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Abstract: Objective Video object segmentation (VOS) aims to provide high-quality segmentation of target object
instances throughout an input video sequence, obtaining pixel-level masks of the target objects, thereby finely segmenting
the target from the background images. Compared with tasks such as object tracking and detection, which involve

bounding-box level tasks (using rectangular frames to select targets) , VOS has pixel-level accuracy, which is more condu-
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cive to locating the target accurately and outlining the details of the target’s edge. Depending on the supervision informa-
tion provided, VOS can be divided into three scenarios: semisupervised VOS, interactive VOS, and unsupervised VOS. In
this study, we focus on the semisupervised task. In the scenario of semisupervised VOS, pixel-level annotated masks of the
first frame of the video are provided, and subsequent prediction frames can fully utilize the annotated mask of the first frame
to assist in computing the segmentation results of each prediction frame. With the development of deep neural network tech-
nology, current semisupervised VOS methods are mostly based on deep learning. These methods can be divided into the fol-
lowing three categories: detection-, matching-, and propagation-based methods. Detection-based object segmentation algo-
rithms treat VOS tasks as image object segmentation tasks without considering the temporal association of videos, believing
that only a strong frame-level object detector and segmenter are needed to perform target segmentation frame by frame.
Matching-based works typically segment video objects by calculating pixel-level matching scores or semantic feature match-
ing scores between the template frame and the current prediction frame. Propagation-based methods propagate the multi-
frame feature information before the prediction frame to the prediction frame and calculate the correlation between the pre-
diction frame feature and the previous frame feature to represent video context information. This context information locates
the key areas of the entire video and can guide single-frame image segmentation. Motion-based propagation methods have
two types: one introduces optical flow to train the VOS model, and the other learns deep target features from the previous
frame’ s target mask and refines the target mask in the current frame. Existing semisupervised video segmentation is mostly
based on optical flow methods to model the feature association between key frames and the current frame. However, the
optical flow method is prone to errors due to occlusions, special textures and other situations, leading to issues in multi-
frame fusion. Aiming to integrate multiframe features, this study extracts the appearance feature information of the first
frame and the positional information of the adjacent key frames and fuses the features through the Transformer and the
improved path aggregation network (PAN) module, thereby learning and integrating features based on multiframe spatio-
temporal attention. Method In this study, we propose a semisupervised VOS method based on the fusion of features using
the Transformer mechanism. This method integrates multiframe appearance feature information and positional feature infor-
mation. Specifically, the algorithm is divided into the following steps: 1) appearance information feature extraction net-
work: first, we construct an appearance information feature extraction network. This module, based on CSPDarknet53, is
modified and consists of CBS (convolution, batch normalization, and Silu) modules, cross stage partial residual network
(CSPRes) modules, residual spatial pyramid pooling (ResSPP) modules, and receptive field enhancement and pyramid
pooling (REP) modules. The first frame of the video serves as the input, which is passed through three CBS modules to
obtain the shallow features F. These features are then processed through six CSPRes modules, followed by a ResSPP mod-
ule, and finally another CBS module to produce the output F,, representing the appearance information extracted from the
first frame of the video. 2) Current frame feature extraction network : we then build a network to extract features from the
current frame. This network comprises three cascaded CBS modules, which are used to extract the current frame’s feature
information. Simultaneously, the Transformer feature fusion module merges the features of the current frame with those of
the first frame. The appearance information from the first frame guides the extraction of feature information from the current
frame. Within this, the Transformer module consists of an encoder and a decoder. 3) Local feature matching: with the aid
of the mask maps from several adjacent frames and the feature map of the current frame, local feature matching is per-
formed. This process determines the frames with positional information that has a strong correlation with the current frame
and treats them as nearby keyframes. These keyframes are then used to guide the extraction of positional information from
the current frame. 4) Enhanced PAN feature aggregation module: finally, the input feature maps are passed through a spa-
tial pyramid pooling (SPP) module that contains max-pooling layers of sizes 3 X 3,5 x 5, and 9 X 9. The improved PAN
structure powerfully fuses the features across different layers. The feature maps undergo a concatenation operation, which
integrates deep semantic information with shallow semantic information. By integrating these steps, the proposed method
aims to improve the accuracy and robustness of VOS tasks. Result In the experimental section, the proposed method did
not require online fine tuning and postprocessing. Our algorithm was compared with the current 10 mainstream methods on
the DAVIS-2016 and DAVIS-2017 datasets and with five methods on the YouTube-VOS dataset. On the DAVIS-2016 data-

