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ABSTRACT

Fiber tracking techniques are essential for representing and

visualizing the cardiac fiber architecture information en-

coded in diffusion-tensor imaging (DTI) data. We propose a

neighborhood-based probabilistic fiber tracking method for

cardiac DTI which accounts for spatial correlation and data

uncertainty. The method consists in tracking fiber paths by

sampling step directions from a normalized weighted sum of

local fiber orientation probability distributions. The sum is

over a predefined neighborhood of the current position in the

fiber path, and the weights depend on fractional anisotropy,

angular change and distance to the current position. Exper-

imental results on synthetic data and on real human cardiac

data show that, compared to the streamlining approach, the

proposed method is meaningfully more robust to noise and

produces smoother and more consistent fibers.

Index Terms— Magnetic resonance imaging (MRI),

diffusion-tensor imaging (DTI), fiber tracking, probabilistic

tracking.

1. INTRODUCTION

Fiber tracking techniques are essential for representing and

visualizing the fiber architecture information encoded in

diffusion-tensor imaging (DTI) data [1]. Standard tracking

methods such as streamlining generate fiber paths from tensor

fields or from principal eigenvector fields [2] without taking

data uncertainty into account. Consequently, standard track-

ing methods usually require some preprocessing to remove

noise and artifacts from the raw diffusion-weighted (DW)

data (or from the tensor field extracted from the DW data, or

from the principal eigenvector field computed from the ten-

sors). Fiber tracking can be improved by resorting to global

optimization or probabilistic modeling. Global methods have

a better ability to extract fiber bundles from human brain data

[3] or from low SNR human cardiac data [4], but they are

computationally very expensive. Probabilistic tracking meth-

ods explicitly account for data uncertainty by describing the

local fiber orientation via a posterior probability distribution

that incorporates data likelihood and prior information [5, 6]

(fiber paths are generated by following the directions ran-

domly sampled from this posterior), but they do not exploit

the spatial correlation of the fiber orientations that is observed

in the cardiac muscle tissue architecture.

In this paper, we propose an efficient probabilistic method

that takes spatial correlation into account. The method con-

sists in tracking fiber paths by sampling step directions from a

normalized weighted sum of local fiber orientation probabil-

ity distributions. The sum is over a predefined neighborhood

of the current position in the fiber path, and the weights de-

pend on fractional anisotropy, angular change and distance to

the current position. Our method is described in the next sec-

tion. We provide experimental results on synthetic data and

on real human cardiac data in Section 3.

2. METHOD

The raw DTI data produced by MRI machines consists in

N DW volumes associated with each gradient direction g(i),
i ∈ [[1, N ]] ([[1, N ]] is a shorthand notation for {1, . . . N}).
Each raw DW volume y(i) is defined on a 3-D voxel lattice V ,

and we let y
(i)
v denote the intensity of y(i) at voxel v ∈ V . As-

suming that the SNR is sufficiently high, the observed voxel

intensities can be modeled by taking the logarithm of the true

voxel intensities and adding the realizations of independent

Gaussian random variables [7], that is, for any i ∈ [[1, N ]] and

any v ∈ V ,

ln y(i)v = lnμ(i)
v + ε(i)v (1)

with ε
(i)
v ∼ N (0, (σv/μ

(i)
v

)2 )
. In this case, the conditional

distribution of the log-transformed data zv =
(
ln(y

(1)
v ), . . . ,

ln(y
(N)
v )

)
given μv = (μ

(1)
v , . . . , μ

(N)
v ) and the residual noise

standard deviation σv writes

P(zv|μv, σv)

=

N∏
i=1

μ
(i)
v

σv

√
2π

exp

(
− (μ

(i)
v )2

2σ2
v

(
ln

y
(i)
v

μ
(i)
v

)2)
.

