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In this paper, a simple extended Kalman Filter (EKF) controller for direct torque control (DTC) of a six-phase induction machine
in all speed ranges is proposed. The aim of this paper is to decrease the execution time of EKF modeling of a six-phase induction
motor. The proposed method is fast and can operate online. If the machine parameters are changed during the operation, the EKF
algorithm is activated to ﬁnd parameters used for controlling the motor. In low speed, not only the motor speed measurement but
also the DTC of machine is diﬃcult. The EKF model can estimate speed, ﬂux, load torque, and stator resistance in low speed; thus,
optimization can be performed in all loads and speed range. The proposed method increases the accuracy of DTC of the six-phase
induction machine and decreases the computation cost of the system using the simpliﬁed algorithm. The simulation and experimental results verify the eﬀectiveness and the robustness of the proposed method against parameter variations.

1. Introduction
Six-phase and ﬁve-phase machines are two usual types of
multiphase machines that are used in several applications
[1–4]. Increasing of machine phases causes some advantages
such as higher redundancy and decreasing torque pulsation
[5–7]. Field-oriented control (FOC) and direct torque
control (DTC) techniques are implemented to speed control
of six-phase and ﬁve-phase machines [8–11]. These methods
have no very satisfactory response in low-speed applications.
In low-speed applications, it needs a suitable method for
parameters and speed estimation. DTC method is a simple
and robust method against parameter variations. This
method has very fast dynamic response in load variations.
Thus, this method is used in many industrial applications.
DTC is a powerful method in control of several types of AC
machines. This method has a good response in control of sixphase and ﬁve-phase induction machines [12]. One of the
major errors of the DTC method is caused by the variation of
stator resistance, which is more serious in low-speed conditions. Stator resistance is changed with varying the motor

