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Abstract

In this paper, we present a protocol for the evaluation of similarity measures for non-rigid registration. The evaluation is based on five
intuitive properties that characterize the behavior of a similarity measure, i.e. the accuracy, capture range, distinctiveness of the opti-
mum, number of local minima, and risk of non-convergence. These five properties are estimated locally from similarity measure values
that correspond to a range of systematic local free-form deformations, obtained by displacing control points in random directions from
the gold standard position. Global similarity measure properties are obtained by combining the local properties over image regions or
over the entire image. The feasibility of the proposed evaluation protocol is demonstrated for three similarity measures: mutual infor-
mation, normalized mutual information and correlation ratio. The evaluation is carried out on a number of MR and CT images: a pair of
simulated MR T1 and MR T2 images of the head, three pairs of real MR T1 and T2 images of the head, six pairs of real MR T1 and CT
images of the head, and pairs of MR and CT images of three vertebrae. The protocol may help researchers to select the most appropriate
similarity measure for a non-rigid registration task.
� 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Medical image registration is important for integration
of complementary information on patient anatomy and
physiology, for longitudinal studies in which the state of
an organ or a tissue is followed in time so as to monitor
progression of disease or efficacy of treatment, for compar-
ison of images of individuals to a digital atlas with known
statistical properties, for image-guided therapy, and in
many other applications. According to the nature of geo-
metrical transformation, registration techniques can be
divided into rigid and non-rigid ones. A rigid transforma-
tion is composed of rotations and translations, while a
non-rigid transformation can be modeled by spline warps,
truncated basis function expansions, Navier–Lamé equa-
1361-8415/$ - see front matter � 2007 Elsevier B.V. All rights reserved.
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tions, or by a viscous fluid model (Bookstein, 1989; Chris-
tensen et al., 1996; Unser, 1999).

Validation and comparison of medical image registration
algorithms are two very important issues. Prerequisites for
validation is standardization of validation methodology,
which should include design of validation data sets, defini-
tion of corresponding ‘‘gold standard’’ or ‘‘ground truth’’
and its accuracy, validation protocol, and validation met-
rics. Two important registration validation projects have
been conducted in the past, the ‘‘Retrospective Image Regis-
tration and Evaluation Project’’ (West et al., 1997) for eval-
uating multimodal rigid registration accuracy and the
‘‘Retrospective Evaluation of Inter-subject Brain Registra-
tion’’ (Hellier et al., 2003) for evaluating non-rigid
registrations. The third project, ‘‘Non-rigid Image Registra-
tion Evaluation Project’’ is under way (Christensen et al.,
2006). Evaluating the performance of non-rigid registration
methods is a much more difficult task than the validation of
rigid registrations. A few isolated markers or landmarks,
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that are sufficient for generating ‘‘ground truth’’ rigid trans-
formations, are not sufficient to constitute the ‘‘ground
truth’’ that would completely define the correspondence
between all image points. Therefore, there is rarely if ever
a ‘‘ground truth’’ correspondence map that would enable
judging the performance of a non-rigid registration algo-
rithm. As an alternative, a ‘‘pseudo gold standard’’ transfor-
mation can be simulated by a transformation that is modeled
differently from the one that will be used in validation. The
most common approach to non-rigid deformation simula-
tion is to displace a set of points and interpolate the displace-
ment map using splines (Rohr et al., 2003; Unser, 1999). The
displaced landmarks can be anatomical, geometrical or sim-
ply corresponding to intersections of a regular/irregular grid
superimposed on the image. The problem with ‘‘pseudo gold
standards’’ is that simulated deformation fields are often not
realistic enough. In case that a ‘‘gold standard’’ does not
exist and deformation fields cannot be simulated well
enough, validations must rely on real data and some metrics
derived from the data. The evaluation metrics that have been
proposed in the past include the intensity variance, obtained
by registration of a population of images with a target image
and averaging the intensities of the registered images, the
inverse consistency which evaluates the registration perfor-
mance based on desired transformation properties and tran-
sitivity which tells how the pair-wise registrations of the
image population satisfy the transitivity property (Christen-
sen et al., 2006; Christensen and Johnson, 2003). Another
approach is to use richly annotated real images and the rel-
ative overlap of the segmentations alone (D’Agostino
et al., 2006) or in conjunction with intensity variance, inverse
consistence and transitivity as the metrics (Christensen et al.,
2006). The problems with validations that are based on seg-
mented images are that images have to be segmented, which
is not a trivial task, that the metrics do not give results in mil-
limeters, and that registration estimations are obtained for
the segmented regions as a whole and not for unsegmented
structures within these regions.

In intensity-based registrations, the accuracy and
robustness of a rigid or non-rigid registration method is
directly related to the behavior of the similarity measure
as it measures the quality of agreement between the regis-
tered images. The behavior of the similarity measure
depends on a number of factors, like the imaging modality,
image content, image quality, spatial transformation and
numerous implementation details. The complex interde-
pendence of these factors makes the assessment of the influ-
ence of a particular factor on the similarity measure, and
through it on the outcome of the registration, difficult.
For rigid registrations, similarity measures may be evalu-
ated by drawing plots or traces, showing their behavior
when one image is systematically translated from and/or
rotated around the ‘‘gold standard’’ registration position
(Jenkinson and Smith, 2001; Maes et al., 2003). However,
such an evaluation gives limited information on the behav-
ior of the similarity measure because it is evaluated only at
a very small fraction of the parameter space, which in case
of non-rigid registration is large. Besides, the information
obtained in this way is only qualitative.

