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Abstract

In this paper, a robust fault estimation method based on unknown input observer (UIO) is proposed to estimate states, actuator
and sensor faults simultaneously in a discrete-time system. The UIO is designed by using an H,, technique, which is developed
to both maintain the estimation error stable and reduce the disturbances that cannot be decoupled. In the first part of this paper,
the observer is addressed for discrete-time linear systems subjected to sensor noise and process disturbances. In sequence,
the method is extended to handle Lipschitz nonlinear systems. The proposed method is validated through two numerical
examples, and a comparison between the proposed techniques and Extended Kalman Filter is presented. The results show
the proposed approach as a better observer in terms of state and fault estimation, and process disturbance and sensor noise
rejection.

Keywords Fault estimation - Discrete-time system - Robust control - Linear matrix inequality (LMI) - Unknown input

observer (UIO)

1 Introduction

Modern industrial processes must guarantee efficiency of
industrial production. In general, many equipments operate
in an interconnected way. This happens when the measured
variable, corresponding to a particular device, influences the
operation of another equipment. The presence of malfunc-
tions or defects in a single component may affect drastically
the whole system performance. In order to avoid deteriora-
tion or damage to machines and human beings, fault-tolerant
control (FTC) is incorporated into the processes. This type
of control is able to detect and compensate faults quickly, so
their effects are not propagated to the other components in
the process. FTC has become an important line of research
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because it increases the safety and reliability of control loop.
During the last two decades, many papers related to FTC
techniques were published (Patton and Chen 1997; Li et al.
2012; Cao et al. 2011), as well as, their application, i.e., in
level control, power converters and vehicle model control
(Noura et al. 2009; Li et al. 2016; Chen et al. 2018).

An important role of FTC is the fault compensation in
control systems. Those faults may affect the performances of
the actuators, sensors and the plant itself. Particularly, fault
estimation is a powerful feature of an active FTC because
it can provide information about the magnitude and shape
of the fault. The fault reconstruction is an important feature
in various applications in control reconfiguration and real-
time decisions. There are many observer-based approaches
that can be used to perform the state and fault estimation, e.g.,
sliding mode observers (Chen and Saif 2007; Van et al. 2013),
adaptive scheme (Wen et al. 2015; Reppa et al. 2014), differ-
ential geometric method (Persis and Isidori 2001; Meskin and
Khorasani 2010) and unknown input observer (UIO) which
was proposed in Chen et al. (1996) and was used for robust
state estimation in systems affected by uncertainties in Vu
et al. (2017), although they were proposed for continuous-
time system and for states estimates only.

The main drawback of aforementioned methods is that
most of the implemented controllers based in micro-processed
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devices which must be analyzed as a discrete-time process.
Many researchers have focused on discrete-time observers
for discrete-time systems subjected to faults. For instance,
Jiaetal. (2015) and Witczak et al. (2016) present approaches
which are able to estimate faults in nonlinear systems. How-
ever, they do not perform both actuator and sensor fault
estimation simultaneously. The UIO design method proposed
by Gao (2015) is able to estimate the states and both actuator
and sensor fault signal in a system affected by process dis-
turbances and sensor noise. Nevertheless, it does not extend
the approach to a Lipschitz nonlinear system. Additionally,
although the observer proposed in Gu and Yang (2018) is
able to simultaneously perform fault estimation in actuator
and sensor of Lipschitz nonlinear systems, it does not con-
sider sensor disturbances, and to obtain the estimator design,
the sensor fault distribution matrix must be exactly known,
which is unrealistic in many practical applications.

