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Rationale and Objectives. Automated detection and quantification of arterial calcifications can facilitate epidemiologic
research and, eventually, the use of full-body calcium scoring in clinical practice. An automatic computerized method to
detect calcifications in CT scans is presented.
Materials and Methods. Forty abdominal CT scans have been randomly selected from clinical practice. They all contained
contrast material and belonged to one of four categories: containing “no,” “small,” “moderate,” or “large” amounts of arterial
calcification. There were ten scans in each category. The experiments were restricted to the vertical range from the point where
the superior mesenteric artery branches off of the descending aorta until the first bifurcation of the iliac arteries. The automatic
method starts by extracting all connected objects above 220 Hounsfield units (HU) from the scan. These objects include all calcifications, as well as bony structures and contrast material. To distinguish calcifications from non-calcifications, a number of
features are calculated for each object. These features are based on the object’s size, location, shape characteristics, and surrounding structures. Subsequently a classification of each object is performed in two stages. First the probability that an object
represents a calcification is computed assuming a multivariate Gaussian distribution for the calcifications. Objects with low
probability are discarded. The remaining objects are then classified into calcifications and non-calcifications using a 5-nearestneighbor classifier and sequential forward feature selection. Based on the total volume of calcifications determined by the system, the scan is assigned to one of the four categories mentioned above.
Results. The 40 scans contained a total of 249 calcifications as determined by a human observer. The method detected
209 calcifications (sensitivity 83.9%) at the expense of on average 1.0 false-positive object per scan. The correct category
label was assigned to 30 scans and only 2 scans were off by more than one category. Most incorrect classifications can be
attributed to the presence of contrast material in the scans.
Conclusion. It is possible to identify the majority of arterial calcifications in abdominal CT scans in a completely automatic fashion with few false positive objects, even if the scans contain contrast material.
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Recent studies have shown that the presence and extent of
vascular calcifications is associated with a higher risk for
a variety of diseases. Vliegenthart and co-workers (1)
observed a strong and graded association between the
amount of coronary calcification and the presence of
myocardial infarction in an elderly population. Kondos
and co-workers (2) determined an association between
coronary artery calcium and cardiac events in an initially
asymptomatic middle-aged population. Pohle and co-
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workers (3) showed that nearly all young patients with
myocardial infarction have calcifications in their coronary
arteries. In healthy controls, calcifications are significantly
less common. De Leeuw and co-workers (4) showed a
relation between aortic atherosclerosis and white matter
lesions in the brain, which are associated with cognitive
impairment and dementia. Aortic atherosclerosis was considered present when radiographs showed calcified deposits in the abdominal aorta. Using the same measurement
technique, Witteman and co-workers (5) found that a decline in diastolic blood pressure, which is related to mortality from coronary heart disease, is associated with the
presence of calcifications in the aorta.
For further study of the relation between calcifications
and risk for disease, it is necessary to conduct large-scale
epidemiologic studies. Computerized methods that detect
calcifications automatically would facilitate such research.
Another reason to develop such methods is the advent of
new generations of multi-detector row CT scanners that
can perform fast acquisitions of the complete body. From
these scans a total body calcium score can be determined.
This requires processing datasets of over 1500 slices,
which makes computer assistance mandatory. In this work
a method is presented for automatic detection of calcifications. It is applied to abdominal CT and CTA scans in
which calcifications in the aorta and iliac arteries are detected.
In clinical practice, the presence of calcifications can
be assessed visually or, more commonly, a region of interest is selected and all clusters in the region above a
certain threshold are determined. Usually the threshold
value is 130 Hounsfield units (HU). Typically, small clusters above the threshold are ignored because they are considered to represent noise instead of true loci of calcium.
From the larger clusters the Agatson score (6) or other
measures, such as calcium mass, which may be more reproducible (7), can be determined.
The most difficult part of automating this procedure is
determining the region of interest. For example, a fully
automatic segmentation of the aorta and iliac arteries in
CT scans with variable slice thickness and in which contrast may be present or absent is a very difficult task.
Published vessel segmentation methods are usually interactive or put constraints on the types of scans to which
they can be applied. Therefore we adopted a different
approach that circumvents the segmentation problem. Our
method starts with thresholding the complete scan. In this
way many objects are obtained. They include all calcifications, but these are a small minority among objects rep-
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resenting bony structures or contrast material. A set of
features is computed for each object and these features
are used to determine which objects are calcifications.
The purpose of this study is to show that with this approach it is possible to correctly identify a large majority
of calcifications in CT scans with and without contrast
material. We also investigate if we can automatically categorize the complete scan based on its total amount of
calcification.

