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Abstract Magnetic resonance images (MRIs) are sensitive

to redundant Rician noise. The proposed adaptive hexag-

onal fuzzy hybrid filtering technique adapts itself to

remove Rician noise variances. The removal of noise

variance is performed by constructing a hexagonal mem-

bership function along with local and nonlocal filters. The

statistical feature such as local mean (li) and global mean

(lg) is determined to find fuzzy weights by constructing a

hexagonal membership function for nonlocal filter to pre-

serve the structural information and for local filter to pre-

serve edges. The restoration is performed by multiplying its

corresponding fuzzy weight with the restored image of

local and nonlocal filter in order to improve the quality of

an image. Detailed simulation is performed for Brain Web

database and real MRI images at various noise levels using

the proposed adaptive hexagonal fuzzy hybrid filtering

algorithm and existing algorithms. The visual and diag-

nostic qualities of the denoised image are well preserved

for the proposed adaptive hexagonal fuzzy hybrid filter

both at low and high densities of Rician noise.

Keywords Magnetic resonance imaging � Rician noise �
Fuzzy logic � Hybrid filter

1 Introduction

Magnetic resonance imaging (MRI) is a powerful medical

imaging technique for the diagnostic a system in clinical

areas as it provides structural features information. The

restoration is the fundamental step in image or video pro-

cessing [4]. The simple approach applied in denoising

applications is mainly based on Gaussian filter, but this

approach blurs the edges and high-frequency regions of an

image. In modified Rician estimator, the Rician noise

estimated by the linear minimum mean square error

method (LMMSE) increases the restoration due to more

similar and robust statistics but leads to larger framework

[7]. A low-rank tensor estimation (LRTE) algorithm not

only improves PSNR and SSIM indices over state-of-the-

art methods, but also preserves the image local structures

and generate much less visual artefacts. The nuclear norm

minimization (NNM) in the LRTE algorithm treats each

singular value equally, leading to inflexibility in dealing

with many real problems [5]. Speckle reducing anisotropic

diffusion (SRAD) filter performs good for monochrome

images with speckle noise. However, in the case of images

corrupted with other types of noise, it cannot provide

optimal image quality due to inaccurate noise model [11].

The non-local mean (NLM) filter selects the optimal

parameter, such as radius of the search window but it

adapts to fit for specific characteristics of the noise in MR

magnitude images [9]. Multiscale properties are applied for

denoising in the images. Noise could be considered as fine-

scale structure. Image decomposition with finer scales,

rather than large scales, leads to fast denoising but more

complexity [12].

MRI image denoising using an adaptive wavelet

thresholding multiplies, adjacent wave subbands to amplify

the significant feature by applying threshold to multiscale
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scheme for preserving the edges of an image [17]. A sta-

tistically supervised approach for medical image restora-

tion based on multiple-point geostatistics is a supervised

image filter. The restoration is performed effectively

without depending on a large number of training data, but it

does not extended to various spatial patterns for complex

structures to measure the probability where training images

are available [16]. NLM filter is proposed to remove

gaussian noise using pixel-based comparison [2]. To

remove Rician noise, block-wise comparison has been

exploited but the Rician probability distribution function

(PDF) differs from the gaussian PDF at low signal-to-noise

ratio (SNR) [9, 10]. In wavelet domain, nonlinear filtering

for MRI denoising, bilateral filtering improves the

denoising efficiency of MRI image. Due to the low SNR,

excessive smoothing occurs and results in loss of delicate

structural detail leads to poor performance in restoring an

image [1]. The robust Rician noise estimation for MR

images removes the noise based on an adaptation of

median absolute deviation (MAD) estimator in wavelet

domain. The removal of high-frequency signal components

using MAD results in blurring an image [6]. Iterative

bilateral filter improves the denoising efficiency, preserves

the boundary sharpness but results in loss of structural

information [13]. To overcome the drawback of these fil-

ters in MRI image, fuzzy logic techniques were considered.

Rician noise suppression in brain MRI image uses the

combination of NLM with fuzzy cluster, preserves the

edges but the automatic selection of NLM parameters

based on the medical image is an issue [8]. Trapezoidal

fuzzy-based hybrid filter preserves edges but does not give

a suitable degree of membership to the filters [15]. In fuzzy

similarity-based NLM filter for Rician noise removal, the

fuzzy similarity mechanisms find nonlocal homogenous

pixels to eliminate the noises without preserving edges

efficiently [14]. In the proposed method, the hexagonal

fuzzy hybrid filter is aligned with suitable degree of

membership for finding the weights of nonlocal filter for

image restoration.

Themanuscript is organized as follows: Sect. 2 explains on

adaptive hexagonal fuzzy hybrid filter. Section 3 details the

quantitative metrics to analyse the proposed technique. Sec-

tion 4 discusses the comparative analysis of simulated data

and real data for the proposed method and existing methods.

