3838

E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O hEESERFRRINTE

%S 25 TP18; TP391 XERFRIRAED: A XEHS: 1006-8961(2025)12-3838-17

X5 AR :Song X G, Tan Y P, Guo F Q, Lu X F and Hei X H. 2025. Cross-modal feature fusion and detail-enhanced RGB-D salient object
detection. Journal of Image and Graphics, 30(12):3838-3854 (AR i, 1M1, PPaiol, S IRH, MBI . 2025, EERISRHERLG 5401 (5 B34
SR RGB-D &2 HARK . E S 240, 30(12) :3838-3854) [ DOI: 10. 11834/jig. 240653 ]

EESSIEME5SdATEERIEER
RGB-D & Z% Birta il

REEV, BRI ER , ERag e
1. PHZeRR TR NIRRT R, TUZe 710048; 2. AHLILFIE GEHL2E APEPU4E Bk TRFSE thoey  PE % 710048

@ ZE: BM RGB-D W HARK % 4 RCB EMEANTRFE S 1 B M B, mT LA o 1 6 52 2 AL LA Pl ik
Y50 8.3 H AR K (salient object detection, SOD)AE Jy , 5 T 1L RGB .3 ﬁ%@ﬂ*ﬁ”ﬁﬁ%ﬂ’]f B, 32 3w B OC
TEo SR, BEAT RGB-D A IS A 1h I 4 fof v s80F 40 A A2 A% L EA T Rl DA B A o it v S8 25 e 00 G A U
JEAERE, St 42— RS BOSRHIE RS S S A 1 B SR Y RGB-D S35 HARK N vk . iE W BSROS TR
FIRA BT (cross-modal attention fusion enhancement module , CAFEM ) Xt /S [F M A AE AT VE 2 1% 4, il RGB
PR IR BE RIS 8 EAME B FE 4 Bl (AR 75 43 1) 2 B RRAE , AT 4 i A (PR o (B IR ES i A
Sy RIS A5 IR IE A I 2 R I T TR H ARG B S BRI ME R 0 o SR XS b 3AR (], 4t — g B 22
% 4% (convolutional neural network , CNN) iK% 2 FEAiE 5| 5 1) 71 2% FR AT $2 BUA B (boundary feature extraction module,
BFEM ) , 38 52 388 38 1 2 ) W MIRJZ AR AR (1 e 75 R4 T 08, AR5 (o FHAR)Z 4819 R 5 | R S S Rl AR IE R 7 SR AR
izIvet iﬂEﬁu/ﬁﬁfﬁﬂﬁﬁ%l@@o LR {E4 RGB-D W3 H AR I B SE EAT 9000, 5 16 R R MRy k47
FEPESZIS X L. 75 VX446 %5 2% (mean absolute error, MAE) 845 |, A SCOT B AREL T-HEA 465 2 (105 16, 76 4 AN Bd:
£ BT 6.9%.10. 5%.9. 7% 1 2. 4% Z5 R KW AT EEE GRS aRRA. &1t B —FMHT
RGB-D 83 H AmAs Il (4 B R A5 R AE mil -6 55 4015 15 L 19 3 X 2% (cross-modal feature fusion and detail-enhanced network ,
CFADNet) , 38 i I B VE B ) Al G B S (CAFEM) , B4 M2 T RGB FHAE SR BEARIE IRl & o IbAh  Fg e T
GRAFAESR BUSEH (BFEM ) SRR JZ 405 RAE | e 283 YR 1 e A0 St 25 W A D45 1 S0 % A1 1100 T AT 22

EBRIA: W HARIN (SOD) s TERE S AL s BE RS s RRAE A s S 4017 1o

Cross-modal feature fusion and detail-enhanced RGB-D

salient object detection

Song Xiaogang'*', Tan Yuping', Guo Fuqiang', Lu Xiaofeng'?, Hei Xinhong'"’
1. School of Computer Science and Engineering, Xi’ an University of Technology, Xi’an 710048, China;

