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[Abstract] In recent years, Red Green Blue-Depth RGB-D) saliency object detection technology has made
significant progress with a notable improvement in perfermatce. However, the dependency of the RGB-D saliency
object detection technology on complex and resource-intensive architectures has limited its application in resource-
constrained environments. Although lightweight networks have improved in terms of size and speed, they often
come at the cost of sacrificing performance."\To address this challenge, an innovative lightweight solution is
proposed, which overcomes these limitations by streamlining network parameters and enhancing performance. An
effective and universal training strategyiandia sparse contrastive self-distillation technology are proposed, in order to
compress and accelerate existing ‘RGB-D saliency detection models while improving model performance. This
strategy is primarily composediofitwo key technologies: sparse self-distillation and adversarial contrastive learning.
Sparse self-distillation focuses on eliminating unnecessary parameters in saliency detection models while retaining
key parameters, thereby.achievifig'rmore efficient and effective saliency prediction. Adversarial contrastive learning,
on the other hand, aims to correct potential errors, further refining the self-distillation process and improving the
overall performance of the model. Experimental results on benchmark datasets such as NJUD, NLPR, LFSD,
ReDWeb-S, and COMEI15K demonstrate that, compared to other State of The Art (SOTA) methods, our method
can produce more accurate saliency detection results. Furthermore, comparison results of the proposed method
with existing SOTA lightweight RGB-D saliency detection models further confirm that our method can achieve a
balance between model size reduction and performance enhancement, without sacrificing performance.

[Key words] Red Green Blue-Depth (RGB-D) saliency object detection; sparse self-distillation; contrast learning

0 3 KEEAE . B BRBE 7 > R H AL e HAR ) bR
K S E F AR KL B AR AN BT U2 . AR SR

FE FR AR — A O 9 T AL AL 5 23R FUARAS I T8 Ak T A0 i (RGB) il B f5 &

A BAEPUN B S0 b B 8 35 B AR FEERAS @t X A AR SRR SRR 2 AR, SR T
R HARIRER 5 B RGBS RO R A T 75 et ST Fe I R R L B Al K RGB @ i

T

i B 2024-03-25 f&EBHE. 2024-06-13
BEE&WE: BEEARPAIE (62172246) 5 IR = 424 A-A08 A1 & @315l (2021KJ062)

@15 1E#& E-mail: * wudunquan@163. com



328

£ 51% 5 10 #1/2025 £ 10 B/HENIRE

({5 B AT BEAS 2 LAMERA ARG I 8 35 H s PR ok
W BBFSE E T A 5 1 RGB-IEE (RGB-D) i &k
H A, Bi7E RGB 38 A 5Eal 1 in ABRBE(R &,
DA s I ) HER P

TE R JE 2% ) 1 R 50T A Ay £ R 4o
Transformer-" K B 42 597 3 07 DL 473
fle RGB FIREEAE B T4 s A I g vEmf v . 78
RGB-D & 3% B el o, M T2 s i
AEARTR , 3 SL AT 705 il B 2 LR G B B
RGB FIR B A5 B 45 G ok , DL i o 25 v 5 brAs I
PIUERAYE . B T 3RAS T 4 I R 1 B 1 2B AR
T 22200 W 4 JL 8, 0 £ )2 6 B w248 W 25,
Transformer %5, X465 e 40N 38 H 75 2500 2 (111
YR AILEAEZS 1], SR XS PR R 42
ZVEL R BT Bt B AT TR e R
SRR AE KRR . o T 5o IR R % 42 AU
IR R PR, — Se PR 5 42 10 T R m i AL, ¥4
F5E J7 70 2320 % I 4 MobileNet 33 K557 114 I 2%
SRR EERT, B TR AT AR A AR, K e
WORAEAE 2 B KNS PR Z B i 2R i, Ik
G, — R B g A ey T I R AR ik
TR BRI 2 AR R IR INBF 2 1) I A 2 2], FRUOR
DCREAR T DAFE SR/ METRL RS R s 17 R L B
B B REE A BT TR

