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RGB_D salient object detection algorithm based on complementary

information interaction
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School of Information Science and Engineering , Wuhan University of Science and Technology, Wuhan 430081, China

Abstract: Objective By fusing color, depth, and spatial information, using RGB_D data in salient object detection typi-
cally achieves more accurate predictions compared with using a single modality. Additionally, the rise of deep learning
technology has further propelled the development of RGB_D salient object detection. However, existing RGB_D deep net-

work models for salient object detection often overlook the specificity of different modalities. They typically rely on simple
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fusion methods, such as element-wise addition, multiplication, or feature concatenation, to combine multimodal features.
However, the existing models of significant object detection in RGB_D deep networks often ignore the specificity of differ-
ent modes. They often rely on simple fusion methods, such as element addition, multiplication, or feature joining, to com-
bine multimodal features. These simple fusion techniques lack a reasonable explanation for the interaction between RGB
and depth images. These methods do not effectively take advantage of the complementary information between RGB and
depth modes nor do they take advantage of the potential correlations between them. Therefore, more efficient methods must
be proposed to facilitate the information interaction between RGB images and depth images so as to obtain more accurate
significant object detection results. To solve this problem, the researchers simulated the relationship between RGB and
depth by analyzing traditional neural networks and linear correction units (ReLU) (e. g. , structures, such as constructed
recurrent neural networks or convolutional neural networks). Finally, a new interactive mechanism of complementary infor-
mation between RGB and depth features is designed and applied to RGB_D salient target detection for the first time. This
method analyzes the correlations between RGB and depth features and uses these correlations to guide the fusion and inter-
action process. To explore the importance of complementary information in both modalities and more effective ways of inter-
action, we propose a new RGB and depth feature complementary information interaction mechanism based on analyzing the
selectivity of ReLU in traditional convolutional networks. This mechanism is applied for the first time in RGB_D salient
object detection. Method First, on the basis of this mechanism, a complementary information interaction module is pro-
posed to use the “redundancy” characteristics of each mode to assist each other. Then, it is inserted into two lightweight
backbone networks in phases to extract RGB and depth features and implement the interaction between them. The core
function of the module is based on the modified ReLLU, which has a simple structure. At the top layer of the network, a
cross-modal feature fusion module is designed to extract the global semantic information of the fused features. These fea-
tures are passed to each scale of the backbone network and aggregated with multiscale features via a neighborhood scale fea-
ture enhancement module. In this manner, not only local and scale sensing features can be captured but also global seman-
tic information can be obtained, thus improving the accuracy and robustness of salient target detection. At the same time,
three monitoring strategies are adopted to supervise the optimization of the model effectively. First, the accuracy of depth
information is constrained by depth recovery supervision to ensure the reliability of depth features. Second, edge supervi-
sion is used to guide the model to capture the boundary information of important targets and improve the positioning accu-
racy. Finally, deep supervision is used to improve the performance of the model further by monitoring the consistency
between the fused features and the real significance graph. Result By conducting quantitative and qualitative experiments
on widely used public datasets (Nanjing University 2K(NJU2K) , national laboratory of pattern recognition(NLPR), stereo
dataset (STERE) , and salient person(SIP) ), the salient object detection model in this study shows remarkable advantages
on three main evaluation measures: Max F-measure, mean absolute error (MAE) , and Max E-measure. The model per-
formed relatively well, especially on the SIP dataset, where it achieved the best results. In addition, the processing speed
of the model remarkably improved to 373. 8 frame/s, while the parameter decreased to 10. 8 M. Compared with the other
six methods, the proposed complementary information aggregation module remarkably improved in the effect of salient tar-
get detection. By using the complementary information of RGB and depth features and through the design of cross-modal
feature fusion module, the model can better capture the global semantic information of important targets and improve the
accuracy and robustness of detection. Conclusion The proposed salient object detection model in this study is based on the
design of complementary information interaction module, lightweight backbone network, and cross-modal feature fusion
module. The method maximizes the complementary information of RGB and depth features and achieves remarkable perfor-
mance improvement through optimized network structure and monitoring strategy. Compared with other methods, this
model shows better results in terms of accuracy, robustness, and computational efficiency. In RGB_D data, this work is of
crucial to deepening the understanding of the importance of multimodal data fusion and promoting the research and applica-
tion in the field of salient target detection.

