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Tis paper investigates the joint states and parameters estimation problem for induction machine. In order to develop new states
and parameters estimation methods that greatly improve the estimation bandwidth, this paper proposes an adaptive moving
horizon estimation of the crucial states and parameters of the inductionmachine.Temodel of themachine under study is the one
taking into consideration the magnetic saturation and the iron losses simultaneously. Te estimator used is based on a least
squares algorithm but includes a dead zone that ensures robustness and a variable forgetting factor that is based on the constant
information principle.Te simulation results show that the adaptive estimator can efciently estimate the states and parameters of
the induction machine with a fast convergence rate despite the initial parametric errors.

1. Introduction

In feedback control, system monitoring, and system opti-
mization, state estimation plays a fundamental role because
the only information available from the system is noisy
measurements. For accomplishing such a task, several
methods have been developed [1–6], among many others.
Upon the assumption of knowledge of the model of the
system and noises, all these techniques have been developed.
Assumptions are not easily satisfed in practice, and re-
searchers have been absolutely focused on approaches that
do not rely on these requirements [7–11] and have intro-
duced an approach that solves least squares estimation
problems. Instead of leaning on statistical assumptions
about noise, the method is based on an efective selection of
an uncertain model. In this approach, the authors have
formulated uncertainty models by relying on the available
information about the system. Robust estimation algorithms
based on the min-max robust fltering and guaranteed cost
paradigm, in the same way, havemobilized the interest of the
research community [7, 12]. Te moving horizon estimation

(MHE) has long attracted the attention of researchers since
the work of the pioneers [3, 4, 13, 14], building on the
fabulous success of controlling the moving horizon. Te
interest of these estimation methods comes from the pos-
sibility of processing a limited amount of data instead of
using all the information available from the start and from
the ability to integrate constraints. Over the past two de-
cades, the theoretical properties of various MHE schemes
have been investigated, as well as efcient computational
methods for real-time implementation (see [15–19]). Many
results have been obtained for some algorithms, going from
ideal hypotheses (no disturbances and observability) to
realistic conditions (bounded perturbations).

In this paper, we study the adaptive moving horizon
estimation for the estimation of states and parameters
without the speed sensor of an induction machine, aiming to
improve the convergence rate of the estimations of the
diferent variables. In [20], the authors introduced the
moving horizon estimator, inspired by the double receding
horizon control (RHC) problem, which has gained in-
creasing interest over the last decade due to advances in the
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capabilities of computer calculation and numerical opti-
mization [3, 4] have highlighted extensive studies of the
MHE for nonlinear and general linear systems, respectively
[21], explored the induction motor state estimation by the
moving horizon estimator to achieve better bandwidth and
estimation accuracy compared to the model reference
adaptive system and extended Kalman flter estimators.
However, the authors have assumed that the motor speed is
constant over the estimation horizon, so the estimation of
the speed of the convergence rate is limited. Moreover, the
authors also assumed perfect knowledge of the model pa-
rameters, which in practice are not always available.

In [22], the authors propose parameter estimation al-
gorithms for Hammerstein nonlinear ARX systems by
making full use of the current and previous input–output
data of the system. A weighted multi-innovation stochastic
gradient algorithm is presented to improve the convergence
rate of identifcation. Te simulation results indicate that the
algorithm can improve the accuracy of parameter estima-
tion. Nevertheless, [23], the authors propose a paper that is
concerned with the design of a state flter for a time-delay
state-space system with unknown parameters based on noisy
observation information. Te key is to investigate new
identifcation algorithms for the interactive state and pa-
rameter estimation of the considered system. Firstly, a direct
state flter is formulated by minimizing the state estimation
error covariance matrix on the basis of the Kalman fltering
principle. Secondly, once the unknown states are estimated,
a state flter-based recursive least squares algorithm is
proposed for parameter estimation using the least squares
principle. Ten, a state flter-based hierarchical least squares
algorithm is derived by decomposing the original system
into several subsystems for improving the computational
efciency. Te authors in [24] study the identifcation of
state-space models of bilinear systems; the parameters to be
identifed of the considered system are coupled with the
unknown states, which makes the identifcation problem
more difcult than that of the linear state-space model. For
the coupled variables, they introduce the interaction esti-
mation theory to study an online algorithm for joint state-
parameter estimation. To bemore specifc, a state observer in
bilinear form is established by minimizing the state esti-
mation error covariance matrix in the same way as a Kalman
flter on the condition that the parameters are known. Ten,
a bilinear state observer based recursive least squares al-
gorithm is developed using the least squares method.
Moreover, for the purpose of improving the computational
efciency, a bilinear state observer based two-stage recursive
least squares algorithm and a bilinear state observer based
multistage recursive least squares algorithm are proposed by
decomposing the system into several subsystems based on
the hierarchical identifcation.

