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Abstract— The Non-Local Means (NLM) denoising algorithm
uses a weighted average of pixels, within a defined search region
in an image, to estimate the noise-free pixel value. The search
region is usually a rectangular neighborhood, centered at the
pixel of interest, which may include pixels whose original gray
value do not match the value of the original central pixel.
Consequently, their participation in the averaging process
degrades denoising performance. To eliminate their effect,
researchers suggest creating an adaptive search region which
excludes those dissimilar pixels. In this paper, we present a novel
model-based method which defines a set of similar pixels, from
the initial search region, using the statistical distribution of the
dissimilarity measure. Moreover, to enhance the denoising, our
method also adaptively assigns one of two dissimilarity kernels to
each pixel, based on its local features. Experimental results show
that the proposed algorithm has better performance than the
original one in terms of PSNR, SSIM, and visual quality and is
found to be more efficient than other examined approaches.
Keywords—Image Denoising; Non-Local Means

I.

INTRODUCTION

Image denoising is used to find the best estimate of the
original image given its noisy version. Many methods for
image denoising have been suggested, and a comprehensive
review of them can be found in [3]. Among the proposed
denoising schemes, patch-based methods have drawn much
attention in the image processing community. In 2005, Buades
et al. [3] introduced the Non-Local Means (NLM) denoising
algorithm which takes advantage of image redundancy by
comparing pixel neighborhoods within an extended search
region. Each pixel value is estimated as a weighted average of
all other pixels in this search region. These pixels are each
assigned a weight that is proportional to the similarity between
the local neighborhood of the reference pixel and their local
neighborhood, such that pixels whose neighborhood is the
most similar to the neighborhood of the reference pixel are
given the largest weights. Moreover, the weights are
controlled by a weight smoothing parameter (h), which steers
their decay. It increases with the noise variance in the image
and it is usually set constant for the entire image. Since image
pixels are highly correlated while noise is typically
independent and identically distributed (i.i.d.), weighted
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averaging of these pixels results in noise reduction.
Consequently, the uniqueness of the NLM approach lies in its
ability to exploit spatial correlation in a defined neighborhood
(search region) for noise removal. The search region is usually
a rectangular neighborhood, centered at the pixel of interest
(POI), which may include pixels whose original gray value do
not match the value of the original central pixel. Therefore,
their participation in the averaging process may degrade the
de-noising performance. The NLM algorithm is sensitive to
the selection of the weight smoothing parameter (h). This
parameter plays the same role as kernel support, such that the
larger the support, the smoother the image becomes. Hence,
for textural regions a smaller value of h should be used than
for smooth regions, for the same given noise STD. As a result,
there are NLM modifications that suggest using an adaptive h
[5], which is matched to local structure. An alternative to
using an adaptive h is to replace the isotropic square search
region in the original NLM by an adaptive anisotropic region
in which the most similar pixels to the POI are selected (based
on comparing local neighborhoods). This anisotropic
neighborhood can better exploit the local image structure.
Hence, denoising performance is improved, especially for
pixels that belong to textural regions.
Mahmoudi et al. [8] propose to pre-classify the
neighborhoods based on local average and gradients, but the
calculation of the gradient is affected by noise. Coupe et al. [4]
and Kervrann et al. [7] use patch average and patch variance
to rule out dissimilar patches. Dinesh at al. [5] suggest a
correlation-based patch classification method. The correlation
is computed using an inner product between two normalized
patches. Only patches, within the search region, whose
correlation (with respect to the central patch) is higher than a
pre-defined threshold, are considered during the averaging
process. The problem with these methods is that the measures
which affect pre-selection of pixels use global thresholds
which are chosen somewhat heuristically and may vary based
on image characteristics, hence imply lack of robustness.
Azzabou et al. [1] suggest partitioning the image into two
classes: noisy smooth zones and noisy texture/edge zones.
Each pixel is characterized with a statistical model that defines
a membership degree to each class. The method relies on a
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prior, which does not necessarily satisfy all explored images,
and involves a Gaussian Mixture Model as well as EM
optimization that are computationally expensive. Orchard et
al. [9] propose an alternative strategy that uses the SVD to
more efficiently eliminate dissimilar pixel pairs. The method
relies on dimensionality reduction of the image patches by
setting a global dimension for all patches. This dimension
value may cause over-smoothing since texture and edge
patches should be characterized with a higher dimension than
smooth patches. In [2], Brox et al. suggest to classify pixels by
using a cluster tree approach and K-Means (K=2). This is
equivalent to image segmentation based on an iterative binary
classification and hence is not necessarily robust. Sun et al.
[12] present a method that determines a pixel-wise adaptivelyshaped search region, within which the image is
homogeneous. The method is subjected to a contiguous search
region shape that is not necessarily the best shape within the
pre-defined search region.
In this work, we too suggest an adaptive approach which
classifies the search region into two groups: similar pixels
(with respect to the central pixel) and dissimilar pixels. The
novelty of our approach is that pixel association with any of
these two groups is based on a probabilistic model that
characterizes the dissimilarity measure between two compared
patches. Consequently, each pixel is characterized by a
content-based search region constructed from the similar
pixels group. Moreover, in order to enhance the denoising
effect, the dissimilarity kernel is also adjusted to the local
structure, instead of using a single kernel type (Uniform or
Box), as usually done. The suggested approach improves
NLM performance both PSNR-wise and SSIM-wise [11], as
well as visually.
The remainder of this paper is as follows. Section II
introduces a brief description of the NLM method. The
proposed adaptive method is detailed in Section III. Section
IV introduces experimental results with comparison to the
common NLM method and the method described in [12].
Finally, Section V presents a summary and concluding
remarks.
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weights, which can be referred to as similarity probabilities,
are defined as:
 d p  i, j  
1
wi , j 
 exp  
(3)
 , i  Y , j  Si
Wi
h 2 

