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Convolution Neural Network Image Defogging Based on
Multi-Feature Fusion

Xu Yan, Sun Meishuang
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Abstract We propose a convolutional neural network defogging algorithm based on multi-feature fusion to overcome
the problem of manual feature extraction, low contrast, and low signal-to-noise ratio in traditional defogging
algorithms. The convolution neural network simulates the human visual system to hierarchically process the fog
images and automatically extract image features. The algorithm adopts a learning method of the direct mapping
from the hazing image to the clear defogging image, which includes feature extraction, multi-scale feature fusion,
and shallow and deep feature fusion. Multi-scale feature fusion helps to rebuild details of the image. Shallow and
deep feature fusion combines the contour information obtained by shallow convolution with the detail information
obtained by deep convolution to enhance the overall effect of defogging. The experimental results show that the peak
signal to noise ratio of the multi-feature fusion network increases by 1. 280 dB compared with the single-scale
network. The proposed algorithm has obvious defogging effect on natural fog image and superior detail information
and contrast compared with other algorithms, which provides a new idea for defogging methods.
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Fig. 1 Multi-feature fusion CNN

3.2 HFEREX

FRESRIGE A& T 10 EBERZ 408 1 A5
GRZEM 3 HELW 3 ZEHZ., RERZHT#
REBR R FAE R 2B KRN 5 X5, BM
AR 16, S DR IR Y R 19 KNS A SO
JIT A 2 B Y LD AR R AT R ) R E AR . —
MNESER) 3 2 ERE N — AR IE R R IG, E T 3
HRFAE S IR TT , B A B R A0S 15 B

W 2% 5 ok A AR HE AT RRAE 48 B & R I B
NS

G, (Y)=W,*F,_ (Y), (3)
KW, B 1 ERERZE.G, R IERE, « R
BB, W, din, XX DS b f
R RS on, G EUE .

T BUZ 5 e A B0 eR 80 AR SO 2% R J Al
S8 IE & 1 B o0 (PReLU) 1E by 38 16 o6 2L,
PReLU &Xf ReLU By ek i, 84 7 Z 8 & 1E 18
— i PR FE bR B O W Y ROR BB R m B R Az
TLRE 1. IR PReLU AT DL Ag 28 G0 A6 B 314 2K L 5K
IR D) 4 ) s Ak o i DR T IR S B . PReLU
Xy

Pray(x;) =max(x;,0) +a, min(0,x,), (4)
Kz, A ZWMEXERAGS o, B EH
X [H] AL 3R B0, 7 ReLU HiZ ¥ 28 0, 1 £ PRelLU
HFAVER AT % S50, 7 T ReLU [y “4RAESE T "
B A PR R

Fi(Y) =Prav W, * Fn (YD +B,], (5
Xp Fy ORI th 18 B, e 200 I .
33 ZREHITERE

i1 T %5 K ER h BE A & / ROBE S0 L5 B, X
A5 RAFE AR B PRI Ay 1 2 — 25 B IO 9 R AE
AR 2 REEFRERLE T . %07k 5 )2 AT

G RRAI 2 ROE B R K 3 4RI 52 U
JC Y AR R Al 4 R OR/NGE B 7K 75X
5.3X3 M 1XT W HEAT R R S . 22 RS FRAIE Al
BEEANER 1R,

#1 ZRERLRE S

Multi-scale feature fusion parameters

Table 1

Configurations
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Fig. 2 Fog image database. (a) Original images; (b) transmission images; (c) generated foggy images
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Fig. 3 Comparison of defogging results of cones. (a) Original image; (b) foggy image; images defogged
by (c) Fattal algorithm, (d) He algorithm, (e) Meng algorithm, (f) Galdran algorithm, and (g) proposed method
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Fig. 4 Comparison of defogging results of reindeer. (a) Original image; (b) foggy image; images defogged
by (c¢) Fattal algorithm, (d) He algorithm, (e) Meng algorithm, (f) Galdran algorithm, and (g) proposed method
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Fig. 5 Comparison of defogging reconstruction results of teddy. (a) Original image; (b) foggy image; images defogged

by (c) Fattal algorithm, (d) He algorithm, (e) Meng algorithm, (f) Galdran algorithm, and (g) proposed method
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Table 2 Quantitative comparison of different algorithms on the dataset

Fattal algorithm He algorithm

Meng algorithm Galdran algorithm  Proposed algorithm

Image RMSE PSNR /dB RMSE PSNR /dB RMSE PSNR /dB RMSE PSNR /dB RMSE PSNR /dB
Art 8571  9.271  6.938  13.396  4.794  18.895  5.712  16.396  1.701  27.531
Bowling 8.091  9.526  5.354  16.529  4.221  19.245  6.010  15.674  1.691  28.018
Dolls 9.072  8.628  5.246  17.816  4.332  19.638  6.779  15.458  1.785  27.808
Reindeer 8.106  9.572  6.887  13.036  4.899  17.869  7.248  11.901  1.891  27.628
Cones 8.853  9.026  5.772  16.041  4.505  18.769  6.046  15.399  1.789  27.762
Teddy 8.669  9.472  6.211  15.309  4.565  18.743  5.650  16.529  1.816  27.719
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Fig. 6 Contrastive experimental networks. (a) Compared network 1; (b) compared network 2
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Table 3 Comparison of PSNR results of

different networks dB
Multi-feature  Compared Compared
Image

fusion network network 1 network 2
Art 27.531 27.013 26.556
Bowling 28.018 27.223 27.021
Dolls 27.808 27.396 26.528
Reindeer 27.628 27.118 26.829
Cones 27.762 27.369 27.010
Teddy 27.719 27.282 26.903
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Table 4 Comparison of experimental results

with different networks

Network PSNR /dB RMSE SSIM
Dehazenet 70.9767 0.0787 0.9993
Multi-scale 71.0122 0.0774 0.9993
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Fig. 7 Comparison of different defogging algorithms in
natural scene. (a) Original image; images defogged by
(b) Fattal algorithm, (c¢) He algorithm, (d) Meng
algorithm, (e) Galdran algorithm, and (f) proposed method
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Table 5 Comparison of algorithm evaluation index in natural scene
Standard Information Color Mean
Method Figure Average Contrast
deviation entropy entropy gradient
Pumpkin 68.4971 61.3326 4.8398 14.2389 10.3731 7.6360
Fattal Rice field 45.9848 64.0856 5.0569 14.9456 11.6958 14.4347
Forest 81.1157 66.5824 7.0815 20.6306 13.8976 13.9009
Pumpkin 99.3012 64.9204 7.6468 22.3456 11.1668 8.9083
He Rice field 77.0238 59.2287 7.2348 21.0209 12.2187 13.3602
Forest 87.1907 61.9286 7.3366 21.0584 12.1417 13.6283
Pumpkin 84.5235 60.2172 7.3457 21.3919 11.6948 7.5397
Meng Rice field 74.0616 63.7294 6.9783 20.0772 11.9825 13.5021
Forest 85.5998 60.5597 7.2569 20.5494 11.4450 13.3889
Pumpkin 94.2411 50.1966 7.5738 22.5294 11.3859 7.6224
Galdran Rice field 85.7172 47.1278 7.5238 21.4681 11.1032 10.4738
Forest 87.6054 43.5790 7.3710 20.3288 10.4662 11.5028
Pumpkin 84.5925 66.6132 7.6645 20.8777 10.1556 10.4233
Proposed Rice field 79.6453 67.8168 7.1421 21.7686 11.2558 15.6302
Forest 87.5713 58.2448 7.3712 20.5125 12.3077 14.0203
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