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Intensity-Based Image Registration by
Minimizing Residual Complexity
Andriy Myronenko* and Xubo Song

Abstract—Accurate definition of the similarity measure is a key
component in image registration. Most commonly used intensitybased similarity measures rely on the assumptions of independence
and stationarity of the intensities from pixel to pixel. Such measures cannot capture the complex interactions among the pixel intensities, and often result in less satisfactory registration performances, especially in the presence of spatially-varying intensity distortions. We propose a novel similarity measure that accounts for
intensity nonstationarities and complex spatially-varying intensity
distortions in mono-modal settings. We derive the similarity measure by analytically solving for the intensity correction field and
its adaptive regularization. The final measure can be interpreted
as one that favors a registration with minimum compression complexity of the residual image between the two registered images.
One of the key advantages of the new similarity measure is its simplicity in terms of both computational complexity and implementation. This measure produces accurate registration results on both
artificial and real-world problems that we have tested, and outperforms other state-of-the-art similarity measures in these cases.
Index Terms—Bias field, image registration, nonstationary intensity distortion, residual complexity, sparseness.

I. INTRODUCTION
MAGE registration is a method of aligning two images into
the same coordinate system, so that the aligned images can
be directly compared, combined and analyzed. One of the key
components of image registration is the similarity measure between the images that is optimized at the correct spatial alignment. Intensity-based similarity measures are defined directly
on image intensities, and often rely on the assumption of independence and stationarity of the intensities from pixel to pixel
[1], [2]. Such similarity measures, including sum-of-squareddifferences (SSD), correlation coefficient (CC), correlation ratio
(CR), and mutual information (MI), are defined based on the
intensity relationship of the corresponding pixels without considering their spatial dependencies. Further, the intensity rela-
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Fig. 1. Gray stripe registration experiment.

tionship is assumed to be spatially stationary1. As a result, such
measures are less robust and tend to fail when registering two
images corrupted by spatially-varying intensity distortion.
Real-world images often have spatially-varying intensity distortions. For instance, brain magnetic resonance imaging (MRI)
images often can be corrupted by slow-varying intensity bias
fields [3]; visual-band images can have illumination nonhomogeneity and reflectance artifacts [2]. These complex distortions
do not obey the pixel-wise independence or stationarity assumption and cannot be captured by simplistic intensity relationships.
To illustrate this argument, consider aligning the two images in
Fig. 1. The smaller image (B) is a crop of the larger image (A)
corrupted by an additive spatially-varying intensity field (simulated by a sum of random Gaussians). Fig. 2 plots the values of
several similarity measures, including our new similarity measure called residual complexity (RC), with respect to the horizontal shift of image B over A. Global similarity measures, including SSD, CC, and MI, do not give an optimum at the correct
image alignment (zero translation), whereas RC achieves a distinct optimum with a wide convergence range (Fig. 2). We also
and
norms to the difference of the gradient
applied the
magnitude images, which provides a correct optimum position,
however optimization of such similarity measures is challenging
due to its uniformity even in a small vicinity from the optimum.
In this example, global similarity measures are not adequate to
register the images. It would require our method or local similarity measures to cope with the given spatially-varying intensity distortion.
The effect of slow-varying intensity distortions becomes even
more apparent with dense nonrigid registration, which estimates
the transformation (e.g., displacement vector) at every image
pixel. Such methods require high accuracy and consistency of
the similarity measure at every pixel. Dense nonrigid registration using global criteria, e.g., MI or normalized MI, often provides solutions with significant local errors in the estimated
transformation, as the similarity criteria attempts to reduce the
1Spatial stationarity implies the equal form of the probability density function
regardless of any shift in image spatial dimension.
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similarity measure as the one that favors all zeros residual
regardless of the spatial positions of misaligned structures; a
random simultaneous shuffle of pixel positions in both images
does not change the SSD measure. In contrast to SSD, RC
is minimized when the residual image can be sparsely coded
using only a few basis functions (e.g., favoring smooth or
piece-wise smooth residual). Such properties of RC allow robust
alignment of the images distorted by the spatially-varying
intensity distortions.
II. BACKGROUND