Recently, we have presented a protocol for a more thor-
ough optimization-independent evaluation of similarity
measures for rigid registration (http://lit.fe.uni-lj.si/Evalua-
tion) (Škerl et al., 2006). In this paper, we propose an
extension of the protocol to evaluate similarity measures
for non-rigid registrations as well. We use B-splines to
model the geometrical deformations and numerous images
of different modalities to demonstrate that the protocol is
feasible for the evaluation of similarity measures for non-
rigid registrations that are based on a set of regularly or
irregularly distributed corresponding point pairs, for exam-
ple, when spatial deformations are modeled by spline
warps or by truncated basis functions.

2. Evaluation protocol

The proposed protocol for evaluation of local properties
of a similarity measure is based on the assumption that
local deformations can be simulated in one of the two reg-
istered images by systematically displacing a set of control
points, for example, by using B-splines. Another reason-
able assumption is that correspondences between sets of
control points are provided by ‘‘gold standard’’ registra-
tions. The idea behind the proposed evaluation protocol
is to estimate some important properties of similarity mea-
sures locally by systematically displacing individual control
points from the ‘‘gold standard’’ registration. In this way,
local deformations are systematically simulated for an arbi-
trary number of random displacements in one of the two
registered images, while the other image stays fixed. For
each displacement of a point that generates a local defor-
mation, a similarity measure value between the deformed
and fixed image is calculated and these values are then used
for local estimation of similarity measure properties.
Details on the evaluation protocol are given in the follow-
ing subsections.

2.1. Local deformation scheme

To evaluate the behavior of a similarity measure several
features that characterize the behavior of a similarity mea-
sure as a function of the local image deformation have to
be derived. The behavior of a similarity measure is a func-
tion of all the parameters of the spatial deformation model.
In 3D, each control point can be displaced in x, y and z

directions so that the number of parameters of the defor-
mation model is three times the number of control points.
As a result, the behavior of a similarity measure cannot be
evaluated by an exhaustive search over all possible dis-
placements in such a large parameter space. However, to
derive the properties of a similarity measure for a single
control point, all the other control points can be fixed, so
that the similarity measure can be looked upon as a func-
tion of local displacements or deformations of a single ana-
tomical region. In this way, local deformations can be
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Fig. 1. Systematic displacements of the central control point from Xn,�M/2

to Xn,M/2 and displacements of the neighboring control points by RD in
random directions.
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simulated separately for each of the control points in the 3-
dimensional parameter space defined by x, y and z direc-
tions. Thereby, the evaluation of similarity measure for
non-rigid registration becomes more tractable but still
practically infeasible by an exhaustive search over all pos-
sible local displacements, especially if perturbations of
the neighboring control points is, and often should be, con-
sidered to simulate more realistic local deformations. To
solve this demanding evaluation problem in a practically
feasible manner, we propose a statistical evaluation proto-
col. The protocol is based on systematic simulation of ran-
dom local deformations of one of the registered images,
computing the corresponding similarity measure values
between the deformed and fixed image, and statistical esti-
mation of local similarity measure properties.

Let the ‘‘gold standard’’ position of each control point
define the origin X0 of the 3-dimensional parameter space
(x, y and z) of displacements related to that point and let
SM(X) be the value of a similarity measure corresponding
to image deformation generated by displacing a control
point from the origin to some point X; X = [x,y,z] within
the 3D parameter space. Control points are systematically
displaced to M points evenly spaced along N probing lines.
Each probing line is defined by a randomly selected starting
position Xn,�M/2 at a distance R from the origin X0 and its
mirror point Xn,M/2. Fig. 1 illustrates the displacement of a
control point in two dimensions. For each displacement, a
similarity measure value SM(Xn,m) is computed. Similarity
measure values at M points along a probing line define one
similarity measure profile. To simulate a more realistic
local deformation, all the other control points are displaced
for a predefined distance RD in independent random direc-
tions. These are repeatedly randomized before computing
each of the N similarity measure profiles.
dn;m ¼
SMðXn;m�1Þ � SMðXn;mÞ if SMðXn;m�1Þ > SMðXn;mÞ
SMðXn;mþ1Þ � SMðXn;mÞ if SMðXn;mþ1Þ > SMðXn;mÞ
0 otherwise

8><
>:
The procedure for systematical displacement of each of
the control points and computation of corresponding sim-
ilarity measure profiles SM(Xn,m) is described by the fol-
lowing pseudo code::

For each control point {
and

and
For each probing line (n = 1 to N) {
– Randomly select the direction of the probing line

(Xn,�M/2 � Xn,M/2)
– Randomly select displacement directions for all

other control points
– Displace all other control points for distance RD

in the selected directions
For each point on the probing line (m = �M/2 to
M/2) {
– Displace the control point to the position Xn,m

– Deform the floating image according to the
positions of all control points

– Compute the similarity measure value
SM(Xn,m) between the floating and the tar-
get image

}
}

}

In this way, the problem of assessing the behavior of a
similarity measure within a large parameter space is
addressed by sampling similarity measure profiles along
an arbitrary number of randomly selected lines. Each pro-
file contains some information on the local behavior of a
similarity measure. The behavior of a similarity measure
can be estimated already from a few profiles and then
improved by sampling an arbitrary number of additional
profiles.

