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 Permanent magnet synchronous machine is widely used for electric vehicles 

traction because of its high power density and its efficiency on a large flux 

weakening range. This paper focuses in particular on the estimation of PMSM 

parameters using EKF, we present a study assessing the temperature 

variations impact on the behavior of PMSM motor, and therefore we propose 

to estimate the temperature-dependent parameters. The main contribution in 

this work is an effective method for estimating parameters or their 

temperature variation, makes it possible to study and to avoid performance 

degradation by tracking and adapting the parameters in torque observer in 

order to find the same performance at any temperature and can be also used 

for thermal monitoring, which allows for better availability of motor, without 

causing damage, however, the knowledge of degradation mechanisms also 

gives insight for the design of this machine. Nowadays, there are essentially 

maps of reference currents according to the torque and speed that are used by 

car manufacturers and no account is then given of the parameter variations. 

The effectiveness of the proposed estimation method verified by both 

simulation and experiment. 
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1. Introduction  

 

Permanent magnet (PM) synchronous motors have attracted increasing interest in recent years for 

industrial drive application such as traction, automobiles, robotics and aerospace technology.  Compared with 

the induction motor drives, the PM motor drives have high efficiency, high steady state torque density and 

better controllability make them a good alternative in a wide range of industrial application systems. In 

addition, the availability of low-cost power electronic devices and the improvement of PM characteristics lead 

to the use of PMSM in electrical motor drive for high performance application with high efficiency [1]-[3]. 

To obtain more accurate parameters estimation for PMSM,  many different methods have been used in 

literature, such as neural network, genetic algorithm, Luenberger obsever  and EKF  which are effective and 

efficient alternatives for  tracking parameter variation , it may be also used for real-time estimation of 

parameters  and state of  PMSM [4]-[6].                   
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In the other hand,  several researches have considered the impact of temperature on parameter, however, 

the challenge is to avoid degrading motor performance when it heats, adapting online control torque variations 

of the physical parameters of temperature-dependent motor. In so doing, these physical parameters must be 

determined on-line, either by direct estimation of these parameters, or by linking their variations with 

temperature variations [7]-[13]. 

 

For this purpose, this work focuses essentially on the online estimation of electric motor parameter using 

EKF will be then implemented. It will make it possible to determinate the values of the parameters that 

optimize selected criteria. Therefore, we propose to estimate the temperature-dependent parameters, namely 

the stator winding resistance and the magnet flux. The knowledge of these parameters or their temperature 

variations allows indeed avoiding performance degradation by adapting the torque control and makes it 

possible a thermal monitoring which allows for better availability of motor, without risk of damage. 

The remainder of the paper is organizing as follow: 

First, the dynamic model of PMSM is described in section 2. Then, development of EKF algorithm is 

described in section 3. Section 4 gives the multiparameter identification of PMSM using EKF and simulation 

result. Then the knowledge of these parameters or their temperature variation and its impact on the behavior 

of PMSM is presented in section 5. Finally the effectiveness of the proposed estimation method is verified by 

both simulation and experiment. 

 

2. DQ model for PMSM 

 The electrical diagram of permanent magnet synchronous motor is given in Figure 1. It is diagram of 

single phase, where Rs is stator resistance, Ls is stator inductance. The permanent magnets of the rotor aligned 

with the rotor axis generate magnetic flux ψf, thus the stator induced voltage UE which has opposite mind, than 

supply voltage Us. 

 

    

 

                                

 

 

 

In order to obtain the model of permanent magnet synchronous motor, we will go from electrical 

diagram form Figure1. 

The adopted assumptions are [14], [15]: 

- Feeding voltage has harmonic wave 

- Values of stator windings R and L are same for all winding and there are constant.  

- Course of magnetic induction B is constant in the air-gap. 

- Magnetic current is linear and losses in iron are ignored. 

- Induced voltage has harmonic wave. 

After park transformation, PMSM equations become:  
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Where Vdq, ψdq and idq are the components of stator voltage, flux and current in the d-q frame respectively.   
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Figure 1. Electrical diagram of PMSM 
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Where f0f iM=ψ  is permanent magnet flux. 

 

  New model for parameters identification of nonsalient pole MSAP is given as follow [19]: 
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3. Extended Kalman filter algorithm (EKFA) 

 The EKF approach is an optimal recursive estimation algorithm based on the least-square method for 

non- linear systems, which can be estimating the states of dynamic nonlinear structure. However, it is an 

optimal estimator used for computation of the conditional mean and probability distribution of covariance of 

the state of a nonlinear stochastic structure under uncorrelated Gaussian and measurement noise. 

In addition, the EKF algorithm can be applied to estimate state variables when the state models are nonlinear.  

