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a b s t r a c t 

Diffusion magnetic resonance imaging (dMRI) captures the anisotropic pattern of water displacement in 

the neuronal tissue and allows noninvasive investigation of the complex tissue microstructure. A num- 

ber of biophysical models have been proposed to relate the tissue organization with the observed dif- 

fusion signals, so that the tissue microstructure can be inferred. The Neurite Orientation Dispersion and 

Density Imaging (NODDI) model has been a popular choice and has been widely used for many neu- 

roscientific studies. It models the diffusion signal with three compartments that are characterized by 

distinct diffusion properties, and the parameters in the model describe tissue microstructure. In NODDI, 

these parameters are estimated in a maximum likelihood framework, where the nonlinear model fitting 

is computationally intensive. Therefore, efforts have been made to develop efficient and accurate algo- 

rithms for NODDI microstructure estimation, which is still an open problem. In this work, we propose 

a deep network based approach that performs end-to-end estimation of NODDI microstructure, which 

is named Microstructure Estimation using a Deep Network (MEDN). MEDN comprises two cascaded stages 

and is motivated by the AMICO algorithm, where the NODDI microstructure estimation is formulated in 

a dictionary-based framework. The first stage computes the coefficients of the dictionary. It resembles 

the solution to a sparse reconstruction problem, where the iterative process in conventional estimation 

approaches is unfolded and truncated, and the weights are learned instead of predetermined by the dic- 

tionary. In the second stage, microstructure properties are computed from the output of the first stage, 

which resembles the weighted sum of normalized dictionary coefficients in AMICO, and the weights are 

also learned. Because spatial consistency of diffusion signals can be used to reduce the effect of noise, 

we also propose MEDN + , which is an extended version of MEDN. MEDN + allows incorporation of neigh- 

borhood information by inserting a stage with learned weights before the MEDN structure, where the 

diffusion signals in the neighborhood of a voxel are processed. The weights in MEDN or MEDN + are 

jointly learned from training samples that are acquired with diffusion gradients densely sampling the q - 

space. We performed MEDN and MEDN + on brain dMRI scans, where two shells each with 30 gradient 

directions were used, and measured their accuracy with respect to the gold standard. Results demonstrate 

that the proposed networks outperform the competing methods. 

© 2017 Elsevier B.V. All rights reserved. 

 

 

 

P  

a  

d  

a  

a  
1. Introduction 

Neurite morphology provides important information for

the understanding of brain development ( Conel, 1939 ), ag-

ing ( Jacobs et al., 1997 ), and disorders ( Evangelou et al., 20 0 0;
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aula-Barbosa et al., 1980; Fiala et al., 2002 ). By capturing the

nisotropic pattern of water displacement in the neuronal tissue,

iffusion magnetic resonance imaging (dMRI) allows noninvasive

ssessment of the complex tissue microstructure and is thus

 valuable tool for in vivo investigation of neurite morphol-

gy ( Johansen-Berg and Behrens, 2013 ). The basic diffusion tensor

odel ( Basser et al., 1994 ) uses a Gaussian assumption to encode

ater diffusion and computes fractional anisotropy (FA) and mean

iffusivity (MD) to describe tissue microstructure. However, the

iffusion tensor model is oversimplified and lacks specificity for
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issue microstructure features ( Zhang et al., 2012 ). More advanced

iophysical models, such as CHARMED ( Assaf and Basser, 2005 ),

xCaliber ( Assaf et al., 2008 ), ActiveAx ( Alexander et al., 2010 ), and

ODDI ( Zhang et al., 2012 ), have been proposed to improve the

uantification of neurite morphology. These techniques model wa-

er diffusion with multiple compartments, which represent water

olecules in different tissue environments and are characterized

y different diffusion profiles. 

Among the existing models for tissue microstructure quantifi-

ation, NODDI ( Neurite Orientation Dispersion and Density Imag-

ng ) ( Zhang et al., 2012 ) has been a popular approach and widely

pplied in many neuroscientific studies, for example, on patholog-

cal changes in diseases ( Kamagata et al., 2016; Colgan et al., 2016;

inston et al., 2014; Lemkaddem et al., 2014; By et al., 2017 ) and

rain development ( Batalle et al., 2017; Kelly et al., 2016; Genc

t al., 2017; Jelescu et al., 2015; Kunz et al., 2014 ). NODDI mod-

ls the diffusion signal with three types of tissue environments

haracterized by distinct diffusion properties, which are the intra-

ellular, extra-cellular, and cerebrospinal fluid (CSF) compartments.

he model parameters are estimated from the observed diffusion

ignals using a maximum likelihood approach. From these param-

ters, the mean orientation of the intra-cellular compartment, the

rientation dispersion, and the contribution of each compartment

re derived, which describe the microstructural organization of tis-

ue. 

The nonlinear fitting in the original NODDI method is computa-

ionally expensive, and could require powerful computer clusters

nd/or take a long computation time ( Daducci et al., 2015 ). For

xample, in Daducci et al. (2015) the NODDI microstructure esti-

ation using the original NODDI approach took about 65 h on a

tandard workstation for a dMRI scan with moderate spatial reso-

ution. Therefore, efforts have been made to develop efficient com-

utation of NODDI microstructure. Daducci et al. (2015) reformu-

ate the estimation problem in a dictionary-based framework and

ropose Accelerated Microstructure Imaging via Convex Optimization

AMICO) to estimate the microstructure. It first decouples the es-

imation of mean orientations of the intra-cellular compartment

rom the estimation of the other parameters. Using a simple diffu-

ion tensor model, the mean orientation can be reliably computed.

hen, the diffusion signals are represented by a dictionary that en-

odes the discretized remaining parameters in the NODDI model.

