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Light Field Saliency Detection Based on Joint Sequence and
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Abstract  Light field captures rich spatial and 3D layout information of the scenes. Therefore,
light field salient object detection has attracted extensive research attentions recently. As light
field contains multiple images with different characteristics including focal slices and all-focus im-
ages, conventional saliency detection methods based on RGB images fail to explore and integrate
semantic information from focal slices, leading to suboptimal results because the relative contri-
bution of different regions in focal slice sequences is ignored. In this paper, we propose a novel
light field saliency detection method based on joint sequence and spatial attention mechanism.
Firstly, we extract semantic features from focal slice sequence with RFB module and feature pyr-
amid structure. The extracted features not only capture global context, but also retain rich scene
details. Secondly, to integrate the salient features of focal slices comprehensively, we propose a

joint sequence and spatial self-attention mechanism. Specifically, we introduce self-attention on
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semantic features from focal slices within certain spatial context, which builds both spatial rela-
tions with long-range dependencies and inter-sequence correlations simultaneously. Such mecha-
nism dynamically integrates semantic information with different importance on different feature,
which is beneficial to predict complete salient object. Finally, we propose linear fusion to effec-
tively aggregate information from both focal slices and all-focus image to generate accurate sali-
ency maps. Our proposed method is simple to implement. We conduct comprehensive experi-
ments on DUT-LFSD, HFUT-LFSD and LFSD, which are the most widely used benchmark for
light field saliency detection. We compare the performance of our model with 28 state-of-the-art
methods. The quantitative evaluation metrics include E-measure, S-measure, F-measure and
MAE (mean absolute error). The experimental results demonstrate the superior performance of
the proposed model in terms of all evaluation metrics. In addition, we also provide visualization
comparisons of our method and representative competitors. The visualization analysis also veri-

fies that our method effectively improves the detection precision of images with tiny objects and
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complicated backgrounds.
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B SN T BA E 5 M A Y B R L
il B 25 () B 1 om0 R 1L 50 b 45 4 X g 5 £ M AR
PG ) R AE 20 7 R FH 233 T) 1 3 3 T ML AT R AE
HUOR ANHEAT P S04 BE B REAE RS B R A R e R
FH ¥ 50 7 725 1 ML & ERR P 91 R AE , 15 5% 25 18]
e =k N N g i o N = S AUt SR AR
FH 2 (8] 2 ML Rl & 25 8] 1R SOf B TR T
HVE BT HLH Rl HE AR Y B RR R, AN 7] 25 4 1 e X
FL 2 3 an 2 1 R, G o 35 o A5 0 R R AT f] 5 41
EOREF=wal:. Ee g 1
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% 1 DUT-LFSD ##F& F AR R E MK F 55 & 77 X3 8 2 1446 4 48 50 %
. DUT-LFSD LFSD
Tk MAE v F-measure # E-measure # S-measure } MAE vy F-measure # E-measure # S-measure }
R 0. 0362 0.9161 0. 9432 0.9119 0. 0810 0. 8627 0.8721 0. 8293
AR ZRiv=wil 0. 0354 0.9169 0. 9445 0.9137 0. 0797 0. 8663 0. 8758 0. 8284
LRl 0. 0355 0.9179 0. 9442 0. 9140 0. 0803 0. 8644 0. 8754 0. 8282
FPAERE S S MER S 0. 0349 0.9182 0. 9462 0.9146 0.0795 0. 8693 0. 8779 0. 8346
HMER I+ FHIER T 0. 0346 0.9174 0. 9457 0.9153 0. 0790 0. 8689 0. 8794 0. 8338
AT vk 0. 0338 0. 9186 0. 9472 0. 9170 0. 0781 0. 8726 0.8918 0. 8465

