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ABSTRACT
Many vascular clinical applications require a vessel segmentation process that is able to extract both the centerline
and the surface of the blood vessels. However, noise and topology issues (such as kissing vessels) prevent existing
algorithm from being able to easily retrieve such a complex system as the brain vasculature. We propose here
a new blood vessel tracking algorithm that 1) detects the vessel centerline; 2) provides a local radius estimate;
and 3) extracts a dense set of points at the blood vessel surface. This algorithm is based on a RANSAC-based
robust fitting of successive cylinders along the vessel. Our method was validated against the Multiple Hypothesis
Tracking (MHT) algorithm on 10 3DRA patient data of the brain vasculature. Over 744 blood vessels of various
sizes were considered for each patient. Our results demonstrated a greater ability of our algorithm to track small,
tortuous and touching vessels (96% success rate), compared to MHT (65% success rate). The computed centerline
precision was below 1 voxel when compared to MHT. Moreover, our results were obtained with the same set of
parameters for all patients and all blood vessels, except for the seed point for each vessel, also necessary for MHT.
The proposed algorithm is thereafter able to extract the full intracranial vasculature with little user interaction.

1. DESCRIPTION OF PURPOSE
The segmentation of vascular structures is particularly valuable for diagnosis assistance, treatment and surgery
planning. A wide range of applications may beneﬁt from an improved blood vessel segmentation process: quantitative studies of pathologies (e.g. stenoses), automated vascular navigation, accurate blood ﬂow computation
and computer-based simulations for surgeons education. In such cases, a mere surface depiction is not enough
and the extraction of the vessel medial axes is also required.
Vascular segmentation has resulted in a vast literature.1 Many previous works extract the vessel centerline
tree, and claim to be robust to the kissing vessel issue:2–4 two vessels may happen to be locally tangent, or a
vessel may run along a dense structure, e.g. an aneurism or bone. Such works address this issue by using a
shape prior. But the downside of this assumption is that the vessel cross-section is circular, which is not always
true, especially for large vessels. Thus, a trade-oﬀ is usually made between accuracy and robustness. Our work
aims at preserving this desired robustness against noise and topology issues while not compromising accuracy
on extraction of the vessel surface and its centerline.
This paper presents a tracking procedure which builds a vessel tree through successive robust ﬁtting of
cylinders to the image. Thereby, our dedicated tracking process: delineates the centerline of the vessel, supplies
a local estimation of its radius and robustly extracts dense points on the vessel surface.
The reminder of this paper is organized as follows. Our RANSAC-Based Tracking (RBT) algorithm is
introduced in Section 2.1. In Section 2.2, we describe the methodology of comparison between our proposal and
the Multiple Hypothesis Tracking (MHT) algorithm. Section 3 discusses the results produced by both procedures
on a data set of 10 patients, and conclusions are presented in Section 4.

2. METHOD
2.1 Vessel tracking algorithm
Eﬃcient solutions for tracking blood vessels rely on the prior assumption that the shape is locally a cylinder.2, 4
Nevertheless, previous works have hard times dealing with a large range of vessel diameters.4 Moreover, the
prior is often imposed too strongly, leading to vessels with circular cross-sections. The algorithm introduced in
this section suggests rather than imposes a cylinder shape as a guide to select points, in a robust manner, on the
local surface of the blood vessels. See also Figure 1 for a depiction of the main steps.
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Figure 1: Outline of RBT vessel tracking algorithm. (a) Cut plane through the original 3DRA data; (b) Parameter
update: Starting from C0 (green dot) and d~0 (white arrow), the new center C (red dot) is found. d~ = d~0 .
Candidate points (white dots) are extracted at the vessel surface by casting rays in the volume, from C. Only
the points around the displayed cut plane are shown. (c) Nd directions are tested for the cylinder axes (yellow
arrows). One ﬁtting cylinder is found using RANSAC, per axis. (d) Best cylinder found, together with its
consensus set (green dots) and the ﬁnal points used to set the cylinder height.

