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Quantitative assessment of themyelin content in white matter (WM) using MRI has become a useful tool for in-
vestigating myelin-related diseases, such as multiple sclerosis (MS). Myelin water fraction (MWF) maps can be
estimated pixel-by-pixel by a determination of the T2 or T2⁎ spectrum from signal decay measurements at each
individual image pixel. However, detection of parameters from themeasured decay curve, assuming a combina-
tion of smoothmulti-exponential curves, results in a nonlinear and seriously ill-posed problem. In this paper, we
propose a new method to obtain a stable MWF map robust to the presence of noise while sustaining sufficient
resolution, which uses weighted combinations of measured decay signals in a spatially independent neighbor-
hood to combine tissues with similar relaxation parameters. To determine optimal weighting factors, we define
a spatially independent neighborhood for each pixel and a distance with respect to decay rates that effectively
includes pixels with similar decay characteristics, and which therefore have similar relaxation parameters. We
recover the MWF values by using optimally weighted decay curves. We use numerical simulations and in vitro
and in vivo experimental brain data scanned with a multi-gradient-echo sequence to demonstrate the feasibility
of our proposed algorithm and to highlight its advantages compared to the conventional method.

© 2013 Elsevier Inc. All rights reserved.
Introduction

A magnetic resonance imaging (MRI) scanner can be used to detect
structural abnormalities of the body by measuring the magnetic proper-
ties of water molecules in biological tissues. Using the T2 decay signals in
the brain, three different T2 relaxation components corresponding to the
presence of three water pools in thewhitematter region can be detected
(MacKay et al., 1994; Whittall et al., 1997). The fast relaxing T2 compo-
nent represents the water pool between the hydrophobic bilayers of
themyelin sheath (Laule et al., 2004, 2006;MacKay et al., 2006). Two dif-
ferent relaxing components are assigned to intra/extracellular water and
to cerebrospinal fluid. The myelin water fraction (MWF), defined as the
ratio of the signal intensity of the shortest T2 component to the total,
shows specificity for myelin content in neurological tissues. Therefore,
determination of the MWF can reveal abnormalities in myelin-related
disease states, such as multiple sclerosis (MS). Analysis of T2 relaxation
decay curves has been used to investigate different water compartments
within heterogeneous tissue (Does and Gore, 2002; Mackay et al., 2006;
ctronic Engineering, College of
odaemun-gu, Seoul, 120-749,
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Valentine et al., 2007;Wachowicz and Snyder, 2002). Similar approaches
based on an analysis of T2⁎ (rather than T2) decay curves have also been
used to study microscopic components (Bender and Klose, 2009; He
and Yablonskiy, 2007; Yablonskiy, 1998) and quantify MWF values in
the brain (Du et al., 2007; Hwang et al., 2010; Lenz et al., 2010, 2011).

The determination of the three different T2 (or T2⁎) relaxation compo-
nents frommeasured decay curves is challenging because of the inherent
instability of the problem, i.e., the estimation of parameters for the com-
bination of smoothmulti-exponential curvesmay be severely affected by
the presence of noise in the measured decay data. To circumvent this
ill-posed nature of the MWF estimation problem, various algorithms
have been developed to measure the MWF in white matter, such as the
non-negative least squares (NNLS) algorithm (Lawson and Hanson,
1974), the regularized non-negative least squares (rNNLS) algorithm
(Graham et al., 1996; Whittall and MacKay, 1989), a spatially-
regularized nonnegative least squares (srNNLS) algorithm (Hwang and
Du, 2009), and rNNLS-after-filtering algorithms (Jones et al., 2003; Oh
et al., 2006). These algorithms aremostly based on the continuous distri-
bution of T2(⁎) components with different signal strengths. Because there
are numerous unknowns to be determined, smoothing constraints are
usually incorporated to determine the amplitudes of the relaxation com-
ponents. Depending on the number of echoes and the algorithms used,
different signal-to-noise ratios (SNRs) are recommended for reliable so-
lutions. Generally, a high SNR with a noise standard deviation less than
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1% of the signal strength at the shortest echo time is suggested as amin-
imum acceptable SNR (Graham et al., 1996; Kolind et al., 2009; Laule et
al., 2007). The conventional acquisition method usually requires four
averages and takes 26 min of scan time to achieve a reasonable SNR
(Jones et al., 2003; Kolind et al., 2009; Laule et al., 2004, 2006, 2007;
Whittall et al., 1997). Another type of algorithm used to analyze T2

(⁎)
re-

laxation decay curves is a three-pool model method, which is based on
discrete T2

(⁎)
components where there are only three representative T2

(⁎)

components with three different signal strengths (Andrews et al., 2005;
Du et al., 2007; Hwang et al., 2010; Lancaster et al., 2003). In the
three-pool model, there are seven unknowns to be estimated, which
is substantially less than the number of unknowns in the afore-
mentioned NNLS-based algorithms. However, this problem is still
ill-posed, because the three T2

(⁎)
values and the corresponding signal

strengths have to be estimated at the same time in the presence of
noise. Furthermore, caution should be taken when using this approach
for pathologic datasets or other brain regions with additional T2

(⁎) com-
ponents, because the three-pool model parameters are optimized for
commonWM regions, and errors may be introduced in pathologic situ-
ations with the presence of additional T2

(⁎)
components. For more prac-

tical applications, it is critical to stabilize the ill-posed nature and extract
useful information from the noisy measured data.