I 1 Al UL R B 3 0 HL ) A0 = [ AL
R B B v TN % 2 2R L U P
L T L) Sl A 3 G 1 1R ) e 91 AR AU DG K A 23
(1) AR5 A1 SR B 4% T L2488 o A 2R 0 I 25 M I e G 0 ) o
B O 3 T R B T L AAS TR s B AL
EASE IR, I 5 PR A I 1 RE A LG S AR A SR T
Y45 & ¥ 51 A0 25 6] 3 0 0 m] DL S8 e 5
AE. EL2 20 57l A PP 51 A s ) 4 B2 BT SO BE
FEOM SRR AE Z 18] B AR DG k. AR SCHR Y RS R 51
2 ] B [ T R AL AR 45 R A BT A 48 b L AR
P At XS HE 45 4 2 4R T L SRk 1K ) 81 A =S ]
(4 F1EE T T ML B A Rk
4.3.2  AS[AVE H R/ R

Oy 3t — 20 T 5 B S A PR TN A5 Bl v I 1

23 6] Y 7 ML A RO AR SCER 98 T 28 )
RN o S S 3 A I BB R S e A 2 TT LA
Bl 45 H /N RS A, 7E DUT-LFSD il i 48
FLFSD #5448 [ 3 VEAS I i vk e S 4 L )5 B
I8 AR A B T e b, X S i TS 5 A as
T P9 1 3 2 7 WL 0 233 D) 0 1 RN 94 o 436 2 52 i)
AARRAE A 23 ) AR 3k 0 B DL Ke 2 A & iR
B o R BSCEE . BERR T ok /NS AR AR A il HE AR
FEAE B 25 R 25 8] 1 F SCAE B A R, 52 A5 B A 4%
PE MR B L 5] A T AN LI T 50 , B AR
RUGh A HERRFRAE RO RE 1. 26 3 /R T 1 1 K/ NVAE fext
SR AR MG UM A BE A 5 . A UM, 8 < 8 1 7
KN AR A B P . R I AR SO £ M AR 4% T
DNASTH N 4 3R A U TR e v o 3515258 8.

x2 BAFJNMZEMNBEEANE P m WELST DUT-LFSD #1 LFSD £ # & 14 88 %2
DUT-LFSD LFSD
m
MAE v F-measure # E-measure?  S-measure 4 MAE v F-measure #  E-measure 4 S-measure A
4 0.0352 0.9170 0. 9489 0.9141 0.0797 0. 8741 0. 8783 0. 8324
8 0. 0338 0.9186 0.9472 0.9170 0.0781 0. 8726 0.8918 0. 8465
16 0. 0355 0.9160 0.9473 0.9102 0. 0790 0. 8747 0. 8794 0.8338
®3 ZTEBEBENNGE T m HEAI DUT-LFSD 71 LFSD ${#7 £ 46 M
DUT-LFSD LFSD
m
MAE v F-measure # E-measure?  S-measure 4 MAE y F-measure? E-measure4  S-measure 4
4 0. 0387 0.9099 0.9443 0.9051 0. 0840 0. 8687 0.8713 0.8223
8 0.0376 0.9143 0. 9456 0.9091 0.0821 0.8717 0.8743 0. 8269
16 0.0379 0.9096 0. 9457 0. 9060 0. 0825 0.8719 0.8737 0. 8260
32 0.0383 0. 9086 0. 9449 0.9042 0.0832 0.8711 0.8724 0. 8241

15,5 BUBRA BH RO

T 43 b A B B 2 B T 2 FROR T B
Tl 2 5850 5 7% SCAR 0 9 20 M 4 7 o AT T L O
B D T L e R 190 T30 e
5 4 5 A PR B A B 10 5 5 A 45 R S 82
G I8 2 B33 B 00T 4 B A A 2 )

BEPERGER S, L4 R R AL
BEERMZEIR S, 1S mb.
SR RS A FT R LA SOR 0 2 P 4 1

B A 45 3R B AL . Bl A B 7R B 4k DUT-LFSD b
1 & B PRI 25 SR AE MAE 48475 1353 T 0. 0304, 4
LR & I T T HL A B S 5 i B — E AR R A
AT fR AR AR 4 R Al RS A BANME B IF —
SERERE TR E ML R, Hih T DUT-
LEFSD % 85 4 09 B4 i A R ROR & o &t
L

e ARSCHETE T RE AL o B9 22 1R XS il 5 25
KBTI, AE 6 Fr R, 2 o S 0 IF, R RLR AL D 4L
fili P 4 2R A PR 2E A7 3 R B0 2 o« B R
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MAE 5 S-measure WHEZ .2 « N 0.5 W,
LRl ERCR R, B « E—HH R, 2 RER G

F14 S B BT A R S B RO L T T
Pt FEAR SCHY S s o 295 0. 5.