As seen, new approaches should address to UIO capable
of handling sensor and actuator fault estimation for Lips-
chitz nonlinear discrete-time systems subjected to process
and measurement disturbances. Under this assumption, we
propose a robust actuator and sensor fault estimator design
to discrete-time systems. In order to achieve this objective,
firstly, an augmented system is obtained from an augmented
state vector composed of system states and faults. This aug-
mented system is based on the methodology presented in Gao
et al. (2016). After that, the appropriated robust observer is
used to decoupling process disturbances. In addition, suffi-
cient conditions for observer existence are described. Then,
the robust UIO gain matrices are obtained using linear matrix
inequality (LMI) optimization techniques which are based on
Vuetal. (2017) and Rotondo et al. (2016). These approaches
were used to ensure error estimation dynamics stable and to
attenuate the other disturbances that cannot be decoupled.

The reminder of this paper is organized as follows. In
Sect. 2, the proposed method is presented in linear discrete-
time system context. In sequence, in Sect. 3, the proposed
technique is extended to Lipschitz nonlinear systems. Finally,
the effectiveness of the proposed methods is validated by two
numerical examples, in Sect. 4.

Notations Throughout this paper, the notation R" and
R™™ stand for the n-dimensional Euclidean space and the
set of n x m real matrices, respectively. I,, denotes identity
matrix with dimension of n x n. 0, ,, is a matrix which all
entries are zero and its dimension is n x m. The superscript
T denotes the transpose of matrices or vectors. The notations
X > 0 and X < O indicate that the symmetric matrix X is
positive definite and negative definite, respectively. |xk| rep-

resents the standard norm of X, and ||Xk||;, = /D rep xzxk
stands for Euclidean norm of sequences of vectors. More-
over, we also have

M1 * _ M1 MFZF
M, Mz | | My M;i

in large matrix expressions.

2 Linear Case

In this section, UIO fault estimation methods are described
for a linear system subjected to actuator and sensor faults,
process disturbances and sensor noise.

Consider a dynamic linear discrete in time system repre-
sented in state-space form as:

Xi+1 = AXg + Buyg + Bidg + Bofy, (1a)
Yi = Cx¢ + Ding + Dof, (1b)

where x; € R" is the system states vector, uy € R" is
the control input vector, y, € R? is the system output
vector, fy; € RY2 and fy, € RYs stand for actuator and
sensor fault vector, respectively, dj. € R and n; € Rl are
norm-bounded disturbances or uncertainties associated with
state and output equations respectively, and A, B, By, By,
C, D; and D, are known constant coefficient matrices with
appropriate dimensions. In addition, B is considered of full
column rank. The system (1) can be represented as:

Xi+1 = Axg + Bug + Bidy + F fy, (2a)
Yi = Cx¢ +Ding +F fi, (2b)

where f = [, £7]", F. = [B2 045, ], and F, =
[Olfa xp D2 ]
The fault vector dynamics can be calculated as follows:

fr1 =fx + &, (3

where &, is the fault deviation and satisfies ||&,]];, < oo.
By defining an augmented state vector as:

x=[xI 7] eRr”, )

where n = n + Iy, with [y = [y, + [ys, one obtains the
following augmented system:

X1 = A%y + Bug + Bidy + F&, (5a)
y; = Cx; + Diny, (5b)

WhereA=|: A FX}eRﬁXﬁ,ﬁz[ B :|6Rﬁxm,
Olfxn Ilf 0lf><m

B] _ |: B, :| c Rﬁxld’F — |:0n><lfi| c 'Rﬁle and
Olfxld Ilf

C=[C Fy]eRr.
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The proposed UIO is
zk+1 = Mz, 4+ Nu; + Ky, (6a)
X =z + Ly, (6b)

where z; € R” is the observer state vector and §k e R"
is the estimate of Xg, while M € R N € R"*"M K =
K| + K, € R"P, and L € R"™ P are the observer gain
matrices to be determined.

