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a b s t r a c t

In general, computational methods to estimate the color of the light source are based on single, low-level

image cues such as pixel values and edges. Only a few methods are proposed exploiting multiple cues for

color constancy by incorporating pixel values, edge information and higher-order image statistics. However,

expanding color constancy beyond these low-level image statistics (pixels, edges and n-jets) to include high-

level cues and integrate all these cues together into a unified framework has not been explored.

In this paper, the color of the light source is estimated using (low-level) image statistics, (intermediate-level)

regions, and (high-level) scene characteristics. A Bayesian framework is proposed combining the different

cues in a principled way.

Our experiments show that the proposed algorithm outperforms the original Bayesian method. The mean

error is reduced by 33.3% with respect to the original Bayesian method and the median error is reduced by

37.1% on the re-processed version of the Gehler color constancy dataset. Our method outperforms most of the

state-of-the-art color constancy algorithms in mean angular error and obtains the highest accuracy in terms

of median angular error.

© 2015 Elsevier Inc. All rights reserved.
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. Introduction

Color is an important cue in computer vision and imaging related

opics, like human–computer interaction [1], color feature extrac-

ion [2] and color appearance models [3]. Differences in illumination

ause measurements of object colors to be biased towards the color

f the light source. Fortunately, humans tend to perceive object colors

ore or less constant despite large differences in illumination color.

olor feature extraction and color appearance models would benefit

rom a similar color constancy ability.

Typically, computational methods to estimate the color of the

ight source are based on single, low-level image cues. For instance,

ixel values are used in well-established methods like the Grey-

orld method [4] and the Gamut mapping [5]. However, using only

ixel information ignores a considerable amount of information that

s available in pixel derivatives. To this end, edge information is

xploited in the context of color constancy such as the Grey-Edge

ethod [6]. Hirakawa et al. [7] decompose an input color image into

istinct spatial sub-bands, and then model the color statistics sep-

rately in each subband. This approach is similar to modeling edge
✩ This paper has been recommended for acceptance by Dimitris Samaras.
∗ Corresponding author.

E-mail address: lawyoung@sdu.edu.cn, lawyoung529@gmail.com (Y. Liu).
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istributions. Only a few methods are proposed exploiting multiple

mage cues for color constancy. The generalized Gamut mapping [8]

ncorporates pixel values, edge information and higher-order statis-

ics. But extensions beyond low-level statistics are cumbersome at

est.

For mid-level image cues, segmentation is used to improve the

ccuracy of color constancy algorithms, e.g. [9]. Image segmentation

educes the effect of large, uniformly colored regions. Furthermore,

t reduces the computational complexity as the number of regions

s typically a fraction of the number of pixels. The exemplar-based

ethod of [10] exploits region information. First, nearest neighbor

urfaces for each region are computed. Then, the illuminant is es-

imated by integrating the neighboring votes. Learning-based ap-

roaches are proposed using multiple types of cues by selecting the

ost appropriate estimation algorithm based on specific criteria, e.g.

mage statistics [11], scene geometry information [12] or scene infor-

ation [13]. However, these methods do not scale easily for multiple

ues.

Recent advances in automatic scene segmentation and recogni-

ion have now reached a level of accuracy to adequately classify

emantic cues (e.g. objects and scenes) in images and videos. Color

onstancy can largely benefit from semantic cues to determine the

ossible light sources under which an image is recorded. For exam-

le, for images of outdoor scenes (e.g. streets, landscapes and forests),

he possible light sources are daylight variants. This argument holds

http://dx.doi.org/10.1016/j.cviu.2015.04.011
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Fig. 1. Overview of the proposed system. A Bayesian framework is taken to com-

bine (low-level) image statistics, (intermediate-level) regions and (high-level) scene

detection.
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also for other concepts (offices, meeting rooms and shops) where

a restricted set of indoor lighting is possible. Based on scene clas-

sification, the context of these concepts can be derived and con-

sequently the range of possible light sources can be learned. For

example, Bianco et al. [13] show that the image statistics of different

concepts will result in different “preferred methods”, e.g. the Shades

of Grey method [14] will generally result in a better performance

when applied to indoor images, while the second-order Grey-Edge

is more suited for outdoor images [13].

In this paper, color constancy is computed by integrating (low-

level) image statistics, (intermediate-level) regions and (high-level)

scene characteristics. A Bayesian framework is adopted to combine

all cues in a principled way. More cues can easily be added and no

prior color constancy algorithms are assumed. An overview of the

proposed system is shown in Fig. 1. First, the input image is de-

composed into several components. Low-level components involve

pixel-values, edges and higher-order derivatives. Medium-level com-

ponents are blobs and super-pixels. High-level semantic cues involve

concepts (e.g. indoor/outdoor). Then, all these components are fused

by the proposed Bayesian framework.

