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Fault Detection using Set-Membership Estimation based on Multiple
Model Systems

S. Ben Chabane, C. Stoica Maniu, E.F. Camacho, T. Alamo, D. Dumur

Abstract— This paper proposes a new Fault Detection algo-
rithm based on Multiple Models approach for linear systems
with bounded perturbations. The consistency of each model
with the measurements is checked at each sample time based on
set-membership state estimation. A Min-Max Model Predictive
Control is developed in order to find the optimal control and
the best model to use for the system in spite of the presence
of component/actuator/sensor faults. An illustrative example is
analyzed in order to show the effectiveness of the proposed
approach.

Index Terms—Fault Detection, Multiple Models, set-
membership state estimation, Min-Max MPC, bounded noises
and perturbations, linear systems, quadratic programming.

I. INTRODUCTION

Fault Tolerant Control (FTC) is a new research area that
can maintain an acceptable level of control even after the
occurrence of faults. A generally accepted definition of a
fault is that it is an intolerable deviation of at least one
characteristic property or parameter of a system from its
acceptable/usual/standard conditions. The determination of
a fault at a certain time is referred to as Fault Detection
(FD). This aims at developing Fault Detection methods. A
pertinent overview and discussion of these methods can be
found in [PFC00] and [BKLSO03].

One of the many different approaches of FD is the Mul-
tiple Models (MM) technique. A Multiple Model technique
consists in the construction of a set of models that contains
local models corresponding to specific fault conditions of
the monitored system [May99], [RLOS8]. The motivation
for using Multiple Model systems for FD stems from the
fact that a large class of fault conditions can be modeled,
contrary to other FD methods that can only applied to limited
types/number of faults conditions.

For linear systems (represented by an evolution matrix
A, a control matrix B and an observation matrix C'), the
MM systems is an attractive technique for FD due to its
flexible structure that allows us intuitive modeling of faults.
In general, in a state-space representation, a component
fault can be modeled by a modification of the A matrix,
an actuator fault can be modeled by a change of the B
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matrix, and a sensor fault can be modeled by an alteration
of the C' matrix. For this reason FD using the MM systems
has attracted significant interest [ZL98], [YHO3], [VST04],
[DGO8].

Fault Detection using Multiple Models in context of
Takagi-Sugeno approach has been explored in several works
[HRMB12], [MKRO7]. The authors of [HVBKO06] propose
a method for estimating both the weights and the state of a
Multiple Model systems with one common state vector. In
this system, the weights are related to the activation of each
individual model. However, perturbations and measurement
noises are assumed to be stochastic with a given covari-
ance representation. The fault diagnosis method presented in
[MTSO05] is based on a generation of residual bank of robust
parity spaces decoupled from the faults; but the residual is
obtained using statistical method which sometimes makes
difficult the parameters tuning.

In the works presented above, the perturbations are as-
sumed having a known distribution. This assumption is in
many cases difficult to validate. Thus, it may be more
realistic to assume that the perturbations and measurement
noises are unknown but bounded. This leads to use set-
membership approaches for the estimation [Sch68], [BR71],
[Che94], [FH82].

In this context, the current paper proposes a new Fault
Detection using set-membership estimation approach based
on Multiple Models technique. These models are constructed
by referring to the original system, such that each model
is adequate to one faulty mode. This method consists first
in checking the consistency between each model with the
available measurements. This consistency checking is based
on a guaranteed ellipsoidal set-membership state estimation
[BSAT14]. Second, the set of compatible models with the
measurements is formed. In a third step, a Min-Max Model
Predictive Control (MPC) [ARdIPOS] is developed for each
compatible model ensuring the desirable performances. A
quadratic criterion is minimized in order to choose:

o The best control to be applied to the original system;

e The best model for the estimation.

The novelty in this paper is the use of set-membership
estimation coupled with Min-Max MPC to estimate the state
of linear systems with unknown but bounded perturbations
and measurement noises despite the presence of component,
actuator and sensor faults.

