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1. INTRODUCTION

In the past three decades, the theory on dynamics of constrained multibody systems has been
developed to a high degree of maturity [1-4]. The parallel robot manipulators are constrained multibody
structures [5-7]. The equations of motion for a multibody system are obtained as the end result of a sequence
of mathematical operators. In general, the known methods to derive the equations of motion of multibody
systems are Lagrange’s equations, Newton—Euler equations, Kane’s equations. Among these methods,
the approach using Lagrange’s equations with multipliers has become an attractive method to derive
the equations of motion of constrained multibody systems. This approach provides a well analytical and orderly
structure that is very useful for control purposes.

The control of treelike multibody systems is of interest to a number of research communities in a very
of applications areas. Many advanced methods for control of robot manipulators based on the Lagrange’s
equations have been developed [8-19]. The application of modern control methods such as sliding mode control
method, the neural network control method for controller design of the treelike robot manipulators is presented
in the works [20-30]. In contrast to the rapid progress in control theory of treelike robot manipulators,
the development of the control theory for parallel robots is still limited. Modern control methods have also
been used in the control problem of plane parallel manipulators [31-34]. One has used the control methods
such as the proportional derivative (PD) control and proportional integral derivative (PID) control for designing
some controllers of spatial parallel robot manipulators [35-38]. However, the application of modern control
methods such as sliding mode control method, the radial basis function (RBF) neural network control method
for controller design of the spatial parallel robot manipulators is a new problem that has not been investigated.

Journal homepage: http://journal.uad.ac.id/index.php/TELKOMNIKA


https://creativecommons.org/licenses/by-sa/4.0/

3192 O ISSN: 1693-6930

Recently, N. H. Quang [39-41] proposed a control method using model predictive approach.
AL-Azzawi [42] address the control problem for a class of nonlinear dynamical systems based on linear
feedback control strategies. S. Riache [43] proposed adaptive nonsingular terminal super-twisting controller
consists of the hybridization of a nonsingular terminal sliding mode control and an adaptive super twisting.
Simulations with nonsingular terminal super-twisting control to prove the superiority and the effectiveness of
the proposed approach. In [44], a new compound hierarchical sliding mode control and fuzzy logic control
scheme has been proposed for a class of underactuated systems with mismatched uncertainties.

In the present study, we present a control method using neural network for controller design of spatial
parallel robot manipulators. In the section 2, the application of the new matrix form of Lagrangian equations
with multipliers for constrained multibody systems to establish a new expression for calculation of the driving
torques of parallel robots will be discussed. The inverse dynamics controller for the parallel robot manipulator
is considered in the section 3. In the section 4, numerical simulation of the inverse dynamics controller for a
3-RRR delta parallel spatial robot manipulator is presented as an illustrative example.

2. INVERSE DYNAMICS OF CONSTRAINED MULTIBODY SYSTEMS
Let us consider a scleronomic multibody system of f =n_ degree of freedom containing p

rigid-bodies with r holonomic constraints. Let s = [sy, S,,...,5,]” be the vector of generalized coordinates,
the motion equations of constrained holonomic multibody systems can be written as:

M(s)5+ C(s,8)s + g(s) + @I (s)A+d(s,$) =7 (1)

f(s)=0 2

where M(s) is the n x nmass matrix, C(s,$) is the n xn coriolis/centripetal matrix, f is rx1 vector of
constraint equations, @, (s) is the 7 x n Jacobian matrix of the vector f ,d isthe n X 1 vector of friction force
and disturbance, 7 is the nx1 vector of driving forces/torques, A is the rx1 vector of Lagrangian
multipliers. The Coriolis/Centripetal matrix C (s, 5) is determined from the mass matrix according the following
formula [45, 46].