Fig. 2. Plot of several similarity measures (RC, SSD, CC, MI, L1, and L2 norm
gradient magnitude) with respect to the translation of the smaller image over the
larger one in Fig. 1. Zero translation corresponds to the accurate registration.

size of locally corrupted regions to increase the overall image
similarity [3].
Among current methods to deal with spatially-varying intensity distortion are methods based on simultaneous intensity correction and registration [4]–[6], on modeling higher order pixel
interdependencies [7]–[9], and on employing local similarity
criteria [3], [10], [11]. Such methods perform relatively well
with spatially-varying intensity distorted images, but have disadvantages in their high computation complexity or presence of
multiple local minima of its similarity function.
We propose a new intensity-based similarity measure to deal
with complex spatially-varying intensity distortions. We start
deriving the similarity measure by introducing an intensity correction field that brings images into agreement in the intensity
space. We learn the adaptive regularization for the correction
field. Analytically solving for the correction field and adaptive
regularization allows us to derive a similarity measure that is robust to spatial intensity distortions. Interestingly, the final form
of our similarity measure has many analogies in several computer vision areas, such as image compression, sparse coding
and topographic learning. Our similarity measure can be interpreted as one that favors a registration with minimum complexity of the residual (difference) image between the two registered images. Thus, we name it the residual complexity (RC)
similarity measure.
Intuitively, the residual image is expected to achieve the
minimalcomplexityatthecorrectspatialalignment.RCmeasures
the sparseness of the residual image in terms of the given basis
functions. From this perspective, one can consider the SSD

