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Abstract—In this paper the Color Rabbit (CR), a new low-level
statistics-based color constancy algorithm for illumination estima-
tion is proposed and tested. Based on the Color Sparrow (CS)
algorithm it combines multiple local illumination estimations
found by using a new approach into a global one. The algorithm
is tested on several publicly available color constancy databases
and it outperforms almost all other color constancy algorithms
in terms of accuracy and execution speed.
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I. INTRODUCTION

The human visual system (HVS) can recognize colors
of objects regardless of the illumination under which they
are observed and this ability is called color constancy [1].
Fig. 1 shows that the same scenes recorded under different
illuminations may look different and computational color con-
stancy is achieved by removing that difference. The first and
essential step is to estimate the illumination source color. This
estimation is then used to chromatically adapt the image, i.e.
to remove the illumination source color cast to make the image
look as if it was recorded under white light. If the Lambertian
assumption is taken, then the image f is formed as:

fc(x) =

∫
ω

I(λ)R(x, λ)ρc(λ)dλ (1)

where c is a color channel, x is a given image pixel, λ is
the wavelength of the light, ω is the visible spectrum, I(λ)
is the spectral distribution of the light source, R(x, λ) is the
surface reflectance, and ρc(λ) is the camera sensitivity of the
c-th color channel. If uniform illumination is assumed, then
the observed color of the light source e is given as

e =

(
eR
eG
eB

)
=

∫
ω

I(λ)ρ(λ)dλ. (2)

If I(λ) or ρc(λ) are unknown, which is often the case,
then calculating e is an ill-posed problem so that in or-
der to estimate it, additional assumptions have to be taken
and these form the basis for many existing color constancy
algorithms, which can be divided in at least two groups.
The first group contains low-level statistics-based algorithms
like White-patch (WP) [2], Gray-world (GW) [3], Shades-of-
Gray (SoG) [4], Grey-Edge (GE) [5], Weighted Gray-Edge [6],
using bright pixels (BP) [7], using color distribution (CD) [8],
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Fig. 1: Same scene under different illuminations.

while the second group contains algorithms that require learn-
ing like gamut mapping (pixel, edge, and intersection based -
PG, EG, and IG) [9], using neural networks [10], using high-
level visual information (HLVI) [11], natural image statis-
tics (NIS) [12], Bayesian learning (BL) [13], spatio-spectral
learning (maximum likelihood estimate (SL) and with gen.
prior (GP)) [14].

Another recent low-level statistics-based algorithm is the
Color Sparrow (CS) algorithm [15], which is based on the
Random Sprays Retinex (RSR) algorithm [16] and uses the
same noise removal as the Light Random Sprays Retinex
(LRSR) algorithm [17], the improved version of RSR. Both
RSR and LRSR perform per-pixel illumination estimation
and brightness adjustment and CS uses some of these local
illumination estimations to combine them into a global one. By
changing the basic model of CS based on the observations of
the way it makes the local estimations, a new algorithm named
Color Rabbit (CR) is proposed here. The proposed algorithm is
tested and compared to other color constancy algorithms and
it outperforms almost all of them in terms of accuracy and
execution speed.

The paper is structured as follows: In Section II a brief de-
scription of the Color Sparrow algorithms is given, in Section
III the Color Rabbit algorithm is proposed, and in Section IV
it is tested and the results are presented and discussed.

II. COLOR SPARROW

The Color Sparrow (CS) algorithm [15] is based on the
Random Sprays (RSR) algorithm [16], which for every pixel
centers N sprays of n randomly distributed pixels around it
and recalculates intensities for all color channels as



Rc(i) =
1

N

N∑
k=1

Ic(i)

Ic(xHk
)

(3)

where I(i) is the initial intensity of pixel i for channel c and
xHk

is the index of the pixel with the highest intensity in the
k-th spray. If (ix, iy) are the coordinates of i, then for each
pixel j of the spray its coordinates are calculated as

{
jx = ix + f(ρ) cos(θ)

jy = iy + f(ρ) sin(θ)
(4)

where ρ ∼ U(0, R), θ ∼ U(0, 2π), f(ρ) = ρ and R is
image diagonal length [16]. Using specially shaped sprays
is partly motivated by the locality of color perception [18],
a phenomenon by which the HVS’s perception of colors is
influenced by the colors of adjacent areas in the scene. It was
shown that for CS there was no need for parameter N used in
Eq. (3) and its value was fixed to 1. The intensity change for
pixel i and channel c can be given as:

Cc(i) =
Ic(i)

Rc(i)
. (5)

The noise in Cc(i) introduced from Eq. (3) is reduced by
applying a simple filtering similar to the one used in [17]:

Cc,k(i) =
(Ic ∗ k)(i)
(Rc ∗ k)(i)

(6)

where k is the averaging kernel and ∗ is the convolution
operator. The vector p(i) = [Cr,k(i), Cg,k(i), Cb,k(i)]

T is then
interpreted as the illumination estimation for pixel i and by
calculating p(i) only for every c-th pixel in only every r-th
row, the global illumination estimation is obtained as

e =
1

M

M∑
i=1

p(i) (7)

where M is the number of pixels for which p(i) is calculated.

