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Discretization Order Influences on Extended Kalman Filter
Estimation for Doubly-Fed Induction Generator

Abstract. The main objective of this paper is to analyze the influence of the discretization step on the estimated states of the Doubly-Fed Induction
Generator (DFIG). Although the Extended Kalman Filter (EKF) has been widely used for such systems, the discretization process is conventionally
ensured by the first-order Forward Euler method. Therefore, the effects of the discretization order of the discrete state-space representation on the
Extended Kalman Filter estimation have not been studied before. In this paper, we combine the Extended Kalman Filter with two second-order
discretization methods: Central Difference and Adams-Bashforth methods, to estimate the states of a Doubly-Fed Induction Generator and improve
the estimation precision of the rotor speed and the Flux of the generator. A comparative study has been conducted to analyze the qualitative and
quantitative responses of the estimator for different cases. The obtained results have demonstrated the significance of the discretization order on the
estimation process of the two states of the DFIG.

Streszczenie. Gtbwnym celem tej pracy jest analiza wptywu kroku dyskretyzacji na oszacowane stany Dwubiegowego Generatora Indukcyjnego
(DFIG). Chociaz Rozszerzony Filtr Kalmana (EKF) jest szeroko stosowany w tego typu systemach, proces dyskretyzacji jest zazwyczaj zapewniany
przez metode pierwszego rzedu Forward Euler. Dlatego tez wptyw rzedu dyskretyzacji na oszacowanie za pomocg Rozszerzonego Filtru Kalmana
nie byt wczedniej badany. W niniejszej pracy taczymy Rozszerzony Filtr Kalmana z dwiema metodami dyskretyzacji drugiego rzedu: réznicg
centralng i metodg Adamsa-Bashfortha, aby oszacowac stany Dwubiegowego Generatora Indukcyjnego oraz poprawi¢ precyzje oszacowania
predko$ci wirnika i strumienia generatora. Przeprowadzono badanie poréwnawcze w celu analizy odpowiedzi jako$ciowych i iloSciowych estymatora
dla réznych przypadkéw. Uzyskane wyniki wykazaty znaczenie rzedu dyskretyzacji w procesie oszacowania dwdéch stanoéw DFIG. (Wplyw

kolejnosci dyskretyzacji na rozszerzona estymacje filtra Kalmana dla generatora indukcyjnego z podwéjnym zasilaniem)

Keywords: Discretization, Doubly-Fed Induction Generator (DFIG), Extended Kalman Filter (EKF), Second-Order Method.
Stowa kluczowe: Dyskretyzacja, Dwubiegowy Generator Indukcyjny (DFIG), Rozszerzony Filtr Kalmana (EKF), Metody drugiego rzedu,

l. Introduction

State estimation is a very broad subject, as it is involved
in many research areas such as control, system
identification, and telecommunications, among others. It
consists of inferring the states of a system based on the
information provided by the process model and the taken
measurements. In general, the model is not an exact replica
of the behavior of the process, but it provides a good
approximation with a certain level of accuracy, while the
measurements are affected by noises that can reduce their
accuracy. To address these imperfections, various
estimation techniques have been developed, such as
Maximum Likelihood Estimator (MLE) and Kalman Filter
(KF).