2. Human Machine Integration Intelligent Robot Shaanxi Provincial University Engineering Research Center, Xi’an 710048, China

75 B #5:2024-11-07 ; 1€ 5] H #5:2025-04-21 ; FREN 45 H #§ : 2025-04-28

*BEEE KT E  songxg@xaut.edu.cn

E ST H : [ 5 & m0F & TR 5B (2022YFB2602203) 5 [6 58 A A #1244 3k 4 3 H (52372418, 62076201) ; B 74 44 5 1 0F & 11 % 5% 1)
(2023GXLH-043) ; P4 22 B T A2 - AfF 7 A= B = AR 3 470 H

Supported by : National Key R&D Program of China(2022YFB2602203) ; National Natural Science Foundation of China (52372418, 62076201) ;
Key R&D Program of Shaanxi Province , China(2023GXLH-043) ;Seed Fund for Creativity and Innovation of Postgraduates of Xi’ an University of Tech-

nology



3839
REE, BHEFE, BEE, BRE, BHE
63045 /55 1283 /2025 £ 12 A BERSHIER A 59T 5 BI558 4 RGB-D B & Briail

Abstract: Objective RGB-D salient object detection (SOD) combines complementary information from RGB and depth
images, offering substantially enhanced performance in complex and challenging scenes compared to RGB-only models.
This technique has gained considerable attention in the academic community due to its capability to effectively capture
salient objects by leveraging visual and spatial information. However, existing RGB-D detection models face several key
challenges. First, efficiently utilizing and fusing multi-modal information from RGB and depth inputs remains a difficult
task due to the inherent differences between the two modalities. RGB images provide rich color and texture details but lack
depth information, whereas depth maps offer spatial cues but are often noisy or of low quality. Second, achieving accurate
boundary detection is particularly challenging in cluttered or noisy environments. Noisy depth maps and cluttered back-
grounds can obscure object contours, making it difficult to predict sharp and precise boundaries. These challenges high-
light the urgent need for a robust model that can effectively integrate RGB and depth information while simultaneously
addressing noise and enhancing boundary precision. Method Aiming to address these challenges, a novel method, the
cross-modal feature fusion and detail-enhanced RGB-D salient object detection network (CFADNet) , is introduced. The
proposed network incorporates two innovative modules: the cross-modal attention fusion enhancement module (CAFEM )
and the boundary feature extraction module (BFEM). The CAFEM is designed to enhance the integration of RGB and
depth features by leveraging attention mechanisms that emphasize the most informative aspects of each modality. Specifi-
cally, channel attention is applied to the RGB features to suppress noise and enhance critical color and texture details.
Similarly, spatial attention is applied to the depth features to emphasize spatial regions that are relevant for salient object
detection. This attention-based fusion mechanism ensures that the model effectively retains global semantic information
from the depth map while preserving fine-grained details from the RGB image. The fusion process is structured in multiple
layers, progressively integrating features at different scales to fully utilize the complementary strengths of RGB and depth
modalities. In contrast, the BFEM is specifically designed to improve the accuracy of salient object boundaries. Accurate
contour detection is crucial for generating high-quality saliency maps; thus, BFEM leverages low-level CNN features,
which are rich in edge and texture information. These features are refined through channel attention, which filters out noise
and irrelevant details, enhancing the clarity of boundary-related cues. The refined features are then used to guide cross-
modal feature decoding, ensuring that the final saliency maps exhibit sharp and accurate boundaries. By combining the
edge-extraction capabilities of low-level CNN features with the semantic richness of cross-modal features, BFEM notably
improves boundary precision in RGB-D salient object detection. Result Aiming to evaluate the performance of CFADNet,
extensive experiments are conducted on four widely used RGB-D salient object detection datasets: NJU2K, NLPR,
STERE, and SIP. These datasets encompass a wide range of diverse and challenging scenes, making them ideal for evalu-
ating the generalization capability of the proposed model. CFADNet is compared against 16 state-of-the-art RGB-D salient
object detection methods, including DCF, CIRNet, and CAVER, using standard quantitative metrics such as mean abso-
lute error (MAE) , F-measure(F,), and structural similarity (S,). CFADNet demonstrated superior performance across all
datasets, particularly excelling in the MAE metric. Specifically, this network outperformed the second-best method by
6.9%, 10.5%, 9.7%, and 2.4% on the NJU2K, NLPR, STERE, and SIP datasets, respectively. These substantial
improvements highlight the effectiveness of the attention-based fusion strategy and edge refinement mechanisms. Further-
more, CFADNet consistently achieved higher F-measure and Sa scores, indicating that the model not only reduces pixel-
level errors but also more accurately preserves the overall structure and shape of salient objects compared to competing
methods. In addition to quantitative evaluations, qualitative comparisons are conducted to visually assess the performance
of CFADNet in various challenging scenarios. Results show that the proposed method generates saliency maps with sharp
and accurate boundaries, even in cases where salient objects exhibit complex edges or are embedded in cluttered and noisy
backgrounds. This finding demonstrates the robustness of CFADNet in handling difficult scenes by effectively separating
salient objects from their background while preserving fine boundary details. The visual results further confirm that CFAD-
Net successfully captures global semantic information and local detail, ensuring accurate identification and clear isolation
of salient objects from the background. Conclusion This paper presents CFADNet, a cross-modal feature fusion and detail-
enhancement network for RGB-D SOD, designed to address the two major challenges: effective multimodal feature fusion