In this article, a moving horizon estimator based on
adaptive arrival cost is proposed in [25], considering all the
dynamics of the induction motor, where the states and
parameters are jointly estimated. Te formulation of the
adaptive moving horizon estimator for the induction motor
is introduced and eventually discussed. Te simulations

show that the design of the adaptive estimator can achieve an
accurate estimation despite the initial parameter errors.

Te paper is organized as follows: In Section 2, we
present the induction motor model taking into consider-
ation the magnetic saturation and the iron losses simulta-
neously, followed by the adaptive moving horizon
estimation formulation in Section 3. Te results are dis-
cussed in Section 4. Te conclusion is drawn in Section 5.

2. Induction Machine Model

Te inductionmachine model in the d-q reference frame can
be written as follows:

Usd � Rsisd +
dψsd

dt
− wsψsq,

Usq � Rsisq +
dψsq

dt
+ wsψsd,

Urd � 0,

Urq � 0,

ψsd � Llsisd + ψmd,

ψsq � Llsisq + ψmq,

ψrd � Llrird + ψmd,

ψrq � Llrirq + ψmq,

ψmd � Lmimd,

ψmq � Lmimq,

imd + idFe � isd + ird,

imq + iqFe � isq + irq,

RFeidFe � Lm

dimd

dt
+ wsLmimd,

RFeiqFe � Lm

dimq

dt
+ wsLmimq,

Cem � p
Lm

Lr

ψrd isq − iqFe  − ψrq isd − idFe(  ,

(1)

where U, i, and ψ denote voltage, current, and fux vector,
respectively. r, s, and m stand for rotor, stator, and air-gap,
respectively. p is the number of pole pairs. ws is the speed of
the reference axis. pΩ is the rotor speed. Cem is the elec-
tromagnetic torque. Rs, Rr, Lls, Llr, and Lm can be deter-
mined directly from conventional tests: DC test, no-load
test, and locked-rotor test. For operation in transient state, a
mechanical model is coupled to the electrical system via the
electromagnetic torque (Cem) by the equation of motion
given as follows:
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J
dΩ
dt

+ fΩ � Cem − TL, (2)

where J is the moment of inertia, f is the coefcient of
friction, and TL is the load torque.

Te state representation of the machine model is as
follows:

_x � f(x, U),

y � Cx � isd isq 
T
,

(3)

where

x � isdq irdq idqFe Ω Rs Rr 
T
,

[U] � Usdq 02×1 02×1 0 0 0 
T
,

_isd

_isq

_ird

_irq

_idFe

_iqFe

_Ω

_Rs

_Rr
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√√√√√√
_x� _i, _Ω, _Rs,

_Rr( )

�

1
Lls

f1

1
Lls

f2

1
Llr

f3

1
Llr

f4

f5

f6

f7

0

0
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√√√√√√√√
f i,Ω,Rs,Rr( )

+B

Usd

Usq

⎛⎜⎝ ⎞⎟⎠

√√√√√√
Us

,

(4)
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with

B �

1 0

0 1

0 0

0 0

1
Lls

0

0
1

Lls

0 0

0 0

0 0
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,

f1 � k2ws − Rs( isd + wsLs − k1ws( isq · · · + k2wsird + wsLm − k1ws( irq · · · − k1
RFe

Lm

+ k2ws idFe · · ·

+ ws k1 − Lm(  − k2
RFe

Lm

 iqFe,

f2 � L1 − Ls( wsisd + Rs − k2ws( isq · · · + L1 − Lm( wsird − k2wsirq · · · + ws Lm − L1(  − k2
RFe

Lm

 idFe · · ·

+ wsk2 − L1
RFe

Lm

 iqFe,

f3 � k2wsisd + wslLm − k1ws( isq · · · + k2ws − Rr( ird + wslLr − k1ws( irq · · · − k1
RFe

Lm

+ k2ws idFe · · ·

+ wsk1 − wslLm − k2
RFe

Lm

 iqFe,

f4 � L1ws − Lmwsl( isd − k2wsisq · · · + L1ws − Lrwsl( ird − k2ws + Rr( irq · · · + wslLm − wsL1 − k2
RFe

