P~

GRASP

)

Goal object specific segmentation given a few haaaymented iImages of that category
Main challenge integratebottom-up segmentation cues witltbp-down model cues

Timothee  Cour Jianbo Shi

Recognizing objects by piecing together the Segmentation Puzzle
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Our approach exhaustive search in the spacesoberpixelcombinationswith separablecost function
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Contribution: efficientshape detection/segmentation based on 3 ideas:

1) exhaustive search oveuperpixelcombinations can bdecoupled

2) a ]+ E 5§ A E-]}v }( 'CEis uded foconipute the
correlation score

3) coarse to fine schemf@vith conditions for optimality) allows for
linear time detection

space complexity: using compressior
based orRun Length Encoding
Y 8,000 large templates fit in 2MB

D

time complexity: per translation using
rerankingusing higher 'E& v[e §Z } EQ{rpixely per template
complexity methods across translations using coarse to fine

Y 0.01 seconds per template

Cost Function for Shape Detection and Segmentat
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shape distance function: cost function:

Invariant to similarity transforms
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Hamming distance

search space.:
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template ¢ affine transform
264 possiblilities !

subset ofsuperpixels
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cost can be decoupled.r.t. each regiomR: (y) P
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as a sum of truncated convolutions

template

Results on Weizmann horse dataset

training/testing: 20/308 images
average pixel consistency4.2%(using the oracle best out of 10%
same with articulated modeB5.2% (using the oracle best out o

10 for each part)

gray-level correlation
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how to detect a template anywhere In a large image in O(npixels) or 0.01 seconds

Illumination of both foreground and background

VS. segmentation correlation

gray level correlation (or NCC) Is very sensitive to variations in
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sparse ! minima !
for each region R, | |
peaked segmentation/detection
: : . minima ! :
running time per dot product: instead of ! with whole template
can be coupled witltoarseto-fine approaclstarting from the local maxima of the segmentation "N
score at a coarser resoIL!tior_\ projected on the fine resolution. shape score using segmentation correlatior segmentation/detection
NOT possible with FR&hich is global ! = sum of 4 truncated convolutions _ _
with articulated template




