International Journal of Power Electronicsand Drive System (IJPEDS)
Vol.1, No.1, September 2011, pp. 58~64
ISSN: 2088-8694 a8 58

RNN Based Rotor Flux and Speed Estimation of I nduction M otor

Bambang Purwahyudi*?, Soebagio®, and M. Ashari®
Ynstitut Teknologi Sepuluh Nopember Surabaya
Kampus Keputih, Sukolilo, Surabaya
Universitas Bhayangkara Surabaya
JI. A. Yani 114, Wonocolo, Surabaya
e-mail: bmb_pur@yahoo.com

Abstract
Speed control of induction motor can be obtainedlbged loop system which require speed sensoedSpe

sensor system is less effective for wide planesysbecause the sensor location is too far fromntlaé control
system and measurement result is less accurate. gdper presents the development of speed sersdidds
oriented control (FOC) of induction motor by usitig rotor flux and speed observers. The observelysrequired
the stator voltage and current of induction motwobtain the rotor flux and speed estimation. Theeovers based
on recurrent neural network (RNN) methods are in@eted. Finally, the effectiveness of the propaesethod is
verified by simulation. Simulation results showttfRNN observer can produce well the rotor flux aspked
estimation. MSE values of the rotor flux estimataoe between 0.000087 and 0.000264, whereas M&ies/af
the speed estimation are between 43.0552 and 188.07
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1. Introduction

Recently, induction motors are the most used étattmotor in industries since they are simply in
construction, reliable, flexible, inexpensive, higfficiency and free maintenance [1]. However, thduction
motors have disadvantage of difficulty in maintamia constant speed when the load changes. Bygsitad
induction motor speed regulation is rather difficidut after the field oriented control (FOC) orcte control
method is found, this problem can be solved. FOGhate of induction motor is widely recognized ancdmes
popular amongst the speed control technique. Thierenany methods proposed in this field [2,3]. F®@ field
regulation method of ac motor by changing couphestesn to decoupled system. By this method, exoitaéind
load current can be separately controlled; henocedhd torque also can be separately controlled ds motor. In
industrial application, the induction motor is reqd to operate in various speeds. These varigideds can be
obtained by using closed loop system which requpeed sensor. However, the speed sensor has aigade in
terms of less accurate measurement result if theosdocation is too far from the main control systfor wide
plant, therefore speed sensor system is less igdor this plant system [1,4-9].

Speed sensorless control methods of induction meimg speed estimation to replace speed sensor ha
been developed since 1980. With this method, tHadtion motor speed is estimated from instantanealige of
stator voltage and current. Recently, the othehou approach such as model reference adaptivensyMRAS),
extended Kalman filter (EKF) algorithm, etc., arkeeady applied to achieve the accurate and robpseds
estimation performance [2-9]. However, an inductioator is a nonlinear dynamic plant type and itsapzeter
depends on time and condition of operation. Theesfb is very difficult to achieve good performanfor overall
scale speed and transient condition using previtethods.

To solve this constraint, the artificial intelligetechniques, such as fuzzy logic control, neustivork (NN) are
very promising for the identification and contrdl monlinear dynamical systems. These methods anerfol to

achieve a desired wide margin of nonlinear fundiovithout requirement to acknowledge the internatem
behavior. In case of artificial neural network, rindiave been several investigations of NN appbeoatito power
electronics and ac drives [4,6-9]. In this papéseyver using recurrent neural network (RNN) metisadtilized to
estimate the speed of induction motor accordinthéospeed reference. Basically, the RNN methodmiias to

feed-forward neural network except the fact thalytbontain feedback loops around their neurons. féadback
loops also contain unit delay operators (z-1) [B)}.this approach, RNN can approximate dynamic tirgutput
mappings either linear or nonlinear.

