Kybernetika

Yanjun Shen; Chen Ma; Chenhao Zhao; Zebin Wu
Neural network-based fault diagnosis and fault-tolerant control for nonlinear systems

with output measurement noise
Kybernetika, Vol. 60 (2024), No. 2, 244-270

Persistent URL: http://dml.cz/dmlcz/152418

Terms of use:

© Institute of Information Theory and Automation AS CR, 2024

Institute of Mathematics of the Czech Academy of Sciences provides access to digitized documents
strictly for personal use. Each copy of any part of this document must contain these Terms of use.

This document has been digitized, optimized for electronic delivery and stamped
O with digital signature within the project DML-CZ: The Czech Digital Mathematics
Library http://dml.cz


http://dml.cz/dmlcz/152418
http://dml.cz

KYBERNETIKA — VOLUME 60 (2024), NUMBER 2, PAGES 244-270

NEURAL NETWORK-BASED FAULT DIAGNOSIS AND
FAULT-TOLERANT CONTROL FOR NONLINEAR
SYSTEMS WITH OUTPUT MEASUREMENT NOISE

CHEN MA, CHENHAO ZHAO, YANJUN SHEN AND ZEBIN WU

In this article, the problems of fault diagnosis (FD) and fault-tolerant control (FTC) are
investigated for a class of nonlinear systems with output measurement noise. Due to the
influence of measurement noise in the output sensor, the output observation error cannot be
accurately obtained, which causes obstacles to the accuracy of FD. To address this issue, an
output filter and disturbance estimator are constructed to decrease the negative effects of
measurement noise and observer gain disturbances, and a novel non-fragile neural observer
is designed to estimate the unknown states. A new evaluation function is also introduced to
detect faults. Then, a novel neural FTC controller is proposed in the presence of faults, to
ensure that all the closed-loop system signals are semiglobally uniformly ultimately bounded
(SGUUB). The effectiveness of the proposed methodology is verified via numerical simulation
of a one-link robot system.

Keywords: fault diagnosis, fault-tolerant control, output measurement noise, non-fragile,
output filter

Classification: 93C10, 94C12

1. INTRODUCTION

The fault-tolerant control (FTC) has received great attention in recent years because
faults often occur in real engineering systems, which may lead to severe economic dam-
ages. FTC is a technology that improves the safety and reliability of a system, and
has high significance for compensating for faults in real-time online. In general, FTC
methods are usually divided into two categories, i.e., the passive FTC [41[9]20L/33] and
the active FTC [5H7}[10,|11}22,|28}/29,[31L/32]. The passive FTC is considered as a ro-
bustness control operation, but its adaptive ability to fault tolerance is limited. The
active F'TC is to readjust the controller’s parameters after faults have occurred based on
fault conditions. Neural networks (NNs) have been widely used to solve the active FTC
problems for nonlinear systems with faults due to their approximate ability to unknown
functions [17,[19}21}31}32L[36L[37L[39]. In [31], neural networks were used to research the
active FTC problems for a class of switching nonlinear systems. The article [29] studied
the problem of adaptive active FTC for a class of nonlinear systems with an unidentified
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actuator fault. At present, the application of the active FTC in nonlinear systems has
made great achievements. However, few results have been derived for nonlinear systems
when the output sensor is affected by noise.

In practical engineering applications, systems and sensors are usually inevitably af-
fected by disturbance and noise [11}|12}15130,/35]. Noise may be caused by unforeseen
operating conditions or component performance, such as nonlinear drifts and failures
of electronic components. The performance of a nonlinear system may be negatively
affected if the impact of random noise and disturbances is ignored. Moreover, the active
FTC requires fault diagnosis (FD) to obtain fault information. Faults are usually diag-
nosed by the threshold of the output observation error. The authors in [31] constructed
an evaluation function based on the output observation error. In [23], an active fault-
tolerant control framework was specifically proposed for time-varying actuator faults to
enhance the robustness of fault detection. The authors in [8] investigated the problem
of FTC for multi-agent systems with sensor faults.

If the output sensor contains measurement noise, the output observation error will
not be accurately captured. Then, the FD scheme may be ineffective. Therefore, for a
system with output measurement noise, it is worthwhile to investigate the ability of an
FD scheme to tolerate the noise. In addition, gains of observers may drift [3}/16,(18.30]
because of the unavoidable presence of truncation errors in numerical calculations or
the aging of sensor equipment. In practice, besides the influence of output measurement
noise, observer gain disturbances have also an impact on the accuracy of FD. Such distur-
bances can potentially lead to instability of the closed-loop system. Presently, majority
of research on non-fragile observers design predominantly revolves around the utilization
of linear matrix inequality (LMI) technology [13}25-27,|34},/40]. While computer-based
verification allows for convenience of LMI conditions, the design methods will become
ineffective if the solvability conditions are not met. Especially, when there exit time-
varying matrix inequalities, the complexity is further heightened. Thus, it is a formidable
challenge to explore alternative approaches of non-fragile observers to effectively atten-
uate the impact of observer gain disturbances.

