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A B S T R A C T

Background: Computed tomography angiography (CTA) is a non-invasive technique to image coronary arteries
and evaluate coronary artery diseases (CAD). The diagnosis of CAD requires modeling anatomical structures and
analyzing the function and pathology of the coronary arteries. Therefore, a robust and automated method for
extracting reliable coronary artery centerlines is valuable in clinical practice.
Method: We extracted coronary centerlines using the directional fast marching (DFM) method and improved
DFM with a multi-model strategy. The method comprises model guidance, the application of vessel direction,
and a multi-model strategy: (1) coronary models are constructed using registration techniques and then used as
prior knowledge of the vessels; (2) the vessel direction, modified from the eigenvectors of the Hessian matrix and
vesselness, is used to guide the search for the vessel points during fast marching; and (3) the multi-model
strategy is applied to identify suboptimal results from the overall outcome as in multi-atlas segmentation.
Overlap and accuracy metrics are used to assess the segmentation. The authors evaluated the performance of the
proposed method on 32 CT cardiac angiography datasets from the Rotterdam Coronary Artery Algorithm
Evaluation Framework (RCAAEF). The authors also studied the effect of models on DFM.
Results: For the quantitative evaluation, DFM improved the average overlap (OV) from 43.6% of a method
without model information to 77.8%. In addition, with the ground truth delineated by experts, multi-model DFM
(MM-DFM) obtained 83.5% average overlap (OV) in the training datasets and 86.6% in the test datasets.
Conclusion: The authors propose a novel approach to extract coronary centerlines from CTA using DFM and
further extend DFM to a multi-model strategy. DFM effectively applies the prior shape of the coronary vessels
and vascular features within the target image and has the potential to achieve clinically relevant results.

1. Introduction

The American Heart Association has reported that coronary artery
disease (CAD) was the underlying cause of approximately one out of
seven deaths in the United States in 2014 [1]. Vascular imaging, par-
ticularly computed tomography angiography (CTA), is a non-invasive
technique for diagnosing CAD [2]. In cardiovascular practice, ex-
tracting the centerline and lumen of the coronary arteries using CTA is a
fundamental step in evaluating plaque extent and stenosis area [3].
Accurate extraction can lead to high-quality models for cardiovascular
hemodynamics analysis, functional assessment, surgical planning, and
simulation.

The methodology for centerline extraction can be classified into two
groups: image-based methods and geometrical-model-based ap-
proaches.

Image-based approaches extract centerlines indirectly using image
filtering and enhancing algorithms. The filters are often designed by
combining widely used image processing tools, from image intensity to
first- and second-order derivative edge-based detectors. Vessel-specific
features such as scale, directionality, and branches are enhanced by
these filters. These techniques commonly involve the Hessian matrix
[4,5], the gradient vector [6,7], the structure tensor [8–10], and flux-
based filters [11–13].

Geometrical-model-based methods commonly employ mathematical
equations describing the geometry of the dataset to directly determine
the centerline positions. These methods generally start from a set of
seeds, which are also referred to as starting points, and then propagate
toward the vessel of interest or the distal end of the vessel using, for
example, region growing [14,15], active contours [16,17], or model
matching. Model matching uses geometric models, including spheres
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[18], cylinders [19–23], and ellipsoids [24] as templates. The center-
line is obtained by determining the best-fitting template at each loca-
tion in the image.

The two aforementioned methods are often integrated for improved
results [25]. Despite the significant progress in Refs. [5,26], centerline
extraction for coronary arteries remains challenging due to the small
vessel size, branch overlap, and the presence of pathology. Lessage et al.
[27] provided a broad review of vessel extraction techniques, wherein
the appearance and geometric models, image features, and extraction
methods are discussed.

The minimal path is a widely used framework for centerline ex-
traction [28–30], particularly for locating tiny vessels [31]. It can de-
tect curve-like structures by determining the minimal-cost path be-
tween two seed points [32]. It is fast and can avoid local minima by
efficiently searching for the global optima of the energy function.
Several methods have been proposed to automate path propagation and
relax the need for seed points in the minimal path framework. Krissian
et al. [33] identified the starting point by automated aorta detection but
manually annotated the endpoint for termination. Kaul et al. [34]
proposed the minimal path method with key-point detection (MPWKD)
to obtain a curve with a specified endpoint. MPWKD detects several key
points along the curve by front propagation and terminates the proce-
dure when the desired curve length is reached. It detects the starting
point automatically but requires an appropriate stopping criterion to
achieve a fully automated algorithm. Tek et al. [35] used a medialness
threshold as a stopping criterion, and Kitslaar et al. [36] used the leaf
points as endpoints.

