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Video Segmentation with Absorbing Markov Chains and Skeleton Mapping

LIANG Yun', ZHANG Yu-Qing’, ZHENG Jin-Tu', ZHANG Yong’

'(College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China)
*(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: As challenges such as serious occlusions and deformations coexist, video segmentation with accurate robustness has become one
of the hot topics in computer vision. This study proposes a video segmentation method with absorbing Markov chains and skeleton
mapping, which progressively produces accurate object contours through the process of pre-segmentation—optimization—improvement. In
the phase of pre-segmentation, based on the twin network and the region proposal network, the study obtains regions of interest for
objects, constructs the absorbing Markov chains of superpixels in these regions, and calculates the labels of foreground/background of the
superpixels. The absorbing Markov chains can perceive and propagate the object features flexibly and effectively and preliminarily pre-
segment the target object from the complex scene. In the phase of optimization, the study designs the short-term and long-term spatial-
temporal cue models to obtain the short-term variation and the long-term feature of the object, so as to optimize superpixel labels and
reduce errors caused by similar objects and noise. In the phase of improvement, to reduce the artifacts and discontinuities of optimization

results, this study proposes an automatic generation algorithm for foreground/background skeleton based on superpixel labels and positions
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and constructs a skeleton mapping network based on encoding and decoding, so as to learn the pixel-level object contour and finally
obtain accurate video segmentation results. Many experiments on standard datasets show that the proposed method is superior to the
existing mainstream video segmentation methods and can produce segmentation results with higher region similarity and contour accuracy.

Key words: video segmentation; absorbing Markov chain; long-term/short-term spatial-temporal cue; skeleton mapping network
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2.4 ETHEMRGIMERAMITSDE

FTO 2.2 JIANES 2.3 1, WARRIRENWGEMR R AORRAE, A SRS AR R R, R BIGR. 152 Fhk
il T, W00 B RE AL 7 2 H AR FE . (EE R SR IS G 22 7 R TR, 3 S50 RS B P52 A1 [l g b AP A
IR AR R, X 5I AN REE R H AR, BEmu R #1322, I, ASSOFAS B LI 73 5145 R AE D
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ARG, MR L 73 345 R BB R R R LR, SO 38 B 3 L BETVE MV SRS W 4, DL S0 0 vERE 5 |
PR A 288 27 2] RS TR AR 2 B4R
2,41 HISCE AT SO 2R B Bh R

FEAZ AR B, P A5 RSORS00 H AR A B A 2. OX e zapimi 4100 513, nlRsR e 7 #1
SR H AR 58S, 5 SeioUiE 1 58 R A4k S 0 F AR 23 5. BURAT A5 3 1 2 BIROR B, (A 2 A H 2 2 3L
N A 1] AR K R R, AR SCHRE TR FbR A A 8 A CT S SN S5 28, i SR s H U I g
FUARE, B AL T AL R R 6, ST 4 R LA

ASCHE T S AR R T TR AR R R AR SR H i S 1 2, LA P AT SOl R 23— B I AR BB IR R, iR A
ENZIMM AL ESCR, M B R Ze AP, BOGE R AR AT SOl R R, B GRFE UL 0
B, Ba RGEE R 2 (W 5(b)). AT 2408 T HARIER SO L ESFEER AP AR

(b) AT St A
K5 I s AR T 4R

5(a) RIS F O s, Bt B E PO SO S, b i il S B IH 7 MG E 4
ANPRE NS (AL 13 MRBON T 5 (RIS, ARYE T S8 S M A, i g R T e b
Ui IR AT H RS 3R, B B (0 L LR s . AR 2R A B A AN BRI RS 2240 B 5(b). % B 4N &
BRI R 455 5 1R 43 i 25 R LR 5(c).

BT 2.2 719 I Sy R ] RIBBCEE RIS 2.3 T I IS e R b4k 2 %15, A SCRERS R BURAJE T H AR IR 50 R
2, WSS 6 58 2 AT AL (O bR I I BR 3R IX SR B AT A A H b ) SRRV SUE RORURIB AR Y, T 6
5 AT RS AL T3 3 5 R B 3 A B AR B L S X ST AR R R BEER T AIDUR . REATERS . AN
5 1.

T 5CE AHREUY H TR T3 P 39U AR RN 52 275 5 040 AR SCHESE 2.3.2 v &R T I R 2
FRIET A, REHR S H AR FOUAS AR 5 AH AR 10 2 300 DX el OR A5 T SR A AN, A X b i i (i 4 38, Hobnas:
WSO B ARSI T S R A8 AR (5 31, 4% TSR DU 557 1 JRAH [ PR SR, R T8 o o T AR 28 AR il
JE AR RIS SoE S8, B e AR TN S R RARARRE T R A N B, WM TS 5B 48, X 5
SR SRS SR 28, A SCR AT U AR IR B BB 1, 1 5 2R R VBN 50.

242 FETR UM 2% AL 73

R H bR T B E RIS SE AT, AR T SR A R AT, TS AR SR AR A M,
RN LR 2T, i 2wt 2r a5 R, 555 2.2 T3 T Dy /R ) RIBBCHEI T2 31, DL 2.3 53T IS 2 R 1
G RIRACAH EL, A5 1 SRS 100 268 70 19 & it L, SCBIL T 40 FOORE HE B2 (¥ FF 4R T

A SC ) F B e S 19X 4% S P L 28 11 4t A - fi# i 2% (encoder-decoder) 2244, & 7. 25 5E T ResNet50 ¥ it-4ifid
i, ResNet50 J2 e HUEIGR I S RFAE 1) 35 I 4544, Herb R U 3 A 200 S I 46 B AL R S5 35 . O Ak 3 R 4
WSR2 1) 22 S TE SN, A SCAE S i 2 1R 58 1 AN BUZHTIN — Nl B yg B3, T ROL X 5%, A1 W 2% G 71 51 H
FRRFAIE B S5 (1) O R R . 4y K 2 A 28 43 B R RP A S8 AT 280K A R N RS 28, A SCEBR T ResNet50 555 (142 RTBAG )=
FAHESE R, FR2E T DR R G Sn g 2 N SR I b )RR AR A N AT 35, A A 25 B 78 43 R AN TR VR B 70 RUBE [
iE. A SCELTRFALE 42 - 85 W 4% (feature pyramid networks, FPN) ¥ s &%, SR L 4 7RSI 28 o] N2 RJE, £ 9%
RS RPAE PP S0 23 H 45 SR, RN ST 23 B0RS B2 11 B KA.

