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Abstract

The human cortical surface is a highly complex, folded structure. Sulci, the spaces
between the folds, define location on the cortex and provide a parcellation into anatom-
ically distinct areas. A topic that has recently received increased attention is the
segmentation of these sulci from magnetic resonance (MR) images, with most work fo-
cussing on extracting either the sulcal spaces between the folds or curve representations
of sulci. Unlike these methods, we propose a technique that extracts actual regions of
the cortical surface that surround sulci which we call “sulcal regions”. The method is
based on a watershed algorithm applied to a geodesic depth measure on the cortical
surface. A well-known problem with the watershed algorithm is a tendency towards
oversegmentation, meaning that a single region is segmented as several pieces. To
address this problem, we propose a post-processing algorithm that merges appropriate
segments from the watershed algorithm. The sulcal regions are then manually labeled
by simply selecting the appropriate regions with a mouse click and a preliminary study
of sulcal depth is reported. Finally, a scheme is presented for computing a complete

parcellation of the cortical surface.



Introduction

Quantitative anatomic studies of the human cortex are challenging due to its highly complex,
convoluted folding pattern. The various folds, called gyri, and the spaces between the folds,
called sulci, define location on the cortex and provide a parcellation of the cortex into
anatomically distinct areas. With the advancement of magnetic resonance (MR) imaging
techniques, high-resolution, high contrast three-dimensional images of the brain can now be
routinely acquired in vivo. As a result, methods for modeling the cortical surface from these
images have emerged, providing a means for furthering the understanding of morphometric
variability in human populations. A topic that has recently received increased attention is
the study of sulci, in particular, their segmentation from MR images (Mangin et al., 1995;
Thompson et al., 1996; Le Goualher et al., 1997; Vaillant and Davatzikos, 1997; Khaneja
et al., 1998; Lohmann and von Cramon, 1998; Lohmann, 1998; Royackkers et al., 1999;
Zeng et al., 1999; Zhou et al., 1999; Lohmann and von Cramon, 2000; Renault et al., 2000;
Tao et al., 2001). Sulci segmented from the cortex can be used in a variety of applications
such as deformable atlas registration algorithms and localizing activation sites in functional
imaging. In addition, the geometric analysis of sulci will lead to a better understanding of
normal versus diseased cortical geometry and the morphological changes that occur with
disease.

Previous work in the segmentation of sulci has focussed on either fitting a surface (Thomp-
son et al., 1996; Vaillant and Davatzikos, 1997; Le Goualher et al., 1997; Zeng et al., 1999;
Zhou et al., 1999), finding a set of points (Mangin et al., 1995) or extracting the volumetric
regions (Lohmann and von Cramon, 1998; Lohmann and von Cramon, 2000) within the sulcal
spaces. Other work has focussed on extracting curve representations of the sulci (Khaneja
et al., 1998; Lohmann, 1998; Royackkers et al., 1999; Renault et al., 2000; Tao et al., 2001).
Unlike these methods, we propose a technique that segments the actual cortical regions
surrounding sulci. The advantage of segmenting actual cortical regions is that it allows for a
direct geometric study of the cortical surface and provides a means for mapping functional

activation sites. For ease of terminology, we refer to our segmented regions as “sulcal regions”,



which define the buried regions of cortex surrounding the sulcal spaces. Another advantage
of the proposed method is that it segments sulcal regions on the medial surface as well as the
lateral and inferior surfaces. In addition, this segmentation method is completely automated
and can be used as a visualization tool for manual labeling of individual sulcal regions.