set, the algorithm achieved commendable performance, with a region similarity score J and contour accuracy score F of
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81. 5% and 80. 9%, respectively, which is an improvement of 1. 2% over the highest-performing comparison method. On

the DAVIS-2017 dataset, J and F scores reached 78.4% and 77. 9%, respectively, an improvement of 1.3% over the

highest-performing comparison method. The running speed of our algorithm is 22 frame/s, ranking it second, slightly lower

than the pixel-level matching (PLM) algorithm by 1.6%. On the YouTube-VOS dataset, competitive results were also

achieved, with average J and F scores reaching 71. 2%, surpassing all comparison methods. Conclusion The semisuper-

vised video segmentation algorithm based on multiframe spatiotemporal attention can effectively integrate global and local

information while segmenting target objects. Thus, the loss of detailed information is minimized; while maintaining high

efficiency, it can also effectively improve the accuracy of semisupervised video segmentation.

Key words: video object segmentation (VOS) ; feature extraction network ; appearance feature information; spatiotempo-

ral attention; feature aggregation
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Fig.2 CSPRes module structure diagram

R AR PR 07 7 B AR (B AH N 5 2) e B AR — 1k
Rel.U (rectified linear unit) 3 1% BB 4%, Bl CBR (convo-
lution, batch normalization, ReLU ) £ 3t 5 3 )1 & A 43

23T 3 44 B (convolutional kernel) K /N Ry 5
5.9 x 913 x 13 W fe Kb AL J= /9 it 45 R BEAT B
$% (concatenation , concat) B 1F , il & 223 — 1~ CBS

FNFHIEF

BEHRAG Y F,, AF AN S L B RRAIE i IO 25 5 B
ot
S LTI AL B R AR S R 25 R

ARICBET A 25 0 BT W PR B A1 LA R 58 AR
R R AE AR TR, Ay i T RSB T ) 2 PR 1 R

=R E R
: j
m
<)

AR

K3  ResSPPALH L5 K]

Fig.3 ResSPP module structure diagram

2.3 HETMIFAE IR BN 48 3R 5 Transformer 45
{ERh & HEER

T Y R 28 e 34 CBS BB gk AT T R AL
(e i VSRR Y e S S e i R
— WA ST KRR, R 1 4 5 76 2 i it () Rk
BRI HAN TR R Z 407, A% SR FH AR XS & 2R
3AMILE B AT PR L, ELACR UL, Y FWUR A $2
B 26 i 3 AR CBS B Al . Fh T 7840 Al
T A WA — WU S S AT R AR 52 B
25 0] LU 22 AW i B 45 B NI A5 21 R 1E B
SR () 1E SURFE

R T RS R AT S8 RRAE 4R RO 2% > i ot
FENE B2 25 (%) = 5 FRAE , $2 113 T 5E T Transformer
(Y RRAE Rl A A, 388 3o X AN [] AN [ 37 2 R 3R 3k
ATRHIE2E 2 BRBURFIE 2Z 18] (1) SCEK , DT 58 BARFAIE il
G [RESR T fd H AR FI R RCR B4 A SRS
Bl AN WA LA $ B &% B BRGS0 AE S £
Transformer FFAE Fll A AR ERL X 24 A it i) /0 U8 A B 1
AP, T B 30 2 Ry R i DG e Do) 45 B 00 3 Mo
Wit AR AL 1], 5 S I )RR A T R AR DL L
A SOl A NG IR =R S

