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Extended Multiple Model Adaptive Estimation for the Detection of
Sensor and Actuator Faults

D. Rupp, G. Ducard, E. Shafai, and H.P. Geering, Fellow, IEEE

A combination of the multiple model adaptive estimation
method (MMAE) with an extended Kalman filter (EKF) is
considered. The ability of the MMAE method to detect faults
based on a predefined hypothesis and the parameter-estimating
ability of an EKF results in a very efficient fault detection
approach. This so-called extended multiple model adaptive
estimation method (EMMAE) has been investigated on a
nonlinear model of an aircraft. The results show that it is a
very capable method to detect faults of various types.

I. INTRODUCTION

he multiple model adaptive estimation (MMAE)
method [1] is based on a bank of parallel Kalman filters
(KF), each tuned to describe a particular fault status of the
system. The output of each KF is then weighted by its
corresponding probability based on the measurement
history.

The MMAE method is a good choice for the detection of
actuator as well as sensor faults, as long as the expected
faults can be hypothesized by a reasonable number of
Kalman filters. However, the number of addressable faults is
rather restricted, and this method reaches its limits as soon
as the actual occurring fault does not closely match the
predefined fault hypothesis. This may occur when an
actuator is stuck at an unknown position (here called “lock-
in-place” fault) that affects the dynamics of the system. We
know from KF theory that we have to consider all
systematic errors, however, since lock-in-place faults cannot
be predicted, they may have detrimental effects on the filter
performance. Due to the biased residual, the KF provides a
wrong estimation of the state variables, which causes severe
problems with the probability calculation. Therefore, neither
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the fault detection nor the fault isolation works properly.

In order to make MMAE applicable for lock-in-place
faults and even for the more general class of varying faults,
the MMAE algorithm is combined with extended Kalman
filters (EKF), which are able to estimate some (unknown)
fault parameters. The resulting method is called in this
context “extended multiple model adaptive estimation”
(EMMAE).

This paper describes in detail the EMMAE method and
shows results of simulation with a nonlinear aircraft model.

II. ACTUATOR/SENSOR FAULT DETECTION SYSTEM
I0)

Plant

Fig. 1. Control system with actuator and sensor faults.

Consider the control system with actuator and sensor
faults shown in Fig. 1.

A. Actuator Faults

As shown in [2] the actuator faults are represented by
u, () = u(t)+ 0, (u(t)~u(n)) (M
where u(t) is the desired plant input,
— — — — T
u(t) = [ (O, u20)s i ()] @)

is the vector of the (unknown) inputs in case of actuator
faults, and

o, =diag{aA1,O'A2,...,O'Am} 3)
with

1 ifthe j" actuator fails
o, = { ! )

0 otherwise
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B. Sensor Faults

The sensor faults are represented by
YO =y O+ o, (O -y (1) ()
where w (¢) is the actual plant output,
— — — — T
YO =[ 10, 3,07, 6

is the vector of the (unknown) outputs in case of sensor
faults, and

o :diag{O'SI,aSz,...,GSp} 7
with
1 if the jth sensor fails
o5 = . (®)
0 otherwise
C. Structure of the EMMAE Method
r
—
Controller . Plant y >
y
X, p,u
P » EMMAE [«

Fig. 2: Scheme of a control system with EMMAE fault detection.

Fig. 2 shows a control system with EMMAE fault
detection. The EMMAE block provides the controller with a
probability weighted estimation of the state vector x, the
probabilities p of the predefined fault scenarios and an
estimation of the corresponding fault parameters (# in case
of actuator faults and y in case of sensor faults).
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Fig. 3. Scheme of the EMMAE method. EKF are designed for the
estimation of state variables and bias estimation.

Fig. 3 shows a block diagram of the EMMAE method.
The bank of K EKF blocks is used to estimate the unknown
actuator position u, or the unknown sensor bias Y,
(assuming that j is not known a priori). With the
introduction of the EKF blocks, the EMMAE method can be
used for all actuator and sensor faults which can be
described by the combination of a hard fault (i.e. actuator j
cannot be controlled anymore: o, =1 or sensor j fails:
oy =1) as well as a (slowly) varying parameter (i.e.
uncontrolled movement of actuator j: u,(¢) or meaningless
output of sensor j: y,(¢) ).

