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Spatial-temporal video object segmentation with graph

convolutional network and attention mechanism

Yao Rui', Xia Shixiong' ", Zhou Yong', Zhao Jiagi', Hu Fuyuan’
1. School of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116, China;
2. School of Electronic and Information Engineering, Suzhou University of Science and Technology, Suzhou 215009, China

Abstract: Objective The task of video object segmentation ( VOS) is to track and segment a single object or multiple
objects in a video sequence. VOS is an important issue in the field of computer vision. lIts goal is to manually or automati-
cally provide specific object masks on the first frame or reference frame and then segment these specific objects in the entire
video sequence. VOS plays an important role in video understanding. According to the types of video object labels, VOS

methods can be divided into four categories: unsupervised, interactive, semi-supervised, and weakly supervised. In this
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study, we deal with the problem of semi-supervised VOS; that is, the ground truth of object mask is only given in the first
frame, the segmented object is arbitrary, and no further assumptions are made about the object category. Currently, semi-
supervised VOS methods are mostly based on deep learning. These methods can be divided into two types: detection-based
methods and matching-based or motion propagation methods. Without using temporal information, detection-based methods
learn the appearance model to perform pixel-level detection and object segmentation at each frame of the video. Matching-
based or motion propagation methods utilize the temporal correlation of object motion to propagate from the first frame or a
given mask frame to the object mask of the subsequent frame. Matching-based methods first calculate the pixel-level mate-
hing between the features of the template frame and the current frame in the video and then directly divide each pixel of the
current frame from the matching result. There are two types of methods based on motion propagation. One type of method is
to introduce optical flow to train the VOS model. Another type of method learns deep object features from the object mask of
the previous frame and refines the object mask of the current frame. Most existing methods mainly rely on the reference
mask of the first frame (assisted by optical flow or previous mask) to estimate the object segmentation mask. However, due
to the limitations of these models in modeling spatial and temporal domain, they easily fail under rapid appearance changes
or occlusion. Therefore, a spatial-temporal part-based graph model is proposed to generate robust spatial-temporal object
features. Method In this study, we propose an encode-decode-based VOS framework for spatial-temporal part-based graph.
First, we use the Siamese architecture for the encode model. The input has two branches: the historical image frame branch
stream and the current image frame branch stream. To simplify the model, we introduce a Markov hypothesis, that is, given
the current frame and K — 1 previous frames, and K — 1 previously estimated segmentation masks. One branch inputs the
dynamic features of the historical image frame and the mask, and the other branch inputs the current frame image and the
segmentation mask of the previous frame. Both branches use ResNet50 as the base network, and the network weights are
derived from the ImageNet pre-trained model. After obtaining the results of ResS stage, we use the global convolution mod-
ule to output image features, where the size of the convolution kernel is set to 7 and the number of channels of the feature is
set to 512, which is the same as the other feature dimensions. Next, we design a structural graph representation model
based on parts (nodes) and use the graph convolutional network to learn the object appearance model. To represent the
spatial-temporal object model, we construct an undirected spatial-temporal part-based graph Gy, on frames with dense grid
parts (nodes) and K (i.e., t—K, -+, t—1), use a two-layer graph convolutional network to output feature matrix, and
aggregate the target features of the spatial-temporal components through max pooling. In addition, we construct an undirect-
ed spatial part-based graph Gy (similar to Gy, ), which has the same processing steps as the above two-layer graph convo-
lutional network, and then we obtain the spatial part-based object features. Next, the spatial-temporal part-based features
and spatial part-based features are channel aligned to form a whole feature, and the channels are 256. The output functions
of the spatial-temporal part-based feature model and the spatial part-based feature model have different characteristics, and
we adopt an attention mechanism to assign different weights to all features. To optimize the feature map, we introduce a
residual module to improve the edge details. Finally, in the decoding module, we construct a smooth refinement module,
add an attention mechanism module, and merge features of adjacent stages in a multi-scale context. Specifically, the deco-
ding module consists of three smooth and fine modules, plus a convolution layer and a Softmax layer, and then outputs the
mask of the video object. The training process mainly includes two stages. First, we use the simulated images generated
from the static images to pre-train the network. Second, we fine-tune this pre-trained model on the VOS dataset. The time
window size K is set to 3. In the testing, the interval 3 is used to update the reference frame image and mask, so that the
historical information can be effectively memorized. Result In the experimental section, the proposed method does not
require online fine-tuning and post-processing, and it is compared with 12 latest methods on two datasets. On the DAVIS
( densely annotated video segmentation ) -2016 dataset, compared with the method with the highest performance, our Jaccard
similarity-mean (J-M) & F measure-mean ( F-M) score is 85.3% and increased by 1. 7% . On the DAVIS-2017 dataset,
compared with the method with the highest performance, our J-M & F-M score is 68. 6% and is increased by 1. 2% . At the
same time, on the DAVIS-2016 dataset, a comparative experiment of network input and post-processing is carried out.
Conclusion In this work, we studied the problem of robust spatial-temporal object model in VOS. A spatial-temporal VOS
with part-based graph is proposed to alleviate the drift of visual object. The experimental results show that our model outper-
forms several state-of-the-art VOS approaches.