. aM(s) . 1[aM(s) , . T
C(s,$) = 22 (E, ®5) - 2[5 @ ) 3)
The Jacobian matrix @, (s) of the constrained equations is determined by the following formula;
o om
_of _ dsy " dsp
sToes lap  af “)

Firstly, the generalized coordinates in vector s are divided into two subgroups: independent coordinates q,, and
redundant coordinates z. Then we have;

T T
s=[qF zT]T,qa:[q1 qf] ,z:[zl Zy-] ,n=f+r 3)

By differentiating in (2) with respect to vectors s, q,, Z, respectively, we obtain the following Jacobian matrices,

b = of eER™ & = of ER™, & = of eER™Y, @, =[D, D] (6)
: s F 0z ‘' Oq,
By introducing the projection matrix [47]:
RG) = |_giig, | € R ™
_(Dz_ d)a
one has:
R ()& (s) = 0, (8)
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where E is the f X f identity matrix.

Left multiplication of the motion in (1) with the matrix R" s yields,

T
RT[M ()5 + C(s,9)s + g(s) + ®T(s)A + d(s,$)] = RT [T“]
T
=[E [&7 @] ©)
z
=Ta— [d’z_ld)a(s)]TTz
where 7T is the vector of the driving forces/torques in active joints and 7, is the vector of the forces/torques in
passive joints. Making use of in (8) and assuming that 7, = 0, the driving torques can be deduced from (9) as,
7, = RT[M(s)5 + C(s,$)$ + g(s) + d(s,9)] (10)
3. ADAPTIVE RBF NEURAL NETWORK CONTROL BASED ON INVERSE DYNAMICS FOR
PARALLEL ROBOTS
3.1. Transformation of motion equations

To study the stability of the control algorithms, the motion equations of parallel robots are transformed into
a suitable form. Let us consider a scleronomic constrained multibody system. From the constrained in (2) we get;

f(s):f(qavz):07 .f:@aqa‘F‘PZZ:O

(I
Assuming that the Jacobian matrix @, is nonsingular, det (®,)= 0. From (11) one may obtain,
z2=-0;'Pyq, (12)
It is noted that,
qa = Eqq (13)
Combining (12) with (13) yields the following differential equation:
$ = R(S)qa (14)
Differentiating in (14) with respect to time gives the acceleration relation as;
§ = R(S)iia + R(5,5)da = R()ia + 2 (Ep ® $)da (15)
Substituting in (14) and (15) into to (9) yields;

R'(s)

M s (R(s)j, + 8?28) (B, ©48)q,)+C 5,5 R(s)q, +g s +d(s,8)| =7, (16)

To simplify the description, we define;

M(s) == RT(s)M(s)R(s)C(s, $)

dR(s) . . _
= RT(s) [M(s) s (Ep ® s) + C(s,$)R(s)| g(s): (17)
= RT(s)g(s) d(s,$):= RT(s)d(s, $)

In (9) and (11) now can be rewritten as follows;
M(8)dq + C(5,8)4a + g(s) +d(s,8) = 74 (18)
f(s)=0 (19)

The motion equations of parallel robots (18) and (19) are called the motion equations in mixture form.
Where $ is the vector of redundant generalized coordinates and g, is the vector of independent coordinates.
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We will use this equation as the basis for designing the controller for parallel robots. For this purpose, we prove
the following properties [33]:
— M is a symmetric positive definite matrix: MT = M,

— M —2Cisaskew- symmetric matrix: (M 20T = —(M -20).
Due to the symmetry of the matrix M is symmetric, one has;

M7 (s) = [RT(s)M($)R(s)]" = RT(s)M(s)R(s) = M(s)
Since M(s) is positive definite, M (s) is also a positive definite matrix. Using the (17), one obtains;
M(s) — 2C(s,5) = RTMR + RTMR + R"MR — 2R (MR + CR)
= R"MR + R"TMR — R"MR — 2R"CR
=RT(M — 2C)R — R"TMR + R"TMR (20)
Since M — 2C is skew-symmetric [8], from in (20) one has;
[#1(s) - 2¢s, s)] [RT(M — 2C)R]" — (RTMR)T + (RTMR)"
= —RT(M — 2C)R — RTMR + RTMR = —[M(s) — 2C(s, $)] 1)
Thus, M (s) — 2C(s, $) is a skew symmetric matrix.

