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Abstract
Magnetic resonance imaging (MRI) images are frequently sensitive to certain types

of noises and artifacts. The denoising of MRI images is essential for improving

visual quality and reliability of the quantitative analysis of diagnosis and treatment.

In this article, a new block difference-based filtering method is proposed to denoise

the MRI images. First, the normal MRI image is degraded by a certain percentage

of noise. The block difference between the intensity of the normal and noisy MRI

is computed, and then it is compared with the intensity of the blocks of the normal

MRI image. Based on the comparison, the pixel weights are updated to each block

of the denoised MRI image. Observational results are brought out on the BrainWeb

and BraTS datasets and evaluated by performance metrics such as peak signal-to-

noise ratio, structural similarity index measures, universal quality index, and root

mean square error. The proposed method outperforms the existing denoising filter-

ing techniques.
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1 | INTRODUCTION

The magnetic resonance imaging (MRI) technique is one of
the most popularly used imaging techniques for clinical
diagnosis and treatment. MRI images are normally involved
with low signal-to-noise ratios (SNRs). However, MRI
images are degraded by certain noises and artifacts. There
are several cases of noise occurrence in MRI images, which
include thermal, Gaussian, and Rician noise.1 These noises
create image distortion and blurring, and also complicate the
process of pulling up significant data for medical diagnosis.
Thus, removing noise in MRI images is essential for better
image visualization and promotes reliability of the associ-
ated quantitative analysis. The process of denoising the
image is a great challenge in the medical area.2 The best
approach to get good quality of MRI images is to average
the multiple repeatedly acquired images. Nevertheless, it
increases the acquisition time and is not suitable for

application where quick methods are required. Nevertheless,
practical implementation is not always possible because of
the discomfort of patient and limitations of technical aspects.
Some other significant aspect of noise is the thermally active
electrons in the body of the patient, thus affecting the quality
of MRI images. Hence, there is a necessity to develop an
efficient method to get rid of the noise in the seized image.

The denoising technique is generally classified into two
types, which includes linear and nonlinear filtering tech-
niques.3 Furthermore, the linear filters are classified as spa-
tial and temporal filters. In the case of linear filters, the noise
is reduced by changing the image element value of
weighted-mean neighborhood pixels and it creates a poor
quality of image.4 The nonlinear filter is processed within
the filter windows. The neighboring pixels are organized
along the basis of sample attributes of a windowpane. Con-
sequently, it makes the right character of image.5 The best
solution for diagnosis made is a nonlinear filter rather than a
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linear filter as it diminishes the noise as well as keeps the
boundaries represented by pixels. The nonlinear denoising
methods6 include a median filter, a bilateral filter, an aniso-
tropic diffusion filter (ADF), and a nonlocal mean fil-
ter (NLM).

All the existing filtering methods are focused to remove
the noise while keeping fine details and borders of the MRI
images. The median filter7 is also recognized as a bench-
mark filter, which replaces a pixel by the median, instead
of the mean of all pixels in a specified neighborhood. The
drawback of the median filter is that it results in causing
blurring of an image. Perona and Malik proposed an ADF8

that applies the law of dispersion on the intensities of the
pixels to smooth out textures of the MRI image. A thresh-
old function is applied to prevent diffusion that happens
across edges, and thus it preserves the edges in the image.
The ADF gives a better output than a median filter. Merely,
it has certain limitations such as removing the small fea-
tures of the image and adds the effect of the staircase to the
filtered image.8 Tomasi and Manduchi proposed a bilateral
filter9 to produce fine edges while keeping fine details and
borders of the MR Images. This sets back each pixel inten-
sity with a weighted average of intensity values from the
nearby pixels. This weight can be found using the Gaussian
distribution. The bilateral filter approach deliberates the
gray level and color based on their photometric and geo-
metric similarities. The primary disadvantage of the bilat-
eral filter is that it does not preserve small structures in an
image and reject it by taking up as noise.9

One of the state-of-the-art methods for denoising MR
image is the NLM filter.10 The NLM filter is introduced as
the well-known parameterized filter. The major difference
between the NLM filter and other filters is that the NLM
filter determines similarity based on the region rather than
pixels. It works by creating a weighted mean of the pixels
in a relatively large search window and assigns higher
weights to pixels with similar neighboring patterns.11

