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Abstract—This paper describes an integrated approach tehe approach by using simulated telemetry data for a launch
parametric diagnostics demonstrated in a flight control simvehicle of Space Shuttle class. Faults seeded in the simula-
ulation of a space launch vehicle. The proposed diagnostition are subsequently estimated by the VHM algorithms to
approach is able to detect incipient faults despite the naturalalidate their performance. The estimated fault parameters
masking properties of feedback in the guidance and contrahclude air drag change from aerodynamic surface damage.
loops. Estimation of time varying fault parameters uses parathis could model leading edge damage like that sustained
metric vehicle-level data and detailed dynamical models. Thén the Columbia Accident STS-107 mission. We also con-
algorithms explicitly utilize the knowledge of fault mono- sider estimation and trending of such parameters as propul-
tonicity (damage can only increase, never improve with time)sion performance, thrust vectoring actuator/gimbal wear, and
where available. The developed algorithms can be applied drift in one of GN&C sensors (pitch angle). These faults
to health management of next generation space systems. Vdee choosen as plausible representative faults that demon-
present a simulation case study of rocket ascent applicatiostrate the detection algorithm effectiveness. Development of
to illustrate and validate the proposed approach. a practical VHM system would require an additional careful
analysis and engineering of the fault models in the VHM al-
TABLE OF CONTENTS gorithms.

The fault estimation capabilities described in this paper will

DISCUSSION OFINTEGRATED DIAGNOSTICS
CONCLUSIONS Adapting this approach to space systems, we continuously
monitored simulated ISS telemetry data, generated test re-
sults from that data, and processed the test results through
a model-based reasoner [1]. The system is expected to dra-
1. INTRODUCTION matically improve fault isolation and facilitate discrimination
This paper is focused on the developement of algorithms foff the root cause from Caution & Warnings and sensor data,
vehicle health management (VHM) of a launch vehicle inanalysis that is performed manually by mission controllers.
closed-loop flight including vehicle dynamics, flight control
actuators, sensors, navigation, and propulsion system. Fligitdvanced testing methods are needed to detect systems dy-
control related faults can have severe impact on crew and véamics and incipient faults. In this work we integrate para-
hicle safety during ascent. Safety margins could be improveéhetric sensor data using vehicle-level models to estimate
by early detection of incipient faults (prognostics) to enablefault parameters for prognostics and incipient fault diagnos-
timely mission decision. tics. The challenge is to estimate incipient faults and trend
system degradation hiding behind dynamical variation, feed-
We are evolving a software-based capability for fault estimaback guidance and control, and noise of the sensor signals.
tion by fusing cross-vehicle parametric data without introduc-We address this by using accurate dynamical vehicle models
ing any additional sensors. The approach re-uses dynama.l”ld optimal statistical estimation of fault condition. These
cal models available for the GN&C (Guidance, Navigation,results will significantly extend the capabilities of diagnos-

and Control) system design and analysis. We demonstratéc reasoners by providing information about additional types
- of faults that can’t be obtained through subsystem BIT and
*Corresponding author: dimitry.gorinevsky@honeywell.com simple limit-checking.

tPresently at Information Systems Laboratory, Stanford University, Stan-

ford, CA 94305 . — . .
0-7803-8155-6/04/$17.08)2004 |EEE We envisioned that initially the algorithms demonstrated in

1 INTRODUCTION . ; X
integrate smoothly with vehicle health management systems
2 APPLICATION PROBLEM that use a test and diagnosis methodology. Systems such
3 ESTIMATION PROBLEM STATEMENT as the Honeywell's Boeing 777 Central Maintenance Com-
4  SOLUTION APPROACH puter (CMC) integrate discrete Buit-in-Test (BIT) data using
vehicle-level diagnostic models to provide a substantial added
5 ESTIMATION RESULTS value [14].
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this work could be deployed on-ground in a mission controlbased estimation allows us to achieve flexible modeling, in-

center. The algorithms would use a stream of telemetry dataeorporate knowledge that damage conditions might only grow

coming from a vehicle and provide on-line estimation of theworse with time for some faults, and also make estimates ro-

fault parameters for mission management decision supporbust to modeling errors. The optimization problem is a con-

For the next generation space vehicles, the algorithms couldex Quadratic Programming (QP) problem and a solution can

be also deployed in on board avionics to support greater albe computed in an efficient, scalable way using state of the art

tonomy. solvers. Such optimization can be embedded into the on-line
computations.