2.2. Estimation of similarity measure properties

Similarity measure properties are estimated from all N

similarity measure profiles SM(Xn,m). All similarity mea-
sure values are normalized to the interval [0, 1]:

SMðXn;mÞ  
SMðXn;mÞ � SMmin

SMmax � SMmin

ð1Þ

where SMmin and SMmax are the minimal and maximal
values of NM + 1 similarity measure values before nor-
malization, respectively. Let Xn,max; max 2 {�M/
2, . . ., 0, . . .,M/2}, be the position and SM(Xn,max) the va-
lue of the global maximum of the similarity measure along
line n, and let Xn,loc be the position of the minimum clos-
est to Xn,max. Looking from the global maximum Xn,max

outwards, let dn,m be the positive similarity measure
gradient:
for all m before global maximum

for all m after global maximum ð2Þ
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Several local properties of a similarity measure can be com-
puted for each control point from the obtained similarity
measure profiles SM(Xn,m). In this paper, we will compute
five local properties as proposed for similarity measure
evaluation for rigid registration in Škerl et al. (2006) and
as implemented in the Internet application: http://lit.
fe.uni-lj.si/Evaluation. Briefly, the five properties are:

1. Accuracy ACC of a similarity measure is defined as the
root mean square of distances between the origin X0 and
the positions Xn,max, n = 1,2, . . .,N along the N lines,
where the SM(X) reaches a global maximum.

ACC ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN

n¼1

Xn;max � X0k k2

vuut ½mm� ð3Þ

The accuracy ACC actually estimates the mean error be-
tween the true gold standard position and the positions
of the global maxima exhibited by the similarity measure
along the N random probing lines.

2. Distinctiveness of optimum DO(r) is the estimation of
the uncertainty of the location of the global maximum,
which is expressed by the average change of the similar-
ity measure value at a distance r from the global
maximum:

DOðrÞ ¼ 1

2rN

XN

n¼1

½2SMðXn;maxÞ � SMðXn;max�r=rÞ

� SMðXn;maxþr=rÞ� ½mm�1� ð4Þ

where r = 2R/M, represents the distance between two
consecutive points along a probing line. The property
DO thus estimates the behavior of the similarity mea-
sure in the neighborhood of the global maximum. The
similarity measure may rise steeply when approaching
the global maximum and then fall quickly after reaching
the maximum, causing a sharp (distinctive) peak at the
global maximum. Alternatively, a similarity measure
can have a flatter maximum, which is reflected in a lower
DO value.

3. Capture range CR is defined as the smallest of the N dis-
tances between the global maxima and their respective
closest minima encountered in the N random probing
lines:

CR ¼ min
n

Xn;max � Xn;lock k ½mm� ð5Þ

As such, CR represents the distance at which a local
optimization method may converge to a local, instead
to the global maximum. This property thus estimates
the range of displacements from the true maximum from
which the registration process is expected to converge,
regardless of the optimization method utilized.

4. Number of minima NOM(r) is the number of minima of
the similarity measure along the N random probing lines
and within a certain distance r from the global maxi-
mum. NOM(r) is the cumulative number of minima as
a function of distance r. In contrast to CR, which esti-
mates the worst-case scenario by the closest minimum,
NOM(r) is a more integral property, estimating the dis-
tribution of similarity measure minima around the glo-
bal maximum.

5. Risk of non-convergence RON(r) is another more inte-
gral similarity measure property that, besides the num-
ber of minima given by the property NOM(r),
estimates the extent or the magnitude of minima within
distance r from the global maximum. RON(r) is defined
as the average of all positive gradients dn,m within dis-
tance r from the global maximum:

RONðrÞ ¼ 1

2rN

XN

n¼1

Xmaxþr=r

m¼max�r=r

dn;m ½mm�1� ð6Þ

A positive gradient dn,m indicates the increase of similar-
ity measure value, looking from the global maximum
outwards, and estimates the risk of convergence to a lo-
cal maximum. A large value of RON(r) indicates that a
similarity measure has distinctive and/or broader local
maxima, which represent a risk for non-convergance
to the true global maximum.

The first two properties describe the behavior of a sim-
ilarity measure close to the ‘‘gold standard’’, while the last
three properties estimate the robustness or convergence
properties of a similarity measure. The better is a similarity
measure, the smaller are the values of the accuracy, number
of minima, and risk of non-convergence, and the larger the
capture range and distinctiveness of optimum.

All similarity measure properties are statistical estima-
tions, derived from the ‘‘gold standard’’ position X0, similar-
ity measure values SM(Xn,m) and corresponding positive
gradients dn,m. As such, the values of similarity measure
properties can be considered as random variables with cer-
tain variabilities that depend on the number N of similarity
measure profiles SM(Xn,m). Since the probability distribu-
tions of the similarity measure properties are unknown
and depend on specific similarity measures and analyzed
images, the exact dependencies of similarity measure prop-
erties on the size of N is difficult to asses theoretically. In
practice, however, the higher the N, the better the estimation
of similarity measure properties. Besides, when comparing
different similarity measures or the effects of different imple-
mentation parameters, the same randomization scheme can
and should be used in all the experiments. In this way, the
variability of statistical estimation and its dependence on
the number of profiles N can be further reduced.

