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ABSTRACT 
In this paper, a technique for estimation of the rotor speed and 
position of a BLDC motor is presented. BLDC motors are non-
linear system and to control BLDC, rotor position must be known. 
This is usually done by using sensors that result in increased costs, 
the size of the motor and reduces reliability. In this research, the 
rotor speed and rotor position of BLDC motor are estimated by 
Ensemble Kalman Filter only use the stator line voltage and 
current measurement. The Ensemble Kalman Filter (EnKF) is a 
recursive filter suitable for non-linear systems. The estimated 
rotor speed and position rotor has been used for the motor drive 
and closed loop speed control of the BLDC motor. The 
performance of the proposed technique is demonstrated through 
real-time simulation.   
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1. INTRODUCTION 
Brushless Direct Current (BLDC), a special type of Permanent 
Magnet Synchronous motor which has trapezoidal back-emf and 
quasi-rectangular current wave forms, is a motor without brush 
and electronically control. BLDC motor drives have increasingly 
being used in consumer products and industrial applications 
because of their characteristics, such as high starting torque, high 
efficiency with no excitation losses, low noise (silent) operation 
and high durability [1]. To control the rotation BLDC motor, the 
rotor position must be known at this time because of current 
supplied to the BLDC depending on the position of the rotor. The 

 

rotor position is usually determine using Hall-effect sensors 
embedded into the stator which in turn increase the cost and size 
of the motor and reduce its reliability [2]. To cover up these 
weaknesses, the BLDC motor without position and speed sensors 
have attracted wide attention. Among them, the most popular and 
widely used method is the back electromotive force (back-emf) 
method [3]. However, this method generally has a drawback that 
the back-emf cannot be detected exactly under low-speed 
conditions. In addition, some other methods have been discussed, 
such as the estimation flux method and the freewheeling diodes 
detection method [4]. Nevertheless, these methods cannot provide 
continual rotor position information when a high accuracy of the 
rotor speed and position are required. Since these methods cannot 
provide continual rotor position estimation, they are not 
applicable for the sensorless drives in which high estimation 
accuracy of the speed and rotor position is required. A new 
method has been introduced to overcome the above drawbacks by 
means of Ensemble Kalman Filter (EnKF) algorithm [5]. 

This paper presents a method that continuously estimates the rotor 
speed and position of a BLDCM using the measurements of motor 
line voltages and phase currents only in real time simulation with 
Simulink. In [5], The experimental procedure is in MATLAB 
environment and without Simunlink.  This control method is 
known as the Ensemble Kalman Filter (EnKF) Algorithm. The 
EnKF estimation system is a sub optimal estimator, where the 
error statistics are predicted by using a Monte Carlo or ensemble 
integration method to solve the Fokker-Planck equation. 

2. MATHEMATICAL MODELLING OF 
BRUSHLESS DCMOTOR 
The BLDC motor model consists of two main mathematical 
equations. One of them is an electrical and other is a mechanical 
equation. The details of expressed equations are given in [6,7]. In 
these equations motor current ia, ib, and ic, motor shaft speed ω are 
four state-variables. The mechanical, electrical and load equations 
of the motor are given together in matrix form as follows: 
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𝐴𝐴14 = −
𝜆𝜆𝑚𝑚
𝐿𝐿𝑠𝑠

𝐺𝐺(𝜃𝜃𝑒𝑒) 

𝐴𝐴24 = −
𝜆𝜆𝑚𝑚
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1
𝐽𝐽  

where V𝑎𝑎 are the terminal voltage of the phase a, respectively; Rs, 
i𝑎𝑎, and Ls are the phase resistance, the phase current, and the phase 
inductance respectively. Specially, we have similar voltage 
equations for the phase b and c. J is inertia, B is a friction 
coefficient, Tm is a load torque, and ω  is the magnet flux linkage 
of the stator winding.  

The nonlinear function G(𝜃𝜃) can be described as follows 
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3.  DESCRIPTION OF THE ESTIMATION 
ALGORITHM 
3.1 System Configuration 
In the sensorless mode, the main idea of an estimation system is to 
use a mathematical model derived from the BLDC to calculate the 
estimated output parameters value from a measured input 
parameters [ 8,9].  

