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RGB-D Salient Object Detection Based on Fine-Grained Depth Quality Perception

ZHANG Mingyue, CUI Shuangxin, ZHAO Yifan, LU Bo, WANG Ziming, CHEN Chenglizhao
(Qingdao Institute of Software, College of Computer Science and Technology,
China University of Petroleum (East China), Qingdao 266580, Shandong, China)

[ Abstract] Fusion-based RGB-D Salient Object Detection’ (RGB-D SOD) methods employ a dual-stream structure to
balance RGB and depth maps, aiming to achieve superior performance in SOD compared with using RGB maps alone.
However, owing to factors such as the scene and shooting equipment, depth maps vary in quality. Low-quality depth
maps cannot effectively assist RGB images in salient detection and may even have a negative impact. Existing methods
rarely consider the quality differences in depth channels, leading to the unreasonable fusion of interference information
from low-quality depth regions, -which affects the accuracy of the results. To address these issues, this paper proposes a
fine-grained depth-quality-aware RGB-D SOD method, which is divided into two stages: fine-grained depth quality
awareness and bilinear routing fusion. In the first stage, the depth channel quality is perceived by comparing the similarity
differences between the salient results of the RGB and D branches and Pseudo Ground Truth (PGT) in a fine-grained
manner. In the second stage, a new bilinear routing fusion strategy is designed based on the quality perception results for
different depth regions. The routing direction is driven by the results of depth channel quality perception, achieving more
effective multimodal complementary results than existing fusion schemes. The proposed method is compared to nine State-
Of-The-Art (SOTA) methods on the NJU2K, NLPR, SIP, and STERE datasets. The results show that the proposed
method outperforms current leading models in all evaluation metrics. Compared with the suboptimal models, the S
measure and F-measure metrics of the proposed method are improved by an average of 0.6% and 0.7%, respectively,
and the Mean Absolute Error (MAE) is reduced by an average of 0.4%. The proposed method significantly reduces the
impact of low-quality, non-contributing, or negatively impacting depth regions on the results, achieving better multimodal
fusion and enhancing the effectiveness of salient detection.

[Key words]) Salient Object Detection (SOD); depth map quality; fine-grained quality perception; bilinear routing
fusion; multi-modal complementarity

EEWHE : FZEARPIEEE (62172246) s INARE H ARSI T AR ARSI H (ZR2024YQOT1) 5 LI AR 4 AL 75 4F BB B S 5K
(2021KJ062),

PREE ST TKUIA Lo BT, AT 1 o 3 e A ST B WL SE AR BT o) 5 HEAERE DB — I Ll T80 B A s e S i
GEAEIEFD  #8Z.

WRSAHA: 2024-11-07  {EEEH: 2024-12-30  E-mail: cclz123@163. com



234

E525 FTH/2026 87 R/ATENTRE

0 3|

RGB-D @F YK (RGB-D SOD)' 8 7E
FIIH RGB A5 S H X 1 R B ] s AN e 1
AL, LA e Ay B ER 0 B R, &
FAR 2 BT B AR B RS
Bt RS B R R PR AR T AR AT 5.
RGB-D . 2 PRI J7 2% 38 5 R F WU 45 48 - — 7 1
M RGB EIME b LB (0, S80S0 R AR
FIX A3 AR IR 5 575 — D TR VR B s AR R b
A PR A5 T, B A A s ) R s 1 B AT e 5
TLBENS B EN U ER AR R P AR S R R . et
254 RGB AR B[S 8, RGB-D [ R g 15 2
FALfH F RGB UL 0 %

ULAEN L 52 36 TR BRI 2 M 45 (CNN)D i 5k
MFRR2F 2 e 11 RGB-D g E A HUAS T 5 & 1k
J& . AT R SR O SR R AR A 2 )
RGB FIVR B 38 12 AR IF R R o Bl - % 2t i
FAHES A BIRLS 2 . PASEIE RGB MR 18 18 1A
SREE A AR W AMERT . SR0T, S B RGB 5
TR 330 T 22 [ 1 o AR L A5 73 2 24 10 1 A% 0 DR R
S T A BN T i R B PRI, K 2 B O SR 1
FIAN G SEERE TR,