MATERIALS AND METHODS
Data
For this research, data from an ongoing clinical study
of the University Medical Center Utrecht, The Netherlands, was used. In that study the presence of calcifications in the abdominal aorta is linked to risk factors for
atherosclerotic disease. The patients included were randomly selected from clinical practice. They were examined for various indications unrelated to vascular disease,
and scans were acquired with different protocols. Contrast
was administered either intravenously, orally, or both in
all examinations. Scans were acquired with Philips Tomoscan AV scanners (Philips, Best, The Netherlands).
Data was reconstructed to 512 ⫻ 512 matrices. Slice
thickness varied from 5–7 mm and slices were reconstructed every 3–5 mm. The in-plane resolution varied
from 0.58 mm– 0.74 mm, depending on patient size.
In the aforementioned clinical study, patients are assigned one of four categories based on the amount of calcification encountered. The category labels are: “none,”
“small,” “moderate,” and “large,” and they are defined as
follows:
“none”—no visible calcifications
“small”—fewer than 5 locations of calcium, each with
a maximum of 5 mm diameter in the axial slice
“moderate”— up to15 locations of calcifications, each
with a maximum of 15 mm diameter in the axial slice
“large”— otherwise
Following the above guidelines and based on the visual inspection, a radiologist (M.O.) associated a category
label with each scan.
For this study, we randomly selected 10 scans of each
category. Only those slices from the point where the superior mesenteric artery is branching off the descending
aorta until the first bifurcation of the iliac arteries are
taken into account (Figure 1).
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Method Overview
The method consists of the following three steps:
1) Extracting candidate objects;
2) Calculating features for each candidate object;
3) Classification of candidate objects into calcifications
and non-calcifications.

Figure 1. Maximum intensity projection from an abdominal CT
scan displays calcifications in the aorta and iliac arteries. The arrows indicate the vertical range from the superior mesenteric artery to the first bifurcation of the iliac arteries. This range was
used in the experiments.

References Standard
A calcification is commonly defined to be a volume of
density of more than 130 HU (8). Because of the administered contrast in the scans, intensity values in the aorta
are higher than 130 HU and that value is therefore not a
suitable threshold level to extract calcifications. A higher
value of 220 HU was chosen. This threshold level corresponds well with a visual assessment of the size of a calcification. Only clusters of three and more connected voxels and less than 2000 connected voxels (using 26-connectivity in 3 dimensions) above the threshold of 220 HU
were taken into consideration. Clusters smaller than three
voxels usually represent noise, and the calcifications are
objects much smaller than 2000 voxels. Clusters extracted
in this way will either represent calcifications or bony
structures such as ribs, spine, or contrast material. Figure
2 shows an example of a slice from a dataset and all extracted clusters.
To determine a reference standard, a medical student
marked all clusters that represented calcifications in each
of the 40 scans in the database. The student received
training from a radiologist (M.O.) and in case of doubt,
consulted the radiologist.

