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SUMMARY

In this paper, the problem of continuous and discrete state estimation for a class of linear switched systems
with additive faults is studied. The class of systems under study can contain non-minimum phase zeroes
in some of their ‘operating modes’. The conditions for exact reconstruction of the discrete state are given
using structural properties of the switched system. The state space is decomposed into the strongly observ-
able part, the non-strongly observable part, and the unobservable part, to analyze the effect of the unknown
inputs. State observers based on high-order sliding mode to exactly estimate the strongly observable part
and Luenberger-like observers to estimate the remaining parts are proposed. For the case when the exact
estimation of the state cannot be achieved, the ultimate bounds on the estimation errors are provided. The
proposed strategy includes a high-order sliding-mode-based fault detection and a fault identification scheme
via the solution of a Volterra integral equation. The feasibility of the proposed method is illustrated by
simulations. Copyright © 2013 John Wiley & Sons, Ltd.
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1. INTRODUCTION

1.1. Nomenclature
The following nomenclature is used in the paper.

FD = fault detection (FD indicates that something is wrong in the system)

FI = fault isolation (F1 determines the location and the fault type)

FId = fault identification (FId determines the magnitude and shape of the fault)
FDI = fault detection and isolation

FDId = fault detection and identification

FTC = fault tolerant control

HOSM = high-order sliding mode
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HS = hybrid systems

LSS = linear switched systems
NSS = nonlinear switched systems
NMP = non-minimum phase

SMC = sliding-mode control

SS = switched systems

VIE = Volterra integral equation

1.2. Antecedents and motivation

The HS, whose behavior can be represented by the interaction of continuous and discrete dynamics,
have been widely studied during the last decades. This kind of systems can be used to describe a
wide range of physical and engineering systems. Much attention has been focused on the problems
of stability and stabilization (see, e.g., [2-4]). An important class of HS is composed of SS whose
dynamics consists of a finite number of subsystems and a logical rule that drives the switchings
between these subsystems.

Observation of SS (i.e., the estimation of the continuous and discrete states) is also of great interest
in many control areas. This problem has been studied by many authors using different approaches.
The main difference is related to the knowledge of the active discrete state: Some approaches con-
sider only continuous state uncertainty with known discrete state, while others assume that both
of them are unknown. In [5] and [6], a Luenberger observer approach and an HOSM observer for
LSS are proposed for the known discrete state case. In [7], the problem of the simultaneous state and
input estimation for SS subject to input disturbances is addressed by an algorithm based on the mov-
ing horizon estimation method. For unknown discrete state, based on strong detectability and using
an LMI approach, in [8], two state observers are designed for some classes of LSS with unknown
inputs. To Markovian jump singular systems, another class of SS, in [9], an integral sliding-mode
observer is designed to estimate the system states, and an SMC scheme is synthesized for the reach-
ing motion based on the state estimates. Considering that the output and an initial state are available,
in [10], necessary and sufficient conditions for SS to be invertible are proposed, that is, condition
for recovering the switching signal and the input uniquely. In the same context, a nonlinear finite
time observer to estimate the capacitor voltage for multicellular converters, which have a switched
behavior, is proposed by Defoort ez al. [11]. In [12], a hybrid adaptable observer is proposed that is
able to estimate the state for locally Lipschitz systems with application on mechanical oscillators.
In [13], based on the non-homogeneous HOSM approach, a robust observer for the unknown and
exogenous switching signal is proposed to solve the problem of continuous and discrete state estima-
tion for a class of NSS. A nonlinear observer synthesis based on second-order SMC for autonomous
SS with jumps is proposed in [14]. In [15] and [16], observability conditions for some classes of SS
and a design of hybrid observers to reconstruct both continuous and discrete states are presented.
Considering that the continuous state is known, an algorithm for the discrete state reconstruction
in uncertain NSS is presented in [17] based on the SMC theory. Sliding-mode observers producing
suitable residual signals for the problem of simultaneous discrete and continuous state reconstruc-
tion in LSS are proposed in [18]. A robust observer is proposed in [19] that is able to estimate the
continuous and discrete states and unknown inputs for autonomous NSS based on HOSM observers.

The issue of model-based FDI in dynamic systems has been an active research area during the last
three decades (see, e.g., [20] and [21]). A typical FD process includes residual generation and evalu-
ation. A huge number of publications about FDI problem exist (see, e.g., [22-24] and the references
therein). Residual generation schemes, where the output error between the system and the observer
is analyzed to form the residuals, have been extensively studied (see, e.g., [25,26] and [27]). In the
last decades, observer-based FDI schemes that incorporate different control approaches have been
developed [28]. In the SMC theory, the most recent contributions have been presented in [29-32]
and [33]. Most of these works formulate actuator or sensor FId as additional unknown input and
exploit the inherent robustness properties of SMC to a certain class of uncertainties, including its
ability to directly handle actuator faults.
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An FDI methodology that uses structured parity residuals for SS is proposed in [34]. For the
feasibility of the proposed methodology, the authors propose the definition of discernability that is
similar to the concept of observability in LTI systems. In [35] based on a hybrid automata model
that parameterizes abrupt and incipient faults, an approach for a diagnoser design is presented. The
diagnostic system architecture that integrates the modeling, prediction, and diagnosis components
is described. A methodology for detection and isolation of faults to control SS using a diagnoser
is presented in [36]. The notion and conditions of diagnosability of SS in the hybrid input output
automata framework is addressed, based on the previous diagnosability notion. The work [37] devel-
oped techniques for fault diagnosis in SS based on a knowledge-based and bond graphs approach. In
[38], a robust hybrid observer is proposed for a class of uncertain nonlinear SS with unknown mode
transition functions, model uncertainties, and unknown disturbances. The transition detectability
and mode identifiability conditions are studied. Based on a hybrid observer, a robust fault diagno-
sis scheme is presented for faults modeled as discrete modes with unknown transition functions. In
[39], a model-based FDI using multiple hypothesis testing is proposed for stochastic linear SS. A
residual generation filter is proposed that generates a residual vector with zero mean and a known
covariance when the stochastic linear SS match the system dynamics. For a class of nonlinear SS
with faults and parametric uncertainties, in [40], an observer is designed whose estimation error is
not affected by faults, and an observer-based fault tolerant tracking controller is proposed to make
the outputs asymptotically track the reference signals for bounded states. In [41], the FD and recon-
struction is formulated as an unknown input problem, and an algorithm for the invertibility of NSS
is proposed. A robust hybrid observer for LSS with known active mode, unknown inputs, and mod-
eling error is presented in [42]. The proposed observer is synthesized for the task of robust FD as
a Hy, model-matching problem. Recently, in [43], a residual generator-based robust FD filter is
used for the problem of designing an FD system for SS with unknown inputs and known switching
signal. The residual generator design is formulated as an optimization problem and solved itera-
tively by LMI. In [44], algorithms for robust estimation and FDI for a class of stochastic SS are
presented. The robust hybrid estimation algorithm is designed for two kinds of discrete state transi-
tion models: the Markov-jump transition model whose discrete transition probabilities are constant
and the state-dependent transition model whose discrete state transitions are determined by some
guard conditions.