Definition of proper similarity measure is a challenging task
in the presence of nonstationary intensity distortions [2]. Many
intensity-based similarity measures can be unified within a maximum likelihood (ML) framework [1], which is to maximize
the joint probability of two images given the transformation. To
simplify the likelihood function, it is commonly assumed that
pixel-wise probabilities are independent and stationary, which
allows likelihood factorization, and the final intensity similarity
measure is defined based on the intensity relationship of the corresponding pixels without considering their spatial dependencies. Random shuffle of all the corresponding image pixels in
both images does not change the value of such similarity functions, because it is pixel-wise defined and evaluated.
Spatial stationarity and pixel-wise independence are often not
realistic in medical imaging, especially in the presence of spatially-varying intensity distortions. To overcome intensity nonstationarities, current registration methods include ones based
on 1) simultaneous intensity correction and registration, 2) on
modeling higher order pixel interdependencies, and 3) on employing local similarity estimation.
The first group of methods correct for intensity distortions simultaneously with image registration [4]–[6]. Friston et al. [4]
proposed to align the images using SSD, but assumed that one
of the images has to be intensity corrected with nonlinear intensity transformation and a convolution filter. The intensity correction function was defined as a linear combination of some
basis functions with spatially smooth-varying coefficients. The
convolution filter needed to be chosen manually for a specific
problem or estimated from the images. Modersitzki and Wirtz
[6] used a similar approach, but defined a multiplicative intensity correction function with a total variation regularizer. The
authors had to iteratively solve a nonlinear system of partial differential equations simultaneously with respect to the transformation and intensity correction. In more recent work, Ashburner
and Friston [12] proposed a probabilistic framework for joint
registration, intensity normalization and segmentation, using alternating optimization of corresponding parameters. Such combined approaches require ad hoc definition of the intensity normalization function and can be more time consuming.
The second group of methods address the problem of nonstationary distortions from a Bayesian perspective by using more
complex probabilistic models, beyond simplistic assumptions of
pixel-wise independence and stationarity [7]–[9]. El-Baz et al.
[7] proposed to learn a prior appearance model of the first image
using a Markov–Gibbs random field with pairwise interaction,
and then to transform the second image to maximize its probability under the learned appearance model. Wyatt and Noble
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[8] proposed to use Markov random fields (MRF) to iteratively
segment the images and register the class labels. Zheng and
Zhang [9] proposed a MAP-MRF framework, which includes
some standard similarity measures and allows the definition of
new ones by taking advantage of local pairwise intensity interactions. Such MRF-based methods heavily rely on the initialization of parameters [8] and definition of local intensity interactions [9].
The last and the largest group of methods use local similarity
measures or similarities defined only on a small pixel neighborhood averaged over the image domain. The intuitive idea behind such approaches is that a spatially-varying intensity distortion is constant within a small pixel neighborhood. Ardecani
et al. [10] used a local correlation coefficient similarity measure
within a small window centered at every pixel and averaged over
the image domain. To overcome multiple local minima, the registration is carried at increasing image sizes with block-matchin
strategy for every pixel. Hermosillo et al. [13] proposed a framework for local similarity measures, by localizing the correlation
ratio and mutual information similarity criteria. Studholme et
al. [3] considered the spatial location as third channel in estimation of mutual information. Their similarity measure was
a sum of regional MI criteria evaluated within small overlapping regions, centered on a sparse regular grid of points. The
regional MI similarity functions were weighted proportional to
the size of the corresponding region. Regional MI showed improved registration performance compared to the global MI in
the presence of slow-varying intensity distortions. Similar to [3],
Loeckx et al. [14] proposed to use the probability distributions
conditioned on spatial location, which resulted in a conditional
MI similarity measure. Klein et al. [15] also used local MI, defined as sum of MIs evaluated over small overlapping regions.
The overlapping regions were reinitialized randomly at every
iterations, in contrast to predefined region centers on a regular
grid. They also adopted stochastic gradient descent optimization algorithm, which often has faster convergence and is less
likely to get stuck in a local minima. Yi and Soatto [11] used
local neighborhood NMI at each pixel (averaged over the image
domain), but combine it with the global NMI. The influence of
local NMI versus global NMI is weighted at every pixel proportional to the confidence of local image agreement (given by the
local NMI). Whereas global NMI has less local optima, local
NMI is less sensitive to spatially-varying intensity distortions.
Overall, the methods based on local similarity measures
showed better performance compared to global ones in the
presence of non-stationary intensity distortions. The problem
of such local approaches is that local statistics are only effective
within a small image region, which created numerous local
minima of the objective function. Also such local estimates are
much more sensitive to noise and outliers then global measures.
Finally, local similarity measure suffer from the problem of size
selection for the local image regions for statistics computations.
We introduce a new similarity measure that is closely related to the first group of above-mentioned methods, of simultaneous image registration and intensity correction. The unique
feature of our approach is that we analytically solve for the intensity correction field and eliminate it from the similarity function. Thus, the intensity correction field does not appear in the
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final registration algorithm. We use the definition of the correction field mostly to set up an elegant theoretical framework.
From a Bayesian perspective, the pixel-wise probabilities, by
our method, are independent only conditioned on the intensity
correction field.
III. METHOD
Consider two images and to be aligned, assuming the
following intensity relationship:
(1)
where
is an intensity correction field and is zero mean
Gaussian noise (note that for any two images there always exists a correction field , such that (1) holds, if the shape of S is
not restricted). is the geometric transformation that aligns
and . The maximum a posteriori (MAP) approach to estimate
and is to maximize the probability
(2)
where we assume the independence of
and . The term
is a joint likelihood of the images, which leads
to the familiar similarity measure of SSD [1], which is the case
.
is a prior used to regularize the transformafor
tion and
is a prior on that reflects our
assumption on spatial intensity interactions [16]. Now, we also
assume that pixel-wise probabilities are i.i.d., but only given the
correction field. Maximization of the posterior probability in
(2) (excluding the transformation regularization2 is equivalent
to minimization of the following objective function:
(3)
where
, and are in column-vector form,
is the Euclidean norm and is a regularization operator for (we have
not yet specified the form of ).
We can analytically solve for , and thus eliminate it from the
objective function. Equating the gradient to zero, we solve for
(4)
(5)
where
is the identity matrix and
is the residual
vector (difference image) that explicitly depends on the transis posiformation . The inverse always exists, because
tive semidefinite. Defining a new square symmetric matrix
and substituting back into the objective function (3), we obtain