he coefficients of the dictionary atoms are estimated by solving

egularized least squares problems, which can be achieved via con-

ex optimization. One of these coefficients gives the estimate of

he CSF volume fraction, and the rest ones, after normalization, lin-

arly weight the discretized parameters to predict the intra-/extra-

ellular volume fractions and orientation dispersion. The process-

ng time is drastically reduced by orders of magnitude. However,

ike the original NODDI, accurate estimation of microstructure in

MICO could still require a large number of diffusion gradients,

hich may limit their clinical use. In Golkov et al. (2016) , a deep-

earning based approach is developed for NODDI microstructure

stimation, where a multiple layer perceptron is used. The method

s shown to accurately predict microstructure with a reduced num-

er of diffusion gradients. In addition, once the deep network is

rained, prediction of microstructure for a test dMRI scan only re-

uires forward passes through the network; therefore, the compu-

ation is also faster than NODDI or AMICO. 

Deep learning has been successfully applied to various com-

uter vision tasks ( LeCun et al., 2015 ). While many of these

eep learning approaches are based on convolutional neural net-

orks ( Sun et al., 2015; Szegedy et al., 2015; Girshick et al., 2014;

e et al., 2016 ), another category of deep networks, which is re-

erred to as optimization-based learning ( Domke, 2012; Hershey

t al., 2014 ), has demonstrated promising results in solving in-

erse problems. For example, regularized least squares problems
an be solved by deep networks whose structures are derived from

nfolding and truncating conventional iterative optimization pro-

esses ( Gregor and LeCun, 2010; Wang et al., 2016a; Xin et al.,

016; Sprechmann et al., 2015; Sun et al., 2016; Wang et al.,

016b ), and the network weights are learned instead of predeter-

ined. These approaches have been shown to compare favorably

ith conventional optimization methods in terms of speed and/or

ccuracy. 

In this work, we explore the use of a deep network inspired

y optimization-based learning for microstructure estimation, and

ropose an algorithm named Microstructure Estimation using a Deep

etwork (MEDN). Preliminary results of MEDN were presented in

 conference paper ( Ye, 2017 ) in IPMI 2017. Here, we describe the

roposed method in more detail, and perform more comprehensive

valuation, where the impact of network parameters is investigated

nd the number of test cases is increased; in addition, we propose

n extended version of MEDN (named MEDN + ), which allows in-

orporation of neighborhood information to improve the estima-

ion of microstructure. Demo Python scripts of MEDN and MEDN +
re provided at https://github.com/PkuClosed/MEDN/ . 

Like Daducci et al. (2015) and Golkov et al. (2016) , we focus

n the voxelwise estimation of scalar NODDI tissue properties,

hich include the intra-cellular volume fraction, CSF volume frac-

ion, and orientation dispersion. Motivated by the estimation pro-

edures in AMICO ( Daducci et al., 2015 ), MEDN formulates the es-

imation problem at each voxel in a dictionary-based framework

nd comprises two cascaded stages. In the first stage, the coeffi-

ients of the dictionary atoms are estimated using a feed forward

etwork, which aims to solve a sparse reconstruction problem, and

he weights are learned. The network structure is designed by un-

olding and truncating the conventional iterative hard thresholding

rocedure ( Blumensath and Davies, 2008 ). The second stage takes

he output of the first stage as input. One of the coefficients in

he output of the first stage corresponds to the CSF volume frac-

ion. The rest of the coefficients are normalized and then weighted

y learned weights to compute the intra-cellular volume fraction

nd orientation dispersion (after a transformation). Because spatial

onsistency of diffusion signals can be used to reduce the effect of

oise, we also propose MEDN + , which extends the MEDN structure

nd allows incorporation of neighborhood information. Specifically,

 stage that processes the diffusion signals in the neighborhood of

 voxel with learned weights is inserted before the MEDN struc-

ure. The weights in MEDN or MEDN + are jointly learned, where

he sum of the mean squared errors of the intra-cellular volume

raction, CSF volume fraction, and orientation dispersion is mini-

ized. Like in Golkov et al. (2016) , for each dMRI data set where

cans share the same set of diffusion gradients, one deep network

eeds to be constructed. The training samples are obtained from

MRI data that densely sample the q -space. MEDN and MEDN +
ere evaluated on brain dMRI scans with 60 diffusion gradients

30 gradient directions on two shells), which resemble clinically

chievable protocols. 

The rest of the paper is structured as follows. In Section 2 , we

escribe our design of deep networks for microstructure estima-

ion. Section 3 presents the results on brain dMRI scans, and dis-

ussion on the results and future work is given in Section 4 . Finally,

ection 5 concludes the paper. 

. Methods 

In this section, we first review the NODDI model and the AM-

CO procedure for microstructure estimation. Then, we present our

esign of the deep networks. Finally, the strategies for training and

valuation are described. 

https://github.com/PkuClosed/MEDN/
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2.1. Background: NODDI and AMICO for tissue microstructure 

estimation 

2.1.1. NODDI 

NODDI models water diffusion with three nonexchanging envi-

ronments, which are the intra-cellular, extra-cellular, and CSF com-

partments. The intra-cellular and extra-cellular environments rep-

resent the tissue components that are inside and outside neu-

rites, respectively, and the CSF compartment represents nontis-

sue components. These environments affect water diffusion in dis-

tinct ways. Suppose the number of diffusion gradients is P . At

each voxel we denote the diffusion signal associated with the p th

( p = 1 , . . . , P ) diffusion gradient by S p and the signal without diffu-

sion weighting by S 0 . The normalized diffusion signal y p = S p /S 0 is

represented by the three compartments as follows 

y p = (1 − v iso )(v ic A ic ,p + (1 − v ic ) A ec ,p ) + v iso A iso ,p , (1)

where A ic, p , A ec, p , and A iso, p are the signal contributions of the

intra-cellular, extra-cellular, and CSF compartments, respectively;

v ic , 1 − v ic , and v iso are the volume fractions of the intra-cellular,

extra-cellular, and CSF compartments, respectively ( Zhang et al.,

2012 ). 

