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A dual-modal salient object detection network for 360° omnidirectional images
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Abstract: Objective Salient object detection (SOD) seeks to emulate human visual attention by locating and segmenting
the most conspicuous objects in visual scenes. While deep-learning-based 2D RGB and RGB-D SOD methods have
advanced substantially, 360° omnidirectional (panoramic) images introduce unique challenges, most notably spherical-to-
plane projection distortions (e. g. , equal rectangular projection (ERP) artifacts) , severe polar-region deformation, and
boundary discontinuities across the left-right wraparound. At the same time, depth cues are known to improve geometric
reasoning in conventional RGB-D SOD, but their effective exploitation for 360° SOD is underexplored due to modality-
alignment difficulties, noise in estimated depth, and the lack of fusion architectures tailored to panoramic projection

effects. The objective of this work is to investigate and demonstrate how carefully designed cross-modal modeling and
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projection-aware feature processing can harness depth information to substantially improve salient object detection on ERP
panoramic images, while remaining robust to depth estimation noise and projection artifacts. Method We propose an asym-
metric dual-branch U-Net architecture for RGB-D 360° SOD that explicitly accounts for ERP projection properties and for
cross-modal alignment. The model contains three novel components: 1) a panoramic-aware receptive field module (PA-
RFM) that enhances direction-sensitive context modeling via a longitude-latitude-global triplet attention scheme and a ring-
padding/cropping strategy to respect horizontal periodicity; 2) an attention-guided fusion module (AFM) that performs
adaptive, dynamic weighting of RGB and depth channels using combined channel and spatial attention plus a lightweight
modality weight generator to suppress noisy depth responses while preserving boundary cues; and 3) a cross-modal guided
collaborative decoder in which a fusion-centric decoding path is explicitly guided by an independent high-resolution RGB
decoding path via attentional gating, yielding superior edge and texture recovery. The RGB encoder is a pretrained SAM2
Hiera backbone with lightweight adapters to limit finetuning cost; the depth encoder is a ResNet-34 modified for single-
channel input. PA-RFM employs a four-branch multiscale dilated design with a panoramic context aggregation module
(PCAM) at each branch to merge longitude attention (via circular padding + horizontal convolutions) , latitude attention
(via latitude-weighted vertical convolutions that attenuate polar exaggeration) , and global semantic attention (via latitude-
weighted global average pooling (GAP) and channel recalibration). Training is performed in PyTorch on NVIDIA RTX
3090 hardware using AdamW (Ir = 1 x 107, weight decay = 5 X 10™) , cosine annealing to 1 X 1077, batch size 4, up to
50 epochs, input resolution 512 X 1 024, and a structured loss composed of weighted BCE + weighted loU with multilayer
deep supervision. Result We evaluate the proposed model on two public panoramic SOD benchmarks augmented with depth
maps produced by a state-of-the-art 360° depth estimator: 360-SOD (500 ERP images; 400 train/100 test) and 360-SSOD
(1 105 ERP images; 850 train/255 test). Quantitatively, our method achieves MAE = 0. 015 1, max-F = 0. 838 8, mean-
F=0.8150, max-E =0.933 1, mean-E = 0. 924 0, and Sm = 0. 873 6 on 360-SOD (same scores on 360-SSOD) , outper-
forming 10 representative RGB-D 2D SOD methods and seven representative RGB 360° SOD methods in objective metrics
and visual quality. Relative to the strongest competing baseline, our mean absolute error (MAE) is reduced by 13. 7%,
max-F increases by 4. 64%, mean-F by 3. 24%, and Sm by 1. 96%, demonstrating substantial gains particularly in bound-
ary accuracy and structural consistency. Extensive qualitative comparisons show our model is markedly better at detecting
objects in severely distorted polar regions, maintaining left-right boundary continuity, and recovering fine edges in clut-
tered or low-contrast scenes. Ablation studies confirm the contribution of each module: PA-RFM yields the largest single-
module improvement (vs. RFB and a no-PA-RFM baseline) , PCAM’ s three attention branches (longitude, latitude,
global) act synergistically, and a ring-padding width of k& = 2 provides the best tradeoff between boundary continuity and
redundancy. AFM outperforms simple fusion strategies (add, concat, multiply) and several state-of-the-art (SOTA) fusion
blocks (MobileSal, HIDANet, CPNet variants). The cross-modal guided decoder meaningfully improves edge/detail recov-
ery over a variant that omits the RGB decoding path. We also test robustness to different depth estimators and find consis-
tent improvements over RGB-only baselines; performance varies modestly with depth source, with Joint_360depth yielding
the best overall results but not causing catastrophic degradation when replaced. Conclusion This study demonstrates that
depth information can be effectively and robustly exploited for 360° omnidirectional SOD when combined with projection-
aware receptive field design and modality-aware fusion and decoding strategies. The proposed PA-RFM addresses ERP-
specific distortions (horizontal periodicity and polar exaggeration) via circular padding, latitude weighting and global reca-
libration; AFM adaptively reconciles noisy depth with RGB structure; and the cross-modal guided collaborative decoder
preserves high-resolution RGB priors to restore fine boundaries and textures lost in fused representations. Together, these
innovations lead to consistent and remarkable gains across standard panoramic SOD benchmarks, especially in polar
regions and at projection boundaries. The approach is general and can be extended to other panoramic vision tasks and to
setups with sensor-captured depth; future work will explore domain adaptation to real depth sensors, multiprojection fusion
(ERP + CMP), and model compression for mobile/AR/VR deployment.