(6)
2Depending on the transformation model T , (3) can also include the regularization on T term, which comes from a prior P (T ).
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To simplify further, consider the matrix
; it is square,
symmetric, and positive semidefinite. Thus, it allows spectral
decomposition
(7)
where
is the diagonal matrix of eigenvalues and
is the
eigenvector matrix. Substituting (7) in (6), we can simplify the
objective function greatly, because is orthogonal, and the majority of multiplications and inversions are only with diagonal
matrices within
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. SSD is a
which is equivalent to no intensity correction
valid and optimal objective function if the images are corrupted
deviate
by i.i.d. Gaussian noise. The more the eigenspectra
from flat, the more off-diagonal elements appear in , which
means that the noise is more correlated. As far as the true noise
covariance is unknown, we want to assume the least required
correlation possible and thus a flat . We define the regularization term on as a Kullback–Leibler (KL) divergence between
a uniform distribution and a distribution given by eigenvalues

(13)

(8)
where
denotes a diagonal matrix. With
we defined a new square, symmetric and positive semidefinite matrix
with eigenvalues

where the last two terms are correction factors, so that it applies
to unnormalized distributions [17], [18]. KL-based regularization enforces closeness of the data to satisfy an information
measure rather than some distance measure (associated with its
function space) [19]. Also it guarantees positivity for the regularized solution, in contrast to other regularizers, such as the
norm. Including the regularization term, our objective function
takes the form

(9)
are all nonnegative and bounded
Note that eigenvalues of
between [0, 1]. Now, if we choose a particular regularization
operator , then is known and we can minimize

(14)
where is a trade-off parameter. Differentiating the equation
with respect to all and equating the derivative to zero, we
obtain

(10)
(15)
with respect to the transformation . The matrix
is of size
, where
is a number of image pixels. This equation can
be interpreted as the squared Mahalanobis distance between the
two random vectors and of the same distribution with the
inverse covariance . Alternatively, (10) can be seen as the generalized distance measure, with the distance metric .
So far we have not specified the eigenvectors and eigenvalues
. A large class of operators
of the operator
have the same eigenvector basis
and differ only in
eigenvalues. In our method, we will choose a particular form of
(see Section IV) without specifying the eigenvalues, which
are absorbed in a matrix . Instead, we estimate within the
optimization framework. Such adaptive regularization allows
greater flexibility with respect to the choice of . Consider
solving for the eigenvalues matrix

(11)
A trivial, but not interesting, minimum for
is with an allzeros matrix . To avoid this, we impose a regularization on
the eigenvalues that prefers to be flat (has relatively equal
elements) and large but still bounded in [0, 1]. The motivation is
as follows. Notice that if is identity (or multiples of identity),
then the inverse covariance is also identity, and the objective
function simplifies to regular SSD
(12)

where are eigenvectors in
. As a check
we see that are indeed bounded within [0, 1]. Substituting this
result back into (14), we obtain

(16)
Ignoring the terms independent of
larity measure

, we obtain a novel simi-

(17)
Note that even though we have derived it starting from solving
for the correction field and its regularizer, they are not explicitly
present in the final similarity function form. However, we still
need to define the basis eigenvectors .
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Fig. 3. A comparison of the distributions of the DCT coefficients for the different spatial translations (pixels) of the images shown in Fig. 1. Here, we computed
each histogram from log(x + 1), where x are the 50 largest DCT coefficients of the residual image for the given translation. The correct alignment (zero translation) corresponds to the maximum number of zero coefficients. By enforcing sparseness on the DCT coefficients of the residual image, the RC similarity measure
achieves optimum at the correct spatial alignment.