Based on the above analysis, this paper investigates a non-fragile FTC strategy for
nonlinear systems with output measurement noise. The fault-tolerant scheme is acti-
vated by evaluating the FD condition to determine the occurrence of faults, and the
non-fragile FTC is triggered when faults are detected. The main results of this paper
can be summarized as follows: 1. By introducing an output filter, an extended system is
derived and a non-fragile observer is constructed to overcome the adverse effects on FD
accuracy caused by output measurement noise and observer gain perturbations. 2. Base
on the output observation error threshold of the extended system, a novel FD function
is proposed to enhance the reliability of diagnostic result. Then, the FTC scheme will
be activated when necessary, and ensure that all signals of the closed-loop system are
SGUUB.

The remainder of this paper is organized as follows. The description of the problem
and some assumptions are presented in Section 2. In section 3, fault diagnosis and fault-
tolerant control are addressed for a class of nonlinear systems with output measurement
noise. In Section 4, the validity of the method is verified through a robotic arm simulation
example. Section 5 gives the conclusions of the paper.
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2. PROBLEM FORMULATION AND PRELIMINARIES

Consider a class of nonlinear system with fault as follows
T1=x2+ f1 (.fl) + dy1 (t) ,

' (1)
Ty = u(t) + fo (Tn) + Bt —tz)n(Tn) + don (1),

y=a1+dso(t),

where, fori=1,...,n,%; = (21, ..., mi)T € R? are the system state vectors, u () is the
control input of the system, y denotes the system output, do (¢) is a bounded unknown
measurement noise in the sensor, d,; (t) are bounded time-varying system disturbances,
fi (z;) are unknown continuous functions which satisfy the following assumption.

Assumption 2.1. The nonlinear functions f;(z;),i =1, 2, ..., n, satisfy the following
conditions

|fi (@) = fi (Z0)| < @i (J21(t) = 21(O)] + [w2(t) = T2(6)| + - + |zi(t) — (D), (2)

for any x;, z; = (&1, ..., i‘i)T € R, where ¢; are real numbers.

In this paper, we only consider the sudden fault. 7 (Z, ) represents a fault function,
t, indicates an unknown time instant when a fault occurs, and 3 (¢ — t,) denotes the
time profile of the fault in the following form

Blt—t) = {0, ift < t,, @)

1, if ¢ > t,.

A non-zero FD delay between fault occurrence and diagnosis is unavoidable due to
the existence of response time for FD, i.e. t4 > t,, where t4 is the time when the FTC
scheme is activated. In order to guarantee the control performance within a non-zero
FD delay time t € [t,, t4], the fault function should satisfy the following assumption.

Assumption 2.2. (Zhao and Polycarpou [38]) For t € [ts, tg4], the fault function
n(Zn(t)) satisfies ||n(Z,(t))|| < v, where v is an unknown positive constant.

The following lemma can be found in [14], and is useful for our main results.

Lemma 2.3. (Koo and Choi [14]) Define two matrices A € R(*tD>x(+1) and p,
R(n+1)><(7L+1) as,

kg1 10 0 a0 0 - 0 0
—KpMn (8) 0 1 0 —bopary age 0 .- 0 0

A= : : , Po= : :
—koma(t) 0 0 1 0 0 0 Qnp 0
—k1m(t) 0 0 0 0 0 0 —bnt1,0ne  Gngi,e
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n are unknown continuous functions which satisfy the condi-
s aje,J =1,2,...,nand bje, j =2, ..., n+ 1 are positive
n + 1 are the observer gains.

where n; (t),1=1,2, ...,
tions ™™ < n; (¢) < "
constants, and k;, 1 =1, 2, ...,

The positive constants aj¢, 7 =1, ..., n+ 1 can be obtained by

Ap42,¢0 = 1,

An+1,¢0 = C1,

205,41, 0
Ont = %, 1, 0
2(11‘4 ’iaig iaM
Qi—1,0= Ko+ —bif1,0+ -——F—
bie 2041, ¢ 2041, ¢biy1, 0

. 41
1 Zn bjvo,eajiie | Jbivieae) B2 _
+§ Py + Py H wl ,Z—2,...,TL,
j=i j+2, ¢ j+1,¢ k=i+1

where ¢; and kg are two arbitrary positive constants, and by, 2 ¢ = 0.

The positive constants bje, j =2, ...,

a1 () = 523()
<n+1 7
) =2 (H b2
k=3

=3

(5

(n2 j _o bremax { (ng‘a;‘+2

(1() +o2() +as() <1,j=2,...,

- 2650()bs )Qmax{ o~ 12, (1

min

: 2
min max
nn—i+3) ) (nn—i+3

n—+1,

1€ )bzz)2

(5i) = Brvr ())” max { (25, —

where p2¥ = pmin = 1, 0 < p" < 1, and 1 <
Bi (bix1,05 -+ bug1,0), 0 =1, ..., n+ 1 satisfy Bp41(-) =

the observer gains k;, i =1, ...,

n + 1 are chosen such that

aie

Knt1 = —bae gt — 54— — aoko,
a 1,¢ ai—1,¢
Rpn—i4+2 = x ( lau bz[ﬁjn +3 + == bzf Hn 2
=2, ,n+1,

where ag is a constant.

nn i+2

PR < 400, i = 1,2, ...,

n + 1 satisfy the following conditions

)

