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Abstract:
some sample were divided into section by error this time. To solve this problem, a method is bought to simplify the support vector

For complicated recognition problem, the number of support vectors is large and recognition speed is low, because

machines based the minimal misestimate margin idea. Experiments show that this new suppart vector machine nat only reduces the

number of support vectors and recognition time but also has the same accuracy as(even better than) traditional support vector ma2

chine.
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Datasa Nunber of support vectors Recogniion time(ms) Recognition rate( % )

SVM HPSWI1 HPSVM2 SVM HPSWI1 HPSW2 SW HPSVM1 HPSW2
Ala 785 63(8%) 63(8%) 13688 | 1844(13.5%) | 188(13.5%) | 82. 6689 82.64% 82. 6496
A2a 1105 72(6.5%) 72(6.5%) 18937 | 1954(10.3%) | 1922(10. 1%) | &. 459 83.4037 83. 4037
A3a 193 14(7. 3%) 12(6. 2%) 3734 | 1000(26.8%) | 937(25.1%) |75.9395 |  75.9395 75,9375
Ada 455 29(6.4%) 29(6.4%) 7390 1141(15.4%) | 1141(15.4%) | 78. 1077 79.8128 78. 8128
ASa 1878 88(4.7%) 88(4.7%) 28234 | 1891(6.7%) 1906( 6. 8%) | 8. 6578 83.6% 8. 6%
A6a 204 103(5% ) 103(5%) 2097 | 1719(7. 1%) | 17047.1%) |83. 8011 83.8152 83. 8152
A7a 4174 150(3. 6%) 150(3.6%) 39703 1782(4. 5%) 1735(4. 4%) | &.2112 84.0593 84. 0593
A8a 649 46(7.1%) 46(7.1%) 3657 500(13.7%) 500(13.7%) | 81.97 82.4937 82. 4937
A9a 1998 111(5. 6%) 111(5.6%) 18141 1375(7. 6%) 13597.5%) | &.2823 84.2516 84. 2516
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2 SW  HPSW

(Web Data Sets)

Datasd Nuber of support vectors Recogniion time(ms) Recognition rate( % )

SVM HPSW 1 HPSVM2 SVM HPSWM 1 HPSVWM2 SW HPSVMI HPSVM?2
Wla 233 65(25.7%) 48(20.6%) 6610 | 2890(43.7%) | 2407(36.4%) |97.328 97.3811 97. 3705
W2a 217 T1(32.7%) 60(27.6%) 5891 | 2859(48.5%) | 2578(43.8%) |[97.6231 97.4805 97.3098
W3a 277 87(31.4%) 77(27.8%) 6812 | 3094(45.4%) | 2781(40.8%) |[97.534 97.0248 95. 8695
Wi a 387 105(27.1%) 89(23%) 8422 | 3329(39.5%) | 2907(34.5% ) |97.3504 96.3146 95. 5006
W5a 181 111(61.3%) 52(28.7%) 4469 | 3343(74.8%) 1968(44%) [ 65.2919 71.04% 67. 4344
Woa 194 102(52. 6%) 52(26.8%) 3641 | 2532(69. 5%) 1640(45%) [ 79. 3864 79.9177 80. 9865
W7a 1484 193(13%) 173(11. ™) 17937 | 3125(17.4%) | 2969(16. 6% ) | 98. 3597 98.3358 98. 2879
W8a 2002 243(12%) 2200 11%) 13703 | 2313(16.9%) | 2172(15. %% ) | 97.358 97.1708 97. 1574
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