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360 Cameras

(c) 360 CAM (d) GoPro Omni
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NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Al et al. "A survey of representation learning, optimization strategies, and applications for omnidirgdtiordalA 2,202%
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_ 360 Image
Perspective _Image' Equirectangular projection (ERP)
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Captured with the iPhone 11 Captured with the THETA 360 camera

Some drawbacks: Some advantages:
v Limited Field-of-view v’ Large Field-of-view (360x180)
v" Weak to capture the 3D information v' Strong immersivity and more realism

— -.
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Applications of 360 Cameras

VO & 3D Reconstruction

Huang et al, 360VO: Visual Odometry Using A Single 360 Camera, RAL, 2022.

Robotics and self -driving

Al et al HRDFuseMonocular 368Depth Estimation by Collaboratively Learning Hohsfiih-Regional Depth Distributions, CVPR, 2023.
Lee etal . SpherePHDApplying CNNs on a SpherialyHeDrorRepresentation of 360 Images, CVPR, 2019.
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Key Focus of This Talk

A Survey of Representation Learning, Optimization Strategies,
and Applications for Omnidirectional Vision

Hao Ai! . Zidong Cao ! .- Lin Wang 1'% ™

A Survey of Representation Learning, Optimization Strategies, and Applications for Omnidirectional Vision

Omnidirectional Imaging & Datasets (Sec.2) — Omnidirectional Vision-based Tasks (Sec.5)
. .. Visual Enhancement (Sec.5.1)  Scene Understanding (Sec.5.2)
Acquisition (Sec.2.1)  Projections (Sec.2.2)
ODI Generation Super-resolution Object Detection Segmentation
Datasets (Sec.2.3) - Visual Quality Assessment Saliency Prediction
3D Geometry and Motion Estimation (Sec.5.3)
ODI Representation Learning (Sec.3) “ Depth Estimation Room Layout Estimation and Reconstruction

_l

Optimization Strategics (Sec.d) +_ Optical Flow Estimation Simultaneous Localization And Mapping
— Applications (Sec.
Unsupervised / Semi-supervised (Sec.4.1) L (Sec.6)
AR/VR (Sec.6.1) Robot Navigation (Sec.6.2)
Transfer Learning (Sec.4.2)
Autonomous Driving (Sec.6.3)
Multi-task Learning (Sec.4.3
g ) Discussion and New Perspectives (Sec.7)

—p
Deep Reinforcement Learning (Sec.4.4) - Conclusion (Sec.8)
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Imaging principles of several cameras

Assigning light from the camera’s surrounding to a specific data structurea
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(a) Pinhole camera; (b) Fisheye camer
(b) 360 camera (duafisheye);
(c) 360 camera (multifisheye)

A,

Stitched ODI

Dual-fisheye
images

Stitching a pair of dudisheye images into an ERP imgge

p| |(@®+y*+2%)"?| |z| |psin(6)sin(g)
f|=| arctan(z/z) |, |y|=| pcos(od)
¢ arccos(y/p) z| |pcos(f) sin(e)

Spherical Projectior
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Representation of 360 images

Due to spherical imaging, 360° Image owns multiple projection formats

t---> ---»

Equirectangular Projection (ERP) Cubemap Projection (CP)

29O
/N AN

Tangent Projection (TP)

[\
JAVA
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level= level=1 level=2

Lcosahedron (ICOSAP) Cube MSI (IEEE RAL, 2025) Vertical/horizontal Slicing
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Representation of 360 images: ERP

ERP is the most common representation

= ERP images contains severe spherical distortions, especially at two poles.

= Normal 2D-based convolution filters can not handle distortion problem.

4

Spherical distortion

P =4 ~
:%d NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Al et al. "A survey of representation learning, optimization strategies, and applications for omnidirédtiordalA 2,?0R%



Representation of 360 images: Cubemap Projection

CP padding is needed

Spherical padding is important!

Cube Padding Spherical Padding
Cube padding

- Cube padding directly pads the feature of the
connected faces.

- The values of four corners are undefined.

Spherical padding
- The padding area is calculated with spherical
projection.
- Both the missing corner and inconsistency at the
boundary can be addressed.

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE

Wang et alBiFuseMonocular 360Depth Estimation via BRrojection Fusion, CVPR, 2020.



Representation of 360 images: Tangent Projection

A set of local planar image grids tangent to the subdivided icosahedron

ERP image TP patches (N=10) TP patches (N=8)

%3 NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE



Representation of 360 images

Multi-spherical image (MSI) representation

Spherical Field

ERP

Implicit neural
function O
>

R(t) = O + Dt

Rayspheresamplingfrom the constructed spherical field:

a=1,b=<0,D >,c=< 0,0 > —r? R(t) = O + Dt

. —b -+ Vb?2 —4ac

Ray 2
R(z) = O + zD

NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Change et al, CUBE360: Learning Cubic Field Representation for Monocular 360 Depth Estimation; R



Representation of 360 images

Icosahedron-based 360° Image Representation

= Regular 20-sided polyhedron-based representation.
= A set of ray vectors equal to the number of pixels.

Advantage: Much less irregularity

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE

Lee et al. "SpherePHD: Applying CNNs an a Spherical PalyHe Dron Representation of 360 Images, CVPR, 20139,



Takeaways

Which representation is good?
No one, not even onel

Project fusion might be a good solution!

(HRDFuse, CVPR2023; Elite360D, CVPR 2024,
CUBE360, IEEE RAL 2025)
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ERP + CP Fusion for Depth Estimation

Is it possible to fuse both representations of 360 images?

= Mimicking both peripheral and foveal vision of the human eye

Equirectangular

Cubemap

3D bird eye view

ERP
ERP has the largest FoV compared to each = ERP to CP transform (E2C)
face on the cubemap projection = CP to ERP transform (C2E)

af NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Wang et alBiFuseMonocular 360Depth Estimation via #irojection Fusion, CVPR, 2020.



ERP+ TP Fusion for Depth Estimation

ERP image

ERP can provide holistic contextual information, but it is distorted.

éﬁj NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Al et al HRDFuseMonocular 36€Depth Estimation by Collaboratively Learning Hohstib-Regional Depth Distributions, CVPR,-20



ERP+ TP Fusion for Depth Estimation

TP patches

TP patches are less distorted but exist unavoidable overlapping areas
between two neighboring TP patches.

“ NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Al et al HRDFuseMonocular 366Depth Estimation by Collaboratively Learning Hohstib-Regional Depth Distributions, CVPR, 20



ERP+ TP Fusion for Depth Estimation

ERP image TP patches ERP depth

How to better employ the holistic contextual Information In the distorted ERP
Images and regional structural Information in the less-distorted TP patches?

NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Al et al HRDFuseMonocular 36€Depth Estimation by Collaboratively Learning Hohstib-Regional Depth Distributions, CVPR,-20



ERP+ TP Fusion for Depth Estimation

ERP Image holistic histogram of
- depth value
Feature [ Il
[l”‘ i'"'n‘ 2 Extract il wall_sas_alls_l | o
| % ractor l
CDDC

Feature
™  Extractor

regional histogram of

Tangent Patches depth value

A SFA learns the similarities between the TP features and ERP features .

A CDDC learns the holistic and regional depth distribution histograms.

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE

Final Depth Output

Al et al HRDFuseMonocular 36€Depth Estimation by Collaboratively Learning Hohstib-Regional Depth Distributions, CVPR,-20



