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Abstract: Compared with the supervised deep learning-based denoising models adopting fixed network parameter
values, the unsupervised deep image prior (DIP) is more flexible and practical than those supervised denoising models.
However, the overall performance of the unsupervised DIP model is far lower than those supervised ones, especially when it
is easy to obtain training data such as synthetic noisy images. To improve the performance of the DIP model, in this paper
we propose a denoising model called dual-channel deep image prior (DCDIP). The DCDIP model consists of three mod-
ules: preprocessing, online training, and image fusion. First, two classical denoising methods, i. e. , BM3D and FFDNet, are
used to preprocess a given noisy image to obtain two corresponding initial denoised images. Then, the original DIP model
with single channel approximation target image architecture is expanded to a dual-channel working manner. In the first
channel, the initial denoised image obtained with FFDNet and the noisy image are taken as the dual-target images. Similar-
ly, in the second channel, the initial denoised image obtained with BM3D and the noisy image are taken as the dual-target
images. On this basis, according to the original DIP online training manner, the output image of the DCDIP is iteratively
trained to approach the respective target images in the two channels, and the iterative process is terminated in time with the
proposed pseudo reference image quality evaluation index based on the edge energy. As such, we can obtain two intermedi-

ate generated images with high quality. Finally, the two intermediate generated images are fused as the final denoised im-
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age by using the structural patch decomposition (SPD) fusion algorithm. The experimental results show that the proposed

DCDIP significantly outperforms the original DIP model and unsupervised ones by about 2.2 dB across different noise lev-

els. In addition, it even approaches and surpasses the recently proposed supervised denoising models, demonstrating the ef-

fectiveness of our improvement strategy. On the real-world noisy image, the proposed DCDIP outperforms the second-

ranked competing denoising method by about 2 dB, which verifies its unique advantages in the practical application scenari-

os. The performance improvement is mainly due to the hybrid use of internal and external image prior-based denoising

methods under the dual-channel DIP framework.

Key words: deep image prior; dual-channel approximation strategy; initial denoised image; automatic iteration termi-

nation; image quality assessment; image fusion
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T BIE Q" 2 A RS AE Sk AC Lk FI WA | E
i 1B B Lena W75 E% (52 0= 25 M7 T3 ) — IR SE K K
R MR 3 A (4R 8 000 1R ) , i it A — 2 AR 1) i 1 TR
0 O 8 CGZABTE Bl R 0~1) , [R] i oK i 1 1% 5 8
g B G 1 15 {E {5 M b (Peak Signal to Noise Ratio,
PSNR) 23t I3 —fb 5 S B A — Kk & b, Hoph £R n e 2
FioR .

I 2(a) AT FE—Nl T L, O (A B K AH B
NI R IEAR AL BN 4 560 5, BT 4T A4 PSNR 8
33.51 dB, i S hr At Ol 4 562 4, i H B G et
PSNR {H 2% 33.51 dB, Wi & 7F PSNR i I JG 2251 5 4n
F2(b) Fis 78 3 Ah—~d38 L, Q* (Bt KA F s
1E B 3R AR 25 KA 5 450 A, B XF R A9 PSNR {E 4
33.36 dB, Ifif 5Z b b e 25 B0 4 562 25, % KR 1
PSNR {8 2} 33.46 dB, Wi 7E PSNR {8 422 0.1 dB. H
BEAT UL, 1 QP (B BN A AB AR Ay a8 AR 28 1k 45 3k
P50 EG T R B AR | BEARAIE 5 52 PR RE AR A5 ) di o e

(10)

o] —o S
=+« PSNR / \ ------------
0.8 1 PSNR=33.51 PSNR=33.51
H¥i=4 560 HH=4562
0.6
0.4
0.2
00d °
0 1000 2000 3000 4000 5000 6000 7000 8000
AR H
(a) Q" MhERIEl
1.0{ — ¢ e
s+ PSNR / \ ...............
0.8
PSNR=33.46 PSNR=33.36
=4 562 HH=5 450
0.6
0.4
0.2
0.0
0 1000 2000 3000 4000 5000 6000 7000 8000
ERAEEL
(b) Q* £ IA

K2 O fE ML 5 IH—4k PSNR LR i %) B G &

FUBARZE AR . s B W A, — ORI, 78 XUE 3 T
BN, 0 Q7 [R] 25 A BIR R A B4 Al BETE AN K, B 4
(4 DCDIP J5 it BAE 2 N ilE FARGEAF S 2 b )5
BABNNGL A S EAR XL