_ nmm)2}
n )

max min 2 max min 2
max { (nn7i+2 - 77n—i+3) ) (nn7i+3 - nn7i+2) }) )
as() = 80 (s 22

min

D% (=)'}

n.
1 and Bn42(-) = 0. Then,

Qi
ai+11’,

Hi:z bnﬁ) )
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Define the positive definite matrix W e R(»+1)x(n+1)/
Wi 1 = agko,

a;_— : Qa;
Wi =Wi1(nt)) =1 — np_iya(t)) < G;Zbié H bre — : H b*“f)
v K=2

Qiy1,0 poter

a1 ai—1,¢ :
+ n—1 t) — n—1 t bn@"‘ri’bié bnf 5
esa) i) g T 0 1T
Wi, i = Ko,
Wi =0,i#j,i=2 ..., n+1,j=2 ... n+l,

where W; ; is the element of the ith row and jth column of the matrix W.
Then, the equation AT P+ PA = — P W P, holds, where P = P{ Py. Since n;(t) are
continuous and bounded, one has

ATP+ PA < =)o, (4)
where A\ is a positive constant.

Lemma 2.4. A continuous nonlinear function f (z) defined on a compact {2, € R™ can
be approximated by NN, i.e.,

f(@)=wTp(2) + (),

where x = (21, @2, ..., a:p)T € RP? is the input vector, £(x) is the approximation error
which satisfies |e(x)] < €* and €* is a positive constant. The ideal weight vector w* and
the basis function vector ¢ () are defined as

* * *
w' = (W], wy, oo, W

@(x):(sol(x)a@Q(x)a ~~~7§0r(x))T7

where r is the number of the NNs nodes, ¢; (z) are chosen as the commonly used
Gaussian functions

v;

o0 (2)  eap ( G b») y

where v; > 0 are the centers of the receptive fields, and b; are the widths of the Gaussian
functions. Let

w* =arg min | sup ‘f (z) — Ty (@)1,
w2, TE,

ko Ak Ak

. . T . . .
where &* = (@F, @3, ..., &F)" is the estimate of w*, §2, is a compact set.
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3. MAIN RESULTS
3.1. The design of adaptive observer in fault-free

Consider the nonlinear system in the fault-free case as follows
1 =x2+ f1 (1) +do1 (1),
Tn =u(t) + fo (Zn) + don (1),
y=1x1+dso(l).

Propose a first-order output filter strategy for the nonlinear system . Then,

) x
do= -2y L (6)
Yo 7o
where vy > l‘-!-F\;l}LH denotes a positive design constant, P is defined in Lemma|2.3
2

From Lemma and the first-order output filter strategy @, the nonlinear sys-
tem can be rewritten as the following extended system,

i’ole—%ﬁ-%xl-’—do(t),

i1 = a9 + Wil (Z1) +dq (1),

Ty =u(t) + W;Tson (Zn) +dn (1),
y=uz0(t),

where, fori = 1,...,n, f; (Z;) = wiTp; (Z;)+¢ (z;(t)), w! are the optimal weight values,
€ (Z;(t)) are the NNs approximation errors, dg () = Uh%o(t) and d; (t) = dy; (1) + € (Z4(1))
satisfy the following assumption, and gy represents the output of the extended system .

Assumption 3.1. d; (t) and d; (t),i=0,..., n are assumed to be bound by positive

real numbers d; and d;, respectively, i.e.,

| (1)] < di,

d; (t)} < d_z (8)
A neural network-based adaptive non-fragile state observer is designed as,

0 17%+1;30£%1+(1A0(t)+ll€0(l'07£20),

b1 =20+ 01 01 (1) + dy (1) + (51 + Ak () (w0 — Fo)

-
I
<>

(9)
én =u(t)+ @;T‘Pn (%n) + dAn (t) + ln“(”n + Akn(t)) (xo — 20) ,

where #; are the observer state variables, x; represent the observer gains obtained from
Lemma di (t) are the estimations of d; (t), i = 0,1,...,n, @} and Ak;(t), j =
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1,...,n are the estimations of the optimal weight values and the observer gain additive
disturbances, respectively, [ > 1 is the high gain.
Consider the following transformations

Ki + Ak (t) = K; (1 + L’Z(t)) )

(1+Af%<t>):91(t),¢:1, 2,...,n.

The observer (9) can be rewritten as

&>-
Il
>

0 1_%“?1;(7052'14'620(15)4-1!%0(1'0—1?}0),

31 =22 + &} g (z1) + di (t) + 12k101(t) (z0 — Z0) , (10)

In =u(t) + 0Ty, (in) +d, (t) + 1"k, 0, (1) (20 — 20),

where 0;(t) are observer gain multiplicative disturbances satisfying the conditions i <
0; (t) < 6" with positive real numbers 6]*™ and 6"** .
From @ and , the following error system can be obtained,

éO =e€e1 — %"‘%el —lﬁo(t)€0+J0(t)a
é1=re2 +wiT o1 (T1,71) + @] 1 (1) — Pr161 () o + da (1), (11)
én = OJ;;T%Z)n (i’n, .fn) + (:)g;@n (%n) - ln—H"fnen (t) eo + CZ" (t) ’

where e; (t) = a; (t) — &; (t), di = di(t) —d; (1), i =0, 1,..., n, ¢, (Z;,7;) = p; (T;) —

ey .