temperature. If stator resistance change is not considered in
the DTC method, then it causes an error in controller
outputs [13–16]. Thus, to increase the accuracy of the DTC
method, it needs a suitable method to estimate stator resistance [14]. To estimate stator resistance, several methods
are used in literatures. Antonello et al. [17] proposed a new
method for online estimation of the stator resistance (Rs ),
which is suitable to anisotropic motors. It is demonstrated
that this method measures the stator resistance without
information about motor parameters, and the signal-tonoise ratio (SNR) is improved. A suitable method to estimate
the stator resistance based on the mechanical loss and torque
is proposed in the study by Salomon et al. [18]. This method
is suitable to oﬄine estimate of resistance and in service
applications of the induction motor. This paper uses a
particle swarm optimization (PSO) algorithm based on ﬂux
equations with minimizing the torque error. An analytical
method to estimate the stator resistance of a synchronous
motor and DTC based on this method is proposed in the
study by Sangseﬁdi et al. [19]. This method uses the eﬀect of a
stator resistance error on the estimated angle between stator
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ﬂux and current vectors. Winding temperature in a dual threephase machine is estimated with a DC signal injection in the
study by Baneira et al. [20]. This signal is injected in the
(z1 − z2 )subspace to cancel the torque ripple and air gap ﬂux.
This method can only be used in a multiphase machine with
this type of freedom in modeling. The problem of Rs and Rr
identiﬁcation in a sensorless IM is proposed in the study by Yin
et al. [21]. This paper uses a ﬁrst order approximation of the
error dynamics in an adaptive observer. The induction motor
included only the known signals; thus, this method is feasible.
The stator resistance estimation based on a phase-shift compensator is presented in the study by Barut et al. [22]. This
method is decoupled with the speed estimator by an operatingpoint-tracking compensation coeﬃcient.
Extended Kalman ﬁlter (EKF) is a powerful estimator to
estimate not only the stator resistance but also to load torque
and ﬂux of the machine [23–29]. This method is used in
several papers to estimate the machine parameters. This
method is suitable to estimate parameters of machine with
load and parameter variations [25–28]. Nowadays, with the
increase of processing speed in DSP, online experiment of
EKF is possible. Induction motor has stochastic properties;
thus, the EKF can be easily used to model it. Also, it can be
used to control of the machine when the machine is used in
the low speed or machine parameters are varied. Other
estimators are used for parameter estimation of induction
machine parameters [30–33]. EKF is used to model a sixphase induction machine with powerful results [34, 35].
A simple extended Kalman ﬁlter (EKF) loss model
controller (LMC) for eﬃciency improvement of a six-phase
induction machine in all speed ranges is proposed [36]. The
proposed method is fast and can be operated online. If the
machine parameters are changed during the operation, the
EKF algorithm is activated to ﬁnd the parameters to ensure
optimal eﬃciency operation. The EKF model can estimate
speed, load, and motor eﬃciency at low speed ranges, so that
optimization can be performed in all loads and speed ranges.
Unlike the conventional LMC method, the proposed method
is independent of parameter variations [36].
Multirate parameter and state estimation methods for the
induction motor based on EKF theory is proposed for load
torque estimation in the induction motor. The methods are
implemented in real-time on PC cluster node, which acts as the
controller for an induction motor experimental setup. A
multirate model reference adaptive system (MRAS) is proposed
to estimate the rotor time constant in order to guarantee the
high-performance control of the induction motor [37].
The temperature-dependent variation of the stator and
rotor resistances, which induce a large estimation error on
speed and ﬂux, has been a critical issue for the speed-sensorless control. To estimate simultaneous variations of the
stator and rotor resistances in the speed-sensorless control of
IMs under diﬀerent operating conditions, an estimator is
developed based on the extended Kalman ﬁlter (EKF)
technique. In order to resolve the instability issue of simultaneous estimation of stator and rotor resistances, the
stator resistance is estimated via consideration of its temperature dependence and the thermal dynamics of the stator
windings, whereas the rotor resistance is estimated as a
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constant state [38]. The DTC of IM drive with EKF to estimate stator stationary axis components of stator currents,
stator ﬂuxes, stator, and rotor resistances with the assumption of available stator voltages/currents and rotor
speed is presented in the study by Demir et al.[39]. The
online estimations of rotor and stator resistances have a
good response by using a single EKF algorithm and a speedsensor [39].
Suitable EKF estimator is proposed for accurate ﬂux and
speed estimation at very low and zero speed. This technique
is applied with speed-sensorless direct vector control and
two EKF algorithms, by switching from one algorithm to
another at each sampling time. The switching method needs
accurate and increased number of parameters estimation.
The transient and steady state estimation of rotor and stator
resistances is an important challenge in speed-sensorless IM
control that is reported in the study by Barut et al. [40].
The aim of this paper is to decrease the execution time of
EKF modeling of a six-phase induction motor. The proposed
method increases accuracy and decreases the computation
cost of the system. Also, the accuracy of DTC of the sixphase induction machine is improved with the stator resistance estimation. The proposed method used a suitable
EKF algorithm to estimate ﬂux and load torque. The accuracy of the DTC method is improved with an online stator
resistance estimator. The EKF modeling of 6PIM is accurate
and robust against the parameter variations. This paper
presents a suitable DTC of 6PIM in all speed ranges. If the
load is changed, the EKF algorithm estimates load and speed
quickly and accurately. Also, the presented algorithm is
robustness against resistance change. Estimation of speed is
a powerful tool in speed calculation in all speed ranges
because speed calculation of the motor in low and zero speed
is extremely diﬃcult and with errors.
In this paper, six-phase induction motor modeling and
DTC of 6PIM are deduced, ﬁrst. The EKF modeling of 6PIM
is described in the next section. A suitable DTC of 6PIM that
used parameter estimation of EKF is described. Finally,
simulation results of proposed methods are shown, and
then, experimental results validate the correctness of proposed methods in all speed ranges.

2. Six-Phase Induction Motor Model
2.1. Modeling and DTC of the Six-Phase Induction Motor.
Vector space decomposition method (VSD) is used in
modeling of 6PIM. With this method and applying 6∗ 6
matrices, the six-phase voltage, current, and ﬂux equations are transformed to three subspaces. These subspaces
are named as (α − β), (z1 − z2 ), and (O1 − O2 ). The motor
ﬂux is produced with the main harmonics current and
voltage that are mapped to (α − β) subspace. The DTC of
6PIM is implemented in (α − β) subspace, and other
current subspaces references are set to be zero. Because
the harmonics mapped to the (z1 − z2 ) and (O1 − O2 ) only
produce loss and are considered as zero in various control
methods. 6PIM modeling with the VSD method is shown
in the following equations. All motor symbols are stated in
Table 1.
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Table 1: Motor parameters.
Rs
Rr
Motor and load moment
Ls
Lr
Lm

