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Abstract

Background subtraction is the major task of computer vision and image processing to detect changes in video. The
best performing background subtraction is computationally expensive that cannot be used in real time in a typical
computing environment. The proposed algorithm improves the background subtraction algorithm of the widely used
MOG with the image resizing algorithm. The proposed image resizing algorithm is designed to drastically reduce the
amount of computation and to utilize local information, which is robust against noise such as camera movement.
Experimental results of the proposed algorithm have a classification capability that is close to the state of the art
background subtraction method and the processing speed is more than 10 times faster.
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Fig. 1. Image downscaling (if size / scale = integer)
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Fig. 2. Image downscaling (if size / scale = not integer)
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Table 4. Comparison of Approximate execution time between

background subtraction algorithm.
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between background subtraction algorithm.
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