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Abstract: Problem statement: Neural networks and fuzzy inference systems arereg well-
recognized tools of designing an identifier/corfotapable of perceiving the operating environment
and imitating a human operator with high perfornsanglso, by combining these two features, more
versatile and robust models, called “neuro-fuzzythitectures have been developed. The mo
Approach: Motivation behind the use of neuro-fuzzy approachkias based on the complexity of real
life systems, ambiguities on sensory information tone-varying nature of the system under
investigation. In this way, the present contribnt@mncerns the application of neuro-fuzzy appraach
order to perform the responses of the speed régujansure more robustness of the overall system
and to reduce the chattering phenomenon introdbgesdiding mode control which is very harmful to
the actuators in our case and may excite the unieddiynamics of the systerResults: In fact, the
aim of such a research consists first in simplifyihe control of the motor by decoupling betweea tw
principles variables which provoque the torque hie tmotor by using the feedback linearization
method. Then, using sliding mode controllers toegiwur process more robustness towards the
variation of different parameters of the motor. Hweer, the latter technique of control called skgin
mode control caused an indesirable phenomenon vitgiahful and could leads to the deterioration of
the inverter's components called “chattering”. Bere the authors propose to use neuro-fuzzy systems
to reduce this phenomenon and perform the perfotesanf the adopted control process. The type of
the neuro-fuzzy system used here is called”: Adapieuro Fuzzy Inference System (ANFIS)". This
neuro-fuzzy is destined to replace the speed figtiZyng mode controller after its training process.
Conclusion: Therefore, from a control design consideratiorge #dopted neuro-fuzzy system has
opened up a new direction that allows for the desif robust controllers for uncertain non-linear
dynamical systems without resorting to system mai@lplifications and linearization and without
imposing structural conditions on system uncerisntOn the other hand, it is important to say that
this approach permits to improve the performancehef controlled system only by choosing the
appropriate form of the membership functions (shapengular...) and a good partionnement of the
universe of discourse of the diverse variablesallyjirthe obtained simulation results prove that the
objectives of the authors where attempt by a sicanit reduction of the chattering and a good
robustness of the process towards parameter variatid external perturbation (load torque).

Key words: Nonlinear feedback control, sliding mode controldaptive Neuro Fuzzy Inference
System, ANFIS, induction motor

INTRODUCTION fact, the development of fast microprocessors embbl

the design and implementation of expert-machine
Twentieth century has witnessed widespreadnteraction based computation environments. Ever
innovations in both hardware and software design. | increasing needs brought about by the multi-
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dimensionality of the problem space and time-vayyin also in electrical motor drives especially in the
behavior of real-life physical systems further rieggdh  induction motor drives which is the aim of thisadyuln
to reduce the role of expert and to increase theabd fact, they are able to give a process many advastag
the machine. A natural consequence of this rapiduch as: The optimization of the performance of the
growth is the emergence of the field of intelligentcontrol of motor drives, ensuring the robustness
systems, or in other words, the field of neuro-fuzz towards parameter variations and external disturbsn
systems (Efe and Kaynak, 1999; Jahgl., 1997). and also, reducing the chattering phenomenon when t
Neural networks and fuzzy controllers are bothcontrol of the motor is based initially on the ‘\ednle
capable of controlling nonlinear dynamical systemsstructure control (Barazang al., 2009). In fact, the
However, the disadvantage of neural control is thiat  principal aim of the present work consists in the
not obvious how the network solves the respectiveeonception of an adaptive neuro-fuzzy sliding mode
control task. It is not possible in general toieste any  controller which is used to copy the comportmenthef
kind of structural knowledge from network that @bul speed sliding mode controller in order to permit an
be formulated in some kind of rules, or to use mprio improvement of the performance of the system and to
knowledge to reduce the learning time. The networkeeduce considerably the chattering phenomenon which
has to learn from scratch and might have to dogsina is very harmful to the actuators in our case ang ma
if substantial parameters of the dynamical systenexcite the unmodeled dynamics of the system. The
change for some reason (Efe and Kaynak, 1999; Hurdesignation of neuro-fuzzy sliding mode controlier
and Sbarboro, 1991; Kosko, 1992; Narenda andjiven from the fact that the training process oé th
Parthasarathy, 1990; Isidori, 1999). adopted neural network is done on basis of the
On the other hand, the use of fuzzy controllersnput/output pattern collected during the functiapiof
consists on the interpretation of the behavior base the system with the speed sliding mode controller.
the explicit linguistic rules the controller cortsisf. Finally, Simulation results reveal some very instirgy
Fuzzy inference systems or controllers describerys features.
by establishing relations between the relevantades This study is organized as follows: In the first
in the form of “If-Then” rules that are to a certai segment, the architecture of the Adaptive Neurczifuz
degree transparent to interpretation and analysignference System (ANFIS) and all the corresponding
Nevertheless, the design problems of a fuzzy cletro concepts are detailed, followed by the presentatibn
are the choice of appropriate fuzzy if-then-ruld®  the feedback linearization control applied to the
membership functions and the tuning of both in otde  jnquction motor. After more, the concepts of slglin
improve the performance of the fuzzy controller mqoge control are given with the proposition of avne
(Ghalia and Alouani, 1995; Lét al., 1997, Utkin,  qiscontinuous control law and then applied in teetn
1992). So, in order to overcome these problems th§egment to conceive the controllers of our previous