Key words: video object segmentation ( VOS) ; graph convolutional network; spatial-temporal features; attention mecha-

nism; deep neural network
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Fig. 1

Overview of our proposed method, spatial-temporal video object segmentation with part-based graph
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Sy EIHESR | SCHE AR 8 3 7 s jir KA it 3R - 1]
1GHFAE , 25 2T 28 HERIMIUARY | 5] A3 AL -1
FEANAL , B2 A N 23 B A H bR e, Ak
U, HEAL T8 SR AT AR | B2 F 0 11 2 PR I 48 A
FfFRE A AT 28 28 g A A AL | 43 T4~
G35, — 53 3 A Ty S ORI R AR 91 1 3 A
REAIE 3 55— 0 S A J2 24 i ot PEA5ORT i — ot 1)
Sy EIHERE , DIARBCY Bt AE , H g — i B AR

Y1) i I e S L RS S AN A B

S 2 A A T (R S B ASE e Y A 3 S 1 TS R
k), I B B U 45, 24 2] B 23 R AR A5 2., 3 5
H bR SMRALE SR SR 5 5 | AGE I8 FE R
EFER 2 HARBRL B AR AR AR
F5E 4B RN 4 | 254 AR B SR AE , AE2S
H B E A B AR
1.2 ZRAEDIELR

ARSIV i AL HE D7 s RS R 24 i PR i
P S2 . REBENA N W B B A5 517 k1
UM B RIS B 1 B IR RER 1 i =%
AL 4r B B AR, BIBERLY p(y, | x,,90,%,) ,1H
X B (B 2L A T EL AT ) BR A P 1 A1 R
BB TS KA, 5 2 KIrids ] 2w
FRAE A H AR B B p(y, | x,,-,%,,¥,,%,) B{
PI X Y% D% Yo%) o

ARSCHE Y H AR RS T 5 2 K5k, T
AR 5| A— R A R i, He S8 o0 A o iy

pdwx>=nmilxwﬁw (1)

K K RIPF RS 25 MHTir K -1 4~
FIM X = (x,_p,,x,) LR K =1 DSEETG T
SYEEIE Yo = (Do) AT RLBRER AN 53
A H bR, ZEUIZRrb B —AN mE % A - ) i
G p(p, 1 X V) HERRE ST gt M B
¥ =X V50

WP 1 FR 4558 2T x, |, 7E R DB T 235
S AR G —HERERT [x,,y,_, ] e RV G0 /]
2R ¢ WM AT — TR E B 0 3 A ) B
P20 2B A N ¢ -1 B ¢ - K R SRS
HEREL B [x oy ] [y I o A
#5481 ] ResNet50 ( He 25,2016 ) b LA 2% | % 25 4L
T ImageNet( Deng 55,2009 ) T Il Zx 455 71 By 45 | AL
FAE [R]— S B A A R 2% 2 [ JE 52 7675 5] ResS
W B R 45 SR 5, Al FH 4 JR) B BB B ( Peng 45 ,2017)
B ERRFIE {2, .2, 0,0z | IRFE T M40 5
FAE AR R ENLRE Sy, HonT 2 s A PR R %
Peng % A\ (2017) 36 M & = 7 R R BRER
F,z, € RO B oxow JRFFIER ST RN, €, WHRAE
FIEEIERC (AL C, ¥k 512) , HA R AF 4E B2 AR ]
e W X B RAE i AR 1R A R 26, A 3L A
PR 7R 1 A B R T
e B EEB(1/2, 64) 12 T Hx W R
SFHY 172,64 iEEE
1.3 BZEHEHESRMEEDR

