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Abstract

Extraction of coronary arteries in coronary computed tomography angiography
(CCTA) is a prerequisite for quantification of coronary lesions. Coronary artery
is a curvilinear structure that has multiple branches. In this paper, we propose an
automatic tracking method to identify the trajectories from the coronary ostium
to each distal end. A tangent patch-based convolutional neural network (CNN)
is utilized for measuring robust vesselness, which roles a likelihood function in
our stochastic tracking algorithm. Tangent patches can represent cross-sections of
coronary arteries that have circular shapes. Thus, 2D tangent patches are assumed
to include enough features of curvilinear objects in 3D and using 2D patches
significantly reduces computational complexity. The posterior density on the
spherical surface is represented by random particles, and the associated weights
are then determined using a tangent patch-based CNN. Since coronary vasculature
has multiple bifurcations, the majority and minority (M&m) system is employed to
determine the direction of the main or branching path adaptively. The proposed
method is compared with three commercial workstations and two conventional
methods from the academic literature.

1 Introduction

Extraction of coronary arteries in coronary computed tomography angiography (CCTA) is a pre-
requisite for quantification of coronary lesions. Coronary arteries are represented as tree structures
in 3-dimensional (D) volume image and elongated with inhomogeneous contrast enhancement on
the lesion. Due to its sparsity, automatic or semi-automatic segmentation remains challenging. In
the literature [1, 2], there has been considerable attention to the analysis of curvilinear or vascular
structures. The most relevant approaches for coronary artery extraction are based on tracking along
the vessel segment by varying measurement models and using prior knowledge. In such a stochastic
framework, the most important part is an accurate vesselness measure, which can affect tracking
results. In other words, the critical point of the tracking method is building a robust sensor in order to
determine the vessel signal correctly.

2 Hybrid Tracking Scheme using Convolutional Neural Network

A coronary artery found in 3-D CCTA is a thin, elongated and tree-structured object. Our system aims
at recovering a vascular tree as a chain of spheres centers XT = x0, ..., xT which are estimated given
the observation, the stationary image Yt = Y,∀t. The recursive fashion of Maximum a Posteriori
(MAP) estimation is a feasible solver for the most probable path of the coronary artery [3]. Then,
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Figure 1: Geometry of a tangent plane on a sphere for patch generation (left), input patches consist
of a current candidate patch and two preceding patches based on second-order Markovian property
(mid), the samples on spheres with two steps and their measured weights are also visualized with a
color scale (blue-red) for vessel and non-vessel (right).
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orientation nt and the tangent patch Φt whose centroid and normal is ct and nt, respectively. {x(i,j)t }
is potential successors of x(i)t−1.
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where p(Y |x(i,j)t ) and p(x(i,j)t |x(i)t−1) are the likelihood and the prior, respectively.

p(Y |x(i,j)t ) = p(Y |Φ(i,j)
t ) ≈ eyV

eyV + eyNV
(2)

where yV and yNV represent classes in a vessel and non-vessel respectively, and Φt is simply a small
image mapped with Hounsfield unit (HU, -1000 ≤ Y ≤ 3000) that is applied by Z-normalization
for CNN training. The softmax output from our CNN module in Eq. (2) is denoted to vesselness
probability. In our model, the likelihood highly depends on the performance of the CNN based vessel
sensor. The tracking process is described in Fig. 1. p(Y |x(i,j)t ) is approximated by the trained model,
and p(x(i,j)t |x(i)t−1) is computed by the distribution similarity between the tangent patches at time
t− 1 and t using Kullback-Leibler divergence.
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where the normal n̂t−1 approximates a direction of blood flow at step t − 1, and γ is a fixed step
size. The centerline point ĉt−1 in Eq. 3 is updated toward the direction of the estimated next
location

∑NT

i=1 w
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t c

(i)
t in the vessel trajectory. For the branching point, the population for each step

is clustered into two point sets, majority (M) and minority (m). The mean point of class m is used for
the new branching seed of tracker. An example of an automatic result is presented in Fig. 2.

3 Experiment

The method is automatically initialized with a seed point, which is the coronary ostium, and a
direction by the method [4]. The state vector x0 contains c0, n0,Φ0, and Φ0 is simply drawn based
on c0 and n0.

3.1 Evaluation on CTA database

The robustness and accuracy are evaluated with the criteria proposed in [5]. Experiments were
performed using an NVIDIA Titan Xp GPU. We trained our CNN model with a total 170,000 tangent
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Figure 2: (a) the initial results of tree extraction have not only the main coronary arteries but also
some small branches, (b) ground truth of three main coronary arteries from the same case in a, (c)
ground truth and the result by the proposed method is visualized.

Solver

QAngioCT[6] Xelis[7] Vitrea[8] AS[9] AAPF[10] Proposed

M
ea

su
re OV 0.86 0.78 0.86 0.84 0.86 0.92

OT 0.88 0.80 0.89 0.88 0.92 0.93
AI 0.36 - - - 0.25 0.36

Table 1: Comparison with other methods including commercial workstations. All the methods are
compared with the same public dataset, eight patients, 32 vessels except AAPF method. AAPF used
a 51 private CT images.

patches Φt extracted from centerline GT [5] to measure the vesselness. CNN model is trained based
on Leave-One-Out rule.

• OV: Total overlap, ||TPM ||+||TPR||
||TPM ||+||TPR||+||FN ||+||FP || .

• OT: OV of the extracted centerline with the clinically relevant part of the vessel (radius ≤
0.75mm)

• AI: The average inside accuracy metric (AI) measures the average distance between the ref-
erence, A(x) =

√
1/nΣ(d(p(x), pi))2, and extracted centerline for automatically extracted

points that are within the radius of the reference centerline.

4 Evaluation and results

In this paper, we proposed a CNN based stochastic tracking method for the extraction of coronary
arteries from CCTA. Three workstations [8, 7, 6] and two methods from the published papers [9, 10]
were compared with the proposed method in Table. 1 on eight cases with 32 single vessels provided
in CAT08 [5]. In terms of overlap, the proposed method obtained an average OV of 92%, an average
OT of 93%. In terms of accuracy, the proposed method obtained AI of 0.36mm, which is similar
to the typical width of a voxel and smaller than the spacing between slices in the dataset. In the
comparison in Fig. 1, the proposed method showed higher performance in OV and OT, which measure
how far the coronary artery has been tracked. The proposed method can be improved by centerline
refinement through post-processing. The proposed method shows a higher performance of coronary
artery extraction as an approach combining CNN with a probabilistic framework.

5 Conclusion

In this paper, we proposed a deep learning-based tracking method for the extraction of coronary
arteries from CT images. The experiment shows comparable results with the state-of-the-art method.
However, this hybrid approach still has the potential to be improved. We are currently improving a
CNN model and planning to test the method with much more CT images to validate the robustness.
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