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Abstract: Due to factors such as illumination changes, camera jitter and dynamic background, existing
foreground subtraction algorithms cannot achieve good segmentation results in complex scenes. To solve this
kind of problems, this paper proposes a subtraction algorithm based on a fully convolutional siamese neural
network, which can accurately segment the foreground with only two arbitrary frames. Specifically, the input
two images are divided into the base image and the image to be segmented. The algorithm uses the fully-
convolutional siamese network to get the similarity metric map of input frames. The similarity metric map
contains information about changes in pixels of the image to be segmented relative to the base image. Then,
the similarity metric map is fused with the image to be segmented, and the encoder-decoder network is used
to achieve end-to-end foreground subtraction results. The paper evaluates the proposed algorithm on the
CDnet2014 dataset to prove its effectiveness.
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Table 1 Performance evaluation in different scenes
Y RE FPR FNR PWC PRE F e
Baseline 0.997 51 0.000 29 0.002 49 0.041 70 0.996 47 0.996 48
Dynamic background 0.992 71 0.000 32 0.007 29 0.056 48 0.991 36 0.992 03
Shadow 0.990 13 0.000 17 0.009 86 0.064 05 0.996 72 0.993 41
Bad weather 0.987 94 0.000 15 0.012 06 0.028 68 0.987 46 0.987 70
Low frame rate 0.986 79 0.000 16 0.013 21 0.004 20 0.992 00 0.989 39
Night videos 0.963 30 0.000 53 0.036 70 0.126 60 0.974 10 0.968 66
PTZ 0.979 16 0.000 17 0.020 84 0.041 10 0.985 37 0.982 26
Camera jitter 0.986 80 0.000 16 0.013 20 0.041 99 0.992 00 0.989 39
Intermittent 0.993 96 0.000 11 0.006 03 0.024 13 0.994 79 0.994 38
Overall 0.979 93 0.000 16 0.020 06 0.042 52 0.986 85 0.983 38
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Table 2 Performance evaluation of different methods
Bk RE FPR FNR PWC PRE F easure
A 0.979 9 0.000 16 0.0201 0.042 5 0.986 8 0.983 4
Cascade CNN™ 0.950 6 0.003 2 0.049 4 0.405 2 0.899 7 0.899 7
Deesz“’J 0.754 5 0.009 5 0.2455 1.992 0 0.833 2 0.833 2
FgSegNeLS[*: 0.989 6 0.000 3 0.010 4 0.046 1 0.9751 0.980 4
FgSegA\TelM 0.983 6 0.000 2 0.016 4 0.0559 0.975 8 0.977 0
BSUV-Net'™' 0.820 3 0.005 4 0.1797 1.140 2 0.8113 0.786 8
SuBSENSE"™ 0.812 4 0.009 6 0.187 6 1.678 0 0.750 9 0.750 9
IUTIS-5" 0.784 9 0.005 2 0.2151 1.198 6 0.7717 0.808 7

W B

(a) Bad weather (b) Baseline

(c) Dynamic background (d) Camera jitter
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Fig.6 Foreground subtraction results of different methods
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Table 3 Performance evaluation of different methods in

SBI2015
Bk RE PRE F e
AL 0.749 4 0.870 5 0.805 4
FgSegNet 0.928 3 0.3556 0.514 2
BSUV-Net 0.874 6 0.517 4 0.650 1
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