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RGB-D salient object detection of using few-shot learning

He Jing', Fu Keren'?*"
1. National Key Laboratory of Fundamental Science on Synthetic Vision, Sichuan University, Chengdu 610065, China;
2. College of Computer Science, Sichuan University, Chengdu 610065, China

Abstract: Objective Salient object detection is mainly used in computer vision pre-processing like video/image segmenta-
tion, visual tracking and video/image compression. Current RGB-depth (RGB-D) salient object detection (SOD) can be
categorized into fully supervision and self-supervision. Fully supervised RGB-D SOD can effectively fuse the complementary
information of two different modes for RGB images input and the corresponding depth maps by means of the three types of
fusion (early/middle/late). To capture contextual information, self-supervised salient object detection uses a small number
of unlabeled samples for pre-training. However, existing RGB-D salient object detection methods are mostly trained on a
small RGB-D training set in a fully supervised manner, so their generalization ability is greatly restricted. Thanks to the
emerging few-shot learning methods, our RGB-D salient object detection uses model hypothesis space optimization and

training sample augmentation to explore and solve RGB-D salient object detection with few-shot learning. Method For mod-
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el hypothesis space optimization, it can transfer the learned knowledge from extra RGB salient object detection task to RGB-
D salient object detection task based on multi-task learning of RGB and RGB-D salient object detection tasks, and the
hypothesis space of the model is constrained by sharing model parameters. Model-oriented, takeing into account middle and
late fusions can add additional supervision to the network, therefore, the JL-DCF model is selected for middle fusion and
the DANet" model is optioned for late fusion. To improve the effectiveness and generalization of RGB-D salient object detec-
tion tasks, RGB-D and RGB are simultaneously input into the network for online training and optimization in terms of
JL-DCF, and the coarse prediction of RGB is supervised to optimize the network. In view of the commonality between the
semantic segmentation and the saliency detection, the dual attention network for scene segmentation ( DANet) model is
transferred to the RGB-D salient object detection network, named DANet’. Similar to JL-DCF joint training, additional
RGB supervision is added to the RGB branch of the two-stream DANet’. Furthermore, the training sample augmentation
generates the related depth map based on the additional RGB data in terms of the depth estimation algorithm, and uses the
RGB and the synthesized depth map for the training of the RGB-D salient object detection task. We adopt ResNet-101 as
our network backbone. The scale of input image is 320 x 320 x 3 in JL-DCF network, and the scale of DANet™ network
input image is fixed to 480 x480 x 3. The depth map is transformed into three-channel map by gray scale mapping. Our
training set is composed of data from NJU2K, NLPR and DUTS, and the test set is NJU2K, NLPR, STERE, RGBD135,
LFSD, SIP, DUT-RGBD, ReDWeb-S, DUTS (it is worth noting that, DUT-RGBD and ReDWeb-S are tested in the com-
pleted dataset based on 1 200 samples and 3 179 samples, respectively) . The evaluation metrics are demonstrated as fol-
lowing: S measure (S,), maximum F measure (F™), maximum E measure (E,™) and MAE (M) . Our experiment is
based on the Pytorch framework. The momentum parameter is 0. 99, the learning rate is 0. 000 05, and the weight decay is
set to 0. 000 5. Stochastic gradient descent learning technique is used to accelerate on NVIDIA RTX 2080S GPU. 1) Mod-
eling: it takes about 20 hours to train 50 epochs. 2) Sampling: it takes about 100 hours to train 50 epochs and a weighting
coefficient & =2 200/10 553 =0. 21 is illustrated to guarantee the roughly balanced in learning using the two different strat-
egies. Result Our comparative experiments show that the introduction of few-shot learning methods on nine datasets can
effectively improve the performance of RGB-D salient object detection. In addition, we compare different few-shot learning
methods under different RGB-D salient object detection models (including typical middle-fusion model and late-fusion mod-
el), and draws relevant analysis and discussion. In addition, the visual saliency map shows its potential of our few-shot
RGB-D saliency object detection method. Conclusion We facilitate the few-shot learning method for RGB-D salient object
detection. It develops two different few-shot learning methods for transferring additional knowledge. Our research is benefi-
cial to develop the subsequent introduction of few-shot learning towards more multi-modal detection tasks.

