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Cortical surface mapping has been widely used to compensate for individual variability of cortical shape and
topology in anatomical and functional studies. While many surface mapping methods were proposed based on
landmarks, curves, spherical or native cortical coordinates, few studies have extensively and quantitatively
evaluated surface mapping methods across different methodologies. In this study we compared five cortical
surface mapping algorithms, including large deformation diffeomorphic metric mapping (LDDMM) for curves
(LDDMM-curve), for surfaces (LDDMM-surface), multi-manifold LDDMM (MM-LDDMM), FreeSurfer, and
CARET, using 40MRI scans and 10 simulated datasets.We computed curve variation errors and surface alignment
consistency for assessing the mapping accuracy of local cortical features (e.g., gyral/sulcal curves and sulcal
regions) and the curvature correlation for measuring the mapping accuracy in terms of overall cortical shape. In
addition, the simulated datasets facilitated the investigation of mapping error distribution over the cortical
surface when the MM-LDDMM, FreeSurfer, and CARET mapping algorithms were applied. Our results revealed
that the LDDMM-curve,MM-LDDMM, andCARETapproaches best aligned the local curve featureswith their own
curves. TheMM-LDDMM approachwas also found to be the best in aligning the local regions and cortical folding
patterns (e.g., curvature) as compared to the othermapping approaches. The simulation experiment showed that
the MM-LDDMM mapping yielded less local and global deformation errors than the CARET and FreeSurfer
mappings.
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Introduction

The human cortex is a convoluted sheet that forms sulco-gyral folding
patterns to allow for a large surface area inside the skull. Because of this,
functionally distinct regions are close to each other in a volume space but
geometricallydistant in termsofdistancemeasuredalong thecortex. Such
geometric property of the cortex has been preserved well in the cortical
surface model (Van Essen et al., 1998; Fischl et al., 1999a; Van Essen,
2004a; Clouchoux et al., 2005; Lyttelton et al., 2007). Thus, researchers
have recently focused on developing techniques for cortical parcellation,
cortical morphological and functional studies using the cortical surface
model (Fischl and Dale, 2000; Fischl et al., 2004; Anticevic et al., 2008). In
particular, registration for the cortical surface has received great attention
in both anatomical and functional studies inmagnetic resonance imaging
(MRI) (Van Essen et al., 1998; Fischl et al., 1999a; Van Essen, 2004a;
Clouchoux et al., 2005; Lyttelton et al., 2007). It has beenwidely applied in
brain morphometric studies not only for exploring abnormalities in the
cortical morphology and functions associated with disease but also for
providing the locations (e.g., Sowell et al., 2003; Chung et al., 2005; Narr
et al., 2007).Moreover, functional studies have shown that cortical surface
mappings have superior power in detecting functional activations as
compared to automated Talairach registration (Fischl et al., 1999b) and
affine volume-based registration approaches (Anticevic et al., 2008).

Since the cortex is highly folded, its surface representation has
been suggested to facilitate the visualization and analysis of functional
data by preserving its important geometrical and topological relation-
ships. One well-known representation is the sphere. Various methods
have been proposed to inflate the cortical surface and then project it
onto a unit sphere, such as CARET (Van Essen, 2005), FreeSurfer
(Fischl et al., 1999a), conformal mappings (Gu et al., 2004; Hurdal and
Stephenson, 2004). Thus, a majority of early cortical surface mapping
approaches were developed in the spherical coordinates where
landmarks (e.g., points or gyral/sulcal curves) or cortical folding
patterns were driving forces to align one cortical sphere to the other
(Thompson and Toga, 1996; Fischl et al., 1999a; Robbins et al., 2004;
Van Essen, 2004b, 2005; Yeo et al., 2009). Among them, curve-based
CARET and folding-pattern-based FreeSurfer cortical mapping
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algorithms have been widely used partly because they are publicly
available and provide reasonable cortical alignments. Nevertheless,
the curve or folding-pattern-based spherical mappings require the
spherical parameterization of the cortical surface in which adjacent
gyri with distinct functions are well separated. This surface param-
eterization process introduces distance, area, and angular distortions
that potentially affect the quality of the surface alignment. To avoid
such an issue, one would expect to directly align the cortical surfaces
in their own coordinates. In 2005, Vaillant and Glaunès (Vaillant and
Glaunès, 2005) first introduced a vector-valued measure acting on
vector fields as geometric representation of surfaces in their own
space and then imposed a Hilbert space structure on it, whose norm
was used to quantify the geometric similarity between two surfaces in
their own coordinates. Since then, the vector-valued measure has
been incorporated as a matching functional in the variational
problems of large deformation diffeomorphic metric surface mapping
(LDDMM) (Vaillant and Glaunès, 2005; Vaillant et al., 2007).
Following this work, several LDDMM algorithms have been developed
to map gyral/sulcal curves (LDDMM-curve) (Qiu and Miller, 2007;
Glaunès et al., 2008) and simultaneously align cortical surfaces and
gyral/sulcal curves (multi-manifold LDDMM, MM-LDDMM) (Zhong
and Qiu, 2010). Several studies have shown the robustness of the
LDDMM algorithms in registering cortical surfaces using curves (Qiu
and Miller, 2007) or both curves and surfaces (Zhong and Qiu, 2010).

While many cortical mapping approaches are available, anatomical
and functional studies have suggested that different mapping algo-
rithms can influence statistical outcomes in group analysis (Desai et al.,
2005; Qiu et al., 2007). Thus, it is important to know the performance of
each mapping algorithm, especially in regions of interests (ROIs), to
properly interpret image findings. To our knowledge, no study has
directly compared the LDDMM approaches with spherical registration
methods, such as those in CARET and FreeSurfer, to address their
mapping accuracies. In this paper, we aim to quantitatively compare
these cortical surface mapping algorithms, including LDDMM-curve,
LDDMM-surface, MM-LDDMM, FreeSurfer, and CARET in terms of
registration accuracy for local (gyral/sulcal curves and sulcal regions)
and global (folding pattern) cortical features. In addition, we conducted
a simulationexperiment to evaluatemappingerror distributionover the
cortical surface and localize regions with large mapping errors for each
mapping algorithm, which potentially provides guidance for the choice
of mapping algorithms in ROI-specific imaging studies.