The remainder of this paper is organized as follows.
Section II formulates the problem of Fault Detection in the
context of linear systems with bounded perturbations and
measurement noises. The ellipsoidal state estimation method



and the Fault Detection approach in the fault-free case are
presented in Section III. Section IV focuses on the FD and
FTC based on a Min-Max MPC problem. Section V proposes
a detailed formulation of the Min-Max MPC problem. An
illustrative example showing the performances of the pro-
posed Fault Detection technique is proposed in Section VI.
Finally, some concluding remarks and perspectives are drawn
in Section VIL

Notations

An  interval [a,b] is defined as the set
{reR:a<xz<b}. A unitary interval is B = [-1,1].
A box ([a1,bi1],...,[an,bs])T is an interval vector. A
unitary box in R™, denoted by B™, is a box composed by
m unitary intervals.

A symmetric matrix M = M T € R™*" is called a positive
definite matrix (resp. negative definite matrix), denoted M >
0 (resp. M < 0), if 2T Mz > 0 (resp. z' Mz < 0) for all
non-zero vectors z with real entries (z € R"\{0,}).

A bounded ellipsoidal set E(P, T, p) is defined as:

EP,T,p)={zeR" : (x—2) Ple—z)<p}, (1)

where P = PT = 0 is the shape matrix of the ellipsoid,
Z € R"= is its center and p € R} is its radius.

A polyhedron P € R™ is defined by a system of finitely
many inequalities Az < b such that:

P={xzeR": Az <b}. (2)

Given a bounded polyhedral set X', denote by Vx the set
of its vertices.
A polytope P € R™ is defined by a finite set X C R™ such
that:
P = conv (X). (3)

A strip is defined as S(y,c,0) = {zr €R" : |cTz —y| <
o}.

Denote by Cj; the set of compatible models with the
measurements.

A matrix O,, ,,, defines a zeros matrix of dimensions nxm.

A matrix |,, defines the identity matrix of dimensions n X
n.
A matrix 1, ,, defines the matrix of dimensions n x m
having all elements equal to 1.

II. PROBLEM FORMULATION

Consider the following discrete-time LTI (Linear Time
Invariant) system:

{ Tp+1 = AG,, x, + BH;, up, + Ewy,

yr = Cli,x + Fuwy @)

with A € R X" B g R"X" ( ¢ RWX" F €
anx(nw-i-ny)’ F ¢ Rnyx(nm—l-ny)’ Gic c anxnz’ Hia c
RMeXmw and I, € R™*™ gz, € R" is the state vector
of the system, uy € R™» is the input vector, and y; € R™
is the measured output vector at sample time k. The vector
wy € R™ ¥ contains the state perturbations and the mea-
surement perturbations (noise, offset, etc.). The perturbations

are assumed to be bounded by unitary boxes wy, € B"= 1"y
for every k£ > 0. Consider that the initial state xp belongs to
the ellipsoid 5(P()7 Zo, po) = { xr €R"™ (33 —.i‘Q)TP()(LL‘—
Zo) < po }.

The matrix G;_, with i, € I, = {0,1,2,...,n.} and n,
denoting the number of the considered component faults, is
a diagonal matrix modeling the ¢.-th component mode. In a
similar way, the matrix H,_, withi, € 1, = {0,1,2,...,n4}
and n, the number of considered actuator faults, is a diagonal
matrix modeling the %,-th actuator mode. The matrix I;_,
with is € I, = {0,1,2,...,ns}, where n; denotes the
number of considered sensor faults, is a diagonal matrix
modeling the is-th sensor mode.

All diagonal entries of G, , H;, and I; belong to [0,1]
where 0 or 1 means that the corresponding components,
actuators and sensors are completely faulty or healthy, re-
spectively. A value in the range (0,1) denotes a partial
degradation of the corresponding components, actuators and
Sensors.

