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A Protocol for Evaluation of Similarity Measures for
Rigid Registration
Darko Škerl, Boštjan Likar, and Franjo Pernuš*

Abstract—The accuracy and robustness of a registration method
depend on a number of factors, such as imaging modality, image
content and image degrading effects, the class of spatial transformation used for registration, similarity measure, optimization, and
numerous implementation details. The complex interdependence
of these factors makes the assessment of the influence of a particular factor on registration difficult, although it is often desirable to have some estimate of such influences prior to registration.
The similarity measure used to create the cost function is one of
the factors that most influences the quality of registration. Traditionally, limited information on the behavior of a similarity measure is obtained either by studying the quality of the final registration or by drawing plots of similarity measure values obtained
by translating or rotating one image relative to the “gold standard.” In this paper, we present a protocol for a more thorough,
optimization-independent, and systematic statistical evaluation of
similarity measures. This protocol estimates a similarity measure’s
capture range, the number, location and extent of local optima, and
the accuracy and distinctiveness of the global optimum. To show
that the proposed evaluation protocol is viable, we have conducted
several experiments with nine similarity measures and real computed tomography and magnetic resonance (MR) images of a spine
phantom, MR brain images, and MR and positron emission tomography brain images, for which “gold standard” registrations were
available. We have also studied the impact of histogram bin size
on the behavior of nine similarity measures. The proposed evaluation protocol is useful for selecting the best similarity measure
and corresponding optimization method for a particular application, as well as for studying the influence of sampling, interpolation,
histogram bin size, partial image overlap, and image degradation,
such as noise, intensity inhomogeneity, and geometrical distortions
on the behavior of a similarity measure.
Index Terms—Evaluation, image registration, similarity measure, validation.

