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Abstract

In this paper the Coronary Artery Tracking competition, g¥hiwas part of the workshop: "3D
Segmentation in the Clinic: A Grand Challenge II" is desedbThis workshop was held during the 2008
Medical Image Computing and Computer Assisted Interver(fill CCAIl) conference. An introduction
is given to underline the importance of (semi-)automati®oary artery centerline extraction methods
and the advantages of an online framework facilitating redamparison of these methods. Furthermore,
information is provided about the set-up of the workshop,dkaluation measures used and the online
framework. Results for the algorithms, submitted by bottustrial and academic research institutes,

are presented as well.
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1 Introduction

(Semi-)automatic coronary artery centerline extractioomf CTA data is important in clinical practice,
where visualization techniques and measurement toola offg on these centerlines. Until now, several
CTA coronary artery centerline extraction and segmematiethods have been described in literature. In
these papers promising results are generally reported. elAmwthey often lack an extensive quantitative
evaluation, making it difficult to judge the performance lodé imethods on clinical data. Moreover, authors
use their own datasets and measures for the evaluation,enizxg@ fair comparison of the performance of
different algorithms.

We are convinced that a common image database, a correagaedérence standard and good evaluation
measures are a prerequisite for a fair comparison of diffeakgorithms. Making these available through an
easily accessible web-based interface would provide araemis benchmark of state-of-the-art techniques.
The usefulness of such a framework has already been provsimidgr frameworks in the field of medical
imaging and computer vision [10, 13]. Next to the continubaachmark provided by the framework, the
understanding of algorithm performance that results from standardized evaluation can also steer the
clinical implementation and utilization, as a system asxttican use objective measures to choose the best
tracking algorithm for a specific task.

For this workshop, which is the successor of the liver anddatel segmentation workshop at MICCAI
2007 [13], such an evaluation framework was initiated. Detbout the workshop can be found in section
2. Section3 gives a description of the new evaluation framework and utige 4 results for thirteen
submitted coronary artery tracking methods are listed.

2 Workshop

The MICCAI 2008 workshop "3D Segmentation in the Clinic: aaGa Challenge 11" consisted of compe-
titions for three different applications: coronary artérgcking, liver tumor segmentations and MS lesion
segmentation. This document describes the first competifieams that were willing to join could register
on the website of the challenge and after signing a lettentefit, the image data could be downloaded.
For the training data, a corresponding reference standand be downloaded as well. Besides that, source
code of the evaluation software (C++) was available for doaah.

The imaging data was divided into three sets. The first seigtit elatasets could be used for training
and was made publicly available, together with a corresipgnoeference standard that was created from
centerlines of three observers. The second set with sixdtber datasetddsting 1) was provided without

L In this letter of intent participants stated that they werending to submit tracking results to the workshop and tihey
would only use the data in the context of the introduced atadn framework. Furthermore they stated to not distriltéedata to
other people.



corresponding reference standard and was used for periceressessment of the algorithms before the
workshop. Submissions of the teams consisted of the resiulteir methods on theesting 1 data and an
article describing the method and giving a standardizedvaes of the results. The set with the remaining
eight datasetdésting 2) was used for the on-site competition during the workshdps dn-site competition

is important, because it prevents (un)intentional adegtatf the method or parameter settings based on the
testing datasets. Furthermore, it can give an indicatiohosf well the methods can produce results in
limited time.

An online submission system was available for evaluatiotheftraining data and for the final submission
of the testing data. Results on the training data could bmitédadl and inspected by the teams unlimitedly,
but only inspection of ongesting 1 submission was allowed. This policy prevented unwanteditrg of
the methods on the testing data.

Approximately 100 authors of related publications and tlagommedical imaging companies were invited to
submit their results on thiesting 1 datasets. Fifty-three teams from all over the wbdtowed their interest
by registering for the challenge, 36 teams downloaded #iaitilg and testing data, and thirteen teams
submitted results: five fully-automatic methods, threeimaily interactive methods and five interactive
methods. A wide variety of approaches for centerline ektvacvas applied by the participants and both
industrial and academic research institutes submittadtges

Submission of results was possible in three different engk categories: automatic tracking, tracking with
minimal user-interaction and interactive tracking.

