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An Image Rain Removal Algorithm Via Depth of Field and Sparse Coding

XIAO Jin-Sheng  WANG Wen ZOU Wen-Tao TONG Le LEI Jun-Feng
(School of Electronic Information, Wuhan University , Wuhan  430072)

Abstract  Rainfall weather often results in the deterioration of video quality, which can cause
distortion of the image. In order to improve the quality of rainy images, we propose an image rain
streaks removal algorithm based on the depth of field and sparse coding. Currently, the rain removal
methods based on the image decomposition have attracted much attention for those methods require
no restrictions on the types of rain. However, most of the decomposition-based rain removal
methods are suffered from the problems of the rain residuals, the loss of contours and edges in
low-frequency part, and the background mismatch in high frequency part. In this condition, we
propose to decompose the image by using the combination of the bilateral filtering and the
short-time Fourier transform, so that the contours of the low frequency part of the image is
preserved well. Besides, we propose to use the depth of field saliency map of the image to remove

the rain residues in the low-frequency components and solve the mismatching between the
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background and the rain streaks with the same gradient in the high-frequency components. The
algorithm mainly includes four parts: image decomposition, dictionary learning, atomic clustering
based on Principal Component Analysis and Support Vector Machine, image correction based on
the depth of field. Firstly, the low-frequency and high-frequency components are extracted by
image decomposition. We combine the bilateral filtering and the short-time Fourier transform.
This method can better preserve the contours and textures. After that, the low-frequency part is
retained, and the high frequency part is further processed. Secondly, the high frequency components
are classified according to theirs texture. In each category, the high frequency components are
further divided into blocks. Then the dictionaries for dictionary learning are constructed
corresponding to each category. Thirdly, the dictionaries are classified into two categories: rainy
dictionaries and non-rain dictionaries, by using Principal Component Analysis and Support Vector
Machine according to the gradient information. Orthogonal Matching Pursuit is then used to
obtain the sparse coefficients of the new high frequency dictionaries i. e. the non-rain dictionaries,
so as to obtain the non-rain components of the high frequency components. Lastly, the rain residuals
in the low-frequency part and mismatch in the high-frequency part will be solved. Through the
depth of field saliency map, the high-frequency components are classified again according to the
gradient and texture direction, so that the background with the same gradient as the rain streaks
will be preserved, which effectively improves the classification accuracy. At the same time, the
significant feature of the rainy image is extracted by the depth of field to further remove the rain
residuals in the low frequency components. Both the subjective visual effects and objective indicators
are used to evaluate the algorithm. The experimental results demonstrate that the subjective effect is
improved obviously and the objective indexes are also improved. The proposed image rain removal
algorithm based on the depth of field and the sparse coding can not only remove the rain streaks,
but also preserve the detailed information of the image.

depth of field; sparse coding; principal component analysis;
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VIF 0.21 0.38 0.87 0.36 0.50 0.87

umbrella

night SSIM 0.78 0.73 0.81 0.82 0.91 0.82
FSIM 0.91  0.92 0.91 0.92 0.93 0.92
VIF 0. 38 0.60 0.71 0.39 0.35 0.79
window  SSIM 0.77 0.82 0.84 0.33 0.78 0.84
FSIM 0.91  0.93 0.91 0.69 0.89 0.93
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Background

Rainfall weather often results in video quality degradation,
which may cause image distortion. Accumulation of rain
streaks may generate atmospheric veiling effects, which is
similar to mist or fog, and nearby rain streaks exhibit strong
specular highlights and occlude background scenes. heavy
rain may cause severe visibility degradation and affect the
imaging quality of outdoor visual system seriously, which is
not conducive to image analysis. In order to improve the
quality of video images in intelligent traffic and security
precaution, video image enhancement has become a hotspot
in the field of machine vision.

In this paper, we propose a image rain streaks removal
algorithm based on the depth of field and sparse coding.

Firstly, the image is decomposed by the combination of
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bilateral filtering and short-time Fourier transform, so that
the contour of the low frequency part of the image is better
preserved. The introduction of depth of field can improve the
low-frequency components of the rain residue and solve the
background error problem of high-frequency components with
the same gradient of rain. The experimental results show
that the proposed image rain removal algorithm based on the
depth of field and the sparse coding not only can remove rain,
but also preserve the detailed information of the image.

This work is supported by the National Key Research and
development China Grant  No.
2017YFB1302401 and the National Science Foundation of China
under Grant No. 61471272,

Program  of under





