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A Probability Approximations of Belief Function Based on
Fusion of the Properties of Information Entropy

CHENG Zi-~cheng WU Gen=xiu~ SONG Shu-ting
( College of Mathematics and Informatics Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: The correlation properties of the informations entropy are studied. Based on the conversion method of pig—

nistic probability the new algorithm of gradual approximation belief function is proposed by fusion on the nature of

entropy. According to the need of decision makers can set the threshold to determine whether to continue the algo—

rithm in order to reduce the risk of decision-making. Finally the advantages of this method through examples are

explained.
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