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An illumination estimation algorithm based on local confidence networks
ZHENG Tong, LIU Yamei, ZHANG Jun
(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

[ Abstract] The goal of computational color constancy is to eliminate the effects of illumination changes in scenes. Some advanced
algorithms perform illumination estimation based on patches, and obtain global estimation results by the average or median pooling
method. However, inaccurate local estimation is likely to affect the results of global estimation. Aiming at the randomness of the
existing patch sampling method and the limitation of the local to global pooling method, an illumination estimation algorithm based
on local confidence network is proposed, which consists of three parts: (1) The patch sampling method based on bright and dark
pixels, which makes the sampled patches have larger chroma gradients and is beneficial for illumination estimation; (2) The local
illumination estimation network for sampled patches; (3) The confidence network for obtaining the confidence of local estimation.
Finally, the global estimation result is obtained by the confidence pooling. Experimental results validate the effectiveness of the
proposed approach and show that the proposed approach achieves competitive performance on both benchmark datasets.
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Fig. 1 The proposed network framework
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Fig. 2 Location of bright and dark pixels in image
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Fig. 3 Local illumination estimation network
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Tab. 1 Performance comparison of different sampling methods on the reprocessed ColorChecker dataset

RAE Mean Median Trimean Best—25% Worst—25% 95th percentile
Fifi HILRAF: 3.17 2.10 2.35 0.67 7.45 9.21
AT 2.55 1.77 1.94 0.52 5.89 7.63
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Fig. 4 Sampled patches results using different methods
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Tab. 3 Performance comparison of different variations

of the ConfNet on the reprocessed ColorChecker dataset

Method Mean Median Trimean Best—25% Worst—25% 95 percentile
ConfNet-A 2.29 1.57 1.77 0.59 5.09 6.89
ConfNet-B 2.11 1.55 1.67 0.55 5.00 6.11
ConfNet—C (A3 )5 %) 1.92 1.25 1.36 0.37 4.73 5.92
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Tab. 4 Performance comparison of different pooling methods on the reprocessed ColorChecker dataset

Pooling method Mean Median Trimean Best—25% Worst—25% 95" percentile

Mean pooling 2.01 1.46 1.70 0.46 4.94 6.20

Median pooling 1.98 1.45 1.63 0.46 4.82 6.26
ConfNet-C (A7) 1.92 1.25 1.36 0.37 4.73 5.92
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Fig. 5 Confidence pooling
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Tab. 5 Performance comparison between different methods on the reprocessed Color Checker dataset. The best three results are shown in red

and green, respectively

Tk Mean Median Trimean Best—25% Worst—25% 95th percentile
White—Patch[ 2] 7.55 5.68 6.35 1.45 16.12 -
Edge—based Gamut[ 7] 6.52 5.04 5.43 1.90 13.58 -
Gray—World[ 6] 6.36 6.28 6.28 2.33 10.58 11.3
Shades—of—Gray|[ 6 | 4.93 4.01 4.23 1.14 10.20 11.9
Bayesian|[ 8 | 4.82 3.46 3.88 1.26 10.49 -
Cheng et al.[22] 3.52 2.14 2.47 0.50 8.74 -
Regression Tree[ 4] 2.42 1.65 1.75 0.38 5.87 -
NetColorChecker[ 10 ] 3.10 2.30 - - - -
CNN[13] 2.36 1.98 - - - -
Oh & Kim[ 11] 2.16 1.47 1.61 0.37 5.12
CCC (dist+ext) [ 19] 1.95 1.22 1.38 0.35 4.76 5.85
DS—Net ( HpyNet+SelNet) [ 14] 1.90 1.12 1.33 0.31 4.84 5.99
Ours 1.92 1.25 1.36 0.37 4.73 5.92
R 6 7E NUS 8-camera HiEE L SR FHEMILE (REHKERD A ALE FBEFRIZHEK)
Tab. 6 Performance comparison between different methods on the NUS 8—camera dataset( The best three results are shown in red and green,
respectively )
7k Mean Median Trimean Best—25% Worst—25% G.M.
White—Patch[ 2] 10.62 10.58 10.49 1.86 19.45 8.43
Gray—World[ 6] 4.14 3.20 3.39 0.90 9.00 3.25
Bavesian|[ 8 | 3.67 2.73 2.91 0.82 8.21 2.88
Shades—of-Gray[ 6 | 3.40 2.57 2.73 0.77 7.41 2.67
Cheng et al.[22] 2.92 2.04 2.24 0.62 6.61 2.23
CCC (dist+ext) [ 19] 2.38 1.48 1.69 0.45 5.85 1.74
Oh & Kim[ 11] 2.36 2.09 - - 4.16 -
Regression Tree[ 4] 2.36 1.59 1.74 0.49 5.54 1.78
DS—Net (HpyNet+SelNet) [ 14] 2.24 1.46 1.68 0.48 6.08 1.74
Ours 2.24 1.50 1.73 0.51 5.20 1.73
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3 &RiE

AR T 2 TR R Elf%ﬁ%%’riﬁ?%
X BRRAETT LA M TR BRI 245 3R BOE IR (5
KL EAN B A0 A B W 45 LUAR e ) R iR B 4 Je it
WT7 AT T A RITERE . A SO TR R
et DRI T RA ST R R PERE, XA, AT
BT 7 a2 A I S 2 )R E’Jl%)éfm SR PEAl
R ERER B EAR T, DL — P s e IR A TR RE

[1] FOSTER D H. Color constancy [ J]. Vision research, 2011, 51
(7). 674-700.

[2] BRAINARD D H, WANDELL B A. Analysis of the retinex theory
of color vision[ J]. Journal of the Optical Society of America A,
1986, 3(10) . 1651-1661.

[3] WORTHEY J A, BRILL M H. Heuristic analysis of von Kries
color constancy [ J]. Journal of the Optical Society of America A,
1986, 3(10): 1708-1712.

[4] STAUFFER C, GRIMSON W E L. Adaptive background mixture
models for real — time tracking [ C ]//Proceedings. 1999 IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition (Cat. No PR00149). IEEE, 1999, 2. 246-252.

[5] JIDDI S, ROBERT P, MARCHAND E. Reflectance and

illumination estimation for realistic augmentations of real scenes
[ C]//2016 IEEE International Symposium on Mixed and
Augmented Reality (ISMAR-Adjunct). IEEE, 2016. 244-249.

[6] CHENG D, PRICE B, COHEN S, et al. Effective learning—based
illuminant estimation using simple features [ C ]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition.
2015 1000-1008.

[7] GUSENI A, GEVERS T, VAN DE WEDER J. Computational

color constancy: Survey and experiments| J]. IEEE Transactions

on Image Processing, 2011, 20(9) ; 2475-2489.

LAND E H. The retinex theory of color vision [ J]. Scientific

American, 1977, 237(6) : 108-129.

[9] FINLAYSON G D, TREZZI E. Shades of gray and colour
constancy [ C ]//Color and Imaging Conference. Society for
Imaging Science and Technology, 2004, 2004 (1) . 37-41.

[10] GUUSENIJ A, GEVERS T. Color constancy using natural image
statistics and scene semantics [ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2011, 33(4) . 687-698.

[11]GUSENI A, GEVERS T, VAN DE WEIER J. Improving color
constancy by photometric edge weighting[ J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2012, 34(5) : 918-
929.

[ 12]BARNARD K. Improvements to gamut mapping colour constancy

[8

[

algorithms [ C ]//European conference on computer vision.
Springer, Berlin, Heidelberg, 2000: 390-403.

(FHe5 54 11)



