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Abstract In the paper, we propose a robust and fast image denoising method. The approach integrates both Non-
Local means algorithm and Laplacian Pyramid. Given an image to be denoised, we first decompose it into Laplacian
pyramid. Exploiting the redundancy property of Laplacian pyramid, we then perform non-local means on every level image
of Laplacian pyramid. Essentially, we use the similarity of image features in Laplacian pyramid to act as weight to denoise
image. Since the features extracted in Laplacian pyramid are localized in spatial position and scale, they are much more
able to describe image, and computing the similarity between them is more reasonable and more robust. Also, based on
the efficient Summed Square Image (SSI) scheme and Fast Fourier Transform (FFT), we present an accelerating algorithm
to break the bottleneck of non-local means algorithm — similarity computation of compare windows. After speedup, our
algorithm is fifty times faster than original non-local means algorithm. Experiments demonstrated the effectiveness of our
algorithm.
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1 Introduction

With the prevalence of digital cameras and scan-
ners, digital images can be easily acquired nowadays.
Unfortunately, digital images are often degraded by
noise during acquisition or transmission process. Var-
ious image-related applications, such as medical im-
age analysis, image segmentation, and object detec-
tion, etc., generally require effective noise suppression
method to further produce reliable results. Therefore,
image denoising has been one of the most important
and widely studied problems in image processing and
computer vision. So far, image denoising methods
can be basically divided into two categories: spatial
filtering methods[1−4] and transform domain filtering
methods[5−9].

In spatial domain, for every pixel of noisy image,
many existing noise reduction methods employ the in-
formation of its nearby local region to estimate its de-
noised version. Examples include Gaussian filter[1], me-
dian filter[3], bilateral filter[4] and so on. We call this
kind of denoising algorithms local-based spatial meth-

ods. Whereas, generally speaking, the information en-
coded in a natural image is redundant to some extent,
that is to say, there may exist some repeat patterns
in natural images, particularly in textured or periodic
case. Based on this observation, Buades[10] developed
a non-local image denoising algorithm which takes full
advantage of image redundancy. For the sake of sim-
plicity, we name it the spatial nl-means in the paper.
Like many noise reduction algorithm, the method is
also based on weighted average. The essence of the
method is: to estimate a certain pixel, the method uses
the similarities between it and all the other pixels in
image to act as weight, and the similarities are not
computed from pixels themselves but from their neigh-
boring window (compare window). The algorithm has
demonstrated strong superiority over local-based spa-
tial methods such as Gaussian filter, bilateral filter in
terms of both PSNR and visual quality. However, cer-
tain critical issues need further investigation. Firstly,
the computational cost is high for its pixel-by-pixel win-
dow matching, and it limits the method to be widely
used in application. Secondly, the quality and compu-
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tation cost of the algorithm is closely related to the size
of compare window which represents geometrical con-
figuration of pixel’s neighboring region. For small com-
pare window, the algorithm is restricted to suppresing
the high-frequency noise and cannot remove the low-
frequency (large-scale) noise. For large compare win-
dow, the algorithm removes the low-frequency noise ef-
fectively, but becomes less sensitive to small details and
the additional burden on the computational resources
becomes unacceptable.

Since the essential goal of denoising is to preserve
the image features while reducing noise effectively, a
logical extension of spatial denoising is to transform
images into a representation that distinctive features
such as edges can be extracted from image and per-
form noise reduction algorithms in this domain. As for
denoising in frequency domain, we are more familiar
with wavelets[5−9] which fall into two classes: orthog-
onal wavelet and non-orthogonal wavelet. Orthogonal
wavelet compositions are critically sampled (i.e., nonre-
dundant) image descriptions. It has been successfully
used in image compression[11,12] and threshold-based
image denoising[5,13]. However, the non-redundant
property of orthogonal wavelet means they are not suit-
able for non-local means denoising which builds upon
image redundancy.

