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Abstract: The authors present a novel approach to control this kind of motor. Modify-
ing published results for nonlinear identification using dynamic neural networks, they
propose a new neural network identifier of triangular form. Based on this model a
new control law, which combines sliding mode and block control is derived. This new
neural identifier and the proposed control law allow trajectory tracking for induction
motors. Applicability of the approach is tested via simulations.
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1. INTRODUCTION

Adaptive control of induction motors is one
of most interesting application control problem.
This problem has been extensively studied during
the last decade, and considering that the rotor
resistance and the load torque are unknown but
constant, several adaptive controllers have been
proposed, see for instance (Krstic, et al., 1995;
Kwan,et al., 1996; Marino, et al, 1996; Ortega,
and Espinoza-Pérez, 1993).

In this paper it is assumed that all of the
induction motor parameters can change in a wide
range. Particularly the rotor resistance and the
load torque can vary both as continuous and dis-
continuous functions of the time. To derive the
induction motor model, a neural networks ap-
proach combining with the rotor flux sliding mode
observer, is applied, and a novel approach is pre-
sented. Modifying existing identification schemes
based on dynamic neural networks (Kosmatopou-
los, et al., 1997), a neural network identifier of
block controllable form is proposed. Based on this
model, two versions of discontinuous control law,
which combines block control (Loukianov, 1998)
and VSS with sliding mode techniques (Utkin,
1992), are derived. The block control approach is
used to design a nonlinear sliding surface such that
the resulting sliding mode dynamics is described

by a desired linear system. The proposed neural
identifier and control strategy allow trajectory
tracking for induction motors.

2. MOTOR MODEL

The starting point is the following set of
induction motor equations presented in the stator-
fixed a— [ coordinate system, see for instance
(Bose, 1986 ):

Cfl—a: =c1(Yaip — Vgia) — coTL

d;/)_ta = —catp, — Npwibg + C3ia (1)
CZZ]—tB = —Cathg + npwt, + c3ip

% = 4o + esMpwihp — Cola + C7la

%tﬁ = cathg — CsNpWi, — Colp + Crla

where w represents the angular velocity of the
motor shaft, ¢, and ¢4 are, respectively, the rotor
magnetic flux leakage components, i, and ig are,
respectively, the stator current components, uq
and ug stand, respectively, for the voltage applied
on the stator windings, and T, represents the load
torque perturbation. The constants ¢;, i =0,...,7
are calculated as follows
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L, and M, respectively, the stator and rotor
inductances and mutual inductance between the
rotor and the stator, R, and R,, the stator and
rotor resistances, J the rotor moment of inertia,
and n, the number of stator winding pole pairs.
The magnitude of the control should be bounded

lua| <up  and lug| <ugp, up>0. (2)

It is more suitable for neural network identifica-
tion to present the induction motor model (1)
in new variables defined as x, = w, x, = V,,
Xs = Vs> Xy = tas X, = . Henceforth, the model
(1) can be rewritten as

X1 = c1(XaXs — X3X4) — coTL
X2 = —C2X2 — MpX1X3 + C3X4

X3 = —C2X3 T MpX1X2 + C3X5 (3)
X5 = CaX2 + C5MpX1X3 — C6X4a T Crla
X6 = CaX3 — C5MpX1X2 — C6X5 + Crug.

This system is a quasi Nonlinear Block Con-
trollable Form (or NBC-form), (Loukianov, 1998).
Based on this fact, the so-called dynamic block
controllable neural network is proposed below.

3. NONLINEAR OBSERVER

Since only the rotor speed and the stator
currents are measured, rotor fluxes estimation
is required for neural networks identification. In
order to get the flux estimation, the only the stator
currents dynamics, which does not depend on
the external perturbation, is used. The proposed
observer has the following form:

X4 =—C5X4 + CoU1 + Va
X5 = —C5X5 + Ceuz + g

where X, and Y5 are the estimations of the cur-
rents x, and xs. Observer inputs v, and vg are
chosen as

€g

€a
=lj——— and vg = lp——
N e P
where l1, lo and § are positive observer parame-
ters. Then, the error dynamics have the following

form:

. €a
€a = CaXg T CsTpX1X3 — llm
(0%

. €s

Ea = C4X3 — C57’le1X2 — ZQW

where ¢4 = x4 — X4 and €5 = x5 — X5. For
sufficiently large values of [; and [y, and small
value of ¢, the sliding surfaces e, = 0 and eg =0
are attractive, and ones the trajectory reaches

these surfaces, its remain on these surfaces (Utkin,
1991). It means that ¢, = 0 and &, =0, or

0=caxo + c5MpX1X3 — Vaeq (4)
0= caX3 — CsMpX1X2 — Vaeq
where vqeq and vgeq are the equivalent values of
v, and vg respectively. Measuring these values, it
is possible to obtain from (4) estimations ¥, and
X3 of xo and X3, as

|:>A(2 :| — 1 Cq —CsMpXq :| |:Uaeq :|
>A(3 Ci + (Csan1)2 C5Mp X1 Cq Upeq

The obtained estimated fluxes ¥, and 3 will be
used for the neural network identification.

