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Evaluation of Center-Line Extraction Algorithms in
Quantitative Coronary Angiography
H. Greenspan*, M. Laifenfeld, S. Einav, and O. Barnea, Senior Member, IEEE

Abstract—Objectivetesting of centerline extraction accuracy
in quantitative coronary angiography (QCA) algorithms is a very
difficult task. Standard tools for this task are not yet available. We
present a simulation tool that generates synthetic angiographic
images of a single coronary artery with predetermined centerline
and diameter function. This simulation tool was used creating a
library of images for the objective comparison and evaluation of
QCA algorithms. This technique also provides the means for un-
derstanding the relationship between the algorithms’ performance
and limitations and the vessel’s geometrical parameters. In this
paper, two algorithms are evaluated and the results are presented.

Index Terms—Centerline estimation, coronary geometrical com-
plexity, lumen centerline detection, performance evaluation, QCA,
simulation tool.

I. INTRODUCTION

QUANTITATIVE coronary angiography (QCA) has been
developed to apply the speed and precision of computer
processing to the analysis of coronary disease. Motivated

by shortcomings of visual assessment of coronary angiograms
[1], [2], full and semi-automated methods were sought to esti-
mate the geometrical vessel parameters out of an individual an-
giogram (e.g., [3] and [4]). An important step in QCA and essen-
tial geometrical parameter for clinical purposes is the vessel’s
centerline. Vessel centerlines have been used in computing edge
gradients and searching for border positions [5]–[8], to derive
video-densitometric profiles [5], for measurement of vessel di-
ameters [5], [6], [9], for calculation of lesion symmetry [4], and
as the basis for three-dimensional (3-D) reconstruction of vessel
segments or of the entire arterial tree [9]–[12].

Today, the most common approach to determine coronary
lumen centerline is based on manual tracing of the entire cen-
terline or manual identification of several centerline points and
interpolation to produce a continuous centerline (e.g., [5] and
[7]). The visual approach is limited by high intraobserver and
interobserver variability [1], [2]. It has been shown that manual
centerline identification results in vessel orientation errors of
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5 –10 in moderately curved vessels and up to 15in more ir-
regularly shaped vessels [3]. A manually specified starting es-
timate for the centerline may be used to identify the coronary
borders followed by calculation of the lumen centerline as a line
midway between the left and right coronary borders [3], [4]. In
[13], each cross section of the artery segment of interest is sepa-
rately processed for detecting its border points. In [14], a robust
method of coronary border detection is proposed. This method
is based on simultaneous identification of both vessel’s borders.
The lumen centerline is extracted as the midline between the si-
multaneously extracted borders [15].

The need for an operator to enter centerline points can be min-
imized and the reproducibility could be improved by performing
a search to determine a maximum brightness path through the
vessel segment of interest, using graph searching techniques on
node brightness values [8], [15]. A number of centerline detec-
tion algorithms are based on vessel tracking, preserving con-
tinuity constraints of vessel position, curvature, diameter, and
density [5], [6], [16]. Other approaches to coronary lumen cen-
terline detection utilize mathematical morphology [17] or active
contour models or snakes [8], [18]. Active contour models are
suitable for analysis of angiographicsequenceswhere the vessel
centerline is manually or semi-automatically identified in the
first frame. The snake algorithm tracks the vessel centerline in
subsequent frames.

In arterial tree extraction techniques, the artery network
skeletonis extracted using recursive sequential tracking, and
the artery borders are extracted using directional resampling
of the angiogram based on the extracted skeleton [17], [19].
Skeleton algorithms are based on minimum distance fields. The
accuracy of the skeleton affects the artery border extraction
stage. In [20], each artery segment is analyzed for skeleton
and border extraction, using morphological tools of homotopy
modification and watershed transform. In [21], 3-D skeleton
and centerline generation is presented based on minimum
distance fields. The extension to volumetric objects is presented
in [22]. The skeletons are interpreted as connected centerlines,
consisting of sequences of medial points of consecutive clus-
ters. The centerlines are initially extracted as paths of voxels,
followed by medial point replacement, refinement, smoothness,
and connection operations.

In most of the algorithms mentioned, difficulties are intro-
duced if the quality of the image is poor, and with an increased
difficulty in the vessel geometry. Despite its significance, little
has been done in examining the estimated centerline accuracy,
and in particular, the relationship of performance to vessel ge-
ometry. The validation methodology in most QCA algorithms
is based on comparing results with specialists’ assessments or
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generating phantoms of known parameters (e.g., [8], [12], and
[23]). Both methods are far from ideal. The first suffers from a
lack of an objective criteria as well as inter-observer variability.
The second requires a full imaging system to test the software
and does not provide standard results. In [23], we find an initial
attempt at assessing the accuracy of the vessel’s estimated cen-
terline. Indexes expressing the positional and orientation sim-
ilarities of two centerlines are proposed. The results presented
in [23] use the indexes to compare between centerlines, with
the validation methodology based on human experts’ defined
ground truth and a comparison across additional computational
methods, with no ground truth.

