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Abstract—Stepper Motors are used in the fields of Navigation, automation and control. Speed control of stepper motor 
using sensors has proved to be costly and a simpler and cost effective approach is required. In this work we concentrate on 
using a extended Kalman Filter for the speed control of stepper motor.EKF is applied to stochastic non-linear time varying 
systems. Extended Kalman filter (EKF) is used because it is sturdy to external disturbances and measures non-measured 
states and parameters.EKF uses the state estimation technique by analyzing the currents in the windings and re-constructs the 
states. It provides good stabilization and a low cost alternative. 
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I. INTRODUCTION 
 
Stepper motors are widely used in Robotics and in a 
large number of electronic devices. The various 
techniques used for control of stepper motor fall short 
in terms of Maximum efficiency, accuracy, cost and 
reliability. In the past many techniques were proposed 
to overcome these problems such as the estimation 
technique based on the mutual magnetic coupling 
between the windings and the estimation of speed 
derived from flux phasor positions which minimizes 
the copper loss at full load. But these estimations 
were only theoretical and implementation was 
difficult. In the content below we describe the EKF 
technique to present a more economical, accurate and 
reliable method to observe the state variables of the 
stepper motor. Extended Kalman Filter (EKF) is a 
recursive filter that solves the discrete data linear 
filtering problem by estimating the measurable and 
non-measurable states. This filter provides an 
estimation of the past, present and the future states. 
The supply to the PMSM is decided by the PIC 
16F877 and the driver circuit. The Kalman filter 
estimates the states by analysing the two winding 
currents and determines the speed and position of the 
stepper motor. Thus the PIC 16F877 is responsible 
for varying the voltage input which results in the 
desired change in the speed and position of the motor. 
In practical implementation of the Kalman Filter, it is 
subjected to two noise sources which are process 
noise and measurement noise. Permanent Magnet 
Stepper Motor 
A. Construction of Stepper Motor 

 

 
A stepper motor has no brushes or contacts. It 
converts electrical pulses into small increments in 
rotor positions. It is a synchronous motor with the 
magnetic field electronically switched to rotate the 
armature magnet. A stepper motor has no 
commutators and hence losses are less. The stator 
construction for both the variable reluctance and 
permanent magnet stepper motor is similar which is 
silicon steel stampings with inward projected poles. 
Every set of stator pole carries a winding .The rotor 
in a stepper motor is cylindrical in nature and it 
consists of permanent magnet poles made up of high 
retentivity steel, in case of a permanent magnet 
stepper motor (PMSM).In case of a variable 
reluctance stepper motor the rotor is made up of 
silicon steel stampings with outward projected poles 
and it does not have any electrical windings. The 
width of the rotor teeth should be the same as that of 
stator teeth. This type of motor has certain advantages 
such as low cost, high reliability and rugged 
construction. 
B. Operation of Permanent Magnent Stepper Motor 
The basic principle of operation of the stepper motor 
allows the shaft to move a precise number of degrees 
each time a pulse of electricity is sent to the motor. 
The shaft of the motor moves only the certain number 
of degrees that it was designed for when each pulse is 
delivered. The number of pulses , speed and position 
of the stepper motor can be controlled. The rotor of 
the motor produces torque from the interaction 
between the magnetic field in the stator and rotor. 
The strength of the magnetic field is proportional to 
the amount of the current sent to the stator and 
number of turns in the windings. There are two types 
of torque involved. When current flows through the 
poles, the rotor will have a stronger attraction to the 
stator winding, and the increased torque is called the 
holding torque. When no power is applied to the 
motor, the residual magnetism in the rotor magnets 
will cause the rotor to detent or align one set of its 
magnetic pole with the magnetic poles of one of the 
stator magnets. When the rotor is in a detent position, 



International Journal of Electrical, Electronics and Data Communication, ISSN: 2320-2084  Volume- 1, Issue- 8, Oct-2013 

 Sensorless Control Of Stepper Motor Using Extended Kalman Filter 
 

37 

it will have a magnetic force to keep the shaft from 
moving to the next position. This makes a clicking 
sound when we rotate the motor manually.  
 
II. CONTROL LOOP OF STEPPER MOTOR 
 
C. Open Loop Control  
A stepping motor system consists of three basic 
elements such as a controller, user interface and a 
driver to control the stepper motor.  
 
   Command              
Step 
 
   Input             
Pulses 
 
            Motor 
   
           Current 
 
The controller is a microprocessor capable of 
generating pulses and direction signals to the driver 
circuit. The driver converts the controller command 
signal into the power necessary to energize the motor 
winding . The driver generates a motor current which 
drives the stepper motor. 