15.0 Ω
7.91 Ω
5.2∗10−3 kgm2
603.3 mH
604.3 mH
589.1 mH

�→
�→
→ dΨs
Vs � Rs Is +
,
dt

A11 � A22 � −
A13 � −A24 �

Rr
,
σLs M

A14 � −A23 �

ω
,
σLs

(1)

(6)

3
kT � ,
2J

�→
�→
→ dΨr
− jωe Ψr .
0 � Rr Ir +
dt

(2)

1
⎢⎢⎢⎡ σL
Bc � ⎢⎢⎢⎢⎢ s
⎣
0

The dynamic model of the six-phase induction motor in
(α − β) subspace can be shown as
dX
⎪
⎧
⎪
⎪
⎨ dt � A(x) + BU + ω1 ,
⎪
⎪
⎪
⎩
Y � CX + ω2 .

(3)

X �  Isα Isβ Ψsα Ψsβ ωr Rs Tl ,
Y �  Isα Isβ ,

(4)

0 0 0
0 0
0 0
0 0
0 0
0 0
0 0

⎤⎥⎥
0 ⎥⎥⎥⎥⎥
⎥⎥⎥
0 ⎥⎥⎥⎥⎥
⎥⎥⎥
0 ⎥⎥⎥⎥⎥ .
⎥⎥⎥
0 ⎥⎥⎥⎥⎥
⎥⎥⎥
0 ⎥⎥⎥⎥⎦
0

(5)

1 0 0 0 ⎥⎤⎥
⎥⎥⎥
⎥⎥⎥,
⎦
0 1 0 0

All noise of the drive system and measurement equipment in that subspace are modeled with w1′ and w2′. The
suitable discrete model of the motor is needed to the DSPbased control of the motor. The discrete model of 6PIM is
deduced by discretizing of the state vectors. If the sampling
time is Ts , the discrete state vector in (α − β) subspace is


X is the state vector of the system, Y is the measured
parameter of the motor, and U is the input vector in (α − β)
subspace. All noise of the system is ω1 , and measurement
equipment in that subspace is ω2 .

0

1
σLs
Cc �  1 1 0 0 0 0 .

U �  usα usβ .

A11 −ωr A13 A14 ωr
⎢
⎡
⎢
⎢
⎢
⎢
ωr A22 A23 ωr A24
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
−Rs 0
0
0
⎢
⎢
⎢
⎢
⎢
⎢
0 −Rs
AC (x) � ⎢
0
0
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
0
0
0
0
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
0
0
0
⎢
⎢
⎣ 0
0
0
0
0

Rs
R
+ r ,
σLs σLr

x(k) � Ad (x)x(k) + Bd (k) + ω1 (k),

where Ad (x) � Ac (x)Ts + I7∗7 , Bd � Bc Ts , and Cd � Cc .
2.2. Reduced Order EKF Modeling of 6PIM. When speed is
low, the speed sensors quality is much decreased. EKF is a
powerful estimator that can be used to increase the accuracy
of estimation. The output of EKF is used with both sections
with a real-time response. The EKF model of the six-phase
induction motor can be indicated by recursive equations as
below:

P(k) � Add (
x(k))Ph (k)ATdd (
x(k)) + Bdd (u(k))wu (k)BTdd (u(k)) + Q(k),
−1

Ph (k + 1) � P(k) − P(k)CTd (k)Cd (k)P(k)CTd (k) + R Cd (k)P(k),
⌢

⌢ ⌢

(8)
(9)

⌢

xh (k + 1) � Ad (x)x(k) + Bd uT (k) + Ph (k + 1)CTd (k)R− 1 Yy′ − Cd (k)x(k),
where Add (
x(k)) � (zAd (
x(k))/z(
x(k))), and Bdd (u(k)) �
(zBd (u(k))/zu(k)).
Three covariance matrices (Q, R, and wu ) are used to
model the system, measurement, and input noise of the

(7)

y(k) � Cd (k) + ω1 (k),

(10)

system. Above equations are run recursively to decrease the
estimation error. Because the above EKF algorithm needs a
large time to execute, the EKF model can be simpliﬁed as
follows:
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⌢

⌢

⎢
⎡
⎢
⎢
⎣

x1 (k + 1)
⌢

⎤⎥⎥⎥⎦ � T ⎡⎢⎢⎣
s

x2 (k + 1)

