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Adaptive State Filtering for Space Shuttle
Main Engine Turbine Health Monitoring

Rube B. Williams Jr.*
Los Alamos National Laboratory, Los Alamos, New Mexico 87545
and
Alexander G. Parlos’
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Real-time estimation of system states or parameters that are difficult or expensive to measure directly is often
needed for adaptive control or health monitoring purposes. A practical algorithm is proposed for adaptive state
filtering in nonlinear dynamic systems when the state equations are unknown or too complex to model analytically.
The state equations are constructively approximated by using recurrent neural networks. The proposed algorithm
is based on the predictor-update approach of the Kalman filter, but a least-mean-square filter implementation
with an adaptive filter gain is used. Furthermore, unlike the Kalman filter and its nonlinear extensions, the
proposed algorithm makes minimal assumptions regarding the underlying nonlinear system dynamics and their
noise statistics. The filter is used to estimate the high-pressure turbine discharge temperature of the space shuttle
main engine, during setpoint changes and turbopump failures. The filter is developed by using simulated engine
data, and its performance is tested on both simulated and actual recorded space shuttle main engine transients.
When the complexity of the problem studied is considered, the resulting filter accuracy is shown to be quite
acceptable. Further use of the adaptive filter gain developed is to enable real-time detection of certain system
failures, such as the turbopump failures of the space shuttle main engine. This concept is demonstrated also by

using both simulated and experimental failure data.

Nomenclature

neural node bias

closed domain defined by training set
expectation operator

objective functions for learning
modeling error of ¢( )

neural node discriminatory function
nonlinear system dynamics function
neural approximation of f()
nonlinear system dynamics function
neural approximation of &()

node indices

gradient cost function

discrete time index

number of network layers
high-pressure turbine (HPT) work coefficient
estimate of HPT work coefficient
number of estimated states

layer indices

mixture ratio, ratio of oxidizer to fuel flow
measured fuel flow rate, Ibm/h
estimated fuel flow rate, Ibm/h
number of neural nodes for layer /
number of training examples

number of outputs in training
dimension of vector q()

y = dimension of vector y()
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Iic( ) = measured main chamber pressure, psia
Po(]) = estimated main chamber pressure, psia

q() = system parameter vector

q.0) = deterministic componentof ¢()

q(l) = deterministic estimate of g()

R,() = adaptive filter gain matrix

Tr() = high-pressure fuel turbopump (HPFTP)
R discharge temperature, R

T:() = estimated HPFTP discharge temperature,’ R
T () = high-pressure oxidizer turbopump (HPOTP)
R discharge temperature,’ R

To() = estimated HPOTP discharge temperature,”’R
u() = system input vector, normalized

UFPOV = fuel preburneroxidizer valve position, normalized
Uopov = oxygen preburner oxidizer valve position,

normalized

V(l) = filter objective function

v() = parameter noise vector

w() = outputnoise vector

Wy, i = neural node weight

x() = system state vector

xi,i() = neural node output

x(]) = system state vector estimate

xan( ) = neural state vector estimate

yO) = system output vector

) = system output vector estimate

yan(l) = neural output vector estimate

z,i1() = neural node state

a(k| k) = filtered value of any a (k)

ak+1]k) = predicted value of any (k)

a(k|k+1) = smoothed value of any (k)

Aq() = estimation error for parameter ¢( )

e(l) = innovations term

T = filter window size, s

Introduction
YPICALLY, to mitigate performance degradation resulting
from subsystem failures in real-world systems, control and
health monitoring approaches require the availability of system
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state information that is impractical to measure directly.!'? Ideally,
for such problems, system state information can be extracted from
measured outputs by using an adaptive state filter. However, many
time-varyingproblemsof aerospaceinterestinvolvesystems thatop-
erate in unstableregimes and near stress limits, where rapid estima-
tor adaptation is critical for safe operations>~> For such problems,
particularly where the relevant state equations are poorly under-
stood, or are too complex for analytical expression,suitableadaptive
filters are practically nonexistent.

A conventional way of solving a nonlinear state-estimation prob-
lem involving a time-varying dynamic system is to forgo an op-
timal solution and to assume an estimator structure of suitably
reduced order that performs satisfactorily for the given prob-
lem and solution method. For mildly nonlinear problems, linearly
parametrized model structures and recursive least-mean-square
(LMS) orrecursive-least-squaresparameter adaptation methods can
be used.%’ For such solutions, the adaptation law does not seek the
“best” model of the target system, but the best of available models
that are forthcoming from the assumed model structure. Such state
estimators are sometimes referred to as restricted complexity adap-
tive filters®® and as a class include adaptive implementations of the
extended Kalman filter (EKF).%1°

To extend this general approach to highly nonlinear dynamic
problems, it is somewhat natural to consider neural networks (NNs)
as candidatemodel structures. Such highly flexible nonlinearinput—
output mappings have in the last decade demonstrated a high level
of success in identifying the underlying deterministic behavior of
highly nonlinear stochastic dynamic systems'! ~!® and also as near-
optimal nonlinear state filters,!”~2? albeit for systems that are time
invariant or that are nearly so. NNs are considered effective uni-
versal approximation tools for nonlinear systems. Nevertheless, the
currently available NN learning algorithms are generally too slow
to deal effectively with real-time adaptive estimation and control
problems encounteredin practicerequiring rapid convergence. This
necessitates pretraining of NNs, with only incremental tuning per-
formed online.

