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Abstract—To improve the performance of sensorless induction
motor (IM) drives, an adaptive speed and flux estimation method
based on the multiple-model extended Kalman filter (EKF) with
Markov chain for IMs is proposed in this paper. In this algorithm,
the multiple model EKF for speed and flux estimation is estab-
lished, and the transition of the models obeys the Markov chain
and the estimation value is obtained by mixing the outputs of dif-
ferent models in different weightings, and the calculation of the
weighting is researched. Simultaneously, the transition probability
can be continuously self-tuned by the residual sequence, the prior
information is modified by the posterior information, and the more
accurate transition among the models is obtained. Therefore, the
proposed method improves the model adaptability to the actual sys-
tems and the environmental variations, and reduces the speed esti-
mation error. The correctness and the effectiveness of the proposed
method are verified by the simulation and experimental results.

Index Terms—Adaptive speed and flux estimation, induction
motor (IM), Markov chain (MC), multiple-model extended
Kalman filter (MM-EKF).

NOMENCLATURE
a, B Stationary reference frame axes.
d, q Rotary reference frame axes.
a, b, c Three-phase reference frame axes.
o, 18 «-axis and (3-axis stator currents, A.
id, i d-axis and g-axis stator currents, A.
Tay Up, e a-axis, b-axis, and c-axis stator cur-
rents, A.
Uq, UG «-axis and (3-axis stator voltages, V.
Ud, Ug d-axis and g-axis stator voltages, V.
Yo, Vg «-axis and (3-axis rotor flux linkages,
Whb.
Ve DC link voltage, V.
i Reference quantity.
0 Rotor position.
J Moment of inertia.
Wyl Slip frequency, rad/s.
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Wy Angular rotor speed, rad/s.

L, Mutual inductance, H.

L, L, Stator and rotor inductances, H.
o(=1— (L% /LsL,)) Total leakage coefficient.

o, Rotor leakage coefficient.

Oy Stator leakage coefficient.

R, R, Stator and rotor resistances, 2.
T, (=L, /R;) Rotor time constant.

T Sampling period, us.

Vi System noise.

Wi Measurement noise.

Ty Rated torque, N-m.

P Pole pair.

Py Rated power, kW.

Uy Rated voltage, V.

Iy Rated current, A.

Iy Rated frequency, Hz.

I. INTRODUCTION

NDUCTION motors (IM) have many advantageous charac-
I teristics, such as the high robustness, the reliability and the
low cost compared with dc motors. Installation of speed sensors
increases the cost, and also reduces the robustness and the relia-
bility of the IM drives. Therefore, much effort has been focused
on the rotor speed estimation to achieve sensorless control. A
number of sensorless methods has been proposed, such as ar-
tificial neural networks (ANN) [1], model reference adaptive
systems (MRAS) [2]-[4], high-frequency signal injection [5],
[6], full-order adaptive observer [7]-[9], sliding-mode observer
[10], [11] and extended Kalman filter (EKF) [12]-[37].

In [1], a new method based on ANNs applied to the pa-
rameter estimation of IM using sensorless vector control is
proposed, and the results obtained with the proposed observer
are more efficient than the results obtained with the classical
one. Orlowska-Kowalska and Dybkowski [2] design a novel
MRAS-type to estimate the rotor speed for the vector control
IM drive. In [3], a new sensorless internal temperature mon-
itoring method for IM is proposed. An alternative adaptation
mechanism for MRAS-based sensorless IM drive is presented
in [4]. However, in these studies, with respect to sensorless IM
drives, the rotor flux and load torque should be known to real-
ize the sensorless controller. Moreover, these observers usually
lose effectiveness or give inaccurate results due to the unob-
servability at low speeds. Caruana et al. [5] use a method to
estimate speed based on high-frequency signal injection, and
gets good performance. However, some problems need to be

See http://www.ieee.org/publications_standards/publications/rights/index.html for more intormation.
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solved, such as sampling frequency of high-frequency current,
filter design, and its delay. In [7], [8], and [9], the new de-
sign rules for the adaptation of PI gains to satisfy the required
performances are proposed. The robustness of the adaptive full-
order observer against stator resistance and inductance varia-
tions is also investigated, but the speed fluctuation becomes large
as the speed decreases. In [10], a fixed-boundary-layer sliding-
mode (FBLSM) observer implements a high-performance ro-
bust sensorless electric vehicle IM drive requiring only current
measurements. The chattering-free FBLSM observer is respon-
sible for accurately estimating speed and rotor flux, even with
unknown load torque. In low-speed conditions, it still performs
good observability.

Unlike the other methods, EKF takes a stochastic approach to
state estimation. In spite of its computational complexity, EKF
makes the online state estimation possible while performing
identification of parameters in a relatively short time interval,
and takes system and measurement noises into account directly.
Recently, EKF has been studied widely on the sensorless con-
trol of motors. In [12] and [13], the parameter estimator based
on EKF is used to estimate the rotor resistance and mutual in-
ductance. The results motivate the utilization of the proposed
estimation technique in combination with a variety of control
methods for IMs. In [14], the torque and position are estimated
by EKF in a stepper motor, and this method can cancel the
static error and compensate the load torque variation. Because
of the massive calculation with five-order matrix, most research
results are only verified by simulations. In order to apply it to
practice, a three-order EKF algorithm for flux and speed esti-
mation is proposed in [15]-[17], and the speed and flux linkage
are estimated easily. In [18]-[20], EKF is used for speed and
flux linkage estimation in direct torque control system, and the
experiment results show that the system based on EKF has good
performance and applicable value. Indicative applications of
nonlinear filters in control problems have been presented in [21],
where EKF has been used in state estimation-based condition
monitoring of electrohydraulic actuators. In [22] and [23], EKF
is used as a speed and position estimator in the vector control
system of the IM, which has been implemented as a state ob-
server for IM drives in various configurations. In [24], EKF has
been used for estimating the electromagnetic torque of direct-
torque controlled brushless dc motors and for implementing a
sensorless control scheme. Salvatore et al. [25] present a novel
sensorless stator-flux-oriented sliding-mode scheme based on
an offline-optimized-delayed-state Kalman filter algorithm to
estimate the stator-flux components and rotor speed in IMs, and
gets good performance. In [26], the application of optimal state
estimation and optimal state feedback algorithms based on the
EKF for real-time active magnetic bearing control is treated. It
is shown that this controller yields improved rotor positioning
accuracy, better system dynamics, higher bearing stiffness, and
reduced control energy effort compared with the convention-
ally used proportional-integral-differential control approaches.
In [27], EKF has been used to estimate the rotor speed, the rotor
flux, and the stator flux, and the stator currents accurately in the
vector control system of the IMs, and the small stator current
THD is confirmed. Depending on the commanded speed, either
the rotor current model or the open-loop stator voltage model
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is proposed for EKF to achieve better performance in a wide
speed range, including the field-weakening region.

However, the noise covariance matrix of EKF is unitary, and
the different situation and work modes cannot be adjusted.
Moreover, EKF is poorly robust against model uncertainties,
which results in inaccuracy of EKF state estimation, and even
causes the system to diverge. When the system reaches the
stable state, the Kalman gain and the error covariance matrix
are limited within a low level, and the tracking ability to the
mutations is lost. EKF cannot track these changes fast when the
external environment is mutated. In [28], an interacting multiple-
model EKF (IMM-EKF) is proposed to solve aforementioned
problems, and the influence by gross external disturbance and
internal estimated error is reduced based on IMM-EKF. How-
ever, the transition probability matrix is fixed, and the transition
probability cannot be updated with the change of environment
and working conditions in IMM-EKF. The main contribution
of this paper is that a novel speed and flux estimation method
for IMs based on the multiple-model extended Kalman filter
with Markov chain (MC-MM-EKF) is proposed to improve the
model adaptability to the actual systems and the environmen-
tal variations, and reduce the speed estimation error. With this
method, the multiple models are designed to replace the run-
ning modes of system, the transition of models obeys Markov
chain, and the estimation value is obtained by mixing the out-
puts of different models in different weightings. Simultaneously,
the transition probability can be continuously self-tuned by the
residual sequence, the prior information is modified by the pos-
terior information, and the more accurate transition among the
models is obtained. The correctness and the effectiveness of
the proposed method are demonstrated by the simulation and
experimental results.

