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Abstract. Demyelinating diseases such as multiple sclerosis cause changes in 
the brain white matter microstructure. Multi-exponential T2 relaxometry is a 
powerful technology for detecting these changes by generating a myelin water 
fraction (MWF) map. However, conventional approaches are subject to noise 
and spatial in-consistence. We proposed a novel approach by imposing spatial 
consistency and smoothness constraints. We first introduce a two-Gaussian 
model to approximate the T2 distribution. Then an expectation-maximization 
framework is introduced with an edge-preserving prior incorporated. Three-
dimensional multi-echo MRI data sets were collected from three patients and 
three healthy volunteers. MWF maps ob-tained using the conventional, Spatial-
ly Regularized Non-negative Least Squares (srNNLS) algorithm as well as the 
proposed algorithm are compared. The proposed method provides MWF maps 
with improved depiction of brain structures and significantly lower coefficients 
of variance in various brain regions. 
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1 Introduction 

Multi-echo T2 relaxometry is a MR imaging technique in which a series of T2-
weighted images are obtained at different echo times. It is a powerful tool to detect 
tissue damages in various demyelinating diseases such as multiple sclerosis (MS) [1]. 
By fitting a multi-exponential decay curve to this data, it is possible to deduce the T2 
distribution of various water compartments in brain tissues to analyze their contribu-
tions separately. In particular, this analysis can provide numerical evaluation of the 
relative contribution of the myelin water compartment, represented as myelin water 
fraction (MWF), which can be used to assess the healthiness of white matter (WM). 

Conventional approach [2] to extracting MWF can be easily impacted by small 
amounts of measurement noise and image artifacts. Consequently, diagnostically 
acceptable quality can only come from greatly increasing the number of sampled 
echoes [3] or much higher SNR, but these cause clinically unfeasible scan time. To 
reduce scan time, several authors have proposed alternative methods based on the 
gradient echo data acquisition with multi-compartmental steady-state signal [4], [5]. 
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Recently, spatial smoothing constraints were proposed to improve the stability of 
the solution [6], [7]; however, these methods nevertheless rely on the single-voxel 
approach with a strong reliance on a pre-computed reference image. We have recently 
developed a spatial constrained algorithm parameterizing the T2 distribution into 2 
Gaussian peaks and a long T2 component. Not only does this approach reduce the 
number of unknowns into 8 per voxel, it also allows for efficient, iterative conjugate 
gradient type algorithms. However, global, convex constraints are subject to tissue 
boundary blurring. 

In this paper, we extend the spatial constrained approach to incorporate an edge-
preserving prior (EPP) proposed by Raj et al [8] into a expectation-maximization 
(EM) style framework. The maximization (energy minimization) part applies EPP to 
the height parameters of two Gaussian peaks with a Quadratic Pseudo-Binary Optimi-
zation (QPBO) algorithm[9]. The expectation part updates other parameters with a 
nonlinear least square algorithm. We demonstrate the improvements by comparing the 
proposed method with the conventional and Spatially Regularized Non-negative Least 
Squares Algorithm (srNNLS method) [6] using visual and numerical assessments on 
simulated data and in vivo data. 

2 Theory 

2.1 Conventional T2 Relaxometry Analysis 

At each voxel, given MR signals y measured at echo times TEk (k = 1,..., K), a set  
i = 1,...,N of discrete sub-components are hypothesized to exist, each producing an 
exponentially decaying signal αiexp(-TEk/T2(i)) with a known T2 constant of T2(i) 
and an unknown volume fraction of αi . Assuming a slow exchange regime [10], the 
signal equation can be written as following: 

     (1) 

or equivalently, y = Ax + ε, with Aki =  exp(-TEk/T2(i)). Vector y is a collection of 
data yk acquired at echo time TEk, x is a vector of the unknown αi, and ε denotes the 
noise vector. This linear system is typically under-determined (N>K) and ill-posed, 
making it hard to solve for x [2], [11]. Voxel-wise Tikhonov regularization [12] was 
proposed to partially overcome this problem with a non-negative least square (NNLS) 
algorithm. Unfortunately, the robustness requires extremely high SNR and more sam-
pled echoes [13]. 

