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A background subtraction algorithm based on
biological vision characteristics

QIAN Sheng', ZHANG Chenbin', CHEN Zonghai', WANG Zhiling®

(1. Department of Automation,University of Science and Technology of China, Hefei 230027, China;
2. Institute of Advanced Manufacturing Technology, Hefei Institute of Physical Sciences Chinese Academy of Science, Hefei 230031)

Abstract: For the problem of how to build a robust background model and update the background model, a
background subtraction algorithm based on biological vision characteristics combined with the ViBe
algorithm was proposed. Firstly, utilizing the extrinsic nearsightedness characteristic of the frog’s visual
system, the meaning of a pretreatment method called “region fuzzy” and its implementation were
described. Then, considering the characteristics of color cognition by humans, a measurement criterion for
color difference based on Weber’s law in the LUV color space was given. Finally, specific implementations
of the algorithm were introduced from three main aspects: Background modeling, foreground detection and
background model updating. Experimental results show that this algorithm can improve the accuracy of
moving object detection.
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Tab.1 Average results of the proposed algorithm on all categories of videos

B 53] Re Pr Sp FPR FNR PWC F-m
Baseline 0.932 7 0.934 1 0.998 0 0.002 0 0.017 3 0.374 7 0.933 3
Camera jitter 0.748 5 0.816 5 0.983 7 0.014 3 0.0211 1.820 5 0.711 0
Dynamic background 0.893 5 0.852 6 0.988 3 0.001 8 0.019 5 0.323 6 0.742 0
Intermittent object motion 0.875 7 0.843 5 0.989 0 0.002 6 0.010 0 5.134 5 0.723 4
Shadow 0.842 5 0.775 8 0.962 0 0.016 7 0.132 7 1.835 6 0.823 5
Thermal 0.782 5 0.892 2 0.985 1 0.002 1 0.354 6 1.586 1 0. 806 9
A KR S 0.845 9 0.852 5 0.984 4 0.004 5 0.092 5 1.845 8 0.790 0
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Tab.2 Average results of the proposed algorithm with other benchmark algorithms on the dataset

Bk Re Pr Sp FPR FNR PWC F-m
GMM-Stal%- 0.710 8 0.701 2 0.986 0 0.014 0 0.020 2 3.104 6 0.662 3
GMM-Ziv-4] 0.696 4 0.707 9 0.984 5 0.015 5 0.019 3 3.150 4 0.659 6

KDEL. 0.744 2 0.684 3 0.975 7 0.024 3 0.013 8 3. 460 2 0.6719
ViBelt- 0.682 1 0.7357 0.983 0 0.017 0 0.017 6 3.117 8 0.668 3
SOBSE- 0.788 2 0.717 9 0.9818 0.018 2 0.009 4 2.564 2 0.715 9
PBAS-- 0.784 0 0.816 0 0.989 8 0.010 2 0.216 0 1.769 3 0.753 2
ViBe+ 28] 0.690 7 0.8318 0.9928 0.007 2 0.309 3 2.182 4 0.722 4
AR 0.8459 0.8525 0.984 4 0.004 5 0.092 5 1.845 8 0.790 0
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