II. EKF OBSERVER FOR IM

The system equation and the observer equation are supposed
to be linear for Kalman filter. However, the actual system cannot
satisfy this supposition. The nonlinear system can approximate
the linear system with EKF, and the calculation precision will
be enhanced with this algorithm. EKF is formulated as follows:

%: A(Z) 4+ Bu+ K(y — 9) (1)
y= Hi (@)

where 7 is set as the state variable, g is set as the observation
variable, y is the actual measurement value, u is the control
variable, A(%) is the state matrix, B is the input matrix, H is the
observation matrix, and K is the gain matrix.

For EKF, some unmeasured variables can be calculated from
the measured value. Generally, the stator voltage and stator
current are set to be the measured vector, namely ©v = us, y =
1. In addition, the other measured vectors contain noise vector
Vand W

0.i=Fk
vt = E{WW}:{OJH )
(Wi, Wi) = E{W, W7} = mi=k @)
cov(Wy, W;) = Wi = 0i £k
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cov(Vi, W;) = E{V,W! '} =0, forall iandk. (5)

Both vector W}, and vector Vj, are zero-mean Gaussian white
sequences with a zero cross correlation with each other. Q and
R are the positive definite matrices. The covariance matrix of
system noise Q accounts for the model inaccuracy, the sys-
tem disturbances, and the noise introduced by the voltage mea-
surements (sensor noise and A/D converter quantization). The
covariance matrix of measurement noise R accounts for the
measurement noise introduced by the current sensors and A/D
quantization.

In order to build a digital system of EKF, make (1) and (2)
discrete

pr1= A +Bu 1+ Ki v 1(y—19) (6)
Je+1 = (7

where A’ and B’ are the disperse matrix of the A(Z) and B,
respectively. e is the prediction value and e is the update value

Hy 1%k 41

T = (ia,k i;’f7k wn,,}g 7/1/3’;; Wr k )I:
i T TL,, TL,, i
- 0 om 0
T, oL.L, T, oL.L,
T TLm TL’IH
0 Y7, ~Yonn, onnt °
A= | 7L T
Tom 0 1— = “Tw, O
T, T, “
TL, T
Tw, 1- =
0 T w T 0
0 0 0 0 1)
o .
oL,
0 T 100 00
B/ = ULS 3 Hk = 3
0 0 01 000
0 0
0 0

U = (’L-Lavk ug )Tv Ty = oLs/Rg,,
Ry = Ry + (L, /L.)’R,, T, = L, /R,.

In EKEF, the deviation is used to feedback correction, and the
specific process includes the following steps [26]-[33]:
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1) Prediction of the state variable

Ty = ALy + Bugy. (®
2) Prediction of the error covariance matrix ]5k+1
Pii1 = Gri1 PG| + Qi )

where, see the unnumbered equation shown at the bottom
of the page.
3) Calculation of the Kalman filter gain matrix Kj 1

Kior = Pot B (i P B

+Rk:+1)71- (10)
4) Update of the state prediction variable
Tpy1 = Ther + Kip1(Urr1 — Hes1Tp1). (1D
5) Update of the error covariance matrix ]5“1
Pii1 = (I = Kpi1Hii1) Prst. (12)

1II. MC-MM-EKF OBSERVER
A. Multiple-Model EKF

In the single model extended Kalman filter (SM-EKF), the
noise covariance matrix is unitary so that it cannot adjust differ-
ent situation and work modes. Moreover, EKF is poorly robust
against model uncertainties. When the motor running state does
not conform to the model, there is a greater speed estimation er-
ror. A multiple-model EKF which designs multiple EKF model
based on the different noise covariance matrices is proposed
here to solve the above problem. Take the range of covariance
in consideration, EKF model is established with different covari-
ance matrix, such as Q1, Q2. .. Qn. Every model has the same
algorithm with SM-EKF and the different value is obtained, and
the output of the system is added with different weighting, as
shown in Fig. 1.

v}; is the residual sequence of model i, it can be calculated as
follows:

vl =y — Hy . (13)
The residual covariance matrix is given by
S = H, P H|" + R;. (14)

i 1 T 0 TL'm ~ TLm TLm ,(Z) ]
T, oL LT, Wy k+1 oL.L, oL.L, B,k+1
0 T ~ TLm TLm TLm 1;

T, Wr k+1 L.L oL. LT, oL.L, o k+1
0
G = (=— A2+ B o=3 TLn T - ~
E+1 (3x( x + U))| =Tk 41 T 0 1_T —TGr i1 —Tp 41
T T
TLm ~ T ~

0 TT Twr‘k:Jrl 1- ﬁ Tq/](y,k,le

L 0 0 0 0 1 |
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Fig. 1. Structure of the MM-EKF algorithm.

According to the residual and covariance matrix, the likeli-
hood function is shown as follows:

fi(®) = N(vj : 0,5}) (15)

where f;(e) denotes the likelihood of model i.
According to the fuzzy inference principle, the normalized
constant is obtained as follows:

i=1
The weighting is calculated as follows:
fi(®) X pj 4
Ck ’

Py = (17)

The final value and error covariance matrix are summed up
with all models in different weighting

n
5, E:Ai i
T = Ty X Pi

i=1

n
Po= 3 B i},

i=1

(18)

19)

In this algorithm, there is no interaction among the models of
system. Therefore, it is a static multiple model algorithm, which
has good performance for the time-invariant and structure-fixing
systems. However, the motor control system is a highly com-
plex and strong coupling system, and it is easily affected by the
internal factors and external environment. When the motor run-
ning state changes seriously, it will make the speed estimation
wrong, and even cause the system to diverge.

B. Multiple-Model EKF Based on Markov Chain

According to the above analysis, the interaction among the
models is added based on multiple-model EKF algorithm.
Compared with MM-EKF, the IMM-EKF has better adaptive
ability, which can effectively avoid switching among differ-
ent noise models too conservatively, and take consideration of
the system optimality. In IMM, the switching of the models is
characterized quantitatively with switching probability, and the
estimated precision is not only related to the modeling accuracy,
but also directly related to the input interaction estimation, and
the switching probability has great effects on input interaction.

However, the interaction parameters selected by the prior in-
formation is a tradeoff between mode switching and nonswitch-
ing. The switching speed and the filtering accuracy of the models
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Fig. 2.  Structure of the Markov chain.
are affected by the lag of probability and noise. A multiple-
model EKF with Markov chain is proposed in this paper. It is
assumed that the transition among the different models obeys
the Markov chain of finite state, and the structure of Markov
chain is shown in Fig. 2. Simultaneously, the measurement in-
formation in the residual sequence is used to update the model
transition probability, and the prior information is modified by
posterior information, which makes the transition probability
and the models coincident with the actual situation. At last,
MC-MM-EKF gives the final result by fusion based on the like-
lihood function of every model. Thus, the filtering accuracy and
anti-interference performance are improved, and the influence
of the uncertain prior information is weakened. The proposed
method shows more robust against the model uncertainties or
the time-varying parameter systems, and it has better tracking
ability to the mutations and the slow changes. Therefore, the
proposed method improves the model adaptability to the actual
systems and environmental variations, and reduces the speed
estimation error. The proof of convergence for MC-MM-EKF
is shown in the Appendix, and the structure of MC-MM-EKF is
shown in Fig. 3.

The prior Markov transition probability of the system is as
follows:

0.8 0.1 0.1
Ty = 0.1 0.8 0.1
0.1 0.1 08

where 7; is the transition probability from the model i to the
model j, and ], 41 is the model matching probability.

C. Update of Markov Transition Probability

The residual of filter is observed directly, and it can be used
as a reference for the filter performance by observing the co-
variance of the residual sequence. Actually, the measurement
information is in the residual, and the hybrid residual sequence
of MC-MM-EKEF can be calculated as follows:

vl = yeer — B (A3 + Biw).(20)
The residual covariance matrix is as follows:
Slicj+1 - E{UE-H 'ngl|mi+1’Yk+1}
= i:+1 + HZ+1A;P,§+1A;TH,£1
+H}Z+1D£Hﬁl (21)
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Fig. 3.

where m,i indicates that model i matches with the cur-
rent running mode, Yy, is the observation set, and Y, 1 =
1 2 n
{Wkst Vesr Ui )
According to the residual sequence, the likelihood function
is given by

A}«]H = N[Vllé,]ﬂ 0, Slls+1]
T 1 1.1
ZGXP{ 0.5}, k]+1 k]+1}/ ’ k+1‘(22)

where D}g is the process noise covariance matrix, and it can be
calculated as follows:

D;fj E{Qk‘m;‘mm{-+1vifk+l}'

The adaptive transition probability based on the measurement
information is given by

J i
P {mk+1|mlm Yk+1}

(23)

ij
T+t

A

k+1'P{mi+1‘mﬁc’Y}€+1}
P{yk+1|m;{7}/k}

The observation set Y only contains model matching infor-
mation before time &, and thus

(24)

P{m lmi Yoo } = P{mi Imi} ==l @3)
Equation (21) is rewritten as follows:
k+1 = k+1 '7%/77 (26)
where
n=_ Alem. 27)

i=1

The posterior Markov transition probability is obtained based
on the above method, and it contains more accurate distribution
information of model transition probability. m, | is used as
transition probability next time, which makes model switching

Structure of the multiple-model extended Kalman filter based on the Markov chain algorithm.

more accurate and reduces the influence of prior information.
Therefore, the fusion precision is improved.

