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Abstract: Centerline tracking is useful in performing segmental analysis of vessel tortuosity in
angiography data. However, a highly tortuous) artery can produce multiple centerlines due to
over-segmentation of the artery, resulting in inaccurate path-finding results when using the shortest
path-finding algorithm. In this study, the internal carotid arteries (ICAs) from three-dimensional
(3D) time-of-flight magnetic resonance angiography (TOF MRA) data were used to demonstrate the
effectiveness of a new path-finding method. The method is based on a series of depth-first searches
(DFSs) with randomly different orders of neighborhood searches and produces an appropriate path
connecting the two endpoints in the ICAs. It was compared with three existing methods which
were (a) DFS with a sequential order of neighborhood search, (b) Dijkstra algorithm, and (c) A*
algorithm. The path-finding accuracy was evaluated by counting the number of successful paths. The
method resulted in an accuracy of 95.8%, outperforming the three existing methods. In conclusion,
the proposed method has been shown to be more suitable as a path-finding procedure than the
existing methods, particularly in cases where there is more than one centerline resulting from over-
segmentation of a highly tortuous artery.

Keywords: cerebral arteries; path finding; image segmentation; intracranial arteries; magnetic
resonance angiography; blood vessel

1. Introduction

Cerebrovascular imaging such as X-ray, computed tomography (CT), and magnetic
resonance imaging (MRI) can non-invasively provide morphometric information on cere-
bral vessels. The detection of arteries’ centerlines is essential for the extraction of geometric
information of the cerebral arteries [1–3], such as their tortuosity, thickness, and spatial
variations [4–6]. It is related to the detection of bifurcations of interest for the labeling
of the intracranial arteries [7–9]. Recently, the centerlines have been used as input to a
topology-aware graph network model to perform vessel labeling in head and neck CT
angiography [10]. Numerous research studies have associated the morphometric charac-
teristics of the cerebral arteries with cerebrovascular diseases such as atherosclerosis and
aneurysm [11–15].

Path-finding algorithms have been used to automatically extract the centerlines of
arteries [16–19]. The Dijkstra and A* algorithms are well known for their effectiveness in
finding the shortest path between two endpoints of an artery’s centerline [16]. A recent
experimental study has indicated that these two algorithms are accurate in most arterial
segments in the circle of Willis, except for the internal carotid arteries (ICAs) [17]. ICAs
are inherently tortuous at the level of C4–C7 [20]. Due to the high level of tortuosity in
the ICAs, they can be over-segmented. A similar study with CT angiography pointed out
the presence of artificially created vessels or artificial loops resulting from segmentation
errors [21]. They were referred to as shortcuts, which cause problems with the shortest
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path-finding algorithms. After a skeletonization process, more than one centerline can
occur in an ICA segment. Hence, when the shortest path-finding process is performed
given two endpoints where one lies in the C4 and the other lies in the C7, it can result in an
erroneous path, and often a path whose length is shorter than the length of the correct path.
Figure 1 illustrates a case where the shortest path-finding algorithm can lead to correct
and incorrect path-finding results (compare Figures 1b and 1d). The results depend on the
absence or presence of a spurious centerline. A spurious centerline is indicated by the black
hollow arrow in Figure 1d.
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method to correctly identify the path along the ICA in (d). 

In this study, we propose a new method to address the issue of inaccurate path-find-
ing results for the labeling of the ICA segment. The proposed method consists of a series 
of depth-first search (DFS) algorithms, where a DFS-based path finding is performed after 
changing the order of visiting of the 26-neighborhood voxels. The order was randomized 
via random shuffling. The repetition of random shuffling would produce a variety of pos-
sible paths connecting the two endpoints. As the next step, the proposed method finds the 
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Figure 1. Examples of path-finding results in the ICA. (a) Subject A’s segmented artery. (b) Subject
A’s skeleton and a path found using Dijkstra algorithm. The found path is indicated by the light blue
line in (b) and is correct. (c) Subject B’s segmented artery. The segmented ICA is over-segmented
such that the two segmented arterial portions are joined (see the yellow hollow arrow). (d) Subjects
B’s skeleton and a path found using Dijkstra algorithm. The found path is indicated by the light blue
line in (d) and is incorrect. Two centerlines are formed as indicated by the black hollow arrow in
(d) after the skeletonization of the artery in (c). Hence, it was necessary to develop a new method to
correctly identify the path along the ICA in (d).

