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Unsupervised Multi-non-local Fusion Image Denoising Method

CHEN Ye-Fei' ZHAO Guang-She' LI Guo-Qi* WANG Ding-Heng'

Abstract Non-local means (NLM) denoising algorithm achieves a good denoising effect with the self-similarity of
images. However, NLM assigns excessive weights to dissimilar neighborhood patches in the image. Meanwhile the
parameters of NLM, such as the search window size, filtering coefficient and so on, are usually fixed and could not
make adaptive adjustments based on changes of image content. In view of the above problems, this paper proposes
an unsupervised multi-non-local fusion (UM-NLF) image denoising method, transforming the combined parameters
such as the search window to obtain multiple denoising results and making an unsupervised stochastic linear com-
bination for these results by using the Stein's unbiased risk estimator (SURE) to obtain the final result. Firstly, in
order to eliminate dissimilar or low similarity neighborhood patches, this paper proposes a non-local means with a
differentiable hard threshold function (NLM-DT) algorithm, and then combines fast Fourier transformation to make
the preliminary improvements in the denoising effect and speed of the algorithm; Secondly, the paper uses a fast
NLM-DT algorithm to generate multiple denoising results in series for different combination parameters; Then this
paper combines the above multiple denoising results randomly and linearly with the Monte Carlo random sampling,
and uses a weighted moving average filtering algorithm based on SURE features to suppress the jitter noise caused
by the combination of multiple denoising results; Finally, the paper uses the SURE of the noise image and the
filtered image to optimize linear combination unsupervisedly by the back propagation of gradients. Experiments
show that the peak signal to noise ratio (PSNR) of UM-NLF algorithm exceeds those of NLM and most of the im-
proved algorithms of NLM on public datasets and exceeds BM3D on some images. Besides, UM-NLF produces few-
er ringing artifacts than BM3D algorithm visually, which improves the visual quality of the image.
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S 5. RASKARR (20), BB Lwess 3 X5,

3 SEWERSHM
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HRELV: BM3D™ B34 Tx L. R, AASCHE UM-NLF
Fv 5 A B e 8 W 4% K45 2 7 v TNRDEY
A DnCNN-SP I e B w28 W 4% PR 2 e 7 v
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3.1 SEIHURESE

N T VEAL RO S A v i R K R 1]
1§y 2w gE, AT UL Classicl3 ##E 4£ A
BSD68" Hflife st . Hrh, Classicl3 4l
e 13 K4 i A8 0 B K R R Hdls , 05 7
7k K/NN 256 x 256 B Cameraman (C.man),
House, Peppers, Starfish, Monarch, Airplane Fl

Parrot, LA 6 5K K/NR 512 x 512 ] Lena, Bar-
bara, Boat, Man, Couple 1 Baboon. BSD68 {4k
AT 68 TKRAF KN KL B B4l VF Fa b
T ECR AW (5 M LE PSNR (dB), ,E.WfHUf“ 2
(Structural similarity index, SSIM) FI&%LiE

I 1E] (FD).

3.2 SENSHANLE

TE SR I 4T PRI IO TC B T SRR BT X B
LG HIE— G lCE N Inter(R) Core(TM) i7-6 700
CPU 1 8GB RAM HIH W ig1T, #IE RSN
Windows 7 H#FF 4~ Matlab 2016b.

TESLWRH LS BB E 7 H: X+ NLM-DT
B, R E W R/NEEL 21 x 21, ARk HL K Nk
B7x7, WHESEER =0, TM 4 1) (L PR 5
AR 15 ZH0EEL A = 300 uﬁﬁilﬁ@%ﬁnﬁﬁxa =
c-exp(—2), Hth, ¢ KIBUAIX ] 24[0.02,0.04] . [A]
B, XFF UM-NLF 509%, 82 % K/, 4RI K1,
A% R A S U ] e S B E R AU S
Bk e, BARWNEE 1 o, Hed, BSD6S s2it %
ERHESH SR 10512 x 512 KNG AL B
J5 AIEAR— 2.

