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Abstract. Coronary artery centerlines extraction from cardiac CT
angiography (CCTA) is an important but challenging task. The pop-
ular U-net based coronary artery segmentation and thinning approaches
rely on large number of labeled data and tend to produce noisy results.
We proposed a graph convolutional network (GCN) for refining noisy
centerlines outputted by U-net and developed a coronary artery tree
synthesis approach for GCN pretraining. Experiments demonstrate that
both modules led to improved performance.
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1 Introduction

Coronary artery disease (CAD) is one of the leading cause of death in the world.
Coronary CT angiography (CCTA) is often applied to obtain coronary artery
information because of its non-invasion and sensitivity [1]. In medical image anal-
ysis, extracting coronary artery centerlines from CT is the first step to evaluate
the extent of plaque and stenosis area [2]. Many automatic (semi-automatic)
centerlines extraction methods have been proposed.

Existing coronary artery centerlines extraction methods can be coarsely
divided into three categories: shortest path, tracking based, and segmentation
based. The first type of method computes the shortest path between the start-
ing and ending points in vessel maps. The key to this method is to define an
appropriate cost function, which is smaller for points on centerlines than those
on other locations [1,3]. In recent years, algorithms based on deep learning are
used to extract features of each point on centerlines [4]. However, these methods
generally require numerous manual interactions, and there may be shortcuts off
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the true centerlines. The second type of method depends on iterative tracking,
which means the location of the next point is determined according to the char-
acteristics (the direction and radius of the blood vessel, etc.) of the points on the
centerlines that have already been obtained [5,6]. These methods generally need
additional processing for bifurcation points and they are sensitive to lesions in
coronary arteries.

The third type of method segments the coronary artery first, and then
extracts the centerline from the segmentation [7]. CNN, especially U-Net [8,9],
is the mainstream method of blood vessel extraction in recent years, but its suc-
cess depends on a large number of data with annotations. What’s more, it is a
time-consuming and expensive task to label vascular trees in CTs. A possible
solution is applying synthetic data with annotations to training [7,10], but it is
very challenging to generate realistic and diverse CCTA with groundtruth vessel
trees.

In order to solve problems mentioned above, especially the massive demand
for data, we propose a framework that can reduce the dependence on segmen-
tation network, which mainly consists of two parts. We firstly use 3D U-net
to obtain over-segmented results of coronary artery, and then refine the results
to get centerlines via graph convolutional network (GCN). The task of coro-
nary artery over-segmentation is relatively easy with a small amount of data.
Compared with generating CCTA, it is more feasible to generate centerlines of
coronary artery trees, and the synthetic centerline data can be used to improve
the performance of GCN. An effective method of tree structure generation is
to interpolate two existing tree structures via geometric and structural blend-
ing [11]. So we can complete the whole framework of extracting the coronary
artery centerlines with a small amount of data.

The main contributions of this paper include: (1) we propose a GCN model
to post-process the centerlines obtained by an over-segmentation network. (2)
we propose an approach to generating pairs of training data by adding noise and
fracture to synthetic centerlines, which can be regarded as labels. In this way, we
augment the training data effectively which can be used to pretrain our GCN,
so as to improve the network performance.

Fig. 1. Flowchart: CT image (a) is fed into the over-segmentation network to obtain
segmented arteries (b); thinning image (c) is used to construct graph (d); (e) is the
coronary artery centerlines after post-processing with GCN.
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2 Method

The flowchart of the proposed algorithm is shown in the Fig. 1. The CT image is
processed into the mask of the coronary artery by an over-segmentation network.
Then, the result is refined to be a centerline image with noise and fracture, which
is used to construct a graph. Finally, we can get the precise result through a GCN
network. In this step, the synthetic data is applied to improve the performance
of the GCN model. The detailed information about our framework is described
as follows.

2.1 Over-Segmentation Network

Illustrated as Fig. 2, our segmentation network used in this framework is cus-
tomized from the basic 3D U-Net network [8], which is generated with the help
of nnUNet framework [12]. Similar to the standard version, our segmentation
network consists of 3D convolution, max pooling, up sampling, and the shortcut
connection from the down-sampling path layer to the up-sampling layer path.
Considering that the resolution on each axis of the image differs, the step size
2×2×2 is changed to 1×2×2 in the first down-sampling, so that the resolution
of each axis can be processed to approximately the same. In order to improve
the performance of the network, loss is added for supervision in each step of
up-sampling.