To obtain a robust method for extracting coronary centerlines,
Friman et al. [21] proposed a multiple hypothesis tracking (MHT) ap-
proach to segment the structure of small vessels. The authors employed
a vessel template on a sphere to assess how well the geometric model
fits the image data. The vessel template is generally sensitive to the
homogeneous image neighborhood around tubular structures, and two
manual points are required to extract the target centerlines. Kerrien
et al. [23] used a RANSAC-based tracking (RBT) algorithm to extract
the vessel centerline. The method is proven to outperform the MHT
method on 3D neurovascular images. However, a user-defined point is
required to track the entire vessel tree. To obtain more vessel features,
Cetin and Unal et al. [22] estimated a high-order diffusion tensor via a
flux-based model. The tensor can be used to estimate the tracking di-
rection, which is the critical step in predicting the centerline positions.
Moreover, the antipodal asymmetries in Y-junction-like vessel trees can
be constructed, which is helpful for bifurcation detection. Zheng et al.
[15] developed a model-driven approach to automatically extract and
recognize the main branches using a learning algorithm. They used
model fitting by registering a whole-heart structure model with cor-
onary artery information to the target CTA image based on the whole-
heart segmentation result [37,38]. The learning algorithm, based on the
probability boosting tree and marginal space learning, provides the
probability of coronary center points within a cutting plane along the
coronary model. The final centerline is determined via the optimal
probability path along the stacked cutting planes using dynamic pro-
gramming. They employed 108 CTA volumes, with manual annotation
of the coronary centerlines, to train their learning algorithm, and the
method exhibited promising performance. Based on a convolutional
neural network (CNN), Jelmer et al. [39] predicted the posterior
probability distribution over possible tracking directions of a vessel
point. The tracker then used the directions to obtain several centerline
candidates by tracing from several CNN-identified seed points to the
starting point. However, the automatic seed identification CNN requires
training images in which all coronary arteries have been annotated, and
the long centerlines are shortened to a definite length.

This study proposes using the directional information obtained from
multiple coronary models and the target image to guide centerline ex-
traction. The coronary models are constructed from the references using
multi-stage, non-rigid registration methods. The directional

information is integrated into the fast-marching process of the minimal
path framework, referred to as directional fast-marching (DFM). DFM
propagates the wavefront along the vessel, and the propagation is en-
sured to be consistent with the model direction. The desired propaga-
tion is achieved by introducing the concept of vessel direction, which is
combined with the model direction in the DFM framework.

The proposed method is designed to manage the three typical
challenges faced by the traditional minimal path framework: the
leakage problem, the shortcut issue, and the seed point-and-endpoint
problem [40]. First, DFM can accelerate wave propagation, particularly
along the desired direction, due to the guidance of the coronary models,
which has two advantages. One is that, compared with conventional
methods, DFM generally has fewer visited points when the wavefront
arrives at the same endpoint. The other is that the backtracked path
obtained by DFM tends to avoid regions not of interest. As a result, DFM
minimizes leaking and shortcut tracking. Second, DFM uses a learning-
based algorithm to detect the ostia automatically, which are then used
as the starting points for fast marching [41]. Finally, for termination,
DFM refers to the length of the model and constructs a new stopping
criterion; hence, endpoint selection is no longer required.

A preliminary method—the directional minimal path—was pre-
viously proposed in Ref. [42]. This method, referred to as DMPLL in this
paper, estimates vessel vectors by connecting two points in the target
image; thus, the direction is sensitive to the position of the selected
points. Additionally, this estimation only enables the front to propagate
along the direction that is consistent with the model direction, and it
does not consider the local direction of the target vessels. This limita-
tion is managed by DFM using the proposed vessel direction.

The remainder of the paper is organized as follows. The novel cor-
onary centerline extraction, including a new vessel direction, DFM and
the multi-model strategy, are introduced in Section 2. Section 3 de-
scribes the experiments and results. The performance and advantages of
the proposed method are demonstrated. Finally, the results and future
developments are discussed in Section 4.

2. Method

In this study, a new model-based method, directional fast-marching
(DFM) is proposed here for coronary centerline extraction from CTA
images, and it is extended to a multi-model strategy. Fig. 1 (a) and (b)
show the diagram of DFM using one model and the multi-model
strategy, respectively. Section 2.1 presents the basic theory of the
minimal path method, where the vesselness-based fast marching
(VBFM) for coronary centerline extraction is described in Section 2.1.2.
Section 2.2 presents DFM methodologies for coronary centerline ex-
traction, including model construction and several implementation
details. Finally, Section 2.3 introduces our multi-model strategy for the
model-guided path tracking.

2.1. Basic theory

2.1.1. Minimal path theory for path tracking
The minimal path framework minimizes the cost of a path con-

necting two points. The cost function is formulated using a cumulative,
monotonic cost metric integrated along the path [32]. Fast-marching-
based algorithms are widely used as a numerical optimization method
to solve the minimization problem for low computational complexity.

Let ∈C p p,0 1A refer to a curve connecting two points p0 and p1, and
p p,0 1A be the space of all these curves. The energy for a curve C is de-

noted by E C( ) and consists of two parts. One is the integration of the
potential along the curve, referred to as P C( ), and the other is related to
the arc length of C, that is, L C( ). Therefore, the energy is defined as
follows:
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Fast marching can solve the Eikonal equation efficiently. The
method computes U p( ) while visiting the grid points in an increasing
order using Dijkstra's algorithm. In this framework, every grid point is
marked and classified into three classes: (1) alive points, for which U
has been computed and frozen; (2) trial points, for which U has been
computed but not frozen; and (3) far points, for which U is yet un-
known. The trial points form the interface of the wave (wavefront)
between the far and alive points, and trial points with the smallest U
value in each iteration are selected as alive points.