Key words: salient object detection (SOD) 5 360° omnidirectional image; RGB-D; cross-modal fusion; attention mecha-
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Fig. 1  The network architecture of the proposed model
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Fig. 4  Structure of the attention-guided fusion module (AFM)
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(18)
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sigmoid(Conv1 « lRosLU(Conv1 « l(conccuf(Xi, F_L-) ) ) )

(19)

Y=AQF +(1-4)® X, (20)

S, = @(Conv3x3(concat[Yi, Fi])) (21)
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2.5 MREH

A SR bR R AL ) 28 FF: L (intersection
over union, loU) it 2% L., FIUINA A — 3 il 22 S
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Fig. 5 Structure of the cross-modal guided collaborative decoding strategy
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A 3 A 360-S0D (Li 45, 2020) 1 360-SSOD
(Ma &5 ,2020) P23 JF 1 360° 4= 5t G K4l 4 I
AR SO A PERE 4 Yun 25 A (2022) 2 4 19 360°

SRR ANk, o BRI 360° 45 K4

B e e R K T4 . 97 585 1Y 360-SOD 7%
500 W 155 73 BE 3 ERP 42 5t [R5 5 X8 By ) T B2 18T
360-SSOD AL 1 105 i 73 B R ERP 42 S AR S
X I R R TR o AR SCAdE T LA JLASPEAN 18 AR 4 e
AR PERE HEAT PPAR < 7 3448 %115 2% (mean abso-
lute error, MAE) (Perazzi %% , 2012) . F-measure (F)
(Achanta %%, 2009) . E-measure (Em) (Fan %%, 2018)
FNEEF I BE (structure-measure,, Sm) (Fan5%,2018)
3.2 XWiEE