3. Experiments and results

3.1. Experimental datasets

Four sets of images (Fig. 2) were used in the
experiments:

Set 1 One pair of MR T1 and T2 images of the head from
McGill BrainWeb simulator (Collins et al., 1998).

http://lit.fe.uni-lj.si/Evaluation
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Fig. 2. Slices of the images from Sets 1 to 4.
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The images were 217 · 181 · 181 voxels in dimension.
Voxel sizes were 1 · 1 · 1 mm3. The two images con-
tained 3% noise, no intensity inhomogeneities and no
tumors. The ‘‘gold standard’’ registration for this set
was inherently involved in the simulated images.

Set 2 Three MR T1 and T2 images of the head from
ICBM database (http://www.loni.ucla.edu/ICBM/).
The images were 217 · 181 · 181 voxels in dimen-
sion, with voxel sizes of 1 · 1 · 1 mm3. The ‘‘gold
standard’’ registrations for this set of real images
were obtained by stereotactic frames.

Set 3 Three head image sets of three patients (001, 002 and
003) from the Vanderbilt University RIRE project
(http://www.vuse.vanderbilt.edu/~image/registration/),
each set comprising MR T1, MR T1 rectified and
CT images. Dimensions of the MR images were
around 256 · 256 · 23 voxels while dimensions of
the CT images were around 512 · 512 · 30 voxels.
The MR T1 rectified images were original MR T1
images corrected for spatial distortions (Chang and
Fitzpatrick, 1992; Maurer et al., 1996). The ‘‘gold
standard’’ registrations for this well-established reg-
istration database were obtained by fiducial markers.

Set 4 The last set was comprised of three MR images of
vertebrae L2, L3 and L4 and a corresponding CT
images (Tomaževič et al., 2003). Dimensions of the
MR volumes of interest were 238 · 238 · 22 voxels
and 512 · 512 · 233 voxels of the CT images. The
voxel sizes were 0.4 · 0.4 · 1.9 mm3 for the MR
images and 0.3 · 0.3 · 1 mm3 for the CT images.
MR images were corrected for intensity non-unifor-
mities (Likar et al., 2001). Rigid ‘‘gold standard’’ reg-
istrations for this set of real images were obtained by
fiducial marker registration (Tomaževič et al., 2004).

3.2. Similarity measures

In this study, we have experimented with the following
three similarity measures: the mutual information (MI)
(Maes et al., 1997; Wells et al., 1996), normalized mutual
information (NMI) (Studholme et al., 1999), and correla-
tion ratio(Roche et al., 1998):

1. Mutual information (MI):

MIða; bÞ ¼ HðaÞ þ HðbÞ � Hða; bÞ ð7Þ
2. Normalized mutual information (NMI):

NMIða; bÞ ¼ HðaÞ þ HðbÞ
Hða; bÞ ð8Þ

3. Correlation ratio (COR):

CORðajbÞ ¼ Var EðajbÞ½ �
VarðaÞ ð9Þ

All similarity measures were computed on 2D joint inten-
sity histograms and corresponding joint probability distri-
butions p(Æ), obtained by binning the intensity pairs of all
the overlapping voxels from the floating a and reference
image b. H(Æ) denotes the marginal or joint entropy:
Hð�Þ ¼

P
pð�Þlogpð�Þ, E(Æ) is the mathematical expectation,

and Var(Æ) the variance of the corresponding variables. Par-
tial volume interpolation (Maes et al., 1997) was used to
create the joint intensity histograms.

3.3. Deformation model

Numerous spatial deformation models based on regularly
or irregularly distributed sets of corresponding points were
proposed in the past. Most often, however, thin-plate splines
(Bookstein, 1989) and B-splines (Rueckert et al., 1999;
Unser, 1999) were used. We have implemented B-splines to
model local deformations on a set of regularly distributed
control points, named knots. In all the experiments that fol-
low, 3rd degree B-splines and a 3D grid of 7 · 7 · 7 knots
were used. Evaluation of the five properties of the three sim-
ilarity measures was performed on the inner 5 · 5 · 5 knots
(125 knots in total, 375 parameters of the deformation
model), while the knots on the edges were fixed.

http://www.loni.ucla.edu/ICBM/
http://www.vuse.vanderbilt.edu/~image/registration/
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3.4. Implementation parameters

The parameters of the evaluation protocol R, N and M

were set to 20 mm, 50 and 80, respectively, yielding the
distance r = 0.5 mm between two consecutive points along
a line. Before computing the similarity measure profile
along each of the N probing lines for each knot, all the
other knots were randomly displaced from the ‘‘gold stan-
dard’’ position for a distance RD = 1 mm by which a
more realistic simulation of the registration process was
achieved (Fig. 3). In all figures and tables, NOM stands
for NOM(R)/N and RON stands for RON(R), while
DO and RON are given in 10�3/mm and 10�6/mm,
respectively.

3.5. Parameter variation

In this section, the sensitivities of the similarity measure
properties to the variations of the parameters of the evalu-
Fig. 3. Left: deformed image for all knots displaced for RD = 1 mm,
except for the analyzed knot in a circle, which was fixed. Right: the same
image with the analyzed knot displaced for 10 mm. The points (A,B)
illustrate the knots for which local results are given in Table 4.
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Fig. 4. The accuracy (ACC), distinctiveness of optimum (DO), number o
information, given as a function of the number N of probing lines (for image
ation protocol are studied. Fig. 4 shows how four proper-
ties (ACC, DO, NOM and RON) of the mutual
information typically change when the number of random
lines N is increased. As expected, the similarity measure
properties varied more when the number of random lines
N was small. The experiments showed that similarity mea-
sure properties could be well estimated even with a rela-
tively small value of N � 30. The value of N = 50, used
in this paper, yielded relatively accurate estimations of sim-
ilarity measure properties. The variabilities were further
reduced by applying the same randomization scheme in
all comparative evaluations.

