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A Computer-Aided Design System for
Segmentation of Volumetric Images

Marcel Jackowski*and Ardeshir Goshtasby!

Abstract-Automatic image segmentation methods often produce errors that require the user’s
assistance to correct them. In this paper, a computer-aided design system is introduced that
enables the user to effectively correct such errors. The proposed system approximates a 3-D
region by a parametric surface and overlays the surface with the volumetric image. It then
provides tools for the user to effectively revise the surface by viewing both the surface and
the volumetric image and pulling or pushing the surface locally until the desired region is
formed. Surface approximation is achieved by spherically parametrizing voxels belonging to
the region and using the positions and parameters of the voxels in a least-squares approach
to find the control points of the surface. The only limitation of the system is that it works
only on spherical topology regions. With this system, the user typically needs only a few
minutes to correct local errors obtained by an automatic segmentation method.

1 Introduction

Image segmentation is the process of partitioning an image into meaningful regions. For
the regions to be meaningful, they should represent objects or their parts. Difficulties arise
when properties within objects vary or boundaries of objects become blurred. The problem is
worsened when sensor inaccuracies exist and noise is present in the image. These variations,
which are often unpredictable, make it impossible to develop an automatic method that can
segment all images correctly. Because a high accuracy is demanded in the segmentation
of medical images, the user has a critical role in examining the results and correcting the
possible errors.

Image segmentation is perhaps the most studied area in image analysis. A large number
of papers on this topic is published annually in image analysis journals and conference
proceedings. The developed methods often take into consideration various properties of
images or objects, and when such properties deviate from the anticipated ones, errors occur.
Even for a limited class of images, for instance MR brain images, various methods have
been developed, none of which is guaranteed to work correctly on a new image. This may
be because there are sensor variations; variations in the brain’s shape, size, and intensity
distribution; and variations in intensities of tissues surrounding the brain. Since an error-
proof image segmentation method cannot be developed, user assistance is needed to correct
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the obtained errors. At present, the best one can hope for is to have a segmentation method
that can correctly find most areas of an object of interest, and in areas where it makes a
mistake, allow the user to correct them.

We have developed a computer-aided design system that allows a user to revise the
result of an automatically determined segmentation. We assume the region obtained by an
automatic method has a spherical topology. We also assume the region represents voxels
forming the bounding surface of an object of interest in a volumetric image. The developed
system fits a parametric surface to the voxels and overlays the surface with the volumetric
image. By viewing both the image and the surface, the surface is edited until the desired
shape is obtained. The idea behind the proposed method is depicted in Fig. 1.
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Figure 1: The computer-aided design system used in region editing. The system starts with
a region obtained from an automatic segmentation method. It then represents the region by
a free-form parametric surface and overlays the surface with the volumetric image. The user
then revises the surface while viewing both the volumetric image and the surface. The final
result is generated parametrically or in digital form.

Various user-guided and interactive segmentation methods have been developed. Bar-
rett, Falcao, Udupa, Mortensen, and others [1] [8] [21] [22] [26] describe a method known
as “live-wire” with which a user roughly draws the boundary of a region of interest. An
automatic process then takes over and revises the boundary by optimizing a cost function.
An alternative method is introduced that allows the user to select a number of points on
the region boundary, and the program then automatically finds boundary segments between
consecutive points, again by minimizing the related cost functions. These methods have
been optimized for speed [9]. They have also been extended to 3-D [7]. In 3-D, the program
receives boundary contours in a few strategically placed slices and produces contours in other
slices.

Cabral et al. [4] describe editing tools that are associated with a region-growing method,
enabling a user to add or remove image voxels in a region to revise the region. Hinshaw and
Brinkley [14] developed a 3-D shape model that uses prior knowledge of an object’s structure
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to guide the search for the object. Object structure is interactively specified with a graphical
user interface.

Hohne and Hanson [15] developed low-level segmentation functions based on morpholog-
ical operators that interactively delineate regions of interest. Pizer et al. [24] describe a
method that segments a volumetric image into regions at a hierarchy of resolutions. Then,
the user, by pointing to an object in a cross-sectional image at a certain resolution, selects
and revises a region. Welte et al. [27] describe an interactive method for separating vessels
from each other and from the background in MR angiographic images. To reduce the com-
plexity of the displayed structures during the interactive segmentation, a capability to select
substructures of interest is provided.

