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Abstract

Purpose Automatically extracted coronary artery trees (CATs) from coronary computed tomography angiography images

could contain incorrect extractions which require manual corrections before they can be used in clinical practice. A model-

guided method for improving the extracted CAT is described to automatically detect potential incorrect extractions and

improve them.

Methods The proposed method is a coarse-to-fine approach. A coarse improvement is first applied on all vessels in the

extracted CAT, and then a fine improvement is applied only on vessels with higher clinical significance. Based upon a

decision tree, the proposed method automatically and iteratively performs improvement operations for the entire extracted

CAT until it meets the stop criteria. The improvement in the extraction quality obtained by the proposed method is measured

using a scoring system. 18 datasets were used to determine optimal values for the parameters involved in the model-guided

method and 122 datasets were used for evaluation.

Results Compared to the initial automatic extractions, the proposed method improves the CATs for 122 datasets from an

average quality score of 87±6 to 93±4. The developed method is able to run within 2 min on a typical workstation.

The difference in extraction quality after automatic improvement is negatively correlated with the initial extraction quality

(R=−0.694, P < 0.001).

Conclusion Without deteriorating the initially extracted CATs, the presented method automatically detects incorrect extrac-

tions and improves the CATs to an average quality score of 93 guided by anatomical statistical models.

Keywords Coronary computed tomography angiography · Coronary artery tree · Coronary artery anatomy · Quality score

Introduction

Coronary computed tomography angiography (CCTA) is an

established technique for the assessment of patients with

suspected coronary artery disease (CAD) [1]. In order to

diagnose CAD on CCTA images, the coronary artery tree
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(CAT) is often extracted. Automatic CAT extraction methods

based on minimum path techniques have been widely used

due to their simplicity and computational efficiency [2–4].

The minimum path searching is often performed on a vessel-

ness image which is typically created by applying a modified

Frangi’s vesselness filter to CCTA images [5, 6].

However, severe occlusion or low contrast in coronary

arteries can result in gaps in the vesselness image. Further-

more, surrounding veins could be wrongly extracted as arter-

ies because of their similar appearance. These situations can

create undesirable shorter or longer extractions which require

manual corrections from experts. Han et al. [7] proposed

active searching to solve the discontinuity in automatically

extracted CATs using a statistical branch occurrence location

model which predicts the position of a branch. However, their

model is used only for the left main artery and discontinuity

detection was not described. Zheng et al. [8] used a 3D coro-
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Fig. 1 Pipeline of the model-guided method for improving coronary

artery tree extractions. Modules in dashed boxes are described in more

detail in this paper. a Coronary computed tomography angiography

image. b Binary vesselness image. c Fully automatically extracted

coronary artery tree. d Automatically improved extraction using the

proposed model-guided method

nary tree model to predict the initial position of the major

centerlines while side branch information is not included.

This paper presents a model-guided method for improving

the extracted CAT from CCTA images. Guided by anatomical

statistical models, the proposed method automatically detects

potential incorrect extractions and improves the extracted

CAT. A recently proposed scoring system by Cao et al. [9] is

exploited to monitor the quality of the CAT improved by the

proposed method.

Methods

Figure 1 gives an overview of the proposed method. On the

CCTA image (a), an improved Frangi’s vesselness filter is

applied to create a binary vesselness image (b). Next, an

initial CAT (c) is extracted using a fully automatic extrac-

tion method presented by Yang et al. [6]. Then, the proposed

method based upon the anatomical statistical model and

binary vesselness image is applied to the initial CAT. The

improvement process is iteratively performed by adding

missing arteries and removing wrong extractions until the

stop criteria are met. The automatically improved CAT

together with the anatomical names assigned to the corre-

sponding coronary artery segments is shown in (d). Details

of the model-guided improvement method are described in

the following sections. We first introduce some prior knowl-

edge in the next section.

