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Abstract

This paper proposes a novel robust adaptive-backstepping-recurrent-fuzzy-wavelet-neural-networks controller (ABRFWNN’s)
based on dead zone compensator for Industrial Robot Manipulators (IRMs) in order to improve high correctness of the position
tracking control with the presence of the unknown dynamics, and disturbances. To deal on the unknown dynamics of the robot
system problems, the proposed controller used recurrent-fuzzy-wavelet-neural-networks (RFWNNs) to approximate the un-
known dynamics. The online adaptive control training laws and estimation of the dead-zone are determined by Lyapunov
stability theory and the approximation theory. In this method, the robust sliding-mode-control (SMC) is constructed to optimize
parameter vectors, solve the approximation error and higher order terms. Therefore, the stability, robustness, and desired tracking
performance of ABRFWNNs for IRMs are guaranteed. The simulations and experiments performed on three-link IRMs are
provided in comparison with fuzzy-wavelet-neural-networks (FWNNs) and proportional-integral-derivative (PID) to demon-

strate the robustness and effectiveness of the ARBFWNN:S.

Keywords Industrial robot - Unknown dead-zone - Recurrent wavelet fuzzy neural networks - Adaptive control

1 Introduction

In recent decades, Robotic manipulators have been widely
used in the variety of industries and much effort has been
contributed to the robot manipulators for improving their ef-
fectiveness and accuracy significantly too. In fact, robotics are
multi- input multi — output (MIMO) non-linear systems. In
addition, IRMs usually bear the nonlinear frictions, payload
variation, external disturbance and etc. in the working process.
Therefore, it is not easy to build a suitable controller without
the knowledge of the robotic system. To solve these problems,
intelligent controllers based on fuzzy/ neural networks control
for IRMs have been proposed. The Fuzzy logic technique is a
successful implementation for the approximation of non-
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linear systems [1-3]. In [3], Shaocheng Tong and Han-xiong
Li proposed a sliding mode controller based on fuzzy tech-
nique for nonlinear system. Here, the proposed controller was
designed without the knowledge of MIMO system and the
rules of fuzzy system were created by using the knowledge
of human experts and experience to obtain good control per-
formance over uncertainties. However, this knowledge may
not be enough and difficult to build the suitable fuzzy control
rules, membership function. To overcome this difficult prob-
lem, the adaptive robust fuzzy control system based on neural
networks were proposed [4—7]. In [5], the authors propose an
adaptive robust control system based on fuzzy neural net-
works (FNNs) for robotic manipulator. The proposed control-
ler combines the advantage of fuzzy technique with fast learn-
ing ability of the neural networks. The updated law of the
proposed controller was determined by the Lyapunov stability
theorem. Therefore, the robustness and stability of FNNs were
improved. The FNNs architectures in [4—7] were not easy to
solve for the highly nonlinear system because they were built
based on the application of feed — forward neural network. To
deal with this problem, the recurrent-fuzzy-neural-networks
(RFNNs) was proposed [8—14] by inheriting the advance of
FNNs with the recurrent technique. In [9], an adaptive itera-
tive learning control for a nonlinear system is proposed by
using the recurrent fuzzy neural network. Here, the unknown
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certainty equivalent control system was compensated by the
recurrent fuzzy neural network. All parameters of the pro-
posed controller were adjusted based on a Lyapunov like anal-
ysis. Thus, the robustness and effectiveness of the RFNNs was
guaranteed. In [10], Faa — Jeng Lin, and Po- Huang Shieh
proposed a recurrent radian-basic-function (RBF) network
based on fuzzy neural network controller to control the posi-
tion of linear ultrasonic motors. By combining recurrent tech-
nique, RBF network, and fuzzy neural network, the learning
speed of the proposed control system was significantly im-
proved. In general, the control systems based on neural net-
work have the advantages to control the nonlinear system but
they still contain some problems as approximation errors, net-
works size, and poor convergence. There have been many
valued researches that proposed based on the wavelet-
neural-networks (WNNs) to deal with the problem of
FNNs/NNs. By combining the learning capability of neural
networks with the decomposition capability of the wavelet,
the WNNs can be converged faster, bigger network size, and
smaller approximation errors [13—16]. In [14], the authors
proposes a wavelet neural network (WNNs) for farm trans-
mission line deicing robot manipulators. In this controller, the
disturbances and unknown dynamic system were approximat-
ed by the WNNSs and the lumped uncertainty was compensat-
ed by using the robust term. The proposed controller improved
the smaller tracking errors and guaranteed convergence faster
than NNs. Other researches proposed the FWNNs have
attracted a lot of attention of researchers. The FWNNs are
built based on the inheriting advantage of fuzzy technique
with WNNs architecture and some researchers by using
FWNNSs are proposed [17-19]. In [18], an adaptive robust
SMC control system based on the inheriting advantage of
fuzzy wavelet neural networks (FWNNs) is proposed for a
class of condenser cleaning mobile manipulator to solve the
problems of external disturbances and parametric uncer-
tainties. In this proposed control system, the FWNNs is ap-
plied to approximate the unknown of robot dynamic and the
online learning laws are adjusted by the stability Lyapunov
theory. Thus, the proposed control system has successfully
improved the convergence speed and approximation errors
of robotics. Recently years, one of the important subjects for
robotic manipulator that has attracted many researchers is the
compensation of dead-zone. In fact, deal-zone is a natural and
nonlinear item. To deal with compensation of non-smooth
nonlinearities, many researches were proposed [20-22]. In
[20], an adaptive neural network is proposed to compensate
the dead-zone of the hydraulic system. In this proposed con-
troller, the RBF neural network is applied to identify the dead
—zone parameters and a cost function is proposed to provide
the best approximation of dead-zone. The parameters of the
control system and the dead-zone are easier to calculate.