Based on the result of the third step, the scan is categorized as containing “none,” “small,” “moderate,” or
“large” amounts of calcifications.
The candidate objects are extracted by thresholding at
220 HU, as explained above, followed by component labeling in 3D using 26-connectivity (9), and discarding
objects smaller than 3 and larger than 2000 voxels in
size. The features that are computed for each object are
described in detail in the next section. Once an object is
represented by a feature vector, it can be classified as
calcification or non-calcification using any classifier from
statistical pattern recognition (10). We adopted a twostage classification strategy explained below.
Object Features
For each candidate object, a total number of 18 features is calculated. They can be divided in two groups:
(i) features computed directly from the candidate object and
(ii) contextual features extracted from the object’s surrounding.
Features computed from the candidate objects.—These
include spatial, intensity level, size, and shape features.
Spatial features describe the location of an object in
the scan. Calcifications are located in the vessels positioned around the center of the body while other candidate objects may be located anywhere in the scan. Some
of them, for example ribs, will always be far from the
body center. Therefore it seems useful to consider the
spatial position of the center of mass of an object as a
feature. It is calculated in a local coordinate frame to correct for varying patient size and position within the field
of view. The body is extracted by thresholding, a box is
placed around it and the lower-left corner of the box represents the position (0, 0, 0) and the upper right corner
the position (1, 1, 1).
Intensity features are the average and maximum HU of
the object. These values are usually higher for calcifications than for other objects.
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Figure 2. (a) A slice from CT scan. (b) A 2D view of 3D candidate objects extracted by thresholding at 220 HU. Objects represent either calcifications (inside the square on both images), bony structures (a rib and spine in this slice) or contrast material (in this slice a
large amount of contrast material in the bowels).

The object’s volume (given by the number of voxels)
is used as a size feature. The volume of objects can discriminate calcifications from bony structures that are typically much larger. Another size feature is the area of the
object in the slice containing its center of mass. This slice
will be referred to as the central slice in the remainder of
this article. The volume of a calcification can be similar
to the volume of objects containing contrast material or
bony structures, but because of shape differences, the area
in the central slice is often different. Unlike other features
extracted directly from the candidate objects, which are
calculated in three dimensions, this is a 2D feature.
Shape features calculated are the maximum and average distance from the object’s center of mass to the border and its compactness. Features related to shape can
discriminate calcifications from bony structures that generally have a different shape. Compactness is a feature
that measures how spherical an object is. It is calculated as
C⫽

s3
36  V 2

(1)

where s is the object’s surface area (calculated as the
number of voxels on the boundary of the object), and V is
its volume. For a sphere, C ⫽ 1. The more the object
deviates from a sphere, the higher C will be.
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Contextual features.—Calcifications are usually located
in the vessel wall. In the data used in this study, almost
all calcifications are in the abdominal aorta or the iliac
arteries. The direction of these vessels is mainly perpendicular to the axial plane. It is therefore to be expected
that if one examines the area around a candidate object in
the central slice, it will look like the cross-section of a
vessel only when the object is a calcification. For the
other objects, their surroundings will look different. We
have developed two algorithms to determine the crosssection of the vessel in the central slice. In the first approach the cross-section of the vessel is determined based
on the intensity values around the object, and the computed feature is a measure of its circularity. In the other
approach, a circle is fitted around the vessel and features
are extracted based on the gray values inside the fitted
circle. In the former case it is not guaranteed that a circular structure matching the vessel will be found, while in
the latter one, it is guaranteed that a circle will be fitted,
but it might not contain a circular structure.
The first approach to detect the cross-section of the
vessel is based on the assumption that the intensity values
inside the vessel are higher than in its surroundings. The
initial threshold level of 220 HU used to extract candidate
objects is lowered in small steps. At a certain level, the
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calcification will grow to the vessel’s cross-section. At
every step the compactness of the grown object is calculated according to

cp ⫽

perim 2
4A

(2)

