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Abstract

This paper deals with adaptive tracking for discrete-time MIMO nonlinear systems in presence of bounded disturbances. In this
paper, a high order neural network structure is used to approximate a control law designed by the backstepping technique, applied to
a block strict feedback form (BSFF). The paper also includes the respective stability analysis, on the basis of the Lyapunov approach,
for the extended Kalman filter (EKF)-based NN learning algorithm. Applicability of the scheme is illustrated via simulation for a

discrete-time nonlinear model of an electric induction motor.
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I. INTRODUCTION

Neural networks (NN) have become a well-established methodology as exemplified by their applications to iden-
tification and control of general nonlinear and complex systems [5]; the use of high order neural networks for
modelling and learning has recently increased [17]. Specifically, the problem of designing robust neural controllers
for nonlinear systems with uncertainties and disturbances, which guarantee stability and trayectory tracking, has
received an increasing attention lately.

Using neural networks, control algorithms can be developed to be robust to uncertainties and modelling errors.
The most used NN structures are: Feedforward networks and Recurrent ones [17]. The last type offers a better
suited tool to model and control nonlinear systems [15].

The best well-known training approach for recurrent neural networks (RNN) is the back propagation through
time learning [22]. However, it is a first order gradient descent method and hence its learning speed could be
very slow [10]. Recently the Extended Kalman Filter (EKF) based algorithms has been introduced to train neural

networks [3]. With the EKF based algorithm, the learning convergence is improved [10]. The EKF training of
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neural networks, both feedforward and recurrent ones, has proven to be reliable and practical for many applications
over the past ten years [3].

There already exists publications about trajectory tracking using neural networks ([3], [14], [15], [17], [18]); in
most of them, the design methodology is based on the Lyapunov approach. However most of those works were
developed for continuous-time systems. On the other hand, while extensive literature is available for linear discrete-
time control system, nonlinear discrete-time control design techniques have not been discussed to the same degree.
For nonlinear discrete-time systems, the control problem is more complex due to the couplings among subsystems,
inputs and outputs [2] [4]. Besides, discrete-time neural networks are better fitted for real-time implementations.

In recent adaptive and robust control literature, numerous approaches have been proposed for the design of
nonlinear control systems. Among these, adaptive backstepping constitutes a major design methodology [9]. The
idea behind backstepping design is that some appropriate functions of state variables are selected recursively as
virtual control inputs for lower dimension subsystems of the overall system [12]. Each backstepping stage results
in a new virtual control designs from the preceding design stages. When the procedure ends, a feedback design for
the true control input results, which achieves the original design objective. The backstepping technique provides a
systematic framework for the design of tracking and regulation strategies, suitable for a large class of state feedback
linearizable nonlinear systems [9].

In this paper, first the block strict feedback decomposition is applied in order to define a number of sub-problems
of lower order. Once this decomposition is achieved, then the backstepping technique is used to design a suitable
controller [9]. Afterwards, this resulting controller is approximated by a High Order Neural Network (HONN) [4].
The implementation is simple and the training is performed on-line by means of an extended Kalman Filter (EKF)
[11], [16].

The method presented here has some advantages; the first one is the application to MIMO nonlinear systems in
discrete-time; the second one is to guarantee the boundeness of the error in presence of disturbances and the third
one is that the design can be applied to different systems. Finally, this paper also proposes the use of High Order
Neural Networks (HONN), trained by EKF to approximate the control law designed by the backstepping-method
[4].

The paper is organized as follows: first, the neural network model to be used is presented; then the Kalman

filtering learning algorithm is discussed, followed by the controller design. To this end, the applicability of the



proposed approach is illustrated by its utilization to trayectory tracking for electric induction motors, represented

by discrete-time MIMO nonlinear models.

II. MATHEMATICAL PRELIMINARIES
A. Stability Definitions

This section close follows [4]. Through this paper, we use k as the step sampling, k € 0UZ™ | |e| as the absolute
value and, ||e|| as the Euclidian norm for vectors and as any adequate norm for matrices. Consider a MIMO

nonlinear system:
X(k+1)=F(x(k),u(k)) (1)

where x € " u € R™, and F € R"™ x R™ — R" is nonlinear function.
Definition 1: The system (1) is said to be forced, or to have input. In contrast the system described by an

equation without explicit presence of an input u, that is

X (k+1) = F(x (k)

is said to be unforced. It can be obtained after selecting the input u as a feedback function of the state

Such substitution eliminates u:

x(k+1) = F(x(k),£(x (k) 3)

and yields an unforced system (3)[7].

