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Abstract: Moving object detection in complex scenes is an important problem in computer vision domain,and the de-
tection accuracy is still a great challenge. In this paper, we propose and design a deep frame difference convolution neural
network ( DFDCNN) for moving object detection in complex scenes. DFDCNN consists of DifferenceNet and Appearan-
ceNet, which can predict and segment the foreground pixels simultaneously without post-processing. DifferenceNet has Sia-
mese Encoder-Decoder structure, which is used to learn changes between two consecutive frames and to obtain temporal in-
formation from inputs,while AppearanceNet is used to extract spatial information from the input frame,and fuse the tempo-
ral information and spatial information by fusion of feature maps. Finally , multi-scale spatial information is retained through
multi-scale feature map fusion and stepwise up-sampling to improve the sensitivity to small objects. Experiments on two pub-
lic standard datasets : CDnet2014 and I2R demonstrate that the proposed DFDCNN outperforms the classic algorithms signifi-
cantly from both qualitative and quantitative aspects. The experimental results illustrate that the proposed DFDCNN shows
much better detection performance in complex scenes where dynamic background, illumination variation and shadow exist,
and there is improvement for scenes,in which small objects exist.
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information ; spatial information ; multi-scale feature map fusion
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Sk [7] 69. 44 99. 04 75.92 95.15 69. 09 86. 37 62. 82 84.48 99. 36 82.41
Sciik [13] 72.42 92.12 70.70 86. 64 78.42 94. 40 76.92 64. 62 95.82 81.34
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4.2 CDnet2014 #{E5& FHySEIE

CDnet2014 ZHREE AL 53 AR RT3, 43K
11 2%.Bad Weather( BW) ,Low Framerate( LF) ,Night Vide-
0s(NV) ,Pan Tilt Zoom (PTZ) , Turbulence ( Tu) , Baseline
(Ba) ,Dynamic Background(DB) ,Camera Jitter( CJ) ,Inter-
mittent Object Motion(10M ) , Shadow ( Sh) , Thermal ( Th).

CDnet2014 %4 BB S 1t 1 B A BRA it <145 14

Groundtruth. ] 6 25y DFDCNN 534 H iz sh Hirk s
R EPESS A LA, A dE T A2 3 o LA 51 1)
ISR, 2 4 Jy DEDCNN 5 304 HAthiz 3l H bR o5
BE AR A T B EAAE F-measure F
BAEREN 14 F-measure 117 HLER. 7EXT HL Bk, Deep-
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F 4 CDnet2014 ##FEEE LAY F-measure( % ) THEER (F— fAEF, = TXlZ)

XF H R BW LF NV PTZ Tu Ba DB CJ IOM Sh Th BoliEd
SRk [28] 81.36 | 62.75 | 49.46 | 23.22 | 79.78 | 93.22 | 68.57 | 82.31 | 69.39 | 89.69 | 74.48 | 70.38
ik [29] 82.89 | 79.11 | 51.32 | 47.03 | 85.07 | 95.67 | 89.02 | 83.32 | 72.96 | 90.84 | 83.03 | 78.21
Sk [30] 82.33 | 73.74 | 58.07 | 45.45 | 77.35 | 92.14 | 86.45 | 74.11 | 70.92 | 87.89 | 85.81 | 75.83
Scik [31] 86.16 | 64.45 | 57.01 | 33.67 | 83.04 | 94.87 | 83.76 | 82.28 | 72.64 | 89.84 | 81.52 | 75.39
Sk [32] 83.01 | 60.02 | 58.35 | 31.33 | 84.55 | 95.80 | 87.61 | 89.90 | 60.98 | 93.04 | 75.83 | 74.48
SRk [33] 87.13 | 67.97 | 69.87 | 62.82 | 70.51 | 96.93 | 79.67 | 77.43 | 74.99 | 92.33 | 85.81 | 78.68
Scik [33] 87.30 | 67.88 | 68.15 | 65.62 | 76.31 96.40 | 81.76 | 77.88 | 76.01 | 96.64 | 84.55 | 79.86
Sk (7] 85.04 | 84.22 | 80.99 | 78.70 | 86.42 | 92.11 85.14 | 83.13 | 77.97 | 93.45 | 80.16 | 84.30
A3C DFDCNN | 86.46 | 80.24 | 82.10 | 81.48 | 79.86 | 97.92 | 82.76 | 85.64 | 80.25 | 95.34 | 85.99 | 85.28
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