4 REERSDH
4.1 MEXEE

97 BUE A Y DCDIP R 18 T 1 8] 15 S 6 e I
AR (10 B MR 1 B o HL 5 35 1 AN BTG I 565 288 1y o e
}5 7 (434% DnCNNY?, FFDNet'®', IRCNN"**', DRUNet""’
DAGL™ R SWinIR"*F1 Restomer' ") F1 5L T N &8 €44 56
B2 B R 7 1 (£2.45 BM3D'™ N2V A DIP ') 4k 10
Tl R M vk AT H A . G 4 A M BB Sk
17 R Set5''?), Set12'7', BSD68'% | Kodak24'" 3% 4 4~
FEE BRI . XA i S RS S N TN
g e (W s 7K SPE R BUR SCRR R 32 R R 15,25 F1
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50 3 349 5)) B A b JE Ok ELEMG R D 3RS
B M TS G . X SR AR N ) B
Nam J 507 R A 20 v (s MR EA T
4.2 HRERIRIE

TS, T U R R H AR GO DIP AR 7Y R g
PERERSZ A, LT T 4 FP L E A4 T AT LS50,
B A Set12. W 1w, SC5 1 A9 L LS
DIP [ M A5 Y | R[S [ 4% B br R 5256 2 L
FFDNet il 2b 3 K150 H AR IS ; 525 3 [ B L FFDNet
oA P P45 AN 45 oA X A Pl 5 S8 4 0 T 4% B
AL E AT , o — 38 38 DL FFDNet il &b 3 A%
FE 7S G BAREIS , 55 —A3838 LA BM3D i Ab #i &
AN 75 G R B E FRIEE i BC & R T 2 /) DCDIP
A

*1 BRERAAHR

S G I 1 i i 2 [EE7NEEE S as
e 1 Noisy — I 75 P14
S 2 FFDNet — Ak B E R
S:853 | FFDNet+Noisy — oAk H5 U PR
S:8:4 | FFDNet+Noisy | BM3D+Noisy XGE IE

HH 2% 2 T, HE H AR EG H M S S8R 8 B FFD-
Net T4k 38 &5 (BN 5255 2) , DIP MR RERS 2] 1 Al
Tt X FRUIPE T B bR BGRB8 5T 50 B8 w5 B M Ak
A FI AR IR T AR A A B2 MR S P15 %) T i 1 VA R
TiAL B EMGAS B ) it R A, S5 — 3N A T
FFDNet T4 K% i PSNR ). J& [H 2 , 7 A FFDNet
AL B G A B bR R, 4% 0 i e &4 5 Bk
EHGIL-T-HHTR], JC k4 oy e M PR 5T i . A T 50560 1
55586 2 (1) 5 H bR R SE50 3 REUNL H bré > 1)
79 AE PSNR B iy R B W dr—2 | HE 241
BT FFDNet T4 2 {4 1) PSNR B (0 HOZ IR 5
KVAE SRR T ). X For Ui, e s B AL T — e
FI e M A5 I, P R B A GO ) 1 42 v e MR sk
L TESEES 4 K D 4 1) i pR B T Sk BGE A
FE 2 A3 T8 H R 2 3 R[] 5 FA BRSO3 o W
O T RAESLEEAR A ShZ k, DLk 3016, fe)m il
FHRLE S ok ) BRI TR G . SXORAUT LALE N 2%
2 B Z 005 B, 1 B 0% A 1040 BEEE b B R
SR T LA R 25 4 R % PSNR (B e, HLWA B T
¢ J5 — %1 FFDNet i Zb # E 4% 9 PSNR {H . 3 2 7]
DL, A OB H A5 EAS 2F 2T D e Ui T8 38 3 T 7k
J& , DCDIP Fr 25 45 Y [ 8 I 145 () PSNR L AH e 2 H
Freg > CHOEIE AR DIP T A T WA, KRR
F+7 2 dB.

