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A fully automated method for coronary calcification detection from non-contrast-enhanced, ECG-
gated multi-slice computed tomography �CT� data is presented. Candidates for coronary calcifica-
tions are extracted by thresholding and component labeling. These candidates include coronary
calcifications, calcifications in the aorta and in the heart, and other high-density structures such as
noise and bone. A dedicated set of 64 features is calculated for each candidate object. They char-
acterize the object’s spatial position relative to the heart and the aorta, for which an automatic
segmentation scheme was developed, its size and shape, and its appearance, which is described by
a set of approximated Gaussian derivatives for which an efficient computational scheme is pre-
sented. Three classification strategies were designed. The first one tested direct classification with-
out feature selection. The second approach also utilized direct classification, but with feature se-
lection. Finally, the third scheme employed two-stage classification. In a computationally
inexpensive first stage, the most easily recognizable false positives were discarded. The second
stage discriminated between more difficult to separate coronary calcium and other candidates.
Performance of linear, quadratic, nearest neighbor, and support vector machine classifiers was
compared. The method was tested on 76 scans containing 275 calcifications in the coronary arteries
and 335 calcifications in the heart and aorta. The best performance was obtained employing a
two-stage classification system with a k-nearest neighbor �k-NN� classifier and a feature selection
scheme. The method detected 73.8% of coronary calcifications at the expense of on average 0.1
false positives per scan. A calcium score was computed for each scan and subjects were assigned
one of four risk categories based on this score. The method assigned the correct risk category to
93.4% of all scans. © 2007 American Association of Physicists in Medicine.
�DOI: 10.1118/1.2710548�
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I. INTRODUCTION

The coronary arteries supply the heart muscle with oxygen-
ated blood. In the case of luminal narrowing of the coronar-
ies through atherosclerotic processes, oxygen supply to the
heart can become insufficient and myocardial infarction oc-
curs. This is often the first sign of coronary atherosclerosis.1,2

Conventional screening tests for cardiovascular disease, such
as blood pressure and cholesterol level measurements, are
only moderately sensitive for identifying subjects at risk.1,3

Computed tomography �CT� calcium scoring can increase
this sensitivity. For calcium scoring a noncontrast enhanced
CT scan of the heart is obtained. On this scan calcifications
in the coronary arteries can be detected and quantified.4 The
amount of calcium can be expressed in terms of Agatston,
volume, or mass score,5,6 and these scores estimate the risk
for future cardiac morbidity and/or mortality.7

Atherosclerotic plaques can also be visualized by x ray,
8,9
magnetic resonance imaging, and ultrasound. Recently, a
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feasibility study was performed for coronary calcification
quantification by dual-energy imaging in combination with a
flat panel detector.10 The advantage of such a system would
be lower effective dose to a patient and lower costs, but
maybe less accurate calcium quantification. In this work we
focus on calcium scoring with CT only.

Several vendors of commercial workstations for medical
image analysis offer tools for coronary calcium scoring, but
these tools all require manual selection of the calcifications.
Typically, all candidates for calcifications are extracted by
thresholding and component labeling. From these candidates,
each calcification within one of the coronary arteries has to
be identified by a human operator. After this has been done,
a calcium score for each coronary artery as well as total
coronary calcium score can be easily computed by the soft-
ware. Another tool for calcium scoring,11 which was used in
some studies,12 required manual tracking of coronary vessel

centerlines. Once the course of each coronary artery had
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to heart motion.
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been defined, the software automatically detected objects
above the desired threshold close to the vessel centerline and
computed a calcium score. Calcium scoring is thus a time-
consuming task that needs to be performed by a trained hu-
man operator. As a consequence, calcium scoring is not per-
formed routinely on all CT scans in which the heart is
imaged. Automated tools for identification and quantification
of coronary calcifications are desirable to reduce evaluation
time and input from expert human observers. This would be
especially advantageous in large-scale screening or
follow-up studies that make use of calcium scoring. To our
knowledge, no work on automated coronary calcium scoring
has been published. The purpose of this work is to present a
system that automatically assigns a risk category to a subject
based on completely automated coronary calcification detec-
tion and scoring.

Coronary calcium can be located in any of the three main
coronary arteries and their subbranches: left main �LM�, left
anterior descending �LAD�, left circumflex �LCX�, right
coronary artery �RCA�, and posterior descending �PDA�.
Furthermore, calcium is frequently found in the ascending
and the descending aorta, and in the heart valves. In addition,
other high-density objects such as bone and metal implants
are often located inside or nearby the heart. Finally, noise is
present in the images and often exceeds the threshold for
calcification extraction. This means that automated coronary
calcium detection not only requires the ability to separate
calcified and noncalcified lesions, but also to separate coro-
nary calcifications and all other high-density structures,
among which are also noncoronary calcifications. Examples
of coronary and noncoronary calcifications are shown in Fig.
1. To illustrate the difficulty of the task, Fig. 1�b� shows a
calcification in the LCX that resembles calcium in mitral
valve shown in Fig. 1�c�. In such cases, a radiologist cannot
differentiate between the two only by a local visual inspec-
tion. Typically, a human observer will track the artery
through several slices, although often partially invisible, to
establish if the candidate is located within a coronary. An-
other difficulty is caused by heart motion, which blurs cal-
cium loci, as also shown in Fig. 1. In this case the object
itself and its surroundings change properties such as size,
shape, and intensity.

