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An EMD algorithm for image denoising based on stochastic differential

He Jingbo™ ™, Peng Fuyuan ™
(™ Institute of Electronic and Information Engineering, Huazhong University of Science and Technology , Wuhan 430074)
(™ Electronics Engineering College, Naval University of Engineering, Wuhan 430033)
Abstract

In consideration of the destruction to image features caused when the conventional Gaussian filter is used for image
denoising, and image systems’ intrinsic quality of self-comparability and the empirical mode decomposition (EMD) algo-
rithm’ completeness and stability, an EMD algorithm for image denoising based on stochastic differentiation is presented .
The algorithm uses the EMD to decompose an image to obtain its numbers of intrinsic mode function (IMF) images and
residual function images, and then uses different stochastic differential filters to obtain each layer’s filtering result, and
finally, the denoised image is given by rebuilding the IMF images and residual images. The simulation experiments are
made by Matlab and the effectiveness of the algorithm is tested and verified .

Key words: empirical mode decomposition (EMD), stochastic differential equation (SDE) , noise, Fokker-Planck
equation
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