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ABSTRACT In this paper, an adaptive neural network (NN) command filtered tracking control method
is developed for a flexible robotic manipulator with dead-zone input. To deal with the input dead-zone
nonlinearity, it is viewed as a combination of a linear part and bounded disturbance-like term. The Neural
networks (NNis) are used to estimate the uncertain nonlinearities appeared in the control system. By using the
command filter technique, the problem of ‘explosion of complexity’ is overcome. The proposed controller
guarantees that all the closed-loop signals are bounded and the system output can track the given reference
signal. The simulation results are provided to demonstrate the effectiveness of the proposed controller.

INDEX TERMS Adaptive neural network control, robotic manipulator, dead-zone, command-filter

technique, backstepping.

I. INTRODUCTION

Since the control problem of single-link robotic manipulator
widely exist in industry and engineering fields, the investi-
gation on single-link robotic manipulator has caused quite a
lot of attention during the past two decades. So far, various
interesting control approaches have been developed, such
as sliding control [1]-[4], backstepping technique [5], [6]
and intelligent control method [7]-[16]. Backstepping design
method has been considered as one of the most popular and
effective control methods for non-linear systems with strict
feedback form, i.e. those that do not meet the matching condi-
tions. In [5], a backstepping design approach is presented for
single-link flexible robotic manipulator. Noted that the back-
stepping method in [5] is only suitable for solving the control
system being known accurately. However, it is well known
that uncertain nonlinearities exist widely in practical engi-
neering, this means that the precise system model of flexible
joint manipulator is unavailable. Under this circumstance,
many important results have been achieved by combining
fuzzy/neural control together with backstepping and adaptive
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control approach, see, for example [7]-[16]. Nevertheless,
adaptive neural network or fuzzy backstepping control [17]
based on approximation cannot solve the problem of ‘explo-
sion of complexity’ caused by the repeated differential of
virtual input [7]. To overcome this shortcoming, the com-
mand filter backstepping method is first proposed in [18],
and is extended to the adaptive backstepping control of strict-
feedback systems in [19]. As indicated in [19], the problem
of ‘explosion of complexity’ can be eliminated by using the
output of command filter to approximate the derivative of
the virtual control at each step of the backstepping method.
By introducing the compensation signal, the error caused by
the command-filter can be reduced. More recently, the com-
mand filter control algorithm is used to deal with the control
design problem of flexible robotic manipulator with input
saturation [12].

Dead-zone is one of the nonsmooth nonlinear characteris-
tics in many industrial processes. The existence of dead-zone
can severely affect the control performance and even result
in instability of the system. Therefore, dead-zone should be
considered in the design and analysis of control system, and
there exist series of researches for the control systems with
dead-zone [20]. Recker et al. [21] putted forward an adaptive
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control technique for nonlinear systems with input dead-zone.
In recent years, more and more researchers have considered
the control problem of nonlinear systems with dead zone
input [22]-[32]. For instance, in [22], an adaptive dead zone
inverse algorithm is proposed to control a class of nonlinear
systems with unknown dead zone. In [23], a compensation
scheme is presented for general nonlinear actuator dead zone
of unknown width. The compensator uses two neural net-
works, one to estimate the unknown dead zone and another
to provide adaptive compensation in the feedforward path.
In [25], the adaptive control of sandwich nonlinear system
with unknown dead zone between linear dynamic blocks is
studied. In [27], an adaptive output feedback control problem
for a class of uncertain nonlinear systems with unknown
asymmetrical dead zone is studied. As far as we know, there
are few results on adaptive neural command-filter control for
flexible manipulator with dead-zone input, which motivates
us to carry out this research.

In this paper, the problem of output tracking control is
considered for flexible robotic manipulator with input dead-
zone. By employing adaptive neural control combined with
command filter technique, an output tracking control scheme
is presented for a single-link flexible manipulator with input
dead-zone. The proposed adaptive neural network control
approach can ensure that all the variables in the closed-loop
systems are bounded, and the trajectory tracking error can be
made as small as possible for all bounded initial conditions.
The simulation results are given to verify the effectiveness of
the proposed controller. The main advantage of the developed
scheme is that the command filtered adaptive neural net-
work backstepping control can overcome the problem of the
classical backstepping for the nonlinear systems with input
dead-zone. It also can alleviate the online calculation burden.