This paper describes a method that was developed to provide
an objective accuracy measure for evaluating centerline extrac-
tion algorithms. The method compares estimated results with
a priori data that was used to generate the centerline. Images
of blood vessels with known geometry and centerline were syn-
thesized. Means for an objective comparison of different QCA
algorithms are presented, as well as a means for the evaluation
of a specific QCA algorithm performance under different geo-
metrical parameters of the vessel. A synthetic vessel-generation
tool is shown and applied in the evaluation and comparison of
two well-known centerline estimation algorithms.

A formulation of the geometric model for the coronary an-
giographic image is presented in Section II. An extension of
the geometrical model to intensity information is discussed. In
Section III, the synthetic vessel-generation tool is introduced.
This paper focuses on utilizing the tool in assessing and com-
paring two centerline estimation algorithms. The algorithms are
defined in Section IV and the performance evaluation study is
presented in Section V. A discussion of the results is conducted
in Section VI.

II. M ODELING THE CORONARY ANGIOGRAPHICIMAGE

We start with formulating a two-dimensional (2-D) geomet-
rical representation of the vessel’s projection. A vessel projec-
tion intensity model will be introduced in Section II-B.

A. Generating a 2-D Geometrical Model

In this section, we describe the steps entailed in the generation
of a 2-D geometrical model for the vessel. In the following de-
scription, several basic assumptions and terminology are used:
We consider the projection of a vessel, in terms of its borders, as
two 2-D nonintersecting curves in the– plane. Acenterline
is a curve such that any line normal to it (profile) intersects both
borders at equal distances from that curve. That distance is the
vessel’s radius. Theradius function(or diameter function), ,
is the vessel’s radius (diameter) as a function of the centerline’s
arc length (we will be using the two terms interchangeably).

The two main components of the vessel’s geometrical model
are the centerline and the borders of the vessel. The vessel bor-
ders can be generated using the vessel’s centerline and radius
function, as follows: generate the centerline; compute the nor-
mals (profiles) to the curve; compute the points on the profiles
whose distance from the centerline correspond to the appro-
priate value of the radius function; Interpolate the resulting set
of points to produce two smooth border curves.

Fig. 1. Center of curvature and curvature radius.

1) Generating the Vessel’s Centerline:We start with
defining the centerline to be a curve with a piecewise constant
curvature function. The centerline is generated from segments
of different length and constant curvature. Curves with piece-
wise constant curvature are continuous and second degree
smooth. These properties are reasonable when considering
blood vessels’ centerlines.

A 2-D curve is fully defined by its curvature function and a
set of initial conditions. As the origin of the angiogram can be
moved or rotated, with no loss of generality, the initial condi-
tions will be fixed for all vessels’ centerlines. The parametric
equation of a curve may be written as where repre-
sents a position vector andis the curvearc length. The curve’s
tangent, , andprincipal normal, , are defined as: ,

, respectively, where represents the
modulus operator.

Thecurvatureof a curve, , is defined as the modulus of the
second derivative of with respect to . Curves
of constant curvature, , form semi-circles of radius , as
shown in Fig. 1. The center of this circle and its radius are called
the center of curvatureand thecurvature radius, respectively.
Semi circles in two dimensions may be written in vector form
as

(1)

In (1), is the arc length parameter andis the
total curve length. The initial position of the semi-circle is
with the tangent represented by. A second semi-circle may
be concatenated to the first by using the initial conditions ,

in the initial curve definition. A 2-D curve representing
the vessel’s centerline is generated by concatenating semi-cir-
cles of different lengths and curvatures.

2) Generating the 2-D Vessel’s Profiles:We next compute
the profiles, as the normals to points on the centerline. The di-
rection vector of a given profile is perpendicular to the curve
tangent at that point. Rotating the tangent by 90results in the
profile direction vector(dependent on location along the curve
arclength, )

(2)
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TABLE I
PARAMETERS OF THESVG SYNTHETIC VESSELIMAGE DATABASE

(a)

(b)

(c)

(d)

TheTaperparameter refers to parameter; theStenosisparameter is (%); Curvatureis the parameter ; is the length of the segment
in radians. Four vessel geometry groups are studied: (a) vessels with zero curvature; zero taper or medium taper value; with stenosis; (b) vessels
with varying curvature (knee-type); no stenosis; (c) vessels with curvature; with stenosis; and (d) multiple-segment vessels and asymmetric
stenosis vessels. Parameters of the multiple-segments (*) are listed in Table II

3) Generating the Vessel’s Radius Function:The radius
function is constructed as a combination of an exponentially

decaying function, simulating a natural narrowing (tapering)
of the vessel as a function of its length, along with a Gaussian
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TABLE II
PARAMETERS OF THESVG SYNTHETIC VESSELIMAGE DATABASE