TR RAN R KBRS 3 O BT
AT LAE R K AN e T AR, R SRR A
TZ2 HAME R, It B fE B 7 B B bR, 1
OB F R A A RCRFIE N PR BRI, BT T
2SR BTN 4, 2 > BRI 25 BRI

PR A I 23 H RS ASRDGE RAR H A 4 E % G
BHE, REEINAE VOS J5 8 A ) i E AR
H RSN 2008 7 50 A 8, Al A5 53 0 R ) R
HINIRAR AR, 5 B BURR RO EIR ML, S R T —
ANFETF IR 1050 25 F A0 B R A AR | ol H &
LR 2E ) BHARSMBR | BLASk UL, R T i ik
I RRCE KR Cui 58 A (2019) B 77 WA FRAE &
12,2, s 2y | BIES1 x 1 x C, BHE MR R 1E
TGRS

H T FoRiaE HARERL, 5B N = h xw 1
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wE, 1, BE, &EH, BHRER
BE=EERNES TSR RS E

PECWE) MK e =K, -, = 1) i BT —4
Tl 23 Gy, = (V,E) i K EA N A
[EFHE (1 5 IE AR (Yan 45 ,2018) . V FIE G
mE R MR, i ARV = {y, |
E=t-1,-,0-K;n=1,—- N f&FAK PRy
S F (v,) AFEER R, 4R E AW,
B RRESRAES = {o,l 1 <ij<N,i#j|,
PR WIERARE P TN 5 S Z R SE R ST
EIG b B AR A & A AR AL, 25 ) B FP AR H.OC
ROARSCRAGE R EEEDR R W R, B2 K
KBS E,  F R W R]Y A2 R A OGRS
o B A R AL R R () B, W E, =
(00 ;s FTRRR—ANREE P IR T Y B 0
BT R TG s P T PR A R R 26 %o H rh
A E R HATAAH, BIR 5 Kipf A1 Welling
(2016) KA EBLI, B, ETH G, XA
B SBUTHE I A AR 5 LY, o 08 R I ANRR A
FERE H Fm BRI 45 B A T R B R 2%
g O T HYY BRSO
H'"" =8 D"AD""H"@")
1 =0,1,-,1-1 (2)
A=A+I, D, = YA, (3)

Y A e v W L X0
FERE & MAEL MBS PREL ReLU

B P Z AL f N (-,
z. ) Hrhz e R™™C 1 iR, €, = 256 .
e, i fe K AL ( MaxPooling () ) & B 45 #4F
FHIE 2o, = MaxPooling( [2,_K o ,Et_l DS

Aoy 2 R A4 1 P o5 B X 48 B e 1 ey A P 5
g7, AR T B S SRR AR Y g, T ) — R
A3 R 2RI YR R AE A Y Sl a4, BT DUE Y
HOMWTPN A RRIE R A (19 ) WA R FR . B, i d—
AT EEBEYEE G, , G, 5 G, Ml ARIZ AL R
FET Wi, B G, T EMEITCA 1,10 Gy, B9 EIZ I
K, KRG RS LR 2 B G R 45 A1 [R5 b
PRACIR ARAS2S AL z, € R | Tk,
5 B 25 TR AR RRAE AN 2 (R0 AR R AE A 7 38 G X 5, DF
e —ABEARERE IR, B F 2 )R 6 FUBEHOK X
AFRER AR A TRRE DRI, X — A e gy
BARVZ A RHIE R BB AR R 256, F AR E R Z

i 2 B AR A AR 7R 23 () S R A TR ) i

FRAE B A A ) R P, R H L #] (Hu 45,
2018b) A T HIHFRAE 43 Be AS [R] A9 AN R, B ARRAIF 3 16
VPR, A L il AR L A R RRAE Z Ry
AR NS