1.3. Main contributions

In most of the aforementioned schemes, faults are modeled as a discrete state, that is, as SS as the
result of the interaction between a system and possible faults (system + faults = SS) and not as SS
interacting with faults (SS 4 faults) that is more complicated.

In this paper, a solution of the problem of state estimation for LSS subject to additive faults and
possibly unstable invariant zeroes (NMP systems with respect to unknown inputs or additive faults)"
is presented. State observers based on HOSM to exactly estimate the strongly observable part and
Luenberger-like observers to estimate the remaining parts are proposed. The exact estimation of
the continuous state allows to realize a finite time and exact estimation of the discrete state in the
presence of additive faults. Moreover, the proposed strategy includes a HOSM-based FD composed
by a residual generator helped by a bank of observers and an FId scheme via the numerical solution
of a VIE.

1.4. Structure of the paper

The paper has the following structure. Section 2 deals with the problem statement, and some pre-
liminaries are recalled. In Section 3, the system transformation is proposed. The observer design is
presented in Section 4. The problem of discrete state estimation is analyzed in Section 5. The FDId
problem is carried out in Section 6. The simulation results are shown in Section 7. Finally, some
concluding remarks are given in Section 8.

'See, for example, [45] for the observation problem for a class of NMP causal nonlinear systems.
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2. PROBLEM STATEMENT

Consider the following LSS with faults:

X(1) = Ajenx (1) + Bjeanu) + Ejxy f (1),
V() = Cjxe)x (1),

where x € X C %" is the state vector, u € U C N7 is the known input vector, y € ) C R is the
output, and f € F € R™ is the fault vector, which is bounded, that is, || f(¢)|| < f* < oc. The so-
called discrete state j(x(¢)) : W — Q ={1,...,q} determines the current system dynamics among
the possible g ‘operating modes’, that is, {41, By, C1, E1}, {42, B2, Ca, Ea}, ... ,{Aq. B4, Cy, E4}.
The discrete state is generated by a scalar function of the system states (the switching signal) defined
as

ey

I, Vx| HxeH,
. 2, Vx | Hx GHZ,
Jx@) =1 . )

q, Vx| HxeH,,

where H is a known matrix and Hy, Ha,..., Hy € H € R are known convex disjoint subsets,
respectively. Notice that for every value of the continuous state x (¢), there is only one single value
of the discrete state j(x(¢)); that is, the discrete state is distinguishable by definition.

In this paper, the studied problems are the following:

e estimation of the continuous state x (¢),
e estimation of the discrete state j(x (7)),
o fault detection,

e fault identification.

2.1. Preliminaries

2.1.1. Notation. The following notation is used. The pseudoinverse matrix of F' € RN is defined
as F* = (FTF)"'FT € %" For a matrix J € R with n > m and rank(J) = r, J* €
R=7>7 i defined as a matrix such that rank(J+) = n—r and J1J = 0. The matrix J++ € R"™>"
corresponds to one of the full row rank matrices such that rank(J++) = r and J+(J+H)T = 0.

It is clear that the matrices J+ and J+ are not unique and that rank [ JHT JtHT ]T =n.
Denote by L the set of all inputs v that satisfy ||v|| < oo. Finally, [v]|" = |v|"sign(v).

2.1.2. Definitions. Some basic definitions for strong observability, strong detectability, invariant
zeroes, relative degree, and dwell time are introduced in this section (see, e.g., [46—48] and [2]).
Consider an LTT system

X(t) = Ax(t) + Bu(t) + Ef (t),
y=Cx(), 3)

where x € M” is the state, y € N is the output, f € NR™ is an ‘unknown input’ or a fault, and
the known matrices A, C, and E have corresponding dimensions. In this case, it can be assumed,
without loss of generality, that the known input u(¢) is equal to 0.

Definition 1
System (3) is called strongly observable if for any initial condition x (0) and for all unknown inputs
f(t), the identity y(z) = 0 V¢ = 0 implies that also x(¢) =0 V¢ = 0.

Definition 2
System (3) is called strongly detectable if for any initial condition x (0) and for all unknown inputs
f(t), the identity y(z) = 0 V¢ = 0 implies that x(¢) — 0 as t — oo.

Copyright © 2013 John Wiley & Sons, Ltd. Int. J. Adapt. Control Signal Process. (2013)
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Definition 3
The complex number s¢g € C is called an invariant zero of the triple (A, E, C) if rank(R(sg)) <
n + rank(E), where R(s) is the Rosenbrock matrix of system (1), that is,

sl — A —F
R(s) = [ C 0 j| .
Fact 1

The following statements are equivalent:

(i) System (3) is strongly observable.
(i1) The triple (A, E, C) has no invariant zeroes.

Fact 2
The following statements are equivalent:

(1) System (3) is strongly detectable.
(i) The system is minimum phase (i.e., the invariant zeroes of the triple (A4, E, C) satisfy
Re{s} <0).

Now, basing on the given statements, we can define the set of unstable invariant zeroes of sys-
tem (3) as the set of invariant zeroes of the triple (A4, E, C) satisfy Re{s} = 0. Moreover, notice that
if there exist unstable invariant zeroes, then system (3) is not strongly detectable and NMP either.

In the case when E = 0, the notions of strong observability and strong detectability coincide with
observability and detectability, respectively. Now, introduce the observability matrix

o=[cT, T, -, aHT ",

Notice that system (3) is observable, independently of the unknown inputs, if and only if rank(O) =
n. The unobservable subspace of the pair (C, A) is denoted by N, and it is defined as N' = ker(O).

Definition 4
The scalar value A¢ € S is said to be an (C,A)-unobservable eigenvalue if

rank( AOIC_ A ) <n

Definition 5

A point xg is called weakly unobservable if there exists an input w(¢), such that the corresponding
output satisfies y,, (¢, x9) = 0 V¢ = 0. The set of all weakly unobservable points of (3) is denoted
by V* and is called the weakly unobservable subspace of (3).