Vessels #53–#61 are comprised of five segments. The table lists the curvatures and lengths of each of the five segments/vessel.

function simulating a stenosis

(3)

and are coefficients that represent the natural narrowing
of the vessel. The vessel taper isand is an initial diam-
eter constant, held constant in all runs. The Gaussian function
parameters are and . It can be seen that for an infinitethe
second term vanishes, simulating a no-stenosis situation. At the
point of stenosis, , setting 1 results in the second term
equaling , simulating a 100% stenosis. The vessel’s stenosis is,
therefore, proportional to

(4)

Using the vessel’s radius function (3) with (1) and (2), the
border points can be computed as follows:

(5)

The set of parameters required for synthesizing vessels, as in-
dicated by (5), include centerline parameters of the centerline’s
total curve length and the desiredcurvature , as well
as the radius function parameters of thetaper andstenosis
( and ), and the initial radius . This parameter set is used
in the synthetic vessel-generating tool (Section III). Fig. 12 and
Tables I and II show a set of synthetic vessels with the corre-
sponding parameters.

B. The Vessel’s Projection Intensity Model

In this paper, we focus mainly on the vessel’s geometrical
model, as described above. The geometrical model may be ex-
tended to include intensity information in the simulated image.
An angiographic image is produced by the reaction of a sensi-
tive film to intercepting X-ray beams passing through the pa-
tient’s body. The intensity of the received X-ray beam, ,

Fig. 2. Ellipse and its linear integral projection.

is a linear integral of the attenuation coefficient of the matter it
encounters on its way. forms a 2-D image that will be
referred to as the vessel’s intensity image. We describe next a
model for the angiographic image based on the assumption of
an elliptical vessel cross section [13]. Several steps are involved
in modeling the intensity image. We start with a model of the
vessel’s cross section. Using the geometrical definition of the
centerline (as in Section II-A), an elliptical cross section that
is perpendicular to the centerline is assumed. The ellipse axes
(major and minor) of the cross section are taken as continuous
and slow-varying functions of the centerline’s arc-length [as de-
fined in (3)]. These assumptions result in a geometrical object
usually referred to as “generalized cone” or “cylinder.”1

In modeling the vessel’s cross section, consider a point,,
along the simulated vessel arclength, and denote byand the
vessel’s radius and the vessel’s radius direction at that point,
respectively: ; . Let denote the cross-
section axis (note that is perpendicular to the– plane as
shown in Fig. 2). An ellipse in the– plane is mathematically
defined as: 1, where and represent the
major and minor axes, respectively.

The ellipse intensity projection along theaxis, , is given
by

(6)

1Note that such a definition may be suitable for healthy vessels, yet may de-
viate significantly from obstructed vessels in which the shape of the cross sec-
tion at the obstruction is irregular.
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Equation (6) represents the projection of a family of ellipses of
similar area, that answer to: [24].
Thus, it is sufficient to simulate a vessel with no rotation (with
major and minor axis of the ellipse representing the vessel’s
cross section within the projection plane), without loss of gener-
ality. Note that , the ellipse axis along thedirection, is a func-
tion of , the vessel’s arclength. Taking into account the inten-
sity attenuation due to the nonuniform distribution of the con-
trast substance,may be represented as: ,
where and are parameters controlling the vessel’s contrast
with respect to the background and the contrast attenuation co-
efficient, respectively.

With the vessel’s intensity image defined as above, we con-
tinue with a model for the background contribution, . The
objects constructing the background, namely bones and muscle,
are much larger than the blood vessel, thus the intensity of their
projection is slowly varying in space. Such a behavior is often
modeled via a low order polynomial [25]. We consider the con-
tribution of the background to the intensity image in
terms of the coordinates and the polynomial’s order,

(7)

Note that at any direction in the– plane the intensity is a
polynomial function of at most degree : Let

, be the parametric equations of the straight
line representing the profile’s direction. The intensity along this
profile will be

The following steps in modeling the intensity image account
for the distortions produced by the imaging system, such as res-
olution limitations and additive noise. Blur is simulated by a
convolution with a Gaussian spread function, . Noise,

is added to the acquired image by an additive white
Gaussian noise with zero mean and variance[24].

The final model of the intensity image is comprised of the
above-described steps. Equation (6) determines the projected
intensity profiles perpendicular to the vessel’s centerline. Back-
ground contribution is added as defined in (7). Applying blur,

, and adding noise, we produce the desired
simulated intensity image map, , as

(8)

Note that the models defined in (5) and (8), are defined in the
continuous domain. A quantization step onto the 2-D pixel grid
is needed in actual implementation. In the implementation of the
intensity model, the 2-D borders need to be sampled at discrete
(application defined) intervals, to extract the intensity profiling
at relevant increments of the vessel.

