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Classification Vibration Signals of a Two-Stage Reciprocating Compressor using

Artificial Neural Network
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Abstract

Condition monitoring of compressors has been studied by using various signals such as vibration,
sound or pressure signals. These detected signals associate with mechanical and fluid flow processes in
the compressor cycle and can be used for fault monitoring in a compressor. In this study, the two-stage
reciprocating compressor was used to demonstrate various conditions e.g. normal, suction valve of low
pressure damage, discharge valve of high pressure damage, suction valve of low pressure and discharge
valve of high pressure damage conditions with vibration signal detected from vibration sensors attached
on the cylinder head of the two-stage compressor. In addition, a proximity sensor was used to measure

rotational speed of compressor. This detected data set to classification using artificial neural network were
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the classified, consisting two classes there were normal class and abnormal class. Experimental results

show that the classification data set performance artificial neural network is 97.22 %.

Keywords: Artificial Neural Network, Classification, Compressor.
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