Finally, Sect. 5 presents the conclusion of the paper.

2 Adaptive hexagonal fuzzy hybrid filter

This paper proposes an adaptive hexagonal fuzzy hybrid

filter to remove Rician noise. The MRI images degraded by

low-level and high-level Rician noise are restored by using

fuzzy-weighted NLM and local-order statistical filters,

respectively. The proposed adaptive hexagonal fuzzy

hybrid filter uses hexagonal fuzzy membership function,

adaptive with nonlocal and local-order filters. Figure 1

shows the block diagram of the proposed adaptive hexag-

onal fuzzy hybrid filter. The MRI image affected by Rician

noise has been restored using the adaptive hexagonal fuzzy

hybrid filter.

2.1 Noise in MRI image

Rician noise is signal dependent, difficult to separate the

signal and creates problem in low signal-to-noise ratio

(SNR). Rician noise is not additive and depends on the data

itself. To add Rician noise to data, make the data Rician

distributed. The principal source of noise in MRI is due to

the thermal noise, arises during the acquisition and is

represented as a complex data. The thermal noise appears

to be in white, additive and follows Gaussian distribution in

both real and imaginary parts of an acquired image with

variance r2 and mean zero. Though the complex data

contain all the information, it is common to transform the

complex data into magnitude data, because the anatomical

and physiological quantities of the MRI are accessed and

processed in a better way [2]. The transformation of MR

data changes the Gaussian distribution data to Rician dis-

tribution. The probability distribution function (PDF) of

magnitude data M is given as

p MjA; rð Þ ¼ M

r2
exp �M2 þ A2

2r2

� �
Io

AM

r2

� �
uðMÞ ð1Þ

where M is the magnitude of MR signal, A corresponds to

the amplitude of noise free signal, r2 referred to variance

of white Gaussian noise, Io signifies the modified Bessel

function in zero order and u(M) represents unit-step

Heaviside function that indicates the PDF of M is valid for

nonnegative values of M [15].

2.2 Preprocessing

In preprocessing, statistical features such as noise variance

estimation and mean values of the noisy image are com-

puted [15]. To differentiate background and foreground

regions of an image, local mean (li) of a local neigh-

bourhood and global mean (lg) of a noisy image are con-

sidered to construct fuzzy membership function. In

magnitude MR data, the standard deviation of the Rician

noise is computed using (2)

rg ¼
ffiffiffiffiffi
lb
2

r
ð2Þ

where lb is the mean value of the background region of

MR image. Background is selected using Otsu threshold

method [15].
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2.3 Restoration

TheMRI image corrupted byRician noise is restored by local-

order filter, NLM filter and hexagonal fuzzy hybrid filter. The

local-order statistical filter is the high-pass filter works well at

low-level noise in MRI image by retaining the edges and less

sensitive to high-level noise. The nonlocal mean filter is the

low-pass filter works well for high-level noise in MRI image.

It smoothen the noisy image background and does not degrade

the sharpness of bright foreground objects. The local-order

filter and nonlocal filter are applied along with the fuzzy

weight to suppress the Rician noise.

2.3.1 Local-order statistical filter

The local-order statistical filter based on nonlinear digital

filtering method removes the high corrupted pixels accu-

rately. A search window size (2 9 Mlocal ?1) with the

mask window size (2 9 Rlocal ?1) convolved over the

complete image, Mlocal and Rlocal are set to one and com-

pute the median value for each pixel in the image. The

restored image for local-order statistical filter is given by

Llocal = LocalFilter L;Rlocalð Þ ð3Þ

where Llocal is the restored image of local filter, L is the

noisy image corrupted by Rician noise and Rlocal is the

radius of squared neighbourhood pixel.

2.3.2 Nonlocal mean filter

The conventional NLM filter averages the similar

pixels in an image with respect to their intensity

distance and gaussian fuzzy membership-based

weights. The similarity between two pixels is based on

patch comparison and pattern redundancy in nonlocal

region. This method uses the similarity between two

pixels to compute the weighting function. The NLM

filter is given in (4) and (5).

NNonlocal ¼
X
8j2N

Nonlocal Mean Filter NðiÞð Þ ð4Þ

Nonlocal Filter N ið Þð Þ ¼
X
8j2N

w i; jð Þ � N jð Þ½ � ð5Þ

andw (i, j) satisfies 0�w i; jð Þ� 1;
P

8j2N w i; jð Þ½ � ¼ 1 where

Nnonlocal is the restored noisy image,N is the image corrupted

by Rician noise, i is the pixel which is being filtered, j is the

pixel in the image N.

