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Abstract. The positions of the cerebral sulci projected onto a closed
hull enclosing the brain tissue provide both a surface description of the
brain shape, and meaningful anatomical landmarks. In [1] the sulcal po-
sitions were extracted using a thresholding technique, however the use
of a single threshold can result in narrower sulci being ignored. We have
developed an automatic method of sulcal identification which uses line
strength measurement to enhance the contrast of the sulci. The line
strength is then projected onto a closed surface surrounding the brain
tissue, and line strength filters are run over flat projections of this sur-
face, to give high line strength over the sulcal mouths. Points along the
centres of the sulcal mouths are then chosen using non-maximal suppres-
sion. We have also experimented with a heat flow model as an alternative
to projecting intensities perpendicular to the brain surface. This model
allows information to be collected from deeper into the sulci, as it does
not rely on the assumption that sulci are perpendicular to the brain sur-
face. This new method is shown to be at least as good for a simple test
image as the results from the thresholding technique, and comparisons
between the techniques for a real image also indicate greater efficiency.

1 Background

Automatic detection and labelling of the sulci is recognised to be an important
problem, since the sulci form anatomical landmarks over the cortex which in
some cases indicate functional regions of the brain [2]. However, since the sulcal
patterns are extremely variable [3] this is a difficult problem. A large number of
examples would be needed to build a sensible statistical model of their variation.
Most work on sulcal modelling so far has either used a few hand landmarked
examples, where only major sulci are marked for example [4, 5], or used very
few brains to build an anatomical atlas [6]. In [7], sulcal patterns are extracted
automatically in the form of sulcal basins. However this method relies on a good
contrast between grey and white matter, which is not always the case in MR
images. Another example of automatic sulcal extraction is given in [8], where
lines of positive and negative maximal curvature are found over the brain surface,
corresponding to the crests of the gyri, and the troughs of the sulci.

A. Caunce and C. Taylor [1] have already published work on extracting sul-
cal positions, and building 3-D active shape models (ASMs) from them. In their
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work, sulcal positions were extracted by segmenting the brain tissue from a 3D
image, forming a smooth hull enclosing the brain by a morphological closing op-
eration, and then averaging the image intensities over along the surface normals
to this hull, to a depth of 5mm. A threshold was then applied to this projection
image, to extract the dark lines formed by the projections of the sulci, and finally
thinning to obtain landmark points on the cortical hull over the centres of the
sulci. This work complements the work in [1], in that it concentrates on accu-
rate extraction of the sulcal positions from images which have varying degrees of
contrast, resolution and sulcal variation, extending the range of data for which
sulcal models can be constructed. The method of sulcal extraction we describe
is simple, robust and could be applied to a large range of Magnetic Resonance
data sets with minimal changes. Thus it allows many examples of the sulcal po-
sitions to be collected for use in statistical models of the brain shape and sulcal
patterns, without the tedious and time-consuming process of hand landmarking
images.

2 Introduction

The initial motivation from this work came from studies of a large set of Mag-
netic Resonance (IRTSE) images of the brains of people with various types of
dementia. The images have very low resolution in z (the voxel dimensions of the
images in x, y and z are 0.9, 0.9 and 3.5mm respectively), which causes large
partial volume effects, reducing the contrast of the narrow sulci. As well as this,
the dementia causes some cerebral atrophy with corresponding sulcal widening,
so that the width of the sulci can vary enormously over the brain. Figure 1 shows
coronal slices from a normal brain, and from a brain with dementia.

(a) (b)

Fig. 1. single coronal slices from (a) a normal brain and (b) a brain with cerebral
atrophy due to dementia
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After the images have been resliced to give cubic voxels, and the brain tissue
has been extracted from each image, a 3D morphological closing operation is used
to form a smooth hull containing the brain tissue, including the sulci. Figure 2
shows the result of taking each point on the smooth hull, and taking the average
of the intensities along a line perpendicular to the hull at this point, to a depth
of 5mm. Views of this surface for a normal brain from above and from the side
are shown. It can be seen that even for this normal brain, the sulci on the upper
surface are wider than those on the lower surface, and that it would be very
difficult to choose a single threshold which would preserve all of the sulci.