©; (i‘j) and (:Jj e w; —(,;J;..’ j=1,
The adaptive laws of d; (t),i=0,1,..., n are designed as,
Cii (t) = )\Si (60 (t) — )\4idi (t)) 5 (12)

where A3; > 0 and Ay; > 0 are some design parameters.
Consider the following coordinate transformations

ei(t)zw,i:0,17...,n. (13)

Combining and , one has

é(t)=1Ae(t)+ B+C+D+E+F, (14)
—Kp 1 0 _ € 1=y
0 0
where A = —mbi(t) 0 0 , B= , C= ) ,
: : 1 :
—Finby () 0 0 0 0
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0 0 do (t)
D= %WTTgal.(i'hjl) B %uﬂfs@.l (1) and F = dl{(t)
anW:LTSZ)n' (-%na jn) %@Z@n (%n) ~" (t)

3.2. The design of adaptive controller in fault-free

By utilizing the non-fragile state observer as a foundation, the controller for the nonlinear
system is developed through the implementation of backstepping techniques. Define the
following coordinate transformations:

{“‘I“ . (15)

— A C —
=%, —aj,i=1,... ,n,

where zp and z; are the error variables, and af, i = 1,... ,n are the first-order filter
outputs. The first-order filters are designed as

)\zo%c + O‘f = Q4—1, ag (0) = Qi1 (O) ) i = 17 sy 1 (16)

?

where a;_1 and \; are the first-order filter inputs and the designed constants. Define
Tizaf—ai,l,i:17...,n7 (17)

where T; represent the errors between the inputs and outputs of the first-order filter.
The adaptive laws of &} (t) are designed as follows

BT (1) = s (vaieo (8) 1 (32) — G (0) i =1, .., m, (18)
where A\i; > 1 and )\g; are real constants.
Step 1: Construct the following positive definite function:
1
Veo = 52’3 .
In light of @ and 7 the time derivative of Vg is given as

Veo = 2020

Ca (20,8 )

Yo Yo

_ () L 1., o)t d .
%< % +%1@+%(H4k+@+%@+%m) (19)

According to the Young’s inequality, it follows that

l 1 1 ~
20 <€1 (t) —+ Tlf —+ —2Z1 + do (t))
Yo Yo 70

+1 1 ) cp(t)—l—eg—l—Tl2
2 2 0 1
|l ——t s+l ++ 20
0( 16 43 ' 4 20)

N
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The virtual control law «q is inferred as

412 +5 -
ap = < 1 - Po%) 20 — Yodo (t),
200

where py > 1 is a design parameter.

Substituting and into yields,
2 2 2

. €
VCO<_pOZg+Z1+T1+Z+Z%

Step j (2 < j < n): Construct the following positive definite functions:

1
Vei = 5212-

In light of @D and , the time derivative of V,; are deduced as

Vei = 2%

=z (Zi-i-l +Tig1 +a; + @;Twi (iz) + Cii (t) + li+11€19i (t)eo (t) — Oé,f) .

According to the Young’s inequality, it leads to

Zi (Zi+1 + Ti+1 + li+1/€i9i (t) €0 (t))

2 T2 2
z4 ; . € t
< i + 21'2+1 212 2—1 + 22_2121+2K:1292r_nax2 0 ( )

4

The virtual control law «; are derived as
o = (—Pz‘ - l2i+2’%29§na)(2 - 2) % = @fTSOz‘ (i%z) —d; (t) + a5

where p; > 0,i=1, ..., n— 1 are some design parameters.

Substituting and into yields,

2 2
. €5 (t T
Vci<—pi2i2+2i2+1+ 0()+ i+l _ 2

4 4 v
Step n + 1: Construct the following positive definite function:
1
chn = 7Zn2~

2
In light of @[) and 7 the time derivative of V,,, is obtained as

Ven =2n2n

T 2~

— (u (#) + & o (Fn) + dn () + 1" iy, (£) €0 (£) — a;) :

According to the Young’s inequality, one has

€0’ (t)

2" k0, () €0 (1) < 221222 0Max 2 4 1

(22)

(23)
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The controller « (¢) is inferred as

u(t) = (—pn — P22 1) 2, — 2 0 (20) — dn () + &5, (30)

where p, > 0 is a design parameter.

Substituting and into yields,

2
. ¢
Vin < — pn2 + Eoi ) _ 2. (31)

Construct the following function:
"1
Vi zzizf(t),izl, 2, ..., n.

=0

By combining , and , the time derivative of V; is calculated as

. .
. _ n Y2 o di(t
<= plal? + 2 e + )0 4 B (32)
=1
where 2z = (20, ...,2n)" € R"! and j=min{p;},i=0,1,..., n.

3.3. Stability analysis in fault-free and fault detection

Theorem 3.2. Consider the fault-free nonlinear system with output measurement
noise satisfying Assumption Design the non-fragile nonlinear observer (9)), the
controller , the virtual controllers , , the adaptive laws of NNs , and
the disturbance observer . Then, all signals with the initial conditions defined on a
compact set 2, are SGUUB.