IV. DCT BASIS
We proceed to specify . Recall that the functional form
initially comes from the eigenvectors of
of basis
, where is a regularization operator of the correction
field. We choose the discrete cosine transform (DCT) basis [20]
as a functional form of , because it corresponds to the discrete
derivative-based regularizer . In this case, the matrix multipliis just a discrete cosine transform (DCT) of , which
cation
[20].
can be computed through FFT in
Consider the first-order derivative regularizer (finite differences matrix) , the corresponding self-adjoint operator
, which appears after taking the gradient of
, is a
second-order derivative matrix (discrete Laplacian), which decomposes as [20]
(18)
where is the DCT basis (real and orthogonal). Depending on
a choice of boundary conditions and boundary approximations,
there are several DCT choices. The most common in image
processing is DCT-2, which corresponds to Neumann midpoint
boundary conditions [20]. For instance, in 1-D the DCT basis
functions are
(19)
for

, and
.

(20)

, the corresponding
If we use the second-order regularizer
self-adjoint operator,
, is the fourth-order discrete deriva, with
tive operator
. Similarly, derivative operators
same set of eigenvectors as
of higher orders and their linear combinations lead to the same
eigenvectors and differ only in eigenvalues.
V. ANALYSIS OF RESIDUAL COMPLEXITY
Low complexity of a signal expressed in the DCT basis corresponds to a small number of nonzero coefficients. Our similarity measure penalizes small DCT coefficients disproportionally stronger than the large ones. Thus, it encourages the presence of few large coefficients opposed to many small ones. Let

be the DCT coefficients of the residual image. Intuitively, the image can be highly compressed if only a few coindeed forces
efficients are nonzero. The term
sparseness of the DCT coefficients of the residual image, because the logarithm function decreases quickly to zero compaired to its increase for larger values of the DCT coefficients.
Fig. 3 shows the histogram of the DCT coefficients of the
residual image for the different spatial translation positions from
the example in Fig. 1. At the correct spatial alignment, zero
translation, the residual image has the maximum number of (almost) zero DCT coefficients. By enforcing sparseness of the
DCT coefficients, RC reaches the optimum that corresponds to
the correct alignment.
Several other sparseness measures have been proposed for
image and speech analysis, neural networks, independent component analysis, sparse coding, etc. [21], [22]. Popular sparseness measures include the following:
, for
;
•
;
•
, for
.
•
In our case, the signal represents the DCT coefficient of the
residual image. Karvanen and Chichocki showed no consistent
advantage of one sparseness measure over the others [21]. The
perhaps is the most popular sparseness measure due
L1 norm
function has a nice propto its simple representation. The
. Our sparseness measure
erty of saturating to 1 when
comes from the formulation and analytical derivation described in Section III.
Some other similarity measures, including SSD and entropy
of the difference (EOD) image [23], also define an objective
function on the residual image. The SSD similarity measure favors all zeros residual regardless of the spatial positions of misaligned structures. EOD is optimized when the residual image
is clustered into a small number of intensity levels, regardless of
the spatial position. In contrast to SSD and EOD, the RC similarity measure is minimized when the residual image can be
sparsely represented using only a few basis functions (e.g., favoring spatially smooth or piece-wise smooth residual). Such
properties of RC allow robust alignment of the images distorted
by the spatially-varying intensity distortions.
VI. IMPLEMENTATION
We model the transformation
using the free form deformation (FFD) transformation with three hierarchical levels of
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Fig. 4. Synthetic experiment 1. We register the source image (b) onto the reference image (a). (f), (g) Intensity distortion fields added to the reference and source images respectively. (d) The RC registration result. RC performs well. (d), (e), (i), (j) Typical performance of global NMI, local CC, local MI and Preprocessing+SSD
respectively. NMI shows unsatisfactory result. Local CC and local MI performs satisfactorily with slight misalignments, which we highlighted with contours (e),
(j). Preprocessing+SSD approach produces overall satisfactory result, but with several misalignments of the smaller structures. (a) Reference. (b) Source. (c) RC
result. (d) NMI result. (e) Local CC result. (f) Reference bias. (g) Source bias. (h) Transformation. (i) Preprocessing+SSD. (j) Local MI result.