D. Mechanism of Process Noise Covariance Matrix

When the disturbance mechanism is clear, the variance of
independent disturbance sources is a diagonal matrix. If every
model is designed independently, there will be more parame-
ters. The multiple-model modeling method has generalization
capacity, but it appears more requirement of parameter design,
which provides the possibility to introduce new information to
implement the parameter design and optimization online.

Dy is the process noise variance based on the model which is
known at two moments, and the basic idea is that it establishes
the relationship of noise variance between model state maintain-
ing and switching by the Bayes total probability. Because the
model mismatching difference is larger in process of the state
with maintaining and switching, the process noise variances are
designed respectively. When the running mode of the system is
known, D,C is unrelated with the observation set Y} 1, and (23)
can be rewritten as follows:

E{Q”m,@,m{cﬂ} .

There is always some inertia in the filtering system, and
the identification of model has delay with the mask of noise,
which causes the process noise of model to show nonstationarity.
Generally, D;'>>D;/’ and Dj'.

i
Dk

(28)

E. Steps of MC-MM-EKF for IM

Step 1: Posterior estimation for Markov transition probability

Take Z, ,]5;5, into the model j with filtering, the posterior tran-
sition probability can be calculated from (20)—(27).

Step 2: Input interaction

In this section, individual filters are mixed according to the
predicted model probabilities. The predicted model probability
is given by the model probability in the previous cycle u} and
the probability that a transition from state i to state j occurs 7;;,
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the initial mixing state ;" and the initial mixing covariance P,
are given by

n
£0) _ ij 5
T = E uj &,

i=1

(29)

n

. s . . ; AT

=Y {P,g + | -] o [# - @] } (30)
j=1

ul = mui /s (31)

Go= D g (32)

i=1

Step 3: Prediction of the state _
) Use &) and P’ based on EKF to get state &}, ,, covariance
P]. | and residual vj , .

Step 4: Update of the model matching probability

The likelihood function of model j is as follows:

Ny = N[Vli+1 :O7S£+l}

P .
= eXp{_OﬁV{gHSiHVéH}/ 27T‘SI£+1"

(33)

Using the Bayes rule, the model matching probability is
given by

ui,+1 = Ai_ug_j/g (34

c= > Aj(k+1)g. (35)
j=1

Step 5: Combination

According to the model matching probability, the mean and

covariance of the combined state estimation are as follows:

n
~J J
E : Lpp1Ukq

g1 = (36)
=1
Pk‘ﬂ = Z “iﬂ {Plg+1 + {557&1 — Tpy
i=1
y R T
o [#y = ] } (37)

It is the essence of the sensorless vector control that the
motor speed is not acquired by mechanical sensor, but rather by
software in the speed regulating system. The block diagram of
the sensorless vector control system for IM is shown in Fig. 4.

The voltage and phase current of motor are transformed to
a—[3 coordinate system. The voltage and current based on -a-(3
coordinate system are the inputs of the MC-MM-EKF estima-
tor. The rotor speed is estimated to feedback the PI controller.
The control voltages (u,*, ug+) are transformed to ug and wu,
which are the outputs of the PI controller. At last, the outputs
of SVPWM are loaded to a PWM inverter to regulate the IMs.
The outputs are the speed, the current, and flux based on an a—(3
coordinate system.
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Fig. 4. Block frame of sensorless vector control based on MC-MM-EKF.
TABLE I
MOTOR PARAMETERS
Py L1kW R, 5270Q
Un 380V R, 5.07Q
Iy 27A L, 0421 H
ny 1410 r/min L 0423 H
J 002kgm?> L, 0479H
I 50 Hz P 2

IV. SIMULATION RESULTS

The simulation is carried out by MATLAB/Simulink. In the
simulation, the parameters of the IM are shown in Table I. The
covariance matrices Q and R are taken to be diagonal. If a large
value of matrix R is used, the transient response decreases but
the state is well estimated in steady state. As shown in (10),
the matrices K and R are inversely proportional. Therefore, the
value of K becomes weak in order to give more accuracy to
the estimation of the state. Otherwise, overshoot in the transient
response and noises in the steady-state response are obtained.
In both cases, R acts on the transient response and in the steady-
state response because its value is constant in the EKE algorithm.
The covariance matrix Q represents the noises on the system
due to the modeling errors. From (9) and (10), the matrix K is
proportional to matrix Q. Then, it has an opposite effect of that of
R. Under the premise to ensure convergence, the choice of every
value of these matrices is done according to the dynamics of the
state variables and performance index. In the design phase, some
engineering works should be required for MC-MM-EKEF. First,
the calculation and the procedure of MC-MM-EKEF are relatively
large. Therefore, the selection of microprocessor is important,
and the high-performance microprocessor should be selected
to ensure execution efficiency. Second, defining the number of
models should be required for MC-MM-EKF. The performance
of the algorithm will be affected by the selection of the model
set. The model set is so small that the running modes may not
be contained. The precision can be improved by increasing the
number of models, and the amount of calculation also increases.
Moreover, the model competition will be introduced owe to the
use of too many models, which leads the algorithm performance
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Fig. 5. Comparison of simulation result based on MC-MM-EKF.

to be affected. Accordingly, the performance of the algorithm
will be reduced. Therefore, many factors in practice should
be considered, such as work conditions, the execution time of
program, the precision, and so on. In this paper, three models are
set, considering the working conditions and the performance of
CPU. The value of the Q and R matrices for EKF are as follows:

R = diag[0.1,0.1],
Q =diag[2 x 1072,2x 107%,2 x 107%,2 x 1073, 1].

The initial value of u for MC-MM-EKF is u =
[0.97 0.015 0.015]. The value of the Q and R matrices for IMM-
EKF and MC-MM-EKEF are as follows:

Model 1:

Ry = diag[0.01,0.01]

Q1 =diag[5x 107%,5x 107%,5 x 107*,5 x 10*,0.1].
Model 2:

Ry = diag[0.1,0.1]

Qs =diag[2 x 1072,2x 107%,3 x 1073,3 x 1073, 1].
Model 3:

R3 = diag[10, 10]

Qs = diag[5x 107,55 x 1071,2 x 1072,2 x 1072,10).

The setting frequency in the simulation is given as follows:
the initial frequency is set as 50 Hz. At second second, the
frequency is set as 5 Hz. At fourth second, the frequency
is set as 25 Hz. The simulation results of speed comparison
based on MC-MM-EKEF is shown in Fig. 5. It indicates that
MC-MM-EKEF has good tracking performance and a stable state.

Fig. 6 shows the speed response when sudden load is added.
The motor is running with no load at the starting time. At
the third second, a sudden load of 10 Nm is added. Because
of the sudden load, the speed drops to 300 rad/s, and 0.4 s
later, the speed tracks the given speed again. It shows that the
good dynamic properties of the speed estimator are based on
MC-MM-EKFE.
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A. With Gross External Error

In order to test the anti-error ability of MC-MM-EKEF, a dis-
turbance pulse which valued 2 A is added to i, based on EKF,
IMM-EKF, and MC-MM-EKEF. The given frequency speeds up
from 0 to 50 Hz in first 0.5 s, runs in 50 Hz for 5 s, and speeds
down to 5 Hz. As shown in Fig. 7, EKF has a large estimation er-
ror when the gross external disturbance occurs with the largest
error of 30 rad/s at rated speed, 35 rad/s at speed down, and
20 rad/s at low speed. IMM-EKF has better anti-error ability,
and the largest estimated error is 10 rad/s at rated speed, 13 rad/s
at speed down, and 10 rad/s at low speed. MC-MM-EKF has the
best anti-error ability, and the largest estimated error is 5 rad/s
at rated speed, 8 rad/s at speed down, and 6 rad/s at low speed.
Therefore, the MC-MM-EKF has better anti-error ability than
EKF and IMM-EKF.