Our method does not require a segmentation of the coro-
nary arteries. Segmentation of the coronary arteries would in
principle be beneficial for identifying coronary artery calci-
fications, but several practical reasons speak against it. Cal-
cium scoring is performed on non-contrast-enhanced scans.
The lack of contrast material makes contrast between coro-
nary arteries and surrounding tissue low or nonexistent.
Thus, accurate automatic segmentation of the coronaries is
extremely difficult. In addition, motion artifacts may occur
despite ECG synchronization techniques. This can blur the
coronaries up to a degree that they are no longer visible.
Also, the relatively low dose used for scanning leads to
noise, especially in the basal portions of the heart caused by

high absorption of radiation by organs below the diaphragm.
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FIG. 1. �a� Calcification in �1� RCA located at the point where the artery is
branching off the ascending aorta; �2�, �3�, and �4� calcium in the ascending
aorta; �5� calcium in LCX; and �6� and �7� calcifications in the descending
aorta. �b� �1� calcification in the LCX; �2� calcification in the RCA; and �3�
calcium in the descending aorta. �c� �1� calcified mitral valve annulus and
�2� calcification in the descending aorta. Note that calcification �1� in the �b�
image resembles mitral valve calcification �1� in the �c� image. Also, note
that in these figures calcifications in the heart or coronaries are blurred due



1452 Išgum et al.: Detection of coronary calcifications 1452
As a result, it is even harder to differentiate arteries from
surrounding tissue. We, therefore, opted for an approach
without segmentation of coronary arteries.

The method we present first extracts objects possibly rep-
resenting coronary calcifications by thresholding and compo-
nent labeling. Subsequently, each object is represented by
features describing its size, shape, location, and appearance.
From that moment, the detection of coronary calcifications is
a problem in the realm of pattern recognition. We present
three classification systems. In the first two systems a direct
classification between coronary calcifications and other ob-
jects is attempted, with and without a feature selection
scheme. The third classification system consisted of two
stages where in the first stage easily recognizable noncoro-
nary calcifications were discarded, and in the next stage more
complex separation between coronary calcification and the
remaining objects was performed. Experiments have been
performed with a range of classifiers. Best results were ob-
tained with k-nearest neighbor classifiers �k-NN� and support
vector machines �SVM�, and those are reported.

Preliminary, simpler versions of this system, trained and
tested with much smaller data sets, have been presented in
Refs. 13 and 14.

The paper is organized as follows: Section II describes the
data. Section III gives a detailed overview of the method.
Next, results are presented. Section V provides a discussion
and we end with a conclusion in Sec. VI.

II. MATERIALS

In this study 304 cardiac non-contrast-enhanced CT scans
were used. They were obtained as part of a study investigat-
ing the association between age at menopause and risk of
cardiovascular disease. The scans were acquired on a Philips
CT scanner �Mx8000IDT, Philips Medical Systems, The
Netherlands� with 16�1.5 mm collimation, and a pixel size
of 0.43�0.43 mm2. They were prospectively triggered at
70% of the R-R interval �mid-diastole�, the most motionless
phase in scans acquired with our scanner. Peak voltage of
120 kVp and tube current between 40 and 70 mAs depend-
ing on the subject weight were used. Data were reconstructed
to 512�512 matrices. The vertical range included approxi-
mately the region from the level of the tracheal bifurcation to
the base of the heart. Coronary calcium scoring is usually
performed on cardiac CT scans with a slice thickness of
3 mm.4 Therefore, all scans were resampled to 3 mm thick
slices by averaging pixel intensities of two neighboring
slices. This resulted in a voxel size of 0.43�0.43�3 mm3.

The reference standard was set manually by a trained ob-
server with 1 year experience �AR� who identified a point in
each calcified lesion in the heart. A three-dimensional �3D�
region growing was used to connect all neighboring voxels
above a threshold value of 130 HU, the commonly used
value for calcification extraction.4 Additionally, each lesion
was given a label depending on its location. The labels were
coronary calcification and noncoronary calcification. Non-
coronary calcifications included calcium in the aorta, aortic

and mitral valves, and myocardium.
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The data set was randomly divided in a training set of 228
scans and a test set of 76 scans. The training set contained
490 coronary calcifications and 1961 noncoronary calcifica-
tions. The test set contained 275 coronary calcifications and
335 noncoronary calcifications. The test set was not used in
any way during development and training of the system.

III. METHODS

A. Candidate objects extraction

Thresholding is a standard way of identifying candidates
for vascular calcification.4 Scans were thresholded at 130
HU, the same threshold value used for setting the reference
standard. Three-dimensional component labeling was used to
connect neighboring voxels and obtain candidate objects. All
objects bigger than 2500 voxels �1387 mm3� were discarded
as coronary calcifications are not expected to have such a
large volume.

