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Abstract: With the rapid advancement and widespread adoption of virtual reality (VR) technology, 360° omnidirectional
images (ODI) and videos (ODV) have emerged as transformative tools across diverse domains such as entertainment, edu-
cation, healthcare, gaming, and immersive training simulations, offering unparalleled panoramic experiences by capturing
a full 360° field of view that empowers users to freely navigate and interact with content in a highly engaging manner, rede-
fining user interaction by simulating real-world environments and providing a sense of presence that conventional 2D media
cannot replicate. However, the inherent challenges of ODI and ODV, including spherical distortions arising from various
projection techniques, uneven viewpoint distributions due to user-controlled perspectives, and the pressing need for real-

time processing to maintain seamless immersion, pose significant obstacles for traditional saliency detection methods,
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which are typically designed for planar 2D content and often struggle to handle the spatial and temporal complexities unique
to VR environments, making saliency detection—aimed at identifying regions of interest that attract human attention—even
more critical in VR settings where users can explore content from any angle, necessitating models that can predict attention
across an entire spherical field. This survey provides an in-depth and comprehensive review of the latest developments in
saliency detection for VR 360° content, spanning a wide spectrum of approaches from traditional machine learning tech-
niques rooted in handcrafted features to cutting-edge deep learning methodologies, including convolutional neural networks
(CNNs) , Transformers for capturing global dependencies, and long short-term memory (LSTM) architectures tailored for
temporal dynamics in video sequences, beginning with an outline of the fundamental principles underpinning VR 360° con-

tent, delving into intricate imaging mechanisms, geometric properties of spherical data representations, and distinct char-

acteristics—such as boundary discontinuities and projection-induced artifacts—that set it apart from conventional 2D
images and videos, thereby necessitating specialized approaches for effective saliency modeling. The survey systematically
categorizes existing methods into key thematic areas: adaptations of traditional feature-based techniques relying on low-
level cues like color, contrast, and texture; advanced deep learning architectures designed for robust feature extraction
under spherical constraints; multi-projection domain modeling addressing challenges of different projection formats such as
equirectangular, cubic, and spherical projections; and multimodal fusion strategies integrating diverse data sources includ-
ing visual, auditory, and depth information to enhance prediction accuracy, noting that traditional methods, while compu-
tationally efficient and straightforward, often fall short in addressing spherical distortions and spatial discontinuities, as
seen in early approaches like superpixel-based segmentation struggling with boundary effects and color dictionary sparse
representation lacking adaptability to dynamic VR content, whereas deep learning methods have revolutionized the field by
enabling end-to-end learning and delivering superior performance in handling dynamic viewpoints and multimodal data,
with notable examples including CNN-based models like SalGCN leveraging spherical graph convolutions to mitigate projec-
tion distortions, Transformer-based frameworks such as SalViT360 excelling in capturing long-range dependencies across
360° videos by modeling global context, and LSTM architectures like HiBayes-LSTM enhancing temporal modeling for
scanpath prediction by integrating user behavior data for higher precision. A ecritical component of this review is the
detailed examination of available datasets and evaluation metrics pivotal for benchmarking and advancing research, summa-
rizing prominent datasets for ODI and ODV saliency detection such as Salient360! with extensive head and eye-tracking
annotations, HTRO focusing on diverse VR scenarios, and PAVSI0K, a large-scale dataset for panoramic video saliency,
highlighting their scale, annotation types like fixation maps and scanpaths, and applicability to tasks like saliency predic-
tion (SP) and salient object detection (SOD), alongside an in-depth analysis of evaluation metrics including Pearson Corre-
lation Coefficient (CC) for saliency map similarity, Normalized Scanpath Saliency (NSS) for gaze alignment, Kullback-
Leibler Divergence (KLD) for divergence measurement, precision-recall-based F-measure, error metrics like Mean Abso-
lute Error (MAE) , and structural similarity metrics such as S-measure and E-measure, discussing their effectiveness in
VR contexts and the need for adaptations to address 360°-specific challenges like distortion at poles in equirectangular pro-
jections, with comparative analyses revealing that deep learning approaches, particularly those incorporating multimodal
fusion and advanced projections, consistently outperform traditional methods, achieving higher scores on key metrics like
Area Under Curve (AUC) and CC. Furthermore, we explore a wide array of practical applications of saliency detection in
VR across critical areas such as image and video quality assessment, adaptive compression for bandwidth optimization, and
virtual cinematography for automated content creation, where saliency-guided models like SG360BIQA enhance quality pre-
diction accuracy by prioritizing user-attended regions to align objective metrics with subjective experience, techniques like
RoSal360 optimize bitrate allocation by assigning higher resources to salient areas based on saliency maps for improved
transmission efficiency in resource-constrained VR systems, and attention-driven deep reinforcement learning models simu-
late human gaze patterns for smoother, intuitive VR experiences by guiding camera movements-in virtual cinematography ,
underscoring the transformative potential of saliency detection in optimizing VR systems and elevating user immersion
across use cases from immersive storytelling to teleconferencing. Despite remarkable progress, numerous challenges per-
sist, including handling geometric distortions inherent in spherical representations, ensuring real-time processing to meet

stringent latency requirements of VR applications, and addressing the scarcity of unified multimodal datasets integrating
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visual, auditory, and interaction data for holistic modeling, prompting future research directions like expanding multi-
modal integration with depth cues and real-time user interaction data for context-aware models, developing lightweight and
unsupervised learning frameworks to reduce computational overhead while maintaining accuracy, and establishing large-
scale, standardized benchmarks for reproducible research and innovation, while emerging techniques such as transfer
learning for cross-domain adaptation, contrastive learning for feature discrimination, and data augmentation tailored to
spherical geometries could enhance model generalizability and tackle data limitations in this nascent field. In summary,
this survey contributes a thorough, detailed analysis of saliency detection for VR 360" content, bridging the gap between
traditional heuristic-based methodologies and modern deep learning approaches leveraging computational power and data-
driven insights, offering comprehensive insights into their practical deployment in real-world VR applications, critically
addressing current limitations like dataset scarcity and computational constraints, and exploring emerging trends such as
multimodal fusion and unsupervised learning to pave the way for future advancements, aiming to drive VR technology
toward more efficient, immersive, and user-centric applications that transform how we interact with digital environments
and shape the future of immersive media and human-computer interaction. The algorithms and datasets mentioned in this
article have been summarized athttps : //github. com/jiacongyu/PVSD.

Key words: Virtual reality; Panoramic saliency prediction; Panoramic salient object detection; Deep learning; Visual

L |
KA 52 (VR) AR 2 — o aof 360° 42 5L 1% e
P S LR , B LG I , A 1 -

BF ARG GBI N 382 SIEE0F 1 n i 4 mess i S BN A b
T R ANTA], VR360° 4 5 PRI Y 1A 2 LB T B2 T2 Al

REW, AL T U YRR (H I R Fig. 1 Saliency Prediction and Salient Object Detection in 2D
fj]?&m_,ﬁ] 4] #ﬂjglriﬁl%ﬂé Tﬁﬁ%"ﬁ%‘iﬁi E,(J;HE . Scenes and Panoramic Environments

attention mechanism; Immersive experience

0 35l

][l

35 PEREI (Saliency Detection, SD ) 24 A2
BETE AL A TR AR, B U R b
T EE Y X R AL AR 2 P T (Saliency
Prediction, SP) 1 i & ¥£ H 5 4 I (Salient Object
Detection, SOD) W4~ 3= 5[]« /il & FUI 4 40 55 49
Aii Jm F R AN S A A SR B A T
(Scanpath Prediction) £ Ay {3 P4 $50 I fr) S22 fift , 50
NI EIGI i ) e EABat . ani&l 1 s, 7
AR (5 1 A5) R 2D 375 (5 247) b, AR 7 vk
SIS [R) AR b 5 T A o AR 2R 43 A (5]