4. RECURRENT HIGH ORDER NEURAL
NETWORK IDENTIFICATION

In this section, the problem of the identifying
of nonlinear model (3), is considered.

4.1 Dynamic Block Controllable Neural Network
for Induction Motors

Based on the mathematical model for induc-
tion motors (3), the following Recurrent Neural
Network High Order (RHONN), is proposed:

1 = —a171 + w11 S(w1) + wi125(x3) Ty
+wi3S(ze)xs (5)

To = —asxs + w1 S(w2) + wa2S(x1)S(x3)
+ w23y

T3 = —azr3 + w319(23) + w32S(w1)S(w2) (6)
+ws33Ts

Ty = —agq + we S(x1) + we2S(x2)
+wa3S(x3) + weaS(x4) + wasuq

&5 = —asTs + w51 S(x1) + ws2S(x2)

+UJ535($3) + UJ54S(£C5) + Ws5UQ

where z;, i = 1,...,5 is the i-th component of the
RHONN; a; > 0,4 =1,...,5; w; ; are time-varying
weights, and S(-) a smooth sigmoid function for-
mulated by:

2

S = T e p)

for the sigmoid S(z) € [—1,1]. This new struc-
ture is more flexible than the classical neural net-
works (Kosmatopoulos, et al., 1997), and allows
to incorporate to the identification model a priori
information about the plant structure. It is worth
noting that this structure, with conditions defined
below for the case of induction motors, guarantees
controllability. On the basis of this model, in the
following subsection an algorithm for on-line iden-
tification of the motor, is considered.
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4.2  On-line Identification

In order to identify the induction motor model

(3), it is assumed, that this system is approxi-
mated by the following system:

Xi = TaiX; + w:(sz(Xv u) + Ui(Xa U) (7)

and, instead of RHONN (6) it is used the following

so-called series-parallel model:
i:i = 7ai'1:i+wiTpi(X?u)7 L= 1a"'a5 (8)

where the optimal unknown parameters vector w;
is defined as

. . { sup [ fi(x) + gi(x)u }
w; = arg min XU

wi | 4aix; — ! p;(x, )
with p; = [S(Xl)vS(Xz)aS(X?,)MaS(Xz)XfJTv

P2 = [S(XQ)vS(Xl)S(Xs)aXz;]T,
P3 = [S(X3)7S(X1)5(X2)aX5]T
ps = [S(x1), S(x2): S(x3), S(xa),w1] ", and

ps = [S(x1), S(x2), S(x3), S(x5), v ]T

Hence, the modelling error term v;(x, u) in (7)
can be defined as

vilx w) = fi(x0) + g:(00u + aix; — wiTpi(x, )

4.3 On-Line Weight Update Law
Let define the i—th identification error

€ =Ti — X;
and the i—th parameter error

ﬁ)z—:wifwf.

Then the error equation can be derived from (8)
and (7) as
& = —aie; + W, p; Fvilx,u), i=1,...,5. (9)

In order to guarantee the boundness of the
identification error and weights, the following
adaptive law adaptive law is applied:

w; = ffi_l(eipi —ow;), i=1.,5 (10)

with the o-modification

g; = M qO'i() lfM1<H’le<2MZ
M, ) >
gio, if [|w;|| > 2M;

where I'; is a symmetric positive definite matrix;
integer ¢ > 1 , and o0, and M; are positive
constants.

Lemma 1. Consider the system (7) and the
RHONN (6) whose parameters are adapted using
the law (10), and suppose that

llvi (x, w)|| < do

Then e; and w; are bounded.

(11)

Proof. The derivative of the Lyapunov func-
tion candidate
1
Vi = 5(ef + @ Tiwy) (12)

along the trajectories of (9) and (10) is given by

Vi = —ae? — o, wi — e;vi(x, ).
Using (11) and applying the triangular in-
equality, gives
2
€ d()
vV, < aze — oW, wl—&-é—i—T
Since w; = w; — w;, then
5 T T 1, . 1, .
~l < (@] i+ wf) < sl + 5l
Therefore
1 1 d3
Vi < —ae? — 2ol|\wz||2+ 2zfz||u1”‘||2 20

where a = a; — 5. Substituting e; from (12) in the
above inequality, gives

. B 5 1 1
Vi < —aV; +04w;rriwi - 2‘71||7~U1H2 + 2Jl||w*||2

Considering the worst case, when ||w;|| > 2M;,
the parameter o;, is selected as

Oio > 20&”1—‘1”

then

2
? .
Therefore e; and w; converge exponentially to the
residual set

. 1
Vi < —aVi + soiollwf[* +

D= {ei,wi

1 d?
< . *12 4 20
‘/'L—QaUZOHU/ZH +2a }

and the proof is complete.

4.4 Identifier Initialization

Before to apply the control law, the system
was excited in order to get a good estimation of
the optimal parameters. These values will be used
as initial values for the identifier parameters when
we apply the control law.

The inputs to excite the plant are

g = 200 cos(800(cos(0.1£)%)t)
ug = 200sin(800(cos(0.1¢)%)t)]

Figure 1 shows the behavior of the parameters.
The obtained values guarantee that the identifier
is block controllable initially, and these values do
not vary much, hence controllability is not lost.

3
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5. INDUCTION MOTOR CONTROL

In this section, the control law for the induc-
tion motor is developed, on the basis of the neural
identifier, and using the block control and VSS
techniques. Assuming that z; = x;, ¢ = 1,...,5,
two control strategies will be considered:

Type I: Control of the speed and the rotor
flux, and

Type II: Control of the speed only.

5.1 Control Law I

The neural model (6) has the quasi NBC-form
consisting of two blocks:

%1 =fi(x1) + Bi(x1)x2
)'(szg(xl,XQ) + Bsu (13)

with x = [x1,x2]7, %1 = [21,22,23]7, xo =
[x47375}T7 _u = [ua,uﬁ]Tv

—ayr1 +wi1S(z1)
fi = | —asxs + ’U)21S($2) + ’U)QQS(xl)S(l‘g)
L —Aasxs + ’LU31S(JL‘3) + ’LU3QS($1)S(I2)
B 4
—a4Tq + —aqxy + Z wa,; S (x;)
fo = =1
5
—Qa5T5 + Zw&iS(:ri), 7 75 4
L =1
*wlgs(l’g) w135(l’2)
B, = wa3 0 and
0 w33
| W45 0
B2 o |: 0 W55

For the speed, z; and flux amplitude ¢, ¢ =
|W|* = 2% + 22, tracking objectives, define the
tracking errors as

21 =T1 — Wref
22 =@ = Pref (14)

where wyes and ¢,.; are the smooth bounded
reference signals for the speed and flux magnitude
consequently. Then, the first block of the NBC-
form can be expressed as

)

fl — f1:| 7 ]—31 _ [w125($3) w135($2)

(x1) + B1(x1)x2 (15)

gl

fo 2wozTy  2ws33T3

fi = —a1z1 +wiS(x2) — Wres

fo=2x2(—asws + w1 S(x2) + w2 S(21)S(w3) +

2x3(—a3x3 + 1U315(£C3) + w325($1)5($2) — Sbref

Following the block control strategy, the quasi
control vector x5 in (15) can be formulated as

[ smefiz] 2] o

kozo 25

with
Xg = —Bfl ﬁ (17)

where 2z, and z5; are new variables, ki and ko are
scalar positive parameters, and

5-1_ 1| 2wsrs 2w
! § | —wi3S(w2) wi2S(w3)
with 6 = 211)121033.’]335(1’3) — 2w13w23x25(3:2).

The equations (16) and (17) give the following
transformation:

| _ gt [ R (@ —wrer) + hi Rz
25 ! kQ (Sp_wref)+f2 Ty
D= a(x1,X%2,7), Y= (wref,goref)T.(lS)
On the second step, taking the derivative of
(18) along the trajectories of (13), the second

block of the NBC-form in the new variables zy4
and z5 can be presented of the form

24 _ 7 U
HE b

where fz = g—;fl —+ g—:;fg + g—f;’y

Now, taking in the account the bound (2), the
VSS control strategy, formulated as

U = —UugSign(wys)sign(zy)

ug = —upsign(wss)sign(zs)

under condition

|w45|u0 Z }f:l(xlazQaﬁ)/)’ S 5 |1U55"U,0 Z "]E5(331,332,'Y)}

guarantees a sliding mode on the surfaces
z2=0 and 2z5=0

in finite time. The sliding dynamics, in the track-
ing errors variables z; and 2o (14), is governed by
the second order linear system

2=k
29 = —kozn

with desired eigenvalues —k; and —ko.

