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A Bayesian approach for image denoising in MRI

Mitra Tavakkoli & Seyed Javad Kazemitabar®
Department of Electrical Engineering, Babol Noshirvani University of Technology

Abstract

Magnetic Resonance Imaging (MRI) is a notable medical imaging technique that is based on Nuclear
Magnetic Resonance (NMR). MRI is a safe imaging method with high contrast between soft tissues, which
made it the most popular imaging technique in clinical applications. MR Image's visual quality plays a vital
role in medical diagnostics that can be severely corrupted by existing noise during the acquisition process.
Therefore, the denoising of these images has great importance in medical applications. During the last
decadcs, lots of MR denoising approaches from various groups of techniques have been proposed that can
be classified into two general groups of acquisition-based noise reduction and post-acquisition denoising
mcthods. The first group's approaches will add imaging time and led to a much time-consuming process.
The second group's issues are its complicated mathematical equations required for image denoising, in
which stochastic algorithms are usually required to solve these complex equations.

This study aims to find an appropriate statical post-acquisition denoising MR imaging method based on the
Bayesian technique. Finding the appropriate prior density function also has great importance since the
Bayesian technique's performance is related to its prior density function. In this study, the uniform
distribution has been applied as the prior density function. The prior uniform distribution function will
reduce the Bayesian algorithm to its simplest possible state and lower computational complexity and time
consumption. The proposed method can solve the numerical problems with an adequate timing process
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without complex algorithms and remove noisc in less than 120 scconds on average in all cases. To
quantitatively assess image improvement, we used the Structural Similarity Function (SSIM) in MATLAB.
The similarity with this function shows an average improvement of more than 0.1 in all images. Considering
the results, it can be concluded that combining the uniform distribution function as a prior density function
and the Bayesian algorithm can significantly reduce the image's noise without the time and computational

cost.

Keywords: Bayesian estimation, Rician distribution, Magnetic Resonance Imaging.
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(Figure-2): Resulted images from noisy phantom raw data,
columns from left to right: Noisy and Denoised phantom image

EHE

2 & P9y (57955 l oub gl 3y guai 1 (F- JS)
Couw g 6‘439) )3‘9'4’ et (% W] L(ﬁso °5)§ ) pl’ I G99

oul adgs 2D, wguai Cuwly
(Figure-4): Magnified images from noisy raw data. From left to
right: Noisy and denoised image from phantom data

b ol (V) JS8 50 s 095 (g5ludnnd ml

Wy als sla by qeio,S o LI Y (A5 )0 oS ol les
O S 459; u.«:blf dbg}i’ﬁ) 0% gokdal 05; 98 ;o
Jyam 5l om nead W9 28, Glaghy, 5 ool Zél o
obey 5 Codgusme Jdods G 09,5 g, &S ¢ eal
anie sl Jlew Sl ezee (LiYodr el il o
Wl ol J> sl jo gaite o, o wanl oYL
el k-space glad o CangSOU Fp 5 b paigel
e85 Sl WS e S5 4y, nl vz e
a5 a wale: S g b pdiges > F Ul
ol ezl 2 i (ol (sl oaddiz e sbo el
,_g&l.Q,WN pUegvs ] ASGJb)o WDe>g pll e wwlys allds
00§ )1 pdiged 70,5 00ld (695 y el 298 09,5 5l Lo
o wher Zo pea ) Sl g adsi amie oS
cds sl o ol sols @l (F) UK o bl g Jlesl
(5 S5 50 (295 ool 5 el ledS 5 paal lion
M:..xsb Q’i' )‘ L;L:- @L:J GALQS R EPCWPRY R ‘_}AJ[A.’
S8 b glgea oSSy aje @b plesl a5 el
ryad o 1) Ay elS CoblB ghm ol 5 et

RN

L MRI BT 5 s ) sslinal b (So5d sl
[16] sl 00l s 551 — sl 32,65 Jlgs 5 ooliciual
P sl paigs | SISy (68 o (55, 2 ool
YV« o e VY- RV Oldee 5 YOF x Y- o5lail o
5\) 32 as sJ.;loJue—l Cewdds od.}rf J.ijf \Vd 9 ):.c ‘_A:..e
Jloel b T 505 ol ptises 5 Tl (s o peiges Il
N ESCNRELE S S ISRV LIE PYL VIS Wi PRl o)
I r g e )l e (Sols 1 eolainl b oipgo
wed o bl 35Kl a0 5 i k-space slad bglas
Gl s Gilwosly (pdu 5o Sl 93 58 50 (29,5 pglas
Pow 9§ P90 05; Sl Y0P YOF ‘Ls?'5)>" ﬁgl.\a}‘
55 osee 3 e bl i hegkh cnl adsl slecols
lad o Cdle 9o cnl jo adsloaly s [12] 5l 48,5
k-space glad & 4y ooy laml dmciie oewl gl
kslad 5l ol pogai Solo 5l G 5 0d Joass ladyi
1S 5 epoles adgi 28, a4y gladss

