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order to overcome effects of both the neglected dynamics and the modeling errors.
The NN is lunched over input-output signals of the controlled system. The adap-
tive laws augmented using NN parameters are expressed in terms of the estimated
tracking error dynamics of the nominal systems. Of main interest, Lyapunov’s direct
method is involved to exhibit the ultimate boundedness of the error signals. Com-
puter simulations are presented to emphasize the practical potential of the proposed
approach.
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1 Introduction

The IMs are widely used as electromechanical actuators due to their being rugged, free of
maintenance, low cost and generally less expensive than other electrical machines [2}/5].
These motors have been utilized for more and more extensive industrial applications
such as electric railways and robots, where advanced dynamic performance is claimed.
However, the IM considered as a multivariable system has such characteristics as high-
coupling and high nonlinearity, which implies that it is very difficult to control.

In the past two decades, trajectory tracking control of the IM systems has been amply
studied due to the exigency of high performance in the context of excellent tracking accu-
racy, rejection of both structured (external disturbances) and unstructured uncertainties
(parameter variations and unmodelled dynamics) [2]. For that purpose, the field-oriented
control (FOC) scheme will be applied for the IM nonlinear system so as to achieve similar
performance characteristics of a separately excited DC motor, such fast, precise tracking,
which makes the control task easy [5]. However, some drawbacks such as the coupling
between speed and flux and unmodelled dynamics subjugate thoughtful constraints for
the FOC and effect the performance speed tracking accuracy. Further, since unknown
parametric uncertainties often exist in IM dynamics and they are source of instability, it
is meaningful to consider control problems of the corresponding nonlinear IM model [2,[5].

Nowadays, practical issues narrow down the choice and give a significant advantage
to the input-output feedback linearization control (IOFLC) that is among the most pow-
erful techniques to perform an exact decoupling between both speed and flux dynamics,
and higher power efficiency [12]. Furthermore, with the developments of nonlinear con-
trol theory and methods (sliding-mode control [14}/18], backstepping approach [7l16], and
nonlinear feedback linearization control [5,8,(17]), the control of IMs subjected to uncer-
tainties has become an important research topic. Specifically, substantial attention has
been focused on the use of SHL NN in the system modelling and control applications due
to their advantageous features including high potential to identify nonlinear behaviors,
powerful nonlinear mapping between inputs and outputs without faithful knowledge of
the system model [20].

Moreover, the adaptive control results motivate researchers to find new structures that
do not rely on completely knowing the system nonlinearities by using approximation
property of NNs and fuzzy logic approximators [4,/9,/19]. The author in [13| presents
a new adaptive controller which rules out the effect of uncertainties in order to achieve
precise position-tracking performance of IMs using a radial basis function neural network
(RBF NN). In [6], the authors develop a new adaptive backstepping controller of a
nonlinear IM that achieves global asymptotic speed tracking for the full-order, despite
the uncertainty in rotor resistance and external disturbance (load torque). The work
presented in [16] deals the tracking control problem of IMs subject to disturbances in
practical applications, in which both fuzzy logic control scheme is involved to identify the
term of nonlinearities and an adaptive backstepping method is employed to elaborate an
adaptive term that eliminates theses nonlinarities. An adaptive fuzzy vector controller
(AFVC) is established in the paper [10] to cover the speed and torque tracking problem
of a doubly-fed IM, in which the control conception is carried thanks to an appropriate
backstepping method that ensures inherently the stability of the control system.

Motivated by the aforesaid discussion, we propose to combine SHL NNs that show
strong potentials in approximating uncertainties, with the IOFLC methodology in order
to originate a variety of control schemes within the context of NN-based adaptive input-
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output feedback control, which can be extended for an extensive class of nonlinear systems
with unmodeled dynamics. The elaborated controller takes on dynamic compensator to
stabilize the linearized system. Note that the vector that contains the measured tracking
error and compensator states is exploited to adapt the NN weights. The input vector
to the NN is composed of input/output data, and the adaptive terms adjust on-line
for high nonlinearities using nonlinearly parameterized SHL NN. The stability analysis
is presented in order to both build the NN adaptation law using only unappropriated
measurement as a training signal, and reveal boundedness of all the error signals of the
controlled system.

