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Abstract: Multiple fault diagnosis (MFD) is a key issue in fault diagnosis and fault tolerant control technology. This
paper is concerned with data-driven based MFD. Knowledge-based approaches are taken as basic thinking ways. An
analysis of relationships between multiple faults and symptoms is made according to the fault forms and combinations of
fault features. By this way, MFD is resolved into a class of category discrimination problems (the multiple-fault symptom
data set corresponding to each constituent fault). Existing classification and clustering based fault diagnosis methods are
referred. Then, 4 kinds of category discrimination based MFD model frameworks are analyzed and proposed, and their
advantages and disadvantages are separately discussed. Futhermore, a summarization of category discrimination methods
that apply to the models is also given.
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Fig. 5 A symptom decomposition and category discrimination based way for MFD
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Fig. 6 A category discrimination way for MFD (take faulty

as a class label)
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Fig. 7 A category discrimination based way for MFD (fault, and known mono-faults can be formed several independent classes)
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Fig. 8 A way of thinking for MFD by category discrimination and feature decomposition (take fault, as a class label)

4.5 EHBIEAX 5515087 (Analysis on cate-
gory discrimination methods that apply to
MFD)
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