In this paper, we emphasis on overcomplete non-
orthogonal representations of image. Some non-
orthogonal wavelet representations are redundant to
some extent. It should be noted that wavelet decom-
poses image into three sub-bands for every level, im-
plying that connected spatial structures analyzed at in-
creasing resolutions are split into separate sub-bands,
thereby losing their spatial connectivity[14]. Another
drawback of wavelet representation is that comparing
the similarity respectively in three sub-bands will in-
duce heavy computational cost. Based on these con-
siderations, Laplacian pyramid[15], being a redundant
image representation, is selected in the paper. Due to
the overcompletion property of Laplacian image, every
frequency component image is redundant, thus we can
compute the non-local similarity in frequency compo-
nent. In the paper, we first exploit Laplacian pyra-
mid to decompose the given noisy image and generate
a series of manipulatable components, which allows us
to develop different stategies on different components.
Then we perform non-local means on every level of
Laplacian pyramid with different sizes of compare win-
dows.

Also, an acceleration method to our algorithm is pro-
posed in the paper. Exploiting the Summed Squares

Image (SSI) scheme and Fast Fourier Transform (FFT),
the per-pixel neighborhood matching in Laplacian im-
age is converted into the SSI pre-computing and ef-
ficient FFT. Computational complexity analysis and
experiments indicate that our accelerated algorithm is
more than 50 times faster than the original non-local
algorithm. Using our algorithm, it normally takes less
than 1 second to denoise a 640 × 480 image, and less
than 11 seconds to denoise a 500 Megabyte photograph,
which enables the algorithm applicable to practical sit-
uations.

The main contributions of our paper are as follows.
1) We propose a robust non-local denoising method

based on Laplacian pyramid. Combining Laplacian
pyramid and non-local means for image denoising has
the following advantages. (i) Laplacian pyramid decom-
pose noisy image into easily manipulatable image com-
ponents. By performing non-local means (nl-means) on
different levels of Laplacian pyramid with different sizes
of compare windows, we not only reduce high-frequency
noise but also reduce low-frequency noise while preserv-
ing the image details (edges, textures) well. (ii) Since
the features extracted in Laplacian pyramid are local-
ized in spatial position and scale, they are much more
able to describe image, and computing the similarity
between them is more reasonable and more robust. (iii)
As the level of Laplacian pyramid increases, the amount
of noise in Laplacian image decreases rapidly, therefore,
denoising in Laplacian image is less noise-sensitive than
in spatial domain.

2) We also present an accelerating algorithm to
speed up similarity computation of compare windows.
Based on efficient SSI scheme and FFT, the accelerated
algorithm is fifty times faster than the spatial nl-means.

The result of spatial nl-means leaves a trail of smear.
When coming across heavy noise, the spatial nl-means
introduces artifacts such as canvas effect which is pro-
nounced in flat regions and soft edges of denoised image.
In contrast, our method reduces noise effectively and
preserves the image details and weak edges well. As
noise level increases, the difference of results between
our method and the spatial nl-means is even more strik-
ing.

The rest of this paper is organized as follows. Section
2 gives background and related work about nl-means
algorithm. Laplacian pyramid and how our algorithm
integrates both nl-means algorithm and Laplacian pyra-
mid as well as our acceleration scheme are detailed in
Section 3. Experimental results are demonstrated in
Section 4. Section 5 gives the conclusion of the whole
paper.
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2 Background and Related Work

2.1 Background

In spatial nl-means, when modifying a pixel, the
algorithm first computes the similarity between the
window centered around it and the windows centered
around the other pixels in the whole image, then it takes
the similarities as weight to adjust this pixel. It also can
be interpreted that the method defines as “neighbor-
hood of a pixel i” any set of pixels j in the image such
that a window around j looks like a window around i,
and all pixels in that neighborhood are used for pre-
dicting the value at i. In essence, the method uses two
windows’ similarity other than two pixels’ to estimate
pixels and these windows slide on the whole image.

If N2 is the number of pixels in the image, M2 is
the size of compare window, the complexity of this al-
gorithm is M2 ×N4. For computational purposes, the
simplified algorithm restricts the search of similar win-
dows in a “search window” of size S × S pixels. By
fixing the search window at the size of 21 × 21 pixels
and the neighborhood size 7×7, the final complexity of
the algorithm is 49×441×N2. However, even the sim-
plified algorithm still takes about 1 minute to denoise a
640× 480 image on a common PC. It can be seen that
the high computational complexity makes it unfeasible
to tackle with practical issues.