I. INTRODUCTION

M

EDICAL diagnosis, therapy planning, execution, and
assessment, and the study of normal and pathological
states of large populations can be improved by the integration of
complementary information from images acquired by different
imaging modalities, like computed tomography (CT), magnetic
resonance imaging (MRI), and positron emission tomography
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(PET) [1]–[11]. Image registration, by which images of the
same anatomical structures, acquired using the same or different modalities, are brought into the best possible spatial
correspondence with respect to each other, is the fundamental
step of information integration. Registration of two images
is considered a nontrivial problem because of possible large
differences in image contents. The differences may be due to
natural biological variations, different types of biological information in the two images (e.g., structural versus functional),
modality specific image degradations, patient positioning in
the scanners, and patient related changes over time, which are
either the consequence of aging, the progress of disease, or
effects of therapy. Registration techniques applied to medical
images have been reviewed in a number of surveys [1], [12],
[13]. In the past, registration methods have mostly relied on
matching corresponding features in the images to be registered,
but more recently, interest has been directed to measures of
global correspondence obtained directly from image intensities,
the so-called similarity measures. Registrations based on similarity measures adjust the parameters of an appropriate spatial
transformation model until the similarity measure reaches an
optimum. Given the images to be registered and the spatial
transformation model, the outcome of a registration task mainly
depends on the similarity measure and the optimization method.
The complex interdependence of the similarity measure and
optimization assesses the effect of each on the registration
result difficult even for very specific registration tasks.
A similarity measure can be looked upon as a function mapping from -dimensional real space to a subset of the real line,
is the number of parameters (degrees of freedom)
where
of the parametrical spatial transformation model. For example,
for rigid registration of two–dimensional (2-D) or three–dimensional (3-D) images is 3 or 6, respectively. In an ideal case,
the -dimensional parametrical space, in which the function
value at each location corresponds to the value of the similarity measure for that transformation estimate, would contain a
sharp maximum (minimum) with monotonically decreasing (increasing) values with distance away from the optimum. The limited range of transformations around the optimum for which the
value of the similarity measure is a monotonic function of misregistration is called the capture range. The distance from an optimum to which registration converged to the ground truth transformation is the registration accuracy. Some of the local optima
may be very small, caused by interpolation artifacts and/or by
good local matches between voxel (pixel) intensities. Robustness is the ability of a registration method to produce similar results on all trials [14], i.e., regardless of the starting position and
differences in image contents, which may be true variations, a
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consequence of image degrading effects, or both. Ideally, a similarity measure, together with the optimization method, should
provide accurate and robust registrations.
Each of the numerous similarity measures introduced in the
past has different properties, and is thus differently sensitive
to the imaging modality, image content and differences in
image content, sampling, interpolation, histogram bin size,
partial image overlap, and image degradation, such as noise,
intensity inhomogeneities, and geometrical distortions. To be
able to choose the most appropriate similarity measure and its
implementation, as well as the optimization method, it is often
desirable to have some a priori information on the behavior
of the similarity function with regard to the factors above.
However, even in the simple case of rigid registration of two
2-D images, which requires optimization of three parameters,
the parameter space is too large to thoroughly analyze the similarity function at every point of the space. Limited information
on the similarity measure may, however, be obtained from the
accuracy and robustness of the registration itself. A number of
studies comparing several different similarity measure-based
registration methods have been published in the past [15]–[23]
(see [2] and [3] for more references). Researchers have used
different approaches to evaluate these methods. If the correct
registration (“gold standard”) is known, registration results of
images registered from one or many starting estimates may be
analyzed [15], [19], [20]. If the “gold standard” registration
is not available or if it is not accurate enough, registration
accuracy may be quantified by visual evaluation of registration
estimates [15], [24]–[27] or by assessing the consistency of
transformation [20], [28]–[30].
More directly, in order to exclude the impact of optimization,
similarity measures may be evaluated by drawing plots or traces,
showing their behavior when one image is systematically translated from and/or rotated relative to the “gold standard” registration position [2], [29], [31]–[35]. This more direct evaluation,
like evaluation via registration, gives limited information on the
behavior of a similarity measure because it is evaluated only at
a very small fraction of the parameter space. In addition, the information obtained is qualitative in nature.
In this paper, we present an extended evaluation protocol with
the goal of developing a more thorough, optimization-independent, and systematic statistical evaluation of similarity measures
used for rigid registration of medical images [36]. To the best of
our knowledge, no protocols exist to evaluate a similarity measure in this way. The proposed protocol has been developed and
made publicly available with the aim of helping researchers to
evaluate and compare novel and improved similarity measures
and to select the similarity measure, which best suites a specific
registration task. The main purpose of the study is to present
the evaluation protocol and to show, by using it on various similarity measures, that it is viable. All similarity measures were
evaluated in the parameter space characterized by the six parameters (three translations and three rotations) of the rigid spatial
transformation. The measures were computed using the 2-D histogram or joint probability distribution of the two images. The
evaluation has been performed on real CT and MR images of a
spine phantom, real MR images of the brain, and real MR and
PET images of the brain, for which “gold standard” registrations
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were available. We have also used the protocol to study the impacts of histogram bin size on the behavior of the nine similarity
measures.
II. EVALUATION PROTOCOL
The complex interdependence of the similarity measure and
optimization method, which mainly influence the outcome of
image registration, makes the assessment of the effect of each
of them on the registration difficult. Therefore, we have devised
an evaluation protocol that excludes the impact of optimization
and enables the evaluation of the similarity measure only. The
evaluation protocol requires that images typical for a specific
registration task and a “gold standard” registration transformation relating these images are given. The continuous space of
transformation parameters is first normalized and systematically
sampled. Next, similarity measure values are defined for spatial transformations corresponding to sampled positions of the
parametrical space. Finally, statistical estimates of the accuracy,
capture range, distinctiveness of the global optimum, and robustness of a similarity measure are defined by examining the
similarity measure values at sampled positions and comparing
it to that at the “gold standard” position. In the next sections, the
individual steps are described in more detail. It is obvious that
the estimate of the behavior of a particular measure is improved
both by using a larger set of images and denser sampling of the
parameter space.
A. Parametrical Space Normalization and Sampling
The parameter space, characterized by the
parameters of
the spatial transformation that is supposed to bring two images
into correspondence, is first normalized so that equal changes of
each of the parameters in the normalized parametrical space
produce approximately equal voxel shifts when averaged over
the whole image volume. This can be achieved either experimentally by analyzing the effects of individual parameters on
transformation, or analytically by defining a metric on transformation magnitude and normalizing the parameters accordingly. We propose a normalization such that a unit change in
any transformation parameter causes the same mean shift in
voxels. This normalization is done so that a Euclidean metric
can be used on the parameter space to determine distances between transformations. We can, for example, measure the distance of a given transformation from the transformation at which
the images are best aligned (“gold standard”), or its distance
from the transformation for which a given similarity measure
of the -dimensional parametis maximal. Let the origin
rical space be at the known “gold standard” position and let
be the value of a similarity measure for the spatial
in
transformation defined by location
are defined
this space. Similarity measure values
and
for image pairs, with the reference image at the origin
the floating image transformed from the origin to
. The
image pair is registered at the “gold standard” position. The
, values
points evenly spaced along
are defined on lines and at
each line. Each of the lines is defined by a randomly selected
at a distance from the origin and
starting position
. All starting points are thus randomly
its mirror point
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Fig. 1. The 2-D parametrical space probed by randomly selected lines (top left), a similarity measure’s profile SM(
) along one line with global maximum
at
and closest minimum at
(middle left), corresponding positive gradients
(bottom left), and a typical trace of the Woods criterion similarity
for an image pair from Set 1a (right).
measure and corresponding positive gradients