III. PROPOSED METHOD

A. Motivation

Fig. 2(a) shows an example of a spray generated by
applying Eq. (4). The distribution of the distance from the
spray center to the spray pixel with maximum response is
influenced by the spray points distribution and the spatial
distribution of pixels with very high responses. Fig. 2(b) shows
the histogram of these distances for application of CS, with
default parameters, to images of the Shi’s and Funt’s version
of the ColorChecker database [19] where most images are of
size 2193 × 1460. Even though the histogram shape reminds
of Poisson distribution, nothing can be said for sure without
knowing the distribution of the pixels with highest or relatively
very high responses. Additionally, depending on the center
pixel position, some radii are less likely to be chosen. Because
of that the distribution of the distances cannot be easily
controlled by using random sprays, which might negatively
impact the computational realisation of the idea of locality

of color perception. Therefore, our motivation for a possible
improvement is to gain the control over that distribution.
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Fig. 2: CS maximum searching: (a) example of a random
spray for R = 1, (b) histogram of distances of found

minimums from the reference pixel.

B. Guiding the maxima search

We propose a new method that also incorporates the idea
of locality of color perception by changing the procedure
of searching for pixels with maximum channel responses.
Instead of using sprays or other area shapes to search for the
maximum, the proposed method first randomly selects a radius
from a given distribution and then looks for the maximum on
equally distant pixels on the circle specified by the radius.
Even though this approach is similar to the previous one, the
gain over the control of the distance distribution makes an
important difference. In order to use a relatively simple model,
the random radius r is selected as

r = ρdRf (8)

where ρ ∼ U(0, 1), d is the parameter for distribution control
and f ∈ [0, 1] is a constant regulating the upper bound of
r. After that for a pixel with coordinates (ix, iy) n points
(j

(k)
x , j

(k)
y ) are selected as{

j
(k)
x = ix + r cos( 2πkn )

j
(k)
y = iy + r sin( 2πkn )

(9)

and the maximum for each channel is then calculated using
only the responses of n pixels specified by the points. That
means that Eq. (7) is calculated as before with the only
difference being that Eq. (4) is now replaced with Eq. (9).

The role of the parameter f is to limit the size of the
local area which is used for finding the maximum. Instead
of searching sparsely across the whole image, a smaller area
around a pixel can be more precisely specified and searched.
The role of the parameter d is to give more influence to
specific parts of the local area by increasing the chance of
selection of certain radius lengths. These two parameters form
the essential part of the proposed method’s locality of color
perception model, while the parameter n only describes how
dense the search is performed. The CS inherited parameters r
and c are used in the same way as in CS and they are important
in decreasing the computational cost.

Since it is the proposed method and not only random
chance that now controls the distribution of radii, which can be



interpreted as jumps, we decided to name the proposed method
Color Rabbit (CR). The CR summary is given in Algorithm 1.

Algorithm 1 Color Rabbit

1: I = GetImage()
2: for every pixel i in every c-th column of every r-th row

do
3: for all image channels ch do
4: calculate Cch,k(i)
5: end for
6: get p(i) by merging separate channel results
7: end for
8: calculate e

TABLE I: Angular error of selected low-level statistics-based
methods, the proposed method, and selected learning-based
methods on benchmark image databases (lower is better).

Datasbase linear ColorChecker linear Greyball
Method mean (◦) median (◦) mean (◦) median (◦)

do nothing 13.7 13.6 15.6 14.0
Some low-level statistics-based methods

White patch 7.6 5.7 12.7 10.5
GW 6.4 6.3 13.0 11.0

general GW 4.7 3.5 11.6 9.7
SoG 4.9 4.0 11.6 9.7

1st-order GE 5.3 4.5 10.6 8.8
2nd-order GE 5.1 4.4 10.7 9.0
Bright pixels 4.0 2.6 - -

CS 3.7 2.8 10.8 9.1
The proposed method

CR 3.5 2.5 10.3 8.5
Learning-based methods

GM 4.2 2.3 11.8 8.9
HLVI 3.5 2.5 9.7 7.7
NIS 4.2 3.1 9.9 7.7

IV. EXPERIMENTAL RESULTS

A. Testing method

A common error measure for color constancy algorithms
that estimate the global illumination of a scene in an image is
the angular error i.e. the angle between the real illumination
and the illumination estimation [20]. The accuracy of different
color constancy algorithms is compared by running them
against a set of images and it is better to compare their median
angular errors instead of their mean angular errors because the
distribution of the angular errors on a set of images may not
be symmetrical [20].