B. Features

Properties that may distinguish coronary calcifications
from other objects include their size, shape, position, inten-
sity values, and variations of intensities within the object and
their surroundings. We designed a set of features that cap-
tures these properties. The complete list of features is given
in Table I.

1. Size

Coronary calcifications typically have a smaller volume
than bony structures such as the spine and ribs. Small objects
most often represent noise. Therefore, an object’s volume

TABLE I. The complete set of features to characterize candidate coronary
calcification objects.

Feature Description

1 volume
2,3 �1 /�3, �2 /�3

4–6 x-, y- and z-coordinate in the image coordinate system
7–9 x-, y- and z-coordinate in the heart coordinate system
10 distance to the heart border
11 heart area ratio
12 distance to the aorta border
13 average object intensity
14 maximum object intensity
15–19 L for scales �=1,2 ,4 ,8 ,16
20–24 Lx for scales �=1,2 ,4 ,8 ,16
25–29 Ly for scales �=1,2 ,4 ,8 ,16
30–34 Lz for scales �=1,2 ,4 ,8 ,16
35–39 Lxx for scales �=1,2 ,4 ,8 ,16
40–44 Lxy for scales �=1,2 ,4 ,8 ,16
45–49 Lxz for scales �=1,2 ,4 ,8 ,16
50–54 Lyy for scales �=1,2 ,4 ,8 ,16
55–59 Lyz for scales �=1,2 ,4 ,8 ,16
60–64 Lzz for scales �=1,2 ,4 ,8 ,16
expressed in number of voxels was used as a size feature.
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2. Shape

Although coronary calcifications usually cannot be distin-
guished from other candidates from their shape alone, some
of the negatives clearly have a shape that discriminates them
from positives. Examples are calcifications in mitral valves,
which are often platelike, unlike coronary calcifications,
which are elongated or spherical. Therefore, principal com-
ponent analysis was applied to the set of voxel coordinates.
This yields three eigenvectors �1, �2, and �3, with �1��2

��3 for each candidate.15 They represent the three principal
axes of the objects. Two features were computed from the
eigenvalues: �1 /�3 and �2 /�3. These features discriminate
between platelike and elongated structures.

3. Spatial features

A first set of three spatial features was defined as the
�x ,y ,z� location of the object’s center of gravity in absolute
image coordinates.

A scanning protocol for cardiac CT typically requires that
the complete heart is contained in the field of view. As a
result, the set of structures included in the field of view may
vary substantially between scans depending on subject size
and anatomy. In some scans the complete rib cage is visible,
while in others no ribs are contained. Similarly, some scans
include the complete spine and sternum, while in others
those structures are partially or completely absent. In the
vertical direction similar variations may occur. Because of
these variations, the absolute position of an object in the scan
is not always a reliable indication of its location within the
body. For this reason, knowledge about the location of the
heart in a scan can provide valuable features for detecting
coronary calcium, because coronary calcifications are located
inside the heart. Similarly, location of the aorta in a scan can
be important to exclude calcifications there. Therefore, an
algorithm was developed for automatic delineation of these
organs. This algorithm is described in Appendix A.

The segmentation of the heart was used to describe the
object’s location relative to it. A coordinate system was de-
fined by determining the smallest box around the heart. The
lower-left-frontal corner of the box represents the position
�0, 0, 0� and the upper-right-back corner the position �1, 1,
1�. The location of the center of gravity of the object in this
coordinate system yielded three additional spatial features.

Coronary arteries branch off the ascending aorta towards
the heart edge and stretch along the heart surface. Therefore,
the smallest Euclidean distance of an object to the border of
the heart was determined. The distance was multiplied with
minus one for objects inside the heart.

A position feature less sensitive to slight errors in the
segmentation was computed as the ratio of two areas inside
the heart mask in axial slices. The areas were defined as two
parts of the heart divided by the line through the object’s
center of gravity and perpendicular to the line having the
shortest distance between the object and the heart border. If
the object was outside of the heart, this feature was set to

zero.
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The segmented heart volume often contains calcifications
in the aorta. To distinguish these from coronary calcium, the
segmentation of the aorta was used to determine the distance
of an object to the border of the aorta. This distance was used
as a feature. For objects inside the aorta, the distance was
multiplied by minus one.

This leads to a total of nine spatial features.

4. Appearance features

The first two appearance features were average and maxi-
mum intensity value inside the candidate. They are usually
lower for calcifications than for bony structures and higher
than for noise.

The next group of gray value features was based on image
derivatives.16 These are computed by convolving the data
with derivative of the Gaussian kernel. The standard devia-
tion or scale of this kernel is a free parameter. The use of
multiple scales has been shown to be beneficial in many
applications �the scale space paradigm�. We used scales of 1,
2, 4, 8, and 16 voxels and Gaussian derivatives through sec-
ond order denoted as �L ,Lx ,Ly ,Lz ,Lxx ,Lxy ,Lxz ,Lyy ,Lyz ,Lzz�.
This set of derivatives encodes information about the appear-
ance of objects and their surroundings. This combination of
10 derivatives and 5 scales gave 50 appearance features.
They were determined at the maximum intensity point of
each candidate object.