LEET T%L BN 15 B4 FRAE 2R A 0 2% JEAT FRE Rl
AL ST 45 0 A5 AR A FE D 14
éﬁﬁ ™ Eéﬂﬂ’ﬂﬁ ERRRIE R . % Transformer FE1E Al 545
B — G A% A e 2, A 4 s o
2.3.1 bt

g 2 BT TR AR A SCHR AR R AF B
PEAT AL TEAR Y T AR Ay, Sty ks 22 i
AEHEAT DF4 LLARICEL & Z2 i B A RAAE R o A
BT B B, 15 22 WURE 22 18] A7 A2 4 I 2 il
B Rk i ik 22 19 07 205 TR R P 4 Rk
AT AN Caddition,, Add) $# I UEATIH—14k SR 4 A
5 9 4%, P U o ik 22 1Y J7 X5 ik g R AT
Add BRAEFFH-AT IR —Ak, SRS 15 2 9 5 25 YRR
ABEHAE X1 J5 ot [] — 03 & i R AR SEA T R 5
T HRAS R Z 0 5 RS2 T SR AR R T AT il
B AT LLRAS B 5 i RR AR AR S, SOG4
L, AR SO IR AR U R IE B 2 5 SRAERE T B .

Hovp, S I 3 VR R AL ot B 2 Wi
AVRFAE £, f 52 08 3 453 AH 8] 08 e AE AR Ay 1 3 T Bl
HIEIA 53 Bh Q, K, Vo IR ER I ML A HAARSE
PSR QAL S s .
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Fig. 4 Transformer feature fusion module

network structure
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Fig.5 Cross-temporal attention

i A HT4EE R d, AR (Q) A (K) DL R 4E 15
Hd, E (VA THREARS AR SR,
A s FRER DA m,ﬁ@ﬁﬁ softmax PR R IR A5 (EL 1 AL
o, FESCER IRl — 2 AR A ) R, X
LEAR AT ELE R (Q) o 8 (K) MMEL(V) AT 1
JAERE KFI V., S AT

v  (3)

k

'
Attention (Q, K V) = softmax( 0K

2.3.2 fihisd

fift A 45 L 24 B ot A4 JRUAR R R AT D A A E
VE RIS R A 0 25 R Y WCR AR FEAT Add #
VEIFIA—1k o o 45 R 15 gt s Hh 45 2R ] sl
A BN RIS, IR 45 R R AR HEAT Add #2451
—A R A RS A B RIS R 28 IR A T Sk 22 R
Zoad R AR AR AR SORE 1 TR S 6 R 15 i
AP I RAE AT R, SR A5 B I 25 R AR, 05
LRI MREE = B B TA) 5 23 A R
2.4 HHEREGMERR

I A 2R 10 R R S T M I, A SR MU 22 v
SCRAAEAR B[R, 2528 2 QAR i SUAR B
M EME R . T B 2R G m Gl LS ARG X
B R AR SCRE B TRMER A MZE B, T &
it SR B S ARGGHE SUE BT 455 NI E 47 3
S EH AR FIRAE 55 o FRROE SR G 2% SUAR IR
WNEL6 Fon , o U s 45— 045 SR RHE ]
AR SCAEHFAE R A BB G| T 25 [ 5 7 B4 s AL A B
(spatial pyramid pooling, SPP) (He %, 2015) Fl £ i
ASSCHE R AR 5 2% (PAN) (Lin 55, 2018) .

_____________________

FFAE SR A 10 25 B B

Fig. 6  Feature aggregation network module

SPP A £ 3 AR AL 2 K B A T R AE 5]
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ZRE, RE, RxI/ W= EEN5] SR FEERTSE

U PAN G548 X0 A [) JZ2 U0 B AR AE 54T 53 AT 7 1Y)
Bl HAERRIE 4 735 W 4% (feature pyramid network ,
FPN) (Lin 55, 2017) i) 26l _E380 1 A T T A9
fiE 4 FHE S50 DR T S 2 A2 AL B ARE A
FRAEARICRE Sy — 2D T o J5U0R 59 PAN A [R] R
SRR T il R Add BRAE oAb ek R R
Add #EAEECN Concat #84F . — 3 B Xl Add #Af:
SRR TR YRR T b A (e AT A, A5 2 08T
SR B RSE A S EE AE K ; Concat B2 2 X B A
FATR] RS AR [ A7 38 0 PF 42 .l i i8R 15
B AR AE B AR, T O 2R S 2 P
() 45 R AIE K138 JE 50 2 F1 . Concat B AE B4 5 & 1]
DA 22 AR 1 3 0 i — A B vy 4R P ORI £