Defining the estimation error as

er = Xk — X¢, @)
and using (6b) in (7), one has

e =X; —zx — Ly,
= Rx; — 7y — LD ng, (8)

where R = I; — LC.
The estimation error dynamic is:

ert1 = RXpq1 — 2441 — LD mg 4
= RAX; + RBu; + RB;d; + RF§, — Mz,
—Nu; — K;Cx; — K{Dn; — Koy,
—LDng 4
= (RA —K;C)e; + (RA —K;C — M)z
+(RB — N)u; + (RA —K;OL — Ky)y,
+RBd; + RF¢, — KiDin; — LDng, 1, 9)

If one can make the following relationships hold:

RB; =0, (10)
M =RA - K,C, (1D
N = RB, (12)
K, = ML, (13)
the state estimation error dynamic (9) reduces to

er+1 = Me + RF§; — KiDing — LDyng ;. (14)

Theorem 1 The necessary conditions for the existence of
UIO defined in (6) for the system (5) are

(i) rank(CBQ = fank(Bl),
(ii) the pair (C, RA) is detectable.

Proof The proof of Theorem 1 can be referred to Gao et al.
(2016) and Hsu et al. (2001) and is omitted here.

@ Springer

Remark 1 The condition (i) of Theorem 1 means that (10) is
solvable. Then, L can be found as:
L =B[(CB)" (CB]~'(CB". (15)
Remark 2 The condition (ii) of Theorem 1 means that the
unstable poles of M can be assigned arbitrarily. It implies
that the desired UIO response can be achieved through L

design.
One can rewrite (14) in a matrix form as

—_ —_— ek
er1 =M Wi Wo]| e |,
Wi+

(16)

where w; = [§z ng ]T € Rl and W] =W; —K{W; and
W, = —LW, with I, = Iy +1,, W; = [RF 05, | and
Wy =[0,., Di]

The next step for designing robust observers (6) is to
guarantee that the estimation error e is asymptotically con-
vergent, making the matrix M stable, and reducing the
influence from the vector wy, which contain the fault devia-
tion vector and the sensor noise.

The following lemmas are useful to derive the Theorems 2
and 3.

Lemma1 (Boyd et al. 1994) The ensuing statements are
equivalent:

D) X=X"X>0and Y'X 'Y+ W <0,

. [w ¥t

(i1) |:Y —X] < 0.
Lemma 2 (Li et al. 2008) For any matrices X € R**! and
Y € RS, and any scalar € > 0, we have

XY+ Y'XT < e 1 XTx + €YY,

Theorem 2 Ifthere exists a positive definite symmetric matrix
P and a matrix Q and a constant ). > 0 such that the LMI

—P+1I; * * *

0; «ii —Azll * *
@ @ <0 17
01, xii 01,1, oy an

PRA — QC PW, —-QW, PW, —P
holds. Then, the robust UIO, defined by (6), for the system
(5) is solvable and is able to guarantee the following upper
bound

llexlln, < cllokllr,, (18)

where o = /2 > 0 is a prescribed Hso performance index
and Q = PK;.
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Proof The problem of H, observer design Li and Fu (1997),
Rotondo et al. (2016) is to determine the matrix K; such that

lim e = 0 for wy = 0 Vk, (19)
k—o00
llekll, < allwkll, for wi # 0, eg = 0. (20)

By taking the following Lyapunov candidate function:

_ T
Vi = ¢; Pey, 21
one has

AV = Vip1 — Vi
= e_. | Pery1 — e Pey. (22)

Substituting (16) in (22), one has

ey B €x
AVi=| o (ATPA+ Q) | o |, (23)
W] Wk+1

where A =[M W, V_Vz]andSZ=|: P i, ]

027, %7 021, %21,
According to the Lemma 1, one can see that (17) indicates

MTPM —P < 0. When w; = 0, from (23) one has AV < 0

which implies that the error dynamic is asymptotically stable.
Defining:

o]

T =) (AVi+efer — Moo — Mop, o). (24)
k=0
one has

00 € €
J= Z Wi v oo |, (25)
k=0 k41 @p+1
where
W = (ATP)P ! (PA) + [_Pﬂﬁ 021, } (26)
0y, <7 —AIy,

It is noticeable, in terms of Lemma 1, that (17) implies
V¥ < 0, which leads to J < 0. Therefore, one can write (24)
as

o o o
Ze{ek — Z Azwzwk — Z)\.ZWZ+IQ)k+1
k=0 k=0 k=0
+ Voo — Vo < O. (27)

