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Evaluation of Center-Line Extraction Algorithms in
Quantitative Coronary Angiography

H. Greenspan*, M. Laifenfeld, S. Einav, and O. Barnganior Member, IEEE

~ Abstract—Objectivetesting of centerline extraction accuracy 5°-10° in moderately curved vessels and up té I more ir-
in quantitative coronary angiography (QCA) algorithms is a very  regularly shaped vessels [3]. A manually specified starting es-
difficult task. Standard tools for this task are not yet available. We timate for the centerline may be used to identify the coronary

present a simulation tool that generates synthetic angiographic borders foll db lculati fthe | terli i
images of a single coronary artery with predetermined centerline OIGEIS Toflowed Dy calcuiation orthe iumen Cemetiine as a fine

and diameter function. This simulation tool was used creating a Midway between the left and right coronary borders [3], [4]. In
library of images for the objective comparison and evaluation of [13], each cross section of the artery segment of interest is sepa
QCA algorithms. This technique also provides the means for un- rately processed for detecting its border points. In [14], a robust
derstanding the relationship between the algorithms’ performance - yethod of coronary border detection is proposed. This method
and limitations and the vessel’s geometrical parameters. In this . . . e ,
paper, two algorithms are evaluated and the results are presented. is based on S|mult<'_:1ne_ous identification of b_Ot_h 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
. INTRODUCTION vessel segment of interest, using graph searching techniques on

UANTITATIVE coronary angiography (QCA) has beennode brightness values [8], [15]. A number of centerline detec-
Q developed to apply the speed and precision of compuﬂ?“ algorithms are based on vessel tracking, preserving con-

processing to the analysis of coronary disease. Motivatbauity constraints of vessel position, curvature, diameter, and
by shortcomings of visual assessment of coronary angiograf@sity [5], [6], [16]. Other approaches to coronary lumen cen-
[1], [2], full and semi-automated methods were sought to estgrline detection utilize mathematical morphology [17] or active
mate the geometrical vessel parameters out of an individual &Rntour models or snakes [8], [18]. Active contour models are
giogram (e.g., [3] and [4]). Animportant step in QCA and esseguitable for analysis of angiograptsequenceahere the vessel
tial geometrical parameter for clinical purposes is the vessepgnterline is manually or semi-automatically identified in the
centerline. Vessel centerlines have been used in computing efiggé frame. The snake algorithm tracks the vessel centerline in
gradients and searching for border positions [5]-[8], to deri\ﬁé’bsequef‘t frames. _ _
video-densitometric profiles [5], for measurement of vessel di- In arterial tree extraction techniques, the artery network
ameters [5], [6], [9], for calculation of lesion symmetry [4], andkeletonis extracted using recursive sequential tracking, and
as the basis for three-dimensional (3-D) reconstruction of vest#§ artery borders are extracted using directional resampling
segments or of the entire arterial tree [9]-[12]. of the angiogram based on the extracted skeleton [17], [19].

Today, the most common approach to determine Coronaﬂfeleton algorithms are based on minimum distance fields. The

lumen centerline is based on manual tracing of the entire cétcuracy of the skeleton affects the artery border extraction
terline or manual identification of several centerline points artiage. In [20], each artery segment is analyzed for skeleton
interpolation to produce a continuous centerline (e.g., [5] adé@d border extraction, using morphological tools of homotopy
[7]). The visual approach is limited by high intraobserver andpodification and watershed transform. In [21], 3-D skeleton
interobserver variability [1], [2]. It has been shown that manu@nd centerline generation is presented based on minimum

centerline identification results in vessel orientation errors gfstance 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-
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generating phantoms of known parameters (e.g., [8], [12], and center of
[23]). Both methods are far from ideal. The first suffers from a 7 curvature
lack of an objective criteria as well as inter-observer variability. 0

The second requires a full imaging system to test the software I/K 7'(D)

and does not provide standard results. In [23], we find an initial

attempt at assessing the accuracy of the vessel’'s estimated cen- F(1)

terline. Indexes expressing the positional and orientation sim- F'(L)

ilarities of two centerlines are proposed. The results presented
in [23] use the indexes to compare between centerlines, wit- 1. Center of curvature and curvature radius.
the validation methodology based on human experts’ defined
ground truth and a comparison across additional computationaly Generating the Vessel's CenterlindVe start with
methods, with no ground truth. defining the centerline to be a curve with a piecewise constant