B DR RO AR AE 1R A0 S UG 1, mT DATE S e 4B % B b
PR A5 B R E R AT . SRS KRR R AT
Concat 5 , X4 fiF [ 52 738 18 F b 4, DL 7847
T A AN ) 2 AR
2.5 SATHIHE D E

Zoad b 4D EHAL S AR SO it S
MRS I o 7E4 A RRIE RSB Z B, A SO 4B
N T B A PEL AT CBS B i 1 08 AT Jey 38 ek DL L, I
B TopM (Top-M accuracy ) A FEAE T3 25 5, I dE 47
AR o 38 5 JRy PR AR DT FEC , 6 IBCA A (1 A <08 30 ot 14
L/ USVACR ERSSRT RS (1] 15 L A5 Qs E € VA= M s E F 1
105 I R ey LTI B oL T 7o = 1
SRR DS i R A 7 B

T.WxH
D ———

B.C.W.H

nel - EEEe
N\ T S/
ARIENIHERS NASWxH 15T

| &

softmax @
NANTWH=TWH Hhith NANB.C.W.H FFHE

SIS S SR N UN T

Fig. 7 Local feature matching
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1) S WA A B SRS By ) (%) S AR A SRR 4
FEM(B, C, W, H)53 (T, WH) , }At B 4 batch-
size, C, W, H4r B EFAFE A EE R Fe B L, TR
BN C B TAL K5 n A Fe T 40 (OIS S I, BN IR
AR (T, WH) ;

2) WAL S IR I 5SS AR 1R
FRAESOR: (WH, T)X(T, WH) , e 24 i N 4~ DL B
S BOACER HE R, 4 R (WH, WH) | SR B A 46
f# softmax , #EATIH—1kL

3) K5 AR AL R AR ARAE 15 DT B S A R A
Feids  IRAFVCHL S (RRAE R NAS (T, WH) 3R I # 4
ANEIELERE R R (B, C, W, H) , x5 H51E Ry
NA(B, C, W, H)4E B R VCECRFAE 5

X EA(B, C, W, H) 4 VT ECRRE S sum
(summation )iz 5, FRIUE K AYHT M A~ VCECHRE

BE A, NV 55125 A0 1% 05 3 i 28 b i 5 %8 VT AH
O < A PUBAL Y ot 2z i) A8 A A PR (B8] n IR e Wi R 3 )
TN A BN s 25 B VR AR AR 92, N I (E UK .
BN IET A NG LE & I — A e, B
PRRZGJ2 4RI 3 s 2247 O WTEL, L) 25 Wi/s 1], N (1)
EHRAMTS, R A SR TRHIE SR A B A TR
ER A . BT, b—0AH3fe i 45 5 Fil CBS (%
AR, AL 45 SPP i . SPP AR 1y 4 it 43 TR 4%
BEARIEAT . A1 AR AR e A — A R, O i
TP LORFEBLH ;56 2 2R A28 SPP i iy Hh 5
BB IEFT Concat, 2R J5 Hodi i i — A~ B U
PURD FoRAEBIHE, 52565 1 SRR 2 5 1A LR
ey tH #9547 Concat , P 1 — A4 4 FUBLHC R | >R
FERL L, 15 3] i %y tH 5 CBS A%yt AER 1 4 B4R 1Y)
By R AT Concato fJi , AR SCKE At Z80d 5 3,
A3 0 3 BT Al A BUSEE | B SRAE | Y
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SRyt A AN A AT, e 245 B i A >4 T T
{E]LIS

3 ZWERSHH

3.1 HEE

AR 3CIE FH DAVIS 45 45 F1 YouTube-VOS %45
MR AL PERE . Hoh U ZR4E i DAVIS £ 8 5
H1 YouTube-VOS £ 48 45 th i U1 S B 44 1L, X4 1
DAVIS il 4 F1 YouTube-VOS Mz 4E 43 51 it , 43
o) A S A ) R A A T S AN [ %) B840 4 b i 1k R
LK.

