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A dual-modal salient object detection network for 360° omnidirectional images

Chen Xiaolei, Zhong Zhihua, Shen Yujie

School of Microelectronics Industry—education Integration, Lanzhou University of Technology, Lanzhou 730050, China

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. , 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 esti-
mated 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 projection-aware feature processing can har-
ness 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 asymmetric dual-branch U-Net architecture for
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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 con-
text modeling via a longitude—latitude—global triplet attention scheme and a ring-padding/cropping strategy to respect hori-
zontal 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 light-weight 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 pre-trained 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 multi-scale dilated design with a panoramic context aggregation module (PCAM) at each branch to merge longi-
tude attention (via circular padding + horizontal convolutions)’, latitude attention (via latitude-weighted vertical convolu-
tions that attenuate polar exaggeration) , and global semantic attention (via latitude-weighted GAP and channel recalibra-
tion). Training is performed in PyTorch on NVIDIA RTX 3090 hardware using AdamW (Ir=1e-3, weight decay=5e-4) ,
cosine annealing to le-7, batch size 4, up to 50 epochs, input resolution 512x1024, and a structured loss composed of
weighted BCE + weighted loU with multi-layer deep supervision. Result We evaluate the proposed model on two public pan-
oramic 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. 0151, max-F = 0. 8388, mean-F = 0. 8150, max-E = 0. 9331, mean-E = 0. 9240 and S_m = 0. 8736
on 360-SOD (same scores on 360-SSOD) , outperforming ten representative RGB-D 2D SOD methods and seven representa-
tive RGB 360° SOD methods in both objective metrics and visual quality. Relative to the strongest competing baseline , our
MAE is reduced by 13. 7%, max-F increases by 4. 86%, mean-F by 3.24%, and S_m by 1. 96%, demonstrating substan-
tial gains particularly in boundary 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 cluttered 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 sev-
eral SOTA fusion blocks (MobileSal, HIDANet, CPNet variants). The cross-modal guided decoder meaningfully improves
edge/detail recovery over a variant that omits the RGB decoding path. We also test robustness to different depth estimators
(DA, EGFormer, CRF360D, Joint_360depth) and find consistent improvements over RGB-only baselines; performance
varies modestly with depth source, with Joint_360depth yielding the best overall results but not causing catastrophic degra-
dation 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 exaggera-
tion) via circular padding, latitude weighting and global recalibration; 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 significant gains across stan-
dard 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, multi-projection fusion (ERP + CMP), and model compression for mobile/AR/VR deploy-
ment. Keywords: 360" omnidirectional image, salient object detection, RGB-D fusion, projection-aware attention, pan-
oramic context aggregation.
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Fig. 1 The network architecture of the proposed model
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Fig. 5 Structure of the Cross-Modal Guided Collaborative Decoding Strategy
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Table 1 Comparison of Objective Metrics of Different Methods on the 360—SOD Dataset

Tk

max—F mean— max—

1 F1 EmT Em?

mean—

MAE | Sm 1

VST(2021)
TriTransNet(2021)
BTS-Net(2021)
SwinNet(2022)
MobileSal(2022)
RGB-D 2D SOD Jii%
SPSN(2022)
PICR-Net(2023)
HIDANet(2023)

DFormer—B(2024)

0.0229 0.7353 0.6919 0.8846 0.8537 0.8147
0.0217 0.7740 0.7321 0.9026 0.8970 0.8204
0.0240 0.7230 0.6853 0.8780 0.8032 0.7972
0.0283 0.7063 0.6661 0.8640 0.7932 0.7783
0.0268 0.6136 0.5973 0.8222 0.7827 0.7420
0.0193 0.7748 0.7584 0.8938 0.8779 0.8314
0.0204 0.7734 0.7583 0.9005 0.8943 0.8306
0.0191 0.7862 0.7730 0.9086 0.9039 0.8473
0.0175 0.7999 0.7758 0.9292 0.9204 0.8568

CPNet(2024) 0.0187 0.7942 0.7894 0.9039 0.8946 0.8405

FANet(2020) 0.0249 0.6846 0.6628 0.8630 0.8225 0.7697

MPFRNet(2023) 0.0191 0.7651 0.7549 0.8848 0.8744 0.8418

LDNet(2023) 0.0289 0.6562 0.6391 0.8655 0.8414 0.7679

RGB 360° SOD J5 % DATFormer(2023) 0.0186 0.7647 0.7490 0.8878 0.8773. 0.8408
ACoNet(2024) 0.0181 0.7893 0.7815 0.9141 0.9043 0.8493