The Kalman Filter (KF) is widely used in state estimation
problems for linear dynamical systems and is known to be
one of the most optimal estimators under predefined
conditions. Some applications of using the KF for estimation
are presented in [1-3]. However, most industrial systems
exhibit nonlinear dynamic behavior, which can render the
standard Kalman filter less effective. To address this
limitation, modifications have been introduced to improve
the accuracy of the Kalman filter for nonlinear systems,
leading to the development of new algorithms such as the
Extended Kalman Filter (EKF) and the Unscented Kalman
Filter (UKF) [4]. The EKF is based on the linearization of the
nonlinear model at each iteration around an operating point.
It is widely used due to its simplicity and ease of
implementation. However, in strongly nonlinear systems,
the EKF often provides poor estimation results. On the
other hand, the UKF is known to have better accuracy than
the EKF for nonlinear systems, but it is more complex and
requires more computational time. Researchers have made
attempts to improve the EKF, as demonstrated in the work
presented in [5], where three modified EKF algorithms have
been compared in terms of their performances. These
methods involve changing the integration step length using
the Gauss-Newton method with Quasi-Newton technique
and the Levenberg-Marquardt method. The latter introduces
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a damping factor to the Gauss-Newton method. Another
strategy proposed in the literature involves approximating
the nonlinear functions of the model using Taylor series up
to the second derivative [6-7]. However, the use of second
derivatives results in the computation of the Hessian matrix,
making the EKF more complex and less efficient in terms of
required computational time. To address this issue, Michael
Roth and Frederick Gustafsson proposed a new
contribution in [8] to enhance the required computational
time and reduce complexity. Another modification to tackle
the problem of calculating the Hessian matrix is presented
in [9], wherein the algorithm used is called the Second
Order Extended Particle Filter, where the EKF is used to
obtain an approximation of the posterior probability density
needed in the particle filter algorithm. Additional
modifications to improve the accuracy of the EKF are
presented in [10-13]. Another algorithm known as the
"Cubature Kalman Filter" (CKF) was developed by
Lenkaran Arasaratnam and Simon Haykin in 2009 [14]. This
algorithm is quite similar to UKF, but it differs in the set of
rules used to calculate the Kalman filter weights. The CKF
uses a spherical radial cubature rule to generate the
weights instead of the Sigma-points set. The CKF was
designed to tackle the problems of divergence in high-
dimensional nonlinear systems.

In this paper, we make an attempt to improve the
accuracy of the Kalman filter for nonlinear systems without
increasing the algorithm's complexity or computational
inefficiency. Specifically, we propose the investigation of
two second-order discretization methods (central difference
and Adams-Bashforth) for the continuous nonlinear system,
resulting in a second-order Extended Kalman Filter (EKF)
that does not require the computation of the Hessian matrix.

The rest of the manuscript is organized as follows: in
section two, the central difference and Adams-Bashforth
discretization methods are carefully overviewed. In section
three, the DFIG nonlinear state equations are derived in the
synchronous reference frame (dq) to be used for EKF
estimation. Then, in section four, the EKF combined with
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the different discretization methods is designed for the
DFIG model. In section five, an analytical comparison is
conducted for the different obtained results.

Il. Overview of 157 and 2"° Order Discretization of
Ordinary Differential Equations
In this section, we demonstrate the advantage of using
second-order discretization methods over first-order
methods by solving a 1st-order ordinary differential equation
(ODE) given by Equation (1).

(1 () = f(x(®).1

The function f(x(t), t) is continuous and can be either
linear or nonlinear. For linear functions with high order
(greater than 2) or nonlinear functions, finding an analytical
solution is either really difficult or impossible. Instead, an
approximate solution is obtained by using numerical
methods, which is based on replacing the first derivative by
a discrete approximation using discretization methods. The
discretization methods are classified as first-order methods,
second-order methods, or higher-order methods. The most
used first order discretization method is Forward Euler's
method because of its simplicity, where X(t) is replaced by

(2).

(1) = X(kAt) — x((k = DAL)
) At
for (k —1)At <t < kAt
This yields to the following discrete equation:

+0O(At?)

(3) X =X + Atf (Xk :tk)

Where:
X, = X(kAt),
t, = kAL,

X = X((k =DAt),
f(Xt) = f(X(KAD),KAL).

Forward Euler's method is known to have a local
truncation error of order O(Atz) and a global truncation error
of order O(At), which is a disadvantage of this method. To
obtain better results, we resort to improving the
approximation by using second-order discretization
schemes. The first second order method that we discuss is
called central difference, which is based on approximating

X(t) by (4).

