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Abstract  Salient object detection (SOD) is one of the fundamental research tasks for computer
vision, aiming at detecting and segmenting the most visual attractive objects in an image. The
RGB-based SOD algorithms have achieved promising performance in those simple scenarios.
However, limited by the susceptibility to lighting conditions and the inability to capture 3D spatial
information from the scenes, those RGB-based SOD algorithms cannot work well in some

complex scenarios. Recently, with the rapid development of depth imaging technologies, the
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hardware costs of depth cameras are constantly decreasing and depth cameras have been widely
applied. Different from RGB images that mainly provide some color and texture information,
depth images can provide additional geometric structures, such as spatial cues and 3D layouts,
which are robust to light and color changing. This helps an SOD model to deal with those complex
scenarios. Accordingly, RGB-D SOD has attracted extensive interests. This paper provides a
comprehensive review for the progress of deep learning based RGB-D models. Specifically, this
paper first analyzes and summarizes some major issues and then categorizes those existing
algorithms according to their primarily addressed issues. After that, we introduce some widely-
used evaluation metrics as well as the datasets for RGB-D SOD, and provide quantitative
comparisons and qualitative analyses of various mainstream algorithms. Based on the results, we

point out some limitations of current methods. At last, we outline some challenges as well as and

future research trends in this field.
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/4 R {7 B AR URE T 1) Oy =X A R R AE B B R) A
X Ty RAR AT 3 2hy - T IR % 1 5 vk A T
Transformer f%) 151

(DFETF IR 1 J7 7 - Luo S8 N8 H 9k
[ it 28 M 2% (Cascade Graph Neural Network, Cas-
GNNOFE i e T WM& rh 5| ARG M
2, F0 0 M7 A FRASS RMGURAIE B 5 i OC R RRAE
PAle s CNIN A Jay IR o a2 T4 280 55 3 1) ) B
A EUGFHE

(2)FF Transformer {9 5% : Liu 58 NV H2 H Y
SwinNet, & H A F SwinTransformer* £ CNN
YEN T MZ% . A HF CNN, SwinTransformer fig
AR AZ I RGB-D ER iy b1 SCfF &, i
I Az B ARG E E N R E R . Linss
N T — A 58 4 3 F 58 Transformer (1)
RGB-D EM4 i 2 1E H An ki DA AL, B A5 8 3 1
Transformer (Visual Saliency Transformer) , HeANY
XA Transformer S T 22 A5 UG AFAE I, 117
HSH T 288 BUR R R Al & DL S 25 R HE R, 72
AT Transformer X} T SCE B AL
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2.3 SESEEHEEE

ZRIAE BalA [ 8UE RGB-D BUE 3 H
s K0 g A 0 ] 17202202550 Il g RGB &
GRNR B ERAE 1B LA FE 412 88 F R RGB S I
TREE MG A & i EAME R R A RBTS RGB
RUR IS . NAlLE 7 30 B T KLy R
QR G T  RRIE GG T I R SR & vk
2.3.1 KRGS

FUR Gl & B FE 8 o — P RlA R mG  HHzRl
4 RGB UG AR B EM% . B i F A R G A 0k
W RGB EUSFN R B UG A T 1] BRIk, 15 51
438 38 M A RGB-D &, 4R i T RGB
PR AR PG 22 ] A B2 2 5 3l T 9K 19 7 =X
SR TRT PR 2 80 (EUR T T 0 A2 4 RGB RN
FERMG Z [0 1) HAME B .