A11
x5

x
⎡⎢⎢⎢ 1 ⎤⎥⎥⎥
⎢⎢⎢ ⌢ ⎥⎥⎥
−x5 A13 A14 x5 ⎢⎢⎢⎢ x2 ⎥⎥⎥⎥ T vsα
⎢
⎥
⎤⎥⎥⎦⎢⎢⎢ ⎥⎥⎥ + s ⎡
⎢
⎣ ⎤⎥⎥⎦,
⎢⎢⎢⎢ ⌢ ⎥⎥⎥⎥ σL ⎢
s v
A21 A23 x5 A24 ⎢⎢⎢ x3 ⎥⎥⎥
sβ
⎢⎢⎢ ⎥⎥⎥
⎣ ⎦
⌢

x4

(11)
⌢
⌢
⌢
⎨x
⎧
3 (k + 1) � −Rs x1 Ts + x3 + vsα ,
⌢
⌢
⌢
⎩x
(k + 1) � −R x T + x + v ,
4

s 2 s

4

(12)

sβ

⌢

x
⎡ ⌢1 ⎥⎥⎥⎤ ⌢
1 ⎢
⎢
⎥
⎢
x5 (k + 1) � Ts  −kT x4 kT x3 − ⎢
⎢
⎣ x2 ⎥⎥⎦ + x5 ,
J ⎢
⌢
x6
⌢

⌢

⎢
⎡
⎢
⎢
⎢
Add (x) � ⎢
⎢
⎢
⎣

⌢

(13)

 sβ Ts 0
−ωr Ts
A13 Ts
A14 ωr isβ Ts + A14 ψ
⎤⎥⎥⎥
 sα Ts 0 ⎥⎥⎥⎥⎦,
ωr Ts
A22 Ts + 1 A23 ωr Ts A24 Ts isα Ts + A14 ψ
 sβ Ts kT ψ
 sα Ts kTisβ Ts −kTisα Ts
−kT ψ
1
A56

A11 Ts + 1

(14)
PPh(i,j�1,...,3) � Ph A′ dd1 ,
PPh(i,4) � Ph(i,1) −Rs Ts  + Ph(i,4) ,
PPh(i,5) � Ph(i,2) −Rs Ts  + Ph(i,5) ,
PPh(i,k) � Ph(i,k) ,

(15)

i � 1, . . . , 7, k � 6, 7.

P(i�1,...,3,j) � Add1 PPh ,
P(4,j) � PPh(j,1) −Rs Ts  + PPh(j,4) ,
P(5,j) � PPh(j,2) −Rs Ts  + PPh(j,5) ,
P(k,j) � PPh(k,j) ,

(16)

k � 6, 7 j � 1, . . . , 7.

Proposed reduced order EKF modeling of the six-phase
induction machine can be used to decrease the execution
time of EKF modeling of the motor. In the proposed
method, the execution time is reduced, and also, the
complexity of the system is reduced. Diagram of proposed
reduced order EKF (ROEKF) modeling of DTC of the sixphase induction motor is shown in Figure 1.
Dynamic performance of EKF and ROEKF is related to
Q and R initial values. By changing these parameters, the
Kalman ﬁlter response will be improved somewhat. An EKF
estimator has a big primary error in the start time that is
related to Q and R matrix and is adjustable with initial
values. Also, if initial values of the state matrix will be near to
real values, dynamic response of the estimator is improved.
In this paper, initial values of parameters are considered to
be uncertain and are estimated independently from initial
values.
In deferent applications, the EKF estimator is often
tuned to have constant parameter matrices. In an EKF estimator, Q quantiﬁes the system modeling inaccuracies, and
R quantiﬁes the measurement noises prevailing in the system. A low Q leads to a slow transient response, and a high Q
leads to a high noise in steady state resistance estimates.
According to reviewer suggestion, we use an adaptive tuning

