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Single Image Dehazing Based on Multiple Convolutional Neural Networks
CHEN Qing-Jiang' ZHANG Xue!

Abstract
gorithm based on multiple convolutional neural networks is proposed. Firstly, the Y, U and V components trans-

Aiming at the problem that the existing single image dehazing algorithm, a single image dehazing al-

formed by YUV of foggy day RGB images were used to construct a multiple convolutional neural network to ob-
tain haze characteristics adaptively. The network structure is composed of two subnetworks, the deeper one pre-
dicts the brightness channel of the clear image, and the lighter one predicts the chromaticity channel and satura-
tion channel. Finally, recursive bilateral filtering is adopted to filter the image after dehazing to obtain a clearer fog-
free image. The experimental results show that this algorithm has good contrast and clarity in both synthetic and
natural foggy image data sets, and is superior to other comparison algorithms in terms of subjective and objective

evaluation.
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Fig.1  The network structure of this paper
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Table 1  Multi-scale convolution model
HRUE R HE AN
1x1x16 0 1
3x3x16 1 1
5x5Hx16 2 1
TXTx16 3 1
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K, fin NIEWIES ER, fou NEFEE. BIEE
NSk L A f s RS 5 )32 K — b B (R B VP b
fE, WA PSNREMOK, EHR KRB, X
WRE R B e, 2 PR RE T
R M fabn R, R 2 LRI 7 ATE
DCP HIE M R bEA 8%, CAP HIAKPF

WP E S T 55, BT A& 4% 1) S PP AN
P bR AELAF O 5 g, T A SRV (VPR 4R AR AE A X 2
BE g, I BAE R Dolls o, A5V PSNR
X T 25.9057 (dB), HAhX LA & A
25.8972 (dB), SSIM {HIXF] | 0.9506, HAth % 5
EACH 0.9473, XYL T EE T BRI 1K) 25
SR R, kB AR S AR
FRPE.
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AT SRR B . IR ST A 4 i
B R EME, B i 1772 5 HAh AT E
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BT LA E H RS RGBSR £ 54
R, DCP Hikmfh T ZEMEE, il 7t
FESE SR IR, R, Pk 55 ) R B A7 A R LTS
B, W EM% Pumpkin )22 %45 8 CAP &L, SR-
CNN 5 %A DehazeNet 5151 45 B A1E % 55 X 55,
AR EUCGE, HEFZEEGIA — R R %5
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Table 2 The average results of RMSE, tone reduction, average gradient, information entropy, PSNR, SSIM for
the 30 synthetic foggy images
PR AR FREB DCP CAP SRCNN DehazeNet MSCNN ARSI
RMSE | 0.1534 0.0289 0.0331 0.0179 0.0176 0.0241 0.0160
IR E 1 0.5373 0.7523 0.6554 0.8900 0.8925 0.8064 0.9503
B 1+ 5.1909 6.0140 6.0101 6.2006 6.0335 7.1038 7.2011
fHRM 1 12.5004 14.5855 14.5920 16.6002 16.5660 16.4850 16.6522
PSNR t 15.3102 19.8640 23.2021 25.2305 25.7017 25.6899 25.9057
SSIM 0.5883 0.8512 0.8666 0.9374 0.9461 0.8657 0.9603
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EIGEEN-FH, A AgGRE i, BG RIFW
T SR EC R, B T MR AT A

N T i BRI UE A SCENE AL I B AR 5 R R
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(Standard deviation)", {5 5/ (Information en-
tropy) ™, XJLLEE (Contrast)™™ A6 EE (Aver-
age gradient)"” Ti4NE B TE 2% BUR PPN FR iEXT
H AR5 R BIMG 22 55 85 RBEAT X EE. BRI /e 1
PG )~ ST B R, v 22 S B 1 R BE S5)EL I 5
HORERE. 3k 3. 3 4 A1 10 FTs.

