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Abstract: Given that the performance of the Deep Image Prior (DIP) denoising model highly depends on the
search space determined by the target image, a new improved denoising model called RS-DIP (Relatively clean
image Space-based DIP) is proposed by comprehensively improving its network input, backbone network, and
loss function.Initially, two state-of-the-art supervised denoising models are employed to preprocess two noisy
images from the same scene, which are referred to as relatively clean images. Furthermore, these two relatively
clean images are combined as the network input using a random sampling fusion method. At the same time, the
noisy images are replaced with two relatively clean images, which serve as dual-target images. This strategy
narrows the search space, allowing exploration of potential images that closely resemble the ground-truth
image. Finally, the multi-scale U-shaped backbone network in the original DIP model is simplified to a single
scale. Additionally, the inclusion of Transformer modules enhances the network’s ability to effectively model
distant pixels. This augmentation bolsters the model’s performance while preserving the network’s search
capability. Experimental results demonstrate that the proposed denoising model exhibits significant advantages
over the original DIP model in terms of both denoising effectiveness and execution efficiency. Moreover,
regarding denoising effectiveness, it surpasses mainstream supervised denoising models.

Key words: Deep Image Prior (DIP); Denoising performance; Relatively clean images; Random sampling fusion;

Dual-target image; Transformer

Vol. 46No. 11
Nov. 2024

515

P o e 2 PR AL B v — N 22 LR AN

PR E M 2024-02-28: SlEl HI: 2024-09-07; P4 HIRR: 2024-09-29
SEEEE: T xushaoping@ncu.edu.cn
FETH: EHEKE KRR RS (62162043)

Foundation Item: The National Natural Science Foundation of

China (62162043)

i) 8 (ill-posed problem)!?), 2 KA TH BRI 7¢
T, AR, FETIREY 2] (deep learning) i
FRJIERS JBE A 25 X 4 o W A TR A7 R4 PR MR P 7 T A%
ik ST PR SR TARR B4R T R IR
P 2 15 75 E 525 {4 (ground-truth image),
A TR 2 ) 2% [ M SRS AT AR A T B A e B
FAFME, HRZ BT B sy, —Bekit,
HIRDnCNN, FFDNet®, SWinIR", Restormer'’


http://radars.ie.ac.cn/CN/10.11999/JEIT240114
mailto:xushaoping@ncu.edu.cn

4230 B 7 5

o

=]

2 %

4635

S5 M BRR PR [ MR AR 1) P M SR 5 AT R AR NS
TG ARE ) PR RN WA (BAESERRR R,
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B 4 2 U0 AR 45 7 AR5 B g SR ) MR N 2
NEE 7S 3 A, T8 I 2 T B R 1R (B — Ok PR T

ZHEIAF) . Kk, 56 E (800 E) B
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RS-DIP Fm 5 B4 Il 25 H i 4 A\ B8 5 H bR EHE 3
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RS-DIP 52 i AF 4 P B S5 () M B il 255 PR A . DRIk,
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IRAF X 2 A LA S e, T R SR 15 %
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e
3.4 IRKEH
RS-DIP B A Y 145 2K R 2O ELHE P AN 6 7

L = MSE(fout, I1) + MSE( fout, I2) (4)
Hodr,  fou RRS-DIP M AR 4 B, 1, Al
I 53 5l 2 M 7 PR 28 5 it B g v (P DA LR B
QAN [F] ) B I 7Y ) b B 5 TS4SR3 S 1B
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4.1 MAMERE
N T ATTH VPN BT B HE RS- DIP [ R 5 7 % f
(B RE, K H 5 DnCNN, FFDNet, SwinlIR,

