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stract– This paper deals with the adaptive tracking
lem for discrete-time induction motor model in pres-
of bounded disturbances. In this paper, a high or-
eural network structure is used to identify the plant
el and based on this model, a discrete-time control
is derived, which combines discrete-time block con-
and sliding modes techniques. The paper also in-
es the respective stability analysis, for the whole sys-
with a strategy to avoid specific adaptive weights
croosing. Applicability of the scheme is illustrated
imulation for a discrete-time nonlinear model of an
ric induction motor.

ywords– Recurrent high order neural networks, Ex-
ed Kalman filtering, Induction Motor, Discrete-time
g mode control, Neural block control.

I. Introduction

duction motors are widely used in industrial appli-
ns due to their reliability, simpler construction and
ced cost with respect, for example, to d.c.motors.
ever, the control of induction motors can be a dif-
t problem since the dynamics are highly nonlinear
the parameters, mainly rotor resistance and load
ue, could de considered as time varying. Provided
all state variables are measured and all parameters
nown, different controllers have been proposed, in-
ing field oriented controller [7], variable structure
ng mode controller [12] and [15], and more recently,
t input-output linearizing [9] and passivity-based
rollers [6].
ural networks (NN) have become a well-established
odology as exemplified by their applications to
tification and control of nonlinear and complex sys-
[3]; the use of high order neural networks for mod-
g and learning has recently increased [2]. For many
inear systems it is often difficult to obtain their ac-
te and faithful mathematical models, regarding their
ically complex structures and hidden parameters as
ssed in [1]. Therefore, the system identification be-
s important problem and even necessary before sys-
control can be considered not only for understanding
predicting the behavior of the system, but also to ob-
an effective control law. The identification problem
ists on the selection of an appropriate identification
el and adjusting its parameters according to some
tive law, such that the response of the model to an
t signal (or class of input signals), approximates the
onse of the real system for the same input [11].

The best well-known training approach for recurrent
neural networks (RNN) is the back propagation through
time learning [13]. However, it is a first order gradient
descent method and hence its learning speed could be
very slow [13]. Recently the Extended Kalman Filter
(EKF) based algorithms has been introduced to train
neural networks, in order to improve the learning con-
vergence [13]. The EKF training of neural networks,
both feedforward and recurrent ones, has proven to be
reliable and practical for many applications over the
past ten years [13]. There already exist publications
about trajectory tracking using neural networks ([2],
[10], [11]); 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 avail-
able 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
[3]. Besides, discrete-time neural networks are better
fitted for real-time implementations. In recent adap-
tive and robust control literature, numerous approaches
have been proposed for the design of nonlinear control
systems. Among these, the block control (BC) consti-
tutes a well suited design methodology [8]. Nevertheless,
as well as several feedback linearization schemes the BC
may present sigularities, yielding frequently, closed-loop
system instability. In this paper, we use an Extended
Kalman Filter (EKF)-based training algorithm for a re-
current high order neural network (RHONN), in order
to identify discrete-time nonlinear systems and to over-
come the controller singularity problem; based on this
model, a discrete-time control law is derived, which com-
bines discrete-time block control and sliding modes tech-
niques. 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 applicability
is illustrated by trajectory tracking for induction motors.

II. Discrete-Time Induction Motor Model

The six-order discrete-time induction motor model in
the stator fixed reference frame (α, β) under the assump-
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tions of equal mutual inductances and linear magnetic
circuit is given by [8]

ω (k + 1) = ω (k) +
µ

α
(1− α)−

µ
T

J

¶
TL (k)

×M
³
iβ (k)ψα (k)− iα (k)ψβ (k)

´
ψα (k + 1) = cos (npθ (k + 1)) ρ1 (k)

− sin (npθ (k + 1)) ρ2 (k) (1)

ψβ (k + 1) = sin (npθ (k + 1)) ρ1 (k)

+ cos (npθ (k + 1)) ρ2 (k)

iα (k + 1) = ϕα (k) +
T

σ
uα (k)

iβ (k + 1) = ϕβ (k) +
T

σ
uβ (k)

