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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 chains; long-term/short-term spatial-temporal cue; skeleton mapping network
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JUARE, BE AL B AL 0 4, SRS 7 B AL

ARSCHE T i SRR 3R R R AR F 0 AR H AR St A, R R RN A ol (5 3R — by AR R R, AR
EAZ A ERR, L R Ze AN, KOGE R B G R, BB G R IR —GE
B, e U GE A 28 (W1 5(b)). TS 44 T HARIES. 0T M EEEERAYERR.

(a) 1 e AR AR L A (b) HTSHE A AGIE (c) 2Tl Bl 43 46 R
Bl s R Ser R4t Fl 4 R

5(a) PRTSGEBG PO RN A, BRBGRE PO SO A, bl GG EIE 7 MIEEGE 4
APRREN T GEREILG) M3 MR T 5 RIS, M AT A AR i R, R S A T M |
Ui (K40 4% H bR 3R, B i U B R T . AR 2T 2 A H AR AT S8 2L 5(b). # i BN B
SRS ) 45 Ji5 43 ) 2 5 LI 5(c).

HETEE 2.2 W) SR AT RIBSCREFN 55 2.3 I S e RO 4 H15 , AS SCRENS RBCUNE T B AR T 5O 1R
#, N6 28 2 ATAL A bR C AR 25 IR SR AR S0 T LA 5 H b ) OGBSI B R A T, Tl 6 2B 3 AT
PR 7R B EE T 20 B 45 5 B A i BRI P A IR B R B (B BE AR T A DU . R EEATESS . A
).

SR AR EUY H TE T — 2 59 AR A FI 2 2818 St T30 A SCHEER 2.3.2 1 b B T KA = gk m Al
Pl (10322388 1, G2 M 55 I R UL ABE 28 g AR 1) 322 308 DX 3 R T S AR R AN AR, H A DX ISR 0 A T s PR AR 3%, HAR 48
VBT SON T S AR SORR G I 48 T AR A8 AR A 2%, 42 BB DU 55 i ZAH R 1) SR, B T I ST 0 T AR 25 I b i
JE B FE P SR AR AT SRS T K S e R A PR AT R A — A& X, MZmiTe s sei 48, h X oy
SR BT 50 28, AR SORE AT S AR BEME AN 1, 15 St 28K B E R E N 50.

242 HETE SRR I 2% 0 A Sy

A2 R B AR S AR S A, AR SO TR AE T R A K T, BT SE AL S A RN,
I PIRE 2], F s R > SIS 88 2.2 1T B IR AT I RBCRE B Pt oy 1, LRSS 2.3 TR T I 2R 1
Gy ERACARLE, ART 1) SR LS P 28 AR T 2t b, SR T 23 SRS VR A R 42 T

IR B SRS X 2% SR FH 2R 1) o AL 2% - AR AL 2% (encoder-decoder) 2244, WP 7. 1 F5 3T ResNet50 B iH2mbd
7%, ResNet50 /& 2B EHGR IR BERFIE (15 T 4544, G v Bk R oo 42 v 2850t 4 o0 486 AR A0 R LA I 4.k b 28 - 48
WSt 194 &4 11 22 S N, A SCAE G356 1 AN RUB R IN — /M B DB 4%, FH T ROL X 5%, 1 k2% 5Gv1: 2 H
FRAFAIE B S8 (0 BRI 3. Ay K4 50 85 45 B (R AU B A 28 0 A N FA R, A SC 2Bk T ResNet50 # )i 14 Rt AL )2
AL 5, H5E T BRI Bk 2 T 2% P9 5 AR IO AR e A N fRB 25, A A0 2% B8 70 43 TR AN [R) SR B R0 RO BE I e
iE. A SR TRFAE 42 7 55 W 4% (feature pyramid networks, FPN) ¥ it &%, SFE 4 TR 28 o] N2 RJE, 23 3F%
(R RBREAE PO o 0 5 SR, Re g ST o) ERG FE IR R KAk,
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ResNet50 FPN FPN FPN

Encoder Decoder

K7 B R M 2% S5 ]
7 JEAR T ASCH B AR 225, P2 B N PR T TSI R TSR AR, 3 N AT A 4R L R
WK, B S i Aok Forb, £E 0 BIEMR 0 RGB 5 B 3 ANERE; A5 280 5o JU8 00 KL, 20 14
JBE, IR BEAESr 02 0 A1 50. W0 2% (¥t O 5 AR 20 1 PG N A I AR FE IR, AL M 78 0-1 2 1], AR EREME R
TSN, KT 0.5 IR FEFRE TR, R AT 5t VIZRMLSHAL AT, 1] ImageNet I 25 AL ik
AR, SR 5 H) DAVISEY, Youtube-2018VEdli B2 I 25 W0 4. Jh AL VI 480G, 11 5 L5 Al 4 480 153%, IR
SE P EL. A A2 SO pR RO S0 K, IF G 2% ) R [E ) 1E-5.

