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Engel, Schops, Cremers, ECCV 2014. Engel, Koltun, Cremers, PAMI 2018:
LSD SLAM Direct Sparse Odometry
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Direct Sparse Odometry

Engel, Koltun, Cremers, PAMI 2018
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:;;;_‘r_j;g,ﬁgirél\’ntegratlon: Stereo, IMU, RTK-GNSS,... .ru-"
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Mobile Mapping System:
» GPS-independent realtime localization

» Leveraging off-the-shelf cameras

Y Spatial AI Cloud Platform:
LV e - ~ Access to navigation and map data

» Semantic scene understanding
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Von Stumberg, Cremers, “Delayed Marginalization VI Odometry”, ICRA 2022
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e Advent of Deep Networks

Krizhevsky et al., NIPS 2012

2011 (XRCE)

Performance Scores on the ImageNet Recognition Challenge
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Deep Nets beyond Object Recognition
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. Fischer, A. Dosovitskiy, E. llg, P. Hausser, C. Hazirbas, V. Golkov
P.v.d. Smagt, D. Cremers, T. Brox -i;;;dmg
! oad Markin
FlowNet: oS
Learning Uptical Flow -
. . -SignS mbol
with Convolutional Networks
Vehicle
Pedestrian
= Bike
Dosovitsky et al., “FlowNet”, ICCV 2015 Badrinarayanan et al., “SegNet”, arxiv’15

VLSEGEWQLVLHVWAKVEADVAGH
GQDILIRLFKSHPETLEKFDRFKH
LKTEAEMKASEDLKKHGVTVLTAL
GAILKKKGHHEAELKPLAQSHATK
HKIPIKYLEFISEAIIHVLHSRHP
GDFGADAQGAMNKALELFRKDIAA
KYKELGY (Homo sapiens)

Sequence (length=L)

3D structure

Golkov et al., NeurlPS '16 Caelles et al., CVPR 2018
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ZA’IOU etal. CVPR 17
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Majourlan et al. CVPR | | Zhou et al. EC 18
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Neural
Network

Kuznietsov et al. CVPR 2017

-

Yang, Wang, Stueckler, Cremers, ECCV 2018
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Daniel Cremers (TUM)

Deep
Network

@ D3VO: Depth, Pose & Uncertainty

Deep Depth
\ Front-end
Tracking &
Deep Pose Back-end

\ / Optimization

Deep Uncertainty

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

N\

I, > Pose Net =—> T

Self-supervised learning:

Lself = 1/, It’—>t) I
t' >t

Yang et al., “D3VO”, CVPR 20

Daniel Cremers (TUM) Recent Developments in Multi-view Reconstruction 13



AT

Bkt _ﬁf;%“Deep Affine Brightness Correction
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Yang et al., “D3VO”, CVPR 20
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I; =» Depth Net

N\

[,,=» Pose Net

/11

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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8kt _Jf'"‘Predlctlng Depth, Pose & Uncertainty

Dy

_
[; =» Depth Net —p \ Front.-end
\ Tracking &
I~ Pose Net —> Ttt, Back-end
~ / Optimization

t" .t
a; , by

Self-supervised learning:

_ r(af It T bg ;It’—>t) |
Lserr = - log

Yang et al., “‘D3VO”, CVPR 20
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vies @i Experiments: Visual Odometry

KITTI: classical methods KITTIl: deep methods

mean Seq.09 Seq.10

TV e

EuRoC: classical methods

mean
DSO 0.48
Mono-VIO |VI-DSO 0.11

Stereo-VIO |Basalt 0.08

Yang et al., “D3VO”, CVPR 20
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ahirs ..4_,‘4::;;,--_;_eﬁ‘sé‘Reconstructions from a Single Camera

| Cost Volume
Construction
MaskModule
DepthModule

.
L] o
Max Pool

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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Wimbauer et al., “MonoRec: Monocular Dense Reconstruction”, CVPR 21
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__Neural Radiance Fields for Novel View Synthesis
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Mildenhall et al., “Neural Radiance Fields” ECCV 2020
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aq«Ne_y‘_ral""R:iadiance Fields for Novel View Synthesis

Mildenhall et al., “Neural Radiance Fields” ECCV 2020
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.,4,,.\-:3:'--::«'eh'éffy-FieIds for Single View Reconstruction

Implicit density distribution o
described by fur A

—>»>
Feature f/

3 x HxW

¥
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Encoder-Decoder

Wimbauer et al., “Behind the Scenes: Density Fields for Single View Reconstruction”, CVPR 23
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AP .{ti_.i__nsﬁy Fields for Single View Reconstruction

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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Density Fields for Single View Reconstruction”, CVPR 23

Wimbauer et al., “Behind the Scenes:
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it @«:wgg;eWsupemsed Semantic Scene Completion

Complete Geometry and Semantics

(Depth / Lidar)

Hayler et al., “S4C: Self-Supervised Semantic Scene Completion”, 3DV 24
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Self-supervised Semantic Scene Completion

S4C (O drs)
Hayler et al., “S4C: Self-Supervised Semantic Scene Completion”, 3DV 24
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Gaussian Splatting

-;’E-‘:I|

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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vies . sAnyCam: Reconstruction from Casual Videos

i =

Monst3r (ICLR 2025)

but

4

A Expensive data collection
A Limited datasets
A Dataset biases

A Sim-to-real gap
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vies ewAnyCam: Reconstruction from Casual Videos .ru-"

Depth from MDE Camera Poses

Casual Video

+ Intrinsics

7

W

+ Uncertainties

Optical Flow

Felix Wimbauert?3 Weirong Chen'?3 Dominik Muhle!? Christian Rupprecht®> Daniel Cremers?