(c) FET AT FLAL T3 45 R
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Se2iK

)

EEEE=

Encoder Decoder —

A I. Lo, [
, - i Caiia, i
. ; ]
. “
- we [ RESNEtS0 - ----- 4PN FPN PNws

K7 B R M 2% S5 ]
7 JEAR T ASCH B A 2%, P2 B N R TIOR3 N AT A 4 R
WK, TER s difm Ak, Jorb, Ao BB R 10 RGB {5 207 3 ANERE; B StE JATS SEE 308 o K BEH, 350l 1 A4
JEE, IR BEAESY 2 0 A1 50. W4 2% (¥ i 2 5 AR 20 1 PG N S I AR LI, AL M 78 0-1 2 1], AR BEME RS
TSN, AT 0.5 MR IR AT R, K2 A 5 VIZRM LS ALY, A TmageNet  FiI 25 AL Sk
FrHItRAE. 285 F DAVISE™, Youtube-2018" 4dls 8L I 2R 4. Ay fei 4k I 2R i, i iz P44 i il o 480 5035, 4
SEMH L. A2 SR R B SR, I 2 S0 R [l 58 4 1E-5.

3 X Iy

3.1 BEAESWAEE

o SR IAEE. ARSI TR JE AN BLRIZ AT IR ) Windows 10 64 4 PC #l, 16 GB A 17, Intel(R)
Core(TM) i5-10300H CPU @ 2.50 GHz, 343/ & 5 NVIDIA GeForce GTX 1650, 351 & F 4 4 Matlab 2015a. i
FEFHBY BRI 2315 09 Ubuntu 18.04, CUDA 10.0, #1157 & <24 NVIDIA Tesla P100 16 GB, 515JF & -5 24 Python
3.6.2, PyTorch 1.6.0.

o LI EHRAE. AR Youtube-2018 $#i 45 P8, Davis 2016 $iii 4 P Segtrack-v2 Fai 4 HOHEAT IR,
Youtube-2018 #i £ /& H AT Hidii &2 /% 2 A FIE 4R, ToAT 1 H Youtube-2018 BFARHEAT MR, %5 iF AR JL
A8 474 AMBUFY, B 91 FANFIZEMII%T 4. Davis 2016 L35 50 ANASF 928 B AR 51, $Lit 3455 4
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FRyEMW], ILMIE ) 24 fps, - #F 3 A 480p F1 1080p PRI ATk, ALk A 480p. Segtrack-v2 LG 14 MM
24 A~ HAx, JEit 976 Wi, 415 — WU L2 A H AR E A AL B, FiR 3 AN B S A s 2 . GRS b i DR |
PR B 25 2 i 7E LR 3 ANEIRAE R, AR SO 1A 0 2 BT 43 B VAT T s SR M T, BOE T
ARSCTT A R TR, TR T RS, SO A ST VA I B i R T S
3.2 EMSHIEE

ARG A ST IR A B 2 T 3 LS #5: (AMCT!, FCVOSs™!, FTMU™) 7 Davis 2016 #3453
AT, 18 8 JR7R T Davis 2016 FiE AN 5 A PR IIASIT 51 (breakdance. bus. bmx-trees. dance-jump-
horsejump-low) [ PEELERSE SR, FHE 8 W], A SCHIERIEAEAG T 85 (10 40 E1 808,

FTMU FCVOS AMCT Ours FTMU FCVOS AMCT

Ours

5l 8 Davis 2016 Z S8 M LR &5 A

8 ISR 1 HIFNEE 2 51 Jy“breakdance” B AL 55 17 WiFIZE 75 Miifky 4 45 S x) LE, “breakdance” 1
FWAEEZAS BHERAPUARRIN, B E PR32 205 B AW AR B AMCT J7 A JE T8 3 B R AE R
EAE RS, 70 NSRS TR R BN 43 ) . FCVOS J7 ke T8 /N B B SRR 2610 4025, R % 18 B bR ik
52, FEHIG RS, R R, FTMU J7vE3E 34024 3T 5 B[] B ARDCHES, 35 F0 45 J5 A SCHIMBL, A5 ik
FER . B 8 HISE 3 BIFIEE 4 51 “bus” Sl 2585 62 MRl 72 Mt 43 H0 45 Jout b, %Sl 4 b Bl A A28 45 1 2 Bk,
B P2 AN W SRS A AE E IS R BT, T 43 BBk . AMCT J7 9240 3L T~ b — it 45 SR 4 0 24 Wit 2 7 v I S 24
It Al R Bt , A& S8 EIK. FCVOS J7iEY FTMU J5 40 B T A4 KBS BR, FCVOS J7 Al

© hREE
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AT 53 825 AT, FTMU J5 3 (1T 7R A0 2% S g SR i i 2% 2 00 B b, g5 3872, 161 8 Bl a2 5 91
FIR P53 58 1 31 5 “bmx-trees” SR AL 5 8 WA 38 Wi 1) 2 # 4 SN LE. A 4L 15 SR 2Rk, B Em N
PR ECERY, A IR, AMCT J5iH1 FCVOS J5:45 Jil 5 TR By R T R BEFH I BE S 1, T BAT
AT AT RRE R 2, S BN R 23 3 55 25 A RT3 4. FTMU J7 V7R MU BT LI HERf 2% > T AR B AT
IR REARRRAE, J5 S B TG 2, S WOR A S 8 T 1 5. Xy, A SCIR 2 B AR e . B 8 R Ay
f1 2. 3 5IF1 4. 5 51435 4 “dance-jump” Fl“horsejump-low” [f) 43 F| 45 W e, 4 Fhog vk T HARR KR8
JER, ARLAS SC T4 Hh R 2T P 43l — SE AR A — 5 T 23 31770, A8 B AR G an s DI ) o3 50 vh, g 7 A HAR 3
b 3 B0 7 A0 LG BB 1K 3 AR