In this paper, we describe our methodology for automatically segmenting sulcal regions
using a watershed algorithm applied to a geodesic depth measure on the cortical surface. A
well-known problem with the watershed algorithm is a tendency towards oversegmentation,
meaning that a single region is segmented as several pieces. To address this problem, we
propose a post-processing algorithm that merges appropriate segments from the watershed al-
gorithm. The idea of sulcal segmentation using watersheds was first introduced in (Lohmann
and von Cramon, 1998) and extended in (Lohmann and von Cramon, 2000). Although our
method is similar in basic concept to that described by Lohmann, there are several important
distinctions. First, our method operates on a cortical surface mesh extracted from MR
images rather than operating directly on the image data. Second, our segmentation method
produces pieces of the cortical surface which is defined on the continuum, rather than discrete
volumes of gray matter and sulcal spaces. The relationship between the two results is that
our surface segments should pass through the volumes extracted by Lohmann. In fact,
these sulcal volumes were used to extract segments of a cortical surface in (Kruggel and
von Cramon, 2000). It may be advantageous to work directly on the cortical surface mesh,
however, as the sulcal segmentation can be generated using the geometry of the continuous
surface representation. Finally, our method segments sulci on the lateral, medial, and inferior
surfaces of the brain while the work in (Lohmann and von Cramon, 1998; Lohmann and von
Cramon, 2000) focuses on sulci from the lateral surface only. We note that preliminary results
of this work have been described in conference papers (Rettmann et al., 1999) and (Rettmann

et al., 2000).



Methods

Surface estimation

In this paper, we use surfaces reconstructed from MR images using the technique described
in (Xu et al., 1999) with several improvements (Xu et al., 2000; Han et al., 2001a; Han
et al., 2001b); however, our method is applicable to any reconstructed cortical surface model
(cf. (Davatzikos and Bryan, 1996; Drury et al., 1996; Sandor and Leahy, 1997; Xu et al., 1998;
Dale et al., 1999; MacDonald et al., 2000)). The method in (Xu et al., 1999) combines fuzzy
segmentation, isosurfaces and deformable surface models to reconstruct the layer of cortex
lying in the geometric center, which is approximately cytoarchitectonic layer 4. The recon-
struction method is composed of three major steps. First, a three-class fuzzy segmentation
of the MR data is computed corresponding to gray matter, white matter and cerebrospinal
fluid. Second, an initialization for the deformable surface model is created by generating
a topologically correct isosurface (Han et al,, 2001a) from the white matter membership
function obtained from the segmentation. The result of the isosurface algorithm is a mesh
that is a discrete representation of the continuous isosurface. Finally, a deformable surface
model is used to refine the initial surface to the central layer of the gray matter, including
all of the deep convoluted folds within sulci on the lateral, medial, and inferior surfaces. The
resulting surface is represented by a triangular mesh consisting of approximately 300,000
vertices, as shown in Fig. 1(a).

We have occasion to define several functions on the vertices of our cortical surfaces, and
it is difficult to visualize these functions due to the deep sulcal folding of the cortex. To
allow visualization of buried cortical regions, we generate a spherical representation for each
hemisphere of the reconstructed cortical surface using the procedure described in (Tosun and
Prince, 2001). This representation has a one-to-one mapping with the original reconstructed
surface, and is convex for ready visualization. An example of a spherical map exhibiting the
mean curvature of the cortical surface in Fig. 1(a) is shown in Fig. 1(b).

We note that as a final step in surface estimation, the hemispheres are automatically



Figure 1: (a) A reconstructed cortical surface and (b) a spherical map with its mean curvature
displayed.

labeled. In a preprocessing step for the surface reconstruction, the volumetric data is aligned
along the Anterior Commissure (AC) and Posterior Commissure (PC) line and the location
of the AC is determined. A cut plane that approximately separates the hemispheres can
then be estimated using the location of the AC and a vector normal to the sagittal plane.
A path around the corpus collosum traveling close to the cut plan is then determined using
the connectivity of the triangle mesh. This defines a connected boundary dividing the

hemispheres, and the vertices are readily labeled as either left or right.