Z=ZQOW, W=o0(0,40f(2))) (4)
K, @0, forp /T HFRNBIEIETRIE  sigmoid I
T R ReLU 3000 eREAN 4 R -2t Ak, 0, F10, H
GRUZRGE, A THACERER, 5] A SR 2248 (Wug
45,2018 ; Peng 55,2017 ) ST G019
1.4 fREDIE

fEA AR B 23 USRI R A O 5 G b
B T (8 S it b A B AR HEA TR (B 1 PR
TR R L) , A ERbTh B RS AR R
IR AR AL b ResNet50 SRR R R SF, T L4y 5 A4
B Bt , AN B BE R AS R RO BE g, AT 3 308
) — SO SR, FEBARB Bt , I 28 Xof 500G 41 1) =5
[ BT 4 (R A 25 0] R ScHe 5, HAR 3
AR/ IN A L — 3R 25 T i B B
AbFRAR A K, HA AR s i X —FrE , (E 0 A 25 R
15 LU AHRE | SR mT AGS & SLAR 3 (3 P o R 4
B SRM (I 1 Ay B&B) A BEHLRIBEER CAB
(FE1 HA EAR(Yu 55,2018) ) 5 IF 2 RUE R 3C
AR B B 1 ARAE

ARSI E RSB E B 3 4 SRM 1 A5 B2
FI1 A softmax 2L, HAr, SRM AP AHIA, —
AR B BERAE AT T PIRS LR 50—
NG A AR ] B B4R AR, 55— 3 x 3 B0
2 VR K B R g — R 256, v iE] il P %
ZRIHRALERE I, IFl i CAB A IR AR AE
1M CAB 5 |5 FRAF 8 38 S £ A BV E AL, AS[R) 22 Ak
FETFPIARHIE B P 2 5 BT e, BTk,
5 Wug 25 A\ (2018) #2250, softmax JZ 2 J5 i
it 0 RS S A U 0. 25 4%, B —A~ B AR#D
Az B — P TE A
1.5 #8)| % 53

AR S T (1) i B B B2 ResNet50, 12 1% 78
ImageNet T #E4T T EMEAR AR5 I 25, FERTZS
BRI I R 8 A E Z 5 B RRAE e 4 o B
H 256 i A B R AL Y Zrad R A
FEWIA I B (Wug 45 ,2018) B S fdi FH A i 2 %
Az L5 ELERMGO HEAT I 28 TR 25, LS8 R A
H PRI D it i) K MR (K = 1) B E
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SPGB A7 FL UG AN E AR REAE by S s e iy 55
SHIA o Z5 TERUE E AR S B A L ARt T
YA A B B DAVIS-2016 1 DAVIS-2017 f#))l]
BB PR K 720 x 480 1R, M T Wi
AT R e I B 22 A B o B DR AL 4K, K5 B 1]
T H R/ K B Ry 3, RIS ISk B LA %) Fifi AL I ]
G K + 1 AL bR, 55— B WE R
Sy RN SR, A, R/ IME S UG SR
Adam 1AL %% ( Kingma 1 Ba,2014) , Ll 1E -5 [)2#
2N Y25 5 K AE B4 NVIDIA GeForce
1080 Ti GPU |- #17,

R AR o rh, R R O Uah A 1 iy
LSRR, AR U AS TR WU R, R AL
51 WiEE K RIS H W SRR, e KX
BN 3, TEAE bR F AR A R 3 R
SRR S MR, v LA SGe e B E R,
Ab X5 TR T B T, W B — S REAS P IS 0 i R
Ao TXFE ] D Gt B R HRREAE 3R PN A R [R]
PR HER TN A%,

2 XWHERSHMH

R T VAR AR SCOT VR A RO B e ik AL
PEIEFT AT, B A AN | R HaR e~ B
PR PE B9 B HE 4 DAVIS-2016 ( Perazzi 25,2016 #il
DAVIS-2017 ( Pont-Tuset 2% ,2017) b 47525050 10F
I 5 S A B bR o F 7 AT R