(2)

To express the data likelihood in terms of the principal diffu-

sion direction field — denote it by {vv ∈ U; v ∈ V } with U

being the unit sphere — we model the true DW data μ using

the constrained model proposed in [8]. This model is obtained

by assuming that the two smallest eigenvalues of each diffu-

sion tensor Dv are equal; it approximates μv by a function of
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vv that is parameterized by a set θv of parameters computed

from the eigen-decomposition of Dv . The modified likeli-

hood is given by

P(zv|vv = u,θv, σv) = P(zv|μv = μ̂(u;θv), σv), (3)

where μ̂( · ;θv) is the constrained-model approximation of

the true voxel intensities: letting λ1,v , λ2,v and λ3,v be the

eigenvalues of Dv with λ1,v � λ2,v � λ3,v , we have

μ̂(i)(u;θv) = μ(0)
v exp

(− b(i)
(
θv,1 + θv,2〈g(i),u〉2

))
(4)

with θv,1 =
λ2,v + λ3,v

2
and θv,2 = λ1,v − θv,1, (5)

where 〈·, ·〉 denotes the standard Euclidean dot product, μ(0)

is the true non-diffusion-weighted volume (in practice, μ(0)

is replaced by its experimental measurement y(0)), and the

gradient directions g(i) and the b-values b(i) are known exper-

imental parameters.

If we do not assume any prior knowledge on the diffu-

sion direction or on the raw data, the function u ∈ U �→
P(zv|vv = u,θv, σv) is proportional to the diffusion direc-

tion probability map at voxel v. The likelihood (3) is “voxel-

wise”: it only uses the information attached to the voxel under

consideration, and thus it does not take into account the spa-

tial correlation inherent to DTI data eligible for fiber tracking.

To overcome this weakness, we propose to define the likeli-

hood at a given voxel v as a weighted sum of the voxel-wise

likelihoods within a spatial neighborhood of v. We give more

weights to the voxels where the FA is high and to the vox-

els that define a small angular change in the direction of the

fiber being tracked. More precisely, let G be a neighborhood

system on V , that is, a collection G = {G(v) ; v ∈ V } of

subsets of V such that (i) v 	∈ G(v) for all v ∈ V , and (ii)

w ∈ G(v) ⇐⇒ v ∈ G(w) for all (v, w) ∈ V 2. Let w ∈ G(v)
be a neighbor of the current voxel v, let cw be the center of

w, and let−−−−→sk−1sk, sk ∈ v, be the last computed fiber segment

(see Fig. 1). Then, the weight assigned to w is given by

ξk(w) = (FA(w))α| cos(ϕk(cw))|β (6)

with cos(ϕk(a)) =

〈−−−−→sk−1sk,
−→ska
〉∥∥−−−−→sk−1sk

∥∥ ∥∥−→ska∥∥ , (7)

where α and β are positive parameters that control the in-

fluence of FA and angular change in the weighting process —

note that the angular weight is symmetric with respect to π/2,

so that forward and backward tracking of a given fiber are

equally likely. We also weight the influence of the neighbors

by a decreasing function of their distance to the current fiber

position sk. Denoting this function by ρ, the weighted likeli-

hood is defined by

P(zv|vv = u, sk−1, sk,θv, σv)

∝
∑

w∈G(v)∪{v}
ρ
(∥∥−−→skcw

∥∥)ξk(w)P(zw|vw = u,θw, σw),

(8)

ϕk(cω)

sk−1

sk cω

Fig. 1. Angular change used for weighting a neighbor w of the

center voxel v: ϕk(cw) is the angle between the last computed

fiber segment going from sk−1 to sk ∈ v and the vector going

from the current position sk to the center cw of w

where it is understood that sk ∈ v.

Following [6], the prior knowledge about fiber regularity

is modeled by a conditional probability P(sk+1|sk−1, sk) that

encourages the new step direction −−−−→sksk+1 to be close to the

previous step direction −−−−→sk−1sk and which decreases to zero

as the angle between −−−−→sk−1sk and −−−−→sksk+1 goes to π
2 :

P(sk+1| sk−1, sk)

∝
{
(cosϕk(sk+1))

γ if cosϕk(sk+1) > 0,

0 otherwise,

(9)

where cosϕk(·) is given by (7) and the parameter γ � 0 con-

trols the fiber regularity degree (the larger γ, the more regular

the reconstructed fibers). Note that the probability is zero for

angular changes greater than π
2 in order to prevent fibers from

going backwards.