Fig. 8 presents the comparison of the estimated flux. It is
shown that flux linkage based on EKF and IMM-EKF has a
larger fluctuation, compared with MC-MM-EKF.

B. With Gross Estimation Error

An error vector which is [0 1 0 0 0]" is added to x. Speed
estimated error based on EKF, IMM-EKEF, and MC-MM-EKF is
shown in Fig. 9. As it is presented, EKF has a large estimation
error when the gross estimation error occurs with the largest
error of 30 rad/s at rated speed, 40 rad/s at speed down, and
25 rad/s atlow speed. IMM-EKEF has better anti-estimation-error
ability, and the largest estimated error is 6 rad/s at rated speed,
11 rad/s at speed down, and 6 rad/s at low speed. MC-MM-
EKF has the best anti-estimation-error ability, and the largest
estimated error is 3.5 rad/s at rated speed, 6 rad/s at speed down,
and 3 rad/s at low speed. Therefore, MC-MM-EKF has better
anti-estimation-error ability than EKF and IMM-EKF.

Fig. 10 presents the comparison of the estimated flux. It is
shown that flux linkage based on EKF has the largest fluctuation,
and flux linkage based on IMM-EKF also has a larger fluctua-
tion, but the fluctuation of the estimated flux linkage based on
MC-MM-EKEF is much smaller.
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Fig.7. Comparison of the estimated speed with gross external error. (a) EKF.
(b) IMM-EKEF. (c) MC-MM-EKF.

V. EXPERIMENTAL RESULTS

The above speed estimation methods are implemented at the
experimental platform based on TMS320F28335, and the clock
frequency of TMS320F28335 is 150 MHz. The motor param-
eters are shown in Table I, and the experimental platform is
shown in Fig. 11. The value of Q, R, and u is the same as
in the simulation. The system hardware consists of an IM, an
IM inverter, a loading system, and an oscilloscope. The stator
voltage, the stator current, and the rotor speed are measured
by the hall effect voltage sensor, the hall effect current sensor,
and the photoelectric coder, respectively. The type of the en-
coder is OMRON: E6C2-CWZ6C, and the encoder resolution is
1024 P/R. The system software process includes initialization,
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Fig. 8. Comparison of the estimated flux linkage with gross external error. (a)
EKF. (b) IMM-EKF. (¢) MC-MM-EKF.

main loop, fault protection, PWM interrupt, etc. The period of
the PWM interrupt is 250 ps, and the main functions include
coordinate transformation, MC-MM-EKEF algorithm, dead time
compensation, SVPWM generation, etc. The execution time of
traditional EKF is 50 us, the execution time of IMM-EKEF is
155 ps, and the execution time of MC-MM-EKF is 160 us.
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(a) EKF. (b) IMM-EKEF. (c) MC-MM-EKF.

A. Experimental Verification for Speed Estimation During
Full Speed and Low Speed

When the motor runs at different speed, the experimental
results based on MC-MM-EKEF are shown in Fig. 12. From top
to bottom, the rotor speed, the estimated speed, and the speed
estimation error are given, respectively. It can be seen that the
motor runs at six stages, including 2pi, 40pi, 80pi, 100pi, 60pi,
and 20pi rad/s, respectively, which contains the full range of
running speed, it indicates that the proposed method has good
tracking performance.

Fig. 13 shows the estimated speed response based on
MC-MM-EKF when the given speed ranges from +2pi to
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Fig. 10. Comparison of the estimated flux linkage. (a) EKF. (b) IMM-EKF.
(¢) MC-MM-EKE.

+10pi rad/s. From top to bottom, the rotor speed, the estimated
speed, and the speed estimation error are given, respectively.
It presents that MC-MM-EKF has good tracking performance
during the low-speed range.

Fig. 14 shows that the speed estimation performance based
on MC-MM-EKF when speed-sensor fails at 100pi rad/s with



YIN et al.: SPEED AND FLUX OBSERVER OF INDUCTION MOTOR BASED ON EXTENDED KALMAN FILTER AND MARKOV CHAIN

ﬂ:

Loading sérvo fmotof

Fig. 11.  Experimental platform.

100pi a

(rad’s)
2 g
T %

100pi

80pi

SN—— ;10 /11
40pi

20pi

P T )

Actual speed

40pi

S
¥

O tm————

Estimated speed
(rad/s)

10

Speed estimation
error (rad/s)

-10
Time (10 s/div)

Fig. 12. Speed tracking performance in whole operation based on
MC-MM-EKF.

(rad/s)
—

s

J

i

|

error (rad/s)

Speed estimation Estimated speed Actual speed
(rad/s)

Time (10 s/div)

Fig. 13.  Speed tracking performance when the given speed ranges from +2pi
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100% rated torque. The speed based on speed-sensor is used
feedback speed before 4 s, and the speed based on MC-MM-
EKF is used feedback speed after 4 s to simulate encoder failure.
From the experimental results, the current waveform has slight
oscillation, but it restores stability quickly and the motor can
operate stably. Therefore, MC-MM-EKEF is particularly suit-
able for the products of the speed-sensorless compact drives
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composing of a motor and an inverter, the applications such
as electrical or hybrid vehicles, where both a resolver as speed
sensor and a speed estimation algorithm which are used and
required for safety purposes in case the speed-sensor fails.

Fig. 15 shows the estimated speed and the stator current based
on MC-MM-EKF at 1pi rad/s. From top to bottom, the estimated
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speed, the speed estimation error, and the u-phase current are
given, respectively. It can be seen that the stator current is close
to sine, and the motor can operate stably at low speed.

Fig. 16 shows the experimental results based on MC-MM-
EKF at 1pi rad/s with step load disturbance from 0% to 100%
rated torque. From top to bottom, the rotor speed, the speed
estimation error, and the u-phase current are given, respectively.
It can be seen that the motor can run stably at low speed, and
the motor speed can track the given speed again very soon when
the load changes rapidly. Therefore, MC-MM-EKF has good
dynamic performance against step load at low speed.

The frequency where 45 [°] phase delay occurs is considered
as the bandwidth of the regulator in this paper. Fig. 17 shows the
Bode plot of the speed loop. It can be seen that the bandwidth
of the speed regulator is almost 8 Hz when phase delay is 45 [°].
Fig. 18 shows sine wave response of the speed loop at 8 Hz based
on MC-MM-EKEF, and the magnitude of the speed reference is
8pi rad/s. From top to bottom, the speed reference, the rotor
speed, and the estimated speed are given, respectively. As shown
in Fig. 18, the estimated speed is identical with the actual speed,
and it can be concluded that the speed estimation based on
MC-MM-EKF is performed quite well.
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Fig. 18.  Sine wave response of the speed loop at 8 Hz.

Figs. 13—18 demonstrate the correctness of the speed estima-
tion system based on MC-MM-EKF.

Fig. 19 shows the speed response and the stator current based
on EKF, IMM-EKF, and MC-MM-EKF when the given speed
ranges from +100pi to —100pi rad/s. From top to bottom, the
rotor speed, the estimated speed, the u-phase current, and the
speed estimation error are given, respectively. Fig. 19(a) shows
the experimental results based on EKF, Fig. 19(b) shows the ex-
perimental results based on IMM-EKEF, and Fig. 19(c) shows the
experimental results based on MC-MM-EKEF. It indicates that
in the process of the motor speed reversal, the current wave-
form has no oscillation and transition, and the estimated speed
based on EKF, IMM-EKF, and MC-MM-EKF remains stable,
and the smooth switching is achieved on zero-crossing position.
However, the speed estimation error of EKF and IMM-EKF is
larger than MC-MM-EKEF in the process of the motor speed
reversal.

