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Fig. 10. (Left) The 6 sulcal fundi manually-labeled by an expert anatomist

on each of the brain hemispheres for a single brain. (Right). The sulcal
fundi automatically extracted by our algorithm closest to the manually marked
voxels shown as black dots. The symbol X marks areas where the extracted
pial surface obviously is incorrect.

Note that the number of components per se is not relevant
for our algorithm. However, the small number of components
that make up a large part of the human brain indicate the inter-
connectedness of the sulcal regions. Our sulcal fundi extraction
algorithm preserves these connections. Our algorithm returns
a rich set of automatically-extracted sulcal fundi which are
illustrated in Fig. 8 in top and front view as thick 3D curves,
where the color indicates the geodesic depth.

Remark. To use our automated extraction technique for
applications where two endpoints for each fundal landmark
are explicitly required, one could proceed as follows: After
our large network of sulcal fundi has been extracted and
smoothed on the pial surface, one could interactively mark
the two endpoints of as many fundi curves as needed and
then use the such chosen curves as landmarks for downstream
applications in Computational Anatomy.

B. Comparison of Automatic to Manual Results

We analyzed the performance of our algorithm on six brains
by comparing a subset of the extracted fundi with fundal
traces marked by two expert anatomists, who indicated a set
of voxel locations corresponding to the fundi of 12 major
sulci (6 per brain hemisphere) on the MRI image volumes.
Those major sulcal fundi are the calcarine, central, olfactory,
precentral, superior frontal, and temporal in each hemisphere,
see Fig. 10. The manual labeling is usually carried out in the
MRI volume data and thus the manually marked voxels are in
general not lying on the extracted pial surface. For landmark-
based surface warping, the manually marked fundi are usually
projected onto the pial surface. Thus, for comparison of our
automatic results to the hand-marked ones, it makes sense to
also perform this projection. In the following we denote an
automatically extracted fundi point by p,, a manually marked
fundi point by p,,, and the projection of p,, onto its closest
point on the extracted pial surface by ps, see Fig. 11 (left).
Then we adopt, as a basic unit of error, the Euclidean distance
r=[lps = pall-

Since the set of manually marked sulcal fundi is not
intended to be exhaustive in any sense, our basic notion of

r

DPa Pm

Fig. 11. (Left) We compute the closest points ps of manually-labeled voxels
Ppm on the pial surface S, and then measure the distance r = ||ps — pq|| to
the automatically extracted points p,. (Right) The two images illustrate the
cortical surface in relation to the brain parenchyma, a manually-labeled point
Pm, and an automatically-labeled point p, on the fundus of the left superior
temporal sulcus.

performance for this experiment is the extent to which for
all manually labeled points p,, the error r is small. Aside
from any potential shortcomings in our definition of sulcal
depth and fundal location, there are several possible other
reasons for geometric divergence. These reasons include errors
in the underlying extracted mesh surface (see the symbol X
in Fig. 12) and errors in the manual labeling (see the circled
areas in Fig. 12).

In Figure 13 we illustrate the manual fundi labeling process
at hand of several consecutive slices of the MRI volume
data for the central sulcus. Figure 14 displays the frequency
histograms of the error r = ||ps — p,|| for different brains and
two different raters (experts). The histograms show that there
are outliers with large values of r up to 12mm, although the
total number of such outliers is small. The numbers n,no of
manually-labeled voxels p,, in each of the six brains, and the
total percentages mi,my of points p,, for which » < 2mm
are given in the following table (the first two rows are rater 1,
and the second two rows are rater 2; the columns correspond
to the six different brains).

ny || 639 | 663 | 604 | 578 | 594 | 611
my || 77% | 83% | 66% | 77% | 78% | 70%
ng || 632 | 639 | 641 | 577 | 614 | 638
meo || 69% | 62% | 63% | 79% | 73% | 73%

Following a careful examination of the automatic and man-
ual labeling results, we can conclude that most of the errors
arise for one of two reasons:

(1) An erroneous manually-labeled point. The sulcus pen-
etrates deeply into the brain, and the fundus is difficult to
visualize on the traditional three orthogonal planes. In Fig. 11
the automatically-labeled point, which lies on the fundus, is
approximately 8mm away from the manually-labeled point,
which lies above the fundus. Clearly our automatic algorithm
outperforms the manually-labeled one in this case.