163
Knowing that
o0 o0
2T 2T 2. T
ZA @) | @)t — ZA W, W = —A @)@, (28)
k=0 k=0

and substituting (28) in (27), one has

o o0
ZeZek — 222 szwk < —Azwgwo — Voo +Vo. (29
k=0 k=0

As Vs > 0 and knowing that Vy = 0 for e¢g = 0, one has

o0 o0
Z elep — 27 Z wlo <0, (30)
k=0 k=0

or

o0
Ze}fek <21

k=0

o
Z wZa)k, 3D
k=0

which is equivalent to (18). The proof is completed.

Summarily, the procedure to design an UIO for linear
discrete-time system is detailed in Algorithm 1.

Algorithm 1: Procedure to design UIO

Input: Linear discrete-time system matrices.

Output: UIO Parameters.

1: Obtain the augmented system in the form of (5);

2: Select the matrix L in the form of (15);

3: Solve the LMI (17) to obtain the matrices P and Q, and calculate
the gain K; = P~1Q;

4: Calculate the other gain matrices;

3 Nonlinear Case

In this section, an UIO actuator and sensor fault estimation
approach is proposed for a Lipschitz nonlinear system sub-
jected to process disturbances and sensor noise, described
by:

{Xk—H = Axy; + Buy + ®(k, x, u) + Bid; + Bofa, 32)

¥r = Cx¢ + Ding + Dofy,

where ®(k, x,u) € R" is a real nonlinear vector function
with Lipschitz constant 8 which satisfies

||<I)(ka-x15 M) - q)(k»xL M)ll S ﬂ”'xl _-x2||5
V(k, x1,u), (k,x2,u) € R x R" x R™. (33)
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Defining an augmented state vector in (4) form, one can
obtain an equivalent augmented system as follows:

{ik+1 = AX; + Bu; + Bydy + E®(k, x, u) + F&,, (34)

Vi = Cx; + Dy,

where E = [I, 0y, ]T € R™", and the other symbols
are defined the same as those in (5).
The nonlinear UIO is in the form of

{Zk+1 =MZk+Nllk+Wyk+RE(I>(k,£,M), (35)

)2(]( =1z, + Ly;.

The estimation error is defined by (8). In terms of (8), (34)
and (35). The estimation error dynamic is represented as

err1 = (RA — K O)er + (RA — K ;C — M)z,
+(RB — N)uy + RBd; + RF§; — KiDn
+((RA = K|O)L — Kp)y; — LDin

+RE®(k, x,u) — RE®(k, x, u). (36)
Using (10)—(13) into (36) yields
er+1 = Meg + RFE, + REA®; — K Ding
—LDng41, (37
where A®; = ®(k, x,u) — &k, X, u).
One can rewrite (37) as:
€k
&1 =A| wr |+REA®, (38)
Wi 1

where wy and A are equivalent to the ones defined in Sect. 2.

Theorem 3 Ifthere exists a positive definite symmetric matrix
P, a matrix Q and constants > > 0 and . > 0, such that the
following LMIs hold:

[ (1 + uBdHI; — P * * *
01, i —)»211{” * *
01, i 01,x1, -\ L, %
PRA—QC PW;-QW2 PW, -1ip
<0, (39)
_ P;’é” _Z P} <0, (40)

then the robust observer, defined by (35) for the system (34), is
solvable and is able to guarantee the following upper bound:
llexll, < alloklls,, 41)

where « is an Hxo performance index in equivalent form as
in Theorem 2.