Weights w (i, j) are computed based on the similarity

between the square neighbourhoods Mi and Mj with the

same radius Rsim with centred around pixels i and j, which

is given in (6)–(8),

w i; jð Þ ¼ 1

c ið Þ e
�d i;jð Þ

h2 ð6Þ

c ið Þ ¼
X
8j

e�
d i;jð Þ
h2 ð7Þ

d i; jð Þ ¼ Gqg Mið Þ � g Mjð Þ2RSim ð8Þ

where c(i) is the normalization factor, h is the decay

parameter and controls the exponential function and it set

proportional to the standard deviation, d is a Gaussian

weighted Euclidean distance, Gp is a Gaussian kernel, and

q is a standard deviation [15].

Fig. 1 Block diagram of the proposed adaptive hexagonal fuzzy hybrid filter
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2.3.3 Proposed hexagonal fuzzy hybrid restoration

In the proposed hexagonal fuzzy hybrid restoration mod-

ule, the weight of a nonlocal means wnonlocal and the weight

of a local-order statistical filters wlocal at low and high noise

levels, respectively, are considered for operating on smooth

and detailed regions simultaneously. Proposed filter adap-

tively computes the weights based on local and nonlocal

statistical features using the concept of the hexagonal fuzzy

membership function. Membership functions (MFs) are the

building blocks of fuzzy set theory, i.e., fuzziness in a

fuzzy set is determined by MF. A hexagonal fuzzy value is

specified by 6 tuples that are A
^

H = (a, b, c, d, e, f) such that

a, b, c, d, e, f are real as shown in Fig. 2.

Maximum membership value is defined as eAW = (P1

(u), Q1 (v), Q2 (v), P2 (u)) for u e [0, 0.5] and v e [0.5, w].
P1 (u) is defined as left continuous nondecreasing

function over [0, 0.5], given in (9).

P1 uð Þ ¼ 1

2

x� a

b� a

� �
ð9Þ

where a locates the feet of a hexagonal and b locates the

shoulder of a hexagonal and x lies between a� x� b.

Q1 (v) is defined as left continuous nondecreasing

function over [0.5, 0], given in (10).

Q1 vð Þ ¼ 1

2
þ 1

2

x� b

c� b

� �
ð10Þ

where b and c locate the shoulder of the hexagonal and x

lies between b� x� c

Q2 (v) is defined as continuous nonincreasing function

over [w, 0.5] and is given in (11).

Q2 vð Þ ¼ 1� 1

2

x� d

e� d

� �
ð11Þ

where d and e locate the shoulder of the hexagonal and x

lies between d� x� e

P2 (u) is defined as left continuous nonincreasing

function over [0.5, 0], given in (12).

P2 uð Þ ¼ 1

2

f � x

f � e

� �
ð12Þ

where f locate the feet of the hexagonal and e locate the

shoulder of the hexagonal and x lies between

e� x� f

when w = 1, it is a hexagonal fuzzy number.

The hexagonal fuzzy membership function constructed

adaptively analyses the statistical features for better

restoration from Rician noise. The estimated noise level rg
has been used for computing the fuzzy parameters. Local

mean (li) and global mean (lg) control the hexagonal

membership function.

Hexagonal membership function is denoted in (13).

f x; a; b; c; d; e; fð Þ

¼

0 for x\a
1

2

x� a

b� a

� �
for a� x� b

1

2
þ 1

2

x� b

c� b

� �
for b� x� c

1 for c� x� d

1� 1

2

x� d

e� d

� �
for d� x� e

1

2

f � x

f � e

� �
for e� x� f

0 for x[ f

8>>>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>>>:

ð13Þ

In (13),

a ¼ k1 � min li;lg
� �

b ¼ k2 � max li;lg
� �

c ¼ k3 � b

d ¼ k4 � c

e ¼ k5 � d

f ¼ k6 � e

ð14Þ

Fig. 2 Hexagonal fuzzy

membership function

240 Neural Comput & Applic (2018) 29:237–249

123

RETRACTED A
RTIC

LE



where x is an input vector for hexagonal function, k1, k2, k3,

k4, k5, k6 are adjusting parameters and depend on noise

level rg which is estimated using (2) and li is the mean of a

local neighbourhood centred around a pixel i with the

radius Ri and lg is the mean of a noisy image. The

adjusting parameters are computed using (15).

k1 ¼ 3:1 � rg
k2 ¼ 0:98 þ 0:8 � rg
k3 ¼ 4:1

k4 ¼ 3:1

k5 ¼ 2:1

k6 ¼ 1:1: ð15Þ

After the construction of fuzzy membership function,

weights of nonlocal and local estimators are computed

using NLM of the local patch as given in (16).

wnonlocal ¼ f li; a; b; c; d; e; fð Þ
wlocal ¼ 1 � wnonlocal

ð16Þ

where wnonlocal and wlocal are the near optimal contributions

of the nonlocal and local filters.

The restored image is obtained and is given by (17)

f x; yð Þ ¼ wnonlocal � Nnonlocal þ wlocal � Llocal ð17Þ

where Nnonlocal is obtained from (4) and Llocal is obtained

from (3).

