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The use of speed sensors in induction motors is considered to be less
effective because of the high price and diminishing reliability. Over time, a
speed estimator was developed to increase the speed of the sensor. This
paper describes the application of a disturbance observer algorithm as an
estimator of the speed of an induction motor. In this case, the estimator is
seen as an embedded system that only uses current information to measure
speed of induction motor. To test the performance of the disturbance
observer-based estimator, a comparison was made with the estimator based
on the extended Kalman filter. From the experiment, it is found that the
speed estimation using the disturbance observer has a smaller root mean
square error in the low-speed operation than one of the extended Kalman
filter, i.e. the root mean squared error (RMSE) value is below 4% in the
range of 250 revolution per minute (RPM)-600 RPM.
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1. INTRODUCTION

An induction motor is a type of alternating current (AC) electric motor. These motors are also called
asynchronous motors because these machines never run at synchronous speed. The induction motor has a
working principle based on the induction of a magnetic field between the stator and the rotor. These motors are
divided into single-phase and three-phase induction motors. Induction motors have been widely used in
industry. This motor is one of the important components that function as a driver of various industrial
equipment. The number of uses of induction motors is due to this motor having advantages over other electric
motors. The advantages of induction motors are simple and sturdy structure, high efficiency, easy and
inexpensive maintenance, and excellent reliability [1]. In many applications, induction motors need to operate at
certain speeds with varying loads. In this system, speed information is needed from speed measurement
instruments such as encoders, tachometers, hall sensors, and among others. These instruments are attached to
the motor shaft. However, the use of speed sensors has several drawbacks such as the installation of sensors
which are quite complicated, high costs, and the installation of sensors can reduce the strength and mechanical
resistance of the system [2]. Therefore, currently a lot of research is being done on how to obtain speed
information without using a hardware instrument or known as a speed sensorless system. The sensorless system
has many advantages, mainly are decreasing maintenance, reducing number of connections, and the cost.

In speed sensorless, the role of the measuring instrument is replaced by an estimator as a soft sensor.
There are two types of estimators here, namely based on the dynamical model and based on the ripple
component. The ripple component based estimator has drawbacks in terms of problems that arise due to
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noise [3]. There are several algorithms regarding the induction motor speed estimator such as Luenberger
observer (LO), sliding mode observer (SMO), artificial neural network (ANN) based observer, model
reference adaptive system (MRAS), and extended Kalman filter (EKF) observer are described in the
literatures [4]-[19]. To overcome the problem of nonlinearity, an EKF is proposed so that the estimation
error can be minimized throughout the speed range. However, the extended Kalman filter in general will be
still optimal if the measurement and the state transition model are both linear. Its estimated covariance matrix
risks becoming inconsistent in the statistical sense without the addition of "stabilizing noise" [20]-[22].

Previously, research has been carried out on the estimation of the speed of an induction motor using
the disturbance observer (DO) algorithm in the simulation which produces better estimation results than
using an extended kalman filter when there is a change in torque [23]. This was done by comparing the root-
mean-square error (RMSE) of the two algorithms when the induction motor was loaded. This paper reports
the experimental results in realizing a real-time estimator for DO-based speed on an induction motor.

2. PROPOSED METHOD

The development of real-time estimators for speed based on DO is made with several steps that must
be carried out. These steps include modeling induction motors, designing estimators based on disturbance
observers, and implementing the real time estimator on an induction motor. The modeling step serves to
obtain a state space model that will be used in building the disturbance observer. The observer's results are in
the form of state variable estimates which will be used to estimate speed. The estimator design is tested in
simulation before being implemented in real time.

2.1. Induction motor modeling

Induction motor modeling can be viewed as a stator reference frame or a rotor reference frame and
the parameters used in the modeling are stator current or rotor current with rotor flux. The induction motor
parameters used are listed in Table 1. The induction motor equation using the stator reference frame can be
expressed as the following fifth-order nonlinear equation [24]:
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where:
R, R, = Stator and rotor resistance

A5, ASs = a-axis rotor and stator flux
A Aps = p-axis rotor and stator flux

Vs, iss = a-axis stator voltage and current
Vis ips = p-axis stator voltage and current
L, Lg, L, = Rotor, stator, and mutual inductance

Wy = Rotor speed
T, = Load torque
P = Number of pole
] = Rotor inertia

The induction motor is a nonlinear plant, with its state-space modeling is being as:
x =A(x)x + Bu (6)
y=C(x (7

where the state vector x € R5*1and the input vector u € R?* is being as.
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Referring to (1)-(5), the matrix A € R5*® is not a constant but is function of the rotor speed and the
rotor/stator fluxes, while B € R5%? is a constant. Both matrices are written as follows:
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Because the measured states are only the stator currents, a matrix C € R?*5 is defined as follows:
1 0 0 0 O
€= [0 100 o] (12)

Table 1. Parameters of the induction motor used

Parameter Symbol Value
Mutual Inductance Lm 0.258 H
Rotor Inductance Lr 0.274 h
Stator Inductance Ls 0.274 H
Rotor Resistance Rr 3.805 Ohm
Stator Resistance Rs 4.850 Ohm
Rotor Inertia J 0.031Kgm?
Number of Pole P 4
Sampling Time Ts 0.0006

2.2. Disturbance observer-based estimator

The DO is a modification of the Luenberger observer with the addition of a state vector d or what is
called a disturbance. The state estimates generated by the disturbance observer are the current, flux, and the
disturbance. Hence, the inputs for DO are the voltage input v and the measured current i. In designing the
estimator for the disturbance observer, the estimated value of «r is influenced by the estimated flux state A
and the estimated disturbance state €. In this paper, the DO algorithm that is supposed to be used is a
modification of the algorithm in [25], and has a scheme as shown in the Figure 1. The disturbance observer
design is carried out after the induction motor modeling is obtained. However, in (8), the matrix A is
nonlinear because there is a value of the speed and the fluxes so that the form of the matrix A is modified to
be linear by adding a new matrix to the induction motor equation is being as:
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The disturbance observer equation is then written is being as:
%] _[A E1[%1, [B 0 k, kylre:
[3] - [0 0 [&] + [0] v [kﬁaa‘] + [k4 0 ] [ed] (16)
where: @, is the flux angular velocity which can be obtained by:
o . ~
2 = ks[lis = ]2 ,]] 17
|is| = ,igts + i[%s (18)
Gl =[5+ 14" (19)
e =1is— 10, (20)
eq =0 A—d (21)

with:
las)Igs = Estimated stator current on the reference axis of
Aors iﬁr = Estimated rotor flux on the reference axis of3

d = Estimated disturbance vector
€, € = Estimated disturbance
@3 = Angular flux speed

In this DO, there are five gains, namely ki, ko, ks, ks, and ks where the values are obtained through
the linear quadratic regulator (LQR) method and the trial-error method. Gains ki, k2, and k4 are gains
obtained from the LQR method. While the gain ks and ks are obtained from the trial and error. In the LQR
method, a matrix of Q € R®*® and R € R*** are needed to find the gain value. The next step is to calculate

w,.. The equation for estimating the value w,. is defined is being as:

where $ is a signum function which is defined is being as:

§= Sign(éaiar + éﬁiﬁ‘r

(22)

(23)
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Figure 1. The basic concept of the proposed DO based-estimator
3. RESEARCH METHOD
The components used in this study are an induction motor as a plant, current sensor to measure the
current coming out of the inverter, speed sensor to measure actual motor speed. A more detailed explanation
as follows:

The 3-phase induction motor used in this study is the A-Y3A series three-phase asynchronous motor from
alliance motor. This motor has a squirrel cage type that has a fan cooling. This A-Y3A series motor
features compact structure, low noise, high efficiency, large torque, and excellent starting performance.
The inverter is used to generate a three-phase voltage which is the input for the induction motor. The
frequency of this three-phase voltage affects the speed of the induction motor. Therefore, to make the
induction motor work at the desired speed (setpoint), the inverter gets a direct current (DC) signal input
whose value is equal to the frequency value which is proportional to the setpoint speed value.

For current measurement used hall effect current sensor H3A-ACDC whose data is sent to Simulink via
data acquisition (DAQ) board. This module is used to read AC current from the inverter to the induction
motor. The current measurement module used has a measurement range of 0.91 A-1.36 A with an
accuracy rate of 97%.

The result of the current measurement becomes the input for the estimator build on Simulink-MATLAB.
In addition, the estimator gets a simulated voltage signal that is generated with a frequency whose value is
the same as the result of the frequency calculation based on the setpoint value used in the inverter.

The speed measurement module uses an infrared (IR) speed sensor HW-201 which is connected to the
Arduino, so that the actual speed value of the induction motor can be known. This measurement data is
used to validate the estimation result of the proposed estimator. The speed measurement module used has
a measurement range of 100-650 RPM with an accuracy rate of 98.3%. The block diagram of the entire
system can be seen on Figure 2, while the setup experiment is shown in Figure 3.
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Speed Sensor Arduino —»
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3 Phase Inverter Induction motor
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Figure 2. Block diagram of the real-time estimator
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Figure 3. Induction motor plant hardware circuit

4. RESULTS AND DISCUSSION

The realtime estimator based on DO carried out at several RPM. The designed estimator was tested
to determine the performance of the estimator. The test was carried out by comparing the average readings
from the speed sensor and the estimator results at steady state conditions. The performance of DO-estimator
is also compared with the estimator based on EKF at the same speed.

4.1. Realtime test results using the disturbance observer estimator

The results of realtime speed estimation using DO for one speed case (i.e. the setpoint value of 350
RPM) are shown in Figure 4. It can be seen that the speed estimator has obtained good results. The estimate
values are almost the same as the measurement value so that the average error value is 0.029% of the
measured speed. The calculation of the error value for another speed is as shown in Table 2. It can estimate
the motor speed value where the error value for all speeds is below of 4%.

Note, that the measurement value is not the same as the setpoint value. This is because there is no
controller that works on this plant so that the speed of the induction motor cannot be made the same as the
setpoint. Thus, the value of the inverter voltage to the motor is not the same as the value of the frequency-
based generation voltage (see Figure 2) which is one of the inputs for the estimator. So this contributes to the
estimation error. However, because the deviations from the setpoints are only below 4%, the generated
voltage signal can be assumed to be close to the actual inverter voltage value.

At steady state, the RMSE value from the estimation results tends to decrease with increasing motor
speed. The smallest RMSE value is 0.979%. While the largest RMSE value is at the motor speed of 242.683
RPM, which is 4.296%. This indicates the lower limit of the motor speed at which the DO estimator is still
able to estimate with the error of about under 4%.

The dynamic response of the DO estimator results in a slight overshoot as a result of the high
observer gain. This high gain is the observer’s way of overcoming the disturbance so that the estimation
results are good. To reach the steady state condition, the estimator takes 0.20 seconds in average. There is a
dead time of about 0.1 second.
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Figure 4. Speed estimate for the setpoint of 350 RPM using DO
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Table 2. RMSE value estimation and measurement using DO

The Setpoint Average Speed Sensor Average Speed Average Error RMSE Steady
value measurement results Estimation Results (%) state (%)
250 242.683 251.783 3.749 4.296
300 290.264 294.375 1.416 1.710
350 339.938 340.038 0.029 0.979
400 387.330 390.098 0.714 1.509
450 431.866 437.629 1.334 1.408

4.2. Comparison of disturbance observer estimator with extended Kalman filter estimator

The following is a comparison of the final results of real-time speed estimation using the DO and
EKF where the estimation graph was obtained at several speed, one of them on the setpoint of 500 RPM as
shown in Figure 5. From this comparison, it can be concluded that the speed estimator using the DO has a
smaller RMSE than one using the EKF. In addition, the initial performance of the EKF estimator appears to
be worse than that of the DO estimator, although the settling time is slightly faster. For another speed, the
RMSE value of both estimators can be seen on Table 3.

At the setpoint speed of 500 RPM, the RMSE value of the DO-based estimator and the EKF-based
estimator is almost the same, which is around 2.5%. From the DO estimator side, this error value is greater
than the error value in the setpoint speed range of 350-450 rpm. So, it can be concluded that there is an upper
limit of the motor speed value where the DO estimator still works with an error below 4%, namely at the
setpoint of 600 RPM.

The speed estimation results from the EKF estimator show that the RMSE value increases as the
motor speed decreases. The lower limit setpoint value where the EKF estimator still produces an estimate
with an error below 4% is at 500 RPM, which is higher than the one of the DO estimators. Meanwhile, the
upper limit of the setpoint speed at which the EKF estimator produces an estimate with an error below 4%
cannot be determined because the speed sensor's measuring range is only up to 650 RPM. Thus, it can be
concluded that the range of estimates of the DO estimator is between 250 RPM-600 RPM, while the
estimated range of the EKF observer is above 500 RPM.

From the point of view of the working range, the DO-based estimator is able to overcome
nonlinearity better than the EKF-based estimator. It is commonly known that the nonlinearity of the motor
will be higher at low-speed operation. While the derivation of the EKF algorithm applies the linearization
method. It is seen in the data of Table 3, the lower the motor speed, the greater the RMSE value of the EKF.
In the DO, the linearization technique is not performed. The nonlinearity aspect is accommodated as a
nuisance so that this makes the DO able to work in a larger range of nonlinearity.
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Figure 5. Comparison of realtime estimator for the setpoint of 500 RPM

Table 3. The RMSE steady value comparation of the DO and the EKF
The Setpoint Value  RMSE of the DO (%) RMSE of the EKF (%)

350 0.979 12.134
400 1.509 7.489
450 1.408 4.984
500 2.449 2.574
550 2.643 1.844
600 4.029 1.084
650 4.458 0.637
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5. CONCLUSION

The induction motor speed estimator based on DO has been successfully applied in real time for low
speed induction motor operation, namely 250 RPM-600 RPM. The estimator can estimate the motor speed
value in real time where the steady-state error value expressed in RMSE for all speeds is below 4%. The
results of the comparison between the DO-based estimator and the EKF-based estimator show that the DO-
based estimator excels in handling errors due to nonlinearity. Based on these results, a speed sensorless
control for the induction motor can be designed using the DO-based estimator for further research.
Furthermore, with the integration with the control system, it is expected that the estimation results are better
than those reported now because the assumptions used in voltage generation are no longer used.
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