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Abstract

We propose a new information-theoretic metric, the symmetric Kullback-Leibler divergence (sKL-
divergence), to measure the difference between two water diffusivity profiles in high angular
resolution diffusion imaging (HARDI). Water diffusivity profiles are modeled as probability density
functions on the unit sphere, and the sKL-divergence is computed from a spherical harmonic series,
which greatly reduces computational complexity. Adjustment of the orientation of diffusivity
functions is essential when the image is being warped, so we propose a fast algorithm to determine
the principal direction of diffusivity functions using principal component analysis (PCA). We
compare sKL-divergence with other inner-product based cost functions using synthetic samples and
real HARDI data, and show that the sKL-divergence is highly sensitive in detecting small differences
between two diffusivity profiles and therefore shows promise for applications in the nonlinear
registration and multi-subject statistical analysis of HARDI data.

1 Introduction

High angular resolution diffusion imaging (HARDI) is a variant of conventional MRI that uses
multiple radially-distributed gradients to encode directional profiles and orientations of water
diffusion [1]. In conventional diffusion tensor imaging (DTI), the 3D diffusion profile of water
molecules at each point in the brain is considered to have an ellipsoidal profile, which can be
modeled using a second-rank tensor. Theoretically, 7 diffusion-encoding gradients are
sufficient for fitting a tensor. By contrast, HARDI applies many more diffusion-encoding
gradients to measure diffusivity at high angular resolution, revealing the detailed orientation
profile for water diffusion within each voxel. Diffusivity profiles can be resolved more clearly
in brain regions where fiber tracts cross, providing more accurate information for fiber-tracking
(tractography), disease detection, and analysis of anatomical connectivity.

Several successful algorithms exist for linear and nonlinear registration of DTI [2—4].
Registration of HARDI data has not been widely studied, perhaps because HARDI yields high-
dimensional datasets, often with 30—100 observations per voxel (corresponding to the number
of gradient directions), compared with 6 independent parameters per voxel in DTI. Modeling
and comparing diffusivity profiles is therefore computationally expensive, but vital for guiding
alignment (registration) of HARDI data across subjects or time, prior to multisubject statistical
analysis.

Several cost functions have been proposed for DTI registration, such as Euclidean or log-
Euclidean distance between two diffusion profiles, or the multichannel sum of squared
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differences (SSD) [5]. Here we evaluate a new information-theoretic metric, the symmetric
Kullback-Leibler divergence (sKL-divergence), for measuring differences between diffusivity
profiles in HARDI. Information theory is relevant for estimating diffusivity profiles and also
for measuring anisotropy (e.g., the cumulative residual entropy method [6,7]). Vemuri [8]
successfully used the sKL-divergence to measure the distance between two Gaussian tensors,
for DTI segmentation. Here we compute sKL-divergence from spherical harmonic expansions
of the orientation-dependent diffusion functions (ODFs). Spherical harmonic series are widely
used in HARDI visualization and regularization [9,10]; they can help in efficiently computing
the diffusion displacement probabilities [11], and visualizing the ODF at each voxel [12]. We
show that sKL-divergence is more robust than standard inner product measures for detecting
small rotational deviations between HARDI data, at various diffusion weights and noise levels,
making it an attractive measure for HARDI registration.

2.1 Kullback-Leibler Divergence of Two Diffusivity Functions

In HARDI, the signal attenuation in a specific direction, g, is given by the Stejskal-Tanner
equation [13]:
S(8) = Soexp(—=bD(g)). (1)

where b is the diffusion weighting factor, D is the scalar diffusivity (apparent diffusion
coefficient) and g is the diffusion-encoded gradient direction, with g = g(8, ¢) = [sin 6 cos ¢
sin 0 sin ¢ cos 6]T; @ and ¢ are the polar and azimuthal angles. Inspired by [14], we model the
diffusivity function as a probability density function (pdf), by normalizing its integral over the
spherical angle Q to 1:

p©, ¢) = DO, ¢)/gtr(D),

gtr(D) = [D(6,$)dQ,

Q ()

where gtr is the generalized trace of D [14]. For two diffusivity functions Dy and Dy, we define
the symmetric KL-divergence based on the corresponding pdfs p(é, ¢) and q(9, ¢):

sKL(p,q) = f plog(2)dQ + f glog(1)dQ
f plog(p)da f plog(q)dsz + f glog(q)dQ
_ 1

2 f qlog(p)dQ
3)