Nonlinear discrete models with white noise are given as follows [16]-[18]: 

 

•Prediction step: 
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This step helps to construct a first estimation of the state vector at time k+1,   it then seeks to determine its 

variance.  
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•Correction step: 

 

By minimizing the variance of the error, the following expressions are obtained:  

• Kalman filter’s gain: 
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.Errors covariance matrix: 
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• State vector estimation at time k+1: 
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Where: 

Q and R   are independent from the system state. 

4. Parameter identification of PMSM using EKF 

We can consider parameter identification of PMSM as a system optimization problem. The principal 

of identification is to search all parameters that minimize the error between the output of the theoretical model 

and the actual system. The optimization algorithm used for parameter identification contributes to obtain 

accurate results, where the model of PMSM can be presented as the form of differential equations which is as 

follows [6], [20]-[23]: 
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where  ( ) = ( d,  q) is the state vector, V( ) = (Vd, Vq) is the system input vector,   = ( s,  d,  q,  ) is the 

parameter vector to identify,  ( ) is the measurable output vector, and  ( ,  ( ),  ( )) and  ( ,  ) can be 

either linear or nonlinear system. The aim of parameter estimation is to identify the unknown parameter vector 

  as precisely as possible. The tracking model of the system is described as follows: 
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Components and the flow chart of the EKF parameters identification are illustrated in Figure 2. 

 

 

 
 

(a) : Components of EKF parameters identification.            (b) : Flow chart of EKF parameters  identification.  
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Figure 2. EKF parameters identification 

 

 

 

5. Influence of temperature-dependent parameters on the behavior of PMSM 

         

  To ensure the best possible torque in control, it was necessary to know at all times the values of the 

motor parameters, among these, both depend on the motor temperature which undergo changes in the course 

of a path, namely the resistance of the stator windings via the resistivity of copper and the flux of the 

permanent magnets demagnetize with increase in temperature. The inductance value, it does not depend on 

temperature. The challenge is to avoid degrading motor performance when it heats, adapting online control 

torque variations of the physical parameters of temperature-dependent motor. To do this, these physical 

parameters must be determined on-line, either by direct estimation of these parameters, or by linking their 

variations with temperature variations [9]-[13]. Indeed, by default, the torque control is set using the values at 

rated temperature (20°C) parameters as indicated in figure 5.  

 

  The optimization problem (Figure 2) is therefore biased because the reference currents resulting, 

optimum at nominal temperature, are no longer at the actual temperature. The supplied torque is less than the 

required torque, and the same applies to the power output. In particular, by operating area limit the power and 

maximum torque are no longer accessible. Thus, to provide the power and torque required at any point of 

operation, and especially to maintain speed, power and maximum torque available, it is necessary to feed the 

optimization problem with the correct parameter values. 

 

To solve this problem, an adaptive torque control to find the same performance at any temperature.  

Nowadays, there are essentially maps of reference currents Id
*
 and Iq

*
 according to the torque and speed that 

are used by car manufacturers and no account is then given of the parameter variations. 

 

6.  Application results and discussion 

 

In order to demonstrate the performance of EKF applied to PMSM parameter estimation, the simulations 

are realized using Matlab/Simulink. The fitness function is optimized using EKF to search a good result for 

identification of PMSM electrical parameters such as stator resistance, inductances, and rotor flux linkage as 

shown in Figure 3.
 
The values of nominal and estimated parameters are given in Table 1. In figure 3(a) the 

estimated is quite close to the actual resistance (3.478 Ω) and to the actual inductance (0.0125 H) in figure 3 

(b), but the rotor flux linkage can be precisely estimated if the winding resistance and inductance are 

accurately estimated.  As the experimental result shows that the estimated winding resistance and inductance 

has a high precision, therefore it is shown that the estimated rotor flux linkage by EKF is accurate (0.015 Wb) 

in figure 3(c). As consequence, the proposed method has high performance in accurately tracking the variation 

of parameters 

 

In the other hand, we were compared EKF with particle filtering (PF) which is a Monte Carlo 

simulation based nonlinear filtering algorithm. From experiments, we know that the EKF requires a good 

Gaussian estimate of the initial state and an evaluation of measurement noise to converge and PF does not 

perform well with small number of particles, the average variance and the complexities of the filtering 

methods in a recursive filtering algorithm and PF has a little longer running time than EKF, but its variance is 

the smallest as shown in ref. [22].  

 

From the simulations performed, it can be seen that the EKF proposed for estimation parameters is more 

consisted and convergent than the Monte Carlo algorithm. 

And the results obtained were also compared with least square and Newton Raphson methods showing more 

accurate performance [24]-[27]. 

 

In addition, we found that our results, in terms of precision were remarkably similar those predicted by Liu et 

al in ref. [9]. 
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Table 1. Electrical parameters of PMSM. 