After the Eikonal equation is solved, the U values in an image are
calculated, and a minimal energy path from any current point to the
starting point can be generated using the backtracking scheme [34].

2.1.2. Vesselness-based fast-marching
Multi-scale vesselness filters are usually applied before segmenta-

tion and visualization, which enhance the tube structure of the image

and facilitates the extraction of curve skeletons [25,43]. Vesselness is
defined using the eigenvalues of the Hessian matrix of the image.

Let x σ,H be the Hessian matrix at a point x computed at scale σ, and
λσ k, denote the kth (k=1, 2, 3 in the 3D case) eigenvalue in ascending
order, whose corresponding normalized eigenvector is uσ k, ;
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a, b, and c tune the sensitivity of the filters to deviations in AR , BR , and
SR , respectively.
The vesselness function is defined using multi-scale filters as fol-

lows:
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In the experiments, the minimum scale was set to =σ 0.5min mm, the
maximum scale to =σ 3max mm, and the step size to 0.2mm, which
correspond to the radius range of the coronary arteries. Fig. 2 (a) and
(b) show an example of a 2D image and its corresponding vesselness
feature image.

Based on the definition of vesselness in (5), the local principal
vector up, which will be later used for the definition of the vessel vector,
is defined as follows:

=x xu u( ) ( ),p σ ,1p (6)

where σp =
≤ ≤

v x σargmax ( , )
σ σ σ

o
min max

. Fig. 2 (b)-(e) illustrate the up vector

using the vector field in 2D cases.
Vesselness-based fast-marching (VBFM) adopts the following

Fig. 1. Diagram of the single-model DFM for centerline extraction (a) and the multi-model strategy (b).

Fig. 2. Illustration of the vesselness feature and the principal direction information in DFM. (a) The original synthetic 2D image containing a region with a higher
mean intensity value than that of the random background. (b) Illustration of the principal directions (black arrows) and normalized vesselness magnitude (ranging
from 0 to 1) using the vector field. (c)–(e) Close-up images of the three positions in (b).
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potential function that incorporates vesselness:
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where v x( ) and s x( ) denote the vesselness term and the intensity si-
milarity term, respectively, α and β are parameters controlling the
contrast between these two terms, and ε is a small positive value to
prevent singularities. The similarity term can be defined as follows
[30]:

=
⎧

⎨
⎩

<
≥

− ⎛
⎝

⎞
⎠

−

s x e I μ
I μ

( ) ,
1,

,ca

ca

I x μca
σca

1
2

( ) 2

(8)

where I x( ) is the intensity at the point x, and μca and σca are the in-
tensity mean and the standard deviation of the coronary lumen, re-
spectively.

2.2. Model-guided directional fast-marching

VBFM is an image-based method that favors visiting the vessel-like
region in the target image during fast marching. However, it is sensitive
to the starting points’ locations; moreover, it requires an appropriate
stopping criterion. Here, DFM is proposed to combine the real vessel
and the model directions for fast marching.

DFM is guided by models that incorporate prior information for
centerline extraction. Its pipeline diagram is shown in Fig. 1(a). DFM is
initialized with model construction (Section 2.2.1) and starting point
(ostium) detection. After iterations of directional fast marching, a set of
segment points is obtained. Consequently, a set of paths can be traced
by backtracking from the segment points to the starting point, and the
final target centerline is obtained from the curve set. The stopping
criterion is designed by incorporating the information from the cor-
onary model. The implementation details are elaborated in Section
2.2.3.

2.2.1. Model construction
The term model in this study refers to a pre-constructed centerline

containing geometric information (for example, the shape and length)
of the vessel under study. Models of coronary centerlines are referred to
as coronary models.

The model is constructed via the following steps: a CTA volume is
first selected from the training set as the common space. Subsequently,
the remaining training images are registered to the selected common
space using a multi-stage non-rigid registration algorithm (MSR) [44].
The resulting transformations are then used to map the regularly-

spaced points of the corresponding centerlines of the CTA images to the
common space. The transformed points are finally fused to create a
centerline, which is the resulting coronary model. The fusing process is
based on the one-way distance algorithm (OWD) proposed by Zheng
et al. [15]. The unique common space is a CTA image selected from one
of the training CTA datasets. A different model can be constructed using
another CTA and the corresponding training centerlines. The resulting
model generally has a length similar to the maximal length among all of
the training centerlines. In the experiment, the average length of the
constructed models is 10–20% larger than the mean length of all of the
centerlines from clinical datasets.

When the coronary model is used for centerline extraction from a
target CTA image, it should be mapped to the target CTA using an
image registration process for initialization and guidance. A model
contains one centerline for extracting one branch. If two branches are to
be extracted, two corresponding models are required, and two DFM
processes should be applied separately.