(a) (b)

Fig. 2. average intensity to 5mm depth perpendicular to the (a) upper and (b)
side brain surfaces

It can be seen from figure 2 that when we look at the surface of the brain, the
sulci form dark lines against a lighter background. We can also see from figure 1
that since the sulci are planes formed by the infolding of the brain surface, they
will appear as lines in at least two orthogonal slices of the image. The next section
describes the use of line strength measurement and non-maximal suppression to
enhance the sulci, and provide a better estimate of the positions of the centres
of the sulci, as projected onto a hull around the brain tissue.

3 Formation of a 3D Line Strength Image

To measure line strength, we have chosen line strength filters at three scales,
with line widths equal to 3, 5 and 7 pixels, and a width:length ratio of 1:5. Once
we have found the best orientation for a filter of a particular line width, at a
particular pixel, we calculate a local contrast measure at the pixel, perpendicular
to the best line direction and use this as our measure of best line strength. This
reduces the number of pixels which are given an artificially high line strength
due to their being in between two dark spots which are bridged by the filter.
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To investigate the line strength measurement we use a 100*100*100 pixel test
image, containing a sphere of radius 43 pixels centred at (50,50,50), with three
surfaces intersecting it to form artificial sulci. The image intensities have been
chosen to correspond to the grey and white matter and csf intensities in the
real images we are studying. Gaussian noise is then added to the image so that
the intensity distributions more closely resemble those in a real image. Figure 3
shows the central plane of the test image. The planes at x = 27, y = x and
y = 6 sinx/5 + 20 can all be seen.

To make a 3D line strength image, we process each slice of the image, taking
the xy, yz and xz projections separately. Line strength filters at 3 scales (widths 3,
5 and 7 pixels) and 8 orientations are used. A local contrast measure is calculated
once the best orientation has been found, as described above, this will be referred
to as line strength from now on. The line strength images from each scale are
combined into one image by taking the highest value at each pixel. Once we have
three line strength images, one for each projection, we combine the images into
one 3D image by squaring and adding the results at each pixel.

Figure 3 (b) shows the intensity projection of the test image, as described in
the introduction, and Figure 3 (c) shows the result of projecting the line strength
image in the same way. It is clear that the line strength method improves the
contrast of the sulci, at the cost of some apparent widening of the sulci.

(a) (b) (c)

Fig. 3. (a) central plane of the test image, at z=50. (b) surface projection of
the test image, (c) surface projection of the line strength image, inverted for
comparison with (b).

4 Locating the Sulci Using Non-maximal Suppression

Once we have our 3D line strength image, we project it onto the faces of a cube
surrounding the entire image. As the test image is convex, very little information
is lost in this way, and the images formed on the 6 planes are sufficient as input
to the next stage of processing.
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Once again, local contrast images at three scales are calculated, using the best
direction of the line strength filter to give the direction in which to calculate the
contrast. Non-maximal suppression is then performed on the contrast images
from each scale. This involves looking at the local contrast at a fixed distance
(
√
2 pixels) from each pixel, perpendicular to the best line strength direction. If

the central pixel has a higher value than both of the side pixels, i.e. its contrast
is locally maximal, then that pixel position is saved. The resulting networks
of points from the three scales are ORed together, and the final network is
thinned, to reduce the widths of the lines to one pixel, where this is necessary.
A low threshold is also applied, to remove points which are locally maximal but
which are in flat regions of the image. The advantage of this method is that it
is adaptive, as it relies almost entirely on local contrast measures, with only a
very loose global threshold, Thus regions where the sulci are tightly packed are
not discriminated against.

Figure 4 shows sulcal positions (light points) obtained using three methods,
overlaid on the surface of the test image before noise was added. (a) shows the
result of the original method of sulcus detection - a simple threshold is applied,
and the resulting lines are thinned to give the final positions. (b) and (c) show
the results of the line detection and non-maximal suppression on the images in
figure 3 (b) and (c). It can be seen that results from line detection and non-
maximal suppression over the brain surface are better than those obtained by
thresholding and thinning, particularly around the junctions of sulci. However
the points in (c) are further from their ideal positions than those in (b) - for this
simple test image, the degradation in the surface image due to widening of the
sulcal positions outweighs the improved contrast.