The rest of this article is organized as follows. Section 2
gives the problem statement and preliminaries. Adaptive
neural network control design and the stability analysis are
presented in Section 3. Section 4 gives simulation results to
demonstrate the effectiveness of the proposed scheme. The
conclusion is included in Section 5.

Il. PROBLEM STATEMENT AND PRELIMINARIES

A. SYSTEM DESCRIPTIONS

Consider a single-link robotic manipulator coupled to a
brushed direct current motor with a nonrigid joint, the
dynamic equation is expresses as follows

J1g1 + F1g1 + K(q1 — %) + mgdcosq =0,
Jaia + Fain — (1 = ) = Ki, M
. N N
Li+ Ri+ Kpgo = u(v),
where J; and J» denote the inertias, g is the angular positions
of the link, ¢ displays the motor shaft, R and L express the
armature resistance and inductance respectively. i shows the

armature current, K denotes the spring constant, K; denotes
the torque constant, u(v) is the armature voltage, g displays
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the acceleration of gravity, d expresses the position of the
link’s center of gravity, F; and F, are the viscous friction
constants, K, denotes the back-emf constant, M denotes the
link mass, and N denotes the gear ratio.

By introducing the state variables, x| = g1, x> = g1, X3 =
g2, X4 = §2,xs = i, and defining K;K = JjJoNL, the
dynamic equation (1) changes into

X1 =x2,

Xy = 8(x1, x2, X3) + X3,

X3 = X4,

. 2)
X4 = 84(x1, X2, X3, X4, X5) + X5,

. 1

X5 = 85(x15x2ax33x47x5) - Zua

y =X,
mgd F K X;
where 87(x1, x2, x3) = —% COSX| — J—]'xz— J_l(xl — ﬁ)—xg,
K X F K,
84(x1, X2, x3, X4, X5) = 7,5 (x1 - ) — 7oX4 + JiXs — X5,
r
85(x1, X2, X3, X4, X5) = — X5 — J2X4.

Note that system (2) is in non-strict-feedback form.
According to [30], the dead-zone with input v(¢) and
output u(z) is described by

my(v—>b;), v=>b,
u=DW)= 10, by <v<b, 3)
m@—>by), v=<b

where u € R denotes the control signal of the system, and it
is also the output of an uncertain dead-zone. D(-) denotes a
piecewise function with three zones.

For ease of control design and analysis, the following
assumptions and lemmas are introduced.

Assumption I [30]: The dead-zone output u is not available
for measurement.

Assumption 2 [30]: The dead-zone slopes in positive and
negative region are same, i.e. m, = m; = m.

Assumption 3 [30]: The dead-zone parameters b;., b;, and
m are unknown, but their signs are known: b, > 0, b; < 0,
m > 0.

Assumption 4 [30]: The dead-zone parameters b,, b;, and
m are bounded, i.e. there exist known constants byuin, Drmax,
bimins Dimaxs Mmin, Mmax such that by € [bymin, bymax], b1 €
[Dimins bimax], and m € [Myyin, Mpax].

Remark 1: From a practical point of view, we can redefine
model (3) as

u=DW)=mv+d®) 4)

where m is called the general slope of the dead-zone,
d(v(1)) can be calculated from (3) and (4) as

—mb,, v > b,
dv)=4{-mv, by <v<b, 5)
—mb;, v <b

From Assumptions 2 and 4, one can conclude that d(v) is
bounded.
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The purpose of this paper is to construct an adaptive neural
controller as follows:
(1) The system output y can track the given reference signal
yr as close as possible.
(2) All variables within the closed-loop system are bounded.
Before proceeding to the next step, let’s introduce the
following lemma.
Lemma 1 [18]: The command filter is defined as
Cf)z = WpWwj 2 (6)
Wi = —26wwi2 — wp(W; — &i—1)
where w, > 0 and ¢ € (0.1] are positive design parameters
that are the same for all command filters. «;_; and w; are the
input and output of the command filter. The initial value of
w; is equal to ot;—1(0), w; 2(0) = 0.