ARG 241 2 R4 EIT7E (FRTM™, STM™) £ Youtube-2018 B iF SEHEAT 5 ME LK. 9 9 J#/R T 4 Youtube-
2018 B UFEEH 4 AN FRER AT 2 e Pk LL e 25 3. FRTM iy B bR AN H ki a3 209958 0 418k, &7 E 56
1 i L5240 ) 46 A F R A AR, AR b — it P 23 S 225 SRR 2 iRk 4 3 B 45 3. STM 7 v Ik ad
T2 P28 T AU 8, 3049 T B 20 B %7 e T A2 M 48 SEBUO A4 < HTWi H FRRFAE, SR )5 2%
TR R A = I HLHIVCEE 4w i) B Ax. 89 FRR 2 1. 2 FUATESCLRIZY R S Bk T s k= 24~ H
PRSI0, BT (GRERERD HbR) 7058 1 MR SE 8 I, BRI AR08 M1 2, S5 FRTM 1 STM &
TR BER L 5840 1, FATI 7 VAR AN RIS TR0 Sy /R W] R IR A5 35 oy B 45 L, R R e gt o | B T
(R HEAf 0 0. AR TR AT S 7R BRI BE 1K 401 45 L mT LARE A N B2 T 10 B B, A5 R T | 3 B R Y 48 40 1 i T
MSEHAC . 8 9 BBt 28 3. 4 FIAAR AR R PN SRR AR N, 3t 4 AN BRI o #lg R A
FATTTIE RE AR RN HE R TG ™ T I A M X 2 AN B AR (B8 3 41), HEMEXUN IR A, FRTM 5154
AREARUF X 3PN (BB 4 F1). ABFRAT 10 77 2580 EaR PR RR T3 AN e A B RTHEL X 53 ST 562 AH R I P AT AR

STM FRTM Ours STM FRTM

Ours

9 Youtube-2018 Hiun4E 1) i Mk L 45 5
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9 A4 R AR T B oS NI () 3 BBCR, AXCE BATTI 7k B e D 1 43 0 R A T ARSI
g (SO, 19 TR 1 5). M2 T, FRTM J5 800 T NIAR I 2> B 68 A0 5559, 17 3RATT 0 7 vE A0
STM J5 k34 e 4y S A N FRE AL (SR HERD, B 9 RF885 3+ 4 4). FA I 5 ikxd -1/ N A (¥ 35 0 A
F AT 28 T FRA TR 1R P A W S R T A, BB AR AR 8 A AU A 3 /N PR (1) S35 R A
3.3 EESHITEME

AICHE 3 A LA B BG4 F HIZE Youtube-2018 $di4E, Davis 2016 H#i 8 F1 Segtrack-v2 HfE 5
TR AT 3 5 VAT A AT

1 RARSTEER 9 Rl E RIS I VEAE Y outube-2018 ilF4E (1) 5E B LU 45 5. Youtube-2018 BiiF4E (1
474 NRUIF IV ALK, HARFB VAR S5 2 A H b, ZIRAUEE R FTE B ArsE 25 97 PR [FIZE 5, Horp Ay 26 Fhk
SAARAE M ZrRAE b L. ZE N ZRAE bt B 1) 28 30 11 DX I3 ADL S RAE BR RS )5 F Jseen T Fseen 287, 1 Y214
HR I I Jinseen BT F nseen 2718, B VFI G A Jseens Fseen A Junseens Funseen TIPFIAMH.

21 Youtube-2018 Wil &M & & L

ﬁYﬁ OL QESZ%ZTE G JSeen FSeen JUnseen FUnseen FPS
AGAME x x 66.1 67.8 69.5 60.8 66.2 143
STM— x x 68.2 — — — _ 6.25
FRTM x x 713 72.2 76.1 64.5 727 14.6
SwiftNet (ResNet18) x x 732 733 76.3 68.1 75.0 70
SST x x 81.8 80.9 — 76.0 — 6
Ours x x 74.6 73.2 78.1 71.8 76.1 0.9
OnAVOS v x 55.2 60.1 62.7 46.1 514 0.08
0SVOS N x 58.8 59.8 60.5 542 60.7 0.22
S28 v x 64.4 71.0 70.0 55.5 61.2 0.11
STM x N 79.4 84.2 72.8 72.8 80.9 6.25
LCM x N 82.0 82.2 86.7 75.7 83.4 —

TR T 4055 AGAME™!, STM™, FRTM™!, SwiftNet . SST. OnAVOSP*, OSVOS™I,
S2SPRI LCM™. 3£ 1 3540 3 384y, i AR IRATA AR 5 Bl I, I VA A TR VISR AT
S A P AR S B I &5, AE K88 vk eh, JUAT SST ik i BIRCRA T A S0 ik, 1% 7 ¥R3E 11 4% Trans-
former FHVE )AL SEIIL 7 oty 24 g XD AT 3 581, AHURIAS ST AR LG, % 2% G5 W S N 2 2%, L5 2 s (1 VI 5k i)
I = (0 BAEE. STM— 5 STM (WX 5]: — 8% 5 STM M, STM — RAFFH & R, % 1 thasim 3 Mgk
T EAE LR VI ZRAB AN T A A AR I 20 9 285, IX 8 AN RE SR 13 . E b AW B0 5022 3 5, LA 431
MRET B, ANRESKILSE I 438, 36 1 R 23800 (1 2 By v 75 2408 F A e B AT N 25, IX R ik g +3+
CAZ 2 B o3 BT I8, IR B T 24 BT S A A2 EIRCR, (EETFC A2 M 4% (0 7 vk I 1) A2 2% BE AT e s, L LOM SR IR
T BN D IR, LAl N N 2R IR 4 1) 22 .