Coronary artery tree

A CAT is composed of three main branches, right coronary

artery (RCA), left anterior descending (LAD) and left cir-

cumflex (LCX), and their side branches. The main branch

that supplies the posterior descending artery (PDA) deter-

mines the CAT dominance type [10]: right dominant (RD),

left dominant (LD), and balanced type. Different dominance

types have different geometrical topologies. To report CAD

on CCTA images, the modified 17-segments model defined

by the American Heart Association (AHA) is widely used

in clinical practice [11, 12]. Figure 2 shows the AHA mod-

els for RD and LD cases as two separate schematic figures.

The balanced type will be treated as RD which is the most

prevalent dominance type. Main branches are divided into

proximal (p-), mid (m-), and distal (d-) segments and these

segments are represented as parent–child relationships.

The initial extractions The initial CAT we used in this

presented work is extracted using the automatic centerline

extraction method proposed by Yang et al. [6]. Additionally,

a binary vesselness image containing the central axes of the

vessel-like structures of the CCTA image is created during

the extraction process (Fig. 1b).

The statistical models Cao et al. [9] defined separate anatom-

ical statistical models for RD and LD cases which contain

global information for all vessels in a CAT as well as local

information for each specific segment in the AHA model. In

the statistical models, each label has a weight to represent

its importance. An important label has a higher weight and

weight values for each label can be found in “Supplementary

Material Section 1.” The deviations of the extracted CAT

from the anatomical statistical models indicate the locations

of the incorrect extractions.

Themodel-guidedmethod

Guided by the statistical models mentioned above, the ini-

tial CAT extractions are improved using a coarse-to-fine

approach, starting with the coarse improvement on all vessels

in the extracted CAT followed by the fine improvement only
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Fig. 2 RD and LD coronary artery tree segments. Dashed lines represent division between sub-trees RCA, LAD, and LCX. RCA right coronary

artery, LAD left anterior descending, LCX left circumflex, LD left dominant, RD right dominant

on the segments with corresponding anatomical definitions

in the AHA model which are further referred as vessels-with-

labels.

Coarse improvement

The coarse improvement removes incorrectly extracted seg-

ments in three steps. First, vessel-like structures in the initial

CAT not connected with the left and right ostia are removed.

Second, pathlines longer than the corresponding global max-

imum length from the statistical model are pruned to the

maximum length. Pathlines shorter than 1 mm are consid-

ered as not important and removed. Third, vessels in the

initial CAT with angles larger than expected from the statisti-

cal model are removed. The angle between the parent branch

along the blood flow direction and the side branch direc-

tion is calculated and the vessel is removed when the angle

is larger than 120°. Examples of applying coarse improve-

ment on CATs can be found in “Supplementary Materials

Section 2.”

Fine improvement

Coarse-improvement operations are mainly shortening and

removing while the fine improvement performs a more pre-

cise analysis on vessels-with-labels to verify correctness of

the anatomical positions and to extract missing arteries in a

CAT.

Automatic detection of inaccurate extractions On the

coarsely improved CAT, anatomical labels are automatically

assigned using the labeling method of Cao et al. [13]. By

comparing all anatomical labels in the model with vessels-

with-labels in the extracted CAT, their presence and absence

in the extracted CAT are obtained. If an anatomical label is

present in the CAT but the length of the segment is outside the

anatomical statistical model range for this specific label, it

will be marked as too short or too long. If an anatomical label

is absent, it could be a missed extraction or a normal variation

since some labels appear more often than the others. We use

the label weight to decide the probability of a miss-extraction

when the label is absent. To improve the above identified inac-

curate extractions, two improvement operations, deletion and

extension, are performed.

Deletion

If a labeled segment is too long, a deletion operation simi-

lar to the one described in the coarse improvement section

is performed. The segment is deleted from where it starts

exceeding the maximum length. Since other improvements

can alter the topology of a CAT, the vessel angles are com-

puted again and labeled segments with angles larger than

120° are deleted. Figure 3 shows an extracted CAT which is

improved by the deletion operation.

