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This paper presents a robust failure detection methodology for the attitude control system of reusable launch
vehicles (RLVs). In particular, we consider the problem of estimating the thrust from multiple jets firing from an
RLYV reaction control system (RCS), as well as the related problem of distinguishing between failures in the RCS
and the aerosurfaces. For accurately known vehicle and sensor models, the Kalman filter provides the optimal
estimate for the jet thrust, in the least-squares sense. During reentry, however, plant model uncertainties are a
major problem for such a filter as the vehicle’s aerodynamics vary widely with rapidly changing Mach number,
making gain scheduling impractical. Consequently, the Kalman filter’s performance degrades. Even if the Mach
number were accurately known, rapid gain scheduling may not be desirable or even possible, because of the
large data storage requirements it entails. Transient, robust H . or game-theoretic filters are proposed for next-
generation RLYV, and a prototype design is demonstrated for the Space Shuttle Orbiter’s attitude determination
system. Simulation results demonstrate that the robust filters can be insensitive to plant model uncertainties over
a much wider range of Mach numbers than a traditional Kalman filter, while remaining sensitive to failures in the

aerosurfaces and the RCS jets.

I. Introduction

URING reentry,reusablelaunchvehicles (RLVs) typicallyrely
on aerosurfaces and a reaction control system (RCS) for atti-
tude control. For example, the Space Shuttle Oribiter, which is used
in this paper as a platform for designing a prototyperobust filter for
next-generation RLV, has aerosurfaces that consist of the rudder,
elevons, speedbrake, and body flap, whereas the RCS consists of
bipropellant jets that are fired in the appropriate direction to pro-
vide desired thrust and augment the aerosurfaces. During on-orbit
operation, only the RCS is used. Shuttle reentry begins with the
deorbitburn where the Orbiter is oriented in a tail-first position and
jets are fired to slow the vehicle and allow capture by the Earth’s
gravity and atmosphere. The RCS jets reorient the Orbiter to a high
angle of attack, nose-first position. During the first part of reentry,
the Orbiter is oriented to a 40-deg angle of attack thatis maintained
until the vehicle descends and decelerates to below Mach 10. After
passing through Mach 10, the Orbiter gradually reduces its angle
of attack to 10 deg. The RCS are the sole attitude effectors until
the atmospheric dynamic pressure is large enough for the aerosur-
faces to become useful. At some altitude inside the transitionregion,
the control surfaces are activated, and attitude controlis providedby
both the RCS and the aerosurfaces. During the late stages of reentry,
control is achieved using the aerosurfaces alone.
Our objective is to detect and isolate failures in the attitude con-
trol system. During reentry, the challenge is to distinguish between
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failures in the aerosurfaces (more specifically, the ailerons, as rud-
ders are not used in the early stages of reentry), and the RCS jets. In
addition, we also would like to have an accurate estimate of the jet
thrustbothin the presence and in the absence of aileron failures. Cor-
rectisolation of a failure in the attitude control system s essential to
obtaining accurate thrust estimates, which are used for monitoring
the health of the RCS. For the purposes of this paper, we choose the
reentry flight phase because it is the most difficult stage for the at-
titude control system’s failure detection and isolation. Specifically,
during reentry, the vehicle undergoesrapid changes in aerodynamic
flight properties as the Mach number decreases, and precise knowl-
edge of these flight properties is not available. The combination of
rapid change and model uncertainty also makes it difficult to rely on
a single, accurate Orbiter model and a Kalman filter design based on
that model, or on multiple models and gain scheduling. Moreover,
the uncertainty also makes it difficult to distinguish between failures
in the RCS and in the elevon control surfaces. Even in the absence
of any failure, the Kalman filter’s jet thrust estimation performance
degrades considerably in the presence of model uncertainty.

Even if the Mach number were accurately known, rapid gain
schedulingmay notbe desirableor evenpossiblebecause of the large
data storage requirements it entails. In general, however, modeling
errors caused by inaccurate knowledge of the Mach number and
other factors do exist. As a result, the Kalman filter will not yield
accurate thrust estimates. A desirable solution, therefore, is a filter
architecture that can rapidly distinguish between anomalies in the
RCS and in the elevons. The filter architecture must also provide jet
thrust estimates even if a jet misfires, or an aerosurface fails.