Key words: multi-modal detection; RGB-D saliency detection; few-shot learning; multi-task learning; depth estimation
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D3Net( Fan %,2021 ) 38 i J] Wi I8 B (612 75 0 % 5
RGB EUR B EAE M A MG 5, BT 45 LA fI% 5
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L RN, DR TR T BRI 45 454
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(RFEARESL
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J RGB SOD % #iE 7] H4E B+ RGB SOD 155 2% 2]
I HIRIT# 2 RGB-D SOD 1% 45, f# 2t RGB-D
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RGB-D SOD 1T 45 A AL 55 T, T %F Wi i 5 45 45 R

= {Dlrain ’Dles[} , Hp D, = { (XRCB,D Y) %1 ’

D, = (XY 27~ Ground Truth, 1 TN B YR A
KN CEDYNERFEARSE ) | AL 1EESIN, IR BRI ZRAE
KED BE DKL E RGB SOD Y2554 4
D . ,D.. WHEAEZKTD,,, . MEAFZNHT
() RGB-D SOD ] i W J& 45 52 W ] fifi Fl /N A 2
AT DL RSN AR SR AT 55 T Y
%2,
2.1 ETHRBEB=EMRNK

AABE TR figt 2 [ AR AL A 3, ZINBEAR 2 2] T i ] LA
2 398 T 5 6 S U R o A 7R 8 5 s ) il 0 6 XU
e/ MR ZE S AT 5 I LR 14 XU ( Wang
25,2021) , ARGESCIE AR Ay ik, 3 A AR
(R /INEAR 2 2] J7 0k 0 R AT 5524 20 i A2 > FilE
AL (Wang 45 ,2021) , RIZAES5 52105k,
PP ARRUE 55 4T S 8038 ATPEE RGB SOD 4
5B 2 RGB-D SOD REAI |

7 183 B A 25 L AL A B A T 24T 552 2
T BB W B {55, e rh Wl & AU 19
SRR/ NVEEZAS RGB-D SOD #EATHRSY., 76 Wi fil
AR Fu 25 A (2020) 421 89 JL-DCF 2 B A1
FAER PRI RS AR R A JL-DCF X RGB K% Al
TR P RP A5 3548 B (9 W 3 40, JL-DCF 3t
2T RGB 43 SRR B 43 32 ALCEE , (4 4 1) RGB
PG A B A s 5 5 RS A 2 2T, % T s 1l
AR S Fu 25 A (2021) %% DANet(Fu %5 ,2019)
P 15 A R Ji 391 il & BB DANet”, i T 24T 55 2%
2 HEZRIE N 1 FR

Bl 1 (a) Fm3E T R I A i/ MEARZME T I
RGB-D SOD, M £% 3 ¥ 73 & JL-DCF £ A JL-
DCF(Fu 45,2020 ) 8 i 25 A4 45 £ B RGB B4 5
TR UG B RAAE -2 Hh 25 S DMV Rl 75 SR s AT 30
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Fig. 1  Applying multi-task learning to RGB-D SOD models that are based on middle fusion and late fusion

(RGB" denotes the extra RGB images) ( (a) multi-task learning based on middle fusion;

(b) multi-task learning based on late fusion)

A AN RS I RRAE . A SCHE SRS A B X RGB-D
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(Fu %,2019) HFETF RGB AYiF Loy #IBRL il £
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P25 LA A o7 b SRy SRR AIE 5 E 4 SRy A6 1 A 45
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HE, ARLZE Fu 55 N (2021) B8 L3 HI A5 1Y
DANet (432K B FUZ (1 x 1, C) (i i 38 18 %k
C Rl SO EIERIEO By (1 x 1,1) By B A&
FZUH T B E WK, BT DANet Jy 3T
RGB H U580 | K K DANet (& HCH T A A RGB
UG AR B G 9 X037 I B il 5 78 B DANet”,
X AR RGB BG5S TR SR AT 4 i i 45 VE A
S FLIE T8 O R AR 1T, P AE S A Sigmoid PRECET i#E
AR A A RS 2 B ) S B PR

ST 1(a) (b)), LA DI DY Sy il e R iy ARy
RGB-D $i#EH 1) RGB [EIM% 8 5 R B R 4 (|
D, = (DI D™ ) HSH RGB-D SOD 5
RGB SOD M ZAT:552%% 2] ¥ D .., ( RI&5MY RGB %k