2.1.1 RANSAC-Based Cylinder Estimation
The elementary tracking step consists in ﬁtting a cylinder to the local vessel shape. We ﬁrst suppose that this
step was carried out and an initial cylinder of center C0 , axis direction d~0 , radius r0 and height h0 was ﬁtted.
Hereafter, we describe how the next cylinder is found.
The center C and the direction d~ of the cylinder are ﬁrst predicted: C = C0 + (h0 /4)d~0 , and d~ = d~0 . The
radius r is bounded to be in [r0 /2, 3r0 /2]. An initial set of points are extracted using ray casting: Nr rays, with
a length of 4r0 , equidistributed on a sphere, are casted from C; then, the point of minimum of the directional
gradient is computed along each ray∗ . This extraction scheme is very similar to taking the points of minimal
gradient along the columns of a Bounded Spherical Projection (BSP) image2 (see Figure 1b).
Then, a cylinder is ﬁtted to the points, using RANSAC.5 Chaperon et al.5 estimate the cylinder axis direction
from the normals at the input points. This may fail at curved sections of vessels for example. Also, in our case,
normals would be estimated as the image gradient at the extracted points. Such an input can be noisy at some
places, making it hard to get a trustful cylinder direction. We therefore followed a strategy similar to Friman
et al.4 for robustness reasons (see Fig. 1c): Nd directions are tested, equidistributed on the half-unit sphere
~ Each direction is associated by RANSAC to a cylinder respecting the constraint on r, using a
oriented along d.
direct formula giving the cylinder center and radius knowing its direction.6
Pruning the candidate cylinder directions drastically speeds up the process. The Nd directions are reviewed
by increasing angle with d~0 . As soon as a cylinder presents with an inlier rate above pinl , the algorithm stops
and returns the cylinder. In case of failure, the algorithm returns the cylinder with the maximum inlier rate if it
is at least pinl /2 or otherwise, the algorithm returns that no valid cylinder could be found. Finally, the center C
of the returned cylinder is reﬁned as the median point of its consensus set, and its parameters (center, radius and
direction) are reﬁned with Powell’s optimization algorithm, to get a smoother sequence of cylinder directions. A
new set of points is extracted by ray casting from C and the subset P of the inlier points is returned with the
cylinder. Its height is set so as to encompass 75% of P (see Fig. 1d).
2.1.2 Tracking
The tracking is initialized manually by a point C0 . Most vessels irrigating the brain are vertical: d~0 is the upward
direction. A rough estimation of the radius r0 is also supplied by the user as well as an inlier rate pinl . The
∗

Blood vessels are bright on a dark background in 3DRA

tracking is stopped when no valid cylinder can be found or when it turns back. The other branches are added in a
similar way. A point is placed manually on the new vessel, close to the bifurcation. The vector linking this point
to the nearest point on the parent vessel centerline provides the direction for the new vessel. The vessel tree is
built up by assembling the tracked branches. As a result, only one point per vessel is necessary, hence according
to Schaap et al.7 classiﬁcation, our method belongs to the category of algorithms with minimal user-interaction
(category 2). For comparison, the MHT algorithm is assigned to category 3: interactive extraction, since a seed
point, an initial tracking direction and an estimate of the vessel radius are required.
The algorithm output is thereafter threefold: the centerline is provided by the centers of the successive
cylinders, each cylinder gives a robust estimation of the local vessel radius, and a dense sampling of the vessel
surface is provided by the cylinder inliers.