7 AR O 9 DX, T b 3 1k s I e B —{A
A3 FHERD A B 58 1) i 5 AR G

VR360° 4 37 PRI A 1 38 P AG 0 i s % 5 1%
e ER AR R PR . ZAT S /RGP 3
SHLAT Ry AN AR B R | s (8] 3 S PR AT
AR AR ORI T, E ORI VR Y
FEHIVE RS T TP A (Y OGS ), A AR

JR TG, (AT A7 A 4 S W 72 b 38 PR e R0 R e 7
RN A8 T T, B A1 R ) 2k R A e AR e e
PR 25 A 30 T U R R R 2D PR B R 1) I
I : Wang 55 A (2021) P27 2] 3 X055 £ BE 3 B 1
2D FREE T IR 2R ) W VRGO O k5 A ifg e AR N
(2022) 45 1 b 2P HARAS I A4 A 5% AR 0 FH 4
Il 5 28 % 4 N (2022 ) I\ T 7k RVECHE 42 %5 ) BE AT
TR PRI R R BUAR ;TR N (2019) [ T VR
e 2 R RS T A 55 1808 TE 7 15 5 Buzzelli % A
(2020) 50 HF T 4 BRBE i S PEAR T vk s S
T8 R . BRI, X LB ZRAR B = XA 4 5 b 3
P ARG N e R ) 4 T AL R O R VR 2 )
FEE A1 4 e

AREER RGBT 2017-2025 4F & 2 T B 141
BUBIA IS 2 B0 4 5% g MG I vk 4 o i 3
PEREIN 7 1% F AL G T TARRIE el I T BB 2 W
4% /Transformer/LSTM 244 | Z2 552 daf A%t AL T 2245

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

ARG I 2% 2 [l B AR T IR 5 2 PR 2K
T3 AR BR T W A2 FH A0 A T A5 A Y
P55 JRy BRAE 5 A9 24 e s S MU 5 35 1 3
S, NG D A A T PP AL R 4 AL | R
SR I AR B RO s B e MBS R Rl a2
AL TC B 2 o G — Y R B Rl AR 5
7 18] JE B AR AR K

AR EEETTER AT

D ABEFEXIE GE J5 EETE VR 360° 42 5t EUR AL
VARSI b g N FHEAT ORGSR, (25 7k
SR AT S 2R FE AR A | 52 BT SR A i (BT
A P4 5 PRI ) 35K T L AR W A8 2 () A 32 4 7 T
AEAE 535 Jm R S M DAV 47l K 42 S IR B8 b (1) i 3%
PERFIE o 33X — 20T SRR B 27 ) T i i K e 4 Atk
T H RN R AN G Ty )

2)ABFFEEAIRIL T 2017 5 2025 4F ] I i 2%
> 7E 2 0 S i 2 R, O 4% 45 B A 28 I 4% (Convolu-
tional Neural Network ; CNN) . Transformer ..STM 2544
4, LA K 35K T RN ST 544 55 22 050 SR R E AT 40 2K
PPN T 3K 287 VA TR I X 4 e A | Sl A AR AR
AN ARG T A S BT B A B R Y
wi B AL T S AN T Z
A4 55 R AR £R 0 RS M T 7 5%, JF R L
TAAREAE ARV e bs BRI, it 45
VA5 BSE R R 2R, DR SR SR AR B O A A REDY-A 32
BT S RO T A AT T RO Bk
ARGy RSN 2 SN EY SR SE NP S M)
PEFTR o RN, $2 8 1 ASRBIESE Iy ), N e 23S
fl G L DA R 45— 1) R RS B v RSN 4R 55 T 1n]
XL 6] 5 TR S QUSRI fE i LB SR 1Y)
07 P I 3 T AR

ARSI HAR TSR WP 2 7R o AR SCHS 158
R T 2R BE AR A RIS 5
S 2 IR AR TS I P R AL 4t A A
W5 5 55 3 B JE A 40 1 T IR B A 8 I 4 1) 4
SR EVERI B AE B AL ST T BRI X
2% Transformer F1 LSTM 45 22 44 (R 8 ; 5F 2 45 At 2L
T NI UH 4] A ) 4 S e s B FRAE V2 )
HAE AL 5 4 TR IRV T3 T BOE A iy
AR E PRI T %, 3 A T AN R B R AR AL Y
R G YERE 50 S BT B ST RS X 42
S RGN A S AU Y S A I R S AT 1 TR

FE IFRT L TR ITIEVERE 2R 6 BART T e
ARG I AT O AT P B9 5 20 7 B AT TS AT
FEH B AEXME TR T ARR B I B 5 8 BN
EXNFHT T LIRS B4

1 EXEiE5E=HR

1.1 £xE&S5E£S0EEHTE

VR EARREM Sy P AT IR 2 0L S AR
4 SEURAATE ] VR N 25 1 22 i oy, £
it # R B Sk o A PR R IRI . R BTSSR
IR BRI 180° LA L iR ) A i, T A
ENTRS N SRS NTTE e U L U SRR /L ity
) e RS IE | 3 2 5 BUA R A2 (8] 3 B
N o AFPHEBORGE  Z AL R, FHTE
15 HE THE AR 5B ACRE 22 I A PR PF 0 3607 42 5t i
Tl o X RNERT R 7 2T 1455 N 2 4 8 L]
Fe o oG, BRIBGE S 204 RGP B AY K
THT P 78, 320 2 DX 3 A P B AR AR . R, A
TR PR B S L A Wi e, /K- £ T3k 360° , T
ELRY i 2401807 , 0 IR AR ISR . 35k 26 T Ao i
J5 S B G AT AL TR SR 2 P A T BT Y
ek

54558 2D EHURFRLIUAR ], VR TUR AR5 T
MP BB KL T BE2 . WE 4R, 42
S5 PN A o BR TP WS B A, SEBE T DR
XMFERR . F4LJER T VR 25 EIRE K
s B 3, A0 35 25 5 #32 (Equirectangular Projec-
tion, ERP) Fll 37 J7 {& 4% 5% (Cube Map Projection,
CMP) AR B T 32 B g sl 2 WA

TEME 455 R E, HTPaT B b 5% 3 Sk il ¢
B P REEAE , Bk iz s 5 IRkiE s
JER G o SAUORHE T AL E Y 2D 2 2 A TR
[ , 3607 42 5% N 2% Y Wk 2 PR ARG I o 25 5 P =k i
SNFBFE S AR AE . TP Sk iz sh & S e
A A5 3 0] v AR08 T B A, A 2 AR
PR TR LA IS (183 A o 5t T S R
DGHR A AT R A AR B R . DR, Ay
248 VR AT W Bdi i TE R 05 RO LA AL
A 103 3 P A A R 2 G AT R Y R
Ji 1]

eAh, 5 VR st 3BT, P A R AL
©

K 2RI



SRR, MIEER, fREEM, BRE, R, G5, KK
e=MuEEtEen. RIE, FESNARE

2EERSS S MREE

BREE5HRTR

EEURNEFHESERE

VR360° SEMEMA A SRR

BT ENEREEEN

BT REMZRSNSREELEN

BTRETMNSREEEEN

SRR THEEMEREN

PRI {

BIRESTET

LRERRETE

A

2R AREFE

SREREESER

B2 A3

SEEREEHLTRESSELTRE {

SRIAT ST EE SELITEE

ekt
R SFFKAREE
FREAREY

B RFRN2DERMH L
BRI HENRERT A

EASESEENMERE

RS FEY IEEEY
ETERMEIPA R

LSTMSFFEE
HFTransformer/LSTM#HEE!