Fig. 5 illustrates how the accuracy (ACC) of mutual
information (MI) and correlation ration (COR) depends
on the number of points M along a probing line. The accu-
racy of both similarity measures was almost the same when
changing M for ±20 around the pre-selected value of 80.

Fig. 6 illustrates how the similarity measure properties
ACC and RON depend on the random displacement RD.
Large RD yielded lower accuracies. On the other hand,
the robustness, estimated by the risk of non-convergence
(RON), was much less sensitive to the displacements of
the other knots, as long as the displacements RD were
within 5 mm. Therefore, small random displacements of
other knots had a modest impact on the similarity measure
properties, which can be explained by the fact that, for a
given deformation model and parameter settings, small dis-
placements of the neighboring points do not significantly
locally deform the images around the analyzed knots. This
deformation, induced from the neighboring knots, becomes
more prominent for RD > 5 mm and reflects in a worse
behavior of all similarity measures. In comparison to MI
and NMI, COR similarity measure is obviously more sen-
sitive to the induced deformation, i.e. to the misregistration
of the neighboring points.
0

1

2

3

4

10 15 20 25 30 35 40 45 50
N

D
O

0

5

10

15

20

25

30

10 15 20 25 30 35 40 45 50
N

R
O

N

f minima (NOM), and risk of non-convergence (RON) of the mutual
s from Set 3, patient 001).



0

1

2

3

60 70 80 90 100
M

A
C

C
 -

 M
I

0

1

2

3

60 70 80 90 100
M

A
C

C
 -

 C
O

R

Fig. 5. The accuracy (ACC) of the mutual information (left) and correlation ratio (right), given as a function of the number M of points along a probing
line (for images from Set 3, patient 002).

0

2

4

6

8

0 2 4 6 8 10 12
RD

A
C

C

MI

NMI

COR

0

2

4

6

8

0 2 4 6 8 10 12
RD

R
O

N
0

50

100

150

200

250MI

NMI

COR

Fig. 6. ACC and RON as a function of displacement RD (for images from Set 3, patient 001). The scale for RON of COR is given on the right side of the
right chart.

Table 1
Means and standard deviations of properties of the three similarity
measures for MR T1 and MR T2 images of the head from Set 1

MR T1–MR T2

MI NMI COR

ACC 0.7 (0.2) 0.7 (0.1) 1.3 (0.4)
DO 2.8 (0.6) 2.8 (0.6) 1.3 (0.8)
CR 15.8 (5.8) 15.8 (5.8) 10.1 (9.0)
NOM 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)
RON 0.0 (0.1) 0.0 (0.1) 0.1 (0.1)

The values in bold indicate the best similarity measure with respect to the
corresponding property.

Table 2
Means and standard deviations of properties of the three similarity
measures for non-rigid registration of three pairs of MR T1 and MR T2
images of the head from Set 2

MR T1–MR T2

MI NMI COR

ACC 2.8 (1.0) 2.9 (1.1) 7.6 (4.1)
DO 1.7 (0.7) 1.7 (0.6) 2.5 (2.3)
CR 0.6 (1.7) 0.5 (0.2) 0.5 (0.2)
NOM 2.0 (2.1) 2.0 (2.1) 1.8 (1.3)
RON 133 (153) 133 (149) 1222 (1577)

The values in bold denote the best similarity measure with respect to the
corresponding property.
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The last parameter R, representing the maximum local
displacement of control points from the ‘‘gold standard’’,
has no impact on the first two properties ACC and DO,
which describe similarity measure properties close to the
‘‘gold standard’’. The third property CR, estimating the
worst-case scenario by the closest minimum, is also inde-
pendent on parameter R as long as R is larger than the dis-
tance to closest local minimum. For the last two similarity
measure properties NOM(r) and RON(r), which are actu-
ally the cumulative functions of the displacement r from
the ‘‘gold standard’’, the parameter R defines the domain
of the two property functions NOM(r) and RON(r). As
such, these two properties can be assessed at any distance
r; r < R, independently on the parameter R. On the other
hand, given as NOM(R) and RON(R), the absolute values
of the two properties directly depend on the parameter R,
which is a desired property that enables relative compari-
sons of different similarity measures within a maximum
pre-selected domain R.