Lm

 idFe · · ·

+ wsk2 − L1
RFe

Lm

 iqFe,

f5 � k2wsϖ −
Rs

Lls

 isd · · · + ws

Ls

Lls

− k1wsϖ − ws isq · · · + k2wsϖ −
Rr

Llr

 ird · · · + ws

Lm

Lls

− k1wsϖ + wsl

Lr

Llr

− ws irq · · ·

− k1
RFe

Lm

+ k2ws ϖ +
RFe

Lm

 idFe · · ·

+ wsk1ϖ − k2
RFe

Lm

ϖ + ws 1 −
Lm

Lls

  − wsl

Lm

Llr

 iqFe,

f6 � ws + ϖL1ws −
Ls

Lls

ws − wsl

Lm

Llr

 isd · · · +
Rs

Lls

− k2wsϖ isq · · · + ws + L1wsϖ − ws

Lm

Lls

− wsl

Lr

Llr

 ird · · · −
Rr

Llr

+ k2wsϖ irq · · ·

+ ws Lm − L1(  − k2
RFe

Lm

 ϖ − PΩ
Lm

Llr

+ ws idFe · · ·

+ wsk2 − L1
RFe

Lm

 ϖ −
RFe

Lm

 iqFe,

f7 � P
Lm

J
isqird − isdirq  −

f

J
Ω −

TL

J
,

(5)

4 Journal of Electrical and Computer Engineering



where

ϖ �
1

Lls

+
1

Llr

,

k1 � Ldycos
2μ + Lmsin

2μ,

k2 � cos μ sin μ Mdy − Lm ,

L1 � Ldysin
2μ + Lmcos

2μ.

(6)

With wsl � ws − PΩ,

Ld � Ldycos
2μ + Lmsin

2μ,

Lq � Ldysin
2μ + Lmcos

2μ,

Ldq � Ldy − Lm cos μ sin μ,

cos μ �
imd

im
; sin μ �

imq

im
,

Lm �
ψm

im
; Mdy �

dψm

dim
,

(7)

where Lm and Ldy are the static and dynamic mutual in-
ductances, respectively. μ is the angle between the

magnetizing current im the axis d. Lm and Ldy consider that
im changes as a function of the magnetizing state of the
machine; they depend on the instantaneous values of ψm and
im and are variable. Ldq explains the cross efect between the d

and q axes [26, 27].

3. Adaptive Moving Horizon
Estimation Formulation

Tis section introduces the adaptive moving horizon esti-
mation formulation to make self-contained this paper [25].

xk+1 � f xk, uk(  + Dwk

yk � Cxk + vk,
(8)

where the state vector is xk ∈ Xℓ⊆Rn, the process noise
vector is wk ∈Wℓ⊆Rp, the measurement vector is
yk ∈ Yℓ⊆Rm, and the measurement noise vector is
vk ∈ Vℓ⊆Rm. Te process and measurement noises (wk, vk)
are assumed to be bounded and/or unknown, i.e.,
w ∈Wℓ(ϑWℓ max) and v ∈ Vℓ(ϑVℓ max) for
(ϑWℓ max, ϑVℓ max) ∈ R2

+, with Xℓ, Yℓ, Wℓ, and Vℓ convex and/
or compact sets considered closed with 0 ∈ Xℓ, 0 ∈ Yℓ,
0 ∈Wℓ, and 0 ∈ Vℓ. Te adaptive moving horizon estima-
tion can be formulated as the following constrained opti-
mization problem at time T:

min wk
, xk−N|kΨ � Γk−N|k xk−N|k  + 

k−1

j�k−N

wj|k

�����

�����
2

Q−1 + 
k

j�k−N+1
vj|k

�����

�����
2

R−1

s.t.

xj+1|k � f xj|k  + wj|k,

yj � Cxj|k + vj|k,

xj|k ∈ Xℓ, wj|k ∈Wℓ, vj|k ∈ Vℓ,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(9)

where xk−j|k is the optimal estimated, and the process noise
estimate is wj|k, which is based on available measurements at
time k (yk). Te estimation residuals are vj|k � yj − Cxj|k.
To ensure a suitable stability of the MHE, it is necessary to
make an adequate choice of Γk−N|k(·) and its parameters
[28].