W64R) 5 D, R A G545 1725 U1 26 AN [A)
IR BARDLIE 1,
25 b T IR S RS RS R 24T 55

T B SRR R 23 T R
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(1)
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X185 .S, .S, /\”IJ%%/TWEEHWJD{‘SB Dy L)

L D, B ETEBIER S, i RGB-D 2%
@ﬁmm%J( © )RR URAR R PR B, G N

D, M ground truth,G* /R D).,
2.2 ETFSEHEERT 7R

LT, 76 0 35 P ) ARG 0 508, RGB SOD £ 4
M K /N2 RGB-D SOD %4 4 19 5 ~ 10 £%
(Wang 55,2022 , A SO NEHE 4 78 4 B2, 3 o 51 H
TREEA T3 2 A2 L RGB BIG AH B A TR 2 &1, O 4%
RGB-D PGS I T 5 32 PR A AG I 32 49 4 o i
Wi /7% DPT (vision transformers for dense prediction)
( Ranftl 55,2021 ) Fll MegaDepth ( Li FI Snavely,2018)
TR B EREEAG T, 76 Ranftl 558 A (2021 ) 5% HE 52
g F B, DPT J5 %40 b F MegaDepth 75 35 RE A= BY,
SRR | A0 RO B G Y AL 22 18], DPT R I AR 52
Transformer 5 4R W 45 4 by 28 4 BUNAT: 55 1 T
W25 T8 Transformer FIE FRUE IS 4% 72 A2 4253
HERM TN . MegaDepth 2K SFM + MVS ( structure-
from-motion + multi-view stereo) ( Li 1 Snavely,2018)

IR 46 7 A 380 A4 57 B R 5%, e 287 A R 2 A A
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XHRBERE . DPT 5 MegaDepth 7135 AR 22 & 1
2 A VR BE A ., R SR e 462 AR o it
AT VA— AR S A B AH N AR BE BT R A s TR
P15 D, PRI A E I e R o
B ) 18 JL-DCF M4 Fl DANet' [ %% - 347X 1L
AT S A R, B S 51
AU BIVINER 43 S S5 RGB-D #dii, K 43 I
P AR, BRI T 0/ INEICHE B 9 24 115 B
VRIE A N 46 RSO 1 1 250 5k e KO L

AT INAR , PRI TR 3 A 17 5 B A8 G eR K
L = ; L(x) +a Y L(x) (3)

D *
%€ Dijain

R, L, FoR BB, D D I HERIELG
RGB-D YIS D, A NI ZR4E , 78 )
fl- A AR 5 5 I RS AR L (x) A3 R RS (1)
A= 2) HAE AR L(S,. ,67) T,

3 LWERDH

3.1 HIEE5EMGIER

FSFH#E, AE 8 1 RGB-D SOD % #s 4 LA I
1 1> RGB SOD ¥4l £ b iFA7 5255, I X 52 4 45 2R ik
TV 70 #r. RGB-D SOD %% 4 48 44 4% . NJU2K
(1985 MEEA) (Ju ZF,2014) NLPR (1 000 MHEEAR)
(Peng 4 ,2014) .STERE (1 000 M #EA) (Niu 45,
2012) \RGBDI135 (135 M FEA) ( Cheng 45,2014 |
LFSD (100 MFEAY) (Li %5 ,2017) SIP(929 FEAS)
(Fan %5 2021) .DUT-RGBD (800 Ml Z:AEAS + 400
ANMEEAEAS ) (Piao %5,2019) . ReDWeb-S(2 179 4~
YIZRFEAR + 1 000 AW AEA) (Lin 5§, 2021)
DUTS(10 553 Ml Zi A +5 019 A~k A A )
(Wang % ,2017) 2 RGB SOD %¥t#ifE, 7E4 3,
RGB-D JIIZ:4E 1 NJU2K fi 1 500 ~EEAS NLPR 1Y
700 NFEALL K, #UAME RGB VI 2k 84 i DUTS
10 553 DAL AL, HoAas 00, (A5 —$2 Y
J& ,7E DUT-RGBD #il ReDWeb-S | 3% JH T A $ic 45 1t
APk, BpRAE A & 1200 4NA1 3 179 MFEAR

