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Abst rac t .  This paper presents a prototype segmentation system for 
three-dimensional ultrasound data. 3D ultrasound is cheap and non- 
invasive but the data has a low signal-to-noise ratio and contains arti- 
facts. To overcome these difficulties we have developed a system which 
uses a prior model, initialised by a clinician, to provide the starting point 
for a data-driven segmentation algorithm based on active contours. Re- 
sults are presented showing how the technique can facilitate the segmen- 
tation of a gall-bladder. 

1 I n t r o d u c t i o n  

3D ultrasound is a new imaging modality with the potential  to offer fully three- 
dimensional visualisation and measurement of anatomical structures without the 
radiation required for CT or the cost of MRI. In order to assemble a 3D block 
of ultrasound da ta  it is necessary to record the position and orientation of the 
scanning head when each set of echo responses are received. We use a Polhemus 
Fastrak magnetic sensor to measure the position and orientation of the probe 
on a conventional B-scan ultrasound machine. The  resulting free-hand system 
provides an inexpensive way of recording 3D data  of arbi t rary shape and size. 
Furthermore, all the usual features of the B-scan machine such as a wide choice 
of probes and any Doppler facility can still be used. 

There is a clinical requirement to measure changes in the volumes of various 
organs over time. Such data  is used to monitor the progression of a disease or 
its response to t reatment .  For example, it is useful to measure the reduction 
in prostate size during reductase inhibitor therapy, and changes in splenic size 
during enzyme replacement therapy for Gaucher 's disease. Current techniques 
for performing these measurements using ultrasound are either of limited accu- 
racy or involve meticulous hand segmentation of the images which is very labour 
intensive. 

Most current automatic  segmentation techniques used in medical applica- 
tions have been developed for CT or MRI images and perform badly with the 
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high noise present in ultrasound. The free-hand 3D ultrasound data used in the 
present work can come in slices at any orientation. This means that the organ 
boundary in one slice will not always provide a good initial estimate for the seg- 
mentation of the next. Neither active contours, nor texture based segmentation 
will work automatically without clinical interaction to limit the search space 
and, where necessary, adjust the final solution. Model-based segmentation alone 
is not as accurate as a manual approach and requires initialisation by a clinician. 

The novel contribution of this paper is to propose a hybrid approach making 
use of three sources of information: a deformable model [11], an active contour 
algorithm [4, 8] and a clinician. Initially, a solid deformable model is used to 
compute an approximate segmentation of the data. This is then used to initialise 
an active contour algorithm which runs interactively under the supervision of the 
clinician. Once each of the slices has been individually segmented the resulting 
contours are used to reconstruct the organ volume using Delaunay tetrahedrani- 
sation [4]. This strategy has the potential to greatly increase the speed at which 
a segmentation can be performed while maintaining the accuracy of the manual 
approach through interactive clinical supervision. 

2 Background 

A wide variety of automatic techniques have been applied to the segmenta- 
tion of medical images [5] including thresholding and texture-based approaches, 
multi-scale techniques, region growing methods, model-based systems [6, 9] and 
algorithms based on snakes or active contours [7, 3, 8]. Combinations of these ap- 
proaches have been explored and, for more difficult applications, semi-automatic 
systems have been developed in which the algorithms run interactively under the 
supervision of a clinician [1, 10]. 

As is mentioned in the previous section, ultrasound data is particularly dif- 
ficult to segment because of the speckle and low signal-to-noise ratio [2]. In 
the case of free-hand 3D ultrasound we have the benefit of being able to relate 
each data point to its three dimensional environment, but there are also added 
complexities caused by the irregular multi-axial arrangement of the 2D slices in 
space. 

3 T h e  S t r u c t u r e  o f  t h e  S e g m e n t a t i o n  S y s t e m  

To address the difficulties listed above we have chosen to develop an interactive 
system, see figure 1. The clinician chooses the prior model and aligns it with 
the ultrasound data block by specifying correspondences between the two in 3D 
space. The computer deforms the model to fit the points specified by the clinician 
and computes the intersection of the model with each ultrasound slice. These 
intersections provide the starting point for an active contour based segmentation 
procedure which again involves the clinician. Where the angle between two image 
slices is small the initial contour can be projected from the previous slice that 
has been segmented [4]. At the start of the segmentation process, when the slices 
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Figure 1: Block diagram of the segmentation system 

move outside the organ, or when the slice angle changes significantly the trial 
contour is reinitialised from the model. 

4 D e f o r m a b l e  S o l i d  M o d e l s  

In this section the modes of deformation of organ shapes are derived by using the 
finite element method to compute numerical solutions to the wave equation. The 
organs are assumed to be homogeneous and linear-elastic under the deformations 
being considered. 

The model is treated as an elastic body whose displacements at n sample 
points are described by a vector u. The elastic equilibrium implied by the wave 
equation then takes the form of a discretely sampled equilibrium system 

M i i  + K u  = 0 (1) 

which is of order 3n, since there are 3 displacement components at each sample 
point. In [11] we show how the body's mass matrix M and stiffness matrix K 
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are assembled 1. 

