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Motion Segmentation

« M Narayana, A Hanson, E Learned-Miller, ICCV13:

“Coherent motion Segmentation in moving camera videos using
optical flow"



Motion Segmentation

« P Bideau, E Learned-Miller, ECCV16:

“It's Moving! A probabilistic Model for Causal Motion Segmentation”



Motion Segmentation

P Bideau, E Learned-Miller, Workshop:

“Moving Object Segmentation using Statistics of Optical Flow"



Overview

Goal: Segmentation of static environment and moving objects

« compute dense optical flow
« find j different motion models M from optical flow

« Segmentation: assign pixels to different motion models

ICCV Paper ECCV Paper ECCV Workshop

* only camera translation e arbitrary camera motion | ¢ arbitrary camera motion

'* angle field e angle likelihood * flow likelihood

* incorporating statistics
of optical flow
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Modeling Motion

contributions to the motion field:

« camera motion
A. translation
B. rotation

« object motion



Modeling Motion

camera rotation
only:

camera translation
only:



Modeling Motion

camera rotation optical flow is
only:
of scene depth

camera translation
only:



Modeling Motion

camera rotation optical flow is
only:
of scene depth

camera translation flow magnitude is
only:
on scene depth




Modeling Motion

camera rotation optical flow is
only:
of scene depth

camera translation flow magnitude is
only:
on scene depth

flow av\gte

flow angle is

of scene depth




Modeling Motion

each mokion tompomev\% LS apprexima&ed with a motion model

camera rotation

camera translation




Modeling Motion

each motion tomyo&xeh& LS approx&ma&ed wilth a mokion model

camera rotation

camera translation




Modeling Motion

each motion com[aoneh& LS approx&ma&ed wilth a mokion model




Modeling Motion

each motion c:omrmneh& LS approxima&ed wilth a mokion model

walking person




Modeling Motion

each motion comyoneu& LS approxima&ed wilth a mokion model

camera translation




Modeling Motion

each motion f:om[mv\enﬁ LS approxima&ed wikh a mokion model

camera rotation

camera translation 3 cars




Modeling Motion

each mokion Con«\pov\en& LS apprmx&ma&ed wikh a motkion model




Seqmentation: Bav@.s' rule

posterior likelihood prior

M motion model
(@angle field)

v+ observed trans. flow



Assum[p%mm 1

motion field vectors are Gaussian distributed

M motion model
(@angle field)

vt observed trans. flow - .=
g true trans. flow -

Auva




Assumg%mm 2

flow noise nis Gaussian distributed conditioned on the flow magnitude

M motion model
(@angle field)

v+ observed trans. flow
q true trans. flow
. flow noise

T unknown true flow
magnitude




Assumy%mm 3

translational optical flow vectors are noisy observations of the
true trans. motion vectors

Ve =¢q+ 1

M motion model
(@angle field)

v+ observed trans. flow
q true trans. flow
. flow noise

T unknown true flow
magnitude
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likelihood:
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Seqmentation: Bav@.s' rule

likelihood:

M motion model
(@angle field)

v+ observed trans. flow
q true trans. flow
. flow noise

T unknown true flow
magnitude




How caln we imcorpara@e
“true” statistics of optical flow?



How caln we inaarpara&e
“true” skakiskics c;:wf OF’EECQ’. nﬂ.ow?

OuMci Erubh Hc)w: Sinkel




Resulks: Video
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camouflaged Animal

complex background
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