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ABSTRACT

We propose a novel real-time non central x (nc-x) noise correction
method for diffusion-weighted MR data that are known to be partic-
ularly sensitive to noise, especially at high b-values. This technique
aims to be real-time during the acquisition to get any map stem-
ming from the Diffusion Tensor Imaging (DTI) and the High Angu-
lar Resolution Diffusion Imaging (HARDI) models corrected from
nc-x noise. The method is based on a Parallel Kalman Filter which
is well adapted for non-Gaussian noise distributions, and which is as
suitable for real time purposes as the standard Kalman filter (KF).
The results on simulated and real HARDI data show that it outper-
forms the standard KF approach since non-Gaussian noise distribu-
tions are directly embedded in the process through their Gaussian
mixture approximation.

Index Terms— HARDI, Parallel Kalman, non central x noise,
noise correction, real-time.

1. INTRODUCTION

When dealing with real-time processes, the Kalman Filter (KF)
comes to mind as a least-squares incremental solver very suitable
for real-time purposes [1]. Unfortunately, the KF is restricted to
processes corrupted by Gaussian noise. To overcome this limit, a
Parallel Kalman Filter (PKF) was developed by [2], inspired from
the KF with an extension to non-Gaussian noise filtering. In [2],
the PKF is theoretically described for any non-Gaussian noise and
is shown to be efficient in the field of Narrowband Interference
Suppression. The PKF might also be able to offer a prospect in the
context of real-time diffusion-weighted (DW) Magnetic Resonance
Imaging (rt-dMRI) for the correction of the DW data.

The purpose of rt-dMRI is to perform diffusion tensor (DTI) and
HARDI imaging during the acquisition [3]. This technique improves
clinical protocols as it allows stopping and restarting acquisitions at
any time without threatening the quality of the final data. Further-
more, inherited information stemming from DTI or HARDI such
as maps of the apparent diffusion coefficient (ADC), maps of the
generalized fractional anisotropy (GFA) and maps of the orientation
distribution functions (ODFs) can be estimated at any step of the ac-
quisition, thus saving time for clinicians since long post-processing
tasks increasing the diagnosis duration can be avoided.

But, in rt-dMRI, as well as in dMRI with offline reconstruc-
tion, the noise present in the data greatly decreases image quality,
especially when using high b-values. This noise was first decribed
as being Rician, which is valid in case of a single-channel acquisi-
tion. In case of a multiple-channel acquisition with a Sum-of-squares
(SoS) reconstruction, the measured magnitude of the magnetization
follows a non central x (nc-x) distribution. But this hypothesis is
only valid if there is no correlation between the receiving channels.
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Moreover, the noise is no longer stationary if correlation exists [4, 5].
However, recent work has shown that the nc-x noise model can be a
good approximation, when in addition, an effective number of chan-
nels and an effective noise variance are used [5]. A similar study was
performed for Generalized Autocalibrating Partially Parallel Acqui-
sition (GRAPPA) reconstructions [6]. When using the Sensitivity
Encoding for Fast MRI (SENSE) algorithm, the nc-x distribution
simplifies again into a Rician distribution, which is a particular case
of the nc-x one [7].

Concerning MRI real-time noise correction, most of the offline
correction techniques cannot be applied because they require to have
acquired the entire data set for all diffusion directions encoded be-
fore starting the denoising. And yet, a real-time correction has to
be done, by definition, after each new diffusion direction has been
acquired. The algorithm chosen has also to be quite fast to perform
corrected results nearly instantaneously during the exam. A real-
time nc-y noise correction method was already proposed by [8] in
a compatible way with the rt-dMRI environment introduced by [3].
This method relies on a Linear Minimum Mean Square Error Esti-
mator (LMMSE) extended to nc-x noise [9], and whose corrected
signal is then injected in a standard KF, embedded with a feedback
loop to lower the smoothing effect inherent to the LMMSE. As the
KF corrects for Gaussian noise only, the method in [8] assumes that
the LMMSE leaves a Gaussian noise in the corrected signal injected
in the KF. This hypothesis is precisely the major flaw of the tech-
nique because it is impossible to verify that the resulting noise is re-
ally Gaussian. Furthermore, it is highly sensitive to any error on the
LMMSE estimation. To overcome this problem, we propose a new
real-time noise correction based on the PKF, which directly embeds
a non-Gaussian distribution through its Gaussian mixture represen-
tation. Thereby, we also perform here the first adaptation of the PKF
to this particular real-time nc-x noise correction issue.

2. METHODS

In our case, the PKF purpose is to simplify the nc-y noise correction
problem in a Gaussian one, using the idea that the distribution of a
signal corrupted by any non-Gaussian noise can be approximated by
a Gaussian mixture [4].

