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Abstract: With the rapid development and widespread adoption of virtual reality (VR) , 360° omnidirectional image
(ODI) and omnidirectional video (ODV) have become important media for entertainment, education, healthcare, gaming,
and immersive training. By capturing a full 360° field of view, they enable users to navigate and interact with content
freely, offering a sense of presence that conventional 2D media cannot provide. However, ODI and ODV data also intro-
duce distinctive challenges, including spherical distortion caused by projection methods, uneven viewpoint distributions
arising from user-controlled perspectives, and strict real-time processing requirements needed to preserve immersion.
These characteristics make saliency detection—the task of identifying regions that attract human attention—particularly

important in VR environments, while also rendering traditional 2D saliency models inadequate for full-sphere attention pre-
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diction. This survey provides a comprehensive review of recent advances in saliency detection for VR 360° content, span-
ning traditional feature-based methods and modern deep-learning approaches, including convolutional neural network
(CNN), Transformers for long-range dependency modeling, and long short-term memory (LSTM) networks for temporal
modeling in video. The survey begins by outlining the fundamental principles of VR 360° content, including imaging
mechanisms, geometric properties of spherical representations, and key characteristics such as boundary discontinuity and
projection-induced artifacts that distinguish it from conventional 2D imagery and necessitate specialized saliency models.
Existing methods are then organized into several major categories: traditional handcrafted approaches based on low-level
cues such as color, contrast, and texture; advanced deep architectures designed to learn robust features under spherical
constraints; multi-projection modeling strategies for equirectangular, cubemap, and spherical domains; and multimodal
fusion methods that integrate visual, auditory, and depth information. Traditional methods are computationally efficient
and conceptually simple, but they often struggle with spherical distortion and spatial discontinuity. For example, early
superpixel-based segmentation methods are sensitive to boundary effects, and color-dictionary sparse-representation
approaches do not adapt well to dynamic VR content. In contrast, deep-learning methods have transformed the field by
enabling end-to-end optimization and better handling of dynamic viewpoints and multimodal information. Representative
examples include CNN-based models such as SalGCN, which use spherical graph convolution to mitigate projection distor-
tion; Transformer-based models such as SalViT360, which capture global dependencies in 360° video effectively; and
LSTM-based models such as HiBayes-LSTM, which improve temporal modeling for scanpath prediction by incorporating
user-behavior cues. A major part of this survey is devoted to datasets and evaluation metrics. We review prominent ODI
and ODV saliency datasets, including Salient360! , HTRO, and PAVS10K, and summarize their scale, annotation types
(such as fixation maps and scanpaths) , and applicability to tasks including saliency prediction and salient-object detec-
tion. We also analyze commonly used metrics, including Pearson correlation coefficient (CC) , normalized scanpath
saliency (NSS) , Kullback—Leibler divergence (KLD) , F-measure, mean absolute error (MAE) , S-measure, and E-
measure, discussing both their usefulness and their limitations in the presence of 360°-specific distortions, especially near
the poles in equirectangular projection. Comparative studies indicate that deep-learning methods, particularly those using
multimodal fusion and advanced projection strategies, consistently outperform traditional approaches on key indicators such
as AUC and CC. The survey further examines practical applications of saliency detection in VR, including image and video
quality assessment, adaptive compression for bandwidth optimization, and virtual cinematography. In quality assessment,
saliency-guided models such as SG360BIQA improve prediction accuracy by emphasizing user-attended regions and
thereby aligning objective metrics more closely with subjective experience. In compression, approaches such as RoSal360
allocate more bitrate to salient regions to improve transmission efficiency in resource-constrained VR systems. In virtual
cinematography, attention-driven deep reinforcement learning models simulate human gaze patterns to support smoother
and more intuitive camera control. These examples highlight the broader importance of saliency detection in optimizing VR
systems and improving user immersion across applications from immersive storytelling to teleconferencing. Despite this
progress, substantial challenges remain, including geometric distortion in spherical representations, the need for real-time
processing under strict latency constraints, and the scarcity of unified multimodal datasets that combine visual, auditory,
and interaction signals. Future work should therefore explore richer multimodal integration, lightweight and unsupervised
learning frameworks, and large-scale standardized benchmarks. Emerging directions such as transfer learning for cross-
domain adaptation, contrastive learning for more discriminative representations, and spherical-geometry-aware data aug-
mentation may also help improve generalization and alleviate data scarcity. In summary, this survey offers a detailed analy-
sis of saliency detection for VR 360° content, bridging traditional heuristic methods and modern data-driven approaches.
By reviewing algorithms, datasets, evaluation metrics, applications, and open challenges, it aims to support future
advances toward more efficient, immersive, and user-centered VR systems. The algorithms and datasets discussed in this
article have been summarized at https://github.com/jiacongyu/PVSD.

Key words: virtual reality (VR) ; panoramic saliency prediction; panoramic salient object detection; deep learning;

visual attention mechanism ; immersive experience
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Fig. 1 Saliency prediction and salient object detection in 2D
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Fig. 2 The structure of ours
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Fig. 4 Common projection methods in a panoramic environment
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Table 1 Performance comparison of 2D and panoramic SOD methods on the 360-SOD dataset

Tk A ERFS FM 1 SM 1 Em 1 MAE |

2022 PGNet(Xie %,2022) 0.673 0 0.780 0 0.8230 0.026 0

2D % SOD 55 2022 MSCNet(Lin % ,2022) 0.656 0 0.7350 0.834 0 0.046 0
2023 BSCGNet(Feng % ,2023) 0.6750 0.784 0 0.8310 0.024 0

2022 CSMANet(Zhang %:,2022) 0.8330 0.873 0 0.9240 0.016 0

FLES SOD Al 2023 MIDP-Net(Dai %5 ,2023) 0.779 9 0.8310 0.910 1 0.0220
2024 ACoNet( I 45 ,2024) 0.7815 0.849 3 0.904 3 0.018 1

N RN E MR B | PR LA . PGNet(pyramid grafting network ) ; MSCNet (multi-scale context network ) ; BSCG-

Net (boundary-semantic collaborative guidance network ) ; CSMANet (channel-spatial mutual attention network ) ; MIDP-Net (multi-scale

interaction and densely-connected prediction network ) ; ACoNet(adjacent coordination network ) ; Fm 4 F-measure ; Em k38 58 % 5% &

H (E-measure ) ; Sm "} S-measure
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Table 2 Classification of salient detection (SD) algorithms in VR panoramic environments
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Fig.5 The development history and timeline of current representative methods
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e Al o WU N SR X (EOL N = b B Ok o
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PR R A A SRy 38 DA AT VA — A L SRR S
PO 5 P i S 45 ARUZORE R 2 B R R A P LR R
1o T PR R IR 5 B e T SE B B A, i o s

