ﬁ Sensors

Article

Simultaneous Sensor and Actuator Fault Reconstruction by
Using a Sliding Mode Observer, Fuzzy Stability Analysis, and a
Nonlinear Optimization Tool

Samira Asadi

check for
updates

Citation: Asadi, S.; Moallem, M.;
Wang, G.G. Simultaneous Sensor and
Actuator Fault Reconstruction by
Using a Sliding Mode Observer,
Fuzzy Stability Analysis, and a
Nonlinear Optimization Tool. Sensors
2022, 22, 6866. https://doi.org/
10.3390/522186866

Academic Editors: Yongbo Li,
Bing Li, Jinchen Ji and
Hamed Kalhori

Received: 12 July 2022
Accepted: 7 September 2022
Published: 10 September 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

, Mehrdad Moallem * and G. Gary Wang

School of Mechatronic Systems Engineering, Simon Fraser University, Surrey, BC V3T 0A3, Canada
* Correspondence: mehrdad_moallem@sfu.ca

Abstract: This paper proposes a Takagi-Sugeno (TS) fuzzy sliding mode observer (SMO) for simulta-
neous actuator and sensor fault reconstruction in a class of nonlinear systems subjected to unknown
disturbances. First, the nonlinear system is represented by a TS fuzzy model with immeasurable
premise variables. By filtering the output of the TS fuzzy model, an augmented system whose actuator
fault is a combination of the original actuator and sensor faults is constructed. An He, performance
criteria is considered to minimize the effect of the disturbance on the state estimations. Then, by
using two further transformation matrices, a non-quadratic Lyapunov function (NQLF), and fmincon
in MATLAB as a nonlinear optimization tool, the gains of the SMO are designed through the stability
analysis of the observer. The main advantages of the proposed approach in comparison to the existing
methods are using nonlinear optimization tools instead of linear matrix inequalities (LMIs), utilizing
NQLF instead of simple quadratic Lyapunov functions (QLF), choosing SMO as the observer, which
is robust to the uncertainties, and assuming that the premise variables are immeasurable. Finally,
a practical continuous stirred tank reactor (CSTR) is considered as a nonlinear dynamic, and the
numerical simulation results illustrate the superiority of the proposed approach compared to the
existing methods.

Keywords: actuator and sensor faults; TS fuzzy system; sliding mode observer (SMO); He, perfor-
mance; non-quadratic Lyapunov function (NQLF); fmincon; fault reconstruction

1. Introduction

Over the past few decades, the reliability and safety of industrial systems has attracted
considerable attention. As a consequence, fault-tolerant control (FTC) has received con-
siderable attention in different fields [1,2]. There are different classifications for FTCs. In
general, FTCs are classified into passive and active classifications. Active fault-tolerant
controllers compensate for the effects of the occurred faults by using early information
obtained from fault detection and isolation (FDI) schemes, which leads to a more flexible
dynamic [3]. Consequently, FDI is becoming an attractive topic in different research fields.
Observer-based methods are one of the most popular model-based FDIs. The main idea of
observer-based FDIs is to construct a residual based on the measured output of the systems
or to reconstruct the fault directly. Sliding mode observer (SMO) works based on the second
approach, which detects the faults while determining the dynamic behavior [4,5]. SMOs
are more insensitive to the unknown uncertainties occurring in the system compared to
other observers like unknown input observers (UIOs) [6].

First, SMO observers were developed for linear dynamic systems; however, most ac-
tual physical systems are often nonlinear. Currently, lots of SMO-based fault reconstruction
methods have been developed for uncertain nonlinear systems. In ref. [7], by considering a
filter of the measured output vector, the original system with sensor and actuator faults is
transformed into an augmented system with just the actuator fault and unknown inputs.
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Nevertheless, the classes of nonlinear systems considered in most of the papers are limited
and cannot represent a general model for real systems [8,9].

Takagi-Sugeno (TS) fuzzy models can represent the behavior of nonlinear systems
while keeping the simplicity of the linear models. A TS fuzzy representation is a convex
nonlinear aggregation of several linear systems. Because the parameters of a TS fuzzy
representation satisfy the convex sum, it is interesting to investigate the properties of
the TS system based on its local linear vertices. With the advent of TS fuzzy systems,
TS-based FDI techniques emerged to tackle a broader range of nonlinear systems [10].
By changing a nonlinear system to a TS system, some local linear systems are created,
representing the behavior of the nonlinear system in a specific operating area. These local
linear systems can be aggregated by using an interpolation mechanism. Thus, TS fuzzy
models can represent the actual nonlinear behavior while maintaining the simplicity of
linear models. Thus, an efficient FDI can be obtained by combining the SMO, which is
robust to the uncertainties, and the TS fuzzy model, which causes simplicity in the design
process. Recently, several researchers have utilized TS-based SMOs for fault detection and
isolation in continuous-time and discrete-time systems [11,12]. However, in the methods
developed in these articles, it is assumed that the premise variables are measurable, which
reduces the applicability of these approaches. To deal with this problem, an FDI approach
for stability analysis of the TS fuzzy systems with immeasurable premise variables was
proposed in [13,14].