This work is a case study demonstrating feasibility of esti-

mating fault parameters during an ascent of a space launcrthe paper is organized as follows. Section 2 introduces the

vehicle. At the same time, the technical approach presenteapplication problem and gives an overview of the different

herein is innovative as well. faults and subsystems under consideration. In Section 3 we
describe the residual based estimation approach. Section 4

There is a large body of work on model-based parametric diprovides a mathematical formulation for the estimation prob-

agnostics using detailed models of system dynamics. Muckem which serves as an input to the solver. The results of

of this work was historically associated with controls commu-the estimation algorithm are given in Section 5 followed by

nity and considers linear dynamical systems. For examplea brief discussion of the integrated diagnostics approach in

of classical parametric estimation and identification method$ection 6. Concluding remarks are given in Secion 7.

applied to diagnostics see [6], [7], [11]. Modern systems the-

ory methods applied to designing dynamical observer filters 2. APPLICATION PROBLEM

{i;;‘?ult estimation includéi,, H.,, and such, e.g., see [3], Rocket ascent simulation
The diagnostic algorithms developed in this paper are demon-

The approach of this paper is related to the cited work in spiristrated through a simulation study of the ascent of the Shuttle-

but is different in a few respects. First, in the problem at handtlass vehicle depicted in Figure 1. We simulate the vehi-

the telemetry data is sampled at a high rate whereas the estile dynamics, kinematics, guidance, navigation & control

mation update is relatively slower. This results in a multi-rate(GN&C), propulsion, and consider some representative sys-

estimation problem. Second, the application problem considtem faults. The detailed simulation model and the models

ered in this work is inherently nonlinear. We use nonlinear

models for computing prediction residuals and then linearize 275.09ft

the problem with respect to the faults similar to how it is done A

in [5]. Third, and the mostimportant difference is that we take

some of the faults to be monotonic, i.e., they describe deterio-

ration that can only get worse with time, never improve. The

optimal statistical estimates for such faults can be computed i’;‘é"ggg Ibs

in a batch mode. We make use of all the available data at '

any instant as opposed to a standard Kalman Filter recursive

solution. The monotonic fault approach extends that of [9],

148.09 ft
[16]. —
2
There has been a recent focus on constrained state estima- (] 2Stage
tion as discussed in [8], [9], [15]. These techniques allow H,
using a broad range of nonlinear filtering models. Some re- |
cent work has also discussed in depth the implementation of 8212ft _ [I3)
receding horizon filters implementing constraint problem so- /c_)\
lutions, which are most useful for an on-line implementation, \_%| 15Stage
e.g., see [4]. 5
HZ
In this work, some of the estimated faults are modeled to be
421t N

monotonic similar to [9]. Some other faults are modeled as : — I~
non-monotonic, or simply constant. This results in a multi-
rate estimation problem with a multi-variable mixture of fault
parameters subject to constraints. We estimate the unknown
faults by numerical optimization of the log-likelihood func-
tion. The formulation and optimization of the log-likelihood used for fault detection are developed in-house and described
loss index reflects fault sighature models, measurement noi¢@ detail elsewhere [10]. The measured states and control his-
statistics, and fault evolution models. Using optimization-tory of the simulation are logged as simulated telemetry data.
This data is subsequently used for validating the fault estima-

Figure 1. Block Stations



tion algorithms developed in Section 3. is a function of altitude and stage). We assume full-state mea-
surements for the navigation model. Neighboring Extremal
As a part of the case study, a simulation model of the launciiNE) closed-loop guidance uses a point mass simulation to
vehicle ascent was developed. This is a simplified model o€alculate the minimum fuel trajectory [2]. NE guidance is
a Space Shuttle class vehicle that is based on the data puibaplemented as full-state proportional feedback, which does
lished in open literature [2]. The detailed engineering sim-not steer back to the original optimal trajectory. Instead, at
ulation used by NASA for the Space Shuttle has in excesgach guidance calculation, if the vehicle has deviated from
of 100 states and thousands of parameters. Details of su¢he optimal path, NE guidance provides the desired control
complex simulations are understood by teams of people. Téor the optimal trajectory from that point to the desired end-
demonstrate our diagnostics algorithms, we choose to creapwint. In the reported results, a PID controller tuned using
a more manageable yet representative example. The rocketal-and-error is used for the main engine gimbal actuator to
launch simulation set up in this study has on the order of 1&keep the vehicle on the NE trajectory.
states, a few dozen parameters, and is easily understood by
a single person. Though the details of the simulation are noAs shown in Figure 3, we have the following state variables
presented here, the highlights are presented below. for this vehicle simulation:

The dynamical model of this simulation consists of a set of_  is the downrange angle measured in rad
prdinary differeptial equations (ODE) th_at are numerically. 1 is the vehicle’s altitude in ft

integrated. Tr_ns ODE system is stiff, since the t|mes_cale§ v is the vehicle’s velocity in ft/s
for rocket motion anq fast GN&C actuators are very differ- | ~ is the flight path angle measured in rad
ent. Also, the magnitude of the variables runs many orders , < ihe vehicle's pitch angle measured in rad
of magnitude, i.e. the control torque is required to move an < ihe engine gimbal angle measured in rad
engine bell producing x 10 Ib thrust for angle tracking of « w, is the engine rotational rate in rad/s

~ 1072 deg.; while the final value of the achieved altitude is. weis the vehicle’s rotational rate in rad/s

~ 5 x 10° ft.