The weakly unobservable subspace satisfies the following relations:
AV*CV*e &, CV* =0, “4)

where £ denotes the image of E. For any null-output (A, E))-invariant subspace, there exists a map
K : X — W such that

(A+EK)V*CV*, CVv*=o. Q)
Definition 6
The output y(¢) is said to have a relative degree vector (rq,...,7,) with respect to the unknown
input w(z) if
GAYE =0, Yk <71 — 1, ()
Copyright © 2013 John Wiley & Sons, Ltd. Int. J. Adapt. Control Signal Process. (2013)
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GATTVE£0,Vi=1,...,m. (7)
and
det Q # 0,
AN-1E. L AN E
C1 1 . C1 m )
Q = . S
cm AT TVEL e e AT Ey,

where ¢; is the i-th row of matrix C, and E; is the j-th column of matrix E.

Definition 7 ([2])
The minimal dwell time is a number 75 > 0 such that the class of admissible switching signals
satisfy the property that the switching times 1, f,, ... fulfill the inequality #; 41 —¢; = Ts forall j.

In this paper, we study the systems whose hybrid time trajectories satisfy the minimal dwell
time definition. Moreover, it is assumed that the dwell time is sufficiently large, or it is possible to
estimate it (see, e.g., [49] for the algebraic estimation of the switching times for LSS).

3. SYSTEM TRANSFORMATION

Based on the previous definitions, the following assumption ensures the possibility for state
estimation:

Assumption 1
All the (A j(x(1))» Cj(x(r)))-unobservable eigenvalues satisfy Re{A} <0, forall j € Qand ¢ = 0.

It is clear that, as a consequence of Assumption 1, each subsystem is detectable. Even more, the
satisfaction of the aforementioned assumption ensures that the set of unstable invariant zeroes does
not belong to the set of (A4 j(x())» Cj(x(r)))-unobservable eigenvalues, for all j € Q.

Now, a suitable transformation to decompose the system into the strongly observable part, the
non-strongly observable part, and the unobservable part is applied to each operating mode of sys-
tem (1) (see, e.g., [50] and [48]). For simplicity, there will be omitted the index of the discrete state.
However, the transformation is applied for each dynamics generated by the discrete state.

Firstly, let us calculate a basis of the weakly unobservable subspace V* by means of the
computation of the matrices M; defined by the following recursive algorithm**:

M1 = NEiNiq, M;=C,

1

1
C 0
Ni+1=Gi(MiA)» Gi=(1‘§ixg) :

The algorithm ends when rank(M;;1) = rank(M;). Therefore, it is possible to define M, =

M,_y = ... = M;. It was proven in [50] that V* = ker(M,). Now, define ny, := rank(M,)

with M, € R"V*" Then, form the matrix V € fH"*@"v) whose columns form a basis of V*.
Secondly, assume that the following assumption is satisfied:

Assumption 2
The output of system (1) has a relative degree vector (ry,...,7y,) such that ry + -+ + 1y = ny.

“*The matrix N ,{',_Jf is introduced to exclude the linearly dependent terms of N; . Therefore, M; has full row rank
(see [48]).

Copyright © 2013 John Wiley & Sons, Ltd. Int. J. Adapt. Control Signal Process. (2013)
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Remark 1
Assumption 2 is satisfied for all system, with full relative degree [51]. If it is not satisfied, it is
possible to apply alternative methods such as Molinari’s algorithm [48].

According to Definition 6 and Assumption 2, it is possible to form the following matrix U €
RAvXn
T T -n\T T T N
U= [ e, (@A, o, (AT e eh emDT, e (emdA™ T ] .
®)

It is easy to see that rank(U) = ny. Now, from the matrix U, form the following matrices
Uy e WV and U, € ™"

UIZ[CT (DT, -, | an-2T T T, ... ——
1, (c1d)", . (a ), ,oof, (emAT, . (emA ) ,
(10)
T r 17
U2=[ (A1), e (AT ] . (11)

Finally, form the matrix N whose columns form a basis of the unobservable subspace N It is clear
by Definition 5 that N' C V*. Therefore, it is possible to select a full column rank matrix V forming
a basis of V* adapted to N, that is,

V=[]V NJ. (12)

Define n = dim(N). Then, Vi € Rrx(r=nv=nn) and N e RN Moreover, matrix V satisfied
the following equalities

AV +EK*=VQ & (A+EK*)V =V0, (13)

CV =0, (14)

for some matrices K* € W™, K* € ®Wm<=v) and 9 € {e—v)Ix(=nv) Notice that (13)—
(14) are the matrix representations of the map (5), and that V*V = [ implies K* = K*VT,
satisfying (13).

The following non-singular transformation matrix can be defined:

T T
T:=[ ul, ul, (Vi) . (N+)T] : (15)

The transformation x(1) = Tx(¢), with matrix T designed according to (15), transforms
system (1) into the following form:

)._C”([) Ay Az 0O 0 X11(1) By 0
X12(1) Az Az O 0 X12(1) B, Ei | 7
. = _ t 1), (16
%21(0) Az Az Az 0 %) || Bs ut)+ Ey F@. (18
- Ag1 Agx Asz Asa X22(1) By E>
X22(1)
_ _ T
y@)=Ci[ xu@®T, 207 ], (17)
f@0) = f(t) = K{F21(0), (18)
Copyright © 2013 John Wiley & Sons, Ltd. Int. J. Adapt. Control Signal Process. (2013)
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where )211([) e wnv—m, )?12([) e N, Xo ([) e WrvTIRN, )_sz(l) e NNV, Kik S mmX(n—nv—nN),
and

A1 Arz 0 0 0

Ay A O 0 5%\ —1 Eqo
=T(A+EK™")T ™, =TE,

Azr Az Az 0 (4+ ) E>

Ay Asgr Asz Asa Er»

a=c[wh, o]

K*=[ & o). [ 8], Bf. Bl 8] | =78

For systems (16)—(18), it is possible to demonstrate that the set of invariant zeroes that do not belong
to unobservable subspace N is equal to the set of eigenvalues of the matrix A33, and the set of invari-
ant zeroes that belong to unobservable subspace A is equal to the set of eigenvalues of the matrix
Auq (see, e.g., [52]). Notice that this transformation should be computed for each operating mode

jeo.
4. OBSERVER DESIGN

The continuous and discrete state observers have been previously presented in [1]. However, in this
version, the detailed proofs of the theorems are described.