It is assumed that the pairs (AG; ,BH;) and
(AG;,,CI;_) are respectively stabilizable and detectable
under all the considered modes.

Remark 1: The system (4) can be rewritten in the follow-
ing form:

{ Tr4+1 = A(:Lk +flbk) +B(uk +fuk) + Ewy,

where fy,, fu, and fy, are respectively the component fault,
actuator fault and the sensor fault. It is easy to verify this,
by taking fwk = (Gzc - Inw)-rk’ fuk = (Hz - Inu)uk and
fyo = (Lig = 1n,) Tk

Given an ellipsoidal estimation for xzj of the form
E(P, Ty, pr), with P unknown and k& > 0, the objective
of this paper is to provide an ellipsoidal estimation for
Zgy1 of the form E(P, Tp41, pr+1) using the ellipsoidal set-
membership state estimation presented in [BSA™ 14] despite
the presence of possible faults (on components, actuators or
Sensors).

The next section summarizes the ellipsoidal state estima-
tion technique [BSA™14] used for the fault-free case.

IITI. ELLIPSOIDAL STATE ESTIMATION OF THE
FAULT-FREE SYSTEM

This subsection briefly describes the guaranteed ellipsoidal
state estimation [BSAT14] for the system (4) in the fault-
free case (i.e. G;,, H;, and I;_ are identity matrices). In this
case, the system (4) becomes:

(6)

Tp4+1 = Az + Buy + Ewy,
yr = Cxy + Fwy.

The ellipsoidal estimation method is based on the mini-
mization of the ellipsoidal radius at each iteration by solving
a Linear Matrix Inequality (LMI) problem.

Consider an initial state vector z¢ € £(Py, Zo, po) and as-
sume that xy, € £(P, Ty, py) at time k. If there exist a matrix
Y, € R%*™ amatrix S = S| > 0 in R(*a+ny) X (natny+n)
and the scalars ppr1 > 0 and 8 € (0,1) for which the



following LMI holds:

min
B,Yk,S,pr+1 Pl
subject to
BP * *
PA-Y,.C P * | =0,
0 E'P-F'Y' S (7)
pr+1 — Bpr > 0,
B8<1

then the system state z;y; at time k + 1 is guaranteed to
belong to the ellipsoid £ (P, Ty4 1, pri1), Vwp € Bty tns,
with the following notations:

Yo = PlLy, (3
Tpt1 = ATy + Buy + Lk(yk — ka) 9)

The proof of this result is given in [BSAT14]. This method
allows us to estimate the state of the system (4) in the fault-
free case, offering a good trade-off between accuracy and
computation time of the estimation.

Remark 2: At time k = 1, an initialization step is effectu-
ated. Thus, given a scalar 5 € (0,1), the shape matrix P is
found by solving the following LMI problem (obtained from
(7) with P as decision variable):

min
P,Y,S,pk+1 P+l
subject to
6P * *
PA-Y,.C P * [ >0,
0 E'P-F'Yy," S (10)

pr+1 — Bpr >0,

Once the matrix P is fixed, the LMI problem (7) is solved
at each time instant.
The objective is twofold:

o Find the models which are compatible with the set of
the measurements;

o Use this ellipsoidal estimation method to estimate the
state of the system (4) despite the presence of faults.

This idea will be developed in the next subsection.

IV. MULTIPLE MODELS FAULT DETECTION

The idea is to construct a set of p Multiple Models M =
{My,M>,...,M,} such that M represents the fault-free
case, ie. Ay = A B =B, Ci =C, E1 = F and F| =
F. For for ¢+ = 2,...,p, each model M; is dedicated to
one faulty mode. Note that the model M; is defined by the
matrices A;, B;, C;, E; and Fj.

