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An Image Denoising Model Using the Improved Deep Image Prior

XU Shao-ping, LI Fen, CHEN Xiao-guo, CHEN Xiao-jun, JJANG Shun-liang
(School of Mathematics and Computer Sciences , Nanchang University, Nanchang , Jiangxi 330031, China)

Abstract: To further improve the execution efficiency and denoising effect of the deep image prior(DIP) denoising
model, an improved deep image prior(IDIP) denoising model was proposed by improving the original DIP from three as-
pects, network architecture, network input, and Loss function. Specifically, considering the network architecture, the simple
connection adopted in the encoder-decoder backbone network was promoted with complex connection by adding nonlinear
features transferring path,which brings benefit to the information modulation and transmission of features between encoder
and decoder at the same level. In aspect of the network input, the random tensor was replaced by the preliminary denoised
image with better image quality, and the preliminary denoised image can provide more abundant information to the network
model, accelerating the convergence speed of network and improving the execution efficiency. Regarding the Loss function,
the preliminary denoised image was added as the second target image to improve the guidance ability of the loss function,
improving denoising effect significantly. Extensive experiments show that, the proposed IDIP denoising model significantly
outperforms original one at various noise levels in terms of denoising effect and execution efficiency, and it also has a better
performance than other state-of-the-art methods with regard to denoising effect.
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F4 BIEFEEEAEKRLATIREH PSNRIELLE(B)

o 10 20 30 40 50 60 | THfH

FFDNet | 34.83 | 31.40 | 29.72 | 28.50 | 27.60 | 26.85 | 29.82
BM3D | 34.82 | 31.44 | 29.59 | 28.13 | 27.54 | 26.37 | 29.65
NCSR | 34.81 | 31.38 | 29.43 | 28.06 | 27.02 | 26.08 | 29.46
WNNM | 3494 | 31.61 | 29.80 | 28.48 | 27.51 | 26.68 | 29.84
DnCNN | 34.94 | 31.69 | 29.83 | 28.52 | 27.56 | 26.65 | 29.87
DIP | 32.41 | 29.32 | 27.73 | 26.60 | 25.56 | 24.77 | 27.73
IDIP | 35.68 | 32.13 | 30.35 | 29.16 | 28.13 | 27.22 | 30.45
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DIP | 31.27 | 27.97 | 26.22 | 25.09 | 24.18 | 23.43 | 26.36
IDIP | 35.02 | 30.80 | 28.84 | 27.56 | 26.55 | 25.76 | 29.09
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