Key words: salient object detection (SOD) ; RGB_D; deep convolutional network; complementary information interac-

tion; cross-modal feature fusion
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Fig. 1 An example diagram of where complementary

information may exist for RGB and depth images ((a) original

images; (b) depth images; (c¢) manually annotated results)
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Fig.2 Diagram of the overall network structure of the proposed method
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Fig. 3 Cross-modal fusion module network structure
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Fig. 4 Network structure diagram of multi-scale enhancement module
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Fig. 5 Network structure of deep recovery module

2.5.2 HGWE

7 PR I G A0 R R 29 OB XS Sh 2 i T
RIS 7E S A PG A e — B0 P B AN R i 2%
AU AL BB TE A 1 2338 0 o A Canny 30 2450
SRS RN G A5 B3 205 DA Mo 1Yy
W55 LA 24 o 00 286 003000 245 2 1 30 5 B30 R R B D 5



$29% /58] /2024 £5 B

M, RE, EXR, =
EAMFIER B R & # RGB_D it 23 B fria il

NTARER —EE . ik R Fl 177 12 22 (mean
squared error, MSE ) 7 20T, HAK N
L., =MSE(P,G,) (13)
X, PTG, o3 5 2R FUM 25 SR AN LS 14
2.5.3 WELE
SR JH TR M s DL R — 20 M 45 RO
fif, il 255 & 02 H AR AL AL 55 I 290 9 2%
54 RUBE M 7 i ) 00 Rp ik i — 20 R AT B AR 2R T
Xof 273 B .2 181, O 5 A RL AR N bR i 4G
RBEFT R ITE o L E 2> B H5 K i BCE (binary
crossentropy ) it % Al Dice (Milletari 55 , 2016 ) $51 2k 2H
o BES A REEMTMEAR N P, 0= 1,2, -+, 550
N EAE B R G AN R 4 R T3 R
L', = BCE(P,G') + Dice(P,,G) (14)
T, BCE 3R 1 52 SR 2% s, Ho 30k
BCE(P,G!)= G xlogP, +(1 - G/)xlog(1 - P,)

(15)
Dice i % A5 2N
Dice(P,,6) = 1 - =02 P . P (16)
g td

Ao |- | Fes £, 7%
£ LR AR SOR I 3 7 s SR s LA AR I 2%
SR WA BBUR LR

S
L=>L,+AXL+L, (17)
1=1

KA, NBSE, TR Bk 2 B R
ASCHLA = 0.3,

3 XWERSHH

3.1 RWigE

A SCH FH Pytorch (Paszke 55, 2019) TR B 2% 2 HE
BRSPS R 7E B GTX3090 GPU #1256 GB
WAF ) PC_EFEAT ISR, S50 oK RGB RIS R
FMR 55— A% 320 x 3201R K . W) hA2: ) Rk E
70.000 1,4t &R/ A 16, 3112k 120 4~ epoch ., [
IR, FHKF- B AN BE AL B A R B K 1 o, O
i F Adam P4k 2% (Kingma 1 Ba, 2016) £t £k % 2%
PEALAS TR R U 0. 000 1, F 550w i e ik
H70.99, HHEE I TIEAE 44T Iz T AR AR 1
ATE50, AL 45 NJUZK(Nanjing University 2K) (Ju &%,
2014) . NLPR (national laboratory of pattern recogni-

tion) (Peng 45 2014) .STERE (stereo dataset) (Niu 25,
2012) Fil SIP (salient person) (Fan 4§, 2020) , 43 Il £
£ 1985.1 200, 1 000 F1 927 i |51 4% . 78 NJU2K
NLPR £ 4 45 rb BE AL I 1 500 i A1 700 #5 2£ 47 )11
S5 A FH H A 485 IR NJU2K 1 €45 R1 300 i NLPR
A UG AT, 3 A A s B 4 Tt
3.2 iffhiRdE

