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Abstract
The results of most neuroimaging studies are reported in volumetric (e.g., MNI152) or surface (e.g.,
fsaverage) coordinate systems. Accurate mappings between volumetric and surface coordinate systems can facilitate many applications, such as projecting fMRI group analyses from MNI152/
Colin27 to fsaverage for visualization or projecting resting-state fMRI parcellations from fsaverage
to MNI152/Colin27 for volumetric analysis of new data. However, there has been surprisingly little
research on this topic. Here, we evaluated three approaches for mapping data between MNI152/
Colin27 and fsaverage coordinate systems by simulating the above applications: projection of
group-average data from MNI152/Colin27 to fsaverage and projection of fsaverage parcellations
to MNI152/Colin27. Two of the approaches are currently widely used. A third approach (registration fusion) was previously proposed, but not widely adopted. Two implementations of the
registration fusion (RF) approach were considered, with one implementation utilizing the Advanced
Normalization Tools (ANTs). We found that RF-ANTs performed the best for mapping between
fsaverage and MNI152/Colin27, even for new subjects registered to MNI152/Colin27 using a different software tool (FSL FNIRT). This suggests that RF-ANTs would be useful even for
researchers not using ANTs. Finally, it is worth emphasizing that the most optimal approach for
mapping data to a coordinate system (e.g., fsaverage) is to register individual subjects directly to
the coordinate system, rather than via another coordinate system. Only in scenarios where the
optimal approach is not possible (e.g., mapping previously published results from MNI152 to fsaverage), should the approaches evaluated in this manuscript be considered. In these scenarios, we
recommend

RF-ANTs

(https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/

registration/Wu2017_RegistrationFusion).
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1 | INTRODUCTION

2009; Sepulcre et al., 2010; Yeo et al., 2015). As another example,
resting-state parcellations estimated in fsaverage or fs_LR surface coor-

Most neuroimaging studies register their participants to a common

dinate systems (Glasser et al., 2016; Gordon et al., 2016; Schaefer

coordinate system for group analyses (Evans et al., 1993; Fischl,

et al., 2017; Yeo et al., 2011) can be projected to the MNI152 coordi-

Sereno, Tootell, & Dale, 1999b; Talairach et al., 1967; Talairach & Tour-

nate system for analyzing fMRI data of new subjects registered to the

noux, 1988; Thompson et al., 1997; Van Essen, 2002). Even studies

MNI152 template. Finally, a more accurate MNI152-fsaverage mapping

focusing on individual-specific analyses map individual participants to a

would facilitate the comparison of thousands of neuroimaging studies

common coordinate system (e.g., Gordon et al., 2017), allowing for

reported in either MNI152 or fsaverage coordinate system.

comparisons across participants or studies. There are two main types

In this work, we evaluate three approaches (including two imple-

of coordinate systems: volumetric and surface. The advantage of volu-

mentations of one of the approaches) for mapping between volumetric

metric coordinate systems is that both cortical and subcortical struc-

(MNI152 or Colin27) and surface (fsaverage) coordinate systems. The

tures are represented, in contrast to surface coordinate systems that

evaluation utilized simulations mimicking the previously described

only focus on the cerebral cortex. Conversely, surface-based coordi-

applications: projection of group-average data from MNI152/Colin27

nate systems allow for more accurate intersubject registration by

to fsaverage and projection of surface-based parcellations from fsaver-

respecting the 2D topology of the cerebral cortex (Anticevic et al.,

age to MNI152/Colin27. We note that the evaluations are not compar-

2008; Cointepas, Geffroy, Souedet, Denghien, & Riviere, 2010; Fischl,

isons of volumetric and surface registrations. Instead, the evaluations

Sereno, & Dale, 1999a; Ghosh et al., 2010; Goebel, Esposito, & Formi-

served to provide error bounds on different mappings between

sano, 2006; Pantazis et al., 2010; Tucholka, Fritsch, Poline, & Thirion,

MNI152/Colin27 and fsaverage coordinate systems and to guide the

2012; Van Essen, Glasser, Dierker, Harwell, & Coalson, 2012).

adoption of best practices.

The most popular volumetric coordinate system is the MNI152

It is also worth emphasizing that a perfect mapping between volu-

template, obtained by group-wise registration of 152 participants

metric and surface coordinate systems is impossible because of regis-

(Fonov et al., 2011; Good et al., 2001; Grabner et al., 2006; Mazziotta,

tration errors that become irreversible after group averaging.

Toga, Evans, Fox, & Lancaster, 1995, 2001). Another common volumet-

Therefore, the best way of mapping data to fsaverage is by registering

ric coordinate system is the single-subject MNI template (i.e., Colin27;

subjects directly to fsaverage (e.g., via the official FreeSurfer recon-all

Holmes et al., 1998), often used in the neuroimaging software packages

pipeline). Similarly, the best way of mapping data to MNI152/Colin27

SPM and MRIcron for lesion-symptom mapping (Ashburner & Friston,

is by registering subjects directly to the corresponding volumetric tem-

1999; Rorden, Karnath, & Bonilha, 2007). The most popular surface

plate. The approaches evaluated in this article should only be consid-

coordinate system is FreeSurfer fsaverage template (Bar & Aminoff,

ered when the best approach is not possible, for example, mapping

2003; Filimon, Nelson, Hagler, & Sereno, 2007; Fischl et al., 1999b;
Yeo et al., 2010a). An important issue with multiple coordinate systems
is that results reported in one coordinate system cannot be easily
translated to another coordinate system.
While there have been tremendous research efforts on mapping
data from individual subjects into common coordinate systems (Andersson, Jenkinson, & Smith, 2007; Ashburner, 2007; Collins, Neelin,
Peters, & Evans, 1994; Hamm, Ye, Verma, & Davatzikos, 2010; Hellier
et al., 2003; Nenning et al., 2017; Robinson et al., 2014; Rueckert et al.,
1999; Tong, Aganj, Ge, Polimeni, & Fischl, 2017; Woods, Grafton, Wat-

previously published results from MNI152 to fsaverage. Whenever the
original data from a subject’s native space are available, one should perform registration between the subject’s native space and the desired
coordinate system (fsaverage, MNI152 or Colin27) directly, rather than
utilize the approaches evaluated in this article.

2 | METHODS
2.1 | Volumetric and surface templates

son, Sicotte, & Mazziotta, 1998; Yeo et al., 2010b; Yushkevich, Wang,

The MNI152 coordinate system is created by averaging the MRI scans

Pluta, & Avants, 2012), there is significantly less work on mappings

of 152 participants and affords a higher resolution over the original

between coordinate systems (Laird et al., 2010; Lancaster et al., 2007).

MNI305 average brain. Here we consider the 1 mm asymmetric

Accurate mapping between volumetric (e.g., MNI152) and surface (e.g.

MNI152 template distributed by the FMRIB Software Library (FSL) ver-

fsaverage) coordinate systems would be useful for many applications.

sion 5.0.8. The template was obtained by the linear and nonlinear regis-

For example, it is a common practice for researchers to perform group

tration of 152 T1-weighted images (Grabner et al., 2006).

analysis in MNI152 space, and then project the results to fsaverage

Although MNI152 is the most commonly used volumetric coordinate

space for visualization (Liu, Stufflebeam, Sepulcre, Hedden, & Buckner,

system, the intersubject averaging results in the loss of fine anatomical
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F I G U R E 1 Affine procedure. (a) MNI152 and fsaverage volume was aligned using an affine transformation. (b) FreeSurfer provides a
mapping between fsaverage volume and fsaverage surface. Concatenating the two transformations result in a mapping between MNI152
and fsaverage surface

details. Therefore, some research communities (e.g., neuropsychology)

First, FreeSurfer automatically reconstructs surface mesh represen-

prefer single-subject templates. A commonly used single-subject template

tations of the cortex from individual subjects’ T1 images. The cortical

is Colin27 (also called the MNI single subject template), which is an aver-

surface mesh is inflated into a sphere, and registered to a common

age image across 27 scans of one subject (Holmes et al., 1998). We used

spherical coordinate system that aligned the cortical folding patterns

the 1 mm Colin27 template from the Statistical Parametric Mappings

across subjects (Fischl et al., 1999a,b). The outcome of this procedure

(SPM) Anatomy Toolbox version 2.2c (Eickhoff et al., 2005).

is a nonlinear mapping between the subject’s native T1 space and fsa-

Finally, the most common surface coordinate system is FreeSurfer

verage surface space.

fsaverage, which is obtained by spherical alignment of 40 participants

Second, the recon-all procedure generates corresponding volumet-

(Fischl et al., 1999a,b). As a surface template, fsaverage offers excellent

ric (aparc.a2009s 1 aseg.mgz) and surface (lh.aparc.a2009s.annot and

representation of the cortical surface’s intrinsic topological structure as

rh.aparc.a2009s.annot) parcellations of 74 sulci and gyri for each sub-

well as multi-scale summary statistics of cortical geometry. It also has

ject (Desikan et al., 2006; Destrieux, Fischl, Dale, & Halgren, 2010;

an inflated form, which facilitates data visualization. We used the fsa-

Fischl et al., 2004b). FreeSurfer assign these labels based on probabilis-

verage template from FreeSurfer version 4.5.0.

tic information estimated from a manually labeled training set (Destrieux atlas) and geometric information derived from the cortical model

2.2 | Data and FreeSurfer processing

of the subject. These anatomical segmentations will be utilized in our

Data from 1,490 subjects from the Brain Genomics Superstruct Project

Colin27 and fsaverage.

evaluation of various algorithms for mapping between MNI152/

(GSP) were considered (Holmes et al., 2015). All imaging data were col-

Third, the recon-all procedure performs a joint registration-

lected on matched 3T Tim Trio scanners using the vendor-supplied 12-

segmentation procedure that aligns the T1 image to an internal Free-

channel phase-array head coil. Subjects were clinically normal, English-

Surfer volumetric space,1 while classifying each native brain voxel into

speaking young adults (ages 18–35). The structural MRI data consisted

one of multiple brain structures, such as the thalamus and caudate

of one 1.2 mm 3 1.2 mm 3 1.2 mm scan for each participant. Details

(Fischl et al., 2004a,b). The outcome of this procedure is a nonlinear

of data collection can be found elsewhere (Holmes et al., 2015; Yeo

mapping between the subject’s native T1 space and FreeSurfer internal

et al., 2011). The subjects were split into training and test set, each

volumetric space. The nonlinear mapping is represented by a dense dis-

containing 745 subjects.

placement field (i.e., a single displacement vector at each 2 mm iso-

A second dataset consisted of 30 healthy young adults from the
Hangzhou Normal University of the Consortium for Reliability and

tropic atlas voxel) and can be found in the file “talairach.m3z” (under
the “mri/transforms” folder of the recon-all output).

Reproducibility (CoRR-HNU) dataset (Chen et al., 2015; Zuo et al.,
2014). All anatomical images were collected on matched 3T GE Discovery MR750 scanners using an 8-channel head coil. Ten 1.0 mm 3
1.0 mm 3 1.0 mm scans were performed for each subject across one
month. In this article, we utilized all 10 sessions for all 30 subjects, giving rise to a total of 300 sessions.
The T1 images of the GSP dataset has been previously processed
(Holmes et al., 2015) using FreeSurfer 4.5.0 recon-all procedure
(http://surfer.nmr.mgh.harvard.edu; Dale, Fischl, & Sereno, 1999; Fischl
gonne et al., 2004, 2007). For consistency, the
et al., 1999a,b,2001; Se
T1 images of the CoRR-HNU dataset were also processed using the
same FreeSurfer version. FreeSurfer constitutes a suite of automatic
algorithms that extract models of most macroscopic human brain structures from T1 MRI data. There are three outputs of the recon-all procedure that were important for subsequent analyses.

2.3 | Affine and MNIsurf
Two existing approaches (Affine and MNIsurf) for mapping between
MNI152 and fsaverage coordinate systems were identified. Both
approaches have been discussed on the FreeSurfer mailing list and
might be considered as “recommended” FreeSurfer approaches.
Figure 1 summarizes the Affine approach for mapping between
MNI152 and fsaverage surface coordinate systems. The Affine
approach made use of an affine transformation between the MNI152
template and fsaverage volume space (Figure 1a) provided by FreeSurfer (i.e., $FREESURFER_HOME/average/mni152.register.dat). This
affine transformation can be concatenated with the mapping between
1

Note that this internal volumetric space is different from fsaverage
volume.
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F I G U R E 2 MNIsurf procedure. The MNI152 template was processed using FreeSurfer recon-all. The cortical ribbon of MNI152 was (a)
extracted and (b) aligned to fsaverage surface during the recon-all procedure [Color figure can be viewed at wileyonlinelibrary.com]

fsaverage volume and fsaverage surface (Figure 1b) using FreeSurfer

MNIsurf does not take into account these irreversible registration errors

functions (mri_vol2surf and mri_surf2vol), thus yielding a mapping

because it simply maps the cortical ribbon of MNI152 directly to fsaver-

between MNI152 and fsaverage coordinate systems.

age surface.

One drawback of this approach is that an affine transformation is
unlikely to eliminate nonlinear anatomical differences between
MNI152 and fsaverage volume. Simply replacing the affine transfor-

2.4 | Registration fusion: RF-M3Z and RF-ANTs

mation with a nonlinear warp (Van Essen et al., 2012) might not be

The registration fusion (RF) approach was first introduced by Buckner

helpful because the fsaverage volume is a blurry average of 40 sub-

and colleagues (Buckner, Krienen, Castellanos, Diaz, & Yeo, 2011; Yeo

jects after affine registration; fine anatomical details have already

et al., 2011). Figure 3 summarizes the original implementation. Recall

been lost.

that by applying FreeSurfer recon-all procedure to each GSP training

Figure 2 summarizes the MNIsurf approach for mapping between

subject, we have generated for each subject a nonlinear mapping

MNI152 and fsaverage surface coordinate systems. The MNI152 tem-

between the subject’s cortical ribbon and fsaverage surface space (Fig-

plate was first processed with FreeSurfer recon-all. The recon-all pro-

ure 3c) and a nonlinear mapping between the subject’s T1 volume and

cess involved extracting MNI152 template’s cortical ribbon and

FreeSurfer internal volumetric space (Figure 3b). By also processing the

reconstructing the cortical surface (Figure 2a). FreeSurfer commands

MNI152 template with FreeSurfer recon-all, we also obtained a nonlin-

(mri_vol2surf and mri_surf2vol) could then be utilized to map between

ear mapping between the MNI152 template and FreeSurfer internal

MNI152’s cortical ribbon (as segmented by recon-all) and fsaverage

volumetric space (Figure 3a). By concatenating the three transforma-

surface (Figure 2b).

tions (Figure 3a–c) for each subject, a mapping between MNI152 and

One drawback of MNIsurf is that the cortical ribbon of a typical

fsaverage coordinate systems for each GSP training subject was

subject mapped to MNI152 coordinate system will not exactly match

obtained. By averaging across all 745 training subjects, a final mapping

the group-average MNI152 cortical ribbon (which is abnormally thin

between MNI152 and fsaverage coordinate systems was obtained.

and misses some low-frequency and/or thin folds due to intersubject

This mapping is referred to as RF-M3Z.

averaging). Consequently, there will be irreversible registration errors

Visual inspection suggested that the mappings between MNI152

from averaging subjects mapped to the MNI152 coordinate system.

and individual subjects (concatenations of transformations in Figure 3a,

F I G U R E 3 Registration fusion (RF-M3Z) procedure. Each subject’s T1 volume is mapped to the (a, b) MNI152 template and (c) fsaverage
surface. By concatenating the mappings for each subject and then averaging the deformations across all 745 training subjects, we created a
mapping between MNI152 and fsaverage surface space. All mappings (a–c) were generated using FreeSurfer’s recon-all procedure. More
specifically, mappings (a) and (b) were provided by the talairach.m3z files generated by recon-all, so we refer to the resulting MNI152fsaverage mapping as RF-M3Z [Color figure can be viewed at wileyonlinelibrary.com]

|

WU
ET al
AL..
WU et

5
3797

Registration fusion (RF-ANTs) procedure. Each subject’s T1 volume is mapped to the (a) MNI152 template and (b) fsaverage
surface. By concatenating the mappings (a and b) for each subject and then averaging the deformations across all 745 training subjects, we
created a mapping between MNI152 and fsaverage. Mapping (a) was generated using ANTs, so we refer to the resulting MNI152-fsaverage
mapping as RF-ANTs [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 4

b) were of good quality (Buckner et al., 2011; Yeo et al., 2011). How-

used in the way it was designed (i.e., individual subject analyses) in the

ever, by concatenating two deformations, small registration errors in

case of RF-M3Z.

each deformation may be compounded to result in large registration
errors. Furthermore, FreeSurfer is optimized for processing the brains
of individual subjects, not an average brain like the MNI152 template.
Therefore, we also considered a second implementation, where

2.5 | Tight and loose cortical masks for fsaverage-toMNI152 mappings

the individual subjects and the MNI152 template were directly regis-

It is worth mentioning an important asymmetry in the generation of

tered using ANTs (Avants, Epstein, Grossman, & Gee, 2008; Avants,

the MNI-to-fsaverage and fsaverage-to-MNI mappings. When comput-

Tustison, & Song, 2009). More specifically, each GSP training subject’s

ing the MNI-to-fsaverage mapping, each subject yielded a mapping

T1 image was directly registered to the MNI152 template using an

between every fsaverage vertex and some MNI location, which allowed

affine transformation followed by Symmetric Normalization (Figure 4a).

for a simple averaging of MNI-to-fsaverage mappings across all 745

Like RF-M3Z, the mapping between each subject’s cortical ribbon and

training subjects. By contrast, when computing the fsaverage-to-MNI

fsaverage surface space was provided by FreeSurfer recon-all (Figure

mapping, not every training subject yielded a mapping between every

4b). By concatenating the two transformations (Figure 4a,b) for each

MNI location and some fsaverage vertex because not every MNI loca-

subject, a mapping between MNI152 and fsaverage coordinate systems

tion corresponded to the cerebral cortex of every subject.

for each GSP training subject was obtained. By averaging across all 745

Therefore, when computing the fsaverage-to-MNI mapping, we

training subjects, a final mapping between MNI152 and fsaverage coor-

defined two cortical masks. Figure 5 illustrates the two MNI152 masks

dinate systems was obtained. This mapping is referred to as RF-ANTs.

and the difference between them. The tight cortical mask corre-

It is important to note that this does not constitute a comparison of

sponded to the cortex for at least 50% of the subjects (Figure 5a), while

FreeSurfer and ANTs (Klein et al., 2010), as FreeSurfer is not being

the loose cortical mask corresponded to the cortex for at least 15% of

F I G U R E 5 Cortical masks for fsaverage-to-MNI152 mappings. (a) Tight cortical mask corresponding to 50% of the 745 GSP training subjects. (b) Loose cortical mask corresponding to 15% of the training subjects. (c) Difference between tight and loose cortical masks [Color
figure can be viewed at wileyonlinelibrary.com]
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F I G U R E 6 MNI152-to-fsaverage evaluation. (a) Parcellation labels from each subject were projected to (b) MNI152 and (c) fsaverage. The
projected labels were averaged across subjects, resulting in a probabilistic map per anatomical structure in (b) MNI152 and (c) fsaverage,
respectively. Figure shows superior temporal sulcus as an example. The latter maps in (c) fsaverage were used as “ground truth.” The
MNI152 probabilistic maps can then be projected to fsaverage surface using the various projection approaches (dotted arrow) for
comparison with the “ground truth” maps [Color figure can be viewed at wileyonlinelibrary.com]

the subjects (Figure 5b). For each tight cortical mask voxel (Figure 5a),

corresponding surface (lh.aparc.a2009s.annot and rh.aparc.a2009s.

the fsaverage-to-MNI152 mappings were averaged across all subjects

annot) and volumetric (aparc.a2009s 1 aseg.mgz) parcellations of 74

with valid fsaverage-to-MNI152 mappings for the voxel. The averaged

sulci and gyri per cortical hemisphere (i.e., Destrieux parcellation).

mapping was then grown outwards to fill the entire loose cortical

Figure 6a illustrates the superior temporal sulcus label in two GSP

mask. More specifically, for each voxel outside the tight mask (but

test subjects. The parcellation labels were projected to MNI152 coor-

within the loose mask; Figure 5c), its nearest voxel within the tight

dinate system using ANTs and averaged across subjects, resulting in

mask (Figure 5a) was identified based on Euclidean distance. The voxel

an ANTs-derived volumetric probabilistic map per anatomical struc-

was then assigned the same fsaverage surface coordinates as its near-

ture. The probabilistic maps simulated the group-average results from

est voxel within the tight mask. Therefore, fsaverage surface data can

typical fMRI studies. As an example, Figure 6b illustrates the ANTs-

be projected to fill up the entire loose cortical mask in the MNI152

derived MNI152 volumetric probabilistic map of the superior tempo-

template. This procedure was repeated for Affine, MNIsurf, RF-M3Z

ral sulcus.

and RF-ANTs.

The MNI152 volumetric probabilistic maps (Figure 6b) can then be
projected to fsaverage surface using the various MNI152-to-fsaverage

2.6 | MNI152-to-fsaverage evaluation

projection approaches (dotted arrow in Figure 6) for comparison with

To evaluate the MNI152-to-fsaverage projection, let us consider a pos-

truth” surface probabilistic maps were obtained by averaging the sur-

sible usage scenario. Researchers often project data (e.g., fMRI) from

face parcellations across subjects in fsaverage surface space, mapped

subjects’ native spaces to MNI152 coordinate system for some form of

from each subject using FreeSurfer. As an example, Figure 6c shows

“ground truth” surface probabilistic maps (Figure 6c). The “ground

group analysis. The outcome of the group analysis can be visualized in

the “ground truth” surface probabilistic map of the superior temporal

the volume, but is often projected to fsaverage surface for visualiza-

sulcus.

tion. By contrast, data from subjects’ native space can be directly pro-

To quantify the disagreement between the projected probabilistic

jected to fsaverage surface for group analysis. The subjects-to-

map and the “ground truth” surface probabilistic map of an anatomical

MNI152-to-fsaverage results should ideally be close to the subjects-to-

structure, the normalized absolute difference (NAD) metric was used.

fsaverage results.

The NAD metric was defined as the absolute difference between the

To simulate the above scenario, recall that we have processed

two maps, summed across all vertices and divided by the sum of the

the 745 GSP test subjects using FreeSurfer recon-all, yielding

“ground truth” probabilistic map. This metric measured the dissimilarity
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F I G U R E 7 fsaverage-to-MNI152 evaluation. (a) Parcellation from each subject was projected to (b) fsaverage and (c) MNI152. By combining
the parcellations across subjects, winner-takes-all parcellations were obtained in (b) MNI152 and (c) fsaverage, respectively. The latter was
used as “ground truth.” The fsaverage winner-takes-all parcellation can be projected to MNI152 coordinate system using the various projection
approaches (dotted arrow) for comparison with the “ground truth” MN152 parcellation [Color figure can be viewed at wileyonlinelibrary.com]

between the two maps, normalizing for the size of the anatomical

surface-based parcellation can then be projected to MNI152 using the

structure. A lower NAD value indicates better performance.

various fsaverage-to-MNI152 projection approaches (dotted arrow in

For every pair of approaches, the NAD metric for each of the 74

Figure 7) for comparison with the “ground truth” volumetric parcella-

anatomical structures were averaged between the two hemispheres

tion (Figure 7c). The “ground truth” volumetric parcellation was

and submitted to a paired-sample t test. Multiple comparisons were

obtained by projecting the individual subjects’ anatomical parcellations

corrected using a false discovery rate (FDR; Benjamini & Hochberg,

(Figure 7a) into MNI152 space (using ANTs) and then combined into a

1995) of q < .05. All the p values reported in subsequent sections sur-

winner-take-all parcellation (Figure 7c).

vived the false discovery rate.

To quantify the agreement between the projected parcellation and
the “ground truth” parcellation, the Dice coefficient was computed for

2.7 | fsaverage-to-MNI152 evaluation
To evaluate the fsaverage-to-MNI152 projection, let us consider a possible usage scenario. It is unlikely that researchers would directly project individual subjects’ fMRI data onto fsaverage surface space for
group-level analysis, and then project their results into MNI152 space
for visualization. A more likely scenario might be the projection of
surface-based resting-state fMRI cortical parcellations (Glasser et al.,
2016; Gordon et al., 2016; Schaefer et al., 2017; Yeo et al., 2011) to
MNI152 space. The projected resting-state fMRI parcellation can then
be utilized for analyzing new data from individual subjects registered to
the MNI152 coordinate system. In this scenario, it would be ideal if the

each of the 74 anatomical regions per hemisphere. A higher Dice value
indicates better performance.
For every pair of approaches, the Dice metric for each of the 74
anatomical structures were averaged between the two hemispheres
and submitted to a paired-sample t test. Multiple comparisons were
corrected using a false discovery rate (FDR; Benjamini & Hochberg,
1995) of q < .05. All the p values reported in subsequent sections survived the false discovery rate.

2.8 | Generalization to new data (CoRR-HNU) and FSL
FNIRT

projected fsaverage-to-MNI152 resting-state parcellation were the

The RF mappings were derived using the GSP training set. To ensure

same as a parcellation that was estimated from resting-state fMRI data

the mappings generalize to new data, the above evaluations (MNI152-

directly registered to MNI152 space.

to-fsaverage and fsaverage-to-MNI152) were repeated using the

To simulate the above scenario, the Destrieux anatomical parcella-

CoRR-HNU dataset. Furthermore, the previous evaluation procedures

tion of each GSP test subject (Figure 7a) was projected to fsaverage

utilized ANTs to project subjects’ anatomical parcellations to MNI152

and combined into a winner-takes-all parcellation (Figure 7b). The

(Figures 6b and 7c), resulting in possible biases in favor of RF-ANTs. As
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such, the above evaluations were repeated using FSL FLIRT/FNIRT

derived middle posterior cingulate probabilistic map using RF-ANTs vis-

(Andersson et al., 2007). More specifically, FLIRT/FNIRT was utilized to

ually matched the “ground truth” black boundaries very well, resulting

project individual subjects’ parcellation to MNI152 space to obtain

in a low NAD of 0.27. On the other hand, the corresponding projection

FNIRT-derived CoRR-HNU MNI152 volumetric probabilistic maps (Fig-

using MNIsurf aligned well with the posterior—but not the anterior—

ure 6b) and FNIRT-derived CoRR-HNU MNI152 winner-take-all parcel-

portion of the “ground truth” black boundaries, resulting in a worse

lation (Figure 7c).

NAD of 0.34 (Figure 8).
Figure 10 shows the NAD metric averaged across all anatomical

2.9 | Registration fusion convergence
In the previous analyses, as many training subjects as available
(N 5 745) were used to construct the average mappings for the RF
approaches. Here, we investigated the relationship between the accuracy of the RF approaches and the number of subjects used. More specifically, the MNI152-to-fsaverage evaluation (using ANTs-derived GSP
MNI152 maps) were repeated using RF mappings averaged across different number of subjects.

2.10 | Colin27-to-fsaverage and fsaverage-to-Colin27

structures within each hemisphere. When ANTs-derived GSP MNI152
probabilistic maps were used, RF-ANTs was the best (p < .01 corrected). RF-M3Z and MNIsurf showed comparable performance and
were both significantly better than Affine (p < .01 corrected). When
FNIRT-derived CoRR-HNU MNI152 probabilistic maps were used, RFANTs were also the best (p < .01 corrected). RF-M3Z and Affine
showed comparable performance and were both significantly better
than MNIsurf (p < .04 corrected and p < .02 corrected). To summarize,
RF-ANTs always performed the best. We note that hemispheric
differences within each approach were not statistically significant (all
p > .2).

The previous mappings and evaluations were repeated for Colin27. In
the case of the Affine approach, FreeSurfer does not provide a corresponding Colin27-to-fsaverage-volume warp. Therefore, an affine warp
was generated using FSL FLIRT.
As we are now working with the Colin27 template, the MNIsurf
approach was renamed as Colin27surf. It should be noted that unlike
that of the MNI152 template, the cortical ribbon of the Colin27 template is not abnormally thin (as it is a single-subject template). However,

3.2 | Fsaverage-to-MNI152 projection
Figure 11 illustrates the projection of the fsaverage winner-takes-all
parcellation to MNI152 volumetric space for the GSP test set, juxtaposed against black boundaries of ANTs-simulated “ground truth” segmentations. Figure 12 illustrates the projection of the fsaverage
winner-takes-all parcellation to MNI152 volumetric space for the

using a single subject prevents the use of cross-subject variance meas-

CoRR-HNU dataset, juxtaposed against black boundaries of FNIRT-

ures that can stabilize intersubject registration (Fischl et al., 1999b).

simulated “ground truth” segmentations. Figures 11a and 12a show the

Therefore, we also expect registration errors between the cortical rib-

fsaverage-to-MNI152 projections before the dilation within the loose

bon of a typical subject and Colin27. Consequently, Colin27surf does

cortical mask (Section 2). Figures 11b and 12b show the fsaverage-to-

not take into account irreversible registration errors because it simply

MNI projections after the dilation, with insets illustrating example

maps the cortical ribbon of Colin27 directly to fsaverage.

regions with obvious differences across methods.

3 | RESULTS

structures within each hemisphere. In the case of GSP test set (using

3.1 | MNI152-to-fsaverage projection

rected). RF-M3Z, MNIsurf and Affine all showed comparable perform-

Figure 13 shows the Dice metric averaged across all anatomical
ANTs-simulated “ground truth”), RF-ANTs were the best (p < .01 corance. In the case of the CoRR-HNU dataset (using FNIRT-simulated
Figure 8 shows the projection of ANTs-derived MNI152 probabilistic
maps of four representative anatomical structures to fsaverage surface
space for the GSP test set. Figure 9 shows the projection of FNIRTderived MNI152 probabilistic maps of four representative anatomical
structures to fsaverage surface space for the CoRR-HNU dataset. The
black boundaries correspond to the winner-takes-all parcellation obtained
by thresholding the “ground truth” GSP or CoRR-HNU fsaverage surface
probabilistic maps. Visual inspection of Figures 8 and 9 suggests that the
projected probabilistic maps corresponded well to the “ground truth” for
all approaches, although there was also clear bleeding to adjacent anatomical structures for the central sulcus and middle frontal sulcus.
The NAD evaluation metric is shown below each brain in Figures 8
and 9. A lower value indicates closer correspondence with the “ground

“ground truth”), RF-ANTs and Affine were the best (p < .01 corrected).
There was no statistically significant difference between RF-ANTs and
Affine.
To summarize, RF-ANTs performed the best, although Affine also
performed surprisingly well when FNIRT-simulated CoRR-HNU “ground
truth” was considered (Figure 13, right). Visual inspection of Figure 12a
suggests that the projected cortical ribbon for Affine did not match well
to the MNI152 cortical ribbon. However, the dilation within the loose
cortical mask appeared to compensate for the poor mapping (Figure
12b), leading to a competitive dice score (Figure 13, right).

3.3 | Registration fusion convergence

truth” probabilistic map. The NAD generally agreed with the visual

Figure 14 shows the average NAD metric within each hemisphere for

quality of the projections, suggesting its usefulness as an evaluation

projecting ANTs-derived GSP MNI152 probabilistic maps to fsaverage

metric. For example, in Figure 8, the projection of the left ANTs-

space, plotted against the number of subjects used to construct the RF
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F I G U R E 8 Visualization of ANTs-derived MNI152 probabilistic maps projected to fsaverage surface space in the GSP test set. Four representative structures are shown. Black boundaries correspond to the “ground truth” winner-takes-all parcellation. The value below each cortical surface shows the normalized absolute difference (NAD) between projected probabilistic map and “ground truth” probabilistic map, where a
smaller value indicates better performances. Best NAD for each region is bolded [Color figure can be viewed at wileyonlinelibrary.com]

mappings. The NAD values start converging after about 100 subjects.
When more than 300 subjects are used, the NAD values are mostly

3.4 | Colin27-to-fsaverage and fsaverage-to-Colin27
projections

stable, although the right hemisphere for RF-ANTs seems to require
more subjects to converge. This suggests that the use of 745 training

Supporting Information, Figures S1–S3 show the Colin27-to-fsaverage

subjects is sufficient to guarantee the quality of the RF mappings.

projection results. The results are largely consistent with the MNI152-

Nevertheless, the RF mappings that we have made publicly available

to-fsaverage results. In the case of the GSP test set (using ANTs-

utilize the entire GSP dataset to construct the mappings.

derived volumetric probabilistic maps), RF-ANTs was the best (p < .01
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F I G U R E 9 Visualization of FNIRT-derived MNI152 probabilistic maps projected to fsaverage surface space in the CoRR-HNU dataset. Four
representative structures are shown. Black boundaries correspond to the “ground truth” winner-takes-all parcellation. The value below each
cortical surface shows the normalized absolute difference (NAD) between projected probabilistic map and “ground truth” probabilistic map,
where a smaller value indicates better performances. Best NAD for each region is bolded [Color figure can be viewed at wileyonlinelibrary.com]

corrected). RF-M3Z and Colin27surf showed comparable performance

ANTs-derived “ground truth”), RF-ANTs was the best (p < .01 cor-

and were both significantly better than Affine (p < .01 corrected). In

rected). While Colin27surf showed better performance than RF-M3Z

the case of the CoRR-HNU dataset (using FNIRT-derived Colin27 volu-

(p < .01 corrected), both of them showed (statistically) comparable per-

metric probabilistic maps), RF-ANTs was also the best (p < .01 cor-

formance with Affine. On the other hand, in the case of the CoRR-

rected). RF-M3Z was the second best (p < .01 corrected), followed by

HNU dataset (using FNIRT-derived “ground truth”), both RF-ANTs and

Affine (p < .01 corrected). Hemispheric differences within each

RF-M3Z showed (statistically) comparable performance with Affine.

approach were not statistically significant (all p > .1). To summarize, RF-

Nevertheless, RF-ANTs showed better performance than RF-M3Z

ANTs always performed the best.

(p < .01 corrected). Colin27surf performed the worst (p < .01 cor-

Supporting Information, Figures S4–S6 show the fsaverage-to-

rected). To summarize, RF-ANTs performed the best, although Affine

Colin27 projection results. The results are largely consistent with the

also performed surprisingly well when FNIRT-simulated CoRR-HNU

fsaverage-to-MNI152 results. In the case of the GSP test set (using

“ground truth” was considered. Similar to the previous section, the
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Normalized absolute difference (NAD) of MNI152 probabilistic maps projected to fsaverage surface space. (Left) Results for
ANTs-derived GSP MNI152 probabilistic maps. (Right) Results for FNIRT-derived CoRR-HNU MNI152 probabilistic maps. The bars represent
the NADs averaged across all 74 probabilistic maps within left hemisphere (black) and right hemisphere (white). Error bars correspond to
standard errors across the 74 anatomical structures. Overall, RF-ANTs performed the best

FIGURE 10

F I G U R E 1 1 Winner-takes-all fsaverage parcellation projected to MNI152 volumetric space with ANTs-simulated “ground truth” (black boundaries) in the GSP test set. (a) Projections before dilation within loose cortical mask. (b) Projections after dilation within loose cortical mask
[Color figure can be viewed at wileyonlinelibrary.com]
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Winner-takes-all fsaverage parcellation projected to MNI152 volumetric space with FNIRT-simulated “ground truth” (black
boundaries) in CoRR-HNU dataset. (a) Projections before dilation within loose cortical mask. (b) Projections after dilation within loose cortical mask [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 12

Dice of winner-takes-all fsaverage parcellation projected to MNI152 space, compared against (left) ANTs-simulated GSP
“ground truth” and (right) FNIRT-simulated CoRR-HNU “ground truth.” Bars represent dice coefficient averaged across all 74 segmentation
labels within left hemisphere (black) and right hemisphere (white). Error bars correspond to standard errors

FIGURE 13

|

WU
ET al
AL..
WU et

13
3805

Normalized absolute difference (NAD) of ANTs-derived GSP MNI152 probabilistic maps projected to fsaverage space as a
function of the number of subjects used to create the RF mappings. (Left) RF-ANTs. (Right) RF-M3Z. NADs were averaged across all 74
probabilistic maps within left hemisphere (black) and right hemisphere (gray), and across all subjects in GSP test set. Results converge after
about 300 subjects, although the right hemisphere for RF-ANTs seems to require more subjects to converge

FIGURE 14

dilation within the loose cortical mask compensated for the actually

volumetric alignment (Postelnicu et al., 2009; Zollei et al., 2010). How-

poor Affine mapping.

ever, these methods were usually designed with inter-subject registration in mind. The combined-volume-surface registration algorithms can

4 | DISCUSSION
In this article, various approaches (Affine, MNIsurf/Colin27surf, RFM3Z and RF-ANTs) for mapping between MNI/Colin27 and fsaverage
were quantitatively evaluated. RF-ANTs performed the best.
Our results showed that RF-ANTs compared favorably with RFM3Z, MNIsurf/Colin27surf and Affine even when FSL FNIRT was used
to set up the evaluations using a dataset different from the one utilized
to derive RF-ANTs. This suggests that if a different software (other
than ANTs) was used to register data to MNI152 space, it would still
be preferable to use RF-ANTs (rather than RF-M3Z, MNIsurf, or Affine)
to map the resulting data to fsaverage space. Nevertheless, to achieve
best performance, if SPM was used to register data to MNI152 space,

be used to create a joint surface-volumetric template, in which the surface and volumetric surface coordinate systems are in alignment. However, creating a new coordinate system would not be helpful for
researchers with existing data in MNI152/Colin27 and fsaverage coordinate systems.
The RF approaches might also potentially benefit from improving
the registration between subjects and the common coordinate systems
(e.g., MNI152). As the RF approaches can be easily adapted to new
registration methods, future work can explore more variants of the RF
approach. For example, by restricting the registration between subjects’
native space and MNI152/Colin27 to geodesic paths in an anatomical
manifold (Hamm et al., 2010), we might be able to generate a better
final mapping.
In summary, the RF-ANTs projections between MNI152/Colin27

then it would probably be the most optimal to generate a new set of

and fsaverage worked surprisingly well. For example, the projected

RF transformations using SPM.

anatomical structures fitted the ground truth boundaries very well (Fig-

One potential concern is that the RF mappings are expensive to create

ure 4), although there were clear, but minor misregistrations across

because it requires registering a large number of subjects. However, we

sulci. The advantage of registration fusion is consistent with the image

note that this is a one-time cost. To alleviate this one-time cost, RF-M3Z

segmentation literature, which has demonstrated that using multiple

and RF-ANTs mappings generated using all 1490 GSP subjects are available

registrations for label fusion can improve image segmentation because

at https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/

the multiple registrations capture greater inter-subject variability and

registration/Wu2017_RegistrationFusion. The code to replicate the map-

protect against occasional registration failures (Aljabar, Heckemann,

pings or generate new mappings can be found at the same repository.

Hammers, Hajnal, & Rueckert, 2009; Collins & Pruessner, 2010; Hecke-

Recent work has proposed integrating surface-based and volumet-

mann, Hajnal, Aljabar, Rueckert, & Hammers, 2006; Iglesias & Sabuncu,

ric registration to obtain the advantages of each (Joshi, Leahy, Toga, &

2015; Sabuncu, Yeo, Van Leemput, Fischl, & Golland, 2010; Wang

Shattuck, 2009; Postelnicu, Zollei, & Fischl, 2009; Zollei, Stevens,

et al., 2013).

Huber, Kakunoori, & Fischl, 2010). These combined-volume-surface

Overall, we believe that the RF approach is useful for projecting

registration algorithms either used both cortical features and volumet-

between volume and surface coordinate systems. However, we empha-

ric intensity to drive the alignment simultaneously (Joshi et al., 2009) or

size that the best way of mapping data to fsaverage is by registering

used geometric information from a surface-based warp to initialize the

subjects directly to fsaverage, while the best way of mapping data to
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MNI152/Colin27 is by registering subjects directly to the correspond-

“Supercomputing and Modeling for the Human Brain,” and the Euro-

ing volumetric template. When data in individuals’ native spaces are

pean Union’s Horizon 2020 Research and Innovation Programme

available, researchers should not use the RF approaches to project indi-

under grant agreement no. 7202070 (HBP SGA1). BF is supported

viduals’ data between MNI152/Colin27 and fsaverage for convenience.

by the National Institute for Biomedical Imaging and Bioengineering

The RF approaches evaluated in this article can be considered when

(P41EB015896,

the optimal approach is not possible (e.g., when running FreeSurfer on

R01EB019956), the National Institute on Aging (5R01AG008122,

individual subjects is not possible). Furthermore, care must be taken

R01AG016495), the National Institute of Diabetes and Digestive

when interpreting results. For example, when describing MNI152

and Kidney Diseases (1-R21-DK-108277-01), and the National Insti-

results that have been projected to fsaverage for visualization, it is

tute for Neurological Disorders and Stroke (R01NS0525851,

important to verify that the description is consistent with the original

R21NS072652, R01NS070963, R01NS083534, 5U01NS086625).

volumetric data in MNI152 space.

Additional support was provided by the NIH Blueprint for Neuro-

1R01EB023281,

R01EB006758,

science Research (5U01-MH093765),

as part

R21EB018907,

of

the multi-

institutional Human Connectome Project. In addition, BF has a finan-

5 | CONCLUSION

cial interest in CorticoMetrics, a company whose medical pursuits
In this article, we compared various approaches for mapping between

focus on brain imaging and measurement technologies. BF’s interests

MNI152/Colin27 volumetric and fsaverage surface coordinate systems.

were reviewed and are managed by Massachusetts General Hospital

We found that a new implementation of the RF approach (Buckner

and Partners HealthCare in accordance with their conflict of interest

et al., 2011; Yeo et al., 2011), RF-ANTs, performed the best. Neverthe-

policies.

less, it is worth noting that the most optimal approach for mapping
data to a particular coordinate system (e.g., fsaverage) is to register

ORC ID

individual subjects directly to the coordinate system, rather than via

Jianxiao Wu

http://orcid.org/0000-0002-4866-272X

another coordinate system. However, in scenarios where the optimal
approaches are not possible (e.g., mapping previously published results
from MNI152 to fsaverage), we recommend using RF-ANTs. The RF
approach can be easily adapted for other volumetric and surface coordinate systems. Code and transformations from this article can
be found at https://github.com/ThomasYeoLab/CBIG/tree/master/
stable_projects/registration/Wu2017_RegistrationFusion.
AC KNOWLE DGME NT
The authors would like to thank Bin Bin Tang for assistance with
testing several algorithms. This work was supported by Singapore
MOE Tier 2 (MOE2014-T2-2-016), NUS Strategic Research (DPRT/
944/09/14), NUS SOM Aspiration Fund (R185000271720), Singapore NMRC (CBRG/0088/2015), NUS YIA, and the Singapore
National Research Foundation (NRF) Fellowship (Class of 2017). Our
computational work for this article was partially performed on
resources of the National Supercomputing Centre, Singapore. Data
were also provided by the Brain Genomics Superstruct Project of
Harvard University and the Massachusetts General Hospital (Principal Investigators: Randy Buckner, Joshua Roffman, and Jordan Smoller),

with

support

from

the

Center

for

Brain

Science

Neuroinformatics Research Group, the Athinoula A. Martinos Center
for Biomedical Imaging, and the Center for Human Genetic
Research. Twenty individual investigators at Harvard and MGH generously contributed data to the overall project. Our research also utilized resources provided by the Center for Functional Neuroimaging
Technologies,

P41EB015896

and

instruments

supported

by

1S10RR023401, 1S10RR019307, and 1S10RR023043 from the
Athinoula A. Martinos Center for Biomedical Imaging at the Massachusetts General Hospital. SBE is supported by the National Institute
of Mental Health (R01-MH074457), the Helmholtz Portfolio Theme

RE FE RE NC ES
Aljabar, P., Heckemann, R. A., Hammers, A., Hajnal, J. V., & Rueckert, D.
(2009). Multi-atlas based segmentation of brain images: Atlas selection and its effect on accuracy. NeuroImage, 46(3), 726–738.
Andersson, J. L. R., Jenkinson, M., & Smith, S. (2007). Non-linear registration aka spatial normalization: FMRIB technical report TR07JA2.
Oxford, UK: FMRIB Centre.
Anticevic, A., Dierker, D. L., Gillespie, S. K., Repovs, G., Csernansky, J. G.,
Van Essen, D. C., & Barch, D. M. (2008). Comparing surface-based
and volume-based analyses of functional neuroimaging data in
patients with schizophrenia. NeuroImage, 41(3), 835–848.
Ashburner, J., & Friston, K. J. (1999). Nonlinear spatial normalization
using basis functions. Human Brain Mapping, 7(4), 254–266.
Ashburner, J. (2007). A fast diffeomorphic image registration algorithm.
NeuroImage, 38(1), 95–113.
Avants, B. B., Epstein, C. L., Grossman, M., & Gee, J. C. (2008). Symmetric diffeomorphic image registration with cross-correlation: Evaluating
automated labeling of elderly and neurodegenerative brain. Medical
Image Analysis, 12(1), 26–41.
Avants, B. B., Tustison, N., & Song, G. (2009). Advanced normalization
tools (ANTS). Insight Journal, 2, 1–35.
Bar, M., & Aminoff, E. (2003). Cortical analysis of visual context. Neuron,
38(2), 347–358.
Benjamini, Y., & Hochberg, Y. (1995). Controlling the false discovery
rate: A practical and powerful approach to multiple testing. Journal of
the Royal Statistical Society, 57, 289–300.
Buckner, R. L., Krienen, F. M., Castellanos, A., Diaz, J. C., & Yeo, B. T. T.
(2011). The organization of the human cerebellum estimated by
intrinsic functional connectivity. Journal of Neurophysiology, 106(5),
2322–2263.
Chen, B., Xu, T., Zhou, C., Wang, L., Yang, N., Wang, Z., . . . Weng, X.-C.
(2015). Individual variability and test-retest reliability revealed by ten
repeated resting-state brain scans over one month. PLoS One, 10(12),
e0144963–e0144921.

|

WU
ET al
AL..
WU et

15
3807

Cointepas, Y., Geffroy, D., Souedet, N., Denghien, I., & Riviere, D. (2010).
The BrainVISA Project: a Shared Software Development Infrastructure for Biomedical Imaging Research. In Proceeding of 15th HBM.

Gordon, E. M., Laumann, T. O., Adeyemo, B., Huckins, J. F., Kelley, W. M., &
Petersen, S. E. (2016). Generation and evaluation of a cortical area parcellation from resting-state correlations. Cerebral Cortex, 26(1), 288–303.

Collins, D. L., Neelin, P., Peters, T. M., & Evans, A. C. (1994). Automatic 3D
intersubject registration of MR volumetric data in standardized Talairach space. Journal of Computer Assisted Tomography, 18(2), 192–205.

Gordon, E. M., Laumann, T. O., Gilmore, A. W., Newbold, D. J., Greene,
D. J., Berg, J. J., . . . Dosenbach, N. U. F. (2017). Precision functional
mapping of individual human brains. Neuron, 95(4), 791–717.

Collins, D. L., & Pruessner, J. C. (2010). Towards accurate, automatic segmentation of the hippocampus and amygdala from MRI by augmenting ANIMAL with a template library and label fusion. NeuroImage, 52
(4), 1355–1366.

Goebel, R., Esposito, F., & Formisano, E. (2006). Analysis of FIAC data
with BrainVoyager QX: From single-subject to cortically aligned
group GLM analysis and self-organizing group ICA. Human Brain Mapping, 27(5), 392–401.

Dale, A. M., Fischl, B., & Sereno, M. I. (1999). Cortical surface-based
analysis: I. Segmentation and surface reconstruction. NeuroImage, 9
(2), 179–194.

Grabner, G., Janke, A. L., Budge, M. M., Smith, D., Pruessner, J., & Collins, D. L. (2006). Symmetric atlasing and model based segmentation:
An application to the hippocampus in older adults. International Converence on Medical Image Computing and Computer-Assisted Intervention, 9, 58–66.

�gonne, F., Fischl, B., Quinn, B. T., Dickerson, B. C.,
Desikan, R. S., Se
Blacker, D., . . . Killiany, R. J. (2006). An automated labeling system
for subdividing the human cerebral cortex on MRI scans into gyral
based regions of interest. NeuroImage, 31(3), 968–980.
Destrieux, C., Fischl, B., Dale, A., & Halgren, E. (2010). Automatic parcellation of human cortical gyri and sulci using standard anatomical
nomenclature. NeuroImage, 53(1), 1–15.
Eickhoff, S. B.,
Amunts, K.,
probabilistic
NeuroImage,

Hamm, J., Ye, D. H., Verma, R., & Davatzikos, C. (2010). GRAM: A framework for geodesic registration on anatomical manifolds. Medical
Image Analysis, 14(5), 633–642.
Heckemann, R. A., Hajnal, J. V., Aljabar, P., Rueckert, D., & Hammers, A.
(2006). Automatic anatomical brain MRI segmentation combining
label propagation and decision fusion. NeuroImage, 33(1), 115–126.

Stephan, K. E., Mohlberg, H., Grefkes, C., Fink, G. R.,
& Zilles, K. (2005). A new SPM toolbox for combining
cytoarchitectonic maps and functional imaging data.
25(4), 1325–1335.

Hellier, P., Barillot, C., Corouge, I., Gibaud, B., Le Goualher, G., Collins, D. L.,
. . . Johnson, H. J. (2003). Retrospective evaluation of intersubject brain
registration. IEEE Transactions on Medical Imaging, 22(9), 1120–1130.

Evans, A. C., Collins, D. L., Mills, S. R., Brown, E. D., Kelly, R. L., & Peters,
T. M. (1993). 3D Statistical neuroanatomical models from 305 MRI
volumes. Proceedings of IEEE-Nuclear Science Symposium and Medical
Imaging Conference (pp. 1813–1817).

Holmes, A. J., Hollinshead, M. O., O’keefe, T. M., Petrov, V. I., Fariello, G.
R., Wald, L. L., . . . Buckner, R. L. (2015). Brain genomics superstruct
project initial data release with structural, functional, and behavioral
measures. Scientific Data, 2, 150031–150016.

Filimon, F., Nelson, J. D., Hagler, D. J., & Sereno, M. I. (2007). Human
cortical representations for reaching: Mirror neurons for execution,
observation, and imagery. NeuroImage, 37(4), 1315–1328.

Holmes, C. J., Hoge, R., Collins, L., Woods, R., Toga, A. W., & Evans, A.
C. (1998). Enhancement of MR images using registration for signal
averaging. Journal of Computer Assisted Tomography, 22(2), 324–333.

Fischl, B., Sereno, M. I., & Dale, A. M. (1999a). Cortical surface-based
analysis: II. Inflation, flattening, and a surface-based coordinate system. NeuroImage, 9(2), 195–207.

Iglesias, J. E., & Sabuncu, M. R. (2015). Multi-atlas segmentation of biomedical images: A survey. Medical Image Analysis, 24(1), 205–219.

Fischl, B., Sereno, M. I., Tootell, R. B. H., & Dale, A. M. (1999b). Highresolution intersubject averaging and a coordinate system for the
cortical surface. Human Brain Mapping, 8(4), 272–284.
Fischl, B., Liu, A., & Dale, A. M. (2001). Automated manifold surgery:
Constructing geometrically accurate and topologically correct models
of the human cerebral cortex. IEEE Transactions on Medical Imaging,
20(1), 70–80.
Fischl, B., Kouwe, A., Destrieux, C., Halgren, E., Segonne, F., Salat, D. H.,
. . . Dale, A. M. (2004a). Automatically parcellating the human cerebral
cortex. Cerebral Cortex, 14(1), 11–22.
�gonne, F.,
Fischl, B., Salat, D. H., van der Kouwe, A. J. W., Makris, N., Se
Quinn, B. T., & Dale, A. M. (2004b). Sequence-independent segmentation of magnetic resonance images. NeuroImage, 23, S69–S84.
Fonov, V., Evans, A. C., Botteron, K., Almli, R. C., McKinstry, R. C., Collins, D.
L. & Brain, Development Cooperative Group (2011). Unbiased average
age-appropriate atlases for pediatric studies. NeuroImage, 54(1), 313–327.
Ghosh, S. S., Kakunoori, S., Augustinack, J., Nieto-Castanon, A., Kovelman, I.,
Gaab, N., . . . Fischl, B. (2010). Evaluating the validity of volume-based and
surface-based brain image registration for developmental cognitive neuroscience studies in children 4-to-11 years of age. NeuroImage, 53(1), 85–93.
Glasser, M. F., Coalson, T. S., Robinson, E. C., Hacker, C. D., Harwell, J.,
Yacoub, E., . . . Van Essen, D. C. (2016). A multi-modal parcellation of
human cerebral cortex. Nature, 536(7615), 171–178.
Good, C. D., Johnstrude, I. S., Ashburner, J., Henson, R. N. A., Friston, K.
J., & Frackowiak, R. S. J. (2001). A voxel-based morphometric study
of ageing in 465 normal adult human brains. NeuroImage, 14, 21–36.

Joshi, A., Leahy, R., Toga, A. W., & Shattuck, D. (2009). A framework for
brain registration via simultaneous surface and volume flow. Information Processing in Medical Imaging, 21, 576–588.
Klein, A., Ghosh, S. S., Avants, B., Yeo, B. T. T., Fischl, B., Ardekani, B.,
. . . Parsey, R. V. (2010). Evaluation of volume-based and surfacebased brain image registration methods. NeuroImage, 51(1), 214–220.
�rrez, D.,
Laird, A. R., Robinson, J. L., McMillan, K. M., Tordesillas-Gutie
Moran, S. T., Gonzales, S. M., . . . Lancaster, J. L. (2010). Comparison
of the disparity between Talairach and MNI coordinates in functional
neuroimaging data: Validation of the lancaster transform. NeuroImage,
51(2), 677–683.
�rrez, D., Martinez, M., Salinas, F., Evans,
Lancaster, J. L., Tordesillas-Gutie
A., Zilles, K., . . . Fox, P. T. (2007). Bias between MNI and Talairach
coordinates analyzed using the ICBM-152 brain template. Human
Brain Mapping, 28(11), 1194–1205.
Liu, H., Stufflebeam, S. M., Sepulcre, J., Hedden, T., & Buckner, R. L.
(2009). Evidence from intrinsic activity that asymmetry of the human
brain is controlled by multiple factors. Proceedings of the National
Academy of Sciences, 106(48), 20499–20503.
Mazziotta, J. C., Toga, A. W., Evans, A. C., Fox, P., & Lancaster, J. (1995).
A probabilistic atlas of the human brain: Theory and rationale for its
development. NeuroImage, 2(2), 89–101.
Mazziotta, J., Toga, A., Evans, A., Fox, P., Lancaster, J., Zilles, K., . . .
Mazoyer, B. (2001). A probabilistic atlas and reference system for the
human brain: International Consortium for Brain Mapping (ICBM).
Philosophical Transactions of the Royal Society B: Biological Sciences,
356(1412), 1293–1322.

|

16
3808

Nenning, K. H., Liu, H., Ghosh, S. S., Sabuncu, M. R., Schwartz, E., &
Langs, G. (2017). Diffeomorphic functional brain surface alignment:
Functional demons. NeuroImage, 156, 456–465.
Pantazis, D., Joshi, A., Jiang, J., Shattuck, D., Bernstein, L. E., Damasio, H., &
Leahy, R. M. (2010). Comparison of landmark-based and automatic
methods for cortical surface registration. NeuroImage, 49(3), 2479.
Postelnicu, G., Zollei, L., & Fischl, B. (2009). Combined volumetric and surface registration. IEEE Transactions on Medical Imaging, 28(4), 508–522.
Robinson, E. C., Jbabdi, S., Glasser, M. F., Andersson, J., Burgess, G. C.,
Harms, M. P., . . . Jenkinson, M. (2014). MSM: A new flexible framework for multimodal surface matching. NeuroImage, 100, 414–426.
Rorden, C., Karnath, H. O., & Bonilha, L. (2007). Improving lesion-sympton
mapping. Journal of Cognitive Neuroscience, 19(7), 1081–1088.
Rueckert, D., Sonoda, L. I., Hayes, C., Hill, D. L., Leach, M. O., & Hawkes,
D. J. (1999). Nonrigid registration using free-form deformations:
Application to breast MR images. IEEE Transactions on Medical Imaging, 18(8), 712–721.
Sabuncu, M. R., Yeo, B. T. T., Van Leemput, K., Fischl, B., & Golland, P.
(2010). A generative model for image segmentation based on label
fusion. IEEE Transactions on Medical Imaging, 29(10), 1714–1729.
Schaefer, A. L., Kong, R., Gordon, E. M., Laumann, T. O., Zuo, X. N.,
Holmes, A. L., . . . Yeo, B. T. T. (2017). Local-global parcellation of the
human cerebral cortex from intrinsic functional connectivity MRI.
Cerebral Cortex, 18, 1–20.
Segonne, F., Dale, A. M., Busa, E., Glessner, M., Salat, D., Hahn, H. K., &
Fischl, B. (2004). A hybrid approach to the skull stripping problem in
MRI. NeuroImage, 22(3), 1060–1075.
Segonne, F., Pacheco, J., & Fischl, B. (2007). Geometrically accurate
topology-correction of cortical surfaces using nonseparating loops.
IEEE Transactions on Medical Imaging, 26(4), 518–529.
Sepulcre, J., Liu, H., Talukdar, T., Martincorena, I., Yeo, B. T. T., & Buckner,
R. L. (2010). The organization of local and distant functional connectivity in the human brain. PLoS Computational Biology, 6(6), e1000808.
Talairach, J., Szikla, G., Tournoux, P., Prosalentis, A., Bordas-Ferrier, M.,
Covello, L., . . .., Mempel, E. (1967). Atlas d’anatomie Stereotaxique du
Telencephale. Paris: Masson.
Talairach, J., & Tournoux, P. (1988). Co-planar stereotaxic atlas of the
human brain. New York: Thieme Medical Publisher.
Thompson, P. M., MacDonald, D., Mega, M. S., Holmes, C. J., Evans, A.
C., & Arthur, W. (1997). Detection and mapping of abnormal brain
structure with a probabilistic atlas of cortical surfaces. Journal of
Computer Assisted Tomography, 21, 567–581.
Tong, T., Aganj, T., Ge, T., Polimeni, J. R., & Fischl, B. (2017). Functional density and edge maps: Characterizing functional architecture in individuals
and improving cross-subject registration. NeuroImage, 158, 346–355.
Tucholka, A., Fritsch, V., Poline, J. B., & Thirion, B. (2012). An empirical
comparison of surface-based and volume-based group studies in neuroimaging. NeuroImage, 63(3), 1443–1453.
Wang, H., Suh, J. W., Das, S. R., Pluta, J. B., Craige, C., & Yushkevich, P.
A. (2013). Multi-atlas segmentation with joint label fusion. IEEE Transactions on Pattern Analysis and Machine Intelligence, 35, 611–623.

WU
ET al
AL..
WU et

Woods, R. P., Grafton, S. T., Watson, J. D., Sicotte, N. L., & Mazziotta, J.
C. (1998). Automated image registration II. Intersubject validation of
linear and nonlinear models. Journal of Computer Assisted Tomography,
22, 153–165.
Van Essen, D. C. (2002). Windows on the brain. The emerging role of
atlases and databases in neuroscience. Current Opinion in Neurobiology, 12(5), 574–579.
Van Essen, D. C., Glasser, M. F., Dierker, D. L., Harwell, J., & Coalson, T.
(2012). Parcellations and hemispheric asymmetries of human cerebral
cortex analyzed on surface-based atlases. Cerebral Cortex, 22(10),
2241–2262.
Yeo, B. T. T., Sabuncu, M. R., Vercauteren, T., Ayache, N., Fischl, B., &
Golland, P. (2010a). Spherical demons: Fast diffeomorphic landmarkfree surface registration. IEEE Transactions on Medical Imaging, 29(3),
650–668.
Yeo, B. T. T., Sabuncu, M. R., Vercauteren, T., Holt, D. J., Amunts, K.,
Zilles, K., . . . Fischl, B. (2010b). Learning task-optimal registration
cost functions for localizing cytoarchitecture and function in the cerebral cortex. IEEE Transactions on Medical Imaging, 29(7), 1424–1441.
Yeo, B. T. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D.,
Hollinshead, M., . . . Buckner, R. L. (2011). The organization of the
human cerebral cortex estimated by intrinsic functional connectivity.
Journal of Neurophysiology, 106(3), 1125–1165.
Yeo, B. T. T., Krienen, F. M., Eickhoff, S. B., Yaakub, S. N., Fox, P. T.,
Buckner, R. L., . . . Chee, M. W. L. (2015). Functional specialization
and flexibility in human association cortex. Cerebral Cortex, 25(10),
3654–3672.
Yushkevich, P. A., Wang, H., Pluta, J., & Avants, B. B. (2012). From label
fusion to correspondence fusion: A new approach to unbiased groupwise registration. In Proceeding of IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). 956–963.
Zollei, L., Stevens, A., Huber, K., Kakunoori, S., & Fischl, B. (2010).
Improved tractography alignment using combined volumetric and surface registration. NeuroImage, 51(1), 206–213.
Zuo, X.-N., Anderson, J. S., Bellec, P., Birn, R. M., Biswal, B. B., Blautzik,
J., . . . Milham, M. P. (2014). An open science resource for establishing reliability and reproducibility in functional connectomics. Scientific
Data, 1, 140049.

SUP POR TI NG INFOR MATION
Additional Supporting Information may be found online in the supporting information tab for this article.

How
How to
to cite
cite this
this article:
article: Wu
Wu J,
J, Ngo
Ngo GH,
GH, Greve
Greve D,
D, et
et al.
al. Accurate
Accurate
nonlinear
mappingbetween
betweenMNI
MNI
volumetric
FreeSurfer
nonlinear mapping
volumetric
andand
FreeSurfer
sursurface
coordinatesystems.
systems.Hum
Hum Brain
Brain Mapp.
face coordinate
Mapp. 2018;39:3793–
2018;00:1–16.
3808.
https://doi.org/10.1002/hbm.24213
https://doi.org/10.1002/hbm.24213

