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Abstract: Objective By integrating corrected images with spatial and semantic information, salient object detection
(SOD) that uses omnidirectional image data significantly outperforms single-modality detection in terms of prediction accu-
racy. The emergence of deep learning techniques has further accelerated advancements in SOD for omnidirectional images.
However, existing models in this area fundamentally disregard the challenges of image distortion and the distinct character-
istics of different modalities. They commonly rely on simplistic fusion methods, such as element addition, multiplication,
or concatenation, which fail to foster meaningful interactions among the modalities of omnidirectional images. This
approach does not effectively utilize complementary information or the potential correlations among them. To rectify this
deficiency, developing more robust methods that enhance information interaction across different modalities of omnidirec-

tional images is imperative, leading to superior SOD results. Researchers have successfully designed a distortion semantic
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aggregation network (DSANet). This innovative method is applied for the first time to SOD in omnidirectional images, rig-
orously analyzes the correlations among various modalities, and leverages these relationships to optimize the fusion and
interaction processes. Method DSANet consists of three modules: the distortion adaptive correction module (DACM) , the
multi-scale semantic attention aggregation module (MSAAM) , and the progressive refinement module (PRM). First, an
aberration problem occurs in transforming omnidirectional images into equal rectangular projection (ERP) images, and the
aberration partially affects the accuracy of target detection. Therefore, this study designs the DACM module to adaptively
correct the distortion features of the input ERP image to improve detection accuracy. The mechanism of the DACM module
learns the adaptive weight matrix by using deformable convolutions with different dilatation rates for the input ERP image to
correct geometric distortions in 360" omnidirectional images. Second, the corrected ERP image is fed into the ResNet-50
encoder for feature extraction. Convolutional neural networks can obtain abstract semantic features through multiple convo-
lution and pooling operations, but the diversity of input images results in significant target scale and location uncertainty,
and the theoretical receptive field is frequently different from the actual receptive field to a certain extent, resulting in the
network not being able to effectively extract global semantic features. Therefore, if single-scale deep features are used
directly, then correct salient targets may not be obtained due to the lack of semantic features. Meanwhile, the combination
of global semantic features after channel attention and local detailed features after spatial attention can solve the problem.
Based on this idea, this study designs MSAAM, which is primarily composed of two sub-modules: global semantic features
and local detail features. The mechanism of MSAAM is to input the features extracted by the encoder into the channel atten-
tion module to extract the channel weight values through convolutional processing and then multiply them by pixels with the
input features to obtain the global semantic features. Subsequently, the global semantic features are inputted into the spa-
tial attention module to obtain the spatial weight values and multiply them by the input feature elements to obtain the
detailed features. Finally, the global semantic features are merged with the local detailed features to generate the multi-
scale semantic features. The PRM module fuses the multi-scale semantic features layer by layer to further improve detec-
tion accuracy. The MSAAM module cooperates with the PRM module to solve the problem of a large field of view in 360°
omnidirectional images. Finally, the saliency map generated by the MSAAM module is unclear and internally mutilated
due to the contradiction among different feature layers in the fusion process. To obtain more accurate saliency maps, this
study designs the PRM in the decoder, which fuses the multi-scale semantic feature maps from the encoder layer by layer
from deep to shallow maps, to further refine and enhance the feature maps at each stage. The mechanism of action of PRM
up-samples the high-level features and fuses them with the low-level features for elemental multiplication and then multi-
plies and sums them with each of the high-level and low-level features to obtain the coarse-level features. The coarse-level
features are activated to obtain the weight values, inverted, multiplied with the coarse-level features, summed to obtain the
fine-level features, and then aggregated from the high level to the low level to obtain the output features. Result Experi-
ments on two publicly available datasets, namely, 360-SOD and 360-SSOD (total of 1 605 images) , show that DSANet out-
performs the other methods in six mainstream evaluation metrics, i. e. , max F-measure, mean F-measure, mean absolute
error (MAE) , max E-measure, mean E-measure, and structure-measure. Conclusion The method proposed in this study
excels in several objective evaluation metrics while generating salient object images that are clearer in terms of edge contour-
ing and spatial structural detail information.
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ERP) .57 77 1R e 55 % 5% (cube—map projection, CMP)
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module ,PRM ) .
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o7 AN E B L A I 4 s R P i LT B AR L AR OE
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1
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— JZ2 0 FRAE PR 23 38 o MSAAM 455 5 F 47 4b B
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B Rl 4Ryt SORN Ry 38 240 15 47 AIE