Figs. 20, 21, and 22 show the response of the closed-loop
system based on EKF, IMM-EKF, and MC-MM-EKF with no
load. The initial given speed is 100pi rad/s, then the motor de-
celerates from 100pi to 2pi rad/s and accelerates from 2pi to
50pi rad/s at the speed slew rate of 25pi rad/s/s. Fig. 20 shows
the estimated speed and the speed estimation error comparison
with EKF, IMM-EKF, and MC-MM-EKEF. From top to bottom,
the estimated speed and the speed estimation error are given,
respectively. Fig. 20(a) shows the experimental results based
on EKF, Fig. 20(b) shows the experimental results based on
IMM-EKEF, and Fig. 20(c) shows the experimental results based
on MC-MM-EKF. From the experimental results, all estima-
tors have good steady performance, and the mean error is zero,
but the fluctuation of EKF and IMM-EKEF is larger than MC-
MM-EKF. At the same time, MC-MM-EKF has better dynamic
property than EKF and IMM-EKEF in the motor acceleration and
deceleration process. As shown in Fig. 21, EKF, IMM-EKF, and
MC-MM-EKEF can reproduce the current, but MC-MM-EKF has
the best precision. Fig. 22 shows the estimated flux linkage com-
parison with EKF, IMM-EKEF, and MC-MM-EKF. It can be seen
that the estimated flux linkage based on EKF and IMM-EKF has
a larger fluctuation, but the fluctuation based on MC-MM-EKF
is rather small.
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Fig. 19.

Figs. 20,21, and 22 indicate the speed and flux estimation sys-
tem based on MC-MM-EKF has better estimation performance
than EKF and IMM-EKEF in the whole speed range.

B. Robustness to Motor Parameter Variations

Fig. 24 shows the estimated speed and the speed estimation
error of EKF, IMM-EKF, and MC-MM-EKF at 2pi rad/s with
1.3L,,. From top to bottom, the estimated speed and the speed
estimation error are given, respectively. Fig. 24(a) shows the
experimental results based on EKF, Fig. 24(b) shows the ex-
perimental results based on IMM-EKF, and Fig. 24(c) shows
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the experimental results based on MC-MM-EKF. From the ex-
perimental results, the estimated speed based on EKF has the
largest fluctuation with mismatched L,,,, and the maximum error
of the speed estimation is 1.5 rad/s. The estimated speed based
on IMM-EKEF has larger fluctuation with mismatched L,,, and
the maximum error of the speed estimation is 1.3 rad/s. The
fluctuation of estimated speed based on MC-MM-EKF is rather
small with mismatched L., , and the maximum error of the speed
estimation is 1 rad/s.

Fig. 25 shows the estimated speed and the speed estima-
tion error of EKF, IMM-EKF, and MC-MM-EKEF at 2pi rad/s



100pi poemssmsmmmmsnssas
80pi |
60pi | \
40pi | /
20pi | J

Estimated speed
(rad/s)

10 |
0
-10

Speed estimation
error (rad/s)

Time (4 s/div)

(2)
= .”' -
o |
= % ;|
£ 8o
£ E 60pi|
A7 | e s versrintad
sal 40pi |
= 20pi /
8 D 0 | "Wf
s © "
=
£8 10 | |
5] 5 :
i o A e e
38 0" - |
&Y 10
Time (4 s/div)
(®)
= | |
8 | |
= | \ |
g3 S \ |
£ & 60pi. \ _ |
= { \ t e i ki
=3 40pi | \ :
: \ |
- 20pi \ oo j |
) | \ { / :
'g /[‘\’J\ O "E NS PP ey i Ao
= | |
£E 10 |
O | 1 |
zE oo e
Time (4 s/div)
©
Fig. 20. Experimental comparison of the speed estimation error with no load.

(a) EKF. (b) IMM-EKF. (c) MC-MM-EKF.

with 1.3R, From top to bottom, the estimated speed and the
speed estimation error are given, respectively. Fig. 25(a) shows
the experimental results based on EKF, Fig. 25(b) shows the
experimental results based on IMM-EKEF, and Fig. 25(c) shows
the experimental results based on MC-MM-EKEF. It can be seen
that the estimated speed based on EKF has the largest fluctua-
tion with mismatched R, , and the maximum error of the speed

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 32, NO. 9, SEPTEMBER 2017

=
-2 A
Eo0 TR
5% o m‘ (il
= g i r h |, || |
2 5-0.02
5
o
g
g o002 = |
g =< ’ \ gru-\qm;f LTTHTTRIETS
5 o0
=8 i |.1!l|| mlnlhh
g 8-0.02
=
O _ i
Time (4 s/diV)
=
.8
bS]
£
8
B
=
=3
@)
=
.8
=]
=
8
=
£
@) L
107 Time (4 s/div)
(b)
xlo'3
i
£ s . |
g — 2 lrll '.]"|i| 1
= <
52 0 ‘* l I
= 2 |
55 ||| ||'I'II|
-4 E
s 4
2 [ i
S I : |
£z A
E |{||llmlhwl]l| | ‘
E52 A |
O 4 | !
x10? Time (4 s/div)
(0
Fig. 21. Experimental comparison of the current estimation error with no

load. (a) EKF. (b) IMM-EKEF. (c) MC-MM-EKF.

estimation is 2 rad/s. The estimated speed based on IMM-EKF
has larger fluctuation with mismatched R, , and the maximum
error of the speed estimation is 1.6 rad/s. The estimated speed
based on MC-MM-EKEF is rather small with mismatched R, ,
and the maximum error of the speed estimation is 1.2 rad/s.
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Fig. 22.  Experimental comparison of the estimated flux linkage with no load.
(a) EKF. (b) IMM-EKEF. (c) MC-MM-EKF.

Figs. 23, 24, and 25 indicate that EKF is the most sensitive to
the motor parameter variations, IMM-EKF is more sensitive to
the motor parameter variations, and MC-MM-EKEF has the best
robustness to the motor parameter variations.

C. With Gross Estimation Error
Fig. 26 shows the estimated speed and the speed estimation

error of EKF, IMM-EKF, and MC-MM-EKF when an error vec-
tor which is [0 1 0 0 0]7 is added to x, and the given speed is
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Fig. 23.  Experimental comparison of the estimated speed and the speed esti-

mation error at 2pi rad/s with 1.3R;. (a) EKF. (b) IMM-EKF. (c) MC-MM-EKF.

100pi rad/s. From top to bottom, the estimated speed and the
speed estimation error are given, respectively. Fig. 26(a) shows
the experimental results based on EKF, Fig. 26(b) shows the ex-
perimental results based on IMM-EKEF, and Fig. 26(c) shows the
experimental results based on MC-MM-EKEF. It can be seen that
the maximum fluctuation of the estimated speed based on EKF is
30 rad/s, and maximum error of the speed estimation is 12 rad/s.
IMM-EKF has better anti-estimation-error ability, the maxi-
mum fluctuation of the estimated speed based on IMM-EKF
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Fig. 24.  Experimental comparison of the estimated speed and the speed esti-

mation error at 2pi rad/s with 1.3L,, . (a) EKF. (b) IMM-EKE. (¢) MC-MM-EKE.

is 19 rad/s, and the maximum error of the speed estimation is
8 rad/s. MC-MM-EKEF has the best anti-estimation-error ability,
the maximum fluctuation of the estimated speed based on IMM-
EKF is 9 rad/s, and the maximum error of the speed estimation
is 5 rad/s.

D. With Gross External Disturbance

In order to test the anti-error ability of MC-MM-EKEF, a dis-
turbance pulse which valued 2 A is added to the current de-
tection channels by a signal generator when the given speed is
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Fig. 25.  Experimental comparison of the estimated speed and the speed esti-

mation error at 2pi rad/s with 1.3R;.. (a) EKF. (b) IMM-EKEF. (c) MC-MM-EKF.

100pi rad/s. Fig. 27 shows the estimated speed and the speed
estimation error of EKF, IMM-EKEF, and MC-MM-EKF. From
top to bottom, the estimated speed and the speed estimation
error are given, respectively.Fig. 27(a) shows the experimental
results based on EKF, Fig. 27(b) shows the experimental results
based on IMM-EKEF, and Fig. 27(c) shows the experimental re-
sults based on MC-MM-EKF. From the experimental results,
the maximum fluctuation of the estimated speed based on EKF
is 28 rad/s, and the maximum error of the speed estimation
is 11 rad/s. IMM-EKF has better anti-error ability, the maxi-
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Fig. 26. Experimental comparison of the estimated speed and the speed esti-

mation error at 100pi rad/s with gross estimation error. (a) EKF. (b) IMM-EKF.
(¢) MC-MM-EKF.

mum fluctuation of the estimated speed based on IMM-EKF
is 11 rad/s, and the maximum error of the speed estimation is
7 rad/s. MC-MM-EKF has the best anti-error ability, the maxi-
mum fluctuation of the estimated speed based on IMM-EKF is 4
rad/s, and the maximum error of the speed estimation is 4 rad/s.

