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Abstract: To improve the accuracy of illumination estimation
while maintaining a relative fast execution speed, a novel
learning-based color constancy using color edge moments and
regularized regression in an anchored neighborhood is
proposed. First, scene images are represented by the color
edge moments of various orders. Then, an iterative regression
with a squared Frobenius norm ( F-norm) regularizer is
introduced to learn the mapping between the edge moments
and illuminants in the neighborhood of the anchored sample.
Illumination estimation for the test image finally becomes the
nearest anchored point
multiplication using the associated mapping matrix which can
be precalculated and stored. Experiments on two standard
image datasets show that the proposed approach significantly
outperforms the state-of-the-art algorithms with a performance
increase of at least 10. 35% and 7. 44% with regard to median
angular error.
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he object colors captured by regular digital cameras
T or videos may be shifted under varying illumination
conditions. The displacement of the observed color from
the genuine color usually causes problems in identifying
the scene and the objects within it. In contrast, the hu-
man visual system ( HVS) possesses the ability to con-
stantly perceive the actual color of an object, regardless
of the external illuminant, which is called color constan-
cy'"'. Removing the effect of incident light from the col-
or-biased image is of importance for many computer vi-
sion applications, such as object tracking and object rec-
ognition. One of the solutions is to estimate the scene il-
luminant and then calibrate the color-biased image with
the illuminant estimate.
Based on these two steps, many color constancy meth-
ods have been proposed, see Ref.[1] for recent reviews.
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According to whether a training phase is needed, most ex-
isting color constancy methods can be classified into two
groups: static methods and learning-based methods''.

A large proportion of static methods utilize the statistics
or physical properties of images for illumination estima-
tion. For example, the well-known grey-world algo-
rithm'”' estimates the illuminant by computing the mean
in each color channel of image, based on the assumption
that the average reflectance in the scene is achromatic.
Some other grey-based methods include white-patch',
grey-edge’', etc. Stemming from these grey-based meth-
ods, moments of the zeroth-order or first-order deriva-
tives of images are exploited for illumination estimation
by using the central moments'® and the weighted mo-
ments'”. Besides, other more complex static methods in-
clude local surface reflectance statistics ( LSRS)™ and
double-opponency-based color constancy (DOCC) ™', Al-
though these methods have the advantages of simple im-
plementation and fast computation, the diverse reflectance
distributions of scenes do not always accord with the actu-
al situations'" .

Learning-based methods use the training data to learn
the model that maps the statistics or related features of an
image to the corresponding illuminant. Representative ex-
amples include the Bayesian approach'"”, supported vec-
tor regression (SVR)“”, exemplar-based method"™,
principal component analysis ( PCA) correction'” and
thin plate spline (TPS)'"”', etc. Based on an underlying
analysis of the spatial characteristics in a scene, the ex-
emplar-based color constancy'” combines illuminants over
surfaces which are the nearest to the query surfaces. In
addition, others try to find the best or a combination of
simple static algorithms for each image using extracted
features'"'. Although they can produce better perform-
ance than those aforementioned static methods, these
learning-based methods put more emphasis on developing
sophisticated features about the surface or intricate models
to estimate the illuminant, which require a high computa-
tional cost. Recently, Finlayson'"”' proposed a simple
corrected moment-based approach upon grey-based meth-
ods with a matrix transform, achieving competitive per-
formance compared with the sophisticated methods'.
However, there is much room for performance improve-
ment since the mapping matrix in Ref. [ 15] is estimated
by least squares on the whole training set.

In this paper, we propose a novel learning-based meth-
od using color edge moments and regularized regression
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in an anchored neighborhood to learn a finer model for
improving the accuracies without consuming too much
prediction time. Motivated by the success of edge mo-
ments in earlier works” """, we first represent the scene
images as color edge moments of various orders to char-
acterize the intrinsic structures of images. We then learn
the mapping between the edge moments and illuminant
ground truth. By incorporating the concept of anchored
neighborhood regression (ANR) "', we propose an itera-
tive regression with a squared Frobenius-norm ( F-norm)
regularization to precompute the mapping matrix in the
anchored neighborhood. The illumination estimation for
the test image can be finally resolved by searching for its
nearest anchored point, followed by the mapping of the
color edge moments to the illuminant using the stored
mapping matrix. Experiments verify that our method sig-
nificantly outperforms existing approaches on the standard
datasets.