' ERE

i 22 11 TEHIL 1) 3 10K 25 R 15 52 P 45 U R 1 2 25 AL
THERBOE R MW . X — B AR 1 28 AR AE 4
WO U IE A LA & o Tliba %5 A (2021) R
FHXUAS 52w | [A] B 4b BE ERP 1 CMP(cube map pro-
jection) A% X IF 38 8 i AURE 2R 43 A5 @l A TR0 25 2R
HH P35 R T 05 A0S0 35 P A 00 T o 3 7 322
Sz S BN AE 7 , 8 5 5 1A ST ST B Y R R
RN Xof 4 5 PR 1) I s AL RE 7, Ay Ji 65 iy 39 i
JEE 2] TR R R BEE T MBI

' Rz @ SRR B2 — 2 @ RERZE @ R

6 PanoSalNet f%7 (Nguyen 55 ,2018)
Fig. 6 PanoSalNet model (Nguyen et al. ,2018)
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42D WEMER MG R T FE RN AR, X
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2025a) 1E 2 B BOHE A Bl 28R 5 B RAFAIE . 1K 28
TAESAIE T CNN 7EAR 2 R 5 WA 25 AL 55 v
A P, Sy AR A SR EE T iy i B it 1
Z%,

T4 S AU, BIF 50 B AT SRR T I 23 A
ELRA R . AR T AE 4 STDMMF-Net (spatial-

temporal dual-mode mixed flow network) (Chen £ ,

2023 ) 2R FIXUR 2R AL , 255 CNN AL A3 it 2 B A 2=
] R7 AR 55 A OIGWE F i A 3 s R A, 558 o TLA
(inter-layer attention module ) fl BMA (bi-modal atten-
tion module) BEHRFl & ZBLEME B o X EITE
ATE TR CNN A 2 ] 22 2] (L3855 6 3 B9 o Bl 4
PERETT , 52 B A S LI v 1) 65 A A 5 R AGE I
G55 AH P, 455t TR 45 8 28 A 0 ) O SR Bk A

TE TR PRBE UM M2 A5 RS .
P YTETINEEL W RESE % NPl ROV S kAN 2 )
FARFAE LA A IS DR IR A IE o JUAAr Ry k38 1
BRI (Sui 55, 2023) SF B E RAE G & TR IR,
HEAE MR AMERGE RS . Horb 8 7 s,
Huang % A (2023) 4 i %2 it ft LDNet (lightweight
distortion-aware network) #& 7! R F] ResNet-18
(residual network ) A B -2 , k4 8 T Z2 2041 i
Ab PR AR < A A SR R e g I TRUZ W)
AARIURHIE B 5 1E A LD-ResNet-18 - W% )5
P2 3 A AU e Lt RO R AT B s R
(depthwise separable distortion-aware convolution,
DDSConv ) 5 AT AR FAAE I ; SR8 5 MR 22t 1L ith
JB A 38 B B9 58 (distortion-aware channel enhance-
ment, DCE) B HL UG AL 38 38 A OGP %5 £ Il 540 (5
DDSConv , b RAE 5 BRERZE 45 ) 528 22 RUBERil& DL &
i B B A 2% (distortion-aware self-correlation ,
DSC) 55 He i 3142 Ja) — Jay MRS O 2% 5 G 5 #H-A B)
DCE B L% B i 7 X B2 BB P IE , A &
1 x VS BRI e s R B
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( EIEIH
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[BE 5 w114 2 2
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E7 LDNet 5% (Huang %5 ,2023)
Fig. 7 LDNet Model (Huang et al. ,2023)

3.3 E-F Transformer/LSTM & EY
3.3.1 LSTM )5 gifst
A5 AN B I e AR 22 Ty 1 DA UE 8
AR ] 42 Ry I 23 B RAE R U A . R T AR
W 2D W3 R IR 9 N LSTM 2 [ 2% Kb BN
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B, e A S 25 1 TN v Yoy T 2 AL
il , SR FOBUIE 25 44 43 591 Ak 38 4 Jeg F R 3845 B s Zhang
% N (2023b) B9 CAV-Net(conditional variational auto-
encoder based audiovisual network ) & F 45 144742 43 H
ity A HE SR i i S AR SRR Rl B A RO RS 32 WL
PLPE, XSO BTE—E PR B G 1INy aE 2T
A (HAR T EATRARS I VA ML, XfE LA S ECE ) 42 )R
W25 BR A R AE . Wan 55 A (2024) £ X0 R AiE X 5% [1)
R, BT RS A ) A BK T A5 B LSTM [ 2%

188 3 R T A AR A PR R A Tl v ) AR LA
4 Jea W 22 A AR XLt Ay 5 X1 I £ R, AR B
T I 22 HOR R R B i 38 U R R SR AE B ) 0 R
o BRI, b 3R A2 07 ¥R R RE A N7 B WY 4 Jm) IS
75 JRHK Bl Z X KA ) HEAT A — R e
13— AR T HESIE B R SN R
3.3.2 % Transformer LAk 78

A 5 IR X B R AR 0, Transformer ZR A 12 W ik
R EFIEEE : Yun 55 A (2022) () PAVER (panoramic
vision Transformer ) 15 AU B YRG0 S #8551 A 42 55¢
PRAT i 1, 368 3 72 1 A BR 0 ) SR A A T 5 ML)
S 338 B B AR A A 5 Cokeelek 27 A (2023) 42 1 11
SalViT360 5 R B - D) 2k PR 7 T 4 3t fnl =
PE R A9 75 58, %A 38 2 Transformer A 2K 1T JL{A]
T A [ TR HL R A A R AT A B R
Iy B Bt R A AR T SR S A . X 4R
TR T AT AR S0 1 4 e LA 0 8 P ARSI ARy I
AU ) 4 ey I 2 AR R ARAS P 2

At PG 3 P A 0 T ks ) A o B PR A v
TEIUAAT e B AL BN 22 RUBE HARK I P~ 4EJE , Trans-
former ZR A4 7 42 JRy e AE SR IBCHI A 365 17 T 3 ) BIL A 7
T PR PIC 38 Ay i phe e e Pl i 4 1 1 A Rl A2

FEJ: BLBHNHL AR 7 T, Zhao 55 A (2023) [ DAT-
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Former B4 T 48 B SHRE 1 3L T Transformer {25
LA 3 N R I A 2 Sk B A
22 RO R AEAS R L 8 2 T DIl ) i IR 0 5 R %
T 5% A (2023) ) URMNet (U-net with robust vision
transformer and multiple attention modules) >R 45 #&
P3E AR B e B 2 RO RHIE , 256 2 kT B ik
PEVERDG 25 A FE A B
15 22 AR A7 T, A 8 P s, Wu 2 A
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FERRE 2 BE 5 45 Y FR AR 2 REAE il A B (feature
fusion module , FFM ) & & J5 ¥ A #% 0> SAVT (sample
adaptive view Transformer) 3 | A& 340304109
VT(view Transformer) 5 > —— /K A8 4> % 3 H