Figure 1. shows the block diagram of the system operation of a 
speed control sensorless BLDC motor by using Estimator. One 
type of common estimator is the Extended  

 

Figure 1. Block diagram of Sensorless BLDC Motor 

3.2 Ensemble Kalman Filter (EnKF) 
The EnKF estimation system is a suboptimal estimator, where the 
error statistics are predicted by using a Monte Carlo or ensemble 
integration method to solve the Fokker-Planck equation. Unlike 
the EKF system, the evaluation of the filter gain 𝐾𝐾�𝑘𝑘 in the EnKF 
system does not involve the approximation of the nonlinearity 
functions f(x, u) and h(x). Hence, the computational burden of 
evaluating the Jacobians of f(x, u) and h(x) does no longer exist in 
the EnKF system. The starting point for the EnKF estimation 
system as a particle filters is done by choosing a set of sample 
points, which is an ensemble of state estimations that captures the 
initial probability distribution of the state. These state estimation 
points are then propagated through the true nonlinear system, so 
that the probability density function of the actual state can be 
approximated by the ensemble of the estimation system (EnKF). 

The EnKF estimation method consists of three stages. The first 
step is called the forecast step; where to represent the error 
statistics of the system, assume that at time k, there are an 
ensemble of q forecasted state estimations with random sample 
errors. We denote these ensemble as 𝑋𝑋𝑘𝑘

𝑓𝑓 ∈ 𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛, where 

 

𝑋𝑋𝑘𝑘
𝑓𝑓 ≜ �𝑥𝑥𝑘𝑘

𝑓𝑓1 , 𝑥𝑥𝑘𝑘
𝑓𝑓2 ,⋯ , 𝑥𝑥𝑘𝑘

𝑓𝑓𝑞𝑞�,    (3) 
 

with the superscript fi refers to the i-th forecast ensemble member. 
Then, the ensemble mean �̅�𝑥𝑘𝑘

𝑓𝑓 ∈ 𝑅𝑅𝑛𝑛 is defined by 

 

�̅�𝑥𝑘𝑘
𝑓𝑓 ≜ 1

𝑛𝑛
∑ 𝑥𝑥𝑘𝑘

𝑓𝑓𝑖𝑖𝑛𝑛
𝑖𝑖=1      (4) 

 
Since the true state xk is not known, we approximate (4) by using 
the ensemble members. We define the ensemble error matrix 
𝐸𝐸𝑘𝑘
𝑓𝑓 ∈ 𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 around the ensemble mean by 

 

𝐸𝐸𝑘𝑘
𝑓𝑓 ≜ �𝑥𝑥𝑘𝑘

𝑓𝑓1 − �̅�𝑥𝑘𝑘
𝑓𝑓 ⋯𝑥𝑥𝑘𝑘

𝑓𝑓𝑞𝑞 − �̅�𝑥𝑘𝑘
𝑓𝑓�   (5) 

 
and the ensemble of the output error Eyk

a ∈ Rpxq  by 

 

𝐸𝐸𝑦𝑦𝑘𝑘
𝑎𝑎 ≜ �𝑦𝑦𝑘𝑘

𝑓𝑓1 − 𝑦𝑦�𝑘𝑘
𝑓𝑓 ⋯𝑦𝑦𝑘𝑘

𝑓𝑓𝑞𝑞 − 𝑦𝑦�𝑘𝑘
𝑓𝑓�   (6) 

 
We then approximate the  𝑃𝑃𝑘𝑘

𝑓𝑓by 𝑃𝑃�𝑘𝑘
𝑓𝑓 , the 𝑃𝑃𝑛𝑛𝑦𝑦𝑘𝑘

𝑓𝑓 by 𝑃𝑃�𝑛𝑛𝑦𝑦𝑘𝑘
𝑓𝑓 , and the 

𝑃𝑃𝑦𝑦𝑦𝑦𝑘𝑘
𝑓𝑓 by 𝑃𝑃�𝑦𝑦𝑦𝑦𝑘𝑘

𝑓𝑓 , respectively, where 

 