that varies the Q matrix as a function of estimate error,
whereby a high value of Q is chosen in the transients, a low
value in the steady state, and a linear variation is ensured
between the limits. Adaptive tuning of EKF is reported in the
literatures to be realized using various adaptation mechanisms for Q and R matrices, based on the reduction of
estimated noise levels. In this paper, we use a simple adaptation mechanism suitable for DTC of a machine. The
settling time of the observer must be lower than the settling
time of the controller, in alternative terms. In the used
adaptive technique, the Q matrix is varied to certain limit
values, which does not compromise the convergence of the
ﬁlter, and hence has no adverse eﬀects on the bandwidth of
the controller.
These parameters were chosen on the basis of the closedloop performance and computation cost of the algorithm.
The values of system parameters and covariance matrix
elements are very eﬀective on the performance of the EKF
estimation. In this paper, to avoid computational complexity, the covariance matrix of the system noise Q is chosen
in a diagonal form, also satisfying the condition of positive
deﬁniteness. According to the KF theory, the Q and R
matrices have to be obtained by considering the stochastic
properties of the corresponding noises. However, since Q
and R are usually not known, in most cases, the covariance
matrix elements are used as weighting factors or tuning
parameters. In general, while the tuning of the initial values
of P (estimation error covariance matrix) and the Q is
performed by experimental trial-and-error to achieve a rapid
initial convergence and the desired transient and steady state
behaviors, Q and R are determined taking into account the
measurement errors of the current and voltage sensors and
the quantization errors of the ADCs.
In implementing the Kalman ﬁlter method, some of the
calculation only increases the computation time, although
they do not result in parameter estimation, largely accounting for the amount of CPU computation. The required
code memory is increased slightly but the required data
memory is reduced in the proposed method. Also, reducing
the computational time will increase the accuracy of the
proposed algorithm and reduce the implementation cost.
With state vector as (4), in the previous EKF methods, all
matrix dimensions would be selected as six. For example,
matrix P has 6∗ 6 dimensions, but in the proposed method,
the matrix dimension is selected as (16). If state vector has
eight variables, the proposed method decreases the execution time near to a quarter. This means 75% decrease in
calculation. With reduction of the EKF calculation, the
selected sample time is decreased.

3. Simulation and Experimental Results
In this section, ﬁrst, ROEKF performance for parameter
estimation in 6PIM is shown in Figures 2 and 3. In these
simulations, motor speed reference is 50 rad/sec and 2 rad/
sec, respectively. The EKF algorithm is active and estimates
all states. According to this ﬁgure, the stator resistance is
changed at 6 sec, and the load is varied at 2 sec and then 5
second, but the EKF algorithm can estimate these variations
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Figure 1: Diagram of reduced order EKF modeling of DTC of the six-phase induction motor.
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Figure 2: Continued.
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Figure 2: EKF modeling of the six-phase induction motor in 50 rad/sec.
1
Prid

Id

10
0
–10

0

1

2

3
4
Time (sec)

5

6

0
–1

7

Priq

Iq

1

2

3
4
Time (sec)

5

6

7

0

1

2

3
4
Time (sec)

5

6

7

5

6

7

2

10
0
–10

0

0

1

2

3
4
Time (sec)

5

6

0
–2

7

(a)

(b)

40

30
20

20

10

0

Rs

Tl

0
–10
–20
–20

–30
–40

–40

0

1

2

3
4
Time (sec)

5

6

–50

7

0

1

2

(d)

500

3

0

2

–500

1

–1000

0

Is

Speed

(c)

–1500

–1

–2000

–2

–2500

0

1

2

3
4
Time (sec)
(e)

3
4
Time (sec)

5

6

7

–3

0

1

2

3
4
Time (sec)
(f )

Figure 3: EKF modeling of the six-phase induction motor in low speed.

5

6

7

7

Load torque

Estimated load torque

Complexity

1

CH1 0.8Nm (sec)

1

Time 1 sec (div)

CH1 0.8 Nm (sec)

(b)

Motor speed

Stator resistance (ohm)

(a)

Time 1 sec (div)

1

1

CH1 13.5rad (sec) Time 1 sec (div)

CH1 6.25 ohm (div)
(d)

Is_beta

(c)

M1 sec (div)

1
2
Is_alpha

1
2

CH1 0.25 web CH2 0.25 web M20 ms
(e)

CH1 1.5 A (div) CH2 1.5 A (div)
(f )

Figure 4: Experimental results of EKF modeling of the six-phase induction motor in (a) load torque, (b) estimated load torque, (c) estimated
motor speed, (d) estimated stator resistance, (e) zoomed shape of stator ﬂux, and (f ) zoomed shape of stator current.