Challenge 1: automatic tracking

Methods submitted for the automatic tracking challengetbédihd the coronary artery centerlines without
any user-interaction. In order to evaluate the performanftlee tracking method, two points were provided
per vessel to select the coronary artery of interest:

e Point A: a point inside the distal part of the vessel; thismpanambiguously defines the vessel to be
tracked;

e Point B: a point approximately 3 cm (measured along the cam¢ distal of the start point of the
centerline.

Point A had to be used for selecting the appropriate ceneerliif the automatic tracking result did not
contain centerlines near point A, point B could be used atste select the appropriate centerline. Point A
and B were only meant for selecting the right centerline, iamésnot allowed to use these points as input
for the tracking method.

Challenge 2: tracking with minimal user-interaction
Methods submitted for the tracking with minimal user-iafgron challenge were allowed to usee point
per vesselas input for the algorithm. This could be either:

e Point A or B, as defined above;
e Point S: the start point of the centerline;
e Point E: the end point of the centerline;

e Point U: any other manually defined point.

2Europe: 20, North America: 16, Asia: 12, South America: 3jds: 1, Australia: 1



Table 1: Image quality of the training and testing datasets.
\ Poor Moderate Good Total

Training 2 3 3 8
Testing 1 2 7 7 16
Testing 2 2 1 5 8

Table 2: Presence of calcium in the training and testingse#sa
\ Low Moderate Severe Totdl

Training 3 4 1 8
Testingl 6 8 2 16
Testing2 3 4 1 8

Points A, B, S and E were provided with the data. Furthernioregase the method obtains a vessel tree from
the initial point, point A or B could be used after centerleraction to select the appropriate centerline
for evaluation.

Challenge 3: interactive tracking

All methods that required more user-interaction than onetper vessel as input were part of the interactive
tracking challenge. Methods could use e.g. both points SEafrdm challenge 2, a series of manually
clicked positions, or one point and a user-defined threshold

3 Evaluation framework

3.1 Cardiac CTA data

Cardiac CTA datasets of 32 patients who were referred for @Brary angiography at Erasmus MC,
Rotterdam, The Netherlands, were randomly selected. CaAsswere acquired between June 2005 and
June 2006 using a 64 slice (20 cases) and dual-source (12) caseputed tomography scanner (Somatom
Sensation 64 and Definition, Siemens Medical Solutionsgiteim, Germany). Diastolic reconstructions
were used, with reconstruction intervals varying from 250tm400 ms before the R-peak. Three datasets
were reconstructed using a sharp (B46f) kernel, all otherseweconstructed using a medium-to-smooth
(B30f) kernel.

To ensure representative training and testing sets, thgemaality and presence of calcium in each dataset
was visually assessed by a radiologist with three yearsiexme in cardiac CT. Image quality was classified
as good (defined as absence of any image-degrading artiéatsd to motion and noise), moderate (pres-
ence of artifacts but evaluation possible with moderatdidence) or poor (presence of image-degrading
artifacts and evaluation possible with low confidence).sBnee of calcium was scored as absent, modest
(presence of calcified spots) or severe (presence of exéenalcifications). Based on these scorings the
data was distributed equally over the sets with training testing data. The patient and scan parameters
were assessed by the radiologist to be representative darlitiical situation. Tabld and2 describe the
distribution of image quality and the presence of calciurthandatasets.
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Figure 1: An example of the color-coded curved-planarsraetiited images used to detect possible annota-
tion errors.

3.2 Reference standard

We define the centerline of a coronary artery in a CTA scan as\gedhat passes through the center of
gravity of the lumen in each cross-section. Furthermoredefine the start point of a centerline as the
center of the coronary ostium (i.e. the point where the canpartery originates from the aorta), and the end
point as the most distal point where the artery is still dgishable from the background. The centerline
is smoothly interpolated if the artery is partly indistingfable from the background, e.g. in case of a total
occlusion or imaging artifacts.

This definition was used by three trained observers to atewiaall 32 datasets the centerlines of four
coronary arteries, namely the RCA, LAD, LCX and a large sidebh of one of the main coronary arteries.
First, the observers annotated points along the centeedithen. In a second step, the observers specified
the radius of the lumen at least every 5 mm, where the radigscivasen such that the enclosed area of
the annotated circle matched the area of the lumen. Substhgube paths of the three observers were
combined to one centerline per vessel using a mean shiftitdgofor open curves. The centerlines were
averaged while taking into account the possibly varyingieacy of the observers. This is done by jointly
estimating the reference standard and the accuracy of Sears [14].