1 Proposed Method
1.1 Color edge moments

A majority of grey-based methods that utilize the statisti-
cal moments have been unified into a single framework'”:

1/p
‘de) = ke (1)

([1 7,

where p_(x) =I1(x) ® G, (x) is the convolution of the
color image I(x) and a Gaussian filter G (x) with the
kernel parameter o; V"(+) =9"(+)/dx", n is the grey-
edge order; p is the Minkowski-norm order; and k is a
normalization factor. This framework actually incorpo-
rates the zeroth-order methods (e.g., grey-world and
white-patch) , first-order methods (i.e., grey-edge), as
well as other higher-order methods.

It is proved that spatial derivatives of images (e. g. ,
edges) are correlated with the illumination direction”" .
Meanwhile, since the statistical color moments of images
provide useful information for computational color con-
stancy, several approaches that utilize the color moments
for illumination estimation have achieved competitive per-
formance'® ', In concert with these earlier works, we
represent the scene images by the higher-order color edge
moments to capture the inherent structures of images, re-
gardless of illuminant changes.

Given an image I(x,y) = {R(x,y),G(x,y),B(x,
y) | T defining RGB triplets for image position (x,y), a
spatial-domain operator f( +) is applied to obtain a trans-
formed image I,(x,y) =f(I(x,y)) = {R.(x,y),G,(x,
y),B,(x,y) IT. Here, f(+) =9"(+)/ax" is the derivative
operator. Following Ref. [ 17 ], we define the generalized
transform moment by

My =[xy LR (x,) 1°0G,(x,3) 1" [B(x,y) ] "dxdy

(2)

where M‘r’f]’” is the generalized transform moment of order r
+ ¢ and degree a + b + c. Considering that the spatial lo-
cation of moments provides little information for color
constancy, only the generalized transform moments of
My are taken into account. It is self-evident that the left
side of Eq. (1) can be regarded as a special case of My
with degree p on each color channel for the transformed
image V'p, (x). Similar to Ref. [15], it is believed
that cross-channel effects are beneficial and moments of
higher degree are involved. In this work, only general-
ized transform moments up to the third degree with order
0 are considered. For different edge order n of V'p_ (x),
we can have various generalized transform moment fea-
tures which we name color edge moments. Note that the
feature vectors are normalized by [,-norm.

1.2 Mapping matrix computation using regularized
regression in anchored neighbourhood

Following the learning-based methods, the problem of
color constancy is formulated as the inference of the illu-
minant color from the edge moment feature of an image.
Given a set of m training images {I,}}., and the corre-
sponding illuminants E = {e, ,e,, - ,e,} e R, we cal-
culate the edge color moments of images and acquire the
feature matrix X = | x, ,x,,---,x, | € R”", where d is the
dimension of the edge moments feature. The model of il-
lumination estimation is formulated as

E=PX (3)

where P e R*** is the mapping matrix.

Instead of the least squares estimation adopted in Ref.
[15], we resort to a regularization-based regression to
reduce the variance in attaining P in Eq. (3). To this
end, we employ a squared F-norm regularizer which
makes the regression weights not to vary too much. The
optimization problem becomes

P=argmin |[PX-E |’ +\| P (4)

where A is the regularization parameter. The closed-form
solution of Eq. (4) is given by

P=EX"(XX" +AI) " (5)

Given the edge moments feature of a test image y e
R’, the illuminant can then be estimated using P on the
whole training dataset,

é=Py (6)

Since the mapping matrix P can be computed offline, it
means that we only need to multiply the precomputed
mapping matrix with the test feature vector to derive the
illuminant. This formulation is referred as global regres-
sion (GR).

However, a global solution via the entire training set
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does not guarantee that an optimal estimate for a suitable
solution should enforce relevant information about the light
source color and disregard irrelevant information. Since it

is generally assumed that images with similar distributions
]

’

share similar illumination conditions "', the reasonable
option is to estimate the illuminant using the nearest neigh-
bors of the test image. Instead of the entire training set,
we consider the neighborhood that consists of the nearest
neighbors of the test sample to compute the mapping matrix.