ASCAS H PyTorch Yl 25 0T 42 H AR RS | i A 5256
HJ#E NVIDIA RTX 3090 GPU it 55 4% I 56 i . 4t
i oK FH 283 Wl 519 SAM2 Hiera-L A5 % Fll ResNet-
34(34-layer residual network ) , Ay 3 ft K 7 il I 25
TR BEE RS LU BN A, A SCERSS T Hiera Y
W SH AR Z RIERZHHHA TR 9SG
#ir (Xiong 4 ,2026) . % A2 4% RGB K145 X 1 f
W EG, R HER R 512 x 1 02448 3 . A SCfifi
I AdamW DAL FEAT I 25, e R > FRAE T 1 x
107, B IR B 5 x 107, R B 1 i 404 F 4k i
IRt N I Buk s ARG NI N SEDIE L e
2RBA P E A/ MA 1 x 107, 23U B 5 B
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size BCE N 4, e RNk R IRy 500 I Zhad 2
R ISR 2.5 7 5 SCHY S A8 445 2k (A BCE + in
KL IoU) I-455 2 2R B B, LI THE AN 85 47
ik A ROR o S8 P AR LAY R 70 N R 2 360-SOD
s 4 v 400 B RGB G B2 0 hir 38 I’ -1 5
100 1 45 K iz i B Tl it 5 360-SSOD H 850
i P15 B ok 07 8¢ B8 1 P T30 2, 255 1 PRI S ) i
BTt I ghid &b, fff HIBEALEE B AK
- B X R S A T 5

3.3 SNttt

AR TCHg i 52 OB RL 5 10 R ARERME Y RGB-D
2D SOD J5 1 7 MR R A RGB 3607 SOD Jr 1 ik
7 T Xt . RGB-D 2D SOD Jy ¥ 43 4% VST (visual
saliency Transformer) (Liu 2% , 2021a) . TriTransNet
(Liu % ,2021c¢) . BTS-Net ( bi-directional transfer-and-
selection network ) (Zhang %5 ,2021) . SwinNet (Liu 5% ,
2022) . MobileSal (Wu %§ , 2022) . SPSN (superpixel
prototype sampling network ) (Lee %5 ,2022) . PICR-Net
(point-aware interaction and CNN-induced refinement
network ) (Cong %5 , 2023b) . HIDANet (hierarchical
depth awareness network ) (Wu %5 , 2023) , DFormer-B
(Yin %% ,2023) il CPNet (cross-modal fusion and pro-
gressive decoding network ) (Hu %% ,2024) , | 3iR 10 Ffr
J7 ¥4 I 360-SOD F1 360-SSOD %t 4fs 4 ) RGB [#]
PGAMNA SC A B TR Al T B 47 )1 25 . RGB
360° SOD J5 % £ %5 FANet (Huang 55 , 2020) . MPFR-
Net( Cong 45 2023a) .LDNet( Huang 45 2023) .DAT-
Former(Zhao ¢ ,2023) . ACoNet ( BT 45 ,2024) .
DPNet (B 5 %5, 2025a) #1 DSANet ( P % 5 45,
2025b) , 3k £ )57k BT 360-SOD Fl 360-SSOD %4
LY RGB BHRHEAT ISR . S TP LUEL, BT AR
TR feft B D7 A e 1 2 S A i) 2 PRI 7 ) — A
REPERREE R, O ELAR IS T SO LASRAT B b 4 2R

JIT A J5 44 360-S0D K £ LAY & AR b Xt L
MR, W LLE R AR SO EME T AR
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LR RE  JU AR X F RGB 360° SOD Jrik , A3y
BN TR R4 & o AR TR A T
TR R LAE , 4 SCT7 1 1 MAE $8 AR BEAR T 13. 7%,
max-F#E 5 T 4. 64%, mean-F #2755 T 3. 24%, max-Em
P21 T 0.42%, mean-Em $2 5 17 0.39%, Sm 42 & T
1.96%;

7 360-SOD %dl £ [ ) = WLAE R HL B an ] 6 Fie
AN AR SCHE T T BT PR AR 1 37
Tk, B 6 —ASCI L5 10 Fi{FE A RGB-D 2D
SOD J7 i 1 5 FHL R E RGB 360° SOD J5 ik X
MR AT U A SCO7 v AR ) o 25 1 H AR I L
Hot gy s s e B R . 10 58 14T R 717093
S 6T AR AR X, HR AR SO R TE A
DN 2 5 B DX A, e 3 AR S ke g 71 o g A2
DI BRI BRI T5 1Y s 72 B E T St =
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Rl 5 AR 14025 6 173 5 , A S5 L RE A A
DT S B AR SRS 40 4030 i H Aty 2 A7
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A T3 5 7E 360-SSOD H 4 4 1 % WL 6 A7 X L
MR 2R BRE A O kLG YR acdyr,
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360-SSOD %4k 4 - 1) 3 W45 S e an &l 7 fr
N, WE 7RI LUE Y, 5 B AT PE RGB-D 2D SOD
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e W AS A X (B an P 7 55 2 47 R BRI R A T