The most often used technique to add some measure of robustness
to an estimator is to increase the design process noise covariance,
i.e., to overdesign the Kalman filter. However, there are limitations
to this technique.In particular,itis showninRefs. 1 and 2 that robust
game theoretic or H,, filters handle model uncertainties better than
robustified Kalman filters. The design of these filters is based on the
small gain theorem.>~® Such filters are robust to a general class of
noise and plant model uncertainties. The steady-state robust filter
derived in Ref. 2 has been used in Ref. 9 to estimate the Space
Shuttle Orbiter’s RCS jet thrust. The results in Ref. 9 demonstrate
that steady-state robust filters can yield improved thrust estimates
for a wide range of Mach numbers, although the filter response is
unacceptably slow.
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The effect of model uncertainty on the performance of state es-
timators and failure detection algorithms is addressed in Refs. 2
and 10-13, among others. In Ref. 14 a geometric interpretation
of the concept of analytical redundancy leads to a procedure in-
volving singular-valuedecompositionsfor determining redundancy
relations that are maximally insensitive to model uncertainties. An
alternative approach is found in Ref. 15, where they assume that
model errors may be deduced from the uncertainties of a set of
underlying parameters. The partial derivatives of the residuals with
respectto these parameters are then computed, and the residual gen-
erator with lowest partial sensitivity is selected. In Refs. 16-18, a
bound on the effect of model uncertainties on the residual is es-
timated. This bound is then used to set the threshold accordingly.
Robust detection methods based on the unknown input observer in-
clude those of Refs. 12, 19, and 20. Roughly speaking, an unknown
input observer is a filter whose outputis zero in the absence of fail-
ure regardless of the uncertainty and disturbance. The authors in
Refs. 12 and 20 contributed significantly to the problem of robust
detection using different techniques.

Previous work using H,, techniquesinclude the work of Ref. 21,
where a steady-state frequency domain-based filter design is used
to attenuate the effect of disturbances. In Ref. 22 a steady-state
H, /10 robust filter for failure detecion is introduced. This filter
requires the solution of two Riccati equationsand, as such, is robust
to both disturbances and model uncertainty. As mentioned earlier,
the use of transient filters for this application is motivated by the
work in Ref. 9. In this paper we build upon the work in Ref. 22
by designing a filter architecture based on the transient, discrete-
time, robust game theoretic or H,, filters derived in Refs. 2, 6,
and 7 that can distinguish between failures in the RCS and the
aerosurfaces. The failure detection architecture presented consists
of two robust filters. One filter is tuned to estimate robustly the jet
thrust even when jets misfire, whereas the other is tuned to detect
failuresin the aerosurfaces.Moreover, if a failurein the aerosurfaces
isdetected,thenitis possibleto reconfigure the jet thrustestimatorto
obtain an accurate estimate of the jet thrust. A one-filter architecture
is also possible, but the two-filter architecture produced quicker
detection.

In the next section we formulate the problem and demonstrate the
deleterious effect of model uncertainty on the performance of the
Kalman filter, motivating the use of robust filtering. In Sec. III we
presenta briefformulationof the robustfiltering problem. The robust
filter’s equations, as well as the failure detectionand isolation (FDI)
architecture,are also presented. Results are presentedin Sec. IV and
conclusionsin Sec. V.

II. Problem Description

The RCS consists of 44 bipropellant jets that, together with the
aerosurfaces, provide attitude control and limited three-axis ma-
neuvering capability. Thirty-eight of the jets are primary jets, each
capable of providing 870 Ib of thrust in vacuum. The jets are the
sole attitude effectors for the initial part of reentry because there is
insufficient dynamic pressure for the control surfaces to be effective
in the thin atmosphere. As the vehicle loses altitude, falling into the
increasingly denser atmosphere, dynamic pressure increases. The
aerosurfaces are then activated and augment the jets until there is
sufficient dynamic pressure to control the attitude with the aerosur-
faces alone.