and accurate boundary detection. CFADNet introduces two novel modules, the CAFEM and the BFEM. CFADNet effec-
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tively integrates RGB and depth information while notably enhancing the precision of salient object boundaries. The atten-

tion mechanisms used in the CAFOEM enable the network to fully leverage the complementary information from RGB and

depth modalities. Simultaneously, the BFEM module focuses on refining edge details, resulting in sharper and more accu-

rate saliency predictions. Extensive experiments conducted on four benchmark datasets demonstrate that CFADNet consis-

tently outperforms existing state-of-the-art methods, achieving superior performance across key evaluation metric, includ-

ing MAE, F-measure, and structural similarity index. These findings highlight the robustness and strong generalization

capability of CFADNet in diverse and challenging environments. By combining attention-based feature fusion with effective

edge refinement, CFADNet emerges as a powerful and reliable solution for RGB-D salient object detection into complex sce-

narios. Future research could explore extending this approach to other multi-modal tasks, such as RGB-Thermal or multi-

spectral image processing, where challenges related to multi-modal fusion and boundary detection are also prevalent. Addi-

tionally, optimizing the computational efficiency of CFADNet for real-time deployment represents a potential research direc-

tion, enabling its application in time-sensitive applications such as autonomous driving and robotics.

Key words: salient object detection(SOD ) ; attention mechanism; cross-modal; feature fusion; edge detail-enhancement
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Fig. 2 Cross-modal attention fusion enhancement module (CAFEM) structure
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Fig. 3 Boundary feature extraction module (BFEM) structure
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Intermediate feature visualization of BFEM
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3.1 HIBESEMIERR

* H NJU2K (Nanjing University 2K) (Ju &,
2014) () 1 485 41 [K11% F1 NLPR (Peng %, 2014 ) it 700
A EMGAE R ZRdE o 56 00E ) R F NJU2K B H T
A H A MG AE b 36 5 H 4, IR 4 Al
PR R T2 1925 1 5L e s %5 NJU2K  NLPR ., SIP

(salient person) (Fan%%,2021) Fil STERE (stereo data-
set) (Niu %,2012) o PEAG IR FI 0 3 P 48
Bk s 1) 1448 X1 i% 22 (mean absolute error, MAE) ;
2)F,, VEAG AR R I RE ) S A 42 RE ) L AR A SO
UHZNW BB R 0. 3(Wang %5, 2022b ) , LA 3 i1
A EZNE53)S, , VAL 2 A1 DX U A X 5
JE Y 2 [R) G5 A AR R FEA SO IR 20K o B
0. 5(Zhao 5%,2019)
3.2 LT