TR PG I J5 i 22 IR B A5 A /AL AN S
(I I A7 7 22 500 o e o e 1 Y R A0 L
A R A B SR H R 004 A RS R it
SRR S B e A i e O TR R
SR o AV S5 2 PO R B PRV A AR e g [ i,
SR E RS ME LU 37 OO TR AR, B T oA A1
TRIE B2 B MER M o e Ab  TRl— sk R G AN
[F) X 5 14 Jo5 Al ] BB A AR I 25 57 . R TR
XA TCEA S 3E RGB RS 2 A,
Z A REG | AR | FARA I R 1 L 3 R (s BT
Mo IR E A R AR . R M G TR
 Z ELAT 0TS M 049 % B DX S0 J 2 M A SR e T
P AR SCHRE T — b A B T R TR R B T ik

FRT EH A RS 77 20T L A R E At
iR A AR B EL AT R X e ) A —
SERREE FARTE T HERE AR B AR Bl A ad R vl R R
Z SR T 22 5 . Y DA [R5 2 A9 R R
Ff s SR FH B — 114 il S W e L S B0 e A A0 AR » AR X
AR BIRPLMERE . b, AR SO T IR B ot i JER R &4
I %18 RGB FIVREE 5 B 22 8] 4 X 50, 32 H—Fh 3L
PRI H RS SR LS B ) 2B B ANIRAS .

25 b N R R W RGBD B & A

il

ARSI | 52 B 2 A6 25 B AT S8R AR SCH ) — ol
BET A TR o ORI RGB-D it 2 M4 (4G
Itk ITEIY N 2 A B AR5 — B BL i Ak
JEHCER RGB MR B 53 32t 35 P 45 2R 5 Db 4%
(PG AL 22 57t » IR BE 38 3 1A o A s 7
S BB AR TR DX Y R RO A R R — A
TR KL il SRS JFC P i e 7 1) ol TR DX
i BN A SRR Sl TS B 2 RS E AN, (E
PR TR AN ST 1k B A 0 ) 50 P M R
A LASAERE SOTA BRI A S H] .

1 #HxXI*E

RGB-D I 2 Wy Ak AR g 225 5 )
155 . HiZ0 BARE R ARG R FI RGB R &Y
BEVEL R, R GG D5k MO8 T A RGB
AR PE P SRR T3 FORFIE . SCERLT6 Jid g A
TR T 3 AR B Bl J2= T TR A A i 5 1
SRR, SCRRLT7 T DU A8 R Oy B, 3157
RGB FIREE P14 Joy 8 14 Ja Xof LU B LA e 31 5% 1
. XEEITE R RS A A 5 B SO R
S Uy T A IRAY RN RE ST VR BRI AR
RERLSR Pt L A8 50 S B 1) S 25 PR (ARG
Rl e fe B 2 YR 2 20 5

WG DRI~ > (0 T 8 AF 50 B0 212 I e 1)
A BIRRAIE 7 > 07 3k - DL IR T TR AR 33 A JR BR
PENY L BUA 1 RGB-D b W AR vk K 22 5%
R R T2 588 2o V% 8 T S 2 S iy Ak 2
i RGB R A BSOS [F] 45 6L » AT 5 A5 R 0 4
PR B AOC AR BB . SR phy T T 8 AT i o 1) 22
5, HAE AT RGB RUdla it A R AR E .
I — BB BIF 538 2o DG A TR R 8 A LA A 4 B
o, SCHARL 10 13 T B RRE X v » it T
ZIRUCRBERFIE LIVEAR IR B i . (HIX KT IA AR
T RA s B ELELLN X S 2 5. BB B T
ORI 55 ) BILAL T5 12 78 W 4k B9F 58 38 T2 £ FH el
MBI B . SClR( 22 J3eit 17— DR
SRR, 15 7E B0 RS AR B4R R RGB AR RFAE
A e, SCERL 14 32 ) 7 —Fh T RGB ByX)LE
JEAR IR R4 o T4 i DR R AR S . Sk 23 00
FIAT —Fhsa g0 E 5wl g ML AP T8
JRE PR o B IS AR S A I ) BT AR

SRS R — e R B REAT AU R IR (R
SN BB R R R B . I,
ARSCE Y — R ) A% 38 o R 7 1% 3l o A
M R T DX Sl ) o Dl /R i TR A B



$£52% F7H/2026 £7 R/ATENTRE

235

R 45 R AR S B RS 22 ) B R B A R DA
[[0Ei=SARTE R e ivalll DR d

2 ARXFERERITEZEH

2.1 Ek&EH

ARICTTEFE SR 2 4B B BIVAR R B TR B ot
BRI R XL P B PR Rl SR e fE 48 RGB-D
b 2 ARSI R B T 25 S e = SR R, AE
A TR B 0T ST BY B s AR S E 2o LR RGB IR
JE b SR R 5 O A 2 B DX AR P 22 57 L S
JE VL I i A TR A AT DA RO BT
V5 B DX, AT 90 201 I3 TR B DX 3l %) i 82 4k 2
T, TERCZR M % R Rl B B B — i IR
JEE TR 43 AR Sl 2 Rl A SR S 3 e T o 9K B 1 R
B A & 254 RGB-D #il RGB i 8 3% P X 3%,