PR AR AR R P S 2 P A ARG T el v 1 o 48
b, Bl S-measure (S,) (Fan 5%,2017) . #% K F-meas-
ure (F3™) (Borji & 2015) .5 K E-measure (Fy™)
(OB %5 2021) Fil MAE (M) ( Perazzi % ,2012;

Borji %,2015)
3.2 ZIAT

ARSI BB SEBIET JL-DCF HEZ2 A1 DANet ' fE
2 FESET JL-DCF [ 24T 5524 2 25 h o RGB-
D %l 5 DUTS Wiy RGB B [R] it A i ) 2% 1
TSGR tE, AL, JEF DANet' 9 £
552 2] SEER X P AR R R R 9 RGB £ 405 7] el gk
AL, JL-DCF HEZRF DANet' HE 42 ()
FF M 4% 4 4 ResNet-101, H i JL-DCF & 4% 5
DANet" P24 A BG4 R ST 43501 320 x 320 x 3,
480 x 480 x 3, fire Z i th G o3 B3 53 51 R 320 x
320 3R 480 x 480 123, A 45 1y A XA 2 I
3 e 30 o T B R LS A 4 Sy —SE SR ]

# NJU2K i 1 500 4~ RGB-D #£74<Fl NLPR iy
700 /> RGB-D BEAAE R D, % DUTS £ 10 553 i
RGB EGAEHR D, FHT ML B AR B EE
N D, o VIGREE XI5 R A $i 8 R B T
BHE 7 IR AT B 3G o, SIS 5 R T Pytorch
HEZE  Fh S50 E M 0. 99, 2% ) 5 0. 000 05, #L
LN 0.000 5, Yl 2k s 2R FH BE LS B T B L AE
NVIDIA RTX 2080S GPU I Jii , & -5 71 figt 2 (1]
PeAkszm g 1%k 50 4~ Epoch KATEE 20 h, KT
YIGFEAY L5, i T3 10 553 N4
RGB-D #Z&ﬁ%, TE Batch _size M 1 E‘J‘[‘%E{E,T,
Epoch 4 50, KA % 100 h (8 5 FHBIEE) .
SR XA (3) PAAE RER E N a =2 200/
10 553 =0. 21, AR ARIEDI Gt Bcds oA i~k
3.3 ZWERILESHH
3.3.1  EEGEEXS Ao

S B BT H RGB-D SOD #i Sk /INFEAS 2 3
o) B A R AZ AR VIR T 6 A AS TR B R 56 31
PRPAS [R] 5 /VEEAR 22 2] 515 (B RGB SOD 5 RGB-
D SOD WAL 55 2% >, VA R I SR REAR TR 3 A 1) X
RGB-D SOD HyPERESRTE, ik 1 i, Hoh W/o
FSL /R 5L Pytorch JRAS AR RIPERE (SR FH /DR
A3 Ik ), Multi-task 78 RGB SOD 5 RGB-D
SOD 2414522 AL 9 J5 ¥, DS-DPT  DS-MD 435
FREET DPT Ml MegaDepth 47 5 A 5 1 Y11 2 BE
Ay g, EHAF MR, R 1 T DUTS i RGB
SOD % #iE 45 , A eIl iXA 38 i DPT F1 MegaDepth
PR 5 32 A TR BE &, 430 36 7s i DUTS (DPT) |
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Table 1 Quantitative comparison on nine benchmark datasets
SOTAs JL-DCF DANet'

