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Coherent reflectance Individual illuminations

[Laffont, Bousseau, Paris, Durand, and Drettakis,
SIGGRAPH Asia 2012]
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[Shan et al.,, 3DV 2013]



Statistics

Point Color Statistics
(E[1I] and E[P])

Local Visibility Angle «
Albedo
[llumination
Timestamp

Statistics of Outdoor
[llumination

[Hauagge, Wehrwein, Bala,
and Snavely, BMVC 2014]
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Input image (LDR)

Ground truth lighting (HDR)
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Estimated lighting (HDR)

Kis,

SIGGRAPH Asia 2012]

[Lalonde and Matthews, 3DV 2014]
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f
T O, cos f

1 if x is sunlit sky

0O if o is in shadow
sun

lllumination model:
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Analyzing R

. 66 '3
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|. For each point x, pick K random What about T?

other points Y1, Y2, ..., YK
we use T = 3.
2. For each Y, compute R(z,y,).

\A% )%
* If R(z,y;) > T, vote x is sunlit C, cos(dy) + f
1 B(@.y) = Cy cos(¢py,) + f
+ FR(z,y,;) < = vote x is shaded Y Y
L See the paper for
» Otherwise, cast no vote and detailed analysis.

continue.

3. Assign a label to x according to
majority vote



3D to 2D Shadow Labels

» Sparse 3D to dense 2D using the Matting Laplacian
[Levin et al. 2008]

» Use high-confidence points (where vote is decisive) as
constraints

* Resulting alpha map gives dense and continuous labels
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Sun Direction: Steps

Shadow Labels

Boundary Points
(inliers in green)



Boundary Score



Elevation (degrees)

® Constrained Sunpath
Unconstrained (RANSAC)
® Ground Truth
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150 200 250
Azimuth (degrees)




Sun Direction Results: Tentacle

Sunpath Constrained by Date
B Unconstrained Sunpath (RANSAC)
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Limitations

- Requires a good visibility graph
» Specular materials cause incorrect votes
 Highly occluded points are always shaded

» Threshold choice affects sharpness and location of
attached shadow boundaries
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* Fast, efficient method
for shadow detection in
photo collections

 Method for estimating
sun direction from
shadows




Thank you.

http://www.cs.cornell.edu/projects/shadows
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