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Abstract

This report is a continuation of the work of (Douglas et al. 1996) in which a preliminary
design of a health monitoring system for automated vehicles is described. The approach
is to fuse data from dissimilar instruments using modeled dynamic relationships and fault
detection and identification filters. The filters are constructed so that the residual process
has static directional characteristics associated with the presence of a fault. Refinements
to the residual generation scheme are described that bring our systems in closer alignment
with the needs of the U.C. Berkeley group. Eleven sensors and two actuators associated
with the longitudinal dyanmics are now considered and hardware redundancy is taken into

account.

Keywords. Automated Highway Systems, Automatic Vehicle Monitoring, Fault Detection
and Fault Tolerant Control, Reliability, Sensors, Vehicle Monitoring.
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Executive Summary

This report is a continuation of the work of (Douglas et al. 1996) in which a preliminary
design of a health monitoring system for automated vehicles is described. The approach
is to fuse data from dissimilar instruments using modeled dynamic relationships and fault
detection and identification filters. The filters are constructed so that the residual process
has static directional characteristics associated with the presence of a fault. Refinements
to the residual generation scheme are described that bring our systems in closer alignment
with the needs of the U.C. Berkeley group. Eleven sensors and two actuators associated
with the longitudinal dyanmics are now considered and hardware redundancy is taken into

account.
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CHAPTER 1

Introduction

THIS REPORT is a continuation of the work of (Douglas et al. 1996) in which a preliminary
design of a health monitoring system for automated vehicles is described. A system view of
vehicle health management is summarized by Figure 1.1. Vehicle dynamics are driven by
throttle, brake and steering commands and various unmeasured exogenous influences such
as road variations and wind and faults. Sensors measure a possible nonlinear function of the
dynamic states and are corrupted by noise, biases and faults of their own. A fault detection
module uses the sensor measurements and known dynamic inputs to produce a conditional
probability of a fault hypothesis. The fault hypothesis is generated in two stages. First, a
residual generator formed as a combination of linear observers and algebraic parity equations
produces a static pattern uniquely identified with a given fault or no-fault condition. Since
the static patterns are only clearly identifiable in nominal operating conditions, the second
stage, a residual processor, interogates the residual and matches it to one of many known

patterns. The pattern matching is done with a probabilistically based algorithm so the
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residual processor produces a fault hypothesis probability rather than a simple binary
announcement. A simple threshold mapping could be added very easily to produce a
binary announcement if that were needed. A fault hypothesis probability is passed to a
vehicle health monitoring and reconfiguration system. These components determine the
impact of the possible fault on safe vehicle operation and adjust control laws if necessary
to accomodate a degraded operating condition. These components are being developed by

the UC Berkeley team.

Inputs
Faults Plant and Fault
Disturbances an - Outputs Detection | Res | Residual Threshold Declaration
—] * Vehicle Filters Processing Selection
Commands * Platoon
——
Redundancy Management
Controller
Controller Decision Health Management
Reconfiguration System
System
Information

Figure 1.1: A System View of Vehicle Health Management.

Chapters 2 and 3 describe a residual generator that is designed as a component of
a fault detection and identification module in a comprehensive health monitoring and
reconfiguration system under development at UC Berkeley. The system is a point design.
It is designed to detect faults in eleven sensors and two actuators associated with the
longitudinal motion of the modeled vehicle. The vehicle has a nominal operating speed of
25 meters per second on a straight pathway. The nonlinear vehicle and road model used
for simulation and the reduced-order linear models used for fault detection filter design are
described in Chapter 2. The fault detection filter design is discussed in Chapter 3. An
evaluation of the performance of the fault detection filters is deferred to the final report for

PATH MOU 291 (Douglas et al. 1997). A residual processor design based on a multiple
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hypothesis Shiryayev sequential probability ratio test is also described there. Finally, for

continuity, all material presented in this report is also given in (Douglas et al. 1997).






CHAPTER 2

Vehicle Model

IN THIS CHAPTER, vehicle models are developed for the design and evaluation of fault
detection filters. A high-fidelity six degree of freedom nonlinear vehicle model described
in last year’s report (Douglas et al. 1996) allows for arbitrary variations in road slope and
road noise. An object-oriented vehicle simulation is implemented in C++ and is currently
hosted on an Apple Macintosh PowerPC 8100 computer.

Linear models for the longitudinal vehicle dynamics are derived numerically from the
nonlinear vehicle simulation using a central differences method. The models are described
in Section 2.1 and the derivation method is described in (Douglas et al. 1996). Model order
reduction issues related to the suspension model are discussed in Section 2.2.

The manifold temperature measurement model is discussed in Section 2.3. To monitor
the health of the manifold temperature sensor, an analytically redundant relationship for
the manifold temperature has to be found. Since the temperature enters the engine model
as a constant, a state model would introduce an unobservable integrator. An alternative is

to let the temperature be a known, that is measured, input to the engine.
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2.1 Linear Model

The linearized longitudinal dynamics of the vehicle are derived numerically from high-fidelity
nonlinear simulation using a central differences method. The nonlinear model and the
central differences method are described in detail in (Douglas et al. 1996). The linearization
is done at a single nominal operating point of 25 meters per second, about 56 miles
per hour, where the car is travelling straight ahead. Since the car is not in a turn,
the linear longitudinal dynamics decouple completely from the linear lateral dynamics.
The longitudinal model has thirteen states and three inputs. Two of the inputs, throttle
and brake actuator commands are regarded as controls. The third input is the manifold

temperature and is regarded as a known, that is measured, exogenous input.

States: mg : Manifold air mass.
we : Engine speed.
v, : Longitudinal velocity.
z : Vertical position.
v, : Vertical velocity.
0 : Pitch angle.
q : Pitch rate.
@y : Sum of front wheel speeds.
wy @ Sum of rear wheel speeds.
Fy : Sum of front suspension forces.
F,. : Sum of rear suspension forces.
a : Throttle state.
T, : Brake state.
Control inputs: Ug, : Throttle command.

ur, : Brake command.
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Exogenous input: wr,, : Manifold temperature.
The lateral model states and inputs are given for completeness although they are not used.

States: vy : Lateral velocity.
¢ : Roll angle.
p : Roll rate.
r: Yaw rate.
wy : Difference of front wheel speeds.
@, : Difference of rear wheel speeds.
Ff : Difference of front suspension forces.
F,. : Difference of rear suspension forces.
~ : Steering state.

Control inputs: u~ : Steering command.

2.1.1 Linear Model Reduction

The thirteenth-order longitudinal model has eigenvalues: —215.62, —160.79, —136.03+1.67¢,
—90.91, —31.56, —26.26, —2.004+6.557, —1.32+£5.567, —1.25 and —0.0418. Observe that five
of these eigenvalues are significantly faster than the rest. By inspection of the eigenvectors,
it is determined that the fast eigenvalues are associated with the states wy, @y, Ff, F, and
.

A model order reduction is done by dynamic truncation with a steady-state correction.
First, the derivatives of the fast states wy¢, @, F ', F, and « are set to zero. Then, the linear
dynamic equations are solved for the fast states in terms of the remaining states: mg, we,
Vg, Z, Vs, 0, ¢ and T. The result is substituted into the state equations of the remaining
states. This process is described in more detail in Section 2.3 of (Douglas et al. 1996).
The eigenvalues of the eighth-order reduced-order longitudinal model are —33.01, —25.87,
—2.08 +6.454, —1.44 + 5.47i, —1.25 and —0.0451 which are close to the eigenvalues of the
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full-order longitudinal model. Also the frequency responses of the reduced and full-order
models are close to each other.