We simulate a two-stage vehicle with liquid fuel{dnd G,) where h is positive up,x is increasing as the rocket flies
delivering a medium payload to low Earth orbit. We considerdownrange, and. is positive in the direction pictured as pos-
in_plane dynamics only for planar equatoria' f||ght that termi_ itive 4. USing this state deﬁnition, the equationS of motion for
nates in &° inclination orbit. The modeling includes varia-
tion of mass, center of gravity, and moment of inertia with the
propellant expenditure. The aerodynamic model is borrowed
from an asymmetric vehicle (the first stage drag minimum is
at a small positive angle of attack) [2]. The model assumes a
non-rotating spherical Earth and uses an inverse square grav-
itational field and an exponential atmosphere. In the diag-
nostics example to follow, the first stage of the trajectory is
primarily considered since the nonlinearities of the aerody-
namic model are most predominant while still in the thick
atmosphere. Expansion to the full launch sequence would be
straightforward.

As depicted in Figure 2, a GN&C system is implemented as a
part of this simulation. For this trajectory-following guidance

optimal trajectory
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and control scheme, the engine bell is gimbaled to attain the
desired pitch angle while the thrust is maintained at 100% (it



this vehicle as derived in [10] are
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In Equations (7) and (8) is the torque to move the engine
bell. The gimbal actuator is modeled as a first order actuat
of the form

Q = 20k(zg—xs) (13)

wherez, is the desired servo actuator positien,is the servo
position, andk is the servo position-to-torque gain. Addi-
tionally, m is the rocket massJ is the rocket inertiaj is the

Runge-Kutta integration of the ODEs. The simulation cov-
ers thex 371 sec. trajectory of ascent into an 80150 nm
equatorial orbit. The vehicle launch masg i83 x 10° slugs,
mass flow rate is constant in each stage, and staging occurs
upon expending of first stage propellant at the time 153.54 s.
The sensor and control data is logged at a 0.1 s sampling inter-
val and saved into a data file. The simulation model includes
an ability to add (seed) the faults as described below. The
simulated telemetry data is subsequently used for validating
the fault estimation algorithms that do not have an access to
the seeded faults and should estimate them from the trajectory
data.

Modeled faults

The algorithms developed in this work offer a great deal
of flexibility in the estimation of parametric faults. These
algorithms are capable of estimating constant, step, mono-
tonic, and non-monotonic time-varying faults. The nature of
the faults is not a limiting factor (though fault observability
through the available data is). The particular faults chosen
in this study were the ones providing a good demonstration
of the approach capabilities and are not meant to represent
a practical design of a vehicle health management system.
They arerepresentativeof real faults that span several sys-
tems of concern within the closed-loop flight system.

We consider the following four parametric faults aggregated
into a fault vector to be estimated:

Thrust Loss, percent
Drag Increase, percent
Gimbal Sluggishness, percent
Pitch Sensor Offset, percen

f= (14)

The first fault vector component, percentage of thrust loss, is
related to the propulsion subsystem. It describes the degrada-
tion that occurs in the propulsion engine over a period of time.
We model this fault as a monotonic one assuming that the ef-
ficiency of the rocket engine can only decrease (deteriorate)
with time.

The second component of vectfrdescribes an increase in

Otrhe aerodynamic drag of the vehicle. The drag mostly impacts
the dynamics during first stage ascent while the vehicle is still
in the thick atmosphere. The importance of estimating this
fault parameter can be related to the Columbia accident. The
increase in drag might indicate damage to the aerodynamic
(and heat shielding) surfaces.

The third element in the fault vector is the percentage of slug-

distance from the gimbal pivot to the rocket center of gravity,gishness of the gimbal actuator. The gimbal actuator is used

andl,, is the distance from the gimbal pivot to the center o
pressure. The engine bell has corresponding quantities
Je, andl.. The lift and drag forces are and D, thrust isT’,
and gravity is denoteg.

ffor vectoring the main engine thrust and is the primary con-
trol actuator. Gimbal sluggishness during a vehicle’s launch
may be caused by a pressure loss in the actuator’s hydraulic
system, some hydraulic valve problem, or in wear of of me-
chanical gears or bearings. This sluggishness may lead to a

