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ABSTRACT
This paper presents a 3D reconstruction method of coronary

arteries from multiple projections, that works efficiently in

two steps: first, a 2D processing is performed to obtain and

classify the vessels branches on the projections, estimating

also the radii. Then, a novel 3D reconstruction step is per-

formed from pair of projections, finding the best intersections

between ray bundles corresponding to the same branches to

extract the 3D vessel trajectories, that is robust to motion.

Topological constraints are included implicitly imposing ves-

sel connectivity and tubular construction. The preliminary

results presented here from a digital phantom and from real

data, show good accuracy and performance of the method.

Index Terms— 3D reconstruction, coronary arteries, pro-

jections, X-ray angiography, 3DCA, skeletons

1. INTRODUCTION

Assessment of coronary artery disease (CAD) is usually car-

ried out by Conventional Coronary Angiography (CCA) or

Computer Tomography Angiography (CTA), imaging [1], es-

pecially multi-detector CT (MDCT), that provides high im-

age quality overcoming 2D limitations of CCA such as vessel

overlapping and foreshortening. However, rotational X-ray

angiography or 3DCA can solve some of the disadvantages

of CCA, and compete with MDCT, with the use of motion

compensated reconstruction techniques. Additionally, 3DCA

can be acquired in the operation room, before and after treat-

ment, and still provides higher spatial resolution, making it

an extremely useful image modality to analyze coronary ar-

teries. The main problem in 3DCA is how to combine the

information of several projections compensating the cardiac

and respiratory motion, in order to construct a valid vascular

model. Additionally, there are some other problems, such as

intensity inhomogeneity, vessel foreshortening and overlap of

different structures such as the catheter, bones or diaphragm,

making this reconstruction a very challenging problem.
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Several techniques have been proposed for this particular

application. In [2], the reconstruction is performed computing

the 2D vessel centerlines from the projections, and search-

ing correspondences in them, to then obtain a 4D field rep-

resenting the motion, without using the ECG signal. In [3],

the background of the projections is removed using a top hat

filter, and then, a thresholded Algebraic Reconstruction Tech-

nique (ART) method of [4] is used for ECG gated projections.

In [5] a back-projection of the projections’ vesselness into a

3D volume is performed, using all the possible pairs of pro-

jections of the same ECG time step.Then, the 3D volume is

segmented using fast marching, to finally do a backtracking

to obtain the skeleton of the coronaries. In [6] reconstruction

is done by an optimization scheme from two uncalibrated an-

giographic images with 14 parameters involved, where two

errors are minimized, distances and direction vectors of cor-

responding skeleton points in the original projections and in

reconstructed skeleton projections. The correspondence of

centerline points between the two projections is carried out

using epipolar constraints.

The approach presented here has similar characteristics

to the works mentioned above. The method proceeds in two

steps: 2D angiographic processing plus a 3D reconstruction

stage, as in [2, 3, 5, 6]. However, there is no need here to

generate an initial reconstruction from the projections, as car-

ried out in [3] and [5], and the novelty of this method is a 3D

strategy to obtain the 3D centerlines of the coronaries, using

2D branches correspondences of the 2D skeletons, not point

to point as done in [2, 6] . This 3D process is novel, robust,

and is able to account for cardiac and respiratory motion. In

this paper we will focus in the 3D processing stage.

2. METHOD

The two stages proposed are: first, a 2D processing of the

projections to identify consistently the arteries’ branches, to

classify them across the entire sequence, and to compute the

vessel radii. Then, a 3D step is performed to obtain 3D mod-

els at different time steps.
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2.1. 2D projections processing

Given the complexity of this step, it will be outlined very

briefly here. The full description will be presented in a sepa-

rate work, and this paper will be focused on the 3D process-

ing stage. This 2D pipeline starts with a multi-scale vessel-

ness filtering [7] to obtain the main vessel structures. Then,

a 2D ridge extraction is carried out on the vesselness images

to find the curves representing the main vessels. This pro-

cessing provides a disconnected set of segments that will be

reconnected in the next step using a fast marching approach.

The resulting structure still needs some further processing, es-

pecially topological corrections, such as removal of non plau-

sible segments, inclusion of missing branches, and removal

of other structures (catheter, diaphragm and bones). Finally,

the branches are labeled on each projection using a strategy

exploiting the spatial coherence existing across the image se-

quence.