Nevertheless, for many engineered systems, there is generally
much information available offline about the system’s determinis-
tic behaviors, including those behaviors resulting from subsystem
degradation and failure. Such information can be acquired from
some combinationof prototypes,especiallyinstrumentedtests, first-
principle models, and other means. Therefore, the potential contri-
bution of NN in real-time adaptive state-estimation problems may
be their ability to capture available deterministic information, of
various complexities, into compact model structures.

The objective of this paper is to present a practical closed-loop
adaptivestatefilteringalgorithm,suitablefora certainclass of highly
nonlinear time-varying problems, where relatively rapid adaptation
to system failure is required, and the system state equations are
unknown.?®> The proposed filter is also demonstrated to provide a
certain disturbance detection capability that can directly contribute
to system fault detection. The adaptive state filtering algorithm pro-
posed is based on the predictor-update approach of the Kalman’
filter and requires the prior identification of the deterministic part of
a reduced-order system model structure using dynamic NNs. The
identified system model structure forms the predictor part of the
filter. In the update part of the filter, the identified model structure
is incorporatedinto a recursive stochastic gradient approach, along
the lines of conventional LMS filtering. The proposed filtering al-
gorithm is a follow-on research to previous work in Refs. 21 and
22 where Parlos et al. demonstrated that adaptive state filters con-
structed using recurrent NNs could, in some instances, outperform
the EKF. In the present study, an LMS filter formulationis pursued
instead of the minimum-variance formulation presented in Ref. 21.

The effectiveness of the proposed adaptive filtering algorithm is
demonstrated by using a case study of space shuttle main engine
(SSME) transient state estimation. This case study follows, in some
sense, the contributions of the authors of Refs. 1, 4, 16, and 24-26,
whereresearchersutilizedthe SSME as a testbed for developingesti-
mation methods that can potentially contribute to fault-tolerantcon-
trol operations for reusable rocket engines. In the presented study,
the discharge temperatures of the SSME turbines are estimated dur-

ing normal and abnormal operating conditions using both simulated
and actual SSME output measurements. Additionally, the utility of
the proposed adaptive filter gain for detecting SSME engine faults
is briefly presented utilizing both simulated and actual SSME mea-
surements. Because of space limitations, this presentationis limited
to a couple of case studies.

The presentationis organized as follows. The adaptive state fil-
tering problem of interest is defined, and the equations used in the
proposed adaptive filtering algorithm are presented. The NN learn-
ing algorithms used in the development of the filter predictors are
discussed, and the adaptive state filter is applied for estimation of
the SSME turbine discharge temperatures during normal operating
conditions and during turbine failures. Finally, the results of this
application are discussed.

Nonlinear State Filtering
Problem Statement
Consider the following system representation in discrete-time,
nonlinear, stochastic state-space form, also known as the noise
representation:

x(k + 1) = flx(k), u(k), g(k)],

q(k) = qq(k) +v(k) ey

y(k) = hlx(k)] +w(k)

It is assumed that w(k) and v(k) are independent white noise vector
processes. It is assumed that all vectors involved in Eq. (1) are of
appropriate dimensions.

At this stage of the problem definition, no assumptions are made
regarding implicit or explicit knowledge of f() and h(), other than
that such a representation is an accurate description of the un-
derlying system dynamics. In many traditional state filtering ap-
proaches, exact knowledge of Eq. (1) is assumed, and the noise
vectors w(k) and v(k) are considered zero-mean, white Gaussian
processes. Equation (1) becomes the starting point for the develop-
ment presented herein. An assumption made regarding the system
of Eqgs. (1) is that

i (k
‘E(Ayl—()>‘ > 0, vk, n, <i =<ny,
Aq; (k)
(2)

Equation (2) requires that the deterministiccomponentof each mea-
sured output varies monotonically with each element of g(k).

The objective of the state filtering problem is to obtain the sys-
tem state estimate x(k) for x(k), given u(k) and y(k). In linear state
filtering, the notation used to denote this estimate is important be-
cause, depending on the chosen filtering method, different optimal
state estimates are obtained. However, in nonlinear state filtering
problems, the resulting state estimates are not optimal in any sense.
Therefore, the notation x(k | k) is used herein to mean simply the
state estimate at the discrete time k, following the update resulting
from the measurementy(k), at time k.

Conventional Method of Solution

The EKF solution to nonlinear state filtering assumes the avail-
ability of an exact system model shown by Eq. (1) (Ref. 27). The
algorithm consists of the following two steps. The first step is the
prediction step, which is performed before observing the (k + 1)th
sample. The assumed model f( ) and k() and the filtered state esti-
mate X(k | k) are used to compute the state and output predictions
x(k+1|k)andy(k + 1| k). The a priori error covariance matrix is
also computed by using the state estimate and the Jacobian of f{(),
evaluated at the state estimate. The assumed covariance matrix of
the process noise is used in this step. The second step is referred
to herein as the update step. This step is performed following ob-
servation of the (k + 1)th sample. The state prediction x(k + 1 | k)
is updated with a linear combination of e(k + 1| k), resulting in
x(k + 1|k + 1). The coefficients used to weigh the innovationterms
form the elements of the EKF gain matrix. The EKF gain matrix is
updated by using the Jacobian of k(), evaluated at the X (k + 1| k),
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the a priori error covariance matrix, and the assumed covariance
matrix of the measurement noise. Finally, the a posteriori error co-
variance matrix is computed by using the updated EKF gain matrix,
the a priori error covariance matrix, and the Jacobian of k() evalu-
ated at the X(k + 1| k). In this formulationof the EKF, state estimate
x(k | k) could be augmented to include a vector such as q(k | k).

