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Image denoising using dual convolutional neural network
with attention mechanism
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Abstract: In recent years, deep convolutional neural networks have shown superior performance in image denoising. However, deep
network structures often come with a large number of model parameters, leading to high training costs and long inference times, limiting
their practical application in denoising tasks. This paper proposes a new dual convolutional denoising network with skip connections
(MA-DFRNet) , which achieves an ideal balance between denoising effect and network complexity. The paper presents a novel attention-
based dual convolutional image denoising network ( MA-DFRNet) that achieves an optimal trade-off between denoising performance and
network complexity. MA-DFRNet comprises a multi-scale feature extraction network, dual convolutional neural networks, and a dynamic
feature refinement attention mechanism. The multi-scale feature extraction network employs convolutions at various scales to enhance
flexibility in capturing image features. The dual convolutional neural networks utilize skip connections and dilated convolutions in both
upper and lower branches to expand the receptive field. Furthermore, the dynamic feature refinement attention mechanism enhances the
accuracy and discriminability of feature representation. This structural design not only enlarges the receptive field but also effectively
extracts and integrates image features, leading to significant improvements in denoising performance. The research findings demonstrate
that the proposed MA-DFRNet outperforms state-of-the-art models in terms of PSNR and SSIM values across all levels of noise considered
in the comparisons. The PSNR has increased by approximately 0.2 dB, while the SSIM has improved by around 1%. Notably, MA-
DFRNet demonstrates greater robustness for images with higher noise levels and better preserves image details visually, effectively
balancing denoising and detail retention.
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in red and green fonts(o=15, 25 and 50)

14 C.man  House Peppers Starfish Monarch Airplane Parrot Lena  Barbara  Boats Man Couple  Average
e 75 7K P
DnCnn 32.61  34.97 33.30 32.20 33.09 31.70 31.83 34.62 32.64 32.42 32.46 32.47 32.86
FFDNet  32.43 35.07 33.25 31.99 32.66 31.57 31.81 34.62 32.54 32.38 32.41 32.46 32.77
IRCnn 32.55  34.89 33.31 32,02 32.82 31.70 31.84 34.53 32.43 32.34 32.40 32.40 32.77
o =15  ADNet 32.81 3522 33.49 32.17 33.17 31.8 31.96 34.71 32.80 32.57 32.47 32.58 32.98
DudeNet  32.71 35.13  33.38 32.29 33.28 31.78 31.93 34.66 32.73 32.46 32.46 32.49 32.94
DCBDNet 32.14 35.05 33.01 32.06 33.09 31.50 31.66 34.68 32.57 32.41 32.39 32.43 32.75
DRANet  32.57 35.42 33.32 32,19 33.31 31.78 31.95 34.81 32.91 32.60 32.50 32.65 33.00
AW 32.70  35.49  33.45  32.29 33.36 31.84 32.00 34.92 33.20 32.67 32.50 32.70 33.09
W7 KT
DnCnn 30.18 33.06 30.87 29.41 30.28 29.13 29.43 32.44 30.00 30.21 30.10 30.12  30.43
FFDNet  30.10 33.28 30.93 29.32 30.08 29.04 29.44 32.57 30.01 30.25 30.11 30.20 30.44
IRCnn 30.08 33.06 30.88 29.27 30.09 29.12 29.47 32.43 29.92 30.17 30.04 30.08  30.38
o =25 ADNet 30.34 33.41 31.14 29.41 30.39 29.17 29.49 32.61 30.25 30.37 30.08 30.24  30.58
DudeNet  30.23 33.24 30.98 29.53 30.44 29.14 29.48 32.52 30.15 30.24 30.08 30.15 30.52
DCBDNet  30.07 33.27 30.74 29.46 30.44 29.05 29.42 32,70 30.29 30.31 30.12 30.21 30. 51
DRANet  30.30 33.62 30.98 29.52 30.61 29.21 29.56 32.83 30.54 30.49 30.19 30.40  30.69
AR5 30.42  33.74  31.20  29.61 30.73 29.29 29.69 32.95 30.70 30.60 30.29 30.49  30.81
W 7 7K -
DnCnn 27.03  30.00 27.32 25.70 26.78 25.87 26.48 29.39 26.22 27.20 27.24 26.90 27.18
FFDNet  27.05 30.37 27.54 25.75 26.81 25.89 26.57 29.66 26.45 27.33 27.29 27.08 27.32
IRCnn 26.88 29.96 27.33 25.57 26.61 25.89 26.55 29.40 26.24 27.17 27.17 26.88 27.14
o =50  ADNet 27.31  30.59 27.69 25.70 26.90 25.88 26.56 29.59 26.64 27.35 27.17 27.07 27.37
DudeNet ~ 27.22  30.27 27.51 25.88 26.93 25.88 26.50 29.45 26.49 27.26 27.19 26.97 27.30
DCBDNet 27.35 30.45 27.50 25.91 27.01 25.94 26.63 29.78 27.10 27.39 27.30 27.14 27.46
DRANet 27.58 30.89 27.62 25.99 27.13 26.03 26.67 29.95 27.34 27.57 27.34 27.36 27.62
AWrgE  27.78  31.17  27.79  26.20 27.35 26.24 26.83 30.21 27.59 27.73 27.53 27.57 27.83
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Table 2 The averaged SSIM results of different networks on Setl2(o=15, 25 and 50)
DiRr DnCnn FFDNet IRCnn ADNet DCBDNet DRANet ARF5T
o =15 0. 903 0. 903 0.901 0. 905 0.902 0. 906 0. 909
o =125 0. 862 0. 864 0. 860 0. 865 0. 865 0. 868 0. 874
o = 50 0.783 0.791 0. 780 0.791 0.79%4 0. 800 0. 810

