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Abstract

This paper describes a modular neural network(MNN) for a
vision system which tracks a given object using a sequence of
images from a camera unit. The MNN is used to precisely
recognize the given robot endeffector and to minize the
processing time. Since the robot endeffector can be viewed in
many different shapes in 3-D space, a MNN structure, which
contains a set of feedforwared neural networks, can be more
attractive in recognizing the given object. Each single neural
network learns the endeffector with a cluster of training
patterns. The training patterns for a neural network share the
similar charateristics so that they can be easily trained. The
trained MNN is less sensitive to noise and it shows the better
performance in recognizing the endeffector. The recognition
rate of MNN is enhanced by 14% over the single neural
network. A vision system with the MNN can precisely
recognize the endeffector and place it at the center of a display

for a remote operator.
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Fig 1. Robot Endeffector Recognition System
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Fig 2. Original Image & Laplacian of Gaussian Edge Image
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Fig 3. Various Robot Images
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Fig 5. Translated Robot Images and endeffectors
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