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The model can be further written as a matrix decomposition form:
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Problem: Video Desnowing and Deraining pd / / .
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The existing snow/rain removal methods often fail for heavy ETEMT DACKITOUNG Varlations - MovIg GbJeets

snow/rain and dynamic scene.

® For heavy rain/snow scenes, the snow/rain In the static

packgrounds can not be clearly removed.

® For the moving objects In the rain/snow scene, Inaccurate Low rank
detection and improper filtering will lead to artifacts.
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Sparse snow

| . TR Fig.2 The decomposition results of two rain scenes. The sparse rain and moving objects can be detected by MRF,
Combine backgrounds and and Gaussian distribution can well fit small fluctuations, such as dense snow, background noise, and illumination
) foregrounds ) variations, etc.
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All the moving objects and all
 the rain are removed.

Filter rain pixels
Our main contributions: ™ Foregrounds : | o Experimental results
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® We divide rain streaks into sparse ones and dense ones, and Decompose Lo Sty
model them separately in a matrix decomposition framework. This B Input video ’
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process makes our model effective to tackle with heavy rain.

® Based on background fluctuations and flow information, we
formulated the detection of sparse rain streaks and moving objects
as a multi-label MRFs.

® The existing methods often cause deformations and artifacts on
moving objects. To avoid this problem, we design a group sparsity Sparse
term to filter rain pixels within moving objects.

With background variations
and optical information, they
can be labeled separately with
MRFs.

Sparse rain streaks

All the rain streaks
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Low rank B: rank ( B) SK Sparse Fana SS ' H F+ SS Ho They are formulated as Fig.3: Comparison results with other two methods under different rain/snow scenes.
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