FIr 4 B9 2 3 F PyTorch (Paszke 25 ,2019) J&
P, #F Nvidia RTX 3090 GPU(24 G W.AF) [ #EAT
W5 M A SR A P2T A4 P2T-base,
VGG A} VGG-16, I H AR T VGG16 i P =
SR T ORI ZE . TEUI S #Erb >R T Adam
Ak %% (Kingma 1 Ba, 2015) , fii Ff 2RI\ (1) 8 2 5%
Bo T hniEfR A R R B O 224 x 224 18
o WA, T B9 TR AR R L SE Ak 0T 52 1 i
31N T LA A AR RN BT A SR T BE AL
TR B AT BRI o . AR SO It 2R/ Ry
16 IZRM 45 JEE 1T T 2001 epoch ., 24 ) R E Ny
107, 43 40 1~ epoch T JFOR Y 1/5. A #
R 25 B B 0 FH U P 37 R T 8 [ it
Rots
3.3 HXh#tmiExtt
3.3.1 EEIG

R T I UE T S A CFADNet A5 78 A4 A7 201k, 78
NJU2K .NLPR . STERE Fl SIP (4 4 I 17 & B 1F
i, 15 16 B e i) RGB-D W35 H AAs I 7 2964 1
JE I R, A RN R 1 s o A 7 AL 4% DCF
(depth calibration and fusion) (Ji 4§, 2021) . CIRNet
(cross-modality interaction and refinement network )
(Cong 4§, 2022) . CM-LCG (cross-modality long-range
context information gathering) (Wang %5 ,2022a) | AlL-
Net (aggregate interactive learning network ) (Wu 55 ,
2022a) . SPSN (superpixel prototype sampling net-
work) (Lee %%, 2022) . TMFNet (three-input multi-
level fusion network ) (Zhou 2% ,2022) . AFNet . JL-DCF
(joint learning and densely cooperative fusion) (Fu 5%,
2022) . EBFSP (employing bilinear fusion and saliency
prior) (Huang 45 2022) . CAVER (cross-modal view-
mixed transformer) (Pang 4= 2023) .HINet (hierarchi-
cal interaction network ) (Bi %5, 2023 ) ,C2DFNet ( criss-
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cross dynamic filter network ) (Zhang 55 , 2023) | PIC-
RNet (point-aware interaction and cnn-induced refine-
ment network ) (Cong 55 , 2023) . DGFNet ( depth-guided
cross-modality fusion network ) (Xiao %5 , 2024) , FCF-
Net (feature calibrating and fusing network ) (Zhang 5% ,
2024) LA K RD3D(Chen %5 ,2024) .

TEFTA B8, CFADNet 119 3 R A7 £ NJU2K |
NLPR .STERE FlI SIP £ 45 £ b EJ AT LS B, 4
RS HEA 5 2 1975 TR A EE , CFADNet 9 MAE 431
FEAR T 6. 9% .10. 5% .9. 7% F12. 4%, I H.S, Al F, 7
ANBHEAE AR IR B R AL S,

F, 2 F0 PR £k an & 5 fTE 6 i . o LA
AR SO AR 4 DB R A0 F il 26 L A s B
0 i 2 ST 3H SRR SCEE R B i — a2, H.
XFEEAR A HATAAEE . PR AT LA i, A 3C
TNEAE 4B BIR B s L

F 2R T AN T A A B AT B0 4R 0 kg

AP AR 3R 3 R 1A SO E S5 IR s
BRI R RS, TUEL R EE
Fe I M 28 2540 S BT 8RS 8GR B ERNT RS
B EY (floating point operations per second, FLOPs)
HeFEAE— AT AR A (B 46. 82 G PRI AETHAA %
PRS2 BRI 5 rh, AR RESE BT3RS S AR P fiE
) R AP . AN AR SOT AR A Kt 4R AR F
TR KSR TR AR O 1 A SRBHAR SO L g
{3 TE A U3 B 22 A IE 91, R B D A8 B 9 ) R A9
IR ATRESR BT AT B R4

