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A dual of real image noise-related blind denoising technique
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School of Information Science and Engineering , Yunnan University , Kunming 650500, China

Abstract: Objective Image denoising technique can be as one of essential aspects in relevance to low-level vision. For
image processing tasks, preprocessing is required for such contexts of high image quality, image segmentation, fine-
grained detection and flaw detection. For real life scenario, image noise is inevitable because the image is collected and
defected from the digital device itself, which will affect people’s visual perception of the image. Image denoising-related
research is originated from removing additive Gaussian white noise. There is a great difference between additive Gaussian
white noise and real noise. The causes of real noise are diverse, and its distribution is different from that of Gaussian
noise. The distribution of real noise is complex and may not only manipulated for one distribution, in which poor denoising
results are obtained in terms of the removal of real noise. Moreover, traditional image denoising methods are required to set
parameters manually, and deep learning based denoising algorithm has a poor effect in removing real noise. To get better

results of denoising, the network model of these denoising methods is complex and time-consuming, but actual denoising
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effect is not significantly improved. It is difficult to use an end-to-end algorithm to remove real image noise well beyond non-
blind noise reduction. Therefore, we develop a dual of real image denoising model based on deep learning, which uses a
simplified network structure and has ideal denoising results and visual performance on the image denoising dataset.
Method A blind denoising network model of two-stage modular denoising network (TMNet) is designed and illustrated,
which is divided into two stages, the first stage is concerned of noise level estimation, and the second stage is concerned of
non-blind denoising of the image. For the noise level estimation, a 4-layer fully convolutional neural network is used to esti-
mate the noise level of the input image. The pooling layer is not used, but a convolutional layer is linked with a convolution
kernel size of 3 only, and a padding operation is performed after the convolutional layer to keep the obtained feature size
consistent from each layer. At the same time, due to the attention mechanism can effectively extract network features and
improve network performance, before the last convolutional layer, the squeeze and excitation (SE) module can be used to
process the features obtained via the noise level estimation, and such weights is adaptively assigned to the features of differ-
ent channels. Finally, the estimated noise level and the input image are used as the output of this stage. The non-blind
denoising stage can be focused on taking the estimated noise level and the image together as the input of this stage , and real
image denoising becomes the problem of image denoising, which can remove the known noise distribution level. At this
stage, we design a multi-scale structure, which can melt image features into two branches for processing. One branch is as
an expanded convolutional layer, and the other branch is as an ordinary convolutional layer as well. Dilation convolution
can be applied to get a larger receptive field by injecting holes into features of non-additional new parameters. In this way,
image characteristics can be obtained under different receptive fields. The algorithm is designed for those skip connections
are used in the multi-scale structure because effective skip connections are appeared in image denoising, and the loss of
image information will be reduced in the process of parameter transmission when the number of network layers increases.
For the convolution operation used in the non-blind denoising stage, the size of the convolution kernel is 3, and the corre-
sponding padding operation is also guaranteed that the size of the image feature will not change in the entire network. Due
to the high resolution of the original image of the smartphone image denoising dataset (SIDD) dataset used in the training
model, our experiment is focused on dividing the image into 256 patches and performs 4 000 epochs of training randomly.
The loss function used is L1 loss. All experiments are done on NVIDIA GTX 2080ti GPU. Result Four sort of commonly
used datasets in image denoising fields including darmstadt noise dataset (DND), SIDD, Nam, and the Hong Kong Poly-
technic University (PolyU) are used to verify the effectiveness of the algorithm, and the peak signal-to-noise ratio (PSNR)
and structural similarity (SSIM) are used to evaluate the denoising results. Denoising experiments are carried out on
DND, SIDD, Nam, and PolyU datasets, and the average PSNR values obtained are 39.23 dB, 38. 54 dB, 40.45 dB,
and 37. 34 dB, respectively. Compared to the traditional algorithm, the denoising effect and visual sense are significantly
improved, and the denoising effect can be similar to that of the deep learning denoising algorithm in related to fewer network
layers. Furthermore, ablation experiments are designed to verify the effectiveness of the methods proposed, such as skip
connection, channel attention, and noise level estimation. Experiments show that our methods proposed can effectively
improve the effect of real image denoising to a certain extent. Conclusion We design a convolutional neural network (CNN)
model for removing noise from real images. Our model has a simple network structure, in which most of the convolution
operations with a convolution kernel size of 3 are carried out, and the network training speed is fast. Our network can get
richer residual structure in image denoising as well. Additionally, we use multiple convolution to obtain more effective fea-
ture information. Experimental results show that our network is potential to removing real image noise further to some extent.

