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Abstract: This paper addresses Fault Detection and lIsolation (FDI) for wind turbines based on a Proportional
Multi-Integral Observer (PMIO). A wind turbine model is linearized using the Takagi-Sugeno (TS) approach based on
Lyapunov stability theory and LMI condition, then the PMI observer is considered for use with the TS fuzzy model to
estimate and isolate both actuator and sensor faults with the introduction of a centered noise. The kth derivatives of
the actuators and sensor faults are not equal to zero but are rather bounded norms. However, based on Lyapunov
stability theory and L2 performance analysis, design conditions are established through LMIs formulations. Simulation
results show that our proposal outperforms some existing approaches.
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Introduction

Wind turbines represent an increasingly important
source of electrical power around the world, and many
wind farms are being located offshore to access stronger
and more stable wind sources [5]. Such offshore
installations are more difficult and costly to service than
onshore turbines [7]. Efficient fault monitoring and
diagnostics can potentially predict equipment failures
before they occur, thus allowing for timely intervention
to prevent downtime or damage [8].

To test different schemes for Fault Detection and
Isolation (FDI) for an offshore wind turbine, we use a
wind turbine reference model introduced in [9] using the
desired detection time and false alarm rate. The
benchmark model presented corresponds to a three-axis
horizontal axis wind turbine with a nominal power of 4.8
MW. Some work has been achieved for FDI in wind
turbine system based driven data [10]. The authors in [11]
proposed a data-driven fault detection scheme with
robust residual generators directly constructed from
available process data. In [12] a classifier combined Bayes
Statistical Algorithm, Back-propagation Neural Networks,
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and Decision Trees, and in [13] a Fuzzy/Bayesian network
classifier was made to classify data into two classes, to
determine whether the system state is defective or not.
In addition to the nonlinearity of its simulation model,
the high power of the noise in all the sensor signals
defined in [9] generates problems in the FDI design.
These factors make the FDI problem very challenging
[14].The authors in [15-16] used the Kalman Filter (KF)
and generalized likelihood ratio test to generation and
evaluation residues. In [17], the fault diagnosis approach
was combined with analytical redundancy relations
(ARRs) and interval observervations. In [18], the
unknown input observer was proposed to detectsensor
faults in the drive train and converter subsystems of the
benchmark model. Further, in [8], the Sliding Mode
Observer (SMO) based estimation scheme was presented
to detect, isolate and estimate sensor and actuator
status in benchmark model subsystems. In addition, to
solve the nonlinearity disadvantages in the simulation
model [19], the authors in [20] proposed a fault diagnosis
scheme based fuzzy models. This fuzzy model, in the
form of a Takagi-Sugeno (T-S) prototype, represented the
residual generators used for fault detection and isolation
(FDI).
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This paper focuses on a fault diagnosis method for
the wind turbine system model developed by [19], which
is linearized using the Takagi-Sugeno (T-S) approach
based on Lyapunov’s stability theory and LMI condition
for T-S systems stability presented in [21]. Furthermore, a
Proportional  Multi-Integral  Observer (PMIO) s
considered for the T-S fuzzy model to estimate both
actuator and sensor faults by introducing a centered
noise. However, the k' derivatives of the unknown
inputs (actuators and sensor faults) are not equal to zero
and are bounded norms. Based on Lyapunov’s stability
theory and L performance analysis, the design
conditions are established in LMIs formulations.

This remainder of this paper is organized as follows.

In section 2, the model of the wind turbine is presented
and linearized using the TS approach. In section 3, the
design state feedback controller is proposed. In section 4,
the structure and synthesis of PMIO are presented.
Section 5 describes a simulation that compares
estimation of actuator and sensor faults. Conclusion are
presented in Section 6.

Wind Turbine System Modeling

Wind Turbine Basics

A wind turbine captures kinematic energy from the
wind and transforms it into mechanical energy (by
rotating a shaft), then into electrical energy (through a
generator). As shown in Figure 1, the visible components
of horizontal axis wind turbines (HAWTs) are the tower,
the nacelle, and the rotor.

The wind spins the rotor on this upwind
horizontal-axis turbine. The low-speed shaft transfers
energy to the gearbox which drives the high speed shaft,
which then drives the generator, producing electricity. In
Figure 1, the yaw-actuation mechanism rotates the
nacelle so that the rotor faces into the wind [22]. The
modeling of the wind turbine mainly represents its
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Figure 1. Wind turbine components.

aerodynamic, mechanical and electrotechnical

characteristics.
Wind Turbine Modelling:

This article uses a three-bladed pitch-controlled
variable speed wind turbine model with a nominal power
of 4.8 MW as described in paper [23].