In [15], simultaneous actuator and sensor faults in a nonlinear system represented by
a TS fuzzy model are reconstructed by using an SMO and considering He, performance
criteria to reduce the effect of disturbance, whereas [16] does the same procedure for the
fault reconstructions and both of the exogenous disturbance and the system faults are
reconstructed. However, in refs. [15,16] quadratic Lyapunov functions (QLFs) are used to
design the observers. By using the QLF for TS fuzzy systems with a large number of fuzzy
rules can cause undesired performance or unfeasible solutions. Consequently, refs. [17,18]
offered to use a non-quadratic Lyapunov function (NQLF) to design the TS-based SMO for
the FDI purposes. In all these papers, a linear optimization approach based on linear matrix
inequalities (LMlIs) is utilized, making the stability analysis more complex and using some
approximations and lemmas to prove the stability conditions.

In this paper, a TS fuzzy-based SMO with immeasurable premise variables is designed
to reconstruct simultaneous actuator and sensor faults in a nonlinear system exposed
to an unknown disturbance. Then, the states and faults are estimated. The stability of
the proposed observer is guaranteed by using the NQLF and fmincon as a nonlinear
optimization tool in MATLAB. In addition, He performance criteria are considered to
minimize the effect of disturbances and uncertainties on the estimation error and the fault
estimations. By using the NQLE, a generalized eigenvalue problem is proposed, which
maximizes the admissible Lipschitz constant and minimizes the disturbance effects on the
estimation error through a nonlinear optimization problem.

The main advantages of the proposed approach over the existing methods can be
summarized as follows:

Using nonlinear optimization tools instead of LMIs, which results in better accuracy.
Utilizing NQLF, which leads to less conservative optimization conditions than simple
quadratic Lyapunov functions.

e  Assuming that the premise variables are immeasurable, which makes the proposed
method applicable to a broader class of TS fuzzy systems.

This paper is organized as follows. Section 2 presents a TS fuzzy model with simulta-
neous actuator and sensor faults and disturbance and how to construct a fictitious system
with just an actuator fault. In Section 3, the main results of this paper, including the sliding
mode observer design and the sufficient conditions of stability of the estimation errors,
are proposed and guarantee the He, performance simultaneously. Section 4 discusses the
procedure of the actuator and sensor fault reconstructions. In Section 5, simulation results
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are given, and comparisons are discussed. Finally, in Section 6, the concluding remarks
are given.

2. Preliminaries

Assume that a continuous-time nonlinear system affected by actuator and sensor faults
and disturbance is given as

{ x(t) = f(x(t),u(t), fa(t),d(x(t),u(t), 1)) 1)
y(t) = Cx(£) + Nfs (1) '

where x(t) € R", u(t) € R™, y(t) € R?, f,(t) € R, fs(t) € R" and d(x(t),u(t),t) € R' are
the state, input, output, unknown actuator, and sensor faults, and the system uncertainty
vectors, respectively. f and g are nonlinear smooth functions. By using sector nonlinearity
transformation, the nonlinear model (1) can be replaced by the following TS fuzzy model

. r Aix(t) + Biu(t) + M,’fa(t)
x(t) = i=1 Vz(g(t)){ +D;d(x(t), u(t), ) } ’ 2)

y(t) = Cx(t) + Nfs(t)

where C and N are known full rank matrices with appropriate dimensions. A;, B;, M;,
and D; are real known matrices, r represents the number of fuzzy rules and y;((t)) are
the fuzzy membership functions depending on the unmeasurable variable vector ¢(¢) and
satisfy the following so-called convex sum property

{ 0<pu(c(t) <1
mi(E() =1

In the rest of the paper, (t) is dropped from the equations, d, y; and fi; denote
d(x,u,t), ui(&(t)), and u;(€(t)) and the mark () denotes the transposed element in a
symmetric matrix.

