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Background Subtraction Algorithm With

Bayesian Generative Adversarial Networks

ZHENG Wen-Bo'?2 WANG Kun-Feng?3 WANG Fei-Yue? 34

Abstract Background subtraction is one of the key techniques in computer vision and pattern recognition. A new
background subtraction algorithm is proposed, which firstly uses the median filtering algorithm for extracting background
and then trains the network based on Bayesian generative adversarial network. The work uses Bayesian generative
adversarial network to classify each pixel effectively, thereby addressing the issues of sudden and slow illumination changes,
non-stationary background, and ghost. Deep convolutional neural networks are adopted to construct the generator and
the discriminator of Bayesian generative adversarial network. Experiments show that the proposed algorithm results in
better performance than others in most cases. The contribution of the work is to apply Bayesian generative adversarial
network to background subtraction for the first time and achieve good experimental results.
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Fig.5 The loss function of the Bayesian generative adversarial networks trained base on the office datasets
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Table 1 The recall rate of different detection algorithms are compared

Method GMM- GMM- LBSP IUTIS MBS FTSG LFGMM LFVBGM Arun BMOG DeepBS Share SSOBS WeSamBE Cascade BSGAN
Stauffer Zivkovic Varghese Model CNN

database Re (%) Re (%) Re (%) Re(%) Re (%) Re (%) Re (%) Re (%) Re (%) Re (%) Re(%) Re (%) Re(%) Re (%) Re (%) Re (%)
Baseline 81.8 80.9 89.6 97.1 91.6 95.1 94.1 95.2 94.1 85.5 94.2 95.4 49.1 94.5 99.9 99.1
Dynamic background 83.8 80.2 76.7 87.8 76.4 86.9 T7.7T 88.7 88.7 90.1 85.4 75.9 52.3 67.9 84.8 98.8
Camera jitter 73.3 69.0 67.4 79.2 83.2 77.2 82.4 80.4 78.4 83.6 87.9 79.6 58.1 77.8 91.4 99.1
Shadow 79.6 T77.7 87.8 94.8 79.2 92.1 94.2 92.7 74.8 50.9 57.4 71.8 21.6 74.7 96.6 91.4
Inter.ob.motion 51.4 54.7 55.9 69.9 75.3 76.2 81.4 72.0 91.7 85.9 95.8 94.5 50.2 94.0 93.0 98.1
Thermal 56.9 55.4 81.4 78.3 81.6 73.6 81.6 85.0 85.1 52.4 66.3 86.2 30.1 77.2 98.9 95.3
Bad weather 71.8 68.6 70.4 74.8 83.4 74.6 82.1 78.8 71.8 76.4 75.2 84.3 58.2 81.7 97.9 93.4
Low frame-rate 58.2 53.0 59.7 82.1 67.7 75.2 85.4 81.4 77.3 63.8 59.2 84.3 53.1 88.4 96.4 86.1
Night videos 52.6 48.0 51.0 56.6 55.4 61.1 65.7 66.1 36.1 64.9 53.2 59.9 44.7 63.7 94.2 91.4
PTZ 64.8 61.1 54.8 66.4 59.7 67.3 83.1 87.8 69.8 76.7 74.6 79.7 68.8 81.5 96.2 96.8
Air turbulence 79.1 77.9 76.1 68.6 60.4 61.1 80.5 81.2 81.2 68.7 79.8 79.1 74.4 71.8 96.1 93.1
Average 68.5 66.0 70.1 77.8 74.0 76.4 82.6 82.7 77.2 72.6 75.4 81.0 51.0 79.4 95.0 94.8

2 RFERR ISR BRI R E
Table 2 The precision rate of different detection algorithms are compared
Method GMM- GMM- LBSP IUTIS MBS FTSG LFGMM LFVBGM Arun BMOG DeepBS Share SSOBS WeSamBE Cascade BSGAN
Stauffer Zivkovic Varghese Model CNN

