
3D Vessel Reconstruction from Biplane Angiograms 
using Snakes 

P Radeva, R Toledo, C Von Land, J Villanueva 

Computer Vision Centre, Barcelona, Spain 

Abstract 

In this paper, we propose a physics-based model to 
segment and reconstruct coronary vessels from biplane 
angiograms. We use the snake technique to model the 
vessel, the snake deforms in space to adjust its 
projections to the image data. In this way, segmentation 
and 3 0  reconstruction are unified into the same 
procedure assuring that only plausible vessel shapes 
will be detected. The method is general allowing to 
reconstruct the coronary tree from any angles and 
distances. The results are encouraging. 

1. Introduction 

Traditionally, 3D vessel reconstruction techniques 
follow a bottom-up approach based on image feature 
extraction and reconstruction by interactively indicating 
corresponding point projections [ 1-41 or by exhaustive 
feature matching [5-81. However, this approach can not 
cope with ambiguities in the image interpretation (e.g. 
in branch or intersection points) nor the lack of 
precision in determining corresponding image points. In 
this work, we propose a top-down approach based on a 
3D deformable model (B-snake) of the vessels that 
deforms in an active way, adjusting its projections 
towards the image features. As a result, the spatial 
reconstruction and image segmentation are 
simultaneously obtained by detecting only plausible 
shapes for the vessels. These shapes are constrained by 
the physics-based model that implicitly incorporates 
spatial, continuity and structural constraints. 

In 3D vessel reconstruction techniques, spatial 
position of a vessel point can be recovered by 
calculating the intersection of projection rays to the 
corresponding points in biplane images [5].  In practice, 
due to systematic errors and difficulties in precisely 
determining corresponding points, a true intersection 
point does not exist. In these cases, the minimum 
distance reconstruction method is applied [2 ] .  In this 
paper, we achieve this by optimizing the B-snake 
model, so that the distance between projection rays for 
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each 3D point is minimised. In addition, in the B-snake 
approach all points of the vessels contribute to the 3D 
reconstruction instead of using a sparse set of points 
(usually, the bifurcation points). Furthermore, taking 
into account that the isocenter is not a sharp and stable 
point, we include its position in the optimization process 
to simultaneously refine global (related to the isocenter) 
and local (related to the vessel co-ordinates) parameters. 

The 3D reconstruction angiography approach by 
snakes has been proposed in [SI to recover 3D catheter 
paths in angiographic images. Here, we extend this 
approach refining the extemal force derived from 
image data, generalizing the method for any angles and 
number of views and including global (related to the 
isocenter) parameters into the optimization scheme. 

The article is organized as follows: in the next 
section we give a brief description of the geometry that 
defines the biplane angiography. In section 3 we briefly 
explain the snake technique and its application to the 3D 
reconstruction of the vessels. The paper finishes by 
discussing the results and presenting some conclusions. 

2. Biplane imaging geometry 

Standard biplane angiographic devices consist of two 
X-ray systems that can be rotated independently from 
each other. Two rotation axes are allowed: a horizontal 
axis in longitudinal direction with the table and a 
horizontal axis perpendicular to the table. The left-right 
movement of a system with respect to the patient 
defines the rotation angle. The angles by which a 
movement can be defined towards the head of the 
patient (cranial direction) or the feet (caudal direction) 
represent the angulation angles [2]. The projection axes 
of both systems intersect in the isocenter. The distances 
from the X-ray sources to the image intensifiers are 
predetermined before the image acquisition process. 

