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Expanded residual attention similarity denoising network based on texture prior

Zhou Xianchun' ~Shi Zhenting® Wang Ziwei’ Li Ting’ Zhang Ying’
(1. School of Artificial Intelligence, Nanjing University of Information Science and Technology, Nanjing 210044, China;
2. School of Electronic and Information Engineering, Nanjing University of Information
Science and Technology, Nanjing 210044, China)

Abstract: Currently, most image denoising models based on convolutional neural networks cannot fully utilize the redundancy of image
data, which limits the expressive power of the models. Moreover, edge information is often used as a priori knowledge for effective
denoising, while texture information is usually ignored. To address these issues, a new image denoising network is proposed, which
firstly uses the attentional similarity module to extract global similarity features of the image, and smooths and suppresses the noise in the
attentional similarity module through average pooling to further improve the network performance; secondly, the dilated residual module
is used to extract both local and global features of the image; finally, a global residual learning is utilized to enhance the denoising
performance from shallow to deep layers. In addition, a texture extraction network is designed to extract local binary patterns from noisy
images to obtain texture information, which can be utilized as a priori knowledge to preserve the details in the evolved images during the
denoising process. The experimental results show that compared with some advanced denoising networks, the newly proposed denoising
network has a great improvement in image vision, higher efficiency and peak signal-to-noise ratio by about 2 dB, and structural similarity
by about 3%, which is more conducive to practical applications.

Keywords :image denoising; convolutional neural network ; texture information; attention similarity module; dilated residual module

Wehs H #1.2023-10-17 Received Date ; 2023-10-17
* SEATH L ERK A RRHAIE 4 (11202106,61302188) 1 H % Bl



- 76 - LSRR R e o

38 &

0 35l

il

1 TG T 0t S PR R R 1 52, R R B2
FMERE S Sy T MR h R AT IRIR el e MR LR 1Y (R
4R, IR AT REHL R A R G 25 H Fn s s 1, 2%
MR KR AL A — B A AT 55, — Mk U, IR 22 ey
AT LAY PSS e TR () 5 My i R T2 20 1 25
W, AR Y My A A G A R IR AR Y AR R
SRR MBI T A SR A TR
B EUR AL & LSRR A S AR RIRE T . B = S H T e 3k
I (block matching and 3D filtering, BM3D ) k"7 i B
D FC N = ZE DB R 0 LR RO A i v . R
X AL 7 M )5 VR A 25 W Dy THT JUAS: 1 AR I 1) BB, (HL 2
TEAL A 2 M 7 RN B 5 A0 19 0 T AT REAFZE PRI

IRk B TR EE 2 2] 1T 1% U HJR 4 TR 22 ) 2%
( convolutional neural network, CNN) , B & i N Hip &%
M HAR A RT3 5 27 > A W 7 R T R 2 TR 1Y
WL S5 R EIOR 4R 3 TR ER S  Zhang %5 Wi HER £
MERZE, 5k 25 2% 2] Fdit & 13 — 1k ( batch normalization,
BN) #1725 M 5 B 22 ) 4% ( denoising convolutional
neural network, DnCNN) | DA &1 Y1l 2R %506 N 2 e P BE
SRTMT, DnCNN 525U X 4 7 W 7 K - I 25 22 A0 RY | x
MR ANEIAR A X — [, AR T
T — PP R JE 0 2 B 4 (fast flexible denoising
network , FFDNet) , K 75 M [5IR FA] I 24 iy Mt 75 7K (K14
R BB AT DAL BN [R] A K- SRy T A 41
FFAE 200 F & FRAE SR AR w5 A M B8 | Zhang 451 42 1)
T T B 4 P 3 00 TR 3 5% 2 %5 4R I 45 ( residual
dense network, RDN) . i it G M 5% 22 B AR HUP Ui 22 1Y
CAZALHT AN, R T BRI AR, Tian 262 2 T
b H# b 22 MR W 2% (batch renormalization denoising
metwork , BRDNet ) , 12 ¥ £ {47 FH-H: 5 o646 o oA ik 1 245
YR U8, ek, P 7K % B (dilated convolution,
DConv ) 15 % 38 45 B 7T DLy D B AR (1 S 4, i
Yan ' %3 T — R A SN T E 51 S CNN ( attention-
guided dilated network, ADNet) , 1% M 4% 38 3 9™ ik & AU
e 5E A B AR B Ok 4 3 R MR PERE . Latifi %51 42
T — R T CNN A9 MRS S S 29 5Kk G R
FIRE G BUZ K BRI . Wa 85V T —Fh R
BH U FE M 4% (flexible and effective Ushaped network,
FEUNet) , i & MG R R BRI . SR, X
Fh My HOEE N T KRERERZ, 5 s 4075
PG, X 9 S A A 2 ) R R JRIAR AL BN JE . Thakur
SR T AGSDNet, T IR LS T AL RIRS R X
W, AHTEGAFEIS 14 26 W ASOR 14 R I A5 LA B A

BOR i B R i B AR AR g SCHF, 5 300 2% i SICE B —
M, AE RS A R 5 T, Zhang 251 B H — R AR B 4
FAR 2 M 28 ( deformed convolutional neura network, DCN)
FHEE TG0 CNN 46 7E& P ARG 2 )5 T PERE Y
AW RIET, B, CNN FHAE EER LT 55 R B
@i KyE, HIEET CNN R A TRt — 2
P PERE . BEXIX )RR T R R
FETTHRAT .