D. Hypothesis Testing

Given a dynamic system with K possible patterns of faults
which may occur during operation, let & denote the vector
of the (uncertain) parameters characterizing the fault status
of sensors and actuators of the system. Assume that all K
possible conditions can be described by discrete values 6,
of 8 (for k =1, 2, ..., K). Assume further that a bank of K
separate (extended) Kalman filters is given (see Fig. 3), each
filter representing a hypothesis for a possible fault pattern of
the system. We define the conditional probability p,(t,)
that @ assumes the value 6, conditioned on the fact that the
observed measurement history Y(t;) assumes the values of
Y; at time t; [3].
fy(r, )\0,Y(;,,1)(yi |9k Y )P ()
Dy (t[) =%

Zlfw,)\aw,,. ) 7 |‘9/' 0P ()
=

©

Equation (9) is a recursive representation of Bayes’ rule and
thus can be used in an “online” algorithm. The conditional
density of the measurement y; at the time ¢,
Sitora O |9k, Y ), can be computed with the
information provided by its corresponding Kalman filter

1
/Iy, 9.Y(t. yi 9k9Y[—1 = m 1 X
)]0, (H)( | ) (27r)Adet(Qk(ti))A

(10)
exp (—% re )0 (&) (¢, )j

where m is the dimension of the measurement vector,
r(t) =y, ()= H,(0)%,, (1|t —1) is the residual with Hy being
the measurement matrix, and O, (#,) the residual covariance
matrix of the k™ filter at the time 7.

III. FAULT PARAMETER ESTIMATION

A. Derivation of the System Matrices for the EKF
Consider the nonlinear discrete-time system:

x(t+1) = f(x(@),u(®),0(0)) + G, (O)()
x(0)=¢
Y(0) = h(x(@),u(?), () + (1)

)
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where v(¢) and r(¢#) are the system and measurement
noises, with the covariance matrices

E{vOIV@] | = R, ()5,

with R (£,6) = R/ (0)>0 fort,r >0
E{[r@O)r()] } = R.(0)3,

with R, (£,6) = R’ (8) >0 fort,z >0
E{v@][r(@)]'} = R, (0)8,

(12)

In order to use a Kalman filter to predict the state
variables of the system and also to estimate its parameters,
we augment the state vector by the unknown parameters to

be estimated [4]:
{x}
Z =
0

The augmented state vector leads to the following
nonlinear state space equations

2(t+1) = £.(2(0),u(0) + G, ()v(0)

(13)

(14)
Y(8) = h(z(2),u(?)) +r(t)
with
| fz(@),u@)
Sf(z(0),u()) = {e(t) } (15)
and
G.(1)= G, 16
(1) = 0 (16)

which implies that the system noise is not acting on the
parameters.

In order to apply the Kalman filter equations to the
nonlinear system (14) to (16), the system has to be linearized
continuously around its current working point. Since the
current working point is not known for the actual time t;, we
use the prediction that is based on the data of the preceding
time step t;.;. Hence the linear system matrices at time t are

F.(0) =§fz (=(0).u()

z()=2(t]t-1)

) R (17)
{F(em,&a),u(m M(G(t),fc(t),u(t))}

0 1

where

(18)

2()=2(t]t-1)

F(O(0), 3(0),u(t) = a—i[f(X(t),u(t)ﬂ(t))]

and

(19)

2()=2(t]t-1)

M (O(2), %(t), u(0)) = %[f (x(0), u(1),0(1))]

The lower-right unity matrix of (17) implies that
O(t+1)=6(¢) . The linearized measurement matrix reads

=[C,(1) Cp(9]1(20)

H.(6) =L h(0).u(0)
0z 2()=2(tt-1)

where
0
C, () =a—h(2(t),u(t)) (21)
X 2(N=3(tf¢-1)
and
0
Cp(t) = Eh(Z(t),u(t)) (22)
2(0)=2(tf¢-1)
B. The Plant

We assume that the linearized healthy plant (without
faults) can be described by the discrete-time system
x(t+1) = Fx(t)+ Gu(t)+ G ()
x(0)=¢
y(1) = Hx (1) +r(1)

(23)