cpmbination of the two t.echniques was proposed b\éontrol scheme. In this segment, the different stefp
different researchers to give another type of liget }he conception of these latter’'s are detailed dradr t

systems called “neuro-fuzzy systems”. The design o . . . ) . .
such controllers combine architectural (by neuraladom'on in this Work.'s_ then validated by simugati .
network) and philosophical (by fuzzy systems) atpec However,. such a §I|d|ng mer control sch.emg IS
of an expert resulting in an artificial brain, whicould ~ characterized by an important disadvantage whicheis

be used as controllers or identifiers. The moshattering phenomenon cited previously, that mest b
questionable quality in the use of neuro-fuzzy esyst reduced. So, therefqre,. in the following segmert ian

to control different process is the robustness tdaa order to reduce significantly such a phenomenon,
parameters variation of the process and externa@ddaptive neural network is conceived and trained in
perturbations.., (Efe and Kaynak, 1999; Jamt al.,  order to copy the comportment of the adopted speed
1997). One of such intelligent systems is the Aapt sliding mode controller leading to more improvement
Neuro-Fuzzy Inference System (ANFIS) which is aof the performance of the obtained control schentk a
fuzzy inference system implemented within thepermits to attempt the required objective. Finathe
architecture and learning procedure of adaptivaesearch concludes with comparison between the
networks which is a superset of all kinds of feed-different simulation results obtained in all thentol
forward neural networks with supervised learningmethods which are used in the present research.
capability (Janget al., 1997). There are various

successful examples of ANFIS used in differentArchitecture of the Adaptive Neuro-Fuzzy Inference
applications such as: robotic, imaging treatmend an System (ANFIS): Combining both fuzzy logic and
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artificial neural networks allows achieving all tie In the second layer the nodes are fixed (i.et tha
advantages of both systems. Human expert knowledghey are not adaptive) and must choose the minimum
can be used to build the initial structure of tegulator.  value of two input weights. In Fig. 2, nodes irstlayer
On-line or off-line learning processes can improveare labeled F“ and they are multiply the signal before

underdone parts of the structure. outputting as follows:
The ANFIS structure is one of the proposed
methods to combine fuzzy logic and artificial ndura O, = w;=pa (X).ugiy); i = 1;2 3)

networks. This inference system is the same as a

conventional fuzzy structure shown in Fig. 1. It Each node output in this layer represents thadfiri
contains rule base and database (knowledge bas&lrength of the rule.

fuzzyfication and defuzzyfication unit as well as a In the third layer, every node is also fixed and a
decision-making unit (Jang, 1993; Jaegal., 1997).  |abeled with an N and perform a normalization of th

The structure proposed in (Jang, 1993) five networkiring strength from the previous layer. The outpit
layers. Note that, two inputs are used (xy) and oN&ach node is given by:

output (f) (which is a limitation of Sugeno-type
systems, i.e., that there is only a single outpbtained

using weighted average defuzzification (linear or o3i:W:WV_:_/|W =12 (4)
constant output membership functions) (Jasgal., ! 2
1997). _

In the first layer, all nodes are adaptive andrgve In the fourth layer, all nodes are adaptive. The

one contains membership functions which usuallyoutPut of a node is the product of the normalizedd
choose as a triangular or bell-shaped functioneHes strength and a first order polynomial and is gitsgn
the degree of the membership of the input to tlzeyfu

Membership Function (MF) represented by node: Oy =W.fi, =W, (p. X+ q. y+ 1); i=12 (5)
O =pa(X);1=1,2 (1)  where, {p X, q. Y, 1} is the modifiable parameter set,

_ referred to as consequent parameters since thdy dea
Oi =uei2(y);1=3, 4 (2)  with the then part of the fuzzy rule.