TAT RIS , A SCOT VA RE AT A5 il sl R
s, SEE0 T ORS00 E H ARSI

&l 8 F &l 9 J'€ /s T A [A] A B 78 360-SOD F1 360-
SSOD %4 #i& £ I # P-R (precision-recall) fil] £& il F-
measure [l 28 , IWEI T AT LB 2, A SCREARY (475248 )
FEW AR AR SR Ry e i, i — 2P UE I T AR
SCHE R AP R o
3.4 HELXIN

A5 A4 308 5 ) R e R A A SRR A [ 2 A
KW TE A5 LA 3, EERAE A S9N A
[Fi) R A 107 12 R Wi 3 B 4 SRR R 52 B A
PA-RFM [ 0PE G B 151 SRl & B AFM (A
RACTE A R s B2 5 | 5 D[] e B R et 1) A8 Ak o AR S
78 360-SOD s £ 4 % DL b5 e AL A4 64718

HoAth Ty v, 55 AR B 35 (B an 1K 7 26 1.5 47
GRS FLEAE 2 2475 i35 (B an i 745 3 .6

3.4.1

AR E A7 1 B 2 08 o B
TEAHA] £ I 28 257 (1234 ] SAM2-Hiera 1 A 4

®1 FETELE360-SOD HEE FHE SRR EE
Table 1 Comparison of objective metrics of different methods on the 360-SOD dataset

Tk MAE | max-F T mean-F T max-Em T mean-Em T Sm 1
VST(2021) 0.0229 0.7353 0.691 9 0.884 6 0.853 7 0.8147
TriTransNet(2021) 0.0217 0.774 0 0.732 1 0.902 6 0.897 0 0.820 4
BTS-Net(2021) 0.024 0 0.723 0 0.685 3 0.878 0 0.803 2 0.797 2
SwinNet(2022) 0.028 3 0.706 3 0.666 1 0.864 0 0.793 2 0.778 3
MobileSal (2022) 0.026 8 0.613 6 0.597 3 0.8222 0.7827 0.742 0
RGB-D 2D SOD
SPSN(2022) 0.0193 0.774 8 0.758 4 0.893 8 0.8779 0.831 4
PICR-Net(2023) 0.020 4 0.773 4 0.758 3 0.900 5 0.894 3 0.830 6
HIDANet(2023) 0.019 1 0.786 2 0.773 0 0.908 6 0.903 9 0.847 3
DFormer-B(2024) 0.017 5 0.799 9 0.775 8 0.929 2 0.920 4 0.856 8
CPNet(2024) 0.018 7 0.794 2 0.789 4 0.903 9 0.894 6 0.840 5
FANet(2020) 0.024 9 0.684 6 0.662 8 0.863 0 0.8225 0.769 7
MPFRNet(2023) 0.019 1 0.765 1 0.754 9 0.884 8 0.874 4 0.841 8
LDNet(2023) 0.028 9 0.656 2 0.639 1 0.865 5 0.841 4 0.7679
RGB 360° SOD DATFormer(2023) 0.018 6 0.764 7 0.749 0 0.887 8 0.877 3 0.840 8
ACoNet(2024) 0.018 1 0.789 3 0.7815 0914 1 0.904 3 0.849 3
DPNet(2025) 0.0190 0.8016 0.786 4 0.9207 0.909 6 0.848 6
DSANet(2025) 0.0198 0.784 2 0.770 3 0.908 1 0.898 8 0.846 3
RGB-D 360° SOD A3 0.015 1 0.838 8 0.8150 0.933 1 0.924 0 0.873 6