M5 Transformer L { it
ETFEENMEE

AT SHBHANEY

RSB
UA R VHNEESERNS L
HERYEEBEE L

£EDERMMIET

22D EUBFRTER

SREKTEETN (5P) KBS SiEaE

LRERIFLETILN (S0D) HBLSHE
{%ﬁ#ﬂlﬁﬂié&ﬁm (sp) HE%SItaE

SRMNTZEEFRN (S0D) MIBESMEE

Fig. 2 The Structure of This Article

K3 iRk T AT
Fig. 3 The city viewed through a fisheye lens

S Sk B IS TR R 22 5 | A A2 BN, (o R A 1)
R T 7 A K HR 2 BRI ) o T X3, FE R i
TR 18 % T i e O i e A5, Bk 1 P AR S L
TR R R AT ) R GEE IR AL
1.2 EEMRNEAMSERRE

TEUNATSCHA , 2 AN (SD) 248 M A5 5

Fig. 4

ST

K4 FIECRIH W I

Common Projection Methods in a Panoramic Enyiron-

ment

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

AT F SRR O 5 | N5 1 0 X
TR, B BRI T 0 R e iy e 61
R SIHLE . Koch Al Ullman (1987 ) B ¥ 42 H A1 3%
T 7 P 28 0 2% VR AL RN () 25 Pk IARE A,
AU BEE T HIS SR . Tni 55 A (2002) #F— 24
FEIZE T Al AR T AR Y T i R IR A i
U - ) 320 28 5 43 AT A T S0 R Y J 2 M AG
HEZE . Harel 5 A (2006 ) £ H1 (1% 35 T & 09 WL 00 i %
M (Graph—based visual saliency, GBVS) R R U
IR AL RAE AR RIS YRGS R, B R
TR RS A e

BEAE DFICIRA | ORI 2227 3 B ) 215 2 25
PERG AL R A OF 5T . 0 Zhe 55 N (2014) 42 3 56 T
BT SRR W AL R b 5| A
T T PR A A 220 1 7 IX s PR R A O
F RO A p9 TR I v 1 3 E ARSI
FRPRE B

TREE 7 ) DG, 1035 PG T 450 ds A 155 T
VTR B A% 58 75125 2 1o i 28) i P9 50 B0 X S A 7
WE T TRPERE . Liu 98 A (2024) 45 H 1 18 58

B e 8 3 PE AR # 4% (Visual Saliency Trans-
former++ , VST++ ) 454 4] Transformer Z2 44 5 1% -G
B IOLE, SI AR AL E i HOR LG RGB 5
IS IS E 2T PN T 3 e X iRl IR R i = VA
HA AR iR I % .
SR I 2 > BERU A A% 48 2D R i 25 PE A
TR B @, BT VR 360° 45 PR 4
TET Ik 17 22 Pk BT g A S B LA 2 2 R R
PEG I Y 2 X s A e, LUK P A Al
FAE PN 55 1 rh O I G0 A5 L 1875 2D 7 i LU
A 25 R BT s g . Us
SRR SODAE 45 9], a3k 1 T #4455 2D K&
SOD A5 B Fil 4 2y 4 5t PR 531 SOD 5 AU £E 360-
SOD #dfadE b iEAT X0 e, Hor 2D B R 1 3 45
FRAE R (ERP) EBAE A o 523045 R 3R],
SRR IR B BRI T 2D AR, ik
VA PR 4 5 PR 1Y) 360° 1% S 45 1] 58 #& 1 AR J
IR R SOE B S W v e 4
BRI PO 7 16 9 A R Rt — P Al
TR E TS AN N AR R AR

®1 7E360-SOD##EE 2D 54 5 SOD ik hMERE LI
Table 1 Performance Comparison of 2D and Panoramic SOD Methods on the 360—SOD Dataset

FERR A =R/ FM 1 SM -1 Em 1 MAE |
PGNet(Xie%:,2022) 0.673 0.780 0.823 0.026
2D E{4 SOD #5i 71 02 MSCNet(Lin%,2022) 0.656 0.735 0.834 0.046
2023 BSCGNet(Feng%,2023) 0.675 0.784 0.831 0.024
2022 CSMANet(Zhang %5 ,2022) 0.833 0.873 0.924 0.016
A5 B% SOD A5 A 2023 MIDP-Net(Dai %%,2023) 0.7799 0.831 0.9101 0.022
2024 ACoNet( PRI E4E,2024) 0.7815 0.8493 0.9043 0.0181

T BT R AEARTRI Y 360-S0D MiRAE FiFA7iFAl

1.3 VR360°EZ RN A ESHA

VR 360° I 2 MR 7 12 B0 R TR Gy
TR T AL TR 22 2 0 s o (B GURHIE 7 ik
T X6 28 AL 38 S P A Rk AR A T L AT 3 o M 48 1 ek
T RRAE 2 B AL | DA 5 il 4 S R ) 4% g 2k LR 28
Vi) 4 S5 ) R 5 TR R 2 = 3 D AR o Ao 45 I 285 1)
BIRRAE 2 2 Be 7, 55 IS kG %) s ) oy b 2 PR
W o 3B AR W DL N 4 5 05 (14 3R 1 J L AT
SEFY A AR SRR, K2 A9 T VR EFIIREE T
A AL i 4028 TR aE T AR TR |

SCHEHOR I8 IR B
2 ETHRGEHENESEEERN

TEA 5 AL SE (VR) AU, 3 T4 GERe ik 1) (i
VARSI 75 1 F2 BR80T AR IE SR I R
XA RS RS L S [A] J R A SUA
RJZ L, R AL Rl 15 70 51 SR e 57 A 5
Yy i 3 X A PO IR 2] O i e G
PEAS NS0k B TR 2 BE AR B Al v i HL G

© h[E KR KL AR



SR, MiEES, WMEM, BRE, &k, BEE, KB
SEMRBE RN FE, FESNALER

®2 VRESHETHEZUEKRN (SD)EESE

Table 2 Classification of Salient Detection (SD) Algorithms in VR Panoramic Environments

e &Y 5 RHEHAR KT 55
o3 =

Fang % A (2018) ODI ABIR 2505 . 360° 21 AL A SP

(CEWIRS IEESE A (2018) ODI Zff P A B b T SOD
Cokelek % A (2021) oDV 23 () E AR R B AU AR SP

Lv %8 A (2020) ODI ] 2 0 o 4% R T e A SP

TR 22 ik Wu 5 A (2022) oDI WA AR 7R 2 RRIESGRR AR AR IS L Al SOD
Guo % A (2024) 0DV LGRS B SOD

o RIS S S D03, e s rb T A
SCHMME. ARG SR BN LR e R
F AU X« T[] 4 PR 1Y 2D R RY R U v
AT ) s R B B AR 1R T ik DA IR 1) AR
SRS T .
2.1 HEEEFEINER 2DERI KL

148 2D 5 25 P R DN AR R AE T BB LA i 450 3 A
RIS 3 0 4 5 i A I R T SR LA . 1 1)
SRR Y 2D 5 AN B Dy vk S SR LA e AR 1
[IWAIES 1S R AR N RTINS I ()
16 BC 5 T, Fang 25 A (2018 ) 18 1o #8150 #I FUERE
XF HC R AR AL S0 2D B HERE AR Y R & A
BES , 7385 N (2018) R IS T R0 SR w4 4 e
1538 22> # BE DX 405% 2 57 7 R T, AU
R PRSCAE IR AL AR . XA 5 1 AR R
H TR RGOSR (HE B 7R e IR S B T 1y
JUAa] 2R EL ), 7 4% 52 S & LAk J5 T, Lebreton %
N (2018) 42t TH R RGEAHIR TR . Z TAER
& = Fh it 5 HE 22 (BMS360 . GBVS360 #il ProSal) , H
H1 ProSal HEALIE 351 A 1507 #3730 1G 5 W& A 38 ]
ARIESC B 2D AR JO T OB S 2 B0 T iE T
SR IREE SCBLY 2D A ) Bk v 45 ) AR
KR T E AL O ILAAE T 70 R T 2D HR
(14 S 36 P, (R A Ak B 4 S R 19 28 (] 3 22 TR
JEA—ZHE T A AR A SR PR
2.2 HEESHUENEREREETFZE

