Level-Set Segmentation of Arterial and Venous Vessels based on ToF-SWI data
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INTRODUCTION

Non-invasive quantitative assessment of the cerebral vasculature is of high diagnostic and therapeutic interest. Prerequisite for quantitative description of blood vessels
is voxel-wise classification of angiographic data sets into vessel and non-vessel structures. Among the vast of algorithms suitable for vessel segmentation [1, 2] the
level-set technique has been established as a flexible segmentation approach that handles morphological variations [3]. The level-set method enables iterative evolution
of an initial curve towards boundaries of target objects driven by combining internal (geometry of evolving curve) and external forces (produced by the data). In this
contribution, we use a hybrid level-set approach [4] that relies on both boundary and region information to create a 3D representation of the arterial and venous vascula-
ture.

MATERIAL AND METHODS
Data Acquisition: High-resolution angiographic volunteer data of the whole brain were acquired with the dual-echo ToF-SWI sequence [5]
(TE/TEo/TR/FA=3.43 ms/25 ms/42 ms/20°, BW; = 296 Hz/px, BW, = 80 Hz/px, voxel size = 0.45x0.45%1.2 mm?®) on a 3T MRI system (TIM Trio, Siemens Medical
Solutions, Erlangen, Germany) using a 12 channel head-matrix coil. The first echo of the ToF-SWI sequence collects time-of-flight (ToF) MR data, whereas suscepti-
bility weighted imaging (SWI) data is acquired with the second echo. Signal saturation due to slowly flowing arterial blood in the ToF-part was reduced by using the
multiple overlapping of thin slabs acquisition (MOTSA) technique with three slabs and a slab overlapping factor of -25 %. Venous saturation pulses were applied to
reduce venous contamination in the ToF echo.

Data Pre-Processing: The multiple slabs were concatenated in image space as described in reference [5]. Phase data from the second echo was corrected by homodyne
filtering [6] and regions with incompletely removed phase wraps were eliminated based on local field gradients [7]. In order to enhance venous vessel delineation
susceptibility weighted images were calculated from the second echo by fourfold multiplication of the unwrapped weighted phase (phase mask) with the corresponding
magnitude data [8]. Since intensity inhomogeneities (e.g., due to multi-channel signal reception or Tx-field variation) cause considerable difficulties in image segmenta-
tion both the arterial and venous datasets were post-processed: ToF data was homogenized by applying a bias field that was estimated using FSL (FMRIB, Oxford, UK).
Signal variations in SWI data were suppressed by subtracting 3D median filtered SWI data from the original SWI volume. This also minimized contrast from large scale
anatomical structures and improved venous delineation [9].
Segmentation: The employed level-set method relies on a time
dependent evolution function ¢in image space that evolves in
three dimensional space, combining both boundary and region
information of the input data /. The evolution is described by [4]
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where o and § are weights to balance between regional and bound-
ary information, respectively. u is the lowest grey level to be
considered for evolution and g is a boundary feature map. The first,
second and third term in Eq. 1 describe propagation, advection and
curvature flow of the curve, respectively. The boundary feature
map was obtained by applying a 3D multi-scale quadrature filter
[10] to the input data (ToF or median filtered SWI). As starting
condition for the level-set algorithm the initial evolution function was
defined by grey level thresholding in combination with morphological
operations (erosion, dilation) based on ToF data and on the vessel
enhanced median filtered SWI volume [11].

RESULTS
The segmentation results for the arterial and venous vasculature are
presented as shaded surface representations in figure la and 1b, respec-
tively. Based on ToF information the sagittal sinus was misclassified as
artery, whereas the interhemispheric fissure was falsely detected as
venous vessel. Because of the simultaneous data acquisition of ToF and
SWI both data sets are intrinsically registered. Thus, the segmented
arterial and venous vessel trees can be merged into one 3D model of the
cerebral vasculature (Fig 2). The geometrical relationship between
arteries and veins is clearly visible in the arterio-venous model (see Fig
2b).
DISCUSSION Figure 2: The arterial and venous vessel trees were merged into a 3D model of the whole
We have presented initial results for arterial and venous vessel segmen-  cerebral vasculature (a) and a small section (b).

tation based on ToF and SWI data. Exact voxel-based classification of arterial and venous vaculature based on ToF-SWI data is challenging. For instance, venous
saturation pulses in ToF acquisition are not able to completely remove all venous contributions (e.g., sagittal sinus, sinus rectus). The interhemispheric fissure is another
critical structure which is characterized by grey levels similar to veins in both susceptibility weighted magnitude and phase information. Computing the medial axes of
the segmented data and analyzing the cross-section perpendicular to the medial axes may help to identify voxels belonging to the interhemispheric fissure. Future
research will focus on improvement of vessel segmentation and quantitative description of the segmented blood vessel network based on vessels’ centreline (curvature,
torsion, tortuosity), radii, and surfaces.
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