FEFRAE AR 053, 4530 3 75 20 AR ALARAE (8], de 28
G RTE Sk 7y Al R S R NN X B 1
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B ¢, SR J5 TEHIEAE 132 24, 15 30 5 & )2 i 4y
fEp,2paspso B BU R 1] 308 3 A A 5 30F— 20
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e il Mgt e
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S ‘
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| s
[
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|
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|
|
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|
|
|
|
[
|
DACM MSAAM PRM cat
ML SRETOERIPEARY WA BRULWOR O EREE MELREE R
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Fig. 1 Overall network architecture

2.2 BTHENKREZERDACM

ERP /&5 FH 1 360° 4 5 B 5 7 Xz —,
HESTEERUR A RO, JEHGE S BT, A
Ivi) 2 B A W AR T X ERP BG4 38 5 A ) 8, AR
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B2 BR o IZBEERE RS X iy A ERP P15 A Wi A il
BEAT A& BRI o

HARKUE, IZA R i A B J5L i ERP 1R £ il
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5, DFRRAFY KRB EIL B Conw KR
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o BB — e BRERL0, 2] HRT
1 FOREHE N 1 RN AT,

[a] i A B9 )5 B ERP 5008 5 42 JRy -F 24 1tk ik
WP AR AT A S R RO

ReLU| BN

Conv

f;igmoi(l

J A Jeyi SUfE B A U
So =2 %

I igmom(ReLU (BN (Conv( fummana(£7))) ) ) (2)

T ctohatpont 27N A2 R V- AU AGHRAE | ] T4 B 22
FEIEREE AR B , o i (1)

Jry ERA L B ... 5 AR G AR 3 3545 Jry
RAEEUR, Jm iR E R S 4 SR A T B ., AF 3
5 EIGE RS MR E G f TR

S =" X foca X Lo + S (3)
S TR R TR T f0 270 22 R A AR
W, fRAEIEJG B ERP B .

DConvr="17§-

/vDConvr 3
tDConvr 5 Q}—);»

Globalpool ———— »

DConv r=3,5,7 Globalpool
EESAT et

BRI —

N0

Wéﬂf

fglobm /

S ®

e GiEp | AT

sigmoid

K2 DACM Kb
Fig. 2 DACM module structure diagram

2.3 ZREBXEENREERMSAAM

B B 22 I 2% 8 5 22 s AR AR 4R A , Tl LA
132 Hh G n i SCRAE B2 A R i 2R R
2 H bR ROBE AL B AN 2 M, iy e T 09
TR PRS2 A — o 1Y 2200, S 45T
A R4 JRy T SURFE o PRI B R B il T R
JE R Z R , AT RE 23 PO iE SURFIE B2k S B0OT0 1
FRATIE A AY 2 H b, 17 45 4 8 38 1 7 /7 (channel
attention mechanism, CAM) J& [ 4= Jay 18 SCRRAE Fil 45
[&] £ 7 /7 (spatial attention mechanism, SAM) J5 B9 J&)
PR AR T R AE AT AR iz ), Tk — S, AR S
BT T2 RIEE OEE T R AP (MSAAM),
AR B 3 B 4 Ry i SCHRRAE (global semantic fea-
ture , GSF) 1=y &R 40 55 F#4E (local detail feature, LDF)
PTG . BERESA AN IE] 3 TR

2.3.1 GSFFiH

GSF TR 15 558 3 x 3 45 FHUAL 3L 4 g AR
fiE B f(i = 1,2,3,4,5) 38 i 42 Js) 5 Kt 46 (global
max pooling, GMP) H1 4 Jaj - 31 1t 1k (global average
pooling, GAP) BRA1 3R I8 i 1 Rk £ f