Definition 2: The solution of (1) — (2) is semiglobally uniformly ultimately bounded (SGUUB), if for any €2, a
compact subset of R and all x (ko) € Q, there exists an € > 0 and a number N (e, x (ko)) such that ||x (k)| < e
forall k> ko + N.

In other words, the solution of (1) is said to be SGUUB if, for any a priory given (arbitrarily large) bounded set
Q and any a priory given (arbitrarily small) set g, which contains (0,0) as an interior point, there exists a control
(2), such that every trayectory of the closed loop system starting from € enters the set Qo = {x (k) | |Ix (k)| < ¢},

in a finite time and remains in it thereafter.



Theorem 1 Let V (x (k)) be a Lyapunov function for a discrete-time system (1), which satisfies the following

properties:

71 (Ix (R V(x (k) <72 (Ix (®)I)

IN

Vix(k+1) =V (x(k) = AV(x(k))

IN

=73 (Ix (B)) + 73 ()

where ¢ is a positive constant, v, (e) and 7, (e) are strictly increasing functions, and ~y4 (e) is a continuous,
nondecreasing function. Thus if

AV (x) <0 for []x (k)] > ¢

then x (k) is uniformly ultimately bounded, i.e. there is a time instant kr, such that ||x (k)| < ¢,V k < k.
Definition 3: A subset S € R” is bounded if there is 7 > 0 such that ||x|| < r for all x € S [7].
Definition 4: The system (4) is said to be BIBO stable if for a bounded input wu (k), the system produces a
bounded output y (k) for 0 < k < oo [7].

Lemma 1: Consider the linear time varying discrete-time system given by

x(k+1) = A(k)x(k)+ Bu(k)

y(k) = COx(k) (4)

where A (k), B and C are appropriately dimensional matrices, x € ", u € R™ and y € RP.
Let ® (k(1),k(0)) be the state-transition matrix corresponding to A (k) for system (4), i.e. ®(k(1),k(0)) =
k=ky—1

Hk_k(o) A(K). TIf ||® (k (1), k (0))] <1 Vk(1) > k(0) > 0, then the system (4) is

1) globally exponentially stable for the unforced system and

2) Bounded Input-Bounded Output (BIBO) stable [4], [19].

B. Discrete-time High Order Neural Networks

Consider the HONN described by:



t

where z = [z1,22," - ,zq]T € Q, C N7 are positive integer, ¢ denotes the number of external inputs, L denotes the
NN node number, ¢ € ®™, {I;,I5,--- ,I1} is a collection of not-ordered subsets of {1,2,---,q}, S (z) € REX™,
d; (i) are nonnegative integer, w € L is an adjustable synaptic weight vector, and s (z;) is chosen as the hyperbolic

tangent function:
e —e %

) = e ©)

For a desired function u* (z) € %™ ,assume, there exist ideal weight vector w* € R such that the smooth function

vector u* (2) can be approximated by an ideal NN on a compact set Q, C R?
u (2) = w8 (2) + e (7)

where €, € ™ is the bounded NN approximation error vector [1]; note that ||¢,|| can be reduced by increasing the
number of the adjustable weights. The ideal weight vector w* is an artificial quantity required only for analytical
purpose [4], [18]. In general, it is assumed that there exists unknown but constant weight vector w*, whose estimate
is w € L. Hence it is possible to define:

w (k) = w (k) —w" (8)
as the estimation error.

C. The EKF Training Algorithm

It is known, that Kalman filtering (KF) estimates the state of a linear system with additive state and output white
noises [6], [20]. For KF-based neural network training, the network weights become the states to be estimated. In
this case the error between the neural network output and the measured plant output can be considered as additive
white noise. Due to the fact that the neural network mapping is nonlinear, an EKF-type is required (see [16] and
references therein).