DAVIS #4ls 4H B HA , DAVIS-2016( Perazzi
25,2016) 1 50 1 S it | 4 T I A0 A 4K
S 3 455 BRI, BEATUTAR S 24 /s, 1 080 p 43 B
F SR 2B AR FIPRER, i R el e R
SR GER DL H AR AR AL . DAVIS Bl 4R %
EEFR AR BRI AR X A S i okt 2
i 0] H AR o EI ) VOS Eidli 4 . DAVIS-2017(Pont-
Tuset 55 ,2017) J& DAVIS-2016 (1 2 H 9™ e, HFH
150791, YN ZREE S H i 60 AT 41, A Sy
Pl N 90 MRS T H] . ASSCES 1AIREE RS 24
I 45 S 43 ) 3 F DAVIS-2016 . DAVIS-2017 it
TR (3,

YouTube-VOS (Xu % , 2018) % #fi % /& ECCV
(European Conference on Computer Vision) 2018 #i Jii
H AR 23 LL B BT B8l 46 54T i 120 4L
AT A DAVIS FEAEA L, YouTube-VOS ()55 45 Ht
EH30MG. BikmE  BEEaFINGE DR
3471 A (65 A2 L g9 ik 4 v %) 507 S A
(RN 26 AT W51 ) FHil i 4 Hh i) 541 R4
(BN 29 ASATATILZE ) o H T A ] DL 5288 531
(A7 7, YouTube-VOS M 4E HE 4 18 & T 4% 2 A [A]
Tz ACRE J1 o A SCES 3 A 45 R R T
YouTube-VOS B i A& A7 1 A TS AL A I I
3.2 YIEAT

AR T71EFET Pytorch FFJRHE SRS ER , 451 2% B4
P I 3 28 58 SUHR 4 2R bR BIORIT softmax 451 2K BRI AR
L, BAR Ny

J=~[ylogs +(1 = y)log(1 - §)] (4)

eé’,

Kb,y ROREIEHRZE (05 1), 5 RoRBAI M A
LR, g, S i 1 A (R, € e 5 A
IR QIR e SV E 37 K 88

oAb sk T Adam O A 25 , 7E B RLYI 2R 09 90 4
Bt B , batchsize K /N E Ry 8, 2% 2] AR /N B N
1 x 1075 H I 2R3 15 T3 )L WU |, batchsize K
INAAE K ] SRR E 5 x 1075 A AL 25 3
20 HIRWIH R E Z i , #2  BEEARE 1 x 107,
I e 28 BB 5 2 58 A sk, BB I R B B
)

A CHE Linux (Ubuntu 18. 04) &40 I #t47 5056 |
HL#R i) CPU 4 Intel E5-2680, N A7 12 GB, GPU &y
4t Nvidia TITAN Xp.

3.3 iFEMIERR

AR H Perazzi %5 N\ (2016) f 21U 34T
F8 5 : J score (J) \F score (F) FI'EATHF- ¥ {E Avg
(J&F) o J score 27 FU O HER5 MOFT L SCARTE G 2
] AH 22 5B X Iz b, i 1 XA AL, F
score 3¢ 7~ FL B HE AL F1 i U FAE AL =2 [) 1 6 S s B, 2
CEAMERR RN A MR AP e s, A 1 ok R
AHERR L .

I Ah AR SCR ARk 4 F A BB A0 AT ot
(frames per second , FPS){E R &S Y PEHr 46 b1 , 1K
W A s T
3.4 HEAXE

R T A AT R PR A 1 R B AR
P, AR SO T3 e R AR 412 SR 245 1 T S WLy
TSI [, g 7 Pk B3 B A 7 RS M 2%
X 2 Hif T U B AR £ IR0 45 7E DAVIS-2017 £ dhi 4
TR LS, FEEEH T ResNet50(residual net-
work) (He % , 2016) , VGG16 (Visual Geometry
Group) (Simonyan I Zisserman, 2015) , GoogleNet
(LeCun %5 , 1998) , Darknet19 (Redmon Fi1 Farhadi,
2017), Efficient-B2 (rethinking model scaling for con-
volutional neural networks) (Tan Fl Le, 2019) , Dark-
net53 (Redmon # Farhadi, 2018) , CSPDarknet53
(Bochkovskiy %5, 2020) Fl1 7 77 %€ Hh 24 iff 1Y) CSPDark-
net53 2% i & CSPDarknet53%*,