YV Gien o eadeols @l el S b
095wy sl Gwdm @iy Olypen SS1ES @y
5o oald 05,8 awe sl mls ) oal oolainl Leools
el ooty &l s e (F) JI(Y) o S

a5 b s 0g,5 gWools I 29,5 palas (V- J5CB)
| 19005 (LS jo adgloole
ladgh Hguai (Gl (ol g (o iod s ogiuw
sud adgs 28 g (el
(Figurc-2): Resulted images from three groups of data, columns

from left to right: Original, Noisy and Denoised phantom
image

4 aliasing artifact

! field of view
2 Full sampling
3 Under sampling

O 2lo Vol 1Yl Jle



http://dx.doi.org/10.29252/jsdp.17.3.101
http://jsdp.rcisp.ac.ir/article-1-893-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-30 ]

[ DOI: 10.29252/jsdp.17.3.101 ]

Y
2
P
2
3
A
2
4’
%
1
L
3

&

G 5 e eolgiiy hgy o oS J o slaisls
e 4o Al Jo @ 506 sazs b g LolS5 slagis 651
SrSamt (P S jeba e Jod BB (b
Oy I bl eolatal b i 05550 09 0,5
3y9tesd (pl & Joud (LB goias golgidon (hg, 9 il

sl o Jib

6- References &2 %

[11 Z. Hongtu et al, "Regression models for
identifying noisc sources in magnctic resonance
images," Journal of the American Statistical
Association, vol.104, n0.486, pp.623-637, 2009.

[2]1 J. Mohan, V Krishnaveni, and G.Yanhui , "A
survey on the magnetic resonance image
denoising methods," Biomedical Signal
Processing and Control , vol.9, pp. 56-69, 2014.

[3] A.Macovski, "Noise in  MRIL" Magnetic
Resonance in Medicin, vol.36,n0.3, pp. 494-
497, 1996.

[4] H. Gudbjartsson, P. Samucl Patz, "The Rician
distribution of noisy MRI data," Magnetic
resonance in medicine, vol.34, no.6, pp. 910-
914, 1995.

[51 L. He, R. Ian Greenshields, "A nonlocal
maximum likelihood estimation method for
Rician noise reduction in MR images," IEEE
transactions on medical imaging, vol.28, no.2,
pp. 165-172, 2009.

[6] J. Sijbers & ct al, "Estimation of thc noisc in
magnitude MR images," Magnetic Resonance
Imaging. vol.16, no.1, pp.87-90, 1998.

[71 1. Sijbers & et al, "Maximum-likelihood
estimation of Rician distribution
parameters," I[EEE Transactions on Medical
Imaging. Vol.17,n0.3, pp.357-361, 1998.

[8] IJ.Sijbers, A. J. Den Dekker, "Maximum
likelihood estimation of signal amplitude and
noisc variancc from MR data," Magnetic
Resonance in Medicine, vol.51, no.3, pp.586-
594, 2004.

[9] JRajan & et al, "Maximum likelihood
estimation-based  denoising of magnetic
resonance images using restricted local
neighborhoods," Physics in  Medicine &
Biology, vol.56, no.16, pp.5221, 2011.

[10] J.Rajan & et al, "Nonlocal maximum likelihood
cstimation mcthod for denoising multiple-coil
magnetic resonance images," Magnetic
Resonance Imaging, vol.30, no.10, pp. 1512-
1518, 2012.