R T 5 YR EW 11 Fh 15, 7E Davis 2016 B4 & BOH 45 8. Hoh, FPS QKRR S35
PR L, M AR X ARDLE, BT S Ao 5 B, IR A o BRI B0R My ARRER BORG 1 )%, FI T VR
I3 5 FU R AER T M&M AR M, R My WM, M, 1 M, IOAERRE, 20 B8O ET. % 2 v, iR
BAELRIN G AWE: (1) TEAEL Y%, a3 0SVOSPL, MSK™!, onAVOSP®!. RANet™; (2) AT BRI 4,
1345 RGMPPY, RMNet!', FEELVOS™!, FAVOS™. SiamMask™. FRTM™!, AMCT!"*.

2 IRT 4 PhOTIETRBEAE LIS, AT IS 1 Wi 5l LAUISR M 28 B0, ml RIS A Uk (9 43 45 2R, (1
T EEAAN BRI I R K B R I TR T . A ST IR ARG 7 Rl 5 238 R 5 AR 2 VI 2k, I 27 2 B4 4 ) 3k R T
FAELUN LR TTvE. 26 2 vh 230715 1 I T B AU 28 X 45 BB A AR AT, 0ol R A R P A L AT 2 )
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T, W Z 0 B RS R E Fh 2RI 1E (1 F K . RMNet— Ml RMNet A H, ARAE T Youtube-2018 Hdf 42 3E47 11 25,
AELK P et 7 A TR R B, 359 75 8 T 6 R P P45 5 I R 0 286 . AS SO 925R AMICT 7 3t S R 1) S LH 5088
15 Z A FIAIALRE, JEI0 1 W R AT R B SRR 15 AR2E, T AMCT-+CNN J7 v U3 o 46 A 46 W 4631 SR 15 3
TIARALLRE . PR 2 AT, A SO VAR 4y BORE A BE e k8 T 3R P R G T WBOBC S JR AT RBE (¥ 73, JF B R LAt = 4t )y vk
AL, B AT At 32 9 5 1 X S DL S R R

%2 Davis 2016 F¥EE P E m LR

Wik OL M, Mg M, &My FPS
0SVOS N 79.8 80.6 80.2 0.25
MSK R 79.7 75.4 T 0.08
OnAvVOS R 86.1 84.9 85.5 0.07
RANet R 86.6 87.6 87.1 0.07
RGMP x 81.5 82.0 81.8 7.7
FEELVOS x 81.1 82.2 81.7 22
FAVOS x 82.4 79.5 80.8 0.56
FRTM x — — 80.3 35.2
SiamMask X 71.7 67.8 69.8 35
RMNet— x 80.6 82.3 81.5 11.9
RMNet x 88.9 88.7 88.8 11.9
AMCT x 60.9 - — 23
AMCT+CNN x 732 - — 0.27
KT x 81.7 80.9 81.1 1.2

23 IR T A SCELIERN 9 Bl A A4 ) 7V AE Segtrack-v2 B 2w M VAL 1945 3. FI1 Davis 2016 #
H brdidi S AH L, Segtrack-v2 F A 2 ANHEALL HbR, HATWEOR T 200 WK A0, 1255040 48 fig S IV 23 s 1Y
10RO &R k. 0 b5 A% OFLM. MSK™. MoNet®, RGMPP!, CVOS-Decoder™!. AGUnet™ .
FCVOS™, CINNP, g R L3 3. 3hrh, OFL 1 FCVOS Jy i HE 2 > vk, e A1 o3 Ak T e it MU 199 )
W H b 114 k2 DXk, LRI e = 3 b v G SO AR AIE 1) 3K, S S8 15 S sl ) ¢ 43 E ke B b, I3 i 23
R IR M SRR, LAY 7 PS8yl o Ay B 2 )R BEAT RS 3 . 7E H AR SR BRI ZOB AR N, b
FUBRRFAEAE LA 15 90 258 HE T L 2 BTk 2 BUHERS. 2 3 th i 2 A2 B gk 2 8 H bR K A e R R B 3
2, P ECHAEFE S A R I R 2 BT DR, AR SOOI A R X AR AL BE AR AT T 1 AR T B KT, B B RS
i IR A.

#* 3 Segtrack-v2 FHEAE T E i LR
Jrik OFL MSK MoNet RGMP CVOS-Decoder AGUnet FCVOS CINN Ours

My 67.5 70.3 72.4 76.8 69.5 74.0 75.5 77.1 76.3
M 74.5 — 76.5 74.0 - 78.9 - - 80.3

3.4 HEASIIE

K SCAE Davis 2016 $ei e chgb AT i o2, LAVFAY STV AR R, ASC L 5 5 AN TR B i AR AL S, 4 5]
Jy: FbRERER AR IUB R (T-ROT) 45 1 MYURT 24 iy it S W 0 2 /% W S (FN-AMC) & T4 01N 45 2k R AR
B k755 (SOL). JE T KN AR R AL MR 1% Z2h5 55 (LOL). T4 Z M) 190 2% 410 A6 43 1) (SNIR). Vi i S
BL AMCT 759 4 2EE, AMCT J7i:3 i EPPC St SR IR AT 15 25 (9 0 B 1, 4R 540 4R iURI T — it <z e
T JRAY SR, AR 224 TR 5 25 R R A IR i, ) R A 2 b, B T BRI 4 B 46 L. RSO T e R 2 R A S s
HEATH 6 4L S, Fopk W 4.
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K 4 1F Davis 2016 Z¥s 4 034 Ml L 56

