
Advances in Natural and Applied Sciences, 9(12) August 2015, Pages: 25-31 

 

AENSI Journals 

 

Advances in Natural and Applied Sciences 

 
 

ISSN:1995-0772    EISSN: 1998-1090 

Journal home page: www.aensiweb.com/ANAS 

 

 
   

Corresponding Author: K. Kasi Rajan, Electrical and Electronics Engineering Department, Einstein College of  

Engineering, Tirunelveli, Tamilnadu 627012, India 

Performance Analysis of Rotor Position Estimation of SRM Using Artificial Neural 

Network Techniques 
 
1K. Kasi Rajan and 2P. Latha 
 

1Electrical and Electronics Engineering Department, Einstein College of Engineering, Tirunelveli, Tamilnadu 627012, India 
2Computer Science Engineering, Department, Government College of Engineering, Tirunelveli, Tamilnadu 627007, India 

 

A R T I C L E  I N F O   A B S T R A C T  

Article history: 

Received 23 July 2015  
Accepted 28 August 2015  

Available online 25 September 2015 

 
Keywords: 

Switched Reluctance Motor, Artificial 

Neural Network, sensorless, prediction 
accuracy. 

 This paper presents the estimation of rotor position in Switched Reluctance 

motor(SRM) with the help of sensorless technique by using Artificial Neural 
Network(ANN) implementation. The efficient operation of SRM requires accurate rotor 

position information. This requires the study of magnetic characteristics of SRM. The 

magnetic characteristic is nonlinear in nature. Hence a nonlinear tool is required to 
analyze the characteristic. Stator current and stator flux linkages of SRM are given as 

inputs to the ANN and it estimates the rotor position. The performance of the rotor 

position estimation is analysed by mean average error(mae), mean square error(mse), 
mean square error regression(msereg) and prediction accuracy are calculated. By 

changing the training algorithms the performance are compared and the effectiveness of 

the ANN is proposed. 
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INTRODUCTION 

 

 SRM is a singly excited, doubly salient electrical 

machine. It has windings in the stator and no winding 

or no permanent magnet in the rotor. The working of 

the SRM is based on switched reluctance principle. 

Switched reluctance is obtained by power electronic 

converters by knowing the rotor position 

information. This information is retreived by using 

rotor position sensors. But the usage of sensors has 

demerits such as high cost, electrical and mechanical 

loose connections and deposition of dust paricles 

over the sensors. This may affect the performance of 

the sensor as well as the SRM. Previously this 

problem is addressed with the help of analytical, 

numerical and soft computing techniques. This paper 

addresses the one of the soft computing technique 

such as Artificial Neural Network (ANN). 

 T.J.E. Miller and M.Mc Gilp(1990) proposed a 

method to detect the rotor position of SRM by an 

analytical method. This is a nonlinear methodology. 

Also this paper addresses the demerits of piecewise 

linear method. The method proposed by T.J.E. Miller 

and M.Mc Gilp(1990) is cubic spline method. 

Torrey.D.A and Lang.J.H (1990) described a method 

to analyze the nonlinear characteristics of SRM. It is 

an analytical method. But the method used is more 

number of complex mathematical equations. 

Guo.H.J. et al (2001) proposed a novel sensorless 

method to analyze the SRM. This method is 

analyzing the nonlinear characteristics of SRM. The 

method is complex in nature. Duck-Shick Shin et al. 

(2005) proposed a sensorless technique based on 

search coil method. It requires strong search coils. In 

this method more vibrations are produced in the 

machine which affect the performance. Liviu E. 

Somesan et al. (2013) proposed two analytical 

methods to analyze the SRM. In the first method, 

aligned and unaligned rotor positions are considered 

for magnetic analysis. This method is very 

straightforward but not precise. The second method 

considers aligned, unaligned and average rotor 

positions for magnetic analysis. This method is more 

exact but more composite than the first one. Peniak 

et al (2014) proposed a nonlinear mapping of torque-

fluxlinkage-current and inductance-fluxlinkage-

current characteristics. In this method power, losses 

and torque are optimized. In this paper nonlinear 

mapping is not evidently addressed. Direct torque 

control based SRM is proposed by Srinivas.P and 

Prasad.P.V.N (2014). They compared the direct 

torque control with FEA method. FEA has more 

complex in nature. Erken Mese and David A. Torrey 

(2002) proposed a neural network based estimation 

of rotor position by analysing magnetic 

characteristics of SRM. They have used the phase 

commutation angles and estimation commutation 

angles for phase detection. The method has less 

accuracy. Estislao Echenique et al (2009) proposed a 

signal processing based sensorless technique used to 
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control switched reluctance wind generator. This 

method is different from classic sensorless 

techniques, since the neural network is simple in this 

case. The processing effort is generated by LMS 

algorithm. But the method is not suitable for single 

pulse control. Paramasivam.S et al (2007) proposed a 

real time implementation of rotor position estimation 

of SRM. They have compared the ANFIS with ANN. 