This paper describes a method that was developed to providgvature function. The centerline is generated from segments
an objective accuracy measure for evaluating centerline extra¢ifferent length and constant curvature. Curves with piece-
tion algorithms. The method compares estimated results Wffise constant curvature are continuous and second degree
a priori data that was used to generate the centerline. Imag@gooth. These properties are reasonable when considering
of blood vessels with known geometry and centerline were syhiood vessels’ centerlines.
thesized. Means for an objective comparison of different QCA A 2-p curve is fully defined by its curvature function and a
algorithms are presented, as well as a means for the evalualigfof initial conditions. As the origin of the angiogram can be
of a specific QCA algorithm performance under different gednoved or rotated, with no loss of generality, the initial condi-
metrical parameters of the vessel. A synthetic vessel-generatiins will be fixed for all vessels’ centerlines. The parametric
tool is shown and applied in the evaluation and comparison @huation of a curve may be written as= 7#(1) wherer repre-
two well-known centerline estimation algorithms. sents a position vector ards the curvearc length The curve’s

A formulation of the geometric model for the coronary angngent £, andprincipal normal 7, are defined as: = dr/dl,
giographic image is presented in Section Il. An extension @f _ (d2F/dI?)/|d2F/dI2|, respectively, wherg| represents the
the geometrical model to intensity information is discussed. fjodulus operator.
Section I, the synthetic vessel-generation tool is introduced. Thecurvatureof a curve K, is defined as the modulus of the
This paper focuses on utilizing the tool in assessing and cogscond derivative of with respect td: d27/dI? = K#. Curves
paring two centerline estimation algorithms. The algorithms age constant curvature’, form semi-circles of radius/K, as
defined in Section IV and the performance evaluation study dsown in Fig. 1. The center of this circle and its radius are called
presented in Section V. A discussion of the results is conducigg center of curvatureand thecurvature radius respectively.

in Section VI. Semi circles in two dimensions may be written in vector form
as
Il. M ODELING THE CORONARY ANGIOGRAPHIC IMAGE
We start with formulating a two-dimensional (2-D) geomet- (1) =ro + i;fo - P1;
rical representation of the vessel’s projection. A vessel projec- K
tion intensity model will be introduced in Section II-B. b1 = sin(lK) 1 - cos(1K)
cos(IK)—1 sin(lK)

A. Generating a 2-D Geometrical Model (1) =70 - po;
cos(lK) sin(lK)}

In this section, we describe the steps entailed in the generation o = [ (K K
of a 2-D geometrical model for the vessel. In the following de- —sin(lK)  cos(IK)
scription, several basic assumptions and terminology are usgd: . .
We consider the projection of a vessel, in terms of its borders,fen (1), 0 < I < L is the arc length parameter addis the

: : . ) {B%al curve length. The initial position of the semi-circleris
two 2-D nonintersecting curves in td&-Y plane. Acenterline

. . . L ith the tangent represented Bly. A second semi-circle may
is a curve such that any line normal to it (profile) intersects bogrie concatenated to the first by using the initial conditie(s)
borders at equal distances from that curve. That distance is I, y 9 X

T &) in the initial curve definition. A 2-D curve representing

vessel's radius. Theadius function(or diameter functiop D, , o : Ay
. , . . ; ._the vessel's centerline is generated by concatenating semi-cir-
is the vessel’s radius (diameter) as a function of the centerline’'s

arc length (we will be using the two terms interchangeably). Cles of different lengths and curvatures.

: , . 2) Generating the 2-D Vessel's Profile&Me next compute
The two main components of the vessel's geometrical modgl . . : .
. e profiles, as the normals to points on the centerline. The di-
are the centerline and the borders of the vessel. The vessel Hor-. . L .
: , . rection vector of a given profile is perpendicular to the curve
ders can be generated using the vessel's centerline and radius : . .
: ) g angent at that point. Rotating the tangent by 88sults in the
function, as follows: generate the centerline; compute the nor- =~ .~ . :
. i . . profile direction vectodependent on location along the curve
mals (profiles) to the curve; compute the points on the profiles
: : arclength/)
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. A1) = (—sin(IK) — cos(IK), cos(IK) — sin(IK)). (2)

1)
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TABLE |
PARAMETERS OF THESVG SYNTHETIC VESSELIMAGE DATABASE

112]3 4 5 6 7 8 9 101 117 12] 13 14| 15] 16| 17| 18] 19

Taper [X1000] I - - - - - - - - | - (1.451.45)1.451.451.451.451.45
Stenosis [%] 30321 35 | 38 | 53 | 56 | 60 | 65 | 80 |85]|90]95|30|35|53156|85([90]95
Curv[x1000] I - - - - - I I AU I R T I R N R

6 [x100rad] S I T A I R R A T A I R N R R R A

@

20 |21 22 |23 |24 |25 |26 (27 (28 (29 (30 |31 |32

Taper [X1000] 0.8 |0.8 [0.8 [0.8 |0.8 [0.8 {0.8 [0.8 |0.8 |0.8 [0.8 [0.8 |0.8

Stenosis [%6] S I T P A T e e I

Curv[x1000] | 3| 3| 3| 3| 6| 6] 6| 6| 6| 9] 9] 9] 9

8 [x100rad] 44| 94| 130] 159| 45| 91| 125]| 156| 189] 45| 93| 125 158

33 34 |35 |36 (37 (38 {39 140 |41 |42 |43

Taper [X1000] |08 (0.8 {0.8 0.8 [0.8 [0.8 |0.8 |0.8 [0.8 [0.8 |0.8

Stenosis [%] A N D e e e

Curv[x1000] 121 12 12 12| 12| 12] 15| 15| 15| 15} 15

0 [x100rad] 189] 45| 94| 126| 157| 189 45| 92| 123| 157| 188
(b)
44 45 46 47 48 49 50 51 52