T[] 4 S R I 1 D A B T O YR B 3 T XHME B
2D AR A, B T AN 360° R4 1 P A A 1 Ak
BT W PRI . X R TTIE R EI S
TN ADURI L An] 25 4 35 5 R > B R B AR R T

TEALSE SR AL 7 T, 3 T 5 227 19 vkl o ok
5T #% B €0 T HRT IIASCOL i B0 18 R 8O AL 2 3
A, AR R 2 BUR 4549 (Ling 55 ,2018) o 7E
JUAAT 235 ) X3 i 7 T, 5 T X s A K A O ook 25 [ 4%
JEE A MR A R T ARG G, T X R B il
XA B T A 2 T S PR AR (Zha 55 ,2017) o
Lo 2D ALY JR ik, R B i A O A A
T HE NS B Ab F 4 5 R A BR T 52 |, (H = R
REOBHE 48 (0 S 5 R A R B
2.3 EESESEENRERZE

KT AR W (5 S TR —
FRIE B AL FRBE T , Z RS BB 7 1 iR B T 3
R IRS B2 1 A i A . 7E 4 S MR AU, i 28 T
AR O AE TR TR EE R R AME A e 3 1 L 25 1]
JUTT 25 B . 4N Battisti 25 A (2019) 3 i 2 H %
T 5 AR Z SRR B B[R] A58, 151 AR W
KA 1 42 5 MG AT 0 2 38 D 45 ) 1L, R s 4
s i S 2 R AR AL T A 280 SRS AR T 5 o

A A Z2 B2t 2 ARSI D) 2R 8 T T A
S A P R AR JE AR T AR R R R AR I
TR 2R A W () SR 0 G TR T 5 A B Y 25
6] 75 2% 7 o AT # LA Ramenahalli %5 A (2020) fY
AVSM B Sy X3 38 40 58 A 22 2 LT e iF A 2
R4 R e -JE L SE B s A S 5 i 42—
Ab B 5 J5 75 AN Cokelek %5 A (2021) B4 3 43 H1 7 v
30 7 Mel 451 % 48] 3% 22 Klokb #5774 75 5 438 58, A2 Rl
23 [ 7 2 2 R RS I S AR R S Al . Xy
T ILHE S T A S I ARG T A B — B ) 2
BE AR P U AR
3 EFREMZMEMNESBE N

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

gl

gt ax s PRGN 77 3 A AL PR K FURIA
GRS S5 A TR AT A7 A0 8 R B , M LA AT &0
XA ARBNAEYF . AR, BT IR BE A 2 R 2% 00
PRI J5 1 SR FEBR R YRR 27 > PO B fiE
ERTE T RIS BE RIS R, RO 2 HT T ST B
Moo WS R RS T WU RE 5 #5053

1% Bt (2017-2019) | 2 5 5% fl & 5 JL AT J8& A1t 1
(2019-2022) it fb 5 2 H R G (2022-2024) %]
éﬁ%—%ﬁﬂ%%%umm@MmAﬁ%m&,
AL ST DA I R AR M B 5 45 5 P [ AR DA
A BT A3 AT 2 S AS I 2 KA R AE L DA B — LB AR
BN Z BRI G BRI, AT A 28 254
T 22 W3S Tl Ay 5 4 B IR B 2 ) O ik it AT e 2
M, 0T 45 AR 1 4 AR 5 5 R A 3

NFHAIESIeRiER FHHRIA S ARCIRE BRI SEESEE 2RH—SIERARAL
O O O @ ® ®; @
201748108 20185106 201957128 2021428 20224798 2023538 2024108 2025118
SalPan (Zhu¥, 2017) PanoSalNet (Nguyen&, 2018) DDS (Li%, 2019} ATsal { Dahou3, 2021} SAVT (Wu, 2022)  LDNet (Huang®, 2023)  1-PAV {Guo¥, 2024) CASP (Wan¥, 2025)

CP-Net (Cheng3, 2018)

CSMA-Net {Zhang, 2022)  MFFPANet (ChenZ, 2023a)

SalGAIL {XuZ, 2021a) PAVER {YunZ, 2022) SPVP360 (Li&, 2023a) 360Spred { Yang®, 2024b} ScanDTM (ZhuE, 2025b)

SalViT360-AV {Cokelek , 2025)

KI5 YHTACRIE Ty i K B ki A ) &

Fig.5 The development history and timeline of current representative methods
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Fig. 6 PanoSalNet Model (Nguyen et al. , 2018)
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Fig. 7 LDNet Model (Huang et al. , 2023)
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Fig. 8 SAVT Saliency Detection Model (Wu et al. , 2022)

3.4 ETELSHMHRE
SR 7 1 i T AR E) A 2 Y 23 [ 5
B, A R PR A B i BRI LA 728 JE A LD
23 [ ETE M AR GE AR G5 B RARE S . ek
T3 VR A5 PN R0 ik D R N A, R T A AR A
¢ 1 s A AH LA P 2 BN 2 DX R RE £
e PR 5 A I v ) P 54 T vk TR 4%

22 XU 2 ] AR R 000 AL 1] B0 38 PR A A% 0 T A
o FEZL R #EA ) T, Zhang %5 N (2024) R H £
FRUBEHBAR 2R 4350 5 2K T R SR AL 2 AL B
Sh 8 E A BRI RO S PR 5 26 T
BT 71, Zhu %5 A (2025b) A ScanDTM A B B 7
B BB R 5 | IS A TR 55, SR ORI 6 AR
) £ il 45 i o P 1 5 ) 5 SR T O R, AT AR

© h[E KR KL AR



SR, MiEES, WMEM, BRE, &k, BEE, KB
SEMRBE RN FE, FESNALER

FET B B2 A RE 1 ARG 2

HH b B A AR, 4 S A0 S0 5 G T T I o o
g S A R R, T A R G AR HE SRR (] Ao Ak B )
AR S BRI LA 2R RS G A 8. Yang %5 A
(2024b) # H1 1) 360Spred # #U R ] 3D 1] 43 125 K 45 A1
D) 28 b 3B 25 AL, 38 3ok R 5 A i TR ERP AR
Sk B2 SN R | DR R o 6 SRS RE S =W
PUHIFLG SO sh A8 10 3 B ARRORG B IR . a0 b SCpl
W IS AE 7 3 2 2 16 BT O R R 2 R Ak
)5 I Rl SR W, A 4 55 I8 2 ARG ) A 8 25 PR 1)
SO B R A T A RO R T
3.5 EFSESHENRE

ZEONME B A E T O T 437 5 i YRR
MPERE R BB R B AR . FEAE S8 2D I 35 PR AG I 45
B, E A RGB VR EE W ot 4 2 R[5 8, B i
FPETE T X R A IS N R ) o AR TAE
ALFE : Xu 5 A (2025b) $& 1 1 SOM A -Net £5 74 38 52 XL
I S 6 185 S48 5 R I 58 B 3 R ) il B i s RS
SAE 7MY 5 Yi 45 A(2025) i GL-DMNet #5271 71 FH
A7 -3 AL o) N R I A e 2 A 4 S B 4 SR -
JREB 2 REFRIE IR . X2 RS T VA A B T
WU T S B, A 4 S S S I G 403 ) 2 S
FR & REAE T EEHEIS IR, R, M
LAY R 2 e UM , i P sh 38 5 RS 5
H R AR TR PR, 4k ) T T 1) 4 LA Y
EZ BN INpRSEiy T KIS