The prediction accuracy obtained by the paper is low. 

Bal.G and Uygun.D (2010) proposed a novel U-type 

segmental rotor pair design for SRM to improve the 

performance characteristics of SRM. This SRM is 

well suited for high torque and weight constrained 

applications such as automobiles, aerospace and 

military applications. Moreover commutation 

switching and eddy current losses in the laminations 

are minimized. Ding.W et al (2015) proposed a novel 

three phase hybrid magnetic paths SRM using 

modular and segmental structures for EV 

applications. They proved that double coil Modular 

SRM has better characteristics as higher torque 

production, lower torque ripple, lower cost and fault 

tolerance. Mecrow.B.C et al (2004) proposed two 

designs for segmental rotors in SRM. One machine 

has windings span a number of teeth and the second 

one has windings span a single tooth. These two 

designs are compared with conventional machine and 

with rare earth permanent magnet machine of same 

rating. Widmer.J.D. et al (2013) proposed a design to 

maximize the efficiency. Also obtain a 

computationally efficient speed torque envelope. 

Widmer.J.D. and Mecrow.B (2013) proposed a 

optimized model to produce more torque by linking 

more magnetic flux. The tooth and segment options 

are varied to maximize the torque capability. 

However the above said problems are eliminated in 

the present work. In the present work ANN based 

rotor position estimation has been presented. Section 

two presents the SRM details used in this paper. 

Section three explains the ANN structure, training 

and learning algorithms used for the ANN. Section 

five explains the proposed method. Results and 

discussion are made in the section five. Finally the 

conclusion is given in section six. 

 

Switched Reluctance Motor: 

 Switched reluctance motor has six stator poles 

and four rotor poles. The stator has winding and rotor 

has no windings. There are three phase windings are 

present in the stator. The basic working principle of 

the SRM is switched reluctance principle. The rotor 

moves from aligned position to unaligned position. 

The aligned rotor position has low airgap and has 

low reluctance. But the unaligned position has large 

airgap and hence large reluctance. Due to the 

saturation of magnetic poles the SRM has nonlinear 

magnetic characteristics. The magnetic characteristic 

is drawn between flux linkage versus current for 

various rotor positions. The mapping of this 

magnetic characteristic is very essential since the 

switching of phases from one phase to other is done 

by knowing the rotor position only. Due to the 

nonlinearity of SRM magnetic characteristic, it is 

very difficult to write accurate mathematical relation 

between flux linkage and current. Moreover the 

sensor has certain limitations like high cost, occupies 

more area, electrical and mechanical loose 

connection. So a nonlinear problem solving method 

is essential to solve the above problems. ANN is one 

of the best methods to solve such nonlinear 

problems. Hence ANN is taken for this present work. 

SRM specifications are given in Table 1. 

 
Table 1: SRM Specifications. 

Parameters Values 

Number of stator poles 6 

Number of rotor poles 4 

Speed(RPM) 1250 

Rotor pole arc 32° 

Stator pole arc 29° 

 

𝑣 = I ∗ R +
𝑑∅

dt
                                         (1) 

𝜓 = ʃ(𝑣 − 𝑖 ∗ 𝑅)𝑑𝑡                                        (2) 

𝑣 - supply voltage, I - current in the stator winding, R 

- Resistane of stator winding,  - flux, 𝜓 - flux 

linkages. 

 

Limitations of sensors: 

 SRM sensors has limitations such as 

 Accuracy increases cost 

 Occupies certain area 

 Electrical and mechanical loose connections 

 Deposition of dust particles over sensor. 

 

 

 

Artificial Neural Network: 

 The Neural networks are used to imitate the 

human behavior. It has the capability to adjust its 

weight function there by changing any situation and 

its surroundings. ANN has the ability to learn and 

predict the expected output. It can learn by providing 

proper learning algorithms. Feed forward neural 

network is used in this work and back propogation 

learning is adapted to predict the output. Various 

training algorithms are used to obtain results and a 

comparison among the algorithms is made. In the 

feed forward neural network, current and flux 

linkages are given as inputs and rotor position is 

getting as output. Feed forward network is a 

supervised neural network. Since error can be 

calculated from the target and the predicted output by 
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the network. Based on the error information the 

network is trained and tested. In this work the 

training and testing data are stored in Excel sheet. 