The training goal is to find the optimal weight values which minimize the prediction error. The EKF-based

training algorithm is described by [6]:

K (k) = P(k)H (k) [R()+HT (k)P (k) H (F)
wk+1) = wk)+nk (k) [y (k) 5 (k)]

P(k+1) P(k)— K (k)H' (k) P (k) + Q (k) (9)

where P € R*™" is the prediction error covariance matrix, w € R is the weight (state) vector, L is the total



number of neural network weights, y € R™ is the measured output vector, § € R is the network output, 7 is a
design parameter, K € R"*™ is the Kalman gain matrix, Q) € R"*" is the state noise covariance matrix, R € Rmxm

. . . . Lxm . . . . .
is the measurement noise covariance matrix, H € R is a matrix, for which each entry (H,;) is the derivative of

one of the neural network output, (7,), with respect to one neural network weight, (w.), as follows:

i J

H, (k)= [ay"' (k) . i=1,..mand j=1,..,L (10)

dw, (k):|w(k)—@(k+1)

Usually P, @ and R are initialized as diagonal matrices, with entries P (0), @ (0) and R (0), respectively. It is
important that H (k), K (k) and P (k) for the EKF are bounded [20]. Therefore, there exist constants H > 0,

K >0 and P > 0 such that:

17 R < H (11)
IK®)| < K
P < P

This bounds would be used for controller design which will be discussed in section III.

III. CONTROLLER DESIGN

The model of many practical nonlinear systems can be expressed in (or transformed into) a special state-space

form named, block strict feedback form (BSFF) [9], as follows:

g (k+1) = f@E)+g @ E)z (k) +d k), i=12-,r—1
et (k+1) = fHX(K)+g" (X (K)u(k)+d (k)
y(k) = a'(k) (12)
where X (k) = [#'7 (k),--- 2" (k)] are the state variables, 7' (k) = [z'7,227,--- ,&'T] " &f € R™, r>2, ris

the number of blocks, u (k) € R™ are the system inputs, y (k) € R™ is the system output, d* € R is the bounded
unknown disturbance vector, f(e) and g’ (e) are unknown smooth nonlinear functions and the set of numbers

(ny, -+ ,n,) define the system structure as

rang (g;) = n;



and

For simplicity, we consider the structure ny = ng = --- = n,, = m moreover there exists a constant d; such that
|d; (k)| < d; , for 0 < k < co.and as in [21], in this paper the plant (12) is assumed to be BIBO.

If we consider the original system (12) as a one-step ahead predictor, then we can transform it into an equivalent
maximum r-step ahead one, which can predict the future states ' (k +7),2% (k+r —1),--- ,2" (k + 1), then the
causality contradiction is avoided when the controller is constructed based on the maximum r-step ahead prediction

by backstepping [2], [4]:

' (k+r) = F'(z' (k) +G" (2" (k) 2® (k+r—1)+d" (k+7)
N k+2) = FrN@ T k) +GT (@ (k)" (k+ 1) +d T (B4 2)
" (k+1) = [fT(X(k)+g" (X (k)u(k)+d" (k)
y(k) = a'(k) (13)

where F (o) and G’ (e) are unknown functions of f*(z'(k)) and g’ (z* (k)), respectively. For convenience of

analysis, let us define 1 <i<r—1

F'(k) £ F'(i(k))
G'(k) £ G'(Ti(k))
frie) = fr(X (k)
G'(k) = g (X (k)
Then, system (13) can be written as
2t (k+r) = F')+G (k)2®(k+r—1)+d (k+7)

2" (k4 2)

F Y k) +G HEk)a" (k+1)+d*(k+2)

" (k+1)

[T (k) +g" (k) u(k) +d" (k)

y(k) = =z1(k) (14)



The objective is to design a control u (k) to make the system output y (k) follow a desired trayectory yq (k).