E. Dynamic Performance Verification at Fast and Slow Speed
Slew Rate With Load

Fig. 28 shows the speed estimation error comparison
with EKF, IMM-EKF, and MC-MM-EKF at the slow speed
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Fig. 27.  Experimental comparison of the estimated speed and the speed esti-

mation error at 100pi rad/s with gross external disturbance. (a) EKF. (b) IMM-
EKF. (¢) MC-MM-EKFE.

acceleration and deceleration with 80% rated load, and the
speed slew rate is 12pi rad/s/s. From top to bottom, the ro-
tor speed, the estimated speed, and the speed estimation error
are given, respectively. Fig. 28(a) shows the experimental re-
sults based on EKF, Fig. 28(b) shows the experimental results
based on IMM-EKF, and Fig. 28(c) shows the experimental
results based on MC-MM-EKEF. It can be seen that the max-
imum error of speed estimation based on EKF is 5 rad/s at
the speed slew rate of 12 rad/s/s, and the maximum error of
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Fig.28. Experimental comparison of the speed estimation error with the speed

slew rate of 12 rad/s/s at deceleration and acceleration under 80% rated load.
(a) EKE. (b) IMM-EKE. (¢c) MC-MM-EKFE.

speed estimation based on IMM-EKF is 3.7 rad/s. The speed
estimation error obviously reduces based on MC-MM-EKF,
and the maximum error of the speed estimation reduces to
2 rad/s.

Fig. 29 shows the speed estimation error comparison with
EKF, IMM-EKF, and MC-MM-EKF at the fast speed accel-
eration and deceleration with 80% rated load, and the speed
slew rate is 100pi rad/s/s. From top to bottom, the rotor speed,
the estimated speed, and the speed estimation error are given,
respectively. Fig. 29(a) shows the experimental results based
on EKF, Fig. 29(b) shows the experimental results based on
IMM-EKEF, and Fig. 29(c) shows the experimental results based
on MC-MM-EKF. The motor accelerates from 50pi to 100pi
rad/s and then decelerates to 50pi rad/s. From the experimen-
tal results, the maximum error of speed estimation based on
EKF is 15 rad/s at the speed slew rate of 100pi rad/s/s, and
the maximum error of speed estimation based on IMM-EKEF is
11 rad/s. The speed estimation error obviously reduces based on
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Fig.29. Experimental comparison of the speed estimation error with the speed

slew rate of 100pi rad/s/s at deceleration and acceleration under 80% rated load.
(a) EKF. (b) IMM-EKF. (c) MC-MM-EKF.

MC-MM-EKEF, and the maximum error of the speed estimation
reduces to 6 rad/s.

E. Dynamic Performance Verification with Step Load

Fig. 30 shows the speed estimation error comparison with
EKF, IMM-EKF, and MC-MM-EKF at 100pi rad/s with step
load disturbance from 0% to 100% rated torque. From top to
bottom, the rotor speed, the estimated speed, the u-phase current,
and the speed estimation error are given, respectively. Fig. 30(a)
shows the experimental results based on EKF, Fig. 30(b) shows
the experimental results based on IMM-EKF, and Fig. 30(c)
shows the experimental results based on MC-MM-EKE. It can
be seen that the maximum error of speed estimation based on
EKF is 17 rad/s during the whole operation with step load dis-
turbance, and the maximum error of speed estimation based on
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Fig.30. Experimental comparison of the speed estimation error at 100pi rad/s . . . L .
3 P P P ¢ Fig. 31.  Experimental comparison of the speed estimation error at 10pi rad/s

with step load disturbance from 0% to 100% rated torque. (a) EKF. (b) IMM-

EKE. (c) MC-MM-EKF with step load disturbance from 0% to 100% rated torque. (a) EKF. (b) IMM-

EKF. (c) MC-MM-EKF.
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IMM-EKEF is 13 rad/s. The speed estimation error obviously
reduces based on MC-MM-EKF during the whole operation
with step load disturbance, and the maximum error of the speed
estimation reduces to 9 rad/s. Therefore, MC-MM-EKF is effec-
tive for the sensorless control and has better dynamic tracking
performance than EKF and IMM-EKEF at high speed with step
load.

Fig. 31 shows the speed estimation error comparison with
EKF, IMM-EKF, and MC-MM-EKEF at 10pi rad/s with step load
disturbance from 0% to 100% rated torque. From top to bottom,
the rotor speed, the estimated speed, the u-phase current, and the
speed estimation error are given, respectively. Fig. 31(a) shows
the experimental results based on EKF, Fig. 31(b) shows the ex-
perimental results based on IMM-EKEF, and Fig. 31(c) shows the
experimental results based on MC-MM-EKF. From the exper-
imental results, the maximum error of speed estimation based
on EKF is 7 rad/s during the whole operation with step load
disturbance, and the maximum error of speed estimation based
on IMM-EKF is 5.7 rad/s. The speed estimation error obviously
reduces based on MC-MM-EKF during the whole operation
with step load disturbance, and the maximum error of the speed
estimation reduces to 4 rad/s. Therefore, MC-MM-EKF is effec-
tive for the sensorless control and has better dynamic tracking
performance than EKF and IMM-EKF at low speed with step
load.

VI. CONCLUSION

An adaptive speed estimation method for IMs based on MC-
MM-EKEF has been proposed in this paper. The correction and
the effectiveness of the proposed method have been verified at an
IM sensorless drive. The experimental results demonstrate that
MC-MM-EKEF can effectively improve the model adaptability to
the actual systems and the environmental variations. The maxi-
mum error of the speed estimation with disturbance and motor
parameter mismatches is obviously reduced, and both the steady
and transient performance is improved by using the proposed
adaptive speed estimation method. Moreover, compared with
IMM-EKE, the real-time implementation of MC-MM-EKF is
equivalent with it. Compared with other optimized algorithms,
such as differential evolution algorithm, nondominated sorting
genetic algorithm and particle swarm optimization, and the opti-
mization process are executed off-line. Therefore, the real-time
implementation of MC-MM-EKEF is better than differential evo-
lution algorithm, nondominated sorting genetic algorithm, and
particle swarm optimization.

APPENDIX

In MC-MM-EKE, all EKF models work in parallel. The es-
timation value is obtained by mixing the outputs of different
models in different weightings, and the sum of the weightings is
one. The total output is linear with the output of every model, as
long as every EKF model is convergent, and thus MC-MM-EKF
observer can be convergent. Therefore, it is essential to prove
the convergence of EKF. If Q and R are restrained appropriately,
the sufficient conditions which ensure asymptotic convergence
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are established. The convergence analysis of EKF is proved as
follows.

First, the state estimation error 3k+1 and the state prediction
error 0y are defined by

Okt = Tpyr — Ert (A-1)
5k+1 = Tpp1 — Tpt1- (A-2)

The candidate Lyapunov function M, is as follows:
M1 = 8] P 0. (A-3)

The aim is to determine conditions for which M, is a
decreasing sequence and to show EKF limitations when the
first-order approximation is used, and e, and SL,H are ap-
proximated as follows:

(A-4)
(A-5)

er+1 = Hjp 10541
Or+1 = Gi6y.

For a rigorous convergence study, it is shown that M}
decreases. There always exist residues, due to the first-order
linearization technique, of every output error prediction compo-
nent e}, 41 of exy1 and every state error prediction component
Si 4 of 5k+1, for all k. To take these residues into account, in
order to obtain an exact equality, the unknown diagonal matrices
a1 and i are introduced, and thus

H/i+15k+l = O‘};-+1€§c+1 (A-6)
01 = Bir1GLow (A-7)
aprierin = Hig105410501 = Bes1Groy  (A-8)

where a1 € RPP and (.1 € R"".
By subtracting both sides of 1,1 = Zp+1 + Kj1€p41 from
Zk+1, the following equation is obtained:

Opp1 = Oyt — Pry1Hyy

~ -1
% (Mo Pt By + Bt ) - (A9)

From Kj Zpk+1Hg+1(Hk+1pk+1le+1 + Rj41)”! and
P.iy = — K 1Hyy1)Pgy1, the following equations are
obtained:

P HE Rty = P HY (HkﬂpkﬂHkTH
-1
+Rk+1> (A-10)
Pl = Pol + Hyo Ry HYE (A-11)
k+1 k+1 k+1 k14 k4+1-

Substituting (A-10) into (A-9) and (A-9) into (A-3), the
quadratic function becomes

