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Noises are inevitably introduced in digital image acquisition processes, and thus image denoising is still a
hot research problem. Different from local methods operating on local regions of images, the non-local
methods utilize non-local information (even the whole image) to accomplish image denoising. Due to
their superior performance, the non-local methods have recently drawn more and more attention in the
image denoising community. However, these methods generally do not work well in handling
complicated noises with different levels and types. Inspired by the fact in machine learning field that
multi-kernel methods are more robust and effective in tackling complex problems than single-kernel
ones, we establish a general non-local denoising model based on multi-kernel-induced measures
(GNLMKIM for short), which provides us a platform to analyze some existing and design new filters.
With the help of GNLMKIM, we reinterpret two well-known non-local filters in the united view and
extend them to their novel multi-kernel counterparts. The comprehensive experiments indicate that

Complicated noise

these novel filters achieve encouraging denoising results in both visual effect and PSNR index.

© 2013 Elsevier Ltd. All rights reserved.

1. Introduction

Denoising is still a very active area of research in image
processing, which goal is to reduce noise artifacts while retaining
good details (such as edges) of observed images as much as
possible [1]. Towards the end, many denoising methods, such as
the mean filter, the total variation filter [2], the bilateral filter [3]
and so on, were sequentially proposed and have obtained their
popularity. Their common and effective characteristic is that they
were all realized by locally averaging [4]| which is an operation on
a set of image values limited to a local targeted region in image.
Though able to preserve image details to different degrees, the
aforementioned local methods have two weaknesses: (1) the
weights involved in the averaging only depend on the single
pixels, thus sensitive to the polluted pixels; (2) artificial shocks
(unpredictable artificial stripes or textures) usually appear in the
denoised results [4].

To mitigate the weaknesses of local methods, Buades et al.
proposed a non-local means filter (NLM) recently [4]. Unlike the
local filters which typically operate on a local neighborhood, NLM
operates on a non-local area (even the whole image) by using a
dissimilarity measure between patches. Despite its simplicity and
intuition in idea, NLM has been empirically validated to clearly
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outperform other classic filters including the aforementioned ones
[5]. Inspired by such a patch-based and non-local viewpoint, many
state-of-the-art non-local filters, including block-matching and
three-dimensional filter (BM3D) [6], K-SVD [7], have been pro-
posed in the recent years (refer to [5,8] for surveys in this topic).

In practice, the noise in an image is generally complicated,
which can belong to different levels (strength) and different types
(single or mixed) [9,10]. Although non-local methods have shown
excellent performances in denoising, when faced with such
complicated noises, they cannot necessarily be guaranteed to yield
desirable denoising effects [11]. Take NLM as an example, it cannot
keep high effectiveness in removing Gaussian noises with high
levels, as shown in our experiment sections later. Also, as pointed
out in [10], the NLM fails to remove the common mixed noise
either. Therefore, the denoising ability of NLM still needs to be
improved.

In terms of Huber robust statistics [12], robust filters are
insensitive to outliers and can preserve image details well.
Inspired by [12], Tan et al. developed a set of robust measures
with the kernel-induced distances and then invented a more
general filtering model (KIM for short) in [13], which not only
motivates new robust filters to born but also accommodates the
typical filters including the mean filter and the median filter as its
special cases. Meanwhile, as a powerful learning paradigm in the
machine learning community, it has been proved that multi-kernel
methods are more flexible in handling complicated learning tasks
than single-kernel ones [14]. For our current image denoising
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problem, the noises in images often have different levels and
different types. Thus we conjecture that a filter designed by
replacing single-kernel with multi-kernels can be more powerful
in removing such complicated noises.

Motivated by such successful factors in NLM, KIM and multi-
kernel methods, we develop a novel denoising model in this paper,
which is general, non-local, based on multi-kernel-induced mea-
sures and thus named as GNLMKIM for short.

The main contributions of this paper are listed as follows:

(1) We propose a new denoising model (GNLMKIM), which
provides a general platform for analyzing and designing filters.
Besides the multi-kernel strategies, the novel model combines
several favorable properties, such as robustness and non-
locality of current effective filters. For such a proposal, we
are not aware of similar works in literature.

(2) To illustrate the generality and effectiveness of GNLMKIM, we
focus on two popular non-local filters including the NLM [4]
and MNF (mixed noise filter) [10] as the starting point of our
work and show that these two filters are both special cases of
GNLMKIM.

