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Iron Loss Effect Compensation in Vector Control Axial Flux Permanent Magnet Motor by 
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Abstract: 
Hall Effect sensors, Resolver sensor or other kind of sensors have conventional applications in vector control topologies of 
Axial Flux Permanent Magnet Motor (AFPM). In addition, sensorless systems can be used for vector control of AFPM. In 
this paper, Extended Kalman Filter (EKF) has been applied to AFPM position sensorless control and related algorithm was 
simulated. Since this observer operates based on state space variables variations, due to decrease total state variable numbers, 
core losses could be neglected in machine equivalent model and also in EKF algorithm. Special attention must be paid when 
core losses have been considered in machine model but have not been taken in to account in EKF realization, because this 
leads to some steady state error in control system performance. In this paper, the core losses have been considered in machine 
model without model order increasing. Simulation results prove the effectiveness of proposed method to reducing of speed 
error in EKF algorithm performance. 
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Introduction 
Axial Flux Permanent Magnet (AFPM) machines has 

various advantages of high-power density, relatively small 
moment of inertia, easy maintenance and reliability, high 
power factor, significant and high efficiency energy-saving 
effect. Also mentioned kind of machines has very good 
speed control performance and could be assembled in 
small volumes comparing them with other kind of 
electrical machines [1,2]. One of the most important 
elements used in applicable control topologies are various 
kind of speed sensors. These sensors are inherently 
expensive and environmental condition always has some 
influences on their performance and accuracy.  

Recently AFPM drives without position and speed 
sensor have been attended. It is notable that, position 
sensorless control systems for AFPMs, including the 
machine state variables estimation for feedback control 
loop, are already developed more sophisticated. This 
estimation shall be done using full order state, if total state 
observation is necessary, or reduced order state observers, 
if some states are applicable only. Once reduced order 
observer estimates minimum number of states, it will be 
called as minimum order state observer [3,4]. Estimation 

could be carried out using open loop or close loop control 
systems. Main difference of mentioned control topologies 
is in how to consider estimated error signal in observer 
response adjustment [5].  

In open loop base observers, machine parameter 
deviations have considerable effects on both steady state 
and transient response of machine, in low speeds specially, 
but one can improve this condition and also noise effects 
using close loop base observers.  

Close loop base observers, generally called observers, 
are categorized according to observation parameter of 
system. If system is deterministic or real, observer should 
be deterministic one else in other cases, statistical 
observers can be used as estimator.  

Conventional stochastic observers are Luenberger and 
Kalman Filter observers. Former one lies in deterministic 
and second one lies in non-deterministic and stochastic 
categories. Mentioned Kalman Filter is applicable only in 
non-deterministic linear systems. In case of non-linear 
systems, Extended Kalman Filter (EKF) base observers 
should be applied. EKFs not only can estimate state 
variables, but also can estimate machine parameters too. 
This observer is inherently kind of recursive filter that 
estimates above mentioned parameters based on measured 
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noise or state statistical information in non-deterministic 
non-linear systems [3]. In comparison, Luenberger 
observer is applicable in deterministic, linear and time 
invariant systems. Extended Luenberger Observer (ELO) 
is applicable in non-deterministic, non-linear and time 
variant system [5]. In additional we can summarize that 
EKF and ELO observers are both non-linear type but EKF 
is applicable in statistical base systems and ELO is 
applicable in non-deterministic systems.  

Finally, comparing these two observers, ELO has 
simple algorithm and easy to adjust but EKF is almost 
insensitive to system parameters variations and preferred 
for statistical base applications [6-7]. 
    In this paper we have focused on a very important 
matter, which has not been investigated before in any 
work. Mentioned subject is power losses effect 
consideration in sensor-less vector control of AFPM. 
    Extended Kalman Filter is implemented as speed 
estimator, which functions based up on statistic 
information for estimation progress. At first, to clarify 
power losses effect importance, simulation results are 
presented while power losses have been modeled in AFPM 
modeling stage and simultaneously has not been 
considered in EKF algorithm. Then in second part, we 
show simulation results in which power losses have been 
considered in both machine model and EKF algorithm.  
    Clearly state space variables will increase in second case 
study. Alternatively, to solve this problem, an optimized 
model for AFPM is presented to decrease state space 
variable numbers while EKF algorithm and machine 
model remained accurate enough. 
   Simulation results of above-mentioned solution shows 
adequate corresponding with real state condition results. 
More over calculation time has been reduced due to this 
fact that state space variable has been scaled down.  