A3 T X T L R SR W R A T Rt L 4R
RGB &5 F5 B 1R {5 432 BE IS 18] 7 571 2% 56 1 7 X ok
R & . Fldn, i N8 968 RGB &
GFNIR B PG e HRET 8] 30 Gk 1 XA 7 RS %
il SR 5 I 3D 4 B IO I R I R AE . [
5, R 578 53 Hb A BORZ 48 RGB BRI B2 BR 2
] (4 L AME L AT TR X R AT 3D B BT T — & 1
A, A R EE A5 18 3h 25 Hh i 3% 3D B LN IR %2
BF, DU i #4248 RGB-D E{£ 9 B #M5 B . Chen
S NI 2 S R A B ) 8 2 0k Y R Ik
RGB EME R B B4 . 15 2 £h 3SDRGB-D 1% . 3
HE— 2T — AN R R JE T 3D B R 28 ) 25 1) 2
Tt - f A 44, R 3D 5 B 25 I 246 $ Bl RS AIE
FEFIFH RS FRIE SEA T R 240 S 5 v ARSI . AT ]
(1) i 2 T AR5 A 45 1 — o 2 (9 TE RS T R
# B (Channel-Modality Attention module, CMA) ,
HE— AL T R ] 81 AR AL 1 2SR R
TEHRARE T -

BEAN . Zhou 8 NP T — B3k 3D 28 () %
et A 7= Ry ORI R B BSR4 3D Ak
B B RGB BG4 31 FLSE AL 3D 2 (] v, St
TIRERZSM RGBS WAL G . 7EM3ER I, Zhou
NI T — R 20 B B AR Ty
(MVSalNet) s MV SalNet ¥ ) 2410 F1 G 46 J5 119
FIG bR FE 2 5K RGB B . 28 )5 I FH 2 4L f RGB
PG T 2 H A o

2.3.2 FHEHENG
AR FERBHEREAE AR E B g —E

ARl AR 2 B RGB AR AR BERFAE RS . AH L

TEUR GRS T7 5  FRAE LR 7 V50 RE 5 B
ARG RCR ISR T3 . B
R Rl G v EE DAR IS Ry L B
BB 0 (R XE L, 2534298 RGB E{& I
WG TCR M EAME B . R, B 5 ey
R R IE S R-5 SR SR 0/F 22 07 1k i BIF Y B, R
M5 B 7 B TRMESS B M 2 PR IR R &
BCRFAE 73 ifk 1) JEL B o DI AR RPAE R Rl SR 52 R v 8
ZRHEEERE .

COFFAEAE . - (a7 L0 SR B AN SR W 2% 1
RGB R AR B2 FFAE 22 (8] 95 B 0 52 5L, F AN g
Fe5r HiFZ 48 RGB FSFIER B2 B Z (8] 1 5 AME ..
PRI, — Sy 4 3 o 37, RGB RRAE AN B AR AIE
Z B A2 .6 Z2 L 3w o HuAZ 4 R RGB EHEORI
TR PR Z 8] 1AM B o2

53 7 KR AE IR SOAR N S m i) L iy - ik A
LT RGB {57 BN B AR R XL 5 4, 5 3
RGB {5 B IR BE AR B AR IE g B2 fgi
Chen % N85 1 1 — B i 1 B4R AR5 ) 2%
(Progressively ~ Complementarity-aware  Fusion
Network, PCFNet) , il it 2 A~ Bk i% 2 51 1l 5C 3
RGB B A5 B AR G AE B W B ARG 1 5
L RGB FFAFE RN B RRAE 19 B AR 5 05 Bl
ROHAZ IR RS A B BAME B . Zhang 58 A4
T — Tl HT AU Y 3 ] e 7 - 1 £ A B (Bidirectional
Transfer-and-Selection modules, BTS) , %A He i i
BEH—Fo0U ) 2544 7 37, RGB - AE AR BE ARRAE 22 [ 1)
2 H K F A RGB FRAFE AR BE R AR A% b 2 (8] (4
BACH. % RGB FHETR EERHIEA S5 B, M S 4
HuflG T RGBRFIEFREERFE . Zhou 58 N4
T — b 22 B A0 H R AR 32 M 4% (Interactive
Recursive Feature-Reshaping Network, IRFR-Net) ,
FOl B BN SCfF R RIS A8 A A
B AT BORUBE 4 7 B R LS BUAH 4B )= 2 RGB ¢
TR BE R AE 14 386 U9 52 B FNAH B4 S 1 5 , 32 1T 5
BT X RGB-D BUR B AMEAE R 78534298 -