2.2 Multi-voxel Iterative Expectation-Maximization (EM) style Algorithm  

Our proposed method encodes an EPP that T2 characteristics of the water compart-
ments change smoothly within coherent brain regions but change abruptly across 
region boundaries. We first model the T2 distribution as a sum of two Gaussian dis-
tributions (one for the fast relaxing myelin water pool (T2~20 ms) and the other for 
the slower intra/extracellular water pool (T2~80 ms)), whose parameters (mean  
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location, height and variance) are unknown. We also add a very long relaxing  
cerebrospinal fluid (CSF) pool with unknown T2 and strength. Thus in the i-th  
voxel ݒ௜  we have the following set of unknowns: 
θሺݒ௜ሻ ൌ  ሼߙଵሺ݅ሻ, ݉ଵሺ݅ሻ, ,ଵሺ݅ሻߪ ,ଶሺ݅ሻߙ ݉ଶሺ݅ሻ, ,ଶሺ݅ሻߪ ݄஼ௌிሺ݅ሻ, ݉஼ௌிሺ݅ሻሽ,where α, m and σ 
stand for the height, mean and variance of the Gaussian peak, and ࡲࡿ࡯ࢎ and ࡲࡿ࡯࢓ 
are the height and location for the CSF signal. So the T2 distribution at that voxel 
is: ࢞௜ሺ߬ሻ ൌ  ऑሺθሺݒ௜ሻ, ߬ሻ ൌ ,ଵሺ݅ሻࣨ൫߬| ݉ଵሺ݅ሻߙ ଵሺ݅ሻ൯ߪ ൅ ߙଶሺ݅ሻࣨ൫߬| ݉ଶሺ݅ሻ, ଶሺ݅ሻ൯ߪ ൅ ݄஼ௌிሺ݅ሻ ߜሺ߬ െ ݉஼ௌிሺ݅ሻ, where each Gaussian is denoted as ࣨሺڄሻ ߜ ,  denotes the 
delta function, and the T2 distribution is over the variable ߬ which is a set of sampled 
T2. By keeping ߬ fixed for all voxels, we have ࢞௜ ൌ  ऑ൫θሺݒ௜ሻ൯. Secondly, we collect 
multi-voxel parameters into a vector ીഥ ൌ  ሼߠሺݒ௜ሻ, ݅ ൌ 1, … , ௩ܰሽ, and map the Gaus-
sian parameters to the resulting vectors of T2 distributions for all voxels by  ܠത ൌ  ऑሺીഥሻ. Single voxel quantity y is also collected into a multi-voxel vector ܡത. The 
expanded matrix is similarly defined as ܣ௘௫௣. We then use the nonlinear least square 
(NLS) algorithm to minimize the non-convex function: 

     ી෡ ൌ arg minીഥฮܡത െ ௘௫௣ऑሺીഥሻฮଶܣ ൅ ߤேฮܦேીഥฮଶ                       (2) 

Where ܦே is a diagonal matrix whose diagonal elements are the normalization factors 
corresponding to each element in ߠሺݒ௜ሻ, and ߤே is the overall regularization scalar. 
We also define the residual data cost vector ۱ത = ሼܿሺݒ௜ሻ, ݅ ൌ 1, … , ௩ܰሽ for all voxels, 
and it can be simply calculated by substituting ીഥ into the following equation:  ۱ത ൌ ฮܡത െ ௘௫௣ऑሺીഥሻฮଶܣ ൅ ߤேฮܦேીഥฮଶ                                   (3) 

Thirdly, we can obtain the optimized હ૚ෞ  and હ૛ෞ  from ી෡ in Eq. 2. The optimized ۱෠ 
is obtained by substituting ી෡ into Eq. 3. ۱෠, હ૚ෞ  and હ૛ෞ  provide the prior information 
which can be used for constructing the costs of single-voxel (unary) and pairwise 
terms for QPBO. Towards the construction, the value ranges of હ૚ෞ  and હ૛ෞ   are first 
discretized into n levels respectively, and each level is for a candidate -expansion 
move [8]. The discretization is carried out non-uniformly based on the frequency  
of values in હ૚ෞ  or હ૛ෞ . After discretization, we have n levels ݈ଵ ൌ ሼ݉݅݊ሺહ૚ෞሻ, … , maxሺહ૚ෞሻሽ for હ૚തതതത. For each potential -expansion for હ૚ෞ  where א  ݈ଵ, the cost ۱തܘܠ܍ can be calculated by replacing ߙଵ of all voxels in ી෡ with the  
 

Table 1. Cost definition, where ௣ܰ is the number of pixels at slice s, and ۱෠௦ and ۱തܘܠ܍௦ denote 

the subset for only slice s. Binary label b୧ ൌ 1 indicates an expansion move to at pixel i. હ૚ܛෞ  denotes the subset for only slice s, and ܰ݁݅ is a set of all non-duplicated neighbor pixel 
index pairs on slice s.  
 