F1 AXFEARAHHEELER
Table 1 The quantitative results of different

components of the proposed method

L e P (GL
S 82.3 81.9 82.7 0.23
K=1 82.0 81.6 82.3 0.28
K=3 85.3 84.6 85.9 0.39
K =3(woPG) 826 82.2 82.9 0.32
K=5 85.6 84.9 86.2 0. 86
+CRF 83.8 84.7 82.9 3.13

TE L PR IR & F B AR AR 5 + CRE 27 (% 46 4 1F
Fﬁ*ﬂ%@

2.1 iE{E¥IEER
XFARRATE H B 431 A0 50CR R FH DX S80RR BLBE N 56

FARLEFEARIEF T Y0 UE ( Perazzi 55 ,2016)

DX IR AL B FH 0 8 158 0 2 1 R AR R B5ORn
5oy EIEL LR . [ Jaccard AHBLBE HEAT
Ak, HAE A 0 B AR BIHERR R, 5 BN R,
Z [H] ) I3 HE (intersection over union, IoU) , B
_R,NR, 5)

R, UR,

AU LL F KRR, F R R RS B A
MIFEHaE, i o FIHERE R, Ros — 4 G 55
c(Ry) JURET TN H AR B c(Ry) FIH
ARSI ¢ (R) W LATHIRRE BOORS B2 F4E J35 43 ]
R HEMARAHEE AR Y F R, AR

P 2P.R, (6)
P. + R,
K, P, FORRITKGEE , R, FR5IHA B3

TEPIA B 5 Y S 78 DX RS Fl 4
AR BT 6 DGt : Jaccard AH{RLEE -
{8 (Jaccard similarity—mean, J-M) , Jaccard FH1LLJE
B R (Jaccard similarity—recall , J-R) , Jaccard FH{L)
P 2% (Jaccard similarity—decay , J-D) ; F JEaF
{H ( F-measure—mean, F-M ) , F & & 4 8] 2 ( F-
measure—recall , F-R) Fll F [ 53 °% ( F-measure—
decay, F-D) . ~F-II{E &M F 51 i A Wt i) ~F- 1
8,0 TG kA7 e i L, SE g hit 3 T < J-M
FIF-M” (-2 J-M&F-M” 5 43 18] 3355 i i Lo
1], A3 A58 T 0. 5 5 2803 B Sk BT A A A v
93N AR B AR TR R — U B S A
AN R B 8] A0 22 5
2.2 HEHSHEER

R T R A SCO A I 25 A A R v A
AE , i SERR KA SO AT AT ST, 23 B A SO
¥ TP I 4 AR b BRZE 1, 523 /E DAVIS-2016
Bt Bk AT, SR EE R INER 1 s, WLLE
1) 75 P45 H AT T 85 90 4% rp 2 AR B 1) 135840
NGNS WIS 1 WD) BT K = 1R K =
3MI(CASC ) FaT K = 5 ik, 458 %
B H T T i s R R S i S A e
RGMP J5 LR LE , #8 H AR 3 #IPERE AT B 42 71, H.
BEAE T K W38, PR RE L 2 52 T, (B A0 B a] 25
AR AR K = 3 /BS80S Hopb )y ik
HEATHES . R 1 0 B A2 PRS2 0 A 5 vk A 1
L3 BT R TR A (K = 3) FIAS R &R

J
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wE, 1, BE, &EH, BHRER
BE=EERNES TSR RS E