1) 2 7 7E Wi A8 v T At O B RIS A A R,
2 83 R ER — i #5520 (local binary pattern, LBP) Z3(#f
FRIERI 2 TiHE HEA — @ W E e, fe i 7 —Fh s
F CNN 1% LBP ZrFRHEHR M 4% ( texture extraction network ,
TENet) . Jf 38 &3 1 fll 52 56 50 5 1 20 # 48 HU M) 2% 1) A
Rk,

2) 2 T AE Rk AR b 3 43 A R B s i TU AR
TEATHE 1 25 0 X 26 o A 3 AR BLPE AR B (attention
similarity module, ASM) , ASM JZifi i ¥ 5k & FUR 7 43
SRTE UG 42 SR AR AUPE AR B, 1 JH P 34 1t A ke F- 38 A
il ASM H MRS | DL — 2D R PR RE . IR A T
ALSEEGIUE T ASM (A R

3) R 1 kDR R 2% R B R TR D A 2 MR )
Ze i A il S B RS BRSSP ik ik 25 Bk
(CDC-RM) , SEERZIREW] | 5 H A AR 22 BEHUR HE , A SC
$EH ) CDC-RM A K T 00 2% 1 2% 32 BT, A o0 28 T 4
b SCTE BRI S P8 AN 4 ey R AE , T EL AR R T 9 sk s BT
A P18 O 8 2080 I RIS 32 B2 A5 Ok R S B L % ik — 2D 4
i 1 J R RE

1 #xIE

1.1 ZRE%FERE

FUR I 2 RO AS % CNN [ Gk 20 R %,
FE CNN H SEH ] 3x3 % 5%5 A 7xT7 B A
[) RUBE HYARFAE AN ) RUBE A8 4 2t m] e 3 el FH T SRk
s AL R Ok AR AR, H 2 Bk — SE R AN T, Ak,
SGN"™IFF & T —Fh [ 0L 1 51 22840 R 4R B )
JEAR B P R shuffle #RAERA:LEZ RER A, N
T HE PR R P PERE AR SCHIE S (] shuffle 45 7E K
PRI RS A
1.2 EEANEREEUE

PR FEETUAR B, B R A0y BA 2 R A Bl
FER L AT LI A EUR AT 245 TR 2R 6, B
I RS PR EE | S0 T AR IR B S BRI AR A
FHo ROHE B2 A5 42 7 B4 B R Y 4 AR i R
(convolutional block attention module, CBAM ) , iZ# £t i@



55 1

BT LI A TR AR 25 TE I AR (I 25 0 R 2% <77 -

Tk R A T4t A 3 S0 7 0 N 2 () A T B [
BIARRIE, 2R &, A SCH ) T B AL B A
FE A 2 B, 38 GE 4 ORI 2SR 4 R, A, S
BM3D e AL T R A R AR . (HAR D G ]
BRI, 2R K, AR SO T L ok 5
MR 12 AR
1.3 FKER

TE CNN 5 5 i 1] 3 Fb = 2207 o 9™ KR Z B
WAL ERE B0 ™ 46 R B2 A sk B A WAk AR AT BE
SR HME B LK, I HX T BRI E AT 55 2 A AT,
O 264 V% J3E 110 338 a0 AN AT 3 4 b S50 245 1) 2 A8 A5 B TR
M, PRI, I SRS FUR Y R I iRk £, SR, 37
sk AU A A O S T TR I A AL, Wang
SECUAR T — FhR 4 5Kk & B (hybrid  dilated
convolution, HDC) 2844 , F&F ILAFSY , A SCIRH T —F

SUERARER M 4%

Fh 8 A R 5K 45 AR 45 45 B4 SR AR 22 i b, W] fige b
Sy ahie JIBIEEEV AR PN SR SR S DRSPS
WEPERE

