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Mixed residual learning and guided filtering image dehazing algorithm
Chen Qingjiang, Zhang Xue
(College of Science, Xi’an University of Architecture and Technology, Xi’an 710055, China)

Abstract: In order 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.
The residual network was constructed by using foggy images and corresponding clear images. Multi-scale
convolution is used to extract more detailed haze features. Taking advantage of the anisotropy of the guided
filter, the image after the residual network is filtered to maintain the image edge characteristics, and a clearer
fog-free image is obtained. The experimental results show that, compared with DCP algorithm, CAP algorithm,
SRCNN algorithm, DehazeNet algorithm and MSCNN algorithm, On synthetic foggy images, the PSNR
reaches 27.840 3/dB at the highest, the SSIM value reaches 0.979 6 at the highest, and the running time on
natural foggy images reaches 0.4 s at the lowest. and the subjective evaluation and objective evaluation are
better than other comparison algorithms. Proposed to fog algorithm not only to the fog effect is better, and
faster, with strong practical value.
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Fig.2 Different algorithms to defog results of fog image reindeer
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Fig. 3 Different algorithms to defog results of fog image dolls
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Fig. 4 Different algorithms to defog results of fog image trees

# 1 [Eg Reindeer RATREEEZFITNIBIRGER

Table 1 Evaluation indicators results by different defogging algorithms for image reindeer

L VIEFLD DCP CAP SRCNN DehazeNet MSCNN FrRRYE
Yoyl 0.027 3 0.0259 0.025 5 0.014 7 0.0326 0.0139
HiGE T 0.1275 0.263 4 0.350 5 0.4259 02822 0.506 3
SFARERE 1 11.004 4 7.1499 6.900 7 6.633 4 7.9799 12.200 2
AR 1L 1 15.824 6 19.870 2 25.066 5 263729 20.602 2 27.840 3
SEARLEE 1 0.778 2 0.650 5 0.943 9 0.947 3 0.8303 0.979 6

#2 B Dolls RATRHE LT FITMNIETER

Table 2 Evaluation indicators results by different defogging algorithms for image dolls

T IRAR DCP CAP SRCNN DehazeNet MSCNN FTiRG:
PIRR2E | 0.032 0 0.0313 0.0217 0.0213 0.024 1 0.005 6
HIFE T 0.136 0 0.224 4 0.366 1 0.467 9 0.308 0 0.530 1
SEERBRE 1 6.274 6 3.949 4 6.250 5 5.8228 7.157 1 7.553 6
W AEMR L T 11.484 5 222825 25.460 6 25.8972 21.3810 26.311 2
SEARLE 1 0.8412 0.876 9 0.947 3 0.942 6 0.879 7 0.974 4

®3 EfR trees RATREZEZRITFNIEIRER

Table 3 Evaluation indicators results by different defogging algorithms for image trees

L &VIELD DCP CAP SRCNN DehazeNet MSCNN B
PRz | 0.027 6 0.053 0 0.024 40 0.020 8 0.016 9 0.002 3
HiFE 1 0.1220 0.254 0 0.395 1 0.3655 0.2870 0.454 3
SEARERE 1 12.354 8 10.563 2 10.003 2 10.003 3 12.530 1 13.026 9
W AR 1L 1 17.7543 22.146 3 235531 263221 23.8528 27.1332
SEAARILEE 1 0.856 6 0.882 5 0.918 0 0.9114 0.9210 0.9558

i DA AT AL, 76 %5 K E11% Reindeer H1, DCP & 5. CAP 8.3 fl MSCNN B 1% 2: 55 45 R R i 22,
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Table 4 comparison results of PSNR and SSIM of different networks
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Fig. 5 Comparison of defogging results of natural foggy images house
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(a) Foggy image (b) DCP (c) CAP (d) SRCNN

(e) DehazeNet (f) MSCNN (g) Ours
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Fig. 6 Comparison of defogging results of natural foggy images haystack

(a) Foggy image (b) DCP (c) CAP (d) SRCNN
(e) DehazeNet (f) MSCNN (g) Ours

B 7 BRZEXE% Pumpkin EAZHERITEL

Fig. 7 Comparison of defogging results of natural foggy images Pumpkin
&5 [Elf& House RATREEZEZERIFMIEIRER

Table 5 Evaluation indicators results by different defogging algorithms for image house

TR DCP CAP SRCNN DehazeNet MSCNN JE5 A7
PRIEZE 1 34.509 0 28.568 1 33.926 1 37.9512 56.1652 59.698 5
R B 1 16.423 8 15.929 4 16.810 4 15.873 8 14.162 4 16.659 9
SEIBREE T 11.908 3 7.174 6 7.638 3 9.028 7 12.4572 14.633 2
XTI T 25.007 3 18.804 8 25.4307 28.6279 44.4550 45.298 8

#* 6 [E% Haystack RA AR EEEZFITNIRIFER

Table 6 Evaluation indicators results by different defogging algorithms for image haystack

TN IR DCP CAP SRCNN DehazeNet MSCNN Frigsr:
P2 1 30.316 1 30.316 1 33.4845 26.620 8 34318 8 36.686 7
{5 EH 1 6.750 3 6.750 3 6.834 4 6.675 4 7.051 5 9.603 6
SEIBLEE 1 13.361 2 53418 51822 6.981 6 6.964 3 13.565 9
XFHCRE 1 27.078 7 25.762 6 25.448 1 31.2942 25.7972 35.4150

%7 [Efg Pumpkin RATEEAEBEITNEIRER
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Table 7 Evaluation indicators results by different defogging algorithms for image Pumpkin

MR DCP CAP SRCNN DehazeNet MSCNN P[RS
bR 1 47.4479 44.814 5 44.802 50.428 2 43.165 8 49.966 6
(=R 16.102 8 15.477 8 15.999 2 15.976 1 15.978 3 17.7959
SEHEREE 1 9.4173 5.086 7 52598 7.3552 7.494 3 11.022 0
paidi ) 36.189 6 37.100 3 38.540 3 425052 34.8537 45.041 6
*8 TEEAEMEITIEX LR
Table 8 The run time comparison results of different algorithms
EHREHR BB R DCP CAP SRCNN DehazeNet MSCNN Frigsr
House 441x450 1.192 040 1.083 058 1.420 000 0.712 741 2.300 00 0.386 68
Haystack 768x497 3.930 247 2.806 712 2.661 220 0.968 421 4532633 0.582 759
Pumpkin 600x450 1.067 169 4.097 866 2.413 527 0.643 354 2.632 809 0.401 389
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