@ Springer

Proof Considering the following Lyapunov candidate func-
tion:

Vi = e} Pey, (42)

one has

AV = Vigp1 — Vi
= e, Per1 — e, Pey. (43)

Substituting (38) in (43), one has
T
€r €k
AV, = | @ (ATPA n sz) o
Wi Wi+1

T
€k

+ A7
Wi+ 1

ATPREA®;

€r

+A®] (RE)'PA |
Wi+1

+A®; (RE)"PREA ®;

+(UAB] B — nAD] By). (44)

Applying Lemma 2 and using (33) in (44), one has

AV
e T
k _ 27. _
< o <2ATPA + P+ upl; 0n><21a, )
027, %7 027, %21,
Wi+1
8
x| op |+ A®2RE)TPRE — ul,)A®;.  (45)

Wp+1

In terms of Lemma 1, one can see that (39) and (40) imply

in 2MTPM — P + u821; < 0 and 2(RE)TPRE — ul,, < 0,

respectively. When w; = 0, from (45) one has AVy < O,

which implies that the error dynamic is asymptotically stable.
Let

o0
J = Z(e}{ek —Wofor — Mop o1 + AV, (46)
k=0
Substituting (45) in (46), one has
T
€ €
o
7<y Wk [ W 0(ﬁ+2lm)><n:| Wy
= | @k 0,5 (2-+21,,) V) @f+1
Ad; Ady
47)
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where 0 1 0 0 0
—32.42 —-0.148 0 11.55 12.354
A= ,B= ,
¥, = (ATP)2P 1) (PA) 0 0 0 1 0
N (1+ M,BZ)I;, —P 0.2, ) . 0.86 0.3 0 -3.123 —9.115
021, %71 -2y, |’ 1 0 0 O
C=|0 0 1 O
and 10 0 0 1
v, = (RE)TP(ZP_I)PRE— ul,. (49) The fault and disturbances distribution matrices are,

Note that > 22 AVi = el Pexs > 0. In terms of
Lemma 1, one can see that (39) and (40) imply in

0(ﬁ+2lw)><n] <0. (50)

&
0,5 (ii+21,) L5

Similar to the proof of Theorem 2, it is noticeable that (50)
leads to J < 0, which indicates that ||ex||;, < a|l@k]ls,. This
concludes the proof.

Summarily, the procedure to design an UIO for Lipschitz
nonlinear system subjected to process disturbances and sen-
sor noise is detailed in Algorithm 2.

Algorithm 2: Procedure to design Nonlinear UIO

Input: Lipschitz nonlinear system matrices.

Output: UIO Parameters.

1: Obtain the augmented system in the form of (34);

2: Select the matrix L in the form of (15);

3: Solve the LMI set (39) and (40) to obtain u and the matrices P and
Q, and calculate the gain
K, =P7'Q:

4: Calculate the other gain matrices;

4 Simulation Example

In this section, simulation results are presented to show the
efficiency of the proposed method. Firstly, the robust UIO
is used to estimate state and faults in a linear system. In
sequence, the proposed technique is employed in a nonlinear
system. Both techniques are compared to Extended Kalman
Filter which is nonlinear and is a very known state observer
in the literature (Hmida et al. 2012; Jiang and Chowdhury
2005).

4.1 Linear Case

Let us consider a crane system (Edwards and Tan 2006),
which was discretized with a sample time 75 = 0.01 s. The
linear discrete-time model of the system is given in the same
form of (1), where

respectively, B, = B,

0 882 0.01
D,=|0[,B; = 0 ,D; =] —0.01
1 0.06 0.01

The disturbance input is dy = 0.1sin(0.1k), the sensor
noise is np = 0.005sin(0.06k), and the control input is
ur = 0.2sin(0.02k) and the initial state vector is x(0) =
[005 0.5 0 0]". The actuator fault is

0 for k < 600,

Jak = {0.15in(0.002k), for k > 600, oD
and the sensor fault is
0, for k < 1000,
fo =1 0.01k — 10, for 1000 < k < 1100, (52)
1, for k > 1100,

Choosing & = 2.5 and using the Algorithm 1, one can
obtain the observer gains as follows:

[0.64 0 0.48 0.04
024 0 0.18 0.14
0 0 0 0
L=1048 0 036 N~ |-006|
0 0 0 0
L0 0 0 0
[ 037 —6.48 —0.49
—0.05 —646 —0.25
K_ |00l L7l 0
0.22 47 —031]"
0.16 —186.7 —0.21
| —0.72 —3834 0.96
02 0 648 0.8 004 0.17
—046 1 646 023 0.4 0.1
M—| 0 0 —071 o001 0 0
—0.64 0 —47 097 —0.06 —0.01
012 0 1867 042 1 0.42
| 038 0 383 —122 0 —022

Figure 1 presents the evolution of the three system states.
In order to highlight UIO characteristics in this figure, the
curves corresponding to the estimated, measured and real

@ Springer



166

Journal of Control, Automation and Electrical Systems (2019) 30:160-169

[ Real value — — —~Measurement =~ —-—-— Estimative ]
05
x Of
05 | | | . . . . | | |
200 400 600 800 1000 1200 1400 1600 1800 2000
1.0
% 0

\/\/\/\/\/\/\

L L I h L L L L I 1
200 400 600 800 1000 1200 1400 1600 1800 2000

: ‘
200 400 600 800 1000 1200 1400 1600 1800 2000
Sample k

Fig.1 Measured states and its estimations
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) (A ] 2
N ] \
~ 05 \ ‘ |
X I J i I\
) I LTIV v h
2 \
© O I I 4
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0.5 1 Y | | d
v i ! y v
1 Y 1 !
!
¢
15 —f,f
Y

200 400 600 800 1000 1200 1400
Sample k

L I I
1600 1800 2000

Fig.2 xp, its measurement and its estimation

states are shown. Despite the addition of sensor fault at k =
1000, the UIO is able to match the real states and actuator
faults, and measurement and sensor noise do not affect the
states.

Figure 2 shows the state x, evolution and the estimation
results obtained by the proposed UIO and EKEF, respectively.
Considering that this state is unmeasurable, the results are
satisfactory. As depicted in figure, EKF is not able to match
real states, in the presence of input disturbance, sensor noise
and faults. On the other hand, the proposed UIO converges
to the real value in a satisfactory interval of time.

Another important aspect to consider is the fault estima-
tion, shown in Figs. 3 and 4. As seen, EKF states is not able
to converge to fault signal, which means that the EKF can-
not decouple inserted faults. On the other hand, the proposed
UIO converges to the fault signal even in the presence of
process disturbances and sensor noise.
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Fig.4 fy and its estimation

4.2 Nonlinear Case

Consider the nonlinear Lipschitz system described as:

X1k+1 0.5sin(x2x) + 1.25uy,
X2k+1 = Xk,
X3k41 = 0.5x2¢,

X4k+1 = —X3k,

with sample time of 75 = 0.01 s.
The system can be written in the form of (32), where

00 0 0 1.25
1 0 0 0 0
A=1005 0 ol'B=| o |’
0 0 —10 0
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1 00 0 0.5sin(xox) 2[7 Real Value — — —Measurement ~ —-—-— Estimative ]

C={0 0 1 ofeknm=| F°IV\/\/\/WW\/\/\/\N\A/VV\/\/
0O 0 0 1 0 * Ll

B 200 400 600 800 1000 1200

The faults and disturbances distribution matrices are, respec-
tively, B, = B,

0 8% 0.1
Do=|1[.Bi=| ; [.Di=]01
_02 0.1

The disturbance input is dy = sin(0.27k), the sensor noise
ny is an uniform random number between -0.1 to 0.1. The
control input is ux = 0.5sin(0.277k) and the initial state vec-

toris x(0) = [0 1 00 ]T. The actuator fault is

0, k <200,
Sak =7 0.5, 200 < k < 525,
0.5 4+ 0.5sin(0.02k), k > 525,

and the sensor fault is

0, k < 300,
= 0.01k — 3, 300 < k < 400,
k=11, 400 < k < 440,

1 4 0.5sin(0.1k%), k > 440.

