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Abstract: A method for the identification of complex non-linear dynamics of a multi-link robot manipulator using Runge—
Kutta-Gill Neural Networks (RKGNNs) in the absence of input torque information is proposed. The RKGNNs constructed
using shape adaptive radial basis functions (RBF) are trained using an evolutionary algorithm. Due to the fact that the main
function network is divided into sub-networks to represent detailed properties of the dynamics of a manipulator, the neural
networks have greater information processing capacity and they can be tested for properties such as positive definiteness of
the inertia matrix. Dynamics of an industrial seven-link manipulator are identified using only input-output position and their
velocity data. Promising experimental control results are obtained to prove the ability of the proposed method in capturing
highly nonlinear dynamics of a multi-link manipulator in an effective manner.
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1. Introduction

The ability to grasp the full dynamics of manipula-
tors accurately is of much importance in judging the ro-
bustess of model-based control strategies such as com-
puted torque controllers. The problem often encoun-
tered in the identification of dynamics of multi-link in-
dustrial manipulators is the lack of knowledge of neces-
sary data such as input joint torques or the gains of the
servo controllers. Identification of inertia parameters us-
ing the least-squares algorithm has been investigated in
1, Yet these methods need the input joint torque informa-
tion which needs special hardware changes in an indus-
trial manipulator. Identification of dynamics of manipu-
lators using artificial neural networks (ANNSs) has been
studied in?,¥, These methods suffer from several draw-
backs: one is the tendency of backpropagation algorithms
to converge to local minima, another is that in some of
these methods the trained NN depends on the sampling
time width of the training data and the other is that these
methods do not make use of the inherent structure of the
dynamics of manipulators. Moreover the simulation re-
sults are shown only for two link manipulators, where the
nonlinearities of the dynamics are relatively simple com-
pared with the actual industrial manipulators. Therefore
the ability of these methods to accurately grasp the dy-
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namics of a manipulator with high degrees-of-freedom is
questionable.

The proposed method synthesizes a structured func-
tion NN consisting of sub-networks, so that the sub-
networks represent the components of the dynamics of
the manipulator®, to catch full dynamics of a manipula-
tor. Shape adaptive RBFNNs have been used for each
sub-network ®. The proposed method uses RKGNNs,
which is an extension version of Runge-Kutta Neural
Networks (RKNNSs), for the identification of the dynam-
ics, because RKNNS are capable of identifying the chang-
ing rates of the states accurately due to the state space
interpolation between one sampling interval®. Further-
more, this method only needs one state information to
predict the next state and the trained NN of the function
is independent of the sampling time width unlike in direct
mapping NNs. Weights of the NNs are optimized using a
new evolutionary algorithm™.

Experimental studies are carried out for a seven-link
robot manipulator called PA-10, manufactured by the
Mitsubishi Heavy Industries Ltd. Promising results are
obtained to prove the ability of the proposed method in
capturing highly nonlinear dynamics of a multi-link ma-
nipulator in an effective manner.
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2. Identifying the Dynamics of
a Manipulator

2.1 Manipulator dynamic model
and its properties

Dynamics of a manipulator is given by

T=M(0)0+V(6,0)+G(0)+ F(6) (1)
where T € R™ is the joint torque vector, 8, 6, 6 € R are
the joint angle, angular velocity, and angular acceleration
vectors, respectively, M (6) € R"*" is the inertia mafrix,
V (8, 8) € N is the centrifugal and Coriolis force vector,
(G(8) € R" is the gravity force vector, and F'(6) € R" is
the friction vector, where n is the number of joints of the
manipulator ®.

Itis well known that the rigid dynamics of equation (1)
has the following properties ».

Property 1—Boundedness of the Inertia Matrix: The
inertia matrix M () is symmetric and positive definite,
and satisfies the following inequalities:

m|ly|l® < y"M(O)y <mallyll®, Yy eRT, (@)
where m; and m., are known positive constants and || - ||
denotes the standard Euclidean norm.