2.2.2. Directional fast-marching
In DFM, the potential function P x( )v is defined in (7). It incorporates

the vessel direction as follows:

=
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In the experiments, the parameters α, β, and δ were set to 1, 1, and
2, respectively; the direction term d x( ), which is a decay function, in-
dicates the cost from the model and vessel directions:
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where xu ( )vd is the vessel vector along the vessel direction at point x, and
umd is the model vector (described in Section 2.2.3) providing the prior
direction information of the model.

The vessel vector xu ( )vd is computed from the principal vector as
follows:

= ⎯ →⎯⎯⎯⎯⎯⎯⎯ ⋅−x p x x xu u u( ) sign( ( )) ( ),vd n p p1 (11)

where −pn 1 is the segment point (defined in Section 2.2.3), and x is the
current visiting point. The local principal vector xu ( )p in (6) is not di-
rectly used, as the front may propagate in either of the directions xu ( )p

and − xu ( )p . Using ⎯ →⎯⎯⎯⎯⎯⎯⎯ ⋅−p x xusign( ( ))n p1 ensures that the wave propagates
along the current direction from the previous to the current visiting
point, consistent with the direction from the distal part to the proximal
part of the coronary branch. This can be achieved using the combined

Fig. 3. Illustration of the direction information. (a) The two opposite directions along the vessel principal vector at x. (b) The vessel vector, xu ( )vd , selected at x. S is
the starting point, p2 is the segment point, and xu ( )md is the model vector.

D. Jia and X. Zhuang Computers in Biology and Medicine 108 (2019) 67–77

70



information from the segment point and the current visiting point, as
shown in Fig. 3 (a) and (b). Using the vessel vector xu ( )vd , the DFM
wavefront propagates faster in the region containing points along the
desired direction.

2.2.3. Implementation details
The framework of the proposed DFM is shown in Fig. 1(a). In this

section, the implementation details of DFM are explained from three
perspectives.

2.2.3.1. Ostium detection. For ostium detection, the coronary model is
first registered to the target image, which provides the initial locations
of the two coronary ostia. The ostia are then accurately detected via a
learning-based algorithm [15,41]. In the multi-model strategy, multiple
models initialize and then detect one ostium, thus returning multiple
results. Subsequently, they are fused by computing their mean to
provide the final ostium detection result. The left and right ostia are
used as the starting points for DFM in extracting the left and right
branches, respectively.

2.2.3.2. Path tracing. The direction information of the model guides the
propagation of the front line in DFM. This information is referred to as
the model direction. However, compared to one iteration step in the
front propagation, the computation of this model direction is time
consuming. Therefore, it is proposed to divide the front propagation
procedure into N stages. At the beginning of each stage, the model
direction is extracted and computed, and then remains constant. This
method avoids updating the model direction in each iteration of the
front propagation; hence, it is computationally efficient. The model
direction, indicated by the model vector, is computed using two selected
model points.

The model points refer to all of the points obtained by equidistantly
resampling the model centerline. The starting point of the model vector
is the model point whose position is closest to the segment point, which
is detected in the previous stage. The endpoint is another model point
determined according to the combination of the curvature of the model
centerline and the length constraint. The segment points are located on
the path of the target coronary artery during front propagation. They
are the key points for obtaining the target centerline. The trial point
with the minimal action value (U in Equation (2)) is considered a
candidate segment point (x* in Fig. 1(a)) at each step of the front
propagation. A candidate is selected as a segment point, that is, pn =
x*, if the following two conditions are satisfied:

(1) The distance between the previous segment point and the candidate
point is not less than the magnitude of the model vector, that is,
⎯ →⎯⎯⎯⎯⎯⎯⎯⎯

≥−p x u‖ ‖n md1
* .

(2) The angle θ between the vessel vector and the model vector is not
larger than 30∘, that is, ∈θ [0,30].

The DFM procedure for obtaining the nth segment point using model
m is referred to as DFM(Sm, umd), where Sm denotes the set of segment
points and umd is the model vector in the nth stage. Fig. 1 (a) shows the
iterations for detecting the segment points.

2.2.3.3. Stopping criteria. The resulting centerlines of the minimal path
can be obtained by backtracking from each segment point in Sm to the
original starting point S. Once the stopping criterion for terminating the
fast-marching process is met, several backtracked centerlines are then
added to the curve set Cm, which contains the centerline extraction
results directed by model m. The stopping criterion is satisfied if the
following conditions are met:

(a) The segment point detection has reached a maximum number of
stages.

(b) The fast-marching process has visited a maximum number of points.
(c) The curve obtained by backtracking is longer than the coronary

model.

Because the length of the model is used as a stopping condition for
backtracking, the model that was applied is an extended mean center-
line to ensure that it is sufficiently long. The effects of model length are
studied in Section 3.7.3.