ARy S5 AR TR AR Gy 3, A B B L 2 AR 03 i)
) ANEKPFRLS 2 A M2 RSN YRR IE R
ARG T AR ER P R GAE SR AR
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9. '31'?%[@1%’9]*J%H%K|ﬂ SAVT R FF T 588
R 2 L IR SE B, SR FH 22 00 S I IR] SR Ak B R
AL, BRI TN AT A MU H AR BRI BE ST o 1t
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SUR X VRl ELNR
H g [l e 2 2 B2 R VIT (vision Transformer)
VB R U5 B s MASTAS] b SO i SURFAE , 5 %
IO Y 25 MR AL ) S R 0 AR S 2 A P AR
T IZ AT Al AR K B 1] A ) IR e A Y R

retrospective emergence ) 55 A T
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‘ |
| —1———- i T
— | [F ) ([Fa )i
Ad4 FFM4 |—SAVT 0 T | [GAP
! "ITFC
| cl cl |1} ReLU
| v v ' LGAP
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\ \Y W, \
‘ Vo 1 \)\7l X
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| |
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KI8  SAVT i VRN (Wu 5, 2023)
Fig. 8 SAVT saliency detection model (Wu et al. ,2023)
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T 0 25 PRSI v A RS S B, Ay 4 I 3 M ARG TN 40
B Z RS EOR K R L T A B R . AR
1, Y 2R TR 2 A2 S ST, B 7 3
5 BRI H AR GHOR TR Bk, R Sh 1 T 1)

SOOI ) Z2 IS I P AR
SR 20 RS W 35 ARG 14 e e BT B T
M7 T RS R BOR TR IR Z% . 5 Z A0 P ik iy
“H 3 VA B 42 R BITE RN ], RS I R Rl A
OB B T 5 BN I P X 5 5 S M A R B AR A E
e o

T J7 wk E BR S W S R G . Li SR A
(2023b) | Ff] Transformer 4= &y B AL F % i 4R 5|
SRR BILAR , 80— L IR 0 i i B o
XFI K FR L (HARRESS I EIE I T 2CH.

H 5 IR T R R SR S LR . A 9
JI7R L Guo 55 N (2024) F1 46 52 491 % 4 57 5 M — 5t
A ANHE AL 55, BT T L ResNet-50 5 #L5E
i S8 —HESR M At 22 [ B Rl Ak BRI RE < g A

PRAT -5 5 45 613 28 ResNet $i U G40 58 R4, [F]
R P 000 4 ) 5 02 BB AR AT 5 L5 AR 1E AL
TS F R 15 2% (distortion-aware pixel decoder,
DPD) , il i SBER mR A (ERP LS CMP 2 ) Al
FRIESR G Sl AR VR B R AL, A R0 2 SRR B
TE T 5 B, 2 A — A0 0 2 [R]85 (audio-visual
spatial activation module , AV-SAM ) ¥ 2 451 ¢ 1iF 4% 52
AR S () FEAT TR KA, S B 20 A6 2 i
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Fig. 9 Panoramic audio-visual salience detection and ranking framework (Guo et al. ,2024)
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Fig. 10 Architecture of the DDS model (Li et al. ,2020)
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K3 SRl B 230 D R LA I3 b ik A2 . 7
AR TE T A LA Dai %5 A (2020) HYBIF5E S S5
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Fig. 11

52T CMP-ERP XU SCIFAT AR BEAY HEAE A, 3 1o 4
Ja— R R G A RS & T IR .
) % R LA TE R 1AL O A% G, HH Huang 55 A
(2020) # H ) FANet (features adaptation network ) i
I B RE A 3 N R S 2 S R E , T Zhang
4 N (2022) ) CSMA-Net (channel-spatial mutual
attention network ) W5 | A 1E—2 8] B 13 2 1AL
BERT TR ARG T 2
WA~ 2R &I I« —J& Lk Cong 55 A (2024) 1Y
MPFR-Net (multi-projection fusion and refinement net-
work ) R B 22 B2 4R LR, i i Z2 40 A LA A
PR — 2L R TGRS JEE 5 —J2 DL Zou 55 A (2023) 11
EPSNet (embedding a self-supervised proxy task in the
saliency prediction network ) A fCFR#Y H W& 2= >
3 AL 55 A B I ZR LA IR ) i 7 .
BT Y 360Mamba HE 42 i Song %5 A (2025) 42 11, 135
PRSI AR 23 RS RY 3 2ok TUART SR 1Y 42 Jg 414
SRR T R LA 7R R R TR Y [ B S
BT O A (AR 1) AT SRR A, AR T IR e ]

555 A B S Ak B ( Cheng 45, 2018)
Weakly supervised saliency prediction model (Cheng et al. ,2018)

1R BT B AR AR 1)
4.3 REFEEEERN T X
BRI RE A 7E VR A8 N 0k BB R h 44
S RGO 4 S AT ) SRR TUART S22 1 | el 4t
B2 7 AR (AR T I, A 4 5 A S 2 A
2 DR REK 1 R B 2 B U F AL A
FARBESE . L Zhang % A\ (2018) 42 H A BR 171 35 L4
2 W2 AR 1T B RO B A T ER 1B
A BT RIS P @A E AT . W 12 PR,
TEBRTATG AL BT b B 7R BR 1T 6 SO R i
T VAR T i S B A B B AR A K
5 DRI 2 TR o7 X N AZ R AT 3 R A 5 e 2 LA 3
o7 45 5 WA 7% 5 BR T e bR AZ AR AN [R) K 1 67 AR A )
TR, s 2 EMIE 2R B G By AR AR  HiEd E
R AR IS HAL L] AR 5] AT BRI
U-Net %5 , 256 B3 5L R IEF T 17 91 2 A
DU At AU it (1] 174 2h 285 1 2 e, R FHER T 34
DR ZER I B it B . IZHEZAE &
TR R B R B 2R ST B Ry R SR Y B

Bl 12 BkifER A S E L L] (Zhang 55 ,2018)
Fig. 12 Shared mechanism of spherical caudate nucleus parameters (Zhang 55 ,2018)
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SRR, MIEER, fREEM, BRE, R, G5, KK

e=MuEEtEen. RIE, FESNARE

T U IS AR A Al v =
T AR T, BR 1A U-Net 25 45 B[] 2 5% 1
SEHRT B S A S5 SR 5T Rl SR Y AR R
BRALHIHEAT T8k . Li %8 A (2023a) 1) SPVP360 Fi
RLR R LA 298 5 F P 32 B R BLE A ML &
WE 13 TR M T 20 SRR AL BRI AR - B
AIEH2 UL (ST-SPCNN ) DA BRL 7 485 B 25 ] FEAE D sk
oW AR | (] BE DA 3% 52 i 3 8 44 BBCART [ 4R ik D g
*%dl*ﬂ]“ SRR, GZ)ZRRG UL 5 B
3 S H (CBAM) Bh AR AL FRAE 2271 s Bl £ Tl
ML (FoV ) ¥ # i FH P RIS 4 ol R A AR, O
SKHER TG B 1 06 2 5198 (SP- ConvGRU ) Fifi #12 i

