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Abstract-- Extended back electromotive force (EEMF) has
been widely used as speed estimation of permanent magnet
synchronous motors (PMSMs) due to its excellent
performance at medium and high speeds. However, at low
speed, EEMF method has low estimation accuracy. Several
sensorless methods have combined EEMF with different
accurate low-speed estimation techniques to attain a
satisfactory estimation performance in the whole speed
range. However, the transition between EEMF and low-speed
estimation methods is a crucial step that requires two
separate speed estimators with different structures. This
leads to increased design complexity. Therefore, in this
paper, a single sensorless full-speed control is proposed using
an artificial neural network (ANN). The proposed ANN
method does not require any transition method compared
with hybrid full-speed sensorless methods. Simulation results
show that proposed ANN can estimate rotor position for full
speed compared with EEMF which estimates the rotor speed
at medium and high speed.

Index Terms— artificial neural network, Extended back
electromotive force, Sensorless methods, PMSM.

I. INTRODUCTION

Permanent magnet synchronous motors (PMSMs) have
replaced induction motors (IM) due to their several
advantages, e.g., high efficiency and prevents losses
during flux generation, high torque, compact size, and
better power density, etc. [1]. In addition, they have been
widely employed in various industrial applications which
can be effectively regulated via a number of control
approaches including model predictive control (MPC) and
field-oriented control (FOC) [2]. However, these
approaches require the rotor position and speed using the
installation of a mechanical encoder or resolver mounted
on the shaft of the rotor. The main disadvantages of the
installation of such sensors are increasing the volume and
the cost, space, and continuous maintenance of motor
drives [3-5]. Therefore, several position sensorless
methods have been implemented over the past three
decades.

The most common estimation method for industrial
applications is based on the extended back electromotive
force (EEMF) which require a simple and fewer
calculation method. EEMF offers accurate position and
speed estimation when the motor operates in the high-
speed region. However, at zero and low speed, the EEMF
method has low estimation accuracy due to the EEMF of
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Fig. 1. Two-level voltage source inverter circuit.

the motor reduces proportionally to the speed of the rotor.

Several senseless methods have been introduced to
overcome this limitation [6-16]. The main natural solution
is to combine EEMF with different accurate estimation
techniques for low-speed in order to attain an estimator
performing well in the whole speed range. In [6], [7], and
[8] have proposed hybrid techniques for sensorless control
in electric motors. In [6], the authors present a method that
uses low-speed estimates provided by indirect flux
detection by online reactance measurement (INFORM)
and combines it with an EMF-based observer. EEMF
techniques integrated with high frequency signal injection
was proposed in [7]. In [8] describes a technique that
combines a current injection method and an EMF
estimator. However, the ability to control the transition
from low speed to high speed without using sensors is a
crucial step in achieving accurate full-speed estimation.
Moreover, traditional full-speed sensorless techniques
require two separate position estimators with different
structures to be used at different speeds. This leads to
increased design and tuning efforts and makes the control
algorithm more complex [17]. The hybrid speed sensorless
control methods lack versatility across different speed
ranges. A more desirable solution for the industry would
be to have a single sensorless control algorithm that can be
used for full-speed control.

Conversely, the use of data-driven methodologies,
particularly artificial neural network-based (ANN)
approaches, is rapidly expanding in the field of power
electronics and drives [18-20]. In this study, a single
sensorless control algorithm for full-speed control is
proposed using ANN. The proposed ANN does not require
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Fig. 2. The block diagram of the EEMF method.
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Fig. 3. The block diagram of the proposed MLNN.

a transition between controls which provides a low
complex system. Simulation findings shows that the
proposed model ANN has a better estimation than EEMF
in low-speed regions. In addition, the proposed ANN can
estimate rotor position for full speed compared with EEMF
which estimates the rotor speed at medium and high speed
only.

Il. EXTENDED BACK ELECTROMOTIVE FORCE

The method based on an EEMF calculates the rotor
position and speed considering the direct proportionality
between the EMF and the rotor speed. Surface-mounted
PMSM is used in this study using a two-level inverter as
shown in Fig 1. Assume that difference between Lq and L,
is small, equation (1) can be expressed as follow
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where egeme IS an extended EMF. When converting
equation (1) from the rotating d-q reference frame to the
estimated stationary frame, the estimated voltage equation
are represented as:
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ey, and es denote the EEMFs measured on stationary
reference frame. The estimated speed using the EEMF
method is represented by @gppmre, While the actual speed of
the rotor is denoted by w, . The extended e, and
esdenote, are estimated through a least order observer. If
the error between the estimated speed @gpyp, and the
actual speed w,., is minimal, the relationship between the
estimated extended EMF and the position error of the
stationary reference frame Bz, can be characterized as
follows.
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The calculated value of gy, from equation (4) is
utilized to estimate the rotor position using a position-
speed estimator. A proportional-Integral (PI) controller is
employed to calculate the estimated speed,w,. By

(4)
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Fig. 4. Input-target data collection: (@) lags (0) Vs (C) Speed.

integrating this estimated value, the position of Gy is
determined. The actual control of the PMSM is performed
using the estimated speed, @gp\r , Which is obtained by
applying a low-pass filter to’w,. A block diagram of the
position and speed estimation algorithm based on the
extended EMF is shown in Fig. 2.

I1l. PROPOSED SENSORLESS SPEED ESTIMATION

A multilayer neural network (MLNN) with Levenberg
Marquardt is used to estimate the full speed for PMSM.
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Fig. 5. Matlab simulation result of optimal epoch.