IR JE X IE RFE I £ R 2 03 BE R a8 TR 4 I
HEAT 22 RUBE R AL, FA 25 2 R IS AT sigmoid ¥4
AR R EAE A 0, , SR 3 x 3B B S 1
BAFHERL (= 1,2,3,4,5) 58 B A EHFE a, H
Fe k154 Jm il SURHE L, o R R AT 235K

f. = GMP(Conv,( £,)) + GAP(Convy( £)) (4)

a, =f( > DConv,(ﬂ)) (5)

r=3.57

S = a, X Conv,( f) (6)
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Fig. 3  MSAAM module structure diagram
A, (= 1,2, 3,4, 5){RRATS 2RI S AR fo=a, xf, %f (9)
HHIEIE , GAP Fm A2 R T-H Ak, GMP 7R 2R e K c.=f.+f (10)

WAk, DConv,(r = 3,5,7) F R AR 1k A n] 28 1
B, Convy( ) FREFNEK/INN 3 x 3HERURIE,
S FREJRTE SURFIE L
2.3.2 LDF Ttk

BB e GSF A 1 42 e i SURRAE
FELf, R4 T SF 25t A R e A b Ak 3R A5 4 TR ] f
SR 5 T A5 [V RRAE B f 3T B R/ 3 x 3 (] AR
T 26 BB AL AL B8 45 2 UCRRE AR N, 5 3l 2
1 x 15 sigmoid SR ARAF AN AE M. ikt
FERI IR A

1= Facama £) + Fro £.) (7)

a, = Sigm“id(Convl(EDConvg(ﬁ))) (8)
L, £, AR SURFE BT, MaxPool 7R #5 Kk
£24F , MeanPool 271 V- Y AL 454  f 378 25 A REAIE
,DConv () FRBEEFRL, Conw, Frm B AWK Ny
1 x 1B, a, F7m Q01T AR
2.3.3 ZRFEBELFENRE
GSF FRLH AT 1) 4 Jmy 1 SARAE L f, \LDF +
B AR A5 1) 20 775 AT A e, R A RRAE IS, (i =
1,2,3,4,5) =& HITARATF R FBA T REAEE £, SR )G
JR AT FRAE I £, 5 AREEIEL £ (0= 1,2,3,4,5)
FIn A i 22 RO SCRRE R ¢, (i = 1,2,3,4), Hit

2.4 HiEX AL IED PRM

M T A [ R AR 2 A il i B AR R P A
MSAAM B A B 1 b 25 A AR AN T3 Wb EL PN 3 4% dle
PG, N T A5 30 T A ) 3 R AR SCHE s 2
Bt T it AR An i (PRM) 655k A 4 i 25 1 &2
RBEE R EE e, (i=1, 2,3, ) HIERER ¢, 2%
JZE ¢, B Z R, LAE— 25 20 40 R G 58 5 B B i)
FEAEE . PRM 4245 PRM3 . PRM2 F1 PRM1 3% 3 2%
IR, S5F I 4 TR . AR DL PRM3 AL
B, A H T AR

PRM3 A PN A, 200l ok 22 RO 1 SRR
TEE ¢, Fl ey 22 RO i RRAE B ¢, b RAE I AT
Conv 3 x 3 BN .ReLU #R1F4FME K] )5 2 BTG SRR
fiE ¢, #E47 Conv 3 x 3 BN, ReLU #5435 SR 1E K]
cho SRIGHFIEIR o) SHFEFE o) AR RS Al & FF A