3 %

3.1 BEESWAEE

o SUGIREE. ARSI R SR BB AT IR ) Windows 10 64 £ PC #l, 16 GB A7, Intel(R)
Core(TM) i5-10300H CPU @ 2.50 GHz, #1372 £y NVIDIA GeForce GTX 1650, Hi%kJT % °F- 4 i Matlab 2015a. 7
LTI B I ZREFEE 24 Ubuntu 18.04, CUDA 10.0, #5722+ NVIDIA Tesla P100 16 GB, Hi5F &7 & 24 Python
3.6.2, PyTorch 1.6.0.

o LI EHRAE. AR Youtube-2018 $di 45 P¥. Davis 2016 $iii 4 U0 Segtrack-v2 Fai 4 HOHEAT K.
Youtube-2018 %#fa 5 H A Hdhs 7% 2 1A S 22, FATH Youtube-2018 46 UEARHEAT MR, 1450 F S 3L
105 474 N, B 75 91 FORTEIZE B 5. Davis 2016 FEiH 50 AN 8 H bRl 551, 363t 3455 A4



10 BRPR AR, wrnndE g K 0 x4

BRVEWT, REAIE Ny 24 fps, 70 HEFA 480p A1 1080p PRIk, ASCiLH] 480p. Segtrack-v2 3L 14 MHLATIL
24 AHFF, $L0k 976 W, 4 F— UL 2 AN BARI A HE. EiR 3 AN AR s R . A, I RO |
PO ) 5 A 5. A6 LR 3 AN b, ARSI AE 0 2 R B AT T s AR AT, BRUE T
AR SCTTVE A RN RNy, PR T VRS, W UEA SO VR R s AT ] SE k.
3.2 EMSHIT

AN AT IR 3 BT 5 2400 3 RS B 07 (AMCT!™, FCVOS™!, FTMU™) 7 Davis 2016 i g3
Ttk LeEs. ¥l 8 BE/R T Davis 2016 Z#4E N 5 A BRI L4771 (breakdance. bus. bmx-trees. dance-jump-
horsejump-low) [F5& 1 LbAE 45 B, fi B 8 w12 SCAVE LA T 50 11 43 30 R

