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Abstract: In this paper, a trajectory tracking control for a nonholonomic mobile robot by the
integration of a kinematic controller and a torque controller is investigated. The proposed torque
controllers (PTCs) are based on a Gaussian radial basis function neural network (RBFNN)
modeling technique, which are used to compensate the mobile robot dynamics, significant
uncertainties and disturbances. Also, the PTCs are not dependent of the robot dynamics neither
requires the off-line training process. The stability analysis and the convergence of tracking errors
to zero, as well as the learning algorithms (for weights, centers, and widths) are guaranteed with
basis on Lyapunov’s theory. In addition, the simulation results shows the efficiency of the PTCs.

1. INTRODUCTION

Mobile robots, which can move with intelligence without
any human intervention, have attracted the interest of
many researchers due to their extensive field of applica-
tions. Several control methods have been proposed for
motion control of a mobile robot under nonholonomic
constraints. Some nonlinear feedback controllers have been
suggested [Kanayama et al., 1990], which consider only
the kinematic model of a mobile robot and suppose ‘per-
fect velocity tracking’. Also, some researches consider the
dynamics of mobile robot to achieve ‘perfect velocity trac-
king’ [Yang and Kim, 1999]. There are few results on the
problems, regarding the integration of both, kinematic and
neural dynamic controllers for a mobile robot.

Controlling a mobile robot efficiently, with unknown dyna-
mics, and subjected to the uncertainties and /or unmodeled
significant disturbances is a field that has been motivated
various researches. The computed torque control approach
is able to accomplish the control of mobile robot, but
it demands the exact dynamics model that, in fact, is
impossible in practice. Adaptive controllers [Fukao et al.,
2000] can perform the control of mobile robots even with
partially unknown dynamics, however, a complicated on-
line estimation of such unknown dynamics is necessary.
Fierro and Lewis [1998] developed a neural network based
model by combining the backstepping tracking technique
with a torque controller, using a multilayer feedforward
neural network (known as MLP), that can learn the mobile
robot’s dynamics, the bounded unmodeled disturbances
and the unstructured dynamics, through its on-line lear-
ning. However, the control and neural network learning
algorithms are very complicated and it is computationally
expensive.

In this paper, the RBFNN is applied to control a dyna-
mic system, since the structure of an RFBNN is simpler
that a multi-layer perceptron (MLP), the learning rate of
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RBFNN is generally faster that a MLP, and a RBFNN
is mathematically tractable easily [Seshagiri and Khalil,
2000]. Thus, the neural control method presented by Mar-
tins and de Alencar [2003], Martins et al. [2005] is extended
to the controlling a nonholonomic mobile robot, consi-
dering the trajectory tracking problem. Differently from
other investigations with mobile robots [Hu and Yang,
2001, Oh et al., 2003], the implementation of the PTCs is
based on the partitioning the RBFNN into several smaller
subnets in order to obtain more efficient computation. Mo-
reover, the values of centers m and widths o of Gaussian
radial basis functions of the RBFNN are adjusted on-line.
Also, need neither an off-line training process nor the priori
information of the robot dynamics. Stability and conver-
gence of the robot control system, as well as the learning
algorithms (for weights, centers, and widths) are proved
by using Lyapunov’s theory, considering the presence of
bounded unstructured and unmodeled dynamics.

The present paper is organized as follows. In Section 2
the nonholonomic mobile robot dynamics, its structural
properties and the neural networks modeling, for mobile
robots, are shown. The kinematic controller for a reference
trajectory tracking, and the PTCs are described in Section
3. Section 4 shows the results of numeric simulations and,
finally, in Section 5 the conclusions are presented.

2. DYNAMICS AND NEURAL NETWORKS
MODELING FOR MOBILE ROBOTS

2.1 A Mobile Robot’s Dynamics and Structural Properties

In Fierro and Lewis [1998], the dynamic equation of the
nonholonomic mobile robot are:

q=S(q)v(t) (1)

ST(@)H(@)S(a)0 + ST (q) [H(a)S(a) + C(a,9)S(a)] v+

+ ST(@)F(4) + ST (q)ra = ST (q)B(q)r @
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where ¢ and ¢ are constrained positions and velocities
in cartesian coordinates, respectively; S(gq) is a jacobian
matrix; v is the actual velocity of the mobile robot; H(q) is
a symmetric, positive definite inertia matrix; C(q, ¢) is the
centripetal and Coriolis matrix; 74 denotes the bounded
unknown disturbances including unstructured and unmo-
deled dynamics; B(q) is the input transformation matrix;
and 7 is the input vector. Disregarding surface friction
F(¢) and G(¢) = 0, one can rewritten (2) as follows:

Dynamics 1 H(q)v +C(q,)v+ 74 = B(¢)r =7 (3)

The following pattern properties must be emphasized:
Property 1: Boundedness — H(q), the norm of the C(q, ¢)
and 74 are bounded.