FRAHINARAR A RIEE F o

ATHRER F,, 20t Conv 3 X 3 BN ReLU J5
HEAT Conv 1 x 1 sigmoid I IH RIFANEHERE A, A,
(1 = A,) 5350 5 40 ReAE L F, AT FEAR N, 2R
J5 HEAT Conv 3 x 3 . BN \ReLU A& 415 K pyo R HEF]
JH PRM2 1 PRM1 384540875 €l p, Ml p, o )5 pi 2EAT
445 L RAE p, AT 245 R AE S5 Fl p, — 35 i i 4
A AR BT I ERR ) W5 S BRI R AT IR Ny
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Fig. 4  Progressive refinement module structure diagram

c = ReLU(BN(Conm(c,))) (11)
/., = ReLU (BN (Conv.(Up(e..,))))  (12)
F,,=c¢/ Xcl,, (13)

F., =F,xc+F, Xec,, (14)

A, = fsigm"m(C()nv,(ReLU (BN (Convi(F...)))) ) (15)
pizikLU(BN(cmwiAtxﬁ;m+
U—A)xﬂm+Fmﬂ) (16)
AP, e, R Z R SCRERE, ¢l ¢l RRFHIE
&, ffiF PRM2 .PRM LI ¢!, 78N pl. s UP R %
FERRAE, Conv, F9R 3 x 3ERURAE F,, Fom il &
TEE L F ., R TR E ] A, s R p, 3R
N
2.5 KEE
Z S 0 v S (VSR PN SR G AN R )
P Sy W (Wi 55,2020) o 20719 &1 671 53 4l 4K Wk 2%
PEYIR 0T8T, BBk pREL L, 0 LR
loss = loss,,. + loss,, + loss_, (17)
L,.= loss(pdc,G) + loss(S,G) (18)
A, loss,,. loss,,, loss ., 53 5 7 BCE (binary cross
entropy) 1< B 10U (intersection over union ) 4512
PRI %0 F1 SSIM (structural similarity index ) 1 25 PR %L,
(S, C) e BE B (p,.. C)FRA T R .

3 ZWERSHH

3.1 SLBiEE
3.1.1 HuR4E
AR SCHE WIS FF R B L6 DSANet )4 RE

FTPFAR 43 311 & 360-SOD (Li % , 2020) Al 360-SSOD
(Ma%,2020) ., HH1,360-SOD £ 75 500 I 43 #E R Ny
1024 x 51285 19 ERP 4 5 51R, 2 T2 5K
BR2E APRIEINE S5 . P BRI 2 1 605 1
[l FE S HE R 1 ERP 457 R
3.1.2 sk

YIRET R A R AT IH— b B, fl AR R
E Al -1, L2 Ak, LK - #H5e Fn
Jie B S5 B 1 SR B I s ) A . BdE AR
273 W0°F £ 360-SOD Frdfa S, 400 i 5 T U115,
100 1 4 T3 5 360-SSOD £ dl 42+ , 850 i ]
BT, 255 IR EHR T
3.1.3 VRS

91 A THIEAL DSANet BUPERE A SCRILLT 2
A MY F8 B o 248 XF 1R 22 (mean absolute
error, MAE) (Perazzi % , 2012) . F-measure ( Achanta
4% ,2009) (maxF . meanF) | E-measure (Fan 4§, 2018)
(maxFE . meanE ) £ 4% ¥4 ] J& (structure-measure , Sm)
(Fan 2, 2017) o 3K LE48 b5 73 51 AN [R] 11 BE BPAS T
83 E ARG 245 R A vEE A T AR B L RE B B 42
THT 3 F AR RV RE
3.1.4 %k

DSANet [ YIl 2k 7E Pytorch HEZE T #E47, BT f3 5K
5 ¥ 76 il 4 T NVIDIA RTX3090 GPU ) fift 55 4% 5¢
oo EAE & 48 & Ubuntu 20. 04, Pytorch | NS
1.8. 1. S8 R FHFEHLAES FE T B (stochastic gradient
descent, SGD) flLfb#% , Horh gl & 240 0 0. 9, AL
IR BN 0. 000 1,5 ] RYIUH{E M 0. 000 1,
TFR 27 20 R W AR I 22 1 1% 3R B 2~
% ST W YIZRJE A 100 4> epoch , BEAS
epoch 1] batchsize 1% & 4 4, L5 I 2553 B FNN A7
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PREEE, KFED, MFER, X
H I 360°2 = E R E & BRIk EiE LR E MK

THAE.