S AT 22 MRSt 2 A A Bt P BT B T

ST F BT PR P H AR IR LS . 5 Z TR Y
"H 3 I B 4 R T SOR ] RS Al A i A%
oA T SRR B 7 X0 55 5 SRS B sl A E 43
Bl R O ik 32 R R TR A R W < Li SR A
(2023b) F| H Transformer 4= Jay @B HE # 1H bR 255 |
FZERAILE , 38 A R ) S S R 5 X
N R AHRAE LI L IE AR P38 B . P
] A G Rl 5 AT B0 Q& 9 B 7, Guo 55 A
(2024 ) 51 XoF 2451 20 4 S5 A0 - 400 i 3 =2 A A D00
FPAT 55,531 T LA ResNet-50 A0 i 2 it 5 114 5 —HE
B8R 2 I B A b B I AR AT S B
18 28 ResNet $2& B2 AN D8 FFAE | [R] B H 35 401 4 A5 gt
PEICE ARFAE ;s 5 R AE 2E I B f i i
(DPD) , it 52 A% 52 fi K AE (ERP 452 5 CMP 5% )
FVREAE SR 5 S VR RFEAL B, A B A2 B R

FRIEIEL Bl 00 -0 50 23 [R) BTG A H (A V-SAM) H¢
B AT ARAE 3 52 25 0 B R AIE 4 [H] 2R 47 o0 SRR, S8
WA SRS A5 5 U RIS, 5 4 ProtoNet 535 45 15
TEHE 0k Z2 A Bt 128 [R) 255 01 D A0 5 — 3 ) %

T AR -AILE S 5 36 S AR (AV-TAM) A= 1 S 451 20
B FEE B B A R 25 X R A A, R RIS B 3
D152 L, 2k R 3 H b HE
F 3k i o Sk S PRI A Sk 2 o ENHERD B VRS
BT S 5] 2 A L A X S X E 2 2T AL
BT R ST it B it A 1A S P A L Wan S8 A
(2025) %) CASP 52 RG] 1 b % T 7] 2% > 5 4 A
V), 38 5 3 A Al AR e AR I 1 3 I — Bk
e, G R i TP AL S SR AE P Bk
AT A A st 28 4 5 Zha 55N (2025¢) A Omni A VS #5E
T FE T ImageBind Z2BL 45 LAY | 38 1 43 )2 2 i -
PRBE il A AR 3 ) A B SCRFAE (W 3838 ) 5 7 [ 4F
TE(XLY ZA#IE ) , SEB T i as (B 4R 28 5 s i) )7
FRAE B VR BE 4 5 Cokelek %5 A (2025) ) SalViT360-
AV B DI YE BR AT Transformer 244 H 82 Bl B 7 3 ic
N BRI E 5 BERTE LIS Y 48— T b 2 s fE
KR T R B T A N RRAE K 2
T SUASH R U] - R A AR A R A 7

e k.ﬁi.._. D;'D;?D Ol

EREOEREE

| —_— \
| ‘W\‘I—~ [r——" ﬂ)‘.
O At B B SR R4 (Guo %5 ,2024)

Fig. 9 Panoramic Audio-Visual Salience Detection and Rank-

ing Framework (Guo et al. , 2024)
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Fig. 10 Architecture of the DDS model (Li et al. , 2019)
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Fig. 11 Weakly Supervised Saliency Prediction Model (Cheng
etal. , 2018)
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PN PR I RES = WAL N T E 25 Wl Ei's A=)
BARES . AT IT B S R R T ) —
JE L) Cong % A (2023) () MPFR-Net 43K 1 Z £ 5
AL N RE W, 38 3k 22 AR L] A 0 — 25 B A DR

J¥ 5 L Zou %8 A (2023) ) EPSNet AL ERY H W
B2 A, T QB AT 555l Bh Ul Gt AL R 2 2
IR HHT 360Mamba fEZE B song 25 A (2025) #
B A 5 | ACIRAS 23 AR | 38 o TL ] ST 4
JRy G SR RN [ 3 S A ML ZEOR R SAR 1
[Fi] B 52 B0 7 X R s PRI AR 1) A A5 A, AR T %
UK 0] 1 50 B AR ) AR 1
4.3 KERFEBEZHERNTE
BRIATIRAE UL 7E VR FREE T (1 0k L3RR h 4k 15
S RGO 4 S AR 1) SRR TUART 52 3 1 | e L 4t
P57 SR B AR TG ), 7 G s AR 25 P A
I SERIEK 1T PR B 2 B R LR
FARBESE . L Zhang % A (2018) # H A BR 1 26 B
2 W2 AR R 1T B RO BT A T ER B
BB R B A T . WA 12 R
TEBRTATG AT b B 7R BR T 6 b SO U i
T VT ER T e e S5 W e s BB B TR R e s
5 DX I 28 T o7 0 A AZ R AT 3 R A 45 2 LA
O] 48 5 W A5 5 R T S R A AE AN [v) R T 47 5 R A [
V2 NI S8 /K B o N L) =i Wl o | G B (ER L B U A
BORFEH AR IS B ML AR ] A T BRI
U-Net 2% , 25 & B [B] 3% 5429 R DEA 77 51 5 25 A
DU AP BT ] £ 2 25 3 T i, IR R T 3
iR 2 R B IN R B2 . RS N AR
T T BR 15 5 A TR A S MR N SR SRR SR BT
TIU B B e ala =, AR P E 8 I, Bk
1] U-Net 25 4 B[] 3% B4 5280 51 3 35 e, 5
ST I GE) T (AR R AL EA T TR Li %%
A (2023a) 1 SPVP360 B LK BR i JLAT 24 555 FH
2 H R BALEI A ALLS A, WE 13 iR i E T 25
TAFAE AL PR - 0 25 FRAE PR UBEERL (ST-SPCNN) JA
BT A )R fiE LA e G 3 52 W22 | ) s DA 2 ot
M R B [ RROE DL AR S A I 28 R B 2 2 ER
A7 45 AL A HL S 3 o) A U R ) B (CBAM) s 2S£
TR R 7R 5 W37 £ USSR (FoV ) 44 i FH P I
e ik IR A IR IR R I ER S R 1 B 0 3 5ot
(SP-ConvGRU )4 & i} [ AR A1 LA & O s A5 8 5 I
S ALl W RS FoV 45 1E , SE 42 )R- =)
A5 B S e RO . X — R TER
A7 388 7 5 1) st 28 Bk P A R 28 T I 5 T R e
HHLE T 2D B A J 7 vk, BRI B 30y 12k (0 e e
FSHE MR AR AL LS FCRE ), R A

13
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2% 2 B¢ ey L0 3K T R4 445 A8 B0 RO R ) T H
JEHATHEO

Bl 12 BREERAZ S HOEEHLE] (Zhang 57, 2018)
Fig. 12 Shared Mechanism of Spherical Caudate Nucleus
Parameters (Zhang et al. , 2018)

BRI BUAE A e UG S A I e B T DA
JUAAT AR T B %0 L Z FEAEH R B AR IF R 1 Kk e
M Jmy o FERMBARFEE ]G3 H P . —J& LA Monroy 55
A (2018) 114 SalNet360 F1 Martin %5 A (2020) A4 %
) LK T AR 1 3 ek A s BB il TE R
FLER AT el R 3K 1 U0V 10 2R, 76 0 25 2040 )2 1
HRACHE IS BR3P MR B TH 29 20% ; —
Ph Ly 28 A (2020) A AR A BR 105 5 e 40 0y i, il ad
D 4t 2 — - T AR 2R A ERP BIHR 56 45  3K0F 1]

TS AT R LA S v R S AR R e
AR VR RS U] — 3 AR T BR T R AR
AR 5550 T 9 aE AP EDUAR AL

| s
L
AT
oz d
'mw 'xamsm
Q =
[, Cnens
il 4
s .

a0 —

d .“l

@ e

'T/‘m

B 13 SPVP360 %7 (Li %%, 2023a)
Fig. 13 SPVP360 Model (Li et al. , 2023a)

5 HURESITMNIERR

5.1 iFMIERR
5.1.1  Zse i E s

A EPEFUONAT 55 75 2L T T Al Ik
. RN, IE 40 Djilali 55 A (2021) 45 i1, #% 458 2D 3F
Wraa bR TE 360° P45 T A-FEIS b M R BIR , BT LAl A5 2
FXEATRTHE I AR T B S AT A A
PN Y 2 VT AR bR

(ncce

B2 IR b A8 R F EL (Pearson Correlation Coeffi-

cient,CC) (Bravais, 1844 ) J& F T fiy & T F M (5332
T Y f 2 ) R LSS T B ) 22 [k
FHOCRRE M FE bR Bl DI FHOCSREE RS N, CC A B
Z It Ee AR E] 1, DN ROPAG i 3 A 5
RIS . CCRHEARIT .