Figure 1 synthesizes the global method which can be summa-
rized as follows: first, the LMMSE is applied to the measured DW
signal M (v, o), at position v € R? for the orientation o € S?,
in order to give an estimate of the noise-free signal S (v,0). Also,
the noise standard deviation is estimated globally for the whole DW
volume, using the method proposed by [10]:
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Fig. 1. The real-time noise correction algorithm in a global view.
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where Mg (v) is the measured magnitude at the voxel v in the
background region; mode ((Mpg)) is the distribution mode of the
mean of Myg(v); (z)n is the Pochhammer symbol defined as

()n = r;;(fi:?l) with I' the Gamma function. Both estimations

& and S(v,0), with the measured magnitude M (v, o) completely
define the nc-x distribution of M (v, o). This allows, in a second
stage, to approximate this distribution by a Gaussian mixture using
a Levenberg-Marquardt algorithm. It corresponds to the FIT block
in the figure 1. Finally, this mixture of f Gaussian distributions is
injected in a PKF, which calculates, in real-time, the coefficients
characterizing the noise-corrected signal in the modified Spheri-
cal Harmonics (SH) basis employed in the analytical Q-ball model
using a constant solid angle developed in [11].

The PKF details are given in figure 2, which shows the refine-
ment, also called update, after the acquisition of the o'" diffusion
orientation, of the previously corrected results of the o — 1" diffu-
sion orientation. The job of the PKF is to take into account each
Gaussian noise through linear systems working in parallel, using the
results of the approximation done by the Levenberg-Marquardt al-
gorithm and using the vector a(o) = [Ao1, ..., Aor] corresponding
to the o'" row of the M x R matrix A of the modified SH basis,
defined such that:
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@)
with M the number of diffusion encoding directions, which corre-
sponds to the number of iterations during the real-time process and

= (N + 1)(NN + 2)/2 the number of Spherical Harmonics (SH)
with N the maximum SH order. These linear systems (figure 2),
calculated in the PKF, are then gathered in a single density being a
Bayesian a posteriori estimate of the Gaussian mixture. This col-
lapsed density has only one Gaussian term and can be injected in a
Kalman-like filter (figure 2), which equations give the expressions of
the innovation v(o0), the Kalman gain k(0), the normalized covari-
ance matrix P(0) of the state vector x and the updated estimate of
the state vector X(o). The Kalman-like filter delivers the updated es-
timates of the state vectors, corresponding to the optimal corrected
coefficients C?WI. From them, the corrected DW signals can be
obtained, as well as any map of the DTI and HARDI models.
As in [8], a feedback loop is used to limit the smoothing effect
induced by the LMMSE. This loop defines weighting coefficients
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that are composed of a spatial and a structural term that are defined

as:
v —v)?
Wspatial(V, V') = exp (_%) ’ 3)
and
al 2
Z (CDWI CDWI(]))
wstTuctural(V VI) =exp | — J=1
b 2/82 ,
(4)

where C?WI is the current value of the Parallel Kalman filter
state vector at voxel v (/N being the length of the state vector),
and « and 3 are two constants driving the magnitude of the spatial
and structural weightings. Wspatial(V, v') modulates the influ-
ence of the neighboring voxels according to their distance from
the central voxel, thus preserving resolution of thin structures.
Wetryctural(V, V') is based on a metric of Orientation Distribu-
tion Function (ODF) similarities introduced in [12] and favours
neighboring voxels having a similar underlying structure. Thus, the
feedback loop constrains the LMMSE spatially and structurally for
better accuracy.

The PKF was initialized by setting the initial guess %(0) to the
null vector. The initial covariance matrix was set to P(0) = (cI +
AL) ™! with ¢ = 107°, as suggested by [13] to optimize the con-
vergence of the filter. I represents the identity matrix, A is a regular-
ization factor, and L is the Laplace-Beltrami operator. This operator
regularizes the solution and prevents remaining noise peaks to con-
tribute to the final solution. The initial weight was defined such that:
’UJ(V, VI) = wspatial("v V,)-

To recap, this complex combination of tools (the LMMSE fol-
lowed by a Levenberg-Marquardt fit to then perform the PKF) better
respects the noise configuration issue than the simpler method by [8],
which flaw is to assume a resulting Gaussian noise in the LMMSE
corrected result injected in a KF. The next section compares both
methods on the experimental front.

3. RESULTS AND DISCUSSION

‘We compared this new real-time method (PKF) to the one proposed
by [8] on both simulated and real DW data corrupted by nc-y noise.