θ (k + 1) = θ (k) + ω (k)T +
µ

α

·
T − (1− a)

α

¸
×M

³
iβ (k)ψα (k)− iα (k)ψβ (k)

´
−TL (k)

J
T 2

with

ρ1 (k) = a
³
cos (φ (k))ψα (k) + sin (npφ (k))ψ

β (k)
´

+b
¡
cos (φ (k)) iα (k) + sin (φ (k)) iβ (k)

¢
ρ2 (k) = a

³
cos (φ (k))ψα (k)− sin (φ (k))ψβ (k)

´
+b
¡
cos (φ (k)) iα (k)− sin (φ (k)) iβ (k)¢

ϕα (k) = iα (k) + αβTψα (k) + npβTω (k)ψ
α (k)

−γT iα (k)
ϕβ (k) = iβ (k) + αβTψβ (k) + npβTω (k)ψ

β (k)

−γT iβ (k)
φ (k) = npθ (k) (2)

where b = (1− a)M, α = Rr
Lr

, γ = M2Rr
σL2r

+ Rs
σ ,

σ = Ls − M2

Lr
, β = M

σLr
, a = e−αT , µ =

Mnp
JLr

with
Ls, Lr and M are the stator, rotor and mutual induc-
tance, respectively; Rs and Rr are the stator and rotor
resistances, respectively; np is the number of pole pairs;
iα and iβ represent the currents in the α and β phases,
respectively; ψα and ψβ represent the fluxes in the α
and β phases, respectively and θ is the rotor angular
displacement.

III. Mathematical definitions

A. Stability Definitions

This section close follows [3]. Through this paper, we
use k as the step sampling, k ∈ 0∪Z+ , |•| as the absolute
value and, k•k as the Euclidian norm for vectors and
as any adequate norm for matrices. Consider a MIMO
nonlinear system

χ (k + 1) = F (χ (k) , u (k)) (3)

where χ ∈ <n, u ∈ <m and F ∈ <n × <m → <n is
nonlinear function.
Definition 1: The system (3) 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

χ (k + 1) = F (χ (k)) (4)

is said to be unforced.
Definition 2: The system (4), can be obtained after

selecting the input u as a feedback function

u (k) = ξ (χ (k)) (5)

Such substitution eliminates u:

χ (k + 1) = F (χ (k) , ξ (χ (k))) (6)

and yields the unforced system (6).
Definition 3: [3] A solution of (3)−(5) is semiglobally

uniformly ultimately bounded (SGUUB), if for any Ω, a
compact subset of <n and all χ (k0) ∈ Ω, there exists an
ε > 0 and a number N (ε, χ (k0)) such that kχ (k)k < ε
for all k ≥ k0 +N .
In other words, the solution of (3) is said to be SGUUB

if, for any a priory given (arbitrarily large) bounded set
Ω and any a priory given (arbitrarily small) setΩ0, which
contains (0, 0) as an interior point, there exists a control
(5), such that every trayectory of the closed loop system
starting from Ω enters the set Ω0 = {χ (k) | kχ (k)k < ε},
in a finite time and remains in it thereafter.
Theorem 1 [3] Let V (χ (k)) be a Lyapunov function

for the discrete-time system (3), which satisfies the fol-
lowing properties:

γ1 (kχ (k)k) ≤ V (χ (k)) ≤ γ2 (kχ (k)k)
V (χ (k + 1))− V (χ (k)) = ∆V (χ (k))

≤ −γ3 (kχ (k)k) + γ3 (ζ)

where ζ is a positive constant, γ1 (•) and γ2 (•) are
strictly increasing functions, and γ3 (•) is a continuous,
nondecreasing function. Thus if

∆V (χ) < 0 for kχ (k)k > ζ

then χ (k) is uniformly ultimately bounded, i.e. there is
a time instant kT , such that kχ (k)k < ζ, ∀ k < kT .
Definition 4: [5] A subset S ∈ <n is bounded if there

is r > 0 such that kχk ≤ r for all χ ∈ S .
Definition 5: [5] The system (7) is said to be BIBO

stable if for a bounded input u (k) , the system produces
a bounded output y (k) for 0 < k <∞ .
Lemma 1 : Consider a linear time varying discrete-

time system given by

χ (k + 1) = A (k)χ (k) +Bu (k)

y (k) = Cχ (k) (7)
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where A (k) , B and C are appropriately dimensional ma-
trices, χ ∈ <n, u ∈ <m and y ∈ <p.
Let Φ (k (1) , k (0)) be the state-transition matrix cor-

responding to A (k) for system (7), i.e. Φ (k (1) , k (0)) =Yk=k1−1
k=k(0)

A (k). If kΦ (k (1) , k (0))k < 1 ∀k (1) >

k (0) > 0, then the system (7) is
1) globally exponentially stable for the unforced sys-

tem and
2) Bounded Input-Bounded Output (BIBO) stable [3].

B. Discrete-time Recurrent High Order Neural Networks

Consider the following discrete-time recurrent high or-
der neural network (RHONN):

xi(k + 1) = w>i zi(x(k), u(k)), i = 1, · · · , n (8)

where xi (i = 1, 2, · · · , n) is the state of the ith neu-
ron, Li is the respective number of higer-order con-
nections, {I1, I2, · · · , ILi} is a collection of non-ordered
subsets of {1, 2, · · · , n}, n is the state dimension, wi

(i = 1, 2, · · · , n) is the respective on-line adapted weight
vector, and zi(x(k), u(k)) is given by

zi(x(k), u(k)) =


zi1
zi2
...

ziLi

 =

Πj∈I1y

dij(1)
ij

Πj∈I2y
dij(2)
ij
...

Πj∈ILiy
dij(Li)
ij

 (9)

with dji(k) being a nonnegative integers, and yi is de-
fined as follows:

yi =



yi1
...
yi1
yin+1
...

yin+m


=



S(x1)
...

S(xn)
u1
...
um


(10)

In (10), u = [u1, u2, . . . , um]> is the input vector to the
neural network, and S(•) is defined by

S(x) =
1

1 + exp(−βx) (11)

Consider the problem to approximate the general
discrete-time nonlinear system (3), by the following
discrete-time RHONN serie-parallel representation [11]:

χi (k + 1) = w∗>i zi (x(k), u(k))+�zi , i = 1, · · · , n (12)

where χi is the ith plant state, �zi is a bounded ap-
proximation error, which can be reduced by increasing
the number of the adjustable weights [11]. Assume that
there exists ideal weights vector w∗i such that k�zik can
be minimized on a compact set Ωzi ⊂ <Li The ideal

weight vector w∗i is an artificial quantity required for
analytical purpose [11]. In general, it is assumed that
this vector exists and is constant but unknown. Let us
define its estimate as wi and the estimation error as

ewi (k) = wi (k)− w∗i (13)

The estimate wi is used for stability analysis which
will be discussed later. Since w∗i is constant, thenewi (k + 1)− ewi (k) = wi (k + 1)− wi (k), ∀k ∈ 0 ∪ Z+.

IV. The EKF Training Algorithm

It is known, that Kalman filtering (KF) estimates the
state of a linear system with additive state and out-
put white noises [4], [14]. 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 [10] and references therein). The training
goal is to find the optimal weight values which minimize
the prediction error. In this paper, we use a modified
EKF-based training algorithm described by

wi (k + 1) = wi (k) + ηiKi (k) ei (k) (14)

Ki (k) =

½
Pi (k)Hi (k)Mi (k) if kwi (k)k > ci

0 if kwi (k)k < ci

Pi (k + 1) = Pi (k)−Ki (k)H
>
i (k)Pi (k) +Qi (k)

i = 1, · · · , n
with

Mi (k) =
£
Ri (k) +H>

i (k)Pi (k)Hi (k)
¤−1

(15)

ei (k) = χi (k)− xi (k) (16)

where ci > 0 is a constrain used to avoid the zero-
croosing, ei (k) ∈ < is the respective identification
error, Pi (k) ∈ <Li×Li is the prediction error covariance
matrix at step k, wi ∈ <Li is the weight (state) vector,
Li is the respective number of neural network weights, χi
is the ith plant state, xi is the ith neural network state,
n is the number of states, Ki ∈ <Li is the Kalman gain
vector, Qi ∈ <Li×Li is the NN weight estimation noise
covariance matrix, Ri ∈ < is the error noise covariance;
Hi ∈ <Li is a vector, in which each entry (Hij ) is the
derivative of one of the neural network state, (xi), with
respect to one neural network weight, (w

ij ), as follows

Hij (k) =

·
∂xi (k)

∂wij (k)

¸>
wi(k)=wi(k+1)

(17)

where i = 1, ..., n and j = 1, ..., Li. If we select ci = 0 the
modified EKF (MEKF) (14) becomes the standard ex-
tended Kalman Filter [4]. Usually Pi and Qi are initial-
ized as diagonal matrices, with entries Pi (0) and Qi (0),
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respectively. It is important to remark that Hi (k) ,
Ki (k) and Pi (k) for the EKF are bounded; for a de-
tailed explanation of this fact see [14].

V. Identification

In this section we consider the problem to identify the
nonlinear system (3) using a RHONN (8) trained with a
MEKF algorithm (14) and we establish the main result
in the following theorem.
Theorem 2 : The RHONN (8) trained with the MEKF-

based algorithm (14) to identify the nonlinear plant (8) ,
ensures that the identification error (16) is semiglobally
uniformly ultimately bounded (SGUUB); moreover, the
RHONN weights remain bounded.

Proof: Case 1. kwi (k)k > ci. Consider the Lya-
punov function candidate

Vi (k) =
1

2
e2i (k) + ew>i (k) ewi (k) (18)

whose first difference is:

∆Vi (k) = Vi (k + 1)− Vi (k) (19)

From (13) and (14), then

ewi (k + 1) = ewi (k) + ηiKi (k) ei (k) (20)

Let us define

[ ewi (k) + ηiKi (k) ei (k)]
>

× [ ewi (k) + ηiKi (k) ei (k)]

= ew>i (k) ewi (k) + 2ηiei (k) ew>i (k)Ki (k)

+η2i e
2
i (k)K

>
i (k)Ki (k) (21)

From (16), it follows

ei (k + 1) = ei (k) +∆ei (k)

e2i (k + 1) = e2i (k) + 2ei (k)∆ei (k) + (∆ei (k))
2(22)

where ∆ei (k) is the difference error. Substituting (21)
and (22) in (18) and then in (19) yields

∆Vi (k) = ei (k)∆ei (k) +
1

2
(∆ei (k))

2

+2ηiei (k) ew>i (k)Ki (k)

+η2i e
2
i (k)K

>
i (k)Ki (k) (23)

From (16), we obtain

∂ei (k)

∂wi (k)
= − ∂xi (k)

∂wi (k)
(24)

Let as approximate (24) by

∆ei (k) =

·
∂ei (k)

∂wi (k)

¸>
∆wi (k) (25)

Using (12), (17) and (24) in (25), yields

∆ei (k) = −ηiH>
i (k)Ki (k) ei (k) (26)

Defining

gi = max
°°H>

i (k)Pi (k)Hi (k)Mi (k)
°°

with Mi (k) as in (15), (26) can be rewritten as

∆ei (k) ≤ −ηigiei (k) (27)

Using (27) in (23), then

∆Vi (k) ≤ −ηigi |ei (k)|2 +
1

2
η2i g

2
i |ei (k)|2

+2ηi |ei (k)|
°° ew>i (k)°° kKi (k)k

+η2i |ei (k)|2 kKi (k)k2 (28)

The weight adaptation dynamics (20) can be written as

ew>i (k + 1) = ew>i (k)− ηiK
>
i (k) zi (k) ew>i (k)

+ηiK
>
i (k) �zi

= Ai (k) ew>i (k) +Bi (k) vzi (k)

with

Ai (k) =
£
I − ηiK

>
i (k) zi (k)

¤
Bi (k) = ηi, vzi (k) = K>

i (k) �zi (k) (29)

As in [16], in this paper the plant (3) is assumed
to be BIBO, �zi is also assumed to be bounded and
zi (k) is bounded too. Hence Ai (k) always satisfies
kΦ (k (1) , k (0))k < 1. By applying Lemma 1, ewi (k) is
bounded. Then in (28) ∆Vi (k) ≤ 0 , once |ei (k)| > κi.

with κi =
|4w>

i Ki|
|2gi−ηig2i−2ηikKk2i | ; furthermore g > 0 and

ηi > 0. This implies the boundness of Vi (k) for k ≥ 0
which leads to the SGUUB of ei (k) .
Case 2. kwi (k)k < ci. Consider the same Lyapunov

function candidate as in case 1 (19) ifKi = 0 this implies
that ∆Vi (k) = 0 then the identification error and the
weights are bounded.
The constraint ci allows to eliminate the controller

singularities for specific weights zero-crossing.

VI. Neural Block Control (NBC)

In this paper, the control law is based on the neural
network identifier (8) updated with the MEKF (14). The
control scheme is based on the following proposition
Proposition 1. Given a desired output trayectory yr,

a dynamic system with output yp, and a neural network
with output yn, then it is possible to establish the fol-
lowing inequality [2]:

kyr − ypk ≤ kyn − ypk+ kyr − ynk
where yr − yp is the system output tracking error, yn −
yp is the output identification error, and yr − yn is the
RHONN output tracking error.
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Based on this proposition, it is possible to divide the
tracking error in two parts [2]:
1. Minimization of yn − yp,which can be achieved by
the proposed on-line identification algorithm (14) on the
basis of theorem 2.
2. Minimization of yn−yr, for that a tracking algorithm
is developed on the basis of the neural identifier (8). This
can be reached by designing a control law based on the
RHONN model. To design such controller we propose
to use the NBC methodology [2], [8].
Due to space limitations and given that the conver-

gence of the term kyr − ynk has been done before [2],
[8], we do not include it in this paper.

VII. Induction Motor Control

In this section we apply the above developed scheme
to control a three-phase induction motor, which model
is described in section II.

A. Neural network identification

The RHONN proposed for this application is as fol-
lows:

x1 (k + 1) = w11 (k)S (ω (k)) (30)

+w12 (k)S (ω)S
³
ψβ (k)

´
iα (k)

+w13 (k)S (ω)S (ψ
α (k)) iβ (k)

x2 (k + 1) = w21 (k)S (ω (k))S
³
ψβ (k)

´
+w22 (k) i

β (k)

x3 (k + 1) = w31 (k)S (ω (k))S (ψ
α (k))

+w32 (k) i
α (k)

x4 (k + 1) = w41 (k)S (ψ
α (k)) + w42 (k)S

³
ψβ (k)

´
+w43 (k)S (i

α (k)) + w44 (k)u
α (k)

x5 (k + 1) = w51 (k)S (ψ
α (k)) + w52 (k)S

³
ψβ (k)

´
+w53 (k)S

¡
iβ (k)

¢
+ w54 (k)u

β (k)

The training is performed on-line, using a series-parallel
configuration. All the NN states are initialized in a ran-
dom way as well as the weights vectors. It is important
remark that the initial conditions of the plant are com-
pletely different from the initial conditions for the NN.

