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Abstract
This paper proposes a method for identification

of dynamics of a multi-link robot manipulator using
Runge-Kutta-Gill neural networks (RKGNNs). Shape
adaptive radial basis function (RBF) NNs have been
employed with an evolutionary algorithm to optimize
the shape parameters and the weights of the RKGNN.
Unlike in conventional methods, the proposed method
can even be used without input torque information
because a torque network is part of the functional
network. The method has been employed for dynam-
ic identification of a seven-link industrial manipulator
called PA-10, manufactured by the Mitsubishi Heavy
Industries Ltd.
Keywords:Runge-Kutta-Gill neural networks, Ra-
dial basis functions, Multi-link robot manipulators,
Evolutionary optimization.

1 Introduction

Stability and accuracy of model based controllers
such as computed torque algorithms demands for ef-
fective identification of dynamics of manipulators [1].
In most of the industrial robot manipulators, the pa-
rameters of the dynamics are vaguely known or incom-
pletely known to design such control algorithms. Iden-
tification of inertia parameters using the least squares
algorithm has been investigated in [2]. These methods
have the problems of finding a globally optimum solu-
tion and the difficulty of identifying a complex system
with high degrees-of-freedom due to the backpropaga-
tion algorithm to find weights of NNs. Moreover these
methods use input torque information for the calcula-
tions that can be expensive on one hand and on the
other hand, needs special hardware changes.

Therefore the motivation of this research has been
to develop a method that is capable of identifying the

dynamics of a complex multi-link robot manipulator
with basic reference inputs of joint angle and its ve-
locity, and their output data.

The proposed method uses Runge–Kutta–Gill neu-
ral networks (RKGNNs), which is an extension ver-
sion of Runge–Kutta neural networks (RKNNs), for
the identification of the dynamics, because RKNNs
are capable of identifying the changing rates of the s-
tates accurately due to the state space interpolation
between one sampling interval [3]. Furthermore, this
method only needs one state information to predict the
next state and the trained NN of the function is inde-
pendent of the sampling time interval unlike in direct
mapping neural networks (DMNN). The function NN
has sub networks to represent the components of the
dynamics of the manipulator [1]. Radial basis function
(RBF) NNs have been used for each sub-network. Due
to the complex structure of the dynamics of a manip-
ulator, the number of weights of the total NN system
demands for efficient optimization techniques to train
the networks. Therefore optimization of weights us-
ing a new evolutionary optimization algorithm [4] has
been proposed in this paper. Due to the property of
monotonically reducing standard deviation of muta-
tion, the convergence rate is fast in the evolutionary
algorithm. In the proposed algorithm, sustaining ade-
quate standard deviation of mutation throughout the
optimization process guarantees the convergence to a
global optimality.

PA-10 manipulator with seven-links has been sub-
jected to the dynamics identification study. Experi-
mental data of basic reference input position, its ve-
locity and their output data have been used to train
the RKGNNs.

Rest of this paper is organized as follows: In sec-
tion 2, a brief introduction to the basic components
of the dynamics of a multi-link robot manipulator and
the problems in a practical dynamics identification s-
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tudy is explained. In section 3, the RKGNNs and the
structure of the function NNs are explained. In sec-
tion 4, the procedure of training the NNs for PA-10
manipulator is explained. In section 5, the results are
discussed.

2 Dynamics of a manipulator

Dynamics of a manipulator is given by

τ =M(θ)θ̈ + V (θ, θ̇) +G(θ) + F (θ) (1)

where τ is the joint torque vector, θ is the joint an-
gle vector, θ̇, θ̈ are joint angular velocity and angular
acceleration vectors respectively, M(θ) is the inerti-
a matrix, V (θ, θ̇) is the Coriolis and centrifugal force
vector, G(θ) is the gravity force vector, and F (θ) is
the friction vector [1].

It can be seen in [1] that the derivation of this
dynamic equation for a manipulator with higher de-
grees of freedom such as PA-10 manipulator, is very
complex and time consuming. Even if the dynamic
equation is known for such a manipulator, many cru-
cial parameters such as link inertia are unknown or
partially known. The identification of these unknown
parameters involves data collection including the in-
put torque sensor information if conventional least-
squares method [2] or DMNN approach is employed.
Yet in most practical situations, the torque sensors are
not built-in with the manipulator. Therefore if torque
sensors are to be used, some hardware changes are re-
quired that makes additional trouble and expense.

The proposed method attempts to identify the dy-
namics involving only the reference input of joint angle
and its velocity, and their output information, using
the RKGNNs trained by an evolutionary algorithm.
This needs rearranging of the dynamic equation in (1)
to form an ordinary differential equation (ODE) of the
form

ẋ = f(x). (2)

Given the dynamics of the manipulator as in equation
(1), the state vector x can be defined by

x = [θ θ̇]T . (3)

Then the ODE given by (2) can be formed using x
and the dynamics defined by equation (1) as
[

θ̇

θ̈

]
=
[

0 I
0 0

][
θ

θ̇

]
+
[

0
M−1(θ){τ − V (θ, θ̇)...}

]

The right-hand side of the above ODE gives the rate
of change of the states given by the left-hand side.
Therefore for this family of ODEs, RKGNNs may very
accurately identify the right hand side.