DPNet(2025) 0.0190 0.8016 0.7864 0.9207 0.9096 0.8486

DSANet(2025) 0.0198 0.7842 0.7703 0.9081 0.8988 0.8463

RGB-D 360° SOD J5% ARSCTT 0.0151 0.8388 0.8150 0.9331 0.9240 0.8736

T BN PR IR FAM AR, T (L) FR AR B BT (BB )

&l 8 FlIAEl 9 ' /R T A [ B AL 7E 360-SOD Fl 360-
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fdi FH RGB Y w/o depth 77 ZAE X IR, 323 4,
IR TCIE R PR — R R BEAG 1107 B IR B |
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Fig. 6 Qualitative comparison of different methods on the 360-SOD dataset
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FR2 360-SSODHiEEE F & RAEIIEIRXILL
Table 2 Comparison of Objective Metrics of Different Models on the 360—-SSOD Dataset

mean—Em

ik MAE | max-F T mean-F 7T max—Em 1 1 Sm 1

VST(2021) 0.0280 0.6189 0.5900 0.8511 0.7979 0.7583
TriTransNet(2021) 0.0283 0.6263 0.6225 0.8578 0.8372 0.7451
BTS-Net(2021) 0.0340 0.6190 0.5643 0.8289 0.7556 0.7447
SwinNet(2022) 0.0292 0.6504 0.6217 0.8622 0.8160 0.7689
7?7(;_]) 2Ds0D MobileSal(2022) 0.0324 0.5078 0.4891 0.7652 0.7016 0.6873
DFM-Net(2022) 0.0407 0.05747 0.5084 0.8555 0.7433 0.7190
SPSN(2022) 0.0283 0.6379 0.6288 0.8446 0.8109 0.7383
PICR-Net(2023) 0.0299 0.6099 0.6013 0.8509 0.8247 0.7320
HIDANet(2023) 0.0281 0.6613 0.6409 0.8623 0.8547 0.7782
DFormer-B(2024) 0.0273 0.6762 0.6603 0.8758 0.8482 0.7846
CPNet(2024) 0.0278 0.6752 0.6676 0.8778 0.8649 0.7748
FANet(2020) 0.0415 0.5619 0.5335 0.8027 0.7703 0.7119

MPFRNet(2023) - - - - - £

RGB 360° SOD J5 12 LDNet(2023) 0.0342 0.5862 0.5672 0.8390 0.8187 0.7245
DATFormer(2023) 0.0252 0.6196 0.6050 0.8325 0.7920 0.7527
ACoNet(2024) 0.0288 0.6641 0.6564 0.8695 0.8632 0.7796
RGB-D 360" SOD J'ik A5k 0.0273 0.6938 0.6706 0.8759 0.8564 0.7871

T RO TR IR AR, T CL)FIREVHEARBUE BB GBIV ) , = 27 PRRSA AR 1 T 0 i A £

A T G A B 5

J T 2R AFM (R LR K AFM 5o
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45 (2024), WNFRTRTRS , ARM AR L H A 5 s il
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3.4.4  EEBIESG| T U A AR SR WS A R

R 56 UE T ) B AR 5 | I ) A A5 SR s (A
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st A AR 1) 90 5 /400 5 K O LA B B AR 4 R A 5 BE 24
Z 3 sgm . H kB 12 i s aY 0 e a] LUE
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Fig. 7 Qualitative comparison of different methods on the 360-SOD 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. 8 Comparison of P-R Curves and F-measure Curves of Different Models on the 360-SOD and 360-SSOD Datasets

R3 ERARRREMSITHENERERATEE
Table 3 Comparison of Objective Metrics Using Different Depth Estimation Methods

R 7 1 BREEAL O MAE | max-F T mean-FT max-Em?T mean—Em T Sm 1
w/o depth (RGB only) 0.0220 0.7304 0.7021 0.8526 0.8414 0.8096
DA(2023) 0.0160 0.8300 0.8064 0.9211 0.9154 0.8731
K SCREE EGFormer(2024) 0.0163 0.8243 0.8079 0.9205 0.9095 0.8643
CRF360D(2024) 0.0171 0.8179 0.7980 0.9204 0.9101 0.8725

Joint_360depth(2022)
(RS IE)

