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360 Cameras

AI et al. "A survey of representation learning, optimization strategies, and applications for omnidirectional ǾƛǎƛƻƴΦέLW/±, 2025.
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Captured with the iPhone 11 Captured with the THETA 360 camera

AI et al. "A survey of representation learning, optimization strategies, and applications for omnidirectional ǾƛǎƛƻƴΦέLW/±, 2025.



Applications of 360 Cameras 

Huang et al, 360VO: Visual Odometry Using A Single 360 Camera, RAL, 2022.
AI et al. HRDFuse: Monocular 360°Depth Estimation by Collaboratively Learning Holistic-with-Regional Depth Distributions, CVPR, 2023.
Lee  et al. "SpherePHD: Applying CNNs on a Spherical PolyHeDronRepresentation of 360 Images, CVPR, 2019.

VO & 3D Reconstruction Robotics and self -driving VR & Eye-tracking



Key Focus of This Talk

AI et al. "A survey of representation learning, optimization strategies, and applications for omnidirectional ǾƛǎƛƻƴΦέLW/±, 2025.
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Imaging principles of several cameras

https://www.flir.com/discover/cores-components/can-thermal-imaging-see-through-walls/

(a) Pinhole camera;  (b) Fisheye camera; 
(b) 360 camera (dual-fisheye);
(c) 360 camera (multi-fisheye)

Stitching a pair of dual-fisheye images into an ERP image

Spherical Projection

AI et al. "A survey of representation learning, optimization strategies, and applications for omnidirectional ǾƛǎƛƻƴΦέLW/±, 2025.



Representation of 360 images 

Equirectangular Projection (ERP) Cubemap Projection (CP) Tangent Projection (TP)

AI et al. "A survey of representation learning, optimization strategies, and applications for omnidirectional ǾƛǎƛƻƴΦέLW/±, 2025.

Cube MSI (IEEE RAL, 2025)Lcosahedron (ICOSAP) Vertical/horizontal Slicing



Representation of 360 images: ERP
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Spherical distortion

AI et al. "A survey of representation learning, optimization strategies, and applications for omnidirectional ǾƛǎƛƻƴΦέLW/±, 2025.



Representation of 360 images: Cubemap Projection

- Cube padding directly pads the feature of the 

connected faces. 

- The values of four corners are undefined.

- The padding area is calculated with spherical 

projection. 

- Both the missing corner and inconsistency at the 

boundary can be addressed.

Cube padding 

Spherical padding 

Wang et al. BiFuse: Monocular 360Depth Estimation via Bi-Projection Fusion, CVPR, 2020.



Representation of 360 images: Tangent Projection 
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Representation of 360 images 

Implicit neural 
function

ERP

Spherical Field

Ray-spheresamplingfrom the constructed spherical field:

Change et al, CUBE360: Learning Cubic Field Representation for Monocular 360 Depth Estimation, RAL, 2025.

Ray



Representation of 360 images 

Much less irregularityAdvantage:



Takeaways

Which representation is good?

No one, not even one!

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 

Wang et al. BiFuse: Monocular 360Depth Estimation via Bi-Projection Fusion, CVPR, 2020.

ERP has the largest FoV compared to each 

face on the cubemap projection

Cubemap

ERP



ERP+ TP Fusion for Depth Estimation 

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

ERP image

AI et al. HRDFuse: Monocular 360°Depth Estimation by Collaboratively Learning Holistic-with-Regional Depth Distributions, CVPR, 2023.



TP patches are less distorted but exist unavoidable overlapping areas 

between two neighboring TP patches.

TP patches

ERP+ TP Fusion for Depth Estimation 

AI et al. HRDFuse: Monocular 360°Depth Estimation by Collaboratively Learning Holistic-with-Regional Depth Distributions, CVPR, 2023.



How to better employ the holistic contextual Information in the distorted ERP

images and regional structural Information in the less -distorted TP patches?

ERP image TP patches ERP depth

ERP+ TP Fusion for Depth Estimation

AI et al. HRDFuse: Monocular 360°Depth Estimation by Collaboratively Learning Holistic-with-Regional Depth Distributions, CVPR, 2023.



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

Å CDDC learns the holistic and regional depth distribution histograms. 

ERP+ TP Fusion for Depth Estimation

AI et al. HRDFuse: Monocular 360°Depth Estimation by Collaboratively Learning Holistic-with-Regional Depth Distributions, CVPR, 2023.



ERP+ TP Fusion for Depth Estimation

Best results compared with TP -based transformer approach!

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 .

Problems

AI et al. HRDFuse: Monocular 360°Depth Estimation by Collaboratively Learning Holistic-with-Regional Depth Distributions, CVPR, 2023.



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

Equirectangular 
projection

ERP 
feature map

Ὂ

ERP Branch

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

AI et al. Elite360D: Towards Efficient 360 Depth Estimation via Semantic- and Distance-Aware Bi-Projection Fusion, CVPR, 2024.

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

global perspective



ERP+ ICOSAP Fusion for Depth Estimation

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

global perspective

Icosahedron 
projection

ICOSAP 
Feature set ╕╘╝

Point
Encoder

Sampling point 

Set  ╟╘╒╞

ICOSAP Branch

Represent ICOSAP sphere as the point set , which contain the 

spatial information and global perception.

AI et al. Elite360D: Towards Efficient 360 Depth Estimation via Semantic- and Distance-Aware Bi-Projection Fusion, CVPR, 2024.



ERP+ ICOSAP Fusion for Depth Estimation

B2F: Bi -Projection Bi -attention Fusion Module
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B2F

Capture the semantic - and distance -aware dependencies between each

ERP pixel feature and entire ICOSAP feature set

B2F Module

AI et al. Elite360D: Towards Efficient 360 Depth Estimation via Semantic- and Distance-Aware Bi-Projection Fusion, CVPR, 2024.



ERP+ ICOSAP Fusion for Depth Estimation
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Take the best of ERP and ICOSAP by learning a representation from a local -with -

global perspective

AI et al. Elite360D: Towards Efficient 360 Depth Estimation via Semantic- and Distance-Aware Bi-Projection Fusion, CVPR, 2024.



ERP+ ICOSAP Fusion for Depth Estimation

Smallest model size with on par performance 

ERP Image

GT Depth

Equi -Baseline

Our Elite360D

OmniFusion UniFuse

AI et al. Elite360D: Towards Efficient 360 Depth Estimation via Semantic- and Distance-Aware Bi-Projection Fusion, CVPR, 2024.



Data-specific models are diffic

ult to be generalized to unseen 

scenes (outdoor and indoor)

Can we get 360 foundation 

model?

Unseen outdoor scenes



Depth Anything v1 & v2

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

Vision Foundation Models

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Do depth foundation models generalize well to 

360 data across diverse scenes?

(PanDA, CVPR 2025)

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Leaderboard of Performance 

Check the spherical properties of Depth Anything for panoramas

Á Panoramic representations; Camera positions; and Spherical transformations.



Finding 1

Check which panoramic representation is better for Depth Anything

ÁWhen the output space is ERP, ERP performs the best.

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Finding 2

Check which panoramic representation is better for Depth Anything

ÁWhen the output space is other projections, ERP performs mostly the best .

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

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



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 .

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Finding 4

Check the robustness of Depth Anything for panoramas

Á Depth Anything performs poorly with spherical transformations.

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Finding 5

Check the robustness of Depth Anything for panoramas

Á The performance of Depth Anything changes rapidly .

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Hurdles for Achieving 360 Foundation Model

360 depth ground truth is difficult to acquire

Labeled Perspective

> 10M

Unlabeled 

Perspective

>50M

Labeled 360

< 0.1M

Unlabeled 360

About 0.4M

Complicated annotation on curves, and require stitching

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Á Fine-tune Depth Anything to omnidirectional images with three stages of semi-supervised learning

Á Teacher model training with synthetic panoramas;

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

Á Student model training using both labeled and unlabeled data.

Achieving 360 Depth Anything 

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.



Á Semi-supervision pipeline

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

Achieving 360 Depth Anything 

Cao et al. PanDA: Towards Panoramic Depth Anything with Unlabeled Panoramas and Mobius Spatial Augmentation, CVPR, 2025.