£ b ik, CFADNet 7EVERE I 5 3 i1 538 K 55 4
T 5 HATEH T A TR 4 SRR 2R
Frfabr BRI O, B B R EOR AR, 5
IEW] T CFADNet A4 75 PERE , ] ) 3 B HC AR b B
A7 5% N B2 B AR T A R AR e T
3.3.2 EMEIEAL

PR E VA FUAh, O T ELULE 78 CFADNet (1

&1 EETME

Table 1 Quantitative evaluation
NJU2K Hdi 4 NLPR %#i 4 STERE %4 4 SIP % #
WIReS 2L

MAE | F, 7 S, T MAE| F, T S, 1T MAE| F, 1 S, 1 MAE| F, T S, 1
DCF CVPR21  0.035 0.902 0912 0.021 0.891 0.924 0.039 0.885 0.902 0.051 0.875 0.876
CIRNet TIP22  0.035 0927 0925 0.023 0.924 0933 0.038 0914 0917 0.052 0.896 0.888
CM-LCG TIP22  0.043 0915 0913 0.029 0906 0.922 0.043 0.906 0910 - - -
AILNet ESWA22 0.045 0.876 0.898 0.029 0.857 0.912 0.038 0.880 0.908 0.050 0.866 0.889
SPSN ECCV22  0.032 0920 0918 0.023 0910 0.923 0.035 0.900 0.907 0.042 0.899 0.892
TMFNet TETCI22 0.041 0.882 0910 0.027 0.867 0.921 - - - 0.057 0853 0.874
AFNet Nuecom22  0.032 0928 0.926 0.020 0925 0.936 0.034 0918 0918 0.043 0.909 0.896
JL-DCF TPAMI22  0.040 0913 0911 0.023 0917 0926 0.039 0.907 0911 0.046 0.900 0.892
EBFSP TMM22  0.038 0.895 0.907 0.028 0.887 0.909 0.041 0.873 0.900 0.052 0.863 0.877
CAVER TIP23  0.031 0925 0921 0.020 0.921 0.929 0.033 0912 0913 0.042 0.902 0.893
HINet PR 23 0.039 0914 0915 0.026 0906 0.922 0.049 0.883 0.892 0.066 0.855 0.856
C2DFNet TMM 23  0.039 0.909 0908 0.022 0917 0.928 0.038 0.897 0.902 0.053 0.877 0.872
PICRNet ACMM 23 0.029 0.931 0.927 0.019 0.928 0.935 0.031 0.920 0.921 0.053 0.883 0.872
DGFNet TMM 24  0.032 0914 0921 0.021 0902 0.928 0.035 0.896 0911 0.048 0.879 0.883
FCFNet TCSVT 24  0.034 0923 0918 0.024 0911 0924 0.038 0.906 0.906 - - -
RD3D TNNLS24  0.033  0.928 0.928 0.022 0921 0933 0.037 0.905 0914 0.046 0.900 0.892
CFADNet(A30) - 0.027 0.933 0.930 0.017 0.934 0.939 0.028 0.923 0.925 0.041 0.910 0.897