25 T-ROI FN-AMC SOL LOL SNR M, I3 EH I (FPS)
E 229 x x x X X 60.9 4

S N x x x x 66.2 332
SEE2 N N x x x 72.4 1.92
3 v J V x x 72.8 1.85
L4 N N N x 73.6 1.69
SIS N \ v v v 81.7 12

WK 4 v, BARERESREUBSSB X Bk (T-ROT). 25 1 WURT 24 5 il 2 37 R D /% 1] o4 (FN-AMC). 3T
4R 2 AL 5B (SNR) 2 FIOLAL AR B8, DXIBAR LU 20 S8 T T 5.3%. 6.2%- 8.1%, X K4 WA
B FERIET. 1 W 2 L RAB AR FARSE (SOL) RN 25 2 RALAAB 15 Z hR2% (LOL) U8 43 A0 5
B B RART, 1233 BN BRI ) 43 RS FE R0 B, 70 BEAN B 4 o X AR B P 3442 0.6% FT 0.4%. A3
FVENAERI 23 E3%  1.2 FPS, T-ROl. FN-AMC. SOL. LOL. SNR [{*F¥FER 435 0: 0.06 s« 0.21s. 0.02 s,
0.05s. 0.24s.

4 B 4

AR B g 5 N AR B TT I, B th 1 IBC 5 MR S R AT KR SRS R AR 23 B vk, %07 1%
ST <P Fl— R U — R T =R BOf BE AL B, WA BURGHE H AR > 5145 . T HIB B ASCLOB B &R
A E b, A4 A A AR AR AR B 2K R R, W10 ﬁ@JET%%FI’JHUaﬁ AN SAREE, B Bt H bn a2
TEAS A IN AT REHER 52 17 AR, 5 LB Be: AR SOt TR I 25 e R IR S bn 2D, 78 2020
HARI AR A AR B — BUE AT, FSEFTEET?%}{%“ﬁ%MHU%TZISE’FFﬁE FEPETHE B ASSCHE TR 3= bn 2
R, T 2RIE H AR B T2 (0 B 5B 2RI TR ST 28, JF St W REF2 S A0 A vet 20 v SCRFAIE 3L
il £ - B ZRAREAIE () B RS R 2%, D4R T H AR 2 TR BE . ORS00 4 RAR M, 15 4 i S S 20 i2A
bh, FERIZUBAR . RS ML S5 5 2 AP T, A5 VA R AT B i A XA B SRR RS 1 S5 AR L AE v, 40
Ao 28 P 2 DA R B AR 28 1 20 2K, IF IR R SAE T SN B8 T A 0T B Y, A AR SRS VR Al 78 o0

L,

References:

[1] Tsai YH, Yang MH, Black MJ. Video segmentation via object flow. In: Proc. of the 2016 IEEE Conf. on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 3899-3908. [doi: 10.1109/CVPR.2016.423]

[2] Ding MY, Wang Z, Zhou BL, Shi JP, Lu ZW, Luo P. Every frame counts: Joint learning of video segmentation and optical flow. In: Proc.
of the 2020 AAAI Conf. on Artificial Intelligence. New York: AAAIL 2020. 10713-10720. [doi: 10.1609/aaai.v34i07.6699]

[3] Li XX, Loy CC. Video object segmentation with joint re-identification and attention-aware mask propagation. In: Proc. of the 15th
European Conf. on Computer Vision. Munich: Springer, 2018. 93—110. [doi: 10.1007/978-3-030-01219-9_6]

[4] Zheng Y, Chen YD, Hao CY. Video object segmentation algorithm based on consistent features. Journal of Image and Graphics, 2020,
25(8): 1558-1566 (in Chinese with English abstract). [doi: 10.11834/jig.190571]

[5] Hao CY, Chen YD, Yang ZX, Wu EH. Higher-order potentials for video object segmentation in bilateral space. Neurocomputing, 2020,
401: 28-35. [doi: 10.1016/j.neucom.2020.03.020]

[6] Liu ZY, Wang L, Hua G, Zhang QL, Niu ZX, Wu Y, Zheng NN. Joint video object discovery and segmentation by coupled dynamic
Markov networks. IEEE Trans. on Image Processing, 2018, 27(12): 5840-5853. [doi: 10.1109/TIP.2018.2859622]

[7] Chen X, Li ZX, Yuan Y, Yu G, Shen JX, Qi DL. State-aware tracker for real-time video object segmentation. In: Proc. of the 2020
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 9381-9390. [doi: 10.1109/CVPR42600.2020.00940]

[8] Cheng JC, Tsai YH, Hung WC, Wang SJ, Yang MH. Fast and accurate online video object segmentation via tracking parts. In: Proc. of
the 2018 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 7415-7424. [doi: 10.1109/CVPR.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CVPR.2016.423
https://doi.org/10.1609/aaai.v34i07.6699
https://doi.org/10.1007/978-3-030-01219-9_6
https://doi.org/10.11834/jig.190571
https://doi.org/10.1016/j.neucom.2020.03.020
https://doi.org/10.1109/TIP.2018.2859622
https://doi.org/10.1109/CVPR42600.2020.00940
https://doi.org/10.1109/CVPR.2018.00774

1566 HAEFFIR 2024 F5F 35 5% 3 A

2018.00774]

[9] Wang Q, Zhang L, Bertinetto L, Hu WM, Torr PHS. Fast online object tracking and segmentation: A unifying approach. In: Proc. of the
2019 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 1328-1338. [doi: 10.1109/CVPR.2019.
00142]

[10] Liu MH, Wang CS, Hu Q, Wang CX, Cui XH. Part-based object tracking based on multi collaborative model. Ruan Jian Xue Bao/Journal
of Software, 2020, 31(2): 511-530 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5656.htm [doi: 10.13328/j.cnki.
j0s.005656]

[11] Yeo D, Son J, Han B, Han JH. Superpixel-based tracking-by-segmentation using Markov chains. In: Proc. of the 2017 IEEE Conf. on
Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017. 1812-1821. [doi: 10.1109/CVPR.2017.62]

[12] Chen YD, Hao CY, Liu AX, Wu EH. Multilevel model for video object segmentation based on supervision optimization. IEEE Trans. on
Multimedia, 2019, 21(8): 1934-1945. [doi: 10.1109/TMM.2018.2890361]

[13] Liu LW, Xing JL, Ai HZ, Lao SH. Semantic superpixel based vehicle tracking. In: Proc. of the 21st Int’l Conf. on Pattern Recognition.
Tsukuba: IEEE, 2012. 2222-2225.