Applying Eq (2) to the integrals in Eq (3), for example,
[ plog(q)dQ = f sy 1 108(Dg) — log(g1r(Dg)1dQ
Q

- | Top)gfz D,log(D,)dQ

- log(gtr(D,/)),
(4)

we then have

o[’(D ) Ifl) IOg(Dp)dQ fl) log(l)q)dQ]
sKL(p,q) = -

+ oDy grr(D(,)

f Dglog(D)d<) — f D log(Dp)dQI
®)
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Direct estimation of sKL in Eq (5) is computationally expensive, but is faster if we expand the
diffusivity functions D(6, ¢) as a spherical harmonic (SH) series [9,10]:

o
DO.6)= 3 % V0.0,

1=0m=—

21+1) (I-m)! i
176.9) = BT prcospen o

here P (c0s) are the associated Legendre polynomials. D(0, ¢) is real and radially symmetric,
so it is sufficient to adopt a real basis function set Y|, while retaining the orthonormality of

Y/ 110]:
oo 1
DG, ¢) = Z Z CimYim(0, ¢)s

1=0,evenm=—1
g((_l)my;n + Y;"I), if —Il<m<0
Y = Y, ifm=0 1=0,2,4,...
g((_l)nHlYIm_'_ Y]—m)’ ifo<m<lI o

As the Y|, are orthonormal, the inner product of the real functions D, and D can be expressed
D . Dy
in terms of their SH coefficients (Cim and ¢;,)):

) 1

[DiO.OD0.pdQ = Y N Dl
Q

1=0,evenm=—1 (8)

Moreover, it can be shown that (see Appendix for derivations):
D6, $)dQ = 2 Vrco.
Q

(9)
Therefore, sKL in Eq (5) can be expanded in terms of the SH series, as follows:
) !
1 N P4
1 % 2 02(;‘,“”";_ [[Clmdlm - ledlmJ
sKL(p,q) = 3 1 e ! :
a a gp
+%/:0§venm§—llClmdzn - (’IdemJ (10)
oo ] ) oo 1 )
Dj= Y >l YimlogDp= > >dl Yy and j€ [p.q}
where 1=0,evenm=—1 1=0,evenm=-1 .

For numerical implementation, we use a truncated SH series with | <, where I, is a positive
even integer; the total length of the SH series is ny = (I, +1)(In+2)/2. We follow the least-
squares method [9,10] to solve Eq (7), yielding the SH coefficients:

—1 .1
C=(B"B) B'D. (1)

Here C=[cq ¢y - - Cn,-1]", and D = [D(Bp, o) D(01, 91): - D(Bng, ng)1™ Which represents the
diffusivity function measured in ng gradient directions, and B is the matrix of basis functions,
with elements Bjj = Yj (0, ¢ ). Here we map (Cm, Yim) in Eq (7) to (cj, Yj), using the relationship
j = [(12+1)/2] + m. Usually n, < ng, so it is more cost-effective to compute sKL using the SH
method (Eq (10)) rather than using Eq (5) directly.