AR SO 1 T R E 2 0 2465 el 1 T ) ) 4%

(5)

Sotima (g )=
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SER AT RO R S0, R 1 R TORFARIE SR ORI FIAR EORG E () = 83. 4%, F = 82.2%) .
B 25 A SE R i A . A SCIR N AR SR UM 48 2B e, 785 A S 56 P 6 TS S CSPDarknet53*4
A H TR RE IR 26 v R BRI, HA e B X SRR AE SR B R0 2%

F1 FREKFHEREMNRSLIRE R L

Table 1 Comparison of experimental results of different feature extraction networks

1%
g 245 Avg(J&F) V Avg(J&F) J F
ResNet50(He %,2016) 68.6 -14.2 68.4 68.7
VGG16(Simonyan Fl Zisserman , 2015) 67.5 -15.3 67.0 67.9
GooglLeNet(LeCun %%, 1998) 75.7 -7.1 75.2 76.1
DarkNet19(Redmon Fl Farhadi,2017) 81.4 -1.4 81.0 81.8
Efficient-B2(Tan 1 Le, 2019) 78.9 -3.9 78.8 79.0
Darknet53(Redmon #l Farhadi,2018) 82.4 -0.4 82.6 82.1
CSPDarknet53(Bochkovskiy % ,2020) 82.1 -0.7 82.3 81.9
CSPDarknet53* (42 3C) 82.8 0.0 83.4 82.2

TE R RS S 9 I LA 2R, V 3R 5B R B 251 .

R 30T R AE K Y B W AT AR AE BRI S 3 block attention module) (Woo %5,2018) o 5 4R )5 k&
Transformer FFAE AR, 27 1 55 1 TS5 QBT TRy PEATSEERXT L A5 R AR 2 s o T LK B, Trans-
FRIE, 8 T 35 UEAS SCH Transformer BEEXT 701 former [b 45 ]V 5207 BEH A 2 AR A B4R AR 22 47
B FE R, AR SCHER B T T I RSSOk B (Avg(J&F) = 82.8%).

Transformer £ 8 1 A7 8 PE o 4300 /& : 1) £ 45 Trans- &1 8 ' T AR SUAREASE AL 55 31 il ST 6 A5 780 AR A

former R AIE fill 55 BB 5 2) K Transformer FFAIE Fill 5 52 153 B 45 e XS . AT LU Y, #% Transformer 52

BB e o T R ML A B CBAM (convolutional B f5 43145 FARAG I ALK , H 30 B b i
&2 Transformer B & &R H Bh 00 45 R AT L

Table 2 Comparison of ablation experiment results of Transformer fusion module

1%
S Avg(J&F) V Avg(J&F) J F

244 Transformer i 78.9 -39 79.2 78.6

J CBAM {12 /)BT H 46 Transformer F5E 4 80.1 -2.7 80.3 79.9

AR 82.8 0.0 83.4 82.2

TE R RIS S 9 I LA 2R, V s 5B R B 256 .

(a) JoTransformer (b) ':—JEI‘EU‘BE%?J'J () 3L
K18 A SO I I b 52 56 53 45 SR e X L

Fig. 8 Qualitative comparison of segmentation results of model ablation experiments in this paper

((a) no Transformer; (b) spatial attention; (¢) ours; (d) ground truth)
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A XA A IE O o WS Transformer FE1IE Rl &
R 8 DAy 2 ) T T Ty R, W) 2 s B 00 0 1
B, AR AL 73 F S5 R 223X FE 7 U T Trans-
former A5 HR T AT T T 00 A7 452 K52 i)

ARICTTETERER G B 5] AT PAN
SEF A SPPALEL , FF X PAN 5854 1 2kttt , o 743
S SAEAS SCRACE Y PAN 4514 F1 SPP A HGT 73 FIRCR
(RS2 R, P BT T T I T S 6 Ok 0 i el i 1)
PAN Z5 4 F1 SPP SR AT R o 51X PAN 254, AR
SR Rl S 6 2 fiT T SR DA B PAN 45 48 AR
SCHUHE R Y PAN Z5 A HEAT X LG, 12 S 90 6 L4 2R 4
T3P, ATLIOE R A LEJE AR Y PAN 2544, kit
) PAN Z5 ¥ w] A7 2042 ) 53 F) 1 68 (Avg (J&F) =
82.8%) . &9 Y P4 73 HI 45 R P X FE 7R 1
i FH LR 79 PAN S5 A A7 A 480 22 T 53 0 DI, T el ik
(19 PAN 25 R ] A5 250/ T A6 DI , I8 35 42 T 0 102K
38 UL W PR B PAN 25 AR X TR GG PAN 25 4%
X PR AT T P 0 A5 SR