Aerodynamic model:
The aerodynamics of the wind turbine are
modeled as a torque acting on the blades, according to:

_ 23: P-7T.R?.Cy(A(t), B ()02, (t)

7, (t)
i=1 6

(1)

where vy,i(t) is the wind speed, p[kg/m?3] is the air density,
R[m] is the rotor radius, Bi(t) is pitch position of the
blades, w: is the rotor speed, and Ai(t) is the tip speed
ratio, defined as:

w, (t).R

A= O

(2)

Pitch system model:

For each blade, the hydraulic pitch system is
modeled as a closed-loop second order transfer function
between the pitch angle Bi and its reference Birer,
according to:

Bs) _ @, 3
Birer(s) $°+2lw,-s+a} (3)

which can be written as a differential equation:
A= 2S00 8 —atB + n/P (4)

where Cis the damping factor, and wn [rad/s] is the
natural frequency, and i =1, 2, 3 for three blades.
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Drive train model:
The drive train by a two-mass model is modeled as

follow:

Kae

By +B. B

@, (t) =Jir,<t)— X o, () + 2, t) (5)

r r r riNg

@,(t)= NaeKae 0,(t)- NaeKae a)r(t)+(77dtB;t +B_9)a)g (t)_-liz-g(t) (6)

9 7g 9 7g g9'%g g g

Ou(t) = a0, t) Nia)g (t)

g

(7)

where wr(t) is the rotor speed, wg(t) is the generator
speed, tr(t) is the rotor torque, tg(t) is the generator
torque, Jrlkg.m2] is the moment of inertia of the
low-speed shaft, Kdt[Nm/rad] is the torsion stiffness of
the drive train, Bdt[Nms/rad] is the torsion damping
coefficient of the drive train, Br[Nms/rad] and
Bg[Nms/rad] are respectively the viscous friction of the
high-speed shaft of rotor and generator, Ng is the gear
ratio, Jglkg.m2] is the moment of the inertia of the
high-speed shaft, ndt is the efficiency of the drive train,
and BA(t) is the torsion angle of the drive train.

Generator and Converter model:
The generator and converter dynamics can be
modeled by the following first order transfer function:

To(s) g

(8)

Tyref(S) S+ 0ty

This dynamics can be approximated by a first order
model with time constant t, [19]:

2-g_(t) + Tg,ref (t)

Z:g (t) =-
t t

(9)

g g

The power produced by the generator is given by:

Pg(t):ﬂg'a)g(t)rg (10)

where agJrad/s] is the generator and converter model
parameter, ng is the efficiency of the generator. The
generator torque 1y is controlled by the generator torque
reference tg,rer.

Wind turbine control:

The mean wind speed determines the area of
operation of the controller and therefore of the wind
turbine. As shown in Fig. 2, turbine operations fall into
four distinct categories determined by wind speed: (1)
cut in speed, below which wind is insufficient to drive the
turbine; (2) interim area in which wind speeds are
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sufficient to drive the turbine but are still below nominal
wind speed; (3) maximum power capture region, which
begins at the minimum nominal wind speed; and (4)
cutting speed, at which wind speeds are too high for safe
operation. The main objective of wind turbine system
operation controls is to optimize the conversion of wind
energy into mechanical energy to generate electricity.
These systems are characterized by nonlinear
aerodynamic  behaviors and depend on the
uncontrollable stochastic force of the wind, using defects
as a driving signal. The design of such a system, from
analysis and control designs to real-world applications,
requires an accurate global mathematical model of
turbine dynamics. Normally, such a model is obtained by
combining the models of constituent subsystems with
overall wind turbines dynamics. This section describes
the combination of a low speed flexible shaft model with
a conceptual two-mass wind turbine model.

Region1l Region2 Region3 Region4
Mix. Power
5 4 in Wind
— Rated Power
za-
2
[ 3 -
1]
2
g2
1 -
O _-/ T T T T
0 5 10 15 20 25 30
Cut-In Wind Speed (m/s) Cut-Out

Figure 2. Wind turbine reference power curve for different wind speed
zones.

Takagi-Sugeno Model of the Wind Turbine System :

State space representation of the wind turbine:

To use the Takagi-Sugeno Approach, the model is
first transformed into a state space representation. We
define the state and input vectors following [19]:

xt=[ol) ol 660 0 AB Al AW AB BB AW] (11)
u)=[torslt) Bal) Bslt) Booslt] (12)
Equations (5), (6), (7), (9) and (4) provide the
rankings for each blade. The model of the wind turbine

can be written into a state space embedding the
nonlinearities in the parameters:

x(t)=A-x(t)+B-u(t) (13)
y(t)=C-x(t) (14)

Remark 1. The nonlinear system structure presented
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in (13) and (14) was studied in [19]. The nonlinearity of
this structure is presented in the terms 'zi' ((15), (16) and
(17)) from the coefficient of power Cq(A;,Bi) and the wind
speed vw,(t) for each blade. For this reason we used
Takagi-Sugeno to solve the nonlinearity problem as
shown in the following section.