2.2 Graph Building

Consider an over-complete undirected graph Gin = {V,E}, which contains sub-
graphs of the coronary tree and some redundant nodes and edges, where V
represents the set of nodes, and |V | = N represents the number of nodes. For
each node i ∈ V , its features are expressed as xi ∈ RF×1, and X ∈ RF×N is the
matrix of node features. E is the set of edges, and (i, j) ∈ E indicates that there
is an edge connection between nodes i and j. y(i,j) ∈ RH×1 stands for the fea-
tures of edge (i, j). The task of extracting the coronary artery centerlines from

Fig. 2. 3D U-net based coronary artery over-segmentation
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Fig. 3. GCN architecture: convolution of node features and full connection of edge
features.

the image with noise and fracture is to train the model f(·), which can identify
the points that belong to the centerline in the complete graph, f : Gin → G,
where G represents the graph of centerline.

The segmentation results in Sect. 3.1 can be refined to centerline images with
noise and fracture, the points of which will be built to graphs. We select spatial
features and pixel features for each point. The spatial features include the direc-
tion [dx, dy, dz], spatial position [x, y, z] and two of the ten closest points with
maximum and minimum distances [dmax, dmin]. The pixel features include the
original image pixel value, the probability value of segmentation prediction and
the value in the blood vessel enhancement image. For each point, it is connected
with its nearest 10 points. The feature of each edge is defined as the reciprocal
of the distance between involved two nodes.

2.3 GCN Architecture

The Graph Convolutional Network is shown in Fig. 3, which applies an alternate
mode of updating node features and edge features. The updating process of node
features is defined as:

x(t+1)
v = ϕ(x(t)

v , {x(t)
u : (u, v) ∈ E}) (1)

where x
(t)
u is the features of all nodes connected to node v. x

(t+1)
v and x

(t)
v

represent the features of node v at time t + 1 and t respectively. The updating
process of edge features is defined as:

y
(t+1)
(i,j) = φ(y(t)

(i,j), x
(t+1)
i , x

(t+1)
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where y
(t)
(i,j) and y

(t)
(i,j) indicate the features of edge (i, j) at t+1 and t, respectively.

φ(·) is a fully connected network.
The output P (z|i) of final network represents the probability that the node

i belongs to the centerline. The loss is the cross-entropy loss, expressed as:

L = −
N∑

i=1

[zilog(P (ẑi|X,Y,W )) + (1 − zi)log(1 − P (ẑi|X,Y,W ))] (3)

where X, Y correspond to the features of nodes and edges. W represents the
parameters of the network, and z represents the label of the node i.
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2.4 Data Synthesis

We consider that centerlines and trees resemble the same structure. For a coro-
nary artery tree, we classify its branches into three categories. We define the
longest branch as the main tree, the branches connected to the main tree as pri-
mary branches, and the branches connected to primary branches as secondary
branches (if existing). For two centerlines T and S in our dataset, we match
their main trees, primary branches and secondary branches respectively. Empty
branches will be added if one branch doesn’t have pairing branch. In this way, we
construct the pairing relationship between all the branches of T and S. For each
pair of corresponding branches, we uniformly sample the same number of points
and interpolate these points by B-spline respectively. After B-spline interpola-
tion, we obtain a tuple B, containing the vector of B-spline coefficients. Thus,
for a certain pair of branches t and s, two tuples Bt and Bs of the same size
are obtained. Linear combination of Bt and Bs can generate intermediate state
between t and s.

Bnew = α · Bt + (1 − α) · Bs (0 < α < 1) (4)

As α goes from 0 to 1, it illustrates a process that Bt converts to Bs. By adjusting
the value of α, we get different Bnew, which can be restored to different branches.
Applying the above operation to each branch, finally we generate a complete
coronary artery tree based on a certain α. The synthetic centerlines can be used
as training data after adding noise and fracture, with the original centerlines as
its pairing labels.

3 Experiments and Results

3.1 Evaluation Metrics

We evaluate the results based on the following indicators.

(1) The classification accuracy rate of GCN: the ratio of the number of nodes
classified correctly to the number of total nodes, which shows the classifi-
cation ability of GCN.

(2) The mean distance between centerlines:

derr =
∑Nseg

i=1 min[dE(ci, Cref )]
2Nseg

+

∑Nref

j=1 min[dE(cj , Cseg)
2Nref

=
dFP + dFN

2
(5)

where Cref is the reference centerline, Cseg is the prediction centerline. Nseg

and Nref represent the number of points on the prediction centerline and
the reference centerline respectively.

(3) Coverage percentage: a point on centerline A is covered by centerline B, if
the distance between this point and the closest point on B does not exceed
the threshold. We calculate the coverage percentage of the labels and the
predicted centerlines respectively.
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Given that the predicted results of some branches may be longer than the
marked results, which should not affect the evaluation in practice, these points
do not participate in the calculation when computing the above indicators.