TS 43 7 125 D S 3 sk e B ) B R n o
W, R T A b 2 7 RGB 5 BLVRITR B2 15 B =2 [H] /9 58
O Liu AR SRS T R R 2%
(Attentive Cross-modal Fusion Network, ACMF) , i
TR S T R I ML S T RGB R AR FI R B2
FRAE 2 8] 58 B, RS2 B T RGB-D EE B AME
BB 238 o Huang™ $2 17 — F MFI
(Multi-modal Feature Interaction module, MFD) #&
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e, AR AT et Rl A SR LAtk 1, 51 A —Fh R4
PEGLA TS, I 1k B A R R L v il A S Jil
2 RGB-D R Ay e FnaAE et & L T Ar Mg
i 28 HAME B S B (E Bl A . Liang %
N2 18T CNN TG A8 R0 48 BUR A T 1% 1) a2t 1
B LTI UE R R T AT LR SUER
JN Y 2 B82S RS R A il X 2% (Context-aware
Network, CAND , Z M2 FH T LSTM ' BEf% 47 3L
eI R B R SO B REE . 57 RGB EE I
R EMG Z [ BCR L S B T 4 A9 RGB-D %
FIFRL A .

(5 IZHFFERLE - A RGB-D B4 2 1
H A DU 7638 55 SR FH 46— I il SR W S AN [R) 2
GURFIERLS SRR Z GURRIE 3 LA AR 205 (5 B
25 (8] BCHR RN 2045 S8 1 i 2 SRR LRI LA
1o ) T R SUAR R A T G — A il £ SR 7T e M
DL FE 42 3 R ) )2 SRR E 18] 19 B AME B . T Ik,
537 A A RS R 2 G R R B AN [ 1 2245
A UG FEE il & S w5 7E T 4 M 42 48 RGB-D &
G HR AL B ) L AM i BT

T 53 7 VR AR Z GURRAE B 1.2 F1 3 J2 R 1E)
14255 [ 47 {7 B AR 2 URAE CBF 45 J2RHED (1 1
SUAE B TSR 4 Rl A w0 AN, Zhou 4§
NS S SRR PR AR T T —Fh 3 T 23 a5 B
() 457 E Bl A% Bk (Spatial Fusion Module, SEMD , P4
TSR IZE P RGB FRAE AR BE AL (4 1423 (] 2
TE R RFH X SR GURHE &t T —Fh L TR A

CEM) . PLIES) #2415 J2 2 RGB FFAE MR KL RFAIE
Z I B B AME SUE R #EMTS T8 ARl &R8OR .
Yao % N R XHIRZ BRI T —Fh 2808
P4 5 AIE 38 58 il & B B (Cross-Modality Enhance
Module, CMEM) , % B2 PG AIE 168 1 R 25 (1] 2
E B TR IR RLG s X T = 2GR, R T
T — B XYk A Jf B 8 (Double Dilated Merge
Module, DDMM) LA FE 73 4l 472 4 AR o J2 ZCRRAIE
PRSI EAZRE R UEE . Zhang 58 74
YRR AR 22 S5 4k 3% 5 9K B (Feature Reintegration
over Differential Treatment, FRDT) , [a]l¥f 15 55 % 11
— P RS UG AR L PR & SRS i [ T4 AL ]
VEFE I Al A (K2 0 RGB FRAEFINR BE R AIE (8] 1) 3 5]
Y5 B AR T — P s B Rl AR S JE N R 2
GURFIEIR 28 5, DA SR A2 88 AT BAME SUE ..

e LR TR SR b, — STk T )
AT R ZGREE , RIS ORFE L T (8] 2 ZUREE AN
FZGURE  F R B PR A SRS S
B B PURHE F B S ESTE E R R R R
AIE ) B 50 2 A A R i SUF R . anfEl 7
JIE o L AE NV 1 B AR S i A 4 (Cross-
modal Weighting Network, CMWNet) , £ %I )2 9%
FEAE (] 2 GORRE LA K 5 SR AR IE AR A, 43 T
T &R ERAERE A (CMW-L) 9] )2 55 4F @l &
(CMW-M) HHAZ L 5 (CMW-HD 3 Fi il 5 58
W, DL FE 042 4 RGB FRAE RN B RRAE 6 5 19 B
HATE R EAME EE . Zhu AN A

