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ABSTRACT

This paper presents a method for robustly measuring temporal
morphological brain changes, by means of a 4D image warping
mechanism. Longitudinal stability is achieved by considering all
temporal MR images of an individual simultaneously in image
warping, rather than by individually warping a 3D template to an
individual, or by warping the images of one time-point to those of
another time-point. Moreover, image features that are
consistently recognized in all time-points guide the warping
procedure, whereas spurious features that appear inconsistently at
different time-points are eliminated. This deformation strategy
significantly improves robustness in detecting anatomical
correspondences, thereby producing smooth and accurate
estimations of longitudinal changes. The experimental results
show the significant improvement of 4D warping method over
our previous 3D warping method in measuring subtle longitudinal
changes of brain structures.

1. INTRODUCTION

Measuring longitudinal changes in brain structure requires highly
accurate segmentation and volumetric measurement of brain
structures, either manually or by warping of labeled atlas [1].
Manual segmentation requires extensive human interaction and
considerable training. Most importantly, both intra-rater
reproducibility and inter-rater agreement are difficult to achieve
in a longitudinal study, particularly when subtle changes are to be
measured. Accordingly, many automatic image segmentation and
parcelation methods have been developed [2-12]. We previously
proposed a fully automated atlas matching approach, referred to
as Hierarchical Attribute Matching Mechanism for Elastic
Registration (HAMMER) [13,14]. This approach attempted to
overcome limitations of several existing image warping methods.

Regardless of their relative merits and limitations, all of the
existing atlas warping techniques were mainly designed for 3D
images. Consequently, applying these 3D methods independently
for each time-point in a longitudinal study typically leads to noisy
longitudinal measurements, particularly for small structures such
as the hippocampus, due to inconsistent atlas matching among
different time-points. Although one can obtain a smooth
estimation of longitudinal changes by smoothing the
measurements along the temporal dimension, the smoothed
measurements generally deviate significantly from the actual
image data, unless smoothing is performed concurrently with
atlas warping procedure and by taking into account the image
features. Freeborough and Fox et.al. [19] attempted to impose
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temporal smoothing, by warping the images of one time-point to
those of another time-point. However, that approach, too, does
not avoid jitter noise between any two differential measurements,
since spatial normalization is based on independent warpings
between pairs of images.

In this paper, we present an approach that overcomes the above-
mentioned limitations. Specially, we propose a fully automatic 4-
dimensional atlas matching method that constrains the
smoothness in both spatial and temporal domains during the
hierarchical atlas matching procedure, thereby producing smooth
and accurate estimations of longitudinal changes. Importantly,
morphological features guiding this deformation process are
determined via 4D image analysis, which significantly reduces
noise and improves robustness in detecting anatomical
correspondence. Put simply, image features that are consistently
recognized in all time-points guide the warping procedure,
whereas spurious features, such as noisy edges that appear
inconsistently at different time-points, are eliminated.

2. METHOD

2.1. Overview

The proposed approach, referred to as 4D-HAMMER, involves

the following two steps:

(1) Rigid alignment of 3D images of a given subject acquired at
different time points, in order to produce a 4D image. We
employ 3D-HAMMER to establish the correspondences
between neighboring 3D images, and then align one image
(time ) to its previous-time image (7-1) by a rigid
transformation calculated from the established
correspondences [15].

(2) Hierarchical deformation of the 4D atlas to the 4D subject
images, via a hierarchical attribute-based matching method.
Initially, the deformation of the atlas is influenced primarily by
voxels with distinctive attribute vectors, thereby minimizing
the chances of poor matches and also reducing computational
burden. As the deformation proceeds, voxels with less
distinctive attribute vectors gradually gain influence over the
deformation.

2.2. Notation

The 4D images studied in this paper have three spatial dimensions
(x) and one temporal dimension (), where x and ¢ are the spatial
and the temporal coordinates, respectively. Let T(X, ) denote

the intensity of the 4D template image at a point (X,?) ; therefore,
T,(x) is a usual 3D template image at time 7. Similarly, S(X, 1)
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denotes the intensity of the 4D subject image, and S,(X) is a
usual 3D subject image at time f. The spatial domains for the
template and the subject are not necessarily the same; hence, Vris
used for the template’s spatial domain and Vy for the subject’s
spatial domain. However, the temporal domains are assumed to
be same, i.e., totally N volumetric images constitute the template
and the subject, where t€ [, N].

Displacement along the temporal dimension is not allowed during
the deformable registration procedure, since the 3D images are
acquired at known time-points and temporal correspondence is
thus known. In this way, the template image 7,(Xx) is only
permitted to warp towards the subject image of the same time ¢,
S,(X). Accordingly, the displacement field u(X,t) defines the
relative spatial deformation of the template image 7 (X, ) to the
subject image S(x+u(x,1),1). Let h(X,t) be the transformation
corresponding to the displacement field u(x,0):
h(x,1) = (X + u(X,1),t). The inverse transformation is &' (X,1),
which is also known as backward transformation.

2.3. Attribute vector

Each voxel carries its own morphological signature, i.e., an
attribute vector a(x,r), which is designed to be as distinctive as
possible of its respective voxel, in order to facilitate automated
matching. Each attribute vector includes edge types, image
intensity, and Geometric Moment Invariants (GMIs) at different
scales [21], all of which are computed from the 3D spatial images
[13]. GMIs at a particular scale are calculated by placing a
spherical neighborhood around each voxel, and then calculating a
number of parameters that are invariant to rotation [21]. Even
richer geometric features, such as those based on Wavelet
coefficients, can also be used as image attributes, as we described
in [18]. The reason for developing an attribute vector is that, if
rich enough, the attribute vector can distinguish between different
parts of the image. The detailed definitions for the attribute
vectors and the similarity definitions of those vectors can be
found in our previous paper [13].

2.4. Mathematical optimization

The 4D-HAMMER algorithm hierarchically optimizes the cost
function, E, of attribute vector similarity, which is given below:
E=E,+E,+E,» ey
where
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The first term Er measures the similarity of attribute vectors in
the vicinity of a point (x,f) under consideration, and it is therefore
guiding the identification of anatomical correspondence, to the
extent that anatomical correspondence is reflected by similarity of
the voxel-wise signatures. Ep is based on the forward
transformation h(-) from the template to the subject. In

particular, for each template point (x,7), we integrate the attribute
vector differences in its 4D (spatio-temporal) neighborhood,
denoted by n(X,?). (z,7) is a neighboring point. Thus, a,(z,7)
is the attribute vector of the template point (z,7), and
ag(h(z,7)) is the attribute vector of the corresponding subject
point A(z,7). m(,) is the similarity of two attribute vectors,
and ranges from 0 to 1. Thus, (1—m(-;)) is the difference of two
attribute vectors. £;(z,7) is the weighting parameter for the
points in the neighborhood; large weights are used for the salient
points, such as boundary points. a),(x,t) denotes the importance
of the template point (x,f) in image matching. Large weights are
also assigned to the points with distinctive attribute vectors. This
assignment allows our algorithm to focus initially only on the
distinctive points. By hierarchically assigning weights to the
template points, our approach is able to hierarchically deform the
images. Moreover, the size of neighborhood n(x,t) is large

initially and decreases gradually with the progress of the
deformation, which increases the robustness and accuracy of our
algorithm.

The second term E, is similar to the first one, but it is defined on

the inverse transformation A~'(-) from the subject to the

template. This term is used to constrain the inverse consistency of
the transformation h(-) [16]. Specifically, these first two terms

together favor transformations that yield mutually compatible
results when deforming the template to the subject and as well as
the converse.

The third term ES is a smoothness constraint for the

displacement field, defined on the template space V,. The
displacement field u(X,?) is penalized if it differs significantly
from its average displacement field in the 4D neighborhood. For
convenience, we separate this smoothness requirement into two
components: a spatial smoothing component, E{**™ | and a
temporal smoothing component, E;*™™ . @ and B are two
weighting parameters. In the spatial smoothing component, we
use a Gaussian filter g, to obtain the average displacement in a
3D spatial neighborhood n(x). The standard deviation in
Gaussian filter g, changes adaptively as the deformation
proceeds. In the temporal smoothing component, we use another
Gaussian filter &, to obtain the average displacement in a 1D
temporal neighborhood n(f). Selecting different sizes of
temporal neighborhood and standard deviation for g, will lead to

a different degree of smoothness on the displacement fields along
the temporal dimension.
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2.5. Attribute-based deformable matching strategies

Hierarchical selection of active points. The 4D template is
warped to the subject by attempting to match the attribute
vectors of a number of points, which we call active points. These
are the points with relatively distinctive attribute vectors, which
can be identified relatively more reliably based on their
morphological signatures. The selection of the active points can
be determined purely from their attribute vector values in a
training set of images.

This strategy is aimed at speeding up performance and reducing
local minima. In the deformable matching procedure, we first
evaluate candidate matches of points with distinctive attribute
vectors, and then gradually consider points with less distinctive
attribute vectors. Effectively, this procedure approximates what
would be a very high-dimensional cost function in equation (1),
by a significantly lower dimensional function of only the active
points. This latter function has few local minima, because it is a
function of the coordinates of points for which relatively
unambiguous matches can be found.

Hierarchical subvolume deformation strategy. In order to
increase robustness to potentially false matches of active points,
we evaluate the similarity of attribute vectors in the entire
subvolume around an active point, not simply the similarity of
active points. In particular, for each template active point, we
search for several target points with similar attribute vectors in its
neighborhood. For each candidate match, the similarity of
attribute vectors in the respective 4D subvolumes is evaluated.
This is an important aspect of our method. Say, for example, that
a false match within an active point's neighborhood happens to
have similar attribute vector. It is unlikely that all points in the
spatial as well as temporal neighborhood also have matching
attribute vectors, unless this is a true match. The point in the
subject 4D image that presents the highest subvolume-derived
attribute vector similarity, is finally defined as a correspondence,
provided that the similarity is above a pre-specified threshold.
This prevents active points that do not find good matches from
actively deforming the volume, as would be the case of a single
sulcus in the template deforming to a double sulcus in the subject
brain. These multiple levels of evaluation of goodness of
correspondence add robustness that is necessary in view of the
complexity of the human brain anatomy.

On the other hand, correspondences in the reverse direction, i.e.,
from the subject to the template, are also examined. If these
correspondences turn out to be inconsistent with the forward
process described above, then a compromise is reached so that
inverse consistency is satisfied.

Inverse consistent transformation. An important characteristic of
this matching process is that it is inverse-consistent. A
transformation is inverse consistent if it finds consistent results
when matching a template to a subject versus when it matches a
subject to a template [16,13]. However, most automated image
warping algorithms are not inverse consistent. An approach to
enforcing inverse consistency in a warping process was described
in [16]. However, that approach is computationally very
demanding. In our approach, we enforce inverse consistency only
on the active points, since the warping transformation elsewhere
is determined via interpolation from the active points. The

detailed method for obtaining inverse consistent matches on the
active points was described in our previous paper [13].

3. RESULTS

4D-HAMMER was used to estimate the longitudinal changes of
hippocampal volumes in the MR images of 9 elderly subjects
aged 59-78, selected from our ongoing studies in the Baltimore
Longitudinal Study of Aging (BLSA) [17]. Annual MR images
are available for each subject, while the images of the first 5 years
are analyzed in this paper.

We have labeled hippocampal regions in the model by manual
definition of a single template brain [20]. By warping the model
to the subject, we can warp the mask of the model hippocampi to
each subject, thereby resulting in the segmentation of hippocampi
from each subject. The performances of 4D- and 3D- HAMMER
are compared, which reveals that 4D-HAMMER performs much
better than 3D-HAMMER in measuring subtle longitudinal
changes of the hippocampus.

Fig 1 shows the hippocampal volumes of a typical subject,
detected by 4D- and 3D- HAMMER, respectively. It can be
observed that the results by 4D-HAMMER are much smoother
than those by 3D-HAMMER. Fig 2 further shows the average
hippocampal volumes of 9 subjects estimated by 3D- and 4D-
HAMMER, respectively. It can be seen that 3D-HAMMER
resulted in noisy longitudinal estimations, while 4D-HAMMER
produced smooth longitudinal estimations. Importantly, the
percentage of hippocampal shrinkage detected during the 4 years
(from year 1 to 5) is only 2.1% by 3D-HAMMER, compared to
5.5% by 4AD-HAMMER, and 5.7% by manual delineation of an
experienced rater [20]. Notably, the shrinking percentage
estimated by 4D-HAMMER is very close to that achieved by an
experienced rater.

4. CONCLUSION

We have developed a robust and accurate 4D atlas matching
method for registration and warping of 4D images, and for
estimating the longitudinal morphological changes of brain
structures. The experimental results show that 4D-HAMMER
can provide smooth and accurate longitudinal estimations even
for small structures such as hippocampus. The main
characteristics of our approach are summarized next. First, an
attribute vector is defined as a morphological signature for every
point in a 4D image. The attribute vector is developed to be as
distinctive as possible, thereby reducing the ambiguity in
correspondence matching and finally avoiding local minima.
Second, according to the distinctiveness of the attribute vectors,
the points in the 4D space are successively selected as active
points for hierarchically deforming the template to the subject.
This helps us avoid local minima and also speed up the algorithm.
Third, our approach is further made robust to local minima and
noise, by using a 4D subvolume matching and deformation
strategy. Finally, the displacement fields are preserved to be
smooth at both spatial and temporal domains, via appropriate
constraints defined in both domains.
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Volume Changes of Hippo in a Subject During
5 Years
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Fig. 1. Comparing the performances of 4D- and 3D- HAMMER
in estimating the longitudinal changes of hippocampi from a
subject.

Average Hippo Volumes of 9 Subjects
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Fig. 2. Average hippocampal volumes of the 9 subjects, estimated
by 4D- and 3D- HAMMER, respectively.
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