Key words: deep learning; real image denoising; attention mechanism; noise level estimation; multiscale module
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Fig. 4 Denoising results on the SIDD dataset ((a) noisy images; (b) denoised images)
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Table 1 Comparison of denoising results of different

mothods on SIDD dataset
sRGB RAW
ik

PSNR/dB SSIM  PSNR/dB SSIM
DnCNN 23.66 0.583 43.30 0.965
MLP 2471 0.641 43.17 0.965
TNRD 24.73 0.643 42.77 0.945
FoFE 25.58 0.792 43.13 0.969
BM3D 25.65 0.685 45.52 0.980
WNNM 25.78 0.809 44.85 0.975
KSVD 26.88 0.842 43.26 0.969
EPLL 27.11 0.870 40.73 0.935
CBDNet 33.28 0.868 - -
AR 38.54 0.946 50.99 0.99
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Table 2 Comparison of denoising results of different

mothods on Nam dataset

7k PSNR/dB SSIM
CDnCNN-B 37.49 0.9272
BM3D 39.84 0.965 7
CBDNet 40.02 0.968 7
A3 40.45 0.989 8
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Fig. 5 Denoising results of our algorithm on the Nam dataset

((a) noisy images; (b) denoised images)

3. 1.3 PolyU%diase

PolyU (the Hong Kong Polytechnic University ) 4%
4 (Xu 55, 2018a) 3 75 100 4~ W G FIT- 24 B &
X, B8 IPG SO o 3% 3 J2 A S5 i 5 CBDNet |
DIDN (deep iterative down-up convolutional neural net-
work) (Yu %5, 2019) Al AINDNet (Kim %5 , 2020) £
PoyU BHa4E XS EE o Bl 6 2 AR SCTT IR 7E Poly U %8
e By EMRas R, T LUE AR SC R M R TE
PolyU 454 [ RIL R4

®3 AEFEEPolyUHIEE FHERRLERITLE
Table 3 Comparison of denoising results of different

mothods on PolyU dataset

Tk PSNR/dB SSIM
CBDNet 36.93 0.9457
AINDNet 37.22 0.946 0
DIDN 37.32 0.9523
AR 37.34 0.980 1

T L PR 5 S R A4 2R

3.1.4 DNDHiR4E

DND (darmstadt noise dataset) %% #i 42 (Plotz
Roth,, 2017) J& {8 FH 265 2 Fh J7 32 8 8 i pld, 452 R
PG LW ST L B H BB 5 o R 4 2 AR S0k
5 CDnCNN-B. BM3D. NI (neat image) . NC (noise
clinic) ( Lebrun 4§ , 2015) . DRNet (Li 55 , 2017) #1
Path-Restore 55 J7 7 7F DND £ 46 A b e 45 21 .
LA AR SCO7 1k B TRIR 25 B E o 48 il A ]
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Fig. 6 Denoising results of our algorithm on the PolyU dataset

