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1. Supplementary Material Description
This supplementary material provides additional metrics to evaluate the performance of our method with regards to prior

work. In the main paper, we provide the following statistics: mean, median, tri-mean, best-25% and worst-25%. Here we
examine three additional performance indicators. The first two follow the recommendation by Hordley and Finlayson [13]
by using hypothesis testing to determine if there is a statistical significant difference in the results between two methods.
The metric used for this testing was the sign test [12] and the Kolmogorov-Smirnov (K-S) test [12]. The sign test computes
the median result on a data set for two methods, A and B. In Hordley and Finlayson [13] approach, if the difference is
statistically significant a “+1” or “-1” is used to indicate that the A’s result was better or worse than B’s result respectively.
If the difference is not statistically significant a “0” is assigned. The K-S test examines if the errors in A tend to be larger or
smaller than those in B based on the cumulative distribution function (more technically the empirical distribution function)
of the errors over the data sets. Again, the “+1”, “-1” or “0” is used to denote if the K-S test is better, worse, or the difference
was not statistically significant. Table 1 and Table 2 report the sign test and K-S test of every pair of algorithms (20 different
algorithms including ours) on the Gehler-Shi [9, 15] data set with confidence level of 98%. It can be seen that both hypothesis
testings for the mean test and K-S test indicate the proposed approach outperform the others. Here we only evaluate on the
Gehler-Shi data set because this is the only data set we have the complete results for all the methods.

We provide an additional test that computes the percentage of images in the data set that a particular algorithm outperforms
another. Table 3 reports this metric for every pair of 20 different algorithms including ours, again on the Gehler-Shi [9, 15]
data set. Table 4 provides an average summary statistic of Table 3. It can be seen that learning-based methods usually
outperform statistical methods over more than 50% of the images. The proposed method outperforms all other methods.

Finally, Figure 1 and Figure 2 provides additional subjective comparisons on a number of images and methods to give a
better idea of the visual impact of the results.
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 0 0 -1 -1 -1 -1 -1 -1 -1 0 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
2 0 0 -1 -1 0 0 -1 -1 -1 0 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
3 +1 +1 0 -1 +1 +1 -1 -1 0 +1 0 +1 0 -1 -1 -1 -1 -1 -1 -1
4 +1 +1 +1 0 +1 +1 -1 -1 0 +1 0 +1 +1 -1 -1 -1 -1 -1 -1 -1
5 +1 0 -1 -1 0 -1 -1 -1 -1 +1 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
6 +1 0 -1 -1 +1 0 -1 -1 -1 +1 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
7 +1 +1 +1 +1 +1 +1 0 +1 +1 +1 +1 +1 +1 0 +1 +1 +1 0 0 -1
8 +1 +1 +1 +1 +1 +1 -1 0 0 +1 0 +1 +1 0 +1 +1 -1 -1 -1 -1
9 +1 +1 0 0 +1 +1 -1 0 0 +1 0 +1 +1 -1 0 -1 0 -1 -1 -1
10 0 0 -1 -1 -1 -1 -1 -1 -1 0 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
11 +1 +1 0 0 +1 +1 -1 0 0 +1 0 +1 +1 -1 0 -1 0 -1 -1 -1
12 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1
13 +1 +1 0 -1 +1 +1 -1 -1 -1 +1 -1 +1 0 -1 -1 -1 -1 -1 -1 -1
14 +1 +1 +1 +1 +1 +1 0 0 +1 +1 +1 +1 +1 0 +1 0 0 -1 -1 -1
15 +1 +1 +1 +1 +1 +1 -1 -1 0 +1 0 +1 +1 -1 0 0 -1 -1 -1 -1
16 +1 +1 +1 +1 +1 +1 -1 -1 +1 +1 +1 +1 +1 0 0 0 -1 -1 -1 -1
17 +1 +1 +1 +1 +1 +1 -1 +1 0 +1 0 +1 +1 0 +1 +1 0 -1 -1 -1
18 +1 +1 +1 +1 +1 +1 0 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 0 0 -1
19 +1 +1 +1 +1 +1 +1 0 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 0 0 -1
20 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 0

Table 1: Sign test results on the Gehler-Shi data set [9, 15] with 98% confidence level. A positive value (+1, indicated by green cells)
at table location (row = i, column = j) means algorithm i has statistically significant lower errors. A negative value (-1, indicated by
red cells) means the opposite. Zero (indicated by yellow cells) means the different in the methods errors is not statically significant. The
proposed method is in the last row and column. The “+1”s in the last row show that the proposed method produces statically significant
better results on the sign test than all other methods.