3.1. Simulated DW data

We created 3D volumes of noise-free T2-weighted and DW data
used as ground truth depicting a crossing of 2 fiber bundles. This
simulation was done using a Gaussian mixture model for the fibre
crossing, assuming that there is no water molecules’ exchange be-
tween the 2 compartments corresponding to the 2 bundles. This
hypothesis remains acceptable, as exchange time between com-
partments is much longer than the diffusion time used in dMRI
experiments. To add the nc-x noise with a number of chan-
nels n = 4, we first calculated the noise-free signals S(i) that
each channel would receive, assuming that all channels receive
the same signal: Vi € [1;n],S({) = Snoise—free/n. Thus,
the noisy signal is given by the non linear transform: Syoisy =

n 1/2
(Z (S(8) + 1reat(i))? + Nimag (i)2)

i=0
Nimag (1) are respectively the real and imaginary noises added on

where Mypeqi(i) and
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Fig. 2. The detailed PKF adapted from [2].

channel 7. They are generated using a Gaussian noise distribu-
tion with different standard deviation o going from 15 to 65 for a
T2-weighted signal So = 700.

Using a 5x 5 x 5 neighborhood, we tested the method introduced
by [8] and ours on the analytical Q-ball model using a constant solid
angle (CSA) developed in [11]. The maximum SH order N was set to
8 and the Laplace-Beltrami regularization factor A was set to 0.006.
To quantitatively validate our new real-time method, we measured
the quadratic errors between the CSA ODFs of the noise-free data
and all other data:

€= i <i (eP™6) - é?w‘(j)f) L

v=1 \j=1

where CPW! is the SH coefficient vector of the noise-free DW sig-
nal of voxel v (M is the number of voxels in the field) and C?WI
is either the noisy or the corrected coefficient vector. Fig. 3 reveals
a similar decreased ¢ using both methods. Nevertheless, the visual
results on the CSA ODFs give a clear preference for the PKF method
over the method by [8] because the crossing information in the CSA
ODF is better retrieved with far less bias between the two peaks.

3.2. Real DW data

We also compared both real-time methods on real DW data ac-
quired on a Magnetom Tim Trio 3T MRI system (Siemens Med-
ical Solutions, Erlangen, Germany), using a gradient sampling
scheme of 60 orientations uniformly distributed over a sphere at
b = 4500s.mm 2. Three reference T2 weighted volumes were
acquired at b = Os.mm 2. The acquisition parameters were as
follows: Tr/Tr = 116ms/14s, field of view FOV = 198mm,
matrix 128 x 128, resolution 1.7 x 1.7 x 1.7mm?>, GRAPPA factor
of 2, read bandwidth RBW = 1628H z/pizel and a number of
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Fig. 3. Results on simulated data.

coils of 12 in an architecture of 4 X 3 coupled coils, so n = 4 in
this case. To take into account effects from correlations between
the n channels, an effective number of channels n.yy was calcu-
lated, as advised by [5], but we define it in an empirical manner by
choosing the n.y; value yielding the highest SNR after correction.
nesy = 2.0 and 2.6 respectively for the PKF method and the one by
[8].

We tested both methods on the DTI model (color-encoded RGB
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Fig. 4. Results on real data.

map) and on the analytical Q-ball model using a constant solid angle
(GFA and CSA ODF maps) with N = 8 and A = 0.006. Fig. 4
depicts the contrast improvement gained on the GFA and RGB maps
with both methods. Some structural details (e.g. in cortical areas
shown by the yellow arrows) are lost when applying the method pro-
posed by [8], whereas they are kept with the PKF method. Also
[8] produces a higher smoothing level, whereas the PKF technique
provides more accuracy towards the anatomical structures which is
confirmed on the ODF maps: the method in [8] neglects the raw in-
formation and loses one bundle direction. On the contrary, the CSA
ODF after the PKF technique contains the expected 3 main direc-
tions and is also sharper, with a decreased bias between the peaks.

Our nc-x noise correction was made available for real-time use,
thanks to a parallelization and a distribution on a cluster of 60 CPUs
that lead to a huge reduction of the processing time per volume: from
123s on a workstation to 1.5s with the cluster, thus far below the
repetition time of 14s and making the technique fully compatible
with real-time.

4. CONCLUSION

We developed a real-time nc-x noise correction method, compatible
with the real-time environment of [3], that does not rely on any hy-
pothesis compared to [8], which assumes a Gaussian noise left by
the LMMSE in the signal given to the KF. Moreover, our results on
simulated and real data demonstrate the improvement given by our
method over the one in [8]: good noise cleaning with the preser-
vation of the details. Finally, our method is fast enough to be per-
formed on the state-of-the-art HARDI models in real-time. To keep
this possible, we assumed that the noise was stationary, as well as
ness. Further work will be done to tackle the non-stationary situa-
tion.
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