1. AFPM EQUIVALENT CIRCUIT 

1.1. AFPM d-q equivalent circuit without core losses 

Fig.1 depicts AFPM machine’s equivalent circuits in d-q 
axis rotating reference frame for both motor and generator 
operations regions. 

 
Fig.1. d-q equivalent circuits of AFPM machine without core 
losses 

 Compared with α-β coordinate system used in EKF 
algorithm in the literature, this article adopts d-q rotating 

coordinate system, so that it has better accuracy rather than 
α-β coordinate system because in d-q coordinate system all 
parameters are constant while in α-β coordinate system 
voltages and currents are variable parameters. Hysteresis 
power losses, called core losses, are not still taken in 
account. One can write voltage equations for a salient pole 
and magnetic rotor AFPM motor considering Fig.1 as [1,8-
9]: 

ଵௗݒ = ଵܴ݅௔ௗ +
ௗߖ݀
ݐ݀ −  ௤    (1)ߖ߱

ଵ௤ݒ = ଵܴ݅௔௤ +
௤ߖ݀
ݐ݀ + ௗߖ߱  (2) 

Flux linkage in d and q axis can be written as below: 
ௗߖ = ௔ௗܮ) + ௟)݅௔ௗܮ + ߰௙ = ௦ௗܮ ݅௔ௗ ௙ߖ+  (3) 
௤ߖ = ൫ܮ௔௤ + ௟൯݅௔௤ܮ = ௦ௗ݅௔ௗܮ  (4) 

  Where in above equations vଵୢ and vଵ୯ is d and q axis first 
harmony of terminal voltages respectively. Rୱ is armature 
winding total resistance and Lୟୢ and Lୟ୯ are d and q axis 
self inductances in rotor reference frame and L୪ is leakage 
inductance of stator winding. Also Ψ୤ is maximum flux 
linkage per phase produced by field excitation circuit. 
ω = 2πf is rotational frequency of iୟୢ  and iୟ୯ armature 
currents. For synchronous inductances in d and q axis, we 
have: 

௦ௗܮ  = ௔ௗܮ +  ௟ (5)ܮ
௦௤ܮ = ௔௤ܮ + ௟ܮ  (6) 

 
In addition, one can write flux linkage in term of field 

current as:    
௙ߖ =  ௙ (7)ܫ௙ௗܮ

In this equation L୤ୢ  is for mutual inductance between 
field and armature circuits. Substituting recent equations 
in general, voltage equations of (1) and (2) will result as: 

 

ଵௗݒ = ଵܴ݅௔ௗ +
݀݅௔ௗ
ݐ݀ ௦ௗܮ ௦௤ܮ߱− ݅௔௤ (8) 

ଵ௤ݒ = ଵܴ݅௔௤ +
݀݅௔௤
ݐ݀ ௦௤ܮ ௦ௗ݅௔ௗܮ߱+ + ௙ߖ߱  (9) 

 
 

 Since in steady state operation of machine there is no 
variation in first order derivative of above equations, 
steady state of machine can be described by: 

 ௗ
ௗ௧

௦ௗܮ) ݅௔ௗ) = ௗ
ௗ௧
൫ܮ௦௤݅௔௤൯ = 0 (10) 

௔ܫ = ௔ௗܫ + ௔௤ܫ݆  (11) 
ଵܸ = ଵܸௗ + ݆ ଵܸ௤  (12) 
݅௔ௗ = ଵௗݒ ;             ௔ௗܫ2√ = √2 ଵܸௗ  
݅௔௤ = ଵ௤ݒ ;             ௔௤ܫ2√ = √2 ଵܸ௤  
 (13) 

 
 

௙ܧ =
௙ܫ௙ௗܮ߱
√2

=
߱߰௙
√2

 (14) 

In above equations Iୟ and Vଵ are reference vector 
current and voltage of machine. Instantaneous input power 
of motor can be written as:  
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௜௡݌ =
݉ଵ

2 ൫ݒଵௗ݅௔ௗ + ଵ௤ݒ ݅௔௤൯ (15) 

 
Since there are no power losses in core, input and output 

instantaneous power shall be equal. Resultant 
electromagnetic power and torque equations for an AFPM 
machine with p pole pairs can be written there as:  

