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Abstract: 

To avoid the various constraints related to the reedhack 
liiicarimtion control (FBLC), in this papers we propose 
ii new control approach for the induction motor control 
based on artificial neural networks (ANN) trained on- 
line. The two ANN are used for the on-line 
reconslitution of the state feedback necessary for the 
FBLC. The training rules used result From a 
combination between the ANN properties, the adaptive 
nonlinear control propriety and the nonlinear adaptation 
rules. Via these three techniques R training rules were 
extracted, these last transform the tracking errors into a 
imeans to adjust the used A N N  behavior so that they 
;idapi with the various operation modes of induction 
lllolol-. 

1. Introduction 
In reasons of [he low cost, masses reduced, robustness 
and simple construction, the induction motor 
applications are diversified more and more. It proves to 
be useful to combine several techniques for, on the one 
hand, overcoming the problems arising from its 
dynamics (which is strongly non-linear with variable 
parameters) [ I  ] -[2]-[3] .  In addition, to find new 
controls allowing more control of its behavior. 

Tlic use of the classical corltrol techniques such as the 
lield oriented control 131-[4] and the feedhack 
linearisation control (FLC) [SI-[6]-[7]-[SI-[9] showed 
their insufficiency with thc parameters variation and 
states uncertainties. In this case, the use of the classical 
adaptive rules [10]-[11]-[12]-[13] is limited by the 
difticiilty of the on-line identification of parameters, the 
c(implexiry of thc control rules and its implementation. 

To overcome this restrictions, [he artificial neural 
nctwork (ANN) proprieties (speed, capacily lo 
approximate the nonlinear dynamic, the tolerance of 
ccrtaiii uncertainty during operation, etc.) ORer an 
adequate solution. 

In this paper, we try to develop a new control approach 
f'or the induction motor using the FLC techniques based 
on ANN. By principle, obtaining an input control by 
thc F1.C rcquires the precise and exact reconstitution of 
thc necessary nowlinear feedback state [ 151-[16]. With 

the inaccuracy of the induction motor model, the 
uncertainty in state variables and the parameter 
variation, an exact reconstitution becomes difficult. To 
salve this problem, we propose an adaptivc control 
scheme based on ANN trained on-line to reconstitute 
these feedback states. Indeed, the use of such ANN to 
control some nonlinear systems [17]-[18]-[19]-[20]- 
[21]-[22]-[23] permitted to obtain satisfactory 
performances. To do, a combination between the FLC 
technique, the non-linear adaptive control and the ANN 
properties permitted to extract non-linear adaptation 
rules allowing the ANN an autonomous training. .To 
this end, the tracking errors (observed on rotor speed 
and rotor flux) are transformed via the proposed 
adaptation rules into a means to adjust, on-line, the 
ANN behaviors so that they can adapt with the various 
operation modes of the induction motor. 

2. FLC of the induction motor. 
Based on the results provided in [IO], by choosing like 
outputs for the induction motor the variables: 

C , ( X ) = O j  =.a;,  +o:, ( 1 )  i C , ( X )  = Q ,  

By applying feedback linearisation principle [ I S ]  to the 
induction motor model followink 'the chosen outputs, 
the induction motor dynamics is given by: 

(3) 

0-7803-7939-X/03/$17.00 0 2003 IEEE 259 PhysCon 2003, St. Petersburg, Russia 

mailto:nadir_kabache@yahoo.fr


(XI = [Z, z4])  are the input 
vectors for Net1 and Net2 respectively. Supposing also 
two matrix 0, et 0, such that: 

z 2 ] )  and (X, = [z, 

If g~,,,, and a:,:! are the tracked outputs for speed and 

flux respectively. Using a feedback state [151-[16], the 
input control Vel.$ and Vqs are obtained by: 

The choicc o f  the control parameters Kj; and Ky1 is 
camied out by ensuring the asymptotic stability of the 
system (2). 

3. PLC based on ANN of the induction motor 
The evaluation of the previous control laws requires the 
cxact reconstitution of the nonlinear term's f i  and f 2 .  
To do this, we propose to use two ANN trained on-line. 
Indeed, the use of such networks, to control some 
rionhnear systems [ I  71-[ 1814 I91-[201-[2 1 I -  [221-[231 
permitted to obtain satisfactory performances. In this 
paper, we try tu formulate version of this technique for 
the control of induction motor. 

