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Feedback Learning Gaussian Appearance Network for Video Object Segmentation
WANG Long' SONG Hui-Hui' ZHANG Kai-Hua' LIU Qing-Shan'

Abstract There are two limitations in existing deep learning based video object segmentation methods: 1) the
single frame encoding features are directly input into the network decoder, which fails to make full use of the multi-
frame features, resulting in the difficulty in adapting complex scene changes of the target appearance features of the
decoded output; 2) the feedforward network structure is adopted to prevent the feature feedback of the latter layer
from the former layer for complementary learning. Therefore, this paper proposes a feedback Gaussian appearance
network. By building an online Gaussian model and feedback the features of the back layer to the front layer, we
can make full use of the multi-frame and multi-scale features to learn a robust video object segmentation model.
Network structure includes three branches: guidance, query and segmentation branches. The guidance and the query
branches extract the features of the guidance frame and the query frame by sharing the weights of the network,
while the segmentation branch is composed of the multi-scale Gaussian appearance feature extraction module and
the feedback multi-kernel fusion module. The former module enhances the representation of the appearance by
building an online Gaussian model to fuse the multi-frame and multi-scale features, and the second module further
enhances the discriminative capability of the model by introducing a feedback mechanism. Finally, experiments are
carried out on three benchmark datasets, which fully proves the superiority of this method.
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Fig.1 Network structure diagram
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Table 1  Evaluation results of different methods on DAVIS 2016 validation dataset
WaRES 1ELR J&F JIMean JRecall Jpecay Fiean FRrecall Fpecay T (s)
MSK"? N 77.6 79.7 93.1 8.9 75.4 87.1 9.0 12
LIP®” N 78.5 78.0 88.6 5.0 79.0 86.8 6.0 —
Osvos! v 80.2 79.8 93.6 14.9 80.6 92.6 15.0 9
Lucid!"” N 83.6 84.8 — 82.3 — — > 30
STCNNE N 83.8 83.8 96.1 4.9 83.8 91.5 6.4 3.9
CINM® v 84.2 83.4 94.9 12.3 85.0 92.1 14.7 > 30
OnAVvOSH N 85.5 86.1 96.1 5.2 84.9 89.7 5.8 13
0OSVOS¢?! N 86.6 85.6 96.8 5.5 87.5 95.9 8.2 4.5
PReMVOS™* v 86.8 84.9 96.1 8.8 88.6 94.7 9.8 > 30
MHP! N 86.9 85.7 96.6 — 88.1 94.8 — > 14
VPN X 67.9 70.2 82.3 124 65.5 69.0 14.4 0.63
OSMN! X 73.5 74.0 87.6 9.0 72.9 84.0 10.6 0.14
VM X — 81.0 — — — — — 0.32
FAVOSH! X 81.0 82.4 96.5 4.5 79.5 89.4 5.5 1.8
FEELVOS®! X 81.7 81.1 90.5 13.7 82.2 86.6 14.1 0.45
RGMP!" X 81.8 81.5 91.7 10.9 82.0 90.8 10.1 0.13
AGAM™ X 81.8 81.4 93.6 9.4 82.1 90.2 9.8 0.07
RANet? X 85.5 85.5 97.2 6.2 85.4 94.9 5.1 0.03
ARSI X 85.0 84.6 97.1 5.8 85.3 93.3 7.2 0.1
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Table 2  Evaluation results of different methods on

DAVIS 2017 validation dataset
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Table 3 Evaluation results of different methods on

DAVIS 2017 test-dev dataset

J7i% TELR J F T (s) i TEL J F
MSK"? N 51.2 57.3 15 osvos! N 47.0 54.8
Oosvost N 56.6 63.9 11 OnAVOS!H N 49.9 55.7
LIP®Y N 59.0 63.2 — OSVOSg?! N 52.9 62.1
STCNN® N 58.7 64.6 6 CINM® N 64.5 70.5
OnAVvVOS!"™ N 61.6 69.1 26 MHP™ N 66.4 72.7
0OSVOSg?! N 64.7 71.3 8 PReMVOS* N 67.5 75.7
CINM®! N 67.2 74.0 50 OSMN! X 37.7 44.9
MHPM N 71.8 78.8 20 FAVOSH! X 42.9 44.3
OSMN! X 52.5 57.1 0.28 Capsule!"! X 474 55.2
FAVOS!" X 54.6 61.8 1.2 RGMP!" X 51.4 54.4
VM X 56.6 68.2 0.35 RANet? X 53.4 57.2
RANet"” X 63.2 68.2 — AGAM!" X 53.3 58.8
RGMP!" X 64.8 68.6 0.28 AGSS™ X 54.8 59.7
AGSSH# X 64.9 69.9 — FEELVOS™ X 55.2 60.5
AGAM™ X 67.2 72.7 — ASCEE: X 58.3 63.5
DMMNet ! X 68.1 73.3 0.13
FEELVOS®™ x 69.1 74.0 0.51 K4 AFEFELE YouTube-VOS KELEFITEAS &5 R
A x 70.7 76.2 0.14 Table 4 Evaluation results of different methods on
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SRR AL 2 ARG E Z B B LR 50 uE 4
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F,f F,. 4451658 G N 4 TEEAREIME. 03 4 FoR,
ALHEGC=68.1%, HELFHE 1, BWE 2 4

YouTube-VOS validation dataset

J7i% TELR G Js Fy Ju Fy
MSK® J 53.1  59.9 595 450 479
OnAVOS!™ v 552 60.1 627 466  51.4
0svos! v 58.8  59.8 605 542  60.7
S28l v 644 71.0 700 555  61.2
OSMN! X 512 60.0  60.1  40.6  44.0
DMMNet* x 51.7 583  60.7  41.6 463
RGMP! X 53.8 595 45.2
RVOSH X 56.8  63.6 672 455 510
S28! X 57.6  66.7 — 48.2 —
Capsule!! X 623 673 681 537  59.9
PTSNet!" X 632  69.1 — 53.5 —
AGAM!™ x 66.0  66.9 — 61.2 —
ASCEE X 68.1  69.9 723 621  68.3

AGAMEM™ 2.1%, E&EIEL %31 S2S (Se-
quence-to-sequence)” & 3.7%. JUH, ACFEXS
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Table 5  Ablative experiments (M, F, f, denotes the -
TRREL k 0 1 2 3 4
multi-level Gaussian feature module, feedback multi-ker- B
nel fusion module and feedback mechanism, respectively) T (%) 69.1 69-9 0.3 0.7 0.7
T (ms) 132 135 137 140 142

HPAR
J (%)

—M—-F
59.8

AT
70.7

—M
62.2

—-F
66.6

-f
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Display of segmentation results
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