Where
[ By tB, B, Ky
-—_  — -— 0 z{t) 0 gzit) 0 zt) 0
] m | 1(t) a(t) 3(t)
_77‘“7/(“ WLBZ’_I.@ 77‘”7/(“ _l 0 0 0 0 0 0
IN, NN,
1 = 0 0 0 0 0 0 0 0
NQ
1
A=l 0 0 0 -= 0 0 0 0 0 0
tg
0 0 0o 0 0 1 0 0 0 0
0 0 0 0 - 2s, 0 0 0 0
0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 - 2s 0 0
0 0 o 0 0 0 0 0 0 1
0 0 0 0 0 0 0 0 -0 -%o)
o }
0
0 i ;
) 1000000000
- 0 0 0 0100000000
B(;OOO . 0001000000
= c=
) aNe 000100000
0 o> 0 0
0000001000
0 0 0 0
, 0000000010
0 0 @ O » -
0 0 0 ©
0 0 0 o]
And
-7-R*-C t), B (t))- v, (t)
Zl(t)zp q(ﬂ’l( ) ﬁl( )) ,1( ) (15)
6-J - Bilt)
- TR C t), . 4t)
2,(t)=L o AL), oAE) L ult) (16)
6Jrﬁ2(t)
-7-R*-C t), 5 (1) v, 5(t)
2t) =2 0 (As(t), B5(t) - 0,5 (t) (17)
6Jrﬁ3(t)

Wind turbine fuzzy model:

The Takagi-Sugeno (T-S) model is applied using the
method presented in [24]. The fuzzy model proposed by
Takagi and Sugeno [25] is described by fuzzy IF-THEN
rules which represent local linear input-output relations
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of a nonlinear system. The main feature of a
Takagi-Sugeno fuzzy model is to express the local
dynamics of each fuzzy implication (rule) by a linear
system model. The ith rules of the T-S fuzzy models are in
the following form:

Model Rule i:

IF:  z1(t) is M1, z2(t) is M2 and z3(t) is M3
x(t)=A; - x(t)+ B-u(t)

y(t) = C-x(t) (18)

THEN: {

Wherei=1,2,..,r.

Here, M is the fuzzy set and r = 23 is the number
of model rules, Ai € R™, zi(t), z(t), z3(t) are known
premise variables that can be functions of the state
variables, external disturbances, and/or time. Given a
pair of x(t); u(t), the final outputs of the fuzzy systems
are inferred as follows:

> o, (2()(A, - x(t) + B-u(t))
x(t) =" - (19)
> o(ae)

which can be rewritten as :

£(t)= DA (2()(A, -x(t) + B-u) (20)
Where : lzlz(t)=[zl(t) z,(t)  z3(t)] (21)
o(el) =] M, (2,(0) (22)

. o)
Za(z(t» (23)

For all t, the term M;j(z(t)) is the grade of
membership of zj(t) in M;;. Since:

ga)f(zt » (24)
where Za»(z(t))zo,- -1,2, .., 8.
and :zlh,(zmwo (25)
where S h(zt)>0; i=1,2, .. 8.

i=1

From Egs. (20) to (23), za(t) € [zi,minjzimax],  22(t) €
[22,min; Z2,max], Z3(t) € [23min; Z3,max] IS bounded. From the
maximum and minimum values zi(t), z(t) and z3(t) can
be represented by:
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PAR'C, (s t), B 6)0ns ()

T

= Ml (Zl (t)) : z1,max + MZ (Zl (t)) ) zl,mm (26)

PIRC, (A (t), Byt (t)
6J, S (t)

Z (t) = = N1 (ZZ (t)) : zZ,max + NZ (ZZ (t)) : Z2,min (27)

PIRC, s t), B (t)0,5 (t)’

2= B

=L(23(t)) Zapnax + Lo (23(t)) Z3 i (28)

Therefore the membership functions can be
calculated as:

M, = 21 =21, mi
Zi,maxZ 1
' (29)
Mz — 4 , m Z
Z1,maxZ 1
N, = Z2 — Z2,min
Z3 max — Z2,min
' ' (30)
N2 _ zZ,max —2Z,
zZ,max _zz,min
L= Z3 — Z3min
Z3,max — Z3,min
(31)
z3,max —Z3
L, =
zS,max _23,min

The membership functions are specified as shown
in Table 1 based zjmax and zimin :

Table 1. Fuzzy Model.

Sets z4(t) z,(t) z3(t) A matrix
Rule 1 Z1,min(t) Z2,min(t) Z3,min(t) Az
Rule2  zimox(t)  Zomin(t)  Zzmin(t) Az
Rule3  zimin(t)  Zzmax(t)  Zzmin(t) Az
Ruled  Zimox(t)  Zzmax(t)  Zzmin(t) As
Rule5  Zziminft)  Zomin(t)  Z3max(t) As
Rule 6 Z1,max(t) Z2,min(t) 23 max(t) Ag
Rule 7 Z1,min(t) Z2,max(t) 23 max(t) Az
Rule 8 Z1,max(t) Z2,max(t) 23 max(t) As

Then, the matrices of the local models are:
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Bth B K
J; N,J, J
NaKa By N B ke

LN, jgNgz b AN
Ly
N,
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
| 0 0 0
__ By +8 B, B ﬁ

oL
NaKa By N B ks
IN, LNl N,

99 99

O O O O o o
O O O O o o
o O O O o o

[ Bi+B By Ky
J, N,J, J,

JQ Ng J@ N; Jg "9 N 9
L2 o
NQ
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0

| —

—~

s

o O O o o o

P’