2.2 Related Work

To our knowledge, up to now, there is not much work
about nl-means denoising. Lately, Lukin proposed a
multiresolution-based approach to improve spatial nl-
means algorithm[16]. The algorithm first performs nl-
means on noisy image in spatial domain with different
block sizes and search ranges. Afterward, it transforms
the resulting images (generally two images) into fre-
quency domain, and then combines the coefficients by
another filter bank, finally inverses the filter bank to get
the denoising result. It can be seen that this method
only considers getting rid of different frequency noise,
but it does not consider the redundancy of image fea-
tures itself and comparing similarity in transform do-
main. Conversely, we compute similarity between im-
age features at different scales, taking advantage of re-
dundancy of different spatial frequency components of
image. The methods can not only reduce different fre-
quency noise efficiently but also produce robust results.
That is where our approach diverges from Lukin’s al-
gorithm.

An algorithm for accelerating spatial nl-means de-
noising was proposed by Mahmoudi and Sapiro[17].

In order to accelerate the algorithm, they introduced
filters that eliminate unrelated neighborhoods from
weighted average. These filters are based on local aver-
age gray values and gradients, preclassifying neighbor-
hoods and reducing the influence of less-related areas
when denoising a given pixel. Note that the times of ac-
celeration of Mahmoudi’s algorithm is related to image
content, for example, it is 7 times faster than original
spatial nl-means for some images, whereas, for some
other images it is more than 20 times faster than the
original nl-means. In our method, after speedup, the
method is fifty times faster than the original nl-means
for all the images.

3 Our Robust and Fast Laplacian Pyramid
Based nl-Means

3.1 Laplacian Pyramid

Gaussian-Laplacian pyramid has been widely used
in texture classification[18,19], feature detection[20] and
so on. Given an image I(x, y), the Gaussian pyramid
of I is computed as follows:
{

G0(x, y) = I,

Gk+1(x, y) = REDUCE(Gk(x, y)), k = 0, 1, . . . , N.
(1)

The REDUCE operation is carried out by convolving
the image with a Gaussian low pass filter and then sub-
sampling the filtered version at a factor of two. Repeat-
ing the REDUCE operation generates Gaussian pyra-
mid. The filter mask is designed such that the center
pixel gets more weight than the neighboring ones and
the remaining terms are chosen so that their sum is 1.
The separable Gaussian kernel is given by:

w(r, c) = w(r)w(c). (2)

As in the general case, in the paper, the kernel we used
is of size 5 × 5, and w(r) = (1/16, 1/4, 3/8, 1/4, 1/16).
Thus, the variance of the Gaussian kernel approximates
1.0.

In order to generate Laplacian pyramid, the second
level of Gaussian image G1 is up-sampled by inserting
zeros after each pixel, smoothed with the small kernel as
defined in Gaussian pyramid. These interpolation and
filtering process is referred to as EXPAND operation.
The difference between the previous level of Gaussian
image G0 and expanded image G̃1 is named as Lapla-
cian image. This process is continued to obtain a set of
band-pass filtered images. Expressed by formulation,

Lk(x, y) = Gk(x, y)− EXPAND(Gk+1(x, y)),

k = 0, 1, . . . , K, (3)



Yan-Li Liu et al.: A Robust and Fast Non-Local Means Algorithm for Image Denoising 273

where N is the decomposition level and the EXPAND
operation is defined as follows.

Gk+1(x, y) = 4
2∑

m=2

2∑
n=2

w(m,n)Gk

(x−m

2
,
y − n

2

)
,

k = 0, 1, . . . , K. (4)

Only terms for which (x −m)/2 and (y − n)/2 are in-
tegers can be included in the sum.

The full reconstruction process is implemented by
first expanding the final level of Gaussian pyramid
GK+1, then adding to Lk, k = K, K − 1, . . . , 0, thus
reconstructing the Gaussian pyramid, level by level, up
to the original input image, G0. This is a recursive
process, as shown in (5):

Gk = Lk + EXPAND(Gk+1), k = K, K − 1, . . . , 0.
(5)

From the above formulation, it can be seen that
Laplacian pyramid is a set of bandpass images. It
contains most of the image’s important textural fea-
tures, at different scales. The top level of the pyramid
contains just the highest spatial frequency components
such as the sharp edges, textures, high-frequency noise
etc. The bottom level contains the lowest spatial fre-
quency components. The intermediate levels contain
features gradually decreasing in spatial frequency from
high to low.

