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The image depicts how our robot Irma3D sees o
itself in a mirror. The laser looking into itself . " i
creates distortions as well as changes in intensity == rf' r .nreas, hter
that give the robot a single eye, complete with

iris and pupil. Thus, the image is called
"Self Portrait with Duckling".



How It started



From the very beginning...

e End of 90°'s - Introduction of 2D laser scanners and their wide
apaption in industry (2D laser scan)

* Limited use in everyday and
challenging environments
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../lehre/Videos/laser.mp4
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../lehre/videos/No_crash.divx.avi
../lehre/Videos/osaka-autonom-1-part.mpg

SLAM with 6DoF based on ICP
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../lehre/Videos/slam.divx.avi

6DSLAM with sematics

* Plane extraction with
- RANSAC
- fast, reliable 3D Hough Transform
- Region Growing

* Object Detection with

hand crafted featrues
and SVM / AdaBoost
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(video)

How is meaning of a symbol to be grounded

iIn something other than just more meaningless symbols?
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../lehre/Videos/semantic_maps.divx.avi

How It developed



Arrival of new sensors

e Microsoft's Kinect democratized 3D point clouds by turning
expensive industrial depth-sensing technology into an affordable,
consumer-grade device.

 TOF cameras appeared
* Many laser scanning manufactures entered the market
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Point Clouds Everywhere



Underground

(video) 10
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Underwater
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Underwater



../lehre/Videos/underwater_line_scanning.mp4

On the ground
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Airborne

(video)
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../lehre/videos/Eins3D_short.mp4

In Space
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How It's going
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SceneFactory — 3D mapping with various inputs

(a) Schloss (RGB-L)
Large-scale (~80x50m)

=" (b) Univ land (RGB-L)
Very-large-scale (~300x200m)

(c) Robotics hall (RGB-D) (d) Living room (RGB)
Mid-scale (~20x10m) Small-scale (~5x5m)

Julius-Maximilians-
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SceneFactory

* Four production units Connected with Dependency Graph

Supported
inputs: apgfi)cations:
Iy I Pose Intr.
———— —» RGB-D/L Recon. Tracking ]
U——G—G— > o
Mono Recon.
_W_ﬁ_ & = Depth-only Recon.
— . . Flexion Est
44— —{4— © —P» LIDAR Completion =
; RGB-D/L SLAM,
o Dense RGB-D/L SLAM
e L £ P Unposed mvp,
© Mono SLAM,
|_|h_ Dense Mono SLAM Depth Est. J
_Ei_ _ﬁ_ Depth-only SLAM,
Dense Depth-only SLAM
— 3 3 Unposed&Uncalibrated MVD
: Scene Recon. J
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SceneFactory — Framework

m ~. | Applications:
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SceneFactory — Reconstruction

e Dual-purpose Multiresolutional Neural Points

Online learn: o
7N
G'plang) 8 8 O?HC—CgtHz
O
G@ G.le’Fle) O
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(Pgtﬂcgt)
(a) Allocating neural points (b) Online learning
Inference:
—_— O
O
Ny 388 e
o 0O=0
o O
p* o
O

(c) Rasterization for surface points (d) Surface color prediction

Julius-Maximilians-
UNIVERSITAT
WURZBURG




SceneFactory — Example module depth estimation

-

o o o o - -

« Similarly to DepthCov [1] we utilize its deep-learned covariance function to

formulate ScaleCov as Gaussian Process Regression

Julius-Maximilians-
UNIVERSITAT  [1] E. Dexheimer and A. J. Davison, “Learning a depth covariance function,” in Proceedings of the 23
WURZBURG IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023, pp. 13 122-13 131.




SceneFactory — ScaleCov
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(c) Completed depth (d) Depth variance
Fig. 21. Complete LiDAR depth with ScaleCov.
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SceneFactory - Flexion

Make SE(3)-invariant

Flexion [2]

Untrackable Trackable

Julius-Maximilians-
UNIVERSITAT  [2] R. Lésch, M. Sastuba, J. Toth, and B. Jung, “Converting depth images and point clouds for 25
WURZBURG feature-based pose estimation,” in IEEE/RSJ IROS, 2023.




SceneFactory — Results on Multiview Depth Estimation

'@ .. . . Frontvie Topvie
& Vision illusion view pview

< (Ames Room)

DUSt3R
[3]

ref

src Ours

Julius-Maximilians-
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WURZBURG Geometric 3d vision made easy,” in Proc. CVRP 2024



SceneFactory — Results on Surface Light Fields

SceneFactory Ground Truth

Julius-Maximilians-
UNIVERSITAT Y. Yuan and A. N'uchter, “Online Iearnlng of neural surface light fields alongside DA
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SceneFactory — Results on Dense SLAM

 RGB as input

- .
p} -.'- u?'*

L e
= )

NICER-SLAM. Ours
B Input

UN“’;‘E;V?HR“;- Zihan Zhu, Songyou Peng, V. Larsson, Zhaopeng Cui, M. R. Oswald, A. Geiger, M. 28
WURZBURG Pollefeys, “NICER-SLAM: Neural Implicit Scene Encoding for RGB SLAM,”

International Conference on 3D Vision (3DV) 2024




SceneFactory — Results on Dense SLAM

« RGB-D Camera as input

Mid-scale (~20x10m)

3 ) .ol

(d)-Ours (RGB-D) |

Fig. 18. Test result on our mid-range scene. Trajectories are plotted blue.

Julius-Maximilians- ] ; - ) . - - -
UNIVERSITAT Hidenobu Matsuki, Riku Murai, Paul H.J. Kelly, A. J. Davison, “Gaussian Splatting
I WURZBURG SLAM", CVPR 2024




How It will end up

30



What will come next

* 3D Gaussian Splatting and Neural : :
Radiance Fields (NeRFs) will Perception removes d?Ta:lsl
complete missing information and and adds interpretation!

generate photorealistic 3D scenes

* 3D world models are emerging
- VideoGen (image/video-centric)
— OccGen (occupancy-centric)
- LIDARGen (point-cloud-centric).

 |teratively simulate closed-loop agent-environment interactions by
generating successive scene states.

‘Perception is controlled hallucination. Max Clowes, 1971 I
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