Zi,min 0 ZZ,min 0 Z3,mm 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 1 0 0 0 0
- 2w, 0 0 0 0
0 0 o0 1 0 0
0 0 -&& 2As, 0 0
o o0 o0 0 0 1
0 0 0 0 -0 -An
Zl,max 0 ZZ,m\’n 0 ZS,min 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 1 0 0 0 0
- 2s, 0 0 0 0
0 0 0 1 0 0
0 0 -& -2s, 0 0
0o 0 o0 o0 0 1
0 0 0 0 -& -2
Zl,m‘m 0 zZ,max 0 Z3,min 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 1 0 0 0 0
o 2s, 0 0 0 0
0 0 0 1 0 0
0 0 -w 2o, 0 0
0o 0 0 0 0 1
0 0 0 0 -0 o,
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- -2, |
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0 0 0o 0 0 0 0 1 0 0
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1 29 00 0 0 0 0 o
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A=| 0 0 0 — 0 0 0 0 0 0
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0 0 0O 0 0 1 0 0 0 0
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0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 -0 2As, 0 0
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|0 0 0 0 0 0 0 0 -0 Ao

Fuzzy Controller Design:

A state feedback controller is designed based on
the wind turbine TS model cited in the previous section
using a design procedure called "parallel distributed
compensation" (PDC) [27]. This model-based design
procedure was proposed in [26].

In the PDC design, each control rule is designed
from the corresponding rule of a T-S fuzzy model. For the
fuzzy model (18), the following fuzzy controller is built via
the PDC:

Control Rule i:
IF:  z1(t) is M1, z2(t) is Mi2 and z3(t) is M3
THEN: u(t)=-T;-x(t);i=1,2, ..., 8

where T; is the feedback control gain, and can be

described a fuzzy control rule. The overall fuzzy
controller is represented by:
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3 w(z(t) T, - x(t)
u(t) =~ — S h(zlt) T -x(t) (32)
> o(z(t)) =

Theorem 1. The design is based on the Lyapunov
stability theory and LMI condition for stability of T-S
systems in [21]. The LMI region stabilization problem in
the case of S(a,r,8) has a solution if and only if there
exists a symmetric positive definite matrix Xi and a matrix
Y; satisfying:

AX;+BY, +X,A ¥'B" 2aX, <0 (33)
—rX; gX, +AX, BY,
|:qX,- + XA +Y'B —rX; } 0 (34)

(AX +BY, + XA +YB)sin(@)  (AX; +BY, —(X:AT +Y'BT))cos(6) <0(35)
(AX +BY. — (XA +Y'B ))cos(f)  (AX; +BY,+ XAl +Y B )sin(6)

The solution to our problem is given by :
T=YX (36)
where a is the minimum response speed, r is the
maximum response speed, and 8 is the overshoot. The

LMl region S is shown in the following Figure 3:

Poles clustering of the proposed controller

100

80

60 [

401

20 .~ =

Imag(s)

i . . - —- -
i [ 2-—7 e
40
£0

-80 1

100 L I L L L L L
-50 -40 -30 =20 =10 0 10 20 30 40 50

Real(s)
Figure 3. Poles in the LMl region S(a, r, 6).

Remark 2. All the poles are indeed located in the
LMI region S(a,r,8) as show in Figure 3, which assures
system stability (20).

PMI Observer Design:

From Egs. (14) and (20), the wind turbine T-S fuzzy
model can be rewritten with the noise and the
unmeasurable premise variables subject to faults and
effect both actuator and sensor as follows:

@ www.ausmt.or
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x(t)= ;hf(z(t))(Ai “X(t)+B-ult)+F - fo(t)+R- wt) (37)

y(t)=C-x(t)+F - f,(t)+H ot)

where x(t) € R" represents the state vector, u(t) e R™ is
the input vector, fa(t) € R™@ and fs(t) € R" are respectively
the actuators and sensors faults vectors, w(t) e R™ is
measurement noise vector, and y(t) € R™ and represents
the output vector. Ai € R™" are the state matrices, B €
R™ is the input matrices, C € R"*" is the output matrix,
Fi € R™ and F € R™*fs gre the faults matrices, and R €
R™W and H € R are the disturbance matrix.

The hi(z(t)) represents the membership functions
which depend on the unmeasurable premise, state x(t) of
the system. These functions satisfy the convex sum
property:

h(zt)=1, Vt=0
; (2(t)) (38)

0< h(z(t) <1, fori=1,2,..,8

Hypothesis 1. The faults are assumed to be
time-varying signals whose k" time derivatives are
bounded by fo. The following notations are used:

fO)=£(0)
filt)=£i(t)
: (39)
fa(t)=£ilt)
flt)<0

Remark 3. This assumption allows for the
consideration of a wide range of actuator and sensor
faults [28].