The purpose of this paper is to present a new method for robust
myelin water quantification in the brain using a tissue-relaxation-
dependent denoising technique. The proposed method provides a
stable MWF map, while sustaining sufficient resolution using a
weighted combination of measured decay curves in a spatially inde-
pendent neighborhood with similar relaxation parameters. In con-
trast to conventional denoising techniques such as linear filters,
median filters, and anisotropic diffusion filters, the proposed method
is optimal for MWF estimation in the sense that measurements are
processed based on the decay properties of the tissues, rather than
on spatial proximity or intensity similarity. To determine optimal
weights for the combination of the measured decay curves, we define
a new spatially independent metric that measures the decay similar-
ity, D(r,s), between two measured decay curves S(r,tn) and S(s,tn),
n=1,…, N, at pixels r and s. The defined distance function has the
property D(r,s)=0 if and only if two pixels have the same relaxation
parameters and MWF values. Considering the defined metric D(r,s),
which does not depend on the spatial metric, we determine
weighting factors ωh,ρ(r,s) using the concept of a non-local (NL)
means filter, which was originally developed to solve issues related
to noise removal in images while maintaining the integrity of the
relevant image information (Buades et al., 2005; Freeman et al.,
2000; Roth and Black, 2005; Zhu et al., 1998). We determine an opti-
mally denoised decay curve as a weighted combination withωh,ρ(r,s),
which eliminates dissimilar neighboring pixels that are likely to have
dissimilar relaxation parameters and therefore different MWF values.

We use a multi-gradient-echo (MGRE) pulse sequence, which
allows for the acquisition of multiple sampling points during the
fast decay of the myelin water signal, to verify the proposed method.
To demonstrate how the proposed algorithm works, we conducted
simulations whereby noise levels were varied and compared to noise-
less data. Both in vitro and in vivo experiments demonstrated that our
proposed method considerably reduces noise artifacts and sustains
the resolution of MWF maps.

Material and methods

Three-pool relaxation model

The following equation is the three-pool relaxation model we
used to measure myelin (my), myelinated axon (ma), and mixed
water (mx) pool fraction with seven unknowns:

S r; tð Þ ¼ Amye
−t=T2;my⁎ þ Amae

−t=T2;ma⁎ þ Amxe
−t=T2;mx⁎ þ Abl ð1Þ
where Amy, Ama, and Amx denote the amplitudes of the signals arising
from the three water pools, respectively, and Abl is any residual base-
line signal. Because the measured signal S(r,t) is the summation of
three smooth exponential signals at the pixel r, it is difficult to deter-
mine T2,my⁎ , T2,ma⁎ , and T2,mx⁎ stably, in correlation to the coefficients
Amy, Ama, Amx, and Abl, because small perturbations of the coefficients
may result in significant errors when determining all of the
parameters.

To simplify the terminologies, we rewrote Eq. (1) in the
discretized form

S r; tnð Þ ¼ a1e
−b1tn þ a2e

−b2tn þ a3e
−b3tn þ Abl; n ¼ 1;2; ⋯;N ð2Þ

where a1=Amy, a2=Ama, a3=Amx,b1 ¼ 1
T2;my
⁎ ,b2 ¼ 1

T2;ma
⁎ ,b3 ¼ 1

T2;mx
⁎ , and tn

is the nth echo time, respectively.
A conventional optimization problem for Eq. (2) is to find the

coefficients ai and bi for i=1,2,3 and Abl based on minimizing the
following least squares problem:

min
ai ≥0;bi ≥0;Ablf g

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
n

a1e
−b1tn þ a2e

−b2tn þ a3e
−b3tn þ Abl−S r; tnð Þ

� �2
:

r
ð3Þ

Determination of T2⁎ components and spectra

To determine the spatially independent neighborhood, we defined
a distance function between the measured T2⁎ decay signals S(r,tn)
and S(s,tn):

D r; sð Þ :¼ S rð Þ−S sð Þk k1
h rð Þ ¼

XN
n¼1

S r; tnð Þ−S s; tnð Þj j
h rð Þ ð4Þ

where h(r) is a temporal noise level in the decay signals. In our
study, h(r) was approximated by the standard deviation of the fitting
residuals with the original decay signals (Hwang et al., 2011; Laule
et al., 2008).