Energy-minimizing models or “snakes” are another set of tools that can be used to guide
a segmentation and revise the obtained results [18] [20]. With an energy-minimizing model,
a contour or a wireframe is initiated approximately where an object of interest is believed
to exist. An optimization process is then activated to iteratively revise the contour or the
wireframe to minimize a local cost function that defines the energy of the snake. Since some
points in a snake may trap in local minima, the globally optimal solution may be missed.
To avoid this, often the user is allowed to intervene and either move some of the snake’s
points that are thought to have converged to local minima, or guide the snake to the optimal
position by interactively controlling the external forces.

An interactive segmentation method based on a genetic algorithm is described by Cagnoni
et al. [5]. In this method, the boundary contour of a region of interest is manually drawn
in one of the slices. The boundary contour is then considered an initial contour in the
subsequent slice and the contour is refined by a genetic algorithm using image information.
The refined boundary is then considered an initial contour in the next slice and the process
is repeated until all slices in a volumetric image are segmented. Interactive segmentation
methods provide varying levels of user control. The control can be as little as selecting
a contour among many [19] or as much as manually drawing a complete region boundary.
Methods that require a lot of user interaction are highly reliable, but they also have a high
inter-user variability. On the other hand, methods that require very little user interaction are
not as reliable, but they have a low inter-user variability. A survey of interactive segmentation
methods providing different levels of user control is given by Olabarriaga and Smeulders [23].

The new idea introduced in this paper is to use the capabilities of a computer-aided
design system to quickly and effectively refine the result of a 3-D segmentation, just like
editing a 3-D geometric model. By having a mental picture of an object of interest and
viewing the information present in a volumetric image, the user interactively modifies the
result of an automatically obtained segmentation until the desired shape is sculpted. This is
achieved by representing the region by a parametric surface and overlaying the surface with
the volumetric image. Then, the user views both the image and the surface together and
modifies the surface until the satisfactory region is obtained.

We assume an automatic segmentation method that correctly finds most parts of a region
of interest is available. The capability introduced in this paper enables the user to revise
parts of the region that are believed to be inaccurate. This revision is achieved through
a mechanism that sculpts a desired shape from a rough initial one. The proposed method
is not the same as a dynamic snake model that creates a desired shape by interactively
changing the external forces that guide the snake [20]. Rather, it is based on a parametric



surface fitting and editing model.

2 The Computer-Aided Design System

We assume a volumetric image has been segmented and a region of interest has been ex-
tracted. We also assume the given region is composed of connected voxels that represent
the bounding surface of an object of interest. We will call such a region a digital volumetric
shape, or a digital shape. In the following, a method that approximates a digital shape by
a parametric surface is described. Since voxels belonging to a digital shape do not usually
form a regular grid, we choose the rational Gaussian (RaG) formulation [11] [12], which does
not require a regular grid of control points to represent a free-form shape. We will show
how to parametrize voxels in a digital shape and how to determine the control points of a
RaG surface that approximate the digital shape by the least-squares method. The obtained
RaG surface is then overlaid with the volumetric image and the user is allowed to revise the
surface by moving its control points.

2.1 Surface Approximation

Given a set of (control) points {V; : i = 1,...,n}, the RaG surface that approximates the
points is given by [11, 12]

P(u,v) = zn:Vigi(u,v), u,v € [0,1], (1)

i=1
where g;(u,v) is the ¢th blending function of the surface defined by

and G;(u,v) is a 2-D Gaussian of height 1 centered at (u;, v;):
Gi(u,v) = exp{—[(u — w;)* + (v — v;)*] /20°}. (3)

{(us,v;) i =1,...,n} are the parameter coordinates associated with the points. The pa-
rameter coordinates determine the adjacency relation between the points. In the subsequent
section, we will see how to estimate them. Formulas (1)—(3) are for an open surface. If a
surface is required to close from one side, like a generalized cylinder, formula (3) should be
replaced with