((a) noisy images; (b) denoised images)
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Table 4 Comparison of denoising results of different

mothods on DND dataset
sRGB
Tk
PSNR/dB SSIM
CDnCNN-B 32.43 0.790 0
EPLL 33.51 0.824 4
TNRD 33.65 0.8306
MLP 34.23 0.8331
BM3D 3451 0.8507
FoE 34.62 0.884 5
WNNM 34.67 0.864 6
NI 35.11 0.877 8
NC 35.43 0.884 1
DRNet 35.89 09351
KSVD 36.49 0.897 8
FFDNet+ 37.61 09415
TWSC 37.96 0.941 6
CBDNet 38.06 0.942 1
Path-Restore 39.00 0.9542
ES'S 39.23 0.949 4
PRIDNet 39.42 0.9528
NBNet 39.89 0.9550

E R R R 45 51 e A2

$L B . HUSR PRIDNet Fil NBNet 232 (19 PE M 48 A5 5
W B SARSCER N E R IR, AR AR

BN A, Bl T2 R BB, A SO
WRBW T N RE . K7 BoR T 4507 i AE DND i
£ EE LA EZR, LSBT0 PSNR $E (A7
dB).

(2) EPLL (28.06)  (b) BM3D (29.33) () WNNM (29.80)
() KSVD (31.41)  (c) FFDNet (34.47)  (f) TWSC (34.50)

(2) CBDNet (35.43) (h) Path-Restore (36.32) (i) &3 (37.16)

K7 RIFJrgE DND $ifa 4 B 22551 (dB)
Fig. 7  Denoising results of different mothods on the DND
dataset (dB) ((a) EPLL (28.06); (b) BM3D (29.33);
(¢) WNNM (29.80); (d) KSVD (31.41); (e) FFDNet

(34.47); (f) TWSC (34.50); (g) CBDNet (35.43);
(h) Path-Restore (36.32); (i) ours (37.16))

3.1.5 ALK

A SCHE IR — A PR B LS MR R A
7 SN LSRR AT e P KAl T, O T R A
KAk TR 5 PR A5 2 MR ASCR ) 52 )  3 od J2 5 fef
FHMEFEACEAL T, 23 B R AT L ab B, Bk
s A BSD68(Berkeley segmentation data) B 4E
VSIS [ 3 A K 1 v S (o 2300 15,25,
50) , I HEAT RN SR Z5 R ANR S s o L8
FEH, fufi MR P KTk T B B30 7 2 BRI e i A5 5R
SERA G, 8 B T 2 I S P R R 7 I 0 I P AT
IR E Y

Ry T E W IR ) 25 BIVHE A0 199 2 2500 F A e W Gk
FETHHTAT UG Y 25 MR RCR , JE NS T S 30 5 AH XS
AR, ERSCR TR . 7E Nam %1
B 4 v P T2 4 1 SO AR Y W I AN (] A 1R e el
FAAS R Ecdt 1) 22 RUBE TR 8 W 28 R 15, PR Pk it
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=5 BEKEEITNERERNZMN
Table 5 Influence of noise level estimation on

denoising results

} i PSNR/dB
WA 7 AKOEA
o=15 o=25 o=50
I 30.21 29.08 26.26
A 30.26 29.11 26.31

T L PSR R  B R A4 2R

A PR AT S Ab B SR EE AN 8 s .
HCAER LT T 2 2 RO 4R 2 T T 341
EIN %228

PSNR=45.71 dB PSNR=45.82 dB

PSNR=45.38 dB  PSNR=45.51 dB

PSNR=39.99 dB PSNR=40.68 dB

PSNR=38.62 dB  PSNR=39.27 dB
(a) J5E& (b) 4551 () &2

8 LSRN ZICR A5

Fig. 8 The influence of network parameters on denoising

results ((a) original pictures; (b) result 1; (c) result 2)

3.1.6  JHRLSEL

S ERUATE S SN iU W NN S U
— 7 TR Ry R 25 A A AE S BR EIR MRS A BRI R
s o5 — 7 1T, 8 FH B R 42 P LR v R 25
SR 25 B RhGR k18 B TR 280 15 n
MEEEE EK . A CEAER ARG S RGN
By s =z A T R R |, iR LUK P Bk BRE
FORNK B . 182 G54 Hh A B H i A RN 4
TR R TR, 3O R Y kBRI 1, 3R

