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Abstract

A novel nonlinear cooperative approach to image
denoising and restoration is presented. Samples from
the image field with similar characteristics are first
grouped into clusters by first performing image decom-
position based on the Mumford-Shah model using a
total variational framework and performing fuzzy c-
means clustering within each image partition. Samples
within each cluster are then aggregated using an coop-
erative Bayesian estimation method based on informa-
tion from all the samples to provide a nonlinear estimate
of the original image. The proposed method exploits
information redundancy within each cluster to denoise
and restore the original image. Furthermore, the pro-
posed cooperative Bayesian estimation method is ca-
pable of suppressing noise and reducing image degra-
dation while preserving image detail by utilizing intra-
cluster statistics. The experimental results using differ-
ent types of images demonstrate that the proposed al-
gorithm provides state-of-the-art image denoising per-
formance in terms of both peak signal-to-noise ratio
(PSNR) and subjective visual quality.

1 Introduction

Image denoising is the process of estimating the
original image from an image that has been contami-
nated by noise degradation. Image denoising is one of
the fundamental challenges in the field of image pro-
cessing and is important in a wide variety of applica-
tions such as object recognition, video tracking, photo
enhancement and restoration, and image segmentation.
Despite the large number of algorithms proposed in the
area, the problem of noise suppression remains an open
challenge in situations characterized by additional im-
age degradation and low signal-to-noise ratios.

Many image denoising methods have been intro-
duced and can generally be categorized as either trans-
form domain methods or spatial domain methods.

Transform domain methods first transform an image
from the spatial domain into a different domain (e.g.,
frequency domain, wavelet domain) and suppress noise
in the transform domain. Transform domain denoising
methods include Wiener filtering [12], Gaussian scale
mixture (GSM) denoising [10], wavelet shrinkage [7],
collaborative Wiener filtering [3], and shape-adaptive
discrete cosine transform (SA-DCT) denoising [5].

Spatial domain methods suppress noise directly in
the spatial domain. These can be divided into two main
groups: i) local spatial domain methods, and ii) global
spatial domain methods. Local spatial domain meth-
ods take advantage of image redundancy within small
neighborhoods to suppress noise. Such methods in-
clude Gaussian filtering, bilateral filtering [11, 4, 13],
anisotropic filtering [6], and trilateral filtering [15].
The main advantage of local methods is that they are
very efficient from a computational perspective. How-
ever, such methods perform poorly for images with
low signal-to-noise ratios since local information does
not provide enough information for proper noise sup-
pression. Global spatial domain method takes advan-
tage of image redundancy within the entire image and
thus are better suited for situations characterized by low
signal-to-noise ratios. These methods include non-local
means [8, 2, 9], and anisotropic non-local means [14].
One common drawback associated with most spatial
domain methods is that they do not account for addi-
tional image degradation which can make it difficult to
perform proper denoising.

In this paper, we propose a novel approach to image
denoising using a cooperative estimation scheme. The
proposed method takes advantage of global information
redundancy across similar image samples through the
use of a novel cooperative Bayesian estimation scheme
and is highly robust to images characterized by low
signal-to-noise ratios and additional image degradation.
Furthermore, the proposed method provides effective
noise suppression while preserving image detail. This
paper is organized as follows. The proposed method is
presented in Section 2. Experimental results are pre-
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sented and discussed in Section 3. Finally, conclusions
are drawn in Section 4.

2 Proposed Method

The proposed algorithm takes a cooperative ap-
proach to the problem of image denoising and restora-
tion and can be described as follows. First, samples
within an image field are clustered based on their sim-
ilarity by first performing image decomposition based
on the Mumford-Shah model using a total variational
framework and performing fuzzy c-means clustering
within each image partition. Second, a novel cooper-
ative Bayesian estimation scheme is used to aggregate
the samples adaptively within each cluster to produce a
nonlinear estimate of the original image.

2.1 Background

Let f be a 2-D digital image, which is subsequently
degraded by degradation function H and contaminated
by additive noise n during the image acquisition pro-
cess. The degraded image g acquired by the image ac-
quisition system can be modelled as,

g(x) = Hf(x) + n(x), (1)

where x = (x, y). The goal of image denoising and
restoration is to estimate f given g. Supposing that H =
1, local spatial domain denoising methods estimate f as
the weighted sum over a local spatial neighborhood ψ
in g,

f̂(x) =
∑
∀x∈ψ

w(x)g(x), (2)

where w represents the weighting function as defined
by the spatial filter. The above formulation for local
spatial domain denoising is extended by global spatial
domain methods to take into account the entire image
g. Therefore, the estimate of f̂ using the global spatial
domain denoising approach be expressed as,

f̂(x) =
∑
∀x∈g

w(x)g(x). (3)

There are two main problems with existing global spa-
tial domain methods. First, it is computationally im-
practical to estimate f̂ based on Eq. (3), as it requires re-
computing the weighting function for all pixels, which
in itself requires evaluating the similarity of every pixel.
As such, practical implementations of global spatial do-
main denoising are highly restrained to restricted search
regions. Second, existing global spatial domain meth-
ods do not account for image degradation H 6= 1, which

is problematic as it is often difficult to decouple image
degradation and image noise in practical situations. Fi-
nally, such global spatial domain methods do not ex-
plicitly account for local image statistics, which is im-
portant for image detail preservation. We aim to address
all of these issues through the use of a novel cooperative
estimation scheme.