In this study, we propose a new method to address the issue of inaccurate path-finding
results for the labeling of the ICA segment. The proposed method consists of a series of
depth-first search (DFS) algorithms, where a DFS-based path finding is performed after
changing the order of visiting of the 26-neighborhood voxels. The order was randomized
via random shuffling. The repetition of random shuffling would produce a variety of
possible paths connecting the two endpoints. As the next step, the proposed method
finds the most appropriate ICA paths out of all the possible realizations of the paths. The
proposed path-finding algorithm is compared to three existing path-finding methods in
ICAs with regard to accuracy.
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2. Materials and Methods
2.1. Data and Preprocessing

The publicly available time-of-flight magnetic resonance angiography (TOF MRA)
image data from the IXI dataset (https://brain-development.org/ixi-dataset, accessed on
27 February 2024) were used for this study. Sixty subjects’ data were considered to evaluate
the performance of path-finding algorithms in the ICA segments. Quite a few subjects’
data had the problem of incorrect path findings in the ICAs when the Dijkstra and A*
algorithms were used [17]. This motivated us to develop a new method in order to improve
the accuracy of the path-finding procedure in the ICA segments. A bicubic interpolation
along the slice dimension was performed to generate isotropic resolution image data with
the same voxel spacing of 0.6 mm in all three dimensions. A three-dimensional (3D)
seeded region-growing algorithm was used to segment the arteries [22]. The segmented
binary mask of the arteries underwent a skeletonization procedure [23] in order to obtain
centerlines of the arteries.

2.2. Proposed Method

The pseudocode of the proposed path-finding algorithm is shown in Figure 2. After a
random shuffling process, the neighborhood search order can vary, as shown in Figure 3.
The proposed method repeats random shuffling to generate a variety of path-finding results.
In this study, we set the number of iterations to 10. First, the method discards cases with
any overlap between the path found from the left ICA and the path found from the right
ICA. The overlap can occur when a left (or right) ICA’s path is detoured such that it meets
a right (or left) ICA’s path (Figure 4a–e). Second, the method selects an appropriate path
based on the analysis of histograms of the right and left ICA path lengths. A flowchart for
finding appropriate paths is illustrated in Figure 5. The path-finding process first identifies
one of the three cases and then applies an appropriate path selection procedure according
to the rule described in Figure 5.
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ces of the directions. Each row has its own order for the neighboring voxel search in the 26-con-
nected neighborhood when the depth-first search (DFS) algorithm is used to find a path in 3D. The 
z at the top indicates a slice offset relative to the current voxel of interest, which has no number in 
the center at the z = 0 level. The number in each cell represents the order of visiting neighboring 
voxels. The random shuffling results in a randomized ordering in the 26-connected neighborhood. 
(a) Conventional sequential search order used in a typical DFS algorithm in 3D. (b–d) The first three 
random shuffling results. The selection of the voxel-visiting order affects the path-finding result. 

Figure 3. Variation in the order of visiting of neighboring voxels after random shuffling of the indices
of the directions. Each row has its own order for the neighboring voxel search in the 26-connected
neighborhood when the depth-first search (DFS) algorithm is used to find a path in 3D. The z at
the top indicates a slice offset relative to the current voxel of interest, which has no number in
the center at the z = 0 level. The number in each cell represents the order of visiting neighboring
voxels. The random shuffling results in a randomized ordering in the 26-connected neighborhood.
(a) Conventional sequential search order used in a typical DFS algorithm in 3D. (b–d) The first three
random shuffling results. The selection of the voxel-visiting order affects the path-finding result.
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Figure 4. A variety of paths found when using the DFS-based path-finding algorithm with different
orders of visiting of the neighborhood voxels due to random shuffling of the order. (a–e) Incorrect
path-finding results with detoured paths. The R-ICA path overlaps with the L-ICA path in (a–e).
These overlapped cases are discarded when selecting the correct paths. (f) Paths that do not overlap
with respect to each other.
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Figure 5. A flowchart for selecting an appropriate path among all possible paths in the left and right
ICA centerlines. r_R (or r_L) refers to the range of the path lengths in the right ICA (or the left ICA).
rr_R (or rr_L) refers to the relative range of the path lengths in the right ICA (or the left ICA).