 

Parameters EKF estimation Nominal parameter  

Rs(Ω) 

L=Ld=Lq(H) 

ψf (Wb) 

3.4782 

0.0125 

0.0150 

3.4 

0.0121 

0.013 

 

 

 

 
(a): Estimated of stator resistance Rs 

 
(b): Estimated of inductance L=Ld = Lq 

 

0 0.1 0.2 0.3 0.4 0.5 0.6
2

2.5

3

3.5

4

4.5

5

t(s)

R
s
(O

h
m

)

0 0.05 0.1 0.15 0.2 0.25 0.3
0

0.05

0.1

0.15

0.2

0.25

t(s)

L
(H

)

0 0.05 0.1 0.15 0.2 0.25 0.3
0

0.05

0.1

0.15

0.2

0.25

t(s)

M
a

g
n

e
ti
c
s
 f
lu

x
(W

b
)



Kerid et al.  PEN Vol. 6, No. 2, 2018, pp. 109 – 119 

115 

(c) : Estimated of magnetic flux ψf 

 

Figure 3. EKF parameters identification 

6.1. Experiment  

 

In order to verify the effectiveness of the suggested estimation method, experiments are realized for 

this purpose. The experimental results were obtained on a PMSM fed by current control drive, mechanically 

coupled to DC motor as its load and the DSP based hardware are presented in Figure 4, technical character for 

PMSM is given to table 2. 

In the experiment, the motor rotates at its nominal speed where data including   -axis current,   -axis 

voltage and electrical speed are stored. During the identification process, the data are sent to the computer 

located on the same platform to determine iteratively the parameter values of vector P.  

Optimization process used in this application to identify parameters is shown in Figure 3. The identification 

result is similar to the simulation result described previously given in table 1. 

 

 

Figure 4. Configuration of the experimental system. 

 

Table 2.  PMSM specification. 

 

Electrical parameters Mechanical parameters 

Rated power=1.38 kW 

Rated voltage=220 V 

Nominal curtent=7.1 A 

ψf=0.013 

 

            Rated speed=3000 rpm 

J=0.0011 Kg.m
2 

  f=5.10
-5

 mN(rd/s) 

P=2 

 

Illustrate the performance degradation induced to non-adaptive control online to changes in 

temperature dependent parameters, and inversely performance gain in case of adaptation is given in Figure 5 

(Simulation results). 

 

Therefore, at nominal temperature, control is fulfilling its role and provides the required torque. However, if 

the temperature is different, the values of physical parameters of the motor used for the torque control are 

different from their actual values as shown in references [9], [18]. 

The supplied torque is less than the required torque as indicated in figure 5(a), the PMSM mechanical speed 

obtained by EKF remains fixed despite the degradation of performance due to the increase in temperature as 

mentioned in figure 5(b). 

 

The performance of the EKF at low speed is not satisfactory resulting in high speed at transitions. 

However, the measured speed has shown that the performance of the EKF is satisfactory at medium and high 

speed operations as mentioned in references [8]-[11]. Figure 5(c) has indicated that both lower and upper 

limits for the mechanical characteristic with constant speed command, increasing temperature and varying 
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load torque with respect to the maximum value. Figure 5(d) shows that the global efficiency is negatively 

affected when the PMSM operates at high speed and contribute even more to the decrease of machine 

efficiency. 

      
(a)                                                                                 (b) 

 
                                                                                       

(c)                                                                                     (d) 

 

Figure 5. Simulation result: Impact of temperature on PMSM 

(a): Electromagnetic torque, (b): Speed, (c): mechanical characteristic, (d): Efficiency versus stator resistance 

 

 

7. Conclusion  

The efficiency of a PMSM, which can be used in electric vehicle applications, is affected by some 

parameters. In this paper, we are proposed to estimate the temperature-dependent parameters, namely the 

winding resistance and the magnet flux. The knowledge of these parameters or their temperature variations 

makes it possible to avoiding performance degradation by tracking and adapting the parameters in the torque 

control and allows a thermal monitoring for motor availability improvement without causing damage. Also, it 

has been evaluated the total influence for behavior PMSM, both simulation and experiment results are 

provided to verify the effectiveness of the proposed method. By comparison with other different algorithms, 

we have shown that the EKF has better optimization capability and has good convergence in simultaneously 

estimating PMSM electrical parameters such as stator resistance,    axis inductances, and rotor flux linkage, 

as the proposed method is used for nonsalient pole PMSM (   =   ). 

 

To perform experimental analysis, in future application, we try to utilize the design of Experiments 

(DOE) technique, which is statistical tool used in various types of system, process and product design, 

development and optimization. It can be considered as a fundamental method employed in various situations 

such as design for comparing optimization and robust parameter estimation, variable screening and transfer 

function identification. 
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