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Motion Control of Pneumatic Servo Cylinder Using Neural Network

Seung Ho Cho*

ABSTRACT

This paper describes a Neural Network based PD control scheme for motion control of pneumatic servo
cylinder. Pneumatic systems have inherent nonlinearities such as compressibility of air and nonlinear frictions

present in cylinder. The conventional linear controller is limited in some applications where the affection of
nonlinear factor is dominant. A self-excited oscillation method is applied to derive the dynamic design parameters
of linear model. Based on the parameters thus identified, a PD feedback compensator is designed first and then
a neural network is incorporated. The experiments of a trajectory tracking control using the proposed control

scheme are performed and a significant reduction in tracking error is achieved by comparing with those of a PD

control.
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: desired damping ratio

. desired natural frequency

: velocity feedback gain

: displacement transducer gain
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: open loop gain
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: proportional gain
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: amplitude of nonlinear element
. frequency of self-excited oscillation wave
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T : equivalent time constant

P, supply pressure

V, : input voltage

Uy, Uy desired values of neural network

Upys Uy

Yo Um

for compensating proportional
control and derivative control
output values of neural network
for compensating proportional
control and derivative control
reference model input and output
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b) Detailed features of a rodless cylinder
Fig. 1 Servo cylinder drive with Neural Network

Fig. 2 Rodless cylinder-load system
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Fig. 3 Flow characteristics of proportional directional
control valve
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b) Self-excited oscillation wave

Fig. 4 Self-excited oscillation system
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Fig. 9 Overall structure of PD-NN control
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Fig. 10 Training data sets
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Fig. 12 Responses under PD control
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