5 B B R AE fl A B B (Channel Fusion Module., & I P R @A W 2% (Adaptively-Cooperative Fusion

., BERGER WERERE REREE REAE R REER

T (D i (2) NG S (4) St iy <5>J

P o R
I SEERE 2 KR
L, ATROGfE ] WS ] WS / ﬁ)‘l)“ﬁ%\ a] (S
Rgmis (D B (2) Bamig (3) Bmig (4) BImfig (5)
ﬁ@ﬂ%% ) | fEfSER o |
. (1&2) ‘QX‘W (384) ‘%’é,\ i (5)
2| | wrE|

K7 CMWNet 2545 k)7 2 &
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Network, ACFNet) W] [F] #5244 FRAF 53 R AR )2 90 e
T H ] 2 SRR R 5 J2 GORFAE , 43 % 1 0T il
SREME v () 15 SR WS RIS RS R i — D LS
T RGNS IR B AR A T TR B
Fli 5 SR E 5 — B Bt Ak 37 04 X 4% 3 31 %
RGB FHAE AR B RHIEFEA T B0 L SRR 7655 — B Bek
FH 55— W28 il 55— i B 1) i 1 R J2 DR AIE AR
2 GCRRE DL 47 s 12 38 RGB-D G ) B AME KB
HEAT B PE H AR

CRFAE A3 - JFREAE 53 1) 5 12 D)2 A 2200
RGB-D EUZ BT 6 & 015 B AT 70k Can o3 fife s
SRA R B ARSI 555 AR 20 J5 RRAE Y
TS F BRFT SR AT RS DTN 5843 M 42 48 RGB
R ANTR L B 1 5 B 37 5t {5 Bk T S B s 4 1y
BEVE BRI ™, Chen % N BT T SRS
43 f# B RlA (Disentangled Cross-Modal Fusion.
DCMF) 5 W o3 i 45 & W 45 45 0 s it M Xt
it B ¥ RGB-D R B 53 il RS AN AL 45 4
ESE e R S EYSRE Y ER i FuN e el LI 2 %
fift 5 ARRE HEAT AL G, A2 4 RGB-D BME %
K355 B . Zhang % A\ B Y Bl ORI [A)
FEHAZ IR T RGB USRS & 1 B AME S
AN HE WA Ui RGB BMSR FNR BE BRI BTk .
W ABATTER T —Fh 22 BAF B/ M7 (Cascaded

( \

|
' i i - I H —
l | Al e R R

Mutual Information Minimization, CMIM) , % 75 12
32 48 RGB G Y 28 WA 8RN B % v )
JUIE B I3 3 28 BAR B/ IME SE B RGB R fiE Al
R BEFRRAE (9 fl G« 328 10 78 43 b 32 98 RGB-D BUR (5
B Zhou %5 NN A RGB % AN B K5 b 41
TR fE B RS IAE (5 B HA AR R
R TR R AR BT 5o DR, — o A A A
ARRA 5 B B M 24 (Specificity-Preserving Network ,
SP-NeO 8 4 Hi o % P 2841 & 3] 1 4332 5 4393
JHT A ¥ RGB EME R A 15 B - RGB EIHE TR B 1A
GIH (5 BARE FRAF A 5 A
2.3.3 RRHREE

5 MG Gl TR HE Rl A AN TR L DSk e
W H o PR RGB G 32 1 45 5 i B (4
FELE R SR JE I I — 0 Al TR S 2 Sl
Ao WK SR . Wang 28 N2 T —Fhsh A &
HEZR ZHE S0 1 SR Sk S 25 1 B A Al
I 28 43 51N RGB IS RTR B T 5 rf 3 2 447 9
025 R SR e — A 4% 50 25 i A AN R ]
G 2 09 F . 2, Wang 25 2R
Y — R () 22 GRS AR ks HE N S|
RGB FE 3 45 M o E s s . 5
LRI EANTR , Wang 45 NI 2 3 i 5 A2 2T
D5 A B 2 A 400 9% i 2 P R il B AN R