2 FiR ORI E R R M4

B B AR RSN 1 s, 1 SR 8O
FEIR M 2675 B SRR, AR5 i R ERAERE LBP [E1R
IR PRI AR Ay 2 M I 5% By i A 5 G ] 22 KU
FRAEHE B3R ( multi-scale feature extraction block, MFEB)
FIAHFA LReLU ST R R4 B2 08 MO JZ AT 5 8
PPk 2% 1 B APV E (CDC-RASM) 42 B {8 1Y
TRIZRHIE s SRS A T GUBRARAE AN 11 RS0 B4 Jm R AE
flG s R TG BUR B EE sk, 4 Rgk
2557 2] R N 25 TR BITRE RICR

Concat

_____

ERFREY

B S o 2

BT Bl A SR B 4 (L) AR 28 (F)

Fig. 1 Newly proposed texture extraction network (top) and denoising network (bottom)
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Fig.2 Dual convolution module
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Fig. 3  Multi-scale feature extraction module
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Fig. 4 Extended residual attention similarity module ( CDC-RASM)

(D) P kR 2/ (CDC-RM)

& 5 i, CDC-RM Hi Conv+BN+ReLU .CDC-4% 2%
HUFI—~ ReLU 0% RECH WL, Hih, CDC-5% 25 S A i
JFHEF . Conv, DConv, Conv , 3X Fl2H 4 1T LL M 45 2 B
FEFEMNGER, B0 LRI TP kBB R 4 22
T AR A JE T P 401 2 A A% A5 N S ks PR CDC-

FRIEV LA IS TY 1 5k 22 B RE S 4F (TE L 3.4 719 3)
T IHRESEE) .

AN, CDC-3% 22 B T LAfige R B2 18 2K T, A —
A BRBRFE S i A x MIRRIEEIR F(x,0) AINAS
BRI A R |k Z R v (x,) TTRARIR N

y(xk)=xk+F(xk9wk) (14)



- 80 - LSRR R e o

38 &

CDC-ZE
CDC-RM X—l
= p —] Ll
& I
R v
g & Conv
o
@} o Flxybr %9;

K5 9 iksk 228 (CDC-RM)
Fig. 5 Extended residual module (CDC-RM)

PR T F O LR P AR AR T 1 B 0T DA B 4% [l v
2. Bl CDC-3R2=HenT A B 26 o s 315 2% (] 2,

(2) 38 B BRI (CASM)

WME 6 FiR i F, |, e RO™Y HER CASM %
NHRAE R, CASM 75 45 />3 38 A P 4 J5) S 37 3t 16 6 4
TEEIN CxHXW 45 5] Cx1x1, DIE 1 Mgz 1 4
Wl , NS4 R MR Bt . Ieah, 380t 4 R 43tk
R4 Ry S ME BRI — B E R AT Z e RO
W ¢ AMEIHERY Z, AN

ZF=H04p<ﬂ>=HiW,ZZI DALY (15)

Hr, He, FoREJRFE, £,(0,) FARFAERE

Fo B8 (i) MfE.

$RJG ,i#id DConv+LReLU+DConv, f# F LA Sigmoid
O ) T T AL A 2 > 3 1 22 [A] 1 AH LG AR, 4 3 3
AR AR M, e RO W M, ATFmR N .

My =0,(Hpgo(0\(Hpe,i(Z.)) ) (16)

Hrp o, FR% 1 MY KERZ 58 LReLU 5 bR

£><J
B, o, N Sigmoid ¥ I KA. Hy € R ( i

Hyoow € R AP FORPIEY BB T RN 2, r N
R L RSB A 16, A, iR 6 Y
AT T R AR 1) M, aT 0, Hed A B A
HIALEE wl, T H CASM X JCHM B FR IR 45 T TR
B,

(3) Z3 (Al BT A ML (SASM)

K 7 iR d ] F, e RO 675 SASM % A
TP, SASM 8 F 4 Jag 7 243t Ak K 4 1) 4 3 1 ) 30
N CXHXW FE45 R 1xHXW , ff FH 42 a2t Aok FE s 4
K RV A A — A AR LR AR A5 3] 2 R R R A A
PEFFIERE M, e RV, W0 M, ol R K.

Mg =0,(Hpe,,(Hepw(Fe))) (17)

Hr, Hy,, Y SRERL KN 3x3, 55k R N 2,
o, 7R Sigmoid ek PR,

BEARME w1 BB w2
C
c M,
[ s LReLU 4,@_,
» TBIETE R AR
Bl 6 i R S AL PER R (CASM)
Fig. 6 Channel attention similarity module ( CASM)
2 RIARAUE w1
c 2= AR w2
M
H > H > H ‘b@—v
W w w
25 [ AR
Bl 7 2 R AL B (SASM)

Fig.7 Spatial attention similarity module (SASM)

3 ZXWERSHMH

FEATER AT U ROR S ST S04
I D S

3.1 HiEE

1) G e 75 B 4R

(1) UIBds s

XK BE RN o IR i 37 22 e | AR S0 i)