௘௟௠݌ =
3
௙ߖ2߱ൣ +൫ܮ௦ௗ − ௦௤൯݅௔ௗ൧݅௔௤ܮ  (16) 

௘ܶ = ݌
௘௟௠݌
߱ =

3
௙ߖൣ݌2 + ൫ܮ௦ௗ −  ௦௤൯݅௔ௗ൧݅௔௤ (17)ܮ

 
Applying park transformation [10], one can write below 

equations for iୟୢ  and iୟ୯: 
݅௔ௗ = ଶ

ଷ
ቂ݅௔஺ (ݐ߱)ݏ݋ܿ + ݅௔஻ ݐቀ߱ݏ݋ܿ −

ଶగ
ଷ
ቁ+݅௔஼ ݏ݋ܿ ቀ߱ݐ + ଶగ

ଷ
ቁቃ  

                                                                          (18) 
݅௔௤ = − ଶ

ଷ
ቂ݅௔஺ (ݐ߱)݊݅ݏ + ݅௔஻ ݊݅ݏ ቀ߱ݐ −

ଶగ
ଷ
ቁ+݅௔஼ ݊݅ݏ ቀ߱ݐ + ଶగ

ଷ
ቁቃ  

                                                                         (19) 
Vice versa, using reverse park transformation, three 

phase currents of AFPM machine in abc reference frame 
can be written as:   

 
݅௔஺ = ݅௔ௗ (ݐ߱)ݏ݋ܿ − ݅௔௤  (20) (ݐ߱)݊݅ݏ

݅௔஻ = ݅௔ௗ ݏ݋ܿ ൬߱ݐ −
ߨ2
3 ൰ − ݅௔௤ ݊݅ݏ ൬߱ݐ −

ߨ2
3 ൰ 

݅௔஼ = ݅௔ௗ ݐ൬߱ݏ݋ܿ +
ߨ2
3
൰ − ݅௔௤ ݊݅ݏ ൬߱ݐ +

ߨ2
3
൰ 

1.2. AFPM d-q equivalent circuit with core 
losses  

Fig. 2a and 2b are salient pole AFPM equivalent circuits 
for q and d axis respectively. Writing KVL equations in 
Fig.2 shows that: 

 
௤ܸ     (ܫ ܮܸܭ = ܴௌܫ௤௦ ௤௦ܫ௟௤ܮܵ+ +ܴ௖൫ܫ௤௦ −  ௤൯ (21)ܫ

௤ܫ     (ܫܫ ܮܸܭ =
1

ܴௌାܵܮ௔௤
൫ܴ௖ܫ௤௦ − ௗܫ௔ௗ߱௘ܮ − 1߱௘ߖ௙൯ 

(22) 
In above equations Rୗ is armature winding total 

resistant and S stands for Laplace operator and L୪୯ is 
leakage inductance. In addition, Rୡ is for core losses 
equivalent resistant and ωୣ  is electrical rotational 
frequency speed. 

Substituting equation (22) in equation (21), first loop’s 
KVL equation would be completed. In the same way, d 
axis equations could be written as: 

 
ௗܸ (ܫ ܮܸܭ = ܴ௦ܫௗ௦ + ௗ௦ܫ௟ௗܮܵ +ܴ௖(ܫௗ௦ −  ௗ)                   (23)ܫ
ௗܫ௔ௗܮܵ  (ܫܫ ܮܸܭ −߱௘ܮ௔௤ܫ௤ + ܴ௖(ܫௗ − (ௗ௦ܫ = 0              (24) 

 
 Iୢ can be obtained from KVL-II of above equations as: 

ௗܫ =
ܴ௖

ܴ௖ + ௔ௗܮܵ
ௗ௦ܫ +

௔௤ܮ
ܴ௖ + ௔ௗܮܵ

߱௘ܫ௤ (25) 

 
(a) 

 
(b) 

Fig.2. Equivalent circuit of AFPM considering core losses. (a) q-
axis. (b) d-axis. 