In the following evaluation process, we focus on the geomet-
rical model (5) and the centerline definition in particular.

III. T HE SYNTHETIC VESSEL-GENERATION SIMULATION TOOL

Fig. 3 shows the user interface of the synthetic vessel gen-
erator (SVG) tool. Fig. 3(a) shows an example of generating a
geometrical model (2-D binary form). The vessel with the added
intensity image is shown in Fig. 3(b). In the example presented,
the 2-D synthetic vessel’s centerline is constructed of five con-
stant curvature segments with the following parameters (left to
right): 0.006, 120; 0.012, 60;

0.02, 50; 0.012, 90; 0.002;
175. Here, each segment’s length,, is measured in

pixels, and the negative curvature segments represent a tangent
that is directed counter clockwise. The segment’s total arclength
is formulated in radians: [rad]. The vessel’s borders
are constructed using a radius/diameter function that is shown
in the upper right corner of the screen. The user-defined param-
eters are: , the natural taper of the vessel (may accept any real
value); (sigma), the severity of the stenosis [ranging from one
(100% stenosis) to infinity (no stenosis)];, the initial vessel
radius (in pixels); and , the stenosis location along the center-
line arclength (in pixels).

Intensity information is presented in the bottom screen. User-
defined parameters include the additive white Gaussian noise
variance and mean values, the variance of the Gaussian blur
function, the background and polynomials and the parame-
ters and that control the profiles’ intensity information (
direction).

A set of synthetic vessel images was created and analyzed
using the simulation tool. Fig. 12 shows a selection of 61 syn-
thetic vessels with the corresponding parameters listed in Ta-
bles I and II. Four main vessel geometries were studied.

1) vessels with zero curvature; zero taper or medium taper
value; with stenosis (vessels #1–#19).

2) vessels with varying curvature (knee-type); no stenosis
(vessels #20–#43).

3) vessels with curvature; with stenosis (vessels #44–#52).
4) multiple-segment vessels and asymmetric stenosis ves-

sels (vessels #53–#61).

IV. GEOMETRICAL ALGORITHMS FORCENTERLINE

ESTIMATION

The SVG is utilized for the evaluation of centerline detection
algorithms. Our goal is to derive the correspondence between
an algorithm’s performance and the geometrical parameters of
the vessel. We implement two geometrical tracking algorithms
following two well-known algorithms in the literature. One will
be referred to as “Sun algorithm” based on Sun (1989) [16] and
the second will be referred to as “Bolson algorithm,” based on
Bolsonet al. (1980) [26]. In the following, we describe the al-
gorithms as implemented in this work based on the cited publi-
cations.

The Sun algorithm as implemented in this work is the fol-
lowing iterative process (see Fig. 4).

1) Initialization: user defines initial point of centerline
and initial direction.

2) Estimation:start with the current centerline point and
direction, and , respectively. Estimate the
next centerline point, , by linear extrapolation of the
current centerline point and its direction. New point is
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(a)

(b)

Fig. 3. The synthetic vessel generator (SVG) tool. Shown is the user interface for (a) generating the 2-D geometrical model and (b) incorporating the vessel
projection intensity image. The 2-D synthetic vessel is constructed of five constant curvature segments (user defined, bottom right) with a diameter function (as
selected and shown upper right). The vessel projection intensity model includes a white Gaussian noise of gray level variance and a Gaussian blur of variance 5.

found at a distancefrom point vi a line with ori-
entation . The estimated new direction is taken
as the previously found direction.

3) Measurement:draw a profile at point perpendicular
to the direction (profile 1). Calculate the profile’s
midpoint, .

4) Correction:correct the position and the direction of the
estimated centerline point. Position is updated to;
Orientation is updated as follows: a line is drawn con-
necting points and . A profile is drawn perpen-
dicular to the line (profile 2).

5) Iteration: repeat steps 3) and 4) for the corrected new
centerline point.

6) Tracking:Return to step 2) to estimate the next center-
line point.

In the Sun algorithm, we make the following two assumptions
(these assumptions are mentioned in [16] as well): 1) For small
intervals, the vessel’s centerline can be estimated by a straight
line; 2) The vessel’s diameter function varies slowly enough
to produce better correction by iterating the measurement and
correction steps. The magnitude of the linear interpolation
used in the estimation step is taken to be proportional to the
vessel’s radius, , at that point

(9)
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Fig. 4. Sun algorithm; Illustration of the extrapolation-update process of
tracking.

Fig. 5. Centerline calculation using a rotating T-shaped construct.

We refer to as thestem length. Thestem length coefficient, ,
has a significant influence on the performance of the algorithm.
The optimal value for varies for different vessels.

