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ABSTRACT

The background estimation algorithms had a significant impact on the performance of image processing
and recognition. In this paper, background estimation algorithms were analysis of complexity and
performance as preprocessing of image recognition. It was evaluated the performance of Gaussian Running
Average, Mixture of Gaussian, and KDE algorithm. The simulation results show that KDE algorithm
outperforms compared to the other algorithms.
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2.1 Gaussian Running Average
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2.2 Mixture of Gaussians
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2.3 KDE (Kernel Density Estimate)
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CP= Nsoc+ nsor < 100 (6),
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