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Dir ect Feature Classi cation for Object Detection

recognition

tbe
8&8d
‘Y Y
¥o § @
Se

Yu: Bay AreaVision Meeting2003-p.3/20



Why Perceptual Organization

Mahamud multi-object detector
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Traditional Useof Perceptual Organization
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sequential processing (Marr, Lowe, Witkin, Tenenbaum, ...)

Yu: Bay AreaVision Meeting2003-p.5/20



Our Approachto Object Segmentation
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Grouping in a Graph-Theoretic Framework
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Grouping in a Graph-Theoretic Framework

Representation: G = fV; E;Wg = f nodes, edges, weights g
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Grouping in a Graph-Theoretic Framework

(Shi & Malik, Zabih, Boykov, Veksler, Kolmogorov,...)
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Links In Graph Cuts
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Links In Graph Cuts
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Degreein Graph Cuts

degre¢P) = links(P; V)
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Linkratio in Graph Cuts

links(P; Q)
degreeP)

linkratio( P; Q) =
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Goodnesf Grouping in Graph Cuts

VNP

Maximize within-group connections: linkratio( P; P)
Minimize between-group connections: linkratio( P; V n P)
Equivalent: linkratio( P; P) + linkratio( P;V nP) = 1
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K -Way Normal

1Ized Cuts

1 X
max knass@( &) = o linkratio(Vy; Vi)
=1
1 X
min  kncuts( ) = o linkratio(Vi;V nV))
=1
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Joint Pixel-Patch Grouping: Criterion
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Joint Pixel-Patch Grouping: Consistency
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Bias linking patches with their pixels
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Computing Constrained Normalized Cuts

Constrained eigenvalue problem

Ef cient solution using a projector onto the feasible space

Generalize Rayleigh-Ritz theorem to projected matrices
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How Object KnowledgeHelps Segmentation

pixel only pixel w/ ROI pixel-patch
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How SegmentationHelps Object Detection

Image patch density segmentation
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When DoesOur Method Fall

Image patch density segmentation
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Equally Applicable to Multiple Objects

O do

0, DU
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