The simulation is PC based and programmed in Mathworkstleviation from the desired trajectory since it effects the con-
Simulink (double precision) as a continuous time model withtrol system for the vectored thrust steering torque.
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The fourth fault we consider in this work relates to drift of these estimates match the time-varying faults seeded in the

the pitch sensor in the GN&C system. The origin of this faultsimulation when generating the ‘telemetry’ data.

may have to do with some error in calibration of the sensor

or in wiring induced noise or offset. This fault may lead to The fault estimation algorithms perform on-line computa-

an incorrect value of the vehicle’s pitch angle used by theions using the residuals and fault signatures from the pre-

guidance and control laws. diction models as inputs and providing estimates of unknown
fault parameters as a function of time at the outputs. Whereas

The developed simulation includes the faults of interest ashe fault estimates must be computed on-line, the fault signa-

parts of the propulsion subsystem, flight dynamics (GN&C)tures and other data used by the estimation algorithms can be

subsystem and the gimbal actuation subsystem models.  pre-computed off-line for the planned ascent trajectory as is
explained below. The on-line estimation is cast as a convex

Diagnostics data availability optimization problem that can be solved very efficiently.
The ‘telemetry’ data stream used by the algorithms is pro-
duced by the simulation discussed in Subsection 2. This data 100 a Vehicle Compute model
is available at a 100ms sampling interval. At each sample, the datar;?erame data > pre_diction
data generated by the simulation consists of (i) vehicle state X(t) residuals: y(t)
data (8 values), (ii) vehicle acceleration data (4 values), and
(iif) gimbal servo data (2 values). At sampling timehese Data
data make the 14-component data veat@. history
butfer: Run fault Fault

We assume vehicle rigid-body acceleration data is available | from :> estimation :> estimates F,

as a part of telemetry. The accelerations are normally avail- | @t algorithms
able to the vehicle GN&C system from on-board accelerome- E)(r@ent.
ter or a navigation Kalman Filter estimator that could also use | 15srate update

position and velocity data. The bandwidth of the acceleration _ S
measurement and estimation would be much higher than the Figure 5. Fault estimation timeline
10 Hz sampling rate of the telemetry data. The vector of ac-
celerations has the following components:

Prediction Model
« ¥ is the vehicle’s vertical acceleration in ft/s
4 is the flight path angle rate measured in rad/s
@, is the engine’s rotational acceleration in réd/s
« w is the vehicle’s rotational acceleration in rad/s

The prediction model is a key part of the estimation algo-
rithms. It computes parity relationships between the mea-
sured variables. The prediction model outputs should be
zero in the absence of faults and reflect the fault parameters.
The prediction models for the three subsystems: propulsion,
GN&C, and gimbal actuation, are developed separately and
then integrated. Though the prediction model is logically dif-
Gferent from the simulation model discussed in Section 2, both
are based on the same dynamical knowledge. One major dif-
Figure 4 illustrates telemetry data obtained for the first stag%(:ree;?ﬁu?;[tigﬁ?r?cfﬂgesslmcﬂ zgg_r;oinpdg ’r\le;é:c t\:\?;hg]g,deeﬁ;}:_at
gjsr(fﬁg.: gilgul‘s”l::g?nvse:gilgr:gthe simulation example that 'Yion uses the applied control input to compute the expected
' (predicted) system outputs (such as vehicle rigid body accel-
erations) and is thus independent of the control algorithms.

The gimbal actuator servo data includes two values:

o T4 IS the gimbal actuator position measured in rad
o x4 is the gimbal actuator servo command measured in ra

3. ESTIMATION PROBLEM STATEMENT

In this work we usemultirate data processing assuming that For each of the three subsystems, prediction models take the
the fault estimation algorithms take longer than the 100 mselevant telemetry data and computed data from other sub-
sampling interval to execute. As the new data vectdis systems as inputs and predict some outputs (other telemetry
from (simulated) telemetry become available, they are storedata). The difference between the predicted and the actually
till the next cycle of algorithm execution. The described time-observed outputs yields the prediction residuals. The predic-
line of the data processing logic is illustrated in Figure 5. Thetion models used in this work also accept the four faults as
results of Section 5 have been obtained with the estimatioadditional inputs. This is needed for modeling fault signa-
update algorithms running every 15 seconds to process theres.
data including the new 150 vector$t) accumulated through
that time. The GN&C prediction model takes as its inputs the data vec-
tor X (¢) including the vehicle state and the gimbal actua-
The algorithms’ outputs are the fault estimates in the form oftor position. It also inputs the thrust value predicted by the
time functions. We validate algorithms by demonstrating thapropulsion subsystem model. The outputs are three residuals
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for predicting (i) vertical acceleration, (ii) flight angle rate,

and (iii) pitch acceleration. Vehicle
data

Consider now the prediction model for the gimbal actuation X(t)