2.2.1. Case 1—Detection of a Case Where There Are Two ICA Segments with More than
One Centerline

Because there are two ICA segments with more than one centerline, the range of path
lengths is larger than in the other two cases, which have at most one ICA segment with
more than one centerline. We developed a selection rule for Case 1, as shown in Figure 5.
We selected Case 1 if the sum of ranges of the left and right ICA path lengths was greater
than a threshold value. In our study, we empirically chose the threshold value of 40. The
histograms of left and right ICAs tend to produce distributions that are similar to each
other (Figure 6). Since there are shortcuts that have short path lengths, it is appropriate to
find a path whose path length is in the third quartile.
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Figure 6. An example of Case 1, where there are two ICA segments with more than one centerline.
(a) A histogram of path lengths. A path length is defined as the number of voxel locations along the
path when using the DFS path-finding algorithm. The histogram represents a distribution of path
lengths separately for the left ICA (green) and right ICA (cyan). (b) The final paths chosen by the
proposed method. These paths have been correctly chosen. Note that the numbers of points belonged
to the third quartiles in the left and right ICAs. The shortest path-finding algorithm would select
paths that include the spurious centerlines indicated by the red arrows.

2.2.2. Case 2—Detection of a Case Where There Is Only One ICA Segment with More than
One Centerline

The histograms of left and right ICAs tend to produce distributions which are very
different from each other (Figure 7). We selected Case 2 if the sum of ranges of left and
right ICA path lengths was less than the range threshold value of 40, and the difference
between the relative ranges of left and right ICA path lengths was greater than the relative
range threshold value (Figure 5). In our study, we empirically chose the threshold value of
0.015. We defined the relative range, as shown in Equation (1).

Relativerange(rr) =
max(path_len)−min(path_len)

median(path_len)
, (1)

where path_len is the path lengths, each of which was calculated from a path found by
the DFS path-finding algorithm with an order of visiting neighboring voxels via random
shuffling. For simplicity, the path length was defined as the number of voxel locations that
form the path as a result of the output of the DFS algorithm. Since one ICA has shortcuts
that have short path lengths resulting from a series of DFSs with random shuffling, it is
appropriate to find a path whose path length is in the third quartile. Since the other ICA
has no shortcut, it is appropriate to find a path using the shortest path-finding algorithm
(i.e., Dijkstra algorithm).
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Like Case 1, the histograms of left and right ICAs tend to produce distributions that 
are similar to each other (Figure 8). However, the distributions would be concentrated 
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between Case 2 and Case 3 can be made based on the difference between the relative 
ranges of left and right ICA path lengths. Since both have no shortcuts resulting from 

Figure 7. An example of Case 2, where there is only one ICA segment with more than one centerline.
(a) A histogram of path lengths. A path length is defined as the number of voxel locations along
the path when using the DFS path-finding algorithm. The histogram represents a distribution of
path lengths separately for the left ICA (green) and right ICA (cyan). Note that the different shades
(purple arrows) of green and cyan indicate overlap of the histograms of the left and right ICAs.
(b) The final paths chosen by the proposed method. These paths have been correctly chosen. Note
that the median path length was chosen for the right ICA and the third quartile path length was
chosen for the left ICA. The shortest path-finding algorithm would select a path that includes the
spurious centerlines indicated by the red arrow.

2.2.3. Case 3—Detection of a Case Where There Is No ICA Segment with More than
One Centerline

Like Case 1, the histograms of left and right ICAs tend to produce distributions that
are similar to each other (Figure 8). However, the distributions would be concentrated
around a certain peak and yield less variations than Case 1. Hence, the differentiation
between Case 2 and Case 3 can be made based on the difference between the relative ranges
of left and right ICA path lengths. Since both have no shortcuts resulting from spurious
centerlines, it is appropriate to find paths using the shortest path-finding algorithm (i.e.,
the Dijkstra algorithm).
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Figure 8. An example of Case 3, where there is no ICA segment with more than one centerline.
(a) A histogram of path lengths. A path length is defined as the number of voxel locations along the
path when using the DFS path-finding algorithm. The histogram represents a distribution of path
lengths separately for the left ICA (green) and right ICA (cyan). Note that the purple arrow indicates
overlap of the histograms of the left and right ICAs. (b) The final paths chosen by the proposed
method. These paths have been correctly chosen.

2.3. Evaluation

We evaluated four path-finding methods in terms of path-finding accuracy: (Method 1)
DFS algorithm, (Method 2) Dijkstra algorithm, (Method 3) A* algorithm, and (Method 4)
the proposed algorithm. The pseudocode of Method 1 is shown in Appendix A. In this
study, all the methods were implemented in Python. Method 1 is a simple path-finding
algorithm that is based on a pre-determined order of neighborhood searches and uses a
stack to perform back-tracking until it finds a path between two endpoints. Method 2 works
on a graph structure which is generated from a skeleton of the artery. We used the Skan
Python library [24] to extract a graph from the artery’s skeleton image. It attempts to find
the shortest path from a starting node to any other node, and the shortest path between the
two endpoints is found. Method 3 works on a graph structure like Method 2. It attempts to
find the shortest path from a starting node to an end node via a heuristic search, which is
referred to as the A* algorithm. Method 4 is the proposed method, which is described in
the pseudocode of Figure 2. We counted the numbers of successful path-finding results in
the left and right ICAs, respectively.

