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Abstract
This paper focuses on the problem of discrete-time nonlinear system identiﬁcation via recurrent
high order neural networks. It includes the respective stability analysis on the basis of the Lyapunov
approach for the NN training algorithm. Applicability of the proposed scheme is illustrated via
simulation for a discrete-time nonlinear model of an electric induction motor.
& 2010 The Franklin Institute. Published by Elsevier Ltd. All rights reserved.

1. Introduction
Modern control systems usually require a very structured knowledge about the system to
be controlled; such knowledge should be represented in terms of differential or difference
equations. This mathematical description of the dynamic system is named as the model.
There can be several motives for establishing mathematical descriptions of dynamic
systems, such as simulation, prediction, fault detection, and control system design.
Basically there are two ways to obtain a model; it can be derived in a deductive manner
using physics laws, or it can be inferred from a set of data collected during a practical
experiment. The ﬁrst method can be simple, but in many cases is excessively
time-consuming; it would be unrealistic or impossible to obtain an accurate model in
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this way. The second method, which is commonly referred as system identiﬁcation, could
be a useful short cut for deriving mathematical models. Although system identiﬁcation not
always results in an accurate model, a satisfactory model can be often obtained with
reasonable efforts. The main drawback is the requirement to conduct a practical
experiment, which brings the system through its range of operation [2,11].
Regardless of the fact that all systems in principle are nonlinear, the major part of the
literature on system identiﬁcation deals with the identiﬁcation of linear systems. However,
the nonlinearities are frequently of such severe character that employing a nonlinear model
in the control design can enhance the performance of the control system greatly.
Obviously, nonlinear modelling is therefore important [11,12]. On the other hand it is well
known that, even with one hidden layer, neural networks can uniformly approximate any
continuous function over a compact domain, provided the network has sufﬁcient number
of units, or neurons [13]. Then it results in a natural alternative, the use of neural networks
to construct model structures for nonlinear systems identiﬁcation.
Neural networks have grown to be a well-established methodology [6], which allows for
solving very difﬁcult problems in engineering, as exempliﬁed by their applications to
identiﬁcation and control of general nonlinear and complex systems [11,12]. Neural networks
consist of a number of interconnected processing elements or neurons. The way in which the
neurons are interconnected determines its structure. For identiﬁcation and control, the most
used structures are feedforward and recurrent ones [5,4,6,11]. In feedforward neural networks,
the neurons are grouped into layers; signals ﬂow from the input to the output via unidirectional
connections, the network exhibits high degree of connectivity, contains one or more hidden
layers of neurons and the activation function of each network is smooth, generally a sigmoid
function. For recurrent neural networks the outputs of the neuron are feedback to the same
neuron or neurons in the preceding layers; signals ﬂow in forward and backward directions [14].
Since the seminal paper [10], there has been continuously increasing interest in applying neural
networks to identiﬁcation and control of nonlinear systems, specially recurrent high order neural
networks (RHONN) due to their excellent approximation capabilities, using few units.
High-order networks are expansions of the ﬁrst-order Hopﬁeld and Cohen–Grossberg models
that allow higher-order interactions between neurons [13]. These kind of neural networks,
compared to the ﬁrst order ones, are more ﬂexible and robust when faced with new and or noisy
data patterns [4]. Besides high order neural networks performed better than the multilayer ﬁrst
order ones using a small number of free parameters [5,13]. Furthermore, different authors have
demonstrated the feasibility and the advantages of using these architectures in applications for
system identiﬁcation and control; however, most of those works were developed for continuoustime systems [10,13,14], the discrete-time case has not been discussed to the same degree [3,16].
The main motivation for using RHONN in system identiﬁcation, is because of, the model
obtained with the RHONN has a physical meaning, which is not possible with feedforward
neural networks. By using RHONN for the identiﬁcation of dynamic systems, the state of each
neuron represents a state variable of the system to be modelled, which means a considerable
reduction in the number of neurons in the network [10].
In this paper, a RHONN is used to identify the plant model, whose mathematical model
is assumed to be unknown, under the assumption of all the state is available for
measurement. The learning algorithm for the RHONN is implemented using a novel
learning algorithm. The respective stability analysis, on the basis of the Lyapunov
approach, for the whole scheme, is included. The applicability of these schemes is
illustrated by simulations for an electric three phase induction motor.
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2. Mathematical preliminaries
In this section, important mathematical preliminaries, required in future sections, are
presented. This section close follows [3].
2.1. Stability definitions
Through this paper, we use k as the sampling step, k 2 0 [ Zþ , jj as the absolute value
and, JJ as the Euclidian norm for vectors and as any adequate norm for matrices.
Consider a MIMO nonlinear system:
wðk þ 1Þ ¼ F ðwðkÞ;uðkÞÞ