There are 240 data are given as training data and 

another 240 data are given as testing data. The feed 

forward network has only forward flow of 

information. There is no feed back. One of the most 

important types of feed forward network is the back 

propagation network. This method is a well 

organised method for varying the weights in a feed 

forward manner.  

 

Back propagation algorithm: 

 Back propagation algorithm is an efficient 

learning algorithm used in ANN. The back 

propagation of error and weight alteration is done in 

this technique to predict the output. Hence it is an 

efficient method. This method uses differentiable 

activation function for learning the training data. The 

error calculated by this method is optimized by 

generalized delta rule. The neural network has one 

input layer, any number of hidden layers and one 

output layer. The numbers of hidden layers are varied 

based on the applications. If the number of hidden 

layers are more then the complexity increases and 

convergence speed also decreases. In the present 

work two hidden layers are used for obtaining better 

results. 

 

Proposed Work: 

 The rotor position estimation can be done by 

sensors and sensorless techniques. In this paper 

sensorless technique is proposed. In sensorless 

techniques analytical, numerical and soft computing 

techniques can be used. In the present work Artificial 

Neural networks based rotor position estimation is 

addressed. The estimation of rotor position requires 

mapping of magnetic characteristics. The magnetic 

characteristic is drawn between current and flux 

linkages for various rotor positions. The current and 

flux linkage values are given as inputs to train the 

neural network. The training data are stored in Excel 

sheet. There are 240 data used for training the neural 

network. Another 240 data are used to test the 

network. The network estimates the rotor position. 

The error between the target and the estimated rotor 

position is calculated. The block diagram for the 

proposed method is shown in Figure 2. The training 

algorithms such as Resilient Back propagation, 

BFGS Quasi Newton, Bayesian Regulation and 

Levenberg Marquardt algorithms are used for the 

performance analysis of rotor position estimation of 

SRM in this paper. 

 

Resilient Back propagation: 

 This process uses sigmoid transfer functions in 

the hidden layers. It can able to wrapping an endless 

input range in to a fixed output range. So these 

functions are called squashing transfer functions. It is 

capable to remove the small slopes at the extreme 

ends. The direction of the weight update is 

determined by the sign change of the derivative of 

the transfer function, but the magnitude has no result 

on the weight updation. This process is faster than 

steepest descent algorithms. It needs only moderate 

growth in the memory needs. The weight update 

value for each weight and bias is increased by a 

factor delt_inc on every occasion the derivative of 

the performance usefulness with respect to that 

weight has the identical sign for two consecutive 

iterations. If the derivative is zero, then the updation 

value remains same. Whenever the weights are 

oscillating the weight change will be reduced. If the 

weight continues to change in the same direction for 

several iterations, then the magnitude of the weight 

change will be increased. 

 

 
 

Fig. 1: Artificial Neural Network Structure. 

 

BFGS Quasi Newton: 

 This algorithm is constructed on Newton’s 

method. But it doesn’t involve second order 

derivatives. They modernize an rough Hessian matrix 

at each iteration.  

 This algorithm needs more caculation in each 

iteration and more storage than the conjugate 

gradient methods, though it converges in less 

iteration. For smaller networks this can be well 

organized training algorithm. For very bulky 

networks it may be enhanced to use one of the 

conjugate gradient algorithms.  

Bayesian Regulation: 

 This algorithm affords a degree of how many 

network parameters(weights and biases) are 

effectually used by the network. This process works 

finest when the network inputs and targets are scaled 

so that they fall nearly in the range (-1,1). The 

algorithm has congregated if the sum squared error 

and sum squared weights are relatively same over 

some iterations. The optimization of this algorithm 

needs calculation of Hessian matrix at the minimum 

point. When the actual number of parameters is close 

to the total number of factors, that is the network is 

not huge enough to fit the data. 
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Levenberg Marquardt: 

 The performance factors for this process are 

epochs, show, goal, time, min grad, max_fail, mu, 

mu_dec, mu_inc, mu_max and mem_reduc. The 

parameter ‘mu’ is multiplied by mu_dec whenever 

the performance function is reduced by a step. The 

parameter ‘mu’ is multiplied by ‘mu_inc’ whenever a 

step would increase the performance function. If 

‘mu’ becomes larger than ‘mu_max’, the algorithm is 

terminated. The factor is used to regulate the volume 

of memory used by the process. This process seems 

to be the firmest method for training adequate sized 

feed forward neural networks. The fortress of the 

training algorithm be influenced on many aspects 

such as including the difficulty of the problem, the 

number of data points in the training set, the number 

of weights and biases in the network and the error 

goal.This algorithm is firmest upto few hundred 

weights. The quasi Newton methods are the next 

firmest process on networks of moderate size. BFGS 

needs storage of nearly Hessian matrix but generally 

faster than conjugate gradient algorithms. 

