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The Improved Evidence Weighted Combination Method Based on
Double Median Absolute Detection

YU Xin WU Genxiu’
( College of Mathematics and Statistics Jiangxi Normal University Nanchang Jiangxi 330022 China)

CAI Aoli

Abstract: Dempster—shafer evidence theory has been applicable in all walks of life of digital marketing in a large

scale but when it is applied to the integration of highly conflicting evidence sources it often produces some counter—

intuitive results and has certain limitations. In order to solve this problem the improved method based on double me—

dian absolute deviation detection and a new improved method of evidence weighted combination evidence weighted

combination is proposed. Firstly the abnormal evidence is detected by MAD algorithm then the average value of this

group of evidence is used to correct the abnormal evidence and the new evidence weighting combination is applied

to weight average the evidence to get the final count. Through random simulation experiments and example experi—

ments and compared with several other classical evidence synthesis rules the simulation results show that the syn—

thesis rules in this paper can effectively solve the problem of highly conflicting evidence fusion.

Key words: Dempster-Shafer evidence theory; median absolute deviation; high conflict