Gi(u,v) = > exp{—[(u—w)*+ (v—v; +k)?/20°}. (4)

If the opening at each end of a generalized cylinder converges to a point, a closed surface
will be obtained. In a cylindrical surface, a 2-D Gaussian wraps around the closed side of
the surface infinitely. However, since a Gaussian approaches zero exponentially, its effect
vanishes after a few cycles. Therefore, in practice, the oo in formula (4) is replaced with a
small number such as 1 or 2 [11]. An alternative method for obtaining a closed surface is
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to use the formulation of a torus, which is closed along both u and v. Staib and Duncan
[25] make a torus that closes at two points and separate the segment between the points by
selecting proper weights in the formulation of the torus. An alternative method [13] is to
transform a torus to a sphere by giving the exterior and interior circles that define the torus
the same center and the same radius, allowing parametrization of an object with spherical
topology using parameter coordinates of the torus.

The standard deviation of Gaussians in formulas (3) and (4) determines the smoothness
of a generated surface. A surface with a smaller standard deviation represents local details
better than a surface with a larger standard deviation. The larger the standard deviation,
the smoother the obtained surface.

When the control points are the voxels representing a closed 3-D region, the region can
be represented by a parametric surface by mapping the voxels to a sphere. RaG surfaces
described by (1), (2), and (4) represent surfaces with a spherical topology. Assuming pa-
rameters ¢ € [—7m/2,7/2] and 0 € [0, 27| represent spherical coordinates of voxels defining
an object, we will need to set u = (¢ + )/7 and v = 6/27 in the equations of a half-closed
RaG surface. In the following section, we will show how to spherically parametrize voxels in
a closed digital shape, and in the subsequent section, we will show how to find the control
points of a RaG surface in order to approximate a digital shape while minimizing the sum
of squared errors.

2.2 Parametrizing the Shape Voxels

Brechbiihler et al. [2] [3] describe a method for mapping simply connected shapes to a sphere
through an optimization process. Although this method can find parameters of voxels in var-
ious shapes, the process is very time consuming. We use the coarse-to-fine method described
in [17] to parametrize a digital shape. In this method, first, a digital shape is approximated
by an octahedron and at the same time a sphere is approximated by an octahedron. Then,
correspondence is establishes between triangles in the shape approximation and triangles in
the sphere approximation. By knowing parameters of octahedral vertices in the sphere ap-
proximation, parameters of octahedral vertices in the shape approximation are determined.
This coarse approximation step is depicted in Fig. 2. The process involves placing a reg-
ular octahedron inside the shape and extending its axes until they intersect the shape and
replacing the octahedral vertices with the obtained intersection points. The center of the
octahedron is placed at the center of gravity of the shape and its axes are aligned with the
axes of the shape [10]. If the shape is very irregular so that the center of gravity of the
shape falls outside the shape, the intersection of the major axis of the shape with the shape
is found and the midpoint of the longest segment of the axis falling inside the shape is taken
as the center of the octahedron.

Next, the voxels associated with each triangle in the octahedral approximation are de-
termined. This is achieved by finding the bisecting plane of each octahedral edge and de-
termining the shape voxels that lie in that plane. In Fig. 3b, the bisecting planes passing
through the edges of a triangle and intersecting the shape are shown. The bisecting plane
passing through each octahedral edge and intersecting the shape will be an edge contour.
A triangle, therefore, produces three edge contours that start and end at the vertices of the
triangle and enclose the shape voxels that belong to that triangular face in the octahedral



approximation. The triangles obtained in the octahedral subdivision are entered into a list.
After this initial step, a triangle is removed from the list and is subdivided into smaller tri-
angles and the triangles whose distances to the associating triangular patches are larger than
a given tolerance are again entered into the list. In this manner, the triangles are removed
from the list, one at a time, and processed until the list becomes empty.

(b)

Figure 2: (a) Approximation of a digital shape by an octahedron. (b) Approximation of
a sphere by an octahedron. Parameter coordinates of octahedral vertices in the sphere are
assigned to the octahedral vertices in the shape.