B. NEURAL NETWORK
In this research, the radial basis function (RBF) neural net-

work will be used to approximate the continuous function
f(x) : R* — R. The RBF neural networks is described by:

Fan(x) = 67 p(x) (7

where x € €y <C R? denotes input vector, § =
6,---,61" € R! with [ > 1 denotes weight vector, and
ox) = [p1(x), -+, (pl(x)]T means the basis function vector
with ¢;(x) being the Gaussian function in the form

(o — )T = )
@i(x) = exp[— ln2 =] ®)
where u; = [i1, - -, mq]T fori =1, ---,1is the center of

the receptive field and 7 is the width of Gaussian function.
Lemma 2 [33]: For given accuracy ¢ > 0, with sufficiently

large node number [ the RBF NN (7) can approximate any

continuous function f (x) over compact set 2, C R? such that

fx) =0T p(x) + e(x), Vx € Q, € R )

where e(x) denotes the approximation error and satisfies
le(x)| < &*, 0* denotes the ideal constant weight vector and
defined as

6* = argmin{sup | f(x) — 6" o(x) |} (10)

HeR! xeQy
Lemma 3 [34]: Let S(xy) = [S1(x), - - ,Sl()"cq)]T be the
basis function vector of a RBF NN and x; = [x, - -- ,xq]T

be the input vector. Then, for any positive integer k < g, let
X = [x1, - ,xx]7, the following inequality holds:

ISGHI* < ISGEI? (11)

Ill. ADAPTIVE NEURAL NETWORK CONTROL

DESIGN AND STABILITY ANALYSIS

In this section, an adaptive neural network state-feedback
controller, the compensation signal and the parameter adap-
tive law are obtained via command filter.
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The 5-step adaptive neural network backstepping state
feedback control devise is obtained by the following coor-
dinate changes

Ai =X — w; (12)

Vi=Aj—F;

where w; = y,, fori =1, ---,5, A; is the tracking error for
command filter, w; indicates the output of command filter,
r; denotes the compensating signal of command filter, y, dis-
plays the desired trajectory, v; expresses the compensating
tracking error signal.

Step 1: From the coordinate transformation (12), the time
derivative of vy is

b= A —
=X —yr — 71
=X —Yr —F

=l +w—y — 171
=vt+rntw—y —n (13)
Choose a Lyapunov function candidate as
V) = 1\}12 (14)
2
The time derivative of V| is

Vi=vinm+rn+a —a; +wy — 3 — i) (15)

Next, consider a virtual control signal &y and a compensating
signal 71 as

) = —CiA1 + Y- (16)
i1 = —ciri +r+ (w2 —ajy) a7

where c¢; > 0is a design parameter. By substituting (16)-(17)
into (15), we obtain

Vi=vi+r—chr +3 —ar+w
—yrter —rn—wtan)
= —c1v12+v1vz (18)
Step 2: The time derivative of v; is

=k —h
=X —wy—n
= 8(X3) +x3 — w2 — i (19)

Choose the following Lyapunov function

1% v+12+ L 5 (20)
= —V _—
2 1 22 27722

where 7o > 0 is a parameter to be designed, 6, =
6, — 6, displays the approximation error. The time derivative
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of V,is
V2 = —e1v} 4 s + v (B2() + 13
1~z
i — i2> — —b2 1)
n2

Since 87(x3) is unknown, and cannot be applied to design
virtual control signal oy directly. Neural network 9§T @2(x3)is
thus used to estimate §>(x3), such that, for any given positive
constant &5 > 0.

82(%3) < 057 2(33) + e2(%3) (22)

where &;(x3) satisfies |e3(¥3)| < 5. Then, with the consider-
ation of (22), we can rewrite (21) as

Vo < —civf + v + v2<9§T¢2(5C3) + &2
. 1~z
+x3—wp — rz) — —6020p
n2
< _ 2 *T =
< —cvi +vivm+ 1 (92 ©2(X3) + &2
. [
+Az+ w3 —wr — "2) — —btht
Up
< —crv? 4 v + s (637 a3 + 2