3D reconstruction techniques require a global 
reference system. In our case, the isocenter coincides 
with the origin of the co-ordinate system (see fig. 1). 
The x axis is horizontally directed in longitudinal 
direction of the table, the y axis is horizontal directed 
towards the left arm of the patient and the z axis is 
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Fig.1 Global reference system (x,y,z) with the 
projection planes and their local co-ordinate systems 
(k’,I‘,c? and (kr’ , l r ‘ ,crJ .  F‘ and F” represent the X-ray 
source positions. 

vertically directed and upwards. The local reference 
systems are chosen as left-hand oriented, triple orthogonal 
systems determined as follows [2]: 

T 
k = (0,cos a,sina) 

1 = -cosp,sinasinp,cos a s i n p  ) T  

I = (sinp,sina cos p, cos a cos p> 
T 

( 

where alfa and beta give the angulation and rotation 
angles. The vector c indicates the direction of the central 
beam of the X-ray cone while the vectors k and I are in 
the opposite direction of the image axes x and y .  

In order to reconstruct a point in a 3D space from 
several projections, its image points should be identified. 
The intersection point of the projection rays from the X- 
ray sources to the image points defines the 3D point. 
Given the acquisition parameters (X-ray source position, 
isocenter position, angulation and rotation angles and 
calibration factor m defined by the ratio of the true size of 
an object in mm to its projected size in pixels), the exact 
3D position can be found. 

Let us consider a point D and its projections D‘ and 
D” in two image planes. The intersection point of lines 
F’D’ and F”D” determines the 3D position of the point 
D. However, in practice, both lines do not usually 
intersect (see fig. 2) due to the limited accuracy of the 
projection geometry and the calibration factor or the 
presence of geometric image distortion. Then, the spatial 
location of the point D is computed as the point of 
minimal distance to both lines by the back-projection 
expression for the point D as follows [2]: 

- + +  -+ -+ 
OD = OF‘+ T F I D ~ +  ~ s ~ s t ~  (2) 

Fig. 2 The minimum distance reconstruction of 
corresponding points D’and D”. 

3. 3D reconstruction by snakes 

The equation (2) provides an estimation of the 3D 
position of vessel points given their corresponding image 
points. However, manually indicating each pair for all 
vessel points is very tedious and time-consuming. To 
facilitate the 3D reconstruction, we utilize a snake that is 
represented as a 3D curve. This elastic curve is deformed 
in space to adjust its projections to the image data. In this 
way, the segmentation and the reconstruction processes 
are integrated and the 3D vessel position is directly 
obtained. At the same time, only plausible shapes are 
recovered that agree with the image data and the 
structural and smoothness constraint of the snake. 

3.1. Snake definition 
A snake is an elastic curve with associated energy: 

where Q(u) =(X(u), Y(u),Z(u)) is the spatial representation 
of the snake curve. 
From its initial position, the snake is iteratively updated to 
adjust to the image data while maintaining a smooth 
shape. The convergence towards the image data is related 
to the definition of an external energy while the 
smoothness corresponds to the definition of an internal 
energy. The solution of the reconstruction process 
corresponds to a 3D snake that has a minimum energy, 
i.e. has converged to the closest set of image data that 
fulfils the smoothness constraint. 

The internal snake energy is defined as a sum of the 
membrane energy that operates like springs attracting 
successive points of the snake and the thin-plate energy 

774 



that prevents the snake from excessive twisting. The 
external energy of the snake is defined so that it reaches 
a minimum when it is projected into the vessel 
projections in the images. To this aim, we apply a ridge 
detector and then create a potential field P 
corresponding to each image where the distance to the 
closest ridge point is assigned to each point of the 
potential field. In this way, the external energy is 
minimal when the distance of each projected snake to 
the closest ridge is negligible. 