We considerthe Space Shuttle Orbiter’s lateral dynamics for bank
and sideslip. A linear model of the rigid-body reentry rotational dy-
namics is used as derived by Zacharias.?* Although originally given
in continuous time, the dynamics are discretized for use with the
Orbiter’s digital computing system. The state-space representation
for the Orbiter, linearized at values of the state and control for an
operating point, is given by

Xyl = Akxk + Bkuk + kak + T@k
Yk = Cixy + Dyuy + Erue e8]

where x; is the state of the system at time k, u; is the aerosurfaces
control input, 6; are the jet inputs, wy is the process noise, yy is the

measurement (angularbody rates) vector, and vy is the sensor noise.
In our case there are four plant states. The first two states are the ve-
hicle attitudes: bank angle and sideslip angle, and the next two states
are the corresponding rates. The measurements consist of vehicle
body roll and yaw rates. These measurements are combinations of
the bank and sidesliprate states, and the linearized equationsat each
flightregime relating these quantities are containedin the C, matrix.
As the Orbiter descends during reentry, the A;, B, G, C;, D, and
E matrices changein accordancewith changesin Mach number and
angle of attack. In addition, a new state is defined for the jet thrust
estimate. A simple, scalar, high-bandwidth Gauss-Markov model
is used to represent a multiple-jet firing in a particular direction,
ie.,

Ocy1 = agby + govi 2)

The parameters a, and gy determine the bandwidth and amplitude
of the model. For simplicity, we consider jets firing in only a single
direction. Multiple Gauss-Markov models can be added to estimate
thrust in multiple directions. The preceding model is augmented to
the plant model of Eq. (1) to design the Kalman and robust filters.
The interaction between the jets and the states is also modeled by
augmenting the matrices A; in the same equation. Consequently,
the actual filter design contains five states. Only a single additional
state is necessary to model multiple jets firing in the same direc-
tion. Multiple jets create scalar increases in thrust, easily modeled
by a first-order Gauss-Markov process. This state, after being ini-
tialized to the number of jets commanded to fire, estimates the to-
tal thrust in a specific direction. Note that this additional state is
not able to identify which jet has failed, but allows the compari-
son of the total number of jets firing in a specific direction with
the total number commanded to fire, enabling a failed jet to be
detected.

Our objectiveis to design a filter based on a time-invariant plant
model, obtained by linearizing around a certain operating point,
that performs well over a flight envelope, or a range of operating
points. This makes gain scheduling at each time step unnecessary
and provides robustness to uncertainties. As mentioned earlier, the
filter is to robustly detect and isolate failures in the lateral dynamics
attitude control system, i.e., to determine whether a failure is in
the elevons or in the RCS. An additional goal is to obtain a robust
estimate of the jet thrust even if a jet misfires or a failure in the
aerosurfaces occurs. Correct isolation between jet and aerosurface
failure is essential for accurate jet thrustestimation because without
proper failure isolation irregularities in thrust due to aerosurface
failure could be interpreted as off-nominal jet performance.

To motivate the need for robust filtering, a Kalman filter is de-
signed based on the linear, time-invariant state-space model for the
nominal condition of M = 7.5 and an angle of attack of « =35 deg.
This filter is then tested on both the design plant and on a perturbed
plantmodel based on a Mach number of M =8.8 and o« =38 deg. A
step-on-step-offcommand with two jets firing in the same direction
is used in this simple simulation. Aerosurfaces are used for trim
adjustmentin response to fluctuations in atmospheric conditions as
modeled by the process noise.

Simulation results for the Kalman filter are shown in Fig. 1.
The solid line represents the commanded jet thrust magnitude. The
dashed lines represent a 15% error margin for the thrust estimate.
The jet thrust estimates given by the Kalman filter are represented
by the dash-dotted line for the design plant and a dotted line for the
perturbed plant.

The estimates for the nominal plant and for the perturbed plant
reveal that the Kalman filter works well for the correct plant model,
but provides a severely degraded estimate when the model is per-
turbed. Note that the error in the degraded estimate for the perturbed
plantis large enoughto lead to the conclusionthat more jets are fired
than commanded. As mentioned in the introduction, it is desirable
to avoid, or at least minimize, gain scheduling. Gain schedulingof a
Kalman filter would be necessary because of the presence of model
uncertainty and the rapid change in aerodynamic conditions dur-
ing reentry, which, in the midreentry region of concern, move from
Mach 10 at about 170,000-ft altitude to less than Mach 2 at about
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Fig. 2 General representation of the robust estimation problem.