Sulcal segmentation

The goal of this segmentation work is to extract the buried cortical regions surrounding each
of the sulcal spaces. We define these regions as “sulcal regions”, and refer to the regions
of cortex that are not buried in the folds as “gyral regions”. These structures are depicted
in Fig. 2. A classification of points on the surface as either gyral or sulcal is not, however,
sufficient to obtain a distinct region corresponding to each sulcus as sulci are frequently
separated by a ridge buried within the cortical folds. This is illustrated in Fig. 3(a) with a
simplified representation of two sulcal regions in three-dimensions. This entire buried region
is classified as sulcal, but our aim is to obtain distinct regions corresponding to each of

the two folds as illustrated in Fig. 3(b) where one of the sulcal regions is outlined in light
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Figure 2: A simplified illustration of a cross-section of the cortical surface.
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Figure 3: A simplified illustration of (a) two sulcal regions and (b) their ideal segmentation.

gray and the other in dark gray. This diagram demonstrates that the ideal segmentation is
identical to the result that would be obtained by applying the watershed algorithm on the
buried regions of cortex.

Traditionally, the watershed transform has been used in image processing for segmenting
images into various catchment basins or for extracting watershed lines. While a complete
description of the watershed transform can be found in (Meyer and Beucher, 1990; Vincent
and Soille, 1991), the key ideas are illustrated in Fig. 4. As depicted on the left, the watershed
transform can be viewed as puncturing holes in the local minima of a function followed by an
immersion into a pool of water. Each region filling with water is associated with a minima
and will form a catchment basin. When the water from two regions begins to merge, a
dam is constructed to prevent water from one region from spilling into the other. These
dams are termed watershed lines. When the immersion is complete, each of the regions
associated with a minima forms a separate catchment basin. From the above illustrations,

it is intuitively clear that the catchment basins formed from the watershed algorithm would
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Figure 4: An illustration of the watershed algorithm.

provide an appropriate segmentation of sulcal regions. The main challenge lies in defining
a suitable function describing the “height” of the cortex, from which the watershed can be
computed.

Sulcal depth is often discussed in the literature and textbooks on cortical anatomy (Ono
et al., 1990). It typically represents a measure of the Euclidean distance from the sulcal
fundus to the outer cortical surface. In this paper, we develop a method to calculate the
depth from the outer cortical surface to each surface point lying within sulci. We use the
geodesic distance — a measure of distance on the surface — rather than three-dimensional
Euclidean distance as a measure of depth in order to avoid certain segmentation problems.
For example, certain parts of the insular cortex can be much shallower in Euclidean depth
than other parts, despite the fact that one is forced to cross “deeper” regions in order to
move along the cortex itself to get to the outer surface. Given the geodesic depth over the
whole cortical surface, the height function of a point on the surface is simply the maximum
cortical depth minus its own depth. The watershed segmentation can then be computed.

Our approach for generating a sulcal segmentation from a cortical surface consists of
four parts: sulcal classification, geodesic depth calculation, watershed implementation, and
catchment basin merging. The steps are illustrated using one cortical surface; more examples

are given in the Results section.



Sulcal classification

Our first goal is to classify the cortical surface into sulcal and gyral regions. We accomplish
this by first defining and finding an outer cortical surface. Intuitively, the outer cortical
surface is that part of the cortex that one could see, if the cerebral cortex were isolated
and separated into hemispheres. Now imagine a “shrink-wrap” process in which a flexible
balloon surrounding a hemisphere has air withdrawn from its interior until it conforms to
the outer cortical surface. Those parts of the cortical surface in contact with the balloon are
then defined to be gyral regions, while the remaining parts are sulcal regions. We implement
this classification procedure using a deformable surface model, which we now describe.

A deformable surface is a parameterized surface x(u) = [z(u),y(u), z(u)]", u = (v',v?) €
[0, 1] x [0, 1], that moves through the spatial domain of a three-dimensional (3D) image until

the steady-state solution of the following dynamic equation

9
(1)) = Fong (x(u, 1)) + Foat(x(u, ) (1)

is found. The internal forces control the tension on the surface and are given by Fy,; = w; V2x
where w; is a weight and V2 = % + % is the Laplacian operator defined in the
parameter space. The external forces, which drive the deformable surface towards the cortical
surface, are derived from an edge map of the cortical surface as follows.

