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Common motion is a fundamental grouping cue in video sequences. While
for monocular and stereo image sequences, several approachesdn

to compute dense 3D motion segmentation efficiently. Many approaches
match images sparsely at interest points and infer the groups of points
with common 3D rigid-body motion (e.g., [1, 5]). Methods for dense 3D
motion segmentation are still far from real-time performance (e.g8]]6,

We propose in this paper an efficient approach to dense 3D motion
segmentation in RGB-D video. We formulate an EM framework (see
Fig. 1) that recovers a segmentatign= {l; = k}iN:1 into motion seg-
mentsM = {m}}M ,, estimates their 3D rigid-body motio@s= {6 }} ;,
and also finds the number of segmekitdy optimizing
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Our approach makes no difference between background anddored)

objects and copes with camera motion as well as multiple moving objegigure 1: We segment motion in an RGB-D imdgg towards a reference
We model the likelihood of a labelling in a random field imagel,¢ in an efficient EM framework. In the E-step, we evaluate the
likelihood of image site label§ under the latest motion estimatég.
PL | e, O, lrer) O I_l Pz | 8 rer) ) U P(li,1j | seg) @ Efficient graph cuts yield a maximum likelihood labellidg_ given the
' JEN® motion estimates, which is then used to approximate the label likelihoods.
that incorporates the likelihood of the data at each site and pair-wise irflfstoe M-step, motion is reestimated taking into account label likelihoods.
action terms between neighboX§(i) of sitei. The data likelihood(z |

8, lver ) quantifies the likelihood of the observatigre Isg at a site under . )
[2] Y. Boykov and M.-P. Jolly. Interactive graph cuts for optimal bdu
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couplings to avoid multiple data associations of a site in the segmented! EEE Int. Conf. on Computer Vision, 2001.
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ual weights for the image sites. Instead of segmenting the large number

of pixels in the image, we represent RGB-D images compactly as multi-

resolution surfel maps [7]. These maps capture noise characteitstics

local multi-resolution structure in which the maximum resolution aday

to the distance of the measurements. In effect, the content of an R

D image is compressed from 64@80 pixels to only several thousanc

voxels, making dense inference of labels in the map efficient.
In experiments on test sequences with ground-truth segmentat

and rigid-body motions, we demonstrate that our approach efficie

identifies moving segments with high accuracy and recovers 3D ri

body motion of the segments at good accuracy (see Fig. 2 for exgmp

also at real-time operation on a CPU.
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