In this paper, to deal with the problem of compensation
dead-zone with the unknown dynamic and external
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disturbance, an adaptive robust recurrent fuzzy wavelet neural
network control based on backstepping technique has been
proposed. This proposal combines the advantage of
RFWNNS, sliding mode control and backstepping technique.
The unknown robot dynamics are approximated by the
RFWNNSs and the tracking errors are compensated by using
the robust term. In addition, all the parameters of the proposed
controller are adjusted by the stability Lyapunov theory. Thus,
the robustness and effectiveness of ABRFWNNSs control sys-
tem are guarantee.

The paper is organized as follows. The preliminaries are
described in Section 2. Section 3 presented control design and
Stability Analysis. The simulation and experimental results of
three-link industrial robot manipulators are provided in sec-
tion 4. Finally, section 5 gives concluding remarks.

For the convenience of the reader, the main symbols to be
used in this paper are summarized in Table 1.

2 Preliminaries
2.1 Model of robotic manipulators

In this paper, the dynamics of an n- link industrial robot ma-
nipulator with external disturbance can be described in the
Lagrange equation as following:

Mg(0)0" + Cr(0,0)0 + Gr(0) + Fr(0) = 719 (1)

with 0=[6, 6,...0,]€eR"™" is the joint position vector, § =
[01 0,...0,]eR™" is the velocity vector and § =[0 05...0,,]
eR™! is the acceleration vector. Mg(6)expresses the n x n
symmetric inertial matrix. Cz(6,0) denotes the n x n vector
of Coriolis and Centripetal forces. Gg(#) € R” " denotes the
Gravity vector. Fg(0) denotes the n x 1 vector of the frictions.

Table 1 Main symbols used in the paper
Variables Phyical meaning
04,604,604 The joint position, velocity, acceleration
Zor, Zop The tracking error vector and its derivative
Wy The weight between output layer and rule
layer.
aj; The dilation parameter
bj; The translation parameter
P The approximation of y function
Tome Sliding control term
w, n,o,a, b Approximate values
Qi 1y, Oy i, O, g, Positive adaptation rates
ap
§ Positive scalar control gain
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To expresses the n x 1 vector of the input unknown distur-  Here,
bances. And 7is the n x 1 control input vector of joints torque. 450 d <  are unknown constant parameters of dead
For designing controller, several properties of the robot dy- Or o Jone P
namics (1) have been assumed as follows. hiu). h(u)  are the unknown smooth functions.
«  Property 1: Mg(9) is the n x n symmetric inertial Matrix ~ Where,
and bounded: u  is control input before entering the dead zone.
T is control input after entering the dead zone.
my ||x||* <x” Mg (0)x<m;|x|?, VxeR" (2)
Therefore (6) can be rewritten as:
With mand m, are known positive constants.
7 = D(u) = u—satp(u) (7)
: {Dmp e'rty 2: Mg(6)=2Cg(6,0) is skew symmetry matrix, where the asymmetric saturation function is defined as:
in which
d, foru>d,
satp(u) = < u for di<u<d, (8)
« [ Mp(0)-2C1(0,0) |x = 0 (3) d, foru < d,

