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Support Vector Machine-Based Human Detection
under Complex Background
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( The State Key Laboratory of Fluid Power Transmission and Control, Zhejiang University, Hangzhou 310027)

Abstract In the field of computer vision, the research on human detection has a wide application prospect. Prevalent
human detection methods usually use traditional statistical theory, which is based on empirical risk minimization. But the
minimization of empirical risk over limited training data does not imply good generalization to novel test data. Aiming at the
shortcomings of traditional statistical theory used in human detection, a new method based on SVM is presented in this
paper. An adaptive background subtraction method combined with color is used to segment the motion objects. Then the
trained SVM classifier distinguishes the motion object whether it is a human or not. In order to simplify the design of SVM
classifier and improve efficiency of machine learning, a center radiating vector representation is proposed to abstract features
of the object. And the optimal representation is obtained by experiments. During the machine learning, a bootstrap method
is adopted to reduce the complexity of training SVM. Experiments show that the performance of SVM is better than ANN,
and the radial basis function SVM has better performance than other SVMs on human distinguish. This method has strong
robustness and high accuracy.
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Fig.1 Framework of human detection based on support vector machine
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Fig.2 Samples of human image

4  A\EHHIE[E ERIHEL

REEEE ETLUSBIERGENRA L HE
—EPERDMHEGRERERRA XK L%
oy R EXE, O T 4620 2888 BB AR AL
B B H TR RS, R R
WEBEFRER, BRI R4S, BRIH A
&R R RET AR EEMFETERAS

R MR T — R B mBRREA TRRA
PREORFAE [T B, AN 3 FR o

Xg Xy

B3 BERBERREREE

Fig.3 Representation of center radiating vector
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Fig.4 Optimal classification surface
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Fig.5 Result of Classification on the test set
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Fig.6 Images of human detection
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