Inside the neurite, water diffusion is restricted perpendicular to

neurites and unhindered along them. In NODDI A ic, p is modeled

with an orientation-dispersed stick model, which is determined by

the neurite orientation μ, intrinsic diffusivity d ‖ , and a concentra-

tion parameter κ . Suppose the gradient direction and b -value asso-

ciated with the p th diffusion gradient are g p and b p , respectively.

According to Zhang et al. (2012) , we have 

A ic ,p = 

∫ 
S 2 

f ( n ) exp (−b p d ‖ ( g p · n ) 2 ) d n . (2)

Here, S 
2 represents the unit sphere, n is an orientation, f ( n ) d n

represents the probability of finding sticks along n , and f ( n ) is

modeled with a Watson distribution 

f ( n ) = M 

(
1 

2 

, 
3 

2 

, κ
)−1 

exp (κ( μ · n ) 2 ) , (3)

where M is a confluent hypergeometric function. 

In the space around the neurites, water diffusion is hindered,

and NODDI models A ec, p with an anisotropic Gaussian distribution,

where A ec, p is determined by μ, d ‖ , v ic , and κ

A ec ,p = exp 

(
−b p g 

T 
p 

(∫ 
S 2 

f ( n ) D ( n ) d n 

)
g p 

)
. (4)

Here, D ( n ) is a cylindrically symmetric tensor whose principal di-

rection is n , and its diffusion coefficient that is parallel or perpen-

dicular to n is d ‖ or d ⊥ , respectively. Note that the parallel dif-

fusivity here is the same as the intrinsic diffusivity of the intra-

cellular compartment. The perpendicular diffusivity is determined

as d ⊥ = d ‖ (1 − v ic ) according to a tortuosity model ( Szafer et al.,

1995 ). 

In the CSF compartment water is free-diffusing. Thus, the diffu-

sion is modeled as an isotropic Gaussian distribution with diffusiv-

ity d iso and we have 

A iso ,p = exp ( −b p d iso ) . (5)

In NODDI d ‖ and d iso are fixed to a priori values, and the un-

known parameters μ, v ic , v iso , and κ in the model are estimated

with a maximum likelihood approach using the observed diffusion

signals associated with all diffusion gradients. From κ , orientation

dispersion (OD) can be computed 

OD = 

2 

π
arctan (1 /κ) . (6)

Together, v ic , v iso , and OD describe tissue microstructure. For more

detailed specification of the NODDI signal model, we refer readers

to Zhang et al. (2012) . 
.1.2. AMICO 

The nonlinear model fitting in the original NODDI

ethod ( Zhang et al., 2012 ) is very time-consuming, which could

ause practical problems when applied to a large number of sub-

ects ( Daducci et al., 2015 ). Therefore, in Daducci et al. (2015) AM-

CO is proposed to accelerate the estimation of NODDI microstruc-

ure. Because the mean orientation μ can be reliably estimated

sing a simple diffusion tensor model, AMICO focuses on the

stimation of microstructure v ic , v iso , and OD with given μ.

hen, the NODDI signal model is linearized in a dictionary-based

ramework 

 = �μ f + η, (7)

here y = (y 1 , . . . , y P ) 
T is a vector comprising the observed diffu-

ion signals, �μ is the dictionary, f is the vector of the coefficients

f dictionary atoms, and η is a noise term. 

The dictionary is constructed from a fixed set of discretized

 ic and κ . It can be split into an anisotropic signal part and an

sotropic signal part, which is written as �μ = 

[
�a 

μ| �i 
]
. �a 

μ ∈
 

P×N a comprises N a columns of anisotropic signals of the coupled

ntra-cellular and extra-cellular compartments. Each column corre-

ponds to a combination of specific discretized v ic and κ , and can

e computed using the NODDI signal model. For convenience, we

enote the discretized v ic and κ associated with the j -th column

n �a 
μ by ˜ v ic , j and ˜ κ j , respectively. Then, in the j th column, the

lement of �a 
μ in row p is computed as 

(�a 
μ) p, j = 

˜ v ic , j ̃
 A ic ,p j + (1 − ˜ v ic , j ) ̃  A ec ,p j , (8)

here ˜ A ic ,pj and 

˜ A ec ,pj are the intra-cellular and extra-cellular sig-

als, respectively. ˜ A ic ,pj and ˜ A ec ,pj are computed from ˜ v ic , j and ˜ κ j 

sing the signal models in Eqs. (2) and (4) , respectively. �i ∈ R 

P×1 

ives the signal terms of a constant isotropic diffusion, and it is

omputed using Eq. (5) . In AMICO, 12 discretized v ic and 12 dis-

retized κ are used, which leads to N a = 144 combinations. Like

he partition of the dictionary columns, f can be represented as

f = ( f 1 , . . . , f N a , f N a +1 ) 
T , where f a = ( f 1 , . . . , f N a ) 

T and f i = f N a +1

re the coefficients of the anisotropic part �a 
μ and the isotropic

art �i , respectively. Note that because the intra-cellular and

xtra-cellular signals are coupled in �a 
μ, f a is not a volume frac-

ion of the intra-cellular or extra-cellular compartment. Instead, it

epresents the fractions of the anisotropic signals corresponding to

ach combination of discretized v ic and κ in the observed signal. 