3 Materials and quantitative metrics

Comparative analysis is performed on simulated and real

MRI data sets. The simulated MR data are obtained from

BrainWeb, and real MR data are used from Medall Diag-

nostics at Tirunelveli, Tamilnadu, India.

3.1 Simulated MR data

The images are taken from the simulated data sets of the

normal brain MRI images from BrainWeb with three dif-

ferent types of modalities named: T1 weighted, T2

weighted and PD weighted. The size of each simulated

MRI volume is 181 9 128 9 181. The voxel resolution of

the data sets is 1 mm3. There are 30 number of 2-D images

(slices) in each volume [3].
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Table 1 PSNR (RMSE) comparison on simulated MR data at various noise ratios for the median filter, Wiener filter, NLM trapezoidal MF and

proposed hexagonal fuzzy filter

Modality Noise ratio Noisy image Median filter Wiener filter Fuzzy trapezoidal MF Fuzzy hexagonal MF

T1-weighted slice 0.05 26.37 (12.25) 28.81 (9.24) 29.30 (8.61) 28.65 (9.42) 29.36 (8.68)

0.10 20.34 (18.63) 23.84 (16.16) 23.90 (16.23 22.73 (18.63) 24.95 (16.28)

0.15 16.74 (37.13) 20.03 (25.10) 19.80 (26.83) 19.01 (28.59) 20.10 (25.19)

0.20 14.19 (49.75) 17.07 (34.51) 16.88 (36.48) 16.23 (39.35) 17.18 (35.29)

0.25 12.27 (62.05) 14.18 (44.39) 14.72 (46.76) 14.11 (50.25) 14.95 (45.60)

0.30 10.77 (73.76) 13.03 (54.69) 13.05 (56.72) 12.46 (60.75) 13.26 (55.40)

Mean 16.78 (42.26) 19.49 (30.68) 19.61 (31.94) 18.87 (34.50) 19.97 (31.07)

T2-weighted slice 0.05 25.19 (14.02) 27.55 (10.68) 28.27 (9.83) 27.53 (10.7) 27.85 (10.32)

0.10 19.19 (28) 22.48 (19.16) 22.32 (16.52) 21.83 (20.65) 22.46 (19.21)

0.15 15.75 (41.58) 19.06 (28.4) 18.74 (29.46) 18.28 (31.07) 18.96 (28.74)

0.20 13.31 (55..04) 16.49 (38.16) 16.08 (40) 15.65 (48.06) 16.35 (38.81)

0.25 11.51 (67.69) 14.45 (48.3) 14.08 (50.39) 13.62 (53.14) 14.39 (49.16)

0.30 10.09 (79.81) 12.71 (59.01) 12.43 (60.95) 11.9 (64.77) 12.56 (60.08)

Mean 15.84 (47.69) 18.79 (33.95) 18.65 (34.53) 18.14 (38.07) 18.76 (34.39)

PD-weighted slice 0.05 25.08 (10.89) 27.12 (11.22) 27.05 (11.32) 27.39 (10.88) 28.48 (10.78)

0.10 19.05 (28.45) 21.77 (20.53) 21.64 (21.11) 21.55 (21.34) 22.00 (20.42)

0.15 15.53 (42.69) 18.38 (30.69) 18.02 (31.99) 17.90 (32.41) 18.45 (30.80)

0.20 13.06 (56.69) 15.65 (41.13) 15.44 (43.08) 15.25 (44.05) 15.76 (41.54)

0.25 11.24 (69.88) 13.02 (51.34) 13.52 (53.78) 13.25 (55.47) 13.80 (52.06)

0.30 9.80 (82.14) 12.24 (62.34) 11.91 (64.65) 11.56 (67.39) 12.11 (63.28)

Mean 15.63 (48.46) 18.03 (36.21) 17.93 (37.66) 17.82 (38.59) 18.43 (36.48)

Overall mean – 16.08 (46.14) 18.77 (33.61) 18.73 (34.71) 18.27 (37.05) 19.05 (33.98)

Table 2 NAE comparison on simulated MR data at various noise ratios for the median filter, Wiener filter, NLM trapezoidal MF and proposed

hexagonal fuzzy filter

Modality Noise ratio Noisy image Median filter Wiener filter NLM trapezoidal MF NLM hexagonal MF