Taper[X1000] | 0.8 0.8 0.8 0.8 0.8 0.8 0.8 08 | 0.8

Stenosis [%] 35 56 83 35 56 83 35 56 85
Curv[x1000] 3 3 3 9 9 9 15 15 15
0 [x100rad] 94 94 94 125 125 125 157 | 157 | 157
(©)
53 54 55 56 57 58 59 60 61
Taper[X1000} 1 ] 1 1 1 1 1 1 1

Stenosis [%] 70.7 80 715 55.7 | 56.1 52.8 | 922 | 90.1 90.1

Curv[x1000] * * * * * * * % %
9 [X 1 OOrad] * * * * * * * * %
(d)

TheTaperparameter refers to parameterthe Stenosiparameter id / o (%); Curvatureis the parameteK; 6 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 I

3) Generating the Vessel's Radius Functiofhe radius decaying function, simulating a natural narrowing (tapering)
functionis constructed as a combination of an exponentiallyf the vessel as a function of its length, along with a Gaussian
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TABLE 1

PARAMETERS OF THESVG SYNTHETIC VESSELIMAGE DATABASE
Image Curv [x1000] 0 [x100rad] Curv [x1000] 0 [x100rad]
Segment |1 12 |3 14 |5 112 |3 |4 |5 |[Segment |1 |2 {3 (4 |5 112 {3 |4 |5
Image Image
33 0 1-42/96142] 0 [ 0]42|9 42| O 58 0 |-1.8]{7.8|-191 0 | 0 |22]47|21] O
34 451-2.1113.1{ 0.6 | 4.7 |45{ 21 | 97| 7 | 47 59 0 1-4.7(349({-421 0 | 0 |46 |143|66] O
55 2.4|-56{11.1|-5.7[-2.5(24| 49 | 64 | 86 ] 25 60 451-19]20{-24] 3645|211 |133] 22| 44
56 241-56| 5 |-571-25|124149|29| 86|25 61 -5.5012.919.5-12.5 2.5 67 66 [ 102]111] 45
57 39| -419.11-06,47 |39, 4 |67 7 {47

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
D(l) :f(”DOv a, T, N) = DOG_al

¢ =Doe . 3) |

Dy anda are coefficients that represent the natural narrowi
of the vessel. The vessel taperdsind D, is an initial diam-
eter constant, held constant in all runs. The Gaussian function

parameters arg ando. It can be seen that for an infinitethe is a linear integral of the attenuation coefficient of the matter it
second term vanishes, simulating a no-stenosis situation. At gfgounters on its way.(x, y) forms a 2-D image that will be
point of stenosig, = 1, settingo = 1 results in the second termreferred to as the vessel's intensity image. We describe next a
equalinge, simulating a 100% stenosis. The vessel's stenosis iBpdel for the angiographic image based on the assumption of

n
I—Eljg. 2. Ellipse and its linear integral projection.

therefore, proportional te an elliptical vessel cross section [13]. Several steps are involved
in modeling the intensity image. We start with a model of the
stenosis oc —. (4) vessel's cross section. Using the geometrical definition of the
g

centerline (as in Section 1I-A), an elliptical cross section that
Using the vessel's radius function (3) with (1) and (2), thg perpendicular to the centerline is assumed. The ellipse axes
border points can be computed as follows: (major and minor) of the cross section are taken as continuous
B R and slow-varying functions of the centerline’s arc-length [as de-
B(l) = (1) £ DOAD). ) fined in (3)]. These assumptions result in a geometrical object
The set of parameters required for synthesizing vessels, asyfv@lly referred to as “generalized cone” or “cylinder.”
dicated by (5), include centerline parameters of the centerline’s modeling the vessel's cross section, consider a pojnt,
total curve length(Z) and the desiredurvature (K), as well 2l0ng the simulated vessel arclength, and denotdnydn the
as the radius function parameters of thper (a) andstenosis vessel’s_ radius and the vesseAI’s radius direction at that point,
(1 ando), and the initial radiusD,. This parameter set is used'®SPectively:d = D(l;); n = 7(l;). Let » denote the cross-
in the synthetic vessel-generating tool (Section I11). Fig. 12 arf@ction axis (note that is perpendicular to thé— plane as
Tables | and Il show a set of synthetic vessels with the cor€20Wn in Fig. 2). An ellipse in the—z plane is mathematically

sponding parameters. defined asn?/d”* + »*/b* = 1, whered andb represent the
major and minor axes, respectively.
B. The Vessel's Projection Intensity Model The ellipse intensity projection along thexis,p(n), is given