AMICO estimates f by solving a regularized least squares prob-

em 

ˆ f = arg min 

f ≥0 

|| �μ f − y || 2 2 + α|| f || 2 2 + β|| f || 1 , (9)

here α and β are weights specified by users. From the estimated

oefficients ˆ f of the dictionary atoms and the discretized v ic and

, the NODDI parameters are computed as follows 

 ic = 

∑ N a 
j=1 ̃

 v ic , j ̂
 f j ∑ N a 

j=1 
ˆ f j 

, κ = 

∑ N a 
j=1 

˜ κ j ̂
 f j ∑ N a 

j=1 
ˆ f j 

, and v iso = 

ˆ f N a +1 . (10)

hen, OD is derived from κ according to Eq. (6) . The linear system

n Eq. (9) can be efficiently solved via convex optimization, and the

esults in Daducci et al. (2015) demonstrate that, compared with

he original NODDI method, AMICO can reduce the computational

ime by two orders of magnitude. 

.2. Tissue microstructure estimation using a deep network 

As introduced in Section 2.1.2 , there are two steps in AMICO.

irst, a regularized least squares problem is solved (see Eq. (9) ).

econd, the NODDI microstructure is computed from the atom co-

fficients and discretized parameters (see Eq. (10) ). Motivated by
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Fig. 1. The proposed deep network structures for microstructure estimation: (a) MEDN and (b) MEDN + . For simplicity, stages one and two in MEDN + are indicated by 

the MEDN block, which is the network structure shown in Fig. 1(a) . Stage zero in MEDN + incorporates the neighborhood information. The input and output variables are 

indicated by the green and orange colors, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this 

article.) 
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hese steps, we construct a deep network, MEDN, whose structure

esembles the AMICO procedure, and the weights in the network

re learned. MEDN comprises two cascaded stages, as shown in

ig. 1 (a). The network input and output are indicated by the green

nd orange colors, respectively. The detailed design is presented as

ollows. 

.2.1. Stage one 

The first stage in MEDN takes the observed normalized diffu-

ion signals y as input and produces estimated atom coefficients
ˆ f . It corresponds to solving a regularized least squares problem

n the first step in AMICO. Conventionally, the solution to cer-

ain types of regularized least squares problems can be achieved

y iteratively updating the estimates. For example, � 0 - or � 1 -norm

egularized least squares problems can be solved by using iter-

tive hard thresholding (IHT) ( Blumensath and Davies, 2008 ) or

he iterative soft thresholding algorithm (ISTA) ( Daubechies et al.,

004 ); an � ∞ 

-norm regularized problem can be solved by using

he alternating direction method of multipliers (ADMM) ( Boyd et al.,

011 ) strategy ( Wang et al., 2016b ). By unfolding and truncating

he iterative process, deep network structures can be constructed

ith learned weights, and compared with the conventional iter-

tive solutions, such deep networks achieve superior estimation

erformance ( Gregor and LeCun, 2010; Wang et al., 2016a; Xin

t al., 2016; Sprechmann et al., 2015; Sun et al., 2016; Wang et al.,

016b ). 

In this work, we notice that in Daducci et al. (2015) setting α =
 can still achieve low estimation errors. Thus, we simplify our net-

ork design by considering the case where α = 0 . Then, Eq. (9) be-

omes an � 1 -norm regularized least squares problem, which is an

 1 -relaxed version of the following (nonnegative) sparse recon-

truction problem 

ˆ f = arg min 

f ≥0 

|| � f − y || 2 2 + β|| f || 0 . (11) 
or convenience, here we have dropped the symbol μ. The con-

entional IHT ( Blumensath and Davies, 2008 ) solution to Eq. (11) is

iven by iteratively updating the estimate as follows 

f 
t+1 = h λ(W y + S f 

t ) , (12) 

here t is the iteration index, W = �T , S = I − �T �, and h λ( ·) is

 thresholding operator with a parameter λ> 0 given by 

 h λ( a )] i = 

{
0 if a i < λ
a i if a i ≥ λ

. (13) 

ote that because of the nonnegative constraint f ≥ 0 , [ h λ( a )] i is

ero when a i is negative. 

The first stage in MEDN, indicated by the blue box in Fig. 1 (a), is

hus constructed by unfolding and truncating the iterative process

n Eq. (12) . We set the number of layers to eight, which lies in the

ange of the numbers used by previous works ( Wang et al., 2016a;

in et al., 2016; Sprechmann et al., 2015 ). f 0 is assumed to be zero

nd the thresholded rectified linear unit (ReLU) ( Konda et al., 2014 )

orresponds to the thresholding operator h λ( ·). After each thresh-

lded ReLU, f is updated. 

In the proposed network, W ∈ R 

N×P and S ∈ R 

N×N are to be

earned from training data instead of precomputed by the dictio-

ary matrix. It has been demonstrated in Xin et al. (2016) that, for

parse reconstruction problems, learned layer-wise fixed weights

ould guarantee successful reconstruction across a wider range of

estricted isometry property (RIP) conditions than the conventional

HT approach. The dimension N of W and S is a parameter that

an be specified by users. Greater N leads to more weights to be

earned in the network and thus stronger expressive power. Since

 is shared among layers, increasing the number of layers does not

ncrease the number of weights to be learned. Note that like in the

ayers of multiple layer perceptrons, it is possible to use bias terms

or W and S . In this work, bias vectors (which are also learned) are
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Fig. 2. The training and validation loss after each epoch in the training phase in MEDN. 
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1 http://keras.io/ . 
2 http://deeplearning.net/software/theano/ . 
added to the output of W and S , which in practice improves the

estimation performance. 