Fig. 3 shows the block diagram of the proposed MLNN. In
the first step, we collected data from speed control for
PMSM. The input parameters are lgs, lgs, Vs, and Vs in a
stationary reference frame, where the target is the actual
speed (w,.). The data is taken for different ranges of speed
in order to cover all the operational conditions. The data is
collected under low, medium and high speed with different
Vdgs Voltages and lqqs current in stationary reference frame
s as illustrated in Fig 4.

Then, using MATLAB software, the collected data is split
into training, validation and testing, and MLNN
parameters are initialized such as the activation function is
the sigmoid function and linear function for hidden and
output layer, respectively, the hidden neuron is set to 17
and only one hidden layer is used as shown in Table I. The
training of proposed MLNN is done offline to avoid the
large computation time for the training process. The

TABLE I. ANN PARAMETERS

MLNN method Value
Number of input 4
Number of layer in hidden 1

layer

Number of neuron in hidden 17

layer

Number of output 1
Active function of hidden . .

| Sigmoid
ayer

Active function of output purelin
layer

Training algorithm Trainlm
Number of iterations 1000
Training percentage 70%
Validation percentage 15%
Testing percentage 15%
Normalization method Minmax
Metrix evaluation Mean square error
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Fig. 6. Matlab simulation results of correlation coefficient for training, validation, testing and overall performance.

Levenberg Marquardt is used due to its fast convergence,
high accuracy, and required low number of iterations. Fig.
5 shows the iteration that has the best performance was 668
with gradient and mutation value.

The proposed methods show high performance with a
correlation coefficient of above 0.99 for all training,
validation, and testing sets as shown in Fig 6. In detail, the
correlation coefficient for training, validation, and testing
were 0.9971, 0.9970, and 0.9967, respectively. The overall
correlation coefficient was 0.9970.
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Fig. 7. Matlab simulation result for speed estimation using
MLNN.

Once the MLNN can predict the actual speed accurately, a
simple mathematical equation of MLNN is used in real-
time without the computation complexity of the training
algorithm which provides a fast estimation response. The
optimal weight and bias are extracted and it multiplies with
inputs and activation functions. The outcome of the
multiplication is the speed. The position of G,yy Iis
obtained by integrating speed estimation.

IV. SIMULATION RESULTS

The simulation results were done using PSIM and
Matlab software. Table Il lists the parameters of the
PMSM used in this simulation. Fig 7. shows the speed ref
and speed estimation using MLNN under different speed
regions including low, medium and high speed. The result
shows that the speed estimation by MLNN follow exactly
the speed ref at sharp variation of speed value which prove
the robustness of the proposed method. However, there is
slight different between the speed ref and speed estimation
at some value which could be solve using including large
training dataset. Once the MLNN can predict the actual
speed accurately using Matlab software, a simple
mathematical equation of MLNN is used in PSIM without
the computation complexity of the training algorithm
which provides a fast estimation response. Fig 8a
compares the estimated position and speed obtained
through the use of an EEMF technique and an MLNN
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Fig. 8. PSIM simulation result for position and speed estimation using EEMF and MLNN: (a) low-medium regions (b) low to high speed

ns

approach during low to medium and low to high speed,
respectively. PMSM is controlled using information from
a sensor to determine the rotor's position. The speed of the
PMSM was gradually increased starting from 0 rpm. From
Fig 8a, it can be seen that the EEMF has poor speed and
position estimation during low-speed operation. On the
other hand, MLNN method demonstrates superior
accuracy in estimating both position and speed due to the
ability of ANN methods to effectively capture nonlinear
characteristics. Simulation results of rotor position
estimation at low to high speeds are presented in Figs 8b.
The results reveal the estimation accuracy of the EEMF-
based method during medium-speed operation when the
speed is raised from 500 rpm. The EEMF method
maintains stable performance when the rotor speed and
EMF are high. Additionally, the MLNN method is capable
of estimating the rotor position at medium and high speeds,
however, the EEMF method shows a better performance
compared to the MLNN. According to Fig 9, there are two
full-speed regions: 0 to 700 and 700 to 1400 rpm. The
result indicates that the EEMF Method struggles to
estimate speed and position accurately in the range of 0 to
350 rpm. This difficulty arises from the proportional
reduction in the ability to estimate the EEMF of the motor
with decreasing rotor speed. On the other hand, the MLNN
exhibits superior performance at low speeds. This
advantage is attributed to the MLNN's learning process,
which involves training MLNN using actual speed,
current, and voltage values in a stationary state.
Consequently, the MLNN does not rely heavily on the
proportionate effect of the EEMF value. Conversely, the
EEMF method demonstrates better performance than
MLNN during medium and high speeds. However, there is
room for further improvement in this range, which could
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TABLE Il
SIMULATION PARAMETERS
Parameters Value
DC-link voltage (V) 600V
Rated Power 5kw
Pole (P) 8
Inertia (J) 0.00666Kg-m?
d-axis inductance (Lg) 0.00729H
g-axis inductance (Lg) 0.00725H
Stator resistance (R) 0.158Q
Magnetic flux linkage (¢r) 0.264Wb
Rated speed 1750rpm
Sampling time (Tsamp) 100us

be achieved by implementing a larger training dataset or
applying advanced machine learning techniques.

V. CONCLUSIONS

A single sensorless control method for full-speed control
is proposed using ANN. The proposed ANN method does
not require any transition method compared with the
hybrid method. Simulation results show that the proposed
ANN can estimate rotor position for full speed compared
with EEMF which estimates the rotor speed at medium and
high speed only.
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Fig. 9. PSIM simulation result for position and speed estimation using EEMF and MLNN for full speed regions.
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