B. Databases used for testing

The color formation model used in Eq. (1) is based
on linear images and in digital cameras color constancy is
generally implemented prior to conversion of RAW data to
device-dependent RGB images [21]. Therefore, to test the
proposed method we used Shi’s and Funt’s re-processed linear
version [19] of the original ColorChecker (CC) database [13],
9 new NUS linear databases described in [8] and available
at [22], and the linear version of the GreyBall database [23].
Each image in the ColorChecker database and NUS databases
contains a color checker, whose last row contains achromatic

patches that were used to extract the groundtruth illumination
provided together with the images. A grey ball has the same
purpose in the images of the GreyBall database. Both the
color checker and the grey ball have to be masked out before
processing the images with the tested algorithms in order to
prevent the bias. The ColorChecker and NUS databases are
based on linear RAW data, while to obtain the linear version
of the GreyBall database, the inverse gamma correction with
assumed γ = 2.2 is performed, so more emphasize was put
on the RAW data based databases.

The re-processed linear ColorChecker did not correct for
the dark level values [24] because the authors were trying
to represent the original Gehler’s RAW data as accurately as
possible. Even though they provided a script for dark level
subtraction, the results in [21] and on [25] were calculated
without subtracting the dark level, but were nevertheless used
in many publications. For the sake of the compatibility with
earlier publications, for the ColorChecker database we per-
formed the testing without dark level subtraction. The tests on
NUS databases were performed with dark level subtraction.

C. Parameters tuning

In order to tune the parameters, the grid search was
performed. The upper bounds for parameters n, f , d, k, r,
and c were 2000, 5.0, 2.0, 15, 100, and 100, respectively.
Table I and Table II show the best means and medians of
errors for the proposed method and for several other color
constancy methods on several databases. The data was taken
from [21], [25], [15], [8], and [22] or was calculated by
using the available source code. On the ColorChecker and
the GreyBall databases the proposed method outperforms all
other low-level statistics-based methods and it compares well
to the learning based methods. For almost each of the NUS
databases the proposed method outperforms all methods, which
is a significant result showing the potential of the Retinex
model.

As the proposed method has several parameters, we per-
formed the cross-validation to learn the parameters with folds
for ColorChecker and the GreyBall databases provided by the
authors. The results after the cross-validation differed very
little or they were not different at all, which can be attributed to
the proposed method’s stability that will be further discussed.
For that reason and due to the fact that cross-validation is
regularly not performed for low-level statistics-based methods,
we simply reported the best results obtained.

D. Parameters’ influence

By examining the results for various parameters we con-
cluded that ones that have the strongest influence on the
accuracy are f and d. Their impact on the surround of the
parameter values for the results on the linear ColorChecker
reported in Table I is shown in Fig. 3. When the kernel is
used, the angular error graphs become skewed so that the
angular error statistics are decreased for lower values of d,
but increased for the greater ones. Fig. 4 shows the influence
of n and k (kernel size). Even though the graph seems not
to be as smooth as the ones in Fig. 3, this is only because in
Fig. 4 the z-axis covers a much smaller range. For every of the
NUS databases the graphs showing the influence of parameters



(a)

(b)

Fig. 3: Influence of values of parameters f and d on mean and median of the angular error of the proposed method on the
linear ColorChecker for n = 1200, r = c = 100: (a) kernel k size set to 9, (b) no kernels used.

Fig. 4: n-k median error surround on the linear
ColorChecker for f = 1/3, d = 0.05, r = c = 100.

f and d are very similar with one dominant spike and the rest
being smooth. From all shown graphs it can be seen that the
method’s accuracy is stable despite its many parameters.

For most of the shown parameters the proposed method’s
median angular error is below 3◦, which was experimentally
shown to be an acceptable error [26] [27]. Some examples of
different methods’ results are shown in Fig. 6.

Fig. 5: Influence of interpolation on accuracy for n = 1200,
k = 9, f = 1/3, d = 0.05.

E. Speed test

The complexity of the proposed method expressed in Big-
O notation is

O

(
nM

rc

)
(10)

where M is the number of all image pixels. The speed of the
proposed method and other low-level statistics-based methods
were tested on the linear ColorChecker database. In order
to perform the comparison, the proposed method and other
low-level statistics-based methods mentioned in Table I were



TABLE II: Angular error of selected low-level statistics-based methods, the proposed method, and selected learning-based
methods on 9 new NUS benchmark image databases (lower is better).