T I AR B SRR STR 1 7R EBOCBAE, | "R (BB N BRAT
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Fig. 6  Qualitative comparison of different methods on the 360-SOD dataset
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(Cao Fl Wang,2025) ) 73l A= GBI BB I 2
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F3MEER IR, IO R R — R IR B AL T 77 5
TR G ARG | 45 T8 bR 34 2 00 T B
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A B 4 3 HBRAS I, DUAE AR - B T A RS B2 AN
NGSEERE . [FIRHEAR TR A /&, 7 RGB-only & L
T AR SCERL AP REA AL T-3EA RGB 360° SOD Ji ik
() 25 7K, 560 SAM2-Hiera Y AE AE J1 - A8
JB DAAE it 2 TR P ARS8 B i TR 4 S 3 50 R A8 TR 45 ) 1

SCEFRZ O XER, SR RH T AR SORE IR fg P e 32 Bk
B T W28 25 40 A A TR e i, iR R AL T 25
BT R 5k
3.4.2  AEeBAHIERAZ B PA-RFM A 30

Sk BGIE A SCHRE HY (1) 4 5 JER AR 37 B AR B PA-
REM (A e, 33t 7 3 Fhxd )7 %€ 2 1) with RFB:
K FH 22 M 7 BF 45 B RFB (Liu %5, 2018 ) 2 4t PA-
RFM;2)w/o PA-RFM: LA 1 x 1 R PA-RFM, B
SE4 R BRIZEH ;3 ) with PA-RFM : {8 2 SCH2 H3 (1)
PA-RFM A58k

FNLAE bR X AN 3% 4 i, in A PA-RFM J&5 4%
TG AR PR B , A RR M, £
ST AL 25 SR ] 10 iR, F— 25 iE T iz e i
AR 5 24T s A A DX R A X3 LA B
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PRERE, PhEdE, RENR/WKRES360 EL2=EEREZEBInQNM%

R2 360-SSOD H#E & £ RBEMIEIRISLL
Table 2 Comparison of objective metrics of different models on the 360-SSOD dataset

WiReS MAE | max-F 1 mean-F 1 max-Em 7 mean-Em Sm 1

VST(2021) 0.028 0 0.6189 0.590 0 0.851 1 0.797 9 0.758 3
TriTransNet(2021) 0.028 3 0.626 3 0.6225 0.857 8 0.837 2 0.745 1
BTS-Net(2021) 0.0340 0.6190 0.564 3 0.8289 0.755 6 0.744 7
SwinNet(2022) 0.029 2 0.650 4 0.6217 0.862 2 0.8160 0.768 9
MobileSal (2022) 0.032 4 0.507 8 0.489 1 0.765 2 0.701 6 0.687 3
RGB-D 2D SOD DFM-Net(2022) 0.040 7 0.5747 0.508 4 0.855 5 0.743 3 0.719 0
SPSN(2022) 0.028 3 0.6379 0.628 8 0.844 6 0.8109 0.738 3
PICR-Net(2023) 0.029 9 0.609 9 0.601 3 0.8509 0.8247 0.7320
HIDANet(2023) 0.028 1 0.661 3 0.640 9 0.862 3 0.854 7 0.778 2
DFormer-B(2024) 0.027 3 0.676 2 0.660 3 0.8758 0.848 2 0.784 6
CPNet(2024) 0.027 8 0.675 2 0.667 6 0.877 8 0.864 9 0.774 8
FANet(2020) 0.0415 0.561 9 0.5335 0.802 7 0.770 3 0.7119

MPFRNet(2023) - - - - -
RGB 360° SOD LDNet(2023) 0.034 2 0.586 2 0.567 2 0.839 0 0.8187 0.724 5
DATFormer(2023) 0.025 2 0.6196 0.605 0 0.8325 0.792 0 0.7527
ACoNet(2024) 0.028 8 0.664 1 0.656 4 0.869 5 0.863 2 0.779 6
RGB-D 360° SOD AR 0.027 3 0.693 8 0.670 6 0.8759 0.856 4 0.787 1