The exact computation of Gaussian derivatives for the
large scans in our database is very expensive both in terms of
computation time and required memory. Therefore, we used
approximations of Gaussian derivatives that can be very ef-
ficiently computed at a limited set of positions. A detailed
description how to calculate these approximate Gaussian de-
rivatives is given in Appendix B.

C. Classification

The positive class in the data set was coronary calcium.
Negative samples were all other candidate objects. These
negative samples include noncoronary calcifications and
other high density objects in the scan, such as bones and
noise. Three classification approaches were applied. In the
first system a direct classification between positives and
negatives without feature selection was employed. The sec-
ond scheme utilized also a direct classification, but included
a feature selection. Finally, in the third scheme a two-stage
classification with feature selection was used. First, all ob-
jects with a probability for being coronary calcification
above a certain threshold are sent to the next stage. In the
second stage, another classifier is used to perform complex
separation between the remaining candidates.

The proper choice for a particular classifier is very impor-
tant in pattern recognition problems. It is difficult to estimate
which classifier will perform the best on a given data set.
Thus, it is desirable to test the performance of several clas-
sifiers with the data at hand.17,18 We have experimented with
linear discriminant �LDC�, quadratic discriminant �QDC�,
support vector machines �SVMs� and k-nearest neighbor

�k-NN� classifiers. Particular design choices �number of fea-
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tures to be selected, classifier, value for k� were made on the
basis of pilot experiments on the training data.

As both k-NN and SVM classifiers are sensitive to feature
scaling, prior to feature selection and classification, all fea-
tures were scaled to zero mean and unit variance.

1. Direct classification without feature selection

As a reference system we performed direct classification
with a k-NN classifier, without any feature selection. The
optimal choice for the number of neighbors k in a �k-NN�
classifier was determined to be one.

2. Direct classification with feature selection

With respect to the number of positive samples in the
training set, the feature set contained many features. It is not
likely that all features are equally useful in coronary calcifi-
cation detection. Therefore, feature selection was employed
to find a subset of features with good performance. Sequen-
tial floating forward feature selection �SFFS�19 was used.
This is a wrapper-based algorithm that tests the performance
of a specific classifier using different feature sets. In this
way, the set of features is optimized for the classifier at hand,
in this case a k-NN classifier. SFFS has shown good perfor-
mance on practical problems compared to other feature se-
lection techniques.19 The algorithm is based on a “plus 1,
take away r” strategy. At every iteration, the algorithm adds
the best single feature to an initially empty feature set and
then removes features as long as that improves performance.
In this way “nested” groups of good features can be found.
Feature selection was performed on the training set with Eu-
clidean metric and a leave-one-object-out methodology.
Number of neighbors k was set to one. Classification perfor-
mance was evaluated in terms of accuracy. Subsequently,
classifications with LCD, QDC, and 1-NN classifiers were
compared.

3. Two-stage classification with feature selection

A SVM classifier can be used to construct nonlinear de-
cision boundaries by a proper choice of its kernel. We used a
radial basis kernel �a Gaussian function�, which is preferable
to other kernels because it has only a single free parameter �.
In addition, the penalty parameter C also needs to be deter-
mined. The performance of an SVM classifier depends
strongly on a proper choice of these parameters. Following
Ref. 20 we used a fivefold cross-validation grid-search on
the training data to determine the optimal values for C and �.
The drawback of this procedure is a long training time, and
therefore the number of samples in the training set had to be
reduced. We used a first classification stage with a k-NN
classifier with feature selection to remove candidates that are
negative with a high probability. Feature selection was set to
select at most 20 features and k was set to 10. It was per-
formed on the training set with Euclidean metric and a leave-
one-object-out methodology. Objects that had a posterior

probability for being negative bigger than 0.75 were dis-
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carded. All remaining objects were selected for further analy-
sis. In the second stage, performance of a SVM classifier was
tested.

The same experiment was repeated with a k-NN classifier
employed in both stages. The settings for the first stage re-
mained unchanged. In the second stage SFFS was set to se-
lect at most 15 features and a 1-NN classifier was employed.
Again, feature selection was performed on the training set
with Euclidean metric and a leave-one-object-out methodol-
ogy. Note that feature selection was not employed with
SVM. The necessary parameter optimization makes training
times for feature selection prohibitively long, and SVMs
have been shown to be able to achieve good results without
feature selection.

D. Risk category determination

Calcium scores of coronary calcifications detected by the
method were computed for each scan. Subjects were as-
signed to one of four risk categories for coronary artery dis-
ease. The categories were based on the Agatston score �AS�
and were indicating a risk group:21

�1� low risk: 0�AS�10
�2� intermediate risk: 10�AS�100
�3� high risk: 100�AS�400
�4� very high risk: AS�400

The Agatston score of an object was computed as in Refs.
22 and 23, because this particular algorithm is used most
often in clinical practice. The maximum intensity of an ob-
ject in each transversal slice Imax was found. That value de-
termined the weight factor w as follows:

If 130 HU � Imax � 200 HU, then w = 1.

If 200 HU � Imax � 300 HU, then w = 2.

If 300 HU � Imax � 400 HU, then w = 3.