Restormer, DAGLAFIDIP 365 3= Jii B M A 7 75 34
TSN P BRI IR B AT X EESESe: (1)PolyU
Ham g, [\ P ERAE1005K M S EIE LA K 15K
2% K% . (2)NIND(Natural Image Noise Dataset)
Hl AT [\ — 35 i A RIISOE AR HL 3R A5
Z ke ER (KT T45k), RIS EEIZ.
(3)SIDD(Smartphone Image Denoising Dataset)%{
DS, R — i s AR AL 25k R R UG A 15k 2 2% K
B LA LEPrA B i A B R 5 R — 37557
T Rpt2sk L LRI A KR . 25 BT R
TUHERLEAH [FIE A1 & (FERF /R (R) B & (TM)i7-11700
CPU@2.5 GHz, 32 GB RAMHMINVIDIA Geforce
RTX 3090 GPU) R 3115 (Windows 1084 & 4t)
Figtr.
4.2 JHRRSCI

g ERUE, RS-DIP B Mg AR ] DLAE AT &
PR AAN [ F e g A B 2 5 ok A B IS R . ik
AN AR PR B2,  ADnCNN, FFDNet,
DAGL, SwinIRFIRestormer H 3% 5 P Folr [(55 g 1 754
BEAT & IFFEPoly URIME 4R EdkAT T IIHK, Sege4h
FANERLIF . HEIH, SwinIRHIRestormerf#
Mg A5 0 2 5 A T I PR e R A B A PR R IR
1X ] H SwinIR 1 Restormer 4 M52 70 A Bl T 3T 17
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F 1 TEIFEMRARRILE & 3T PERE I BE R 220 (dB)
LA Restormer+ Restormer+ Restormer+ DAGL+ DAGL+ DAGL+ Restormer+
- DnCNN FFDNet DAGL DnCNN FFDNet SwinIR SwinIR
1 36.33 36.29 35.79 36.19 35.77 36.08 36.44
2 36.74 36.64 36.06 36.43 36.14 36.48 36.84
3 35.25 34.78 34.78 34.78 35.57 35.28 35.03
4 31.33 31.49 31.48 31.55 31.56 31.62 31.58
5 38.41 37.00 37.57 38.21 36.86 37.30 37.31
6 38.51 40.11 38.53 38.40 39.72 39.82 40.23
7 30.19 30.27 30.02 29.58 29.78 29.77 30.32
8 34.52 34.69 34.17 33.78 33.98 34.03 34.70
9 35.83 35.41 34.79 34.53 34.81 34.80 35.50
10 36.65 36.38 36.04 36.14 35.85 35.94 36.48
P4 35.27 35.31 34.98 34.96 35.00 35.11 35.44

[ JEH, 1ERS-DIP [ AR A 85 21 55 2 2% KR T
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FERFUGERIT, RS-DIPPEMEFEAI 2> %} Restor-
mer I SwinTRAF AL AL J (10T 75 PG 31T BE LR AE R
A MWIMRBAAE — 2 M AN EE . AT
B AIE Bl AL SRR Rl 2 75 V2 2 75 BE AT RS-DIP 4 g A5 7Y
HIPERE T R 2 Ak, 7E B #214 H Restormer M1SwinIR
Az B 7 BB AE 9 9 2 i O\ (I B B R b AT 1t
(EP A WS RFERLA 45 4E, B Ar 4 WRS-DIP-1). &
T 2% A4 2% B A S RS-DIPEL AL 5g 4 A 6], 256
TSR TEPoly UM 4L L 5E ik, L0 45 RyITER 2,
FH 20T 51, RS-DIP A (1) 7 24 B M v GE A AL T
RS-DIP-1#8!, HARSIBRAEIE Fimfgi 0.1 dB
KA, XU BENLRFR Al A SRS ST TR
P, NI REE— EFEE LIRS A PRI R, X
F 1554 T TransformerZ5 #4151 N o

RS-DIP i e 458 284 1 1 - 4 28 S i 4 7 5 R
J5£ T8 4 I 2% ({2 & Transformer i), A 1 5 ER
FH T B T I 286 X0 A58 1Y B M 1tk Re A s, kg 548
M2 REEUNet & T M %% (i 44 ARS-DIP-2) 7EPolyU
BUGEE FbAT X LLt, sRit 25 RAVER3F . H
F3FFN: RS-DIP Fa AR Y 1 ~F 13 B e 1 e A T
RS-DIP-2# 41, kR Fix % AEE£)0.3dB. X
Ui BIRS-DIP TR FH 1 & Transformer B H (1] 5 R
T4 X 25 B8 3R 155 5 2 ROEEUNet BE4F () 45 R o
4.3 ZIIEMN

