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ABSTRACT

This paper proposes a method to extract vessel trees by con-
tinually extending detected branches with locally optimal
paths. Our approach uses a cost function from a multiscale
vessel enhancement filter. Optimal paths are selected based
on rules that take into account the geometric characteristics of
the vessel tree. Experiments were performed on 10 low dose
chest CT scans for which the pulmonary vessel trees were
extracted. The proposed method is shown to extract a better
connected vessel tree and extract more of the small peripheral
vessels in comparison to applying a threshold on the output
of the vessel enhancement filter.

Index Terms— Pulmonary CT, optimal path tracking,
vessel segmentation

1. INTRODUCTION

Extraction of vessels in computed tomography (CT) is a
key component for the diagnosis of vascular diseases, such
as stenosis, hypertension and embolism. The vessel tree is
also an important cue for registering images of the same pa-
tient [1]. Another role of vessel tree extraction is as an aid to
improve detection of other structures, such as lung nodules
detection, where it has been shown to help in reducing false
positives [2].

In this paper, we propose a method for vessel tree extrac-
tion that continually extends detected branches with locally
optimal paths, based on the work presented in [3], which was
originally used for airway tree extraction. Based on a cost
function that uses the vesselness response from a multiscale
vessel enhancement filter [4], the Dijkstra algorithm is ap-
plied within a sphere centered around a given seed point to
obtain candidate vessel paths. Subsequently, plausible paths
are selected based on a series of criteria such as vesselness
response, shape, orientation and geometric relationship with
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other extracted paths. The end points and potential bifurca-
tion points from the newly selected paths are stored and used
as new seed points. The process is repeated until all seed
points have been processed.

The radius of the search sphere should be sufficiently
large so that one can derive meaningful statistical and ge-
ometrical information from the extracted path. However, a
large search radius also means that true, short paths will most
probably be rejected. A multi-radius implementation is in-
troduced in this work to allow detecting such short branches.
The path selection process is designed such that paths ob-
tained from search spheres with larger radii have a higher
chance of being selected than those from smaller radii.

An advantage of the proposed method is its robustness to
local low vesselness response, either due to bifurcations or
artifacts. This is because the decisions are made based on
the statistics of a path, thus allowing the proposed method
to ignore such outliers. This is in contrast to growing based
methods [5, 6] that make decisions based on a single voxel.
This is also the case with certain tracking methods [7, 8] that
rely on threshold based stopping criteria.

Different strategies have been employed to deal with
problems related to vesselness response, such as [9] that per-
turbs data locally to overcome effects of noise and [2] that
connects tubes and bifurcations that are detected using dif-
ferent filters. An extra step taken by the proposed method
is the incorporation of prior knowledge of the geometrical
characteristics of the vessel tree to suppress false positives,
such as furcation number, furcation angle, and the fact that
branches do not intersect.

The proposed method is used to extract pulmonary vessel
tree from low dose chest CT scans from the ANODE09 [10]
dataset. The results are compared to those obtained by thresh-
olding the vesselness filter output, and we demonstrate that
the proposed method finds better connected segmentations
and is capable of finding connections to thin, peripheral ves-
sels.
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2. TRACKING LOCALLY OPTIMAL PATHS

The tracking of locally optimal paths starts with a given list of
seed points (see Section 4.1 for details on seed points extrac-
tion). At every iteration, a seed point is taken from the list and
evaluated. New paths extending from the seed point are gen-
erated through a process of candidate path extraction and path
selection. New seed points from these paths are then added to
the list. The iterative process ends once no more seed points
are available for evaluation.

Given a seed point �x0 and its accompanying branch ori-
entation of �d0, optimal paths are computed from �x0 to every
point on the surface of a sphere of radius rs. These optimal
paths are computed via the Dijkstra algorithm, based on a cost
function F (see Section 3 for details) that defines the cost of
traveling between neighboring voxels. We refer to these local
optimal paths as candidate paths.

The list of candidate paths is sorted in an ascending man-
ner, according to the total cost needed to travel from the seed
point to their respective end points. Then, from low to high
cost, the first Nmax candidate paths fulfilling the following
criteria are selected:
1) Local minima: The total cost needed to travel from the
seed point to the end point should form a local minimum on
the surface of the search sphere.
2) Departing angle: Vessels usually bifurcate within a cer-
tain angle, we enforce this by only selecting paths with an
end point �x that satisfy the condition ∠(�x− �x0), �d0 ≤ 100◦.
3) Straightness: A small section of vessel should be rel-
atively straight. We therefore require a path C to satisfy
lpath(C) < γl(�x0, �x), where lpath(C) is the length of the
path and l(�x0, �x) is the shortest possible distance from �x0 to
�x in the image grid.
4) Vesselness: The majority of points on a path must have
high vesselness response (see Section 3). Hence, we require
the N th percentile of the vesselness response of a path to be
greater than ρp. In addition, any trailing points with vessel-
ness response lower than ρt at the end of the path are removed.
5) Distance from selected paths: Except for the seed point
itself, a path is not allowed to have any overlap with any of the
selected paths and should be at least 4.5 mm away from other
selected paths in order to be selected. The distance of a can-
didate path from a selected path is measured as the minimum
distance between the end point of the candidate path and the
points in the selected path.
6) Proximity with previously extracted paths: A path is not
allowed to be within a proximity of previously extracted paths
obtained from previously evaluated seed points. We mark the
proximity of previously extracted paths by dilating them with
a sphere of radius 1.5 mm.