For each point on the cortical surface, its nearest voxel is determined and assigned a
value of one, yielding a binary image I, as shown in Fig. 5(a). The hole introduced at the
corpus callosum is filled by adding points near the surface used to define the hemisphere cut.
The external forces are then computed as Fepy = —woVd(m) where d(m) is the distance
from voxel m to its nearest edge in I, wy is a weight, and V is the spatial gradient operator.
This type of external distance force has been described previously in (Cohen and Cohen,
1993) and has the advantage of a large capture range permitting the initial surface to be far
from the desired boundary. In addition, this force does not pull the deformable surface into

concave regions of the image (Xu and Prince, 1998).

A numerical solution to (1) can be found by discretizing the equation and solving the
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Figure 5: Cross-sectional view of (a) the edge map generated from the cortical surface, (b)
the deformable surface breaking through gyral regions, (c) the barrier region, and (d) the
shrink-wrap surface superimposed on the true cortical surface.

discrete system iteratively (cf. (Kass et al., 1987)). Parameter values required for the
deformable surface algorithm were determined empirically from one data set as w; = 0.75
and we = 0.35 and held fixed for subsequent data sets. The weight on the internal forces is
set high relative to the weight on the external forces to keep the deformable surface rigid,
thus reducing its ability to enter into the cortical folds. The use of high internal forces,
however, can sometimes cause the deformable surface to break through the gyri as shown in
Fig. 5(b). To avoid this, the iterative implementation of the deformable surface is modified
to incorporate a barrier region.

A barrier region is an image region into which the deformable surface cannot move. A
barrier region that prevents the deformable surface from shrinking into the gyri is created
by applying a unidirectional inward morphological dilation to the edge map as shown in
Fig. 5(c). This dilation is necessary to avoid holes in the barrier region and is applied only in
the inward direction so that the final shrink-wrap surface is directly adjacent to the cortical
surface. The dilation is accomplished by iteratively moving each point on the surface along
its inward normal direction and the nearest voxels in the barrier image are assigned a value
of one. The algorithm governing the motion of the deformable surface is then modified such
that points on the surface are not allowed to enter regions of the image marked as part of

the barrier region. Before a point is moved, the intended location is checked and if it lies in
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a barrier region the point is not moved. A second attempt is made to move the point in the
same direction but half the distance. If this new location is still in the barrier region, the
point remains at its current position. This essentially decreases the step size for this point
at the current iteration resulting in a more accurate final solution without compromising the
speed of convergence for the algorithm. The resulting barrier region permits high tension
within the deformable surface while preventing it from shrinking into the cortical surface.
We note that the possibility exists that holes in the barrier force could still occur around
inward protrusions with high curvature. However, the combination of barrier forces in outer
cortical regions and high tension forces prevents the shrink-wrap surface from coming into
contact with these regions. Fig. 5(d) is a coronal cross-section showing a contour of the final
shrink-wrap surface in gray and the reconstructed cortical surface in white.

Sulcal and gyral regions are readily defined given the two shrink-wrap surfaces (cor-
responding to the left and right hemispheres). For each vertex on the cortical surface, the
minimum Euclidean distance to its corresponding shrink-wrap surface is computed. A vertex
is defined to be in a sulcal region if this distance is greater than ¢, otherwise it is in a gyral
region. Fig. 6(a) shows the Euclidean distance on a spherical map of the cortical surface in
Fig. 1(a). Fig. 6(b) shows the resultant classification where sulcal regions are colored in gray
and gyral regions in white. We empirically chose § = 2 mm in our work, because this distance
is deep enough to eliminate most incidental non-sulcal “dents” in cortical surfaces, but not
so deep that important true sulci are omitted. At first glance, one may think that using
the convex hull of the cortical surface as opposed to the shrink-wrap would be a simpler
approach with the same result. However, as can be seen in Fig. 5(d), the entire cortical
region from the medial temporal lobe to the inferior medial surface would be classified as

sulcal if the convex hull were used.