R4 ZHEEKEGTUNERE2RBERGTNKRRA S 5 E7E DUT-LFSD 1 LFSD HiR&EH L &R

sok DUT-LFSD LFSD
‘ MAE F-measure # E-measure? S-measure # MAE ¥ F-measure # E-measure # S-measure 4
5 HE A PB4 TN A% e 0.0338 0.9186 0.9472 0.9170 0.0781 0. 8726 0. 8918 0. 8465
4 AR IR TR A B 0.0376 0.9143 0. 9456 0.9091 0.0821 0. 8717 0. 8743 0. 8269
B A 0. 0320 0. 9200 0. 9520 0. 9205 0.0736 0. 8800 0. 8966 0. 8526
P TAL I Bl 0.0326 0.9196 0. 9508 0.9193 0.0743 0. 8735 0. 8921 0. 8458
MRS (R3O 0. 0304 0. 9365 0. 9553 0. 9245 0. 0720 0. 8831 0. 8973 0. 8536
g ] 0 L4 2 RS RRIE A 5 4 A R
---MAE N y: e 4 2o L
0.925 | — AR SCAE R AR B OB B b (R RRAE 4 S A5
o (FPND ™ il 2 R P O S 3 o i
ot A 2 R URFIE. 4305 CPD M4 2 R
$0915 Z P T e sz ~
£ Lsi5s™ FERRAE Al A 25 M EAT T . Ak, R CPD M
0.910 ] IR TEE A G 2 RO SCRRE , e A e £ +F
0.905 10032 ANAEWNR 5 o , G £ AR G 00 A5 e F 4 R AR
0.900 0.030 PG I B B, SR FH FPN 4544 52 B 22 R RE R AE fl

¢ 01 02 03 04 05 06 07 08 09 1
alpha

Bl 6 o A8{bx%t DUT-LFSD %24 45 14 fig 5 i

T CPD 4544, Bk 1 A SCBe i 9 22 RO AR AE fil
A .

K5 SREHSERE %I DUI-LFSD 1 LFSD #iB &£ 3t tk & 8

. DUT-LFSD LFSD
7k MAE y F-measure # E-measure?  S-measure 4 MAE v F-measure # E-measure?  S-measure A
FPN-+ £5 i 0. 0338 0.9186 0. 9472 0.9170 0. 0781 0. 8726 0. 8918 0. 8465
CPD+ fEHERS 0. 0342 0.9118 0. 9465 0.9129 0. 0790 0. 8747 0. 8794 0. 8338
FPN+ &R 0. 0376 0.9143 0. 9456 0.9091 0. 0821 0.8717 0. 8743 0. 8269
CPD-+ 4= 4 0.0379 0.9144 0. 9449 0.9073 0.0828 0. 8708 0. 8732 0. 8252

4.4 XLEELBEHIHF

AT 28 Fhofe i i b 2 PEAS I O 9 R AT LR
o, BT 3 R 2 PR Ty 4 PAN-
et LPNL'" | DGENet"™ | WSLF""' | SANet"™" |
ERNet"" . DCN™ | LFNet™" | DLFS"® I LFS"* ;
BT 3D R B3 MR ¥k A 4 FSLNet'™ |
TMFNet"™ | ASIF-Net'"”) | HAINet"™ | D3Net™" |
HDFNet”" [ JLDCF™® [ S2MA"*) Hil PDNet"" ; 3 T
RGB % #4346 0 7 3 A 45 ICON™" | UD-
Netl | F*Net® . MINet' ., EGNet™"” . Pool-
Net""” | BASNet""" | PiCANet"™ I R*Net"*"',

HH 2% 6 AT UL, X bE 3 T O 3 R 9 3 v A
B, 7F DUT-LFSD 046 48 I, A SCH i i 7 i AE
JITA 6 AR AR R T2 R PR RE. Hh MAE
0. 030, H YAl fe 4 O B B0 SANet 5 0. 002, i 1
AR SO AN 1§ 25 P AG I 45 SR AE AR R O B S | 5
ks #. £ S-measure, E-measure fll S-measure 1§
Pl L H B iR A 45 R — SR T i — 2P e i

