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Abstract

The energy functional minimization proposed by the variational theory has been widely used in
image denoising. In the process of denoising, it is very important to select parameters reasonably.
The versatility and operability of neural networks have more advantages than traditional algo-
rithms. In this paper, the shortcomings of the regular variable parameter cannot be adaptively
adjusted in the total variation denoising model. By constructing the BP neural network model, af-
ter a lot of learning and training, the relationship between the original image information and the
regular term parameters is simulated, and the regular term obtained from the model is obtained.
The parameters, combined with the Chambolle dual algorithm, form a whole, so that the improved
algorithm has more accurate parameter selection and more effective denoising effect.
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Best Validation Performance is 0.005749 atepoch 3
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Figure 1. Network training and iteration diagram
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Figure 2. Model fitting chart
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Figure 3. The first line is noise image and the second line is post-processing effect image
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