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Abstract
A template-matching approach to registration of volumetric images is introduced. The process automatically selects a dozen highly detailed and unique templates (cubic or spherical
subvolumes) from one image and locates the templates in another image of the same scene.
The centroids of the corresponding templates are used as corresponding control points and
the best four correspondences that minimize an error criterion are used to determine the
translational and rotational parameters needed to register the images. Use of diﬀerent similarity measures in template matching and determination of coordinates of corresponding
control points with subpixel accuracy are also discussed.
Keywords: Image registration, volumetric image, template matching, similarity measure,
multimodal images
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Introduction

Image registration is the process of determining the correspondence between all points in
two images of the same scene. This process is required in many medical image analysis
applications. For example, it is often needed to register multimodality images to enable
maximal diagnostic sensitivity and speciﬁcity. Registration of cerebral anatomic images from
an MR scanner with biochemical images from a PET scanner produces a unique dataset that
is useful in both diagnosis and therapy.
To date, most work reported on volume image registration determines registration parameters using information from entire images. The approach taken here selects only similar
areas in the images to determine the registration parameters. We believe that a global optimization that uses entire image volumes in the registration does not necessarily produce the
best result when the images have partial intensity and/or geometric diﬀerences. For images
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Figure 1: Rows 1, 2, and 3, respectively, show axial, sagittal, and coronal cross sections of
volumetric images. Columns 1 and 2 show MR and PET images of a patient taken at about
the same time, while columns 3 and 4 show MR images of a patient taken before and after
a surgery.
with partial diﬀerences, an approach that uses image subvolumes in the matching should
produce more accurate results than an approach that uses entire images in the matching.
Consider the brain images shown in Figure 1. The far left column depicts the axial,
sagittal, and coronal views of a contrast-enhanced, T1-weighted MR scan of a patient with
a brain tumor. The column to its right shows same views of a PET image of glucose
metabolism of the same patient. Both images have been acquired on the same day. Note
that the intensity patterns observed in the lesion in the two modalities do not correlate well,
while patterns in the normal brain areas are similar.
The right two columns show the pre- and post-surgical MR images of a patient with a
brain tumor. In the post-surgical image, local brain geometry has been considerably altered
due to the resection. In this case, we do not want to use information at and near the tumor/resection site to determine the registration parameters. We would like to automatically
select information from areas in the images that are similar and avoid selecting information
from dissimilar areas. Thus, templates are selected from one of the image volumes and their
matches are located in the other. A matching pair that reinforces a global registration are
kept, while a pair that changes the parameters of the registration are discarded. In this
manner, possible inaccuracies are detected and eliminated from the registration process.
If the centers of two image volumes correspond to each other and the images have small
rotational diﬀerences, the average distance between corresponding voxels in the images will
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be larger than the average distance between corresponding voxels in two subvolumes of
the images when the centers of the subvolumes coincide. Therefore, matching of image
subvolumes (templates) is less sensitive to small rotational diﬀerences between images than
matching of image volumes themselves. For that reason, we can expect to ﬁnd template
correspondences rather accurately even when the images to be registered have some rotational
diﬀerences. Using a set of corresponding control points obtained from the centroids of
corresponding templates in the images, we then determine the translational and rotational
parameters that can bring the image volumes into registration.
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 image.
We then outline the process of ﬁnding the corresponding templates in the reference image
via template matching. Then, the selection criteria for ﬁnding the best four correspondences
is given, and ﬁnally, a method for determining the transformation parameters from the four
correspondences is described.

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 template. To determine the highest detailed templates
in an image, ﬁrst, a small percentage (such as the top 5%) of the highest-gradient templates
is selected and ordered in a list. Since many templates overlap each other, those that overlap by more than 50% of a selected template need not be included in the list. Among the
remaining templates, the p most unique ones are selected and used in template matching.
One way to characterize uniqueness is to compute the correlation of a template with
windows of the same size in its neighborhood. This process is called auto-correlation [18]. A
sharp peak among the correlation coeﬃcients at the template’s position is evidence that the
template is unique. The less sharp this peak, the more similar the template with windows
in its neighborhood. When a template that is not locally unique is selected for matching, it
may match rather well with many windows in its neighborhood, making distinction between
the correct match and an incorrect one diﬃcult.
Another way to characterize uniqueness is to use the eigenvalues of the inertia matrix of
the template [14, 36]. A template that has all large eigenvalues represents a locally unique
subvolume in an image. A template that has two large eigenvalues is not unique because
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it is similar to many templates in its neighborhood along a line. When only one of the
eigenvalues is large, a template may be similar to many templates in its neighborhood along
a plane. Unique templates enable determination of their correspondences with a high degree
of accuracy. We select unique templates in an image using this second approach.

3

Template matching

Template matching is the process of ﬁnding the location of a subimage, called a template,
inside an image. Once a number of corresponding templates are found, their centers are used
as corresponding control points to determine the registration parameters.
Template matching involves comparing a given template with windows of the same size
in an image and identifying the window that is most similar to the template. In the following
sections, ﬁrst, diﬀerent similarity measures are reviewed, and then, search strategies to ﬁnd
the best-match position of a template in an image are discussed.

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 depends on the accuracy of the metric used to determine 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 developed. There isn’t a single similarity measure that is known to produce the best result in all situations. Depending on the
types of images provided, one similarity measure may work better than another in template
matching. In the following, we will review existing similarity measures and characterize their
properties.
We assume a template denoted by f1 and an image denoted by f2 are given. We also
assume the template is of size n × n × n and the image is of size m × m × m (m > n).
We will generate an intermediate image, called the similarity image and denote it by s.
Entry (x, y, z) in the similarity image will show the similarity between the template and the
window of the same size at location (x, y, z) in the image. Similarity image s will be of size
(m − n + 1) × (m − n + 1) × (m − n + 1).
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3.1.1

Sum of absolute diﬀerences

Sum of absolute intensity diﬀerences is the Minkowski metric of order one [9] and is deﬁned
by
s(x, y, z) =

n 
n 
n

i=1 j=1 k=1

|f1 (i, j, k)−f2 (x+i−1, y +j −1, z +k −1)|;

x, y, z = 1, . . . , m−n+1.

(1)
Coordinates (x, y, z) represent the front-upper-left corner of a window in image f2 where
the template is being matched. Measure s shows the dissimilarity between f1 and the
window at location (x, y, z) in f2 . The smaller the value of s(x, y, z), the more similar the
template and the window. This similarity (or more precisely, dissimilarity) measure requires
in the order of n3 additions for each search position. An algorithm proposed by Barnea
and Silverman [4] can speed up this computation further. Assuming the smallest value of s
obtained so far is smin , the algorithm keeps track of smin and at each iteration in equation
(1) compares the obtained sum to smin . If the sum obtained so far is equal to or greater
than smin , further computation of the similarity measure at that position is abandoned.
This is done because further computation at that position will only increase the value of
s. If the sum obtained for all iterations is less than smin , smin is replaced with the new
sum. Abandoning unnecessary computations speeds up the process by a factor of two to
three. The computational complexity of the sum of absolute diﬀerences is still O(n3 m3 )
additions (but with a smaller coeﬃcient), when m is considerably larger than n. If n ≈ m,
and assuming search area size is d × d × d, where d = m − n + 1, computational complexity
of the algorithm will be in the order of n3 d3 additions, which we denote by O(n3 d3 ).
Since this similarity measure ﬁnds the sum of absolute diﬀerences between raw image
intensities, it is required that the two images that are given for registration be from 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. [35] found that
image gradients produce more accurate matches than the raw image intensities when using
this similarity measure. Similar result was observed by Penney et al. [25]
3.1.2

Cross-correlation coeﬃcient

Cross-correlation coeﬃcient is a distance metric of order two and is deﬁned by [2, 27]
n

s(x, y, z) =

n n
i=1
j=1
k=1 f1 (i, j, k)f2 (x + i − 1, y + j − 1, z + k − 1)
n n n


1 
[ i=1 j=1 k=1 f12 (i, j, k)] 2 [ ni=1 nj=1 nk=1 f22 (x + i − 1, y + j − 1, z

1

+ k − 1)] 2
(2)

where x, y, z = 1, . . . , m − n + 1 are the coordinates of the front-upper-left corner of a
window in the reference image. In this formula, the denominator is a normalization factor.
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As the template and the window become more similar, s(x, y, z) becomes larger. If the
template and the window are normalized so that they have a mean of zero, s will have a
value between -1 and +1. Positive values will show dependency (similarity) of intensities
in the template and the window, and the larger the value of s the higher this dependency.
When s = 1, intensities in the template and the window completely depend on each other
and, therefore, they increase and decrease together. When s = 0, intensities in the two
images are independent of each other, and when s is negative, intensities in the template
and the window inversely depend on each other. When s = −1, changes in intensities of the
template will be the reverse of changes in intensities of the window.
The computational complexity of the numerator of formula (2) for each search position
is O(n3) multiplications. The ﬁrst term in the denominator has to be computed once. The
second term in the denominator has to be recomputed for each search position. Therefore,
computation of (2) will require in the order of n3 m3 multiplications, when m is much larger
than n. If the template is about the same size as the image, and d = m − n + 1, the
computational complexity of template matching using the cross-correlation coeﬃcient as the
similarity measure will be O(m3 d3 ) multiplications.
Cross-correlation coeﬃcient 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 two 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. [34] found that cross-correlation coeﬃcient produced more
accurate matches than the sum of absolute diﬀerences when the images had no rotational
diﬀerences. A study carried out by Penney et al. [25] found that sum of absolute diﬀerences
produced more accurate matches than cross-correlation coeﬃcient when the images had some
rotational diﬀerences.
3.1.3

Geometric distance

If the template and the 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 sensors, image intensities cannot be used in sum of absolute diﬀerences
or cross-correlation coeﬃcient to determine the correspondences. In such a situation, if the
images can be segmented to obtain similar surface structures, the surfaces can be used in
the matching. The process of matching image structures is known as chamfer matching and
was ﬁrst proposed by Barrow et al. [5] in matching of aerial images [5]. The idea, however,
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is general and can be used in matching of volumetric images also [8].
Chamfer matching is a technique that uses the average distance between two binary
structures as the similarity measure. To determine the similarity between a template and a
window in an image, the window and the template are overlaid and for each structure point
in the window the structure point closest to it in the template is determined and the average
of the distances between the corresponding points is used as the similarity measure. An
eﬃcient algorithm for determining the average distance is given by Borgefors [7, 8]. 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.
To carry out template matching using this similarity measure, it is suﬃcient to prepare
a distance image for the reference image with entries showing their distances to structure
points closest to them in the image. Then, as the template is shifted over the distance image,
at each shift position the sum of the values in the distance image falling on structure points
in the template is computed and divided by the number of structure points. The smaller the
obtained average, the more similar the template and the window. An average of zero means
that the template and the window match perfectly. As this average increases, the similarity
between structures in the template and the window decreases.
Computation of the distance image takes in the order of m3 additions. Assuming a
structure with N voxels is present in the template, at each shift position, the process requires
N additions to determine the similarity between the template and the window there. If
n ≈ m and there are d × d × d shift positions where the template can be shifted over the
image (d = m−n+ 1), the time needed to determine the best match position is O(Nd3 + m3 )
additions. Typically, m3 and Nd3 are about the same. Therefore, computational complexity
of chamfer matching is O(m3) additions when m and n are about the same. When m is
much larger than n, computational complexity of chamfer matching is O(m3 N) additions.
Note that the time needed to segment the images before carrying out chamfer matching is
not included in this computation. The time needed to determine the image structures used
in chamfer matching may actually be longer than the time needed to carry out the template
matching.
As long as structures obtained in the template are a subset of structures obtained in the
image, chamfer matching will succeed. If image edges are used as structures in template
matching, only very strong edges should be kept in the template. As long as edges in the
template exist in the corresponding window, a high similarity will be obtained even when
some edges in the window do not exist in the template. Therefore, when ﬁnding edges in
the reference and target images, a smaller percentage of the edges should be kept in the
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target image than in the reference image in order to achieve a higher accuracy in template
matching.
Chamfer matching is similar to surface matching methods [6, 26] that align two surfaces
using an optimization method. The accuracy of surface matching techniques depends on the
accuracy of the surface structures provided for matching. A study carried out by Kularatna
[22] in registration of single modality images found that in almost all cases, image intensities
produce more accurate matches than matching of the surface structures. A similar conclusion
was reached by Fitzpatrick and West [13] in matching of multimodality images. This is
expected since surface-based techniques discard information from the inside of objects and
use information from only their surfaces to match images.
3.1.4

Mutual information

Suppose a template T and a window W are available and we want to determine their similarity. Assuming T and W are random variables and PT (a) is the probability that the intensity
at a voxel in T is a and PW (b) is the probability that the intensity at a voxel in W is b, then,
if we overlay the template and the window, the probability that intensity a in the template
lies on top of intensity b in the window will be equal to their joint probability: PT W (a, b). If
the template and the window truly correspond to each other, their intensities will be highly
dependent and they will produce high joint probabilities. However, if the template and the
window do not correspond to each other, they will produce small joint probabilities. If intensities in the template and the window are completely independent, the joint probabilities
will be PT (a)PW (b). Given these probabilities, mutual information can be computed from
[24, 37]
I(T, W ) =


a

PT W (a, b) log

b

PT W (a, b)
.
PT (a)PW (b)

(3)

The joint probabilities PT W (a, b) for diﬀerent values of a and b can be estimated from
the histogram of intensities of corresponding voxels in the matching template and window.
To obtain the histogram, a 256 × 256 array is allocated and all its entries are initialized to
zero. It is assumed that intensities in the template and the window vary between 0 and 255.
If at a particular voxel the template shows intensity a and the window shows intensity b,
entry (a, b) in the array is incremented by one. After processing all voxels in the template
and the window, an array will be obtained whose entry (a, b) shows the number of voxels in
the template with intensity a where corresponding positions in the window have intensity b.
To obtain the probabilities, contents of the histogram array are divided by the sum of the
entries. Note that the sum of the entries is n3 if the template and the window are n × n × n.
Entries of the obtained array correspond to the values of PT W (a, b) for diﬀerent values of a
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and b.
Assuming intensity a denotes the rows and intensity b denotes the columns in PT W (a, b),
we can estimate PT (a) and PW (b) from
PT (a) =
and
PW (b) =

255

b=0
255

a=0

PT W (a, b)

(4)

PT W (a, b),

(5)

respectively. As long as intensities in the template and the window correlate, a high mutual
information will be obtained. Compared to cross-correlation coeﬃcient and sum of absolute
diﬀerences, mutual information is more sensitive to image noise. Intensity a in the template
should always correspond to intensity b in the window to produce a high similarity. This
shows that images from diﬀerent sensors can be registered using mutual information as long
as, for example, homogeneous areas in the images correspond to each other. However, noise
in one or both images will quickly degrade the similarity measure. A study carried out by
Penney et al. [25] in registration of same modality images found that mutual information did
not perform as well as the cross-correlation coeﬃcient or the sum of absolute diﬀerences. We
have found that slight image smoothing, which reduces image noise, improves the registration
accuracy of mutual information.
The computational complexity of mutual information at each shift position is in the order
of n3 additions and 2562 multiplications. Usually, n3 and 2562 are about the same, and so
the time needed to search for the best match position of a template of size n × n × n in
an image of size m × m × m when m is much larger than n is O(n3m3 ) additions. If the
template and the image are about the same size and the search area size is d × d × d, where
d = m − n + 1, computation time will be O(m3 d3 ) additions.
None of the similarity measures mentioned above can accurately measure the similarity
between two images when they have rotational diﬀerences. If two images have rotational
diﬀerences, invariant moments should be used to align them.
3.1.5

Invariant moments

Moments are features that characterize the geometry of a pattern. Moments can be normalized to become invariant of the position and orientation of a pattern [19, 23, 31]. Invariant
moments are especially useful in template matching when the images have rotational diﬀerences. The rotational diﬀerence between images makes sum of absolute diﬀerences, crosscorrelation coeﬃcient, geometric distance, and mutual information ineﬀective in template
matching. Since invariant moments are independent of the orientation of a pattern, they can
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(a)

(b)

Figure 2: (a) A cubic template and a cubic window whose centers coincide. (b) A spherical
template and a spherical window whose centers coincide.
be used to determine the similarity between two subimages irrespective of their rotational
diﬀerences.
A point to note is that if the template is rotated with respect to an image, and if the
template is cubic, it is not possible to have a template and window with coinciding centers
that can contain the same scene parts unless the rotational diﬀerence between them is a
multiple of 90 degrees. This is demonstrated in Figure 2a. Even when the centers of a cubic
template and a cubic window correspond to each other, since they contain somewhat diﬀerent
parts of a scene, the computed similarity may not be high enough to produce a correct match.
To remedy this weakness, spherical templates are used. If spherical templates are used, when
the centers of a template and a window correspond to each other, they will contain the same
scene parts (see Figure 2b). When a template and a window contain the same pattern, they
will have similar invariant moments irrespective of their orientations.
The pqrth moment of template f1 is deﬁned by [36]
mpqr =

n 
n 
n

i=1 j=1 k=1

ip j q k r f1 (i, j, k),

(6)

and the pqrth order central moment of the template is deﬁned by
µpqr =

n 
n 
n


(i − ī)p (j − j̄)q (k − k̄)r f1 (i, j, k),

(7)

i=1 j=1 k=1

where
n

ī =

i=1
n
i=1

n

j=1
n
j=1

n

k=1 if1 (i, j, k)

n
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k=1

f1 (i, j, k)

,

(8)

n

j̄ =
k̄ =

n n
i=1
j=1
k=1 jf1 (i, j, k)
,
n n n
i=1
j=1
k=1 f1 (i, j, k)
n n n
i=1
j=1
k=1 kf1 (i, j, k)
.
n n n
i=1
j=1
k=1 f1 (i, j, k)

(9)
(10)

The principal axes of a 3-D pattern are deﬁned by the eigenvectors of the inertia matrix
of the pattern [14], where the inertia matrix is deﬁned by
⎛

⎞

µ200 µ110 µ101
⎜
⎟
M = ⎝ µ110 µ020 µ011 ⎠ .
µ101 µ011 µ002

(11)

Since M is a real and symmetric matrix, it will have real eigenvalues {λi : i = 1, 2, 3} and
orthogonal eigenvectors {ui : i = 1, 2, 3}. The rotational diﬀerence between the template
and a window will be the amount of rotations needed to align the principal axes of the
template and the principal axes of the window. To align a template and a window, ﬁrst, the
eigenvectors corresponding to the largest eigenvalues of the template and the window are
aligned. Then, the eigenvectors corresponding to the second largest eigenvalues are aligned.
This will automatically align their third eigenvectors. The transformation needed to align
the principal axes of the template and the window can be used to align the template and the
window. Once the rotational diﬀerence between the window and the template is eliminated,
their similarity can be determined using any of the metrics mentioned earlier.
Note that eigenvalues and eigenvectors of the inertia matrix of a template are determined
using intensities in the template: f1 (i, j, k). For the template and its corresponding window
to have similar eigenvalues and eigenvectors, the images provided for registration should be
of the same modality. This means, use of invariant moments in image registration is limited
to single-modality images. Successful registration of single-modality images using invariant
moments has been reported [1].
Assuming a highly detailed and unique template is selected in the target image, the window in the reference image that corresponds to it can be obtained by 1) aligning windows
in the reference image with the template using their principal axes, 2) determining the similarities between the template and the matched windows using sum of absolute diﬀerences,
cross-correlation coeﬃcient, or mutual information, and 3) selecting the window that produces the highest similarity measure. For the match to be unique, it is required that not only
the template have large eigenvalues, but that no two eigenvalues have the same magnitude.
Otherwise, wrong axes of the template and the window could be aligned, missing the correct
match.
Small errors obtained in computation of the principal axes due to noise and intensity
diﬀerences between images will result in small errors in alignment of the template and the
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window. Since sum of absolute diﬀerences, cross-correlation coeﬃcient, and mutual information are tolerant to some rotational diﬀerences between images, we expect to register the
images even when the template and the window are not initially aligned accurately. Since
the tolerance of these similarity measures to rotational diﬀerences between images increases
as images become more blurred, the template-matching process may be carried out in two
steps. First, the smoothed template and image can be approximately aligned. Then, the
approximately aligned template and image can be used in full resolution to ﬁnd the accurate
match by searching in a small neighborhood of the approximate match.
The computational complexity of invariant moments is O(n3 m3 ) multiplications if m is
much larger than n, and O(m3 d3 ) multiplications if the template and the image are about the
same size and d = m − n + 1. The constant multiplication factors involved in these formulas
are rather large due to considerable computations involved in ﬁnding the eigenvalues and
eigenvectors of the inertia matrices of the template and the matching windows. Therefore,
a more realistic estimation of the computational complexity of template matching using
invariant moments is O(n3 m4 ) or O(m4 d3 ).
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 absolute diﬀerences or the mutual information.
In cross-correlation coeﬃcient, invariant moments, and geometric distance, changing the
pattern in the template and the window may change the similarity measure, thus resulting
in more unique similarity measures in the matching. Mutual information is useful when
registering multimodality images. As long as a mapping function exists that can map intensities in a template to intensities in a matching window, a high similarity measure will be
obtained between the matching template and window. There is no need for intensities in a
template and a window to correlate to produce a high similarity measure. It is only needed
that a function exist that can uniquely intensities in the template and window. For this
reason, we choose mutual information as the preferred similarity measure when registering
multimodality images.

3.2

Matching with subpixel accuracy

The positions of windows in the reference image that are matched with a template are
discrete positions. The best-match position, however, could be somewhere between the
discrete positions. To determine a best-match position with subpixel accuracy, centered at
the discrete best-match position, similarities in a 3 × 3 × 3 neighborhood are found and a
tri-quadratic function is ﬁtted to them. Then, the maximum or minimum of the function is
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determined. A minimum is determined when the sum of absolute diﬀerences or the geometric
distance is used, while a maximum is determined when the cross-correlation coeﬃcient or
the mutual information is used. A tri-quadric function is deﬁned by
s(x, y, z) = Ax2 + By 2 + Cz 2 + Dxy + Eyz + F xz + Gx + Hy + Iz + J.

(12)

Parameters A–J are determined by the least squares method using the 3×3×3 array of similarities and their coordinates. Once A–J are determined, the maximum (for cross-correlation
and mutual information) or minimum (for sum of absolute diﬀerences and distance measure)
of s(x, y, z) is determined by computing its derivatives with respect to x, y, and z; setting
them to zero; and solving the obtained system of three linear equations for x, y, and z. In
our implementation, after corresponding control points are determined, this method is used
to determine the correspondences with subpixel accuracy.

3.3

Search techniques

To ﬁnd the best-match position of a template in an image, diﬀerent search techniques can
be used. Coarse-to-ﬁne search and optimization algorithms are the most popular ones.
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 increased in two to three
steps until full-resolution images are obtained. At each step, possible match positions are
determined with associated conﬁdence levels and a search at a higher resolution is performed
only at high conﬁdence matches. This technique has been used in 2-D template matching
using sum of absolute diﬀerences [29, 38] and cross-correlation coeﬃcient [17], but the idea
is general and can be used in 3-D template matching also.
Optimization techniques require that an approximate match position be provided. Then,
the accurate match position is determined by an iterative process while optimizing a criterion.
Typical approaches are hill climbing [28], gradient descent [10], simulated annealing [21], and
evolutionary algorithms [11]. Such algorithms 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 also can ﬁnd the solution in a small number of steps. Trying to speed up the
search using an optimization process may actually slow down the process because of the
overhead involved in the optimization. In our implementation, the user is allowed to approximately align the images; therefore, the search area is small, and so we use an exhaustive
search to locate the best match position of a template in the reference image.
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4

Computing the registration parameters

Given a set of corresponding control points in two images, we would like to determine the
translational and rotational diﬀerences between the images. Let’s denote the translational
and rotational diﬀerences between the image by T and R, respectively, and the coordinates
of corresponding control points by {pi = (xi , yi, zi ), Pi = (Xi , Yi, Zi ) : i = 1, . . . , p}. Then,
we can write
pi = RPi + T + Ni,

(13)

where Ni is the unknown inaccuracy associated with the ith control point correspondence.
The translation vector T and the rotation matrix R can be determined by minimizing
E2 =

p

i=1

||pi − (RPi + T)||2.

(14)

An eﬃcient algorithm for determining R and T has been given by Arun et al. [3]. In this
method, ﬁrst, the rotation matrix is obtained by minimizing
ER2 =

p

i=1

||Qi − Ri qi ||2 ,

(15)

where Qi = Pi − P̄, qi = pi − p̄, and P̄ and p̄ are the centers of gravity of the control
points in the target and reference images, respectively. Then, knowing the rotation matrix,
the translation vector T is determined from
T = P − Rp.

(16)

If exact control point correspondences were known, the translational and rotational differences between the images could be determined from the coordinates of only three corresponding control points in the images by solving a system of linear equations. However, some
quantization and matching errors are expected in the coordinates of corresponding control
points. When control point correspondences contain errors, more than three control point
pairs are needed to determine the registration parameters by the least-squares method as
outlined above. Our experiments have shown that if the four most accurate correspondences
are used, a better result will be obtained than using more than four correspondences, some of
which are not as accurate. Therefore, we use the coordinates of the best four correspondences
in the images to determine the registration parameters.

5

Determining the best four correspondences

Registration by matching templates has advantages over methods that match entire images.
When entire images are matched, noise and dissimilarity between images average out, inﬂuencing the registration result. However, if a number of matches is established between images
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through template matching, the inaccurate ones can be discarded, and only the accurate ones
can be used to ﬁnd the registration parameters.
To distinguish the inaccurate matches from the accurate ones, we compare the lengths
of edges connecting corresponding control points in the images. 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 corresponding point pairs in the images are the same the point pairs
will correctly correspond to each other, but the probability that two matches shift by exactly
the same amount and in exactly the same direction is extremely small. Therefore, for an
overwhelming majority of the cases, this test is suﬃcient to ﬁnd accurate corresponding
control points in the images. To make the process more reliable, multiple tests are performed
to identify an inaccurate match from the accurate ones.
To choose the best p correspondences from among the available P matches, we ﬁnd distances between point pairs in each image and list corresponding point pairs in the ascending
order of the diﬀerence between corresponding distances and take p of the points starting
from the top of the list. In our case, p = 4 and, therefore, we use 4 pairs of corresponding
points to determine the registration parameters. To further test the correctness of the selected 4 correspondences, we use 4 more correspondences in the list and by determining the
transformation functions with combinations of the points, 4 at a time, determine whether
all combinations produce similar parameters or not. If a combination produces a set of parameters diﬀerent from other combinations, we ﬁnd the control point that is not in the set of
control points producing similar parameters and remove it. If that control point happens to
be among the top 4, obviously, the control point will be removed and the next control point
in the list will be selected to determine the registration parameters. As we go down the list,
error between corresponding point pairs increases. Selecting the best 4 correspondences is a
way of eliminating the less accurate ones as well as the outliers. Other methods to remove
outliers have been proposed [12, 20, 32].
An alternative method for distinguishing the accurate matches from the inaccurate ones
is to examine the geometries of the components of the transformation function that map one
image to another [30]. A transformation function for registering volumetric images has three
components:
X = fx (x, y, z)

(17)

Y = fy (x, y, z)

(18)

Z = fz (x, y, z)

(19)

where (x, y, z) and (X, Y, Z) are coordinates of corresponding control points in the reference
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and target images, respectively. Given a point in the reference image, the components of a
transformation determine coordinates of the corresponding point in the target image. The
target image can be resampled in this manner to overlay the reference image. Since we are
considering registration of brain images of the same patient and we expect only translational
and rotational diﬀerences between the images, the components of the transformation are
linear. If the control point correspondences are accurate, we will obtain a plane representing
each component of the transformation. However, if the control point correspondences are
inaccurate, the functions will not be linear. To detect the inaccurate correspondences, we
will represent each component of the transformation by a nonlinear function, such as the
thin-plate spline [15] or the rational Gaussian surface [16], and observe the gradients of the
surfaces. Constant gradients in all three components of the transformation will be evidence
that all correspondences are accurate. Variations in gradients in the neighborhood of a match
in any of the components of the transformation is evidence that the match is not accurate.
In this manner, accurate and inaccurate matches can be distinguished from each other. In
this work, the former method is used to select the best four matches from among a dozen
matches obtained by template matching.

6

Results

We have implemented an image registration method that uses template matching to determine a dozen corresponding control points in the images with subpixel accuracy and uses
the best four correspondences to determine the registration parameters. Mutual information
is used as the similarity measure.
The accuracy of the proposed registration method on eight sets of single-modality MR
brain images from the Vanderbilt dataset [39, 40] are shown in Table 1. Each image pair
was approximately aligned using the mouse device within a 15-second time limit. 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 used
as corresponding control points, the inaccurate correspondences were removed as outlined
above, and the best four correspondences were used to compute the registration parameters.
Entries in Table 1 show mean, median, and maximum errors for each dataset. After
determining the registration parameters from four corresponding control points in the images,
the target image was resampled to overlay the reference image. Since template matching
accuracy is inﬂuenced by rotational diﬀerences between images caused by the approximate
registration, after the initial registration, the target image was replaced with the resampled
target image and the new target image was assumed to approximately register with the
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Table 1: Mean, median, and maximum errors (in mm) of the proposed image registration
method using 8 single modality MR images from the Vanderbilt dataset [39, 40]. Errors
achieved by the best method are shown in parentheses.
Data Set
1
2
3
4
5
6
7
8

Mean
3.23 (2.78)
1.75 (1.81)
2.01 (1.65)
4.03 (2.58)
2.79 (3.06)
3.52 (3.46)
2.64 (2.54)
2.10 (2.62)

Median Maximum
3.20 (2.80) 3.46 (2.90)
1.77 (1.82) 1.92 (1.88)
2.07 (1.61) 2.61 (2.12)
3.99 (2.62) 4.47 (2.12)
2.62 (2.99) 3.71 (3.36)
3.48 (3.36) 4.12 (4.19)
2.67 (2.41) 3.74 (3.45)
2.10 (2.66) 2.84 (3.31)

reference image. The automatic template selection and template matching process was
repeated to determine the new registration parameters. The results summarized in Table
1 are, therefore, after two iterations of our method. The brain images used originally had
external ﬁducial markers. The markers were visible in the images and so they were used
by West et al. [39] to register the images. We used the registration results obtained with
the ﬁducials as the gold standard. The images we received did not have the ﬁducials and
therefore we had to automatically ﬁnd a set of corresponding control points in the images by
template matching. Our results in Table 1 are comparable to the best results available today
[33, 40]. Our overall mean and median errors are only 0.2 mm and 0.15 mm, respectively,
larger than those of the best method, and our overall worst error is no worse than that of
the best method by 0.27 mm. The errors for the best method are shown in parentheses in
this table.
To determine the accuracy of our registration method on multimodality images, 13
datasets, again prepared by West et al. [39, 40], were used. The ﬁrst 7 datasets contain MR
and CT images and the last 6 datasets contain MR and PET images. Each dataset contains
from a few to a dozen image pairs, resulting in a total of 106 image pairs. Mean, median,
and maximum registration errors in each dataset are computed and listed in Table 2. The
registration results using the ﬁducials as produced by West et al. [39] were used as the
gold standard to determine the registration accuracy reported here. Again, since the images
we used did not contain ﬁducials, corresponding control points were determined by template
matching. The results shown in Table 2 are also after two iterations of the template-matching
process. First, the images were aligned approximately through an interactive step. Then, the
approximate registration was reﬁned through template matching. The obtained registration
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Table 2: Mean, median, and maximum errors (in mm) of the proposed image registration
method when using the 13 multimodality images in the Vanderbilt dataset [39, 40]. Corresponding errors by the best available method [33, 40] are shown in the parentheses.
Data Set
1
2
3
4
5
6
7
8
9
10
11
12
13

Mean
3.00 (2.16)
2.52 (1.49)
2.93 (2.02)
1.83 (0.86)
1.59 (0.84)
2.22 (1.08)
2.17 (1.02)
3.05 (7.35)
3.76 (4.09)
3.26 (8.41)
4.37 (9.71)
2.77 (2.18)
3.52 (3.55)

Median
2.81 (2.09)
2.29 (1.47)
2.41 (2.01)
1.70 (0.88)
1.27 (0.66)
2.11 (0.78)
2.12 (0.98)
3.12 (3.27)
3.74 (2.62)
3.13 (2.50)
4.16 (2.96)
2.82 (2.13)
3.72 (2.22)

Maximum
6.28 (3.75)
6.28 (2.68)
5.24 (4.47)
4.11 (1.84)
4.45 (1.97)
5.56 (3.89)
4.65 (2.04)
6.74 (62.17)
9.44 (23.45)
8.99 (64.24)
10.90 (72.01)
4.81 (5.03)
7.63 (14.03)

was assumed an approximate registration and again reﬁned through template matching.
Overall mean, median, and maximum errors of our method are 2.85 mm, 2.72 mm, and
6.54 mm, respectively, while those of the best method are 3.44 mm, 1.89 mm, and 20.12 mm,
respectively. We see that our median error is worse than that of the best method, but our
mean and max errors are better than those of the best method. Our method seems to be more
stable in producing the results because it selects similar image areas in the matching while
avoiding use of dissimilar areas. However, in cases where images have no partial intensity
and/or geometric diﬀerences, use of whole images tends to produce more accurate results
than use of templates.
It should be mentioned that the images prepared by West et al. [40] represented all
pre-surgical images. Therefore, the image pairs used in the registration did not have partial geometric diﬀerences. We believe, if the images to be registered represent pre- and
post-surgical images, then, due to partial geometric diﬀerences between images, our image
registration method will perform better than methods that use whole images in the registrations. A simple demonstration of this is made below by using the pre- and post-surgical
images shown in columns 3 and 4 of Figure 1. Using template matching, we obtain the
registration result shown in Figure 3a, while using entire images, we obtain the registration
result depicted in Figure 3b. Mutual information was used as the similarity measure in both
cases. Since a gold standard is not available in this case, quantitative comparison of the
18

(a)

(b)

Figure 3: (a) Registration of the images shown in columns 3 and 4 of Figure 1 using template
matching. (b) Registration of the same images using the entire images. To compare the
quality of registration by the two methods, the edges of the target image were overlaid with
the reference image .
errors is not possible. After determining the registration parameters by the two methods,
3-D edges of the target image were determined and instead of resampling the target image to
overlay the reference image, the target image edges were resampled to overlay the reference
image. The cross-sections of the overlaid images are shown in Figure 3. Same cross-sections
of the reference image are shown in Figures 3a and 3b. Corresponding cross-sections of the
target image are also shown in these images. We observe diﬀerences in registration by the
two methods. We see that edges in Figure 3a are more accurately aligned with structures in
the reference image than edges in Figure 3b.
Computation time for each iteration of the proposed image registration on images of size
256 × 256 × 256 voxels is about 2 minutes on a 400 MHz PC. If the images are rotationally
aligned well, a single iteration is suﬃcient to bring the images into registration. However, if
19

the images are not rotationally aligned well, a few iterations are needed to bring the images
into registration.

7

Conclusions

Matching templates (subvolumes) rather than entire image volumes allows use of information
in similar areas in images for matching. Template matching makes it possible to eliminate
the inaccurate matches and use only the accurate ones in determination of the transformation parameters. Only four corresponding control points are suﬃcient to determine the
translational and rotational diﬀerences between brain images of a patient. It is better to use
four correspondences that are accurate than more than four correspondences, some of which
are inaccurate. Therefore, in our method, ﬁrst, about a dozen control point correspondences
are determined by template matching. From among the dozen correspondences, the best four
are selected in such a way that corresponding distances between corresponding point pairs
in the images are the closest, and from the four correspondences, registration parameters are
determined.
Our method is currently being used in a clinical setting to register multimodality brain
images at Wallace-Kettering Neuroscience Institute, Kettering, Ohio. Our software requires
only a few minutes to register multimodality images and its accuracy is a few millimeters
for images in the Vanderbilt dataset [39].
Finally, it should be mentioned that if the images to be registered do not have partial
intensity and/or geometric diﬀerences, use of entire images in the registration may produce
more accurate results than use of templates. This is because the former uses entire image
information to determine the registration parameters while the latter uses partial image
information to do the same. The additional accuracy gained, however, will be at the cost of
a slower registration speed.
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