Property 2: Skew-symmetry — The matrix H(q) —20(q, q)
is skew symmetric. This property is particularly important
in the stability analysis of the control system.

To avoid the estimation of positions and orientation, due to
the nonholonomic constraints pertinent of mobile robots,
(3) can be rewritten as:

Dynamics 2 H(0) + C(v) + 73 = B(¢)Tr =7 (4)

Mobile robot’s dynamics, (4), also it can be rewritten in
a linear form,

Dynamics 3 H(®¥) + C(v) + 7Tqg = (v, 0)¢ + 74 (5)

where ¥(v,0) is a coefficient matrix consisting of the

known functions of robot velocity v and acceleration o,
which is referred as the robot regressor; and ¢ is a vector
consisting of the known and unknown robot dynamic
parameters, such as geometric size, mass, moments of
inertias, etc.

2.2 Neural Networks Modeling

Based on (3)-(5), it can be verified that H(q), H(?)

and C(v) are functions of ¢, ¥ and v only, respectively,
thus, static neural networks are enough to model them.

Assuming that hy;(q), hi(0) and ¢ (v) can be modeled as:
hig (@ =) X €, (@) +er, (@) =

1

ﬁk(@):z W &5, (0) + &g, (6) = Wi Té5, (6) + 25, (0)  (7)

E cklgckl

where Xﬁkﬂ, We,,, We,, € R are weights of the neural
networks; &g, (q), &g, (0), & (v) € R are Gaussian

radial basis functions with their respective input vectors
q, v and v only, as well as g5, _(q), £, (9), €z, (v) € R are

Xty iy (0 ey (@) (6)

)+ e, (v) = Wer T s, (v) +e5,(v)  (8)

modeling errors of hg;(q), hi(0) and ¢, (v), respectively,
and are assumed to be bounded. Bearing in mind that
C(g,q), (4), and N(v,9) = (v,0), (5), are dynamic
neural networks, since they are functions of ¢ and ¢, v
and v, respectlvely, its modeling are required. Assuming
that Ekj (¢,¢) and 7y (v, ) can be modeled as:

Ckj (‘L Q) = Z XEkjlgéka (Z) +€Ekj (Z) - ck] gck] ( )+Eakj (Z) (9)
1

fg(v,0) = Z nklsnkz v,0) + €q,, (v, D) (10)

WZ &5, (v,0) + e, (v, 0)

where z = [¢” qT]T € R™, Xg,, Wa, € R are
weights vectors; &z, (2), §ari(v,9) € R are Gaussian
radial basis functions with their respective input vectors
z, v and ¥ ; €¢,,(2), €n, (v,0) € R are modeling errors
of @,(q,q) and fig(v, ), which are also assumed to be
bounded.

Foregrounded in (3)-(5), the mobile robot’s dynamics can
be expressed by (6) and (9); (7)-(8); (10), respectively.
Therefore, the stability of the neural networks can be
analyzed, where matrix Ge-Lee (GL) [Ge, 1996], defined
by {.}, and its product operator ’o’ are used. The ordinary
matrix and vector are denoted by [.].

Thus, H(q), C(q,q), H(v), C(v) and N(v,%) can be
expressed as:

namics A(q) = [{Xa}" o (a2 @}] + Falo)
namics H(0) = {WFI}T o {{(0)} + Eg(v)
Dy 2 { Cv) = LWC}T N {fc(U)}J + Bo() (12)

[{(Wx}T o {&x (0, 0)}] + B (v, 0)(13)

where {X 5}, {€5(0)}, {X&} and {€=(2)} are GL matri-
ces, whereas {Wpg}, {€5(0)}, {Wel, {€a(v)}, {Wy} and
{&€x(v,0)} are GL vectors; and their respective elements
are Xﬁkjv §7ij (Q), Xékj? é—ék]( ) thv §hk( ) WCk? §Ck( )
Ws, and &g, (v,0). Eg(q) € R"*™ and Es(z) € R"*"
are matrices and Ez(v) € R", Es(v) € R" and
Egj(v,0) € R™ are vectors, and their modeling error
elements 5, (q), €z, (2), €5, (0), ¢, (v) and €5, (v, V), res-
pectively.