NN . A MR KA B B T
RGNS WALYIN RS - A M vl S EA R S IR T}
BBR 3 2 A0 T T T ST HLA A ek, £ SIDD e k£
LHEATIHR SR AR AN 6 TR

e A

Table 6 Ablation experiments

KBk EBEER SEBlock  /KFAhit  PSNR/AB
- - - - 51.30
- - N N 51.36
- N N N 51.46
N N - - 51.61
N N - N 51.64
N N N N 51.70

LR R AR A R - BRI, VT FOR

3.2 KIGHT

H1 T SIDD %3 5 J5hh R O3 B 3 0k v, A SOK
KL BEHLEI 73 M 256 x 256 14 K B patch, T 45
HEAT 4 000 5 VI 45, 7E AT 1 500 582 21 K K 10%, 2 )5
TR 1000 %8, 2% 2 F AR 1/10, BT A 1 55 55 34 17F
NVIDIA GTX 2080ti GPU I fifi FH| pytorch HEZ42 5¢ i o

4 & &

AL T — AT R BR B RN 1 IR
o) WL 0 2% v ) 2 B R A0 0 3x3 4
R I SR BE R . R T AR 22 S R A PRI 1 2 g
R R 2 B, AR SC I 46 A fi S B0 5k 25 2 A
BEAh , A SOREIEZ IR A AR S A B A AR 25 5, AAS () &
SRR B O E IR R B . 74D H SR
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AR T A B R B SR A R I A5 7 2 R LS PR R R
P ERCRIA R
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LA AT LS B PR A R M (H 5 A iR
(10 25 I I 28 AU A L, 7 SRR Ay 22, TR
FAT 1) R 28 MRS T A SCHA R 246 ] LASRAS B N
AR AE B P, ey 7 R gD R A5 B Kk
(10 [ P, Pk 19X 2% 235 4 114 g B0 SR 906 P4 )
BRI T



$28%5 /FET7H /2023 F£7 A

TEE, RE, fLAR, #7, =REBR
HEEZEGEFHIRMREER

222 XLk (References)

Abdelhamed A, Lin S and Brown M S. 2018. A high-quality denoising
dataset for smartphone cameras//Proceedings of 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Salt Lake
City, USA: IEEE: 1692-1700 [ DOI: 10.1109/CVPR.2018.00182 ]

Aharon M, Elad M and Bruckstein A. 2006. K-SVD: an algorithm for
designing overcomplete dictionaries for sparse representation. IEEE
Transactions on Signal Processing, 54(11): 4311-4322 [DOI: 10.
1109/TSP.2006.881199 ]

Anwar S and Barnes N. 2019. Real image denoising with feature atten-
tion//Proceedings of 2019 IEEE/CVF International Conference on
Computer Vision. Seoul, Korea (South) : IEEE: 3155-3164
[DOI: 10.1109/ICCV.2019.00325 |

Buades A, Coll B and Morel J] M. 2005. A non-local algorithm for image
denoising//Proceedings of 2005 IEEE Computer Society Conference
on Computer Vision and Pattern Recognition. San Diego, USA:
IEEE: 60-65 [DOI: 10.1109/CVPR.2005.38 |

Burger H C, Schuler C J and Harmeling S. 2012. Image denoising: can
plain neural networks compete with BM3D?//Proceedings of 2012
IEEE Conference on Computer Vision and Pattern Recognition.
Providence, USA: IEEE: 2392-2399 [ DOI: 10.1109/CVPR.2012.
6247952

Chang S G, Yu B and Vetterli M. 2000. Adaptive wavelet thresholding
for image denoising and compression. IEEE Transactions on Image
Processing, 9(9): 1532-1546 [ DOI: 10.1109/83.862633 ]