Proposed Method of Solution

There are three significant differences between the proposed fil-
ter and the conventional EKF solution. First, the nonlinearfunctions
fO), and k() are assumed to be unknown, and they are replaced by
empirical NN approximations constructed from input-output mea-
surements. Second, an LMS filter is formulated and solved, rather
than a minimum variance filter. Third, noise statistics are assumed
to be unknown and are not explicitly used in the filter computations.
The NN architectureconsideredin this paperis that of a dynamicre-
current multilayer perceptron (RMLP).!* The approximation prop-
erties of the static feedforward multilayer perceptron NNs are well
documented in the literature 28=3! Similar approximationproperties
have notbeen provenin the literature about the recurrentform of this
NN, either in static or dynamic configuration because of the com-
plexity of the underlying NN structure. Despite the lack of rigorous
results for recurrent NNs, their utility in approximating dynamic
systems is explored in this paper.

Adaptive State Filter Formulation

Filter Equations

In this section, no system model is assumed known for the pre-
dictor step of the filter. Rather, a finite set of input, output, state, and
parameter data is assumed to be available. Therefore, NNs are used
to developapproximationsof the functional forms entering the filter
equations. The adaptive state filter forx(k + 1| k + 1) is formulated
by using the following two steps. The first step, the prediction step,
occurs before observing the (k 4 1)th sample. The state and output
predictor values are computed using the following equations:

Inn(k+11k) = funlEan (k 1k), u(k), y(k), q(k | k)]

Iank+11k) = haw[Xsn(k + 11k), gk | k)] (3)

The second step is an update step that is conducted following ob-
servation of the (k 4 1)th sample. The updated state and parameter
estimates are computed using the following equations:

Gk |k+1) =gk |k)+R,(k+1k+DJ,(k+1]k+1)
Nk + 11k + 1) = fun[Xxn (K 16), w(k), y(k), gk |k +1)]

Qk+1lk+1D)=qklk+1) “4)

Here, g(k | k+ 1) is an updated estimate of the parameter estimate
at k that uses the sensor information obtained at time k + 1 and is
effectively a smoothed update of g(k | k). In the second of Egs. (4),
the g(k | k + 1) isusedin the predictorfyx( ), replacingq (k | k) thatis
used in the predictor step of the filter. This substitutionresultsin the
computation of X(k 4+ 1|k 4+ 1), which contains information from
the innovationsatk + 1. Finally, in the third of Egs. (4), it is assumed
that g(k | k + 1) is equal to q(k + 1|k 4+ 1). This assumptions is a
good approximation when the trend of the parameter vector g( ) is
slowly varying.
The variables J,() and R, () are defined as

. 1
eklk)y=yk) —yk|k—1), Vik|k) = Ee(k [k) ek | k)
AV (k| k)

T,k 1k) = _[—8él(k—1|k— 5

IV (k| k) IV (k| k) T )

0ok — 1k —1) G, (k— 1k — 1)

‘ TG = 1]s — 1)‘
Zf:k—r qul.(s | s)

R,i(k|k) =

T large |E{Ji(k1k)J,;(k— 1]k —1}|
E{J2(k|k)}

R, (k| k) = diagonal(R,1, Ry, ..., R,,) (6)
R, (k| k) is the noise-to-signalratio of J,; (k | k), where 7 is based
on prior experience and it is selected to be sufficiently large. Calcu-
lation of J, (k | k) is performed analytically for the selected RMLP
NN models, by using the gradients of these networks as defined
in the respective backpropagationlearning algorithms.!*!32! How-
ever, because there can be no contributions from network internal
recurrentlinks to the calculation of J, (k | k), as defined by Eq. (5),
the analyticalexpressionsfor this gradientcost function,in all cases,
reduce to a backpropagationalong the feedforward links.

Comments on the Neural Predictors

The networks fyn() and hyn() form a model structure that is
parameterizedin (). However, the terms model and model structure
are interchangeablyused concerning fyn() and Axn(). NNs do not
extrapolate well, and as a result, the identified models fyx() and
hnn() are only defined forg() € D.

Also, because of its explicit dependence on g(k | k), hyy() is not
exactly analogousto h(), as it is defined in Eq. (1). Because the de-
terministic component of the parameter g() is typically much more
slowly varying than the otherdynamicsignalsusedinidentifyingthe
NN predictor models, neural forgetting of the implicit dependence
of h() on past values of the parameter ¢() can limit the success of
the available training data in some cases. To improve the training
of the NN predictors, an explicit dependence on g(k | k) is utilized
in hyn(). Furthermore, fyn() contains measured system outputs as
inputs, and it is not analogous to f( ), as it is defined in Eq. (1). For
certain cases, the state-space information available for training the
networks is too incomplete for accurate predictoridentification, and
the use of input—output data as network inputs can improve predic-
tor training. Additionally, certain defined system states may also be
sensed outputs in some applications,and these sensed values should
be used as inputs to the NN predictors during such online filtering
operations. For the special case, when only output predictions are
desirable in the first step of the filtering algorithm, the compos-
ite functional Axn[fan()] can be identified without impacting the
accuracy of the filtering algorithm.