Once (14) is defined, we apply the well known backstepping technique [9]. For system (14), we can define the

desired virtual controls (o/* (k), j=1,---,7 —1) and the ideal practical control (u* (k)) as follows:
a'* (k) = 2? (k)= (T (k),ya(k+71))
a® (k) = 27 (k) =¢* (3 (k) , o' (k)
arfl* (k) L " (k}) _ Lpr71 (frfl (k) , ar72* (k))

y(k) = z'(k) (15)

where ¢/ (1 < j < r) are nonlinear smooth functions. It is obvious that the desired virtual controls a’* (k) and the
ideal control u* (k) will drive the output y (k) to track the desired signal yq (k) only if the exact system model is
known and there are no unknown disturbances. However in practical applications these two conditions cannot be
satisfied. In the following, neural networks will be used to approximate the desired virtual controls, as well as the
desired practical controls, when the conditions established above are not satisfied. As in [4], we construct the virtual
and practical controls via embedded backstepping without the causality contradiction [2]. Let us approximate the

virtual controls and practical control by the following HONN (1 <7 <r —1):
ot (k) = w5 (' (k)
u(k)=w" S"(z"(k)), i=1--,r—1 (16)

with

where w/ € RLi are the estimates of ideal constant weights w’* (1<j<r)and S7 e RLixn;i Define the estimation
error as:

@ (k) = w (k) — w* (17)



Then the corresponding weights updating laws are defined of the form

w? (k+1) =w? (k) + 7 K7 (k) e (k)

with
K9 (k) = P? (k) H (k) M7~ (k)
M (k)= RI (k) + H?' (k) P? (k) HI (k)
PI(k +1) = PI (k) — K7 (k) HY " (k) PP (k) + Q7 (k)
N )
k) = | 54 (k)]
and

el (k) =7 (k) =07 (k)

(21)

where v’ (k) € ®" is the desired signal and 0* (k) € R is the HONN function approximation defined, respectively,

as follows
ot (k) = yal(k)
v (k) = 2% (k)
(k) = a" (k)
and

e’ (k) denotes the error at each step, as

(22)

(23)



Besides, it is worth to include the following remarks.
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Remark 1. The NN approximation error vector €, is bounded. This is a well known neural network property

[1].

Remark 2. The gain matrix of the EKF (K (k)) is bounded by a constant K > 0, that is || K (k)| < K

Before proceeding to demonstrate the main result of this paper, we need to establish the following two lemmas.

Lemma 2. (21) can be formulated as

ej(k+1):ej(k)+A€j(k) (1§]§T)

with Ae’ (k) < —4led (k) and 47 = maXHHjT (k) K7 (k)”

Proof: From (21) and consider that v (k) do not depend on the HONN parameters, we obtain

e (k) 9% (k)

owi (k) dw (k)

Let us approximate (26) by

Act (k) = {gf; ((m ! Aw' (k)

Substituting (20) and (26) in (27), yields
Aél (k) = —H' (k)n'K" (k) e (k)

Defining
7" = max HH’T (B)n'K* (k:)H
then

Aet (k) < —ytet (k)

(25)

(26)

(27)

(28)

(29)
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Lemma 3. The HONN weights updated with (18), based on the EKF algorithm (19), are bounded.

Proof: (18) can be written as

G (k1) = @ (k)-n'K' (k)S (2 k)@ (k) +r' K (k).
= A'(R)@ (k) + B, (k)
i o= 1,7

with

A’ (k)

|
~
|
3
.
o
—~
Dy
S~—
n
—
N
©
—
Dy
S—
~—
[E——

v (k) = K' (k)€ (k)

~

i = 1,---,r (30)

Considering remark 1 and remark 2, €,; and, S (zl (lc)) are bounded. Hence selecting 7' appropriately A’ (k)
satisfies ||® (k (1), % (0))| < 1. By applying Lemma 1, w* (k) is bounded. ]

Considering (12) — (24) , we establish the main result in the following theorem.

Theorem 2: For the system (12), the HONN (16) trained with the EKF-based algorithm (19) to approximate
the control law (15), ensures that the tracking error (24) is semiglobally uniformly ultimately bounded (SGUUB);
moreover, the HONN weights remain bounded.

