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Dense Semi-Rigid Scene Flow
Estimation from RGBD images
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Motivation

The scene flow is the 3D motion field of the scene (Vedula et al.
ICCV'99).
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Motivation

The scene flow is the 3D motion field of the scene (Vedula et al.
ICCV'99). N
e Applications:

3D motion capture

3D modeling on non-rigid
objects

Autonomous navigation
Interaction

. -
v(x Vi/v ‘L'

et

Wt
st

. Wt g
M

il




Motivation

The scene flow is the 3D motion field of the scene (Vedula et al.
ICCV'99). N
%ﬁﬂ L ,w A Applications:

3D motion capture

3D modeling on non-rigid
objects

Autonomous navigation
Interaction

Estimation:

 Unknown 3D structure
 Given the 3D structure




Scene Flow Estimation

from stereo or multi-view

& Computing several optical flows (Vedula et al.
PAMI'05):
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& Computing several optical flows (Vedula et al.
PAMI'05):

Camera C, Caumera C,, Camera C, Camera C|

& Using constraints from the camera system: (Huguet
& Devernay ICC V07, Wedel et al. ECCV'08, Basha et al. CVPR’10)
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Scene Flow Estimation

from stereo or multi-view

& Computing several optical flows (Vedula et al.
PAMI'05):

& Encouraging locally or

piecewise rigid motions (Vogel et
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Scene Flow Estimation

from stereo or multi-view

& Computing several optical flows (Vedula et al.
PAMI'05):

& Encouraging locally or

piecewise rigid motions (Vogel et
al 1IC.C\’11 1)

Camera C, Caumera C,, Camera C, Camera C|

& Using constraints from the camera system: (Huguet
& Devernay ICC V07, Wedel et al. ECCV'08, Basha et al. CVPR’10)
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Scene Flow Estimation

from stereo or multi-view

& Computing several optical flows (Vedula et al.
PAMI'05):

& Encouraging locally or

piecewise rigid motions (Vogel et
al 1IC.C\’11 1)

Camera C, Caumera C,, Camera C, Camera C|

& Using constraints from the camera system: (Huguet
& Devernay ICC V07, Wedel et al. ECCV'08, Basha et al. CVPR’10)
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RGBD data

@ RGBD image: a registered pair of color and depth
images

Primesense
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RGBD representation of the scene




RGBD data

@ RGBD image: a registered pair of color and depth
images

Primesense

How to fully exploit
the RGBD data to
compute a confident
scene flow?

—— -

RGBD representation of the scene




Scene Flow Estimation

from RGBD images

@ Using RGB data as an additional channel (Spies et al. CVIU'02, Lukins et al. BMVC’04):

Optical flow equation Range flow equation
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@ Using RGB data as an additional channel (Spies et al. CVIU'02, Lukins et al. BMVC'04):

0=Ilu+ v+ I w = Zyu+ Zyv + Zy

Optical flow equation Range flow equation

@ 3D patrticle filtering & Projective warping function
(Hadfield & Bowden ICCV'11) (Quiroga et al. CVPRW’12 ,ICIP’13)
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Scene Flow Estimation

from RGBD images

@ Using RGB data as an additional channel (Spies et al. CVIU'02, Lukins et al. BMVC'04):

0=Ilu+ v+ I w = Zyu+ Zyv + Zy

Optical flow equation Range flow equation

& 3D particle filtering @ Projective warping function & Matching 3D patches
(Hadfield & Bowden ICCV’11) (Quiroga et al. CVPRW’12 ,ICIP’13) (Hornacek et al. CVPR’14)

Camera Frame

Y
Image Plane

{O.C.




Proposed approach

@ Idea: Exploit the semi-rigidity of real-world scenes

Local rigidity Piecewise rigidity
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Proposed approach (cont.)

& Using an over-parametrization of the 3D motion

£(x): Q — RO

Motion field of rigid motions
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& Using an over-parametrization of the 3D motion V5o

3D rotation ‘\ 0
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Motion field of rigid motions
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Every scene point follows a twist motion
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Exponential map




Proposed approach (cont.)

