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Progressive Multi-Scale Feature Cascade Fusion Color Constancy Algorithm

Yang Zepeng, Xie Kai , Li Tong
School of Information Engineering, Beijing Institute of Graphic Communication, Beijing 102600, China

Abstract Color constancy is an important prerequisite for computer vision tasks such as object detection, three-
dimensional object reconstruction, and automatic driving. In order to make full use of the feature information of
different scales in the image to estimate the light source, a progressive multi-scale feature cascade fusion color
constancy algorithm is proposed. The feature information in the image is extracted from different scales by three
convolution network branches to fuse and get more abundant feature information. By cascading the shallow edge
information and the deep fine-grained feature information in the image, the accuracy of the color constancy algorithm
is improved. The progressive network structure improves the robustness of the algorithm for the light source
estimation in extreme scenes by weighted cumulative angle error loss function. Experimental results on the
reprocessed ColorChecker and NUS-8 datasets show that the proposed algorithm outperforms the current color
constancy algorithm in terms of various evaluation indexes, and can be applied to other computer vision tasks
requiring color constancy preprocessing.

Key words visual optics; color constancy; illumination estimation; multi-scale; feature fusion; weighted cumulative loss
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Fig. 1 Network structure
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Table 1 Structures of convolution branch networks

Branch  Convl Conv2 Conv3 Conv4 Conv5

1 3X3X64 - - - -
2 SXE5X128 1X1X64 5X5X64 - -
3 TXTX64 5X5X128 1X1X64 5X5X128 3X3X64
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Fig. 2 Features extracted from different network structures. (a) Input image; (b) features extracted by

algorithm in this pape; (c) features extracted by series convolution network
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Table 2 Layer numbers of convolution branch network

Branch Convl Conv2 Conv3 Conv4 Convb Conv6 Conv7
1 3X3X64 - - - - - -
2 5X5X128 1X1X64 5X5X64 - - - -
3 7TXTX64 5X5X128 1 X1X64 5X5X128 3X3X64 — —
4 7TXT7TX64 5X5X128 3X3X64 3X3X128 1 X1X64 3X3X128 1X1X64
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Fig. 6 Samples of data set
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Fig. 7 Diagram of network training stage
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Table 3 Test results obtained by using reprocessed ColorChecker dataset

Method Mean Med Tri Best25 % Worst25 % 95th
Grey-world"™?" 10. 700 10. 600 10. 700 3. 450 12. 300 17. 400
White-patch™! 9. 800 8. 000 8. 900 3. 800 13. 600 22. 300

Shades-of-grey™" 8. 300 7.500 7. 800 2. 900 11. 800 17. 000
1-order grey edget” 5. 000 3. 700 4.100 3. 900 10. 100 13. 300
2-order grey edge"" 5. 400 4.500 4. 800 2. 600 9. 800 12. 800
Pixel-based gamut""! 6.900 5. 200 5. 700 1. 800 11.700 18. 200
Edge-based gamut™" 6. 900 4. 600 5. 200 2.100 14. 600 20. 600

Bayesian""! 6. 600 4. 600 5. 200 3. 200 10. 900 18. 400
General grey-world™* 7.600 6.700 7.000 3. 800 12. 100 16. 500
Using CNNs™ 8. 200 6. 300 6. 800 2. 600 11. 300 20. 400
Deep color conslancy[w] 5.700 4,700 5.000 3. 200 8. 400 12. 400
Exemplar-"! 2. 890 2.270 2.420 0. 820 5.970 6. 950
ccel 2. 000 1.220 1. 400 0. 350 4.760 5. 850
CC-GANs (pix-pix) 3. 600 2.800 3.100 1. 200 7.200 9. 400

FC4-AlexNet™" 1.770 1.110 1.290 0. 340 4. 290 5. 440

FC4-SqueezeNet'" 1. 650 1. 180 1.270 0. 380 3.780 4,730

IEN+PSNH* 2. 250 1. 590 1.730 0. 590 5. 030 6. 080
Multi-hypothesis™’ 2. 100 1. 320 1.530 0. 360 5. 100 -
4t 1.350 0. 880 0. 990 0. 280 3.210 -

Our method 1.210 0.767 0. 843 0.244 2. 655 3.043
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Table 4 Test results obtained by using NUS-8 dataset

