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Image Denoising Based on Residual Dense Networks and
Attention Mechanism

MA Rong-heng, YU Chun-yu”, TONG Yi-xin

(College of Electronic and Optical Engineering & College of Flexible Electronics ( Future Technology) ,
Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

[ Abstract] In order to solve the problem of poor image denoising performance caused by the simple encoder-decoder structure of the
convolutional neural network image denoising model, a residual dense image denoising network ( RDIDNet) based on the residual dense
network and attention mechanism was proposed. Firstly, the global residual block was used to enhance the nonlinear mapping ability of
the network model. Secondly, the double-element convolutional attention module was introduced to realize the adaptive feature fusion in
the decoding process of RDIDNet model. Finally, the RDIDNet denoising model was compared with 14 representative denoising meth-
ods, and ablation experiments were conducted to verify the effectiveness of using RDU Sub Network, DE-CAM, and PSNRLoss for net-
work optimization on the benchmark model. The experimental results show that in the Setl2 dataset and BSD68 dataset, RDIDNet im-
proves the peak signal to noise ratio (PSNR) and structural similarity (SSIM) metrics by an average of 1. 03 dB and 0. 027 5, respec-
tively, compared to the traditional classical method BM3D. Compared to SwinlR based on Vision Transformers architecture, the aver-
age improvement is 0. 03 dB and 0. 001 4, respectively. Compared to the latest CNN based denoising method NHNet, it has an average
improvement of 0.22 dB and 0. 008 9. The RDIDNet denoising network focuses more on low-frequency information and has more stable
model training. It can effectively eliminate image noise while preserving image details and textures, and has good performance.

[ Keywords] image denoising; deep learning; residual networks; attention mechanism
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B 2525 > Rt VA — AL B v 0 4% [ e 1k g, 7 25 B
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noising neural network, CBDNet) , 1% X £ i i ik 1
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SUERI, B T DAAEJE T CNN [ M 455 780 (1) o2 M2 2
R 2022 4R, Wang 21 HHY T —Flolr (9 1 B
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Fig. 2 Feature domain module and reconstruction module
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Fig. 3 DE-CAM Module
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Fig. 4 Channel attention module
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Fig. 5 RDU Sub-Network module
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(a)Starfish i [&] (b) M7 [Ef80=50 (c) BM3D (d) WNNM
PSNR14.86 dB PSNR 25.04 dB PSNR25.44 dB
SSIM0.249 5 SSIM0.772 8 SSIM0.759 5

(e) DnCNN (f) FFDNet (g) DBSN (h) DeamNet
PSNR25.64 dB PSNR25.68 dB PSNR25.56 dB PSNR26.48 dB
SSIM0.772 2 SSIM0.775 0 SSIMO0.808 5 SSIMO0.805 6

(i) DRUNet (j) SwinIR (k) Blind2Unblind (1) RDDCNN
PSNR26.49 dB PSNR26.55 dB PSNR25.62 dB PSNR25.73 dB
SSIM0.801 3 SSIM0.803 1 SSIM0.816 3 SSIM0.801 3

(m) NHNet (n) WINNet (o) KBNet (p) RDIDNet
PSNR26.24 dB PSNR25.89 dB PSNR26.66 dB PSNR27.56 dB
SSIMO0.790 0 SSIMO0.781 2 SSIMO0.805 6 SSIMO0.832 3

K6 AIEJrigxt Set12 H1* Starfish” BN o =50 i MM 75 J5 AR MRECR X L
Fig. 6 Comparison of denoising effects using different methods on the “Starfish”

image from Set12 after adding Gaussian noise with o =50
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(¢) DnCNN
PSNR25.70 dB
SSIM0.760 5