L X((k+ DAL — x((k —1AL) ,
@ X(t) = T +O(AL)
for (k—DAt<t<(k+1)At

After replacing (4) in (1), we get the following multi step
equation:

(5) Xiop = Xy + 2A8F (X,,t,)

Central difference is known to have better accuracy than
Forward Euler method in which the local error is of order
O(AtS) instead of O(Atz), and the global error is of order
O(At?) instead of O(At). The Central Difference method is
also known in the literature as the “Leap-Frog” method.

The Leap-Frog (Central Difference) method is better in
terms of accuracy than Forward Euler. The method can also
be easily implemented, requiring only one function
evaluation per time step. However, its major disadvantage
is that it has a risk of becoming unstable during long time
integration. To handle this problem, the method is
reinitialized using Forward Euler after each N steps of
integration, ensuring the stability of the method [15].

Another method is the Adams-Bashforth scheme where

the solution at time (k+1)At
series formula:

is expanded using Taylor's
. At 3
(6) x((k+1)At) =~ x(kAt) + Atk(kAt) + - X(kAt) + O(At)

The second derivative is then approximated by Forward
Euler's method:

X(KAt) — X((k —1)At)
At

This yields to the following expression:

@) R(KAL) ~

3At At
(8) X1 & X +7 f(xk’tk) _7 f (kal’tkfl)_ko(At})

for kAt <t<(k+1)At

Adams-Bashforth method is also known to have better
accuracy than Forward Euler method i.e, a local truncation
error of order O(AtS) and a global truncation error of order
O(At?). The method can also be easily implemented, i.e.
only a one function evaluation per step time is needed

In the rest of this section, a comparison between the
methods stated above is illustrated by showing the solution
obtained by each method and its error graphically. For this
purpose, a simple ordinary differential equation is chosen,
which is given by:

9) X(t) =X
With x(0) = 1.

Fig. 1 and 2 demonstrate the analytical response and

the solutions obtained by the numerical methods stated

above. The legend of Forward Euler is (FE), for the Leap-
Frog (LP) and for Adams-Bashforth (AB2).

1 —— Analytic solution
— FE
) A — LP
-;:, 05 AB2
0 I 2 3 45

time (&)

Fig.1. Comparison between Forward Euler, Leap-Frog, and AB2
methods response.
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1

errar
=
o

time {x)

Fig.2. Errors of Forward Euler, Leap-Frog, and AB2solution with the
analytical solution

We can see from Fig. 2 that the error of LP method is
better than FE (almost one fifth the error of the Forward
Euler's method) but it exhibits some oscillations; whereas
AB2 method is the best in terms of accuracy and stability.
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lll. Dynamic Model of DFIG

Induction machines (IM) are very important in renewable
energy domain. They are used extensively to generate
electric power from wind energy. Different types of induction
machine exist such as squirrel cage IM, permanent magnet
IM...etc. However, Doubly-fed induction generators (DFIG)
are best suited for wind turbines (WT) because they can
produce a regulated electric power of constant voltage and
frequency, regardless of the disturbance caused by the
variation of wind speed. The ability to produce constant
voltage and frequency electric power is ensured primarily by
adjusting the amplitude and frequency of the voltage fed
back to the rotor. Therefore, the output of the wind turbine
that has a DFIG can be directly connected to the electric
grid network [16-18]. A DFIG is composed of three-phase
stator windings, which are the output of the machine, and a
three-phase rotor winding, which is used as input to
regulate the voltage and frequency of the three-phase stator
voltage output. To derive a state space model of the DFIG,
we express the voltage equations of both the stator and
rotor referred to their natural reference frames. These
equations are given by the references [19, 20].

. dy

. dy, v, =R, +—*
v. =Ri_+ as ar rlar

as s as dt ddt

10) )y _ni . 9 11)dv, =R +—Zor

( ) Vhs_Rslbs+ p” ( ) br r'br dt
Vcs = Rsics + dl//cs vCr = Rricr + %

dt dt

Where ¥, V., ¥ are the three-phase stator fluxes,

and ¥ ., ¥, ¥, arethe three-phase rotor fluxes.