Asymptotic Behavior of the Adaptive Filter Gain
The parameter g(k) can be defined in terms of g(k | k) and e, (k)
as

q(k) = q(k | k) +e, (k) +v(k) @)
Then Agq(k) is expressed as
Aqk) = q(k) — q(k | k) = e, (k) + v (k) ®)

However, for sufficiently small values of e(k 4 1), the gradient-
descent update approximation can be utilized, that is,

Aqk)y=J,(k+1]k+1) 9)

which, for this case, directly relates the gradient cost of the predic-
tion error at k + 1 to the size of the parameter estimation error at
k. By substitution of Eq. (8) into Eq. (9), and then into Eq. (6), it
follows that for a sufficiently small sampling interval

R, (k+1lk+1)—1 as Agqk)— e, (k)
R,(k+1lk+1)—0 as Aq(k)—v(k) (10)

These asymptotic expressions for the filter gain express the obvious
and desirable fact that, as the parameter error estimates approach a
white noise process, the filter gain becomes infinitesimally small.
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Comments on Filter Convergence

Offline development of the filter predictors, described later, es-
tablishes the existence of a slowly varying sequence of parameters,
{q(k) € D}, and a small associated state and output prediction error,
for a certain operatingrange of a given target system. It is inherently
assumed in the filter developmentthat the monotonicdependenceof
the measured outputs on g (k) is sufficiently learned by the identified
predictor, such that small prediction errors define a global region of
attraction for the adaptive filtering algorithm. This region of attrac-
tion is valid for the operating conditions defined by the training set
used in filter developmentand by the adaptation problem constraint
n, < n,, thatis, the adaptation problem has more output conditions
than adaptable parameters. Furthermore, the treatment of the mea-
sured outputs and system states is much in the same manner during
training, that is, that some state values are availableas targets during
training guaranteesthat low output predictionerrors associated with
low state filtering errors are obtained.

During online filter operation, only the output prediction errors
can be calculated because state observations are not available. Be-
cause of the requirementn, < n,, the adaptive filtering algorithm is
overspecified. As a result, on an unknown target system a parameter
sequence for (k) that is associated with small output prediction
errors is not guaranteed to exist. However, it may be possible to
establish a small enough prediction error criterion during offline
predictoridentification, such that online prediction errors satisfying
this error criterion will, with good likelihood, imply that the tar-
get system is a realization of the system used to train the NNs. In
such a case, the state estimation errors can also be expected to be
suitably small. This latter filter property, though it cannot be guar-
anteed, is associated with filter convergence, and it requires that
certain observability assumptions be placed on the system under
investigation. Such assumptionsregarding the system of Eq. (1) are
not explicitly stated in this work because it is exceedingly difficult
to ascertain observability arguments about a dynamic system from
input-state-output measurements.

Inspection and trial-and-error iterations are utilized in the ap-
proach presented to design and implement an adaptive filter based
on the proposed algorithm. Unfortunately, little can be proven, in
general, concerning convergence of the identified model to the tar-
getsystemand convergenceof the adaptivefiltering algorithm. Such
difficulty in convergence analysis is primarily due to the complica-
tions arising from the adaptive nature of the filter and the use of
nonlinear models as filter predictors. Therefore, substantial subjec-
tive responsibility is placed on the filter designer when using the
proposed filtering algorithm.

NN Predictor Identification

Identification of a NN predictor is accomplished via a sequence
of steps that includes iterative learning.!""!> The data used for iden-
tification, sometimes called the training data set, typically comprise
an estimation data set that is concatenated with a validation data
set, where both data sets are rich and independently generated. The
network parameters, or weights, are typically adjusted by using a
gradient-descentalgorithmsuch thatpredictionerrors on the estima-
tion data set are minimized. Prediction errors on the validationdata
set are also generated but are not used for weight update. Generally,
for a number of iterations, both the estimation and validation er-
rors will decrease. Eventually, however, prediction errors will start
increasing on the validation data set, indicating overtraining, that
is, network learning of information in the training data that is not
general to the underlying system behavior. The network weights
calculated just before overtraining begins are considered the best
weights for the given network. Candidate networks are determined
from experience and trial and error, and the network that ultimately
produces the lowest prediction errors on the validation data set is
considered the best system model. Normally, following predictor
identification, one or several independently generated testing data
sets are generated and processed by the best NN model to check the
effectiveness of the learning on independentdata sets and to bench-
mark the identified NN model against characteristic target system
behaviors.

The NN used in this study to approximate the filter predictors
is the RMLP network, and it is based on prior work presented in
Ref. 11. The equationsdescribing the ith node in the /th layer of the
network are as follows:

N()

Z[l.i](k +1)= Z w[l.j][l.i]x[l.i](k)

j=1

N —1)
+ Z w[l—l.j][l.i]x[l—l.j](k"’_1)+b[l.i] (11)

=1
Xy (k) = F[l.i][Z[l.i](k)] (12)

wherei=1,...,N(l)and/ =1, ..., L.Forthe outputlayer,/ =L,
the discriminatory function is assumed linear. The first summation
of Eq. (11) includes the recurrent network weights, whereas the
second summation includes the feedforward weights.