Finally, the NLM filter reduces the Gaussian-distributed
noise. Nevertheless, the Rician or noncentral chi-
distribution noise is the generally available noise in the
magnitude of MRI, which prevents a nonzero mean and
causes bias to actual MRI images when the SNR is low.
Many different versions of the NLM filter improved the
accuracy of denoising. However, the NLM filter and its
version lead to blur high-contrast particles on the MRI
images.12 To improve the visual quality of MRI images,
wavelet-based NLM (WBNLM)13 has been introduced and
it exploits the excellent localization property of the wavelet
transform while retaining the main coefficients and its
neighbors (structures), which might have been shrinking in
the conventional wavelet denoising. The structural similar-
ity is manipulated by averaging the current significant

coefficient and its neighbors by the NLM filter. So, the
structures are retained while the noisy coefficients are aver-
aged out. Thus, the ringing artifacts would be alleviated
compared to the conventional wavelet denoising while
keeping the structures very well like the spatial domain
NLM filter. An iterative bilateral filter14 is proposed for the
noise reduction of MRI images. The filter works by com-
bining gray levels depending on both the geometric close-
ness and photometric similarity. It removes the adjacent
values to distant values in both domain and range. Two
weighing functions are designed for spatial and radiometric
information, which are designed to modify a pixel value
with an average of similar and nearby pixel values in a
neighborhood. Recently, it has been proposed that the spa-
tial adaptive nonlocal mean (SANLM)15 improves the qual-
ity of MRI images. The noise level of an image can be
eradicated spatially by this method. It can be judged locally
by processing data with static or spaciously erratic noise
fields in a fully automatic mode. The recent denoising tech-
niques of MRI images are gained from the NLM method,
which is the province of art method in the MRI denoising
approaches. The main drawback of NLM filter is its com-
putation time. Many research works are carried out for den-
oising MRI images to increase the peak signal-to-noise
ratio (PSNR) value of denoised images and reduce the
computation time.

The primary focus of the proposed method is to increase
the PSNR value by removing the Rician noise in MRI
images based on noise variance. The proposed method deals
with assigning weights to the pixels based on the calculation
of variance of noise between the noisy image and normal
image to enhance the tone of an image. Primarily, the nor-
mal image is taken down with certain noise to create the
noisy image. And so, both the normal and noise images are
partitioned into blocks of equal size. If the block difference
(BD) of the noise image and the normal image is equal to
zero, the blocks of the denoised image are updated with the
normal image block intensity. If the BD is less than zero, the
blocks of the denoised image are updated with a value by
subtracting the BD from the intensity of the blocks of the
noisy image. If the BD of the pixel intensity is larger than
zero, the blocks of the denoised image are updated with
values by adding the BD from the intensity of the blocks of
the noisy image. Thus, in the proposed method, by compar-
ing the pixel intensity of each block of an image, the irrele-
vant features are identified and removed. The fine structures
are preserved carefully for better clinical diagnosis. Hence,
the computation time is very less because the blockwise
comparison has been utilized.

The proposed method is compared with the state-of-the-
art methods such as bilateral, ADF, and NLM for denoising
MRI images and also compared with the recent methods
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such as IBLF, WBNL, and SANLM. The proposed method
produces a convincing result rather than existing filtering
techniques. The computation burden is also reduced by the
proposed method. The general block diagram of the pro-
posed method is depicted in Figure 1. The research article is
organized as follows: Section 2 explains briefly about MRI
noise. Section 3 describes the proposed BD-based filtering
technique. Section 4 describes the experimental results and
discussion. The determination and future work are given in
Section 5.

2 | NOISE IN MR IMAGE

The multiplicative or additive noises may occur in MRI
images. The primary source of noise in an MRI image is
thermal noise.16 This can be obtained as an additive, white,
and Gaussian noise distributed with zero mean and same
variance. The MRI is reconstructed by an inverse discrete
Fourier (DF) transform. The MRI image has imaginary and
real parts affected by Gaussian noise because of linearity
and orthogonal principles. The magnitude component of the

MRI images is important as it is influenced by the Rician
noise distribution. The probability density function (PDF) of
the abovementioned noise is performed using Equation (1):

f
Vi

Z

� �
=
Vi

σ2
exp −

V2
i + Z2

2σ2

� �
In

ViZ
σ2

� �
, ð1Þ

where Z represents the concatenation of the actual and imag-
inary signal density of the MRI image, Vi represents the
measured pixel intensity, and In represents the modified
null-order Basel function. σ represents noise SD. The SNR
of Z/σ has an effect on the structure of Rician distribution. If
the SNR value is smaller than the Rician distribution, then it
suits a Rayleigh distribution17 and the PDF is given in
Equation (2):

fmagnitude Vð Þ≈ V
σ2

e−
V2

2σ2

� �
: ð2Þ

If the SNR is larger, then the Rician distribution
becomes a Gaussian distribution and the PDF is given in
Equation (3):