# 1 UM-NLF BERSHuesE

Table 1 ~ Parameter selection of UM-NLF algorithm
S PN 24 ZHE
LRI ELAR (5,7, 11]
HWRENER [13,21]
T 0 R 2 (1,2,4]
256 X 256 Vistesei [0.8,1.0,1.2,---,2.4]
i ) 12 2 % [0,0.02,0.04] x exp(——)
LA A HEHE 40
SR RIE I 80
IS 3 F- 24 i H 8
AR EAR (5,7, 11]
MRENES [13,21]
LI R L (1,2,4]
512 x 512 Vit e [0.8,0.95,1.1, -+ ,2.3]
i R {1 5 B [0,0.04,0.08] x exp(—-)
PR AR H 70
SRER I B 150
IS 225 (1 H 8

3.3 fREEGEBREIARIIIEL

3.3.1  EIUEIRIEL
SE B AN B g SRR ISR 2 Rk 3 fs. Horp,
R 2 MR 3 A AR R SO AR A 5 o 7y
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S04 104 154 204 25+ 35 1 50 2% & g 75 &) 45 $ 4 Bk S K8 PSNR i 7 BM3D #EH
Classic13 fil BSD68 b Mt B xf bhgs B, W EE i NSEIR R BRGNS, A AN
& UM-NLF 835k L 17 B & i 451

NLM geidb 5y, R Bf £E 3 45 i 75 % L, UM-NLF 1) Bk LM R R T

F 2 TE13KMEEKTE o 50N 100 15 20+ 25, 35 A1 50 [ B AR SHVE 25045 1Y PSNR (dB)
Table 2 The PSNR (dB) results of different methods on 13 gray images with noise level ¢ at 10, 15. 20. 25. 35 and 50

Level Images C.man House Peppers Starfish Monarch Airplane Parrot Lena Barbara Boat Man Couple Baboon
NLM 31.83  35.35 33.23 32.22 32.47 31.02 3142 3485 33.80 32.70 32.66 32.59 28.55
NLM-SAP  33.50 35.49 34.20 32.44 33.69 32.86 32,92  35.06 33.77 3297 33.18 33.08 29.78
PNLM 33.50 35.28 33.66 32.74 33.49 32.85 32.82  34.63  33.39 3290 33.15 32.78 29.92

LJS-NLM  33.08 35.18 33.27 32.10 32.54 32.23 32.55  34.54 33.56 32.64 32.82  32.56 30.11

o =10 ANLM 30.33  34.66 32.05 30.69 30.99 29.44 29.84  34.33 32.73 31.88 32.06  31.86 26.97
BM3D 34.19  36.71 34.68 33.50 84.12 33.338 38.57 35.93 34.98 33.92 33.98 34.04 30.58

NLM-DT  32.06  35.39 33.23 32.05 33.31 31.03 31.53  34.90 33.63 32.87 3292 32.74 28.64

UM-NLF 34.13  36.07  34.71 33.54 34.34 33.54 33.60 3570  34.44 33.68 33.98  33.64 30.66

NLM 30.35  33.75 31.35 30.37 30.75 29.59 30.06 32.89 31.67 30.80 30.71 30.49 26.92

NLM-SAP 31.18 33.85 32.24 30.37 31.28 30.54 30.68  33.32 31.93  31.02 31.03 30.94 27.41

PNLM 31.25  33.46 31.40 30.42 31.13 30.58 30.64 32,60 31.06 30.86 30.95 30.45 27.59

LJS-NLM  30.86  33.26 31.05 29.89 30.29 29.93 30.35 3243  31.19  30.45 30.58  30.11 27.54

oc=15 ANLM 29.37  33.34 30.83 29.54 29.79 28.65 28.98  32.87  31.32 30.56  30.58  30.47 26.18
BM3D 31.91  34.93 32.69 81.14 81.85 81.07 31.37 34.26  33.10 32.13 31.92 32.10 28.18