It can be seen that the Laplacian pyramid offers an
overcomplete representation of the image. Hence, dif-
ferent spatial frequency component, e.g., every level of
Laplacian pyramid is redundant, which makes perform-
ing nl-means on Laplacian image possible. Since the
features extracted are localized in spatial position and
scale, they are much more able to express the image,
and computing the similarity between them is more rea-
sonable and more robust. Meanwhile, Laplacian pyra-
mid is translation-invariant, meaning that there is no
aliasing effect such as pseudo-Gibbs artifacts in recon-
struction.

3.2 Our Robust nl-Means

Given a noisy image, we first decompose it into a K-
level Laplacian pyramid. For convenience, we denote as
Lk the level k image of Laplacian pyramid. For a coeffi-
cient Lk (xi, yi) of Lk (k = 0, 1, . . . , K), when estimat-
ing its denoised version L′k(xi, yi), we not only consider
the similarities between Lk(xi, yi) and its nearby coef-
ficients, but also take the similarities between it and
all the coefficients in Lk into account. That is to say,
we exploit the similarity between Lk(xi, yi) and all the

coefficients in the Lk as a weight to estimate L′k(xi, yi).
To express as a formula, L′k(xi, yi) is:

L′k(xi, yi) =
∑

(xj ,yj)∈Lk

wk(i, j)Lk(xj , yj) (6)

where the weight wk(i, j) of two coefficients Lk(xi, yi)
and Lk(xj , yj) depending on their similarity is defined
as,

wk(i, j) =
1

z(i)
e
− s(i,j)

h2
k . (7)

Here, z(i) is the normalized constant,

z(i) =
∑

(xj ,yj)∈Lk

e
− s(i,j)

h2
k . (8)

Here, hk is a constant proportional to σk
L denoting the

noise standard deviation of level k image of Laplacian
pyramid,

hk = ckσk
L, (9)

s(i, j) is calculated by the Euclidean distance of the two
coefficients’ neighboring region Ni and Nj with equal
size (M, M) as:

s(i, j) =‖ Ni −Nj ‖2 (10)

where Ni is a vector formed by concatenating all the
coefficients in the neighborhood of (xi, yi).

Since we relate the filter parameters with noise
standard deviation of every level of Laplacian pyra-
mid, we need to investigate the noise characteristics
of Gaussian-Laplacian image pyramid. If the standard
deviation of the original noisy image is σ2

0 , the noise
variance σ2

s of the smoothed image is given by[21]:

σ2
s = σ2

0

∫ +∞

−∞

∫ +∞

−∞
G2

σ(r, c)drdc =
1

4πσ2
σ2

0 . (11)

Here, σ is the standard deviation of Gaussian kernel.
In our paper, σ=1.0.

Thus, if σ2
0 denotes the noise variance of the level

0 image of an Gaussian pyramid, the noise variance of
the level k image in Gaussian pyramid is given by

(σk
G)2 =

1
(4πσ2)k

σ2
0 . (12)

The noise variance of every Lk can be computed as fol-
lows.

(σk
L)2 =

1
(4πσ2)k

σ2
0 −

1
(4πσ2)k+1

σ2
0 ,

k = 1, 2, . . . , N − 1. (13)
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Obviously, as the level of Laplacian pyramid increases,
the amount of noise of Laplacian image decreases
rapidly.

3.3 Acceleration of Our nl-Means Algorithm

The most time-consuming part of the nl-means al-
gorithm is the calculation of the Euclidian distance be-
tween compare windows in image. Our method still
need to perform similarity computation for pixels of
every level Lk (k = 0, 1, . . . , K). In order to speedup
the algorithm, we exploit SSI and FFT to transform
this process into convolution and summation.

3.3.1 Re-Represent the Similarity of Compare Win-
dow

For simplicity, we denote L as Lk, k ∈ {0, 1, . . . , N}.
As (10) indicates, the similarity of the pixel L(xi, yi)
and L(xj , yj) is computed as:

S(i, j) = ‖ Ni −Nj ‖2

=
M−1∑

l=0

M−1∑
m=0

[Li(l, m)− Lj(l, m)]2.
(14)

where Li(l, m) and Lj(l, m) represent the correspond-
ing pixels in Ni and Nj respectively.