X

X

d

d

and uniformly distributed on the surface of a hypersphere with
. Each of the
parameters therefore
radius
has the same expected sampling density. Fig. 1 illustrates the
2-D parametrical space probed by lines.
B. Similarity Measure (SM) Properties
Each original similarity measure value
malized to the interval [0, 1]

is nor-

(1)

and
are the minimal and maximal
where
similarity measure values before normalvalues of
ization, respectively. If a similarity function is such that its
minimum is sought for by optimization, the similarity measure
is replaced by . Each of the
value
sets of
normalized similarity measure values
defines a similarity measure profile (Fig. 1, middle).
be the posiLet
the value of the global maximum of the
tion, and
be the position
similarity measure along line , and let
of the minimum closest to
. Looking from the global
outwards, let
be the positive similarity
maximum
measure gradient (Fig. 1, bottom), as shown in (2) at the top of
the next page.
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and
and

The behavior of a similarity measure is assessed by five
properties: accuracy, distinctiveness of the global maximum,
the capture range, number of minima, and risk of nonconvergence. All properties are statistical estimations, derived from
, similarity measure values
the “gold standard” position
, and positive gradients
.
Accuracy (ACC) of a similarity measure is defined as the root
between the origin
mean-square of distances
and each of the
global maxima

ACC

(3)

We next examine the estimation of the uncertainty of the location of the global maximum, i.e., the behavior of the similarity
measure in the neighborhood of the global maximum. When approaching the global maximum, the similarity measure may rise
steeply and then, after reaching the maximum, fall quickly as
well, causing a sharp (distinctive) peak at the global maximum.
Alternatively, it can rise and fall slowly, which is reflected in a
flatter (indistinctive) maximum. We assess this information by
the measure of distinctiveness DO, which is the average change
of the similarity measure value near the global maximum. Distinctiveness is defined as a function of distance
from the maximum, where
is the distance between two consecutive points along a line, and
is the number of steps

DO
(4)
disCapture range (CR) is defined as the smallest of the
tances between positions of global maxima and closest minima
along each line

(2)

indicates that a similarity measure
A large value of RON
has distinctive and/or broader local maxima to which optimization may converge.
The better a similarity measure, the smaller the values of
the accuracy, number of minima, and risk of nonconvergence,
and the larger the values of capture range and distinctiveness of
optimum.
C. Implementation of the Evaluation Protocol
The similarity measure evaluation process, which consists of
three steps, i.e., sampling of the parameter space, computation
of similarity measure values, and computation of similarity measure properties, is illustrated in Fig. 2. Sampling and normalization of the parameter space require that the “gold standard” reg, and are known. Similarity
istration and the values of
are computed in the second step
measure values
and finally passed to the
for the set of sampling points
third step, which computes the five properties of the similarity
measure. The first step, i.e., parametrical space sampling, and the
third step, i.e., computation of similarity measure properties, do
not depend on the specific implementation of a similarity measure. Consequently, the first and the third steps have been made
publicly available.1 After the user submits the dimension of the
parametrical space, normalization parameters, number of lines
, number of points on the line
, radius of the hypersphere
, and “gold standard” registration parameters, a set of sampling
is automatically compoints (spatial transformations)
puted and returned to the user. The user should then compute the
and resubmit them
values of his similarity measure
together with the set
. Based on these data the similarity
measure properties are computed in the last step of the evaluation
process and returned to the user. This online implementation also
enables comparative evaluations of different implementations of
similarity measures between research groups.
III. EXPERIMENTS AND RESULTS
A. Similarity Measures

CR

(5)

Number of minima NOM
is the sum of minima of the
global
similarity measure within distance of each of the
maxima, i.e., a cumulative number of minima as a function of
distance .
is the property that deRisk of nonconvergence RON
scribes the behavior of a similarity measure around the global
maxima. It is defined as the average of positive gradients
within distance from each of the global maxima

RON

(6)

We have implemented and evaluated nine similarity measures: 1) mutual information [26], [31]; 2) normalized mutual
information [33]; 3) entropy correlation coefficient [31]; 4)
joint entropy [37], [38]; 5) point similarity measure based on
mutual information [39]; 6) a modified point similarity measure
based on mutual information [39]; 7) energy of the histogram
[17]; 8) correlation ratio [40]; 9) Woods criterion, [41], which
are capable of registering images of different modalities. All
similarity measures were applied to overlapping voxels of the
floating (transformed) and reference (target) images and formulated on the 2-D joint histogram or joint probability distribution
of the intensities of the two images. The overlapping region,
denoted by , is the subset of voxel locations of the reference
1http://lit.fe.uni-lj.si/Evaluation
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Fig. 2. Illustration of the similarity measure evaluation process.