The rest of the paper is organized as follows. The IM model and problem statement
are presented in Section [2| Section [3| contains the FOC and IOFLC. NN augmentation
and the design control for the IM are detailed in Section @] Section [5] describes the SHL
NN implementation. The stability analysis is detailed in Section [6] The effectiveness of
the proposed IM control system is demonstrated through simulation results in Section

2 Induction Motor Modeling and Problem Statement

2.1 Mathematical model of the IM
The IM is represented by the model [12]

% _ n(]pi’rl (isvW¥ra — isathrs) — gw - TTL,

dﬁtm - 7%&&” — npwiprp + %Lmisa,

% = npWira = %wrb + ]Li:Lmisb, "
e s i (B

d;ff - _:ZLZ Wiy + %W - (W)” . %“b

Notice that 7,1, us denote current, flux linkage and stator voltage input to the machine.
The variable w denotes the speed of the rotor, while € is the rotor position. L., L,
and L,, denote the rotor, stator, and mutual inductances, R, and R, are the rotor and
stator resistances, J is the rotor’s moment of inertia, f denotes the coefficient of viscous
friction, 77, is the load torque, and n, is the number of pole pairs; the subscripts “s”
and “r” stand for the stator and rotor; (a,b) represent vector components with respect
to a fixed stator reference frame in which o = 1— L2, /(L,L,). From now on we will skip
the subscripts “r” and “s” since we will only utilize the state variables of rotor fluxes
(Vra, ¥rp) and stator currents (isq,isp)-

Let @ = (w, ¥, Vs, ia,ip)" be the state vector, and
p=(61,62,65)" = (1, — 7w, Ry — Ron, Rs — Ron)” (2)

be the unknown parameter deviations from the nominal values 77, R,y and R4y of the
load torque 7y, rotor resistance R, and stator resistance R,;. However, 7y, is typically
unknown, whereas R, and R, may have a range of variations of +£100% around their
nominal values due to ohmic heating. Let u = (u,,u)” be the control vector. Let o =
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R’I'N/L’I'7 ﬁ = L7rL/(ULsL7')7 Y= (LgnR7N/ULsL$) + (RSN/ULS)7 M= anm/(JL7)7 G =
(oLs), be a reparameterization of the IM model, where «, 3,7, u, G are known parameters
depending on the nominal values R,y and Rsy. System can be reformulated in
compact form as

&= f(x) + UaGa + upgs + 01 f1(2) + 02 f2() + I3 f3(x), (3)
where the vector fields f, g4, g, f1, f2, f3 are
. . T 1
1 (iptha — iqts) — §w - %, 3
—athg — npwz/}b + aLnia, 0
fa) = npwiha — by + Ly iy, i) = 01
0451/1(1 + npﬂwq;[}b — Yia, 0
— npPwipa + By — Yip. 0
0
1 Ly, .
_ 71/%1 + —14 0 0 0
Ly, L, 0
0 0
Ly + 2 0 0 0
— U+
fg(.’E): L, L, 7f3($): 1 yGa = y b =
L, L?, -3 1 0
oL L2V T oL 2 . oG 1
L L2, e G
oL L2V T oL 2"

2.2 Control problem statement

This paper focuses on the study of tracking control ((w — w*) and (g = VWra + Vrp —
%)) for the field-oriented IM subject to external disturbances (load torque) and param-
eter uncertainties. For that matter, we contribute to develop an adaptive input-output
feedback linearization technique to elaborate controllers in which SHL NNs are used to
approximate terms of nonlinearity.