_ cov(M.T)
ce= o(M)xo(T)

Forp, M3 R 00 ) 8 28 AT, T R OR HOSL R A
cov( M, T) 7= T 4 5. 35 1 A LS 4 JEE [ R TR 1Y
P52, o (M) 275 A6 R T0I 1) . 3% 121 1 s o 22

o (T) Frm B3 L P R e 2% A
© h[E KR KL AR
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(2) NsS

s oAk 459 W0 % 4% 1 25 B (Normalized Scanpath
Saliency, NSS) (Peters %5, 2005) F T PF-Al Fi) & 2
FERS A SRR . I — 5 Y B
P (B 007 258 DAETEILA P X1  NSS A
A AR ARG TS B S (E A XTI G 2R - o 0 R W]
BEATLX I, o B 27 8 B X 7, AR A R 7 2 X6 oy G
o NSSHYHRA AT

_ gy Sy - m
NSS = 3 D, = (2)

Hor, S(a, y,) 2 B ETRE S FE5E @ A B30 S
(2, y ) AR R A s, 2 B EPER S B93ME o, 2
VR S BURRIEZE N R B SRS Y A
(3) KLD

KLD (KL-Divergence) (Kullback HI Leibler,
1951) JH T4 122 P MR8 00 A Z (B Y 26 570 TE R 3
PEASIN b, T g G 3 R A R oA 3 TR S Ak AR
P R, RN E R MR E L A, I
KLD {E8 /)N, 22 B W 3 BBz 30, Sk Mg ik . KLD
95 o= R/ W1

KLD = iZ?Sj (P, 1og5 + Q. 1og5) (3)
2 =0 Q; Q

Horpr, PR Q43 B IH — Ak 5 i TN & 2 1] 5 ko
2 R A A, @ A UM Y I 0 31 255, AR
RIKEAE G

1E 1 Djilali % A (2021) fir it , 7% 48 KLD 3543
o AR, T BB A — Ak S BERA  Thi AE
360° 4= 5 37 55 v PR A S AR T [] Bs) R 224 DX, T
H— At B 2B e B A A PR LS L, 3
RUFM (1 &35 5 S PR A T R DE RS . PR AR
B T R TFASSFB B RS KLD g X, Lk i 360°
Ryt

KLD(q.// p) =2 4, IO%% @

Horr g, FRESELAATE | MEEGERIAR,
i FOR B A RS | MR R B ER , N FR
TERL S oA B R R 3R B
(4) SIM

AHARLBE £ 4 (SIMilarity measure , SIM) (Judd 45,
2012) Ry P 5 2 B S AR T A O 3 — A2 3
A HEAT A, A TR R 8 sz I A A8 ) T 02
SIM (AN

SIM(S,G) = > min(S,G,) (5)
Horp, S Ron T (Y B RE I, 6 Ro8 BRI 1Y 12
ERE LS FRON T 3 R RS MR R E N
BEEME, G FRRELBEERES i MEENE
1) dob 2 A

(5)ROC [IZ M ROC i F L (AUC)

7 5 A I 45, B TR T R AR R AR
)8 TS ZAH 258 . LIRS (TPR) 48 IE
BT A S PR3 A BH PR SR (FPR) T 48 B 1
PSSR WA W B, 2% TPR 5 FPR
1) oC R MER, B ROC 4R, 1 il £ 3 B Ji A 750 %)
2 A BE ST L 1 AUC (Judd %5, 2012) 17 M i%
MR F T AR, B R T T 1, W B Bk M e
Wtk F . FPRS TPRIIHE =T .

TP

TRP = TP+ FN (6)
FP

FPR = P TN (7)

Horpr, TPR 7R B IE R R0 12 25 s A3, FPR
FORA RV RN B3 S RO, TP 3R IR U
3 AR REUR , FN FR AR 2 58
bR & R R R B, FP FoR iR B3 ST
SCRERBCE TN Fos IEF U5 SRR B .
h T AEA [RVEE o3 A 254 T RS AR S AL L 2
BT T Z R AUCHEAR Y G AR, 32 B4 45
AUC-Judd (Judd %5, 2012) 1 AUC-Borji (Borji ¥ ,
2012)%:,
5.1.2 AR REME R PRSI bR

(1)PR ik

i 25 - 1123 (PR) 2R T I (B 4138 7 =X
AP, 25 ARG I 5 SR ARG B 8- 4 [l R 4 23 )
AR P BB , DT i Ak L B — i A B Sy 4 Ty 4 Bk
VEREHL A, LA 1ol Rl a3 g, r L2
il A - TRt 2 (PR k) | i 2 8 B 5 i
A BT7 UL SE PR RE RS
(2) F-measure

F-measure (Achanta 45 , 2009 ) /&5 i 2% (PR) il
A 18 (RE) S AL A S48, F T PO F0 2%
P HERA SR AN SE 48 ME . F-measure {HER K , £/R 1T
ARG I B () SR B
(3) MAE

-2 4 % 15 25 (MAE) (Perazzi 55 ,2012) 1] Fi 4%

15
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FET IS AT, M TR 5 AT {3
MAE {E BN, 2755 i 25 VAN S0 O ROR B
(4) S-measure

S-measure (Fan %5 ,2017) j& —fP 25 & P 4514
FARLPE B2 B AR AR, HT T P4l T 25 1 151 5 LS A
TEAE S [R] S5 M FT8 B2 A b — Bt AR bR
Gy [0, 1], BUE B, FoR it b, W
FVER S ELAH EBAHAL
(5) E-measure

45 XT 55 ¥ 5 (E-measure ) (Fan %5, 2018) 18 i3
B R R R A GRS E T 5 —HEZE N,
PIARHUEMR gt it B0l FVSR 2R R VC B 405, (A s
LT

5.2 £EEGEEMERNSEE SR

b R 360° 58P Y K , 360° 4= 5 KIZ A1
A AR B A% H a5 A, 3R 3 EE T H T2 5 A
155 35 A I Ay 5 T HOH R 4R |, 4 i IR S 2 PR T
(SP) &5 4f 453 10 7 WA 5 1) 3k 3 AR 42 s #L
Wb, BGOR IR T L SE 448, 43 HE 3 M\ 4096X2048 £
24,028x12,014 N4 ML 2 F , 35 1% H bR A6 I
(SOD) %4 4 (U1 360-SSOD) £ 7% T £ 355, 4 /il
SEIB BT, 43 BERE BN 1024x1024 8K AN 55
HorfrSalient360! Fk PRI N R 127, AT
W A 2R A AR R M R ARG S 2 T G ) K £ 1
R

®3 =xEGEZEWN(SD)HIEE

Table 3 Panoramic Image Saliency Detection (SD) Dataset

s agE () LRER &Sl APER(BR) i 55
SaliencyVR 22 L R E B THRHLA K / Sp
Salient!360 98 S5 NSt 8] R EE 5376x2688 ~ 18332x9166 Sp
AOT 600 S HRHIE ELHN 4,000 x 2,000 ~ 24,028 x 12,014 SP
HTRO 1080 kiRiz ah HAHAR 8,000 x 4,000 SpP
360-SOD 500 o RSk 1024 x 1024 SOD
360-SSOD 1,105 TG BERAIEE 1024 x 1024 SOD
F-360iSOD 107 i &2 ) NSRS EE 2048 x 1024 SOD
ODI-SOD 6,263 C EERR SR 2K ~ 8K SOD
5.2.1 S RGP T (SP) #5445 5 1k g VR PR EE b 3 PR 100 48 {1 7B AL 7 %2 . Sui FA