DSANet ZEYI xR H T L2 1IE WAL A Drop-
out BEA, LLB IEBERSE $U5 o 1A D5 12 T DAAT &%
LY PORAL Y 5L IR B, DD X R S BRI R A 1 o B AL
o IRl ZEYNGR ] T LS sm , B2 I 2448 |
B PERE7E 22 101> epoch NI A $2FHBF 152 1R 111k,
LA IE 205
3.2 XtEsEIe

AR SORE I 2t RO RC Y 12 AR AR St
D AT T e, Ho 8 R R AL SRR 2D SOD
B, 41 #5 SeaNet (semantic matching and edge align-
ment) (Li %5 ,2023b) .MSCNet(multi-scale context net-
work) (Lin 4§ , 2022) . TSCNet (texture-semantic col-
laboration network ) (i % ,2024) . AGNet_C (attention-
guided network ) (fa] 45 F13% /= , 2022) . ACCoNet (adja-
cent context coordination network) (Res) (Li % ,
2023a) \ACCoNet(VGG) (Li %% ,2023a) .PGNet (pyra-
mid grafting network) (Xie %% , 2022) il CSDF (cas-
caded detail modeling and body filling) (Song %% ,
2023). 5354 R )52 360° SOD &L, £ £ MPFR-
Net (multi-projection fusion and refinement network )

(Cong %5, 2024) | LDNet (lightweight distortion-aware

network ) (Huang 45 2023) . FANet (features adapta-
tion network) (Huang & 2020) A1 DATFormer
(distortion-aware Transformer) (Zhao 25 ,2023) ., N T
B LA, (A AR A BN S B0k & B & 4
TR SR

W1 7R 7E AR 360° £ 4 360-S0D
(Li % ,2020) F1 360-SSOD (Ma 45, 2020) I, DSANet
TE 6T 2 A F Y SOD #5455 AL T 2D ik .
DSANet #2116 > 4545 o Z R0l 3607 SOD #7257 1
5. DSANetfY) MAE 5 MPFR AR 22 0. 000 6,
Wi B DSANet A5 4 7 - X 2 Xof 15 22 5 T W 55 T
MPFR. DSANet £ B A5 1 L H: Al 458 3 B 4F i1
S

7E 360-SOD K £ b 11 T WZE S L Bean /5 57
7Is , DSANet RES A 21 73 A7 78 ERP BSR4 18 25 H
b, X T ERP MR i 2 H s (55 2 .6 47) WA TR
ARSI A8CR | I L RE %A R D\ SR 28 S b 3 B
B3 HARTA 25T ST, s s 15 by el
AW H bR, HAWBE R DR 15 545 B A e 2 H s
PEFTRGI , BIVFF AR5 ARG ), T AR SCRE AL I 352 A 7 A
FALA AR o A SR REAS AR 4 M Al 412 R A5 40,
WS 6 47 EIRh Y A 4ny H s o

F1 MIMHEEAR T EZVEIRTLL

Table 1 Comparison of objective indicators of different methods on two datasets

360-SSOD udfi 4
e Jrik

360-SOD £ #i 4

MAE | maxF T meanF ! maxE !l meanET SmT MAE| maxF 1 meanF T maxE? meanE! Sm?

TSC2023 0.0277 0.706 1 0.6938 0.8738 0.8648 0.7920 0.0305 0.6248 0.6172 0.8440 0.8290 0.7453

Sea2023 0.0363 0.5730 0.5561 0.8283 0.8117 0.706 3 0.0563 0.3567 0.3061 0.708 0 0.5411 0.596 3
AG2022 0.0253 0.7543 0.7092 0.8776 0.8569 0.8001 0.0297 0.5988 0.5853 0.8272 0.8087 0.756 0