ERP+ TP Fusion for Depth Estimation

Datasets Method | Patchsize/FoV | AbsRel | | SqRel | | RMSE | | RMSE(log) | | 611 | 621 | 431
FCRN [28] —/— 0.1837 - 0.5774 - 0.7230 | 0.9207 | 0.9731
BiFuse with fusion [41] —/— 0.1209 - 0.4142 - 0.8660 | 0.9580 | 0.9860
UniFuse with fusion [23] —/— 0.1114 - 0.3691 - 0.8711 | 0.9664 | 0.9882
Stanford2D3D | OmniFusion (2-iter) [30] | 256 x 256 /80° | 0.0950 0.0491 | 0.3474 0.1599 0.8988 | 0.9769 | 0.9924
PanoFormer* [35] —/— 0.1131 0.0723 | 0.3557 0.2454 0.8808 | 0.9623 | 0.9855
HRDFuse,Ours 128 x 128 / 80° | 0.0984 0.0530 | 0.3452 0.1465 0.8941 | 0.9778 | 0.9923
HRDFuse,Ours 256 x 256 / 80° | 0.0935 0.0508 | 0.3106 0.1422 0.9140 | 0.9798 | 0.9927
FCRN [28] —/— 0.2409 - 0.6704 - 0.7703 | 0.9714 | 0.9617
BiFuse with fusion [41] —/— 0.2048 - 0.6259 - 0.8452 | 0.9319 | 0.9632

UniFuse with fusion [23] —/— 0.1063 - 0.4941 - 0.8897 | 0.9623 | 0.9831
Matterport3D | OmniFusion (2-iter) * [30] | 256 x 256 / 80° | 0.1007 0.0969 | 0.4435 0.1664 0.9143 | 0.9666 | 0.9844
PanoFormer* [35] —/— 0.0904 0.0764 | 0.4470 0.1650 0.8816 | 0.9661 | 0.9878
HRDFuse,Ours 128 x 128 / 80° |  0.0967 0.0936 | 0.4433 0.1642 0.9162 | 0.9669 | 0.9844
HRDFuse,Ours 256 x 256 / 80° | 0.0981 0.0945 | 0.4466 0.1656 0.9147 | 0.9666 | 0.9842
FCRN [28] —/— 0.0699 0.2833 - - 0.9532 | 0.9905 | 0.9966
Mapped Convolution [15] —/— 0.0965 0.0371 | 0.2966 0.1413 0.9068 | 0.9854 | 0.9967
BiFuse with fusion [41] —/— 0.0615 - 0.2440 - 0.9699 | 0.9927 | 0.9969
ADEO UniFuse with fusion [23] —/— 0.0466 - 0.1968 - 0.9835 | 0.9965 | 0.9987
2P0 ODE-CNN [10] —/— 0.0467 0.0124 | 0.1728 0.0793 0.9814 | 0.9967 | 0.9989
OmniFusion (2-iter) [30] | 128 x 128 / 80° | 0.0430 0.0114 | 0.1808 0.0735 0.9859 | 0.9969 | 0.9989
HRDFuse,Ours 128 x 128 /80° | 0.0363 0.0103 | 0.1565 0.0594 0.9888 | 0.9974 | 0.9990
HRDFuse,Ours 256 x 256 / 80° | 0.0358 0.0100 | 0.1555 0.0592 0.9894 | 0.9973 | 0.9990

Best results compared with TP -based transformer approach!

Eag

Problems

1. Merging plenty of patches is

non -trivial process .
2. The heavy computation
memory and cost from cross-

projection fusion.

3. Special encoders need to be
designed to address distortion
issues .

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE

Al et al HRDFuseMonocular 36€Depth Estimation by Collaboratively Learning Hohstib-Regional Depth Distributions, CVPR,-20



Is It possible to use the off -the-shelf 2D encoders
and learn computationally -cheap models?

(Elite360D, CVPR 2024)




ERP+ ICOSAP Fusion for Depth Estimation

Take the best of ERP and ICOSAP by learning a representation from a local -with -
global perspective

ERP Branch
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Off-the-shelf Encoder

projection %

Support a wide range of 2D pretrained models as encoder backbones.

NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Al et al. Elite360D: Towards Efficient 360 Depth Estimation via SenaaatiDistanceAware BiProjection Fusion, CVPR; 20



ERP+ ICOSAP Fusion for Depth Estimation

Take the best of ERP and ICOSAP by learning a representation from a local -with -
global perspective

ICOSAP Branch

Point \ ¥
ICOSAP

Icosahedron Samplingpoint Feature set {=| I?J
projection Set{ ”_ F Ii

Represent ICOSAP sphere as the point set , which contain the
spatial information and global perception.

NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Al et al. Elite360D: Towards Efficient 360 Depth Estimation via SenaaatiDistanceAware BiProjection Fusion, CVPR; 20



ERP+ ICOSAP Fusion for Depth Estimation

B2F: Bi -Projection Bi -attention Fusion Module

B2F Module

I_
, ’ ﬂ e
4 ‘h
V4
g Lot L
B2F Semanticaware Gated Distanceaware
Affinity attention Fusion Affinity attention
Eri | i | R |
{._ Wh'i i 'I%h”p::z:z: Wa

SR

" N7 (7550

Capture the semantic - and distance -aware dependencies between each
ERP pixel feature and entire ICOSAP feature set

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Al et al. Elite360D: Towards Efficient 360 Depth Estimation via SenaaatiDistanceAware BiProjection Fusion, CVPR; 20



ERP+ ICOSAP Fusion for Depth Estimation

Take the best of ERP and ICOSAP by learning a representation from a local -with -
global perspective

Gb 2D ERP feature map
Pretrained > 3T
Model iys
B2E —| Decoder
oy

. <TAS
- EI;(C:):Jndter — &% 5

ICOSAP Feature set

NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE Al et al. Elite360D: Towards Efficient 360 Depth Estimation via SenaaatiDistanceAware BiProjection Fusion, CVPR; 20



ERP+ ICOSAP Fusion for Depth Estimation

Smallest model size with on par performance

Datasets Backbone Method | Pub’Year | #Params (M) | #FLOPs (G) | AbsRel | | SqRel | | RMSE | | &;(%) 1 | 02(%) 1 | d3(%) 1
Transformer EGFormer ICCV’23 15.39 66.21 0.1473 0.1517 0.6025 81.58 93.90 97.35
) PanoFormer ECCV’™22 20.38 81.09 0.1051 0.0966 0.4929 89.08 96.23 98.31
BiFuse CVPR’20 35.80 165.66 0.1360 0.1202 0.5488 83.27 95.12 98.10
UniFuse RAL21 30.26 62.60 0.1191 0.1030 0.5158 86.04 05.84 98.30
ResNet-18 OmniFusion CVPR’22 32.35 08.68 0.1209 0.1090 0.5055 86.58 95.81 98.36
HRDFuse! CVPR’23 26.09 50.59 0.1414 0.1241 0.5507 81.48 94.89 98.20
Ours - 15.43 4591 0.1272 0.1070 0.5270 385.28 05.28 08.49
M3D BiFuse CVPR’20 56.01 199.58 0.1126 0.0992 0.5027 88.00 96.13 98.47
BiFuse++ TPAMI'22 52.49 87.48 0.1123 0.0915 0.4853 88.12 96.56 98.69
ResNet.34 UniFuse RAL21 50.48 96.52 0.1144 0.0936 0.4835 87.85 96.59 98.73
) OmniFusion CVPR’22 42.46 142.29 0.1161 0.1007 0.4931 87.72 96.15 98.44
HRDFuse' CVPR’23 4631 80,87 Q1172 0.0971 0.5025 86,74 96.17 98.49
Ours - 25.54 65.29 0.1115 0.0914 0.4875 88.15 96.46 08.74
BiFuse CVPR’20 253.08 775.24 0.1179 0.0981 0.4970 86.74 96.27 98.66
ResNet-50* UniFuse RAL21 131.30 222.30 0.1185 0.0984 0.5024 86.66 96.18 98.50
Ours - 42.99 170.11 0.1112 0.0980 0.4870 36.70 96.01 08.61

R
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Al et al. Elite360D: Towards Efficient 360 Depth Estimation via SenaatiDistanceAware BiProjection Fusion, CVPR, 20




Data-specific models are diffic
ult to be generalized to unseen
scenes (outdoor and indoor)

Can we get 360 foundation
model?

