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Abstract

The magnetic resonance images focus on soft tissues, and it is often necessary for healthcare professionals to reach the final
conclusion in clinical diagnosis. However, these images are often affected by random noise, which decreases the visual quality
and reliability of the images. This paper presents an improved unbiased non-local mean (NLM) filter to solve the de-noising
issue in the MRI images. Local statistics of the noise is combined with the NLM filter to design an unbiased NLM filter.
First of all, the Gaussian noise information is extracted from the noisy image by performing the wavelet decomposition,
statistically modeling the diagonal sub-band wavelet coefficients, and estimating the noise variance by applying the median
absolute deviation (MAD) estimator. Next, the Rician noise is removed by applying a NLM filter which averages the noisy
pixels by a Gaussian weight factor. Finally, the NLM filtered output pixels are unbiased by applying the noise bias subtrac-
tion method for recovering the original pixel values. Our experiments on real MRI and synthetic images demonstrate that
promising results that can be obtained much superior than results estimated using existing non-local mean filtering schemes.

Keywords MRI image - Non-local mean (NLM) filter - MAD estimator - Wavelet decomposition

1 Introduction

Magnetic resonance imaging (MRI) is a medical image
modality employed in health care system that provides
images of internal tissues and organs in the subject body for
demonstrating the physiological or pathological anomalies
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(Heo et al. 2020). Medical image processing plays an impor-
tant role in healthcare sector. Noise may result inaccurate
diagnosis which leads to loss of human life. This motivates
to develop a methodology that removes the noise and results
accurate diagnosis. Now a day the MRI has widespread use
in healthcare systems for biomedical research and diagnostic
medicine but it also covers a broad area of applications in
different sectors such as pharmaceutical applications (Rich-
ardson et al. 2005), forensic imaging, study of internal body
structure of animal species, study of anatomy of plants and
structure of fossils etc., as shown in Fig. 1.

MRI can capture 2D and 3D images and is a non-invasive
and non-destructive in nature. MR imaging method has basi-
cally two functional blocks: acquisition and reconstruction.
Following Fig. 2 shows the MR imaging process. The acqui-
sition block acquires the RF signals from the subject’s body,
digitizes and stores the digitized data in K space (a memory
configuration). The reconstruction block reconstructs the
MR image from the acquired signal. The number of rows
and columns (size) of the K space depends upon the image
details requirements.

An important drawback of MR image is the limited acqui-
sition time, made for patient’s comfort that affects visual
quality and results decrease in signal-to-noise ratio (SNR)
(Hanchate and Joshi 2020a). MRI acquisition process results
high Gaussian density noise and affects the disease diagnosis
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Fig. 1 Applications of MRI in
different areas
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and management process (Redpath 1998). The main rea-
son of noise in MRI is artifacts during image acquisition
and reconstruction process and results image degradation.
One of the factors which degrades the MR images and also
affect the quantitative measurements extracted from the
image is the thermal noise (Zhu et al. 2009). During the
reconstruction process of MR image, the main sources of
artifacts are: magnetic susceptibility of scanned object, pulse
sequence design, radio frequency coil and motions (rigid
and non-rigid) (Macovski 1996). Based on the acquisition
system, the random noise in MRI may be Rician or Gaussian
noise. Single coil acquisition technique results Rician noise
while parallel coil acquisition technique results Gaussian
noise with zero mean (Sijbers et al. 1998). High SNR is
highly required for true interpretation of MR image data
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(Kanoun et al. 2020) and this necessitates the de-noising of
MR images.

An improved de-noising methodology is presented in
this paper motivated by the work of Manjon et al. (2008)
that utilizes the non-local features of the NLM method. A
noise estimation method based on non-local mean was pro-
posed by them for removing Gaussian and Rician noise from
MRI. In our paper special attention is given for finding the
accurate noise variance which Manjon et al. (2008) failed
to explain.

In this paper, we develop a robust de-noising mechanism
to recover MR images degraded by Gaussian and Rician
noise. Here, multi-resolution approach is combined with the
non-local mean (NLM) filter to design an unbiased NLM
filter. The noise variance is calculated from the complex
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dataset assuming the noise is distributed in Gaussian
nature. The simulated results demonstrate that the proposed
mechanism performed more efficiently than the other tradi-
tional schemes. It indicates a considerable improvement of
25.32%, 11.26%, 19.93%, 28.31% and 30.81% in Peak Signal
to Noise Ratio (PSNR), Correlation of coefficient (CoC),
Pratt’s Figure of Merit (FOM), Mean Structural Similarity
Index (MSSIM), and Edge Preservation Index (EPI) perfor-
mance parameters, respectively over the existing Unbiased
NLM filters.