Just  as the wave equation can be expanded into eigenfunctions, the equilib- 
rium equation (1) can be expanded into orthogonal FEM eigenmodes q~, which 
are sampled and linearised approximations to the wave equation's eigenfunctions. 
First use separation of variables to solve equation (1) 

U --~ ~ ) i e  j~o't (2) 

where wi is the natural-frequency of vibration associated with ~b i (note that  
j = x/-Z1 here). Applying this simple harmonic solution to equation (1) results 
in the eigenproblem 

Kd~ i = w~M¢i. (3) 

Given the mass matrix M and stiffness matr ix K of an organ model, this 
eigenproblem is solved to give the eigenmodes ~b i and eigenvalues w 2. Eigenpairs 
(~bi, w 2) are usually collected into the matrices (~ ,  ~2) and ranked in increasing 

= 

order of eigenvalue 

( ¢ , ,  . . . ,  (4)  0) 
o . (5)  

0 ~32~ 

By collecting eigenpairs into the matrices (I) and ~2 2 equation (3) can be 
rewrit ten as 

K +  -- M(I)~ 2. (6) 

This is the generalised eigenproblem for the matr ix pair (M, K).  It occurs fre- 
quently in finite element analysis of structures, and there are powerful numerical 
techniques for computing • and ~2. 

Equation 6 shows how the model's deformation u, can be described by pro- 
jecting u onto the complete set of eigenmodes (I). This approach is known as 
modal analysis, and is the natural approach to analysing structural deforma- 
tion. The eigenmodes are an approximation to the elastic eigenfunctions, which 
describe the organ's shape variation. 

5 A c t i v e  C o n t o u r s  

Active contours or snakes are splines modelled as physical objects inhabiting 
some image space, which translate and deform under the action of a number 
of forces. In some cases deformation continues until the splines reach static 
equilibrium, but in others the motion of the spline is more relevant. In this 
work, closed or open piecewise linear splines (chains) are used to represent organ 

1M > 0 and K > 0 are both symmetric. K is positive semi-definite because an unsupported 
body can freely undergo rigid-body rotation and translation. 
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boundaries within a B-scan plane. Two types of force are relevant; an internal 
or unbending force which encourages smooth contour shapes, and an external 
or image force which encourages the contour to be located in regions which are 
heterogeneous with respect to some feature value. The external force may be 
described by a potential but the internal force cannot be. Additionally, vertices 
of the chain may be constrained to lie in fixed position rather than moving under 
the influence of the forces. 

By analogy with physics, a contour is given a dynamic state. The net force 
acting on each vertex produces a rate of change of its velocity Vk. This force 
is taken to be a weighted sum of the internal and external forces described 
above combined with a dissipative damping force serving to reduce oscillations. 
The scheme used in the present work is adapted from [8] and fully described in 
[4]. Deformation may be paused and contours manually shifted to correct for 
segmentation errors. Termination of deformation is also manually controlled. 

6 T h e  S e g m e n t a t i o n  S y s t e m  i n  A c t i o n  

We now describe the complete segmentation process and illustrate it using 
data from a 3D scan of a gall-bladder. The process begins with a set of two- 
dimensional ultrasound scans and a mathematical model of the organ to be 
segmented. 

Figure 2(a) shows a typical 2D scan, figure 2(b) shows the positions of all 
these scans in the 3D data-set. A symbol like 2(c) is drawn to indicate the 
position of each scan plane. In 2(c) the scan planes are viewed edge-on and 
therefore appear almost as straight lines. 

A uniformly tessellated ellipsoid is chosen as the prior model. The seventh 
eigenmode of this solid model is shown in figure 3. The first six eigenmodes are 
rigid-body transformations of translation and rotation. This figure shows the 
simplest model distortions which are available to make the model fit the data. 

The clinician chooses a scan plane that passes longitudinally through the 
middle of the gall-bladder and, using the graphical user interface, specifies a 
small number of correspondences between points on the scan plane and points 
on the model. Four correspondences will establish a match making use of the 
first seven eigenmodes of the model. More points could be chosen, using more 
than one scan plane, and a match would be performed using higher order modes. 
In this example we use just four points, see figure 4. 

The model is aligned with the data using the four correspondences, then 
scaled and deformed to fit. The accuracy of the fit is determined by a stiffness 
parameter in the algorithm which controls the degree of distortion. 

Now that the data and the model are aligned, the intersection of the model 
with any scan plane can be computed and used as an initial segmentation. The 
main benefit of the current approach becomes apparent when we come to segment 
ultrasound slices taken in different directions than the original plane in which the 
correspondences were specified. In these cases, simpler methods of automatically 
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Figure 2: Format of the 3D ultrasound data  

initiMising the trim contour fail but the intersection with the model is still easy 
to compute. Figure 5 shows the results from one such plane. 

7 D i s c u s s i o n  a n d  C o n c l u s i o n s  

We have presented a new semi-automatic segmentation system for 3D ultrasound 
that  uses deformable solid models to initialise an active contour algorithm. This 
combination of a top-down model-based approach with a data-driven contour 
segmentation algorithm enables us to reduce the effort required from the clinician 
to perform the mechanical repetitive parts of the segmentation while retaining 
clinical involvement in the key aspects of the process that  ensure an accurate 
end result. 
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