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Abstract

In this paper, we present background modeling method based on Gaussian mixture model to subtract background
for night-time video surveillance. In night-time video, it is hard work to distinguish the object from the background
because a background pixel is similar to a object pixel. To solve this problem, we change the pixel of input frame
to more advantageous value to make the Gaussian mixture model using scaled histogram stretching in
preprocessing step. Using scaled pixel value of input frame, we then exploit GMM to find the ideal background
pixelwisely. In case that the pixel of next frame is not included in any Gaussian, the matching test in old GMM
method ignores the information of stored background by eliminating the Gaussian distribution with low weight.
Therefore we consider the stacked data by applying the difference between the old mean and new pixel intensity
to new mean instead of removing the Gaussian with low weight. Some experiments demonstrate that the proposed
background modeling method shows the superiority of our algorithm effectively.

B keywords : Night-time video surveillance; Histogram stretching ; Background modeling ; Gaussian mixture
model ; Background subtraction
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