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Application of hybrid residual learning
and guided filtering algorithm in image defogging
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Abstract: To solve the problem of image clarity and contrast degradation in fog scene image
restoration, a single image defogging algorithm based on residual learning and guided filtering was
proposed. A residual network was first constructed by using foggy images and corresponding clear
images. Multi-scale convolution was then used to extract more detailed haze features. Taking
advantage of the anisotropy of the guided filter, the algorithm then obtained a clearer fog-free image
after the residual network was filtered to maintain image edge characteristics. Experiments produced
the following results as compared with the dark channel prior, CAP, super-resolution
convolutionalneuralnetwork, DehazeNet, and multi-scale convolutional neural network algorithms. On
synthetic foggy images, the peak signal-to-noise ratio reacheda maximum of 27. 840 3 dB, the
structural similarity index measurereacheda maximum of 0. 979 6, and the runtime on natural foggy
images was as low as 0. 4 s. In addition, the subjective and objective evaluations proved to be better
than those of the other comparison algorithms. Thus, the proposed defogging algorithm not only
produces a better defogging effectbut is also faster, there by offering a greater practical valuefor
defogging applications than the other algorithms.
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Tab.1 Evaluation indicators results by different defogging algorithms for image Reindeer
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Tab. 2 Evaluation indicators results by different defogging algorithms for image Dolls
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Tab. 3 Evaluation indicators results by different defogging algorithms for image Trees
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Tab.5 Evaluation indicators results by different defogging algorithms for image House
AN TR IR DCP CAP SRCNN DehazeNet MSCNN VNSRS
s 22 4 34,509 0 28.568 1 33.926 1 37.951 2 56. 165 2 59.698 5
IEPSEE 16.423 8 15. 929 4 16. 810 4 15.873 8 14.162 4 16.659 9
SRk EE A 11.908 3 7.174 6 7.638 3 9.028 7 12,457 2 14.633 2
X R A 25.007 3 18.804 8 25.430 7 28.627 9 44. 455 0 45.298 8
X6 BE% Haystack RAARBEZEEZERITMIERER
Tab. 6 Evaluation indicators results by different defogging algorithms for image Haystack
AN TR IR DCP CAP SRCNN DehazeNet MSCNN VNSRS
PRifEZE A 30.316 1 30.316 1 33.484 5 26.620 8 34.318 8 36.686 7
15 B 4 6.750 3 6.750 3 6. 834 4 6.675 4 7.051 5 9.603 6
SRk EE A 13.361 2 5.341 8 5.182 2 6.9816 6.964 3 13.565 9
X R A 27.078 7 25.762 6 25.448 1 31.294 2 25.797 2 35.4150
#& 7 BE& Pumpkin R AREEEEZZEREMIBRER
Tab. 7 Evaluation indicators results by different defogging algorithms for image Pumpkin
AN TR IR DCP CAP SRCNN DehazeNet MSCNN VNSRS
P i 22 4 47.447 9 44,814 5 44,802 0 50. 428 2 43.165 8 49.966 6
IEPSEE 16.102 8 15.477 8 15.999 2 15.976 1 15.978 3 17.795 9
SR A 9.417 3 5.086 7 5.259 8 7.355 2 7.494 3 11.022 0
X R A 36.189 6 37.100 3 38.540 3 42.505 2 34.853 7 45.041 6
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Tab.8 Run time comparison results of different algorithms (s)
& 1% 4 Tk GEEINE DCP CAP SRCNN DehazeNet MSCNN AR SCEA
House 441 X450 1. 192 040 1. 083 058 1. 420 000 0.712 741 2. 300 000 0. 386 680
Haystack 768 X497 3.930 247 2.806 712 2.661 220 0.968 421 4,532 633 0.582 759
Pumpkin 600X 450 1.067 169 4.097 866 2.413 527 0.643 354 2.632 809 0.401 389

Hi & 6~ 8 W1, DCP #ik K% M ER
Kot T, IF Bl 7k B 4, nfE 1K
House 1, #0158 50 i BL T P4 52 . &l Haystack
&l Pumpkin Hv, K25 KB H T 68 K HH
% CAP 36 o 2V Il )3 85 A, AR X o o 19 £ 31
I oA i T, E = Y b, AT AR AR R Y 5
SRCNN Bk iR Wik i 2 7= 5 T ™ B b 2 8
% WK House A& Pumpkin; 5 A JL# 7 % 4
kb, DehazeNet 535 1 MSCNN 8 ik £ % W4 5
SR S R I (SN 22 B R = TR R 1| DO I NG
JCAH A A% i VR AT A 3, S BT B AR A TR
ZETAR . P4 Bk 19 25 55 R 00 fin - 3 L 4815 R
LU R, B BAFR L EE A S AR,
TE AR PEH F8 b5 (8 D5 180, JUr 4 580 0k A T HoAt
XL R S~FR T AL AL EZERILES
MRS LA BRI S5 R, L B T 5 M
P2 W 4% B SRCNN 5. 7%, DehazeNet 8 ik il
MSCNN H3k 19 5 2 45 B T I R 45 JF H il 3% 8
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