2.3. Multi-model strategy

As shown in Fig. 1 (a), the single-model DFM uses a coronary model
combined with the starting point to extract centerlines from a target
image. The multi-model strategy uses more than one model to com-
pensate for the potential bias associated with one particular model. This
multi-model strategy resembles the multi-atlas scheme that has been
well developed in atlas-based segmentation [45]. Multi-atlas segmen-
tation applies multiple atlases to segment a target image, resulting in
multiple segmentation results. These results are then fused in a multi-
classifier framework to generate a final single segmentation. Fig. 1 (b)
illustrates the multi-model strategy for centerline extraction.

With the curve sets C = ∪ = … Cm M m0,1,2, , obtained by DFM, where M
is the number of models, the final result C can be generated from C.
Generally, the maximal length is a useful criterion for model ranking
and selection. However, in the experiments, the reference points pro-
vided by the Challenge organizers were used to select a target branch
for evaluation. Section 3.5 provides details.

3. Results

3.1. Materials

The RCAAEF provides 32 publicly available cardiac CTA images and
standardized measurements assessing the performance of different al-
gorithms [2]. The dataset consists of 8 training cases and 24 test
images, with a voxel size of approximately × ×0.32 0.32 0.4 mm. The
gold standard for the vessels in each image is selected for annotation by
the RCAAEF organizers, yielding 128 vessels. Only the centerlines of the
training datasets are available to the participants.

3.2. Evaluation metrics

The RCAAEF provides four standardized measurements to evaluate
centerline extraction capability and accuracy [2], namely, overlap
(OV), overlap until the first error (OF), overlap with the clinically re-
levant part of the vessel (OT), and average inside (AI). OV represents
the ability to track the complete vessel and ranges from 0 (implying no
overlap between the reference and the target) to 1 (indicating a perfect
overlap). OF determines the portion of the coronary centerline that has
been extracted before the first error. It ranges from 0 to 1. OT indicates
how well the method can track the centerline that is assumed to be
clinically relevant, and ranges from 0 to 1, with 0 in the worst case and
1 in the best case. AI is the average distance between two centerlines
and represents the accuracy of the centerline extraction if the evaluated
centerline is inside the vessel.

To evaluate the similarity of two centerlines, the target and re-
ference centerlines are resampled into a set of equidistributed points.
The points on the target, which are within a preset distance to the re-
ference centerline, are labeled as true-positive points of the target
(TPT). The remaining target points are regarded as false-positive points
(FP). Further, the RCAAEF considers the sample points in the reference
that are within a preset distance to the target centerline to be true-
positive points of the reference (TPR). The remaining points of the re-
ference are regarded as false negative (FN). Then OV is defined as
follows:
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3.3. Parameter setting and study

Table 1 summarizes the four parameters groups in DFM. The three
parameters α, β, and δ in the potential function (9) control the balance
of the vesselness, intensity similarity, and direction terms, respectively.
They are generally set as α=1, β=1, and δ=2. To study their effect,
an experiment was conducted by fixing one parameter and letting the
other two vary. Fig. 4 shows the distribution of the OV values con-
cerning the two parameters.

3.4. Single-model DFM (SM-DFM)

Fig. 5 shows the box plots of SM-DFM extraction using real coronary
models. Here, the real model refers to the model constructed using the
training data. The average OV values for the three branches obtained by
SM-DFM using the real models were as follows: 89.8% ± 7% (RCA),
68.8% ± 25% (LAD), and 74.6% ± 23% (LCX). Further, SM-DFM
produced evidently better OV results than the previous single-model
DMPLL (SM-DMPLL [42]), namely, 77.8% VS 57.7%, with statistical
significance ( <p 0.001), because the vessel direction was used.

The SM-DFM extraction results for two cases (LAD from datasets 03
and 07) were particularly weaker than the others. The red diamonds in
the green rectangle in Fig. 5 demonstrate that all of the OV metrics for
LAD from these two datasets were less than 50% using any of the seven
real models.

3.5. Multi-model DFM (MM-DFM)

The effect of the multi-model strategy is studied in this section. Each
training dataset was considered a target dataset, and the remaining
were used as models. Three major coronary branches were extracted by
detecting the candidate segment points, resulting in 24 target cen-
terlines for multi-model-based extraction. Fig. 7 shows an example.
DFM detected numbers of segment points using multiple models, and
three resultant centerlines were selected using the multi-model
strategy.

Table 2 demonstrates that MM-DFM performed significantly better
than SM-DFM in all of the evaluation metrics. Notably, for example,
MM-DFM improved the OV score of SM-DFM from 77.8% to 83.5%
( <p 0.001).

Fig. 6 shows that the proposed model selection method may choose
suboptimal branches from the resulting centerline set. Additionally, the
blue boxes indicate two branches at which SM-DFM performed poorly
using all of the available models.

3.6. Results from the RCAAEF competition

To compare MM-DFM with other state-of-the-art methods, we par-
ticipated in the RCAAEF competition. The three main branches were
extracted from the 24 test images and were sent to the RCAAEF orga-
nizers for evaluation. The evaluation was blind to the participants.

Table 3 presents the evaluation results. The three average overlap
metrics, namely, OV, OF, and OT, for the proposed method were 86.6%,
49.1%, and 89.1%, respectively. The average accuracy metric, referred
to as AI, for the proposed method was 0.49mm.