Technical University of Munich 2MCML 3University of Oxford

Wimbauer et al., “AnyCam: Learning to Recover Camera Poses
and Intrinsics from Casual Videos”, CVPR 25
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YouTube VOS EpicKitchens

From YouTube

No ground truth data

Wimbauer et al., “AnyCam: Learning to Recover Camera Poses
and Intrinsics from Casual Videos”, CVPR 25
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Reconstruction from Casual Videos

and Intrinsics from Casual Videos”, CVPR ‘25
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Wimbauer et al., “"AnyCam: Learning to Recover Camera ses
and Intrinsics from Casual Videos”, CVPR ‘25 \
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5{Reconstruction from Multiview Video
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Oswald, St[ﬁvmer, Cremers, ECCV ‘14
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vies @Reconstructing Physical Simulations from Video

S

Joint Gradient-based
Optimization

Physical Simulation

[Lagrangian]

!

Depth Observations Result

I

of
[Eulerian]

Weiss et al., CVPR 2020
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i ,\_N.,;‘.;,:eCO'ﬁ‘Structing Physical Simulations from Video .ru-"

Ground Truth Initial Reconstruction

Weiss et al., CVPR 2020
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; ,,;_-’;.,__H;__;-_jféfructlng Physical Simulations from Video .ru-"

Observation with an RGB-D Camera
Color Filtered Depth

Weiss et al., CVPR 2020
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vies 4D Reconstruction from Sparse Observations

a4 e

Reconstructed Deformation

Sang et al., “4Deform: Neural Surface Deformation for Robust Shape Interpolation®, CVPR 25
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2 Volume-Preserving Shape Interpolation

Eisenberger, Laehner, Cremers, SGP 2019
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. Volume-Preserving Shape Interpolation

Eisenberger, Laehner, Cremers, SGP 2019

Daniel Cremers (TUM) Recent Developments in Multi-view Reconstruction



..©»4D Reconstruction from Sparse Observations

keyframe point clouds keyframe kinect data generated intermediate frames

Sang et al., “4Deform: Neural Surface Deformation for Robust Shape Interpolation®, CVPR 25
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Biite wﬂmﬂc? Reconstructlon from Sparse Observations .ru.rl

e - ﬁﬁ*lb:iy‘ =2

¢(x(t),t) =0

d
E¢(X,t) = 0:¢ + VTV¢ =0

d
Ex(t)

Sang et al., “4Deform: Neural Surface Deformation for Robust Shape Interpolation®, CVPR 25
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vies 4D Reconstruction from Sparse Observations

i i | -

> Correspondences

Geometrical Constraint

Latent Vector

Geometrical Constraints Physical Constraints
o Normal deformation constraint o Spatial smoothness velocity
« Level set equation constraint e Volume preserving deformation
« Matching loss « Stretching constraint

e Distortion constraint

Sang et al., “4Deform: Neural Surface Deformation for Robust Shape Interpolation®, CVPR 25
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4D Reconstruction from Sparse Observations

Large deformation Partial shape deformation

corres error

LIMP SAc: 2.486
SAc: 1.009

SAo: 2.333

NISE
SAc: 3.574

Our
SAc: 0.310

Our
SAo: 0.103

Sang et al., “4Deform: Neural Surface Deformation for Robust Shape Interpolation®, CVPR 25
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vies . TwoSquared: 4D Generation from 2D Image Pairs

’ e
-

2D input images:

Sang et al., “TwoSquared: 4D Generation from 2D Image Pairs®, arxiv ‘25
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2D input images:

Sang et al., “TwoSquared: 4D Generation from 2D Image Pairs®, arxiv ‘25
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- ~TWQSqUéred: 4D Generation from 2D Image Pairs

-

Sang et al., “TwoSquared: 4D Generation from 2D Image Pairs®, arxiv ‘25
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TP Tt e = Event Cameras

' typical motion ; no motion ; rapid motion .

Standard Camera

Nno events

Event Camera

Lichtsteiner, Posch, Dellbriick 2006, IEEE J. Solid-State Circuits 2008
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..# Event-based SLAM in Computer Vision

Can we achieve high-precision
monocular event-only
visual odometry?

Recent Developments in Multi-view Reconstruction
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T Differentiable

»[Cpose (T, ?)]‘

Compute flow f

Compute flow J d BA
—>( (T, d) )—><—[ (T, d) : X
L ’[Escore(fa ?, S, w)}‘ J

Pooled Multinomial Sampling ¥ )
P . i)

A 1)

Patch

Update Operator
Selector P P

J/
N/
%18

Training Data Patch Selector & Sampler Estimation

Klenk, Motzet, Koestler, Cremers, “Deep Event Visual Odometry”, 3DV 2024
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Klenk, Motzet, Koestler, Cremers, “Deep Event Visual Odometry”, 3DV 2024



Klenk, Motzet, Koestler, Cremers, “Deep Event Visual Odometry”, 3DV 2024



vhee o The TUM VIE Dataset
LR R0 | il “‘-‘—* Sel=A |

(a) left visual frame (b) right visual frame

(c) left event frame (d) right event frame

Klenk, Chui, Demmel, Cremers, “TUM-VIE: The TUM stereo visual-inertial
event dataset”, IROS 2021
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K/enk Chui, Demmel Cremers “TUM-VIE: The TUM stereo VIsual-men‘lal
event dataset”, IROS 2021.
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wiee @ Performance across 7 Datasets .ru-"
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U8 Top1 (Mono EO) Top1 (All) Top2 (All)

Klenk, Motzet, Koestler, Cremers, “Deep Event Visual Odometry”, 3DV 2024
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Interested in joining us? ﬂ‘J'_ﬁi

Simon Klenk Daniel Cremers Luka
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Deep & direct visual SLAM

Monoocular dense mapping Semant|c scene completlon 4D reconstruction from sparse data
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