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Abstract— This paper presents a speed estimator using 

Reactive power based Model Reference Neural Learning 

Adaptive System (RP-MRNNAS).And the speed estimator 

will be used in sensor less indirect vector controlled 

induction motor drive applications. The Model Reference 

Adaptive System is one of the methods to estimate speed.  It 

estimates speed based on difference between two reactive 

powers obtained from Model Reference Adaptive System. 

The Adaptive system uses neural learning algorithm for 

adaption in reactive power equations. 
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I. INTRODUCTION 

Now a days, induction motors are most widely used in 

industrial applications requiring variable speed. To have 

precision speed control of induction motor drives, accurate 

speed information is necessary. The speed can be obtained 

by measuring techniques such as, speed sensors or light 

encoders. They are normally costly, bulky, and not reliable 

especially under hostile industrial environments. As a result, 

size and cost of the drives will be increased. Therefore, 

sensor less control methods has become popular. Since late 

1980s, many sensor less control methods of induction 

motors have been proposed in which speed is estimated 

accurately, rather than measuring the speed. Normally, the 

speed estimation is carried out using instantaneous values of 

voltage and currents of induction machine model. But it 

suffers from a setback that it is difficult to find the 

instantaneous orientation of the flux vector [1]. 

To overcome this, a large variety of different 

schemes have been used in speed sensor less vector control 

of induction motor. These techniques include Rotor Slot 

Harmonic, Extended Kalman Filter (EKF), Saliency 

Techniques, Extended Luenbergern Observer (ELO), and 

Model Reference Adaptive System (MRAS).MRAS is 

preferred over other methods because of its simplicity [1-4] 

The speed estimation technique based on MRAS 

was first proposed by Schauder [2]. This method has 

become popular speed estimation techniques for both 

transient and steady state conditions of the speed response. 

The MRAS has two models, namely, Reference system and 

Adaptive system. The error between outputs of two models 

is used to drive an adaptation mechanism that estimates the 

rotor speed. Based on output quantity (flux, stator current, 

back EMF, reactive power, etc.), different structures are 

possible .Flux based MRAS is very commonly used in speed 

estimator. The reactive power based MRAS is advantageous 

compared to that based on flux .Because the reactive power 

based MRAS makes the model equations much simpler for 

speed estimation [1-8]. 

Conventional MRAS scheme utilizes PI controller 

as adaption mechanism. But neural networks (NN) with 

nonlinear identification capability and powerful algorithms 

makes NN based MRAS speed estimators more popular. IN 

this paper, the speed estimator is constructed based on 

artificial neural network (ANN) theory (i.e. neural learning 

algorithm as an adaptation mechanism). Hence the name 

Reactive Power based “Model Reference Neural Learning 

Adaptive System (MRNLAS) “speed estimator. In 

MRNLAS based speed estimation, error between reference 

model and neural learning adaptive model is back 

propagated to adjust the weights of neural learning adaptive 

model to estimate the speed of an induction motor drive. 

There are a number of learning algorithms available for 

supervised learning of NN [9-11]. 

II. MODEL REFERENCE NEURAL LEARNING ADAPTIVE 

SYSTEM (MRNLAS) SPEED ESTIMATOR BASED ON REACTIVE 

POWER 

The speed of an induction motor can be estimated using 

reactive power based MRNLAS system as shown in Figure 

1. In this method of speed estimation, the reactive power of 

the induction motor is selected to represent the actual and 

estimated state variables. The reference model and neural 

learning adaptive model evaluates instantaneous reactive 

power (Qref) and steady-state reactive power (Qest) 

respectively. The reference model is independent of stator 

frequency (ωe) whereas the adjustable model depends on 

ωe. The reactive power computed using voltage model 

equations are used as the reference value and the reactive 

power computed using neural representation of current 

model equations are used as estimated value. The difference 

between these state variables is then used by the neural 

learning mechanism (adaptation mechanism) to track the 

actual speed. The learning continues until the performance 

index is met.  The error signal (ξ= Qref– Qest) is back 

propagated to adjust the weight (ωe= Weight) of the neural 

learning adaptive model. The rotor speed (ωr) is then 

evaluated using ωr = ωe– ωsl 

 Where, ωe is stator frequency, ωsl is slip frequency. 

 
Fig. 1: Reactive power based MRAS speed estimator 

The equations that construct the induction motor 

reference model and adaptive model based on reactive 

power are given below. 
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Qref =Vqs*Ids - Iqs*Vds                                                           (2.1) 
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For the indirect field oriented control (IFOC) IM   drive, 

λdr =LmIds  and  λqr =0. Substituting in (2), we get 
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The neural learning algorithm is obtained for the 

model represented by the (2.5). Where W1 is the weight of 

the network and P is a function of currents and induction 

motor parameters. The energy function E, which is 

represented by (2.6) minimizes the difference between 

actual and estimated re-active power. The Back-propagation 

learning rule with momentum is utilized to minimize the 

energy function. The change in weight for the neural 

learning adaptive model is given in  (2.7). The stability of 

the neural learning adaptive system depends on the 

parameters like learning rate (α) and momentum (η). The 

range of learning rate (α) and momentum (η) is between 0 

and 1 for the system to be stable. The learning rate (α) and 

momentum (η).The weight update equations are given in 

(2.8). The estimated stator frequency (ωe) can be obtained 

from updated weight W1 and rotor speed (ωr) is calculated 

using the relation ωr= ωe– ωsl. 

E= 
 

 
(Qref –Qest)

2
    (2.6) 

∆W1 (k) =α(EP)                  (2.7) 

W1 (k) = W1 (k-1) + ∆W1 (k) + η∆W1 (k-1)              (2.8) 

III. SENSOR LESS INDIRECT VECTOR CONTROLLED IM 

DRIVES WITH RP-MRNLAS BASED SPEED ESTIMATOR 

The speed sensor less vector control proposed here is 

indirect field oriented control. The overall block diagram of 

the speed sensor less induction motor drive system using an 

RP-MRNLAS based speed estimator is shown below. It 

consists of a solid state IM drive system, rotor flux oriented 

control, and RP-MRNLAS based speed estimator. 

 
Fig. 2: Sensor-less indirect vector controlled IM drives with 

MRNLAS speed estimator 

The RP-MRNLAS speed estimator used here is as 

explained above. Rotor flux oriented control has a PI speed 

controller, a current controller, and PWM generator.  The 

torque command is produced as a function of the speed error 

signal, normally processed through a PI controller. The 

torque and flux commands are evaluated in the calculation 

block. The FOC block takes speed input from speed 

estimator and makes necessary action. The three phase 

reference current generated from the calculated block is 

compared with the actual currents in the hysteresis band 

current controller and the controller takes the appropriate 

action to generate PWM pulses. The PWM pulses are 

utilized trigger the current source inverter to feed the 

Induction motor. In the above process, transformation of 

currents from three quantities to stationary reference 

quantities is required.  

IV. CONCLUSION 

This paper focuses on a Reactive Power based MRNLAS 

(RP-MRNLAS) for speed estimation in sensor less indirect 

vector controlled induction motor drives. The MRAS speed 

estimation method is used and is based on reactive power 

equations. The proposed speed estimator uses neural 

learning algorithm. The combination of simplified reactive 

power equations and powerful neural learning algorithms 

makes the system more advantageous in sensor less vector 

controlled drives. The proposed   induction motor drive uses 

rotor flux oriented control to drive induction motor. The 

overall sensor less vector controlled drive has more 

advantages compared to other schemes. 
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