2.2 Reorientation of Diffusivity Functions

Similar to diffusion tensors in DTI, the diffusivity functions in HARDI are oriented and their
directions must be adjusted when the HARDI data are linearly or nonlinearly transformed. We
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adopt the “Preservation of Principal Directions (PPD)” method [15], which preserves the shape
of the diffusivity function along the local principal fiber orientation. With DTI, given the local
Jacobian matrix J of the image transformation, the PPD procedure yields a rotation matrix that
rotates the first eigenvector e; onto Je;/|Jeq| and the second eigenvector e, onto the plane
spanned by Jeq/|Jeq| and Jey/|Jey| In HARDI, however, a single diffusivity function may have
multiple local maxima that are computationally expensive to determine [16], and thus not
practical to perform at every iteration during image warping. Here we propose a fast algorithm
to determine the principal direction of the diffusivity function, based on the principal
componentanalysis (PCA) of its shape [17]. At each direction sampled by the diffusion gradient
a(6i, ¢i), 0 <i < ng, we define a point with distance to the origin d; = D(6;, ¢;) 9(6i, i) = (dip,
di1, di2), where the last term is the Cartesian coordinates of d;. The mean and the covariance
matrices, « and X, of the point set {d;} are given by

ns—1 ns—1

1 1 ..
Hj= ;Zdij;zij = ;Z(dki —pi)dj — p1),0 <1, j < 3.
5 =0 5 k=0

(12)
The principal direction of the diffusivity function is determined by the first eigenvector of X.
The rotation matrix R, which adjusts the direction of the diffusivity function, is then obtained

using the PPD procedure, and the new gradient directions &(;-¢7) = R - 8(6;. ),

However, it is advantageous to have values of the reoriented diffusivity function in the

original directions (6;, ¢;), rather than the new ones (647, because (1) we do not need to keep
track of new reoriented gradient directions at each iteration of image warping, and (2) sKL (or
other cost functions) can be compared on diffusivity functions sampled at identical gradient
directions for the target image (which is fixed) and the source (which is moving and in which
the diffusivity functions are being reoriented). Because the gradient directions are only
discretely sampled, the reoriented diffusivity functions are constructed by “pushing” the values
sampled at the original directions to the new directions, so the values of the reoriented function
at the original directions are not known. These new values can be computed from the SH series,
as the basis functions Y|, are continuous and defined at all spherical angles. If

(A0, Ad:) = (6; = 01,67 — 6), then the values of the reoriented diffusivity functions D’ in the
original directions (6, ;) are given by

) 1

D66 = DO = A 6= A$) = D ) cin¥im(6i = Ay, 65— ABy),

1=0evenm=-1 (13)

where ¢, are the SH coefficients of the original diffusivity function D (see Eq (7)).

2.3 Interpolation of Diffusivity Functions

Diffusivity functions must be interpolated when the HARDI data is warped and the new voxel
locations are not on lattice points. It is natural to interpolate diffusivity functions separately
for each gradient direction (i.e., multichannel interpolation). We therefore performed linear
interpolation of D(@, ¢ ;), log(D(@, ¢ i)), and of the MR signals S(8;, ¢ ;) in synthetic samples
and compared the swelling effect (i.e., loss of anisotropy) of these three interpolation schemes.

3 Experiments and Results

Synthetic examples

We constructed a two-fiber diffusivity function using two orthogonal Gaussian tensors, Tgand
T4, with typical eigenvalues for white-matter (WM) fibers [9,10]. We set Ty = diag(200, 200,
1700) x 1076 (mm?/s); T; was obtained by rotating Ty 90 degrees around the y-axis. We also
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generated an isotropic gray-matter (GM) diffusivity function by setting Tjs, = diag(700, 700,
700) x 1075 (mm?/s). Then the diffusivity function D is given by

n—1

1
D= —EZp,-exp(—bgTT,-g),
i=0 (14)

where n is the number of fibers. pg = p1 = 0.5 for two-fiber structures and pg = 1 for the isotropic
diffusivity function. The gradient direction vector g consisted of 162 sampled points
determined using an electrostatic approach [18]. Different b values (500, 1500, 3000) s/mm?
were tested. The order of the SH series (l,,) was set to 8.