3 Field-Oriented and Input Output Linearization Control

3.1 Conventional field-oriented control

The control objective is to conceive a controller in which the stator voltages are choosen to
adjust the torque, speed and/or position of the motor. To achieve the field-oriented con-
trol, we perform the transformation of the vectors (i4, ) and (¥4, %) in the fixed stator
frame (a, b) into vectors in a frame (d, ¢) which rotate along with the flux vector((¢q, ¥p)).
Therefore, the stator phase currents and voltages are then expressed in this new coordi-
nates as follows [7]

g | cosp sinp lsa uqg | cosp sinp Usq
ig | | —sinp cosp isp |’ ug | | —sinp cosp Ush

in which we define (p = arctan (;fb

)), where 14 and p are just "polar coordinates” for
the ordered pair(1,, ). The term ”field-oriented” affects this new rotating coordinate
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system in which the angular position is p so that ¥, = 0, and i4 and i, are called the
direct and quadrature currents, uq and u, are called the direct and quadrature voltages,
respectively.

When we refer to the fixed stator (d, ) reference frame, the electromagnetic dynamic
model of the induction motor can be developed yielding

dw oo LT
at = uthgiq — jw— N

% = —7ia + afha + npwiq + amed 4 éud, "
% = —7iy — Bnpwihg — npwiq — aLm% + éuq,

% =npw + aLm%,

Now, it is clear that the electromagnetic torque 7. = Juqiq is just proportional to
the product of two state variables 14 and 7,. Unfortunately, in the state space model of
the IM presented in , differential equations for iy and ¢, nevertheless include plenty
high nonlinearities. For that, one possibility to make simpler these dynamics is to involve
the nonlinear state feedback control

)=

Then, the resulting closed-loop IM system is written as

P
Yig — afBpg — npwiq — Ly~ + Ty
. ; Yhig | (5)
Yig + Bnpwipg + npwiq + aLm—: + Vg

dw i f TL

— = lg— SwW— —

dr ~ HWdte T U

di

@

d

% — —athg + aLig, (6)
dig  _

— = V4q,

dt
dp
dt

g

Ya’

where 4(t) and w(t) are output signals of the IM that will be controlled to achieve the
tracking accuracy.

=npw + oL,

3.2 Input-output linearization control

In the above FOC scheme, the speed w and flux 14 are only asymptotically decoupled.
Consequently, the speed is linearly related to i, only after 14 is constant. However,
field weakening (i.e., decreasing 1) is necessary for high speeds so as not to saturate
the stator voltages. Since field-weakening depends on speed, the dynamics of ¥4 may
interfere with the dynamics of w, especially when the speed varies rapidly [12].
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As a solution to the presented problem, we suggest to introduce an input-output
linearization controller that will be designed for the full order (voltage command) system
model @ Specifically, the transformation (1 = pqiq, Ya = ¥, & = —atq + aLnig) is
introduced for @, resulting in

w _ o f 1L

a T
dn . _
E = ,Uflq + (l“/’d)vqa
dg

dt =& (7)
d

d—f = —a€ + (aL,,)vq,
dp n
— =np,w + al,—,
at " 1

in which vg and v, are two new inputs, the application of the feedback

¢ Vd

va= Tt
) v

5. — Mg | Vg

v -
! g wibg

results in the input-output linearized system

dw f TL

@ T

%zvq—kéq,

M _¢, )
%:Ud‘f'(sd»

Z:npw—i—ameg,

where both d4 and J§, denote inversion errors. To explain, assuming that all parametric
uncertainties terms for each subsystem are an error signal d; (64 and d,)), we take into
account the motor parameters R, and R, that can vary appreciably due to the Ohmic
heating while the magnetic saturation can cause variations of L, and L [6].

