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Mixed Noise Suppression Algorithm Based on Developable
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Abstract: In order to meet the requirement of low resource cost and mixed noise suppression for outdoor target
detection based on rotor Unmanned Aerial Vehicle (UAV), a mixed noise suppression algorithm based on
Developable Local Surface (DLS) is proposed. This algorithm realizes the complementary advantages of the
developable local surface algorithm and the layered noise reduction algorithm, and achieves the noise reduction
effect that the neither algorithm can reach. Firstly, the developable local surface of image is used to suppress
salt & pepper noise and low-density Gaussian noise in the image to obtain a preliminary denoised image. Then,
the layered noise reduction in the spatial domain and the Fourier domain is carried, removing Gaussian noise
and maximize the preservation of image edges, textures and other details. Finally, iteratively developable local
surface and layered noise reduction to remove further residual components of mixed noise to achieve the
purpose of suppressing mixed noise in target detection images. The experimental results show that the proposed
algorithm has certain advantages over the other seven algorithms in removing mixed noise, and its subjective
visual index and objective data index statistics are superior to those of the other seven algorithms.
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