Finally, layer 5 is a single node labeled wifh
which indicates that the function is that of conipgt
the overall output as the summation of all incoming
signals defined as:

> w, [,
0, =f=Y w0 =1 :

i Zwi )

where, Qis the output of the node i in a layer .

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

i=1,2 (6)

The ANFIS structure has been tuned automatically
by a least-square estimation (for output membership
Fig. 1: A five-layer ANFIS structure functions) and a back propagation (for output ammlit

membership functions) algorithms. Because its
flexibility its is well known that ANFIS system clzl
vy "':\-1 x;‘| = igs /) be used in wide range of control tasks (Jang, 1983g
I

Clg:fftjl . p X P et al., 1997). Further details of the ANFIS model can be
obtained from Jang (Jang, 1993; Jahgl., 1997).

b~

2= 1o

.
2 L — Q Nonlinear feedback control: The state equations of
Output Pl abe the voltage PWM source inverter fed induction motor
variables b o _ with current control, in a stator reference frarae ),
7=0 with (14s , 1pg) @s command variables ang, (@, Q) as
state variables are given (Barazaeal., 2009; 2004;
2007; 2009):

Fig. 2: Block diagram of the nonlinear feedbackdahs
control system x =f(x) +g(x).u (7)
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Where: 2, =A(z)+B(2).u (13)
X= (Xlr X2, )(3)t = ((Dary (D[Sra Q)t
U= (, W' = (ius iBs)t Where:
_ _ Zr = (le Zz)t
_Xl u = (u.l.v Uz)t
X, . X
f,(x) T . z =(a227)
! —x B(z) = Representing the decoupling matrix
f(x) =|f,(x) |= sz-xl-xa (8) . o
f.(x) v In order to realize the feedback control, it is
: T necessary to have the decoupling matrix reversible,
| J | which means that its determinant cannot be zero
(Slotine and Li, 1991).
Then:
L
T L 2L pL
90=[a () gM]=| o = (9)  det(B(2)= TR (14)
Pluy
, ¢ Zmel Accordingly, linearizing feedback is defined as
v follows:
In order to linearize the system (7), two variable |, - B(2)(z - AR)) (15)

which dependent on x only, are considered as oaifgfut

the system. They are defined as: which can be explicitly written as:

@1 (X) = 2= X 24X = CDWZ+CDBI,2 =@ 2

%) =2=%=0 (10) Play, Zax,|[(z+24
ul _ 1 + ‘JLr Tr r (16)
'_I'hg relat|ve degreeg (i = 1, 2) for each output {z u,) det(B()) |pL, 2L, T
Z,), is in this case are equals tpr 1 and 5y =1 L %2 T Zﬁj

respectively. ' '
This implies that the full-linearization is not
realized, so, another variabig (x), which represents
the internal dynamic must be added.
Let s (x) be chosen as:

However, we notice in this case that system (46) i
rather complex and depends closely on motor
parameters, state variables and external pertorisati

In order to minimize the number of input variables
and reduce the dependence of the system (16) on

@ (x)=z,=atan(x /x } kt with k= {0 ,'f X, >0 (11) parameter variations and external perturbationslewh
1if x,<0 maintaining decoupling between the two subsystems
ordered by the command variables &nd  we
Notice that the transformatiap(x) is reversible. propose a new reformulation of the system.
Consequently, the above set of new coordinates, By considering ¥y and v as the new commands
allows the following canonical form of the system: variables, yand y are given as follows:
. —£21 Zix1 obm X, [UlJ:(Xl 'Xz]EE"l] (17)
[.21]: Tl T T t (12a) U,) \Xz X )V,
z, T, —%x meX u, .
) 2 E The resulting system governed by the above state
J JL JL,
and input transformation is given by:
L, (XUu,=Xu
z =p~22+m[1 = 1] (12b) 2 2L
’ T % 2 =f@+ 6@ =-=z+" 70y
Tr Tr
(18)

The system (12a) can be presented in the followingz2 =f,(2)+g,(z)0u,= _T . pL, 20,
matrix form: J I
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The system is made up of two subsystems, each

one is put in canonical form and dependent on on
command ¥ The block diagram of the resulting
nonlinear feedback control system (12) is depidted
Fig. 2.