Consider the state estimation problem for a constant index j(x(z)) = j* = const. Let us describe
the observer design for each partition of the state x(z).

4.1. State observer for X11(t) and X1,(t)

Consider the first two parts of systems (16)—(18) for j(x(t)) = j* with the partition X;(t) =
[ ()T, X207 ]T,thatis,

3;61(f) = Ay j«X1(t) + Eq j« f1(t) + Braj+u(t),
() = Cyjxx1(2),

(19)
where

Ay i = J J . Eqi« = . By i+ = J .

T Bl NV P R

In accordance with the structure of the transformation, the states X1 (¢) form the strongly observable
subspace. Then, the following observer for X (¢) could be designed (see [31])

)%1]*([)ZZIJ*([)_{—PIJ_"}UJ*(I)’ (20)
Z'lj* ([) = Alj*le*(t) + Blzj*u(t) + Llj* (y(t) - Clj*le*(t)) s 2D
where 21 . (1), $1,.(t) € N"Yi*, and the matrix L~ € RN"Yi* *™ is selected such that matrix

(A1j* = L1j+Cijx) = Ar, j« is Hurwitz'". The distribution matrix Pj ;= takes the following
structure

"' Because of Assumption 2 and Definition 6, such matrix L ;« always exist.

Copyright © 2013 John Wiley & Sons, Ltd. Int. J. Adapt. Control Signal Process. (2013)
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T r rye1\ 7
Pl.i* - clj*s (CI]*ALIJ*) > ) Cl]*ALlj* > )

T r mje 1) " 23
Cm x> (ij*ALlj*) PR ij*ALlj* . (23)

According to Assumption 2 the condition rank (P j«) = ny . is satisfied. The vector v« (1) =

(‘)11_,-* e, vln_,-* s V21j* e ”Zrzj* e, le_/* e, erm_,*) and the nonlinear function W« are
chosen using the HOSM differentiator (for more details, see [53])
| rkj*fl
. _ _ Tx i _ rkj*
Vki oo = Vha o ™ ey Mk_/* (1) |Vvk1j* eJ/kj*J ’

Tk jx Tl

1 _kjE
. _ _ Th R i1 . Tg j*—i+1 . o
Vki o = VGt ;s akij*Mkj*([) ’ ’VVkij* vk(i—l)j*J s =2 e — 1

0
Vg o =~y My O | Vi =k i | VR =1m, (24)

where e,, K (1) = yr(t)—crz1 = (1), and the constants ; ,, are chosen recursively and sufficiently

large. In particular, according to [54], one possible choice is Uk = 1.1, Uks , = 1.5, Uy, = 2,

Ok, = 3,0, =5,and o, =8, which is enough for the case that ry j« <6, Yk =1,...,m.
J J J -

Remark 2

According to [54], if yx(¢) is a (rk j*)-times continuously differentiable signal with a bounded

Lebesgue measurable noise, vg(7) € Loo. Then, there exist 0 < 7+ < oo and constants g, _, only
J

dependent on o, and Mkj*, such that for all 7 = 7+, the vg; _ in (24) satisfy
J J

rkj*_i+1
(i) rkj*+l . .
)Vk(i+1)j* —eyk]_* $;Lk,.j* v o s Vi=0,...,rgj, Yk=1,...,m.

The continuous functions Mkj* (t) are known locally as Lipschitz constants, at time ¢, for each
Tk . . .

e£ o ¢ ), and they can be computed in the following way.
J

Proposition 1

There exist a time 7 and known positive functions /3k1,-* (1), and constants ﬂkz/* , ’HkSi* skp, ,,and
. . ;
AL . such that

(rkj*)

ey, (O <My, (1), Vi >1, (25)

with

t

Meyo (0= Bio 0+ By [ ex0 (i, =0) | FO] de+ By ¥ = 1..om. €0

Proof
Because matrix Ay, j* is Hurwitz, there exist known positive constants Kz, _, A Ly such that
J

Hexp (ALl j*t) H < kLlj* exp (—)LLU* t). Therefore, from the solution of the estimation error for
observer (21), that is, é1j* (t) = x1(t) — z1;=(1), see (27), it is obtained that

Hé_’lj*(t)H $kL1j* exp (—/\LU*Z) ”élj* (0) H + HElj*

/Oz exp (—/\LU* (t —7:)) || f(f)H dr.

Copyright © 2013 John Wiley & Sons, Ltd. Int. J. Adapt. Control Signal Process. (2013)
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For an arbitrary constant AL”*, there exists a time 7 such that k,, , €Xp (—)LLU* t) ”éli* (0) H is
. j . .

less than ['j«(¢), V¢ = 1. Thus,
t
/ exp( ALy«
0

From the earlier inequality and the output error dynamics e)(,k )(t) see (30), the following

et 0 <Tje@) + s,

Elj-*

-0) [ 7@ dx.

inequality is obtained:

t
S E <lexl | AL 2 (r,-*(z>+kLlj* |20 [ exo (<he,,- )Hf(r)||)
T e | T FOTE
Thus, Proposition 1 is proven with ,Bkl-*(l) = |ck|“ALl;Zi*

|

‘El .

w4z, and B, . = el |7 @]

L1
a5 e

Taking into account the previous explanations, the following theorem can be stated.

Theorem 1

Let j(x(t)) = j* = const, and observers (20)—(22) with the correction terms (24) be applied

to system (19). Let Assumptions 1-2 be satisfied. Then, provided that constants o,  are chosen
J

properly and My ., () are selected as in Proposition 1, the state estimation error for X; (¢) converges

to 0 exactly and in a finite time, that is, e; . (f) = X1(t) — %1 . (1) =0Vt € [tj+,01).%

Proof
Let us define the state estimation error €; .., () = X1 (f) —z1 7+ (7). The dynamics of €; .., (7) is given
by

é1,.(t) = A, w1, (1) + E1 = f (1), (27)

€yj*([)=C1j*€yj*(l). (28)

Because of Assumption 2, it is always possible to compute matrix L j« such that the matrix Az, ;«
is Hurwitz.