Extension

If a labeled segment is too short or an important label is

absent, an extension operation is performed to bridge the

gaps in the binary vesselness image. Yang et al. [6] presented

branch searching on the binary vesselness image using a wave

propagation algorithm with a fixed searching distance. Their

method considers all points in the extracted CAT with a large

change in curvature as starting points. Since the inclusion

of all points is computing-intensive and a fixed search dis-

tance cannot deal with gaps of different sizes, we introduce
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Fig. 3 Automatic long vessel deletion and angle improvement. a Ini-

tially extracted CAT with labels. b Automatically improved CAT; c–e

zoom-in image of the OM1. c Red point on OM1 shows the posi-

tion of the maximum length of the OM1. d Shortened OM1 with side

branch bifurcation angle larger than 120°. e OM1 after length and angle

improvement. CAT coronary artery tree, OM1 first obtuse marginal

branch

an improved branch searching algorithm using automatically

determined start points and an adaptively-set searching dis-

tance.

Improved branch searching The improved branch searching

method selects the start points depending on the situation.

(1) If a side branch label is absent, all points on the parent

label with a large curvature are selected as start points. (2)

If a main branch label, such as mRCA, is absent, all points

on the extracted main branch with large curvature are used

as start points. This is because the identification of the whole

main branch could be incorrect if a main branch segment is

absent as mentioned in the automatic identification method

[13]. An example is presented in “Supplementary Material

Section 3.1” to illustrate the difference in selecting starting

points to search for a main branch label. (3) If a labeled

segment is too short, the end point of this segment is selected

as the start point.

From the automatically selected start points, unconnected

vessel-like structures are searched iteratively starting with

an initial searching distance and increasing by a step in each

iteration. The search continues until unconnected parts are

found or the maximum search distance is reached. Figure 4

shows an example of an extension operation for a RD case.

The decision tree

Since different operations might be needed for the overall

improvement in a CAT, the decision tree in Fig. 5 shows the

order of improvement operations according to the importance

of a label in the topology of the CAT and its influence on

successive steps.

The top level detects the three main branches. If any of

the three main branches is absent, the improvement operation

will be performed until all of them are extracted.
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Fig. 4 Automatic improvement to get RPDA and RPLB for a RD case

by extension. a Initially extracted CAT with labels. b An automatically

improved CAT. c–e Zoom-in image of the sub-tree RCA. c Initially

extracted RCA on the binary vesselness image; the green part shows

the labeled segments and the red part shows the unlabeled segments; the

box shows a zoom-in image of searching area, and the red arrow points

out the extension direction. d Automatically extended RCA (red) on

the binary vesselness image. e Extended RCA with labels. RPDA right

posterior descending artery, RPLB right posterior lateral branch, RD

right dominant, CAT coronary artery tree, RCA right coronary artery

The next level evaluates the dominance type since it deter-

mines which anatomical model to use. We use the automatic

method proposed by Cao et al. [9] to decide the dominance

type. However, their method determines a CAT as RD when

both the LCX and RCA are not fully extracted. Therefore,

the automatically determined dominance type is evaluated

by checking the presence and correctness of the PDA since

in the RD case it should be present in the RCA while in the

LD case it should be present in the LCX [10]. If the PDA is

absent or its length is incorrect, the corresponding improve-

ment operation is performed until it is found and has a correct

length.

The remaining levels of the decision tree are as follows.

Based upon the three main branches (RCA, LAD and LCX),

the CAT is split into three sub-trees. Each sub-tree contains

one main branch and several side branches (Fig. 2). The

improvement process will traverse sub-tree by sub-tree. In

each sub-tree, the process starts from the root label to the

leaf label. For each label, its presence, length and direction is

evaluated and improved if necessary. If the current label has a

child which is also present, the improvement step will move

forward until reaching a leaf label. For example, if the mLAD

is present and its child dLAD is also present, the improve-

ment process checks the correctness of dLAD instead of the

mLAD. If all labels in the current sub-tree are evaluated and

improved, the process moves to the next sub-tree.

The improvement for all sub-trees, which might include

several improvement operations, is counted as one iteration.

The improvement process is performed iteratively in order to

achieve a CAT with a better quality. This requires a quality

measurement for evaluation and some criteria to stop the

iterative process.

