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Semi-supervised video object segmentation
based split-flow memory network

GUO Xufeng', ~ WANG Chaoli’,  SUN Zhanquan',  JIANG Chunguo’
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Abstract: The goal of semi-supervised video object segmentation is to continuously track and segment
out the target objects in subsequent video frames given the first frame video object labeling. Many
networks based on space-time memory have achieved significant results by utilizing the background and
object features of past stored video frames to guide the segmentation of objects in subsequent frames.
However, most of these networks simply store video frames in chronological order, resulting in an ever-

expanding memory bank that increases the matching segmentation time, while the accumulating
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perturbations and noises in the stored features also reduce the segmentation accuracy. Inspired by the

memory curve, a split-flow memory network was proposed to solve the above problems. The network

divided the memory bank into three levels: primary, middle and senior, and introduced a split-flow

memory module to set standards and control the feature memory flow. By adopting different strategies,

the network improved the accuracy rate while shortening the segmentation time. With consistent training

data, the network achieved optimal results on both single-object dataset DAVIS16 and multi-object
dataset DAVIS2017 compared with the same type of networks.
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Fig.1 Network framework diagram
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x1 TREM%KTE DAVIS2016 #iEE LS EILIGER
Tab.1 Segmentation experiment results of different networks
on the DAVIS2016 dataset

®2 FEINKTE DAVIS2017 HIEE EH S EILWER
Tab.2 Segmentation experiment results of different networks
on the DAVIS2017 dataset

NG E:S T % F 1% J&F |% FPS ENGEITE:S WmINNGEIE  T/%  F/% J&F/%  FPS
ssM™ 86.2 85.6 85.9 13.5 AOST™  youwbe-vOS 812 86.1 83.7 12.5
sT™M"! 88.7 89.9 89.3 63 sT™M”! Youtube-VOS 792 843 81.8 48

FEELVOS™! 81.1 82.2 81.7 22 FEELVOS™  vYoutube-VOS ~ 69.1  74.0 715 3.9

RMNet” 88.9 88.7 88.8 11.9 RMNet™  youtube-vOS 810  86.0 83.5 4.4

Mivos® 87.8 90.0 88.9 16.9 MivOS”  Youtube-VOS 805 858 83.1 112

KAMNet™ 87.1 88.1 87.6 8.3 KAMNet™  youtube-vOS 800 852 82.6 83

SEVOS-X"" 87.7 86.7 87.2 8.2 SEVOS-X""  Youtube-vOS 765  80.8 78.7 13.0
0S0SM™" 80.0 80.8 80.4 14.8 PRM™" Youtube-VOS 754 79.7 77.6 6.8
SKvOs™ 80.9 83.7 82.3 10.1 MoBox™  Youtube-VOS 754  81.8 78.6 17.8

TrickvOs?”! 88.7 89.9 89.3 18.7 MAMP™  youube-VOS 697 683 712 15.8

AR3L 89.7 90.7 90.2 223 A Youtube-VOS 809  86.9 83.9 18.5

47

581t

B4 AXM%S RMNet 7 DAVIS2016 iR E R AL 45 R
Fig.4 Visualization results of the proposed network and
RMNet on the DAVIS2016 dataset
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Fig.5 Visualization results of the proposed network and
AOST in the DAVIS2017 dataset
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=3 MK DAVIS2016 HIFEE FAERSLIRER
Tab.3 Ablation results of network on the DAVIS2016 dataset

EES T /% F 1% T&F %
SRR AT 88.6 89.8 89.2
AR AP RAT 77.4 76.4 76.9
AR R A 89.2 90.4 89.8

A3 89.7 90.7 90.2

F 4 AEDTRILFETE DAVIS2016 HiEE FRERISIEER
Tab.4 Ablation with different split-flow boundary values on

the DAVIS2016 dataset
Xmin+ Xmax I % F 1% T &F 1%
0.6.0.8 88.7 89.9 89.3
0.7.0.8 88.9 90.1 89.5
0.8.0.9 89.6 90.5 90.1
0.7, 0.9 89.7 90.7 90.2

Zip i T g PRy TR I RPO E A m - ERS P S 2
SN 153 D0 st 220w AW T R A B T L 3

FIGAFAERFAE
Blo ZER—MMMFFIT 3 MiFflENFHEFENTRULER

Fig.6 Visualization results of features stored in three repositories within the same video sequence
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