3.6. Results

For each image pair in the four image datasets, values of
the five properties of the three similarity measures were
determined for each of the 125 control points. Tables 1–4
give the means and standard deviations of the 125 values
of the five properties and the three similarity measures.
In this way, global estimations of the similarity measure
properties, facilitating the comparisons between different
similarity measures, were provided. The values of the sim-
ilarity measure properties at each control point were inter-
polated over the entire image domains and scaled to image
intensities for better visualization of properties (Figs. 7–10).
Outlines of some anatomical structures were superimposed



Table 3
Means and standard deviations of the three similarity measures for non-rigid registration of three sets of MR T1, MR T1 rectified and CT images of the
head from Set 3

MR T1–CT

MI NMI COR

Original Rectified Original Rectified Original Rectified

ACC 2.0 (0.8) 1.4 (0.8) 2.2 (0.9) 1.5 (1.0) 4.4 (2.1) 4.5 (2.3)
DO 2.2 (0.6) 2.3 (0.5) 2.2 (0.5) 2.4 (0.6) 1.9 (1.1) 1.3 (0.5)
CR 0.2 (0.0) 0.2 (0.0) 0.2 (0.0) 0.2 (0.0) 0.5 (1.4) 0.6 (1.9)
NOM 1.0 (1.0) 0.8 (1.0) 0.9 (0.8) 0.8 (0.9) 0.9 (1.2) 0.5 (0.4)
RON 12.5 (26.7) 11.7 (19.9) 11.1 (14.9) 11.0 (20.0) 144.8 (267.9) 56.1 (135.7)

The values in bold denote whether a similarity measure performed better on original or on rectified MR T1 images when registered to CT images.

Table 4
Properties of the three similarity measures for three sets of MR and CT images of vertebrae

MI NMI COR

L2 L3 L4 L2 L3 L4 L2 L3 L4

Point A (spinous process): MR–CT

ACC 1.2 1.4 0.6 1.1 1.4 0.5 2.5 2.4 2.2
DO 3.0 3.1 5.2 2.8 3.1 5.4 2.1 1.4 2.9
CR 1.0 0.5 0.4 1.0 0.9 7.0 0.5 0.5 0.4
NOM 0.1 0.1 0.1 0.1 0.0 0.1 2.1 0.8 2.8
RON 2.0 6.1 6.1 2.8 4.3 7.2 1159.1 294.7 914.7

Point B (vertebral body): MR–CT

ACC 2.5 6.7 2.2 2.3 6.0 1.9 3.0 7.0 1.0

DO 2.1 3.4 3.5 2.4 3.0 3.8 1.2 1.2 2.2
CR 0.5 0.5 0.4 0.5 0.5 0.4 0.5 0.5 0.4

NOM 3.4 3.8 2.7 3.6 4.3 2.6 4.6 2.8 2.8
RON 1139.2 2376.3 1302.2 1093.5 1901.8 1129.4 479.0 631.3 377.2

The values in bold denote the best similarity measure for each vertebra with respect to the corresponding similarity measure property.

Fig. 7. Values of five properties of MI and COR for MR T1 and T2 images from Set 1.
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on the images of the similarity measure properties so that
property values could be better related to the underlying
anatomy. In Figs. 7–10 the scales of property values are
given on the right side of corresponding images.

Fig. 7 shows the five properties of MI and COR for non-
rigid registration of artificially generated MR T1 and T2
images of a head from Set 1. The images of property values
indicate that MI performed better than COR both in terms
of accuracy and robustness. Very similar conclusions can
be drawn from Table 1, which gives the means and stan-
dard deviations of MI, NMI and COR. All similarity mea-
sures were relatively accurate (0.7–1.3 mm), had relatively
large capture ranges (10–15 mm) and contained almost
no local minima. MI and NMI indicated similar perfor-
mances, while COR performed less well. However, Fig. 7
shows large spatial variability between local similarity mea-
sure properties, indicating that accuracy and convergence
of the non-rigid registration are expected to depend heavily
on the underlying anatomical structures and on the similar-
ity measures utilized.

Fig. 8 shows the five properties of MI for non-rigid reg-
istration of three sets of real MR T1 and MR T2 images
from Set 2. The results reveal that mutual information
was less accurate and robust in the parietal lobe area.
Robustness was also poor in the frontal lobe area. Spatial
distributions of the similarity measure properties were



Fig. 8. Values of five properties (from top to bottom) of MI for non-rigid registration of three pairs (P1–P3) of real MR T1 and MR T2 images of the head
from Set 2.
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relatively consistent among the anatomies of the three
patients (P1–P3). Table 2 gives the means and standard
deviations of the similarity measure properties for the head
images from Set 2. In general, COR yielded smaller accu-
racy and robustness than MI and NMI, while the differ-
ences between MI and NMI were again very small.

Fig. 9 shows how the properties of mutual information
(left two columns) and correlation ratio (right two col-
umns) for images from Set 3, patient 002 were spatially dis-
tributed. The first and the third columns correspond to the
registration of original MR T1 and CT images, while the
second and fourth columns correspond to the registration
of rectified MR T1 and CT images. It can be seen that
the two measures behaved quite differently in different
parts of the brain, while the performances on original
and rectified images MR images were comparable. The dif-
ferences between MI and COR similarity measures are
especially notable for the ACC, DO and RON properties,
which differ both in spatial distribution and in absolute val-
ues, while the distributions of CR and NOM properties
were similar. Altogether, the MI similarity measure per-
formed better than COR. Both similarity measures yielded
better performances in the frontal than in the parietal lobe,
which could be attributed to the presence of pathology in
this region.

Table 3 shows the global properties of the three similar-
ity measures. The results indicate that MI and NMI were
more accurate and had better convergence properties when
rectified instead of non-rectified MR images were used as
the floating ones. For the COR, better convergence proper-
ties were obtained on rectified MR images, while the accu-
racy was slightly better on the original than on rectified
MR images.