It is quite arduous for constrained moving horizon es-
timation problems to fnd an analytical expression of the
arrival cost; therefore, an approximation of the arrival cost
used for the constrained problemwill be highlighted and this
approximation quadratic takes the form as follows:

Γk−N � xk−N − xk−N

����
����
2
P−1

k−N

, (10)

where xk−N is the initial state and Pk−N is the weighting
matrix. Tey defne the approximation of the arrival cost. In
this work, the approach proposed for the update of the
arrival cost function, based on an adaptive algorithm, is
formulated as an update of the following elements: Pk−N and
xk−N. In this case, the update of the initial state xk−N will be
done by a so-called smooth update, which implies that once

the estimate has left the estimate horizon, the state con-
straints will not change [29–31].

xk−N � x
∗
k−N|k−1. (11)

About the update of the weighting matrix Pk−N, it is
important to note that the weighting matrix can be con-
sidered as the covariance of the state xk−N, following a
stochastic interpretation of theMHE problem [4]. Analytical
solutions exist to calculate the weighting matrix for un-
constrained linear systems, on the other hand, for con-
strained linear systems, a deduction of the approached
solutions is necessary, they are fundamental and based on a
process of recursive updating of the useful information of
the process at a given time. In the adaptive estimation
method highlighted, we use a recursive updating process
based on measures and states [32, 33].

P
−1
k−N � λk P

−1
k−N−1 +

αk

λk

xk−N|k−1x
T
k−N|k−1 , (12)
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where αk is a function called the dead zone, varying between
0 and 1, andλk is the forgetting factor (0< λk ≤ 1), withP0 > 0
. A recursive real-time estimate of PkN is produced by (12).
Pk−N−1 being the previous estimate is updated from the
matrix xk−N|k−1xT

k−N|k−1. Tis mechanism can be qualifed as
a dynamic temporal flter update with P0, the initial con-
dition, and xk−N|k−1xT

k−N|k−1 the input.

Lemma 1. Let a matrix G> 0 , then an invertible matrix M

exists such that MTGM � I , with I the identity matrix. Ten,
MMT � G− 1 exists.

Proof. (cf. Lemma 7 in [34]).
Te function αk and the forgetting factor λk, each has a

particular role. In Pk−N−1, when λk ≈ 1, the algorithm keeps
the old information, and all information is included in this
case, enhancing the estimation problem. Moreover, when
λk≪ 1, the algorithm tends to discard the old data in Pk−N−1,
considering actual data to estimate Pk−N [35].

Tis case makes it possible to discard many old data
which could negatively hinder the performance of the es-
timator. To ensure robustness, the dead zone function αk is
used, when estimating (12) can be rewritten by the matrix
inversion Lemma as follows:

Pk−N �
1
λk

Pk−N−1 −
αkPk−N−1xk−N|k−1x

T
k−N|k−1Pk−N−1

λk + x
T
k−N|k−1Pk−N−1xk−N|k−1

. (13)

By this way a feedback loop is introduced into the MHE
problem to compute Pk−N, the convergence of the estimates
is ensured in this way xk−N|k and wj(j � k − N, . . . , N) and
to adjust P−1

k−N according to the amount of available data.Te
proposed algorithm used, proposes two crucial elements, a
variable forgetting factor, which varies between 0 and 1, and
a dead zone function, both enabling Pk−N to be updated
under certain conditions to be respected as follows [32]:

λk �

N0 + Δ2k 

N0 + M1k( 
if
Δ2k

M1k

< 1,

1 otherwise,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(14)

αk �
1 ifΔ2k 1 +

μk

λk

 ≤ e
2
k,

0 otherwise,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(15)

withN0 is a positive parameter. M1k � e2k/1 + μk,

μk � x
T
k−N|k−1Pk−N−1xk−N|k−1,

ek � yk−N − yk−N,
(16)

where Δk � ‖xk−N|k−1‖d1 + d2/nk−1, with
nk−1 � max(1, ‖xk−N|k−1‖), and d1 and d2 are design pa-
rameters too, chosen positive notably. Te dead zone size
Δ2k(1 + μk/λk) is bounded because μk is a bounded function
[32] proposed a forgetting factor, which is based on the
constant data principle; moreover, it is judicious for external

and unmodelled disturbances. Algorithm 1 summarizes the
adaptive moving horizon estimation. □

4. Results and Discussion

Numerical simulations have been carried out to show the
performance of the adaptive MHE on the induction ma-
chine. Table 1 presents the parameters of the machine used
in the simulations and Table 2 presents the parameters and
initial values of the estimator. Te sampling frequency
chosen for the execution of the simulations is 10Khz and the
optimization problems have been solved using the Matlab
Optimization Toolbox™. A sequence of independent nor-
mally distributed random values with zero mean and co-
variance equal to 0.1 for measurement noises and a sequence
of normally distributed random values with zero mean and
covariance equal to 1 for process noises.