J7 ik S EE M, AE LESD MHaU4R I A SO i 7 1
IS, A0, 7F F-measure 3845 L, H % I
7 ERNet #25 0. 028, HE 5 brth i 2 & T
AR A T s, DR AR SO R ik B
58 132 AL fg
4.5 AR SH

Sk TR R s AR S A At AR e A
BI85 RS AR SCHER 7 R RR T & k7
DUT-LFSD M4 | Y 35 PEAG ) 45 21

A B 25 S H BT L A SCHR Y Y T 1 A I S
Xof L BE 22 S 5 /0N O 2 ORI I 3 6 G R/ IN A A
T SR I T E HAR. N 3.6.7 ZERE A XF
P25 B8] I, M 5 5 1 500 06X b B AN
BASNet,ERNet,MINet,PiCANet A g AR & Hi 10 il
5 T I A S0 A A TR AT DL v N R 2 Y B
rhR 2 B AR, N 8.9 SEAE B A X 2 R T UL, Y
35 R RN SCAR A 2 i, BASNet, HAINet,
HDINet il HDRNet & Il i) 18 35 XF 5 A % 52 3 L i
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%k 6 YSZEimFiE7E DUT-LFSD #1 LFSD #148 &£ 1% 86 bk &

. ‘ ) DUT-LFSD LFSD
e J5 i FiF (] - -
MAE vy F-measure # E-measure # S-measure A MAE v F-measure # E-measure # S-measure 4
PANet""™ 2023 0.042 0. 892 0. 941 0. 897 0. 080 0. 853 0. 882 0. 842
LPNLH 2022 0.091 0.813 — — 0.111 0. 804 — —
DGENet"® 2022 0. 040 0. 881 0. 944 0. 897 0. 075 0. 839 0. 890 0. 847
WSLFSH 2022 0.043 0. 884 0. 937 0. 889 0. 080 0. 835 0. 880 0. 831
SANet'?!] 2021 0.032 0. 920 0. 954 0.918 0.074 0. 844 0. 889 0. 841
4D ERNet'™ 2020 0. 040 0. 889 0. 943 0. 899 0. 080 0. 855 0. 895 0. 849
DCNH 2020 — — — — 0.116 — — 0. 810
LFNet™™ 2020 0. 055 0. 833 0. 878 0.913 0. 092 0. 805 0. 882 0. 820
DLFSH® 2019 0.076 0. 801 0. 891 0. 841 0. 147 0.715 0. 806 0. 737
LFSH?] 2017 0. 240 0. 484 0.728 0.563 0. 208 0. 740 0.771 0. 680
A3 0. 030 0. 937 0. 955 0.925 0. 072 0. 883 0. 897 0. 854
FSLNet!' 2022 — — — — 0.074 0. 861 0. 894 0. 862
TMFNet?! 2022 — — — — 0. 084 0. 846 0. 865 0. 849
ASIF-Net'"! 2021 — — — — 0.089 0. 858 — 0.814
HAINetP 2021 0. 042 0. 897 0.932 0. 902 — — - —
3D D3Net™™” 2021 0. 039 0.911 0. 947 0. 906 0. 086 0. 821 0. 877 0. 827
HDFNet™™ 2020 0. 040 0. 926 0.938 0. 905 0.076 0. 883 0. 891 0. 854
JLDCFP® 2020 0.047 0. 881 0. 926 0. 896 0.078 0. 854 0. 882 0. 854
S2MAL] 2020 0.048 0. 874 0. 920 0. 891 0. 094 0. 820 0.873 0. 837
PDNet'" 2020 0.111 0.763 0. 864 0. 803 0.116 0. 780 0. 849 0. 786
UDNet? 2023 0.035 0.933 0. 944 0.922 0.077 0. 865 0. 883 0. 843
ICONL®! 2022 0. 046 0.915 0. 924 0. 904 0. 083 0. 858 0. 861 0. 844
F?NetH™ 2020 0. 054 0. 884 0.912 0. 888 0.104 0. 801 0. 818 0. 810
MINet'*") 2020 0. 061 0. 861 0. 897 0. 866 0. 094 0. 799 0. 821 0. 815
2D EGNetH™ 2019 0. 053 0. 870 0.914 0. 886 0. 085 0. 828 0. 850 0. 838
PoolNet*? 2019 0.051 0. 868 0.919 0. 889 0. 088 0.813 0. 857 0.813
BASNet:' 2019 0. 042 0.897 0.927 0. 899 0. 082 0. 834 0. 874 0. 832
PiCANet® 2018 0.073 0. 852 0. 899 0. 859 0.124 0. 764 0. 836 0.791
R®Net!® 2018 0. 097 0. 801 0. 828 0. 815 0.117 0. 811 0. 786 0. 798

