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Cauchy D istribution Based on Statistical Change D etection
for Visual Surveillance
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Abstract A novel ilkm mation-invariant change detection algoritm based on Cauchy distrbution is proposed The
ntensity ratios betveen o images are used as the feature to model and subtract background The distrbution of the

ntensity ratios beween corresponding pixels of wo background mages follsws Cauchy distrbution assum ing that sane

observed temporal intensity variation of each pixel in background inages are caused by white noise The mtensity hue and

5 =

saturation n the YCbCr color space are enplyed to recognize and elin nate shadows n video sequences Finally
Keywords change detection moving object detection background modeling shadows Cauchy distrbution surveillance
=

experimental results danonstrate that the proposed algoritm can tolerate the whole or local quick or slw changes i
illum mations and can filter noise caused by smallmotion n scene background
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