Dynamics 3 N(v,9) =

3. CONTROL DESIGN

For the mobile robot, the controllers design problem can
be described as: given the reference position ¢.(¢) and
the velocity ¢,(t), design control laws (C1, C2 and C3 -
as PTCs will be stated later) for the actuator torques,
which drive the mobile robot to move, so the mobile robot
velocity tracking a smooth velocity control input and the
reference position.

Let velocity and position of a reference robot are given as:

qr = I:-T'r Yr GT}T

T
vres = [or wr | (14)
Zr = vr cos(0r)

Yr = vpsin(Or) 0r = wr

where v, > 0 for all ¢ is the reference linear velocity
and w, is the reference angular velocity. Thus, the position
tracking error vector is expressed in the basis of a frame
linked to the mobile robot platform as:

e1 cos(f) sin(0) 0 Tr— T
eq= | e | = | —sin(d) cos(d) 0 Yr — Y (15)
es 0 0 1| |6--0

The position error dynamics can be obtained from the
time derivative of (15) as

é1 wea — v1 + vy cos(e3)
éqg=| €2 | = —we1 + vrsin(es) (16)
é3 Wy —w

An auxiliary velocity control input v. that achieves
tracking for (1) that is given by [Kanayama et al., 1990]:

o — [ vy cos(es) + kier }
¢ 7 | wr + kavrea + ksvrsin(es)

where k1, ko and ks are positive parameters.

(17)
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Given the desired velocity v., one define now the auxiliary
velocity tracking error as:

ec:vc—v:{vcl_vl}:[&l} (18)

Differentiating (18) and substituting the result in (3)-(5),
respectively, the mobile robot dynamics using the velocity
tracking error can be rewritten as:

H(q)ée = —C(2)ec — T+ Q+ 74 (19)
where the important nonlinear mobile robot function is:

C1Q = H(q)vc 4+ C (2) ve (20)
C3 Q=U(v,d)ep (22)

Function € contains all the mobile robot parameters,
such as masses, moments of inertias, friction coefficients,
etc, which are quantities often imperfectly unknown and
difficult to determine.

Thus, the suitable control input for (3)-(5), respectively,
is given as:

T=7NN + kaec — (23)
where k4 is a diagonal positive definite design matrix, and
~ a robustifying term to compensate the unmodeled and
unstructured disturbances, 7y n is the generated torque
from the sum of output torque of the neural networks,
that is given by:

Cliyy = [{XH}T . {gg(q)}} de + [{x@}T . {g@@)}} 24)
02 tww = [{Wa}" o {€a0)}] + [{We}" o {éotoer}| @)

c3 NN = [{WN}T . {éﬁ(vc,@c)}} (26)

where {XH} {Xc} {Wﬁ}a {Wc}a {fﬁ(')} {fé(-)}a

{WN}, and é ~ ¢ represent estimates of true parame-
ters of the weights {X}, {Xc}, (Wi} {(Weh, {62 ()},
{&a()}, {Wx}, and {€5} of (11)-(13), respectively. Three
controllers structures are different in terms of input vectors
of the RBFNN, that is, C1 is formed by static and dynamic
neural networks, C2 is formed by static neural networks,
and C3 is formed by dynamic neural networks.

Substituting (23) into (19), and doing some mathematical
manipulations, the closed-loop system error dynamics can
be expressed as:

H(q)ée = —(ka+C)ec +6+7a+ Enn +7 (27)
where:

5= [{%a}" e {n@}] s+ [{Xe} o e} oot
@

CLq+ (X} o {€a@}] v+ [{Xo}" o {éa(2) }] ve (28)
Enn =FEg (@) 0c+ Eg (2) ve
5= [{W,—,}T . {ég(i)c)}} + {{W@}T o {gé(vc)}} +
Cc2

[T o (a0 ] + [(WelT o {iaa}] 2

ENN =Eg (9)+ Eg (v)
s { 5= [{Wn}" o {Enteei}] + [W3) o {Ex eeso)

EnN = Eg(v,0)
being that (7) = (.) — (*) define the error vector in the

parameters, and Expy define the neural network modeling
erTor.

Assuming that the unmodeled and unstructured distur-
bances are bounded, as well as the neural networks mode-
ling errors, such that || 74| < bg and ||Enn| < enn, the
robustifying term is defined as:

— (kg + In)ec (31)

where kg is a diagonal positive definite matrix, and I, is
the identity matrix.