3.2. RBF neural network control law and stability analysis
In practice, the perfect robot model could be difficult to obtain, and external disturbances are always

present in practice. The uncertain motion equations of parallel robots with n = f active joints (18) can be

described in the following form;
M(s)Ga + C(5,8)4a + G(s) + d(s,9) = 14 (22)

where M(s)isan f x f inertia matix, C(s,$) isan f x f matrix containing the centrifugal and Coriolis terms,
g(s)is an f x 1 vector containing gravitational forces and torques, s is the vector of generalized coordinates,

q, is active joint coordinates, and d denotes disturbances. It is supposed that,
M(s) = M(s) + AM(s)
C(s,8) = C(s,$) + AC(s,9) (23)
g(s) =g(s) +44(s)

(s,8) = d(s,$) + Ad(s,$)

IS

where M, C, g,d are the prior-known components and AM, AC, Ag,Ad are modeling errors of

M, C, g and d respectively. Assume that the modeling errors are bounded by some finite constants as;
[ata|<m,, |al]<c, |ag] <q, |ad] <, @24
where m, ¢, g,,d, are known constants. Substituting in (23) into to (22) yields.

(M + AM)ig + (C+AC0)G, + g+ Ag +d + Ad =1, (25)
From (25) one has;
M(s)dq + C(5,8)4a + (s) + d(s,8) + h(s,$) = 7, (26)

where A(s, $) is the sum of unknown terms of the dynamic system.
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h(s,$) = AM{, + ACq, + Ag + Ad (27)
Assume that||f_1(s, s) || < hy. The sliding mode function is selected as;
n(t) = é,(t) + Aey(t) (28)

where A is the positive diagonal matrix.

A=diag A\, A, ., A>0; i=12...n (29)
In (28) we define,
et =q t —q: t (30)

where q&(t) is the vector of desired trajectory and q,(t) is the vector of real trajectory. The function h(s, $)
can be rewritten as:

h(n): = h(s,$) (31)

The function 4(n) is the main reason for the degradation of the control quality. If this effect is compensated,
the control accuracy can then be improved. According to Stone-Weierstrass theorem [23-24] one can choose
an appropriate artifical neural network (ANN) with a limited number of neurals that can approximate an
unknown nonlinear function with a given accuracy. For approximating function z(n)we choose the following
simple structure ANN:

h(n) =Ws+e=hn)+e (32)

. . ~ ~ o ~ T . . . = .
where W is the n, X n, matrix, h(n) = [hl, h,,.., hna] = Ws is the approximation of h(n), e is
the approximation error. If ||R(n)|| < ho, we have |le]| < &. Assuming that the matrix W has n, column
vectors w;, we have;

A= (R hars o] =Wo =5 ow, (33)

i=1

In this paper, the radial basis function (RBF) neural network was used as shown in Figure 1. This structure has
been proved to satisfy the Stone-Weierstrass theorem [23]. If we choose the Gaussian activation function o;
according to the formula,

—c:lI?2
o; = exp [— sl ] (34)

where the vector c; represents the coordinate value of the center point of the Gaussian function of neural net i,
and y; is derivation parameter which is freely choosen, the function approximation h has the following form;

h=Sow. ,1=1..,n 35
v J o a
j=1

where wj; are the weights to be updated of the approximating neural network.

Y S LT hy
! w
12
nal ]’;
Yy (o) 2
2
v .
. . ~
.
! na * w2 na na
g
na U

Figure 1. RBF neural network structure
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The control problem is now to find the control torque w and learning algorithm of w; of the neural
network so that n - 0 and position errors e — 0, granting g, (t) = q2(t).

