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Development of Automatic Cruise Control System of Mobile Robot

Using Fuzzy-Neural Control Technique
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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
fuzzy-neural network, and back propagation
algorithm the fuzzy-neural network
framework of the specialized

to train
controller in the
learning architecture. It is proposed a learning
controller consisting of two neural network-fuzzy
based on independent reasoning and a connection
net with fixed weights

networks-fuzzy. The performance of the proposed

to simply the neural
controller is shown by performing the computer
simulation for trajectory tracking of the speed and
mobile robot driven by two

azimuth of a

independent wheels.
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Fig.2 Neural network for gaussian membership
function.
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Fig.5 The structure of a mobile robot.
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Table 1. The learning results of Q, for reference trajectory.

27] 4Apay
E=( V) 300 300 300.18 | 300.11
Qs
H2( ) 257.8 2578 255 257.9




Table 2. The 49 control rules for 7 lables.

8 8

NB | NM| NS | zo| PS| PM | PB
NB| -9 | 9| 6| -9|-6]|-6]-6
NM| -9 | 6| 3| 6| 6] -6]-3
Ns| 6 | 3] -3 -3 of 3| 6
20| -9 | 6| -3| 0| 3| 6| 9
PS| 6 | 3| 0o | 3| 3| 3] 6
PM| 3 6| 3| 6| 9
PB 9| 6] 91 9
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Fig. 9 Control performance of the NF controller for the
variation of the azimuth trajectory with parameter

uncertainties (10%).
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