B. Neural Block Controller design

Given full state measurements, the control objective
is to develop velocity and flux amplitude tracking for
the discrete-time induction motor model (30), using the
discrete-time block control and sliding mode techniques.
Let us define the following states as

x1 (k) =

·
x1 (k)− ωr (k)
Ψ (k)−Ψr (k)

¸
, x2 (k) =

·
iα (k)
iβ (k)

¸
(31)

where Ψ (k) = x22 (k) + x23 (k) is the rotor flux identify
magnitude, Ψr (k) and ωr (k) are reference signals. Then

Ψ (k + 1) = w221 (k)S
2 (ω (k))S2

³
ψβ (k)

´
+w222 (k) i

β2 (k) + w232 (k) i
α2 (k)

+w231 (k)S
2 (ω (k))S2 (ψα (k))

+2w21 (k)S (ω (k))S
³
ψβ (k)

´
w22 (k) i

β (k)

+2w31 (k)S (ω (k))S (ψ
α (k))w32 (k) i

α (k)

Using (31), (30) can be represented in the block control
form consisting of two blocks

x1 (k + 1) = f1
¡
x1 (k)

¢
+B1

¡
x1 (k)

¢
x2 (k)

x2 (k + 1) = f2
¡
x1 (k) , x2 (k)

¢
+B2u (k) (32)

with u (k) =
£
uα (k) uβ (k)

¤>
and

f1
¡
x1 (k)

¢
=

·
w11 (k)S (ω (k))− ωr (k + 1)

f11 (k)

¸
f11 (k) = w221 (k)S

2 (ω (k))S2
³
ψβ (k)

´
+w231 (k)S

2 (ω (k))S2 (ψα (k))

+w2I2m (k)−Ψr (k + 1)
Im (k) =

q
w222 (k) i

α2 (k) + w232 (k) i
β2 (k)

B1
¡
x1 (k)

¢
=

·
b11 (k) b12 (k)
b21 (k) b22 (k)

¸
b11 (k) = w12 (k)S (ω)S

³
ψβ (k)

´
b12 (k) = w13 (k)S (ω)S (ψ

α)

b21 (k) = 2w31 (k)w32 (k)S (ω (k))S (ψ
α (k))

b22 (k) = 2w21 (k)w22 (k)S (ω (k))S
³
ψβ (k)

´
f2
¡
x2 (k)

¢
=

·
f21 (k)
f22 (k)

¸
, B2 =

·
w44 (k) 0
0 w54 (k)

¸
f21 (k) = w41 (k)S (ψ

α (k))

+w42 (k)S
³
ψβ (k)

´
+ w43 (k)S (i

α (k))

f22 (k) = w51 (k)S (ψ
α (k))

+w52 (k)S
³
ψβ (k)

´
+ w53 (k)S

¡
iβ (k)

¢
Applying the block control technique, we define the fol-
lowing vector z1 (k) = x1 (k) . Then

z1 (k + 1) = f1
¡
x1 (k)

¢
+B1

¡
x1 (k)

¢
x2 (k) = Kz1 (k)

(33)
where K = diag {k1, k2}, with k1 > 0 and k2 > 0; then
the desired value x2d (k) of x2 (k) is calculated from (33)
as

x2d (k) = B−11
¡
x1 (k)

¢ £−f1 ¡x1 (k)¢+Kz1 (k)
¤

It is desired that and x2 (k) = x2d (k) . In this way, it is
defined a second new error vector

z2 (k) = x2 (k)− x2d (k)
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Then

z2 (k + 1) = f3
¡
x1 (k)

¢
+B2 (k)u (k)

with

f3
¡
x1 (k)

¢
= f2

¡
x2 (k)

¢
−B−11

¡
x1 (k)

¢ £−f1 ¡x1 (k)¢+Kz1 (k)
¤

Let us select the surface for the sliding mode as S (k) =
z2 (k) . In order to design a control law, a discrete-time
sliding mode version is implemented as

u (k) =

(
ueq (k) if kueq (k)k ≤ u0
u0

ueq(k)
kueq(k)k if kueq (k)k > u0

where ueq (k) = −B−12 (k) f3
¡
x1 (k)

¢
is calculated from

S (k) = 0 and u0 is the control resources that bound the
control. Due the time varying of RHONN weights, we
need to guarantee that B1 (•) and B2 (•) are not singu-
lars; then it is necessary to avoid the zero-crossing of the
weights w13 (k), w22 (k), w32 (k), w44 (k) and w54 (k) ,
which are the so-called controllability weights [2]. It is
important to remark that in this application only the
weights w44 (k) and w54 (k) tend to cross zero.