N T A T W Hh 56 I T B HY RS- D TP [ e A 7Y
()RR R, A8 & AN BB A #E Poly U, NIND Al
SIDDAL3AN B s m s B 4 b g il 10 bhsi st . %
HIPSNR/H (Peak Signal to Noise Ratio)EN#&N%f
LA B WLPEAN B AR 1Y), SEIG 45 RAITERATF

* 2 BEALRARIET AR T AER S NELL 52 (dB)

X He AR RS-DIP-1 RS-DIP
1 36.42 36.44
2 36.90 36.84
3 34.93 35.03
4 31.59 31.58
5 37.18 37.31
6 40.14 40.23
7 30.30 30.32
8 34.70 34.70
9 35.49 35.50
10 36.36 36.48
SEE 35.40 35.44

xR 3 EETREIRER IR LRSI (dB)

ot B RS-DIP-2 RS-DIP
1 36.22 36.44
2 36.79 36.84
3 35.07 35.03
4 31.48 31.58
5 36.83 37.31
6 40.21 40.23
7 30.31 30.32
8 34.54 34.70
9 35.43 35.50
10 36.20 36.48
FIME 35.31 35.44

AT Hl: #EPolyU,NINDMSIDD K44 |,
RS-DIP [ i A5 7 {1y [ N 250 SR 7 BT A5 W 7 /K S 1E |
B AT AR P AR R (45 T A O R
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| PSNRIHE 3 HE 4 55 2 R B MR R R 43 51 1 dB,
0.3 dBF10.4 dB.

® 4 B EES EURERIRE LIRS

PSNR{&LLE(dB)
Hm e PolyU NIND SIDD
BM3D 33.90 32.87 38.00
DnCNN 33.28 31.33 32.84
FFDNet 34.25 32.72 37.54
DAGL 33.44 32.10 42.47
Restormer* 33.47 35.20 44.17
SwinIR* 34.45 33.84 37.24
DIP 34.43 33.79 39.42
RS-DIP 35.44 35.46 44.60

RN T AL R IR, FENINDFIPoly Ui £E b4 g
FARestormer FISwinIRAE A TRALHEFIE AL BEAS [F] (1 75 A%, T e
SIDD#HEAE FAUE R estormer N TRALER SIE AR BTk 5 BR
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SUELAGANT, B S A RCR .
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AR — Fh I T30 7 RG] 48 R SR IR
JiF P45 56 56 B A A (R RS-DIPREAY ), % AL AE
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DIPHERRAS |5 i ) P M ROR AT R . H Al
RS-DIP M 4 Z (B BEAL AT 46 10 1 S5 I8 A 15 10X 45 45
AR B2 B IEARTE A e B B i A
W AR A 2 R SRR A0 4 I 28 S H ) T,
fEMeta-Transfer Learning${ K57 % N iERS-DIP
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REKEES 28

EREES FY

LEEET FY

(b) M7= EHG

(c) DuCNN, PSNR=35.24 dB

REEES 77

LEEEX 3

AR

(d) FFDNet, PSNR=39.53 dB

LY

(e) DAGL, PSNR=36.32 dB

(f) SwinIR, PSNR=39.73 dB

EEEES T'F

HA AR

EEEES 7T

(g) Restormer, PSNR=37.47 dB

(h) DIP, PSNR=39.26 dB

(i) A3, PSNR=40.23 dB

Bl 3 &0 b 5V 1EPoly U BMR - 1y B g sk o b



FE11

TRATE5 T RIS P 2 ()1 2R PO R P2 PR R S e g g A 72

4235

R B2 i RS RN REN TR B0, T
RIS

1]

2]

B8l

(4]

[5]

(6]

[7]

(8]

(9]

(10]

2 % X u

JIN Xin, ZHANG Li, SHAN Chaowei, et al. Dual prior
learning for blind and blended image restoration|J]. IEEE
Transactions on Image Processing, 2022, 31: 1042-1056.
doi: 10.1109/TIP.2021.3135482.

