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Abstract: With the development of modern imaging technology, an imaging device can instantly obtain multiple images containing
the same content. However, these images are sometimes difficult to avoid noise during acquisition, transmission, storage, and pro-
cessing. Therefore, it is a realistic and meaningful research topic to restore a clean image from multiple degraded images. In this pa-
per, a triple residual Wasserstein distance optimization model with low dimensional manifold prior regularization is proposed, and
the model is applied to image denoising. Firstly, the regularization term of the image denoising model is constructed by utilizing the

image prior information of the low-dimensional manifold nested in the high-dimensional space. By using the Wasserstein distance
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derived from the optimal transmission theory, the residual distribution of the restored image is forced to approximate the reference re-
sidual distribution, achieving noise estimation of degraded images. Secondly, the proposed model confirms that the regularization of
low dimensional manifold in image and the constraint of residual Wasserstein distance distribution complement each other, rather
than being isolated and unrelated. The clever combination of the two contributes to the improvement of image restoration perfor-
mance. Finally, the alternating iterative optimization algorithm of histogram matching and weighted non local Laplacian has the char-
acteristics of good image restoration effect and high algorithm efficiency. Numerical experiments show that compared with image de-
noising methods in recent years, the proposed method has advantages in both subjective and objective evaluation. The results indi-
cate that the algorithm proposed in this paper has improved the average Peak Signal to Noise Ratio (PSNR) by 1.23% and 0.73% re-
spectively compared to Wasserstein Driven Low-Dimensional Manifold Model (W-LDMM) and Multiple Residual Wasserstein Driv-
en Model (MRWM), which have excellent denoising performance. Additionally, the computation time has been reduced by 25.58%

and 93.21% respectively.
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Fig. 1 Block manifold schematic diagrams of clean image and Gaussian noise in R*
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Fig.2 Ten randomly generated Gaussian noise (residual) histograms
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Fig.3 10 test images used in the experiments
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Table 2 Comparison of the PSNR results in image denoising between the proposed method and five competing methods

G BM3D"™/dB NCSR™/dB GHP™/dB WNNM!/dB W-LDMM/dB MTRW/dB
plane 31.48 31.49 31.47 31.73 31.81 32.01
goldhill 29.88 29.76 29.76 29.99 29.90 30.32
man 29.62 29.58 29.61 29.77 29.74 30.14
crowd 30.01 29.97 29.95 30.19 30.05 30.68
airfield 27.17 27.12 27.19 27.41 27.58 28.17
kodim24 28.06 27.98 28.05 28.46 28.56 28.96
boat 29.91 29.77 29.79 30.03 29.89 30.11
lake 28.94 28.94 28.96 29.17 29.48 30.07
elaine 30.93 30.80 30.66 30.96 31.25 31.40
hat 31.91 31.68 31.58 31.98 31.91 32.04
SFH)fE 29.79 29.71 29.70 29.97 30.02 30.39
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Fig. 5 Comparison of local detail enlargement in denoising results
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Table 3 Comparison of PSNR results between the proposed

method and two multi frame image denoising methods

1% -SVDEY/dB MRWMP/dB MTRW/dB
plane 30.56 31.83 32.01
goldhill 28.94 30.12 30.32
man 28.31 30.11 30.14
crowd 29.62 30.46 30.68
airfield 27.59 27.70 28.17
kodim24 27.76 28.48 28.96
boat 29.56 29.97 30.11
lake 28.71 29.92 30.07
elaine 30.42 31.20 31.40
hat 31.52 31.91 32.04
FAE 29.30 30.17 30.39
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Fig. 6 Comparison among multi-frame image denoising methods
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Fig. 7 Comparison of local detail magnification among three multi-frame image denoising methods
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