Method Mean Med Tri Best25 % Worst25 %
Grey-word™"! 4. 140 3. 200 3. 390 0. 900 9. 000
White-patch™”] 10. 620 10. 580 10. 490 1. 860 19. 450
Shades-of-grey™" 3. 400 2.570 2.730 0. 770 7.410
1-order grey edge-" 3.200 2.220 2.430 0.720 7.360
2-order grey edge™"” 3. 200 2. 260 2. 440 0. 750 7.270
Pixel-based gamut"*"! 7.700 6.710 6.900 2.510 14. 050
Edge-based gamut™" 8. 430 7.050 7.370 2.410 16. 080
Bayesian"" 3.670 2. 730 2.910 0. 820 8.210
Using CNNs" 7.600 6. 900 7. 400 3. 000 12. 400
Deep color constancy®! 6. 200 5. 000 5. 400 3.900 8. 600
cect! 2. 800 1. 800 1.900 0. 850 6. 300
CC-GANs (pix-pix) 3.800 3. 000 3.700 1. 900 8. 400
FC4-AlexNet " 2.120 1.530 1.670 0. 480 4.780
FC4-SqueezeNet™"] 2. 230 1.570 1. 270 0.470 5.150
IEN-PSN* 2. 100 1.350 1.510 0. 450 5.010
Multi-hypothesis™" 2. 350 1.550 1.730 0. 460 5. 620
4 1. 960 1. 420 1.530 0. 480 4. 400
Our method 1.574 1.027 1. 241 0. 386 3.512

NUS-8 $ds 5 1937 5 o6 I8 = &, 5 Jin 2% 56 A Al
FE TR X 52 2% 90 15 I A58 00 (0 R fle 1k . SC G A SR R
AR RAE B L0 5 DI R AR L T
H R 4 ) G 8 M B CAL AR T C4 BvE
BT T 19.7%.27. 7% .18. 9% .19. 6% .20. 1%,
H Worst25 o & HR B @ EF AR P E& 0. 8
2 22 ROBE R AR G0k il G 20 €0 48 M B3 T DA S8 40
FH G OR8] RCEE i R AR A5 B AT Al G L 45 31 T
J=E & B R AE B, 38 i I Ty 0K AR R 2 A
SRR IR S TR 2 AR BE R AE UEAT Bl A S DL oE A A T
SR S 7 00 2% 45 44 3 5k A BB T A B 1 2% 4R
PRI S BT I 4% 45 F DR 0 40 B4 P Ak L B R T B
LB PR B A 6 A 4 57O IR B0 W 4 5O TR
6 P 5 R P L T Bk AR TR B 2R SR IR B
W s G VR A AT DA R AR T 3 BORTR

AR SCR B i R A R AR 9 BRI/ 9 (a) TR
i AR 1 9 (b) R il FHAS SO Al 1145 31 19 22
B 6 IR AS IE 5 A R L T 9 (o) 38R R SO vk $ 1L
B AR AE Rl A 15 B R I 9 () R C4 Bk ASIE
Ja RIS B 9 (e) Fom ffi I FCA S R IE SR M)
B4, & 9(D FR & grey-world B2 K I J5 19Kl

1%,/ 9(g) #7582 white-patch B3 K 1E J5 (4 &
14,8 9(h) F/RE grey-edge BN K IE G 1Y &4,
9(DFERL shades-of-grey (SOG) F ¥ £ 1F &
E% . Grey-world 35" %K%+ R.G.B =
N E BT A K E R &, White
patch™ B3 A5 % B8 b e 52 1Y 5 82 1 AL IR R
o 0 S MR E AT R A IE . SOG B33 A1l
) 2B AR A B RO 38 1 O BRI AT (R A
1. FC4 Bk i & 05 5 AUy % 9% 78 4 L A
FIG bRl Lok o 5 S AL T8 25 B 0 RR AR Al O TR
C4 FE" e A R B 48 22 1) S8 T Raae 19 32 f BE
J1 o WA SRR IE S5 1 G 5 A 4 FhA% 58 1) 35
o1 SR R T HL B, N B AL BE L mT LU L %
THEY S TREIR (R 9 hEE AT ME =147, 4
grey-world 7 Hil grey-edge B3k 4 1E J5 1Y A
BEHI T o, MWE 9 hEr =47 B b Ras 1y 15
2T LU 5 H A S A L AR SRR G TR ) A
THEINAES B BROG RS v LIS R S s A G
ORI €, . A SR 3 b B DA 22 A IREE 4 B P AR
PRFIEAS B HEAT Al 45 25 4 & MR IE (S B .8
b G0 7 FORE BZ P 2 30 GOREAE 5 R T2 R AR

0533002-10



" ——

. . ‘-w“'r-- —
< b 5 [

AR

e - = .A.,:_,‘-A..__’_.
Ay ‘ . - v 4
! " X h ’ ]
\ \ \

Nl BBl 13 ; o) e R
. g > .

Y %
n

il i G

=224
@ ) © @

o2
L]
32

3R T

'

r v
4 ..|; :_ln
’_ k 7 3

® ® () ®

B9 Mgl al MABZE S . ()i A IR s (b) AR SCR Al TH A5 310 19 28 6 TR 15 J5 19 R 5 (o) AR SO 3 B3I 1 4R AE
(d) C4 Bk; () FC483; (D) grey-world 8155 (g) white-patch B (h) grey-edge B () SOG &k

Fig. 9 Visualization results of network tests. (a) Input images; (b) images after light source correction obtained by

proposed algorithm; (c) features extracted by proposed algorithm; (d) C4 algorithm;(e) FC4 algorithm; (f) grey-

world algorithm; (g) white-patch algorithm; (h) grey-edge algorithm; (i) SOG algorithm
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