All rejected candidate paths that satisfy criteria 1 and
2 are treated as possible bifurcations and are stored during
the selection process. After the selected paths are obtained,
points where the stored rejected candidate paths branch off

from the selected paths are extracted. These points are added
along with the end points of the selected paths into the list of
seed points. The accompanying branch orientation for each
of these new seed points is the orientation of the selected path
it belongs to.

As the list of seed points consists also of all possible bi-
furcation points, a seed point needs not be an end point of a
previously extracted path. Therefore, it is important to also
take into account the path that the seed point belongs to, if the
seed point is not an end point of a previously extracted path.
This is done by extracting the section of the previously ex-
tracted path that is within the search sphere. If the end point
of this previously extracted path lies within the search sphere,
possible extensions from this end point to the surface of the
search sphere are also extracted. The possible extensions are
subjected to the selection criteria above, where only a single
path will be selected. In the case where all the possible ex-
tensions are rejected, the previously extracted path itself will
be added to the list of selected paths. The selection process
then proceeds with selecting Nmax − 1 paths from the list of
candidate paths.

The above explained the tracking of locally optimal paths
using a single search radius. In case of multiple search radii,
paths are first searched using the largest radius. Then, if the
maximum number of selected paths Nmax is not yet reached,
the search process continues with the next smaller radius.

3. COST FUNCTION

We used the multiscale vessel enhancement filter proposed by
Frangi et al. [4] as the basis for the cost function. This filter
is designed to detect bright tubular structures in 3D image
based on Hessian eigen analysis, and it defines a vesselness
response as follows:
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where |λ1| ≤ |λ2| ≤ |λ3| are the three eigenvalues of the
Hessian matrix, while α, β and c are thresholds that control
the sensitivity of the filter. The second order derivatives of the
Hessian matrix were computed by convolving the image with
the scale normalized second order derivatives of a Gaussian
kernel, with a standard deviation or scale of σ. The vesselness
response is calculated over a range of scales from σmin to
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σmax, where the final vesselness response for a point �x is
given as

V(�x) = max
σmin≥σ≥σmax

V(�x, σ) (1)

In order to avoid false positive response from low intensity
noise, V is set to 0 for voxels with intensity below Imin.

The cost function F provides the cost needed to travel
from a source point �xs to a neighboring point �xt, and is de-
fined as

F(�xs, �xt) =
‖�xs − �xt‖2

max
(∣∣∣〈 �xs−�xt

‖�xs−�xt‖2

, �v1

〉∣∣∣V (�xt) , ε
) (2)

where �v1 is the eigenvector corresponding to λ1, indicating
the direction along the vessel axis, computed at the scale se-
lected in (1), and ε is a small constant meant to prevent divi-
sion by zero. The dot product with �v1 introduces a directional
affinity into the cost function, making it cheaper to travel in
the direction of the vessel axis.

4. EXPERIMENT AND RESULTS

We evaluated the proposed method on a subset of the AN-
ODE09 [10] dataset , consisting of 10 low-dose CT scans of
current or former heavy smokers between 50 and 75 years of
age. All images have a slice thickness of 1 mm, a slice spac-
ing of 0.7 mm, and an in plane resolution between 0.62 to
0.81 mm. Results from the proposed method were compared
to vessel trees segmented by thresholding on the vesselness
response (1).

4.1. Preprocessing and seed points extraction

Both the proposed method and the thresholding of the vessel-
ness were only performed within the lung fields, segmented
with the algorithm used in [3]. The lung fields were eroded by
a sphere structure with a radius of three voxels to avoid false
high vesselness response regions at the border of the lungs.

For the extraction of the vessel seed points, the lung fields
were eroded again by three voxels. All local maxima in ves-
selness response on the inner lung border were selected as
initial seed points. A point is considered to be in the inner
lung border if it is at the border and that a point taken three
voxel from it in the direction away from the centroid of the
lungs is within the lung fields. Paths were searched in the
outward direction by setting the initial branch orientation �d0
for each seed point �x0 to (�x0 − �xc) /‖�x0 − �xc‖2, where �xc is
the centroid of the lung fields.

4.2. Parameters

The parameters used for the vesselness filter (1) were α =
0.5, β = 0.5, c = 50, and Imin = −850 HU. A total of 10
scales ranging from 1 to 5.5 mm, exponentially distributed,

were used. Tuning was performed on one image from the
testing dataset.