Applying the transformation Py ;« to the estimation error €y ., system (27) can be transformed
into

Pyjeéy (1) = PyjwAL, juer . (1) + PyjEpj« £ (1). (29)
According to Assumption 2 and the structure of the transformation, (29) can be rewritten as
- N
ylj*( ) CIJ*ALII* —_ — O —_
(ri;+) . P
y1 (1) crj«ALy j+ cij*Ar, ;& Epjx
: : &1, (1) + ; f@o. 30
éymj* (1) Cmj* ALy j= 0
( : ) A m ;x A r}’;1j* _1E
ym - (t) - ij* Llj* — cmj* Llj* Lj*

¢+ is the time when observers (20)—(22) has converged to 0, and #; is the first switching time.
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Notice that the derivatives of ey, () are estimated by the HOSM differentiator (24). Thus, if
J

Mkj* (1) are selected as in Proposition 1, the differentiator converges (for more details, see [53]),
therefore

P]j*élj*(l)zvj*(t). (31)
The estimation of the variable X (¢) is obtained by algebraic manipulation as
X1, (0) = 21+ () + Prybvj= (D). (32)

Therefore, the exact convergence to 0 for ey ., (£) = X1 (1) — fclj* (1) is obtained. Notice that if there
exists measurement noise, the state estimation error order will be directly proportional to order of
the noise, as Remark 2 shows. O

Remark 3

Notice that it is possible to consider, in addition to the faults f(z), disturbances with the same
structural properties in its distribution matrix, that is, f'(t) = f(¢) + d(t) — K} X»1(¢). Observers
(20)—(22) will keep on estimating exactly and in finite time the state x; provided that Proposition 1 is

satisfied (taking into account bounded disturbances, i.e., ||d(¢)|| < d T < oo, with a known constant
d™).

4.2. State observer for X,1(t)

Let fcz]j* () be the state observer for X, (¢) defined by

X210 (1) = 22 (1) + Lo j*X12,. (1), (33)

22,4 (1) = /Ilj*fCuj*(l) + /Izj*fClzj* (1) + AL, juX21 ;. () + sz*u(t), (34)

where the estimations of fcllj* (t) and fclzj* () are provided by observers (20)—(22). The matrices
in (34) are defined by

Ar . = Asz1jx — Lo j= Ay jx, (35)

/Izj* = Azpjx — Lajx Az j=, (36)

ALy e = Asyje = Bzt o Kf o+ Laje Eraje K o, (37)
By, =Bajx—LajsByj. (38)

Then, the following theorem can be stated.
Theorem 2

Let j(x(t)) = j* = const be satisfied. Then, provided that the matrix L, ;« is selected such that the
matrix Az, j* is Hurwitz, the state estimation error for X1 (¢) is ultimately bounded by a constant

yie £ thatis, e, (0] = [ 2100 = %1, 0] < vy fF st > o0,

Proof
From the dynamics X1, (#) in (16), it is obtained that

Er2j« KT %21 (1) = (Azy j+X11(t) + Az j=X12(t) + By j=u(t) + Evzj+ f(1)) — X12(t).  (39)
Adding and subtracting Ly j« E12 ;= K} jX21 (¢) in the dynamics );621 (1), it is obtained that
X21(t) = A1, ¥11(t) + Az X12(1) 4+ ALy jo %21 (1) + Ba ot + ELy 1o f(1) 4 Lo j=X21(1), (40)
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where Ep, « = Ea1jx — Loj»Ev2+.
The dynamics error €21 4 (1) = X21(t) — ?221_,-* () is governed by
21,4 (1) = AL, jwe21 ;. (1) + Ep, 1+ f(1). (41)

Thus, L, j+ has to be selected such that the matrix Az, i is Hurwitz. Finally, it is clear that €214 ()
is bounded by

o2, ) < yje s ast > o, 42)

ELy
sz*

ksz* exp (—Asz* t).

Such matrix L, j+ always exists if the pair (Elzj*Ki“j*, Azzjx — E21_i*Kik,'*) is detectable. To

ksz*

with yj+ = , and the positive constants ksz*, /\sz* such that Hexp (Asz*t) H <

prove this, consider the Rosenbrock matrix of system (16)—(17), without faults, that is,

sl _Allj* _A12j* 0 0
Ciyj+ Cioj+ 0 0
R(s) = —Azijx I — Appjx E12jx K 0
—Aszqj* —Azpjx sl — Aszzjx + Ezu*Kikj* 0
—Agyj* — A —Ayzj ST — Agaj=

Assumption 1 implies that A44;+ is Hurwitz, and the rank of matrix R(s) is full except for s being
an eigenvalue of A44;+. Thus, it is clear that the rank of the first column is equal to ny . because the

pair (C 1%, A1 j*) is observable; the rank of the third column is equal to n Njx because of Assump-
tion 1; then, the rank of the second column is equal to n — ny . — nyr,. implying that the pair

(Elzj*K{‘j*, Az jx — Ezlj*Kfj*) is detectable and that matrix L, j+ always exists. O
Remark 4

If there exist disturbances Ep, j*d (¢), the state estimation error e21j*(t) will be bounded by
Hezli* (I)H <yj«ft +¢j+dt, ast — oo, with ¢ j+ positive known constant.

Remark 5

It is possible to formulate a constrained linear optimization problem in order to select the matrix
L3 ;= in such a way that the estimation error €21 (1) is minimized.

4.3. State observer for X(t)

Without loss of generality, it is assumed that

Let izzj* () be the state observer for X2, (7) defined by

. X12(t
%224 (1) = 235(1) + Exzjx Ex |: 2;?8 } ) (43)

Z3j* ([) = A41_i*-£11j* (t) + A42j>k'£12j* ([) + A43j*5521j* ([) =+ A44j*'£22j* + B4J*uj*(l)
_ E22j*E2Jr* (Ale*jallj* ([) + A22j*)212j*([) =+ sz*u([))
j (A31,-*f€11j* () + Asz X120 (0) + A3z, F21,. (1) + B3j*u(t))
(44)
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where the estimations of X1 1 (t)—x1 24 (1), and )2211* (1) are provided by observers (20)—(22) and
(33)—(34), respectively.
Then, the following theorem can be stated.

Theorem 3
Let j(x(t)) = j* =const and rank(E5;«) = m be satisfied. Then, the state estimation error for

ezzj*(l)H = Hfzz(f)—)?zz,‘*(l)” <

X22(t) is ultimately bounded by a constant § ;= f T, that is, ‘

8= fTast — oo.

Proof _
Because rank(E j«) = m, from (16), f(t) can be rewritten as

X12(1) — (Azlj*)_m(f) + Aza ;. X12(0) + sz*u(f))

j;(l)=Ezzj*E2;r* - _ _ _
X21(1) — (A31_,*X11(l) + Azp;u X12(1) + A3z, X21 () + 33_,»*140))

The dynamics error e2; ... (1) = X22(f) — fczzj* (1), substituting (1), is governed by
€22, (1) = Asajrenr . (1) + Aszjrez1 . (7). (45)

Because A44 j+ is Hurwitz, using (42), the error €224 () is bounded by

Hezzj*(l)H <8+ fF, ast — o0, (46)

ith 8,0 = sl e posit tants kqq ., A h that Agaiet)| <

with § j» = Tyj*, and the positive constants K44 ;.. A44 . such tha ||exp( 44+ )” <

k44j.* exp(—k44j*t). |
Remark 6

If there exist disturbances Ejj;+d(t), the state estimation error €22 4 (t) will be bounded by

Hezzj* (I)H <8« fT 4+ 0;+d™, ast — oo, with g+ positive known constant.

4.4. Bank of observers

To solve the continuous state estimation problem for the NMP system (1), the following bank of
observers is proposed

%1, (1) = 212(0) + Pry v (0, (@7)
X1, (t) = 225(t) + L2jX12,(7), (48)
%22, (1) = 232(0) + Eana B [ 2?8 } , (49)
F(0)=Ci%i1(0), YA=1,....q, (50)

where X1, (), X21, (1), X22, (¢), and their components are designed according to Section 4. Now,
the following assumption is stated.

Assumption 3
Assume that the initial discrete state is known.

Theorems 1-3 establish that the j* observer reconstructs the continuous state correctly, and
according to Assumption 3, we know the j* observer has made it on the interval [0, #1). According
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to [55], to know when the j* observer has converged, it is sufficient to verify that the following
inequality is satisfied:

les,. 0] <& Mphm™se i€ [0ty n). 51)

where e5,.. = y — Vj*, &=, and ;= are positive constants; & is the sampling time, and
th = maXyg=1

,,,,, m (Mkj* (t)). It is natural to estimate the constants &;+ and &;+, through sim-
ulation. Thus, in this way, it is possible to determine when the j *-th observer has converged to the
correct continuous state during the time interval ¢ € [0, #1).

Then, the real estimated state X is defined as follows:

£ =Xjx, Vi€t 1) (52)

Because of the transformation x(¢) = T x(¢), the bank of observers for the original state vector has
to be designed as follows:

2O =T [ #L,0, L0, 0. 5 0] (53)

Theorem 4
The original state estimation error generated by observer (53) and system (1) is ultimately bounded
by a positive constant p; f T, that is,

I$0)=x @I < paf T (54)

—>00

Proof

It is clear from Theorems (1), (2), and (3), and the coordinates combination that the error generated
by the estimation properties in the transformed coordinates is propagated in the original coordinates,
producing || X(¢) — x(2)|| < p; f+ with a positive constant p, defined by §;. |

5. DISCRETE STATE ESTIMATION

Once the continuous state is estimated, the following discrete state observer is proposed:
I, Vx| HxeH
2, VX| HxeH,
AX) =1 . . (55)
q. VX| HxeH,

For each discrete state j, define the observability matrix of the discrete state as

T r 1"
Qj:[HT, (HA)", -, (HA;g—l) ] .
The exactly and finite time discrete state estimation is described by the following lemma.

Lemma 1
Under the statement of Theorem 1, the discrete state j(x(¢)) is estimated exactly and in finite time
if the following condition is satisfied

ViCker(Q)),Vj=1,....4, (56)

where V;‘ is the weakly unobservable subspace for each ;.

S Notice that it is always possible to design the gain M ;. (¢) in such a way that inequality ¢+ < ¢, is satisfied.
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Proof

If (56) is satisfied, then there exists a matrix Pg, € %Y/ such that Hx (1) = HT; Pg,X1(1).
According to exact and finite time convergence properties of X;(f) described in Theorem 1 of
Section 4.1, the discrete state can be estimated exactly and in finite time by means of (55) with
Hx(t)=HT;Pg,x1(t). O

Remark 7

Condition (56) implies that an exact estimation of the discrete state is achieved only if the scalar
function j(x(¢)) can be represented as a combination of the strongly observable states, that is, X1 (¢)
and X1, (), as a consequence of the observer properties described by Theorem 1.

5.1. State estimation on switching times
Let ;T be the time instants after the switching times ;. In order to maintain the state estimation on

the switching times, the following algorithm is proposed.

Proposition 2
The state estimation of system (1) is maintained in spite of the switchings if the following reset
equations are implemented in the bank of observers (47)—(50) for all A # j*

v, (1) =0, (57)
21y (Zi+) :)zlj*(ti)’ (58)
22, (1) = %212 () — Lo K12, (1), (39)
+) _ = 4 [ *12(@)
23, (7)) = X224 (1i) — B2z j* Ez ) | (60)

Proof
In accordance with Theorem 1, X; is estimated exactly and in finite time by means of il/*' Thus,
the following equation is stated:

v« (1) = Py (ilj*(li) —Z-lj*(li+)) : (61)

If reset equation (57) is applied to (24) on each switching time, then the trajectories always remain
in the sliding surface, and the following equality is established:

v (1) = Prje (%10 () = 210 67)) =0, (62)

Applying the reset equation (58) to each dynamics (21) for all A # j*, (62) is satisfied in each
switching time ¢;. Thus, the state estimation for Xx; is maintained in spite of the switchings.
From (33), to maintain the estimation for X,; (), the following equality has to be satisfied:

X21 ;. (1) =sz*(fi+)+L2j*5612j*(li)- (63)

Applying reset equation (59) to (33) for all A # j*, (63) is satisfied, and e»;, remains bounded as
in (42).
From (43), to maintain the estimation for X,5(¢), the following equality has to be satisfied:

- X12(t;
X022, (1) = 23 %)+ Ezzj*Ez;r* [ )?thzg ] . (64)

Applying reset equation (60) to (43) for all A # j*, (64) is satisfied, and e»», remains bounded as
in (46). O
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6. FAULT DETECTION AND IDENTIFICATION

The FDId scheme is based on the bank of observers (47)—(50) and discrete state observer (55). Once
the whole state has been estimated, it is possible to make a decision test on the occurrence and a
possible FId.M

6.1. Fault detection scheme

From dynamics X15(¢) in (16), it is obtained that
X12(t) = (A21,; 5, %11 (6) + Az, ¥12(t) + Ba, o ut + Era, 5, £ (1)) = 0. (65)

Substituting f_ (¢) and the estimated state in (65), in the fault-free case, the following expression is
obtained