ð1Þ

yðkÞ ¼ hðwðkÞÞ

ð2Þ

where w 2 Rn , u 2 Rm , and F 2 Rn  Rm -Rn is nonlinear function.
Deﬁnition 1. The system (1) is said to be forced, or to have inputs. In contrast the system
described by an equation without explicit presence of an input u, that is,
wðk þ 1Þ ¼ F ðwðkÞÞ
is said to be unforced. It can be obtained after selecting the input u as a feedback function
of the state
uðkÞ ¼ xðwðkÞÞ

ð3Þ

Such substitution eliminates u:
wðk þ 1Þ ¼ F ðwðkÞ;xðwðkÞÞÞ

ð4Þ

and yields an unforced system (4) [7].
Deﬁnition 2. The solution of Eqs. (1)–(3) is semiglobally uniformly ultimately bounded
(SGUUB), if for any O, a compact subset of Rn and all wðk0 Þ 2 O, there exists an e40 and
a number Nðe; wðk0 ÞÞ such that JwðkÞJoe for all kZk0 þ N.
In other words, the solution of Eq. (1) is said to be SGUUB if, for any a priori given
(arbitrarily large) bounded set O and any a priori given (arbitrarily small) set O0 , which
contains (0,0) as an interior point, there exists a control (3) such that every trajectory of the
closed loop system starting from O enters the set O0 ¼ fwðkÞjJwðkÞJoeg, in a ﬁnite time and
remains in it thereafter.
Theorem 1. Let V ðwðkÞÞ be a Lyapunov function for a discrete-time system (1), which
satisfies the following properties:
g1 ðJwðkÞJÞrV ðwðkÞÞrg2 ðJwðkÞJÞ
V ðwðk þ 1ÞÞV ðwðkÞÞ ¼ DV ðwðkÞÞrg3 ðJwðkÞJÞ þ g3 ðzÞ
where z is a positive constant, g1 ðÞ and g2 ðÞ are strictly increasing functions, and g3 ðÞ is a
continuous, nondecreasing function. Thus if
DV ðwÞo0 for JwðkÞJ4z
then wðkÞ is uniformly ultimately bounded, i.e. there is a time instant kT, such that
JwðkÞJoz; 8 kokT .
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Deﬁnition 3. A subset S 2 Rn is bounded if there exists r40 such that JwJrr for all w 2 S [7].
2.2. Discrete-time high order neural networks
The use of multilayer neural networks is well known for pattern recognition and for
modelling of static systems. The NN is trained to learn an input–output map. Theoretical
works have proven that, even with just one hidden layer, a NN can uniformly approximate
any continuous function over a compact domain, provided that the NN has a sufﬁcient
number of synaptic connections.
For control tasks, extensions of the ﬁrst order Hopﬁeld model called recurrent high
order neural networks (RHONN), which present more interactions among the neurons,
are proposed in [10,13]. Additionally, the RHONN model is very ﬂexible and allows to
incorporate to the neural model a priori information about the system structure.
Consider the following discrete-time recurrent high order neural network (RHONN):
xi ðk þ 1Þ ¼ w>
i zi ðxðkÞ;uðkÞÞ;