2 PR AR

B
_________ Y LTI
AT L6 PR B
S RTINS 52 — —— I B
— 1K 11 -
g & i%. .
S e e .
_________ PIEAS] BEMERAER
[
I
| TR R R R S T
N ——— MIETE
TREE EMG 2
PETIN 4> %

K18  AFNet W45 45 A4 7 2 5]

2.3.4 H

BB 43 T3 1A BUR DT A FVREE 2 il 4 1) ik
b PR R G A FURRE R A SRS T
JE— P42 RGB-D EHG B BAME B o 41 Zhou 45
N = A 2 Gl A M 4% (Three-input
Multilevel Fusion Network, TMFNet) % T — ff
=S LR, HXE RGB RIS R 1R% R g Bk

W 438 18 1) RGB-D B 535 2R i — > Bl i 7 52
PRIBURFIE SR I 38 2k e il B Hle i 42 B3 19 Ay
fiE s LA 72434288 RGB-D B H 9 HAME B . Huang
NIRRT A = S, B AN Y
%% (Triple-complementary Network, Triple-Net) , i%
I £ SR 11 79 i B SR o 55— B B 3 3 L5352 )
28 2 AL TN AELRE 1) S E AR L 7 5 I B R R
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B 25 BV RGB B TR BE EUS AT 900K i A 5]
BN S 2 AT I 2 PR H ARAS I o
2.4 tFTXEBREZHEEH

S E PSP E P e T E A SR vy el
RE A el A R A2 48 R RGB-D EHZ i
RS R DAERR e AL 8 B AR IR B35 H
PR A Tk g e 1R SOfE BAE
[F) 0 3 SR ERAT A, B 22 ROBERHIESZ 4 2 )2 9Ll
GARHEAZ SR 2R 5 S /K FE B 5C R A7 Al A
fF R4
2.4.1 ZRERHEZIH

TEAFE RS, B35 HAR B AL R A
KN — 2 B2 Ve HARR I M s 2 — ol k42
P 5 b i 2 ROBERRAE , RE 98 A 250 92 i 3 — ME 1t
X 38 2 P B RS I 45 S 0 52 i) o 2 T S A b A )
WE HbR. R—SBiROCE T s 2 REF B
FRHE

HR 437 i kit Ak T A AR A A E AR IR e R
B 22 ROBERFAE . P 9 fif 7R , Ren 55 N4
1 ik Z2 RO il 9 265 (Progressive Multi-scale

Fusion Network, PMFNet) I & 5538 i 25 [5] 25 1 4
35 th 4k (Atrous Spatial Pyramid Pooling, ASPP)
PRI 2 ROBEAFAE AR i B H A6 THEAS 5 1 i
TEAR AR 22 ROBERFAE b i T 405 B 2T ]
]I, % 22 ROBERFAE (938 U5 AT OR B L T2
B IEA BEER) 2 ROERHE. 5 Ren 4 AR
[ Liao 55 A" i 9 2 B Bt 2 RUE Rl & 19 2%
(Multi-stage and Multi-scale Fusion Network, MMNet)
LI TR T— TR B A X ) 22 RO R AE i 4, HEoR
P 245735 22 RO RPAIE fil 5 ARl 2o £ PH TR R 0 9L
1l P-4 A LA R e Rt A A L %) 22 ROBE AR AE RS T
T IR RO 4, JEMIAS 3] 1B ORI RCR .
Wu %5 N B8 R 51 5 A W 2% (Progressive
Guided Fusion Network, PGFNet) 1 Je 1T £ Bi
N2 ROBEARAAE T T ) Bl AL i 2 e S B
BB G 22 RO R R A S IBURTZ 4, OF e T
FIHU S, AN RS AR AR ] (1 28 B, i — D3 ad 1%
TH 2B FRAE A REALE] (A3 R RE S F i JE )
R HE S 5 AT 2 SRR P T S G M AT S AR
K

E_\ s | wre o |—[wrs | — (o
| l | l l

221a]1 22 E]
fems 5| | TR
: —4@%
RS .