N 5 T et T
Myi1 = (ki1 — Pep1 Hp (R qerin)

o P (Op1 — Pyt HE Ryt ens1)  (A-12)
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or

T A1 R T T -1
Myy1 = 031 P Oks1 — O Hy 1 Ry ekt

ki1
_€£+1R;i1Hk+15k+1
x ety Rty Heor P HE L Ry ern
(A-13)
Substituting (A-11) into (A-13)
Myy1 = Mk‘ﬂ + Sl{HHkTHR/;LHkHSkH
—of HE Ry enin + el Rty He 10k
et Bl Hen P Hi G Rl epen (A-14)
with
MkH = 5£+1pgi15k7+1-

(A-15)

From (A-6) and (A-7), (A-14) becomes
M1 = My + 6£+1 (akHR,:ilakH
—ap Rl = Rydagan
JFR]:}L1Hk+lpk+lHkT+1R];1L1)ek-H-
(A-16)
On the other hand, M, r+1 can be written as follows:
M1 = 6} GI B (G, P,GE) 7' By Gy, (A-17)
A decreasing sequence {My ;1 } means that
M1 — My = Myi1 = My + My — M <0 (A-18)
or equivalently
My 1 — My = €£+1(%+1R£i104k+1 - Rty
- R[,ilakﬂ + R]:}rlHk+1Pk+1
HE R epsr + 60 G (GLB.GT)
B G0y (19)

The sufficient conditions which ensures asymptotic conver-
gence are

T —1 —1 —1
€Lt1 (ak:+le+lak+l - ak+le+1 - Rk+1ak+1

+ Ry Hy 1 P HE Ry Dera <0 (A-20)

and
oL GT B (Gy B.GL) ' By G0y < 0. (A-21)

Before we give sufficient conditions to ensure the conver-
gence of EKF, two lemmas are established for intermediate
results.
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Lemma 1: Assuming that every o) . | satisfies the following
condition:

L—1-Ap1<ajy <1+V1-Ap
Ak'Jrl = )"max(RkJrl))Vmax(R];}rlHk+1pk+1Hg+1
(s P B+ Ryt ) (a23)

where A, . () represents the maximum eigenvalue and Ry 1 i
chosen such that A, ; < 1, then (A-20) is verified.
Lemma 2: Assuming that

(A-22)

G'i s a bounded nonsingular matrix (A-24)
and every ﬂi satisfies the following condition:
-1<p <1 (A-25)

Then, (A-21) is verified.

The convergence of EKF is not ensured even if My is a
decreasing sequence. Therefore, some additional conditions in
relation to the reconstructibility are needed. Under (A-24), if
there exist positive real numbers 7; and 7, so that forall k > N
and for some finite N > 0, and thus

ml, < OL(N,k)R(k — N,k)O,(k — N, k) < nuo1,
(A-26)
Hy - nGplyGilyi o Grly
Ok—Nk)y= | HevnGilya Gy | (a7
Hy
R(k — N, k) = diag(R," ., B ). (A-28)

According to (A-26), the following lemma can be obtained.
Lemma 3: If we assume that state equations are recon-
structible by (A-26), then we have

lim )\-min (P]:l) = o0 (A-29)
— 00
and
)\'IH‘IX p_l
Sup lim M (A-30)

k—oo )\min [P];I]

Theorem: Based on (A-22), (A-24), (A-25), and (A-26), then
EKF used as an observer for the nonlinear discrete-time system
is ensured that

lim (), — &) = Jim 5, = 0. (A-31)

k—o00
Proof: Based on (A-22) and (A-25), it has been shown (ac-
cording to Lemmas 1 and 2) that {My_} is a decreasing se-
quence which converges to a positive scalar M

klim M, = M. (A-32)
On the other hand
M )\min p_l ATS
F > LB 19 0 (A-33)
tr(P,;l) NAmax [P,:l]
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where tr() is the trace of matrix.
According to (A-29), it can be obtained

lim tr(Pt) = oo. (A-34)
Then
)\min Pil STSA
P P10 O L — 0. (A-35)
n)"max [Pk_ ]
According to (A-30), it can be obtained
lim 5, = 0. (A-36)

The convergence of EKF can be proved by the above method.
By restraining Q and R appropriately, the convergence of
MC-MM-EKEF also can be ensured.

(1]

(2]

(3]

(4]

[3]

(6]

(71

(8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

REFERENCES

X. Sun, L. Chen, Z. Yang, and H. Zhu, “Speed-sensorless vector control of
a bearingless induction motor with artificial neural network inverse speed
observer,” IEEE Trans. Mechatronics, vol. 18, no. 4, pp. 1357-1366,
Aug. 2013.

T. Orlowska-Kowalska and M. Dybkowski, *“Stator-current-based
MRAS estimator for a wide range speed-sensorless induction-motor
drive,” IEEE Trans. Ind. Electron., vol. 57, no. 4, pp. 1296-1308,
Apr. 2010.

M. O. Sonnaillon, G. Bisheimer, C. De Angelo, and G. O. Garcia, “Online
sensorless induction motor temperature monitoring,” IEEE Trans. Energy
Convers., vol. 25, no. 2, pp. 273-280, Jun. 2010.

S. Maiti and C. Chakraborty, “An alternative adaptation mechanism
for model reference adaptive system based sensorless induction mo-
tor drive,” Elect. Power Comput. Syst., vol. 38, no. 6, pp. 710-736,
Apr. 2010.

C. Caruana, G. M. Asher, and M. Sumner, “Performance of HF signal
injection techniques for zero-low-frequency vector control of induction
machines under sensorless conditions,” IEEE Trans. Ind. Electron.,vol. 53,
no. 1, pp. 225-238, Feb. 2006.

J. Holtz, “Sensorless control of induction machines—With or without
signal injection,” IEEE Trans. Ind. Electron., vol. 53, no. 1, pp. 7-30,
Feb. 2006.

S. Po-ngam and S. Sangwongwanich, “Stability and dynamic perfor-
mance improvement of adaptive full-order observers for sensorless PMSM
drive,” IEEE Trans. Power Electron., vol. 27, no. 2, pp. 588-600,
Feb. 2012.

G.-H. Xi, H.-Y. Gao, W. Xu, S.-Y. Yu, and W.-H. Gui, “A method to
determine gain matrix of stator flux full order observer,” J. Central South
Univ. (Sci. Technol.), vol. 39, no. 4, pp. 793-798, 2008.

M. S. Zaky, “Stability analysis of speed and stator resistance estimators
for sensorless induction motor drives,” IEEE Trans. Ind. Electron., vol. 59,
no. 2, pp. 858-870, Feb. 2012.

X. Zhang, “Sensorless induction motor drive using indirect vector con-
troller and sliding-mode observer for electric vehicles,” IEEE Trans. Veh.
Technol., vol. 62, no. 7, pp. 3010-3018, Sep. 2013.

M. Ghanes and G. Zheng, “On sensorless induction motor drives: Sliding-
mode observer and output feedback controller,” IEEE Trans. Ind. Elec-
tron., vol. 56, no. 9, pp. 3404-3413, Sep. 2013.

M. Barut, R. Demir, E. Zerdali, and R. Inan, “Real-time implementation
of bi input-extended Kalman filter-based estimator for speed-sensorless
control of induction motors,” IEEE Trans. Ind. Electron., vol. 59, no. 11,
pp. 4197-4206, Nov. 2012.

X. Xiao and C. Chen, “Dynamic permanent magnet flux estimation of
permanent magnet synchronous machines,” IEEE Trans. Appl. Super-
cond.,vol. 20, no. 3, pp. 1085-1088, Jun. 2010.

M. Barut, S. Bogosyan, and M. Gokasan, “Experimental evalu-
ation of braided EKF for sensorless control of induction mo-
tors,” IEEE Trans. Ind. Electron., vol. 55, no. 2, pp. 620-632,
Feb. 2008.

M. Bendjedia, Y. Ait-Amirat, B. Walther, and A. Berthon, “Position con-
trol of a sensorless stepper motor,” IEEE Trans. Power Electron., vol. 27,
no. 2, pp. 578-587, Feb. 2012.

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

Z. G. Yin, C. Zhao, J. Liu, and Y. R. Zhong, “Research on anti-error
performance of speed and flux estimator for induction motor using
robust reduced-order EKF,” IEEE Trans. Ind. Inform., vol. 9, no. 2,
pp. 1037-1046, May 2013.