In fact, Lj(l, m) in (14) can be represented in the
global coordinates on the mirrored image as: Lj(l −
x′j ,m− y′j), with x′j = 3M/2 + xj , y′j = 3M/2 + yj (see
Fig.1). So (10) is transformed into:

S(i, j) =
M−1∑

l=0

M−1∑
m=0

[Li(l, m)− Lj(l − x′j ,m− y′j)]
2

= N2
i + N2

j −Ni ×Nj (15)

where

N2
i =

M−1∑

l=0

M−1∑
m=0

(Li(l, m))2,

N2
j =

M−1∑

l=0

M−1∑
m=0

(Lj(l − x′j ,m− y′j))
2
,

and

Ni ×Nj = 2
M−1∑

l=0

M−1∑
m=0

(Li(l, m) · Lj(l − x′j ,m− y′j))

denotes the convolution between Ni and Nj .
In above formula, Ni×Nj can be figured out quickly

with multiplications under the fast Fourier transform,

while N2
i and N2

j can be fast calculated as well us-
ing the SSI scheme proposed in Subsection 3.3.2. Note
that if the compare window size is M ×M , computing
the similarity of the two compare window requires M2

pixel operations, while, in our algorithm, it is figured
out once which is achieved by means of FFT.

Fig.1. Mirrored image.

3.3.2 SSI

The principle of SSI resembles Integral image which
has been used in face detection[22]. For each pixel in
the image, integral image maintains the summed value
of all the pixels in the upper left part of the original
image. Here we extend it to our SSI. Similar to the
definition of integral image, for each pixel (x0, y0), SSI
stores its sum for the squared values of the upper left
pixels,

SSI (x0, y0) =
∑

x6x0,y6y0

L2(x, y). (16)

SSI can be obtained in linear time proportional to
the image size, we take the following algorithm to cal-
culate it efficiently. For x0 = 0, y0 = 0,

SSI (0, 0) = L2(0, 0); (17)

for x0 > 0, y0 = 0,

SSI (x0, 0) = SSI (x0 − 1, 0) + L2(x0, 0); (18)

for x0 = 0, y0 > 0,

SSI (0, y0) = SSI (0, y0 − 1) + L2(0, y0); (19)

for x0 > 0, y0 > 0,

SSI (x0, y0) =SSI (x0 − 1, y0) + SSI (x0, y0 − 1)

− SSI (x0 − 1, y0 − 1) + L2(x0, y0).

(20)

Obviously, with above algorithm, each pixel in the
original image is processed only once, so the computa-
tional complexity for computing SSI is O(N2), in which
N2 is the size of the image.
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By means of SSI, we can easily get the sum of squares
for each pixel in any rectangles of the image within con-
stant time. For example in Fig.2, to calculate the sum
of squares in rectangle D, only 3 addition operations
are required,

SD =SA∪B∪C∪D + SA − SA∪C − SA∪B

=SSI (x1, y1) + SSI (x0, y0)− SSI (x0, y1)

− SSI (x1, y0). (21)

Fig.2. Using SSI to compute the summed squared pixels in the

rectangle D.

Therefore, N2
i and N2

j can be computed quickly with
(21) once we get SSI of the noised image. Accurate
analysis in following subsection will show that our ac-
celerated algorithm is much faster than the original one.

3.4 Time Complexity Analysis

The bottleneck of nl-means is the calculation of the
Euclidian distance between compare windows in the im-
age. In simplified spatial nl-means in which an S × S
search window is used instead of the whole image, it
takes M2 × S2 square calculations for each pixel in the
image, where M2 is the size of compare window.

In our algorithm, this process has been transformed
to computing convolution and summation of squares.
It is well known that convolution becomes multiplica-
tion under Fourier transform, thus only S2 multiplica-
tions need to be taken for each pixel in an image in our
algorithm. Furthermore, Fourier transform can be per-
formed quickly by modern hardware FFT accelerator
within a neglectable time, convolution can therefore be
fast carried out. As for the summations of squares, only
addition operations are needed in this process which
can also be neglected compared to the multiplications.
Thus the computational complexity is S × S, which is
M2 times faster than the original algorithm for pixel of
image. In addition, it can be seen that the change of M
has no impact on the time complexity of our method.

In theory, the neighborhood size M should be congru-
ent to the size of the repeated patterns in the image.
In order to achieve convincing results, M should be
set larger in higher resolution images, which leads to a
significant slowdown in the original algorithm but no
performance changing in ours.

