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Fig. 2 The influence of the incremental training samples
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Table 1 Comparison of elassificatinon resulrs herween incremental learning and iterative learning

®1 OWEFJUEMEE R IR E LR

Samples in Experiment™®A Experiment B Experiment Experiment D

Training set™” | incremental | Time™  Precision®| Time Precision Time Precision Time Precision

set® (a) (% (s) ) (x) (9% (s) (%
First training™ 88 106. 4 91. 3 106, 4 21.3 106, 4 31,3 106. 4 91. 3
Incremental™ | 246 77.1 2.7 76.9 2.7 50,4 §52.7 247 vz2.7
Incremental 2 79 B3. 7 32,9 37.4 22.9 89,2 53.1 379.5 93.1
Incremental 3 187 7504 3.6 92.5 93.7 95.1 53.9 491, 4 33.9
Incremental 4 12 8.3 33. 8 90. 5 03,8 7.4 94. 3 CRZ. T 94,3
Incrementzl 5 34 6.5 3.5 98. 3 93, 7 109. 3 34. 2 €138 94. 2

Cilge . DR EEA . GXE .U E O E . ORI, THE.
Table 2 Number of samples in the result sot of cach training phase with different discarding factor

F2 AFESET TS BN SR EE AR

Sifting facter o First training® Incremental®]  Ineremental 2 Incremental 3 Incremental 4 Incremental 5
0 (Experimenti} GR8 834 a12 1160 1142 1176
0. 5 {Experiment B) 558 703 L3z G606 391 538
9 (Experiment A) bi% 2] 231 283 285 278
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KoM A FRIR. U2 D OFE b S5 A HI B AR 4 18 H B 1 AR R A & L L I o)
TAFAEZE (AR TR ER C RS LA 22 B2 R RS L T R JE A T IR AR R,
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VPRI IR AR T R W o — S RE T REE EREREN, R ERIES RN
(R B 6 0% e 382 5 )1 0 B O R MU 4 2 (1 69 o . E— P B9 9T TR 4R SVM I B % ) 1R
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Abstract ; The classification algorithm based on SVM (support vector machine) attracts more attention from
researchers due to its perfect theoretical properties and good empirical results. In this paper, the properties of 8V
set are analyzed thoroughly. and a new learning method is introdnced to extend the SVM Classitication algorithm
to incrementel learning area. After that. a new impraoved incremental SVM learning algorithm is propesed, which
is based on a sifting factor. This algorithm eccumulates distribution knowledge of the training sample while the in-
cremental training is proceeded, and thus makes it possible to discard szmples optimally. The theoretical analysis
and experimental results show thart this algorithm could not only improve the training speed, but alse reduce stor-
Age COST,

Key words: SVM (support vector machine}; classification; pattern recognition; incremental learning; machine

learning
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