The RMLP network can be simplified to three layers, an input
layer that acts as a buffer, a nonlinear hidden layer, and a linear
output layer. These simplified RMLP network equations can be ex-
pressed in the form of an empirical input—output predictor in state-
space form.!? The input vector of this predictor formulation can be
modified for use in the learning mode called teacher forcing (TF),
where no past predictor outputs are used in the input layer. This
predictor formulationis also referred as a static NN. The same pre-
dictor can be used for the learning mode, called global feedback
(GF), where a number of tapped delayed predictor outputs are used
in the inputlayer of the network. The resulting network is referred to
as a dynamic NN, and it is constructed by appropriately modifying
the predictor’s input vector.'® Further details regarding the implica-
tions of using TF vs GF on the learning algorithms are presented
Ref. 15.

Application to SSME

In this section, a case study of the proposed adaptive filtering
method is presented. The proposed algorithm is used to estimate
the SSME high-pressurefuel turbine (HPFT) and high-pressure ox-
idizer turbine (HPOT) discharge temperatures,during normal oper-
ations and during high-pressure fuel turbopump (HPFTP) failures.
The objective of this case study is to demonstrate the general perfor-
mance attributes of the adaptive state filter for a practical, complex
problem. NN predictors are identified from simulated data, and the
designed adaptive filter is tested using both simulated and actual
experimental SSME data during failure conditions. An overview of
the proposed adaptive filter for the SSME case study is presentedin
Fig. 1.

SSME Description

The SSME is a liquid-propellantrocket engine. Fuel and oxidizer
flows, driven by four turbopumps, combine in dual preburners and
in the main combustion chamber to produce high-temperature gas
that is expanded through the nozzle to produce thrust. The engine
has five control valves and utilizes open-loop control for startup
and shutdown and linear closed-loop control for the so-called main-
stage operation. During mainstage operation, the engine power level
is regulated by two control loops. These control loops manipulate
two control valves, the fuel preburner oxidizer valve (FPOV) and
the oxygen preburner oxidizer valve (OPOV), which throttle the
fuel and oxidizer turbopump power and the corresponding propel-
lant flow rates, respectively. One control loop regulates the main
chamber pressure Pc, by positioning both the FPOV and the OPOV
to maintain a pressure setpoint. The other control loop trims the
FPOV position to cause a calculated mixture ratio My to track a
setpoint. The My is calculated by the control system as a linear
regression of the measured fuel flow M and Pc. Together, Pc and
the My determinethe engine power output. The other control valves
are configured during engine startup to positions that correspond to
the maximum engine performance requirements for the mission.>2
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____N System
(SSME)
> Prediction, ﬂ:)
»| fun() gk lk-1) k) | parameter —R(K)
> Adaptation
a(k-11k-1) i
z-1
B a(k-11K) =k 1k)
State N
Filtering, X(klk)
T ()

Fig. 1 SSME adaptive state filter block diagram.

SSME Test Data Description

Actual SSME test data are used for validation of the SSME sim-
ulator that is used in filter development and for validation of the
designed adaptive filter. The test data are from a SSME test firing,
thatis, test 901-853 of SSME 0523 on stand A1 at the Stennis Space
Center (SSC) in January 1996. The test was scheduled to run for
750 s, but test engineers shut down the engine after operating it at,
or near, full power for about 553 s. The premature shutdown was
due to metallic evidence of turbine failure in the engine exhaust
plume.

In this test, an SSME was operated at a constant My of 6.01,
while the Pc was varied. The engine was initialized at 100% power
level at engine startup, throttled from 100% power down to 90%
power after 40 s, then back up to 100% power in 25 s, or in 65 s
from engine startup. At 90 s from startup, the engine was taken to
104% power, and then up to 109% power at 115 s from startup.
At 140 s from startup, it was throttled down to 104% power and
held at 104% power level until engine shutdown at 553 s follow-
ing startup. Posttest analysis conducted by Marshall Space Flight
Center and SSC engineers, who primarily evaluated vibration data
and conducted visual inspections, revealed that significant degrada-
tion events had occurred in the HPFT blades at 130, 276, 404, and
415 s following startup, and also a gradual degradation of turbine
condition took place between 520 s and engine shutdown>?>* The
experimental data were collected at a rate of 25 samples/s, and they
included observations from the initiation of mainstage operations.
Data for all thermal and fluid variables of interest were collected
throughout the test. Further operational details regarding the test
data may be found in Refs. 2 and 23.

SSME First-Principles Model and Its Validation

The SSME digital transient model (DTM) is an SSME simula-
tor that was used extensively in this research. This simulator is a
detailed first-principles model of the thermal-fluid dynamics and
control of the SSME.>! DTM was developed at Rocketdyne, and
it has been used extensively to analyze the performance of the
SSME. The model consists of a large number of coupled nonlin-
ear differentialequations with appropriatetime-varyingcoefficients.
Correlations from a variety of tested engines running under differ-
ent conditions are used to define the scope and practical limita-
tions of the various equations. Finite difference techniquesare used
when an SSME subsystem warrants a distributed parameter model.
For a complete description of the DTM, see the relevant model
documentation*

Nominally, the SSME DTM contains sufficient modeling sophis-
tication to approximate the dynamic behavior of a particularengine
toahigh degree of accuracy. Tuning of the DTM is accomplishedby
adjusting some of its coefficients, as required, to minimize the error
between the mathematicalmodel responseand the testdata fora par-

ticular engine. In this study, the DTM was validatedagainstthe SSC
test data by comparing its transient response during the first 175 s
of the test data. All simulated SSME variables, with the exception
of the high-pressure turbine (HPT) discharge temperatures, com-
pared quite well with the test data, and maximum relative errors of
approximately 3% were obtained. The HPT discharge temperatures
had maximum relative errors of approximately 10%. Further tuning
of the DTM could have eliminated these discrepancies. However,
it was desirable to maintain some discrepancies between the DTM
response and the SSC test data, allowing verification of the adaptive
state filter on a process with some level of dynamic uncertainty. Ex-
tensive transient response comparisons of the DTM responses and
the SSC test data may be found in Ref. 23.

