Proceedings of the 1999 IEEE

International Conference on Robotics & Automation

Detroit, Michigan * May 1999

Neural Adaptive Control of Two-Link Manipulator
with Sliding Mode Compensation

Wen Yu!, Alexander S. Poznyak! and Edgar N.Sanchez!
tC]NVESTAV-IPN, Seccion de Control Automatico,
Av.IPN 2508, A.P.14-740,
Mexico D.F., 07000, Mexico,
FAX: +525-747-7089, e-mail: yuw@ctrl.cinvestav.mx.
:l: CINVESTAV, Unidad Guadalajara,
Aparatado Postal 31-438, Gaudalajara, Jalisco, C.P. 45091, Mexico

Abstract— In this paper we developed a new neuro con-
troller for robot manipulators. A simple dynamic neural
network is used to estimate the unknown robot manipula-
tors, then the direct linearization controller is derived via
this neuro identifier. Because the approximation capability
is limited, another robust sliding mode compensator is ad-
dressed. Our main contributions are: first we give a bound
for the identification error of the parallel neuro identifier;
second we establish a bound for the tracking error of the
hybrid controller.

I. INTRODUCTION

Recently many researchers manage to use modern ele-
gant theories for robot control. Adaptive Control is a pop-
ular and powerful approach to control systems with un-
known parameters [17]. Sliding Mode Control [18] consists
a hypersurface switching surface which leads to the asymp-
totic trajectory convergence to this sliding surface. In spite
of that this control is robust with respect to external dis-
turbances, its implementation is never perfect because of
” chattering effects” (state oscillation around sliding sur-
face). Robust Feedback Control {3] is usually designed to
guarantee the stability and some quality of control in the
presence of parametric or unparametric uncertainties. Ro-
bust Adaptive Control can be realized by the following
two ways: by adding minimax control or saturation-type
control to the existing adaptive control [15] or by chang-
ing the adaptation law so there is a negative defined term
(leakage-like adaptation) [10]. Adaptive-Robust Control
(see [1] and [16]) estimates on-line the size of the uncer-
tainties and uses these estimates in the tradiv "nal robust
procedures [1]. Unfortunately, the corresponding theoreti-
cal study is still not completed. Optimal Control is applied
to design a robust control for manipulators with some un-
certainties [8].

Neural Networks (NN) control is a very effective tool to
control the robot manipulator when we have no complete
model information or, even, consider a controlled plant as
”a black box” [7]. Neurocontrol is model-free, it is based on
the NN model. To get a neuro model there exists two kinds
of structure: serial-parallel model and parallel model [11].
Serial-parallel model can ensure all the signals bounded if
the plant is BIBO stable for both multilayer perceptrons
(MLP) [11] and dynamic neural networks (DNN) [14], [5].

Most of published papers used the series-parallel model be-
cause of its stability result. On the other hand, parallel
model is very useful when deals with noisy systems, be-
cause it avoids problems of bias caused by noise on the
real system output [19]. If the identification model is to be
used off-line, obviously the parallel model is more suitable.
However parallel model lacks theoretical verification, it is
difficult to enjoy its advantages. In [5] a high order par-
allel NN can ensure that the identification error converges
to zero, but they need the regressor vector is persistently
exciting, for closed-loop control it is not reasonable. Neuro-
control may be classified as indirect (identification-based)
and direct control [4]. The direct neurocontrol of MLP
[9] suffers from some problems, such as lack of knowledge
of the plant Jacobian, local minima and requiring speci-
fied training data pairs (off-line training). Many efforts
are made to overcome these disadvantages. In [12] a on-
line estimation of plant Jacobian is presented. A modi-
fied continuous-time version of backpropagation algorithm
is given in [6] which does not need off-line learning and
plant Jacobia. These ”static” networks are based on the
theory of function approximation which are sensitive to the
training data. DNN can successfully overcome this disad-
vantage as well as demonstrate workable behavior in the
presence of unmodeled dynamics, because their structure
incorporate feedback. The direct and indirect [14] neural
adaptive controls use linear two-layer DNN. Because this
DNN has a poor approximation capability, if the neurocon-
trol is derived from this neuro identifier, the control results
are not satisfied. In order to improve the identification
results, a high-order DNN is proposed in [5], but the neu-
rocontrol is not easy to realize because they use high-order
multiply of control input.

