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░ ABSTRACT- Estimation of parameters of Permanent Magnet Synchronous Motor (PMSM) plays an important role for 

motor controller tuning in Electric Vehicle (EV) application. Under running condition motor parameters vary due to different effects 

such as temperature, saturation and Voltage Source Inverter (VSI) non-linearities. Identification of parameters in running condition 

increases the control performance of system. This paper uses Extended Kalman Filter (EKF), which allows estimation of d-q axis 

inductances of PMSM. The control algorithm considered here is Field Oriented Control (FOC) for EV system having position 

sensor. The simulation is performed using MATLAB- Simulink software. The simulation results show that EKF identifies the d- 

and q- axis inductances Ld, Lq considering measurement and process noise using a state space model of motor equations for 

implementation. 
 

General Terms: Electric Vehicle, Motor Characterization, Motor Controller 
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░ 1. INTRODUCTION   
Permanent Magnet Synchronous Motor (PMSM) is becoming 

popular in Electric Vehicle (EV) domain because of its merits 

such as good dynamic performance [1], high efficiency [2], high 

power density [3] and almost no maintenance [4-7]. Under 

running condition different effects such as temperature [8], 

saturation effects [9, 10] and Voltage Source Inverter (VSI) 

non-linearities [11] affect the performance of the EV system. 

To tune the motor controller and to increase the control 

performance of the accurate motor parameter identification is 

necessary [12]. Generally, one gets motor value from the 

datasheet of motor. Most of the time datasheet is not available 

so identifying motor parameters is the first task required for 

tuning the controller. There are different online [13] and offline 

methods available for parameter estimation. Classification of 

offline methods can be done as per frequency domain, time 

domain-based methods. Online methods can be classified as 

observer-based methods, Artificial Intelligence-Machine 

Learning (AI-ML) based methods [14] and deep learning-based 

methods. Generally, for sensor less parameter estimation 

observer-based methods are used. Deep learning based multi-

modal Long Short-Term Memory (LSTM) method has proved 

its suitability for time varying parameter identification of 

PMSM [15]. 
  
There are various online numerical methods available for 

parameter estimation such as Recursive Least Square (RLS), 

Extended Kalman Filter (EKF), High frequency injection 

method, Recursive Prediction Error Method (RPEM), fractional 

order method, Model Reference Adaptive System (MRAS) 

method, runge kutta method. In RLS algorithm the squared 

error is minimized recursively. It has less computational time 

but it is sensitive to noise [16]. RLS algorithm treats the system 

as linear so it has less accuracy compared to EKF. EKF converts 

the non-linear system into linear using mathematical approach 

called Taylor series. Section 2 discusses the explanation of EKF 

in detail. MRAS algorithm has slow convergence speed but it 

has advantage of less computational complexity [17]. High 

frequency injection method is more sensitive to noise and has 
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disadvantage of ripples. The advantages and disadvantages of 

different numerical based methods are given in below table 1. 
 

░ Table 1: Comparative Table 
Method 

Name 

Advantages Disadvantages 

RLS  Simple theoretical 
derivation and 

implementation. 

 Less execution time 
compared to EKF. 

 Sensitive to disturbances 
and noises. 

 Data saturation.  

MRAS  Less implementation 
complexity. 

 Suitable for nonlinear 

systems. 

 Sensitive to noises. 

 Difficult to be used in multi 

parameter identification. 

EKF  Enable to reject 

measurement noise. 

 Non-linearities can be 

added. 

 More computational 

burden. 

 More Complex. 

 

Field Oriented control (FOC) is used as a control strategy. The 

fundamental principle behind FOC strategy is that it converts 3 

phase system to 2 phase rotating system by Clark 

transformation. Further it converts 2 phase rotating system into 

DC system by Park transformation. Using Clark and Park 

transformation, the system is converted into α-β and d-q frame 

respectively. Figure 1 shows the working of FOC algorithm.  
 

 
Figure 1: FOC for PMSM 

The electric equation of three phase abc rotating frame can be 

represented as below: 
 

𝑉𝑎 = 𝑖𝑎 × 𝑅𝑠 +
𝑑𝜓𝑎

𝑑𝑡
                                                                                      (1) 

𝑉𝑏 = 𝑖𝑏 × 𝑅𝑠 +
𝑑𝜓𝑏

𝑑𝑡
                                                                                      (2) 

𝑉𝑐 = 𝑖𝑐 × 𝑅𝑠 +
𝑑𝜓𝑐

𝑑𝑡
                                                                                        (3) 

 

where, 𝑉𝑎, 𝑉𝑏, 𝑉𝑐 are the stator voltage (instantaneous) for phase 

a, b, c; 𝑖𝑎 , 𝑖𝑏 , 𝑖𝑐 are the stator current (instantaneous) for phase 

a, b, c; Rs is the stator resistance per phase; and 𝜓𝑎, 𝜓𝑏, 𝜓𝑐 are 

the stator flux linkages (instantaneous) for phase a, b, c. There 

is one problem in d-q frame that is rank deficiency. The voltage 

equations have 4 unknowns but for solving it, there are only two 

equations available, equation 5 and equation 6. This problem 

can be overcome by decreasing the number of parameters to 

identify or by increasing the rank of observability matrix. 
 

