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Distortion-adaptive and position-aware network for salient

object detection in 360° omnidirectional image
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Abstract: Objective Salient object detection (SOD) in the field of computer vision originates from the study of human
visual attention mechanisms. Its goal is to emulate the human ability to focus on specific objects or areas in complex scenes
that naturally capture the interest of human vision. SOD, as a foundational research area in computer vision, is important
for various downstream tasks, such as object tracking, semantic segmentation, person re-identification, camouflaged
object detection, and image retrieval. In recent years, the advancements in Virtual reality (VR) and augmented reality

(AR) technologies have expanded SOD beyond traditional 2D images to encompass 360° omnidirectional images (or pan-
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oramic images). The application of 360° SOD serves as a crucial preprocessing step for enhancing the efficiency of subse-
quent advanced visual tasks. These tasks include coding, editing, stitching, quality assessment, and transmission of 360°
omnidirectional images. In contrast to traditional 2D images, 360" omnidirectional images exhibit the following core differ-
ences: 360° omnidirectional images are spherical. Given that no encoder has been specifically developed for spherical
images, 360° omnidirectional images need to be projected into 2D images for further processing. Common projection meth-
ods mainly encompass equirectangular projection (ERP) , cube-map projection, and octahedron projection. Regardless of
the projection method used, geometric distortion is inevitable. This geometric distortion severely impacts the performance
of SOD, which results in a significant decline in performance when traditional 2D SOD methods are directly applied to 360°
omnidirectional images. Therefore, addressing the challenge of geometric distortion generated by 360° omnidirectional
image projection is the core problem in the field of SOD in 360° omnidirectional images (360° SOD). In recent years,
some 360° SOD methods have been established to solve the problem of geometric distortion caused by projection and have
achieved good detection results to a certain extent. However, their approaches are either limited in effectiveness or rely on
artificially designed features, which restricts the ability of the model to detect salient objects in 360° omnidirectional
images. Meanwhile, most of the models have poor detection results when facing complex scenes or scenes with low contrast
between foreground and background, which are easily interfered with by the background. This study introduces a distortion-
adaptive and position-aware network (DPNet) for 360° SOD to solve the abovementioned problems. The aim is to further
solve the problem of background interference in complex scenes by considering geometric distortion of ERP image , which
helps better detect salient objects in 360° omnidirectional images. Method DPNet combines vision transformer (ViT) and
convolutional neural networks (CNNs) to build the basic framework of the network. It uses ViT and CNNs to design the
encoder and constructs a combination decoder based on U-Net architecture to decode the features from the two encoders
step by step. This way combines the global coding advantages of ViT and the local coding advantages of CNN. Compared
with previous dual parallel structures, the two encoder backbones of our network are parallel, and the ViT backbone plays
a guiding role for the CNN backbone. In other words, the CNN backbone can complement the detail information based on
the semantic features extracted by the ViT backbone. On the one hand, this study proposes two distortion-adaptive detec-
tion modules, namely, distortion-adaptive module (DAM) and position-aware module (PAM) , to solve the geometric dis-
tortion problem caused by ERP. DAM models geometric distortion in feature maps through channel-by-channel deformable
convolution. PAM calculates spatial weights along the latitude and longitude, which directs the network to adaptively focus
on salient regions in the image. Specifically, the global features extracted by the ViT backbone are processed by the DAM
to model the geometric distortion. Then, two branches are extracted: one branch is sent to the decoder, and the other
branch is sent to PAM to provide position prior information. PAM is placed in the shallow layer of CNN backbone and is
responsible for fusing the position prior information with the information extracted in the shallow layer of CNN backbone to
guide the subsequent feature extraction. In this way, DPNet can decide which regions of the 360° omnidirectional images
should be focused on according to the characteristics of ERP and specific input images. On the other hand, a salient infor-
mation enhancement module (SIEM) is proposed to further solve the problem of background interference in complex
scenes. Currently, most SOD methods use structures such as U-Net to simply aggregate feature maps at different scales.
This process inevitably treats a large amount of non-salient information contained in the low-level features as useful informa-
tion, which leads to poor detection results. For addressing this issue, SIEM uses high-level features to guide low-level fea-
tures, filters non-salient information, and prevents the influence of background interference on the effectiveness of
360° SOD. Result We compare our model with 13 state-of-the-art methods on 2 public datasets, namely, 360-SOD and
360-SSOD. Notably, its overall performance on 8 evaluation metrics is better than those of the latest 13 methods. In addi-
tion, the generalization experiment is set up, and the excellent generalization performance of the model is confirmed by
cross-validation. Then, an ablation experiment is conducted to verify the performance of the proposed module. Finally, a
set of complexity comparison experiments proves that the proposed model DPNet achieves a good balance in terms of detec-
tion accuracy and model complexity. Conclusion The existing 360° SOD methods cannot effectively address the geometric
distortion problem after projection and the background interference problem in complex scenes. Thus, we propose a distortion-

