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ABSTRACT

In this paper, a hardware implementation of MOD(Moving Object Detection) algorithm is described, which
is based GMM(Gaussian Mixture Model) and background subtraction. The EGML(Effective Gaussian Mixture
Learning) is used to model and update background. Some approximations of EGML calculations are applied
to reduce hardware complexity, and pipelining technique is used to improve operating speed. Gaussian
parameters are adjustable according to various environment conditions to achieve better MOD performance.
MOD processor is verified by using FPGA-in-the-loop verification, and it can operate with 109 MHz clock
frequency on XC5VSX95T FPGA device.
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