The Bolson algorithm is based on the following centerline
definition: the midpoint of the intersection-points of profiles
drawn perpendicularly to it with the vessel borders (see Fig. 5).
The user defines an initial point for the centerline and its initial
direction. A new centerline point position and orientation are
found using a T-shaped structure with long arms perpendicular
to a short stem which is anchored at its base to the previous cen-
terline point. The T-shape proportions are chosen as follows: the
stem length is . The arms are of length each. Note
that the dimensions are adaptive to the current center point and
the related radius .

The T-shape structure is rotated and an orientation is sought
in which the distances from the intersected border points, along
the two T-shape arms, are equal (up to a predefined threshold).
The intersection of the stem and arms of the T-shape structure is
the next point of the centerline. Note that the search for the next
centerline point is constrained to a certain threshold angle,
from the current estimated centerline direction. The orientation
threshold is used to avoid situations in which the orientation is
large enough to enable backtracking in the reverse direction (i.e.,
algorithm decides on a previously found point as the next one).

As in the Sun algorithm, the Bolson algorithm includes an as-
sumption that the centerline may be approximated by a straight
line for small distances (relative to the magnitude of the stem

length), and that the diameter function is a slow-varying func-
tion with respect to these distances. Here, as in the Sun algo-
rithm, the stem length parameter plays a significant role.

Both algorithms need user-defined initial conditions, for the
first point of the centerline and its direction. Note the following
algorithm differences: In the Sun algorithm, the next estimated
point (after the correction step) can be at any distance and di-
rection from the previous point whereas in the Bolson algorithm
a constraint on the distance and orientation is introduced. This
constraint may result in a more stable and accurate performance
in “low dynamic” vessel scenarios, yet it may cause difficulties
in coping with sudden changes in the centerline’s direction or
in the magnitude of the diameter.

V. PERFORMANCEEVALUATION STUDY

We start an algorithmic evaluation study by defining a set of
computational distance measures. These measures are used to
evaluate and compare the Sun and Bolson algorithms, as de-
fined herein. In this section, we describe the set of experiments
conducted, along with experimental results. Results are evalu-
ated and discussed in Section VI.

A. Objective Error Estimation Measures

A set of error estimation measures is defined between thees-
timatedcenterline and thereferencecenterline. In the error mea-
surement process, an important and challenging first step is to
find the correspondence between points on the two centerlines.
In [13], for each point on an observer-defined centerline, the
closest point on the computer-detected centerline is taken as the
corresponding point. Minimal distance (or shortest path) mea-
sures are used in skeleton extraction (e.g., [23]). In this paper,
we use a correspondence scheme that is based on the fact that the
true centerline and the true profiles are known. We associate a
point on the estimated centerline that lies on a particular profile
from the reference centerline: A perpendicular line (profile) is
drawn from a given selected point on the reference centerline.
The intersection point of the perpendicular with the estimated
centerline is used as the corresponding point of the estimated
centerline. This procedure assures that the two points lie on the
same curvature radius (of the reference centerline). More for-
mally: let represent the th segment
of the reference centerline in polar coordinates, whereis its
curvature, is its center of curvature and . Let

denote the set of points representing the estimated cen-
terline. Transforming the estimated centerline to a polar coor-
dinate system centered at, results with the set
where the th point corresponds to point of the reference
centerline . The radial distance between the two
corresponding points is . Orientation distance
between the two points, , is computed, in degrees, as the dif-
ference between the corresponding tangents at the selected pair
of points. B-spline interpolation is conducted prior to the dis-
tance computations.

Distance measures are computed based on the above-defined
radial and orientation distances: Anormalized global distance

error is defined as: , where
is the vessel’s radius at the measured point, andis the

number of points used for the distance error calculations. The
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(a)

(b)

Fig. 6. (a) Zero taper, no curvature. Results for the Sun and Bolson algorithms for different stenosis values (vessels #1–#12). Distance error and orientation error
are plotted, top and bottom, respectively. (b) Medium taper vesselsa = �0.00145 no curvature. Results for the Sun and Bolson algorithms for different stenosis
values (vessels #13–#19). Distance error is shown. Similar results are received with the orientation error measure.

normalized distance takes into account the fact that the dis-
tance between centerlines near a stenosis, where the vessel’s di-
ameter is small, should be considered more significant than at
vicinities where the vessel’s diameter is large. Aglobal orien-
tation performance measureis defined as the mean square error

(OMSE): , where is the orien-
tation error measured in degrees at theth point. In some exper-
iments, a normalized version of the orientation measure is used:

where is the vessel’s
th segment curvature.

B. Algorithm Parameters

Several parameters need to be defined in the implementation
of the Sun and Bolson algorithms. In the Bolson algorithm, we
use two parameters: 1) , which is the magnitude constant of
the stem length and 2) the total search angle. Theparameter

is also used in the Sun algorithm. Taking into account the sig-
nificance of the parameter (as discussed earlier) two values
for were chosen (0.4 and 0.8) with which all the runs were
performed. The results will be dually presented. The additional
Bolson algorithm parameter, total search angle, is kept constant
at 30 .

