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Abstract

In spite of the progress made in the field of image denoising, it’s still an open
issue. In fact, a natural image is a mixture of texture, structure and noise and this
makes the task of filtering crucial mainly when it deals with texture preserving. In
this report, we present a novel adaptive filtering technique based on a partition of
the image to ”noisy smooth zones” and ”texture + noise” zones. To this end, an
analysis of local features, is used to recover a statistical model that associates for
each pixel a probability measure corresponding to its membership degree to each
class. This probability function is then encoded in the filtering process leading
to encouraging results where a good compromise between noise suppression and
texture preserving is reached. Experimental results demonstrate the potentials of
our method.





Résumé

Le débruitage des images reste encore une question ouverte malgré les contri-
butions apportée au domaine. En effet, une image naturelle est un mélange de
texture, structure et bruit ce qui rend le filtrage une tâche cruciale quand il s’agit
de preservation de la texture. Dans ce Rapport, nous présentons une nouvelle tech-
nique de filtrage adaptatif qui s’appuie sur une partition de l’image en ”zones ho-
mogènes bruitées” et ”zones texturées”. Dans ce but, une analyse de caractéristiques
locales est utilisée afin de déterminer un modèle statistique qui associe à chaque
pixel une mesure de probabilité qui traduit son degré d’appartenance à chaque
classe. Cette fonction de probabilité est par la suite intégrée dans le processus de
filtrage pour donner des résultats encourageant avec un bon compromis entre la
suppression de bruit et la conservation de la texture. Des résultats expérimentaux
montrent le potentiel de notre approche.
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1 Introduction
Traditional techniques of image enhancement and noise reduction lie on the as-
sumption that image structure is at least at a local scale homogeneous. Natural
images consist of smooth and patterned regions often called texture and therefore
these denoising techniques deteriorates the regions with texture. The definition of
such regions refer to patterns of repetitive structure of various scale and orienta-
tions. In this paper our goal is to propose a technique that takes into account the
particularities of such patterns and design adaptive enhancement techniques that
are able to preserve texture while removing noise.

State of the art techniques in image enhancement refer to local methods, im-
age decomposition in orthogonal spaces, partial differential equations as well
as complex mathematical models. Filters and morphological operators are the
most prominent local methods [10, 17, 20] and exploit homogeneity of the im-
age through convolution. More global methods represent images through invert-
ible transformations of an orthogonal basis [11, 5, 9] where noise is removed
through the modification of the basis coefficients. Partial differential equations
[21, 14, 1, 2, 18] like the heat equation, anisotropic diffusion , etc. incorporate
more structure in the denoising process and noise-free images corresponds to the
steady sate of PDE. Last, but not least global approaches [13, 16, 8] recover the
noise-free image through the lowest potential of a cost function that aims to sepa-
rate image structure from noise.

Presence of texture often disturbs most of the assumptions considered in the
traditional image enhancement and despite numerous provisions of the above
methods, it is still an open problem. Separating structure from texture is the most
prominent technique to deal with such limitations and this can be done either
through texture segmentation (supervised or unsupervised) either through decom-
position in uniform+patterned regions [3, 19, 12]. Solving texture segmentation
and then performing image denoising alters the nature of computational vision.
It is not natural to consider higher-level complex vision tasks toward improving
solutions of lower level tasks at a second stage. Image decompositions is a more
prominent solution that has gained attention in the past years [19]. Images are
represented using a uniform and an oscillatory component that are determined
through optimization of specifically designed cost functions [3, 19, 12]. However,
these methods are highly complex, computational expensive and often fail to ac-
count for the fact that noise is also some kind of repetitive pattern and therefore is
preserved in such a decomposition.

One can conclude that traditional/state-of-the art techniques make the assump-
tion that an image is piecewise constant where the oscillatory component is rela-
tive to the noise. This hypothesis is untenable because texture is also an oscillatory
pattern and many examples of natural images showed that it’s sometimes difficult
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to distinguish between noisy regions and textured ones. Furthermore, existing
techniques of structure+texture image separation are highly complex, and do not
take into account the nature of noise that is preserved in such decomposition.

