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Direct Sparse Odometry

Engel, Koltun, Cremers, PAMI 2018
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: Stereo, IMU, RTK-GNSS, ...

Tufi

Mobile Mapping System:
» GPS-independent realtime localization

» Leveraging off-the-shelf cameras

Ea . — Spatial AI Cloud Platform:
e e
AV » Access to navigation and map data

» Semantic scene understanding
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eep Nets beyond Object Recognition

P. Fischer, A. Dosovitskiy, E. llg, P. Hausser, C. Hazirbas, V. Golkov E:Wl |
P.v.d. Smagt, D. Cremers, T. Brox -P;lllecmg
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Tree
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Fence

Learning Uptical Flow
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Vehicle
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Dosovitsky et al., “FlowNet”, ICCV 2015 Badrinarayanan et al., “SegNet”, arxiv’15
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Sequence (length=L)

3D structure

Golkov et al., NeurlPS ’16 Caelles et al., CVPR 2018
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Zpou etal. CVPR 17 Zhan et al. CVPR 18
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thourlan et al. CVPR 8 | Zhou et al. ECCV 18



Tufi

Deep
Neural
Network

Kuznietsov et al. CVPR 2017

Yang, Wang, Stueckler, Cremers, ECCV 2018
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vtes @0 D3VO: Depth, Pose & Uncertainty

T gt
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Deep Depth
I, \ Front-end
Deep Tracking &
— D P
I, Network eep FOSE Back-end

\ / Optimization

Deep Uncertainty

Yang et al., “D3VO”, CVPR 20
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Self-supervised learning:

Lself = 1/, It’—>t) I
t' >t

Yang et al., “D3VO”, CVPR 20
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Yang et al., “D3VO”, CVPR 20
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I; =» Depth Net

N\

[~ Pose Net
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Self-supervised learning: i
t’ t’
_ r(at It + bt IIt’—)t) L]
Lserf = - 108

Kendall et al., NeurlPS 17, Klodt et al. ECCV 18
Yang et al., “D3VO”, CVPR 20
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' L Predlctlng Depth, Pose & Uncertainty
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Self-supervised learning:
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Yang et al., “D3VO”, CVPR 20
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KITTI: classical methods KITTI: deep methods

N EE Seq. 09 Seq. 10

ORB-SLAM 37.0 End-to-end |Gordonetal. 2.7 6.8

Stereo DSO 0.89 Hybrid  [Zhanetal.

EuRoC: classical methods

EER
DSO 0.48
Mono-VIO |VI-DSO 0.11

Stereo-VIO |Basalt 0.08

oo [oovo_ 008

Yang et al., “D3VO”, CVPR 20
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vtes o Dense Reconstructions from a Single Camera

Cost Volume

Construction
MaskModule

cost volume mask module depth module
Aggregate brightness from Filter out moving objects based on
multiple warped frames. lack of brightness consistency.

Wimbauer et al., “MonoRec: Monocular Dense Reconstruction”, CVPR 21
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vtes s Dense Reconstructions from a Single Camera
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Wimbauer et al., “MonoRec: Monocular Dense Reconstruction”, CVPR 21
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Mildenhall et al., “Neural Radiance Fields”, ECCV 2020
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Mildenhall et al., “Neural Radiance Fields”, ECCV 2020
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Implicit density distribution o
described by fur A

F—>
Feature f/

3 x H<xW

—>>

Encoder—Dec‘oder

Feature Map F

Wimbauer et al., “Behind the Scenes: Density Fields for Single View Reconstruction”, CVPR 23
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Wimbauer et al., “Behind the Scenes: Density Fields for Single View Reconstruction”, CVPR 23
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Wimbauer et al., “Behind the Scenes: Density Fields for Single View Reconstruction”, CVPR 23
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Wimbauer et al., “Behind the Scenes: Density Fields for Single View Reconstruction”, CVPR 23
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vies o Self-supervised Semantic Scene Completion

gl

e

Complete Geometry and Semantics

(Depth / Lidar)

Hayler et al., “S4C.: Self-Supervised Semantic Scene Completion”, 3DV 24
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Hayler et al., “S4C.: Self-Supervised Semantic Scene Completion”, 3DV 24
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Lee Alan Westover 1991, Kerbl et al., “3D Gaussian Splatting”, Siggraph 2023
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Accuracy vs Efficiency

BakedSDF

Mobile-NeRF /'

Performance (FPS /W) 0.4 3D Gaus_sian\\/
Higher = Better vEge  SPlatting \
\

Instant-NGP Mip-NeRF
360

23.5 24 24.5

Quality (PSNR)
Higher = Better

Source: Jon Barron
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Summary
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Deep & direct visual SLAM

W

Monoocular dense r‘hépp“ing | Semantlc scene completlon Neural radiance fields & splatting
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