Methods

Subjects and image acquisition

Forty subjects comprising of 10 young adults (five males and five
females, age: 23.4±2.55 years), 10 middle-aged adults (five males and
five females, age: 49.3±1.89 years), 10 elderly (five males and five
females, age: 73.9±2.02 years), and 10 patients with Alzheimer's
disease (five males and five females, age: 76.4±2.55 years) were
randomly selected from the OASIS database (Marcus et al., 2007). An
average atlas was not used in this study becausemapping accuracymay
be biased to the mapping algorithm that was applied to generate the
average atlas. Thus, a single-subject template was constructed using an
MRI scan collected from a healthy subject (female, age: 54 years). This
subject was chosen because her age and total brain volume were at the
average values of the 40 subjects in this study.

Magnetic resonance (MR) scans for the whole brain were acquired
using the Siemens Magnetom Vision 1.5 T imaging system using
Magnetization Prepared Rapid Gradient Recalled Echo (MP-RAGE)
sequence (TR=9.7 ms, TE=4 ms, flip angle=10o, inversion time
(TI)=20 ms, delay time (TD)=200 ms, 256×256 (1×1 mm) in-
plane resolution,128 1.25-mm slices without gaps). Three or four T1-
weighted MP-RAGE scans were collected for each subject. Head
movement was minimized by cushioning and a thermoplastic face
mask. All MR images used in this study are accessible online (http://
www.oasis-brains.org) (Marcus et al., 2007).

Cortical surface generation

The three or four MP-RAGE data per subject were averaged offline
(with correction for head movement) to increase the contrast to noise
ratio and were interpolated into isotropic voxels with resolution of
1 mm×1 mm×1 mm. FreeSurfer was used to label each voxel as
cerebrospinal fluid (CSF), gray matter (GM), and white mater (WM)
using a Markov–Random field model (Fischl et al., 2002). An inner
surface at the boundary of GM and WM was constructed and then
propagated to the boundary of GMandCSF to formanouter surface via a
flowwith the force based on the image labeling and gradient such that
the topologies of the outer and inner surfaces were preserved (Dale
et al., 1999). The fiducial surface, the center of the inner and outer
surfaces, was then smoothed by changing the location of each vertex
toward the barycenter of its first neighbors to reduce noise features and
small geometric changes of shapes (Toro andBurnod, 2003). For the rest
of the paper, this smoothedfiducial surfacewas considered as geometric
representation of the cortex and used as input surface for LDDMM,
FreeSurfer, and CARET cortical surface mappings. Examples of the
cortical surface are illustrated in the first column of Fig. 1.

Cortical surface mapping algorithms

LDDMM
Two cortical surfacesmaybemapped onto each other by treating the

two-dimensional manifolds of the cortical surfaces as one-dimensional
features (curves), or two-dimensional structure of the manifold as a
whole, or combination of one- and two-dimensional features (curves
and surface). Compared to two-dimensional surface matching, an
advantage of one-dimensional curve mapping is that the amount of
computation is reduced. Also, the selection of curves can be guided by
previous knowledge derived from postmortem studies. In the setting of
LDDMM, we developed mapping algorithms that utilize three different
anatomical manifolds, i.e., curves (Qiu and Miller, 2007; Glaunès et al.,
2008), surfaces (Vaillant and Glaunès, 2005; Vaillant et al., 2007), and
integration of curves and surfaces (Zhong and Qiu, 2010). All of these
mapping algorithms provide diffeomorphic maps (i.e., one-to-one,
reversible smooth transformations that preserve topology) that allow
deforming one cortical surface to a template in its own folded
coordinates. The use of LDDMM for mapping the cortical surfaces
requires studying them in a metric space, provides a diffeomorphic
transformation, and defines a metric distance that can be used to
quantify the similarity between two shapes. We assume that shape
objects can be generated one from the other via a flow of diffeomorph-
isms, solutions of ordinary differential equation ϕ̇t = vtðϕtÞ; t∈½0;1�
with ϕ0= id, identity map, and associated velocity fields vt. For a pair of
objects Itemp and Itarg, a diffeomorphicmapφ transformsone to theother
ϕ1 ⋅ Itemp= Itarg at time t=1. We defined a variational problem to find
optimal transformation, ϕt, t ∈ [0, 1] in the form of

JðvtÞ = inf
vt :ϕ̇t =vt ðϕt Þ;ϕ0 = id

∫1
0‖vt‖

2
Vdt + Eðϕ1 · Itemp; ItargÞ; ð1Þ

where the first term quantifies themetric distance between the shapes,
the length of the geodesic curves ϕt ⋅ Itemp, t∈ [0, 1] through the shape
space generated from connecting Itemp to Itarg in a Hilbert space, V, of
smooth vector fields with norm ‖ ⋅ ‖V. V ensures that the solutions are
diffeomorphisms. E(ϕ1 ⋅ Itemp, Itarg) quantifies the closeness between the
deformed object ϕ1 ⋅ Itemp and object Itarg. We adapted this variational
problem to different objects, such as curves (Qiu and Miller, 2007;
Glaunès et al., 2008), surfaces (Vaillant andGlaunès, 2005;Vaillant et al.,
2007), and integration of curves and surfaces (ZhongandQiu, 2010). For
the purpose of registering two cortical surfaces, we briefly reviewed
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Fig. 1. Schematic of LDDMM, FreeSurfer, and CARET cortical mapping processing pipelines.
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how to define E(ϕ1 ⋅ Itemp, Itarg) for objects of curves, surfaces, and
integration of curves and surfaces.