In this paper, we focus mainly on the vessel's geometricg}'
model, as described above. The geometrical model may be ex- 2%
tended to include intensity information in the simulated image. p(n) = —Vd—n? |n|<d. (6)
An angiographic image is produced by the reaction of a sensi; . _
ive film to intercepting X-rav beams passing throuah the ) Not_e thz_at such a definition may be suna_ble fqr healthy vessels, yet may de-
tive film epling X-ray P 9 9 P3fate significantly from obstructed vessels in which the shape of the cross sec-
tient’s body. The intensity of the received X-ray bedify, y), tion at the obstruction is irregular.
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Equation (6) represents the projection of a family of ellipses dfl. THE SYNTHETIC VESSEL-GENERATION SIMULATION TOOL
similar area, that answer t&? sin? § 4 d2 cos? § = Const [24].
Thus, it is sufficient to simulate a vessel with no rotation (wit
major and minor axis of the ellipse representing the vesse
cross section within the projection plane), without loss of geng

ality. Note tha, the ellipse axis along thedirection, is afunc- ¢ 5.y’ synthetic vessel's centerline is constructed of five con-
tion of 7, the vessel's arclength. Taking into account the intéRtant curvature segments with the following parameters (left to
sity attenuation due to the nonuniform distribution of the COght): K; = —0.006,L; = 120;K» = — 0.012,L» = 60;
trast substancé,may be represented dgl) = Biexp(—a;l), [k, — 0.02,Ls = 50; K, = 0.012,L, = 90: K5 = —0.002;
whereB: anda, are parameters controlling the vessel's contragt, — 175. Here, each segment's length,, is measured in
with respect to the background and the contrast attenuation ggkels, and the negative curvature segments represent a tangent
efficient, respectively. that is directed counter clockwise. The segment’s total arclength
With the vessel's intensity image defined as above, we cog-formulated in radiang; = K; L; [rad]. The vessel’s borders
tinue with a model for the background contributidty(n). The are constructed using a radius/diameter function that is shown
objects constructing the background, namely bones and musiehe upper right corner of the screen. The user-defined param-
are much larger than the blood vessel, thus the intensity of theiers area, the natural taper of the vessel (may accept any real
projection is slowly varying in space. Such a behavior is ofteralue);s (sigma), the severity of the stenosis [ranging from one
modeled via a low order polynomial [25]. We consider the corf100% stenosis) to infinity (no stenosis)}, the initial vessel
tribution of the background to the intensity imadér,y) in radius (in pixels); ang:, the stenosis location along the center-

terms of the coordinates:, ) and the polynomial’s ordery  line arclength (in pixels).
Intensity information is presented in the bottom screen. User-

Fig. 3 shows the user interface of the synthetic vessel gen-
rator (SVG) tool. Fig. 3(a) shows an example of generating a
Bometrical model (2-D binary form). The vessel with the added
itensity image is shown in Fig. 3(b). In the example presented,

N i ; defined parameters include the additive white Gaussian noise
By(z,y) = Z“zx + iy’ (") variance and mean values, the variance of the Gaussian blur
=0 function, the background andy polynomials and the parame-

Note that at any direction in the—y plane the intensity is a tersB; anda; that control the profiles’ intensity informatior (
polynomial function of at most degre¥ + 1: Letz = z, + direction). _ _
ndz, y = yo + ndy be the parametric equations of the straight A Set of synthetic vessel images was created and analyzed

line representing the profile’s direction. The intensity along thi¢Sing the simulation tool. Fig. 12 shows a selection of 61 syn-
profile will be thetic vessels with the corresponding parameters listed in Ta-

bles | and Il. Four main vessel geometries were studied.

N i i 1) vessels with zero curvature; zero taper or medium taper
Bg(n) = ai(xo +ndz)’ + Bi(yo + ndy) value; with stenosis (vessels #1—#19).
i;O ‘ . 2) vessels with varying curvature (knee-type); no stenosis
" ; : s (vessels #20—#43).
= z% ; T = 2) Asn” 3) vessels with curvature; with stenosis (vessels #44—#52).