K JH 3 PEAG A8 AR o0 BB 45 B AT PEAG , Horh
£, 75 Max F-measure (Achanta 55,2009 ) , - 447 46 Xf
1% 2 (mean absolute error, MAE) , Ui & Max E-
measure (75 &F 45 ,2021) PE 545 o

Max F-measure (F;™) ¥§ 76 A [F] 19 [ {E T F-
measure (F,) W RAH . Fyo T iz F T — 0 KA
2 PERE L DR AR ) 455 2 (1405 1 B2 (precision ) FlI
A 1H 2 (recall) #EATLR G VAL o A5 1R ATA [H 500
E W)

TP

P:W (18)
TP
R= o i N (19)

W, TP (true positive) | FP (false positive) Fl FN
(false negative) 73 QR HIE 2 AR IEZE I ZE
R B0 A AN AR PREIR Y K, 2585 E A B0 4 Y
Jk, Fy W e — PR X AR bR AT 45, H T
B2
_(L+B)XPXR
B*XP+R
Fg™ = max F (21)
K, pFEI P AR B RUAT 87 WUAE S 0.3, Fy ik
R, R RIVERE BT .

MAE & —F )2 Adi Y A BRSSP 545, 1
TR S S R )P 22 5 . HRE S it
o 1% 25 FH ELHRIF A 1) &8, PRI R LAV Sz e S s 19
MR KN MAE 350

LSS g
fMAE:mZ;|S(l,])_ G(l,])’ (22)

2, S G 43 s T 2 PR AN AR 5 (i, ) &
7N T 25 P AR R AL 5 0 T B3 531 26 s TN
P B S8 A 5| - | 4 X fE 544 . MAE 1315
T3 A B, AT DL SRR A BN 45 2R 5 N AR 145
RN 8 22 57, PRLH AT LA W A e A A ) o0 e
J1o MAE{HBAIT , R IR RIPE REBS .

Max E-measure (E™) 3 F Jm #3452 (5 M KGO

Fy (20)

1259



1260

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 5,May 2024

PR A T R 21, F AR TRl 4 42 R 4E
TR MRFERRAER . Hata

E = wlhiijz,lf(x,y) (23)
o, & ORI TR R, AR A
1
f = Z (1 + 1'1<'M)2 (24)

X (24) , 153 6 A1 S (1) 22 70 15 @, Fl @, H
R Hy

20, ° @ (
M P ° Pt Qs ° @
o=1-uxA (26)

o A 2256 P @ R AHBL T 52/ P 2
A EE ES , A R — TR 1R, KNS T
HATA] o $RAFEFF o 78 Hadamard FeFL . E™ 2 1 13
DUHE AN BB DR 25 AT & S5 S (8 IS AR DG 1 . B
(LR 5, 0 AR 00 1 B AR AT
3.3 XZEExftE

W4t Uy 5 8 A B A AR 1Y Oy B BEAT L
B, 4345 CPFP (contrast prior and fluid pyramid inte-
gration) (Zhao % ,2019) .DMRA (depth-induced multi-

scale recurrent attention network) (Piao %5 , 2020) .
DANet (dual attention network) (Fu 5§, 2020) , ATSA
(asymmetric two-stream architecture network) (Zhang
% ,2020) | A2dele (adaptive and attentive depth dis-
tiller) (Piao 5§ , 2020) | D3Net (deep depth-depurator
network ) (Fu %5 , 2020) | CFID-Net (cascaded feature
interaction decoder network ) (Chen 4% , 2022) il JSM
(joint semantic mining) (Li % ,2021) ., 2 1}y K
B 553X 8 b TR 2 S BB AE Fy™ \MAE  E™
Braabr N AT LSS 2R

A LUE B, A SCO7 TR 4 D80 1R B R 4% TR
PRI TR IS T 2R AR TR RE , BRI A Bk A 4
R 2 T HALZS 5X ik, TR,
AL 32T W26 2R FH MobileNetV 2, {75 [0 26 (14 1 #L ik
JE£ 3K 373. 8 Wi/s, H AT 10. 8 M-S, MHELT
HoAbT7 ¥ BAT AR 38 A9 BE L3, BIAR SCRC L A1)
MBI SHORE] 1A 8 2= EAL AR P fE