Finally, the combination of the weighted likelihood (8)

together with the prior (9) gives the posterior distribution used

for sampling the local fiber directions:

P
(
sk+1 = sk + δu

∣∣ zvk , sk−1, sk,θvk , σvk

)
∝ P

(
zvk
∣∣vvk = u, sk−1, sk,θvk , σvk

)
× P

(
sk+1 = sk + δu

∣∣ sk−1, sk
)
,

(10)

where vk denotes the voxel in which sk lies and δ > 0 is

the step length of the tracking process. A fiber path is gener-

ated by iteratively sampling step directions from (10), starting

from a given seed point s0 and until the curvature exceeds a

user-defined threshold τ (the curvature κ at a point s of a fiber

path F is the reciprocal of the radius of the osculating circle

of F at s).

On the practical side, the unit sphere U is restricted to a

finite set U0 of possible step directions in order to facilitate

the sampling process. The first step direction is sampled from

P
(
s1 = s0 + δu

∣∣ zv0 , s0,θv0 , σv0

)
∝

∑
w∈G(v0)∪{v0}

ρ
(∥∥−−→s0cw

∥∥)(FA(w))α

× P(zw|vw = u,θw, σw),

(11)
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and the residual noise variance σ2
v is approximated by

σ̂2
v =

1

N − 5

N∑
i=1

(y(i)v − μ̂(i)(v�
v;θv))

2, (12)

where v�
v is the unit principal eigenvector of Dv (we divide

by N − 5 because the constrained-model approximation has

5 parameters, namely, θ1,v , θ2,v and the vector components

of the principal diffusion direction). The procedure for gen-

erating a fiber path s0, s1, . . . , sK given the seed s0 is the

following (given a PDF f on U, we call the restriction of f to

U0 the PDF u ∈ U0 �→ f(u)/
∑

v∈U0
f(v)).


 set k ← 0 and κ← 0;

while κ � τ do

 add sk to the fiber path;

for each v ∈ G(vk) ∪ {vk} do

 estimate the tensor Dv from the raw DTI data;


 compute the eigen-decomposition of Dv;


 compute θv = {θ1,v, θ2,v} (see (5));


 estimate the residual noise variance σ2
v (see (12));


 compute the restriction of the modified likelihood

P(zv|vv = u,θv, σv) (see (3)) to U0;

end(for)
if k = 0 then

 compute the restriction to U0 of the weighted likeli-

hood (11) and draw u0 from it;


 set s1 ← s0 + δu0;

else

 compute the restrictions to U0 of the weighted likeli-

hood (8) and of the prior (9);


 form the restriction to U0 of the posterior (10) and

draw uk from it;


 set sk+1 ← sk + δuk;


 estimate the curvature κ at sk of an interpolation of

the fiber path s0, . . . , sk+1;

end(if)

 set k ← k + 1;

end(while)

3. EXPERIMENTS

3.1. The data

We assess our method with both synthetic and human cardiac

DTI data.

The synthetic data (see Fig. 2) is generated from a spiral-

shaped tensor field of size 50× 50× 20. The diffusion tensor

at voxel v is given by

Dv = e1,ve
T
1,v +

1

2

(
e2,ve

T
2,v + e3,ve

T
3,v

)
, (13)

where the unit eigenvectors e1,v , e2,v and e3,v are defined

as follows: the principal eigenvector e1,v is perpendicular

to the radial direction (the angle between e1,v and the xy
plane ranges from −70◦ to +70◦), e2,v is parallel to the xy
plane and points towards the z-axis, and e3,v = e1,v ∧ e2,v .

The corresponding DW volumes are computed by using the

Stejskal-Tanner diffusion equations with a constant non-

diffusion-weighted signal.

The real data consists in ex-vivo human cardiac data ac-

quired with a Siemens 1.5 T Magnetom Avanto in the Cardi-

ology Hospital of Lyon with the following settings: TE = 98

ms, TR = 8600ms, FOV = 256×256mm2, slice thickness =

2mm, number of slices = 52, slice size = 128×128, diffusion

sensitivity b = 1000 s·mm−2, gradient directions = 12. The se-

quence used was a 2D EPI diffusion-weighted sequence with

a twice-refocused diffusion preparation.