Stopping criteria

A quality score for a CAT is calculated using the scoring

system proposed by Cao et al. [9]. The quality scores before

and after an improvement operation are represented as Sold

and Snew respectively and S� � (Snew − Sold) describes

the change in quality after one improvement operation. If
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Fig. 5 The decision tree for the improvement process. PDA posterior descending artery, RCA right coronary artery, LAD left anterior descending

artery, LCX left circumflex artery

S� > 0, the improvement operation increases the quality of

the CAT and the process moves to the next step. The improve-

ment process stops when S� � 0 in one iteration.

If S� < 0, the improvement operation deteriorates the

extracted CAT. To constrain the deterioration, a threshold

TS�(TS� < 0) is used. If S� > TS�, the current improve-

ment operation is kept since a small quality score decrease

could be improved by a later improvement operation. If

S� < TS�, the current improvement operation will be

reverted. Moreover, this improvement operation is skipped

and the improvement process moves to the next step. After

each step, the improved CAT is stored so the process can

be reverted. The value of the TS� is determined by a train-

ing process which can be found in “Supplementary Material

Section 3.”

To prevent the extraction quality from continuously

decreasing within the threshold (S� > TS�) after each

improvement operation, the accumulated score difference
∑

S� is computed and when
∑

S� < TS�, the automatic

improvement process stops.

Additionally, a maximum number of iterations is set

to prevent the improvement process from over-extracting

artery-like structures due to unforeseen circumstances. The

intermediate results of the improvements are stored and the

extraction with the highest score will be the final extraction.

Statistical analysis

Descriptive data are expressed as the average± standard

deviation (SD). The correlation between the quality score of

the initial extraction and the score difference after automatic

improvement is evaluated using Spearman correlation coef-

ficient. The statistical computations were performed in SPSS
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(Version 20.0; IBM Corp, Armonk, NY). A 2-tailed P value

less than 0.05 was considered to be statistically significant.

Experiments and results

Experiments

The performance of the proposed algorithm was assessed on

two cohorts. The first cohort consists of 42 datasets (No. 0-41)

from the MICCAI segmentation challenge workshop1 [14]

which were distributed over five calcium categories to have a

representative population for undergoing CTA examination.

Patients with pacemaker or CTA of non-diagnostic image

quality, such as motion artifacts, were excluded.

The second cohort consists of 98 cases (60 RD and 38 LD).

The average image and voxel size of the datasets was 512×

512×512 and 0.307×0.307×0.25 mm, respectively. These

cases did not include severe lesions at the proximal part of

main branches or coronary anomalies.

The initial CATs for all cases were extracted using the

method of Yang et al. [6]. The model-guided method is

applied to improve these initial CATs. To set up references

for the proposed method, experts manually corrected all ini-

tial CATs if necessary. The first 18 datasets (No. 0-17) from

the first cohort were used to optimize parameters (see the

results in “Supplementary Material Section 4”). The remain-

ing 24 datasets from the first cohort were used to test the

performance of the proposed method using these settings.

The proposed method is applied on the other cohort (98 cases)

to evaluate its performance in a different cohort.

Results

The proposed method was implemented in MeVisLab-2.7.1.

In general, improving a CAT takes less than 2 min on a typical

workstation with a 2.67 GHz Intel quad-core processor.

In total 122 cases, 24 testing cases from the first cohort

and 98 cases from the second cohort were used to validate the

proposed method. For all 122 automatically extracted CATs,

the model-guided method was able to improve their average

quality score from 87±6 to 93±4.

MICCAI challenge cohort

For 24 (No. 18-41) cases from the first cohort, quality scores

for the initially extracted, manually improved and automat-

ically improved CATs are listed in Table 1. The developed

model-guided method improved the 24 initial CATs to an

average quality score of 93±5. It shows 21 CATs were

improved with a quality score increase of at least 1. The

1 http://coronary.bigr.nl/stenoses/about.php.

remaining 3 (12%) showed no score change indicating no

improvement. More descriptions can be found in “Supple-

mentary Material Section 5.”