4) multiple-segment vessels and asymmetric stenosis ves-
The following steps in modeling the intensity image account  sels (vessels #53—+#61).
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 functigiiz,v). Noise,
noise(z, y) is added to the acquired image by an additive white
Gaussian noise with zero mean and variangg24]. The SVG is utilized for the evaluation of centerline detection
The final model of the intensity image is comprised of thalgorithms. Our goal is to derive the correspondence between
above-described steps. Equation (6) determines the projecdclgorithm’s performance and the geometrical parameters of
intensity profiles perpendicular to the vessel’s centerline. Backie vessel. We implement two geometrical tracking algorithms
ground contribution is added as defined in (7). Applying bmfpllowing two well-known algorithms in the literature. One will

g(z,y), and adding noiseyoise(z, ) we produce the desired be referred to as “Sun algorithm” based on Sun (1989) [16] and
simulated intensity image map(z, y), as the second will be referred to as “Bolson algorithm,” based on

Bolsonet al. (1980) [26]. In the following, we describe the al-
I(z,y) = (p(z,y) + Bg(z,4)) * g(z,y) + noise(z,y). (8) gorithms as implemented in this work based on the cited publi-
cations.
Note that the models defined in (5) and (8), are defined in theThe Sun algorithm as implemented in this work is the fol-
continuous domain. A quantization step onto the 2-D pixel gridwing iterative process (see Fig. 4).
is needed in actual implementation. Inthe implementation ofthe 1) Injtialization: user defines initial point of centerline
intensity model, the 2-D borders need to be sampled at discrete and initial direction.
(application defined) intervals, to extract the intensity profiling  2) Estimation:start with the current centerline point and
at relevant increments of the vessel. direction, p;_; andt;_;, respectively. Estimate the
In the following evaluation process, we focus on the geomet- next centerline pointy;. , by linear extrapolation of the
rical model (5) and the centerline definition in particular. current centerline point and its direction. New point is

IV. GEOMETRICAL ALGORITHMS FOR CENTERLINE
ESTIMATION
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Fig. 3. The synthetic vessel generator (SVG) tool. Shown is the user interface for (a) generating the 2-D geometrical model and (b) incorpazasie the v
projection intensity image. The 2-D synthetic vessel is constructed of five constant curvature segments (user defined, bottom right) with fanttiore{as
selected and shown upper right). The vessel projection intensity model includes a white Gaussian noise of gray level variance and a Gaussi@ambdub.of va

3)

4

~

5)

found at a distancé from pointp,,_; vi a line with ori- 6) Tracking:Return to step 2) to estimate the next center-
entationt;,_;. The estimated new directidﬁk is taken line point.
as the previously found direction. In the Sun algorithm, we make the following two assumptions

Measurementdraw a profile at poinp;, perpendicular
to the directiont;, (profile 1). Calculate the profile’s
midpoint, p; .

(these assumptions are mentioned in [16] as well): 1) For small
intervals, the vessel’s centerline can be estimated by a straight
O E . o line; 2) The vessel's diameter function varies slowly enough

Correction:correct the position and the direction of th%o produce better correction by iterating the measurement and

estimated centerline point. Position is updategio : : . . )
Orientation is updated as follows: a line is drawn cororrection steps. The magnitude of the linear interpolaign

necting pointg;,_, andp?. A profile is drawn perpen used in the estimation step is taken to be proportional to the
k—1 N - , i i
dicular to the line (profile 2). vessel's radiuski, at that point

Iteration: repeat steps 3) and 4) for the corrected new
centerline point. d=KrR. (9)
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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 resultin 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.

Fig. 4. Sun algorithm; lllustration of the extrapolation-update process of V. PERFORMANCEEVALUATION STUDY

tracking. 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 betweershe
timatedcenterline and theeferencecenterline. 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
Fig. 5. Centerline calculation using a rotating T-shaped construct. 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 refer tod as thestem lengthThestem length coefficierkr, we use a correspondence scheme that is based on the fact that the

has a significant influence on the performance of the algorithm. . X .
; . . true centerline and the true profiles are known. We associate a
The optimal value foKr varies for different vessels.

The Bol lorithm is based on the followi terli oint on the estimated centerline that lies on a particular profile
‘e boison algonithm 1S based on the Tollowing CenterliNg, , e reference centerline: A perpendicular line (profile) is
definition: the midpoint of the intersection-points of profile

. L X rawn from a given selected point on the reference centerline.
drawn perpendicularly to it with the vessel borders (see Fig. §e jntersection point of the perpendicular with the estimated

The user defines an initial point for the centerline and its initidlenterline is used as the corresponding point of the estimated
direction. A new centerline point position and orientation argenteriine. This procedure assures that the two points lie on the
found using a T-shaped structure with long arms perpendiculgfme curvature radius (of the reference centerline). More for-
to a short stem which is anchored at its base to the previous cgfxlly: letr,,(6) = ro + (1/K, )c’® represent theth segment
terline point. The T-shape proportions are chosen as follows: ththe reference centerline in polar coordinates, whggds its
stem length is/ = KrR. The arms are of lengthi each. Note curvature, is its center of curvature anth < 6 < 6;. Let
that the dimensions are adaptive to the current center point g, 4; } denote the set of points representing the estimated cen-
the related radiugi. terline. Transforming the estimated centerline to a polar coor-