Chen Y J and Pock T. 2017. Trainable nonlinear reaction diffusion: a
flexible framework for fast and effective image restoration. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
39(6): 1256-1272 [DOI: 10.1109/TPAMI.2016.2596743 ]

Cheng S, Wang Y Z, Huang H B, Liu D H, Fan H Q and Liu S C.
2021. NBNet: noise basis learning for image denoising with sub-
space projection//Proceedings of 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Nashville, USA: IEEE:
4896-4906 [ DOI: 10.1109/CVPR46437.2021.00486 |

Dabov K, Foi A, Katkovnik V and Egiazarian K. 2008. Image restora-
tion by sparse 3D transform-domain collaborative filtering//Proceed-
ings of SPIE 6812, Image Processing: Algorithms and Systems VI.
San Jose, USA: SPIE: #681207 [ DOI: 10.1117/12.766355 ]

Gu S H, Zhang L, Zuo W M and Feng X C. 2014. Weighted nuclear
norm minimization with application to image denoising//Proceed-
ings of 2014 IEEE Conference on Computer Vision and Pattern Rec-
ognition. Columbus, USA: IEEE: 2862-2869 [DOI: 10.1109/
CVPR.2014.366 ]

Guan M J, Zhu J and Wu Y R. 2020. Research progress of image denois-
ing methods. Computer Era, 2: 29-32, 35 (45 5%, BRAS, St
. 2020. EHR K WET7 L OEFEHERE A RALEHR, (2) 2 29-32,
35) [DOI: 10.16644/j.cnki.cn33-1094/tp.2020.02.008 ]

Guo S, Yan Z I, Zhang K, Zuo W M and Zhang L. 2019. Toward convo-

lutional blind denoising of real photographs//Proceedings of 2019
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Long Beach, USA: IEEE: 1712-1722 [DOI: 10.1109/CVPR.
2019.00181]

He K M, Sun J and Tang X O. 2013. Guided image filtering. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
35(6): 1397-1409 [ DOI: 10.1109/TPAMI.2012.213 ]

Hu J, Shen L, Albanie S, Sun G and Wu E. 2019. Squeeze-and-
excitation networks//Proceedings of 2019 IEEE Conference on Com-
puter Vision and Pattern Recognition. New York, USA: IEEE:
183-192 [ DOI: 10.1109/TPAMI.2019.2913372 ]

Jain V and Seung H S. 2008. Natural image denoising with convolutional
networks//Proceedings of the 21st International Conference on Neu-
ral Information Processing Systems. Vancouver British, Canada:
Curran Associates Inc.: 769-776

Kim J, Lee J K and Lee K M. 2016. Accurate image super-resolution
using very deep convolutional networks//Proceedings of 2016 IEEE
Conference on Computer Vision and Pattern Recognition. Las
Vegas, USA: IEEE: 1646-1654 [DOI: 10.1109/CVPR.2016.182 ]

Kim Y, Soh J] W, Park G Y and Cho N I. 2020. Transfer learning from
synthetic to real-noise denoising with adaptive instance normaliza-
tion//Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle, USA: IEEE: 3479-3489
[DOI: 10.1109/CVPR42600.2020.00354 |

Lebrun M, Colom M and Morel J M. 2015. The noise clinic: a blind
image denoising algorithm. Image Processing on Line, 5: 1-54
[DOI: 10.5201/ipol.2015.125]

LiCY, GuoJ C, Porikli F, Guo C, Fu H Z and Li X. 2017. DR-Net:
transmission steered single image dehazing network with weakly
supervised refinement [ EB/OL]. [2021-12-02].
https://arxiv.org/pdf/1712.00621.pdf

Liu J S. 2021. Research on Real-Word Image Denoising Based on Deep
Neural Network. Xi’an: Xidian University (XI|4x 111 . 2021. & T4
BRI 28 P 4 LS R R MR RO BIE T . P P R R
2#) [DOI: 10.27389/d.cnki.gxadu.2021.002156 |