adaptive and position-aware 360° SOD network (DPNet) based on ViT and CNNs. The proposed DAM and PAM play a pivotal
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role in guiding the network to focus on areas requiring attention based on the distinctive characteristics of ERP and specific input

images. In addition, the proposed SIEM works to guide low-level features with high-level features, which effectively filters out

non-salient information present in low-level features and enhances the salient information. These capabilities can help the model

effectively deal with the background interference problem in complex scenes. Through an extensive set of experiments, we demon-

strate that our method outperforms 13 state-of-the-art SOD methods , which establishes its superiority in 360°SOD applications.

Key words: 360° omnidirectional image; salient object detection (SOD) ; distortion-adaptive; position-aware; anti-

background interference
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Fig. 1 Comparison of subjective results of different models in complex scenarios
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Fig.5 Structure diagram of salient information enhancement module
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F1 360-SOD #iEE E R EBEIIEIRXTLL
Table 1 Comparison of objective metrics of all models on the 360-SOD dataset

Bl I (4E0y) MAE| max-F!1 mean-FT adp-FT max-Em! mean-Em? adp-EmT  Sm?
LDF(2020) 0.0238 07094  0.6914  0.6554 08768 0.864 2 0.8631  0.7920
FNet(2020) 0.0230 07054 06770 0.6411 08739 0.863 8 0.8555  0.793 4
VST(2021) 0.0264 06933 06329 05310  0.8892 0.8352 0.7689  0.787 8
RRNet(2021) 00261 0.6342 06158 06104 07929 0.754 6 0.8056  0.7650
2D SOD PGNet(2022) 00257 06871 06734  0.6439 08384 0.823 1 0.8559  0.7800
MSCNet (2022)  0.0464 0.7243 06561  0.6269  0.8823 0.8343 0.8363 0.7354
SeaNet(2023) 00566 04657 04519 04612 08028 0.744 3 0.8206  0.6497
BSCGNet(2023)  0.0249 06811 06754 06777  0.8559 0.8318 0.8651  0.7840
TSCNet(2023)  0.0243 07137 07039  0.6887  0.8880 0.877 1 0.8876  0.798 3
FANet(2020) 00261 0.6855 06612 05969 08794 0.858 8 0.8373  0.7775
MPFRNet(2023)  0.0191 0.7652  0.7553 07447  0.8851 0.874 7 0.8904  0.8417
360°SOD LDNet(2023) 0.0289 06562 06391 06171  0.8655 0.841 4 0.8576  0.7679
DATFormer(2023)  0.0176 0.7801 07622  0.7272  0.9007 0.888 3 0.9030 0.846 6
ES'S 0.0188 0.8038  0.7884  0.7558  0.9217 0.910 3 0.9100  0.8502
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Fig. 7 Comparison of subjective results on the 360-SOD dataset
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Table 2 Comparison of objective metrics of all models on the 360-SSOD dataset