For the controllers (C1, C2, and C3) or (23)-(26), and (31),
learning algorithms for the neural networks should to be
developed, so that the control system can be stable, and
both the position and velocity tracking errors converge to
ZEros.

Let us consider Lyapunov’s candidate function:

(32)

V=V+ kl(ei-l— e3) 4 2(k1/k2)(1 — cos(es))
Vi = (1/2)(es H(g)ee + 12)

where:

n
vzzz)zg 7 X, + ZXT
r-L s
C1 + ZmHk mHk +chk ka + (33)

+ Z HkFo';I ~Hk+z ¢, o'C Ck

Va = ZWZICFH

-1
XCk

ZWT rg e, +

T - _
cz{  + ZmH,C i, ™ +chk o, e (3)
-1 ; r-1 E
+ Hk aHk Hk+z 9, ack
k=1
T ~
ZW s Wmem o T
c3 (35)
~T ~
+ ZUN FUNk N
k=1
with I' , T'y,, and T',, being dimensional compatible

symmetric positive definite matrices. Clearly, V > 0, and
V =0ifonlyife, = 0, e, = 0, {XH} -0, {Xc} -0,
{WH} =0, {W@} =0, {WN} =0, mg =0, g = 0,
my =0,05 =0, 65 =0, and 65 = 0. Differentiating V,

(32), and substituting the error dynamics, (27), V is given
as:

{ V = 2k16161 + 2kieiéa + 2(k1 /kz)eg sm(eg) + Vl (36)

V1 —e. k4ec+e Td+6 ENN+e 'y—l-Vg

where, using the property 2, Vs stays:
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+ lleclltr (6555 ) + llecl n