In AMICO, different �μ is computed for different μ. How-

ever, in this work we only construct one deep network for mi-

crostructure estimation for all possible μ, which can be inter-

preted in the following way. Like v ic and κ , μ can be discretized

as well ( Landman et al., 2012; Ye et al., 2016 ). We denote the set

of discretized orientations by U = { ̃  μi } |U| 
i =1 

, where |U| is the cardi-

nality of U . Then, we can expand the dictionary matrix so that the

signal terms associated with the discretized μ, v ic , and κ are in-

corporated, which leads to � = 

[ 
�a 

˜ μ1 
| . . . | �a 

˜ μ|U| | �i 
] 

. We can still

use Eq. (10) to compute the microstructure with the coefficients

associated with the expanded �. 

2.2.2. Stage two 

The second stage, indicated by the green box in Fig. 1 (a), com-

putes the microstructure v ic , v iso , and OD using the output of the

first stage. The volume fraction of the CSF compartment is directly

given by the entry ˆ f i in 

ˆ f predicted by the first stage. According

to Eq. (10) , we can first normalize the entries ˆ f 
a 

in 

ˆ f and then

linearly weight them to compute v ic and κ . Therefore, ˆ f 
a 

is first

fed into a normalization layer. To ensure numerical stability for

gradient computation in the training process, the normalization is

achieved as 

˜ f 
a = ( ̂  f 

a + τ1 ) / || ̂  f a + τ1 || 1 , (14)

where τ = 10 −10 . Then, we pass ˜ f 
a 

through a fully connected layer,

because according to Eq. (10) , the computation of v ic and κ can be

rewritten in a matrix form 

[ v ic κ] 
T = H ̃

 f 
a 
, (15)

where H ∈ R 

2 ×(N−1) is a weighting matrix to be learned. Here, a

bias vector (to be learned) is also added to the output of H . Be-

cause in AMICO the discretized v ic and κ in Eq. (10) are nonnega-

tive, we impose the constraint that the weights in H are nonneg-

ative. Finally, we pass κ through a transformation layer without

learned parameters to derive OD using Eq. (6) . 

2.3. Incorporation of neighborhood information 

It has been shown that the use of neighborhood information

can reduce the effect of noise and improve the estimation of diffu-

sion features ( Ye et al., 2016; Rathi et al., 2014 ). Therefore, we seek

to incorporate neighborhood information into the network and
ropose MEDN + , which is an extended version of MEDN. Specif-

cally, we insert a stage with learned weights before the MEDN

tructure. We refer to this stage as stage zero, which takes the

iffusion signals at the voxel of interest and in its neighbor vox-

ls as input and produces smoothed diffusion signals at the voxel

f interest. The network structure of MEDN + is shown in Fig. 1 (b).

tages one and two in MEDN + are identical to those in MEDN, and

 detailed description of stage zero is given as follows. 

We consider the 26-connected neighborhood to fully exploit the

eighborhood information. For convenience, we denote the union

f the voxel of interest and its neighbor voxels by N , the cardinal-

ty of which is 27. Because the diffusion signals are not only cor-

elated in the spatial domain but also in the q -space ( Chen et al.,

016; Saghafi et al., 2017 ), stage zero takes the diffusion signals in

ll diffusion gradients in N as one input. We concatenate these dif-

usion signals into a vector ˜ y , the length of which is 27 P . Then, the

moothed signal ȳ (of length P ) at the voxel of interest is modeled

s a linear weighting of the diffusion signals in N . Instead of using

 hand-crafted design of the weights, we seek to learn this linear

ransformation, which is denoted by T ∈ R 

27 P×P . Thus, we have 

¯
 = T ̃

 y , (16)

hich is represented by the operation T at stage zero in Fig. 1 (b).

ote that like in W and S , a learnable bias vector is also added to

he output of T . Because the normalized diffusion signals should

e nonnegative, we add a thresholding operation on ȳ 

 σ ( ̄y )] i = max (0 , ȳ i ) , (17)

hich is represented by the ReLU activation ( Nair and Hin-

on, 2010 ) shown in Fig. 1 (b). 

.4. Training and evaluation 

In MEDN or MEDN + , the weights in all stages are learned

ointly by minimizing the sum of the mean squared errors of v ic ,

 iso , and OD. The Adam algorithm ( Kingma and Ba, 2014 ) is se-

ected as the optimizer, where the learning rate is 0.0 0 01, the

atch size is 128, and the number of epochs is 10. To prevent

verfitting, 10% of the training samples were used as a validation

et ( Golkov et al., 2016 ). The network is implemented using Keras 1 

version 1.2.0) with a Theano 2 (version 0.8.2) backend. 

http://keras.io/
http://deeplearning.net/software/theano/
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Fig. 3. The training and validation loss after ten epochs and the training time for different N in MEDN. 

Fig. 4. The training and validation loss after each epoch in the training phase in MEDN + . 
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Like in Golkov et al. (2016) , each dMRI data set where scans

hare a fixed set G of diffusion gradients requires one deep net-

ork for microstructure prediction, because the observed diffu-

ion signals are dependent on the diffusion gradients in the imag-

ng protocol and the inputs of these scans to the networks need

o have correspondence. If a new data set with a different set of

iffusion gradients is considered, then a different deep network,

hich can take the diffusion signals corresponding to these dif-

usion gradients as input, needs to be trained for microstructure

stimation. We used a strategy similar to Golkov et al. (2016) to

roduce training samples. Because it is difficult to acquire ground

ruth microstructure, training dMRI scans should be acquired with

 set ˜ G ( G ⊆ ˜ G ) of diffusion gradients densely sampling the q -space.

hen, each voxel in the training scans gives a training sample. The

nformation used for training the networks is the normalized dif-

usion signals (input) that correspond to G and the microstructure

alues (output) computed by AMICO from the complete set ˜ G of

iffusion gradients. 