If 400 HU � Imax, then w = 4.

The Agatston score for a calcification is given by

ASobj = �
i=1

n

Ai * wi, �1�

where Ai is an area of the object in the slice i, and n is the
number of slices in which the object is present.

Total Agatston score is the sum of Agatston scores of all
calcifications in the scan:

AS = �
obj=1

m

ASobj �2�

with m the number of calcifications in a scan.

IV. RESULTS

Originally, the training set contained 228 scans. For com-

putation of spatial features, heart and aorta segmentations
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were needed. There was 1 scan in which heart segmentation
failed and 27 scans where either the heart or the aorta seg-
mentation algorithm did not give completely satisfactory re-
sults. As this would result in some erroneous spatial features
for certain objects, these scans were removed from the train-
ing set. This resulted in 200 training scans and 76 test scans.

After candidate objects were extracted, the training set
contained 151 720 objects: 439 coronary calcifications, 1721
noncoronary calcifications, and 149 560 negatives. These
negatives included noise, bone, and metal implants. The test
set contained 35 198 candidates: 275 coronary calcifications,
335 noncoronary calcifications, and 34 588 negatives.

Discarding objects bigger than 2500 voxels did not re-
move any coronary calcifications from both the training and
the test sets. However, in the training set 6 calcifications in
the heart and 1293 negatives were discarded, and from the
test set 513 negatives were removed.

Performance of LDC and QDC was substantially worse
than that of the two nonlinear classifiers, SVM and k-NN, so
only the results of the latter two will be reported.

A. Direct classification without feature selection

The experiment was performed using a k-NN classifier,
where k was set to 1. On average the method made 2.2 errors
per scan: 0.4 false positives and 1.8 false negatives.

Misclassified coronary calcifications were located in all
coronary arteries. Among false positives there were five cal-
cifications in the aorta and one calcified aortic valve. The
remaining 23 false positives were noncalcifications. Results
in terms of objects are listed in Table II.

Fifty-seven �75.0%� subjects were assigned to the correct
risk category. These results are listed in Table III.

B. Direct classification with feature selection

The feature selection scheme selected ten features.
Among them were four position features and six appearance
features. The features were selected in the following order
�cf. numbering in Table I�: 9, 18, 8, 28, 27, 19, 22, 32, 4, 11.
Note that neither shape nor size features were among the
selected ones.

The k-NN classifier made on average 1.2 mistakes per
scan: 0.2 false positive and 1 false negative object. Results

TABLE II. Results of classification presented in number of objects. Columns
indicate results of the �1� direct classification system without feature selec-
tion �no SFFS�; �2� direct classification with feature selection �SFFS�; �3�
two-stage classification and SVM �SVM�; and �4� two-stage classification
with feature selection and k-NN �two-stage k-NN�. Rows list number of true
negatives �TN�, false positives �FP�, true positives �TP�, and false negatives
�FN�.

No SFFS SFFS SVM Two-stage k-NN

TN 34 381 34 397 34 405 34 399
FP 29 13 5 11
TP 134 196 182 203
FN 141 79 93 72
per object are listed in Table II.
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Among the 13 false positives, 11 were noise in the heart
�five times noise in the left ventricle, close or on the border
with the lung, twice noise in the ascending aorta, once noise
in the right ventricle, once in the left atrium, and two times
noise right next to the airway�, one time it was an artifact in
the heart caused by the heart movement �a high density ob-
jects next to the calcification in the right coronary artery�,
and once it was noise outside of the heart �stomach�. All but
one of the false positives were small in size. Note that all
false positives were noncalcifications. False negatives were
located in all coronary arteries and varied in size.

A total of 71 �93.4%� subjects were assigned to the cor-
rect risk category. The results of a category assignment are
listed in Table IV. In all five cases where the category was
not correctly assigned, risk was underestimated by one cat-
egory. Incorrect category assignment was always caused by a
big calcification in LAD.

C. Two-stage classification with feature selection

After the first classification stage 218 out of 275 �79.3%�
coronary calcifications were correctly detected. Out of
34 410 negative candidates, 42 remained �0.1%�.

1. SVM

The optimal parameters for the SVM were determined to
be C=16 and �=0.0039.

After both stages, the method made on average 1.3 errors:
0.1 false positive, and 1.2 false negative errors.

All false positives were noncalcifications. They consisted
of four objects representing noise and one object represent-

TABLE III. Risk categories of coronary artery disease assigned to the sub-
jects by a direct classification with a 1-NN classifier without feature selec-
tion. Columns indicate the category assigned to a subject by the reference
standard �ref�, and rows indicate the category assigned by the automated
method �sys�.

1 �ref� 2 �ref� 3 �ref� 4 �ref�

1 (sys) 33 7 1 0
2 (sys) 1 10 4 1
3 (sys) 0 0 4 5
4 (sys) 0 0 0 10

TABLE IV. Risk categories of coronary artery disease assigned to the subjects
by a direct classification with a k-NN classifier and with feature selection.
Columns indicate the category assigned to a subject by the reference stan-
dard �ref�, and rows indicate the category assigned by the automated system
�sys�.