For the visual evaluation of path-finding results, we implemented a 3D visualization
method that allowed for the path-finding result to be overlaid onto the segmented artery.
We used the marching cubes algorithm [25] provided by the Scikit-Image Python library [26]
to calculate the surface meshes of the binary arteries. For visualization, we used the Mayavi
Python library (http://docs.enthought.com/mayavi/mayavi/, accessed on 27 February
2023) and created a video that plays the rotation of the 3D arterial structure along with the
centerlines of the left and right ICAs.

A chi-square test was performed to find any differences between the path-finding
methods in detecting the correct paths of the arterial segments. A p-value of <0.05 was
considered statistically significant.

http://docs.enthought.com/mayavi/mayavi/
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3. Results

Random shuffling of the neighbor-visiting order resulted in many possible paths being
found when using the DFS algorithm. When the number of iterations was 10 in our study,
there were 10 × 10 = 100 pairs of the left and right ICA paths, and the random shuffling
of the neighborhood-visiting order enabled different realizations of path-finding results.
It was noted that the presence of a centerline of the left or right posterior communicating
artery (PComm) produced paths with significantly longer path lengths. Our experiments
indicated that the overlapping paths between the left and right paths occurred only when
the left and right PComm artery centerlines connected the anterior and posterior circulation
arteries. This was easily handled by thresholding the path length. We empirically chose
a path length of 150, which is considered to be unusually high, as the threshold. In the
presence of a PComm centerline, we discarded paths whose path lengths were greater than
the threshold and sought to detect a correct path among the remaining paths.

Among the 60 subjects’ data, there were 6 subjects’ data which corresponded to Case 1,
7 subject’s data corresponding to Case 2, and 47 subjects’ data corresponding to Case 3. This
means that 78.3% of the data corresponded to Case 3, while 10.0% and 11.7% corresponded
to Case 1 and Case 2, respectively. The proposed method identified the cases with an accu-
racy of 96.7%. Only two subjects’ data were misclassified. One subject’s data corresponded
to Case 2 but were misclassified as Case 1. The other subjects’ data corresponded to Case 3
but were misclassified as Case 2.

The comparative accuracy results of the four path-finding methods are illustrated in
Table 1. Method 4 resulted in the highest accuracy value of 95.8%, which is greater than
85.0% of Methods 1–3. As shown in Table 1, the chi-square test showed that the proposed
method resulted in significantly different path-finding accuracy results when compared
to the other three methods (p < 0.01 for the proposed method vs. DFS algorithm, p < 0.01
for the proposed method vs. Dijkstra algorithm, p < 0.01 for the proposed method vs.
A* algorithm).

Table 1. Evaluation of path-finding accuracy.

ICA

R L Total

Method 1:
DFS algorithm

No. of correct paths 51 51 102
No. of incorrect paths 9 9 18

Method 2:
Dijkstra algorithm

No. of correct paths 50 52 102
No. of incorrect paths 10 8 18

Method 3:
A* algorithm

No. of correct paths 50 52 102
No. of incorrect paths 10 8 18

Method 4:
Proposed algorithm

No. of correct paths 58 57 115
No. of incorrect paths 2 3 5

p-value 1 - - 0.0085
p-value 2 - - 0.0085
p-value 3 - - 0.0085

1 Comparison between Method 1 (DFS algorithm) and Method 4 (proposed algorithm). 2 Comparison be-
tween Method 2 (Dijkstra algorithm) and Method 4 (proposed algorithm). 3 Comparison between Method 3
(A* algorithm) and Method 4 (proposed algorithm).

Figure 9 shows three screenshots of the movies that play a rotated 3D visualization
of the intracranial arteries, with found paths in the ICAs indicated in red. The movies are
provided in the Supplementary Materials. The yellow hollow arrows indicate erroneous
path-finding results with the shortest paths. Method 2 (i.e., the Dijkstra algorithm) produced
incorrect paths, while Method 4 (i.e., the proposed method) produced correct paths.
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Figure 9. Examples of path-finding results in the ICAs of (a) subject A, (b) subject B, and (c) subject C.
Method 2 (i.e., Dijkstra algorithm) produced incorrect path-finding results as indicated by the yellow
hollow arrows, whereas Method 4 (i.e., the proposed method) produced correct path-finding results.
See the videos in the Supplementary Materials.