T IHL R RIZ PRI R 45 N Bl AR SESE =7 Fon TR, | " Fon BB N, 1 7 R (EBOBUT

3847



3848

S, ety
P EERBEFIR
JOURNAL OF IMAGE AND GRAPHICS Vol. 30,No. 12,Dec. 2025
1.00 1.00 1.00
0.92
0.84
LL(“
0.76
" KRt KR KPR
— 5 — € — €
0.60 L—1 '_ZF%C' 0.60 L—! '_ZF%C' 0.60 0.60 L—! 1_4&'
0.000.200.400.600.801.00 0.000.200.400.600.801.00 0.000.200.400.600.801.00 0.000.200.400.600.801.00
B fEL s L s L B {2
NJU2K #dhigE NLPR #ifisE STERE #¥54 SIP ¥ikdE
El5  Fhk
Fig.5 F,curves
1.00 1.00 1.00 1.00
0.94 0.94 0.94 0.94
0.88 0.88 0.88 0.88
N ——-DCF X N -—-DCF X ——-DCF
% VR % kR %I - OWER % kR
0.82 | — HiNet 0.82 | HiNet 082 FiNet 0.82 | HiNet
DNt DN DNt DN
— € S— et — & — et
070 R 0701 R R b 2138 0701 KRR
-_ et — et -_— et — et
— AR | — AR | — R | — A .

0.70 0.70 0.70 0.70
0.50 0.60 0.70 0.80 0.90 1.00 0.50 0.60 0.70 0.80 0.90 1.00 0.50 0.60 0.70 0.80 0.90 1.00 0.50 0.60 0.70 0.80 0.90 1.00
AR Az Al Az
NJU2K ##idE NLPR %(#5E STERE $#i4E SIP i

Ko R —H IR

Fig. 6 Precision-recall curves
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Table 2 Quantitative comparison in terms of average precision and average recall with other methods

‘ NJU2K $f 4 NLPR %#5 4 STERE %48 4 SIP ¥4tk
ok Prec,, Recall,, Prec,, Recall,, Prec,, Recall,, Prec,, Recall,,
DCF 0.908 0.917 0.898 0.922 0.888 0918 0.902 0.847
SPSN 0.918 0.924 0.901 0.924 0.893 0.924 0.901 0.894
AFNet 0.916 0.925 0.907 0.924 0.900 0.931 0913 0.874
CAVER 0.924 0.929 0.917 0.924 0.904 0.930 0.922 0.876
HINet 0.909 0.908 0.896 0.909 0.868 0.892 0.885 0.808
PICRNet 0.900 0.894 0.911 0.921 0.869 0.873 0.887 0.864
C2DFNet 0.910 0.898 0911 0.919 0.887 0913 0.887 0.858
RD3D 0917 0.925 0.904 0.923 0.884 0.926 0.907 0.872
CFADNet(A&30) 0.927 0.937 0.926 0.938 0.909 0.946 0.922 0.882

FE LN RIZ R B R R A B A RAEAE R o Prec, FR TR L, Recall,,, #8724 4 Jul 3

FLPERE , 78 4 DB A EAhIBCEA PRRERy KRS X EE S R NIE 7 froR . SRR fEA A
JUA 5 AT 38 HARKR I i rT AR 5 XS 2835, CFADNet #RBERE DRAUETTIN ARG RE . 26 1.
Lo, HCr BT HE AR T 2 A T R e B TR B3R 3 4 9T R T IR TP e S i R A, OF H
BERIF A A ok APEFE TR G R PR LRI ARG 2 AN . 5L 540 1L, CFADNet
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Table 3 Comparison of computational complexity and

parameter size with other methods

DRI FLOPs/G ZHw/M
DCF 55.48 107.29
CIRNet 156.34 82.08
TMFNet - 266.7
AFNet 130.02 258.13
HINet 389.7 98.9
C2DFNet 22.047 47.52
DGFNet 74.89 42.14
RD3D 57.8 47.14
CFADNet(A<30) 46.82 203.88

=" AN IO R B

RE NS 1E A 20 ) (o 35 DX, I L T30 575 i 4 0 1) 30
GRS BER UEM T CFADNet B LA R4 $2 530 40 15 5
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O IEEAE S E I R B E AR IR T
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S ATETS 5o AR SCOT VA AR AS I B Hb DX 23 i St S
T 50, IR 828 BRI S e flihoke . 25 B
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Fig. 7 Visual comparison of our method with the state-of-the-art methods
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Y2500 A% 14 0 28 FE A7 0T RSB o 5 2 2 92 06 4
CAFEM #HL s 4 & PICRNet(Cong 55,2023 ) FP Y
f) CmPI (cross-modality pointaware interaction) il &
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DAy f DR S 6 4 2R B M A T S BT AT S
HRTEAR RO BRI T 26T, BRI, B B Be g oy
RGB FFIE AR JEE AR AN F8 i CAFEM AR SRk AT fl
B, T B HE & I g A B UL A7 Rl 5 sl
A AR CoPLRL G B PEAT RS