Fig. 1. 2D processing steps: (a) 2D angiographic projection, (b) color-

coded vesselness function, (c) extracted ridges, and (d) cleaned connected

components of the coronary tree.

2.2. 3D branch reconstruction from two projections

From the labeled 2D skeletons, the 3D structure of the vas-

cular tree can be extracted. In our case, the reconstruction

is done on pair of projections. Let’s denote Pn to projec-

tion n, and pn,j to the centerline points lying on Pn for the

jth branch. Here, branch is any segment between two bifur-

cations, or between one bifurcation and one end point. No-

tice that from the previous step, the branches correspondences

between any two projections n and m are already known:

L(pn,j) = L(pm,j) = j, ∀ n,m ∈ {1, ..., Np}, where L(p)

is the branch label corresponding to a point p, and Np the

number of projections. Then, let’s denote Rn,j , to the set of

rays (ray bundle) joining all branch points pn,j , to the focal

point fn, and Ri
n,j each of the ith individual rays,

Ri
n,j = pi

n,jfn ∀ i ∈ {1, ..., ln,j},
where pi

n,j is the ith point of branch j at projection n, and ln,j
is the length of branch j at projection n, see Fig. 2. Assuming

exact matching, from two projections corresponding to the

same cardiac phase, Pn,Pm, the problem of finding the 3D

coordinates of the points of branch j, qj , is reduced to find

the intersection points of the two set of rays:

qj = Rn,j ∩Rm,j .
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Fig. 2. Schematic view of two projections, correspondence of point qi
j

in the two projections, and rays generated from one of the branches in one

projection.

However, there is no exact matching due to respiratory

motion and other phenomena, such as non exact ECG gating

(corresponding projections are not necessarily at exactly the

same cardiac phase). Therefore, an estimation of the branches

positions in 3D has to be performed. The solution proposed

here for a single branch is to obtain the closest points on the

ray bundle Rn,j , with respect to the ray bundle Rm,j , with

Pn and Pm at the same cardiac phase, chosen from the ECG

signal, as shown in Fig. 3. We will consider the projection

Pn as the master projection and Pm, the guiding projection,

that is used to estimate the 3D position of the branch points

on the rays traced by the master one. More specifically, the

3D points of branch j are obtained as this:

qi
j = argmin

x
{d(x,Rk

m,j) | x ∈ Ri
n,j},

where i is the ray index on Rn,j and k is the corresponding

index on Rm,j . This correspondence means that if both ray

bundles have the same size, then k = i, but in the general case

of different size bundles:
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k = i · lm,j/ln,j .

The distance d(x,Rk
m,j) is the minimum Euclidean dis-

tance between Ri
n,j and Rk

m,j . Expressing them in paramet-

ric form:

Ri
u,j(s) = fu + s · (pi

u,j − fu) = fu + s · vi
u,j , u = {n,m}

then, the minimum distance between them is given by

d = |n ·w|,

where n is the normalized cross product of the ray directors

vectors: n = (vi
n,j × vi

m,j)/|vi
n,j × vi

m,j |, and w any vector

joining the two lines, for instance, w = fm − fn. Then, the

closest point on ray Ri
n,j to the ray Rk

m,j can be computed as

x = fn + tvi
n,j , where

t = (a22(v
i
n,j ·w)− a12(v

i
m,j ·w))/|A|,

and aij are the components of matrix A:

A =

(
vi
n,jv

i
n,j −vi

m,jv
i
n,j

vi
n,jv

i
m,j −vi

m,jv
i
m,j

)

2.3. Tree construction

The whole 3D centerline, C, is obtained joining all the

branches: C = ∪M
j=1qj . Here, a correct estimation of the

bifurcations is needed to assure a correct topology of the

3D centerline. The branches estimation described above is

performed independently for each segment, therefore, every

bifurcation location is estimated three times, (one for each

branch touching it). This can lead to small differences of the

bifurcation location estimated for each branch, due to motion

or overlapping. To solve this, the bifurcations locations ob-

tained independently are projected to the ray bl
n,jfn, and then

averaged, where bl
n,j is the bifurcation of branch j at level

l at Pn. The level l can have two values (0: proximal or 1:

distal), to uniquely identify the two possible bifurcations of a

branch. Finally, the branch points are corrected accordingly

near the bifurcation point, restricted to the position of their

ray bundles Rn,j . This process is repeated for each time

instant of the cardiac cycle to obtain a 3D+t sequence.

2.4. Radius computation

In the final step, the radius at each 3D point, qi
j is obtained

mapping back the radius computed at corresponding projec-

tion point pi
n,j , and weighted by the aperture effect of the

cone beam. If r2D(pi
n,j) is the radius value at Pn, then, this

value is assigned to qi
j as:

r3D(qi
j) = r2D(pi

n,j) · d(fn,qi
j)/d(fn,p

i
n,j).

Fig. 3. Ray bundles used to obtain one of the branches from two projections

This step assumes circular cross section of the arteries,

which is not true in general. A more realistic approach, using

information from more projections, has to be employed in the

future to obtain more accurate vessel models.

3. EXPERIMENTS AND RESULTS

3.1. Digital phantom

A digital vascular phantom and 14 forward projections from

it, were generated using the same focal and isocenter dis-

tances used in the real data sets. The first projection, P0,

was generated at an arbitrary direction, and the rest at angles

from 10◦ to 70◦, from P0 at steps of 5◦. Then, 13 reconstruc-

tions were computed using pair of projections: (P0,Pk), k ∈
{1, ..., 13}. Fig. 4 (a) shows the phantom and a reconstructed

volume using projections separated by 45◦, and in Fig. 4 (d)

the reconstructed centerline can be seen (red points) and can

be compared with the true centerline (green points). In Fig. 4

(e),(f), the actual projections used for the reconstruction are

shown, and the corresponding projections generated from the

45◦ reconstructed volume can be seen in Fig. 4 (b),(c) for

comparison.

Quantitative results have been carried out on the 13 vol-

umes to study the angle influence in the reconstruction. In

Fig. 5 (left), the average and standard deviation of the min-

imum distances between the reconstructed centerline points

Cr with respect to the true centerline points Ct is shown. The

minimum distance for each point p in Cr is computed as

dmin(p) = min(d(p, Ct)). Numerical results for volume

reconstructions, taking into account the vessel radii, are pre-

sented in Fig. 5 (right). There, the Jaccard (JC) index (in

red) and the Dice Similarity (DS) index (in blue) were com-

puted between the phantom and the reconstructed volumes.

From both experiments it follows that the error converges for

projection angle differences higher than 30◦, and the recon-

struction in this phantom is therefore good, with JC values up

to 0.72, DS values up to 0.83 and minimum average center-

line distance discrepancies around 0.51 mm. The main errors

are found near bifurcation and end points.
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Fig. 4. (a): phantom surface (yellow) and reconstructed volume (green);

(d): phantom surface, true centerline points (green points) and reconstructed

centerline points (red); (e-f): phantom projections used for the reconstruc-

tion; (b-c): corresponding projections of the reconstructed volume.

Fig. 5. Variation of the centerline deviation with respect to the ground

truth (left) and JC and DS indices between the reconstructed volumes and the

ground truth (right), with the projections angle difference.

3.2. Real data

Fig. 6 (left) shows four reconstructions from the left coronary

arteries of a patient data set, corresponding to four different

cardiac phases. Fig. 6 (right) shows one model from a dif-

ferent view reconstructed from two projections separated by

64.46◦. The vessels are color coded based on the radius value.

4. CONCLUSIONS

In this paper we have presented a method for the 3D recon-

struction of coronary arteries from 3DCA, using correspon-

dences between centerline branches and performing a bundle

ray matching to find the best 3D trajectories of the vessels.

The results presented here show good accuracy for a static

phantom, and correct topological reconstructions in real im-

age sequences, showing that the method is able to account for

cardiac motion on different cardiac phases. Although this is

a preliminary study in a small set of real data, showing good

Fig. 6. Coronary artery model reconstructed from real patient data. Left:

reconstructed models at four cardiac phases, right: top view of one recon-

struction.

performance, further validation should be made in a bigger

number of data sets.
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