1 24
SLIC

v

R a%

HQ-SAM

it

PGT

P AL 2

RGB Sm |

AR TANGER . AT E BRI TR
ot TR B A S Ak B ) 5 MR A A RS L B A
AL 55 e Bl T PERER) Ax TR TT
2.2 MRERERERA

R BAE N RGB FIBUE RSO b 78, g
TR SR AL T g 23 ()45 B 78 RGB-D 3% 4
Py ARG K45 3 T AR . SR, 52 IR o
05 R IEE B 2 M []— K TR B8 PRI (4 A [] Xt it
EARATEZS . R R KRR R A s B 25 )
RS HEATRITR. B A 1 R B ) RLHLE
DXl o A 0 17 T » B B8 A7 R A B DX 25 1 25
o SR AN T GREE B TRBLEK A ARSI X
S0 12 0 5 ] PSSR Rl 3 1 BRLGR L X b1
D0 AT XE L RS X 0 RS A o S S0 (ot o U
Ao R BOR BERU Hh B M A h [

R %

~<Iy

ESY
GETTA

i as

B 1 Ak TR R T A IESE

Fig.1 Framework of fine-grained quality perception method
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Fig.2 High-quality and low-quality deep saliency maps and PGT segmented by the HQ-SAM model
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Fig.3 Schematic diagram of bilinear routing fusion strategy
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Table 1 Quantitative comparison results of different methods
. NJU2ZK NLPR SIP STERE
ik SmA  F,A O MAEY. “SmA  F,4 MAE} SmA E;% MAEy SmA  Fy;4  MAEy
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Fig.4 Visualization results of significance for different methods
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Table 2 Ablation analysis results of the effectiveness of fine-grained depth quality perception

‘ NLPR SIP STERE
ik
Fg4 MAE v Fyt MAE y %) MAE v Fgt MAE y
ZSEERE S 0.915 0,042 0. 907 0. 035 0. 885 0. 047 0. 898 0.042
WEEEN 0.913 0. 045 0. 905 0. 031 0. 880 0. 049 0. 893 0.043
REEEH 0. 920 0. 037 0. 910 0.022 0. 894 0. 045 0.913 0.038
Y17 TR S e R 0.924 0. 027 0.912 0.018 0.911 0. 034 0.912 0. 028

3.5.2 WU Rl A Rk

TR RGB g 5T (4 T PG AT 3G 5
SCHR R Bt 5 SRS . DA B BT 4R SR 1A
Rk A SORIG S 2 Fh B RS J7 QO 5
ek filer ) HEAT UL SEIR A R AN 3 FroRe fE 4
SR L A O Rl 5 AT P T SR L A3

JE) Fy 385553 BIPF-34948 5 2. 706 2. 5%, MAE
ERRA T R 1.9 %0 1.7 %, i IA ff B A £ vk
T TRIBAELE A 2 T 52 R AT 2 R N R
AE Y TTHR  WCR AN A SO R T DA S8 ot
ik TG B R T 7 T DX A ) S ) A

G

R3I WEAMEBHMARBEENERITER

Table 3 Ablation analysis results of the effectiveness of bilinear routing fusion strategy

- NJU2K NLPR SIP STERE
il SRS
Fjy4 MAE y Fyt MAE § Fyt MAE y Fyt MAE §
b7 ey 0. 902 0. 046 0. 901 0. 033 0.875 0. 057 0.870 0. 049
Fe:mits 0. 903 0. 045 0. 902 0. 031 0. 878 0. 055 0. 875 0. 043
WU EH A 0.924 0. 027 0.912 0.018 0.911 0. 034 0.912 0.028
3.5.3  A[FAY R E VA TR FERIN T HATEDL T B EREREE

XU P il A A B S PG SR 1l RGB
F RGB-D & HAG I 45 S 20 4 1 52 19 DR L, AR SC HE
BT IUMASTR ) RGB Al RGB-D & A T B,
1, EDNPS 1 BBREY & RGB 5 2 P T2 (L
it RGB 3838 14 , CAVER ™ 1 PICRNet™" J& RGB-
D g AN T B 558 U055 4 PR, nTLAE Y, X st
T HAMHLA A FEPERE FABPL TR, X T
ARSI NZ A RIS R, R AT DAAE AN o 1