TERLE R 4 PR . A 3L EE S
LR A SRR AR I L 5L CAFEM J5 , TR
JE P S 3 R, RGB AR 5 TR AR IR AT 2 1 58 73 A il
eI RS N S U E AN & R R )
AR BEAI A v SCAF A5 40715 5 2R [ i i 410
il TR RS R AR NS A 2 T
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BORA R
3.4.2 WG SRIBUS B A 2

N T UEMAR SO 15 1 BT GRS RS R 1Y
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Pl 7 2UHE BREM 55  vh f 2 i — 2R FL 0 AT
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T AT 1 20 A L A a5 X R A . R
BFEM 1 LA %0 18 VGG HEBUICZ RRAE A0 e 75 56
JRIERAN T RRIE T 50 il A 1) 0 RRAE TP A EDRG M A T
IR S~ S R [ B 1 BRI NG 2 &1 R o - 3
CFAENet g% 547 b Gl 75 Z2 FPRRAE , fERR $2 3 H A
Z2 RUBE R B4 {5 8L, DT ARAS B 4 ) T 45 2
3.4.3 IRGHURREYARE

T B UEAR SOk IR A R sR O A R
WA T 4400 BRECE, 85 R sk 6 iom . SCIRZ R 3%k
B, B fif ] BCE F 2K B, S0 A 3 4008l 4 1S
FRIERPERE ; 2k —2 5] A SSIM R KI5 , A BEA fr
PETF, 2 B 45 R AR B0 P8 2 A PR A T S B AR 5 4 A
a5 S MR I R T BURAE 5 A ToU 45 2k
Z e B AR — AR T B ToU 51 2k AR RS A 5K
B H bR X0 8 w bk O dcE L R 8. e,

&4 CAFEM 5ARRERAE 7 ERII L8
Table 4 Comparison experiment of CAFEM with other fusion methods

i NJU2K $eHi 4 NLPR $ffi 4 STERE %4 4
e MAE | Fy 1 S, 1 MAE | Fy 1 S, 1 MAE | Fy 1 s, 1
w/o CAFEM 0.029 0.928 0.926 0.018 0.933 0.937 0.030 0.920 0.923
CmPI 0.030 0.929 0.925 0.018 0.931 0.938 0.032 0.915 0.919
CAFEM 0.027 0.933 0.930 0.017 0.934 0.939 0.028 0.923 0.925
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Table 5 Ablation studies on the BFEM

- NJU2K il 4 NLPR ##fi 4 STERE $#ii %

i MAE | Fyl S, 1 MAE | Fy 1 S, 1 MAE | Fy 1 S, 1
wlo EE 0.029 0.927 0.926 0.017 0.933 0.938 0.03 0.921 0.922
BFEM 0.027 0.933 0.93 0.017 0.934 0.939 0.028 0.923 0.925
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Table 6 Ablation studies on the loss function

‘ NJU2K %i#a 4 NLPR $fi 4 STERE $(4i¢ 4
i MAE | Fy 1 S, 1 MAE | Fy 1 S, 1 MAE | Fy 1 s, 1
Fi 0.034 0.910 0.921 0.020 0.905 0.911 0.036 0.903 0.910
Fuee + Fagy 0.030 0.925 0.927 0.019 0.925 0.935 0.031 0.921 0.921
Fys 0.032 0.917 0.924 0.021 0.918 0.928 0.033 0.912 0.917
Fue + Fagu + Foyy 0.027 0.933 0.930 0.017 0.934 0.939 0.028 0.923 0.925
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Fig. 9  Some failure cases of our method
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