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Abstract. Surface—based representations of the cortex become more and more popular for brain mapping, because
they can overcome the topological deficiency of commonly used volume—based methods. The projection of func-
tional volumes onto cortical surface meshes is an essential problem that is, however, rarely studied. This paper
presents a method that uses separable, anatomy—based convolution kernels and maps the 3d—functional activations
of the regional grey matter volume more precisely onto the cortical surface. To overcome limitations in segmentation
accuracy, we use an Active Surface for estimating the center of grey matter based on a fuzzy tissue classification with
automatic segmentation as initialisation. Experimental results are presented with data from an auditory fMRI ex-
periment, and indicate that the proposed center—of—grey matter method provides a more accurate cortical functional
mapping compared with current techniques.

1 Introduction

For identifying brain regions of specific functionality, e.g. using functional magnetic resonance imaging (fMRI),
surface—based representations of the cortex become more and more popular. The cortex—based analysis of fMRI data
offers several advantages over volume—based analysis methods. For example, statistical analysis methods can benefit
from the exclusion of non—cortical signals [1, 2], e.g. signals from the white matter and cerebrospinal fluid (CSF).

A cortical surface model that represents the inner, grey—white matter boundary in terms of a polygonal mesh with
spherical topology, also allows for a better visualisation and analysis of the spatial extent of activation foci and their
locations in group data [3, 4]. There are two frequently used approaches to map the functional activation within the
cortical grey matter onto the inner cortical surface. The first method either maps the activation peak between the
surfaces to the mesh vertices [5-7], or averages the responses between the inner and outer cortical surfaces [1, 8]
The second method employs the center of normal (CN) and assigns to each vertex the value of its containing voxel,
and averages signals inside a sphere centered at each vertex of an estimated medial surface within the grey matter,
respectively [3,7,9, 18] A few methods try to embed explicit anatomical information into the mapping process.

The region of influence of each each vertex is defined by the voxels distances to and along this surface, using nearest
neighbour averaging [5], 3-dimensional Gaussian kernels with different kernel sizes [2] and 2-dimensional diffusion or
heat kernel smoothing [8,11, 12].

All these methods require accurate segmentation that still require manual corrections to prevent an erroneous mapping
of non—cortical signals. Partial volume effects and artefacts due to magnetic field inhomogeneities and noise, however,
complicate the segmentation of the cortex from MR images. Automatic methods that separate the grey and white

matter brain regions based on intensity histograms require several pre—processing (e.g. an inhomogeneity correction)
and post—processing steps (e.g. a correction for topological errors) to produce acceptable results [13]. Methods that
employ active contours impose smoothness constraints to the extracted cortical surfaces [14], and thus may fail in

highly curved regions, e.g. at the fundus of sulci. Hence, the manual correction of segmentation errors is still the most

important, but operator—-dependent and time—consuming preprocessing step in view of cortical mapping [2, 10]. This

motivates our approach to computing medial surfaces that optimally represent the center of the cortical grey matter.

2 Mapping Functional Volumes Onto the Cortical Surface

Similar to the classical CN method, our method uses estimates of the inner, grey—white matter interface and outer
cortical surface (where grey matter borders CSF). Instead of improving the surfaces to fit the true boundaries of the
cortex, the medial surface initially centered between the two estimates is subsequently deformed to directly find the
center of grey matter. It is therefore implemented as an Active Surface that adapts to local maxima in grey matter
probability maps, which are obtained by a fuzzy region growing [15]. The fitted surface finally represents the center of

grey matter containing the fMRI signals of interest. Our algorithm directly computes the final response at each vertex
of the deformed surface by an anatomically—based convolution in the columnar direction and along the surface, i.e. in
the laminar direction [1,11].

1The two—surfaces mapping is used in the SUMA software packatge/(afni.nimh.nih.gov/afni/suma ).
2The center—of—normal method is used in the Freesurfer software patikgmégurfer.nmr.mgh.harvard.edu/ ).
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2.1 The Center—of-Grey—Matter Surface Model

Input to our method are the inner and outer cortical surfaces obtained from T1-weighted anatomical MR data sets using
the popular commercial software package Brainvoyager Q¥ {/www.brainvoyager.com ). The grey—
white—-matter boundariesy, = {¢!"} and their inflated versions, representing the outer cortical surfages {09},

are smoothed and corrected for topological errors [13], but usually underestimate the included grey and white matter
regions [14]. There are several approaches to locate the true cortical boundaries based on initial estimates, e.g. by
shifting the surfaces in the CSF direction [10], or deforming the surfaces in the direction of high image gradients [16].