such that Wi 

 wi, j is

a weight normalization factor,

jSi

d p  i, j  is the dissimilarity measure, and h is the weight

smoothing parameter, which is typically controlled manually
in the algorithm. Choosing a very small h leads to noisy
results almost identical to the input, while a very large h gives
an overly-smoothed image. The dissimilarity measure
d p  i, j  is defined over the corresponding similarity patches
as follows:
d p  i, j   Y  Ai   Y  Aj 

2
2, a

(4)

where Y ( Ai ) defines a vector of neighborhood pixel values
and Ai represents a square similarity patch of size p  p
centered at pixel i (p<M). The similarity patches overlap
within a given Si . The vector norm is simply the Euclidean
difference, weighted by a Gaussian kernel of zero mean and
variance a that is used to smooth out the neighborhood while
calculating the weights (i.e., give decaying weight to pixels
away from similarity patch center). This filter reduces the
effect of differences in pixel intensities as they get spatially
further away from the center of the patch. In practice, instead
of a Gaussian kernel, simpler kernels are used; a Uniform
kernel (which assigns the same weights to all the pixels of the
similarity patch), whose corresponding dissimilarity measure
is denoted d Up  i, j  , and a Box kernel, illustrated in Fig. 1,
whose corresponding dissimilarity measure is denoted
d pB  i, j  .
The weights computation is a bottle neck of the NLM
algorithm. Therefore, restricting the size of the search region
( M 2 ) is important for practical implementation.
In this paper, the similarity patch is set to be 5x5 (p=5) and
the search region is set to 11x11 (M=11), as suggested in [10].
0.08
0.06

II.

NON-LOCAL MEANS IMAGE DENOISING

In this section, a brief overview of the non-local means
method introduced in [3] is presented. Let X and Y be the
original and the observed noisy images, respectively. It is
assumed that the original image is corrupted by a Gaussian
noise N with a zero mean and a known standard deviation  n ,
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Fig. 1: The Box kernel used for dissimilarity computation

III.

PROPOSED ADAPTIVE METHOD

such that
Y  X  N , N ~  (0, n2 )
(1)
Each pixel in the restored image is derived as the weighted
average of all gray values within a defined search region:
Xˆ i   w i , jY j
(2)
jSi

where i represents a pixel index, Si refers to a rectangular
search region of size MxM centered at pixel i . The normalized
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This section describes the two main innovations of our
suggested method.