1 �ref� 2 �ref� 3 �ref� 4 �ref�

1 (sys) 34 1 0 0
2 (sys) 0 16 1 0
3 (sys) 0 0 8 3
4 (sys) 0 0 0 13
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ing bone. The noise was located twice in the left ventricle,
once around the sternum and once next to the LAD. The
bone was part of the sternum.

Sixty-three out of the 76 �82.9%� subjects were assigned
the correct risk category. In the case of incorrect category
assignment, the risk was always underestimated.

Out of the 13 scans where category was incorrectly deter-
mined, one subject was assigned more than one category off.
Results are listed in Table V.

2. k-NN

The second stage experiment was repeated with a k-NN
classifier and SFFS. Fourteen features, six spatial and eight
appearance features, were selected in the following order �cf.
numbering in Table I�: 8, 58, 9, 7, 20, 48, 12, 5, 34, 18, 54,
10, 28, 14. Size and shape features were not selected.

On average, after both classification stages, 1.1 errors per
scan were made: 0.1 false positive error and 1 false negative
error. Results of both classification stages are listed in Table
II.

False positives were four times noise around base of the
heart, once small calcification in the ascending aorta, two
times a piece of bone around the sternum, and four times
noise in the heart �twice near the LAD, once next to RCA,
once inside the left ventricle�. False negatives were located
in all coronary arteries.

A total of 71 out of 76 �93.4%� subjects were assigned the
correct risk category. In all five scans where category was
not correctly determined, it was underestimated by one. The
results of the category assignments for the experiment with
the k-NN classifier are listed in Table VI.

TABLE V. Risk categories of coronary artery disease assigned to the subjects
by a two-stage classification with SVM. Columns indicate the category as-
signed to a subject by the reference standard �ref�, and rows indicate the
category assigned by the automated method �sys�.

1 �ref� 2 �ref� 3 �ref� 4 �ref�

1 (sys) 34 2 0 1
2 (sys) 0 15 4 0
3 (sys) 0 0 5 6
4 (sys) 0 0 0 9

TABLE VI. Risk categories of coronary artery disease assigned to the sub-
jects by a k-NN classification with feature selections in two stages. Columns
indicate the category assigned to a subject by the reference standard �ref�,
and rows indicate the category assigned by the automated system �sys�.

1 �ref� 2 �ref� 3 �ref� 4 �ref�

1 (sys) 34 3 0 0
2 (sys) 0 14 1 0
3 (sys) 0 0 8 1
4 (sys) 0 0 0 15
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V. DISCUSSION

The best results were obtained in a two-stage classifica-
tion with k-NN classifier and feature selection. The method
correctly detected 73.8% coronary calcifications at the ex-
pense of an average of 0.1 false positive objects per scan.
Furthermore, subjects were assigned to the correct risk cat-
egory with high accuracy: 93.4% of subjects were assigned
correctly and no scan was more than one category off.

In all experiment setups, the best results were obtained
with complex nonlinear classifiers k-NN and SVM. Their
performance was always superior compared to LDC and
QDC.

For the good performance of k-NN classifier, feature se-
lection was essential. Although classification in two stages
was slightly better in terms of objects, results of risk cat-
egory assignment were comparable. In general the differ-
ences between direct and two-stage classification were small.
The reason why two-stage classification with k-NN classifier
and feature selection performed slightly better than one-stage
classification might be the fact that in the first stage outlier
positives and obvious negatives were discarded, and, subse-
quently, a new classifier with different features was trained
for the remaining, more difficult data.

SVM can only be used in two stages, because determining
the optimal parameters C and � with the large number of
samples in our training data would require vast amounts of
computation time. Thus, first another classifier had to be em-
ployed to reduce number of samples to be classified by
SVM.

Our experiments have shown that feature selection was
important for good performance of the system. Spatial fea-
tures derived from the segmentation of the heart and the
aorta were selected. This indicates that both heart and aorta
segmentation are important for the performance of the sys-
tem. However, both algorithms occasionally did not give a
satisfactory result, and the heart segmentation failed com-
pletely in one case. Therefore, it is important to investigate
the possibility of improving the precision of the segmenta-
tion algorithm.

In direct classification with feature selection the most im-
portant features were those derived from the object’s position
relative to the heart. This is not surprising given that coro-
nary calcifications have a typical position relative to the heart
border. Coronary arteries branch off the ascending aorta and
stretch towards and along the border of the heart. Appearance
features were also among the selected features. They de-
scribe the texture of the object and its surrounding depending
on the object’s size and scale. Appearance features at scales
4, 8, and 16 pixels seemed more important than those of
smaller scales. In two-stage classification again spatial and
appearance features were selected. Again, features describing
the position relative to the heart were among the first se-
lected. Distance to the border of the aorta was also a selected
feature. We would expect this feature to be important be-
cause it can differentiate calcifications in the wall of the aorta
from coronary calcifications. Appearance features at scale of

8 pixels were the most often selected. It is, however, very
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difficult to know in such a high dimensional space why a
certain feature is more important than another. Both feature
selection procedures have not selected size and shape fea-
tures. Besides the fact that those are only three features in the
set of 64 features, there might be other reasons why those
were not important. Coronary calcifications should either
have elongated shape as stretching along the vessel wall or
be small spherelike objects. However, artifacts caused by the
heart movement blur the calcifications and, as a conse-
quence, they have any arbitrary shape. The size of the coro-
nary calcifications is in a certain range of values, but the size
of many other candidates is similar.