The reduced-order linear longitudinal dynamics data are given in Appendix A.
2.1.2 Vehicle Measurements

There are thirteen sensors on the car.

Ym, : Manifold air mass sensor.
Yuw. : Engine speed sensor.
yr,, : Manifold temperature sensor.
Ypm : Manifold pressure sensor.
Yo, : Longitudinal velocity sensor.
Ya, : Longitudinal accelerometer.
Ya, : Vertical accelerometer.
Yuw, - Front left wheel speed sensor.
Yoy, : Front right wheel speed sensor.
Yw,, - Rear left wheel speed sensor.
Yw,, : Rear right wheel speed sensor.
Yo : Throttle sensor.

yr, : Brake sensor.

Since the dynamics naturally decompose into longitudinal and lateral components, the

following processed wheel speed sensors form a more natural set of measurements:

Yo, : Sum of front wheel speeds.
Yo, : Sum of rear wheel speeds.
Yo, : Difference of front wheel speeds.

Ya, © Difference of rear wheel speeds.
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For the longitudinal dynamics, the wheel speed difference sensors yz, and yg, are not
relevant. Also, the throttle and brake sensors y, and yr, measure control inputs rather
than states. The manifold temperature sensor yr,, measures an exogenous input. Finally,
the manifold pressure y,,, and manifold air mass y,,, are linearly dependent. Thus, there
are only seven sensors that provide measurements linearly related to the vehicle longitudinal

states: Ymgs Ywes Yous Yazs Ya., Yo, and Ys,

The reduced-order linear longitudinal measurement data are given in Appendix A.
2.2 Suspension Model

The suspension system is modelled as a nonlinear spring and linear damper. The tire is
a mass and linear spring. Since the mass of the tire is very small relative to the car,

the tire model is simplified to a linear spring as shown in Figure 2.1. It is possible to

mg

X3

Figure 2.1: Simplified suspension and tire model.

express the dynamics of the suspension model using either suspension force or suspension
length as states. Although both realizations are meant to model the same physical system,

their reduced-order linearized dynamics can be very different. In the following sections,
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two representations of the suspension model and their reduced-order linearized models are
derived. In Section 2.2.1, suspension length is used as the suspension state. In Section 2.2.2,
suspension force is used as the suspension state. Section 2.2.3 provides more discussion and

a numerical example is given to illustrate the modelling difficulty.
2.2.1 Suspension Model With Suspension Length State

In this section, the suspension model uses suspension length as the state. The suspension

force Fs acting on each wheel is given by
F,=-C4 (xg — :Eg,o)[l + 02(133 — $30)4] — D13+ mg (2.1)

where 3 is the length of the suspension system when a nominal load mg is applied.
Compare this with Equation 2.3 of (Douglas et al. 1996).

The force F; transmitted to the suspension by the tire spring is given by
Ft = —Kt(afg — T3 =T — 1‘10) (2.2)

where K is the tire spring stiffness and x1g is the nominal tire radius. Since the tire is

massless, the tire spring force is equal to the suspension force.

F, = F, (2.3)
Put (2.1) and (2.2) into (2.3),
) 1
T3 = E[—(Kt + Ch)az + Ky — C1Cy(x3 — w30)” — Ky + (mg + Crazo — Kiwio)] (24)

An equation of motion for the chassis given by
Mmio = Kt(—.’L‘Q +x3+7r+ 3310) (2.5)

provides another relation between x5 and x3.

The dynamics (2.4, 2.5) after a linearization become

d J}Q 0 1 0 xQ 0
; — | K K : Kt
7 Lo n 0 e To | + " T
t t 1 _ Ky
I3 D, 0 T3 D,
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with the characteristic equation

K,+C K K.C
3, Bt 2 B !
s° + D S+m8+mD1

=0 (2.6)

The linearized dynamics order is reduced by noting that the suspension length state 3
is fast. See the example in Section 2.2.3. Let @3 = 0 and algebraically eliminate z3 as a

linear combination of x9 and Zs.

(2] [ 5] [2] [ ]
dt | 22 _m(KfH’lCl) 0 T m(Ktt+lcl)

The reduced-order dynamics characteristic equation is

K.C
2 tU1
=0 2.7
5 m(Kt—i—Cl) ( )

Clearly, the reduced-order dynamics (2.7) are very different from the full-order dynamics
(2.6) since the reduced-order dynamics exhibit no damping. The eigenvalues of the full and

reduced-order linearized models are evaluated in the example of Section 2.2.3.

2.2.2 Suspension Model With Suspension Force State

In this section, the suspension model uses suspension force as the state. Start with (2.1,

2.2, 2.3) of the last section

F; = —Cl(xg — T — :Cgo)[l + 02(332 — T — 1‘30)4] — Dl(sz — 33'1) + mg (2.8&)
Fy = —Ki(x1 —r — 19) (2.8b)
F;, = F (2.8¢)

The tire spring force F; is eliminated by rearranging (2.5) to get

F;
1 =7+xT10 — Ft (2.93)
t

iy =7 — - (2.9b)
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and then combining (2.8a), (2.8¢c) and (2.9) as

) K. F
F = D—I{—F—i—mg—Cl(l'Q—T—xlo—.CCgo*FE)

F . )
[1 + 02(1’2 —7r —x10 — T30 + E)ﬂ — Dl(x2 — 7")}

where F 2 F, s. An equation of motion for the chassis is given by combining (2.5) with (2.8b)
and (2.8c)

mfﬂ'g =F
The linearized model is
a | 0 1 0 T 0 0
o Zy | = 0 0 = Zy | + 0 0 [ ; }
with the characteristic equation
K.+ C K K.C
33+L32—|——ts+ 1 (2.10)

D4 m mDq

which is the same as (2.6) as expected.
Again, since the suspension force state F' is fast, the reduced-order linearized model is
derived by letting F' = 0 and algebraically eliminating F' as a linear combination of x5 and

9.

d [ T ] 0 1 [ X2 ]
— | "=\ _ ko KD e
dt | 2 m(K1C) m(Ki+O1) .

The reduced-order dynamics characteristic equation is

KDy K.Cy

2
+ -
K+ )T m(K+ O

=0 (2.11)

This reduced-order model includes a damping term and is probably a more realistic model
than the reduced-order model of Section 2.2.1. However, note that this model regards road
displacement r and road displacement rate 7 as two independent inputs. In the physical
system being modelled, they are not independent. The eigenvalues of this model are also

evaluated in Section 2.2.3.
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2.2.3 Example

Here is a numerical example of a suspension model. The parameters are obtained from the

vehicle simulation code from U.C. Berkeley.

m = 393.25 kg Mass of a quarter car.

N
K; =190632 — Tire spring constant.
m
N
Cy = 17000 — Suspension spring constant.
m

-8
Dy = 1500 — Suspension damper constant.
m

The eigenvalues of both full-order models in Section 2.2.1 and 2.2.2 are the same: —135.13,
—1.64 £+ 6.16¢. The eigenvalues of the reduced-order model in Section 2.2.1 are £6.30¢ and
the eigenvalues of the reduced-order model in Section 2.2.2 are —1.75 £ 6.05¢. The light
damping of the force-state model of Section 2.2.2 is more realistic so this model is considered

to be a better representation of the suspension dynamics.

