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Adaptive directional total variation denoising model
based on image local direction
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(College of Information Engineering s Sichuan University of Science & Engineering s
Zigong 643000, China)

Abstract: In order to overcome the disadvantages that total variation model based on the image gradi-
ent information can’t consider image’s local direction and remove noise effectively., an adaptive direc-
tional total variation model based on image’s local direction is proposed,and the iterative procedure of
model is deduced. First, the image local direction is calculated in this new model. Second, an ellipse
coinciding with the dominant direction of the local image is used to replace the unit ball in the total
variation model. Finally, the denoised image is obtained by using iteration to optimize the minimum
total variation. The comparing experimental results show that the proposed model can get higher peak
signal to noise ratio and enhance the image details, and it has good performance in image denoising.
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