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Abstract

Fuzzy Control (¥ #]

Many processes such as machining, injection-moulding and metal-forming are usually operated

by hydraulic servo-systems. The dynamic characteristics of these systems are complex and highly

non-linear and are often subjected to the uncertain external disturbances associated with the

processes. Consequently, the conventional approach to the controller design for these systems may

not guarantee accurate tracking control performance. An effective neuro-fuzzy controller is

proposed to realize an accurate hydraulic servo-system regardless of the uncertainties and the

external disturbances. For this purporse, first, we develop a simplified fuzzy logic controller
which have multidimensional and unsymmetric membership functions. Secondly, we develop a
neural network which consists of the parameters of the fuzzy logic controller. It is show that the

neural network has both learning capability and linguistic representation capability. The

proposed controller was implemented on a hydraulic servo-system. Feedback error learning

architecture is adopted which uses the feedback error directly without passing through the

dynamics or inverse transfer function of the hydraulic servo-system to train the neuro-fuzzy

controller. A series of simulations was performed for the position-tracking control of the system

subjected to external disturbances. The results of simulations show that regardless of inherent

non-linearities and disturbances, an accuracy tracking-control performance is obtained using the

proposed neuro-fuzzy controller.
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