b E/TE S LN

UCNet  SSRNet W/o FSL multi-task DS-DPT  DS-MD  W/o FSL multi-task DS-DPT  DS-MD

S, t 0.897 0.897 0.917 0.922 0.921 0.922 0.900 0.907 0.914  0.907
NJU2K F 1 0.895 0.893 0.919 0.925 0.924 0.926 0.897 0.908 0.914 0.904
Eyt 0.936 0.936 0.950 0.956 0.956 0.954 0.938 0.945 0.950 0.942
M 0.043 0.047 0.037 0.034 0.034 0.034 0.044 0.042 0.038 0.042
S, t 0.920 0.915 0.931 0.937 0.935 0.934 0.912 0.920 0.924  0.923
NLPR F 1 0.903 0.901 0.920 0.927 0.925 0.922 0.892 0.906 0.909 0.908
£yt 0.956 0.953 0.964 0.969 0.969 0.964 0.949 0.960 0.961 0.958
M 0.025 0.028 0.022 0.020 0.020 0.021 0.027 0.027 0.023 0.0206
S, t 0.903 0.892 0.906 0.908 0.911 0.903 0.889 0.895 0.901 0.904
STERE Fge t 0.899 0.882 0.903 0.903 0.908 0.898 0.874 0.887 0.890  0.892
Eyt 0.944 0.930 0.946 0.947 0.949 0.942 0.930 0.939 0.938  0.939
M 0.039 0.048 0.040 0.039 0.039 0.042 0.048 0.044 0.042  0.042
S, t 0.934 0.905 0.934 0.935 0.942 0.938 0.896 0.922 0.921 0.912
RCBDI3S Fg 1 0.930 0.895 0.928 0.931 0.938 0.932 0.875 0.908 0.911 0.900
Eyt 0.976 0.958 0.967 0.965 0.975 0.973 0.935 0.959 0.957  0.942
M 0.019 0.028 0.020 0.018 0.017 0.018 0.027 0.023 0.022  0.026
S, t 0. 864 0. 845 0.862 0.876 0.868 0.858 0.836 0. 847 0.849  0.846
LFSD F 1 0. 864 0. 846 0.861 0.881 0.870 0. 864 0.829 0.848 0.838  0.839
Eyt 0.905 0.886 0.89%4 0.913 0.900 0. 895 0.873 0.893 0.878  0.880
M 0.066 0.082 0.074 0.063 0.070 0.076 0.090 0.079 0.081 0.085
S, t 0.875 0.878 0.879 0.900 0.895 0. 887 0.870 0.885 0.888  0.883
S1p Ft 0.879 0.884 0.889 0.915 0.906 0.896 0. 865 0.885 0.887  0.882
Eyt 0.919 0.921 0.925 0.943 0.935 0.928 0.916 0.927 0.930 0.928
Ml 0.051 0.054 0.050 0.039 0.043 0.047 0.056 0.050 0.048 0.051
S, t 0.847 0.838 0.876 0.900 0.895 0.897 0.821 0.873 0.860  0.862
DUT-RGED et 0.834 0.818 0.867 0.897 0.889 0.892 0.795 0.863 0.843 0.844
Eyt 0.889 0.876 0.911 0.932 0.926 0.932 0.860 0.910 0.892  0.893
M 0.069 0.072 0.056 0.044 0.047 0.045 0.086 0.059 0.066  0.067
S, 1 0.705 0. 685 0.714 0.723 0.726 0.719 0.712 0.700 0.718  0.719
ReDWeb.S Fgm 1 0.702 0.674 0.710 0.721 0.716 0.719 0.692 0.702 0.705 0.710
Eyt 0.791 0.772 0.796 0.804 0.799 0.803 0.781 0.795 0.794  0.799
M 0.134 0.148 0.134 0.129 0.128 0.131 0.136 0.141 0.130 0.133
S, t 0.824 0.821 0.842 0. 866 0.880 0.871 0.823 0.853 0.878  0.870
DUTS F ot 0.778 0.765 0.800 0.834 0.854 0.841 0.764 0.817 0.847  0.835
(DPT) Eyt 0.876 0. 866 0.887 0.909 0.918 0.911 0. 868 0.907 0.922  0.914
Ml 0. 060 0.062 0.054 0.044 0.042 0.044 0. 061 0.046 0.041 0.043
S, 1 0.813 0.803 0.824 0.855 0.854 0.866 0.816 0.852 0.872  0.869
DUTS Ft 0.766 0.745 0.777 0.823 0.821 0.834 0.755 0.817 0.840 0.834
(MD) Eyt 0. 866 0.854 0.873 0.905 0.897 0.907 0. 861 0.907 0.918 0.912
M 0. 064 0.068 0.062 0.048 0.053 0.048 0.065 0.048 0.043 0.044

AR5 B R 3T JL-DCF F1 DANet” BB/ NBEAR 24 ) T ik eI T/ | FoRR/ M/ M RERR LT ; SOTAs R
state-of-the-arts , BV HIHT % o
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M1 1,

1) i1 JL-DCF 5 DANet' (45 £ 0 75 % RGB-D
SOD WA /INEEA 2 2 [l 3 51 A /NFEAR 22 2] J7 i
AR RIVERE . 40, Xt T JL-DCF BRL, 24T 5
22275 (multi-task ) 7€ SIP F1 DUT-RGBD %4 4
PERER ISR AT, S, IER T4 0 2. 1% 2. 4%
X F DANet BRI 3L F DPT 4 3 S8 A % 5 325 ( DS-
DPT) 7E SIP #1 DUT-RGBD ##E 4 |, S, B9 TH43
Bk 1.8% 3.9% .

