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Figure 17.1: Elements of a disease-specific atlas. This schematic shows the types of maps

and models contained in a disease-specific brain atlas. This atlas [32–35] represents an

Alzheimer’s disease population. To construct the atlas, databases of structural imaging data

are used to develop detailed models of cortical structure and anatomic subsystems. These

models are statistically combined to create group average models that can be compared

with a normal database. Patterns of variability, asymmetry, and disease-specific differences

are also computed from the anatomic data. Specialized techniques create a well-resolved

average image template for the patient population (Continuum-Mechanical Atlas, center

right). This template provides a coordinate framework to link in vivo metabolic and func-

tional data with fine-scale anatomy and biochemistry [24]. (For a color version of this Figure

see Plate 26 in the color section of this book.)
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17.1.6 Disease-specific atlases

Once built, population-based atlases can be stratified into subpopulations to re-
flect the unique anatomy and physiology of a specific group. Atlases are being
built to represent populations with Alzheimer’s disease (Fig. 17.1; [33,35,38]) and
schizophrenia [36,47,48]. Because of disease-induced changes in morphology, the
anatomy of these populations is not well accommodated by existing atlases. In
dementia studies, for example, registration algorithms can align post mortem and
in vivo data, to correlate the structural, metabolic, molecular, and histologic hall-
marks of the disease [24]. The resulting atlases link disease-specific features with
demographic factors such as age, gender, handedness, as well as specific clinical or
genetic parameters [37, 49–52].

17.1.7 Dynamic (4D) brain data

Finally, new brain atlases are being built to incorporate dynamic data. Despite
the significant challenges in expanding the atlas concept to the time dimension,
dynamic brain atlases are beginning to include probabilistic information on growth
rates and changes in tissue distribution to assist research into pediatric disorders
[29,41,42,53,54]. Registration algorithms that deform one anatomy into the shape
of another can also be used to measure dynamic patterns of structural change during
brain development, tumor growth, or degenerative disease processes [32–34, 49,
50].

All these atlases require novel analytical tools to fuse data across subjects,
modalities, and time. Interestingly, once an underlying database of images and
anatomical models is assembled, statistical (e.g., Bayesian) image analysis tools
can be developed to exploit prior empirical data, facilitating each stage of data
analysis [22, 23, 44, 46, 55–57].

17.2 Registration to an atlas

The need to perform brain-to-brain comparisons has made registration algo-
rithms fundamental to brain image analysis. Images from several subjects, for
example, can be analyzed together by first aligning them into a common 3D co-
ordinate space. Motivated by the need to standardize and pool data across subjects
and compare results across laboratories, several registration methods have been de-
veloped to align brain mapping data with an atlas. The simplest registration tech-
niques are linear, removing global differences in brain size. These are covered in
detail in Chapter 8. Nonlinear approaches, however, can eliminate even the most
local size and shape differences that distinguish one brain from another. Transform-
ing individual datasets into the shape of a single reference anatomy, or onto a 3D
digital brain atlas, allows subsequent comparison of brain function across individ-
uals [8,55,56,58]. Interestingly, the transformations required to remove individual
differences in anatomy are themselves a rich source of morphometric data [38], and
can be used by probabilistic algorithms for abnormality detection (Section 17.9).
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17.2.1 The Talairach system

In the earliest brain atlases, spatial normalization systems were proposed to
transform new data to match the space occupied by an atlas. In the Talairach stereo-
taxic system [59], piecewise affine transformations were applied to 12 rectangular
regions of brain, to reposition the subject’s brain in a defined space. Although
it was originally designed to assist with localization in surgical studies, the Ta-
lairach stereotaxic system rapidly became an international reporting standard for
functional activation sites in positron emission tomography (PET) and functional
magnetic resonance imaging (fMRI) studies [60–63].

17.2.2 Digital templates

While stereotaxic methods provide a common coordinate system to pool ac-
tivation data for multisubject comparisons, the accuracy and utility of the under-
lying atlas depends on the anatomical template itself. Unfortunately, the original
Talairach templates were based on inconsistent, orthogonal sections acquired post
mortem from only one 60-year-old female subject. More recently, digital templates
have been created that better reflect the in vivo anatomy of subjects in activation
studies. This work has also spurred the development of algorithms to automatically
align new image data to these templates, rather than relying on the more traditional
selection of anatomical landmarks in each individual subject’s brain. To facilitate
the reporting of brain mapping data in an atlas-based 3D coordinate system, Evans
et al. [64] created a composite MRI dataset from 305 young normal subjects (239
males, 66 females; age: 23.4

�
4.1 years) whose scans were linearly mapped into

stereotaxic space [59]. Aligned scans were intensity normalized and averaged on a
voxel-by-voxel basis (cf. Ashburner et al., [55,56]). Automated methods were sub-
sequently developed to align new MRI and PET data with these digital templates by
optimizing a measure of image similarity, such as 3D cross correlation [14,43,65],
ratio image uniformity [66], squared intensity difference [27, 58, 67], or mutual in-
formation [68]. Alignment transformations defined for MRI could also be applied
to coregistered PET, SPECT, histologic, or anatomical model data, to align them to
an atlas. Registration algorithms have therefore made it feasible to automatically
map data from a variety of brain imaging modalities into an atlas coordinate space
based directly on the Talairach system.

17.3 Deformable brain atlases

17.3.1 Atlas-to-brain transformations

Brain structure varies considerably from one individual to another [69], so a
fixed atlas has obvious limitations. Along with approaches to overlay individual
brain maps onto an atlas, new algorithms were rapidly developed to elastically re-
shape an atlas to match the anatomy of new individuals. The resulting deformable
brain atlases can project detailed atlas data into new scans, including maps of cy-
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toarchitecture, biochemistry, functional, and vascular territories. Their uses in-
clude surgical planning [70, 71], anatomical labeling [72], and shape measure-
ment [12,25,26,73,74]. The shape of the digital atlas is adapted using local warping
transformations (dilations, contractions, and shearing), producing an individualized
brain atlas. These transformations allow any segment of the atlas anatomy, how-
ever small, to grow, shrink, twist, and even rotate, producing a transformation that
encodes local differences in topography from one individual to another. The ability
to automatically map labeled brain atlases onto individual scans has many applica-
tions. Digital anatomic models can be projected into PET data to define regions of
interest for quantitative calculations of regional cerebral blood flow [46, 75]. Brain
structures can also be labeled for hippocampal morphometry in dementia [12], for
analysis of subcortical structure volumes in schizophrenia [72, 74, 76], for estima-
tion of structural variation and pathology detection [14, 25, 26, 43], and for seg-
mentation and classification of multiple sclerosis lesions [17]. In view of its broad
applications, nonlinear registration has a fundamental role in image analysis. When
transferring brain image data between scans and atlas templates, clearly the accu-
racy of the anatomical transformation is paramount. Considerable ingenuity has
therefore gone into designing algorithms that use both anatomic and mathemati-
cal criteria to reconfigure one anatomy onto another. Because of their importance,
these algorithms are reviewed next.

17.4 Warping algorithms

Nonlinear registration approaches are commonly classified into two major types,
intensity-based and model-based, depending on the type of information that drives
them (see Toga, 1998, for a review). Model-driven algorithms first build explicit
geometric models, representing separate, identifiable anatomic elements in each of
the scans to be matched. These anatomical systems typically include functionally
important surfaces [18,19,77–81], curves [73,82,83], and point landmarks [84,85].
Anatomical elements are parameterized and matched with their counterparts in the
target scan, and their correspondences guide the volumetric transformation of one
brain to another. In our own warping algorithms (Section 17.5; [29,80,81]), higher-
level structural information guides the mapping of one brain onto another, and a
hierarchy of curve-to-curve and surface-to-surface mappings is set up, guarantee-
ing the gross anatomical validity of the resulting transform. The algorithms exploit
anatomical information to match cortical regions, so that networks of sulci and gyri
are individually matched. These strategies are discussed in Section 17.7.

17.4.1 Intensity-driven approaches

Model-driven approaches contrast with intensity-driven approaches. Intensity-
driven approaches aim to match regional intensity patterns in each scan based on
mathematical or statistical criteria. Typically, they define a mathematical measure
of intensity similarity between the deforming scan and the target. Measures of
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intensity similarity can include squared differences in pixel intensities [8, 55, 56,
58, 67], regional correlation [65, 86], or mutual information [87]. Mutual infor-
mation has proved to be an excellent similarity measure for cross-modality regis-
trations, since it assumes only that the statistical dependence of the voxel inten-
sities is maximal when the images are geometrically aligned (see Chapter 8 for a
detailed description of measures of intensity similarity). The intensity similarity
measure, often combined with a measure of the structural integrity of the deform-
ing scan, is optimized by adjusting parameters of the deformation field. Images
are usually low-pass filtered or represented at multiple scales to make the similar-
ity function smoother with respect to the deformation parameters. This makes it
easier to traverse the parameter space and find an optimal match. Nonetheless, al-
gorithms based on intensity patterns alone essentially by-pass information on the
internal topology of the brain. Matching of neuroanatomic data in the absence of
higher-level structural information presents an extremely difficult pattern recog-
nition problem. Hybrid algorithms are therefore of particular interest, combin-
ing intensity-based and model-based criteria to establish more accurate correspon-
dences [23, 88].

All approaches for intensity-driven image registration define a mathematical
measure of intensity similarity between the deforming template and the target im-
age and optimize it by tuning the parameters of the deformation field. The widely
used Automated Image Registration (AIR; [58]) and Statistical Parametric Map-
ping algorithms [89] are examples of this approach. As the cost function (or sim-
ilarity measure) is optimized, increasingly complex warping fields are expressed
in terms of a 3D cosine basis (SPM) or by tuning parameters of 3D polynomials
(AIR). In SPM, the target image g( � ) is approximated by a scaled (by factor w)
and spatially deformed version of the individual’s image f( � ). The deformation is
constrained to be a linear combination of smooth basis functions:
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where �!��� � is the j-th order basis function along axis d at position � . The coefficients ��� " of the deformation field can be assembled, with the intensity scale-factor, into
a parameter vector, # = [ $&%'$!()$�*)+ ], and their values can be chosen to minimize
the least-squares cost function:
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where 7 0 is the displaced position of the = th voxel 7 0>�?�10@: ��� �10A� . To optimize
the deformation, note that a small increment $ in the parameter vector will affect
the cost function at each voxel = according to the first-order Taylor approximation:


