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adjusting different parameters such as number of
iteration. Markov Random Field method (MRF) [10-12]
uses spatial correlation information to have more robust
result against noise and in mean time preserve fine
structure to more extend. In other words, MRF use spatial
regularization of the noise estimation to reduce signal
smoothing. MRF use iterated conditional modes and
simulated annealing to update the value of pixel with
maximizing a posterior. Usually, it is computationally
expensive.
Wavelet-based methods [13-15] perform in frequency
domain. These methods try to separate signal from noise
and not to degrade the signal in the de-noising process.
On MRI image, these method biases the wavelet and
scaling coefficients. To overcome this disadvantage,
squared MRI image which is non-central chi-square
distributed is used as input for wavelet [16]. With this
variation, the scaling coefficients become independent on
signal and can be eliminated easily [17]. The
disadvantage of these methods is degrading fine details,
especially in high noisy images [18].
Analytical correction method used input image to
estimate noise and immediately after noise-free image.
To estimate noise, this method use Maximum Likelihood
Estimation (MLE) [19, 20]. The magnitude data points of
input image and estimated noise are used to estimate
noise free image. MLE can be adopted to consider
different hypothesis for noise. The disadvantage of these
methods is assuming constant signal in small area which
is not always true. These methods do not preserve edge
and degrade fine structures.
In order to preserves the edges of image, non-Local
(NL) is proposed by Buades et al. [21-23] which
attempts to takes advantage of the redundancy in image.
This method assumes that there is redundancy
information (pixels with similar neighbourhood) in
image. The value of the pixel is updated to the weighted
average of other samples with neighbourhood similar to
that of the pixel. This method gives very good result in
images with high redundancy. For example, in the image
with textured or periodic case due to large redundancy,
this method reduces noise and preserves edges to best
extend [23]. Sometimes noise, complicated structures,
blur in acquisition and the partial volume effect cause
MRI images to have non-repeated details. This method
may eliminate these details. In addition, it is
computationally expensive.

Abstract- The noise degrades performance of image
processing algorithms in brain imaging. Image denoising
methods are important image processing algorithms
which are used to reduce the noise. Brain image
denoising is one of the most important parts of clinical
diagnostic tools. Brain images mostly contain noise,
inhomogeneity and sometimes deviation. Therefore,
accurate process of brain images is a very difficult task.
However, accurate process of these images is very
important and crucial for a correct diagnosis by clinical
tools. A review of image denoising methods for brain
MRI images is presented. The review covers methods for
noise reduction and their comparative evaluations based
on reported results.
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I. INTRODUCTION
State-of-art de-noising methods try to fully remove
noise from MRI images and preserve the quality of them.
There are different de-noising filters [1]: standard and
more advanced filters, and general and specific MRI denoising ones. Each of these methods has advantages and
disadvantages. None of them overcome others in respect
to boundary preserving, quality of de-noised image,
computation cost and noise removing. As a result, noise
removing methods can be improved and still is an open
research area. Noise is one of obstacle for automatic
image processing applications such as image
segmentation [2-5].
Linear filters such as Gaussian and wiener filters
update value of a pixel by averaging (weighted) of its
neighborhood. They reduce noise and are conceptually
simple. They have two disadvantages: They degrade
image details and the edges of the image. Therefore, denoised image would be blurred. Instead of linear filters,
nonlinear ones preserve edge to more extend. However,
degrading fine structure and reducing the resolution of
the image are disadvantage of these filters.
Anisotropic nonlinear diffusion [6-9] is a powerful
non-linear method. It reduces noise in flat regions to
more extend and in mean time preserve edge by reducing
the diffusivity at the edges of image. In other words, it
reduces the noise and in the mean time preserves the
edges of the image. As a result, it is commonly used in
MRI de-noising. The disadvantage of this method is
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Table 1. Advantages and disadvantages of noise reduction methods