It is clear that the system @ is linear from the inputs vg, v, to the outputs w,¥q.
Consequently, the IM dynamics has a straightforward structure since the conceived con-
troller is the input—output linearization controller. However, since the designed controller
relies completely on the exact values of the IM parameters with total knowledge of the
model, the robustness to parametric uncertainty cannot be ensured. Much work in the
literature on robust control have been consecrated to handle such problems. The authors
in [8l/15] developed an adaptive output feedback controller augmented via a SHL NN for
highly complex nonlinear systems to eliminate the effect of unknown variations in plant
parameters and structure that can be unknown but bounded, and provided the stability
analysis of the closed loop system using the Lyapunov method.
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In the present paper, taking the advantage that the flux dynamics is decoupled from
the speed dynamics after IOFLC, and inspired by the control ideas in [8/15] that exploit
SHL NN for their approximation ability, we aim to develop a control law that augments
the IOFLC scheme by only SHL NNs to sensibly approximate the uncertainties existing
in the IM.

4 Adaptive Controller Design

4.1 Control design

Taking advantage from the fact that the IM dynamics @ is divided into two linear
subsystems, we contribute to synthesize adaptive control laws augmented via NN that
utilize the available measurements (14 and w) so that the outputs (¢4(t) and w(t)) track
smooth bounded reference trajectories (¢ (t) and w*), respectively, with bounded error.
That is, the first four equations of @D may be written as two decoupled linear subsystems,
flux dynamics

dip
s
(10)
de +9,
==
at d+ 04
and speed dynamics

dw _ f,_TL

dn

o Ve + dq

where vq and v, are the inputs chosen to force the linear systems and to track
a given reference trajectories ¢ and w*(t), respectively.

Note that both flux and speed subsystems are partially known, and their outputs 4
and w have relative degrees equal to 2. Therefore, the output dynamics (yq = 14) and
(yq = w) given by and , respectively, will be reformulated as

@
— = + (5 s
{ Yg W4 = vq + 04 (12)

y((f) =W = Vg + 0q,

on suggest exploit SHL NNs for their efficiency and ease of implementation in order to
deal with the effect of uncertainties (¢). Therefore, the control strategy will be improved
by adding adaptive neural network components uqq, %qq in the expressions of the control
laws vg, v, in order to identify nonlinearities d4 and &4, respectively. The global block

diagram of the designed control scheme is illustrated in Figure (|1)).
Consequently, the pseudocontrols v4 and v, are chosen to have the form
{Ud :'l/}:;"i_Dcd_uad; (13)

-
Vg = W + Deg — Uqgq,

where yé’”) = (ﬁ;, w*) are the second derivatives (r = 2) of the input signals generated
by the stable command filters, D.q and D., denote outputs of the linear dynamic com-
pensators, uqq and uq, represent the adaptive control signals designed to overcome dq
and &g, respectively.
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Figure 1: Adaptive inpout-output feedback linearization controller-based SHL NN architecture.
With (13]), the dynamics in reduce to

9 . -
{yé):¢d:wd+Dcd_uad+5da (14)

y!gz) = =" +ch _uaq+5Q'

Accordingly, one challenge is to design adaptive input-output feedback linearization
controllers, whose adaptive terms uqq and uq, adjust on-line for unknown nonlinearities
04 and 4, using nonlinearly parameterized SHL NNs for the flux and speed subsystems,
respectively.

Consequently, Wit, the two subsystems and can be rewritten, respec-
tively, as in and ((16))

dipq

7 =¢,

. (15)
S _brap.,—

7 Yy + Ded — Uaq + 0d,

dw _ - f T

a T (16)
dn

E:fa}*+ch—uaq+5q.

The two subsystems are almost identical, for the rest of the paper we will treat only
the dynamics of the flux subsystem to simplify writing

dg
% .

o7 =5 4 Ded — Ugq + 4.
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4.2 Design of the dynamic compensator and error dynamics
The output tracking errors is defined as (Jd = 1% —1q). Then the dynamics in can

be rewritten as

'(Zd = —D¢q + Ugd — 04- (18)

The following linear compensator is introduced to stabilize the dynamics in the ideal
case (0g =0, uqq = 0)

{ i = Qana + Bata, (19)

Dea = Xanla + 04

where 74 needs to be at least of dimension (r —1 = 1) [1};3,|L1], while the gains ag, B4, Xa
and pg4 should be designed such that A is Hurwitz.