B-spline control points [24]. We use the gradient descent optimization method to iteratively update the transformation parameters . The pseudo-code to compute the objective function and
its gradient is

fields are consistent with the common assumptions in medical
imaging, e.g., MRI can be corrupted a multiplicative bias field.
We compare our similarity measure with the local CC and local
MI similarity measures implemented in Elastix [15], [25].
A. Elastix Configuration

where dctn and idctn are the forward and inverse multidimenis the intensity image gradient and represents
sional DCTs,
.
the transformation parameters. We set the parameter
We have also used an addition regularization term for FFD; we
penalized the Euclidean distance between all the neighboring
displacements of B-spline control points to prevent unnatural
wraps. The weight of the regularization term was set to 0.01,
which we empirically determined to give the best performance.
VII. RESULTS
We have implemented the algorithm in Matlab, and tested
it on a AMD Opteron CPU 2 GHz Linux machine with 4 GB
RAM. The Matlab code is a part of the Medical Image Registration Toolbox (MIRT), which is available online.3 We show
the performance of the residual complexity similarity measure
on several challenging synthetic and real-life examples. For the
synthetic experiments, we simulated additive and multiplicative spatially varying intensity distortion fields. Such distortion
3

http://www.bme.ogi.edu/~myron/matlab/MIRT

Elastix is an image registration software toolbox. It provides
a broad range of intensity-based registration options and settings. We used B-spline parametrization of nonrigid transformation with three hierarchical levels. We used mesh size of 48, 24,
and 12 pixels, respectively, for both our and Elastix implementations.
Elastix includes local similarity measure implementations
(local CC and local MI), which are well suited to cope with
image intensity inhomogeneity and nonstationarity. At each
iteration Elastix randomly selects one voxel, and then selects
a set of random samples in a local square region around that
voxel [15], [25]. From the local region, the local similarity
measure is computed and used to update the transformation
using the Gradient Descent optimization method. Empirically,
we found a 15 15 region size with 1000 random samples4 to
produce the best results in our synthetic experiments. We set
a maximum number of iterations of 2000 for each of Elastix
hierarchical levels. The maximum number of iteration was
also the only stopping condition available in the Elastix implementation. We have empirically found the 2000 iterations to
be sufficient to achieve an accurate registration result with no
further improvements.
4A large number of samples has been chosen to ensure the full information
use from the neighborhood.
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Fig. 5. Registration performances of RC, local CC, local MI and preprocessing SSD. Both images were corrupted by additive intensity field (simulated by a
mixture of random Gaussians) and scaled. RC performs comparably well, often better, with the other tested similarity measures. Local CC and local MI produce
similar satisfactory results. Preprocessing SSD approach showed the worst performance. (a) Intensity error. (b) Transformation error.

K

+

+

Fig. 6. Registration performances of RC, local CC, local MI and preprocessing SSD. Both images were corrupted by multiplicative intensity field (simulated
random Gaussians) and scaled. Artificial spatial and intensity distortions were reinitialized at every run. RC performs comparably well, often
by a mixture of
better, with the other tested similarity measures in almost all cases. (a) Intensity error. (b) Transformation error.

K

B. Synthetic Experiment 1
We used the BrainWeb T1-weighted MRI images [26]. We
selected a 2-D slice (216 180) for the experiments. We normalized image intensities to the [0, 1] interval before registration. We generated synthetic examples by introducing both geometric and intensity distortions to the images. To simulate the
geometric distortion, we perturbed a uniform grid of points followed by the thin-plate spline (TPS) interpolation of the source
image according to the grid deformation to create the target images. The grid size was 7 7 and its random perturbation was
drawn from a zero-mean Gaussian with three pixels standard
deviation (std). To simulate the spatially-varying intensity distortion we corrupted both images according to the formula as
follows:
;
•
• rescale to [0, 1].
The last term models locally-varying intensity field with mixture
of randomly centered Gaussians.

