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Using particle swarm algorithm to identify belief and plausible

measures from known data
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Abstract: We apply particle swarm algorithm to identify belief and plausible measures, and improve the basic algorithm. By

comparing with the basic and genetic algorithms, we verify that the improved one is more effective and efficient
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Tab.1 Data of example 1 Tab. 2 Result of example 1
i fi fi2 fi3 E;
1 0.9 0.5 0.1 0.50
2 0.2 0.3 0.8 0.35 = 0 {x1,x2) 0. 083 533 00
3 0.4 L0 0.6 0.60 {x1) 0. 331 206 1 {x1,%3) 0. 071 675 32
4 0 0-3 0.7 0.23 {x2} 0.254 370 1 {x2, x3) 0. 036 584 69
5 0.7 0.2 0.4 0.42
{x3) 0.202 736 5 {x1,%2,x3) 0. 019 84 29
6 0.8 0.7 1.0 0. 80
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x3 Bl2e9RdEE
Tab.3 Data of example 2

i fi fi2 fa E;
1 0.382 427 4 0.299 567 8 0.079 304 99 0.252 6050
2 0.474 514 2 0.288 8865 0. 111349 00 0.291 728 3
3 0.378 382 3 0.577 2824 0.246 161 20 0.382 5428
4 0.239 5250 0.993 854 3 0. 730 866 20 0.554 2063
5 0.254 251 4 0.684 0957 0.925 721 20 0.519 986 5
6 0.200 844 8 0.844 3157 0.179 482 10 0.352 029 6
7 0.908 403 7 0.987 218 1 0.485 195 60 0.784 278 2
8 0. 1% 525 6 0.145 164 1 0.276 694 30 0.121 9726
9 0.380 153 4 0.322 701 6 0.760 636 20 0.431 9926
10 0. 181 253 2 0.653 8228 0.767 272 40 0.443 3112
R4 B kA AR BT ARG RER &5 Akl ik et B
Tab.4 Result of comparing BPPSO and BPSO Tab.5 Result of comparing BPPSO and GA
1 2 1 2
BPSO BPPSO BPSO BPPSO GALT BPPSO GAL7] BPPSO
1% 73 100 99 100 1% 99 100 95 100
/ 81 47 79 46 / 122 45 115 43
/s 10 1.5 10 2
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