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This paper proposes a new approach which can both detect and analyze unknown faults precisely. Our approach
uses Overcomplete Independent Component Analysis for fault detection and analysis and strongly assists experts

to diagnose complex and extensive systems.

In contrast to conventional approaches which have pursued fault

detection performance at the expense of fault analysis ability, our approach succeeded to achieve both high fault
detection and analysis performances without relying on any prior information about the faults. Using driving data,
change detection experiments have shown that the fault detection performances of our approach are competitive to
or outperform other conventional methods even if they are non-linear models such as kernel-based or mixture-based
models. Additionally, our fault analysis approach could extract the combinations of attributes which express the
essential differences between nominal data and test data.
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