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Abstract This paper aims to develop an event-driven failure analysis and prognosis
system that is able to monitor ship status in real time, and efficiently react unforeseen
system failures. In general, huge amount of recorded sensor data must be -effectively
interpreted for failure analysis, but unfortunately noise and redundant information in the
gathered sensor data are obstacles to a successful analysis. This paper therefore applies
‘Equal-frequency binning’ and ‘Entropy’ techniques to extract only important information
from the raw sensor data while minimizing information loss. The efficiency of the
developed failure analysis system is demonstrated with the collected sensor data from a
marine diesel engine.
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