FF RGB-D & 3P H A5 A I B2 A i itk
A% ASSCHRE T — AT O R X LA 2R EOR B
FEB RGB-D I 2Pk H FrAer LA B S50, 7] B
R TEI AL R IR B AR T B ZE T T
AL T AR P S0 R PR AR L B 2
B RIS AR BR T 0T 18 v ) PR RE 2 06 I S 4L
UEAh, R T ke 2608 e R A AL 3 N VE R, AR SC
PEH T XFBUHEXT L2 ) SR L 3l 1 5 TR A ) L
2] AR R T RE R BORZE M R L T2 IE A
MR R 2 i — AR T RIPE R . AR SO T
() — AT BB Z A AE T O A AR R 5 A 75
TEZE TR W B B AR R B — 3, ool A 1 RN R R 1

T 75 B R A A 2% i .

EEEAR SO BTk AT AR BUR JLA : DA
TR HG E 2R Bk GRS I A A A
AR AR AL . R AR T TR RE s 2) 38 i e
PR B S HOF IR TUR S B A SCRIE AT
A TR RIEE A | ]I 5230 T 0R 5 M RE ) e (-
75 3) FHIRFHOHE RS 27~ s A R BT A2 IE F
ZRIR B B Al RE BN v M AT E— 204w 1
ARSI B AR

1 XTI

1.1 RGB-D BZE M EHREN

4819 RGB-D & 2 v F A oy 01 238
M TR R ARAE R 25 R0 e 25 M e 0, anx)
PO VU T S5O B ARG B X 2807 0 45 50
H AN F]Z BRI R sl 1 oo s T S . AR
1M EAT 2006 RGD R BE AR A 22 ] 1 1A 22 57
XA BEFEA IR A AT A, AN, B TR B 2
RS FEFE R 2 N 25 (CNIND |19 7 15 B8R &
G0 ZE M I S5 358 ) VR T VR . TR ik, B
TRAE 7 % RGB-D i 2 PR I A4 1 T &
Kok, w3 TR, XTI KRBT LU R
B RLAT R WA AT R b A k.
ARG 7 BESS G RGB EMSORITREE K T8 R
Wi RGB-D A, J5WREG ikl AL HoR 1%
RAnfepI s w28 6. RS 7ok U S5 4 4
eSS RRIE I RS 5 2 A

SRIMT X L8 T AR A A — S sl = P RE A AL
i ELAG 2 A2 ) X 2 B o AR B R ) B AR R 3
FRA T AR R 3Z PR IR B g 0 FH . B2 2 7R
T LRSI TN ERR A A . ASCTIA
THRREL F 2RO G RS TR i S B R R
FGRIRT R RIS R e . A T A IE A Z8 1
FR TR AR R, AR SCR T T XU XS B 27 2] SR ms , idF
— AT T A RN B R AT 1 PR CE
B WGHANLTA)E M HTML fR, FFRD .
a2 - ol W

2

I I
I : I ]
HITA
I I WL RZE3 R4
RGBE RGBF| = = o
o Ly R | HIT% S S
' T (| Edo v
M ) AR ;- s
r Rl 4 # I r LA I - I JEX FHN L
i inMobileNet HEE HJE R . I ﬁfm Ell 7 oS
I ) LIRS e 2T | AR —
| FERS R | ki —'m'@* B
! e AW HE
(@)L B MR 7 i ()3T SRR S P ERI Ty i (RN L 1 AR B M PRy

