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Spatial-temporal Progressive Learning for Video Salient Object Detection
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Abstract: Video salient object detection (VSOD) can continuously locate motion-related salient objects in video
sequences by combining spatial and temporal information. Its core lies in how-to efficiently describe the spatial and
temporal features of moving objects. Existing VSOD algorithfns mainly use optical flow, ConvLSTM, and 3D
convolution to extract time domain features, but.their continuous learning ability of temporal information is insufficient.
Therefore, a robust spatial-temporal progressive learning network (STPLNet) is proposed to realize the efficient
localization of salient objects in theivideo sequences. In the spatial domain, the method uses a U-shaped structure to
encode and decode each video ffame. In the temporal domain, it progressively encodes the features of the moving objects
by learning the features of subject parts and deformation regions about the moving objects between frames in the video
sequences. In this way, the method can capture the time correlation features and motion tendency of the objects. A series
of comparative experiments are carried out on four public datasets, with 13 mainstream VSOD algorithms involved. The
proposed model achieves optimal results on multiple indicators including maxF, S-measure (S), and MAE, and it has
excellent real-time performance in running speed.

Key words: video salient object detection (VSOD); deep learning; spatial information; temporal information; static

feature mining; motion feature progressive learning
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S P 70 43 1 R RS

1 IHRSIR RN T

Hi DAVIS FBMS VOS
SFM MSFE RFE maxF S maxF S maxF S
N 0.797 0.855 0.845 0.871 0.740 0.822
\ S 0.864 0.895 0.879 0.887 0.800 0.855
v N 0.866 0.895 0.865 0.880 0.788 0.847
\/

N N 0.875 0.900 0.881 0.890 0.804 0.856

T IRLE R 598 55— o)

SFM: # % BB MEPL [7 I {55 SEM 45 g A2,
TE M RETE W 0V 0 T 25 2 IV RHAE £ S B 2
REJ1. W3R 1 AR L ATE TR, MU SFM 2 AE
I SRR R RR LU SR %45 I IE T SFM REV] D 42
BRI 2% ST N 7 B 1 25 T AR IR, 9 B33k — 20 X i (]
SR AE B2 ST R 7 SRR, SIE B T A A TR 2505
EJIESRACE

SFM+MSFE: MSFE & fE£F %112 3h H Ax E A5
HEATIRRFAE 24 5. R 1 5 2 4TS5 R, 2 SFM
AT MSFE L [FIE F IS, S92 b FAUE A SFM 38 n T
of Bsf TR SRR AAE 1) 2 ) LS A T I B0 %S00

iE 7T 9 MSFE R 2= 3] 2 a) H AR A, |

[EERRNMPOELLINCATS S Qi il

SFM+RFE: RFE %f T 41F 580 B 37 % X it
175 2], [FE ik — B AR A AR A R AE. sk 1 T Eg
3ATEE BTN, BRI RFE 1 5 A 1R 4 3 I 45 11E
= N AR N SR S A

SFM+MSFE+RFE: 24515 71 ) MSFE #il RFE 3t
[F) LR FH IRE, R B ka2 5l B bs B 2445 70 AR AR X
SR IR 27 2 SRR, 8149 55925 6 0% 5 B b of I 3 1)
EEFFERT AL, G15R 1 2 4 4755 RFTR, %505
F843E BA BT ¥ i i) MSFE Al RFE 3% [ 15 i i RE i 5%
I M oF 328 2 H bR A8 o AR EAT B AL, (RIS BN
HERR A SE 21 B AR 118 a3 I x5 HB AR 43 147 %
1. it w] W, MSFE #1 RFE f 3 [F 1 F T AN ik

