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Binary-class classification algorithm
with multiple-access acquired objects based on the SVM

LI Huan, WANG Shitong
(1. School of Digital Media, Jiangnan University, Wuxi 214000, China; 2. School of Digital Media, Jiangnan University, Wuxi
214000, China)

Abstract ; The binary-class classification algorithm with multiple-access acquired objects based on the SVM is pro-
posed for the purpose of classification of an object given with multiple observations in this paper. In each classifica-
tion, initially all single observation samples in the multiple observation sample set are restricted to a same class.Two
hypotheses are made for the class of the multiple observation sample set, and the class is determined by comparing
the optimal values of the different objective functions under different class hypotheses. This method does not require
training the classifier or early feature representation of the training set, instead, it takes advantage of the continuity
law of the feature space of similar samples with the labeled samples and multiple observation samples as a whole,
making the algorithm more accurate for classifications. Experiments show that the proposed method is valid and effi-
cient.
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Fig.1 Schematic diagram of producing multiple observations
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Table 2 Recognition results on the VidTIMIT database/ %

FEAHm  KLD MSM KMSM  A3C SVM
4 50.600  72.965 86.157  97.287
8 88.410  89.277 92229  98.828
12 94.630  95.995 95.496  99.148
16 96.630  96.742  96.244  99.003
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Table 3 Recognition results on the Honda/UCSD database

/ %
BEASH m  KLD MSM KMSM  A3C SVM
4 54.678  63.158 79.825 88.596
8 85.371 85.088 82.164  94.444
12 92.690  90.936 83.333 95.322
16 93.860  92.105 85.673 95.906
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Fig.7 Recognition results on the Honda/UCSD database
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