For each test sample, tissue microstructure estimation is

chieved by passing the observed diffusion signals through the

rained feed-forward network. To quantitatively evaluate the esti-

ation quality, we obtained gold standard microstructure in a way
 1  
imilar to the generation of training samples. For each test dMRI

can with diffusion gradients G, diffusion gradients ˜ G that densely

ample the q -space were also applied, from which the gold stan-

ard tissue microstructure was computed using AMICO. Note that

or test scans ˜ G was only used to compute the gold standard for

valuation, and was not used in the test phase. The mean abso-

ute difference with respect to the gold standard was computed to

valuate the estimation results. 

. Results 

In this section, we first investigate the training process, in-

luding the demonstration of training stability and the impact of

etwork parameters. Then, we evaluate MEDN and MEDN + both

ualitatively and quantitatively, and compare them with compet-

ng methods. The experiments were performed on a 8-core Linux

achine with the CPU frequency of 3.5 GHz and 126 GB memory. 

We randomly selected 25 subjects from the publicly available

uman Connectome Project (HCP) data set ( Van Essen et al., 2013 ).

he multi-shell dMRI scans were acquired on a 3T MR scan-

er (Connectome, Siemens, Erlangen, Germany). Three shells ( b =
0 0 0 , 20 0 0, and 30 0 0 s/mm 

2 ) were applied, each with 90 gra-
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Fig. 5. The gold standard and estimated v ic of AMICO, MLP, MEDN, and MEDN + in an axial slice of a representative test subject. The orientation is indicated on the gold 

standard map. Note the region pointed by arrows for comparison. 
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dient directions. The resolution is 1.25 mm isotropic. To evaluate

the proposed method, 60 fixed diffusion gradients were selected as

the diffusion gradients G for each dMRI scan, and G consists of 30

gradient directions on each of the shell b = 10 0 0 , 20 0 0 s / mm 

2 . The

selection of G resembles diffusion gradients in clinically achievable

protocols. We selected five subjects as training subjects, and the

dMRI data of the other 20 subjects were used as test scans. In the

training or test phase, the normalized diffusion signals associated

with G were fed into the network. The training or gold standard

microstructure was computed by AMICO ( Daducci et al., 2015 ) us-

ing the full set ˜ G of 270 diffusion gradients. 

We set λ to 0.01, because we have observed that greater λ (for

example, 0.1) could lead to unstable training, and that with smaller

λ (for example, 0.001) similar training performance in terms of

training errors can be achieved. We set the dimension N of the

network to 301. Greater N gives smaller training errors but is more

time-consuming. The impact of N on training will be presented in

detail in Section 3.1 . 

For the evaluation of estimation accuracy on brain dMRI scans,

MEDN and MEDN + were compared with AMICO and the deep

network structure proposed in Golkov et al. (2016) . The AMICO

implementation with default parameters is provided at https://

github.com/daducci/AMICO/ . Golkov et al. (2016) use a multiple

layer perceptron (MLP) to predict NODDI microstructure. The MLP

is a multi-layer feed-forward neural network, and it is proved

in Hornik (1991) that with a continuous activation function that

a  
s nonconstant, bounded, and monotonically-increasing, an MLP

ith a single hidden layer can approximate continuous functions

n compact subsets of R 

n . Like in Golkov et al. (2016) the MLP

ere has three hidden layers, each associated with a ReLU ac-

ivation ( Nair and Hinton, 2010 ). We implemented the MLP us-

ng Keras and Theano like MEDN and MEDN + . The MLP was

rained with the same strategy as presented in Section 2.4 .

ike Golkov et al. (2016) a dropout fraction of 0.1 was also used

n training the MLP. Note that here we have increased the width of

he MLP, which leads to stronger expressive power than the orig-

nal MLP in Golkov et al. (2016) , so that the numbers of weights

n MLP and MEDN are comparable. By increasing the width from

50 in Golkov et al. (2016) to 219, the MLP has 109,939 weights to

earn, which are slightly more than the 109,865 weights in MEDN. 

.1. Analysis of the training phase 

Because the major component of MEDN + is the MEDN struc-

ure, we first investigated the training phase of MEDN. The overall

oss and the loss for each individual microstructure quantity are

hown in Fig. 2 , where the training loss and the loss for the vali-

ation set are included. Here, the loss refers to the mean squared

rror of the microstructure prediction as described in Section 2.4 .

oth the training loss and validation loss become stable after ten

pochs with the selected λ = 0 . 01 and N = 301 . Then, we evalu-

ted the training and validation loss after ten epochs for different

https://github.com/daducci/AMICO/
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Fig. 6. The gold standard and estimated v iso of AMICO, MLP, MEDN, and MEDN + in an axial slice of a representative test subject. The orientation is indicated on the gold 

standard map. Note the region pointed by arrows for comparison. 
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alues of N ∈ {101, 301, 501}. The results are shown in Fig. 3 to-

ether with the computation time needed for training. The in-

rease of N leads to smaller training losses. The validation losses

ecrease when N increases from 101 to 301. The validation loss

or v ic slightly increases when N grows from 301 to 501. As N

ncreases, the training time increases in an approximately linear

ashion. Therefore, the selected N = 301 balances the quality of fit-

ing the training data and the training time. 