(two
Fig. 4 shows typical registration results for
Gaussians). The RC similarity measure showed accurate performance. Global normalized MI showed poor performance with
significant misalignment. We have also tested some other global
measures including CC, CR, and SSD, all of which performed
poorly. Local similarity measures performed well with a slight
advantage of local CC over the local MI. Both local CC and
local MI accurately aligns most of the image regions. We also
tested the performance of SSD after both images were Gaussian
high pass filtered with 10 std, which led to an overall satisfactory
alignment, except for some smaller structures that still remained
misaligned.
To quantify the registration performance, we used two different error measures. The first one is the transformation root
mean square error (RMSE) between the true and estimated
.
transformations:
We did not include the area outside the skull (roughly found
by thresholding) for the transformation RMSE computation
to avoid the boundary error influence. The second error is the
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Fig. 7. Transformation error with respect to the different parameter
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settings.

Fig. 9. Registration of two iris images. Notice the intensity variation across the
images as well as intensity artifacts including moving cells and nonconsistent
vessel reflections. Our method accurately registers the images without any additional preprocessing.

MI similarity measures. All tested similarity measures produced
satisfactory results with subpixel accuracy. Nevertheless, visually local CC and local MI tend to align all image regions except
for one or two problematic regions, which remained misaligned.
The average processing time with RC was 20 s for a pair of images, whereas local MI and local CC Elastix implementations
took around 60 s.
We also tested the sensitivity of RC with respect to the choice
of the parameter. We conducted 50 runs with random deforinitializations for each
mation and intensity distortion
. Fig. 7 shows the mean and standard deviation
of
of the Transformation RMSE obtained for various . Overall,
the values of in a range [0.01, 3] produce similar accurate
.
registration results with a small advantage when
C. Synthetic Experiment 2

Fig. 8. Registration of retina images: (a) reference image; (b) source image
(taken two years prior); (c) composite view before registration; (d) composite
view after registration; (e) registered source image; (f) composite view through
contour overlap after the registration. The RC registration result is accurate;
vessel structures are aligned despite intensity distortions and artifacts.

intensity RMSE between the reference and the clean registered
images, where the clean registered image was obtained by
to the source image
applying the estimated transformation
without intensity distortion.
.
We performed 120 automatic registrations for
The random intensity and spatial distortions were reinitialized
at every run. Fig. 5 demonstrates the registration performances
of RC, local CC, local MI and Preprocessing SSD. For the Preprocessing SSD, we preprocessed the images with a Gaussian
high pass filter (10 std) followed by SSD-based registration.
RC performed well and outperformed the local CC and local

We corrupted both images with a multiplicative intensity
field, otherwise using similar setup as in the synthetic experiment 1. We simulated the spatially-varying multiplicative
intensity distortion according to the formula as follows:
•

• rescale to [0, 1].
Fig. 6 demonstrates the registration performances of RC, local
CC, local MI and Preprocessing SSD. The registration performances are comparable with a slight advantage of RC, and definite disadvantage of preprocessing SSD. Interestingly local MI
shows a comparable performance to RC in terms of transformation RMSE, but larger error in terms of intensity RMSE between
the clean reference and the final registered images. Visually both
RC, local CC and local MI produced accurate results.
D. Retina Images
We registered retina images taken two years apart [27].
Retinal images are used in ophthalmology to assess the evolu-
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Fig. 10. Estimated motion of the LV contour found during the cardiac cycle (24 consecutive volumes). LV achieves the maximum contraction at volume 13, then
the LV dilates (diastolic phase) up to the volume 22 and starts contracting again (systolic phase). The last plot shows the displacement fields on LV endocardium
between end diastole (ED) and end systole (ES) volumes. We validate the accuracy of RC registration with groundtruth motion of implanted sonomicrometers.
The RC registration-based estimated motion is accurate.