ety EE HAR TR ERTE, Bt DiE 1 ik
LA R,

AR SR AR B (R 45 R BEAT T AT, et
ESE T AU RO, Ak 6 B, 24 A R i
RS, B B b R IS5 R, Be s 5 B b e A 3
BAEEEH AR

(@) J¥%  (b) kr% (c) MSFE+RFE (d) MSFE  (¢) RFE

K6 s R T ARt

322 AN[FAFFERRE 7 S0

N T 5 b BRI R AE 1) MFPL 3#E47 43 4T,
iX HLYE DAVIS, FBMS #1 VOS ¥4 FI6IFAS [F)4F1E
Rl 5 SO T R E A R 2. Wil 4 B, X T
MFPL H ) AN R PR B S5 4 (FREFFAE R & 77 20), 4
S HEATAS 7] ) Rl A B4 52 50 PE% (Concat) RN
(Add). gtz s 77 NER S5 R B H 1R
F10 SR 5, i A R8N, AR & 7 30U B A
8 0 2 AL R 64 2 AT R AT FL S 808 S5
EH. W3R 2 T 24745 SR AT, 12 DAVIS Hididk 1
MR A T 20 maxF B AR BT PR A 7 R T
0.3%, 1l B 3% T 0.2%. 7E FBMS Ml VOS %i#E 4k
AR 2 7 R0 maxF AL S 8 W3R F BB R A
i NGRSk E, Mt T Pz s 5 =X, A naa
2NAT PATE 4 FEWAS RIS AE, B 1A 205 B K. b,
BEIN T XA HE X R B A B R R AR HAAR R
Bl 4E A, 28 T Ja 2211 2k, % SEE50E T 78 MFPL
i, 5 AR I A 72U U7 AR T B R SRR P A

K2 ARG R

. DAVIS FBMS VOS
a7 =
maxF S maxF S maxF S
Erizes 0.872 0.898 0.876 0.882 0.793  0.849
A 0.875 0.900 0.881 0.800 0.804 0.856

TE: IR % A 5 AR

A 7 AT, O b T AR RO B 2 R T B, AR
R 7 R TN 45 R B 3T T A R [ A X M s e 2R
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AT PN R R SR A e, A SO AR InE A AE A
MFPL H [FJRFE R A 7 =

(a) J7#%1 (b) br% (c) B

(d) P
7 ARG T AR WA L

3.3 5h#HEEIIL
331 EESHT

AR 5 4F 13 A ek Skt 1y e & o i se i,
o H AL SCOMP™, SCNNPY, DLVS™!, EGRN!],
MBNM“Y pDBMI'™ sSAVE! NHM™, STFAP!,
CAS™. MSAA™! STEG®?, PVSODPY. 1 7 5236 1 78
I RIS, B T b e i S AT 8 A
g5 Rk B AR R MRS, TRUEAR [ bR . 72
DAVIS, FBMS, VOS #1 DAVSOD ## % Xt il 5 5

AT R — V. gk 3 AR, A maxF, S, MAE {E
NP R AR R B8 AN [F 592 AR I BE /7. A Szt &5
KE, ARSCHEIRIEZ AN A A 50 42 A Re 8 A U
MIRCR, AU D85 (R bR Al A R AH 5 B I I FE b
WA ZE AN, W3 3 Fios, 75 DAVIS #dl 4 FIA &
TP 3 AN VEAN PR AR 4E H. e maxF (5 2 B 5L
STFA 1%, S fHEEH 2 2 4 537% SSAV 0.7%. 7£ FBMS
Kt rh, P B maxF (BT S 8. BARSRSE, maxF
i 38 2 A 53 SSAV 1.6% S M 1.1%. £
VOS Fl DAVOSD %4 4 1) 25 FARIF L f i 51).
1, VOS L] maxF{ELAN S LA 5% R B HEA 2
=, 3t maxF {HAT'S {E4) 5175t 8 2 44507 STFA 1.3%
H10.6%. 1£ DAVSOD XA~ 4 (1) A Bk il 1 1) Hic 4
B b ARSCHEER 3 MM IR IIHRESS 1 4, IR T H
fih B3k, e maxF B H 2022 4F fHT TG W AT i
FE H ARSI L PVSOD 0.5%, [All MAE 15 F#% T
0.6%.