After creating this first weighted average, the observenspared their centerlines with this average center-
line. This comparison was performed utilizing curved-plareformatted images displaying the annotated
centerline color-coded with the distance to the referetaedard and vice-versa (see Figude The ob-
servers used these images to detect and subsequentlyt gassible annotation errors.

The corrected centerlines were subsequently used to ¢heateference standard, using the same mean shift
algorithm. The radius at every point of the reference stahéas calculated by averaging the annotated
radii of the observer paths. Note that the uncorrected derge were used to calculate the inter-observer
variability. The points where for the first time the centeel of two observers lie within the radius of the
reference standard when traversing over this centerlima fiespectively the start to the end or vice versa
were designated as the start- and end point of the refer¢scgasd.

3.3 Evaluation

Because coronary artery tracking algorithms can be usatifferent applications, different evaluation mea-
sures may apply. In the evaluation we discern between trgatapability and tracking accuracy. Tracking
capability is assessed using three overlap measures a@ldlstance measures are used to determine the
accuracy of the centerline tracking. For each of these mesasuscore is calculated by relating the mea-
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sures to the inter-observer variability. These scoresadmgn 100 to 0: 100 points implies that the result of
the method is perfect, 50 points implies that the perforreasfdhe method is similar to the inter-observer
variability and O points implies a complete failure. The &x@echanism for calculating the inter-observer
variabilities and scores is explained in appendlix

Definition of true positive, false positive and false negative points

The evaluation measures are based on a point-to-pointspameence between the reference standard and
the evaluated centerline. This correspondence is detethais described in [14].

Quality measures for semi-automatic centerlines are gtidy based on a labeling of points on the center-
lines as true positive, false negative or false positivas Teling, inits turn, is based on the correspondence
between the reference standard centerline and an evakexéstline.

A point of the reference standard is marked as true positRB,J if the distance to at least one of the
connected points on the evaluated centerline is less tiealodhl radius and false negative FMNtherwise.

A point on the evaluated centerline is marked as true pesitRM,, if there is at least one connected point
on the reference standard at a distance less than the radinediat that reference point, and it is marked
as false positive R otherwise. See also Figuggfor a schematic explanation of these terms and the terms
mentioned in the next section.

Overlap measures
Three different overlap measures are used in our evalutaomework.

Overlap (OV) represents the ability to track the complete vessel aremiay the observers. It is defined

as:
TPMoy + TPRyy

= TPMoy + TPRoyy+ FNoy + FPoy”

oV (1)

Overlap until first error (OF) s the ratio of the number of true positive points on the rfiee before the
first error (TPRs) and the total number of reference points (EPRFNy). The first error is defined
as the first Fly, point when traversing from the start of the reference stahttaits end.

TP Ry

OF= %
TPRot -+ FNot

(2)

Overlap with the clinically relevant part of the vessel (OT) gives an indication of how well the method
is able to track those parts of the vessels that have a diamieie5 mm or larger and are therefore
assumed to be clinically relevant [8]. The point closeshtédnd of the reference standard with a ra-
dius larger than or equal to 0.75 mm is determined. Only pantthe reference standard between the
start of the reference standard and this point, and pointee(semi-)automatic centerline connected
to these reference points are taken into account when dgfinentrue positives (TPMand TPMy),
false negatives (F§) and false positives (Fp.

TPMot + TPRyt

OoT = .
TPMot + TPRot + FNot + FPot
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Figure 2: Anillustration of the terms used in the overlap sugas (sectio3.3). The reference standard with
annotated radius is depicted in gray. The terms on top of ¢hediare assigned to points on the centerline
found by the method. The terms below the reference standardiie assigned to points on the reference
standard.

Accuracy measures

We also use three different measures to assess the acctiapoary artery tracking algorithms:

Average distance (AD)is the average distance between the reference standardheuagditomatic center-
line. The average distance is defined as the summed lengthtbéaonnections between the two
equidistantly sampled centerlines, divided by the numibeponections.

Average distance inside vessel (Alyepresents the accuracy of tracking, provided that th&ittgaesults
are inside the vessel. The measure is calculated in the sagnasvAD, except that connections that
have a length larger than the annotated radius at the cathegference point are excluded.

Average distance to the clinically relevant part of a vessdlAT) represents how well the method can
track vessel parts that are clinically relevant, i.e. thpads of the vessels having a diameter larger
than or equal to 1.5 mm. The difference with the AD measurbasihstead of all connections, only
connections that connect TRMTPRy;, FNy;, and FR; points are averaged.