image , whose corresponding locations are in the space of the
, where is the rigid
floating image , i.e.,
parameters. The intensity of a
transformation defined by
voxel located at in the transformed image
is denoted by
and the corresponding intensity in the reference image
by
. In general, the transformed image
will not
coincide with a grid point of reference image and, therefore,
interpolation of the reference image is needed to define
.
The sets of intensities of the overlapping voxels of the floating
and
and reference images are referred to as
, respectively. The (marginal) probabilities
in
(frequency of occurrence of
of observing intensity
) or the intensity
in
are denoted by
and
,
respectively. The joint probability of observing the pair of
at corresponding voxel locations is denoted
intensities
. The most straightforward way to estimate the
by
marginal and joint probability distributions of intensities is to
. Entries in
compute the joint histogram of intensities
each histogram bin, defined by a pair of intensities
,
denote the number of times intensity in the floating image
coincides with intensity in the reference image . Dividing
the entries by the total number of entries in the histogram
yields a probability distribution. The marginal probability
distributions are found by summing over the rows and columns,
and
be the
respectively, of the histogram. Let
and , respectively, and let
Shannon entropies of images
be the joint entropy of the two images
(7)
The mathematical definitions of the nine implemented similarity measures, each of which was computed from the joint
are the following.
intensity histogram
1) Mutual information (MI) [26], [31]
(8)

2) Normalized mutual information (NMI) [33]

(9)
3) Entropy correlation coefficient (ECC) [31]

(10)
4) Joint entropy (H) [37], [38]

(11)
to make the
The original joint entropy is multiplied by
optimum a maximum instead of a minimum.
5) Point similarity measure based on MI (PSMI) [39]

(12)
(13)
PSMI should be initialized by defining
close to the
global maximum. We have therefore initialized PSMI by
at the maximum obtained by MI.
computing
6) Modified point similarity measure based on MI (PSUH)
[39]

(14)
(15)
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Fig. 3. Slices of images from Sets 1a (first row), 1b (second row), 2 (third row), and 3 (fourth row).

PSUH should be initialized by defining
close to the
global maximum. We have therefore initialized PSUH by
at the maximum obtained by MI.
computing
7) Energy of histogram (E) [17]

(16)
8) Correlation ratio (COR) [40]

(17)
9) Woods criterion (WC) [41]

(18)

where

where
is the average intensity in image inside sub, i.e., subregions of the overlapping
regions
region , where image intensities in image are .
is the number of voxels in subregion
. The original WC
criterion is multiplied by
to make the optimum a maximum instead of a minimum.
B. Test Images
Five sets of real 3-D images were used in the experiments.
“Gold standard” registrations for images in each set were
known.
• Set 1a [42]: Registered T1, T2, and PD-weighted MRI
brain images (256 256 25 voxels, 8 bits) of a normal
volunteer (Fig. 3, Table I).
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TABLE I
FLOATING IMAGE SIZES, VOXEL SIZES, TRANSLATION AND ROTATION UNITS OF NORMALIZED PARAMETRICAL SPACE,
RADIUS R, NUMBER OF LINES N , NUMBER OF POINTS ALONG A LINE M , AND DISTANCE 
BETWEEN TWO CONSECUTIVE POINTS ALONG A LINE FOR THE FIVE IMAGE SETS

• Set 1b [42]: Registered T1, T2, and PD-weighted MRI
brain images (256 256 20 voxels, 8 bits) of a tumor
patient with multiple meningioma lesions (Fig. 3, Table I).
• Set 2 [9][43]: MR T1 volume of interest (VOI)
(238 238 22 voxels, 8 bits) containing vertebra L3 of a
lumbar spine phantom and the CT image (512 512 233
voxels, 8 bits) of the L1-L5 segment (Fig. 3, Table I).
• Set 3 [18]: MR T2 (256 256 26 voxels, 8 bits) and PET
(128 128 15 voxels, 8 bits) images of the head (Fig. 3,
Table I). The images were from patient 1 of the Retrospective Image Registration Evaluation (RIRE) study [18].
Because “gold standard” registrations were not communicated to the participants of the study, we have obtained the
“gold standard” registration by multifeature mutual information registration [44]. This “gold standard” registration,
as revealed by the authors of RIRE, was very close (mean
mm) to the “true gold standard” defined by
fiducial markers.
• Set 4: Ten sets of registered MR T1, T2, and PD
(181 217 181 voxels, 8 bits) images of the head
from the ICBM image database.2
C. Implementation Details
We applied partial volume interpolation [31] to compute the
joint histogram. For image pairs in Sets 1 and 4, the “gold standard” registration transformation was 0, i.e., the image pairs
were aligned, therefore no interpolation was needed at the “gold
. To avoid grid alignment at point
standard” position
which could favor “gold standard” registration, each floating
to
and resampled
image was first transformed from
using trilinear interpolation. Next, the joint histogram between
the floating and the target image was formed, taking into account
and
. For image pairs
the transformation between
from Sets 2 and 3, which contained nonaligned images of different modalities and different voxel sizes, image resampling
was not needed because the “gold standard” registration transformation was not 0. The value of a similarity measure at
was thus obtained by transforming the floating image from
directly to
.
All nine similarity measures were evaluated in the parameter
space characterized by the six parameters (three translations and
three rotations) of a rigid spatial transformation. The parameter
space was first normalized so that 10% of the minimal dimension of the floating image represented a translation unit. The
unit for rotation was chosen in such a way that a rotation and
2http://www.loni.ucla.edu/ICBM/

