obtain a simpli-
fied quasilinear model of the SSME, valid within its full range
of operation.!> The parameters of the point models are re-
gressed with the parameters determining the nominal operat-
ing conditions. The mixture ratio and the chamber pressure
are considered as the parameters that determine a nominal
operating condition. This simplified model is also tested by
designing an input signal as shown in Fig. 1. The comparison
of the responses of the linked model and the nonlinear simula-
tion, again, indicated good agreement as shown in Figs. 2 and 3.

Residual Generation

As mentioned earlier, it is assumed that faults are indicated
by changes in the parameters of the system as well as by
internal, observable, but not necessarily measured, process
state variables. The state variables can be estimated by a filter
or a state-space model based on the known process parame-
ters. The parameters of the process can be determined by using
a system identification technique. Then residuals can be gener-
ated by taking the difference between the actual parameters
and the observed parameters.
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Fig. 1 Reference input signals and their corresponding valve inputs.
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Fig.2 Comparison of the responses of the linked model and the
filter with the nonlinear simulation.
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Fig.3 Comparison of the responses of the linked model and the
filter with the nonlinear simulation.

SHUTTLE MAIN ENGINE FAULT DIAGNOSIS

Two kinds of residuals may be generated: 1) parameter, by
comparing the identified parameters of the engine with the
normal parameters, and 2) output, by taking the difference
between the actual output and the output obtained from the
estimated state variables. The simplest test to detect a fault is
a comparison of residual magnitudes to a threshold value.
Using the distribution of the variances of the residual under
fault-free conditions, the threshold values can be determined
to minimize false alarms and missed detections using the Ney-
man-Pearson criterion.!> Other detection approaches that
would statistically analyze the residuals are possible such as
those based on likelihood ratios or sequential probabilities.’

In this study, the state variables of the system are used for
the generation of output residuals. With the observed state
variables, residuals are generated between the measured out-
put and the output obtained using the observed state variables
as

y(n)=y(n)— Cxs(n) a1mn

Measured output and the output obtained from the state-space
model are also used to generate additional residuals as

dy(n)y=yn)— Cpxpy(n) (12)

These residuals are generated by inducing stuck valve faults
in the nonlinear dynamic simulation of the SSME. Both the
OPOV and the FPOV are considered for this purpose. In this
paper a stuck fault is defined such that a valve may not move
above a certain angle, called the fault severity. However, the
valve may move as commanded below this angle. Data are
obtained at various stuck fault severity angles. Figure 4 shows
the residuals obtained for two of the outputs, chamber inlet
pressure and the mixture ratio, by using Eq. (12).

Fault Detection and Diagnosis

A neural network classifier is used for fault detection and
diagnosis purposes. Following the work of Dietz et al.,'* a
two-layer network architecture combined with a back propa-
gation algorithm is selected.

Neural Network Architecture

The neural network architecture employed in this study, as
shown in Fig. 5, is a two-level architecture: 1) the classifier
level where the faults are actually classified as belonging to a
particular category (fault detection), and 2) the severity level
where the severity (magnitude) of the fault that was identified
in the classifier level is estimated.

Classifier Level

The classifier level consists of two networks, one associated
with the chamber pressure residual and the other with the
mixture ratio residual. Each of these two networks are three
layers (including the input and output layers) feedforward
networks with nonlinear hidden and output units. The weights
in these networks are assigned using the generalized back
propagation algorithm.!4

Each of these networks consists of 200 input nodes, 20
hidden nodes, and 2 output nodes. The input to one network
is a time sequence of the chamber pressure residual of length
200. The time step between residuals is 0.04 s with the total
sequence time representing 8 s. Similarly, the other network
receives the mixture ratio residual sequence as its input. For
each of these two networks, one output node is associated with
the OPOV stuck condition whereas the other output node
corresponds to the FPOV stuck condition. In short, one out-
put node is activated if an OPOV stuck condition is activated;
the other is activated if an FPOV stuck condition is activated.
The output activations are real numbers between 0 and 1.

For network training, six fault scenarios were generated
from the nonlinear dynamic simulation for the following fault
conditions: 1) the OPOV valve stuck at 45, 47, and 50 deg,
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respectively, and 2) the FPOV valve stuck at 53, 57, and 59.5
deg, respectively. Chamber pressure and mixture ratio residu-
als for these scenarios were generated as in Eq. (12) for a time
span of 8 s in steps of 0.04 s (a 200 length sequence). That is,
the residual data are generated as the difference of the actual
output of the SSME nonlinear simulation and the output
generated by the linked model.