If the method would be used in an interactive setting
where a human operator would have to correct the errors of
the automated method, in the order of 1.1 corrections per
scan would have to be made. We believe that in such a set-
ting, the required evaluation time would be reduced com-
pared to the currently used manual scoring systems. In this
scenario, it might be useful to investigate if, instead of hard
classification, a soft classification would be advantageous.
That way it might be possible to present to the observer all
objects about which the system is not sure.

The performance level of the automated system is still
below that of human observers. Both intra- and interobserver
agreement have been reported to be excellent,12 which indi-
cates that coronary calcium scoring is a relatively easy task
for an experienced human operator. However, it has been
recently reported in a large study that the average relative
rescan difference for Agatston score is 20.1%.24 This is a
large difference that is caused by movement of the coronaries
and by noise. If we translate this figure to our test set, this
means that if our 76 subjects were rescanned, 4 of them can
be expected to be assigned to a neighboring risk category.
Our best system determined the correct risk category for 71
of the 76 subjects, and in the remaining 5 subjects category
was underestimated by one. This performance is thus com-
parable to the variation due to rescanning.

The main aim of the method is to assign a subject auto-
matically to the correct risk category for coronary artery dis-
ease. This means that the accuracy of the calcium score is
more important than the sensitivity and specificity of the
method in terms of classification of objects as the calcium
score is more influenced by larger lesions than by small ones.
The classification, however, was performed object based. It
is clear from our results that the main source of error in risk
category assignment is misclassification of a, typically
single, large false negative object. Figure 2 shows examples
of a large false negative and a large false positive object. In
every training and test set there are inevitably some big out-
lier objects. Those examples are difficult for classification,
because only very few examples are provided, with proper-
ties different from other samples of the same class. To im-
prove the performance of our method, the system should be
modified or extended to focus on correct classification of
large candidate objects. Features specifically designed to ac-
curately describe properties of large objects could be devel-
oped. For example, the current appearance features were cal-

culated at the point of the maximum intensity of the
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candidate. This is a suitable choice for small and medium
sized objects, but might not be the best choice for big ob-
jects. Additionally, in our data set large objects are vastly
outnumbered by the small ones. Therefore, performance
might be improved by a separate detection and classification
system for large and small candidates. A much larger training
database, especially with many more big calcifications,
would be required to do this.

VI. CONCLUSION

The first fully automated method for automated risk as-
sessment of coronary artery disease based on CT calcium
scoring has been presented. The method has been tested on
noncontrast, ECG-gated CT scans of the heart.

A dedicated set of features was designed to describe coro-
nary calcifications. Extensive classification experiments were
carried out with three classification strategies. The best result
was obtained in two-stage classification strategy with k-NN
classifier and feature selection. Of the coronary calcifica-

FIG. 2. �a� Misclassified calcium in left coronary artery. Calcification is
substantially blurred due to the heart motion. �b� Misclassified bone around
the sternum, which was the largest false positive.
tions, 73.8% were correctly detected at the expense of 0.1
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false positive objects per scan. In 93.4% of the cases, the
category was correctly assigned.

APPENDIX A: SEGMENTATION OF THE HEART
AND THE AORTA

We developed a single algorithm that was used for both
the heart and the aorta segmentation tasks, albeit with slight
differences. The algorithm can be divided in two stages.

1. Detection of the starting point

First a starting point for the heart or the aorta segmenta-
tion was detected. The aortic arch was not included in the
volume of the scans, so the ascending and the descending
aorta had to be detected as two separate structures. Because
the heart and the ascending and descending aorta have a
circular shape in axial slices, a two-dimensional �2D� Hough
transform was used to find a circle that fits the target struc-
ture. The search for the circle indicating the heart or the aorta
started in the top axial slice, which, according to the proto-
col, should contain the top of the heart. Because gray values
inside the target structures are those of blood, muscle, and
fat, the Hough transform was performed in images double
thresholded at values t1 and t2.

Circles were accepted if their score, the number of edge
points voting for the circle, exceeded smin. Moreover, be-
cause the heart and aorta are not perfectly circular, several
circles might be identifying the same structure. Therefore,
overlapping circles were grouped, and only the best one in
the group was considered for further detection.

2. Organ edge delineation

The second part of the algorithm used the detected circle
to find the border of the structures. For this purpose, a slice
based ray shooting algorithm constrained by a statistical
shape model was employed. First, the original image was
processed to obtain a more detailed heart edge map than the
one used for circle detection. A gradient magnitude image
computed with Gaussian derivatives at a scale of 2 pixels
was used.

Next, ray shooting was performed in the same slice where
the circle was detected. The center of the detected circle was
used as the origin. Rays were cast at angular distance of
� deg. The search along the ray was limited to range of
pixels between �r1 ,r2�, where these parameters were ex-
pressed in multiples of r, the distance of the circle pixel from
the origin. Along the ray, the pixel with the maximum value
in the gradient magnitude image was considered to be the
edge point.