PG2023 0.0232 0.6795 0.6670 0.8394 0.8028 0.7752 0.0338 0.5276 0.5027 0.7432 0.6937 0.686 2

2D SOD
MSC2022 0.0908 0.6710 0.5436 0.8446 0.7293 0.6468 0.0319 0.6223 0.6082 0.8361 0.8108 0.7647
CSDF2022 0.0277 0.6601 0.6516 0.8596 0.8089 0.7578 0.0326 0.5490 0.5211 0.8117 0.7399 0.694 2
ACC_r2022 0.0326 0.5071 0.4826 0.8106 0.6948 0.6738 0.0312 0.6043 0.5904 0.8297 0.7938 0.7358

ACC_v2022 0.0256 0.6754 0.6701 0.8690 0.8470 0.7873 0.0365 0.5752 0.5555 0.8312 0.7929 0.7341

DAT2023 0.0204 0.7638 0.7459 0.8904 0.8775 0.8352 0.0287 0.6419 0.6099 0.8509 0.8128 0.760 1

MPFR2023 0.0190 0.7653 0.7556 0.8854 0.8750 0.8416 - - - - - -
360° SOD  LD2023 0.0289 0.6561 0.6414 0.8655 0.8437 0.768 0 0.0341 0.5868 0.5695 0.8415 0.8021 0.7252
FA2022 0.0264 0.6750 0.6518 0.8683 0.8180 0.7593 0.0421 0.5939 0.5215 0.8426 0.7324 0.7186
AR 0.0196 0.7814 0.7719 0.9080 0.9002 0.844 0 0.0275 0.6426 0.6284 0.8514 0.8178 0.770 0

TE I IR R R 2 9 B g 2R, =7 s PR BARAD M TE I o 1 7 R (B s, |7 Fn (MG gy
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Fig. 5 Subjective visualization comparison of different models on the 360-SOD dataset

£ 360-SSOD £idln 4 - At = ULZs S e g an ] 6 i
TN AR SO % R A 45 o R R A B Cn
BI6%5 1, 2, 447), A k2 e/ bz 8 T
SE BT A 2RI SORAS I A B . A8,
AR SRS BE S AR B Mo A I H 0T 3 B AR (B 647)
TSR, e R =& U RE 53 HT , DSANet 360-
SOD #1360-SSOD i 3 HFriaill 8 1 R fE:
3.3 DACMEHRFI MSAAM #R 5 EMER T =
pak:s-3:0bGlAe

FE S B R R AR TR s R S PR R =2 ]
(1) 22 G L, BRIt , AR G AT T DACM B Al
MSAAM 5 5 B4 B 22 1 SE.CA .CBAM
F14) 52 2% P RIS IR 6 LS, S 2 R AN 2 IR

N2 i T, AT AXRER BN ] B A (SE L.CA
CBAM .DACM ,MSAAM) ¥4 B B0 3 5532 55 Y B (float-
ing point operations per second, FLOPs) fll & % i
(Params) 2 A {# £F — 5%, FLOPs ¥ 7F 57.28 B ~
57.35 BIuHIN, S8R NITE 24. 54 M ~ 24.55 M Z
0], ZEEKA A SCHE I DACM SR MSA AM 5kl
7E FLOPs FIZE it b T 58 4 [m) T HAWA L S i wip
7l N 21 53 S U I Ty e s R LA 5 BN
3.4 HRRSCIE

SR T S e b AR S R A AR () A R
AR S T BRI e SRR Y 3 AR B IE A T TR A Y T
AT, PP G A RR Y DTk, SO0 A R an 3 3
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R2 DACMEHRFIMSAAM #IR 5 # M ER T = HERTEE

Table 2 Comparison of DACM and MSAAM modules with conventional convolutional attention modules

Tk FLOPs/B Params/M MAE | maxF 1 meanF 1
SE 57.28 24.54 0.023 0 0.753 4 0.7322
CA 57.29 24.54 0.0222 0.769 2 0.751 7
CBAM 5731 24.55 0.024 8 0.749 8 0.734 8
DACM 57.29 24.54 0.0210 0.760 8 0.756 4
MSAAM 57.35 24.55 0.020 2 0.773 1 0.758 6