𝑃𝑃�𝑘𝑘
𝑓𝑓 ≜ 1

𝑛𝑛−1
𝐸𝐸𝑘𝑘
𝑓𝑓�𝐸𝐸𝑦𝑦𝑘𝑘

𝑓𝑓 �
𝑇𝑇

,𝑃𝑃�𝑦𝑦𝑦𝑦𝑘𝑘
𝑓𝑓 ≜ 1

𝑛𝑛−1
𝐸𝐸𝑦𝑦𝑘𝑘
𝑓𝑓 �𝐸𝐸𝑦𝑦𝑘𝑘

𝑓𝑓 �
𝑇𝑇

  (7) 
 

Thus, we interpret the forecast ensemble mean as the best forecast 
estimations of the state, and the spread of the ensemble members 
around the mean as the error between the best estimations and the 
actual state. 

The second step is the analysis step: To obtain the analysis 
estimations of the state, the EnKF performs an ensemble of 
parallel data assimilation cycles, where for i = 1, . . . , q 

 

𝑥𝑥𝑘𝑘
𝑎𝑎𝑖𝑖 = 𝑥𝑥𝑘𝑘

𝑓𝑓𝑖𝑖 + 𝐾𝐾�𝑘𝑘 �𝑦𝑦𝑘𝑘𝑖𝑖 − ℎ�𝑥𝑥𝑘𝑘
𝑓𝑓𝑖𝑖��   (8) 
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The perturbed observations yki are given by 

 

𝑦𝑦𝑘𝑘𝑖𝑖 = 𝑦𝑦𝑘𝑘 + 𝑣𝑣𝑘𝑘𝑖𝑖      (9) 
 

where 𝑣𝑣𝑘𝑘𝑖𝑖 is a zero-mean random variable with a normal 
distribution and covariance Rk. The sample error of the covariance 
matrix computed from the 𝑣𝑣𝑘𝑘𝑖𝑖   converges to Rk as q → ∞.. We 
approximate the analysis of the error of the covariance matrices 
𝑃𝑃𝑘𝑘𝑎𝑎 by 𝑃𝑃�𝑘𝑘𝑎𝑎, where 

𝑃𝑃�𝑘𝑘𝑎𝑎 ≜
1

𝑛𝑛−1
𝐸𝐸𝑘𝑘𝑎𝑎𝐸𝐸𝑘𝑘𝑎𝑎

𝑇𝑇    (10) 
 

And 𝐸𝐸𝑘𝑘𝑎𝑎 is defined by with  𝑥𝑥𝑘𝑘
𝑓𝑓𝑖𝑖    replaced by 𝑥𝑥𝑘𝑘

𝑎𝑎𝑖𝑖  and �̅�𝑥𝑘𝑘
𝑓𝑓 replaced 

by the mean of the analysis estimate ensemble members. We use 
the classical Kalman filter gain expression and the approximations 
of the error covariance to determine the filter gain by  𝐾𝐾�𝑘𝑘 by 

 

𝑥𝑥𝑘𝑘+1
𝑓𝑓𝑖𝑖 = 𝑓𝑓�𝑥𝑥𝑘𝑘

𝑎𝑎𝑖𝑖 ,𝑢𝑢𝑘𝑘� + 𝑤𝑤𝑘𝑘𝑖𝑖     (11) 
 

The last step is the prediction of error statistics in the forecast 
step: 

 

𝑥𝑥𝑘𝑘+1
𝑓𝑓𝑖𝑖 = 𝑓𝑓�𝑥𝑥𝑘𝑘

𝑎𝑎𝑖𝑖 ,𝑢𝑢𝑘𝑘� + 𝑤𝑤𝑘𝑘𝑖𝑖     (12) 
 

where the values are 𝑤𝑤𝑘𝑘𝑖𝑖 sampled from a normal distribution with 
average zero and covariance𝑄𝑄𝑘𝑘 . The sample error covariance 
matrix computed from the 𝑤𝑤𝑘𝑘𝑖𝑖  converges to 𝑄𝑄𝑘𝑘 as 𝑞𝑞 → ∞. Finally, 
we summarize the analysis and forecast steps. 