Geodesic depth calculation

In this section, we develop a “height” function for use in watershed segmentation of sulcal

regions. It is necessary to perform this further segmentation for two reasons. First, it is
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(a) (b)

Figure 6: Spherical maps showing (a) a Euclidean distance function and (b) a sulcal classi-
fication.
highly desirable that distinct sulci are separated, which does not occur reliably using the
simple classification performed in the previous section. Second, the watershed segmentation
can actually distinguish parts of the same sulcus separated by sulcal interruptions. These
features could be useful in sulcal labeling or in the detailed characterization of sulcal shape.

To define height, we need to first define a suitable depth measure, then the basic height
function we use is maximum depth minus depth. Use of the Euclidean depth (which
we already calculated) is problematic, however, because of segmentation problems and an
unusually strong tendency toward oversegmentation. The geodesic depth is a much better
basis for detailed segmentation because it is the natural measure on the surface itself. We
now describe a fast method for computing the geodesic depth.

All gyral regions have zero geodesic depth by definition. The geodesic depth from the
gyral regions to all vertices in sulcal regions can be calculated by solving the following Eikonal

equation for T (Kimmel and Sethian, 1998):

V (z) = 1lin , (2)
(z) = 0in
where is the set of vertices and triangles in sulcal regions — a continuous domain — and

is the set of vertices and triangles in gyral regions. The desired function () is the time that

is takes to travel from to x; because unit speed propagation is assumed, is equivalent
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Figure 7: Upwind construction of the fast marching method.

to geodesic distance. This equation can be solved using the fast marching (FM) method
originally developed in (Sethian, 1996) and extended to triangulated domains in (Kimmel
and Sethian, 1998). For completeness, we present a brief summary of the algorithm and
clarify some implementation details.

The FM method is based on the use of an upwind, entropy-satisfying scheme to approx-
imate the gradient operator of the Eikonal equation. The upwind structure states that the
information propagates from smaller to larger values of  (Sethian, 1996). Based on this, the
FM method builds the solution outwards (downwind) from the boundary data (gyral regions,
in our case), and updates points in the order of information propagation. A diagram of the
information flow of the FM method along with some associated terminology is shown in
Fig. 7.

It is useful to give a summary of the FM method before presenting the details (see
also (Kimmel and Sethian, 1998)). First, we assign = 0 to all points (vertices on the
triangle mesh) within gyral regions, and tag them as . All neighbors of the

points that are not already are tagged as , and all other
points are tagged as . The value of is computed for each point using
the -values of points only. The equation for this computation is given in the

Appendix. The value of for each point is set to . This completes the algorithm
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initialization. The following loop is then repeated until all points are

F
imd t e pointint e it t es allest walue and denote it by
. Relabel t e point as and re ove it fro . f all points
are t en wit.
ag all neig bors of t at are not as
alculate all  wvalues of points t at are neig bors of using only

values.
. Return to step

For computational efficiency, the points are maintained on a heap data structure,
which allows fast sorting to find the point with the minimum value of

It is clear that the FM method can be thought of as a “wavefront” propagation algorithm
(see also Fig. 7). This is the correct intuition to use in understanding how the -values in
the region are computed from those in the region, as described in the
Appendix. We have designed an efficient algorithm, detailed in the Appendix, for one aspect

of this computation.

atershed algorithm

The fast marching method yields the times at which a unit speed wave originating from
the boundary of the gyral regions reaches the vertices in sulcal regions. We then define the

geodesic dept for each vertex on the cortical surface

if
(= T 3)

0 otherwise

where is defined to be the set of all vertices in sulcal regions. The geodesic depth function

is shown on the spherical map in Fig. 8 where blue indicates small values and red and gray
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indicate large values. The maximum geodesic depth is given by
=max ().

The height function over which we wish to compute the watershed is then given by

Figure 8: Geodesic depth on spherical map.