FTMU FCVOS AMCT Ours FTMU FCVOS AMCT

Ours

Kl 8 Davis 2016 ZHR4E e M LA 45 1

8 L AEBAr M EE 1 FUFNEE 2 514 “breakdance” B4R 55 17 WIFIEE 75 Wi 3145 % L, “breakdance” i
SN 25 BARAMARN, B B ARS8 B2 AR AR, AMCT J7 VAR TR 25 I S R AR R 7
B B S E], 18 NBE SR IEAR R ZU 43 B 8. FCVOS T iE3E Tt /N B BVE SR R 040 28, AR5 18 H b ik
515, FB#E5 RAESE, WWZEROR. FTMU J7 ik T oA 2% > B8] B bR LT, Hoo$1 45 5 5 A OB, Rk
B . B8 IS 3 HIRIEHE 4 %1 R <bus” BHR S 62 MiURT 72 Wik 7 1 45 Xt Lb. B s e R B AR 4= 2 B,
T TH 2 AN WA 1 20 A8 ZE AN [\ A7, 020 BBk . AMCT D73 A0 1~ b — ity 45 50 20 0 24 o, 4 £ A e 3 4
B3 e i B, I S EEI M. FCVOS 5k 5 FIMU k¥ 3B T ARSI B B, FCVOS J5 il
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AT 53 825 AT, FTMU J5 3 (T 7R3 0 2% S T g SR i i 5022 2 00 B b, 45 38872, 161 8 Bl a2 5 91
FIR P53 58 1 31 “bmx-trees SR EE 5 8 MRS 38 i) 2 #4h SRXT LE. A 4L 5 SR 2Rk, B E N
PR ECERY, IR, AMCT J5iH1 FCVOS J5:45 Jil 5 TR By R AT R BEFH I BE S 1, T BAT
AT AT RRE R 2, S BN AR 23 3 5 25 A RT3 4. FTMU J7 7R 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 Jf e, 4 Fhor kg T HARR KR8
JER, AFLAS SC TR H ) 2T Pl 43 il — SE AR A — 5 T 23 30770, A8 B AR G gn s DI ) o3 50 b, 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 SEHEAT 5 ME LK. 9 9 J#/R T 4F Youtube-
2018 B UFEEH 4 AN R AL 21 (1 e Pk LL e 25 3. FRTM il B bR RN H ki 23 0 I8 o 48k, & E 56
1 i L5240 ) 46 A F R A AR, AR b — it P 23 S 225 SROSRAS S U RRS 4 2 B 45 5. STM 7 v Ik id
T2 P28 T A 8, 3049 T B 0 B %7 e T A2 M 48 Se O A HTWU H FRRFAE, SR 5 2
TR R = I HLHEIVC R S mri i) B Ax. 89 FRR 2 1. 2 FUATESCRRIZ RS B N s k= 24 H
FRf B4 0. BT (SRERERD HbR) 7R85 1 MR SE 8 I, BAEmiR r A8 o W1 2, S5 FRTM 1 STM &
TRV BER L 5840 1, FATTI 7 VAR AN RIS TR S /R W] A IR AR A5 35 o B 45 L, R R e gty | B T
VA 8 0. AR TR 5 R R R AR 1) 20 1) 4 SR T DURG X R B2 T I8 28, A5 BV RE T | 1 R LSS I 4% I H B T
MSEHAe . 8 9 BBt 428 30 4 FIAAR AR TR AN ORI AR N, 3t 4 S B AR #lg L. (A
FAT TV REAE RN HE R TG ™ T I YA M X 2 AN H AR (B8 3 41), HEMEXUN IR A, FRTM 51750
AREARLF X 3 PIN (BB 4 F1). ABFRAT 10 77 580 EIR P RR 73 A e A B RTHEL X 534U LF 562 AH R R P AT AR

STM FRTM Ours STM FRTM

Ours

9 Youtube-2018 Hiun4E 1) i Mk L 45 5
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9 AR A AN AT BRI R 43 FN AR, AN FRATTI0 5 1 B R i 3 R R AT AT T AR
T (SR, B9 FEE40 45 1 41). AL R, FRTM J7 32BN T/ N #4316 S0 A% 55 59, 1 FAT T 75 00
STM J5 i3 Ag 40 1 I FHERIAIL (S fin, 19 T35 3. 4 21). IATRITT 20 T/ N AR B 3 53 g
FEEAFET T FRAT AL I (1P 4 WAL B 7R R o, Refi b e A kA% 3% /NI AR IF) S8 35 R AL
33 EESHEE

ARICHE 3 A LRI 2 B4, BIFE Youtube-2018 $¥54E, Davis 2016 $Ha4E M Segtrack-v2 HiiidE S
Y AT 2 8 5 VAT R =T

1 NARSCELEA 9 Fh LRI ) 7 EETE Youtube-2018 B AIF 42 i H L 45 L. Youtube-2018 B8 1iF 5 11
474 AR FV ALK, HRIB AN S5 2 A H b, IR LRI B AR 35 97 PORHIZE ], g 26 Fhk
AR AE N Zre b . 6 DI A Hp I I (0 288 30 4 X AR LU RE NS SR RE B PE ] Jseen FH Fseen 06718, 11 U1 2555
TR L 1 Junseen 1 Funseen 75, BV G 42 Jseen~ Fseen F Junseens Funseen I TFHIMH.

1 Youtube-2018 WiF 1 & & L

/3/% OL ﬁﬁkﬁﬁ G Jseen Fseen JUnseen Funseen FPS
AGAME X X 66.1 67.8 69.5 60.8 66.2 14.3
STM— x x 68.2 — — — — 6.25
FRTM x x 71.3 72.2 76.1 64.5 72.7 14.6
SwiftNet (ResNet18) X x 732 733 76.3 68.1 75.0 70
SST x x 81.8 80.9 a 76.0 - 6
Ours X X 74.6 732 78.1 71.8 76.1 0.9
OnAVOS y X 552 60.1 62.7 46.1 51.4 0.08
OSVOS y X 58.8 59.8 60.5 54.2 60.7 0.22
S28 y X 64.4 71.0 70.0 55.5 61.2 0.11
ST™M X \ 79.4 84.2 72.8 72.8 80.9 6.25
LCM x v 82.0 82.2 86.7 75.7 83.4 —