To transform equations (10) and (11) to the (dq) rotating
reference frame (Fig.3), we first need to transform them to
the stationary two-phase components (af3) and then to the
synchronous reference frame (dq). The resulting equation
(12) is obtained as a result of this transformation process.

Fig.3. the (dqg) reference frame of DFIG

. dy
Vi =R +—2 o
ds s'ds dt I//qs
o dyg
(12) Vo = Rlot =g ¥
. dy
v, =Ri, +—L —(0-o,
dr ridr dt ( r)V/qr
o dyy
Vqr = erqr + dtq + (Cl)— a)r)l//dr
Where:
Vs = Lsids + I‘midr
(’] 3) ‘//qs = leqs + Lmlqr
‘//dr = Lmids + Lridr
Vo = Lmiqs + Lriqr
104

With a):d—e and o, = 46
dt dt
The mechanical torque of the DFIG machine is given by:
(14) T, =T, +3 d;t)r +Bo,

The electromagnetic torque is then expressed in terms
of stator current and rotor flux as:

L. . .
(1 5) Tem = pT(‘//drlqs - l//quds)

By choosing a state vector EZ[‘/’dr Vo g g a)rT,

we obtain a state space model by combining equations (12-
15), which is given by equation (16).

R L. .
—ﬁwdr +Ho-0)y, + I’_rm ls
R RL,.
'/)dr _(a)_a)r)‘//dr_Lil"//qr+ Lmlqs
"if‘" Rk, Lo RL+RL.
-.ds - O_LiLs Wdr O’Ler r'//qr O'L?LS ds as
IS
;} bn o, R _RL +RL .
(16) r O_LSLr ry/dr O_Lil-s (//qr ds O'LerS as
pL, . . B
| TLT(V/drlqs ~Warlss) _j”r |
! 0 0 0 )
1
A
m 0 0 0 ||V
oLL, ol
+ Vs
L 1
0 T 0 0 || Vg
olLL, ol
1 To
0 0 0 0 —
L JJ
Equation (16) can be written in the form:
(17) x=f(x)+Bu
.
Where g:[vdr Voo Vs Vg Tm] and the output

measurement vector is:
(18)

With C=[0 0 1 1 0]

The resulting state space model is nonlinear and will be
used to estimate the speed and rotor flux of the DFIG
machine.

IV. Extended Kalman Filter

The Kalman Filter (KF) is extensively used for state
estimation in stochastic linear dynamical systems. The
estimation is performed based on a recursive algorithm that
estimates the state from prior knowledge given by the state
space model and some measurements related to the
estimated state. For nonlinear systems, the Kalman Filter
can still be used for state estimation, but the nonlinear state
space model has to be linearized before applying the
algorithm. The resulting algorithm is known as the Extended
Kalman Filter (EKF).

Whether for KF or EKF algorithm, the estimation
process is done in two steps: a prediction step and a
correction step. In the prediction step, we estimate the
states by using the prior knowledge given by the state
space model, and then we correct the estimation with the
measurements performed and by calculating Kalman gain
to get a better estimation. The Kalman gain is calculated by
applying the minimum mean square error (MMSE) criteria to
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the state space model. The model is supposed to be not
precise and is affected by random process noise vector

W, and the measurements are noisy and altered by a

random noise vectorv, . Both w,_, and v, are assumed to

be independent, have a Gaussian distribution of zero
means and covariance matrices X, and X, respectively
[21].

The DFIG state space model obtained in equation (16)
has to be discretized in order to be used for state estimation
by Kalman Filter algorithm [22].

The discretization of DFIG nonlinear model using
Forward Euler's method gives the following discrete
nonlinear model.