In [24], a novel scale-based filtering method is
presented which utilizes scale-dependent diffusion
conductance. Unlike reported scale-based filtering
methods, the proposed method employs a concept called
generalized scale, which imposes no shape, size, or
anisotropic constraints to obtain object scale information.
The object scale information is used to adaptively
perform smoothing in the interior of homogeneous
regions more than smoothing in regions with fine details.
In [25], the Optimized Block wise NL-means filter is
proposed to overcome computation time problem of NLmeans in 3D images. This approach divides the image
volume into blocks with overlapping supports and applies
NL-means on these blocks. This approach restores the
voxels values based on the restored values of the blocks
they belong to. This approach decreases the
computational time while preserving the performances of
the NL-means filter. In [26], the best values for the
parameters of Non-Local Means (NLM) algorithm are
estimated. NLM is parametric filter and highly dependent
on the setting of its parameters. The authors performed an
exhaustive search to find the optimal parameter for NLM
in context of MR image de-noising. This paper estimates
the optimum parameters for different noise levels.
In [27], a new noise estimation method based on the
adaptation of the Median Absolute Deviation (MAD)
estimator in the wavelet domain for Rician noise is
proposed. Also the impact of noise estimation accuracy
on de-noising performance of the 3D Non-Local-Means
filter (NLM) is studied. In [28], three different sequential
Wiener filters are presented: isotropic is a sequential filter
which similar to the classical Wiener filter uses an
isotropic neighborhood to estimate its parameters,
orientation which uses oriented neighborhoods to
estimate the structure orientation present at each voxel
and anisotropic which selects locally either isotropic or
oriented neighborhoods adaptively. Section II explains
two popular noise reducing methods in details. Section III
represents comparative study of state-of-arts works in
noise reducing area. Table 1 lists the state-of-art
denoising algorithms.

De-noising method
Linear filters such as
Gaussian and wiener
filters [6]

Advantages
Conceptually
simple

Markov Random
Field (MRF)-based
methods [10, 11]

More robust
against noise and
preserve fine
structure to some
extend
It reduces noise
in flat regions
and preserves
edges to a higher
extend

Anisotropic nonlinear
diffusion [6]

Wavelet-based
methods [14]

Analytical correction
methods [20]

Non-local Means
(NL-Means) method
[22]

These methods
try to separate
signal from noise
and not to
degrade the
signal during the
de-noising
process.
These methods
use Maximum
Likelihood
Estimation
(MLE), which
can be adopted to
consider different
hypothesis for
noise.
This method has
very good results
in images with
high redundancy.

Disadvantages
They degrade image
details and the
edges of the image.
Therefore, denoised image would
be blurred.
It is
computationally
expensive.

Adjusting different
parameters, such as
the number of
iterations, is a
difficult job.
It degrades the fine
structure, reducing
the resolution of the
image
The wavelet
coefficients might
be biased.
These methods
degrade fine details,
especially in highly
noisy images
These methods
assume a constant
signal in a small
area, which is not
always true. Also,
these methods do
not preserve edges
and degrade fine
structures.
This method may
eliminate nonrepeated details. In
addition, it is
computationally
expensive.

(2)
C (∇I ) = e|∇I | /2 K
where parameter K is the average gradient magnitude in
the neighbor of each pixel and specify degree of
diffusion. Cattle et al. [31] used ∇ | Gσ .u | as input for
diffusion function which uses smoothed image using
Gaussian filter. Also following equation is proposed [28]:
C ( s ) = 1/ (1 + K )
(3)
where parameter K is the average of difference of
gradient magnitude and maximum gradient magnitude in
the neighbor of each pixel.
2

II. TWO POPULAR NOISE REDUCING METHODS
A. Anisotropic Filter
Perno and Maik [6] proposed anisotropic diffusion
process. The equation is as the follows:
I t ( x, y, t ) = div(C ( x, y , t )∇I ) = C ( x, y, t )ΔI + ∇c.∇I
(1)
where div is divergence operator, I t ( x, y, t ) is intensity
of input image, t is the iteration number, ∇, Δ are the
gradient and Laplacian operators and C ( x, y, t )∇I is a
monotonically decreasing diffusion function of the image
gradient magnitude. The gradient magnitude in boundary
of region is higher than interior, and diffusion function is
monotonically decreasing. Therefore, the diffusion
process happens in regions’ interior faster and the
boundaries of regions would remain sharp. Different
diffusion functions are proposed [29]. Zhigeng et al. [30]
used the following gauss function as diffusion function:

2

B. NL-Means Method
In an image I, a neighborhood ηi of pixel i could be
defined as an m×m window around pixel i and the values
of pixels in ηi is denoted by v(ηi ) , a vector of
intensities. Furthermore, the pixel j, such that η j is
similar to ηi , is a non local neighbor of pixel i.
Moreover, similarity of ηi and η j

is defined by

similarity of v(ηi ) and v(η j ) , which is measured by
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The proposed algorithm produces the most
homogenous white matter. NL-means-based algorithms
remove the high frequencies related to noise while
preserve the high frequency information of anatomical
structures more than other competing methods. The AD
filter spoils the edges especially on the skull. The TV
minimization algorithm preserves the edges slightly
better but fails to remove all the noise.
The same experiments are performed with Rician
noise. Again, the proposed algorithm outperforms the
classical ones. The NL-means-based algorithms de-noise
corrupted image and emphasizes the three main peaks
corresponding to three main tissues in histogram better
than other competing algorithms. In compare to previous
experiments with Gaussian noise, the denoising of
background is worse in the Rician case, but the NLmeans filter de-noises correctly the cerebral structures,
especially the white matter. The filters perform almost
similar to Gaussian case but since for the same level,
Rician noise is more pronounce than Gaussian case, the
PNSR values slightly decrease.
In [26], the best values for the parameters of NonLocal Means (NLM) algorithm are estimated. The NLM
algorithm has three parameters: Rsearch (the radius of
search window), Rsim (the radius of the neighborhood
window which is used to calculate the similarity between
each two pixels), h (which controls the degree of
smoothing). In this experiments, a 11 _ 11 search window
(Rsearch = 5) is used as a reasonable size for medical
images and 3 phantom based MR images (T1, PD and T2)
from the Brainweb were used to perform experiment. The
Root Mean Squared Error (RMSE) was used to
qualitatively evaluate NLM algorithm. In presence of
variant noise levels (1%, 3%, 5%, 7% and 9%), for each
Rsim value, RMSE is used to perform an exhaustive search
for the optimum h value.
When Rsim increases, the RMSE decreases but
computation cost increases. Rsim = 2 is proposed because
further increasing Rsim do not improve RMSE noticeable
but increase computation time notably. The optimum h
value has linear relation with noise level. Based on the
results, the authors proposed general value of 1.2r for h
with Rsim = 2 and Rsearch = 5. The NLM with the proposed
parameters are applied on different MR image. In the
residuals (difference between de-noised and original
image), almost no anatomical information can be noticed.
Also, the Rician noise almost is removed. The
performance of NLM with optimal estimated parameters
is compared qualitatively and quantitatively with two denoising algorithms, the ADF (parameters manually tuned
to get the best possible results) [6] and a wavelet-based
de-noising algorithm (the parameters proposed by the
authors) [36]. In almost all the cases, the NLM with
proposed parameters values produces lower RMSE.
In [24], a novel b-scale-based filtering method is
presented which utilizes scale-dependent diffusion
conductance. The proposed b-scale-based diffusion (bD)
is compared with nonlinear complex diffusion (NCD)
[37] , and g-scale-based diffusion (gD) [38] qualitatively
and quantitatively.

Euclidean distance. NL-means obtains s j , the signal
value in the pixel i, by averaging the value of pixels in
non-local neighborhood of i.
si = ∑ wij I j
(4)
j∈I

where w presents the weight of each non-local neighbor
in averaging and is defined as follow:
1 −
wij =
e
Zi

||v (ηi ) − v (η j )
h2

(5)

where Z i is an normalizing factor and defined as follow:
Z ij = ∑ e

−

||v (ηi ) − v (η j )
h2

(6)