Proof. Construct the following Lyapunov function:
V() =Vi(t)+Va(t)+Va(t)+Valt) +V5(t). (33)

where V; = Z?:O %212 (t)v Va (t) = 6TP€7 Vi = Z?:l %a);ﬁ‘:jh Vi= Z?:O % ? (t)v
Vs =Y ir2

i=12+44
According to Lemma and the Young!s inequality, the time derivative of V5 (t) can
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be derived as
Vo (t) =le” (t) (ATP + PA)e(t) + 2" (1) P(B+C+ D+ E+F)
<=+ 2011 IPI B+ ICI+ DI + 1] + IF])

2 1 2 2 1 2 _ 2 PR Ry

<= Ue®I” +=le®I*IPI* + — lle O + arn®@® e O | PII° + — D @/ @
Yo o a1 i
l
2 2 _ 2
+ lle @O 1Pl +n2w2+§||€(t)|| +azn [le (1)]° | P|I” +— Zd2

< l Loypepp- 2 252 | P2 P|? 2
S5 = DIPI" = — —ain®@" |[P” = azn | PII” ) [le (®)]

Yo Y0

=1
+ Z a—gd2 Z —w Qi + n2@?, (34)
i=0

where a; and as are two positive parameters, @ = max {||w; ||}, and ¢ = max { H% (z:) || }.
Similarly, the derivative of V3 and V; can be expressed as

Vs < i (@] (—Ariraieo (8) @i (Zi) — A + Ariw;))
=1
sg (— (i — 1) @T @i + A%M%if O, A%”2> . (35)
v, =% ( () di (t) — d; () Asico (£) — @ () Agidas + di (£) Agihaid; (t))
=0
< Xn: _ (/\3»\@ B 2) d? n d; n A§z€2(2) (t) n )\31'2;\4211'&12 . (36)

=0

In right of , , and the Young!s inequality, the time derivative of V5 is derived
as

< —(=-1)r2-—2).
Z;( </\i >l 4)

Deﬁnethesetﬁa:{Z?léT2 SE L)+ Ao @ + 0 322 (1) + €T Pe

Z—_1| have the maximum a? ; on the compact £2,,.

sE (o)) e

Then, it follows that
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According to , and . ., one has
l 1 1 A2 N2 32+ N2
V) <— ( ~ - (1+a1n2¢2+a2n> T G o
2 Yo 2
n 2 1 T~ " 1 n+7\ 5
—— t° — A —1—— i A3idg; — — — d; (t
D@1 =3 (1 ) afa =3 (- =T )
=2 2 -2 n 72 242 T2
: S, ds AN )Nd:
(DS (e ) e (5 ) e
i=1 =0
The parameters [, Yo, a1, as, A1;, A2j, Az; and A; are required to satisfy
! 1 1 M+DXN N2+ )02 n
(== DP)? - = — ain®F||P|? - P - 2 2>
5= (o= DIPIP = = — a3 [Pl — aan | 7] ) =
1 1 n+7 1 5
Aj—1—— >0, Ayj—1—— >0, Agidhgi — — — >0, —— > >0.
aq 19 a1 gicd a9 4 )\z 4
. 2 (n+1)AT, 03 3%+ A3,
Let @y = min{§ — (£ — 1) [|P||* = & — a1n?@? | P||* — agn || P||* — =528
2 n &2 202
)\5 — Ay — 11— i,A3i)\41 - alj — ot /\% —3}and 3 = Y1, (al‘[1 + L ) +
Yo (dg + A?"')‘Q‘%’Ef) +nw?®. Then
V() < — BV (1) + Ps, (38)

Since @, is independent of the variable &;_; and the inequality $5 > £2 holds by

2
adjusting the selection of design parameters, then, % + (V (0) — g) —®2 < ¢4 holds
From , we can obtain that

0<V ()< gz n (v (0) — §Z> o (39)

which means that {2, is an invariant set. Moreover, let d = V(O) + g?’ > 0, where m is
a parameter. The following discussion will be conducted in two cases.

Case 1: If 0 < m < 1, when ¢ > 0, the following inequality holds

V(t) < V(0)e %2 + %5 4.
2

Case 2: If 1 < m < +o00, when ¢ > Inm

, the following inequality holds

b
V(t) < V(0)e " + 53 <d.
2

In summary, it can be deduced that there exist two positive real numbers d and
T such that V(t) < d, when ¢t > T. Therefore, the signals e;, z;, d;, @F and 7; are
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bounded. According to , it follows that a is bounded. Since 17 = af — ay, it can
be established that af is also bounded. From z; = #; — af, it can be obtained that 2;
is bounded. It implies that x; is bounded because e; = x1 — £1. Similar reasoning can
be used to prove that «;, @ =1, ..., n, af, Z;, and z;, j = 2, ..., n are also bounded.
The proof is completed. O

In order to detect faults, the following evaluation function is introduced [2],

t+T
P(t) = \/ % /t eoT (7) eo (7) dr. (40)

Then, the threshold is obtained as

Py, = sup P(t).
B(t)=0

Therefore, the fault can be detected using the following decision logic

P(t) < Py, Fault — free,
P(t) > P, Faulty.