translation of the floating image for one unit produced approximately equal voxel shifts when averaged over the whole image
volume. The radius of the hypersphere was set to three units,
i.e., 30% of the minimal dimension of the floating image. By setto 200, the distance
,
ting the number of points
between two consecutive points along a line was much smaller
than the smallest voxel dimension of any image on which the
was deprotocol was tested (Table I). The number of lines
fined experimentally by increasing from 5 to 50 (step 1) and
estimating the five properties of a similarity measure at each
. Based on the experiments, which revealed that the values of
the five properties stabilized after
reached 40,
was set to
50. Table I gives the image and voxel sizes, translation and rotation units of the normalized parametrical space, radius of
the probed parametrical space, number of lines , number of
points along a line , and distance between two consecutive
points along a line for the image sets used in the experiments. In
all results, accuracy and capture range are given in millimeters,
distinctiveness of optimum in 10 /mm and risk of nonconvergence in 10 /mm.
D. Experimental Results
In the first experiment, the behavior of the nine similarity
measures on images of different modalities (MR T1-T2,
MR-CT, and MR-PET) and of different anatomical structures
(head and spine) was studied. Results are presented in Table II.
For each property, the left column gives the results for MR
T1-T2 images (Set 1a), the middle for MR-CT images (Set 2),
and the right for MR-PET images (Set 3). The floating images were the MR T1, MR, and PET images, respectively. The
number of bins was 256 for all three image pairs. In this and
all the following results, RON and NOM are used for
and
, respectively. The numbers printed in bold represent the best, and the ones in italic the worst values in a column.
When comparing the similarity measure properties across image
sets, one must bear in mind that and for MR-CT (Set 2)
were approximately three times smaller than and for images
from the other two sets (Table I). The results for MR T1-T2 images indicate that MI, NMI, ECC, H, PSMI, PSUH, and COR
were the most accurate, had the most distinctive global maximum, and the largest capture range. However, as NOM and
RON indicate, all these measures except PSMI and PSUH were
not as smooth as some of the other measures. For MR-CT images, the same similarity measures as for MR T1-T2 images, except H and PSUH, performed the best. The joint entropy H and
PSUH similarity measures had small capture ranges, but unlike
H, the risk of nonconvergence of PSUH was small, indicating

NOM

RON
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TABLE II
ACCURACY (ACC), DISTINCTIVENESS OF OPTIMUM (DO), CAPTURE RANGE (CR), NOM, AND RISK OF NONCONVERGENCE (RON) OF NINE SIMILARITY
MEASURES APPLIED TO MR T1-T2, MR-CT, AND MR-PET IMAGE PAIRS OF SETS 1a, 2, AND 3, RESPECTIVELY. THE NUMBERS
PRINTED IN BOLD REPRESENT THE BEST AND THE ONES IN ITALIC THE WORST VALUES IN A COLUMN