FO 2l ¥ ol VAl Jle

&

5 ¥ pead 5oy n iyl nl Jleel 4 adlsl s
& yobal g @by IV g illy b 655 0gee
Sl pow g p9d slaw ol Fa (V) JS& 50 alol> sudadys
ol Sgpie 1o Sl ol o adg &8, ollg A b
sonlive Sy L 5l solisid b gl olad el S
P b & cwl Jb el el el
ol Slaslie ol gyl omas  glapissS]
bialy yo o)l adgi @3, )0 iyl (QUly b (onitinne
Gl calid @b 5l (05 & jgeds nglad d5ur o) 2
solarul bl yliee 020,S salatwl lze ;o (SSIMY)
b o NGl G g Sl jsba &6 cn) )
@l s Glp calds e oo o lis uslai
el (V) Jgur JSoa
&2 9L b (2 9)5 nalad Caled olime (- Jgua)

(Table-1): Similarity Index between reference
and resulted images

Pyl
) 6 o
SSIM k- Ry 40
&9
(space
SR Res <197 -/$4 5y L I5¢
T Ry
o9 3l Sl -IyY “IvY LIVE VY
iy

S 325 Az g Sy -0
2lo b anslie ;0 tnse plysSl &L goleiday i)
Shoml labre (Sazms (sl 05 slagm 5Kl
O sl CSIESe G s &b b
Spoel ol s s ol (See Zdb ool
@l b aile) sal> (Srae loj g (Slawlre (Saozey
» Y sl o 5 Khe jeba eoliing by, &
el Mg gl 5l adsi a3, a4r ol agl VY- 5l zaS
5> ohey Gl gl eolanul (Esnsngl Slsipe Coogad
b ol sl gley el 5 Vb e b slacsls
Loojlsan punbliie wais hppsal ;o il o)
S5 S Gl g s )05, YU o2 b Slaeslo
o caled giter eVl (Sl ke Gl
w3 myhe (Les 5 6 Lawgy [10] )0 )3 lslcpen o
P& Gl Ul YU Sy b dole J> wojls
S Nl SeS ar g, ol oYl Jo 4 [12]

! Structural Similarity Index



http://dx.doi.org/10.29252/jsdp.17.3.101
http://jsdp.rcisp.ac.ir/article-1-893-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-30 ]

[ DOI: 10.29252/jsdp.17.3.101 ]

[11] A. Tietze & et al, "Bayesian modeling of
Dynamic Contrast Enhanced MRI data in
cerebral glioma patients improves the diagnostic
quality of hemodynamic parameter maps," PloS
one, voll3, no.9, pp. e0202906, 2018.

[12] L.Lauwers & et al, "Analyzing Rice distributed
functional magnetic resonance imaging data: a
Bayesian approach," Measurement Science and
Technology, vol.21, no.11, pp. 115804, 2010.

[13] M. Kay, M. Steven, "Fundamentals of statistical
signal processing”, vol. I: estimation theory,
1993.

[14] X. Qi, "Compression of Thrce-Dimensional
Magnetic Resonance Brain Images,” 2001.

[151 D.Selvathi, and V. Sathananthavathi, "Genetic
algorithm based nonlocal maximum likelihood
algorithm for MRI dcnoising,” Int. J. Comput.
Intell.  Telecommun. Syst, vol.2, pp. 21-26,
2011.

[16] https://mr.usc.edu/download/data/

il 090 5l (B Sl s
o oKzl O VYAY Ll o 1) 055
Jlo 5o cwl saile, SLL a4 eyl
o1y 0em gliSe Siae g9 VYAV
5o LS ol s ol plse 4l
cles o 0 YWY Jls B 5 0,5 S oplyyl el
Sk 5l oSy culad 4 1,8l o wdige ilise
waasiae Glseds Js s edew 50 VYAV G AT Lo
lacdsr iS4 WSl fpo )5 a8 ps s golSels
ol Sla se 65 VFAF L gl 05 e S5 S

el bl Silg i Sris olRasls

Hlhawl ole Glasl aelibl) slas
j-kazemitabar@nit.ac.ir

ghie )0 1) 055 EMass (W9 |y
Jo o hblecumall,  ulis)ls
Obl 4 iig dupd olKails Ho VYA
g symiils 2l Jloys 5 sl
39 i Sl e 3 0l pwlin S
Resh sleatee; ol Bl Slypdsl (Saio Rl
S pnya o Sbip LS Sl sy 4B 350

) o] 5l UK g smpboliis 3y 055
Sl sl @ jle plasl aebill) Jlas

tavakolimitra@yahoo.com

O 2lo Vol 1Yl Jle



http://dx.doi.org/10.29252/jsdp.17.3.101
http://jsdp.rcisp.ac.ir/article-1-893-en.html
http://www.tcpdf.org