Remark 3.3. Since only the output is measurable, the FD threshold in this paper
depends the filtered output observation error with measurement noise. Compared with
the existing results [31], when the system is subject to output measurement noise, we can
only obtain the output observation error with measurement noise e; +dg, rather than its
exact value. Therefore, by constructing an extended system through an output low-pass
filter, the output noise is put into the state equation and estimated by a disturbance
observer. Then, the extended system output observation error ey can be obtained, and
applied to construct the evaluation function. Therefore, the impact of measurement
noise on fault diagnosis accuracy can also be reduced.

Remark 3.4. Due to the unavoidable presence of truncation errors in numerical calcu-
lations or the aging of sensor equipment, gains of an observer may drift [3,|16}/18,[30].
They can lead to fluctuations of the output observation errors, and result in the decrease
in accuracy of fault diagnosis. This problem can be effectively solved by designing a non-
fragile observer based on a time-varying matrix inequality.

3.4. The design of adaptive observer in faulty

According to the evaluation function , after the fault has been detected, the fault-
tolerant control strategies are activated. To ensure that all signals of the closed-loop
system are SGUUB, we use NNs to estimate the unknown nonlinear terms and the fault
term.

Consider the nonlinear system in the faulty case, i.e., 8 (t —t,) =1,

&y =2+ f1(T1) +do1 (1),

: (41)
Tp =1 (t) + fn (jn) + 10 (Zn) + don (t) )
y=2x1+dso(t).
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Similar to the system , the system can also be rewritten as,
o= w1 — 2 20y +dyg (8),

T1 =g +W:1T<P1 (i'l) +dea (t) ’

in = u(t) + Wl on (Zn) + @ TP (Tn) + dey, (1),

Y = Zo,

where the unknown nonlinear terms and the fault term are approximated by NNs as
fi(@) = wiloi (7)) +ec (1), i = 1, ..., n and 7 (Z,) = @Y (T,) + en (Za(t)),

w* and w}k, i = 1, ..., n are the optimal weight values, . (Z;(¢)),i =1,...,n—1
and &, (Z,(t)) are the NNs approximation errors. 7. > T ‘-ﬁGPH 7 denotes a positive
I+P.

design constant, deo () = =22~ is the bounded unknown measurement noise in the
output, de; (t) = doi (t) +ec (Zi(t)), i =1, ..., n—1 and dep, (t) = dop (t) + ¢ (Tn(t)) +
en (Tn(t)) are the bounded time-varying system disturbances which satisfy the following
assumption.

dso(t)
0

Assumption 3.5. d; (t) and dei (t),i=0,..., n are assumed to be bound by positive
real numbers d,; and dci, respectively, i.e.,

dei (8)] < dy | ()] < dis (43)

Similar to , a neural network-based adaptive non-fragile state observer with fault
is designed as follows

A A e 1—7c0 A 7 A
Leo = Tel — Tcg + ’ycoco Zer +deo (t) +lekeo (930 - ch) ,

iécl = Tea + @:1T<Pc1 (:%cl) + Czcl (t) + lgﬁclecl (t) (xO - ja) y

Cécn =u (t) + LDZZ;‘PCVL ('%cn) + @*Td) (icn) +den (t) + 12+1ch00n (t) (IO - icO) s

(44)
where for i =0, 1, ..., n, & are the observer state variables, r; represent the observer
gains obtained from Lemma de; (t) are the estimations of dg; (¢). Fori=1,2, ..., n,

wr and ©w* are the estimations of the optimal weight values, and 6., are disturbances
of observer gains satisfying the conditions 2™ < 0.; (t) < 02, where 2™ and 0712
are positive parameters. According to (42)), we are able to establish the following error
system
écO = €c1 — % + 1;%ecl - lc’{cOecO + JCO (t) )
be1 = €y + Wi Ger (Te1,T1) + DL @er (Ter) — 2ke1bcr (t) eco + dea (1),
(45)

€cn :Wzg(ﬁcn (:%cny :z'n) + @Z;Lspcn (*%cn> + W*Tl/;~(*%cn7 -'in)
+ @*Tw (icna jn) - lz+1ﬁcn00n (t) eco + den (t)
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where e () = @i (t) = #ei (1), deg = dei = dei (8) 7 = 0, 1,00, n, @y (T, 75) =
Dej (33] <pC] (xcj) (fj,fcj) = (%) — ¢ (Tj) , Dej = wej* —wh,i=12...,n
and w =w* —w* > 11is the h1gh gain.

The adaptive 1aws dgi (t),i=0,1,..., n are designed as

d;m- (t) = A3ei (eco (t) — Macides (ﬂ) )

where A3q; > 0 and A\ge; > 0 are the design parameters.
Consider the coordinate transformations as follows

T, (t) — QATCZ‘ (t) i
I ’

[

cei () = =0,1,..., n. (46)

