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ABSTRACT

Accurate 3D models of the human brain vessels can greatly
help to diagnose serious diseases. Such models can be con-
structed by segmentation of 3D MRA images, especially the
recently introduced high resolution 7T MRA. We propose
a new two-step approach for fully automatic segmentation
of 7T MRA images of the human cerebrovascular system.
First, a 3D model-based approach is applied to segment thick
vessels and most parts of thin vessels. Then, the missing
vessel parts, which are caused by low contrast and high noise,
are completed using a novel fast marching approach with
anisotropic directional prior. An evaluation of our approach
and a comparison with two previous approaches have been
conducted using high resolution 3D 7T MRA images.

Index Terms— Automatic 3D segmentation, Cerebral
vasculature, 7T MRA, anisotropic fast marching

1. INTRODUCTION

Analysis of human brain vessels is important for the diag-
nosis of many serious diseases such as stroke. For such an
analysis, accurate 3D models are very useful, which can be
created by 3D segmentation of magnetic resonance angiogra-
phy (MRA) images. With the recently introduced 7 Tesla (7T)
MRA, much more vessels, especially thin vessels, are visible
than with 1.5T or 3T MRA [1], but the signal-to-noise ratio
is only slightly higher [2]. Furthermore, the human brain vas-
culature system is highly complex, e.g., see Fig. 1 (left) for a
maximum intensity projection (MIP) of a region. Thus, seg-
mentation is a very difficult task. In [2], the segmentation is
performed manually, which is very time consuming and not
suitable for a large number of images. Therefore, automatic
segmentation is required.

For vessel segmentation of 3D medical images, differ-
ent approaches exist. For example, approaches based on de-
formable models represent the contour or intensity profile of
vessels (e.g., [3]). For these approaches, segmenting vessels
in regions with low contrast and high noise remains difficult.

Another class of approaches is based on minimal paths,
where the path between given start and end points with mini-
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mum cost is computed. In minimal path approaches based on
the Dijkstra’s algorithm (e.g., [4, 5, 6]), vesselness measures
(e.g., [7]) are often used to construct graphs, but it is difficult
to prefer specific directions, and one remedy is to discard ves-
sel candidates deviating too much from given directions [5].
In [6], undesired directions are not discarded, but penalized
with a higher cost. However, an inherent problem of Dijk-
stra’s algorithm is the metrication error [8], caused by the
discrete graph structure.

In contrast, minimal path approaches based on fast march-
ing avoid metrication errors by using a continuous formula-
tion [8]. However, with the traditional fast marching method,
it is difficult to prefer specific directions because the numer-
ical scheme assumes an isotropic metric [9]. This problem
has been addressed by anisotropic fast marching approaches.
However, these approaches are computationally expensive,
and different approximations are used in practice [9, 10],
which are still less efficient than the isotropic version.

In a minimal path approach based on sampling [11], each
path is regarded as a sample from a generative model, and
each sample is assessed by an energy function. By system-
atically drawing samples a number of times, the sample with
minimum energy is selected. However, for long paths, too
many samples are needed to guarantee a reasonable result.
Furthermore, when processing the same image, the results
differ slightly due to the probabilistic nature of this approach.

We introduce a new two-step approach for automatic seg-
mentation of human brain vessels from high resolution 3D 7T
MRA images. In the first step, a robust model-based approach
[3] is used to segment most vessels up to some gaps between
them. These gaps are completed in the second step using a
novel fast marching approach with an anisotropic directional
prior. In contrast to previous work (e.g., [4, 5, 6, 11]), our
approach avoids metrication errors, and allows using prior
knowledge about the vessel direction, which helps to seg-
ment vessels in regions with low contrast and high noise. The
anisotropic prior is integrated as a soft constraint. However,
in contrast to previous anisotropic fast marching approaches
[9, 10], we integrate the anisotropic prior into an isotropic fast
marching method, which avoids high computational costs. In
contrast to [11], our approach is deterministic, while being
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computationally much more efficient. Furthermore, our ap-
proach allows to quantify relevant properties like the vessel
length, and it is fully automatic.

2. 3D TWO-STEP VESSEL SEGMENTATION

Our approach for segmentation of vessels from 3D 7T MRA
images consists of two steps. First, thick vessels and most thin
vessels are segmented using a model-based approach. Sec-
ond, a novel fast marching approach is used to automatically
complete the remaining gaps of the segmentation result.

2.1. 3D Model-Based Approach

Thick vessels and most of the thin vessels can be well seg-
mented using a 3D parametric intensity model [3]. The model
represents the intensity profile and shape of vessels within a
3D region of interest (ROI) by using an ideal sharp 3D cylin-
der convolved with a 3D Gaussian. Furthermore, a 3D rota-
tion and translation are also incorporated. To segment a vessel
segment, the model is directly fitted to the image data using
least-squares fitting within the ROIs. To segment a complete
vessel, a Kalman filter is applied to estimate the location of the
next ROI along a vessel. For segmentation of all vessels, we
use an automatic initialization scheme [11] based on a vessel-
ness map and eigenvectors of the Hessian matrix. As a result
of the model-based approach, the 3D position, radius, and di-
rection at each centerline point of a vessel are estimated, and
all voxels belonging to vessels are masked.