Remark 1. If the model reduction is done by balanced realization and truncation, the
length-state and force-state realizations should have similar reduced-order linear models.
Balanced realization and truncation, discussed in detail in (Douglas et al. 1996), truncates
the least observable and controllable modes as determined by inspection of the observability
and controllability Grammians. By this method, the truncated modes are not necessarily
the fast modes so that the eigenvalues of the reduced-order model might be very different
from those of the full-order model. Further, when fast modes are truncated, the simple
state truncation with steady-state correction method illustrated in Sections 2.2.1 and 2.2.2
produces results that are dependent on the state basis. Regarding a balanced realization
as just another basis, it is possible that for some problems, a balanced realization does not
provide a best reduced-order model. Best is problem dependent but is generally determined

by comparing the full and reduced-order frequency responses and eigenstructures. )



14 Chapter 2: Vehicle Model

2.3 Manifold Temperature Model

In the engine model the manifold temperature is taken to be a constant. If a manifold
temperature sensor is to be monitored for a fault, two sensor models are possible. One model
has the manifold temperature as an engine state and appends an integrator to the engine
dynamics. Another model considers the manifold temperature as a measured exogenous
input.

Since manifold temperature changes are on a much longer time scale than the engine
dynamics, it is a natural choice to model the manifold temperature as a constant. With a

constant manifold temperature as an engine state, an integrator is appended to the engine

Lo =10 % L ]+ 8]
=[5 9] ]

where z7,, is the manifold temperature state and x are the rest of the states. A problem

dynamics.

with this model is that the observability Grammian is ill-defined because the eigenvalue at
the origin is associated with a measured state, the temperature z7,, .
An alternate model has the temperature as a known, that is measured, input to the

engine.

T = Az + Bu + BmeTm

Yo = Cux

This approach avoids the observability Grammian problem and seems more reasonable in

that the manifold temperature is an environmental factor which cannot be controlled.



CHAPTER 3

Fault Detection By Analytic Redundancy

ANALYTIC REDUNDANCY is an approach to health monitoring that compares dissimilar
instruments using a detailed system model. The approach is to find dynamic or algebraic
relationships between sensors and actuators. That is, information provided by a monitored
sensor is, in some form, also provided by other sensors or, through the dynamics, by actuator
commands. In automated vehicles, these requirements preclude monitoring nonredundant
sensors such as obstacle detection or lane position sensors. The information provided by
a radar or infrared sensor designed to detect objects in the vehicle’s path has no dynamic
correlation with other sensors on the vehicle. A sensor that detects the vehicle’s position in
a lane is the only sensor that can provide this information. Actuators that do no observable
action are also difficult to monitor. For example, the health of a power window actuator is
easily monitored by the driver. But, unless specialized sensors are installed, no other part
of the car is affected by the operation of this actuator and there is no analytic redundancy.

A range sensor is another example of a sensor for which a vehicle has no redundant

information. In some configurations, range information is provided by several different

15
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types of sensors, for example, radar and optical range sensors. In this type of design, the
sensor measurements are fused at the vehicle regulation layer. So, for the purposes of vehicle
control and fault detection, the range sensors are regarded as providing a single synthesized,
and nonredundant, measurement.

Analytic dynamic redundancy requires a detailed model of the dynamic relationship
between sensors and actuator commands. This information is encoded in a fault detection
filter that detects and isolates faults by producing a static pattern in a linear observer
residual. Most sensors and actuators associated with the vehicle longitudinal dynamics
are monitored this way. Fault detection filter design is described in Section 3.1. Algebraic
redundancy provides a simple algebraic parity equation that must be satisfied. For example,
since the throttle actuator dynamics are very fast, the throttle actuator command minus
the throttle actuator position is nominally zero. Parity equation design is described in 3.2.

The fault detection and isolation system is summarized in Section 3.3.
3.1 Analytic Redundancy

Eleven sensors and two actuators are to be monitored. The sensors are the manifold air mass
Sensor Y, , engine speed sensor y,,. , manifold temperature sensor yr,,, manifold pressure
Sensor Ypm, longitudinal velocity sensor y,, and accelerometer y,,, vertical accelerometer
Ya., the sum of front wheel speed sensors yg,, the sum of rear wheel speed sensors yg,,
throttle sensor y, and brake sensor y7,. The two actuators are the throttle u, and brake
ur,. Three of the sensors y., y7, and ypm, are monitored with algebraically redundant
information. Hence, eight sensors and two actuators are included in the fault detection
filter design.

A very brief review of the fault detection filter is provided in Section 3.1.1. Section 3.1.2
describes the sensor and actuator fault models. Section 3.1.3 discusses several design
considerations that are specific to the longitudinal vehicle dynamics health monitoring
problem. Section 3.1.4 discusses how multiple faults are grouped among several filters. The

fault detection filter designs are sensor and actuator fault groups described in Sections 3.1.5
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and 3.1.6.
3.1.1 Beard-Jones Fault Detection Filter Background

A detailed review of fault detection filter design is provided in Appendix A of last year’s
report (Douglas et al. 1996). For a thorough background, several references are available,
a few of which are (Douglas 1993), (White and Speyer 1987) and (Massoumnia 1986).
Consider a linear time-invariant system with ¢ failure modes and no disturbances or
sensor noise
q
&= Ax + Bu+ Z Fimy; (3.1a)
i=1
y=Cx+ Du (3.1b)
The system variables x, u, y and the m; belong to real vector spaces and the system maps
A, B, C, D and the F; are of compatible dimensions. Assume that the input u and the
output y both are known. The F; are the failure signatures. They are known and fixed and
model the directional characteristics of the faults. The m; are the failure modes and model
the unknown time-varying amplitude of faults. The m; do not have to be scalar values.
A fault detection filter is a linear observer that, like any other linear observer, forms a
residual process sensitive to unknown inputs. Consider a full-order observer with dynamics

and residual

&= (A+LC)i+ Bu— Ly (3.2a)

r=Ct+Du—y (3.2b)
Form the state estimation error e = £ — x and the dynamics and residual are

q
e = (A + LC)@ - ZFzmz
=1

r=Ce

In steady-state, the residual is driven by the faults when they are present. If the system

is (C, A) observable, and the observer dynamics are stable, then in steady-state and in the
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absence of disturbances and modeling errors, the residual r is nonzero only if a fault has
occurred, that is, if some m; is nonzero. Furthermore, when a fault does occur, the residual
is nonzero except in certain theoretically relevant but physically unrealistic situations. This
means that any stable observer can detect the presence of a fault. Simply monitor the
residual and when it is nonzero a fault has occurred.

In addition to detecting a fault, a fault detection filter provides information to determine
which fault has occurred. An observer such as (3.2) becomes a fault detection filter when
the observer gain L is chosen so that the residual has certain directional properties that
immediately identify the fault. The gain is chosen to partition the residual space where each
partition is uniquely associated with one of the design fault directions F;. A fault is identified
by projecting the residual onto each of the residual subspaces and then determining which
projections are nonzero.