A different cohort for robustness

On the second cohort (98 cases), the robustness of the pro-

posed method to different cohorts was measured. For the 98

cases, 89 initial CATs were automatically extracted without

user interaction while the initial extraction for 9 (9%) cases

failed due to a wide-field of view CCTA scanning. The ini-

tial CATs for these 9 cases were semi-automatically extracted

with manually set aorta centers (6 cases) or ostia positions

(3 cases).

Quality scores of the automatically extracted, manually

improved and automatically improved CATs for the 98 cases

are shown in Fig. 6. Box-plots in Fig. 6a show the quality

score distributions among 98 cases. Compared to the auto-

matic extractions, all improved CATs have either the same

(10 cases) or a higher quality score (88 cases). The aver-

age quality score for all 98 automatically improved CATs

is 93±4. Two cases had a final quality score of 100 after

the automatic improvement, since they are the same as the

designed anatomical statistical models. For all outliers in

Fig. 6a, there is a detailed description in “Supplementary

Materials Section 6.”

From left to right in Fig. 6b, the scores of the initial extrac-

tions are shown from small to large. The difference among

the scores from the initial extraction, manual improvement

and automatic improvement can be seen from the y-axis. In

general, the proposed method improves the initial extraction

in a similar manner as the manual improvement.

The proposed method improved the initial CATs for the

first and second cohort to a similar average quality score

(93±5 vs 93±4), and median quality score (95 vs 94). For

all 122 cases, Spearman correlation analysis was performed

between the initial quality score and the difference in score

after automatic improvement and the result is provided in

Fig. 7. There is a strong, negative correlation between the

difference in score and the initial quality score (R=−0.694, P

< 0.001). A relatively small initial quality score implies a poor

initial extraction, and therefore the automatic improvement

increases the extraction quality much more than the cases

where the initial score is already average.

To further assess the performance of the proposed model-

guided method, we artificially pruned 5 fully extracted CATs

and then applied the proposed method to improve them.

The proposed method completely recovered the 5 artificially

pruned CATs to their original CATs. We didn’t perform

experiments for the remaining 93 cases, since it is to be

expected that similar to the 5 selected cases, the proposed

method is able to fully recover a CAT if there are contin-

uous vessel-like structures in the binary vesselness image.
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Table 1 Quality scores of the

initially extracted, manually

improved and automatically

improved coronary artery tree

extractions for 24 testing cases

from the first cohort

Case no. Quality score

Initial

extraction

Manual

improvement

Automatic

improvement

DIF

(Manual-Init)

DIF (Auto-Init)

18 76 81 78 5 2

19 77 85 81 8 4

20 88 86 96 −2 8

21 94 97 97 3 3

22 90 90 91 0 1

23 84 89 96 5 12

24 94 94 95 0 1

25 94 93 96 −1 2

26 97 97 98 0 1

27 93 94 95 1 2

28 95 95 95 0 0

29 92 95 93 3 1

30 81 95 86 14 5

31 76 81 88 5 12

32 88 93 97 5 9

33 87 90 92 3 5

34 83 90 89 7 6

35 91 88 92 −3 1

36 87 94 91 7 4

37 96 93 96 −3 0

38 96 96 96 0 0

39 90 95 95 5 5

40 92 95 96 3 4

41 82 82 92 0 10

Min 76 81 78 −3 0

Max 97 97 98 14 12

Median 90 93 95 2 3

Average (±SD) 88 (±6) 91 (±5) 93 (±5) 3 (±4) 4 (±4)

Bold numbers are cases with same score after automatic improvement. DIF represents the difference in the

quality score between the manually or automatically improved CAT and the initial CAT

Min minimum, Max maximum, SD standard deviation

Details of the automatic recovering process can be found in

“Supplementary Material Section 7.”

