B2 E 7| e =2F Vol.11 No.4 2002. 8.
Transactions of the Korean Society of Machine Tool Engineers

T - 2] A7l g7 o] FEKE AsA7] 2A

for

=y *
4

EEA44 2001. 12. 22, AR Y 2002, 6. 12)

Intelligent Control Design of Mobile robot Using Neural-Fuzzy Control Method

Sung-Hyun Han*

I Abstract _’

This paper presents a new approach to the design of cruise control system of a mobile robot with two drive wheel.
The proposed control scheme uses a Gaussian function as a unit function in the fizzy-neural network, and back propagation
algorithm to train the fuzzy-neural network controller in the framework of the specialized leaming architecture. It is proposed
a learning controller consisting of two neural network-fuzzy based on independent reasoning and a connection net with
fixed weights to simply the neural networks-fuzzy. The performance of the proposed controller is shown by performing
the computer simulation for trajectory tracking of the speed and azimuth of a mobile robot driven by two independent

wheels,
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Fig. 1 Neural network for generating a membership function
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Fig. 2 Neural network for gaussian membership function
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Fig. 3 The global structure of neural-fuzzy controller
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Fig. 4 The structure of a mobile robot
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Fig. 5 Control performance of the NF controller for the
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