The rest of the paper is arranged like below. Section 2
includes the relevant works. Section 3 introduces our pro-
posed filter for noisy MR images. Section 4 gives the experi-
mental results and discussion, followed by the conclusions
along with future scope in the Sect. 5.

2 Related work

To date, a variety of de-noising schemes for MRI images
have been widely concerned by many scholars and research-
ers. Therefore, we review them separately. During MR
image acquisition the most common approach to reduce
the random noise is increasing the count of signal averages
and speed is the main disadvantage of this method (Sahu
et al. 2019c¢). This limitation can be overcome by applying
algorithmic approached de-noising methods likely; filtering
approached methods, transform based methods and statisti-
cal approached methods.

Filtering approached methods can be categorized as
spatial, temporal, frequency-domain (McVeigh et al.
1985), NLM (Manjon et al. 2007), Bilateral (Hamarneh
and Hradsky 2007) and anisotropic diffusion (Krissian and
Aja-Fernandez 2009). An MRI de-noising method was
proposed by Hong et al. (2020) for Rician noise removal.

The author developed a network called feature fusion and
attention network (FFA-DMRI), which consists of three
blocks namely feature block, fusion block and attention
block for separating noise from MR data. A hybrid noise
removal methodology for MRI was developed by Rom-
dhane et al. (2021). Their approach was based on aniso-
tropic diffusion filter and NLM filter. They validated the
method on In-Vivo data. Xie et al. (2020) developed a
machine learning based de-noising method for MRI image
of low SNR. In NLM filtering method the image pixels
of similar value are averaged based on their intensity dis-
tance. Based on this principle, bilateral filter is designed.
The difference between these filters and NLM filter is that,
NLM filter supports the comparison of regions than pixel
comparison. The original NLM filter utilizes Euclidean
distance for similarity measurement (Buades et al. 2005).
Further this approach was improved by Rajan et al. (2014).
They proposed KS distance for similarity measurement.
He and Greenshields (2008) proposed a Non Local Maxi-
mum Likelihood Estimation (NLML) algorithm for de-
noising MR image affected by Rician noise. They devel-
oped a non-local maximum likelihood estimator that
estimates the level of redundancy in an MR image. An
MRI de-noising technique was presented by Chen et al.
(2020) which utilized the principle of NLM filter. They
combined adaptive NLM filter with Fuzzy C-Means algo-
rithm to remove Rician noise. An improved non local cor-
rection patch based de-noising technique was proposed by
Sarkar et al. (2020), to de-noise brain MRI. Their proposed
method was based on NLM filtering technique. The input
image was divided into smooth component and periodic
component by utilizing a Fast Fourier Transform (FFT)
algorithm. Further non local based averaging was used
to de-noise both the components. A de-noising algorithm
based on Shearlet transform was developed by Sharma and
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Chaurasia (2021). They designed a NLM filter by combin-
ing Shearlet filter and non-sub-sampled pyramid filter.

A non local (NL) based MRI de-noising method was pro-
posed by Leal et al. (2020) for removing noise from MR
image. Their method was based on sparse representation by
using NL single value decomposition algorithm.

Transform based methods are preferred than the filter-
ing approached methods commonly Wavelet transform due
to its multiresolution and multiscale property. In transform
based methods, the noisy image is converted to transform
coefficients by applying mathematical based transforms such
as Wavelet (Kagoiya and Mwangi 2017), contourlet (Anila
et al. 2017) and Curvelet (Bhadauria and Dewal 2013) trans-
forms. Further the transform coefficients are threshold and
the image is recovered by applying inverse transformation
method. A transform based gamma correction methodology
was developed by Kollem et al. (2020) to de-noise brain
MRI. In this method the noisy pixels were threshold by a
generalized cross-validation method. Combining Wavelet
transform and Laplace transform a de-noising method was
proposed by Upadhyay et al. (2021) for removing noise from
MR image. Hanchate and Joshi (2020b) developed a noise
removal methodology by grouping Wavelet shrinkage and
3D Discrete Wavelet Transform (DWT) for de-noising MRIL.
The threshold value was decided by implementing a noise
validation de-noising technique.

