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Computer Vision & Driver Assistance TI_ITI
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Variational Scene Flow

Wedel et al. [JCV ‘11, Wedel & Cremers, Springer 2011
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Spatially Dense 3D Reconstruction

Infinite-dimensional optimization

Daniel Cremers
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Bernoulli & The Brachistochrone I I
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Johann Bernoulli (1667-1748)
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Optimization in Computer Vision TI_ITI

Non-convex energies
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Non-convex energy Convex energy
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' A ; BNES ; gt 4
image f : 2 — R3, Q CR? denoised image Ugep, - $2 — R3

Ugey, = arg man /(u — )2dx + A /.|Vu|dx
Q Q

Rudin, Osher, Fatemi 1992, Goldltcke, Strekalovskiy, Cremers 2012
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LA A Variational Methods
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Joseph-Louis Lagrange
Leonhard Euler (1736 —1813)
(1703-1783)
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Variational Methods & PDEs TI_ITI

E(u) = /(u — )2 + A |Vu|dz = Q/'ﬁ(’uju") dx
A |

Euler-Lagrange equation as necessary condition: AE(M)

@  Ou  dr

dE 0L d(

Gradient descent:
ou _dE
ot du
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Multiview reconstruction Super-res.textures Stereo reconstruction
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Realtime dense geometry RGB-D cameras Reconstruction on the fly




Overview TI_ITI

Multiview reconstruction
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.~ 3D Reconstruction from Multiple Views TI.ITI

r w
Kolev, Klodt, Brox, Cremers, Int. J. of Computer Vision '09:

Theorem: Globally optimal surfaces can be computed by convex optimization.
\. J
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Kolev, Klodt, Brox, Cremers, Int. J. of Computer Vision 09:

Theorem: Globally optimal surfaces can be computed by convex optimization.
\. J
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Reconstruction of Fine-scale Structures TI-ITI

Image data courtesy of Yasutaka Furukawa.
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. Reconstructing the Niobids StatuesTuTI
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Kolev, Cremers, ECCV 08, PAMI 11
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™ Multiview Reconstruction TI_ITI
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Kolev, Cremers, ECCV 08, PAMI 11
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Reconstructing Dynamic Scenes TI_ITI

Oswald, Stiuhmer, Cremers, ECCV ‘14
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Computer Vision I: Variational Methods

22



Action Reconstruction
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Oswald, Stiuhmer, Cremers, ECCV ‘14
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Can we recover geometry from a single image?

Yes:. Shape-from-shading, shape-from-focus, shape from symmetry,...

Solution: Fixed-volume silhouette-consistent minimal surface.

msjrn S| s.t. VoI(S) = Vp, 7(S) = 5o
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Single View Reconstruction TI_ITI

Toeppe, Oswald, Ii(“j”tﬂﬁ"e“r;*-c.re__m_wehrs, ACCV 2010
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Single View Reconstruction

Input Reconstruction  +30% volume +40% volume

Reconstruction computed in fractions of a second on GPU

Toeppe et al. ACCV 2010, Oswald et al. CVPR 2012
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oeppe, Oswald, Rother, Cremersy=ACCV 2010
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Toeppe, Oswald, Rother, Cremers, ACCV 2010
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Single View Reconstruction

!”t: a'g'e:_"v ’} Input Image

Toeppe, Oswald, Rother, Cremers, ACCV 2010

In collaboration with Microsoft Research
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Super-res.textures




Kolev, Klodt, Brox, Cremers, I1JCV 2009



Super-Resolution Texture Map TI-ITI

Given all images Z; : €2, — R3, determine the surface color 7 : S — R3

n ‘ 2 .
min T ¢ —I-> & /\/ V. T||d:
i ?;/Qi( i) dw + A [ IV Tlds

blur & downsample_  back-projection
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Goldliicke, Cremers, ICCV 09, DAGM °09*, [JCV ‘13
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* Best Paper
Goldliicke, Cremers, ICCV 09, DAGM °09*, [JCV ‘13 Award



Weighted average Super-resolution texture

* Best Paper

Goldliicke, Cremers, ICCV 09, DAGM °09*, [JCV ‘13 Award




Closeup of input image Super-resolution texture

* Best Paper

Goldliicke, Cremers, ICCV 09, DAGM °09*, [JCV ‘13 Award
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Stereo reconstruction




. From Binary to Multilabel Optimization TI_ITI
u: 2 — T = [Ymin, Ymaz]

Example: Stereo Reconstruction

r w
Pock, Schoenemann, Bischof, Cremers, Europ. Conf. on Computer Vision '08:

Theorem: Stereo reconstruction can be solved by convex optimization.
. J
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1/2 input images (6 Mpixel) Depth reconstruction
Courtesy of H. Hirschmiiller /7 seconds

Stangl, Souiai, Cremers, GCPR ‘13
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Reconstruction from Aerial Images

One of two input images

_ Depth reconstruction
Courtesy of Microsoft
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Reconstruction from Aerial Images T“TI
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Stereo input Depth reconstruction

Mollenhoff, Laude, Moller, Lellmann, Cremers, CVPR 16 *

* Best Paper Honorable Mention
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e Munich from the Air

1/2 input images (1000x1000) Depth reconstruction

Kuschk, Cremers, ICCV Big Data Workshop 2013
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Realtime dense geometry
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Input video Optical flow field

min f\fl(a;) — I(z +u)| dz + J(u)

Q—R2
b %

Horn & Schunck ‘81, Zach et al. DAGM 07, Wedel et al. ICCV 09




-
-
=
)
&
3

Input video Optical flow field*
* 60 fps @ 640x480

mn/ﬁm@_b@+mwm+ﬂm

Q—R2
b %

Horn & Schunck ‘81, Zach et al. DAGM 07, Wedel et al. ICCV 09



Dense geometry from hand-held cameraTuTI

uaxr
Brightness constancy:

% Io(z)=I, (?T (gi(?fﬂ?)))

v
T~
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min Z / ‘Io(;l’:) — Ii(ﬁ(g?;(u : JL))‘ dux —l—'/. IVu(x)| dx
L Q 2

Stuehmer , Gumhold, Cremers, DAGM ’10
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Stuehmer, Gumhold, Cremers, DAGM ’10
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RGB-D cameras



RGB-D Camera Tracking

ux

T /

_ /g€ € SE(3), ¢€R°

Optimize dense photo-consistency:

mln / |IO(:13)— (rr(gé:(u m))‘dm

Steinbruecker et al. ICCV 11, Kerl et al., ICRA ‘13
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Realtime 3D Modeling TI_ITI

Color input Depth input
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Realtime 3D Modeling
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e Realtime 3D Modeling TI-ITI
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Reconstruction on the fly




Reconstruction on the Fly
N

Bylow, Sturm, Kerl, Kahl, Cremers RSS ‘13
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Kerl, Sturm, Cremers ICRA ‘13
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Steinbriicker, Kerl, Sturm, Cremers ICCV ‘13
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Realtime Large-Scale Reconstruction TI_ITI

Yo Y,

Large-Scale Reconstruction

Steinbrtiicker, Kerl, Sturm, Cremers ICCV ‘13, ICRA ‘14
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A Summary

stereo reconstruction RGB-D modeling
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