2.2 Sample Clustering

The first step of the proposed method is to cluster
image samples from g based on their similarity. There
are two main reasons for performing this clustering pro-
cess. First, it allows cooperative estimation to be per-
formed between samples within smaller clusters, thus
significantly reducing the computational complexity of
the denoising and restoration process while still exploit-
ing the global information redundancy within the im-
age. Second, by clustering image samples that are sim-
ilar, it reduces the effect of irrelevant image samples on
the image denoising and restoration process. Unfortu-
nately, it is difficult to perform accurate sample clus-
tering under situations characterized by image degra-
dation and noise. To address this issue, we introduce
a modified fuzzy c-means clustering scheme based on
Mumford-Shah image decomposition using a total vari-
ational framework.

The proposed sample clustering algorithm can be
described as follows. The degraded image g is first
decomposed into piecewise-smooth regions u and tex-
tured regions v by utilizing the two-phase piecewise
smooth approximation of the Mumford-Shah model us-
ing a total variational framework [1],

min

{
E(k, ~C) = β

∫∫
Ω

‖k − g‖2dA+ α

∫∫
Ω ~C

‖∇k‖2dA+ γ

∮
~C

ds

}
,

(4)
where k = u+ v, Ω represents the image domain, ~C is
a close subset of Ω, and α, β, γ are arbitrary constants.
For a region ui (or vi), fuzzy c-means clustering is per-
formed to obtainm clusters L1, L2, ..., Lm based on the
fuzzy weighting functionwt, which is defined as a prod-
uct of a intensity weighting function wi and a spatial
weighting function ws and can be expressed as,

wt(p, q) = wi(p, q)ws(p, q), (5)

and,

wi(p, q) = e
−[(g(p)−g(q))]2

2σ2
i (6)

ws(p, q) = e
−‖p−q‖2

2σ2
s , (7)
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where σ2
i and σ2

s are the penalty terms for intensity and
spatial dissimilarity, p and q are the prototype and can-
didate sample respectively. The pixel samples within
each cluster can then be used to estimate the original
image f in a cooperative manner.

2.3 Cooperative Bayesian Estimation

Given a cluster Li of k image samples g[Li] =
{g(x1), g(x2), ..., g(xk)}, a total of k image estimates
are produced {f̂(x1), f̂(x2), ..., f̂(xk)} using a novel
cooperative Bayesian estimation scheme. The proposed
cooperative estimation scheme extends the concepts of
global spatial domain denoising in several important
ways. First, unlike the original global spatial domain
denoising methods, the proposed cooperative estima-
tion scheme also accounts for image degradation in ad-
dition to image noise. Second, the proposed estimation
scheme takes advantage of global information redun-
dancy in a cooperative manner as well as accounting
for intra-cluster spatial locality.

The proposed cooperative Bayesian estimation
scheme can be defined in the following manner. Given
k image samples g[Li] = {g(x1), g(x2), ..., g(xk)}, The
estimate of f(xi) can be represented as a linear combi-
nation of {g(x1), g(x2), ..., g(xk)},

f̂(xi) =
k∑
i=1

aig(xi) + µg. (8)

Now consider g[Li] and f as two random vectors, H is
the degradation matrix, and <n is noise variance. The
image estimate f̂ can be written to take the form of,

f̂ = Ag[Li] + b. (9)

Based on Eq. (9), the underlying goal of the proposed
method is to determine the values ofA and b using unbi-
asedness and orthogonality conditions, which states the
estimator is unbiased and the estimation error is perpen-
dicular to any linear combination of f ,

E
[
(f − f̂)2

]
= 0, (10)

and
E
[
(f − f̂)(κg[Li] + γ)

]
= 0. (11)

By enforcing the conditions expressed in Eq. (10)
and Eq. (11), the estimate of f can be defined in the
Bayesian sense as,

f̂ = µf +(HT<−1
n H+<−1

ff )−1HT<−1
n

[
g[Li] −Hµf

]
.

(12)

This is a nice close-form solution for the proposed
estimation method, but in reality the mean and variance
of f and g are not known in advance, those making the
estimation problem difficult to solve in an ideal sense.
Therefore, an approximate solution is desired in this sit-
uation.