Adaptive Filter Development

NN predictor models for certain SSME processes are identified
by using transientdata generated from the SSME DTM. Any num-
ber of dynamic states and parameters can be simulated with the
DTM. Experience, existing literature,'®>*3? and trial-and-error it-
erations were used to determine the NN architectures and model
structures that are suitable for the HPT discharge temperature esti-
mation problembeingstudied. It was determinedthat HPT discharge
temperatures can be predicted by using different combinations of
past and current values of various SSME variables. These variables
include ugpov, Uorov, Ir, Ty, Pc, and M. Because P- and My
are nominally measured outputs that are used by the SSME control
system, these variables were selected as the measured outputs for
the filtering application.

Only two measured outputs are available for this problem. As
a result, only one adaptable parameter, g (k) = L(k), is considered
for consistency with the filtering problem formulation assumptions
[see Eq. (2)]. In this case study, it is known a priori that the target
system will experience HPFTP failures, although the timing and
the severity of the failures are assumed unknown. In the training
data set, the L(k) is set equal to a coefficient in the SSME DTM
model representative of the HPT work. This coefficient is adjusted
to model various off-nominal turbine performance conditions. HPT
efficiency degradation of greater than 5% of the nominal value is
normally associated with catastrophic failures 2

Training Set Selection

The training data set consists of an estimation set used in updat-
ing the network weights and biases and a validation data set used
in terminating the learning and in selecting the best network archi-
tecture. The identification data set is defined such that L (k) takes
the discrete values of 1.05, 1.0, 0.95, 0.9, and 0.85, corresponding
to SSME DTM HPT work outputs of 105, 100, 95, 90, and 85%,
respectively, of the value corresponding to nominal SSME condi-
tions at 100% engine power level. The range of values used for L (k)



106 WILLIAMS AND PARLOS
Table 1 Identified neural network models of SSME processes
Functional description NN architecture
Pe(k+1) = fani[Pc (), Mg k), Tr (k), To(k), uppov (k) uopov (k), L(K)]  RMLP, 7-4-1
MF(k+1)—fNN2[PC(k) MF(k) TF(k) To(k) urpov (k), uopov (k), L(k)] RMLP, 7-2-1
TF(k-i-l)—fNNs[Pc(k) M k), TF(k) To(k), uppoy (k), L(K)] RMLP, 6-6-1
Totk+1) = faunal P (k), Mg (k). To (k). uppov (k). uopoy (k), L(K)] RMLP, 6-8-1
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Fig. 2 Training data set for SSME main chamber pressure.

during training was selected to influence the NN to establish good
interpolated accuracy for output and state estimates when L (k) take
values on the smaller, embedded range [1.0, 0.9], which provides
suitable coverage for potential turbine failures.

To generate the training data set, the SSME DTM is initialized at
the 105% power level setpoints for P- and My, under the command
of the SSME control system and with the parameter L (k) setto 1.05.
Next, the control system is disengaged from the FPOV and OPOV
actuators, and for several seconds these actuators are commanded
by a pseudorandom pattern of valve positions that correspond to
demand settings in the range of 90-110% of the rated power. The
behavior of the states of interest and the corresponding inputs are
saved, and these steps are repeated for the next lower value of L (k).
The resultingdata sets are concatenatedto create the estimationdata
set that is used in predictoridentification. Analogously,a validation
data set is also created. The estimation and validation data sets are
concatenated to create the training data set. Figure 2 shows the
identification data set behavior for Pc. From inspection of Fig. 2, it
is readily apparent that the magnitude of Pc varies monotonically
with L(k), as required by Eq. (2). A similar dependency is observed
for the measured variable M.

Training of the Filter NNs

In this case study, a state predictor is not explicitly used in the
predictionstep of the filtering algorithm. Rather, the state and output
predictors that are given by Eq. (3) are combined, and a composite
output predictor is obtained as follows:

Yk +11k) = hanlfan @k [ k), u(k), y(k), gk | k), gk | k)]

= ganlx(k [k), u(k), y(k), g(k | k)] (13)
In particular, two predictorg are developed for the output vector
yk+1|k)= [Po(k+1] KYMp(k+11k)]". Also, because mea-
sured values for Pc(k) and Mp(k) are available during the filter
operation, the past measured values of these variables are used as
inputs to the NN models. In the filter update step, the filter gradients
and the adaptation gain are calculated by using Egs. (5) and (6). The
state updates for f"p (k+1|k+1)and f}l (k+1]k+1)areobtained
by identifying explicit state predictors, as dictated by the second of
Egs. (4). Finally, the parameter L (k) is updated by using a relation
consistent with the last of Eqgs. (4).
A summary of the SSME adaptive filter equationsis as follows:

Ptk +11k) = fani[Pe(h), Mp(k),

Tp(k | k), Ty(k | k), uppoy (), uopoy (k), Lk | k)]

Time (Seconds)

Fig. 3 Comparisonoffiltered estimates and SSME DTM responses for
the HPT discharge temperatures during HPFTP degradation events.