In a detection filter, the state estimation error in response to a fault in the direction
F; remains in a state subspace 7, an unobservability subspace or detection space. See
Appendix A of last year’s report (Douglas et al. 1996) for details. The ability to identify
a fault, to distinguish one fault from another, requires, for an observable system, that the
detection spaces be independent. Thus, the number of faults that can be detected and
identified by a fault detection filter is limited by the size of the state space and the sizes of
the detection spaces associated with each of the faults. If the problem considered has more
faults than can be accommodated by one fault detection filter, then a bank of filters will
have to be constructed.

For a fault Fj, the approach to finding the detection space 77 is to find the minimal
(C, A)-invariant subspace Wj that contains F; and then to find the invariant zero directions
of the triple (C, A, F;), if any. With the invariant zero directions denoted by V;, the minimal

unobservability subspace 77 is given by
T;=W;+V;

Before the fault detection filter design (3.2) can begin, a system model with faults has

to be found with the form (3.1). This is discussed in the next section.
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3.1.2 Fault Modelling

This section describes sensor and actuator fault models used for fault detection filter design.
Two classes of sensor fault are considered. One measures a linear combination of states. For
the longitudinal vehicle dynamics these include Ym,, Yu,s Yv,s Yars Ya.» Yo, and yo,. Another
class of sensor fault is one that measures exogenous inputs. The manifold temperature sensor
is the only sensor in this class.

The fault of a sensor which measures system states can be modelled as an additive term

in the measurement equation
y=Cx + Ejp; (3:3)

where Ej is a column vector of zeros except for a one in the i** position and where p; is an
arbitrary time-varying scalar. This is explained in last year’s report (Douglas et al. 1996)
but is included here for completeness. Since, for fault detection filter design, faults are
expressed as additive terms to the system dynamics, a way must be found to convert the

E; sensor fault form of (3.3) to an equivalent F; form as in (3.1). Let F; satisfy

and define a state estimation error e as
e=x—23+ Fp;
Using (3.2), the error dynamics are
¢ =(A+ LC)e+ Fiji; — AF;p; (3.4)
and a sensor fault E; in (3.3) is equivalent to a two-dimensional fault F;
i = Az + Bu+ Fm;  with F; = [F}, F}]
where the directions F! and F? are given by

E, = CF! (3.5a)

F? = AF} (3.5b)
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An interpretation of the effect of a sensor fault on observer error dynamics follows from
(3.4) where F}! is the sensor fault rate ji; direction and F? is the sensor fault magnitude
u; direction. This interpretation suggests a possible simplification when information about
the spectral content of the sensor fault is available. If it is known that a sensor fault has
persistent and significant high frequency components, such as in the case of a noisy sensor,
the fault direction could be approximated by the F}! direction alone. Or, if it is known
that a sensor fault has only low frequency components, such as in the case of a bias, the
fault direction could be approximated by the FZ-2 direction alone. For example, if a sensor
were to develop a bias, a transient would be likely to appear in all fault directions but, in

steady-state, only the residual associated with the faulty sensor should be nonzero.

A linear model partitioned to isolate first-order actuator dynamics can be expressed as

A R o | PR P

where z, is a vector of actuator states and w is an exogenous input. Typically, exogenous
inputs are dynamic disturbances such as road noise and wind gusts and are not known or
measured. However, as described in Section 2.3, the manifold temperature is modelled as a
dynamic input and is measured. A fault in this sensor is modelled as a direction given by

the associated column of the B,, matrix.

A fault in a control input is also modeled as an additive term in the system dynamics.
In the case of a fault appearing at the input of an actuator, that is the actuator command,
the fault has the same direction as the associated column of the [0, w]? matrix. A fault
appearing at the output of an actuator, the actuator position, has the same direction as the
associated column of the [BT, 0]7 matrix. In the vehicle model, the actuator dynamics are
relatively fast and, in an approximation made here, are removed from the system model.
Thus, the control inputs are applied directly to the system through a column of the B

matrix.
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3.1.3 Special Design Considerations

Several design considerations arise that are specific to the longitudinal vehicle dynamics
health monitoring problem. One problem is a conditioning problem that arises from the
model order reduction done in Section 2.1. Another concerns the output separability of the
modeled faults. A third problem concerns a reasonable expectation that a fault detection

filter should produce a nonzero fault residual for as long as a modeled fault is present.

Ill-conditioned fault direction

For all sensor and throttle actuator faults described in Section 3.1.2, the detection or

minimal unobservability subspaces are given by the fault directions themselves, that is,
T; =W;+V,=ImF,

For example, for the brake actuator, 7; = Im F; because C'FuTb # 0, (Douglas et al. 1996).
However, OFUTb =% 0 only holds for the reduced, eighth-order model. For the full-order
model, CFy;, = 0so Fy,;, should be considered as a very weakly observable direction. For
fault detection filter design, the brake actuator unobservability subspace is taken to be the

second-order space given by
T;, =Im [FuTb,AFuTJ

Output separability

The output separability design requirement states that the residuals produced by design
faults be pairwise linearly independent. Faults that are not output separable generate
co-linear residuals and cannot be isolated. Output separability of two faults F; and F} is

determined by
CT;NCT; =0 (3.6)

which may be checked by the column independence of realizations for C7; and C7T ;.



22 Chapter 3: Fault Detection By Analytic Redundancy

Performing the check (3.6) reveals that two pairs of faults are not output separable.
The throttle actuator u, and manifold air mass sensor y,,, faults are not output separable
and the manifold temperature sensor yr,, and manifold air mass sensor y,,, faults are not

output separable. The problem is summarized as

T = Fu,

T;;Tm = Fyr,,

T;;ma = [Fyma AFme
Fu, =F,,,

F, YT, — AF, Yma

First, consider the throttle actuator and manifold air mass sensor faults where CF,,, =
CF,,,, indicates that they cannot be isolated. As explained in Section 3.1.2, the direction
of the air mass sensor fault magnitude is AFy,, while the direction of the fault rate is F),,, .
The throttle actuator and air mass sensor faults become output separable if only the sensor
fault magnitude direction is used. This design decision could allow a noisy but zero mean
sensor fault to remain undetected through the direction CAF), . Also, since the throttle
fault detection space is spanned by F,, = F,, , an air mass sensor fault rate will stimulate
the throttle fault residual. However, a throttle actuator fault could never stimulate the
air mass sensor fault residual. In summary, as long as the air mass sensor fault spectral
components are low frequency, the throttle actuator and manifold air mass sensor faults
should be detectable and isolatable.

Next, consider the manifold temperature and air mass sensor faults where C'F,,. =

CAF,

Yma

indicates that they cannot be isolated. Since AF), represents the fault magnitude
direction, this direction can not be dropped from the detection space. One remedy is
to design a second fault detection filter that does not take the manifold air mass as a
measurement. Such a filter will be unaffected by air mass sensor faults but will respond to
manifold temperature sensor faults. A problem with this fix is that the throttle actuator and

temperature sensor faults are not output separable without an air mass sensor measurement.
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Responses of the two filter designs are summarized in Figure 3.1. Each row represents
a bias (hard) fault in either the throttle actuator, the air mass sensor or the temperature
sensor. The columns are the residual responses to the given fault conditions. The first
column is the response of the throttle actuator fault residual of the first filter. The
second column is the response of the air mass sensor and temperature sensor fault residuals
also from the first filter. The third column is the response of the throttle actuator and
temperature sensor fault residuals of the second filter.

Figure 3.1 shows that neither filter alone can detect and isolate the three faults: the
throttle actuator, the air mass sensor and the temperature sensor. Taken together, the two
filters produce a pattern unique to each fault so that the faults may be isolated. However,
the picture is not yet complete. A problem with the second fault detection filter is described

in the next section.