Liu L P, Qiao L L and Jiang L C. 2021. Overview of image denoising
methods. Journal of Frontiers of Computer Science and Technology,
15(8): 1418-1431 (XUFIF, FriR 1R, #HIL . 2021. R 251
TPk EHLR S SRR, 15(8) 1 1418-1431) [DOI: 10.
3778/j.issn.1673-9418.2101035 ]

Nam S, Hwang Y, Matsushita Y and Kim S J. 2016. A holistic approach
to cross-channel image noise modeling and its application to image
denoising//Proceedings of 2016 IEEE Conference on Computer
Vision and Pattern Recognition. Las Vegas, USA: IEEE: 1683-
1691 [DOI: 10.1109/CVPR.2016.186 ]

Plotz T and Roth S. 2017. Benchmarking denoising algorithms with real
photographs//Proceedings of 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu, USA: IEEE: 2750-
2759 [DOI: 10.1109/CVPR.2017.294 ]

Roth S and Black M J. 2005. Fields of experts: a framework for learning
image priors//Proceedings of 2005 IEEE Computer Society Confer-

2035



2036

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 7,Jul. 2023

ence on Computer Vision and Pattern Recognition. San Diego,
USA: IEEE: 860-867 [DOI: 10.1109/CVPR.2005.160 ]

Tai Y, Yang J, Liu X M and Xu C Y. 2017. MemNet: a persistent
memory network for image restoration//Proceedings of 2017 IEEE
International Conference on Computer Vision. Venice, Italy:
IEEE: 4549-4557 [DOI: 10.1109/ICCV.2017.486 ]

Tian C W, Xu Y and Zuo W M. 2020. Image denoising using deep CNN
with batch renormalization. Neural Networks, 121: 461-473
[DOI: 10.1016/j.neunet.2019.08.022 ]

Tomasi C and Manduchi R. 1998. Bilateral filtering for gray and color
images//Proceedings of the 6th International Conference on Com-
puter Vision. Bombay, India: IEEE: 839-846 [DOI: 10.1109/
ICCV.1998.710815]

Wang H C. 2021. Research on Real Image Denoising Algorithm Based
on Deep Learning. Chengdu: University of Electronic Science and
Technology of China (FEH#fIEE . 2021, JETIHRIE T 1y B IR %
WRSLIL R TE . AR . HL B RS ) [DOI: 10.27005/d. enki.
gdzku.2021.004590 ]

Wang Z, Bovik A C, Sheikh H R and Simoncelli E P. 2004. Image qual-
ity assessment: from error visibility to structural similarity. IEEE
Transactions on Image Processing, 13 (4) : 600-612 [DOI: 10.
1109/TIP.2003.819861 |

Wu C Z, Chen X, Ji D and Zhan S. 2018. Image denoising via residual
network based on perceptual loss. Journal of Image and Graphics,
23(10): 1483-1491 (R, BRI, TR, f51%. 2018, 4554
JE 5% 22 24 2] BRI 5K 1Y P AR 22 e o [ P R DB 22 4
23(10): 1483-1491) [DOI: 10.11834/jig.180069 |

Xie SM, Deng L, Xie Z M and Li H P. 2020. Denoising algorithm based
on convolutional neural network in real scene. Computer and Tele-
communication, (11): 39-43 (Uf&F M, XS, Wbl , 2=V
2020. FE st IE TP 28 28 19 MR L S LS
(11): 39-43) [DOI: 10.15966/j.cnki.dnydx.2020.11.012]

Xu J, Li H, Liang Z T, Zhang D and Zhang L. 2018a. Real-world noisy
image denoising: a new benchmark [ EB/OLJ. [2021-11-04].
https://arxiv.org/pdf/1804.02603.pdf