Table 4 presents the comparison between the proposed method and
other nine automatic methods published by the RCAAEF. MM-DFM
ranked sixth based on the OV metric.

The model selection algorithm also has a significant impact on
performance. Fig. 8 provides an example for illustration. The model and
target vessel in this example exhibit different directions toward the
distal end. Thus, DFM fails to extract the full length of the target cen-
terline. As shown in Fig. 8, the resulting centerline (blue) is shorter than
the target vessel (as indicated by the red arrows). The effect of the
models on the performance of DFM will be studied in the following
section.

3.7. Effect of models on DFM

Three experiments were conducted to evaluate the impact of the
models on DFM. A fast-marching method based on vessel direction
without model guidance, referred to as VDOFM, was first examined.
Subsequently, real models from the RCAAEF training datasets and si-
mulated models were used to assess the performance of SM-DFM.
Finally, a model length study was conducted using models of different
lengths.

3.7.1. SM-DFM versus VDOFM
As VDOFM does not use any model information, the front propa-

gation stops when the maximum number of visited points is reached, or
the fast marching reaches a manually selected endpoint. Table 2 shows
the quantitative results of VDOFM. SM-DFM exhibits evidently better
OV than VDOFM, 77.8% VS 43.6%, with statistical significance
( <p 0.001) due to the direction information from the models.

3.7.2. SM-DFM using real and simulated models
Real models were used to simulate a large set of models for ex-

periments, and deformed model centerlines were created by assigning
random displacements to five control points. The control points were

Table 1
Parameter setting for DFM. Parameter setting for DFMParameter setting for
DFM.

Items Parameters Recommended values

Pd in (9) α β δ{ , , } {1,1,2}
v x σ( , )o in (4) σ =D step3 : [0.5, 3], 0.2
and v x( ) in (5) =D step2 : [0.5, 2.5], 0.1

a b c{ , , } {0.5, 0.5, 100}
Segment point conditions θ [0, ∘30 ]
Stopping criterion Maximum number of stages 30

Maximum number of
points

2,000, 000

Fig. 4. OV variations with respect to α, β, and δ using DFM.
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model points equidistributed on the real models, and the displacements
ranged from 2 to 15mm on the normal plane to the real model cen-
terlines. The simulated models were then obtained following a curve-
fitting process to the offset control points.

Fig. 9 shows the OV results of SM-DFM using the simulated models.
In this case, SM-DFM obtained an average OV of 76.4% ± 20%,
compared to 77.8% ± 19% from the SM-DFM using the real models.
The p-value between the two methods was 0.061, indicating no sig-
nificant difference between the two groups of results.

3.7.3. Model length study
Ten model sets were simulated by truncating the real coronary

models into models with different proportions (P) with respect to the
full length. The value of P ranged from 10% to 100%. Subsequently,
each model set was used to extract the three main vessel centerlines of
the training datasets. This resulted in 168 cases, 3 (branch)× 7
(model)× 8 (image), for each model set. Fig. 10 shows the results. The
performance of centerline extraction by SM-DFM, indicated by the
average OV, improves with model length, and stabilizes after P=70%.

4. Discussion

The capability of a new model-based minimal path framework,
DFM, to extract the coronary centerlines from cardiac CTA was ex-
plored. The method comprises model guidance, the application of vessel
direction, and a multi-model strategy.

The model, which incorporates prior vessel information, facilitates

Fig. 5. Illustration of extracting different datasets using varying models. Three main coronary branches are extracted via the single-model DFM, using eight real
models (indexed from 0 to 7). The results are presented as the overlap (OV) metric. The red diamonds in the green boxes indicate the results of LAD from datasets 03
and 07. Please refer to the text for more details.

Fig. 6. Illustration of each dataset extracted via different models. The red stars indicate the centerlines selected by an automatic model selection method. The
boxplots in the blue box are the results of LAD from datasets 03 and 07.

Fig. 7. All of the detected segment points and the resultant centerlines obtained
via multi-model DFM: RCA (green), LAD (red), and LCX (blue).
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the search for points in the desired direction. In contrast, in the absence
of model information, more non-vessel points should be visited to meet
the stopping criteria. Table 2 shows that the method without model
direction obtained an average OV score of 43.6%, significantly worse
than that obtained by the two DFM-based methods (p < 0.001). This is
because in the fast marching process, more non-vessel points with si-
milar minimal action values to those in the vessel region, for example,

points in neighboring structures and noise, are prioritized. Hence, if the
model is absent, these points tend to be false segment points, which
may lead to wrong centerlines.

The model has an impact on the performance of DFM due to its
shape and length. Several approaches have been proposed to train a
shape model by detecting several candidate points (seeds) and then
optimize it using a fitting method [46,47]. Although the shape model
improves the overlap scores, most failures occurred in complex cases,

Table 2
Standardized scores of the coronary artery extraction using the fast-marching method based on vessel direction without model guidance (VDOFM), single-model
DMPLL (SM-DMPLL), single-model DFM (SM-DFM), and multi-model DFM (MM-DFM) on the RCAAEF training datasets.