Fig. 10 shows the spatial distributions of the five similar-
ity measure properties of MI for vertebrae L2–L4 from Set
4. For all three vertebrae, mutual information was more
accurate and robust in the spinous process and in the lam-
ina of the vertebral arch than in the area of the vertebral
bodies. In addition, the optimum of MI was more distinct
(DO) and the measure was more robust (small NOM and
RON) in the spinous process and lamina. Again, the results
indicate that the spatial distribution of similarity measure
properties were relatively highly consistent among the dif-
ferent anatomies of the three vertebrae (L2–L4).



Fig. 9. Values of five properties (from top to bottom) of MI (left two columns) and COR (right two columns) for non-rigid registration of MR T1 and MR
T1 rectified image to CT image of patient 002 from Set 3.
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Table 4 shows the results of the evaluation of the three
similarity measures for non-rigid registration of three sets
of MR and CT images of the three vertebrae. Local com-
parison of the similarity measures is given for points A
and B, indicated in Fig. 3. Both MI and NMI were accu-
rate and robust around the spinous process and lamina
(Point A). In the body of the vertebra (Point B) MI and
NMI were less accurate and less robust, i.e. had larger
NOM and RON values, while COR was more robust in
the vertebral body area. Global similarity measure proper-
ties for the images of the vertebrae from the Set 4 are
shown in Table 5. MI and NMI behaved better than
COR as all five properties indicated, while the differences
between MI and NMI were again very subtle.

4. Discussion

The behavior of a similarity measure is strongly influ-
enced by the imaging modality, image content and differ-
ences in image content, geometric transformation, partial
image overlap, implementation details and image degrada-
tions, such as noise, intensity inhomogeneities and geomet-
rical distortions. Knowing the local and global behavior of
similarity measures under different circumstances is impor-
tant as it might help to select the best similarity measure for
a given application and type of images and to predict the
outcome of the registration. To obtain valuable informa-
tion on the behavior of similarity measures for non-rigid
registrations we have devised a protocol partially based
on the protocol for evaluating similarity measures for rigid
registration (Škerl et al., 2006). The protocol for evaluating
similarity measures for rigid registrations requires that
accurate ‘‘gold standard’’ registrations of image pairs,
characteristic for the application, are available. This proto-
col could not be simply extended to evaluate similarity
measures for non-rigid registrations because the parameter
space of non-rigid registrations is too large compared to
the six-dimensional parameter space of 3D rigid registra-
tions and because ‘‘gold standards’’ for non-rigid registra-
tions are far more difficult to obtain. These two problems
were addressed by evaluating similarity measures at control
points for which correspondences (‘‘gold standards’’) could
be identified. The points might be anatomical or geometri-
cal landmarks, or simply points regularly or irregularly dis-
tributed over the image domain. The high parameter space,
characteristic for non-rigid registrations, was avoided by
creating local deformations by systematically displacing
individual control points in only three dimensions. For
each displacement of a point that generated a local B-
splines based deformation, a similarity measure value was
calculated and these values were used to locally estimate
properties that characterize the behavior of a similarity
measure at that point. Since local similarity measure prop-
erties are estimated for each control point, the properties
can be interpolated over the entire image by the deforma-
tion model and shown as images of properties. On the



Fig. 10. Values of the five properties (from top to bottom) of MI for non-rigid registration of MR and CT images of vertebrae L2, L3 and L4 from Set 4.

Table 5
Means and standard deviations of the three similarity measures for three
sets of MR and CT images of vertebrae from Set 4

MR–CT

MI NMI COR

ACC 2.7 (1.7) 2.6 (1.7) 4.5 (2.7)
DO 2.8 (1.4) 2.8 (1.3) 1.9 (1.5)
CR 0.5 (0.2) 0.7 (0.8) 0.5 (0.1)
NOM 1.4 (1.1) 1.4 (1.1) 2.9 (1.6)
RON 388 (686) 326 (554) 641 (795)

The values in bold denote the best similarity measure with respect to the
corresponding property.
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other hand, more global similarity measure properties can
be obtained by combining (e.g. averaging) the local proper-
ties over the entire image as in this paper, or over smaller
regions that may represent manually of automatically out-
lined volumes of interest.

The deformation scheme used in this paper was based
on popular B-splines, frequently utilized in a number of
non-rigid registration tasks, being either intra-modality or
inter-modality, intra-subject or inter-subject. The popular-
ity of B-splines may be attributed to simple and general
implementation, allowing free-form deformations of
adjustable degree of freedom. The purpose of this paper
was not to deal with deformation modeling, which is
important and difficult problem per se, but to provide a rel-
atively general tool for the evaluation of the behavior of a
similarity measure for non-rigid registration based on con-
trol points. Nevertheless, the evaluation protocol or the
basic idea of systematic local parameter perturbation and
statistical evaluation might potentially be extended to other
deformation schemes, for example, to those based on phys-
ical modeling. However, it is important to note that the
selected deformation scheme should be as realistic as possi-
ble, preferably modeling only those deformations that can
occur in real images. However, since no such specific mod-
els with minimal required degree of freedom exist, some
redundant unrealistic deformations that are less likely to
occur in real images will always be induced in the registra-
tion process during the optimization procedure. The pro-
posed random local perturbation scheme generates a set
of possible deformations that might occur during the regis-
tration. As such, the protocol enables similarity measure
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evaluation that is relevant for a given deformation model
and that is independent of the optimization procedure.