subsystem. The hydraulic actuator of the main engine gimbal

suspension is used for vectoring the main engine thrust and

provides the control for the GN&C system. The gimbal ac-

tuation includes a servo-system for tracking the desired vec-

GN&C model predicted
accelerations

4

Nt
N

A 4

Propulsion model

Gimbal model predicted
actuator rate

4

toring angle. The dynamics are linearized by the closed-loop Fault Signatures: S :r;%elarl)gadiction
feedback and are assumed to have the form - Reduced thrust y(t) uas
, - Air drag change Fault
Lact = (Td = Tact)wy, (15) ] Sluggias?\ gimk?al estimation
. P i » algorithms
wherew is the bandwidth of the closed-loop feedback con- Pitch sensor drift J

trol servo system which guides the vehicle along the desired ) ) _
trajectory. The reduction of the bandwidth parametgiin- Figure 6. Model-based residual processing
dicates the gimbal actuator sluggishness.

- . , L .. Signatures, also referred to as the fault sensitivities, provide a
The predictive residual is computed such that it is zetoyif )5 55ing hetween the unknown faults and the residuals. In
andz,.; satisfy the model (15). The nonzero residual shouldy, 5y hractical cases, including the one in hand, this mapping
reflect the change im,. The difficulty is that differentiation .5, e assumed linear. This allows us to efficiently solve the

of the_agnalx_act(t) IS r(_aqu_lred 'Fo_venfy if (15) hol_ds. _TO estimation problem by reducing it to a convex optimization
avoid increasing the noise in a finite difference estimation Ot‘)roblem

the derivative, we use a smoothing differentiator. The mode

prediction residual is computed as follows When processing the data(t), the algorithms first use

s 1 detailed prediction models for computing residuals - mis-
Zd, (16)  matches between model prediction and actually observed sys-
tem outputs. The faults are then estimated from the residuals
wherergimpal(t) is the servo rate residual (in rad/s)js the  using the fault signatures (fault models). This is illustrated in
Laplace variable (differentiator operator), is a smoothing Figure 6 and explained in more detail in the remainder of this
filter pole (time constant) and the two transfer functions de-section.
scribe the filtering operators applied to the two respective sig-
nals. The two filters in the r.h.s. of (16) have proper andThe residual datg(¢) is sampled at a high rate of 100ms.
strictly proper transfer functions respectively and can be easYhere are approximately 1530 samples in the residual vector
implemented. Note that if (15) is satisfied, then the residuafor the 153 seconds of the first stage ascent duration. The es-
in (16) is exactly zero. Applying a smoothing filter is a linear timation algorithm runs at a much slower rate, once evry
transformation of the signal. It does not offset the residualhigh-rate samples. In our example the update is every 15 sec-
just brings about a filtering delay while enabling differentia- onds, i.e., for everyy/ = 150 samples of residual data. The
tor implementation. choice of the update interval depends on a variety of factors
including the efficiency of the algorithm and the hardware
The overall residual vectoy(t) is a combination of the limitations of the on-board processors.
GN&C subsystem residuals and the gimbal subsystem resid-
ual For the multi-rate system explained in the preceding para-
graph, we letr be the estimation update cycle. Then the
residual data vector accumulated from the lift-off till the esti-
(17)  mation update cycle numberwill be denoted as

7"gimbal(t) =

Lact —
S+ Ts s+ T

Vertical acceleration residual, ft/s

Flight angle rate residual, rad/s
y(t) = Pitch acceleration residual, raél/s|
Servo rate residual, rad/s y(1)

The residual vectoy(¢) is calculated at the same rate as the Yr = 5 (18)
sampling rate for the telemetry dat#t), which in our case y(r - M)

corresponds to a sampling time of 100ms. The sampled-data estimation logic assumes that fault param-

etersf(t) (14) are constant through each estimate cycle, i.e.,

f) = F(r), for M(t — 1) < t < M. This assump-

A non-zero residual vector in (17) indicates an off-nominaltion reduces the number of the fault values that are estimated
behavior and implies presence of faults. The integrated diand improves statistical averaging propertices of the estima-
agnostics algorithms use these residuals along with the faulion scheme. At the same time, there is little loss of estima-

signatures as inputs to determine the fault estimates. The fauibn performance in addition to the already accepted sampling

Residual-based Estimation



time delay of the estimation update. The fault parameter vec-
. . . . GIMBAL SLUGGISHNESSHRUST REDUCTION DRAG INCREASEBITCH MEASUREMENT OFFSET
tor accumulated from the lift-off till the estimation update cy- 1 0.08 0
cle numberr will be denoted as
0.2 0.02 -0.06
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The algorithm objective is finding the unknown fault parame-
ter vectorF’.. This requires relating’- to the available resid-

ual data vectol/;. If the faults don’t change the underlying
system dynamics substantially, we can linearize dependence
between the residuals and the unknown faults. This assump-
tion allows us to express the relationship in the form