j

where the parameter h controls the decay of exponential
function. In other words, noise-free value of pixel i is
computed by weighted average of all the pixels in image,
but pixels with similar non-local neighborhood have
larger weights in the average. Also, due to decay factor,
the pixels with large distance have weights near zero.
III. COMPARATIVE STUDY
The reported results for noise reducing algorithms are
presented. In order to investigate their effectiveness, the
quantitative and qualitative results of the algorithms are
presented.
A. Simulated Images
In [32], Gaussian mixtures [33] with and without
MRF is applied on phantom based image from Brainweb.
Average Dice similarity index for different algorithms
with variant noise levels (3%, 5%, 7%, 9%) are Gaussian
mixtures (0.927 0.918 0.853 0.832) and Gaussian
mixtures+MRF (0.956, 0.949, 0.936 and 0.929). In the
presence of all noise levels, incorporating MRF improves
segmentation results. The similarity index of the
Gaussian mixtures+MRF decreases more slowly than
Gaussian mixtures algorithm when noise level decreases.
In [25], the proposed Optimized Blockwise NL-means
filter is applied on phantom based image from Brainweb
with variant Gaussian levels.
The proposed filter is compared with three noise
recuing algorithms: standard NL-means filter [34], AD
filter [6] and TV minimization [35]. The best values for
the parameters of AD filter and TV minimization scheme
are estimated by exhaustive search. The Peak Signal to
Noise Ratio (PSNR) was used to qualitatively evaluate
the new de-noising algorithm. At studied noise levels, the
best PSNR values are for proposed algorithm. Also, the
histograms of the de-noised images and the ground truth
are compared.
The produced histogram obtained by proposed
algorithm is most similar one to histogram of ground
truth and has most sharp peaks (highest contrast). The
distances between the histograms of the de-noised images
and the ground truth are also compared. The distance
obtained by proposed algorithm is the least one. Also, denoised image and removed noised produced by
competing methods are compared visually.
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In [26], The Non-local Means (NLM) with optimal
estimated values for parameters is applied on a T1weighted sagittal MP-RAGE scan acquired on a Siemens
1.5 Tesla Vision scanner from the fMRI Data Center
database (www.fmridc.org) and two body images
acquired on a Philips 3 Tesla scanner from Hospital
Quiron of Valencia (Spain). The performance of NLM
with optimal estimated parameters is compared
qualitatively and quantitatively with two de-noising
algorithms, the ADF (parameters manually tuned to get
the best possible results) [6] and a wavelet-based
denoising algorithm (the parameters proposed by the
authors) [36]. The proposed algorithm gives a residual
(difference between de-noised and original image) that
less anatomical information can be noticed. Also, the
Rician noise is removed more than other competing
methods. The wavelet-based algorithm shows artefacts in
result. Also, unnatural edge enhancement and blurring of
small edges are noticeable in ADF results.
In [32], 20 normal images from IBSR are catogerized
in two groups: contaminated and uncontaminated image
volumes based on their quality. The ten contaminated
image volumes contain either the smooth intensity
inhomogeneity, or rapid interslice intensity variation.
Gaussian mixtures [33] with and without MRF is applied
on 10 uncontaminated images (11_3, 12_3, 13_3,
100_23, 110_3, 111_2, 112_2, 191_3, 202_3, 205_3).
Jaccard similarity index for different methods are:
Gaussian mixtures (0.6, 0.615, 0.6, 0.66, 0.625, 0.6, 0.66,
0.58, 0.61, 0.61) and Gaussian mixtures+MRF (0.725,
0.742, 0.67, 0.71, 0.645, 0.632, 0.662, 0.692, 0.725,
0.72). The average Jaccard indexes are: Gaussian
mixtures = 0.62, Gaussian mixtures+MRF = 0.69. The
results show that incorporating MRF improves
segmentation quality.
Also, Gaussian mixtures [33] with and without MRF
is applied on the eighteen newly added image volumes
from the IBSR. Jaccard similarity index for different
methods are: Gaussian mixtures (0.645, 0.68, 0.725, 0.75,
0.74, 0.73, 0.7, 0.7, 0.625, 0.74, 0.55, 0.68, 0.735, 0.75,
0.8, 0.85, 0.727, 0.76) and Gaussian mixtures+MRF
(0.67, 0.73, 0.745, 0.68, 0.71, 0.76, 0.685, 0.73, 0.7,
0.737, 0.614, 0.7, 0.69, 0.745, 0.71, 0.69, 0.707, 0.68).
Average Jaccard similarity index for different methods
are: Gaussian = 0.715, Gaussian+MRF = 0.705. The
Gaussian approach gives better results than those by the
Gaussian+MRF model. It seems that MRF models overregularize the segmentation. When comparing between
results for new dataset and results for 20 normal images,
the segmentation results are improved. The improvement
in segmentation results is related to better quality of new
added image data.
In [27], a new noise estimation method based on the
adaptation of the Median Absolute Deviation (MAD)
estimator in the wavelet domain for Rician noise is
proposed. The NLM with proposed and state-of-art
noised estimators (ML [42], LMB [43], LVB [43], LVO
[43], MAD [44]) has been applied on the T1-w phantom
corrupted with ghosting inhomogeneity and variant noise
levels from 2% up to 15%.