The remainder of this paper is organized as follows. In Section 2,

we give a brief overview of the Bayesian approach to color constancy.

In Section 3, we describe a Bayesian framework used for multiple vi-

sual cues as well as the visual cues used. In Section 4, experimental

results are given followed by our conclusion in Section 5.

2. A Bayesian approach to color constancy

Most illuminant estimation algorithms are based on simplifying

assumptions. The White-Patch algorithm [15] assumes that the max-

imum response in RGB channels is caused by a perfect white re-

flectance. The Grey-World algorithm [4] assumes that the average re-

flectance in a scene is achromatic. Bayesian approaches [16,17], on

the other hand, do not explicitly model these assumptions but rather

model the variability of the surface reflectances and illuminants as

random variables. An illuminant estimate is obtained from the pos-

terior distribution conditioned on the image data. The advantage of
uch methods is the adaptability to the data. This approach provides

robust and elegant way to combine multiple cues and learn the light

ources.

To be precise, let a pixel in a linear RGB image be denoted by y,

ith three color channels: (yr, yg, yb). Under a Lambertian surface

ssumption, the relation between the image pixel y, the reflectance

= (xr, xg, xb) and the light source l = (lr, lg, lb) is given by

r = lrxr yg = lgxg yb = lbxb, (1)

hich can be written in matrix form as

= diag(l) y = Lx. (2)

f the observed data are:

= (y(1), . . . , y(n)), (3)

ith unknown reflectances:

= (x(1), . . . , x(n)), (4)

he posterior probability for the illuminant is given by

p(l|Y) ∝ p(Y|l)p(l)

=
∫

X

(∏
i

p(y(i)|L, x(i))p(X)dX

= |L−1|n p(X = L−1Y)p(l) (5)

In [16], the illuminants and the reflectances are assumed to be

ndependent. The prior distribution of reflectances is estimated by

n empirical distribution, which improves over a Gaussian prior. For

he illuminant prior, instead of assuming to be uniform over a con-

trained set [16], Gehler et al. [17] propose to use an empirical dis-

ribution which is obtained from the illuminants of the training set.

e adopt the approach of Gehler to model the illuminant prior. It has

he advantage of steering the algorithm towards frequently occurring

lluminants.

The goal of Bayesian color constancy is to compute the color of the

ight source that minimizes the Bayesian risk. The estimated illumi-

ant is selected by computing the posterior probability of the model

nder all admissible illuminants for any given image.

. Color constancy using multiple visual cues

In general, image features can be divided into low-level features

e.g. corners and edges), medium-level features (e.g. regions) and

igh-level features (e.g. objects and scene types). In this section, we

ill discuss different levels of features for color constancy and show

ow to incorporate them into the Bayesian framework.

.1. Low-level features

Traditionally, pixel values are used as image cues for illumination

stimation [4,5,15]. However, these approaches ignore a considerable

mount of information that is available in the image derivatives, i.e.

orrelations between pixels. It is shown that the n-jet describes the

erivative structure of an image [18,19]. The n-jet description encom-

asses pixel values, edges and higher-order structures. In this paper,

e will consider the n-jet up to the second order

= { f, fx, fy, fxx, fxy, fyy}, (6)

here f = R, G, B and the derivatives are computed by a convolution

ith a Gaussian at the scale of the derivative filter

f ⊗ ∂

∂x
Gσ = ∂

∂x
( f ⊗ Gσ ). (7)

Note that the diagonal model consists of strictly positive elements,

ut the first and second-order derivatives can contain negative as
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ell as positive values. Instead of using the derivative features, we

ompute ∇f for the 1-jet and ∇∇f for the 2-jet as follows:

∇ f =
√

f 2
x + f 2

y

∇ f =
√

f 2
xx + 4 ∗ fxy + f 2

yy, (8)

We use these higher-order image statistics, in terms of n-jet, for

he Bayesian color constancy.

According to the Bayesian framework, the posterior probability for

he illuminat using pixel information is given by

p(l|Ypixel) ∝ |L−1|n p(Xpixel = L−1Ypixel)p(l), (9)

here the empirical distributions for pixel values p(Xpixel) is learned

y computing histograms in RGB space using 32 × 32 × 32 bins sim-

lar to [17]. The probability of each reflectance is a function of the

umber of appearances in the learning set. Similar to the posterior

robability using pixel information, the posterior probability using

-jets information is written as follows:

p(l|Yn-jet) ∝ |L−1|n p(Xn-jet = L−1Yn-jet)p(l), (10)

iven an image, the n-jet information is computed for each channel,

nd then normalized to [0, 1]. The empirical distributions for the n-

et information p(Xn-jet) is also learned by computing histograms of

2 × 32 × 32 bins.