3.5.4  [FR{EAYTH R

FES (T Hp T B SR 3 R X3 TR o o
(A FERLA B B, Jo B 245 SRk AR 4f b 13
PEATRERRIERL G, 12 OG5 B B B0 il A TR AR
BE, &g a0 A SCRE T 0.0.3 f10.5
X3 A [ BB AT I Rl AT, SEaR A R ANk 5 T
TRo ZEARUL, M BIE A 0. 3 Bl A RO ek,
I AR SO I GBI 0. 3,
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Table 4 Ablation analysis results of saliency detection tools

e TH NJU2ZK NLPR SIP STERE
Fy4 MAE Fy4 MAE Fy4 MAE Fy4 MAE y
RGB EDN 0. 881 0. 041 0. 878 0. 034 0. 871 0. 047 0. 885 0. 039
BBRF 0. 905 0. 036 0. 888 0. 028 0. 895 0. 033 0. 891 0.033
RCED CAVER 0. 920 0.028 0. 903 0.023 0. 897 0. 043 0. 892 0. 034
PICRNet 0.919 0. 029 0. 910 0.021 0. 900 0. 040 0. 904 0. 036
EDN+CAVER 0.922 0.028 0. 905 0.022 0. 899 0. 041 0. 895 0.033
il 4 G EDN-+PICRNet 0.921 0.028 0.911 0. 020 0.903 0. 039 0. 905 0. 034
BBRF+CAVER 0.924 0. 027 0.910 0.022 0. 905 0. 036 0. 903 0. 030
BBRF+PICRNet 0.924 0. 027 0.912 0.018 0.911 0. 034 0.912 0. 028

x5 XEBEANHBONER
Table 5 Ablation analysis results of key thresholds

- NJU2ZK NLPR SIP STERE
Fg4 MAE y Fyt MAE § Fg 4 MAE Fy4 MAE §
0 0.921 0..029 0. 909 0.019 0.913 0. 034 0. 909 0.032
0.3 0.924 0.027 0.912 0.018 0.911 0. 034 0.912 0. 028
0.5 0. 920 0. 028 0.911 0.018 0.908 0. 035 0. 906 0. 034

3.6 BIEIE#E

AR SC Ty 2 TR AN B ko R B T BT A
i Z S EONTH A 24 B . UR B o TTAN FN S 2
PER AL 11—k RGB i 25 M 45 5, 9 B 38 i
kLR 5T B AL AN R B TR XIS SR A

AT 8 A T RIT 8 . 3R 6 R T SOTA %!
BRSO EAE N 6] 2 H0E  FLOPs ML BE 7 1f AY
X ECES A w] LUA Y A SCT7 6 A6 32 TP BE 09 R et
TRAF TR A I ) 28R S B T PERE S AR I R
41

R 6 ARETFERIRTE.SHE FLOPs MRERIIT L 45 R
Table 6 Comparison results of time, parameter quantity, FLLOPs, and performance of different methods
) ) NJU2K NLPR
WIRES IFI) /s S8t/ 10° FLOPs/10°
Fyt MAE y Fyt MAE §
CAVER 0. 148 93. 8 31.6 0. 920 0.028 0.903 0.023
PICRNet 0.069 111.9 27.1 0.919 0. 029 0.910 0.021
RICT = 0.115 142. 2 55. 8 0.924 0. 027 0.912 0.018
4 EEiE SRR A0 2 EPRAS I | 3207 125 W AR T AR
Zn A

TR B 1 ) ot 32 3 s A B 1A 1) 3% T T A7 A
P25 AR A TR T A S s A TR R XA
PEREFEAE AR MR . BT 1 ) J30 L A SCHR s — b ik
TAIRLE R B R SRR ) RGB-D i 2 P 0 A A
Jrk . gk b RGB HI D 43 372 09 & 25 v
S50 5 AR AR R 25 55 o A DT A TR B 3 AN
[7i] DX 34 B 6 5 2 VP A 45 48 T — i LR M 1% e
B REME: , JEL R e P ) R A T R S 45 R K
3l Ak T RGB R B iE 2 B P R Ve . 76
NJU2K,NLPR, SIP fI STERE 44 I (1) 5286 45
R, RV AE HA PRt i s b AR SO kg

Jot L JC DTk L 2 0 TR MR R XA e SE B T
AL SRS TAMRES IR 3R T T HAlL SOTA
DTN A SR o AR K PR 3R S v S0 TR L T
OB LA AT ST A R aR S PR RE . ()
S 38 3 45 AR XA I 45 o 82 T J 2 ARG A R
SR Bz ALRE T

S 3k
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