[14] Milan A, Leal-Taixé L, Schindler K, Reid 1. Joint tracking and segmentation of multiple targets. In: Proc. of the 2015 IEEE Conf. on
Computer Vision and Pattern Recognition. Boston: IEEE, 2015. 5397-5406. [doi: 10.1109/CVPR.2015.7299178]

[15] LiY, Liu Y, Liu GJ, Guo MZ. Weakly supervised semantic segmentation by iterative superpixel-CRF refinement with initial clues
guiding. Neurocomputing, 2020, 391: 25-41. [doi: 10.1016/j.neucom.2020.01.054]

[16] Xie HZ, Yao HX, Zhou SC, et al. Efficient regional memory network for video object segmentation. In: Proc. of the 2021 IEEE/CVF
Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 1286—1295. [doi: 10.1109/CVPR46437.2021.00134]

[17] Oh SW, Lee JY, Xu N, Kim SJ. Fast user-guided video object segmentation by interaction-and-propagation networks. In: Proc. of the
2019 IEEE Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 5242-5251. [doi: 10.1109/CVPR.2019.00539]

[18] Miao JX, Wei YC, Yang Y. Memory aggregation networks for efficient interactive video object segmentation. In: Proc. of the 2020
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 10363 -10372. [doi: 10.1109/CVPR42600.2020.
01038]

[19] Wang WG, Song HM, Zhao SY, Shen JB, Zhao SY, Hoi SCH, Ling HB. Learning unsupervised video object segmentation through visual
attention. In: Proc. of the 2019 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 3059-3069.
[doi: 10.1109/CVPR.2019.00318]

[20] LiSY, Seybold B, Vorobyov A, Fathi A, Huang Q, Kuo CCJ. Instance embedding transfer to unsupervised video object segmentation. In:
Proc. of the 2018 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 6526—6535. [doi: 10.1109/
CVPR.2018.00683]

[21] Hu YT, Huang JB, Schwing AG. Unsupervised video object segmentation using motion saliency-guided spatio-temporal propagation. In:
Proc. of the 15th European Conf. on Computer Vision. Munich: Springer, 2018. 813-830. [doi: 10.1007/978-3-030-01246-5_48]

[22] Li SY, Seybold B, Vorobyov A, Lei XJ, Kuo CCJ. Unsupervised video object segmentation with motion-based bilateral networks. In:
Proc. of the 15th European Conf. on Computer Vision. Munich: Springer, 2018. 215-231. [doi: 10.1007/978-3-030-01219-9_13]

[23] Caelles S, Maninis KK, Pont-Tuset J, Leal-Taixe L, Cremers D, van Gool L. One-shot video object segmentation. In: Proc. of the 2017
IEEE Conf. on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017. 5320-5329. [doi: 10.1109/CVPR.2017.565]

[24] Maninis KK, Caelles S, Chen Y, Pont-Tuset J, Leal-Taixe L, Cremers D, Van Gool L. Video object segmentation without temporal
information. IEEE Trans. on Pattern Analysis and Machine Intelligence, 2019, 41(6): 1515-1530. [doi: 10.1109/TPAMI.2018.2838670]

[25] Voigtlaender P, Chai YN, Schroff F, Adam H, Leibe B, Chen LC. FEELVOS: Fast end-to-end embedding learning for video object
segmentation. In: Proc. of the 2019 IEEE Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 9473-9482. [doi:
10.1109/CVPR.2019.00971]

[26] Oh SW, Lee JY, Xu N, Kim SJ. Space-time memory networks for video object segmentation with user guidance. IEEE Trans. on Pattern
Analysis and Machine Intelligence, 2022, 44(1): 442—455. [doi: 10.1109/TPAMI.2020.3008917]

[27] Zhou Q, Huang ZL, Huang LC, Gong YC, Shen H, Huang C, Liu WY, Wang XG. Proposal, tracking and segmentation (PTS): A
cascaded network for video object segmentation. arXiv:1907.01203, 2019.

[28] Nam H, Han B. Learning multi-domain convolutional neural networks for visual tracking. In: Proc. of the 2016 IEEE Conf. on Computer
Vision and Pattern Recognition. Las Vegas: IEEE, 2016. 4293-4302. [doi: 10.1109/CVPR.2016.465]

[29] Bertinetto L, Valmadre J, Henriques JF, Vedaldi A, Torr PHS. Fully-convolutional Siamese networks for object tracking. In: Proc. of the
2016 European Conf. on Computer Vision. Amsterdam: Springer, 2016. 850-865. [doi: 10.1007/978-3-319-48881-3 56]

[30] Wen LY, Du DW, Lei Z, Li SZ, Yang MH. JOTS: Joint online tracking and segmentation. In: Proc. of the 2015 IEEE Int’l Conf. on

