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Normalizing Transformations Quantify
Local Shape and Size Change

Circle to Square Transformation

1

Shape Difference

Chimp to Human
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Optimizing the Normalizations
over Diffeomorphisms

Diffeomorphisms support a metric space structure for
shape

While intersubject anatomy may not be completely
transferable under a diffeomorphism, we are able to
study the majority of shared structures that exist in each
individual
For example, although individual brains will actually differ in
their refined topology, it is the shared anatomy among the

iIndividuals on which normalization relies and thus the viability
of group analysis of brain structure and function

Removing topology preserving variability ideally situates
one to study the residual differences in non-topology
preserving anatomic variability



Diffeomorphic Normalization
Lagrangian Push Forward Algorithm
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Diffeomorphic Normalization
Lagrangian Push Forward Algorithm

1
ELppmm(I,J) = inf /{_0 lvillZdt+  Total deformation, summed in time,
- ) gives metric distance in manifold
[) wi(@1(1)) = JIMdSL ghace of Diff
N Subject to:
o1 € Diffy the solution of:
déy /dt = vy(é4(t) with ¢,(0) =1d. LPFIS
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Why Symmetry?

A true metric has to be symmetric
Dependence upon registration directionality introduces

Implications for methods for constructing population
templates

Solution: formulate our computation such that
the tangents defining the geodesic are



mmetric Normalization

Find the shortest diffeomorphism between I, J such that
a,()! = a,(1-t)d, where the geodesic is parameterized as
In Egn 1
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Extension to Symmetric Population Studies
Optimal Template Construction

Find the and

that gives the
“smallest” parameterization of
the dataset:

1
Y inf inf / {12 + |10b)2 ) dt +
@) 0 t=0

i
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where i, ¢4 (0) =\ [} (x.1)) = J;,
and each pairwise problem is solved with

SyN (see equation 1 and 2).
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