i ¼ 1; . . . ;n

ð5Þ

where xi ði ¼ 1; 2; . . . ; nÞ is the state of the i-th neuron, n is the state dimension,
wi ði ¼ 1; 2; . . . ; nÞ is the respective on-line adapted weight vector, and zi(x(k), u(k)) is given by
3
2
dij ð1Þ
2
3
P
x
j2I1 ij
zi1
7
6
6z 7 6
dij ð2Þ 7
7
6 i2 7 6 Pj2I2 xi
j
7
7¼6
ð6Þ
zi ðxðkÞ;uðkÞÞ ¼ 6
7
6 ^ 7 6
^
7
4
5 6
5
4
dij ðLi Þ
ziLi
Pj2ILi xij
with Li is the respective number of high-order connections, fI1 ; I2 ; . . . ; ILi g is a collection of
non-ordered subsets of f1; 2; . . . ; n þ mg, m is the number of external inputs, dji ðkÞ being
nonnegative integers, and xi deﬁned as follows:
3 2
3
2
xi 1
Sðx1 Þ
7
6 ^ 7 6
7 6 ^ 7
6
7 6
7
6
6 xi1 7 6 Sðxn Þ 7
7 6
7
6
ð7Þ
xi ¼ 6
7¼6
7
6 xinþ1 7 6 u1 7
7 6
7
6
6 ^ 7 6 ^ 7
5 4
5
4
xinþm
um
In Eq. (7), u ¼ ½u1 ; u2 ; . . . ; um > is the input vector to the neural network, and SðÞ is
deﬁned by
SðBÞ ¼

1
;
1 þ expðbBÞ

b40

ð8Þ

where B is any real value variable.
From Eq. (5) three possible models can be derived:



Parallel model
xi ðk þ 1Þ ¼ w>
i zi ðxðkÞ;uðkÞÞ;

i ¼ 1; . . . ;n

ð9Þ
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Series–parallel model
xi ðk þ 1Þ ¼ w>
i zi ðwðkÞ;uðkÞÞ;
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i ¼ 1; . . . ;n

ð10Þ

Feedforward model (HONN)
xi ðkÞ ¼ w>
i zi ðuðkÞÞ;

i ¼ 1; . . . ;n

where x is the NN state vector, w is the plant state vector and u is the input vector to
the NN.
Consider the problem to approximate the general discrete-time nonlinear system (1), by
the discrete-time RHONN series–parallel representation depicted in Fig. 1, which
mathematical model is given by [13]:
wi ðk þ 1Þ ¼ w>
i zi ðwðkÞ;uðkÞÞ þ ezi ;

i ¼ 1; . . . ;n

ð11Þ

where wi is the i-th plant state,ezi is a bounded approximation error, which can be reduced
by increasing the number of the adjustable weights [13].
Assumption 1. Assume that there exists ideal weights vector wi* such that Jezi J can be
minimized on a compact set Ozi  RLi . The ideal weight vector wi* is an artiﬁcial quantity
required for analytical purpose [13]. 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
w~ i ðkÞ ¼ wi wi ðkÞ

ð12Þ

The estimate wi is used for stability analysis, which will be discussed later. Since wi* is
constant, then w~ i ðk þ 1Þw~ i ðkÞ ¼ wi ðk þ 1Þwi ðkÞ, 8k 2 0 [ Zþ .
3. Neural identiﬁcation
In this section, we consider the problem to identify the nonlinear system
wðk þ 1Þ ¼ F ðwðkÞ;uðkÞÞ þ dðkÞ
u1

um

ð13Þ

wi,n+1

wi,n+m
xi (k+1)

Z1

z(x(k))

Zn

Σ

xi (k)
q-1

wi,1

wi,n
Πs (•)
xj (k)

Fig. 1. RHONN structure.
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where w 2 Rn , u 2 Rm , d 2 Rn is the disturbance vector and F 2 Rn  Rm -Rn is
nonlinear function. To identify the system (13), we use a RHONN deﬁned as
xi ðk þ 1Þ ¼ w>
i zi ðwðkÞ;uðkÞÞ;

i ¼ 1; . . . ;n

ð14Þ

as deﬁned in Eq. (5).
Consider the problem to approximate the general discrete-time nonlinear system (13), by
the following discrete-time RHONN series–parallel representation [13]:
wi ðk þ 1Þ ¼ w>
i zi ðwðkÞ;uðkÞÞ þ ezi ;

i ¼ 1; . . . ;n

ð15Þ

as explained in Eq. (11) with the estimation error (12) under Assumption 1.
Now, we establish the ﬁrst main result of this paper in the following theorem.
Theorem 2. The RHONN (14) trained with a weights updating laws selected as
wi ðk þ 1Þ ¼ Zi wi ðkÞ þ Ki ðkÞzi ðwðkÞ;uðkÞÞeðkÞ