A. Search Region Pixel- Classification
NLM uses a weighted average of pixels, over a defined
region, for noise reduction. In the traditional NLM algorithm,
for each pixel value to be recovered, all pixels in its defined
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search region are assigned an adequate weight, i.e., the search
region is isotropic. The problem is that there usually exist
some pixels whose local neighborhood is very different from
that of the POI, referred as dissimilar pixels. Based on eqn.
(3), the weights assigned to the dissimilar pixels will always
take positive values. Even though they will be assigned small
weights, their participation in the averaging process could
degrade the overall denoising performance. Moreover, since
edge preserving property is very important for a good
denoising scheme, the use of dissimilar pixels in the weighted
averaging results in an inevitable blurring effect.
To solve the above mentioned problem, researchers have
proposed to partition the isotropic search region  Si  into a set
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d Up  i, j 
 2 
d Up  i, j  
~  1, 2 
2
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 p 

In the same manner, for a general kernel the dissimilarity
measure is defined as follows:
d Gp  i, j 
N  N
d Gp  i, j  
  m m 2 l
2 n2
2 n
m Ai

2 n2

1
 2
p

2

Y Y
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n
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(5)

j

Assuming that the original gray values of all the pixels in Si S
are the same as pixel i, i.e., X j  X i j  Si S , the following



m Ai

1

m

(10)
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p  p similarity patch (  m  1/ p 2 for the Uniform kernel).
This measure is distributed (in approximation) [6] as:

of dissimilar pixels, denoted here Si , and a set of similar

1 Y  Ai   Y  Aj 
 2
2 n2
p

2

where  m represents the kernel's weights within a given

pixels, denoted Si S . The weighted averaging is then applied

d Up  i, j 



l A j

D

only on the Si set.
We propose to determine the above partition by using an
approximated distribution of the normalized dissimilarity
measure within the Si S set, as follows: at first, we refer to the
normalized dissimilarity measure that applies a Uniform
kernel, which is defined as:

(9)

0.03
0.02
0.01
0
0

10

20

30

40

50

60

70

Fig. 2: Normal and Chi-Square distrbutions for p 2  25 degrees of freedom

We begin with the description of the proposed method
when the Uniform kernel is used.
Fig. 3 illustrates a simple case in which Si D represents
pixels whose original gray level difference with respect to the
POI is C, i.e., Ym  Yl  C  N m  N l m  Ai  SiS , l  Aj  SiD .

applies:
 Ym  Yl


2 n
m Ai 
l A
j

2


 N m  Nl
   
 lmAAi  2 n





2

, Ai , Aj  SiS

(6)

j

N

The normalized variable

m

 N l  / 2 n is distributed

Fig. 3: Description of a search region divided into two sets. Si D is a group of

  0,1 as a linear combination of two i.i.d variables. Under

pixels whose original gray value difference with respect to Si S is C.

the simplifying assumption that the dissimilarity values
related to the same reference patch over the search region are
uncorrelated (in spite of patches overlaps and the use of the
same reference patch), the sum (in eqn. (6)) of p 2 squared
independent standard normal variables has a Chi-Square
distribution with p 2 degrees of freedom. For large p 2 , the
Chi-Square distribution converges to a Normal distribution
with the following first two moments:
 p22   p 2 , 2 p 2
(7)

In a more general case, Si is divided into multiple subregions, i.e., Ym  Yl  Cm,l  N m  Nl m  Ai  SiS , l  Aj  SiD ,





Fig. 2 illustrates the goodness of fit between the two
distributions, for p 2  25 .
Combining eqns. (5) and (7) produces the approximated
distribution of the dissimilarity measure, defined for the
Uniform kernel:
p 2  d Up  i, j 
~  p2 , 2 p2
(8)
2 n2
And the distribution of the normalized dissimilarity measure:
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such that the following applies:
Y Y
  m2 l
mAi 
n
l A
j

2


 Cm ,l  N m  Nl
   
2 n

m
A
 l A i 

2


S
D
 , Ai  Si , Aj  Si


(12)

j

The term on the r.h.s. of eqn. (12) has a Non-Central ChiSquare distribution with p 2 degrees of freedom and NonCentrality parameter




mAi , lA j

Cm2 ,l

2 n2

(13)

Finally, the dissimilarity measure in Si is characterized by
the following first two moments (assuming N is i.i.d):


  d Up  i, j    1  2
p
2 4
U



Var  d p  i, j    2  4
p
p

(14)
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0.08
0.07

jSi

from the mean, see eqn. (9)). However, this kind of threshold
is not robust enough due to a potential cross-talk between the
distributions of the two sets of pixels. Setting a threshold on
the accumulated variance of the dissimilarity elements in Si
turned out to be more robust and is described in Table I. This
scheme is based on the assumption that pixels associated with
Si S are characterized by a smaller d Up  i, j  ; hence a hard
thresholding can be applied.