A 2D statistical shape model of the heart was fit. This
model was constructed from previously manually segmented
nss organ borders from nps different subjects. The model was
a point distribution model25 in which the positions are con-
catenated in a vector. A training set of vectors was aligned by
translation, scaling, and rotation, and principal component
analysis was applied, to explain 99% of the model variance.

This resulted in 24 modes of deformation for the heart and
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19 for the aorta. Fitting the model to a set of points is per-
formed by computing a translation, scaling, and rotation pa-
rameter, projection on the principal components, and truncat-
ing the projections to at most three standard deviations.25

The ray shooting procedure and shape model fitting were
iteratively applied nit number of times.

For all further slices, the same process was repeated, but,
as starting point, the edge found in the previous slice was
taken. The origin for ray shooting was determined as the
center of mass of the segmented area.

The complete algorithm was performed for each of the
detected circles. The circle that yielded a segmentation in
most of the transversal slices was considered to be the heart
edge. In the case of the aorta, ascending and descending, two
circles that yielded a segmentation in most of the slices were
taken as its segmentation. The parameter settings used in this
algorithm are listed in Table VII.

APPENDIX B: BOX DERIVATIVES

Spatial derivatives are often computed by convolving an
image with a Gaussian kernel. For the efficiency reasons we
approximated the Gaussian kernels with boxes. In Refs. 26
and 27 this approach was used for filtering 2D images, and
here we present a 3D implementation. Figure 3 illustrates a
box approximation of a Gaussian kernel for zero, first, and
second order �including cross-derivatives� kernels. This type
of approximation can be extended to any order of derivative,
with higher order derivatives requiring more boxes. It is also
possible to refine the approximation by using more boxes,
e.g., approximate the Gaussian with three boxes. The height,
position, and extent of the boxes depend on the order of
derivative and the scale � of the Gaussian to be approxi-
mated. They were determined by minimizing the squared

TABLE VII. Parameter settings for the heart and aorta extraction algorithms.

Parameters Heart extraction Aorta extraction

t1 �HU� −300 −300
t2 �HU� −150 0
smin 50 100
� �deg� 4 4
r1 �mm� 0.86 0.344r
r2 �mm� 0.215r 0.516r
nss 91 230
nps 11 3
nit 3 2
ns ¯ 6
ab �%� ¯ 10
bv �HU� ¯ 130
sum of the differences between the true Gaussian kernel and
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its box approximation. Scans in our data set were not isotro-
pic and therefore a correction for the box size in z-direction

FIG. 3. �a� A Gaussian function and �b� a box approximating it. �c� An exa
�e�–�h� Examples for the second order derivatives. The height of the box is
Gaussian scale.
was applied.
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Sums of the intensity values in the boxes can be calcu-
lated using an integral image, as in Ref. 26. In a 3D case the

of the first order derivative and �d� two boxes approximating the function.
l to the weight factor, and the size of the box depends on the approximated
mple
equa
integral image was computed as follows:
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ii�a,b,c� = �
x�a

�
y�b

�
z�c

im�x,y,z� , �B1�

where im is the original volume and ii is the integral volume.
This was calculated according to

t�x,y,z� = t�x − 1,y,z� + im�x,y,z� , �B2�

ii�x,y,z� = t�x,y,z� + ii�x,y − 1,z�

+ ii�x,y,z − 1� − ii�x,y − 1,z − 1� , �B3�

where im is the original volume; t is a temporary image
containing cumulative sums with t�−1,y ,z�=0, t�x ,−1 ,z�
=0, and t�x ,y ,−1�=0; and ii is the integral volume. Comput-
ing the sum of voxels in any box using the integral volume
requires just eight addition operations:

s = ii�B1� − ii�A1� − ii�C1� + ii�D1� − ii�B2� + ii�A2�

+ ii�C2� − ii�D2� , �B4�

where s is the sum of the voxel values in the box and A1, A2,
B1, B2, C1, C2, D1, D2 are its vertices, as illustrated in Fig.
4. Thus the total cost of computing a zeroth order Gaussian
approximation L thus requires eight operations �single box,
Fig. 3�a� and 3�b��; computing a first order derivative ap-
proximation �Lx ,Ly ,Lz� requires 16 operations �two boxes,
Fig. 3�c� and 3�d��; computing a second order derivative ap-
proximation �Lxx ,Lyy ,Lzz� requires 24 operations �three
boxes, Fig. 3�e� and 3�f��; and, finally, a mixed order deriva-
tive approximation �Lxy ,Lxz ,Lyz� requires 32 operations �four
boxes, Fig. 3�g� and 3�h��. These numbers of operations are
independent of the scale � of the Gaussian, require only a
single data volume in memory �the integral image�, and can
be computed at any limited set of points without having to
process a neighborhood �unlike, for example, a separable

FIG. 4. Sum of the values in the box can be computed according to formula
using integral volume.
implementation of Gaussian filtering or recursive filtering�.
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