The state of the system (4) is estimated by each model
M; based on the ellipsoidal estimation (7) presented in the
previous section. Considering the presence of faults, the
consistency between the model M; and the measurement
has to be checked at each sample time. Then, the objective
is to find the models which are compatible with the set of
measurements. Once this set is computed, a Min-Max Model
Predictive Control is developed in order to stabilize the state
xy, of the system (4) and to decide which is the best model to

estimate the state of the system for the next step. The details
of the Min-Max MPC problem are given in Section V.

Algorithm 1 provides a general form of the Fault Detec-
tion and Fault Tolerant Control strategy based on checking
consistency between the models and the measurements. The
idea of this algorithm is summarized below:

« Initialization: (step I to step 5)
The state estimation for is initialized by the ellipsoidal
set £(Po, Zo,po) is step 2. The estimation for each
model M; € M, i =1,...,p, is also initialized by the
same ellipsoidal set (£;(Py, Zo, po) = E(Po, To, po))-

o Compatible models set construction: (step 7 to step
18)
At each sample time k, the output measurement yy
in (4) obtained from the sensors is used to build the
parametrized polytope Pepeck(Ci, Yk, Fi). This poly-
tope corresponds to the consistent state set with the
measurements y; and the construction of this polytope
is detailed in Appendix. The consistency between the el-
lipsoidal estimated set &;(P, T4, pi.;) and the polytope
Peheck (Ci, yi, Fy) is verified for each model M; € M.
The ellipsoidal set &; (P, Zx,i, px,;) represents the state
estimation with the model M;.
This consistency test is solved by the following
Quadratic Programming (QP) optimization problem
with linear constraints:

= (x1, — Zx) " Plax — Tp)

min
_ 2r€E(P\Zk,pk)
subject to
Say, < T. (11)
If t* < pg, then the intersection &;(P,ZTk,px) N

Peneck (Ci, yi, F;) is not empty. Else, the intersection
is empty & (P, Tk, pr.) N Peneek (Ciy yr, Fi) = 0.
If the consistency is proved (i.e. non-empty intersec-
tion), the model M; is called compatible with the
measurements and it is added to the set C,; contain-
ing all the compatible models with the measurements.
Otherwise, the model M; is called incompatible with
the measurements.

o Construction of a Min-Max Model Predictive Con-
trol for each compatible model: (step 19 to step 24)

A sequence of control Ug|,j =
T .

[Uk)k,js Ukt1]k s - - > Wkt h—1]k.5]) is  computed

for each model M; € Cpr, with j =1,...,55 (sp i

the size of Cps), by minimizing the following criterion:

Uy, = arg min - max

Ji(Uk\k iy Wik iy Thlk. i
Uk|k,j wi EB"2 Ty ]( Flk.g> Wklk.j k‘k’j)’

(12)
subject to
Tppe €X for I =1,...,h
Uppye €U for I=1,...,h
where h is the prediction horizon, xy, ), represents the
prediction of the state for the sample time k + [ at the

sample time k, uq)x is the control prediction for the
sample time k + [ at the sample time k, wy )3 is the



perturbation prediction for the sample time k + [ at the
sample time k£ and the cost function is defined as:

I (nk,j5 Wkl > Thik,j) =
h—1

_ T T T
= (karl\lc,jkaJer,j + uk:+l\k7jRuk+l\k¢j) .
1=0
(13)

The cost function J; (ug k. j, Wk|k,j» Tk|k,;) i maximized
with respect t0 wyyyr,; € B®xTy (corresponding to
the worst case situation) and minimized with respect to
Uk y1|k,j- The index j refers to the model M; € Cpy.
Generally, the constraints on the state and input vectors
and the choice of the weighting matrices () and R are
due to physical, safety or performance considerations.
Then, the set of controllers U = {uk|k,1, . a“k\k,SM}
suitable for each model M; € Cj; is constructed.
Computing the optimal control and the best model
for the estimation: (step 25)

The objective is to determine the best control “Z\k, ; €
Uy, for the system (4) and the best model M;-‘ €
Cps to use for the estimation. For this, the following
optimization problem is solved:

* * .
u M7, ) =arg min max J(u w T
(wy e Miyk) g, min,  max (Wk k> W|k» Th|k )
(14)
with the cost function J(upp, Wik, Tek) =
h—1

T T T
l;) (karlleka\k + uk+l|kRuk+l|k>‘
Based on the receding horizon strategy, the control uz‘ &
that will be applied to the system (4) is given by the first
n,, components of the control sequence uZ|k as follows:
15)

* . *
Uk = ['nu Onu,((NprEd—l)nu)} Uy

Computing the estimation for each model: (step 26
to step 32)

It consists in computing the ellipsoidal estimated sets
Ei(P,ZTp+1,is pt1,;) for each model M; € M, for
1 = 1,...,p. If the model M, was compatible with
the measurement yy, (i.e. M; € Cyy), then the ellipsoidal
estimation set & (P, Zy41,i, Pr+1,:) is computed accord-
ing to (7) using the model M, the control uzlk and the
measurement yi. Otherwise, the ellipsoidal estimation
set & (P, Tx+1.i, Pr+1,i) 18 computed according to (7)
using the best model M, the control u’;;‘ . and the
measurement .

Obtained estimation: (step 33)

Finally, the ellipsoidal estimation set (P, Zx+1, Pk+1)
is based on the best model M}, the optimal control u;‘ &
and yy.

Algorithm 1. Fault Detection

DAl

1.

k + 0;
E(Po,To, po)  {z € R™ : (x—T9) " Po(z—T0) < po};
fori=1:p
Ei(Po, %o, po) = E(Po, To, po)s
end for

6. fork=0:N—-1

7. CM = @;

8. Collect yy;

9. fori=1:p

10. Use the output measurements ¥y to construct

the polytope Pepeck (Ci, Yk, Fi);

11. if & (P, Zr, pr) N Peheck(Ci, yi, F3) =0
12. The model M; is not compatible with the set
of measurements;
13. CM = CM;
14. else
15. The model M; is compatible with the set
of measurements;
16. CM = {CM,Mi};
17. end if
18. end for
19. Sp — SiZC(CA{)
20. U, =10
21. fOl'j =1: SM
22. Compute uy; ; by solving the criterion (12);
23. Up = {Us, g)ij 15
24. end for
25. Compute uzlk and M} using (14) and (15);
26. fori=1:p
27. if M; € Cyp
28. Compute the ellipsoidal estimation set
Ei(P,Zg+y1, pr+1) according to (7) using the
model M; (M; is defined by the matrices A;,
B;, C;, E; and F;) and the control “Zuc;
29. else
30. Compute the ellipsoidal estimation set
Ei(P,Zgy1, pr+1) according to (7) using
M;; and UZ\ s
31. end if
32. end for
33. Compute the ellipsoidal estimation set
E(P,Tx11,pr+1) according to (7) using
the model M;
34. end for.

V. MIN-MAX MODEL PREDICTIVE CONTROL

This section details the development of Min-Max Model
Predictive Control applied to each model M; belonging
to the compatible set Cp;. The control signal is found by
minimizing a worst case (with respect to the perturbations
wy;) of a quadratic criterion (12). The Min-Max optimization
problem (12) is reformulated as a quadratic programming
(QP) problem. The controller is, then, computed using the
ellipsoidal state estimation at the previous sample time by
solving a simple QP problem.