5.2 Control Law 2

Given a reference wy.s, the following tracking
error, is defined:

21 = T1 — Wref- (19)

Differentiating (19) along the trajectories of (13),
gives

s = fi+Bixy (20)

where fi = —a1z1 + wi1S(z1) — Gpep, B =

[w125($3) w135(x2) ] .



On the next step, following the block control
technique, the quasi control x5 in (20) is chosen
of the form

Xy = x5 — B (c121), x§ = fofl, c1 >0 (21)
that gives the following transformation:
2 = c1(11 — wrep) + f1 + Bixo (22)
and (20) with (21) becomes
21 = —k121 + 29
Differentiating (22) along the trajectories of
(13) gives
2 = fo+ Bou (23)

where fg is a bounded function of the variables
and parameters of (13), and

B, = BB, = [wipwssS(x3) wiswssS(a2) |

Now the discontinuous control law is proposed
as

_ {ua} _ [—uosign(w12w455(x3))sign(ZQ)
—ugsign(wiowysS(x3))sign(zz)
(24)

Then (23) with (24) can be rewritten of the form

2o = fo — uwo(Jwi2was S(x3)| + |wiswssS(x2)|)sign(za)

Under the following condition:
(|lwiawssS(x2)| + [wiswas S(xs) | Juo > | f2

a singular sliding mode motion ( two components
of the vector control have the same switching
function, z3) arises on the surface zo = 0, and
this motion is described by the reduced first order
system

21 =—c121

with eigenvalue —c;. Therefore, the tracking error
z1 converges asymptotically to zero.

6. SIMULATIONS

In this section, the authors present results
obtained using the identification scheme and the
control law proposed above. The nominal values of
the induction motor parameters are given in the
next table

Parameter Value Description

R, 140 Stator Resistance

Ly 400mH  Stator self Inductance
M 37tmH Mutual Inductance

R, 10.1Q2 Rotor Resistance

L, 412.8mH Rotor self Inductance
Np 2 Number of pairs of poles
J 0.01Kgm Inertia Momentum

Weights

Fig. 1. Weights w2, wys, wes and wss

The design parameters for the fluxes observer
are [y = ls = 3500. The neural network param-
eters are selected as a; = 100, as = a3 = a4 =
as = 500, 3 = 0.1, T7' = diag{500, 500,500},
! =Ty = diag{500,500,50}, T;' = ;' =
diag{500, 500, 500,500,500}, and the controller
gains for control law 1 are k1 = 600 and ky = 140,
and for the control law 2 ¢; = 600. In order to test
the proposed scheme performance, a variation of 2
Ohm per second is added to the stator resistance.
In addition, a square load torque perturbation
with an amplitude of 2 Nm and a period of 0.3
seconds is performed.

Angular Velocity (rad/s)

Time (s)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Fig. 2. Real speed x;, reference speed w, and
speed estimation x.

0.9+

o o
> N
°

Flux Magnitude (Wb 2
°
&

Time (s)L

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Fig. 3. Flux magnitude ¢ and flux reference .
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Load Torque (Nm)
°
=

Time (s)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Fig. 4. Load torque T},

12

1.8

1.6+

1.4

N

Resistence (Ohm)
s .
= 2

106

Time (s)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Magnetic Flux (Wb)

Time (s)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Fig. 6. Flux x4, flux observer estimation Y, and
flux identifier estimation 5.

The results for velocity and flux are presented
in Fig. 2 and Fig. 3, respectively. As can be seen,
the performance of the proposed scheme is very
satisfactory. Even is the flux desired value is not
obtained, it is important to remind that the main
objective control is to track the reference signal
for velocity, which is indeed attained.

7. CONCLUSIONS

In this paper, the authors have presented a
new identification and tracking control, based on
dynamic neural networks and VSS methodology,
for induction motors. The stability, for both the
identifier and the controller, is analyzed, and it
is proved that the proposed control laws force

Angular Velocity (rad/s)

Time (s)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Fig. 7. Control 2. Real speed x;, speed reference
w,, speed identifier estimation x.

the closed loop trajectory to converge and stay
in sliding manifolds, which guarantees that the
tracking error is zero. Work is progress to test the
robustness of this control scheme in presence of
different kind of disturbances such as load torque
variations and change on the induction motor
parameters.
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