Ve = e {XH} {ﬁH(q } + [{XFI}T. {gﬁ(q)}bi)c"' Xﬁk =T, o {gﬁk(q)}i}ceck - K Ta, ”eC”XHk
. Xe, =T, o {é, (2) } veee, — K, T, llecll X6
X~ - + [{x 1T - ot Clq “Ck C { Cp\*/ k Ok~ Ck Cr  (43)
A R R R CR I oty = Tty el 6, = T lleclmg,
g ¢ ¢ G 6, = Lom, llecll6g,; 66, = —Tsa, lecll 66
+ ZXfTIkF;IiXFIk +ZXI I‘le@k-i- Uffk cHy, ||6A||C’H,C 9¢c, Ch lle ||Uck
C1 k=1 (37) UQ%::FHk.{ggJ@g}e% Kg, T, llecl Wa,
- B Wg, =Tg o {és (vc)}ec - Ke, T lleel| W
+ mL . T mL mea s C2 ' C C { C k Ch C (44)
Z i mH’“ Z O mc" Mg, = ~Umm, ||ec||ﬁ"bﬁr,c?f'"bc,c —Ia, llecll g,
S S o e e o e
k L, k= oCh cs { I/}/Nk = F?’Cgﬂk ﬁvc,”i)f)eck N KNR;F‘I;]C ||e.:|||| Wﬂﬁﬁ (45)
: . . g, = =Ty, leclmg; ox, = -Tor, llecll o5,
Vo = L({Wa} e {€aa}| + [Wi}" e {6}t where K, > 0.
£ T & .
+ ([ {We} e {gé(m} +[(We o {€ca} D+ Then V4 of (36) can be simplified as:
+ wrT r=- W + WT 1" W + V < 2kiei1é1 + 2kie1és +2(k1/k2)63 sm(eg) + Vl
Cc2 g Hi iy, ; c (38) {V1_—e Thiec+el'7y+ el Enny +efyv+ Vo (46)
_ - where:
+ ZmHk mHk +chk mckm +
5 . L s Va < Kglleel Y XE Xa, +Kellell ) XL Xe, +
+ ZoTﬁk v:J'H,c Hk+z Ck Jékoék ; § * ; § ’
k=1
- N C1 + llec + |lec T 7 a7
[ ] RO RIRED SEN I
. ) T o
cs el [{WN}T’{ﬁzv(Umvc)}]"‘ZWT R ) + ||ec||Z gkUHk+||ec||;U@kack+||ec||M
- —1 = - -1 = . - R U R
DS R SLER P Va < Kg ||ec||ZW§ngk + K llecll > WE We, +
k=1 k=1 =1 k=1
C2 + llecll Y RE g +llec]l Y mE ha + 48
Emphasizing that: ; Hi ; O Cr “
+ llecl Y 5% o, +llecll Y 55, o, + llecl
n k=1 k=1
o [{Xa} e {n@}] oo =3 {(Za,} " o (€, @} bec
{ H} { H } ;{ Hk} { Hy, } k Vi < Ky ”eC”Z WN,C‘*‘HGCHZmeme‘*‘
N . "L . c3 k=1 (49)
C1 ef[ Xa Te £a(2) }vc: X Te &, (2) veed40)
{Xe} = e} Z‘;{ ob +{fa @) - ||6c||z5§k&1\7k + llecll
(X" %ﬁ(@} ie|| < a k=1
(Xo)T e {éa()} UCHSB being that K, = K,, p = a+ (3 of (47)518) o=
n A of (49). Observing that tr (X XT) - Y XTX
= NT (2 . < T (s . i kD
e [{Wa}" e feat}] = 30 {0} e (g 00 e \ i
ke tr (W) = Z W,, tr(mm?) = Y mlm,,
~ T ~ ~ T ~ —
C2 ez{{wb} '{5@@&}}= {We, } o {éc, (ve)} ec,(4D) 7 b=t
: k=1 tr(6.67) = Z 516, , and replacing the robustifying
{(Wat" e {€m) () HSa =
(We) e {éawa)}]] < 8 term, (31), in V1 of (46), one obtain:
~ T . n - . v < 2kjeié; + 2kieiés +2(k‘1/k2)e3 Sln(e3) +V1 (50)
C3 ez [{WN} L] {51\7(”4:71.)6)}} = J%;kgka(vc’ijc)eck (42) Vl < —6T6c—6 k4ec—ec (kdec—Td —ENN)+V2
k=1
: . here:
ITwsd™ o {Entwesse)} ] <5 e
Vo < Kplleclltr (XgXF) + Kg llecltr (XaXE) +
3 R Cc1 + [lecl tr (g TH) llec]| tr (mcmg)+ (51)
and also, it can be seen that {X} ={X}- {X_}, + ||ec||tr( ) llec| tr (crccrg) + |lec]| p
— (W) {W} M. =m, —1h,and § =0 — 6, Ve < Kpllec] tr (WaWh) + Ko lleclr (WoWE) +
. . . . ) ) Cc2 + lleclltr (mgmF) + llecl tr (mam&) + (52)
then {X} = —{X-}v {W} = —{W}= m.o= -, + llecl tr (655 )+||ec||tr (6665) + llecll
and ¢, = —&.. Therefore, the learning laws for the neural < K- T LT
networks are obtained as: C3 {V2 < Ky llecltr (WNW ) * lleellr (mNmN) - (53)
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or
1% < 2kie1é1 + 2kre1é2 + 2(k1/k2)és sin(es) + Vl
Vi < —elec = kayy, llecl® - (54)
= lleell (kdyy, llecll = bs — enn — ¢ — )
with:
¢ = Kgtr (XgXF) + Kotr (X XZ) +
C1 + tr (mgmg ) +tr (meml) +tr (6555) +  (55)
+ tr (6065)
— _ o T _ il
¢ = Kgtr (WgW}) + Katr (WeWl) +
Cc2 + tr(AHT;Lg)-i-tr (meml) +tr (66%5)+  (56)
+ tr (6065)

and ||¢]| < ¢, ka,.,, and kq, ., are the minimum singular
values of k4 and kg, respectively. Substituting the position
error dynamics, (16), the time derivative of V results in:

V< 2kie1(wea — v1 + vy cos(es)) + 2k1ez(vr sin(ez) — wer )+
 +2ksvr (wr — w) sin(es) + Vi (58)
Vi < —elec — kayy, llecl® -
— llecll (kdy;y, llecll —ba —enn — @ — 1)
where kszv, = (k1/kz2). Substituting e, and v = v, — e,
(18), V becomes:

(k1/(k2ksvr))(ksvr sin(es) — e5)? — ka,, llecl|® = (59)

{ V < —k%e2 — ((k1ks)/ka2)vrsin®(e3) — (k1e1 — eq)?—
= llecll (Kdp,, llecll —ba —enn — @ — p)

Since |lec|| > ((ba + enn + @ + 1) /ka,,.), V is guaranteed
negative. According to a standard Lyapunov theory and

Barbalat lemma, all signals |le,|, [lec|l, {XH}, {X@},

{WH}, {W@}, {WN}, Thg, Thc, mN, &Hv 5@, and 6N
are bounded.