The HARDI data was acquired from a healthy 22-year-old man imaged as part of a research
study of twins on a 4T Bruker Medspec MRI scanner using an optimized diffusion tensor
sequence [18]. Imaging parameters were: 21 axial slices (5 mm thick), FOV =24 cm, TR/TE
6090/104.5 ms, 0.5 mm gap, with a 128x100 acquisition matrix and 30 images acquired at
each location: 3 low (b = 0) and 27 high diffusion-weighted images in which the encoding
gradient vectors were uniformly radially distributed in space (b = 1100 s/mm?) using the
electrostatic approach in [18]. The reconstruction matrix was 128x128, yielding a 1.875x1.875
mm? in-plane resolution. The total scan time was 3.09 minutes. We set |, = 4 for the spherical
harmonic analysis.

Fig. 1 shows that the principal directions determined from HARDI by the PCA method are
compatible with those computed by DTI and persistent angle structures (PAS) fitting using the
software Camino developed at University College, London [19], in major WM fiber structures.
Fig. 2 compares the fiber directions when the HARDI data was rotated by 60 degrees around
the inferior-superior axis passing through its center of mass, with and without reorientation of
the diffusivity functions. As observed in [15,20], our results show that the orientation of the
diffusivity functions must be adjusted when the image is transformed, to maintain the spatial
coherence of the principal fiber directions. To do this, we used the PPD procedure, which is
more accurate than other methods (e.g., Finite Strain [3,15]) as it takes the original fiber
directions into account. PCA determines one eigendirection, so it is appropriate for diffusivity
functions with a single global maximum, or with a dominant local maximum relative to other
small local maxima. In diffusivity functions with multiple local maxima, such as in regions
where fibers cross (e.g. the synthetic samples in Fig. 3), the principal direction estimated by
PCA becomes arbitrary, and the simple PPD procedure may not be applicable in these regions.

Fig. 3 shows diffusivity functions at intermediate positions x = 0.1, 0.3, .. 0.9, obtained by
linear interpolation of the diffusivity function D, log(D), and MR signals S in each gradient
direction, when the two-fiber synthetic function was placed at x = 0, and the isotropic one at
x=1

Direct interpolation of the MR signals results in the least swelling, or loss of anisotropy, in the
diffusivity function. Euclidean interpolation may also be more appropriate for the MR signals,
which are physical entities. Linear interpolation using log(D) performs better than D (as least
in terms of degrading the signal geometry). Computing log(D) may therefore be an acceptable
alternative to computing S. Log(D) can be computed in the spherical harmonic domain (see
Eq (10)), which is more economical in terms of memory than performing interpolation on S -
this may be beneficial for HARDI registration.

We compared the symmetric KL-divergence (sKL) with other two cost functions, the inner
product of diffusivity functions in Eq (8) with and without the linear (I = 0) term [3,21], on
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synthetic examples that were noise-free, or with Rician noise added to MR signals S such that
the signal-to-noise ratio (SNR) was 35 or 10 [22]. The inner product without the | = 0 term is
designed to compare only the anisotropic part of the diffusivity functions [3]. Two identical
two-fiber synthetic diffusivity functions served as the source and the target objects, with the
source object rotating from 0 (complete overlap) to 90 degrees. The three metrics were
normalized for comparisons (as detailed in Fig. 4). Fig. 4 shows that at different noise levels,
the sKL cost function detects angular discrepancies in diffusivity functions more sensitively
than the inner product with/without the | = 0 term, in low b-settings. SKL is also still comparable
in performance with the inner product without | = 0 term, at a high b-value. The performance
of sKL is therefore stable under various diffusion weightings, and it is applicable in ordinary
MRI/DTI acquisition settings, though a high b-value can detect higher-order angular structures
in WM fibers, at the cost of a decreased SNR [1].