.2. Medium-level features

Rather than using the entire image, segmentation is used to im-

rove the accuracy of color constancy algorithms, e.g. [9]. This pre-

rocessing step leads to improved results. For example, the gray

orld approach is sensitive to large, uniformly colored surfaces. The

ame problem also holds for the Bayesian approach. Large regions

ay considerably skew the reflectance distributions. Segmenting the

mage reduces the effects of large, uniformly colored regions. By bal-

ncing surfaces to a more equal distribution, segmentation will also

educe the complexity of the algorithms as the number of regions is

ypically only a fraction of the number of pixels.

Many methods are proposed to segment an image in a bottom-

p way such as Normalized Cuts (NCuts) [20], the Felzenszwalb and

uttenlocher (FH) [21] and Mean-Shift [22]. Felzenszwalb and Hut-

enlocher is typically used in high recall settings to create an over-

egmentation of superpixels. Mean Shift and Normalized Cuts pro-

ide better precision, but often produce artifacts by breaking large

niform regions (e.g. sky) into chunks.

In this paper, we use a hierarchical segmentation method pro-

osed by van de Sande et al. [23]. Firstly, the image is over-segmented

nto several initial regions. Starting from the initial regions, a greedy

lgorithm is used to iteratively group the two most similar regions to-

ether and calculates the similarities between this new region and its

eighbors. The process stops when the whole image becomes a single

egion. The method uses size and appearance features to measure the

imilarity, encouraging small regions to merge early and preventing

single region from gobbling up all others one by one.

Images are segmented based on the RGB color space as well as op-

onent color space, normalized rgb color space, and the hue chan-

el, generating different hierarchical segmentations for each color

pace. The hierarchical segmentation method uses a graph-based ap-

roach to generate the initial segments. Parameter k denotes the min-

mum size of the segments. Two initial segmentations are used for

= 100, 200. For each image, we generate eight hierarchical segmen-

ation trees of about 15,000 regions. Then, images are corrected with

he given light source colors, transferring to the ones that are taken

nder the white illuminant. The mean color of these regions is com-

uted on the corrected images and normalized to [0, 1] in RGB color
pace. The posterior probability for the illuminant using mean region

olor information is given by

p(l|Yregion) ∝ |L−1|n p(Xregion = L−1Yregion)p(l), (11)

imilar to the low-level features, we learn the empirical distribu-

ions p(Xregion) for region values by computing the histogram with

he same size.

.3. High-level visual features

Finally, high-level image features are considered. Concepts will

nforce different priors on the set of possible illuminants. Moreover,

he empirical distribution will differ for various concepts. Bianco et al.

13] show that the statistics of different concepts will result in differ-

nt preferred methods, e.g. the Shades of Grey method will generally

esult in a better performance when applied to indoor images, while

he second-order Grey-Edge is more suited for outdoor images [13].

u et al. [12] show that different 3D geometry models (stages) prefer

ifferent color constancy methods. As opposed to previous methods,

ur approach uses high level visual features to model the priors on

he set of possible illuminants and the empirical distributions of dif-

erent concepts.

For indoor and outdoor images, the images are usually different

nd they are usually taken under different light sources. Furthermore,

he empirical distribution of indoor and outdoor concepts is different

17]. In our algorithm, for each category of concepts (indoor and out-

oor), an empirical distribution is modeled based on low-level and

edium-level cues. The distributions of different illuminant condi-

ions are also learned.

Given the concept in an image, the posterior probability for the

lluminant is defined as follows:

p(l|Yconcept) ∝ p(P1...N|l;C)p(l;C)

p(P1...N;C)

= p(l;C)

p(P1...N;C)

N∏
i=1

p(Pi|l;C)

= p(l;C)

p(P1...N;C)

N∏
i=1

[
p(l|Pi;C)p(Pi;C)

p(l;C)

]

∝
∏N

i=1 p(l|Pi;C)

p(l;C)N−1
(12)

here P1 …N represent the image cues that may contain empirical

istribution information for color constancy, and C represents differ-

nt concept categories (e.g. indoor and outdoor scenes). Pi represents

ow-level and mid-level features: Ppixel, P1-jet, P2-jet and Pregion. For dif-

erent low-level and mid-level features, we assume that they are con-

itionally independent and contain information about the illuminant

istribution. We exploit the posterior probability p(l|Pi;C) for the il-

uminant using different low-level and mid-level features for differ-

nt concepts. The indoor and outdoor images are usually taken under

ifferent illuminant conditions. Therefore, we also learn the illumi-

ant distribution p(l; C) for different concepts.

