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Abstract— Recently, the NLMeans Filter has
been proposed by Buades et al. for the suppres-
sion of white Gaussian noise. This filter exploits
the repetitive character of structures in an image,
unlike conventional denoising algorithms, which
typically operate in a local neighborhood. In this
paper, we present an extension of this technique to
the noise reduction of colored (correlated) noise,
which is applicable in more realistic scenarios. Vi-
sual and PSNR results show a significant improve-
ment in denoising performance compared to re-
cent wavelet-based techniques.

I. I NTRODUCTION

Digital imaging devices inevitably produce
noise, originating from the analog circuitry in
these devices. Noise reduction by means of
digital post-processing is often desirable, but
also very challenging. In this paper, we focus
on the design of a noise reduction method for
stationary Gaussian noise, that preserves image
details and that has a high visual quality.

In the last decades, numerous and diverse
denoising methods have been proposed, e.g.
[1–6]. These methods only exploit the spa-
tial redundancy in a local neighborhood and are
therefore referred to aslocal methods.

More recently, a number ofnon-local meth-
ods have been developed. In contrast to lo-
cal techniques these methods rely on the pres-
ence of similar patterns and features in the im-
age. This relatively new class of denoising
methods originates from the Non-Local Means
(NLMeans) filter, introduced by Buades et al.
[7] and is designed forwhite noise. Unfortu-
nately, in practice the image noise is mostly
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colored and the NLMeans filter yields poor re-
sults in this case. For this reason, we extend
this filter to deal with colored noise.

The remainder of this paper is as follows:
in Section II we briefly present the NLMeans
filter. In Section III we describe how the
NLMeans filter is adapted to colored noise. Vi-
sual results are given in Section IV. Finally,
Section V concludes this paper.

II. N ON-LOCAL MEANS FILTERING

We assume that the image is corrupted by
zero-meanwhite stationary Gaussian noise.
The denoised value of the local neighborhood
at positioni in the image is robustly estimated
as the weighted average of all neighborhoods in
the image1, which can be seen as a linear spa-
tially adaptive filter:

x̂i = arg min
x

NX
j=1

ρ(x − yj) (1)

=

PN
j=1

w(i, j)yjPN
j=1

w(i, j)
(2)

whereyj denotes a local neighborhood vector
at positionj in the observed noisy image and
N is the number of pixels in the image. The
weights w(i, j) depend on the similarity be-
tween the neighborhoods. For the Leclerc ro-
bust functionρ(r) (see [8]) the weights are:

w(i, j) = exp

�
−
||yi − yj ||

2

2h2

�
(3)

whereh is a constant, proportional to the noise
standard deviationσn. The weights decay at an
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exponential rate, which results in large weights
for similar neighborhoods and small weights
for non-similar neighborhoods.

III. PROPOSED EXTENSION TO COLORED

NOISE

In this Section, we assume that the image
noise iscolored. Applying the NLMeans filter
without modifications to images corrupted by
correlated noise yields poor denoising perfor-
mance, because of the model mismatch. For-
tunately, a robust estimator for correlated noise
can be obtained by replacing the Euclidean dis-
tance||yi − yj || by the Mahalanobis distanceq

(yi − yj)T C−1
n (yi − yj), whereCn is the

noise covariance matrix. This gives the follow-
ing estimator:

x̂i = arg min
x

NX
j=1

ρ
�
C
−1/2

n (x − yj)
�

(4)

where(·)1/2 is the square root of a positive def-
inite matrix. The weights now become:

w(i, j) = exp

 
−
||C

−1/2

n (yi − yj)||
2

2h2

!
(5)

The correlatedness of the noise only affects the
weightsw(i, j) and not the averaging. Hence,
Eq. 2 can be used to estimate the noise-free im-
age, but with weights defined in Eq. 5.

IV. RESULTS

In Figure 1, the visual performance of the
proposed method is compared to the wavelet-
based state-of-the-art (local) method for col-
ored noise from [4]. To be able to compute
the objective quality in terms of PSNR, artifi-
cial noise is generated and added to a noise-free
image. The proposed technique brings an im-
provement both visually as in PSNR: there are
almost no ringing artifacts and reconstructed
edges are much sharper.

V. CONCLUSION

By exploiting the self-similarity of images, a
significant gain in denoising performance is ob-
tained compared to purely local filtering meth-

(PSNR=16.1 dB) (PSNR=24.8 dB) (PSNR=25.4 dB)

(PSNR=18.6 dB) (PSNR=29.3 dB) (PSNR=30.7 dB)

Figure 1. Denoising results for two images. From
left to right: the noisy image, the restored image
using [4], the restored image using the proposed
method.

ods. In this work, we have presented an exten-
sion of the NLMeans filter that offers a superior
visual and objective quality compared to state-
of-the-art local methods for the restoration of
images corrupted by colored noise.
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