NLM-DT  30.55  33.79 31.52 30.34 30.69 29.67 30.12  33.09 31.84 31.08 31.08 30.87 27.18

UM-NLF  31.92 3447  32.70 31.36 32.12 31.34 31.44  34.01 32.57  81.82 31.95  31.61 28.32

NLM 29.24  32.26 29.86 28.68 29.35 28.33 28.96  31.41 29.91 29.32  29.31  28.79 25.44

NLM-SAP  29.69  32.48 30.77 28.78 29.58 28.94 29.23  31.92 30.38 29.60 29.58  29.31 25.94

PNLM 29.73  31.95 29.79 28.69 29.51 29.04 29.24  31.15 29.27 29.38 29.44  28.76 26.00

LJS-NLM  29.35  31.69 29.43 28.15 28.75 28.37 28.92  30.96  29.38 28.91 29.05 28.34 25.82

o =20 ANLM 28.56  32.41 29.65 28.47 28.76 27.86 28.23  31.68  30.12 29.45 2941  29.25 25.27
BM3D 30.49  33.77 31.29 29.67 30.35 29.55 29.96  33.05 31.78  30.88 30.59 30.76 26.61

NLM-DT  29.37 3251 30.10 28.97 29.38 28.60 29.01  31.68  30.28 29.70 29.74  29.35 25.97

UM-NLF  30.44  33.29 31.22 29.80 30.61 29.82 30.03 3277 31.17  30.51 30.59  30.23 26.80

NLM 28.29  30.89 28.62 27.25 28.19 27.27 28.05  30.26 28.49 28.17 28.24  27.46 24.26

NLM-SAP 28.61 31.20 29.55 27.43 28.26 27.75 28.24  30.76 29.05 28.47 28.48  27.98 24.74

PNLM 28.58  30.68 28.52 27.33 28.26 27.83 28.21  30.02 27.85 28.23 28.30  27.46 24.77

LJS-NLM  28.16  30.39 28.11 26.76 27.53 27.16 27.84  29.86 27.95 27.74 2791  27.04 24.57

o =25 ANLM 2791  31.62 28.66 27.49 27.88 27.07 27.57  30.69 29.05 28.50 28.49  28.16 24.38
BM3D 29.45  32.85 30.16 28.56 29.25 28.42 28.93  32.07 30.71 29.90 29.61 29.71 25.46

NLM-DT 2847 31.24 28.95 27.72 28.29 27.70 28.11  30.54 28.97 28.64 28.69 28.10 24.97

UM-NLF  29.35  52.29 30.04 28.56 29.42 28.67 29.00 31.79  30.07 29.51 29.56 29.12 25.69

NLM 26.57  28.64 26.66 25.16 26.30 25.48 26.58 28.53  26.35 26.44 26.67  25.67 22.69

NLM-SAP  26.88  28.88 27.47 25.27 26.30 25.76 26.70 2894  26.90 26.72 26.89  26.06 22.89

PNLM 26.76  28.56 26.54 25.32 26.34 25.86 26.65 28.28  25.76 26.47 26.62  25.66 23.02

LJS-NLM  26.19  28.22 26.11 24.75 25.58 25.16 26.22 2820  25.86 26.01 26.30 25.30 22.86

oc=235 ANLM 26.82  30.05 27.16 25.76 26.43 25.79 26.46  29.16  27.24 26.97 27.11  26.31 22.86
BM3D 27.92  31.36 28.51 26.86 27.58 26.83 27.40 30.56  28.98 28.43 28.22 28.15 23.82