*  Property 3: Cr(0,0)0, Gg(0) and F(0) are satisfied:

Cx(6.0)8]| <Cxll6]*, [ Gr(9)] ()
<Gy, ||Fr(0)||<F||0]| + Fo

With Cy, Gy, F, F are positive constants.

e Property 4: o€ R" is the unknown disturbance and 7y is
bounded as follows:

7ol <74, 7 > 0 (5)

As assumptions in [25], the dead zone function shows in
Fig. 1 that is expressed as follows:

7 = D(u)

h(u—=d,) foru > d, ()
0 for di<u<d,

h[(u + d;)for u<d

D(u) =

hy (W)

hy (W)

Fig. 1 Dead zone model

2.2 Backstepping controller

The proceeding design of the conventional Backstepping con-
troller is described step by step as follow:

Step 1:  Define the tracking error vector Zy,(f) and derivative
of Zy(?) as:
Z@l(t) =6,-0, Z@l(t) = 6d7{9 (9)

By using 6 as the first virtual control input. Define an in-
termediate function as:

“o1 (t) = 04 + 201 Zo1,

. 10
01 (1) = 04 + 2912y (10)

where (2, > 0.
Choose the first following Lyapunov function candidate
Ly, as:

Lot (Zo1 (1)) = %Zglzm (11)

The tracking error vector Zy,(¢) is define as the follows:
Zp (1) = @1 (1)=0 = Zo1 (1) + 201 Zo1 (12)

The time derivative of the Lyapunov function Ly, (Zy;(?)) is:
Lot (Zoi (1)) = Zg Zoy = Zgy (Zop ()= 0201 Zo1) (13)

Step 2:  the derivative of tracking error vector Zy,(f) along to

time, we have
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Zp(t) = 0y (1)-0 (14)

where 0 used as the second virtual control input.
Substituting (9, 10, 12, 14) into (1), we have:

MR292 = MRgbm + CR(pgl—CRZQQ 4+ Gr+ Fr+ 10T (15)

Consider the second following Lyapunov function candi-
date Ly, as:

1
Ly, (Zg] (l),Zgz([)) = Ly (Zm (l)) + EzgzMRZQZ (16)
The time derivative of the Lyapunov function Lg,(Zy,(?),
Zgz(t)) is:
Lo (Zo1 (1), Ze (1)) = Zgy (Zo (1)~ 201 Zon )

1, ‘
+ EZgZMRZaz + Zp,MpZg (17)

Substituting (15) into (17) and use Property 2, we have:

. 1 .
Loy = 2§, (Zon ()~ 0201 Zen) + §Z§2MRZez

+Z¢9Tz (MR%l + Cripy—CrZgp + Gp + Fr + 7_0_7_)
Ly = ZgleZ(t)_Zg1 20121

1 .
+ Ezgz (Mr—2CR)Zos + Z}, (v + 7o)

ng = ZeTlZyz(t)—Zgl D01 Zo +Zgz(y+7'0—7') (18)
with
y = Mppg + Crepg, + Gr + Fp (19)

To continue our design, the adaptive control law is pro-
posed as:

T=y+ 2pZp+Zo + 70 (20)

With 24, >0
Substituting (20) into (18), we have:

Lo = =2}, Q01 Z01=2}, 2002, <0 (21)

Since (21), L92(291(t),292(1))§0, L@z(Zm (1), Zpa(2)) is a
negative semidefinite function,
Lop(Zo1(1), Zo2 (1)) <L2 (Z1(0), Z92(0)). if Zpi(0), Zg(2) are
bounded with > 0. By defining €(¢) = ZGT1 Q0 Zy + ZQT2 Q0
Zp 50 €(t)<Lp(Zg1 (1), Zpp(¢)) and integrate the €(7) with
respect to time as follows:

[6€(QdC<Lin(Z1 (t), Zia())~Li2 (Z61 (0), Z4(0)) (22)

Because Lg(Zy;(0), Zy»(0)) is a bounded function, and
Lox(Zp1 (1), Zpy(0)) 1s nonincreasing and bounded, we have:
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lim [€(Q)d¢ < o (23)

2.3 Structure of RFWNNs

The proposed RFWNNs are the integration of FWNNs with
the recurrent structure. The structure of the RFWNNSs is
expressed in Fig. 2, which contains m input variables, # num-
ber of rule nodes, p output nodes and it includes four layers.

Input Layer (Layer 1): Within this layer, x =x1, x,, ..., X,
are the input signals. The input values are moved directly to
the following layer.