The evaluation protocol has five parameters that have to
be selected for a particular evaluation problem, namely,
knot spacing, the maximum local displacement R, the dis-
tance RD of random displacements of the other but ana-
lyzed control point, the number M of sampling points
along a probing line, and the number N of probing lines.
The reasonable values of these parameters depend on the
registration task, image properties, and/or on the temporal
and computational limitations for the evaluation. The first
parameter, knot spacing or the number of knots, depends
on the required degree of freedom for the given registration
task and is thus subjected to deformation modeling. The
second parameter of the evaluation protocol is the maxi-
mum local displacement R of control points by which the
extent of local deformation is selected. The value of this
parameter should be chosen with respect to the expected
local deformation that may occur between the images or
that may be induced by the optimization procedure. To
avoid folding of the image space, the selection of parameter
R should also reflect the nature of deformation model, the
knot spacing, and the distance RD of random displace-
ments of other control points. As a rule of thumb, the
parameter RD should not be larger than 10% of the knot
spacing, while the parameter R should not be larger than
half the knot spacing. Another parameter of the evaluation
protocol is the number M of sampling points along a prob-
ing line, which should yield a distance r = 2R/M between
two consecutive points along a line that is smaller than
the smallest voxel dimension. A good choice of r is half
of the smallest voxel dimension, although smaller values
of r would yield better estimations of the registration accu-
racy but at additional computational costs. The last param-
eter of the evaluation protocol is the number N of probing
lines. Since the similarity measure properties are statistical
estimations the parameter N should be as high as possible.
Nevertheless, similarity measure evaluation can be carried
out already by just a few probing lines and then sequen-
tially improved by arbitrary additional probing lines. This
is an important and practical characteristic of the proposed
evaluation protocol, enabling constant monitoring of the
similarity measure properties during the long-term evalua-
tions and thereby providing a valuable quantitative feed-
back to the developers of similarity measures, dealing
with temporal and computational limitations. Another
important issue, associated with the selection of all five
parameters of the evaluation protocol, is the question of
how parameter selection influences the evaluation results.
It was demonstrated, as Figs. 4–6 show, that the similarity
measure properties are relatively insensitive to the values of
parameters N, M, and RD over a relatively large range,
although some variability is always present in such statisti-
cal estimations. Nevertheless, the variability of statistical
estimation can be further reduced by using the same ran-
domization scheme and implementation parameters in
comparative evaluations.
The feasibility of the proposed protocol was demon-
strated for three similarity measures on a pair of simulated
MR T1 and MR T2 images of the head, three pairs of real
MR T1 and T2 images of the head, six pairs of real MR T1
and CT images of the head, and pairs of MR and CT
images of three vertebrae. The non-rigidity in head images
can reflect the non-rigidity of the soft tissue, e.g. the brain
that is often the tissue of interest. Besides, the non-rigidity
between MR and CT images of the same, although rigid,
objects may emerge also from the imperfections of the
imaging modalities, e.g. from spatial distortion of MR
images that are typically much higher that those of CT
images.

The evaluations of similarity measures on a 3.2 GHz
Pentium IV computer required about two months of
CPU processing time for image deformation, calculation
of similarity measure values, and computing corresponding
similarity measure properties. The obtained results indi-
cated that similarity measure properties depend heavily
on location, which was to be expected. The obtained spatial
distributions of similarity measure properties were highly
spatially consistent among different subjects. This confirms
the repeatability and feasibility of the proposed evaluation
protocol. Further, the obtained results for rectified (distor-
tion corrected) MR images were better than for original
MR images, indicating the consistence between the evalua-
tion protocol and the rectification technique. Altogether,
the differences between MI and NMI similarity measures
were subtle. This was to be expected because the two mea-
sures are very similar, although the NMI is supposed to
perform better if image overlap is changing heavily, i.e. if
the intersection of floating and target image domains
depends heavily on the transformation parameters and
thereby hampers the estimation of image similarities. How-
ever, this adverse phenomenon is more prominent in global
rigid registration, while in local non-rigid registration,
image overlap is far less dependent on local transformation
parameters, especially when edge knots are kept fixed. Nev-
ertheless, MI yielded slightly better results for brain images
and NMI for the images of vertebrae. On the other hand,
the COR similarity measure was much less accurate and
exhibited worse convergence properties in all of the ana-
lyzed images. Therefore, for multimodal image registration
in which there is mainly statistical relation between the
intensities of the images undergoing registration, informa-
tion theoretic similarity measures are currently the mea-
sures of choice.

In conclusion, the proposed protocol may be a valuable
tool for: (a) studying the behavior of a similarity measure
locally and globally, (b) studying the influence of sampling,
interpolation, histogram binning, partial image overlap,
and image degradation, such as noise, intensity inhomoge-
neity, and geometrical distortions, (c) comparing different
similarity measures, (d) comparing different implementa-
tions of the same measure, (e) evaluating the effects of cer-
tain implementation details on the behavior of the
similarity measures and (f) comparing the behavior of the
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similarity measures for different image modalities and
image contents, etc. The protocol was tested and proved
useful for the evaluation of multimodal intra-subject regis-
tration. However, the evaluation of monomodal and, hav-
ing an appropriate ‘‘gold standard’’, also the evaluation of
inter-subject registration is feasible. As such, the protocol
may help researchers, confronted with non-rigid registra-
tion tasks, to select the most appropriate similarity mea-
sures and to design efficient registration schemes.
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