(AL LA 5 Dy A 5 e 28 A il 5 . 2%
FHIES FoV R AL, 52 8L 42 JR— R ik A B P A 5 s A

EEAETN o X — AR T BRSOk ] s
BTN H 7 10 B K e o AHEE T 2D B AR

Je Iy s, BRI B WO E AR AL T S8 = HL ]
FNE A JUART T B RE 18 H T8 A 2% 5 4 v ELGFBR
TR S 23y (1 MRRSR PR ) 17 JFG 3 FH P o

S THT A5 ST 4 MR T 3 A I B A T
L JLART B 78 3 6 A% 0 2 RE AL R B AR 9T Y
RIEK R . EWMB AT 53 K25 1) 2L Mon-
roy 25 A (2018) ) SalNet360 Al Martin %5 A (2020)
AR TR Y B BRI ARy A B RMR )
fiff > JC K ELEK 1T B sl R F BR 11 U0 OF 1 RO 7E M
28 KR ) T AR A PE b R B0 R B, S 3 PR R AR
FE2520%;2) LA Lyu 25 A (2020) 18R A ER 1 15 5
BEAG Ty kT Ak 0 M 2 b AR R R ALK ERP &
1G5 e R BRIE G 5 Ah B A BU 4 5040y %
R T 35 A5 A T i R B R OR A A LA — B
PRI T BRI AE A AT 55 3 5 R N
PRALAEAE

SERHESRHUEER (ST-SPCNN)

o TR (S-SPCNN)

I | . q
64 128 256 384 )56 128

B REESERL: (T-SPCNN)

¢ [ZIA
t+ k IF%]

puzes
'J:%ﬁé):' 0 Ekﬁ/%w:
BYZ1 ¢
BB PN
A H HE L 1) RS GRU 1B B fu) 7
L e Wik S 7 gem [
-1 Hj‘?lJ GRU2 '; T
25 [u HE2 /\ﬂ'fl E1E 2 3
SR B }ﬂlj |§] GRUI J"Bl]pfg. 128 i ® MRAD
: FAF 1Y 2 AMtE) k/\ ‘
SR 2 Ol
-k Hﬂ‘zﬂ (—k Hﬁq i lﬂﬁﬂ
RERRE oA ¥s sl M LB k)L GRU2 .3 @ BLLARFAE
Kﬁiﬁmn—n' WLl — 7 GRUI | iHAIRS 4

K13 SPVP3604% % (Li %%, 2023a)
Fig. 13 SPVP360 model (Li et al. ,2023a)

5 HE&ESTMNIER

5.1 EMIEER
5.1.1 A5t Z s ss

G W VR BONAT 55 75 2L T BEPEAG A

Fo SR, IE W Djilali 55 A (2021) 45 i, f£ 58 2D F
WraB bRE 360° FRAE T A7 15 1E W P Jay BR , i LA A7 27
FXENRTHE IR TS AT R e
B PET  2 WEA FEAR

1)CC. Bz IR 38 #H 5 2 81 (Pearson correlation
coefficient, CC) (Bravais, 1844 ) , J& F 7 ffif 42 70 {E
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MR TN ) 25 11 RS TR vE B 25 1) 2
) 2 AR SRR BE (R bn o B E A5 AT O 2 2
CCAEREZ T , B I IR 2 1, WA RPAil 2 35k
Rl SEE M SR . CCTHRN
fo= cov(M,T)

“ o o(M)xa(T)
A, MRS T B 5 TR T R R HS A
cov( M, T') 7 T 4 . 25 141 1 FL S0 9 1 P 22 TR Y
P I7 25, o (M) 27 150 R0 T0I A S0 35 P ) s oA 22
o (T) Frm HEL T JE K AR 22

2)NSS. A Ak 49 R #% 42 W 3 & (normalized
scanpath saliency , NSS) (Peters 45,2005 ) F T PFAf 7
M S ERA SRR TR/
WFE PR (BIE N 0,75 2208 DAETEM AL L -3y
{5, NSS{H AT AR /R Al i HHE -5 B SLAE A X DG < {H
o 0 I BEHILX I, w85 {2 7 w8 BE X I, AR 3R S
XRERAR . NSSTHEH

_ 1< 5(96,',%)—,%
fVSS_N; o (2)

L, S(a,y,) 2 & PR S TES i A B TE AR
(x5 y,) BB TR s, 2 R EVER SIIE , 0, 212
EVEE S IUBRUEZS | N & B AL 1Y B

3) KLD (KL—divergence) (Kullback A1 Leibler,
1951) o FI T MR AT Z [ i 22 5% 0 (R W
F PRI, TIUI A) 05 PR AR O I 2 P s A
AR B R, R R TR AR S0 A, PR
KLD (B8RS, B W& 80T, Sk P e Bf . KLD
AN

(1)

1 & P, P,
fKLD_Ei:Z) (Piloga-FQiIOgE) (3)

Ko, P, Q. A3 T — Ak 5 ) 2 S
B EE A AL i 1 RUE Vi R 0~255, /R
RIRFEHMER

1E 40 Djilali 45 A (2021) FF i3, % 4 KLD 3T 4>
Fo AR, T BB A A — Ak R A A T AR
360° 425 37 55 H PR A WA T[] st R 22 A X3 T
5 — i A 2 B A v A RS L, F B
AU ) k2 S S PR AT R UE D . R E S
BT 3 AL R ) KLD 37 X, LA By 360°
Sy, Bikh

fKLD((]”P)=zqi10g% (4)

i=1

K, g, R BT P MR R BOER LR,
pi FEN TN o3 A5 2R L ME R BE U RIMEAR N 2R
TR A P R R R
4)SIM, Eﬂ*ﬁﬂyfﬁﬁi(simﬂarity measure , SIM )
(Judd 55 ,2012) K 5000 852 35 1 S e 0 PR A R 01—
BRI A BEAT HO A, AR BORGBRE S WA 8L A 1
MR, SIMITR K
fan(8.6) = min(S5.G,) (5)

Kb, S FoR I B E LR, 6 £ HShRTE I 2
HIEW LS, R TI0  2 E RITE SR i ME R AL
FHEAE, G KRBT W EERTES  MEROME D
BEEE.