Subdivision of a triangle is achieved as follows. If distances of voxels in an edge contour
to the associating edge are all within the required tolerance, that edge is not subdivided.
Otherwise, the farthest voxel in the contour to the edge is used to segment the contour,
producing two smaller contours. The farthest contour point is then connected to the end
points of the contour to produce two new edges. In this manner, a triangular face is subdi-
vided into 2, 3, or 4 smaller triangles depending on whether 1, 2, or 3 edges of the triangle
are replaced with smaller edges. This is depicted in Figs. 4a—c. If distances of voxels in all
edge contours to corresponding edges in a triangle are below the required tolerance, a test is
performed to determine whether or not distances of voxels associated with the triangle are
within a required tolerance to that triangle. If all distances are below the required tolerance,
the triangle is not subdivided. Otherwise, the voxel that is farthest from the triangle is con-
nected to the three vertices of the triangle to obtain 3 smaller triangles. This is depicted in
Fig. 4d. The reason for subdividing the edge contours first is to avoid very long and narrow
triangles in the final subdivision.

By subdividing a triangle, finer triangles are obtained. The process is repeated until
distances of all shape voxels to the associating triangles become smaller than the required
tolerance. Note that this subdivision is performed in parallel in the sphere as well. Therefore,
whenever a triangle in the shape approximation is subdivided, the corresponding triangle in
the sphere approximation is subdivided also. For that reason, there always exists a one-to-



Figure 3: (a) Octahedral approximation of a shape. (b) Edge contours delimiting a triangular
patch.

one correspondence between triangles in the shape approximation and triangles in the sphere
approximation. By knowing the parameters of mesh vertices in the sphere, we will know the
parameters of corresponding mesh vertices in the shape. This process assigns spherical
parameters to the mesh vertices approximating the shape. The process is graphically shown
in Fig. 5. The only requirement of the described parametrization is for the given shape to
have spherical topology.

By knowing the parameters at vertices of a triangle, parameters at points inside the
triangle can be computed from barycentric coordinates [16] of parameters at the vertices.
Parameters of voxels in a triangular patch are obtained by projecting the voxels to the
associating triangle and assigning parameters of the triangle points to the voxels. If a
triangular patch does not fold over, this mapping will be unique. If fold overs occur, the
subdivision process should be continued until all fold overs disappear. When the maximum
distance between a triangle and the associating patch is less than two voxels, fold overs
cannot occur. More details about this parametrization algorithm and its characteristics can
be found in [17].

The parameters obtained by this algorithm uniquely map shape points to triangular
faces. The mapping is continuous but not smooth. To obtain a smooth parametrization,
the parameters obtained here should be used as initial values to the nonlinear optimization
described by Brechbiihler et al. [3]. The surface-fitting method used in this work, however,
does not require a smooth parametrization of the points. It only requires that the parameters
vary continuously.

If the vertices of a triangular mesh approximating a digital shape are used as the control
points of a RaG surface and the parameters at mesh vertices are used as the nodes of the
surface, a smooth parametric surface can be obtained that approximates the shape. The
surface obtained in this manner only approximates the mesh vertices. We can improve



Figure 4: (a)—(c) Subdividing one, two, or three of the triangular edges, respectively. (d)
When no more triangular edges can be subdivided, error between the triangular patch and
the associating triangle is determined and, if that error is above the given tolerance, the
farthest voxel in the patch to the triangle is determined and used to subdivide the triangle.

this shape recovery process by making the surface interpolate the mesh vertices. In the
following section, a least-squares method that determines the control points of a RaG surface
interpolating the mesh vertices is described.