55 3

ST LR RO TR AR 2E TE T AR (I 2 Mg I 45 - 81 -

YGEG A o =15 .25 F150 By s 7E I ZRac
FRPEIUN L5 N ML i 0 T BRI LA IS,
ANASTR) B B P 0 AT 30 H 4R ORI e s s B, Bl
BSD500" " A TECHREEEL, (i FHAL 1% 4 744 5K = R E
1211 Waterloo Exploration B PRGN, T
YIS BB 2% M\ BSD500 Hr 2 HL 50x50 1 & {48
oA TN W 4%, N Waterloo Exploration %45 £E
PEUL 44x44 WEMGIGHEAT IR BEFNR (6 KR L0 b Ah,
LT 8 Ff s me ks il Ze A i) Z AR . AR AR (R
TRIEMG) | THERE 90°  ERE 180° , ek 270° , K- Bl | gkt
90° JF /K- BHAL | iEhk 180° 5 K- BEE | el 270° 5 /K-
G S TR SNSRI E W E R R UG BB AL
PRI —Fh g

(2) MR E s

TR P VR B 46 45 Set12 Al BSD68, Setl2 A 12
KK /NA 256 x 256 1 K BEIE], BSD68 £1 68 5K K /NHy
481x321 1 321x481 WY KK, o BUR B is L 46
McMaster' 2 1 Kodak24 " . McMaster 11 Kodak24 43545
T 18 1 24 5K 500x500 T+ @ EE, IF H e i1 h
) e 7 PRI 3 9 O g B 7 T 2 g, L v g
K HAREZ o e B8R o = 15,25 F1 50 [ 3 Fligk
7 7KK MK CDC-RASNet,

2) FLSL MRS R A AR

LS M MG B A SR B R 3RAR 1, A Sl
FHEBE T-HLIR MG 2 M B4 (SIDD) YIRSk 45 eDC-
RASNet, ‘BELE 160 M7 5506, t 5 M BEFHLERZ
SLAE AR BRI SRR AL B N A4, B s sl
H WX oy HER RS, A0 R AL — I e RS R X
N RS, BT 320 XEGI TG, N T
HEFFI A, A SCf# T SIDD 4 45 F Ay 1 56 3iF 45 A
Darmstadt M2 745 %50 95 42 ( DND ) P i 47 0 2% 450 760 56 F
DND A$AE RIS SE , B & T 50 4l 4 PR K
THPRH Y AR PLAD HE 1 R R T 0 2 e (R4 42 22 3]
DND B J7 W3, o] LIF53)] PSNR A1 SSIM 455,

3) H M R4

XFF K AR ME AR E XM, AN
Waterloo Exploration (35 42 2 HL 44 x44 BT K15 Bk
KUNZRF MR 4% Tl AR (G BIR) |, iefs 90°, TiE
5% 180°, Jigk% 270° , KV BHE% el 90° Je /KT B% | el
180° 5 /K- Bl , ek% 270° 5 7K K B ok B Il 2 RE AR
HIZREME, T BRI ik a4 R B
Bl R —Fh SR

ME I 4 0 5 68 5k BSD6S K JiE 1% 1 24 5K
Kodak24 ' A EME , FLE AT A4 B [ 45 S 41 2 a8
T BT R A AR I A B

3.2 LWiRE

FESHEANGR 1 R ASCR B,=0.9., B,=0.999
() ADAM " f A XTSRS A7 Ak . S0 HE 4 B 46
60 4~ epochs FEATII LR, WA 2 T H AN 1x107°, 4 10 4~
epochs BRLL 55 2 M B 2% J1] 80 > epochs #4171l %, W] 46
2] RRy 1x107 FEYIZhad A2 v R A 5%3R ko sfems )
Fref 2 R 107 FaEFEIRE] 10°°, L4h, Batch size &
64, FIT A5 S 56 # 2 7E B AE R 4 Windows 11 . Python
3.10 ,CUDA 11.2 Fl cuDNN 8. | SREGHSCE  JffE—6&
fil 45 Intel Core i9-11900K @ 3.50 GHz,16GB RAM il
NVIDIA GeForce RTX 3090 Hifii Fiz17,

*1 BB
Table 1 List of hyperparameters

S FHSHL o =15
Bk R €, KRB
et Adam
LU HL 45 HEAR/N 64
EAIREL 60
E GBI 1x1073
PN €, K R AL
etk 7% Adam
PRUACES AR 64
AU 80
WIh2 > R 1x1072

3.3 KB4ER

FEARATH A T LB TEM FE bR  BUR SRR 12
B AWGN Mg B rs L n DL R A

1) i b5

) FH S 18 {75 M2 Lt ( peak signal-to-noise ratio, PSNR)
g ) A LM ( structural similarity index measurement,
SSIM ) XJ i g 485 S A 7 1 53T

