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Abstract 

Spatial normalization, registration, and segmentation techniques for Magnetic Resonance Imaging 

(MRI) often use a target or template volume to facilitate processing, take advantage of prior 

information, and define a common coordinate system for analysis. In the neuroimaging literature, 

the MNI305 Talairach-like coordinate system is often used as a standard template. However, when 

studying pediatric populations, variation from the adult brain makes the MNI305 suboptimal for 

processing brain images of children. Morphological changes occurring during development render 

the use of age-appropriate templates desirable to reduce potential errors and minimize bias during 

processing of pediatric data. In this paper a method is presented to create unbiased, age-appropriate 

MRI atlas templates for pediatric studies that represent the average anatomy for the age range of 

4.5–18.5 years, while maintaining a high level of anatomical detail and contrast.   The main 

contribution of this paper involves the creation of anatomical T1-weighted, T2-weighted, and proton 

density-weighted templates for specific developmentally important age-ranges, derived from the 

largest epidemiological representative normal sample of the U.S. population, where each subject 

was carefully screened for medical and psychiatric factors and characterized using standardized 

rating scales and cognitive tests.   In addition, average tissue maps for gray matter, white matter, and 
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 See Appendix 1. 
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cerebrospinal fluid were created for each age range.  Finally, an exemplar voxel-wise deformation-

based morphometry study using 66 young (4.5–6.9 years) participants is presented to demonstrate 

the benefits of using the age-appropriate templates.  The public availability of these atlases will 

facilitate analysis of pediatric MRI data and enable comparison of results between studies in a 

common standardized space specific to pediatric research. 

 

Keywords: Atlas template, registration, pediatric image analysis 

Introduction 

Magnetic resonance imaging (MRI) has emerged as the premier modality of noninvasive 

imaging of normal structural and metabolic development of the brain in both infants and children. 

With the advent of modern MRI methods in the last 20 years, multiple groups have documented age-

related changes in gray matter (GM) and white matter (WM) volumes, extent of myelination, and 

subcortical structures (Jernigan and Tallal 1990; Jernigan, Trauner et al. 1991; Filipek, Richelme et 

al. 1994; Pfefferbaum, Mathalon et al. 1994; Blatter, Bigler et al. 1995; Caviness, Kennedy et al. 

1996; Giedd, Rumsey et al. 1996; Giedd, Vaituzis et al. 1996; Reiss, Abrams et al. 1996; Lange, 

Giedd et al. 1997; Kennedy, Lange et al. 1998; Caviness, Lange et al. 1999; Giedd, Blumenthal et 

al. 1999; Paus, Zijdenbos et al. 1999; Sowell, Thompson et al. 1999; Courchesne, Chisum et al. 

2000; Bartzokis, Beckson et al. 2001; Blanton, Levitt et al. 2001; De Bellis, Keshavan et al. 2001; 

Durston, Hulshoff Pol et al. 2001; Mazziotta, Toga et al. 2001; Gogtay, Giedd et al. 2002; Sowell, 

Thompson et al. 2002; Kennedy, Haselgrove et al. 2003; Sowell, Peterson et al. 2003; Blanton, 

Levitt et al. 2004; Gogtay, Giedd et al. 2004; Sowell, Thompson et al. 2004; Sowell, Thompson et 

al. 2004). However, in all of these studies, significant variability was seen in the volumetric and 

metabolic data across populations and between genders, complicated by regionally specific changes 
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within individual brain growth trajectories (Giedd, Rumsey et al. 1996; Giedd, Blumenthal et al. 

1999; Gogtay, Giedd et al. 2004). Furthermore, because most prior studies have been of limited size 

and cross-sectional in design, and included analysis of T1-weighted (T1w) data only, their findings 

have not been easily extrapolated to the general pediatric population. 

 To address these issues, the National Institutes of Health (NIH) MRI Study of Normal Brain 

Development has developed a large, combined cross-sectional and longitudinal, population-based 

study design to generate a meaningful normative database of T1-weighted (T1w), T2w and proton 

density weighted (PDw) structural images that will be useful in the study of both normal brain 

development, and childhood neurological and neuropsychiatric diseases (Evans 2006; Almli, Rivkin 

et al. 2007). Previous reports (Evans and Group 2006) , (Almli, Rivkin et al. 2007) , (Waber, De 

Moor et al. 2007) have detailed the study’s design, imaging protocols and analysis, and 

behavioral/cognitive testing methods. This report describes the creation and usefulness of age-

appropriate atlases based on the Objective 1 data (i.e., subjects aged 4.5–18.5 years) from the MRI 

Study of Normal Brain Development. 

 In addition, data characterizing cognitive and behavioral constructs for all infants, children, 

and adolescents in the study were acquired along with  structural imaging data to enable 

examination and characterization of  correlations between structure and function associated with 

ongoing developmental processes. Our hope is that the construction of a population-based, 

representative database of MRI structural and metabolic data correlated with validated 

cognitive/behavioral measurements will improve our ability to detect and interpret differences in 

brain development that correspond to pediatric psychiatric and neurological disorders. 

Many automated techniques for registration, tissue classification, and statistical analysis use a 

template brain (Mazziotta, Toga et al. 2001), including mni_autoreg (Collins, Neelin et al. 1994), 
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SPM (Ashburner and Friston 1997), and FSL (Smith, Jenkinson et al. 2004). However, such 

techniques are not ideal for pediatric analysis because the templates were created by averaging MRI 

data from young adults. Since the developing brain is not simply a smaller version of an adult brain, 

the use of adult templates may introduce a bias in analysis. For example,  (Muzik, Chugani et al. 

2000) showed that, when using an adult template with SPM96, the registration of pediatric data was 

more variable than that of adult data. In addition, Wilke et al. (Wilke, Schmithorst et al. 2002) 

found that the analysis of pediatric data depended greatly on processing techniques and spatial 

normalization methods. In electroencephalography source analysis, Hoeksma et al. (Hoeksma, 

Kenemans et al. 2005) found differences between pediatric and adult data, and demonstrated that an 

adult target was less adequate for pediatric data. Machilsen et al. (Machilsen, d'Agostino et al. 2007) 

also found standard registration methods using the MNI (Montreal Neurological Institute) template 

to be less robust with pediatric data. 

These types of problems indicate a need for developmental age specific brain templates.  To 

achieve this age specificity, some studies have used data from a single subject for the template.  For 

example, Jelacic et al. (Jelacic, de Regt et al. 2006) built an interactive Web-based atlas for subjects 

under 4 years of age that facilitates the comparison of a given subject with standard datasets from a 

database. Shan et al. (Shan, Parra et al. 2006) built a digital pediatric brain structure atlas from T1w 

MRI scans from a single 9-year-old subject. However, the main problem with using single subject 

templates is that, despite being a typical healthy individual, the chosen subject may represent an 

extreme tail of the normal distribution for some brain regions. Moreover, a single subject template 

cannot represent the anatomical variability in the population. The solution to these problems is to 

build atlases from multiple subjects. In the pediatric literature, Joshi et al. (Joshi, Davis et al. 2004) 

used unbiased diffeomorphic atlas construction techniques to build a template of eight 2-year-old 

subjects. Kazemi et al. (Kazemi, Moghaddam et al. 2007) developed a neonatal atlas for spatial 
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normalization of whole brain MRI, based on data from seven subjects. Bhatia et al. (Bhatia, Aljabar 

et al. 2007) used an expectation-maximization framework to build an MRI atlas for 1- and 2-year-

olds. However, these atlases either were created from a small number of subjects or cover a very 

narrow age range. More recently, Wilke et al. (Wilke, Holland et al. 2008) created a “Template-O-

Matic” toolbox for creating population-specific templates based on the unsupervised tissue 

segmentation and linear coregistration of individual pediatric scans with regression on independent 

variables such as age and gender. Although this enables a user to generate an appropriate intensity 

average template volume for a particular study, anatomical details may be blurred in regions of high 

variability such as the cortex because only linear registration is used. Therefore, in this paper we 

create a series of age-specific, nonlinearly registered pediatric templates from 324 subjects within 

the age range of 4.5 to 18.5 years that include T1w, T2w, and PDw averages as well as average 

tissue maps for GM, WM, and cerebrospinal fluid (CSF). Because the atlas-building process uses 

nonlinear registration, these templates have the advantage of being age-specific while retaining 

significant anatomical detail. 

Many groups have investigated techniques for creating an anatomical average from a group of 

subjects such that the result is representative of the population. In some of the first work published 

on this topic, Guimond et al. (1998; 2000) developed methods of building a template atlas with both 

average intensity and average shape. These methods begin by selecting or creating an initial 

template, which may be a single subject or a linear average like the MNI305 volume used in 

mni_autoreg, SPM, or FSL. Each subject in the group is then nonlinearly registered to the template, 

and the estimated transformation is used to resample the subject’s MRI in the template space. A 

voxel-by-voxel average is computed across all subjects to produce the average-intensity image, and 

to warp this image to have an average shape, all nonlinear transformations are averaged together. 

The inverse of the average nonlinear transformation is then applied to resample the average-intensity 
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image, resulting in a template with both an average unbiased shape and average intensity. To 

account for imperfections in the nonlinear registration procedure, multiple iterations are performed, 

each time using the new template as the registration target, until the difference between two 

successive templates is smaller than some threshold.  

This procedure has been used as a general strategy in many subsequent papers that addressed 

different issues in the template-building process, such as the selection of the first template, data used 

to build the template, similarity function used to drive the registration, type of nonlinear 

transformation modeled, and method used for averaging. For example, Stattuck et al. (Shattuck, 

Mirza et al. 2008) used the nonlinear registration methods of AIR (Woods, Grafton et al. 1998), FSL 

(Smith, Jenkinson et al. 2004), and SPM to create average targets from 40 healthy normal controls. 

Wang et al. (Wang, Seghers et al. 2005) evaluated different template construction strategies for 

atlas-based segmentation and found that an intensity-average template based on nonlinear 

coregistration was best for the segmentation of 49 brain regions. Joshi and Miller (2000) and Joshi et 

al. (Joshi and Miller 2000; Joshi, Davis et al. 2004) used diffeomorphic registration to build 

unbiased average templates, a technique later modified by Lorenzen et al. (Lorenzen, Davis et al. 

2005) to create an unbiased atlas as a Fréchet mean estimation process. Bhatia et al. (Bhatia, Aljabar 

et al. 2007) interleaved tissue classification and nonlinear registration of the tissue probability maps 

to build an average three-dimensional (3D) MRI template.  

To facilitate the processing of pediatric imaging data, we have produced a number of age-

appropriate, representative, average brain templates using nonlinear deformation to standard 

coordinates. The construction of a registration target that is both age-appropriate and representative 

will allow meaningful correlation of anatomical changes and development. Furthermore, nonlinear 

deformation methods were used for their superior spatial detail and ability to register anatomies 

from different subjects and across different ages.  
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Here, we present the procedure used to create unbiased atlas templates that include a series of 

symmetric and asymmetric atlases. We created and compared atlases from two databases of MR 

images covering the age range of 4.5 to 43.5 years: (1) a collection of 324 pediatric (4.5–18.5 years) 

MRI scans from the NIH-funded MRI Study of Normal Brain Development (hereafter, NIHPD, for 

NIH pediatric database) (Evans 2006) and (2) an MRI database of young adult brains, using data 

from 152 subjects (aged 18–43.5 years) acquired at the Montreal Neurological Institute (MNI) as 

part of the International Consortium for Brain Mapping (known as the ICBM database) (Mazziotta, 

Toga et al. 1995). These data were used to create templates with the following characteristics: (1) 

average (over the population analyzed) normalized intensity; (2) average shape; (3) (optionally) 

left–right symmetry; (4) high contrast-to-noise ratio; (5) high level of anatomical structural detail (as 

seen in the individual images); and (6) compatibility with new ICBM152 space that is compatible 

with the older MNI305 stereotaxic space (Janke, Evans et al. 2006).  

The main contributions of this paper concern the templates that are created and made available 

to the scientific community. To our knowledge, this is the only dataset containing (1) an 

epidemiologically ascertained sample of children aged 4.5 to 18.5 years old, representative of the 

U.S. population with respect to income (as a proxy for socioeconomic status) and race/ethnicity,  (2) 

where each child has been carefully-screened with respect to medical and psychiatric factors 

(including family history), and (3) has been very well characterized using a variety of standardized 

interviews, rating scales and cognitive tests (Evans 2006). These factors ensure that the templates 

will be useful as normative models. 

In addition to the T1w templates for the NIHPD and the ICBM database, the following templates 

were also created: T2w and PDw templates, average brain masks and probabilistic atlases of GM, 

WM, and CSF maps. Finally, to demonstrate the usefulness of the pediatric templates, the bias of 

using a population-specific template is shown by comparing the results obtained using the NIHPD-
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04.5-18.5 templates and the new ICBM152 template using deformation-based morphometry analysis  

(Chung, Worsley et al. 2001). 

Materials and methods 

Creation of an unbiased template  

Over the last several years, several competing techniques have been developed for building 

population-specific templates. The rationale behind building a population-specific atlas is described 

in (Mazziotta, Toga et al. 2001)); the practical impact of such an atlas on the analysis of functional 

data is described in Good et al. (Good, Johnsrude et al. 2001), and its impact on the analysis of 

pediatric data is given in (Wilke M. 2002), (Wilke M. 2003), and (Kazemi, Moghaddam et al. 2007). 

To reiterate the most important issues, an unbiased brain template is needed (1) to provide a 

registration target for automatic image processing techniques (e.g., those in (Evans, Collins et al. 

1993), (Collins, Neelin et al. 1994), and (Thompson and Toga 2002)); (2) to act as an atlas for 

volume estimation of brain regions (Amit, Grenander et al. 1991); (Christensen, Rabbitt et al. 1994); 

(Collins, Zijdenbos et al. 1999); (Mazziotta, Toga et al. 2001); (Mazziotta, Toga et al. 2001); (Toga 

and Thompson 2001); (Thompson and Toga 2002); (Essen and C. 2002) (Thompson and Toga 2002; 

Toga and Thompson 2007); (Essen and David 2005); (Seghers, D’Agostino et al. 2004); (Grabner, 

Janke et al. 2006)); and (3) to function as a reference for a particular population group in order to 

study intra- and inter-group variability or growth (Thompson and Toga 2002; Gerig, Davis et al. 

2006). 

Recently, a number of algorithms have been published for constructing population-specific 

templates. The first approaches to building average templates were based on manual linear 

coregistration of individual scans into some kind of normalized reference space (e.g., (Evans, 

Collins et al. 1993), a process later improved by using automatic tools (Collins, Neelin et al. 1994) 
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to register individual scans into the common space (Janke, Evans et al. 2006). Unfortunately, the 

variability of human brain anatomy leads to a limited resemblance between the average template and 

the real scans of individual subjects. Moreover, templates produced by linear registration were not 

very suitable for the automatic segmentation of brain substructures by deformable template 

algorithms (Carmichael, Aizenstein et al. 2005). As described above, several methods were 

developed to produce a template more representative of the anatomy (Guimond, Meunier et al. 

1998); (Guimond, Meunier et al. 2000); (Guimond, Roche et al. 2001); (Mazziotta, Toga et al. 

2001); (Bhatia, Hajnal et al. 2004); (Joshi, Davis et al. 2004); (Lorenzen, Davis et al. 2005), 

(Mazziotta, Toga et al. 2001); (Essen and C. 2002); (Wang, Seghers et al. 2005). Generally, these 

methods may be classified into two types: (1) feature-matching algorithms that rely on matching 

homologous features of the individual scans and (2) intensity-matching algorithms that use some 

generic cost function. The procedure described here belongs to the second type. 

All templates described below use the original ICBM152 (linear average) template as the initial 

reference target template volume for linear registration and intensity normalization. Our method is 

iterative, requiring N (2*N for the symmetric template) nonlinear registrations to be performed at 

each iteration step, where N is the number of subjects. We empirically show that the method 

converges to a stable solution after 20 iterations, thus requiring a total of 20*N nonlinear 

registrations to be performed (40*N for the symmetric template).  

Nonlinear average 

The work described here depends on the nonlinear registration engine of Automatic Nonlinear 

Image Matching and Anatomical Labeling (ANIMAL) (Collins et al., 1995).  While other non-linear 

registration techniques could have been chosen (Ardekani, Guckemus et al. 2005) , (Avants, 

Grossman et al. 2006), (Lorenzen and Joshi 2003), , we selected ANIMAL because we have 
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extensive experience with the procedure and a recent study (Guizzard, Fonov et al. 2009) has shown 

that when used with appropriate parameters, the results of the ANIMAL inter-subject registration 

procedure are comparable to ART (Ardekani, Guckemus et al. 2005) and SyN (Avants, Epstein et al. 

2008), the two top ranked registration procedures in the recent nonlinear registration evaluation 

paper of Klein et al (Klein, Andersson et al. 2009).   While in theory the linear elastic regularization 

used in ANIMAL does not guarantee the recovered transformation to be diffeomorphic, the set of 

registration parameters used here constrains the transformation to be smooth, bijective and 

invertible; characteristics needed for the atlas building procedure described below. 

 

To estimate the required nonlinear transformation between a source and a target volume, the 

ANIMAL algorithm attempts to match hierarchically image gray-level intensity features in local 

neighborhoods arranged on a 3D grid by maximizing the cross-correlation of intensities between the 

source and target images. First, the deformations required to match blurred versions of the source 

and target data are estimated, producing a dense 3D deformation field, where a displacement vector 

is stored at each node of the field that best matches the local neighborhoods. Then, this deformation 

field is upsampled and used as input to the next iteration of the procedure, where the blurring is 

reduced and the estimation of the deformation field is refined. In this manner, large smooth 

deformations are recovered first, and finer, more local, deformations are recovered last. The 

schedule of grid step size, blurring, neighborhood size, and iterations is given in Table 1.   

----- insert Table 1 around here ----- 

Our atlas generation technique is based on the work of (Guimond, Meunier et al. 1998) and 

(Guimond, Roche et al. 2001) and employs the principles of average model construction using 

elastic body deformations from (Miller, Banerjee et al. 1997). We use the minimum deformation 
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template notation from the latter. Essentially, the problem can be formulated as follows: Given a set 

of n 3D MRI volumes (I1 … In), our objective is to find a 3D template Φ, which satisfies two 

constraints simultaneously, one for intensity, and one for the transformation.  The first constraint is 

to minimize the mean squared intensity difference between the template Φ and each subject Ii, 

transformed to match the template: 

 



*  argmin


 v  Ii i, v   
2

dv
volume


i1

n










,  (1) 

where v is a volume coordinate, Ψi,Φ are the individual 3D mappings from the template Φ to each 

subject volume Ii,  



 v  is the template intensity at location v, and 



Ii i, v   is the intensity in the 

subject’s MRI after transformation by Ψi,Φ,.  The transformation Ψ is constrained using simple elastic 

body model, such that for each subject i: 

 



i,  argmin


 v  Ii  v   
2

dv
volume

   (2) 

The second constraint is to minimize the magnitude of all deformations Ψi,Φ  required to map the 

template Φ to each subject i:  

 



*  argmin


i, v  v
2

volume

 dv
i1

n










, (3) 

In short, we are simultaneously minimizing eq. 1 and 3;  equation 2 is minimized for each subject-

template pair. 

The transformation Ψi,T is represented with a dense deformation vector field h, such that 



 x  x  h(x)  and 



1 x  x  h1(x) where h(x) may be defined on a discrete grid with a given 

distance (step size) between nodes, as in the ANIMAL algorithm (see Fig. 1). Following this 
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formalism, we have developed an iterative algorithm minimizing the mean square differences in 

equations 1 and 3. Each iteration of the algorithm interleaves minimization of both objective 

functions, first the mean square difference in terms of deformations (eq. 3) and second, the mean 

square difference in terms of intensity (eq. 1).  To denote the mapping of each subject found at each 

consecutive step of the algorithm we use Xi,k , and the current approximation of the template Tk. 

when the algorithm converges Xi,k → Ψi,Φ,,Tk→Φ
*
 producing the minimum deformation template Φ

*
 

and mapping Ψi,Φ. , from template to each subject. The algorithm is as follows: 

1. Given Tk (the approximation template Φ
*
 at iteration k), for each scan Ii, calculate 

Xi,k (mappings from template to an individual scan i, on the iteration k), using the 

Y
-1

i,k-1 (inverse corrected mappings of the scan i, iteration k-1) as a starting point. 

The identity transform for the first iteration and the linear ICBM152 average was 

used as T0. 

2. Calculate the residual error based on the average deformation X0,k of the current 

template Tk :  

  nxhxX
n

ik ,0            (4) 

3. Calculate corrected inverse mappings: 



Yi,k  Xi,k
1  X0,k , where ‘’ indicates 

composition of transformations. This step corresponds to the function 

minimization of eq. 3 (i.e, deformation related), note that Yi,k is defined in the 

space of each subject, and must be numerically inverted for use, hence the name 

inverse mapping. 

4. Apply corrected inverse mappings to individual subjects and generate an average 

that will be used as a new template, thus minimizing eq. 1 (i.e., intensity related):  

     



Tk1 x  I Yi,k x  
n

 n .         (5) 
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5. Repeat from step 1 until convergence is reached. 

 

In nonlinear registration, the process is repeated with diminishing step sizes in a hierarchical 

fashion. For the convergence condition, the root mean square (RMS) magnitude of the average 

residual deformation vector field generated in step 2 is computed, and the process is stopped once 

the difference between two subsequent steps falls below a certain threshold.  In general, directly 

averaging deformation fields is not guaranteed to produce a diffeomorphic transformation.  Some 

authors have suggested using a Log-Euclidean setting (Arsigny, Commowick et al. 2006), however 

we do not use such a scheme.  Our algorithm is similar to a numerical estimation technique, where 

the goal is to use a computationally simpler method that yields progressively smaller errors as the 

method converges. As such, the potential error incurred in this step becomes insignificant as the 

method converges.  Our experiments showed that performing four iterations for a given step size 

was sufficient to achieve convergence at the given level of detail, down to a 2 mm step size. In 

contrast to the previously published method (Guimond, Meunier et al. 1998; Guimond, Roche et al. 

2001), we always use the coordinate system of the current template to calculate nonlinear 

deformation fields Xi , thus ensuring that individual deformation vectors defined at each location 

have a common origin between different subjects. Moreover, information from the previous iteration 

is used to initialize the nonlinear registration at the next iteration, which is particularly important in 

terms of speed for the convergence of the iterative process.  

 

----- insert Figure 1 around here ----- 
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Symmetric model  

As human brains have a certain degree of asymmetry (Toga and Thompson 2003), the average 

template is expected to be asymmetric to reflect the average inequalities between the left and right 

hemispheres. However, in some studies, it may be desirable to treat both hemispheres equally. For 

example, when estimating left–right differences in a population, it is preferable not to use an 

asymmetric template, since it is difficult, if not impossible, to disambiguate the template’s 

asymmetry from the population results.  For example, detection of local volume differences with 

respect to the template should be equally sensitive on both sides of the brain.   

To build a symmetric template, we introduce a transformation F that flips (or mirrors) a scan I in 

the x direction, around the midline. The flipped scan is denoted as F(I). Also we denote the 

transformation that maps the template Φ to the flipped scan as f . From a mathematical point of 

view, we would like Φ to have the following property: for each scan I, and corresponding template 

mapping Ψ:  



(I)  F  f F 1(I)                  (6) 

i.e., registering the flipped image and then flipping the result should be the same as registering the 

unflipped image.  (Note that the flipping operator has the property that F = F
-1

.) 

To achieve this, we have added another step into the non-linear registration portion of the 

iterative algorithm described above. If the registration procedure was perfect, we would only need to 

complete one registration, and then flip the result to build the symmetric model.  However, to 

address inperfections in the ANIMAL registration procedure, we perform two non-linear 

registrations for each subject: one with the original image and with the flipped image. We don’t treat 
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the two registrations independently; instead we ensure that non-linear mappings calculated for the 

pair satisfy eq. 6: 

1. Given Tk (the approximation of template Φ
*
 at iteration k), for each scan Ii, 

calculate 



X i,k  (mappings from template to an individual scan i, on the iteration k), 

using the 



Yi,k1
1  (inverse corrected mappings from step 3 above) from the previous 

iteration as a starting point (identity is used for the first iteration). Calculate a 

mapping between the template Tk and the flipped version of the scan F(Ii): 



X i,k
f , 

using the flipped version of 



Yi,k1
1 as a starting point. Then, calculate the average 

between 



X i,k  and 



F  Xi,k

f  F 1, producing 



X i,k

'  and 



Xi,k

' f  F  Xi,k

'  F 1 . From 

this point, transformations 



X i,k
'

 and 



X i,k
' f  are treated independently, and the rest of 

the algorithm continues, averaging transformations as if twice as many subjects 

were used.   

2. The new template calculated at the end of the iteration is replaced with 

  11

'

1 ,   kkk TFTaverageT  

The resulting averages are always symmetric by this construction.  

 

The final 2 mm symmetric and asymmetric templates for the entire NIHPD group were used as a 

starting point to generate the corresponding templates for the remaining age sub-ranges using the 

procedures described above.  
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Subjects 

 

----- insert Figure 2 around here ----- 

 

NIH pediatric database  

 In the course of the NIH-funded MRI Study of Normal Brain Development (see (Evans 2006) 

for a description of the study and details of the MRI acquisition), MRI data was collected from 433 

children aged 4.6–18.5 years (see Fig. 2 for a histogram of age distribution). In the project, T1w, 

T2w, and PDw data were obtained from six sites across the United States. The T1w data were 

acquired on either Siemens or General Electric (GE) 1.5T scanners with a 3D RF-spoiled gradient 

echo acquisition with a repetition time (TR) = 22-25 ms, echo time (TE) = 10-11 ms, flip angle 30, 

refocusing pulse of 180, sagittal acquisition with a field of view (FOV) of 256 mm SI and 204 mm 

anterior-posterior (AP). The slice thickness was 1.0 mm for Siemens and 1.1–1.5 mm for GE. The 

2D T2w/PDw dual contrast fast spin echo sequence was acquired in the axial direction with 

TR = 3500 ms, TE1 = 15-17 ms, TE2 = 115-119 ms, FOV of 256 mm AP and 224 mm left-right 

(LR) with a 2 mm slice thickness. The ethics committees of the respective scanning sites approved 

the study, and informed consent for all subjects was obtained from the children’s parents or children 

of adult age (subjects older then 18 years). Although the MRI data contained both primary and 

fallback acquisitions, we used only the primary acquisition data because of its higher resolution and 

contrast. Quality control of the data was applied to eliminate scans that did not adhere to protocol or 

that suffered from severe motion artifacts. In the end, data from 324 subjects passed quality control 

and were used in the processing described below. 
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 All NIHPD subjects were divided into the following age groups: (a) 4.5–18.5 years (all 324 

subjects); (b) 4.5–8.5 years (82 subjects); (c) 7.0–11.0 years (112 subjects); (e) 7.5–13.5 years (162 

subjects); (f) 10.0–14.0 years (105 subjects); (g) 13.0–18.5 years (108 subjects). These specific age 

group atlases were selected in an attempt to capture potentially critical aspects of brain development 

as they may be related to pubertal status. In our samples, puberty ranges from roughly 9–10 years 

through 16–17 years of age (based on the assessment by (Petersen, Crockett et al. 1988)). Thus, the 

4.5–8.5, 7.0–11.0, 7.5–13.5, 10.0–14.0, and 13.0–18.5 atlases would represent pre-puberty, pre- to 

early puberty, pre- to mid-puberty, early to advanced puberty, and mid-puberty through post-

puberty, respectively. The selection of these ages was reinforced by graphic data presented by 

Waber et al. (2007), which consistently showed changes in the performance trajectories for most 

neuropsychological assessments between the ages of 9–10 years through 14–15 years. This selection 

also ensured each group contains a large number of subjects. Finally, because the age ranges are 

overlapping, the data from some subjects were used to generate several templates.  Note that this 

should not cause any bias, as the templates are to be used independently. 

ICBM database 

Within the ICBM project, MRI data from 152 young normal adults (18–43.5 years; see Fig. 2 for 

a histogram of age distribution) were acquired on a Philips 1.5T Gyroscan (Best, Netherlands) 

scanner at the Montreal Neurological Institute (Mazziotta, Toga et al. 1995). The T1w data were 

acquired with a spoiled gradient echo sequence (sagittal acquisition, 140 contiguous 1-mm thick 

slices, TR = 18 ms, TE = 10 ms, flip angle 30, rectangular FOV of 256 mm SI and 204 mm AP). 

The T2w/PDw data were acquired as a dual contrast fast spin echo sequence acquired in the axial 

direction with TR = 3300 ms, TE1 = 34 ms, TE2 = 120 ms, FOV of 256 mm AP and 224 mm LR, 

with a 2 mm slice thickness. The Ethics Committee of the Montreal Neurological Institute approved 

the study, and informed consent was obtained from all participants. 
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Image processing tools 

The following data preprocessing steps were applied to all MRI scans prior to building the atlas: (1) 

N3 non-uniformity correction (Sled, Zijdenbos et al. 1998); (2) linear normalization of each scan’s 

intensity to be in the same range as the ICBM152 template by a single linear histogram scaling 

(Nyul and Udupa 1999); (3) automatic linear (nine parameters) registration to the ICBM152 

stereotaxic space using mritotal from the MINC mni_autoreg software package (Collins, Neelin 

et al. 1994); and (4) brain mask creation using BET from the FSL package (Smith 2002). Only the 

voxels within the brain volume after linear mapping into stereotaxic space were used for the 

nonlinear registration procedure described below. 

For the actual implementation, we used programs from the MINC image processing framework, 

namely, minctracc for linear and nonlinear registration, xfmavg and xfminvert for 

operations on transformation maps, and mincaverage to calculate intensity averages, all of which 

are publicly available (packages.bic.mni.mcgill.ca). To resample the individual images, we used the 

B-spline algorithm from ITK based on (Thevenaz, Blu et al. 2000) (publicly available from 

www.itk.org). All models were generated on a cluster consisting of 16 dual Pentium-III 1.4 GHz 

machines running Ubuntu Linux 8.04, using Sun Grid Engine 6.1 to distribute computations among 

the machines. The total time required to build an average template for 324 subjects was 90 hours, 

not counting the preprocessing. 

Results 

Algorithm behavior 

Average asymmetric and symmetric templates were generated for all subjects in the NIHPD 

group (4.5–18.5 years). Figure 3 shows qualitatively the progression of the average asymmetric 
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template and its standard deviation map at different iterations for a given step size. In the figure, the 

anatomical detail, in particular near the cortex, becomes increasingly better defined and the voxel-

wise intensity variability is reduced with successive iterations.  

 

----- insert Figure 3 around here ----- 

 

 

To quantitatively track the convergence of the model, Fig. 4 shows the voxel-wise RMS 

magnitude of the residual error at each iteration for the asymmetric (black squares) and symmetric 

(red circles) fitting processes for all NIHPD subjects (4.5–18.5 years). Both curves show similar 

behavior with respect to the step size and number of iterations, although the displacements are 

understandably slightly larger for the symmetric model. Another measure of the goodness of fit is 

the change in the voxel-wise intensity standard deviation, calculated during the averaging of 324 

individual warped scans (see Fig. 5). Note how the values of the residual error decrease for a given 

scale value and then increase at the next scale, before decreasing once again.  These jumps are due 

to the decreases in scale (finer resolution), where more differences are recovered between subjects. 

If all scans are perfectly normalized, this graph should asymptotically reach the noise level of the 

acquisitions. The behavior is similar for the creation of the symmetric and asymmetric templates. 

 

----- insert Figures 4 & 5 around here ----- 
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Average anatomy templates 

The algorithm was applied to each of the age subgroups of the NIHPD and to the subjects in the 

ICBM database. Figure 6 shows the final average asymmetric T1w templates for the six NIHPD age 

ranges and the ICBM young adult population: In each case, the templates provide significant 

anatomical detail in the central region, cerebellum, brainstem, and cortex, even though a large 

number of subjects were averaged for each template (e.g., 82 [4.5–8.5 years], 112 [7–11 years], and 

152 subjects for the ICBM young adult average). See the T1w pediatric templates in Fig. 7 for better 

detail.  

 

----- insert Figures 6,7,8 around here ----- 

 

 

For each age-range dataset from the NIHPD and for the subjects in the ICBM database, 

templates of T2w and PDw modalities were generated (see Fig. 8). In addition, tissue probability 

maps were created using a genetic tissue classification algorithm on T1w images (Tohka, 

Krestyannikov et al. 2007), followed by a partial volume effect estimation of the tissue probability 

maps using all three modalities (T1w, T2w, PDw) (Tohka, Zijdenbos et al. 2004). For each subject, 

the individual T2w, PDw, and tissue probability maps were warped using the deformation field 

obtained during the creation of the T1w model, and averaged together to create the average T2w, 

PDw (c.f. Fig. 8), GM, WM, and CSF tissue probability maps, respectively. Figure 9 shows the 

tissue probability maps for the full age range of the NIHPD and for all subjects in the ICBM 

database. Figure 10 shows the detailed GM, WM, and CSF templates for the six age-specific 

NIHPD pediatric templates and the ICBM young adult template. Figure 11 identifies some 
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anatomical differences between the NIHPD 4.5-08.5 and ICBM 18.5-43.5 templates. The tissue 

probability maps, brain masks, and the average T1w, T2w, and PDw templates are publicly 

available in both MINC and NIFTI formats (http://www.bic.mni.mcgill.ca/ServicesAtlases/NIHPD-

obj1). 

 

----- insert Figures 9,10, 11 & 12 around here ----- 

 

 Subtle morphological differences between each of these templates (Figs. 6–11) correspond to the 

maturation of the cerebral anatomy. For example, with all templates normalized to the same overall 

brain size, with age the corpus callosum thins, flattens slightly and lengthens slightly in the AP 

direction (Figs 11 & 12). In addition, the lateral ventricles increase in size and the sulcal spaces 

widen in adulthood. In the frontal lobe, the ratio of WM to GM appears to increase with age. 

Further, the basal ganglia and thalamus appear wider and longer with increasing age, the pons 

enlarges with age and the posterior part of the brain (cerebellum and occipital pole) appears to shift 

in the superior direction, with the cerebellum widening with age (See Fig 12). 

Deformation-based morphometry example study 

As an example of the potential effect the choice of template can have on analysis, a DBM study 

of the youngest subjects from the NIHPD was completed using four different target templates: the 

07.0–11.0 years, the 10.0–14.0 years, and the 13.0–18.5 years NIHPD atlas templates as well as the 

ICBM young adult atlas template. The test set included subjects in the age range of 4.5–6.9 years 

that passed MRI quality control with the primary acquisition sequence and thus were comparable to 

the atlas templates (n = 66 subjects). The objective here was not to complete a full DBM study, but 

rather to quantify the differences (or potential bias) that choice of template might have on eventual 

http://www.bic.mni.mcgill.ca/ServicesAtlases/NIHPD-obj1
http://www.bic.mni.mcgill.ca/ServicesAtlases/NIHPD-obj1
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analysis. The templates are compared in a pair-wise fashion such that one template (07.0–11.0 

years) is close to the appropriate age of the subjects and the second template is selected from the 

remaining three that are further away in age. These results clearly show that the bias (or difference) 

between templates increases as the difference in average age between templates is increased. 

Each of the T1w MRI volumes in the test set was processed four times according to the standard 

data preprocessing steps (as described above), each time using one of the four aforementioned 

templates. After preprocessing, the nonlinear registration algorithm ANIMAL was used to estimate 

the mapping between each template and the preprocessed, brain-masked, linearly transformed data 

for each of the test subjects. This procedure yielded 66 x 4 deformation fields. 

The Jacobian determinant J was estimated for each node in each deformation field.  The log 

Jacobian was computed, producing four fields of the local volume difference, logJNIHPD-07.0-11.0, 

logJNIHPD-10.0-14.0, logJNIHPD-13.0-18.5, and logJICBM, for each subject of the test set. As the log Jacobian 

maps are defined in the space of the templates, for comparison, they need to be transformed into a 

common space. All NIHPD log Jacobian maps were transformed through the nonlinear deformation, 

by which each NIHPD template was mapped to the space of the ICBM template for analysis. A 

voxel-wise, pair-wise Student’s t-test was then performed on the absolute difference from 1.0 

between the resampled logJNIHPD-07.0-11.0 and the logJNIHPD-10.0-14.0, logJNIHPD-13.0-18.5 and the logJICBM 

templates. To account for the multiple-comparisons we have used False Discovery Rate (FDR) of 

5% to calculate threshold for statistically significant result (Genovese, Lazar et al. 2002). 

 

----- insert Figure 13 around here ----- 
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Since the test subjects are not draw from the same age range as the target templates, the average 

log Jacobian map is not expected to be null.  This is indeed the case, and for each template, the 

average magnitude of the deformation bias increases with age.  The results of the Student’s t-test 

shown in Fig. 13 demonstrate regions where this bias is significantly (corrected for multiple 

comparisons, FDR=5%) different between pairs of templates.  When the age difference between 

templates is small, for example when logJNIHPD-07.0-11.0 and logJNIHPD-10.0-14.0 are compared, the 

potentially biased regions are quite small and focused near the center of the brain.  However, as the 

age between the templates increases, the size of the significantly different regions increases as well.  

When an adult template is used to analyze a pediatric dataset in the 4.5-6.9y range, there is a 

systematic bias in the estimation of tissue growth or shrinkage in the central regions of the brain, 

particularly around the ventricles. This result is not surprising, given the different appearance of the 

ventricles and the corpus callosum in these templates (see Fig. 6, Fig 11).  

Discussion 

On the method 

We have developed and characterized a method of creating unbiased symmetric and asymmetric 

templates of MRI data from large ensembles of subjects. Our method uses iterative refinement with 

successively finer scales of nonlinear registration to yield templates with a high degree of 

anatomical detail, even at the cortex. For this paper, we created unbiased symmetric and asymmetric 

templates of pediatric data for six (overlapping) age ranges, using MRI data available to qualified 

researchers from the NIH MRI Study of Normal Brain Development. For comparison, we built a 

young adult template from MRI data from 152 young adults who had participated in the ICBM 

project (Mazziotta, Toga et al. 1995). In each case, the templates include nonlinear averages of T1w, 

T2w, and PDw images, average brain masks, and average GM, WM, and CSF maps. These atlases 
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are publicly available from http://www.bic.mni.mcgill.ca/ServicesAtlases, where they can be viewed 

and downloaded. 

Results of the iterative averaging procedure demonstrate that it is possible to generate average 

maps of anatomy from large numbers of subjects and retain detail not only for the central region of 

the brain, but also at the cortex (see Figs. 6–10). Figures 3–5 show that the iterative process behaves 

well and converges with a small number of iterations.  

On the atlases 

The templates were created for specific age ranges of subjects, selected from a epidemiological 

sample of normal healthy children 4.5-18.5 years old, that are representative of the U.S. population 

and have been carefully screened for medical and psychiatric factors and have been characterized 

using a series of standardized rating scales, cognitive tests and interviews.   The use of such a cohort 

makes these templates practically useful for both clinical and more basic research in pediatric 

studies. 

The generated symmetric and asymmetric templates should enable better unbiased analyses of 

pediatric data, with each type of template appropriate for certain types of analysis. For example, a 

symmetric template is better suited to analyze left–right differences in a particular population, 

whereas the asymmetric templates should be used as registration targets for all other studies where 

left–right comparison is not the major goal.   In addition, one only has to manually segment one side 

of the brain when building a symmetric segmentation atlas. 

 

Not surprisingly, our DBM study demonstrated that different templates give rise to different 

results; therefore, using an adult template for pediatric data will yield different results than an age-
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appropriate template. Furthermore, comparisons between templates showed that this variation 

increases as the average age between templates increases. Experiments with the test set 

demonstrated that using an atlas close to the appropriate age yields fewer regions of potential bias 

than using an adult atlas. Indeed, Fig. 13 shows large regions where the deformation field is 

different from 1.0, indicating regions where the atlas is, on average, either larger or smaller than the 

corresponding regions of the internal test subjects. Since the experiments presented here only show 

that a difference exists, it is not possible to judge which template is preferable; selection of the best 

template will be task-specific. However, one might assume that a more accurate template (in terms 

of average morphometry) is better. 

Comparison to other atlas building strategies 

Our atlas-building strategy bears some similarities to previous iterative methods (Guimond, 

Meunier et al. 1998) (Guimond, Meunier et al. 2000); (Guimond, Meunier et al. 2000); (Joshi, Davis 

et al. 2004); (Bhatia, Aljabar et al. 2007), but with some important differences: For example, in 

Guimond et al. (Guimond, Meunier et al. 1998; Guimond, Meunier et al. 2000), the subject was 

registered to a template, and the deformations were averaged, inverted, and then applied to the 

average resampled data to remove bias. Here, we compute the deformations from the template to 

each subject, after linear registration in stereotaxic space, to allow estimation of the nonlinear 

deformation in the template space and justify vector averaging. Grabner et al. (Grabner, Janke et al. 

2006) extended the work of Guimond et al. to include steps to build a symmetric template similar to 

those we use here. However, in contrast to both Guimond and Grabner, who used tri-linear 

interpolation to resample the MRI data, we use spline interpolation to yield slightly better results 

(Thévenaz, Blu et al. 2000). Guimond and Grabner also start from scratch at each iteration; that is, at 

iteration n, they recompute the registration steps 0, 1…n, where iteration 0 is a linear transformation 

to the target, whereas we use the transformation computed at iteration n-1 as the starting point for 



Fonov et al.  Age Appropriate Atlases 26 

iteration n, which helps maintain the stability of the process. Moreover, unlike Joshi et al. (Joshi, 

Davis et al. 2004), who used a large deformation diffeomorphic fluid approach that integrates 

streamlines (i.e., velocity field integration) into the deformation averaging approach, our work (and 

that of Guimond and Grabner) uses a linear elastic model, enabling a simpler averaging of vectors to 

estimate the mean deformation field. Finally, Bhatia et al. (Bhatia, Aljabar et al. 2007) alternated 

group-wise combined segmentation and B-spline registration of the tissue classes in a global 

optimization procedure to form the templates. By contrast, our technique fits T1 intensities directly 

using a local optimization registration procedure.  

Whereas we average data from all subjects within a group, the Template-O-Matic method 

(Wilke (Wilke, Holland et al. 2008) uses statistical analysis to compute weights of affine-registered 

GM and WM maps from each subject to generate customized tissue map templates that match a 

particular pediatric population under study. This differs from our method, where (1) age ranges are 

predefined according to hypotheses regarding aspects of brain development and (2) nonlinear 

iterative registration is used to align all datasets. The latter results in the much clearer and sharper 

average tissue templates seen in Fig. 9, compared to Fig. 3 of Wilke (Wilke, Holland et al. 2008). 

Still, the statistical subject-weighting scheme deserves further investigation to determine, for 

instance, if it can be combined with a nonlinear registration scheme similar to that described here.  

A number of factors complicate the direct comparison of our template results with those 

published previously, including differences between the MRI data quality and number of subjects 

used to build the templates, the particular population studied, alignment method, registration 

strategy, scale of the deformation, and different metrics reported. With these caveats in mind, we 

compare our template results with those in the literature: Shan et al. (Shan, Parra et al. 2006) created 

an atlas from the anatomy of a single 9-year-old subject. The atlases of Jelacic et al. (Jelacic, de 

Regt et al. 2006) allow the comparison of the anatomy of a given subject with those of other 



Fonov et al.  Age Appropriate Atlases 27 

subjects, manually selected from a small group of standard normal scans. Kochunov et al. 

(Kochunov, Lancaster et al. 2001), Park et al.(Park, Bland et al. 2005), and Wu et al. (Wu, Rosano et 

al. 2007) all described methods to select the best template from a collection of potential MRI scans. 

As a justification for using a single subject atlas, they cited the blurred appearance of older average 

templates such as the MNI305 or ICBM152, which were created using only linear transformations. 

However, while a single subject template may be a good match globally for a specific subject under 

study, it is still possible that some local region of the template might represent an extreme of the 

normal distribution, which could potentially result in a biased analysis. Furthermore, when studying 

groups of subjects, it is necessary to align all subjects into a common coordinate space. With the 

best template strategy, this is impossible because there is a different best template for every subject 

being studied. By contrast, the atlases presented here represent the average anatomy of large groups 

of subjects; thus, they are less biased than atlases created from single subjects. In addition, the same 

template can be used as a common registration target for studies involving multiple subjects. 

Finally, the iterative nonlinear registration strategy used here results in templates with high 

anatomical detail throughout the brain, thus obviating the need to justify the use of a single subject 

atlas for registration. 

As far as multi-subject atlases, Joshi et al. (Joshi, Davis et al. 2004), Kazemi et al. (Kazemi, 

Moghaddam et al. 2007), and Bhatia et al. (Bhatia, Aljabar et al. 2007) created atlases from eight, 

seven, and 22 subjects, respectively. Though an improvement on single subject templates, these 

atlases used substantially fewer subjects than those described here. Finally, these dedicated atlases 

represent the anatomy from a small, limited age range, whereas our atlases span ages from 4.5 to 

43.5 years. Qualitatively, the atlas presented in Fig. 4 of Joshi et al. (Joshi, Davis et al. 2004) and 

that presented in Figs. 1 and 2 of Bhatia et al. (Bhatia, Aljabar et al. 2007) appear to have slightly 
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less detail in the cortex than the atlases presented here, perhaps due to the larger number and the 

(older) ages of subjects used to create our templates. 

In conclusion, we have presented a method for unbiased atlas generation from large ensembles 

of MRI data. We have demonstrated that the iterative method converges and the resulting atlas 

templates maintain high anatomical detail throughout the brain. These publicly available templates 

are derived from a truly normal, well characterized population and should facilitate spatial 

normalization and image analysis for better understanding of pediatric populations.  
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Appendix A: Brain Development Cooperative Group 

The MRI Study of Normal Brain Development is a cooperative study performed by six pediatric 

study centers in collaboration with a Data Coordinating Center (DCC), a Clinical Coordinating 
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Figure Titles: 

Figure 1: Schematic representation of the model building algorithm: dotted lines represent mapping 

of a voxel in the initial model (Model 0) to each subject, solid lines represent mapping of individual 

subjects into the next model (Model 1), dashed lines represent the voxel-wise residual error of the 

models at each iteration.   

 

Figure 2: NIHPD 04.5-18.5 age distribution (left) of the 324 subjects that passed QC and were 

included in template generation; ICBM 152 age distribution (right). 

 

Figure 3: Average asymmetric template (04.5-18.5 y.o.) generated at each level of fitting.  The grey 

scale images show the intensity average anatomy, while the rainbow colour scale shows the  

intensity standard deviation for selected iterations in the hierarchical fitting process. One can see 

that as fitting progresses, anatomical features become less blurred and the intensity variability is 

reduced.  The intensity range of the average data sets runs from 0 to 100. 

 

Figure 4: RMS magnitude of the residual error vector field for each iteration (i.e., the bias in the 

average deformation for the current template), x axis shows the step-size in mm. On the top image, 

the symmetric (red circles) and asymmetric (black squares) NIHPD 04.5-18.5 models are compared.  

On the bottom, the different NIHPD age sub-ranges are plotted for the asymmetric atlas creation.  

One can see that at each iteration for each step size, the average RMS residual error magnitude is 

reduced, indicating that the optimization procedure is reaching a minima. 

 

Figure 5: RMS of intensity standard deviation (SD) between individual scans at each iteration for 

the creation of the NIHPD-4.5-18.5 yo atlas, x axis shows the step-size in mm. As the procedure 

advances, the RMS intensity SD between iterations decreases progressively for creation of both 

symmetric (red circles) and asymmetric (black squares) models. 
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Figure 6: NIHPD asymmetric templates (first six columns) + ICBM asymmetric template (rightmost 

column) for the T1w modality. 

 

Figure 7: Close up of the T1w, T2w and PDw (from top to bottom) atlas data to show cortical detail. 

 

Figure 8: NIHPD 04.5-18.5 template (left) and ICBM 18.5-43.0 template (right), showing the T1w, 

T2w and PDw average templates for each group. 

 

Figure 9: Comparison of probabilistic atlas of the brain tissue types (GM, WM, CSF) for the 

NIHPD04.5-18.5 atlas (leftmost 3 columns) and the ICBM18.5-43.5 atlas (rightmost 3 columns). 

The brightest voxels indicate high probability of that tissue class. Note that the skin and skull 

outlines are overlaid on each subimage to facilitate comparisons.  

 

Figure 10: NIHPD templates (leftmost 6 columns) + ICBM template (rightmost column) of the 

combined tissue class atlas with red representing gray matter; green, white matter and blue color, 

CSF. 

 

Figure 11: Comparison between NIHPD 04.5-08.5 template (red) and ICBM 18.5-43.5 template 

(green), overlapping regions in yellow.   The following anatomical differences are highlighted:  1) 

thicker insular cortex in pediatric atlas, 2) more posterior occipital pole in pediatric atlas, 3) different 

shape and GM/WM ratio in cerebellum, 4) more anterior temporal pole in pediatric atlas, 5) slightly 

different hippocampal shape, 6) flatter, thinner, longer corpus callosum in adult atlas, 7) thicker GM 

in pediatric atlas. 
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Figure 12: Comparison between NIHPD 4.5-8.5 and ICBM 18.5-43.5 templates. When compared to 

the the ICBM atlas, the NIHPD4.5-8.5 atlas has thinner skull and scalp, narrower cortical suci (A = 

Post Central Sulcus, B = Parieto-Occipital Sulcus, C = Calcarine Fissure), decreased separation of 

the cerebellar folia (D), thinner corpus callosum (E), smaller lateral ventricles (F), and thicker cortex 

overall, Internal architecture of the thalamus has a slightly different shape (G), Different shape of 

the pituitary gland (H), and the presence of the spheno-occipital synchondrosis (I), smaller pons (J). 

Figure 13: Regions of potential bias when using different atlases. Map of statistically significant 

differences in log Jacobians when mapping the NIHPD 4.5-6.9 age group to the NIHPD 07.0-11.0 

(baseline for comparison) and the NIHPD10.0-14.0 (top row), NIHPD13.0-18.5 (middle row) and 

ICBM18.5-45.0 (bottom row) templates, all presented in the space of the ICBM18.5-45.0 template. 

Red color indicates regions where the selected templates produces significantly (5% False 

Discovery Rate (Genovese, Lazar et al. 2002))  bigger log Jacobian determinant (i.e., a significant 

difference in local volume) compared to the NIHPD 07.0-11.0 template, and blue color indicates 

where the selected template yields a statistically significant smaller Jacobian determinant. One can 

see that the red regions are much larger than the blue regions, indicating potential bias non-age 

appropriate template for analysis of pediatric data in the 4.5-6.9y range 

Table Titles: 

Table 1: Nonlinear registration parameters. Step size is defined as the distance between control 

nodes for the free-form deformation recovered by ANIMAL.  The blurring kernel is the size of the 

full-width-half-maximum of the Gaussian kernel used to blur the source and target data.  The 

neighbourhood size is the diameter of the local neighbourhood used to estimate the local correlation 

that defined local similarity
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Figure 1: Schematic representation of the model building algorithm: dotted lines represent mapping 

of a voxel in the initial model (Model 0) to each subject, solid lines represent mapping of individual 

subjects into the next model (Model 1), dashed lines represent the voxel-wise residual error of the 

models at each iteration.   
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Figure 2: NIHPD 04.5-18.5 age distribution (left) of the 324 subjects that passed QC and 

were included in template generation; ICBM 152 age distribution (right). 
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Figure 3: Average asymmetric template (04.5-18.5 y.o.) generated at each level of fitting.  The grey 

scale images show the intensity average anatomy, while the rainbow colour scale shows the  

intensity standard deviation for selected iterations in the hierarchical fitting process. One can see 

that as fitting progresses, anatomical features become less blurred and the intensity variability is 

reduced.  The intensity range of the average data sets runs from 0 to 100. 
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Figure 4: RMS magnitude of the residual error vector field for each iteration (i.e., the bias in the 

average deformation for the current template), x axis shows the step-size in mm. On the top image, 

the symmetric (red circles) and asymmetric (black squares) NIHPD 04.5-18.5 models are compared.  

On the bottom, the different NIHPD age sub-ranges are plotted for the asymmetric atlas creation.  

One can see that at each iteration for each step size, the average RMS residual error magnitude is 

reduced, indicating that the optimization procedure is reaching a minima. 
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Figure 5: RMS of intensity standard deviation (SD) between individual scans at each iteration for 

the creation of the NIHPD-4.5-18.5 yo atlas, x axis shows the step-size in mm. As the procedure 

advances, the RMS intensity SD between iterations decreases progressively for creation of both 

symmetric (red circles) and asymmetric (black squares) models.
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Figure 6: NIHPD asymmetric templates (first six columns) + ICBM asymmetric template (rightmost 

column) for the T1w modality. 
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Figure 7: Close up of the T1w pediatric atlas data to show cortical detail. 

 
Figure 8: NIHPD 04.5-18.5 template (left) and ICBM 18.5-43.0 template (right), showing the T1w, 

T2w and PDw average templates for each group. 
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Figure 9: Comparison of probabilistic atlas of the brain tissue types (GM, WM, CSF) for the 

NIHPD04.5-18.5 atlas (leftmost 3 columns) and the ICBM18.5-43.0 atlas (rightmost 3 columns). 

The brightest voxels indicate high probability of that tissue class. Note that the skin and skull 

outlines are overlaid on each subimage to facilitate comparisons.  
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Figure 10: NIHPD templates (leftmost 6 columns) + ICBM template (rightmost column) of the 

combined tissue class atlas with with red representing gray matter; green, white matter and blue 

color,CSF. 

 

 

 
Figure 11: Comparison between NIHPD 04.5-08.5 template (red) and ICBM 18.5-43.5 template 

(green), overlapping regions in yellow.   The following anatomical differences are highlighted:  1) 

thicker insular cortex, 2) more posterior occipital pole in pediatric atlas, 3) different shape and 

GM/WM ratio in cerebellum, 4) more anterior temporal pole in pediatric atlas, 5) slightly different 

hippocampal shape, 6) flatter, thinner, longer corpus callosum in adult atlas, 7) thicker GM in 

pediatric atlas. 
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Figure 12: Comparison between NIHPD 4.5-8.5 and ICBM 18.5-43.5 templates. When compared to 

the the ICBM atlas, the NIHPD 4.5-8.5 atlas has thinner skull and scalp, narrower cortical suci (A = 

Post Central Sulcus, B = Parieto-Occipital Sulcus, C = Calcarine Fissure), decreased separation of 

the cerebellar folia (D), thinner corpus callosum (E), smaller lateral ventricles (F), and thicker cortex 

overall, Internal architecture of the thalamus has a slightly different shape (G), Different shape of 

the pituitary gland (H), and the presence of the spheno-occipital synchondrosis (I), smaller pons (J). 
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Figure 13: Regions of potential bias when using different atlases. Map of statistically significant 

differences in log Jacobians when mapping the NIHPD 4.5-6.9 age group to the NIHPD 07.0-11.0 

(baseline for comparison) and the NIHPD10.0-14.0 (top row), NIHPD13.0-18.5 (middle row) and 

ICBM18.5-45.0 (bottom row) templates, all presented in the space of the ICBM18.5-45.0 template. 

Red color indicates regions where the selected templates produces significantly (5% False 

Discovery Rate (Genovese, Lazar et al. 2002))  bigger log Jacobian determinant (i.e., a significant 

difference in local volume) compared to the NIHPD 07.0-11.0 template, and blue color indicates 

where the selected template yields a statistically significant smaller Jacobian determinant. One can 

see that the red regions are much larger than the blue regions, indicating potential bias non-age 

appropriate template for analysis of pediatric data in the 4.5-6.9y range 
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