The T-shape structure is rotated and an orientation is soughtate system centeredsay, results with the sefrq + r;¢7% }
in which the distances from the intersected border points, alowhere theith point corresponds to poinf, (6;) of the reference
the two T-shape arms, are equal (up to a predefined threshotmnterling(fy < 8; < 6r). The radial distance between the two
The intersection of the stem and arms of the T-shape structuredsresponding points i, = (1/K,,) — r;. Orientation distance
the next point of the centerline. Note that the search for the néatween the two points;, is computed, in degrees, as the dif-
centerline point is constrained to a certain threshold afigle ference between the corresponding tangents at the selected pair
from the current estimated centerline direction. The orientati&h points. B-spline interpolation is conducted prior to the dis-
threshold is used to avoid situations in which the orientation {8nce computations.
large enough to enable backtracking in the reverse direction (i.e.Distance measures are computed based on the above-defined
algorithm decides on a previously found point as the next onégdial and orientation distances:nbrmalized global distance

As in the Sun algorithm, the Bolson algorithm includes an aefror is defined asdnorn = \/(1/N) SN (d2/r2), where
sumption that the centerline may be approximated by a straightis the vessel's radius at the measured point, &hik the
line for small distances (relative to the magnitude of the stemumber of points used for the distance error calculations. The
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Fig. 6. (a) Zero taper, no curvature. Results for the Sun and Bolson algorithms for different stenosis values (vessels #1—#12). Distance entatian@oor
are plotted, top and bottom, respectively. (b) Medium taper vessels-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-also used in the Sun algorithm. Taking into account the sig-
tance between centerlines near a stenosis, where the vessel'nifleance of thekr parameter (as discussed earlier) two values
ameter is small, should be considered more significant thanfet Kr were chosen (0.4 and 0.8) with which all the runs were
vicinities where the vessel's diameter is largeglabal orien- performed. The results will be dually presented. The additional
tation performance measuigdefined as the mean square erroBolson algorithm parameter, total search angle, is kept constant

(OMSE): Oyisp, = \/(1/N) YL, 02, whereO; is the orien- at+ 30°.

tation error measured in degrees atathepoint. In some exper- ~ The distance error is measured in pixels and the orientation
iments, a normalized version of the orientation measure is us€dors in degrees. A divergence is defined as a case in which the

Onornt = 1/K; /(1/N) E;\;l 0? wherek is the vessel's algorlthm_ f_alls to tr_a_lck more than 60% of th_e vess_e_l segment_’s
jth segment curvature. length. Initial conditions, such as starting point position and ori-

entation deviations, were set to zero.
B. Algorithm Parameters

Several parameters need to be defined in the implementatE)n
of the Sun and Bolson algorithms. In the Bolson algorithm, we In the following, we present a sample of experimental runs.
use two parameters: Kr, which is the magnitude constant ofA correspondence between the algorithms’ performance and
the stem length and 2) the total search angle. Khparameter the simulated vessel geometrical parameters is experimentally

Experimental Results
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—1—‘ Sun Kr=0.4 l I | Bolson Kr=0.4 “‘[—

(a) (b)

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

sought. We, therefore, focus on cases in which some errors ar&he final set of experimental results is shown in Figs. 10 and

present, i.e., deviations between the estimated and referehtdor the case oCurved vessels with Stenasis this vessel

centerlines are found. group, the vessels combine constant taper with variable stenosis,
We start with the case of eonstant tapewalue and dif- curvature and arclength [Table I(c) and Fig. 12(c)]. The images

fering levels of stenosis. The vessel is constructed of a singlee divided into three categories, in each one the vessel's curva-

zero curvature segment. Two different taper values (parameliéie and arclength are kept constant: Class I: curvatuded03,

a) are used: 0 and 0.00145, while altering the stenosis paramétéiength= 0.94 rad. Class Il: curvature: 0.0089, arclength

[Table I(a) and Fig. 12(a)]. The stenotic region is in the middie 1.25 rad. Class llI: curvature 0.015, arclength= 1.57 rad.

of the vessel’s arc-length. Fig. 6(a) and (b) present the resdfisFig- 10(a), the case dfr = 0.4 is shown. Sun algorithm

for the two taper cases. In Fig. 6(a), 13 errors are plotted, fagrformance shows an exponential behavior as a function of

each one of 13 vessels [vessel numbers #1-#12 in Table QQ stenosis, with a constant increase between the vessel cat-
g’ories. The Bolson algorithm exhibits divergence in all curva-

along with a vessel with zero stenosis]. In Fig. 6(b), eight err6i . ) 0 .
samples are plotted (corresponding to vessels #13—#19, aI&W§ classes at the high stenosis range (around 30%), and diver-

with a zero-stenosis vessel). In zero-taper vessels, the Bol§5h'c® at the hlgher curvatur'e cases (class Ill) at st_enosns levels
as low as 50%. An increase in thie parameter value improves

algorithm performance errors are of small magnitude and g L - . .
o ) . [Pe algorithm’s ability to cope with such vessels. This is shown
almost indifferent to the stenosis parameter, while the Sun al-