2. CONTROL STRATEGY 

2.1. Extended kalman filter theory 

A discrete time, Standardized KF estimates ݔ(k)ϵR୬ 
state (in which, n is number of state variable). In most 
applications, dynamical systems and miscellaneous 
sensors used are not linear at all. Therefore, standardized 
KF is not satisfying in mentioned systems due to non-
linear properties of system. As previously described, EKF 
is a recursive filter (based on the knowledge of statistics of 
both state and measurement noise), which can estimate 
non-linear system parameters and states taking in to 
account any probable noise signals. This estimation carried 
out in four recursive steps [11]. Primarily, initial condition 
would be assigned for state space variables and also state 
covariance matrix, which is called estimation stage. Then 
depending up on previous stage, Kalman filter’s gain 
would be determined. At second stage, considering 
measured parameters of machine, they should be updated. 
At third stage, considering input parameters and also 
machine model, which is already linearized via Jacobian 
method, estimated state space variables and also estimated 
state covariance will be modified. Finally, according to 
modified parameters, Kalman filter’s gain would be re-
determined and would be used for next estimations. These 
steps can be divided in to two main parts. Initially, 
estimation stage shall be done then filtering should be 
carried out as second step. In former stage, next step’s 
amount of state variables X(k+1) and matrix named P, will 
be estimated. To achieve this goal, Q and previous amount 
of state variables should be taken into account (Predictive 
step or Time Update).  

 
ܺ(݇ + 1|݇) = ܺ(݇ + 1)

= ܺ(݇|݇) + ܶ. ݂[ܺ(݇ + 1|݇) +  [(݇)ݑܤ

KVL I KVL II 

KVL I KVL II 
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ܲ(݇ + 1|݇) = ܲ(݇|݇) + ܶଶ . ݂(݇ + 1|݇)ܲ(݇|݇)்݂(݇ +
1|݇) + ܳ                                                                                      (26) 

Where 

݂(݇ + 1|݇) = డி(௑)
డ௑ |௑ୀ௑(௞ାଵ|௞)

  
Q = Cov (W (t)) = E (W்ܹ  ) 

 Also in later stage, filtered states of ݔො from foreseen 
estimations will be applied (Corrective Step or 
Measurement Update). 

 ෠ܺ(݇ + 1|݇) = ܺ(݇ + 1|݇) 
݇)ܭ+ + 1|݇). ൣܻ(݇ + 1|݇)− ෠ܻ(݇ + 1|݇)൧ 

෠ܲ(݇ + 1|݇) = ܲ(݇ + 1|݇) − ݇)ܭ + 1|݇). . ܥ ܲ(݇ + 1|݇) 
(27) 

The Kalman gain is calculated by 

݇)ܭ + 1|݇) =
ܲ(݇ + 1|݇).  ܥ

. ܥ ܲ(݇ +  ܥ.(݇|1 
் +ܴ

 

R=Cov (V (t)) = E (்ܸܸ  ) 

 
 

(28) 
 

2.2. Schematic diagram of sensorless vector control 
Sensorless control topology has been presented in Fig.3. 

Here in this control strategy, direct axis current (id ) shall 
be set to zero or negative value to achieve maximum 
torque per ampere state[12,13]. Although, a look up table 
(current space vector’s angle is produced to generate 
reference current signals) is already applied for instances 
that speed passed over nominal speed but simulated 
motor’s speed shall not be in over nominal values. 

3. EKF APPLICATION IN AFPM CONTROL 
As discussed, EKF application in AFPM control 

consists of four general steps. If core losses should be 
considered, state variables will increase in comparison 

with core loss less case. Here in this paper, we will 
consider core losses.    

3.1. Introduction time domain of machine model 

State space equations of AFPM can be summarized as 
below:  

 
ܺ̇ = (ܺ)ܨ +  V(t) (29) + ݑܤ
ܻ =  W(t) (30) + ܺܥ 

   Also, we have:  

 ܺ̇ = ௗ௦̇ܫൣ ௤௦̇ܫ ௗ̇ܫ ௤̇ܫ ߱௥̇ ௥̇൧ߠ
 ೅

 
 
where Wr and θr are rotor speed and rotor position (angle) 
respectively. 
Considering these figures, one can write:  
 

∙ ௗ௦ܫ =
1
௟ௗܮ ௗܸ −

ܴ௦ +ܴ஼
௟ௗܮ

ௗ௦ܫ +
ܴ௖
௟ௗܮ

ௗܫ  (31) 

