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Asymptotic Non-local Means Image Denoising Algorithm

XING Xiao-Xiao' WANG Hai-Long® LI Jian' ZHANG Xuan-De!

Abstract Non-local means denoising (NLM) algorithm is a milestone algorithm in the field of image processing.
The proposal of NLM has opened up the non-local method which has a deep influence. This paper performed a re-
visit for NLM from two aspects as follows: 1) To alleviate the high computational complexity problem of NLM, a
fast algorithm was constructed, which was based on cross-correlation and fast Fourier transform; 2) NLM always
blur structures and textures during the noise removal, especially in the case of strong noise. To solve this problem,
an asymptotic non-local means (ANLM) image denoising algorithm is put forward, which uses the property of noise
variance to control the filtering parameters. Numerical experiments illustrate that the fast algorithm is 27 times
faster than classical implementation with standard parameter configuration, and the ANLM obtain better denoising
effect than classical NLM.
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5x 5. Kl S K FHIE(E A5 B L (Peak signal to
noise ratio, PSNR) MZ5H AL (Structural sim-
ilarity, SSIM) 1F A4EH5.

2 X =P R AE A [ E A 5 TR ) PSNR
AT SSIM #E4T HLH. MH AT, Gie PSNR & &
SSIM, ANLM {2 A% 4t i) NLM #4 — € i 52 .
2 R FRUEZ /N T 50 B, ANLM ) PSNR K #8455
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F 1 =MEMRENLEATIEE I R
Table 1 Comparison of running speeds of three denoising algorithms
&I (% B 8 X A NLMizAT NLM-Pizf7  FNLMIg{T NLM5NLM-P NLMS5FNLM NLM-P5FNLM
N N I 1] (s) T (s) I TE] (s) TEATI ) 2 A BATI A2 LA IBATIN E] 2 LU fE
3 x3 21 x 21 232.79 19.41 7.17 11.99 32.46 2.71
3 x3 31 x 31 505.64 42.01 10.53 12.04 48.02 3.99
3 x 3 51 x 51 873.02 113.04 13.95 7.72 62.58 8.10
3 x3 101 x 101 5024.73 160.10 48.49 31.38 103.62 3.30
5x5 21 x 21 236.12 18.29 8.68 12.91 27.20 2.11
5x5 31 x 31 512.77 39.90 12.74 12.85 40.25 3.13
5 X5 51 x 51 911.16 108.04 16.19 8.43 56.28 6.67
5x5 101 x 101 5 159.80 154.83 53.13 33.33 97.12 2.91
TxT 21 x 21 250.77 19.21 11.28 13.05 22.23 1.70
7Tx7 31 x 31 547.50 42.29 16.51 12.95 33.16 2.56
TxXT7 51 x 151 913.15 114.37 19.75 5.58 46.24 5.79
TxT7 101 x 101 5 328.55 163.56 59.96 32.58 88.87 2.73
9 x9 21 x 21 256.49 18.54 13.40 13.83 19.14 1.38
9x9 31 x 31 560.17 39.63 20.70 14.13 27.06 1.91
9x9 51 x 51 969.08 108.74 23.35 8.91 41.50 4.66
9x9 101 x 101 5 516.60 154.75 67.41 35.65 81.84 2.30
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Table 2 Effect comparison of three denoising algorithms on gray images

‘ 25 30 50 75 100
K& Hik

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

NLM 28.23/0.77 27.27/0.73 24.26/0.57 21.82/0.41 20.17/0.30

Camera 256 x 256 PNLM 28.39/0.82 27.58/0.79 24.96/0.71 22.59/0.61 21.02/0.52
ANLM 28.07/0.83 27.43/0.81 25.35/0.73 23.32/0.64 21.80/0.56

NLM 30.11/0.89 29.13/0.87 26.21/0.78 23.75/0.67 22.00/0.58

Lena 512 x 512 PNLM 30.58/0.89 29.72/0.88 27.18/0.81 25.07/0.73 23.65/0.67
ANLM 30.59/0.90 29.80,/0.89 27.57/0.83 25.72/0.77 24.35/0.71