3 PANZMEREIWERTLE
Table 3 Comparison of ablation experiment

results of PAN structure
1%

M Avg(J&F) VYV Avg(J&F) J F
JE IR PAN 79.9 -2.9 79.6 80.2
ik PAN 82.8 0.0 83.4 822

TE NP ARSORA S B LS5 3L, V R 5P R 2411

(a) JEAPAN  (b) BUHAIPAN(A D) (c) E{H
[E19  PAN S5 4 T Bl 52 30 43 1) 45 L ol 1 X Lk

Fig. 9 Qualitative comparison of segmentation results of PAN

structure ablation experiments ((a) original PAN;

(b) improved PAN (ours); (¢) ground truth)

X6 SPP AR R, 7 ST I Rl S 56 2 25 4 SPP AR
BRI SCAH F SPP A E AT X L, 12 52 56 %) [ 4%

W AP . wT RIS R, 25 SPP REER 5 43 I 45
PR Tl SPPBEH i 45 SR 48 AR o 181 10 B9 I 4143
H SR E MRS L I 7R T AH L T TG SPP R B i) 53
15 SR SPP LB 1k 9 7 FIPEREA BTS2 T, A1 A0k
AT A AR AG: DX, 33X 156 B SPP A LS L4173 1
BORRRTHES] T —EH Bl

F4 SPPEBUHBISSIGERITLL
Table 4 Comparison of ablation experiment
results of SPP module
1%

R Avg(J&F) YV Avg(J&F) J F
JG SPP 80.5 -2.3 80.6  80.3
A SPP(A ) 82.8 0.0 834 822

TE P AFR BB A R, VIR 5V RAER I 22

(a) JGSPP (o) B{&
E110  SPPREHE fliSE g6 43 51 45 5w T L

Fig. 10 Qualitative comparison of segmentation results of

(b) HSPP(Z L)

SPP model ablation experiments ((a) no SPP;
(b) with SPP (ours); (c) ground truth)

3.5 EREEXL
3.5.1 SEERESRE R

R S—RTIPNER T A SO 5 21 1] 323 1)
BT H b5 43 H1 )5 ¥ E DAVIS-2016, DAVIS-2017 Al
YouTube-VOS ZHE 4 4] LLZ5 4

F SN T 10 PR H DAVIS-2016 Il k4R
IG5 RIS RIAE DAVIS-2016 R 4R | #4945 T 15
iR G ARSI R . Horh s 2 81 R R T
TELWON o A7 2807 BB AE I ZR A U 2545 21 ALY AL
B E AT, A X D AR EA R X Ry
SR JE T AT EAE LM 1Y 7%, 41 RANet (ranking
attention network ) (Wang 2 2019) . SAT (state-aware
tracker) (Chen %5 ,2020) . CFBI (collaborative VOS by
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ZRE, RE, RxI/ W= EEN5] SR FEERTSE

&5 DAVIS-2016 K& FMEELER
Table 5 The quantitative results on DAVIS-2016 test set

) 244 el J1% FI% Avg(J&F)% T 25/ /)
0SVOS(Caelles % ,2017) N 70.3 72.7 71.5 5
PLM(Shin Yoon %,2017) N 74.0 73.2 73.6 30
STMVOS(0h%,2019) x 80.2 79.7 80.0 15
RANet(Wang %5,2019) X 78.1 71.5 77.8 5
SAT(Chen %:,2020) 78.9 78.4 78.7 10
LWL(Bhat %,2020) N 79.7 79.0 79.4 3
CFBI(Yang %,2020) X 71.6 70.4 71.0 10
MATNet(Zhou % ,2020) x 80.2 79.4 79.8 7
BATMAN(Yu%%,2022) x 80.7 79.5 80.1 20
RHMNet(Zhou % ,2023) x 81.2 79.4 80.3 18
AL x 81.5 80.9 81.2 22
U LR F R A8 B R D 28 1 o N B TR O, X7 F R Al FAE SO
#6 DAVIS2017MliX&E FMEELER
Table 6 The quantitative results on DAVIS-2017 test set
G T J1% FI% Avg(J&F)/% T3 2 /(1 /5)

