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Abstract To effectively estimate the transmittance of the hazy images and improve the darkness of the fog removal
image, an image dehazing algorithm is proposed based on convolutional neural network and dynamic ambient light.
Firstly, a transmittance estimation network is designed based on convolutional neural network. Then, an image
library containing paired real hazy images and transmittance images is constructed. And randomly block sampling is
performed to obtain the paired hazy patches and transmittance patches which are used as training sets for training the
transmittance estimation network. After that, the trained network is used to estimate the transmittance of hazy
images and then smooth the acquired transmittance. At the same time, considering the problem of uneven
illumination of images, dynamic ambient light is used to replace global atmospheric light. Finally, the smooth
filtered transmittance and dynamic ambient light are used to restore the images. Experimental results show that the
algorithm can not only effectively restore the images, but also significantly improve the brightness and saturation of
the restored images.
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Fig. 1 Framework of the proposed algorithm
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Fig. 2 Coarse segmentation of ambient light images. (a) Hazy images; (b) histograms of V channel;

(c) regional segmentation
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Fig. 3 Dynamic ambient light. (a) Hazy images; (b) rough ambient light maps; (c) refined ambient light maps

3.2 EHTEMAIT

TR R 2 g AR A AR R A R
28 W 2%, 7 S XS 1Y 55 58 LR e 5 3 O 5 BRI Bty
BN AR b 3EAT I 25, 2 ) 55 5 KR 5 00 7 3% 5
R EMGZ R B G 5 & BRI 2R by BT T35
AL,
3.2.1 WHkhEMHE

H A, 37 5 S84 T 7 el A I g AR A - B
JE N T A BRI ZRBao 1100 RN v obi 1] 4% e fifi 1
BELZS 2 135 5t (0 5 KOG 6 %% 56 B B,
SR G VIR A 15 3] 55 5 P AR e 3 B — 375 S S48 (81 1Y)

SHORAR . SR, IR B v A A A — 0 2 ) 4
g, Xof PELG B Jor A5 A5 28 (88 A T] 3 S5 % M 1Y) ik vk
FEARG L, R 7 A 3 I 2R S L R P AR B i
SR 5 R E . A B RSB
RESIDES"" 4 4 v ic 42 15 21 4 2000 0 K 55 %5
55 F% ok F SCHRC 18 A9 3B S R Ak 31 O 35 15 31 Xt
IO 14 325 S 3R G, ST B T X Y 55 5 IRTAR RS
SRR 1 R 38 3 R A 4 Cad L (b) i
7E 0 28 v 3E AT B — 25 U R, X RO oh R Y
75 g GR35 G 2 R AE AR TR & b JE A7 BE AL Bk
K B A5 B EC AT ) 55 55 (R B 5 38 G R R LR R

1110002-4



Es #

» 4N

) (®) .

. P
AFI B
N OR
 lagt

(©

B4 B IMGERm ] (0HI R (D) B R R ; (O TR I GRkEA

Fig. 4 Examples of training set. (a) Real hazy images; (b) transmittance images; (c) paired training samples
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Fig. 6 Estimation and refinement of transmittance. (a) Hazy images; (b) transmittance estimated by TEN;

(¢) refined transimittance
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Table 2 Comparison of average objective indexes of dehazing images with different algorithms

Algorithm Standard deviation Average gradient Information entropy Edge intensity
Method in Ref. [4-5] 45.12 7.82 7.02 57.07
Method in Ref. [6] 51.35 7.65 7.14 55.50
Method in Ref. [9] 51.41 7.13 7.16 51.34
Method in Ref. [10] 51.32 8.04 7.20 57.82
Proposed method 64.02 9.55 7.21 69.03
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Table 3 Comparison of objective indicators of dehazing images with different algorithms

Image Algorithm Standard deviation Average gradient Information entropy Edge intensity
Method in Ref. [4-5] 52.95 7.47 7.40 58.53
Method in Ref. [6] 61.70 7.49 7.34 59.37
Imgl Method in Ref. [9] 66.51 6.95 7.19 55.70
Method in Ref. [10] 62.45 7.27 7.34 58.09
Proposed method 76.28 9.00 7.54 71.62
Method in Ref. [4-5] 45.33 13.02 7.47 89.47
Method in Ref. [6] 49.40 11.29 7.33 76.85
Img2 Method in Ref. [9] 37.43 8.90 7.09 62.69
Method in Ref. [10] 57.02 13.05 7.53 88.99
Proposed method 70.11 15.25 7.63 104.10
Method in Ref. [4-5] 55.74 12.98 7.41 86.35
Method in Ref. [6] 55.60 12.96 7.61 86.28
Img3 Method in Ref. [9] 52.08 10.85 7.52 74.17
Method in Ref. [10] 67.54 14.61 7.62 97.78
Proposed method 77.63 18.01 7.23 119.85
Method in Ref. [4-5] 49.30 17.69 7.54 119.87
Method in Ref. [6] 49.96 15.82 7.56 107.62
Img4 Method in Ref. [9] 56.78 15.93 7.60 106.44
Method in Ref. [10] 59.89 18.47 7.75 120.96
Proposed method 76.47 22.08 7.60 149.85
Method in Ref. [4-5] 49.67 9.81 7.27 65.23
Method in Ref. [6] 49.98 10.22 7.29 67.33
Imgb Method in Ref. [9] 50.89 9.40 7.29 65.60
Method in Ref. [10] 54.45 9.89 7.24 69.11
Proposed method 61.95 12.11 7.36 78.80
Method in Ref. [4-5] 33.07 5.11 6.82 35.96
Method in Ref. [6] 51.43 5.45 7.35 38.38
Img6 Method in Ref. [9] 59.43 4,70 7.57 34.38
Method in Ref. [10] 50.14 5.03 7.40 36.77
Proposed method 72.29 6.75 7.63 46.94
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