NLM 28.17/0.85 27.21/0.82 24.53/0.72 22.48/0.61 21.04/0.53

Boat 512 x 512 PNLM 28.40/0.85 27.51/0.82 24.99/0.72 23.17/0.63 22.07/0.56
ANLM 28.55/0.86 27.74/0.84 25.50/0.75 23.73/0.67 22.58/0.61

NLM 26.57/0.93 25.43/0.91 21.84/0.79 19.18/0.63 17.73/0.51

Finger 512 x 512 PNLM 26.41/0.93 25.45/0.91 22.15/0.78 19.22/0.57 17.64/0.40
ANLM 26.41,/0.94 25.63/0.93 23.00/0.83 20.40/0.68 18.58/0.52

NLM 28.09/0.85 27.12/0.82 23.88/0.69 20.61,/0.54 18.39/0.41

B Fly 512 x 512 NLM 27.78/0.88 26.98,/0.86 24.32/0.79 21.44/0.68 18.99/0.56
ANLM 27.61/0.89 26.84/0.87 24.65/0.80 22.44/0.72 20.45/0.63

NLM 28.28/0.85 27.39/0.82 24.87/0.71 22.83/0.61 21.35/0.53

Man 512 x 512 PNLM 28.45/0.84 27.62/0.81 25.32/0.71 23.61/0.62 22.51/0.56
ANLM 28.63/0.86 27.89/0.83 25.83/0.75 24.20/0.67 23.08/0.61

NLM 24.53/0.81 23.66,/0.77 21.60/0.63 20.27/0.52 19.36/0.44

Baboon 512 x 512 PNLM 24.61/0.81 23.75/0.76 21.51/0.59 20.23/0.47 19.61/0.40
ANLM 24.62/0.83 23.88/0.79 21.83/0.64 20.57/0.53 19.90/0.45

NLM 24.67/0.80 23.50/0.74 20.71/0.55 19.16/0.39 18.27/0.31

Straw 256 x 256 PNLM 24.94/0.81 23.78/0.75 20.66,/0.51 18.96/0.32 18.25/0.24
ANLM 24.96/0.83 24.04/0.78 21.23/0.58 19.37/0.40 18.51/0.32

NLM 28.26,/0.89 27.11/0.87 24.05/0.76 21.92/0.65 20.54/0.57

Barbara 512 x 512 PNLM 28.76/0.90 27.64/0.88 24.51/.078 22.45/0.68 21.30/0.60
ANLM 28.72/0.91 27.82/0.89 25.08/0.81 23.02/0.71 21.82/0.65

NLM 30.31/0.83 29.17/0.78 25.54/0.62 22.21/0.44 20.24/0.33

Montage 256 x 256 PNLM 30.56/0.88 29.50,/0.86 26.41/0.79 23.51/0.69 21.31/0.59
ANLM 30.60/0.89 29.65/0.87 27.04/0.80 24.50/0.71 22.28/0.62

NLM 30.60/0.78 29.43/0.74 25.92/0.57 23.20/0.41 21.43/0.30

House 256 x 256 PNLM 31.30/0.83 30.26/0.81 26.97/0.73 24.31/0.62 22.74/0.54
ANLM 31.28/0.84 30.47/0.82 27.85/0.75 25.35/0.66 23.58/0.58

NLM 28.21/0.83 27.33/0.79 24.94/0.68 23.08/0.58 21.68,/0.51

Hill 512 x 512 PNLM 28.37/0.82 27.51/0.78 25.31/0.66 23.87/0.57 23.01/0.52
ANLM 28.69/0.84 27.94/0.81 25.86/0.71 24.38/0.62 23.44/0.57

NLM 27.50,0.84 26.52/0.80 24.03/0.69 22.16/0.58 20.84/0.50

Couple 512 x 512 PNLM 27.76/0.84 26.74/0.80 24.27/0.67 22.68/0.57 21.71/0.51
ANLM 28.12/0.86 27.21/0.83 24.79/0.72 23.22/0.62 22.20/0.56

NLM 28.61/0.79 27.58/0.75 24.45/0.60 21.76/0.45 20.00/0.34

Peppers 256 x 256 PNLM 29.04/0.83 28.08,/0.80 25.12/0.72 22.40/0.62 20.64/0.53
ANLM 28.75/0.84 27.93/0.81 25.51/0.74 23.34/0.65 21.64/0.57
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