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Abstract— Stator and rotor resistance variations occur during normal operation of Induction motors. A small variation will results in mismatch between real rotor flux and estimated rotor flux. This paper presents a new method of on-line estimation for the stator and rotor resistance of the induction motor in the indirect vector controlled drive, using artificial neural networks. The error between the desired state variable of an induction motor and the actual state variable of a neural network model is back propagated to adjust the weights of the neural network model, so that the actual state variable tracks the desired value.
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I. INTRODUCTION

I
ndirect field oriented vector controlled induction motor drives are increasingly used in high performance drive systems. Three phase induction motors are the most prominently used induction motor drives due to their reliability and cost. However, the performance of vector-controlled drive depends on the accuracy of the estimated rotor flux from the measured stator currents. The accuracy of the estimated rotor flux is greatly influenced by the value of the rotor resistance, which is not constant. Rotor resistance may vary due to the rotor heating and recovering this information either with a thermal model or a temperature sensor is difficult. In addition rotor resistance can change significantly with rotor frequency due to skew / proximity effect. The problem related to rotor resistance adaptation has been investigated by various authors [1]-[4].

Neural Networks have the ability to learn, so have become attractive tools for parameter identification. This paper describes an on-line estimation of Rr with online training of Artificial Neural Networks. However the Rr estimation algorithm requires the knowledge of stator resistance Rs that may also vary up to 50% during motor operation. The error in the values of Rs hence leads to errors in Rr estimation. The problem is overcome by adding another on-line estimation for Rs to the system, giving the indirect vector control system, total immunity to both resistance variations. Both of the estimators use on-line training algorithms, so that the convergence problems are minimized. The two-layered neural network based on a back-propagation technique is employed in both the cases, reducing the computation times in real time implementation. Two models of the state-variable estimations are used, one provides the actual induction motor output and the other one gives the neural model output. The total error between the desired and actual state variables is then back propagated as illustrated in Fig. l, to adjust the weights of the neural model, so that the output of this model tracks the actual output. [5]
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Fig -1 Parameter Identification using neural networks
In this paper both on-line stator and rotor resistance estimation techniques are investigated using artificial neural networks. The proposed methods are validated using simulations and the results are presented. Section II describes the dynamic model of the Induction motor. Section III deals with rotor resistance estimation using artificial neural networks. Section IV deals with stator resistance estimation using artificial neural networks. Section V gives simulation results for both the estimators. Section VI concludes the paper.

II. INDUCTION MOTOR MODEL 
The dynamic model corresponding to the T-equivalent circuit of the induction motor is shown in fig 2. The same developed model is used for simulations in the MATLAB/SIMULINK environment.
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Fig -2 Induction Motor T-Equivalent Model

The voltage equations given below are referred to general reference frame. However, the stationary reference frame model is used for simulations. 
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Where, 
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 is the speed of the reference frame, 
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 is the electrical angular speed of the motor shaft, 
[image: image3.wmf]s

V

 the stator voltage, 
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i

 is the stator current and 
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R

is the stator resistance. Similarly subscript r denotes rotor parameters. The stator and rotor flux linkage equations are given as below [6]
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Where Ls, Lr and Lm are stator, rotor and mutual inductances respectively. The stator currents and rotor currents can be solved from the equations (3) and (4). Since the simulations are carried out in the stationary reference frame, the speed of the reference frame is set to zero. [7] The motor parameters used for simulations are given in table -1.

TABLE-1

 PARAMETERS FOR 2.2KW SIX-POLE 150V 50HZ MOTOR
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 Stator resistance Rs





  0.4 Ω

 Rotor resistance Rr






  0.432 Ω

 Magnetizing Inductance Lm


  0.3132 H

 Stator Inductance Ls





  0.03257 H

 Rotor Inductance Lr





  0.03245 H

 Inertia JTOTAL








  0.0088 kgm2

 Friction coefficient B                      0.007788 kgm2/sec

 Rated Speed                                    970 r/min  

 Rated Current
                             
  14 A

  Rated Torque

             


   14 Nm
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The electromagnetic torque developed by the motor is given by
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Where p is the number of pole pairs and the complex conjugate is marked as *.

II. ROTOR RESISTANCE ESTIMATION USING ARTIFICIAL NEURAL NETWORKS

The rotor resistance of an induction motor can be estimated using the neural network system as illustrated in Fig. 3. Two independent observers are used to estimate the rotor flux vectors of the induction motor. Equation (6) based on stator voltages and currents called as voltage model equation and equation (7) is based on stator currents and rotor speed called as current model equations. [8]
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 Fig -3  Structure of neural network system for Rr estimation


[image: image7.wmf]0

0

dr

dsssds

r

qrqsssqs

m

d

vRsLi

L

dt

dvRsLi

L

dt

l

s

ls

éù

êú

é+ù

éùéùéù

=-

êú

êú

êúêúêú

+

ëûëûëû

êú

ëû

êú

ëû

               (6)

               
[image: image8.wmf]m

r

 

L

T

1

1

 

dr

r

drds

r

qrqrqs

r

r

d

i

T

dt

di

T

dt

l

w

l

ll

w

-

-

=+

-

éù

éù

êú

êú

éùéù

êú

êú

êúêú

ëûëû

êú

êú

ëû

ëû





(7)

The discrete current model equations are given as
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where
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Here T is the sampling period, Tr is the rotor time constant, (r is electrical rotor angular velocity, (dr and (qr are d-axis and q-axis rotor fluxes, Ids and Iqs are d-axis and q-axis stator currents and ( is called leakage coefficient.
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The neural model represented by Equation (8) and (9) is shown in fig.4, where W1, W2, W3 represent the weights of the network. If the network shown in fig.4 is used to estimate Rr, W2 is already known and W1 and W3 need to be updated. The weights between neurons, W1and W3 are trained, so as to minimize the energy function E,         
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 The change in weight is given by 
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The weight is updated as follows 
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Where ( is the learning rate and ( is momentum constant.