OV (%) OV score OF (%) OF score OT (%) OT score AI (mm) AI score

VDOFM 43.6 22.7 26.6 17.2 44.1 22.4 0.68 27.0
SM-DMPLL 57.7 30.4 30.5 18.7 65.3 32.8 0.70 20.9
SM-DFM 77.8 44.1 51.2 30.7 80.5 47.7 0.51 28.1
MM-DFM 83.5 51.0 57.8 44.2 87.1 59.1 0.48 28.6

Table 3
RCAAEF scores of the coronary artery extraction using the proposed multi-model DFM (MM-DFM) on the test datasets.

Measure Measurement Score Rank

Min. Max. Avg. Min. Max. Avg. Min. Max. Avg.
OV 10.3% 100% 86.6% 5.2 100 49.1 1 25 16.0
OF 2.9% 100% 49.1% 1.7 100 32.0 1 25 16.4
OT 11.1% 100% 89.1% 5.6 100 53.9 1 25 14.4
AI 0.28mm 1.41mm 0.49mm 10.7 55.3 26.0 12 25 19.6
Total – – – – – – 8 24.8 17.6

Table 4
Results of 10 automatic methods as evaluated by the RCAAEF. Three main
branches of the coronary centerlines are selected for the evaluation.

Measure OV (%) OF (%) OT (%) AI (mm)

Model Driven Centerline [15] 93.8 75.5 95.4 0.20
GFV Coronary Extractor [5] 93.3 73.7 95.7 0.29
GVFTube'n' Linkage [6] 93.0 73.8 95.7 0.35
Supervised Extraction [46] 90.3 71.5 92.3 0.24
COR Analyzera 87.4 72.4 89.6 0.24
Our method 86.6 49.1 89.1 0.49
Depth First Model Fit [47] 84.4 63.6 86.7 0.28
Auto Coronary Tree [35] 84.1 58.6 85.7 0.32
CocomoBeach [36] 77.9 63.3 80.0 0.30
Virtual Contrast [52] 77.2 55.9 80.1 0.37

a http://www.rcadia.com/.

Fig. 8. An example displayed in two views showing
that the shape of the model affects the performance
of DFM. (a) The coronary model (yellow) and the
resultant centerline (blue) of DFM using the max-
imal intensity projection (MIP) of the 3D vesselness
image. (b) The resultant centerline (blue) and cor-
onary model (yellow) on 3D CTA image using vo-
lume rendering. The red points in (a) are the two
reference points provided by the RCAAEF. The red
arrows represent the direction of the target vessel.

Fig. 9. The mean and standard deviation of the overlap (OV) values obtained
by the single-model DFM (SM-DFM) using the simulated models.
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such as unclear image contrast near the distal part of the branches. In
this study, no significant difference was observed between the results
obtained using real models and simulated models (p= 0.061). In ad-
dition, the performance of DFM improves with model length and sta-
bilizes when P>70% (Fig. 10). This is because the average length of
the real models is larger than that of the target centerlines: the average
length of the models is 169mm, and that of the target centerlines is
145mm. Therefore, to extract the full length of the target vessel cen-
terlines, the model for SM-DFM should be longer than the target. Fig. 10
demonstrates that the OV values of LAD decrease when the length
percentage exceeds 70%. This is because the LAD models are generally
longer than the target LAD and always have apex wrapping [48,49].
When these constructed LAD models are used to guide the extraction of
a target LAD that does not wrap the apex, the result could be poor, and
thus the geometrical information of the models should be explored.

In addition to the model, some high-level features such as vessel
direction and spatial locations are embedded into the fast marching.
The vessel direction, representing a critical vascular feature, facilitates
the search for points of the target image. Combining vessel and model
directions ensures that the wavefront will propagate along the regions
of interest, that is, the vessel lumen. Table 2 demonstrates that DFM
performs better than DMPLL in the single-model strategy. This is be-
cause the vessel direction, which is modified by the vessel features
(vesselness) instead of an estimated vector, improves segment point
detection and centerline candidate extraction. This can minimize the
possibility of the front propagation stepping into non-vessel areas
(leakage problem), and prevents the fast marching from being stuck in
some local regions. Vessel spatial locations are detected by the en-
hancement filters. Several techniques have been described to improve
the enhancement performance. In Refs. [5,6], a discriminator based on
local geometric features was used to decrease the false positive re-
sponses. A multi-scale medialness filter [35] and a ray-casting filter
[47] have been developed for better performance. The traditional
vesselness filter was used in this study. Figs. 5 and 6 show that the LAD
results from datasets 03 and 07 were particularly poor compared to
those from the others. This is because the challenges from the images
and the vessel enhancement may limit the performance of the method,
even if vessel information from different coronary models is available.
The image quality of dataset 03 was visually assessed as poor, and the
calcium score of dataset 07 was assessed as severe, as per the descrip-
tion of the datasets provided by the Challenge organization (http://
coronary.bigr.nl/centerlines/index.php). According to the require-
ments mentioned in Ref. [50], an effective vessel enhancement filter
should be explored.