()éIZ(t) + élz(f)) - [Azu(;c) (F11() +er1(?)) + Aaz, ) (X12(1) + e12(1))
(66)
+ B2, U — En2, 5 KTM_%) (X21() + ezl(f))] =0,

where e;; = X;;j — fc,-j, i,j = 1,2, are the estimation errors.
Let us define the following residual signal:

@) (t) = X12(t) — [Azl,\mfcll(f) + A2z, o) X12(0) + Ba, o u — E12, 5, ka(i)le(f)] . (67)

Notice that all the variables of the right-hand expression in (67) are available except )élz(t) that can
be estimated using the differentiator (24) for ny, = 1. In this way, it can be shown that

[r@aw || < e + | Az, e11 (0| + A2z, 5 €120 || + HElz,\mKTMmezl(l)) , (68)

[ | < i), ae., (69)

where ’"I(fc) (¢) is a constant for each A(X), which depends on the sampling time /, the system, and

observer parameters. It is possible to estimate each r;[()%) (2) just calculating, by simulation, the value
of the right-hand expression in (67).

Remark 8

If there exist disturbances, it would be necessary to take into account the bound of the disturbances
in the calculation of the threshold, that is, |[7(f)) H < r;r()%) (1) + na@d ™, with nyz) positive
known constant for each A(X).

Then, the decision on the occurrence of a fault f(¢) is carried out when the norm of ryz)(?)
exceeds its corresponding threshold r;r(i) (1).

Remark 9
Notice that (69) is related to the smallest detectable fault and the fault detectability condition. It is
clear that those faults which magnitude is less than r ;@) () will not be detectable.

Thus, the time instant 7 » such that Hr;t(,;) (tr) H > r;r()e) (¢) for ty > t;= with t;«, the time when
the observer has converged, is defined as the FD time. Of course, this implies that it is only possible
to detect the faults after the bank of observers (47)—(50) and (55) have converged.

The following theorem establishes the class of faults that can be detected by the proposed FD
scheme.

M The identification of faults implies to know the value and shape of the fault signal.
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Theorem 5
Let the bank of observers (47)—(50) and (55), and the FD decision scheme (69) be applied to
system (16). For all time instant ¢y > ¢;+ such that f(¢) satisfies

ty

EIZA(_Q) f(t) # ElZA(’Q)KTA()%) / exp (ALZA()?) ([f - tj* - t)) ELZA()%) f(t)d‘[a (70)

lj*

then the fault f(¢) will be detected, that is,

I @] > rj[()e)(t), attime s =ty.

Proof
In the faulty case, from (66), it is obtained that

();5120) + élz(l)) - [Azl,\m (F11(2) +e11(2)) + Az, ;) (X12(2) + e12(2))

(71)
+BZ)L(;()M - Elz/\(;{) Kik)h(fc) (221(1‘) + eZI(I)):I = EIZA()}) f(t)

1500
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500F o 02 04 o6 o088 1
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Figure 1. Continuous state estimation: fault-free case.
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Substituting the solution of (41) in (71),

()@12(1) + é12(l)) - |:A21w() (X11(t) +e11(t) + Aaz, ;) (R12(1) + €12(2)) + Ba, ;yu
— E12,,, KT, s, ()?210) +ean(tjx)exp(AL,, O+

[ e (A -1 =) B, f(r)dr)} — Einy i, f0).

i*
(72)
From (72), the FD decision (69) is stated, that is, H ) (1) H < rzr(;c). Notice that in the faulty case,
from (72), it is obtained that

[ray @ > el + || A2, e11 ()| + [ A2z, 5, €12(0) ||

. (73)
+ H ElZA(a‘c)Kl,me)ezl(Z)H + HEle;C)f(l){ '
ty
@@ > r,;r(fc) + | 12,0 KT s /r* xp (AL%\()%) (ty =ty = T)) ELays) f(r)dr” (74)
J
+ ”EIZ)L(;()f(t)| >
I O] > i) + (1@ + [Erzy o |]) £ e (75)

Based on (72) and (75), if there exists a time instant f s > £« such that (70) is satisfied, then it is
concluded that ||r;L(;C) (tr) H > rzr(i) (¢) at time ¢ = ¢ 7, and therefore, the fault f(¢) is detected. [

The proposed scheme ensures the robustness of the observer w.r.t. bounded additive faults in
the state estimation, maintaining the estimation error bounded by a bound of f(¢), leading to FD,
in the noise-free case. In this sense, the condition (69), as it was mentioned in Remark 9, and
(70) are called structural detectability conditions. Therefore, all the faults that satisfy the structural
detectability conditions will be detected. In the noisy case, it is necessary to extend these conditions
to obtain a fault detectability conditions from a sensitivity point of view.

Remark 10

Notice that (69) and (75) are not satisfied during the switching times. However, because it is possible
to estimate the discrete state in the presence of faults (Lemma 1), it is possible to ignore the time
instants in which these conditions are not satisfied.

6.2. Fault identification scheme

In the following, the FId problem is studied. Notice that, from (72), the following ‘VIE of second
kind’ could be established:

t
Ay (O + ch)/ Kz (1, 7) f(1)dT = Dy 5 (1), (76)
Ly
where
Aad) = Erzy )
Do = E12,5, K1, 4
Kk(fc) (l, ‘[) = eXp(ALZa(x) (I — [f — ‘L'))ELszC) y
D)) = -’é12(t) - AZl)l(;C))%ll(t) - AZZA(;C))QIZ(Z‘) — B, u
t Einy ) KT, 821 (0 + a1 () exp (A, 1) +€(0).
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Figure 2. State estimation error: fault-free case.
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Figure 3. Switching function and discrete state estimation: fault-free case.