3.2 Results on Our Dataset

In the public CAT08 dataset [13], only four main centerline labels of the coro-
nary arteries are given, which cannot reflect the performance of our method on
small branches. So we conducted experiments on a dataset from a local hospital,
which includes 47 CT volumes with segmentation labels. The label of centerline
is obtained by thinning manually marked coronary artery label image. We ran-
domly selected 32 data for training and 15 data for testing. Half of training data
was used to train the segmentation network and all training data was used to
train graph network.

Table 1. Performance comparison of four methods: GNN (the results on the airway
dataset [14]), refining the segmented image (3D U-net), GCN with spatial features
(S), GCN with spatial and pixel features (S+V). The accuracy of node classification
(Acc), the distance of predicted centerline and label (dPF , dFN , derr), and the coverage
(Cpredict, Clabel) are reported.

Acc(%) dPF (mm) dFN (mm) derr(mm) Cpredict(%) Clabel(%)

GNN – 2.21± 0.46 2.87± 0.50 2.54± 0.58 – –

3D U-net – 3.21 1.57 2.39 89.37 72.74

GCN(S) 80.41± 0.01 1.57± 0.05 1.21± 0.04 1.39± 0.03 92.41± 0.05 77.61± 0.11

GCN(S+V) 80.34± 0.18 1.58± 0.07 1.29± 0.04 1.44± 0.05 90.58± 0.02 75.02± 0.12

As shown in Table 1, our approach has better performance in reducing frac-
ture and noise on the centerlines. And the results show that the spatial feature
plays a key role in the GCN model, because the pixel feature has been used in
the previous segmentation network.

3.3 Results with Synthesis Data

We access the usefulness of pretraining with synthetic data by comparing var-
ious scores mentioned above. As shown in Table 2, when using pretraining, the
performance on each indicator improves or remains basically unchanged. Since
the synthetic data is mainly used for training GCN, the improvement of its clas-
sification accuracy can directly prove the effectiveness of synthetic data in this
task. We achieve the accuracy rate of 80.41% for training from scratch without
pretraining and 81.32% when pretraining on synthetic data.

Figure 4 shows that compared to the method of refining the segmentation
result, our approach perfoms better in avoiding noise and fracture on the cen-
terline. So it can deal with stenosis and plaques that may exist on CT images.
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Fig. 4. Qualitative comparison of different algorithms on some examples. (a) anno-
tated, (b) thinning image of over-segmentation result, (c) refining result of the pro-
posed method. The green boxes and blue boxes respectively reflect the improvement
of the noise suppression and fracture connection capabilities of our proposed method
by using syntheic data. (Color figure online)

Table 2. Results of different data: the performance on synthesis data, the performance
on real data and the results with pretraining.

Acc(%) dPF (mm) dFN (mm) derr(mm) Cpredict(%) Clabel(%)

Synthesis data 96.10± 0.19 0.72± 0.07 0.17± 0.01 0.36± 0.04 96.30± 0.16 92.58± 0.33

Real data 80.41± 0.01 1.57± 0.05 1.21± 0.04 1.39± 0.03 92.41± 0.05 77.61± 0.11

Pretraining 81.32± 0.07 1.45± 0.04 1.19± 0.01 1.32± 0.2 92.83± 0.09 77.47± 0.10

4 Conclusion

In this paper, we propose a GCN-based centerline extraction framework. It con-
sists of a segmentation network and post-processing steps. Since GCN performs
better in the task of processing centerline images with noise, we just need an
over-segmentation result, thereby reducing the dependence on segmentation per-
formance. The experiments show that our method achieves good performance. In
addition, synthetic data is used to further improve the effect of network. In our
framework, the requirements for annotating data can be significantly reduced,
which is also very helpful in practice.
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8. Çiçek, Ö., Abdulkadir, A., Lienkamp, S.S., Brox, T., Ronneberger, O.: 3D U-net:
learning dense volumetric segmentation from sparse annotation. In: Ourselin, S.,
Joskowicz, L., Sabuncu, M.R., Unal, G., Wells, W. (eds.) MICCAI 2016. LNCS,
vol. 9901, pp. 424–432. Springer, Cham (2016). https://doi.org/10.1007/978-3-319-
46723-8 49

9. Wang, Y., et al.: Deep distance transform for tubular structure segmentation in
CT scans. In: Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 3833–3842 (2020)

10. Zhu, J.-Y., Park, T., Isola, P., Efros, A.A.: Unpaired image-to-image translation
using cycle-consistent adversarial networks. In: Proceedings of the IEEE Interna-
tional Conference on Computer Vision, pp. 2223–2232 (2017)

11. Wang, G., Laga, H., Xie, N., Jia, J., Tabia, H.: The shape space of 3D botanical
tree models. ACM Trans. Graph. (TOG) 37(1), 1–18 (2018)
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