Notice that the tracking error dynamics is formed from the combination of the vector

eq = ['[/;d {/;d]T mutually with the compensator state 74

{ Ed = ZEd + E[uad — 5d]7 (20)

Zd = éEd,

where E; = [eg ng]T,Z: [A—gdbc _bxd},b {b},c {C 0},/1 =

Bac aq 0 0 I
0 1 0
oo )e=] 1] e=]

4.3 Design and analysis of an observer for the error dynamics

T
} , and zg is the vector of available measurements.

A minimal-order observer of dimension (r — 1 = 1) may be designed for the dynamics
in . However, to streamline the subsequent stability analysis, in what follows, we
consider the case of a full-order observer of dimension (2r — 1 = 3) [41[15,/21].

To this end, consider the following linear observer for the tracking error dynamics in

(20):

By=ABg+ K(2q - 7%

{ d 7Ad+ (2a — Za), (21)
2d = CEda

where K is a gain matrix, and should be chosen such that A= (A—KC) is asymptotically

stable. Then, introduce the observer error signal Ed = (Ed — E,4) and write the observer
error dynamics

{ Eg = A — Buga — 84, (22)

Z4=CE,

where zd = (gd — Zd).
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5 SHL NN Approximation of the Inversion Error

5.1 Neural network approximation

Assume that there exists a neural network with only one single hidden layer that approx-
imates the term of uncertainties d;. This NN has an output given by

N2 N1
Yi = Z [mU‘I)(ankxk + Hnj) + 0m1:|7 S %Nl, 1= 1, ...,Ng, (23)

j=1 k=1

where ®(.) is an activation function, n;, are the first-to-second layer interconnection
weights, m;; are the second to third layer interconnection weights, N5 is associated with
the number of neurons in the hidden layer, 6,,; and 6,,; denote bias terms.

Theorem 5.1 Given €* > 0, there exists a set of bounded weights ¥ and N such that

the model inversion error 6(x,u) can be approzimated over a compact set D C QXR, by
an SHL NN

§(bayva) = VTN pg) + €(d, pa), €| < €, (24)

using the input vector
pa(t) =[vq (t) i@ €D, lpall < pg, w5 > 0. (25)

5.2 Adaptive element

The output of an SHL NN defines the adaptive signal
Ugq = WTO(NT 1g) + €(d, pa), (26)

where U and N are estimates of ¥ and N that are updated as follows:
i = ~Fa2(® — &N pug) B P + ka(¥ — o)), o)
N = —Ga[20a EY PBUT D + ky(N — Ny)]

in which ¥ is the initial value of ¥, Ny is the initial value of the hidden layer weights
vector N, ® = ®(NTp,), ® denotes the Jacobian matrix, P is the solution of the
Lyapunov equation

A'P+PA=-Q (28)

for some @ > 0, kg > 0, and Fy, G4 are adaptation gain matrices.
Using and , the error dynamics in can be reformulated as

{ Eq=AE;+bWT®(NT pg) — WTO(NT pg) — €,

Define

0
7 ] (30)
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and note that ||U|| < |[¥||+¥*, [|U]| < U*, ||N||¢ < [|N||r+N*,||N||r < N*, where U*
and N* are the upper bounds for the weights in , and the subscript F' denotes the
Frobenius norm. Therefore, the mismatch between the adaptive signal and the inversion

errors
Ugq — 64 = UTO(NT pg) — UWTO(NT 1) — € (31)

allows for the following upper bound for some computable oy, ap
[ttaq — da| < aaHZdHF +ap, ag>0, a,>0. (32)
Since the weights are adjusted online, we will need the following representation for
the stability proof : \IIT(D(NTud) \IIT<I>(NTpLd) = \IIT(¢> @’NTud) + ¥y + ¥, where