that PSUH had very few and small local maxima, but at least
one close to the global maximum. WC performed better on these
images than on MR T1-T2 images. It was accurate but had many
more minima than the measures that behaved best. The capture
ranges of all similarity measures applied to MR-PET images
were small, as was expected for these modalities. The capture
range of PSMI was 4 mm, and of all the others only 0.4 mm,
which was the distance from the “gold standard” position to
the closest probed site. PSMI was the smoothest, i.e., had the
smallest NOM and RON values. The results suggest that for registering MR-PET images of the brain the PSMI similarity measure could be applied first, followed by COR or PSUH, which
are accurate, but have larger NOM and RON values. According
to [41], WC was intended for MR-PET registration. However,
the results in Table II indicate that on these images WC did not
perform better than the measures based on Shannon entropy, especially when smoothness was taken into consideration.
The results in Table II were obtained on only one image pair.
Therefore, in the next experiment, we used the ten MR image
pairs from Set 4 to analyze how the properties vary with a larger
number of image pairs. The results are presented only for MR
T1-T2 images (Fig. 4). For these images, the MR T2 image was
the floating image and the number of histogram bins was set
to 64. For all similarity measures, the distribution of each property is presented in the form of a box-whiskers diagram (Fig. 4),
showing the minimum, maximum, median, first, and third quartile of the distribution. The variability of properties of Shannon
entropy-based similarity measures was rather small compared
with the variability of the other three measures. The differences
between the first and third quartile values show that the capture range of E varies more extensively. Similar results were
obtained for MR T1-T2 images (Fig. 4) as to MR T1-PD and
MR T2-PD image pairs. Although images in Set 1a and Set 4
had differing voxel sizes, dimensions, and origin, the behavior
of similarity measures using MR T1-T2 image pairs (Table II)
very much resembled the behavior of similarity measures presented in Fig. 4.
We have performed the paired Student’s -test between all
combinations of similarity measures and for all five properties.
The values indicated that regarding accuracy the Shannon entropy-based similarity measures behaved similarly and that they
different from the
were statistically significantly
other three measures (E, COR, WC).

Additional information on the behavior of a similarity
measure may be obtained by plotting the number of minima
and risk of nonconvergence
as functions
of distance from the global maximum. Fig. 5 shows the
average cumulative number of minima and average
for the noninformation-based measure COR, the symmetric
measure NMI, entropy H, and the asymmetric measure WC
applied to ten MR T1-T2 images of Set 4. In this experiment,
the number of histogram bins was 64. The total number of
of H and WC (Fig. 4) was almost the same,
minima
however, as Fig. 5 shows, WC had more minima close to the
global maxima than H. The number of minima of WC and H
significantly increased at the distance 7 and 30 mm from the
global maxima, respectively. NMI and COR had fewer minima
and these minima were far away from the global maxima. The
plots of RON are similar to the plots of NOM, indicating that
for these measures and images the risk of nonconvergence is
mainly due to the number of minima.
We have also conducted an experiment in which we exchanged the MR T1 and MR T2 images in Set 4 so that MR
T1 instead of MR T2 was the floating image. The properties
of the nine similarity measures and relations between them
did not change significantly. On the average, ACC, DO, CR,
NOM, and RON properties changed 30%, 16%, 12%, 19%, and
37%, respectively. The largest changes were observed for WC,
which was expected, because WC is an asymmetric similarity
measure.
In the next experiment, we evaluated the behavior of the nine
similarity measures when applied to MRI T1, T2, and PD images of a normal brain (Set 1a) and to a brain with lesions. Tables III and IV, respectively, show the results. The T1 image was
the floating image for T1-T2 and T1-PD image registrations and
the T2 image for T2-PD registrations. In all cases, the number of
histogram bins was 256. Almost all similarity measures yielded
higher accuracies, more distinctive global maxima, larger capture ranges, and lower number of minima and RONs (smoother
profiles) when applied to brain images without lesions. On both
image sets, the similarity measures based on Shannon entropy,
especially PSMI and PSUH, and COR performed the best.
In the last experiment, we studied the influence of the number
of histogram bins on the behavior of similarity measures applied
to MR T1-T2 images from Set 4. The MR T2 image was the
floating image. Fig. 6 shows the results for 8, 16, 32, 64, and 128

NOM

RON

RON

NOM
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Fig. 4. Box-whisker diagrams showing the variability of properties for MR T1-T2 images in Set 4.

histogram bins for the PSMI and NMI similarity measures. The
number of bins had a small effect on the accuracy of both similarity measures, yet still indicated that the accuracy improves
with the number of bins. However, the distinctiveness of global
maxima of both similarity measures was larger for histograms
with fewer bins, except for the PSMI at eight bins. The distributions of the other three properties, CR, NOM, and RON indicated
that the optimal number of bins, which maximized the performance of similarity measures could be identified. The optimal
number of bins was 64 for PSMI and 32 for NMI. At these re-

spective numbers of bins, the largest CR and the smallest NOM
and RON were obtained for both similarity measures. This experiment demonstrates the viability of the proposed evaluation
protocol for the optimal selection of the parameters that are crucial for the performance of similarity measures.
IV. DISCUSSION AND CONCLUSION
The important parts of a similarity-measure-based registration, that have to be selected and that influence registration performance are the similarity measure, optimization method and
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Fig. 5. Cumulative numbers of minima (left) and risk of nonconvergence (right) for COR, NMI, H, and WC similarity functions applied to images of Set 4 as a
function of distance from the maxima. The scale for the WC for RON is on the right side.