(b) B4 El{Ro=50
PSNR14.89 dB
SSIM0.237 0

y-

(f) FFDNet
PSNR24.41 dB
SSIMO0.710 8

() BM3D
PSNR23.66 dB
SSIMO0.743 3
Ic y~—

il

(2) DBSN
PSNR24.39 dB
SSIM0.783 6

(i) DRUNet
PSNR25.44 dB
SSIMO.766 6

(j) SwinIR
PSNR25.26 dB
SSIMO0.758 7

(m) NHNet
PSNR24.87 dB
SSIMO0.728 4

(n) WINNet
PSNR24.67 dB
SSIM0.723 1

(k) Blind2Unblind
PSNR25.37 dB
SSIMO0.763 5

ey

(0) KBNet
PSNR25.59 dB
SSIMO0.780 2

AFEJTE%T BSD68 H“ test044” BRI o = 50 13 30 75 J PR sl SR % Eb

(d) WNNM
PSNR24.08 dB
SSIM0.759 4

(h) DeamNet
PSNR25.14 dB
SSIMO0.756 9

G |

(1) RDDCNN
PSNR24.43 dB
SSIM0.707 4

(p) RDIDNet
PSNR27.56 dB
SSIMO0.832 3

Fig. 7 Comparison of denoising effects using different methods on “test044” in BSD68 after adding gaussian noise with o~ =50
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K1 Fo=50 SHEE TABFEIET Set12 HiFEFERE 2 PSNR,SSIM Lb &
Table 1 Comparison of PSNR and SSIM obtained by different methods on the Set12
dataset for denoising after adding Gaussian noise with o =50
HRAY 2N Man House Peppers Starfish Monarch Airplane Parrot
PSNR/dB 26.13 29.69 26. 68 25.04 25.82 25.10 25.90
BM3D SSIM 0.794 7 0.852 2 0.819 3 0.772 8 0.828 3 0.797 5 0.8123
PSNR/dB 26.45 30.33 26.95 25.44 26.32 25.42 26.14
WANM SSIM 0.784 4 0.822 2 0.799 9 0.759 5 0.834 3 0.784 0 0.784 3
DnCNN PSNR/dB 27.26 29.96 27.35 25.64 26.83 25.83 26.42
SSIM 0.807 7 0.818 5 0.809 0 0.772 2 0.8513 0.797 8 0.795 2
FFDNet PSNR/dB 27.24 30.36 27.41 25.68 26.92 25.79 26.57
SSIM 0.813 8 0.827 3 0.816 4 0.775 0 0.858 5 0.799 7 0.800 4
PSNR/dB 27.17 30.09 27.41 25.56 26.77 25.73 26.48
DBSN SSIM 0.800 5 0.817 4 0.824 7 0.808 5 0.846 8 0.802 8 0.798 5
PSNR/dB 27.43 31.19 27.78 26.48 27.19 26.08 26.72
DeamNet SSIM 0.8143 0.840 6 0.832 6 0.805 6 0.869 1 0.808 5 0.803 3
PSNR/dB 27.80 31.26 27.87 26.49 27.31 26.08 26.92
DRUNet SSIM 0.826 7 0.841 2 0.827 1 0.801 3 0.872 4 0.809 3 0.809 8
. . PSNR/dB 26.32 29.72 26.84 25.62 25.96 25.21 26.19
Blind2 Unblind
SSIM 0.796 2 0.8112 0.800 1 0.816 3 0.834 7 0.784 7 0.782 4
RDDCNN PSNR/dB 27.16 30.21 27.38 25.73 26.84 25.88 26.53
SSIM 0.8059 0.824 6 0.820 3 0.780 3 0.8539 0.800 1 0.794 6
NHNet PSNR/dB 27.54 30.85 27.84 26.24 27.10 26.00 26.76
SSIM 0.8113 0.834 2 0.824 4 0.790 0 0.862 3 0.803 7 0.802 3
WINNet PSNR/dB 27.21 30.57 27.47 25.89 26.99 25.95 26.63
SSIM 0.810 8 0.829 6 0.818 7 0.781 2 0.863 7 0.805 2 0.798 0
. ; PSNR/dB 27.79 31.11 27.91 26.55 27.31 26.14 26.91
SwinlR SSIM 0.8278 0.838 2 0.827 6 0.803 1 0.872 3 0.808 7 0.807 8
RDIDNet PSNR/dB 27.63 31.51 27.96 27.56 27.39 26.20 26.78
SSIM 0.820 0 0.842 8 0.8353 0.832 3 0.875 4 0.8110 0.804 9
ALY Bty Lena Barbara Boat Man Couple S
PSNR/dB 29.05 27.22 26.78 26.81 26.46 26.72
BM3D SSIM 0.847 3 0.818 7 0.771 1 0.769 0 0.765 7 0.804 0
WNNM PSNR/dB 29.25 27.79 26.97 26.94 26.64 27.05
SSIM 0.805 3 0.8199 0.708 3 0.709 1 0.713 7 0.771 8
PSNR/dB 29.34 26.15 27.19 27.19 26.86 27.17
DnCNN SSIM 0.810 4 0.768 2 0.717 5 0.721 5 0.723 8 0.782 9
FFDNet PSNR/dB 29.63 26.41 27.30 27.26 27.04 27.30
SSIM 0.821 8 0.779 2 0.7253 0.727 7 0.734 3 0.789 9
PSNR/dB 29.46 26.51 27.16 27.11 26. 86 27.19
DBSN SSIM 0.809 2 0.786 2 0.712 8 0.707 2 0.726 3 0.7853
PSNR/dB 29.96 27.62 27.61 27.38 27.45 27.74
DeamNet
SSIM 0.8326 0.828 3 0.741 7 0.733 3 0.758 3 0.805 7
DRUNet PSNR/dB 30. 15 28.16 27.66 27.46 27.59 27.90
SSIM 0.839 2 0.842 3 0.744 0 0.737 2 0.765 1 0.809 6
. . PSNR/dB 29.14 27.36 26.84 26.96 26.67 26.90
Blind2 Unblind
SSIM 0.801 7 0.8210 0.707 1 0.706 3 0.720 1 0.781 8
PSNR/dB 29.32 26.36 27.23 27.22 26. 88 27.23
RDDCNN
SSIM 0.8127 0.776 1 0.719 3 0.720 8 0.7253 0.786 2
PSNR/dB 29.83 27.19 27.46 27.32 27.28 27.62
NHNet SSIM 0.825 8 0.801 3 0.728 0 0.727 5 0.7459 0.796 4
) PSNR/dB 29.67 26.69 27.37 27.31 27.13 27.41
WINNet SSIM 0.822 4 0.793 1 0.728 9 0.729 7 0.740 4 0.793 5
. . PSNR/dB 30.11 28.41 27.70 27.45 27.53 27.91
SwinlR SSIM 0.837 4 0.848 0 0.743 7 0.737 5 0.762 5 0.809 6
PSNR/dB 30.07 28.11 27.73 27.44 27.57 28.00
RDIDNet
SSIM 0.836 8 0.841 6 0.745 7 0.7353 0.764 3 0.812 1