75,000-ftaltitudein approximately 20 min. New linear environment
models that would need to accompany a set of gain-scheduled tra-
ditional Kalman filters would be necessary at an inordinately large
number of linearization points throughout reentry because of the
highly nonlinear nature of the flight regime during the reentry flight
phase. The effectiveness of the Kalman filter would be reduced be-
cause of the time lost to multiple reinitializations of the filter and
increased overhead in switching linearization points. In compari-
son, the time lost to the slight overhead of robust filters with a much
less restrictive number of gain-scheduled linearization points is
minimal.

In the next section we give a general formulation of the robust
estimation problem and present the robust filter equations. These
equations are derived in Ref. 2. The section also describes the filter
architecture used for our robust failure detection and thrust estima-
tion problem.

III. Robust Estimation

Figure 2 is a general input/output representation of a nominal
plant P with modeling uncertainties A and an estimator F. The
vector r represents the combined process and measurement noise,
X the initial state vector of the nominal plant, X, the initial state
estimate, y the measurement vector, and e the estimation error. A
known control input signal # may easily be accommodated in this
formulationas part of the exogenoussignalr. See Ref. 2 for details.
The signals € and 7, represent the interaction between the nomi-
nal plant and the perturbation. In what follows ||7| represents the
2-norm of the signal r over the time interval of interest. For instance,
in discrete-time ||| = (Erl.’rl-)l/2 is the £, norm of r. The norms
of the other signals, namely 7, €, y, and e, are similarly defined.
Weights can be added to these models, or alternatively the effect
of the weights can be incorporated by varying the plant model pa—
rameters, to be described shortly. Finally, | x, ||2 and ||xy — JCOIIP,1

represent, respectively, the weighted Euclidean norms of the initial
condition x, and the initial estimation error x, — X;.

The robust estimator seeks to bound the induced £, norm of the
operator from the input disturbances r and initial estimation error
(xo — Xo) to the estimation error e, provided the model perturbations

A have bounded induced ¢, norm. Mathematically, this translates
to the following performance criterion:

. llell?
sup  J; = > —
(r. x0 — 0) #0 I 11? + llxo — XollZ_,
Py
2
VAS A2 Ll 3)

e ;ﬁ o llell?

The approachused to achieve the performance goal of Eq. (3) con-
sists of treating n and x, as additional inputs to P and treating € as
an additional plant output. The revised objectiveis then to bound the
induced norm of the mapping from the augmented input to the aug-
mented output by 1. Thus, a new performance criterion is defined
as

sup S <1 )

(r,n, x0 — X0) #0
where

llell* + llel®
712+l + N I3, + lldo — Soll2-,
0 Py

J, =

Equation (4) is a robust performance or small gain condition. It is
easy to show that satisfying this criterion guarantees the original
performance condition of Eq. (3). It is in turn possible to achieve
the condition of Eq. (4) by solving a minmax estimation problem
whose objective function is given by

min max J; ®))
X rmxo

where
— JlelP + lell? yz(nrn2 + 02+ —fongfl)
0

subject to the plant’s dynamic constraints. Specifically, if a solu-
tion to the preceding minmax problem is possible for a value of
y <1,thenJ; —y ||x0||2 < 0, which is equivalentto satisfying Eq.
(4). The original Crlterlon of Eq. (3) is then satisfied as well.

The preceding performance criterion is different from that of the
Kalman filter’s. Specifically, the robust filter attempts to minimize
the ratio of the signal 2-norm of the augmented outputto the signal 2-
norm of the augmentedinput, while the Kalman filter minimizes the
2-norm of the estimation error squared. Furthermore, because of the
relationship of the game-theoretic optimization to risk sensitivity,
the difference between the Kalman filter and the robust filter has a
stochastic interpretation as well (see Refs. 2 and 7 for details).

