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Abstract We propose a fast algorithm to estimate background models using Parzen density
estimation in non-stationary scenes. Each pixel has a probability density which approximates pixel
values observed in a video sequence. It is important to estimate a probability density function
fast and accurately. In our approach, the probability density function is partially updated within
the range of the window function based on the observed pixel value. The model adapts quickly to
changes in the scene and foreground objects can be robustly detected. And applying our approach
to the shadow models, it enables detecting and modeling moving cast shadows. Several experiments
show the effectiveness of our approach.

Key words Background Subtraction, Object detection, Shadow model, Non-stationary back-

ground, Illumination change, Parzen density estimation
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— Proposed method — Gaussian Mixture Model
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[ Traditional approach — Gaussian Kernel

— Rectangular Kernel
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