HEEAL(K = 3 w/o PG(part-based graph) ) S5
w/o PG HIRERI 5 A SO AL, R MNBR T & 1
PR A PR IR i P 1 22 A0 A 3L T U
ZIE M =1 0 =2 Fl ¢ — K (ERE B DL 38 7 ) i
P90 ARG TE A A1 (1732, 256) BUHSAE I 1 78
B A TR i 2 B B e 4 s 4 BB S
(% R (1732, 256 ) IYARAE B 5 3 AR 3l T LUK >
B 2SRRI A T F2 , 2 R RO AR S5 IR FOR
TR (K = 3 w/o PG) BY T BEFEALFE
W s LRI B2 M & F-M B
2.7% ,J-M F1F-M ¥33Z 8058w, t—2E 50l LE
TR B Z2 WURRAE L5 AN RR AT ORI 25 (5 8.
WAL FH S WiERES K = 3 w/o PG RYTEREM
BL, (LR 118 A 3L B R TS A P S 78 ] A i
BERYANILERAE . 2) 785 b BRAL 7 18T, ol FH 28 4 4%
F#13% ( conditional random field, CRF){E R )5 Ab B
IRy BN EE R (] K = 3) B, J-MAR T 0.1% ,
F-M % 3% , T g J& th F CRF XPRS 4 240 7 3 F ¢
& PRI ASSOINMEE ] CRF #4752 2
2.3 DAVIS-2016 HiBESER S

DAVIS-2016 &A1 . H A5 23 5 v )iz fd Y

BRGS0 E 50 A, Horb 30 AN TR,
20 T, 3t 3 455 AP, A Wi A —
AR HFR IR, TR A B ) 3R 52 A
Bl S P RS I O A (292 ~ 4 s) L2
FLAE T AU 51 el 2 5 BT AT 32 R 41 G
Fee HARs gl GG LR S A2 Bl 2
HMEEIRIRR, AR SOOTEETERUI 480 p 73 HFR T AT
2553, 5 SegFlow ( Cheng 55,2017 )  MaskTrack
(Perazzi 4%, 2017 ) . OSVOS ( Caelles 5§, 2017 ) .
OSVOS-S ( Maninis %§,2019) . OnAVOS ( Newswanger
F1 Xu,2017) . PLM ( pixel-level matching) ( Yoon %,
2017) . VPN ( video propagation networks) ( Jampani
4%,2017 ) . OSMN ( object segmentation via network
modulation ) ( Yang 75,2018 ) . RGMP ( Wug %5 ,2018)
Fl1 FEELVOS ( fast end-to-end embedding learning for
video object segmentation ) ( Voigtlaender 55,2019 ) 4§
12 R B DT R EAT L, Hor | SegFlow |
MaskTrack ,0SVOS ,0SVOS-S Fl OnAVOS {5 HI7E £k
ORI, T R A% B R e AR RE , BT
FHE v ) 3l B398 SC v A B B, SR IR 2
Frs o

R2 AFEFHELE DAVIS 2016 BiF&E PP EEHIIRILER

Table 2 Comparison of quantitative indexes in DAVIS 2016 validation set among different methods

) e DXCIAR LA EE e BT R L i/
Tk LM J-M & F-M/%
JM/%  J-R/%  J-D/%  F-M/%  F-R/%  F-D/%  (s/BD
SegFlow V 76. 1 76. 1 90. 6 12.1 76 85.5 10.4 7.9
MaskTrack vV 77.6 79.7 93.1 8.9 75. 4 87. 1 9.0 12.0
0SVOS vV 80. 2 79.8 93.6 14.9 80. 6 9.6 15.0 9.0
0SV0S-S V $6. 6 85.6 9.8 5.5 87.5 95.9 8.2 4.5
OnAVOS V 85.5 86. 1 9. 1 5.2 84.9 89.7 5.8 13.0
STCNN V 83.8 83.8 9. 1 4.9 83.8 91.5 6.4 3.9
PLM x 66. 4 70.2 86.3 1.2 62.5 73.2 14.7 0.28
VPN x 67.9 70.2 82.3 12.4 65.5 69.0 14.4 0.63
OSMN X 73.5 74 87.6 9.0 72.9 84.0 10.6 0.13
RGMP X 81.8 81.5 91.7 10.9 82.0 90.8 10. 1 0. 14
FEELVOS X 81.7 81. 1 90.5 13.7 82.2 86. 6 14.1 0.55
DTN x 83.6 83.7 - - 83.5 - - 0.07
OnAVOS X - 72.7 - - - - - -
AL x 85.3 84.6 9. 1 9.7 85.9 9.5 9.5 0. 39