—

) B e e

K9  PMFNet %45 45 7% 7t 15

— By R R i B A A B AR AR AT A ]
FEH 2 REEFRAET . Wu g N e R R &
& HOEl A W 4% (Aggregate Interactive Learning
Network, AILNeO . B Sefi th — Fh 5.5l ~] S
KT HAZ IR R IR BRI RN 2 B R AR SR S
203 ik ] AR I A R i 2 RUBERRAE AR X
3 HAR R FALE B 2 . Pang 48 N 7E 4
A 43 )2 B A U8 B M 4% (Hierarchical Dynamic
Filtering Network, HDFNet) H1 35 it 1 — 1 # 7 i9
AP R 2 R FRE 52 OB, H A H] % A RGBD
PG Rl e i Y B AME B S S H AR IO [R] RUEE 1Y

Z ROEERFAE , JET S BE T B 4F 47 9 1 2 RO
fiF . Piao % NS H T — Rl 8 A 3L TR {5 B0
T 1Y 22 RGP 1 2 7 M 4% (Depth-induced Multi-
scale Recurrent Attention Network, DMRA) H F
RGB-D EIMR 5k Akl . i1 et 5T
DRI AR BB 0 2 S MR RAAE Rl B AR LA 583 3
24 RGB-D FI& I B AME B SR 5l i B2k 7
WIS B55 5 10 2 RO RRAE AU DL 58 53 #4725 4
S RRIE A0 B B 2 RUBEAR S 28 10 58 2l 17 0 I
& BRI R 2.
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2.4.2 ZEHMEREIZE

TE 5 5 PN A 7 v, AR 288 Ty 1k 32 S0 3o 42 4
TR 2 G B @l A IR B B AME S RS2 Zemh &
FRAE AL 0 37 S 201 5 B S R RS R A
Gl UE BT RS R — A2 I i
RS DS A A 2 E AR A

B4 138 2o ek IRAT B R A B B R R
W, 42 4 AN (] J2 R AR o] %) B A B i,
Zhai 88 NV AE L 09 BUE T M 4% (Bifurcated
Backbone Strategy Network, BBSNet) 1 & F T —#
BT B B P AL SR W L 7853 A7 48 22 R 9k
TEZ B EAME B o IR Se R BN 4 Rl
ZZYRE TR0 IO R 2 B AR K5 IR =
I W 28 424 22 )22 GRRAE 22 0] 9 B A S, 8 5
A HAR. Chen 5 42 A HE S FEIE RS BN
2% (Cascaded Feature Interaction Decoder Network,
CFIDNeO BT 1 — RGP AR i 52 EL AR 25, HC AT ]
T 2GR f RS 258 G T S B A L R A R
At A 48— 2 E IR AR A
B IR G AR 32 H A RLERHE , LAt 7 b
FZHRGB-D G &/ LR SUF R

BB 4> R 38 i 2 )2 W R A 0T

KL AEARFEZGAFAE . 10 fiR , Zhao &
AR B TR L A 0 R0 I A G o B Rl A R 2%
(Contrast Prior and Fluid Pyramid, CPFP)H, %
T IR A DR Z YR IR = 2R
TE N BT AEAS [F) 2 GORHAIE 2 8] 3 2ok 25 4R 1 422 00 7
B2 R RAE B Z MR R G, HERE S 7T 03 A%
P AN A FHAR )2 RRAE 2 8] 19 0 A A B AME R, 52
P r Y WM B bR A . 5 CPFP™ 264,
Huang 55 A"V 88 19 2 2 k85 B8 32 BN 4%
(Multi-level Cross-modal Interaction Network,
MCINet) [F] A 2 38 2o 3 11 4 7 35 I 24 245 ) i 4
Bk % Bk LR R ZGURHIE I SR & . 5 kIRl 7
B RAET R AT 18 T AR R GO AR Z 1] Y
SEH. LS b — B Befm 2 T 4 RS (2 151 45
SN E A= CaE ROl SS i 15 Wi - kot TN
] 2 SR IE 22 ] B HLAME B . Chen 88 N7 7E HAR

H B9 R S 43 25 N 4% (Modality Classification Network s
MCNet) 3T T — M5 2 JURIE 34 I B 13
W 2R W T S X RS 2 SRS RS R IR iR AT
il SR 8 I AR VR 2 R UE B BRI )2
AR, S 2 JE YRR S8 B ST SIS A )
% B AR

MAETFIERE

/A
I IR

K10 CPFP MZ &kt g™



21 WA B4 FETIREES 2 RGB-D E% 35 2 H bRk fir i ot & 297

W3 T AR PR AN ] )2 G i R Ak (R M o, 151t
L2 PRFAE A R IES S B, Zhou S5 NV
229008 E R SO Rl 2% (Multilevel Reverse-
context Interactive-fusion Network, MRINet) i i %
JE 5 J2 DR R AR Z SRR T B 0 i (RIS
PEFAHAT M  HEm T T —F 2 29U LT S
B A HALY . AR LU () o B E
R GCRHIE  SE T ARAHE T 18 AR S IR RE 8 )
FRZ QR IE Y 0 1 2% HAR ML (5 8., SCE 4f
B2 )2 HAME B2 . Zhou 58 N7 H A RRE
A M4 (Feature Aggregation Network , FANet) B
SE3E 2 — > DX IR R AT Rl AR 9 Ry 3 DX ek i
Aok SR Je R Bt —Fh 4 2 Rl A B S R )
JE SR ) 9 B AME 2 (R )2 QR AE (918 A 2 R
TRZGURFEAE (5 B Z R B AN CFRD L i SE BT
0G0 2 e HARKE I . Xiao 85 AVUHR LAY SE BT
S £ 2 % a5 W 4% (Pre-trained Guide Hierarchical
Fusion Network, PGHFNeO W& T — Bl AL i)
Z 2 PR Rl A 454 R S5 M RERE 78 40 R AN TR )2
PREZ [ 15 LR R A2 R R R, LHX £ )2
AR Z B 5 AME B IZ A, IR0 5 R 4 B 25 6]
VLR 35 B s
2.4.3  &JafE B /KRB RO ¢ RIZHE

H i 0 A9 RGB-D EHE 3 1 H bR i I vk
DL CNN Sy JEfilh 90 48 A 7031, SR 1T CNN A B HL AT
— 7 1Y SRy BRAE S XE LLFZ 3 S A RRIE B 42 R DG & L T
R O VRV /A B LK ok 1 ] e 1 A = 1 B Wl N O =1
B, — ST AN — [ @A T T el

R )7 vk R BGE 4 R Ak 22 OB RRAE DA
Je 225y S22 45 7 SR I R 8. . 4N, Chen 4%
N NBE IR T 2 RS 2 R MBS B £
LS B A W 2% (Multi-modal Fusion Network with
Multi-scale Multi-path and Cross-modal Interactions ,
MMCD 7 SRS RFAE S U 25 b SR T 42 R P AE
PRy SRR FR R RS U 3. HoE S 4 Jm
TIE 4 B3 S ARy FRRAE B2 B3 S 73 il B B RGB [l
BANRE ER R 2 R s B R B AE B . Bfs R
RGB PG BE MG ) 4 i £ J2 00 e 3 £ U, 4331
HEATRLG I — 20 3 A G IS 4R (5 B
FlG 5 R R BB A B T IS i M B AR .
J& K AR B ) b AT HE— DR AR B RN
F HAR AR .