In the paper, we set the decomposition level K = 2,
namely, we decompose every noisy test image into high,
middle and low frequency components. Since there are
three images to be processed in our algorithm, at first
glance, it seems that our algorithms will be slow. See-
ing that the resolution of higher level of pyramid is a
quarter of that of the previous level, the window of the
same size in higher level Laplacian pyramid represents
larger region of image contents than that of original im-
age. Hence, we can restrict the search window in high
level of pyramid to a relatively small size. In the paper,
we restrict search window in three levels to 21 × 21,
11 × 11 and 3 × 3, respectively, from high resolution
level to low resolution level. Further, as discussed in
Section 1, small compare window is sensitive to image
details and effective to suppress high frequency noise.
Conversely, large compare window is favorable to re-
move low frequency noise. Thus we should use small
size compare window on the low level of pyramid and
large size window on the high level of pyramid. In the
paper, the compare windows we used are of size 7× 7,
5×5, 3×3 respectively, from high resolution level to low
resolution level. Considering resolution factor, compare
widows of size 5 × 5 in middle and high level occupy
much larger region of original image than that of size
7× 7 in low level of Laplacian pyramid. Since the size
of compare window has no impact on time complexity,
except the decomposition and synthesis of the Lapla-
cian pyramid, the total complexity of our algorithm is
21 × 21 × N2 + 11 × 11 × N2/4 + 3 × 3 × N2/16, ap-
proximately 472×N2. Hence, if we do not count in the
time of implementing decomposition and synthesis of
Laplacian pyramid, which is a very fast process due to
its low complexity and simple parallel implementation,
our algorithm is about fifty times faster than simplified
spatial nl-means.

4 Experimental Results and Discussion

We have tested our method on a set of 8-bit grayscale
test images. In order to ensure a fair comparison, the
test images we used are the same ones used in the de-
noising experiments reported in [8]. We add different
standard deviation of additive Gaussian white noise to
the test images, and then make comparisons, in terms
of both visual quality and PSNR, between the resulting
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images of our algorithm and nl-means algorithm.
In the paper, as mentioned in Subsection 3.4, we

make a 3-level Laplacian pyramid for all the images.
Theoretically, we should set different ck for different Lk

to achieve perfect results. In pursuit of simplicity, we
set the same h (h = 10) for all the Lk, and found that
there was no obvious decrease in visual quality between
two embodiments.

Table 1 summarizes a set of denoising results. As can
be seen from it, when noise level is not high, our method
is slightly better than spatial nl-means in terms of peak
signal to noise ratio (PSNR). As the noise standard de-
viation increases, the PSNR of our algorithm notably
surpasses that of spatial nl-means. For example, when
the noise standard deviation σ0 is 30, the PSNR of our
method outstrips that of the spatial nl-means with an
excess of 1.0 dB, which can be regarded as a consider-
able improvement. In order to better visualize the com-
parison, Fig.3 presents the denoising results as curves,
for the image “Lena”.

Table 1. Denoising Results in PSNR (in [dB])

σ0 Lena Peppers

NL Our Method NL Our Method

10 34.17 34.96 33.32 34.38

20 31.45 31.95 31.33 31.87

30 28.68 30.08 28.67 29.88

50 25.41 27.27 26.09 27.36

Fig.3. Comparison of PSNR between our method and spatial

nl-means.

Besides PSNR, we believe that visual quality is also
an important criterion in judging various noise reduc-
tion methods. Figs. 4∼7 provide some visual com-
parisons of results denoised with these two algorithms.
Fig.4(a) is the cropped part of “Lena” and Fig.4(b)
is its noisy version with σ0 = 20. We see in Fig.4(c)
that the resulting image of spatial nl-means is smeary