Although a straightforward K-nearest neighbor ( KNN)
can find the most similar images of the test sample, it
will cost much time caused by recalculating the mapping
matrix for each test sample. To overcome this, we incor-
porate the concept of the anchored neighborhood"®’ into
Eq. (4), which can dramatically improve the execution
speed during the test phase by precalculating and storing
transformations in the training phase. Specifically, re-
garding each training sample as the anchored point, its K
nearest neighbors from the training set are retrieved,
forming its anchored neighborhood. Eq. (4) is then re-
written as

Pi:argn},in”PiXi_EiHZ'l'/\||Pi||2F (7)
where X, and P, are the anchored neighborhoods and the
associated mapping matrix of x,, while E, is the corre-
sponding illuminant matrix of X,. The distance measure
used for the nearest neighbor search is the correlation ex-
pressed as the inner product. Once the neighborhoods are
defined, we can calculate a separate mapping matrix P,
for each training sample, based on its own neighborhood
rather than the entire data.

Considering the individual contribution of each sample
to the objective by adding a diagonal scalar matrix D,,
Eq. (7) is reformulated as

|P,.D,| =argmin | PXD,~E, |*+A | P, |} (8)

where D, is a K, x K, diagonal matrix with positive ele-
ments, and K, is the number of points in X,.

The optimization in Eq. (8) is not straightforward.
However, we notice that the objective function is convex
if D, or P, is fixed. For a simpler approach, we adopt an
alternative optimization procedure by minimizing the ob-
jective function with respect to one variable while fixing
another. Specifically, we initialize the scalar matrix D, to
be the identity matrix and then alternate between updating
the mapping matrix P\ = E, (X,D" )" [ X,D{"
(X,D")" + AI'l "' while fixing D, and updating the scalar
matrix D" = diag (( X,P{"*" )'E, while fixing P,,
where ( - )" is the pseudo inverse and diag( - ) turns the
input matrix into a diagonal matrix.

At each iteration, the new values of D, or P, are ob-
tained for the next iteration. Each of these steps is guar-
anteed to lower the bound, and iterating them alternative-

ly is guaranteed to find at least a local minimum with re-
spect to D, and P,.

1.3 Illumination estimation by ANR

By incorporating the concept of the anchored neighbor-
hood, the mapping matrix | P,}”, associated with the an-
chored point can be computed offline during training
stage. For the given test sample y (edge moment fea-
ture) , the illumination estimation process turns into the
search for the nearest neighboring training sample ( an-
chored point) and multiplication with the associated map-
ping matrix P, ,

A

¢=P,y (9)

2 Experiments

To evaluate our approach, we have conducted the ex-
periments on two standard real-world datasets in color
constancy, i. e., the ColorChecker dataset'"” and the
GreyBall dataset'®’. Since the images within the same
video clip from the GreyBall dataset are highly correla-
ted, it is suggested that around 600 images be extracted
from the full set''”’. In our implementation, we manually
select 450 images of the most representative after an even
sampling of the full set in the temporal order.

For comparison, the existing methods considered are
classified into two groups: 1) Static methods including
grey-world"”’ | white-patch™*’ | grey-edge”', grey-CCAM
(denoted grey-world-CCAM and grey-edge-CCAM ) '’ |
weighted grey-edge'”’, LSRS'™, and DOCC"'; 2)
Learning-based methods including NIS'', SVR'"|

PCA correction'"”’, TPS'"" | and moment correction'"’.

2.1 Performance measure and experimental setup

The generally employed angular error is chosen as the
error metric, since it correlates reasonably well with the

human perceived quality of the color-corrected images'' .

The angular error & is defined as

a:cos’l(iAe.e ) (10)
el - lel

where é and e are the estimated and ground-truth illumi-
nants, respectively. Beside the commonly used measure
of median angular error, we also report the measure of
mean and trimean for a more comprehensive comparison.
Note that the rg chromaticities of the estimated and true
illuminants are converted to three-vector for angular error
computation when necessary.

As to the experimental setup, we randomly divide each
image dataset into three equal parts for training/valida-
tion/testing. Each experiment is repeated 10 times. For
fair comparison, all the methods are tuned using the same
experimental setup. For those methods which do not need
tunable parameters, the validation subset is discarded.
We set edge order n = 1. Note that we adopt edge mo-
ments feature for TPS'".
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2.2 Experimental results

Tab. 1 lists the accuracies of different methods on the
ColorChecker dataset in terms of the mean, median and
trimean of angular errors. The bold values indicate the
best achieved results, which is the same in the subsequent
table. According to Tab. 1, we find that our (GR/ANR)
approach achieves quite promising performance, which is
better than all the existing methods. Specifically, the pro-
posed (ANR) algorithm outperforms other methods with
an increase of 13.63% , 10.35% , and 8.69% in terms
of the mean, median and trimean of angular errors. Mo-
reover, the learning-based methods achieve lower angular
error than the static methods in terms of most criteria.