. . i . Fig. 10(b). WithKr = 0.8, the Sun algorithm performance
gorithm performance is exponentially related to the stenosis El’fanges as well. Divergence occurs at low stenosis for high cur-
rameter. In the 0.00145 taper vessels, both algorithms’ perf

. : ) %'fture and arc-length vessels (class Ill). A set of sample runs
mance shows an exponential type of behavior as a functlonig shown in Fig. 11. FoKr = 0.8, both algorithms perform

the stenosis parameter. Both algorithms show better results Wi Forkr — 0.4. Sun algorithm shows a jittery behavior. The

Kr = 0.8. ForKr = 0.4, the Sun algorithm may result in & sigq|son algorithm fails to track the vessel's centerline.
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. A main objective of this work is to present the concept of
Figs. 8 and 9 show example runs@iirved vessel (knee-type)benchmarking in QCA algorithms, using objective measures
scenarios[corresponding vessels are shown in Table I(b) arahd tools such as the synthetic vessel generation tool (SVG).
Fig. 12(b)]. The graphs of Fig. 8 present the Log of the perfoltis not our goal to provide a complete analysis of a particular
mance error as a function of the curved segment arcleffgth algorithm. Running experiments such as the ones presented en-
and curvature K). Both algorithms show a clear exponentiabbles a more complete understanding of a given algorithm’s sen-
relationship between the performance and the curvature (lins#ivity to geometrical parameters of the vessel, and also enables
in the Log scale). The Sun algorithm diverges for arc-lengthigning the algorithm’s parameters and comparing across algo-
larger than 0.92 radians (all curvature values). The Bolson algghms. In order to investigate correspondence between vessel
rithm shows a performance decreasing in a linear manner wigometry and algorithm performance, we implemented center-
curvature. Fig. 9 shows an example run for the Sun and Bolslime extraction algorithms that are based on two well-known al-
algorithm in curved vessels. gorithms in the literature. The reference algorithms of Sun [16]

VI. DISCUSSION
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Fig. 8. Highly curved vessels. Sun and Bolson algorithms’ performancé&ifes 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 i degrgds andtiplied

by 1000. Divergence is displayed as empty squares at the appropriate curvature value, if divergence occurred for all curvature values thegliseescace

not displayed.

and Bolson [26] are efficient algorithms that are the basis tfe reference centerline, in this ideal straight centerline case, to
many successful QCA systems. The results we present shagntization errors (pixel resolution) introduced in the synthetic
be considered in reference to the particular implementationinfage generation process. In the Sun algorithm, small devia-
the algorithms herein, as outlined in Section IV, as well as to thiens in the estimated point’s position can be translated to large
particular set of objective measures, as outlined in Section Vdeviations in orientation due to the small stem length. Fig. 7
An interesting set of observations and conclusions may frgght) shows a sample run witir = 0.4 and stenosis over
extracted from the experiments in Section V. In Fig. 6(a) arD% in which the Bolson algorithm does not handle the rapid
(b), we see that the Bolson algorithm is sensitive to the vessatisanges of the vessel's diameter function and results in diver-
taper value, as well as to the added stenosis, while the Sun algence. In this case, small deviations from the reference center-
rithm is sensitive to the stenosis, regardless of the taper diaméditee build up and cause divergence in the stenosis vicinity. From
change. Fig. 7 demonstrates that for sriaithe Sun algorithm the set of experiments shown in Figs. 8 and 9 we conclude that
may result in a sinusoidal (jittery) behavior in the stenosis réhe Sun algorithm has difficulty in coping with highly curved,
gion. We associate the deviation of the estimated centerline fréong arc-length segments. The arc-length parameter has a strong
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Fig. 9. (a)Bolson and (b) Sun results with: = 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 astilira¢qubags. In

the small graphs, the distance and absolute orientation errors are displayed as a function of the reference centerline arc-length. Sun Ishowsogiffigwvith

highly curved segment, divergence occurs when applied kith= 0.8.