 
D. Closed Loop Control Using Extended Kalman 

Filter  
 
We use a Kalman filter to estimate the state x(k 
)∈  푅  of a discrete time controlled system. The 
system is described by 
Linear stochastic difference equation.  
 

푥(푘 + 1) = 퐴(푘)푥(푘) + 퐵(푘)푢(푘) + 푉(푘) 
푧(푘) = 퐻(푘)푥(푘) +푤(푘) 

 
Where V(k) is the process  noise and w(k) is the 
measurement   noise. In the following, V(k)  and w(k) 
will be regarded as zero mean, uncorrelated white 
noise sequences with covariance Q(k) and R(k)  
respectively. 
 
The objective of the Kalman algorithm is to 
determine a gain matrix, L, which minimizes the 
mean square of the error.  
 

푉(푘) = 푁 0,푄(푘)  
푤(푘) = 푁(0,푅(푘)) 

 
The Kalman filter algorithm is a form of feedback 
estimation. The Kalman filter equation can be 
separated into two groups.  
1. Time update equations  
2. Measurement update equation 
 
The time update equations project the current state 
and the error covariance estimates forward in the time 

to obtain a priori estimates for the next time step. The 
measurement update equations handle the feedback. 
  
This filter is used to estimate the states of a stepper 
motor by analyzing the two winding currents and 
reconstructing the measurable and non-measurable 
states. The standard Kalman filter is not applicable to 
non linear systems. Hence we use the Extended 
Kalman Filter Technique. An extended Kalman filter 
is a recursive optimum state-observer that can be used 
for the state and parameter estimation of a non-linear 
dynamic system in real time by using noisy 
monitored signals. 
Based on the deviation from the estimated value, the 
EKF provides an optimum output value at the next 
input instant.  
 
A nonlinear system with state vector x(k) є 푅  is 
given by the nonlinear stochastic difference equation: 
 

푥(푘 + 1) = 푓(푥(푘),푢(푘), 휉(푘)) 
  
With a measurement of  푍(푘) ∈ 푅 , 
 

푍(푘) = ℎ(푥(푘), 휂(푘)) 
  
Where the random variable ξ(k) and η(k) are the plant 
and measurement noise respectively. 
   
To estimate a process with non-linear difference and 
measurement relationship, we begin by writing new 
governing equations that linearize an estimate, 
 
푥(푘 + 1) = 푥(푘 + 1) + 퐴 푥(푘) − 푥(푘) +푊 (푘) 

푍(푘) ≈ 푍(푘) + 퐻 푥(푘) − 푥(푘) + 푉 (푘) 
 
where, 
푥(푘 + 1) and 푧(푘) are the actual state and 
measurement state 
푥(푘 + 1) and 푧̂(푘) are the approximate and 
measurement vectors 
푥(푘) is an a posteriori estimate of the state at step k 
the random variables 푊(푘) and 푉(푘) represents the 
process and measurement noise 
 
 A is Jacobian matrix of partial derivatives of f(.) with 
respect    to x, 

             퐴[ , ] =
휕푓[ ]

  휕푥[ ]
(푥(푘), 푢(푘), 0)  

W is Jacobian matrix of partial derivatives of f(.) with 
respect to w, 

             푊[ , ] =
휕푓[ ]

  휕푤[ ]
(푥(푘),푢(푘), 0)  

H is Jacobian matrix of partial derivatives of h(.) with 
respect to h, 

퐻[ , ] =
휕ℎ[ ]

  휕푥[ ]
(푥(푘), 0)  

V is Jacobian matrix of partial derivatives of h(.) with 
respect to v, 

User 
Interface  

PIC  
Controll

Driver Motor 
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푉[ , ] =
휕ℎ[ ]

  휕푉[ ]
(푥(푘), 0)  

 
The error is calculated for the position and velocity. 
The predication error is defined as: 
 

푒̂ ( ) ≡ 푥(푘) − 푥(푘) 
The measurement residual is: 
 

푒̂ ( ) ≡ 푧(푘) − 푧̂(푘) 
Thus the governing equation of the error process is : 

 
푒̂ ( ) = 퐴 푥(푘) − 푥(푘) + 휀(푘) 

 푒̂ ( ) = 퐻푒̂ ( ) + 휂(푘) 
 

The complete set of EKF equations are: 
 
The time update equations are: 
 

푥 (푘 + 1) = 푓(푥(푘), 푢(푘), 0) 
푃 (푘 + 1) = 퐴(푘)푃(푘)퐴 (푘) + 푄(푘)푊(푘)푊 (푘) 

 
The measurement update equations are: 
 

퐾(푘) = 푃 (푘)퐻 (푘)(퐻(푘)푃 (푘)퐻 (푘)
+ 푅(푘)푉(푘)푉 (푘))  

 
푥(푘) = 푥 (푘) + 퐾(푘)(푍(푘)

− 퐻(푥 (푘), 0)) 
 

푃(푘) = 퐼 − 퐾(푘)퐻(푘) 푃 (푘) 
 
As with the basic discrete Kalman filter, the time 
update equations project the state and Covariance 
estimates from time step k to step k+1. As with the 
basic discrete Kalman filter, the measurement update 
equations correct the state and covariance estimates 
with the measurement. V is the measurement 
Jacobians at step k, and is the measurement noise 
covariance at step k. 
E. Complete EKF Algorithm  

 

The EKF algorithms employs actual nonlinear 
dynamics and construct the estimates, and the 
calculation of error covariance matrices are based 
upon continuously relinearized Jacobian matrices 
which are based upon most recent state estimates. 
The a priori estimate error covariance 푃 (k), the a 
posteriori estimate error covariance P(k) and the 
Kalman gain K(k) are also time varying matrices 
based on the most recent state estimates and they are 
calculated. 
 
F. Motor Model for Discrete Time Extended Kalman 

Filter  
Sensorless control is defined as a control scheme 
where no mechanical parameters like speed and 
torque are measured. Traditional vector control 
systems use the method of flux and slip estimations 
based on measurements of the phase currents and DC 
link voltage of the inverter, but this has a large error 
in speed estimation particularly in the low-speed 
range. There are two forms of the implementation of 
an estimator as open loop and close loop. 
Here we used the discrete time extended Kalman 
filter to make it sensorless, where we estimate the 
speed using current measurement. 
The time update equations of the stepper motor model 
are as follows: 

푑푥(1) = 푥(2) 
 
푑푥(2) = (퐾 푥(3) cos 푁푥(1)     

−퐾 푥(4) sin 푁푥(1) − 퐵푥(2)
− 푇 ) 

    L 
                 
d푥(3) = (−푅)푥(3) −퐾 푥(2) cos 푁푥(1) + 푢 퐿⁄  
                 d푥(4) = (−푅)푥(4) −
퐾 푥(2) sin(푁푥(1))+푢 /퐿 
 

푥 = 푥 + 푑푥푑푡 
푃 = 휑푃 휑′ + 푄  

The measurement update equations are : 
 

                 퐾 = 푃 퐻′(퐻푃 퐻′ + 푅 )  
                                  푥 = 푥 +퐾 (푍 −퐻푥 ) 

푃 = (퐼 − 퐾 퐻)푃  
 
We use the Jacobian model to find the time update 
and measurement update equation in MATLAB. 
Using that we come up with steady state value of the 
Kalman gain which we can use to hard-code the 
PIC16F877 to estimate the states. The results of the 
MATLAB simulations are shown below. 
 
III. SIMULATION RESULTS 
 

A. Position and velocity response of EKF 
The below graph shows the comparison between the 
true and estimated position and velocity response 
using a discrete time Extended Kalman filter.  
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The simulation is done with a sampling time of 0.001 
sec. Thus we confirm that the position response 
varies almost linearly with time and the velocity 
response increases exponentially and suddenly falls 
and maintains a constant value. 
 

B. Position and velocity error response using 
EKF 

The following graph shows the velocity and position 
error response of stepper motor using DEKF.  

 
 
 

We can infer that the error is of the magnitude 10  
which is very small. 
 
CONCLUSION 
 
Sensorless permanent magnet motors are preferable 
to encoder-based systems because of compactness, 
low cost, low maintenance, and high reliability .In 
this thesis, we explore a technique where we measure 
the current through a sense resistor and use it to 
estimate the speed and position of the stepper motor 
using its mathematical model. We used different 
kinds of Kalman filter feedback techniques to 
estimate the speed and position to achieve speed 
control and then tried to implement it in hardware. 
We implemented the discrete time extended Kalman 
filter in the simulation and the results were better 
compared to the other approaches, because we used a 
pure discrete time model by partially differentiating 
the system model matrix. After that we incorporated a 
PD control routine (using the same discrete time 
extended Kalman filter routine) to control the speed 
using the estimated value. 
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