To simultaneously estimate the actuator and
sensor faults, the system (37) is transformed to an
augmented state using a new state f(t) thatassumes the
fault actuator and sensor of the system is defined by:

fa(t)

f(t):L‘s(t)

} ; Where f(t) € R",

The augmented system in the fault term can be
represented as follows:

x(t)= ;hi(z(t))(Af “X(t)+B-u(t)+F - f{t)+R- o(t)) (40)

y(t)=C-x(t)+F - f(t)+H - alt)
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- |F|=- |0
with nf=ng +nisand F = 0 F = Al

The system given by (40) can then be augmented as
follows:

X (t)= ihi(z(t))(’ai Ko(t)+B-U () +R- @, (t))

i1 (41)
y(t)=C X, (t)+H-a,(t)
‘A F O 0 0]
o I 0 O xie)
" fit)
- 0 O 0 O
where A = o .| Xa(t)=] Al
0 0 0 0 I ’
! fia(t)
(00 0 0 0 0
B u(t) o(t)
. 0| . 0
B= ,Uq(t) = ,R= , Ot)=
0 0 0 0
and C=[C F 0 0] .
The considered PMI observer simultaneously

provides the states and actuator and sensor faults in the
presence of unmeasurable premise variables presented
in system (40) [29], and are described as follows:

Rt)= B (2(t)A -x(t) +B-ult) +F - F{t) + L, -(y(t)— P(t))) )

i=1

P(t)=C-x(t) +F - f(t)

where f(t) is obtained by the PMI observer as

follows:

;j(t) = > W (2O Fua(O)+L, - () =) 5 j=1... k1

i=1

fio= D 2N +L; - (v(e) - (2)

i=1

(43)

To the augmented system presented in (41), the
observer (42) becomes:

Ra(t)= Y B (2t - X, (£) + B-u, (t) + L - (y(t) - P(t))

i=1
Pit)=C-x,(t)
-
LI,TZT L/;qr:' )

(44)

where [,=[LL, Lo’
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The estimation error of the state and unknown
inputs and their derivatives is denoted as
e,(t)=x,(t)—X,(t) . Using the system (41) and the
observer (44), the estimation error dynamics obeys the
following differential equation:

&,(t)= D m(2t)(A ~LC)-e,(t)+ (R —LA)- o, 1)

i=1

(45)

The aim is to synthesize the gains L[, of the
observer to ensure the stability of the system (45)
generating the estimation error and to guarantee an
attenuation rate y of the disturbances transfer ws(t) to
error es(t). This result is translated by the following
constraints:

lim e()=0; @,(t)=0 ; t=0 (46}
&(t)],
|a) (t)" =Y, a)a(t)¢0 ; 20 (47)

Theorem 2. The system (45) is asymptotically
stable and the L, performance is guaranteed with an
attenuation level y > 0, if there exists a matrix P = PT > Q,
with P € Rnfixntknf)  3nd the matrix K, € ROnfaf gych

that for all i = 1, ..., 8 the following minimization problem
holds:
min (y)
ATP+PA —K,C—CK +1 PR, —KH . (48)
RTP—ATRT 2

Then, the gains of the PMI observer are computed by:

L[ =Pk, (49)

Proof 1. Consider the quadratic Lyapunov’s

function follows:

Vie, t Hert Ple,t () "> (50)

The time-derivative of the quadratic Lyapunov
function (45) leads to:
Vie,(t) =€, (t)-P-e,(t)+eg(t)-P-&,(t) (51)

By substituting é,(t) (45) in (51), the time-derivative of
the quadratic Lyapunov function becomes:

aUSMT Vol.9 No.3 (2019)
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V(e,(t) = Zglh,- (2(t))(eq (t)ATP +PA; —KiC —C'K] Je, (t) (52)

g ()(RTP-HK] Je, (t)+e, (£)(PR;-KiH) 0, (1)

The objective is to attenuate the effect of the
disturbance ws(t) on ea(t):

e"2<7/.
’
[,

|||, 20 ; >0 (53)

while ensuring the stability of the augmented system
(45). As already mentioned, the following condition must
be met:

V(e, (t) + €] (t)e, (t) -yl (t)w, () < O (54)

By substituting (52), we obtain:

ihf (2(t))(es (t)NATP+PA; —K,C —CTK] Je, (t) + €] (t)e, (t) (55)
@} ()(RTP-H'K] )e, (t)+e, (t)(PR,-KH) @, (t)-7° @, (), (£) < 0

which can be put in the form:

8
Zhi(zt ﬂ tENt <( (56)
i=1
_ {Z\,-TP+PZ\,- —RC—CKT +1 PR, —/?,.F/}
where =; = - . ,
RTP—HK 7
- eq(t)
F(t)=
and (t) (a)u(t)]

The sufficient condition for (48) to be verified is:

{,Z\,-TP+PZ\,-—I?,5—5I?,T+I PR, — KA

- o <0, Vie!l,..8}(57
R/_TP_HTKIT —}/ZI :| { }( )

Simulations Results:

The proposed wind turbine controller is
implemented with a sampling frequency of 100 Hz. The
controller starts in mode 1. Figure 4 shows the evolution
over time of the wind speed sequence vy(t) in the
proposed model (the input). Figure 5 shows the
evolution over time of the proposed centered noise w(t).
All simulations are taken for 4400s. The simulation
results show that our proposed controller outperforms
some existing approaches. The following subsection
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Yassine FADILI , Kaoutar LAHMADI & Ismail BOUMHIDI

presents simulation results for the estimation of states,
actuator and sensor faults as follows:

‘Wind speed sequence used in the proposed benchmark model
T T

Wind Speed [m/s]
- ™ N
o S o
T T T
. .

o
T
i

(4]
I

1 1 L 1 L 1 L 1

0 500 1000 1500 2000 2500 3000 3500 4000
Time [s]

Figure 4. Wind speed sequence uu(t) used in the proposed wind turbine
system benchmark model.

