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1. Introduction

Trajectory tracking control is an important part of the
motion control of manipulator robots. It demands robot
arm to move in a free space following a desired
trajectory without interacting with the environment.
Unfortunately, the implementation of that kind of
control required a precise knowledge of the dynamic
model parameters of the arm, which is not a ftrivial
task.

An alternative to solve trajectory tracking problem is
operate the robot arm together a PD position controller
with gravity compensation. The resulted closed loop
systems is globally asymptotically stable. However,
when constant PD gains are used, abrupt changes in
the desired trajectories can result in high tracking
errors.

In order to improve the performance of PD control in
the trajectory tracking problem, a new neural control
scheme called PD-N is proposed, which does not
requires knowledge of the dynamic model parameters
and can modify the gains K, and K, depending on the
desired positions in the joint space. This goal is
achieved using Radial Basis Function Neural
Networks (RBFNN"s) .

2. Aim

Build a prototype robot manipulator with two degrees
of freedom to incorporate position control and propose
a PD-type self-tuning control using Radial Basis
Function MNeural Networks (RBFNN) for trajectories
tracking.

PD-type self-tuning position control targets:

1.- Replace K, and K, gains by a radial basis neural
network trained offline.

2.- Improve performance in PD position controller for
tracking trajectories.
3.- Validate the control law with a specific path.

3. Method

In this section a methodology to calculate the values of
the proportional and derivative gains automatically, as
a function of the desired position in a PD-type control
is presented, through of RBF neural networks, which it
call interpolation networks and are trained offline.

a) Design 2n RBF neural networks corresponding to
the gains K, and K, in each articular joints, as shown
in Figure 1. Where n are the degrees of freedom
number (dof) in a manipulator robot.

b) Select m uniformly distributed desired positions into
the manipulator workspace, as shown in Figure 3.
These positions are in cartesian coordinates and
converted via inverse kinematics to rotational space.
The data sample form the set of training input c={C,,
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c) Tune the K, and K, gains manually for each position
in the set C of previous step b). The set obtained data
corresponds to the training output 2n in step a). K7 =
(KL KD, .. KR} y K = {K[LKE, ... K}, where (=
1,2,..,n, is the i-th dof and j = 1,2,..,m, is the jth
training data.

d) Set ¢ value in accordance to attempt that the

neurons activation level in the hidden layer is <50
percent, it is
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Figure 1. General structure of o Radiol Basis Function Neurol Network with i-th outputs.

e) Calculate the wf, and wy; weights of the neural
network according to 2n equations systems.
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f) Replace the value data o, ¢, wf; and w}; in the
equations:
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Figure 2. Manipulator robot
with 2 dof.

Dynamic model of the
manipulator robot
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PD position control
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4. Results

According to the methodology presented in Section 3,
9 samples were taken from cartesian space to train the
interpolation network, see Figure 3. Further 2nm = 36
gains were tuned, for n = 2 (dof) and m = 9 input data.
The tuning criterion was: overshoot <1%, time
response <1sec and in order to avoid saturation in the
actuators the applied torque were 7, < 150Nm and
7, < 15Nm. The sigma calculated value was ¢=0.6.
Finally to get the weights w); and wj; value, four
simultaneous equations was solved, as depicted in
step e).

The result of the training process to achieve self-tuning
of the proportional and derivative gains were four
neural networks (see Figure 4) corresponding to K,
and K, gains for the articulation one and two of the
typical two-link manipulator robot shown in Figure 2.

In Figure 4 shows the behavior of the proportional and
derivative gains approximated by RBF neural
networks, which are functions of the desired positions
g4, 9z in joint space and its values increased in points
away from de robot base.
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In order to validate the new control scheme called
PD-N, simulations for a specified trajectory as 8- petal
flower was carried out. The results are compared with
the corresponding PD control by taking into account
the same conditions. The simulations were carried out
using MatLab 2012b. The used parametric equations
of the trajectory are presented below:
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In Figure S the trajectory tracking "eight-petal flower"
with PD and PD-N controllers is presented. The
simulation time is 63 seconds with a sampling period
of 0.01 seconds, corresponding to 6300 samples. It is
observed that PD-N control follow the desired
trajectory with better performance than the PD control
scheme even at points where the manipulator inertia
increases, i.e. when the trajectory direction changes
abruptly. Furthermore, it is observed that the tracking
error is limited to a square region of 9 cm in the PD
control and 2.5 cm for the proposed PD-N control. The
average square error is 33.69 and 6.64 respectively .

2. Conclusion

The problem of trajectory tracking based on position
control with automatic tuning of the proportional and
derivalive gains using RBF neural networks has been
addressed in this poster. Unlike other authors the
neural networks have been treated to create a training
network as functions of desired positions, instead of
approximating system unknown parameters. The new
approach advantage is does not require the model
knowledge to its implementation. Simulation results
show better performance with the proposed PD-N
control scheme in a desired trajectory tracking
compared to the classical PD.
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