T1-weighted slice 0.05 0.08 0.06 0.06 0.06 0.06

0.10 0.17 0.11 0.12 0.13 0.12

0.15 0.25 0.17 0.19 0.21 0.18

0.20 0.34 0.25 0.26 0.29 0.26

0.25 0.43 0.32 0.33 0.37 0.33

0.30 0.51 0.39 0.39 0.44 0.39

Mean 0.30 0.22 0.23 0.25 0.22

T2-weighted slice 0.05 0.24 0.21 0.21 0.21 0.20

0.10 0.41 0.32 0.33 0.33 0.32

0.15 0.61 0.47 0.50 0.50 0.48

0.20 0.82 0.64 0.68 0.68 0.65

0.25 1.02 0.83 0.87 0.87 0.81

0.30 1.22 1.02 1.06 1.06 1.02

Mean 0.72 0.58 0.61 0.61 0.58

PD-weighted slice 0.05 0.15 0.12 0.12 0.11 0.11

0.10 0.29 0.21 0.22 0.22 0.20

0.15 0.44 0.31 0.33 0.34 0.31

0.20 0.58 0.42 0.44 0.46 0.43

0.25 0.72 0.53 0.56 0.58 0.54

0.30 0.85 0.65 0.68 0.71 0.66

Mean 0.51 0.37 0.39 0.40 0.38

Overall mean – 0.51 0.39 0.41 0.42 0.39
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3.2 Real MR data

The real MR data are obtained for analysis from the Medall

Diagnostics at Tirunelveli for three different types of

modalities: T1 weighted, T2 weighted, PD weighted.

Conventional T1, T2 and PD, with angles 700, 2200 and

2200, respectively, of the same spin echo sequence are

analysed. There are 30 number of 2-D images (slices) in

each volume.

3.3 Quantitative metrics

To measure the performance quantitatively, the widely

used quantitative measures peak signal-to-noise ratio

(PSNR), root mean squared error (RMSE), image

enhancement factor (IEF), normalized absolute error

(NAE) and structural similarity index measure (SSIM) are

considered. Following subsection describes these quanti-

tative measures.

3.3.1 Root mean square error (RMSE)

RMSE represents the cumulative squared error between

restored and original image. Lower the value of MSE,

results in less error [14]. Let the original MRI image is

f x; yð Þ and the restored image is f̂ x; yð Þ. The RMSE is

computed using (18),

RMSE f x; yð Þ; f̂ x; yð Þ
� �2¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

m � n
Xn

y¼1
f x; yð Þ; f̂ x; yð Þ
� �2r

ð18Þ

where m and n represent the size of a 2-D image.

3.3.2 Peak signal-to-noise ratio (PSNR)

PSNR, in decibels, is used as a quality measurement

between f x; yð Þ andf̂ x; yð Þ. Higher the PSNR, results in

improved quality of the image [14]. The PSNR is computed

using (19),

PSNR f x; yð Þ; f̂ x; yð Þ
� �

¼ 10 � log10
N2

RNSE

� �2

ð19Þ

where N represents the number of grey levels, m and n

represent the size of an original image.

3.3.3 Structural similarity index measure (SSIM)

SSIM is used to measure the similarity between two images

and used as a good quality measurement than PSNR and

Table 3 IEF comparison on simulated MR data at various noise ratios for the median filter, Wiener filter, NLM trapezoidal MF and proposed

hexagonal fuzzy filter

Modality Noise ratio Median filter Wiener filter NLM trapezoidal MF NLM hexagonal MF

T1-weighted slice 0.05 1.75 2.04 1.68 1.98

0.10 2.3 2.28 1.73 2.26

0.15 2.19 2.05 1.69 2.17

0.20 2.08 1.88 1.59 1.98

0.25 1.95 1.77 1.52 1.85

0.30 1.82 1.68 1.47 1.77

Mean 2.02 1.95 1.61 2.00

T2-weighted slice 0.05 1.63 1.54 1.7 1.67

0.10 1.8 1.93 1.78 1.94

0.15 1.74 1.89 1.74 1.91

0.20 1.69 1.82 1.65 1.87

0.25 1.57 1.73 1.59 1.7

0.30 1.49 1.63 1.54 1.6

Mean 1.65 1.76 1.67 1.78

PD-weighted slice 0.05 1.6 1.58 1.7 1.74

0.10 1.77 1.92 1.81 1.94

0.15 1.93 1.78 1.72 1.92

0.20 1.66 1.89 1.73 1.86

0.25 1.58 1.85 1.69 1.8

0.30 1.75 1.63 1.49 1.7

Mean 1.72 1.78 1.69 1.83

Overall mean – 1.79 1.83 1.66 1.87
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MSE [14]. The Rician noisy image is g x; yð Þ, and the SSIM

is measured using (20),

SSIM x; yð Þ ¼
2lxly þ c1
� �

2rxy þ c2
� �

l2x þ l2y

� �
r2x þ r2y þ c2

� � ð20Þ

where rx and ry are the variance of x and y, lxy is the

covariance of x and y, lx and ly are the average of x and y,

c1 and c2 are the two variables to stabilize the division

with weak denominator, respectively.