TE IR R B N, - 7 3R RO SCBAT b 4h
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M2 0T LUE AN AR i 0 ik
ARSI BT T SRR R A
Ll , AR SO 15 TG 3 o 7 4R R s A B AR A A
IERG T . ASCTIER) J-M & F-M 154534 85. 3%
T T IAE 2R A 1Y SegFlow . MaskTrack 1 OSVOS
Jii: . OnAVOS J5 i Af FEE T 45 1) 505 A 2s (6]
i B e 55 O DI e A A O O 4%, 75 T K s [
TR GRIR A SO BRCR 5, 22U A ik
W B A T B, VOS J7 B LAV ff M
BE A EE S DI 5 — o ik e A, AR
D7 R ORI AT B = B A P | R A 2% & T T
B AR AR LA i 7 ROMP 1 J-M &
F-M 13430 81. 8% , U AR ST 4K 3. 5% , 7E X 3k
AERLRE RIS 30 v i B2 7 T, S5 RIOR SR U A 0T B T 1
FHLE AR SCTIERY J-M 3275 3. 1% ,J-D 415 3. 7%
ANl FHAELR IR ) OnAVOS 1 J-M BAT 72.7% | Tl
AT J-M N 84.6% . N T /s ik 48 3544 1]
B RE , 55 STCNN ( spatio-temporal convolutional
neural network ) ( Xu %,2019) Fl DTN ( dynamic targe-
ting network ) ( Zhang 45,2019 ) i Fif} 25 CNN 45 5
PEAT A, Horp STONN 7 ik b 4T T 7R R0, 45 51
mk 2 s, nTUE W, ARSOTESE J-M M F-M J7
#AR & T STCNN Fl DTN J7 ¥, B 8% i 1Y i) o8
Rk

FEM S (8] 77 18, T AEASRF & B & FT
AR Nz GPU 2B 24 R TR] AR XEA T b
He s 4TI R R % | OSVOS ,OnAVOS . RGMP , OSMN
F1 FEELVOS J5 2 4ft i SCofAC s s Ar 45 51, H
7B AT A Sk [ RGMP ( Wug %,2018) . M
F2 ATLIE AR SOy A B A i, B — ik 2R
WFE K 0.39 s, H J-M & F-M e Hfh 5 5 &
AT 1.7% .

2.4 DAVIS-2017 HiRESER A

DAVIS 2017 & DAVIS 2016 AY4" &, #0455 ¥ 571
rhAEMUH A 24 HAR, A 60 U ZRAUFT 30 4l
A, ISR, I ZRaeA H s, Az i ik
HIFERRE, AEDR B I 45 50 SR A B AR
BRI Rt A H AR RS softmax #
YEEATIG AL B, LAAE 22 R4 B AR

SRtk — A I AR SO A 22 H bR B4 11
B, 5 0SVOS, OnAVOS ., OSVOS-S, OSMN , STCNN |
DTN, VideoMatch ( Hu %5 ,2018a) . RANet ( ranking at-

tention network ) (Wang %5 ,2019) MaskRNN ( Hu %,
2018¢) F1 RGMP %5 10 Fl 329 7 e b 47 HU &, &5 50
T DX A AL R B VR B ) T (AN 3R 3 BT
IR o ARSCOF BRI K] (long-term ) I} 25 H54% | R
FELR IO, AR T RAFMERR A R0 T KR 25 £
SO H bR oy EI R 2, o LA ), 0SVOS,
OnAVOS Fl1 OSVOS-S 7Eff HAE LA F LT, £
WHEARMIR TA S, AN J-M & F-M
550K 5] T 68.6% , Fb RGMP Fl X} Ho 34 2 vh v fig
H e ) DTN 7o ildem 17 1.9% f11.2% o J-M
fEHR 65. 6, 5 AT FEL MM B OSVOS Fl OnA-
VOS A ST 26%

R3 AFREFHELE DAVIS 2017 BiFE PP EEIIRILR
Table 3 Comparison of quantitative indexes in DAVIS
2017 validation set among different methods

