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Moving Object Detection under Complex Background Based on Radial Basis Function Neural Network
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Abstract It is well known that moving object detection under complex background becomes more difficult because of
the existence of moving cameras. According to the fact that background and objects have different motion, the moving
scene can be decomposed into different regions with respect to their motion information by means of an radial basis
function(RBF) network learning scheme. After robust global background motion compensation, five-dimensional (5-D)
feature vectors include pixel intensities, current pixel coordinates and pixel dense optical flow field extracted from image
sequences are treated as the inputs of the RBF network. The learning algorithm for the network minimizes a cost func-
tion derived from the Bayesian estimation theory. l.earning vector quantization method modifies the center of network,
and each output unit of the network is associated to a moving object, Experimental results indicate the algorithm’s va-
lidity after many sequences are tested,

Keywords Object detection, Optical flow, Radial basis function network, Learning vector quantization, Motion com-
pensation
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