The block describing the relation between u and v

cannot be replaced by an approximate system, becau
of no uncertainty between internal and externa
command variables is tolerated.

Concepts of the Sliding Mode Control (SMC): The
basic principle of sliding mode control consists in

moving the state trajectory of the system toward a

predetermined surface called sliding or switching
surface and in maintaining it around this lattethwan
appropriate switching logic. The design of a skidin
mode controller has two steps, namely, the dedfimitf
the adequate switching surfacé)&nd the developmen
of the control law or the switching logic U.
Concerning the development of the switching
logic, it is divided into two parts, the equivalamantrol
Ueq and the attractivity or reachability controly,
defined as follows (Slotine and Li, 1991; Utkin,929:

t

U

U = UegtU, (19)

With:
U, =-G(SO) Bsgn SO

Where:
Ueq= Equivalent control
U, = Robust control

Equivalent control Ug: The equivalent control is
determined off-line with a model that represents th
plant as accurately as possible. It is calculatgd b
imposing SO=0 and SO=0; which force the state
variables to follow the sliding surfaces. If theamt is
exactly identical to the model used for determining
and there are no disturbanci®re would be no need to
apply an additional control JJ In this case this
condition yields to:

ES

aS
f ]+—=0 20
6(D1[ (o] +— (20)
where, % the gradient of S with respect to state

variable. From Eg. 20 the equivalent control isegiv
by:
114

_ [ 95 o [28¢me2S
é—Jeq_ |:a(mg([ﬂ:| |:a(mf(m+ at:| (21)
For a stationary sliding surfacj= 0 thus:
as 1T as
Y =] = = 22
| {a(mg@} {a(m (m} @2

Eg([)] is assumed to be non-singular for all state

oy

variables.

In the present work, the two equivalent controls
Ueq that force the state variables to follow the skiin
surfaces, of the sliding mode controllers usedha t

cascade structure are calculated by imposing)= 0
and§; (u)=0, wherei:1,2andj:3,4.

Robust control U,: However, in practice there are a lot
of differences between the model and the actuaitpla
Therefore, the control component, i necessary to
guarantee that the state is attracted by the swigch
surface in satisfying the conditioB()C8()< 0 in the
presence of parameter uncertainties and disturbance
uncertainties (Slotine and Li, 1991; Utkin, 1992).

In a conventional variable structure control the
reachability control generates a high control atgtias it
depends on the magnitude 0)5(The resulting relay
function, obtained with a constantE§ very harmful to
the actuators and may excite the unmodeled dynashics
the system. This is known as a chattering phenomeno
The main cause of the chattering and the largeraont
energy is the use of a control law that dependg onl
the known upper bounds of uncertainties and
disturbances. Ideally, to reach the sliding surfabe
chattering phenomenon should be eliminated. However
in practice, chattering can only be reduced.

During the last years, the reduction of chattering
became a focus of many reaserches (Baraehmk,
2009; 2007; 2009; Park and Kim, 1991; Slotine and L
1991; Utkin, 1992). Among these, the first approaxh
reduce chattering was to introduce a boundary layer
around the sliding surface and to use smooth fansti
to replace the discontinuous part of the controloac
In this work the following function, which givesdtier
performances as it uses an exponential function for
smoothing, is proposed (Fig. 3) (Barazahal., 2009):

k—(k—k)exp(—%]; |SO e
G(S)= ‘

(23)
ISOke

£ ,
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G(2)sign(s) 1 0
2

v
. @ v

Er I Vi |= 5|12 J3i2 Eivi (24)
. Vol “|-172 -y312) " "

ToOBO

Design of the switching surfaces: In this study, two

*
sliding surfaces are taken as (Barazahel., 2009;
x 2004; 2007):
-E 0 g 2 2
Si(z1) = &(Z1) = Pref —P/" = Zei— 2
Sx(22) = &(22) = Qret —Q = Zyei— 2 (25)

Fig. 3: A smooth piecewise approximation.

with @, and Q.;, being respectively, the reference
values of the flux and the speed.