Discussion and conclusion

In this paper, an automatic method for improving coro-

nary artery tree (CAT) extractions is described. Guided by

anatomic statistical models, the proposed method is able to

identify and improve incorrect extractions for automatically

extracted CATs without deterioration. Although the initial

extractions and binary vesselness images were extracted

using a specific extraction method, the presented approach

could also be applied to improve CATs extracted by other

methods which can produce a candidate-list of vessel-like

structures [2–5]. Automatically correcting CATs will reduce

or even avoid the manual corrections for the radiologists or

cardiologists. By providing a precise and complete CAT, the

model-guided method will also help clinicians save time in

performing analysis. Furthermore, automatically improved

CATs will not introduce manual bias which are more repro-

ducible. The proposed method can be safely applied and may

facilitate the automatic analysis of coronary artery disease.

Searching distance

The improved branch searching is performed with an opti-

mally selected initial searching distance and increasing

step-size. If the searching distance is too small, no vessel-like

structures are found; if the searching distance is too large, a
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Fig. 6 Quality scores of the initial extractions, manual improvements

and automatic improvements. a Box-plots of the quality scores for initial

extractions, manually improved and automatically improved extractions

with their medians as 88, 89 and 94. Green * shows their average qual-

ity scores which are 87±6, 89±6, and 93±4. For outliers, green +

represents a case that the LM does not exist which is a coronary artery

anomaly; red * represents a case that the LAD is not automatically

extracted; blue + represents a RD case that only the proximal part of the

RCA was extracted; red diamond represents a case that the distal part of

the LCX could not be extracted. b Bar-plots of the quality scores sorted

by the scores of the initial extractions. Red, blue bars show the scores

for the manually improved and initial extractions; green line shows the

scores of automatically improved extractions. LM left main artery, LAD

left anterior artery, LCX left circumflex, RD right dominant

lot of vessel-like structures are connected to the CAT and the

search takes more time. Additionally, the presented method

is able to improve the extracted CAT for cases with chronic

total occlusion with a lesion length shorter than the maximum

searching distance (15 mm).

Weight of the label

Only the absence of a label with a high weight is treated as

an incorrect extraction and the proposed method is applied

to improve it. This reduces the searching time and the risk of

including non-artery structures. The label weight threshold

is empirically set as 0.4. Potentially, the miss-extractions on

a low weight label could be missed while a miss-extraction

on a high weight label could be over-extracted.

Stopping criteria

We defined the stopping criteria since it is difficult to set

a generic standard score to judge the quality of extracted

CATs from different scans. The change of the quality score

after each improvement operation indicates the performance

of one improvement action. The score decreasing thresh-

old is used to ensure that the improvement operations don’t
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Fig. 7 Correlation between the quality score of initial CATs and the

difference in quality scores (R �−0.694, P < 0.001) for 122 cases.

The difference in quality scores is (the score of automatically improved

CAT—the score of the initial CAT). Green diamond is the case with

the LAD not automatically extracted. Red diamond is the case without

LM. CATs coronary artery trees, LAD left anterior descending artery,

LM left main

deteriorate the quality of the CAT too much. However, we

should also point out that some vessel-like structures might

be included in the automatically improved results.

Comparison withmanual corrections

We also included the manually corrected CATs as a reference.

In general, more vessels are included in the automatically

improved CAT compared to the corresponding manually cor-

rected CAT. The manual correction was focused on removing

veins and vessel-crossings while the model-guided method

improves the CAT by considering not only the removal of

wrong extractions but also the extension to generate a more

complete CAT.

Due to the large anatomical variation in CATs among

the general population, it is not possible to define a gener-

ally applicable cut-off of the quality score to indicate which

case needs corrections. Furthermore, it should be noted that

improving a CAT to a score of 100 is not the goal of the

proposed method since only a CAT with exactly the same

topology as defined in the anatomical statistical model will

achieve 100.

Limitations

For vessels not in the AHA model, only corrections on

the pathline length and vessel directions could be made.