very well. Figure 2 shows the stator current, ﬂux, stator
resistance, load torque, and speed estimation of the sixphase induction motor at 50 rad/sec. According to Figure 2,
the load torque is 0.1 Nm in the start time and varied to
4.5 Nm at 2 sec. According to results, proposed method has
good response, and estimation error is low.
Figure 3 shows the parameter estimation results in
ROEKF in low speed condition. In this ﬁgure, the motor
speed is 1 rad/sec, and the proposed method can estimate all
parameters completely in low speed. In Figure 3, the load
torque is 0.1 Nm in the start time and varied to 4.5 Nm at
2 sec. Figure 3 shows current and ﬂux in (d-q) axes, load

torque, stator resistance, motor speed, and phase current
estimation. According to results, the proposed ROEKF
technique is active with load and stator resistance variations
and can estimate real values fast and accurately. Accuracy of
the DTC method is closely related to accurate estimation of
stator resistance. The DTC method is highly dependent on
the actual amount of stator resistance, and any error in
calculating the resistance will cause this method to fail. The
dependence of the DTC method on the actual value of
resistance is very high, especially at low speeds. Any error in
the actual value of the stator resistor will cause an error in the
control and instability of the system.
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Table 2: Comparison of math functions in EKF and ROEKF
methods.
EKF
ROEKF
Multiplications
2212
889
Additions
2384
1036
Subtractions
66
33
Divisions
64
32

Method
EKF
ROEKF

Table 3: Comparison of memory space.
Memory space used (byte)
1132
730

Table 4: Motor symbols.
DTC Direct torque control ROEKF
Reduced order EKF
FOC Field oriented control SNR
Signal-to-noise ratio
Extended Kalman
Particle Swarm
EKF
PSO
ﬁlter
Optimization
Vector space
Six-phase induction
VSD
6PIM
decomposition
motor
Voltage source
VSI
DSP
Digital signal processor
inverter
Central processing
Field programmable gate
FPGA
CPU
unit
array

This machine is fed by a six-phase DC-AC VSI. In order
to perform the 6PIM closed-loop DTC, the six stator phase
currents are sensed using LEM current sensors. Four current
sensors are used to sense phase currents of VSI. The outputs
of sensors used as parameters are digitized using six 12 bit A/
Ds in the TMS board. The six-phase induction motor is
made from a three-phase induction motor by rewinding the
stator.
Experimental result of the proposed method in 50 rad/
sec is shown in Figure 4. Six-phase induction motor parameters are shown in Table 1. The motor speed is 50 rad/sec,
and motor load is no load and changed to 1.5 Nm at
t � 2.7 sec. The proposed EKF algorithm can estimate all
parameters perfectly similar to the simulation part.
According to results, the proposed algorithm is active after
stator resistance variation and load variation. The switched
array with six resistance of 7.8 Ω is connected to the stator.
One relay put the resistors in the short circuit state. In this
state, the stator resistance is equal to Rs. By commanding the
switched array resistance, additional resistance can be added
or removed to the stator resistance at a speciﬁed time.
Comparison of math operation numbers in EKF and
ROEKF are shown in Table 2. In this table, various functions
used in these algorithms are compared. In ROEKF, the
number of math functions is reduced; thus, the execution
time of the algorithm is reduced. Despite the reduction in the
execution time, the accuracy of algorithm estimation has not
changed. In the proposed method, it prevents unnecessary
calculation, and this reduces the calculation time.
Also, byte space of memory was reduced in the proposed
method. Table 3 shows the comparing of memory space used
in EKF and ROEKF methods. According to Tables 2 and 3,

the execution time of the algorithm is decreased almost 50%
and used memory space is decreased 35%. Motor symbols
that are used in this paper are shown in Table 4.

4. Conclusions
EKF DTC of the six-phase induction motor presented in this
paper is able to control the motor in all speed ranges.
According to results, the proposed method is active in load
variation and parameters change. If the motor speed is low,
the proposed method estimates the speed and stator resistance perfectly. If stator resistance is estimated incorrectly,
the DTC has an error, and maybe, it is unstable. The proposed ROEKF method has a high speed in estimation. The
proposed algorithm can be implemented in a low-cost
microprocessor. In the proposed method, the execution time
is reduced, and also, the complexity of the system is reduced.
The proposed method decreases the execution time and
prevents unused computing in DSP and FPGA implementation. The performance of the proposed method is
proved by simulations and experimental results.
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