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Modeling and Simulation of Position Estimation
of Switched Reluctance Motor with Artificial
Neural Networks
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Abstract—In the present study, position estimation of switched
reluctance motor (SRM) has been achieved on the basis of the
artificial neural networks (ANNs). The ANNs can estimate the rotor
position without using an extra rotor position sensor by measuring
the phase flux linkages and phase currents. Flux linkage-phase
current-rotor position data set and supervised backpropagation
learning algorithm are used in training of the ANN based position
estimator. A 4-phase SRM have been used to verify the accuracy and
feasibility of the proposed position estimator. Simulation results
show that the proposed position estimator gives precise and accurate
position estimations for both under the low and high level reference
speeds of the SRM.
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I. INTRODUCTION

HE switched reluctance motors are simple, low cost, and

robust motors that make them favorable for variable servo
drive applications. However, torque ripple, acoustic noise and
rotor position sensor requirements are the main disadvantages
of the motor [1-2]. Several methods have been introduced to
achieve position sensorless operation of the SRM in the recent
years. The main principle used in the position estimation is the
derivation of rotor position information from the stator circuit
measurements or their derived parameters [3]. These
parameters are mainly stator phase voltages and currents. The
flux linkage is derived from these parameters. Position
estimation is achieved by using flux linkage and phase
current. The various sensorless methods published in the
literature have been extensively classified in the Ref. [4].

The capability of ANNs makes them ideal solution for
estimation of parameters, modeling nonlinear characteristics,
and compensating disturbances and uncertainties in control
systems. Recently, ANN techniques have taken place in real-
time control and modeling applications owing to increase in
microprocessor/microcontroller speed and  capabilities.
Various studies about sensorless parameter estimation and
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control of SRMs using intelligent techniques have been
reported in the literature. Neural networks based sensorless
position estimation of SRMs has been presented in [5-8].
Sensorless position control of SRM based on ANN without
using flux estimator is reported in [9]. Current-flux-rotor
position look-up table based position sensorless operation of
SRM is given in [10]. NN is used to construct the look-up
table in that study. Rotor position estimation of a SRM
involving flux current method using adaptive network fuzzy
inference system (ANFIS) is presented in [11]. An approach
of single neuron PID control for position sensorless switched
reluctance motors (SRM) based on radial basis function NN is
proposed in [12]. ANN and ANFIS based sensorless position
estimation techniques with digital flux linkage calculation are
presented in [13]. Sensorless control of single switch-based
switched reluctance motor drive using neural network has
been implemented in [14-15].

The aim of this study is to develop a position estimator that
can be easily used for the SRM position control applications.
A sensorless position estimation of the SRM has been built on
the basis of ANNs. Position of the SRM is obtained from the
ANN model as a function of the phase current and the flux
linkage. The node numbers of hidden layers have been chosen
as possible as at minimum level. Taking into account the real
applications, a 2-3-3-1 multilayer feedforward NN (MFNN)
structure have been designed in the study to decrease the
process time. As a result, the computational load of processor
has been decreased. Simulation studies have been performed
to present validity and applicability of the proposed position
observer. The obtained results reveal that the developed
position observer gives effective and accurate results.

II. ANN-BASED ROTOR POSITION ESTIMATOR

Modeling and simulation studies performed in this study to
design the position observer are built on the 4 phases, 5.5HP,
1500 rpm, and 8/6 poles SRM given in Fig. 1.

1659



International Journal of Electrical, Electronic and Communication Sciences
ISSN: 2517-9438
Vol:3, No:9, 2009

Fig. 1 Cross section of 8/6 poles SRM

The network structure shown in Fig. 2 is used for
estimating the rotor position by using ANN. The network is
similar to the network model given in [16]. The inputs of the

networks i j and y/; are the phase current and the flux

linkage data are obtained from the non-linear full model of the
SRM [17]. The output of network is the actual rotor position

per phaset9j computed according to the inputs. Hj is the

desired rotor position per phase, while e is the error between
actual and desired rotor position values. The network is
composed of 4 layers: an input layer (P ), two hidden layers
(R,S), and an output layer (T ).

Fig. 2 Architecture of the neural network for modeling of the
inductance and flux linkage

In nodes at the R, S, and T, the output of the nodes is
calculated by using activation function given as follows;

y(x)= exp[— (Hn 1)
(o2

Here, x represents input of the nodes, y represents output of
the nodes related to x, ¢ center of Gaussian function, and o
its width. Feedforward model of the layers can be described as
follows.

A. Feedforward Algorithm

P layer: It is the input layer and the entry of this layer, ij
and y/; are the values of the current and flux linkage data,
respectively. The inputs and the outputs of this layer are
obtained as follows.