Residual : .
Detection Filter #1 Detection
Filter #2
Fault Throttle Manifold Air Mass
Actuator and Temperature
Throttle
Actuator |
Manifold
Air Mass
Manifold
Temperature

Figure 3.1: Fault Signatures.

Zero steady-state fault residual

It is a reasonable expectation that a fault detection filter should produce a nonzero fault
residual for as long as a modeled fault is present. A necessary and sufficient condition is

given in the following theorem.
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Theorem 3.1. A necessary and sufficient condition for a fault detection filter residual to

hold a non-zero steady-state value in response to a bias fault is CA™'F # 0, that is,
C(sI —A—LC) 'Fly—g=0 & CA™'F =0
Proof. Let F2(A+ LO)'F. (=)

F=(A+LC)F = AF because CF = C(A+ LC)™'F = 0.
=F=A"F

= CA 'F=CF=0
(<)

AF+LCF =F
= F=A"F because CA™'F =0 and (A + LC) is unique.

= C(A+LC) 'F=CF=CA'F=0

Since CAlemi = 0, the second fault detection filter will not see the temperature sensor
faults in the steady state. When a temperature bias fault occurs, the residual responds
with only a transient. Figure 3.1 is corrected in Figure 3.2 to illustrate the transitory
response. Once again, the fault patterns for the three faults are not unique, at least not in
steady-state.

Since a second fault detection filter no longer fixes the output separability problem,
another fix is needed. An algebraic relation between the manifold pressure and manifold

air mass is useful
manifold pressure — 19.9635 * manifold air mass = 0 (3.7)

This convenient relation arises from the perfect gas law. The magic number 19.9635 includes

the gas constant, a nominal temperature and the manifold volume. Equation (3.7) is a
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Residual Detection Filter #1

Detection
Filter #2
Fault Throttle Manifold Air Mass
Actuator and Temperature
Throttle _
Actuator

Manifold _
Air Mass
Manifold

Temperature

Figure 3.2: Fault Signatures.

parity equation that is satisfied when the manifold pressure and manifold air mass sensors
are working and is not satisfied when either sensor has failed. The parity equation by itself
cannot isolate a fault.

By combining the parity equation (3.7) with the first fault detection filter of the last
section, a residual pattern unique to each fault is formed and the faults may be isolated. The
faults are the throttle actuator, the air mass sensor, the temperature sensor and the manifold
pressure sensor. The residual patterns are summarized in Figure 3.3 Each row represents
a bias (hard) fault in either the throttle actuator, the air mass sensor, the temperature
sensor or the manifold pressure sensor. The columns are the residual responses to the given
fault conditions. The first column is the response of the throttle actuator fault residual of
the first filter. The second column is the response of the air mass sensor and temperature
sensor fault residuals also from the first filter. The third column is the response of the parity
equation for the manifold air mass and pressure sensors. The parity equation is discussed

further in Section 3.2.

3.1.4 Fault Assignment to Multiple Fault Detection Filters

The ability to identify a fault, to distinguish one fault from another, requires for an

observable system that the detection spaces be independent. Therefore, the number of
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Residual Detection Filter

Parity
Equation

Throttle Manifold Air Mass
Actuator And Temperature

Fault

Throttle
Actuator

Manifold — _
Air Mass

Manifold
Temperature

Manifold
Pressure

Figure 3.3: Fault Signatures.

faults that can be detected and identified by a fault detection filter is limited by the size of
the state space and the sizes of the detection spaces associated with each of the faults. If the
problem considered has more faults than can be accommodated by one fault detection filter,
then a bank of filters will have to be constructed. The health monitoring system described
in this section for a vehicle going straight, considers nine system faults: seven sensor faults
and two actuator faults. Since the reduced-order longitudinal model has eight states and
seven measurements, clearly more than one fault detection filter is needed. The dimension
of the throttle actuator, the manifold air mass sensor and the manifold temperature sensor
detection spaces is one. The dimension of the brake actuator and the rest of the sensor
faults is two. Therefore, for this problem at least three filters are needed.

One consideration in grouping the faults among the fault detection filters is to group
faults which are robust to system nonlinearities. Note that an actuator fault changes the
vehicle operating point possibly introducing nonlinear effects into all measurements. The
nonlinear effect is small if the residual response is small compared to that for some nominal
fault. Also, sensor faults that are open-loop are easily isolated since they do not stimulate

any dynamics. One approach to fault grouping is to always group actuator and sensor faults
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with different fault detection filters.

Usually an attempt is made to group as many faults as possible in each filter. When
full-order filters are used, this approach minimizes the number of filters needed. When
reduced-order filters are used, this approach minimizes the order of each complementary
space and, therefore, the order of each reduced-order filter. Note that each fault included in
a fault detection filter design imposes more constraints on the filter eigenvectors. Sometimes,
the objective of obtaining well-conditioned filter eigenvectors imposes a tradeoff between

robustness and the reduced-order filter size.

With all the considerations above in mind, now we should decide how many fault
detection filters are needed and which faults should go together. Robustness to nonlinearities
requires all the actuator faults to be in the same filter. The output separability consideration
of Section 3.1.3 requires the throttle actuator and manifold air mass sensor fault to be in
the same filter. Thus, one fault detection filter has the throttle actuator u,, brake actuator
ur, and manifold air mass sensor y,,,. Note that this filter is also sensitive to faults in the
manifold temperature sensor yr,, since manifold temperature and manifold air mass sensor

faults are not output separable.

The six remaining sensor faults, Yw., Yv,, Ya, s Ya.» Yo, and yg, are assigned to two more
fault detection filters. Each filter has three faults. There are ten different combinations
for these two filters and they are all non-mutually detectable which means the invariant
zeros arising from the fault combinations will be the eigenvalues of the filters, that is, some
poles of the filters cannot be assigned. In six of these cases, the invariant zeros, hence the
fixed poles, are in the right-half plane resulting in an unstable fault detection filter. The
remaining four configurations are stable. Each stable case has been designed and tested.
The most robust combination is to put Y., ¥s, and yz, into the second filter and put yy,,
Yo, and yp, into the third filter. Here, most robust is taken to mean the filter with left
eigenvectors that are least ill-conditioned. This hedges against eigenstructure sensitivity to

small variations in system parameters. The three fault detection filters are
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Fault detection filter 1.

Uy : Throttle actuator.
ur, : Brake actuator.
Ym, : Manifold air mass sensor.

yr,, : Manifold temperature sensor.
Fault detection filter 2.

Yw, : Engine speed sensor.
Ya, : Longitudinal accelerometer.

Yo, : Sum of front wheel speed sensors.
Fault detection filter 3.

Yu, : Longitudinal velocity sensor.
Ya, : Vertical accelerometer.

Ya, : Sum of rear wheel speed sensors.

3.1.5 Fault Detection Filter Design For Sensors

In this and the following sections, Beard-Jones fault detection filters have been designed
using eigenstructure assignment while ensuring that the eigenvectors are not ill-conditioned.
The essential feature of a fault detection filter is the detection space structure embedded
in the filter dynamics. A left eigenvector assignment design algorithm explicitly places
eigenvectors to span these subspaces. An eigenvector assignment design algorithm also
has to balance the objective of having well-conditioned eigenvectors for robustness against
the objective of each fault being highly input observable for fault detection performance.
System disturbances, sensor noise and system parameter variations are not considered in
the fault detection filter designs described in this report. Note that they are considered

in performance evaluation. For such a benign environment, the filter designs are based on



3.1 Analytic Redundancy 29

spectral considerations only; there is little else that can be used to distinguish a good design
from a bad design.