2.2 Validation: Material and methods
2.2.1 Image Data
A set of 10 patient data was used for validation. Each patient data set consisted of a 3DRA acquired on a
vascular C-arm (Innova 4100, GE Healthcare) during the intra-arterial injection of the internal carotid artery.
Each 3DRA volume presents as a 5123 isotropic voxel cube, between 0.18-0.22 mm voxel size. A total of 744
vessels and between 55-96 vessels per patient were examined.
The complex morphology of the vasculature makes any comparison of segmentation outcomes diﬃcult. In the
case of multibranch tracking algorithms, it is necessary to set branches into correspondence at each bifurcation,
and to handle possible missing branches, which is diﬃcult to automate. In our case of single branch tracking
algorithms, the algrithms to compare may follow diﬀerent branches at bifurcations, which is very hard to distinguish from tracking errors. As a result, only comparisons of vessel sections in-between bifurcations. For the sake
of comparison, the algorithms were both initialized with the same four points, placed manually on each vessel
section: one seed point C0 was placed at the proximal end of the vessel; the vessel direction d~0 was estimated by
placing a second point around the vessel axis, a little distal from C0 ; and the vessel radius r0 was estimated as
the distance between two diametrically opposed points placed on the vessel surface, in a cut plane showing the
vessel cross-section around C0 .
The criterion to include a vessel in the validation set was that it could be tracked visually through successive
cut planes in the 3DRA volume data. Only the internal carotid artery (the main vessel) was excluded because
its radius is too large for the MHT algorithm used as the reference algorithm (see below). Note that our tracking
algorithm gives visually excellent result on this large artery with the same parameters.
2.2.2 Parametrization of our algorithm
The RBT procedure was run for each vessel with the following parameters: the inlier rate threshold pinl was
70%, a relative threshold equal to 10% the local cylinder radius was taken on the distance to the ﬁtted cylinder
for the outlier rejection test; the number of rays thrown to extract points was Nr = 162, and the number of axis
directions tested was Nd = 81. A minimum of 220 tests and a maximum of 500 tests were set for RANSAC.
Note that the same parameters were used for all vessels, let they be rather large or small.
Though our segmentation algorithm only needs one point per vessel, C0 , d~0 and r0 , as estimated above, were
used to initialized our tracking procedure in order to be in the same conditions as the reference method.
2.2.3 Reference method
For comparison, the vessels were segmented with the Multiple Hypothesis Tracking (MHT) Algorithm,4 available
on MevisLab software † under the TubularTracking module. The manual seed C0 and direction d~0 were used to
track each branch. The single hypothesis tracking option was set (one single vessel to track). The tracking step
was set to 0.1 the radius of current tracking radius in the MHT, the maximum search angle angle between 2
tracking steps to 85◦ and the number of search angles was 5. A maximum of 2000 iterations were allowed and
all other parameters initialized to default values.
†

http://www.mevislab.de

The MHT algorithm proved to be quite sensitive to the allowable bounds set onto the radius. To have MHT
working on the most possible vessels, the radius was allowed to vary between 0.25 to 1.25 times the estimated
radius r0 at the seed point.
Besides, since the reference MHT method has no eﬃcient stopping criteria, the resulting centerline was cut
manually where the vessel visual tracking was not reliable anymore.
2.2.4 Validation protocol
Since we noticed a certain amount of tracking failures for MHT, we ﬁrst visually assessed the tracking success. A
tracking was considered as successful if the resulting centerline remained inside the vessel of interest. Otherwise,
the result was considered as a failure. This ﬁrst evaluation resulted in a sucess rate in percents (see Table 1).
However, the ﬁrst examination was tough for MHT. In some cases, rated as failures, the MHT successfully
tracked the proximal section of the vessel, but leakage was commonly observed where neighboring dense structures
misled the tracking. Since the successfully tracked portion was sometimes quite long, a second experiment was
set up. Note that no leakage was noticed for RBT on the entire data set.
In this second experiment, these MHT tracking results, considered as failures in a ﬁrst place, were visually
cut before the problem occurred. According to the length of the detected centerline, results, both for MHT and
RBT, were classiﬁed as: short, medium, long if the centerline was respectively correct along 1-33%, 33-66%, more
than 66% of the visually estimated length of the targeted vessel. A second evaluation was therefore performed,
recomputing the success rate, while only taking into account the medium and long trackings. Moreover, successful
tracking lengths were computed and compared (see Table 2).
A third evaluation was carried out, focusing on a quantitative assessment of the centerline detection accuracy.
The Average Symmetric Surface Distance (ASSD)8 was used. Only vessels labelled as medium or long were
considered, since we aimed at reporting ﬁgures on signiﬁcant trackings. The ASSD measure translates the mean
error between two centerlines. Its computation required to ﬁnd the centerline sections that were potentially
common to both. Each point on the centerline of the ground truth (MHT) was selected as a measure point if
the test centerline (RBT) came enough in its vicinity. Each measure point {Pi }i=1,...,N was associated with its
closest point {Qi }i=1,...,N on the test centerline. Symmetrically, measure points {Q0j }j=1,...,M were selected on
the test centerline, and their corresponding point {Pj0 }j=1,...,M were computed on the ground truth. The ASSD
was thereafter computed as follows:
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where d(P, Q) is the Euclidean distance between points P and Q.
Two ASSD measures were carried out with diﬀerent distance thresholds: ﬁrst, a ﬁxed value of 3 voxels and
second, the mean radius of the targeted vessel was taken as an adaptive threshold. Indeed, the former is suitable
for large vessels and the latter is a more appropriate choice to consider the scale of vessels and avoid taking into
account erroneous centerlines at leaking portions on small vessels. Moreover comparing both measures enables
to assess a potential inﬂuence of the distance threshold on the result. For the latter measure, the estimation of
the mean radius was given by our algorithm, since it appeared more trustful than MHT’s estimation (see Fig. 4).