T LR R A N 2R 1 ORI m B, | 7 FOR (R AG
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R3 HEXBRRUR S S ZEMRHMKEER

Table 3 Ablation results of related modules as well as multi-branched structures

Z5H Baseline  DACM  MSAAM PRM  MAE!  maxF7T  meanF?  maxET  meanF ! Sm 1
I N - - - 00230 07121 07045 08587  0.8400  0.7953
I N N - - 00218 07465 07394 08846 08583  0.8132
1] N - N - 00220 07400 07316 08720 08533 08115
|\ N - - N 00208 07535 07436 08830 08536  0.8246
Vv N N N - 00207 07667 07564  0.8980  0.8887  0.8257
Vi N N - N 00210 07608 07564  0.8878 08747  0.8288
VI N - N N 00202 07731 07586 09003  0.8839  0.8337

A N N N N 0.0196 07814 07719 09080  0.9001  0.844 0

T ML T2V B R 48 H IR 45 3 L N i B P X A, SR R L 1 " Fm B s By, | R IR

1) DACM BEH A %0 . 51 DACM B g 2%
PE THEAES NP bR LA B (N3 3 LR ah
RN AARSCH ), JEHIEFE meanF F1Sm &, jER] T

HAE b 3 ALY 4 G A SRR TR 4
A4 R S B 40 A i
3)PRM AR AT Rk o (i A SO vt MAE

DACM FRH e et 4 5t MG LART AT A8 T T B9 R0
2)MSAAM FEHL A 250 . iIm A MSAAM £ B
Ja , 203888 (A1 maxF F meank) ¥4 & 42 T (40

KFN T 0.019 6, T A LI A5 R /Mt . XK
PRM BEHAE /D 152 25 42 i 3 8 1 E bRk IORS 1 T
AT A9 A 50

FE 3SR ZE R VI FIA SC ), 2 B MSAAM #5 i & 7 35 0050 5

h&--
H- .
T I

HLIHMH AL

SR AT LA B, AN [ 64 94 Rl o

RGBIE%:

Zh1L ZEIRVI

7 FHICHEER LA R 2548 3 Rl 52 6 T A 3 L

Fig. 7 Visual comparison of ablation experiments of related modules and structures
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PREEE, KFED, MFER, X
H I 360°2 = E R E & BRIk EiE LR E MK

W T DO £ 1A BR A 21 4 AT B8 0 A9 A8CR , TR I
A VT %) T il 52 96 % AR SO R B T IE 1] A BT -
BN , &5 1 B A A 3B S | il 45 S A
BT baseline BORBORT 40, JEH 2 im A DACM . PRM
R F5 A5 Y B A% BT 4 A I H RS i 2k B
B, 24 3 BB B0 8 1 P SR R A % AR 4 1 4G 0
W3 bR, U, A8 S0 58 A B 7Y RE 6% i 2 7t
F HbR, ELREAI 25 H AR A 405, A 45 2R S
N ThRTE R HS{E (groundtruth, GT) o

Zi b RIR LIRSS AR T A SCH Y 34
BB % ] b 45 e £ TUPE REFE AR A5 47, S DR I 4% )

= HARR I PEBE , X ARAS BT 1Y 360° 4 5t R i
F HPR MR 2 AR .
3.5 BEESZRGETHERENK
F 4% T AN R 5 4 360-SOD Fl 360-SSOD

G MBS & sl AT NS W v 1 E ] U NS
INETEZ A R A UG T fe 3R 00, R
¥ maxF Fl meal® P 5 i 250k H ArAS I o o 1 1)

Fhn B E L T H AL . X R W DSANet NMUAE
B AR ERIL S TR B iz Ak RE ) b
R EE ., KXKIUEM R RIET
DSANet J5 i (SR 2 8 P

&4 360-SOD F1360-SSOD ¥ #E 5 b 32 X IGE A B 77 ik B MIEHRXT EE
Table 4 Comparison of objective metrics for different methods of cross-validation on 360-SOD and 360-SSOD datasets