The transform based de-noising methods heavily depend
upon the threshold value selection. A correct estimation of
the threshold value is required to remove the noise effec-
tively. This problem is solved by applying statistical models
and estimators which utilizes the local statistics of the data
distribution to find the threshold value (Sahu et al. 2020a).
Das et al. (2020) presented de-noising methodology for
removing noise and preserving edge and details of MR
image. They utilized an estimator (local variance based) to
estimate the noise and, statistical edge stopping function for
image details preservation. A statistical based de-noising
method was presented by Sahu et al. (2020b) for MR images.
In this method wavelet coefficient data distribution was fit-
ted to a Normal Inverse Gaussian (NIG) density function
to extract the noise-free pixels and noise variance was esti-
mated by MAD estimator.

The MR noise reduction algorithm based on NLM filter
is an excellent methodology to remove noise and enhance
the diagnostic accuracy due to its non-local self-similarity
nature (Heo et al. 2020). In other filtering methods there is
a chance of loss of inherent information which is minimized
by applying the improved unbiased NLM filter that utilizes
a MAD estimator for effective noise calculation and so pre-
serves the edge and details information.

@ Springer

3 Proposed algorithm

In this section, we concentrate on the proposed model to
recover MR images degraded by Gaussian and Rician noise.
First of all, the Gaussian noise information is extracted from
the noisy image by performing the wavelet decomposition,
statistically modeling the diagonal sub-band wavelet coef-
ficients, and estimating the noise variance by applying the
MAD estimator. Next, the Rician noise is removed by apply-
ing a NLM filter which averages the noisy pixels by a Gauss-
ian weight factor. Finally, the NLM filtered output pixels are
unbiased by applying the noise bias subtraction method for
recovering the original pixel values. Figure 3 presents the
basic process of our de-noising scheme, and the details are
as follows.

Step 1. Wavelet decomposition of the input image.

The wavelet decomposition of an image of size A X B
number can be defined mathematically as Gonzalez and
Woods (2002), Sahu et al. (2018, 2019a, b):
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where @(.) and ¥(.) are scaling and wavelet functions respec-
tively. Ne H,V,D represents horizontal, vertical and diagonal
sub-bands respectively and a, b, p and q are the variables. fA
(p.q), ¢4, (ab.p.q), £~ (p.q), and YN (a,b,p,q) are M level
approximation coefficients, 2D scaling coefficients, detailed
coefficients and 2D wavelet coefficients respectively. The 2D
scaling and wavelet functions are defined as follows:
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Step 2. Noise variance estimation using the MAD Estimator.
An MAD estimator is applied in first level of diagonal
detailed Sub-band (HH1) to find the variance of the Gaussian
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Fig.3 Flow chart of proposed
de-noising scheme
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of wavelet coefficients of HH1 sub-band is shown in Fig. 4.

The goodness-of-fit of HH1 sub-band with Normal PDF and 10

CDF are shown in Figs. 5 and 6 respectively. It can be seen
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A-1B-1 Fig. 4 Distribution of wavelet coefficients in HH1 sub-band for MR
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Fig.6 Goodness of fit graph of HH1 sub-band: CDF plot

The weighing coefficient for the image of size A X B can
be defined as:
Weed.ab 1 =CellsWep-sapll®
¢ a,a, = o—<¢€ # 7
( ) Ze.d) (N
where c, d, b, and a are the variables and G, = Gaussian
weighing function with unity standard deviation and zero
mean. The parameter h is defined as smoothing parameter,
set depending on the value of noise standard deviation and
I-I? is the Euclidean distance (Gaussian weighted). Z(c,d)
is the normalizing constant defined as:

A-1B-1

G | |8V e) =) | |
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a=0 b=0
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Step 4. Averaging the weighing sum of pixel of intensities
and generation of noise-free pixels by using NLM filter.

Let g(a,b) is the input noisy image of size A and the NLM
filtered output of the noisy image is defined as Manjon et al.
(2008):

A-1B-1

Gle,d)=) ) W(c,d,a,b)g(a,b) ©)

a=0 b=0

Step 5. Removal of noise bias and obtaining noise free
image.

Noise in MRI follows a Rician distribution which results
Rayleigh distribution in low intensity region and for higher
intensity region results Gaussian distribution. This results
the decrease in image contrast. This problem can be over-
come by subtracting the noise bias from the square of the
MRI magnitude image (Sharma and Chaurasia 2021). So
the noise bias can be easily removed from the NLM filtered
image as it is signal independent. The unbiased non local
mean filter can be found out by Nowak (1999):

UNLM[G(c,d)] = \/G(c,d)* — 262 (10)

where 205 =noise bias and o, is the standard deviation of the
noise and is calculated by using equation (6).