9 =UTO'NT g — VTO(NT pg)?, and 9, = \IJT<I>’NT

Such a representation is achieved via the Taylor series expansion of ®(N7T p4) around

the estimates ]/\7T,ud. Taking account of the bound in , a bound for (¥ — €) over a
compact can be expressed as follows [1}/4}[15]

|197€| Sﬂya‘|2d||F+7b7 Ya >037b >07 (33)

where v, and 7, are computable constants, v, depends upon unknown constant 4, and
Y upon €*. Thus, the forcing term in can be written

Ugd — O0g = \iT(a\) — (/};NT/J,d) + \/I\/TE};]\NIT/Ld + 19 —e. (34)

6 Stability Analysis

We confirm through Lyapunov’s direct method that if the initial errors of the variables
Eg, Eg7 U and N belong to the presented compact set, then the composite error vector

(g = [EC:lF Eg Z(ﬂ is ultlmately bounded. Notice that {; can be viewed as a function

of the state variables &g, 14, Ed, Zd, the command vector y. = [} wd] and a constant
vector 2y

Cd = F(&dand7ﬁd72day0azd)~ (35)
The relation in represents a mapping from the original domains of the arguments

to the space of the error variables
F Qe x Qy x Qp, x Qp X Qz X Qz, — Q. (36)

Recall that introduces the compact set D over which the NN approximation is
valid. From , it follows that

ud€D<:>fd€Q£d, UdEde. (37)
Also, notice that, since the observer in is driven by the output tracking error

Jd :/E/J; — 14 and compensator state 74, having {g € ¢, Y. € Qy,, nq € £, implies
that Fy € QEd’ the latter being a compact set.
According to (13))
va = Fy, (na, Eq, Zz,yc), (38)
where F,, : €, X QEd X de x Qy, — Q,,. Thus, || and QD ensure that ¢,
is a bound set. Introduce the largest ball, which is included in ¢, in the error space
Br = {|¢lllCall < R}, R>0. (39)

For every (4 € Bgr, we have pg € D, Z; € §1z,, where both D and €z, are bounded sets.
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Assumption 6.1 Assume

T
—_— > 40
Tm - 77 ( )

where Ty and 7T, are the maximum and minimum eigenvalues of the following matrix

R >~

2P 0 0 0
S y
o 0o o0 Gt
and _ _ _ _ _ _
T oI e [t | [P, e 7, 4 1 -

2
oll| o > 25421 PP by = €0t + 1Pl bz = € + [ PBle,© = P51 + 131
and P satisfies ATP+PA = —@ for some @ > 0 with minimum eigenvalues )\min(@) > 2.

Theorem 6.1 Let the assumption hold, and let Apmin(Q) > 2 for Q introduced
mn @ Then, if the initial errors belong to the compact set Q, defined in , the
feedback control law given by (@ and , along with , guarantees that the signals

FEyq, Ed, N and ¥ in the closed-loop system are ultimately bounded.

Proof. Consider the following Lyapunov function for the system in and :
e~ 1~ ~ 1 ~ ~
V =EYPE;+ EJPE, + 5\IJTFd—lfo + 5tr(NTGU;lN). (42)

The derivative of V' along , , , and with the definition of Ed = Ed — Eg4, can
be written as

V = —EYPE;, — ETQFE, + 2ET Pb[9 — ¢] — 2E% (Pb + Pb)[taq — 4]
— kgUT (U — Wg) — katr[NT (N — Np)).

Using upper bounds from and , the following property for vectors tr[]v T(N —

No)l =3 IN|12 + %HN — Nol|% = 3|IN — No||%, and completing squares twice, the upper

bound reduces to [15]

V < —Qmin(Q) = 2N Eall* + 292 |PBII* — Amin(Q) — 2)|1 Eal|* + K3
kq . =
Bk PRI 2l + Za

Either of the following conditions:

Pb||2v2+k3+Za | 1 Pbl|2y2+k3+Za |\ Pb||2v2+k3+Z,
IR > (IR By > (IR 2 > | [P,
2 1 a

render V < 0 outside a compact set: By = {Ca € Bg, |Gl < T}

Note from that By C Bgr. Then, consider the Lyapunov function candidate in
and write it as V = (I T(4. Let I' be the maximum value of the Lyapunov function
V on the edge of By: I' = max|c,|=1 V =T2Ty,.
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Introduce the level set Qy = {(4,V = I'}. Let «, be the minimum value of the
Lyapunov function V' on the edge of Br: o, = min¢,|=rV = R2T,,. Define the level
set

Qo = {Ca € Br,V =, }. (43)

The condition in ensures that Qy C Q,, and thus ultimate boundedness of (.