In this paper we propose a novel denoising technique that encodes image struc-
ture information in the process. to this end we propose an automatic technique of
image partition into two regions : ”homogeneous regions + noise” and ”texture
+ noise”. This partition is performed through a local feature analysis and statis-
tical model in which associates to each pixel a probability measure that reflects
its degree of membership to each image class. Such a classification is considered
within the denoising process reflecting the selection of the most appropriate noise
models at different image locations. In order to account for unknown noise config-
urations, we consider non-parametric variable-bandwidth noise approximations.
Such approximations are further developed using the image partition information
leading to a natural denoising process that preserves texture while removing noise
in smooth regions.

The reminder of the report is organized as follows; section 2 is devoted to
selection of non-linear operators that provide features with strong discriminative
power between texture and structure. In section 3 we are interested in unsuper-
vised image partition through statistical modeling of the filter responses. Our new
probabilistic method for filtering that encodes such partition as well as results and
comparison are presented in section 4. Finally, we conclude in section 5.

2 Local Feature Analysis
Understanding image structure is an essential component of numerous compu-
tational vision tasks. Such a condition is met in many biological vision environ-
ments. Scalar or vectorial images refer to a certain information of the environment
that is extremely local since interpretation is possible at the pixel level. Image en-
hancement is the lowest level computational vision task and given the objective of
our approach adequate techniques that encode image and structural information
in small patches are to be developed .

Understanding texture has been a long term research initiative in computer
vision. While most of the existing techniques aim to separate different texture
patters, we focus on a simplest problem that is separation of texture and noisy
smooth regions. In the literature several operators were proposed to capture repet-
itive structure. In order to facilitate the introduction of the method, let us consider
a set of local operators [Φ = {φ1, φ2, ..., φn}] applied to the image. Such opera-
tors exhibit different scales and orientations. To this end, image moments at local
scale (first, second and third moment), the image laplacian as well as the outcome
of local convolution with a gaussian operators as shown in [Fig.1] are computed.
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(a) (b) (c) (d)

Figure 1: (a) origin image, (b) image of local entropy, (c) laplacian image, (d)
image of local standard deviation

Let’s note the obtained vector of attributes:

ω = ω(x) = (φ1(I(x)), φ2(I(x)), ..., φn(I(x)))

Gathering the statistics of such attributes as well as defining proper statistical mod-
els to interpret them is the first step towards image classification.

With a such description we increase considerably the dimension of our anal-
ysis space which makes density estimation impractical. In spite of the optimism
of some techniques based on a non parametric density estimation [15], we believe
that data will be sparsely distributed in a high dimension space which makes the
estimation task more difficult. In order to reduce the dimensionality of our prob-
lem, we perform a principle component analysis. Principal Component Analysis
(PCA) refers to a linear transformation of the variables that retains (for a given
number m of operators) the largest amount of variation within the training data,
according to:

ω = ω +
m∑

q=1

bq (uq, vq) = ω +
m∑

q=1

bq Ωq (1)

where ω is the mean vector of observations (attributes), m is the number of re-
tained modes of variation, Ωq are these modes (eigenvectors), and bq are linear
factors within the allowable range defined by the eigenvalues.

Without loss of generality, a zero mean assumption can be considered for the
ω(x) by estimating the mean vector ω and subtracting it from the training samples
ω(x). Given the set of recovered attributes upon the application of set of operators
Φ, and their normalized version upon subtraction of the mean ω(x) = ω(x) − ω
one can define the covariance matrix as follows:

Σ = E{ωωT}
It is well known that the principal orthogonal directions of maximum variation for
{ωi} are the eigenvectors of Σ. The eigenvectors of Σ can be computed through
the singular value decomposition (SVD). The first principle component, is the
eigenvector where data present the most important variation [Fig.2]. For this rea-
son, we choose to restrain our observation to the projection of the different set of
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Figure 2: (Up) origin images, (down) Projection of their correspondent local fea-
tures on the first principle component

feature on this component which leads a good compromise between computing
complexity and discrimination power. The obtained new feature space is then:

o(x) = ω(x) ·Ω0

Given that the image consists of three populations with texture being significantly
varying, such projection should be able to capture areas that refer to uniform
patches, as well as areas with important variation in the observation space.