& Using an over-parametrization of the 3D motion V5o

3D rotation ‘\ 0
£(x): Q — RS o~

Motion field of rigid motions

i

Every scene point follows a twist motion

& Scene flow recovery: it = eé(xt)f{t

Exponential map

< We focus on two-frames scene flow estimation




Semi-rigid Scene Flow Energy

E() = Ep(§) + aEs(§)




Semi-rigid Scene Flow Energy
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Data term

@ Maximizes consistency between
the motion field and the RGBD
images

@ Encourages locally-rigid
motions




Semi-rigid Scene Flow Energy

E(€) 4Ep(¢)

Data term Smoothness term

& Maximizes consistency between & Favors piecewise rigid solutions
the motion field and the RGBD
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o Preserves motion discontinuities

@ Encourages locally-rigid
motions




Semi-rigid Scene Flow Energy

E(€) ={Ep(¢)

Data term Smoothness term

& Maximizes consistency between & Favors piecewise rigid solutions
the motion field and the RGBD

images

& Preserves maftion discontinuities

& Encourages locally-Fred

motions An adjustable

combination of
both!




Data term

@ Consistency between motion and RGBD
data

Xi41 = W(Kh g)

Warping function
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Data term

@ Consistency between motion and RGBD
data |
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Warping function : s ?/ ¥
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Data term

@ Consistency between motion and RGBD
data |
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Data term

@ Consistency between motion and RGBD
data |

Xi41 = W(Xh '5)

Warping function : s ?/ ¥

A

Brightness (1) Brightness gradient (1) Depth (Z)

N / —

Pdata (X.€) = U (p} (x,€) + 702 (x,€)) + AT (p% (x,€))

@ Local rigidity
Ep(€) =) " (x)

xc£2

Full data
term




Smoothness term

@ Piecewise rigidity

Total variation (TV) favors
piecewise smooth solutions
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Smoothness term

@ Piecewise rigidity

Total variation (TV) favors
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Smoothness term

o Piecewise rigidity

Total variation (TV) favors
piecewise smooth solutions

Decoupling

Translational field

) QR wmmp TV.(7)= Zc(x) IV (x)|l

é- 0 Rh Channel-by-channel TV

N 3
(25 R TV, (w) = Zc(x) o1 (Dw(x))

¢ : 1 = SO(3) Rotational field

Vectorial TV (Goldluecke et al. SIIMS’12 )




Smoothness term

@ Piecewise rigidity

Total variation (TV) favors
piecewise smooth solutions

Decoupling

Translational field

/T:Q—HEEB ) TVC(T):ZG(X)”V =)l

£:Q 5 RO Channel-by-channel

N 3
(25 R TV, (w) = Zc(x) o1 (Dw(x))

Rotational field

Vectorial TV (Goldluecke et al. SIIMS’12 )




Optimization

& The energy is minimized using the variable splitting
method:
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& The energy is minimized using the variable splitting
method:

Regularized weighted
least-squares

d

IRLS with a Gauss-Newton
algorithm
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algorithm the dual-ROF model




Optimization

& The energy is minimized using the variable splitting
method:

Regularized weighted Vectorial ROF model
least-squares Alternation

! = 1

IRLS with a Gauss-Newton Gradient descent and re-projection on
algorithm the dual-ROF model
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Middlebury stereo datasets

Semi-rigid Scene Flow (ours)
Hadfield and Bowden [5]
Quiroga et al. [13]
Brox and Malik [2] + depth

Basha et al. [1]
Huguet and Devernay [8]




Non-rigid motion estimation
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Non-rigid motion estimation
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Non-rigid motion estimation
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Non-rigid motion estimation
(cont.)




Applications




Rigid motion estimation

@& A particular case: solving for a single twist motion
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Rigid motion estimation

@& A particular case: solving for a single twist motion

Erig(£r) = ) pdata (X,€R)

x=£2

RGBD dataset
(Sturm et al. IROS’12)
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Scene flow with camera motion
estimation

@ Knowing the camera motion can simplify the estimation and is useful for
applicati

T

@ We split the motion field into a globally rigid component plus a non-rigid residual

\ﬁ ,/
X = IDg(E&{ 4 b — I4><4)

m}gn Erig(X) + ERres(X)

Proposed energy



Scene flow with camera motion
estimation (cont.)
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Scene flow with camera motion
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Scene flow with camera motion
estimation (cont.)




Scene flow with camera motion
estimation (cont.)
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Conclusion

We have presented a new method to compute a dense scene flow from
RGBD images by modeling the motion as a field of rigid motions.

We proposed an adjustable combination between local and piecewise
rigidity

@ We model the motion as a rigid component plus a non rigid residual

o Future work:
Temporal consistency ‘
Real-time implementation
Large displacements




Thanks!

TR

Semi-rigid scene flow code
will beavailable soon!
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