A. Robust Discrete Filter Equations
With 7, = [wyv,vu, ] and dy = [r;n,]’, we write a time-varying
nominal plant state-space representationas

Xep1 = Arx + Brdy (6a)
€ = Sixp + Tid, (6b)
e, = Mi(x, — %) (6¢)
i = Cyx + Dydy (6d)

The matrices S, and 7} represent how the state and disturbance in-
teract with the perturbation A and are a function of the uncertainties
in A;, By, C;, and D (see for instance Ref. 2, pp. 61, 62). The error
e, is defined by a weighting matrix M, that may be used to em-
phasize certain states over other states. We note that the state x; in
Eqgs. (6a-6d) would include plant states, as well as any additional
states such as the thrust 6, in the preceding section, and possible
shaping filter states for modeling disturbance processes.
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The solution for the robust estimation problem of Eq. (5), as
derived in Ref. 2, is then given as

B = (A — KRy + Ky (7a)

K, = (B:D, + A,H'C)) (DD} + C,H'C) ™ (7b)
where

A=A, +y B Z'F] 8)

B =87 ©)

Co=Ci+y D Z'F| (10)

D, = Dkzk’% (11)

Fo=STi + A Xy 1B (12)

Hy =P '—y*MM, (13)

Zi=1—y (T[T + BXx 11 BY) (14)

and the matrices X, and P, are, respectively, positive definite solu-
tions to the following two Riccati equations:

X, = A\ X A+ S8+ y 2R ZF] Xy=0 (15)
Py = (A — Kkék)H/:l(A_k - K.CY
+(By — Ky D) (By — Ky Dy’ Py=P, (16)

In the preceding equations the assumption is made that Z; and H;
are positive definite and that X, < y2X,.

The solution to this problem is an extension of both the H., op-
timal estimator and the Kalman filter for nominal systems. If there
are no model perturbations, then Sy =7, =0 in Eq. (6b), so that
the Riccati equation (15) for X, is superfluous, i.e., X; =0. In that
case X, =0 by assumption. The estimator is reduced to solving one
Riccati equation based on the nominal plant dynamics. The Ric-
cati equation (16) and the gain (7b) are then the same as those of
the Kalman filter except that the term H, = (Pk’1 — y’zMLMk) re-
places P,~'. In the case of the Kalman filter, P, ' is a measure of
the information available at time k prior to taking a measurement.
Subtracting y ~>M; M, from P, ' means that we believe we have
less information available. This filter is the standard game theoretic
filter. Note that the smaller the choice of y, the more conservative
we are.

With A =0, y is no longer constrained to be less than unity. The
minimum value of y for which H, > 0, Vk gives the solution to the
optimal H,, problem. On the otherhand, if y — oo, then H[l - P
in both the Riccati equation and the optimal gain. In that case us-
ing any M, no identity becomes superfluous, and one recovers the
Kalman filter. When A = ¢, the minimax or game theoretic estima-
tor can, therefore, be viewed as an extension of the Kalman filter and
the H,, optimal estimator, where decreasing the design parameter
y trades off-nominal performance in the minimum variance sense
to provide robustness to disturbance modeling error.

B. Robust FDI Filter Architecture

Figure 3 shows the filter architecture used for attitude control
system fault detection. The output from the plant goes into two
robust filters. One of the strengths of robust filter design is that
various ways of representingthe uncertainty and weighting matrices
are possible. This flexibility can be used to tune in each of the two
filters to a different set of states. This can be done, for example, by

Thrust Estimate

» F

Al
X0
n €
Y

r > P y E@——v Decision
A ]

X0 es [

F2 -
)ﬁ(—b Residuals
0

Fig.3 Filter architecture.

varying the values of the weighting matrix M; in Eq. (6¢). Other
techniquesare also possible, such as those involving the matrices S
and 7} in the preceding section. For more details, see for instance
Ref. 5.

In the architecture of Fig. 3, one filter concentrates on the RCS,
whereas the other concentrates on the aerosurfaces. Filter F; pro-
videsaccuratethrustestimates. The filteris designedso as torobustly
minimize the sum of squarederror ) (6, — 6;)? (Eq. 2). Specifically,
the filter parameters are selected so that the induced 2-norm of the
mapping between the disturbances as well as the possible aerosur-
face failures (modeled as potential inputs) on the one hand, and the
estimation error on the other, is kept to a minimum over the entire
range of plants under consideration,i.e., Mach 5.5 to 8.8. Over the
same range, the mapping between a jet thrust input and the thrust
estimate is kept as close to unity as possible.