impact on the performance of the algorithm, with more sevete find the next centerline point in a rapidly changing diameter
response at largé€r. The Bolson algorithm seems to be mordunction (e.g., near a stenosis). Using a stem that is too big re-
robust to arc-length changes, with performance decreasing iawis in difficulties in tracking a highly curved centerline. The
linear manner with curvature. Sun algorithm is more sensitive to highly curved segments; thus
An analysis of cases in which a stenosis is added to the curdbd dominant parameter is the vessel curvature and arc-length
vessels is presented in Figs. 10 and 11. In the caBa ef 0.4 for large values oKr.
[see Fig. 10(a)], the Sun algorithm performance shows an ex-An increase in centerline estimation error is seen with the ad-
ponential behavior as a function of the stenosis, with a constatition of curvature into the vessel. Comparing Figs. 6 with 10,
increase between the vessel categories. The Bolson algoritvmnote that in the Sun algorithm, there is a stronger increase in
shows inferior results, with divergence in all curvature classesror with increase in stenosis. For example, at the 90% range
at the high stenosis range (around 90%), and divergence atiwhth Kr = 0.8, the Sun algorithm shows an error of 100-200
higher curvature cases (class Ill) at stenosis levels as lowazels [see Fig. 6(b)] while an error of 400 pixels is present with
50%. The results of the Bolson algorithm may be explained loyrvature added [see Fig. 10(b)]. In the Bolson algorithm, intro-
its lack of an orientation continuity constraint and thus its failuré@ucing additional curvature resulted in the divergence occurring
to cope with rapidly changing diameter vessels. An increaseahlower stenosis percentile. With no curvature Erd= 0.4, di-
theKr parameter value improves the algorithm’s ability to copeergence occurs at 90% stenosis [see Fig. 6(b)] while with the
with such vessels. This is shown in Fig. 10(b), wifh = 0.8. added curvature divergence occurs already at the 50% stenosis
The Sun algorithm performance changes with the increaserémge [see Fig. 10(a)]. These results indicate that a given QCA
Kr as well. Here we see that divergence occurs at low stenosigorithm’s performance does in fact depend on the vessel ge-
for high curvature and arc-length vessels (class IIl). A possibbenetry.
explanation for the fact that no divergence was experienced affhe experiments presented were performed on a small set of
larger stenosis is that a stenosis introduced on top of the curglzda thus the results need to be considered with care. Position
vessel effectively reduces thé parameter at the stenosis reand orientation errors are used throughout. Although we expect
gion, effectively bringing us back to the small€r scenario.  that the orientation information is important, in this set of exper-
From the set of experiments conducted, we may conclude tiraents there was no clear distinction between the two. Initial ex-
the set of synthetic vessels can be divided into two major groupgrimentation of asymmetric vessels [Table I(d) and Fig. 12(d)]
one corresponding tbighly curved vesseland the other to did not exhibit any differences in the results.
rapidly changing diametevessels. 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 We presented a simulation tool (SVG) for generating syn-
functions. The Bolson algorithm has difficulties in coping witlthetic vessel angiographic images under predetermined geomet-
vessels with a rapidly changing diameter and, therefore, theal parameters. A method for calculating global performance
dominant parameter is the vessel’'s stenosis, especially for srmadlasures based on the comparison of the reference centerline
Kr values. Using a stem that is too short results in difficultiesnd an estimated centerline was implemented. The simulation

VIl. CONCLUSION
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Fig. 10. Sun and Bolson algorithms’ performances forl{a)= 0.4 and (b)Kr = 0.8 as a function of stenosis in three classes of knee type vessels. Class I:
curvature= 0.003, arclengtt= 0.94 rad (vessels #44—#46). Class II: curvatar8.0089, arclength= 1.25 rad (vessels #47-#49). Class Ill: curvaterd.015,

arclength= 1.57 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 pointdilkeedtie stimated
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 gisdch as minimal distance correspondence). Once selected and
a means of understanding the relation between the algorithrashsistently applied in the evaluation study, the sensitivity of
performances and the geometrical parameters of the vesselthe different algorithms to vessel geometry can be analyzed and
The paper, in its current version, is more of a concept-preseompared. In future work, we plan to focus on a more exhaus-
tation. First, we raise the possibility and need for benchmarkitige performance evaluation study, using the concepts thus pre-
QCA algorithms, such as centerline extraction algorithms. Véented. A comparison is needed between additional and more
present a first step in this direction, in which we introduce thgpdated centerline extraction algorithms available in the liter-
idea of a synthetic vessel generation (SVG) and study tool, aaire. Using the SVG tool, sensitivities of existing algorithms
demonstrate several of its capabilities with a couple of classi@an be learned, leading to the possibility of developing updated
well-known algorithms from the literature. A second concefenterline extraction algorithms.
we present in the paper is the idea of the dependence of QCAA current limitation of the SVG tool is that there is no auto-
performance on vessel geometry. We believe this issue has maitic means to prevent the generation of extreme geometrical
been addressed in the literature, and we are able to demonstrataitions, such as vessel self-intersection. In the current ver-
its importance with the SVG tool and the two algorithms chosesion of the SVG system, this issue is the responsibility of the
In the performance evaluation procedure, it may be of imser. The vessel generation process is interactive and the user
terest to use additional distance measures to the ones proposay update the parameters to generate desired vessel geometry.
in this paper, as well as different means of determining corricluding predefined parameter ranges to ensure no self-inter-
spondence between the estimated and the reference centerkeesion is a desired feature of the system. We are currently ex-
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Fig. 12. Sample vessel images. (a) A set of vessels with zero curvature; zefgg
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 vesselg 9]
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, §20]
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. [21]

tending the SVG to include stenosis computations and intenyy
sity profiling. Important future work includes the consideration
of real angiographic data. The challenge is to extract an appross,
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. [24]
[25]
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