Using the parameters selected for MEDN in stages one and two,

e then investigated the training phase of MEDN + . The training of

EDN + took about 200 min. The overall loss and the loss for each

ndividual microstructure quantity are shown in Fig. 4 , where the

raining loss and the loss for the validation set are included. Like

n MEDN, the training loss and validation loss also become stable

fter ten epochs. 

.2. Evaluation of estimation accuracy 

MEDN and MEDN + were evaluated on the 20 test brain dMRI

cans and compared with AMICO and MLP. For each test dMRI

can, AMICO took about 4 h, both MLP and MEDN took about

0 min, and MEDN + took about 25 min. 

We first qualitatively evaluated MEDN and MEDN + , and com-

ared them with the gold standard and competing methods. Ex-

mples of estimated v ic , v iso , and OD are shown in an axial slice

f a representative test subject in Figs. 5 , 6 , and 7 , respectively,
here we can see that the MEDN and MEDN + results resemble

he gold standard. In Fig. 5 , MLP, MEDN, and MEDN + all produced

moother v ic results than AMICO, and the v ic map of MEDN + is

ess noisy than that of MLP or MEDN (for example, see the anterior

orpus callosum pointed by the arrows for comparison). In Fig. 6 ,

he v iso map of MEDN + is more homogeneous than those of the

ther methods (see the region pointed by the arrows for example).

n Fig. 7 , in the zoomed region in the anterior corpus callosum, the

esults of MEDN and MEDN + are more homogenous than those of

MICO and MLP. 

Next, we quantitatively evaluated the estimation errors with re-

pect to the gold standard. The average errors of v ic , v iso , and OD

n the brain for each subject are shown in Fig. 8 . In all cases, the

rrors of MEDN and MEDN + are smaller than those of AMICO and

LP, indicating that MEDN and MEDN + produced more accurate

esults. In addition, the errors of MEDN + are smaller than those

f MEDN in all cases, which indicates the benefit of using neigh-

orhood information. The results on the 20 test subjects are also

ummarized in Fig. 9 using barplots. Compared with AMICO, MEDN

educes the mean errors of v ic , v iso , and OD by about 50.1%, 28.0%,

nd 38.4%, respectively; and MEDN + reduces the mean errors of

 ic , v iso , and OD by about 55.1%, 34.7%, and 41.8%, respectively.

ompared with MLP, MEDN reduces the mean errors of v ic , v iso ,

nd OD by about 11.4%, 26.6%, and 2.1%, respectively; and MEDN +
educes the mean errors of v ic , v iso , and OD by about 20.3%, 33.4%,

nd 7.5%, respectively. We also performed paired Student’s t -tests
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Fig. 7. The gold standard and estimated OD of AMICO, MLP, MEDN, and MEDN + in an axial slice of a representative test subject. The orientation is indicated on the gold 

standard map. Note the zoomed region for comparison. 
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to compare these methods. The results indicate that for each mi-

crostructure property the difference of errors between MEDN or

MEDN + and the competing methods (AMICO and MLP) is highly

significant ( p < 0.001). In addition, the MEDN + errors are highly

significantly ( p < 0.001) smaller than those of MEDN for each mi-

crostructure property. 

4. Discussion 

The original NODDI computation in Zhang et al. (2012) can be

very time-consuming. For example, in Daducci et al. (2015) the

original NODDI model fitting took around 65 h on a dMRI scan

which has a resolution much lower than that of the HCP scans in

our experiment. Thus, applying the original NODDI method to the

dMRI scans in this work would be prohibitive. It has been shown

in Daducci et al. (2015) that AMICO can produce results compa-

rable to Zhang et al. (2012) and reduce the computational time

by two orders of magnitude. In addition, AMICO has already been

incorporated in the standard processing pipeline of microstruc-

ture computation for the UK Biobank database ( Miller et al., 2016 ),

which includes dMRI scans of about 50 0 0 subjects. This indicates

that AMICO is suitable for application to large cohorts. Therefore,

in this work we used AMICO ( Daducci et al., 2015 ) instead of the

original NODDI approach ( Zhang et al., 2012 ) to compute the train-

ing and gold standard microstructure. 
Whereas the MLP is a generic feed-forward network, the MEDN

nd MEDN + structures are based on the unfolded iterative process

or solving sparse reconstruction problems. The major difference

etween the proposed networks and the MLP is the structure in

tage one in Fig. 1 . Derived from the iterative update in Eq. (12) ,

ach layer in stage one not only receives input from the previous

ayer but also receives a “short cut” input signal that is the input of

he first layer, whereas each layer in the MLP only takes the output

f the previous layer as input. In addition, each layer in stage one

ses shared weights, whereas the weights in each layer in the MLP

re different. Our results demonstrate the benefit of using the pro-

osed network architecture for NODDI microstructure estimation. 

In this work, we have increased the width of the MLP presented

n Golkov et al. (2016) so that its number of weights is comparable

o that used by MEDN. The comparison between MEDN and the

riginal MLP in Golkov et al. (2016) has already been presented

n Ye (2017) , where MEDN achieves more accurate microstructure

stimation. The experiments in this work indicate that MEDN per-

orms better even compared with the revised MLP. In comparison

ith the original MLP, the revised MLP achieves better v ic and OD

stimation and worse v iso estimation. Therefore, the increase of the

umber of weights in MLP may not necessarily lead to improved

issue microstructure estimation. However, the investigation of the

arameters in MLP is beyond the scope of this work, and we made

ur comparison with MLP fair by using comparable numbers of

eights in MLP and MEDN. 
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Fig. 8. Average errors of tissue microstructure estimation in the brain for each test subject (S1–S20). 
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The NODDI model can be improved in several ways. For ex-

mple, NODDI uses fixed a priori values of axial diffusivity and

mposes a one-to-one relationship between the extra-cellular ax-

al and radial diffusivities, which could lead to problematic in-

erpretations of results ( Lampinen et al., 2017; Wen et al., 2015 ).