TABLE III
ACCURACY (ACC), DISTINCTIVENESS OF OPTIMUM (DO), CAPTURE RANGE (CR), NUMBER OF MINIMA (NOM),
AND RISK OF NONCONVERGENCE (RON) OF NINE SIMILARITY MEASURES APPLIED TO MR T1-T2, T1-PD,
T2-PD BRAIN IMAGES OF A NORMAL SUBJECT (SET 1a). THE NUMBERS PRINTED IN BOLD REPRESENT
THE BEST AND THE ONES IN ITALIC THE WORST VALUES IN A COLUMN

TABLE IV
ACCURACY (ACC), DISTINCTIVENESS OF OPTIMUM (DO), CAPTURE RANGE (CR), NUMBER OF MINIMA (NOM),
AND RISK OF NONCONVERGENCE (RON) OF NINE SIMILARITY MEASURES APPLIED TO MR T1-T2, T1-PD,
T2-PD BRAIN IMAGES OF A PATIENT WITH LESIONS (SET 1b). THE NUMBERS PRINTED IN BOLD REPRESENT
THE BEST AND THE ONES IN ITALIC THE WORST VALUES IN A COLUMN

implementation details like interpolation, number of histogram
bins, estimation of probability distributions, and sampling. The
complex interaction of these factors makes the assessment of
the influence of an individual factor on registration very difficult even for specific and simple registrations. The impact of an
individual factor can be evaluated by varying it, while keeping
all the other factors fixed [19], [20], [29], [45], [46]. However,
this approach gives only limited information. In order to study
the behavior of the similarity measure as a function of image
content and differences in image content, interpolation, sampling, binning, partial image overlap, and image degradations,
such as noise, intensity inhomogeneities, and geometrical distortions in more detail, we devised an optimization-independent
protocol for evaluating similarity measures. The protocol assesses the behavior of a similarity measure by examining five
properties, namely, its accuracy, distinctiveness of the optimum,

capture range, number of minima, and risk of nonconvergence.
The proposed protocol may be used on 2-D or 3-D, monomodal
or multimodal images. The only prerequisite is the availability
of accurate “gold standard” registrations of the image pairs to
be used. The results in this paper demonstrate the protocol on
rigid registrations using nine similarity measures, various image
modalities, image content, and different number of histogram
bins. However, the results, which were obtained for rigid registrations, do not necessarily extend to nonrigid registrations.
The proposed evaluation protocol requires that the parametrical space is normalized and that the number of lines probing
the hypersphere through its origin and the number of points
along each line are given. By normalizing the parametrical space, the relation between a translation unit and a rotation
unit is defined. The locations inside the hypersphere at which a
similarity measure value will be determined are defined by the
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Fig. 6. The distributions of the five properties of PSMI and NMI similarity measures for 8, 16, 32, 64, and 128 histogram bins.

radius
, and . The number of lines
is related to the
dimension of the parametrical space. The higher the dimension,
the more lines are required to randomly probe the space. We
have evaluated the similarity measures for rigid registration of
3-D images. The evaluation was thus performed in a six-dimensional parameter space. We have set the radius of the hyper
sphere to 3 units and a unit to 10% of the smallest dimension
to
of the floating image. By setting the number of points
200, the distance
, between two consecutive points
along a line was much smaller than the smallest voxel dimension
of the images. It has been shown experimentally that the five
properties of a similarity measure change little if the number of