This plant, together with the fault structure shown in
Fig.1, can be described by the “fault” parameters o, and u
from (1) for the actuator faults, and o, and y from (5) for
the sensor faults as follows

x(t+1) = f(x(@),u(®), 0, (1), u(®) +G,v(t)

— (24)
V(1) = h(x(2),05(2), ¥ (1)) +1(7)

C. Actuator Faults

If we only look at actuator faults, we omit the sensor
parameters o, and y; hence with the linearized system
from (23) the term f'(x(¢),u(t),o ,(t),u(¢)) from (24) can be
written as

S Gx@,u(0),0,0),u(t)) = Fx(t)+G,[1, -0 (t)]u(t)

+G,o,0)u(t) ()

For the derivation of an EKF for a fault hypothesis of the
i"™ actuator, we define o, =1 and 0, =0u,=0, j#i.In
order to apply an EKF, the state vector is augmented by the
i" bias parameter according to Section A.

(26)

The augmented state vector leads to the following state
space equations
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z(t+1) = f.(z(0),u(t)) + G, (O)v(t)

27
y(t) = h(z(1),u(t)) +r(1)
with
f 0 u(0) = {f (Z(”’”(’))} (28)
u, (1)
and
_ [G}
G()= (29)
0
The linearization of the dynamic matrix yields
0
F.(t) :a—fz(z(t),u(f))
Z 2(t)=5(1)t-1)
(30)

_|F M (u(0).3(0),u(0)
0 1

where

M (it (1), 3(2),u(t)) =ai[f(2(t),u(t))]

U;

2()=(t]t-1) (31)
=GY

with G\ representing the i®

matrix becomes

column of G,. The input

(O:i)G
_{ O } )

with ®G, representing the matrix G, with the i™ column
set to zero. The linearization of the measurement matrix is

G.(1)= %fz (=(0)u(t))

2()=2(t]t-1)

H.(1)= a—azh(Z(t),u(t)) =[C. () Cp(](33)

z(t)=2(tf-1)

where

=H
2()=2(1ft-1)

C.= %h(Z(t),u(t)) (34)

and

=0 (35

C, () =%h(z(t),u(t))
i 2(H)=E(tt-1)

Using (30) to (36) the linearized system can be written as

D. Sensor Faults

In case of sensor faults we omit the actuator parameters
o,(t) and u(¢) . The output equation is

h(x(),05(2), (1)) =

37
1, -0y | + oy 05 ) O

and hence the output may be written as
Y0 =[1, -0, | H(0) + o, (0F () +r(1)  (38)

For the derivation of an EKF for a fault hypothesis of the
i" sensor we define oy, =1 and 05;=0,y,=0, j#i.In
order to apply an EKF, the state vector is again augmented

by the i bias parameter according to Section A.

atl

The augmented state vector leads to the following state
space equations

2(t+1) = £.(2(0),u(0) + G, ()v(0)

(39

(40)
() = h(z(t),u(t)) +r(t)
with
£ ((0.u(0) =[f(z(”’”(’))} (@1
y:()
and
G.(t)= “, 42
()= 0 (42)

The linearization of the dynamic matrix thus yields

E@=§LM&W»

z(1)=2(tft-1)

. (43)
Fo My (0),x(0),u(?))
0 1
where
2 0
M (3;(0),2(0),u(0)) = —[ f (z(t),u(1))]
@i 2()=2(t]t-1) (44)
=0

The input matrix becomes
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G.(1) =%fz (2(0).u(0))

GLI
= (45)
2()=(t]t-1) 0

The linearization of the measurement matrix is

H. (1) :a_azh(z(”’”(”)

2(t)=2(tlt-1) (46)
[C.(1) Cp(0)]

where

Co0) =L hz(e.u(0) Y
ox (=211
and
Colt) == h(=(e)u(0) -

P 2(0)=2(tf¢-1) (48)

O ..o 1 o0 .. o

i"entry

with COq representing the matrix A in which the i" row
is set to zero. Using (43) to (48) the linearized system can be
written as

B S SRR 0
()=

[“PH} [0 .. 0 1

i entry

IV. SIMULATION RESULTS

The fault detection with the EMMAE method was tested
on a nonlinear aircraft model of tenth order. Simulations
were performed in Matlab/Simulink on an open-loop control
architecture, where an input sinusoidal signal excited the
process. For test purposes two (redundant) ailerons were
“equipped” with an EKF. Fig. 4 depicts the first simulation
in which two ailerons are excited by a sine signal. After 4.5
s the second aileron gets stuck at an offset position. Fig. 4.b
clearly shows that the roll rate is still estimated correctly
despite the fault. Fig. 4.c shows the estimation of the aileron
bias. Up to the aileron fault the estimation follows the actual
aileron movement.