∙ ௤௦ܫ =
1
௟௤ܮ

ௗܸ −
ܴ௦ + ܴ௖
௟௤ܮ

௤௦ܫ +
ܴ௖
௟௤ܮ

 ௤ (32)ܫ

 ௗܫ
∙ =

ܴ௖
௠ௗܮ

ௗ௦ܫ + 
௦௤ܮ
௠ௗܮ

߱௥ܫ௤ −
ܴ௖
௠ௗܮ

 ௗ (33)ܫ

 ௤ܫ
∙ =

ܴ௖
௠௤ܮ

௤௦ܫ −
௦ௗܮ
௠௤ܮ

߱௥ܫௗ −
ܴ௖
௠௤ܮ

ௗܫ −
1
௠௤ܮ

߱௥߰௙             (34) 

߱௥ 
∙ =

ܲ
ܬ2

( ௘ܶ − ௅ܶ) −
௠ܤ
ܬ
߱௥ (35) 

 ௥ߠ
∙ = ߱௥ (36) 
Also:  
௦ௗܮ = ௟ௗܮ + ௠ௗܮ  
௦௤ܮ = ௟௤ܮ +  ௠௤ (37)ܮ

 
Where L୪ୢ, L୪୯, L୫ୢ and L୫୯ are d, q axis leakage 

inductances and magnetic inductances respectively.  
Matrix form of state equations would be: 

Fig.3. Block diagram for sensorless control system of AFPM machine 
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(ܺ)ܨ =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡

ܴ௖
௟ௗܮ

ௗܫ −
ܴ௦ + ܴ஼
௟ௗܮ

ௗ௦ܫ
ܴ௖
௟௤ܮ

௤ܫ −
ܴ௦ + ܴ௖
௟௤ܮ

௤௦ܫ

ܴ௖
௠ௗܮ

ௗ௦ܫ + 
௦௤ܮ
௠ௗܮ

߱௥ܫ௤ −
ܴ௖
௠ௗܮ

ௗܫ
ܴ௖
௠௤ܮ

௤௦ܫ −
௦ௗܮ
௠௤ܮ

߱௥ܫௗ −
ܴ௖
௠௤ܮ

ௗܫ −
1
௠௤ܮ

߱௥ߖ௙

ܲ
ܬ2
∙ ൤

3
2

 
ܲ
2

 ൫ߖ௙ + ൫ܮ௠ௗ − ௤௦൨ܫௗ௦൯ܫ௠௤൯ܮ −
௠ܤ
ܬ
߱௥

߱௥ ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

(38) 

ܤ =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡

1
௟ௗܮ
0

0

0
1
௟௤ܮ
0

    0

    0

    0
0

0

0

0

0

0

    0

−
ܲ
ܬ2

    0 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

 
 
 

(39) 

 ܷ = [ ௗܸ ௤ܸ ௟ܶ] ೅  
ܥ = ቂ1 0 0 0 0 0

0 1 0 0 0 0ቃ   

 ܻ = ௗ௦ܫ]    ௤௦] ೅ܫ

3.2. Discrete state space model of AFPM 

In this step, for simplicity F(x) should be in form of 
linear using Jacobian matrices as [14-16]:  

 

௃௔௖௢௕ܨ =
(ܺ)ܨ߲
߲ܺ =

⎣
⎢
⎢
⎢
⎢
⎢
⎡
௑ଵଵܨ ௑ଶଵܨ ௑ଷଵܨ
௑ଵଶܨ ௑ଶଶܨ ௑ଷଶܨ
௑ଵଷܨ ௑ଶଷܨ ௑ଷଷܨ

௑ସଵܨ ௑ହଵܨ ௑ଵ଺ܨ
௑ସଶܨ ௑ହଶܨ ௑ଶ଺ܨ
௑ସଷܨ ௑ହଷܨ ௑ଷ଺ܨ

௑ଵସܨ ௑ଶସܨ ௑ଷସܨ
௑ଵହܨ ௑ଶହܨ ௑ଷହܨ
௑ଵ଺ܨ ௑ଶ଺ܨ ௑ଷ଺ܨ

௑ସସܨ ௑ହସܨ ௑ସ଺ܨ
௑ସହܨ ௑ହହܨ ௑ହ଺ܨ
௑ସ଺ܨ ௑ହ଺ܨ ⎦௑଺଺ܨ

⎥
⎥
⎥
⎥
⎥
⎤

 

(40) 
     Calculated  F୶౟,ౠ can be found in appendix A. Finally, 
we can write final discrete model equations as below: 

 

ܺ̇ = ܺ + ܶ ∙ ௃௔௖௢௕ܨ × ܺ + ܶ ∙  V (41) +  ݑܤ
ܻ =  W (42) + ܺܥ

3.3. Noise and covariance matrices of P, Q, R 
determination 

As illustrated before, considering core losses in model 
of AFPM will cause increases in matrices dimensions, i.e. 
total number of states will increase accordingly. For 
instance, Q and P will be 6 × 6 and R will be 2 × 2 
matrices. It means that 76 no. of variables will appear in 
equations. Special attention should be paid to this matter 
that noise signals are independent. This will cause to 
shrinkage in variable numbers. For instance, in P and Q 
these No. will be limited to six numbers or the diagonal 
matrices with six elements. 