*3 TEMZKTE BSD68 HiiEsE FHF PSNR 5
SSIM Lt%; (o=15, 25 #01 50)
Table 3 The averaged PSNR and SSIM comparisons of
different networks on the BSD68
dataset(o=15, 25 and 50)

DiRr o =15 o =25 o =50
DnCnn 31.72 29.23 26.23

FFDNet 31.63 29.19 26.29

RDUNet 31.77 29.32 26. 51

PSNR IRCnn 31.63 29.15 26.19
DudeNet 31.78 29.29 26. 31

DCBDNet 31.65 29.24 26.37

DRANet 31.79 29. 36 26. 47

AR 31.81 29.45 26. 65

DnCnn 0. 891 0. 828 0.719

FFDNet 0. 890 0. 830 0.726

IRCnn 0. 888 0. 825 0.717

SSIM RDUNet 0. 891 0. 832 0.735
ADNet 0. 892 0. 829 0.722

DCBDNet 0. 889 0. 829 0.727

DRANet 0. 892 0.833 0.732

LS 0. 894 0.835 0.737

2) B AR LR PEAL

TR 5 [ 45 25 ¥ MA-DFRNet 5 CBM3D" |
CDnCnn-S"’ | FFDNet'"™ | BRDNet'"'  ADNet'™' Fi
ATRNet ™ HEAT T A, R 1 DPA AR SORE RIS €6 15114
i =M pERE i T Kodak24 A1 McMaster 204562, 1@
HB 5 A5 200 PSNR {H 403 4 Frs, Al LA H A SCf
HH IR A R A M R KOS 25 1 50 IR BLAL S, AR T
HAth AT LT o Rl AEMR AR K- 50 1 78 A4S
B4 LAY PSNR fH 20 5 i i MR R HEA S 2 1Y
BRDNet 0. 21 #10. 18 dB. 2R, ZEME R KN 15 B, A
SCHR A fE McMaster %0 4 £ | 9 PSNR {H B& ik T
BRDNet0. 03 dB,iX AJ G& /& F 24 BRDNet 2R T XL CNN
LERL PEME R T AR A1 L T, BRDNet JIT R FH 1) 5 U
JEUR B 2 2504 EL AT TSR ) 2 2 8 1, SF48 SSIM
5 R, AT LLE AR SCHY A R A8 O [R] e 7 KSR 1Y
SSIM {EHARAL T HA Ty v . JEHE M 75 K P 50 1),
A A SSIM {E7E Kodak24 Fi#it T AIRNet 0. 012,
TE McMaster #8173 T ADNet 0. 014, Ma7S KK 50 19
AL UG 7S 2 BRI v 45 R & 6 B, ok A