Figure 10 shows four examples of incorrect path-finding results when using the
proposed method. The regions corresponding to incorrect paths are indicated by the red
hollow arrows. The ICA with an incorrect path in Figure 10a shows a small, detoured
round path. Figure 10b–d show noisy non-straight paths. Notably, the incorrect paths are
localized in certain regions with spurious small centerlines.

To assess the computational time of Method 4, we calculated the computational time
for iterations of 10 and 20 on a Windows PC (AMD Ryzen 55,500U with Radeon Graphics
6-Core Processor Central Processing Unit). For the iteration of 10, it took approximately
1.4 s to complete the path-finding process in the ICAs. For the iteration of 20, it took
approximately 2.9 s to complete the path-finding process in the ICAs.
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Figure 10. Examples of incorrect path-finding when using Method 4 (i.e., the proposed method). The
red hollow arrows in (a–d) indicate regions corresponding to incorrect paths. The paths for the left
ICA and right ICA are indicated by green and cyan colors, respectively.

4. Discussion

We demonstrated an improved path-finding algorithm for automatically identifying
an artery’s centerline when two endpoints are given. The conventional Dijkstra or A*
algorithms are effective in finding the shortest paths, but they may produce incorrect paths
when the segmented arteries are highly tortuous such that a skeletonization process results
in more than one centerline in an ICA segment. In this study, we focused on the ICA’s
C4–C7 segment, which typically contains highly tortuous arterial geometry. After the
skeletonization process, the segmented ICA can produce spurious centerlines, which result
in erroneous paths in certain cases when using the shortest path-finding algorithms [17].

The reason why there are multiple centerlines in the tortuous ICA segment is that
the 3D region growing algorithm produces over-segmented results, leading to multiple
centerlines after the skeletonization process. Hence, a better segmentation method may
overcome the issue of over-segmentation and avoid the situation of multiple centerlines
when only one centerline contains the correct path. Simple morphological image processing
such as erosion may help reduce over-segmentation, but it can remove thin arteries as a
side effect. Encoder–decoder deep convolutional neural networks may have the potential
to improve the segmentation results in highly tortuous arteries such as the ICA [27–29], and
the evaluation of the centerlines after deep learning-based artery segmentation requires
further investigation.

We note that the randomization of the neighbor search order is key to the generation
of a variety of paths in the left and right ICAs when using the DFS-based path finding. This
indeed produced almost all possible pairs of the left and right ICA paths. One can instead
design predetermined neighborhood search orders, but this is not easy to implement
when compared to the use of random shuffling. Notably, a recursive method that counts
all available paths given the source point and the destination point also exists, but a
drawback is that theoretically the recursive method has the exponential time complexity
of O

(
2V), where V is the number of vertices. With the various realizations of the left and

right ICA paths, we developed a method that automatically chooses the correct paths by
relying on the assumption that there are three possible cases of centerline compositions
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and by handling each case separately using the two histograms of the left and right ICAs’
path lengths.

An underlying assumption of the proposed method is that the left and right ICA
segments have similar path lengths. However, in some subjects, the length of the left ICA
may differ significantly from the length of the right ICA. The difference in the lengths may
be related to the difference in the ranges of the lengths and could affect the choice among
the three cases.

Our path-finding method is a rule-based method, and relies on the selection of the
thresholds in the sum of the left and right ICA path lengths’ ranges as well as on the
absolute difference in relative ranges between the left and right ICA path lengths. It may be
sensitive to the choice of the thresholds. Therefore, it is worth developing a learning-based
method, which would involve the development of a machine learning prediction model
that takes the histogram distributions of path lengths as input and produces annotated
correct paths as output.

Since the proposed method relies on a series of DFS path-finding processes with
multiple realizations of neighborhood-visiting orders, it is inherently more time-consuming
than the other three available methods we have considered. However, the computational
time of the proposed method was not significantly longer, taking only 1.4 s per subject
on a PC.

In our study, the number of ICA segments was 120 obtained from 60 subjects, which is
not very large in general. Also, the majority (78.3%) of the ICAs’ centerlines corresponded
to Case 3, and thus the number of incorrect paths (18) was relatively small compared
to the number of all paths (120), even when using the shortest path-finding algorithms.
Nonetheless, the proposed method demonstrated statistical significance in path-finding
accuracy when compared with the shortest path-finding algorithms.