Besides classifying images as indoor and outdoor, we also consider

he 3D geometry (stages) of images. For each category of stages, the

tage information is manually labeled. The empirical distribution and

he illuminant conditions are modeled in the same way for indoor

nd outdoor image categories.

. Experiments

.1. Data set

Gehler et al. [17] provide a data set of 568 images including a

ide variety of indoor and outdoor scenes. Images are taken with two

igh quality DSLR cameras (Canon 5D and Canon 1D) with all settings
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Fig. 2. Results for low-level features (pixel, 1-jet and 2-jet) and medium-level features (region) with different bin size.

Table 1

Results from the Bayesian framework using the low-level features (pixel, 1-jet and 2-jet) and

medium-level features (region) on the data set reprocessed by Shi and Funt [24]. The upper part

shows the results without considering indoor and outdoor categories, and the lower part shows

the results for images manually labeled.

Method All images Indoor Outdoor

Mean Med. 25% Mean Med. 25% Mean Med. 25%

Pixel 4.8◦ 3.5◦ 10.5◦ 6.5◦ 5.9◦ 12◦ 3.5◦ 2.4◦ 7.9◦

1-jet 4.3◦ 3.4◦ 9.2◦ 5.4◦ 4.6◦ 10.3◦ 3.5◦ 2.6◦ 7.7◦

2-jet 4.2◦ 3.2◦ 9.0◦ 5.3◦ 4.6◦ 10.0◦ 3.4◦ 2.6◦ 7.4◦

Region 4.5◦ 3.1◦ 10.2◦ 6.9◦ 6.6◦ 12.3◦ 2.6◦ 2.0◦ 5.7◦

Pixel 4.0◦ 2.9◦ 8.6◦ 5.3◦ 4.5◦ 10.6◦ 3.0◦ 2.3◦ 6.1◦

1-jet 4.1◦ 3.2◦ 8.6◦ 5.4◦ 4.6◦ 10.5◦ 3.0◦ 2.6◦ 6.2◦

2-jet 3.9◦ 3.0◦ 8.3◦ 5.1◦ 4.5◦ 9.9◦ 3.0◦ 2.5◦ 6.2◦

Region 3.5◦ 2.6◦ 7.9◦ 4.8◦ 4.0◦ 9.6◦ 2.6◦ 1.9◦ 5.6◦
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in auto mode and stored in RAW format. Furthermore, Shi and Funt

[24] reprocessed the raw data to obtain linear images with a higher

dynamic range. Lynch et al. [25] show that although the renderings

provided by Shi and Funt [24] are linear, the pixels are a translation

away from the actual responses, causing a “washed-out” effect. They

re-render the original dataset and provide 482 images taken on the

Canon 5D camera. In our experiments, we analyze and evaluate the

proposed method on these two datasets.

4.2. Performance measure

In order to evaluate the performance of the color constancy algo-

rithms, the angular error between the illuminant color and the esti-

mated color is taken,

eang = cos−1(ê1 · êe), (13)

where ê1 is the normalized ground truth of the illuminant, while êe

is the normalized estimation. Mean, median angular errors and the

results of 25% worst are taken as performance indicator in our exper-

iment [8,11,12].

4.3. Parameter analysis

In the Bayesian method, the empirical distribution for different

cues is learned by the computation of histograms. Thus, the bin size

of the histogram may influence the final results. In this section, we

analyze how the results change by varying the bin size on the data set

reprocessed by Shi and Funt [24]. Fig. 2 shows the results for low-level

features (pixel, 1-jet and 2-jet) and medium-level features (region)

for different bin sizes (8, 16 and 32). It can be derived the bin size of

32 provides best results. Therefore, in the following experiments, the

bin size is set to 32.
.4. Color constancy results

In this section, three experiments are conducted. We train and test

ur Bayesian model, using threefold cross-validation. The empirical

istributions are modeled using two of three folds, and the algorithm

s tested on the remaining fold. Also, the prior of the illuminants is

earned from two of three folds. The whole procedure is repeated

hree times, leaving out each fold once for testing.