VT AR 1Y — 2L 75 125 ) 2 A ] Transformer . & %)
24655 T HAZ I 4 5 1R Sefg B, fildn, Liv 5

N5 3 3 A EE L Y Transformer (Triplet
Transformer Embedding Network, TriTransNet) #
YRCERS 3 355 5 2 G RS R AE v A 5 A I BB AR
A I I il 22 2 GURRE . LS S 4 42
RGB-D E& iz B SUE R S B af iy 3%
PEEH BRI . Fang 8 A1 32 3 A 11 & LI A
R AR T —ASB B B A5 2 RUBE ARG 40 1 2%
(Multi-modal and Multi-scale Refined Network,
M2RNet) » H i 3 1 — fft XUIE & 77 488 B (Dual-
Attention Module, NDAM) , 53 51| 8 57 @il & 5 1F 75 3
TE Ty 1) S (] 1) 0 326 P AORSE OG 2R 3 17 T 4
248 7 RGB-D B& M B AME B . Wang 5 A4
BT —Fh Z AR EHR K IE B LT SOfE B2 18 1 2%
(Cross-modality long-range Context Information
Gathering, CM-LCG) , % % 2% i 1 # 37. RGB ##1E
AR BE R E AR AT 20 22 B R A A OGO &R LA
PR R BRSO B IR T et 1 — R Gl
B RN AFE o A7 48 2 RS R BAME B .
2.4.4 DWFEEIEH

Grsecrp S 0 B Bk B AR B 2R R
BN FRE AW AR X 525K RGB-D &
5 5 2 B ARSI v I 2 A P 722 A [
i, REGE BN 3 H bR 5 HAb B AR 522 5, DT
AE A% TR M0 35 H bR p i AT 40 % SR, i
PIEE—ERE ERMRRN, X FE T RGB-D
PRI I8 5 B A D B afe A Y b 4G DN 2 % H A
IS AR, — STk T A W AR i
TG BRI — [ 1 & 11 B R, Liu 5§
NUOTE T R D R B RS 3 % 51 3 ) 4% (Cross-
modal Edge-guided Network, CENet) HH & 5z 1 i
2 A AR B R R 7 AR B FUE B R R X
Sei FUE B 5 Z R B EARRD & o LA SE L 500
E L
2.5 HESZ0EM

RREHY S 7% (P4 1 2 < A L T BB RIR 0 2
P E AR IS Y, 2 B8 1 0 8 8 e ARG A 2
£ 20 AKE AR, M 28 S5 Rt 5 5
%%, F HBEE PRy ok H a2 2% . (Rl BT 1
2% 45 by 0 AR A5 BR8P A P T HE LA A2 52 B v
RS B RS 2% BE R PR RE 20K o i AR Y
02 2% [P 8T ) SR B Al 10 o M B A2 i A BT LA
TR EEHELE , FE— 8 TR b OR A 28 48 i A A A U
PE BE 1Y [ I B8 I A58 28 2 o Ao i . PR
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Background

Salient object detection imitates the human visual system to
identify the most visually appealing objects or regions in an
image. As an important prepossessing step, it has been widely
applied in many computer vision tasks. Recently, with the rapid
development of deep learning, deep learning based RGB SOD
algorithms have received widespread attention and achieved
significant advancements. Towards complex scenarios, depth
information has been introduced into SOD ., achieving encouraging
results. For researchers and engineers in related fields to better
understand the research progress of RGB-D SOD task, this paper
conducts a comprehensive investigation from the key issues and
the critical technologies of RGB-D SOD.

Existing reviews related to RGB-D SOD mainly categorize
those deep learning based RGB-D SOD algorithms according to
the model structures or the task objectives. Such classification
approaches enable readers to gain a good understanding of the
network architecture of existing models. However, they fail to
provide a comprehensive overview for readers to analyze those key
issues addressed by existing methods in RGB-D SOD together
with their corresponding solutions. Differently, this paper first
analyzes and summarizes some major issues in RGB-D SOD,
accordingly, organizing and analyzing the recent deep learning

based RGB-D SOD algorithms. Based on the analysis of existing
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methods, some challenges and future research trends are
described. This paper aims to review the latest methods for
researchers from the perspective of key issues and further promote
the development of RGB-D SOD technologies. We hope that this
paper inspires subsequent research works.
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