el I7 ik (AEA) MAE ! max-FT mean-F1 adp-FT max-Em! mean-Em7T adp-Em?T  Sm1

LDF(2020) 0.0328 0.6081 05872 05326  0.8582 0.832 4 0.7788  0.7437
FNet(2020) 0.0323 06057 05845 05568  0.8575 0.840 3 08171  0.7376
VST(2021) 00356 0.5962 05268 04479  0.8492 0.766 7 0.7003  0.7411
RRNet(2021) 0.0341 04204 03953 04163  0.6953 0.596 6 07007  0.6454
2D SOD PGNet(2022) 0.0326 05671 05543 05547  0.783 1 0.758 9 0.8210  0.7197
MSCNet (2022)  0.0505 0.5977 05681 05316  0.8306 0.795 4 07787  0.7118
SeaNet(2023) 00411 03943 03430 04011  0.7660 0.575 8 07727  0.596 1
BSCGNet(2023)  0.0292 05969 05851 05956  0.8300 0.791 3 08261  0.7350
TSCNet(2023)  0.0290 0.6346  0.6251  0.6079  0.864 1 0.8510 0.8520  0.7493
FANet(2020) 00291 06071 05847 05374  0.8460 0.827 1 07955  0.7406

MPFRNet(2023) - - - - - - - -
360°SOD LDNet(2023) 0.0342 0582 05672 05376  0.8390 0.818 7 0.8226  0.7245
DATFormer(2023) 0.0318 0.5995 05792 05785  0.8208 0.769 2 0.8344  0.7424
A3 0.0284 0.6712  0.6579  0.6452  0.8721 0.851 2 0.8568  0.769 4
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Fig. 8 Comparison of subjective results on the 360-SSOD dataset
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F3 HBEETE360-SSOD HHE & LTI R 72 360-SOD £ & _F 31T i & MS#R 2T LE
Table 3 Comparison of objective metrics for each model trained on the 360-SSOD datase and tested on
the 360-SOD dataset

25 VR REGRD) MAE | max-FT mean-FT adp-F? max-Em? mean-Em? adp-EmT  Sm?

LDF(2020) 0.0327 0.6143 05946 05373  0.8348 0.808 5 0.7987  0.740 1
F*Net(2020) 0.0315 0.6222 05985 05630  0.8392 0.821 6 0.8286  0.7373
VST(2021) 0.0366 0.6250 05346 04619  0.8421 0.749 9 07310  0.7332
RRNet(2021) 0.0378 03168 02928 03192  0.6247 0.484 4 0.6315 0.5934
2D SOD PGNet(2022) 0.0297 05857 05651 05879  0.7559 0.704 1 07910  0.7269
MSCNet (2022)  0.0509 0.6004 05701 05236  0.8130 0.781 4 0.7836  0.7002
SeaNet(2023) 0.0426 03637 03053 03803  0.7364 0.540 7 0.7664  0.5757
BSCGNet(2023)  0.0341 05136 04974 05306  0.7496 0.661 4 07781  0.6821
TSCNet(2023) 0.0344 06082  0.6019 0.6019 08219 0.790 5 0.8301  0.7223
FANet(2020) 0.0344 0596 05752 05267  0.7992 0.782 3 0.8041 0.7247

MPFRNet(2023) - - - - - - - -

360°SOD LDNet(2023) - - - - - - - -
DATFormer(2023)  0.0319 0.6451  0.6211  0.6182  0.8090 0.750 4 0.8262  0.7490
AL 0.0289 0.6707  0.6579  0.6773 08315 0.791 6 0.8412  0.763 1

TE IR R R 2 AN R RIZR TR FR 25 5 BRI DRI ER 3 BSE 2R =7 37m IR A DA T ek )