1. BM3D \WNNM - FAL 5077k “ 56T ViT; HAlLF CNN,
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Table 2 Comparison of the average PSNR and SSIM of different methods for
denoising under various levels of Gaussian noise
o=15 o =25 o =50
) i
& s Setl2 BSD68 Setl2 BSD68 Setl2 BSD68
BM3D PSNR/dB 32.37 31.07 29.97 28.57 26.72 25.62
SSIM 0.895 2 0.8717 0.850 4 0.801 3 0.804 0 0.686 4
WNNM PSNR/dB 32.70 31.37 30.28 28.83 27.05 25.87
SSIM 0.898 2 0.876 6 0.857 17 0.808 7 0.771 8 0.698 2
DuCNN PSNR/dB 32.86 31.73 30.44 29.23 27.17 26.23
" SSIM 0.903 1 0.890 7 0.862 2 0.827 8 0.7829 0.718 9
PSNR/dB 32.75 31.63 30.43 29.19 27.30 26.29
FFDNET
SSIM 0.902 7 0.890 2 0.863 4 0.828 9 0.789 9 0.724 5
DBSN PSNR/dB 32.76 31.63 30.32 29.12 27.19 26.19
SSIM 0.906 2 0.8910 0.860 1 0.820 0 0.7853 0.720 3
PSNR/dB 33.19 31.91 30. 81 29.44 27.74 26.54
DeamNet
SSIM 0.909 7 0.895 7 0.87117 0.837 3 0.8057 0.736 8
DRUN PSNR/dB 33.25 31.91 30.94 29.48 27.90 26.59
t
¢ SSIM 0.909 8 0.895 2 0.873 2 0.837 1 0.809 6 0.737 8
PSNR/dB 32.86 31.74 30.44 29.25 27.20 26.23
HDCNN
SSIM — — — — — —
PSNR/dB 32.46 31.44 30.09 28.99 26.90 26.09
Blind2 Unblind
SSIM 0.897 1 0.884 7 0.854 4 0.820 3 0.781 8 0.7152
PSNR/dB 32.88 31.76 30.47 29.25 27.23 26.30
RDDCNN
SSIM 0.903 3 0.891 4 0.862 6 0.828 6 0.786 2 0.721 0
NHN PSNR/dB 33.15 31.85 30.77 29.37 27.62 26.43
t
¢ SSIM 0.906 4 0.893 1 0.867 5 0.8314 0.796 4 0.726 1
WINN PSNR/dB 32.85 31.70 30.54 29.27 27.41 26.36
St
¢ SSIM 0.902 8 0.890 2 0.865 2 0.8300 0.793 5 0.727 5
SwinIR * PSNR/dB 33.36 31.97 31.01 29.50 27.91 26.58
i SSIM 0.9110 0.896 0 0.874 1 0.837 6 0.809 6 0.7377
PSNR/dB 33.41 31.92 31.06 29.51 28.00 26.60
RDIDNet
SSIM 0.912 6 0.895 4 0.8759 0.839 1 0.812 1 0.739 1
1::BM3D \WNNM & TAE55 57k * BT ViT; FAbBE T CNN,
2.4 EhsoIe 3 HRXK P ARRERS PSNR SSIM HIM