3.4 Comparing the algorithms

In order to compare different coronary artery tracking athms the different measures have to be com-
bined. We do this by ranking the resulting scores of all thehas for each measure and vessel. The
average rank of all the 6 (measuresp4 (vessels)y= 384 ranks defines the quality of each method; the
method with the lowest average rank is assumed to be the best.

4 Results for testing 1 data

Results for the thirteen methods that participated in thepetition on theesting 1 data are shown in Table
3, 4 and5. Table3 shows the results for the three overlap measures, Tasit@ws the results for the three
accuracy measures, and Tablshows the final ranking.



Table 3: Overlap measures

Method Challenge ov OF oT
1 2 3| % score rank | % score rank | % score  rank
Friman et al. [4] X 98.2 86.6 1.78 85.1 77.3 2.48 98.3 84.1 2.07
Zambal et al. [16] X 86.1 489 741 | 602 468 523 | 880 589 6.23
Szymczak [11] X 95.5 70.1 3.83 60.2 47.0 5.84 96.0 63.1 4.64
Bauer and Bischof [1] X 940 56.0 5.78 717 56.8 4.61 96.7 67.6 4.77
Krissian et al. [7] X 90.9 72.1 3.84 70.9 61.7 4.14 91.4 69.7 3.95
Tek et al. [12] X 877 495 792 | 506 338 730 | 891 503 761
Kitslaar et al. [6] X 79.2 43.6 8.92 57.2 37.3 6.44 81.0 46.9 7.96
Metz et al. [9] X 91.6 65.5 4.91 57.1 48.1 5.77 92.3 62.9 5.27
Wang and Smedby [15] | x 79.4 414 1016 | 46.1 312 758 | 829 465 8.86
Dikici et al. [3] X 90.9 56.7 6.58 23.5 17.6 9.38 91.6 51.2 7.72
Zhang et al. [17] x | 914 532 7.05 | 51.2 336 7.77 | 923 50.0 7.36
Hernandez Hoyos et al. [5 x | 80.2 434 956 39.3 252 859 | 821 46.7 9.08
Castro et al. [2] X 689 357 11.28| 343 217 861 | 70.8 364 10.34
Table 4: Accuracy measures
Method Challenge AD Al AT
1 2 3| mm score rank | mm score rank | mm score  rank
Friman et al. [4] x | 0.27 484 123 0.23 486 1.47 | 0.27 486 1.25
Zambal et al. [16] X 2.59 37.4 3.48 0.28 42.8 2.72 2.33 38.1 3.50
Szymczak [11] x | 044 311 581 | 036 320 681 | 043 313 594
Bauer and Bischof [1] X 058 30.2 6.33 037 315 7.16 | 045 309 6.13
Krissian et al. [7] X 2.77 27.7 7.52 0.39 29.9 8.27 3.01 27.7 7.66
Tek et al. [12] X 192 335 508 | 034 376 413 | 166 341 492
Kitslaar et al. [6] X 5.39 31.8 5.11 0.31 38.1 3.84 4.71 32.6 5.03
Metz et al. [9] x | 130 270 7.77 | 048 287 867 | 129 270 8.03
Wang and Smedby [15] | x 4.30 25.8 8.36 0.39 31.9 7.27 3.66 26.9 8.05
Dikici et al. [3] X 092 252 920 | 048 269 969 | 090 251 941
Zhang et al. [17] x | 060 239 1002 | 051 253 10.78| 0.60 24.0 10.11
Hernandez Hoyos et al. [5 x | 5,06 245 891 041 298 819 | 458 250 894
Castro et al. [2] X 735 158 12.19| 062 20.7 12.02| 6.87 16,5 12.05
Table 5: Overall
Method Challenge Overlap | Accuracy | Avg.
1 2 3 rank rank rank
Friman et al. [4] X 2.07 1.32 1.69
Zambal et al. [16] X 6.23 3.23 4,73
Szymcak [11] X 4.64 6.19 5.41
Bauer and Bischof [1] X 4.77 6.54 5.65
Krissian et al. [7] X 3.95 7.82 5.88
Tek et al. [12] x 7.61 4.71 6.16
Kitslaar et al. [6] X 7.96 4.66 6.31
Metz et al. [9] X 5.27 8.16 6.71
Wang and Smedby [15] | x 8.86 7.89 8.38
Dikici et al. [3] X 7.72 9.43 8.57
Zhang et al. [17] X 7.36 10.30 8.83
Hernandez Hoyos et al. [5 X 9.08 8.68 8.88
Castro et al. [2] X 10.34 12.09 11.21