Analysis Step: 
 

𝐾𝐾�𝑘𝑘 = 𝑃𝑃�𝑛𝑛𝑦𝑦𝑘𝑘
𝑓𝑓 �𝑃𝑃�𝑦𝑦𝑦𝑦𝑘𝑘

𝑓𝑓 �
−1

    (13) 
𝑥𝑥𝑘𝑘
𝑎𝑎𝑖𝑖 = 𝑥𝑥𝑘𝑘

𝑓𝑓𝑖𝑖 + 𝐾𝐾�𝑘𝑘 �𝑦𝑦𝑘𝑘𝑖𝑖 − ℎ�𝑥𝑥𝑘𝑘
𝑓𝑓𝑖𝑖��   (14) 

�̅�𝑥𝑘𝑘𝑎𝑎 = 1
𝑛𝑛
∑ 𝑥𝑥𝑘𝑘

𝑎𝑎𝑖𝑖𝑛𝑛
𝑖𝑖=1      (15) 

 
Forecast Step: 

 

𝑥𝑥𝑘𝑘+1
𝑓𝑓𝑖𝑖 = 𝑓𝑓�𝑥𝑥𝑘𝑘

𝑎𝑎𝑖𝑖 ,𝑢𝑢𝑘𝑘� + 𝑤𝑤𝑘𝑘𝑖𝑖     (16) 
 

�̅�𝑥𝑘𝑘+1
𝑓𝑓 = 1

𝑛𝑛
∑ 𝑥𝑥𝑘𝑘+1

𝑓𝑓𝑖𝑖𝑛𝑛
𝑖𝑖=1     (17) 

𝐸𝐸𝑘𝑘+1
𝑓𝑓 = �𝑥𝑥𝑘𝑘+1

𝑓𝑓1 − �̅�𝑥𝑘𝑘+1
𝑓𝑓 ⋯𝑥𝑥𝑘𝑘+1

𝑓𝑓𝑞𝑞 − �̅�𝑥𝑘𝑘+1
𝑓𝑓 �  (18) 

𝐸𝐸𝑦𝑦𝑘𝑘
𝑎𝑎 ≜ �𝑦𝑦𝑘𝑘

𝑓𝑓1 − 𝑦𝑦�𝑘𝑘
𝑓𝑓 ⋯𝑦𝑦𝑘𝑘

𝑓𝑓𝑞𝑞 − 𝑦𝑦�𝑘𝑘
𝑓𝑓�   (19) 

𝑃𝑃�𝑛𝑛𝑦𝑦𝑘𝑘
𝑓𝑓 = 1

𝑛𝑛−1
𝐸𝐸𝑘𝑘
𝑓𝑓�𝐸𝐸𝑦𝑦𝑘𝑘

𝑓𝑓 �
𝑇𝑇

,𝑃𝑃�𝑦𝑦𝑦𝑦𝑘𝑘
𝑓𝑓 = 1

𝑛𝑛−1
𝐸𝐸𝑦𝑦𝑘𝑘
𝑓𝑓 �𝐸𝐸𝑦𝑦𝑘𝑘

𝑓𝑓 �
𝑇𝑇

  (20) 
 
Algorithm for implementation Estimation and Control of 
Sensorless Brushless DC Motor Drive using Ensemble Kalman 
Filter is 

𝑖𝑖𝑖𝑖𝑖𝑖𝑢𝑢𝑑𝑑: 𝐼𝐼𝑎𝑎𝑏𝑏𝑐𝑐 ,𝑉𝑉𝑎𝑎𝑏𝑏𝑐𝑐  
𝑥𝑥�0 ← 𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑖𝑖𝑎𝑎𝑖𝑖𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(… ) 
𝑤𝑤ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑇𝑇𝑅𝑅𝑇𝑇𝐸𝐸 𝑑𝑑𝑑𝑑 
Prediction 

𝑑𝑑𝑤𝑤 ← 𝑖𝑖𝑑𝑑𝑑𝑑𝑖𝑖𝑖𝑖𝑚𝑚𝑑𝑑𝑖𝑖𝑖𝑖𝑖𝑖(𝑉𝑉𝑎𝑎𝑏𝑏𝑐𝑐) 
𝑥𝑥�𝑘𝑘− ← 𝐴𝐴𝑥𝑥�𝑘𝑘 + 𝐵𝐵(𝑉𝑉𝑎𝑎𝑏𝑏𝑐𝑐) + 𝑑𝑑𝑤𝑤 
𝑃𝑃𝑘𝑘− ← (𝑥𝑥�𝑘𝑘− − 𝑥𝑥�𝑘𝑘−����)(𝑥𝑥�𝑘𝑘− − 𝑥𝑥�𝑘𝑘−����)𝑇𝑇���������������������������� 