Xu J, Zhang L and Zhang D. 2018b. A trilateral weighted sparse coding
scheme for real-world image denoising//Proceedings of the 15th
European Conference on Computer Vision. Munich, Germany:
Springer [ DOT: 10.1007/978-3-030-01237-3_2

XuSP, LuTY, Lin ZY, Zhang G Z and Li C X. 2019. Main bottle-
necks and research prospects of the deep convolutional neural
network-based denoising model. Journal of Image and Graphics,
24(8): 1207-1214 (FRAF, Xz, HRE L, KR, BEH.
2019. I 5 Pl 22 [ 25 P MR B BRI S AT s i B . o
[ B G B 22 4, 24 (8) : 1207-1214) [DOT: 10.11834/jig.
190165]

Yu H and Zhen T. 2020. Research on classical image denoising algo-
rithms. China Computer and Communication, 32(14): 66-67 (T
U, HAE L 2020. PR M2 U RIS (R B S e (EEie

ML), 32(14) : 66-67) [DOIL: 10.3969/j. issn. 1003-9767.2020.
14.021]

Yu K, Wang X T, Dong C, Tang X O and Loy C C. 2022. Path-restore:
learning network path selection for image restoration. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 44 (10) :
7078-7092 [ DOI: 10.1109/TPAMI.2021.3096255 |

Yu S, Park B and Jeong J. 2019. Deep iterative down-up CNN for image
denoising//Proceedings of 2019 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition Workshops. Long Beach,
USA: IEEE: 2095-2103 [ DOI: 10.1109/CVPRW.2019.00262 ]

Zamir S W, Arora A, Khan S, Hayat M, Khan S, Yang M H and Shao
L. 2020a. CyclelSP: real image restoration via improved data syn-
thesis//Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle, USA: IEEE [DOI: 10.
1109/CVPR42600.2020.00277 ]

Zamir S W, Arora A, Khan S, Hayat M, Khan F S, Yang M H and
Shao L. 2020b. Learning enriched features for real image restora-
tion and enhancement//Proceedings of the 16th European Confer-
ence on Computer Vision. Glasgow, UK: Springer: 492-511
[DOI: 10.1007/978-3-030-58595-2_30 ]

Zhang K, Zuo WM, Chen Y J, Meng D Y and Zhang L. 2017. Beyond a
gaussian denoiser: residual learning of deep CNN for image denois-
ing. IEEE Transactions on Image Processing, 26 (7) : 3142-3155
[DOI: 10.1109/T1P.2017.2662206 ]

Zhang K, Zuo W M and Zhang L. 2018. FFDNet: toward a fast and flex-
ible solution for CNN-based image denoising. IEEE Transactions on
Image Processing, 27(9) : 4608-4622 [DOI: 10.1109/TIP.2018.
2839891 |

Zhao Y Y, Jiang Z Q, Men A D and Ju G D. 2019. Pyramid real image
denoising network//Proceedings of 2019 IEEE Visual Communica-
tions and Image Processing. Sydney, Australia: IEEE: 1-4 [DOI:
10.1109/VCIP47243.2019.8965754 |

Zoran D and Weiss Y. 2011. From learning models of natural image
patches to whole image restoration//Proceedings of 2011 Interna-
tional Conference on Computer Vision. Barcelona, Spain: IEEE:

479-486 [ DOI: 10.1109/1CCV.2011.6126278 ]

&=

TR T R TSR, FE BT TT ) O R A ) [ AR Ak
. E-mail: d1yh152003@163.com

RE GEAGIEE T U, RS T5 1 S R AL B R
3E . Email: haowu1982@vip.163.com

FLRES , L B AF T AR, RS 5 1) Ry PR AL B

E-mail: 2378015890@qq.com

TRPY, 2, 2, FEWETT 1 GRS TR
E-mail: danxu@ynu.edu.cn

R ER T B, BRI R R AL R

E-mail: gwyuan@ynu.edu.cn

s

&