B(=0
W x>0 . .
82> 0 Development of the control laws. By using (20) and
(21), the two regulators' control laws, for thexfland

80 =0 the speed, are given by the following equations

VAR S VAV AVA S (Barazanet al., 2009; 2005):

*  For the flux regulator:
(<0

WO EE =0 BEy > 0

_)‘121ref +A 1 B-i-g Z,

= L |+ ; 26
v . T
T A T A
Fig. 4: lllustration of the tracking around the geéined r r
sliding surface e For the speed regulator:
The constant K is linked to the speed of @
convergence towards the sliding surface of the ggec _ N2y tA, J' -1 .
(the reaching mode). Compromise must be made when Va= pL,. * pL. B (27)
choosing this constant, since if K is very smadl ttme L, 4 L, 4
response is important, whereas when K is too bég th
chattering phenomenon appears. They can be rewritten as:
k is the minimal value of G(S), necessary to
compensate uncertainties and disturbances to gearan Vy = Vi 20) + by (2,)05,, (28)

convergence to the boundary layer.
The value of ¢ is important as it affects )

simultaneously the switching frequency and the Vs = Vaeq(Z1) + b5(21)05; (29)
tracking of the sliding surface as shown in FigTHus,
€ is chosen with great care in order to obtain thstb With:
possible and practical results.

$4(8)= M, (S )Oson($ (30)
Application of the diding mode control in the
proposed system: ' = M. (S YOsan 31
Conception of the diding mode controllers: In this %687 M (& )50n@ (1)
contribution, the sliding mode control scheme is The gains K, K,, k; and k should first be taken
illustrated in Flg 5. Using Park transformatiomge t positive and then adjusted to the appropriate walue
reference voltages in the (a, b, c) co-ordinatesgaren  which correspond to the highest performances of the
by: system.
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L
=1
- -, L V' Sa
o)
Piref ) | SMC of (@) [ % Vetages oloB /[ Py
Vi |Sinusoidal | &, |l Induction
i, Vi Ditz) g estirnation . B Iotor
Qﬁ@-—. - Vis abe|Vg | FWM >
SMC of (C2) > s,
——
Inverter
id.S
. @dl' . iqs O{'_B N
=% = B Flux and " i
‘I’qr speed |« 1ys
. h observer abc
= Q
+ Vas
Vs

Fig. 5: Block diagram of the cascade

MATERIALSAND METHODS

It is important to precise that in this study the
material which is used is the Matlab simulink aisl i
different toolbox such as the conception of our ABIF
system by using ANFIS toolbox. This is also donérby
the vision of implementing in the future such atsys
by using D-space.

Validation of the cascade sliding mode controller:
The first test concerns a no-load starting of thretam
with a reference spedl= 100 rd sec. A load torque
(TL =10 Nm) is applied then between t =
t=1.5sec.

The test results obtained are shown in Fig. 6.

0.8 sec and

sliding modeti| of induction motor

obtained using such a controller in spite of thespnce

of severe disturbances such as load torque step
changing. Concerning the chattering phenomenos, thi
latter appears in the torque response due to the
discontinuous characteristic of the controllercduld

not be eliminated with this technique of control.

Improvement of the control system by using
Adaptive Neuro-Fuzzy Inference System (ANFIS):

Design of the speed Adaptive neuro-fuzzy inference:

In this study, only the speed fuzzy sliding mode
controller will be replaced by an adaptive neurgzzly
inference system because the hybrid technique ensur

The waveforms depicted in the Fig. 6 show that théhe decoupling between the torque and rotor fluet an

ideal variable decoupling is established, despigeldad
variations. Owing to the constant flux control, @ak

also the chattering appear on the torgespaonse
especially and must be reduced. So, it is real@edn

speed response is thus obtained. Besides, thisd spegppropriate combination of neural and fuzzy systems

response is very close to the desired references It
clearly shown that during a load torque perturbmtio
the actual rotor speed tracks the desired speed aft

in order to try to reduce or eliminate the chattgri
This hybrid combination enables to utilize both the

small transient state. The step changes in the loa¢frPal and the numeric power of intelligent systems
torque and the speed response cause step chartpes in(Efe and Kaynak, 1999; Jarey al., 1997). Note that
torque response without any effects on the rotox fl the hybrid structure control process independently
components responsedq, Pg,), which are maintained from the ANFIS controller or any other type of
constants, due to the decoupled control systeme®#tw requlator imposed that in order to have the best

speed and rotor flux.