NLM-DT  26.98  29.05 27.03 25.65 26.54 26.01 26.73 28.76  26.85 26.91 27.03  26.15 23.38

UM-NLF 2777  30.64 28.26 26.70 27.70 26.86 27.54  30.22  28.42  27.96 28.07 2745 24.09
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Table 2 The PSNR (dB) results of different methods on 13 gray images with noise level o at 10 15. 20, 25. 35 and 50
(continued)
Level Images C.man House Peppers Starfish Monarch Airplane Parrot Lena Barbara Boat Man Couple Baboon
NLM 24.39  26.14 24.48 23.17 24.00 23.36 24.82  26.61 24.26 24.65 25.07  24.06 21.40
NLM-SAP  24.75  26.32 25.10 23.14 24.07 23.37 24.95 27.07 24.63 24.94 2536  24.39 21.33
PNLM 24.67  25.96 24.23 23.17 23.99 23.54 24.84  26.34 23.71 24.61 24.89  23.96 21.48
LJS-NLM  24.06  25.79 23.84 22.83 23.31 23.06 24.38  26.34 23.83 24.30 24.70  23.71 21.35
o =50 ANLM 2543 2795 25.44 23.84 24.82 24.24 25.21  27.61 25.19 25.36  25.69  24.53 21.40
BM3D 26.13 29.69 26.68 25.04 25.82 25.10 25.90 29.05 27.22 26.78 26.81 26.46 22.85
NLM-DT 25.08  26.62 24.94 23.69 24.49 24.02 25.04  26.79 24.65 25.05 25.30 24.38 21.81
UM-NLF  26.06 28.57  26.29 24.80 25.85 24.99 26.04  28.51 26.58  26.31 26.52 25.71 22.53
T BRI ANEE SR 53 ) DU RN AR R 8w
#® 3 AFSFEAE BSD68 KFEH A L1 PSNR (dB) fl SSIM
Table 3  Average PSNR (dB) and SSIM results of different methods on BSD68 gray dataset
o NLM NLM-SAP PNLM LJS-NLM ANLM BM3D NLM-DT UM-NLF
10 31.37/0.8809 32.47/0.9006 32.52/0.9000 32.30/0.8984 30.72/0.8834 33.32/0.9168 31.57/0.8934 33.35/0.9184

15 29.64/0.8281
20 28.31/0.7803
25 27.28/0.7368
35 25.75/0.6602
50 24.20/0.5643

30.29/0.8472
28.84/0.7973
27.75/0.7550
26.17/0.6854
24.59/0.6069

30.25/0.8472
28.73/0.7994
27.60/0.7563
25.95/0.6812
24.29/0.5893

29.95/0.8448
28.38/0.7967
27.22/0.7539
25.58/0.6814
23.99/0.5945

29.44/0.8412
28.41/0.8029
27.56/0.7685
26.25,/0.7099
24.88/0.6403

81.07/0.8720
29.62/0.8342
28.57/0.8017
27.08/0.7482
25.62/0.6869

29.96/0.8464
28.72/0.8015
27.73/0.7585
26.20/0.6767
24.52/0.5685

31.16/0.8760
29.70/0.8367
28.64,0.8034
27.12/0.7451
25.63/0.6768

fH# 2 "] 51, 7E Classicl3 K EUG HdR4E L
e AR = TR S AR UEZE o 43 0 105 15, 20,
25. 35 1 50 i, NLM-DT $Lyk1E 13 5K K JE 1 75 K]
1% F 20 5 K151 PSNR (dB) “FIME, M T1E
SRR MH NLM Sk e gs 1, ol 7
0.12.0.16. 0.29. 0.38. 0.41 £ 0.42; UM-NLF %%
) PSNR (dB) “F¥JME, fHELT NLM 53k, 2 53
TH7T 1.49.1.23.2.67. 1.36. 1.53 F1 1.72. [AI}, f1# 3
AlEN, 7E BSD68 K EE G 445 |, NLM-DT &
£ 5 EZ ) PSNR (dB) “FH¥I{E, M T4 %
kM NLM 892, 0 ml42 A 17 0.204 0.32
0.41.0.45.0.45 1 0.32; UM-NLF 5% PSNR
(dB), MELF NLM 532, 2542 TF T 1.98.1.52.
1.39.1.36+ 1.37 F1 1.43. X TR/ KL 7 A SCHEH
Bk NLM-DT Al UM-NLF k78 &5 2 14
RO AR,

2) BE LMz A R

AN[F] £ MR Classicl3 Al BSD68 K JE g
PR 4 b () S0 45 SR B 22 Mk 75 TR 1) v B 7
FrUE 2 /M5, PNLML NLM-SAP. BM3D #il UM-
NLF 5y £ e a8 ({5 e Lk PSNR 80K, BP
E A5 1) PR 2 M R A 1 7 R ) vy T Mg 75
PRk 28 KK, ANLM. BM3D.NLM-DT 1 UM-

NLF B EMHEBTFHERER. 2615,
BM3D Fl UM-NLF £ A [ #5y iy i 75 55 20 1 e 7 ]
%G &, Bk LR A R B T

3) e TR R I R 5 25 RAR 2 Mgk i ]

