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Abstract: To avoid the limitation of wavelet thresholding and the calculation complexity of non-local

means filtering when an image is denoised, a more effective wavelet image denoising method based on

Non Local Means (NLM) is proposed. Firstly, multi-level wavelet decomposition is carried out for an

image containing noises. Then, a new BayesShrink estimation threshold is used to implement thresholding

processing of the sub-band coefficients so as to remove the high frequency noise. Finally, to further remove

the noise, NLM processing is implemented in part low-level sub-bands. The experimental result shows

that compared with the common wavelet threshold denoising and NLM filtering methods, this method

can remove the noises in an infrared image more effectively and can obtain a higher Signal-to-Noise Ratio

(SNR) and a lower Mean Square Error (MSE). Moreover, the method is relatively simple in calculation

and can achieve excellent visual effect.

Key words: image denoising; wavelet thresholding; Bayesian estimation; non local means filtering

()*+�2015–01–04

,-./�TUÆVWXYZ[\ (61105004)

0123��]^ (1988-) �_�`a bcd�efghi�!jghklmno4p"qrs5�
E-mail: zhang jun ling@126.com

Infrared (monthly)/Vol.36, No.3, Mar 2015 http://journal.sitp.ac.cn/hw



# 36 $�# 3 % � � 35

0 tu

�����	��
���	��
�

�������	6�����������

������� �!7"��#���	�

����6��8�����6����6��

�����	6����$8�����%�

���&����	�9������

��#	�� �:��"��'!��"�

�	�6�%�#�$%%(;:�&�) 

�&*�%�!" [1] ;+��#$%�&�&

�',&��-'()(�*.6���!"

[2]+�( PDE �-'()*�&�%��/

�.+�	6�� Buades A B *,+0+,<

(�	-�-.(�,=%:.8��6�

% [3] �/-01%:�6% (Non Local Means,

NLM) �!" [4-7] #2�%>+�,3/1�

���6� 40Æ2*.�	12;�

5�16�78�6����93��6�%

44356:�	�;712�8�	<=

��-#93��6�%�9&<4�6�%
[8−11] 5�$>�01)(�:?9&�6=8

+������

(9&<6��	�6% '���

:�6%(@A"-B�6%�9&?:�6

%*�7;?:�6%878$>��6�C�

D9;<:�E;<F�:?��=+��=>

�<?:G��9&>���?:6"���

<(H�%�?>?:G�"���	$?
[10]�@A���+��?:I@� VisuShrink[8] (

SureShrink[9] � BayesShrink[11] *�%��=;B

JA� BayesShrink ?:I@�%��C�>

7C 2 <�%��+K>/�6�L<(@D

� Bayes �?:I@�% [12,13] �++0��A

E�%BFMC+?:�?F�DMC?:

�%�0G(�7�6�CNE�AHMC�H

!6I+�"�����6�%�JFO��

+�K� Bayes?:I@�(P��+0+G9

&� NLM �&-'Q�%���6��%�;

BJA�2�6�%J9&�6� NLM �6

*�%�

1 Bv

1.1 CDEF

�	H9&<4��1R�8=GI;�

J�9&>���D6�O�9&>�KS-

B�6T�LU@��@�L"G��1R�9

&>�-#�6��9&>��@ALV,

UQD�?:�4�W6�>��G"���>

�M<48,�=8��	N78+�6��

C�MNX>OO

(1) �	�9&6�PP9&G��6�

YZ N, #�	�� N Y�9&6��

(2) ?:"�#6���LY>�PHQ

D�?:�N#LYNQ>�+�?:�%�

�"��

(3) �	8,#?:6��9&>���
9&M<48R�=8�6�	�

?:�%�=?:G��>?:G��,

['+�>?:G��>?:G��

wδ =
{

sgn(w)(|w| − δ), |w| ≥ δ;

0, |w| < δ
(1)

Q;� δ �IS?:�+� BayesShrink I@�

IS?:���6�7�C�E� VisuShrink�

SureShrink �%��C>� BayesShrink%I@ δ

�:�

δ =
σ2

n

σx
(2)

Q;� σn �6�$%�\�7I@:�

σn =
median(|HH1|)

0.6745
(3)

Q;� HH1 �9&6� level 1 ;#T�R�N

Q>�UJ� σx ��S�	9&>��$%�

\�7I@:�

σx =
√

max[(σ2
y − σ2

n), 0] (4)

Q;� σy �6��	�9&>��\�7I@
:�

σ2
y(s, j) =

1
N

∑
(m,n)∈N(i,j)

Y (m, n)2 (5)

http://journal.sitp.ac.cn/hw Infrared (monthly)/Vol.36, No.3, Mar 2015



36 � � 2015 � 3 �

Q;� Y (m, n) �9&K]16�>��

1.2 NLM LD

#�	;�VT,U	� i �� NLM �

%;&��	@�	� �:�W.$%^X

=82O �I@:

x̂i =
1
Ci

∑
j∈Si

w(i, j) · yj (6)

.8 W (i, j) �'� Ci 6 �

W (i, j) = exp

[
− ||y(Ni) − y(Nj)||22,α

h2

]
(7)

Ci =
∑
j∈Si

W (i, j) (8)

Q;� || • || �5UW.YÆZ[G�� α �5

U_��M\�Ni (Nj JV;WO�	� i (

j �N�#���	� i ( j O"�-.�? 