herefore, NODDIDA has been proposed to allow estimation of

iffusivities based on the observed data ( Jelescu et al., 2015 ).

lso, the NODDI model assumes isotropic orientation dispersion,

hich may not hold due to widespread fiber bending and fan-

ing ( Tariq et al., 2016 ). Thus, the Bingham-NODDI model has been

roposed in Tariq et al. (2016) , where the Watson distribution in

ODDI is replaced by the Bingham distribution, so that anisotropic

rientation dispersion can be modeled. Due to the use of the Bing-

am distribution, additional parameters need to be estimated to

escribe microstructure in Tariq et al. (2016) . It is possible to for-

ulate NODDIDA or the Bingham-NODDI model in a dictionary-

ased framework that is similar to AMICO, where the dictionary

an be computed from discretized model parameters using rele-

ant signal models. Thus, we can still apply stage one in MEDN

or stages zero and one in MEDN + ) and revise stage two for mi-

rostructure estimation. 

NODDI assumes a single fiber orientation in a voxel. However,

rain regions can contain crossing fibers ( Auría et al., 2015; Farooq

t al., 2016 ). To estimate microstructure in situations where cross-
ng fibers exist, MIX ( Farooq et al., 2016 ) and AMICOx ( Auría et al.,

015 ) have been proposed. MIX extends NODDI by modeling mi-

rostructure in multiple orientations, and fits the model using

 variable separation method ( Golub and Pereyra, 1973 ). AMI-

Ox ( Auría et al., 2015 ) extends the AMICO framework by expand-

ng the dictionary to encode multiple fiber orientations that are

recomputed. Since AMICOx also relies on solving a dictionary-

ased regularized least squares problem, we could still use the

tructure in stage one in MEDN (or stages zero and one in MEDN + )

nd adapt stage two to compute orientation-specific microstruc-

ure in regions containing crossing tracts. 

Besides microstructure estimation, the estimation of fiber ori-

ntations or ensemble average propagators can be formulated

n a dictionary-based framework ( Landman et al., 2012; Da-

ucci et al., 2014; Merlet and Deriche, 2013 ). For example,

n Landman et al. (2012) and Daducci et al. (2014) , the diffusion

ignals are represented with a dictionary that encodes discretized

rientations, each of which represents a possible fiber orientation.

ince the number of fiber orientations is small with respect to the

umber of diffusion gradients, the coefficients of dictionary atoms

re estimated by using sparse reconstruction, and the discretized

rientations associated with nonzero coefficients are considered

ber orientations. In Merlet and Deriche (2013) , the ensemble aver-

ge propagator is represented with a SHORE basis ( Özarslan et al.,
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Fig. 9. Means and standard deviations of the estimation errors in Fig. 8 computed using all 20 test subjects. Asterisks indicate that the difference between two methods is 

significant using a paired Student’s t -test ( ∗∗∗p < 0.001). 
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2013 ), and the estimation of ensemble average propagators can be

formulated as a dictionary-based sparse reconstruction problem.

Therefore, it is possible to solve the sparse reconstruction of fiber

orientations or ensemble average propagators using the network

structure in the first stage in MEDN. 

In the current framework, the diffusion signals of the training

and test scans that are fed into the deep network are acquired

with the same imaging protocol on the same scanner. The pro-

posed method is useful for the clinical settings where the dMRI

acquisition time is limited and thus a limited number of diffusion

gradients can be applied. As shown in our results, on dMRI scans

with a limited number of diffusion gradients, the microstructure

estimation using conventional methods can be quite noisy at some

places. With the proposed method, it is possible to image a few

training subjects with an extensive session, where a sufficiently

long imaging time is allowed for dense q -space sampling. Based on

these high-quality training data, we are able to increase the qual-

ity of microstructure estimation for the clinical dMRI scans with a

limited number of diffusion gradients. 

The test dMRI scans used in this work all have the same head

orientation. In some imaging settings, dMRI scans with different

head orientations can be acquired in a data set. To estimate tissue

microstructure on these dMRI scans, we can acquire training scans

with different head orientations that are possible for the test scans.

Then, the proposed method can be applied for tissue microstruc-

ture estimation after it is trained with these training data. 

It would be an interesting topic to enable the deep network to

apply to test dMRI scans acquired with protocols that are differ-

ent from that of the training data. The test dMRI scans may be

acquired on scanners different from that of the training scans as

well. One possible solution is to compute the diffusion signals for

the training data at the coordinates in the q -space corresponding

to the imaging protocol of test data. Then, a deep network can be

trained using these signals and applied to the test data. However,

there remain some challenges, such as the signal bias and different

noise levels between the training and test data due to the different

 

maging protocols and/or scanners. We plan to investigate these is-

ues in future work. 

. Summary and conclusion 

We have proposed a deep network based approach, which is

amed MEDN, to the estimation of NODDI tissue microstructure.

otivated by the AMICO procedure, MEDN models the diffusion

ignals in a dictionary-based framework and comprises two cas-

aded stages. The first stage resembles an unfolded and truncated

terative process to solve a sparse reconstruction problem, and the

econd stage takes the output of the first stage as input and com-

utes the final microstructure. In addition, to incorporate neigh-

orhood information to improve the estimation, we have proposed

n extended version of MEDN, named MEDN + , where a smoothing

tage with learned weights is inserted before the MEDN structure.

eights in MEDN or MEDN + are jointly learned. Experiments on

rain dMRI scans demonstrate that the proposed networks achieve

etter performance than the competing methods. 
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