AR T 05 AGAME™!, STM™, FRTM™!, SwiftNet*, SST'. OnAVOSP*, OSVOS™I,
S2SPRI LCM™. 38 1 35402 3 384y, i AR ERATA AR A 5 Bl iR, I VA EAS T AR IR AT
B A B A Bh U &5, AR IX e 7 vk, U SST 5 ik 4 BIRCRAR T A S0 7 7%, 1405 VL3 T 1 Trans-
former FIVE 5 HLIRI ST T st )ity (1) A0 A 3 1, ARLRIUAS SCOTVEAH B, i 28 S5 R B A2 2, HAR B2 AR I 2R ) ()
A& BAEE. STM— 5 STM [IX %) —8%£ 5 STM AHLL, STM — R A8 Fl & I EURE. 3 1 3 3 Fhorik
T BLAE S N AR AN 75 B P - B W 2R X 4%, 3 8 5 VAN BB S b . ) B /1 W0 24 e 137 5%, EL Ao 43 1)
PREIT B, AN RESEILSEI 7381, 38 1 8020 16 2 Pl i 75 B4 A& s B AT VI 45, X PR FI 538 I8 TR T
ACAZ P (R 43 B 5k, TR B0 T 240 S R 4 B, (B T-IC 12 9 4% 1) 5 v I 1) 5 2% B ARG 8 i, HL LCM S0y
T BN D IR, LAl N N ZREE FAR 42 1) 22 .

2R T 5 40T ER 11 M aEIJ5Ik, 78 Davis 2016 BEAERE BN 4R, Jidh, FPS ACRERD 4> L
WU A My AR DR, FI-F i S B 45 Berp, IEW0 RIS R R, M RBRERETIE, F-T V0
Ay 5 RN TN Mo&M e ARFR M, RN My (R348 My, TN M (SRS, 2 SRR, 36 2w, iU A o
LG HPiZE: (1) FHELELINZ, 35 0SVOS®l, MSK™, OnAVOSPY. RANet®™"; (2) AN EAE 4 II 4,
35 RGMPPY, RMNet!'?, FEELVOS™!, FAVOS®. SiamMask®. FRTM™!, AMCT!.

2 IRT 4 PPOTVETR BRI SR, e EE 1 i 258, LAUIZR 40 A TR, ml SRICE RS Uk oy |45 R, (0
T PSRN ZR A B (1IN TR S . AR SO VEANE 7 RhOmik AN T BEAE LRI 2, 1K 207 1R 40 B T P Tl R e T
HELRINGE Tk, 3 2 R 2 HO0TIE T BT RN EE I S8 LI E AR VR BERRAE, 80 3 AR G5 i T i R A0 - S 45 2R,
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BB Z 0 BRI SR R SRR IR ) 2215, RMNet— FIl RMNet A, RAE ] Youtube-2018 Zidls SR HEAT I 25, {HIX
PIRTITEAE TN ZRB Be, 2275 56 F A ) BR Bl DI R i 46 ASSC7 A AMCT J i i SRR 1) B LT SOB R 3R
¥ PRI ARABLRE , 30 ek W Wi o 2% AT R B SRIBUB AR 2 bR 25, 1T AMCT-+HCNN 7 23 JUJ T o A5 DU 28 10 3¢ o SRR A5 2R 1) A
ALLRE. P 2 AIAN, ASSCIT AT 53 H0ORS B ST 3 P T WO B 2R TR BRI 7505, IF BAT AL A 323 77 VA6
AL, L AT H A 3 7 VR ) DXCSBAR AL RE AT RS 0 2.

22 Davis 2016 FEE P € & LK

7% OL M, Mp M;&Mp FPS
0SVOS N 79.8 80.6 80.2 0.25
MSK N 79.7 75.4 775 0.08
OnAVOS N 86.1 84.9 85.5 0.07
RANet N 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 73.2 = = 0.27
AILT7 x 81.7 80.9 81.1 1.2

P 3 IR T ASCELVER 9 Fh R MRS BT AE Segtrack-v2 B iE BT VEAG (K45 5. F Davis 2016 2
H b Ecdis S L, Segtrack-v2 #4-AANA 22 B H A%, A MWIEORT 200 Ml AO-KARAR, 125503 52 58 S 43 45 7
TEL A BREL T B0k, 0 E VRS OFLY, MSK™!, MoNet®™, RGMPP!. CVOS-Decoder™ . AGUnet™ .
FCVOS™, CINNP?L s b 45 9 4% 3. Horfr, OFL M1 FCVOS Jy ARIR 18 22 =) 753, BATI2 S TG MR A% 9 34
W7 o 14 825 DXk, LR e = ) A v G SCRTTE AR AIE IR 3R IA, S 5 578 15 S st A 4 43 1 e H b, 3 43
FIEGR I I RN IR 7 P8l W I R 5 S BB AT AT 4 ). AE H AR A S sl OB AR B, b — i
B fE s L5 |5 D £ 3 BT H 2 Tt 20 BHE 5. 38 3 WP AN 4 30 9 42 B 5 H AR KRS R e A IS s 3
23], FHOLAETR A AT H ™ T 0 43 B R AN S F 4 R0 DXIBAR B A2 i 7 vk i T B KT, e BRRG
EYIRX IR