Te proposed moving horizon estimation formulation
for induction machine state estimation is compared with the
performance of conventional moving horizon estimation,
extended Kalman flter and unscented Kalman flter.
Figures 1(a) and 1(b) show the estimation of the stator
currents in the d and q axis. It can be seen that the estimation
of the stator currents by the MHEAD is better than that
provided by the others estimators. Despite the extension of
the machine model to the crucial parameters notably Rs and
Rr, the adaptive estimator follows the real state by its ability
to adapt to changes and this estimator shows its great ro-
bustness to the given model, which assumes that the pa-
rameters have slow dynamics. Figures 2(a) and 2(b) show the
estimation of the rotor currents in the d and q axis. Just like
the estimate of the stator current, it can be seen a very good
estimate especially during the steady state. Moreover, we also
note that the convergence speed of the adaptive estimator is
obviously greater than that of the MHE, EKF and UKF.
Figures 3(a) and 3(b) show the estimation of the iron
currents in the d and q axis. Te estimate of the iron current
along the d axis is signifcantly better than the estimate of the
iron current along the q axis. It can also be noted that at the
level of Figure 3(b), the estimated state reaches stability at a
greater time than that of Figure 3(a), on the other hand the
estimate of other estimators diverge exponentially.
Figures 4(a) and 4(b) show the estimation of the stator and
rotor resistance. Tanks to its ability to adapt due to the
variable forgetting factor and the dead zone function, the
formulated adaptive estimator guarantees a good estimation
of the parameters. We can also appreciate the high speed of
convergence of the adaptive estimator on the moving ho-
rizon estimator, EKF and UKF. Note that the other esti-
mators were not designed to estimate the parameters of
nonlinear systems in an efcient way, which explains its slow
convergent speed and its poor parametric estimation. Te
proposed adaptive estimator overcomes almost all the
problems of others. Figure 5 shows the estimation of the
rotor speed. Once again, we can appreciate the good esti-
mation and the good convergence speed of theMHEAD. Also
we can note the divergence of the MHEKF which tries
somehow to rebuild the speed but without ever succeeding.
As for EKF and UKF, they provide an estimate of very poor
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x0 , P0, Q, R> 0 , d1, d2, N0 > 0 and N≥ 2
Initialization
xk−N←x0
Pk−N←P0
fork � 0, 1, 2 . . .do

Get measurementsyk

ifk<Nthen
y←[y0, y1, . . . , yk]T

SolveΨkwithx0,P0andy

else
y←[yk− N, . . . , yk]T

SolveΨN
k withxk−N,Pk−Nandy

xk−N←xk−N+1|k

UpdatingPk−Nusing (13), (14) and (15)
end if
Get current estimatesxj|k(j � k − N, . . . , k)

end for

ALGORITHM 1: AD-MHE Algorithm.

Table 1: Parameters of induction motor model.

Parameters Values
Motor power 2.2kw

Nominal voltage 380/230V

Nominal current 4.7A

Stator resistance Rs 2.05Ω
Rotor resistance Rr 4.05Ω
Iron resistance RFe 160Ω
Stator self-inductance Lls 274mH

Rotor self-inductance Llr 274mH

Mutual inductance Lmo 810mH

Rotor inertia J 0.081kg.m2

Number of pole pair p 2
Friction coefcient f 0.003N.m.s.rad− 1

Table 2: Estimator settings.

Parameters Values
Number of outputs measured 2
Number of estimated states 9
Horizon length N 8
Covariance matrix Q Diagonal 15
Covariance matrix R Diagonal 10
Weighting matrix P0 Diagonal 1
d1 10− 2

d2 10
N0 0.5

Initial values of estimated states
Stator current (A) 0, 5
Rotor current (A) 0, 5
Iron loss current (A) 0, 1
Rotor speed (tr/min) 0, 3
Stator resistance (Ω) 0, 15
Rotor resistance (Ω) 2, 5

Journal of Electrical and Computer Engineering 7



Actual
mheAD

mheKF

EKF
UKF

-40
-35
-30
-25
-20
-15
-10

-5
0
5

St
at

or
 cu

rr
en

t i
n 

d 
ax

is 
(A

)