Membership Layer (Layer 2): Every node which describes
the terms of corresponding linguistic variable, performs a
fuzzy membership function in this layer. The local feed-back
unit using the actual time part is added to this present layer.
The membership layer output would be represented as:

xi(t) = x;(t) + 0¥ (x;(-T)) (24)

where the membership function Y(x,(t — 7)) denotes the time
delay value of ¥(x(#)) via an interval T and vj; is the recurrent
weight. Y(x,(1)) and ¥(x{t— 7)) are computed as follows:

2
W(x;) = e %) (25)
2
¥ (o) = e i) (26)
with aj; is the dilation parameter and, b;; is the translation
parameter.

Rule Layer (Layer 3): Each neuron through the rule layer is

characterized as a rule and it out prerequisite matching of a
rule. The AND operator is used to compute the outputs as
follows.
(i) = T e (x) (27)
where wj is assumed to be unity presents the weight between
both the membership layer and the rule layer. The fuzzy wave-
let basic function is constituted as follows:

& () = m(0)- 1_[:11£ji(xji) (28)

where is the wavelet basis function and could be determined
as follows:

fj (xji) = l_[:r;16j (xji) (29)

where is the Mexican hat wavelet function.

Output Layer (Layer 4): in this layer, every node describes
the output linguistic variable, and it will be calculated as fol-
lows:
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Fig. 2 Structure of a four layer
RFWNNs
Y1
—
i;
y P,
WF, |
Layer 1 Layer 2 Layer 3 Layer 4
\ »  Assumption 1: yy(x) will be bounded as:
i = L Wit () (30)
J
with W), is the weight between output layer and rule layer. o (x) || <Ay (33)

The RFWNNSs outputs (30) could be expressed in the vec-
tor method as follows:

T
y(x,v,a,b,W)=[yl,yp...,yp} = Wu(x,v,a,b)  (31)

with
T __pmx1
X = [X1,X2, o0y Xp] €R™,
r px1
y= [yl,yz,---,yp] ER™,
_ T _pmnx1,
v = [U117U127~--;Ulm7"'7U7Un27'-'7vnm} €R 5
_ T Rmn><1,
a = [allaa127“~7alm7~--aan]aan27~~-aanm} € 5

b= [b117b127-~~7b1ma~--7bn1,];n27~~-abnm]TeRmnX1
IU/(x7U7a7b) = [Ml?,U/Za "'7un] EganI;

)

Wi Wi Win
W= W:21 W:22 W/:2n cRP"
Wp Wy Won

The RFWNNs have been shown as an approximation.
Therefore, through investigating the powerful approximation
error, there can exit an optimum RFWNNSs to learn the non-

linear dynamic y(x) with its optimal parameters:
y(x) =W (x,v",a",b") +y,(x) (32)

Here, W*, v*, a”, b are the optimal values of W, v, a, b one -
to - one, and yo(x) € R" is a vector of approximation error.

with Ay is the positive real value.

*  Assumption 2: The norm of optimal RFWNNs parameters
are limited by positive real values as follows:

W

<Aw; }

| <av|

a'||<Aa, ||b%||<Ab (34)

The approximate output value of the RFWNNS is deter-
mined as:

(35)

where 9, WT,jl,i),&,@ are respectively the approximate
values of the optimal parameters y, W*, u*, v*, a*, b".

The RFWNNs are constructed on the basic fuzzy
rules, the theory of multi-resolution analysis and the
recurrent scheme that wavelet function is included in
the resulting parts of the rules. The RFWNNs models
have a smaller network scope and a faster training
speed in comparison to other structures. This structure
is created online by means of simultaneous structure
and parameter identification. In this RFWNNs structure,
the benefits of recurrent possessions can make
RFWNNSs appropriate to deal with temporal problems.
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3 Control design and shabbily analysis
3.1 Control design

We recommend the REFWNNSs to find an adaptive law of the
suitable adaptive RFWNNs model that makes control system
able to achieve the required approximation errors accuracy.

Architecture of the dead zone compensator is shown in
Fig. 3.

To compensate the effects of dead zone. The control input
after passing the dead zone can be described in the following
form [23]:

u =7+ nd" + (I=n)d; (36)

where n=1if7,>0, n=0if 7, < 0. The direct control input for
robot manipulator can be expressed as follows:

T =14 +nd, + ([-n)d,
—Ep (Td + nd, + (1—77)31>

T T
—74D Z+D 6

(37)

where D = D*ﬁ,f) = diag{ﬁl,ﬁz, ...,3,, } and ==[n [
—n]" and the modelling mismatch § satisfies the bound [25].