ARSI HAB LR i e PEPE 45 R a0 &l 6
Ji7R o L DL B, AR S5 1 A T 25 SR A H bR N TE
DI — e | F bs S A R A S BRI R L
5N TARES R — 20k E e

K1 AEFEEINEIEE F Max F-measure . MAE 1 Max E-measure Il E E 2EM & R

Table 1 Quantitative evaluation results of Max F-measure, MAE and Max E-measure measures on

four datasets of different methods
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Fig. 6 Comparison of qualitative evaluation of prediction results between the proposed method and other methods
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Table 2 Quantitative ablation results of key components of the model structure and surveillance

strategy in proposed method
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Fig. 7 Qualitative ablation results of key components of the model structure and monitoring

strategy in the proposet method
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Table 3 Quantitative evaluation results of the influence of
depth recovery supervision loss weight A coefficient on

the overall performance

A F, MAE
0 0.834 0.056
0.1 0.825 0.055
0.2 0.865 0.048
03 0.875 0.047
0.4 0.844 0.047
0.5 0.821 0.049
0.6 0.754 0.056
1 0.842 0.047

E R R SR 2 9 e L4t 2R

F%FRGB_D SODAE45, E5E Ml 1 /ERGB_D SOD
155 h G RGB EHG AR B G A5 B 07 T B A
TAE, I BGE T & BUR F W R S 5 e B AME BT
THERRR A B S TR T A AR
FEAER IR RR Z 5, AR SCAT AT T 30AT I 28 FE A 5 PR 4
SEfrh B IE TR B AT IR — PR T
— i B AME BB RS (CTA) B s — A S 1Y
“TUARTFRE T A B o —BUSRHE . DAL K 3
filt, B2 T — AT B9 RGB_D SOD A5 | % 4 Al 45 4

S S BT I RS R RS (CMF) £
e AR RHERS 5 (NSE) BEH A5 — R i 1 £
REEFRFEG P IS GSMIRESR .y 1T A AR B 4 Hh A Y
MDA AR, R T 3 o S SR, A 5 R R O M
B GRS NE MR R AR Az R AT
Kot g 1A BERE PR SEBRAE R KW, LA 3 A
TN BEAE S PPAS O %, 4 H 7 A0 LS 5 0 LU Y
TIERAT T AT RIPERE . TR, AR SC i v Fl s
Rt — 20 o3 At AR S5 VR B 0 28 5 AL R i SR
REEFR S T M 28 B AR PERE A DTk . o BEAIE PR A0
T il ST 30 235 SRS WD 35X 6 G 11 B SR X T o 2 4
AELA L B 1E 1) AV o (ELIX e 20 T R0l 126 v B 22 5
FEARG S AR AT IR, R 75 JE B B BRI b B AN
ZAF, WAL B SR . I, RARBTFTRY
— NIRRT 1) R T SR E N T B S e il
ANV 2 B e i 3 A A R LS S A

£ 2% Lk (References)

Achanta R, Hemami S, Estrada F and Susstrunk S. 2009. Frequency-
tuned salient region detection//Proceedings of 2009 IEEE Confer-
ence on Computer Vision and Pattern Recognition. Miami, USA:
IEEE, 2009: 1597-1604 [ DOI: 10.1109/CVPR.2009.5206596 ]

Chen H and Li Y F. 2018. Progressively complementarity-aware fusion
network for RGB-D salient object detection//Proceedings of 2018
IEEE/CVFE Conference on Computer Vision and Pattern Recogni-
tion. Salt Lake City, USA: IEEE: 3051-3060 [DOI: 10.1109/
CVPR.2018.00322 ]

Chen L C, Papandreou G, Schroff F and Adam H. 2017. Rethinking



$29% /58] /2024 £5 B

M, RE, EXR, =
BEAMFERZ BRI &R RGB_D ki 22& B AR il

atrous convolution for semantic image segmentation [EB/OL]J.
[2023-08-23 |. https://arxiv.org/pdf/1706.05587.pdf

Chen TY, Hu X G, Xiao J, Zhang G F and Wang S J. 2022. CFIDNet:
cascaded feature interaction decoder for RGB-D salient object
detection. Neural Computing and Applications, 34 (10) : 7547-
7563 [DOL: 10.1007/500521-021-06845-3 ]