2.3 Least-Squares Computation of the Control Points

Suppose a digital shape is available and the shape voxels are parametrized according to the
procedure outlined in the preceding section. Also, suppose the shape is composed of N voxels:
{P; : j =1,..., N} with parameter coordinates {(u;,v;) : j = 1,...,N}. We would like
to determine a RaG surface with control points {V; : i = 1,...,n} that can approximate
the shape points optimally in the least-squares sense. Let’s suppose P; = (X;,Y}, Z;),
P(u,v) = [z(u,v),y(u,v), z(u,v)], and V; = (x;,y;, 2;). Then the sum of squared distances
between the voxels and the approximating surface can be written as

E* = ;{[ﬂf(uaw v;) = X1 + [y(uy,v5) = Y517 4 [2(uy, v5) — Z5)°} (5)
= { ;[5"(% ;) = X% + ;[y(% v;) = Y + ;[Z(Uj, v;) = Zi)? (6)
= E2+E}+E. (7)

Since the three components of the surface are independently defined, to minimize E?, we
minimize E? Eg, and E?, separately. To minimize

E} = [x(uy,v) — Xj1%, (8)

J=1

since

z(uz,v5) = anl’igi(ujv vj), 9)

i=1
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Figure 5: (a) A sphere. (b)—(e) Subdivision of the sphere. (f) A digital shape. (g)—(j)
Subdivision of the shape. The shape and the sphere are subdivided in parallel.

we minimize
n

E; = ; [>° wigi(uj, v;) - Xj]2~ (10)

=1

This involves determining the partial derivatives of E? with respect to the z;’s, setting the
partial derivatives to zero and solving the obtained system of equations. This results in

N n
> ge(ug,v5) > wigi(uy,v5) — X;] = 0; k=1,...,n. (11)
j=1 i=1

This represents a system of n linear equations, which can be solved for {z; : i = 1,...,n}.

Since RaG basis functions monotonically decrease from a center point, if ¢ is not very large,
equation (11) will have a diagonally dominant matrix of coefficients, ensuring a solution. In
the same manner, {y; :i=1,...,n} and {z;: ¢ = 1,...,n} can be determined by minimizing
E; and E?, respectively. Note that the above process positions the n control points of a
RaG surface so that the surface will approximate the N image voxels with the least sum of
squared errors. n depends on the size and complexity of the shape being approximated. n
is typically a few hundred.

Since shape voxels are mapped to a sphere, spherical parameters are obtained for them.
Assuming the approximating surface is represented by P(u,v), the distance of voxel V; =
(xi,yi, z;) to the surface is estimated from FE(u;,v;) = ||V; — P(u;,v;)||. The adjacency
information between the control points is provided in the v and v parameter coordinates.
Therefore, index i is arbitrary and the control points with their associated nodes can be
rearranged in equation (1) without having any effect in the obtained surface.

When the standard deviation in a RaG surface is very small, the surface follows indi-
vidual voxels. The selected standard deviation should be large enough to smooth digital



and image noise in segmentation. As the standard deviation of Gaussians is increased, a
smoother surface will be obtained approximating the same set of voxels. Usually, the stan-
dard deviation of Gaussians in a RaG surface should be made proportional to the average
distance between adjacent nodes. The denser the control points, the smaller the distance
between their nodes, and thus, a smaller standard deviation should be used. Experimental
results show that standard deviations from the average distance between adjacent nodes to
five times that are appropriate for surface fitting. We will select this parameter interactively
during shape editing.

Figure 6a shows a region representing the bounding surface of a brain tumor. Subdi-
vision of this region to a triangular mesh with a tolerance of 3 voxels is shown in Fig. 6b.
The tolerance shows the maximum distance between the given digital shape and the ap-
proximating triangular mesh. Approximation of the tumor with a RaG surface of standard
deviation 0.002 is shown in Fig. 6¢. Increasing the standard deviation to 0.0025, 0.003, and
0.004, we obtain the results shown in Figs. 6d, 6e, and 6f, respectively. Root-mean-squared-
error (RMSE) for Figs. 6¢—f are 1.9725, 1.9711, 2.1439, and 2.2497 voxels, respectively. The
RMSE obtained in a RaG approximation of a digital region is usually much smaller than
the tolerance used to approximate a digital shape by a triangular mesh. Figures 6¢—f appear
very similar, but from the RMSE obtained, we see that their local geometries are somewhat
different. The shape in Fig. 6f is much smoother and rounder than the shape in Fig. 6c¢.

