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Abstract

A single-image defogging algorithm based on deep learning is proposed. The convolutional neural network

achieves defogging by learning the mapping relationship among the YUV (Y is luminance, UV is chrominance)

channels of the foggy and clear images. The network structure comprises two identical feature modules, which

mainly include multi-scale convolution, convolution and skip-connection frameworks. The experimental results show

that the proposed algorithm can be used to restore images with high resolution and high contrast, regardless of the

datasets with synthetic or natural fog images. Furthermore, a comparative evaluation of this algorithm with the

existing algorithms confirms its superior performance both subjectively and objectively.
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Fig. 4 Defogging results of foggy image Teddy by different algorithms. (a) Foggy image; (b) original clear image; (¢) DCP
algorithm; (d) BCCR algorithm; (e) SVDSR algorithm; (f) CAP algorithm; (g) MSCNN algorithm; (h) proposed algorithm

Bl 5 RIS % KIEMR Dolls B EF LM . () 1E] 5 (b) i i 1% 5
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Fig. 5 Defogging results of foggy image Dolls by different algorithms. (a) Foggy image; (b) original clear image; (¢) DCP
algorithm; (d) BCCR algorithm; (e) SVDSR algorithm; (f) CAP algorithm; (g) MSCNN algorithm; (h) proposed algorithm
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Fig. 6 Defogging results of foggy image Cloth by different algorithms. (a) Foggy image; (b) original clear image; (¢) DCP
algorithm; (d) BCCR algorithm; (e) SVDSR algorithm; (f) CAP algorithm; (g) MSCNN algorithm; (h) proposed algorithm
#* 2 BEMR Teddy R FSE % L5 5T F8 bR 25 1

Table 2 Evaluation indicators of defogging results of image Teddy by different algorithms

Indicator DCP BCCR SVDSR CAP MSCNN Proposed
RMSE ¥ 0.0273 0.0133 0.0629 0.0259 0.0258 0.0246
uqQl 4 0.6146 0.5678 0.6245 0.6179 0.6035 0.6327
Cross entropy A 0.5763 1.1316 0.3643 1.6366 1.2088 1.2529
Tone reduction 4 0.7563 0.2432 0.7501 0.7908 0.6966 0.8441
Average gradient 4 11.0044 8.8069 9.8318 7.1499 7.9799 11.1956
Entropy * 17.0265 13.3513 14.6280 16.7995 16.3855 17.8831
PSNR /dB 4 15.8246 12.5962 15.2510 19.8702 20.6022 23.4425
SSIM 4 0.7782 0.6097 0.7572 0.8769 0.8797 0.9524
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Table 3 Evaluation indicators of defogging results of image Dolls by different algorithms

Indicator DCP BCCR SVDSR CAP MSCNN Proposed
RMSE ¥ 0.0320 0.0227 0.0756 0.0313 0.0297 0.0299
uqQl 4 0.5947 0.6440 0.6724 0.6159 0.5955 0.6781
Cross entropy } 0.2300 2.5409 0.2536 1.3798 0.6806 2.5820
Tone reduction 4 0.9304 0.3455 0.7694 0.5236 0.5577 0.9843
Average gradient 4 6.2746 6.9560 7.4696 3.9494 4.3671 7.5562
Entropy 4 14.9801 13.3218 13.7417 14.5518 14.3132 16.7908
PSNR /dB 4 11.4845 10.6521 19.4985 24.6558 22.3259 24.7741
SSIM 4 0.8412 0.6339 0.8601 0.8769 0.8583 0.9245

# 4 R Cloth R IR £ 55 5 PN 5 Hn 45

Table 4 Evaluation indicators of defogging results of image Cloth by different algorithms

Indicator DCP BCCR SVDSR CAP MSCNN Proposed
RMSE v 0.0375 0.0287 0.0966 0.0231 0.0241 0.0225
uqQl 4 0.8378 0.9220 0.8838 0.5231 0.6895 0.9867
Cross entropy 4 1.0192 1.4342 1.0265 0.2260 0.4852 0.0421
Tone reduction 4 0.7459 0.6243 0.6323 0.8045 0.6556 0.9650
Average gradient 4 16.5629 22.5152 7.3269 5.6146 5.2312 22.7680
Entropy 4 13.3149 15.1098 12.6598 15.5405 14.2319 16.6995
PSNR /dB 4 24.2385 16.2698 15.2502 23.4958 21.2102 27.3441
SSIM 4 0.8567 0.7357 0.7279 0.9462 0.8975 0.9690

K7 HHRZE KER House M X ZLERX . ()FE; (b) DCP 53k
(¢) BCCR &k ;(d) SVDSR & k5 (e) CAP H 3k ; (D) MSCNN &k ; (o) fr A 1k
Fig. 7 Comparison of defogging results of natural foggy image House. (a) Foggy image; (b) DCP algorithm; (¢) BCCR
algorithm; (d) SVDSR algorithm; (e) CAP algorithm; (f) MSCNN algorithm; (g) proposed algorithm

K8 AAZEKEGR Pumpkin B9 X F LR, (0% K5 (b DCP 5
(c¢) BCCR &5 (d) SVDSR % k5 (e) CAP &k () MSCNN 8Bk (o) frig ik
Fig. 8 Comparison of defogging results of natural foggy image Pumpkin. (a) Foggy image; (b) DCP algorithm; (c¢) BCCR
algorithm; (d) SVDSR algorithm; (e) CAP algorithm; (f) MSCNN algorithm; (g) proposed algorithm
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Fig. 9 Comparison of defogging results of natural foggy image Girls. (a) Foggy image; (b) DCP algorithm; (c¢) BCCR
algorithm; (d) SVDSR algorithm; (e) CAP algorithm; (f) MSCNN algorithm; (g) proposed algorithm
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Fig. 10 Comparison results of different algorithms. (a) Average gradient; (b) information entropy
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