The goal of the watershed algorithm is to label each vertex on the mesh according to
its “catchment basin”. We use the watershed by immersion algorithm which begins with
the smallest height, identifies minima as they arise, and properly associates vertices with
minima during the “immersion” until all vertices are labeled. All vertices associated with a
minima form a catchment basin. By strict definition, the region associated with a minima is
termed a catchment basin only after the immersion is complete; however, for simplicity, we
will use this term in reference to both the final and forming catchment basin in the following
discussion. A fast immersion algorithm for computing watersheds on images and graphs
was described in (Vincent, 1989; Vincent and Soille, 1991). The computation of watersheds
on meshes is similar to its computation on graphs; vertices of the mesh are analogous to
nodes of the graph. There are a few important di erences, however, due to the di erence

in the definitions of distance between two vertices on a mesh and distance between two
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Figure 9: Illustration of the three possible relationships between the plateaus (labeled ) at
level + 1 relative to the catchment basins (labeled ) at level .

nodes on a graph. We now present a general approach to the computation of the watershed

segmentation on triangle meshes.

Let  be the set of  vertices over which the watershed segmentation is to
be computed, and let ( ;), = 1,..., represent the height function to be used in the
computation. The algorithm begins by sorting the heights into a list of values, ,...,
ordered from smallest to largest. We note that  can be less than  because height values
are not unique in general. In fact, a connected component comprising vertices with exactly
the same heights is called a plateau. The next step is to compute all plateaus in ~ whose
vertices are at the smallest height; i.e., () = ;. These plateaus form the initial catchment

basins. To enable recursive processing, we set the level counter = 1.

We now compute the plateaus satisfying () = ; 1. Fig. 9 illustrates the
three possible relationships between the plateaus at level + 1, labeled as , relative to
the catchment basins at level labeled as  (cf. (Vincent and Soille, 1991)). In panel (a),

is a new minima because it does not touch any previously identified catchment basin; it
therefore forms a new catchment basin. In panel (b), touches just one existing catchment
basin; it is therefore added to this catchment basin. In panel (c), touches more than one
existing catchment basin. In this case, the plateau must be properly divided between those
catchment basins using the geodesic influence zone, as we now describe.

A new plateau at level +1 that touches more than one existing catchment basin is divided

using the concept of a geodesic in uence one (cf. (Vincent and Soille, 1991)), adapted here
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Figure 10: Illustration of the geodesic influence zone.

to triangle meshes. Referring to Fig. 10, let  be a new plateau and let 1, o,..., be
the existing catchment basins touching . Letting = ( ), the geodesic influence
zone of in  is the set of vertices in  that are closer to 1than any other | =
When the watershed algorithm is computed on graphs, the distance between a node in
and the closest node in is computed on the edges of the graph. On the triangle mesh,
however, the distance between vertices must be the geodesic distance.

The fast marching (FM) method can be used to determine the geodesic influence zone on
a triangle mesh. In this case, the FM method isrun  times, once for each of the “touching”
catchment basins. For the m-th run, is taken to be the set of vertices and triangles of
catchment basin ~ ; istaken to be the remaining vertices and triangles of . The marching
time is then computed using the FM method until all vertices in  are labeled. When

done with all ~ runs, each vertex € has  marching times {( ),..., ( ) associated

with it. Finally, vertex € 1is assigned to catchment basin =~ where

=argmin ().
1

If there are equidistant, closest catchment basins, then we label as a aters ed verte .

In Step 2, all vertices (except watershed vertices) in plateaus computed at level

+1 were assigned either to new or existing catchment basins. If =  assign any remaining



18

Figure 11: Result of the watershed algorithm.

watershed vertex to its adjacent catchment basin with the smallest numerical label, then quit.
Otherwise increment, , reassign the height of all watershed vertices as ; ; and go to Step 2.
The height reassignment on watershed vertices results in their consideration for assignment
to a catchment basin at the next level.

