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Image Dehazing Method Based on Multi-scale Convolutional Neural Network
and Classification Statistics

QI Yongfeng, LI Zhanhua

(School of Computer Science and Engineering, Northwest Normal University, Lanzhou 730070, China)

Abstract: Traditional methods of image dehazing can distort color in areas such as the sky, white clouds,
and bright areas. To address these problems, a three-step method is proposed for removing image hazing
using a multi-scale convolutional neural network (MCNN) and classification statistics. First, the MCNN is
used to estimate the transmittance of the image. Second, the estimated transmittance is classified and the
pixel values of the sky, white clouds, and other bright regions in the dark channel are determined. Finally,
the radiance of the scene is smoothed by a low-pass Gaussian filter to produce a restored haze-free image.
Experimental results show that this method preserves the color in bright areas after the image is defogged,
retaining the natural appearance of the image. The proposed method achieves improved dehazing on both
synthetic and real images.

Key words: image processing, image dehazing, multi-scale convolutional neural network, classification
statistics, transmittance
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Fig.1 Model diagram of multi-scale convolution neural network
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K2 HREMKUREZEMSZ B Fig.2 Comparisons between scale networks and multi-layer networks
F1 ARBIESERF PSNR f1SSIM - Tablel Average PSNR and SSIM of the synthesized data set

Image MSCNNI DCPE! DSPpPLL ours

1400 18.12/0.78 16.17/0.69 11.17/0.79 19.47/0.95

1401 18.27/0.86 17.51/0.71 13.21/0.72 20.07/0.93

1402 19.84/0.90 19.45/0.55 17.61/0.83 20.39/0.89

Indoor 1403 18.29/0.86 17.39/0.80 16,57/0.73 19.84/0.91

1404 18.87/0.85 19.53/0.77 12.85/0.69 20.47/0.89

0001 19.56/0.83 17.67/0.64 10.39/0.55 21.01/0.96

0002 18.11/0.88 18.29/0.75 11.30/0.62 21.15/0.94

0003 17.08/0.76 16.54/0.63 11.87/0.66 21.21/0.95

P 0004 18.83/0.92 16.88/0.56 15.89/0.78 19.35/0.93

0005 19.35/0.88 17.33/0.58 13.93/0.73 19.88/0.94

Average 18.63/0.85 17.68/0.67 13.50/0.71 20.30/0.93
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(a) Origin (b) Inputs (c) MSCNN (d) DCP (e) DSPP (f) Ours
B3 NGBS 255 RRT Fig.3 Comparisons of indoor synthetic images dehazy results
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(@) Inputs (b) MSCNN (c) DCP (d) DSPP (e) Ours
K4 HESEEBEFZELSRXL Fig.4 Comparisons of real image dehazy results

Y Google Cloud Ridge 94%
Sky 86%
Hill Station 89%,
Cloud 60%
Valley 76%
Grass 57%

(a) FIAZFERMGIRHEE  (a) Original haze image recognition result
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(b) MSCNN %32 % 55 J5 1H 7] 45 5 (b) MSCNN algorithm after dehazy recognition results
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78%
77%
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(0) A HEFEFESE 5 R A4S % (c) Identification results of the algorithm after hazy removal
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Fig.5 Comparisons between MSCNN algorithm and the recognition result of the algorithm
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