is changed from 40 to 50. Based on these results, we
lines
have set to 50, so that a similarity measure value was defined
locations within the hypersphere. Strateat 10 001
gies different from ours may be used to determine the radius
on a line.
of the hypersphere and the number of points
For instance, can be set according to the expected, application-specific, initial misalignment of two images, or according
to the capture range that a similarity measure is expected to have.
may be selected with
For a given , the number of points
respect to the accuracy that a similarity measure-based registration is supposed to accomplish. If is chosen equivalent to the
.
expected accuracy, then
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We have evaluated nine similarity measures on MR-MR,
MR-CT, and MR-PET images. To avoid the impact of different
implementation details, all similarity measures were formulated
on the 2-D joint histogram or joint probability distribution of
the intensities of the two images and partial volume interpolation was applied when transforming points from one image to
another. The proposed protocol is, however, not constrained to
similarity measures that are formulated on the joint histogram.
It may be applied to any similarity measure.
Results in Table II and Figs. 4 and 5 indicate that of the measures used in the experiments the Shannon entropy-based measures behaved best on MR-MR images. These similarity measures were accurate, had distinctive global maxima, and large
capture ranges but also a lot of minima and high RON values.
However, the large capture ranges indicate that the minima were
far away from the global maxima. Overall, the best similarity
measures were PSMI and PSUH [39], but one must keep in
mind that these measures require initialization. On MR-CT images, the same measures, as well as COR and WC, behaved the
best. The capture ranges of similarity measures when applied
to MR-PET images were much smaller than when applied to
MR-MR and MR-CT images, which was expected. On these
images, COR was the most accurate, followed by WC. With regard to CR, NOM, and RON properties, PSMI behaved the best.
Overall, E was the worst measure.
Tables III and IV present the properties of the similarity measures when used on MR images of the head with and without
lesions. The similarity measures were more accurate, smoother,
and had larger capture ranges when applied to images without
lesions. The highest accuracies were obtained on T2-PD image
pairs. Figs. 4 and 6 show that the properties did not vary much
over the population of normal brain MR T1-T2 image pairs. This
indicates, at least for these image modalities, that not too many
image pairs with “gold standard” registrations are needed to assess the behavior of a similarity measure. This is important, because it is generally difficult to obtain a large number of registered images. Although images in Sets 1a and 4 had different
voxel sizes, number of slices and origin, similar conclusions
were made when comparing the behavior of different similarity
measures.
We have studied the influence of bin size on the similarity
measures. We observed (Fig. 6) that by increasing the number
of histogram bins from 8 to 64 all properties except accuracy improved. By further increasing the number of bins, the behavior
of similarity measures deteriorated as was indicated by the five
properties. This finding is consistent with the findings of Tsao
[47].
We believe that the protocol may help researchers confronted
with a registration task to select the most appropriate similarity
measure or a sequence of similarity measures in monoresolution or multiresolution approaches. Using known properties of
similarity measures, Fei et al. [48], for instance, have used the
correlation coefficient at a lower image resolution and the mutual information similarity measure at full image resolution to
achieve better registration results.
Because of local maxima, the choice of the optimization
method has a large influence on registration results, particularly, on the robustness of the method with respect to the
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initial misregistration. The proposed evaluation protocol is optimization independent and might thus prove useful in selecting
the optimization method. Risk of nonconvergence (RON) and
number of minima (NOM) describe the extent of how much a
similarity measure might diverge from global maximum and
converge into one of the local maxima. The CR is the second
important property of a similarity measure that might help in
choosing the proper optimization method. Our definition of the
capture range is rather strict. It is defined as the smallest of
distances from the global maximum to the closest minimum on
a line. In practice, an optimization procedure will generally not
proceed along a line and the capture range may thus be larger
than the CR obtained by the evaluation protocol. The capture
range will mostly depend on the number, location, and extent
of local maxima. The cumulative number of local maxima and
RON function RON , which assess these properties, might
thus also prove useful in selecting the appropriate optimization scheme. The third property that is potentially useful for
optimization implementation is distinctiveness of the optimum
(DO), which might help in setting the stopping criterion of the
optimization method.
In conclusion, apart from being potentially useful for selecting the similarity measure and optimization method, the
proposed protocol can be used to: 1) study the influence of sampling, interpolation, histogram bin size, partial image overlap,
and image degradation, such as noise, intensity inhomogeneity,
and geometrical distortions; 2) compare different similarity
measures; 3) compare different implementations of the same
measure; 4) evaluate the effects of certain implementation details on the behavior of the similarity measures; 5) compare the
behavior of the similarity measures under different conditions,
such as with different modalities and anatomical regions being
imaged.
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[44] D. Tomaževič, B. Likar, and F. Pernuš, “Multi-feature mutual information,” in Proc. SPIE, Med. Imag.: Image Processing, J. M. Fitzpatrick
and M. Sonka, Eds., San Diego, CA, 2004, vol. 5370, pp. 143–154.
[45] F. Maes, D. Vandermeulen, and P. Suetens, “Comparative evaluation
of multiresolution optimization strategies for multimodality image registration by maximization of mutual information,” Med. Image Anal.,
vol. 3, pp. 373–386, 1999.
[46] Y. M. Zhu and S. M. Cochoff, “Influence of implementation parameters
on registration of MR and SPECT brain images by maximization of
mutual information,” J. Nucl. Med., vol. 43, pp. 160–166, 2002.
[47] J. Tsao, “Interpolation artifacts in multimodality image registration
based on maximization of mutual information,” IEEE Trans. Med.
Imag., vol. 22, no. 7, pp. 854–864, Jul. 2003.
[48] B. Fei, A. Wheaton, Z. Lee, J. L. Duerk, and D. L. Wilson, “Automatic
MR volume registration and its evaluation for the pelvis and prostate,”
Phys. Med. Biol., vol. 47, pp. 823–838, 2002.