1.

2.

3.

4.

5.

SEARCH REGION PIXEL CLASSIFICATION

For a given pixel i, calculate the normalized vector whose
elements are d Up  i, j  j  Si .
Sort the elements of d Up  i, j  in an ascending order of values.

Compute an accumulated variance of the sorted elements of
d Up  i, j  , by starting with the first two elements and adding one
element at a time.
Stop accumulating elements when the computed variance
exceeds 2 / p 2 and set a dissimilarity threshold which
corresponds to the dissimilarity value of the last pixel which
participates in the vector accumulation, denoted TH d .
Partition the search region Si into the following two sets:


  j  Si \ SiS 

Si S  j  Si | dUp  i, j   TH d
Si

D



Refer to Fig. 4 for an illustration of an accumulated
variance vector for a smooth patch and a textural patch. Pay
attention that for the smooth patch; all the search region pixels
are included in Si S since the accumulated variance of all these
pixels is smaller than 2 / p 2 , whereas for the textural patch
only a small fraction of its search region pixels is included.
Hence, each pixel in the image is associated with its
individual Si S set that defines which pixels will be included in
the averaging process. Moreover, each pixel is associated with
a normalized cardinality value, ri  SiS / M 2 , which is defined
as the number of pixels used to denoise it, normalized by the
number of pixels in the original search region. Fig. 5(b)
displays the normalized cardinality matrix R , whose elements
are ri , of the image Lena with  n  20 . As expected, smooth
patches are characterized by a large value (closer to 1),
whereas structural patches are associated with a smaller value
(usually smaller than 0.5).
We have described above the search region pixelclassification method for the Uniform kernel. It can easily be
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TABLE I.

0.06

0.01

Accumulated Variance

p

m Ai

Accumulated Variance



extended to a general kernel, e.g., the Box kernel, by replacing
2
the 2 / p 2 threshold by 2   m (refer to eqn. (11)).

Accumulated Variance

Therefore, the variance of the normalized dissimilarity
measure vector of the entire search region is equal or larger
than 2 / p 2 .
The search region can be divided into two sets on the basis
of the aforementioned statistical analysis. For example, one
can apply a mean-based threshold on the elements
, like 1  3 2 / p (corresponding to three STD
d U  i, j 
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Fig. 4: Graphs of accumulated dissimilarity variance for noisy image Lena
with  n  20 . (a) Lena (256x256) with two marked search regions, the red
one corresponds to texture and the dashed yellow corresponds to a smooth
region. (b) Accumulated dissimilarity variance for the smooth search region.
(c) Accumulated dissimilarity variance for the textured search region. (d)
Zoom-in view of the plot in (c). The red line represents the 2 / p 2 value (for
p=5). All pixels in Si whose dissimilarity is smaller or equal to TH d (see

Table I) are associated with Si S .

B. Dissimilarity Kernel-Type Adaptation
Simulations suggest that the Uniform kernel is more
adequate for smooth regions, whereas the Box kernel is more
adequate for texture or edges. Consequently, one can use the
information embedded in the R matrix in order to decide
which pixels will be assigned with which kernel for their
corresponding weight computation. The suggested scheme,
which is described in Table II, requires the determination of
two sets of similar pixels to pixel i: SiSU , SiSB , which are
computed with the Uniform and the Box kernels, respectively,
resulting in two normalized cardinality matrices RU , R B for

each image. Their corresponding elements are denoted riU , ri B .
The data in each of these matrices is clustered, using K-Means
with K=2, into two classes with two corresponding centroids.
The cluster, denoted Cmax , is associated with the larger
centroid and represents pixels with a larger ri value than the set
of pixels, denoted Cmin , associated with the smaller centroid,
and hence typically relate to a smooth search region. The
cluster Cmin represents pixels that are typically considered
structural.
Since the computation of two normalized cardinality
matrices is time consuming, we suggest a simplified scheme
that is described in Table III. This scheme may create an
inconsistency in the pixel classification into Smooth or NonSmooth classes, which characterizes, on average, less than 5%
of the pixels in the entire image. This inconsistency stems
from the fact that the Si S set of pixels whose ri  1 , is computed
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using the Box kernel. However, a pixel having a large ri value
may be assigned to Cmax in the K-Means classification.
Therefore, the corresponding weights will be calculated using
the Uniform kernel although the respective Si S set was
calculated using the Box kernel. Since the fraction of such
pixels is relatively small, the two schemes provide very
similar results. Hence, the less time consuming scheme in
Table III is recommended.
Moreover, in order to relate to images which are
characterized entirely by very small details (both centroids are
small) or smooth regions (both centroids are large), the two
centroids are compared to 0.5. If they are both larger than 0.5,
all pixel weights are computed using the Uniform kernel.
Similarly, if they are both smaller than 0.5, all pixel weights
are computed using the Box kernel.
TABLE II.
1.