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CVPR.2018.00774
https://doi.org/10.1109/CVPR.2019.00142
https://doi.org/10.1109/CVPR.2019.00142
http://www.jos.org.cn/1000-9825/5656.htm
https://doi.org/10.13328/j.cnki.jos.005656
https://doi.org/10.13328/j.cnki.jos.005656
https://doi.org/10.1109/CVPR.2017.62
https://doi.org/10.1109/TMM.2018.2890361
https://doi.org/10.1109/CVPR.2015.7299178
https://doi.org/10.1016/j.neucom.2020.01.054
https://doi.org/10.1109/CVPR46437.2021.00134
https://doi.org/10.1109/CVPR.2019.00539
https://doi.org/10.1109/CVPR42600.2020.01038
https://doi.org/10.1109/CVPR42600.2020.01038
https://doi.org/10.1109/CVPR.2019.00318
https://doi.org/10.1109/CVPR.2018.00683
https://doi.org/10.1109/CVPR.2018.00683
https://doi.org/10.1007/978-3-030-01246-5_48
https://doi.org/10.1007/978-3-030-01219-9_13
https://doi.org/10.1109/CVPR.2017.565
https://doi.org/10.1109/TPAMI.2018.2838670
https://doi.org/10.1109/CVPR.2019.00971
https://doi.org/10.1109/TPAMI.2020.3008917
https://doi.org/10.1109/CVPR.2016.465
https://doi.org/10.1007/978-3-319-48881-3_56

R 7 5 BABORD R R4k Fd 22 w49 AL 555 1567

Computer Vision. Boston: IEEE, 2015. 2226-2234. [doi: 10.1109/CVPR.2015.7298835]

[31] Wang WG, Shen JB, Xie JW, Porikli F. Super-trajectory for video segmentation. In: Proc. of the 2017 IEEE Int’l Conf. on Computer
Vision. Venice: IEEE, 2017. 1680—1688. [doi: 10.1109/ICCV.2017.185]

[32] Wang LJ, Lu HC, Yang MH. Constrained superpixel tracking. IEEE Trans. on Cybernetics, 2018, 48(3): 1030—1041. [doi: 10.1109/
TCYB.2017.2675910]

[33] Heo Y, Jun KY, Kim CS. Interactive video object segmentation using global and local transfer modules. In: Proc. of the 16th European
Conf. on Computer Vision. Glasgow: Springer, 2020. 297-313. [doi: 10.1007/978-3-030-58520-4 18]

[34] LiB, Yan JJ, Wu W, Zhu Z, Hu XL. High performance visual tracking with Siamese region proposal network. In: Proc. of the 2018
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 8971-8980. [doi: 10.1109/CVPR.2018.
00935]

[35] Achanta R, Shaji A, Smith K, Lucchi A, Fua P, Siisstrunk S. SLIC superpixels compared to state-of-the-art superpixel methods. IEEE
Trans. on Pattern Analysis and Machine Intelligence, 2012, 34(11): 2274-2282. [doi: 10.1109/TPAMI.2012.120]

[36] He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the 2016 IEEE Conf. on Computer Vision
and Pattern Recognition. Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.90]

[37] DengJ, Dong W, Socher R, Li LJ, Li K, Li FF. ImageNet: A large-scale hierarchical image database. In: Proc. of the 2009 IEEE Conf. on
Computer Vision and Pattern Recognition. Miami: IEEE, 2009. 248-255. [doi: 10.1109/CVPR.2009.5206848]

[38] XuN, Yang LJ, Fan YC, et al. YouTube-VOS: Sequence-to-sequence video object segmentation. In: Proc. of the 15th European Conf. on
Computer Vision. Munich: Springer, 2018. 603—619. [doi: 10.1007/978-3-030-01228-1_36]

[39] Pont-Tuset J, Perazzi F, Caelles S, Arbelaez P, Sorkine-Hornung A, van Gool L. The 2017 DAVIS challenge on video object
segmentation. arXiv:1704.00675, 2017.

[40] LiFX, Kim T, Humayun A, Tsai D, Rehg JM. Video segmentation by tracking many figure-ground segments. In: Proc. of the 2013 IEEE
Int’l Conf. on Computer Vision. Sydney: IEEE, 2013. 2192-2199. [doi: 10.1109/ICCV.2013.273]

[41] Gui Y, Tian Y, Zeng DJ, Xie ZF, Cai YY. Reliable and dynamic appearance modeling and label consistency enforcing for fast and
coherent video object segmentation with the bilateral grid. IEEE Trans. on Circuits and Systems for Video Technology, 2020, 30(12):
4781-4795. [doi: 10.1109/TCSVT.2019.2961267]

[42] Sun MJ, Xiao JM, Lim EG, Zhang BF, Zhao Y. Fast template matching and update for video object tracking and segmentation. In: Proc.
of the 2020 IEEE Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 10788—10796. [doi: 10.1109/CVPR42600.
2020.01080]

[43] Robinson A, Lawin FJ, Danelljan M, Khan FS, Felsberg M. Learning fast and robust target models for video object segmentation. In:
Proc. of the 2020 IEEE Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 7404—7413. [doi: 10.1109/CVPR42600.
2020.00743]

[44] Oh SW, Lee JY, Xu N, Kim SJ. Video object segmentation using space-time memory networks. In: Proc. of the 2019 IEEE Int’l Conf. on
Computer Vision. Seoul: IEEE, 2019. 9225-9234. [doi: 10.1109/ICCV.2019.00932]

[45] Johnander J, Danelljan M, Brissman E, Khan FS, Felsberg M. A generative appearance model for end-to-end video object segmentation.
In: Proc. of the 2019 IEEE Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 8945-8954. [doi: 10.1109/
CVPR.2019.00916]

[46] Wang HC, Jiang XL, Ren HB, Hu Y, Bai S. SwiftNet: Real-time video object segmentation. In: Proc. of the 2021 IEEE/CVF Conf. on
Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 1296-1305. [doi: 10.1109/CVPR46437.2021.00135]

[47] Duke B, Ahmed A, Wolf C, Aarabi P, Taylor GW. SSTVOS: Sparse spatiotemporal Transformers for video object segmentation. In:
Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 5908-5917. [doi: 10.1109/
CVPR46437.2021.00585]

[48] HuL, Zhang P, Zhang B, Pan P, Xu YH, Jin R. Learning position and target consistency for memory-based video object segmentation. In:
Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 4142—4152. [doi: 10.1109/
CVPR46437.2021.00413]