Tab.1  Performance evaluation for various methods on the
ColorChecker database

Method Mean  Median Trimean
Grey-world!?] 9.49 839  8.64
White-patch*/ 8.60 6.41  6.96
Grey-edge! 8.20 5.8 670
Grey-world-CCAM“: 8.73 7.25 7.76
Grey-edge-CCAM'®! 8.38 577 672
Weighted grey-edge!”! 8.34 577 6.6l
LSRS!¥! 7.72  6.53  7.02
pocct?! 8.15 5.8  6.54
Natural image statistics ( NIS) [14] 8. 15 6. 04 6.57
Support vector regression ( SVR) ! 7.25 5.21 5.79
PCA correction! '/ 7.63  6.08  6.56
Thin plate spline (TPS) " 6.75  5.09  5.46
Moment correction! ' 6.53 4.54 4.95
Proposed GR 568  4.26  4.59
Proposed ANR 5. 64 4.07 4.52

Tab. 2 tabulates the results of various methods on the
GreyBall database in terms of the mean, median, and tri-

mean angular errors. It can be found that the proposed
(ANR) method still performs better than other methods,
achieving an increase of 9.00% , 7.44% , and 7. 69% in
the criteria of the mean, median and trimean. Also, the
learning-based methods are superior to static methods.

Tab. 2  Performance evaluation for various methods on the
GreyBall database

Method Mean  Median Trimean
Grey-world ! 8.28 7.61 7.75
White-patch ] 7.14 5.8  6.16
Grey-edge!”! 7.15  6.15  6.33
Grey-world-CCAM!¢ 6.82  5.46  5.86
Grey—edge-CCAM[(’] 8. 11 6. 84 7.12
Weighted grey-edge!”! 7.96  6.74  6.81
LSRS!® 6.03 499 537
pocct’! 6.82 573  6.05
Natural image statistics ( NIS) ['*] 7.23 5.99 6.27
Support vector regression (SVR) ! 5.17 4.30 4.51
PCA correction! '/ 5.58  4.45  4.81
Thin plate spline (TPS) " 561 452 4.76
Moment correction! ') 5.11 3.90 4.16
Proposed GR 4.77 3.85 4.01
Proposed ANR 4. 65 3.61 3.84

On both datasets, our GR method exhibits considerable
improvement over moment correction, which is attributed
to the proposed regularization. Meanwhile, the superiori-
ty of ANR over GR verifies the effectiveness of the an-
chored neighborhood.

Moreover, Fig. 1 illustrates some examples of the Col-
orChecker dataset corrected by the illuminant estimates of

Fig. 1

(d)
Corrected images of several algorithms on the ColorChecker dataset. (a) Original images; (b) Images corrected by TPS;
(¢) Images corrected by moment correction; (d) Images corrected by proposed method
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various methods. We can observe that the proposed meth-
od achieves visually pleasant results on these images com-
pared with TPS and moment correction.

In addition to the precision, the computational com-
plexity of our approach is the other issue we must consid-
er. For the global variant of our approach, it consumes
less than 1 ms in the testing phase, and its computation
load comes from the multiplication of a precalculated
mapping matrix and a given feature. Compared to our
global version, the proposed ( ANR) algorithm consumes
extra time for searching the anchored point of a test sam-
ple. Since a naive idea of pairwise comparison results in
O(m) time complexity, this search among m anchored
points costs less than 500 ms in our experiments.

3 Conclusion

This paper presents a novel learning-based color con-
stancy method, delivering superior performance over the
prevailing methods. First, we present images by statisti-
cal edge moments to characterize the intrinsic structures of
scene images. Then we apply a square F-norm regular-
ized regression in an anchored neighborhood to learn the
mapping between the edge moments and illuminants.
Since the mapping matrix associated with the anchored
point can be computed offline, the illumination estimation
process of a test image turns into the search for the nearest
anchored point and multiplication with the stored matrix.
The experiments show the superiority of our approach o-
ver other methods. In the future, we will explore the
effects of adaptive neighborhood and anchor generation,
particularly in the real scenario.
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