3 Unsupervised Image Partition
Let us consider the new feature space recovered through the projection of the filter
responses on the first principal component. The empirical density of such a feature
space should represent three classes. One refers to noisy homogeneous zones
with small variation in local feature. The two other, refer to texture and edges
and present an important variation in terms of local statistics. Therefore without
loss of generality, we assume that the empirical density function corresponds to
mixture model with three populations being present;

p(o|Θ) = Pst pst(o) + Pte pte(o) + Pno pno(o)

with Θ being the parameter vector and Pst, Pte, Pno are respective conditional
probabilities of structure or edges, texture and noise. Decomposing such an ob-
served density in three components can be done in a straightforward fashion using
techniques for pattern analysis. Gaussian mixture models are very popular in
statistical modeling of visual data and are the ones considered in our approach.
Recovering the prior marginals (Pst, Pte, Pno) and the parameters (mean, standard
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deviation (µ, σ)) of such components can be done according to the maximum
likelihood principle [6].

In the most general case, given a n unlabeled samples O = (o1, o2, ..., on)
drawn from such a density, the likelihood of the observation corresponds to joint
density

p(O|Θ) =
n∏

i=1

(∑
c∈E

Pcp(oi|c)
)

; E = {st, te, no}

where the optimal estimation for Θ being the one that maximizes the joint density.
If we assume that p(O|Θ) is a differentiable function of Θ, then we can derive
some necessary condition for Θ̂ (the optimal estimation for Θ). Let L(O, Θ) be
the logarithm of the a likelihood

L(O, Θ) =
n∑

i=1

log

( ∑
c=∈E

Pcg(oi, µc, σc)

)

where

g(oi, µc, σc) =
1√

2πσc

exp

„
−‖oi−µc‖

2σc

«

After computing the derivative of L(O, Θ) respect to µc, σc and Pc and setting
them to zero we obtain:

µc =

∑n
i=1 p(c|oi)oi∑n
i=1 p(c|oi)

(2)

σ2
c =

∑
i=1 p(c|oi) ‖oi − µc‖2

∑n
i=1 p(c|oi)

(3)

Pc =
1

n

n∑
i=1

p(c|oi) (4)

where

p(c|oi) =
Pcp(oi|c)∑

k∈E Pkp(oi|k)

The expression (2) and (3) are the sample mean and standard deviation of the
sample data weighted by the conditional probability that observation i was gener-
ated by model c. The equation (4) views Pc as the sample mean of the condition
probability p(c|oi). These equation are coupled with one another, for this rea-
son an iterative solution is needed. The process, starts with a guess of an initial
value of Θ, then the optimal value will be reached through an update according to
equations (2),(3) and (4). Some results of unsupervised image partitions based on
gaussian mixture model is shown in [Fig.3]

In the reminder of the paper, we will restrain the partition to two classes
smooth regions (H) and details (D) which includes texture and structure.
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(a) (b) (c) (d)

Figure 3: Example of partition of an image: origin image(a), and conditional
probability function relative to ”noise”(b), ”structure” (c) and ”texture” (d)

4 Adaptive Denoising Technique
Let Ī be the original image, I the observed signal and N a location-wise inde-
pendent additive noise model. Such notation conventions lead to the following
relation between observation, noise and original signal:

I(x) = Ī(x) +N (x)

Let’s note pN (x)(n) the noise model which corresponds to a distribution for the
presence of a noise level n at the pixel location x. The image is composed of two
populations and the location x is either part of the smooth region or the textured
region classes, leading to:

pN (x)(n) = pD(x ∈ D)pN (x)(n|D) + pH(x ∈ H)pN (x)(n|H)

with pD, pH being the densities describing the two populations (Homogeneous
regions and texture). Such densities are independent from the noise model and
can be evaluated using the observed image I and the convolution output of a set
of operators with this image as explained in section 2.
Given such a noise model pN (x)(), and the observations image I one can consider
denoising in the form of inference problem which consists of finding the original
image Ī that refers to the maximum likelihood of pN (x)(I − Ī|I). Such maximum
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for a given image location x can be recovered through the minimum of the -log()
function or

E(Ī(x)) =− log
(
pD(x ∈ D)pN (x)(I(x)− Ī(x)|D)

+pH(x ∈ H)pN (x)(I(x)− Ī(x)|H)
)

Such a term can be defined within the entire image domain, and under the assump-
tion2 that noise is independent from the pixel location one can seek the lowest
potential of

E(Ī) =−
∫∫

Ω

log
(
pD(x ∈ D)pN (x)(I(x)− Ī(x)|D)

+pH(x ∈ H)pN (x)(I(x)− Ī(x)|H)
)
dx

This integral can be further developed according to the classification results {Ω =
Ω(H)) ∪ Ω(D), Ω(H) ∩ Ω(D) = ∅} in two components considering that a pixel
x is either in class H or in class D

E(Ī) =−
∫∫

Ω(H)

log
(
pH(x ∈ H))pN (x)(I(x)− Ī(x)|H)

−
∫∫

Ω(D)

log
(
pD(x ∈ D))pN (x)(I(x)− Ī(x)|D)

)
dx

(5)

Optimization of this cost function requires the estimation of the noise models
at a pixel level, both in homogeneous and textured areas that in practice is not
feasible and therefore one should infer from the data.