McMaster ZLIEEER G, W IFE 2, HAh—Lb He 48 ik
23 90 3k B SV 1% 1] 3 T MA-DFRNet 20 75 {5 8 1)
Hhf,

_ PSNR(dB)/SSIM 14.15/0.190 26.19/0.735

(¢) IRCnnZ: 4

(a) IR (b) fnk

(a) Original image (b) Imnoise image (¢) IRCnn denoising
26.23/0.719 26.29/0.726 26.31/0.722

(f) DudeNetZ:
(f) DudeNet denoising

(e) FEDNetZ:
(e) FFDNet denoising

26.47/0.732

(d) DnCnnZ: 1
(d) DnCnn denoising

26.37/0.727

26.51/0.717

(h) DRANetZ 1
(h) DRANet denoising

(2) DCBDNetZ 4
(g) DCBDNet denoising

(i) RDUNetZ= 1
(i) RDUNet denoising

2665/0.737

(j) MA-DFRNet 5 1
(j) MA-DFRNet denoising

5 Al 25 7E BSD68 LI test027 IR ()
FMEER (0 =50)
Fig. 5 Denoising results of test027 image in BSD68

with different networks (o =50)

3) BIRE LM

LRSI X Y 2 R RE G Y B — R i 7E 2 PR
AT AR 7 R R R 2T AR 0 MR TR, X T
BE LRI EE . HAT, K2 BIER L R
{CREAL LB —IR S T 25 M B ORI A EAE , O T ik —
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PSNR(dB)/SSIM 15.10/0.114
® )

(b) 11";7%@

() R (c) CBM3D %
(a) Original image (b) Imnoise image (c) CBM3D denoising
28.61/0.799 29.18/0.815 29.26/0.822

=

(d) CDnCnn-s 3=
(d) CDnCnn-s denoising

(e) FFDNet 4
(e) FFDNet denoising

(f) AirNet =M
(f) AirNet denoising

29.70/0.839
3= T a

29.36/0.825
i~ A

(g) ADNet 2 B
(g) ADNet denoising

Fl 6 ARIMLZTE McMaster BRI LML R (0 =50)

Fig. 6 Denoising results of image in McMaster

(h) BRDNetZ: (i) MA-DFRNet % 1§
(h) BRDNet denoising (i) MA-DFRNet denoising

with different networks (o =50)

SLUIFA SCHR %) MA-DFRNet 7615 22 M 7 TR B 7, 4%
H5HE EZMCR ERIIL S DnCNN-B , ADNet-B fll
DudeNet-B BB AT T H 8L,

®4 TEMZZE Kodak24 #1 McMaster 184 FHY
F15 PSNR(dB) &R (=15, 25 1 50)
Table 4 The averaged PSNR (dB) results of different
networks on the Kodak24 and McMaster
datasets (o=15, 25 and 50)

pA €S ik o =15 o =25 o =50
CBM3D 34.28 31.68 28. 46

CDnCnn-S 34.48 32.03 28.85

FFDNet 34.63 32.13 28.98

Kodak24 ~ BRDNet 34.88 2.4 29.22
ADNet 34.76 32.26 29. 10

AirNet 34. 68 32.21 29. 06

ARHFFE 34.94 32.50 29.43

CBM3D 34.06 31.66 28.51

CDnCnn-S 33. 44 31.51 28. 61

FFDNet 34. 66 32.35 29.18

McMaster ~ BRDNet 35.08 32.75 29,52
ADNet 34.93 32.56 29.36

AirNet 34.70 32.44 29.26

ENIE 35.05 32.90 29.70

£S5 FEIMLKTE Kodak24 #1 McMaster {155 FAY
F1 SSIM &R (o=15, 25 71 50)
Table S The averaged SSIM results of different
networks on the Kodak24 and McMaster
datasets (o=15, 25 and 50)