0.5 0.60.40.30.20.10
time (s)

(a)

Actual
mheAD

mheKF

EKF
UKF

-40
-35
-30
-25
-20
-15
-10

-5
0
5

St
at

or
 cu

rr
en

t i
n 

q 
ax

is 
(A

)

0.50.4 0.60 0.20.1 0.3
time (s)

(b)

Figure 1: (a) Estimation of stator current in d axis. (b) Estimation of stator current in q axis.
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Figure 2: (a) Estimation of rotor current in d axis. (b) Estimation of rotor current in q axis.
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Figure 3: (a) Estimation of iron current in d axis. (b) Estimation of iron current in q axis.
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Figure 4: (a) Estimation of stator resistance. (b) Estimation of rotor resistance.
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Figure 5: Estimation of rotor speed.
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Figure 6: Evolution of the sequence of (a) forgetting factor and (b) dead zone function.
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quality with estimation disparities on both sides. In steady
state, the estimation error between the real state and the state
estimated by the adaptive estimator is very small compared
to the error between the real state and the state estimated by
the other estimators. Figures 6(a) and 6(b) present the
evolution of the variable forgetting factor and the dead zone
function, respectively. Te forgetting factor is variable that
varying between 0 and 1, providing a quite good adaptation
ability and allowing the proposedMHEAD to insert judicious
information into the data and enable sudden variations, it
tries to adapt to variations in the transient state while
keeping its value between 0 and 1. Te dead zone function
makes variations between 0 and 1 to enable a fast adaptation
of the weighting matrix when a sudden change happens. It
can note that when the estimate error is relatively large, the
dead zone function is equal to 1, and when the error is low
relatively, the dead zone function takes the value 0. Addi-
tionally, it can be seen that the adaptive estimator with
mechanical equation included, can correctly estimate the
states and parameters of the induction machine and dem-
onstrated a faster convergence transient comparing with
classic MHE. Moreover the adaptive moving horizon esti-
mation can successfully incorporate jointly the states and
parameters estimation and give a quite good converging
estimation despite the existence of parametric errors of the
initial model.

5. Conclusion

Tis paper presented an adaptive moving horizon estimation
scheme for the joint estimation of states and parameters, in
particular the stator and rotor resistances of the induction
machine. Te formulated estimation algorithm is based on a
least squares algorithm including a dead zone function
ensuring robustness and a variable forgetting factor, which is
based on the principle of constant information. Te results
obtained show that the adaptive estimation scheme allows a
relatively good approximation of the cost of arrival for the
estimation of the moving horizon, this can be explained by
the fact that the variable forgetting factor and the function of
dead zone can follow slow and/or sudden changes and
provide good adaptability. Te results of the adaptive
moving horizon estimation tests for the induction machine
sufciently show that the presented estimation scheme can
achieve suitable convergent estimation performance when
the model parameters are biased from the start and the
results show that the mhead has a much higher convergence
speed than the classical mhe and we notice a root mean
square error of 75.37 for the mhead and 185.10 for the
conventional mhe. Te crucial elements of the mhead pro-
vide robustness against disturbances and uncertainties of the
unmodelled model.

Notations

x(t): States vector
yk: Measurement outputs
Ψk: Objective function
G: Noise weighting matrix

w: Process noise vector
v: Measurement noise vector
f: Process vector
h: Measurement vector
A: matrix with respect to xk
C: Jacobian matrix of h with respect to xk
N: Horizon length
Γ(.): Arrival cost
Q: Weighting matrix representing the confdence in

the dynamic model
R: Weighting matrix representing the confdence in

the measurements
x: Estimates vector
x0: Initial state
xk−N: Initial state
Pk−N: Weighting matrix
λℓ: Forgetting factor
αℓ: Dead zone function
N0: Design parameter
ek: Estimation error
d1,2: Design parameters
Rs, Rr: Stator and rotor resistances
RFe: Iron loss resistance
Lm: Mutual inductance
ψs,ψr: Stator and rotor fux vectors
Us, Ur: Stator and rotor voltage vectors
Is, Ir: Stator and rotor currents vectors
ψm, Im: Magnetizing fux and current vectors
ws, wsl: Synchronous and slip angular speeds
p: Number of pole’s pair
Cem: Electromagnetic torque
J: Moment of inertia
TL: Load torque.
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[5] P. Kühl, M. Diehl, T. Kraus, J. P. Schlöder, and H. G. Bock, “A
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