7 Simulation Results

In this section, computer simulations inquire the performances of the proposed con-
trol scheme in the presence of structured and unstructured uncertainties. The phys-
ical and electrical parameters of the two-phase IM under investigation are: L,, =
0.0117H,R, = 3.9Q,Rs = 1.7Q, L, = 0.014H,L; = 0.014H, f = 0.00014N.m/rad/sec
and J = 0.00011kg.m? |12].

One has chosen the design parameters for the dynamic compensators as follows: ag =
—85,8q = 10,xq = —18005 and o4 = 2376,y = —105,5;, = 1,x, = —324090 and
04 = 3376 in order to place the poles of both closed-loop error dynamics at (—35, —25F)
and (—15, —457Fj), respectively (refer to |1,3] for more details). The observer dynamics in
was designed so that its poles are five times faster than those of the error dynamics.
We implement ten neurons in the hidden layer of the neural network that approximate
04, while we employ eight neurons in the hidden layer of the NN that approximate 4.
For the neural network, we use the following sigmoidal basis function ®(z) = He%a,
with @ = 1. The adaptation gains were set to Fy = G4 = 21, with sigma modification
gains kg = 0.365.

7.1 Test of robustness of the adaptive control

To demonstrate that the proposed approach is successfully applicable for the nonlinear
IM system in the presence of high uncertainties, the rate of (6) will be varied with (£50%
then £100%) of its norm value. Once again, our perspective is to develop an adaptive
controller for each subsystem of the decoupled dynamics of the IM using only one SHL
NN, in which the adaptive terms (uqq and uqq) overcome the effects of inversion errors
(04 and d4), what bring to force the system measurements (1¢4) and (w) to track reference
trajectories (1) and (w*), respectively, with bounded errors.

The simulation results depicted in Figures [2] illustrate the performance comparison
of the considered control systems for the case (d is varied) without and with NN. In
these figures, we illustrate clearly that the adaptive control augmented via only SHL NN
works well, and excellent tracking accuracy is obtained. To explain, the tracking of the
speed signal to its reference is close enough so that they are indistinguishable in Figure
which proves that the NN augmentation (u,q) identifies successfully the inversion
error (d4), as illustrated in Figure Furthermore, Figure reports that the flux
response is compatible with respect the imposed flux reference trajectory. This is due
essentially to the ability of a the SHL NN (u4q) to model nonlinearities (d4) on-line, as
presented in Figure Moreover, from Figures and it is worth noticing that
the proposed approach has achieved excellent responses both at transient and steady
state process.

The proposed control system is able to achieve flux and speed tracking high accu-
racy with an admissible regulation performance with respect to load disturbances and
adequate robustness against parameter variations.
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8 Summary

The fundamental goal of this paper consisted in realizing a tracking accuracy for multi-
inputs multi-outputs nonlinear induction motor in the presence of high uncertainties.
First, an appropriate input-output feedback linearizing controller is applied to decou-
ple the speed dynamics from the flux. Then, the nonlinear state feedback controller is
involved as a linearizing control. After, the adaptive control augmented via only non-
linearly parameterized SHL NNs is introduced to cancel the uncertainties existing in
the induction motor. A linear observer is introduced to estimate the derivatives of the
tracking errors. These estimates are used as inputs to the NN and in the adaptation
laws as an error signal. Of particular interest, ultimate boundedness of error signals is
shown using Lyapunov’s direct method. Finally, computer simulations are undertaken
to highlight the effectiveness of the proposed adaptive controller. As a future research
we will propose to add other NN structures for sensorless control.
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