E 1 I;HE RGE-D BE&HBirENMARBEENTZE
Fig.1 Different lightweight methods for existing RGB-D saliency object detection
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Fig.2 Whole process structure of sparse contrastive self-distillation method
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Table 1 Quantitative comparison with existing SOTA RGB-D saliency detection models
Wi NJUD NLPR LFSD ReDWeb-S COMEI5K FPS/ SHeh/MB
SA  FA My SA FA M}y S+ FA M} SA FA M} SA FA M} BesH
A2dele 0.871 0.874 0.051 0.898 0.878 0.028 0.834 0.832 0.077 0.641 0.603 0.160 0.787 0.795 0.092 120 57.32
BTSNet 0.952 0.961 0.023 0.919 0.898 0.029 0.824 0.803 0.089 0.701 0.708 0.135 0.848 0.832 0.067 23 23. 22
SPNet 0.958 0.965 0.016 0.930 0.923 0.020 0.771 0.771 0.118 0.709 0.712 0.129 0.852 0.838 0.063 12 12. 42
SSLSOD 0.950 0.962 0.026 0.900 0.862 0.032 0.838 0.821 0.083 0.710 0.706 0.136 0.850 0.832 0.068 52 52. 41
CIRNet 0.945 0.953 0.029 0.931 0.922 0.024 0.795 0.789 0.118 0.703 0.708 0.132 0.849 0.835 0.064 31 30.91
HiDANet 0.952 0.962 0.018 0.931 0.925 0.021 0.771 0.760 0.121 0.736 0.745 0.132 0.846 0.832 0.067 9 9. 42
PopNet 0.961 0.970 0.015 0.928 0.921 0.020 0.844 0.828 0.079 0.776 0.784 0.125 0.851 0.834 0.063 10 10. 06
SEFF 0.962 0.972 0.017 0.934 0.927 0.019 0.870 0.869 0.062 0.802 0.815 0.121 0.855 40584170, 061 12 12.41
Ours(CIRNet) 0,948 0.956 0.027 0.933 0.926 0.021 0.797 0.792 0.121 0.715 0.721 0.129 0.856 0. 84870. 061 45 22.56
Ours(HiDANet) 0. 956 0.965 0.017 0.934 0.926 0.022 0.774 0.762 0.115 0.750 0.759 0.126 0.851 0.837 0.066 21 7.73
Ours (SEFF) 0.964 0.969 0.016 0.937 0.932 0.017 0.876 0.873 0.058 0.824 0.829, 0.118 0.863 0.855 0.057 26 8. 67
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Fig.3 Visualization comparison between method presented in this paper and most representative SOTA ‘models
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Table 2 Quantitative comparison of other SOTA dightweight RGB-D saliency detection models (based on SEFF)

o LFSD ReDWeb-S COME15K FPS/ PO,
SA FA My S'A £ My SA FA My (Bes™H

A2dele 0.834  0.8324p. 0N077%° 0.641  0.603  0.160  0.787  0.795  0.092 120 57. 32
MobileSal 0.847 048410 0.078  0.652  0.610  0.162  0.814  0.804  0.087 65 26. 00
PGAR 0.833 4n0.831 “00.093  0.656  0.632  0.161  0.83  0.819  0.079 48 62. 00
DFM-Net 0.865  0.864  0.072  0.705  0.786  0.136  0.851  0.826  0.071 70 8. 50
Ours 0.876  0.873  0.058  0.824  0.829  0.118  0.863  0.855  0.057 26 8.67
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Table 3 Quantitative evaluation of major components