[13] S. D. Hordley and G. D. Finlayson. Reevaluation of color constancy algorithm performance. JOSA A, 23(5):1008–1020, 2006. 1
[14] E. H. Land and J. J. McCann. Lightness and retinex theory. JOSA A, 61(1):1–11, 1971. 2, 3, 4
[15] L. Shi and B. Funt. Re-processed version of the gehler color constancy dataset of 568 images. accessed from http://www.cs.

sfu.ca/˜colour/data/. 1, 2, 3, 4
[16] H. Vaezi Joze and M. Drew. Exemplar-based colour constancy and multiple illumination. TPAMI, 36(5):860–873, 2014. 2, 3, 4
[17] J. Van De Weijer, T. Gevers, and A. Gijsenij. Edge-based color constancy. TIP, 16(9):2207–2214, 2007. 2, 3, 4
[18] J. Van De Weijer, C. Schmid, and J. Verbeek. Using high-level visual information for color constancy. In ICCV, 2007. 2, 3, 4

http://www.cs.sfu.ca/~colour/data/
http://www.cs.sfu.ca/~colour/data/


G
re

y-
w

or
ld

[2
]

W
hi

te
-p

at
ch

[1
4]

Sh
ad

es
-o

f-
gr

ey
[6

]

G
en

er
al

G
re

y-
w

or
ld

[1
7]

1s
t-

or
de

rG
re

y-
ed

ge
[1

7]

2n
d-

or
de

rG
re

y-
ed

ge
[1

7]

B
ri

gh
t-

an
d-

da
rk

C
ol

or
s

PC
A

[4
]

L
oc

al
Su

rf
ac

e
R

efl
ec

ta
nc

e
[8

]

Pi
xe

l-
ba

se
d

G
am

ut
[1

1]

E
dg

e-
ba

se
d

G
am

ut
[1

1]

In
te

rs
ec

tio
n-

ba
se

d
G

am
ut

[1
1]

SV
R

R
eg

re
ss

io
n

[7
]

B
ay

es
ia

n
[9

]

Sp
at

io
-s

pe
ct

ra
l[

3]

N
at

ur
al

Im
ag

e
St

at
is

tic
s

[1
0]

C
A

R
T-

ba
se

d
C

om
bi

na
tio

n
[1

]

B
ot

to
m

-u
p+

To
p-

do
w

n
[1

8]

E
xe

m
pl

ar
-b

as
ed

[1
6]

19
-E

dg
e

C
or

re
ct

ed
-m

om
en

t[
5]