Figure 6: (a) A segmented brain tumor in an MR image. (b) Approximation of the tumor
by a triangular mesh with a tolerance of 3 voxels. (¢)—(f) RaG surfaces approximating the
tumor with standard deviations 0.002, 0.0025, 0.003, and 0.004, resulting in RMSE of 1.9725,
1.9711, 2.1439, and 2.2497 pixels, respectively.
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At the standard deviation that matches the level of detail in a shape, the smallest surface-
fitting error is obtained. This minimum error can be determined by a steepest-descent
algorithm. However, since the given region is known to contain errors, finding the surface
that is very close to the region may not be of particular interest. Currently, after the
control points of an approximating surface are determined, the user interactively varies the
smoothness (standard deviation) of the surface and views the obtained surface as well as the
associating RMSE. In this manner, the standard deviation of Gaussians can be interactively
selected to reproduce a desired level of details in a constructed shape.

2.4 Shape Editing

Once the result of an automatic segmentation is represented by a free-form parametric sur-
face, the surface can be revised to a desired geometry by appropriately moving its control
points. In the system we have developed, an obtained surface is overlaid with the original
volumetric image. Then by going through different image slices along one of the three or-
thogonal directions, the user visually observes the intersection of the surface with the image
slices and verifies the correctness of the segmentation. When an error is observed, one or
more of the control points are appropriately moved to correct the error. As the control points
are moved, the user will observe changes in the surface immediately.

An example of shape editing by the proposed method is shown in Fig. 7. Figure 7a
shows the surface approximating a brain tumor within the original volumetric image. The
user selects a number of control points using a small sphere that is attached to the cursor
and whose center lies in the image slice being reviewed. By placing the cursor near the area
where an error has occurred in one of the slices and pressing the mouse button, the sphere
is activated and the control points falling in the sphere are selected. By changing the radius
of sphere, the number of control points selected for movement are changed. Control points
selected by the sphere are then moved with the motion of the mouse. Control points inside
the sphere are not all moved by the same amount and in the same direction. A point is moved
in the appropriate direction by connecting the point to the center of the sphere and by using
the amount proportional to the cosine of the angle between that direction and the direction
of the motion of the mouse. Only those control points falling inside the hemisphere with
positive cosines are moved. This avoids motion of control points with negative cosines in the
opposing direction. It also ensures that discontinuities will not occur between points that
are moved and points that are not. Intermediate results in surface modification are shown
in Fig. 7a. Surface revision can be performed gradually and repeatedly while observing the
image information. The sensitivity of the surface to the motion of the mouse can be changed
by increasing or decreasing the weights assigned to the control points. To better view the
intersection of the surface with the image planes, the surface can be shown in wireframe form
as depicted in Fig. 7b. The edited surface can be digitized as shown in Fig. 8b to create the
final segmentation in digital form.
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Figure 7: (a) Overlaying of the approximated tumor surface and the volumetric image. The
blue dots show the selected control points during surface editing. The upper-left window
shows the 3-D view of the image volume with all three orthogonal slices. The other three
windows show the individual orthogonal views in axial, sagittal, and coronal directions.
(b) Another 3-D viewing mode showing the surface in wireframe form to enable viewing of
image information inside and behind the surface. The red dots show the control points of
the surface.

3 Results

A few examples of image segmentation by the proposed method are shown in Fig. 9. The
first column shows the original images, the second column shows the initial segmentation
results, and the third column shows the results after the necessary revisions. The images
represent a short-axis cardiac MR image (first row), an MR brain image containing a tumor
(second row), an MR image containing only the brain (third row), and a PET image of the
head (fourth row). The ventricular blood pool and the brain tumor were initially obtained
by a smoothing operation and an optimal intensity thresholding method. In the thresholding
method, first a subvolume including the object of interest is selected. Then the intensity
threshold value that produces the minimum change in the region of interest as a result of
change in threshold value by 1 is determined. The optimal threshold value is considered to
be the intensity where the most stable segmentation is obtained. At the optimal threshold
value, a small change in threshold value will change the segmentation result minimally. This
threshold value corresponds to the intensity at object boundaries where intensities change
sharply. Therefore, a slight error in estimation of the threshold value will not change the
segmentation result drastically.