4 Simulation results

In this section we present experimental results to demon-
strate the validity of the proposed filter. Firstly, dataset infor-
mation along with experimental setting is discussed. Next,
evaluation metric followed by detail results are also given.

4.1 Dataset and experimental settings

Two kinds of datasets for different noise variances: 0.1,
0.3 and 0.5, are simulated in MATLAB environment.The
first kind of dataset is real MR images collected from OSI-
RIX DICOM (Digital Imaging and Communications in
Medicine) image library (Osirix 2014). A total of 100 MRI
images were collected and resize to 400 X 400. The second
dataset are synthetic images: the self-generated image and
the head phantom Image. The generated image with the size
(173 x 184), consists of circles and rectangles of various
intensities. The head phantom image with the size 256 X 256
was generated in MATLAB environment. Simulation work
is performed in MATLAB R2019a environment and the
same is used for comparison with existing methods. Wavelet
decomposition is performed by using Daubechies 8 (db8),
Discrete Wavelet Transform (DWT) and it is preferred due
to its orthogonality property (Sahu et al. 2019a, c).
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Quantitative comparison is performed through image
quality and performance indexes likely Peak Signal to
Noise Ratio (PSNR), Correlation of coefficient (COC),
Pratt’s Figure of Merit (FOM), Mean Structural Similarity
Index (MSSIM) and Edge Preservation Index (EPI) (Kanoun
et al. 2020; Sahu et al. 2018, 2019a, 2020b). PSNR Meas-
ures the quality of reconstructed image and provides the
ratio between the original data and the noise introduced.
COC determines the interdependence between the recon-
structed and original images. FOM measures the dislocated
or misplaced edge pixels during reconstruction process. EPI
measures the extent of edge preservation in reconstructed
image. MSSIM is a quality assessment index that measures
the similarity between original and reconstructed images.

4.2 Results and discussion

The ability of the proposed method on removing the noise
and preserving the original image properties is proved
by comparison with the widely known existing methods,
are Unbiased NLM filter (Manjon et al. 2008), KS-NLM
method (Rajan et al. 2014), and NLML method (He and

Greenshields 2008).The qualitative comparison of the de-
noising schemes is performed through visual inspection.
Figure 7 shows the visual comparison between the exist-
ing and proposed methods. First row shows the simulation
results of real Brain MRI. Second row shows the simula-
tion results for real spine MRI. And the third row shows the
experimental results of real Sagittal T1 Brain MRI. Better
evaluation of filter performance can be done by selecting a
small area and applying the filter methods. Figure 8 shows
the visual image quality comparison for the small selected
area marked as red box. It is seen that the contrast and visual
quality of the proposed method is superior to other meth-
ods. Qualitative assessment for filtering methods is shown
in Fig. 9 for synthetic images. First row shows the simulation
result for self-generated synthetic image and the second row
shows for head phantom synthetic image.

Proposed method’s efficiency on noise removal and edge
and details preservation can be confirmed by the perfor-
mance parameters values. The performance and quality
parameters comparison for non-local methods for self-gen-
erated synthetic image are discussed in Tables 1, 2, 3, 4 and
5 and for real brain MR image is discussed in Table 6. In

(a) (b) (©)

(d) (e) ®

Fig.7 De-noising Performance result of MR Images (a) Real MR images (b) Degraded by White Gaussian Noise (first row, second row and
third row by standard deviations 0.1, 0.3 and 0.5 respectively ) (c) NLML (d) KS-NLM (e) UNLM (f) Proposed Method
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Fig.8 De-noising performance result of a Zoomed view of a small selected area, a real MR image, b noisy Image degraded by Gaussian noise
of 0',2! = 0.3¢ NLML d KS-NLM e UNLM f proposed method

Fig.9 De-noising performance result of synthetic images a original image b noisy synthetic Image (Gaussian Noise of 62 =0.2) ¢ NLML d KS-
NLM e UNLM f proposed method

Table 1, we compare our proposed filter in terms of PSNR  of 62 = 0.1, the PSNR (in dB) score is 33.66. If we set value
with compared methods (Manjon et al. 2008; Rajan et al.  of g2 = 0.3, the PSNR (in dB) score is 32.43. If we set value
2014) and He and Greenshields (2008) by using synthetic  of ¢2 = 0.5, the PSNR(in dB) score is 30.09. This Table
image with three different noise variances. If we set value  shows that value of PSNR as obtained by our scheme is
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Table 1 PSNR (dB) values for different techniques —()]  —) ] —) 5