X, = {ij,y/j},and Yy, = X,where p=0...P 2

R layer: It is the first hidden layer. The inputs and the
outputs of this layer are obtained as follows.

P
X, =2 Y, W, and y, =Y(X, ) where r =0..R (3)
p=0

S layer: It is the second hidden layer. The inputs and the
outputs of this layer are obtained as follows.

w><
Il
M=

Y, W, andy, =Yy(X;) where s=0..S (4)

s

_(
1l
o

T layer: It is the output layer. The inputs and the outputs of
this layer are obtained as follows.

S
X =D Y, W, and Y, =y(X,) (5)
s=0

While the terms above layers are combined; inductance model
can be expressed as follows,

S r=0 p=0

R s R P
0=y > y(z y[z Yo W, }.wrs J.Ws (6)

The estimated rotor position model is obtained as a result of
the feedforward algorithm. Once the feedforward algorithm
has been completed, the backpropagation learning algorithm is
realized for the optimization of the weights in the network.

B. Backpropogation Learning Algorithm
To describe the online learning algorithm of the ANN using

the supervised gradient decent method, first the energy
function E is chosen as follows [16],

E(k)=%ez(k),wherek:]_,...,K @

K  denotes total number of input-output patterns. Error value
for each pattern,

e(k) = 0, (k) - 6; (k) ®)
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where 6;(k) is the desired value éj(k) actual value.

Accordingly, all the weights in network are adjusted as
follows,

T layer: As no weight is adjusted on this layer, error value in
the network output is backpropagated by making use of chain
rule.

S layer: Weight changes on this layer AW are calculated as
follows,

R layer: Weight changes on this layer Aw,, are calculated
as follows,

61:(%%%m%m%ym

p” = TP P PR P

Aw, =7, - -
“”{ de 0y, 0y, Ox, oY, O%, oW,

rs

P layer: Weight changes on this layer AW"p’r are calculated
as follows,

OE | ( OE oe Oy dy, 0% dy, x, oy, &, | (11)
)T\ e oy oy, ox By, Ox, By, OX, W,

Aw,, = npr[7M7 =

pi

N, M, and 77, are learning coefficients. Weight changes

Aw, Aw,, and Aw,, are obtained as follows,

w, (k +1) = w, (k) + Aw, 12)
W, (k+1) =w, (k) +Aw,, (13)
W, (k+1) =w,, (k) +Aw,, (14)

In the beginning of network training, weight values can be
chosen in relation with previous data or they can be chosen
random as well. In this study, the initial values [0,1] of
weights are given randomly, and these values are limited at
these values during the training. Learning coefficients are also
selected in [0,1] interval.

I11.  SIMULATION RESULTS

Simulation studies have been achieved for testing the
performance of the ANN based position observer described in
the Section Il. Simulation results are given for the low and the
high speed references, 30 rad/s and 150 rad/s, respectively.
The reference current has been fixed as 9 A. The obtained
simulation results have been given in Figs. 3-10. Actual and
desired rotor position graphics under 30-150 rad/s speed

reference is given in Fig. 3. The current and speed graphics
have been given in Fig. 4 and Fig. 5, respectively. Actual and
desired rotor position graphics for the 30 rad/s reference speed
have been given in Fig. 6, and the current waveform at this
situation has been given in Fig. 7. As seen from the figure, the
actual rotor position follows the desired rotor position
precisely. The phase current is 9 A as it is fixed at the
reference stage. Actual and desired rotor position graphics for
the 150 rad/s reference speed have been given in Fig. 8, and
the current waveform at this situation has been given in Fig. 9.
As seen from the figure, the actual rotor position follows the
desired rotor position precisely. Due to increase in the
reference speed, the phase current has decreased. The phase
current is 2.65 A at this operating condition. As seen form the
position graphics, actual positions are following the desired
positions accurately for both the low and the high reference
speeds. There is a slightly difference between actual and
desired positions only at the points of phase current changes.
These changes caused from the phase transient points. Phase
currents are given for the 60° mechanical rotor position (one
pole movement) to show the effect of the phase changes and
the switching angles (Fig. 10). As seen from the figure, the
effect of the each phase is 15°.
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Fig. 8 Actual and desired rotor position for 150 rad/s
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Fig. 10 Phase currents and rotor position
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Fig. 7 Phase current for 30 rad/s
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IV. CONCLUSION

A sensorless position observer has been designed for the
8/6 SRM. ANN based nonlinear model including feedforward
and backpropagation learning algorithms has been constructed
to achieve position estimation of the SRM. Position of the
SRM is obtained from the ANN model as a function of phase
current and flux linkage. The calculation process has been
taken into account to apply the developed model on the real
applications effectively. Simulation studies have been
performed to approve and show capability of the ANN based
sensorless position estimator. The simulation results show that
the developed scheme gives superior position characteristics
of the SRM.
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