(19)
Where: B, = BAt , At —is the discretization step

X, =x,, +Atf(x, )+ By, ,

The following steps summarizes the proposed EKF
algorithm for DFIG machine:

Step 1: state-space discretization
X, =X, , +Atf (x,_)+Bu,  +w,
{zk =Cx, +v,
Step 2: Initialization
X, = E[x,]
E;,o = E[(x, —X;)(x, — X, )T]

Step 3: For k=1,2,...N , calculate:

Linearization:
f
Ak—l = dd(XKil)
Xyt
A, =T+AtA,
Prediction:

X, =X, , +Atf (X)) +Byu,_, +w,
2;,k = Adz‘;k-lA; +Z,
2, =CX, +v,
Correction:
L, = z;.kCT[CZ;A,kCT + ZVTI
X =% +L(z-%,)
Z;.k =(I-LO)Z;,
Now, we develop the Extended Kalman Filter equations
for the central difference method [23].

Step 1: The
representation:

nonlinear discrete-time state-space

X, =X, , +2Atf (x, ) +2Bju, , +w,
z, =Cx, +v,

Step 2: Linearization of the equation yields to:
_ df (x,,)

A= = A, =2MtA,

Xy
X =X, T AgX +2Bouy AWy
{zk =Cx, +v,
Step 3: The state prediction is:
X, =X,_, +2Atf (X;_)+2Bju,
The estimation error is:
X, =X —X =~ Adilfl +X L, W

The error covariance matrix is obtained as follows:
5 = EBl(x —x)(x, — ’A‘;)T ]
=E[(AgX, + X, + W (AR, + X, + wk—l)T]
= E[A X (K0) A+ A% (R0) 50, (K0T A

N T
+X (%) Fwew, ]

_ + T T
- Adzi-kflAd + Adzf(*,(k—l,k—Z) + Ziﬂ(k—z.k—l)Ad
N
SIS DN
Where:

% e = BRG]
= E[(Adizfz + i;d + wkfz)(ikfz)T]

_ +
=AZpiat 2y J(k=3,k=2)

And:
x =E[%,(%)"]

£ ,(k=2,k—1)
< < < T
=E[X (AKX, +X 5, +W,,)) ]
_ ¥+ T
- Ei,kuAd +zi*,(k—2.k—3)

Compared to the classical EKF equations obtained by
Forward Euler method, there are two new terms in these
equations when using central difference discretization:

o bwn andX .., . These terms are computed

recursively as shown in the above equations.

As stated in section 2, central difference method suffers
of instability problem for long-time integration, and the
solution to this problem is to reinitialize the algorithm with
Forward Euler after N steps [24, 25].

Lastly, we develop the extended Kalman filter for Adams-
Bashforth 2™ order method:

Step 1: discrete-time state-space representation:

3 1 BAt
X, =X, +5Atf (X)) _EA” (xX,) +T(3uk’l -u,)

+W,

z, =Cx, +v,

Step 2: Linearizing the equation yields to:

_ df (x,_,)

k-2 —
dx, ,

f
A, = d (xk—]), A
dx,

X =AgX ALY, B (Gu —u ) +w
z, =Cx, +V,
Where:

1 BA
A, :1+§AtAH, Ap =M, B, :Tt

Step 3: The state prediction is:

N +

& =%+ %Atf &, —%Atf (x°,)+B,Gu, , —u, )
The estimation error is:
X =X —X R AKX ALK W
The error covariance matrix is obtained as follows:
2;,k = E[(x, _’A(D(Xk _’A(;)T]
=E[(Ay X —ApX, + W) (AgX —ApX,+ kal)T]
= E[Adli;—l ik—l)T A;l _Adliz—l iz—z)T AZz
-Ay 2ik72(’~‘:71)T Agl +ALX ilfz)T Agz +Wk71W171]

= AdIZ;,k—lAgl _Adlz:- Agz _Ad 22~ Agl

%, (k=1,k-2) %+, (k=2,k-1)

+A,,2;