The centerlines are obtained via a path tracing technique using the
segment points and the model points. The segment points provide two
critical functions for automated centerline extraction. One is that no

user-input endpoint is required to terminate the wave propagation. The
other is that the set of segment points can be used to backtrack a set of
minimal paths that can be combined to generate the desired centerline.

A multi-model strategy was proposed and incorporated into DFM to
further improve the performance by enriching the set of segment points
and candidate centerlines. Fig. 7 shows that DFM can detect segment
points around not only three main branches, but also the nearby
branches, due to the vessel features and the coarse directions provided
by multiple models. Thus, the average OV was significantly improved
from 77.8% (single model) to 83.5% (p < 0.001).

4.1. Runtime of the framework

All of the segmentations were performed on an Intel Core i5-6200U
CPU @ 2.30 GHz computer with 4 GB system memory. The runtime of
the proposed framework is related to the model construction, vesselness
calculation, ostium detection, DFM extraction and multi-model
strategy. It takes less than 2 s to select a centerline using multi-model
strategy or detect an ostium of the target image. The model construc-
tion compromises multi-stage registration (MSR) [44] and one-way
distance approach (OWD) [15], which take 10.2 min per image pair and
1 s per model on average, respectively. We applied the multi-scale
vesselness filter [25] to the target CT image, which takes 8.5min per
image. Moreover, the average runtime of DFM to extract a branch from
the target image using a model is 3.4min.

Parallel computation, such as GPU programming, is an effective
strategy to reduce the runtime of registration [44]. Reducing the
number of points and selecting the appropriate scales are potential
ways to improve the vesselness computing efficiency. Moreover, the
calculation time of DFM depends on the update of the minimal action
values of the wavefront and the parameters of the stopping criterion.
Adopting an efficient method with good stopping criteria, without af-
fecting the accuracy, is another useful strategy to accelerate DFM ex-
traction.

4.2. Limitations and future work

The limitations of this study are primarily related to the insufficient
investigation of vesselness filters and the limited number and quality of
the coronary models. For example, as shown in Table 4, the proposed
method ranked sixth in terms of the OV metric on the test datasets.
Among the other methods, Zheng et al. [15] achieved an average OV of
93.8%, which is the best result. They used 108 vol of external training
images. In contrast, the proposed method used only eight training da-
tasets as models. As in multi-atlas segmentation [51], the number of
available models determines the potential optimal performance of
multi-model approaches. The OF metrics (in Tables 2 and 3) obtained
by MM-DFM is still low (57.8% in the training datasets and 49.1% in
the test datasets). This is primarily because the vessel feature en-
hancement is sensitive to the intensity non-uniformities of images, the
presence of calcium, and pathologies [50]. This limitation could lead to
erroneous centerline extraction at the proximal areas of the coronary
arteries, as in the poor LAD centerline extraction results for datasets 03
and 07. The AI values in Tables 2 and 3 obtained using the proposed
method are low (0.48 mm in the training datasets and 0.49mm in the
test datasets), because DFM simply pursues higher OV scores that in-
dicate more complete vessels instead of adjusting the results to the
accurate center positions. Refinement techniques of the centerlines
obtained by DFM will be explored in the subsequent work.

In addition to exploring an effective vessel enhancement filter, there
are three potential directions for future work on the coronary model.
First, the method used to construct the coronary models could be fur-
ther investigated. In this study, non-rigid registration was used to align
the training centerlines into a common space and then construct the
models for only three main branches using a fusion algorithm.
However, different registration and fusion methods could be explored,

Fig. 10. Effects of the model length on the performance of SM-DFM. Ten groups
of models are used with different lengths, ranging from 10% to 100% with
respect to the full length of the original real models. The OV results are dis-
played for the three main branches and their average values.
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and models for more branches should be constructed. Second, the
proposed method was tested using RCAAEF data, and for fairness, only
eight training datasets were available for constructing the coronary
models. In contrast, a significantly larger number of models is used in
multi-atlas segmentation. As the number of models determines the
potential performance of DFM, more models should be constructed and
used for further studies. Finally, in this study, a simple model selection
and fusion algorithm were used, that is, selecting one centerline from
the set of candidates. In the future, algorithms that can select and fuse
multiple resulting centerlines should be explored.

5. Conclusion

This study proposed a novel method for the fully automated ex-
traction of coronary centerlines, one of the most challenging tasks in
coronary image analysis. This method combines the real vessel and
model directions into the minimal path framework. It ensures that the
wave will propagate along the desired direction and prevents leakage
and shortcut problems. A point set containing the segment points is
constructed, and the resultant centerlines are obtained. Furthermore,
the multi-model strategy, resembling the well-developed multi-atlas
strategy in the image segmentation field, is developed, and further
applied to improve the performance of coronary centerline extraction.
The proposed method has been tested using the RCAAEF. The method
obtained an average OV of 86.6%, comparable to other state-of-the-art
algorithms. Future work includes using more models for the multi-
modality strategy, the exploration of algorithms for model selection and
centerline fusion.
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