* 3 Segtrack-v2 A 1€ = LI
Jiid OFL MSK MoNet RGMP CVOS-Decoder AGUnet FCVOS CINN Ours

M; 67.5 70.3 72.4 76.8 69.5 74.0 75.5 77.1 76.3
Mp 74.5 — 76.5 74.0 — 78.9 — — 80.3

3.4 JHRLSCIG

AL Davis 2016 Fs8E P AT I b2 56, DOVPAS FOAA FIREEL. A SC e 5 AN T B BRI AL sk ms, 4391
o B FRERERIR U BRIX I (T-ROD) 28 1 WA 4 it g SR e B /R T K (FN-AMC). TR I s 4 & A
BB FAREE (SOL) He T ICHIIN = B RN MR ZHAREE (LOL) B T-H 2L W £ b 4k 23 1 (SNR). Vil S e
LL AMCT J53%h 35Uk, AMCT J735i81d EPPC JEi sk UM RIS 22 1047 8% 5, SR 54524 B TRn wir — ot ~r Wi
TR M) R, MR 2 AR R RSO T8, JUBTERAR 2 AR 2%, R SR A3 B 45 SR A SCIE T IR BEHE R fh SR ms
HEATH) 6 ARl ae, HAk L3 4.
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K 4 1F Davis 2016 Z¥s 4 034 Ml L 56

4150 T-ROI FN-AMC SOL LOL SNR M, 5y EH Z (FPS)
Ere2q x x x x x 60.9 4

T 1 v x x x x 66.2 3.32
SZHD ~ ~ x x X 72.4 1.92
3 v S v x x 72.8 1.85
SKH4 N J v x 73.6 1.69
SIGS v \ v v v 81.7 12

I 4 TN, B AR BRI DS X 4 (T-ROT) 55 1 WURT 24 iy it g 37 15 /R 7] 4% (FN-AMC). JEF
LWL P 254k 53 ] (SNR) IR 23 B AL SR B B, DX SSAHALBE 23 TR T T 5.3%. 6.2%. 8.1%, XA 40 Aiss)
B E T AN 2S5 L RMAB IR 2452 (SOL) K W I 728 2k R G bR %5 (LOL) A3 43 4407
B B AT, 4t AN AR AR 23 RS BRI B, 7R Bt 48 v XU ABLRE P34 T 0.6% FiT 0.4%. A8 3C
FOVENERI 73 #13%  1.2 FPS, T-ROl. FN-AMC. SOL. LOL. SNR [F-¥J#ER 4351 4: 0.06 s« 0.21s. 0.02 s,
0.05s. 0.24s.

4 1%\ éél:

ASCEXT R 2835 T IR T FETTRIE T, S th 17 I A W Se =5 7R R DR B 1 RS (R0 R ik %058
ST T El—JE A — PR T =R BB E A B, WA RS AE H AR 2> 5145 . > FIB B ASCLUB B &R
TR H b, R A Rl FOARES AL (W 7K R R BE, A0 159 B B3 (W R SR ZEAN TS SR AE, B Bt H bl 2
TEAR AN TS BEAERA 32 A7 F AR, Ja PEAE Be: AR SO H BRI A I 2 2o 3R (AR AR LAk, 78 7304230
b AR AR A RIS B — BUE LU, BRAR T ST SRS AR (TR, FRERTHIY B A SO BB = 280
R, T 2IE H AR B TE A B 5B ZRIRIE TR S 28, JF St U RESZ S0 A ven 20 v SCRFAIE 3L
£ - B SRR 1) SRS W 2%, D4R T H AR 2 TORS BE. KRS0 45 AR, 5 4 i st 20 o i2A
bE, ERIZIEAR . S ARLTY A2 MR, A SO VE BAT S 0 DX B AN RS A 2. Ak A v, 40
T P A 2 P 25 AR R AR SR AR AE 1R 4326, IR R R ARAE T SRR A U S, I AR VR A 1 o)

HIAE.
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