(2) The sulcus is extremely curvaceous, and the manually-
labeled points are not contiguous because of the difficulty of
identifying the sulcus on the three orthogonal planes. This
is illustrated in Fig. 12, where we visually compare the
automatically extracted fundi of two different central sulci to
the manually obtained results by two different raters. If the
sulcus is perpendicular to the plane of section, the manually-
labeled points are quite accurate; however, if the sulcus is
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rater 2

Fig. 12. Comparison of the automatically extracted fundi (thick curve) with
the manually marked voxels (black dots) for two different central sulci. Note
the different results of the two raters and that both miss the middle part marked
by a circle (which happened in all six brains we looked at). The symbol X
marks an error in the extracted pial surface.

Fig. 13.
of the original MRI volume: If the sulcus is parallel to the plane of section,
manual-labeling may miss points in the areas indicated in Fig. 12.

Manual labeling of the central sulcus fundi in 6 consecutive slices

parallel to the plane of section (see Fig. 13), the manually-
labeled points may be far from each other in three dimensions.
For the central sulci of Fig. 12 this is especially true for the
curvaceous middle part which both raters miss consistently.

To give a more detailed analysis per major sulcal fundi
we give the results of our comparison in the next table. The
mean values per major sulci are taken over six brains for two
different raters. We denote by 7 the mean of the number n
of handmarked voxels per sulcal fundi, by 7 the mean of the
distance value r, and by m the mean of the total percentage
of voxels for which r < 2mm. Further, by o) we always
denote the corresponding standard deviation.
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Fig. 14. The histograms of r» = ||ps — pa|| for three different brains. The
horizontal axis is r and the vertical axis is the number of fundi points. The
two rows show the results for the same brains for two different human raters.

Fig. 15. (Left and middle) The 6 sulcal fundi manually-labeled by two expert
anatomists overlaid for six different brains: calcarine A, central C, olfactory
O, precentral P, superior frontal SF, temporal T. (Right) All automatically
extracted fundi overlaid for six different brains.

calc. | cent. | olfa. | prec. | supe. | temp.

n || 545 | 63.5 | 457 | 155 | 484 | 820

on || 42 | 3.8 | 43 40 | 109 | 100
T 1.0 1.1 1.0 1.8 2.5 24
oy 04 | 04 | 04 | 09 0.8 0.6

m || 86% | 86% | 87% | 63% | 52% | 55%

om || 9% | 9% | 9% | 28% | 19% | 11%

The results suggest that it is more difficult to manually mark
the precentral, superior frontal, and temporal sulcal fundi, than
it is to manually label the calcarine, central, and olfactory
sulcal fundi. Figure 15 shows overlaid axial projections for
extracted fundi from six different brains as given by two raters
and our automated procedure. Note that the raters’ explicit
task was to label voxels corresponding to only six named
sulci per hemisphere and this task required approximately
12 hours per brain volume, while our automated procedure
returns spline curves for all locations that correspond to our
geometric/algorithmic definition of sulcal fundi.

To conclude, our detailed examination of individual cases
of high divergence between the automatically and manually
labeled fundi, showed that these cases are generally due to
either errors in the surface mesh extraction or errors in the
manual labels, not in the automatic fundal extraction procedure
we propose. The automatically extracted fundal curves are
similar to the “gold-standard” fundal outlines defined manually
by the anatomist. If the extracted pial surface is correct, then
the automatic results look more accurate than the manually-
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labeled ones.

IV. CONCLUSIONS AND FUTURE RESEARCH

In this paper we proposed a geometric approach for the
automatic extraction of sulcal fundi. This approach provides
a novel definition of fundal depth and extracts the fundi as
curves lying on a triangular-mesh representation of the pial
surface. Extraction of the curves directly on the pial surface
is useful for downstream applications that employ sulcal
fundi as anatomic landmarks for surface-based intersubject
registration. We analyzed the performance of our algorithm
on six T1-weighted MRI brain volumes in which major sulcal
fundi were manually labeled by expert anatomists. Our results
demonstrate that the algorithm is robust, stable, and consistent
with anatomical theory. Future research includes the use of
an extracted network of fundal curves, perhaps enriched with
the corresponding geodesic depth, as boundary conditions for
surface-based brain warping algorithms.
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