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Implementation of a Real-Time Neural Control for a SCARA Robot Using
Neural-Network with Dynamic Neurons
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Abstract

This paper presents a new approach to the design

of neural control system using digital signal
processors in order to improve the precision and
Robotic

important

manipulators have become
increasingly the field of flexible

automation. High speed and high-precision trajectory

robustness.
in

tracking are indispensable capabilities for their

versatile application. The need to meet demanding

control  requirement in  increasingly complex

dynamical control  systems under significant

toward design of intelligent
manipulation robots. The TMS320C31

implementing real time neural control to provide an

uncertainties, leads

is used in

enhanced motion control for robotic manipulators. In
this control scheme, the networks introduced are
neural nets with dynamic neurons, whose dynamics
are distributed over all the network nodes. The nets
the distributed dynamic back
propagation algorithm. The proposed neural network
fast

are trained by

control scheme is simple in structure, in

implementation of
of the

simulation

computation, and suitable for

Performance neural
by

experimental results for a SCARA robot.

real-time control.

controller is  illustrated and
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Fig. 1. Neural Network Structure
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Fig. 2 The block diagram of proposed neural
control Structure for robot manipulator
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Fig. 4. Simulation result of position and velocity
trajectory tracking for joint 1 and joint
2 with 2.0 kg payload.

Fig. 5. Tracking error
for iterating
using RMS.

Fig. 6 Performance analysis
at error state space.
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Fig. 13. Experimental results of neural cotroller
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