HWR R T B0 2 R B AU S8 o X R M 1
RE Y52 , 7E BSD68 4l 4R |- 43 il fift FHAS il 22 461 2k o

R2 FESet2HBE L ARIRIEFTKBHIPSNRISE  #17:dB

o SER 1 | SEER2 | SEER3 | SLi4 FFDNet
15 3135 | 3207 | 33.07 | 33.55 32.77
25 2892 | 2954 | 3041 31.04 30.46
50 2556 | 2672 | 27.41 27.58 27.35
S 28.61 29.44 | 3030 | 30.72 30.19

B P A A (B oo = 1) 5 P84 2k pR B I P 3
Sy UEE (RP o {H PT AR ) R b 5 W 7 W 75 2K SFEAH R 15,25
50 F PEAT 200, 45 54036 3 BT, IOHLECHE 26 m el
SEI . R 3 AIAL, AE 3 AR KOS R R P AE o {H
&5 BL T 1 PSNR MEREAH L IE 28 o 185051 5 1 29 0.36 dB.
JER DR T« it 25 M e 7 o ) 4 o, T 7 PR v BT 2
E ARG TP R R B S o N %
WA, B0 0. PRI, FE 48 2 R0 2R FH AT 7% o
T R PR b 1) M 7 R o AR B e s M L TR s
FIE B3 7 XoF Do 265 Ky H PRI A 52

#3 MTREATBMREDSWERKGSH PSNRIE 107 .dB

W K
ofd
15 25 50 YA
[ 5 {8 32.71 30.04 26.54 29.76
A ARE 32.93 30.28 27.14 30.12

TRV, A T 43 A WU T8 3 ST A SPD filA A B B
SF DCDIP [ W M BE f 5% 01, £E Set12, BSD68 il Nam %¢
PaAE EUEAT TR, 25 SR A0 3R 4 R, InHLECE F R i
PLgs A . Horr SPD 47 (£ 2 7E 3515 BM3D Fl FFDNet
oA B PS5, B A SPD B ks e A TRl T 45 3
BOZ5 S . % 4 AT A, ZE MR AKOP A H BN, LA
FH SPD fill £ 530 s 7 Ak B P45 (b s RIS G i b3 AT )
Al REARAT AL Uy I 25 5 5 T 6 M s 7RO 48 s B, T 4R
75 B4 oAk B AR 1 I AN A st P KOG 3 T
SR I XoF T A B PR R R A7 A 4, R A Hp ) A il R I
fifi FH SPD il A (RDAS SCHR WS ), ARA5 A0 [ R i i 2 75 31
A . T L (1), A A B S S YR
T 70 A L AR My 3 S G T 6 S MG A T AR B Y
R T b 3 5 4220 ) SPD B 1 il 4 T 75 1 TR14%
e O AIG , THT A SR e D) il B Ay S e i R I i 2% g o N
LE

B Ja, R T O i A AR s A A sh &k
FEBR T PHA T S [] A 52 0], AR SCKE 512%512 Lena 5 (1
FEIKOFAA R 25) 2 PP E 2 AF T M EA T R 647 T e
AR IR S R . Bk, Sk 0 ARG 3 000 4
i, AR 10 25 7E 45 lE F il T — Ik QP F bRt . %
5 BB AT IR AR KB R A R L AR T R A ik
AR E I G 30 A B, 55 A5 5000 D) g e 10 T T Y
AT [ (15 5 BL I 0 5000 S R S 15 O AR &k 4R
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b, B DIP P 26 4li 3% A% 04 $h A7 i 1] ). A5 5 oAl A
Bl

(1) 28 — A7 B0 55 b N 466 5 HL 17 A% B s 24 B AR
N, FEUH TR A AR 3R AR O T B A AR R D
JUF AT DL 2200 . 3 2 A IZ B AR LR F8 AR T B
JINE AR e, A A AR A B SCEE S B R S i AT

(2) 7 SCHE H Y DCDIP S AT ] ( 24 398 ) Ak
R YR BASER TE PR T E] (29 707 ) BY 56%. FFLL DCDIP
RUFA ] S TE DIPATRIPIFHRIAR S , JF30E BaE ek

Aristra] . 32 R Sk DCDIP AU I 45 4 H i eI — 2
FH PP T 2R BGE IS , 1158 MSE 4532 sR BT R I A4 11
SRR R T IO £ S B R I T B LU AR/

(3)DCDIP ¥ 5 Loss PRAUR A AE 5 450 25 2% 1k (L
W3 T fe KAE ). Hor, FFDNet+ M 75 (5] {4 5038 18 76
4560 25 2 1, 1 BM3D+ M 75 [£] {4 L 38 7E 5 450 20 2
1F . FHEULRA ) X 5L DCDIP TR I BIIRA Loss FR%L
(6), 5 (3) M (5) i Y B E Loss
BOE B M 25 280l O kB Ee LA FIr s AR A 40 70>
VEASTH] .