�:UJO"�-.�\V�̀ � h]ÆP�G

��X^Y��Z�P:��	�6�%:�

\�B�

2 wxÆy

2.1 QRSTUV

IS?:\_�78��?:`�X8a

a1R�9&>��?:`9�6�CSAH�

BayesShrink ?:[+�6I�	�<4>�6

T\��?:I@�bb+#9&>���

ccQ"�X8=d��	NQe]��d�

$�FO�$�%W# BayesShrink?:��+M

��!" [14]+0� R-BayesShrink?:��6�

CJ BayesShrink?:�H!+� R-BayesShrink

?:���6�KG�OO

TR =
1√
β

σw(
σw

σθ
)
√

β (9)

Q;� TR �IS?:�HXA� R-BayesShrink

\��6�CE BayesShrink \��6�C

AH�7; β �fQ`��H^B β P 0.8 L�

C78IS�

2.2 CDYZ NLM LDEF

9&�68$>/�.5�K]�166

�� NLM ��"���6�C$>��7��

=���H!;_e'QgW+0,<K��6

�%�2�%�6�C>�"�Y�f��9&

S`YZ�5�>�;��9&>�?:6�̀

L#h,Y)�>��� NLM�"�&"��

?�K]�� NLM "��@A7"�Y�E

9�#�g���"� NLM "��Y�f�

#9&��hY9&6��i�#jY5

�>�8�M��?:G���?:6"��

I�# level 1 � HL1 � LH1 K]>��� NLM

�&"��A*.)�6��� NLM �&"�

;�	�#�@APP� 3×3�#?abik�

@A� 7×7 � h P:�? HH1 >�I@0��

6�%:�\�5c�3[O� 1 @V�

d 1 Æjkll\m�

3 z{&|}
3.1 ]^%_

#1RW6�e�6�m6�CXA�

16E�%�f\��V=6I�7;16E

(SNR) �%�f\ (MSE) nQVgOO

SNR = 10 × lg(
σ2

ˆfi,j

MSE
) (10)

MSE =
1

mn

m−1∑
i=0

n−1∑
j=0

(fi,j − ˆfi,j) (11)