YT(|FT)%ST'FT+<T (20)

|
N
o
o

50 100 150 50 100 150 50 100 150 50 100 150

-
o
o
o

[rad/s?]
o
]
o

4 -15

50 100 150 50 100 150 50 100 150 50 100 150

x 10

where S, is the fault sensitivity matrix¢, is the noise vec-

tor which accounts for all the modeling uncertainties such
as propulsion generated vibration, thrust fluctuations, turbu-
lence, unmodeled flexible dynamics of the rocket, fuel slosh,
model parameter errors, sensor measurement noise, etc. Note

that if ; = 0in (20) (no noise, no modeling error), then the Figure 7. Fault signatures computed for an interval during
residual in the absense of fait(|0) = 0, as it should be. the first stage ascend

[rad/s]
1S
o
o
o

ENGINE ANGLE RATE PITCH ACCELERATION F||GHT ANGLE RATE

50 100 150 50 100 150 50 100 150 50 100 150

The dependence of the residual data ve&foon the faults

F; in general is not available in an analytical form for com- Figure 7 shows the columns of the linear opera¢r) for
puting the sensitivity (Jacobian) matrd. This dependence ihe update cycle = 6, i.e.,75 < t < 90). The operator

is however encoded into our prediction model and we cafs cayusal in the sense that sing@| F,) does not depend on
compute the sensitivity matrix by a finite difference method.F(p), p > t/M. ltis also clear from the figure that the map
This is done by simply incrementing each component of thgs sparse in time because of the negligible influence of fault

the corresponding fault inputs to compute pointwise values

of the residual data vectdf, (|F-). The finite difference es- 4. SOLUTION APPROACH

timate of the columns of; is obtained by normalizing in- o )
crements of the observed residual vector change. The seM/e use a random walk model for the probabilistic modeling
sitivity matrix computation may be performed off-line prior Of the unknown fault parameter sequence, i.e.,

to the launch of the vehicle. The pre-computed sensitivity _

matrix may then be stored and later used by the estimation Fi(n+1) = Fi(n) + &(n), - &(n) ~pi(z), (1)

algorithms during on-line computations. Such a computatioRyhere Fy,(n) denotes the respective fault component at the
of S assumes that the vehicle will closely follow the nominal update cycle: and¢; (n) is the process noise with probability
trajectory during the flight. If the actual state of the vehicle gensity functiorpy (z) driving the evolution ofF,. Given the
doesn't match the desired trajectory, then there will be an instatistical models in (20), (21), the estimation problem is to
accuracy in the computed sensitivity matrix. find the unknown fault parameter sequetit&om the resid-

) o ) ual dataY’. Indexr is dropped, it can be any intermediate or
An alternate method is to compute the sensitivity matrix on-fina| interval.

line using the actual vehicle state obtained from the sensors.

In this approach the nominal prediction model is run along-The Maximum Likelihood (ML) estimate of the unknown

side the prediction models with each of the fault inputs in angayit sequence is obtained by numerical optimization of the
online setting using the actual vehicle state at that time of thgyg-jikelihood

flight.

J =—log P(F|Y) — min (22)
The discussion above was about the mastixcorresponding ) )
to the estimation update cycte This matrix does not need BY using Bayes rule and independence of the fault vector
to be computed from scratch at each update cycle. Instead fomponents; (7) in (21) for different: we obtain
can be computed once for the terminal update cycleT of

4
the ascent. For any < T' the matrixS; is a truncation of the P(F|Y) = const P(Y|F) - H P(FL(-), (23)

matrix S; (a Mt x T submatrix of theMT' x T matrix St). i)



whereF},(-) denotes the entire time seri€s(1), ..., Fx(L).  the loss function (24) can be assumed to hdye= 0 for
respective: while being subject and to an equality constraint

We assume that in the model (20), the n@jée) is normally  of the formF,(n+1) = Fj(n). In the simulation example to

distributed zero-mean with covarian€e This is a usual as- follow, gimbal sluggishness is assumed to be a constant fault.

sumption leading to a least-square fit estimation. In that case

we havelog P(Y|F) = —3(Y — SF)TQ™'(Y — SF). The above described models of fault evolution are of course
empirical models and a careful engineering judgement should

Using the Bayesian conditional probabilities (23), we canbe exercised when deciding which one to use. The probability

thus present the loss function (22) in the form distribution parameters in these models can be considered as
tuning parameters, similar to how the noise covariances are
1 T -1 SF . J. (24 selected in the Kalman Filtering practice. If the real faults
J = (Y -SH)TQ (Y - ' N
2( ) o )+ ;1 K (24) do not exactly follow the assumed models, the estimation al-

gorithms should still produce meaningful results compatible
The termsJ;, = —log P(F%(-)) in the loss index (24) depend with the made assumptions (e.g., monotonicity).
on the nature of each fault in the fault vecfor