O
ur

Pr
op

os
ed

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 0 0 -1 -1 -1 -1 -1 -1 -1 0 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
2 0 0 -1 -1 -1 0 -1 -1 -1 0 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
3 +1 +1 0 0 +1 +1 -1 -1 -1 +1 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
4 +1 +1 0 0 +1 +1 -1 -1 -1 +1 -1 +1 0 -1 0 -1 -1 -1 -1 -1
5 +1 +1 -1 -1 0 0 -1 -1 -1 +1 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
6 +1 0 -1 -1 0 0 -1 -1 -1 +1 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
7 +1 +1 +1 +1 +1 +1 0 0 0 +1 0 +1 +1 +1 +1 +1 +1 0 0 -1
8 +1 +1 +1 +1 +1 +1 0 0 0 +1 0 +1 +1 +1 +1 +1 -1 -1 -1 -1
9 +1 +1 +1 +1 +1 +1 0 0 0 +1 0 +1 +1 0 +1 +1 0 0 -1 -1
10 0 0 -1 -1 -1 -1 -1 -1 -1 0 -1 +1 -1 -1 -1 -1 -1 -1 -1 -1
11 +1 +1 +1 +1 +1 +1 0 0 0 +1 0 +1 +1 0 +1 +1 0 0 -1 -1
12 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1
13 +1 +1 +1 0 +1 +1 -1 -1 -1 +1 -1 +1 0 -1 -1 -1 -1 -1 -1 -1
14 +1 +1 +1 +1 +1 +1 -1 -1 0 +1 0 +1 +1 0 0 0 -1 -1 -1 -1
15 +1 +1 +1 0 +1 +1 -1 -1 -1 +1 -1 +1 +1 0 0 0 -1 -1 -1 -1
16 +1 +1 +1 +1 +1 +1 -1 -1 -1 +1 -1 +1 +1 0 0 0 -1 -1 -1 -1
17 +1 +1 +1 +1 +1 +1 -1 +1 0 +1 0 +1 +1 +1 +1 +1 0 0 -1 -1
18 +1 +1 +1 +1 +1 +1 0 +1 0 +1 0 +1 +1 +1 +1 +1 0 0 0 -1
19 +1 +1 +1 +1 +1 +1 0 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 0 0 -1
20 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 +1 0

Table 2: K-S test results on the Gehler-Shi data set [9, 15] with 98% confidence level. A positive value (+1, indicated by green cells) at
table location (row = i, column = j) means algorithm i has statistically significant lower errors. A negative value (-1, indicated by
red cells) means the opposite. Zero (indicated by yellow cells) means the different in the methods errors is not statically significant. The
proposed method is in the last row and column. The “+1”s in the last row show that the proposed method produces statically significant
better results on the K-S test than all other methods.
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

1 - 53.2 26.1 25.0 34.7 35.0 21.0 17.4 31.7 46.7 32.0 57.9 33.5 16.0 25.2 23.8 20.4 15.1 17.4 14.4
2 46.8 - 29.4 29.0 47.9 46.5 24.3 24.5 16.9 53.9 17.3 57.0 35.9 27.5 24.3 23.2 23.6 19.9 20.2 17.6
3 73.9 70.6 - 45.2 59.3 56.5 31.9 32.0 48.9 71.3 49.1 73.1 52.6 29.8 41.5 35.2 33.6 27.1 26.6 22.5
4 75.0 71.0 54.8 - 63.7 62.0 35.2 35.7 48.8 73.2 48.9 75.7 54.6 35.0 44.7 37.3 37.1 31.3 32.7 24.8
5 65.3 52.1 40.7 36.3 - 41.7 26.1 24.8 30.3 65.1 30.1 67.6 33.1 22.9 30.3 31.5 27.5 17.4 21.0 18.1
6 65.0 53.5 43.5 38.0 58.3 - 25.7 22.4 30.5 63.4 30.6 69.4 37.3 22.0 30.1 31.7 28.0 17.4 21.3 19.0
7 79.0 75.7 68.1 64.8 73.9 74.3 - 57.7 57.2 77.8 57.4 81.3 66.4 53.7 60.9 59.7 55.3 48.9 47.2 37.9
8 82.6 75.5 68.0 64.3 75.2 77.6 42.3 - 52.1 78.7 52.5 87.1 63.6 52.5 60.2 56.3 44.2 37.9 37.7 28.3
9 68.3 83.1 51.1 51.2 69.7 69.5 42.8 47.9 - 82.7 50.4 78.5 62.3 44.0 51.8 44.7 48.8 41.9 43.1 36.8