The defined distance function D(r,s) is related to the coefficients ai
and bi for i=1,2,3, and Abl in Eq. (2) such that:

ai rð Þ ¼ ai sð Þ; bi rð Þ ¼ bi sð Þ;Abl rð Þ ¼ Abl sð Þ ⇔ D r; sð Þ ¼ 0: ð5Þ

Using Eqs. (4)–(5), we can define a spatially independent neigh-
borhood at each pixel r by introducing a weighting factor ωρ with re-
spect to the non-spatial decay-dependent distance D(r,s) as follows:

ωρ r; sð Þ :¼ 1
ζr

e−D r;sð Þ for s ∈ Bρ rð Þ ð6Þ

where ζ r :¼ ∑s∈Bρ rð Þe
−D r;sð Þ is a normalization constant ensuring that

∑ sωρ(r,s)=1, and Bρ(r) is a disk centered at r with a radius ρ. The
application of the weighted sum of decay signals with ωρ results in
high SNR decay data, SNL, at location r;

SNL r; tnð Þ :¼ ∑
s∈Bρ rð Þ

ωρ r; sð ÞS s; tnð Þ: ð7Þ

Because the weighting factor ωρ(r,s) depends only on the
non-spatial decay-dependent distance of the decay signals, the spatial
radius ρ of the neighborhood Bρ(r) can be extended to the whole im-
aging area, not just the pixels adjacent to pixel r (i.e. spatially inde-
pendent neighborhood). At the fixed location r, the non-spatial
decay-dependent distance D(r,s) implies that the weighting factor
ωρ(r,s) is similarly weighted with ωρ(r,r) when the measured T2⁎

decay data S(s,tn) is similar to S(r,tn). Thus, the weighting factor
ωρ(r,s) estimates the T2⁎ similarity between S(r,tn) and S(s,tn). There-
fore, the summation in Eq. (7) can effectively avoid the inclusion of
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tissues with different relaxation parameters, and prevent a loss of
spatial resolution in the final MWF map.

To determine the characteristics of the weighting factor ωρ(r,s),
we decompose the weighted signal SNL(r,tn) to the noiseless true
signal part SNLTrue rð Þ and the noise part SNLNoise rð Þ:

SNL rð Þ ¼ SNLTrue rð Þ þ SNLNoise rð Þ ¼ ∑
s∈Bρ rð Þ

ωρ r; sð Þ STrue sð Þ þ SNoise sð Þð Þ; ð8Þ

where STrue(s) and SNoise(s) are the noiseless signal part and noise part
at the location s, respectively. Under the assumption that the mea-
sured random noise is independent, the noise variance of SNL(r) is:

Var SNLNoise rð Þ
� �

¼ ∑
s∈Bρ rð Þ

ω2
ρ r; sð ÞVar SNoise sð Þð Þ: ð9Þ

Eq. (9) implies that, if we assume uniform random noise, the noise
level of SNL(r) can be substantially reduced as the number of neigh-
borhood pixels increases.

For the signal part SNLTrue rð Þ, we have:

SNLTrue rð Þ−STrue rð Þ
��� ���

1
¼ 1

ζ r
∑

s∈Bρ rð Þ
e−D r;sð Þ STrue sð Þ−STrue rð Þð Þ

�����
�����
1

∵∑sωρ r; sð ÞSTrue rð Þ ¼ STrue rð Þ
� �

≤ 1
ζ r

∑
s∈Bρ rð Þ

e−D r;sð Þ STrue sð Þ−STrue rð Þð Þk k1

≤ h rð Þ
ζr

∑
s∈Bρ rð Þ

e−D r;sð ÞD r; sð Þ:

ð10Þ

Eq. (10) shows that, depending on the non-local spatially inde-
pendent distance D(r,s), the weighted combination SNL(r) conserves
Fig. 1. Simulation setup. (a)–(c) The first, 5th, and 15th magnitude synthetic images are sh
(e)–(g) and (i)–(k) show the magnitude images with noise levels of 10% and 20%, respective
imaging region and an anomaly, respectively. In region Λ, more severe random noises were
noisy conditions.
the tissue decay properties and simultaneously reduces the noise
level by Eq. (9).

To verify the proposed method, we conducted simulations, in vitro
and in vivo experiments. We used the three-pool model and found the
coefficients ai and bi for i=1,2,3, and Abl by minimizing the following
least squares problem:

min
ai ≥0;bi ≥0;Ablf g

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
n

a1e
−b1tn þ a2e

−b2tn þ a3e
−b3tn þ Abl−SNL r; tnð Þ

� �2
r

:

ð11Þ

Experimental setup

Simulation setup

To evaluate the performance of the proposed method using a syn-
thetic dataset, we assumed that the number of scanned images was
60 by generating two dimensional T2⁎ decay multiple images with a
128×128 image matrix and different T2⁎ values at different locations.
To test the noise tolerance of the algorithm, we added uniformly dis-
tributed Gaussian random noise to the simulated data. The noisy im-
ages were generated by:

Im r;nð Þ ¼ I r;nð Þ þ r and r;nð Þ � Ν � noise level ð12Þ

where I is the simulated noiseless image, Im(r,n) is the nth echo noisy
image obtained by adding random noise to I(r,n), rand(r,n) is a ran-

dom number in (-1,1), Ν∶ ¼ ∑60
n¼1∑r∈AI r;nð Þ

60 Aj j , and A={r|I(r,1)>0}.

Figs. 1(a)–(c) show the simulated first, 5th, and 15th magnitude im-
ages, respectively, and (d) shows the decay signal at the fixed
(64,90)th pixel (indicated by ‘⁎’). Figs. 1(e)–(g) and (i)–(k) show the
magnitude images with noise levels of 10% and 20%, respectively,
own, respectively. (d) Magnitude decay profile of the (64,90)th pixel (indicated by ‘*’).
ly, corresponding to Figs. 1(a)–(c). The regionsΩ and Λ in Fig. 1(a) represent the overall
added, compared to the other regions, to test the proposed method under extremely



Fig. 2. Simulation setup. (a)–(c) Simulated maps of the myelin, ma, and mx pool fractions, respectively.
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corresponding to Figs. 1(a)–(c). We added severe noise (3 times
higher than in other regions) to one of the anomalies, indicated by
Λ in Fig. 1(a), to determine the performance of the proposed method
under very noisy conditions.

Fig. 2 shows the true maps of the my, ma, and mx pool fractions,
respectively. We also perturbed the T2⁎ values around the representa-
tive T2⁎ values of 10 ms, 38 ms, and 80 ms corresponding to the my,
ma, and mx water pools, respectively, to consider any possible varia-
tions of T2⁎ values that may occur within each water pool.
Figs. 3(a)–(c) show maps of the T2⁎ values that correspond to the my
(a), ma (b), and mx (c) water pools, respectively. Note that the T2⁎

maps for each component are not homogeneous. The T2⁎ values of
the myelin water pool for the regions Ω and Λ are different. The T2⁎

values of the three components for the upper three small structures
are the same as those for the background region Ω. Based on the dis-
tributions of these T2⁎ components, magnitude MR images were gen-
erated at multiple echo times.

For a quantitative evaluation of the proposed method in compari-
son with the conventional method, the relative L2-error between the
true and recovered maps is defined as follows:

εR a; bð Þ∶ ¼ a−bk kR
ak kR

; ð13Þ

where ‖ ▪‖R is the L2 norm in the region of interest R.

In vitro and in vivo experimental setup

We scanned an in vitro brain from a female patient with
long-standing chronic inactive MS. The brain was fully fixed in 10%
buffered formalin and then placed in a water-filled container for scan-
ning. The T2⁎ signal decay in each pixel was detected using MGRE ac-
quisition on a 3 T MRI scanner (General Electric, Waukesha, WI). In
our experiment, we acquired 126 echoes in the readout train with
an image matrix of 256×256, the first echo time (TE1) of 2.1 ms,
and an echo spacing (ES) of 1.1 ms. A train of readout gradients
with alternating polarity immediately after phase-encoding was
used to reduce ES (Du et al., 2007). The other imaging parameters
were a 20 cm field-of-view (FOV), and a 5 mm slice thickness with
a 1 mm gap between slices using a repetition time (TR) of 2 s. The
SNRs of the acquired data were evaluated by measuring the mean
Fig. 3. Simulation setup. (a)–(c) T2⁎ maps corresponding to the myelin, myelinated-axon, an
and standard deviation in a background area (in air), and the mean
signal level in WM at the first echo image (Gilbert, 2007).

The brain of a live, healthy subject (male, 25 years old) was
scanned with a 60-echo MGRE sequence on a 3 T MRI scanner
(Siemens, Erlangen, Germany). The MGRE sequence can acquire
decay signals with high temporal resolution due to the short TE1
and the short ES; these conditions are beneficial whenmeasuring my-
elin water signals because these signals decay quickly at early echoes
(Du et al., 2007). The image matrix was 128×128, TR=2 s, FOV=
25.6×25.6 cm2, the slice thickness=2 mm, the TE1=2.1 ms, and
the ES was 1.93 ms (only positive readout gradients with flyback tra-
jectories). The scan time was 8.5 min. A second set of in vivo data for
high-resolution applications was also acquired using the following
settings: image matrix dimensions=256×256, TR=2 s, FOV=
24×24 cm2, slice thickness=4 mm, TE1=2.1 ms, and ES=1.1 ms
(including both even and odd echoes with alternating readout gradi-
ents). There were a total of 64 echoes.
Results

Two-dimensional simulation results

Fig. 4 shows the reconstructed maps of the my, ma, and mx pool
fractions for a noiseless case, respectively. Figs. 4(a)–(c) show the re-
sults obtained using the conventional method by minimizing Eq. (3),
while Figs. 4(d)–(f) show the results obtained using the proposed
method; both methods almost completely recovered the true MWF
maps. However, substantially different results were observed using
noisy data, as shown in Figs. 5 and 6. Because the pixel-by-pixel esti-
mation of the T2⁎ components is sensitive to the noise level, the MWF
map, ma, and mx pool fractions (see Figs. 5(a)–(c) and 6(a)–(c)) re-
covered using the conventional method by minimizing Eq. (3) were
severely influenced by random noise levels of 10% and 20%, respec-
tively. For the proposed method, we took the magnitude images
n=1,…,60, to generate the distance function D(r,s) in Eq. (4) and
the weighting factor ωρ(r,s) in Eq. (6), and finally the high SNR
decay signals, SNL(r,tn) in Eq. (7). Figs. 5(d)–(f) and 6(d)–(f) show
the recovered fraction maps for themy,ma, andmx pools, respective-
ly, obtained using the weighted averaged data SNL(r,tn) in Eq. (7). A
comparison of these results with the recovered fraction maps in
Figs. 5(a)–(c) and 6(a)–(c) and the true maps in Figs. 2(a)–(c)
d mixed water pools, respectively, showing the variation of T2⁎ values within each pool.