. . | R
+v3+r3+w3—wr— rz) — 77_9292 (23)
2

By applying Young’s inequality and according to Lemma 3,
we conclude

_ 1 1
05T (%) < —5 V360208 (¥3)pa(X3) + 5 —a3

2a 2
1 1
< 3 2v292<p2 (2)@a(x2) + az (24)
1 2 1 *2
ney < EVZ + = 3 =) (25)
where ||9§‘||2 = 6. By substituting (24)-(25) into (23),
we have

. 1 _ _
Vo, < —clv% + V2<ﬁv262(p2T(x2)g02(x2)
2

tar—artv3trtwz—w—in

1 1, 1, 1~ x
o+ 51}2) @B = bl 20
Choose a virtual control signal ., the command filter @, and

the compensating signal 7, as

oy = —C2h2 — %%Vzéwg(iz)wz(iz)
1 )
52V + (27)
W) = Wpw22 (28)
w22 = —26wpwp 2 — wy (w2 — 1) (29)
2 = —cary + 13 + (w3 — a2) (30)

22678

By substituting (27)-(30) into (26), we can get

. 1 - -
V) < —cpvi + V2(FV292¢2T(X2)<P2(X2)
a

2

1 A _ _ 1
— ko — 2—2v292§02T(X2)<P2(x2) )
a

5 2
—vitom—omt+vt+rtos—w

1
+ter =13 — w3+ o+ +§V2>

I, 1, 1 ~ A
— —& ——99
+2a2+22 202
2 1 1*2
< —cvj —czv2 + vy + 2a2+ 282

1 ~ _ _ 1~ x
+ —2V292§02T (x2)@2(x2) — —620,
2a 2

2
1 1
< —c1v12 — 6‘2\)2 “+ vyv3 + 202 + = 2 *2
—92( 23301 Ga)ontie) = &) 6D

In the present, we design an adaptive law 6, as

A 2 _ _ ~
by = ~2 20 (B2)pa(B2) — 026 (32)
24>
2
By substituting (32) into (31), we have

1 07 ~ ~
—e32 4 vz + 26,0,

1,
—a5 +
) n2

—czvg =+ >

Vz < —clvl2
(33)
Step 3: The time derivative of v3 is
b3 = A3 — i3
=X3— @3 — 13
=Xx4—w3—13
=Mtws—w3—T13
=V4+rs+wg— @3 — 73 34
Choose a Lyapunov function candidate as
1
V3=V, + 5\)32 (35)
The time derivative of V3 is
V3 = Vz + v313
= Va4 v3 (Vg + 14+ @4 — @3 — i3)

1, 1,
2a2 + 28;

+ n—ézéz +v3(vs + vy + 14+ w4
2

< —clvlz — czv2 +

+a3z — a3 — w3 —73) (36)

Choose a virtual control signal a3, the command filter w3 and
the compensating signal 73 as

o3 = —C3A3 — V2 + @3 37
W3 = WpW32 (38)
@32 = —26wpw32 — Wy (W3 — A7) (39
i3 = —c3r3 +r4 + (w4 — 3) (40)
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Substituting (37)-(40) into (36) results in

1y 1o o055,
— —& — 0,0
2a2+22 +77222
+v3(g +v2 + 14+ @4 — 343 — V2 + @3

V3 < —clvlz — czvg +

—a3 — w3 + 373 — 14 — w4 + 03)
1 1
—c1v12 — czvg — 031)3 + 2a2 + 583‘2

+v3v4 + —5292 41)
n2

IA

Step 4: The derivative of v4 can be expressed as
V4 = 84(Xs5) + x5 — w4 — 74 42)
Choose a Lyapunov function candidate as
1 1 -
Va=Vi+ —v:+—06; 43
4 3+ 2V4 + 24 4 (43)

From (42)-(43), we can get the time derivative of V4 as
follows

Vy < —clv% — Czl)g C;U3 —9292

l 2 1 *2 =
+ 547+ 5637 + vald4(Xs) + x5
1~z
— w4 — i’4> — — 040, 44)
N4
Since 84(xs) is unknown, and cannot be applied to design

virtual control signal o4 directly. Neural network GIT¢)4(5C5)

is used to estimate §4(Xs), such that, for any given positive
constant &5 > 0.