0SVOS(Caelles % ,2017) N 722 76.4 74.3 5
PLM(Shin Yoon %,2017) N 73.4 743 73.9 30
STMVOS(0Oh%,2019) x 76.7 76.4 76.6 15
RANet(Wang45,2019) X 74.6 73.9 74.3 5
SAT(Chen %:,2020) 75.2 74.6 74.9 10
LWL(Bhat %,2020) N 76.3 75.7 76.0 3
CFBI(Yang %,2020) X 68.0 66.3 67.2 10
MATNet(Zhou % ,2020) x 77.2 76.6 76.9 7
BATMAN(Yu%§,2022) x 75.8 77.4 76.6 20
RHMNet(Zhou % ,2023) x 77.6 77.2 77.4 18
A X 78.4 77.9 78.2 22

LR R A S e R S N FR BRSO , X 2R A PSR B

foreground-background integration) (Yang %5 , 2020)
4o 53—k (0SVOS . PLM . LWL) 3t Tl 4445
RS H, AR E B T S RO R . —
JROR UL, 7 2 WA E 0% ol A5 70 B el 52 HCINY 1 £ A
WIURE AT I RAE , (EL 2 B ) AR . AR SCRERY g T
ANt EIOR 0 7 1%, A RAIE 23 R A B L RE
WAFAE TR L BROR 28 07 125 1 0 FIROR , I g AR SR
TITE N2 [ B3 B b H AR ) A3 RS AE (4
WUAF BVARAE ), D5 AR 68 35 1 i 12X 4 v ) £ 1) 4% Ao

Ak

M5 AT LUE Y R AOM ) 5 ¥, i OSVOS .
PLM (pixel—level matching) (Shin Yoon 2%, 2017) Fi
LWL (Bhat 5%, 2020) 7¢ 1 s P4-PR A4 0] L4381 30 18 ]
& (PLM) , 18 1 ] L 53 %) 3~5 i &1 4% (0SVOS Fl
LWL) , FEI A, AR SO R B 42 M 48 g Ze A ok
T 4, 7 34 RS AT DL 43 22 0 R A LT
LWL V- 35 5 70 43 51 3 i BIR , A% SORE AL Y o i
LWL 7. 345, ELAESBESR T[] , DXSAE BLEE T
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%7 YouTube-VOSHlliX & FMEEHER
Table 7 The quantitative results on YouTube-VOS test set

[ 2% Avg(J&F)/% Jo 1% F. /% e F,..1% T /(i /)
0SVOS(Caelles %:,2017) 69.1 66.2 76.2 61.8 72.1 2
PLM (Shin Yoon 4§,2017) 62.3 67.4 60.1 63.4 58.3 13
STMVOS(0h%,2019) 58.7 61.9 57.4 59.5 55.9 7
CFBI(Yang%,2020) 56.9 57.2 54.7 59.1 56.6 4
RMNet(Xie %5,2021) 59.3 62.5 59.3 58.3 57.2 6
RHMNet(Zhou % ,2023) 70.5 68.1 783 66.5 69.1 8
A3 71.2 69.3 75.9 66.7 72.7 10

T VL P RS R 5 8 R A2 2R

FIR BRORG B F AT R 058 T 3 R e SR A0l 7 v, BT LA
AR SCAE AL [ 43 1 b O e A Tk e e 2k T
J5 i o T STM A5 Y 55 2 K a7 A i 1A 1T A9 A5 A1E O
Iia] Je 47 R 2 B >4 i it s A 000 14 3%, T EL ST™M
TR IR X35k 31 25 - 2 E A 4 R 80. 0% Y 431
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Fig. 11 Qualitative comparison of segmentation effects of various video object segmentation models
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Fig. 12 Comparison of the results of multiple models segmenting complete videos on multiple video target segmentation datasets
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