3. RESULTS AND DISCUSSIONS
Table 1 reports on the ﬁrst experiment. A total number of 744 vessel sections were tracked on the 10 patient
data included in our experiments. For the visual assessment, the overall performance of RBT algorithm was
94%, conﬁrming its eﬃciency and strength. In constrast, the MHT algorithm reached a success rate of 65%.
This rather poor performance for MHT is the resultant of a lack of stopping criterion, which made MHT keep
on tracking, even wrong vessels, when the target vessel became hardly visible. Leakages, due to neighboring
structures, were the cause of many failures. On the contrary, the RBT procedure dealt well with this kissing
vessel problem. Fig. 2 illustrates the diﬃculty for MHT to sometimes handle the kissing vessel problem and the
robustness of our method to such topological diﬃculties.

Patient
1
2
3
4
5
6
7
8
9 10 Average
Number of vessels 59 57 75 69 82 80 55 95 76 96
74.4
MHT %
67 72 66 74 60 59 48 67 74 62
65
RBT %
97 90 99 81 100 96 85 92 96 99
94
Table 1: Success rate of MHT and RBT on a data set of 10 patients. A total of 744 test vessels were used to
evaluate both algorithms. The average success rate for MHT and for our algorithm is respectively 65% and 94%.

(a) MHT result

(b) RBT result

(c) Full result (32 arteries)

Figure 2: Comparison of MHT (left) and our algorithm (middle) with regard to a kissing vessel case on Patient
1: a blood vessel runs along the aneurism sack. Our RBT algorithm successfully handles this case, while MHT
gets lost in the aneurism. (right) 32 arteries segmented on this patient data with our algorithm.