5. Conclusions

We proposed a new method that can find a path along the ICA centerline with higher
accuracy than existing methods. The proposed method is based on a series of DFS algo-
rithms where a DFS is performed after randomization of the order of visiting of neighboring
voxels. Out of multiple candidate paths, appropriate paths in both left and right ICAs were
identified by discarding the paths where the right ICA’s path and the left ICA’s path are
overlapped and then selecting paths based on the path length distributions in the left and
right ICAs. The evaluation of 60 subjects’ ICAs with the four path-finding methods shows
that the proposed method outperformed the other three existing methods in path-finding
accuracy. The proposed method can be useful in highly tortuous arteries such as the ICAs,
in which shortest path-finding algorithms such as the Dijkstra or A* algorithms may fail to
find correct paths.

Supplementary Materials: The supplementary videos, which compare the path-finding results
between Dijkstra algorithm and the proposed method in three-dimensional rotated view, is available
at: https://sites.google.com/yonsei.ac.kr/yoonckim/research/supplemental-materials (accessed on
27 February 2024).
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Appendix A

The pseudocode for the Method 1′s depth-first search (DFS) algorithm is shown in
Figure A1. This is known as a solution to the maze solving problem.

J. Imaging 2024, 10, x FOR PEER REVIEW 14 of 16 
 

 

Informed Consent Statement: Patient consent was waived due to the use of publicly available data. 

Data Availability Statement: The data supporting the conclusions of this article will be made avail-
able by the authors on request.  

Conflicts of Interest: The authors declare no conflicts of interest. 

Appendix A 
The pseudocode for the Method 1′s depth-first search (DFS) algorithm is shown in 

Figure A1. This is known as a solution to the maze solving problem. 

 
Figure A1. Pseudocode of the depth-first search (DFS) algorithm. Figure A1. Pseudocode of the depth-first search (DFS) algorithm.



J. Imaging 2024, 10, 58 14 of 15

References
1. Antiga, L.; Ene-Iordache, B.; Remuzzi, A. Computational geometry for patient-specific reconstruction and meshing of blood

vessels from MR and CT angiography. IEEE Trans. Med. Imaging 2003, 22, 674–684. [CrossRef]
2. Antiga, L.; Piccinelli, M.; Botti, L.; Ene-Iordache, B.; Remuzzi, A.; Steinman, D. An image-based modeling framework for

patient-specific computational hemodynamics. Med. Biol. Eng. Comput. 2008, 46, 1097–1112. [CrossRef]
3. Aylward, S.R.; Bullitt, E. Initialization, noise, singularities, and scale in height ridge traversal for tubular object centerline

extraction. IEEE Trans. Med. Imaging 2002, 21, 61–75. [CrossRef]
4. Bullitt, E.; Gerig, G.; Pizer, S.M.; Lin, W.; Aylward, S.R. Measuring tortuosity of the intracerebral vasculature from MRA images.

IEEE Trans. Med. Imaging 2003, 22, 1163–1171. [CrossRef] [PubMed]
5. Kandil, H.; Soliman, A.; Ghazal, M.; Mahmoud, A.; Shalaby, A.; Keynton, R.; Elmaghraby, A.; Giridharan, G.; El-Baz, A. A Novel

Framework for Early Detection of Hypertension using Magnetic Resonance Angiography. Sci. Rep. 2019, 9, 11105. [CrossRef]
[PubMed]

6. Kim, H.J.; Song, H.N.; Lee, J.E.; Kim, Y.C.; Baek, I.Y.; Kim, Y.S.; Chung, J.W.; Jee, T.K.; Yeon, J.Y.; Bang, O.Y.; et al. How Cerebral
Vessel Tortuosity Affects Development and Recurrence of Aneurysm: Outer Curvature versus Bifurcation Type. J. Stroke 2021, 23,
213–222. [CrossRef] [PubMed]

7. Bilgel, M.; Roy, S.; Carass, A.; Nyquist, P.A.; Prince, J.L. Automated anatomical labeling of the cerebral arteries using belief
propagation. In Proceedings of the Medical Imaging 2013: Image Processing, Lake Buena Vista, FL, USA, 10–12 February 2013;
pp. 340–345.

8. Essadik, I.; Nouri, A.; Touahni, R.; Bourcier, R.; Autrusseau, F. Automatic classification of the cerebral vascular bifurcations using
dimensionality reduction and machine learning. Neurosci. Inform. 2022, 2, 100108. [CrossRef]

9. Nader, R.; Bourcier, R.; Autrusseau, F. Using deep learning for an automatic detection and classification of the vascular bifurcations
along the Circle of Willis. Med. Image Anal. 2023, 89, 102919. [CrossRef]

10. Yao, L.; Shi, F.; Wang, S.; Zhang, X.; Xue, Z.; Cao, X.; Zhan, Y.; Chen, L.; Chen, Y.; Song, B.; et al. TaG-Net: Topology-Aware Graph
Network for Centerline-Based Vessel Labeling. IEEE Trans. Med. Imaging 2023, 42, 3155–3166. [CrossRef] [PubMed]