Integrating and , we obtain
€ (t) =l Ace(t)+ B.+Ce+ D+ E.+ F.+G.+ H,,

—Keg (T 1 0 _€co 1—7c0
co () 8‘2 Steal
—kefar(t) 0O .0
where A, = fie1fer (1) , B = ) ,Ce = ) ;
: : 1 :
_K/cnecn (t) 0 0 0 0
0 0 deo (1)
T A _ ~ oy ~,
LWer Pet (xclvxl) iw£¢cl (%1) dbllv(t)
DC = ) EC = ) FC = .< )
*T ~ ~ _ 1 ~T A T
l%,,wcn Pen (.’Ecn, QTn) .7 YenPen (xcn) C["ﬁ”
0 0
0 0
G, = . , H. = .
lln NT (xcn) ZLLMW*THE (iCna*/En)
Choose the coordinate transformations as
Ze0 = Lc0,
Zei :i‘ci—agi,izl, ey N
where 2.9 and z.; are the error variables, and of;, ¢ = 1,... ,n are the first-order filter

outputs. The first-order filters are designed as follows
Acibig; + ag; = a1y, ag; (0) = aei—1) (0), i =1, ..., n,
where a(;_1) and A; are the first-order filter inputs and the designed constants. Define
Tei = ag; — Qegiz1), i =1, ..., n,

where T,; represent the errors between the inputs and outputs of the first-order filters.
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The adaptive laws of &% (t) and @* (t) are designed as follows

W% (1) = Mei (Naeico () @i (Tei) — 05 (1)), i=1, ..., n, (47)

@ (1) = x1 (X260 (1) ¥ (Zen) — " (1)), (48)

where A1 > 1, Mg, X1 and xo2 are the design parameters.
Since the controller design process and stability analysis with faulty control are similar
to those with fault-free control, the controller and the virtual controller are given as

412 +5 s
Qe = (2 - peO’YeO) 2e0 — Yeodeo (1), (49)
4700
Qej = —PciZci — Zcilc2i+2f‘ﬂzi0;‘la)(2 —32¢i — w:j Pci (‘%cz) - dci (t) + dgia (50)

i=1,...,n—1,

- ~ ax T ~
U (1) = (—pcn — lg"+2/<i02;a"2 - 1) Zen — @ T (:ccn) — Wh, Pen (xcn) (51)

—den () + &5,
where poo > 1, pe; >0,i=1, ..., n—1 and p., > 0 are the design parameters.

Theorem 3.6. Consider the nonlinear system with fault and output measurement
noise under Assumption Design the non-fragile nonlinear observer . Based on
the evaluation function , it can be obtained the time instant when a fault occurs.
Then, with the virtual controller , , and the adaptive laws of NNs and the
disturbance observer , 7 a fault-tolerant controller can be designed to ensure
that all signals of the closed-loop system are SGUUB.

Algorithm 1 Procedure of the design parameters selection
1: Configure the radial basis functions by choosing the node number, the center and
the width;
2: Select the observer gains x; such that holds;
: Select the first-order filters parameters ; and the output filter parameter -y, and
construct the extended system ;
. Select the design parameters X1, Xa, Asi, Ai, A1i, Az; for the update laws @*, d;, Of;
: Select the design parameters \;, and determine the virtual controllers a;;
: The threshold P, is calculated by the algorithm in ;
: When a fault is diagnosed, reselect the controller parameters for the FTC

w

N o U

The algorithm of corresponding parameters selection is given by Algorithm 1.
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4. DEMONSTRATIVE EXAMPLE
Consider a one-link robot system as follows:
Tp+ Rp+ Esin(p) =7+ 74
Wi+Qr=u—K.,p (52)

where p, p and p are represent the the link position, velocity and acceleration, respec-
tively, 7 is the torque generated by the electrical system, 7,4 represents the torque distur-
bance. T = 1kg/m? represents the mechanical inertia. R = 0.1 Ntms/rad represents
the coefficient of viscous friction at the joint. E = 10 is a positive constant related
to the load mass and gravity coefficient. W = 1 H represents the armature inductance.
@ = 112 represents the armature resistance. K, = 0.2 Nm/A represents is the back-emf
coefficient. u represents the control input for electric torque.

Consider the case where fault exists in the above system. By introducing the variable
r1 =p, x3 = p and z3 = T, the system can be rewritten as

i1 =z2+ fi (21) +dor (1),

Bo = a3+ fo (21, 22) + do2 (1),

3 =u(t) + f3(z1, T2, x3) + do3 (t) + B (t — to) 1 (x1, 22, x3),

y =1 + dso,
where the functions fi(z1) = 0.1sin(xy), fa(z1, x2) = —(R/T)ze — (E/T)sin(zq),
fa(x1, x2, w3) = —(Kp/W)xe — (Q/W)zs + sin(z1z2x3). doi(t), s = 1,2, 3 are the
bounded time-varying system disturbances, d,o is a bounded unknown measurement

noise in the sensor. y denotes the system output. The fault function is chosen as
n(x1,22,23) =5+ 0.3sin (x1 + x2 + x3). The time profile of fault is

0, if t < t,,
t—ty) =
bl ) {1, ift >t,.