We further compared the three cost functions, which were summed over all voxels, in the 3D
HARDI data. Two identical HARDI data was initially overlapped (rotation angle = 0 degree),
and then one image was rotated (with diffusivity functions reoriented) up to £20 degrees, with
sKL and inner products (with/without | = 0 term) computed at every two degrees. Fig. 5 shows
that sKL has very sharp gradient near the optimal solution, and is sensitive enough to detect
2-degree deviation of the images. The symmetric KL-divergence is therefore a good candidate
cost function for registration of HARDI, which we expect to evaluate in the near future.
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Appendix

n 2r
f D@O.¢)dQ = [ [ Z Z CimYim(6, p)dpsindde
=0¢= 0!=0,evenm=-1
n2n
= ¥ eo [ [Y(6, ¢)dgsinodo
1=0,even ()
1 n2n

r ¥ Cim f f Yy(6, §)dsin6ds.

1=0, evenmf—l m#0 (A1)

Given that

[of&Ym©, ¢)dgsingds = (| L EmL % pmcosg)singde
. ( (Z)nei/n¢d¢)

=0, if m#0, (A2)

T dp =0, ifm# 0

since , we have

o0 l n2r

D> S [Yin(6. )ddsinbde = o.

1=0,evenm=—1,m#0 00 (A3)

Here we use the definition of Y|, in Eq (7), where Y, comes from linear combinations of
Y/" Therefore, Eq (A1) becomes
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n2r

f DO.9)dQ = 02 ¢ f f Yi0(6, p)dsindde
even
=2r }: 21“ Do f " 9(cos6)sinfd6
I*O.even
=2r Z (ZM) lof P)(x)dx.
1=0,even (A4)

As the associated Legendre polynomials are orthogonal, such that

[ e 21+ m)!
X = —
-1k @+ -1 k], where dy is the Kronecker delta, we have
[h Pdx = [T PY)PY(x)dx = 280, (A5)

where P0(x) = 1. Therefore,

[21 1)
fD(H ¢)dQ = 4n Z @+ 61051022‘/_6'00

1=0,even (A6)
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FA Image Eigendirection Map

" PASMRI

Fig. 1.

The eigendirection map for the HARDI data, determined using the PCA method. Fibers with
right-left orientation are shown in red, anterior-posterior in green, and inferior-superior in blue.
The eigendirections correctly depict the orientations of major WM fiber structures, and are
compatible with the tensor glyphs and PAS computed using the visualization software
“Camino” [19]. FA: fractional anisotropy.
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Original S Image Rotation without Image Rotation with
riginal Scan Reorientation of Diffusivity Reorientation of Diffusivity
Function Function

Fig. 2.

The orientation-dependent diffusivity functions in the splenium of the corpus callosum are no
longer consistent with the known directions of the underlying WM fibers when the image
voxels are simply resampled to new locations by rotation but without reorientation of
diffusivity functions. The PPD procedure corrects this, and the diffusivity functions remain
aligned with the WM fibers that they represent.
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Fig. 3.
Comparison of diffusivity functions obtained by linear interpolation of D, log(D) and S.
Interpolation using the MR signal S best preserves the anisotropy of the diffusivity function.
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Two identical synthetic diffusivity samples (no noise or with Rician noise added) were initially
overlapped and rotated by ¢ =0 to 90°. We compared the differences between the rotated and
non-rotated samples with the symmetric KL-divergence (sKL) and inner product (IP) with/
without | = 0 term. In noise-free samples, ¢ = 45° gives the maximum sKL and minimum IP
values. To facilitate comparisons, sKL and IP values have been normalized such that the
normalized sKL(¢g) = 100 x sKL(g)/sKL(¢ = 45°), and normalized IP(¢g) = 100 x [1 — IP(g)/IP

(¢=0°)].
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Fig. 5.

Comparisons of the changes in symmetric KL-divergence (sKL) and inner product (IP) (with/
without | = 0 term) at different rotation angles ¢ (from —20° to +20°, in increments of 2°) for
two identical HARDI diffusion profiles. sKL and IP values have been normalized, with
normalized f(¢) = abs[(f(¢) — f(¢ = 0°))/(f(¢ = 20°) — f(¢ = 0°))]. The angular profile of sKL is
very sharp, and can detect rotational deviations of the image, with a magnitude as small as 2°.
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