To build a system with just an actuator fault and then use the actuator fault recon-
struction concepts, the output is passed through an orthogonal matrix T, € RP*F and an
augmented TS system of order n + h can be obtained as

®)

{ X:thzlyi{AiX-i-Biu-i-Did—FMifg +Nfs} 4)

Y=CX

where X = [xT zT]T € R"™h Yy = [le ZT]T € R, and

T4 0 B .~ _ [D M), 0 B
Al{Afcz —Af]'Bl{O}'DI[O]' MZ{O]'N[AJ‘NJ'C

Ci O
0 I
—A f€ R i an arbitrary stable matrix, z € R"and N, € R"™*"_ T, can be obtained

by QR reduction of the matrix N.
By defining

©)

¢:=Y"_ (i — ) {AX ++Bu+Did + Mifa + Nfs}, ©)

where £ is the estimation of the x, the TS system (4) can be derived as

@)

X = 2;21 ﬁ,-{AiX+Biu +Did+Mifa +Nfs +§b}
Y =CX
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Moreover, the nonlinear term ¢ is assumed to satisfy the Lipschitz condition as
o<y lx—2]. Vx, % € R™. ®)

To design a sliding mode observer, some assumptions and lemmas are needed as
follows.

Assumption 1.
rank(C[M; N]) =q+h )

Assumption 2.
n>p>q+h (10)

Assumption 3.
SIn+h, Ai Mj N

rank C 0 0

= n+2h+q 11)
for all s satisfyingRe(s) > 0 holds.

Lemma 1.

(@) If Assumptions 1 and 2 are satisfied, then there exist changes of coordinates T; such that

A Ani 0 0 Dy
o Miﬂ Ani|’ M= L\AZi]/ A= [/\/J' b= {Dz.i]' ¢=0 Tl 02

where A € RUth=-p)x(nth=p) = A, . e Rp—a-Mx(nth=p) p,. e RP*! and
Ty € RP*P is an orthogonal matrix. Matrices My; € RP*1,N, € RP*" can have the

following structure:
0 0
v = [0 = [2] -

WithM; € RUTN*4 Ny € RO *hare nonsingular.
(b)  The pairs (A1, Aa1;) are detectable if and only if the invariant zeros of { A;, [M; N|,C} lie
in C~ and it happens if and only if Assumption 3 is satisfied.

Assumption 4. The unknown vectors f, and fs and the derivatives of the y; fori € {1..... r} are
assumed to be norm bounded by some known constants. Therefore,

| fall< o |l fsI<psi |l 1 1< Pmi- (14)

Lemma 2. Ref. [19] parameterized linear matrix inequality (PLMI) Y;_, Z]Ll uipjQi < 0is
fulfilled if the following conditions hold:

R; <0 ori=1,...,r
{ ¥ f (15)

%Rii+Rij+Rji<0 fori#j=1,...,r

3. TS Fuzzy-Based Sliding Mode Observer Design

The proposed TS sliding mode observer for the nonlinear system (2) in the new
coordinate (10) is as follows:

{ X =Y pui{AX+Biu+Griey + Gyivai+ Gnivs | (16)

Y =CX



Sensors 2022, 22, 6866

5o0f 14

where G, ; and G;; are design matrices of the observer that will be derived through
Theorem 1. ey := Y — Y represents the output error estimation, v,; and vs are the equiva-
lent output error injections that are used to compensate the errors due to the actuator fault
and sensor fault, respectively, and have the following structure:

ley]
Vai = {ga,ie; ey #0

otherwise
(17)
s Hii” ey £ 0
s — .7
0 otherwise
where 1, ; and 75 are two positive scalars such that
P,
Mai = Pa || ToMaj || max(+ H, E;’!‘)) + Wi
/ Pz';”" ! Vi,je{l.....r}. (18)
ns 2 ps || ToN2 || m],ax(m) + ws

w,; and w; are two arbitrary positive constants.

The observer (16) guarantees that the state estimation error converges to a pre-designed
sliding surface in finite time and then, asymptotically to zero. Define state estimation error
as e := X — X. By subtracting the observer dynamics from the system dynamic (7) in the
new coordinate (12), the state estimation error dynamic can be given as

cwr A J(Ai =G Cle+ Mifs— Gpiva
‘T h "l{ TN fe— Guivs + Did + } (19
]T

By partitioning ¢ as ¢ = [¢] ¢J]  and applying a further change of coordinates

T ;= [In-i-h—p Li:|, L= [Zl O} e R(nth—p)xp

0 Ty (20)

where L; € RU"h=P)x(p=0-h) js a stabilizing gain matrix, it is straightforward to see that