Mp(k+11k) = faxal Pe(k), My (k),

Tr(k | k), To(k | k). urpov (k). topov (k). L(k | k)]
Lk|k+1)=Lek|k)+ R, (k+1|k+DJ (k+1|k+1)
Tp(k+ 11k + 1) = funs[Pe(k), Mg (k),

Tr(k [ k), To(k | k). uppoy (k). L(k |k + 1)]

Totk + 11k + 1) = fanal Pe(k), My (k).
To(k | k). uppoy (k). uopov (k). L(k |k + 1)]

Lk+1lk+ D) =Lk|k+1 (14)

The NNs involved in these predictors are all RMLPs with GF. A
summary of the resulting filter NN architectures is presented in
Table 1. To obtain the results of Table 1, a number of network archi-
tectures were trained for each predictor. After selecting a promising
architecture, further training is performed, and the validation data
seterroris used to stop training. Network training is completed after
suitably small prediction errors are obtained on the validation data
sets for each identified predictor. Following approximately 6000 it-
erations on the selected network architecture, the prediction errors
on the validation data sets begin to increase and learning is termi-
nated. The relative validation errors range from approximately 0.5
t0 2.5%.

SSME Monitoring Filter Testing Results

Filter Testing Using Simulated Data

The SSME DTM is used to generate testing data sets. These data
sets are power level transients with and without high-pressure tur-
bopump failures. Both high-pressure oxidizer turbopump (HPOTP)
and HPFTP failures are modeled using the SSME DTM. A few rep-
resentative cases are described here. The presented errors for the
output predictions and the filtered state estimates are in terms of the
absolute value of the maximum relative error (MRE) defined as

actual(k) — estimate(k)
X
actual(k)

MRE = (15)

Figure 3 shows a comparison of Ty (k | k) and the corresponding
SSME DTM responses during a transient with HPFTP degradation
events. In this case study, the engine power level is varied by using
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Table2 Simulation testing, error results
for up to 5% HPT failure events

2200.0
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MRE, %
Description Pc Mp To Tr
Nominal 0.5 0.5 4.5 3.5
HPFT failure 0.5 2 4.5 3.5
HPOT failure 3.5 1.5 2 2
HPFT and HPOT failure 1.5 1 2 2
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Fig. 4 Adaptivefilter gain response to the simulated SSME DTM tran-
sient with HPFTP degradation events.

the Pc setpoint in steps, starting from the nominal 100% power
level condition at 5 s, followed by a step up to 104% power level
at45 s, and a step down to 90% power at 70 s. HPFTP degradation
events are modeled by setting the appropriate SSME DTM turbine
coefficient to the values 1.0, 0.99, 0.98, 0.95, and 0.85 at the times
0.0,50.0,60.0, 85.0,and 90.0 s, respectively.Figure 3 demonstrates
that for up to 5% drop in the HPFTP performance,occurringat 85s,
the HPT filtered states have less than 5% MRE with respect to the
simulated testing data. However, for the 15% HPFTP performance
degradationevent,initiatedat 90 s, the HPT filtered temperaturesare
as faras 150 R from the simulated values, resultingin approximately
8% MRE.

Table 2 presents a summary of the filter simulated testing results
when HPT degradation does not exceed 5%. Table 2 demonstrates
that the HPT filtered states are within 5% of the simulated test data
for all cases, when the HPT performance degradation is no more
that 5%. The prediction errors for P- and M are consistently low
and do not show an obvious relation to the state estimation errors of
the HPT discharge temperatures. However, the prediction error for
Pc increases to 1.5 and 3.5% (Table 2) when the test data include
HPOTP degradation. This increase is an apparent indication that
such a condition was not well represented in the training data set
and potentially outside the filter scope, notwithstanding that the
state-estimationerrors may still be quite low. Such behavior, where
the prediction error provides some indication of the applicability of
the filter for the given system conditions is highly desirable.

Figure 4 shows the behavior of the adaptive filter gain for the
same transient case illustrated in Fig. 3. The adaptive filter gain
is observed to take large values at times corresponding to setpoint
changes45 and 70 s and also at the times correspondingto the mod-
eled failure occurrences, marked by an asterisk in Fig. 4. At these
times, the deterministic component of the gradient cost function,
that is, the modeling error, becomes excited. While filter adapta-
tion is rapid, the large gain values persist for the length of the filter
window 7 [see Eq. (6)], which for this case was set to 50 samples,
or equivalently to 2 s. As a result, all of the failure events can be
effectively detected by discriminating them from setpoint changes.
Discrimination of simultaneous setpoint changes and failure events
has not been explored.

For comparison, Figs. 5 and 6 shows the HPT discharge tempera-
ture estimates and the adaptive filter gain response, respectively, for
an SSME DTM transient exactly analogous to that described ear-
lier and represented by Figs. 3 and 4, but instead of HPFT failures,
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Fig. 5 Comparisonoffiltered estimates and SSME DTM responses for
the HPT discharge temperatures during HPOTP degradation events.
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Fig. 6 Adaptivefilter gain response to the simulated SSME DTM tran-
sient with HPOTP degradation events.

equivalent magnitude HPOT failures were modeled. The MRE for
the state estimates, shown in Fig. 5, remains within 2% (Table 2),
until the 85% HPOTP degradationevent,at 90s. Figure 6 shows that,
except for the 85% turbine degraded performance event, the mag-
nitudes of adaptive gain response to HPOTP failure events (marked
by an asteriskin Fig. 6) are significantly lower than that for the anal-
ogous HPFTP failure events (Fig. 4). Such preferential sensitivity
of the adaptive gain response to HPFTP failure was observed to be
consistent in this study, but was not investigated in depth.2> How-
ever, observe that, given such relative sensitivity of the filter gain,
its response combined with the filtered state estimates is potentially
informative for fault isolation methods.

