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Observation: photometric methods do not
work well on consumer images.

Hypothesis: appearances of shadows on the
ground are less varied than shadows in general, an
can be learned from labelled images.

Features & CRF

"Pb-like" half-filters = Ratios of color filter responses

= 4 color spaces: RGB, LAB, [Chong et al., '08], log-
boundary RGB (normalized)

= 4 scales
= Texture + skewness ([Zhu et al., '10])
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Detecting Ground Shadows in Outdoor Consumer Photographs

Jean-Francois Lalonde, Alexei A. Efros, and Srinivasa G. Narasimhan
Carnegie Mellon University

http://graphics.cs.cmu.edu/projects/shadow

Learning shadow appearance Results

Input (watershed) (Canny)

Incorporating scene layout

Oversegmentation Strong boundaries

~coEmoceET
=

\

Feature extraction

Local classifier
(boosted decision trees)

Shadows P(ground) round shadows

Sava i bwd |

, penalize shadow assignment
P(ground) high —of .
trust local classifier
Evaluation
135 8-bit, JPG-compressed images 1 ROC curve
belMe [Russell et al., '08], Flickr, [Zhu et al., "1 0] ol *
=
Shadows | Non-shadows | Combined | £
Grayscale only 1% 71.2% 69.5% §_ ¥ CRF + ground \
Local classifier 8.3% 81.0% 79.7% é _ [L;:,E;I:Sfte; 04-09]
CRF | 78.7% 82.3% 80.5% — Random
CRF + ground | 73.1% 96.4% 84.8% " False pbsitivé rate