84(%s) < 037 pu(Xs) + ea(¥s) (45)

where |e4(Xs5)| < SZ. By taking (45) into account, one has

. 02 ~ A~ 1
V4 < _C1V12 — sz% — C3v32 + —6,60, + —a%
mn 2

1 -
+ 58’2"2 + V4<GZ‘T¢4(X5) + a4 —ag +xs
. . [P
+e4 —ws — s+ Vs) — 77_9494 (46)
4
By using Young’s inequality and according to Lemma 3,
we obtain

_ 1 1
Va6 (¥5) < » 2v4e4¢4 (E)pa(Es) + 54
T = v, L)
< —5Vi040] Ga)pa(Es) + a3 (47)
a 2
V&4 < lv‘% + 182’;2 (48)
-2 2

By substituting (47)-(48) into (46), we can get

. 1
Vy < —6‘11)12 — 62v2 qu3 + —9292 + 28

1 1 _ _
+-d + v4(—2V494§04 (x4)p4(x4)
2 2a;

1
+§V4+v3+v5+r5+w5+ot4—oz4
1~z
— i = 71) — — 04y (49)
N4
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Choose a virtual control signal a4, the command filter w4 and
the compensating signal 74 as

1 ~ _ _
4 = —C4hg — —2V494904T (X4)@4(x4)
2a4
1 )

— EM — V3 + w4 (50)
W4 = Wpw4 2 (51)
W42 = —26wpw42 — Wy (W4 — A3) (52)
P4 = —cars + 15 + (w5 — ayg) (53)

Substituting (50)-(53) into (49) results in

. 1
Vi < —clvl2 — czv% C3U; + —9202 + 282

1 1 _ _
+ 53 + va (5 a4 Ga)gps G)
2 2a

4
1 1 A T, - -
+ 5va 3+ V5 — 5040404 (Xa)@4(Xs)

2 2a;
. 1
+ 754+ w5 — C4hg — V3 — g — 51)4—014
— W4+ carg — 15 — 05 +a4) + Eaﬁ

< —clv% — czv% — C3v32 C4U4 + —6292

1 2 1 2 1 2 1 2
+ 5% + 58; + vqvs + 4% + Esj
1
+— (3ol GapsGa) — 64 ) (54)
na \2a3 ay
In the present, we design an adaptive law Oy as
A N4
04 = % 2\14904 T &a)pa(Fg) — 0464 (55)
Substituting (55) into (54) results in
' 2 2 2 1 *2
V4 < —civi — vy —c3v35 — C4v4 + 2a2 + 282

1
84 + v4vs (56)

1
+ —9292 + —9494 4+ —ai+ = 5

n2 2
Step 5: According to (2) and (12), we can get

. - 1 .
bs = d5(xs) — fu— @5 — s (57
Choose the following Lyapunov function

Vs= Vit 24 L g2 (58)
= —V _—
5 4 25 27755
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From (57)-(58), we obtain

. 02 ~ ~
Vs < —c1v12 — czvz2 — C3v32 — C4U§ + 77_9262
2

1 1 1
+—9494+ a2+ 82 +

1
7 2275 24T 3

1 |
+vs(85(85) = Tu— s —i5) = —Bsds (59)
L UR

Similarly, neural network 9;‘ T<p5()?5) is used to esti-
mate 85(Xs), such that

85(x5) < 02T ps(x5) + e5(¥s) (60)

where |e5(Xs)| < &5, with &5 being a positive constant.
Therefore, we choose —l = p and according to (4), we get

. 2 ~ A
Vs < —Cll)12 — sz% — C3v§ - C4v£ + —6,6,
n2

1 1 1 1
77_0404+ 2612 + 252 + 2614—‘,- )

+ vs (9 @5(X5) + v4 + pmv + pd(v)

54

1~z
+e5— w5 — fs) — —0505 (61)
ns

By using Young’s inequality, we can get

_ 1 1
V5027 ps(x5) < o ——v20s] (x5>¢5(x5)+2a5 (62)

2
5
v5e5 < 1 52—1— 183‘2 (63)
) 2
1 1
vspd(v) < Evs + 5D2 (64)

where let |pd(v)| < D;p. By substituting (62)-(64) into (61),
we can conclude

. 0'2 ~ A
Vs < —clvlz — czvg — 031)32 — 041& + —0292

1*2

ours 1, 1 1
+—9494+—Cl2+ 2 + Cl4+284

N4 2 2 2

1 - -
+vs (Fvsé‘sﬁﬂgT(xs)fps(xs) + v4 + pmy
ds
+a ]
—V5 — W
2777
+ 1D2 ! é s
5 5

1
a4 —&¥?