Unary or pairwise term Cost Bଵሺb୧ሻ  ݅ א ൛1, … , ௣ܰൟ, b୧ ൌ  0  ۱෠௦ሺ݅ሻ Bଵሺb୧ሻ  b୧ ൌ 1 ۱തܘܠ܍௦ሺ݅ሻ Bଶ൫b୧, b୨൯   ሺ݅, ݆ሻ א ܰ݁݅, ݅ ് ݆, b୧ ൌ 0, b୨ ൌ 0    |હ૚ܛෞ ሺ݅ሻ െ હ૚ܛෞ ሺ݆ሻ| Bଶ൫b୧, b୨൯   b୧ ൌ 0, b୨ ൌ 1    |હ૚ܛෞ ሺ݅ሻ െ | Bଶ൫b୧, b୨൯   b୧ ൌ 1, b୨ ൌ 0    | െ હ૚ܛෞ ሺ݆ሻ| Bଶ൫b୧, b୨൯   b୧ ൌ 1, b୨ ൌ 1    0 
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scalar  and then substituting the modified ી෡ into Eq. 3. Since the slice separation 
of MR data is much larger than slice resolution, we applied QPBO algorithm slice by 
slice. The unary and pairwise costs for each slice s are defined in Table 1.  

Based on Table 1, we minimize the following function for slice s by QPBO (M part): 

௦ܧ ൌ arg min௕೔,௕ೕ ෍ ଵሺܤ ௜ܾሻே
௜ୀଵ  ൅ ߤௌ ෍ ,ଶ൫ܾ௜ܤ ௝ܾ൯            ݂݅׊ ݎ݋, ܾ௜ א ሼ0, 1ሽሺ௜,௝ሻ אே௘௜                              ሺ4ሻ 

where ߤௌ is the spatial regularization scalar for all pairwise cost terms. If the resulted 
binary label ܾ௜ ൌ 1, we update હ૚ܛෞ ሺ݅ሻ ൌ and ۱෠௦ሺ݅ሻ ൌ  ۱തܘܠ܍௦ሺ݅ሻ, and we do this for 

all slices. The expansion moves for હ૛ෞ  are achieved in the same manner. After finish-
ing all expansion moves for હ૚ෞ  and હ૛ෞ , we update the remaining 6 parameters in ી෡ by using a NLS algorithm (E part). This can be simply done by minimizing Eq. 4 
with fixed ߙଵ  and ߙଶ  terms. Typically over 2-4 iterations, we can obtain stable  
results.  

3 Methods 

3.1 Data 

(1) Real data. One healthy volunteer at 1.5T using the conventional 3D multi-echo 
spin echo (MESE) sequence, two healthy volunteers and three MS patients at 3T us-
ing a 3D T2prep spiral sequence were obtained on a commercial MR imager  
(GE HDxt, GE Healthcare, Waukesha, WI). The imaging parameters were as follows: 
3D MESE: axial FOV = 30 cm, matrix size = 256x128, partial phase FOV factor  
= 0.6, slice thickness = 5 mm, number of slices = 12, TR = 2500 ms, echo spacing = 5 
ms, number of TEs = 32, scan time = 38 min; 3D T2prep spiral: axial FOV = 24-30 
cm, matrix size = 192x192, slice thickness = 5 mm, number of slices = 32, TR = 2500 
ms, flip angle = 10°, number of TEs = 15-26, scan time = 10-26 min. The SNR of a 
data set was calculated according to [14]. The average SNR of the three healtjy data 
sets was 339±150. The average SNR of three MS subjects was 456±46. 

(2) Simulated data. Synthetic image data based on Montreal Neurological Institute 
(MNI) brain template were generated at SNR level varying from 100 to 1000. We first 
set the volume fraction weighted by the probabilities of WM and GM from the MNI 
template. Then Gaussian noise is artificially added to generate different SNR levels. 