5)ROC I FI ROC i 2k T H AL (AUC) o 15
FPERI G, B E E AT AR R R AR T
MR B 2685 o O T TEASTRIEHE 53 A 25 T
WAL R E VAL A RS2 T 2R AUCTR R 1Y
ok AR R, 3 A 5 AUC-Judd (Judd %5, 2012) il
AUC-Borji(Borji %5 ,2013) %5,
5.1.2 @ HARS IR br

DPRITZR . BV # 5 — 4 0] 3 (PR) T 4%
JFH A8 41 485 04 T 235 Btk = A T 45 S 7E A
F— [l R A s [a] vp () PR RE B, DA T R 43t 1
B8 bR B Dy A T A SE VAL LA L LA Ry
L IR eSSk I WD B2 R e S SR T i
A (PRMNZ) , th & g A7 By, Ul W55 1
PERE AT

2) F-measure (Achanta 55 , 2009) . ‘& J& 4 B 2%
(PR) A1 P28 (RE) B IAGR FRE- 446, T PE i
) 4 2 Pl M SR RN SE 3 . F-measure {ELER K,
T b 2R A Ik R R

3)MAE, 34 %} % 2 (mean absolute error,
MAE) (Perazzi 55 ,2012) , i] B 45 56 T 00 5 SR kAT
TR 51 AL B{EBOE , MAE {8V, 2R
0 ARG I B 3 () 8RBT

4)S-measure (Fan % ,2017) . B2 —FrZi &M
(R SEA AL B B AR AR, T PPA TN . 3 1k 15T
BRI AR 25 A G5 A0 R BE oA B — 3Pk %48
PRIIBERC L [0, 1], 808, 2Rk aei
i, PR 5 B BB
HI) 358 5 X 5% B 5 (E-measure)
(Fan%§,2018) , il B 5 5 AR R (0 5 KGR

DR D

5) E-measure,
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SR, MiEES, BMEM, BRE, &k, BEE, KB
SEMRBE RN FE, FESNALER

P T o —HEZR Y, AR BUEMG 2 G 15t A R
VCECANTY (K o
52 2EEGEZUHRNEIREESERMRE

Bl 5 ] 360° AR ML 2, 360° 4= 5t K4 R
PSR AR IS H 2505 R] , 22 3R THF 2= B
8 A N A AR A 4w RGBS
(SP) B0 H8 A3 T S UL 2 1Y) 3k 3B AR 342 s

Wb, EHGR IR T FL SR 4, 40 BEE M 4 096 x 2 048 14
FH)24 028 x 12 014G EATE ML T, BEMHH
FrA&E I (salient object detection, SOD) s 4E (Un 360-
SSOD) L & i L5, B il stz shhal , 7 B30
FIM 1024 x1024BEESKBZEARE, Hip
Salient360! HkALFEE G AN N )2 A A
ZRAS AR 10 4 5 RS Sl 2 A I i 4 A e

#x3 2=BEBEZMERN(SD)HIESE

Table 3 Panoramic image saliency detection (SD) dataset

V) S Y oA R B SRR R KrAT:55
SaliencyVR 22 S IR IE Bh THEHLAE R / SP
Salient!360 98 A MBI B BSAE 53762 688~ 1 8332%9 166 Sp
AOI 600 SR RIS Bl BRI 4000 x 2 000~24 028 X 12 014 SP
HTRO 1080 Lz zh FLIHAEL 8 000 X 4 000 SP
360-SOD 500 b HIHAER 1024 x 1024 SOD
360-SSOD 1105 I ELAN R 1024 x 1024 SOD
F-360iSOD 107 IR#RiZ3) NSRS 2048 x 1 024 SOD
ODI-SOD 6263 b H AT 2K~8K SOD

T R IO R R

5.2.1 A EMG A MEF0 (SP) £ 45 5 Mg
Saliency VR ¢ #& 4E (Sitzmann % ,2018) ic 5% T
255 16 W E 22 1§ 37 4 4 57 AR I 1) 3k 38 ATHR 6
&S . SRR TS 2 FE A 0F SR TR
FAER (Ol ST /A ) 0 s 1 A (S 3 X/ o T
) o I SER AR FH IR shig 3 AR R SR80 -
R4 DG TR 3 PR ALLE Saliency VR
Bl LR TERER B, H T KLD 1P 55 , Zhu
AN (2025a) (AR 30 e A | 2R 7R 3 o AL A 2K
[l B T2 AL, S BRGT S F A B A e 28 [l AL A 2
W E R T T ISR PE . Chao 55 A (2020b) 137 41
552, H Multi-FoV 5% W& 1 38 7 A 2 e 6% 45 B
4K 360° FEUE I Z2 40 F AT, A5 83 VG e 000 5 B 5K
I3 Ao XufE A (2021) HE44 55 3, il i GAIL ML 75
CCHibp [Pl K bre it . b, Sitzmann %5 A
(2018) FYAE R R 5 1 S iz sh g it A ide ,
VR PR 5% 2 3 ME 000 2 418 T R 7 2. Sui A
(2023 )44 TR B JR AT RASE Y 55 1R 1] 4 B 28 I 45 AH
G RS B T EER . LA R,
254 ML AL 22 0 A 15 B Al SR 4
T4 5 PG 5 25 P T ASS R 1 R 1) 2 % R ) o

Salient360! %4l £E (Rai 5 , 2017) /& 2 ICME
(International Conference on Multimedia and Expo)
2017 R B FEFEFF R o B E LT FR2E R, &
B RS AL 55 T P PO 0 A M 35 L ) TR
A, W 5 Sk AR B 0z S B o B AR GR T 98
ASVR &5t RGBT B E AT R oT Z 8 0E
G2 M AR B Z PRI 82500 T 50
ol k.

F SR T AR RPN ELAE Salient360!
Bn e ERSs g R BIRIVE REAE i 2 JLAR [A] 35 22
$ETF. LR G PERE R IO S AR B AL £ Zhu 55 A
(2025a) . Martin ¢ A (2020) . Zhang %5 A (2024 ) .
MR 58 75 4% N (2023) 55 Zhang %5 A (2023a) . i,
Zhu 55 N (2025a) BB TP GE 2 IATS 9K € Y 5 Martin
S5 N (2020) 4 45 B 25000k 2 BR 1 U0 - 18, 6 3K T
AT 3607 BB, A R M T $0% % H s Zhang
SEN(2024) K FH 2 RUEE K1 28548 b A Bk I # 5h O
F LI E VERHIE R TSR G s PRIGE 7 4 N (2023)
FI A Transformer Y42 Jm SR HE 1 F1 2 B T RlA HL
i 4 2K 4 5 R Y 2 RO R R AR ; Zhang 55 A\
(2023a) 38 328 37 J7 PR $ 52 5 1A 38 I 2 T8 fi 22 AR
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x4 AREBEMETN (SP)HEEITE Saliency VR ##E5E FAIEEEXTEE

Table 4 Performance comparison of different saliency prediction (SP) models on the Saliency VR dataset

0y Ak KLD | olon NSS 1 Auct A4 o5
2018 Sitzmann £ A (2018) / 0.490 / / 15k + R
2020 Chen % A (2020) / 0.510 / / ERP + CMP 5%
2020 Chao 5§ A (2020b) 0.433 0.507 1.551 0.830 ERP 5
2021 Xu&§ A (2021) 0.454 0.603 1.042 0.772 ERP %52
2023 Sui§¢ A (2023) 0.609 0.521 0.958 0.767 ERP#5¢
2025 Zhu % N\(2025a) 0.424 0.569 1.893 0.827 Transformer 2244