11. Klis, K.M.; Krzyzewski, R.M.; Kwinta, B.M.; Stachura, K.; Gasowski, J. Tortuosity of the Internal Carotid Artery and Its Clinical
Significance in the Development of Aneurysms. J. Clin. Med. 2019, 8, 237. [CrossRef] [PubMed]

12. Klis, K.M.; Krzyzewski, R.M.; Kwinta, B.M.; Lasocha, B.; Brzegowy, P.; Stachura, K.; Popiela, T.J.; Borek, R.; Gasowski, J. Increased
tortuosity of basilar artery might be associated with higher risk of aneurysm development. Eur. Radiol. 2020, 30, 5625–5632.
[CrossRef] [PubMed]

13. Krzyzewski, R.M.; Klis, K.M.; Kwinta, B.M.; Gackowska, M.; Gasowski, J. Increased tortuosity of ACA might be associated with
increased risk of ACoA aneurysm development and less aneurysm dome size: A computer-aided analysis. Eur. Radiol. 2019, 29,
6309–6318. [CrossRef] [PubMed]

14. Nouri, A.; Autrusseau, F.; Bourcier, R.; Gaignard, A.; L’allinec, V.; Menguy, C.; Veziers, J.; Desal, H.; Loirand, G.; Redon, R.
Characterization of 3D bifurcations in micro-scan and MRA-TOF images of cerebral vasculature for prediction of intra-cranial
aneurysms. Comput. Med. Imag. Grap 2020, 84, 101751. [CrossRef]

15. Pascalau, R.; Padurean, V.A.; Bartos, D.; Bartos, A.; Szabo, B.A. The Geometry of the Circle of Willis Anatomical Variants as a
Potential Cerebrovascular Risk Factor. Turk. Neurosurg. 2019, 29, 151–158. [CrossRef]

16. Thamm, F.; Jurgens, M.; Taubmann, O.; Thamm, A.; Rist, L.; Ditt, H.; Maier, A. An algorithm for the labeling and interactive
visualization of the cerebrovascular system of ischemic strokes. Biomed. Phys. Eng. Express 2022, 8, 065016. [CrossRef]

17. Kim, S.O.; Kim, Y.C. Effects of Path-Finding Algorithms on the Labeling of the Centerlines of Circle of Willis Arteries. Tomography
2023, 9, 1423–1433. [CrossRef]

18. Suran, S.; Pattanaik, V.; Malathi, D. Discovering shortest path between points in cerebrovascular system. In Proceedings of the
6th IBM Collaborative Academia Research Exchange Conference (I-CARE) on I-CARE 2014, Bangalore, India, 9–11 October 2014;
pp. 1–3.

19. Shen, M.; Wei, J.; Fan, J.; Tan, J.; Wang, Z.; Yang, Z.; Qiao, P.; Liao, F. Automatic cerebral artery system labeling using registration
and key points tracking. In Proceedings of the Knowledge Science, Engineering and Management: 13th International Conference,
KSEM 2020, Hangzhou, China, 28–30 August 2020; Proceedings, Part I 13. pp. 355–367.

20. Bouthillier, A.; van Loveren, H.R.; Keller, J.T. Segments of the internal carotid artery: A new classification. Neurosurgery 1996, 38,
425–432. [CrossRef]

21. Rist, L.; Taubmann, O.; Thamm, F.; Ditt, H.; Suhling, M.; Maier, A. Bifurcation matching for consistent cerebral vessel labeling in
CTA of stroke patients. Int. J. Comput. Assist. Radiol. Surg. 2023, 18, 509–516. [CrossRef] [PubMed]

22. Javed, A.; Kim, Y.C.; Khoo, M.C.; Ward, S.L.; Nayak, K.S. Dynamic 3-D MR Visualization and Detection of Upper Airway
Obstruction During Sleep Using Region-Growing Segmentation. IEEE Trans. Biomed. Eng. 2016, 63, 431–437. [CrossRef] [PubMed]

23. Lee, T.C.; Kashyap, R.L.; Chu, C.N. Building Skeleton Models Via 3-D Medial Surface Axis Thinning Algorithms. Cvgip-Graph.
Model. Im. 1994, 56, 462–478. [CrossRef]