2.2. Fast Marching Approach With Anisotropic Direc-
tional Prior

Fig. 1. Left: MIP of one 3D 7T MRA image of human brain
vessels. Middle and right: Sections of the MIP of a region of
the brain. The results of the model-based approach (solid con-
tours) and FM-ADP (dashed contours) and the corresponding
ROIs (yellow boxes) are highlighted for three vessels.

Thick vessels and most of the thin vessels can be seg-
mented correctly using the model-based approach described
above. However, in the proximity of thick vessels, thin ves-
sel ends may not be segmented due to low contrast and high
noise. This is illustrated in Fig. 1 (middle). There, vessel
2 has not been connected to the thick vessel 1. To com-
plete those gaps, we employ a fast marching approach with
anisotropic directional prior (FM-ADP). For each vessel, the
start point Xy, is the last point of the result from the model-
based approach, while the set of possible end points £ are
voxels which are masked as vessel by the model-based ap-
proach and are contained in a cubic ROI centered around x,,
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(yellow box in Fig. 1, middle). If £ = (), then there are no
thick vessels nearby and thus no connection is needed. For
example, in Fig. 1 (right), the end of vessel 3 should not be
connected to other vessels. If £ # (), our goal is to find the
vessel centerline as the minimal path connecting x,, to any
point in £. In our approach, we assume that the vessel in
each completed gap has constant radius equal to the radius of
the last segment quantified by the model-based approach. In
the following, we first review the standard fast marching ap-
proach. Then, we introduce an extension with an anisotropic
directional prior.

2.2.1. Standard Fast Marching Approach

Given a start point and an end point, fast marching aims at
finding the path [ minimizing the energy function

B(l) = /Z(P(s) +e)ds, 0

where P is a potential function derived from an image, € is
a constant regularization term which controls the smoothness
of the path, and s is the arc length parameter. P can be inter-
preted as the inverse of the propagation speed F of a wave-
front emanating from the start point:

@)

The optimal path minimizing the energy (1) can be found by
solving the Eikonal equation, defined using an action map U,
which describes the arrival time of the wavefront at x:

IVUX)|| = P(s) + e 3)

Note that this equation employs the Euclidean norm of the
gradient ||VU(x)||, which is the same for all directions, i.e.,
the speed function must be isotropic.

2.2.2. Anisotropic Directional Prior

The model-based approach provides an estimate of the tan-
gent d,,, at each start point x,,, which can be used to disam-
biguate vessels in regions with low contrast and high noise.
Obviously, d,, involves anisotropic information, which may
suggest using an anisotropic fast marching approach. How-
ever, below we show that it is possible to incorporate d,,
into the isotropic Eikonal equation. Our idea is illustrated
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Fig. 2. 2D sketch of 3D anisotropic effect: using anisotropic
speed (left) and isotropic speed (right).
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(d) our approach (e)

(a) FM-V (b) our approach (c) PROB [11]

Fig. 3. (a), (b) Results of FM-V and our approach for a gap with high curvature, (c), (d) Results of PROB [11] and our approach
for a large gap. Label 1: thick vessel, 2: result of model-based approach (red), 3: completed gap (magenta), (e) Final result.

in Fig. 2. There, each dot or square represents a voxel, and
the start point x,,, and end point x,, are highlighted as red dots
and white squares, respectively. The initial direction d,, is
indicated as a red arrow. The black arrows show the speed at
voxels in different directions. Suppose that we prefer paths
such that the initial tangents of the paths point in directions
similar to d,,,. Using an anisotropic speed (Fig. 2, left), this
can be achieved by increasing the speeds in specific directions
at x,, (large arrows). However, such an anisotropic speed
cannot be handled using the isotropic Eikonal equation. The
idea in our approach is that a similar anisotropic effect can be
achieved using an isotropic speed. Instead of increasing the
speed in preferred directions, we increase the isotropic speed
at preferred image points. For example, in Fig. 2 (right), all
speeds in the different directions at the green voxel are in-
creased to the same large value. On the scale of the whole im-
age, an anisotropy is achieved, i.e., the paths passing through
the green voxel are preferred, but on the scale of individual
voxels, this speed function is still isotropic, and consequently
the isotropic Eikonal equation can be applied. To integrate
the anisotropy, we propose the following energy function as
an extension of (1):

B %) = [ (Promp(s o) + €)ds, (&
l

where the new composite potential function is defined as:

! . (5
Fo(8)+w-Fair (x(s)—xm, dm)

Pcomp includes a speed function F, based on a multiscale
vesselness filter as well as a speed function Fy;, based on an
anisotropic directional prior which are detailed below (w is a
scalar weight).