F = A+ LiAa Anzi
1 To Az A

~ 0

Mi= |:TOM2.1}

~F 0

N= {TONZ]

B — |:Dl.i + LiDZ.i:|
1 ToDa. , (21)

C=[0 Ip]

~ 0

gn,i = |:Ip:|

5 | An

G = [Azz.i - As.i]

= | Teign }

¢ [ TLig2
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where Aj;; are arbitrary stable design matrices. Through the new coordinate, the error
dynamic (19) can be re-written as

5 [;1/] _ i ﬁi{ _Avie+ Trip+ Mifa— }

i=1 gn.iVa.i +Nfs - Gn.ivs + ﬁid (22)
where
A= {All.i +LiAn; O }
! ToA21 5 As.i (23)

The goal is to design the matrices L; such that the asymptotic stability of (22) is assured
while the following specified He, performance is guaranteed:

@2 )|< 62 d? | (24)

The following theorem provides sufficient conditions to ensure asymptotic stability of
the state estimation error (22) with maximized admissible Lipschitz constant vy in (8) and
minimized H, performance gain ¢ in (24).

Theorem 1. If there exist feasible solutions for the following optimization problem with a fixed
scalar0 < A <1
min[A(c +¢) 4+ (1 —A)0]

Subject
eig(R;;) <0 fori=1,...,r
eig(%Rii‘i‘Rij-!-Rﬁ) fori#j=1,...,r
—eig(Py;) <0 fori=i=1,...,r (25)
—eig(Pp;) <0 fori=i=1,...,r
—e<0
-0 <0
—-60<0
where
Dy (Po,ToAp1) @3
Rij = | PjTo Ao, Dy i P, i ToDs,
@37 (P ToDy)T B

@y = (Ar1i+ LiAz ) Prj + Prj( A + Lidyy) + & Py jPryr 26
T
(07 4 1) L + Y dukPu
k=1
r
Dpij = ALDy i+ Py jAsi+e PP+ (0 + 1)1, + k21 Gmk P2k
D3j = P1jD1i+ Py jLiDs;

and eig represents eigenvalues of a matrix, then, the estimation error (22) is asymptotically stable
with the maximized admissible Lipschitz constant v* = max(y) = W and the

derived L; matrices can be used for the purpose of simultaneous fault reconstruction.

Proof. The proof of this theorem is done by using a positive NQLF as follows

V=T (T P )e 27)
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where P; = diag(Pyj, Pj) with Py; € R(rth=p)x(nth=p) and Pyj € RP*P are symmetric
positive definite matrices. The time derivative of the candidate Lyapunov function along
the trajectory (22) is given by

V Zz 12;‘ 1‘14‘14]{'eVT(A“TP +P~Atz+2k 1,ukpk)e+26TP (TL1¢+szu

(28)
gi’l.lva.l +Nfs gml/s +Dd>}

From (14), (17), (18) and (21), one has:
gTPj (Mifu - gvn.iva.i)
Tp,
:eysz,jToMz.ifa Wazeyuejﬁey
Tp
SH EYTPZ]‘TOMZ.ifa ” UaleYHe:ﬁeY
SH EYTPZ.jTOMZ.ifﬂ ” _7741.1' min (PZ.]') H ey ”
<l ey II (oa Il Poj Il ToMz2; | =Hairmin(Pay))
< —Wga iAmin (PZ.]') ” ey ”S 0
gTPj (]\\/{fs - gn.ivs)

eyTP, jey
= ey P ToNo fs — s~

eyl

(29)

<Il ey TPy ToNafo || s prate®

<[l ey"Po; ToNafs || =5 Amin (Poj) |l ey |
<l ey II (os | Poj Il ToN2 || =1 Amin (Paj))
< —WsAin (Paj) || ey < 0.

From (14), one has
Y P < Y iy PmiPr. (30)

By considering the fact that 2PTQ < 1PTP + ¢QTQ with ¢ > 0 and using (8), one
obtains

_ 1o 1o _
2eTP T < TseTP]-P]-e+g<pTirLT:rL4> <~ Tp.pe+ea?| €%, (31)

where & :=|| Tp |||| T.~! || 7. By Substituting (29)—(31) into (28), one has

r
V<Zz 12] 1V1V]{ (-Atz p; +PAtz+ Pij‘f'e’XzInJrh"‘klemkPk)g"’

(32)
25ijz>id}.

