£ Recognizing objects by piecing together the Segmentation Puzzle
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Goal: object specific segmentation given a few haaaymented iImages of that category
Main challenge: integratebottom-up segmentation cues wittbp-down model cues
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Our approach: exhaustive search in the spacesoberpixelcombinationswith separablecost function  co
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64 superpixels Xb optimal local match
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(scaling, rotation, sheer)
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| score for each translation local minima
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sum of 64 truncated short list of candidate

ntribution: efficientshape detection/segmentation based on 3 ideas:

exhaustive search ovsuperpixelcombinations can belecoupled
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correlation score
coarse to fine schemg@vith conditions for optimality) allows for
linear time detection

space complexity: O(|0Y"|) using compressior
based orRun Length Encoding
Y 8,000 large templates fit in 2MB

time complexity: O (|0Y’ | ) per translation using
rerankingusing higher DNBE Sy Q& (i KO8 pinels pek tenpMit&
complexity methods across translations using coarse to fine

Y 0.01 seconds per template
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2764 possibilities ! tt‘

cost can be decoupled.r.t. each regiomR: ¢(y) = 1 + min
TeT ||T

region withr'y > SjR;]

as a sum of truncated convolution%x(y) = min(0; JR;] i

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

Normalized cross

template correlation score

\ Hamming distance ¢ l
‘hmaskl, template ¢aff|ne transform \ X search space: j’

subset ofsuperpixels

gray-level correlation
VS. segmentation correlation

gray level correlation (or NCC) Is very sensitive to variations in

—RAAONBUS OSNEBA?Z fg[r fagtfndanaecesgdnvolutiork, S |2 Nugimgtion of both foreground and background

product

can be coupled witlzoarseto-fine approaclstarting from the local maxima of the

segmentatlon

image regiorR Template y signedsreg?géo?unc ary Integral Template| uyY ‘ \1.‘ '\1.
for each region R, rily = // Y= // - / tuY =
IR,
unning time pe dotprocuct: O(J@ J) nstead of O(jY ) :‘I-I-

template

per-part affine transforms . ' ' '
| rscaling rotation, sheen convolutions combinations oSuperpixels
articulated templates
Cost Function for Shape Detection and Segmentati Results on Weizmann horse dataset
. . 1 .
shape distance function: (X, Y) =|min dy (X, T(Y)) cost function; e(Y) — mm d(R Y) training/testing: 20/308 images
invariant to similarity transforms reT [T'(Y)] 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)
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opposite
template

local minima

score at a coarser resolution projected on the fine resolution. shape score using Segmentat|on correlation
NOT possible with FR¥hich is global ! = sum of 4 truncated convolutions
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with articulated template
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