Theorem: The trajectory q,(t) of dynamic system defined by (3.34) with RFB neural network
according to (3.60), (3.62), and the sliding surface (3.40) will track the desired trajectory q&(t) with error

e(t) = q,(t) — q3(t) - 0 if the control law w the learning algorithm w, are chosen as follows;
u=M(s)§¢ +C(s,$)q¢ + §+d— M(s)Aé, — C(s,5)Ae, — Kn — yﬁ + (1 +n)Ws (36)

W; = —noin (37)
where K is a n, X n, symmetric positive matrix, and n > 0, y > 0. Noting that the states q,, ¢, in the control
law (36) are measured.

Proof: This theorem can be proved using the Lyapunov direct method. We choose the Lyapunov
function as;

V() =s[n"Mn+ 300 wliw] (38)
Since M(s) is symmetric and positive definite V(t) > 0 for n # 0,w; # 0 and V(¢) = 0 if and only if
n=0w; =0.

The derivative of the function V(t) is,

. _ 1 0 a .

V(t) =n"Mi+_n"Mn + e whyg (39)
Using the skew-symmetry of the matrix M (s) — 2C(s, $), we have

n’ (Ile—ZC)n=O—>nT1\jIn=2nTCn (40)
Substituting (40) into (39) gives:

V() =nT(Mir+Cn) + 518wl (41)

If we choose u = 7, from (38) and (26) one has,

1\717'1+C_‘n=—[Kn+y”:—”—(1+r))Ws+l_l(n)] (42)
Substituting in (42) into to (41) yields,
V() =nT [—Kn - yﬁ +nWao — e] +Ye whiyg (43)

Using the learning algorithm (37), the last term in (43) has the following form,

X whwg=-nX¥  wino = -nn'ws (44)

Substituting (44) into to (43) yields,

. T
V(t) = —n"Kn—y-——nTe (45)

lInll

If we selecty = 8 + &, and § > 0, one obtains: V(t) = —n"Kn — §||n|| — (& |In|| + nTe) (46)

0’

Since ||le|| < &, V(t) < 0 foralln # 0, and V(t) = 0 if and only if n = 0. It follows from Lyapunov’s theory
that the system is asymptotically stable, or n — 0 as t = oo, therefore,

et =q t—q' t —0 47)
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4. SIMULATION EXAMPLE

From the RBF neural network control law presented in the above section, the resulting block scheme
is illustrated in the Figure 2. For the use of the control law u based on (36) and (37), actual signals q,, 44, G
are assumed to be known. Therefore, one can obtain actual values of generalized coordinates, velocities and
accelerations s, $, §. The numerical simulation may be a possible way to suggest an alternative choice for actual
values of generalized coordinates, velocities and accelerations. Considering the dynamic equations of parallel
robot manipulator as;

M () + C(s5,8)$ + g(s) + DT(s)A + d(s,8) = T (48)

f(s)=0 (49)
where,

T =1(t,5,5,5% 5% = [ul,07]" (50)

Differentiating in (49) with respect to time gives,

f)=ZLs=as=0 (51)

f(5,8) = D5+ d$=0 (52)

where [45, 46]:

by(s) =22 (E, ® 5) (53)
Define,

p1(s,$,5%5%t) =1 —C(s,5)$ — g(s) — d(s,$) (54)

Pa(5,5,) = —b()3 = — |52 (B, ® 9)| s (55)

In (48) and (52) now can be written in the following form,

M(s)$ + @I (s)A = pi(s,$,5%,5%, 1) (56)

D5(s)5 = py(s,$,1) (57)
Left multiplication of (56) with the matrix R yields,

RT(s)M(s)$ + RT(s)®I (s)A = RT(s)p, (s, $, t) (58)
According to (8), (58) becomes:

RT(s)M(s)$ = RT(s)py(s,$,5%, 5%, t) (59)

In (59) is a system of f second-order differential equations. Combining in (59) with (57) yields,

[RT((DZ)(ISVI)(s)] i [RT;SZ)m] (60)

If the matrix,

RT(s)M(s)
A(s) = [ 61
=" ot (61)
is nonsigular, from (60) one obtains the following diferential equation system,
§=35(s,5$5%5%1) (62)

Then, solving the (62) we find s, § [48]. Therefore we can calculate control law according to (36).