3.2. Generalized 3D external force 

In its original formulation [IO], the snake is a planar 
curve Q('(u),Y(u)) that deforms in the image plane to 
match the object's contour. The snake energy is 
minimized by applying the Euler-Lagrange equation that 
leads to the following equation [IO]: 

Q"' = ( A  + 9 ) - ' ( a t  + Fext), where (3) 

dP dP 
Fext = -VP(Q) = -(-, -)IQ, yis a damping para - 

dx dY 

meter, A is a stiffness matrix[ lo], P is the potential. 
In our case, the snake is a 3D curve, in order to apply 

(3) its 3D external force should be defined based on the 
image external forces. We use the relation (I) between a 
local (k,l,c) and global (x,y,z) co-ordinate systems: 

xi = -ki = cosaiy - sinaiz 

yi = -li = C O S ~ X  - sinaisinpiy - cosaisin4z 

de d e  dP. dP. 

dxi dyi dYi dxi 
V S  = -xi + - yi = cos pi 'x + (cos ai 1 - 

d e  d e  d q  
sin aisinpi -) y - (sin ai - + cos aisinpi -)z, 

dYi dxi dyi 

where i denotes the image view. 
Taking into account the magnification due to the 

perspective projection, we re-scale the magnitude of the 
image external force. Considering N projection planes, 
after term reduction we obtain the following expression 
for the generalized external force of the 3D snake from 
the N image potential fields: 

Fx = 

F~ = , C N A.m. ~ ( c o s a . - - s i n a . s i n ~ - )  d9; d9; [ I<.Ol+lOD I ]  I 
1 = 1  i i 1 dxi 2 1 dyi 

N 4mi dP dP 
Fz = - -(Sinai + cosapinq A)[I~O~+lOD'~] 

i = l  < Di dxi 'U i 

where /z i  is the potential weight of image i and Dt is 

the estimation of point D at iteration t. 
Given an initial snake located near the vessel of 

interest, at each iteration the snake is projected into the 
image planes, the external forces from each potential field 
are estimated, 3D external force is generalized and the 
iterative equation (3) is applied. An example of vessel 
reconstruction from anterior and lateral views is shown in 
fig.3. 

3.3. Optimization of the isocenter position 

It has been shown [2] that the isocenter is not a sharp 
and stable point during the image acquisition. Mechanical 
influences such as gravity and movement tolerances can 

blur the isocenter to an unsharp cloud. Obviously, the co- 
ordinates of the isocenter take part in the correct 
estimation of the projection of the 3D curve model. We 
consider that the isocenter can suffer small movement as 
well as small error in its precise estimate. To cope with 
this problem, we apply an optimization process after each 
convergence of the snake to update the isocenter co- 
ordinates. Given N views (images) and M points of the 
vessel model, an energy function is defined as a sum of 
the distances of the projections of the obtained model 
points to the closest image data: 

N M  
H = d(D..G..)  where G.. istheclosest i = l j = 1  Y Y Y 

j .  ridge point in potential 5 to the projection of point D 

Gradient descent method is applied to the isocenter co- 
ordinates so that this error function is minimized. 
The results showed that the two-step procedure consisting 
of updating snake parameters and isocenter co-ordinates 
reduces the error function H assuring better convergence 
properties and more precise reconstsuction during the 
optimization process (see fig.4). 
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Fig3. Vessel 

2 0  
1 8  

w '6 
0 1 4  
r= 1 2  

1 0  

m *  
6 

w 

.- 
* 4  

2 
0 

reconstruction by  spatial snakes 

1 0  6 0  1 1 0  1 6 0  2 1 0  2 6 0  310 

ite r a t i o  n 
Fig.4 Snake convergence in the two-phase optimization 

procedure. Isocenter co-ordinates have been updated at  
iteration 130, 210 and 270. 

4. Conclusions 

In this paper, we  apply a snake model to segment and 
reconstruct the coronary vessels in a semiautomatic way. 
The advantages of this approach are that no  exact user- 
provided point correspondence is necessary. The snake 
evolves in the space to adjust to the image data; as a result 
the model provides such a correspondence between the 
image points. The results showed that the technique is 
optimal from point of view of the minimal reconstruction 
error defined as the distance between the projection rays. 
Furthermore, the reconstruction is improved when 
isocenter co-ordinates are iteratively updated. The results 
obtained are encouraging and our future research plans 
include to fuse spatial information from biplane 
angiograms with structural information provided by  intra- 
vascular ultrasound images. 
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