Filter Testing Using Experimental Data

The adaptive filter developed herein was applied to data from an
SSC test firing of an SSME, as already described. Figures 7 and 8
compare the filtered HPT discharge temperatures with the measured
signals for T and Tp, from the initiation of the mainstage opera-
tions to engine shutdown. In Fig. 7, the HPFT discharge temperature
estimates track the general behavior of the actual HPFT discharge
temperature response with degradationevents in the HPFTP at 130,
276, and 404 s. The estimation error grows larger after the engine
power level is set to 104% power level at 140 s. Throughout the
transient, the MRE for the HPFT discharge temperature estimates is
less than 5%. In Fig. 8, the filter estimates for HPOT discharge tem-
peratureappear to be largely boundedby the target systemresponse.
In some instances, the filter estimates substantially undershoot the
actual HPOT discharge temperature behavior. During a 20-s period
while the SSME is at 90% power, the MRE for the HPOT discharge
temperatureestimatesreaches 10%. Also, for 25 s after the engine is
set to the 104% power level, the MRE reaches 6%, whereas during
the remainder of the transientit is well below 5%.

The MRE values comparing the filtered estimates with the SSC
testdataare summarizedin Table 3. As expected, the maximum filter
prediction and state-estimation errors are larger than the equivalent
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Fig. 7 Comparison of the filtered estimates to measured SSME HPFT
discharge temperature for the SSC test data.
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Fig. 8 Comparison of the filtered estimate to measured SSME HPOT
discharge temperature for the SSC test data.

errors in the simulated testing results. Based on the simulated test-
ing results, larger prediction errors for P in the SSC test data case
may be an indication that the NN models do not representthe target
system well. As a benchmark, the simulated SSME DTM responses
were also directly compared to the SSC data. To enable this compar-
ison, the SSME control schedule was modeled to match that of the
SSC data. The MRE values comparing the simulated SSME DTM
and SSC responses, before HPFTP failure at 130 s, are also givenin
Table 3. Table 3 shows that the errors for the SSME DTM responses
compareddirectly to the SSC testdata are similarly large as the filter
estimation errors for the SSC data, suggesting that the SSME DTM
did not accurately represent the actual engine considered. Although
the SSME DTM is capable of high accuracy modeling of the actual
SSME behavior, the inaccuracies are to be expected because in this
case study the SSME DTM coefficients were not tuned using the
actual SSC test data as areference. Such tuningis typically required
to match the DTM to the responses of the engine configuration con-
sidered. That the estimation errors for both the filter and the SSME
DTM compared to the SSC test data are of similar magnitude fur-
ther suggeststhat the filter accuracy is limited by the modeling error
presentin the training data set.

Figure 9 demonstrates that the adaptive filter gain becomes sig-
nificantly large at times correspondingto pressure setpoint changes
and the HPFTP degradation events described earlier. As with the
simulated test case described earlier, the adaptive filter gain effec-
tively detects each failure event, which are marked by an asterisk
in Fig. 9. Such behavior suggests some potential benefit of the pro-
posed adaptive filter to fault detection methods, where some type of
discriminateanalysis can be utilized to exclude setpointchanges and

Table 3 Estimation errors for SSC test data comparisons

MRE, %
Comparison Pc Mg Tr Ty
Filter estimates and SSC 2.5 2 5 11
SSME DTM estimates and SSC 3 2 6 10
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Fig. 9 Adaptive filter gain response for the measured SSME behavior
during the SSC test data.

other known disturbance events. Such an approach will permit the
real-time detection of certain component degradations at similarly
incipient stages as demonstrated herein concerning SSME turbine
failure.

Conclusions

Adaptive state filtering solutions, suitable for practical complex
dynamic systems with severe failure modes and unknown system
state equationsare scarce. However, fault-tolerantcontrol and moni-
toring problems can require highly selective and critical information
that is impractical to measure. A novel adaptive state filtering algo-
rithm has been presented for a limited class of such problems. The
proposed filter utilizes a predictor-update approach, combining re-
currentNN predictors,describingthe state-spacebehaviorof a given
system, with a novelrecursive LMS state-update algorithm. The fil-
ter is proposed for application to highly nonlinear systems, where
a certain monotonic relationship between time-varying parameters
and measured system outputs can be assumed.

The filter is applied for estimation of the turbine discharge tem-
peratures from actual SSME signals, while the engine is also expe-
riencing HPT failures. The adaptive filter demonstrates acceptably
good accuracy, limited only by the accuracy of the NN predictors
and the associated training set used to develop them. The filtering
results demonstrate that NN predictors can be utilized in closed-
loop adaptive filtering algorithms, along the lines of conventional
restrictive complexity adaptive filters. The ability of the adaptive fil-
ter gain to enable detection of faults is also demonstrated. A mech-
anism for discrimination of such faults from setpoint changes and
deterministic disturbances must be established. Substantial subjec-
tive responsibility remains with the filter designer because of the
trial and error and extensive experience required for ascertaining
the suitability of the proposed adaptive filtering method to specific
problems and because of the complexities involved in identifying
accurate NN predictors.
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