%€ B AT SEEG BIE T BT H ) SFM e i R 4T
iy AT P2 4 L S A TRLRRAE, JF H MFPL e85 4T
XFI2 3l H bR AR o3 FITEAR DX 88 P 77 TH] $ R 27 =) 3]
RN RIS [BARFALE, IR B AR SR R A R

#3  ANEBEEBRXT
P, DAVIS FBMS VOS ¢ 'DAVSOD

maxF S MAE maxF S MAE maxF S MAE max/F S MAE
SCOM 4 0.783 0.832 0.048 0.797 0.794 0.079 0.690 0.712 0.162  +0.464 0.599 0.220
SCNN g 0.714 0.783 0.064 0.762 0.794 0.095 0.609 0.704  +0:109 0.532 0.674 0.128
DLVSq 0.708 0.794 0.061 0.759 0.794 0.091 . 4 0.675 0.760 0.099 0.521 0.657 0.129
FGRN 4 0.783 0.838 0.043 0.767 0.809 0.088 0.669 0.715 0.097 0.573 0.693 0.098
MBNM ¢ 0.861 0.887 0.031 0.816 0.857 " 10.047 0.670 0.742 0.099 0.520 0.637 0.159
PDBM 4 0.855 0.882 0.028 0.821 0.851 0.064 0.742 0.818 0.078 0.572 0.698 0.116

SSAVy 0.861 0.893 0.028 . 0.865 0.879 0.040 0.742 0.819 0.073 0.603 0.724 0.092
NHM,, — — § — " 0.849 0.868 0.051 0.729 0.810 0.072 0.630 0.729 0.090
STFA,, 0.865 1 0.892 " 0.023 0.856 0.872 0.038 0.791 0.850 0.058 0.651 0.746 0.086
CAS,, 0.860 " 0.873 0.032 0.863 0.856 0.055 0.774 0.808 0.051 0.608 0.699 0.086
MSAA,, 0.844 0.880 0.031 — — — — — — — — —
STEG,, — — — 0.813 0.837 0.066 — — — — — —
PVSOD,, 0.844 0.869 0.041 0.862 0.873 0.042 0.729 0.811 0.074 0.659 0.744 0.085
AL 0.875 0.900 0.023 0.881 0.890 0.045 0.804 0.856 0.059 0.664 0.747 0.079

IR SO B — S5 R, ARSI AR T BT B I 18], — R R ISR AT IZ AR IR

332 M

TR B, ax BLAE A A B e ) 2 R e B
FEREAT AT e M A, Herr A B9 SCOM, DLV,
FGRN, MBNM, PDBM, SSAV, STFA F{E R ¥4k L%,

el 8 fiaw, WAL ES RRE, ASCR LR A
B ORI E /0, BE 08 B HER B M AN R H IR
B AR S 25 P R, i D T P AR R A AU A v
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() STFA () AKX

K8 ARISEBCR AT MR EE

R4 HPEAEAFIEUESE L FRIEE (fs)

EISIES . AR B
DAVIS 27
FBMS 28
vOs 29
DAVSOD 32

T - R R AR SR RS i

Ak, 5 6 MANEI S 3t S5 AE DAVIS #dask b
AT RIS TR0 B, BT A 45 RSBk B A R R IR L.
W 5 R, AR SCEVERRT IR FE A 27 /s (Bl
TUEFTE] A 0.037 s), i 2 ST PE 7R e Bk MSAA
B BA RS S BN TR)5 5] 1 0.01 s, {BAE 2 HUREAE ERIRE

DA FEAN ARSI, 36 K, AR SR 0 A i
AR SIS P 1 [ e s 0 o4 0 B2, A 2 A B AR L AT
AT HIR L.

RS AFESLEIAI FXTE (s)

Hik )
SCOM 38.8
SCNN 38.5
DLVS 0.47
PDBM 0.05
SSAV 0.05
MSAA 0.01

AL 0.037
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