2. Research Method
2.1. Induction Motor Model

Dynamic model of a three phase induction motortalescribed by d-q coordinate system in stateespac
equation form as [5]
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Electromagnetic torqud € can be obtained by equation (2) as

Te=2 M ica-Argicq)
=——— leq — i 2
2oL, Vrd'sa”d'sd @
Rotor speed as function load torque and electroetagtorque can be expreesed as
j dey
- +K =Te-T 3
o dt g =le~ I 3
where,
Kg = friction constant (kg.ffs)
J = inertia moment (kg.t
w = rotor speed (rad/s)

2.2. Field Oriented Control Strategy

Field Oriented Control (FOC) is a field regulatiarethod of ac motor by changing coupled system to
decoupled system. This system refer to inductiotommodel by separating between currggt and current jg*
through a coordinate transform. By this approaltix, &nd torque of induction motor can be separatedlinduction
motor can be operated as in dc motor. Block diagraimduction motor by regulation of field and targjcurrent is
shown in Figure 1.
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Figure 1. Speed Control of Induction Motor Drives
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2.3. Recurrent Neural Network

Recurrent neural network (RNN) is similar to feetvward neural network (FNN), however RNN consist
of feedback loop around neuron. Feedback loop @dswist of unit delay operator{z[9,10]. By this approach,
RNN can approximate dynamic input output mappintigelinear or nonlinear.

One of popular RNN structure was introduced by Firaad called Simple Recurrent Network (SRN). The
architecture is shown in Figure 2.a. Input layecadled recurrent or context neuron and carry ativation of
hidden layer from previous time step through urdtagt operator. Other popular structures are matliE#man
structure (Figure 2.b), Jordan structure (Figucd @nd Bengio structure (Figure 2.d) [10].

@) (© (d)

Figure 2. RNN Structures

Learning term of artificiaheural networkis regulation process of weights connection betwaedes by
particular method, so that obtained desired weidlgarning process must be performed to guaraheeutput of
neural network according to desired output (targétyonnection weights are not able to producedrddsoutput,
weights will be regulated by particular method thgb continuous training. By this way, weights wikve new
composition and better. By this new weight compaosit different between neural network output andireel
output will be small. Hence, the output of neuratwork will be equal with desired output. After nelunetwork is
trained, the neural network is ready to be validated used. Validating process is said successtuifah network
can receive input and obtain output according tputtarget.

Based on providing of input and output data, leagninethod of neural network has two types: supedvis
learning and unsupervised learning. One of pomuaervised learning methods is back-propagation.

2.4. Modeling of RNN Observer

The block diagram of model system is shown in FégBr The observer is used to estimate the rotar flu
and speed of induction motor. The observer inpotg require the stator voltage and current. Theppsed method
observer is recurrent neural network (RNN).

RNN observer is used to estimate the speed of trmtumotor contain of rotor flux observer and rotor
speed observer. The observer is based on dynamatien of induction motor for following the industi motor
behavior. RNN observer is learned by using datefireduction motor model such as stator voltagerenirvoltage
and rotor speed. By this way, the observer cammesti the rotor flux and speed of induction motdre Tearning
process of the RNN observer is shown in Figure 4.

The configuration of the observers after completadnlearning process to estimate the rotor speed of
induction motor is provided in Figure 5. The roflox observer inputs are the stator voltage anderity whereas its
output is rotor flux estimation. The speed obsemput are stator current and rotor flux estimatitom rotor flux
observer, whereas its output is rotor speed estmat

RNN observer is begun with composing of RNN araiitee which is considered complexity such as the
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number of hidden layers and the number of neunorgdden layers. In the learning process, the nurobhidden
layer will be added if the learning error is stdtger than target error. The numbers of input antput data for
training process are taken from induction motor elo@he number of neurons in every hidden layeniimg rate,
maximum error, and maximum epochs are respecti@lgeurons, 0.5, 0.001, and 1000 epoch. Learngmyithm

uses back-propagation.
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Figure 5. Diagram Block of RNN Observer