Techniques Noise variances

0.1 0.3 0.5 -

. g //- e — -
Noisy 19.26 14.15 12.59 2 S —

Unbiased NLM (Manjén et al. 2008) 31.41 30.29 28.25

PSNR
ot ba
L) =)
\ \‘

KS-NLM (Rajan et al. 2014) 30.35 27.68 25.33 16 “
NLML (He and Greenshields 2008) 27.89 26.29 22.47 5
Proposed 33.66 3243 30.09 0

Noisy  NIML KSNIM Usbizsed Proposed
NIM

always greater than 30.09. The best improvements of our

suggested scheme on PSNR score compared with the scheme

in Manjén et al. (2008), Rajan et al. (2014) and He and

Greenshields (2008) are 6.68% (for 0'2 =0.1), 15.81% (for ~ Table2 CoC results for different techniques

02 =0.5), and 25.32% (for o2 = 0.5), respectively. In Table 2,

Fig. 10 Graphical comparison of schemes in terms of PSNR

; . Techniques Noise variances

we compare our proposed filter in terms of CoC with com-

pared methods (Manjon et al. 2008; Rajan et al. 2014), and 0.1 0.3 0.5
He and Greenshields (2008) by using synthetic image with  Noisy 0.823 0.766 0.635
three different noise variances. If we set value of 6’% =0.1, Unbiased NLM (Manjén et al. 2008) 0.971 0.959 0918
the CoC score is 0.989. If we set value of Urzl = 0.3, the CoC KS-NLM (Rajan et al. 2014) 0.921 0915 0.893
score is 0.974. If we set value of 03 = 0.5, the CoC score is ~ NLML (He and Greenshields 2008) 0.895 0.866 0.858
0.957. This Table shows that value of CoC as obtained by  proposed 0.989 0.974 0.957

our scheme is always greater than 0.957.The best improve-
ments of our suggested scheme on CoC score compared with
the scheme in Manjon et al. (2008), Rajan et al. (2014) and —()] m—(3 3
He and Greenshields (2008) are 4.07% (for 0'5 =0.5), 6.68%
(for 62 = 0.5), and 11.26% (for 67 = 0.3) respectively. In
Table 3, we compare our proposed filter in terms of FOM
with compared methods (Manjon et al. 2008; Rajan et al.
2014), and He and Greenshields (2008) by using synthetic
image with three different noise variances. If we set value _
of 62 = 0.1, the FOM score is 0.968. If we set value of o2 02
= 0.3, the FOM score is 0.953. If we set value of af =0.5, ‘ '
the FOM score is 0.89. This Table shows that value of FOM Noisy  NIML KSNIM Usbiased Proposed
as obtained by our scheme is always greater than 0.953.The NIM

best improvements of our suggested scheme on FOM score
compared with the scheme in Manjon et al. (2008), Rajan
et al. (2014) and He and Greenshields (2008) are 3.88% (for
Grzl =0.3), 15.61% (for 0'5 =0.5), and 19.93% (for 631 =0.3), Table 3 FOM results for different techniques
respectively. In Table 4, we compare our proposed filter in

Fig. 11 Graphical comparison of schemes in terms of CoC

X ., Techniques Noise variances

terms of MSSIM with compared methods (Manjon et al.

2008; Rajan et al. 2014), and He and Greenshields (2008) by 0.1 03 0.5
using synthetic image with three different noise variances.  Nojsy 0711 0.623 0.605
If we set value of 0'2 = 0.1, the MSSIM score is 0.877. If Unbiased NLM (Manjén et al. 2008) 0.935 0916 0.863
we set value of O'l% = 03, the MSSIM score is 0.851. If we KS-NLM (Rajan et al. 2014) 0.850 0.831 0.751
set value of 0'3 = 0.5, the MSSIM score is 0.825. This Table NLML (He and Greenshields 2008) 0.832 0.763 0.720
shows that value of MSSIM as obtained by our scheme i prgposed 0.968 0.953 0.890

always greater than 0.825. The best improvements of our
suggested scheme on MSSIM score compared with the
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Noisy NLML  KSNIM Unbiased Proposed
NLM

Fig. 12 Graphical comparison of schemes in terms of FOM

Table 4 MSSIM results for different techniques

Techniques Noise variances
0.1 0.3 0.5
Noisy 0.638 0.599 0.454
Unbiased NLM (Manjon et al. 2008) 0.844 0.827 0.809
KS-NLM (Rajan et al. 2014) 0.755 0.728 0.684
NLML (He and Greenshields 2008) 0.735 0.61 0.592
Proposed 0.877 0.851 0.825
—()] w—(F 03
1
0.9
0.8
0.7
z
2 04 -
03
0.z
0.1
0