In [15] we proposed method that determines for each voxel the probability of being included into the grey matter region
of the individual brain. It uses a multi-scale analysis to make the segmentation of the grey matter less sensitive to noise
and weak borders between the adjacent white matter and CSF. The resulting volumetrie,roéfiszzy labels are

used here to directly estimate the center—of-grey—matter sifaseeach data set.

The initial vertex positions of the medial surfae‘,% = {©V} are defined as follows. Profile lines of lengtlax (4, o —

©W) are drawn through the corresponding vertic@sthe inner and outer surfaces, apflis located at the bisection

point. Hered = 3mm estimates the average cortical thickness [17]. The resulting surface is represented as an Active
Surface [18]. Its undeformed shape can be understood as a continuous @bmak?, and its smooth deformation

is described by a boundary value partial differential equation that is solved numerically for the unknown displacement
field u(x), x € Q. We employ the Finite Element Method yielding an algebraic function that relates the deformed

positionsp! = Y +u;(¢) ofalli = 1,..., N finite element nodes (the mesh vertices) to elastic, inertial and damping
forces and external forcé&). The dynamic equilibrium equation has the form
i(t) = M~ (—=Cu(t) — Ku(t) + (1)), 1)

whereli(t) ~ %bo andu(t) ~ %\»o, andK (E, v) represents the stiffness properti€sapproximates a velocity—
dependent damping, aid is a constant function of material density18, 19]. For simulating the deformation of the
template, we use a step siZe, and integrate the finite element equations (Eq. 1) over time until an equilibrium is
reached. The deformed positions constitute the final center—of—grey matter stiyface

2.2 Fit of the Active Surface

The external forces in Equation 1 shall attract the nodes in normal surface direction to the voxels with maximum grey
matter probability. In order to avoid drifting of the surface into regions of non-brain tissue, e.g. CSF, we use ratched
spring forces according to [19], and let

fi(t) =fi(t — 1) + rs (@7 —0l), ks> 0. )

These forces simulate springs, which are tightened until the surface matches the points at which the grey matter prob-
ability is high. The locally optimum position for each vertex is computed from the grey matter probabilit?nap
as
opt .
e =wvjj= nax P,(v;).
The set of voxelsX; is defined in the vicinity of the initial surfaCég by sampling along the surface normal profile
(09 +9n;) — (Y — on;). Here, = 3mm and the offseb = 2mm account for possible segmentation errors, and

denotes the average outward surface normal in the initial vertex position.

Similar to the self—proximity term used in [16], an additional force is used to prevent arbitrary self-intersections of the
surface and thereby preserve its topology. We compute in each iteration for eachplehiexnearest (non—adjacent)
surface pointx € € in direction of the velocity of the vertices, and test for a potential collision. If the Euclidean
distance betweep! and estimated collision point is below a threshéldhe vertex and collision point are added to

a list of “active pairs”. For these active vertices we compute the impulse—based collision response in inverse velocity
direction as described in [20], and use this force in Equation 1. With this scheme it is possible to parametrise the
Active Surface less stiff in order to fit highly curved regions, while avoiding changes in the surface topology due to
self-intersections. We Iét= 1 in gyral regions (with positive mean curvature). Since the grey matter is thinner in the
fundi of sulci [16,17],0 = 2mm in sulcal regions.

2.3 Cortical Functional Activation Mapping

According to the columnar architecture of the cortex, we expect homogeneous activity normal to the surface within
the cortical ribbon. However, with increasing distance from the medial surface the probability increases that the voxels
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partially include signals from non—grey matter or grey matter volume from opposite sides of a fold. Further, the
correlation between responses at two surface points depends on their geodesic distance. In accordance with these
assumptions, the distribution of activity on the cortical surface is represented as an anatomically—based function of
normal and parallel (geodesic) distance to and on the medial surface.