G/ S ik o =15 o =25 o =50
IRCnn 0.920 0.877 0.793

FFDNet 0.922 0.878 0.794

Kodak24 ADNet 0.924 0. 882 0.798
AIRNet 0.924 0. 882 0.799

£ 0.927 0. 889 0. 811

McMaster IRCnn 0.920 0. 882 0. 807
FFDNet 0.922 0. 886 0.815

ADNet 0.927 0. 894 0.825

AIRNet 0.925 0.891 0.822

e 0.927 0. 897 0. 839

F6 ¥ TAE 15,2550 By MR RGN,

DnCNN-B ,ADNet-B Fl DudeNet-B 75 5 (1) £ M2k 5 3 Fh
MRS G BLR, E Set12 W AAE b 45 vk M S 9 F 1Y
PSNR Fl1°F-#) SSIM, To iR J& A SCHY 515, i /& DnCNN-B |
ADNet-B 1 DudeNet-B , 24 1 75 5if B 2% 7 38 K, 25 3l
IR 3H k557 , PRI Sy M 7 i B e MR AR 2 [l S L
KA, WA Rl RL & B, TE AT ] M K OSF R, MA-
DFRNet #BBE 3% b HAth 7 32 55 %5 1) PSNR i1 SSIM {H
X RIS FEAEA R M AR B AN OREE T —E &
Pk

&7 R T B EOULEY L4 SR AR SO Set12 &k
PEAEFBER T “ parrot” B4, 35 ADNet-B F1 DudeNet-B
FE 15,25 F1 50 M K T HEAT A, 38 w4 L ]
DL, MA-DFRNet 75 &I 75 7K 7 R BE UG HEAH 1Y
EMAR, L5 LT, 5 AL E LML L, AR S
MA-DFRNet 7 2B [ 35 Jr B 0 g AR 3, B iy
PH MR .
3.5 MEERESH

FEATIFFE S5 vf |, OB R 328 47 s i) 1 1) 4% 2 080 i
AR EAS T M2 B 2% B, ARFSE AR T DnCNNY |
FFDNet' " . IRCnn'"*'  ADNet'’ | AirNet'** FI DRANet'*"’
DU AR BT 1) 2 WA R 2 7E PyCharm PRES
TR, T, VRS TSR R R B AT R] R
GERINEFR T h, N T I EAN M K2R 25 B Y
BT E] ARG AL T 3 A K B FAS [/ R ~F
FIR GG AT IR, 18t 15 20 W2 1T A9 2 )
Heiff 2 T B B R BT 5 (s AT ], 3R 7 T
DLk B, B8R AR SCHE Y W 4% 32 17 B (] B DnCnn
FFDNet ,IRCnn F1 ADNet B8 —26 {H J= M2k 5 07 i ZAL
Tk s f A i H A B AL B PSNR PERE (40 AirNet 1
DRANet ) AR 7R D) 75 22 0 Bsf (i) 47 25 M R 01 2 X T
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BORIROF IR o 32 8 KRR (-5 145l 25 1k
TSGR, LR B, 0 LT 25 M SOR B i A5

B MA-DFRNet LA fi] B A 6 R 25 K 345 1 5 4 1) 25 g

PERE,

F6 FARAREEKFTHEREEERNER (0=15, 25 and 50)

Table 6 Results of model blind denoising results under different noise levels (o=15, 25 and 50)

. DnCNN-B ADNet-B DudeNet-B N
MRS 7 PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
15 32.67 0.900 32.77 0.908 32.77 0. 901 32.84 0.909
Set12 25 30. 35 0. 860 30. 46 0. 862 30. 39 0. 860 30. 65 0.870
50 27.18 0.781 27.33 0.789 27.22 0.784 27.56 0.795

(al)%JlS

(b1) BEFEA25
(al)o=15 (bl)o =25 (c)c =50

30.46/0

el * ud [ = ~La
(a2) ADNet-BZ: (b2) ADNet-B % (c2) ADNet-BZ 1§
(a2) ADNet-B denoising  (b2) ADNet-B denoising  (¢2) ADNet-B denoising

32.77/0.901 9/0.860

(a3) DudeNet-B % (b3) DudeNet-B& (¢3) DudeNet-BE 1

(a3) DudeNet-B (b3) DudeNet-B (c3) DudeNet-B
denoising denoising denoising

32.84/0.909

(b4) MA-DFRNet 3= 1
(b4) MA-DFRNet
denoising

(a4) MA-DFRNet %1
(a4) MA-DFRNet
denoising

K7 MERKF o= 115,25,50) B Setl2 Ef&
“Parrot” I H 2 MRE5 R
Fig. 7 Results of blind denoising results for image “Parrot”
from Setl12 at noise levels o={15, 25, 35, 45, 50}