ð16Þ

with Ki as an adaptive learning rate for the i-th state of the RHONN and Zi as its design
parameter, used to identify the nonlinear plant (13), ensures that the identification error
ei ðkÞ ¼ wi ðkÞxi ðkÞ

ð17Þ

is semiglobally uniformly ultimately bounded (SGUUB); moreover, the RHONN weights
remain bounded besides the dynamics of the identification error (17) can be expressed as
ei ðk þ 1Þ ¼ w~ i ðkÞzi ðwðkÞ;uðkÞÞ þ ezi

ð18Þ

and the dynamics of Eq. (12) can be written as
w~ i ðk þ 1Þ ¼ wi Zi wi ðkÞKi ðkÞzi ðwðkÞ;uðkÞÞeðkÞ

ð19Þ

Proof. Consider the Lyapunov function candidate
Vi ðkÞ ¼ Zi w~ Ti ðkÞw~ i ðkÞ þ Zi e2i ðkÞ

ð20Þ

DVi ðkÞ ¼ V ðk þ 1ÞV ðkÞ
¼ Zi w~ Ti ðk þ 1Þw~ i ðk þ 1Þ þ Zi e2i ðk þ 1ÞZi w~ Ti ðkÞw~ i ðkÞZi e2i ðkÞ
Using Eqs. (18) and (19) in Eq. (20)
DVi ðkÞ ¼ Zi ðw~ i ðkÞzi ðwðkÞ;uðkÞÞ þ ezi Þ2 þ Zi ½wi *Zi wi ðkÞKi ðkÞzi ðwðkÞ;uðkÞÞeðkÞT
½wi *Zi wi ðkÞKi ðkÞzi ðwðkÞ;uðkÞÞeðkÞZi w~ i ðkÞw~ i ðkÞZi e2i ðkÞ
DVi ðkÞ ¼ Zi ðw~ i ðkÞzi ðwðkÞ;uðkÞÞÞ2 þ 2Zi w~ i ðkÞzi ðwðkÞ;uðkÞÞezi þ Zi e2zi
T

T

T

þ Zi w*i wi *Z2i w*i wi ðkÞZi w*i Ki ðkÞzi ðwðkÞ;uðkÞÞeðkÞZ2i wTi ðkÞwi *
þ Z3i wTi ðkÞwi ðkÞ þ Z2i wTi ðkÞKi ðkÞzi ðwðkÞ;uðkÞÞeðkÞ
Zi eðkÞzTi ðwðkÞ;uðkÞÞKiT ðkÞwi * þ Z2i eðkÞzTi ðwðkÞ;uðkÞÞKiT ðkÞwi ðkÞ
þZi e2 ðkÞzTi ðwðkÞ;uðkÞÞKiT ðkÞKi ðkÞzi ðwðkÞ;uðkÞÞZi w~ Ti ðkÞw~ i ðkÞZi e2i ðkÞ

ð21Þ

Author's personal copy
A.Y. Alanis et al. / Journal of the Franklin Institute 347 (2010) 1253–1265

1259

Using Assumption 1 and the inequalities
X T X þ Y T Y Z2X T Y
X T X þ Y T Y Z2X T Y
which are valid 8X ; Y 2 Rn , and used in positive quadratic terms, then Eq. (21) can be
rewritten as
T

DVi ðkÞr2Zi ðw~ i ðkÞzi ðwðkÞ;uðkÞÞÞ2 þ 2Zi e2zi þ 3Zi wi wi * þ 3Z3i wTi ðkÞwi ðkÞ
þ3Zi e2i ðkÞzTi ðwðkÞ;uðkÞÞKiT ðkÞKi ðkÞzi ðwðkÞ;uðkÞÞZi w~ Ti ðkÞw~ i ðkÞZi e2i ðkÞ
r2Zi Jw~ i ðkÞJ2 Jzi ðwðkÞ;uðkÞÞJ2 þ 2Zi jezi j2 þ 3Zi Jwi *J2 þ 3Z3i Jwi ðkÞJ2
þ3Zi jei ðkÞj2 jKi ðkÞzi ðwðkÞ;uðkÞÞj2 Zi Jw~ i ðkÞJ2 Zi jei ðkÞj2

ð22Þ

Deﬁning
Ai ðkÞ ¼ Zi 3Zi jKi ðkÞzi ðwðkÞ;uðkÞÞj2
Bi ðkÞ ¼ Zi 2Zi Jzi ðwðkÞ;uðkÞÞJ2
Ci ðkÞ ¼ 2Zi jezi j2 þ 3Zi Jwi J2 þ 3Z3i Jwi ðkÞJ2
then, there exists Zi , such that Ai 40, Bi 40 and Ci 40, 8k, then, Eq. (22) can be expressed as
DVi ðkÞrjei ðkÞj2 ðkÞAi ðkÞJw~ i ðkÞJ2 Bi ðkÞ þ Ci ðkÞ
Hence DVi ðkÞo0 when
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Ci ðkÞ
 k1
Jw~ i ðkÞJ4
Ai ðkÞ
or

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Ci ðkÞ
 k2
jei ðkÞj4
Bi ðkÞ

ð23Þ

ð24Þ

Therefore, according to Theorem 1, the solution of Eqs. (18) and (19) are SGUUB along
Eqs. (23) or (24) [3]. &
It is important to remark that the proposed learning algorithm for the RHONN is
simpler than the based on an extended Kalman ﬁlter [1,16].
4. Induction motor applications
In this section, we apply the above developed schemes to a three-phase induction motor,
which is one of the most used actuators for industrial applications due to its reliability,
ruggedness and relatively low cost. The modelling of an induction motor is challenging,
since its dynamics is described by multivariable, coupled, and highly nonlinear system
[9,15]. Early works on control of induction motors were focused on the ﬁeld oriented
control (FOC) [8], exact input–output linearization, adaptive input output linearization,
direct torque control (DTC) ([8] and references therein). However, most of those works
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were developed stabilized controllers for continuous-time model of the motor. In [9], a
discrete-time model is proposed, as well as a control algorithm, assuming that the
parameters and load torque of the motor model are known. Moreover all these controllers
are designed based on the physical model of the motor, which result in sensitive control
with respect to plant parameters variations. To this end, we consider the control problem
assuming that some of the plant parameters as well as external disturbances (load torque)
are unknown.
4.1. Motor model
The sixth-order discrete-time induction motor model in the stator ﬁxed reference frame
ða; bÞ, under the assumptions of equal mutual inductances and linear magnetic circuit, is
given by [9]
 
m
T
a
b
b
a
oðk þ 1Þ ¼ oðkÞ þ ð1aÞMði ðkÞc ðkÞi ðkÞc ðkÞÞ
TL ðkÞ
a
J
ca ðk þ 1Þ ¼ cosðnp yðk þ 1ÞÞr1 ðkÞsinðnp yðk þ 1ÞÞr2 ðkÞ
cb ðk þ 1Þ ¼ sinðnp yðk þ 1ÞÞr1 ðkÞ þ cosðnp yðk þ 1ÞÞr2 ðkÞ
ia ðk þ 1Þ ¼ ja ðkÞ þ

T a
u ðkÞ þ d1 ðkÞ
s

T b
u ðkÞ þ d2 ðkÞ
s


m
ð1aÞ
TL ðkÞ 2
T
yðk þ 1Þ ¼ yðkÞ þ oðkÞT þ T
Mðib ðkÞca ðkÞia ðkÞcb ðkÞÞ
a
a
J

ib ðk þ 1Þ ¼ jb ðkÞ þ

ð25Þ

with
r1 ðkÞ ¼ aðcosðfðkÞÞca ðkÞ þ sinðfðkÞÞcb ðkÞÞ þ bðcosðfðkÞÞia ðkÞ þ sinðfðkÞÞib ðkÞÞ
r2 ðkÞ ¼ aðcosðfðkÞÞca ðkÞsinðfðkÞÞcb ðkÞÞ þ bðcosðfðkÞÞia ðkÞsinðfðkÞÞib ðkÞÞ
ja ðkÞ ¼ ia ðkÞ þ abTca ðkÞ þ np bToðkÞca ðkÞgTia ðkÞ
jb ðkÞ ¼ ib ðkÞ þ abTcb ðkÞ þ np bToðkÞcb ðkÞgTib ðkÞ
fðkÞ ¼ np yðkÞ
with
b ¼ ð1aÞM; a ¼ Rr =Lr ; g ¼ M 2 Rr =sL2r þ Rs =s; s ¼ Ls M 2 =Lr ; b ¼ M=sLr ; a ¼
aT
e ; m ¼ Mnp =JLr where Ls, Lr and M are the stator, rotor and mutual inductance,
respectively; Rs and Rr are the stator and rotor resistances, respectively; np is the number of
pole pairs; ia and ib represents the currents in the a and b phases, respectively; ca and cb
represents the ﬂuxes in the a and b phases, respectively, and y is the rotor angular
displacement. Due to space limitations the windings diagram for the induction motor is
not included in this paper, however, it can be found in [8].
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4.2. Neural identifier design
To this end, we apply the RHONN (Fig. 2), developed in Section 3, to identify the above
mentioned three-phase induction motor (25). To identify that system, we use the RHONN (15)
with n=5 trained with Eq. (16). The RHONN proposed for this application is as follows:
x1 ðk þ 1Þ ¼ w11 ðkÞSðoðkÞÞ þ w12 ðkÞSðoðkÞÞSðcb ðkÞÞia ðkÞ
þ w13 ðkÞSðoðkÞÞSðca ðkÞÞib ðkÞ
x2 ðk þ 1Þ ¼ w21 ðkÞSðoðkÞÞSðcb ðkÞÞ þ w22 ðkÞib ðkÞ
x3 ðk þ 1Þ ¼ w31 ðkÞSðoðkÞÞSðca ðkÞÞ þ w32 ðkÞia ðkÞ

Fig. 2. Neural identiﬁer scheme.

Fig. 3. Rotor speed identiﬁcation (plant signal in solid line and neural signal in dashed line).
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x4 ðk þ 1Þ ¼ w41 ðkÞSðca ðkÞÞ þ w42 ðkÞSðcb ðkÞÞ þ w43 ðkÞSðia ðkÞÞ þ w44 ðkÞua ðkÞ
x5 ðk þ 1Þ ¼ w51 ðkÞSðca ðkÞÞ þ w52 ðkÞSðcb ðkÞÞ þ w53 ðkÞSðib ðkÞÞ þ w54 ðkÞub ðkÞ

ð26Þ

where x1 identify the angular speed o; x2 and x3 identify the ﬂuxes ca and cb , respectively;
ﬁnally x4 and x5 identify the currents ia and ib , respectively. The inputs ua and ub are selected
as chirp functions, in order to modelling most of the plant dynamics.
The training is performed on-line, using a series–parallel conﬁguration. All the NN
states are initialized randomly as well as the weights vectors. It is important to remark
that the initial conditions of the plant are completely different from the initial conditions
for the NN.

Fig. 4. Alpha ﬂux identiﬁcation (plant signal in solid line and neural signal in dashed line).

Fig. 5. Beta ﬂux identiﬁcation (plant signal in solid line and neural signal in dashed line).
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4.3. Simulation results
The results of the simulation are presented in Figs. 3–7. Fig. 3 shows the identiﬁcation
performance for the speed rotor; Figs. 4 and 5 present the identiﬁcation performance for
the ﬂuxes in phases a and b, respectively. Finally, Figs. 6 and 7 portray the identiﬁcation
performance for currents in phases a and b, respectively.
It is important to consider that for the proposed identiﬁcation scheme it is necessary to
have complete access to the plan state. However, in the proposed scheme the plant model it
is assumed to be unknown and working under the presence of external disturbances and
parametric variations, both of them are considered to be unknown [13]. Then the proposed

Fig. 6. Alpha current identiﬁcation (plant signal in solid line and neural signal in dashed line).

Fig. 7. Beta current identiﬁcation (plant signal in solid line and neural signal in dashed line).
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neural identiﬁer provides a mathematical model of the unknown plant which can be used
for control, prediction or simulation purposes.
5. Conclusions
A RHONN structure is used to design a neural identiﬁer for a class of MIMO discretetime nonlinear system. The RHONN identiﬁer is trained with a novel algorithm, which is
implemented on-line in a series parallel conﬁguration. The boundedness of the state and
weight estimation errors is established on the basis of the Lyapunov approach. The
RHONN training algorithm presents good performance. Simulation results show the
effectiveness of the proposed schemes, as applied to an electric three-phase squirrel cage
induction motor. This paper deals only with identiﬁcation for uncertain discrete-time
nonlinear systems without any restriction in the weights evolution as the zero crossing
problem, however, such approach is considered as a future work.
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