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The Decision Algorithm for Driving inclination at
incline load Using Moduled Neural Network
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ABSTRACT

Recently, most vehicles has the Automatic transmission system as their transmission
system. The automatic transmission system operates with fixed shift patterns. In the
opposite of manual operation, it is easy and convenient for driving. Though these
merit, the system can not evaluate the driver’'s intension because of usage of fixed
shift pattern. Especially, when the load has declination the AT system must operate for
engine break effect. Namely, if the vehicle drives on the load of decrease, the
acceleration of the vehicle goes to high then. At that time, the shift goes to down
position the vehicle has some negative acceleration with the resistance of engine.

To consider driver's intension in this case, we must consider both the driving
intensity of driver and the status of load.

In this paper, we developed flexible automatic transmission system by using the
proposed moduled neural networks which can learn the status of the load and driver’s
intensity.

As a result, we compare the transmission system using fixed shift pattern and the
proposed transmission system and show the good performance in the change of shift
position.

Keyword : Neural network, Modular, Decision algorithm, Automatic transmission system,
Back-Propagation
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