Additional features, such as anatomical locations, should be

exploited. Also, the proposed method could not be performed

when the initial extraction failed due to a wide-field of view

CCTA scanning. It is to be expected that initial extractions

will be successful by cropping the CCTA images around the

heart which will improve the performance of the proposed

method. Finally, no comparison between the improved coro-

nary artery trees and the results from the experts was made

due to the difficulty in obtaining ground-truth manual extrac-

tions from experts. Experts may focus on different aspects

of a CAT or may have a different purpose with the extracted

trees.

Acknowledgements This work is supported by the China Scholarship

Council No. 201406090166.

Compliance with ethical standards

Conflict of interest Pieter H. Kitslaar is employed by Medis medical

imaging systems bv and has a research appointment at the Leiden Uni-

versity Medical Center. The remaining authors have no conflicts of

interest to disclose.

Ethical approval For this type of study formal consent is not required.

Informed consent Informed consent was obtained from all individual

participants included in the study.

Open Access This article is distributed under the terms of the Creative

Commons Attribution 4.0 International License (http://creativecomm

ons.org/licenses/by/4.0/), which permits unrestricted use, distribution,

and reproduction in any medium, provided you give appropriate credit

to the original author(s) and the source, provide a link to the Creative

Commons license, and indicate if changes were made.

References

1. Williams MC, Moss A, Nicol E, Newby DE (2017) Cardiac CT

improves outcomes in stable coronary heart disease: results of

recent clinical trials. Curr Cardiovasc Imaging Rep 10:14. https://

doi.org/10.1007/s12410-017-9411-7

2. Chen Y, Zhang Y, Yang J, Cao Q, Yang G, Chen J, Shu H, Luo

L, Coatrieux JL, Feng Q (2016) Curve-like structure extraction

using minimal path propagation with back-tracing. IEEE Trans

Image Process 25(2):988–1003. https://doi.org/10.1109/TIP.2015.

2496279

3. Boskamp T, Rinck D, Link F, Kummerlen B, Stamm G, Milden-

berger P (2004) New vessel analysis tool for morphometric

quantification and visualization of vessels in CT and MR imaging

data sets. Radiographics 24(1):287–297. https://doi.org/10.1148/

rg.241035073

4. Zheng Y, Loziczonek M, Georgescu B, Zhou SK, Higuera FV,

Comaniciu D (2011) Machine learning based vesselness measure-

ment for coronary artery segmentation in cardiac CT volumes. In:

Proceedings of the SPIE 7962, medical imaging 2011: image pro-

cessing, Lake Buena Vista (Orlando), FL, US, 11 March 2011, p

79621 K. https://doi.org/10.1117/12.877233

5. Frangi AF, Niessen WJ, Vincken KL, Viergever MA (1998) Mul-

tiscale vessel enhancement filtering. In: International conference

on medical image computing and computer-assisted intervention.

Springer, Berlin, pp 130–137. https://doi.org/10.1007/bfb0056195

123

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s12410-017-9411-7
https://doi.org/10.1109/TIP.2015.2496279
https://doi.org/10.1148/rg.241035073
https://doi.org/10.1117/12.877233
https://doi.org/10.1007/bfb0056195


International Journal of Computer Assisted Radiology and Surgery (2019) 14:373–383 383

6. Yang G, Kitslaar P, Frenay M, Broersen A, Boogers MJ, Bax JJ,

Reiber JH, Dijkstra J (2012) Automatic centerline extraction of

coronary arteries in coronary computed tomographic angiography.

Int J Cardiovasc Imaging 28(4):921–933. https://doi.org/10.1007/

s10554-011-9894-2

7. Han D, Shim H, Jeon B, Jang Y, Hong Y, Jung S, Ha S, Chang HJ

(2016) Automatic coronary artery segmentation using active search

for branches and seemingly disconnected vessel segments from

coronary CT angiography. PLoS ONE 11(8):e0156837. https://doi.

org/10.1371/journal.pone.0156837

8. Zheng Y, Tek H, Funka-Lea G (2013) Robust and accurate coronary

artery centerline extraction in CTA by combining model-driven

and data-driven approaches. In: International conference on med-

ical image computing and computer-assisted intervention, 2013.