 

RESULTS AND DISCUSSION 

 

 Feed forward neural network is formed in 

Matlab programming. It uses back propagation 

learning algorithm to estimate the output. It has one 

input layer, one output layer and any number of 

hidden layers. The neural network is trained by 

various training algortims such as BFGS Quasi 

Newton, Bayesian Regulation, Resilient back 

propagation and Levenberg Marquardt algorithms. 

The performance parameters such as mae, 

mse,msereg and prediction accuracy are calculated 

and the results are compared among them. Prediction 

accuracy is calculated by the ratio of correctly 

predicted data to the total number of input data. 

Prediction accuracy calculation requires the error 

information. The error is calculated between the 

target and the predicted value. The error greater than 

three degrees is considered for the analysis. Fig. 3. 

gives the error information for Bayesian 

Regularisation algorithm. In this algorithm the error 

variation is between three to minus one. BFGS Quasi 

Newton algorithm error curve is shown in Fig. 4. In 

this graph the error deviation is low in the middle 

region and high at both starting, end regions. The 

error curve for Levenberg Marquardt algorithm is 

shown in Fig. 5. 

 

 
 

Fig. 3: Error Curve for Bayesian Regularisation algorithm. 

 

 The error variation is high at the starting stage 

and low in the middle region. Fig. 6. shows the error 

curve for Resilient Back propagation algorithm. In 

this graph large error deviation at the starting and in 

the middle the error variation is low.  

 Quasi Newton, Bayesian Regulation, Resilient 

Back propagation and Levenberg Marquardt 

algorithms. Bayesian Regulation algorithm has the 

highest prediction accuracy and its value is 99.58%. 

Resilient Back propagation algorithm has lowest 

prediction accuracy among them. Its value is 

94.58%. BFGS Quasi Newton and Levenberg 

Marquardt. algorithms have same prediction 

accuracy of 98.33%. Table 3 shows the error values 

for various algorithms. The Bayesian Regulation 

algorithm has largest epochs to obtain the said 

prediction accuracy and low error values. It has the 

least mse value of 0.2. Resilient Back propagation 

has the highest mse value of 2.0521. Levenberg 

Marquardt algorithm takes 20 epochs to reach the 

prediction accuracy of 98.33% and mae value of 

0.702 and msereg value is 0.8363. 
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Fig. 4: Error Curve for BFGS Quasi Newton algorithm. 

 

 
 

Fig. 5: Error Curve for Levenberg Marquardt algorithm 

 

 
 

Fig. 6: Error curve for Resilient Back propagation algorithm 
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Table 2: Prediction accuracy comparison between various training algorithms. 

Algorithm No. of data correctly predicted No. of data wrongly 

predicted 

Prediction accuracy 

BFGS Quasi Newton 236 4 98.33 

Bayesian Regulation 239 1 99.58 

Resilient Back propagation 227 13 94.58 

Levenberg Marquardt 236 4 98.33 

 
Table 3: Comparison between various ANN training algorithms. 

Algorithm Mae mse msereg epochs 

BFGS Quasi Newton 0.5906 0.6467 0.5820 119 

Bayesian Regulation 0.2936 0.2 0.18 316 

Resilient Back propagation 1.0929 2.0521 1.8469 96 

Levenberg Marquardt 0.702 0.9293 0.8363 20 

 

 Table 2 shows the comparison between various 

training algorithms. The training algorithms used for 

comparison are BFGS 

 

Conclusion: 

 The rotor position is estimated by using ANN. 

The prediction accuracy, mae, mse and msereg 

values are calculated and compared for various 

training algorithms. Levenberg Marquardt training 

algorithm gives prediction accuracy of 98.33% 

within 20 epochs. But Bayesian Regulation algorithm 

takes 316 epochs to give prediction accuracy of 

99.58%. Hence the usage of sensors can be 

eliminated by using ANN based rotor position 

estimation for SRM. The prediction accuracy is 

calculated based on considering the error value of 

three degrees. In future the error value can be 

considered as one degree for high precision 

applications. ASIC chip can be used for real time 

application for implementing the ANN structures. 
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