In the first experiment, we evaluate the results for the Bayesian

ramework using low-level features (pixel, 1-jet and 2-jet) and

edium-level features (region), independently. Firstly, the models

re trained on both indoor and outdoor images jointly. Secondly, the

odels are trained on indoor and outdoor images which are labeled

anually (ground-truth). For simplification, we assume that the illu-

inant distribution p(l; C) is uniform over the training dataset.

Table 1 shows the results of our experiments on the data set repro-

essed by Shi and Funt [24]. The methods using high-order statistical

ues and mid-level cues produce higher accuracy than the method

sing only low-level pixel values. Using indoor/outdoor classification,

ll methods are improved. The method based on mid-level cues pro-

uces the best result, with a mean and median angular error of 3.5

nd 2.6°, respectively.

Table 2 shows the results of our experiments on the data set repro-

essed by Lynch et al. [25]. The methods using 2-jet cue and mid-level

ue produce better results than the method using low-level pixel val-

es. Using indoor/outdoor classification, all methods are improved. It

s also hold true that the method based on mid-level cue produces

he best result, with a mean and median angular error of 3.0 and 2.1◦

espectively.

In the second experiment, we fuse different features using the

ayesian framework. In this experiment, we assume that the il-

uminant distribution p(l; C) is uniform over the training dataset.

e present different combinations for indoor and outdoor scenes,

espectively. Table 3 shows the results for different combinations
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Table 2

Results for the Bayesian framework using low-level features (pixel, 1-jet and 2-jet) and

medium-level features (region) on the data set reprocessed by Lynch et al. [25]. The upper

part shows the results without considering indoor and outdoor categories, and the lower part

displays the results for images manually labeled.

Method All images Indoor Outdoor

Mean Med. 25% Mean Med. 25% Mean Med. 25%

Pixel 3.6° 2.1° 9.3° 5.2° 3.3° 12.8° 2.8° 1.8° 6.8°

1-jet 3.8° 2.8° 8.8° 5.1° 3.4° 11.5° 3.1° 2.3° 6.8°

2-jet 3.6° 2.5° 8.7° 4.5° 2.9° 11.2° 3.1° 2.3° 7.2°

Region 3.2° 2.4° 7.1° 4.0° 3.2° 8.4° 2.8° 2.1° 6.1°

Pixel 3.5° 2.1° 9.0° 4.9° 3.3° 13.0° 2.7° 2.0° 6.2°

1-jet 3.5° 2.7° 7.9° 4.7° 3.5° 10.8° 2.8° 2.3° 5.9°

2-jet 3.2° 2.3° 7.4° 4.2° 2.9° 9.8° 2.7° 2.2° 5.9°

Region 3.0° 2.1° 6.7° 3.5° 2.7° 7.7° 2.6° 1.9° 5.9°

Table 3

Results for different combinations on indoor and outdoor images labeled manually on the data set repro-

cessed by Shi and Funt [24].

Combination All Images Indoor Outdoor

Mean Med. 25% Mean Med. 25% Mean Med. 25%

Pixel(baseline) 4.8° 3.5° 10.5° 6.5° 5.9° 12° 3.5° 2.4° 7.9°

Pixel + 1-jet 3.8° 2.8° 8.3° 5.0° 4.2° 9.3° 2.8° 2.3° 7.0°

Pixel + 2-jet 3.8° 2.8° 8.3° 4.9° 4.1° 9.3° 2.9° 2.3° 7.0°

Pixel + region 3.6° 2.6° 7.8° 4.8° 3.9° 9.0° 2.6° 2.0° 6.2°

1-jet + 2-jet 3.9° 3.0° 8.2° 5.0° 4.4° 9.6° 3.0° 2.6° 6.3°

1-jet + region 3.4° 2.5° 7.6° 4.7° 3.8° 9.2° 2.6° 1.9° 5.3°

2-jet + region 3.4° 2.5° 7.5° 4.7° 3.6° 9.1° 2.6° 1.9° 5.5°

Pixel + 1-jet + 2-jet 3.7° 2.7° 8.1° 4.8° 3.9° 9.3° 2.9° 2.3° 5.9°

Pixel + 1-jet + region 3.5° 2.6° 7.7° 4.7° 3.9° 8.9° 2.6° 1.9° 5.7°

Pixel + 2-jet + region 3.4° 2.4° 7.4° 4.6° 3.8° 9.1° 2.5° 2.0° 5.6°

1-jet + 2-jet + region 3.5° 2.4° 7.4° 4.7° 3.6° 8.9° 2.6° 1.9° 5.4°

All cues 3.4° 2.3° 7.7° 4.6° 3.6° 9.3° 2.5° 1.9° 5.6°

Table 4

Results for different combinations on indoor and outdoor images labeled manually on the data set repro-

cessed by Lynch et al. [25].