T HL R R PR IR A SR AEE 2R/ FoR TR DB, 1 7R | 743 S 3 (el e B R AR

BRI A AR A S5 LA AL BE S8 58, LT 5% R v
MAr A . PR RIEAE R , ERP+CMP SR I e 1F
NSS FI AUC 5546 b I 85— ERP 5%, /R 9L T il
G2 A TUTAE B a0 3 sk 4552 I PR RE V&
J& 3] 2023—2024 47 3 T 5% 15 2| SOTA (state-of-the-
art) 7KV, S T 3R A AR5 45728 I 45 SRR 1Y) b 25
Btk . BET Transformer ZEA4 ORI AE Z TR B |
SR AR M fE , F B O T B AL A A 2 4 s 5
PB4 SR O ¢ R T RA LR ). ik sefadihak
WY, S 2 PR T 7 42 e 3 st b IR B TR 2 N 45 224

FE T IRSIHCA

AOLE 4 4 (Xu %5, 2021) 40,55 30 44 5 5 % *f
600 M 4= 5t E15 1) 3k FB AR sh Bl , R FUA R 1
SRR 2 2] S M TN A A 244 T 58 SR REAR
BHFGE S R TR T ANISWE 4 5 BUS BT 1
iz g = AL A 1 O e A (FCB) FDULI 2 8]
i A B

HTRO 504 4 (Yang 25 ,2021) 1035 T 20 44 3211,
FAE LA R g X 1 080 M 8K 45 B HIR 42 5 (&
1GEAT H LA B 7= A2 19 21 600 2% 56 82 3k FR L .

5iE B

ANHRES G B AR K O R SR 5T B

AR ARSI 25 AR5 St 250 T R 28K

FT5 ARBZEMETN (SP)EETE Salient3601 21 HE £ I MEEEXTEE

Table 5 Performance comparison of different saliency prediction (SP) models on the Salient360! dataset

AR ERZR KLD | cct NSS 1 AUC T BERUEE A
2020 Lyu 8 A (2020) 0.428 0 0.589 0 0.945 0 0.736 0 BRI 5
2020 Chen % A (2020) 0.402 0 0.661 0 0.9750 0.746 0 ERP+CMP #% 5%
2020 Martin ¢ A (2020) 0.441 1 0.7212 3.0309 0.962 4 BRI
2020 Chao 55 A (2020b) 0.363 0 0.662 0 0.978 0 0.747 0 ERP #5%
2020 Dai % A (2020) 03170 0.686 0 0.983 0 0.748 0 ERP+CMP #% 5%
2021 Xu %A (2021) 0.366 0 0.757 0 0.893 0 0.708 0 ERP#5%
2021 Yang %5 A (2021) / 0.824 0 1.7530 0.8450 LSTM
2023 Zhang % A\ (2023a) / 09130 22850 0.8710 ERP+CMP #% 5%
2023 Sui % A (2023) 0.384 0 0.660 0 1.0420 0.777 0 ERP#5%
2023 Yamanaka %F A (2023) 0.246 4 0.789 1 1.1751 0.762 3 ERP %52
2023 Zou % N.(2023) 0.112 5 0.714 1 0.864 2 0.760 7 ERP+CMP %%
2023 PRI 45 A (2023) 0.583 4 0.668 3 2.987 4 0.933 6 Transformer %
2024 Zhang 5§ A (2024) / 0.920 6 21782 0.875 1 BRI A 451
2025 Zhu %5 \(2025a) 0.342 0 0.903 0 1.9380 0.9250 Transformer %244

E DML T R IR R R A A R RZE R, /" FR TR OB, T 7R |7 43 ) 3R (R e e AR A
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SR, MiEES, BMEM, BRE, &k, BEE, KB
SEMRBE RN FE, FESNALER

o R 7 1) o A A A G T B
FFRG T AU R B RS RS & 1]
TR DX 35 L 51 v 4 S AL, HL Sk % 8l LA 22 A 7K
Jr 1R 3 I R RS, ik g O A 5
I P BRI T A oY B T IR S AT N
B
5.2.2 AR RN HARG I (SOD) #dE 4 5
PEfE

360-SOD H 4 4 (Li %, 2020) & 1 1> 360° 4> 5
IS S 25 P B AR DA 4 A2 5% 500 I =5 43 JE 3
SR 2R, s R R E NN R
PREESEIG Z B AR . R E L RS
Frigm T NUFE 4 5 BRI OSSR IE . P R
KREGSRVNEE Bir .

6L B TR [A] 35 1 H bR I AR AL 7E 360-
SOD B LI R . LR R B TE
CSMANet.CPNet 5 360Mamba. CSMANet %/ ER 5

SETTVRXUY SOFAT R L A By i 1 — % (8] B AR OG T
BEHO6 S5 AR 0 BAMR R 4 Ry i R Ry
FORG A0 JLAAT s CPNet SR FH 231 — PR s PR ) 1A 122
S ORI N 5 il G B s e ik 2 RO R
3C, ARAT BRI 1 AR — U 3 5 360Mamba R ]
Mamba IR 45725 [6] 55 ERP/CMP XU il &, 5 Bh 42 )
515 Mamba $ X 5% 22 N BRTERHAE , SRR B
SCHRASE S U IR AR AME . (EASE B AYJE , LDNet R
PRFR I 55 (H B 8 T4 SRR 8 P H A
R Al . NFR 6 AT UL, b 25k H bRkl AP
RERHAECHERS R D4R T (B 5 W P A [m] , R H]
ERP+CMP B 5 5 i — ERP $5% iR 8 3R B 22 B
BN, FE S B ARG T i SO 2
SCFRAETE DR 2 I 465 rh g% H AR . Transformer Al
Mamba 4444 B A D H R ) 20 ). AR
Y H SRR Transformer £l Mamba 2204 75 12 40U 1Y)
I, DhitE—2D AR T4 5 0 1 HARKS U A PR

F6 AREIEEMEREN(SOD)EETE360-SOD HiE L L IERERT LL
Table 6 Performance comparison of different salient object detection (SOD) models on the 360-SOD dataset

A ERFS FM 1 SM 1 Em 1 MAE | R 5
2022 CSMANet(Zhang %5 ,2022) 0.833 0 0.873 0 0.9240 0.016 0 ERP+CMP 45
MIDP-Net(Dai 45,2023 ) 0.779 9 0.8310 09101 0.0220 CNN
MPFRNet(Cong % ,2024) 0.682 0 0.788 0 0.8150 0.0190 ERP+CMP # 5%
2023 DTAFormer(Zhao % ,2023) 0.774 2 0.849 3 0.907 1 0.017 4 Transformer %44
LDNet(Huang %% ,2023) 0.617 0 0.768 0 0.858 0 0.029 0 CNN
MFFPANet(Chen 25,2024 ) 0.682 0 0.788 0 0.8150 0.0190 EZ ¥
2024 ACoNel (BRIRE 45,2024) 0.7815 0.849 3 0.904 3 0.018 0 ERP 5%
CPNet(Wen % ,2025) 0.800 0 0.862 0 0.9250 0.0180 ERP 5%
2025 DPNet (JfEH 45,2025) 0.788 4 0.850 2 0.9103 0.0190 ERP#3%
360Mamba(Song %5 ,2025) 0.8290 0.886 0 0.929 0 0.0150 ERP+CMP # 5%