2) BRSO AE H HL

AT R UEAS SO Y A SRR R £ R A A S50 b B B
PG A SOBARFAE (45 25 M 1 UG Y 0 3 285 4 B o
MR L, M Set12 . BSD68  McMaster £l Kodak24 X 4 Fif
EEAE v oyl 3 B — K 1L R I 8 AN (] 5 B 1 = B gk
7 BV 4 B2 Y i o i ] A5 30 i 230 3 4 BRI 465 1
AR, I T aC AT AL I,

P L 8 W] R, 3 sk 20 B R R ) 4% RE A5 A Ak b B HR R
BRI SCRAFAE , 3% e 20 FRAE B2 A 5 I 4G R AR LY
FEAE , R UG AT LSS UEAS SCHE A S B4 D 28 A A7 3k

3) AWGN Z: 0

(1) KEEEI&

Xt TR R 22, AR SCKE CDC-RASNet 5 BM3D |
DnCNN ,ADNet . RDN , AGSDNet Fl FEUNet #47 T L%,
FH & 9 Al %1, CDC-RASNet 283 T RAF A9 25, I 2R 4 1y
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Fig. 8 Texture extraction result images

Waterloo Exploration {4545 | 7£ Set12 B MR Z 4 4 3k
4T R ArrY 2k

F 2 WIRT Setl2 il BSD68 - AN [] 9144 it &5 1l I BE
MRS ER AT LM EE B ¢ 2 AT, 7E Set12 il BSD68
FY A [RIER 7K - (o= 15,25 F150) T, CDC-RASNet #5 £k
FHABR L, HAKKU, 7E o =15 B, 555 2 & M 45,

V{5 Wk L /dB
S a8 & 38
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Fig. 9 PSNR curve of CDC-RASNet( o =25)

CDC-RASNet 7€ PSNR L F34942 5 T 1.46 dB;7E o =25
B, PSNR V3385 T 1.43 dB; 7% o =50 Bf, PSNR F 3]
$EE T 1,73 dB, BEAh, Wi 10 A1 11 7R, CDC-RASNet
TEXT Set12 HL {1 5 05 P AR i2E 47 25 W 1) R0 T BSD68 HL [y
test006 [FIRHT 30 B A A IR DEA5CR

#2 T EIMLKTE Set12 71 BSD68 £ PSNR(dB) # SSIM £ R
Table 2 PSNR (dB) and SSIM results for different networks on Set12 and BSD68

G S FRUYRS o =15 o =25 o =50
BM3D 31.92/0. 899 4 28.45/0.791 3 26.23/0.643 5
DnCNN 33.68/0.929 0 31.23/0.883 1 28.06/0.789 6
ADNet 33.83/0.932'5 31.32/0.887 9 28.04/0.771 3
Set12 RDN 34.06/0. 941 3 31.43/0.890 6 28.38/0.811 6
AGSDNet 34.48/0.947 3 31.69/0. 893 7 28.73/0. 823 8
FEUNet 34.89/0.953 6 31.56/0. 894 0 28.67/0.824 3
CDC-RASNet 36.17/0.985 4 32.53/0.939 5 29.49/0.857 5
BM3D 33.06/0.912 3 31.36/0. 884 3 27.73/0.758 3
DnCNN 35.23/0.933 7 32.43/0.892 1 28.34/0.765 9
ADNet 35.53/0.935 6 32.77/0.889 9 28.73/0.773 6
BSD68 RDN 35.64/0.938 5 32.73/0.896 1 28.32/0.770 1
AGSDNet 35.83/0.939 2 33.24/0.899 7 28.87/0.783 7
FEUNet 36.32/0.942 7 33.91/0.903 5 29.34/0.792 4
CDC-RASNet 37.96/0. 963 1 35.92/0.919 8 32.04/0.829 4

T FeH: PSNR WP S 20 0 FHIRL R A R IR R (o= 15, 25 F150)

() BERE1G

X TR K 15 B, % CDC-RASNet 5 BM3D
DnCNN ADNet . RDN , AGSDNet 1 FEUNet #17 T H %,
% 3 R Tl Kodak24 1 McMaster £ 4E 19 PSNR Fi
SSIM 25 5L M E 25 ] DASET , 7RI e 7= K- R, 3
$EH Y CDC-RASNet 7E% (S 1Y 22 W AR T HoAth
JIT A RIS W 7 ik fE = S K F (0= 50) F, CDC-
RASNet HAg 54, edh, fh & 12 #1013 af A1, 5 HoAlh
FMERZRAR L, Ze 4 CDC-RASNet 2 M2 5 114 799 1 18114 1)
€ AR SO