where perim is the perimeter of the object’s border and A
is the cross-sectional area of the object. For a circle, cp ⫽
1. Less-circular objects have higher values for cp. The
value of cp closest to one, for all thresholds considered, is
used as a feature. As the cross-section of the vessel is
circular, we expect this cp to be close to 1 for a calcification. On the other hand, in the case of a non-calcification,
a candidate object can grow to any shape and it is expected that its compactness will be lower. This is illustrated in Figure 3. The algorithm describing the procedure
can be found in Appendix A.
The second approach to detecting the vessel crosssection is by fitting a circle to the image gradient. If a
candidate object is a calcification, the area inside the vessel cross-section is brighter than the area surrounding the
vessel. The mean intensity value in the circle will be similar to the HU of blood or higher if the vessel contains
contrast material. Also, there is a little variation in the
intensity values inside the vessel compared with its surroundings. On the other hand, when a candidate object is
not a calcification, it is expected that there will be more
variation in the intensity values inside the circle. This is
illustrated in Figure 4. Seven features are computed based
on the intensity levels inside the fitted circle, inside a ring
around that circle, and inside the object. The width of the
ring is equal to half the radius of the fitted circle. The
algorithm describing how the circle is fitted is presented
in Appendix B. Table 1 enumerates the complete set of
features computed for each object.
Classification
The classification of objects is performed in two stages.
In the first stage the goal is to reduce the number of
candidate objects while retaining most of the calcifications in the data set. From the feature vectors of the calcifications in the train set, the mean c and covariance matrix Sc are computed. Now for each object ci the Mahalonobis distance (10) can be computed:
f共c i兲 ⫽ 共c i ⫺ c 兲S c⫺1共c i ⫺ c 兲.

(3)

The Mahalonobis distance is inversely proportional to
the probability that the object is a calcification, assuming
that the calcification feature vectors follow a Gaussian
distribution. A threshold on the Mahalonobis distance was
determined such that 99% of the calcifications from the
train set would be retained. This was used to discard objects from train and test set: only when the Mahalonobis
distance for an object is below the threshold is the object
retained.
In the second stage the goal was to classify the remaining objects as calcifications or non-calcifications. A
5-Nearest Neighbor classifier (10) was used. In the train
set for every feature a scaling was computed which normalized the feature to zero mean and unit variance. Subsequently sequential forward selection (SFS) (11) was
performed. This means that features are added in a stepwise fashion to give the best result on the train set. The
samples in the test set were scaled with the same scaling
factors as determined for the train set. Using the features
selected for the train set and using the classifier trained
on that set, objects in the test scan are classified.
RESULTS
The 40 scans contained 1756 slices in the vertical
range of interest. The region of interest contained between 163 and 2583 candidate objects. In total 12,838
candidate objects were detected, of which 249 were identified as calcifications by the human observer who set the
reference standard. The non-calcifications were bony
structures, such as ribs or spine, and contrast material in
bowels and vessels.
In both classification stages, leave-one-out experiments
were performed, meaning that each scan was used as a
test set while the remaining scans were used for training.
After the first stage of classification where objects
were eliminated, the number of objects to be classified
ranged from 62–1381 per scan, totaling 11,510 objects,
among which the total number of calcifications was 242.
Thus, seven calcifications (2.8%) were discarded and also
1328 non-calcification objects (10.3%).
The average results and standard deviations of the second classification stage per scan were: accuracy 99.2 ⫾
1.2%, sensitivity 85.6 ⫾ 22.8% and specificity 99.5 ⫾
0.9%. The average sensitivity is computed by excluding
scans without calcifications because there sensitivity is
not defined.
In the second stage of classification, on average 10
features were selected. The most often selected features
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Figure 3. CT slice, shown in (a), thresholded at 220 HU is shown
in (b). The goal is to detect the cross-section of the vessel inside
which the calcification is located. When the threshold value is lowered, candidate objects grow in size. At some point, the calcification
will match the cross-section of the vessel, which has a circular
shape. Most of the other objects will not grow to circular structures.
Image (c) shows a slice thresholded at the value when the calcification has grown to the most circular shape. It can be seen that the
grown structure in (c) matches the cross-section of the vessel in (a).
Compactness of the grown object is calculated as a contextual feature
for the given calcification.

