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Abstract

A template-matching approach to registration of
volumetric images is described. The process automat-
ically selects about a dozen highly detailed and unique
templates (cubic or spherical subvolumes) from the
target volume and locates the templates in the refer-
ence volume. The centroids of four correspondences
best satisfying the rigidity constraint are then used to
determine the transformation matriz that resamples
the target volume to overlay the reference volume. Dif-
ferent similarity measures used in template matching
are discussed and experimental results are presented.
The proposed registration method produces a median
error of 2.8 mm when registering Venderbilt brain im-
age data sets and an average registration time of 2.5
minutes on a 400-MHz PC.

1 Introduction

Image registration is the process of determining cor-
respondence between all points in two images of the
same scene. This operation is needed in many im-
age analysis tasks. It is particularly valuable in med-
ical imaging to fuse datasets from different imaging
modalities to produce the maximum diagnostic sen-
sitivity and specificity. For instance, registration of
cerebral anatomic images from an MR scanner to the
biochemical images from a PET scanner provides a
unique data set useful in both diagnosis and therapy.

Images acquired from a single imaging modal-
ity (MR/MR, PET/PET, etc.) can be registered
more easily than images from different modalities
(MR/PET, MR/CT, etc.). To date, most work re-
ported on volumetric image registration has deter-
mined registration parameters using information from
the entire image volumes. The approach taken here
automatically selects only similar information in the
images for registration. We believe that a global opti-
mization process that uses entire image volumes in the
registration does not necessarily produce the best re-
sult when the images have intensity and/or geometric

differences as is often the case. An approach that se-
lects similar information from the images to determine
the registration parameters should produce more ac-
curate results than an approach that uses entire image
information.

The image volume “targeted” for re-orientation will
be called the target, and the image volume to which
the target is aligned will be called the reference. We
first describe the process of selecting a number of
highly detailed and unique templates from the target.
Having a number of templates from the target, we
then describe the process of finding the corresponding
templates in the reference image via template match-
ing. Finally, the selection criteria for keeping the best
four matches (homologous points) is given and exper-
imental results are presented.

2 Template Selection

To achieve highly accurate matches, the templates
selected in the target image should represent highly
detailed and unique regions. For a template to be
highly detailed, it should contain a large number of
high-gradient edges. This can be measured simply by
computing the sum of gradient magnitudes in a tem-
plate. To determine the highest detailed templates in
an image, the templates are ordered according to their
sum of gradient magnitudes. There is no need to actu-
ally keep all the templates in a list. A small percent-
age (such as the top 5%) of highest-gradient templates
is sufficient. Since many templates may overlap each
other, those that overlap by more than 50% are re-
moved from the list. Therefore, once a template is se-
lected, all templates that have more than 50% overlap
with it are removed from the list. Among the remain-
ing templates, the p most unique ones are identified
and used in template matching.

We have characterized uniqueness using the eigen-
values of the inertia matrix of the template [10, 27].
A template that has all large eigenvalues represents a
locally unique region in an image. A template that
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has two large eigenvalues is not unique because it is
similar to many templates in its neighborhood along a
line. When only one of the eigenvalues is large, a tem-
plate may be similar to many templates along a plane
in its neighborhood. Unique templates enable deter-
mination of their correspondences with a high degree
of accuracy.

3 Template Matching

Template matching is the process of finding the lo-
cation of a subimage, called a template, inside an im-
age. Once a number of corresponding templates are
found, their centers are used as corresponding points
to determine the registration parameters.

Template matching involves determining similari-
ties between a given template and windows of the
same size in an image and identifying the window that
produces the highest similarity measure. In the fol-
lowing sections, first, different similarity measures are
reviewed and, then, search strategies to find the best-
match position of a template in an image are given.
3.1 Similarity Measures

Template matching requires comparison of a given
template to windows of the same size in an image and
identification of the window that is most similar to
it. The accuracy of a template-matching process de-
pends on the accuracy of the metric used to deter-
mine the similarity between a template and a window.
The more accurate this metric, the more accurate the
template-matching process.

Different metrics or similarity measures have been
used for template matching. There isn’t a single simi-
larity measure that can produce best results on all im-
ages. Depending on the types of images provided, one
similarity measure may work better than all others.
Typical similarity measures used in template matching
are sum of absolute differences [1], cross-correlation
coefficient [20], geometric distance [4], mutual infor-
mation [17], and invariant moments [23].

Sum of absolute differences is the Minkowski metric
of order one [5] and finds the sum of absolute differ-
ences between raw image intensities. Therefore, it is
required that the two images that are given for reg-
istration be in the same modality. Even images in
the same modality may have some intensity differences
due to different scanning conditions. A study carried
out by Svedlow et al. [26] found that image gradients
produce more accurate matches than the raw images
when using the sum of absolute differences as the sim-
ilarity measure. This result was independently con-
firmed by Penney et al. [18].

Cross-correlation coefficient, which is a distance
metric of order two [20], is resistant to some intensity

differences between images. Therefore, even when the
template and the window have intensity differences,
as long as intensities of corresponding voxels increase
and decrease together, a high correlation coefficient
will be obtained. This means that intensities in the
images could be considerably different, but as long as
they represent the same pattern, a high similarity will
be obtained. This metric is, therefore, preferred over
the sum of absolute differences in template matching.
A study carried out by Svedlow et al. [25] found that
cross-correlation coefficient produced more accurate
matches than the sum of absolute differences when
rotational difference between the images was negligi-
ble. A study carried out by Penney et al. [18] found
that sum of absolute differences produced more accu-
rate matches than cross-correlation coefficient when
the images had some rotational differences.

If the given template and image contain binary
structures, such as image edges, geometric distance
is the preferred metric for template matching. If the
template and the image are obtained by different sen-
sors, image intensities cannot be used to compute sum
of absolute differences or cross-correlation coefficient
in template matching. In such a situation, if the im-
ages can be segmented to obtain similar binary struc-
tures, the surfaces can be used in the matching. The
process of matching surface structures is known as
chamfer matching and was first proposed by Barrow
et al. in matching of aerial images [2]. The idea, how-
ever, is general and can be used to match volumetric
images also [4].

Chamfer matching is a technique that uses the av-
erage distance between two surface structures as the
similarity measure. To determine the similarity be-
tween a template and a window in an image, the win-
dow and the template are overlaid and for each struc-
ture point in the window the structure point closest
to it in the template is determined and the average of
the distances between corresponding points is used as
the similarity measure. An efficient algorithm for de-
termining this average distance is given by Borgefors
[3, 4]. When the template is shifted over an image, the
computed average distance (similarity measure) will
change also. The best match is the position where the
average distance between the structures is minimum.

Chamfer matching is similar to surface matching
methods [19] that align two surfaces based on an op-
timization method. The accuracy of surface match-
ing techniques depends on the accuracy of the surface
structures provided for matching. A study carried out
by Kularatna [15] in registration of single modality
images found that in almost all cases, matching of im-



age intensities produced more accurate results than
matching of surface structures. A similar conclusion
was reached by Fitzpatrick and West [9] in matching of
multimodality images. This is expected since surface-
based techniques discard information from inside ob-
jects and use information only from their surfaces in
the matching.

Mutual information also determines dependencies
between corresponding intensities in images [28], but
compared to cross-correlation coefficient and sum of
absolute differences, mutual information is more sensi-
tive to image noise. Intensity a in the template should
always correspond to intensity b in the window to pro-
duce a high similarity. This shows that images from
different sensors can be registered using mutual in-
formation as long as, for example, homogeneous ar-
eas in one image correspond to homogeneous areas in
the other image. However, noise in one or both im-
ages can quickly degrade the similarities. A study car-
ried out by Penney et al. [18] in registration of same
modality images found that mutual information does
not perform as well as cross-correlation coefficient or
the sum of absolute differences. We have found that
slight image smoothing to reduce image noise improves
the registration accuracy of single modality and multi-
modality images when mutual information is used as
the similarity measure.

None of the metrics mentioned above can accu-
rately measure the similarity between two images
when they have rotational differences. If two images
have rotational differences, invariant moments [16, 23]
should be used to align them.

Invariant moments are especially useful in template
matching when the images have rotational differences.
The rotational difference between images makes sum
of absolute differences, cross-correlation coefficient,
and mutual information ineffective in matching. Since
invariant moments are independent of the orientation
of a pattern, they can be used to determine the simi-
larity between two subimages irrespective of their ro-
tational differences.

If the template is rotated with respect to an im-
age, and if the template is cubic, it is not possible to
have exactly the same pattern in the template and a
window in the image unless the rotational difference
between the image and the template is a multiple of
90 degrees. Therefore, even when the centers of a cu-
bic template and a cubic window correspond to each
other, since they cannot contain the same parts of a
scene, the computed similarity between them may not
be high enough to produce a correct match. To al-
leviate this problem, we use spherical templates. If

spherical templates are used, when the centers of the
template and the window correspond to each other,
they will contain the same scene parts. When a tem-
plate and a window contain the same pattern, they
will have similar invariant moments, resulting in ac-
curate matches.

Assuming a highly detailed and unique template is
selected in the target image, to find the window in the
reference image that corresponds to it, at each shift
position, the window in the reference image is aligned
with the template using their principal axes. Once
the template and the window are aligned, the similar-
ity between them is determined using sum of absolute
differences, cross-correlation coefficient, geometric dis-
tance, or mutual information. To uniquely align the
template and the window, it is required that not only
the template and the window have large eigenvalues,
it is required that no two eigenvalues have about the
same magnitude, otherwise wrong axes in the template
and the window could be aligned, missing a correct
match.

Small errors obtained in computation of the princi-
pal axes due to noise and intensity differences between
images will result in small errors in alignment of the
template and the window. Since sum of absolute dif-
ferences, cross-correlation coefficient, and mutual in-
formation are tolerant of some rotational difference
between the images, we expect to obtain rather accu-
rate matches even when the template and the window
are not perfectly aligned. Since the tolerance of these
similarity measures to rotational difference between
images increases as images become more blurred, the
template-matching process can be carried out in two
steps. First, by smoothing the template and the im-
age they can be approximately aligned. Then, using
the full-resolution template and image that are ap-
proximately aligned, a more accurate match can be
obtained by search in a small neighborhood.

Among the similarity measures mentioned above,
cross-correlation coefficient, geometric distance, and
invariant moments provide the most unique measures.
The intensities in a template (and correspondingly
in the matching window) can be rearranged without
changing the similarity computed by the sum of ab-
solute differences or the mutual information. In these
similarity measures, many patterns produce the same
similarity measure, increasing the probability of a mis-
match. In cross-correlation coefficient, invariant mo-
ments, and distance measure, more unique similarity
measures are obtained since rearranging intensities in
the matching template and window will change the
similarity measure, enabling more dissimilar patterns



to be distinguished from each other when using than
the sum of absolute differences or the mutual informa-
tion.

3.2 Search Techniques

To find the best-match position of a template in an
image, a search can be performed, which reaches the
solution faster. Coarse-to-fine search and optimization
algorithms have been used.

In the coarse-to-fine approach, first, the images are
reduced in scale and approximate match positions are
determined. Then, the scales of the images are in-
creased in two to three steps until the full-resolution
images are obtained. At each step, possible match po-
sitions are determined with associated confidence lev-
els, and a search at a higher resolution is performed
only at high confidence levels. This technique has been
used in 2-D template matching using sum of absolute
differences [22] and cross-correlation coefficient [11],
but the idea is general and can be used in 3-D tem-
plate matching also.

Optimization techniques require that an approxi-
mate match position be provided. Then, the accurate
match position is determined by an iterative process
while optimizing a criterion. Typical approaches are
hill climbing [21], gradient descent [6], simulated an-
nealing [14], and evolutionary algorithms [7]. Such al-
gorithms often require that a good initial registration
be provided. They, then, determine globally optimal
parameters to register the images.

When the images are approximately registered,
since the search area is small, an exhaustive search
can find the solution in a small number of iterations.
Speeding the search by an optimization process may
actually involve more overhead than the time it saves.

4 Selecting the Best Correspondences

Registration by template matching has advantages
over methods that use entire images. When entire im-
ages are used, noise and dissimilarity between images
average out, influencing the registration result. How-
ever, if a number of correspondences is established be-
tween images through template matching, the inaccu-
rate matches can be discarded, and only the accurate
ones can be used to find the registration parameters.

To distinguish the inaccurate matches from the ac-
curate ones, we use distances between pairs of corre-
sponding points in the images. Since the human brain
is contained in a rigid skull, it is expected that defor-
mation between two image acquisitions of a patient’s
brain be negligible. We will use this as the rigidity
comstraint to filter out the false matches. If two points
in the target image truly correspond to two points in
the reference image, distances between the points in

the two images will be the same. Although there is
no absolute guarantee that when distances between
two point pairs are the same the point pairs corre-
spond to each other, the probability that two matches
shift by exactly the same amount and in exactly the
same direction is extremely rare. Therefore, for an
overwhelming majority of the cases, this test will find
accurate corresponding points in the images. For rare
cases where this test fails, further testing is needed to
distinguish the wrong matches from the correct ones.
To choose the best p correspondences from among
the available P matches, we find distances between
point pairs in each image and list the corresponding
point pairs in the ascending order of the difference be-
tween their distances, and from the top of the list take
p of them. Only four corresponding points are suffi-
cient to determine the registration parameters. Usu-
ally it is a good idea to take more than four points and
use the additional points to remove the possible out-
liers [8, 13, 24]. Care should be taken to ensure that
the four points do not lie on or close to a plane. Oth-
erwise, the registration parameters may be impossible
to find, or they may be inaccurate. Therefore, if more
than four points are initially selected, the four that
make the tetrahedron with the largest volume should
be chosen to determine the registration parameters.

5 Results

Accuracy of template matching on ten sets of MR
brain images, some pre- and post-surgery and some
tracking changes in brain tumors over time are shown
in Table 1. Each image pair was approximately
aligned by an interactive procedure via mouse con-
trol in 10-20 seconds. Then, the automatic template
selection and template matching process was initiated
to find a number of corresponding templates in the
images. The centers of the corresponding templates
were then used as corresponding points, the inaccu-
rate correspondences were removed as outlined above,
and the best four correspondences were used to find
the registration parameters.

Entries in the table show root-mean-squared error
in template matching. After determining the registra-
tion parameters from the correspondences, the target
image was resampled to overlay the reference image.
The distance between centers of templates in the tar-
get image and centers of corresponding windows in the
reference image were determined and the root-mean-
squared distance for each image pair was determined
and reported in the table.

Since template matching accuracy is influenced by
rotational difference between images resulting from
the approximate registration step, after determining



Table 1: Root-mean-squared distances in mm between
centers of corresponding templates in ten MR brain
image pairs after one and two iterations using chamfer
matching and mutual information.

Data || Chamfer Match. || Mutual Info.
Set It. 1 It. 2 It. 1| It. 2
1 4.8 1.5 0.56 | 0.13
2 2.6 1.9 0.18 | 0.13
3 3.2 3.0 0.17 | 0.17
4 2.3 1.5 1.8 0.77
5 2.7 2.5 0.55 | 0.39
6 2.0 1.9 0.57 | 0.09
7 3.3 2.4 0.45 | 0.33
8 1.8 1.0 0.54 | 0.23
9 4.7 2.0 0.25 | 0.07
10 3.3 2.1 0.49 | 0.09

the registration parameters, the target image was re-
placed with the resampled target image. The new tar-
get image was assumed to approximately register the
reference image and the automatic template selection
and template matching process was repeated to deter-
mine the new registration parameters. The obtained
results are summarized in Table 1.

Registration errors using the Vanderbilt data pro-
duced a median of 2.8 mm. For a case-by-case exami-
nation of the results, please refer to
cswww.vuse.vanderbilt.edu/~image/registration/reg_
eval_html/ding.html.

Computation time for each iteration of our image
registration algorithm using images of size 256 x 256 x
256 is about 2 minutes on a 400-MHz PC. If the im-
ages are rotationally aligned well by the interactive
step, a single iteration is sufficient to bring the images
into registration. However, if the images are not rota-
tionally aligned well, a few iterations are required to
find the optimal registration.

6 Conclusions

Matching templates (subvolumes) rather than the
entire image volumes enables use of information about
areas in the images that are similar and discards infor-
mation about image areas that are dissimilar. Tem-
plate matching also allows the inaccurate matches to
be discarded so that only accurate matches are used
to determine the registration parameters. Only four
corresponding points are necessary to determine the
translational and rotational differences between brain
images of the same patient. The best four correspon-

dences are chosen from among many in such a way
to satisfy the rigidity constraint. In the proposed
method, first, about a dozen correspondences are de-
termined by template matching. From among the
dozen matches, the best four are are then determined
in such a way that distances between corresponding
points in the images are the closest, and from the four
correspondences, the registration parameters are de-
termined.

Experimental results using the Vanderbilt data
show that the proposed method has a median regis-
tration error of 2.8 mm and an average computation
time of 2.5 minutes.
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