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A b s t r a c t  

In this paper, we generalize the deformable model [4, 7] to a 3-D model, which evolves in 
3-D images, under the action of internal forces (describing some elasticity properties of 
the surface), and external forces attracting the surface toward some detected edgels. Our 
formalism leads to the minimization of an energy which is expressed as a functional. We 
use a variational approach and a finite element method to actually express the surface in a 
discrete basis of continuous functions. This leads to a reduced computational complexity 
and a better numerical stability. 

The power of the present approach to segment 3-D images is demonstrated by a set 
of experimental results on various complex medical 3-D images. 

Another contribution of this approach is the possibility to infer easily the differential 
structure of the segmented surface. As we end-up with an analytical description of the 
surface, this allows to compute for instance its first and second fundamental  forms. From 
this, one can extract a curvature primal sketch of the surface, including some intrinsic 
features which can be used as landmarks for 3-D image interpretation. 

1 E n e r g y  M i n i m i z i n g  S u r f a c e s  

We consider a parameterized surface v(s, r) : (z(s, r), y(s, r), z(s, r)) (where (s, r) e ~ : 
[0, 1] • [0, 1]). The location and the shape of this surface are characterized by minimizing 

the functional: E(v) -= Eloc~t~o~(v) + E,,~oo~h(v). 

The functional Ezo~at~on(v) : In  P(v(s, r)) dsdr 

allows the surface to be located accurately at the image features. If  these features are 
image contours, the function P depends on the 3-D gradient images and can be set to 
P -- - IV2:[ ~ (where 2: is the 3-D image convolved with a gaussian function), a complete 
discussion on the choice of the potential P is given in [2]. 

The functional 

f o .  ~ av  ~ o~v ~ a ~  2 a ~  12 
E ,,~ooth ( v ) s --0S + WO1 ~r + 2wll OsOr + w20 ~0s 2 + w02 ~ ds dr ~/?10 

measures the regularity or the smoothness of the surface v. Minimizing E,mooth(v) con- 
strains the surface v to be smooth. The parameters wij represent the mechanical proper- 
ties of the surface. They determine its elasticity (wl0,wox), rigidity (w2o,wo2) and twist 
(wll).  These parameters act on the shape of the function v, and are also called the 
regularization parameters. 

* This work was partially supported by Digital Equipment Corporation. 
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A characterization of a function v minimizing the energy E is done by the Euler- 
Lagrange equation, it represents the necessary condition for v to be a minimum of E.  
The energy function Elocation is not convex, there may be many local minima of Etocatio~. 
The  Euler-Lagrange equation may characterize any such local minimum. But a s  we are 
interested in finding a 3-D contour in a given area, we assume in fact that  we have a 
rough prior estimation of the surface. This estimation is used to solve the associated 
evolution equation: 

~ - ~  l o ~ 7 } - ~  ol~j-~ ~ - ~  ll~-~j~--~ ~ 2o-~ F--~ ~ o~r-~ / - -  ~ } 
(0, s, r) = vo(s, r) initial estimation 

Boundary Conditions 
(]) 

The boundary conditions allow to constrain the topology of the surface (see [5] for varying 
topology models). We solve Eq. 1 with a Finite Element Method (FEM). This leads to 
the solution of a positive definite linear system solved by a Conjugate Gradient method 
(for more details see [1]). 

2 I n f e r r i n g  t h e  D i f f e r e n t i a l  S t r u c t u r e  f r o m  3 - D  I m a g e s  

In the following we assume that  the surface has localized accurately the 3-D image edges, 
which means that  we have reached a minimum of E. We now use this surface to compute 
the differential characteristics of the 3-D image surface boundary. This computat ion can 
be done analytically at each point of the surface since the use of FEM gives us an analytic 
representation of the surface v(s, r). In Fig. 5, one can visualize the value of the larger 
principal curvature. The results appear to be qualitatively correct, and can be compared 
to those obtained in [6] by another method. Our results are a little more noisy, but  the 
advantage is tha t  the segmentation and curvature are computed simultaneously. Also, our 
approach appears to be computationally much less expensive. The computat ion of the 
principal curvatures can be enhanced by taking into account the normals of the surface 
(see for details [1]). 

3 Conc lus ion  a n d  F u t u r e  R e s e a r c h  

We have shown how a deformable surface can be used to segment 3-D images by mini- 
mizing an appropriate energy. The minimization process is done by a variational method 
with finite elements. Our formalism leads to a reduced algorithmic complexity and pro- 
vides an analytical representation of the surface. This last feature is the most impor tant  
one for inferring differential structures of the surface. These characteristics provide a 
helpful tool for recognizing 3-D objects [3]. 
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4 Experimental Results 

Fig. I. In this example we use a deformable surface constrained by boundaries conditions (cylin- 
der type) to segment the inside cavity of the left ventricle, Overlays of some cross sections (in 
grey) of the initial estimation (top) and the obtained surface (bottom) and a 3-D representation 
of the inside cavity of the left ventricle. 
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Fig.  2. We have applied the 3-D deformable model to a magnet ic  Resonance image of the head, 
to segment the face. This figure represents some cross sections of the initial es t imate  given by 
the user. 

F ig .  3. Here we represent  the surface, once we have reached a min imum of the energy g .  Some 
vertical and horizontal  cross sections of the surface are given. They show an accurate  localization 
of the  surface at  the edge points. 
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Fig.  4. A 3-D representat ion of the  surface using AVS. 

F ig .  5. A representa t ion of the ex t rema of the principal curvatures.  The  high values of the ex- 
t r ema  are in black and  the low values are in light grey. These values characterize some s t ructures  
of the  human  face such the eyebrows and the nose. 


