Medical Image Analysis 55 (2019) 49-64

Contents lists available at ScienceDirect

Medical Image Analysis

journal homepage: www.elsevier.com/locate/media

A deep network for tissue microstructure estimation using modified )
LSTM units %P:)eé:aﬁégr’

Chuyang Ye?, Xiuli Li®¢, Jingnan Chen?*

aSchool of Information and Electronics, Beijing Institute of Technology, Beijing, China

b Deepwise Al Lab, Beijing, China

¢Peng Cheng Laboratory, Shenzhen, China

dSchool of Economics and Management, Beihang University, Beijing, 37 Xueyuan Road, 100191, China

ARTICLE INFO ABSTRACT

Article history:

Received 8 August 2018
Revised 15 March 2019
Accepted 17 April 2019
Available online 18 April 2019

Diffusion magnetic resonance imaging (dMRI) offers a unique tool for noninvasively assessing tissue mi-
crostructure. However, accurate estimation of tissue microstructure described by complicated signal mod-
els can be challenging when a reduced number of diffusion gradients are used. Deep learning based
microstructure estimation has recently been developed and achieved promising results. In particular,
optimization-based learning, where deep network structures are constructed by unfolding the itera-
tive processes performed for solving optimization problems, has demonstrated great potential in accu-
rate microstructure estimation with a reduced number of diffusion gradients. In this work, using the
optimization-based learning strategy, we propose a deep network structure that is motivated by the use
of historical information in iterative optimization for tissue microstructure estimation, and such incor-
poration of historical information has not been previously explored in the design of deep networks for
microstructure estimation. We assume that (1) diffusion signals can be sparsely represented by a dic-
tionary and its coefficients jointly in the spatial and angular domain, and (2) tissue microstructure can
be computed from the sparse representation. Following these assumptions, our network comprises two
cascaded stages. The first stage takes image patches as input and computes the spatial-angular sparse
representation of the input with learned weights. Specifically, the network structure in the first stage is
constructed by unfolding an iterative process for solving sparse reconstruction problems, where historical
information is incorporated. The components in this network can be shown to correspond to modified
long short-term memory (LSTM) units. In the second stage, fully connected layers are added to compute
the mapping from the sparse representation to tissue microstructure. The weights in the two stages are
learned jointly by minimizing the mean squared error of microstructure estimation. Experiments were
performed on dMRI scans with a reduced number of diffusion gradients. For demonstration, we evalu-
ated the estimation of tissue microstructure described by three signal models: the neurite orientation dis-
persion and density imaging (NODDI) model, the spherical mean technique (SMT) model, and the ensemble
average propagator (EAP) model. The results indicate that the proposed approach outperforms competing
methods.
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1. Introduction

Neurite morphology offers valuable information for understand-
ing brain structures and functions (Conel, 1939; Jacobs et al., 1997;
Fiala et al., 2002; Evangelou et al., 2000). To noninvasively quantify
neurite morphology, diffusion magnetic resonance imaging (dMRI)
has been developed as a probe of tissue microstructure. It captures
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the water diffusion in the neuronal tissue and is thus sensitive to
tissue microstructure (Johansen-Berg and Behrens, 2013). By care-
fully designing signal models that relate tissue microstructure to
diffusion signals, the organization of the neuronal tissue can be in-
ferred from the observed measurements by fitting the signal mod-
els (Alexander et al., 2017a). For example, diffusion tensor imag-
ing (DTI) (Basser et al., 1994) is a classic signal model for tissue
microstructure quantification, and it has been successfully used to
identify abnormalities of brain tissue (Barnea-Goraly et al., 2004;
Werring et al., 1999; Skranes et al., 2007; Lipton et al., 2009).
Although DTI is sensitive to subtle alterations of brain
tissue, it is oversimplified and the DTI measures—such as
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fractional anisotropy and mean diffusivity—are biologically non-
specific (Pasternak et al., 2018). For example, different bio-
logical processes can result in similar changes in DTI mea-
sures (Pasternak et al, 2018). To improve the specificity of
dMRI, more advanced signal models have been proposed, such
as the neurite orientation dispersion and density imaging (NODDI)
model (Zhang et al., 2012), the spherical mean technique (SMT)
model (Kaden et al., 2016b), and the ensemble average propaga-
tor (EAP) model (Ozarslan et al., 2013; Merlet and Deriche, 2013;
Ning et al.,, 2015). These models not only increase the sensitiv-
ity of dMRI to brain tissue changes, but also provide measures
that are specific markers of tissue microstructure. In particular,
the rotationally invariant scalar measures given by the NODDI
model have been applied to quite a number of neuroscientific
studies (Kamagata et al., 2016; Colgan et al., 2016; Crombe et al.,
2018; Winston et al., 2014; Lemkaddem et al., 2014; By et al., 2017;
Genc et al., 2017; Geng et al., 2018; Batalle et al., 2017, 2019; Kelly
et al., 2016; Jelescu et al., 2015; Kunz et al., 2014; Wu et al., 2018;
Ocklenburg et al., 2018; Parker et al., 2018), where the importance
of these scalar measures of tissue microstructure is demonstrated.

Due to the complicated model design, the advanced sig-
nal models beyond DTI usually require prolonged imaging pro-
tocols with a large number of diffusion gradients. For exam-
ple, 90 diffusion gradients are recommended for the NODDI
model (Zhang et al., 2012), and over 100 diffusion gradients have
been used for the SMT model (Kaden et al., 2016a, 2016b). When
a reduced number of diffusion gradients are used, e.g., in clinical
dMRI scans, accurate estimation of tissue microstructure described
by the advanced signal models can be challenging (Pasternak et al.,
2018; Jones et al.,, 2018; McKinnon et al., 2018). Therefore, the de-
velopment of reliable tissue microstructure estimation algorithms
for dMRI scans with a reduced number of diffusion gradients is
desired for these signal models, and it could further boost the use
of the specific tissue biomarkers in neuroscientific studies.

To improve the quality of microstructure estimation on dMRI
scans acquired with a reduced number of diffusion gradients, deep
learning based approaches have been proposed (Golkov et al.,
2016; Ye, 2017a, 2017b), where the observed diffusion signals are
mapped directly to scalar tissue microstructure measures. Since
diffusion signals correspond to measurements in the g-space, these
methods are also referred to as g-space learning. In g-space learn-
ing, high-quality microstructure estimation is obtained from train-
ing diffusion signals densely sampled in the g-space, i.e., acquired
with a large number of diffusion gradients, and the mapping from
observed diffusion signals undersampled in the g-space to high-
quality microstructure estimation is learned. The learned mapping
can then be applied to estimate tissue microstructure on test dMRI
scans. In Golkov et al. (2016), a multiple layer perceptron (MLP)
is trained to estimate tissue microstructure, and the method is
tested for the NODDI model (Zhang et al., 2012) and the kur-
tosis model (Hui et al., 2008). Ye (2017a) proposes a deep net-
work specifically for the estimation of NODDI microstructure using
an optimization-based learning strategy (Domke, 2012; Hershey
et al, 2014). In optimization-based learning, deep networks are
constructed by unfolding conventional iterative optimization pro-
cesses, and such a strategy has been successfully applied for solv-
ing regularized least squares problems (Gregor and LeCun, 2010;
Wang et al., 2016a; Xin et al., 2016; Sprechmann et al., 2015;
Yang et al., 2016; Wang et al., 2016b; Zhang and Ghanem, 2018).
Specifically, the network structure in Ye (2017a) is motivated by
the linearization framework in Daducci et al. (2015), where dif-
fusion signals in the g-space—also referred to as the angular do-
main (Schwab et al., 2016, 2018b)—can be sparsely represented
with a dictionary. The deep network first uses a stage that un-
folds the iterative hard thresholding (IHT) process (Blumensath and
Davies, 2008) to compute the sparse representation with learned

weights; then, a second stage motivated by the computation
in Daducci et al. (2015) is used to map the sparse representa-
tion to NODDI microstructure with learned linear weighting. The
method in Ye (2017a) performs end-to-end NODDI microstruc-
ture estimation, and it has achieved better accuracy than the
MLP in Golkov et al. (2016). Ye (2017b) improves the network
in Ye (2017a) by considering spatial information, where the im-
proved network takes image patches as input and inserts a
learned smoothing stage before the network structure proposed
in Ye (2017a). The works in Ye (2017a) and Ye (2017b) demonstrate
the great potential of optimization-based learning in accurate mi-
crostructure estimation when a reduced number of diffusion gra-
dients are applied.

In this work, we continue to explore the design of deep net-
works for microstructure estimation using the optimization-based
learning strategy. In the unfolded IHT process in MEDN and
MEDN+, the current estimates of sparse codes are computed from
the estimates in the previous iteration with a fixed schedule. In
iterative optimization, strategies with fixed updates based on the
output of the previous iteration can be improved by adaptively in-
corporating historical information, which refers to the information
before the output of the previous iteration. For example, stochas-
tic gradient descent can be improved by exploiting the informa-
tion before the output of the previous iteration (Qian, 1999), and
this information can be used adaptively so that different param-
eters can have different update rates (Duchi et al., 2011). The
adaptive use of historical information can also be integrated into
optimization-based learning. For example, in Zhou et al. (2018) a
deep network that adaptively updates the sparse codes with his-
torical information has been developed to improve learning-based
sparse reconstruction. Therefore, motivated by these works, espe-
cially Zhou et al. (2018), we seek to adaptively incorporate histor-
ical information into the deep network for microstructure estima-
tion, which has not been previously explored.

Previous deep networks for tissue microstructure estimation
have only explored the sparsity of diffusion signals in the an-
gular domain (Ye, 2017a, 2017b). Since diffusion signals can be
sparsely represented jointly in the spatial and angular domain,
where the signal redundancy in the two domains can be better ex-
ploited (Schwab et al., 2016, 2018b), our network design explores
the sparse coding of diffusion signals in both the spatial and angu-
lar domain. Also, since it is common to compute tissue microstruc-
ture from the sparse representation of diffusion signals (Merlet and
Deriche, 2013; Daducci et al., 2015), we assume that there exists a
mapping from the spatial-angular sparse representation to tissue
microstructure.

We focus on the estimation of scalar microstructure measures
like in previous works (Golkov et al., 2016; Ye, 2017a, 2017b),
and we aim at designing a generic deep network structure that
is not limited to a specific signal model—e.g., the NODDI model
like in Ye (2017a) and Ye (2017b). The proposed network is named
MESC-Net!, where MESC stands for Microstructure Estimation with
Sparse Coding.

MESC-Net comprises two cascaded stages. The first stage
takes image patches as input and estimates the spatial-angular
sparse representation of diffusion signals. The second stage
maps the sparse representation to tissue microstructure. Unlike
in Ye (2017a) and Ye (2017b), the first stage in our network is
inspired by the adaptive use of historical information in the it-
erative update for solving optimization problems. In our design,
an adaptive updating process that incorporates historical informa-
tion into IHT (Blumensath and Davies, 2008) is unfolded, and the

T A demo Python script of MESC-Net is provided at https://github.com/PkuClosed/
MESC-Net.
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component of the network can be shown to correspond to a vari-
ant of the long short-term memory (LSTM) unit (Hochreiter and
Schmidhuber, 1997). In the second stage, since we seek to de-
velop a method for generic microstructure estimation, unlike
in Ye (2017a) and Ye (2017b), the form of the mapping from the
sparse representation to tissue microstructure may be unknown.
Thus, by analogy to convolutional neural networks, fully connected
layers—which are capable of approximating continuous functions
on compact subsets of R" (Hornik, 1991; Sonoda and Murata,
2017)—are used to compute the final microstructure from the out-
put of the first stage. The weights in the two stages are learned
jointly from training data. To evaluate MESC-Net, experiments were
performed on dMRI scans with a reduced number of diffusion gra-
dients. For demonstration, we evaluated the estimation of tissue
microstructure described by three typical signal models, which are
the NODDI model (Zhang et al., 2012), the SMT model (Kaden et al.,
2016b), and the EAP model using the SHORE basis (Merlet and
Deriche, 2013).

The rest of the paper is organized as follows. In Section 2,
we describe the design of the proposed network for microstruc-
ture estimation, as well as its training and evaluation strategy.
In Section 3, experiments on brain dMRI scans are presented. In
Section 4, discussion on the results and future work is given.
Section 5 concludes the paper.

2. Methods

In this section, we first briefly review the background of sparse
coding of diffusion signals. Then, we present our deep network
for microstructure estimation. Finally, we describe the training and
evaluation strategy.

2.1. Background: Sparse coding of diffusion signals

By applying a set of diffusion gradients, we can acquire a vec-
tor of diffusion signals at each voxel. Each entry in the signal vec-
tor is associated with a diffusion gradient. For convenience, the
diffusion signals in this work refer to the diffusion signals that
are normalized by the baseline b0 signal, which is acquired with-
out diffusion weighting. With advanced signal models relating spe-
cific markers of tissue organization with diffusion signals, informa-
tion about tissue microstructure can be inferred from the observed
signals by fitting the models (Zhang et al., 2012; Ozarslan et al.,
2013; Kaden et al., 2016b). Because these advanced signal mod-
els are complicated and/or involve quite a number of free parame-
ters, the model fitting may be sensitive to noise (McKinnon et al.,
2018). Thus, a large number of diffusion gradients are usually ap-
plied for these models, and reliable tissue microstructure estima-
tion on dMRI scans acquired with a reduced number of diffusion
gradients—e.g., clinical scans—can be challenging (Pasternak et al.,
2018).

Sparse coding provides a useful tool for improving the es-
timation of tissue organization when the number of diffusion
gradients—i.e., the length of the diffusion signal vector—is re-
duced (Daducci et al., 2015; Merlet and Deriche, 2013). By design-
ing a proper dictionary G, at each voxel the diffusion signals y can
be represented in a linear form as

y =Gf. (1)

where f is a sparse vector of dictionary coefficients. Then, f
can be estimated by solving least squares problems with sparse
regularization. According to the dictionary design, the compu-
tation of microstructure from the dictionary coefficients is also
determined (Daducci et al., 2015; Merlet and Deriche, 2013;
Ozarslan et al., 2013). For convenience, we follow the terminology

in Schwab et al. (2016) and refer to Eq. (1) as the angular sparse
representation of diffusion signals.

Eq. (1)models the diffusion signals at each voxel separately. It is
shown in Schwab et al. (2016) that diffusion signals in the spatial
domain can also be sparsely coded, which reduces the redundancy
in both the spatial and angular domain. For example, suppose the
vector of concatenated diffusion signals in an image or a patch is
denoted by y; then, with a properly designed dictionary & that
encodes the information in the spatial and angular domain, it is
possible to represent y with a sparse vector x of dictionary coeffi-
cients:

7= dx. )

In Schwab et al. (2016), a dictionary ® is designed for the esti-
mation of orientation distribution functions, where the problem is
solved via a Kronecker dual alternating direction method of mul-
tipliers algorithm. However, the design of the dictionary @ for
tissue microstructure estimation and the subsequent problem solv-
ing are not available or straightforward. In addition, for tissue mi-
crostructure described by different signal models, different dictio-
naries may be needed, which increases the difficulty in dictionary
design.

2.2. A generic deep network for microstructure estimation using
modified LSTM units

In this work, we exploit the spatial-angular sparse coding in
Eq. (2), and propose a deep learning based approach to tissue mi-
crostructure estimation without the need of hand-crafted dictio-
nary designs. Like in previous works (Golkov et al., 2016; Ye, 20173,
2017b), we focus on the estimation of scalar tissue microstruc-
ture measures, which have provided informative biomarkers in a
variety of neuroscientific studies (Genc et al,, 2017; Geng et al.,
2018; Batalle et al., 2017; 2019; Wu et al., 2018). Note that un-
like Ye (2017a) and Ye (2017b), we aim at developing a deep net-
work structure for generic microstructure estimation that is not
limited to a specific signal model.

We design the deep network using the optimization-based
learning strategy (Domke, 2012; Hershey et al., 2014), which
has achieved promising results for NODDI microstructure es-
timation in Ye (2017a) and Ye (2017b). Specifically, iterative
processes for estimating sparse vectors can be designed and
unfolded for constructing the network, to which additional compo-
nents are concatenated to compute tissue microstructure. For ex-
ample, Ye (2017a) and Ye (2017b) construct the deep networks by
unfolding the IHT process (Blumensath and Davies, 2008), which
is a nonadaptive updating strategy for solving sparse reconstruc-
tion problems, and thus in these deep networks the output of
each layer is updated according to a fixed schedule. Adaptive in-
corporation of historical information in iterative optimization pro-
cesses can improve converge performance compared with opti-
mization strategies using fixed update rules (Duchi et al., 2011),
and it has been shown that a deep network unfolding the iterative
process that adaptively incorporates historical information can lead
to lower errors of sparse reconstruction (Zhou et al., 2018). There-
fore, we seek to construct the deep network for microstructure
estimation with adaptive incorporation of historical information,
and we will show that such incorporation corresponds to modified
LSTM units.

Like in Ye (2017b), we consider the diffusion signals y in
a 3x3x3 image patch and predict the tissue microstructure z
at the center voxel. Note that z is a vector containing multi-
ple scalar microstructure quantities described by a signal model.
For example, z includes the intra-cellular volume fraction, cere-
brospinal fluid volume fraction, and orientation dispersion for the
NODDI model. Similar to Ye (2017a), the proposed network—i.e.,
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MESC-Net—comprises two cascaded stages, where the first stage
computes the spatial-angular sparse representation of diffusion
signals and the second stage maps the sparse representation to tis-
sue microstructure. Note that here the separation of the two stages
is only functional, and the parameters in the two stages are jointly
learned (as later described in Section 2.3). The network architec-
ture is described in detail as follows.

2.2.1. Stage one: spatial-angular sparse representation

We assume that the diffusion signals in a patch can be sparsely
represented jointly in the spatial and angular domain. In other
words, for diffusion signals y, there exists a dictionary @ and dic-
tionary coefficients x that satisfy Eq. (2). Conventionally, with a
known @, the coefficients x in Eq. (2) can be estimated by solv-
ing an ¢;-norm regularized least squares problem:

& = arg min,||®x — 115 + Bl ][, (3)

where f is a tunable parameter adjusting the sparsity level of
x. Eq. (3) can be solved iteratively using IHT (Blumensath and
Davies, 2008), where x is updated as follows

X =h;, (Wy +Sxi~1). (4)

Here, t is the iteration index, W and S are matrices determined
by the dictionary @, and h,(-) is a thresholding function with a
parameter A (related to )

0 if
a; if

lai| < A
lai| = A~

[h(@)]i = { (5)
where a denotes the input of hy(-). Note that A implicitly deter-
mines the sparsity of xf, where greater A leads to sparser x..

The iterative process in Eq. (4) can be unfolded to construct a
deep network for computing the sparse representation, where W
and S are learned instead of predetermined and are shared among
layers, and t becomes the layer index. In Ye (2017a) and Ye (2017b),
the angular sparse representation of diffusion signals is computed
using such a strategy. It has been demonstrated that, compared
with the conventional IHT approach, these learned layer-wise fixed
weights could guarantee successful reconstruction across a wider
range of restricted isometry property (RIP) conditions (Xin et al.,
2016).

The IHT process in Eq. (4) is a nonadaptive updating strategy,
where the estimates are updated based on the output of the previ-
ous iteration according to a fixed schedule. Consequently, the net-
work structure motivated by IHT also performs nonadaptive up-
dates of the estimates using the output of the previous layer. Since
it has been shown that adaptive incorporation of historical infor-
mation in the updates of estimates could facilitate optimization-
based learning for sparse reconstruction problems (Zhou et al.,
2018), we incorporate historical information adaptively into the
IHT update process in our network design. Specifically, at layer
t we introduce intermediate terms ¢ and € in the update as fol-
lows (Zhou et al., 2018)

¢ =Wy +Sx1, (6)
cd=foc T +iod, (7)
X =h(c), (8)

where f' and it are weight vectors for the information in the previ-
ous and current layer, respectively, and o is an operator represent-
ing the Hadamard product (element-wise multiplication). In this
way, the information ¢/~!, which encodes the outputs of the lay-
ers before t — 1, and the information & in the current layer t are
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Fig. 1. The M-LSTM unit used for sparse reconstruction. The input signal y is in-
dicated by the green color. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

linearly combined to allow the incorporation of historical informa-
tion. Such historical information can also be interpreted as mo-
mentum terms (Zhou et al.,, 2018). Since we seek to adaptively in-
corporate historical information in the update process, ff and it are
designed such that they are dependent on the input signal y and
the sparse code x'~! estimated by the previous layer, and this de-
pendency is learned from data instead of hand-crafted. Specifically,
motivated by the similarity between the formulation in Eqs. (6)-(8)
and LSTM units, we let (Zhou et al., 2018)

Jr =0 (We'™' + Wp3). 9
it =0 (Wixxti] + wiyj’)» (10)
where [0 (a)]; = H;—,al is a sigmoid function, Wy, and Wy, are ma-

trices to be learned for computing f', and W;, and W;;, are matrices
to be learned for computing it.

One iteration of the update in Egs. (6)-(8) with ff and i’ de-
fined in Egs. (9) and (10) is equivalent to a modified LSTM unit.
i’ and f' can be viewed as an input gate and a forget gate, re-
spectively; and unlike the standard LSTM unit, no output gate is
needed. The modified LSTM (M-LSTM) unit is visualized in Fig. 1.
Note that here we add a constraint x>0 as in Ye (2017b), and
the activation h,(-) thus becomes a thresholded rectified linear
unit (ReLU) (Konda et al., 2014). The threshold A in the thresh-
olded RelU is set to 0.01 based on the previous observation that
greater A could lead to unstable training (Ye, 2017b). The matri-
ces W, S, fo, ny, W,,, and Wiy are all learned from training data
without requiring an explicit design of the dictionary, which will
be explained later in Section 2.3. Suppose the length of y is M
and the length of x—i.e., the number of dictionary atoms—is N; we
have W, Wy, W;, € RVM and S, Wy, W;, € RN*N. Here, the size of
the dictionary is set according to Ye (2017a) and Ye (2017b), where
N =301, and M is determined by the input data.

By unfolding the iterative process in Eqgs. (6)-(8), we can
construct a deep network shown as Stage One in Fig. 2. Like
in Ye (2017b), eight layers (t =1, ..., 8) are used in Stage One. Note
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M-LSTM

——— -

—> M-LSTM —=> === —> M-LSTM

Fig. 2. The proposed deep network structure for generic tissue microstructure estimation using the M-LSTM units shown in Fig. 1 and fully connected layers (Hy, H,, and
H3). The network input and output 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.)

that the matrices W, S, fo, ny, W;,, and Wiy are shared among
layers, and we initialize ¢® = 0 and x° = 0.

2.2.2. Stage two: mapping from sparse representation to tissue
microstructure

Then, the mapping from dictionary coefficients x to tissue mi-
crostructure z should be determined. Because the dictionary is not
explicitly designed in Stage One, the form of the mapping is un-
known. By analogy to convolutional neural networks, where fully
connected layers map the features extracted by convolutional lay-
ers to the final prediction, we use three fully connected layers, Hy,
H,, and Hs, for the estimation of microstructure (see Stage Two in
Fig. 2). Each H; (i =1, 2, 3) computes the output from its input u;
as follows

Hi(u,') = O’H(Wiu,‘ + b,’), (11)

where W; and b; are the weights and bias terms to be learned
for H;, respectively, and o () is a nonlinear ReLU activation func-
tion (Nair and Hinton, 2010), which is the same for each H;.
These layers are capable of approximating continuous functions on
compact subsets of R" (Hornik, 1991; Sonoda and Murata, 2017).
At each of these layers 75 hidden units are used. The complete
network for tissue microstructure estimation is now available as
shown in Fig. 2, where the input and output are indicated by the
green and orange colors, respectively.

2.3. Training and evaluation

The weights in the two stages are jointly learned by minimizing
the mean squared estimation error of the microstructure vector z.
In this way, the dictionary can be implicitly determined from the
training microstructure without an explicit dictionary design. Note
that z is a vector containing multiple microstructure quantities of
interest, and its entries can have different units and thus differ-
ent magnitude scales. Therefore, before training we first rescale
each entry z; in z: z; — z;/10U0810%)  where Z; is the mean z; value
of the training data and | -] is a floor operator. In this way, z is
rescaled so that the mean of each z; is between 1 and 10. All
zi's are recorded, and after applying the trained network to test
samples, z;'s are used to scale back the microstructure estimates
for the test samples. Like in Ye (2017b), we used the Adam algo-
rithm (Kingma and Ba, 2014) for optimization, where the learning
rate was 0.0001, the batch size was 128, and 10 epochs were used.
Also, 10% of the training samples were used as a validation set to
prevent overfitting (Golkov et al., 2016; Ye, 2017b). The network is
implemented using Keras®> with a Theano® backend.

For each dMRI dataset where scans share a set G of diffusion
gradients, one deep network should be trained for predicting the
microstructure described by a particular signal model (Ye, 2017b).

2 http://keras.io/.
3 http://deeplearning.net/software/theano/.

High-quality training dMRI scans should be acquired with a set
G (G c G) of diffusion gradients that densely sample the g-space.
From these training scans, training microstructure can be com-
puted using conventional approaches that are based on model fit-
ting (Golkov et al., 2016; Ye, 2017b). Then, the patches of under-
sampled diffusion signals corresponding to G from the training
scans and the training microstructure at the center voxel of the
patches can be used to train the deep network.

To quantitatively evaluate the estimation performance, we com-
puted gold standard microstructure in a way similar to the gener-
ation of training samples. For each test dMRI scan with diffusion
gradients G, diffusion gradients § densely sampling the g-space
were also applied. From the signals associated with &, gold stan-
dard tissue microstructure was computed using conventional ap-
proaches. The mean absolute difference between the estimated mi-
crostructure and the gold standard in the brain was computed to
measure the estimation accuracy.

3. Results

In this section, we first describe the data used for evaluation,
and then present experimental results on the evaluation of the
proposed MESC-Net. In the evaluation, MESC-Net was first ap-
plied to the estimation of microstructure described by the NODDI
model (Zhang et al., 2012), which is a biophysical model that has
been widely used for brain studies (Pasternak et al., 2018). Then,
it was applied for additional signal models, including the SMT
model (Kaden et al.,, 2016b) and the EAP model using the SHORE
basis (Merlet and Deriche, 2013). In the experiments, MESC-Net
was evaluated qualitatively and quantitatively, and compared with
conventional and deep learning based methods. All experiments
were performed on a 24-core Linux machine with an NVIDIA TI-
TAN Xp GPU.

3.1. Data description

We selected 25 subjects from the Human Connectome
Project (HCP) dataset (Van Essen et al., 2013), which is pub-
licly available. The dMRI scans were acquired with three shells
(b= 1000, 2000, and 3000 s/mm?), and each shell has 90 gra-
dient directions. The image resolution is 1.25 mm isotropic. For
each dMRI scan, 60 fixed diffusion gradients were selected as
the diffusion gradient set G that undersamples the g-space. These
diffusion gradients consist of 30 gradient directions on each of the
shells b =1000,2000 s/mm?2, and resemble diffusion gradients
that are clinically feasible. The 30 gradient directions on each
shell were selected using the following strategy. We selected a
clinical imaging protocol that includes 30 gradient directions, and
these 30 gradient directions were used as reference directions.
Then, for each reference direction, the gradient direction that
is closest to it was selected from the HCP data on each of the
shells b = 1000, 2000 s/mm?, and these gradient directions were
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Fig. 3. The training and validation losses of MESC-Net for the NODDI model with different dictionary sizes N.

Table 1
The numbers of parameters for the learning-based methods in the
NODDI microstructure estimation.

MLP MEDN MEDN-+ m-MEDN+  MESC-Net

1.64 x 10° 110x10°  2.07 x 10° 1.78 x 106 1.77 x 108

included in the final 60 diffusion gradients. This strategy gives
approximately evenly distributed gradient directions.

The dMRI scans of five subjects were used as training data, and
the rest 20 dMRI scans were used for testing. The training or gold
standard microstructure was computed with the full set G of all
270 diffusion gradients as described in Section 2.3. In the training
or test phase, the proposed network took the patches of diffusion
signals associated with G as input. The patches of which the center
voxel is inside the brain were included in training MESC-Net. This
resulted in a total number of about 3.4 x 108 training samples and
3.8 x 10° validation samples.

3.2. Application to the NODDI model

MESC-Net was first applied to estimate the scalar NODDI mi-
crostructure measures, including the intra-cellular volume frac-
tion v;., cerebrospinal fluid (CSF) volume fraction v;s,, and orienta-
tion dispersion (OD) (Zhang et al., 2012). Because compared with
the original NODDI fitting (Zhang et al., 2012), the AMICO algo-
rithm (Daducci et al., 2015) reduces the computational time by two
orders of magnitude, like in Ye (2017b), the training microstructure
and gold standard microstructure for evaluation were computed by
AMICO using the full set of diffusion gradients.

MESC-Net was compared qualitatively and quantitatively with
AMICO (Daducci et al., 2015), which represents the conventional
microstructure estimation algorithm, and deep learning based
approaches, including the MLP used in Golkov et al. (2016),
and the deep network structures MEDN (Ye, 2017a) and
MEDN+ (Ye, 2017b). MLP and MEDN perform voxelwise estima-
tion, where microstructure estimation at each voxel is based on
the diffusion signals at that voxel. MLP consists of three hidden
layers each with 150 units (Golkov et al., 2016), and MEDN uses
a deep network structure motivated by unfolding the IHT pro-
cess (Blumensath and Davies, 2008). MEDN+ extends MEDN by
taking image patches as input and inserting a learned smoothing
stage before the MEDN structure (Ye, 2017b). Note that a separate
MLP was used for the estimation of each microstructure measure
as suggested in Golkov et al. (2016).

The numbers of parameters for the learning-based methods are
listed in Table 1. Note that since MESC-Net has considerably more
parameters than MLP, MEDN, and MEDN+, we have also added
a modified version of MEDN+ for comparison, and investigated
whether the improved performance of the proposed approach is

60
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o o

w
o
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N
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Fig. 4. The training times of MESC-Net for the NODDI model with different dictio-
nary sizes N.

=
o
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due to our network design or the increase in the number of pa-
rameters. Here, MEDN+ was selected for this modification because
both MEDN+ and MSEC-Net use spatial information. In the mod-
ified MEDN+, which is referred to as m-MEDN+, its dictionary
length is increased to 1266 so that its number of parameters is
comparable to (slightly more than) that of MESC-Net.

For the voxelwise learning-based methods MLP and MEDN, the
diffusion signals and the training microstructure at each voxel that
is inside the brain constitute a training sample; like in training
MESC-Net, patches of which the center voxel is inside the brain
were included in training the patch-based methods MEDN+ and
m-MEDN+. We also used 10% of the samples in the training sub-
jects as a validation set for these learning-based methods. There-
fore, each learning-based method—including MESC-Net—has the
same number of training and validation samples.

3.2.1. Training phase and the selection of N

We first investigated the training phase of MESC-Net, and like
in Ye (2017b), we examined how the size N of the dictionary—i.e.,
the length of x—affected training. Different values of N e {101, 301,
501} (Ye, 2017b) were used, and the corresponding training and
validation losses after each epoch are plotted in Fig. 3. We can see
that with 10 epochs the training loss becomes stable and the vali-
dation loss starts to oscillate for these cases. The training and val-
idation losses for N = 101 are both higher than those for N = 301.
Although increasing N from 301 to 501 slightly decreases the train-
ing loss, it leads to a higher validation loss after 10 epochs. The
training times for these N's are shown in Fig. 4, where a larger
N is associated with a longer training time. These results justify
our use of N =301, because further increasing N requires a longer
training time and could lead to larger errors on the validation set.
The parameter settings for the NODDI model will be also used for
the additional signal models in Section 3.3.
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Fig. 5. The distribution of the fraction of nonzero entries in the spatial-angular
sparse representation x given by MESC-Net for a representative test subject.

m-MEDN+

MESC-Net

Fig. 6. A representative cross-sectional view of the v, map estimated by MESC-Net.
The result of MESC-Net is shown together with the gold standard and the results of
the competing methods. Note the regions pointed by arrows for comparison.

With the selected N =301, we also report the training cost in
time and memory usage for MESC-Net. About 47GB RAM and about
330MB GPU memory were used in training MESC-Net, and the
training took about 35 min. For comparison, about 4GB RAM was
used for training MLP and MEDN, which perform estimation using
information in a single voxel; about 47GB RAM was used for train-
ing the patch-based methods MEDN+ and m-MEDN+. All compet-
ing learning-based methods used more than 300MB and less than
400MB GPU memory. The training time was about 20 min for MLP
and 10 min for MEDN; for the patch-based methods MEDN+ and
m-MEDN+, the training took about 30 and 35 min, respectively.

3.2.2. Evaluation of estimation quality

MESC-Net was then applied to the test subjects for evaluation.
The computation took about 3 min for each subject.

To demonstrate that MESC-Net indeed finds a sparse represen-
tation of diffusion signals, for the test subjects we computed the
fraction of nonzero entries in the intermediate vector x, which is
the output of Stage One of MESC-Net. The distribution of the frac-
tion is shown for a representative test subject in Fig. 5. We can
see that for most patches, only about 0.3 of the entries in x are
nonzero, indicating that x is a sparse representation of signals.

Then, we qualitatively examined the estimation results of
MESC-Net. Cross-sectional views of the estimated microstructure
maps of a representative test subject are shown in Figs. 6-8, to-
gether with the gold standard and the results of the competing
methods. In the MESC-Net result, v;. is higher in the white mat-

m-MEDN+ MESC-Net

Fig. 7. A representative cross-sectional view of the v, map estimated by MESC-
Net. The result of MESC-Net is shown together with the gold standard and the re-
sults of the competing methods.

b

Gold standard AMICO

MESC-Net

Fig. 8. A representative cross-sectional view of the OD map estimated by MESC-
Net. The result of MESC-Net is shown together with the gold standard and the re-
sults of the competing methods.

ter and smaller in the gray matter, OD is smaller in the white
matter, and vy, is larger in the CSE. These observations are con-
sistent with the appearances of the gold standard maps. In ad-
dition, learning-based methods produced less noisier results than
AMICO; and among the learning-based methods, patch-based ones
(MEDN+, m-MEDN+, and MESC-Net) produced smoother results
than voxelwise estimation (MLP and MEDN). For example, see the
regions highlighted by arrows in Fig. 6. Note that in the CSF, the
estimation of v;. and OD is degenerate.* Thus, the CSF will not be
included in the quantitative evaluation shown later.

Next, the accuracy of the proposed approach was evaluated
quantitatively. The average estimation errors of MESC-Net in the
brains of the test subjects (S01-S20) are shown and compared with
those of AMICO, MLP, MEDN, MEDN+, and m-MEDN+ in Fig. 9.
MESC-Net consistently achieves the smallest errors. The means
and standard deviations of the average estimation errors shown in
Fig. 9 are also summarized in Fig. 10, and the errors are compared
between MESC-Net and the competing methods using paired Stu-
dent’s t-tests. Compared with the competing methods, the errors
of MESC-Net are all highly significantly (p <0.001) smaller, which
is indicated in Fig. 10 by the asterisks. Note that m-MEDN+ has

4 If 14 = 1, then 1 — v, = 0, and according to the NODDI model v;. and OD can
take arbitrary values without affecting the signal value.
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Fig. 9. Average microstructure estimation errors in the brains of the test subjects for the NODDI model.
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Fig. 10. Means and standard deviations of the average microstructure estimation errors shown in Fig. 9 for the NODDI model. Asterisks (***) indicate that the difference

between methods is highly significant (p <0.001) using a paired Student’s t-test.

greater v;. and OD errors than the original MEDN+, indicating that
simply increasing the number of parameters does not necessarily
lead to improved performance. Therefore, m-MEDN+ will not be
considered in the remaining experiments.

3.2.3. Individual effects of LSTM units and spatial-angular sparse
coding

We further investigated the individual effects of the incorpo-
ration of historical information using the LSTM units and the
spatial-angular sparse coding in MESC-Net. Specifically, two net-
works, MESC-Net without spatial-angular sparse coding (MESC-

Net w/o SASC) and MESC-Net without LSTM units (MESC-Net
w/o LSTM), were constructed. In MESC-Net w/o SASC, the spatial-
angular sparse coding is replaced with the smoothing stage in
MEDN+; in MESC-Net w/o LSTM, the LSTM units are replaced by
the update in MEDN+-. Illustrations of the two networks are shown
in Fig. 11.

We first report the training cost in time and memory for the
two networks. The training settings for MESC-Net were applied
to these two networks. Each of them used about 47GB RAM and
320MB GPU memory. The training took about 30 min for each net-
work.
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Fig. 11. The networks for investigating the individual effects of LSTM units and spatial-angular sparse coding: (a) MESC-Net without spatial-angular sparse coding (MESC-Net

w/o SASC) and (b) MESC-Net without LSTM units (MESC-Net w/o LSTM).

Table 2

Means and standard deviations (in the format of mean + standard deviation) of the average NODDI microstruc-
ture estimation errors in the brain for MESC-Net w/o SASC and MESC-Net w/o LSTM. The errors are shown
together with those of MEDN+ and MESC-Net for reference.

Vi

Viso

oD

3.27 x 1072 £0.20 x 102
3.22x1072+£0.19 x 102
321 x 1072 +£0.17 x 102
3.16 x 1072 £ 0.19 x 102

MEDN+

MESC-Net w/o SASC
MESC-Net w/o LSTM
MESC-Net

1.90 x 1072 £0.15 x 102
1.87 x 1072 £0.15 x 102
1.88 x 1072+ 0.14 x 102
1.84 x 1072 £0.15 x 102

4.81 x 1072 +£0.20 x 102
4.67 x 1072 £ 0.19 x 102
4.80 x 1072 £0.18 x 102
4.60 x 1072 +£0.17 x 102

The trained MESC-Net w/o SASC and MESC-Net w/o LSTM were
then applied to the test subjects. The means and standard devi-
ations of the average errors in the brain are shown in Table 2
for MESC-Net w/o SASC and MESC-Net w/o LSTM. For reference,
the results of MEDN+ and MESC-Net are also shown. It can be
seen that both MESC-Net w/o SASC and MESC-Net w/o LSTM per-
form better than MEDN+ and worse than MESC-Net. These results
demonstrate the necessity of the incorporation of historical infor-
mation using the LSTM units and the spatial-angular sparse cod-
ing, where both of them contribute to the improved performance
in MESC-Net.

3.2.4. Impact of the number of diffusion gradients

We also studied the impact of the number of diffusion gradi-
ents by using two additional sets of undersampled diffusion gra-
dients. Since in clinical scans, it is usually practical to use about
30 to 60 diffusion gradients, the two additional sets of diffusion
gradients contain 36 diffusion gradients (18 on each of the shells
b = 1000, 2000 s/mm?) and 24 diffusion gradients (12 on each of
the shells b = 1000, 2000 symm?), respectively. The diffusion gra-
dients were selected in a way that is similar to the selection of
60 diffusion gradients. Here, 18 and 12 gradient directions from
two clinical protocols were used as reference directions for the two
sets, respectively. All the settings used for the experiments with 60
diffusion gradients were applied to the experiments with 36 and
24 diffusion gradients.

We computed the estimation errors for MESC-Net and the com-
peting methods, and the means and standard deviations of the av-
erage errors in the brain computed from the 20 test subjects are
shown in Fig. 12. In all cases, MESC-Net achieves smaller errors
than the competing methods, and the differences are highly sig-
nificant (p <0.001) using paired Student’s t-tests. Together with
the results in Section 3.2.2, it can also be observed that when
a smaller number of diffusion gradients are used, the differences

of errors between MESC-Net and the competing methods become
larger. In addition, for each method the estimation error becomes
larger when a smaller number of diffusion gradients are used.

3.3. Application to additional signal models

MESC-Net was next applied to the estimation of microstructure
described by additional signal models with the parameters speci-
fied for the NODDI microstructure estimation. Two additional mod-
els were considered: the SMT model (Kaden et al., 2016b) and the
EAP model using the SHORE basis (Merlet and Deriche, 2013).

3.3.1. The SMT model

In the SMT model, microstructure is quantified by the intra-
neurite volume fraction v;,; and the intrinsic diffusion coef-
ficient A. The training microstructure and gold standard mi-
crostructure for evaluation were computed using the SMT ap-
proach (Kaden et al., 2016b) in the DMIPY (Fick et al., 2018) soft-
ware with the full set of diffusion gradients. Note that because
DMIPY computes the extra-neurite volume fraction vexr and A, for
convenience, we estimated vexr and A as well, and the estimation
of vext is equivalent to the estimation of v;,; because vj,; = 1 — Vext.

The training phase of MESC-Net was first investigated, and the
training and validation losses are shown in Fig. 13. We can see that
with 10 epochs the training loss becomes stable and the validation
loss starts to oscillate.

Then, MESC-Net was applied to the test subjects. It was
compared with the original SMT model fitting (Kaden et al.,
2016b)—referred to as SMT—using the implementation given
in DMIPY (Fick et al, 2018), which represents the con-
ventional microstructure estimation algorithm, and the MLP
in Golkov et al. (2016), which represents the deep learning based
approach. A separate MLP was used for the estimation of each
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Fig. 12. Means and standard deviations of the average microstructure estimation errors in the brain for the NODDI model when (a) 36 and (b) 24 diffusion gradients were

used. Asterisks (***) indicate that the difference between methods is highly significant (

0.11
—e— Training Loss
0.10 --+- Validation Loss
0.09
0
£0.08
-
0.07
0.06
AN ,” ‘\‘/ \\ i’
g \ __4-—-"
0.05 — T T " r = - : :
1 2 3 4 3 6 7 8 9 10
Epoch

Fig. 13. The training and validation losses of MESC-Net for the SMT model.

microstructure measure as suggested in Golkov et al. (2016). Note
that MEDN and MEDN+ are designed specifically for the NODDI
microstructure estimation and cannot be applied to the SMT
model.

We first qualitatively examined the estimation results of MESC-
Net, and cross-sectional views of the estimated microstructure

p <0.001) using a paired Student’s t-test.

MESC-Net

Fig. 14. Representative cross-sectional views of the SMT microstructure estimated
by MESC-Net. The results of MESC-Net are shown together with the gold standard
and the results of the competing methods. Note that MLP failed to estimate a sen-
sible A map and its result appears black with the specified grayscale mapping.

maps of a representative test subject are shown in Fig. 14.
Gold standard microstructure maps and the results of the com-
peting methods are also shown in Fig. 14 for comparison. In
the MESC-Net result, the vexr and A maps are consistent with
the appearances of the gold standard maps. Compared with the
gold standard, SMT tends to overestimate vex, and the A map
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Fig. 15. Average microstructure estimation errors in the brains of the test subjects for the SMT model. Note that a log scale is used for the y-axis.
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3.3.2. The EAP model using the SHORE basis

In the EAP model using the SHORE basis, which is referred to
as the SHORE EAP model for convenience in this section, we es-
timated the mean squared displacement (MSD) (Wu et al., 2008)
and the return-to-the-origin probability (RTOP) (Ozarslan et al.,
2013). MSD is related to the mean diffusivity (Wu et al., 2008)
and RTOP represents the reciprocal of the statistical mean pore
volume (Ozarslan et al, 2013). Note that in the evaluation, we
evaluated the cubic root of RTOP (denoted by RTOP!3) like
in Ozarslan et al. (2013). The training microstructure and gold stan-
dard microstructure for evaluation were derived from the EAPs

Fig. 16. Means and standard deviations of the average microstructure estimation
errors shown in Fig. 15 for the SMT model. Asterisks (***) indicate that the dif-
ference between methods is highly significant (p <0.001) using a paired Student’s
t-test. Note that a log scale is used for the y-axis.

computed by the DIPY (Garyfallidis et al., 2014) SHORE implemen-
tation® using the full set of diffusion gradients.

The training phase of MESC-Net was first investigated, and the
training and validation losses are shown in Fig. 17. We can see that

5 With the default parameters ((N, ¢, Ay, A;) = (6, 700, 108, 108)) provided at
http://nipy.org/dipy/examplesbuilt/reconstshore.html.
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Fig. 17. The training and validation losses of MESC-Net for the SHORE EAP model.

3x10™* mm?

Gold standard

SHORE

Fig. 18. Representative cross-sectional views of the microstructure estimated by
MESC-Net for the SHORE EAP model. The results of MESC-Net are shown together
with the gold standard and the results of the competing methods. Note the regions
pointed by arrows for comparison.

with 10 epochs the training loss becomes stable and the validation
loss starts to oscillate.

Then, the results estimated by MESC-Net were compared with
those derived from the EAPs estimated by the conventional SHORE
estimation (Merlet and Deriche, 2013)—referred to as SHORE—and
those estimated by the MLP in Golkov et al. (2016). A separate
MLP was used for the estimation of each microstructure measure
as suggested in Golkov et al. (2016). Note that MEDN and MEDN+
are designed specifically for the NODDI microstructure estimation
and cannot be applied to the SHORE EAP model.

We first qualitatively examined the estimation results of MESC-
Net, and cross-sectional views of the estimated microstructure
maps of a representative test subject are shown in Fig. 18. Gold
standard microstructure maps and the results of the competing
methods are also shown in Fig. 18 for comparison. In the MESC-Net
result, the MSD and RTOP!/3 maps are consistent with the appear-
ances of the gold standard maps. The RTOP! map given by SHORE
has a contrast that is different from the gold standard. MLP tends
to produce MSD maps that are brighter than the gold standard (see
the region highlighted by arrows in Fig. 18 for example).

MESC-Net was next evaluated quantitatively in terms of its ac-
curacy. The average estimation errors of MESC-Net in the brains
of the test subjects are shown and compared with those of the
conventional SHORE estimation and MLP in Fig. 19. In all cases,
MESC-Net achieves the smallest errors. The means and standard
deviations of the average estimation errors shown in Fig. 19 are

also summarized in Fig. 20, and the errors are compared between
MESC-Net and the competing methods using paired Student’s t-
tests. Compared with the competing methods, the errors of MESC-
Net are all highly significantly (p <0.001) smaller, which is in-
dicated in Fig. 20 by the asterisks. Note that the learning-based
method MLP can have bigger estimation errors of MSD than the
conventional SHORE model fitting.

4. Discussion

MESC-Net and the networks in Ye (2017a) and Ye (2017b) are
motivated by the iterative optimization algorithms for solving
sparse reconstruction problems. However, the proposed network
is different from the networks in Ye (2017a) and Ye (2017b) in
the following ways. First, our network incorporates historical in-
formation adaptively, which has not been explored by the previ-
ous networks in Ye (2017a) and Ye (2017b) for microstructure es-
timation. Adaptive incorporation of historical information has been
used for improving optimization performance (Duchi et al., 2011),
and such incorporation can be introduced into the network de-
sign to improve learning-based sparse reconstruction (Zhou et al.,
2018). Note that the use of historical information is a generic
technique for iterative optimization processes, and it is not nec-
essarily restricted to sparse reconstruction. Second, the networks
in Ye (2017a) and Ye (2017b) only consider sparse coding in the
angular domain. In this work, we exploit the joint sparse coding
in the spatial and angular domain, which could reduce the redun-
dancy in diffusion signals (Schwab et al., 2016, 2018b). Third, un-
like the networks in Ye (2017a) and Ye (2017b), which are designed
specifically for the NODDI model, we aim to design a network for
generic microstructure estimation, which is not necessarily lim-
ited to a particular signal model. Therefore, unlike Ye (2017a) and
Ye (2017b) the second stage in our network uses fully connected
layers to map the sparse representation of diffusion signals to
scalar tissue microstructure measures.

As demonstrated in the experiments, the above improvements
can lead to improved estimation performance. In particular, the
individual benefits of the adaptive incorporation of historical in-
formation and spatial-angular sparse coding are confirmed by the
investigation in Section 3.2.3. Also, MESC-Net was successfully ap-
plied to three different signal models, and this confirms that the
proposed method can be used as a generic method for tissue mi-
crostructure estimation. We expect that MESC-Net can be used for
signal models that are comparable to the signal models considered
in the experiments in terms of model complexity.

The major hyperparameter of MESC-Net is the size N of the im-
plicitly determined dictionary. We studied its impact on training
for the NODDI model. Greater N leads to a smaller training loss
but a longer training time. Also, the validation loss increases when
N increases from 301 to 501. Therefore, we selected N = 301 for
MESC-Net, which is the same dictionary size as used in Ye (2017b).
Using this dictionary size, MESC-Net also performed well for the
two additional signal models evaluated in the experiments, where
it outperformed the competing methods. These results indicate the
robustness of the proposed network structure and its hyperpa-
rameters. Note that although the size N =301 is smaller than the
length of the input vector of signal patches, which indicates that
an undercomplete dictionary is used for the sparse representation,
our task is to predict microstructure for the center voxel, where
the sparse representation does not necessarily need to retain all
the information in the input signal and could thus lie in a low-
dimension space.