T RS R A S e e 2R 1 SRR (OGRS, | IR RN = 3R B AR TE A T

YR RE G PR E AR e s M . IR 5 1R
CRABH(PCAM) e H 3 87 2 ALl (& e
= Lon Zh & Lat .22 R iE & Glob) 4T 1 IH @il 52
Ko LAZBR PCAM A5 3447 (No. 1) ALk, B4
INAAR R E 2 o 3, Hegb A e 5 fir s . Bt
ME—1E 72 S HLH (No. 2—No. 4) 243558 248 T+
[vi] IS FH G A AL (No. 5—No. 7) il 315 AL FEBL,
U e AT EL A B A 5 3 AL ] B ik B (No. 8)
T max-E DLAM ) H A A5k B A E A 3 28 5
TAFTE FIVE R, T S50 5 4 S fE a8 5
PERG I BE
3.4.3 FEEIGIFRGEEAFM 094 30

R 56 E T 4R M A R T 5 R A A AFM )
R ARSI G — W4 40 T T 5 4% sk
¥, 45 AN 6 ff s, £ No. 1R Bl ff F RGB
LA (RGB) s No. 28 % RGB i Z8 5 IR E K Z I
Z M (add) B4 ;5 No. 318 % RGB #5525 15 1% i 5
2538 18 PF 4% (concat) Bl & ; No. 4 LR RGBS 5
TR R 2554 0 K 7 i (multi) il 45 5 No. 5 AR AT ]

ARSCEE I B AFM B . B3R 6 M ARFRAIE 11
W25 ST L AT DL Y AH 3T RGB BB, iIn A TR
JEMLE )G, add | concat . multi . AFM 3X 4 Ffp SRR 25 A
RIMERE A W BT, X SR R T IR A Bk
360 RGB-D SOD 45 ] HA7 = ZL (8L, RIS 7E R H i
i8] P4 Fl A5 S W I R BE B S B TR RE .
K FHAS SCHE ) AFM BE AL & RGB 5 ¥ B R AIE
B, PEREAE I A 48 45 B0 H A G o7 =X, 36
AFM RENE B 70 70 M 32 41 B A5 1) B A , DT 3645
T v AR UK B R

R 1 3] ARM BP0 K AFM
HoAf SOTA (state-of-the-art ) 77 15 H 4R E Bl 4 FE e, £,
% MobileSal (Wu %5, 2022) \HIDANet (Wu %, 2023)
H1CPNet(Hu%5,2024) . 404 7 7 , AFM A H LU H:
by 7 3k AR AR R T 4
3.4.4  PERIRT|S:P F] MR SR 1A RUPE
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Fig. 7 Qualitative comparison of different methods on the 360-SSOD dataset
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Fig. 8 Comparison of P-R curves of different models on the 360-SOD and 360-SSOD datasets
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Fig. 9 Comparison of F-measure curves of different models on the 360-SOD and 360-SSOD datasets
®3 [ERAFREREMITAENERERTEE
Table 3 Comparison of objective metrics using different depth estimation methods
R 2% WEEAG Tk MAE | max-F 1 mean-F T max-Em T mean-Em T Sm T
w/o depth (RGB only) 0.022 0 0.730 4 0.702 1 0.852 6 0.841 4 0.809 6
DA(2025) 0.016 0 0.8300 0.806 4 0.9211 09154 0.873 1
AR EGFormer(2023) 0.0163  0.8243  0.8079 09205 0.9095  0.8643
CRF360D(2025) 0.017 1 0.8179 0.798 0 0.920 4 0.910 1 0.8725
Joint_360depth(2022) (AR LM ) 00151 0.8388  0.8150  0.9331 0.9240  0.8736
TE IR AR SRR & F e S5 1 7 FOR B, | 7 RN E B INERLF o wio R AT