LDDMM-curve. Since a curve is a geometric object, it cannot be uniquely
reconstructed based on the locations of a set of points. We consider a
curve embedded inR3 as a one-dimensionalmanifold in the sense that the
local regionof everypoint on the curve is equivalent to a linewhichcanbe
uniquely defined by this point and the tangent vector at this location.
Thus, we represent our mapping object, I, as I={γi, i=1, 2, ⋯, nc}, where
γi

� �nc
i = 1 is a set of gyral and sulcal curveson the surface associatedwith a
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series of points and their tangent vectors. nc is the total number of paired
curves. We defined E(ϕ1 ⋅ Itemp, Itarg) in Eq. (1) as

Eðϕ1⋅Itemp; ItargÞ = ∑
nc

i=1
Eγi

ðϕ1 · γi
temp;γ

i
targÞ;

where ϕ1 ⋅γtemp
i is the deformed template curve while γtarg

i is the
target curve. Eγi ðϕ1⋅γi

temp;γ
i
targÞ quantifies the closeness of the ith

paired curves ϕ1 ⋅ γtemp
i and γtarg

i by computing the similarity of the
tangent vectors of these two curves.

As illustrated in Fig. 2, 14 sulcal and 12 gyral curves were semi-
automatically delineated for each subject and subsequently used for the
LDDMM-curve mapping in this study. These curves were chosen
because they are consistently present and readily identifiable on the
cortex. The anatomical definitions of these curves are described
elsewhere (Zhong and Qiu, 2010) (http://www.bioeng.nus.edu.sg/
cfa/mapping/curveprotocol.html). Briefly, the initial starting and
ending points of each curve were manually defined on the fiducial
surface and the gyral (or sulcal) curve between themwas automatically
generatedusingdynamic programmingbymaximizing (orminimizing)
the curvature information along the curve (Ratnanather et al., 2003). In
this study,we deformed thefiducial surface of each individual subject to
the template surface by interpolating the deformation field obtained
from the LDDMM-curve algorithm via the diffeomorphic flow.

LDDMM-surface. Weassume the cortical surface embedded in R3 to be a
two-dimensional manifold in the sense that the neighborhood of every
point on the surface is equivalent to a two-dimensional plane in
Euclidean space. Such a plane can be uniquely defined by a point and a
vector originated at this point and normal to the plane. Next, we defined
E(ϕ1 ⋅ Itemp, Itarg) for registering surfaces in the LDDMMsetting based on
their position andnormal vectors, inwhich E(ϕ1 ⋅ Itemp, Itarg) in Eq. (1), is
given in the form of

Eðϕ1 · Itemp; ItargÞ = ESðϕ1 · Stemp; StargÞ;
Fig. 2. Fourteen sulcal curves and 12 gyral curves are illustrated in the lateral (panels A, D),
bottom rows show sulcal and gyral curves respectively. Key: Panel (A): SFS(1), superior fro
sulcus; PoCeS(4), postcentral sulcus; IPS(5), intraparietal sulcus; SF(6), Sylvian fissure; aSTS
Panel (B): CC(24), superior callosal sulcus; POS(9), parieto-occipital sulcus; CaS(25), calcarine su
precentral gyrus; PoCeG(13), postcentral gyrus; STG(26), superior temporal gyrus; MTG(14), mi
lateral occipital gyrus. Panel (E): LG(16), lingual gyrus; CG(17), cuneus gyurs; ACG(18), anterior
paracentral gyrus.
where ES(ϕ1 ⋅ Stemp, Starg) quantifies the closeness of the deformed
template and target surfaces by computing the similarity of their
normal vectors. In our study, the LDDMM-surface algorithm was used
to deform the fiducial surface of each individual subject to the
template surface.

MM-LDDMM. We assume the cortical surface embedded in R3 to be a
multi-manifold, integration of one- and two-dimensional manifolds
(curves and surfaces). Multi-manifold large deformation diffeomorphic
metricmapping (MM-LDDMM) (Zhong andQiu, 2010)was designed to
integrate the gyral/sulcal curves and the fiducial surface together and
thus allowed carrying the cortical surface and its gyral/sulcal curves
simultaneously from one to the other through a flow of diffeomorph-
isms. MM-LDDMM incorporates anatomical priors through gyral and
sulcal curves to constrain regional alignment, and the geometry of the
fiducial surface to constrain regional and global alignment. Thus, we
represent ourmapping object, I, as I={S, γi, i=1, 2, ⋯, nc}, where S is the
fiducial surface associated with a set of vertices and their normal
vectors. γi

� �nc

i = 1 is a set of gyral and sulcal curves on the surface
associated with a series of points and their tangent vectors. In the MM-
LDDMM setting, we define E(ϕ1 ⋅ Itemp, Itarg) for aligning the fiducial
surface as well as sulcal and gyral curves in the form of

Eðϕ1 · Itemp; ItargÞ = ESðϕ1 · Stemp; StargÞ + ∑
nc

i=1
Eγi

ðϕ1 · γi
temp;γ

i
targÞ;

where Eγi ðϕ1⋅γi
temp;γ

i
targÞ and ES(ϕ1 ⋅ Stemp, Starg) are described pre-

viously. In our study, the fiducial surface of each individual subject was
deformed to the template surface using the MM-LDDMM algorithm
where the fiducial surface in the LDDMM-surface algorithm as well as
the 14 sulcal and 12 gyral curves in the LDDMM-curve algorithm were
considered as mapping objects.

FreeSurfer cortical mapping
Unlike LDDMM approaches, the cortical mapping algorithm in

FreeSurfer requires spherical parameterization of the cortical surface
medial (panels B, E), and basal (panels C, F) views of the template surface. The top and
ntal sulcus; IFS(2), inferior frontal sulcus; PreCeS(3), precentral sulcus; CeS(23), central
(7), anterior segment of the superior temporal sulcus; ITS(8), inferior temporal sulcus.
lcus. Panel (C): OS(10), olfactory sulcus; CoS(11), collateral sulcus. Panel (D): PreCeG(12),
ddle temporal gyrus; IPG(15), intraparietal gyrus; SFG(20), superior frontal gyrus; LOG(22),
border of the cuneus gyrus; PoPrecu(19), posterior border of the precuneus; ParaCeG(21),
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and then aligns cortical patterns (e.g., cortical convexity, cortical
curvature) in the spherical coordinates. For these, Fischl and colleagues
proposed several variational problems for cortical inflation, and
spherical mapping (Fischl et al., 1999a,b). As illustrated in Fig. 1(B),
the folded cortical surface was first inflated to remove its intrinsic
folding pattern while minimizing metric distortion and a spring force
that constrained the smoothness of the surface. Thus, the cortical
inflation provided a representation of the cortical hemisphere that
retainedmuch of the shape andmetric properties of the original surface,
yet allowing for better visualization of functional activity occurring
within sulci. The inflated surface was then projected onto a unit sphere
by moving each vertex in the tessellation of the inflated surface to the
closest point on the sphere based on surface normal vector. The metric
distortion introduced in this projection procedure was further mini-
mized. Once the spherical representation was established, standard
spherical coordinate systems (e.g., longitude and latitude) were used to
index a point on the folded cortical surface for a given subject. Finally,
alignment of the cortical surface with a template in the spherical
coordinates was implemented by minimizing the mean squared
difference between the cortical convexities (Fischl et al., 1999a) of the
individual and the template. The spherical mapping in FreeSurfer
(v4.0.2) was applied in this study.

CARET cortical mapping
The cortical surface mapping in CARET is a landmark-based spherical

registration approach (Van Essen, 2005). To apply it, we first manually
delineated six curves, including the central sulcus (CeS), Sylvian fissure
(SF), anterior half of the superior temporal gyrus (aSTG), calcarine sulcus
(CaS), the medial wall dorsal segment, and the medial wall ventral
segment, on the folded cortical surface of each individual subject basedon
the protocol given on website, http://brainvis.wustl.edu/help/land-
marks_core6/landmarks_core6.html. The curves were then projected to
the spherical coordinates of the cortical surfaces. Note that the spherical
representation of each individual cortical surfacewas generated using the
cortical inflation and spherical projection approaches in FreeSurfer in
order to reduce potential errors in evaluation measurements due to
different cortical spherical parameterizations. Examples of the curve
representation on the sphere are illustrated in Fig. 1(C). Finally, the
subject sphere was deformed to the template sphere by forcing the
subject landmarks into alignment with the template landmarks and also
minimizing local shape distortion of the subject sphere. This landmark-
based spherical mapping in CARET (v5.61) was applied in this study.

Quantitative measures of cortical mapping accuracy

Curve variation error
We introduced Hausdorff distance to evaluate anatomical varia-

tion based on the local features of the sulcal and gyral curves. For each
subject, the 14 sulcal and 12 gyral curves (used in the LDDMM
mappings) and six landmarks (used in the CARET mapping) were first
transformed to the folded template surface coordinates based on the
transformation found using the LDDMM, FreeSurfer, or CARET cortical
mapping algorithms. We denoted a specific sulcal/gyral curve of
subjects, i and j, in the template coordinates as γ{i} and γ{j}. The
Hausdorff distance (Dubuisson and Jain, 1994) was then computed for
these paired curves as

dðγfig
;γfjgÞ = 0:5

1
N1

∑
x∈γfig

min
y∈γfjg

jx−yj + 0:5
1
N2

∑
y∈γfjg

min
x∈γfig

jx−yj

whereN1 andN2 are the number of points on γ{i} and γ{j}, respectively.
|x−y| denotes the Euclidean distance between points x and y. The first
term in the above equation is the average minimum distance of each
point in curve γ{i} to a point in curve γ{j}, and the second term is the
average minimum distance of each point in γ{j} to a point in γ{i}.
To evaluate the anatomical variation of a specific sulcal/gyral
curve among subjects, which cannot be characterized by the
deformation found using the cortical mapping, we further calculated
a curve variation error (Pantazis et al., 2010) as

Var =
1

2JðJ−1Þ ∑
J

i=1
∑
J

j=1
dðγfig

;γfjgÞ
h i2

;

where J is the number of subjects in the study. Lower value indicates
better alignment for this curve.

Surface alignment consistency and overlap ratio of sulcal regions
Surface alignment consistency (SAC)was initially introduced by Van

Essen (2005) for quantifying the anatomical variability of a sulcal region
among a group of subjects that can be characterized by the cortical
mapping algorithm. Assume J to be the number of subjects involved in
the SAC study whose cortical surfaces were transformed to the folded
template surface coordinates using the transformation found through
oneof the corticalmapping algorithms.We considered the region on the
template surface that consisted of the sulcal regions transformed from
all the J subjects as a reference and denoted its vertex location as x. For
every x, we first computed the probability map, p(x), to represent the
chance of location x being this sulcal region where p(x) can be
approximated as i−1

J−1 ; i = 1;2; ⋯; J. We then integrated p(x), over the
sulcal region and normalized it by this sulcal area of the template
surface. In the discrete case, where the cortical surface was a
triangulated mesh, we can define SAC as

SAC =
1
N

∑
J

i=1

i−1
J−1

ni;

where N is the total number of vertices in this sulcal region on the
template surface and ni is the number of vertices in this sulcal region
with probability of pðxÞ = i−1

J−1. SAC is ranged from 0 to 1, i.e., the
higher the value, the better the sulcal alignment.

In our study, one rater (DYLP)manually delineated 17 sulcal regions
for each of 40 subjects (see detailed protocol in Van Essen, 2005) and on
the website (http://www.bioeng.nus.edu.sg/cfa/mapping/sulcalpro-
tocol.html). These sulcal regions were chosen because they are
distributed broadly over the cortical surface as illustrated in Fig. 3.
These sulcal regions were also used for quantifying cortical mapping
accuracy in previous studies (Van Essen, 2005). We computed SAC for
each of these 17 sulcal regions. To test the intra-reliability of themanual
delineation of each regionwithin a subject for ensuring that SAC results
werenot influencedby the delineation error, the 17 sulcal regions offive
subjects were delineated twice (rater: DYLP). The second delineation
was done three weeks after the first delineation. We computed an
overlap ratio for each sulcal region as

R =
2NS1∩S2

NS1
+ NS2

;

whereNS1∩S2 represents the number of vertices having been labeled as
the sulcal region in both manual delineations, while NSi ; i = 1;2
denotes the number of vertices having been labeled as the sulcal
region in the ith delineation. Furthermore, the overlap ratio was also
computed to quantify the consistency of the sulcal region alignment
between individual subjects and the template, where S1 denoted the
sulcal region of the template and S2 represented the sulcal region of a
subject deformed to the template coordinates.

Curvature correlation
The purpose of the cortical surface mapping is to deform one

surface to the other such that local and global shape characteristics of
the two surfaces are similar. To test it, we computed curvature
correlation of the subject's deformed cortical surface and the template
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Fig. 3. Seventeen sulcal regions are shown in the superior lateral (A), inferior lateral (B), andmedial (C) views of one subject's surface. The names of the sulcal regions are listed in Table 1.
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surface. The mean curvature of the subject's deformed surface in the
template coordinates was calculated by transferring the mean
curvature of the subject folded cortical surface to the template
based on the transformation found using one of the cortical
mapping algorithms. When ρ=1, the global shape pattern of the
subject's deformed surface well matches with that of the template
surface. The lower value of ρ signals worse registration with a
theoretical minimum of ρ=0.

Global and local deformation errors
To directly quantify deformation fields that each mapping

algorithm characterizes, we conducted a simulation experiment in
which folded cortical surfaces were generated from a template by
moving its vertices by known deformation. To do this, we modeled
deformation, U(x), as random fields in the template coordinates,
which can be generated using equation

UðxÞ = →
U0 + ∑

n

i=1
UiψiðxÞ

→
NðxÞ; ð2Þ

where
→
U0 is a random vector with three elements.

→
NðxÞ is the normal

vector at location x on the template surface. ψi(x) is the ith Laplace–
Beltrami basis functiondefined in the template surface (Qiu et al., 2006).
Fig. 4 shows examples of the Laplace–Beltrami basis functions on the
template surface in the lateral and medial views. The regions with
positive values are colored in red, while the ones with negative values
are in blue. {Ui}i=1

n are random variables associated with ψi(x). In our
experiment, we used the first 10 Laplace–Beltrami basis functions and
applied this model for constructing 10 cortical surfaces from the
template where {Ui}i=1

n and
→
U0 were randomly generated based on

Gaussian distribution. Specifically, {Ui}i=1
n and

→
U0 were randomly
Fig. 4. Panels (A–C) illustrate the second, fourth, eighth Laplace–Beltrami basis functions r
template surface in the lateral and medial views, respectively.
chosen such that each individual constructed surface had average
deformation displacement across the entire surface about 1–2 mm.
Nevertheless, the maximum deformation displacement across the
entire surface can be as large as 5.20 mm.

We employed the MM-LDDMM, FreeSurfer, and CARET cortical
mapping algorithms to align the 10 individual surfaces to the template.
The deformation at a specific location of the cortical surface that cannot
be carried out by themapping algorithmswasquantified by the absolute
value of the difference between the true deformation obtained in Eq. (2)
and deformation fields found through each of the mapping algorithms.
We termed it as local deformation error in this paper. Themean value of
the local deformation error over the template surfacewas also computed
to give an overall evaluation of the deformation errors, referred to as
global deformation error. Since the template was the one used to
generate the simulated surfaces, these local and global deformation
errors only quantified the amount of deformation that each mapping
algorithm can characterize but not the anatomical difference between
the template and simulated dataset (e.g., missing gyri or sulci).

Results

We evaluated the accuracy of the LDDMM, FreeSurfer, and CARET
cortical mapping algorithms using cortical surfaces of the 40 subjects in
the first 3 sections and 10 simulated cortical surfaces in the last section.

Curve variation errors

We computed the variation errors of the 26 curves used in the
LDDMM mapping (see Fig. 2) and the 6 curves used in the CARET
mapping (see Fig. 1(C)) among the 40 subjects for each of the
mapping algorithms. Fig. 5 illustrates these errors to indicate the
espectively on the template surface. The top and bottom rows of each panel show the



Fig. 5. Panel (A) shows the variation errors of the 26 curves defined for the LDDMM mapping. The full name and index of each curve are given in Fig. 2. Panel (B) illustrates the
variation errors of the six curves defined for the CARET mapping, including the central sulcus (I), calcarine sulcus (II), anterior segment of the superior temporal gyrus (III), the
medial wall dorsal segment (IV), and the medial wall ventral segment (V), and Sylvian fissure (VI). The first four curves were defined similar to those indexed as 23–26 in panel (A).
Black, gray, pink, white, and blue bars are the curve variation errors among 40 subjects that cannot be characterized by MM-LDDMM, LDDMM-surface, LDDMM-curve, FreeSurfer,
and CARET cortical mapping algorithms, respectively.
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gyral/sulcal variability that cannot be characterized by the deforma-
tion found using the LDDMM, FreeSurfer, and CARET mapping
algorithms.

As illustrated in Fig. 5(A), the variation errors of the 26 curves
suggested that the LDDMM-curve mapping algorithm provided the
lowest curve variation errors for most of the 26 curves in comparison to
the othermapping algorithms. Comparedwith FreeSurfer and LDDMM-
surface mapping algorithms, the CARET cortical mapping showed
relatively lower variation errors of the curves involved in the mapping
process, including the central sulcus (index 23), calcarine sulcus (index
24), superior temporal gyrus (index 25), and dorsal segment in the
medial wall (close to callosum, index 26), as well as their adjacent
curves, including precentral (12) and postcentral (13) gyri, lingual (16)
and cuneus (17) gyri. However, the CARET mapping showed larger or
comparable variation errors for these curves when compared with the
LDDMM-curve mapping. Furthermore, the anatomical variation of the
other curves cannot be well carried out using the CARET mapping
deformation. In addition, the MM-LDDMM algorithm balanced the
geometry of the curves and surfaceswhen aligning two cortical surfaces.
Thus, it provided better curve alignment than the LDDMM-surface,
FreeSurfer, and CARET algorithms but had comparable results with the
LDDMM-curve algorithm. Overall, the variation errors averaged over all
Table 1
The average overlap ratios (±standard deviation, SD) are listed to quantify intra-reliability
each mapping algorithm (the rest columns).

Sulcal region Intra-reliability MM-LDDMM

Central sulcus (CeS) 0.95±0.02 0.63±0.02
Parieto-occipital sulcus (POS) 0.95±0.03 0.57±0.06
Cingulate sulcus (CiS) 0.94±0.02 0.51±0.05
Postcentral sulcus (PoCeS) 0.92±0.04 0.53±0.06
Collateral sulcus (CoS) 0.91±0.05 0.46±0.06
Superior frontal sulcus (SFS) 0.91±0.02 0.52±0.06
Inferior precentral sulcus (IPreCeS) 0.91±0.04 0.47±0.08
Superior precentral sulcus (SPreCeS) 0.93±0.02 0.46±0.05
Inferior frontal sulcus (IFS) 0.90±0.05 0.37±0.08
Inferior temporal sulcus (ITS) 0.91±0.04 0.42±0.10
Lateral occipital sulcus (LOS) 0.90±0.04 0.38±0.17
Sylvian fissure (SF) 0.96±0.01 0.64±0.02
Superior temporal sulcus (STS) 0.92±0.02 0.48±0.05
Ventral calcarine sulcus (CaSv) 0.91±0.02 0.46±0.07
Dorsal calcarine sulcus (CaSd) 0.91±0.04 0.44±0.08
Occipital temporal sulcus (OTS) 0.91±0.06 0.41±0.09
Intraparietal sulcus (IPS) 0.92±0.04 0.51±0.05
26 curves were 5.77 (±3.08) for LDDMM-curve, 6.36 (±3.31) for MM-
LDDMM, 14.38 (±6.77) for FreeSurfer, 14.41 (±7.17) for LDDMM-
surface, and 14.89 (±9.19) for CARET.

Fig. 5(B) illustrates the variation errors of the six curves defined for the
CARET mapping. Our results suggested that CARET provided the lowest
variation errors of these six curves when compared with the other
mapping algorithms. Notice that among these six curves, four curves
(central sulcus, calcarine sulcus, anterior half of the superior temporal
gyrus, and the medial wall dorsal segment) were defined similarly to
those used for the LDDMM mapping. The variation errors of these four
curves from the LDDMM, CARET, and FreeSurfer mappings were
comparablewith those shown in Fig. 5(A) (curve indices: 23–26). Overall,
the variation errors averaged over these six curves were 0.78 (±0.24) for
CARET, 2.67 (±1.21) for MM-LDDMM, 4.33 (±2.05) for LDDMM-curve,
4.92 (±2.57) for LDDMM-surface, and 6.98 (±2.86) for FreeSurfer.

Overlap ratio and surface alignment consistency (SAC)

The second column in Table 1 lists the overlap ratio of two manual
delineations of each sulcal region averaged over five subjects. The
lowest value of the average overlap ratio was 0.90 for the inferior
frontal sulcus while the highest value was 0.96 for the Sylvian fissure.
of the manual sulcal delineation (the second column) and sulcal alignment accuracy of

LDDMM-surface LDDMM-curve FreeSurfer CARET

0.59±0.05 0.60±0.03 0.63±0.03 0.61±0.02
0.53±0.09 0.54±0.07 0.54±0.08 0.53±0.08
0.51±0.05 0.49±0.05 0.49±0.05 0.51±0.06
0.49±0.08 0.49±0.06 0.54±0.04 0.51±0.05
0.45±0.05 0.46±0.06 0.47±0.08 0.44±0.06
0.52±0.08 0.50±0.06 0.53±0.07 0.52±0.09
0.37±0.13 0.40±0.07 0.39±0.11 0.25±0.11
0.47±0.05 0.42±0.06 0.46±0.05 0.49±0.05
0.32±0.08 0.35±0.08 0.35±0.10 0.21±0.12
0.39±0.11 0.38±0.09 0.39±0.10 0.37±0.11
0.34±0.15 0.36±0.15 0.34±0.15 0.38±0.17
0.63±0.02 0.56±0.04 0.64±0.02 0.62±0.02
0.43±0.08 0.39±0.05 0.46±0.06 0.44±0.06
0.35±0.12 0.42±0.08 0.41±0.08 0.35±0.09
0.32±0.10 0.42±0.08 0.41±0.09 0.40±0.11
0.41±0.08 0.37±0.08 0.41±0.10 0.44±0.11
0.47±0.06 0.44±0.06 0.54±0.06 0.51±0.05



Fig. 6. Surface alignment consistency of the 17 sulcal regions are shown for the MM-LDDMM (black), LDDMM-surface (gray), LDDMM-curve (pink), FreeSurfer (white), and CARET
(blue) mapping algorithms. The anatomical definition of each sulcal region is illustrated in Fig. 3. The structural names are listed in Table 1.

Fig. 7. Bar plot of curvature correlation for the MM-LDDMM (MM), LDDMM-surface
(Surface), LDDMM-curve (Curve), FreeSurfer (FS), and CARET mapping algorithms.
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The average overlap ratio is above 0.90 for all 17 sulcal regions. The third
to seventh columns in Table 1 list the overlap ratio of each sulcal region
averaged over the forty subjects for the MM-LDDMM, LDDMM-surface,
LDDMM-curve, FreeSurfer, and CARET mappings, respectively. Regard-
less of the mapping algorithms, both the central sulcal region and
Sylvianfissure had higher overlap ratios (ranged from0.56 to 0.64) than
other sulcal regions, while the lateral occipital and inferior frontal sulcal
regions had lower overlap ratios (ranged from 0.21 to 0.38) than others.
This was consistent with the intra-reliability of the manual delineation,
which thus explained that themapping accuracy was dependent on the
variability of anatomical regions across subjects. Overall, the average
overlap ratios across the 17 sulcal regions were 0.49(±0.08) for MM-
LDDMM, 0.45(±0.09) for LDDMM-surface, 0.45(±0.07) for LDDMM-
curve, 0.47(±0.09) for FreeSurfer, and 0.45(±0.11) for CARET. One
sample Student's t-tests revealed that the average overlap ratio was
significantly decreased in the order of theMM-LDDMM, FreeSurfer, and
CARET mapping algorithms (MM-LDDMM vs. FreeSurfer: p=0.0084;
FreeSurfer vs. CARET:p=0.0355). The LDDMM-surface, LDDMM-curve,
and CARET performed equivalently in terms of this overlap ratio.

Fig. 6 shows SAC measures of each individual sulcal region for the
MM-LDDMM (black), LDDMM-surface (gray), LDDMM-curve (pink),
FreeSurfer (white), and CARET (blue)mapping algorithms. Regardless
of the mapping algorithms, both the central sulcal region and Sylvian
fissure had higher SAC values (ranged from 0.35 to 0.45) than
other sulcal regions, while the lateral occipital sulcal region had the
lowest SAC values (around 0.15). This suggested that the mapping
accuracy was highly dependent on the intrinsic anatomical vari-
ability of the region. Again, the landmark-based mapping (LDDMM-
curve and CARET) provided higher SAC values in the regions where
the landmarks were placed. For instance, CARET provided the best
alignment in the regions of the Sylvian fissure and superior temporal
sulcus. Compared to the LDDMM-surface, the LDDMM-curve had
higher SAC values in the regions of the central sulcus, parieto-occipital
fissure, postcentral sulcus and so on. Nevertheless, among the three
LDDMM mapping algorithms, the MM-LDDMM consistently gave
better alignments for all 17 sulcal regions, suggesting that the MM-
LDDMM algorithms aligned the local shapes of the cortex well. The
SAC for MM-LDDMM was larger than that for FreeSurfer in 14 out of
total 17 sulcal regions except the occipital temporal sulcus, the
intraparietal sulcus and the dorsal bank of the calcarine sulcus. The
SAC for MM-LDDMMwas higher than that for CARET in 12 out of total
17 sulcal regions except the dorsal and ventral banks of the calcarine
sulcus, the occipital temporal sulcus, the Sylvian fissure, and the
superior temporal sulcus that involved or were closed to the
landmarks in the CARET mapping. Overall, the SAC values averaged
across the 17 sulcal regions were 0.27 (±0.08) for MM-LDDMM, 0.26
(±0.08) for FreeSurfer, 0.25 (±0.09) for CARET, 0.24 (±0.07) for
LDDMM-curve and 0.23 (±0.07) for LDDMM-Surface. One sample
Student's t-tests revealed that SAC for MM-LDDMM was significantly
higher than FreeSurfer and CARET (MM-LDDMM vs. FreeSurfer:
p=0.0011; MM-LDDMM vs. CARET: p=0.0107). The FreeSurfer and
CARET mappings performed equivalently in terms of the SAC value.
This conclusion was in line with that obtained using the overlap ratio
of the sulcal regions.

Curvature correlation

Fig. 7 shows the mean and standard deviation of the curvature
correlation between the template and deformed subject surfaces
among the 40 subjects. The Student's t-tests on the correlation scores
of the 40 subjects revealed the decreasing accuracy of the curvature
pattern alignment in the order of the MM-LDDMM, LDDMM-surface,
LDDMM-curve, FreeSurfer, and CARET mapping algorithms (MM-
LDDMMvs. LDDMM-surface: pb0.0001; LDDMM-surface vs. LDDMM-
curve: pb0.0001; LDDMM-curve vs. FreeSurfer: pb0.0001; FreeSurfer
vs. CARET: pb0.0001).

Local and global deformation errors

We quantified how much deformation can be carried out by the
MM-LDDMM, FreeSurfer, and CARET mapping algorithms using the 10
simulated cortical surfaces whose deformation fields relative to the
template surface were known. Fig. 8(A, B) illustrates two simulated
surfaces colored by their true deformation displacement relative to the
template surface. The MM-LDDMM, FreeSurfer, and CARET mapping
algorithmswere directly applied to align these simulated surfaces to the
template. Fig. 8(C–H) shows the deformation displacements carried by
the three algorithms. Fig. 9 illustrates local deformation error maps



Fig. 8. Left and right panels show two simulated surfaces colored by deformation displacements of the ground truth (A, B), MM-LDDMM (C, D), FreeSurfer (E, F), and CARET (G, H)
relative to the template surface. Each cortical surface is illustrated in both lateral and medial views.
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averaged over the 10 simulated datasets and their distribution for each
of the mapping algorithms. This figure indicates that the MM-LDDMM
mapping algorithm had the local deformation errors across the entire
surface ranged from 0.35 to 1.93 mm. 74.4% of vertices had the local
deformation errors that were less than 1 mm, which is the resolution of
MR images. Furthermore, the local deformation errors were relatively
uniformly distributed over the surface with the exception of the
posterior parietal region. For FreeSurfer, the local deformation errors
ranged from 0.43 to 8.74 mm. 35.5% of vertices had the local
deformation errors that were less than 1 mm. Large deformation errors
were most apparent in the inferio-medial aspect of the frontal lobe, the
inferior region of the temporal lobe, and the occipital lobe. For CARET,
the local deformation errors ranged from 0.35 to 16.16 mm. 2.85% of
vertices had the local deformation errors that were less than 1 mm.
Small deformation errors occurred in regions adjacent to the curve
landmarks involved in the mapping process. Large deformation errors
were most pronounced in the superior regions of the frontal lobe, the
inferior region of the temporal lobe, and the lateral aspect of occipital
lobe. Overall, average global deformation errors across the 10 simulated
data are respectively 0.87(±0.14), 1.20 (±0.15), and 4.21 (±0.21) for
the MM-LDDMM, FreeSurfer, and CARET cortical mapping algorithms,
respectively. Student's t-tests on global deformation errors of the 10
simulated datasets revealed the MM-LDDMM, FreeSurfer, and CARET
mapping algorithms were ranked as decreasing order in terms of their
alignment accuracy (MM-LDDMM vs. FreeSurfer: p=0.0006; Free-
Surfer vs. CARET: pb0.0001).

Discussion

We quantitatively evaluated the accuracy of the five cortical surface
mapping algorithms (MM-LDDMM, LDDMM-surface, LDDMM-curve,
FreeSurfer, and CARET) using the 40 MRI scans and 10 simulated
datasets. We computed the curve variation error, overlap ratio of sulcal
regions, and surface alignment consistency for assessing the mapping
accuracy of local cortical features and the curvature correlation for
measuring the mapping accuracy in terms of overall cortical shape.
Furthermore, the simulated datasets facilitated the investigation of
mapping error distribution over the cortical surface when the MM-
LDDMM, FreeSurfer, and CARET mapping algorithms were applied. Our
results revealed that the LDDMM-curve, MM-LDDMM, and CARET
approaches best aligned the local curve features involved in these
mapping algorithms. The MM-LDDMM approach best aligned the local
regions and cortical shape patterns (e.g., curvature) as compared to the
other mapping approaches. The simulation experiment also revealed
that the MM-LDDMM mapping had less local and global deformation
errors than the CARET and FreeSurfermappings. The deformation errors
in theMM-LDDMMmappingwere relatively uniformly distributed over
the surface, but they were not apparent in the same manner in the
CARET and FreeSurfer mappings.

Among the five mapping algorithms, LDDMM-curve and CARET
registered cortical surfaces based on gyral/sulcal curves, while Free-
Surfer and LDDMM-surface aligned cortical surfaces based on features
or geometry of the entire cortical surface. As expected, our study
showed that the LDDMM-curve and CARET mappings well character-
ized curve anatomical variations and regions adjacent to landmarks
when compared to the FreeSurfer and LDDMM-surface. Thus, LDDMM-
curve and CARET can be suggested as the suitablemethods in studies on
anatomical variations of curves and sulcal regions as well as functional
or anatomical studies in specific ROIs (Desai et al., 2005;Qiuet al., 2008).
FreeSurfer and LDDMM-surface mapping algorithms may be more
appropriate for cortical parcellation when anatomical priors are not
available and for whole brain exploratory studies. Nevertheless,
statistical outcomes from group studies using these methods may be
spurious and dependent on the pattern of the deformation errors as



Fig. 9. The local deformation errormaps averagedover the 10 simulated cortical surfaces and their distributions are shown for theMM-LDDMM(A–C), FreeSurfer (D–F), and CARET (G–I).
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those illustrated in Fig. 9. This can be overcome by introducing weight
functions into the FreeSurfer and LDDMM-surface algorithms, where
weight functions are defined by adapting regionally specific anatomical
variations obtained from postmortem studies (Fischl et al., 2008). The
MM-LDDMM algorithm was a more advanced technique that takes
advantage of the strengths of both the landmark-based and surface-
based cortical mapping approaches by incorporating anatomical priors
and minimizing dissimilarity of cortical shape patterns. As automated
methods for gyral/sulcal curve delineation (Mangin et al., 2004; Kao
et al., 2007) aremade available, theMM-LDDMMmappingwill be easily
used for mapping cortical surfaces in a variety of studies.

In this paper,we classified themapping algorithms in FreeSurfer and
CARET as the spherical-based approaches and the LDDMMalgorithms as
native-space based approaches. Our results showed that the LDDMM-
curvemapping accuracy was comparable to that of the CARET mapping
and the LDDMM-surface mapping provided comparable alignments to
the FreeSurfer in terms of the curve variation errors, SAC, and curvature
correlation. Nevertheless, the MM-LDDMM mapping provided better
alignment of the sulcal regions when compared with FreeSurfer and
CARET, suggesting that a prior anatomical knowledge (e.g., curves)
provided themapping guidance in theMM-LDDMMalgorithm and thus
resulted in the good alignment in regions where the anatomical
information was defined. In addition, the MM-LDDMM mapping had
more uniform deformation errors when compared with FreeSurfer and
CARET. The evidence may imply that warping cortical surfaces in their
own native folded space in general produced comparable or potentially
better alignments as that in the spherical space. One reason could bedue
to the distortion introduced during the surface parameterization.
Further investigation is needed to evaluate influence of the surface
parameterization on the cortical alignment.

The quantitative measurements (curve variation errors, SAC, and
curvature correlation) involved in our study have been previously
examined in several existing studies for assessing and evaluating
landmark-based and surface-based cortical surface registrations (Desai
et al., 2005; Van Essen, 2005; Pantazis et al., 2010). We chose these
measurements because they were commonly used and can become
standard measures for evaluating accuracy of cortical surface mapping
algorithms. Moreover, they can quantify mapping accuracy from the
aspects of both local (gyral/sulcal curves and sulcal regions) and global
(curvature pattern) anatomical features. Using these measures allowed
us to compare our study with previous studies and extend our findings
to other mapping algorithms that we did not investigate in this study.
Pantazis et al. (2010) suggested that the FreeSufer mapping was better
than the landmark-based approach (Joshi et al., 2007) and Brainvoyager
(version 1.9.10) (Goebel et al., 2006) in terms of curvature correlation.
Taking the above into consideration with our findings, the LDDMM
mapping algorithms were likely to also provide better alignment than
the landmark-based approach (Joshi et al., 2007) and Brainvoyager
(Goebel et al., 2006). Furthermore, Van Essen (Van Essen, 2005)
computed SAC of 18 sulcal regions for the CARETmapping. These sulcal
regions were all included in our study, with the exception of themiddle
frontal sulcus which we cannot reliably delineate. Our results for the
CARET mapping were consistent with those in Van Essen (2005)
according to the SAC distribution across the sulcal regions, i.e., high SAC
values in the Sylvian fissure and central sulcal regions and low SAC
values in the lateral occipital sulcal region. However, SAC values in our
study for eachsulcal regionwere lower than those reported inVanEssen
(2005), which may be because MRI scans used in our study were from
healthy subjects in a wide age range (20–80 years old) and dementia
subjects while MRI volumes of only young healthy adults (18–24 years
old) were incorporated in Van Essen (2005). To ensure that the SAC
value was reasonable when compared with that reported in Van Essen
(2005),we recalculated it for theCARETmappingbased on the10young
subjects in our study. The averaged SAC value across the 17 sulcal
regions was 0.29 for the CARETmapping, while it was 0.34 in Van Essen
(2005). This discrepancy could be due to the difference in templates. In
Van Essen (2005), the average template was created using the same
subjects as those in the validation. However, a single-subject template
was used in our study,which could potentially increasemapping errors.
The average template was not able to be used in our study since the
evaluation of the cortical surface alignment may be biased to the
mapping algorithm for the template construction.

We have made all datasets, including MRI scans, manually
delineated curves and sulcal regions, and simulated surfaces, available
online (http://www.bioeng.nus.edu.sg/cfa/mapping/index.html) for
researchers' further investigation.

http://www.bioeng.nus.edu.sg/cfa/mapping/index.html
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