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Abstract: The incoherent dictionary learning and sparse representation algorithm was present and it was applied to sin-
gle-image rain removal. The incoherence of the dictionary was introduced to design a new objective function in the dic-
tionary learning, which addressed the problem of reducing the similarity between rain atoms and non-rain atoms. The di-
visibility of rain dictionary and non-rain dictionary could be ensured. Furthermore, the learned dictionary had similar
properties to the tight frame and approximates the equiangular tight frame. The high frequency in the rain image could be
decomposed into a rain component and a non-rain component by performing sparse coding based learned incoherent dic-
tionary, then the non-rain component in the high frequency and the low frequency were fused to remove rain. Experi-
mental results demonstrate that the learned incoherent dictionary has better performance of sparse representation. The re-
covered rain-free image has less residual rain, and preserves effectively the edges and details. So the visual effect of re-
covered image is more sharpness and natural.
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