This article is further organized as follows. Section 2 gives the 

basic mathematical model of PMSM and d-q axis inductances 

identification method. Section 3 provides the results for 

parameter estimation using EKF algorithm. Section 4 includes 

the discussion based on obtained results and it also discusses 

about the future scope. Finally section 5 concludes the work. 
 

░ 2. METHODS   
 

2.1 Overview 
The paper proposes an algorithm using EKF for obtaining d-q 

axis inductances of PMSM. The control strategy incorporates 

FOC for EV system having position sensor. The EKF enabled 

algorithm with FOC has been simulated using MATLAB-

Simulink software. For this, the first step is to build a 

mathematical model of PMSM. Second step includes selection 

of algorithm and a method for analysis to obtain the solution for 

proposed mathematical model thereby helping to estimate 

targeted parameter, inductance, of the proposed study. The 

accuracy of the proposed method and its comparative analysis 

with other models is based on identification error. 
 

2.2 Mathematical Model of PMSM 
In this section, the proposed mathematical model of PMSM is 

discussed. The mathematical model acts as an input to the 

identified EKF algorithm leading to determination of 

inductance through simulation, carried out using MATLAB-

Simulink software. 
 

For the reference d-q axis frame, which rotates synchronously, 

the stator voltage can be determined by using the equation 4 and 

equation 5. 
 

𝑉𝑠𝑑 = 𝑖𝑠𝑑 × 𝑅𝑠 +
𝑑𝜆𝑑

𝑑𝑡
− 𝜔𝑒 × 𝜓𝑞                                                          (4) 

𝑉𝑠𝑞 = 𝑖𝑠𝑞 × 𝑅𝑠 +
𝑑𝜆𝑞

𝑑𝑡
+ 𝜔𝑒 × 𝜓𝑑                                                            (5) 

 

where, 𝑉𝑠𝑑 and 𝑉𝑠𝑞  are stator voltage in the reference d-q axis 

frame, 𝑖𝑠𝑑 and 𝑖𝑠𝑞  are stator current in the reference d-q axis 

frame, 𝜔𝑒 is the stator angular electrical velocity, 𝜓𝑑 and 𝜓𝑞  are 

d and q axis flux linkage. 

 

The equation 6 is used to determine electromagnetic torque of 

the motor. 
 

𝑇𝑒𝑚 = (
3

2
× 𝑝𝑏 × 𝜓𝑚 × 𝑖𝑠𝑞) + (

3

2
× 𝑝𝑏 × (𝐿𝑞 − 𝐿𝑑) × 𝑖𝑠𝑑 × 𝑖𝑠𝑞))    (6) 

 

The equation of electromagnetic torque contains two 

components: torque produced due to the stator current with the 

Permanent Magnet (PM) flux and other is reluctance torque 

which is generated due to saliency in the motor. Surface 

Mounted PMSM (SPMSM) has reluctance equal to zero since 

𝐿𝑑 = 𝐿𝑞  where as in Interior Magnet PMSM (IPMSM) 

reluctance torque exists as 𝐿𝑑 < 𝐿𝑞 . 
 

The equation 7 represents the mechanical equation of the 

machine as: 
 

𝑇𝑒𝑚 − 𝑇𝐿 − 𝐵 × 𝜔𝑚 = 𝐽 ×
𝑑𝜔𝑚

𝑑𝑡
                                                             (7) 
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Where, 𝑇𝐿  is the load torque, B is the viscous friction 

coefficient, 𝜔𝑚 is the shaft speed, and J is the moment of 

inertia. 
 

2.3 Extended Kalman Filter Algorithm 
EKF is the optimal recursive estimation algorithm based on 

least square method used to estimate states of dynamic 

nonlinear system [18, 19]. The dynamic model of non-linear 

system is linearized in EKF using Taylor series. Main advantage 

of EKF is that it rejects the process and measurement noise 

having similar accuracy as Unscented Kalman Filter (UKF), 

and Moving Horizon Estimation (MHE). Nonlinear state 

equations for EKF can be written as: 
 

𝑋𝑘+1 = 𝑓(𝑋𝑘 , 𝑢𝑘) + 𝑤𝑘                                                                             (8) 

𝑌𝑘 = 𝐻(𝑋𝑘) + 𝑣𝑘                                                                                          (9) 
 

Here, f is a system function, u is the control. w and v are zero 

mean process and measurement noises respectively. Basically, 

in EKF there are two main steps: 1. Prediction step; and 2. 