18l<v/n

Architecture of the adaptive ABRFWNNs with the un-
known dead zone is shown in Fig. 4.

As shown in from Fig. 4, the adaptive control law is char-
acterized as presented below:

(38)

~T ~T

T :y+ 092292 + Z(-)l + Tsmc_D = + D9 (39)

where § is the approximation of y function, and 7y, is a
sliding control term.

By using the RFWNNSs control law (39) into (15), we can
be rewritten as:

A ~ T _ T
MpZyp =y (Cr+ $202)Z00~Zp1—Tsme + D Z=D §  (40)

with

Fig. 3 Adaptive dead zone

. Estimation of
compensation

deadzone width

Taq

~ «T % T
y=yPp=W p-W 4y, (41)

The parameter errors are defined as: W= W'—

Wihi=p~f0=0"-6,a=a"—0 and b=b"-b. Thus,
Eq. (41) is possible to be rephrased as:
~ w1~ ~ T

y=W p+W p+y, (42)

The function iz can be expanded in a Taylor series as:

i {% i %} 5
v=0

ov’'ov’ T ov
Oy Opy Oply ~
—_— ... 4
{aa’aa’ " da aa (43)

Oy Opy Oty 7 ~~7
Oty Oy H
+{6b a0 e |, 50T (“’“’b)

or
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fi=B"9+3Ta+r"h+H(,4d,b) (44)
where H <5, a, E) €R" is the higher- order term vector:
BT = [% Onz aﬂ] e gnx(nm) .
v’ av ' av ly=p !
7 = [% Ouz aﬂ] g Rnx(mm).
da ' da ' dalg=g ’
T — [0k Kz Okn nx(nm)
re= [6b Tap ab]b:[, €R
Substitute (44) into (42), we have:
y=WT[a+B (" —0)+3"(a* —a)
+I7(b* —b)] + W(B"9+3%a+r"h)
+WH(0,d,b) + v,
¥y =wT(a-B"9-3"a—-r"h) A
+WT(B70 +37d + I'B) + w(x, N) (43)
Where
w = [wy, Wy, ..., w,]" € R™ and using (44),
we obtain
Dead zone
_ “ T / T R Robot
. / ‘ B> "| manipulator
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Fig. 4 The block diagram of the
adaptive control system

Ay, Ay, Ag, Ap, Ag, Ag, Ap, § o1

""" 0 1/

64,6, ; I v v T v ¥
6
ABREWNNs ABRFWNNs
Reference Update Law (51)
gd! éd' éd
O4q
gd 5 Estimation
0
iel Y of deadzone
A + ¢
@4 | : w1 width
. o 901D = Oa + Qo126 P 262267 + Zg; >
(_ + Zg1 \\ (+)_A Tg
N u
Po1 7 A
d = ] o Robust term Tsme
—{Yaf L0 2" 00
1Zg2IBT 20 + §
Dead zone
6

Where
w=[wi,w, ...
we obtain

,w,]" € R" and using (44),

w =WT(B"v* +3%a" +I'"b*) + W H(9,d,b)
+Yo
=W —=WT)(B"v* +37a" +I'"b*)
+W*T (i — BT —3Ta —I'"h) + y,
=w(@i+B"9+37a+1I7h)
—WTB™v* +3Ta* +I'"h*) + y,

The bound of w is determined as:

lwll = |w*" (i + B0 + 37a + I'"b)
—WTB™v" +37a* + I'b*) + y,||
loll = |(W*T i@+ up) + W (B0 +37a + I'"b)
—WTE™v* +3Ta* +I'Th*)
Since||W*"BT9|| < ||w*"BT||I9ll;
[w"a"a| < ||[w"9"||lall;
[w"r"b|| < [lw"r"|||b]| and |WT BTV +
3a” + ') < |WT|[IBTv* + 3Ta” + I'"b*||

T A f

A 4

Hence, we can infer:

lwll < Wi+ yo|| + [w"BT|[I[01l

+[[wTaT|[lall + [|wTr |15

+ ||W||IIBTv* + 3Ta” + I'Tb||
[lw " &
+yoll, [W*"B"||, [|w="3" |, [|[w*"r"||, (1B v*
+3%a + b ]
x [1, 1191, all, |5 W]

lwll <

lwll < BTN,
(46)
where
p= [
+ |, [wTB|, [w TS| W T, (1B v*

+3%a’ + b D]’
0o = [1 11, 112l 3], |[w]]]"