Starting from the quadratic cost function:

h—1
T T T
T (kg wh Te ) = D (w410, Qp41; + upyy  Ritng)
=0

(16)



the following state equations' are computed for each com-
patible model M; € Cp:

Th1j = AjTej + Bjukj + Ejwej,
T o= Alg 4+ AT 'Bay, .+ A2Ba i+
k+lj  — jtk.g j JjYk,g ) { JYk+1,5
+. .l. -2|- Bjug4i—1,5 + Aj Fjwp, ;+
+Aj_ Fjwk_,_m + ...+ Fjwk_,_l_l,j,
h—1 h—2
Thihg = Alwyy+ A7 Bjugj + A) T Bjugg
h—1
+. : -12- Bjugin—1,; + A} Fjwg,j+
+Aj Fjwk+1’j +...+Fjwk+h,1’j,
with h the prediction horizon and j = 1, ..., sp;. Denote by
_ T _
Wik = [Ukikj> Ukt1lkyjs -+ s Weth—1lky] and Wy =
[Whk,j» Whkt1|kgs - - - 7wk+h_1|k_j]T the sequences of control

signals and perturbations, respectively. Then, the state equa-
tion predicted for time &£+ at time £k of the model M; € Cy,
can be rewritten as:
1
Tyl = AjTkikj + A Bk s + Ajwre;  (17)

where the A; ; matrix is defined as:

Ay =[ATT A2 A9 7]
h—j times

Replacing (17) in (16) and after some manipulations, the
optimization problem (12) becomes:

Uy ; = arg min max

kg Whik,j)
Ukl EUE wy 5 €BM X (et y) Voo %kl

(18)
Wl;efe f(uklk,j7wk\k,_jl'_) = a1 + a2 w_kr|k,j + o3 g +
Wk, 04 Whik,j T Wy j 05 Wkjk,j + gy 5 06 Ugpkj With

& T
a1 = xk|k,j l;) A/j Qijk\k,j
T ol 1T =
oy = 2xk|k)j l;)AjQAl’jF
T = T 5
ag = 2xk|k7j l;JAjQAMB )
= FT Y ATQAF
Qg = 1,5 l,j
__h—1 _
as = 2FT Y AlLQA ;B
1=0
__h-1 _ _
Qg = FT E AlTjQAl,jF‘FR
1=0

with B = diag(B,...,B), F = diag(F,...,F) and R =
———— ———

h times h times

diag(R, ..., R).
———

h times

"Here the index k + I|k is omitted and replaced by k + [ in order to
simplify the notations.

The function f(agx,;, Wk|k,;) is quadratic with respect to
Uy, ; and wy; ;. In [ARdIPOS], it is shown that the Min-
Max MPC problem (18) is equivalent to:

U ; = arg min max

f(uk k,j>PEk|k, )
Uk, EUR @k|k,5 EVghx (ng+ny) Ik.g k.3

(20)
The problem (20) becomes a QP problem as follows:

uj ; = arg min f(uk|k,j)7 21

Uk, j EUE
such that f(uk.‘k’j) is quadratic with respect to uy; ;. In
general the constraints z; € X and u; € U are given in the
following form: zmin < xr < Tmin and Umin < Up < Umin-
Finally, the problem (12) to solve is a QP problem:

min f(“kw,j)

Ug|k,j
subject to
AB by
— A, B by
Il uk|k,j < Umax ) (22)
-1 —Umin

for I =1,....h with by = Zpax — Alzy — A jFwy, and
by = —Zmin + Ay + Al jFwijp, Ywor € Vghxotny)
andZ; = [ Oi—1m, lin, On—im,

Remark 3: The state xy;, is chosen equal to the nominal
state which is in this case the center of the ellipsoidal state
estimation set Tj.

In the next section, an illustrative example showing the
effectiveness of the Algorithm 1 is presented.

VI. ILLUSTRATIVE EXAMPLE

Consider the following LTI discrete-time system:

0.7 0.3 0.3
i1 = [ 0.6 0.7 ]x’“ + [ 0.2 ]“’“*
L [005 0 0 0

0 002 0 0|
-2 1 0 0 001 O
yk:{ 1 1}“*[0 0 0 001 ]“”“

(23)

with ||wg|leoc < 1. The value of wy is randomly generated.