The second robust filter F is designed to detect failures in the
aerosurfacesonly and is therefore insensitiveto perturbationsin the
jet thrust input. This filter is designed so as to minimize the output
residual square error ) _ (¥, — ¥)>. In this design parameters are
chosenso that the induced 2-norm of the mapping from disturbances
and thrust input to output residual error is as small as possible over
the entire range of plants. On the other hand, the same mapping is
highly responsive to aerosurface failures, modeled as inputs.

The details of the two filters’ design can be seen in Ref. 25. An
alternativedesign, where an aileron failure state is introduced using
a Gauss-Markov model, is also possible (see Ref. 2). In that case,
the objective would be to minimize that state’s estimation error.

There is no systematicdesign procedurethat can easily lead to the
desired robust filter design. Any robust filter design is an iterative
procedure that requires the analysis of different mappings.

The detection logic works as follows. Once an aileron failure is
detected by the second filter, the first filter can be easily modified
to provide accurate thrust estimates. This is done by adjusting the
parameters so that the induced 2-norm of the mapping between the
newly discoveredfailure and the thrustestimationerroris keptas low
as possible. If a jet failure occurs, filter F; can provide an accurate
thrust estimate, thus allowing for jet failure detection.

Because we donot considersimultaneousfailuresfor the purposes
of this paper, using these two filters in parallel allows for the proper
isolation of both kinds of failures in the Space Shuttle Orbiter’s
attitude control system, aerosurfaces and jets, and permits accurate
thrustestimates even in the presence of aerosurface failures. Finally,
a one-filter architecture is possible, but the detection response is
slower.

A primary strength of robust filters, lessened performance sensi-
tivity to specific off-nominal conditions, also contributes to slower
estimation time response when compared with a traditional Kalman
filter designed around the appropriate plant dynamics. Compare,
for example, settling time after detecting jet thrust in a traditional
Kalman filter design, Fig. 1, and a robust estimator, Fig. 4 in the
next section. One method used in this robust FDI filter architecture
to speed up the robustfilter’s responsetime is toreset periodically the
Riccati matrix P to larger values. This causes the robust estimator
to converge more quickly to a perturbed estimate than it otherwise
would with mature, small values in the Riccati matrix. Because an
off-nominal condition is by its nature a transient phenomenon, past
information contained in the Riccati matrix is not useful, so little is
lostby resetting the matrix in this manner. Naturally, a careful trade-
off must be made between quicker response times to perturbations
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Fig. 4 Robust filter’s F; jet thrust estimates for a nominal and per-
turbed plant.

with more frequent Riccati matrix resets and decreased estimation
accuracy while the reset filter converges to a new solution.

In the next section we will demonstrate the use of this resetting
technique for the robust filter and compare results with the same
technique applied to the traditional Kalman filter. In cases where we
have applied this technique, we will refer to the filter as a transient
filter because resetting the Riccati matrix will cause the gains to be
time-varying. Where we also examine the performanceof the robust
and Kalman filters without this technique, we will refer to the filter
as a steady-statefilter because after initialization the gains will have
converged to a steady-state value and will effectively no longer be
time-varying.

IV. Results

The robust FDI architecture just described is tested using the
same simulation used to present the Kalman filter results in Sec. I1.
Nominal and perturbed systems were defined based on different
flight regimes. Specifically, parametric perturbations are derived
from two sets of linear time-invariant system matrices for differ-
ent flight operating conditions (see Ref. 2, pp. 60-62), namely,
M =17.5a=35degand M =8.8, « =38 deg, where M is the Mach
numberand « is the angle of attack. Certain nonlineareffects such as
jet self-impingement, variation in atmospheric pressure, and other
transient effects are ignored. The operating points M =7.5 and 8.8
were chosen because of the high degree of jet activity present be-
tween these two Mach numbers during reentry. Whereas good per-
formance with the robust filters will be demonstrated at these two
points, it is anticipated that some gain-schedulingof robust estima-
tors may still be necessary over the entire reentry flight regime.
Nonetheless, gain-scheduling requirements for robust estimators
will be significantly less severe than gain-scheduling requirements
for traditional Kalman filters.