R4 RAEERARES AR ERERIERE FRSTE 7 dB
K g Set12 BSD68 Nam
gt 755 7K - 15 25 50 15 25 50 B RE
BM3D 32.36 29.96 26.70 31.38 28.82 25.81 40.52
FFDNet 32.77 30.46 27.35 31.91 29.44 26.47 40.87
SPD 33.90 31.39 27.80 33.01 29.99 26.52 40.78
DCDIP 33.76 31.36 28.01 32.93 30.28 27.14 41.97
£5 Lena B EREERE THATA E L
WS FFDNet+ 75 [4] {4 LI iH BM3D-+M 5 [ {5 B3 1 S DCDIP

AU 4480 5200 9 680 Max(4560,5450)
AT AL/ 327.079(320.378) 380.291(367.797) 707.370(688.174) 397.900(385.938)

4.3 EHIREEGEE
4.3.1 EMIERILE

5, 2 BIAE Set12, BSD68 Hl Kodak24 %8 4 vh g
2R FLEUG 43 5Lt I e 75 7K SP-{EA 15, 25 F150 1 =5
MR A4S M 7 K AT 45 A W Oy 1k T AR A5 A [ M
Ji FE% Y PSNR 448, 25 N3 6 Frw , e AL (B k2
. N6 AT LLE Y 7E T A B0dE 4 1, DCDIP 78 454
M 75 KOS T PSNRAEAE T BT B9 b7 ik . Bk
Ui, DCDIP 7E 5 W 75 7K SP-{E T 1 B W 0 R 2 1 e or
K FH A0 740 B 592 (BM3D 5 FFDNet) , 3 H. & &1 T
PN PS5 S B0 2 114 T Wi 2 ) [ W 5 1 (N2V A DIP).
5 i 32 Y Restormer 7 W78 R Mg 740 1, DCDIP
WEAERAPERE . T EZ VA, 3R 6 i Y S I8 A
FETENT A AR S T 58 AT , Restormer A3 Wi 7B [
MR A TR [R] A At I 2R 0 T o 0 L . 7 L S e ]
& 1, DCDIP J5 i PERE NI BE b s 2

HVR X SetS B £ AR € RG4S0t fin T
FEIKEAE A 15,25 F150 Y i e 7, 25 SR 3 7 i
DCDIP 76 45/~ M /KB R B 3840 T s IR 5k
IS 25 () N2V Fl DIP JG W B 2 2] B M )7 7 (2.4~2.8 dB) ,
T DRUNet, 5 SwinIR :5°F , f 59 T Restormer A Wi
R0 (0.05 dB). 4R DCDIP A5 7 B RY 55 T U5 #2

Hi ) Restormer A Wi B i 8 | {H & 14 52 8 &40 F BM3D
H1 FFDNet i 40 B )5 15 (0.7 ~ 1.1 dB) , 3X 15 B FT 48 1%
DCDIP 848 it 2 300
4.3.2 EMLLB

ST B kb 43 BT DCDIP [ AR 7R (14 10 58 35 2R, )
FHAS AR M 7 3k X5 Jti i 1 v 3 8 75 7K SPAEL A 50 9 Man
MG AT e sl e A R M 5 1 R BT o7 114 Jey 8 (Al 1
Qb ) T2 DX s B R S SR T L 3 TR . AR 3 CK Y
B a] LLE 6 T BA K A2 N2 4l XL, DnCNN,
FFDNet, DRUNet 55 J& 4R (14 S 56 A4 A7 0B o Mg A
UM 30 A7 7F 3 B OB RS O, T R A AR Y
BM3D B3 b B AR B ALY, 1 56 9 &8 R B 50 1
N2V, DIP #1 DCDIP WA H LB R A PL 8. AHXTH 5
DCDIP 19 &2 I RO e B2 3 T 2k FL R, R e A
FAIsE Rl o 55 AT AR FR BE 7 . 3 3 7 I R B 3 L e Tl
DL EE, DCDIP J7 3 % G 4015 B PR RE AR 3, 455
DIP J7 1 B A3 3R M B B 52 7, LR M4 e il 2 00 1 3
b R MR i, F R B R S TR R Y A
BN 1
4.4 HZIEHEEGMEER