4) FLI MRS

AWGN 2= M B SR A % R R A S 25 8 0 125 (A 3 vk

(A EATSRAEAE R S R B PE , Fly LSR8 B0 52 4
AT | PR B A B SR 7 PR e ik TR A R
i T VAl CDC-RASNet £ 1 5% M 75 [EG 11 25 Me fig il
AT SIDD HHE£E R DND M5l 4E . 3% 4 511 T ARTH
W 245 fi 22 I 2k B Hirp CDC-RASNet 15 SIDD 46 1iF 48 il
DND #¥i 4 F3R15 T Hed:AY PSNR il SSIM 253, & 14
W78 THE SIDD $iE 4 |- CDC-RASNet 25 M &%, &
14 %1, CDC-RASNet X B 52 M 75 ] 5 2 e b B AT 55 4
P MR B SRR AN

5)H KM

YT H 22 M ¥ CDC-RASNet 5 RDN , AGSDNet F
FEUNet #1742,
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Fig. 10  Denoising results of butterfly images from
different networks in Set12 (o =25)
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Denoising results of test006 image in BSD68
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Fig. 11
with different networks (o =50)
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Fig. 12 Denoising results of kodim images of
different networks in Kodak24 (o =25)
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Fig. 13 Denoising results of an image with

(h) FEUNet 1

different networks in McMaster (o =15)
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Table 3 PSNR (dB) and SSIM results for different networks on Kodak24 and McMaster

HiEE PR RS o =15 o =25 o =50
BM3D 30.34/0. 883 4 29.45/0.794 3 28.13/0.691 5
DnCNN 34.01/0.929 1 32.32/0.883 1 29.01/0.789 3
ADNet 34.94/0.942 5 32.31/0. 886 8 29.04/0.791 3
Kodak24 RDN 35.06/0.944 2 32.63/0.890 7 31.38/0.851 6
AGSDNet 35.36/0.946 3 32.77/0.891 9 29.23/0.823 6
FEUNet 35.69/0.948 7 32.93/0.893 7 29.26/0.834 7
CDC-RASNet 37.17/0.985 4 34.73/0.948 5 29.31/0.845 5
BM3D 29.06/0.781 3 27.66/0. 664 3 27.73/0. 643 6
DnCNN 33.80/0. 854 5 31.47/0.821 3 27.34/0.764 5
ADNet 33.93/0. 865 6 31.56/0. 823 9 27.53/0.763 8
McMaster RDN 34.04/0. 882 4 31.74/0. 826 1 27.82/0.780 1
AGSDNet 34.23/0.891 2 32.37/0.838 4 27.95/0.789 6
FEUNet 34.62/0.899 3 31.92/0. 830 2 28.34/0.798 3
CDC-RASNet 36.21/0.936 1 34.91/0. 867 4 30.14/0. 828 4

7 e PSNR AT AN 25 520 B LA AR T R FAR B R (o =15, 25 i1 50)
R4 TRMEEESEE LIRS (SIDD IIiEL£F DND) FHXIRER

Table 4 Denoising results of different networks on real noise data sets ( SIDD validation sets and DND)

EAGES SIDD HHiF4E
LM Tr ik BM3D DnCNN RDN ADNet AGSDNet FEUNet CDC-RASNet
PSNR 26. 65 27. 64 27.35 27.75 28.03 28.34 29.14
SSIM 0. 7852 0.799 3 0.798 4 0. 804 7 0.813 5 0.8227 0.867 1
PAEES DND
PSNR 33.51 36. 67 38.26 38.52 38.69 38.83 39.34
SSIM 0.8612 0.915 6 0.957 3 0.961 4 0.962 1 0.963 3 0.963 7

T fefd: PSNR AOPSE5 30 IR 7R AR R 250K S om

¢ Bl

LML RO B SIDD 7 M

%l 14 CDC-RASNet 7£ SIDD | =M [&{%

Fig. 14 CDC-RASNet denoised image on SIDD,

*x5 AEMLKFEF Kodak24 LAY

PSNR (dB) #1 SSIM %58

denoising results from SIDD official website

Table 5 PSNR (dB) and SSIM results for different

networks on BSD68and Kodak24

7k RDN AGSDNet FEUNet ~ CDC-RASNet
Kol gk BSD68
PSNR 25.49 26.58 26.42 28.32
SSIM 0.814 0. 886 0.873 0.931
ol gk Kodak24
PSNR 23.34 25.03 25.46 26.73
SSIM 0.732 0.814 0.827 0. 895

3.4 HEHICIE
2 SCHRE T A2 M o S ) A A5 A SR T S0 B B ) 4%

(c) RDNZ:
(b) Random noise image (c) RDN blind denoising

(a) IR (b) FEHLEE S B

(a) Original image

(e) FEUNet 1 (f) Bria

(d) AGSDNetZ:
(d) AGSDNet denoising (e) FEUNet denoising (f) New model
Bl 15 R[ELEFE BSD6S FL Y — i K14 1Y 25 45 SR