For the columnar smoothing an approximative 1-dimensional Gauss Ketnel. g,,) is centered directly at each
vertex of the medial surfac¥,. For each vertex we colleet samples(s; ... s,) from the fMRI volume along a
columnar profile of length = ¥ + 20¢, 0o = 1mm, drawn fromy! in normal direction to the inner and outer cortical
surfaces. The standard deviatiop of the columnar kernel is a function of local mean curvature. According to the
assumption that the cortex has an average thickne3siot, and is less thick in the fundus of sulci [16, 17], we let
oc = 0.6mm in gyral regions with positive mean curvature, and= 0.3mm in sulcal regions. Thereby, the signal is
averaged over samples with a maximum distance from the medial surface oRabauand1mm, respectively. The
signal assigned tp} € V, is thenS(y}) = 37, s;g;. The following smoothing of the field along the surface uses

a heat diffusion kernel [1, 11], whose weights are calculated based on inter—vertex digtaneds! — gp§|2. In our
case, the geodesic distances on the folded suNacare approximated by the length of the shortest path between the
vertices, computed using Dijkstra’s algorithm. Assuming a sufficiently small laminar kernel bandwidthd small
inter—vertex distances,

exp(—dij (20’[)72)

i1 exp(—di;(201)72)
Here, the sefyl, ..., L, } containsy! and the neighboring vertices, whose distance’tes below a threshold,, =

30r. The discrete convolution  S(¢f) = 377", g(#}, ¥%)S(#}) is then repeated;, times to obtain the final mesh
time coursesS.

95, ¢5) = 5 3)

3 Experimental Evaluation

We evaluated the above algorithm using 10 anatomical MR data sets2§&h) (Lmm iso—voxels acquired on a 3

Tesla scanner. The quality of the data varied w.r.t. signal-to—noise ratio and intensity inhomogeneities. The cortices

were reconstructed using Brainvoyager QX, and the grey matter probability maps were computed as described in [15].

We first analysed the estimated center—of—grey matter surfaces using our technique in comparison with other methods,
and finally evaluated the resulting cortical functional maps from data acquired in an auditory fMRI experiment.

The same set of parameters introduced in Section 2 were used for all data setsEWelet = 0.4, p = 1, ks = 100,
At = 0.05,9 = 3mm,o0 = 2mm,0 € {2mm,3mm},oc € {0.3mm,0.6mm},oc = lmm,n = 20,t;, = 1 and
o, = 0.9mm (The value foro;, equals the average inter—vertex distance on the surface meshes.).

3.1 Center-of-Grey—Matter Estimation

We computed estimates of the medial surface in the center of the cortical grey matter using variants of the CN method,
namely using the center between the cortical surfaces (1), shifting the cortical surfac¥ yndsh+ = %19 (2), and
T = 2mm (3), respectively (similar to, e.g. [10]). We will refer to our Active Surface—based algorithm as method 4.

A visual inspection by neurobiologists suggested that the medial surface found by our algorithm was usually more
exact, especially in regions of low contrast, such as the lower temporal lobe. In all cases, the grey matter probability
along the deformed surfac¥s, computed using our method was higher compared with the initial estim(ﬁt(aSect.

2.1). The value®,(V,) were also significantly higher compared to methods »-3(0.01, one—sided—test). For

a quantitative comparison of the surfadés, we restricted our analysis to a portion of the surfaces where a set of
manually labelled landmarks was available as ground truth. 20 landmarks were set in each data set by a neuroscientist
in the grey matter of the first transverse temporal gyrus (Heschl’s gyrus), adjacent Heschl's sulcus, sulcus temporalis
superior and planum temporale. The landmarks were placed in regions where the distinction between neighbouring
gyri or opposing banks of the sulci has been obscured by partial volume. Our segmentations identified an average
absolute distance of = 0.2 £ 0.04mm and a maximum distance af = 1.1mm to the ground truth. Since the
Brainvoyager segmentations underestimate the white matter, methods 1-3 yielded poor results. Among them, method
3 performed besty(= 1.1 + 0.72mm,d = 5.48mm). We further analysed the overlap of the medial surfaces with
segmentations of the grey matter of two regions including the primary auditory cortex and secondary auditory cortex.
The grey matter masks were defined as described in [21], and segmented in each MRI data set by an expert. Again,
method 4 computed the highest overla@6tt 1% (method 3:90 + 2%, method 2:87 + 2%, method 1:86 + 3%).
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Figure 1. Cortical activation maps computed using method 3 (top row) and the proposed Active Surface (bottom row).
Using our method, the number of missed activations was smaller (compare Figs. (e) and (j)). The resulting maps were
also topologically more accurate. In contrast to Fig. (f) the map in (a) shows activations on the superior temporal
sulcus (indicated by the box) due to an erroneous mapping of fMRI signals from the superior temporal gyrus. In this
example, a fix shift of the inner cortical surface produced a medial surface that intersects the white matter (Fig. (d)).
The Active Surface deformed more precisely into the grey matter of the sulcus (Fig. (i)). As a result, the distance of
the medial surface to the activation in the superior temporal gyrus increased.