The proposed centered noise
T T T T

0.08
0.06
0.04
0.02

w(t)

-0.02
-0.04

-0.06

-0.08

L ! L L

0 500 1000 1500 2000 2500 3000 3500 4000
Time [s]

Figure 5. Proposed centered noise w(t) in terms of time to the
proposed wind turbine system benchmark model.

State estimation:

The wind turbine system used in this run is
composed of a three pitch actuator system, the
generator system and the Drive Train system. Solving the
LMIs constraints (48) of theorem 2 thus leads to PMI
observer gain.

0.06
1 [—0.06 | [ 0.5
y 6 8
89
-89 0.5
where F=| 001 | F= and H=
0.001 -0.01 0.25
0.01 —0.01 0.25
0.001 | -0.01 | 0.25 |
0.01
| 0.001 |

Using the proposed PMIO above, each state will be
estimated by itself, the actuator and sensor faults as
follows:
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Pitch actuators system 1 angle 31
Figure 6 and 7 respectively show the pitch

actuators system 1 angle estimation ,31 and the error
estimation €j; with the proposed PMI observer, where
pPi=p.. and ez =B -p .
show that our proposed approach outperforms some
existing approaches [8]:

The simulation results

‘The angle of pitch actuators system 1

-

— 5, ——5, 18

10 L s L L L L s L
0 500 1000 1500 2000 2500 3000 3500 4000

Time [s]
Figure 6. Pitch actuators system 1 angle Bi and her estimated Biest in
terms of time.

The Error of Pitch Angle Estimation of Actuator System 1
T T T T T T

e e, [8]

L L L L L L L L
0 500 1000 1500 2000 2500 3000 3500 4000
Time [s]

Figure 7. Error of estimation of pitch angle actuators system 1 ep1 in
terms of time.

Moreover, following Figure 6, the following figures
show the pitch actuators system 1 angle estimation Biest,
indicating the effectiveness of our proposed estimation
strategy:

The angle of pitch actuators system 1

when t belongs to [0,25]
T T T

z Hl‘mr “ MMMM Mmh h,—"A 51_5‘ -

Ll

15
Time [s]

20 25
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The angle of pitch actuators system 1
when t belongs to [1500,1520]

1 1 L |

1500 1505 1510 1515 1520
Time [s]
The angle of pitch actuators system 1
when t belongs to [2000,2020]
T T T T T T T T T T
|
2 — B 38 3. (8]

1 L 1 1 1 1 1 L 1 )

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020
Time [s]

The angle of pitch actuators system 1
when t belongs to [2500,2520]

2500 2502 2504 2506 2508 2510 2512 2514 2516 2518 2520
Time [s]

The angle of pitch actuators system 1
when t belongs to [3000,3020]

3000 3002 3004 3006 3008 3010 3012 3014 3016 3018 3020
Time [s]

Pitch actuators system 2 angle 32
Figures 8 and 9 respectively show the pitch

actuators system 2 angle estimation Bz and the error
estimation €; with the proposed PMI observer, where
pr=P.. and e, =f —f. The simulation shows

that our proposed approach outperforms some existing
approaches [8]:
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The angle of pitch actuators system 2
T T T T

20
15 F J“.ﬂ 5 62,,1 L
10 I
I |
b
- ‘
|
0
sl
a0k . . . . . . . .
0 500 1000 1500 2000 2500 3000 3500 4000
Time [s]
Figure 8. Pitch actuator system 2 angle B2 and estimated Baest in terms
of time.
The Error of Pitch Angle Estimation of Actuator System 2
3 e, e, I[8]

-4 L
0 500

1500

3000

2000 2500 3500 4000
Time [s]
Figure 9. Estimation error of pitch angle actuators system 2 epzest in

terms of time.

L
1000

Moreover, following Figure 8, the following figures
show the pitch actuator system 2 angle estimation Baest,
indicating the effectiveness of our proposed estimation
strategy:

The angle of pitch actuators system 2
when t belongs to [0,25]
T T T

RS
0 5 10 15 20 25
Time [s]
The angle of pitch actuators system 2
when t belongs to [1500,1520]
3 FT T T T T T T T T T
,132“( S — ﬂz 32“( .
— 2
i J i i
o1 i
:
. |
| 1 1 1 1 1 1 1 1 1 1
1500 1502 1504 1506 1508 1510 1512 1514 1516 1518 1520
Time [s]
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The angle of pitch actuators system 2
when t belongs to [2000,2020]
T T T T T T

T T T

2 B, - 3 B

(8]

Py L'}

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020
Time [s]

The angle of pitch actuators system 2
when t belongs to [2500,2520]

2500 2505 2510

Time [s]

2515 2520

The angle of pitch actuators system 2
when t belongs to [3000,3020]
T T T

3000

3005 3010

Time [s]
Pitch actuator system 3 angle 33
Figures 10 and 11 respectively show the pitch

actuator system 2 angle estimation ,33 and the error

estimation €; with the proposed PMI observer, where

N

,33 = ﬁa,_,s,

that our proposed approach outperforms some existing
approaches [8]:

and ez, =pf—f5. The simulation shows

The angle of pitch actuators system 3
T T T T

Bl°]

3500

-10

L L L L
2000 2500 3000 4000

Time [s]
Figure 10. The pitch actuators system 3 angle Bs and her estimated Baest
in terms of time.