Springer, Berlin, pp 74–81. https://doi.org/10.1007/978-3-642-

40760-4_10

9. Cao Q, Broersen A, Kitslaar PH, Lelieveldt BPF, Dijkstra J (2018)

A quality score for coronary artery tree extraction results. In:

Proceedings of the SPIE 10575, medical imaging 2018: computer-

aided diagnosis, Houston, TX, US, 27 Feb 2018, p 105750 V.

https://doi.org/10.1117/12.2292430

10. Villa AD, Sammut E, Nair A, Rajani R, Bonamini R, Chiribiri A

(2016) Coronary artery anomalies overview: the normal and the

abnormal. World J Radiol 8(6):537–555. https://doi.org/10.4329/

wjr.v8.i6.537

11. Leipsic J, Abbara S, Achenbach S, Cury R, Earls JP, Mancini GBJ,

Nieman K, Pontone G, Raff GL (2014) SCCT guidelines for the

interpretation and reporting of coronary CT angiography: a report

of the society of cardiovascular computed tomography guidelines

committee. J Cardiovasc Comput Tomogr 8(5):342–358. https://

doi.org/10.1016/j.jcct.2014.06.002

12. Austen WG, Edwards JE, Frye RL, Gensini GG, Gott VL, Grif-

fith LS, McGoon DC, Murphy ML, Roe BB (1975) A reporting

system on patients evaluated for coronary artery disease. Report of

the Ad Hoc Committee for Grading of Coronary Artery Disease,

Council on Cardiovascular Surgery, American Heart Association.

Circulation 51(4):5–40. https://doi.org/10.1161/01.cir.51.4.5

13. Cao Q, Broersen A, de Graaf MA, Kitslaar PH, Yang G, Scholte AJ,

Lelieveldt BPF, Reiber JHC, Dijkstra J (2017) Automatic identifi-

cation of coronary tree anatomy in coronary computed tomography

angiography. Int J Cardiovasc Imaging 33(11):1809–1819. https://

doi.org/10.1007/s10554-017-1169-0

14. Kirisli HA, Schaap M, Metz CT, Dharampal AS, Meijboom WB,

Papadopoulou SL, Dedic A, Nieman K, de Graaf MA, Meijs MF,

Cramer MJ, Broersen A, Cetin S, Eslami A, Florez-Valencia L,

Lor KL, Matuszewski B, Melki I, Mohr B, Oksuz I, Shahzad R,

Wang C, Kitslaar PH, Unal G, Katouzian A, Orkisz M, Chen CM,

Precioso F, Najman L, Masood S, Unay D, van Vliet L, Moreno

R, Goldenberg R, Vucini E, Krestin GP, Niessen WJ, van Walsum

T (2013) Standardized evaluation framework for evaluating coro-

nary artery stenosis detection, stenosis quantification and lumen

segmentation algorithms in computed tomography angiography.

Med Image Anal 17(8):859–876. https://doi.org/10.1016/j.media.

2013.05.007

123

https://doi.org/10.1007/s10554-011-9894-2
https://doi.org/10.1371/journal.pone.0156837
https://doi.org/10.1007/978-3-642-40760-4_10
https://doi.org/10.1117/12.2292430
https://doi.org/10.4329/wjr.v8.i6.537
https://doi.org/10.1016/j.jcct.2014.06.002
https://doi.org/10.1161/01.cir.51.4.5
https://doi.org/10.1007/s10554-017-1169-0
https://doi.org/10.1016/j.media.2013.05.007

	A model-guided method for improving coronary artery tree extractions from CCTA images
	Abstract
	Introduction
	Methods
	Coronary artery tree
	The model-guided method
	Coarse improvement
	Fine improvement
	Deletion
	Extension

	The decision tree
	Stopping criteria
	Statistical analysis

	Experiments and results
	Experiments
	Results
	MICCAI challenge cohort
	A different cohort for robustness

	Discussion and conclusion
	Searching distance
	Weight of the label
	Stopping criteria
	Comparison with manual corrections
	Limitations

	Acknowledgements
	References