FA TR FR AR B R IA 0

1) B8

1 M N
u= e >3 I (22)

i=1 j=1

Horr, M x N ABEREAE

2) bR

1 M N
S = MXNZZIQ(i,j—u) (23)
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Horb, M x N FRBEURIRAN, (i, 5) o5 T8
j B RE, v FoRBE.
3) XL EE

C=> 8(i,§)Ps(i, ) (24)
2y

Hdr, 6(i,5) = |i — |, BIFHAME R IR 2, Ps(i, 5)

NHAME R AR S 28 6 G R AR
B LA ERTED, TR — N PR R AR, AR SO
HEARENE, RUARLEIEN T HELARE R
BB 2 55 A BRELLT, UG & BRI, 276 0
PR AN VE A HE BR A FT RN, AR SCHR HA 1) 25 55 L
FERLSE 7 AT — 58 B4 &, 15 M B 550 L FE 340 T
HAhxt bk, IF B3R 5 AN FEEIEMIS AT I A%

* 3 K& House XK AFRSELZ R IFIRIRSS R

Table 3 Evaluation indicators results by different defogging algorithms for image House
PER TR bR ZREG DCP CAP SRCNN DehazeNet MSCNN AR
¥IE 1 85.2630 85.5620 86.1508 90.4007 89.4709 83.4437 93.6325
FRifEZE 1 32.5943 23.0221 28.5681 33.9261 37.9512 56.1652 59.3654
FRM 1 15.2220 16.4238 15.9294 16.8104 15.8738 14.1624 16.8542
# 4 E{E Pumpkin RN EEZELZ PN FEIR 4R
Table 4 Evaluation indicators results by different defogging algorithms for image Pumpkin
AN ISR EPNIA DCP CAP SRCNN DehazeNet MSCNN A
BIE 1 79.0321 79.2335 88.8262 77.8436 97.1924 94.2468 97.9533
brAEZE 1 45.9969 47.4479 44.8145 44.8020 50.4282 43.1658 59.6355
EREME 1 14.8954 14.3255 15.4778 15.9992 15.9761 15.9783 16.7523
07 = House 16 = House
60 L Pumpkin 14| Pumpkin

50

40 -
X
=30
20 F
O 1 1 1 1 1
Q

K10 ASFEISIE T P REAT- B8 B s bl 45 R

Fig. 10

Comparison results of Contrast and average gradient of different algorithms
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Table 5 The run time comparison results of different algorithms (s)
1z B &R~ DCP CAP SRCNN DehazeNet MSCNN ACE
House 345x450 1.026985 1.083050 1.420000 0.712700 2.300000 0.386680
Pumpkin 600x450 1.040880 4.097866 2.413527 0.643354 2.632809 0.401389

PLgh B, A S EHEAT
4 g

ASCHEH BT IG5 R 5 5
Sk, KMt wn % e 7 5 REEB 5
i ER YUV B EIE (8 )R &R, PIAST 4% 1
I3 TN AT RO B e T R 2 AR R (R TR g L
Tk REEFEEOREAR, BA RIFKIERES

I TRIER, AT T SRR

XPECRE, HAZATHSTaI4R, RERL ] T-skbr. HANELER
%Eﬂi% ROREL— M, Bl A BRI T PN 3R IR

FIXEK LS L, DR ERN LR ZRCR.

References

1 McCann J J. Retinex at 40. Journal Electronic Imaging, 2004,
13(1): 6-7

2 Cooper T J, Baqai F A. Analysis and extensions of the Frankle-
McCann retinex algorithm. Journal of Electronic Imaging, 2004,
13(1): 85-92

3 Land E H, McCann J J. Lightness and retinex theory. Journal
of the Optical Society of America, 1971, 61(1): 1-11

4 Land E H. An alternative technique for the computation of the
designator in the retinex theory of color vision. Proceedings of
the National Academy of Sciences of the United States of Amer-
ica, 1986, 83(10): 3078-3080

Frankle J A, McCann J J. Method and Apparatus for Light-
ness Imaging: USA. Patent 4384336, May 1983.

ot

6 He K M, Sun J, Tang X O. Single image haze removal using
dark channel prior. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2011, 33(12): 2341-2353

7 Zhu Q S, Mai J M, Shao L. A fast single image haze removal al-
gorithm using color attenuation prior. IEEE Transactions on
Image Processing, 2015, 24(11): 3522-3533

8 Zhou Quan, Wang Lei, Zhou Liang, Zheng Bao-Yu. Multi-scale
contextual image labeling. Acta Automatica Sinica, 2014,
40(12): 2944-2949
(F4, £, 5, AEE 2REENCHEBREEE B3)
1L23]), 2014, 40(12): 2944-2949)