Aileron 1

0.4 . Aileron 2
‘g 0.2 ’ MMMM”M‘ ‘ W"WM""
@ 0 p "y P P B
o -0.2| it o -
< .04 w .
— 0 5 10 15
@
° Measured
£ 0.4 ' Estimated
° 0.2+ g
e 0 4
= -0.2 e h
S y
x -04 ! !
_ 0 5 10 15
® 04 ; Actual
=02 L e, Estimated| |
.g 0 W %‘“'N
o [ "‘%M 7
s -0.2 + e B
§ -0.4 L L
=z 0 5 10 15

Time [s]

Fig. 4. (a) aileron input signal and roll rate, (b) measured and
estimated roll rate, (c) estimated aileron bias. Lock-in-place fault
of aileron 2 at 4.5 s.

Fig. 5 shows the probabilities (compare (9)) of the no-
fault hypothesis as well as the fault hypothesis of the two
ailerons. The fault is detected and isolated after about 1.5 s.

1

0.5F

No Failure
cscsccsce
L

Aileron 1 Failed
o
(4,1
T
secscssse
1

Aileron 2 Failed
o
o
seccsssse
L

0 - |
0 5 10 15
Time [s]

Fig. 5. Probability that either no fault or a fault of ailerons 1 or 2
has occurred.

In the second simulation shown in Fig. 6 the second
aileron fails after 5 s, but then still moves in the manner of a
square signal. Fig. 6b and Fig. 6¢ show that the roll rate as
well as the fault signal is estimated quite well. Fig. 7 shows
that the fault is detected immediately, however, during the
first 5 s after the fault there is an ambiguity with the fault
hypothesis of the first aileron.
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Fig. 6. (a) Aileron input signal and roll rate, (b) measured and
estimated roll rate, (c) estimated ailreon bias. Varying lock-in-
place fault of aileron 2 starting at 5 s.
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Fig. 7. Probability that either no fault or a fault of ailerons 1 or 2
has occurred.

V. CONCLUSION

The MMAE method has been combined with a parameter-

estimating EKF in order to extend the class of detectable
faults. Every fault is described by two parameters, one
having binary characteristic, estimated by the MMAE part of
the EMMAE algorithm and the other one being a (time-
varying) real value estimated by the EKF part of the
EMMAE algorithm.
Simulations show the ability of the EMMAE method to
detect faults that can be described by these two parameters.
The proposed EMMAE method will be further tested in a
closed-loop control architecture, and robustness properties
of the FDI algorithm will also be investigated.

APPENDIX

A. Model

For the simulations a six-degree-of-freedom body-motion
model was used. In order to compute change of the attitude

of the aircraft in time, quaternions have been used. The state
space is described by ten state variables:

[ X, (1) 1 [ p@®) ] roll rate [rad/s]
X, (1) q(t) | nick rate [rad/s]
x,(?) r(¢) | yaw rate [rad/s]
x,(1) q,(t) | Euler parameter [—]
x, 0 |, a0 "

S Y i Y

X, (1) q,(t) "
X, (?) u(t) | longitudinal velocity [m/s]
X, (t) v(t) | lateral velocity [m/s]

| X, (&) | [ w(?) | normal velocity [m/s]

The inputs with two redundant ailerons are given as

u,(t) & (t) | aileron 1 angle [rad]
o u,(t) | .| &,(2) | aileron 2 angle [rad]
u(t) = =
u,(t) n(t) | elevator angle [rad]
u,(t) £ (t) | rudder angle [rad]
and the outputs
_)’1 (1) | _p(t)_ roll rate [rad/s]
»,(1) q(t) | nick rate [rad/s]
( @ | | 7@ | yaw rate [rad/s]
t)= =
Y () u(t) | longitudinal velocity [m/s]
() v(t) | lateral velocity [m/s]
| v.(©)] | w()] normal velocity [m/s]
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