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Abgtract : It is necessary to estimate hybrid states and parameter multaneoudy for thefault diagnossof the hybrid system.
A solution to cope with hybrid state and parameter estimationsof hybrid system with time-varying parametersis proposed.
Based on modding the hybrid system with hybrid automaton , an gpproach is presented to estimate hybrid states with parti-
defilter. The evolutionary particle filter is used to estimate the time-varying parameter. An application frame for the fault
diagnogsof the hybrid system is constructed , in which two type estimators are combined to complete the hybrid states and
parameter estimationson-line. Smulation results demonstrate the feashility of the proposed goproach.
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