image of Fig.�2
image of Fig.�3


Fig. 4. Simulation results. (a)–(c) and (d)–(f) show the reconstructed maps of the my, ma, and mx pool fractions for a noiseless case using the conventional method and the pro-
posed method, respectively.

Fig. 5. Simulation results. (a)–(c) and (d)–(f) show the reconstructed maps of the my, ma, and mx pool fractions for a 10% noise obtained using the conventional method and the
proposed method, respectively.

Fig. 6. Simulation results. (a)–(c) and (d)–(f) show the reconstructed maps of the my,ma, andmx pool fractions for a 20% noise case obtained using the conventional and proposed
methods, respectively.

16 O.I. Kwon et al. / NeuroImage 74 (2013) 12–21

image of Fig.�4
image of Fig.�5
image of Fig.�6


Table 1
Relative L2-errors for the MWF values recovered at different noise levels using the orig-
inal noisy data, where MWFt and MWFr denote the true and recovered MWF values,
respectively.

Noise level εΩ(MWFt,MWFr) εΩ\Λ(MWFt,MWFr) εΛ(MWFt,MWFr)

10% 0.5764 0.5395 0.6855
20% 0.7347 0.7035 0.8308
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highlights the robustness of the proposed method to noise and the
absence of blurring.

Table 1 shows the relative L2 errors for the reconstructed MWF
values with the original noisy data in the regions Ω, Λ, and the rela-
tive complement region Ω\Λ. Table 2 shows the relative L2 errors
for the reconstructed MWF values with the denoised data obtained
using the proposed non-spatial decay-dependent distance D(r,s) in
the regions Ω, Λ, and Ω\Λ. These results highlight the advantages of
the proposed method, especially at increased noise levels.
Fig. 7. Experiment results for the in vitro case. (a)–(b) show the 1st and 50th
magnitude images, respectively. (c) Original decay signal of the measured Im(r,tn),
n=1,…,126, at r=(100,100) pixel (indicated by ‘*’). (d) Weighted averaged decay
signal obtained using the estimated weighting factor ωρ(r,s) at r=(100,100) pixel.
Experimental results

Figs. 7 and 8 show the experimental results for the in vitro data.
The change in the intensity of the decay measurements with in-
creasing echo number, shown in Figs. 7(a)–(b), indicates the decay
characteristics associated with the T2⁎-relaxation properties of the tis-
sues. The SNR of the image acquired at TE1 was estimated to be 98.2
on WM. Using the decay characteristics for each pixel, we re-
constructed the MWF distribution using our proposed algorithm.
The weighting factor ωρ(r,s) in Eq. (6) was calculated such that
s∈Bρ(r)={s|Im(s,t1)>0 and |r−s|b100}. Figs. 7(c) and (d) show
the decay signal of the original measured Im(r,tn), n=1,…,126, and
that of the weighted averaged signal using the estimated weighting
factor ωρ(r,s) at the r=(100,100) pixel (indicated by ‘⁎’).

Fig. 8(a) shows the reconstructed MWFmap obtained by minimiz-
ing the constrained least squares problem (3) using the original
measured data Im(r,tn), n=1,…,126. Although the pixel-by-pixel de-
termined MWF map in Fig. 8(a) has typical MWF map properties,
the ill-posed nature of the procedure to determine T2⁎ values by solv-
ing Eq. (3) results in noisyMWF values in several regions, as indicated
by arrows. The white arrow points at a non-WM region exhibiting el-
evated MWF values due to increased noise, and the gray arrows point
at WM regions in which noise leads to a decreased MWF. These noisy
regions in WM are often mistaken for small lesions and were previ-
ously described as artifactual “holes” by Jones et al. (2003). To sup-
press the noise effect using the conventional averaging method, we
used a mask set with a 3×3 template size to average the neighboring
signals. Fig. 8(b) shows the reconstructed MWF map obtained using
the averaged signals, which reduced the noise effect as expected,
but blurred the whole MWF map. In contrast, Fig. 8(c) shows the
reconstructed MWF map obtained using the proposed method;
there was a noticeable improvement in noise suppression, and the
resolution of the MWF map was maintained — no noticeable blurring
artifacts were introduced, even when the neighboring area was ex-
panded up to 100 pixels. The areas indicated by four white ellipses
in Fig. 8 are the examples in which blurring occurred in (b), but not
in (c), which shows clear edges of the WM with reduced spatial
noise. In the area indicated by a gray ellipse, thin gray matter (GM)
Table 2
Relative L2-errors for the MWF values recovered at different noise levels using the pro-
posed non-spatial decay-dependent distance weighted data.