Several brain MRI data sets including phantom based
images from Brainweb are used for qualitative
evaluation. The three methods smooth well the interior of
homogeneous regions. The bD and gD methods perform
better than NCD in preserving fine details and the edges,
independent of the body region, the imaging modality and
protocol. Most diffusion based methods smooth across
edges as side effect. The gD method diffuses well along
edges and minimizes diffusion across them even better
than bD.
A single g-scale region along a boundary is likely to
consist of a run of the boundary voxels due to
unrestricted shape of g-scale regions, whereas, every
boundary voxel is likely to be in a different b-scale region
due to small size of b-scale regions. Therefore, gD
achieves diffusion along the boundary more than bD
method. 45 MRI phantom based image volumes from
Brainweb with three levels of noise (3%, 7%, and 9%),
three protocols (PD, T1, and T2), and five slice
thicknesses (1 mm, 3 mm, 5 mm, 7 mm, and 9 mm) are
used for quantitative comparison of the methods. Also,
the relative contrast of the object regions (RC), residual
noise (RN) and the area under the curve (AUC) of these
values are used to evaluate the methods. The higher value
of AUC is the more effective the method is.
In term of AUC for every protocol and each level of
noise, the scale-based diffusive filtering (bD and gD)
outperforms the NCD method and the gD method
outperforms the bD method. gD performs smoothing
(lower RN) more than bD and NCD for the same level of
boundary blur (RC). Additionally, for the same level of
noise suppression (RN), it produces boundary blur
(higher RC) less than bD and NCD. The gD method
performs as quickly as the NCD method for a 256×256 ·
51 image and averagely takes under 1 min for three
iterations. The bD method requires more iteration and
takes about 2 min for roughly the same level of filtering
on an image.
B. Real Images
In [28], three different sequential Wiener filters,
namely, isotropic, orientation and anisotropic are
proposed. The proposed filters is compared in terms of
the global MSE with several reported methods: 3D
median filter [39] with window length three and five
voxels in each dimension; an anisotropic diffusion filter
[40] and three methods presented in a flux-diffusion filter
[41].
The flux-diffusion filter outperforms other competing
methods for MSE measure; however, the simple median
filter with window length three voxels in each dimension
presents satisfactory result for MSE. Wiener filters in
compare to median filter produce de-noised image with
less noise; the result of Wiener filters is not more blur
than both median filter and flux-diffusion filter.
Additionally, the Wiener filter in compare to fluxdiffusion filter takes less time and the lower amount of
memory in the same machine. Therefore, the proposed
filters can be considered as candidate.
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604-618, 1986.
[18] D. Tisdall, M.S. Atkins, “MRI Denoising via Phase
Error Estimation”, Proceeding of SPIE, pp. 646-654,
2005.
[19] J. Sijbers, A.J. Den Dekker, J. Van Audekerke, M.
Verhoye, D. Van Dyck, “Estimation of the Noise in
Magnitude MR Images”, Magnetic Resonance Imaging,
Vol. 16, pp. 87-90, 1998.
[20] J. Sijbers, A.J. Den Dekker, P. Scheunders, D. Van
Dyck, “Maximum-Likelihood Estimation of Rician
Distribution Parameters”, IEEE Transactions on Medical
Imaging, Vol. 17, pp. 357-361, 1998.
[21] P. Coupe, P. Hellier, C. Kervrann, C. Barillot,
“Bayesian Non-Local Means-Based Speckle Filtering”,
5th IEEE International Symposium on Biomedical
Imaging: From Nano to Macro, pp. 1291-1294, 2008.
[22] A.N. Avanaki, A. Diyanat, S. Sodagari, “Optimum
Parameter Estimation for Non-Local Means Image DeNoising Using Corner Information”, 9th International
Conference on Signal Processing, pp. 861-863, 2008.
[23] A. Buades, B. Coll, J. Morel, “A Non-Local
Algorithm for Image Denoising”, IEEE Computer
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The difference between the Peak Signal to Noise
Ratio (PSNR) obtained with the noise estimation and the
truth noise is used as quality measure. PSNR is related to
the root mean square error estimated (RMSE) measure. In
most cases, the de-noising with proposed noise estimation
method outperforms the other evaluated methods. Also,
the Local Means in Background (LMB) method produces
good results. The de-noising with proposed noise
estimation method outperforms other methods over all the
noise levels in terms of mean absolute error.
IV. CONCLUSIONS
Noise is one of obstacles in automatic image
understanding and noise reducing is very important to
improve the results of this process. Lots of works has
been done in this area. But still, it is a research topic. In
this paper a critical review of noise reducing techniques
for brain images is presented. This paper review recent
works in this area. Also, this paper presents Advantages
and disadvantages of noise reducing techniques.
Moreover, the paper presents comparative study of noise
reducing techniques.
REFERENCES
[1] M.A. Balafar, “New Spatial Based MRI Image DeNoising Algorithm”, Artificial Intelligence Review,
DOI:10.1007/s10462-011-9268-0, pp. 1-11, 2011.
[2] M.A. Balafar, A.R. Ramli, M.I. Saripan, S. Mashohor,
“Review of Brain MRI Image Segmentation Methods”,
Artificial intelligence Review, Vol. 33, pp. 261-274,
2010.
[3] M.A. Balafar, A.R. Ramli, M.I. Saripan, S. Mashohor,
R. Mahmud, “Medical Image Segmentation Using Fuzzy
C-Mean (FCM) and User Specified Data”, Journal of
Circuits, Systems, and Computers, Vol. 19, pp. 1-14,
2010.
[4] M.A. Balafar, A.R. Ramli, M.I. Saripan, S. Mashohor,
R. Mahmud, “Improved Fast Fuzzy C-Mean and its
Application in Medical Image Segmentation”, Journal of
Circuits, Systems, and Computers, Vol. 19, pp. 203-214,
2010.
[5] M.A. Balafar, A.R. Ramli, S. Mashohor, “Medical
Brain Magnetic Resonance Image Segmentation Using
Novel Improvement for Expectation Maximizing”,
Neurosciences, Vol. 16, pp. 242-247, 2011.
[6] P. Perona, J. Malik, “Scale Space and Edge Detection
Using Anisotropic Diffusion”, IEEE Transaction on
Pattern Analysis and Machine Intelligence, Vol. 12, pp.
629-639, 1990.
[7] S. Bogdan, “Modified Biased Anisotropic Diffusion
Processing of Noisy Color Images”, 9th International
Conference on Signal Processing, pp. 777-780, 2008.
[8] H.S. Kim, K.H. Park, H.S. Yoon, G.S. Lee, “Speckle
Reducing Anisotropic Diffusion Based on Directions of
Gradient”, International Conference on Advanced
Language Processing and Web Information Technology,
pp. 198-203, 2008.
[9] E. Ardizzone, R. Pirrone, R. Gallea, O. Gambino,
“Noise Filtering Using Edge-Driven Adaptive