Radial basis function neural network control for parallel spatial robot (Nguyen Hong Quang)
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' (1) Inverse  |s%(t),8%(t) | Controllaw | u(t) | Parallel | s(t),$(t)
kinematics robot

Figure 2. Block scheme of joint space control

A 3-RRR spatial parallel robot manipulator shown in Figure 3 is utilized in this study to verify
the effectiveness of the proposed control scheme. The mechanical model for the 3-RRR delta robot manipulator
is a system of rigid bodies connected by joints as Figure 4. The parallelogram mechanisms that connect the
driving links to the mobile platform are modeled as homogeneous rods with universal and spherical joints at
two ends. From Figures 4 and 5 it is followed that the configuration of the 3-RRR delta spatial parallel robot
manipulator is represented by a vector of generalized coordinates as:

T

s=1U % Uy MY VT Yp 2
The differential-algebraic equations of the system are given in the Appendix. The kinematic and dynamic
parameters of the robot manipulator are given in the Table 1. In the simulation, the center of the moving
platform will be controlled to track the given trajectory defined by,

z, = 0.3cos 27t ; y, = 0.3sin 27t ; 2, = 0.7 (m)

The parameters of the neural network control law are chosen as follows,

K = diag 80,80,80 ; L = diag(80,80,80); n =1.1; v = 200;
X, = Lx, =2%x, =3 ¢ =0.0L¢, =0.02¢, =0.03;

Figure 4. Model of 3-RRR Delta robot Figure 5. Position of the B.D, rod in the space
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Table 1. The parameters of the Delta robot in Figure 3

Ly L, R rr a a, as mym,

m, m,

2

mp

03(m) 08(m) 0266(m) 004(m) O (rad) Zg(rad) %(rad) 042 (kg) 2-0.2(kg) 0.75 (kg)

In this paper the modeling errors are chosen to be 20% of the prior-known values of the nominal

model as,

AM(s) = 20%M (s); AC(s, $) = 20%C(s,5); Ag(s) = 20%g(s)

T
The disturbance vector is chosen as d = |k, sin20¢ k, cos20¢ ... Ky sin20¢ K, cos20¢| . Some simulation

results are given in the Figures from 6 to 9. The position errors of the moving platform are shown in
Figures 6 and 7. The control torques are shown in Figures 8 and 9. The stationary errors in position of

the platform are kept about 10 mm.

Position errors [m]

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
t[s]

Figure 6. Position errors of the moving platform without the modeling errors and disturbance

Position errors [m]

0 01 02 03 04 05 06 07 08 09 1
t[s]

Figure 7. Position errors of the moving platform with the modeling errors and disturbance
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Control torques [N.m]

8 L I I I I L I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
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Figure 8. Control torques without the modeling errors and disturbance
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Figure 9. Control torques with the modeling errors and disturbance

5.  CONCLUSIONS

Many modern methods for control of robot manipulators based on the Lagrangian multipliers have been
developed. In contrast to the rapid progress in control theory of treelike robot manipulators, the development of
the modern control theory for parallel robot manipulators is still limited. This paper presented the application of
the RBF neural network control law to compensate uncertainties in the parallel robot manipulators. The new matrix
form of Lagrangian equations with multipliers for constrained multibody systems was used to derive dynamic
equations of spatial parallel robot manipulators based on computer software packages. Using adaptive RBF neural
network control method, the controller for spatial robot manipulators based on inverse dynamics was developed.
The stability of the control law using adaptive RBF neural network method for the control problem of spatial robot
manipulators based on inverse dynamics was proven. Using Simulink program, the numerical simulation of
the adaptive RBF neural network controller for a 3-PRR spatial parallel robot manipulator is studied. The application
of modern methods for motion control of the constrained spatial multibody systems and spatial parallel robot
manipulators will be presented in other works.
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