Proof:  For the first block of system(12), with the virtual control a!* (k) approximated by the HONN

(ot (k) = w'S* (2* (k))) and e* (k) defined as in (24), consider the Lyapunov function candidate

Vi) =€ (k)e' (k) +a" (k)a' (k) (31)
whose first difference is
AVY (k) = VHk+1)-V(k)
= & (k+De (k+1D)+a" (k+D) @ (k+1)—e' (k)el (k) —a' (k)@ (k) (32)

From (17) and (18), then

@ (k+1) =@ (k) + 'K (k) ! (k) (33)
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Let us define

[@" (k) + 1" K (k) et (k)] x [@" (k) +n' K (k) e* (k)]

~17T

= @' (k)@ (k) +2a" (k)n' K (k) e (k) + (0" K" (k) ' (k)" n' K" (k)€ (k) (34)
From (24), then

et (k+1) et (k) 4+ Ae' (k)

1T

et (k+1)e' (k+1)

lT

e (k)el (k) + et (k) Aet (k) + Aet (k)e! (k) + Ae'' (k) Ael (k)

lT

ekt (k+1)—e (k) et (k) = €' (k)Aet (k) + At (k)et (k) + Aet (k) Aet (k)
where Ae! (k) is the error difference. Substituting (33) and (34) in (32) results in

AVI(E) = €' (k) Ae (k) + Ae' (k)e' (k) + At (k) Ae! (k)

12 (k) n K (k) et (k) + (' K" (k) ' (k) " n' K™ (k) e* (k) (35)
From Lemma 2, substituting (29), we obtain

AVE(R) < =29t (k)el (k) +~" e (k) e (k) + 20" (k)n' K" (k)" (k)

+ ('K (k) et (k) 'K (k) e (k)

IN

—2 et B 4" [l )7+ 2@ o K (k)| [let o

[l K k) et k) (36)

where ! = max HHlT (k)ntK! (k)H . From Lemma 3, it follows that w® (k) is bounded; then there is n* > 0 such

that:

AV (k) <0, once [e' (k)| > k' (37)

with ! defined as

1 27}1E1T71
9yl — 12 7712?12

KR

where " is the upper bound of w' and K is the upper bound of K! (k) [20]. From (37) it follows the boundness

of V1 (k) for k > kr, that leads to the SGUUB of e! (k).
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For the following i-th (i = 2,--- ,r — 1) equation of the system (12), with the virtual control o** (k) approximated

by the HONN of (k) = w'S* (2 (k)) and €’ (k) defined in (24), consider the Lyapunov function candidate.

Vik)=¢' (k)e (k)+a' (k)@ (k) (38)
whose first difference is
AVI(E) = Vik+1)-Vi(k)
= ¢ (k+De(k+D)+a@ (k+D)a' (k+1)—e (k)el (k) —a' (k)@ (k) (39)
From (17) and (18), then
W' (k+1) =a' (k) +n'K' (k) e’ (k) (40)
Let us define
[@ (k) + 0 K (k) el (k)] x [@ (k) +n K (k) e’ (k)]
= @ (k)@ (k) +20 (k) g K (k) (k) + ('K (k) e (k) ' K7 (k) e (k) (41)

From (24), then

e'(k+1) e' (k) + Aé' (k)

iT

el (k+1)e (k+1)

T

e (k)el (k) +e (k) Ae (k) +Aet (k)e' (k) + Al (k) Ae (k)

iT

e (k+1)e (k+1)—¢e (k) et (k) = e (k)Ae (k) +Aet (k)e (k) +Ae' (k) Aé’ (k)
where Ae® (k) is the error difference. Substituting (40) and (41) in (39) results in

AVi(k) = € (k)Ae (k) +Ae (k)e (k) + Ae' (k) Aét (k)

~;T i i i i T ig-i i
+2u' (k)n'K* (k)e' (k) + (n'K* (k) €' (k) n'K"(k)e" (k) (42)
From Lemma 2, substituting (29), we obtain

AVI(k) < =29 (k)el (k) +~" ¢ (k)el (k) +2a" (k)n'K’ (k)e (k)

+ (K (k) e (k) K (k) e (k)

IN

2 e B 4 et ]+ 2|

@’ (k)i ()| [l k)|

[l 5 W e ®)| (43)
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where v¢ = max HHZT (k)n'K* (k)H . From Lemma 3, it follows that @’ (k) is bounded; then there is n* > 0 such

that:

AV (k) <0, once |ei (k)| > K (44)
with ' defined as

-_-T—i
i 2n'wt K

K = —
2yt — i — i’ K

where W' is the upper bound of @' and &K' is the upper bound of K* (k) [20]. From (44) it follows the boundness

of Vi (k) for k > kr, that leads to the SGUUB of e’ (k). ]

IV. APPLICATIONS

In this section, we apply the above developed scheme to control a three-phase induction motor. Induction motor
is one of the most used actuators for industrial applications due to its reliability, ruggedness and relatively low cost.
The control of the induction motor is challenging, since its dynamics is described by multivariable, coupled, and
highly nonlinear system [13]. Early works on control of induction motors was focused on the field oriented control
(FOC) [8], exact input-output linealization, adaptive input output linearization, direct torque control (DTC) [8];
however most of those works were developed for continuous-time model of the motor. In [13] it was proposed
discrete-time model and control algorithm assuming that the parameters and load torque of the motor model are

known. Now we consider the control problem assuming that the it is only known the rotor flux dynamics.



A. Motor model

The six-order discrete-time induction motor model in the stator fixed reference frame (e, 3), under the assump-

tions of equal mutual inductances and linear magnetic circuit, is given by [13]

wk+1) = wk)+5 1 —a)x M (B (k) =i (k)0 (k) - G) Ty, (k)

PU(k+1) = cos(nyf (k+1))py (k) —sin(ny0 (k+1)) py ()
VP (k+1) = sin(n,0(k+1))p; (k) + cos (ny0 (k + 1)) py (k)
“(k+1) = o*(k)+ %uo‘ (k) + dy (k)
Pk+1) = P (k)+ %uﬁ (k) + d2 (k)
O(k+1) = 0(k) +w(k)T+g [T— “%O(“)} x M (iﬂ (k) (k) — i (k) o° (k:)) - TLJWT2 (45)

with
pr (k) = a (cos (& (k) ¥ (k) + sin (6 (1)) v () ) + b (cos (6 (k) i (k) + sin (6 (k)) i* ()

pa (k) = a (cos (& (k) ¥ (k) — sin (6 (1)) v () ) + b (cos (6 (k) i (k) — sin (6 (k)) i* ()

AS)
Q
—~
=
~

Il

i€ (k) + aBT" (k) +nyBTw (k) 6° () — 4T3 (k)

i (k) + aBTY° (k) 4+ npBTw (k) (k) — vTi" (k)

AN
@
—~
=N
~

I

(k) = npd (k)

withb=(1—a)M,a = IE—:,’V = A{IQLI? + %,a =L, — Ag—f,ﬁ = Uj\gr,a =e T = Af;” where Ls, L, and M are
the stator, rotor and mutual inductance respectively; Ry and R, are the stator and rotor resistances respectively;

nyp is the number of pole pairs; ¢* and i? represents the currents in the o and /3 phases, respectively; ¢ and 7,/16

represents the fluxes in the o and 8 phases, respectively and 6 is the rotor angular displacement.

B. Block-Strict-Feedback-Form (BSFF) for the induction motor

Define the following states:

w (k i (k
S () = (k) o2 (k) (k)
U (k) i (k)
u® (k wq (k
wy = | = | W
_uﬁ(k) U, (k)
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where ¥ (k) = wa2 (k) + wﬁQ (k) is the rotor flux magnitude, wq (k) and ¥4 (k) are the reference signals. The
objective of control is to drives the output y (k) to track the reference y4 (k). Using (46) the system (45), can be

represented in the BSFF consisting of two blocks

zt (k+1)

(@t (k) +g" (* (k) 2® (k) +d" (k)
?(k+1) = 2@ (k) +9* @ (k) u(k)
where f! (2! (k)),g* (z1(k)), f2 (T2 (k) and g2 (T2 (k)) are assumed to be unknown and d (k) is the unknown

bounded disturbances; in this case this disturbance is the load torque. Now we use the HONN to approximate the

desired virtual controls and the ideal practical controls described as

The HONN proposed for this application is as follows:

1T

ol (k) =w' S' (2" (k)
u(k) =w? % (2% (k) (48)

with

The weights are updated using the EKF as follows:

w' (k4 1) = w' (k) +n'K* (k) e (k) (1<i<?2)