EB5E, B b, 2K, 5 SETURE IR I E BRI EA ).
ML 224, 2023, 51(4): 1050-1067. doi: 10.12263/DZXB.
20211483.

BAI Yongqgiang, YU Jing, LI Yinong et al. Deep prior-based
blind image deblurring[J]. Acta Electronica Sinica, 2023,
51(4): 1050-1067. doi: 10.12263/DZXB.20211483.

DABOV K, FOI A, KATKOVNIK V, et al. Image
denoising by sparse 3-D transform-domain collaborative
filtering[J]. IEEE Transactions on Image Processing, 2007,
16(8): 2080-2095. doi: 10.1109/TIP.2007.901238.

GOYAL B, DOGRA A, AGRAWAL S, et al. Image
denoising review: From classical to state-of-the-art
approaches[J]. Information Fusion, 2020, 55: 220-244. doi:
10.1016/j.inffus.2019.09.003.

AR, R T St B[R] B R R 1 AN 2 e BT
Fi[J]. Mok E ¥R, 2022, 29(1): 47-50. doi: 10.3969/j.issn.
1671-637X.2022.01.010.

ZHOU Jianxin and ZHOU Fengqi. Wavelet denoising
analysis based on cooperative quantum-behaved particle
swarm optimization[J]. Electronics Optics & Control, 2022,
29(1): 47-50. doi: 10.3969/j.issn.1671-637X.2022.01.010.
L RETURK, FREE. IR ERCT BIG B R B G e i H
TR INid S D). 515 B, 2023, 45(6): 2188-2196.
doi: 10.11999/JEIT220551.

ZENG Li, XIONG Xilin, and CHEN Wei. Deep image prior
acceleration method for target offset in low-dose CT images
denoising[J]. Journal of Electronics & Information
Technology, 2023, 45(6): 2188-2196. doi: 10.11999/
JEIT220551.

ZHANG Kai, ZUO Wangmeng, CHEN Yunjin, et al.
Beyond a Gaussian denoiser: Residual learning of deep CNN
for image denoising[J].
Processing, 2017, 26(7): 3142-3155. doi: 10.1109/TIP.2017.
2662206.

ZHANG Kai, ZUO Wangmeng, and ZHANG Lei. FFDNet:

Toward a fast and flexible solution for CNN-based image

IEEE Transactions on Image

denoising[J]. IEEE Transactions on Image Processing, 2018,
27(9): 4608-4622. doi: 10.1109/TIP.2018.2839891.

GUO Shi, YAN Zifei, ZHANG Kai, et al. Toward
convolutional blind denoising of real photographs[C]. 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, Long Beach, USA, 2019: 1712-1722. doi:
10.1109/CVPR.2019.00181.

ANWAR S and BARNES N. Real image denoising with
2019 IEEE/CVF International

Conference on Computer Vision, Seoul, Korea (South),

feature attention[C].

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

AV

2019: 3155-3164. doi: 10.1109/ICCV.2019.00325.
LEHTINEN J, MUNKBERG J, HASSELGREN 1, et al.
Noise2Noise: Learning image restoration without clean
data[C]. Proceedings of the 35th International Conference
on Machine Learning, Stockholm, Sweden, 2018: 2965-2974.
KRULL A, BUCHHOLZ T O, and JUG F. Noise2void-
learning denoising from single noisy images[C]. 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, Long Beach, USA, 2019: 2124-2132. doi:
10.1109/CVPR.2019.00223.

HUANG Tao, JIA Xu,
Neighbor2Neighbor: Self-supervised denoising from single
noisy images[C]. 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, Nashville, USA, 2021:
14776-14785. doi: 10.1109/CVPR46437.2021.01454.
LEMPITSKY V, VEDALDI A, and ULYANOV D. Deep
image prior[C]. 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, Salt Lake City, USA, 2018:
9446-9454. doi: 10.1109/CVPR.2018.00984.

HENDRYCKS D and GIMPEL K. Gaussian error linear
units (GELUs)[EB/OL)]. https://arxiv.org/abs/1606.08415,
2023.