10 53.3 46.1 28.7 26.8 34.9 36.6 22.2 21.3 17.3 - 17.1 61.4 24.1 21.8 22.0 21.3 21.8 16.9 14.3 13.9
11 68.0 82.7 50.9 51.1 69.9 69.4 42.6 47.5 46.5 82.9 - 77.8 62.3 43.8 51.8 44.5 48.4 41.7 42.8 36.6
12 42.1 43.0 26.9 24.3 32.4 30.6 18.7 12.9 21.5 38.6 22.2 - 23.8 14.4 21.5 20.2 13.6 10.9 11.4 9.3
13 66.5 64.1 47.4 45.4 66.9 62.7 33.6 36.4 37.7 75.9 37.7 76.2 - 35.2 43.0 37.7 35.4 27.6 26.1 21.3
14 84.0 72.5 70.2 65.0 77.1 78.0 46.3 47.5 56.0 78.2 56.2 85.6 64.8 - 58.6 53.9 45.8 37.9 35.4 30.3
15 74.8 70.2 58.5 55.3 69.7 57.0 39.1 39.8 48.2 78.0 48.2 78.5 57.0 41.4 - 45.6 43.0 32.2 34.5 27.5
16 76.2 76.6 64.8 62.7 68.5 68.3 40.3 43.7 55.3 78.7 55.5 79.8 62.3 46.1 54.2 - 42.3 34.3 34.3 28.2
17 79.6 76.4 66.4 62.9 72.5 72.0 44.7 55.8 51.2 78.2 51.6 86.4 64.6 54.2 57.0 57.7 - 45.4 40.7 31.0
18 84.9 80.1 72.9 68.7 82.6 82.6 51.1 62.1 58.1 83.1 58.3 89.1 72.4 62.1 67.8 65.7 54.6 - 46.8 37.5
19 82.6 79.8 73.4 67.3 79.0 78.7 52.8 62.3 56.9 85.7 57.2 88.6 73.9 64.6 65.5 65.7 59.3 53.2 - 39.4
20 85.6 82.4 77.5 75.2 81.9 81.0 62.1 71.7 63.2 86.1 63.4 90.7 78.7 69.7 72.5 71.8 69.0 62.5 60.6 -

Table 3: Outperforming percentage on the Gehler-Shi data set [9, 15]. Number at location (row = i, column = j) means the percentage
of images on which algorithm i outperforms algorithm j.
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

28.8 30.8 46.4 49.6 35.9 37.2 63.0 59.8 56.2 27.5 55.9 23.1 46.1 60.2 52.6 56.4 60.4 67.4 67.7 74.0
Table 4: Average outperforming percentage on the Gehler-Shi data set [9, 15] for each methoed agaist all other 19 methods. Number for
each method is actually the average for each row in Figure 3 (without the diagonal entries). This provides a summary statistic of Table 3
which is easier to interpret. It can be seen our proposed method has the largest average outperforming percentage against other methods.



Original Ground truth Proposed Grey-world White-patch

Bayesian Spatio-spectral Natural Image Statistics Exemplar-based Moment correction

13.6°3.6° 11.4°

8.4°6.6°12.4°8.8°17.0°

Original Ground truth Proposed Grey-world White-patch

Bayesian Spatio-spectral Natural Image Statistics Exemplar-based Moment correction

12.6°4.8° 11.8°

8.6°7.7°10.4°7.4°7.6°

Original Ground truth Proposed Grey-world White-patch

Bayesian Spatio-spectral Natural Image Statistics Exemplar-based Moment correction

13.6°1.2° 19.3°

10.1°6.9°7.2°14.8°7.3°

Figure 1: Corrected images using the estimated illuminant from two statistical methods and sox learning-based methods (including our
proposed one). The angular error is given at the lower right corner of the image. The RAW images have been applied gamma function to
boost the contrast for a better visualization. It is best viewed online.



Original Ground truth Proposed Grey-world White-patch

Bayesian Spatio-spectral Natural Image Statistics Exemplar-based Moment correction

8.5°2.8° 14.0°

10.1°5.1°11.25°4.4°24.5°

Original Ground truth Proposed Grey-world White-patch

Bayesian Spatio-spectral Natural Image Statistics Exemplar-based Moment correction

21.5°2.7° 20.6°

5.9°19.4°22.9°21.6°19.1°

Original Ground truth Proposed Grey-world White-patch

Bayesian Spatio-spectral Natural Image Statistics Exemplar-based Moment correction

11.1°1.4° 14.8°

7.3°5.3°14.8°6.8°7.3°

Figure 2: Corrected images using the estimated illuminant from two statistical methods and sox learning-based methods (including our
proposed one). The angular error is given at the lower right corner of the image. The RAW images have been applied gamma function to
boost the contrast for a better visualization. It is best viewed online.