RDIDNet & LATCTEZ 1AL R H MSE #5175 R
B 4 2 U-Net NFEUERRY | BerfAsi A 0y Bk T 4R
T RRUNE 2 H B M s G 2 R AF A B e 3 1
J& &N U-Net #EAT4FAE 42 B, B i BRAE B E 4 K
Jo AR AR AT R R PRSI 2
R L MSE i 2k pRigh

X RDIDNet 47 7H Filt 52 5 , 9 1iF 7 55 AER AL |
{4 ] RDU Sub-Network .DE-CAM . PSNRLoss 47 %%
PeArf st . RGBS E R o =50 =i,
i FBAESE Set12 PEATINL, XFPEMF54% PSNR ,SSIM
BOME, b2 a2 3 i, X Fe L s o] U,
RDU Sub-Network ¥ PSNR .SSIM 43 4% T} 0. 31 dB .,
0.007 8; ¥ /il DE-CAM Vi & J7 BL K Baseline (1)
PSNR . SSIM 43l # F+ 0. 25 dB.0.006 6; [F] B % FH
RDU Sub-Network F1 DE-CAM 13 75 7 45 Bl B i A
AU PSNR , SSIM 43 5#2F 0. 46 dB 0. 011 9; [A] A
FH RDU Sub-Network . DE-CAM 3 2 77 455 H Fl s

MU www.

Table 3 The impact of different modules on
PSNR and SSIM in ablation studies

TR FebR P HME
PSNR/dB 27.52
Baseline

SSIM 0.799 6

PSNR/dB 27.77

Baseline + DE-CAM

SSIM 0.806 2

Baseline + PSNR/dB 27.83
RDU Sub-Network SSIM 0.807 4

Baseline + DE-CAM PSNR/dB 27.98
+ RDU Sub-Network SSIM 0.8115

Baseline + DE-CAM + PSNRLoss PSNR/dB 28.00
+ RDU Sub-Network SSIM 0.8121

MSELoss “& PSNRLoss 15 45 51 F R R | 5 I v AR
HUfF) PSNR (SSIM 43 5ll#2 7+ 0. 48 dB 0. 012 5,

3 &g
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