Referring back to Egs. (1), the process noise input matrix G,
is taken as % x (diagonal elements of B) to indicate a 5% uncer-
tainty in aerosurfacedeflections. A sampling intervalof 7 = 0.005 s
is chosen to achieve the minimum average estimation error in short-
est convergence time. Whereas this time interval is shorter than the
current Orbiter sample interval, it is realistic for the next generation
RLV for which this FDI architecture is designed.

A. Jet Thrust Estimation

We will first discuss results for jet thrust estimation, which is
given by filter F; in the architecture of Fig. 3. Simulation results
comparing the performance of the Kalman and robust filters are
shown in Fig. 1 (Sec. II) and Fig. 4. The filters are restarted at the
start and end of the jet firing sequence, i.e., whenever the number of
jets commanded changes. These plots show the effectivenessof the
robust filter’s insensitivity to model uncertainty. The dashed lines
indicate the 15% error margin, and it is clear that the robust filter
estimates are within that margin for both nominal (Mach 7.5) and

perturbed (Mach 8.8) plants, whereas the Kalman filter estimates lie
outside the error margin for the perturbed plant. Note also that the
performance of the robust filter in Fig. 4 for either the nominal or
perturbed plant compares well with that of the nominal, or optimal,
Kalman filter shown in Fig. 1.

Comparable performance of both filters also indicates that the fil-
ters have similar bandwidths. Although the robust filter does, in fact,
have a smaller bandwidth than the Kalman filter, this is not always
the case. Generally speaking, the robust filter is designed to have a
low gain in the region where uncertainty in the model dynamics has
the greatest negative impact (see Ref. 22 for an example). Where
it is possible to use this reduced gain approach in robust estimator
design, the quick response time of the Kalman filter is preserved
as much as possible. The ability to design the robust filter in this
manner for this RLV applicationis aided by the accommodation of
some gain scheduling of filters over the widely varying dynamics
of the various reentry regions.

In this simulation jets were fired during three intervals over a
15-s simulation period. Figure 5 shows the robust filter’s transient
performanceduring the first2 s of that simulationperiod. One of four
jets commanded fails to fire at 0.35 s and remains off until 0.74 s.
The spikes in the plots of Fig. 5 are caused by the filter’s restarting.
Overall, these results demonstrate clearly that while the transient
robustfilteris insensitive to model perturbation,it is highly sensitive
to unexpected jet malfunction. Note also that the performance of
the robust filter is maintained not only at the two flight regimes
that where used in the filters design, Mach 7.5 and 8.8, but also
at an intermediate regime that was not explicity used in the design
of the filter. This demonstrates that the robust filter is usable over a
range of flight regimes and is notjust specifically tuned for favorable
performance at only two points in the regime.

Results comparing the Kalman filter with the robustfilter over the
entire 15-s simulation period are presentedin Table 1. Two different
simulation runs are used: one where jets fire as commanded and the
other with jet failures. The firing patterns commanded are the same

Table1 Sum of squared error (107 1b?) in jet estimate

Simulation run Kalman filter Robust filter

Unfailed jet (steady-state)
Nominal plant (M =7.5) 1.9282 2.3329
Perturbed plant (M = 8.8) 22.990 3.8438
Unfailed jet (transient filter)
Nominal plant 5.0161 2.8658
Perturbed plant 23.718 5.0349
Failed jet (steady-state)
Nominal plant 6.4095 5.5288
Perturbed plant 23.655 7.3224
Failed jet (transient filter)
Nominal plant 6.8391 44167
Perturbed plant 21.799 6.7050
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Fig.5 Jet failure detection using a transient, robust filter F;.
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for both simulations and are shown in partin Figs. 1 and 5. The sum
of squared error is the performance measure used for comparison.
The term unfailedjetin the table refers to a pattern withoutjet failure,
whereas the term failed jet refers to a firing pattern with jet failures,
such as the one shownin Fig. 5. The steady-statefilters are reset only
when new jets are fired, whereas the transient filters are reset peri-
odically. As describedin Sec. I1I. B, this periodicresetting enhances
the ability of the robust estimator to track perturbations quickly.