By defining parameter o := (ea?) ~! and the cost function as J:= V(@) +eTe—02d7d,
one has
J <X Sy pupi{e" (Aui" P+ PiAg +e PP+ 0y + L+

33
Yh_1 pukPr)E + 28T PDid — Bdd}, (33)

where B := 9?. By placing (23)in (33) and considering the diagonal structure of Pj, the
inequality (33) is continued as

€1 T e1
r r A A
J= 21’:1 ijl Hilj | ey A ey | < 0, (34)
¢ ¢
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where .
Dy (Py,iToAz1,:) D3
A= |P;jTo Az, Dy ;i . P, ;ToDs,i
@357 (P ToDy,) —Bl
®rjj = (Arni + Lidsii) Prj+ Pyj(Arni + Lids ) + € 1Py jPrj+ 5)
r
(7" +1) b + Y GiPr
k=1
.
Dpij = ALP i+ PojAsi+e PP+ (01 +1)1, + kZl Tk P2k
®3j = P1jDyj + P1jLiDy ;.
Based on the Congruence [20], the inequality (35) is satisfied by
Dy (P ToAxn;)" @3
Y Yoy Pifly P2]T0A211 D, P, iToDsi | <O0. (36)

@37 (PyToDy)" B

By utilizing Lemma 2, the summations and the fuzzy membership functions will be
omitted from inequalities (36). Finally, the results are going to be used for fmincon function
which is a nonlinear optimization tool in MATLAB software and finds the minimum of a
problem specified by

miny f(x)
c(x) <0
ceq(x) < 0
subjectto ¢ A-x <b 37
Aeq - x = beq
Ib <x<ub

The matrix inequalities (36) should be changed to some one-dimensional inequalities,
and the optimization problem can be defined as (25) and (26). In addition, from the « and o
found by the optimization problem, the maximum admissible Lipschitz constant and the
minimum can be calculated as

T Tt || Voe

(38)

]

4. Simultaneous Fault Reconstruction

In Section 3, an Heo sliding mode observer is designed in which two discontinuous
terms (19) are considered to reconstruct simultaneous faults in the presence of an unknown
disturbance based on the measured signals u and y. Along the sliding surface ey = ¢y = 0.
Consequently, (22) on the sliding surface changes to
Yy A,{ ToAz1ie1 + Todz + ToMpifa— } —0 (39)
i=1 Vega.i + TONZfS — Vegs + ToDy;d

where v, ; and vegs are approximations of the equivalent output error injection terms (17)
required to maintain the sliding motion and can be defined as

ey ey

Veqa.i = Wa.im? Vegs = 1s m/ (40)
where d; and J; are small positive constants. Consequently, (40) leads to
X Azrier + ¢ + Maifa }
0=/ _ 1 i . 41
Li=1 ‘ul{_TO lvequ.i +N2fs —To lVeqs +Dy;d 4n
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On the other hand, using (8) and (24) can show that the term Ajy; je; + ¢ + D, ;d is
bounded as
| Azrier + @2+ Dad ||
< (I Aavi L+ 1T ) e [+ I D Il ]
< (M Az [T+ T D) e+ Do ] 4
<elld],

(42)

where € = (|| Ao | +7 || T ||)+ || D2, ||- Therefore, for small values of € || d ||, the
actuator and sensor faults can be estimated as

r t r
fo = (Y i Mai}) To! { S — } 43
fﬂ (kzzl ,ul{ 2.1}) 0 k:zl‘ul Ma.i || ey H +5, (43)
f :N+T -1 eY 7 44
= M T, o

where 1 shows the pseudo-inverse of a matrix.

Remark 1. The numerical solution of Theorem 1 can be summarized as follows:

e  Find the orthogonal transfer matrix T, € RP*P by using the QR reduction of matrix N and
obtain the augmented TS system (4).
Find the changes of coordinates T; and obtain the system matrices in the format(12) and(13).
Compute the scalars o, €, and 0 and also the matrices L; using the fmincon function in
MATLAB software and solving the nonlinear optimization problem(25).

o Compute the maximized admissible Lipschitz constant as y* = max(7y) !

= TLTL7] e’
e Reconstruct the sensor and actuator faults using Equations(43) and(44).

5. Numerical Example

In this section, a three-state variable continuous stirred tank reactor (CSTR) system is
utilized to show the effectiveness of the proposed sliding mode observer in both actuator
and sensor faults reconstruction in the presence of an unknown disturbance. To show the
performance improvement of the proposed approach, the obtained results are compared to
the LMI approach presented in ref. [17].