and the denoised pillar are ragged. In our denoised re-
sult, as shown in Fig.4(d), the shape of pillar is well
preserved. Fig.5 further shows the denoising results
with two methods for a natural image. Fig.6 shows the
first level and second level of Laplacian images before
and after performing our algorithm for Fig.5(b). Evi-
dently, the denoised Laplacian images, see Fig.5(b) and
Fig.6(d) perfectly preserve the shape of pillars. Fig.7 is
another comparison of two methods. In the denoising
result of spatial nl-means for “Mandrill” with filtering
parameters h = 2.0, as shown in Fig.7(c), the eyes of
mandrill are pale, and on the lower part of image, can-
vas effect is pronounced. Fig.7(d) is another result of
spatial nl-means with large filtering parameter h = 3.5
which is used to remove more noise, it can be seen that
the resulting image looks more grey than the original
image. In contrast, as shown in Fig.7(e), the eyes of
mandrill are quite bright and the image is clean with
the details well preserved. This is because when noise
level is very high, in spatial domain, what a compare
window represents is not the true content of image ex-
actly, thus using the similarity of compare window to
estimate pixels would result in large error. In our pa-
per, we extract different scale features of image and
operate on these features. The method has two advan-
tages: first, it filters out some noise, thus it is noise
less-sensitive. Second, image features (lines, edges, de-
tails) are more able to represent the image, using it to
compute the similarity makes sense and more robust.

Fig.4. Comparison between the cropped result obtained by spa-

tial nl-means (c) and our method (d) for noisy Lena with σ0 = 20

(b). (a) is the cropped original Lena. (Note that the results of

spatial nl-means (c) is smeared out and the denoised polar is

ragged. In the result of our method (d), the image is clean and

the polar is the same as in original image (a).)

As discussed in Subsection 3.4, our algorithm is
about fifty times faster than simplified spatial nl-means.
Experiment on a PC with a Pentium IV 2.4GHz CPU
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Fig.5. Comparison between the results obtained by spatial nl-

means and our method for noisy window with σ0 = 30 (b). (a)

Original image. (b) Noisy window with σ0 = 30. (c) Result by

spatial nl-means. (d) Result by our method. It is clearly that

our method preserves the shape of pillars well.

Fig.6. The second and first level of Laplacian pyramid of Fig.5(b)

before and after denoising with our method. (a), (c) The second

and first level respectively before denoising. (b), (d) Denoised

second and first level respectively. It can be seen that the noise

has been removed effectively and the shape of pillars are preserved

in (b) and (d).

Fig.7. Comparison between the results obtained by spatial nl-means and that of our method for noisy Mandrill with σ0 = 30. (a)

Original Mandrill image. (b) Noisy Mandrill with σ0 = 30. (c) Result obtained by spatial nl-means with filtering parameter h = 2.0.

(d) Result of the same method with h = 3.5. (e) Result by our method. Note that the eyes of Mandrill are pale and the canvas effect

appears on the face of Mandrill (c) and (d). In the result of our method (e), the eyes are bright, and there is no artifacts on the face.

and 512MB RAM demonstrates that it takes no more
than 11 seconds to denoise a 500 Megabyte photo using
our algorithm, while the original nl-means algorithm

requires nearly 10 minutes. This makes the perfor-
mance of our algorithm acceptable to common users
as is demonstrated in Table 2.
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Table 2. Performance Results

Image Size Simplified Our Fast Ratio

Spatial NL (s) Method (s)

512× 512 28.16 0.38 74.1

1024× 768 85.45 1.54 55.5

2592× 1944 548.1 10.63 51.6

5 Conclusion

In the paper, we proposed a robust and fast non-
local denoising algorithm. The algorithm is based on
Laplacian pyramid. Due to the redundancy property
of Laplacian pyramid, we can further perform nl-means
building upon image redundancy in Laplacian pyramid.

We employ Laplacian pyramid to break up noisy im-
age into bandpassed images. By performing nl-means
on different levels of Laplacian pyramid with differ-
ent sizes of compare windows, we effectively remove
high-frequency noise and low-frequency noise while pre-
serving the image details (edges, textures, etc.). We
also utilize SSI and FFT to propose a speedup algo-
rithm. After acceleration, our method is nearly fifty
times faster that spatial nl-means algorithm. It can be
seen that our accelerated algorithm is more feasible to
tackle with practical problems.

Compared with spatial nl-means results, the result-
ing image of our algorithm is neat, while spatial nl-
means results are rather blotchy. Our result is a bit
more blurry but introduces less artifacts such as can-
vas effect than spatial nl-means. The limitation of the
method, as shown in Table 2, is: when images to be
denoised reach to a particularly large size, the ratio be-
tween times needed in our method and spatial nl-means
algorithms slowly decrease. This is because, for large
image, it takes several minutes to decompose it into
Laplacian pyramid. We suggest this limitation can be
further overcomed by using GPU to implement the de-
composition process.
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