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Weighed support vector machine for traffic incident detection

WANG Wu-gong, MA Rong-guo
(School of Highway, Chang’an University, Xi’an 710064, Shaanxi , China)

Abstract: A weighed support vector machine(SVM), based on the importance of the samples,
was proposed to solve the problem of low detection caused by imablanced samples. The weight of
the samples was determined by their discriminate errors. The measured data was used to test the
performance of the proposed algorithm. The basic SVM, the weighed SVM based on the sample
number and the weighed SVM based on sample importance were tested under different imbalanced
samples. The results show that the algorithm can determine the weight of the sample according
the sample, which can improve the robust of the algorithm; the bigger the imbalance of the sam-
ples, the lower the detection ratio of all three algorithms . With the same samples, the ratio of de-
tection of the basic SVM is the lowest and the weighed SVM based on sample importance is the
highest;in traffic incident detecting, in order to improve detecting rates, the weighted SVM
based on sample important is the best choice; under different unbalanced sample rates, detection
effects are different; the higher the unbalanced rate, the worse the detection effect. 1 tab, 1 fig,
9 refs.
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Fig. 1 Relation between training times

and performance of detection
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Tab.1 Detection results of different algorithms

HFUIEREA b B | R | CF R
LR/ % /% | /% | BE/s
FrifE SVM 84.6 | 0 3.73
13 FEARCE AL SVM 92.3 | 0.23 3.02
BEAREEE AL SVM | 100 | 2.07 1.26
brife SVM 81.8 |0 4,12
3.5 BB H AL SVM 90.9 | 0.45 3.98
FEARTEZE AL SVM | 99.8 | 3.70 1.57
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