 Finally, it is remarkable that if R increases, K will 
decrease and transient response will be swift. Also, if Q 
increases, K will increase too. Therefore, transient 
response will be slow. Also, if Q increases much more than 
limited bound or R is very small, there may some un-
stability problems [2,12,17]. 

4. MODEL VALIDATION 
 

In this paper MATLAB/Simulink has been used for 
AFPM sensorless control system’s simulation.  

 Machine parameters are presented in Table I.  

TABLE I. AFPM parameters 

Components Unit Rating values 

Pout KW 1.1 
VL-L V 220 
RS Ω 2.875 
Ψf mWb 175 
Lad mH 8 
Laq 

܌ܔۺ  

 ܙܔۺ
J 
P 

Bm 

Ns 

TL 
Rc 

f 

mH 
mH 
mH 

Kg.m3 
No. 

N.s/rad 
RPM 
N.m 
Ω 
Hz 

8 
0.5 
0.5 

0.001 
8 

0.0022 
3000 
3.5 

2500 
50 

When core losses are neglected, R and Q that are 
covariance matrices will be as below for mentioned 
machine parameters: 

ܴ = ቂ0.01 0
0 0.01ቃ 

 

ܳ = ቎
100      0
0     200

0 0
0 0

0 0
0 0

20 0
0 10

቏ 

Moreover, sample time is: 

௦ܶ =
8.5 ௠ு

2.875 ఆ × 0.01 
 

Speed control loop’s PI regulator parameter has been 
chosen to be as:  

ூ௪ܭ = 0.8         and           ܭ௉௪ = 90 

There K୍୵ is integral gain and K୔୵ is proportion gain of 
speed loop. Also, current control loop’s PI regulator 
parameter has been chosen to be as:  

 

ூௗܭ = 2.5         and           ܭ௉ௗ = 80 
ூ௤ܭ = 2.5         and           ܭ௉௤ = 20 
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Fig. 5 depicts estimated speed, produced by Kalman 
filter, and simulated speed of rotor by machine model, 
when core losses are neglected. As shown in this figure, 
speed error exists. Fig. 6 shows estimated and simulated 
speed of rotor from starting moment while core losses have 
been neglected. Also, Fig. 7 displays rotor speed’s first and 
second overshoot, Fig. 8 depicts simulated and estimated 
results for rotor nominal speed, and Fig. 9a and 9b show  

Fig.5. Estimated and simulated speed of rotor in nominal 
condition 

 

 
Fig.6. Estimated and simulated speed of rotor in starting 
condition   

 
Fig.7. Estimated and simulated speed of rotor in first and 
second overshoot 

 
 

 
Fig.8. Estimated and simulated speed of rotor in steady state 

 

 
(a)  

 
(b) 

Fig.9. Simulated and estimated currents. (a) Id. (b) Iq. 
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Fig.10. Simulated phase currents (Iabc) 

 
simulated currents produced by machine model and 
estimated currents produced by EKF. Fig. 10 depicts phase 
currents of AFPM motor, when estimated values are used 
by EKF in feedback loop of vector control.  

When core losses been considered, R and Q will be: 
 

ܴ = ቂ0.01 0
0 0.01ቃ 

 

ܳ =

⎣
⎢
⎢
⎢
⎢
⎡
100 0

0 200
0 0
0 0

0 0
0 0

0 0
0 0

200 0
0 200

0 0
0 0

0 0
0 0

0 0
0 0

20 0
0 10⎦

⎥
⎥
⎥
⎥
⎤

 

 
Moreover, sample time would be: 
 

 

௦ܶ = ቆ
8.5 ௠ு

2.875 ఆ × 0.001ቇ 5ൗ  

 
ூ௪ܭ = 0.8         and           ܭ௉௪ = 90 

 

ூௗܭ = 2.5         and           ܭ௉ௗ = 80.0 
 

ூ௤ܭ = 2.5         and           ܭ௉௤ = 80.0 
 

Fig. 11a - 11d depict estimated and simulated speed of 
rotor in nominal condition, starting time, first and second 
overshoot and steady state condition respectively.  