Combination All images Indoor Outdoor

Mean Med. 25% Mean Med. 25% Mean Med. 25%

Pixel(baseline) 3.6° 2.1° 9.3° 5.2° 3.3° 12.8° 2.8° 1.8° 6.8°

Pixel+1-jet 3.5° 2.4° 8.1° 4.7° 3.2° 11.0° 2.7° 2.1° 6.0°

Pixel+2-jet 3.3° 2.3° 7.9° 4.5° 3.0° 10.7° 2.7° 2.1° 6.0°

Pixel+region 3.0° 2.1° 6.7° 3.6° 3.0° 7.7° 2.6° 1.8° 5.9°

1-jet+2-jet 3.3° 2.4° 7.6° 4.3° 2.9° 10.1° 2.8° 2.2° 6.0°

1-jet+region 3.0° 2.1° 6.6° 3.5° 2.8° 7.9° 2.6° 1.9° 5.9°

2-jet+region 3.0° 2.1° 6.7° 3.5° 2.8° 7.9° 2.6° 1.9° 6.0°

Pixel+1-jet+2-jet 3.3° 2.3° 7.8° 4.5° 2.9° 10.5° 2.7° 2.1° 5.9°

Pixel+1-jet+region 3.0° 2.1° 6.7° 3.5° 2.9° 7.7° 2.6° 1.8° 6.0°

Pixel+2-jet+region 3.0° 2.1° 6.7° 3.5° 2.9° 7.8° 2.6° 1.8° 6.0°

1-jet+2-jet+region 3.0° 2.1° 6.7° 3.5° 2.9° 7.9° 2.6° 1.8° 5.8°

All cues 2.9° 2.1° 6.6° 3.5° 2.8° 7.8° 2.6° 1.8° 5.8°
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n the data set reprocessed by Shi and Funt [24]. The mid part of

able 3 shows the results for indoor scenes. The method combining

ll features produces the best results, with a mean angular error

f 4.6◦ and median angular error of 3.6◦. All combined methods

roduce better results than the original Bayesian method. The

ight part of Table 3 shows the results for outdoor scenes. Also,

he method combining all visual features produces the best re-

ults, with a mean angular error of 2.5◦ and median angular error

f 1.9◦. Again, all the combined methods produce better results

han the original Bayesian method. From Table 3, it can be derived

hat the improvement for indoor images is 29.2%, higher than that

or outdoor images (28.6%) in mean angular error. Furthermore,

able 3 shows that when cues are combined with middle level

ues (region), their performance will increase. The worst result
sing middle level cues (region) is 3.6◦ while the best result

sing the combination of cues is 3.7◦. This implies that the

iddle level cue provides important information for color

onstancy.

Table 4 shows the results for different combinations on the data

et reprocessed by Lynch et al. [25]. The middle part of Table 4

resents the results for indoor scenes. The method combining all fea-

ures produces the best results. The mean angular error is 3.5◦ and

edian angular error is 2.8◦. All combined methods produce better

esults than the original Bayesian method. The right part of Table 4

hows the results for outdoor scenes. Again, the method combining

ll visual features produces the best results with a mean angular er-

or of 2.6◦ and median angular error of 1.8◦. All the combined meth-

ds produce better results than the original Bayesian method in mean
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Table 5

Confusion matrix of the algorithm proposed in [13] on the

dataset reprocessed by Shi and Funt [24].

Predicted indoor Predicted outdoor

True indoor 82.9% 17.1%

True outdoor 12.1% 87.9%

Table 6

Result for the best combination for indoor/outdoor images labeled manually

and automatically on the dataset reprocessed by Shi and Funt [24].

Combination Angular error (°)

Mean Median Worst 25%

Best result(indoor/outdoor manual) 3.4 2.3 7.7

Best result(indoor/outdoor predict) 3.4 2.3 7.7

Table 7

Result for the best combination for indoor/outdoor images labeled manually

and automatically on the dataset reprocessed by Lynch et al. [25].

Combination Angular error (°)

Mean Median Worst 25%

Best result(indoor/outdoor manual) 2.9 2.1 6.6

Best result(indoor/outdoor predict) 3.2 2.5 7.1

No bkg Box Tiled bkg Corner Person + bkg Others

Fig. 3. Example images and the corresponding stage models.
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angular error. The improvement is 19.4% in mean angular error. Fur-

thermore, the middle level cue is the most important cues for color

constancy. The worst result using middle level cues is 3.0◦ while the

best result for the combination of cues is 3.3◦.