4.1 Introducing the Noise Model
Let us consider an image location x and Π(x) a local patch where the assumption
of smoothness is valid. In such a case, while the noise model could affect in
different fashion the original observations at the this patch, one can assume that
such values could be used to describe the observations. Gaussian distributions
are the most frequent selection in these conditions, a valid assumption in the case
where the noise models are related in the spatial domain and are white. These
conditions cannot be satisfied in the most general case and therefore we assume a
non-parametric form on the local distribution, that is:

p(Īx)) =
1

M

∑

xj∈Π(x)

KB

(
Ī(x)− I(xj)

)

=
1

M

∑

xj∈Π(x)

1

||B|| 12
K

(
B−

1
2 (Ī(x)− I(xj))

)

2In such a case one can write pN (N) =
∏

x∈Ω pN (x)(n(x)|I(x)) and taking the −log will
produce a sum over the entire image domain.
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with M = |Π(x)| being the cardinality of Π(x), K known to be the kernel ma-
trix and B its bandwidth, with Gaussian kernels being the most popular selection.
Such an approximation can be used to replace the noise model introduced in equa-
tion (5). After dropping the constant terms and considering Gaussian kernels, we
obtain the following simplified cost function:

E(Ī) = −
∫∫

Ω(H)

log


 ∑

xj∈Π(x)

exp−
(Ī(x)−I(xj))2

σ2

σ


 dx+

∫∫

Ω(H)

log(M)dx−
∫∫

Ω(D)

log
(
pN (x)(I(x)− Ī(x)|D)

)
dx

Due to the image decomposition in smooth and patterned regions, and given the
smoothness assumption at a local scale, one can claim that

j ∈ Π,
exp

− (Ī(x)−I(xj))2

σ2(xj)

σ
≈ 1

M

∑

xj∈Π(x)

exp−
(Ī(x)−I(xj))2

σ2

σ

leading to the following simplification of the cost function expression

E(Ī) = −
∫∫

Ω(H)

∑

xj∈Π(x)

log


exp−

(Ī(x)−I(xj))2

σ2

σ


 dx+

−
∫∫

Ω(D)

log
(
pN (x)(I(x)− Ī(x)|D)

)
dx

The fixed bandwidth approach often produces an under smoothing in areas with
sparse observations and over smoothing in the opposite case. In our case, the
dense observation induces over smoothing and therefore a need exists for varying
the kernel bandwidths within the patch:

p(Ī(x)) =
1

M

∑

xj∈Π(x)

1

σ(xj)
exp

− (Ī(x)−I(xj))2

σ2(xj)

In such a case assuming that similar conditions as in the earlier case are satisfied,
we can rewrite the cost function as follows:

E(Ī) = −
∫∫

Ω(H)

∑

xj∈Π(x)

−log


exp

− (Ī(x)−I(xj))2

σ2(xj)

σ(xj)


 dx+

−
∫∫

Ω(D)

log
(
pN (x)(I(x)− Ī(x)|D)

)
dx
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On the other hand, let us consider the case of texture. In this context, the use of
non-parametric approximation of the density function is eminent, since in practice
one should expect very limited support for the observed intensity in the the local
neighborhood. Therefore,

p(Ī(x)) =
1

M

∑

xj∈Π(x)

1

σ(xj)
exp

− (Ī(x)−I(xj))2

σ2(xj)

with σ(xj) ¿ σ(x), j ∈ Π, and therefore

p(Ī(x)) =
1

M

(
1

σ(x)
exp

− (Ī(x)−I(x))2

σ2(x)

+
∑

xj∈Π(x),xj 6=x

1

σ(xj)
exp

− (Ī(x)−I(xj))2

σ2(xj)




with the term



P

xj∈Π(x),xj 6=x
1

σ(xj)
exp

− (Ī(x)−I(xj))2

σ2(xj)