Our algorithm explicitly accounts for self-intersections by employing a collision handling (Sect. 2.2). As a result, less
than0.01% vertices of each deformed surface had a normal distance lelothe surface. These vertices were located

in both gyral and sulcal regions, where the contrast between CSF and grey matter was low. No self intersections were
identified (Fig. 1(h)). Such topological changes occurred in a second experiment, where we calculated the deformation
of the Active Surface without the collision handling. In one data set, where the white matter was overestimated by
the commercial software package)2% vertices intersected the deformed surface. For this data set we found similar
results using method 3.

3.2 Cortical Mapping using the Center—of—grey matter

Detection of activations were made vertex—wise based on the mesh time co(&sag. 2.3), implemented by the same
deconvolution—based techniques commonly used in volume—based analysis. Because no ground truth was available, we
compared the resulting cortical activation maps with the maps obtained using the medial surfaces computed estimation
method 3, which produced the best CN method—-based estimates for the medial surface (Sect. 3.1). In order to examine
the topological accuracy of the maps we compared the 3d—activation foci w.r.t. their counterparts on the surfaces. For
the volume-based analysis, the fMRI volumes were smoothed using a 3-dimensional isotropic Gaussian kernel with
2mm full width at half maximum (FWHMS.

From Section 3.1 we can conclude that the probability of mapping non—grey matter signals to the surfaces was reduced
using our algorithm. A visual inspection of the cortical maps also showed differences between our method and method
3 w.r.t. the probability of mixing signals from different grey matter regions to the vertices. Method 3 computes the
location of the medial cortical surface based on a fix shift of the inner cortical surface in normal direction. Some 3d—
activations were missed, because the inner cortical surface had not always a fix dis@anee twfthe true grey—white

matter boundary (Figs. 1(b), 1(e)). Further, in some cases, method 3 assigned clusters of activation to cortical locations
that did not correspond with the specific anatomical location assigned by evaluating its location using the 3d—statistical
volume. For example, clusters were “multiplied” and assigned to different sides of folds, which were close in an
Euclidean sense, but geodesically distant (Figs. 1(a), 1(d)). We found no evidence for such erroneous mappings using
the proposed Active Surface—based method (Figs. 1(f), 1(i)).

3For the chosen values;, = 0.9mm and¢;, = 1 (used to map the fMRI volumes to the surfaces), the predicted FWHM Gaussian filter width
is slightly higher 2.2mm) [11]. Larger values may be chosen for multi-subject statistical analyses, but increase partial volume effects. As a result,
separate clusters of cortical activation may fuse into one cluster.
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4 Conclusion and Outlook

We presented an automatic procedure for estimating the center—of—grey—matter surface based on the reconstructed
inner and outer cortical surfaces provided by a commercial software package. The pre—defined surfaces usually un-
derestimate the true boundaries of the cortex. To overcome the segmentation errors as much as possible, our method
employs smoothness constraints on a medial surface, which is deformed from its initial location to match the maxima in
grey matter probability maps. An additional constraint helps to avoid self—intersections when fitting the surface to thin
folds. The resulting medial surfaces provide more accurate estimates of the true center of grey matter and of the cortical
functional activation maps computed using the popular center—of-normal method. Our results also compare well with
the interpretation of 3d—activation patterns by neuroscientists. By these considerations, the proposed technique can
support the cortical analysis of fMRI data. Currently, our method for practical applications needs more detailed evalua-
tion, e.g. using synthetic and real MRI data of different spatial resolution. Future work will focus on the analysis of the
influence of the parameters on the resulting medial surfaces, e.g. the influence of the curvature—dependent smoothing
kernel width on partial volume effects. We will also evaluate the potential of the Active Surface to compensate larger
differences between the given surfaces and true boundaries of the cortex.
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