X,k—-2

Al +2,,
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Where:

Zi*.(K—l,K—Z) = E[ik—l(i;:z)T]
= E[(Adli;—z - Ad 2;‘;73 + Wi )(ikfz).r ]
= Adlz;r,k—z -AZ,

%' (k=3,k-2)
And
Zi*.(K—Z,k—l) = E[i:—z(im)T]
= E[X o (Ag X, — A X + Wk,z)T]

=2§,HAL -2 A}

% (k=2,k=3)" " d2

As in the LP method, the new terms in these equations
are: X ., and X.. ., Which are computed
recursively as shown in the equations above.

The following steps summarize the EKF algorithm for the
Adams-Bashforth discretization applied for DFIG model
[26].

Step 1: state-space discretization

{xk =x,, +Atf (x, ) +Byu,_, +w,

z, =Cx, +v,
Step 2: Initialization
5‘3 = E[Xo]
2;0 = E[(Xo - 5‘0 )(Xo - f‘g)T]
Step 3: For k=1,2,...N, calculate:
Linearization:

_ df (%)
dx,

LICTEYIN A, :%AtAH

—> Ay :I+%AtAk,1

k-1

k-2
dx,_,

BAt
B
Prediction:

e a3 et 1 "
X =X "’EAtf (X)) _EAtf (X,)+BGu —u, ;)
Z;,k = AdlZ;,kflA.r:l *Amz;g(k,l'k,z)

+ T
+ARZ AL T E,

T
Ay —Ay 222&(»«2*71)

AL
72, =Cx, +v,
Correction:
L, =%, C'[CZ;,C" +X,]"
X =% +L(z-2,)
E;.k =(I- LKC)Z;,k
In the following section, the developed algorithms will be

implemented to estimate the speed and rotor flux of a DFIG
machine, then a comparison study will be discussed [27].

V. Results and Discussion

Table I. shows the DFIG rating parameters used for the
simulation.

Table1. DFIG RATING PARAMETERS

Parameter Rating values
Rated Power 3 kw

Rs 200

R, 1.78 Q

Ls 0.2406 H

L, 0.2406 H

L 0.2304 H
Pole pairs 2

Moment of Inertia  0.0408 kg.m”

106

Figure 4 shows the mechanical torque input used for
simulation. We use variable mechanical torque, assuming it
results from a variable wind speed hitting the wind turbine
blades and rotating the DFIG rotor.

— Tn).

N
S

V.m)
=
a

‘N

T
o
=]

time (s)
Fig.4. Input mechanical torque of the DFIG

For the purpose of simulation, the measured variables i
and iC|S are obtained from solving the DFIG equations

numerically by using the Runge-Kutta algorithm. Then we
add some measurement noise of covariance matrix:

g 0 -l
g [ 0] [t o
0 o2 |0 10"

Also, we need some process noise to the DFIG state space
model with a covariance matrix given by:

(20)

10" 0 0 0 0
0 10" 0o 0 0
(21) X,5 0 0 10" o 0
0 0 0 10" 0
0 0 o0 o0 10"

Figure 5 shows the stator currents of the DFIG machine.
The current waveforms contain fluctuations resulting from
the variation in mechanical torque applied to the DFIG
machine [26, 27].

dey srator current (A)

time (s)

Fig.5. Stator and rotor currents

In what follows, the results of estimation using EKF
corresponding to Forward Euler, central difference and
Adams-Bashforth discretization methods will be discussed
and compared. The estimated and simulated rotor speeds

are shown in Fig. 6 where @,, is for Forward Euler method,

@,, is for EKF with central Difference method and @,; is

for EKF with Adams-Bashforth method.

From Fig. 6, we can see that the rotor speed is better
estimated with the Adams-Bashforth method than with the
Forward Euler or Central Difference methods. Moreover,
AB2 has better performance in both the transient regime
and permanent response. This is due to the better accuracy
of second-order methods over first-order methods. As
shown in Fig. 6, the Central Difference discretization (LP
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method) results are noisy due to the instability problems
discussed earlier. Overall, the AB2 with EKF gives better
results with less noise in the response than LP with EKF or
Forward Euler with EKF [29]. Table Il gives the maximum
errors of speed estimation for the three methods in both the
transient regime and permanent regime.

400
w_"f 300
g
o200 W
a
K] —_—
o 100 Wr2
E —— Wy
a
0 0.5 1 1.5 2
time {s}
_ 4D T
E:: = — Wy — Wr2
E g — Wy — Wy
2 g 24
£ 3
8 g
l_"' .
8% g
|
0 05 1 1B 2
time {5)
Fig.6. Rotor speed estimation of the DFIG
TABLE 2. MAX SPEED ERROR
FE-EKF LP-EKF
Regime Max. Max. speed AB2-EKF
Max. speed
Response speed Error  Error (RPM) Error (RPM)
(RPM)
Transient 10.99 19.89 2.70
Permanent 1.07 2.54 0.39

DFIG robor dus estimaclon
(Volt sceonds)

0 0.5 1 1.5 2
e )
T
5 Wetr — Waer
= - 2 - h 7 |
2 = = Yar — W
'f;;' E — e Vs
¥ 3
& = _
5= 0 :
By
23
=
f=
2 |
f 0.A 1 1.5 2
time {5)

Fig.7. Estimated flux of DFIG rotor

Figures 7 and 8 demonstrate the estimated rotor flux by
Forward Euler (FE), Leap-Frog (LP), and AB2 methods.
The estimation of the rotor flux is better with AB2 than with
FE and LP methods. As in speed estimation, the Central
Difference discretization gives noisy estimation. The noisy
response in the LP method is related to its instability
problems over long-term integration. Similar to speed
estimation, we can also say that AB2 with EKF is less noisy
and more accurate than FE or LP with EKF. Overall, the
rotor flux is better estimated with the AB2 method. Table Il
and Table IV give the maximum errors of flux estimation for
the three methods in both transient and permanent regimes.

TABLE 3. MAX D-FLUX ERROR

Regime FE-EKF LP-EKF AB2-EKF
Resgonse Max. d-flux Max. d-flux Max. d-flux
P error (V.s) error (V.s) error (V.s)
Transient 1.047 1.039 0.188
Permanent 0.056 0.113 0.017

BFTG rotar fux estimarion
(Melk sesonds)

Ugra

tium {5}

_E:j = — e Ugr2
i g —— thgr — Pgrs
3
Gz
[
[ 2 _
] LA 1 15 2
time (s}
Fig. 8. g-component of DFIG rotor flux
TABLE 4. MAX Q-FLUX ERROR
Regime FE-EKF LP-EKF AB2-EKF
R 9 Max. g-flux Max. g-flux Max. g-flux
esponse
error (V.s) error (V.s) error (V.s)
Transient 0.055 0.119 0.024
Permanent 0.381 0.693 0.102

VL. Conclusion

In this paper, a combination of second-order
discretization methods with the Extended Kalman Filter
(EKF) was proposed. Modified equations of the EKF have
been introduced based on central difference and Adams-
Bashforth discretization methods. The developed EKF
algorithm is used to estimate the rotor speed and flux of a
Doubly Fed Induction Generator (DFIG). From the obtained
results, it was found that the EKF combined with Adams-
Bashforth provides the best performance in terms of
precision and stability. EKF with central difference has
shown good performance, but the estimation results were a
bit noisy due to instability problems, as discussed earlier.
Based on these results, it is highly recommended to use the
proposed EKF combined with Adams-Bashforth, as it
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provides the best accuracy with less complexity compared
to other algorithms such as Unscented Kalman Filter (UKF)
and Cubature Kalman Filter (CKF). For future work, it is
highly recommendable to implement the proposed
approach in a test bench of a DFIG machine.
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