DISSIMILARITY KERNEL-TYPE ADAPTATION

For each pixel i in the noisy image, do the following:
a. Compute the elements d Up  i, j  and d pB  i, j  , j  Si of the
b.

normalized dissimilarity vectors.
Compute the variance of all of the elements of each of the
vectors.
i. If the variance of all the elements of d Up  i, j  , j  Si is
smaller or equal to 2 / p 2 (see eqn. (9)), then pixel i is
considered smooth under this test. Hence, Si SU  Si and riU  1 .
ii. If the variance of all the elements of d pB  i, j  , j  Si is
smaller or equal to 2

  m2

(see eqn. (11)), then pixel i is

m Ai

considered smooth under this test. Hence, Si SB  Si and riB  1 .
c.

Otherwise, compute the sets Si SU , Si SB using Table I and the
respective kernels. Then, compute the corresponding riU , riB .

2.

3.

Cluster the data in each of RU , R B into two clusters using K-Means
with K=2, such that each matrix is divided into a set of smooth pixels
and a set of structural pixels.
Set pixel weights (before normalization) according to the following
rule:
j  SiS : wi , j




 f d U  i, j 
p


 f d pB  i, j 





riU

U
 Cmax

and

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

(15)
Otherwise

a function of d Up  i, j  , like the exponential term in eqn. (3) .
Normalize the computed weights by their sum (see eqn. (3)).

EXPERIMENTAL RESULTS

To evaluate the performance of our method, we have used
several natural images corrupted by synthetic Gaussian noise
(with  n  20,30 ). We compared our approach to the
conventional NLM algorithm with both the Box kernel and the
Uniform kernel. The same parameters were used for all the
methods examined, i.e., a similarity patch of size 5x5 (p=5), a
search region of size 11x11 (M=11) and h   n . Two types of
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A visual comparison is given in Fig. 6, which compares
the denoised images produced by the conventional NLM (for
both the Box and the Uniform dissimilarity kernels) and our
proposed NLM, for the image Lena with  n  20 . Fig. 6(b),
which represents a conventional NLM denoising using a Box
kernel, preserves structure but is characterized with
granularity in smooth regions. Fig. 6(c), which presents the
denoising results of the conventional NLM with Uniform
kernel, reduces the granularity effect, but over-smoothes
texture and edges. On the other hand, Fig. 6(d), which presents
the proposed method, is characterized by both preservation of
structural information and no granularity in smooth regions.
Moreover, since the proposed approach chooses only similar
pixels from the search region, structures are sharper than in the
conventional NLM method even when it uses the Box kernel.

B
ri  Cmax

cluster in R B , RU matrices, respectively, and f  d Up  i, j   represents

IV.

performance evaluation were conducted: an objective
evaluation using the common measures PSNR and SSIM [11]
and a visual evaluation based on the perceived quality by a
human observer.
Table IV summarizes the quantitative denoising results
(objective evaluation) for different images with different noise
levels. From its analysis, we can conclude that the proposed
approach obtains somewhat higher PSNR and SSIM values
than the conventional NLM algorithm for both the Box and
the Uniform dissimilarity kernels. This tendency is preserved
both for textural images (e.g., Baboon) and for smoother
images (e.g., Lena, Pepper). When using only similar pixels
with a set kernel, the PSNR improvement is smaller. Average
improvement based on three selected images with  n  20
provides an increase of 0.07 dB and 0.38 dB for using the Box
kernel and the Uniform kernel respectively, compared to an
average increase of 0.15dB and 0.42 dB when adding the
adaptive kernels.