SNR h�� SME h9��6�CNh>�

3.2 `abc

Infrared (monthly)/Vol.36, No.3, Mar 2015 http://journal.sitp.ac.cn/hw



# 36 $�# 3 % � � 37

� matlab12.0;��;Bo^�;B;+�

?��-nop��9� 320×240 �9in�

��	 plane �6 #�	jWS`�\�5U

6��9&"�;+��G�� sym4 �6�Y

� N � 3 �6 � Bayes %( R-Bayes %( NLM

%�H!�%���6�7; R-Bayes %;� β

P 0.8 �@� SNR � SME �i� 4E;Ze

��:p=H!�%��6�C�

#�S�	 plane Wq σ=30 �5U6��

6 �k<�%��"���6�CO� 2 @

V�

���;�� Bayes%"����	diE

;��� R-Bayes%"���	E;rl��

CE�W>�� NLN%"����	Irl�

��9��H!�%"����	E;rl�q

r+�	;7�rl���CsZ NLM %�

J 1 t0+Wq σ=10∼90 6�L6 �Æ

<�%"��	�=8�uv���

(a) mnod (b) \wdo

(c)Baye sxtldo (d)R-Bayes sxtldo

(e)NLM ksxtldo (f) Æpqksxtldo

d 2 rdqksxtldouv

e 1 fghijklmnop

Bayes R-Bayes NLM Æqk
σ

SNR MSE SNR MSE SNR MSE SNR MSE

10 27.19 4.69 28.60 3.39 29.45 2.75 28.62 3.38

20 24.73 8.29 26.15 5.96 28.09 3.60 26.97 4.94

30 23.08 12.14 24.77 8.20 27.52 4.25 25.83 6.41

40 22.05 15.40 23.79 10.27 26.94 4.97 25.10 7.60

50 21.33 18.22 22.87 12.71 25.51 6.93 24.47 8.78

60 20.57 21.68 22.37 14.28 24.13 9.52 23.93 9.95

70 19.91 25.27 21.65 16.86 22.81 12.93 23.42 11.18

80 19.43 28.23 21.31 18.22 21.69 16.74 23.04 12.23

90 18.94 31.52 20.63 20.92 20.64 20.90 22.74 13.09

wJ 1 ;Xy0���+�� Bayes�%�

6�CE;>����K R–Bayes?:%"��

=0� SNR E Bayes 50 2 dB qs�tA R–

BayesKI@?:��6�C�$��3�NLM

�6�%��6�Cu6AH�E��W>�H

!�%�6"�� SNR E R-Bayes �%$%+

5+ 1.5 dB���6�C�D�H!�%� NLM

�%E��<�%�CJv� σ=10∼40 L�H

!�%E NLM �%wz�7 SNR :) NLM

�% 1.2 dB qs� σ=50∼60 L�7�C� NLM

-.� σ ≥70 L�7 SNR :5 NLM �% 1.5

dB∼1.8 dB �7"��C{SJ NLM �%�

��? NLM �%��xx�"�Y�|�m

)+7�6�;�(� NLM �H�%"�o^

�g@y��$%L"!J 2 �

http://journal.sitp.ac.cn/hw Infrared (monthly)/Vol.36, No.3, Mar 2015



38 � � 2015 � 3 �

e 2 NLM rstiuvwxlyz{|

l\jk NLM Æqk

sxz} /s 19.987 9.361

J 2 HV NLM �6�%�"�yL7 20 s

qs�H!�%+�( NLM 9&�6#6�

YZ��K]��>��� NLM "��m)+

��"��xx��7"�Y�E NLM �%f

,z�sy� 9 s qs�

wA���XAy0�H!�%� NLM �

%�6��CJ Bayes � R-bayes �%�H!

�%� NLM �%-{�"�Y�AHf NLM

�%�E NLM �%f,zqs�'CJA�H

!+0��%��	�6�CJ7Ch<�

%�

4 ~�'
}#939&�6� NML�&�6�0G

(�+0+,<'QgW�K�6�%�2�%

{|� Bayes9&>G�?:�(P�+�KI

@�?:#�	9&>���?:6"��i

����;'Q NML �&��>�"��I�

 49&M<48,�	�78�6����;

BJA�-E7Ch<�%�H!�%+5+

�	�|:16E�q~+�	;7�rl(�

� NLM �&�%-E����xx(�+��

�MC���}}+"�L"�78+���	

~"��������������� �

H!�%[i#���	��6�C;

>��7"�L"~�dS8#�	��;L

~"��O,3��>�K>/'Q�"��

����6�%��,3+5"�Y��78;

L"�����A����;����� *"

��

~�#$

[1] Richard A P. A New Algorithm for Image Noise Re-

duction Using Mathematical Morphology[J]. IEEE

Trans Image Pressing, 1995, 4(3):554–568.

[2] You Y L, Kaveh M. Fourth Order Partial Differential

Equations for Noise Removal[J].IEEE Trans Image

Process, 2000,9(10):1723–1730.

[3] Buades A,Coll B,Morel J. A Non-local Algorithm for

Image Denoising[J].IEEE Trans Comput. Soc. Conf.

on Comput. Vision and Pattern Recognition, 2005,

5(2):60–65.

[4] Van D,Ville De,M Kocher. Sure-based Nonlocal

Means[J]. IEEE Signal Process, 2009,16(11):973–

976.

[5] Salmon J. On Two Parameters for Denoising

with Non-local Means[J]. IEEE Signal Process,

2010,17(3): 269–272.

[6] Zhong H,Yang C,Zhang X. A New Weight for Non-

local Means Denoising Using Method Noise[J].IEEE

Signal Process, 2012,19(8):535–538.

[7] Wu Y,Tracey B,Natarajan P,et al. Proba-

bilistic Non-local Means[J].IEEE Signal Process,

2013,20(1):763–766.

[8] Donoho D L,Johnstone I M. Ideal Spatial

Adaptation by Wavelet Shrinkage[J].Biometrika,

1994,81(3):425–455.

[9] Donoho D J,Johnstone I M,G Kerkyacharian,et al.

Wavelet Shrinkage:Asymptopia[J].J.Roy.Statist.Assoc.B,

1995,57(2):301–369.

[10] Donoho D J,Johnstone I M. Adatpting to Unknow

Smoothness via Wavelet Shrinkage[J].Journal of the

American Statistical Association, 1995,90(42):1200–

1224.

[11] Chang S J,Yu B,Vetterli M. Adaptive Wavelet

Thresholding for Image Denoising and Compres-

sion[J].IEEE Trans Image Process, 2000,9(9):1532–

1546.

[12] Somnath M,Mandal J K. Wavelet Based Denoising

of Medical Images Using Sub-band Adaptive Thresh-

olding through Genetic Algorithm[J]. Procedia Tech-

nology, 2013,10(1):680 – 689.

[13] Dongwook Cho,Tien D Bui. Fast Image Enhance-

ment in Compressed Wavelet Domain[J].Signal Pro-

cessing, 2014,98(1):295–307.

[14] Masoud H,Soosan B. Adaptive Bayesian Denoising

for General Gaussian Distributed Signals[J].IEEE

Trans signal processing, 2014,62(5):1147–1156.

[15] Zheng H,Bouzerdoum A,Phung S L. Wavelet Based

Nonlocal Means Super-Resolution for Video Se-

quences of the 17th International Conference on

Image Processing,Hong Kong,2010[C].Hong Kong:

IEEE press,2010:2817–2820.

Infrared (monthly)/Vol.36, No.3, Mar 2015 http://journal.sitp.ac.cn/hw