C. Reduced order nonlinear observer

The last control algorithm requires the full state mea-
surement assumption [8]. However, rotor fluxes mea-
surement is a difficult task. Here, a reduced order non-
linear observer is designed for fluxes on the basis of rotor
speed and currents measurements. The flux dynamics in
(30) can be written as

Ψ (k + 1) = aG (k)Ψ (k) + (1− a)MG (k) I (k)

with I(k) =
£
iα (k) , iβ (k)

¤>
and:

G (k) =

·
cos (npTω (k)) − sin (npTω (k))
sin (npTω (k)) cos (npTω (k))

¸
(34)

The proposed observer for the system (30), assuming
speed and current measurements, and an unknown load
is given in [8]

bΨ (k + 1) = aG (k) bΨ (k) + (1− a)MG (k) I (k)

Let us define

eΨ (k) = Ψ (k)− bΨ (k)
Then:

eΨ (k + 1) = aG (k) eΨ (k) (35)

A Lyapunov candidate function to proof stability of
eΨ (k) is:

V (k) = eΨ
>
(k) eΨ (k)

with

∆V (k) = V (k + 1)− V (k)

= eΨ
>
(k − 1) eΨ (k + 1)− eΨ

>
(k) eΨ (k)

= eΨ
>
(k)
¡
a2G> (k)G (k)− I

¢
eΨ (k) (36)

where
a2G> (k)G (k)− I < 0

By (34) , G> (k)G (k) = I then the condition is reduced
to ·

a2 0
0 a2

¸
−
·
1 0
0 1

¸
< 0

Then a < 1 where a = e−αT and I is an identity matrix.
This condition is satisfied due to the fact that T and
α are always positive. Hence the increment of the Lya-
punov function (36) is always negative, implying that
the tracking error tends asymptotically to zero. Now,

we use bψα and bψβ to implement the control algorithm
described above.

D. Simulation results

Simulations are performed for the system (30), using
the following parameters.

Table 1. Induction motor parameters.
Parameter Value Description

Rs 14Ω Stator resistance

Ls 400mH Stator inductance

M 377mH Mutual inductance

Rr 10.1Ω Rotor resistance

Lr 412.8mH Rotor inductance

np 2 Number of pole pairs

J 0.01Kgm2 Moment of inertia

ωn 168.5rad/s 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 and identification performance can
be verified for the two plant outputs. Fig. 3 displays
the load torque applied as an external disturbance. Fig.
4 presents the parametric variation introduced in the
rotor resistance (Rr) as a variation of 1 Ohm per second.
Fig. 5 shows the weight evolution. Fig. 6 and Fig. 7
portray the fluxes and their estimates.

VIII. Conclusions

This paper has presented the application of recurrent
high order neural networks to design a block control for
a class of discrete-time nonlinear systems. The train-
ing of the neural networks is performed on-line using an
extended Kalman filter. The boundness of the identifi-
cation error is established on the basis of the Lyapunov
approach. Simulation results illustrate the applicability
of the proposed control methodology.
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Fig. 1. Tracking performance ω (k) (solid line), x1 (k) (dash-dot
line) and ωr (k) (dashed line).
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Fig. 2. Tracking performance Ψ (k) (solid line), x22+x23 (dash-dot
line) and Ψd (k) (dashed line).
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Fig. 3. Load torque TL (k)
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Fig. 4. Rotor resistance variation (Rr)
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Fig. 5. Weight evolution
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Fig. 6. Time evolution of ψα (k) and its estimate (real in solid
line and estimated in dashed line)
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Fig. 7. Time evolution of ψβ (k) and its estimate (real in solid
line and estimated in dashed line)
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