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An Improved Video Segmentation Network and Its Global Information Optimization Method
ZHANG Lin">* LU Yao"? LU Li-Hua *> ZHOU Tian-Fei*? SHI Qing-Xuan*

Abstract This paper presents an attention-based video segmentation network and its global information optimiza-
tion training method. We propose an improved segmentation network, and use it to compute initial segmentation
masks. Then the initial masks are considered as priors to finetune the network. Finally, the network with the learnt
weight generates fine masks. Our two-stream segmentation network includes appearance branch and motion branch.
Fed with image and optical flow image separately, the network extracts appearance features and motion features to
generate segmentation mask. An attention module is embedded in the network, between the adjacent high level fea-
ture and low level feature. Thus the high level features locate the semantic region for the low level feature, speed-
ing up the network convergence and improving segmentation quality. We propose to optimize the initial masks to
finetune the original appearance network weights, making the network recognize the object and improving the net-
work performance. Experiments on DAVIS show the effectiveness of the segmentation framework. Our method out-
performs the traditional two-stream segmentation algorithms, and achieves comparable results with algorithms on
the dataset’s leaderboard. Validation experiment illustrates our attention module greatly improves the network per-
formance than the baseline.
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tion optimization
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The framework of proposed video object segmentation method with attention mechanism
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The framework of appearance feature extractor network
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Table 1  Ablation experiments results

WRES ours_ m  ours_a  Baseline FCN
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Decay D | 0.010 —0.029 —0.046 0.059

Mean M 1 0.568 0.493 0.458 0.482
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Table 2 Quantitative experiments results

Jiik ours ours_n Imp msg fseg fst tis nlc cvos

Mean M 1 0.713 0.710 0.700 0.533 0.707 0.558 0.626 0.551 0.482

J Recall O 1 0.798 0.791 0.850 0.616 0.835 0.649 0.803 0.558 0.540
Decay D | —0.036 —-0.007 0.013 0.024 0.015 —0.000 0.071 0.126 0.105

Mean M 1 0.684 0.695 0.659 0.508 0.653 0.511 0.596 0.523 0.447

F Recall O 1 0.772 0.809 0.792 0.600 0.738 0.516 0.745 0.519 0.526
Decay D | —0.009 0.004 0.025 0.051 0.018 0.029 0.064 0.114 0.117

T Mean M | 0.534 0.589 0.572 0.301 0.328 0.366 0.336 0.425 0.250

T e BB B AR 7 b, ARBEG 3
(115340 0.713, LIRSS 73 B 1) fseg (0.707)
MIVE o4 T 0.85%; Lo —FPiR 2 2] 777 Imp
(0.700)#2 = I 1.86%.

TERCRRHERR L F o, ARBEERIESr (0.684)
ELidy. ELs 2 40 lmp (0.659) & 0.025 47, HLES
3 %1 fseg (0.653) &1 0.031 4. & 2 ) F XIR B
N, ARFVEAERSEAL B HERR FE AR &, TR 4 Rl
B . Tt A R A5 3 10 0000 43 1 R DA BB A
Hb SRS IE B AR IR S BT

4 JRRAL G 45 5 ours 5 AREARAL 1 R 4% 43
FNGER ous_n AHLL, SFIYXBAHLIE SR T — &
FERIHE S (0.003), SAT0 A [H 2B R £ (-0.011).
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Qualitative results comparison
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