The problem is to find the solution of (76), that is, f(¢), taking into account that the parameters
Ay Taiy» Ko (t,7), and @3 (7)" are known. It is well-known that to find an analytical solu-
tion for this type of equations is difficult, sometimes impossible, and the numerical solution requires
an important computational effort. In this paper, the following numerical solution is given.
Consider (76) and its representation in discrete time in a time interval (¢ ¢, ¢ + T, that is,

N

M) S (@) + STy Y Kooy i i) f () = @iy (1), Yi=1,.... N, (77
k=1

"The term €(t) = é15(¢) — A1, €11(¢) — Az, ;, €12(f) contains all the computational errors produced by the state
estimation process and due to sample time. Notice that, theoretically, an exact state estimation is achieved for the states
x”(t) and xlz(t).
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Figure 4. Fault detection decision: fault-free case.

wheret; =ty +(i,Vi=1,...,N,and { = % In this way, (77) can be rewritten as

f(t1) D5 (11)
f(t2) D) (12)
K; ) (A, 8T, K) : = : , (78)
fn) ;) (IN)
where
M) + e Kag) (t, 1) -+ () Ka) (T, tn)
¢z Kag)(t2,11) (T Kz (2. 1n)
Ki@) (A 0T, K) = : . :
(T Koz (. t1) o M) T Kag) (v, In)

The FId problem is reduced to that one of solving the matrix equation of the form K f = ® for
f. However, the problem can be ill-conditioned if the condition number*** associated with (78) is
high, because the condition number gives a bound on how inaccurate the solution f will be after
approximation. In particular, it is possible to think of the condition number as being (very roughly)
the rate at which the solution, f, will change with respect to a change in ®. Thus, if the condition
number is large, even a small error in ® may cause a large error in f. On the other hand, if the
condition number is small, then the error in f will not be much bigger than the error in ®.

Remark 11
The condition number is related to fault identifiability condition. It is clear that a well condition
number, that is, near 1, will allow us to solve the FId problem.

In order to reduce the condition number of K, it is possible to obtain a preconditioner P of matrix
K such that P~!'K has a smaller condition number than K. The preconditioned matrix P~!K is not
explicitly formed. The action of applying the preconditioner operation to a given vector needs to be
computed in iterative methods (see, e.g., [56]).

In what follows, simulation results are presented in order to show the workability of the proposed
methods.

“*The condition number of a matrix measures the sensitivity of the solution of a system of linear equations to errors in
the data. It gives an indication of the accuracy of the results from matrix inversion and the linear equation solution.
Values of the condition number near 1 indicate a well-conditioned matrix.
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7. SIMULATION RESULTS

Consider the following switched linear system to illustrate the proposed approach. The discrete state
is given by

) 1, Vx| Hx €[-50,2000),
J(x(@) =
2, Vx| Hx e (—o00,—50) U [2000, c0),

with Hx = —2x1(¢) + 5x2(¢). The following matrices correspond to the dynamics equations (1)

-1 -1 0
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-1 -1 -1 0

, Ao 0
1

1 2 1
2 1 1 -

|

—

I

—
— o oo

1500

1000

500

2000
1500
1000

500

-500

-1000
0

4000
3000
2000
1000

-1000
-2000

3000
2500
2000
1500
1000

500

-500

Copyright © 2013 John Wiley & Sons, Ltd.

7

Time [sec]

8

=100 T
-150
—200

5 55

5 5.5

6 6.5

7

Time [sec]

8

Figure 5. Continuous state estimation: faulty case.
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Figure 6. State estimation error: faulty case.

0O 02 04 06 08 1

Copyright © 2013 John Wiley & Sons, Ltd.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Time [sec]

Figure 7. Switching function and discrete state estimation: faulty case.

By , Er =

—

0 0
1 1
, By = 0 , Er= 1
1 1

S = =0

G=[1000],6=[1500 0].

The output and known input are given by y = Cj)X1(f) and u(t) = 5sin(z), respectively.

The system initial conditions are set to x(0) = [ 2 31 2 ]T and j(x(0)) = 1. Simulations
have been performed in the MATLAB Simulink (Natick, MA, USA) environment, with the Euler
discretization method and sampling time # = 0.0001 s. It is possible to show that all assumptions
stated along the paper are satisfied. The values of the designed matrices are as follows:
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5 0
—-1.5

*

» Kiy =K

*

Ty = laxa, Tr = L=[1].Kf=K;=[0 0 1 0],

S = O O
—_ o O O

1.
0
0
0 0

Liy=[33 267", Lia=[22 =178 ", Ly =5, Loy =10,

RS

The HOSM differentiators in (24) are designed for ny, = 2 with M; and M, according to Propo-
sition 1. The reset equations in Proposition 2 are implemented. The results for the fault-free case are
depicted in Figures 1-3.

It is possible to see that the main features of the proposed observer are clearly illustrated, that
is, finite time estimation for x1;(z), x12(¢), and j(x(¢)) and exponential estimation for x,; () and
X22(t). The decision signal r;r(fc) (¢) is computed by simulation, and the estimation of X1 (¢) is pro-

vided by (24) with ny, = 1. The behavior of the decision signal rf(fc)(t) for the fault-free case is

shown in Figure 4. Notice that in the switching times, condition (69) is not satisfied as it is mentioned
in Remark 10.
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Figure 8. Fault detection decision: faulty case. Notice that, in the intermittent fault, when the fault

) (@) H remains less than the threshold 7} (#) indicating that fault is already not present.

disappears, AR)
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Figure 9. Fault identification.

Now, consider the following faulty scenario. The fault f(z) = 10sin(5.5¢) +4sin(3.5¢) + 2 sin(¢)
appears in t = 5 s. The results for the faulty case are depicted in Figures 5-7.

It is easy to see that the finite time estimation for x;1(¢) and x12(¢) is maintained, and the estima-
tion error for x5 () and x5 (¢) remains bounded, in spite of the switchings on the system and the
fault. Notice that the fault f(¢) affects the behavior of the trajectories of the whole system implying
changes in the discrete state; however, the continuous and discrete state estimation is maintained.

The norm of the decision signal rj(;c) (¢) for different kinds of faults (oscillatory, abrupt, incipient,

and intermittent) is shown in Figure 8. The term “”)L()E) (1) “ indicates when the fault has occurred;
that is, once the value of ” A () “ exceeds the threshold r;r(fc) (1), the fault is detected.
Finally, the FId scheme proposed in (78) is shown in Figure 9 for each kind of fault. Clearly,

the proposed scheme provides an approximate identification of the fault f(¢). Nevertheless, it is
possible to improve this one reducing the condition number of the matrix Ky z)(A, 0T, K).

8. CONCLUSIONS

A solution of the problem of state estimation for NMP SS with additive faults is presented. A robust
observer-based scheme for this kind of systems is proposed. The proposed state observers are based
on HOSM to exactly estimate the strongly observable part and Luenberger-like observers to estimate
the remaining parts. The exact estimation of the continuous state allows us to realize a finite time
and exact estimation of the discrete state in the presence of additive faults. The HOSM-based FD is
composed by a residual generator accompanied by a bank of observers, and the numerical solution
of a VIE allows to establish an FI scheme. Simulation results support the proposed approaches for
different kind of faults.
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