The initial state belongs to the ellipsoid £(I2,[0 0]T,1). In

this example, 4 models are considered. M; corresponds to

the fault-free system, i.e. Ay = A, Bi=B,C,=C, E; =

E and F} = F. M5 models the system with a component

04 0.8
fault: As = 01 02 J, By, =B,Cy=C, B, = F and
F, = F. Ms corresponds to an actuator fault, with As =
AsB2: 00.115 ,C3:C,E3:EandF3:F.M4
corresponds to the system having a partial fault in the second
-2 1
sensor. Ay = A, By =B, Cy = 05 05 | FEy=F and
F, = F. The length simulation N = 100. The prediction
horizon h = 10, the weighting matrices ) = 100 100

and R = 5. The following constraints are considered on



:1 ], Tmax = [ 1 }, and on the input

Umin = —0.8 and upmax = 0.8.
The simulated faults are described in Table 1.

the state Ty, = {

TABLE I
SIMULATED FAULT SCENARIO

Fault description
50% fault in actuator
50% fault in sensor

Time interval (samples)
10 - 20
50 — 60

Figures 1, 2 illustrate the bounds of x; and xzo after
100 iterations. The solid blue lines represent the bounds
obtained by Algorithm 1. The red stars represent the real
state of the system (situated inside the estimated bounds).
The state estimation is guaranteed despite the presence of
the considered faults, however the bounds of the estimation
set are larger when faults occur (compared to a fault-free
time intervals).

1 T T T T T T T T

Algorithem 1
0.8 4 Real state []

Bounds of ¥

B L 1 I 1 I I
i] 10 0 a0 40 al 60 70 6o a0 100

Sample time k

Fig. 1. Bounds of z

1 T T T T T T T T

Algorithem 1

08 * Real state ||

Bounds of b

1 I I
0 10 il a0 40 al 60 70 6o a0 100
Sample time k

- L L L

Fig. 2. Bounds of z2

Figure 3 represents the control ug. The constraint wup;, <
up < Umax 18 satisfied.
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Fig. 3. Evolution of the control u

Figures 4, 5, 6, 7 represent the fault signal obtained by
models M, My, Ms and M. When the fault signal is equal
to 0 (respectively 1), the model M; is compatible (respec-
tively incompatible) with the measurements. Effectively, the
model M; corresponding to the fault-free case system is
compatible with the measurement when there is no fault.
Even if for the considered actuator fault (between 10 — 20
samples), the models M5, M3 and M, are compatible with
the measurements, the optimal model chosen by the Min-
Max MPC is Ms. In a similar way, the model My is the
optimal model for the considered sensor fault. This confirms
the performance of Algorithm 1.
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Fig. 4. Fault signal for model My

VII. CONCLUSION

A new Fault Detection algorithm based on Multiple
Models for linear systems with bounded perturbations and
measurement noises has been proposed. The proposed algo-
rithm allows to estimate the state of the system despite the
presence of faults. A Min-Max MPC based on the ellipsoidal
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Fig. 6. Fault signal for model M3

state estimation has been used. An example illustrates the
effectiveness of the proposed method.

An interesting perspective is to extend this to the case of
systems with interval uncertainties.

APPENDIX

This part details the construction of the polytope
Peneck (Ci, yx, Fi), obtained from the intersection of all the
n, measurement strips. Each strip is defined by these two
inequalities:

{ Cij <yrj+IFijlh 24)

—Cij < —yrj + |Fijlh

such that i represents the i model and j represents the j"
line of C;, F; and y.

Then, the polytope Pepeck(Ci, yx, F;) is defined by the
following constraints:

Peheck(Ci, yi, Fi) = {x € R" : Sxy, < T},

15 T T T T T T T T T
Fault detection Signal
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Fig. 7. Fault signal for model My

with the matrices S = {_Céi] T = {_y’;k":_FI;l] and F; =
1Fi .l

: . Note that F;; designs the j line of the F;
1Esm, |11

matrix for the model M;.
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