58

International Journal on “Technical and Physical Problems of Engineering” (IJTPE), Iss. 13, Vol. 4, No. 4, Dec. 2012

Processes”, IEEE Transactions on Pattern Analysis and
Machine Intelligence, pp. 1020-1036, 2004.
[38] A. Madabhushi, J.K. Udupa, A. Souza, “Generalized
Scale: Theory, Algorithms, Properties and Application to
Image Inhomogeneity Correction”, Computer Vision and
Image Understanding, Vol. 101, pp. 100-121, 2006.
[39] L. Js, “Two Dimensional Signal and Image
Processing”, Prentice Hall, Englewood Cliffs (NJ), 1990.
[40] G. Gerig, O. Kubler, R. Kikinis, F. Jolesz,
“Nonlinear Anisotropic Filtering of MRI data”, IEEE
Transactions on Medical Imaging, Vol. 11, pp. 221-232,
1992.
[41] K. Krissian, “Flux-Based Anisotropic Diffusion
Applied to Enhancement of 3D Angiograms”, IEEE
Transactions on Medical Imaging, Vol. 21, pp. 14401442, 2002.
[42] J. Sijbers, D. Poot, A.J.D. Dekker, W. Pintjens,
“Automatic Estimation of the Noise Variance from the
Histogram of a Magnetic Resonance Image”, Physics in
Medicine and Biology, Vol. 52, pp. 1335-1348, 2007.
[43] S. Aja-Fernandez, C. Alberola-Lopez, C.F. Westin,
“Noise and Signal Estimation in Magnitude MRI and
Rician Distributed Images: A LMMSE Approach”, IEEE
Transactions on Image Processing, Vol. 17, pp. 13831398, 2008.
[44] D.L. Donoho, “De-Noising by Soft-Thresholding”,
IEEE Transactions on Information Theory, Vol. 41, pp.
613-627, 1995.
[45] Y. Fanid Fathabad, M.A. Balafar, “Content Based
Image Retrieval for Medical Images”, International
Journal on Technical and Physical Problems of
Engineering (IJTPE), Issue 12, Vol. 4, No. 3, pp. 177182, September 2012.
[46] A.U. Jawadekar, G.M. Dhole, S.R. Paraskar, M.A.
Beg, “Novel Wavelet ANN Technique to Classify
Bearing Faults in there Phase Induction Motor”,
International Journal on Technical and Physical Problems
of Engineering (IJTPE), Issue 8, Vol. 3, No. 3, pp. 48-54,
September 2011.