3.3.4 Image enhancement factor (IEF)

IEF is also a quality measure of an image. Let the original

MRI image is f x; yð Þ, Rician noisy image is g x; yð Þ and the

restored image is f̂ x; yð Þ. The IEF is given in (21),

IEF ¼
Pm

x¼1 �
Pn

y¼1 g x; yð Þ � f x; yð Þð Þ2Pm
x¼1 �

Pn
y¼1 f̂ x; yð Þ � f x; yð Þ

� �2 ð21Þ

where m and n represent the size of an image.

3.3.5 Normalized absolute error (NAE)

NAE should be minimum in order to minimize the differ-

ence between original and restored image. Let the original

MRI image is f x; yð Þ and the restored image is f̂ x; yð Þ. The
NAE is given in (22),

NAE ¼
Pm

x¼1 �
Pn

y¼1 f x; yð Þ � f̂ x; yð Þ
� �

Pm
x¼1 �

Pn
y¼1 f x; yð Þð Þ ð22Þ

where m and n represent the size of the image.

4 Experimental results and discussion

In this section, the performance of the proposed method is

compared with several denoising methods. To evaluate the

effectiveness of the proposed adaptive hexagonal fuzzy

hybrid restoration method, the images are taken from the

simulated data sets of the normal brain MRI images from

BrainWeb and real data sets as explained in Sects. 3.1 and 3.2.
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Fig. 3 SSIM comparison for the simulated MR data a T1 weighted, b T2 weighted and c PD weighted
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Fig. 4 Simulated MRI for T1 weighted with 10% Rician noise

a original image, b noisy image (PSNR = 20.35), c median filter

(PSNR = 22.99), d Wiener filter (PSNR = 22.95), e fuzzy hybrid

filter with trapezoidal membership function (PSNR = 22.76), f pro-
posed adaptive hexagonal fuzzy hybrid filter (PSNR = 23.96)

Table 4 PSNR (RMSE) comparison on real MR data at various ratios for the median filter, Wiener filter, NLM trapezoidal MF and proposed

hexagonal fuzzy filter

Modality Noise ratio Noisy image Median filter Wiener filter Fuzzy trapezoidal MF Fuzzy hexagonal MF

T1-weighted slice 0.05 25.91 (12.91) 27.03 (11.35) 28.21 (9.56) 28.16 (9.96) 29.23 (9.9)

0.10 20.29 (24.65) 24.85 (14.59) 25.56 (13.44) 23.72 (16.63) 25.18 (14.04)

0.15 17.04 (35.84) 22.32 (19.08) 22.18 (18.51) 20.56 (23.93) 22.46 (19.29)

0.20 14.83 (46.24) 19.19 (25.94) 19.23 (25.83) 18.10 (31.73) 19.95 (25.65)

0.25 13.19 (55.87) 16.90 (33.12) 17.05 (33.91) 16.09 (39.95) 17.77 (32.95)

0.30 11.91 (64.76) 15.21 (39.46) 15.29 (39.05) 14.47 (48.18) 15.99 (40.45)

Mean 17.20 (40.05) 20.92 (23.92) 21.25 (23.38) 20.18 (28.40) 21.76 (23.71)

T2-weighted slice 0.05 24.05 (16.00) 26.01 (12.76) 26.34 (11.94) 27.01 (11.31) 28.18 (11.14)

0.10 20.00 (25.47) 24.79 (14.67) 24.89 (13.99) 23.88 (16.3) 25.23 (13.46)

0.15 16.72 (37.17) 22.41 (19.30) 22.65 (18.78) 20.61 (23.77) 23.85 (19.44)

0.20 14.41 (48.52) 19.09 (25.22) 19.3 (24.59) 17.8 (32.56) 19.82 (26.03)

0.25 12.77 (58.64) 17.76 (32.25) 18.14 (31.57) 16.00 (40.40) 18.68 (33.29)

0.30 11.56 (67.38) 16.15 (39.74) 16.45 (38.39) 14.29 (49.17) 16.89 (41.03)

Mean 16.59 (42.20) 21.04 (23.99) 21.30 (23.21) 19.93 (28.92) 22.11 (24.07)

PD-weighted slice 0.05 24.89 (14.51) 26.08 (11.64) 26.07 (11.65) 26.68 (11.81) 27.95 (11.32)

0.10 18.89 (28.97) 21.05 (21.43) 21.25 (22.06) 20.81 (23.22) 21.46 (21.55)

0.15 15.43 (43.16) 18.01 (31.43) 17.80 (32.83) 17.38 (34.47) 18.70 (31.83)

0.20 13.08 (56.56) 15.58 (41.41) 15.36 (43.49) 14.9 (45.59) 16.64 (42.11)

0.25 11.30 (69.39) 13.24 (52.40) 13.42 (54.35) 12.96 (57.26) 13.61 (53.22)

0.30 9.83 (82.24) 12.11 (63.28) 11.83 (65.28) 11.36 (68.90) 12.00 (64.23)