Filtering 
𝑑𝑑𝑑𝑑 ← 𝑖𝑖𝑖𝑖𝑎𝑎𝑖𝑖𝑢𝑢𝑚𝑚𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑚𝑚𝑑𝑑𝑖𝑖𝑖𝑖𝑖𝑖(𝐼𝐼𝑎𝑎𝑏𝑏𝑐𝑐) 
𝑌𝑌𝑘𝑘 ← 𝑌𝑌𝑘𝑘𝑡𝑡 + 𝑑𝑑𝑑𝑑 
𝐾𝐾𝑘𝑘 ← 𝑃𝑃𝑘𝑘−𝐻𝐻𝑘𝑘�𝐻𝐻𝑘𝑘𝑃𝑃𝑘𝑘−𝐻𝐻𝑘𝑘𝑇𝑇 + 𝐼𝐼𝑎𝑎𝑏𝑏𝑐𝑐�

−1 
𝑥𝑥�𝑘𝑘 ← 𝑥𝑥�𝑘𝑘− + 𝐾𝐾𝑘𝑘(𝑌𝑌𝑘𝑘 − 𝐻𝐻𝑘𝑘𝑥𝑥�𝑘𝑘−) 
𝑥𝑥�𝑘𝑘��� ← 𝑥𝑥�𝑘𝑘−���� + 𝐾𝐾𝑘𝑘(𝑌𝑌𝑘𝑘 − 𝐻𝐻𝑘𝑘𝑥𝑥�𝑘𝑘−����) 

𝑖𝑖𝑖𝑖𝑑𝑑 
 

4. SIMULATION RESULTS AND 
DISCUSSIONS 
Figure 2. shows the Block Diagram of a Sensorless Brushless DC 
motor using Ensemble Extended Kalman Filter (EnKF). The 
BLDC model drive with speed controller is simulated in Simulink. 
The speed responses for rated speed condition are shown in Figure 
3. The reference speed of the motor is set to 1000 rpm and 
changed to 2000rpm at 0.02sec. The actual speed reaches the 
steady–state value of 1000 rpm at 0.015sec and the estimated 
speed tracks the actual speed soon after the transient period. 
Figure 4. represents the actual rotor position and the estimated 
rotor position of the motor. The estimated rotor position coincides 
with the actual rotor position with a very minimal deviation. The 
estimated rotor position is one step ahead of the actual results. 
Fig.5 indicates the actual stator phase current and estimated stator 
phase current.  Table 1 depicts the ratings of the BLDC motor 
used. 

 

 
Figure 2. Block Diagram of Sensorless Brushless DC motor using Ensemble Kalman Filter 

194



 

 

 
Figure 3. Actual and Estimated Speed Response with 
reference 1000rpm and change to 2000rpm at 0.02s 

 
Figure 4. Actual & Estimated Rotor Position with reference 

1000rpm and change to 2000rpm at 0.02s 

 
Figure 5. Actual & Estimated current phase A with reference 

1000rpm and change to 2000rpm at 0.02s   
 

5. CONCLUSION 
This paper has confirmed the possibility of controlling the 
Sensorless BLDC motor with the parameter values estimated by 
an Ensemble Kalman Filter. Using the presented method, which 

applies the EnKF, it is possible to estimate the speed and rotor 
position of the BLDCM with adequate exactness. The estimation 
speed and rotor position are very similar to the actual with very 
little difference and verified by Simulation studies. 

 

Table 1. BLDC Motor Specifications 
Motor Parameter Value 
Number of Poles 8 

Supply Voltage (V) 24 
Resistance per phase (Ohm) 0.395 

Inductance per phase (H) 0.0006 
Inertia constant (Kgm2) 4.8e-6 

Friction Coefficient (Nmsrad-1) 1e-7 
Flux constant (Vs) 0.00221875 

Number of Ensemble 8 
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