5 Discussion

The large number of registrations50) and teams that downloaded the data (36) demonstratdartjee
interest from the community for such a publicly availabl¢at@se and comparative evaluation framework.
Despite the successful launch of the database through tB€ Kl challenge, there is still room for ample
improvement of the evaluation framework. Currently, athiéable data is acquired using scanners of the
same vendor and in the same institution. We expect to cotpetith other institutions around the world to
make the collection more varied. Other extensions to thadwaork, such as lumen segmentations, stenose
gradings and calcium scores, can be relevant as well anduitvio@ great if such extensions can be added in
the future. After this workshop, the evaluation framewoltik ®main available under the name "Rotterdam
Coronary Artery algorithm evaluation framework” and theosige (it t p: // cor onary. bi gr. nl ) will serve

as a continuous benchmark for coronary artery trackingrilgos.
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A Inter-observer variability and scores

In this study, inter-observer variabilities are used tawdea (relative) score from the absolute overlap and
accuracy values. This appendix explains how these inteerobr variabilities are calculated for each of the
six evaluation measures and how scores are created frovdahe&aton measures by relating the measures
to the inter-observer variabilities.

A score of 100 points implies that the result of the methocdei$qet, 50 points implies that the performance
of the method is similar to the inter-observer variabilapd O points implies a complete failure.

A.1 Overlap measures

The inter-observer variabilities for the overlap measuaescalculated by comparing the uncorrected paths
with the reference standard. The three overlap measuresaakrulated for each uncorrected path and the
true positives, false positives and false negatives foh éserver were combined into the inter-observer
variability per centerline as follows:

3 (TPRov(i) + TPMo(i))

Vio = S TP Roy(1) - TPMow(1) 1 FPoy(1) + (1)
oF _ _ ITPRyl)

© 75 (TPRuf(i) + FNot (i)
OT, = > (TPRot(i) + TPMay(i))

¥ (TPRot(i) + TPMot(i) + FPot(i) + FNot(i))’

wherei = {0,1,2} indicates the observer.
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Figure 3: (a) shows how overlap measures are transformeddatres and (b) shows this transformation for
the accuracy.

After calculating the inter-observer variabilities, therfprmance of the method is scored with a measure
related to the inter-observer variability. For methodg fherform better than the observers the OV, OF,
and OT measures are converted to scores by linearly intgipglbetween 100 and 50 points, respectively
corresponding to an overlap of 1.0 and an overlap similah#ointer-observer variability. If the method
performs worse than the inter-observer variability theed® obtained by linearly interpolating between 50
and 0 points, with 0 points corresponding to an overlap af 0.0

(Om/Oip)*50  Opn < Oy

Scorey =
® {50+ 50+ 9252 Om > Oy,

where Q, and G, define the OV, OF or OT performance of respectively the methatithe observer. An
example of this conversion is shown in Figa@).

A.2 Accuracy measures

The inter-observer variability for the accuracy measusedeiffined at every point of the reference standard
as the expected error that an observer locally makes whiletating the centerline. It is determined as the
root mean squared distance between the uncorrected agthotaiterline and the reference standard:

Aio(9) =1/1/n (d(p(x), pi))?

wheren = 3 (number of observers), anldp(x), pi) is the average distance from pomtx) on the reference
standard to the connected points on the centerline anddigtebserver.

The tracking accuracy of the method is related per connedtidhe observer performance. A connection
is worth 100 points if the distance to the reference standa@dmm and 50 points if the distance is equal
to the inter-observer variability at that point. Methodattherform worse than the inter-observer variability
are rewarded per connection 50 points times the fractiom@frter-observer variability and the method
accuracy.

100—50(Am(X) /Aic(X))  Am(X) < Ajp(X)

(Aio(X)/Am(x)) +50 An(X) > Aig(X), (3)

Score (x) = {

where Ay(x) and Aq(x) define the distance from the method centerline to the refereanterline and the
inter-observer accuracy variability at potAn example of this conversion is shown in Fig@@®).
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The average score over all connections yields the AD scorthéocenterline, the average over all connec-
tions that connect TPR and TPM points yields the Al score,thadiT score is defined as the average score
over all connections that connect a point in the clinicaflievant parts of the vessel.
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