T BOTRFR IR ISR, T (L) IR E R PR BB MBS GBIV ) , who depth 7R AN IR BE 15 L

#4 £ EEPA-RFM B3R 5 WIS FR 3T b : --mm
Table 4 Comparison of Objective Metrics for the Effec- . ‘
tiveness of the Panoramic—Aware Receptive Field Module ¥ I ﬁ_--'

(PA-RFM)

0.0151 0.8388 0.8150 0.9331 0.9240 0.8736

MAE max-F mean— max—E mean—

l 1 F1 T Ef
with RFB 0.0162 0.8173 0.8009 0.9177 0.9073 0.8703

Method Sm 1 RGB R HAAK PA-RFM 1x1 conv

K10 A BRI Z BT PA-RFM A RCHE Y 32045 3
XTI
0.0166 0.8140 0.8011 0.9201 0.9008 0.8610 Fig. 10 Qualitative comparison demonstrating the effective-

ness of the Panoramic-Aware Receptive Field Module

w/o

PA-RFM

AL 0.0151 0.8388 0.8150 0.9331 0.9240 0.8736
B HTH PR IOR 25 R, 1 (L) RN BT bRBUE
R SR LT GER/NER AT ) , with RFB 22758 F RFB A5, w/o PA-
RFM 78 A3 H PA-RFM 5
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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 T mean-F1  max-E1  mean-E 1 Sm'{
1 0.0215 0.7471 0.7197 0.8720 0.8597 0.8201
2 | 0.0193 0.7966 0.7792 0.8883 0.8763 0.8431
3 1 0.0181 0.8010 0.7839 0.9147 0.9085 0.8568
4 1 0.0186 0.8096 0.7996 0.9274 0.9142 0.8393
5 | 1 0.0166 0.8164 0.7800 0.9248 0.9093 0.8683
6 1 1 0.0171 0.8299 0.8013 0.9340 0.9199 0.8547
7 1 1 0.0174 0.8327 0.8114 0.9293 0.9184 0.8553
8 | 1 | 0.0151 0.8388 0.8150 0.9331 0.9240 0.8736

T RO T RFOR AR, T (L) FTR B VAR BB G/ INBE ), 0 7R TX R R L

F6 EENGISHEEMAFM BRIENEZMIEIRITLL
Table 6 Comparison of Objective Metrics for the Effectiveness of the Attention—Guided Fusion Module (AFM)

NO. RGB Depth Fusion method ~ MAE | max-F T mean-FT max-ET  mean-E1 Sm 1
1 1 0.0220 0.7304 0.7021 0.8526 0.8414 0.8096
2 1 [ Add 0.0208 0.7445 0.7128 0.8799 0.8624 0.8185
3 1 I Concat 0.0157 0.8217 0.8066 0.9185 09114 0.8314
4 1 1 Multi 0.0166 0.8145 0.8095 0.9019 0.8814 0.8450
5 1 [ AFM 0.0151 0.8388 0.8150 0.9331 0.9240 0.8736

TE RO AR R I R ZE A, T (L) FOR SR B B GB/INBR ST ) , 1 FRR ] .

: 4 i ! :

RGB HEK RG Concat Multi

Bl V55| SREA R AFM A R0t 4 32 W45 5T 1

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

MAE max-F mean— max—E mean—

Lt rt 1t mr ol

Method

MobileSal  0.0159 0.8330 0.8134 0.9260 0.9164 0.8634
HIDANet 0.0163 0.8373 0.8112 0.9323 0.9231 0.8734
CPNet 0.0165 0.8355 0.8100 0.9282 0.9163 0.8663
AL 0.0151 0.8388 0.8150 0.9331 0.9240 0.8736

T RO PR FR AR, 1 (L) Fn E bR EUE
R e G/ N )

*8 BEAS| S EMRDREE IR EWIBIRXT L
Table 8 Comparison of Objective Metrics for the Effec-
tiveness of the Cross—Modal Guided Collaborative Decod-
ing Strategy

MAE max-F mean—- max-E mean—

! 1 F1 1 ET
w/o RGB 0.0169 0.8328 0.8051 0.9255 0.9157 0.8724

Method Sm T

AL 0.0151 0.8388 0.8150 0.9331 0.9240 0.8736

T B PR ER R R, T () FREMIEREE
R AR GBI ), wio FeR T4 15 RGB i

i W R EET

WA
12 REAEST| HIbR ArR At SR s 1A 20 S

Fig. 11 Qualitative comparison demonstrating the effectiveness

of the Cross-Modal Guided Collaborative Decoding Strategy
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