In the third experiment, we classify images into indoor and out-

door automatically instead of manually labeling. The algorithm pro-

posed by [13] is used for automatic concept classification. For each

image, color features are extracted based on the YCbCr color space
Fig. 4. Results for different combinations for different stages labeled manually. Mean angula

stage categories.
nd RGB color space as well as salient edges and texture information.

hese features are incorporated into a random forest with 50 random

rees for indoor and outdoor classification. Table 5 shows the results

f the algorithm proposed by [13] on the data set reprocessed by Shi

nd Funt [24] with the same threefold configuration. Most of the im-

ges are correctly classified. Table 6 shows the best combination re-

ults for indoor/outdoor images labeled manually and automatically.

e combine all the visual features for all categories images. They pro-

uce similar results for indoor/outdoor images labeled manually and

utomatically.

The same method is applied on the data set reprocessed by Lynch

t al. [25] (see Table 7). The result for images labeled manually is bet-

er than the result for images which are automatically labeled. How-

ver, the result for images labeled automatically is still better than

he original Bayesian method with an improvement of 11.1% in mean

ngular error.

.5. Combination

In this section, we will analyze different feature combinations

pixel, 1-jet, 2-jet and region) as well as the integration of con-

ept and stage information on the data set reprocessed by Shi and

unt [24]. In this paper, 15 different stages proposed by [26] are

ivided into six categories (no bkg, box,tiled bkg, corner, person

bkg and others) because some stages are a bias of the dataset.

ig. 3 shows the example images and the corresponding stage

odels.

Per stage, the posterior probability for the illuminant is given by

p(l|Ystage) ∝
∏N

i=1 p(l|Pi; S)

p(l; S)N−1
, (14)

imilar to concepts, Pi represents low-level and mid-level features:

pixel, P1-jet, P2-jet and Pregion, S represents different stage categories.

Here, we use manual annotation of stage images [27]. Fig. 4 shows

he results for different combinations per stage. Table 8 shows the

est combination of cues for each stage, respectively. We fuse all

he best combination of cues for each stage to obtain the final re-

ults (see Table 9). The results show that this approach produces

imilar median angular errors differentiated by indoor and outdoor

oncepts. The method has a higher mean angular error. Still, the re-

ult is better than the original Bayesian method with a mean angu-

ar error of 3.6° and a median angular error of 2.6°. Furthermore,

e combine the posterior probability using stage information with

ndoor/outdoor information (see Table 9). The mean angular error
r error is taken as performance measurement (x-axis), and y-axis represents different
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Table 8

Results for the Bayesian framework using the best combination of cues for each stage

respectively.

Name Best combination Mean angular error (°)

Mean Median Worst 25%

No bkg pixel + 1-jet + 2-jet + region 3.2 2.4 4.7

Box 1-jet + region 3.0 2.1 7.5

Titled bkg. 1-jet + 2-jet + region 4.0 2.4 8.8

Corner 1-jet + 2-jet + region 4.9 3.9 10.0

Person + bkg. 1-jet + 2-jet + region 3.8 3.1 8.1

Others 1-jet + 2-jet + region 2.27 1.4 5.4

Table 9

Results for the best combination of different stages.

Combination Angular error (°)

Mean Median Worst 25%

Original Bayesian (baseline) 4.8 3.5 10.5

Stages (automatic) 3.8 2.6 8.7

Concepts (automatic) 3.4 2.3 7.7

Best result (stages manual) 3.6 2.6 8.0

Concepts (manually) + stage (manually) 3.4 2.5 7.9
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a

Input Grey World (13.9o) 1st GE (6.5o) 2nd GE (4.6o)

Gamut (13.2o) NIS (13.7o) HVI (3.8o) SSS(with Prior) (3.7o)

Exemplar (4.5o) Bayesian (3.0o) our method (2.7o) with Prior (2.2o)

Input Grey World (1.7o) 1st GE (1.9o) 2nd GE (1.9o)

Gamut (3.3o) NIS (0.7o) HVI (2.0o) SSS(with Prior) (2.2o)

Exemplar (1.5o) Bayesian (3.6o) our method (0.6o) with Prior (0.2o)

Fig. 5. Outdoor images from the color checker database [24], corrected using different

algorithms. Angular errors for estimated illuminant are indicated below each image.
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s
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sing manually labeled concepts is slightly improved from 3.39 to

.35◦. Using automatic classification proposed by [26], the results are

orse than those using indoor and outdoor concepts. Still, it is better

han the original Bayesian method in both mean and median angular

rror.