tion of illness, e.g., diabetic retinopathy [28], [29]. The images
show the vascular tree of the eye, which permits to determine
the areas where blood flow seems occluded or leaking. For this,
the images have to be aligned first.
Retina images are challenging to register due to multiple intensity artifacts including nonuniform background and blood
vessels (with intensity variations and changed structure) [29].
Most of the retina registration methods are feature-based [27],
[28]; they extract the vascular structure or landmarks and align
them. Fig. 8 demonstrates the RC performance on two retina
images (200 250 pixels). We achieved accurate registration
results as demonstrated through composite views. We did not
do image preprocessing or normalization and did not excluded
the background outside the retina circle. We used the images as
they appear in the figure and did no rigid preregistration beforehand. Both global and local CC and MI similarity measures (see
Elastix configuration in Section VII-A) produced similar registration results, but only after we defined the region of interest
to exclude the area outside the retina circle and after image filtering and heavy regularization of the transformation (to the extent where the transformation is almost rigid).
E. Iris Images
We stabilize a video sequence of microscopic iris images
through frame-by-frame registration. This was necessary to
remove the severe jitter and deformation across frames in order
to be able to track leukocyte motion [30]. The deformation between frames is highly nonlinear. Notice the intensity variation
across the images as well as intensity artifacts from moving
cells, nonconsistent vessel reflections, etc. Our algorithm
proved accurate and effective for these images (Fig. 9). Other
similarity measures, including local CC and local MI showed
poor performance on iris images without preprocessing, even
though different combinations of parameters were tried.
F. 3-D Echocardiography
We sequentially registered a set of 3-D echo images (24
frames 192 274 248 pixels) to find a displacement field of
imaged area through time [31]. The idea is to register the next
3-D volume onto the previous, sequentially, in order to track
the underlying myocardial motion. We have used the similar
set up for each pair of 3-D volumes as described in Section VI.
The estimated transformation field can be used to study the
myocardial deformation. We acquired the 3-D echo sequences
using a Philips iE33 with EKG gating from openchest piglets.
Fig. 10 shows the estimated motion of LV superimposed on the

3-D echo images and the displacement vector field visualized at
the LV endocardium position between end diastole and end systole volumes. We used a groundtruth sonomicrometer motion
to validate the algorithm. We have omitted the description of
this procedure in this paper, but note that the estimated motion
has shown a high correlation with the groundtruth one, which
shows the high accuracy of our method [31].
VIII. DISCUSSION AND CONCLUSION
We have derived a novel similarity measure for image registration, which accounts for spatial intensity distortions and nonstationarities of the images. The similarity measure intuitively
measures the coding complexity of the residual image. This
measure produces accurate registration results on both artificial
and real-world problems that we have tested, and outperforms
other state-of-the-art similarity measures, in term of accuracy,
in these cases.
The key advantage of our new similarity measure is
its simplicity in terms of both computational complexity
and implementation. The similarity measure
and its pixel-wise gradient can be implemented within several
Matlab lines. Nevertheless, our new similarity measure shows
robust and accurate performance on real-word tested examples
corrupted by severe intensity distotion fields. The limitation of
our approach is that it is only applicable to areas where images
are from the same modality.
Our similarity measure requires initialization of the coefficient . For the examples we tested, we found its value in a range
[0.01, 3] to give accurate results with no significant difference in
performance. Generally smaller values of forced sparser coefficients, which resulted in more accurate registration, but also
lead to more local minima of the similarity measure.
Our underlying assumption on the correction field was a
simple additive one. Nevertheless, our similarity measure
showed robust performance for both synthetic and real examples, where the intensity correction function can be complex.
Our explanation for the accurate performance of RC in such
cases is that even when the real residual image is complex, its
form still has to be simpler (represented sparsely by the basis
functions) than the one with inaccurate registration. Thus, RC
will still work with some complex intensity distortions.
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