L. Ke and X. Jian, “Strong track Schmidt filter and its application to speed
sensorless control of induction motor,” ACTA Autom. Sin., vol. 34, no. 9,
pp- 1076-1082, 2008.

M. Barut, S. Bogosyan, and M. Gokasan, “EKF based sensorless direct
torque control of IMs in the low speed range,” in Proc. Conf. IEEE Int.
Symp. Ind. Electron., Dubrovnik, Croatia, 2005, pp. 969-974.

R. N. Andriamalala, H. Razik, J. N. Razafinjaka, L. Baghli, and F. Sargos,
“Independent and direct rotor-flux oriented control of series-connected
induction machines using decoupled Kalman-filters,” in Proc. 37th Annu.
IEEE Conf. Ind. Electron. Soc., Melbourne, Australia, 2011, pp. 3488—
3494.

1. M. Alsofyani and N. R. N. Idris, “Simple flux regulation for improving
state estimation at very low and zero speed of a speed sensorless direct
torque control of an induction motor,” IEEE Trans. Power. Electron.,
vol. 31, no. 4, pp. 3027-3035, Apr. 2016.

Y. Chinniah, R. Burton, and S. Habibi, “Failure monitoring in a high
performance hydrostatic actuation system using the extended Kalman
filter,” Mechatronics, vol. 16, pp. 643—-653, 2006.

B. Akin, U. Orguner, A. Ersak, and M. Ehsani, “Simple derivative-free
nonlinear state observer for sensorless AC drives,” IEEE/ASME Trans.
Mechatronics, vol. 11, no. 5, pp. 634-643, Oct. 2006.

B. Akin, U. Orguner, A. Ersak, and M. Ehsani, “A comparative study
on non-linear state estimators applied to sensorless ac drives MRAS and
Kalman filter,” in Proc. 34th Annu. Conf. IEEE Ind. Electron. Soc., 2004,
vol. 3, pp. 2148-2153.

Y. Liu, Z. Q. Zhu, and D. Howe, “Instantaneous torque estimation in
sensorless direct-torque-controlled brushless DC motors,” IEEE Trans.
Ind. Appl., vol. 42, no. 5, pp. 1275-1283, Sep./Oct. 2006.

N. Salvatore, A. Caponio, F. Neri, S. Stasi, and G. L. Cascella, “Optimiza-
tion of delayed-state Kalman-filter-based optimization of delayed-state
Kalman-filter-based control of induction motors,” IEEE Trans. Ind. Elec-
tron., vol. 57, no. 1, pp. 385-394, Jan. 2010.

T. Schuhmann and W. Hofmann, “Improving operational performance
of active magnetic bearings using Kalman filter and state feedback
control,” IEEE Trans. Ind. Electron., vol. 59, no. 2, pp. 821-829,
Feb. 2012.

M. Habibullah and D. D. C. Lu, “A speed-sensorless FS-PTC of induction
motors using extended Kalman filters,” IEEE Trans. Ind. Electron., vol. 62,
no. 11, pp. 6765-6778, Nov. 2015.

Z. G. Yin, C. Zhao, J. Liu, and Y. R. Zhong, “Research on robust perfor-
mance of speed-sensorless vector control for the induction motor using an
interfacing multiple-model extended Kalman filter,” IEEE Trans. Power
Electron., vol. 29, no. 6, pp. 3011-3019, Jun. 2014.

K. Szabat, T. Orlowska-Kowalska, and M. Dybkowski, “Indirect adaptive
control of induction motor drive system with an elastic coupling,” IEEE
Trans. Ind. Electron., vol. 56, no. 10, pp. 4038-4042, Oct. 2009.

M. Hilairet, F. Auger, and E. Berthelot, “Speed and rotor flux estima-
tion of induction machines using a two-stage extended Kalman filter,”
Automatica, vol. 45, no. 8, pp. 1819-1827, Aug. 2009.

F. Alonge, T. Cangemi, F. D’Ippolito, A. Fagiolini, and A. Sferlazza,
“Convergence analysis of an extended Kalman filter for sensorless con-
trol of induction motors,” IEEE Trans. Ind. Electron., vol. 62, no. 4,
pp. 2341-2352, Apr. 2015.

M. Barut, S. Bogosyan, and M. Gokasan, “Speed-sensorless estimation
for induction motors using extended Kalman filters,” IEEE Trans. Ind.
Electron., vol. 54, no. 1, pp. 272-280, Feb. 2007.

F. Alonge and F. D’Ippolito, “Robustness analysis of an extended Kalman
filter for sensorless control of induction motors,” in Proc. IEEE Int. Symp.
Ind. Electron., 2010, pp. 3257-3263.

N. Salvatore, A. Caponio, F. Neri, S. Stasi, and G. L. Cascella, “Optimiza-
tion of delayed-state Kalman-filter-based optimization of delayed-state
Kalman-filter-based control of induction motors,” IEEE Trans. Ind. Elec-
tron., vol. 57, no. 1, pp. 385-394, Jan. 2010.

M. Boussak, “Implementation and experimental investigation of sensor-
less speed control with initial rotor position estimation for interior per-
manent magnet synchronous motor drive,” IEEE Trans. Power Electron.,
vol. 20, no. 6, pp. 1413-1422, Nov. 2005.

D. Efimov, A. Zolghadri, and P. Simon, “Improving fault detection abil-
ities of extended Kalman filters by covariance matrices adjustment,”
in Proc. Conf. Control Fault Tolerant Syst., Nice, France, Oct. 2010,
pp. 131-136.



YIN et al.: SPEED AND FLUX OBSERVER OF INDUCTION MOTOR BASED ON EXTENDED KALMAN FILTER AND MARKOV CHAIN 7117

[37] S. Jafarzadeh, C. Lascu, and M. S. Fadali, “State estimation of induc-
tion motor drives using the unscented Kalman filter,” IEEE Trans. Ind.
Electron., vol. 59, no. 11, pp. 4207-4216, Nov. 2012.

Jing Liu was born in Anhui, China, in 1982. She re-
ceived the B.S., M.S., and Ph.D. degrees in electronic
engineering from the Xi’an University of Technol-

Zhonggang Yin (M’13) was born in Shandong,
China, in 1982. He received the B.S., M.S., and Ph.D.
degrees in electrical engineering from the Xi’an Uni-
versity of Technology, Xi’an, China, in 2003, 2006,
and 2009, respectively.

In 2009, he joined the Electrical Engineering De-
partment, Xi’an University of Technology, where he
is currently an Associate Professor. His research in-
terests include high-performance control of ac motor,
and digital control of power converters.

Guoyin Li was born in Chongging, China, in 1992.
He received the B.S. degree in electrical engineering,
in 2014, from the Xi’an University of Technology,
Xi’an, China, where he is currently working toward
the M.S. degree in power electronics and electrical
drives in electrical engineering.

His research interests include high-performance
control of ac motor.

Yanqing Zhang was born in Shaanxi, China, in 1989.
He received the B.S. and M.S. degrees in electrical
engineering, in 2012 and 2015, respectively, from the
Xi’an University of Technology, Xi’an, China, where
he is currently working toward the Ph.D. degree in
electrical engineering.

His research interests include high-performance
control of ac motor.

d

interests include power electronics, especially inverter and ac drive systems.

ogy, Shaanxi, China, in 2003, 2006, and 2009, re-
spectively.

In 2009, she joined the Electronic Engineering De-
partment, Xi’an University of Technology, where she
is currently an Associate Professor. Her research in-
terests include the power semiconductor devices and
their application to power electronic devices.

Xiangdong Sun was born in Shenyang, China, in
1971. He received the Ph.D. degree in electrical
engineering from the Xi’an University of Technol-
ogy, Xi’an, China, in 2003. He did the postdoctoral
research in Tokyo Polytechnic University, Tokyo,
Japan, supported by the government scholarship of
Japan during 2006-2008.

He is a Professor in the Department of Electri-
cal Engineering, Xi’an University of Technology. His
research interests include motor control, power elec-
tronics, and renewable energy system.

Yanru Zhong was born in Xi’an, China, in 1950.
He received the B.S. degree in electrical engineer-
ing from Xi’an Jiaotong University, Xi’an, China, in
1975, and the M.S. degree in electrical engineering
from the Xi’an University of Technology, Xi’an, in
1983.

He joined the Xi’an University of Technology
in 1983. He was a Visit Scholar in the Electrical
Engineering Department, Sophia University, Tokyo,
Japan, in 1987. Since 1993, he has been a Professor
with Xi’an University of Technology. His research




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