FIGURE 1 The flow diagram of the
proposed method [Color figure can be
viewed at wileyonlinelibrary.com]
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The Rician noise produces random fluctuation in the
MRI image18 as it can also reduce the contrast of the
image. It is signal-oriented noise rather than additive, it
also decreases the fine features of MRI images in qualita-
tive and quantitative aspects. Hence, it is very difficult to
remove in MRI images. The proposed work focuses on
the removal of noise based on the noise variance of each
block of the MRI image, so the features are maintained in
both qualitative and quantitative manners. The detailed
discussion of the proposed work is described in
Section 3.

3 | BD-BASED FILTERING METHOD

The noise reduction in MRI images is a real challenging task
for a medical practitioner. Various research works are car-
ried out to denoise the MRI images. The proposed method
focuses on BD-based comparison and reduction methods of
MRI images. First, the normal image was added with a cer-
tain percentage of Rician noise (3%-30%). Then the normal
image and noisy image are partitioned into fixed size blocks.
Each block of the normal image is compared with the
corresponding blocks of a noisy image. Based on the com-
parison, the pixel weights are assigned in the blocks of the
denoised image. The detailed explanation of the proposed
method is as follows.

Let OB1, OB2…OBm represent the blocks of the normal
image (NrI), where m denotes the number of the blocks. NrI
is represented using Equation (4):

NrI =
Xn

i=1
OBi

j, ð4Þ

where j = 1, 2…m, the number of the blocks OB1, OB2…
OBm. OBi

j is the ithpixel value of the jth block of the given

image NrI, where i = 1, 2…n, the number of pixels in the jth
block of the image NrI. A certain percentage (3–30%) of
Rician noise is added to the NrI to get a noisy image (NsI)
and it is given in Equation (5):

NsI =NrI +Noise: ð5Þ

Let NB1, NB2…NBm represent the blocks of NsI, where
m denotes the number of the blocks. NsI is represented as
Equation (6):

NsI =
Xn

i=1
NBi

j, ð6Þ

where j = 1, 2…n is the number of blocks of NsI and NBi
j is

the ith pixel value of jth block of the image NsI.
The BD between each block of the NrI and NsI is calcu-

lated by finding the difference between each pixel value of
the blocks of both images. It is computed using
Equation (7):

BDi
j = NBi

j−OBi
j

� �
, ð7Þ

where BDi
j represents the BD of the ith pixel of the jth block.

The weight of each pixel of the block of the new DnI is
updated as given below:

Step 1: If the BD between the pixels of the block of NrI and
NsI is zero, then the pixel value of NrI can be assigned to
the pixels of the block of DnI and is represented in
Equation (8).
Step 2: If the BD between the pixels of the block of NrI and
NsI is less than the corresponding pixel value of the block of
NrI, then subtract the average of the BD value from each
pixel of the block of NsI and assign it to the corresponding
pixel of the block of the new DnI and is represented in
Equation (8).
Step 3: If the BD between the pixels of the block of NrI and
NsI is greater than the corresponding block in NrI, then add
the average of the BD value from each pixel of the block of
NsI and assign it to the corresponding pixel of the block of
the new DnI and is represented in Equation (8).

DnIij =

NrIij if BDi
j is zero

NsIij− BDi
j�block size

� �
, if BDi

j is positive

NsIij + BDi
j�block size

� �
, if BDi

j is negative

8>>><
>>>:

9>>>=
>>>;
ð8Þ

where DnIij represents the weight of ith pixel of the jth

block of DnI; BDi
j represents the block difference of the ith

pixel of the jth block of the difference image and the block
size is 5; and NsIij represents the ith pixel of the jth block

of NsI.
DnI is obtained using Equation (9):

DnI =
Xm

j=1
DnIij ð9Þ

where DnI represents the combination of all the denoised
block. The pixel weights are updated to the new grid of DnI.
The proposed algorithm for the BD-based filtering technique
in the MRI image is as follows:
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Algorithm The proposed BD-based denoising algorithm

1 Input: NsI & NrI <-- Noisy & Normal MRI Images.
2 Consider Normal Image NrI.
3 Compute Noisy Image NsI by adding Noise to NrI
using Equation (2).

