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Abstract

As a typical unsupervised learning method, deep image prior does not require a large number of
training samples, so it has many application prospects in some fields where it is difficult to collect
a large number of training samples and training data sets. In addition, collecting a large number of
training samples requires a lot of manpower and material resources, and the problem of overfit-
ting of the model may occur (and the model may be over-fitted). In this paper, to effectively re-

AR

NEGIMH: M, TR, ERE, R, b, vrdtk T IREZEI AR RN A R R0 RN HeA R,
2023, 12(5): 2227-2234. DOI: 10.12677/aam.2023.125228


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2023.125228
https://doi.org/10.12677/aam.2023.125228
https://www.hanspub.org/

EH A

move multiplicative noise in images, a deep prior-based variational model for image denoising is
proposed. To solve the new model, this paper adopts the alternating direction method to solve the
problem. Numerical experiments show that the proposed model in this paper can remove multip-
licative noise more effectively than other state-of-the-art methods, and has better image visual ef-
fects.
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Figure 1. Testing image
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Figure 2. Result graph of noise intensity L = 10
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Figure 3. Result graph of noise intensity L = 20
3. MRFESEE L =20 5RE

DOI: 10.12677/aam.2023.125228 2232 I3RS


https://doi.org/10.12677/aam.2023.125228

FH E

AA FNE K SO F Mg Huang 21 & AL F g

Figure 4. Result graph of noise intensity L = 40
4. IRFRSEE L = 40 L5RE

Table 1. PSNR (L = 10) under different models of grayscale plots
1. REEETERETE PSNR (L = 10)

AR AA Fi Huang %7 SO 7Y
Lena 30.0984 24,5575 26.0717 25.7169
House 31.2587 26.1869 26.4426 24.6707

Table 2. PSNR (L = 20) under different models of grayscale plots
2. REEEATERETE PSNR (L = 20)

AA HEH Huang 5% SO &1 Ny Rt
Lena 30.9291 26.2393 27.6727 27.2175
House 31.7685 27.7629 27.9511 25.8729

Table 3. PSNR (L = 40) under different models of grayscale plots
= 3. REEEATERETH PSNR (L = 40)
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Lena 31.4901 28.1028 28.5356 27.7521
House 33.0306 29.4704 29.6276 27.8044
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