Consider a well-mixed variable CSTR in which a multi-component chemical reaction
A = B — C is being carried out. The nonlinear dynamics of the CSTR is given by the
following model [21],

4 0879 0 0 0.5x3
x=|3 -3638 0 |x+ [1|u+ |—15x3], (45)
0 17592 —1 0 22

where x = [x1 x2 x3] T and the states represent the concentrations of the species A, B, and C,
respectively. To check the advantage of the proposed method, two faults and a disturbance
are added to the dynamic (45) as

—4 087964+05x, 0 0
x=|3 —3638—-15v 0 |x+ |1|u
0 17592 +x, -1 0
1 1
+o|fa+|1]c . (46)
0 1

1
x+ [O] fs
0

010
Y= 0 0
0

1
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It is supposed that the concentration of B is dimensionless, which means that
xp € [—11]. Consequently, by using TS rules, two membership functions can be defined as

o 1-— X2 o 1+ X2
hy = 5 hy = 5 (47)
Therefore, the local linear TS matrices can be determined as

[—4 0.8796 — 0.5 07 (07 1 1

Ai=13 -36388+15 0 |;Bi=|1|; M= |0|; D= |1

0 1.7592 — 1 -1 0 0 1
- - e (48)

—4 0.8796+0.5 0 0 1 1

Ay=1|3 -=36388—-15 0 |;By= |1|;M,=|0|; D= |1].
| 0 1.7592 +1 —1] 10] 0 1

The TS fuzzy system matrices satisfy all the assumptions; therefore, the TS fuzzy
sliding observer (16) can be designed.

For simulation, the parameters and input signal are chosen as u = sin(t), Ay = 1,
As = =51, 14; = s = 25, 155 = 25, §; = 0.01 and ;s = 0.01. and the initial conditions are
chosenas Xo = [1 12 1 O]T and X = [1L5 28 05 O]T. Moreover, the disturbance
is chosen as d = 0.1sin(0.2f)x3 and the shape is shown in Figure 1.

Disturbance

0.15

-0.15

Time (secs)
Figure 1. Disturbance d(t).
The maximum Lipschitz constant and the minimum He, performance gain obtained

through fmincon function in MATLAB on Theorem 1 are v* = 0.8358 and ¢* = 0.2982. The
observer matrices are derived as

04499 1 0 24723 1 0
33912 3 0 —0.2487 3 0
91= 148098 0 0|92~ | goma7 0 0|’
1.1852 0 4 17921 0 4
0 10 0 10
11852 0 0 17921 0 0
Gu1 = 1 0 0 ,Gno = 1 0 ol
0 0 1 0 0 1

It should be noted that the initial point for fmincon is chosen based on the results of
the related published papers. Figure 2 shows the state estimation error which converges to
a neighborhood close to zero due to the unknown disturbance.
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State Estimation Errors

2.5

005

Error

0.5

-0.5

Figure 2. State estimation error in the presence of faults and disturbance.

Figures 3 and 4 show that the proposed TS-based SMO is able to reconstruct the
simultaneous faults with a small error in the presence of an unknown disturbance.

Actuator Fault

==

0 2 4 6 8 10 12 14 16 18 20
Time (secs)

Figure 3. Actuator fault f,(t) (by blue solid line) and its estimation f,(t) (by red dashed line).

Sensor Fault

051

fs
o
N

-05

Time (secs)
Figure 4. Sensor fault f;(t) (by blue solid line) and its estimation f;(t) (by red dashed line).
The proposed approach is compared with another non-quadratic Lyapunov-based

approach using linear optimization analysis based on LMIs [17]. Figure 5 describes the
fault estimation errors using both approaches.
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Error of fa
N

0 2 4 6 8 10 12 14 16 18 20
Time (secs)
(a)

0.8

06

L

-0.2

Error of fs

-04

-06

-0.8

0 2 4 6 8 10 12 14 16 18 20
Time (secs)

(b)

Figure 5. Fault estimation errors (a). Actuator fault, (b). Sensor fault (the proposed approach by red
solid line and ref. [17] by green dashed line).

As can be seen, the proposed nonlinear approach is less conservative and can estimate
both actuator and sensor faults with smaller errors. In addition, the proposed approach
has less computational burden. In Table 1, a quantitative comparison between the pro-
posed approach and the LMI approach presented in ref. [17] is considered. In this table,
the Euclidean and infinity norms of the fault error estimations are compared and the
improvements are calculated as

F —F
Improvement (%) = ( ! F ”) * 100, (49)
1

where F, and F; represent the || Error of f || using the LMI approach [17] and the nonlinear
proposed approach, respectively.

Table 1. The norm specifications of the fault reconstruction errors for two different approaches.