R4 FBEETE360-SOD H#EE LTl 25 72 360-SSOD #E & L # 1T B & W HE AR L
Table 4 Comparison of objective metrics for each model trained on the 360-SOD dataset and tested on
the 360-SSOD dataset

e I7ik (AR ) MAE] max-FT mean-F1 adp-FT max-Em?T mean-EmT adp-EmT  Sm1

LDF(2020) 0.0507 04386 04309 04177  0.7209 0.701 7 0.7284  0.6477
FNet(2020) 0.0545 04315 04251 04220  0.6967 0.691 6 07120  0.6435
VST(2021) 0.0576 04368 04103 03720  0.7246 0.700 3 0.6733  0.6506
RRNet(2021) 0.0500 03868 03753 03928  0.6695 0.620 6 0.6742 06191
2D SOD PGNet(2022) 0.0545 03730 03650 03701  0.6416 0.6347 0.6784  0.6253
MSCNet (2022)  0.0831 04440 04127 04056  0.7205 0.686 2 07017  0.6150
SeaNet(2023) 0.0793 03472 03345 03416 07104 0.710 4 0.7244  0.5882
BSCGNet(2023)  0.0516 04260 04187  0.4229  0.7129 0.686 7 07207  0.6420
TSCNet(2023) 0.0528 04459 04396 04292  0.7475 0.740 7 0.7437  0.6520
FANet(2020) 0.0531 04113 04030 03903  0.692 8 0.683 6 0.7028  0.640 5

MPFRNet(2023) - - - - - - - -

360°SOD LDNet(2023) - - - - - - - -
DATFormer(2023)  0.0504 04531 04482 04461  0.6945 0.689 7 0.7005  0.658 5
A3 0.0524 04642  0.4593 04632  0.7210 0.713 3 07374  0.663 0

T L R R 2 A R RINZR AT B 7R 45 B B AL DRSS 3 25 2R =7 30 DA AR, 1 Tk I P 1
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Table 5 Objective metrics comparison of different model combinations on the 360-SOD dataset

WiReS MAE | max-F 1 mean-F | adp-F 1 max-Em T mean-Em 1 adp-Em 1 Sm 1
baseline 0.021 7 0.763 6 0.740 1 0.708 0 0.888 1 0.879 5 0.880 4 0.8250
wlo DAM 0.019 8 0.766 7 0.752 4 0.728 9 0.885 4 0.8757 0.886 8 0.8275
wlo PAM 0.019 1 0.791 8 0.767 9 0.736 4 0.902 5 0.896 1 0.899 5 0.8413
wlo SIEM 0.020 8 0.781 6 0.764 3 0.733 2 0.909 2 0.897 5 0.8950 0.836 5
AL 0.018 8 0.803 8 0.788 4 0.755 8 0.921 7 0.910 3 0.910 0 0.850 2

T AL T RIZ AT RIZR AT B 7R 25 B B AL LRSS 3 2 2R

w/o DAM w/o PAM w/o SIEM baseline

AT7iE
9 360-SOD i fE L AN [RIA AL A 1 32 045 1 b

Fig. 9  Comparison of subjective results of different model combinations on the 360-SOD dataset
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Table 6 Comparison of complexity of each model

Ji i (AE4) FLOPs/G Params/M
LDF(2020) 15.572 4 25.150 1
F*Net(2020) 16.494 5 25.536 7
VST(2021) 31.089 2 83.054 9
RRNet(2021) 451.409 3 75.693 6
PGNet(2022) 42.970 5 72.666 4
MSCNet(2022) 15.466 3 3.264 4
SeaNet(2023) 1.809 4 2745 1
BSCGNet(2023) 86.463 5 26.993 3
TSCNet(2023) 117.408 6 101.203 6
FANet(2020) 123.7212 253993
MPFRNet(2023) - -
LDNet(2023)* 2.900 0 3.400 0
DATFormer(2023) 38.178 9 29.568 1
AL 22.4106 78.485 4
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