XU Jun, LI Hui, LIANG Zhetong, et al. Real-world noisy
image denoising: A new benchmark[EB/OL]. https://
arxiv.org/abs/1804.02603, 2018.

YANG Yu, XU Haifeng, QI Bin, et al. Stroke screening data
modeling based on openEHR and NINDS Stroke CDE|C].
2020 IEEE International Conference on Biolnformatics and
BioMedicine (BIBM), Seoul, Korea (South), 2020:
2147-2152. doi: 10.1109/BIBM49941.2020.9313127.
ABDELHAMED A, LIN S, and BROWN M S. A high-
quality denoising dataset for smartphone cameras[C]. 2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, Salt Lake City, USA, 2018: 1692-1700. doi:
10.1109/CVPR.2018.00182.

TRIEZ, ¥, 2R, S5 2T WOBUBRHIE 3R & IR IR EE 4R
R[], YEH TR, 2023, 50(12): 230225. doi: 10.12086/0ce.
2023.230225.

XU Shengjun, YANG Hua, LI Minghali, et al. Low-light

image enhancement based on dual-frequency domain feature

LI Songjiang, et al.

aggregation[J]. Opto-Electronic Engineering, 2023, 50(12):
230225. doi: 10.12086/0ee.2023.230225.

SOH J W, CHO S, and CHO N I. Meta-transfer learning for
zero-shot super-resolution[C]. 2020 IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Seattle, USA,
2020: 3513-3522. doi: 10.1109/CVPR42600.2020.00357.

5, ML, #ar, WA, BT o ey EG A
L BLESALIE . AU AR,

REMliE: 3, Wi, WRICT RN R AR HLER LT
FE T B, Wi, BT O R AR HLES L.

TG T


https://doi.org/10.1109/TIP.2021.3135482
https://doi.org/10.12263/DZXB.20211483
https://doi.org/10.12263/DZXB.20211483
https://doi.org/10.12263/DZXB.20211483
https://doi.org/10.1109/TIP.2007.901238
https://doi.org/10.1016/j.inffus.2019.09.003
https://doi.org/10.3969/j.issn.1671-637X.2022.01.010
https://doi.org/10.3969/j.issn.1671-637X.2022.01.010
https://doi.org/10.3969/j.issn.1671-637X.2022.01.010
https://doi.org/10.3969/j.issn.1671-637X.2022.01.010
https://doi.org/10.3969/j.issn.1671-637X.2022.01.010
https://doi.org/10.3969/j.issn.1671-637X.2022.01.010
https://doi.org/10.3969/j.issn.1671-637X.2022.01.010
https://doi.org/10.11999/JEIT220551
https://doi.org/10.11999/JEIT220551
https://doi.org/10.11999/JEIT220551
https://doi.org/10.1109/TIP.2017.2662206
https://doi.org/10.1109/TIP.2017.2662206
https://doi.org/10.1109/TIP.2018.2839891
https://doi.org/10.1109/CVPR.2019.00181
https://doi.org/10.1109/ICCV.2019.00325
https://doi.org/10.1109/CVPR.2019.00223
https://doi.org/10.1109/CVPR46437.2021.01454
https://doi.org/10.1109/CVPR46437.2021.01454
https://doi.org/10.1109/CVPR46437.2021.01454
https://doi.org/10.1109/CVPR.2018.00984
https://doi.org/10.1109/BIBM49941.2020.9313127
https://doi.org/10.1109/CVPR.2018.00182
https://doi.org/10.12086/oee.2023.230225
https://doi.org/10.12086/oee.2023.230225
https://doi.org/10.12086/oee.2023.230225
https://doi.org/10.1109/CVPR42600.2020.00357

	1 引言
	2 相关工作
	3 RS-DIP降噪模型
	3.1 改进策略
	3.2 骨干网络
	3.3 网络输入
	3.4 损失函数

	4 实验结果与分析
	4.1 测试环境配置
	4.2 消融实验
	4.3 客观评价
	4.4 主观评价

	5 总结
	参考文献