database Re (%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%)
Baseline 84.6 89.9 95.6 93.9 94.3 91.7 93.3 95.0 93.9 81.9 96.6 95.0 94.2 91.7 97.8 98.8
Dynamic background 59.9 62.1 59.2 92.8 86.5 91.3 89.2 90.4 90.4 75.8 90.8 91.9 10.1 89.3 96.7 96.8
Camera jitter 51.3 48.7 83.7 85.2 84.4 76.5 81.2 86.6 86.6 72.9 93.1 83.8 34.1 83.9 96.3 97.5
Shadow 71.6 72.3 87.7 85.8 82.6 85.3 86.5 87.1 83.9 68.2 82.5 75.8 65.3 78.8 78.2 98.8
Inter.ob.motion 66.9 64.4 71.0 81.5 74.2 78.1 65.8 74.9 48.2 53.7 47.4 59.3 36.9 55.3 94.4 90.4
Thermal 86.5 87.1 75.8 89.2 82.7 90.9 83.3 82.8 82.8 90.1 92.6 80.7 72.8 85.6 85.7 87.2
Bad weather 77.0 81.4 86.6 89.6 78.3 92.3 90.9 94.7 94.8 81.5 96.8 85.7 85.1 91.3 95.5 95.9
Low frame-rate 68.9 66.9 65.8 70.0 60.0 65.5 67.4 69.7 64.1 69.5 70.1 68.4 64.4 91.3 82.8 83.8
Night videos 41.3 42.3 44.9 51.3 49.0 49.0 53.4 55.4 65.4 46.1 83.7 58.5 51.5 58.3 88.1 88.0
PTZ 11.9 68.3 20.4 34.7 54.0 28.6 28.4 30.3 47.2 20.9 28.5 31.2 10.2 31.2 87.3 88.6
Air turbulence 42.9 34.9 59.7 92.6 62.0 90.4 78.1 78.4 68.1 76.8 90.8 75.6 9.8 83.7 89.3 89.5
Average 60.3 65.3 68.2 78.8 73.5 76.3 74.3 76.8 75.0 67.0 79.4 73.3 48.6 76.4 90.2 92.3
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Table 3 F-measure of different detection algorithms

Method GMM-1 GMM-2 LBSP IUTIS MBS FTSG LFGMM LFVBGM Arun BMOG DeepBS Share SSOBS WeSamBE Cascade BSGAN
Varghese Model CNN
database Re (%) Re (%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re(%) Re (%)
Baseline 83.2 85.2 92.5 95.5 92.9 93.4 93.7 95.1 93.9 83.0 95.1 95.2 60.8 93.1 97.8 98.1
Dynamic background — 69.9 70.0  66.8 90.2 81.1  89.0 83.1 89.5 89.4 79.3  87.6 822  16.1 74.4 96.5 97.6
Camera jitter 60.4 57.1 4.7 82.1 83.8 76.8 81.8 83.4 91.3 74.9 89.9 81.4 41.5 79.7 97.6 98.8
Shadow 75.4 74.9 87.7 90.1 80.9 88.6 90.2 89.8 77.6 52.9 60.9 67.3 30.2 73.9 85.1 97.6
Inter.ob.motion 58.1 59.2 62.6 75.3 T74.7 T7.1 72.8 73.4 87.1 83.9 89.9 84.6 75.2 86.9 94.1 95.6
Thermal 68.6 67.7 78.5 83.4 821 81.3 82.4 83.9 83.3 63.4 758  83.1  40.9 79.6 90.7 90.6
Bad weather 74.3 745 777 815  80.8  82.5 86.3 86.0 81.5 78.4  83.0 848 685 86.1 94.3 95.6
Low frame-rate 63.1 59.1 62.6 75.6 63.6 70.0 75.3 75.1 65.8 61.0 60.1 72.9 46.4 66.0 83.7 85.7
Night videos 46.3 45.0 47.8 53.8 52.0 54.4 58.9 60.3 41.5 49.8 58.4 54.2 44.6 59.3 89.6 90.6
PTZ 20.1 64.5 29.7 45.6 56.7 40.1 42.3 45.1 46.1 23.5 31.3 38.6 13.8 38.4 91.6 93.6
Air turbulence 55.6 482  66.9 78.8 61.2 729 79.3 79.8 64.5 69.3  84.6 734  15.2 75.4 91.8 91.7
Average 61.4 64.1 68.0 7.4 73.6 75.1 76.9 78.3 74.7 65.4 74.2 74.3 41.2 73.9 92.1 93.4
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