For the tracking of locally optimal paths, two search radii
rs were used, which were 15 and 7.5 mm. Different length
ratios γ were used for the different search radii, which were to
1.2 for rs = 15mm and 1.05 for rs = 7.5mm. The maximum
number of selected paths for each seed point was Nmax =
2. At most N = 30 percent of points on the path may have
a vesselness below ρp = 0.05, and all trailing points with
vesselness below ρt = 0.035 were removed. The settings
for the locally optimal paths were based on prior knowledge
on the geometric characteristics of the pulmonary vessels and
were fine tuned using a few cropped sections of the image that
was used previously to tune the parameters of the vesselness
filter.

4.3. Results

The threshold for the thresholding method was set to ρp,
which was 0.05. Segmentation results from both methods
were visually inspected. Only minor false positives from
airway walls and nodules were observed for both methods.
Surface renderings of the extracted vessels from a random
case are shown in Figure 1.

The total vessel tree length and the length of non over-
lapping vessel branch segments, which signifies the length
of vessel branches discovered by one method but not by the
other, were used to compare both results quantitatively. The
length were estimated by multiplying the number of voxels
from the centerlines with the average voxel size, which is 0.71
mm. The centerlines for the results from thresholding were
extracted using the thinning algorithm presented in [11]. Ves-
sel segments were considered overlapping if their centerline
voxels were less than 2 voxels apart. In order to remove possi-
ble spurious structures due to noise, individual centerlines of
less than 10 voxels (ca. 7 mm) in length, were removed and
not included in the evaluation. The average vessel tree length
extracted was 55.61 m for the proposed method and 52.17 m
for thresholding. Based on the average length of non overlap-
ping vessel branch segments, a total of 4.45 m vessel branch
segments were missed by the proposed method and 8.93 m
were missed by thresholding.

Connected component analysis performed on the unfil-
tered results from both method gives an average of 5004 dis-
connected components for thresholding and 191 for the pro-
posed method. For the filtered results, the number of discon-
nected components for both thresholding and the proposed
method are 430 and 160 respectively.

5. DISCUSSION AND CONCLUSION

As observed from the surface rendering in Figure 1, the pro-
posed method is capable of tracking the thin, peripheral ves-
sels, while thresholding can only extract them partially in
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(a) (b)
Fig. 1. (a) Surface rendering of the extracted vessels from the pro-
posed method in blue and those from thresholding in orange. (b)
Surface rendering (after removal of small structures) showing the
overlapping centerlines in green, non overlapping centerlines of the
proposed method in blue and the thresholding in orange, with the
non overlapping centerlines dilated slightly for clarity.

(a) (b) (c)
Fig. 2. An example showing the ability of the proposed method to
reach into thin, peripheral vessels. (a) Original image. (b) Dilated
paths extracted from proposed method in blue. (c) Dilated center-
lines from thresholding in orange.

small and disconnected sections. This is further verified by
the number of disconnected components, vessel tree length
and the total length of non overlapping centerlines, which
show that the vessel trees extracted by the proposed method
are both better connected and more complete. Figure 2 shows
a slice where the proposed method was able to track into re-
gions that centerlines from thresholding missed.

Even though the proposed method allows small regions
lower than the vesselness threshold to be included in the seg-
mentation, it contained in general fewer false positives than
the results from the thresholding approach. This can be ex-
plained by the connectivity requirements and the inclusion of
geometrical constraints in the path search approach. A few
false positives remained present in the results of the proposed
method, mainly in the airway walls near the hylar region. If
necessary, these false positive branches could easily be re-
moved by discarding paths that run too close to a segmented
airway tree, such as those from [3].

A limitation of our current implementation is that we do
not have optimal seed points for initialization, but yet we as-
sume that each seed point is the root of a vessel. This causes
vessels grown from different seed points to compete with each
other, leading to connected vessels being split and some ves-
sels being missed. This is shown in Figure 1(b), where it can
be observed that some vessels around the inner part of the
lungs are not detected correctly.

Our future work will focus on extracting suitable seed
points in the main pulmonary arteries and veins using atlas
based methods, which we expect to solve the problem men-
tioned above, resulting in better connectivity and even fewer
missed vessel branches. Another possibility is the extraction
of arteries, for applications such as emboli detection, which
can be achieved by simply providing the proposed method
with only seed points of the main arteries, therefore removing
the need for artery vein separation.

In conclusion, we have proposed a vessel extraction algo-
rithm that extends locally optimal paths in an iterative manner.
Due to the local nature of these optimal paths, geometrical
constraints such as bifurcation angle, straightness, and prox-
imity to other vessel branches can be incorporated naturally.
Compared to vessel segmentation based on a threshold on the
vesselness filter response, the local path search is better able
to detect the thin, peripheral vessels.
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