T B iE DCDIP 972 AL B8 1 RS FEE , 7 Nam EL5C
Mg PR AR SR TR . i T Nam SRR (IR SR &, L
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*x6 WEBRGEEFENAIARSIESMERITEXTE 7. dB
Setl12 BSDGS Kodak24
ik
15 25 50 Avg 15 25 50 Avg 15 25 50 Avg
BM3D 3236 | 2996 | 2670 | 2967 | 3138 | 2882 | 2581 | 2867 | 3191 | 2942 | 2636 | 29.23
DnCNN 3267 | 3035 | 2718 | 3007 | 31.88 | 2939 | 2640 | 2922 | 3243 | 3000 | 27.00 | 29.81
FFDNet 3277 | 3046 | 2735 | 30.19 | 3191 | 2944 | 2647 | 2927 | 3246 | 3006 | 27.10 | 29.87
IRCNN 3276 | 3037 | 27.12 | 3008 | 3190 | 2938 | 2636 | 2921 | 3244 | 2997 | 2694 | 29.78
DRUNet 3325 | 3094 | 2790 | 3070 | 3215 | 29.68 | 2676 | 2953 | 32.83 | 3043 | 2749 | 3025
DAGL 33.19 | 3086 | 2775 | 3060 | 32.10 | 29.64 | 2668 | 2947 | 32.80 | 3038 | 27.36 | 30.I8
SwinIR 3336 | 3101 | 2791 | 3076 | 3220 | 2971 | 2676 | 2956 | 3292 | 3049 | 27.50 | 30.30
Restormer | 33.35 | 31.04 | 2801 | 3080 | 32.18 | 2072 | 2679 | 2956 | 3291 | 3051 | 2757 | 3033
N2V 30.83 | 2926 | 2646 | 2885 | 29.60 | 28.07 | 2569 | 27.78 | 3036 | 28.80 | 2623 | 28.46
DIP 3135 | 2892 | 2556 | 2861 | 3037 | 27.85 | 2459 | 27.60 | 30.86 | 2849 | 2536 | 2824
DCDIP 3376 | 3136 | 2801 | 31.04 | 3293 | 3028 | 27.14 | 3002 | 3298 | 3063 | 27.65 | 3042
*7 HEEKRLEFENAIEESHRENMEEREZSRIT 7. dB
o BM3D DnCNN FFDNet DRUNet SwinIR Restormer N2V DIP DCDIP
15 34.03 34.29 3431 34.89 35.06 35.02 31.90 32.84 34.99
25 31.62 32.12 32.12 3271 32.81 32.87 30.73 30.24 32.87
50 28.66 29.25 29.27 29.84 29.89 30.03 27.45 25.84 29.92
A 31.44 31.89 31.90 32.48 3259 32.64 30.03 29.64 32.59

(¢) DAGL 27.39 dB

(h) SwinIR 27.45 dB

(i) Restormer27.51dB

(e) FFDNet 27.25 dB

(j) N2V 26.84 dB

3 ZSIEMRTT VA X Man B A PR G ORI X LE

% F§ BM3D™ s FFDNet® , VDNet (Variational Denoising
Network)'?”' Restormer' "/ F1 DIP' 25 {4, €144 &b 37 12 1
FFXFEE . /1T Nam BUSPERAE R S BCR BEH LA Nam $¢
PRAEFUR YT R I/NA 512 x 512 (I EHEHAE Rl

(k) DIP 26.07 dB

(f) DRUNet 27.46 dB

(/) DCDIP 28.12 dB

KENR . B4R T 455 520 Nam B4 4E 17 %5 513
| RN EE L AR X . R 4 RT LA Y, DCDIP %)
PR 8 2 2 21 0 DX 7 ) 0 B R A At
S LA (LA 7 AT SR 5% B8 A s M s AR A B Ab ).
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(e) VDNet 37.69 dB

(f) Restormer 38.98 dB

P4 230 H 5 ik xh B

5 SWiE

A SCHE T —Fh g K A DCDIP Y XGE 18 TR E1%
Sein MR | 2 TARA - (DR AR R i
) A B ETARAE SR 1) H B RO C & T e R
WA H bR G, B RETER DIP (R MERE ; (2) FIH Q°
(B WP AR SR 72, 50 A7 DCDIP AR Y 7 36 3 X H b 5]
Gt AR b B BB AR HA B RGBT 1 v ) AR AR
(3)RJHRGHEIE TAE =08 DCDIP W2 4 Hi EHE 551 i
FEAR R RLE AR ER , P2t SPD R Rl A B AR AGE
B AR R LA B EUS R G PR R T T R
e . FEA KM T AR, 7T | MAML (Model Agnostic
Meta-Learning ) ** J-45 & 9 2% 2 50U 46 H AR oE— A0 555
DCDIP RS (I PUATRCE .
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