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Abstract— Recently, the NLMeans Filter has  colored and the NLMeans filter yields poor re-
been proposed by Buades et al. for the suppres- sults in this case. For this reason, we extend
sion of white Gaussian noise. This filter exploits this filter to deal with colored noise.

the repetitive character of structures in an image, . . . .
unIikepconventionaI denoising algorithms, wh?ch . The .remalnder Qf this paper is as follows:
typically operate in a local neighborhood. In this ~ in Section Il we briefly present the NLMeans
paper, we present an extension of this technique to filter. In Section 1l we describe how the
the noise reduction of colored (correlated) noise, NLMeans filter is adapted to colored noise. Vi-

which is applicable in more realistic scenarios. Vi- g 3] results are given in Section IV. Finally
sual and PSNR results show a significant improve- Section V concludes this paper ' '

ment in denoising performance compared to re-
cent wavelet-based techniques.

Il. NON-LOCAL MEANS FILTERING
I. INTRODUCTION We assume that the image is cprrupteq by
o T zero-meanwhite stationary Gaussian noise.
Digital imaging devices inevitably produce The genoised value of the local neighborhood
noise, originating from the analog circuitry in 4t hosition; in the image is robustly estimated
these devices. Noise reduction by means ofq the weighted average of all neighborhoods in

digital post-processing is often desirable, buty,g imagé, which can be seen as a linear spa-
also very challenging. In this paper, we focusyja|ly adaptive filter:

on the design of a noise reduction method for

N

stationary Gaussian noise, that preserves image o . ,
details and that has a high visual quality. xi= arginmzl px=yi) (@)

In the last decades, numerous and diverse N =
denoising methods have been proposed, e.g. 2 w(i gy )
[1-6]. These methods only exploit the spa- - Z{\i w(i, ) @
tial redundancy in a local neighborhood and are =t ’
therefore referred to dscal methods. wherey; denotes a local neighborhood vector

More recently, a number ofon-local meth- ~ at position; in the observed noisy image and
ods have been developed. In contrast to lo/V is the number of pixels in the image. The
cal techniques these methods rely on the pregveights w(i, j) depend on the similarity be-
ence of similar patterns and features in the imiween the neighborhoods. For the Leclerc ro-
age. This relatively new class of denoisingbust functionp(r) (see [8]) the weights are:
methods originates from the Non-Local Means o lly: — y;l?

(NLMeans) filter, introduced by Buades et al. w(i, j) = exp (—T> ®)
[7] and is designed fowhite noise. Unfortu-

nately, in practice the image noise is mostlywhereh is a constant, proportional to the noise
standard deviation,,. The weights decay at an
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exponential rate, which results in large weights i ’
for similar neighborhoods and small weights #f

for non-similar neighborhoods.

IIl. 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+

(PSNR

=16.1 dB) (PSNR=24.8 dB) (P

i

tunately, a robust estimator for correlated noise(PSNR=18.6 dB) (PSNR=29.3 dB) (PSNR=30.7 dB)
can be obtained by replacing the Euclidean disgigyre 1. Denoising results for two images. From

tance||y; — y;|| by the Mahalanobis distance

\/(Yi —y;)TC (yi — y;), whereC,, is the
noise covariance matrix. This gives the follow-

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

ing estimator:

N
X; = arg min Zp (CT_LI/Q(X - Yj)) (4)
x j=1

where(-)'/? is the square root of a positive def-

inite matrix. The weights now become:

Co Py — vyl
)= (15—
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