A cascade structure with sliding mode oartas
been simulated using a squirrel-cage induction mofto
1.5 Kw, 220V, 2 pairs of poles, 1420 tr/min, 50,Hz
Rs=4.85Q, R = 3.805Q, Ls=0.274 H, L=0.274 H,
M =0.258 H, J = 0.031 Kg.m, f = 0.00114 Nms.

decoupling the velocity and the other parametahef
motor must be estimated correctly. We supposed here
that the velocity is not changed during the progdss
variation of this latter and its impact on the m@sge of

the electromagnetic torque is presented (Baraetale

On the other hand, the speed regulatign i2009)).
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Fig. 7: Simulation results for the neuro-fuzzy goht
Fig. 6: Simulation results for the sliding mode toh

120 20
As it is known from the theory of fuzzy systems, = w / off
different fuzzification and defuzzification straieg oo

with rule base structures can result in variousitsmis o ,
to a given task. This study considers the ANFIS U/ L R — F| N S S —
structure with first Sugeno Model containing ninées. Tme(zes) T T
Gaussian membership functions with product infeeenc  *° “1
rule are used at the fuzzyfication level. Fuzzyfier LA
outputs the firing strengths for each rule. Theteeof
the firing strengths is normalized and the resgltin
vector is defuzzyfied by utilizing the first ord8ugeno ]

model. " Tlme(lset) " ! ! " Timel(sec) " !
Note that our ANFIS controller has two inputs chose

as the speed estimated at times (t) and (t-1) céigply ~ Fig. 8: Simulation results for the neuro-fuzzy goht
and one output which correspond to the control Vaw taking into account the variation of 50% R

given in Fig. 5.

Speed (rd secl)
Torque (Nm)

Quadrature rotor flu (Wh)
=

Direct rotor fluz (Wh)

On the other hand and as the coefficients in (18)
Validation of the speed regulation by using adaptive ~ are all dependent on the motor parameters. These
neuro-fuzzy inference controller: Initially, before the parameters may vary during on-line operation due to
introduction of the speed adaptive neuro-fuzzytemperature or saturation effects. So, it is inguurto
controller in the control scheme, we must proceeist investigate the sensitivity of the complete system
training. This process is done off-line by presemtio ~ parameters’ changes. One of the most significant
the controller the pattern (input/ output data)aiiéd ~ parameter changes in the motor is the rotor resista
during the simulation of the previous system. Nbi@  R.. A simulation taking into account the variation of
only data obtained in transient state was usedim t 50% rise of Rrelative to the identified model parameter
training process in order to give more capabilitiethe  was carried out (Fig. 8).
ANFIS because during this phase of the process many

different points are given which leads to a good RESULTSAND DISCUSSION
generalization of our controller to unknown cagéso
we considered the sliding mode obtained data becaus The waveforms depicted in Fig. 7 showt tie

in this case the system is more performed and thgesponses obtained with the ANFIS controller aghlyi
robustness ensured. After this step and in ordeetiy  similar to those illustrated in Fig. 5 and 6 respety. In
if the adopted speed adaptive neuro-fuzzy controllefact, the decoupling between the speed and thetdire
would be capable of driving the plant in all the rotor flux component is maintained by the use & th
operating range and without instability, we inséiin  feedback linearization control method such as the
the control scheme to replace the speed slidingemodrobustness towards the rotor resistance varia®¥6(
controller and validate its performances by doihg t Rr) which is clearly shown by Fig. 8. Furthermones
same test simulation such as those which are dongan also notice that the chattering is approxingatel
previously in the sliding mode control (Fig. 7). inexistent by the use of such intelligent systenictvh
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represents the most important objectives requisethb  Barazane, L., M. Laribi and M. Jumah, 2007.

authors. In fact, as a conclusion, we can say ¢hbat Introduction of fuzzy sliding mode technique in the
objectives (decoupling, robustness and a significan  feed back-linearization control of induction motor.
reduction of the chattering phenomenon) are attemgt Proceeding of the 1$hternational Conference on
that the speed adaptive neuro-fuzzy controller gsdirat Digital Communication and Computer
it has got great potentials to improve the resppéthe Applications, Mar. 19-22, Irbid, Jordan, pp: 19-25.

system. dln ﬂt]e fl;)ture we Dintend to imdpleTeryal.gurBarazane, L., M.M. Krishan and A. Khwaldeh, 2009.
proposed system by using D-space in order to ualioa Robust neural networks for hybrid control of
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