Fig. 15 Denoising results of an image

with different networks in BSD68
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WZ% ik, gt — i M S TG A TG 2 I T 4% 1
i, 7E Set12 il BSD68 #Hi4E I X} o = {15, 25, 50}



55 3

BT LI A TR AR 25 TE I AR (I 25 0 R 2% - 85 -

(a) BIE (b) BEHLIRE 7

(a) Original image  (b) Randamise image

(c) RDNZ: Mt
(c) RDN denoising

(d) AGSDNet 8

(e) FEUNet#: 1
(d) AGSDNet denoising (e) FEUNet denoising

E 16 AEMZLE Kodak24 B kodim 5 114 2 M4k 5L

Fig. 16  Denoising results of kodim images of
different networks in Kodak24
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ACFHERT TR, Dy 7T I E] B R HZR T 50 A4
epoch , V-1 PSNR Bk UL AL i th £ an 151 17 Fos
M4E /9 PSNR 2554403k 6 Fiom, o xRom I&A ffi
PREFAR UM 4,V FoR I T SRR 45

% 6 {CDC-RASNet with TENet} #1 { CDC-RASNet

without TENet } 7£ Set12 1 BSD68 ##E % _F#9
PSNR (dB) &R (o=15, 25 71 50)
Table 6 PSNR (dB) results for { CDC-RASNet with
TENet!} and { CDC-RASNet without TENet} on Setl12
and BSD68 datasets (o=15, 25 and 50)

¥ TENet CDC-RASNet o =15 o =25 o =50
X Vv 32.87  30.63 27.49
Setlz V 33.16  30.75  27.56
ssnes ¥ Vv 31.23  28.24 26.31
vV VvV 31.72 28.63 26. 52

HI Il 17 AT, A SO B R e 50 A ) 25 I )
25 ) SR MRS RSN {68 FH SCER A A A i A ) 2 M )
SRR, R 6 T LIE W WA R AUE B
VB Ry 56 1 11 25 e I 4% 5 M s SR 2% /Y o = {15,
25, 501 B, Set12 BAE AR M HFEML T 10.29, 0. 12, 0. 07|
dB, 1fii BSD68 (i 4L A {H R T 0. 49, 0.39, 0.21}dB,
PR L foff FH SO R Ay S 56 R AT DA 0 445 11 2 MR

2) R A IR

AR SCHRE S AT T 7 AR PR R B ( ASM) A LA A
ZAb L (1)l R R AZ 48 BRI 4 R AR U B
(2) (Y Tk B Y Iz B | I B g b 3R A TR 1Y
LSRRI AR B (3) o FH T 3 b £ B A 57 i R4 o)
M7

AT RE ASM AR BT T — X SE R L
B ik AR 2 (CDC-RM) FI™ 5K 5% 22 1 25 7 AR L A5
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Fig. 17 Average PSNR curve with the number of

iterations under different networks
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iterations under different modules

%7 CDC-RASM #1 CDC-RM 7t Set12 #1 BSD68
LEIPSNR(dB) &R (=15, 25 1 50)
Table 7 PSNR (dB) results of CDC-RASM and
CDC-RM on Setl12 and BSD68 (o=15, 25 and 50)

HnLE i o=15 g=25 o=50
Set12 CDC-RM 32.87 30. 56 27.38
t
¢ CDC-RASM 32.91 30.78 27.54
CDC-RM 31.34 29. 06 26. 12
BSD68
CDC-RASM 31.46 29.19 26.26

i & 18 W %1, CDC-RASM M i e CDC-RM %,
2 7 AT, BT Y CDC-RASM 75 [8]4 2 Mt Jy 1 A7 #5¢
TR IEBT T ASM A B

3) ok sk 2t

B ZERTHAE UG 2 M ) 28 rhol 5 OGP A, iR
T DMRE 4%, E , — MR ERRGE T 25882,
it 0 — b2 RIS R, B 2 B 2SR AT
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ResBlock ,CCR-ResBlock , CRD-ResBlock 1 CDC-ResBlock
XTI, T i — 25 X 43, S () 28 78 i) e 75 7
BSD68 Filliix 4 gk 2k, S5 N5R 9 Fis K9
A1 CDC-Resblock & IF-H
3.5 EZFMDH

ARSI P ok A — A B TR e bR . BRI,
MR KR o =50 HAR K B 256x256 Fl 512x512
PR IR S P A5 3 47 L, I 4% CDC-RASNet #5271 5
BM3D .DnCNN . .RDN ,ADNet . AGSDNet Fl FEUNet %5,

ent residual modules

(j) CDCC-ResBlock

&8 A8 ResBlocks 7 Set12 L&y
PSNR(dB) #1 SSIM & &
Table 8 PSNR (dB) and SSIM results of
different ResBlocks on Set12