X T A A [ — ) vy B e 7 A A ) e S IR B
0 RO ST K, NLM 5032 b H otk 59k
FEEE ) PSNR LT #E AR E T, (22
SIE I 2 M T) 5 i3 .
3.3.2 MEHRITEE

TR OB A B 2 SRR SR 20 R I
171, ASCHEE R e A 2R 2 o = 20 ) Airplane M
g, s S22 o =35 ) “Test016” M B
% (3£ H BSD68 Hi4E) Flm il 5% o = 50
") Baboon Mg E%. il 6 Ara~, BT EG
Airplane [¥7HE 75 S IAIK, HBA X G R 451G
BRI, IR B T R AG ok B BRI 2 4L
FRYRT, BERF BM3D Al UM-NLF HyE#SEE T A
B R N 6 1 R K Bk E, UM-
NLF 5240 BM3D Sk A & Bk 10 2 45 F AR
FERE ST, LR Mk R T Airplane BEUE /ALY
SRR N LR B ARSE. LN A2, e 7
Fizx, T “Test016” M BRI S mls, 3



98 H 3

¥R 8 %

(b) Noisy image

(a) Ground truth

(f) LIS-NLM (g) ANLM

(h) BM3D

(i) NLM-DT (j) UM-MLF

Bl 6 ANFEFZEIEESEEL o = 20 1) Airplane B 75 BUR 1) 2445 1 PSNR (dB) 1 SSIM ((a) JE#H TG R B EIE;
(b) M7= EMZ (22.08 dB/0.4397); (c) NLM (28.33 dB/0.8328); (d) NLM-SAP (28.94 dB/0.8526); (e) PNLM
(29.04 dB/0.8490); (f) LIS-NLM (28.37 dB/0.8410); (g) ANLM (27.86 dB/0.8489); (h) BM3D
(29.55 dB/0.8755); (i) NLM-DT (28.60 dB/0.8418); (j) UM-NLF (29.83 dB/0.8760))

Fig.6  Denoising results PSNR (dB) and SSIM on noisy image Airplane with noise level o = 20 by different methods
((a) Ground truth; (b) Noisy image (22.08 dB/0.4397); (c) NLM (28.33 dB/0.8328); (d) NLM-SAP (28.94 dB/0.8526);
(e) PNLM (29.04 dB/0.8490); (f) LIS-NLM (28.37 dB/0.8410); (g) ANLM (27.86 dB/0.8489); (h) BM3D (29.55
dB/0.8755); (i) NLM-DT (28.60 dB/0.8418); (j) UM-NLF (29.83 dB/0.8760))

(a) Ground truth

(b) Noisy image

(f) LIS-NLM (g) ANLM

_ (h) BM3D -

() NLM-DT ~ (j) UM-MLF

Bl 7 AFEIENEEESES o = 351 “Test016” e BUE I 245 5 PSNR (dB) 1 SSIM ((a) REETL R EUE;
(b) M EME (17.25 dB/0.4201); (c) NLM (24.41 dB/0.7202); (d) NLM-SAP (24.75 dB/0.7293); (e) PNLM
(24.85 dB/0.7376); (f) LIS-NLM (23.94 dB/0.7168); (g) ANLM (24.89 dB/0.7540); (h) BM3D
(25.48 dB/0.7850); (i) NLM-DT (25.04 dB/0.7422); (j) UM-NLF (25.91 dB/0.7853))

Fig.7 Denoising results PSNR (dB) and SSIM on noisy image “Test016” with noise level 0 = 35 by different methods
((a) Ground truth; (b) Noisy image (17.25 dB/0.4201); (c) NLM (24.41 dB/0.7202); (d) NLM-SAP (24.75 dB/0.7293);
(e) PNLM (24.85 dB/0.7376); (f) LJS-NLM (23.94 dB/0.7168); (g) ANLM (24.89 dB/0.7540); (h) BM3D (25.48
dB/0.7850); (i) NLM-DT (25.04 dB/0.7422); (j) UM-NLF (25.91 dB/0.7853))
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(a) Ground truth