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE

Unseen autdoonscenes: =




Vision Foundation Models

Depth Anything v1 & v2

A Utilize large amount of labeled and unlabeled data for training.

(2] NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Do depth foundation models generalize well to
360 data across diverse scenes?
(PanDA, CVPR 2025)

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Leaderboard of Performance

Check the spherical properties of Depth Anything for panoramas

A Panoramic representations; Camera positions; and Spherical transformations.

Camera Position Spherical Transformations
(Sec. 3.2) — (Sec. 3.3) .
Height: 1- 2 ‘
Focation: 2= 5 / Vertical rotation Sphe;icai zoom /
v |Fig.6,7

Input [—» DepthAnything [—» Output

$ 1ub. 1, Fig. 4 Tub. 2 l
Panorama Representations (Sec. 3.1)

TP Horizontal Slices  Vertical Slices

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE



Finding 1

Check which panoramic representation is better for Depth Anything

A When the output space is ERP, ERP performs the best.

Method Backbone| ERP  CP TP HS VS m&zp—a ' (b) HS f,_(c)‘
VIT-S | 0.1687 02144 02289 02104 0.1873 g !l
DAM v1 [49] ViT-B | 0.1629 0.2238 0.2251 0.2073 0.1889 - |
VITL |0.1614 02165 0.2046 0.2043 0.1858 s -
d) CP ) TP
VIT-S | 0.1692 0.2205 0.2317 0.2186 0.1962 @ g —
DAMv2[50] | ViT-B |[0.1662 0.2249 0.2460 0.2149 0.2006 l '.. v V qi
VITL |0.1654 02238 02363 02101 0.1984 = L

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE

Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Finding 2

Check which panoramic representation is better for Depth Anything
A When the output space is other projections, ERP performs mostly the best

A The prior knowledge in Depth Anything can address spherical distortion in some level

Inp. — Out. Equator Pole Average
ERP — CP 0.1129 0.1201 0.1153
Cp —CP 0.1164 0.1357 0.1228
ERP — TP 0.1235 0.1232 0.1234
TP — TP 0.1416 0.1492 0.1441
ERP — HS 0.1322 0.0965 0.1145
HS — HS 0.1760 0.1251 0.1507
ERP — VS B B 0.1438
VS — VS 0.1355

@ NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Finding 3

Check the camera position
1. Near the ground, poor result due to large portion of polar regions

2. Lift the height, better result ;

3. Lift the height and move towards the interested objects , best result .

“ NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Finding 4

Check the robustness of Depth Anything for panoramas

A Depth Anything performs poorly with spherical transformations.

Vertical rotation

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Finding 5

Check the robustness of Depth Anything for panoramas

A The performance of Depth Anything changes rapidly .

0.26 ciai.
0.23 ﬁh_\\
N\
0.24 0.22 \\
€ 0.22 £ 021
m 84
7] 7]
—— DAM V1 B —— DAMv1 B
—— DAMV1 L —— DAM V1 L
0.18/ — DAMV2.S —— DAMV2_S
—— DAM V2 B _— —— DAM v2 B
—— DAM v2 L ‘ —— DAM V2 L
0.16 _ _ _ : | . '
-50 0 50 1 2 3 4
Vertical rotation angle/° Zoom level

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Hurdles for Achieving 360 Foundation Model

360 depth ground truth is difficult to acquire

N
N

A —

Labeled Perspective Unlabeled Labeled 360 Unlabeled 360
> 10M Perspective <0.1M About 0.4M
>50M

Complicated annotation on curves, and require stitching

R
NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Achieving 360 Depth Anything

A Fine-tune Depth Anything to omnidirectional images with three stages of semi-supervised learning
A Teacher model training with synthetic panoramas;

A Collect 100k unlabeled real -world images and generate pseudo labels from the teacher model;

A Student model training  using both labeled and unlabeled data.

“ NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



Achieving 360 Depth Anything

A Semi-supervision pipeline

A Enforce consistency between the original unlabeled panorama and color-augmented ones.

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Cao et alPanDATowards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVI



