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Abstract—In diffusion-weighted imaging (DWI), reliable fiber
tracking results rely on the accurate reconstruction of the
fiber orientation distribution function (fODF) in each individual
voxel. For high angular resolution diffusion imaging (HARDI),
deconvolution-based approaches can reconstruct the complex
fODF and have advantages in terms of computational efficiency
and no need to estimate the number of distinct fiber populations.
However, HARDI-based methods usually require relatively high
b-values and a large number of gradient directions to produce good
results. Such requirements are not always easy to meet in common
clinical studies due to limitations in MRI facilities. Moreover, most
of these approaches are sensitive to noise. In this study, we propose
a new framework to enhance the performance of the spherical deconvolution (SD) approach in low angular resolution DWI by employing a single channel blind source separation (BSS) technique to
decompose the fODF initially estimated by SD such that the desired
fODF can be extracted from the noisy background. The results
based on numerical simulations and two phantom datasets demonstrate that the proposed method achieves better performance than
SD in terms of robustness to noise and variation in b-values. In addition, the results show that the proposed method has the potential
to be applied to low angular resolution DWI which is commonly
used in clinical studies.
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I. INTRODUCTION
O date, diffusion-weighted imaging (DWI) is a noninvasive tool available to reveal the neural architecture of
human brain white matter. The signal observed from one voxel
in diffusion-weighted MRI is related to the displacement distribution of the water molecules in this voxel. By analysing
and quantifying diffusivity, valuable information about the inner fiber structure of the brain can be obtained. Advances in DWI
techniques have shown great potential in the study of brain white
matter related diseases such as depression [3], traumatic brain
injury [4], [5], and Alzheimer’s disease [6].
In the early proposed diffusion tensor imaging (DTI) model
[1], the orientation and strength of anisotropic diffusion were
derived based upon eigenvectors and eigenvalues of the estimated diffusion tensor profile. It was found that the early DTI
model is inadequate to characterize the complexity of tissue
structure such as multiple fibers within a voxel due to its Gaussian assumption. The newly developed technique high angular
resolution diffusion imaging (HARDI) [7] has shown capability
to reconstruct complex fiber orientation information within a
voxel by applying advanced reconstruction techniques such as
diffusion spectrum imaging (DSI) [9], q-ball imaging (QBI) [8],
persistent angular structure (PAS) [10], diffusion orientation
transform (DOT) [11], and spherical deconvolution (SD) [12].
The inner fiber structure, which presents the connection between
voxels, can be delineated by fiber tractography based upon the
reliable fiber orientation distribution obtained from each individual voxel. An intensive review of reconstruction methods can
be found in [13].
In general, deconvolution-based reconstruction methods have
advantages due to not having to specify the number of distinct
fiber populations, being able to provide the actual fiber orientation and computational efficiency. In the deconvolution model,
the measured diffusion signal is considered as the convolution
over the unit sphere of a response function (kernel) with the
fODF. Different deconvolution-based methods have been developed for fODF reconstruction [12], [23]–[25], [27], [28].
The differences between these methods mainly reside in terms
of construction of the response function, the strategies to deal
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with negative values in the reconstructed fODF and to improve
the angular resolution of fODF. A response function can be derived directly from real data based on averaging the DWI signals
from hundreds of voxels which have high fractional anisotropy
(FA) [12]; or it can be formed based on a single fiber response in
which the principal diffusiveness is uniquely defined [25]. Another problem in deconvolution-based methods is the presence
of meaningless negative values in the reconstructed fODF which
can be, due to truncation of the harmonic series, using inappropriate response functions and noise [12]. To deal with this problem, a constraint can be imposed by using the Richardson-Lucy
iterative algorithm [28], Tikhonov regularization [24] or nonnegative least squares optimization [27]. Alternatively, in [15]
the effect of negative values is reduced by using a lower order
spherical harmonic (SH) series followed by deconvolution as
a sharpening process to increase the angular resolution of the
fODF.
Like most HARDI-based methods, deconvolution methods
are sensitive to noise. Noise can cause negative values and spurious peaks in the fODF, and affect the accuracy in final fODF
results. A common way to deal with noise is to apply a low
pass filter to remove the high frequency components. However,
filtering can also remove some useful information since the attenuation process in filtering always removes parts of the signal,
which can reduce the angular resolution and result in a smoothed
fODF. In this study we propose a novel approach, in which the
fODF can be extracted from noisy data by employing the blind
source separation (BSS) technique, thereby the performance of
fODF reconstruction can be enhanced without compromising
angular resolution in the final fODF.
As an effective BSS technique, independent component analysis (ICA) has been successfully used in decomposition of EEG
and functional MRI (fMRI) signals [16], [17], in which the desired source can be extracted as an independent component (IC)
from a noisy background. The advantages of ICA have not been
fully exploited in DWI so far. Only a few papers have addressed
this area. In [18], ICA was applied to raw DWI images under the
assumption that the data are a linear combination of spatially
independent components. The results demonstrated that ICA
can separate noise, eddy current effects and some fiber tracts
from image data. In [19], a joint ICA was used to decompose
the FA map and fMRI data in order to investigate inner brain
connectivity. In [20], the orientation of two crossing fibers was
estimated by decomposing the data from multiple voxels based
on the assumption that neighbouring voxels contain the same
fiber tracts. In [21], ICA was used to segment the thalamus by
decomposition of fiber tracts obtained from probabilistic tractography. In our recent study [29], ICA has been applied to a
mixture of diffusion ODF (dODF) estimated by analytical QBI
(AQBI) [31] based on the signal from one voxel only. (The relationship between dODF and fODF is still an open question,
it is usually considered that dODF is a “blurred version” of
fODF [14].) By dividing the gradient directions into a number
of groups, a mixture was formed by dODFs estimated from
each group, then ICA was applied to separate the desired dODF
from the mixture. The results show that ICA can not only extract the desired dODF effectively, but also can achieve better

performance than the AQBI solution when the data have a low
signal-to-noise-ratio (SNR).
There are two objectives of this study. The first objective is
to develop an effective framework in which the advantages of
ICA can be incorporated into fODF reconstruction based on
the signal from a single voxel only. The second objective is to
explore the potential to apply such a framework to DWI data
acquired with low angular resolution, since this type of DWI
data are easily acquired and commonly used in current clinical
studies. The HARDI based methods can solve the problem of
complex fiber orientation reconstruction; however they require
data to be acquired under high angular resolution, high spatial
resolution, and relatively high b-values. Such requirements are
not always easy to meet in practice due to limitations in MRI
facilities. For example, in most clinical studies, DWI data are
usually collected with b-value less than or equal to 1000 s/mm2
and the number of gradient directions is less than 25. Therefore,
the HARDI-based reconstruction methods have not been widely
applied in clinical studies. To date, eigenvalue-based quantification, such as FA, is still most commonly used in clinical studies
for neurological disease even though the limitations in the DT
model are well known.
In this paper, we present a novel framework in which a single
channel ICA (sICA) is applied to a fODF initially estimated
from SD in low angular resolution DWI data. The initial estimation of fODF is considered as a mixed signal containing
noise, bias/artifacts and the desired fODF to be separated from
the mixture by sICA. The results from numerical simulations,
phantom datasets and in vivo data demonstrate that the proposed
method can not only successfully extract the desired fODF and
improve the reconstruction performance in terms of robustness
to noise and variation in b-values, but also has the potential to
be applied to low angular resolution DWI data used for clinical
studies.
The paper is organized as follows: In Section II, background
on the DTI model and SD method is provided. In Section III,
the proposed method and sICA model are explained in detail.
Experimental results are presented in Section IV. The proposed
method is evaluated by both synthetic data, phantom data and
in vivo data, and the results are compared with the SD method
and AQBI. Discussion and conclusion are given in Section V.
II. BACKGROUND
A. Diffusion Tensor Imaging
In the diffusion tensor model [2], for a given voxel with
magnetic gradient direction gi , the diffusion signal s measured
based on this direction can be expressed as
s(gi ) = s0 exp(−bgiT Dgi )

(1)

where s0 denotes the DWI signal with no gradient applied. The gradient direction is given as gi =
[sin(θi ) cos(φi ), sin(θi ) sin(φi ), cos(θi )]T , where θ and φ are
the elevation and azimuthal angle in the spherical coordinates,
respectively (θ ∈ [0, π], φ ∈ [0, 2π)). T denotes the transpose
operator. D is a diffusion profile to describe the molecular
mobility along each direction, which can be represented by
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Fig. 1. Illustration of fODF reconstruction by the SD method: (a) Synthetic DWI signal generated from two crossing fibers, (b) response function generated from
a single fiber with fiber orientation along with z-axis, and (c) reconstructed fODF by the SD method which shows two crossing fibers.

eigenvalues estimated from the diffusion profile. A b-value is
used to characterize the gradient pulses in MRI sequences,
which is based on the strength and duration of the gradient
pulse, and the time interval between the onset of the two gradient pulses. The b-value plays an important role in DWI data
acquisition. If the b-value is too small, the signal can be too
smooth to have enough contrast. A higher b-value can increase
the contrast, however, it also increases the acquisition time and
the noise level in the data. In clinical studies, the selection of a
b-value needs to take these factors into account.
B. Reconstruction of fODF by Spherical Deconvolution
In [12], a spherical deconvolution (SD) model was proposed
for fODF reconstruction by adopting the approach in [22]. Based
on the SD model, the measured diffusion signal is considered
as the convolution over the unit sphere of a response function
with a fiber orientation density function. The response function
is defined as an axially symmetric function with the fiber orientation aligned with the z-axis. By employing the technique of
spherical harmonic transform (SHT), a Fourier analysis tool in
spherical space, the spherical deconvolution can be simplified to
a matrix multiplication since the convolution of two functions is
equivalent to matrix multiplication in Fourier space. After SHT,
the deconvolution problem can be expressed as
s̄ = H̄f̄

(2)

where s̄ is an L × 1 vector representing the spherical harmonic
(SH) coefficients of the DWI signal s, L is the length of the SH
series and depends on the order of spherical harmonics. f̄ is also
an L × 1 vector denoting the SH coefficients of the fODF. H̄ is
an L × L matrix representing the SH of the response function,
which is also referred to as rotational harmonic coefficients
in [22]. An illustration of fODF reconstruction by the SD method
is given in Fig. 1. More details about SHT can be found in [22],
[31].
As in all inverse problems, the SD solution is ill-posed and
sensitive to noise. The level of sensitivity to noise increases with
the order of the SH. As mentioned in [12], the noise is also a
primary factor causing physically meaningless negative values
in the fODF results. Apart from these, SD relies on the estimation of a response function, which is assumed to be constant
throughout the brain. Such assumptions are not fulfilled in re-

gions where the white matter fibers have significantly different
diffusion characteristics, though this may only affect the volume
fraction of fiber populations but not the orientation itself [12].
III. METHOD
In this study, we aim to develop a framework in which ICA
can be utilized in DWI signals obtained within a single voxel so
that the performance of fODF reconstruction in a low angular
resolution DWI can be enhanced. To date, only limited studies
have been reported in applying ICA to DWI data analysis, in
which ICA was used to decompose FA maps [19], DWI images
[18], fiber tracts [21], DWI signals from multiple voxels [20]
and a single voxel [29]. There are two problems when applying
ICA to DWI signals obtained from a single voxel: first, ICA
is usually used for multichannel data decomposition, but the
DWI signal from one voxel is a vector with length equal to
the number of gradient directions, so conventional ICA cannot
be applied directly; second, the direction corresponding to the
maximum of a DWI signal does not lie in the same plane as the
fODF (as shown in Fig. 1) due to rotation and summation in the
spherical system. Therefore, applying ICA to the DWI signal
can only produce the components of a DWI signal but not the
components of the fODF. Here we propose a novel framework
in which a single channel ICA is employed to decompose an
fODF initially estimated by SD. This initial estimation of fODF
can be considered as a signal mixed with noise, artifacts, and the
desired “true” fODF to be extracted by the separation process
of sICA.
A. Single Channel ICA Model
ICA decomposes multichannel data into statistically independent components. Generally, it assumes that the source components are statistically independent, the number of input channels
is greater or equal to the number of sources, and at most only
one source can have a Gaussian distribution. When there is
only one channel recording available, the decomposition process can be performed by a single channel ICA (sICA) model.
An early approach for the sICA problem was related to “sparse
coding” [34] and sparse decomposition [35]. The sICA has been
applied to the decomposition of a single channel acoustic signal [36], EEG [37], [38], and abdominal phonogram [39].
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In the sICA model, single channel data with length L is considered as a linear superposition of a number of basis functions
with their corresponding weight coefficients. By truncating the
data with a window of length N (N < L) and stacking successive truncated data x, a data matrix can be constructed as
⎛
x(k)
x(k + 1) · · · x(L − N + 1) ⎞
⎜
⎜
⎝

x(k + 1)
..
.
x(k + N − 1)

x(k + 2)
..
.

···
..
.

x(L − N + 2) ⎟
⎟. (3)
..
⎠
.

x(k + N ) · · ·

x(L)

The sICA model can then be expressed as
x = Av

(4)

where x is an N -dimensional column vector represented as
x(k) = [x(k), x(k + 1), . . . , x(k + N − 1)]T . A is an N × M
matrix with M basis functions represented by its column vectors. v is the weight coefficient corresponding to the basis function. (Note that noise is considered as a source signal in the
model.) The purpose of decomposition is to find a linear transformation to give an estimation of v, denoted as y = Wx, by
which the elements of the coefficient y are statistically independent, and W = A† is the pseudoinverse of A.
In this study, the inputs for sICA are the SH coefficients of the
fODF initially estimated by SD (2) and we want to extract the
desired fODF from noise by learning of the basis functions by
sICA. The reason for decomposing the SH of the fODF rather
than the fODF itself is that it has been found that sICA can
only result in successful separation when the components have
a disjoined power spectrum [37]. In our simulation, it turns
out to be true for the SH of noise and the SH of fODF. (For
decomposition of a signal with spectrally overlapping sources
refer to [38], which applies the empirical mode decomposition
(EMD) to decompose a given signal into spectrally independent
modes followed by ICA.) It should be noted that the performance
of sICA is affected by the window length for data truncation.
In [37], the window length was chosen empirically. In [39],
the data matrix was considered as an embedding matrix by
taking time delay and embedding dimension into account. In
this study, the window length is determined based on results
from numerical simulations.
B. Learning Basis Function
After construction of a data matrix, the basis functions can
be learned by standard ICA. Selection of the separation algorithm depends on an assumption about the distribution of the
data sources, which is still unknown for DWI signals. However,
Infomax (information-maximization) has been applied in [20]
and our previous work [29], therefore, Infomax is used in this
study. Infomax is based on information theory by maximizing
the output entropy, which is closely related to the maximum
likelihood (ML) estimation. An efficient way to maximize the
log-likelihood is to apply the natural gradient learning method,
which is given as [33]
W ∝

∂H(y, W) T
W W = [I − ϕ(y)yT ]W
∂W

(5)

where I is the identity matrix and ϕ(y) is the nonlinear function.
The adaptive learning rule can be written as
W(n + 1) = W(n) − η(n)[I − ϕ(y(n))y(n)T ]W(n) (6)
where n is the iteration number and η(n) is the learning rate.
After learning the basis functions, the ICs can be recovered by
the process explained in the following section.
C. Reconstruction of ICs
To reconstruct the ICs, we first project each component back
to its original signal space, which can be performed by multiplying the ith column vector of the inverse of the unmixing
matrix by the corresponding IC
Xp (i) = [W† ]i yi

(7)

where Xp (i) denotes the back projection of the ith IC in the
original data matrix (3). The ith IC with the original length can
be recovered from Xp (i) by diagonal averaging [41] as applied
in [39], [42], which is expressed as
⎧
j +1
⎪
1
⎪
⎪
⎪
Xp (i,j −i+2)
0≤j <R−1
(8a)
⎪
⎪
⎪ j + 1 i=1
⎪
⎪
⎪
⎨ 1 R
Xp (i,j −i+2)
R − 1 ≤ j < C (8b)
IC =
⎪
R
⎪
⎪ i=1
⎪
⎪
L −C +1
⎪
⎪ 1
⎪
⎪
Xp (i,j −i+2) C ≤ j < L
(8c)
⎪
⎩L−j
i=j −C +2

where R = min(N, L − N + 1), C = max(N, L − N + 1)
and L = R + C − 1. Note that the reconstructed ICs are the
SH coefficients, the final fODF can be obtained by back projection of the SH coefficients on the sphere.
IV. RESULTS
This section contains results from numerical simulations,
phantom data and in vivo data. In all parts, the SH order was
set to 4 because our main focus was on the DWI data with low
angular resolution. For 25 directions, only order-4 can be applied. For SD method, using order-4 can also reduce the effect
of noise. The number of ICs in sICA was set to 2. It was based
on the assumption that the fODFs and noise are statistically independent, and we only wish to obtain these two ICs from the
output. The IC with greater energy was selected as the desired
fODF. Further explanation about the parameter settings is given
in the discussion section.
A. Numerical Simulation
The numerical simulations include three parts: 1) illustration of separation by sICA, 2) performance under various bvalues, and 3) robustness to noise. Three methods, unfiltered
SD (UFSD), filtered SD (FSD), and sICA, were applied. The
filtering was performed by multiplying the lth order SH with
an attenuation factor β, the smaller the factor, the greater the
attenuation. In [12], β = [1, 1, 1, 0.8, 0.1] was used for an order8 case. In this study, β was empirically set as [1, 1, 0.67] for
order-4.
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Fig. 2. Illustration of the separation by sICA: (a) Source-1 (fODF), (b) source-2, (c) mixed signal, (d) IC1, and (e) IC2, which shows that the fODF is successfully
separated from the mixed signal.

To evaluate the performance, the results are compared with
a “ground truth.” Here, the fODF estimated by SD from the
noise-free DWI is considered as the “ground truth.” A similar
approach for evaluation of reconstruction performance has been
used in [7], [8], [30], [31]. Two metrics are used: correlation
coefficient and mean square error (MSE). The correlation coefficient compares the closeness between two random variables,
which is commonly used in ICA-related approaches for results
comparison. It is defined as a normalized version of covariance [40]
cor(y, ŷ) =

cov(y, ŷ)
σy σŷ

(9)

where y represents the SH coefficients estimated by SD from
noise-free data, ŷ is the estimated SH of fODF, σ denotes the
standard deviation, and cov(·) is the lag zero covariance. MSE
has been used for ODF shape comparison [7], [8], [30], [31].
The “shape” of ODF is a back projection of the SH coefficients
onto a unit sphere, which is a real-valued function. As used
in [30], [31], MSE is calculated by
mse(f , f̂ ) =

1
K

K

fi − fˆi 2

(10)

i=1

where f represents the “true” fODF, f̂ is the estimated fODF,
and K is the length of f .
1) Synthetic Diffusion Data Generation: The synthetic DWI
data were generated based on the multitensor model as in [32].
The model assumes that the single fiber response can be described by a Gaussian (rank-2 tensor) and the DWI signal can
be approximated by the sum of signals generated from the directionally distinct fiber populations. In this study, only two fiber
populations were generated, with a separating angle of 90◦ and
the weight factor for each fiber population was selected as 0.5.
A close approximation of real data was obtained by using the
same gradient directions and b-value as in the in vivo data collection. The gradient directions were 25 and 55, and the b-value
1000 s/mm2 . Complex Gaussian noise was added to produce a
signal with SNR of 1/σ, where σ is the standard deviation of
noise. Although there are studies in which noise with a Rician
distribution is applied [43], complex Gaussian noise has also
been used in the numerical simulation [12], [28], [30], [31].
Here, complex Gaussian noise is applied as we mainly compare
our approach with the methods proposed in [12], [31].
2) Illustration of Separation by sICA: To illustrate the performance of the separation process by sICA, two source signals

were generated. The first source was the fODF of two fiber populations with crossing angle 90◦ , the second source was the signal
to simulate the noise. The mixed signal was the sum of the two
sources. The process of separation is illustrated in Fig. 2, which
shows source-1, source-2, mixed signal, IC1, and IC2, respectively. The signals are plotted as spherical functions, in which
the amplitudes of functions are directionally colour-coded (red
for left-right, green for anterior-posterior, and blue for superiorinferior). It can be seen from Fig. 2 that after performing sICA,
the fODF of the crossing fiber is successfully separated from
the mixed signal.
3) Performance Under Various b-Values: The selection of
an optimal b-value in DWI acquisition is still an ongoing issue.
The SNR of DWI signals decreases with increasing b-value; but
if the b-value is too small, the signal can be too smooth to have
enough contrast. For the AQBI method [31], a low estimation
error is observed for b-values of 2,000–6,000 s/mm2 . For the
SD method [12], optimal results are observed at a b-value of
3000 s/mm2 with SNR = 30 dB. Here three methods, UFSD,
FSD, and sICA, were applied to synthetic data with SNR =
10 dB, and directions of 25 and 55. In total 50 noise trials were
done and the mean of the correlation and MSE between “ground
truth” and each of the three methods were calculated. The results
from 25 and 55 directions are given in Figs. 3 and 4, respectively.
The number of direction is denoted by N g.
As expected, the performance from direction N g = 55 is
better than N g = 25, indicated by a smaller MSE and higher
correlation. In both N g = 25 and N g = 55, it is observed that a
small estimation error occurs when the b-value is between 1,000
and 3,000 s/mm2 . For low b-values, the results from FSD do
not show apparent improvement compared to UFSD. This is
because the SD method is more sensitive to noise for higher SH
orders, so filtering does not have much impact for SH of order-4.
For high b-values (high noise level), it is noticed that FSD has
an MSE higher than UFSD, which indicates the increased error
in shape of ODFs due to the smoothing effect of filtering. (The
visualization of the smoothing effect is demonstrated in phantom
data results.) For all b-values, sICA consistently achieves higher
correlation and smaller MSE than UFSD and FSD, which clearly
demonstrates the superiority of sICA.
4) Robustness to Noise: The three methods were applied to
synthetic data with SNR varied from 5 dB to 55 dB and b =
1000 s/mm2 . The 50 noise trials were done and the means of
the correlation and MSE were calculated. Results from 25 and
55 directions are given in Figs. 5 and 6, respectively. It can
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Fig. 3. Comparison of the performance under various b-values, N g = 25.
(a) Correlation coefficients, (b) MSE.

Fig. 4. Comparison of the performance under various b-values, N g = 55.
(a) Correlation coefficients, (b) MSE.

be seen that for all methods the performance improves with
increasing SNR. For good quality data (high SNR), the results
from all methods are almost identical. For poor quality data, no
appreciable improvement is found between results from FSD
and UFSD. Once again, the results from sICA have the highest
correlation and the smallest error compared to the other two.
B. Phantom Data
1) Data Details: Two phantom datasets representing the realistic diffusion MR ground truth were utilized to evaluate the
performance of the proposed method. The datasets are available
from the open source: http://www.lnao.fr/spip.php?rubrique79.
Details can be found in [45]. The phantom data were originally designed to compare the performance of fiber tractography algorithms. It simulates a coronal section of the human
brain, containing several fiber crossing and kissing configurations with different curvatures. Both datasets were acquired
based on 64 gradient directions. The first dataset has a b-value
of 1500 s/mm2 and the second 2000 s/mm2 .
A region of interest (ROI) containing crossing fibers is selected and shown as the white box in Fig. 7(e). Four methods, AQBI, UFSD, FSD, and sICA, were applied. The AQBI
method [31] simplifies the process of dODF reconstruction by
introducing SHT to the original QBI method. The dODF usually
appears to be overly smooth like a “blurred version” of fODF.
Compared to AQBI, sICA produces a “sharpened version” of

Fig. 5. Comparison of the performance under various SNRs, N g = 25.
(a) Correlation coefficients, (b) MSE.
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Fig. 8(g). These results are in accordance with the simulation.
To demonstrate the effect of filtering, an additional example
is given in Fig. 8(h). By changing the attenuation factor to
β = [1, 1, 0.4], it can be seen that the ODFs become smoother
than those in Fig. 8(g).
C. In Vivo Data

Fig. 6. Comparison of the performance under various SNRs, N g = 55.
(a) Correlation coefficients, (b) MSE.

fODF. (To clarify, the term ODF is used to refer to dODF and
fODF in the following part.) For AQBI, an SH order of 8 with
a Laplace-Beltrami regulation factor 0.006 was used [31]. The
parameter settings in UFSD, FSD, and sICA were the same as in
the numerical simulations. To improve the visualization results,
the reconstructed ODFs were overlaid over the phantom data
B0 image (the DWI with no magnetic gradient filed applied),
and the voxels outside crossing fibers were excluded in the visualization. For in vivo data, ODFs are usually overlaid over
FA maps. Here, this is unnecessary because the ground truth of
fibers is clearly visible in the B0 image.
2) Results: The results from two datasets are given in
Figs. 7 and 8. For both datasets, it is observed that multiple
peaks are reconstructed in the fiber crossing area, which agree
with the known ground truth. As expected, the AQBI results
in ODFs smoother than UFSD and FSD, and the results from
FSD appear to be less sharp than UFSD due to the smoothing
effect of filtering. By extracting the desired ODF from the initial
estimation from UFSD, sICA clearly has more sharply defined
peaks than AQBI, UFSD, and FSD.
It is also noticed that the results of UFSD from the first dataset
[Fig. 7(g)] appear to have better defined peaks than those from
the second dataset [Fig. 8(f)]. This is because increasing the
b-value also increases the noise level in the second dataset.
Without filtering, the ODFs turn out to be relatively noisy. After
filtering, the effect of noise is slightly reduced, but filtering also
partially reduces the angular resolution of ODFs as shown in

1) Data Details: The in vivo DWI data were acquired by a
3T Signa scanner (GE Medical Systems, Milwauke, WI) from
a healthy subject. A b-value of 1000 s/mm2 and 55 gradient directions were used as in typical DT model based clinical studies. Each volume contains 25 slices, each with dimension 256 × 256, field of view (FOV) 24 cm, voxel size
0.973 × 0.973 × 3 mm3 , echo time (TE) 87 ms and repetition
time (TR) 10000 ms. Fig. 9 shows DWI images taken from the
same slice. Fig. 9(a) shows the B0 image, the DWI data collected without magnetic gradient applied. Fig. 9(b) gives a DWI
image based on one gradient direction. Fig. 9(c) is the FA map
obtained by using Slicer 3-D software [44]. It can be seen that
the FA map provides more details about inner fiber structure
than the raw DWI image.
2) Results: For in vivo data, the ground truth of the fiber
structure is not clearly known as in the phantom data, but there
are some regions in the brain which have been previously studied by other researchers. For this dataset, an ROI in a coronal
section of the brain was selected according to [30], in which
a similar region was used to evaluate the performance of the
AQBI method. The ROI is shown as the white box on a coronal
view of the FA map overlaid in Fig. 10(a).
The results from AQBI, UFSD, FSD, and sICA are given in
Fig. 10 alongside the magnified view of ODFs for the selected
voxels in the areas containing multiple fiber populations. In each
voxel, the estimated ODFs are directionally colour-coded and
superimposed over the corresponding FA map. From Fig. 10,
the main contributing fiber tracts can be identified which are
consistent with known anatomy. For example, the commissural
fibers connecting the left and right hemispheres are shown in
red. The projection tracts connecting the cerebral cortex with
subcortical structures are oriented superoinferiorly, which are
shown in blue. The superior longitudinal fasciculus connecting
the regions from front to back within a hemisphere are shown
in green.
In the areas containing multiple fiber bundles (white box in
Fig. 10), it can be seen from the enlarged view of the selected
voxels that the ODFs from UFSD, FSD, and sICA are much
sharper than those from AQBI. Again as expected, the results
from FSD are slightly smoother than those from UFSD, and
the sICA improves the performance by providing more clearly
defined peaks than both UFSD and FSD. These results agree
with results from both numerical simulations and phantom data.
V. DISCUSSION
In this paper, we have introduced a novel framework to
enhance the fODF reconstruction in DWI, in which a single
channel ICA is incorporated with the SD-based reconstruction
method. Results from numerical simulations, phantom data and
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Fig. 7. Results from the first phantom dataset (b-value of 1500 s/mm 2 ): (a) AQBI, (b) UFSD, (c) FSD, and (d) sICA. The enlarged view of ODFs from four
methods in the selected voxels are given in (f), (g), (h), and (i), respectively. The phantom data are shown in (e), in which the white box indicates the ROI.

Fig. 8. Results from the second phantom dataset (b-value of 2000 s/mm 2 ): (a) AQBI, (b) UFSD, (c) FSD, and (d) sICA. The enlarged view of ODFs from four
methods in the selected voxels are given in (e), (f), (g), and (i), respectively. To demonstrate the effect of filtering, an additional example from FSD is given in (h)
by increasing the attenuation level of filtering.

in vivo data have demonstrated that the proposed method not
only improves the angular resolution of fODFs, but also enhances the robustness to noise and variation in b-values. Though
this study was focused on enhancement of fODF reconstruction in low angular resolution DWI, the proposed framework
can be applied to any HARDI-based study. By decomposition, we can obtain rich information about the components of
ODFs and, therefore, help to gain a deeper understanding about
inner fiber reconstruction and the relationship between ODF
components.
We also explored the potential of applying the proposed
method to DWI data acquired with relatively low b-value
(1000 s/mm2 ), which is commonly used in clinical studies.
The HARDI-based methods require high angular resolution and
high b-values, which are not suitable for such data without additional improvements in methodology. The promising results

Fig. 9. In vivo DWI images taken from the same slice. (a) B0 image, (b) DWI
image, and (c) FA map.

of sICA from this study suggest that the proposed method has
the potential to improve the qualitative description of inner fiber
architecture if applied to low angular resolution DWI data from
human brain white matter studies.
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Fig. 10. Results of ODFs obtained from in vivo data (b = 1000 s/mm 2 ,
55 directions) with enlarged views of ODFs from selected voxels: (a) AQBI,
(b) UFSD, (c) FSD, and (d) sICA.

The presence of negative values in results of fODFs is one
common issue in deconvolution-based methods. In this work,
due to fewer gradient directions in the data acquisition, only SH
order of 4 was used and the effect of the negative values was
relatively small. Those negative values can therefore be ignored
as in [12], [15]. Deconvolution-based methods have a problem
in isotropic regions, which has not been tackled in this study, as
the proposed method is based on fODF initially estimated from
the SD method. One solution for this was applied in [28], in
which the FA value was used as the threshold to exclude those
isotropic voxels, so the proposed method can be mainly applied
to the anisotropic voxels.
It is noticed that the process in the sICA model has some similarity with singular-spectrum analysis (SSA) [41]. The SSA
decomposes the time series into several additive components,
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such as the slowly varying parts of a time series, various “oscillatory” components and noise components. But SSA usually
applies singular value decomposition (SVD) or principal component analysis (PCA), so the components are orthogonal but
not necessarily statistically independent as in sICA.
Like all ICA approaches, the proposed method faces open
issues such as ambiguities in scaling and order of outputs, selection of the number of components and identification of desired
components. The scaling ambiguity was solved by prewhitening
so that all ICs were normalized. Generally, the number of components can be estimated based on a threshold for eigenvalues
and the desired IC can be selected based on prior knowledge, but
this is not suitable here as there is still no proper method to identify the desired IC from the outputs in this study. In [37], [39],
a grouping process was carried out to classify the spectrum of
ICs based on k-means clustering; the desired component was
then selected based on the prior knowledge. In [38], the desired
IC was selected by visual inspection. These approaches are not
applicable here due to lack of prior information about the true
fODF in real data. In this study, we set the number of IC as 2,
because we wished to obtain only two ICs (fODF and noise),
and the IC with a greater energy (the most dominant component)
was selected from the two ICs. These parameter settings appear
to work well in both phantom and in vivo data. The results from
the phantom data agree with the ground truth, and the results
from the in vivo data appear to be in accordance with the known
contributing fiber tracts.
However, it should be noted that the parameter settings in this
sICA application were based on the fact that we were working
on the DWI with a relatively small number of directions, so
an SH of order-4 was used. It has been noticed in our study
that with an increase of SH order, the ICs from sICA become
complex and 2 ICs are no longer suitable. Further investigation
is needed to find out more information about the desired fODF.
If such prior information is available, the number of ICs can be
estimated accordingly and the selection of desired components
can be achieved by a proper postprocessing approach or by
adding a constraint into the separation process.
VI. CONCLUSION
In this paper, we have presented a novel framework in which
the well known ICA technique is incorporated with a spherical deconvolutionbased method to enhance the performance
of fODF reconstruction in low angular resolution DWI. In the
present study, a single channel ICA model was employed to decompose an initial estimation of fODF by the SD method, which
is considered as a signal mixed with noise, artifacts and desired
“true” fODF. The results from numerical simulations, phantom
data and in vivo data demonstrate that sICA can separate the
fODF from the noise and artifacts, which not only achieves better performance in terms of robustness to noise and variations
in b-values, but also improves the angular resolution of fODF
in fiber crossing areas. The proposed new framework provides
a link by which advanced fiber orientation reconstruction methods can be applied to clinical studies. Apart from these, with
future improvements to the algorithm, the proposed framework
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can also be considered as a general enhancement technique for
DWI research.
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