L L L
0 500 1000 1500
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The Error of Pitch Angle Estimation of Actuator System 3
T T T T T T

-4 !

L L L | L L
0 500 1000 1500 2000 2500 3000 3500 4000
Time [s]

Figure 11. Error of estimation of pitch angle actuators system 3 egzest in

terms of time.

Moreover, following Figure 10, the following figures
show the pitch actuator system 3 angle estimation PBsest,
indicating the effectiveness of our proposed estimation
strategy:

The angle of pitch actuators system 3
when t belongs to [0,25]

Time [s]

The angle of pitch actuators system 3
when t belongs to [1500,1520]

€2

[ e

1500 1502 1504 1506 1508 1510 1512 1514 1516 1518 1520
Time [s]

The angle of pitch actuators system 3
when t belongs to [2000,2020]

2 ;
i B, 8, :

aat est
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The angle of pitch actuators system 3
when t belongs to [2500,2520]

2500 2502 2504 2506 2508 2510 2512 2514 2516 2518 2520
Time [s]

The angle of pitch actuators system 3
when t belongs to [3000,3020]

3000 3002 3004 3006 3008 3010 3012 3014 3016 3018 3020
Time [s]

Generator torque tg
Figure 12 and 13 respectively show the generator

torque estimation 7, and the error estimation €:, with the

A

proposed PMI observer, where 7,=7,, and

€. =7 —7,. The simulation shows that our proposed
approach outperforms some existing approaches [8]:

x10* The G
asf '

Torque And Its Esti d
T T

L I I . I . .
0 500 1000 1500 2000 2500 3000 3500 4000
Time [s]

Figure 12. Generator torque tg and her estimated Tgest in terms of time.

The Estimation Error of The Generator Torque
T T T T

T T
5000 - B
e e 8]
4000 "0 "o, 4
3000 E
2000 e
E 1000 g
=
g 0
X
-1000 |- l | 4
-2000 |- =
-3000 =
-4000 - 4
-5000 |- 4
. . | . . . | |
0 500 1000 1500 2000 2500 3000 3500 4000

Time [s]
Figure 13. Error of estimation of generator torque ewest in terms of
time.
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Moreover, following Figure 13, the following figures
show the generator torque estimation Tges, indicating
the effectiveness of our proposed estimation strategy:

The Generator Torgue And Its Estimated
when t belongs to [0,25]
T T T

12000 T
—. 10000
E
= 8000
o 6000
4000
2000
0 5 10 15 20 25
Time [s]
The Generator Torque And Its Estimated
when t belongs to [1500,1520]
12000 T T T T
g g i l
E: 10000 1
&
7 8000
6000 1
1500 1505 1510 1515 1520
Time [s]
The Generator Torque And Its Estimated
x10*

when t belongs to [2000,2020]

[N.m]

2000 2005 2010 2015 2020
Time [s]
The Generator Torque And Its Estimated
x10*

when t belongs to [2500,2520]

[N.m]

T
g9

\ 1 A L | L L L 1

2500 2502 2504 2506 2508 2510 2512 2514 2516 2518 2520
Time [s]

The Generator Torgue And Its Estimated
when t belongs to [3000,2320]
T

T T T

[N.m]

T

3000
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Generator speed wg
Figure 14 and 15 respectively show the generator
speed estimation @, and the error estimation e; with

the proposed PMI observer, where @&, =, and

Gest

€,,, =@, —@, . The simulation shows that our proposal

outperform estimate robust than some existing approach
in the literature [8]:

The Generator Speed and Its Estimated
T T T T

40+ e

L L L L I

0 500 1000 1500 2000 2500
Time [s]

Figure 14. Generator speed wg and her estimated wg,est in terms of time.

L L L
3000 3500 4000

The Error of G Speed Estimation
T T T T

o
L

&
|

0 500 1000

2500

3500 4000

2000 3000
Time [s]
Figure 15. Error of estimation of generator speed ewgest in terms of

time.

L
1500

Following figure 14, the following figures show the
generator speed estimation wgest, indicating the
effectiveness of our proposed estimation strategy:

The Generator Speed and Its Estimated
when t belongs to [0,25]

[rad/s]

w
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The Generator Speed and Its Estimated
when t belongs to [1500,1520]

o
N
k]
@
2
o
3
75 . . L \ .
1500 1505 1510 1515 1520
Time [s]
The Generator Speed and Its Estimated
when t belongs to [2000,2020]
140 b
0
~
T 130
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o
3 120
110 E | | 1 1 I =
2000 2005 2010 2015 2020
Time [s]
The Generator Speed and Its Estimated
when t belongs to [2500,2520]
165
w 160
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T 155
- 150
3
145
140
2500 2505 2510 2515 2520
Time [s]
The Generator Speed and Its Estimated
when t belongs to [3000,3020]
170 T T T T
— 160
0]
2
ko]
E 150
37 140
130
3000 3005 3010 3015 3020
Time [s]

Rotor speed wr
Figure 16 and 17 respectively show the rotor speed
estimation @, and the error estimation e; with the

PMI

e, =, —a. . The simulation shows that our proposed
Drest

proposed observer, where @& =®,, and

approach outperforms some existing approaches [8]:
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The Rotor Speed and Its Estimated
T T T T

04 A

0 500

1500

L L L L L
2000 2500 3000 3500 4000

Time [s]
Figure 16. Rotor speed wr and her estimated wyest in terms of time.