(a) (b) (c)

Fig. 4. Sulcal positions obtained by various methods, overlaid on the surface of
the test image before noise was applied. Results from (a) thresholding and thin-
ning, (b) line detection and non-maximal suppression over the intensity projec-
tion image, (c) line detection and non-maximal suppression over the line strength
projection image
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Figure 5 shows the corresponding results for a real image. (a) and (b) show
the results from the projected intensity image in figure 2 for a simple threshold,
and for line detection. (c) shows the projected 3D line strength image, and (d)
shows the results of line detection over this image. No ground truth is available,
but the line strength image does appear to give more convincing results than
the intensity image.

5 Heat Flow Model

It seems clear that if we could average the line strength along a sulcus to a depth
of greater than 5mm, the definition of the sulci at the brain surface would be
further improved. Since the assumption that the sulci are perpendicular to the
hull is only good for the outer few millimetres of the brain, a method which
allowed the line strength information to be collected along the direction of each
sulcus, rather than perpendicular to the surface is desired. To do this, we have
implemented a heat flow algorithm, using the heat equation:

∆T = κα �2 T∆t

and assumed that areas of high line strength are both hot and highly con-
ductive: we assume the conductivity κ to be constant and equal to the original
line strength, the temperature T is also initialised to the line strength, the time
interval for one iteration of the heat flow is one second, and α is chosen so that
the average change in T over one iteration is around 1 − 2%, for smooth flow.
The material outside the line strength image is taken to be cold (T = 0) and
highly conductive (κ set to higher than any line strength in the image). We apply
the algorithm in each orthogonal plane independently at present, and collect the
heat flowing out of the surface of the image over several iterations. The result
of 10 iterations of flow in the y-z plane is shown in figure 6 for the test image
- the resolution of the sulci has improved compared with the surface projection
of the linestrength image, because the heat flow model effectively projects the
linestrength along the sulci (except, in this image, for the sulci parallel with the
y-z plane).

Figures 5 (e) and (f) show corresponding results for flow in the xy plane for
the real image. The heat flow projection image (e) appears to have significantly
greater contrast than (c), as we had hoped it would.

6 Evaluation

To estimate the efficiency of the different methods, we use the test image before
noise has been added, and threshold it to give the ground truth points corre-
sponding to csf, and csf plus grey matter. Table 6 gives the total number of
points extracted using each sulcus detection method, the number of points over-
lapping with the csf ground truth, the number of points within the boundary of
csf plus grey matter, and the number of points not within the grey matter.
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(a) (c) (e)

(b) (d) (f)

Fig. 5. Results from (a) a simple threshold and (b) line detection for the surface
projection of the intensity image. (c) surface projection of the 3D linestrength im-
age, and (d) results of line detection over (c). (e) projection of the 3D linestrength
image using heat flow (inverted), and (f) results of line detection over (e).

The methods involving line strength and non-maximal suppression all find
fewer points than the thresholding method, mainly because the line strength
measurement cannot be used too close to the edge of the image, and as we have
only dealt with one of the projections of the 3D image, the edges have not been
filled in by the results of the other projections. For this test image, the sulci are
very distinct, as we have not included any of the partial volume effects we expect
from the large voxel dimensions of our real images. Using line detection and non-
maximal suppression over the surface of the projected intensity image appears
to be a much better method of extracting the sulcal positions than thresholding
and thinning.

Looking at the real images, it also appears that using line detection provides
a more adaptive method of sulcal extraction, improving both the detection effi-
ciency, and the smoothness of the detected sulci. The heat flow method also looks
to have the potential to enhance sulci which are narrow but deep, when results
from flowing the line strength ‘ in the three orthogonal planes are combined.
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(a) (b)

Fig. 6. Result of 10 iterations of the heat flow algorithm on the test image.

(a) (b) (c) (d)

Total points extracted 211 160 154 159
Overlap with csf 125 127 93 106

Overlap with csf or grey matter 208 158 149 159
Points far away from sulci 3 2 5 0

Table 1. Numbers of points extracted using each sulcus detection method: (a)
Thresholding and thinning, (b) Line detection over intensity projection image
(c) Line detection over line strength projection image (d) Line detection over
projection image formed using heat flow model

7 Conclusion

We have shown that projection of a 3D line strength image onto a hull enclosing
the brain tissue using a heat flow algorithm, followed by linear feature detection
with non-maximal suppression, is an effective method of enhancing the contrast
of the cortical sulci in an image, and extracting their positions. Experiments
with a test image indicate that the results obtained are at least as good as those
obtained using a simple threshold, however a more realistic test image needs to
be used to make a more quantitative measure of the efficiency of this method.
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