(3) Based on GNLMKIM, we further extend both NLM and MNF to
their multi-kernel counterparts with encouraging experimen-
tal results in removing wide-level (no matter low or high)
Gaussian noises and mixed noises respectively.

The rest of this paper is structured as follows: In Section 2, we
briefly review related works. Section 3 describes and solves
GNLMKIM in detail. In Sections 4 and 5, we first reinterpret NLM
and MNF as special cases of GNLMKIM, and then extend them to
their multi-kernel counterparts followed with encouraging experi-
mental results. Finally, we conclude this paper in Section 6.

2. Related works

Some related works including noise models, NLM, MNF, KIM
and kernel strategy will be briefly introduced in turn in this
section.

2.1. Introduction to noise models

Here we concern three main noise models corresponding to
Gaussian noise, impulse noise and their mixture respectively. The
Gaussian noise model is mathematically defined as

Y=X+N (1)

where Y is the observed (noisy) image, X is the noise-free (original)
one to be recovered, N is the zero-mean Gaussian white noise with
the standard deviation (STD) ¢. A bounded domain on which X Y,
N are defined is denoted as Q=[1,...,m] x [1,...,n].

There are mainly two common types of impulse noises, i.e.,
salt-and-pepper noise and random-valued noise. Let N denote
impulse noise. And suppose the gray values of an image are in the
dynamic range [Npin, Nmax]- For any pixel coordinatei = (i1, i) € £,
the two types of the impulse noises are respectively modeled as
follows:

For the salt-and-pepper noise, we have

Nmin  with probabilty s/2,
Nmax  with probabilty s/2, )
X(i) with probabilty 1-s.

Y(i) =

where 0 <s <1 is the salt-and-pepper noise level.

For the random-valued impulse noise,

. N(i)  with probabilty r,

Y(i)= . . . - 3)
X(i) with probabilty 1-r.

where 0<r<1 is the noise level. The gray values, N(i)s, are
identically and wuniformly distributed random numbers in
[Nmin» Nmax]. Throughout this paper, unless specified, the impulse
noise means the random-valued type.

Finally the mixed noise model can be formulated as

Y = Nimp(X+N) 4)

where Njn, denotes an operator of image degradation with
impulse noise.

2.2. Introduction to NLM

NLM is mainly designed for removing Gaussian noise. For any
pixel coordinate i:A(h,iz) € 2, NLM computes the restored (esti-
mated) gray value X(i) as a weighted average in terms of

o1 NY:i=Yill?\ .
X(l)—c(i)jgiexp< P )Y(]) 5)
where S; =2 is a non-local search window (even the whole @
itself). Let N(i}=((i1+j1.i2+02)I(1.J2) € 2, s | <d. o] <d). The
restriction (patch) of Y to the neighborhood of coordinate i is
defined as the vector Y;=Y(N%{i}) = (Y(j)lj e N%{i}). h® acts as a
filtering parameter, which is recommended a value between 10s
and 150 (o is the noise STD) [4,515]. C(i)=Y;csexp
(||Y,»—Yj||%,a/h2) is a normalized factor. ||Y;—Yj||3, is a Gaussian
weighted dissimilarity measure (distance) between Y; and Y; and
defined as

i =Yjli3, = szGa(k)(Y(i —k)—Y(—k)? (6)

where K = {(ky,ko)||k1]| <d, |ka] <d} is a local neighborhood cen-
tered at the origin. And

1 ](1 2 =+ k22
Call) = 27razeXp <_ 202

is the Gaussian kernel with standard deviation a.
Two distinct characteristics of NLM can be confirmed from the
formulation in Eq. (5):

>, k= (k1 ka) )

(1) The weights are based on the dissimilarities between patches.

(2) The restored gray value of each pixel i is obtained from a non-
local search window S;. For the sake of computation, a 21 x 21
window centered in pixel i is commonly recommended in
[4,5,15].

2.3. Introduction to MNF

Due to totally different image degrading mechanisms brought
out by Gaussian noise and impulse noise, up to date, just few
works focus on the removal of the mixture of the two noises,
though such a mixture is common in the real world. To make NLM
capable to remove such mixed noise, Li et al. designed a mixed
noise filter (MNF) [10] by incorporating rank-ordered absolute
difference statistic (ROAD) into NLM, where the ROAD value is
used to quantify how different in intensity the specific pixel is
from its most similar neighbors (refer to [9] for more details). As a
result, the output of MNF can be represented as

o1 . WYi=Yil5m\ o -
X()= mj 6ZS[WI(I)EXP (T) Y() 8)
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