As shown in these figures, by considering core losses in 
Kalman filter’s algorithm, speed curve has been improved. 
In comparison with case that core losses neglected, speed 
variations and even steady state error has been corrected. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig.11. Estimated and simulated speed of rotor (a) Nominal 
condition (b) Starting condition (c) Overshoots (d) Steady 
state condition  
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(a) 

 
(b) 

Fig.12. Simulated and estimated currents. (a) Id. (b) Iq  
 

 
Fig.13. Three phases instantaneous currents 
 
Comparing result obtained from with and without core 

losses compensation in EKF. One can investigate that in 
t=0.4 sec estimation error’s reduction rate is 217.57୰.୮.୫ 
while in start time, speed curves are similar. Also 
comparing Fig.9a and 9b with Fig.12a and 12b, it will be 
deduced that they are similar and also it is not clear in 
which curve core losses have been considered in machine 
model or not been taken into account in Kalman Filter 

realization. However, there is 0.0041offset between I୯ in 
both conditions.  

Moreover, sampling time is decreased 20 times smaller 
than former case which is a troublesome in practical 
realization of system. In contrary, when using modified 
model, simulation results depict acceptable accuracy with 
same sample time. In this case, sample time and PI 
regulator parameters and covariance matrices are similar 
to that case in which core losses were neglected in model. 

5.  Modified model for AFPM with core losses 
Leakage inductances of AFPM model are effective only in 
starting moments while lead to increment of state space 
variable numbers. One can merge these leakage 
inductances with magnetizing inductance of machine and 
consequently power losses effect will affect machine 
performance in starting condition. Mentioned model, 
which are presented in Fig. 4a and 4b are very similar to 
induction machine [18]. State space variables to be 
implemented in EKF algorithm are as follow: 

 
ܺ̇ = ௗ௦̇ܫൣ ௤௦̇ܫ     ߱௥̇ ൧ (43) 

 

 
(a) 

 
(b) 

Fig.14. Equivalent circuit of modified AFPM considering core 
losses. (a) Axis-d. (b) Axis-q. 
 

 It is remarkable that electrical equations of mentioned 
model are same as that condition in which core losses has 
not been considered in EKF algorithm. Major differences 
are as below equations:  
 

ௗ௦ܫ = ௗܸ

ܴ௖
+ ௗܫ  (44) 

௤௦ܫ = ௤ܸ

ܴ௖
+ ௤ܫ  (45) 

Fig. 15a and 15b show estimated and simulated curves 
of rotor speed in respectively nominal condition then 
starting time, first and second overshoot and finally steady 
state condition. As illustrated in these figures, by 
considering modified model of core losses in Kalman 
filter’s algorithm, speed curve will be improved. 
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Comparing with precise model including core losses, 
results are almost similar. 

 

 
(a) 

 
(b) 

 
( c ) 

 
(d) 

Fig.15. Rotor speed (a) Nominal condition (b) Starting 
condition (c) Overshoots (d) steady state condition  

Unlike Fig. 5 and Fig. 11a, in Fig. 15a Simulation time 
is extended up to 1 second to illustrate steady state 
damping condition. 

6. CONCLUSION 

Generally, if core losses were considered in machine 
equivalent model while not been considered in Extended 
Kalman Filter algorithm, some disturbances in current and 
speed waves will appear. As shown in this paper, steady 
state error of current and speed in t=0.4 sec will be 
0.0041Amp and 217.57 rpm respectively. As illustrated by 
simulation results, estimation will no longer accurate 
enough in case that core losses have not been considered 
in Kalman Filter Realization. To overcome states space 
variables multiplicity, and to rebate steady state errors in 
core loss effect neglected model, it would be better to 
implement modified model of core losses. This model is 
very similar to core losses effect neglected model and also 
it can be obtained with a few changes in conventional 
model. Simulation results depicted acceptable values for 
this model. 