In the proposed algorithm, the approximate solution
is determined based on the intra-cluster image statistics
of Li. Therefore, the Bayesian estimator expressed in
Eq. (12) can be re-formulated based on the intra-cluster
image stastics as,

f̂ = µ̂g + (
h2

σ̂2
n

+
1
σ̂2
g

)−1 h

σ̂2
n

(g[Li] − hµ̂g), (13)

where σ2
n is the estimated variance of the noise, µ̂g and

σ̂2
g are the cooperative mean and variance at sample xc,

as defined by,

µ̂g =

k∑
i=1

g (xi) exp
(
‖g(ψi)−g(ψc)‖2

ϑ

)
k∑
i=1

exp
(
‖g(ψi)−g(ψc)‖2

ϑ

) (14)

σ̂2
g =

1
k − 1

k∑
i=1

(g (xi)− µc)
2 (15)

where ψi and ψc are local neighborhoods at xi and xc
respectively, ‖.‖2 is the L2-norm, and ϑ is the decay co-
efficient. One issue with the above formulation is that
it is difficult to know the actual degradation model. To
address this issue, the proposed approach imposes an
isotropic penalty (α = 0) for smooth regions and non-
isotropic penalty (α < 0) for textured regions. The re-
sulting degradation term h can be expressed as,

h =

 0 − 1
4 0

− 1
4 1 + α − 1

4
0 − 1

4 0

 , (16)

where α is the penalty term. It can be observed the the
aforementioned cooperative estimation method adapts
based on the characteristics of the other images samples
within the cluster. As such, the different samples in the
cluster cooperate to suppress noise and image degrada-
tion while preserving image detail.

3 Experimental Results

The proposed adaptive cooperative denoising and
restoration method was tested on a set of five images
with different image content characteristics. For each
image, two different test scenarios were evaluated: i)
Gaussian white noise with standard deviation of 51, and
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ii) motion blur and Gaussian white noise with stan-
dard deviation of 13. To evaluate the effectiveness
of the proposed method in a quantitative manner, the
peak signal-to-noise ratio (PSNR) of the restored im-
age was computed for the proposed method along with
state-of-the-art denoising methods such as bilateral fil-
tering (BF) [11], Gaussian scale mixture (GSM) denois-
ing [10], and non-local means (NLM) denoising [2].

A summary of the PSNR results for the test scenario
with noise is shown in Table 1. It can be observed
that the proposed method achieves noticeable PSNR
gains compared the BF and NLM denoising methods
for all images. When compared to the GSM denois-
ing method, the proposed method produced compara-
ble results for the Lena, Boat, and Barbara test cases
and noticeable PSNR gains for the House test case.
The restored images are shown in Figure 1. It can be
observed that the proposed method produced restored
images with noticeably better perceptual quality when
compared to existing methods. Fine image detail is bet-
ter preserved by the proposed method compared to the
other tested methods, while still achieving high noise
suppression and restoration performance.

A summary of the PSNR results for the test scenario
with noise and image degradation is shown in Table 2.
It can be observed that the proposed method achieves
noticeable PSNR gains compared all tested methods for
all images. The restored images are shown in Figure 2.
It can be observed that, like the first test scenario. the
proposed method produced restored images with no-
ticeably better perceptual quality when compared to ex-
isting methods. Furthermore, it can be noticed that the
proposed method significantly reduced the motion blur
degradation found in the degraded image. As a result,
the restored images produced by the proposed method
are significantly sharper and more detailed than that
produced using the other tested methods. This demon-
strate the effectiveness of the proposed method for sup-
pressing noise and degradation even in situations char-
acterized by low signal-to-noise ratios.

4 Conclusions

In this paper, a novel denoising and restoration
method based on cooperative estimation was intro-
duced. The proposed method utilizes information re-
dundancy across the image in an efficient manner
through sample clustering and a nonlinear cooperative
Bayesian estimation scheme. The proposed method
adapts based on intra-cluster image characteristics to
suppress noise and degradation while preserving image
detail. Experimental results demonstrate that state-of-
the image denoising and restoration performance can

be achieved to produce restored image with high per-
ceptual quality. Future work involves investigating al-
ternative clustering methods for improving inter-cluster
similarity for better noise suppression and restoration
performance.
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(a) Lena

(b) Boat

(c) House

(d) Barbara
Figure 1. Denoising using different denoising methods without image degradation (from left to
right): a) Noisy image (σ=51), b) BF c) GSM, d) NLM, e) Proposed
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(a) Lena

(b) Boat

(c) House

(d) Barbara
Figure 2. Denoising using different denoising methods with image degradation (from left to
right): a) Noisy and degraded image (σ=13), b) BF c) GSM, d) NLM, e) Proposed
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