Property 2—Skew symmetry:  The inertia and
centrifugal-Coriolis matrices have the following prop-

erty:
y” (%M(o} - c(a,é)) y=0, YyeR", 3

where M () is the time derivative of the inertia matrix
and V(6,0) = C(6,0)6.

2.2 The new concept for effective dy-
namics identification

It can be seen in® that the derivation of the dy-
namic equation for a manipulator with higher degrees-
of-freedom such as PA-10, is very complex and time
consuming. Even if the dynamic structure is known for
such a manipulator, many crucial parameters such as link
inertia is unknown or partially known. The identifica-
tion of these unknown parameters involves data collec-
tion including the input torque sensor information if con-
ventional least-squares method ¥ or direct mapping NNs
(DMNN) approach is employed. Yet in most practical
situations, the torque sensors for all joints are not built-in
with the manipulator. Therefore if torque sensors are to
be used, some hardware changes are required that makes
additional trouble and expense.

The proposed method attempts to identify the dynam-
ics involving only the reference input of the joint an-
gle, its velocity, and their output information, using the
RKGNN s trained by an evolutionary algorithm. This
needs rearranging of the dynamic equation in (1) to form
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an ordinary differential equation (ODE) of the form z =
f(z). Given the dynamics of the manipulator as in equa-
tion (1), the state vector 2 can be defined by 2 = [9 6]7.
Then the ODE given by (4) can be formed using « and
the dynamics defined by equation (1) as
0
] +[ M=H(O){T ~V(6,6)} ] '

HEHIE )

3. RKGNNs and the Structure
of the Function NNs

3.1 RKGNN:s for the dynamics iden-

tification of manipulators

RKGNNs are an extended version of RKNNs®. An
rth-order RKNN consists of r identical function net-
works each with identical network structure and weights
connected in such a way to realize rth-order Runge—
Kutta algorithm. Each function network models the
right hand side of the ODE directly. The RNGNN dif-
fers from RKNNs in the way the function NNs are con-
nected. When defining two time steps as ¢; = ih and
t;iy1 = (i+ 1)h, the input-output relationship of a fourth-
order RKGNN is given by

o I
0 0

/
z(t+1) :a:(i)—{-é(ko-l-eh +gko+k3)  (5)

where h is the sampling time width, and

ko = Ny (2(3))

h
+ ko)

kq 5

Ny (2 (i)
ky = .Nf (:l:(l) + ahkqg + bhkl)

ks = Nf (:E(i) + chky + dhkg)

inwhicha = 1/vV2—1/2,b=1-1/v/2,¢ = —-1/V2,
d=1+1/v2,e=2—+/2 and g = 2 + /2, with the
function NN denoted by Ny (-). The fundamental idea of
an RKGNN is depicted by Fig. 1. Note that if a = 0,
b=1/2,¢=0,d=1,e =2,and g = 2, the RKGNN
becomes an RKNN.

From Fig. 1, it can be seen that the prediction of the
next state involves one previous state information and the
sampling width is external to the function NN model.
One other feature is that all four NN models given by N
in the RKGNN are the same. Therefore finding the opti-
mum weights for one N is all that is required to identify
the system.

When using an RKGNN that minimizes the memory
storage, we further define the following new vectors:

qlzko
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Fig.1 Overall arrangement of one-step ahead predictive network based on the Runge-Kutta-Gill
method with the function neural networks Ns.
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Fig.2 Overall arrangement of one-step ahead predictive network based on the alternative Runge-
Kutta-Gill method with the function neural networks N ¢

0= (~2+ %)ko + (2= VI

1
g5 = —yko — (1+ V2)k1 + (24 V2)ka.

Then, the RKGNN algorithm contains the following four

steps:
Step 1:
ko = hNy((i))
M — (i) +
2@+ 1) =2() + 5’60
Step 2:
ky = hNy (W (i + 1))
@+ 1) =26+ 1)+ ok —q,)
qs = ,Bql “+ ekl
Step 3:
ko = th (m(g)(i + 1))
w(B)(,‘ +1) = m(z)(i + 1)+ d(ks — q5)
g3 = Y4q» + ng
Step 4:

ks = hN; (2 (i + 1))
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Fig.3 Basic concept of the function NN to identify each component
of the dynamic equation.