In this paper, a simple DNN similar as [14] is used to
identify robot manipulator, instead of serial-parallel model
we use parallel identification structure. This neuro identi-
fier cannot give a good approximate accuracy. So our con-
troller for the robot manipulator has two parts: a direct
linearization neuro controller and a sliding mode compen-
sator. The main contribution of this paper is connected
with the extension of our previous results [13] in the fol-
lowing directions: we consider parallel model of dynamic
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neural network to identify the unknown robot manipulator,
the new learning laws assure stability of the identification
error; then a bound for the tracking error of robot manip-
ulator is established.

II. RoBOT MANIPULATOR DYNAMICS

The dynamics of an n—link robot manipulator may be
expressed in the Lagrange form [6]

M@i+V () 1+G@+Fa() =7 ()

where ¢ consists of the joint variables, 7 is the generalized

forces, M (q) is the intertia matrix, V' (q, Q) is centripetal-

Coriolis matrix, G (q) is gravity vector, Fy (Q) is the fric-

tion vector. M (q) represents inertia matrix. A scheme
of the two-link robot manipulator is shown in Fig.1. For

Fig. 1. A scheme of two-links manipulator

the case of two links, the elements can be represented as
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The robot dynamics have following standard properties
e M(q) is a positive symmetric matrix bounded by mI <
M(q) < mal.
e The norm of matrix V (q, Q) is bounded an known func-
tion v,(g).

So (1) can be rewritten as

z= f(x1,t) + g(zs, t)u v (2)

T
c T
where =, = [q1 92,41, ‘12] = [z1,%2,%3,%4] ,

Flant) = [3‘:3,554,—1\4—1 (Vé+G+Fd)]T, o(zs, tu =

[0,0, -1 (g)r]"

The two-link manipulator system (2) has 4—dimension
state and 2—dimension input. In order to design a suitable
neuro controller, we define following auxiliary variable

7=4 +Aq 3)

where § € R?, A is positive defined diagonal matrix. The
system can be rewritten as

7= F(@,t) + G(g, tyu

where F' and Gu are 2—dimension vector functions. Or we
can even rewrite it as

g=F'(¢,t) + G'(g,u,t) 4)

When we design a neurocontrol we do not need to trans-
fer the original system (1) into the standard form (2) or
(4). We give the form of (4) in order to illuminate the
neuro identifier. Now we only assume the state outputs ¢
is available.

III. ADAPTIVE CONTROL VIA DYNAMIC NEURAL
NETWORK

In this section we derive a neuro controller for the robot
dynamics in Section II. This controller has two new con-
tribution: first we use parallel dynamic NN to identify the
manipulator, a robust learning algorithm is proposed. Sec-
ond, a hybrid neuro controller is presented. We construct
the following parallel dynamic neural network:

o= AT, + Weo(Ze) + ue (5)

3/4+13/3 + Ly cos ‘12)where Z: € N is the state of the neural network, u; € R7,

€ R™*™ is the weight of neural network. A € R**" is a
stable matrix. The vector functions o(Z;) is assumed to be
n—dimensional with the elements increasing monotonically,
such as sigmoid functions

423

oilE) = Ty

- ¢ (6)

Remark 1: This neural network does not contain any
hidden layers. We use this simplified neural network be-
cause we want to make the neuro controller more reliable.
This model will cause more unmodeled dynamic, but we
may compensation the modelling error.

