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Main bottlenecks and research prospects of the deep convolutional
neural network-based denoising model

Xu Shaoping, Liu Tingyun, Lin Zhenyu, Zhang Guizhen, Li Chongxi
School of Information Engineering , Nanchang University, Nanchang 330031, China

Abstract: As a representative technique for deep learning, the deep convolution neural network (DCNN) with strong fea-
ture learning and nonlinear mapping ability in the field of digital image processing offers a novel opportunity for image
denoising research. DCNN-based denoising models show significant advantages over traditional methods in terms of their
denoising effect and execution efficiency. However, most of the existing image denoising models are driven by data. Given
their inherent restrictions, the denoising performance of these models can be further improved. To promote the development
of existing image denoising technologies, some key challenges that restrict their further improvement must be analyzed and
addressed. We first summarize the core ideas of traditional image denoising algorithms based on three types of prior knowl-
edge of the natural image, namely, non-local self-similarity, sparsity, and low rank, and then analyze the advantages and
disadvantages of these algorithms. Image denoising algorithms modeled with prior knowledge can flexibly deal with distorted
images under different noise levels. Unfortunately, they demonstrate the following limitations; 1) the limited hand-crafted
image priors are not enough to describe all changes in the image structure, thereby limiting the denoising ability of these
algorithms; 2) most of the traditional image denoising algorithms iteratively solve their objective functions, thereby resulting

in a high computational complexity; and 3) the optimal solution of the objective function needs to adjust several parameters
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adjust several parameters manually according to the actual situation. Based on the above problems, we point out that the
technical advantage of the DCNN-based denoising model lies in its strong nonlinear approximation supported by a graphics
processing unit. The inherent characteristics of the DCNN-based denoising model are then analyzed, the bottleneck prob-
lems that restrict their future development are presented, and the possible solutions (research directions) to these problems
are discussed in detail.. Result A thorough analysis reveals many bottleneck problems in data-driven DCNN-based denoising
models that need to be solved, including: 1) the small receptive field of the DCNN network that limits the range of image
feature representation and the ability to fully utilize the priors contained in natural images; 2) the strong dependence of DC-
NN-based model parameters on the training dataset, that is, the optimal denoising effect can only be obtained if the distor-
tion level of the observed image is close to that of the training images; and 3) the training set cannot be easily constructed
and the denoising model cannot be easily trained to denoise an image if both the noise type and level of noisy image are un-
known. To solve these problems, we expand the receptive field of the convolution kernel, weaken the dependency between
the network parameters and the training set, or fully utilize the modeling ability of the DCNN network. Therefore, the bot-
tlenecks of the existing DCNN denoising models can be addressed, and research on image denoising algorithms can move to
a higher level. Conclusion In this paper, the technical advantages and development bottlenecks of DCNN in the field of im-
age denoising are summarized, and some future research directions for the image denoising method are proposed. This paper
should be of interest to readers in the area of image denoising.

Key words:; review; image denoising; deep convolutional neural network (DCNN) ; bottleneck problem; receptive field;

data dependencies; parameter space
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AT 69 07125 3R A M 7 PR 8 23 A AR RUCR I T AN
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— AR AN TR A e 7 R T 2R R AN R 1 28K
ZEA)) , HLAE R I A o i 2R i ik AU AR A e
BRAT AN = A TRCRZARGF AT T5 1, AT
B S

P

25 BRrid BT DCNN [ Rl in JLAE C &
TE R MRS R A 1 B S, SR T Fp g T
030 3R B0 ) P MR B A i e B B AR
TR IV ACHY 25 P P 9 ) A % i e

Xt DONN (/N g sz B () A3, ] UK 2L 5 NSS
PRSI U 0 o R Bk A B 5 R 0 2% A S A R E
DCNNARfigt phe 5 X T [ R R TR 1) 9 2% 2 8 @ 5 K&
Bn A T B R O AR DR, BT LA P I P -
WSS Tl MRS S5 F (5 S U 1] E A0 45 1 22
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