Components LFSD ReDWeb-S COMEI15K

SE SD NSD FE ACL S4 F4 My S# F4 My S4 F4 My

X X X X X 0. 870 0. 869 0. 062 0. 802 0. 815 0.121 0. 855 0. 841 0.061
X < N4 N NG 0. 871 0. 871 0. 062 0. 806 0. 819 0. 122 0. 857 0. 842 0.061
N X N N N 0.871 0. 870 0. 061 0. 809 0.821 0.121 0. 858 0. 844 0.058
N N X N X 0.873 0.872 0. 063 0. 814 0. 824 0. 120 0. 860 0. 846 0.062
< N N N X 0. 875 0.872 0. 060 0. 819 0. 828 0.119 0. 862 0. 853 0. 059
N N N N N4 0.876 0. 873 0. 058 0. 824 0. 829 0.118 0. 863 0. 855 0. 057
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SE.SD.NSD.FE LI} ACL 43 51| & 7= 7 i 4w A% . B
FRAR UREAS K] 43 5 W | T S A E B OB B ) R Xof
PUMERT L2 2] S ms .l LSS 2 47 556 6 47, W
WE BB gL AT RGB-D i 25 H ARG A5
RIYIN R CR vh 0y 5 2AE . ) 4n, 78 COMELSK
M4 F,S #5FRM 0. 857 $2FHZ 0. 863, X 5 I
TR AZEBBARNARM:., AZEEX T RGB-D
M bR AR T A Y I 5 A BT R T o i b B AR
31755 6 17F th, Hh COMELSK B #s 51y M
SR 0. 058 [ ZE 0. 057, 8 I T A SC [ 2818 i
FITNRL . 55 A FTRIEE 5 470 el — B T
FEAS R 43 56 W& 19 A 3%, COMETSK %k 4 4 v (1%
M FEFRM 0. 062 &% 0. 059, % 51754 6 1719
X HE R T A SO B0 PR X EL 27 = 5K s 1 4R e, il
X F ReDWeb-S #4542, S 4845 M 0. 819 47
20,824, T AR HEX L FE T HEARANAE
M.
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3.5 HBASCIR
3.5. 1 TREARHFIA R ERE

WLz I AT AT A SO E T U gR AR T R
FEAR CRXT 5719 RGB EIFNRBE EG ) i e It e i
SEHGEERFA L 100 Y0 Lo B 7E BT A B b o rp 35 2
R AEAE AL DR AR S R0 FH N 25 4 v o AT TR s
(IR IR R AR
3.5.2 RIEAFHEIR A DT

PG RAE ALK (6) ~ 2 (8) TAYRUR , A
{#i 1T ResNet, VGG, Transformer F1 GNN 25K [5]
Dk T TS IR SE . W3R 4 RIER 5 45
7~ »5 ResNet fHE, VGG A5 BE S T 15 45 3%,
MR 4 Transformer & FBEEJRdE (40 LFSD A1
ReDWeb-S) | )& BT ResNet, {Hix & L1 i %
FEARAY FPS A4, e RS GNN 78 i A il iy v
R I 2% o (PG, 255 5 SRR IR AR Gk 4%
ResNet VER4AE e AJEHE

x4 EEAE AR HIHE R LB (E T SEFF)

Table 4 Comparison of results for different negative sample proportions (based on SEFF)

LFSD COMEI15K
FREAR L/ %
SA FA MY St FA MY
10 0.872 0. 870 0. 061 0.857 0.842 0. 060
40 0.873 Ong72 0. 020 0.858 0.843 0. 060
70 0.875 0f'873 0.018 0. 861 0.849 0. 059
100 0.876 0.873 0. 058 0. 863 0. 855 0.057

R 5 AEFHMESR N 5 iR 45 R LB (BT SEFF)
Table 5 Comparison of cheice of different feature embedding methods (based on SEFF)

" LESD COMEI15K
A FPS/ (s 1)
SA EA My SA FA My
ResNet 0. 876 0. 873 0. 058 0. 863 0. 855 0. 057 26
VGG 0. 878 0. 877 0. 057 0. 864 0. 856 0. 057 23
Transformer 0. 878 0. 873 0. 057 0. 861 0. 853 0. 055 7
GNN 0. 873 0. 872 0. 059 0. 860 0. 851 0. 059 10

3.5.3 HHIHT o« HAEE

FLBI T o R/ NGB R FN S0 B
M, AR 6, o [HE/INET, FPS FIS
2 X R BT D BRI U N H S 40

WK, Yo HIME] 0. 3. FPS LI, S5,
R AL, T RACR IR E . AR«
EE R GE 0. 3) 2= FEETRGE £ FPS B A L
Tt AR S B B> L AR T RO RE L DA T

Fz 6 LEBIETF o BHIiE B (BT SEFF)
Table 6 Ablation of scale factor o (based on SEFF)