Estimation Algorithm
If we assume thafy (n) in the fault evolution model (21) are
mutually independent for differerit and» and have proba-
bility distributions with the density functions,(x), then

As discussed in the previous section, the problem of minimiz-
ing the performance index (24) with or without the constraints
is a convex optimization problem. Several efficient routines

L are available to solve such QP problems. To enable embedded
Ji = Z —log pi (Fr(n) — Fr(n —1)). (25)  implementation, we use a solver based on an interior point
T=2 method. This high performance convex solver provides an

The initial fault state vectoF (1) is assumed to be unknown estimate of the fault vectdr as a solution to the constrained
(its components; (1) do not contribute ta/;, in (25) ). The (qr unconstrained) QP problem given the fault sensi_tivity ma-
distribution p; () of the random variable,(n) reflects a Ui S and the residual data vectdr. The solver is imple-
prior knowledge about the fault and a fault evolution model.Mented in Matlab, the simulation and prediction models were
In this work we consider three types of such models: th&developed in Simulink. The solver uses sparse arithmetic and
faults that are non-monotonic. monotonic. or constant. exploits the problem structure of the problem under consid-
' ’ eration to efficiently compute the fault estimates. It can esti-
Case I: Non-monotonic Faults-Assume the driving noise mate fault parameters that fall in any of the three categories
£(n) of the fault evolution model (21) to be zero mean nor- discussed above by minimizing the appropriate loss index.
mally distributed with covariance,. This yields a standard . ) .
random walk model ané- log py,(z) = z2/(2rg). In this The covariances of thg n0|s§$t) andg(n) are used as tuning
caseJ, adds a quadratic penalty term to the loss index (24)0arameters in the optimization s_olutlon. They ar.e.empmcally
and the problem becomes an unconstrained generalized le&Q0Sen to obtain good fault estimates. The efficiency of the
squares estimation. A recursive solution of such problem caffmPutation largely depends on the individual problem struc-
be computed using a Kalman Filter formulation. In the ex-{Ue i-€., the number of constraints in the problem and the
ample to follow, pitch sensor offset is assumed to be a nonsSharsity structure of the arrays involved. The estimates will
monotonic faulti in general be computed more efficiently if the fault signatures
are calculated off-line.

Case 2: Monotonic Faults+a some instances the faults are . L
known to increase (or decrease) with time, e.g., the accumdror the launch vehicle ascent example, the estimation algo-

lation of an irreversive damage. For such monotonic faultd/thms consist of two parts. The first part involves off-line
we consider;,(n) to have an exponential distribution with pre-launch preparation computations. During this phase each
width ), such that—log py.(z) = =/ in (25) with a con- of the considered faults is in turn seeded in the prediction
straint thate > 0. The performance index (24) now includes model. The simulation is then run to obtain the residuals cor-
alinear pena_lty in7,, and should be minimized subject to the responding to each fault. These residuals correspond to fault
constraintsFy(n + 1) > Fi(n). This yields a constrained signatures and allow computation of the fault sensitivity ma-
quadratic programming (QP) problem which can be solved' S using the procedure described in Section 3.

efficiently using convex optimization solvers. More detail on . L Lo
monotonic fault modeling and estimation can be found in [9].Aftér the off-line preparation is complete, the optimization-

In the example to follow, thrust loss and drag increase ar@@S€d estimation is run on-line as the telemetry data is re-
assumed to be monotonically increasing faults. ceived. These on-line algorithms make the second part of the

estimation.

Case 3: Constant FaultsA-fault may describe an unknown
condition that does not change after the liftoff (or staging).
Such a fault may be assumed to be constant. In this case
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Figure 8. Prediction Residuals for First Stage Ascent

Figure 9. Comparison of Seeded Faults and Fault Estimates
5. ESTIMATION RESULTS

The specific fault estimation problem considered in this pa-
per has a f°”T element fault vector given in (.14)' For thesensitivity matrixS as explained in Section 3.
purpose of a simulation we decided to assign different values

to these four faults as shown in Figure 9. The SILJgg'Shm:“S%efore running the estimation calculations, the inputs are

of the gimbal actuator was assumed constant during the firs o . X
scaled. This is necessary since the values of variables mea-

phase of the flight. A value of 20 percent was seeded for thlsSureol in different physical units might differ by many orders

fault. The percentage of thrust loss in the propulsion SUbbf magnitude from one another. As an example, the vehicle

system was assumed to grow with the expenditure of fuel'climbs to an altitude of approximately- 10° ft whereas the

A gradual increase in thrust loss from 1 to 3.5 percent Wa%mgle tracking is on the order of abdt3 radians. To avoid

seeded. For the drag a four percent step increase after 55 sec-

onds of the flight was seeded in the simulation model. Thid 2" conditioning of the sensitivity m_atrlx, the _estlma_ltes of a!l
. “variables are scaled and converted into nondimensional units.