1 1
+ -6:7»3 — 3%

a(i+1)=a®W(i4+1)

:v(4>(i +1)= .1:(3)(1' + 1)

where, @ = 1—+/2/2, 8 = —2+3/v/2,andy = —(2+
3/ \/ﬁ) The alternative illustration is given in Fig, 2.

3.2 The anatomy of the function NN

The dynamics equation of a rigid link manipulator can
be analyzed into the following basic components: one
is the inertia matrix, the other is the velocity dynamics
given by centrifugal and Coriolis force vectors, another
is the gravity force vector. In the proposed method, sep-
arate networks are constructed to identify the dynamics
of each of these components. In addition to these, in a
practical industrial application, the information about the



servo controller is unknown. Therefore a torque network
is constructed that will grasp the dynamics of the servo
controller. Thus, it is very important to notice that the
function NN Ny () as shown in Fig. 3 contains com-
ponents for the identification of each component of the
dynamic equation as shown in equation (1).

3.2.1 Torque network The torque network has two
sub-networks for the identification of proportional and
derivative gains of the actual controller are employed.
The angular error vector given by (64—8) and the angular
velocity error vector given by (6 ,— 8) are given as inputs
to the proportional and derivative networks respectively
to produce a suitable torque vector for the robot manipu-
lator, where 8 is the reference angular trajectory and 8,4
is the reference angular velocity. If detailed information
of the controller structure is known, then the structure of
the network can be altered accordingly. Moreover, the
torque data is directly provided to the function NN, if the
input torque can be measured for each joint.

3.2.2 Inertia network The structure of the sub-
networks for the inertia network is designed such that
they identify the diagonal and upper triangular compo-
nents of the inertia matrix of the dynamic equation. This
helps to make sure that the inertia matrix is symmetric
and positive definite.

3.2.3 Velocity network The velocity network set in-
cludes centrifugal and Coriolis components. Basically
the output of the velocity network is given by
. o .9

V(6,68) = B(6)[86] + C(8)[6] ©6)
where B(6) is a matrix of Coriolis effect, whose size is
n x n{n—1)/2 and [86] is a n x (n — 1)/2 vector con-
sisting of

[06] = [6,6, 6105 - 010,17 )
C'(6) is a matrix of centrifugal effect, whose size is n x n,
and L o .

[6°1=1[07 65 - 031" ®

3.2.4 Gravity network The gravity network consists
of one RBF network with n RBFs and n outputs, if the
manipulator will be moved in the gravity direction.

The construction of sub-networks of each of these
component networks involves construction of shape
adaptive RBENNs.

The mput-output mapping relationship of the RBF in
this application is given by

iy oy, o) = exp{~[(w— )" (w—w)/cf]} ©

where y € ®” and g, € RN is the input vector and the
vector of centers of the RBF, o7 is the variance of the /th
RBF. Therefore the output at the 4th output node of the
sub-network N,;(-) is given by

N

[New(W)le = > Wiadi(y; 9y, 1),k = 1,...,m (10)
=1
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where N is the number of RBFs that construct the sub-
network and Wy, is the connection weight from [th RBF
to kth output node. Here we make the standard assump-
tion made in NN literature ® given next.

Assumption: When defining the weight matrix W =
{Wut, k=1,---,n, 1 =1,---, N, the ideal weights
are bounded by known positive values so that

Wlir < wnm 1

where || - || is the Frobenius norm, i.e., /tr(WWT),
and wys is known,

This assumption is made in the initialization of the
weights of the NN in the evolutionary algorithm em-
ployed to train the NN, in this application.