were features 4, 1, 2, 13, 14, 15, 17, 10 (in that order)
listed in Table 1.
In total 249 calcifications were manually segmented
and after both classification stages 209 were detected
(true positives), but also 40 non-calcifications were
marked as calcifications (false positives). The results per
scan category are given in Table 2. The overall result of
252

the system is a sensitivity of 83.9% (⫽209/249) at the
expense of on average 1.0 false-positive object per scan.
The 40 false positives (FPs) were mostly contrast material in bowels, objects inside the spine, and in a few
cases, calcifications in renal arteries and contrast in kidneys. Table 3 gives the breakdown of false-positive objects.
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Figure 4. Seven features are calculated after a circle has been fitted around the candidate object. In the case of a calcification, we
want to find the cross-section of the vessel inside which the calcification is located. An example is shown in image (a). The calcification
is located in the upper left area of the circle, which encloses the cross-section of the vessel. The cross-section of the vessel has little
variation in the intensity values and it is brighter than the area around it. When a circle is fitted around a non-calcification, for example
around a rib illustrated in image (b), there is more variation in intensity values inside the circle.

The 40 false negatives (FNs) can be divided into two
groups: large calcifications of an unusual shape, often
around a bifurcation of the aorta (25%), and small calcifications with intensity values similar to the intensity values in the aorta (75%).
Figure 5 shows 2D views of typical examples of FPs
and FNs.
Further, we wanted to investigate if the method could
be used to assign the category labels “none,” “small,”
“moderate,” and “large” amounts of calcifications to a
scan, as was done in the clinical study from which the
data originated. To determine the thresholds on the number of voxels for each category, we related the number of
voxels in the reference standard to the category assigned
by the study. Using these threshold values we labeled
scans according to the amount of calcification detected by
the computer method. Out of 40 scans, 30 scans were
correctly labeled and only 2 cases were more than one
category off. The results are given in Table 4. The percentage of agreement between the method and the reference standard is 75% and the weighted kappa statistic
(12) is 0.76. To compare the performance of the computer
method with the performance of a human observer, one
of the authors (I.I.) manually marked all calcifications in
20 out of 40 scans. The observer correctly marked all but

Table 1
Contextual Features
Features computed from the object
1.
2.
3.
4.
5.
6.

x-coordinate of the object’s center of mass
y-coordinate of the object’s center of mass
z-coordinate of the object’s center of mass
Average intensity inside the object
Maximum intensity inside the object
Average distance from the object’s border to its center of
mass
7. Maximum distance from the object’s border to its center of
mass
8. Volume
9. Compactness
10. Area in the central slice
Contextual features
11.
12.
13.
14.
15.
16.
17.
18.

Average intensity inside the detected circle
Standard deviation of the intensity inside the detected circle
Average intensity inside the ring around the detected circle
Standard deviation of the intensity inside the ring of the
detected circle
Difference of features 11 and 13
Difference of features 12 and 14
Difference of intensities inside the detected circle and inside
the object
Compactness of the grown candidate object
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Table 2
Overall Classification Results, and Results Per Scan Category

Large amounts of calcification
Moderate amounts of calcification
Small amounts of calcification
No calcifications
All

Number of scans*

TP*

FP*

FN*

10
10
10
10
40

133 (119.7)
58 (78.2)
18 (47.3)
0 (-)
209 (101.9)

5 (6.6)
11 (97.4)
11 (62.9)
13 (27.8)
40 (54.0)

24 (247.2)
12 (29.5)
4 (105)
0 (-)
40 (158.2)

*The numbers refer to the number of objects; the values in parentheses represent the average volume in voxels.
Abbreviations: TP, true positives; FP, false positives; FN, false negatives.