The distance error is measured in pixels and the orientation
errors in degrees. A divergence is defined as a case in which the
algorithm fails to track more than 60% of the vessel segment’s
length. Initial conditions, such as starting point position and ori-
entation deviations, were set to zero.

C. Experimental Results

In the following, we present a sample of experimental runs.
A correspondence between the algorithms’ performance and
the simulated vessel geometrical parameters is experimentally
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(a) (b)

Fig. 7. A zoom-in view of a nontapered image (#12), (a) Sun algorithm, and medium tapered image (#19), (b) Bolson algorithm withKr = 0.4. The reference
centerline and the interpolated estimated centerline are displayed. The profiles are the estimated profiles (algorithm output, with no smoothing applied) and their
mid points are the (nonsmoothed) estimated centerline points. The estimated centerline shown is the result of interpolating (B-spline) across the shown centerline
points. The corresponding vessel images are displayed in the lower corners.

sought. We, therefore, focus on cases in which some errors are
present, i.e., deviations between the estimated and reference
centerlines are found.

We start with the case of aconstant tapervalue and dif-
fering levels of stenosis. The vessel is constructed of a single
zero curvature segment. Two different taper values (parameter
) are used: 0 and 0.00145, while altering the stenosis parameter

[Table I(a) and Fig. 12(a)]. The stenotic region is in the middle
of the vessel’s arc-length. Fig. 6(a) and (b) present the results
for the two taper cases. In Fig. 6(a), 13 errors are plotted, for
each one of 13 vessels [vessel numbers #1–#12 in Table I(a),
along with a vessel with zero stenosis]. In Fig. 6(b), eight error
samples are plotted (corresponding to vessels #13–#19, along
with a zero-stenosis vessel). In zero-taper vessels, the Bolson
algorithm performance errors are of small magnitude and are
almost indifferent to the stenosis parameter, while the Sun al-
gorithm performance is exponentially related to the stenosis pa-
rameter. In the 0.00145 taper vessels, both algorithms’ perfor-
mance shows an exponential type of behavior as a function of
the stenosis parameter. Both algorithms show better results with

0.8. For 0.4, the Sun algorithm may result in a si-
nusoidal (jittery) behavior in the stenosis region, as shown in
Fig. 7(a). In Fig. 7(b), we see a sample run with 0.4 and
stenosis over 70% in which the Bolson algorithm results in di-
vergence.

Figs. 8 and 9 show example runs ofCurved vessel (knee-type)
scenarios[corresponding vessels are shown in Table I(b) and
Fig. 12(b)]. The graphs of Fig. 8 present the Log of the perfor-
mance error as a function of the curved segment arclength
and curvature . Both algorithms show a clear exponential
relationship between the performance and the curvature (linear
in the Log scale). The Sun algorithm diverges for arc-lengths
larger than 0.92 radians (all curvature values). The Bolson algo-
rithm shows a performance decreasing in a linear manner with
curvature. Fig. 9 shows an example run for the Sun and Bolson
algorithm in curved vessels.

The final set of experimental results is shown in Figs. 10 and
11 for the case ofCurved vessels with Stenosis. In this vessel
group, the vessels combine constant taper with variable stenosis,
curvature and arclength [Table I(c) and Fig. 12(c)]. The images
are divided into three categories, in each one the vessel’s curva-
ture and arclength are kept constant: Class I: curvature0.003,
arclength 0.94 rad. Class II: curvature 0.0089, arclength

1.25 rad. Class III: curvature 0.015, arclength 1.57 rad.
In Fig. 10(a), the case of 0.4 is shown. Sun algorithm
performance shows an exponential behavior as a function of
the stenosis, with a constant increase between the vessel cat-
egories. The Bolson algorithm exhibits divergence in all curva-
ture classes at the high stenosis range (around 90%), and diver-
gence at the higher curvature cases (class III) at stenosis levels
as low as 50%. An increase in the parameter value improves
the algorithm’s ability to cope with such vessels. This is shown
in Fig. 10(b). With 0.8, the Sun algorithm performance
changes as well. Divergence occurs at low stenosis for high cur-
vature and arc-length vessels (class III). A set of sample runs
is shown in Fig. 11. For 0.8, both algorithms perform
well. For 0.4, Sun algorithm shows a jittery behavior. The
Bolson algorithm fails to track the vessel’s centerline.