Noise level εΩ(MWFt,MWFr) εΩ\Λ(MWFt,MWFr) εΛ(MWFt,MWFr)

10% 0.2035 0.1097 0.3738
20% 0.2856 0.2379 0.4065
with low MWF values, which is located right below the WM, can be
observed in (c), but not in (b) due to the blurring artifacts.

Fig. 9 shows the in vivo experimental results obtained for a brain
from a healthy subject. Figs. 9(a)–(b) show the T2⁎-weighting of the
images acquired at the 1st and the 20th echo time, respectively. The
SNR of the image acquired at TE1 was estimated to be 126.6 in WM.
In Figs. 9 (c)–(f), the four MWF maps estimated using the different
methods are compared. The MWF map in (c), which was estimated
using the original measured data Im(r,tn), n=1,…,60, contained se-
vere noise. The map in (d) was estimated using the averaged data
with a 3×3 mask for each pixel to suppress the noise effect by aver-
aging the neighboring data in the conventional way. However, the
reconstructed MWF image is severely blurred and there is loss of de-
tailed WM features, despite the small mask size. In contrast, the MWF
map in (e), which was estimated using the proposed method with the
same mask size of 3×3, is substantially less noisy and blurred than
the other reconstructed maps. The detailed WM structural features
that were not easily observable in (c) and (d), as indicated by arrows,
due to noise and blurring, respectively, are clearly identifiable in (e)
and (f). The proposed averaging within neighboring locations did
not introduce noticeable blurring due to the use of weighting factors
that were determined based on tissue-relaxation properties. This
benefit was observed even when the neighboring area for averaging
was expanded up to a distance of 50 pixels, as shown in (f). The
MWF map reconstructed using the proposed method still shows
thin WM structures near the cortex as indicated by arrows.

Fig. 10 shows another in vivo experimental result from the
high-resolution data. The SNR of the image acquired at TE1 was esti-
mated to be 93.5 inWM. The acquired 256×256 imagematrix was in-
terpolated into 512×512 images, resulting in an effective in-plane
resolution of 0.47×0.47 mm2. Figs. 10(a)-(b) show the magnitude
images at TE=2.1 ms and 39.5 ms, respectively. The conventional
method and the proposed method were both applied to these inter-
polated 512×512 images to estimate the MWF values. The MWF
maps in (c) and (d) were estimated using the original measured
data and the proposedmethod, respectively. (e) and (f) are magnified
views of the blue boxed areas indicated in (c) and (d), respectively.
The MWF map reconstructed using the proposed method is shown
in (d) and (f), and fine WM structures with clean tissue boundaries
can be seen that were not easily observable in (c) and (e) due to
the presence of noise, as indicated by arrows. Very little blurring
and few artifacts are seen in the maps using the proposed method.
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Fig. 8. Experimental results for the in vitro case. (a) Reconstructed MWFmap using the original measured data Im(r,tn), n=1,…,126, (b) reconstructed MWFmap using the averaged
data with a 3×3 mask for each pixel Im(r,tn), n=1,…,126, (c) reconstructed MWF map using the weighted averaged signal INL r; tnð Þ :¼ ∑S∈Bρ rð Þωρ r; sð ÞIm s; tnð Þ with ρ=100.

Fig. 9. Experimental results for the in vivo case. (a) and (b) magnitude images of the 1st and 20th echoes, respectively. (c) Reconstruction of the MWF map using the original
measured data Im(r,tn), n=1,…,60, (d) MWF map using the averaged data with a 3×3 mask for each pixel, (e) MWF map using the weighted averaged signal INL r; tnð Þ :¼
∑S∈Bρ rð Þωρ r; sð ÞIm s; tnð Þ with the same 3×3 mask as in (d), and (f) MWF map using the weighted averaged signal with ρ=50.
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Fig. 10. Experimental results for the in vivo high resolution data. (a) and (b) magnitude images at TE=2.1 ms and 39.5 ms. (c) MWF map estimated using the original measured
data, and (d) MWF map estimated using the weighted averaged data obtained using the proposed method. (e) and (f) magnified views of the blue boxed area in (c) and (d),
respectively.