GT Ours BASNet  ERNet HAINet PiCANet MINNet

AR S0 5 AR AR 2 P AR A T 245 5 7T AR AL X L
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X432 H bR 53 5, 0 AR SCH J7 ik T DUAE E
EHARRIRG 25 6 B8 M B 575 =0 8. WA
B 1.5 ] LU i, 24 8% H FR 8 /N, BASNet . ER-
Net,HAINet, PiCANet, MINNet #B 17 7€ 7 I @ &
o G AN Y B B8 2 T I 3 N G AN o 4 A ) AL T AR
SCHY T3 vk AT LA ERA A N © bR 3 8 0 25 2R i —
A B AIE T AR SR AR A A R R

5 & i

AR SCAR H — ol LA S A PRI T A e 15 4 B 4
PR A% 000 A e 201 i 174) L7 445 ) I 8% S 30 i 2 L A A
TN Ak 1] 5 0 0 A R 3 ek A AR AIE i BBORSE B v i
A RFB FURFE 4 5 3 25 M i 4 15 B 42 e HLAR
B Z A0 1 BRARAE. [RIE, $2 1 3L T IR 7 5 F
23 [ A B T AL B 91 R AR B, 8 A3 B2 RN
il B A [) 5 HE A RIS 1) S 35 R AR B e £ AR A
5T I AR He 15 4 B £ TR Tt A e 1 900 3% 2R 28 5k
LML RS A5 B B 2 00 0 3 PRI 45 2R AR ALY
Bl % DUT-LFSD #1 LFSD )@ JF sk, i 5 28
FRAR M TAEBEATXT LE. 45 SR R BT, AR SO T iy 15 78
BOR B EZ AP e bs b —Butid s T EH
T A D0 ) R B 1. RT3 AR SCHR MY R
T B A% TR B oA A 1) S E AR,
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Background

Salient object detection aims to accurately identify and
segment objects that most attract human’s visual attention.
It plays an important role in various tasks, such as object
recognition, semantic segmentation and visual tracking.

Light field contains multiple images with different charac-
teristics including focal slices and all-focus images, offering ad-
vantages in robustness to challenging scenes. Most existing light
field saliency detection methods have achieved great success by
exploiting unique light field data-focus information in focal slices.
However, they process light field data in a slice-wise way, lead-
ing to suboptimal results because the relative contribution of
different regions in focal slices is ignored.

In this paper, we propose a novel light field saliency de-
tection method based on joint sequence and spatial attention
mechanism. Our main idea is to utilize self-attention mecha-

nism to build sequential and spatial relationship for better
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feature representation.

Overall, our method consists of three modules: seman-
tic feature extraction, focal slices features aggregation and
saliency prediction fusion. “Semantic feature extraction” ex-
tracts semantic features from focal slice sequence with RFB
module and feature pyramid structure. The extracted fea-
tures not only capture global context, but also retain rich
scene details. “Focal slices features aggregation” builds both
spatial relations with long-range dependencies and inter-se-
quence correlations simultaneously for focal slices features.
“Saliency prediction fusion” effectively aggregates informa-
tion from both focal slices and all-focus image to generate ac-
curate saliency maps.

The experimental results show that our method predicts
more accurate salient regions in various complex scenes com-

pared with most other methods.