For the two-link manipulator n = 2. The robot manipu-
lator to be control is given in (4), it can be presented as a
DNN plus a modelling error, i..e. there exists weight W*
such that the system (4) is complete described by

7= A+ W*o(q) +ue + Af(q, ue) )
wheré W* is bounded as

W*Aa_——lw*T S _W— (8)
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Here A, and W are priory known matrices.
Let define the identification error as,

Ay =T —q. 9)

Because o(-) is chosen as sigmoid functions, the following
general Lipschitz condition is fulfilled.
A1l: The function o(-) satisfies

F{ A&y < ATD, A,

where &4 := o(%:) — 0(q), As and D, are known positive
constants.

From (4) and (5), if a bounded control input u; may
stabilize the nonlinear system, the unmodeled dynamics
Af(g,u.) is bounded, we can assume that

A2: There exists positive defined matriz Ay such that

AfTAAS = |Afla, <7

where 7 is the upper bound of the modeling error.
It is well known that, if the matrix A is stable, the pair

A, R%) is controllable and the pair { Q, R? ) is observable
and the local frequency condition fulfills,

ATRA-Q > § [ATR™ — RV A R[ATR - R 4)".

(10)
then the following matrix Riccati equation:

ATP+ PA+PRP+Q=0 (11)

has a positive solution. So we can introduce following as-
sumption:

A3: For a given matrix A. there exists a strictly positive
defined matriz Qg such that the matriz Riccati equation
(11) with the matrices R and Q given by

R:=W+A7!, Q:=Qo+ Do,

has a positive solution.

This conditions is easily fulfilled if we select A as diag-
onal matrix. The next theorem presents stable learning
procedure of the parallel DNN. )

Theorem 1: Let us consider the unknown robot manipu-
lator (4) and parallel neural network (5) whose weights are
adjusted as

Wt=Wt= —StKP(T(Et)A? (12)

_J 1 i lAdl > v/TAmin (Q0) 37 .
where o= { 0 it |0} 2 Varen g W=
W+, K is a positive define matrix, P is the solution of the
matrix Riccati equation given by (11). Assuming also that
the assumptions A1-A3 hold, we conclude that the weight
and identification error are bounded, i.e.,

Ay, Wi € Lo (13)

for any T € (0,00) the identification error A; satisfies the
following tracking performance

3o 1Al g, dt <7+ Co/T
Co = ATPAg + tr [W(}’K*WO]
Proof: From (9) and (5) we have

(14)

A= AD + Wia(Z) + Wie, — Af(@w). (1)

Define Lyapunov function candidate as

1 [~ —~
Vii= ATPA + tr [WtTK‘IWt] . (16)
So, calculating its derivative, we obtain
d - T
a—tVt =2ATP A, +ir [Wt K'lwt] . aamn

As

ATP Ay= ATPAA+AT P (W5, — Af(G, )+ AT PWio(3).

Using matrix inequality [13]
XTY + (XTY)T < XTAT'X +YTAY  (18)

which is valid for any X,Y € R7%* and for any positive
defined matrix 0 < A = AT ¢ R**,
The assumption A1l leads to

AT PW*G, < ATPW*A;'W,PA,

+5; Apd < AT (PWP + D,) A, (19)

From A2

—2ATPAf < ATPAT'PAA+AFTA;Af < ATPAT PAAT,

we obtain:

Ve< AT (PA+ATP+P£W+A“1) P+ D, ++Qo) A¢

AT PW,o () + tr lv‘ﬁt K‘WV}} — ATQoA: +7.
Use A3

. T
Vi< AT PW,o(;)+tr {’Wt K‘IWt}—A,TQOAﬁﬁ. (20)

[T
18> 35

according to (12),(20) becomes

If

Vi< —AT QoA + 7 < —Amin (Qo) |A* +7 < 0. (21)

If
_ 1
1A < nﬂm, (22)
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W, is constant matrix and from (22) ||A¢|| is also bounded,
so V is bounded. (13) is realized. Integrating (21) from 0
up to T yields

T
VD) -V©) <~ [ ATQuuit 41T,
(4]

from which (14) is achieved. ]

Remark 2: The updating law (12) is similar with the
series-parallel structure [14], the differences are series-
parallel structure uses o(§) and parallel structure uses
o(Z,); In series-parallel structure P is the solution of fol-
lowing Lyapunov equation

PA+ATP=—qQ.

in parallel structure P is the solution of a matrix Riccati
equation (11).