Saliency VR % #& 4E (Sitzmann %5 ,2018)ic 5% T
Z: 5T WF 22 KL AR A 5 R I Y Sk R AR AR
BRI A T 2 MR S B A [
FHEER (3l 37 /A ) s 1 (S 3 X o T
) o TR SRR IR 356 B E AR R A5

P4 245 T AL P AU AL A AE Saliency VR
Bl FryrERER L. BT KLD S 3P4 55 , Zhu
S YNCIPRE L EE SR A S TRUE £/ PNES
[l B Z ML L S IR SE HTAR B4 e R AR R 3
T T UM ER . Chao 48 A (2020b) {37 51 5
=, H Multi-FoV SIS AT LI RSB 2K RE 4% KG i 47l
33607 G 1Y Z 00 A 4075, A AU T 5 LS o3
fito XufE A (2021a) #4455 =, il it GAILHLHE CC
febr bR R AF & %P, A, Sitzmann 5 A
(2018) FIHESLRE 5 1 Sk &R iz shae it M iie ,

(2023 )4 TR I JR 0] J AT 55 BR 17 2 FHU 28 19 245 AH
i NR S B T A, LA R,
gAML RN 2200 A 15 B Rl SR w2
T4 55 PRG035 SO ASE A P e ) o A Ji Tl

Salient360! (4 £ (Rai %5, 2017) J& 4 ICME
2017 [R5 FETF AN o 2B 45 2o ad Rt i
BNUAS AL FH T 1Ak T 99 10 % A% e o 35 T i) T 2L
A1, R 55 SR AR B2 s B o B R AN SR T 98
ASVR &5t EME B T IR B E AT o Z 8 E
LM FEBUE AR AR I TR
GRS

& ST ASTR) Sk 35 70 U 455 7 7 Salient360!
BmsE Az gl B AR VE B I 25 JUAR IRl R4k
PETF . i A ERE R AL 5 B RL L HE Zha 55 A

(2025a) . Martin 2= A (2020) \Zlgnq%l%/\(ZOZM NS

SE ISP T Ee]
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K4 ARBZEMETN(SP)EE 1 Saliency VR ##E&E FHIMEEERTEE
Table 4 Performance Comparison of Different Saliency Prediction (SP) Models on the Saliency VR Dataset

&3l B KLD | cc NSS 1 AUC 1 TR
2018 Sitzmann 4 A (2018) / 0.49 / / 1RSI+ IRIE 2]
Chen % A (2020) / 0.51 / / ERP+CMP #5%
2020 Chao %5 A (2020b) 0.433 0.507 1.551 0.83 ERP 5
2021 Xu ¥ A (2021a) 0.454 0.603 1.042 0.772 ERP %352
2023 Sui§E A (2023) 0.609 0.521 0.958 0.767 ERP#5¢
2025 Zhu%5 \(2025a) 0.424 0.569 1.893 0.827 Transformer %24

L PR SR R e LR, R IR A (E

x5 ARBZEMETN (SP)REUFE Salient360! H#EE LHIIEREXTEL
Table 5 Performance Comparison of Different Saliency Prediction (SP) Models on the Salient360! Dataset

Fy RS KLD | cct NSS 1 AUC 1 BERURE
Lv 4§ A(2020) 0.428 0.589 0.945 0.736 BRI
Chen % A (2020) 0.402 0.661 0.975 0.746 ERP+CMP 5%
2020 Martin %5 A (2020) 0.4411 0.7212 3.0309 0.9624 BRI
Chao 5§ A (2020b) 0.363 0.662 0.978 0.747 ERP 5%
Dai % A (2020) 0.317 0.686 0.983 0.748 ERP+CMP 5
Xu%F A (2021a) 0.366 0.757 0.893 0.708 ERP#:5
2021 Yang % A (2021) / 0.824 1.753 0.845 LSTM
Zhang %5 A (2023a) / 0.913 2.285 0.871 ERP+CMP #5
Sui5E A (2023) 0.384 0.66 1.042 0.777 ERP#5%
2023 Yamanaka 55 A (2023) 0.2464 0.7891 1.1751 0.7623 ERP#t5%
Zou % A\ (2023) 0.1125 0.7141 0.8642 0.7607 ERP+CMP 4452
5 A (2023) 0.5834 0.6683 2.9874 0.9336 Transformer 244
2024 Zhang %5 A\ (2024) / 0.9206 2.1782 0.8751 BRI AR 254
2025 Zhus A (2025a) 0.342 0.903 1.938 0.925 Transformer %24

FE L PR R R bRt LML, T IR R A (E

e 5 45 A (2023) 55 Zhang % A (2023a) . HHt, Zhu
5N (2025a) AT ALPERE R BTSSR 28 H s Martin 86 A
(2020) 4445 B 28 Ak B BR 18 DD F- 11, 76 3Rk i ok
17360 B HIGF, A8G T 52 kB ; Zhang S5 A\
(2024) % FH 2 R B 2540 i U A BR T PR Fh 56 R
S5 IR 3 R AR RS THE SR A 5 PRIDE R 45N (2023) ]
F Transformer 1) 4 Jay 455 8 07 1 22 03 8 Al HL
il 40 AR 4 SRR I 2 RO K BAK # ; Zhang 55 A
(2023a) 38 48 37 5 REE 5 5 38 N T8 i 26 R AR
BRI A E AT A SR LA R SE e 56, T et 5 CHR
WAr A . BRI AE R , ERP+CMP YR 7 S 4E

NSS HIAUC 4546 b L R — ERP #5652 , (3L T Al
A Z AU (5 B DR s BRI R P R v
J5 #1) 2023-2024 4F- 8 1 51k $] SOTA 7K, e e 735k
T4 PR A5 A8 I 45 S R 1) 0 3 dE . BEF Trans-
former Z2 F4 1) 154 U 11 7E Z2 T4 b - i B 1S 10 S
Al 2T A T 2 LA e Ak PR 4 S U B 4 R
P VRN ISP N DS <E - I e 3 ]
DA 4 S Gy e v IR 8 TR 2 I 24 484 5 58 L 45
INHRES B AR B N G SR F ST B T IR SR
AOT B 4 (Xu 55, 2021) £0 15 30 44 2 5 # &}

600 5K 42 57 [ 8 14 Sk AR AR Bl B 4l , HC R RS e
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TR B2 2] b 2 PR WO BRI 2R PR L T SR R AEA
IR R G Hre R T NFEUE 45t U Y
iz S, A 1T H O 4F (FCB) A 2 [A]
W 2 ARRL T

HTRO 3045 £ (Yang %5 ,2021) i 5% T 20 £ 5212,
HAE L EoR 2 1,080 5K 8K 45 HUIR 4 5
R IEAT F W B ™ 42 19 21, 600 4% 58 3 3k R
W o EE AR RN N 75 22 R T ik 2 A T )
e EEF M s ma s T A
YEAEIAT R G AR LT R 2 S EIR
5 2 1 AT R DX 8l L 461 i < A A, LSk A% 3 DA

ZEA KT ) R O s B ) S . X s g
A 4 i 2 M RN I U ATE 5 F 4t T IR S
(RWE 30
5.2.2 LU W E M ARG (SOD) #idE £ 5
PERE

360-SOD % #i 4 (Li %, 2019) & 1 1> 360° 4 5
5 250 B AR DR 4 |, 7% 500 7 43 B
TR s RIR, W 2 R E NIRRT
PRI SCEUR RN R E AR . 2B R S
Hrigm 7 NEUFE 2 5 BRI SRR e R L
KR S5 AN 2 E b o