Fig. 11. Comparison with an anisotropic diffusion filtering (ADF) technique. (a) and (b)
are the magnified views of the green boxed areas (upper left and lower left, respectively)
of theMWFmaps estimated using the original measured data (Fig. 10 (c)). (c) and (d) are
MWF maps obtained using the proposed method. (e) and (f) are MWF maps estimated
using the filtered data by the ADF. The boundaries of WM and GM are better preserved
in the proposed results (c, d) than in the ADF results (e, f), as indicated by arrows. The
area indicated by a circular mark contains several thin veins that result in high MWF
values due to their fast relaxation properties. The proposed method preserved these
vein structures in the MWF map, while the ADF smoothed them out. Furthermore, the
ADF induced an unnatural mottled appearance due to its nonlinear diffusive denoising
process, which is the general limitation of the ADF method.
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The falsely elevated MWF values on the frontal region were caused by
the severe field inhomogeneity. This issue would be hard to overcome
and was not remedied in this study. It would become less severe at
less field strengths, such as 1.5 T, or would be reduced by incorporat-
ing several compensation methods for field inhomogeneity, such as
z-shimming techniques (Frahm et al., 1988; Truong et al., 2006;
Yang et al., 1998).

Fig. 11 shows a comparison of the proposed method with an an-
isotropic diffusion filtering technique, which was previously applied
in MWF estimation (Hwang et al., 2011; Jones et al., 2003). The
upper and bottom rows are the magnified views of the green boxed
areas (upper left and lower left, respectively) of MWF maps in
Figs. 10. (a,b), (c,d), and (e,f) are the MWF maps obtained using the
original measured data, the denoised data by the proposed method,
and by the ADF method, respectively. The boundaries between WM
and GM are better preserved in the proposed method (c, d) than in
the ADF method (e, f), as indicated by arrows. The area indicated by
an ellipse contains several thin veins that result in artifactual high
MWF values due to their fast relaxation properties. The proposed
method preserved these vein structures in the MWF map (even
though they do not represent actual MWF values), while the ADF
smoothed them out due to blurring. Furthermore, the ADF induced
an unnatural mottled appearance throughout the image due to its
nonlinear diffusive denoising process, which is the general limitation
of the ADF method (Buades et al., 2006; Gerig et al., 1992).

Discussion

We developed a new algorithm to reconstruct robust MWF maps
from noisy multi-exponential decay signals. An analysis of the decay
signals to determine several decay components is a challenging prob-
lem, as the solution is sensitive to the measurement noise. Because
the T2⁎ value of the myelin water pool is relatively small, a
visualization of the MWF map requires fast scans with a short echo
time and short echo spacing to detect the fast decay signal of the
myelin water. The signals obtained from an MRI scanner contain un-
avoidable noise in the spatial images and in the T2⁎ decay curves at
each pixel, which exacerbates the ill-posed aspect of reconstructing
MWF maps. We used a weighted average of the measured T2⁎ decay
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data to address this issue. To determine the weighting factor, we used
a tissue-relaxation-dependent neighborhood and combined pixels
with similar relaxation parameters without introducing blurring
artifacts. This procedure considerably reduces random noise. We
demonstrated the effectiveness of the proposed algorithm through
numerical simulations and in vitro and in vivo experiments. In the
simulations, the quantitative measures of the MWF were improved
using our proposed method (the errors in estimating the MWF values
were reduced with the proposed method, as shown in Tables 1 and
2). In the in vitro and in vivo experiments, the proposed technique
resulted in a better visibility of the lesions and WM structures.

One limitation in the analysis of the simulation studies is that the
type of noise used in our studies was uniformly distributed Gaussian
random noise. However, in some cases, noise may not be represented
by Gaussian random noise, but by Rician noise (Bjarnason et al., 2007,
2010). In this case, the noise variance analysis in Eq. (9) may differ,
and the results of the simulation may not directly translate to the re-
sults of the in vitro and in vivo experiments. The MWF values obtained
in the in vitro and in vivo experiments might have been under-
estimated because the decay signals entering the Rayleigh noise
region of the Rician distributed noise would be considered as a
long T2⁎ component in the fitting process (Bjarnason et al., 2010;
Edelstein et al., 1984).

The SNR of the in vitro data was 98.2 at TE1, which was enough for
the application of the proposed method, as shown in Fig. 8c. Many
sampling points (126) with short ES were beneficial in calculating
the distance metric and therefore differentiating types of tissues
with different relaxation parameters. Furthermore, no physiological
variations on the decay signals existed. The SNR of the low-
resolution in vivo data was 126.6 at TE1, which was higher than that
of the in vitro data. However, the quality of the final MWF maps was
not as good as those for the in vitro case. This is partially due to the
smaller number of sampling points (64) and the inclusion of later
echoes, which might have been affected by the field inhomogeneity,
physiological variations, and the imperfections of the echo-planar-
imaging-based MGRE imaging, which may have hampered an ac-
curate calculation of the distance metric. Furthermore, the low-
resolution data contained a smaller number of pixels to be included
in the weighted averaging, which may have reduced the performance
of our denoising method. Nevertheless, the effectiveness of the pro-
posed method, compared to the conventional methods, can be visual-
ized in Fig. 9. The SNR of the high-resolution in vivo data was 93.5 at
TE1, which was less than that of the low-resolution in vivo data.
However, the quality of the final MWF map is as good as that of the
low-resolution in vivo data. The high-resolution data contained a
greater number of pixels to be included in the weighted averaging
with reduced partial volume effects, which may have increased the
performance of our denoising method, compared to the low-
resolution data. The quality of the MWF map is not yet comparable
to that of the in vitro data, which is partially due to the higher noise
and the inclusion of possible physiological variations in the decay sig-
nals, which may not be fitted with multi-exponential models (He and
Yablonskiy, 2007; van Gelderen et al., 2012).