(f) LJS-NLM

(g) ANLM (h) BM3D (i) NLALDT () UM-MLE

K8 ARRFEMNEEFS%Y o = 50 [f] Baboon M BRI 245 PSNR (dB) Al SSIM ((a) JR4ATE R EIE;
(b) M7 % (14.16 dB/0.2838); (c) NLM (21.40 dB/0.4674); (d) NLM-SAP (21.33 dB/0.4386); () PNLM
(21.48 dB/0.4793); (f) LIS-NLM (21.35 dB/0.4866); (g) ANLM (21.40 dB/0.4529); (h) BM3D
(22.35 dB/0.5489); (i) NLM-DT (21.62 dB/0.4840); (j) UM-NLF (22.53 dB/0.5739))

Fig.8 Denoising results PSNR (dB) and SSIM on noisy image Baboon with noise level o = 50 by different methods
((a) Ground truth; (b) Noisy image (14.16 dB/0.2838); (c) NLM (21.40 dB/0.4674); (d) NLM-SAP (21.33 dB/0.4386);
(e) PNLM (21.48 dB/0.4793); (f) LJS-NLM (21.35 dB/0.4866); (g) ANLM (21.40 dB/0.4529); (h) BM3D (22.35
dB/0.5489); (i) NLM-DT (21.62 dB/0.4840); (j) UM-NLF (22.53 dB/0.5739))
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Fig.9 XDoG filtered results of the denoised images of different algorithms on noisy image Baboon
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H4 RFVEELEA/N 256 x 256 WS R 110 2at T (7))
Table 4  Denoising time (seconds) of different algorithms on gray noisy images with a size of 256 X 256
o NLM NLM-SAP PNLM LJS-NLM ANLM BM3D NLM-DT UM-NLF
10 71.74 £0.82 10.89 + 0.21 7.39 £+ 0.64 1.41 +£0.01 6.35 £ 0.34 0.67 £ 0.09 68.49 £+ 1.45 25.55 £ 0.59
15 72.85 £ 3.45 11.11 £ 0.20 7.79 £ 0.58 1.41 £0.03 6.31 £0.04 0.68 £+ 0.09 60.01 £+ 1.42 24.41 £1.23
20 72.58 £4.34 11.23 £ 0.15 8.09 £ 0.46 1.40 +0.02 6.25 £ 0.08 0.70 £ 0.09 70.68 £ 0.86 25.27 £ 1.56
25 72.76 £ 1.62 11.36 £ 0.10 8.37 £ 0.58 1.40 +0.01 6.26 £ 0.20 0.68 £0.11 64.71 £ 2.45 24.98 £ 3.12
35 71.68 £0.70 11.43 £0.12 8.74 £0.31 1.39 £ 0.03 6.25 +£0.13 0.67 £0.10 60.40 £ 0.78 24.68 £+ 2.32
50 71.48 £1.07 11.48 £ 0.05 8.95 £ 0.40 1.39 +0.01 6.27 £0.19 0.87 £0.05 62.52 £ 1.45 24.30 £1.22
5 REEIEIE RN 512 x 512 M R 1 e ] (F5)
Table 5 Denoising time (seconds) of different algorithms on gray noisy images with a size of 512 x 512
o NLM NLM-SAP PNLM LJS-NLM ANLM BM3D NLM-DT UM-NLF
10 284.37 +13.82 66.46 + 0.66 38.48 £+ 3.46 10.37 + 0.40 25.27 £ 0.65 3.16 £0.13 281.63 +11.13 155.64 + 8.90
15 282.18 £11.25 67.77 £2.22 41.25 £ 3.55 10.30 + 0.33 25.46 + 0.68 3.26 £0.11 281.31 +£10.23 160.28 + 5.34
20 285.50 £+ 11.34 68.70 £ 1.82 42.85 £2.50 10.15 £ 0.49 25.70 £ 0.66 3.32£0.11 287.31 £13.33 155.94 £9.91
25 283.65 £ 12.72 69.53 £+ 0.63 44.46 £4.01 10.18 £ 0.31 25.54 £0.32 3.33 £0.08 275.43 +£14.23 151.56 £+ 5.23
35 284.15 +£ 15.70 70.41 £ 0.60 46.88 +£1.89 10.21 +0.25 25.40 £0.71 3.20 £0.17 279.51 +13.32 150.65 + 4.43
50 279.63 £+ 19.07 71.46 £ 2.11 49.37 £2.83 10.36 + 0.18 25.40 £0.49 3.86 £ 0.09 289.26 4+ 14.24 158.75 + 6.45