3.2. Parameter setting and performance evaluation

We compare the performance of the proposed method to the

standard streamlining approach. For our method, we take G
to be the 26 nearest-neighbor system, the attenuation function

ρ is defined by ρ(t) = exp(−t2), the parameters α and β of

the weighting function are set to 2.0, the parameter γ of the

prior is set to 1.0, the step length δ is set to half the voxel

size (that is, 1mm for the real cardiac data), and the curvature

threshold τ used for the termination of the tracking process

is set to 1/δ. The streamlining approach uses a fourth-order

Runge-Kutta integration scheme with integration step δ, and

the criteria used for stopping the tracking are thresholds on

FA (FA < 0.1) and on curvature (κ � 1/δ).

To assess the relative performances of the fiber tracking

methods in the case of the synthetic data, we measure the ade-

quation of a reconstructed fiber path F to the noise-free tensor

distribution by computing the error term

E(φ) = 1

L(φ)

∫ L

0

(
1− ‖Dφ(l) φ

′(l)‖
‖φ′(l)‖ ∣∣∣∣∣∣Dφ(l)

∣∣∣∣∣∣
)
‖φ′(l)‖ dl ,

(14)

where φ : [0, L] −→ R
3 is a quadratic spline interpolation

of F, L(φ) =
∫ L

0
‖φ′(l)‖ dl denotes the length of φ, Dφ(l) is

the tensor at φ(l), and
∣∣∣∣∣∣ · ∣∣∣∣∣∣ is the spectral norm induced by

the standard Euclidean norm ‖ · ‖ (the term between paren-

thesis is equal to one if FA(φ(l)) = 1 and if φ′(l) is parallel

to the diffusion direction, and it is zero if FA(φ(l)) = 0 or

if FA(φ(l)) = 1 and φ′(l) is perpendicular to the diffusion

direction). This error term is averaged over all generated fiber

paths to obtain a mean fiber error measure.

In the case of the real data, the noise-free tensor distribu-

tion is not available and thus (14) cannot be used. We there-

fore consider the following quantitative criteria: number of

fibers with length greater than 6mm, mean fiber-length, and

standard deviation of the fiber length.
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Fig. 2. Fibers paths generated by the proposed method from

the 3-D noise-free synthetic tensor field, starting from the red

point seeds (the cylinders represent the principal eigenvectors

of the tensors on the xy plane).
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Fig. 3. Mean fiber error as a function of the noise level for the

streamlining method and for the proposed method.

3.3. Results

Fig. 3 shows the mean fiber error as a function of the noise

variance for the streamlining method and for the proposed

method (the values of the noise variance are normalized by

the maximum DW intensity). For both methods, the fibers

were initialized from the red point seeds shown in Fig. 2. We

observe that the fibers generated by our method are always

closer to the noise-free tensor data (in terms of the error mea-

sure (14)) than are the fibers produced by streamlining. Fur-

thermore, the higher the noise level, the higher the improve-

ment brought by our method over streamlining.

The fiber tracking results associated with our human car-

diac data are shown in Fig. 4. The proposed method produces

more regular and smoother fibers than does streamlining, as

can be observed in the boxed regions. Quantitative results are

given in Table 1 where both methods are compared in terms

of the number of fibers, the mean fiber-length, and the fiber-

Fig. 4. Fibers tracked from the red point seeds using the

streamlining method (top) and the proposed method (bottom).

length standard deviation. The proposed method outperforms

the streamlining method in terms of all three criteria.

4. CONCLUSION

We have proposed a probabilistic fiber tracking method that

exploits spatial correlation to better account for data uncer-

tainty in human cardiac DTI data. The method is based on

the estimation of a weighted mean likelihood over the spa-

tial neighborhood of the current fiber position. Experimental

results on both synthetic and real human cardiac DTI data

showed that the proposed method is meaningfully more ro-

bust to noise than the streamlining method, and that it pro-

duces more regular and smoother fibers, which enables car-

diac fiber configurations to be more clearly observed.
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Table 1. Quantitative comparison between the streamlining

method and the proposed method (real cardiac data)

Number

of fibers

Mean fiber-

length

Fiber-length

standard

deviation

Streamlining 775 24.70mm 18.01mm

Proposed 1000 27.19mm 17.88mm
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