K (k) = P' (k) H' (k) |[R* (k) + H'" (k) P* (k) H' (k)| (49)

Pi(k+1) =P (k)— K'(k)H'" (k)P (k) + Q' (k)

with
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The training is performed on-line, using a series-parallel configuration. All the NN states are initialized in a random
way. The covariances matrices are initialized as diagonals, and the nonzero elements are: P; (0) = P (0) = 10000;
Q1 (0) = Q2 (0) = 5000 and R; (0) = Ry (0) = 10000, respectively. The simulation is performing under the presence

of the disturbances d' (k) as shown in Fig. 3 and parametric variations (Fig. 8).

C. Reduced order nonlinear observer

The last control algorithm works with the full state and parameters measurement assumption [13]. However, the
rotor fluxes measurement is a difficult task. Here, a reduced order nonlinear observer is designed for fluxes with

rotor speed and currents measurements only. The flux dynamics in (45) can be written as

U (k+1) = aG (k) U (k) + (1 — a) MG (k) I (k)

with:
Ck) - cos (nyTw (k)) —sin(nyTw (k))
I sin (n,Tw (k))  cos (n,Tw (k))
I(k) = &) (50)
i’ (k)

The proposed observer for the system (45), assumes speed and current measurements, and an unknown load.
U (k+1)=aG (k) U (k) + (1 —a) MG (k) I (k)

Let us define

Then:

eV (k+1) =aG (k) e” (k) (51)
A Lyapunov candidate function to proof stability of e¥ (k) is:
V (k) =" (k) e (k)
with

AV(E) = V(k+1) -V =e¥ (k—1)e%(k+1)—e? (k)e” (k)

= " (k) (®GT (k)G (k) — 1) e” (k) (52)



18
where

a?GT (k)G (k)—1<0
By (50), GT (k) G (k) = I then the condition is reduced to

a? 0 10
- <0
0 a? 0 1
Then a < 1 where a = e~ T and I is an identity matrix. This condition is satisfied due to the fact that 7" and «

are always positive. So the increment of the Lyapunov function (52) is always negative implying that the tracking

. ~ ~B .
error tends asymptotically to zero. Now we use wa and ¢ to implement the control algorithm developed above.

D. Simulation Results
The simulation is performing using the system (45) with the follow parameters.

Table 1. Induction motor parameters.

PARAMETER VALUE DESCRIPTION
Ry 140 Stator resistance
L, 400mH Stator inductance
M 37TmH Mutual inductance
R, 10.1Q Rotor resistance
L, 412.8mH Rotor inductance
np 2 Number of pole pairs

J O.OlKvgﬂ”L2 Moment of inertia
Wn, 168.57“ad/5 Nominal speed
TLn 1.1Nm Nominal load

T 0.001s Sampling period

The tracking results are presented in Fig. 1, and Fig. 2. There the tracking performance can be verified for
the two plant outputs. The Fig. 3 display the load torque applied as an external disturbance. Fig. 4 displays a
parametric variation introduced in the rotor resistance (R,.) as an increment. Fig. 5 shows the weight evolution.
Fig. 6 and Fig. 7 displays the control law signals. Fig. 8 and Fig. 9 portrays the fluxes and their estimates.

Comment 1. The purpose of this paper is to improve the tracking performance for a class of MIMO nonlinear

systems in discrete-time, by means of the use of the EKF' as the neural network learning algorithm; this approach
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is validated by the simulation results presented above.

Comment 2. In this paper, the causality contradiction is avoided due to the fact that the controller is constructed
based on the maximum r-step ahead predictor by the backstepping technique.

Comment 8. In literature there are few results that present both external disturbances (load torque) and

parametric changes (resistance variations) as in this paper.

V. CONCLUSIONS

This paper has presented the application of HONN to solve the tracking problem for a class of MIMO nonlinear
systems in discrete-time using backstepping technique. The training of the neural network is performed on-line
using an extended Kalman filter. The boundness of the tracking error is established on the basis of the Lyapunov
approach. The HONN training with the learning algorithm based in EKF presents good performance even in pres-
ence of larger bounded disturbances such as load torque variations and change on the plant parameters (resistance

change).
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