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ABSTRACT

The power driving system (PDS) comprises parts such as the chain, sprocket, gear, bearing, and

rotating shaft. The purpose of this study is to develop a condition-monitoring device that diagnoses

component defects early by using a convolutional neural network to prevent complete damage due to

component defects. For this study, eight types of defects are artificially manufactured in various parts

and assembled to build a PDS. A convolutional neural network is developed to classify and diagnose

the eight types of defects. A feature for faults is successfully extracted, and fault classification is

achieved with 90 % accuracy.
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Fig. 1 CNN structure for feature extraction and fault classification of a mechanical system
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