360-SOD £ 4 4

360-SSOD %4

sl

Irik
MAE | maxF T meanF T maxE T

meanE T SmT MAE| maxF? meanF! maxE T meanE? Sm 1

TSC2023 0.0562 0.4592 0.4532 0.7430 0.7382

Sea2023  0.0596 04249 04148 0.7308 0.7126

AG2022 0.0498 0.4265 0.4209 0.7136 0.6830

2D PG2023 0.6844 0.6509

SOD

0.0511 04132 0.3947

MSC2022 0.1278 0.4025 03363 0.7017 0.6183

CSDF2022 0.0497 0.4043 0.3851 0.7396 0.6531

ACC_r2022 0.0514 0.4305 04132 0.7376 0.6726

ACC_v2022 0.0507 0.4327 0.4085 0.7477 0.6705

0.6557 0.0335 0.6131 0.6079 0.8302 0.7906 0.7293

0.6292 0.0376 05366 0.5195 08111 0.7530 0.669 2

0.656 6 0.0346 05636 0.5260 0.7535 0.6892 0.6877

0.6318 0.0315 0.6420 0.6217 0.8175 0.8049 0.749 1

0.5593 0.0325 0.6696 0.6534 0.8330 0.8131 0.7511

0.6144 0.0345 05595 0.5339 0.7670 0.6821 0.6899

0.6390 0.0316 0.5581 0.5377 0.7938 0.7059 0.7015

0.6378 0.0372 0.5839 0.5657 0.8297 0.7673 0.7321

DAT2023 0.0505 0.4380 0.4320 0.7064 0.6977

MPFR2023 - - - - -
360°

LD2023 - - - - -
SOD

FA2022
A3

0.0504 0.4449 04247 07261 0.6909

0.0494 0.4698 0.4576 0.7299 0.7079

0.6512 0.0282 0.6930 0.6565 0.8642 0.8017 0.7596

0.6454 0.0441 0.5858 0.5588 0.8102 0.7758 0.7106

0.6725 0.0275 0.7002 0.6704 0.8535 0.7952 0.7677

TE DL IR R R 2 S B 2 2R, =7 s PRI AR M JE R I o 1 7 SRR (B s, |7 Fn (I g

360-SOD Il i 360-SSOD 3 1) 7] LAk X He 4n
K8 it . MEIH AT LI i, DSANet 7EAL FE A Z4 17
(WK V=N PANE) I, BESS B R Hb o)
3 H bR, 0 7E 4071 A BN Gk AR 4 T 3 B
JekhgEit . B, S LATASE 44T RIK T FIE N
Sct, DSANet ESE -4 1 H B ARPI IR 0 58 8 5
JEG TGt 3 D) o BT O [ AR B Y E AR o RN 8
BEHE SRS FENEN . MHILZ T, PGNet fl

AGNet_C 7Eix 2658 Jedgy 5t T RN, B oy o e ik
BE oy R 5t e H AR L4 . 360-SSOD | %k 360-
SOD I 38 By mT A8 Ak X Be Al 2 B, A He At O 3
DSANet B % S0 INHEAf b 53 51 3 035 H s , b PR Eh 25
e JGHRAR L K e sr B BE T TR BR TR RS
PR

2& SIS UE ) S WA AR L itk — 25 U B A SOy
AEE e T AT T ) e A
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Fig. 8 360-SOD training 360-SSOD test visualization comparison
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PR AR BRI Ry T S5 Ry B 4 1 4 AT 5 i ik =X
AL RS (PRM) i i 32 20 b FE TR JZ RS AR R AN R =
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AR TNTE LA 34> J7 1) 4R B2 T Re R A 5E
DLt — 2548 55 3607 SOD HY KL PERE o 1) 34 5 A 751
() R SCRIRE 7. SIATEINSERERY R S S H
B, 455 280 i fg B 4y e B ik e % 37 v i R S
F R DI m A I A . 2) 200 AR Bl 2 B R
PR G . B 5] A Z WA Bk RS (R
EISIRAR I NGECE DI G EY: Bk PN
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