1 of the calcifications and only marked 2 objects incorrectly. Clearly a human observer performs significantly
better than the computer method.
To evaluate whether contextual features, two-stage classification, and feature selection are essential for good performance of the method, the additional experiments without
these components were performed. Results are listed in Table 5 and the following questions were answered:
Does the use of contextual features improve the system? — Yes. From the first two rows in Table 5 it can be
seen that adding contextual features results in better performance in terms of FNs and FPs as well as in volume
of misclassified objects.
Does two-stage classification improve the system? —
Somewhat. The second and third rows in Table 5 show
similar results in terms of FNs and FPs, but the FP volume decreased by a factor of three. However, it seems
likely that other classification strategies might yield similar performance. It is important to realize that for assigning category labels to a scan we used the detected volume, and users of the system may also be primarily interested in volume measurements, while the system works
on a per object basis.
Does feature selection improve the system? — Somewhat. Comparing the last two rows in Table 5, it can be
seen that feature selection decreased the number of FPs
by 16%. Simply using all features also yields good results
though, and it was not possible to identify only a very
small set of features that yielded similar performance.
Again, other classification techniques — which do not use
sequential forward feature selection — might lead to similar performance.
DISCUSSION
The presented method has a high sensitivity and low
false-positive rate, but the performance of a second ob-
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Table 3
Breakdown of FP Objects into Contrast Material, Bony
Structures and Calcifications in the Renal Arteries
False positive objects*
Contrast material
Bony structures
Other calcifications

27 (72.6)
10 (4.7)
3 (50.3)

*Values in parentheses are the average volume in voxels.

server shows that the task is not extremely difficult and
there is undoubtedly room for improvement for the computerized method. From the analysis of false positive and
false negative objects it is clear that a near-perfect result
would be obtained if no contrast material were mistaken
for calcifications and when the relatively rare large calcifications of an unusual shape were correctly detected. In
that case only very small low-contrast loci of calcium in
the aorta would be missed and the only false positives
would be very small clusters of bony material in the
spine.
Obviously the simplest way to avoid the incorrect classification of contrast material is to apply the method to
scans without contrast. Another possibility would be to
first exclude the bowel region from the scans or to remove contrasted colonic material and then apply our
method. Some methods for that purpose have been published (13,14), and it would be interesting to investigate if
they are sufficiently robust to be used in this application.
A third possibility is to use the method in an interactive
setting. A user could quickly remove incorrectly detected
objects from a processed scan.
The large calcifications that are missed are usually located around the bifurcation of the aorta. They consist of
several clusters of calcium that have grown together. The
most likely reason for this failure is the fact that large
clusters can display many shapes and each type is rare
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Figure 5. A 2D view of typical examples of incorrectly classified objects. Image (a) shows a false positive object representing contrast
material in bowels. Although it is obvious to a human observer that this cannot be a calcification, its size, location and shape are similar
to calcifications in the training set. Image (b) shows a 2D view of a large calcification of an unusual shape, just below the bifurcation.
Such large interconnected calcified clusters are relatively rare in the training data and therefore these objects are likely to be misclassified.

Table 4
Category Labels Assigned to Scans Based on the Total
Volume of Calcifications*

Large (ref.)
Moderate (ref.)
Small (ref.)
None (ref.)

Classified
as Large

Classified as
Moderate

Classified
as Small

Classified
as None

9
3
1
0

1
7
1
1

0
0
7
2

0
0
1
7

*Rows indicate category labels assigned in the reference standard (ref.) and columns show labels assigned by the method.

within our training set. Training the classifier on a larger
data set that includes a larger range of examples of such
calcifications might improve performance. Another option
is to add additional algorithms that focus on larger calcifications. Note that in an interactive setting a human user
could also add the missed calcifications.
The system is currently based on a single fixed threshold level of 220 HU. In the literature threshold values
ranging from 80 –230 HU have been reported (15). It
would be interesting to perform an automatic threshold
level selection or a segmentation that is not based on