B2 PSNR SSIM
CBRCR-#% 2=k 31.46 0.864 2
CBRCB-#& 2531 31.47 0.864 4
CBRCBR-#& 2531 31.47 0.864 3

CBRDBR-5% 22 5t 31.47 0.864 5
CBRDB-#k 2 He 31.48 0.864 8
CRC-5k 225 31.52 0.865 7
CRD-3k 2= He 31.54 0.865 4
CCR-Fk 2 31.54 0.865 4
CDC-5R 25 31. 61 0.867 6
CDCC-F% 251 31.48 0.864 6

1 el PSNR 1 4 45
(o=25)

3 P (T il 2 5

HAz fTu A &5 R an 3% 10 frs, fi#& 10 "] 1, 5 RDN
AGSDNet 1 FEUNet A Lt , 14 H1 9 CDC-RASNet By
TP,

IEAN, ADNet J2: 4 fiff D ¢ U5 249 51 100 1 2 1S A 2 o
WA HBHOE /N, ¥ CDC-RASNet #5585 AGSDNet
H1 FEUNet # [, CDC-RASNet 45 7 2 850k %o %570 | A ot
AERIPERE T 4,
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Table 9 PSNR (dB) and SSIM results of
different ResBlocks on BSD68

A [E#J ResBlocks 7£ BSD68 _Hj

FRERR o =15 o =25 o =50
CRC-FkZEH  32.76/0.8923  30.21/0.8334  27.31/0.724 6
CCR-#%2H  32.75/0.8917 30.31/0.8339  27.41/0.725 6
CRD-#% 28 32.77/0892 1  30.32/0.8335  27.36/0.725 1
CDC-Fk22H  32.81/0.898 5 30.35/0.8363  27.49/0.728 3

T fetE PSNR B PIAEE R 2050 68 AL AR R &P AR R

(o=15, 25 F150)

R 10 AREIMEKIE McMaster _E B S EFn
BB R L% (0=50)

Table 10 Comparison of parameters and running

\—y—

ZE1T

time of different networks on McMaster (o=50)

ERU a7 3 PSNR/256%x256 PSNR/512x512  &BH
BM3D CPU 26.05/0. 60 28.06/2. 54 -
DnCNN GPU  26.71/0.007 2 28.40/0.0189 534 K
ADNet GPU  26.71/0.009 7 28.59/0.0219 539 K
RDN GPU  26.66/0.021 4 28.76/0.0775 20.24 M
AGSDNet  GPU  26.54/0.0319 28.69/0.064 6 22.39 M
FEUNet GPU  26.68/0.0308 28.77/0.0783 21.41 M
CDC-RASNet  GPU  26.95/0.0195 28.81/0.0320 20.31 M
4 & 8

ARSCEEH T —Fp T BUR LM i 5k 5% 22 1 8 1 A1
oL 2= 12 %) 2% ( CDC-RASNet ) , CDC-RASNet SE 1 Ji] £
ROBEFRAE R BB HR 3 B RS 0 1R 2 FRAE , SR )5 5K
FREEVE R IARRIER E (CDC-RASM) HE— 42 0 % 1Y
GRIZHFAE, Horfr CDC-RASM HY (14" 5k 3% 22 B e FH ok B B
PRGBSy RN 4 SRy R I, 1 7 7 AR (L R e i oA 42 L]
1G04 TRy AL R AE , AT 78 43 R B I TUAR A5 B
UEAN , AL RRAE ELA AU AN TR, SRR I 2 4 7 T
ZIBCE BRI T3S 5 2 M, 53 4h, CDC-RASNet
MR 4 R B 255 2 10 5 30 TR 2 BITR 2 1 2% 2T 4K
W, SR, 852 H T SR 4% ( TENet ) 2K $2 B
ARG % b A B SCBR R Y LBP %, SRJE S LBP
P 5 5 7 [R5 — 2 4 A 2] CDC-RASNet 1, 1 oy 2t
IR S, it LBP B, 78 LM MR- B T s
EURA 254, S 25 S £ W, CDC-RASNet AN AW TE K
FUR AL R b MU B0, s B 1 B S s (BRI
FMRA M X T BSD68 K JiE K4 4E Al McMaster %
o BG4 YK o = (15, 25, 50} B, CDC-RASNet
539 PSNR = {37. 96, 35.92, 32.04} ,SSIM={0.963 1,
0.919 8, 0.829 4}, PSNR = {36.21, 34.91, 30.14},

SSIM=1{0.936 1, 0.867 4, 0.828 4|, 7£4% T K M 5¢
rh A B PR B ] 2 o AU A% e 2 ARl o XUk
BB 5K ORI 28 i, A, 16T
VASEAT IRk B9 CDC-RASNet
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