PCOmp(Sa Xm, dm) -

2.2.3. Speed Function F,
The speed function JF, is defined as:
Fu(s) = V,(x). ©6)

max

Omin <O <Omax

In our approach, the filter from [7] is used, i.e., V,(x) =
23 Y12
|>\3|(>\) (1+|§7|) s if)\1§0,)\2,)\3<0
Ao Y23 X\ Y12 o [Aal
|>\3| ()\7) (1 O[m) s if o > Al >0 > )\2,)\3

0, otherwise.

where A1, A2, A3 are the eigenvalues of the Hessian matrix at
x, while 712, 723 control the sensitivity of the filter.

2.2.4. Speed Function Fyi;

We introduce a new function Fg;, which depends only on the
spatial relationship between voxel coordinates x(s), x,,, and
d,,,, but not on the intensities of an image, i.e., Fg;, represents
our spatial a priori knowledge. Let d := x(s) — X, then Fyj,
can be written as:

}-dir(d» dm) = fdir(d7 dm) : fatt(d)7 (7)

where fq;, is the speed depending on the deviation of d from
d.n, and fyrt is an attenuation function. For fg;., we propose
the following Gaussian speed function:

1 02
ir dvdm = T 5.0 | 8
i ( ) o P ( 202) ®)
where 6 is the angle between d and d,,,:
d” .d
0 = arccos <m) ) 9)
] - [|dm]l

With increasing distance from x,,, the influence of the prior
is reduced to avoid unduly straight results. This is modeled
using the following attenuation function faty:

Jatt(d) = exp <—”2|> . (10)

Since F, and Fy;, are both isotropic, Peomp is also isotropic.
Thus, to find the minimum of (4), we can use the same numer-
ical scheme as for (3), i.e., the upwind scheme [9], to solve
the following extended Eikonal equation:

[VU(x)|| = 7DCOIrrlp(<'5ernadm) + €. (1)

3. EXPERIMENTAL RESULTS

To evaluate our approach, we used 10 high resolution 3D 7T
MRA images of the region around the human lenticulostriate
arteries. These images are acquired using a 3D gradient echo
sequence with a repetition time of 15 ms, an echo time of 4.84
ms, a field of view of 135 x 180 mm, and a flip angle of 25
degrees. After applying isotropic interpolation, we have 128-
162 slices in each 3D image. The size of the slices varies from
128 x 270 to 162 x 417 voxels, with a spacing of 0.23 mm. We
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Table 1. Quantitative results for 510 gaps (errors in mm).

Approach “Ez < 0.3161 < 0.4151 < 0.5151 < 0.6[ Total [Mean[ p-Value [Avg. Run Time
FM-V 34.45% | 61.22% | 83.46% | 92.72% [99.61% | 0.406 | < 0.00001 0.92s
PROB [11] 56.69% | 76.18% | 86.61% | 90.35% |96.65% | 0.313 0.00085 51.68s
Our approach || 61.22% | 86.42% | 94.29% | 97.64% |99.61% | 0.288 - 1.63s

have compared the results from our approach with those from
a standard fast marching approach using a vesselness measure
[7] (FM-V) and the probabilistic approach in [11] (PROB).

Fig. 3 shows the segmentation result for one 3D image.
Fig. 3a,b demonstrates the advantage of our approach over
FM-V when dealing with high curvature: the initial direc-
tion d,;, computed by the model-based approach is taken into
account and consequently the transition between the segmen-
tation from the two steps is smooth (Fig. 3b), while FM-V
tends to find a short cut, resulting in an unnatural transition
(Fig. 3a). Another example shows that PROB fails to com-
plete a large gap (Fig. 3c), while our approach handles this
case well (Fig. 3d). Fig. 3e shows the final result.

We quantitatively evaluated the results using manually
created ground truth for 510 gaps in 10 3D images. For each
centerline [ of a gap, the error is determined (in mm) as

1
e = Z Vi — Vguil,
] ’

v; €L

12)

where v, ; is the closest point of the ground truth to v; € [.
Table 1 shows the results of our approach along with a com-
parison with FM-V and PROB. Our approach leads to a higher
number of completed gap centerlines closer to the ground
truth (e.g., for g < 0.3 mm we have 61.22%, compared to
34.45% and 56.69% for the previous approaches). Further-
more, a lower mean error of 0.288 mm compared to 0.406 mm
(FM-V) and 0.313 mm (PROB) is achieved, and computed p-
values from a paired t-test show that the difference is signif-
icant. Another advantage is that our approach is much more
efficient than PROB, and only slightly slower than FM-V. The
average run time for all gaps in one 3D image is 1.63 sec-
onds (single-thread, 2.67 GHz CPU), while PROB [11] needs
51.68 seconds.

4. DISCUSSION AND CONCLUSIONS

We have developed a two-step approach for the segmentation
of human cerebral vasculature from 3D 7T MRA images. We
combine a model-based approach and a novel fast marching
approach with anisotropic directional prior to achieve a fully
automatic segmentation. Our approach has been successfully
applied to high resolution 3D 7T MRA images. The experi-
ments show that our approach is more accurate than two pre-
vious approaches, and it is computationally efficient.
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