In the application of sulcal segmentation, the algorithm is actually terminated at level —
1 because level  will contain all gyral regions. A typical result of the watershed algorithm
applied to the height function is shown in Fig. 11 where catchment basins are represented by
di erent shades of gray. It is clear that the sulcal regions have been oversegmented, meaning
that several catchment basins represent a single sulcal region. It is highly desirable to merge
these basins in an “intelligent” way in order to arrive at sulci that are more nearly segmented

in whole rather than parts.

erging of catchment asins

Oversegmentation occurs in the watershed algorithm because small ridges in the sulcal
regions result in the formation of separate catchment basins. Oversegmentation is typically
addressed in one of two ways (Meyer and Beucher, 1990; Vincent and Soille, 1991). The first
approach is prospective; it uses markers placed within the desired final catchment basins

before the watershed is calculated. The height function is modified to produce minima only
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Figure 12: Illustration of merging criterion.

at the markers, suppressing the other minima. The difficulty with this approach — which
makes it impractical in our application — is in the prospective placement of appropriate
markers on the highly variable cortical geometries. The second approach is retrospective;
it attempts to merge catchment basins after the watershed has been computed. It requires
an appropriate merging criteria and can produce a result that is either oversegmented or
undersegmented if not done correctly. We pursue the second approach with a heuristic, but
e ective, merging criterion, which we now describe.

Our merging criterion is based on the height of the ridge separating two catchment basins.
We define this height as the minimum height on the boundary between two catchment basins.
As graphically depicted in Fig. 12, this height can be used to compute the depth of the
two catchment basins relative to the ridge separating them. If the relative depth of both
catchment basins is less than =~ — which we assign to be 1 cm in the results herein —
then the two catchment basins are merged. We note that our merging criterion is similar in
concept to that proposed in (Lohmann and von Cramon, 2000), but ours is implemented on
the surface mesh and has an explicit ordering criterion.

Two features of the algorithm are important in preventing the erroneous merging of
catchment basins. First, the deeper catchment basins — i.e., those formed earlier in the
watershed algorithm — should be merged first. Accordingly, we create a sorted list of
catchment basins and proceed from deepest to most shallow. Second, the merged catchment
basin inherits the maximum depth of the original catchment basins. For the algorithm, it is

convenient to create and maintain an adjacency graph of the catchment basins. (Vincent
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and Soille, 1991). Each of the catchment basins is a node on the graph and an edge indicates

that two catchment basins are adjacent to one another.

adjacent to ;.

The merging algorithm follows:

generate a list of all catc  ent basins S
aters ed algorit
list  list of s fro deepestto osts allo
de ne () =min ( 4) ere
nu  erges

ile end of list as not been reac ed

on list

()

set of vertices on border bet een

ne t
in set

and

if in( )= () in( ) —
erge  to
re ove  fro list
in erits () e cept duplicates
nu  erges  nu  erges
end if
end ile
if nu  erges
uit
else
nu  erges
repeat  ile loop starting at beginning of list

( ;) is the set of catchment basins

i t e order t ey ere for ed during t e

s a set of vertices

it s allest nu erical label
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Figure 13: Result of merging algorithm followed by size filter.

The final step of the segmentation is a size filter that removes small catchment basins. If
a small catchment basin has no adjacent catchment basins it is simply removed, otherwise it
is added to its adjacent catchment basin with the largest area. We empirically chose the size
threshold to be 3 cm? which is held fixed for all data sets. The result of the merging algorithm
followed by the size filter is shown in Fig. 13 with several sulcal regions labeled according
to their corresponding sulcus. The central sulcus is segmented as a single catchment basin;
however, some sulcal regions, such as the superior temporal, are still segmented as several
catchment basins. These represent interrupted and pseudo-interrupted sulci (Ono et al.,
1990). These types of sulci are broken into more than one piece by a gyral ridge and are

thus segmented in multiple pieces according to our definition of sulcal regions.

esu ts

The final segmentation results are shown in Fig. 14 with the sulcal regions superimposed on
the corresponding semi-translucent cortical reconstruction at several views. These images
illustrate that an appropriate segmentation of the sulcal regions is obtained with the proposed
methodology. On the lateral surface, the sulcal regions corresponding to the central sulcus
is colored purple and the Sylvian fissure region is colored yellow. Also seen on the lateral
surface is the inferior temporal region (colored dark green and purple), an example of an

interrupted sulcus, and the superior temporal region (colored red and green), an example
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Geodesic Depths