2) 7€ JL-DCF 45 R, 24T 55 2% > J5 ¥ (multi-
task ) FOPERE R BB AL, ML TR B ANREA2E )
(W/o FSL) iyPERE EASE T fe i, IR T JL-DCF #5
R 3 S B )5 206 RGB SOD 1145 1 AR E
F£ 2 RGB-D SOD 1155, 1ty XA AT 2 MW A
KT 55 I RRIE2E ]

3) 7€ DANet' &5 3 1, 3L F DPT 19 ¥ B A= i
(DS-DPT) PEfig SR I T, Him T 2415527 2
(multi-task ) o JEPETE TR H DPT J7 4 Y & o
HTREEEFT 45 Y 25, il 3L T DPT (R AR i
2:(DS-DPT) PEfigf& - fe =i . 73— J7 1, DANet ' @ 1
XU M 26543 5312 2] RGB KIS 508 B RS (R AE |, IF:
PLJE A i 7 A 0 SZ B (RGB 43 32 IR JE
O3 3C) BRFIE  FERRAE 2% ) B BUAR A B RGB EME AR
BACHE T RGB 433 1Y% 2 IR EE 73 S AR e A
BN RGB MG AH B, I L 24T 5524 20 )y ik 1k g
PRS2

4) 4 ¥t JL-DCF F1 DANet’ 33 b DS-DPT 5
DS-MD [# P REFR I, 45 5 /s A AL DS-DPT 119

SARTERESEE T DS-MD , 1] 75 VR A= i) o o)
GEFA —E 152N, RITR EE AR BRI BT, 5 | A
A RGB USRI R i e TR

5)JL-DCF Wy #E R RE L T DANet”, K UL /INFE
AR NI RGB-D 5 214 oy A A 1 9 At A5 784 1)
1+, 5 UCNet( Zhang %% ,2020) .SSRNet( Zhao %5
2020) PIFRERA BT T I H#EAT N H, B NRE AR 2
R AL T SOTA ( state-of-the-art ) F P
fie. [FF, 7E DUT-RGBD ., ReDWeb-S Wi 4% ¥ 4
AR ZE BAE R T AE RGB-D SOD BRI5| A /M
AR2E 2 Tz A

R ELRERINR F/INFEAR 22 2] J7 %t JL-DCF 5
DANet BRI MRS T, Xt 6 1 TP gE dE AT 40
g4 5 1% RGB-D SOD MR /INEEA A2 [l s, £
1552 2 VU R BE A i 7 8 /il P BE A i vk
fie$2 7+ ({¢it% NJU2K  NLPR . STERE , RGBDI135 |
LFSD .SIP . DUT-RGBD . ReDWeb-S $#& 4 | (45 b
PFFIME) , I3k 2 FoR 76 JL-DCF B 24T
52 L RA R PERER I, 75 DANet' 15144
o LT DPT J7 i B TR B AR i ME BB ER T 8
WIRTRTI , 45 R 5 E AR R Y 25 M A0 G, 53 4F,
JL-DCF HERYG | A /INEEAS 25 3] J7 v i Ve e 4 o /1
T DANet" FERIG] A /NREA 22 2 7 s 48 7, I 1A
F AR JL-DCF P 8 BEEL 32 4, I DANet” A5 P
REFH 22, ULBH/IVREAR 2 2] 7 P B R ok 1) M R 4
Fh—E R L TRR A B eaitERE. &2 B
UCUEBA T RGB-D SOD # Ay /N A 2 2 [] 7 iy ]
TR R

®2 IMERZEIFENFEHERERT

Table 2 Average improvement for few-shot learning methods

/%

- JL-DCF DANet'
EiE 2
multi-task DS-DPT DS-MD multi-task DS-DPT DS-MD
S, 1 +1.0 +0.9 +0.5 +1.4 +2.1 +1.5
et +1.1 +1.0 +0.7 +2.4 +2.2 +2.0
Ey t +1.0 +0.7 +0.5 +1.8 +1.5 +1.2
Ml -0.6 -0.4 -0.2 -0.6 -0.8 -0.5