VI. DISCUSSION

A main objective of this work is to present the concept of
benchmarking in QCA algorithms, using objective measures
and tools such as the synthetic vessel generation tool (SVG).
It is not our goal to provide a complete analysis of a particular
algorithm. Running experiments such as the ones presented en-
ables a more complete understanding of a given algorithm’s sen-
sitivity to geometrical parameters of the vessel, and also enables
tuning the algorithm’s parameters and comparing across algo-
rithms. In order to investigate correspondence between vessel
geometry and algorithm performance, we implemented center-
line extraction algorithms that are based on two well-known al-
gorithms in the literature. The reference algorithms of Sun [16]
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Fig. 8. Highly curved vessels. Sun and Bolson algorithms’ performances forKr = 0.8 as a function of vessel’s second segment curvature for different values of
arc-length (vessels #20–#43). The arc-length is measured in radians and its values presented in the legend. OMSE is measured in degrees andd is multiplied
by 1000. Divergence is displayed as empty squares at the appropriate curvature value, if divergence occurred for all curvature values the divergencesquares are
not displayed.

and Bolson [26] are efficient algorithms that are the basis of
many successful QCA systems. The results we present should
be considered in reference to the particular implementation of
the algorithms herein, as outlined in Section IV, as well as to the
particular set of objective measures, as outlined in Section V.

An interesting set of observations and conclusions may be
extracted from the experiments in Section V. In Fig. 6(a) and
(b), we see that the Bolson algorithm is sensitive to the vessel’s
taper value, as well as to the added stenosis, while the Sun algo-
rithm is sensitive to the stenosis, regardless of the taper diameter
change. Fig. 7 demonstrates that for smallthe Sun algorithm
may result in a sinusoidal (jittery) behavior in the stenosis re-
gion. We associate the deviation of the estimated centerline from

the reference centerline, in this ideal straight centerline case, to
quantization errors (pixel resolution) introduced in the synthetic
image generation process. In the Sun algorithm, small devia-
tions in the estimated point’s position can be translated to large
deviations in orientation due to the small stem length. Fig. 7
(right) shows a sample run with 0.4 and stenosis over
70% in which the Bolson algorithm does not handle the rapid
changes of the vessel’s diameter function and results in diver-
gence. In this case, small deviations from the reference center-
line build up and cause divergence in the stenosis vicinity. From
the set of experiments shown in Figs. 8 and 9 we conclude that
the Sun algorithm has difficulty in coping with highly curved,
long arc-length segments. The arc-length parameter has a strong
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(a) (b)

Fig. 9. (a) Bolson and (b) Sun results withKr = 0.4 in a knee-type vessel (#25). The reference centerline and the interpolated estimated centerline are displayed
as solid and dashed lines, respectively. The gray profiles are the nonfiltered estimated profiles and the mid points are the nonfiltered estimated centerline points. In
the small graphs, the distance and absolute orientation errors are displayed as a function of the reference centerline arc-length. Sun shows difficulty in coping with
highly curved segment, divergence occurs when applied withKr = 0.8.

impact on the performance of the algorithm, with more severe
response at larger . The Bolson algorithm seems to be more
robust to arc-length changes, with performance decreasing in a
linear manner with curvature.

An analysis of cases in which a stenosis is added to the curved
vessels is presented in Figs. 10 and 11. In the case of 0.4
[see Fig. 10(a)], the Sun algorithm performance shows an ex-
ponential behavior as a function of the stenosis, with a constant
increase between the vessel categories. The Bolson algorithm
shows inferior results, with divergence in all curvature classes
at the high stenosis range (around 90%), and divergence at the
higher curvature cases (class III) at stenosis levels as low as
50%. The results of the Bolson algorithm may be explained by
its lack of an orientation continuity constraint and thus its failure
to cope with rapidly changing diameter vessels. An increase in
the parameter value improves the algorithm’s ability to cope
with such vessels. This is shown in Fig. 10(b), with 0.8.
The Sun algorithm performance changes with the increase in

as well. Here we see that divergence occurs at low stenosis
for high curvature and arc-length vessels (class III). A possible
explanation for the fact that no divergence was experienced at
larger stenosis is that a stenosis introduced on top of the curved
vessel effectively reduces the parameter at the stenosis re-
gion, effectively bringing us back to the smaller scenario.

From the set of experiments conducted, we may conclude that
the set of synthetic vessels can be divided into two major groups,
one corresponding tohighly curved vesselsand the other to
rapidly changing diametervessels. Although limited in scope,
the results may be summarized to indicate that the Bolson al-
gorithm performs well in curved vessel scenarios while the Sun
algorithm copes well when applied to high-gradient diameter
functions. The Bolson algorithm has difficulties in coping with
vessels with a rapidly changing diameter and, therefore, the
dominant parameter is the vessel’s stenosis, especially for small

values. Using a stem that is too short results in difficulties

to find the next centerline point in a rapidly changing diameter
function (e.g., near a stenosis). Using a stem that is too big re-
sults in difficulties in tracking a highly curved centerline. The
Sun algorithm is more sensitive to highly curved segments; thus
the dominant parameter is the vessel curvature and arc-length
for large values of .

