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Research on software reliability assessment method for highly reliable software
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Abstract A software reliability assessment method for highly reliable software systems is investigated. As highly reliable software
system seldom fails, thefailuresasrareeventsisconsidered, soextremevaluetheory (EVT) isapplied to model thefailures. Analysis
of rare event data using EVT does not require a priori assumptions concerning the distributional form of the data and thus provides an

interesting alternative to traditional approaches. The feasibility of using EVT in software reliability assessment isinvestigated, and the
appropriate statistical methods is proposed.
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