[25] P. Coupe, P. Yger, S. Prima, P. Hellier, C. Kervrann,
C. Barillot, “An Optimized Blockwise Non-Local Means
Denoising Filter for 3D Magnetic Resonance Images”,
IEEE Medical Imaging, Vol. 27, pp. 425-441, 2008.
[26] J.V. Manjon, J. Carbonell-Caballero, J.J. Lull, G.
García-Marti, L. Martí-Bonmatí, M. Robles, “MRI
Denoising Using Non-Local Means”, Medical Image
Analysis, Vol. 12, pp. 514-523, 2008.
[27] P. Coupe, J.V. Manjon, E. Gedamu, D. Arnold, M.
Robles, D.L. Collins, “Robust Rician Noise Estimation
for MR Images”, Medical Image Analysis, Vol. 14, pp.
483-493, 2010.
[28] M. Martin-Fernandez, C. Alberola-Lopez, J. RuizAlzola, C.F. Westin, “Sequential Anisotropic Wiener
Filtering Applied to 3D MRI Data”, Magnetic Resonance
Imaging, Vol. 25, pp. 278-292, 2007.
[29] Y.L. You, W. Xu, A. Tannenbaum, M. Kaveh,
“Behavioral Analysis of Anisotropic Diffusion in Image
Processing”, IEEE Trans. on Image Processing, Vol. 5,
pp. 1539-1553, 1996.
[30] P. Zhigeng L. Jianfeng, “A Bayes-Based RegionGrowing Algorithm for Medical Image Segmentation”,
IEEE Computing in Science & Engineering, pp. 32-38,
2007.
[31] F. Cattle, T. Coll, P.L. Lions, J.M. Morel, “Image
Selective Smoothing and Edge Detection by Nonlinear
Diffusion”, SIAM Journal on Numerical Analysis, Vol.
92, pp. 182-193, 1992.
[32] J.D. Lee, H.R. Su, P.E. Cheng, M. Liou, J. Aston, A.
C. Tsai, C.Y. Chen, “MR Image Segmentation Using a
Power Transformation Approach”, IEEE Transactions on
Medical Imaging, Vol. 28, pp. 894-905, 2009.
[33] L. Lemieus, A. Hammers, T. Mackinnon, R.S.N.
Liu, “Automatic Segmentation of the Brain and
Intracranial Cerebrospinal Fluid in T1-Weighted Volume
MRI Scans of the Head, and its Application to Serial
Cerebral and Intracranial Volumetry”, Magnetic
Resonance Medicine, Vol. 49, pp. 872-884, 2003.
[34] A. Buades, B. Coll, J.M. Morel, “A Review of
Image Denoising Algorithms, with a New One”,
Multiscale Modeling & Simulation, Vol. 4, pp. 490-530,
2005.
[35] L. Rudin, S. Osher, E. Fatemi, “Nonlinear Total
Variation Based Noise Removal Algorithms”, Physica D,
Vol. 60, pp. 259-268, 1992.
[36] A. Pizurica, W. Philips, I. Lemahieu, M. Acheroy,
“A Versatile Wavelet Domain Noise Filtration Technique
for Medical Imaging”, IEEE Transactions on Medical
Imaging, Vol. 22, pp. 323-331, 2003.
[37] G. Gilboa, N. Sochen, Y. Zeevi, “Image
Enhancement and Denoising by Complex Diffusion

BIOGRAPHY
Mohammad Ali Balafar was born
in Tabriz, Iran, in June 1975. He
received the Ph.D. degree in IT in
2010. Currently, he is an Assistant
Professor. His research interests are
in artificial intelligence and image
processing. He has published 9
journal papers and 4 book chapters.

59