Cong RM, Lin Q W, Zhang C, LiCY, Cao X C, Huang Q M and Zhao
Y. 2022. CIR-Net: cross-modality interaction and refinement for
RGB-D salient object detection. IEEE Transactions on Image Pro-
cessing, 31: 6800-6815 [DOI: 10.1109/TIP.2022.3216198 ]

Cong R M, Zhang C, Xu M, Liu H'Y and Zhao Y. 2023. Research prog-
ress of RGB-D salient object detection in deep learning era. Journal
of Software, 34(4): 1711-1731 (MR, 5KJ=, R0, X1¥5H,
R 2023, BREE 2 TR # RGB-D 354k H AR A I 5t
JE AR, 34(4) ;0 1711-1731) [DOI: 10.13328/j. cnki. jos.
006700]

Fan D P, Ji G P, Qin X B and Cheng M M. 2021. Cognitive vision
inspired object segmentation metric and loss function. SCIENTIA
SINICA Informationis, 51(9): 1475-1489 (JU&F, &M, %
T, FRBIHL. 2021, AFIILELRS K A9 AT TN bR o B A0 2R
PR TR 5 ERE), 51(9): 1475-1489[ DOT: 10.1360/
$81-2020-0370 ]

Fan D P, Lin Z, Zhang Z, Lin Z, Zhu M L and Cheng M M. 2020.
Rethinking RGB-D salient object detection: models, data sets,
and large-scale benchmarks. IEEE Transactions on neural networks
and learning systems, 32(5) : 2075-2089 [ DOI: 10.1109/TNNLS.
2020.2996406 |

Fu K R, Fan D P, Ji G P and Zhao Q J. 2020. JL-DCF: joint learning
and densely-cooperative fusion framework for RGB-D salient object
detection//Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle, USA: IEEE: 3049-3059
[DOI: 10.1109/CVPR42600.2020.00312 |

FuJ, LiuJ, Tian HJ, Li Y, Bao Y J, Fang Z W and Lu H Q. 2019.
Dual attention network for scene segmentation//Proceedings of 2019
IEEE/CVF conference on computer vision and pattern recognition.
Long Beach, USA: IEEE: 3146-3154 [DOI: 10.1109/CVPR.2019.
00326]

Han J W, Chen H, Liu N, Yan C G and Li X L. 2018. CNNs-based
RGB-D saliency detection via cross-view transfer and multiview
fusion. IEEE Transactions on Cybernetics, 48 (11) : 3171-3183
[DOI: 10.1109/TCYB.2017.2761775]

He J, Fu K R. 2022. RGB-D salient object detection of using few-shot
learning. Journal of Image and Graphics, 27(10) : 2860-2872 (fif
i, AL 2022, MEA AT Y RGB-D R HE A . op
HE % B IE 2=, 27 (10) : 2860-2872) [DO1: 10.11834/jig.
211068 ]

He W and Pan C. 2022. The salient object detection based on attention-
guided network. Journal of Image and Graphics, 27 (4) : 1176-
1190 (fafff, ¥ f= . 2022. FERE S35 15 9 2% 1tk 251 H AR

i E B LB A, 27(4) ¢ 1176-1190) [ DOT: 10.11834/jig.
200658 ]

Hu Q M and Guo X J. 2021. Trash or treasure? An interactive dual-
stream strategy for single image reflection separation//Proceedings
of the 35th Conference on Neural Information Processing Systems.
[s..]: NeurIPS: 24683-24694

Itti L, Koch C and Niebur E. 1998. A model of saliency-based visual
attention for rapid scene analysis. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 20(11): 1254-1259 [ DOI: 10.
1109/34.730558 ]

JiW, LiJJ, Zhang M, Piao Y R and Lu H C. 2020. Accurate RGB-D
salient object detection via collaborative learning//Proceedings of
the 16th European Conference on Computer Vision. Glasgow, UK:
Springer: 52-69 [DOI: 10.1007/978-3-030-58523-5_4]