Low-level statistics-based methods Learning based methods
Method CR CD GW WP SoG GGW BP GE1 GE2 PG EG IG BL ML GP NIS
Dataset Mean angular error (◦)
Canon1 3.09 2.93 5.16 7.99 3.81 3.16 3.37 3.45 3.47 6.13 6.07 6.37 3.58 3.58 3.21 4.18
Canon2 2.81 2.81 3.89 10.96 3.23 3.24 3.15 3.22 3.21 14.51 15.36 14.46 3.29 2.80 2.67 3.43

Fuji 2.94 3.15 4.16 10.20 3.56 3.42 3.48 3.13 3.12 8.59 7.76 6.80 3.98 3.12 2.99 4.05
Nikon1 3.06 2.90 4.38 11.64 3.45 3.26 3.07 3.37 3.47 10.14 13.00 9.67 3.97 3.22 3.15 4.10

Oly 2.65 2.76 3.44 9.78 3.16 3.08 2.91 3.02 2.84 6.52 13.20 6.21 3.75 2.92 2.86 3.22
Pan 2.89 2.96 3.82 13.41 3.22 3.12 3.05 2.99 2.99 6.00 5.78 5.28 3.41 2.93 2.85 3.70
Sam 2.94 2.91 3.90 11.97 3.17 3.22 3.13 3.09 3.18 7.74 8.06 6.80 3.98 3.11 2.94 3.66
Sony 2.88 2.93 4.59 9.91 3.67 3.20 3.24 3.35 3.36 5.27 4.40 5.32 3.50 3.24 3.06 3.45

Nikon2 3.57 3.81 4.60 12.75 3.93 4.04 4.09 3.94 3.95 11.27 12.17 11.27 4.91 3.80 3.59 4.36
Dataset Median angular error (◦)
Canon1 2.08 2.01 4.15 6.19 2.73 2.35 2.45 2.48 2.44 4.30 4.68 4.72 2.80 2.80 2.67 3.04
Canon2 1.86 1.89 2.88 12.44 2.58 2.28 2.48 2.07 2.29 14.83 15.92 14.72 2.35 2.32 2.03 2.46

Fuji 1.84 2.15 3.30 10.59 2.81 2.60 2.67 1.99 2.00 8.87 8.02 5.90 3.20 2.70 2.45 2.95
Nikon1 1.91 2.08 3.39 11.67 2.56 2.31 2.30 2.22 2.19 10.32 12.24 9.24 3.10 2.43 2.26 2.40

Oly 1.79 1.87 2.58 9.50 2.42 2.15 2.18 2.11 2.18 4.39 8.55 4.11 2.81 2.24 2.21 2.17
Pan 1.70 2.02 3.06 18.00 2.30 2.23 2.15 2.16 2.04 4.74 4.85 4.23 2.41 2.28 2.22 2.28
Sam 1.88 2.03 3.00 12.99 2.33 2.57 2.49 2.23 2.32 7.91 6.12 6.37 3.00 2.51 2.29 2.77
Sony 2.10 2.33 3.46 7.44 2.94 2.56 2.62 2.58 2.70 4.26 3.30 3.81 2.36 2.70 2.58 2.88

Nikon2 2.42 2.72 3.44 15.32 3.24 2.92 3.13 2.99 2.95 10.99 11.64 11.32 3.53 2.99 2.89 3.51

(a) (b) (c) (d) (e)

Fig. 6: Example of chromatic adaptation based on the methods’ illumination estimation and respective illumination estimation
errors: (a) do nothing, (b) Gray-World, (c) general Gray-World, (d) Color Distribution, and (e) proposed method).

implemented in C++ programming language and were applied
to first 100 images of the linear ColorChecker database. In
order to reduce a possible bias, all compiler optimizations were
on purpose disabled. The testing was performed on a computer
with Intel(R) Core(TM) i5-2500K CPU by using only one core.
The execution times that are given in Table III show that even
though it is more accurate, the proposed method does not get
behind with regard to execution time. All of the methods were
executed with parameter values set for best accuracy and this
values were taken from [15] and [25]. The code used in test-
ing is provided at http://www.fer.unizg.hr/ipg/resources/color
constancy/.

V. CONCLUSION

The proposed method represents a simple, yet very effec-
tive Retinex-based method for illumination estimation. In terms
of accuracy it outperforms almost all of the well-known color
constancy methods. Both accuracy and computation cost can
simply be controlled by several parameters and the method’s
accuracy was shown to be robust to change of parameter
values. The success of the method additionally justifies the
Retinex model of human vision system.



TABLE III: Cumulative execution time for first 100 images
of the linear ColorChecker database for several methods.

Method Parameters Time (s)

white patch - 1.3949
Gray-World - 1.3285

general Gray-World p = 9, σ = 9 20.2154
1st-order Gray-Edge p = 1, σ = 6 15.0224
2nd-order Gray-Edge p = 1, σ = 1 10.5949

Color Sparrow n = 225, r = c = 50 0.0357
proposed method n = 1200, r = c = 100 0.2435
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