T IRLL R RIZ FARIIR A IR AR, 1 7R | 7 s (L B BRI

A 360-SOD %445 5 , 360-SSOD i 55 1 105 Mg
FTPRR e R EG, BRI T BRI, bR E
T SUOY AR B A, 95 Je 10 RSSCIN AW A% ) 17
F T 360° BURI ZFEVERAE . RIIAN TR R0
PERRIE S R AR E NN S 3 B

750 T 360-SSOD s 4 - 45 b 2 Rl
W28 FY SEEG 25 . CSMANet(Zhang %5, 2022) {5V fig
2%t , MS-SOD (Ma 45, 2020) Fl MFFPANet (Chen 45,
2024) LRI R 47, HIRFE 360-SOD £ 45 [ 3R

— i HAETE LI Y 360-SSOD B g, — & 7%
SREIT Z W Bk CHEA 5 OLS BAMIL S, M !

EHETE. MS-SOD R HH 43 By BOHE SR | S o X 52 9%
T SLI P HE 44 S I W A ) a6, P A TG
AN T BEA TR AARAS I, S S e 58 5 LA A
1E s MFFPANet i i 2 25 B AMNFAE Al & (DCFF) ¥4
TR UM B e Ab k2 (B —38 3 S A, H I8
W 5% RCB FRIE , fE Bh i i U 2 R R IER &
(PMFA) Bl A LR RAE G5 T r W
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®7 AREZMEBFREN(SOD)EETE 360-SSOD ##7 & EHIHEREXT EL
Table 7 Performance comparison of different salient object detection (SOD) models on the 360-SSOD dataset

G2h) RS FM 1 SM 1 Em 1 MAE | PRI o5
2020 FANet(Huang %% ,2020) 0.4230 0.6570 0.706 0 0.0520 ERP+CMP 4% 5%
2020 MS-SOD(Ma%5,2020) 0.820 0 0.902 0 0.9200 0.0150 CNN

2022 CSMANet(Zhang % ,2022) 0.661 0 0.784 0 0.8590 0.0280 ERP+CMP # 5%
2023 DTAFormer(Zhao %5 ,2023) 0.644 0 0.769 8 0.8322 0.0261 Transformer 2244
2023 LDNet(Huang %%,2023) 0.557 0 0.727 0 0.840 0 0.0350 CNN

2023 MFFPANet(Chen 45,2024 ) 0.813 0 0.885 0 0.925 0 0.016 0 EAL TN
2024 ACoNet(Frlbets 4%,2024) 0.656 4 0.779 6 0.863 2 0.028 8 ERP 5%
2025 CPNet(Wen % ,2025) 0.474 0 0.666 0 0.723 0 0.0520 ERPH#

T IHL R R PR FR B G IR A R, 1 7R | 7 43 S 3 (L e B R AL
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F-360iSOD (Zhang %5 ,2020) 2 14 /1> 4 360° 4> 5+
G SR A S0 51 9 o SCbm e i B Hi 4 B 55 107 R
S HEREMEI SRR MBEE RENING R X
BARERRTE T 1 1654 WA, 8 55 72102050,

UG TR R AL T R

ECI I N NI AR S S oI i
F-360iSOD %448 45 I iz 17454 . DTAFormer 74 fig
TG, R BRI HLEITE F-360iSOD A4k 4 14 51
93 SCRRE A5 DL FE 4 30 UE , B8 47 M i T A 2
()42 57 37 50 b i) 1 35 W) 45351 s MIDP-Net £ MPFR-
Net BRI H 1, JRA4F K 7F 360-SOD i dii 4 I 3%

I — % AFAE G R AR 3042 1 F-360iSOD £ dis 4 v
FEOTRAE T W% — B E VA Ak 5 2 8 H A
GRS Hge o E STt . o, MIDP-Net i@ i 2
JRFFIEAE B (MLFD) 3R 4 85 ROEE T SC, A B I B B fif
4% (TPD) BRI 2 5 W E MWL R, LI 535 5
MPFRNet 3147 i A %5 B AR B 5 4 Fhosr (4 JF
A, 2 sh SIS (DWF) [ B2 A 355 AN
Tk ARALZR G A8 PR W43 51 DA CNN R4S+ 1 Ak
52858 HANIG AR, O A M H R A D £
HETHOR AR

Wu %5 A (2023) 42t #9 ODI-SOD #4848 2 1 4
KFLAEE 360° 4= 5 AR 35 1k 4G O 45 s 4, &
6 263 i 2K 43 HE R G ML 25t B Wi 2=
WAMNT 5, ISR R R IR 2 bR .

®8 AREZEMBEREN (SOD)EETEF-360iSOD HiiE5E LA EREX tE
Table 8 Performance comparison of different salient object detection (SOD) models on the F-360iSOD dataset

AEAy CERFS FM 1 SM 1 Em 1 MAE | [ERIUEET
2019 DDS(Li % ,2020) 0.3250 0.6120 0.700 0 0.057 0 ERPH#
2020 FANet(Huang %% ,2020) 0.3810 0.587 0 0.747 0 0.061 0 ERP+CMP # 5%
2023 MIDP-Net(Dai % ,2023) 0.409 9 0.665 7 0.770 5 0.046 3 CNN

2023 MPFRNet( Cong % ,2024) 0.4300 0.6170 0.762 0 0.0520 ERP+CMP #5%
2023 DTAFormer(Zhao % ,2023) 0.5371 0.766 4 0.729 5 0.036 1 Transformer %244
2025 CPNet(Wen %,2025) 0.3820 0.6510 0.729 0 0.0510 ERP 5%

T IHL R RIZ AR IR SR AL RAEZE R, 1 7R | 7 a3 3 (L e B R AL

Tl SE PR A . PR, BIFSE AL TR TR AR
W PR DR R A , N2 9 s, LA B Z S Y
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5.3 £RHEZHENMREESEIEEE
5158 2D i PER IS SR A L, 360° MLM R
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Table 9 Saliency detection (SD) datasets for panoramic videos

YIS 57506 WA i S ITHERIGER s AT 55
Salient360!V2(David % ,2018) 19 FLAN R 4K AR IR ERIE Bl Sp
VR-scene(Xu%,2018) 208 ELTANR 4K S IR E ) SP
360saliency (Zhang % ,2018) 104 B 150 x 300 HR &2 5l sp
Wild-360(Cheng % ,2018) 85 FSHAEE 1920 x960~3 840 1920 kil IRz Eh Sp
AVP-360(Chao %5 ,2020a) 15 ELSA 4K LRz ah sp
PVS-HM(Xu%,2019) 76 B 3K~8K SR MR IZ Bl sp
YT360-EyeTracking( Cokelek %5 ,2026) 81 ELTANER 3 840 x 1 920 S IR HIE B Sp
SHD360(Zhang %%,2021) 41 HLR 4K / SOD
PAVS10K(Zhang %5 ,2023b) 67 T 4K AR 32 5h SOD