thresholding for each object to match its contour more precisely. Such a refinement might also improve the reproducibility of the method, which has not been evaluated yet.
In future work we intend to use the system on other
parts of the body as well. One modification is necessary
to do this. In general, one cannot assume that the direction of the vessel is perpendicular to the axial plane, as
was done here. The direction of the vessel could be estimated using the local Hessian matrix (16).
An advantage of the presented method is that it does
not require a segmentation of the vessels of interest.
However, if the method would be applied to full body
scans or the heart, it would be important to know precisely in which vessels the calcifications are located. For
example, in the heart it is essential to be able to distinguish coronary calcium from calcifications in the aortic
valves and the aorta (17). It might be possible to infer
that location from features extracted from the object’s
surrounding, by using contextual information as was done
in features 11–18 in our method. In that way, the need for
a complete segmentation of the vasculature—a daunting
task if no intravenous contrast material is administered—
could be avoided.
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Table 5
Additional Experiments Were Performed With Systems
Without Contextual Features, the First Classification Stage, or
Feature Selection.

No SFS; features 1–10; only 2nd
classification stage;
No SFS; all features; only 2nd
classification stage;
No SFS; all features; 1st ⫹ 2nd
classification stages;
SFS; all features; 1st ⫹ 2nd
classification stages;

False
negatives*

False
positives*

63 (91.4)

63 (152.5)

41 (112.2)

49 (143.3)

40 (130.3)

48 (47.1)

40 (152.8)

40 (53.9)

*Values in parentheses are the average volume in voxels.

CONCLUSION
A method for detecting calcifications in the aorta from
CT scans of the abdomen has been presented. Out of 249
calcifications marked in the ground truth, 209 were correctly detected by the method at the expense of on average 1.0 false positive object per scan. Most of these falsepositive objects are contrast material. The method is completely automatic and does not require any vessel
segmentation.
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APPENDIX A
Feature 18 is calculated by the following algorithm:
find the central slice for the object
initialize threshold level ThreshLevel (220 HU)
perform 2D-region growing of candidate object
calculate size and compactness of the grown object;
bestCompactness ⫽ compactness
while ((ThreshLevel ⬎ ThreshMin) and (size ⬍ SizeMax))
ThreshLevel ⫽ ThreshLevel - ThreshStep
perform 2D-region-growing of candidate object
calculate size and compactness of the grown object
if (compactness ⬍ bestCompactness)
bestCompactness ⫽ compactness
where the predefined constants SizeMax represents
the maximum size of the vessel and ThreshMinis the minimum HU values expected inside the vessel. We used
ThreshMin ⫽ ⫺100 HU, SizeMax ⫽ 1500 pixels and
ThreshStep ⫽ 5 HU.
APPENDIX B
The following algorithm describes how the circle is
fitted around the candidate object:
determine a rectangular region Pc of size 2rmax ⫻ 2rmax
where the center pixel is the center of mass of the candidate object;
for every point in Pc
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initialize Fbest ⫽ 0;
for every radius r ⫽ rmin, rmin⫹1, . . ., rmax
determine a circle with center Pc and radius r;
in the central slice I determine area of the object
Aobjectand its area outside the circle
Aout;
if (Aout ⬎ 0.5 Aobject) reject the circle;
determine a set of equidistant points {P1, P2, . . .,Pn}
along the circle;
for every point Pi from {P1, P2, . . .,Pn}
compute the image gradient F in Pi in the direction of vector Vi pointing from Pi to Pc
F⫽

dI
共P 兲
dV i i i

DETECTION OF CALCIFICATIONS IN THE AORTA

if (F ⬍ cmin) reject the circle;
Favg ⫽ avg{F};
if (Favg ⬎ Fbest)
Fbest ⫽ Favg;
Rbest ⫽ r;
Pcbest ⫽ Pc;
F is a gradient computed in the point Pi from
Gaussian derivatives with scale ␦ ⫽ 1 pixel. We used
rmin⫽ 7 pixels, rmax⫽ 19 pixels, cmin ⫽ ⫺10.
The algorithm contains two rejection criteria. Criterion
(Aout ⬎ 0.5 Aobject) ensures that the candidate object is
inside the fitted circle. The requirement that the directional gradient in each point is above a certain minimum
value was found to prevent the circle from fitting to a
part of the spine.
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