Remark 3: The updating rates K := KP can be
achieved by a special selection of the gain matrices K, the
solution of matrix Riccati equation (11) does not influence
the updating law.

Remark 4: If we have no any unmodeled dynamic (Af =
0), we obtain 7 = 0 and, hence, from (14) the globally
asymptotic stability is guaranteed, i.e.,

1 T
lim sup [) lAllg, dt =0,

from which we directly obtain ||A]| 2 0.
— 00

From (7), we know that the nonlinear system (4) may be
modeled as

9= Aq+W:0(Zs)+uc+Af(q, u)+W*o(q) —Wio (Z:) (23)

Using the assumptions Al and A2, from theorem 1 we
have Af(q,us) + W*o(q) — Wio(Z:) is bounded. (23) can
be rewritten as

Q= Aq + Wto(i?t) + Uy + dt (24)

where
de = Af(q,ut) + W7al(q) — Wio(Z) (25)

is bounded

Based on the neural network identifier (5), we will force
the robot manipulator system (4) to track a optimal trajec-
tory z* € ®2 which is assumed to be smooth enough. This
trajectory is regarded as a solution of a nonlinear reference
model:

&t =p(z",1) (26)

with a fixed initial condition. If the trajectory has points
of discontinuity in some fixed moments, we can use any
approximating trajectory which is smooth. In the case of
regulation problem ¢ (z*,t) = 0, *(0) = ¢, ¢ is constant.
Theorem 2: Let the desired trajectory be given by (26),
the weights of the parallel DNN (5) is tuned by (12). For

the two-link manipulator, if the control input is provided
by

up = upg Uz (27)

uy = ¢— Az — Wio(Ze). (28)
- | —kP lsign(4}) |Af| =6

vzt = { —kP7iAy/s |apj<s 8> @9)

where P is a solution of the Lyapunov equation ATP. +
P.A = —Q., the tracking error

Al =q—z

is bounded.
Proof: From (23) and (26) we have

A = AA* + W0 (%) + ug + dy ~  + Az*. (30)

As ¢ (z*,t), z* and W,0(Z,) are available, we can select u,
as (27) where u, ; is direct linearization control (28). So

A = AA* +ug; + dy. (31)

The Sliding Mode technique can be applied to compensate
d;. Let us define Lyapunov-like function as

Vi =AlP.AY, P.=PT>0 (32)

where P is a solution of the Lyapunov equation ATP. +
P.A = —Q.. Using (31) whose time derivative is

Vi= A} (ATP, + PA) Af +2A;T P.Uy s + 2817 Peod,.
According to sliding mode technique, we may select uz(t3 2
Us: = —kP 'sign(A}), k>0 (34)
where k is positive constant,
sgn(7) = [sgn(Bi),- - sgn(y )] € R

Substitute (34) into (33)

Ve —ATQAY — 2k ||AF|| + 24T Pod,

Il

IA

I

Amax (Qe) AT = 211 AT | (k = Amax (Pe) lidell)
If we select k is big enough such that

k> Amax (P2)d

where d is upper bound of ||d; || (d = sup ||d;]|), then Vi< 0.
t
So

tlim Af = 0.