Similarly the weight change for W3 can be determined as follows
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Where 
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 (16)

The rotor resistance can be calculated from either W1 or W3 from (17) and (18)          
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(17)              
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IV. STATOR RESISTANCE ESTIMATION WITH ARTIFICIALNEURAL NETWORKS

The stator resistance of an induction motor can be estimated using the neural network system as illustrated in fig. 5. Equations (6) and (7) can also be written as [9]
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Fig -5 Structure of neural network system for Rs estimation

The discrete form of Equation (19) is  
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Equation (21) can be represented by a recurrent neural network as shown in fig 6.
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Fig-6 D-axis stator flux estimation using recurrent neural networks

Where 
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The weights W5, W6, and W7 are calculated from the motor parameters, motor speed (r and the sampling interval T. The standard back-propagation learning rule is then employed to train the network. The weight W4 is the result of training so as to minimize the energy function E. 
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The change in weight is given by 
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The weight is updated as follows 
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Similarly the discrete form of Eq (20) is 
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Equation (25) can be represented by a neural network as shown in fig 7.
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The change in weight is given by
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The weight is updated as follows 
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The stator resistance Rs can be calculated from Equation (28)
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V. SIMULATON RESULTS & DISCUSSIONS

The use of artificial neural networks in identification algorithms are verified by simulations with the aid of MATLAB/SIMULINK. In on-line rotor resistance estimation the flux estimation based on voltage model equations is validated as shown in fig.8. For rotor resistance Rr = 0.45 ohms, the pattern in which estimator tracks the actual resistance is as shown in fig.9.  The estimator is then tested for 45% step variation in rotor resistance that is Rr is varied from 0.45 to 0.65. To study the effects of additional practical variations the estimator is tested for 100% ramp variation in rotor resistance from Rr = 0.45 to 0.9. In on-line rotor resistance estimation, the neural network is trained in such a way that the flux obtained from the voltage model tracks the flux obtained from the neural model. The corresponding wave forms validating the statement are shown in figs. 12 and 13 for both d- as well as q-axes.
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In on-line stator resistance estimation the flux estimation based on current model equations is validated as shown in fig.14. For the rated rotor resistance Rs = 0.4 ohms, the pattern in which estimator tracks the actual resistance is as shown in fig.15. The black strip at the initial stage of the plots shows the time taken by the neural network for training. The training of the neural network and the Induction motor starts at the same time. The estimator is then tested for 50% step variation in stator resistance that is Rs is varied from 0.4 to 0.6. To study the effects of additional practical variations, the estimator is tested for 100% ramp variation in stator resistance form Rs = 0.4 to 0.8. In on-line stator resistance estimation, the neural network is trained in such a way that the stator current obtained from the current model tracks the current obtained from the neural model. The corresponding wave forms validating the statement are shown in figs. 18 and 19 for both d- as well as q-axes.

VI.CONCLUSIONS

     This paper has presented a new on-line estimation technique for both stator and rotor resistances using artificial neural networks. Both step and ramp variations in resistances are successfully estimated. From the simulation results obtained, it is observed that the error in estimation is less than 3%. The time taken by the estimator to reach the actual value is less in the case of on-line stator resistance estimation compared to on-line rotor resistance estimation. This is because the stator resistance estimator is in the form of recurrent neural network with feedback element, where as on-line rotor resistance estimator is in the form of artificial neural network. The coefficients used in the training for on-line rotor resistance estimation are η = 0.68 and α = 0.5. The coefficients used in the training for on-line stator resistance estimation are η = 0.69 and α = 0.3. The neural model estimators are updated at a sampling frequency of 10 KHz, so the sampling period for both on-line stator and rotor resistance estimators are T = 0.0001 sec.
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             Fig-12 Tracking of d-axis flux with neural model
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   Fig-11 Rotor resistance estimation for ramp input





   Fig-10 Rotor resistance estimation for step input
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Fig-9 Rotor resistance estimation for resistance Rr = 0.45
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Fig-8 Flux estimation using voltage model equations





Fig-7 Q-axis stator flux estimation using recurrent neural networks
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         Fig-13 Tracking of q-axis flux with neural model
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Fig-14 Flux estimation using current model equations
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Fig-15 Stator resistance estimation for resistance Rs =0.4
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     Fig-16 Stator resistance estimation for step input
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     Fig-17 Stator resistance estimation for ramp input
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     Fig-18 Tracking of d-axis stator current with neural model
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     Fig-19 Tracking of q-axis stator current with neural model
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