4 Partition the Normal Image NrI into blocks and repre-
sent it using Equation (4).

5 Partition the Noise image NsI into blocks and represent
it using Equation (6).

6 Find the Block difference BD between the blocks of
Normal Image NrI Noisy image NsI using
Equation (7).

7 If Block difference BD == 0 then
Update the pixel value of the block of the De-noised
Image DnI using Equation (8).

Else if BD < 0 then
Update the pixel value of the block of the De-noised
Image DnI using Equation (8).

Else if BD > 0 then
Update the pixel value of the block of the De-noised
Image DnI using Equation (8).End if
8. End for
9. Output: DnI<-- De-noised MRI Image.

The next section gives the experimental result and discus-
sion about the proposed BD-based filtering method.

4 | EXPERIMENTAL RESULTS AND
DISCUSSION

The experimental analysis of the proposed method is esti-
mated using the simulated MRI images from the BrainWeb
database19 and real patient images from the BraTS 2018
dataset. The BrainWeb dataset consists of 810 simulated
MRI images with a different ratio of Rician noise of trans-
verse, sagittal, and coronal modalities.20 The different sim-
ulated MRI images are T1, T2, and PD weighted with
several levels of Rician noises such as 3%, 6%, 9%, 12%,
15%, 18%, 21%, 24%, 27%, and 30%.21 The normal and
noisy (9% of Rician)-simulated MRI images are shown in
Figure 2.

The proposed method is also estimated using real MRI
images from the BraTS 2018 dataset.22 From the dataset,
about 160 real MRI images such as T1 and T2 with 9% of
Rician noise are used for experimental analysis. The out-
comes of the results for both the datasets are evaluated using
metrics such as PSNR, structural similarity index measures
(SSIM)**, universal quality index (UQI), and root mean
square error (RMSE).23

The PSNR value is (qualitative measurement) calculated
by using Equation (10):

PSNR=10log10
2552

MSE

� �
: ð10Þ

FIGURE 2 A, Normal and B, noisy T1-, T2-, and PD-simulated brain image portions shown at first, second, and third rows, respectively, with
9% Rician noise
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MSE stands for the mean square error, which is calcu-
lated by using Equation (11):

MSE=
1
mn

Xmn−1

i=0

d ið Þ−d
_

ið Þ
� �2

, ð11Þ

where m × n is the size of noise-free MRI image (d) and its

noisy approximation (d
_

), and RMSE stands for root mean
square error, which is calculated as the root value of MSE
from Equation (11). The value of PSNR is measured in deci-
bels (dB) and the large value as an identity of improved
quality of denoised image.24

In UQI, the misrepresentation in an image is displayed as
a combination of contrast and luminance; hence it is proved
to be significant compared to other widely used misrepresen-
tation metrics. The SSIM is for computing the similarity
between two MRI images based on their data. The parameter
of SSIM finds the similarity in a locality nearby pixel or
batch by concatenating differences in correlation, average,
and variance. The values of SSIM between two image
blocks x and y from the denoised and normal images are cal-
culated by using Equation (12):

SSIM x,yð Þ= 2μxμy +C1
� �

2σxy +C2
� �

μ2x + μ2y +C1

� �
σ2x + σ2y +C2

� � , ð12Þ

where μx and μy are the mean values of the blocks x and y,
respectively, σ2x and σ2y are the variance of the blocks x and

y, respectively, σxy is the covariance of the blocks x and y,

C1 and C2 are the variables to stabilize the division with the
weak denominator. The value of SSIM ranges in the interval
[0-1], where the large value of SSIM pointed the better out-
come of essential information.25

The residual image is the difference between the noise
and the denoised image.26 The residual image should not
consist of functional structures as the happening of such
structures denotes that the denoised image has missed useful
edge and all-important information. On the other hand, the
better operation of the denoised image might give the resid-
ual image that appears like degradation. The denoised and
residual MRI images of the proposed method for the
BrainWeb dataset are shown in Figure 3.

The performance analysis of the proposed method using
PSNR, SSIM, UQI, and RMSE is shown in Tables 1 and 2
for the different percentages of Rician noise (3%-30%) of
T1-weighted MRI images. From Tables 1 and 2, it is found
that the proposed method shows better results than other
existing methods. The proposed method obtains better SSIM
value than all other existing methods.

Tables 3 and 4 show the PSNR, SSIM, UQI, and RMSE
values for the T2-weighted MRI images. As analyzed from
Tables 3 and 4, the proposed method shows the best results
of PSNR, SSIM, UQI, and RMSE. The median filter gives
the better PSNR values with low noise level than bilateral
and anisotropic methods. Yet, for various levels of Rician
noise, the proposed method gives a better performance out-
come than other existing techniques.