Following the existing works on g-space learning, we have
computed the gold standard with conventional approaches using
densely sampled diffusion gradients. Previous works have shown
that the use of a larger number of diffusion gradients generally
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Fig. 19. Average microstructure estimation errors in the brains of the test subjects for the SHORE EAP model. Note that a log scale is used for the y-axis.
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Fig. 20. Means and standard deviations of the average microstructure estimation
errors shown in Fig. 19 for the SHORE EAP model. Asterisks (***) indicate that the
difference between methods is highly significant (p <0.001) using a paired Stu-
dent’s t-test.

leads to more accurate tissue microstructure estimation, and re-
sults estimated from a large number of diffusion gradients can be
used as gold standard when results estimated from a fewer num-
ber of diffusion gradients are evaluated (Zhang et al., 2012). This
observation is consistent with the qualitative comparison of the
results of conventional approaches computed from undersampled
and densely sampled diffusion signals in this work. Moreover, this

observation is consistent with our quantitative results obtained
with different numbers of diffusion gradients in Sections 3.2.2 and
3.2.4, where results computed from a smaller number of dif-
fusion gradients have greater errors with respect to the gold
standard.

Like in Ye (2017b), we use a 3 x 3 x 3 patch as the input to
MESC-Net and predict the center voxel. Such a strategy of predict-
ing the center voxel or voxels is common for patch-based meth-
ods in other applications as well (Alexander et al., 2017b; Tanno
et al,, 2017; Kamnitsas et al., 2017). Another possible strategy is
to predict microstructure for the whole patch and then average
the results for overlapping voxels. However, we have empirically
observed that (results not shown) such an alternative strategy led
to worse estimation performance than the proposed strategy. This
is possibly because the size N of the dictionary is sufficient for
estimating microstructure for the center voxel but not for the
whole patch. Although increasing the size N could allow better mi-
crostructure estimation for the whole patch, it would substantially
increase the number of network parameters and a much larger
number of training samples may be required. Since currently the
training already requires about 47GB RAM, substantially increasing
the number of training samples could lead to insufficient memory.
Thus, we choose to perform microstructure prediction for the cen-
ter voxel. It is also possible to use a larger input patch to better
exploit the spatial information. However, increasing the patch size
could also lead to much greater memory consumption in training,
which is impractical due to memory overhead. Future work could
explore the expansion of the input and output size with improved
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training efficiency, so that the spatial-angular sparse coding can be
better exploited.

The improvement to the proposed network structure could
be explored in future work. In particular, the first stage
for sparse reconstruction could be restructured. For example,
in He et al. (2017) a Bayesian learning strategy has been incorpo-
rated into the design of networks for sparse reconstruction, lead-
ing to an LSTM architecture. It is possible to combine historical
information with Bayesian learning to design an improved LSTM
architecture. In addition, the computational cost could be reduced
by using a separable formulation of spatial-angular sparse cod-
ing (Schwab et al., 2018a), and the iterative process developed
in Schwab et al. (2018a) could inspire the design of a deep net-
work with separable spatial-angular sparse coding.

Currently, the g-space learning techniques for tissue microstruc-
ture estimation (Golkov et al., 2016; Ye, 2017a, 2017b) require ac-
quisitions of densely sampled diffusion signals to compute train-
ing microstructure. However, such training signals may not be
available for existing datasets. To apply g-space learning to these
datasets, it is possible to generate synthetic training data. Training
with synthesized data has been successfully applied to computer
vision tasks when real training data is not available (Ros et al.,
2016). For g-space learning, we could synthesize densely sampled
diffusion signals and ensure that their undersampled version has a
distribution that is similar to the distribution of observed diffusion
signals. The distribution mismatch could be measured by the max-
imum mean discrepancy (Gretton et al., 2012) or minimized with
an adversarial learning strategy (Arjovsky et al., 2017; Goodfellow
et al., 2014).

A similar situation is when the test data may not have a distri-
bution that is close enough to that of the training data. For ex-
ample, test scans could be acquired from scanners that are dif-
ferent from the one that scans the training subjects, although the
training and test scans share the same set of undersampled diffu-
sion gradients. The inter-scanner variability could lead to domain
shift, where the training and test signals follow different distribu-
tions (Mirzaalian et al., 2016). We could either incorporate addi-
tional training images that can represent the distribution of test
samples, or use transfer learning strategies to deal with the do-
main shift.

Some signal models—e.g., NODDI (Zhang et al., 2012)—assume
a single fiber orientation in a voxel. However, there can be mul-
tiple fiber orientations. Therefore, orientation-specific microstruc-
ture could be estimated to give more detailed information about
tissue organization. For example, the NODDI model could be
extended to include compartments associated with different ori-
entations (Farooq et al., 2016). The proposed network could be
extended to estimate orientation-specific microstructure as well.
For example, fiber orientations can be discretized (Landman et al.,
2012; Ye et al, 2016) and the dictionary coefficients can be
grouped, where each group corresponds to a discretized orienta-
tion. The coefficients in each group can then be mapped to com-
pute the microstructure associated with the corresponding orienta-
tion. However, in this strategy the number of entries in the sparse
representation substantially increases, which could lead to a much
more challenging sparse reconstruction problem given the reduced
number of diffusion gradients. Thus, investigation of a reliable so-
lution to this problem may still be required.

The proposed network could also be applied to other dMRI pro-
cessing tasks with proper modifications. For example, fiber orien-
tation estimation can be casted as a sparse reconstruction prob-
lem (Landman et al., 2012; Ye et al., 2016), and networks can be
designed by unfolding the IHT process to aid fiber orientation es-
timation (Ye and Prince, 2017). The first stage in MESC-Net can be
readily used to learn the mapping from diffusion signals to fiber
orientations. Similarly, EAP estimation could be solved via sparse

reconstruction (Merlet and Deriche, 2013; Merlet et al., 2013), and
the first stage in MESC-Net can be used for EAP estimation as well.
But note that in these tasks, there are many more parameters in
the output to estimate than in the task of tissue microstructure
estimation. Thus, estimation of these quantities with a modified
MESC-Net could be more challenging and requires further investi-
gation.

5. Summary and conclusion

We have proposed a generic deep network, which is referred
to as MESC-Net, for the estimation of scalar tissue microstructure
measures. MESC-Net exploits the sparse representation of diffusion
signals in the spatial-angular domain, and learns the sparse rep-
resentation computation using a network architecture with modi-
fied LSTM units. These modified LSTM units are motivated by the
adaptive incorporation of historical information into the iterative
update for solving sparse reconstruction problems. The sparse rep-
resentation is then mapped to scalar tissue microstructure mea-
sures, where the mapping is learned jointly with the sparse repre-
sentation computation. The proposed method was applied to brain
dMRI scans, where tissue microstructure described by various sig-
nal models was quantified. Results indicate that MESC-Net outper-
forms state-of-the-art conventional and deep learning based esti-
mation approaches.
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