RS 5 LR AR R A EE O et S AR A DU A 2%
WEARRE L, SRGETHEMRIRCE. 3) RIS, AR
Hrhe A S5 2 5 SR KRB AT I R RS — S %
A, BRIV R S S Ry, R RIS TR AR

2 W ER RRERRIXTEE

HRT, DL DX 5 () 28 0 2% [ 45 22 e By,
KR 73F) FH BET 1 g 7 PR AN i 4 T 2k B EUEAE
IR EdiE , T 3T Al AR B AR A AR (L
TEANERE. T REEE . WS R BN &7 255
XTI SR B AT 2 21, T e R P e s PG ORD R Ak e
RE MG, sl BRI 22 B 45 K bR Eont
S ST (AR TR R AT AN L BB, e i R 1 e R TR A
TR AR UG AT M S T 1R 4 i & i
ROR. BNk, EE T UM-NLF 59k 54 figpp
W25 R 2 T BT IR IR 5 X 51, IR 54
B R R 22 I 2% R 5 0 T v TNRD P Al
DnCNN-SE DL T s B w48 ) 4% 114G 2 e T
% GCBDP Al Noise2Void " #E47 25 M 25 5L ) S 56
XFEE.
3.4.1

3.4

PUTRIZMIXTEE
A 3BT UM-NLF 53 (AT R
T2 15 22 e 20 D0 245 BB 3 5 AT IR AR R B & A
DX,
1) BE&R
MEER AT R T &, AR BB £
HARR A A (UM-NLF) (RG LM%, 5448

i 22 I 285 R 25 W T VEAE AT AR B SRR 45
M. AR &, 2T n] o0 b R bR ) E SR 5 35
B, I R B DU Ab AR 3R SO R0 1 BB AR
W51 R DX BRI AR, T B
AHAL AR 25 7 B8 2% s AT A1), 1X — A2 v]
KILT A ML) “HBARE B, J5& @A
] ) 5 FHUAZ 32 B MR O RRAIE o i e 75 5 b ok B
ML H AR R T “4&ERH)Z7F “Drop Con-
nect” B J5 T XHHEH B RFESEAT 416 -5
JEW AR RN, ASCHEH T SURE MR #%
FFRgER EE, R T R REEEER, 5
T80 FE R S HO R 4 S G EERE  BE AL
TF8)). IXFha i) L AR, 75— e 2R bt T UM-
NLF 8L BA 54 ML RHESE B RE /7.

2) X5

AT F BN EIE AT J7 AT E BT A
JE, X UM-NLF 53k 5 20 i 28 W 25 5 2 g
TERIX A a) 47778 UM-NLF HiE7 555 &
K& S g5 ¥ (5 B0 B AR UE, R 2 B4R
ERIENLG e &, IR SURE B I #8755 A
[F] 2 M R 2R 4 & &8, e UIgR, B
WG AT L, BRI S FEERE; ma
P N 45 G 22 g VA AT 7 A K E AR AR A
NG, I g ST AH B IR FE A R P A AL FE
HRUE T RAFE 2 O R S Rl B 2
R S 1) A 4 B 2 ) W s EMR 22 D 0 T 2k L
B (BERZEB) MREYT. b) HE R &t



134 Rt k45 JC B 2 AR R R A I R T 101

*6

TGS AR L 7 2 HIEAE BSD68 K EZ#tn £k F -7 14 PSNR (dB) A1 SSIM

Table 6  Average PSNR (dB) and SSIM results of traditional and deep learning methods on BSD68 gray dataset
PG T B 2 0 5 v T M e 2 o 2% 2 Mk A M A 2 0 2% 2 e 5

o BM3D UM-NLF Noise2Void GCBD TNRD DnCNN-S

15 31.07/0.8720 31.16/0.8760 -/= 31.59/— 31.42/0.8822 31.73/0.8906

25 28.57/0.8017 28.64/0.8034 27.71/— 29.15/— 28.92/0.8148 29.23/0.8278

50 25.62,/0.6869 25.62/0.6762 -/~ -/- 25.97/0.7021 26.23/0.7189
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