Since the calculations are somewhat long and they are the similar for each detection
filter, the calculation details are given for only the first and third fault detection filters. In
this section, the fault detection filter is designed for the third fault group which has the
longitudinal velocity sensor y,,, the vertical accelerometer y,, and the sum of rear wheel
speed sensors ¥g,.. In next section, a filter is designed for the first fault group which has the
throttle actuator u,, the brake actuator ur, and the manifold air mass sensor y,,,. Note
once again that the manifold air mass sensor y,,, is not output separable with respect to
the manifold temperature sensor yr,,.

The eight state reduced-order longitudinal model derived in Section 2.1 is used. The

dimension of each detection space was found in Section 3.1.4 as

_ *
Voo = dlmTyvz =2

v,

J— 3 * —_
Vya, = dlmTyaz =2

a

j— 3 * —
Vyo, =dimT, =2

The dimension of the fault detection filter complementary space 7 is also needed. The
complementary space is any subspace independent of the detection spaces that completes

the state-space.

X = T;;’Uz @ T;;llz @ T;‘;@r @ TO

Thus the dimension of 7T is two

Vo :n_yyvsc _l/yaz _Vy@r
=8—-2-2-2

=2

Next define the complementary faults sets. There are three faults F,, , Fy, and Fy_
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so there are four complementary fault sets which are:

vor = [Fyas s Fyon ) (3.8a)
Fy,. = [Fy,, Fy,] (3.8b)
By, = [Fy,, Fy,.] (3.8¢)
= [Py, Fy,. Fya. | (3.8d)

Now choose the filter closed-loop eigenvalues. As discussed in Section 3.1.4, these three
faults are not mutually detectable. Therefore the invariant zero —14.52 has to be one of
the eigenvalues of the complementary subspace. Since the system model includes no sensor
noise, no disturbances and no parameter variations, there is little basis for preferring one
set of detection filter closed-loop eigenvalues over another. The poles are chosen here to
give a reasonable response time but are not unrealistically fast. The assigned eigenvalues

are

Ay, ={-3,—-4}
Ay, ={-3,-4}
Aywr = {_37 _4}

Ao = {—3,—14.52}

The next step is to find the closed-loop fault detection filter left eigenvectors. For each
eigenvalue \;; € A;, the left eigenvectors v;; generally are not unique and must be chosen
from a subspace as v; ; € Vi i where V; : and another space W; , are found by solving
AT — N1 CT Vi, 0
o o= (3.9)
F; 0 Wi, 0
There are eight V;, associated with eight eigenvalues. To help desensitize the fault detection
filter to parameter variations, the left eigenvectors are chosen from v;; € V;; as the set with
the greatest degree of linear independence. The degree of linear independence is indicated

by the smallest singular value of the matrix formed by the left eigenvectors. Upper bounds



3.1 Analytic Redundancy 31

on the singular values of the left eigenvectors are given by the singular values of

V = [‘/01’ ‘/027 Vyvzl ’ VyUIQ ’ Vyazl ? Vyaz2 ) Vy‘:’rl ’ ‘/;J‘:’TQ]
These singular values are
o(V) ={2.83, 2.50, 1.69, 1.41, 1.32, 0.333, 0.080, 0.0088} (3.10)

If the left eigenvector singular value upper bounds were small, then all possible combinations
of detection filter left eigenvectors would be ill-conditioned and the filter eigenstructure
would be sensitive to small parameter variations. Since (3.10) indicates that the upper
bounds are not small, continue by looking for a set of fault detection filter left eigenvectors
that are reasonably well-conditioned. For this case, one possible set of left eigenvectors
from the set V' nearly meets the upper bound and should be well-conditioned. The singular

values of this set of left eigenvectors are
o(V) = {1.95, 1.12, 1.00, 1.00, 0.92, 0.285, 0.063, 0.00691}

Since the difference between the largest and the smallest singular values is only three orders
of magnitude, the detection filter gain will be reasonably small and the filter eigenstructure
should not be sensitive to small parameter variations.

The fault detection filter gain L is found by solving
vip=w?t (3.11)

where V is the matrix of left eigenvectors as found above, and W is a matrix of vectors Wy

AT - )\ijI CT Vi . 0
ET 0 wi, | |0

If the left eigenvector v;; is a linear combination of the columns of V;;, w;; is the same linear
combination of the columns of W, where V;, and W;, are from (3.9).
To complete the detection filter design, output projection matrices I:vax, I:Iyaz and I:Iyar

are needed to project the residual along the respective output subspaces C’j'zvz, C’j'zaz and
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A~

cT, . What this means is that, for example, T

v v, Pecomes the unobservable subspace
T xT

of the pair (lﬁlyw C,A + LC). Remember that by the definition of the complementary
faults (3.8), faults F,  and Fy lie in ’]A'Z% and fault Fy, does not. The effect is that the
projected residual is driven by fault F,, —and only fault F, .

A projection H; is computed by first finding a basis for the range space of C’Ti* where
again, Tl* is any basis for the detection space Tj . This is done by finding the left singular

vectors of Cﬁ*. Denote this basis for now as h;. Then H; is given by
H; =1 — h;h!

In summary, a fault detection filter for the system with sensor faults E,, , E,, and
Yor
i = Ax + Bu + Br, wr,,

Yy = Cl‘ + DU’ + Eyvx /’Lyvx + Eyaz /"Lyaz + Eymr ﬂ’ymr
is equivalent to a fault detection filter for the system with faults F, , F, and F,

= Az + Bu + Br,wr,, + Fy, my, + Fy, my, + Fy, my,

y=Cx + Du
and has the form

z

=(A+LC)z+ (B+ LD)u+ By, yr,, — Ly
Zyy, = flyw (CZ 4 Du—vy)
2y, = ﬁyaz (Cz+ Du —vy)
Zyy = ﬁy@r (Cz+ Du —vy)

where L, lﬁlyvz, E[yaz and ﬁy@T are shown in Appendix A.
A fault detection filter design for the second fault group is carried out in the similar way
and is not shown here. However, the filter gain L and projections ﬁywe7 ]f[yaz and IA{yu_)f are

shown in Appendix A.
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3.1.6 Fault Detection Filter Design For Actuators

In next section, a fault detection filter is designed for the first fault group which has the
throttle actuator u,, the brake actuator uy, and the manifold air mass sensor y,,,. Note
once again that the manifold air mass sensor y,,, is not output separable with respect to
the manifold temperature sensor yr,,, .

The design procedure is similar to the previous section but does have a twist. As
discussed in Section 3.1.3, a reduced-order manifold air mass sensor fault is used to achieve
output separability with the throttle actuator fault. Also manifold air mass and manifold
temperature sensor faults cannot be isolated.