Jiang T T, Liu Y, Ma X and Sun J L. 2021. Multi-path collaborative
salient object detection based on RGB-T images. Journal of Image
and Graphics, 26(10) : 2388-2399 (#5255, X 5L, Hhjk, Fhi
#2021, Z3Z KA RGB-T BSR4 BRI . [ PR 4
FIE44, 26(10) : 2388-2399)[ DOI: 10.11834/jig.200317 ]

JuR, Ge L, Geng W J, Ren T W and Wu G S. 2014. Depth saliency
based on anisotropic center-surround difference//Proceedings of
2014 IEEE International Conference on Image Processing. Paris,
France: IEEE: 1115-1119 [DOI: 10.1109/1CIP.2014.7025222 ]

Kingma D P and Ba J. 2016. Adam: a method for stochastic optimiza-
tion//Proceedings of the 3rd International Conference on Learning
Representations. San Diego, USA: ICLR: 1-15

Li CY, Cong R M, Piao Y R, Xu Q Q and Loy C C. 2020. RGB-D
salient object detection with cross-modality modulation and selec-
tion//Proceedings of the 16th European Conference on Computer
Vision. Glasgow, UK: Springer: 225-241 [DOI: 10.1007/978-3-
030-58598-3_14]

LiJJ, JiW, BiQ, Yan C, Zhang M, Piao Y R, Lu H C and Cheng L.
2021. Joint semantic mining for weakly supervised RGB-D salient
object detection//Proceedings of the 35th Conference on Neural
Information Processing Syste. [s.1.]: NeurIPS: 11945-11959

LiL, Han J W, Liu N, Khan S, Cholakkal H, Anwer R M and Khan F
S. 2024. Robust perception and precise segmentation for scribble-
supervised RGB-D saliency detection. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 46 (1) : 479-496 [DOI:
10.1109/TPAMI.2023.3324807 ]

Liu C, Yang G, Wang S, Wang H X, Zhang Y H and Wang Y T. 2023.
TANet: transformer-based asymmetric network for RGB-D salient
object detection. IET Computer Vision, 17(4): 415-430 [ DOI: 10.
1049/cvi2.12177]

Luo H L, Yuan P and Tong K. 2021. Review of the methods for salient
object detection based on deep learning. Acta Electronica Sinica,
49(7): 1417-1427 (P 2%, EBE, HHRE. 2021, S TIRE Y
Y 25 PR BRI 7 ER AR . L T2, 49(7) - 1417-1427)
[DOI: 10.12263/DZXB.20200651 ]

1263



1264

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 5,May 2024

Milletari F, Navab N and Ahmadi S A. 2016. V-Net: fully convolutional
neural networks for volumetric medical image segmentation//Pro-
ceedings of the 4th International Conference on 3D Vision. Stan-
ford, USA: IEEE: 565-571 [DOI: 10.1109/3DV.2016.79 ]

Niu Y Z, Geng Y J, Li X Q and Liu F. 2012. Leveraging stereopsis for
saliency analysis//Proceedings of 2012 IEEE Conference on Com-
puter Vision and Pattern Recognition. Providence, USA: IEEE:
454-461[DOI: 10.1109/CVPR.2012.6247708 |

Paszke A, Gross S, Massa F, Lerer A, Bradbury J, Chanan G, Killeen
T, Lin Z M, Gimelshein N, Antiga L, Desmaison A, Kopf A,
Yang E, DeVito Z, Raison M, Tejani A, Chilamkurthy S, Steiner
B, Lu F, Bai J J and Chintala S. 2019. PyTorch: an imperative
style, high-performance deep learning library//Proceedings of the
33rd Conference on Neural Information Processing Systems. Van-
couver, Canada: NeurIPS: 1-12

Peng HW, Li B, Xiong W H, Hu W M and Ji R R. 2014. RGBD salient
object detection: a benchmark and algorithms//Proceedings of the
13th European Conference on Computer Vision. Zurich, Switzer-
land: Springer: 92-109[ DOI: 10.1007/978-3-319-10578-9_7

Piao Y R, Ji W, Li J J, Zhang M, and Lu H C. 2019. Depth-induced
multi-scale recurrent attention network for saliency detection//Pro-
ceedings of 2019 IEEE/CVF International Conference on Computer
Vision. Seoul, Korea (South) : IEEE: 7253-7262 [ DOI: 10.1109/
1CCV.2019.00735 ]