3 RKGNNs and the structure of the
function networks.

Figure 1 shows the basic RKGNN algorithm.
From Fig. 1, it can be seen that the prediction of the
next state involves one previous state information and
the sampling interval is external to the function NN
model. One other feature is that all four NN models
given by Nf in the RKGNN are the same. Therefore
finding the optimum weights for one Nf is all that is
required to identify the system. The RKGNN algo-
rithm contains the following steps.

Step 1:

k0 = hNf (x(i))

x(1)(i+ 1) = x(i) +
1
2
k0

q1 = k0

Step 2:

k1 = hNf (x(1)(i+ 1))

x(2)(i+ 1) = x(1)(i+ 1) + α(k1 − q1)

q2 = βq1 + ek1

Step 3:

k2 = hNf (x(2)(i+ 1))

x(3)(i+ 1) = x(2)(i+ 1) + d(k2 − q2)

q3 = γq2 + gk2

Step 4:

k3 = hNf (x(3)(i+ 1))

x(4)(i+ 1) = x(3)(i+ 1) +
1
6
k3 − 1

3
q3

x(i+ 1) ≡ x(4)(i+ 1)

In this case, h is the time step width, d = (
√
2 +

1)/
√
2, e = (2−√

2), g = (2+
√
2), α = (

√
2− 1)/

√
2,

β = −2 + 3/
√
2, and γ = −(2 + 3/

√
2).

The function NN Nf (·) as shown in Fig. 2 contains
components for the identification of each component of
the dynamic equation as shown in equation (1). Since
information about the controller is unknown, a torque
network is constructed that will grasp the dynamics of
the controller.

The details of the component networks of inertia,
velocity including the Coriolis and centrifugal terms,
and gravity are presented in [5]. The construction of
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Figure 1: Structure of the fourth-order RKGNN by the function neural networks Nf .
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Figure 2: Basic concept of the function NN to identify
each component of the dynamic equation.
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Figure 3: Basic structure of the RBF NN.

sub-networks of each of these component networks in-
volve construction of shape adaptive RBF NNs as can
be seen in Fig. 3.

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

φl(y; ȳl, σl) = exp{−[(y − ȳl)
T (y − ȳl)/σ

2
l ]} (4)

where y ∈ �n and ȳl ∈ �n are the input vector and
the vector of centers of the radial basis function, σ2

l
is the varaince of the lth RBF. Therefore the output
at the kth output node of the sub-network Nsub(·) is

given by

[Nsub(y)]k =
N∑

l=1

Wklφl(y; ȳl, σl), k = 1, ..., m (5)

where N is the number of RBFs that construct the
sub-network and Wkl is the weight from lth RBF to
kth output node.

4 Identification of dynamics of PA-10
manipulator

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 speci-
fication of the PA-10 manipulator are as follows: the
length of the manipulator is 1345 mm, the weight of
the manipulator 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. The input ref-
erence angle, its velocity and their output data of all
seven joints were experimentally obtained. Then these
experimental data were used to train the RKGNNs to
identify the dynamics of the manipulator. The weights
of the RKGNN and the RBF parameters, ȳl and σl,
were found using an evolutionary algorithm so as to
minimize the cost function given by

J =
1
tN

tN∑
i=1

‖θd(i)− θ(i)‖+ ‖θ̇d(i)− θ̇(i)‖+ P (6)

where tN is the total time span of the trajectory, P is
a penalty. If the minimum of the principle minors of
the inertia matrix M(θ) estimated by the network is
negative, P is given the negative value of the minimum
of the principle minors of the inertia matrix M(θ) es-
timated by the network. Otherwise P is set to zero.
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Figure 4: Mechanical structure of the PA-10 manipu-
lator.

The reason to add this penalty is to make sure that
the estimated inertia matrix is symmetric and positive
definite. The conditions of the usage of evolutionary
algorithm were as follows: 100% mutation and 20%
crossover was employed. The tournament size was 15
and the number of individuals were 100. One individ-
ual consists of 3080 elements. The algorithm was run
for 200 generations.

5 Results and discussion
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Figure 5: The reference and predicted joint angular
trajectories. On the left is that for joint 1 and 2, and
on the right is that for joint 3 and 4.
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Figure 6: The reference and predicted angular trajec-
tories. On the left is that for joint 5, and on the right
is that for joint 6 and 7.

The RKGNN has been developed and it was applied
for identifying the complex dynamics of a seven-link
industrial manipulator called PA-10, only using the
input angle, its velocity and their output data. It is
very useful, because it reduces the burden of deriving
the complex dynamic equations for such manipulators.
The adoption of RKGNNs makes the long term pre-
diction of the states very accurate due to its property
of interpolation of states within one sampling interval
and estimating the rate of change of states accurately.
This method is advantageous in the practical situation
where input torque information is unknown.
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