An increase in centerline estimation error is seen with the ad-
dition of curvature into the vessel. Comparing Figs. 6 with 10,
we note that in the Sun algorithm, there is a stronger increase in
error with increase in stenosis. For example, at the 90% range
with 0.8, the Sun algorithm shows an error of 100–200
pixels [see Fig. 6(b)] while an error of 400 pixels is present with
curvature added [see Fig. 10(b)]. In the Bolson algorithm, intro-
ducing additional curvature resulted in the divergence occurring
at lower stenosis percentile. With no curvature and 0.4, di-
vergence occurs at 90% stenosis [see Fig. 6(b)] while with the
added curvature divergence occurs already at the 50% stenosis
range [see Fig. 10(a)]. These results indicate that a given QCA
algorithm’s performance does in fact depend on the vessel ge-
ometry.

The experiments presented were performed on a small set of
data thus the results need to be considered with care. Position
and orientation errors are used throughout. Although we expect
that the orientation information is important, in this set of exper-
iments there was no clear distinction between the two. Initial ex-
perimentation of asymmetric vessels [Table I(d) and Fig. 12(d)]
did not exhibit any differences in the results.

VII. CONCLUSION

We presented a simulation tool (SVG) for generating syn-
thetic vessel angiographic images under predetermined geomet-
rical parameters. A method for calculating global performance
measures based on the comparison of the reference centerline
and an estimated centerline was implemented. The simulation
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Fig. 10. Sun and Bolson algorithms’ performances for (a)Kr = 0.4 and (b)Kr = 0.8 as a function of stenosis in three classes of knee type vessels. Class I:
curvature= 0.003, arclength= 0.94 rad (vessels #44–#46). Class II: curvature= 0.0089, arclength= l.25 rad (vessels #47–#49). Class III: curvature= 0.015,
arclength= l.57 rad (vessels #50–#52).
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Fig. 11. Sun and Bolson example run results for the second segment of image #49 (shown on top). The reference centerline and the interpolated estimated
centerline are displayed as solid and dashed lines, respectively. The profiles are the nonfiltered estimated profiles and their mid points are the nonfiltered estimated
centerline points. In the small graphs, the distance error is displayed as a function of the reference centerline arc-length.

tool enables an objective comparison between algorithms and
a means of understanding the relation between the algorithms’
performances and the geometrical parameters of the vessel.

The paper, in its current version, is more of a concept-presen-
tation. First, we raise the possibility and need for benchmarking
QCA algorithms, such as centerline extraction algorithms. We
present a first step in this direction, in which we introduce the
idea of a synthetic vessel generation (SVG) and study tool, and
demonstrate several of its capabilities with a couple of classical
well-known algorithms from the literature. A second concept
we present in the paper is the idea of the dependence of QCA
performance on vessel geometry. We believe this issue has not
been addressed in the literature, and we are able to demonstrate
its importance with the SVG tool and the two algorithms chosen.

In the performance evaluation procedure, it may be of in-
terest to use additional distance measures to the ones proposed
in this paper, as well as different means of determining corre-
spondence between the estimated and the reference centerlines

(such as minimal distance correspondence). Once selected and
consistently applied in the evaluation study, the sensitivity of
the different algorithms to vessel geometry can be analyzed and
compared. In future work, we plan to focus on a more exhaus-
tive performance evaluation study, using the concepts thus pre-
sented. A comparison is needed between additional and more
updated centerline extraction algorithms available in the liter-
ature. Using the SVG tool, sensitivities of existing algorithms
can be learned, leading to the possibility of developing updated
centerline extraction algorithms.

A current limitation of the SVG tool is that there is no auto-
matic means to prevent the generation of extreme geometrical
conditions, such as vessel self-intersection. In the current ver-
sion of the SVG system, this issue is the responsibility of the
user. The vessel generation process is interactive and the user
may update the parameters to generate desired vessel geometry.
Including predefined parameter ranges to ensure no self-inter-
section is a desired feature of the system. We are currently ex-
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(a)

(b)

(c)

(d)

Fig. 12. Sample vessel images. (a) A set of vessels with zero curvature; zero
taper or medium taper value; with stenosis. In the top row are shown zero taper
vessels no. 3, 6, 10, 12, left to right, respectively. In the bottom row, medium
taper vessels no. 14, 16, 17, 19, left to right, respectively. (b) A set of vessels
with varying curvature (knee-type); no stenosis. Shown are vessels no. 20, 23,
29, 31, left to right, respectively; Bottom row, no. 34, 36, 39, 43. (c) A set of
vessels with curvature; with stenosis. Shown are vessels no. 45, 46, 48, 49, 51,
52 left to right, top to bottom, respectively. (d) A variety of additional vessels,
including multiple-segment vessels and asymmetric stenosis vessels. Shown are
vessels no. 54, 55, 59, 61.

tending the SVG to include stenosis computations and inten-
sity profiling. Important future work includes the consideration
of real angiographic data. The challenge is to extract an appro-
priate geometric model from a given angiographic image and
specifically, to extract a geometrical description of the vessel
centerline that can be analyzed with the SVG tool.
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