B

B
U
, Cmax
are the sets associated with the centroids of the larger
where Cmax

4.
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0.1

(b)
(c)
(a)
Fig. 5: (a) Lena (256x256). (b) Normalized cardinality matrix ( R ) for noisy
image with  n  20 . (c) Clustered elements of R using K-Means, with K=2.
Red pixels correspond to smooth regions.

Sun et al. [12] also present a combination of the NLM
method with an adaptive search region. We tried to compare
our proposed method to their approach by using their
parameter values for the search region (M=21) and the
similarity patch (p=5), as well as adjusting h to produce the
best results for both methods. The comparison is based on
level of improvement with respect to the conventional NLM
since [12] does not report image sizes and dissimilarity
kernels. For example, the image Pepper with  n  20 is
reported to have an improvement of 0.23 dB, whereas our
proposed approach provides an improvement of 0.3 and 0.63
dB with respect to NLM using a Box kernel and NLM with a
Uniform kernel, respectively. The method presented in [12]
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uses a contiguous adaptive search region based on Local
Polynomial Approximation (LPA) directional kernels that are
selected using a predefined set of directions and scales. This
selection is subjected to a manual choice of parameters, thus
making the algorithm less robust. Our method, on the other
hand, does not enforce a contiguous search region, and
additionally involves a locally adaptive dissimilarity kernel
which enhances the denoising effect.
TABLE III.

1.

enhanced. Experiments show that the proposed method is
better than the conventional NLM denoising scheme, for the
two dissimilarity kernels used, both objectively (PSNR-wise
and SSIM-wise) and visually and is found to be more efficient
than other approaches examined.

SIMPLIFIED SCHEME FOR DISSIMILARITY KERNEL-TYPE
ADAPTATION

(9)), pixel i is considered smooth. Hence, Si SU  Si and ri  1 .
b.

Otherwise, determine SiSB by computing the elements of the
vector d pB  i, j  , j  Si using the scheme in Table I, but with
the Box kernel. Then, Compute the corresponding ri .

3.

Cluster the data in the normalized cardinality matrix, whose
B
B
elements are ri , into two clusters ( Cmax
) using K-Means with
, Cmin
K=2.
Set pixel weights (before normalization) according to the following
rule:







 f d U  i, j 
p

j  SiS : wi, j  
 f d pB  i, j 


4.

(a)

(b)

(c)

(d)

For each pixel i in the noisy image, do the following:
a. Compute the variance of all the elements of d Up  i, j  , j  Si .
If the resultant variance is smaller or equal to 2 / p 2 (see eqn.

2.
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B
ri  Cmax

(16)
Otherwise

Normalize the computed weights by their sum (see eqn. (3)).

TABLE IV.
Image
Name/
Noise
STD
Lena/20
Lena/30
Barbara/
20
Baboon/
20
Pepper/
20
Pepper/
30

QUANTITAVE EVALUATION

NLM with Box
Kernel
PSNR
SSIM
[dB]
30.27
0.86
28.03
0.78

NLM with
Uniform Kernel
PSNR
SSIM
[dB]
30.11
0.87
28.03
0.81

Proposed
Approach
PSNR
SSIM
[dB]
30.48
0.88
28.32
0.82

29.19

0.87

29.11

0.87

29.33

0.88

25.54

0.74

24.78

0.69

25.62

0.75

30.39

0.87

30.28

0.88

30.55

0.89

28.06

0.81

28.03

0.83

28.39

0.84

V.

CONCLUSIONS

A modified Non-Local Means denoising algorithm that
uses an adaptive search region matched to each pixel, and a
content-based dissimilarity kernel, is developed in this paper.
The adaptive search region creates an anisotropic
neighborhood adapted to image local structure by excluding
dissimilar pixels from the weighted averaging. The exclusion
is based on a statistical model which characterizes the
dissimilarity measure of the pixels in the search region.
Moreover, the dissimilarity kernel is also adapted to image
structure in order to achieve smoothness in flat regions, as
well as edge and texture preservation in structural regions.
Consequently, the denoising strength of the NLM algorithm is

Image Processing
Image Enhancement and Denoising

Fig. 6: Denoising variations of the image Lena (256x256) with  n  20 , a
zoom-in view of the shoulder and face (flat regions) and of the feathers
(texture). (a) Noisy image. (b) Denoised image using conventional NLM with
a Box dissimilarity kernel. (c) Denoised image using conventional NLM with
a Uniform dissimilarity kernel. (d) Denoised image using proposed approach.
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