Follow above analysis, a sliding mode control term 7 is
designed by:
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The Lyapunov function candidate is chosen as follows as:
T 2
S Zopn (8" £20) (47) 1 1 |
e ”ZHZHﬂT 20+3§ L(t) = ; Zo\"Zor + Zoy"MpZs +TW W+Ev U-&-u—aa a (52)
where § is a positive scalar control gain + Ll b+ _ﬁ B+ _§ + Ltr(ﬁ 5)}
Qp ap Qg ap
§ = —ks§,§(0) >0 48
S 8, 8(0) (48) The derivative of V(z) along to time, we have:
with . r
B=[ B, 3, B3 4] is a bound of vector 3. L(tl) =Zyp(Zn ()00 Zn)
To estimate the sliding control term 7, we present adap- + EZ 9T2M rZp + 2 gzM rRZo
tive term 4 as: i T 1 .7. 1 _
- W——v t——a a
r 2 awl , 1 , aal (53)
Zpy </@ 90) -—b 3—*5’ B+—%§
Fome = -7 (49) Qp 1 Qg
1ZllB 20+ § ——tr(D D>
ap
where [3 is the estimate of 3* ) ) ) )
Applying (45) to (40), yields: Substitute (50) into (53) and using property 2, we obtain
MpZg, = W7 (2 — 570 — 374 — D) L(O) = 25106121 = Z5202%52 -
+WT(BT5+9Ta + ITB) + @ — Tame  (50) +25; (W (i — B9 —37a - I'"b)

_(CR + 092)292 - 291 + DT" - DTS

Based on dynamic model (1), the adaptive control law (39)
and the robust sliding compensator (49), the online adaptive
update laws of ABRFWNNS, sliding control term parameters
can be chosen as:

W = a, (4 —B70 - 3"a - I'"b)Zg,"

U = a,WB"Zy,

a=a,W3TZy,

b=a,WITZy, (51)
,é = apllZg: 12

§ = —a;§

D=a pE Zgy" — apkpD|Zg, |l

here v, oy, v, i, i, i, o are positive adaptation rates.

3.2 Stability analysis

Theorem 1 Consider the ABRFWNNSs adaptive control law of
an n-link robot manipulator represented by (1) is designed in
(39), and a sliding control term 7y,,,.. is given by (49), and the
parameters W, b, &, b, 5.8, D, are adjusted by the adaptive al-
gorithm (51). Then the position tracking error and all the sys-
tem parameters converges to zero.

@ Springer

+WT(B"0+23"a+r"b)
+w-— +DTZ - DT6)

Tsmc

(54)

Substituting the adaptive algorithm (51) to (54), we have:

L(t) =
T T ,VT_ T ~T
_Zeszmc + 292 (D =-D (S) —ﬁ ||Zng.QO

—§-tr (l~)T (5 Zp"~kpD||Zg, ||) )

By using (46) and (49), it becomes

2 01 Z01=Z}, Q200700 + Z]w

(55)

L(l) S—Zgl 091291—252092292

r 2
Zo (@ Qo)
Ly

1Ze|lB 20 +§
~T T
=B |1 Zo2||$20—8§ + tr(D Zgz(E—(S)>

T
—tr(D (5 zng—ka|zgz|)>

+Z5L 87 2
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L(1)<~Zgy Q01 Zor=Z gy 202 Zo2 </——I
T
Zn (@ 90> ) Zo b
Zhy—— L+ [ |Zn]| 20§ g al o .
1ZallB 20+ § ¢ \Js |
T
+ur(D 27 (k D—§)> 0 Xo
< 62\ *D (i) O1 ——xl IO2 I X>
L(I) S_Zgl 991291_252992292 \ ! , “
T /) Rl
ZplB 2 S =
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| %
Since the sum of the last two terms in (56) is always less l ; ]
than zero, we can place the new upper bound on L |
. r T Fig. 5 The model of three-joint IRMs
L=~Zy Q0 Zo\~Zyy Q02 Z 2
T ~
D24 ((0-5)-3) .
+ tr( o (kp ) (57) tlzgjoe(f)df < o (61)

By using
~T ~ ~ ~2 ~ ~2
«D' (D-D) = (D,0)~|D|' <Dl IDI-|B|" an d
using property 5 into the inequality (57) could be rewritten
as follows:
152}, On 202}y Qe + /2o |[B]| + koDus 2ol | B]|~4l12eo | B