Mean 15.57 (49.14) 17.68 (36.93) 17.62 (38.28) 17.35 (40.21) 18.39 (37.38)

Overall mean – 16.45 (43.80) 19.88 (28.28) 20.06 (28.29) 19.15 (32.51) 20.75 (28.39)
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Table 5 NAE comparison on real MR data at various ratios for the median filter, Wiener filter, NLM trapezoidal MF and proposed hexagonal

fuzzy filter

Modality Noise ratio Noisy image Median filter Wiener filter NLM trapezoidal MF NLM hexagonal MF

T1-weighted slice 0.05 0.076 0.064 0.056 0.058 0.056

0.10 0.145 0.085 0.078 0.098 0.082

0.15 0.21 0.11 0.107 0.141 0.114

0.20 0.27 0.147 0.145 0.188 0.153

0.25 0.33 0.19 0.187 0.24 0.196

0.30 0.38 0.24 0.23 0.29 0.24

Mean 0.24 0.14 0.13 0.17 0.14

T2-weighted slice 0.05 0.11 0.09 0.07 0.08 0.06

0.10 0.17 0.09 0.08 0.11 0.08

0.15 0.26 0.13 0.14 0.16 0.13

0.20 0.34 0.17 0.16 0.22 0.17

0.25 0.41 0.22 0.22 0.23 0.20

0.30 0.47 0.28 0.27 0.34 0.25

Mean 0.29 0.16 0.16 0.19 0.15

PD-weighted slice 0.05 0.12 0.10 0.09 0.11 0.08

0.10 0.25 0.18 0.19 0.22 0.17

0.15 0.37 0.26 0.28 0.31 0.25

0.20 0.48 0.36 0.37 0.41 0.35

0.25 0.59 0.44 0.46 0.51 0.42

0.30 0.70 0.54 0.55 0.61 0.53

Mean 0.42 0.31 0.32 0.36 0.30

Overall mean – 0.32 0.20 0.20 0.24 0.20

Table 6 IEF comparison on real MR data at various noise ratios for the median filter, Wiener filter, NLM trapezoidal MF and proposed

hexagonal fuzzy filter

Modality Noise ratio Median filter Wiener filter NLM trapezoidal MF Proposed NLM hexagonal MF

T1-weighted slice 0.05 1.29 1.82 1.68 1.70

0.10 2.85 3.36 2.19 3.08

0.15 3.53 3.75 2.24 3.45

0.20 3.44 3.47 2.12 3.25

0.25 3.02 3.07 1.96 2.88

0.30 2.7 2.75 1.81 2.56

Mean 2.81 3.04 2.00 2.82

T2-weighted slice 0.05 1.58 2.10 1.97 2.04

0.10 3.05 3.63 2.39 3.05

0.15 3.72 3.75 2.44 3.87

0.20 3.76 3.85 2.24 3.95

0.25 3.38 3.48 2.11 3.58

0.30 2.89 3.07 1.92 3.73

Mean 3.06 3.31 2.18 3.37

PD-weighted slice 0.05 1.55 1.54 1.49 1.64

0.10 1.80 1.74 1.57 1.82

0.15 1.89 1.73 1.56 1.93

0.20 1.81 1.66 1.52 1.85

0.25 1.78 1.65 1.48 1.82

0.30 1.67 1.58 1.41 1.72

Mean 1.75 1.65 1.51 1.80

Overall mean – 2.54 2.67 1.90 2.66
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MRI image is degraded with Rician noise, and the image

restoration is done using median filter, Wiener filter, fuzzy

hybrid filter with trapezoidal membership function, and the

proposed adaptive hexagonal fuzzy hybrid filter. The param-

eter set-up for the median filter with convolution window size

3 9 3 andWiener filter with convolution window size 3 9 3

andnonlocalmeanfilterwith radius of search area5 and radius

of local area1.Thequantitativemeasurements havebeendone

for MRI as discussed in Sect. 3.3.

4.1 Simulated MRI image

TheMRI images T1weighted, T2 weighted and PDweighted

are simulated for various images with varying noise levels.

Tables 1, 2 and 3 show the performance measures with the

quantitativemetrics such as PSNR (RMSE), NAE and the IEF

from low to high noise levels of the simulated MRI image for

T1weighted,T2weighted andPDweighted.Tables 1, 2 and 3

show that the proposed adaptive hexagonal fuzzy hybrid filter

has better restoration than existing methods. Table 1 shows

the proposed adaptive hexagonal fuzzy hybrid filter has

improvement inmean of 2.5% for T1, 1.2% for T2 and 4% for

PD than fuzzy hybrid filter with trapezoidal membership

function for various noise levels. TheRMSE shows that at 5%

noise level, the proposed method for the simulated MR data

has the improvement of 8, 4 and 1% for T1, T2 and PD

weighted, respectively, compared to existing fuzzy hybrid

filter with trapezoidal membership function. Tables 1, 2 and 3

show a significant metrics improvement for the proposed

method compared to the existing methods. The increase in

PSNR and other metrics is due to the weights obtained using

hexagonal membership function at low to high noise level for

local-order filter and NLM filter.