®6 AEZEMEREN(SOD)REE 360-SOD HiiEsE EHIIEREX LE
Table 6 Performance Comparison of Different Salient Object Detection (SOD) Models on the 360-SOD Dataset

A Bk FM 1 sm 1 Em 1 MAE | PR
2022 CSMANet(Zhang %5 ,2022) 0.833 0.873 0.924 0.016 ERP+CMP %5
MIDP-Net(Dai % ,2023) 0.7799 0.831 0.9101 0.022 CNN
MPFRNet (Cong % ,2023) 0.682 0.788 0.815 0.019 ERP+CMP #%5%
2023 DTAFormer(Zhao % ,2023) 0.7742 0.8493 0.9071 0.0174 Transformer %44
LDNet(Huang %% ,2023) 0.617 0.768 0.858 0.029 CNN
MFFPANet( Chen %5 ,2023a) 0.682 0.788 0.815 0.019 EZi 8
2024 ACoNet( PRI 4F,2024) 0.7815 0.8493 0.9043 0.018 ERP 5%
CPNet(Wen %,2025) 0.8 0.862 0.925 0.018 ERP #%52
2025 DPNet (PRI 845 ,2025) 0.7884 0.8502 0.9103 0.019 ERP 5%
360Mamba(song %5 ,2025) 0.829 0.886 0.929 0.015 ERP+CMP # %

T L PR SR R R e UM, T IR R A (E

F 6B T R[] S 2 M E AR R A% B AE 360-
SOD HidladE I SEIe 2 iR . 2R R AR A BT
% CSMANet, CPNet 5 360Mamba, CSMANet % ]
ER 5 57 5 R XUy 32 AT R A Bl il 3 -2 (8] 5 A
S TEASEHLNT 55 P Rl 435 19 AR R I 4 S i S
RIS 41 LAAT 5 CPNet 5 FH 2381 - PF2 SR w1 15 )
3% 2 | L OOL ) JER A 5 i 5 34 it AR B B o 2 U
RS, BRAS BRI AR — 20 2 K 5 360Mamba K
FH Mamba JR 7525 (8] 5 ERP/CMP SR SRl 4, {5 Bh 4>
JRi 515 Mamba B3t 55 22 ROBEER ERAE , He B AR
SR LA A A M B  EEAY J2  LDNet
BERRB PR H B T A R IR B
H ARG A e e Ak . IAFR 6 1T 00, t 3k H AR A
BT M RE B AR AR HE RS R BT (0 5 B 2 M TR
], & Fl ERP+CMP WU 4% 5% 5 51— ERP 5% i 155 5

FINZEBERC/IN, 2K Ry B AR GO 8 1 i SCH)
W, 2 R IEAE TR 2 M 45 th gk B AR, Trans-
former F11 Mamba 2244 B H B4 /0 B B om H g 2 0%
1o AT N 5 R Transformer F1 Mamba 22
Fa R A2 U8 (%) 7, Atk — 25 38 T4 o B 35 Pk B
o 0 F) M RE

HH Eb 360-SOD % 4i5 4 , 360-SSOD #i 55 1, 105 5K
m PR SRR, BE R TR . AR
T X A A9 S 10 RIS AW 450555 ) 1R
BT 360° BUR I ZHEPERAE . RIAN TR R P 0 %
PEBRTE L & R A2 E NN s 1) B3 H AR

FTHH T 360-SSOD i Hi 45 - 45t 25 M A
W28 Y S EG 25 5 . CSMANet(Zhang %5 ,2022) /3 fE
& Y, MS-SOD (Ma %%, 2020) #1 MFFPANet ( Chen %,
2023a) W FE M R 4. H7E 360-SOD K di 4 I R i —
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®7 AREEZFMBEFEN(SOD)EATE 360-SSOD & LA EREXT L
Table 7 Performance Comparison of Different Salient Object Detection (SOD) Models on the 360-SSOD Dataset

Fhy B FM 1 SMm 1 Em 1 MAE | BRI
FANet(Huang % ,2020) 0.423 0.657 0.706 0.052 ERP+CMP 5%
2020 MS-SOD(Ma %% ,2020) 0.82 0.902 0.92 0.015 CNN
2022 CSMANet(Zhang %5 ,2022) 0.661 0.784 0.859 0.028 ERP+CMP 5%
DTAFormer(Zhao % ,2023) 0.644 0.7698 0.8322 0.0261 Transformer 224
2023 LDNet(Huang % ,2023) 0.557 0.727 0.84 0.035 CNN
MFFPANet(Chen % ,2023a) 0.813 0.885 0.925 0.016 ZRTS
2024 ACoNet(PrlEE 45 ,2024) 0.6564 0.7796 0.8632 0.0288 ERP 5%
2025 CPNet(Wen % ,2025) 0.474 0.666 0.723 0.052 ERPH

T R AR B PR i LM, T I F R AL

I AEAETE A Y 360-SSOD Bl S, — & 74y
BT Z B BOE CHER 5 OLS T AME ., P At B %
$E Tt MS-SOD R 43 Hr BeHE 42, 5l 3 3k %F 5 it
S PR HE £ SN AR 10 W 22 37, T G IR AR
AT EA RS A0 ARSI, el S5 5 LA IE 5
MFFPANet i i 2 2% B AMFIERLG (DCFF )X iR 9%
TS B A R 2 a) -3 38 S A AR, [ O L 5
RGB FAE , & B i i X 2 RE FHIE R 4 (PMFA) i%

GemhG bR S0 RTHE A 5T A R HARSE Bk
FHGAGEE . & BIMESS i 5 2 B B AMA
B, A4 s i v B AR B At T R A A i v 8]
F-360iSOD (Zhang %, 2020) 2 14 >} 360° 4 5+
PR L S 491 G 08 SUAR T R BN 48 L A% 107 3K &
BRI AR K s B AR E NN R
BRI T 1,165 M WK AL 720208010, 8
SRR AT S s A T R B

x8 AREZEM BN (SOD)EATE F-360iSOD HEE L MEREXTLE
Table 8 Performance Comparison of Different Salient Object Detection (SOD) Models on the F-360iSOD Dataset

SR Bk FM 1 sm 1 Em 1 MAE | HRERVRF
2019 DDS(Li%,2019) 0.325 0.612 0.7 0.057 ERP 5
2020 FANet(Huang %% ,2020) 0.381 0.587 0.747 0.061 ERP+CMP %5

MIDP-Net(Dai % ,2023) 0.4099 0.6657 0.7705 0.0463 CNN
2023 MPFRNet(Cong % ,2023) 0.813 0.885 0.925 0.016 ERP+CMP #5%
DTAFormer(Zhao %5 ,2023) 0.8322 0.7664 0.7295 0.0361 Transformer %244
2025 CPNet(Wen %,2025) 0.382 0.651 0.729 0.051 ERP#5¢

T ML PR R BER bR e LML, T IR R A (E

8 JBIN T AN[F) b 2 M B A A i B A AE F-
360iSOD K4 iz 745 % . DTAFormer PERESR
PR, R FLATAIL I AE F-360iSOD 4 4 A 52 il
ik SUbR T HP AR LATE 2 B0 E , T UMbl B T AR AR )
S B 3 W iR 535 s MIDP-Net £ MPFRNet
RN, R ZFTE360-SOD Fidli 4 I R —
J% L BT [R5 W 72 A 5 1 F-360iSOD Bdls 46 v L 3843
KT h%- 5 A A S 28 T ki &1
Yo, vefe & 2 7. Ho, MIDP-Net it it 2 )2 4F

TEASH (ML) 3 Al RUBE T8 S, 185 B WG B B A i
(TPD) BX & i & 5 10 5 PE LR R, 2 BURS i 4 %1 5
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Table 9 Saliency Detection (SD) Dataset for Panoramic Videos
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Table 10 Results of the Saliency Prediction (SP) Model for Panoramic Video Operation
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Table 11 Operating Results of the Panoramic Video Salient Object Detection (SOD) Model
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