.6. Comparison

In this section, we compare our method with different state-

f-the-art algorithms on the data set reprocessed by Shi and Funt

24]. Five standard methods are selected: Grey-World [4], White-

atch [15], general Grey World [14] (p = 6, σ = 0), 1st order Grey-

dge [6] (p = 4, σ = 1) and 2nd order Grey-Edge [6](p = 4, σ = 7).

or gamut-based methods, both pixel-based Gamut [5] (σ = 5) and

dge-based Gamut [8] (σ = 7) are used. The other algorithms are

he Bayesian [17] (the baseline); the Natural Image statistics [11]; the

igh level visual information with the combination of the bottom-

p and top-down information [28]; the spatio-spectral statistics [7]

nd exemplar-based color constancy method [10]. For our method,

esides a uniformly illuminant prior, we evaluate a general prior over

ll illuminants using a Gaussian distribution.
Table 10

Comparison to state-of-the-art methods on the dat

Method

Grey-World [4]

White-Patch [15]

General Grey-World [14] (p = 9, σ = 9)

1st order Grey-Edge [6] (p = 1, σ = 6)

2nd order Grey-Edge [6](p = 1, σ = 1)

Pixel-based Gamut [5] (σ = 4)

Edge-based Gamut [8] (σ = 4)

Bottom-up and Top-down [28]

Using natural image statistics [11]

Spatio-spectral statistics [7] (with general prior)

Spatio-spectral statistics [7] (with category-wise

Exemplar-based [10]

Original Bayesian [17] (baseline)

Proposed method

Proposed method (with general prior)
Table 10 shows the comparison with state-of-the-art methods on

he data set reprocessed by Shi and Funt [24]. The mean error is re-

uced by 57.9% with respect to the White Patch method [15] (worst

esult) and 33.3% with respect to the original Bayesian method [17]

our baseline). The median error is reduced by 65.1% with respect

o the Gray World method [4] (worst result) and 37.1% with respect

o the original Bayesian method [17]. Our result in mean angular er-

or is slightly worse than the best result (the spatio-spectral statistics

7] and exemplar-based color constancy method [10]) with 3.2 to 3.1.

ur method (median angular error) is slightly better than state-of-

he-art methods (the spatio-spectral statistics [7] and the exemplar-

ased color constancy method [10]) with 2.2 to 2.3. Fig. 5 and Fig. 6

how a number of visual results for indoor and outdoor images,

espectively.
a set reprocessed by Shi and Funt [24].

Angular error (°)

Mean Median Worst 25%

6.4 6.3 8.7

7.6 5.7 16.2

4.7 3.5 10.2

5.3 4.5 10.1

5.1 4.4 9.3

4.2 2.3 10.8

6.5 5.0 13.5

3.5 2.5 8.0

4.2 3.1 9.23

3.6 3.0 7.4

prior) 3.1 2.3 6.5

3.1 2.3 6.4

4.8 3.5 10.5

3.4 2.3 7.7

3.2 2.2 7.4
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Input Grey World (6.5o) 1st GE (2.4o) 2nd GE (3.7o)

Gamut (11.3o) NIS (3.7o) HVI (11.7o) SSS(with Prior) (4.0o)

Exemplar (5.2o) Bayesian (4.6o) our method (0.5o) with Prior (0.4o)

Input Grey World (5.8o) 1st GE (4.1o) 2nd GE (4.6o)

Gamut (10.3o) NIS (4.6o) HVI (4.5o) SSS(with Prior) (6.6o)

Exemplar (4.8o) Bayesian (1.6o) our method (1.3o) with Prior (0.4o)

Fig. 6. Indoor images from the color checker database [24], corrected using different

algorithms. Angular errors for estimated illuminant are indicated below each image.

[

[

[

[

[

[

5. Conclusion

In this paper, a method has been proposed to obtain the color of

the light source by using (low-level) image statistics, (intermediate-

level) regions and (high-level) scenes which are integrated in a

Bayesian framework. The proposed algorithm outperforms most of

state-of-the-art color constancy algorithms based on the dataset of

Shi and Funt [24]. Furthermore, from the experimental results, it can

be derived that Bayesian color constancy is improved by fusing dif-

ferent cues on two datasets i.e. Shi and Funt [24] and Lynch et al.

[25]. The proposed Bayesian framework indoor/outdoor classification

further improves color constancy. For future work, we plan to incor-

porate other high level information to improve the color constancy

results (like objects [29,30]).
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