Tables 5 and 6 show the performance metric values
(PSNR, SSIM, UQI, and RMSE) of PD-weighted brain MRI
images. As analyzed from Tables 5 and 6, the median filter

FIGURE 3 Results of the proposed method: A, denoised and B, residual images for simulated T1, T2, and PD brain images
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gives better PSNR and SSIM values than other methods
such as bilateral and anisotropic methods. Yet the proposed
method gives high PSNR, SSIM, UQI, and RMSE values
compared to other existing techniques.

Tables 7 and 8 shows the performance metric values of
T1-weighted real clinical limited MRI images taken from the
BraTS dataset. As analyzed from Tables 7 and 8, the proposed
method gives better values of performance. Tables 9 and 10
show T2-weighted real clinical limited MRI images. The pro-
posed method yields the best outcome result compared with
other existing denoising methods in Tables 9 and 10. The nor-
mal, noisy, and denoised real MRI images of the proposed
method for the BraTS dataset are presented in Figure 4.

In the experimental results, the state-of-the-art methods for
denoising MRI images such as median, bilateral, ADF, and
NLM techniques and recent denoising techniques such as
IBLF, WBNLM, and SANLM techniques were compared
with the proposed method. Median filter eliminates most of
the noise from the MRI images. However, it removes the
details of the minute structure. The bilateral filter gives a more
honest resolution but raises the miserable character of an
image to remove noise in the low-frequency region of the
MRI image.27 The anisotropic filter decreases the noise but
fails to keep fine edges.28 NLM overcomes the restrictions of
all other existing methods, but the execution time is more than
other existing techniques. In IBLF, the bias correction is done
before each operation to get the denoised MRI image, and the
bias correction is reestimated after each iteration. Only the
noise ratio is increased, but the performance metric values are
decreased accordingly. In WBNLM, the scaling coefficient is
not modified and it is typically estimated by wavelet shrink-
age. This may lead to image discontinuity. Therefore, the

main drawback of this method is before applying NLM tech-
niques, the pre-stage convention method is applied in the
noisy image. In SANLM, when dealing with nonstationary
noise, the use of a global noise variance across the image will
lead to suboptimal outcomes. The proposed method over-
comes the drawback of all other existing denoising techniques
and also got the best outcome based on the performance met-
rics such as PSNR, SSIM, UQI, and RMSE.

The proposed method reduces the noise at maximum and
also maintains the finest limits and structure, thus preserving
the significant information of MRI images. Table 11 shows
the execution time of existing denoising methods with the
proposed method. The execution time of the proposed

FIGURE 4 Results of real clinical MRI brain images: A, normal, B, noisy, and C, denoised for T1 and T2 images

TABLE 11 Comparison of the execution time of the proposed
work with existing works

Methods

Average elapsed time (in seconds)–simulated
MRI BrainWeb dataset (810 Nos)

T1 weighted T2 weighted PD weighted

Median7 32.85 12.43 11.7

Bilateral8 39.42 14.91 14.04

Anisotropic9 45.99 17.4 16.38

NLM10 68.16 26.49 24.99

IBLF14 66.34 25.19 24.55

WBNLM13 65.74 24.86 23.41

SANLM15 30.65 15.47 12.29

Proposed 26.28 9.945 9.366

Abbreviations: IBLF, Iterative Bilateral Filter; NLM, nonlocal mean filter;
SANLM, spatial adaptive nonlocal mean; WBNLM, wavelet-based NLM.
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method is really less than the SANLM techniques because
the proposed method focuses on the block-based noise dif-
ference approach to denoise the MRI images. Hence, the
proposed method yields a more beneficial effect than other
existing approaches.

5 | CONCLUSION AND
FUTURE WORK

The proposed method represents the removal of noise in
MRI image using the block difference-based filtering tech-
nique. The proposed method provides more reliable perfor-
mance in reducing the noise, because the proposed method
deals with an efficient manipulation of each and every pixel
weight and the further split of edge pixels from the noise
pixels. Thus, the proposed method produces a better result
compared to other existing methods. The method is also
evaluated on transverse, sagittal, and coronal views of T1,
T2, and PD modality of simulated MRI images and T1 and
T2 real MRI images. In the future, the same method can be
extended to compute the execution time of real clinical
patient MRI images, and focus will also be on the improve-
ment in the accuracy of the proposed method using an angu-
lar rotation-based block difference technique.
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