The brain image was roughly segmented slice by slice by hand, and the PET image was
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Figure 8: (a) The tumor after necessary modifications. This is the final result in parametric
form. (b) Digitization of the tumor. This is the final result in digital form.

segmented by our 3-D implementation of the Canny edge detector [6]. The Canny edge
detector produces a large number of edges. First, weak edges were removed by interactively
varying the gradient threshold value and observing the obtained edges. Then, an edge surface
of interest was selected by pointing to the surface with the mouse and extracting it from the
image. In these figures, results of the initial segmentation are shown after RaG surface fitting
by the least-squares method. RaG surfaces were then interactively revised as needed while
viewing the overlaid surface and volumetric image. Final segmentation results are shown in
the third column of Fig. 9.

Another set of examples is shown in Figs. 10 and 11. Figure 10 is an abdominal CT image.
Segmentation of different regions via intensity thresholding or edge detection, subdivision
of obtained regions to triangular meshes, and fitting of RaG surfaces to the mesh vertices
are shown in Fig. 11. Regions corresponding to the liver, one of the kidneys, and the spleen
were selected one at a time and, after representing each by a RaG surface, were edited to
remove inaccuracies in segmentation. Final segmentation results are shown in the column
on the right in Fig. 11.

The time needed to obtain an initial segmentation and the time needed to modify the
initial segmentation to obtain the final result vary from image to image. In the image shown
in Figs. 9 and 11, approximation of the initial regions by triangular meshes took from 10 to
30 seconds and approximation of the regions with RaG surfaces by the least-squares method
took from 40 to 60 seconds. Interactive revision of the initial surfaces to obtain the final
surfaces took from 1 to 2 minutes. All these times are measured on an SGI Octane computer
with R10000 processor and 128 MB RAM. Although the time to subdivide a region into a
triangular mesh and the time to fit a RaG surface to a volumetric region are fixed for a given
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Figure 9: First row: A short-axis cardiac MR image and segmentation of the left ventricular
cavity. Second row: An MR brain image and segmentation of the tumor. Third row: An MR
brain image and segmentation of the brain. Fourth row: A PET image and extraction of the
surface of the head. The first column shows the original images, the middle column shows
the initial segmentation results, and the right column shows the results after the necessary
modifications.
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Figure 11: First row: Polygon mesh and RaG surface approximation of the liver. Second
row: Polygon mesh and RaG surface approximation of the kidney. Third row: Polygon mesh
and RaG surface approximation of the spleen.
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region, the time needed to revise an initial surface to a desired one depends on the speed of
the user and the severity of errors in the initial segmentation.

The final result of a segmentation obtained by the proposed system is user dependent.
In a typical image, the user judges what a correct segmentation is based on his/her past
experiences while taking into consideration the information present in the image. Since
users have different experiences in image interpretation, results obtained by different users
will be different. Even the same user may segment an image differently at different times.
The intra-user variability and inter-user variability are not the characteristics of the proposed
system, but rather those of the users. The proposed system provides tools with which a user
can modify the result of a segmentation in any way desired. There are no limitations in
shape, size, or complexity of a region under consideration. The only requirement is that the
given region have a spherical topology.

4 Conclusions

Image segmentation is an important component of any image analysis system. In medical
imaging, it is essential that an image is accurately segmented so that different measurements
about the region are accurately determined. In this paper, the idea of using a computer-aided
design system to effectively revise the result of an automatically determined segmentation
was introduced. In the proposed system, a RaG surface is fitted to voxels representing a 3-D
region by the least-squares method. The surface and the original volumetric image are then
overlaid and the surface is interactively revised until the desired segmentation is achieved.

The system provides the option of using the output of an automatically obtained seg-
mentation as the input or manually creating an initial segmentation by selecting a number
of 3-D points in the given image volume. In the latter case, an initial surface is created from
the points and overlaid with the image. The user can then observe the image data and revise
the surface to a desired shape. Because a region of interest is represented by a parametric
surface, the surface may be sent to a computer-aided manufacturing system for construction
of an actual 3-D model of the region.
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