4. Procedure of the System
Identification

The PA-10 manipulator consists of seven links with
seven degrees-of-freedom (three rotation axes and four
pivot axes) as illustrated in Fig. 4. The main specifica-
tions of the PA-10 manipulator are as follows: the length
of the manipulator is 1345 mm, the weight of the manip-
ulator is 35 kgf, the maximum combined speed with all
axes is 1.55 m/s, the payload weight is 10 kgf, and output
torque is 9.8 Nm.

For a given trajectory, the input reference angle, its ve-
locity and their output data of all seven joints were exper-
imentally obtained. Then these experimental data were
used to train the RKGNNSs to identify the dynamics of the
manipulator. The weights of the RKGNN and the RBF
parameters, y; and oy, were found using the evolutionary
algorithm described in references ”,®, with the objective
function subjected to constraints®. The constrained ob-
jective function is given by

J= (%_‘znadu) — O)I|+ 18a(i) - @’(i)ll)

+3 jzzjl[g;wn? a2)

where ¢ is the total time span of the trajectory, g;f (6)
max{0, g;(8)} is the additional penalty function for the
jth constraint satisfaction and s; is a log penalty param-
eter such that s; = 10 +log(i + 1), and cv is the number
of constraints.

One constraint was considered: which is given by

g1(6) : =T'(8) <0 (13)
where I'(6) is the minimum principle minor of the inertia
matrix.

Then the parameters of the function NN to be opti-
mized were encoded in the elements of individuals of
the evolutionary algorithm as real valued vectors in the
following ranges. All the weights were initialized in
the range [—2, 2], the variances in [0, 5], and centers of
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Fig.4 Mechanical structure of the PA-10 manipulator.

RBFs in [-2, 2] except for the following: weights, vari-
ances, and centers of RBFs in the torque network were in
[-10, 10], [0, 100], and [—1, 1], respectively; the weights
of the gravity network were in [—5, 0]; the weights of the
velocity net were in [—0.1,0.1]. The conditions of the
usage of evolutionary algorithm were as follows: 100%
mutation and 20% crossover were employed. The tourna-
ment size was 15 and the number of individuals was 100.
One individual consists of 3080 elements. The algorithm
was run for 200 gencrations. The size of the regression
vector n, was 2, and the strategic move percentage 1,
was 10%.

5. Controller

A model based controller is used to generate joint ve-
locity commands as given by

6. = M~YO)[ra+ {K,e+ K, &+ Kf/e}
+V(8,6) +G(6)]

where 6. is the manipulated joint acceleration; M ! is
the estimated inertia matrix; 74 is the torque command
estimated by the torque network; K,, K,; and Ky
are the proportional; derivative and integral gains respec-
tively; e is the vector of joint angle errors; V(6,8) is
the estimated velocity force matrix; and G/(6) is the esti-
mated gravitational force matrix.

14

6. Experimental Results

The following Figs. 5-10 show the experimental re-
sults. The experimental results encourage the use of this
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Fig.6 The reference and the output in y-direction.

method for identification of dynamics of a complex robot
manipulator.

7. Conclusions

The Runge-Kutta—Gill neural network (RKGNN) has
been developed and it was applied for identifying the
complex dynamics of manipulators with higher degrees-
of-freedom. It is very useful, because it reduces the bur-
den of deriving the complex dynamic equations for such
manipulators. The adoption of RKGNNs makes the long-
term prediction of the states very accurate due to its prop-
erty of interpolation of states within one sampling 'in-
terval and estimating the rate of change of states accu-
rately. This method is advantageous in the practical sit-
uation where input torque information is unknown. The
key feature of using a structured function NN gives room
to adopt any kind of model based controller due to the
separability of the components of the dynamics such as
inertia, Coriolis, centrifugal, and gravity matrices.

Experimental studies were carried out to demonstrate
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Fig.7 The reference and the output in z-direction.
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Fig.8 The reference and the output for the yaw orientation.

the ability of the proposed method to capture the complex
dynamics of a multi-link manipulator, by using an indus-
trial seven-link robot manipulator called PA-10. Promis-
ing experimental results have been obtained.
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