9 Li Xin-De, Yang Wei-Dong, Dezert Jean. An airplane image
target’s multi-feature fusion recognition method. Acta Automat-
ica Sinica, 2012, 38(8): 1298—-1307
(FHE, 7R, Dezert Jean. —Fh WHLEME H bx 2 LS B b
SRR BBk EER, 2012, 38(8): 1298-1307)

10 Hu Chang-Sheng, Zhan Shu, Wu Cong-Zhong. Image super-res-
olution based on deep learning features. Acta Automatica Sinica,
2017, 43(5): 814821
(AR, 208, RN TR BER L I BB )y R d A
H kR, 2017, 43(5): 814-821)

11 Cai BL, Xu X M, Jia K, Qing C M, Tao D C. DehazeNet: An
end-to-end system for single image haze removal. IEEE Transac-

tions on Image Processing, 2016, 25(15): 5187—-5198

12 Ren W Q, Liu S, Zhang H, Pan J S, Cao X C, Yang M H.
Single image dehazing via multi-scale convolutional neural net-
works. In: Proceedings of the 2016 Conference on Computer Vis-
ion-ECCV2016, 2016. 154—169

13 LiCY, GuoJC, Porikli F, Fu H Z, Pan Y W. A cascaded con-
volutional neural network for single image dehazing. IEEE Ac-
cess, 2018, 6: 2487724887

14  Narasimhan S G, Nayar S K. Contrast restoration of weather
degraded images. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2003, 25(6): 713724

15  Xu Yan, Sun Mei-Shuang. Convolution neural network image
defogging based on multi-feature fusion. Laser and Optoelectron-
ics Progress, 2018, 55(3): 260—269
(5, PRER. LT ZAHERLA BB E M 28 BUR 22 5 5.
T 5L TR, 2018, 55(3): 260-269)

16 Dong C, Chen C L, He K M, Tang X O. Image super-resolution
using deep convolutional networks. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2016, 38(2): 295-307

17 Li Da-Peng, Yu Jing, Xiao Chuang-Bai. No-reference quality as-
sessment method for defogged images. Journal of Image and
Graphics, 2011, 16(9): 17531757
(BRME, &5, B, BBESHESHZWR NI E &
[ P R B 2441, 2011, 16(9): 1753—1757)

MRIEIL VU HURH R A B 2 B
HdzZ. 2006 T 79 LAWK A EL
BN ER I A R T T A
NPT R AL

E-mail: qjchen66xytu@126.com
(CHEN Qing-Jiang Associate pro-
fessor at the College of Science, Xi'an
University of Architecture and Technology. He re-
ceived his Ph.D. degree in computational mathematics
from Xi’an Jiaotong University in 2006. His research
interest covers wavelet analysis and image processing.)

61 =TS e SR E PN S L U
R0l Iva oW ot L1 W DA AN &
HEBALI. AOEEEE.

E-mail: zhangxueyanice@163.com
(ZHANG Xue Master student at
the College of Science, Xi’an Uni-
versity of Architecture and Techno-
logy. Her research interest covers wavelet analysis and
image processing. Corresponding author of this paper.)


https://doi.org/10.1117/1.1645250
https://doi.org/10.1117/1.1636182
https://doi.org/10.1364/JOSA.61.000001
https://doi.org/10.1364/JOSA.61.000001
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1109/TIP.2015.2446191
https://doi.org/10.1109/TIP.2015.2446191
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.11834/jig.110024
https://doi.org/10.11834/jig.110024
https://doi.org/10.1117/1.1645250
https://doi.org/10.1117/1.1636182
https://doi.org/10.1364/JOSA.61.000001
https://doi.org/10.1364/JOSA.61.000001
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1073/pnas.83.10.3078
https://doi.org/10.1109/TIP.2015.2446191
https://doi.org/10.1109/TIP.2015.2446191
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.11834/jig.110024
https://doi.org/10.11834/jig.110024

	1 相关理论
	1.1 大气散射模型
	1.2 理论分析

	2 图像去雾算法
	2.1 网络结构
	2.2 跳跃连接
	2.3 多尺度重建

	3 实验与结果分析
	3.1 实验数据、实验设置与实验步骤
	3.2 基于合成雾天图像数据集的去雾结果与分析
	3.3 基于真实雾天图像数据集的去雾结果与分析

	4 结论

