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What is Border Ownership?
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Motivations: Psychological & Biological
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Application: Figure-Ground Segmentation
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Shape perception and object recognition
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Approach Overview

1. Extract patch-based features sensitive to ownership

2. Train a Structured Random Forest (SRF) that saves
ownership structure at leaf nodes

3. Fast inference using SRF by averaging responses over

all decision trees

(A) Feature extraction
Extracted Features

(B) Learning split parameters
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Extracted Features

Feature Extraction

Three different features:
1. Histogram of Gradients (HoG)
2. Spectral features of grayscale Anntafigns
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3. Gestalt-like grouping features g

Orientation coding

HoG orientations encodes local shape: convexity and concavity.
Magnitude localizes good boundary locations. Palmer, Vision Science 1999

Orientation (4 directions) + Magnitude



Feature Extraction: Local Ownership Cues

Extremal edges or ' o
image folds are | SR b
characteristic changes

in intensity along e
bOundaries. Huggins & Zucker, ICCV 2001

Psychophysical
experiments have
shown them to be one
of the strongest cues
for ownership.

Ghose & Palmer, J. Vision 2010



Feature Extractlon Local Ownershlp Cues
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“Sketch token” clusters of 8 ownership directions

PC2 displays grayscale variations indicative
of extremal edges.

Ramenahalli et al., CISS’11

Limetal., CVPR’13



Feature Extraction: Global Ownership Cues

Border ownership is also determined by
longer range (global) contextual cues.
Craft et al., J. Neurophysiology 2007

Implementation through visual operators
that capture four grouping or “Gestalt”
patterns:
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Cells tuned to these patterns have
been observed area V4 of macaques :
Gallant et al., Science 1993




The Image Torque: Global Closure
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The Image Torque: Global Closure
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Feature Extraction: Global Ownership Cues
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Feature Extraction: Global Ownership Cues

Responses over geometric patterns
(max response over multiple scales):
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Responses over a real image are the Gestalt-like features
(over multiple scales):




Results

Predicted boundaries (red) and ownership (FG: green, BG:blue)

NYU-Depth (795 training/ 654 testing)
Silberman et al., ECCV 2012

BSDS (100 training/100 testing)
Martin et al., PAMI 2004

/

Ownership prediction
accuracy:

&

Feature set

BSDS

NYU-Depth

HoG

72.0%

66.0%

+ Spectral (no contour tokens)

73.1% (72.0%)

67.0% (65.6%)

+ Spectral (contour tokens)

74.0% (72.3%)

68.1% (66.7%)

+ Gestalt patterns

74.4% (72.7%)

68.4% (66.7%)

All features + Spectral (NYU) |

74.7% (72.8%)

Ren et al., ECCV 2006 | Global-CRF 68.9%
Leichter & Lindenbaum, ICCV 2009 | 2-1D-CRF 69.1% J
Bou nda ry pred|ct|on Method BSDS-500 NYU-Depth
Our approach 0.73,0.74,0.76 0.63,0.64.0.60
aCCUuracy:  arpelgez et al., PAMI 2011 | 2Pb-owt-ucm 0.73.0.76.0.73 0.63.0.66.0.56
Dollar et al., PAMI 2015 SE 0.73,0.75,0.77 (SE-SS) | 0.65.,0.67.0.65 (SE-RGB)



Results

Real-time

Red: Boundaries, Green: Foreground, Blue: Background



Outlook & Summary

We have presented an approach for border ownership

assignment:

1. Fastinference with state-of-the-art results.

2. Simultaneous boundary detection.

3. Validates the usefulness of shape, Gestalt and Extremal
edge cues for this task.

Closely related to:

* Saliency and attention

 Object proposals

 Application: Layered segmentation
* Application: Scene understanding
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