LEFSD

COMEI5K

L7 Z 44 /MB
SA F A My SA FA My Uies™H

0.1 0. 874 0. 871 0. 059 0. 863 0. 853 0. 058 23 11. 15

0.3 0. 876 0. 873 0. 058 0. 863 0. 855 0. 057 26 8. 67

0.5 0. 873 0. 872 0. 059 0. 861 0. 850 0. 059 27 6. 19

0.7 0. 871 0. 869 0. 057 0. 860 0. 849 0. 059 39 3.71
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PR LB T o RE TR B PE BE AN T30 3 22 1)
A A R B B R i A il R 6 9B
SCRE T IR W Y o R A 728 T AR 1 R A
R IR
3.5.4  HRGUMIRZER I iR

N T AR PSR A R 2B b T
15 58 IR 28 18 (2 A2 W 2% B T FasterNet-Tiny Fl
FasterNet-Small"*™) | JoH i 4 0 FIRG 15 1] 26 188 07 vk
(BRI BE (M ) 25 Y 36T SEFF) , HAR S50 45 5%

WM 7 PR, SLYRLERII G A 28T e
SRR PRI TS MR A S5
Z00 . BN, AE LESD Sl -, AH e IR A 7
B EZE 750 S 454R M 0. 870 $2T1 2 0. 876, B4
DT 30% LI, [ 7E HAL PR AL F b -t
ERTE . BARM LSRR i (Tiny) , IrHR 5 A
ZRA T VR I S B0 D (W FEE I /N  AFASE R REAG K
REETE. PRI, M LA Ge 2848 vk B i ) 25 0B e 1S
FEVE /> S0 I R I A5 b A R P R

=7 S5&5#BAENLE(ET SEFF)
Table 7 Comparison with traditional distillation methods (based on SEFF)

- LFSD COMEI15K SR/ MB
SA FA My St FA MYy

LAY 0. 870 0. 869 0. 062 0. 855 0. 841 0..061 12.41

1E 557518 (Tiny) 0. 845 0. 851 0. 080 0. 843 0. 826 0. 072 7. 64
1647518 (SmalD 0. 852 0. 859 0.078 0. 846 0. 830 0.070 9.78
TC R b G 0.871 0.871 0. 062 0. 857 02842 0.061 12.41

A7 T 6 G 0. 876 0. 873 0. 058 0. 863 0,855 0. 057 8.67

i
3.6 HRME .

ARSCTTIEAFAE ISV (0 R BRAE . — 2 i i
ZRAR MU RT 27 T BT B3PS BE AR T RGB-
D B dhi 4 1SS I R 50 55 BE A — B R B B Y
R AR AT B2 I S5 A = 2] BOR L  EUR L P
Rif s R PR o 27 20 20 A 0 TE SR A S 5 1)
SR AT RES | A 22 B HU A e HOE AR g3 A G
EGR LR Tt Z R

4 HRIE

A58 o 51 A BRI [ 2808 07 k.
RGB-D 2 VA5 U U it 1 — i i 90 H m Ak
(77 58 AR BT R 2 BRI 1 o 1% Yot i 25 1k
LRl S WS N W B R) e R S B A DY
PUMERT Lo 2] AR SO A AL T R fa £ RV i
A 98D AR EEZ R I E e N R AR 1 i R T Y
TWRTE IR 22 BT T BRI Af I . 12 0 BT AL 2
SRAUE AR S5 4 B A MR ol M TR RS 19 [ s 4
Ry BARTHETUNERE AR SCT7 15 A8 K 88 52 ] AR

AR THRIERR T ] =2 SR 5 R T
AN o 5 TR HE— A0 48 /NS AR B T AN A P v
JE ATE G 8 1 S0 RIS PR RE , 90 58 52 A dnd 385k
R A G URAT FRERE T WSR3 . b AR A
BU TSR e A A T R R R, LASE N
ARSI 5%« DA e SRS E MU B AL I SR
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