/%
JM & F-M J-M F-M

Tk TEL A

0SVOS VvV 60. 3 56.6  63.9
OnAVOS vV 65.3 61.6  69.1
0SVOS-S vV 67.8 64.5 711
STCNN vV 61.7 58.7  64.6
OnAVOS x - 39.5 -
OSMN x 54.8 52.5  57.1
VideoMatch x 62. 4 56.5  68.2
RANet x 65.7 63.2  68.2
MaskRNN x - 60. 5 -
DTN x 67.4 64.2  70.6
RGMP x 66.7 64.8  68.6
AL x 68. 6 65.6 71.5
TE IR IR SRR B HN AR, - 7 FR IR SO A #4iE
g5

2.5 EMDRNER

ARSI EEAE DAVIS 2016 1 DAVIS 2017 g4
e MR A SR A 2 IR 3 PR, 7ERT 2 R
T DAVIS-2016 5 ilF £ A7 breakdance . drift-chicane .
bmx-trees 1 motocross-jump %ﬁf 4 /I\FC%%@ ?ﬂi’@ﬁﬁ?
G, Horp ORBERRR R R HER, 4R
W], RGMP 2> 2R ER 7> HAR , AR SCT5 1% RE % 1
P4, | Pistz s A S 28 5 Z R RS 00
I HAR, P05 THEAPERE. B3 ok T DAVIS-2017
I UESE T india(3 > HFR) horsejump-high(2 4~ H
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wE, 11, BE, REE, AR
BE=EERNES TSR RS E

breakdance

. s
M E % L7
R

drlﬁ chlcane

drift- chlcane

bmx-trees

bmx-trees

motocross-jump
(a) RGMP

Bl 2 ASC)7:5 RGMP 78 DAVIS-2016 KrilF4E b1 & P4 #)

motocross-jump

(b) AL
SR

Fig.2 Comparison of the qualitative segmentation results in DAVIS-2016 validation set between RGMP and ours
((a)RGMP; (b)ours)

india

horsejump-high

bike-packing
(a) ELSZ H bRt

dhe A

e e

india

S

N

hOTSC_] ump hlgh

- bri>ke-pracing
(b) A3

3 ATy e DAVIS2017 BilE 4 b h sk 145
Fig.3 The qualitative segmentation results in DAVIS-2017 validation set of our method( (a) ground truth; (b) ours)

F5) #1 bike-packing (3 4~ HAR) 55 3 ME R M T
G, g 24~ H bs R [R]85 o, AT LA
Bl A SCONETEVFZ PR 5 (1N S WL EE 2)
o EAT R SRR

3 & it

A SCHFSE T MU FR 3 B b E ea 2s 3 AR R
[P/, 2t Bof 2 S 4 Pl 5 BRI % 1 AR ) 1)
RGN H AR E RS I B0, N 75 78 2 S0 A A
B, FEE T g —h s A RS VOS HESE 7
K+ 1 WiEMG SRR 2 I, R T g e 51 3
seARAIRIEL T T B A AR SRR R 2% R D s
Wit f A B 25 S AR AT, 15 Bl AL A o
UFRURFIE SRR o TE ARG ABEARY b (i P ToRs A A He Ak
BUATR RUEE HAR 351

TEW AN AT 19 B4 4 DAVIS 2016 F1 DAVIS

2017 b 7acss, 5 HAL VOS il bb , A SO
FITEREA B BT, S HTEL RO Al E A%

SOOI IO — A LA B b BRI ] SRATHE 4
AR , 203 H o, 7RI 2R Al B BEAR AN 7 200

UL, ELAE FUARA B F s P RN 2R 15 10 2% IR AL ik 3 R4
ROR, Sl intzs CNN BORIBE X L, kAT 148
UFPERE. AR WASO AT A JR A BEAIAK
FRPHERR I A2 AT, Bk 1A SO AR
ARSI EAEAI H bs o3 17 AT ORI, R
25 AR R 46 A7 300 it s eI, (HAEZ H
PREB AL BT A AEA AL, N — 2 TARR IR R Z
FIARI 2 R Y, SE M2 0 2 HARZ (R I OC R L 4
ThZ BRI H AR BIPERE
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