The dimension of each detection space was found in Section 3.1.4 as
Vu, =dim77, =1

Vur, = dim ’Z'ZTb =2

J— 1 * J—
Vi = dlmTyma =1

m

and the dimension of the fault detection filter complementary space 7y where

X=T, T, &T, &To
is four

Vo =1 = Vug = Vugy — Vyp,
=8-1-2-1
=4
Next define the complementary faults sets. There are three faults Fy,, Fu,, and Fy,,

so there are four complementary fault sets which are:

B = —FuTb,Fyma} (3.12a)
Fup, = [Fuo: Fyn,] (3.12b)
e = |Puas Pur,| (3.12¢)

By = [ Fuws Fury s Py, | (3.12d)
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Now choose the fault detection filter closed-loop eigenvalues. Since these three faults are

mutually detectable, all eigenvalues are freely assignable.

Aua = {_3}
Auy, = {3, —4}
Ayma ={-3}

Ao = {3, —4, —5, —6}

The next step is to find the closed-loop fault detection filter left eigenvectors. The left
eigenvectors v;; for each eigenvalue A;; € A; generally are not unique and must be chosen

from a subspace as v; ; € Vi, where V;, is found by solving

AT -\, 1 OT V. 0
a5 e ][0 019

There are eight V;, associated with eight eigenvalues. Upper bounds on the singular values

of the left eigenvectors are given by the singular values of

V = [%1)%25%37%47VUQ7V

UTyy? VuTbQ ’ Vyma]
These singular values are

o(V) = {2.83, 2.83, 2.82, 1.98, 1.41, 0.290, 0.174, 0.021} (3.14)

Since (3.14) indicates that the upper bounds are not small, continue by looking for a set
of fault detection filter left eigenvectors that are reasonably well-conditioned. One possible

choice has the following singular values
a(f/) = {1.46, 1.41, 1.35, 1.00, 1.00, 0.235, 0.056, 0.0028}

Since these singular values are quite close to their respective upper bounds, the detection
filter gain should not be large and the filter eigenstructure should not be sensitive to small

parameter variations. Asin Section 3.1.5, the fault detection filter gain L is found by solving

vip=wt (3.15)
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where the columns of V and W are found from (3.13). Output projection matrices I:Iua,

HuTb, Hy, —and fImi are found in the same way as for the sensor fault example of

~ A~ A~

Section 3.1.5. The filter gain L and projections H,_, HuTb, H

@ Ymgq

and ﬁmi are shown
in Appendix A

A note should be made regarding the throttle actuator fault residual. By the definition
of the complementary faults (3.12), Fup, and Fy, = lie in T;a while F),, does not. The effect
is that the projected residual is not driven by fault Fuy, or Fy, . Now recall that F,, isa
reduced-order approximation for E,, so the throttle actuator residual is not only driven by
F,,, but also the part of E,  not modeled by F,, . As shown in Figure 3.4, the throttle
actuator residual can only isolate faults well at low frequency while other residuals isolate

all faults.

-100 .

-150 | -

db

-200 b

-250 N

-300 B

-350 - . . ‘0 . .
10 10 10 10 10 10 10
rad/s

Figure 3.4: Singular value frequency response from all faults to throttle residual.

3.2 Algebraic Redundancy

Algebraic parity equations provide a second component to the fault detection and isolation

system. The following algebraically redundant pairs are available: the throttle sensor y,
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and throttle actuator, the brake sensor y7;, and brake actuator uz, and the manifold pressure

Sensor Ypm,m and manifold air mass sensor ¥,,,. Three parity equations are defined:

1. 0 = Throttle sensor y,— Throttle actuator u,
2. 0 = Brake sensor y1, — Brake actuator ug,
3. 0 = Manifold pressure sensor y,,, — Manifold air mass sensor ¥, * 19.9635

None of the parity equations can by itself identify a fault. But by combining the parity
equations with the first fault group detection filter of Section 3.1.4, a unique residual pattern
is presented allowing each fault to be isolated. The patterns are summarized in Figure 3.5.

Each row of Figure 3.5 represents a bias (hard) fault in either the throttle actuator,
the throttle sensor, the brake actuator, the brake sensor, the manifold air mass sensor,
the manifold temperature sensor or the manifold pressure sensor. The columns are the
residual responses to the given fault conditions. The first column is the response of the
throttle actuator fault residual of the first filter. The second column is the response of the
brake actuator fault residual of the first filter. The third column is the response of the air
mass sensor and temperature sensor residuals of the first filter. The fourth, fifth and sixth

columns are responses of the first, second and third parity equations.
3.3 Structure

Combining the fault detection filters of Section 3.1 and parity equations in Section 3.2, a
set of six analytic redundancy relationships either dynamic or algebraic are presented. The

designs are given in Appendix A.
Fault detection filter 1.

U : Throttle actuator.
ur, : Brake actuator.
Ym, : Manifold air mass sensor.

yr,, : Manifold temperature sensor.
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Figure 3.5: Fault Signatures.

Fault detection filter 2.

Yw, : Engine speed sensor.

Ya, : Longitudinal accelerometer.

Yo, + Sum of front wheel speed sensors.

Fault detection filter 3.

Yo, : Longitudinal velocity sensor.
Ya, : Vertical accelerometer.

Yw, : Sum of rear wheel speed sensors.



38 Chapter 3: Fault Detection By Analytic Redundancy

Parity equation 1.

Yo : Throttle sensor.

U, : Throttle actuator.
Parity equation 2.

yr, : Brake sensor.

ur, : Brake actuator.
Parity equation 3.

Ypm : Manifold pressure sensor.

Yma : Manifold air mass sensor.
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Conclusions

THIS BRIEF REPORT describes the design of a residual generation sytem that is a component
of a fault detection and identification module in a comprehensive health monitoring and
reconfiguration system under development at UC Berkeley. The design illustrates the care
that must be taken in forming fault detection filters and parity equations so that each fault
produces a unique static pattern. Issues relating to sensor models, output separability,
steady-state fault persistence and the spectral content of sensor faults are all considered.
Performance evaluation is not done here but a companion report, (Douglas et al. 1997),
describes testing done in a high-fidelity vehicle simulation where nonlinearities and road
variations are significant. The companion report also describes the design and testing
of a residual processor, a multiple hypothesis Shiryayev sequential probability ratio test,
that examines the filter and parity equation residuals and generates the probability of the

presence of a fault.
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APPENDIX A

Fault Detection Filter Design Data

THE REDUCED-ORDER longitudinal linearized system matrices used for fault detection filter

design are
[ —22.56 —0.12 0 0 0 0 0 0]
307.03 —35.41 396.80 —2698.58 —238.10 1901.28 —432.86 —0.08
0 0.07 —0.76 4.87 0.43 —3.29 0.87 —0.00
A 0 0 0.00 0 1.00 —25.00 0 0
0 -0.00 -0.01 —39.72 —3.50 78.91 24.20  0.00
0 0 0 0 0 0 1.00 0
0 —-0.02 0.22 -7.19 —0.61 —25.26 -3.73 0.00
L 0 0 0 0 0 0 0 —1.25 |
2.35 0 —0.12 7
0 0 1.66
0 0 0
0 0 0
B= 0 0 0
0 0 0
0 0 0
| 0 1.25 0 |
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Appendix A. Fault Detection Filter Design Data