4. SIMULATION RESULTS

For accomplishing the simulations, the dynamic model
described in Fierro and Lewis [1998] is used, with d =
0.2m, v, = 0.5m/s, and w, = 0.0rad/s.

To illustrate the performance of the three PTCs (C1, C2,
and C3 or (23)-(26), and (31)), the robot should to track a
straight line with the disturbance of Coulomb friction that
subject to sudden changes, as well as load disturbance.

The reference trajectory is a straight line with initial
coordinates (1,2) and orientation of 26.56°, respectively.
The initial position of the robot is [xo, yo, 00] = [2, 1, 10°].
The design parameters of controllers are chosen as: k; = 1,
ko = 3, k3 = 2, ky = diag[7], T, = 10, T,,,., = 0.001,
'y, = 0.001, K = 0.001, and kg = diag[7]. In this case,
the number of hidden neuron is: 20 for C1, 20 for C2
and 16 for C3. The values of centers m and widths o of
Gaussian radial basis functions of the RBFNN are adjusted
on-line. Different tracking performance can be achieved by
adjusting parameters gains and others factors, such as the
size of the RBFNN. A Coulomb friction term unmodeled
disturbance, as well as bounded periodic disturbance are
added to the robot system as,

(f1+ f1(t))sgn(v1) + 0.1sin(2t)

=\ + Fa(£))sgn(w) + 0.1 cos(2t)

where fi1 = 0.3, fo = 0.5. Function f(¢) is non-linear, defi-
ned as: [ f1(t) f2(t)] =[0.0 0.0]7ift < 8; [ f1(t) f2(t)] =
[0.2 0.2]7 if t > 8, respectively. Thus, disturbance is
subject to a sudden change at time goes to 8 sec. Moreover,
in 8 sec, the mobile robot suddenly dropped of an object
of 2.5kg, that is, a quarter of its original mass.

The tracking performance of the PTCs (C1, C2, and C3)
are verified in the tracking of the reference trajectory (Fig.
1), in the tracking errors in the X and Y directions, and in
the orientation (Fig. 2), in the total control torques (Fig.
3) and in the actual linear and angular velocities of the
mobile robot (Fig. 4). It can be observed that the tracking
errors of the PTCs (C1, C2, and C3) tend to zero, as well
as the robot velocities and the control torques converge
to its steady state. In addition, when the sudden change
of friction and load variation occurs, is observed that the
tracking errors tend to zero, because the PTCs (C1, C2,
and C3) are able to compensate the sudden changes of
the robot dynamics through learning mechanism of the
RBFNN. Also, for comparison, the trajectory tracking
performance of the controllers (only k4 controllers and
PTCs) can be quantified using the mean square quadratic
error (MSE), where the results are on the Table 1.

Trajectory Tracking
T T

—— Ref traj. | |
—

--C3

L L L

5 . ; 0 s %
X m]

Fig. 1. Reference trajectory and actual trajectory - ky
controller; C'1, C2, and C3 controllers

Table 1. Mean Square Quadratic Error - MSE

Controller MSE
X direction | Y direction | @ orientation angle
k4 0.0609 0.0930 0.1397
C1 0.0478 0.0463 0.0887
Cc2 0.0507 0.0573 0.1169
C3 0.0355 0.0623 0.0953

5. CONCLUSIONS

This paper suggests control algorithms for a nonholonomic
mobile robot, with a completely unknown robot dynamics,
and subject to bounded unknown disturbance including
unmodeled and unstructured dynamics.

Since the three dynamic neurocontrollers have different
structures in terms of connection of the input vectors to
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RBFNN, the implementation these controllers is based on
Fosition Tracking Brror the partitioning the neural networks into several smaller
<o . subnets in order to obtain more efficient computation,
= which simplifies the design, gives added controller struc-
ture, and also leads to contributes to faster weight tuning
algorithms.

L L L
SR TR - : 3 ' . . .
Frostion Tkl Py ‘ The RBFNN used in the PTCs neither requires an off-line

el training process nor the priori information of the robot
, dynamics. Stability and convergence of the robot control
system, as well as the learning algorithms (for weights,

‘ centers, and widths), are proved by using Lyapunov’s
‘ orentationFlling Bror ’ i ) theory, considering the presence of bounded unstructured
S0l ‘ ‘ ‘ ] and unmodeled dynamics. The simulation results show the
: efficiency of the PTCs, where it is possible to note different
dynamic behaviours, since these controllers have different
structures.
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