For all cases shown in Table 1, whether jets fail or not and whether
a steady-state or transient filter is used, the Kalman filter estimates
are severely degraded in the presence of plant perturbation. By
comparison, the robust filter gives similar nominal and robust per-
formance. What the robust filter gives up in nominal performance
when compared to the Kalman filter, it more than recovers in robust
performance.

Moreover, the transient robust filter outperforms the transient
Kalman filter, even for the nominal plant. This is because the high-
bandwidth Gauss-Markov model of Eq. (2) used to represent jet
thrusts is only approximate, as no linear model can representa step
input. Table 1 also shows that for failure tracking, a transientfilter is
preferable. When a failure does not occur, however, then the steady-
state filter gives slightly better performance because the transient
filter is restarted periodically, increasing estimation error while it
converges to a solution.

B. Failure Detection and Isolation

We now discuss the performance of the FDI architecture for fail-
ure isolation. The objective here is to distinguish between failures
in the RCS and elevon control surfaces using both filters in the ar-
chitecture according to the decision logic describedin the preceding
section. Figure 6 shows the output residuals for a Kalman filter de-
signed to detectfailures in the ailerons. The jet firing patterns is the
same as that of the nominal 15-s simulation time. No failure oc-
curs, but elevons are put to use at approximately 6 s. Results for the
nominal Kalman filter on the nominal plant show that the residuals
remain unchanged, i.e., the filter recognized the elevon command.
However, the same filter, when used with the perturbed plant, shows
adistinctshiftin its residual, pointing to a failure that did not occur:
a false alarm! Model mismatch and an actual elevon failure may
therefore be difficult for the Kalman filter to distinguishin the pres-
ence of model uncertainty. Raising the thresholdis not a satisfactory
solutionto the problemof avoidingfalse alarms becauseit will result
in missed detections.

The robust filter residuals, on the other hand, remain essentially
unchanged for both the nominal and perturbed plants, as shown in
Fig. 7. This robust filter design is therefore insensitive to model
uncertainty.

Figure 8 shows the results in the presence of failure when using
the robust filter design. The elevon is failed on (stuck) for 3.5 s
during the simulation period. The robust filter shows similar shifts
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Fig.6 Output residuals for the Kalman filter in the absence of failures
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in its residuals for both the nominal and perturbed plants. Figure 8
also shows that the same low threshold may be set for both plants,
thus keeping the rate of false alarm low.

Figure 9 shows the jet estimate when an elevon fails on imme-
diately after a jet failure occurs. Between 0.3 and 0.7 s one of four
jets fails to fire. Between 0.9 and 1.2 s an elevon remains failed
on at 1-deg deflection. The shift in the residual of the robust filter
concerned with the ailerons F, allows for aileron failure isolation.
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Subsequently, the filter concerned with jet thrust estimation F; is
modified so as to compensate for any sensitivity to the elevon fail-
ure. This is accomplished by reparameterizingthe filter. The elevon
failure has been modeled as an exogenousinput, so that the mapping
between that input and the thrust estimate is simply reduced. As can
be seen, adequate jet performance is maintained.

V. Conclusion

This article addresses the problem of failure detection and isola-
tion for next-generationreentry vehicles’ attitude control systems,
using the Space Shuttle Orbiter as a model on which to design a pro-
totypesystem. The objectivesare to detecta failurerapidly and to de-
termine accurately whether it occuredin the jet RCS or the aerosur-
faces. Correct isolation is essential to the second objective, namely,
obtaining an accurate estimate of the thrust provided by the jets at
all times. The problem is particularly difficult during reentry into
the atmospherebecause of both the rapid variationsin Mach number
and the large uncertainties in the vehicle aerodynamic properties.

Achieving the preceding objectives requires filtering algorithms
that are, on the one hand, robust to model perturbations,and on the
other hand, very sensitive to failures in either the jet firings or the
aerosurfaces. A robust FDI architecturethat relies on H, filters has
been suggested. Implementing this filter in simulation has shown
that the robust algorithm performs very well over a wide range
of model variations, whereas the nominally optimal Kalman filter
can produce false alarms and leave some failures undetected, in the
presence of the same variations. Future work would includelooking
in detail at the RCS jet propulsion model to isolate precisely which
jet failed.
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