Because the sliding mode control us; is inserted in the
closed-loop system, chattering occur in the control input
which may excite unmodeled high-frequency dynamics. To
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eliminate chattering, the following boundary layer compen-
sator can be used

—kP 'sign (A},)
—kP'AY,/6

>6
<6

*
TA

Af, (35)

U2, =

’

where ug; = [ug1,. .. U2, 6 is small enough positive con-
stant. The above boundary layer controller offers a con-
tinuous approximation to the discontinuous sliding mode
control law inside the boundary layer and guarantees the
output tracking error within any neighborhood of the origin
[2]. |
Remark 5: Theorem 1 assures W; is bounded. So u;.
in (28) is bounded. From (35) we know ug, is bounded.
So the hybrid control input is bounded. Although we use
the sliding mode control [18], we can avoid the ”chatter-
ing effects” because our hybrid control has two part, the
main part u ¢ is derived from neuro identifier, and uo ; uses
boundary layer compensator to eliminate the chattering.
Remark 6: Compare (5) and (26)

F—x = A — 1) + Wao(F,) +up — p + Az,

If we select us = uy¢

F—a =A(F—a%)

Because A is stable, tlim (Z — x*) = 0. uy 4 is used to make
— 00 .

neuro identifier (5) follow the reference model (26). Be-
cause the neuro identifier (5) cannot follow the robot dy-
namic (4) exactly, so ug; is used to compensate the model-
ing error in order to make the robot (4) follow the reference
model (26).

IV. SIMULATION RESULTS

We take the robot parameters as in [6], we also include
friction in (1), i.e. Iy = lp = 2r; = 2ry = 1m, m; = 0.8kg,
mg = 2.3kg, v1 = v2 =04, k1 = k2 = 0.8, g = 9.81. The
initial conditions are ¢ (0) = [¢; (0),92 (0)] = [0,0], q(0) =
[1(0), g2(0)] = [3.14,0.6]. We assume the parameters in (4)
are unknown, only the position and the velocity of ¢ are
available. The neural network used for identification is as
(5), where %, = [q1, 2|7, A =diag[-2,-2],

2 1

@) =TT 2

The initial conditions for the neural network are Zp =

PO, wo =] 1|
First we check the identification ability of parallel DNN,
because the open-loop system is unstable, first we use a PD

control as
r=—10(q—q*)—5<i1—iz) (36)

where the reference inputs are ¢} (t) = sint, ¢3(t) = cost,
q3(0) = g3(0) = 0. Soin (26) ¢ (g7, t) = [—cost,sint]”. Let

5 10 : 15 5 20 1125 30

Fig. 3. Identification for go

uy = T, use (5) to identify the two-link robot. The updating
laws are same as (12). we select KP =diag[10,10], 7 =
Amin (Qo) = 1. The results are shown in Fig.2 and Fig.3.
There exists identification errors because we use second
order neural network to model the dynamic of two links
robot, there are unmodelled dynamics.

Then we apply the hybrid neurocontrol to the two-link
manipulator. For compensation a standard PD control is
give as in (36). The result appears in Fig.4 and Fig.5
and is unsatisfactory. If we use parallel DNN, we select
A =diag[1, 1], so the control input is

T =1us+ U2z

-2 0 ~
ure = @ (q*) — { 0 -9 ] z* — Wio (%)
_ [ —3cost+sint ~
~ \ cost+ 3sint ) — Weo(zy),
—kP'sign (A7) |An|=6 .
Y2, { —kP71A7,/6 Af|l<6 T 1,2

Fig. 4. PD control
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Fig. 5. Control input of PD

Fig. 6. Response of neurocontrol

where § = 0.1, A} = g — ¢*. The neurocontrol presented
in this paper are shown in Fig.6 and Fig.7.No initial train-
ing or learning phase was need. It is very clear that the
addition of DNN makes a significant improvement in the
tracking performance.

V. CONCLUSION

A dynamic neural network was developed for the two-
link robot manipulator. First we use the parallel DNN to
identify the dynamic of robot, then a direct linearization
controller is applied base based on this neuro identifier. Be-
cause of the modelling error, a sliding mode compensator
is presented. In this paper we proof that both of identifi-
cation error and tracking error are bounded.
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