L<=78 Q01 Z01 =25, Q02 Zg2 + co

2| kol B |
(58)

with ¢g = \/n + kpDy, we see that to make sure L<0,
- 2
~collZell|[D]| + kllZeo ]| > 0 (59)

So, if we choose suitable constant vectors kp, D, which
satisfy (59). L(s(0,§().W.5,3.5,5)<0, 1
' (s(t), §(1), W, 7,4, Z, B) is a negative semidefinite function,
L(s(0,§(), W,5,a,b,5) <L(5(0),§(0), W.5,a,5, 5), if
all parameters such as s(z), §(¢), W, 0,4, Z,B are bounded

with > 0. By defining e() =s'K,s so €(t)<—L(¢) and inte-
grate the e(¢) with respect to time as follows:

[l e(¢)de<L (s(O), §(0), W, v, a, b, B)

_L(S(’)7 §(1), W, 0,4, b, E) (60)

Because L (S(O) , V~VD, V~VV, V~Vg, WF) is a bounded function,
and L (s(t), Wp, Wy, W, W ) is nonincreasing and bounded,
we have

According to Barbalat’s Lemma [26], when €(¢) is bound-
ed function. It can be shown thattlim K)E(t)dt = 0. From this

outcome, we see that, s(t) will converge to zero when ¢ — oo
and the global stability of the control system for IRMs is
assured by the updated law (39).

From the control design analysis, the design procedure of
the ABFWNNs control systems can be summarized as
follows:

set 291, 202, iy i,y gy 1y

Step 1: initial the parameters of the ABRFWNNs
W, b, a, b, W(x;;) with random values.
Step 2: Update the ABRFWNNSs inputs: x =
, , T
(607,67 ,65, 83,6, ] and, W, 0,,5, 9 from
memory. Calculate the error signal Zy,.
Step 3:  Calculate the virtual control input ¢y (¢)
Step 4:  Calculate the output of the fuzzy rule layer via (27).

Then calculate fuzzy wavelet basic function via (28)
and (29). Next, calculate the output of the
ABRFWNNSs via (30).

Step 5:  Calculate the output of the ABRFWNN:S #, and the
robust termr,,,.. Where, the weight parameters are
updated as (51).

Step 6:  Calculate the control input 7

Step 7:  Return to step 3
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Fig. 6 Simulated results of

-

4 Simulation and experimental results

4.1 Simulation results

Here, a three-link IRMs is applied to confirm the efficiency of
the suggested control method based on RFWNN:Ss for illustra-
tive purposes. The detailed system parameters of three-link

IRMs model (Fig. 5) are given as follows:

My Mp M Cn Cn
M= |My My My C=|Cy Cxp
M3 Mz Ms; Cy1 Cxp
&1
G=|g|;
g3
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My = l% (% +py er;) + 1112(172 + 2p3)COS(02)

4(3n)

My =111 (B + py)cos(0h)—15 (2 + ps); Mys=M,s=
Msy=M;5=0; My =M

My = l%(%z +p3); M3z =p;3

Cii = —02(py +2p3): Cia=Co1; C13=Crp=Cp3=C3, =
C3,=C3;=0

81 =82 =83 = P38

Where py, p», p3 are links masses; /1, /5, /5 are links lengths.
The parameters of three link IRMs are given as follows:
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p1 =42 (kg),p, = 3 (kg),p; = 1.52 (kg);

I, =420 (mm), I, =380 (mm), I3 =250 (mm); g= 10(m/s)

The desired joint trajectories of the three link industrial
robot manipulator are chosen by: ;= 1[04 On
04s3)" =10.5sin(2n7)  0.5sin(27t)  0.5sin(271)]";

In addition, external disturbances and friction force in this
simulation are selected as following:

2sin(7t) 50, 4 0.2sign (91)
7o = | 2sin(nt) | ; F(@) = | 56, + 0.2sign (92)
2sin(7t) 505 + 0.2sign (93)

The proposed controller parameter values are given as
follows:

X\ = diag(6,6,6); K = diag(100, 110, 100);

oy, = diag(50, 50,50, 50, 50);

oy = a, = o = diag(40, ...,40, ..., 40)eR™*"P;
oy = diag(0.001,0.001,0.001,0.001,0.001);

a. =0.1

The initial conditions of §and, {2 are selected as fol-
lows:§(0)=1, 200)=[1111]

In order to exhibit the superior control performance and
effectiveness of the proposed controller, the PID control and
FWNNSs [24] were examined in the meanwhile. The PID law
can be defined as:

T = Kpe(t) + Kilpe(t)dt + Kpelt)

Where Kp K;, K denote proportional, integral and differential
gain matrices, respectively, and they are designed by a com-
promise between the superiority of control performance and

the magnitude of the control effort. Kp K;, Kp are given as
Kp= diag (70,50,60), K;= diag (0.5,0.2,0.5), Kp=
diag (900, 800,800),

In here, the proposed ABRFWNNS is applied to control the
IRMs in comparison with the FWNNs [24] and PID. The
simulation results of the FWNNSs, PID and the proposed
ABRFWNNSs are shown in Fig. 6. Since the simulated results,
we see that, the position tracking of three links with the
ABRFWNNs, FWNNSs, and PID can be guaranteed, and the
tracking errors of the FWNNSs, PID and the proposed intelli-
gent controller are converged. However, the proposed intelli-
gent control system converges faster than the FWNNs and
PID systems. It means that all updated parameters in the dy-
namic structure ABRFWNNs and the amount of the rule
nodes are adjusted, the approximation capability of the dy-
namics structure ABRFWNNs is also superior to the
FWNNs and PID systems. Moreover, from Fig. 6 it can be
observe that, the control force of the suggested RFWNNSs is
smoother and has smaller oscillation than the FWNNs and
PID to attain the requested level of performance when the
tracking errors reach the high value.

4.2 Experimental results

Here, we implemented two experimental outcomes to prove
the efficiency of the ABRFWNNSs controller on a three link
robot manipulators. The experimental control system model is
presented in Fig. 7.

The first experimental example assumes that 0.5-kg pay-
load is added in the masses of three links IRMs, and all pa-
rameters are the same as in the simulation model. The exper-
imental results of joint trajectory, control torques and tracking
errors are exposed in Fig. 8. It is noticed that the position
tracking of IRMs are still obtained with PID, FWNNs,
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Fig. 8 Trajectory, control efforts
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and ABRFWNNSs, however the responses and the tracking
error norm of the ABRFWNNs are quite better than the
FWNNs and PID methods. Furthermore, these results shows
that the proposed intelligent controller torques are less and
smooth than FWNNSs in [24], and PID which still exist the
chattering phenomena when a load of manipulators changed.
Therefore, the position tracking performance of the recom-
mended ABRFWNNS is better than the FWNNs and PID
under parameters variation. It means that due to the dynamic
structure, the proposed ABRFWNNS is less sensitive to the
parameter variation than the FWNNs and PID.

The second experimental case, the external distur-
bance d.(¢) is suddenly injected more into control system

@ Springer

when the robot is tracking a trajectory. This occurred
after the first 0.4 s of the experimental period, and all
other parameters are the same as in the simulation mod-
el. The external disturbance shapes are expressed as fol-
lows:

d.(f) = [30sin(20¢) 30sin(20¢) 30sin(207) |

The experimental outcomes of the second case are shown
in Fig. 9. According to these results, it is easy to see that, the
performance of the proposed ABRFWNN:Ss is just slightly af-
fected, while the performance of PID approach is seriously
affected. Therefore, the control performance and robustness
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of the proposed ABRFWNNSs under external disturbance are
better than the FWNNSs [24] and PID. It is obvious that the
performance of the proposed ABRFWNNS is better than the
FWNN and PID system after a period of learning.

5 Conclusions

In the present paper, a robust adaptive controller based on
the RFWNNs and backstepping technique has been pro-
posed, and the stability analysis of controller has been
proofed. It has been also successfully implemented to con-
trol the joints of three-link IRMs for achieving high preci-
sion position tracking and compensation dead-zone. By
combining the RFWNNs, backstepping technique, and
Lyapunov stability theorem, the adaptive control laws are

04ime(sf6 08 1

developed to tune all parameters of the network in order to
reduce approximation error and improved control perfor-
mance. In addition, the robust controller is designed to deal
with the approximation error, prime parameter vectors and
higher order terms in Taylor series. Therefore, the pro-
posed controller proved that this control system could
achieve desired tracking performance, the stability and ro-
bustness of the closed-loop manipulators system are guar-
anteed. Simulation and experimental results of a three-
links IRMs via the proposed RFWNNs and FWNN,
RNFN also have provided in this study to compare and
display. The proposed ABRFWNNSs control systems can
be applied to other systems, such as MMR, AC servo sys-
tems, and they can also be applied as a good alternative in
the existing industrial robot manipulator control system.
This application could require further investigations.
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