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scalar-valued data, the theory and methodology is much less developed, but of equal importance, for time-varying
images, where one needs to be concerned with the spatial alignment of images (so-called image registration).
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We are developing computational methods to extend methods such as linear regression, or spline models to
appropriately deal with image-valued data. We are also working on registration methods capable of aligning images
containing pathologies (such as brain-tumors) and images, which change appearance over time. Application areas for
such models are diverse and span medical as well as computer vision applications. For example, in medical image
analysis such models can be used to capture changes during brain development and to compare and summarize changes
over time for individual subjects. Such models may also be used to predict likely brain changes for individuals and to
compare subject populations: for example to distinguish subjects with dementia from healthy subjects. We are currently
using these methods to study normal brain development in the macaque monkey. As the developed theories are general
theyDavis,
also haveYundi
computer
vision
applications
for example
people counting
from Niethammer
surveillance videos or in general to
Brad
Shi,
Mar
Sanchez,
MartinforStyner,
and Marc
extract information from video sequences.

Longitudinal Image Registration with
orally-Dependent Image Similarity Measure

n Csapo,

udinal imaging studies are fr equently used
or al changes in br ain mor phology and ofcor r espondence between images achieved
str ation. Beside mor phological changes, imalso change over time, for example when
ur ation. However, such intensity changes ar e
in image similar ity measur es for standar d
methods. Hence, (i) local similar ity measur es,
0. 5
3
6
12
18
ng intensity tr ansfor mations between images,
phosis appr oaches have been developed to
stness with respect to intensity changes or to Fig. 1. Brain slices and magniﬁcations from T1 weighted magnetic resonance
Left: Principle of “geodesic regression”: generalizing
image-valued
imageslinear
for aregression
monkey atto ages
2 weeks,data.
3, 6, 12, and 18 months. White matter
ur e spatial and
intensity
changes.
Right:
Appearance
changes For
acrossthese
time are highly
relevantchanges
for an appropriate
as seen
in this developing
macaque
(with age in
appearance
locally asanalysis
axons are
myelinated
during brain
development.
al intensity changes
are not explicitly modeled
months).
ated as independent static samples. Here, we
sed image similarity measure for longitudinal
hat estimates a tempor al model of intensity
The effect of appearance change on the result of an image
ailable images simultaneously.

registration depends on the chosen transformation model and

ngitudinal registr ation, defor mable registr a- the chosen image similarity measure. Generally, transformappear ance change,
magnetic
resonance Computer
imag- tion
Participating
Departments:
Science,
Psychiatry
models
with few degrees of freedom (such as rigid or
Leaders: M. Niethammer, M. Styner

I. I NTRODUCTI ON

aging studies are important to study changes
brain development, neurodegeneration, or
in general. Spatial correspondences almost
established between images for longitudinal
mage registration. Most image registration
en developed to align images which are
nce or structure. If such similarity is not
e of pathologies or pre- and post-surgery
on masking [4] is typically used to discard
hout correspondence from the registration.

afﬁne transformations) are affected less by local changes in
image appearance than transformation models which can capture localized spatial changes, such as elastic or ﬂuid models.
In particular, in Section IV-C we show that afﬁne methods
perform well even in the presence of strong non-uniform
appearance change, while deformable methods introduce erroneous local deformations in order to resolve inconsistencies
in appearance. However, transformation models which can
capture local deformations are desirable for many longitudinal
studies as changes in morphology tend to be spatially nonuniform.