RNN Based Rotor Flux and Speed Estimation of Inoludfotor (Bambang Purwahyudi)



ISSN: 2088-8694

B

62

5. Resultsand Analysis

The efectiveness of proposed method is verifeddiygusimulation. Simulation is performed by compgri
the results of the rotor flux and rotor speed frimhuction motor model with the rotor flux and spesstimation
from RNN observer. Quality of estimation resultg atetermined by mean square error (MSE). MSE can be
calculated by equation (4).

n

1
MSE==3"(y, - y;)’ (4)

i=1

where,n, y;, andy’; are respectively number of data, actual valueseatichation values.

The induction motor parameters are as follows:drateitage of 115V, 2 poles, 60Hz, stator resistaoic&7a,
rotor resistance of 19R stator inductance of 3.79H, rotor inductance .88, mutual inductance of 3.21H, inertia
moment of 10.58 Kg.n?, and friction coefficient of 1.98Kg.nf/s.

The simulation results are sequentially presentedrigure 6-9. Figure 6 and 8 shows the rotor flux
estimation from RNN observer and rotor flux actfrain induction motor model for speeds of 250 rprd 4250
rpm, respectively. In these results, RNN rotor ftupserver can produce rotor flux estimation acewydo rotor flux
from induction motor model. MSE value of the rofarx estimation for speeds of 250 rpm and 1250 i
respectively 0.000141 and 0.000087.

Figure 7 and 9 shows the speed estimation of imuchotor from RNN speed observer and speed actual
from induction motor model under speeds of 250 gd 1250 rpm, respectively. RNN speed observeratsm
produce the speed estimation of induction motopating to speed of induction motor model. MSE vaddighe
speed estimation for speeds of 250 rpm and 1250Carpmespectively 43.0552 and 156.0798.

Table 1 show calculation result of the MSE valumsrbtor flux and speed estimation from RNN observe
under different speed conditions. MSE values ofrtier flux estimation are between 0.000087 an@@264 when
speed of 1250 rpm and speed of 500 rpm. MSE valtiise speed estimation are between 43.0552 and13%
when speed of 250 rpm and speed of 1250 rpm.
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Figure 6. Rotor Flux Estimation for Speed of 2pthr
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Figure 7. Speed Estimation for Speed of 250 rpm
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Figure 8. Rotor Flux Estimation for Speed of 125

1500 ; ‘, ‘, ; 1500 ‘ ‘, ‘, ;

b oty b s s ussorsaasosshusorson)

T 2000 f------ - domomo o do o R e T A
£ l l l l £ l l l l
S I I I I S I I I I
8 l : l l 3 l : l l

o 500 (----- == === T - - - - - o 500 [{----- |- === T - - - - -
n | | | | 2] | | | |
0 N S o A R

0 0.05 0.1 0.15 0.2 0.25 0 0.05 0.1 0.15 0.2 0.25
Time (s) Time (s)
a. Estimation b. Model

Figure 9. Speed Estimation for Speed of 1250 rpm

Table 1. Calculation Result of MSE values for RNNs@rver
Mean Square Error (MSE) Values

Speed (rpm)

Rotor Flux Estimation Speed Estimation
250 0.000141 43.0552
500 0.000264 52.1471
750 0.000174 126.4367
1000 0.000123 99.9148
1250 0.000087 156.0798

6. Conclusion
The development speed sensorless control fielchidecontrol (FOC) method has been presented. The

rotor flux observer and speed observer were destrib estimate the rotor flux and speed of inductimtor. The
RNN observer requires only the stator voltages@mdents of induction motor for the input signaNN observer

is effectively used to estimate the rotor flux apeed of induction motor following the rotor flurchspeed from
induction motor model. Simulation results show tRMNN observer can produce well the rotor flux apeéesl
estimation. MSE values of the rotor flux estimataye between 0.000087 and 0.000264, whereas M$iesaf the
speed estimation are between 43.0552 and 156.0798.
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