During training, a residual pattern representing a fault con-
dition is applied to the input level (200 nodes) and a 1 (indicat-
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ing full activation) is applied to the corresponding output
node. For instance, the chamber pressure residual correspond-
ing to an OPOV stuck valve condition is applied to one of the
classifier networks and an activation of 1 is imposed on the
output node corresponding to the OPOYV stuck condition. The
network weights are then adjusted, invoking the back propa-
gation algorithm, thus enabling the neural network to learn
the imposed input-output pattern. Each of the classifier net-
works is trained using all six fault scenarios.
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Fig. 4 Output residuals for stuck valve failures.
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Fig. 5 Fault detection and diagnosis system architecture.
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Fig. 6 Responses of the neural network to OPOV stuck at 47.5 deg.

Severity Level

The severity level consists of four networks, two associated
with the chamber pressure residual (one for OPOV severity
and the other for FPOV severity) and the other two with
mixture ratio residual. Once again, each of these networks is a
three-layer feedforward network where the weights are as-
signed using the back propagation algorithm.

Each of these networks consist of 200 input nodes, 20
hidden nodes, and 3 output nodes. Two of these networks
receive the chamber pressure residual sequence as its input,
whereas the other two networks receive the mixture ratio
residual sequence as its input. The three output nodes corre-
spond to the three severity levels (OPOV stuck at 45, 47, and
50 or FPOV stuck at 53, 57, and 59.5 deg).

The training is similar to that used in the classifier level.
Once the input pattern is applied to a network, the node
corresponding to the severity level of the input pattern is fully
activated and the network weights learned through back prop-
agation. For instance, the chamber pressure residual, corre-
sponding to the 45-deg OPOV stuck valve fault scenario, is
applied as the input and the output node corresponding to a

45-deg severity level is given an activation of 1. However, for
the severity level networks, only those residual sequences that
correspond to the appropriate network are used to train the
network. For example, only mixture ratio residual sequences
are used to train the two mixture ratio severity networks. As a
result, each of these severity level networks is trained with
three input representations rather than six as in the classifier
level.

Results

Test data with severity levels not used in training were used
to test both the classifier level and the severity level networks.
The network architecture works as follows. Consider a fault
scenario of the OPOV valve stuck at 47.5 deg. The two classi-
fier level networks use their corresponding inputs (one uses the
chamber pressure residual whereas the other uses the mixture
ratio residual) to give an output activation corresponding to
the fault (in this case the output node corresponding to the
OPOV fault condition is activated in each of these two net-
works). Figure 6 illustrates the results obtained for this case.
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Fig. 7 Responses of the neural network to FPOV stuck at 55 deg.

Once the decision has been made as to what the fault is, the
severity level networks are used to detect the severity of the
fault. With the OPOV stuck condition, two severity level
networks swing into action (each corresponding to one of the
two residuals) to estimate the severity of the OPOV stuck
valve. The other two severity level networks are dormant as
they are trained to estimate the FPOV fauit severity levels.

Consider another test case for the fault scenario of the
FPOV valve stuck at 55 deg. Again the network architecture
would work as in the previous case with the outputs of the
classifier and severity level networks shown in Fig. 7. Note
that in this case the network actually approximates the severity
level since the weighted sum of the output activation magni-
tudes is 55.5. In both cases the networks correctly identify
both the fault types and their severity.

Conclusions

A conceptual design of a model-based fault detection and
diagnosis system has been presented for the Space Shuttle
main engine. The design approach, which consists of process
modeling, residual generation, and fault detection and diagno-
sis, is straightforward and resulted in a successful design. The
engine is modeled using a discrete time, quasilinear state-space
representation whose model parameters are determined by
identification. Residuals generated from the model are used by
a neural network to detect and diagnose engine component
faults. Fault diagnosis is accomplished by training the neural

network to recognize the pattern of the respective fault signa-
tures. Preliminary results obtained from a nonlinear dynamic
simulation of the Space Shuttle main engine for two failed
oxidizer valve scenarios were presented and indicate that the
developed approach can be used for fault detection and diag-
nosis. Unequivocal classifications of fault type were obtained
along with accurate estimation of fault severity for scenarios
not included in the training set.

Additionally, model accuracy results show that the devel-
oped model is an accurate and reliable predictor of the highly
nonlinear and very complex engine. This ability of the model
to generate accurate estimates combined with the sensitivity of
the residual-based detection approach to engine faults results
in two important features. First, it enables one to use relatively
simple neural networks to successfully classify and estimate
the severity of process faults. Simple networks trained for a
specific fault pattern are more likely to be reliable fault indica-
tors, an important feature in aerospace applications. Second,
the amount of training required to learn the classification and
severity patterns is minimal.

Finally, studies are needed, using the fault data generated
with the nonlinear simulation and actual test data, to com-
pletely verify the validity of the fault detection concept pre-
sented in the paper. Also, additional research is required to
incorporate more fault modes.
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