Tu this end, to rcconstitute the non-linear functions fl 
and A. we suppose two ANN, Net1 and N d 2 ,  of three 
layers. If there exist an .ideal parameters for these ANN 
such that they can exactly approximate the exact values 
or,/[ and,f>, these last are expressed by: 

. 
. .  

i,i .Y , 1; w i 7  ( w , ~  7 x l  ) (8) 
1.1 .I 2 1 -  yy.2T f "2 I W,Z T S I  , 

With W, and IV I are the ANN ideal weights matrix,f,, is 
a sigmoid activation function for the hidden laycr, X I  

If f, and f, are the estimates of the function A and 

f, by the two ANN where: 

Where; i , ,  and h,, are the estimated 
parameters for the two ANN. 

Considering the tracking error victors ePr and ep2 and 
the filtered emx victors e,, and e,* for the two 
supposed outputs which are given bay: 

And 

With: 8 ,  = [K,, K,,  1 and E = [K,, K v 2 ] ,  where Kfi 
and K,  are chose so that the system (12) is Hurwitz 
[15]-[16]. The filtered error dynamics are expressed 
(using (4)) as: 

(14) . >  
ell = .il (.r)+tl, ( X Y d r  + C l 2  ( X ) V q r  -erel + X / 1 e 1 2  . 
j . = I ; l . Y I  + G.. i x l v d s  + G.. lxIv0~ - n , + K , e - .  

Considering the filtered error dynamics (141, and the 

estimate values ,f and f,, the control laws ( 5 )  
become: 
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With: 

(16) I ' , . ~  -7 K l~ p I . ,  ~ D I + K 

t r r 2  = K t , e i - 2  - - i i r  + K a l e z 2  

Whcre K ~ and K, are positive constants represent the 
new control parameters which are selected ensuring the 
asymptotic stability o f  the Rltcred error dynamics (14) 

1 1  we add and subtract v r l  aridvr2 in (14), while using 
(5)  and ( I  5 )  we obtain: 

Where N,, and NC2 are the numbers of neurons in hidden 
layers of Net1 and Net2 respectively. The derivative 
betwcen brackets arc gi\;en by: 

Wilh Yj , ;  
laycr for the &>ij network 

represents the i neuron input of the hidden 

According to the filtered error dynamics, thc tracking 
error became depending of the deviation in the used 
ANN parameters. The approximation problem becomes, 
therefore, a problem of parameter adjustment to 
guarantee the asymptotic stability of the filtered error. 
To this end, the application of the 'I el-modijication " 
rule developed by K.S.Narendra and A.M.Annaswamy 
[24] makes it  possible to obtain the following adaptation 
rules: 

For Net1 : 

For Net2: 

With: 

2; and r,; : Are positive definite symmetrical matrices. 
6, and 6,  : Are positive constants use to improve the 

adaptation rules convergence. 

Figure ( I )  shows the proposed control scheme. 

Figure. 1: the ANN proposed scheme for 
the induction motor control. 

To check the stability of these rules, the Lyapunov 
theories [ 2 5 ] - [ 2 6 ]  provide a powerful tool. Considcring, 
therefore, the two Lyapunov functions which 
correspond to Met1 and Ne12 respectively : 
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vi = ' & , ? l  t ii27r;jG2 + t r ( ~ , z T r ; ; j . J }  (22) However, the block control, while acting on input 
control, allowed a fast compensation of these reduction. 
'Thc figures (6,7) show the Net1 and Net2 parameters 

'The evaluation of its derivatives makes it  nossihle to evolution. We notes clearly the capacity of  the 
adantation rules which allow the ANNs to adant obtain : 

With: 

If'the choice ofKF and KV are such that : 

Wa will thus have: 

C.',: < D  
c i . < o  

T hcrc h c :  

I f / > /  and D2 are two subsets defined as : 

quickly and on-line with the rotor and stator resistance 
variations. In addition, the rotor flux dynamic is not 
affected by thcse variations. For the parameters of the 
used induction motor, see [ I O ]  

( 2 3 )  

5. Conclusion 
The obtained results permitted to conclude that 

the use of the proposed ANN for the induction motor 
control guarantees an adaptive and robust control. The 
adaptation rules offer to the two ANN the capacity of 
adapting with thc various induc.tion motor operation 
modes. In addition, these rules allow a fast 
compensation o f  the rotor and stator resistances without 
using any identification. tool 

(24) 
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Figure 2: Evolution of rotor specd with variation Figure 5: Evolution oftorque with variation 
of rotor resistance. of stator resistance. 
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Figure 3: Evolution of rotor speed with variation 
of stator resistance. 
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Figure 4: Evolution of torque with variation 
of rotor resistance. 
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Figure 6: Evolution of / 0 , 1  with variation of 

rotor resistance. 
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Figure 7: Evolution of lo2/ with variation of 

stator resistance 
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