(c4) MA-DFRNet
denoising

3.6 HEASEIE

R T BEAS I 5T 4 S AL B A O a3 R 22 RO
FROESEEUR LS B I pLH B T etk b 4T T A5, U145 3
PRSI P 46 %o F K BE TR MRk, 1 8 S ZE R TR Y

®7 FMTEBRERTEEIBARRTH
REMF EEG EMIETRE
Table 7 Running time of the evaluated denoising
methods on three grayscale and color

images with different sizes (s)

R . 256x256 512x512 1 024x1 024
v Jrik
Gray Color Gray Color Gray  Color

DnCnn  0.034 0.035 0.039 0.039 0.059 0.059
FFDNet 0.033 0.032 0.033 0.032 0.034 0.032
IRCon  0.032  0.032 0.032 0.032 0.032 0.032

GPU ADNet 0.033 0.035 0.037 0.047 0.053 0.095
AirNet - 0. 150 - 0.505 - 2.515
DRANet 0.151  0.153 0.345 0.355 1.050 1.059

A3 0.050 0.055 0.076 0.079 0.169 0.173

£8 TREBREZHNSHENH

Table 8 The numbers of parameters of

different denoising models (x10%)

Ik Gray Color
DnCnn 666 668
FFDNet 485 852
IRCnn 186 188
ADNet 519 521

AirNet - 8 930

DRANet 1612 1617

AL 1278 1326

ARG AR, Set12 B £E 1 3 FhAS[R] W 28 45 by 75 g 7 7K
2k 25 BFAGSEY PSNR, Hirf MA-DFRANet A5 2 R
JEE R E 2 BB 4%, MA-DFRBNet A0 7 9 4> WU & ) 4
B DAB D) R A FHIEAG BRI IR D-FARB, &l 8
ATLAF H 454~ MA-DFRNet #5080 it 25 g vk 1 B S 0 7
Al P AR 35 10 I AR ST B B X AR Y 2 WP
REHEAT T —2E48FF, R 9 HTE 3 Ml /K- (0 =15,25,
50) T ,7F BSD68 e I EATIHmlse g, 455K, Y
o =15 B}, 52 ¥ () MA-DFRNet M %% . MA-DFRANet 5
MA-DFRBNet [ PSNR {5l #2 T+ T 0.36.0.43; 2 o =
25 iF, 3 4R T T 0.2.0.28; 24 o =50 B, B4R T T
0.09.0. 14, R4FHbTER T Mg Al 11 45 5 2 RO Rk 42
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' MA-DFRBNet
30.8=—MA-DFRNg¢
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w
<
~

TR /B

0 10 20 30 40 50 60 70
EARKH
€18 Setl2 flnte I 3 FhA[R] M 4 4540 1
WEFH K-y 25 72 PSNR
Fig. 8 The average PSNR of various different network

architectures on Set12 datasets at noise level of 25

x9 FEIMLKTE BSD68 HiEE LK
PSNR(o=15, 25 #1 50)
Table 9 The PSNR comparisons of different networks
on the BSD68 dataset(o=15, 25 and 50)

o 15 25 50
MA-DFRANet 31.45 29.25 26. 56
MA-DFRBNet 31.38 29.17 26. 51

MA-DFRNet 31.81 29. 45 26. 65
4 &£ it

ARSCE IS BT — I (1) 25 M o) £ A58 A ——M A -
DFRNet, 1% P 25455 B 42 1 1 22 IROBE FRAIE 3 OB Bl XU
TRV 28 (o0 2 5 ¥ 5 2 25 49 R I T T 0 A TR L T —

S B AR R T 2 ROBERRAE B2 RO $2 1k 72
FEAERIEAR B, a0 T AR R X 22 4 AR P 2 B 3
LR RS TR 22 I 28 1) A RE AR AR AR R MBI 1F T 15 8 Tl
ERHIESE L, A5 I 45 e 6% B A R A B AT A Ok AR
[FZ R FIEAR B o LLAh, SRR HR i B ) By
SIARA T Z EURRHE , 32T+ TR IE R R RS B4 BE , 5F
B T ARV RRIE Z 6] 1) DX 20 il ) fif 15458 70 e 8 T M
H PR AR B AT 2 0 BER Ay HAARE AR AR Eb, AR S
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