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A Research on Weighted Fuzzy Aggregation Operators
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(Computer School of National University of Defense Technology, Changsha 410073)

Abstract Information fusion techniques and fuzzy aggregation operators are commonly applied into several fields of da-
ta mining, fuzzy expert system and multi-agent cooperated decision. Because different fields imply different require-
ments,a large number of aggregation operators exist today. The mostly used is Maximum operators, Minimum opera-
tions, and weighted mean operators, In particular, this article pays more attention on weighted fuzzy operators, First,
we put forward the disjunction-weighted average operators, which solve the problem that weighted average operator
cannot distinguish the relationship between disjunction and conjunction. Secondly, this article generalizes the maxi-
mum/minimum and weighted average operators, puts forward maximum weighted average operators and minimum
weighted average operators. The fuzzy information sources local character and whole character are both considered in
these operators. The theory results show these fuzzy aggregation operators are good complements for fuzzy information
fusion,
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