The second evaluation took into account the actual tracked length, to assess the success rate. In particular,
short trackings that were counted as successes in the ﬁrst evaluation, were here discarded. Table 2 summarizes
its results. As expected, MHT increased its performance up to 69%, since some trackings were previously rated
as failures due to leakage issues, though they were correct on the proximal vessel section. On the contrary, RBT
performance slightly dropped to 89%. This abatement could be mostly explained by RBT stopping prematurely
due to drops in image intensity, as illustrated in Fig. 3.
When both algorithms succeeded, on average, RBT went further (725.5 mm) than MHT (688.6 mm). Nonetheless, MHT deﬁnitevely delivered a lesser number of successful trackings which impacted negatively the average
tracked length per patient up to 778.6 mm against 1446.1 mm for RBT. Table 2 also reports quantitative ASSD
measures. The average ASSD between both centerlines, with both 3 voxels and the mean radius of the targeted
vessel, was below one voxel. This showed that the proposed method produced similar results as the MHT.
On one hand, our RBT algorithm showed the same behaviour over all cases. The most important observation
is that it handled nicely the kissing vessel problem. Vessels of varied diameters could also be tracked with
the same set of parameters. Nevertheless, our proposal reached its limits when struggling with drops in image
intensity. On the other hand, the MHT algorithm coped especially well with gaps but it was very sensitive to
both bad initialization and radius variation along blood vessels. A propos this limitation, the user-deﬁned radius
estimation bound could lead to a saturation of the radius estimation and ineluctably to a wrong estimation of
the centerline as pointed out in Fig. 4. In contrast, RBT used the last estimated radius to restrain the estimate.
Thereby, a good behaviour was noticed when contending with variations of density along vessels while the MHT
centerline estimation was heavily disturbed (see Fig.5).
One of the reasons we identiﬁed as potentially impeding MHT performances is the ﬁxed tracking step that
it uses. The increase in resolution in 3DRA implies that we try to track very small vessels (0.5 mm in diameter
or less). Such vessels present with a very high tortuosity and potentially acute bends. RBT deﬁnes the tracking
step as the quarter of the height of the last ﬁtted cylinder. But since the height is adapted to the longitudinal
extension of the inlier point set, ﬁtted cylinders are shorter in twisted and bent portions of the blood vessels,
thus naturally adapting the tracking step.

Patient
1
2
3
4
5
6
7
8
9
10
MHT
M & L (%)
75
71
73
75
65
65
57
67
77
63
TL (mm)
765.2
601.5
758.7
726.5
818.7 1086.9 555.4 906.1
688.1
879.0
CL (mm)
697.1
523.3
697.5
512.4
810.2 1074.1 389.0 834.1
581.8
766.3
RBT
M & L (%)
94
79
97
77
99
95
82
84
89
91
TL (mm)
1120.4 1063.6 1383.3 1097.6 1752.7 2373.6 833.9 2121.3 1420.6 1294.0
CL (mm)
642.6
540.5
731.2
515.9
915.2 1164.7 403.6 914.2
644.7
782.6
ASSD
µ<3 (mm)
0.20
0.21
0.16
0.17
0.16
0.16
0.18
0.19
0.16
0.20
µ<R (mm)
0.20
0.20
0.16
0.17
0.16
0.16
0.19
0.19
0.16
0.20
Table 2: Success rate of MHT and RBT algorithms with tracking results classiﬁed as medium and long (M & L).
The mean success rates for MHT and for our RBT algorithm are respectively 69% and 89%. Furthermore, the
mean ASSD, with a distance threshold of 3 voxels (µ<3 ) and the mean radius of the targeted vessel (µ<R ),
between the extracted centerlines by both methods is below one voxel (0.17-0.18 mm). The comparison length
(CL) corresponds to the total length of centerline used to compute ASSD on vessels successfully tracked by both
methods. On average the total tracked lengths (TL) for MHT and RBT are respectively 778.6 mm and 1446.1
mm.

Figure 3: MHT deals well with drops in image intensity. (left) MHT result; (middle) RBT result: the tracking
stops too early. (right) a cut plane along the MHT centerline shows the drop in image intensity in the vessel.
The tracking was performed on a branch of the Middle Cerebral Artery of Patient 10.

(a) MHT result with radius
saturation

(b) MHT result without radius saturation

(c) RBT result

Figure 4: Inﬂuence of user-deﬁned radius estimation bound on MHT tracking where underestimation of the
vessel radius leads to an innacurate outcome on Patient 5: (left) the upper bound is reached leading to leakage
issues and (middle) computation with larger values avoid this problem. (right) Our RBT algorithm successfully
tracks the vessel without resorting to this information.