Choosing A = 0.64, § = 0.0333 and using the Algorithm
2, one obtains the observer gains as follows:

044 —022 —-044 0.69
022 -0.11 -0.22 —0.28
L—|~ 022  0.11 0.22 N=— 0.28
—-044 022 044 |~ 0.56 |’
0 0 0 0
0 0 0 0
[0.68 0.18 0.31
0.73 0.12 —-047
K — 027 —-0.11 0.21
054 —-0.25 045 |’
0.97 —0.05 1
L O 099 —-049
[-093 0.11 —-0.50 -0.05 0.69 0.16
0.27 0.06 —-034 047 —-0.28 —0.01
M= |~ 0.28 0.44 033 —-020 0.28 0
-074 -0.11 -020 -025 0.56 0.13
—1.36 0 024 —-0.61 1 0.24
L —0.09 0 —-094 0.58 0 0.06

Figure 5 presents the evolution of three system states xj,
x3 and x4. The real, measured and estimated signals are
shown . Note that a sensor fault is added to x3 state, affecting
clearly the measurement. Despite the fault addition, the UIO

Ao~ oA A A A
\\/\/\/\//

/

/ AT

x WAVIAUANAY, /
0 n i~ \V/ \\/ SR A VaVaVaVaVaVay

2 I I I I L |
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Fig.5 Measured states and its estimations
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Fig.6 xp, its measurement and its estimation

is able to match the real states, maintaining bounded the error
between real and estimated state values.

Figure 6 shows the obtained results with the proposed UIO
and EKF, respectively. As depicted in figure, EKF is not able
to match real states due to input disturbance, sensor noise
and faults presences. On the other hand, the proposed UIO
converges to the real state, although the system is under the
same conditions. Additionally, once the state has converged,
observation estimation error remains bounded.

Figures 7 and 8 show the proposed UIO and EKF per-
formances as actuator and sensor estimator. Note that EKF
estimation is not able to converge to fault signals, which
means the EKF is not able to decouple inserted disturbances.
On the other hand, the proposed UIO rapidly converges to
fault signals.

The proposed UIO design, based on Theorem 3, is able
to maintain estimation error norm bounded. Figure 9 shows
the evolution of estimation error norm. Note that the estima-
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Fig.8 fy« and its estimation

tion error values are high in the beginning of the simulation.
That happens because the initial estimated state values are
different from the real ones. In this case, presented for-
mulation grants that estimation error norm values decrease
asymptotically. One can note that as the error diminishes the
perturbation effect become more evident and the UIO tends to
maintain the observation error bounded. Figure 10 shows the
behavior of ratio between A®; and estimation error norm.
The proposed UIO satisfies Theorem 3 by maintaining the
ratio lower than g level.

Remark 3 The parameter A in (17) and (39) should be mini-
mized, so that the estimation error is as minimum as possible,
which yields better results. On the other hand, as the value
of A decreases, the optimization problem becomes more
restrictive, which causes the LMI solver to perform more
interactions until it converges to the solution.
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5 Conclusion

In this paper, a novel robust fault estimation technique based
on UIO for discrete-time time systems has been proposed. It
was proved to be able to simultaneously estimate actuator and
sensor faults, as well as, system states. The UIO technique
plays an important role decoupling the process disturbances
and attenuating the fault deviation and sensor noise influ-
ences through a LMI technique.

The designed estimators for both linear and nonlinear sys-
tems are presented and validated by numerical simulations
with linear and nonlinear examples, presenting excellent
results. From the point of view of digital applications, the
proposed techniques are quite suitable for use in real-time
implementations with microprocessors and microcontrollers.

Future works shall address to extend proposed techniques
to uncertain systems whose parameters vary linearly with
time, based on the techniques proposed in Mondal et al.
(2010). Additionally, researches shall investigate fault esti-
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mation algorithms for discrete-time Takagi-Sugeno fuzzy
systems, since they are an interesting way of modeling and
discretize nonlinear systems.
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