APPENDIX A 

 

௑ଵଵܨ =
(ܺ)ܨ߲
ௗ௦ܫ߲

= −
ܴ௦ + ܴ௖
௟ௗܮ

 

௑ଵଶܨ =
(ܺ)ܨ߲
௤௦ܫ߲

= 0 

௑ଵଷܨ =
(ܺ)ܨ߲
ௗܫ߲

=
ܴ௖
௟ௗܮ

 

௑ଵସܨ =
(ܺ)ܨ߲
௤ܫ߲

= 0 
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௑ଵହܨ =
(ܺ)ܨ߲
߲߱௥

= 0 

௑ଵ଺ܨ =
(ܺ)ܨ߲
௥ߠ߲

= 0 

௑ଶଵܨ =
(ܺ)ܨ߲
ௗ௦ܫ߲

= 0 

௑ଶଶܨ =
(ܺ)ܨ߲
௤௦ܫ߲

= −
ܴ௦ +ܴ௖
௟ௗܮ

 

௑ଶଷܨ =
(ܺ)ܨ߲
ௗܫ߲

= 0 

௑ଶସܨ =
(ܺ)ܨ߲
௤ܫ߲

=
ܴ௖
௟௤ܮ

 

௑ଶହܨ =
(ܺ)ܨ߲
߲߱௥

= 0 

௑ଶ଺ܨ =
(ܺ)ܨ߲
௥ߠ߲

= 0 

௑ଷଵܨ =
(ܺ)ܨ߲
ௗ௦ܫ߲

=
ܴ௖
௠ௗܮ

 

௑ଷଶܨ =
(ܺ)ܨ߲
௤௦ܫ߲

= 0 

௑ଷଷܨ =
(ܺ)ܨ߲
ௗܫ߲

= −
ܴ௖
௠ௗܮ

 

௑ଷଷܨ =
(ܺ)ܨ߲
ௗܫ߲

= −
ܴ௖
௠ௗܮ

 

௑ଷସܨ =
(ܺ)ܨ߲
௤ܫ߲

=
௦௤ܮ
௠ௗܮ

߱௥ 

௑ଷହܨ =
(ܺ)ܨ߲
߲߱௥

=
௦௤ܮ
௠ௗܮ

௤ܫ  

௑ଷ଺ܨ =
(ܺ)ܨ߲
௥ߠ߲

= 0 

௑ସଵܨ =
(ܺ)ܨ߲
ௗ௦ܫ߲

= 0 

௑ସଶܨ =
(ܺ)ܨ߲
௤௦ܫ߲

=
ܴ௖
௠௤ܮ

 

௑ସଷܨ =
(ܺ)ܨ߲
ௗܫ߲

= −
௦ௗܮ
௠௤ܮ

߱௥ 

௑ସସܨ =
(ܺ)ܨ߲
௤ܫ߲

= −
ܴ௖
௠௤ܮ

 

௑ସହܨ =
(ܺ)ܨ߲
߲߱௥

= −
௙ߖ + ௗܫ௦௤ܮ

௠௤ܮ
 

௑ସ଺ܨ =
(ܺ)ܨ߲
௥ߠ߲

= 0 

௑ହଵܨ =
(ܺ)ܨ߲
ௗ௦ܫ߲

= ௠ௗܮ௘൫ܭ ௤௦ܫ௠௤൯ܮ −  

௑ହଶܨ =
(ܺ)ܨ߲
௤௦ܫ߲

= ௙ߖ௘൫ܭ + ൫ܮ௠ௗ  ௗ௦൯ܫ௠௤൯ܮ −

௑ହଷܨ =
(ܺ)ܨ߲
ௗܫ߲

= 0 

௑ହସܨ =
(ܺ)ܨ߲
௤ܫ߲

= 0 

௑ହହܨ =
(ܺ)ܨ߲
߲߱௥

= −
௠ܤ
ܬ

 

௑ହ଺ܨ =
(ܺ)ܨ߲
௥ߠ߲

= 0 

௑଺ଵܨ =
(ܺ)ܨ߲
ௗ௦ܫ߲

= 0 

௑଺ଶܨ =
(ܺ)ܨ߲
௤௦ܫ߲

= 0 

௑଺ଷܨ =
(ܺ)ܨ߲
ௗܫ߲

= 0 

௑଺ସܨ =
(ܺ)ܨ߲
௤ܫ߲

= 0 

௑଺ହܨ =
(ܺ)ܨ߲
߲߱௥

= 1 

௑଺଺ܨ =
(ܺ)ܨ߲
௥ߠ߲

= 0 
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