*4 EERAEZIEMPA-RFM BRI EWIEERIT L
Table 4 Comparison of objective metrics for the effectiveness of the panoramic-aware receptive field module (PA-RFM )
Hk MAE | max-F 1 mean-F 1 max-E T mean-E T Sm T
with RFB 0.016 2 0.8173 0.800 9 09177 0.907 3 0.870 3
w/o PA-RFM 0.016 6 0.8140 0.801 1 0.920 1 0.900 8 0.8610
with PA-RFM 0.0151 0.838 8 0.8150 09331 0.924 0 0.873 6
TE IR SRR A F e A5 1 7 RN RIS, | " R EBINER S with F7R T, who R AT
4 & &
BEXF 3607 SOD Il i 552 M 72 30 AN

owEEE EEE
PR PA-RFM A 30 1)
LI

PA-RFM RFB 1 x 1 conv

RGB
E10 45 B
FMLL

Fig. 10 Qualitative comparison demonstrating the
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Table 5 Comparison of objective metrics for the effectiveness of the PCAM module and different combinations of

three attention mechanisms

NO. Lon Lat Glob MAE | max-F 1 mean-F T max-E 1 mean-E T Sm 1
1 - - - 0.021 5 0.747 1 0.7197 0.8720 0.859 7 0.820 1
2 N - - 0.019 3 0.796 6 0.779 2 0.888 3 0.876 3 0.843 1
3 - N - 0.018 1 0.801 0 0.7839 0.9147 0.908 5 0.856 8
4 - - N 0.018 6 0.809 6 0.799 6 0.927 4 0.9142 0.839 3
5 N N - 0.016 6 0.816 4 0.780 0 0.924 8 0.909 3 0.868 3
6 N - N 0.017 1 0.829 9 0.801 3 0.934 0 0.9199 0.8547
7 - N 0.017 4 0.8327 0.8114 0.929 3 0.918 4 0.855 3
8 N N N 0.015 1 0.838 8 0.815 0 0.933 1 0.924 0 0.873 6

DI TR R A TR AR o 1 R R, | 7 F BB/ I, = 43 S 32 e PR R (PO 107 2 WL
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Table 6 Comparison of objective metrics for the effectiveness of the attention-guided fusion module (AFM)

NO. RGB depth AlE 7k MAE | max-F 1 mean-F 1 max-E T mean-E 1 Sm 1
1 N - - 00220 07304 0.702 1 0.8526 0.8414  0.8096
2 N N add 0.020 8 0.744 5 07128 0.879 9 08624 08185
3 N N concat 0.0157 0.8217 0.806 6 09185 09114 08314
4 N N multi 0.016 6 0.8145 0.809 5 0.901 9 0.8814  0.8450
5 N N AFM 0.015 1 0.838 8 0.8150 0.9331 09240 08736
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Fig. 11 Qualitative comparison demonstrating the effectiveness of the attention-guided fusion module (AFM)
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Table 7 Comparison of objective metrics between the AFM module and feature fusion modules of other SOTA methods

WiReS MAE | max-F T mean-F 1 max-E 1 mean-E 1 Sm 1
MobileSal 0.0159 0.8330 0.813 4 0.926 0 0.916 4 0.863 4
HIDANet 0.016 3 0.8373 0.8112 0.9323 0.923 1 0.873 4
CPNet 0.016 5 0.8355 0.8100 0.928 2 0.916 3 0.866 3
AL 0.015 1 0.838 8 0.815 0 0.933 1 0.924 0 0.873 6
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Table 8 Comparison of objective metrics for the effectiveness of the cross-modal guided collaborative decoding strategy

DR MAE | max-F T mean-F T max-E T mean-FE T Sm 1
w/o RGB 0.016 9 0.8328 0.805 1 0.9255 09157 0.872 4
AL 0.0151 0.838 8 0.8150 0.9331 0.924 0 0.873 6
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Fig. 12 Qualitative comparison demonstrating the effectiveness

of the cross-modal guided collaborative decoding strategy
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