In smoothing process, retaining the structural informa-

tion is significant for MRI restoration. SSIM measures the

structural information detail. Figure 3 shows the perfor-

mance of the proposed filter in terms of SSIM for simulated

MR data. The proposed technique is superior in retaining
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Fig. 5 SSIM comparison for the real MR data a T1 weighted, b T2 weighted and c PD weighted
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the structural information at all noise levels compared to

the existing techniques for T1-weighted, T2-weighted and

PD-weighted MRI images due to the detailed pixels clas-

sification. Weight computation for local-order filter and

NLM filter using hexagonal membership function.

The original image MRI T1 weighted is shown in

Fig. 4a. The original MRI is added to 10% Rician noise

and is shown in Fig. 4b. The simulated restored image is

shown in Fig. 4c–f, using existing and proposed method.

Figure 4f reveals that the proposed adaptive hexagonal

fuzzy hybrid filter is better in restoring the MRI compared

to existing median, Wiener and fuzzy hybrid filter with

trapezoidal membership function. The proposed adaptive

hexagonal fuzzy hybrid filter has 5.2% PSNR improvement

for T1 than the fuzzy hybrid filter with trapezoidal mem-

bership function. The hexagonal membership function

preserves the structural information, image detail and edges

by applying the suitable local-order and nonlocal filter by

constructing the fuzzy weight for the MRI image adap-

tively at low to high noise levels.

4.2 Real MRI image

The performance of the proposed method is compared with

other state-of-the-art methods for restoring MRI T1-

weighted, T2-weighted and PD-weighted images from

varying Rician noise ratio are 0.05, 0.10, 0.15, 0.20, 0.25,

0.30. The quantitative metrics comparison for varying

noise rates are tabulated in Tables 4, 5 and 6. The proposed

method gives better performance compared to existing

filtering methods.

Figure 5 shows the performance comparison of SSIM

for existing and proposed adaptive hexagonal fuzzy hybrid

filter at various percentages of noise levels. From Fig. 5, it

is observed that the proposed method has high SSIM

compared to existing techniques.

Tables 4, 5 and 6 and Fig. 5 clearly show that the pro-

posed adaptive hexagonal fuzzy hybrid filter has better

restoration compared to other techniques for varying noise

levels. When observing average PSNR (RMSE), NAE, IEF

and SSIM, we conclude that

Fig. 6 Real MRI for T1 weighted with 10% Rician noise a original

image, b noisy image (PSNR = 20.10), c median filter

(PSNR = 24.92), d Wiener filter (PSNR = 25.45), e fuzzy hybrid

filter with trapezoidal membership function (PSNR = 23.67), f pro-
posed adaptive hexagonal fuzzy hybrid filter (PSNR = 25.79)
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1. PSNR (RMSE), NAE, IEF and SSIM values of

hexagonal fuzzy hybrid filter are efficient than existing

techniques.

2. Even some of the average PSNR (RMSE), NAE and

IEF are close to the existing techniques, but other

values are higher compared to existing techniques. The

accuracy in restoring MRI is high compared to existing

techniques due to the weights obtained for local-order

filter and NLM filter using hexagonal membership

function at low to high noise level. This concludes that

the proposed hexagonal fuzzy hybrid membership

function restores the image in good quality.

The MRI T1 weighted original image shown in Fig. 6a

added to 10% Rician noise shown in Fig. 6b is considered

as an input for the proposed adaptive hexagonal fuzzy

hybrid filter. The proposed adaptive hexagonal fuzzy

hybrid filter has 9% PSNR improvement for T1 than the

fuzzy hybrid filter with trapezoidal membership function.

Based on comparison of the simulated MR data and real

MR data, when the noise level increases, the restoration of

real MR data is better than simulated MR data. At high-

level noise, the real MRI image for T1 shown 9% PSNR

improvement on average compared to the simulated MRI

image for T1 weighted.

5 Conclusion

In this paper, hexagonal fuzzy hybrid restoration filter has

been proposed for different level of noise and the intensity

of the image. The construction of a hexagonal membership

function is done with the appropriate parameters in an

innovative manner. The results show that the proposed

method suits well than existing methods. The quantitative

measurement PSNR, MSE, IEF, NAE and SSIM shows the

effectiveness of the algorithm. This clearly indicates that

proposed method has capability to remove noise in an

efficient manner. The proposed method has benefit in many

quantitative techniques that rely on the quality of the data.

The new sequences of acquisition can produce images with

correlated noise due to interpolation in K-space. In future,

correlated noise should also be considered for denoising

and unbiased estimate should be considered.
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