5.3.1 AR TN (SP) S 4 S M fE

B A3 4 s A A I P T (SP) i 4 i SR
T SRR A2 S , 53 Bt 4 0 i
AP IR HRIZ 2l o ik SRR E i IR AR 5 A 4 25
AT EALE L, 2 FER 1920 x 1 08014 % %]
8 KANEE o SR, 22 BCEIUHE 45 1) A0 B5 AR X A PR
Ji R 22— 2 A S AR S K AR T B R

David 45 A (2018) #4 & 1 Salient360! V2 % i
FEALE 197 4 KPR 3607 4 S AU , 100 55 i i |
12 B A A HE L 48 44 FH P 1 Sk B2 s L N
81, TSRS S P R ET N ZES

Xu %F A (2018) # 8 () VR-scene %5 45 10 &
208 4™ 4K 43 HER 1Y 360° ShAS A, 1 55 = N5t
MG TN . AR 31 4
55 WG M VR Sk AR Sh{GE LS 5

Zhang 5§ N\ (2018) #4 £ 1) 360saliency %5 4 45 £
1044 360° A AR, 10 55 TR ER 0 S5 22 Bl N 2%
A BRI I 20 2 B ULE R A R sh L

Cheng %5 A (2018) ¥4 # (1) Wild-360 %4 44 &
85 4~ 360° 4> 5 #4555 000 it , H 60 4~ FH T
25 25 AT, XK IR T YouTube , 18 55
AR B AEZYEZ RN A SRR, MEF R T BA
PRERPE R, £ 24 B3 B bR oA TR A
XFF IR O T 30 4 B ik A v W A A B L R
B A B T 25 P A RV A i T LA

Chao % A (2020a) #4 2 () AVP-360 4 5560 %
15 A2 CHerp 34 HF 2R 124 HF D

T 26 0TI B SR RN 3 A N A PR
7 T RIS ST AR TS 3R B RS o B AR URSE T
45 2Bk (AP 5 SRR ZS 15 44) BP0 5 o B
i, 2B RS (E B L8 e 2 W52, 38 ok
HRE R (AEM) 73T S i & SEE IR R

Xu %5 A (2019) #4 # /Y PVS-HM £ 95 45 5 &%
T6 A HER N 3 K & 8 K 14 5ol 41, i w5 15
BLBJ 25 3R R 5 A 2 R0 N AR RS LT
HIEHE R 10~80 s (F-4426.9 ) , 1 58 4 5 HE M
F i H HTC Vive 3k 10 5% 3k gl 4 | 38 1 aGlass
B ARIR Sh T

Cokelek % A (2025) 14 # 1) YT360- EyeTracking
BIREALE 81T HERN 3 840 X 192018 F (145
MATT 5, 055 R Sk 2N AR, A
PAFE 51 I 30 s, %8 24~30 Mil/s, i AL HE
BEWE T 3P A (i BT E RIS ), LA
F G0 M AF 5 OGS 4 S AR S R s, I
ST 35503k 5E o MR sh 8 , k4 538 IS
P TAR SE HR S

N 10 R, 347 4 e A0 . 25 1 T 0 A 7Y
Pk RERE R S IR T # . R A58 5 i Ak img

SRR AT ST R TGN o A4S 4 e LA 25 1 73

I (SP) S5 i) H50 0 4 = 20 (R 8 i 17 AN [ A8
Y [B) P BB LB R M B . AEMERE AR AR I, Qiao BF A
(2021) . Yang %5 A (2024b) F1 Cokelek %5 A (2026) )
BRI FE @, Hid, Qiao 25 A (2021) 38 3 ConvL-
STM fli & CNN $2 I 25 [ RRAE , i Bl 7 &
Gy AT B S X RG] T, W 2 55 T RE R
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Yang 25 A (2024b) F| 1] 3D a] 43 55 18] 45 £ 2% 16 2K
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Table 10 Results of the saliency prediction (SP) model for panoramic video operation

AF A5y ik Eygieis KLD | cct NSS T AUC 1 FERIEE
Salient360!V?2 63270 03630 25800  0.8810
Dahou %5 A (2021) LRI
2021 VR-scene 55610 03630 2.1850  0.8620
Tliba %5 A (2021) Salient360!V?2 79650 03080 1.8850  0.8150  fEGiE+IRAE%S
2022 YunZEA(2022) Wild-360 0.616 0 / 0.923 0 Transformer 2244
360saliency 0.6200 1.1700 0.660 0
Li % A (2023a) B2 q1E's
VR-scene 0.6200 1.1100  0.6500
2023
VR-scene 57440 05860 2.6300 /
Cokelek 2 A (2023) Transformer 2244
PVS-HM 1.8410 0.6260 2.1910 /
Zhu%E A (2024) AVP-360 0.7680 2.6900  0.9220 EA
2024 PVS-HM 0.7870 3.8380  0.7740
Yang % A (2024b) BRI
360saliency 0.6610 45290  0.9370
VR-scene 53340 05990 2.8210 /
Cokelek 25 A\ (2025) PVS-HMEM 1.8410 0.6260 2.1910 / LRI
2025
YT360-EyeTracking 83410 05120 24490 /
Zhu%E A (2025¢) 360saliency 81120 0.6271 3.9625  0.9350
KL N R AR TR 48 SRR A IR A 1 R T B «
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16 2384~ i 25 NS4

Zhang 5§ A\ (2023b) $2 i} ) PAVS10K /& B 1~ K
PS4 S ULt 25 H AR R s 4 17 671> 4K
Oy HER AL 62 455 Wi, A AR FR LA —ni
(R X G2 G RN S M8 AR 3R 0 b 5 PR A A e, I B
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WrR& 750k, EOIZ U . Hd, Guo 8 A
(2024) A YR LA AL, FLOR ELROAME R A 45 e
A A ) 2 S WA TP e A — W il 5 A R S
TP RORTHERR G R e A O

6 ¥ H
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St G T VA 38 1o 7 B B AR
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Table 11 Operating results of the panoramic video salient object detection (SOD) model

A Bk FM 1 SM 1 Em 1 MAE | Bk LA AT
0.7153 0.8179 0.8773 0.0323 SHD360
Chen %5 A\ (2023) CNN
0.3156 0.637 1 0.649 0 0.029 0 PAVSI0K
2023

Zhang 55 A (2023b) 0.414 0 0.674 0 0.747 0 0.027 0 PAVS10K E2

Li % A (2023h) 0.404 0 0.678 0 0.7320 0.026 0 PAVSI0K 2o

2024 Guo % A\ (2024) 0.4320 0.699 0 0.740 0 0.033 0 PAVSI10K 20
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