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Abstract

Skills in tracing of the MR divide into following, approaching, avoiding and warning and so on. It is difficult to have
all these skills learned as neural network. To make this up for, skills consisted of each module, and Mobile Robot was
controlled by the output of module adequate for the situation. A mobile Robot was equipped multi-ultrasonic sensor
and a USB Camera, which can be in place of human sense, and the measured environment information data is learned
through Modular Neural Network. MNN consisted of optimal combination of activation function in the Expert Network
and its structure seemed to improve learning time and errors. The Gating Network(GN) used to control output values
of the MNN by switching for angle and speed of the robot.

In the paper, EN of Modular Neural network was designed optimal combination. Traveling with a real MR was
performed repeatedly to verity the usefulness of the MNN which was proposed in this paper. The robot was properly
controlled and driven by the result value and the experimental is rewarded with good fruits.
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2. Modular Neural Network
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Fig. 3. EN structure using MLNN.
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4. Mobile Robot System
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Fig. 10. Traveling with a real MR using MNN.
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