Correction step. The steps for estimation of X vector parameters 

are: 
 

Initialization: 

𝑋, 𝑃 
Prediction step: 

𝑋𝑝 = 𝑓(𝑋) 

𝑃𝑝 = 𝐴 × 𝑃 × 𝐴𝑇 + 𝑄 

Kalman Gain: 

𝐾 = 𝑃𝑝 × 𝐻𝑇 × (𝐻 × 𝑃𝑝 × 𝐻𝑇 + 𝑅)−1 

Correction step: 

𝑋𝑒 = 𝑋𝑝 + 𝐾(𝑌 − 𝐻(𝑋𝑝) 

𝑃𝑒 = 𝑃𝑝 − 𝐾 × 𝐻 × 𝑃𝑝 

𝐴 =
𝜕𝑓(𝑋, 𝑢)

𝜕𝑋
 𝑎𝑡 𝑋 = 𝑋�̂� 

𝐻 =
𝜕ℎ(𝑋)

𝜕𝑋
 𝑎𝑡 𝑋 = 𝑋�̂� 

 

Here, X is the vector containing the parameters to be estimated, 

P is the covariance matrix, A and H are the Jacobian matrices. 
 

Execution time for EKF is longer than RLS and MRAS. [20, 

21]. It has better optimization capability, good convergence in 

simultaneously estimating PMSM electrical parameters [10, 

22]. R. Kerid has considered temperature variation while 

implementing EKF algorithm for parameter estimation [23]. 

EKF with Gradient correction has less calculation, high 

accuracy, and fast convergence speed. It has been observed that 

EKF has a complex structure with high computational burden 

and comparative longer execution time than MRAS and RLS. It 

is difficult to design the algorithm for multi parameter 

measurement [10, 24]. 
 

Initialization of P0 is done using trial and error method to get 

better stability and convergence time. The process and 

measurement noise Q and R are also taken using trial and error 

method. A complex part of this algorithm is to choose values of 

Q and R as they affects convergence stability and performance. 

If the values of Q matrix increase, the steady state performance 

of the system gets affected. For increased R the transient 

response becomes worse. 
 

2.4 Identification Error 
The outcome of identification is susceptible to measurement 

noise. The following equation gives the identification error 

during motor parameter estimation. Here, identification is the 

estimated value and true means the actual datasheet value. 
 

𝐼𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟 (%) = (|𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛−𝑡𝑟𝑢𝑒| /𝑡𝑟𝑢𝑒) 

× 100 
 

Due to magnetic saturation and fluctuating environmental 

temperatures, variations in the stator inductance and resistance 

of PMSM are always there. Thus, there will always be an 

identification error. Attempts are to be made for elimination of 

identification error by realizing the simultaneous identification 

of multi-parameters. The implementation of EKF algorithm 

with FOC strategy, as presented in this paper, helps to minimize 

the identification error and eliminates over computational time. 
 

░ 3. RESULTS   
In this section the implemented EKF algorithm for field 

oriented controlled PMSM motor is given. Implementation of 

algorithm is done using the MATLAB function and the FOC 

motor model is developed using the Simulink. Figure 2 shows 

the overall model. Switching frequency and sampling period are 

10 kHz and 100 micro seconds respectively. The PMSM 

parameters are given in table 2. 
 

░ Table 2: Motor Specification 

Parameter Value 

Stator Resistance 4.49 Ohm 

d-axis inductance 0.002633 Henry 

q-axis inductance 0.0039 Henry 

Number of poles 8 

Flux linkages 0.55 Weber 
 

Figure 3 gives the estimation of d-axis inductance along with 

the identification error. Figure 4 gives the estimation of q-axis 

inductance along with the identification error. From results it 

can be seen that algorithm is able to estimate the inductances of 

IPMSM motor. As the computational time increases the results 

falls down to zero. In this paper, the initial covariance matrix P0 

and noise matrices Q and R are used as follows: 
 

𝑃0 =  [

  1        
  0        
  0        
  0        

0        
1        
0        
0        

0        
0        

0.003        
0        

0  
0  
0  

0.004  

] 

 

𝑄 =  [

  0.1        
  0        
  0        
  0        

0        
0.1        
0        
0        

0        
0        

300        
0        

0  
0  
0  

200  

] ,     𝑅 =  [
 0.05 0 

 0 0.05 
] 
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Figure 2: Simulation Model for Inductance 

 

 
 

Figure 3: Ld Estimation 

 

 
 

Figure 4: Lq Estimation
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░ 4. DISCUSSION   
From results it can be seen that the EKF algorithm converges to 

the actual value within a very small time. The performance of 

the EKF algorithm strongly gets affected due to initialization 

matrices such as P0, Q and R. To get the exact results trial and 

error method is used. The increase in value of process noise 

matrix Q increases the Kalman gain which gives quick filter 

dynamics. The increase in value of measurement noise matrix 

states that current measurements are influenced by noise and 

Kalman gain of algorithm decreases. 

 

░ 5. CONCLUSION   
This paper presents the implementation of EKF algorithm for 

inductance estimation of PMSM. The EKF algorithm considers 

the noise effects due to which it is generally used for 

identification of PMSM parameters. Trial and error method is 

used to get the initialization matrices such as P0, Q and R. 

During implementation of EKF it is required to take care of 

computational time. As increased computational time results 

into the null element matrices. Further scope is to go for joint 

estimation of both inductances as well as the noise matrices to 

get more accuracy of system’s inductance estimation. 
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