KSNIM  Unbiased Proposed
NLM

Noisy NIML

Fig. 13 Graphical comparison of schemes in terms of MSSIM

scheme in Manjon et al. (2008), Rajan et al. (2014) and He
and Greenshields (2008) are 3.71% (for aﬁ =0.1),17.09%(for
o2 =0.5), and 28.31%(for o> = 0.3), respectively. In Table 5,
we compare our proposed filter in terms of MSSIM with
compared methods (Manjon et al. 2008; Rajan et al. 2014),
and He and Greenshields (2008) by using synthetic image
with three different noise variances. If we set value of o-rzZ =
0.1, the EPI score is 0.788. If we set value of 65 = 0.3, the
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Fig. 14 Graphical comparison of filters in terms of EPI

EPI score is 0.685. If we set value of o-Z = 0.5, the EPI score
is 0.675. This Table shows that value of EPI as obtained by
our scheme is always greater than 0.675. The best improve-
ments of our suggested scheme on EPI score compared with
the scheme in Manjon et al. (2008), Rajan et al. (2014) and
He and Greenshields (2008) are 7.24% (for 0,21 =0.5), 15.4%
(for 62 = 0.5), and 30.81% (for o2 = 0.5), respectively.

Table 6 shows the comparison of Non Local filters with
the proposed filter for real image in terms of the performance
parameters. The proposed methodology performed well in
terms of edge and structure preservation and noise reduc-
tion. The proposed methodology improved 6.35%in terms
of PSNR, 2.22% in terms of CoC, 2.91% in terms of FOM,
11.9% in terms of MSSIM and 5.76% in terms of EPI over
Unbiased NLM method (Manjon et al. 2008), the next best
method. The graphical comparison of performance indexes
for all Non Local filters and proposed method for self-gen-
erated synthetic image are shown in Figs. 10, 11, 12, 13 and
14, for noise variances 0.1 (Green color), 0.3 (Red color)
and 0.5 (Blue color). Performance indexes comparison for
real Brain MRI is shown in Fig. 15. All the parameter values
are plotted as a function of noise variance. It is seen that the
proposed filtering method performs better than the compared
schemes.

5 Conclusion

In this paper, we have suggested an improved unbiased-
NLM filter to solve the de-noising issue in the MRI images.
An unbiased NLM filter is designed by combining the fea-
tures of NLM filter and the local statistics of the noise.The
noise variance is calculated from the complex dataset assum-
ing the noise is distributed in Gaussian nature.Compared
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Fig. 15 Graphical comparison of filters in terms of Performance Index for Real brain MR Image

Table 5 EPI results for different techniques

Techniques Noise variances

0.1 0.3 0.5
Noisy 0.334 0.287 0.231
Unbiased NLM (Manjon et al. 2008) 0.775 0.673 0.642
KS-NLM (Rajan et al. 2014) 0.75 0.597 0.571
NLML (He and Greenshields 2008) 0.612 0.589 0.467
Proposed 0.788 0.685 0.675

with the traditional existing non-local mean filtering tech-
nology, this proposed filter has the following advantages:

(1) Through statistically modeling the wavelet coefficients,
accurate noise variance is computed to remove the Gaussian
and Rician noise from MR-image (2) By using the accurate
estimation of noise bias by statistically modeling the diago-
nal detail wavelet coefficients, the strength of our proposed
de-noising mechanism is further improved.Our experiments
on OSIRIX DICOM MRI dataset and some self-generated
synthetic images demonstrate that promising results against
attacks. Comparison with the non-local mean filtering tech-
nology algorithms, the proposed filter has more excellent
results.In future the de-noising results may be improved by
modeling the wavelet coefficient by Rayleigh distribution to
find the Rician noise information.

Table 6 Parameter values for
Different Non Local Methods
for Real brain MR Image

Techniques Performance parameters

PSNR (dB) CoC FOM MSSIM EPI
Unbiased NLM (Manjoén et al. 2008) 32.56 0.921 0.833 0.901 0.703
KS-NLM (Rajan et al. 2014) 29.69 0.854 0.765 0.866 0.696
NLML (He and Greenshields 2008) 27.38 0.812 0.667 0911 0.636
Proposed 34.77 0.942 0.858 0.946 0.746

@ Springer
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Data availability No data were used to support this study.
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