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Overview UniDepth

* Prior-free assumption.
* 3D reconstruction from a single image.
* Spherical-representation and camera-bootstrapping for scalability.
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Monocular limitation

lll-posed problem: lack of generalization.
= Appearance

" Geometric

focal=26 mm, depth=2m  focal=52 mm, depth=2m  focal=26 mm, depth=1 m

Piccinelli, Luigi, et al. "iDisc: internal discretization for monocular depth estimation." CVPR 2023
Yin, Wei, et al. "Metric3D: Towards zero-shot metric 3d prediction from a single image." ICCV 2023



Ambiguity solutions

Raw image MiDaS Depth Anything

1. Non-metric [1,2]

| = >
] I
| ViT Transformer d, |
—> [ | encoder Pl Decoder, s
]
S ) 3 7
. o Image I, € RW*Hx3 i Information
haris
_ P s amj?
) = ( ‘
ViT Transformer
I Head, |
}J Patchi’fy = encoder Decoder, L
- 1 S
Image I, € RWxH*3
. Input I,
. Camera-abstraction ..
B o, vo) fwg, Wy |

,..........T._.......J
MiDas Depthmap

Residual Connections

| conv
(1,1)

LogBinomial

y
= Softmax

y

4
y
Ercoted ' Decoder ’

MiDas // w

F LT T 1

3216 8 12

%

A H

4. Pre-training based [5]
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[1] Ranftl, René, et al. "Towards robust monocular depth estimation: Mixing datasets for zero-shot cross-dataset transfer." T-PAMI 2020
[2] Yang, Lihe, et al. "Depth anything: Unleashing the power of large-scale unlabeled data." CVPR 2024.

[3] Wang, Shuzhe, et al. "DUSt3R: Geometric 3D Vision Made Easy." CVPR 2024.

[4] Yin, Wei, et al. "Metric3D: Towards zero-shot metric 3d prediction from a single image." ICCV 2023

[5] Bhat, Sharig Farooq, et al. "ZoEDepth: Zero-shot transfer by combining relative and metric depth." arXiv 2023



Our approach

Direct regression in 3D limiting
ambiguity
1. Pseudo-Spherical representation

2. Geometric Invariance

3. Camera Bootstrapping
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Architecture

|

L

= 2
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Architecture
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Metric &, : The higher the better. Depth is GT-rescale for comparison fairness with non-metric methods.
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Conclusion

e Data is enough for geometric structure priors
* Metric component fragile to strong domain shifts
* Leveraging temporal consistency can improve ambiguities
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