Figure 17: Illustration of geodesic depth.
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surfaces. An interface was developed to allow a user to select the appropriate region
corresponding to a given sulcus by simply clicking on the region with a mouse. The display
consists of both the spherical map and the cortical surface, as we found it easiest to visually
identify sulci on the cortex and subsequently select the region on the spherical map. If
a sulcal region was segmented as several catchment basins, all basins were identified and
grouped together in the analysis. It is expected that this will occur quite frequently as sulci
are often interrupted. For example, in an analysis of 25 brains, the superior temporal sulcus
was interrupted 64 of the time on the right and 72 of the time on the left (Ono et al.,
1990). In our labeling step, we grouped basins 56 of the time for the superior temporal
sulcus, 30 of the time for the Sylvian fissure and 13 of the time for the central sulcus.
In addition, distinct sulcal regions were occasionally not separated by a large enough ridge
and were thus erroneously merged. In this case, we simply decreased the threshold in the
merging algorithm to obtain a correct segmentation. This occurred 12 times when labeling
the 90 sulci indicated above. These included connections of the superior temporal sulcus
with the inferior temporal sulcus or the Sylvian fissure and connections between the central
and postcentral sulci. All of these types of connections were also observed in (Ono et al.,
1990). The mean, maximum and minimum depths for each of the sulcal regions are reported
in Table 1. In general, our depth values tend to be larger than other published results (Ono
et al., 1990; Le Goualher et al., 1999; Royackkers et al., 1999). This is not surprising,
however, considering that our measure is along the surface as opposed to through the sulcal

space.

alidation

In this section we describe experiments performed to validate our geodesic depth measure-
ments. The first experiment was a repeatability study performed on two subjects. In this
experiment, two scans were acquired for each of the subjects within a thirty minute interval
during which the subjects were repositioned in the scanner. For each data set acquired,

we used the proposed methodology to obtain the sulcal depths for the three selected sulci
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Table 1: Geodesic depth in millimeters (N=15).

Sulcus | Mean | SD | Max | Min
Ce( ) | 20.5 |2.27|24.5 | 16.1

Ce (R) | 20.1 |1.20 | 22.0 | 18.1
Syl( ) | 40.8 |2.71 | 45.0 | 36.7
Syl (R) | 39.3 | 2.89 | 46.2 | 35.7
ST (L) | 19.1 | 1.57 | 22.1 | 16.4
ST (R) | 21.2 |2.64 | 25.6 | 16.0

Ce = central sulcus, Syl = Sylvian fissure, ST = superior temporal sulcus
L = left, R = right

Table 2: Results of geodesic depth repeatability study.
Values reported for scan 1 and scan 2 are given in mm.

Subject 1 Subject 2
Sulcus | Scan 1 | Scan 2 di erence | Scan 1 | Scan 2 di erence
Ce (L) | 18.02 | 17.57 -2.5 19.95 | 19.90 -0.3
Ce (R) | 18.81 | 18.95 0.7 19.69 | 20.16 2.4
Syl (L) | 38.65 | 39.33 1.8 40.28 | 41.74 3.6
Syl (R) | 41.59 | 40.56 2.5 41.12 | 41.77 1.6
T (L) | 16.47 | 16.06 2.5 18.67 | 19.10 2.3
ST (R) | 20.39 | 19.99 -2.0 20.75 | 21.25 2.4

Ce = central sulcus, Syl = Sylvian fissure, ST = superior temporal sulcus
L = left, R = right

on each hemisphere with the results reported in Table 2. The measurements are highly
repeatable for the two scans with a percentage di erence of less than 4 for all regions.

In the second experiment, we tested the robustness of the proposed methodology. The
goal of this experiment was to determine how the depth measurement changes when the
parameters of the sulcal segmentation are varied. There are two parameters in the segmen-
tation procedure that may a ect the depth measurements. The first parameter is the shrink
wrap parameter, which we take to be the ratio of w; wy. The second parameter is the
distance, §, from the cortex to the shrink-wrap surface used to distinguish sulcal and gyral
regions. A range of parameters was obtained for the deformable surface by holding ws fixed

at .35 and varying w; from .5 to 1. The range used for § was from .5 mm to 4.5 mm.
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