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Image Denoising Algorithm Based on Fast and Adaptive Bidimensional Empirical Mode Decomposition
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Abstract In order to adaptively decompose the image and accurately describe the distribution state of the decomposition
coefficients,a new image denoising algorithm based on fast and adaptive bidimensional empirical mode decomposition al-
gorithm was proposed. Firstly, the algorithm performs fast and adaptive bidimensional empirical mode decomposition on
the image. By determining the number of noise-dominated subband after decomposition, the noise-dominated subband co-
efficient distribution is further modeled by the normal inverse Gaussian model. Then the Bayesian maximum posteriori
probability estimation theory is used to derive the corresponding threshold from the model. Finally, the optimal linear in-
terpolation threshold function algorithm is used to complete the denoising. The simulation results show that for adding
Gaussian white noise images of different standard deviation, the average signal-to-noise ratio is improved by 4. 36 dB,
0.85dB,0. 78 dB and 0. 48 dB, respectively, compared with sym4 wavelet denoising, bivariate threshold denoising. pro-
ximity algorithms for total variation,and overlapping group sparse total variation algorithm. Structural similarity index
is also improved with different degrees, which shows it can effectively preserve more image details. The experimental re-
sults show that the proposed algorithm is superior to the comparison algorithms in terms of visual performance and
evaluation index.
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Fig. 1 Statistical graph of number of noise-dominated IMFs

corresponding to different noise standard deviations
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Fig. 9 Comparison of de-noising results of different methods for Man image with noise standard deviation 30
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Boat 25/20.18 24.97/0.621 28.15/0.737 28.22/0.744 28.6/0.760 29.07/0. 780
30/18. 61 23.84/0.594 27.35/0.709 27.44/0.713 27.86/0.727 28.17/0.746
50/14.16 20.16/0. 484 25.19/0.628 25.45/0. 638 25.77/0.651 26.07/0.673
10/28. 14 31.6/0. 804 34.37/0. 888 33.99/0. 883 34.46/0. 895 35.36/0.906
15/24.61 29.31/0.777 32.51/0. 859 32.15/0. 855 32.61/0.869 33.45/0.891
20/22.11 27.14/0.742 31.16/0. 831 30.86/0. 825 31.28/0.839 31.92/0. 859
Lena 25/20.18 25.76/0.705 30.22/0. 810 29.87/0. 800 30.35/0. 826 30.85/0. 833
30/18. 61 24,33/0.664 29.33/0.790 29.04/0.773 29.57/0.796 30.02/0.7812
50/14.16 20.44/0.502 27.11/0.732 27.03/0.746 27.5/0.762 27.81/0.771
10/28. 14 28.86/0.671 32.38/0.868 32.45/0.878 32.72/0. 889 33.05/0.901
15/24.61 27.51/0.653 30.79/0.818 30.84/0. 826 30.93/0. 844 31.62/0.861
20/22.11 26.16/0.632 28.81/0.775 28.85/0. 781 29.01/0. 800 29.67/0. 825
Couple 25/20.18 24.83/0.610 27.75/0.736 27.88/0.743 28.2/0.753 28.59/0.776
30/18. 61 23.68/0.581 26.95/0. 705 27.09/0.710 27.43/0.736 27.65/0.736
50/14.16 20.1/0.483 24.9/0.616 25.1/0.620 25.39/0.633 25.53/0. 667
10/28. 14 29.95/0.703 32.24/0. 846 32.52/0.853 32.73/0.867 33.87/0.873
15/24.61 28.3/0.683 30.43/0.790 30.56/0.795 30.85/0.801 31.21/0.810
Hill 20/22.11 26.7/0.660 29.19/0. 754 29.33/0. 754 29.48/0.755 30.11/0.783
25/20.18 25.3/0.633 28.35/0.707 28.58/0.723 28.76/0.735 29.25/0. 756
30/18. 61 24.07/0. 604 27.67/0.680 27.87/0.690 28.1/0.693 28.43/0.718
50/14.16 20.36/0.491 25.87/0.598 26.12/0.615 26.3/0.630 26.71/0. 666
10/28. 14 29.8/0.730 32.55/0.872 32.78/0. 880 32.96/0. 890 33.41/0. 895
15/24.61 28.21/0.709 30.47/0.818 30.66/0. 828 30.93/0.833 31.39/0. 859
Man 20/22.11 26.61/0.682 29.08/0.775 29.29/0.789 29.4/0.795 30.05/0. 825
25/20.18 25.21/0.653 28.11/0.738 28.36/0.770 28.5/0.785 29.01/0. 803
30/18. 61 23.96/0.623 27.33/0.706 27.75/0.728 27.95/0.734 28.13/0.758
50/14.16 20.35/0.506 25.43/0.623 25.76/0. 657 26.02/0. 629 26.21/0.663
Average - 25.68/0. 640 29.19/0.761 29.26/0.768 29.56/0.779 30.04/0.798
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