) ) . Yhe scaling was selected empirically to make all the nondi-

face damage, such as a piece of the fuel tank insulation foam . ) )
; . . R mensional variables about the same order of magnitude and

falling off and damaging the leading edge of the wing in theirn rove problem conditionin

Columbia accident. The pitch sensor drift in the GN&C sen- P P 9:

sor is assumed to vary sinusoidally between 0.1 to 0.85 per- A : . .

cent during the course of the first stage of the flight. To Ver_For validation, the obtained estimates are compared against

) 2 o the faults that were actually seeded in the initial simulation.
ify the validity of the estimation approach, the seeded fault igure 9 shows the estimates computed at 70, 115, and

were selected to span all three cases discussed in the PreYE) " As seen in the plots the estimates improve with time
ous section: non-monotonic, monotonic, and constant fault, ~

The simulation produced ‘telemetry’ data that was logged ang‘S more data is accumulated, and match the unknown faults

provided to the fault estimation algorithms. First, the prediC_r.easolnably well Qesp|te the noise and the unaccountgd non-
linearity. The estimates may be tuned further by running an

tion model is run to compute the residuals for this data. Theupdate every 4 or 8 seconds instead of the chosen 15 seconds

resulting residual data vector is shown in Figure 8. These
: L interval.
nonzero residuals indicate the presence of faults. To make
the simulation more realistic, a uniformly distributed uncor- 6
related random noise was added to the telemetry signals. The
noise magnitude makes about 5-10% of the residuals. Th&he multivariate trending and detection of parametric faults
residuals were processed by the multirate optimization-based a part of a holistic approach to Integrated Vehicle Health
estimation algorithm described in Section 3. As mentionedMonitoring (IVHM). This paper has described a methodol-
earlier the data in this example is sampled every 100 ms. Thegy for detecting a class of faults that will contribute substan-
estimation algorithm runs every 15 seconds producing a totially to an overall understanding of the vehicle health state.
tal of 10 estimates during the 153 second of the first stagBy combining the results of multivariate detection with all
ascent. To enable this fault estimation, we pre-compute thef the subsystem Fault Identification Detection and Recovery

. DISCUSSION OFINTEGRATED DIAGNOSTICS
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(FDIR) logic, subsystem BIT, limit checking, simple trend
detection, and other symptom detection methods, a diagnos-
tic system can be made substantially more capable. [1]

An envisioned advanced integrated diagnostic system of a
space vehicle will present to the users as complete a picture
of the health state of the vehicle as practicable [1]. The healtm
state is a description of the ability of the systems, subsystems
and components to perform their designed function. Each ve-
hicle element is described as nominal or off-nominal, along
with the degree of degradation of off-nominal elements. This
paper demonstrates an ability to detect fault conditions beforE3]
they have fully developed. This allows to characterize incipi-
ent failure modes; rather than waiting for a major degradation
in functionality, the onset of the deterioration is identified. As[4]
with other more familiar failure modes, the identification of
the root cause likely requires correlation between several in-
dications. For example the “gimbal sluggishness” indication
may correspond to other symptoms in the hydraulic, electricai1
or other systems indicated by BIT messages. These correla-
tions may be completed using a vehicle level reasoner.

In order to understand the root cause of a failure, it is nec-
essary to correlate all of the effects of the failure and tracd®]
the effects back to the root cause. In a system using only
BIT, it is likely that not all of the information needed to iso- [7]
late the cause will be available. Adding sensors could pos-
sibly remove ambiguity in the diagnostic information; how-
ever, each sensor adds weight, power draw and complexit¥8]
The ability to get more information out of existing sensors
using advanced analytical techniques as we have described is
a significant advantage towards the goal of total health state
knowledge.

7. CONCLUSIONS

This paper described an approach to mutivariable integrateGo]
diagnostics and trending of parametric faults. The approach
was discussed and illustrated for a case study of flight con-
trol system diagnostics during space lauch vehicle ascent.
The approach might be useful in many other aerospace apil]
plications. The developed algorithms require using detailed
models for computing fault residuals and signatures. Such
‘controls’ type models are typically available as a part of[lz]
control system design and analysis for aerospace systems.
The estimation is based on embedded optimization and of-
fers flexibility in types of faults that can be estimated: con-
stant, time-varying, and monotonic. Using state-of-the-art
convex solvers allows achieving high computational perfor-
mance. This implies both ground telemetry-based and on-linEt3l
embedded implementation of the algorithms can be feasible.
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