3.2 Algorithm Implementation and Parameter Optimization 

Lsqnonlin function in MATLAB (R2011b) was used to solve Eq. 2. QPBO package 
(Version 1.3) was used. The whole program runs on a PC (Intel core 2 Duo processor 
at 2.2GHz, 4GB memory). Sparse matrices were adopted for storing voxel indexing 
used by lsqnonlin and pairwise voxel neighborhood. 

We adopted a supervised trial and error method to find the optimal ߤே  and ߤௌ 
with different choices of ߤே  or  ߤௌ   varying logarithmically from 10-2 to 10-4.  
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α
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wherein regions of low signal intensity correspond to WM tissues with high myelin 
content (except CSF regions which also appear dark). Table 2 summarizes mean 
COVs calculated within various regions for the MWF maps of the three subjects.  

Table 2. Comparisons of Mean Coefficient of Variance (COV) of MWF in various ROIs 

 Mean Coefficient of Variance (COV) of MWF maps 

 Conventional srNNLS Proposed WM 0.8358 0.7638 0.1287 GM 1.1479 0.9873 0.2023 Genu of corpus callosum 0.4505 0.3702 0.0850 Splenium of corpus callosum 0.4781 0.4003 0.1084 Internal capsule 0.2775 0.2476 0.0629 

Three patient sets were used for assessing performance of differentiating normal 
WM and lesion. The average P-values for Conventional, srNNLS and proposed me-
thod are 0.086, 0.069 and 0.0018. Figure 3 is the selected visual results for lesion 
differentiation.                     

We can see that the proposed method differentiated lesions better than the other 
two, while the conventional and srNNLS methods resulted in almost identical results.  

The processing durations for 9 slices of size 192x192 pixels were approximately 4 
hours, 6 hours and 2.7 hours with conventional, srNNLS method and proposed  
methods.  

 
 

Fig. 2. Visual 
results for real 
healthy brain data 
(from left to right 
are 2 pairs of 
MWF slices from 
2 real data sets). 
The left pair is 
from the isotropic 
3D T2prep spiral 
data acquired at 3T 
and the right pair is 
from anisotropic 
3D MESE data 
acquired at 1.5T. 
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5 Discussion 

This study demonstrated that the MWF maps obtained with the proposed method are 
less noise and better spatial consistency. The coverage within the white matter is sig-
nificantly larger, with clear depiction of even fine and juxtacortical WM structures. 
The corpus callosum is faithfully depicted, and so are frontal projection fibers. Nu-
merically, for simulated data, the MSEs from the proposed method at various SNRs 
are significantly lower. For real data, the mean COV of the proposed method demon-
strated improved local smoothness at various ROIs. The improvment of the proposed 
algorithm for distinguishing WM and lesions is substantiated by p-values.       

Compared with Kumar et al [14], the MWF maps generated from our algorithm 
have similar appearance but better visual quality in terms of visual smoothness and 
delineation of different brain structures. With our proposed method, the MWFs for 
genu of corpus callosum, splenium of corpus callosum and internal capsules are 
17.1±1.8%, 15.5±2.0% and 18.1±1.0% separately over three healthy subjects. The 
corresponding values reported in [14] are 16.7±1.8%, 14.6±3.1% and 14.2±1.5%, and 
the corresponding values reported in [15] are 10.2±0.2%, 14.4±0.2% and 17.2±0.2%. 
The COV values were slightly higher than that Oh et al reported in [16] and lower 
than that Kumar et al reported in [14]. The above deviations may be due to the use of 

Fig. 3. Visual 
results for real 
patient brain 
data (from left to 
right are 2 pairs 
of MWF slices 
from 2 patient 
data sets). The 
red arrows in 
FLAIR images 
point to the 
lesions, and the 
blue arrows in 
MWF maps 
point to the 
corresponding 
areas. The red 
circles in FLAIR 
images represent 
the selected 
normal WM 
ROIs for calcu-
lating p-value, 
and the blue 
circles in MWFs 
is the corres-
ponding areas 
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different modality data, limited number of subjects and the various sizes of the se-
lected ROIs. Compared with mcDESPOT [4], the proposed method is able to infer the 
T2 distribution rather 2 pure water pools. 

The primary clinical goal for this work is to produce whole brain MWF maps for 
patients with MS. The improved robustness of our algorithm against noise effect may 
therefore benefit recently developed rapid 3D spiral T2 relaxometry sequences for 
whole brain coverage, in which SNR was traded for acquisition time. 
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