.>+1
_ Z
V5 5 )

2
(65)

Choose a controller v, the command filter ws and the
compensating signal 75 as

1 1 A _ _
v = —( — 5hs — =5 50598 (¥5)ps(Xs)
pm as
—vs— g+ @5) (66)
W5 = W52 (67)
W52 = —26wWuws 2 — Wu(W5 — 0i4) (68)
F5 = —CsF5 (69)

22680

Substituting (66)-(69) into (65), we have

2
—a;

- C3v§ - C4vZ + >

V5 < —C11)12 — Czl)%
1 1
+ = 5 &5 24 —9292 + —9494 + 2a4

1 ., 1
+ =€) +V5< V50502 (X5)@s(¥s)

2 2a?
1 S
+ V4 —c5hs — ?vs%fﬂs (X5)5(X5)
5

—v5—v4—|—cb5+vs—cb5+csr5)

1, 1, 1, 1z
—ak+ e -DP — —050
+2a5+25 +2 1 77555
=< —clvlz — czv% - C3v§ - cwi — C5|)52

I, 1 ., 02~4 04 ~ A
+ a5+ 65" + —60200 + —646,
2727272 T m

12 1 2 12 1 2 1 2
+§a4+§82{ +§a5+§5§ +501

1
o5y 3el Gopss) —bs) - (70)

5

In the present, we design an adaptive law fs in the following

15 - - A

2oz V305 (5)es(s) — o503 (71)
5

Substituting (71) into (70), we can figure that out

s =

Vs < —C]\)l2 — 62v22 — C3v§ — 04\}2 — C5v52

1, 1, o02xa4 04 ~
+ a5+ =&y + —9292 + —6464
272727 T 4
1 1 1
775 5 5+2(14+284 +2a5
Lo 1.5
— =D
+ 285 + 3 1
> o 1
S_Zcivl‘2+ _j]j+ _ajz
— _ nj _ 2
i=1 j=2,4,5 j=2,4,5
1 *2 1 2
+ D e+ (72)
j=2,4,5

Through the above analysis and design, we can get the
following main result.

Theorem 1: Consider the single-link flexible robotic
manipulator (1) with Assumptions 1-4. For bounded initial
conditions, the proposed adaptive neural network control
scheme can ensure that all the signals in the closed-loop
system is bounded. Moreover, the tracking error can be made
arbitrarily small by choosing appropriate design parameters.

Proof: According to Young’s inequality, one has

1 1

0;(6; — ) < _592+ 292 (73)

&..
CD)
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Substituting (73) into (72) produces

_(2clz v +20 Y —92)

] 2,45 '
+ ) (—92+ 54 —i——s )+—D2 (74)
j=2,4,5
Then, (72) can be rewritten as
Vs < —CVs+D (75)
where C = min{2c¢;, 20j,i=1---5,j=2,4,5},
1 1
_ 9j 2 2 2
D= ) ( 779 +2a]+ e*)+ 5Dt
j=2,4.5
By integrating (75) over [0, #], one has
D D
O<Vt<<VO——>*C’ = 76
< Vs5(1) < 5()Ce +C (76)
which means that
. D
lim V5(t) < — an
—00 C
According to (76), we can get
D
il < \/ 2(Vs(0eC + 7)) (78)

which implies that
llim lvi| </2D/C (79)
—00

This means v; is bounded. In a similar way, v;, i = 2,3,4,5
is also bounded.

To guarantee the boundedness of output tracking error
A1 = v1 + r, the convergence of r; should be considered.
Similarly, in order to obtain the boundedness of ;, it is
necessary to study the property of r;. To this end, consider the
system consisting of the error compensating signals defined
in equations (17), (30), (40), (53), (69).