24. Nunez-Iglesias, J.; Blanch, A.J.; Looker, O.; Dixon, M.W.; Tilley, L. A new Python library to analyse skeleton images confirms
malaria parasite remodelling of the red blood cell membrane skeleton. PeerJ 2018, 6, e4312. [CrossRef] [PubMed]

https://doi.org/10.1109/TMI.2003.812261
https://doi.org/10.1007/s11517-008-0420-1
https://doi.org/10.1109/42.993126
https://doi.org/10.1109/TMI.2003.816964
https://www.ncbi.nlm.nih.gov/pubmed/12956271
https://doi.org/10.1038/s41598-019-47368-1
https://www.ncbi.nlm.nih.gov/pubmed/31366941
https://doi.org/10.5853/jos.2020.04399
https://www.ncbi.nlm.nih.gov/pubmed/34102756
https://doi.org/10.1016/j.neuri.2022.100108
https://doi.org/10.1016/j.media.2023.102919
https://doi.org/10.1109/TMI.2023.3240825
https://www.ncbi.nlm.nih.gov/pubmed/37022246
https://doi.org/10.3390/jcm8020237
https://www.ncbi.nlm.nih.gov/pubmed/30759737
https://doi.org/10.1007/s00330-020-06917-3
https://www.ncbi.nlm.nih.gov/pubmed/32405752
https://doi.org/10.1007/s00330-019-06146-3
https://www.ncbi.nlm.nih.gov/pubmed/30989348
https://doi.org/10.1016/j.compmedimag.2020.101751
https://doi.org/10.5137/1019-5149.JTN.21835-17.3
https://doi.org/10.1088/2057-1976/ac9415
https://doi.org/10.3390/tomography9040113
https://doi.org/10.1097/00006123-199603000-00001
https://doi.org/10.1007/s11548-022-02750-9
https://www.ncbi.nlm.nih.gov/pubmed/36181631
https://doi.org/10.1109/TBME.2015.2462750
https://www.ncbi.nlm.nih.gov/pubmed/26258929
https://doi.org/10.1006/cgip.1994.1042
https://doi.org/10.7717/peerj.4312
https://www.ncbi.nlm.nih.gov/pubmed/29472997


J. Imaging 2024, 10, 58 15 of 15

25. Lorensen, W.E.; Cline, H.E. Marching cubes: A high resolution 3D surface construction algorithm. In Proceedings of the 14th
Annual Conference on Computer Graphics and Interactive Techniques, Anaheim, CA, USA, 27–31 July 1987; SIGGRAPH: New
York, NY, USA, 1987; pp. 163–169. [CrossRef]

26. Van der Walt, S.; Schönberger, J.L.; Nunez-Iglesias, J.; Boulogne, F.; Warner, J.D.; Yager, N.; Gouillart, E.; Yu, T. scikit-image: Image
processing in Python. PeerJ 2014, 2, e453. [CrossRef] [PubMed]

27. Livne, M.; Rieger, J.; Aydin, O.U.; Taha, A.A.; Akay, E.M.; Kossen, T.; Sobesky, J.; Kelleher, J.D.; Hildebrand, K.; Frey, D.; et al. A
U-Net Deep Learning Framework for High Performance Vessel Segmentation in Patients With Cerebrovascular Disease. Front.
Neurosci. 2019, 13, 97. [CrossRef]

28. Chen, Y.; Jin, D.; Guo, B.; Bai, X. Attention-Assisted Adversarial Model for Cerebrovascular Segmentation in 3D TOF-MRA
Volumes. IEEE Trans. Med. Imaging 2022, 41, 3520–3532. [CrossRef]

29. Dumais, F.; Caceres, M.P.; Janelle, F.; Seifeldine, K.; Ares-Bruneau, N.; Gutierrez, J.; Bocti, C.; Whittingstall, K. eICAB: A novel deep
learning pipeline for Circle of Willis multiclass segmentation and analysis. Neuroimage 2022, 260, 119425. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1145/37401.37422
https://doi.org/10.7717/peerj.453
https://www.ncbi.nlm.nih.gov/pubmed/25024921
https://doi.org/10.3389/fnins.2019.00097
https://doi.org/10.1109/TMI.2022.3186731
https://doi.org/10.1016/j.neuroimage.2022.119425
https://www.ncbi.nlm.nih.gov/pubmed/35809887

	Introduction 
	Materials and Methods 
	Data and Preprocessing 
	Proposed Method 
	Case 1—Detection of a Case Where There Are Two ICA Segments with More than One Centerline 
	Case 2—Detection of a Case Where There Is Only One ICA Segment with More than One Centerline 
	Case 3—Detection of a Case Where There Is No ICA Segment with More than One Centerline 

	Evaluation 

	Results 
	Discussion 
	Conclusions 
	Appendix A
	References