[49] Perazzi F, Khoreva A, Benenson R, Schiele B, Sorkine-Hornung A. Learning video object segmentation from static images. In: Proc. of
the 2017 IEEE Conf. on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017. 3491-3500. [doi: 10.1109/CVPR.2017.372]

[50] Wang ZQ, Xu J, Liu L, Zhu F, Shao L. RANet: Ranking attention network for fast video object segmentation. In: Proc. of the 2019 IEEE
Int’l Conf. on Computer Vision. Seoul: IEEE, 2019. 3977-3986. [doi: 10.1109/ICCV.2019.00408]

[S1] Oh SW, Lee JY, Sunkavalli K, Kim SJ. Fast video object segmentation by reference-guided mask propagation. In: Proc. of the 2018
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 7376-7385. [doi: 10.1109/CVPR.2018.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CVPR.2015.7298835
https://doi.org/10.1109/ICCV.2017.185
https://doi.org/10.1109/TCYB.2017.2675910
https://doi.org/10.1109/TCYB.2017.2675910
https://doi.org/10.1007/978-3-030-58520-4_18
https://doi.org/10.1109/CVPR.2018.00935
https://doi.org/10.1109/CVPR.2018.00935
https://doi.org/10.1109/TPAMI.2012.120
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.1007/978-3-030-01228-1_36
https://doi.org/10.1109/ICCV.2013.273
https://doi.org/10.1109/TCSVT.2019.2961267
https://doi.org/10.1109/CVPR42600.2020.01080
https://doi.org/10.1109/CVPR42600.2020.01080
https://doi.org/10.1109/CVPR42600.2020.00743
https://doi.org/10.1109/CVPR42600.2020.00743
https://doi.org/10.1109/ICCV.2019.00932
https://doi.org/10.1109/CVPR.2019.00916
https://doi.org/10.1109/CVPR.2019.00916
https://doi.org/10.1109/CVPR46437.2021.00135
https://doi.org/10.1109/CVPR46437.2021.00585
https://doi.org/10.1109/CVPR46437.2021.00585
https://doi.org/10.1109/CVPR46437.2021.00413
https://doi.org/10.1109/CVPR46437.2021.00413
https://doi.org/10.1109/CVPR.2017.372
https://doi.org/10.1109/ICCV.2019.00408
https://doi.org/10.1109/CVPR.2018.00770

1568

00770]

HAFFIR 2024 55 35 5% 38

[52] Xiao HX, Feng JS, Lin GS, Liu Y, Zhang MJ. MoNet: Deep motion exploitation for video object segmentation. In: Proc. of the 2018
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 1140-1148. [doi: 10.1109/CVPR.2018.

00125]

[53] Tan ZT, Liu B, Chu Q, Zhong HS, Wu Y, Li WH, Yu NH. Real time video object segmentation in compressed domain. IEEE Trans. on
Circuits and Systems for Video Technology, 2021, 31(1): 175-188. [doi: 10.1109/TCSVT.2020.2971641]
[54] Yin YJ, Xu D, Wang XG, Zhang L. AGUnet: Annotation-guided U-net for fast one-shot video object segmentation. Pattern Recognition,

2021, 110: 107580. [doi: 10.1016/j.patcog.2020.107580]

[55] Bao LC, Wu BY, Liu W. CNN in MRF: Video object segmentation via inference in a CNN-based higher-order spatio-temporal MRF. In:
Proc. of the 2018 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 5977-5986. [doi: 10.1109/

CVPR.2018.00626]

Msp 32 & SRk :

[4]  AESE, BRIV, ). REAE—S0M 20 s R H b oy %1 i [ B 5 BB 4R, 2020, 25(8): 1558-1566. [doi: 10.11834/jig.190571]
[10]  Xmi4e, FEALA:, S8, FAM0, 45 40, 2 BRI PME I 73 B B PR ERER. JF244R, 2020, 31(2): 511-530. http://www.jos.org.cn/1000-

9825/5656.htm [doi: 10.13328/j.cnki.jos.005656]

R=(1981—), &, WL, 4%, CCF Tk i, &
A TITFTUCA T SEHLILSE, T SENLIET A%, B
Aol

HFRE(1999—), 2, i+, - EHFFT 4R R L
w2, B RRERER, MU .

P 3
‘a'
-
*

BEE(1999—), I, AR, FEHFTHECA H
FRERER, FARKLM, B0 5.

KEB(1979—), W, WL, HIHE, [ LS,
CCF by b, T2t i KA ab 2, A
TR, FIEEA.

© PEBEERKCEIFR  htps/www. jos. org. cn


https://doi.org/10.1109/CVPR.2018.00770
https://doi.org/10.1109/CVPR.2018.00125
https://doi.org/10.1109/CVPR.2018.00125
https://doi.org/10.1109/TCSVT.2020.2971641
https://doi.org/10.1016/j.patcog.2020.107580
https://doi.org/10.1109/CVPR.2018.00626
https://doi.org/10.1109/CVPR.2018.00626
https://doi.org/10.11834/jig.190571
http://www.jos.org.cn/1000-9825/5656.htm
http://www.jos.org.cn/1000-9825/5656.htm
https://doi.org/10.13328/j.cnki.jos.005656

	1 视频分割相关工作
	1.1 无监督的视频分割方法
	1.2 半监督的视频分割方法
	1.3 交互式的视频分割方法

	2 本文方法
	2.1 基于跟踪的目标感兴趣区域提取与超像素分割
	2.2 基于吸收马尔可夫链的视频预分割
	2.3 基于长期和短期时空线索优化视频分割
	2.3.1 基于短期时空线索的超像素标签优化
	2.3.2 基于长期时空线索的超像素标签优化

	2.4 基于骨架映射网络提升视频分割
	2.4.1 前景骨架和背景骨架的自动生成
	2.4.2 基于骨架映射网络的视频分割


	3 实　验
	3.1 算法实验配置
	3.2 定性分析评估
	3.3 定量分析评估
	3.4 消融实验

	4 总　结
	参考文献

