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Color Constancy Research in Human Vision
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Often Mondrian images were used as stimuli in color constancy experiments.
Humans were asked to match patches in the scene to isolated patches under
white light.

From these images the importance of color statistics, spatial mean, maximum
flux for color constancy was established.
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Human color constancy was still only partially explained by these experiments.

Current Biology

Drawbacks: do not resemble real 3D surfaces, no interreflections, no

specularities, shading etc.

Edwin Lan. The retinex, Am Sci 1964
Anya Hurlbert: Is colour constancy real ? Current Biology 1999



Color Constancy Research in Human Vision

Kraft and Brainard designed a more realistic setting for color constancy.
Where illuminant and test patch color could be adjusted.

Obeservers task to adjust the colour of the test patch to be achromatic.
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Successive subtraction of cues found them all to be important
local contrast
global contrast

mterreflectlons, Specularltles Kraft J M, Brainard D H PNAS 1999;96:307-312

Anya Hurlbert: Is colour constancy real ? Current Biology 1999



Color Constancy Research in Human Vision

Observers were asked to adjust the colors of fruits to make them
achromatic.

QO e
= B
@ aen”
o fgmas ¥
(&) %
@ %
o :
3
2 0
| 5o “j%}
% —45} ‘
o =4
90 : : -
-10 -5 0 5 10 18 . . ]
L — M (% cone contrast) -2 -1 0 1 2

L — M (% cone contrast)

Fruits were considered grey when they physically had a color opposite to
its natural color.

Hansen et al . A Me mor y mo mhtre aeuressience2006.r



Color Constancy at a Pixel




problem statement

How do we recognize colors to be the same under varying light sources ?

color constancy : the abllity to recognize colors of objects invariant of
the color of the light source.




Colour constancy algorithms

é llluminant estimation
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color constancy at a pixel

Assumptions :

1. Lambertian model:

- linear relation pixel values and intensity light.

- no specularities and interreflections.
2. perfectly narrow-band sensors (Dirac delta functions).
3. the illuminants are Planckian.

However, the final algorithm is shown to be robust to deviations from
the assumptions.



RELATIVE RADIANT POWER

Surface reflectance
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Dirac delta functions
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Planckian illuminants
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Planck's law of black body radiation states the spectral | m=ssox
intensity of electromagnetic radiation from a black body I
at temperature T as a function of wavelength: '
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The Planckian locus is the path that the color of a black
body as the blackbody temperature changes.
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Planckian illuminants

Planck's law of black body radiation states the spectral | msox ;
intensity of electromagnetic radiation from a black body **°[ i
at temperature T as a function of wavelength: '
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The Planckian locus is the path that the color of a black
body as the blackbody temperature changes.

Daylight illuminants can be approximated by
Planckian illuminants.
( indoor illuminants to some extend

2500K Household light bulbs 1 P
3000K Studio lights, photo floods

4000K Clear flashbulbs S e
5000K Typical daylight; electronic flash )

gl(r+g+b)




Color constancy at a pixel

Planckian light
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Consider the logarithm of the chromaticity coordinates:

depends on surface color
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color constancy at a pixeexamples

examples log chromaticity plots:
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illuminant invariant direction axis

Every pixel can be represented in a
illuminant invariant representation !

illuminant variant axis
(camera dependent )

Images source: Eli Arbel




examples illuminant invariant

Since shadows are a change in illuminant these representatio
are shadow free.




shadow detection

Comparison of the edge maps of the original and the shadow invariant image allows for shadow
detection.

C

shadow edges




examples:

sky and sun light

sky light

removal of colored shading is not effected
shadow
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Gamut Mapping




regular gamut mapping

y -wbklE imbges, for a given illuminant, one observes
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regular gamut mapping

Gamut mapping algorithm:
A Obtain input image.

Slidecredit TheoGevers



regular gamut mapping

Gamut mapping algorithm:
A Obtain input image.
A Compute gamut from image.

Input Gamut

Slidecredit TheoGevers



regular gamut mapping

Gamut mapping algorithm:
A Obtain input image.
A Compute gamut from image.

A Determine feasible set of
mappings from input gamut to
canonical gamut.
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Feasible Set
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regular gamut mapping

Gamut mapping algorithm:
A Obtain input image. Selected Mapping
A Compute gamut from image.

A Determine feasible set of
mappings from input gamut to
canonical gamut. 1014

A Apply some estimator, to select "~ 1.00s{
one mapping from this set.
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regular gamut mapping

Gamut mapping algorithm:
A Obtain input image.
A Compute gamut from image.

A Determine feasible set of
mappings from input gamut to
canonical gamut.

A Apply some estimator, to select
one mapping from this set.

A Use mapping on input image to
recover the corrected image, or
on canonical illuminant to
estimate the color of the
unknown illuminant.

Slidecredit TheoGevers