1
σ(x)

exp
− (Ī(x)−I(x))2

σ2(x)


 vanishing to zero leading to the

following simplification of the noise model in the case of patterned regions:

log(pN (x)(I(x)− Ī(x)|D)) = −log(M) + log

(
1

σ(x)
exp

− (Ī(x)−I(x))2

σ2(x)

)

+ log


1 +

∑
xj∈Π(x),x 6=xi

1
σ(xj)

exp
− (Ī(x)−I(xj))2

σ2(xj)

1
σ(x)

exp
− (Ī(x)−I(x))2

σ2(x)




where the third term could be ommited leading to the following expression of the
cost function:

E(Ī) =

∫∫

Ω(D)

(Ī(x)− I(x))2

σ2(x)
dx

+

∫∫

Ω(H)

∑

xj∈Π(x)

(
−log(σ(xj)) +

(Ī(x)− I(xj))
2

σ2(xj)

)
dx

The minimum of this cost function, refers to the optimal denoising results ac-
cording to our method. Simple calculations of the derivative of the cost function
provides us the optimal filtering. By setting this derivative to zero it arises that
for Textured region the optimal filtering is keeping the filtered value as close as
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possible to the observed one. In case of homogeneous region the filtered image is
defined as

Ī(x) =

∑
xj∈Π(x)

I(xj

σ(xj)2∑
xj∈Π(x)

1
σ(xj)2

4.2 Bandwidth Selection & Validation

Bandwidth selection is a critical component because it influences the degree of
smoothing in the image. The use of image similarities as suggested in [7] between
local image patches as well as measures of consistency in the classification process
can lead to optimal selection of the kernel bandwidth.

To this end given the location of the pixel to be filtered x, and a plausible
neighborhood pixel xj within the denoising process, the bandwidth is defined
according to

σ(xj) = σ +
exp1−pH(xj∈H)

|W|
∑
m∈W

(I(x + m)− I(xj + m))2 (6)

With W being a local window, |.| its cardinality and σ a constant. Such a band-
width encodes local similarities of appearance between the pixel under consid-
eration of its neighborhood while at the same time it retains only neighborhood
candidates that are part of the Homogeneous component of the image.

Towards the validation of the method, we have used images of unknown noise
models and have compared our method with the Non-Local Mean [4] approach.
As pointed out in [4], the method noise is a good criteria to evaluate the perfor-
mance of denoising. In concrete terms, the method noise is the difference between
the observed image and the filtered one, it corresponds to the noise eliminated by
the filtering process. Ideally this difference must be similar to a white noise and
independent of the signal. For tests, we use similarity windows (W in equation
6) of size 7 × 7 and 11 × 11 for the local patch Π. In [Fig.4] and [Fig.5] we can
see some qualitative results that show that our proposed method outperforms the
NLmean since our method noise contains less structure with approximately the
same level of denoising in smooth regions. A similar result is expected because
in our method the regularisation is not so important compared to the original ob-
servation in case of texture. In fact, we believe that our visual system is more
sensitive to noise in smooth region than in the textured one. As for quantitative
evaluation, we compute the mean square error between the filtered image and the
original one. We precise here that the observed image is the original one corrupted
by an additive gaussian noise with standard deviation=20. Results are reported in
Table 1 and show that introducing a conditional probability measure of being on
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Lena Baboon Cheetah
NLmean 59 99 188
Proposed filter 55 90 157

Table 1: Mean Square error table relative to additive gaussian noise with standard
deviation =20

a smooth noisy region improve denoising result and insure a good compromise
between image denoising and details preserving.

5 Discussion
In this work we have proposed a new model to image denoising that exploits infor-
mation of the image context. Such a method first decomposes the image domain
into smooth and patterned regions. To this end, the image is convolved by a a set
of filter and a simple kernel operator is applied to their responses. Then, statistical
analysis on these responses provide measures of ”smoothness” and ”patterness”.
Such measures inherit certain properties on the noise model at local scales and
are encoded in the denoising process that is done in a variational fashion, lead-
ing to a natural approach of enhancement between smooth and texture domains
of the image. Promising experimental results demonstrate the potentials of our
approach.

Better extraction of classification features using higher order projections is the
most prominent direction to improve the initial step of our approach. Classifica-
tion was considered in the form of binary decisions, and therefore future directions
will refer to fuzzy approaches where the classification densities are emended in a
soft fashion in the cost expression. More appropriate selection of the kernels as
well as their bandwidth could also improve the performance of the method, and is
a direction that we are willing to address in the coming future.
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