Hefu”Z ||efa||oo HeszZ Heszoo

Proposed Approach 23.9858 0.3820 15.3073 0.4376
[17] 53.3519 0.5704 33.6076 0.7679
Improvement (%) +55.04 +33.03 +54.45 +43.01

As can be seen in Table 1, the proposed approach improves the fault estimation
accuracies by more than 30%.
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6. Discussion

In this paper, a nonlinear optimization approach for simultaneous actuator and sensor
fault reconstruction in nonlinear systems subjected to unknown disturbances was proposed.
First, an augmented system with just an actuator fault was created. Then, by using the fuzzy
Lyapunov stability analysis and two changes of coordinates, the parameters of a sliding
mode observer were designed through a nonlinear optimization problem while maximizing
the Lipschitz constant and minimizing the He performance index. The optimization
problem was solved by using fmincon in MATLAB as a nonlinear optimization tool. By
utilizing the optimum points, both actuator and sensor faults were reconstructed properly.
Finally, the simulation results showed a considerable increase in the fault reconstruction
accuracy with constraints with smaller dimensions.

Author Contributions: Conceptualization, S.A.; methodology, S.A., M.M., and G.G.W,; software, S.A;
validation, S.A., M.M.; formal analysis, S.A.; investigation, S.A.; resources, S.A.; writing—original
draft preparation, S.A. and G.G.W.; writing—review and editing, S.A. and M.M.; visualization, S.A.
and M.M,; supervision, M.M. and G.G.W.; project administration, M.M. and G.G.W. All authors have
read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Zhang, Z.; Hu, Y.; Luo, G.; Gong, C.; Liu, X.; Chen, S. An Embedded Fault-Tolerant Control Method for Single Open-Switch
Faults in Standard PMSM Drives. IEEE Trans. Power Electron. 2022, 37, 8476-8487. [CrossRef]

2. Tawfiq, K.B,; Ibrahim, M.N,; Sergeant, P. An Enhanced Fault-Tolerant Control of a Five-Phase Synchronous Reluctance Motor Fed
from a Three-to-Five-Phase Matrix Converter. IEEE |. Emerg. Sel. Top. Power Electron. 2022, 10, 4182-4194. [CrossRef]

3.  Alwi, H,; Edwards, C.; Tan, C.P. Fault Detection and Fault-Tolerant Control Using Sliding Modes; Springer Science & Business Media:
Berlin/Heidelberg, Germany, 2011.

4. Falcon, R.; Rios, H.; Dzul, A. A Robust Fault Diagnosis for Quad-Rotors: A Sliding-Mode Observer Approach. IEEE/ASME Trans.
Mechatron. 2022, 1-10. [CrossRef]

5. Zhang, K; Jiang, B.; Yan, X.-G.; Mao, Z. Incipient Fault Detection for Traction Motors of High-Speed Railways Using an Interval
Sliding Mode Observer. IEEE Trans. Intell. Transp. Syst. 2019, 20, 2703-2714. [CrossRef]

6. Zhang, K Jiang, B.; Shi, P.; Cocquempot, V. Observer-Based Fault Estimation Techniques; Springer International Publishing: Cham,
Switzerland, 2018; Volume 127. [CrossRef]

7. Yang, ].; Zhu, F; Wang, X.; Bu, X. Robust sliding-mode observer-based sensor fault estimation, actuator fault detection and
isolation for uncertain nonlinear systems. Int. . Control Autom. Syst. 2015, 13, 1037-1046. [CrossRef]

8.  Nguyen, V.-C; Vo, A.-T.; Kang, H.-]. A Non-Singular Fast Terminal Sliding Mode Control Based on Third-Order Sliding Mode
Observer for a Class of Second-Order Uncertain Nonlinear Systems and its Application to Robot Manipulators. IEEE Access 2020,
8, 78109-78120. [CrossRef]

9. Ziyabari, H.S.; Shoorehdeli, M.A. Fuzzy robust fault estimation scheme for a class of nonlinear systems based on an unknown
input sliding mode observer. J. Vib. Control 2018, 24, 1861-1873. [CrossRef]

10. Gu, Z; Yue, D.; Park, ].H,; Xie, X. Memory-Event-Triggered Fault Detection of Networked IT2 T-S Fuzzy Systems. IEEE Trans.
Cybern. 2022, 1-10. [CrossRef] [PubMed]

11. Li,S.; Wang, H.; Aitouche, A.; Christov, N. Sliding mode observer design for fault and disturbance estimation using Takagi-Sugeno
model. Eur. J. Control 2018, 44, 114-122. [CrossRef]