Piao Y R, Rong Z K, Zhang M, Ren W S and Lu H C. 2020. A2dele:
adaptive and attentive depth distiller for efficient RGB-D salient
object detection//Proceedings of 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Seattle, USA: IEEE:
9057-9066[ DOI: 10.1109/CVPR42600.2020.00908 ]

QuLQ, HeSF, Zhang J W, Tian J D, Tang Y D and Yang Q X. 2017.
RGBD salient object detection via deep fusion. IEEE Transactions
on Image Processing, 26 (5) : 2274-2285 [DOI: 10.1109/TIP.
2017.2682981 |

Sandler M, Howard A, Zhu M L, Zhmoginov A and Chen L C. 2018.
MobileNetV2: inverted residuals and linear bottlenecks//Proceed-
ings of 2018 IEEE/CVFE Conference on Computer Vision and Pat-
tern Recognition. Salt Lake City, USA: IEEE: 4510-4520 [DOI:
10.1109/CVPR.2018.00474 ]

Sun H, Liu Y S and Lin Y H. 2023. Deep learning based salient object
detection: a survey. Journal of Data Acquisition and Processing,
38(1): 21-50 (PN, X, ARG . 2023 FEFIRIEF T 1Y
W FEE BRI LR R A S AR, 38(1) : 21-50) [DOIL:
10.16337/1.1004-9037.2023.01.002 |

Sun P, Zhang W H, Li S Y, Guo Y L, Song C L and Li X. 2022. Learn-
able depth-sensitive attention for deep RGB-D saliency detection
with multi-modal fusion architecture search. International Journal
of Computer Vision, 130(11): 2822-2841 [ DOI: 10.1007/s11263-
022-01646-0 |

Wang N N and Gong X J. 2019. Adaptive fusion for RGB-D salient
object detection. IEEE Access, 7: 55277-55284 [DOI: 10.1109/
ACCESS.2019.2913107 ]

Wang Z, Bovik A C, Sheikh H R and Simoncelli E P. 2004. Image qual-
ity assessment: from error visibility to structural similarity. IEEE
Transactions on Image Processing, 13 (4) : 600-612 [DOI: 10.
1109/T1P.2003.819861 ]

Zhang J, Fan D P, Dai Y C, Anwar S, Saleh F' S, Zhang T and Barnes
N. 2020. UC-Net: uncertainty inspired RGB-D saliency detection
via conditional variational autoencoders//Proceedings of 2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Seattle, USA: IEEE: 8579-8588 [DOI: 10.1109/CVPR42600.
2020.00861 |

Zhang M, Fei S X, LiuJ, Xu S, Piao Y R and Lu H C. 2020. Asymmet-
ric two-stream architecture for accurate RGB-D saliency detection//
Proceedings of the 16th European Conference on Computer Vision.
Glasgow, UK: Springer: 374-390 [DOI: 10.1007/978-3-030-
58604-1_23]

Zhao J X, Cao Y, Fan D P, Cheng M M, Li X Y and Zhang L. 2019.
Contrast prior and fluid pyramid integration for RGBD salient
object detection//Proceedings of 2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Long Beach, USA:
IEEE: 3922-3931 [ DOI: 10.1109/CVPR.2019.00405 ]

Zhou T, Fan D P, Cheng M M, Shen J B and Shao L. 2021. RGB-D
salient object detection: a survey. Computational Visual Media,

7 (1) : 37-69 [ DOI: 10.1007/541095-020-0199-7 |

EE B

MR, L, AR AT AR, SR B AE 7 oA B AR S R
TREE 2 > M XA3#], E-mail : 1563228498@qq.com

K GEEIER T, AIHHZ, EEREE 10k B AR5 18
A TE o E A @A . E-mail: zhulei@wust.edu.cn
TR, B, @R, EEREE T 10 B ARSI S5 ] G X
A EVFIZSH#NT . E-mail : 46276773@qq.com

e, 5 LR A FERER T 10 RS SE IR A
>V SUAr BRI Ay

E-mail: 1666314753@qq.com