(a) Cut plane along the centerline
of Fig.4a

(b) Cut plane along the centerline
of Fig.4b

(c) Cut plane along the centerline
of Fig.4c

Figure 5: Plane views of Fig.4: the detection of the centerline for the MHT on a fuzzy portion of 0.8 mm of
diameter, with saturation of the radius (left) and without saturation (middle), is disturbed whereas our algorithm
detects correctly the centerline.

4. CONCLUSION
The general context of our work is interventional neuroradiology. While most previous works present segmentation results on CTA or MRA data, we only addressed the segmentation of 3D Rotational Angiography (3DRA)
volume. Indeed, 3DRA is the modality of choice for interventional radiologists that routinely acquire 3DRA
data before, during and after the treatment. While 3DRA is arguably of a much higher quality than CTA and
MRA, which would supposedly ease the segmentation task, noise and artefacts are still present. Moreover, even
in 3DRA, and as in MRA and CTA, our aim remains the segmentation of vessels whose radius is about the
voxel size. A state of the art MHT vessel segmentation algorithm4 was used as a reference for validation. The
performance of MHT were below our expectations, when applied to 3DRA, which supports our claim that 3DRA
presents with speciﬁc issues regarding blood vessel segmentation: improved blood vessel visibility implies more
kissing vessels, and vessels with a much stronger tortuosity.
The proposed algorithm for blood vessel segmentation, called RBT, builds a vessel tree structure, without
imposing the vessels to be of circular cross-section. Furthermore, robustness is incorporated in the overall
tracking procedure by using RANSAC to handle outliers in candidate points at the vessel surface. The results
demonstated the strength of the proposed method as well as its ability to accurately detect centerlines. In
particular, RBT proved to be able to capture very complex vascular topologies and to be very robust to the
kissing vessel issue. In addition, it tracked very tortuous tiny blood vessels. As such, it improves upon previous
blood vessel tracking algorithms.
Besides, RBT is also able to continue vessel tracking past bifurcations. After tracking a vessel, a child vessel
is segmented by providing a seed point on the parent vessel. This point is connected to its closest point on the
centerline of the parent vessel, which provide a initial direction for the tracking. The initial radius is the same
as that of the parent vessel at the connecting point. This rough initialization is possible due to RBT being very
robust. It did not work with MHT, that required tighter initial parameter values. Furthermore, RBT was even
robust enough for us to use the same set of parameters (aside from center, direction and radius) for all patients
and vessel. These characteristics of our method minimize user interaction and allow for segmentation of vessels
of interest to the user. This counterbalances the fact that RBT does not automatically handles bifurcations.
We would even argue that it is a clinical advantage since the radiologist is often interested in only a part of
the vasculature (the one related to the pathology), that he/she would probably like to choose and control.
Anyway, user interaction would be necessary, even with a so-called fully automated procedure, to correct for
potential errors. Finally, the proposed segmentation algorithm seems to be easily extended to other modalities.
Preliminary outcomes showed a promising behaviour of our algorithm on CTA data.
A path to improve RBT relies on a recognized strength of MHT. MHT allows the tracking to locally degrade
the ﬁtting score, as long as a raise occurs. As a result, MHT resists to local drops in the density along a vessel.
However, this strategy prevents MHT for stopping per se as it too greedly follows hints of vesselness on the data.
Our method stops as soon as no cylinder is found with the minimum percentage of inliers and may occasionnaly
stops prematurely. In order to increase the robustness of our proposal, we need to integrate an exploration phase

during the tracking procedure. A diﬃcult compromise would have to be found between our stopping criteria and
a greedy MHT exploration.
A ﬁnal word should be said on the segmentation characteristic of RBT. It is a tracking algorithm since the
vessel centerlines are extracted, building a vessel tree with little manual interaction. But, as MHT, the local
vessel radius is also estimated. However, RBT goes further since it also provides a set of points that reliably lie
on the local vessel surface. These points provide a rather dense sampling of the vessel surface. Our current and
future work aim at providing a complete vessel implicit surface representation that interpolate these points.
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