L
1000

The Error of Rotor Speed Estimation
T T T T
04 R

03} e, e, 8] |

[rad/s]

1500

2500

L L L I
2000 3000 3500 4000
Time [s]

Figure 17. Error of estimation of rotor speed egurest in terms of time.

L
1000

L
0 500

Following figure 16, the following figures show the
rotor speed estimation west, indicating the effectiveness
of our proposed estimation strategy:

The Rotor Speed and Its Estimated
when t belongs to [0,25]
T T T

1.2
- w";n w’ Wr“ e
o 1
o
3
= 08 L r/‘q"\[L — 1
3 VV vy Uv " e
0.6 1
0 5 10 15 20 25
Time [s]
The Rotor Speed and Its Estimated
when t belongs to [1500,1520]
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~
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©
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,i“
0.7 b L | L . . ) . ) . L
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Time [s]
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The Rotor Speed and Its Estimated
when t belongs to [2000,2020]

2010
Time [s]

2000 2005

The Rotor Speed and Its Estimated
when t belongs to [2500,2520]
T T T T T T

T T T T T

[rad/s]

r

w

2502 2504 2506 2508 2510 2512 2514 2516 2518 2520
[s]

2500
Time

The Rotor Speed and Its Estimated
when t belongs to [3000,3020]

3020

Sensor fault fs
Figure 18 shows the sensor fault estimation fs
with the proposed PMI observer, where fs =f,.. - The

simulation shows that our proposed
outperforms some existing approaches [8]:

approach

The Sensor Fault and its Estimate
T T T

fy 8 f 1
; s

o

3 4
L

0 500

I L L L L
2000 2500 3000 3500 4000

Time [s]

Figure 18. Sensor fault fs and her estimated fsest in terms of time.

L L
1000 1500

Following Figure 18, the following figures show the
sensors fault estimation f;est, indicating the effectiveness
of our proposed estimation strategy:
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The Sensor Fault and its Estimate
when t belongs to [0,25]
T T

Time [s]

The Sensor Fault and its Estimate
when t belongs to [2500,2520]
T T T T T T

o f 7f5m[8] —f,
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The Sensor Fault and its Estimate
when t belongs to [3000,3020]
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Actuators fault fa
Figure 19 shows the actuator fault estimation f,,

with the proposed PMI observer, where fa =f.. - The

simulation shows that our proposed approach
outperforms some existing approaches [8]:
The Actuator Fault and its Estimate
of i
5| ., —— 15, B ¢ |

3+ P

L L L L L L L L

0 500 1000 1500 2000 2500 3000 3500 4000
Time [s]

Figure 19. Actuator fault fa and her estimated fa,est in terms of time.
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Following figure 19, the following figures show the

actuator  fault estimation faies, indicating the
effectiveness of our proposed estimation strategy:
The Actuator Fault and its Estimate
when t belongs to [0,25]
2r AW £ £ 18] £
LA W 7
1r - i
/
e 0 =TT - -
1F NS J
.I"(.
2+ 4
0 5 10 15 20 25
Time [s]

The Actuator Fault and its Estimate
when t belongs to [1500,1520]
T T

3 £
a5l ]

e 15 F | il :

05 7

L I I L I
1500 1505 1510 1515 1520

Time [s]

The Actuator Fault and its Estimate
when t belongs to [2000,2020]
25 F T T T =

£
a

£ 18 £

2000 2005 2010

Time [s]

Finally, this proposed FDI approach can effectively
estimate all states of the wind turbine system (13) while
isolating actuator and sensorfaults. However, the sliding
mode observer proposed in [8] is very sensitive to
changes due to random noise and unusual defects, and
the simulations are conducted to test the efficiency SMO
using typical (i.e., triangular and rectangular) defects
without noise. Consequently, the proposed PMI observer
is more efficient and robust than the SM observer in
estimating and detecting wind turbine system faults.

Conclusion

Fault detection and isolation in wind turbines is
addressed through the use of the Proportional

D
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Multi-Integral Observer. First, the wind turbine system
model was linearized using the Takagi-Sugeno (TS)
approach based on the Lyapunov stability theory and LMI
condition. We then consider a PMI observer for the T-S
fuzzy model to estimate both actuator and sensor faults.
The k" derivatives of the actuators and sensor faults are
not equal to zero and are bounded norms. However,
based on the Lyapunov stability theory and L.
performance analysis, design conditions are established
in LMIs formulations. Finally, simulation results show our

proposed approach outperforms some existing
approaches.
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