E  IHLFA3 B3R HE T JL-DCF il DANet” BRI ANVEA S 5 7 g i A AEL; 1/ | B/ /A RE B

23 BN 7B T DUTS B9 45 i R E 4R
T+, DUTS(DPT) .DUTS(MD) 43 %136 7% % F§ DPT 77
1L FN MegaDepth J5 352 1 DUTS 4l 48 04 8 2 1€

Tk, 7F JL-DCF AR R ] DPT J5 v A= iR
FE IR R TRIAE DPT A4 RO 2 1 A it 48 I
PEREFR IR, >R H MegaDepth J7 A= IR B B I 24
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FIRIIFE MegaDepth 5 v A= BCIR BE I&T A 4 b1
eI E, X T DANet" BERY DPT J7 vk Az R
FEIYIZRp 7 (B DS-DPT) £ DUTS ( DPT) 5 DUTS
(MD) Hda4E F e R B AL, JRRTE T DANet N5
RGO X RGB-D UG 118 SUAF B A A A
2, PRI TR I TR 4 Jo o XoF I 0L TRX) 8% 1) 3 M 58 K, ED
WE T HETFINGRREARY F8 0/ INEAR 22 2] T i i v fig

TR A A I PERE, 55 5h, i THi41 1 RGB
FUSALA T RGB 73 325 > AL, i A o7 > A2
AR B L, IR A 55 27 ) (B multi-task ) P AE
ZETREAE R . B2 RN R EE A 5 A I
SRR BEAZ 76 A [] A9 L4 ( DUTS (DPT) . DUTS
(MD) ) B i PERESE TH (S, el T 2.9% ),
HERGIA/IMEEAR 22 2 7 1 ] S i BB ARz AR

®3 DUTS Hif& LAEERF S HEHERERT
Table 3 Performance of few-shot learning method on DUTS

7k FEITE S E L7 multi-task DS-DPT DS-MD
S, t +0.024 +0. 038 +0.029
et +0.034 +0. 054 +0.041

DUTS(DPT)
Ey +0.022 +0. 031 +0.024
Ml -0.010 -0.012 -0.010

JL-DCF

S, 1 +0.031 +0.030 +0. 042
et +0. 046 +0. 044 +0. 057

DUTS(MD)
£yt +0.032 +0. 024 +0. 034
Ml -0.014 -0.009 -0.014
S, 1 +0. 030 +0. 055 +0. 047
et +0. 053 +0. 083 +0.071

DUTS(DPT)
Eyt +0.039 +0. 054 +0. 046
) Ml -0.015 -0. 020 -0.018

DANet'

S, 1 +0.036 +0. 056 +0.053
et +0. 062 +0. 085 +0.079

DUTS(MD)
£yt +0. 046 +0. 057 +0.051
Ml -0.017 -0.022 -0.021

TE LT AN A AT R AR, 1/ | FoRiBo/ BV RE BT

REAES | A/NEAR 2 2] X RGB-D SOD 7E I 2k
FEARIE AR DI LR 4 SCH RGB-D SOD Il %5
FEARHE 174 HEATHR A (HD A 2 200 AR5
/B34 550 138 .35 4~ RGB-D Il ZhHEAR) |, 1 45 A1 )
RGB SOD Yt AK W RFEAAE | LU RGB SOD
Bl KT RGB-D SOD $iffii, A Gkt T
JL-DCF W 24T 55 2% 2 ik T ik, Wnsk 4 i,
Hr A A, A A, SN REEASCR N 2 200,550
138 35 B, ZAT4524 2] ik e 9 R4 L1 F8
FETF(FEMERY W/ o FSL o fdi /D A REAR 04T T
FHIZR) . &4 HH LR ZE R A, 24 RGB-
D SOD Yl ZEEEAS KK 2 200 F1550 W), 5] A/NMREA

x4 IEHED RGB-D HiBEN SIS
2 517 R T LR
Table 4 Performance improvement of multi-task

learning after reduction of RGB-D SOD samples

JL-DCF ( multi-task )

iy
A, A, A, A,
st +0.014  +0.014  +0.036  +0.066
Fyet +0.018  +0.018  +0.053  +0.089
Ept +0.013  +0.012  +0.034  +0.058
Ml ~0.007 -0.011 -0.016 —0.031
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