Fi = —ciri +rig1 + (@i —op), i=1,---,4 (80)
F5s = —Csrs (81)

The following lemma shows that the compensating signals
are bounded.
Lemma 4 [19] [35]: The system defined in (80)-(81),
whose states are bounded by
202
lim V(1) < bos"F (82)
t—00 ap
where by and ag are positive constants. For bounded input ¢,
which satisfies ||gi(wiy1 — @) < &B,i = 1,2, 3, 4. g; rep-
resents the control coefficient of the command filter error,
thatis, g1 = 1, g2 = 1, g3 = 1, g4 = 1. & is the upper
bound of command filter error. 8 is the upper bound of g;.
Proof: For (80)-(81), we can construct the following
Lyapunov function V, = Z?:l %r? Taking the time
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FIGURE 1. The system output y and reference signal y;.

derivative of V, with the help of (80)-(81) and Young’s
inequality yields
5
Vr = Zrii’i
i=1
= ri(—cir1 +r +wr —ay)

+ra(—cara + 13 + w3 — a2)

+r3(—c3r3 +r4 + w4 — a3)

+ ra(—cars + 15 + ws — ay)

+r5(—csrs)
5

=D et TEBGI s )
i=1

4
= - Z(Ci -
i=1

< —agV, + bot?p? (83)

IA

1
E);»,.2 —csr? 28282

where ag = min{2(c; — %), 2¢s},i=1,2,3,4,and by = 2.
By choosing appropriate ag and solving (83), the following
result can be obtained

2
lim v, = 25 bos”p (84)

ao
From (12) and (84), it can be concluded that the signal A;
is bounded because of the boundedness of v; and r; in (77)
and (84), respectively. To sum up, it can be shown that all the
signals in the closed-loop system are bounded.

IV. SIMULATION RESULTS
In this section, to illustrate the effectiveness of the presented
control scheme, the simulation is carried out for the control
system (1), where J1 = Jp = 30Kgm2, K; = 8Nm/A, Kp =
INm/A, g =9.8N/Kg, M = 0.5Kg, F1 = F, = SNms/rad,
R=10Q,K=5L=5H,N=1,d =0.5m, m = 1. The
Dead-zone model u = D(v) is defined as
m(y —2.5), v>2.5
u=DWv)=140, —2<v<?25 (85)
mv+2), v<-=-2
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FIGURE 2. The tracking errory — y;.
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FIGURE 3. The actual control input u.

30

20

20t ¢

=301

-40

0 5 10 15 20 25 30 35 40 45 50
Time(Sec)

FIGURE 4. The state variables x,, x5.

The design parameters in the presented control scheme are
chosenas w, = [10 20 30 3017, ¢ =0.85 a, = a4 =
as = 10, ¢y = 6.8, ¢ = ¢5 = 5,¢3 = 15, ¢4 = 10,
m=n=1n5=01,00=04=05=1.

The desired trajectory is selected as y, = sint, the initial
conditions of the states are selected as x;(0) = 0.003, x»(0) =
0.001, the initial conditions of the adaptive law are selected
as 62(0) = 0.001, 64(0) = 0.001, 65(0) = 0.001, and other
initial conditions are zero.
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FIGURE 5. The state variables x,, xs.
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FIGURE 6. The adaptive laws 6,, 65, 0s.

The simulations results are indicated by Figs. 1-6.
Fig. 1 indicates the tracking trajectories of output and refer-
ence signal. Fig. 2 displays the tracking error. Fig. 3 shows
the actual control input. Fig. 4-5 show the state variables
X2, X3, x4.x5. Fig. 6 shows the system adaptive laws. Appar-
ently, simulation results show that all the signals in the
closed-loop system are bounded.

V. CONCLUSION

In this paper, an adaptive neural network command filter
control method has been presented for a single-link robotic
manipulator with input dead-zone. The presented control
scheme ensures that all the signals in the closed-loop system
are bounded, and the tracking error eventually enters into a
small area around the origin. The problem of ‘explosion of
complexity’ existing in the conventional backstepping control
method is avoided by introducing the command filter tech-
nique. Both the theory analysis and simulation results have
illustrated the feasibility and effectiveness of the proposed
scheme.
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