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Appearance Fusion Based Motion-aware Architecture for Moving Object Segmentation
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2 Jiangsu Provincial Engineering Laboratory of Pattern Recognition and Computational Intelligence, Wuxi,Jiangsu 214122, China

Abstract Moving object segmentation aims to segment all moving objects in the current scene,and it is of critical significance for
many computer vision applications. At present, many moving object segmentation methods use the motion information from 2D
optical flow maps to segment moving objects, which have many defects. For moving objects moving in the epipolar plane or mov-
ing objects whose 3D motion direction are consistent with the background,it is difficult to identify these objects by the 2D optical
flow maps. Besides,incorrect 2D optical flow also effects the result of moving object segmentation. To solve the above problems,
this paper proposes different motion costs to improve the performance of moving object segmentation. In order to detect moving
objects with coplanar and collinear motion, this paper proposes a balanced reprojection cost and a multi-angle optical flow contrast
cost,which measures the difference between the 2D optical flow of moving objects and that of the background. For ego-motion de-
generacy , this paper designs a differential homography cost. To segment moving objects in complex scenes, this paper proposes an
appearance fusion based motion-aware architecture. In this architecture,in order to effectively fuse appearance features and motion
features of objects,the multi-modality co-attention gate is adapted to achieve better interaction between appearance and motion
cues. Besides,to emphasize moving objects, this paper introduces a multi-level motion based attention module to suppress redun-
dant and misleading information. Extensive experiments are conducted on the KITTI dataset, the JNU-UISEE dataset, the Kitti-
MoSeg dataset and the Davis-2016 dataset,and the proposed method achieves excellent performance.
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Fig. 7 Architecture of multi-level motion fusion module
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Fig. 9 Comparison between optical flow difference

cost and balanced reprojection cost
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Fig. 10 Comparison between optical flow relative difference

cost and multi-angular optical flow contrast cost
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Table 1 Motion segmentation results on KITTI dataset
Method F(obj) ToU(bg)

MAT-Net!16] 68. 40 93.08

COSNet[ 9] 66. 67 93.03
CC-Motion[35] 42.99 74.06
AMC-Netl7] 77.00 96. 32
Rigid-mask[6) 90. 71 97.05

ours 93. 44 98.24

4.4.2 JE JNU-UISEE # ¥ % Loy 2064 R

1t INU-UISEE #(#R 4 . A Cd R HiZ sh Wik 1 F-
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Rigid-mask, A8 X J7 ¥ 7E F-measure 855 FIRE T 3. 53% . 1E
ToU 4845 B4 & 17 0.19%

# 2 fF INU-UISEE 45 4 /932 3h 4 #1145

Table 2 Motion segmentation on JNU-UISEE dataset
Method F(obp)  ToU(bg)
AMC-Net! ] 70. 47 99.18
Rigid-mask[6’ 85.79 99.05
ours 89.32 99.24

4.4.3 J& KittiMoSeg # #% %&£ L4 £ 1 24 R
1E KittiMoSeg B8 4 b A SO ¥E A9 45 A8 AR AR IR A5 T
A B g5 . Wk 3 S, A L Rigid-mask, A% 3C 7 ¥ (1
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F-measure $2 5 17 8.49% ,JIoU #8432 1 0.49% .
# 3 1E KittiMoSeg 4l 4 b 103z 3l 43 H1 45 R

Table 3 Motion segmentation results on KittiMoSeg dataset

Method F(obp) ToU(bg)
MODNet-Separatel31] 54. 25 —
MODNet-Joint-31J 62.46 —
U2-ONetl36] 64.23
AMC-Net-7] 50. 07 95. 21
Rigid-mask[¢] 67.14 97.71
ours 75.63 98.20
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Net,Mean F 1 J&F A 42 5 T 1. 4% #1 0. 6% .
4 AE Davis-2016 Hodli 5 143z 5h 4> #1145

Table 4 Motion segmentation results on Davis-2016 dataset

Method Mean J Mean F J&F
Rigid-maskl6] 67.4 66.0 66.7
FSNet!22] 83. 4 83.1 83.3
F2Net37] 83.1 84. 4 83.7
AMC-NetL7] 84.5 84.6 84.6
COSNeth38] 81.1 79.7 80.4
FAMINet!39] 82.4 83.4 82.9
BMVOSL40] 82.9 81.4 82.2
ours 84.4 86.0 85.2
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Fig. 11  Visual comparison between the proposed method and

other advanced methods
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Table 5 Ablation study of different modules
CMMFGM MCG MBAM MMFM J&F
N, 79.2

N N 80.7

v N, N, 82.5

/ </ </ N 85.2

[E B R T 58 9 A< SC i A8 B R IE Bl 4 AT A A B
(CMMFGM) A 30t XT38 2y 45 AF 48 B 53 3 8 AR 8] Y
AT — RGN TE A5 . 0 28, 18 S AR AE SR LAY S AU ok
i T (Flow map) 42 BUE gh R AF , I 2R FH 4% 38 18 9436 1) J5 =X
SRl SN WEHAE 532 SRR AE . BEJT L n AARANY BURE 3h FR AR
A CMMFGM, 2 32 3l A £ B 43 S 32 AL 58 o i 1 i3
{5 BN 6 95 AT FT 8, I AR AE Bh 4R A= A
B2 G J&F th 78. 8% R H] 79. 2% . HE R SR
il 7 3 1 1145 MCG., LU A %5 b it 5 38 30 45 A 70 b 0045 4E
W 6 MEE =7 RS AT BT A, A1 G B SR AL 2 3h 5 A
A B FNE B AT A B BRI 1 32 20 17 5L B % 5 B 1) 4% 4K
PR B R JEF R T 1.4%,

H 6 IE SRR EHLIR SN SR A 038 5

Table 6 Ablation study for different inputs of motion feature
extraction branch
Flow map CMMFGM MCG MBAM MMFM J&F
N, 78.8
N 79.2
/ v v ] 83.8
N N N N 85.2

WEAN Ry T BRI AS SCHR R B A R AR AN £ A
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% Jy HoAlh 32 SRR 4R iR B (Other Motion Feature Gener-
ation Module, OMFGM) , - 75 BB He 11 3 Aty 14K v i A 35 i
FEEE A AL A B E T A AT S, R T B sE
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Table 7 Ablation study for the balanced reprojection cost and the
multi-angle optical flow contrast cost

OMFGM Chre Crnofe J&F
N 84.0
N, N 84.8
J J 84.6
J J N 85.2
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