1.00
0
0
C = 0
0
0
L0
[0 0
00
0 0
D=0 0
00
0 0
L0 0

1.00

0.07
—0.00

0.09

OO O oo oo

0

0

1.00
—0.76
—0.01
7.10
5.96

0
0

4.87
—39.72
—45.34
—40.56

0 0

0 0

0 0
0.43 -3.29
-3.50 78.91
—4.00 146.48
—3.58  28.58

0

0

0

0.87
24.20
2.83
—6.51

0

0

0
—0.00
—0.00
—0.00
—0.00 |

A~

The filter gain L and the output projection matrices qua, quTb, Hy,..
first fault detection filter are as follows.
19.56 0.12 0.00 0.00 —0.00 -—0.00
—-307.03 523.06 —334.41 -—-6277.18 839  3.99
—0.00 11.97 —-11.36 —156.00 0.20 0.10
I_ 0.00 0.00 —1.96 —0.10 —0.06  0.19
0.00 -0.07 —7.21 —0.00 —1.17 —-0.08
—0.00 —0.00 0.01 —0.01 —-0.02 -0.02
0.00 -—3.51 1.38 46.16 —0.26  0.32
—0.00 —60.65 19.39 784.64 —2.29  0.07
0.93 0.07r —-0.02 0.11 0.16 —0.10 —0.11 T
0.07 0.01 -0.00 0.01 0.00 0.03 —-0.05
—0.02 —-0.00 099 0.04 0.05 —-0.03 —0.04
ﬁua = 0.11 0.01 0.04 016 -0.28 —-0.12 -0.18
0.16 0.00 0.05 —-0.28 0.62 0.23 0.28
—0.10 0.03 —-0.03 —-0.12 023 0.73 -0.35
| —0.11 —-0.05 —-0.04 —0.18 0.28 —-0.35 0.55 |
0 0.00 0 0.00 —0.00 0 0.00 T
0.00 0.01 0 —0.07 0.00 0 —0.09
0 0 1.00 0 0 0 0
f[uTb = 0.00 —0.07 0 1.00  0.00 0 —0.01
—0.00 0.00 0 0.00 1.00 0 0.00
0 0 0 0 0 1.00 0
. 0.00 —0.09 0 —0.01 0.00 0 1.00 |

and fImi for the

0.00 T
—832.46
—18.91
0.03
0.83
0.03
5.26
96.37
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0 0 0 0 0 0
0.08 -0.02 0.13 0.16 —-0.07 —-0.16
-0.02 1.00 0.00 0.00 —-0.00 -0.00
0.13 0.00 0.35 —-0.02 —-0.28 —0.36
0.16 0.00 —-0.02 097 0.01 0.03
-0.07 -0.00 -0.28 0.01 0.86 —-0.19
-0.16 —-0.00 -0.36 0.03 —-0.19 0.74

=
I
‘dm>
I
coocoocoo

The filter gain L and the output projection matrices Hy,_, Hy,_, H

Vo for the second fault

detection filter are as follows.

18.56 0.12 -0.00 0.00  0.00 -0.00 0.00
-307.03 3832 —-0.00 —-0.00 —-0.00 0.00 —66.53
0.01 -0.00 -3.00 -1.00 0.00 0.00 0.00
0.75 0.01 016 —-0.04 004 021 —-0.13
216 -0.00 411 -0.01 -0.61 —-0.00 —0.08
-0.01 -0.00 -0.13 —-0.02 -0.03 —-0.02 0.05
0.54 0.03  0.02 036 —-0.12 0.33 —0.38
0.01 —-95.97 3235 1230.72 -3.58 0.10 151.14

1.00 -0.00 -0.00 0.00 0.00 —0.00 —0.00
-0.00 1.00 -0.00 0.00 0.00 0.00 —-0.00
-0.00 -0.00 0.99 0.00 0.09 —0.00 —-0.02
Hy, = 0.00 0.00 0.00 —-0.00 0.00 —0.00 -0.00

0.00 0.00 0.09 0.00 0.01 -0.00 -0.00
-0.00 0.00 -0.00 —-0.00 —0.00 0.00 0.00
| —0.00 -0.00 -0.02 -0.00 —-0.00 0.00  0.00

1.00 0.00 0.00 -0.04 0.06 —0.00 —-0.06
0.00 0.00 —0.00 0.00 0.00 —0.00 -0.00
0.00 -0.00 1.00 0.00 -0.00 -0.00 0.00
Hy, = | -004 000 0.00 003 018 —0.00 -0.03
0.01 0.00 -0.00 018 094 -0.00 -0.17
-0.00 -0.00 -0.00 —-0.00 —0.00 0.00 0.00
| —0.01 -0.00 0.00 -0.03 -0.17 0.00 0.03

[ 1.00 — 0.000.000.00 — 0.010.03 — 0.04 ]
—0.000 — 0.00 — 0.000.000.000.00
0.00 — 0.000.990.000.05 — 0.05 — 0.02
= | 0.00 — 0.000.000.00 — 0.00 — 0.00 — 0.00
—0.010.000.05 — 0.000.580.470.15
0.030.00 — 0.05 — 0.000.470.390.12
—0.040.00 — 0.02 — 0.000.150.120.04 |

Yoy
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A~ ~

The filter gain L and the output projection matrices Hy, , Hy,_, I:Iyw for the third fault
detection filter are as follows.
i 1.96 0.12 —0.00 0.00 —0.00 —0.00 0.00 T
—-307.03  38.32 —0.00 0.01 —0.00 0.00 —66.53
—0.00 0.00 —-3.01 —1.01 0.00 —0.00 0.00
I_ 0.00 0.07 -1.11 =052 -0.06 0.34 —0.10
0.00 0.38 —0.02 —-3.38 —1.14 0.56 0.01
—-0.00 —-0.00 —-0.24 —0.06 —0.03 —0.04 0.05
0.00 0.03 0.26 0.39 —-0.15 0.36 —0.35
0.00 —94.97 14.68 1234.19 -3.10 1.68 151.15 |
1.00 —-0.00 —-0.00 0.00 —0.00 —0.00  0.00 ]
—0.00 0.00 —-0.00 —-0.03 0.00 —0.01 0.00
—-0.00 —-0.00 1.00 0.00 —0.00 —0.00 0.00
Ayvm = 0.00 —0.03 0.00 0.90 —0.00 0.30 —0.00
—-0.00 0.00 —0.00 —0.00 —0.00 —0.00 —0.00
—-0.00 -0.01 -0.00 0.30 —0.00 0.10 —0.00
0.00 0.00 0.00 —0.00 —0.00 —0.00 —0.00 |
[ 1.00 0.00 0.00 0.00 —0.00 0.00 0.00 ]
0.00 0.03 —-0.00 —0.08 0.02 0.16 —0.00
0.00 —0.00 —0.00 0.00 —0.00 —0.00 —0.00
ﬂyaz = 0.00 —0.08 0.00 099 0.07 0.00 0.00
—-0.00 0.02 -0.00 0.07 0.03 0.16 —0.00
0.00 0.15 —0.00 0.00 0.16 0.95 —0.00
0.00 —0.00 —0.00 0.00 —0.00 —0.00 —0.00 |
1.00 —0.00 0.00 —0.00 —0.00 0.0 0.00 ]
—-0.00 1.00 0.00 —0.00 0.00 0.00 0.00
0.00 0.00 —0.00 —0.00 —0.00 —0.00 —0.00
ﬁwa = | —-0.00 —0.00 —0.00 0.99 -0.00 0.01 0.12
—0.00 0.00 —0.00 —0.00 0 —0.00 —0.00
0.00 0.00 —0.00 0.01 —-0.00 0.00 0.00
0.00 0.00 —-0.00 0.12 —0.00 0.00 0.01 |
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