12.  Asadi, S.; Khayatian, A.; Dehghani, M.; Vafamand, N. Simultaneous fault reconstruction of TS fuzzy systems using robust sliding
mode observer and non-quadratic stability analysis. In Proceedings of the 2017 Iranian Conference on Electrical Engineering
(ICEE), Tehran, Iran, 2-4 May 2017; pp. 823-828. [CrossRef]

13. Salem, A.; Kardous, Z.; Braiek, N.B.; Ragot, ]. On the state observer based stabilization of Takagi-Sugeno systems with immeasur-
able premise variables. Int. ]. Control Autom. Syst. 2012, 10, 1153-1163. [CrossRef]

14. Gomez-Penate, S.; Valencia-Palomo, G.; Lopez-Estrada, F.; Astorga-Zaragoza, C.; Osornio-Rios, A.R.; Ruiz, I.D.L.S. Sensor Fault

Diagnosis Based on a Sliding Mode and Unknown Input Observer for Takagi-Sugeno Systems with Uncertain Premise Variables.
Asian J. Control 2019, 21, 339-353. [CrossRef]


http://doi.org/10.1109/TPEL.2022.3146216
http://doi.org/10.1109/JESTPE.2022.3148188
http://doi.org/10.1109/TMECH.2022.3156854
http://doi.org/10.1109/TITS.2018.2878909
http://doi.org/10.1007/978-3-319-67492-6
http://doi.org/10.1007/s12555-014-0159-4
http://doi.org/10.1109/ACCESS.2020.2989613
http://doi.org/10.1177/1077546316669064
http://doi.org/10.1109/TCYB.2022.3155755
http://www.ncbi.nlm.nih.gov/pubmed/35286275
http://doi.org/10.1016/j.ejcon.2018.09.006
http://doi.org/10.1109/iraniancee.2017.7985152
http://doi.org/10.1007/s12555-012-0610-3
http://doi.org/10.1002/asjc.1913

Sensors 2022, 22, 6866 14 of 14

15.

16.

17.

18.

19.

20.

21.

Ben Brahim, A.; Dhahri, S.; Ben Hmida, F.; Sellami, A. An He, sliding mode observer for Takagi-Sugeno nonlinear systems with
simultaneous actuator and sensor faults. Int. . Appl. Math. Comput. Sci. 2015, 25, 547-559. [CrossRef]

Ben Brahim, A.; Dhahri, S.; BEN Hmida, F.; Sellami, A. Simultaneous Actuator and Sensor Faults Reconstruction Based on Robust
Sliding Mode Observer for a Class of Nonlinear Systems. Asian J. Control 2017, 19, 362-371. [CrossRef]

Asadi, S.; Khayatian, A.; Dehghani, M.; Vafamand, N.; Khooban, M.H. Robust sliding mode observer design for simultaneous
fault reconstruction in perturbed Takagi-Sugeno fuzzy systems using non-quadratic stability analysis. J. Vib. Control 2020, 26,
1092-1105. [CrossRef]

Asadji, S.; Vafamand, N.; Moallem, M.; Dragicevic, T. Fault Reconstruction of Islanded Nonlinear DC Microgrids: An LPV-Based
Sliding Mode Observer Approach. IEEE ]. Emerg. Sel. Top. Power Electron. 2021, 9, 4606—4614. [CrossRef]

Vafamand, N.; Asemani, M.H.; Khayatiyan, A. A robust L1 controller design for continuous-time TS systems with persistent
bounded disturbance and actuator saturation. Eng. Appl. Artif. Intell. 2016, 56, 212-221. [CrossRef]

Scherer, C.; Weiland, S. Linear matrix inequalities in control. In Lecture Notes; Dutch Institute for Systems and Control: Delft, The
Netherlands, 2000; Volume 3.

Vafamand, N.; Khayatian, A. Model predictive-based reset gain-scheduling dynamic control law for polytopic LPV systems. ISA
Trans. 2018, 81, 132-140. [CrossRef] [PubMed]


http://doi.org/10.1515/amcs-2015-0041
http://doi.org/10.1002/asjc.1359
http://doi.org/10.1177/1077546319891693
http://doi.org/10.1109/JESTPE.2020.3043491
http://doi.org/10.1016/j.engappai.2016.09.002
http://doi.org/10.1016/j.isatra.2018.08.006
http://www.ncbi.nlm.nih.gov/pubmed/30143237

	Introduction 
	Preliminaries 
	TS Fuzzy-Based Sliding Mode Observer Design 
	Simultaneous Fault Reconstruction 
	Numerical Example 
	Discussion 
	References