Assume that the fault occurs at ¢, = 20 s.
Similar to (1)), the following extended system can be obtained,
o =21 — L0+ 12000 4 dy (t),
i1 = x2 +wiTer (21) + di (1),
iy = m3 4+ w3l o (w1, T2) +da2 (),
i3 =u(t) +wilys (v1, T2, 23) + B (t — to) @ TP (21, 22, 73) +d3 (2),
Y = xo,
where dy(t) = 0.5sin(500t), dy(t) = cos(500t), da(t) = sin(450t), ds = 0.5 sin(450¢).
According to @7 the following non-fragile observer is presented,
To =11 — %Jr%i’ﬁrdo(twrlﬂo(%*fo),
I = ‘%2 + of)fTapl (i’l) + d1 (t) + 121€191 (t) (l’o — ii'o) y
Ty = &3 + W3 oo (81, 82) + da (t) + 1PK202 () (xo — Z0), )
3 =u (t) + &5 @3 (21, &2, 83) + B (t — to) & (21, w2, 23) + ds (1)
+ I*rg03 (t) (zo0 — o),
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Fig. 1. The trajectories of ¢ and Zo under fault-tolerant control.

where the high observer gain | = 5, the observer gains kg = 5, kK1 = 8, ko = 10, k3 = 15,
the observer gain disturbances 61(¢t) = 1 + 0.1cos(t), 62(¢t) = 1 + 0.1sin(t), 5(¢t) =

14 0.05cos(t) and Opax = 1.1. Select NN basis functions as 1 (21) = exp[—w},

0.1
(21 —54+m)2 4 (22 —5+m)? _ (81—54+m)*+(&2—5+m)?

P2(21, &2) N expl— 0.1 I, 903(25%1» T2, 503)2: exp| ) 0.1
— (P (@1, g, ) = eap|— =2HmHEagm) BBl ] iy — 1 10,

The parameters of the adaptive laws are chosen as A1 = A2 = M3 = 2/3, A1 =
Aog = Aoz = 3, x1 = 0.01 and x2 = 1000. The design parameters in virtual con-
trollers oy, ¢ = 0, 1, 2 and u(t) are given as pgp = 5, p1 = 6, p2 = 3p3 = 2 and
Yo = 1. The parameters of the first-order filters Ay = 0.8, Ay = 0.5 and A3 = 0.001.
The initial values are chosen as (2(0), £1(0), z2(0), 23(0), £0(0), Z1(0), £2(0), 25(0)) =
(0,2, —0.2, 0.3, 0.5, 0.5, —0.2, 0.3).

The main simulation results are presented in Figure [[]-[12} Figure [I]-[4] describe the
trajectories of system states z(t) = (x(0), (1), (2), #(3))T and the observer states
2(t) = (2(0), 2(1), 2(2), 2(3))T under FTC case. Figure 7 show the trajectories of
system states x(t) and the observer states Z(t) in the absence of FTC case. The fault
is detected at around 22s with the threshold Py, = 0.04 in Figure [)} Figure and
Figure [L1] show the trajectories of the norm of the NN weight vectors. Figure [12| shows
the trajectory of the controller u(t). In order to demonstrate the effectiveness of our
proposed methods, Figure [[3]-[I5] show the trajectories of the system states and the
observer states obtained by the method in [31] when the system is in the presence of
output measurement noise. Obviously, the states of the system are divergent. It is
also shown in Figure [16| that the trajectories of the evaluation function and threshold
obtained by the method in [31]. The time detected for the fault is 2.5s. Therefore, it is
impossible to initiate FTC strategy rightly when the fault occurs. In summary, based on
the method proposed in this paper, all the signals are SGUUB, even if the fault exists.
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Fig. 2. The trajectories of 1 and &1 under fault-tolerant control.
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Fig. 3. The trajectories of x2 and &2 under fault-tolerant control.
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Fig. 4. The trajectories of 3 and &3 under fault-tolerant control.
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Fig. 5. The trajectories of x¢ and Zo without fault-tolerant control.
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Fig. 6. The trajectories of 1 and &1 without fault-tolerant control.

15 I I I I I I I I
0 10 20 30 40 50 60 70 80 920

Time(sec)

Fig. 7. The trajectories of z2 and &2 without fault-tolerant control.
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Fig. 8. The trajectories of 3 and &3 without fault-tolerant control.
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Fig. 9. The trajectories of the evaluation function and threshold.
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Fig. 10. The trajectories of ||&7]|, ||®3]], and ||&3]] under
fault-tolerant control.



Neural network-based fault diagnosis and fault-tolerant control for nonlinear systems. . . 265

— 1=l

4 . . . . . .
20 30 40 50 60 70 80 90
Time(sec)

Fig. 11. The trajectory of ||cw”|| under fault-tolerant control.
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Fig. 12. The trajectory of u(t).
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Fig. 13. The trajectories of x; and &; obtained by the method

in [B1).
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Fig. 14. The trajectories of x2 and &2 obtained by the method

in [31].
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Fig. 15. The trajectories of 3 and &3 obtained by the method

in [31].
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Fig. 16. The trajectories of the evaluation function and threshold
obtained by the method in .
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5. CONCLUSIONS

In this paper, we focused on the active FTC problem for a class of nonlinear systems
with measurement noise in the output. Firstly, in order to mitigate the impact of sensor
noise and observer gain disturbances on fault diagnosis accuracy, an extended non-fragile
observer was established. Then, based on the magnitude of the output observation error,
an activation of the FTC scheme was determined. Finally, a neural network adaptive
fault-tolerant controller was constructed to ensure that all signals of the closed-loop
system are SGUUB. The simulation results showed the effectiveness of our proposed
scheme. In the future, we will consider the active FTC problem for a non-strictly
nonlinear system.
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