Several acquisition parameters (the number of echoes, echo
spacing, and resolution) were used in this study. The effects of each
parameter on the estimation of MWF should be fully investigated in
order for this T2⁎ relaxation based method to be acknowledged as a
robust tool to obtain MWF maps. For example, it was reported that
the decay signals should be obtained until the point at which the sig-
nal reaches a certain noise level for the accurate estimation of long T2
components in T2 relaxation-based methods. However, it may not be
the best for the T2⁎ relaxation-based method, since the signals at long
TEs might be heavily affected by the field inhomogeneity and suscep-
tibility effects. It is more complicated to analyze T2⁎ decay signals than
T2 decay signals. This may be one of the reasons why the low-
resolution in vivo data with a longer duration did not result in better
MWF maps than the high-resolution in vivo data with a shorter
duration. More complete models should be developed to analyze T2⁎

decay signals, incorporating frequency/phase shift effects (He and
Yablonskiy, 2007; van Gelderen et al., 2012) and field inhomogeneity
compensation (Frahm et al., 1988; Truong et al., 2006; Yang et al.,
1998), etc. However, the main focus of this paper is not on the effects
of these parameters. It is, rather, the effects of the new denoising
method on the estimation of MWFmaps, regardless of the acquisition
parameters used. The simulations, in vitro, and in vivo studies show
that our method can be effectively applied to several different cases,
demonstrating the feasibility of our method regardless of the scan-
ning parameters.

We verified the effectiveness of the proposed method using
the conventional L2-minimization algorithm based on a three-pool
model with seven parameters to determine the myelin water frac-
tions. Because our proposed method can regenerate the decay data
with reduced noise by defining a tissue-relaxation-dependent neigh-
borhood, it is applicable to any reconstruction algorithm used for
MWF maps, such as NNLS-type algorithms, and to any multi-echo
decay data, such as T2-decay measurements.

In contrast to other conventional filtering methods, the proposed
neighboring method does not depend on a simple geometric distance
nor on intensity variation, but rather on a tissue relaxation property,
which means that it is a distance-independent or non-local neighbor-
ing method. Even when we extended the neighboring candidates to
cover a very large area, no blurring effects occurred.

Our proposed method can provide stable and high resolution
MWF maps due to the efficient denoising process, and can be extend-
ed to a three-dimensional dataset, which may provide more stable
and higher resolution MWF maps, because the proposed neighbor-
hood method allows larger amounts of similar tissues to generate
higher SNR decay signals without introducing blurring artifacts. This
approach can potentially be applied to several other applications
that utilize multiple echo datasets, such as T1 or T2 relaxometries
and susceptibility-weighted techniques, among others.

In summary, we have demonstrated the feasibility of the tissue-
relaxation-dependent neighboring method for robust MWF estima-
tion, while sustaining sufficient resolution, using a weighted combi-
nation of similar decay signals with similar relaxation parameters.
To determine the weighting factors, we used a spatially independent
neighborhood for each pixel and defined a distance with respect to T2⁎

decay properties to include tissues with similar decay characteristics
and therefore similar relaxation parameters. Improvements in the es-
timation of MWF maps in the presence of noise were demonstrated
using numerical simulations and in vitro and in vivo experiments.

Remark

A natural alternative to the weighting factor ωρ is the spatial
smoothmollifier Gα such that Gα(r)≥0 inside a ball with radius a cen-
tered at zero and Gα(r)=0 otherwise. The convolution product leads
to smooth measured data:

S r; tnð Þ :¼ S � Gαð Þ rð Þ ¼ ∑
s∈Bα rð Þ

Gα r; sð ÞS sð Þ ð14Þ

where Gα r; sð Þ ¼ 1
α2 G

r−sj j
α

� �
is supported in a ball with radius α and

center r. When the smooth measured data S rð Þ is decomposed
into the noiseless signal part STrue rð Þ and the noise part SNoise rð Þ ¼
∑s∈Bα rð ÞGα r; sð ÞSNoise sð Þ, the spatially averaged decay signal S r; tnð Þ
that combines the neighboring pixels reduces the random noise
effects by Eq. (9). However, the averaged noiseless signal STrue rð Þ
weighted by the spatial smooth mollifier Gα differs from the true
signal STrue(r) as follows:

STrue rð Þ−STrue rð Þ ¼ ∑s∈Bα rð ÞGα r; sð Þ STrue sð Þ−STrue rð Þð Þ ð15Þ
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Because Gα(r,s) does not consider decay properties, the minimiz-
ing solution ai and bi for i=1,2,3 by the least squares method applied
in Eq. (12) may mix some disparate T2⁎ spectrums and introduce arti-
facts in the recovered MWF values. Moreover, it is difficult to extend
the neighboring pixels due to a blurring effect.
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