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Attribute flow : 1dea 1

need to frame features right




Attribute flow : idea 2

Transformation that explains

. Matching object with
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Challenges

Q1: How to compute the spatial transformation
efficiently without explicit search?

Q2: How to constrain the computation such that
it leads to valid spatial transformation?




Image Deformation as Attribute Flow

Input Model

Input Image




Transformation that explains
attribute change

Matching object with
pose variation

min / | Az(z) — A7 (T(2))||,dx
JR2

T




Image Deformation as Attribute Flow
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Assuming the first elements of A(Z(x)) are the spatial location z

Matching object with
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Assuming the first elements of | A(Z(x)) are the spatial location x
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Image Deformation as Attribute Flow
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Solve Attribute Flow via Histogram Matching
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Image Deformation as Attribute Flow
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Histogram Flow Ground Distance Cost

Foreground wj/o Clutters
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Earth Mover’ s Distance:
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Linear programming for solving EMD




But, Ground Distance fails in rotation!

Minimizing ground distance fails when the
object rotates.
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Affine Constraint on Spatial Transformation

Affine Constraint 1: T(-CCp) — Z OéfT(xi>
=l




Affine Constraint on Spatial Transformation




Affine Constraint on Histogram Flow
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Spatial Transformation from Histogram Flow
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Geometrical constraint 1

3
T(z.) =) afT(z:)
i=1

AffCony (F, k) : ||Er (T (pr)) — .




Geometrical constraint 2
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Constrained Attribute Histogram Flow
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Soft Affine Constraint
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Match with Selected Region

Input “"Clean” Model

Q: How to efficiently select foreground
region to avoid “cherry-picking”?




Match with Selected Region

Foreground w/o Clutters
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Application: Simultaneous Detection and Alighment

Shape Model Image with contours, or segments

Output

Detection Shape Alignment Foreground

Segmentation




Algorithm Overview
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Algorithm Overview
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Constrained Histogram Flow
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Image Deformation as Attribute Flow

Attribute Optical Flow

min/ | Az(z) — A7 (T(x))||,dx
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Attribute Histogram Flow (LP)
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Challenges

Q1: How to compute the spatial transformation
efficiently without explicit search?

A : Attribute Histogram Flow.

Q2: How to constrain the computation such that

it leads to valid spatial transformation?
A : Soft Affine Constraint on expectation.

Q3: How to deal with clutter environment?
A : Contour Selection.




Detection Example

Shape Model Image and Contours
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Detection Example
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Discrimination in Canonical Space
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Results on ETHZ




Quantitative Evaluation
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Results on ETHZ using Segment
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T: Spatial Flow
> J(x)

> H )
F: AttmbuteF oW




