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Abstract

We present a novel method for aligning images under arbi-
trary poses, based on finding correspondences between im-
age region features. In contrast with using purely feature-
based or intensity-based methods, we adopt a hybrid method
that integrates the merits of both approaches. Our method
uses a small number of automatically extracted scale-
invariant salient region features, whose interior intensities
can be matched using robust similarity measures. While pre-
vious techniques have primarily focused on finding corre-
spondences between individual features, we emphasize the
importance of geometric configural constraints in preserv-
ing global consistency of individual matches and thus elim-
inating false feature matches. Our matching algorithm con-
sists of two steps: region component matching (RCPM) and
region configural matching (RCFM), respectively. The first
step finds correspondences between individual region fea-
tures. The second step detects a joint correspondence be-
tween multiple pairs of salient region features using a gen-
eralized Expectation-Maximization framework. The result-
ing joint correspondence is then used to recover the opti-
mal transformation parameters. We applied our method to
registering a pair of aerial images and several pairs of sin-
gle and multiple modality medical images with promising re-
sults. The preliminary results, in particular, showed that the
proposed method has excellent robustness to image noise,
intensity change and inhomogeneity, appearance and disap-
pearance of structures, as well as partial matching.

1. Introduction
Image registration aims to spatially align one image to an-
other. For that purpose, parameters of a global transfor-
mation model, such as rigid, affine or projective, are to
be recovered to geometrically transform amovingimage to
achieve high spatial correspondence with afixedimage. The
problem has been studied in various contexts due to its sig-
nificance in a wide range of areas, including medical im-
age fusion, remote sensing, recognition, tracking, mosaic-

ing, and so on.

Existing methods for image registration can largely be
classified into three categories: feature-based methods,
intensity-based methods, and hybrid methods that integrate
the previous two. Traditional feature-based methods use
sparse geometric features such as points [15], curves, and/or
surface patches [3, 12], and their correspondences to com-
pute an optimal transformation. These methods are rela-
tively fast. However, the main critiques of this type of meth-
ods in the literature are the robustness of feature extraction,
the accuracy of feature correspondences, and the frequent
need of user interaction. Intensity-based registration meth-
ods [17, 5] operate directly on the intensity values from the
full image content, without prior feature extraction. These
methods have attracted much attention in recent years since
they can be made fully automatic and can be used for multi-
modality image matching by utilizing appropriate similar-
ity measures. However, these methods tend to have high
computational cost due to the need for optimization on com-
plex, non-convex energy functions. In addition, they re-
quire the poses of two input images be close enough to con-
verge to a local optimum. Furthermore, they often perform
poorly when partial matching is required. Recently, sev-
eral hybrid methods are proposed that integrate the merits of
both feature-based and intensity-based methods [13, 8, 10].
Most of them focus on incorporating user provided or au-
tomatically extracted geometric feature constraints into the
intensity-based energy functionals to achieve smoother and
faster optimization.

Despite the vast efforts, however, several hard problems
in registration still remain. First, dealing with structure
appearing/dissappearing between two images is still chal-
lenging. For instance, tumor growth/shrinkage in medi-
cal images acquired in the clinical tracking of treatment,
trees/shadows or construction in aerial images taken at dif-
ferent times, and occlusion in other natural images often
lead to significant differences in local image appearance (see
Figs. 1, 7). Second, it is still difficult to match images ac-
quired by sensors of different modalities in general, since



different sensors, such as MRI, CT or PET, may produce
very dissimilar images of the same scene. The relation-
ship between the intensities of the matching pixels is often
complex and not knowna priori. Image noise and inten-
sity inhomogeneity also add to this complexity. Last, but
not least, given two input images under arbitrary poses, re-
covering the globally optimal transformation efficiently is
a hard problem due to the large parameter search space.
To tackle these problems, the integration of both feature-
based and intensity-based methods is very attractive since
they are of complementary nature. While intensity-based
methods are superior in multi-modal image matching and
have better robustness to image noise and inhomogeneity,
the feature-based methods are more natural to handle the
structure appearing/dissappearing problem, occlusion, and
partial matching as well as to align images despite of their
initial poses.

In this paper, we propose a new hybrid image registra-
tion method, which is based on matching a small number of
scale-invariant salient region features. Rather than using tra-
ditional geometric features such as curvature extrema points,
curves/surface patches, the image alignment in our approach
is driven directly by image intensities within automatically
extracted salient regions. The overall approach is depicted in
Fig. 1. First, on both the fixed and moving images, salient re-
gion features are selected, using an entropy-based detector,
as those areas (each associated with a best scale) with the
highest local saliency in both spatial and scale spaces (see
Fig. 1, I.a-d). Then aregion component matching(RCPM)
step is used to determine the likelihood of each hypothesized
fixed-moving pairing of two region features. The likelihood
of each pairing is measured by the normalized mutual infor-
mation between the two regions. The result of this step is a
total ordering of the likelihoods of all hypotheses about in-
dividual feature matches. Due to image noise or intensity
changes, the top matches from this result often contain an
unpredictable portion of outliers (i.e., mismatches), whose
effects can only be partially alleviated by the use of robust
estimation techniques. In the literature, the global one-to-
one correspondence constraint [2, 4] has been widely used.
However, in the presence of unmatchable features or in the
situation of partial matching, this global constraint is neither
sufficient nor valid. To address these limitations, we empha-
size the importance of the geometric configural constraints
in preserving the global consistency of individual matches.
Utilizing the top individual feature correspondence candi-
dates from the RCPM step, we further design aregion con-
figural matching(RCFM) step in which we detect a joint
correspondence between multiple pairs of salient region fea-
tures (see Fig. 1, II.c-d). The strict geometric constraints im-
posed by the joint correspondence make the algorithm very
effective in pruning false feature matches. The combina-
torial complexity associated with detecting joint correspon-
dences is addressed in an efficient manner by using one fea-

ture pair correspondence as a minimal base (see Fig. 1, II.a-
b), then incrementally add to the base new feature pairs using
an Expectation-Maximization algorithm. The likelihood of
each hypothesized joint correspondence is always measured
based on the global “alignedness” between the fixed image
and the transformed moving image, given the transformation
computed from the hypothesis. This allows convergence to
the globally optimal transformation parameters. Various ex-
periments on registering aerial images and medical images
of single and multiple modalities demonstrate the effective-
ness of the proposed method both quantitatively and qualita-
tively.

1.1. Previous Work
The proposed image registration method is largely inspired
by the pioneering works from the object recognition litera-
ture [6, 7, 9]. From their works, we learned two important
aspects that would be beneficial when used in image regis-
tration. The first aspect is the use of scale-invariantregion
features. In [6], objects are modeled as flexible constella-
tions of regions (parts) in order to learn and recognize object
class models. An entropy-based feature detector [9] is used
to select region features that have complex intensity distribu-
tions and are stable in both spatial and scale spaces. When
adapting the idea of region features to solve image registra-
tion problems, suitable and robust similarity measures need
to be defined between region intensity values, to deal with
multi-modal matching, image noise, and intensity inhomo-
geneity. The second aspect is the importance of geometric
configural constraints in robust feature matching. In [7], the
role of geometric constraints in object recognition is stud-
ied in depth using edge and other geometric features, and
an interpretation tree(IT) algorithm is developed to search
for globally consistent feature correspondences. In this pa-
per, we present a new method of implementing the geomet-
ric configural matching. Compared to the interpretation tree
search algorithms whose best-case and worst-case complex-
ities can be significantly different, our method has a very
predictable low computational cost and has the best-case and
worst-case complexities on the same order.

The remainder of the paper is organized as follows. In
section 2, we describe the salient region feature detector. In
section 3, we present our region component and configural
matching algorithms for registration. Experimental results
on both aerial and medical images are demonstrated in sec-
tion 4. We conclude with discussion in section 5.

2. Scale-Invariant Salient Region Fea-
tures

The line of research on feature-based image matching has
long been restrained by the question: what features to use?
An interesting feature selection criterion was proposed for
tracking under occlusion and disocclusion situations in [14].
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Figure 1:The registration method based on matching scale-invariant salient region features. (I.a) The fixed imageIf . (I.b) Salient region
features (shown as yellow circles) detected onIf . (I.c) The moving imageIm. (I.d) Salient region features detected onIm. (II.a-b) The first
corresponding feature pair chosen. (II.c-d) The corresponding feature pairs chosen by the algorithm upon convergence. (III.a-b) Registration
result: (III.a) the fixed imageIf , and (III.b) the transformed moving imageIt based on the transformation parameters recovered using the
chosen feature correspondences. (III.c-d) Comparison of the edge superimposed maps: (III.c) edges (in yellow) from the original moving
imageIm superimposed on fixed imageIf , and (III.d) edges from the transformed moving imageIt superimposed on fixed imageIf .

The criterion states that the right features for tracking are
exactly those that make the tracker work best. Applying
similar reasoning, we believe that good features for image
registration should be those that are “unique” or “rare”. The
uniqueness or rarity of a feature we refer here is in the con-
text of correspondence, i.e., given a feature from one image,
whether the likelihood of having multiple corresponding fea-
tures on the matching image is low, not in the context of its
uniqueness or rarity in occurrence within the same image.
For example, in the use of point features for image match-
ing, the traditional intuition and argument is that pixels in
homogeneous regions (similarly, points with low curvatures
on curve or surface segments) tend to be ambiguous in cor-
respondence and should either not be chosen as the preferred
feature point or weighted less important during the matching
process [16, 1]. We argue, however, that these popular be-
liefs are only correct in a relative sense and that the “unique-
ness” of a feature is closely related to its associated scale.
At a smaller scale, edge points, corner points, or points with
high curvature appear to be more unique than others. At a

medium or larger scale, points in homogeneous regions or
with low curvature begin to appear unique as well. Medial
axis points of a shape or a homogeneous region are exam-
ples of these type of points that are unique at the scale they
are associated with. We believe that every point regardless
of their local characteristics (edgeness, cornerness, medial-
ness, curvature, etc.) in the image can be made unique if
a proper scale and its neighborhood is selected to calculate
the feature1. One pictorial example of this point of view is
demonstrated in Fig. 2.

Thus motivated, we seek to use scale-invariant region fea-
tures as the basis for our proposed registration method. In
[9], a salient region feature detector is proposed. The salient
regions are found using an entropy-based detector, which
aims to select regions with highest local saliency in both spa-
tial and scale spaces. For each pixelx on an image, a prob-

1Note that we are not the first to exploit this observation for image regis-
tration. For instance, in [13], promising results have been obtained recently
for non-rigid brain image registration using an attribute vector of geometric
moment invariants at different scales.



Figure 2: Demonstrating our belief that every point in the im-
age can be made unique if a proper scale of its neighborhood is
selected to calculate the feature. (Inner most circle) Locally at a
small scale, the point neighborhood appear homogeneous. (Middle
circle) At a larger scale, the point neighborhood begins to appear
unique. (Large Circle) At a scale that is large enough, every point
appears unique based on the characteristics of its neighborhood.

ability density function (PDF)p(s,x) is computed from the
intensities in a circular region of certain scale described by a
radiuss centered atx. The local differential entropy of the
region is defined by:

H(s,x) = −
∫

R
pi(s,x) log2 pi(s,x)di

wherei takes on values in the set of possible intensity val-
ues. The best scaleSx for the region centered atx is se-
lected as the one that maximizes the local entropy:Sx =
argmaxsH(s,x). Then the saliency value,A(Sx,x), for
the region with the best scale is defined by the extrema en-
tropy value, weighted by the best scale and a differential self-
similarity measure in the scale space:

A(Sx,x) = H(Sx,x) · Sx ·
∫

R

∥∥∥ ∂

∂s
pi(s,x)

∣∣
Sx

∥∥∥di

Since the saliency metric is applicable over both spatial and
scale spaces, the saliency values of region features at differ-
ent locations and scales are comparable.

For the proposed registration method, we apply the fol-
lowing steps to pick a low numberN (N < 100 for all our
experiments) of salient region features (each defined by its
center and the best scale):

• For each pixel locationx, compute the best scaleSx

of the region centered at it, and its saliency value
A(Sx,x).

• Identify the pixels with local maxima in saliency val-
ues. Then the salient regions of interest are those that
are centered at these pixels and have the best scales.

• Among the local maxima salient regions, pick theN
most salient ones as region features for the image.

One of the main advantages of the salient region features
is that they are theoretically invariant to rotation, transla-
tion and scale. We also quantitatively validate the invariance
properties in section 4.1. Some examples on the extracted
salient regions are shown in Fig. 1(I.a-d) and in Fig. 4(II.a-
d).

3. The Salient Region based Registra-
tion Algorithm

Once we have extracted the salient region features from both
the fixed and moving images, the alignment of the two im-
ages is achieved by finding a robust joint correspondence
between multiple pairs of region features. This joint corre-
spondence is then used to estimate the parameters of a de-
sired transformation model. In this paper, we consider the
2D similarity transformation. This transformation can be
described by four parameters:(tx, ty, σ, θ), wheretx, ty are
the translation alongx andy directions respectively,σ is the
isotropic scaling factor, andθ is the rotation angle.

Several notations are introduced as follows:

• If is the fixed image,Im is the moving image, andIt is
the transformed moving image. We aim to recover the
parameters of a similarity transformation that geomet-
rically transforms the moving image to be aligned with
the fixed image.

• SupposeNf salient region features are detected onIf ,
andNm features onIm.

• Ci,j denotes the hypothesized correspondence between
the ith region feature onIf and thejth feature onIm.
Here(i, j) ∈ [1, Nf ]× [1, Nm].

• Ci1,j1 ∩ Ci2,j2 ∩ ... ∩ Cik,jk
... denotes a hypothesized

joint correspondence between multiple region feature
pairs: i1th region onIf corresponds toj1th region on
Im, ikth region onIf corresponds tojkth region onIm,
etc.

3.1. Region Component Matching (RCPM)
In the RCPM step, we measure the likelihood of each hy-
pothesized correspondence between a region feature from
If and a region feature fromIm, respectively. That is to
say, we want to measure the likelihoodLlocal(Ci,j) for each
individual feature correspondence hypothesisCi,j . We can
then acquire a total ordering of these hypotheses according
to their likelihoods.

We define the likelihood to be proportional to the similar-
ity between the interior intensities of the two salient regions
involved. Let us denote theith region onIf asA, and the
jth region onIm as B. Before measuring their intensity
similarity, we first normalize their scales by supersampling
(using bicubic interpolation) the smaller region to match the
scale of the larger region. This also leads to scale-invariant
matching. The translation invariance is intrinsic by aligning
the two region centers. To further achieve rotation invari-
ance, we sample the parameter space for rotation sparsely2,
and use the largest similarity value over all possible angles

2Typically, the rotation angles are sampled uniformly between[−π, π)
at an intervalπ/36.



as the similarity between the two regions. The similarity
measure we use is a normalized form of mutual information,
the Entropy Correlation Coefficient (ECC) [11]. Such met-
ric has been proven robust in the literature in dealing with
multi-modal image matching, image noise and intensity in-
homogeneity.

Formally, the likelihood of a correspondence hypothesis
Ci,j is defined as:

Llocal(Ci,j) = max
θ

ECC(A,Bθ)

whereBθ is the scale-normalized regionB after rotating an-
gle θ. The Entropy Correlation Coefficient (ECC) between
the two regions is defined by:

ECC(A,Bθ) = 2− 2H(A,Bθ)
H(A) +H(Bθ)

whereH indicates the joint or marginal differential entropy
of the intensity value random variables of the two regions.
Given two inputsu andv, the value ofECC(u, v) has the
following properties:ECC(u, v) is scaled to(0, 1), such
that 0 indicates full independence and1 complete depen-
dence between the two inputs. Furthermore,ECC(u, v) in-
creases almost linearly when the relationship betweenu and
v varies from full independence to complete dependence,
which makes it an attractive measure of the likelihood thatu
corresponds tov.

Using this ECC definition, the likelihood values of all
feature correspondence hypothesesCi,j , where (i, j) ∈
[1, Nf ]× [1, Nm], are comparable regardless of the scales of
the region features. Thus we are able to sort these hypothe-
ses in the order of descending likelihood. We then choose
the topM such hypotheses to be used in the next configu-
ral matching step to extract a globally consistent joint cor-
respondence. Here we make the assumption that there will
be at least2 valid feature correspondences among the topM
candidates. From our extensive experiments, we found this
assumption to be fairly reasonable with typical values ofM
between20 ∼ 40.

The RCPM step also generates useful information regard-
ing the transformation to align the two images, based on the
purely local region-based matching. For instance, given a
high likelihood correspondence between a regionA on If

and a regionB on Im, we can estimate the scaling factor
by: σ = sA

sB
, wheresA and sB are the scales of the two

regions respectively. The rotation angle can be estimated
as: θ = argmaxθ′ ECC(A,Bθ′). And the translation can
also be estimated by the displacement between the center of
the regionA and the center of the regionB after rotation
and scaling. These estimates are associated with the related
feature correspondence hypothesis, to provide the initial es-
timate for the transformation in the next region configural
matching step.

As a result of the RCPM step, we have a total ordering of
the individual feature correspondence hypotheses. In addi-

(I)

(II)

(III)

(IV)

(V)

Figure 3: The top five candidate region feature correspondences
computed by the region component matching (RCPM) step. The
result is shown for the pair of aerial images in Fig. 1.

tion, based on the topM hypothesisCi,j , we have a trans-
formation parameter estimate:(tx, ty, σ, θ)Ci,j . As an ex-
ample, we show the top5 region feature correspondence hy-
potheses for the pair of aerial images in Fig. 3. From the re-
sults, one can see that the RCPM step is able to extract good
individual feature matches based on local region intensity-
based matching. In the next configural matching step, we
will demonstrate the use of geometric constraints to pick out
the true correspondences (e.g., Fig. 3, I-III, V) and prune the
outliers (e.g., Fig. 3, IV).

Note that the RCPM step has the most complexity of our
entire registration method, since it hasNf ×Nm hypothesis
testings, and a total ordering of their likelihoods are pursued.
However, because the number of region features,Nf and
Nm, are low, the algorithm is still computationally efficient.

3.2. Region Configural Matching (RCFM)
In the RCFM step, we aim to detect a joint correspondence
Ci1,j1∩Ci2,j2∩...∩Cik,jk

... between multiple pairs of region
features, which results in the maximum likelihood in terms
of global image “alignedness”. The intuition behind the con-



figural matching is that, while false matches are very likely
to arise when we search for individual local feature corre-
spondences, the likelihood of a global geometrically consis-
tent joint correspondence between multiple feature pairs be-
ing false is very low due to the strict geometric configuration
constraints imposed by the joint correspondence.

We measure the likelihood of a hypothesized joint corre-
spondence withn feature pairs using the ECC measure be-
tween the overlapping portions of the fixed imageIf and the
transformed moving imageTn(Im). Here the transforma-
tion It = Tn is estimated from all feature pairs contained by
current hypothesis. This can be written as:

Lglobal(Ci1,j1 ∩ Ci2,j2 ∩ ... ∩ Cin,jn) = ECC(Tn(Im), If ),
(ik, jk) ∈ [1, Nf ]× [1, Nm], k = 1, ..., n

(1)

This likelihood measures the global image “alignedness” un-
der current hypothesis. In the end, we want to find a joint
correspondence that has the maximum likelihood, while
containing adequate number of feature pairs (typically a few)
to recover the parameters of a similarity transformation.

To address the combinatorial complexity in detecting the
joint correspondence, we first compute a minimal correspon-
dence base ofl feature pairs and get an initial estimation of
the transformation. As shown in section 3.1, one correspon-
dence between a pair of region features is sufficient to de-
rive a transformation estimate, i.e.,l = 1. To choose this
first correspondence, we measureLglobal(Ci,j) for each in-
dividual feature match among the topM hypothesized cor-
respondences resulted from the RCPM step. Using Equation
1, the parameters ofTl are(tx, ty, σ, θ)Ci,j when measuring
the likelihood ofCi,j . Then the first feature pair in the mini-
mal correspondence base is the correspondence yielding the
maximum likelihood, i.e.,

Ci1,j1 = argmax
Ci,j

Lglobal(Ci,j)

To allow converging to a globally optimal solution, we
further use a generalized Expectation-Maximization (EM)
algorithm to incrementally add in new feature pairs to the
joint correspondence base, while refining the center loca-
tions of the corresponding features. The generalized EM
algorithm is described as follows:

1. Let current joint correspondence beC = (Ci1,j1 ∩
...Cil,jl

). Locally refine the region feature centers in
C in sub-pixel accuracy to achieve better matching, and
use the refined corresponding region centers to estimate
a current transformationT .

2. E-step: For each feature pairCi,j that is in the top
M individual matches, but not in the current joint cor-
respondenceC, estimate the likelihood of this feature
pair being a valid correspondence in terms of global
consistency asLglobal(C ∩ Ci,j), Ci,j /∈ C.

3. M-step: Choose the new feature correspondenceCî,ĵ

that has the maximum likelihood. We also require the
addition ofCî,ĵ increasing the global image “aligned-
ness”.

If Lglobal(C ∩ Cî,ĵ) > Lglobal(C)

Then

a Let the new joint correspondence beC = (C ∩
Cî,ĵ).

b Locally refine the centers of the region features in
the joint correspondence in sub-pixel accuracy to
achieve better matching.

c Re-compute the transformationT using the new
joint correspondence.

d Repeat EM steps 2-3.

ElseOutput current transformationT as the converged
transformation to align the fixed imageIf and the mov-
ing imageIm.

For the aerial image example, the feature pair shown in
Fig. 1(II.a-b) is chosen to be the first feature pair in the min-
imal correspondence base. Note that this first pair in the
RCFM step is not necessarily the same as the top feature
pair resulted from the RCPM step, since different criteria
are used to determine the likelihoods for ranking purposes.
In fact, the first pair chosen by the RCFM step in Fig. 1(II.a-
b) is the5th feature pair in the RCPM step (see Fig. 3, V),
because the transformation estimated from this feature pair
gives rise to the maximum global image “alignedness”. All
the feature pairs in the final converged joint correspondence
are shown in Fig. 1(II.c-d). Based on these correspondences,
a similarity transformation is recovered and the registered
image pair (i.e., the fixed image and the transformed moving
image) is shown in Fig. 1(III.a-b).

Having at mostM iterations, our RCFM step is very ef-
ficient. Two key points contribute to this efficiency: First,
pick a minimal correspondence base with only one feature
pair; Second, use the EM algorithm to add in new feature
pairs incrementally, thus enabling the converged joint corre-
spondence to include as many good feature pairs as possible,
while keeping a minimal complexity.

4. Experiments
In this section, we present both the quantitative and the qual-
itative results of applying our image registration method on
several simulated and real images.

4.1. Quantitative Results on Simulated Moving
Images

In order to quantitatively validate the robustness, accuracy,
and efficiency of the proposed method, we conduct a series
of controlled experiments using a pair of brain images with
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Figure 4:Registration on the pair of brain images used in the sim-
ulation experiment. (I.a) Original PD-weighted MR brain image.
(I.b) Original T1-weighted MR brain image. (II.a) The fixed image
If . (II.b) Salient region features onIf . (II.c) The moving image
Im. (II.d) Salient region features onIm. (III.a-b) The feature pairs
in the joint correspondence chosen by the algorithm upon conver-
gence. (III.c) The transformed moving imageIt. (III.d) The edge
superimposed map after registration: edges fromIt (in red) super-
imposed on fixed imageIf .

the moving image simulated from a known transform. The
first image is a PD (proton density) weighted MR brain im-
age (see Fig. 4, I.a), and the second image is a T1 weighted
MR brain image (see Fig. 4, I.b). The two images are origi-
nally registered, and the size of the images is217× 181.

In our first controlled experiment, we study the invariance
properties of our method to scaling, rotation, and translation.
We use the PD image as the fixed image, then simulate dif-
ferent moving images by artificially transform the T1 image
with controlled parameters. The parameters are chosen ac-
cording to the following four cases:

1. Case 1 studies the invariance to scaling. To this end, we
fix the translation (tx = 0, ty = 0) and rotation (θ = 0),
but vary the scale factorσ in the range[0.5, 1.5].

2. Case 2 studies the invariance to rotation. We fix the
translation (tx = 0, ty = 0) and scaling factor (σ = 1),
but vary the rotation angle in the range[−π

2 , π
2 ].

3. Case 3 studies the invariance to translation. Here only
the translation parameterstx, ty are varied in the range
[−50, 50].

4. Case 4 studies the combined effect of the transforma-
tion parameters by varying all parameters simultane-
ously: tx, ty in the range[−50, 50], σ in the range
[0.5, 1.5], andθ in the range[−π

2 , π
2 ].

correctness error time

Case 1 98% (0.9, 1.1, 0.027, 0.0) 138 s
Case 2 100% (0.5, 0.6, 0.009, 1.5) 155 s
Case 3 100% (0.2, 0.4, 0.000, 0.0) 155 s
Case 4 94% (1.4, 1.7, 0.031, 2.1) 150 s

Table 1:Quantitative validation of the invariance properties of the
method. For each case, the percentage of correct registration (cor-
rectness), the average error in recovered transformation parameters
(error), and the average execution time for one trial (time) are given.
The given errors are in the format:(tx, ty, σ, θ), where translation
errorstx andty are in pixels, rotation angle errors are in degrees,
and the scaling errors are given relative to the original image scale.
The times are given in seconds.

In each case, we generate50 simulated moving images.
Then we apply our registration algorithm to register the
fixed image with each simulated moving image respectively.
Since we know the ground truth transformation that was
used to simulate each moving image, we can compare these
ground truth with the recovered transformation parameters
by our method. Three statistical performance measures are
computed from the study and the results are listed in Table 1.
The first measure is thepercentage of correctness(correct-
ness). In a registration trial, if the recovered transformation
is sufficiently close to the ground truth3, this trial results in
a correct registration, otherwise, it is taken as a false regis-
tration case. The second measure is theaverage error(er-
ror). This measure gives the average error (i.e., difference)
of the recovered transformation parameters from the ground
truth. It reflects the accuracy and convergence property of
our registration method. The last measure is theaverage ex-
ecution time(time) for one trial of registering a pair of fixed
and moving images. Note that our method is currently im-
plemented in Matlab with several functions written in C++
and that all the experiments are conducted on a 2GHz PC
workstation.

In the second controlled experiment, we study the robust-
ness of the method to image noise. We use the original PD
image as the fixed image, then generate test moving images
by adding different levels of Gaussian noise to the original
T1 image, and transforming the noise corrupted images ac-
cording to random transformations. The Gaussian noise we
add has zero mean with standard deviationλ. In Table 2, we
show the three performance measures for three test cases.
The three cases differ by the range of the standard devia-
tion of the Gaussian noise added. (All possible values for
the standard deviation are between[0, 255]). For each case,

3We consider the recovered transformation correct if its difference from
the ground truth is less than a pre-defined error threshold. Typically, we
set the threshold as follows: scale error less than 0.05, rotation angle error
less than 5 degrees, translation error inx direction less thanDx/50, and
translation error iny direction less thanDy/50, whereDx, Dy are the
dimensions of the image alongx andy directions, respectively.



range ofλ correctness error time

[5, 10] 100% (0.3, 0.6, 0.007, 0.4) 142 s
[10, 20] 97% (0.7, 0.9, 0.006, 1.2) 142 s
[20, 30] 90% (0.9, 1.3, 0.009, 2.4) 144 s

Table 2:Quantitative simulation study of the performance of the
method when images are corrupted by different levels of Gaussian
noise. Three different cases are shown in three rows. The cases
differ by the range of the standard deviationλ of the Gaussian noise
added. For each case, three statistical measures are given in the
same format as in Table 1.

30 noise corrupted T1 images are generated and randomly
transformed, where the transformation parameters vary in
the same ranges as in the first controlled experiment. From
the results, one can see that, the method is quite robust to
high levels of noise. This is partly due to the stability of the
entropy-based region feature detector and the robustness of
the intensity-based Entropy Correlation Coefficient (ECC)
similarity measure. It is also due to the fact that our algo-
rithm requires only a small number of good matched fea-
tures to register the images. One pictorial example selected
among all simulated experiments is shown in Fig. 4(II-III).
In this example, the moving imageIm (see Fig. 4, II.c) is
generated by adding Gaussian noise with zero mean, stan-
dard deviation25 to the original T1-weighted image, then
scaling down the image by20%, and rotating by20 degrees.

4.2. Qualitative Results on Real images
Experiments with the simulated moving images in the previ-
ous section provide a quantitative study on the performance
of our registration method. Real world images often have
significant levels of noise and intensity inhomogeneity. Fur-
thermore, between the pair of images to be registered, struc-
tures may appear or disappear, and intensities for the same
structure may change. We have shown the result of our algo-
rithm on a pair of real aerial images in Fig. 1. In this section,
we apply our method to more real world medical images
from several domains. These results demonstrate the effec-
tiveness of our method on image registration problems that
could be difficult to be solved using either pure intensity-
based or pure feature-based methods.

Figure 5 shows the result of registering two real brain
images. This pair of images is from the Vanderbilt
Database [18]. Note that the algorithm successfully picks
up several distinctive region features, and is able to recover
the large rotation between the two images.

Another example on registering two MR chest images is
shown in Fig. 6. This pair of images is from the Visible Hu-
man Project database. The fixed image is a T1-weighted MR
image, and the moving image is a PD-weighted MR image.
Despite the different tissue intensity characteristics between
the two images, the salient region feature pairs chosen by the

(I)

(II)
(a) (b) (c) (d)

Figure 5:Registering a pair of real brain images from the Vander-
bilt Database. (I.a) The fixed image. (I.b) Salient region features
detected on the fixed image. (I.c). The moving image. (I.d) Salient
region features on the moving image. (II.a-b) The corresponding
feature pairs chosen by the algorithm upon convergence. (II.c) The
transformed moving image. (II.d) The edge superimposed map af-
ter registration: edges (in yellow) from the transformed moving
image superimposed on the fixed image.

(I)

(II)
(a) (b) (c) (d)

Figure 6:Registering a pair of chest MR images from the Visible
Human project database. The layout of the images is the same as
those in Fig. 5.

method to recover the transformation parameters correspond
very well both in scale and location (see Fig. 6, II.a-b).

To demonstrate the performance of our algorithm on im-
ages with appearing and disappearing structures, we use a
pair of brain images, with one of which contains a tumor.
The two images are from two different subjects, and the
tumor in one of the images changes its appearance signif-
icantly. The results produced by our method are shown in
Fig. 7. Here the feature-based aspect of our algorithm en-
ables it to focus on regions of similar appearance within a
natural scale, thus being robust to the appearance and disap-
pearance of local structures.

Last, but not least, we show the effectiveness of the pro-
posed method on robust partial matching and mosaicing ap-
plications. We use a pair of curved human retinal images, as
in [3]. The results are shown in Fig. 8. In this experiment,
we also demonstrate the importance of the EM procedure in
incrementally selecting good feature correspondences that
increase the matching similarity and guaranteeing conver-
gence. In Fig. 8, row II, we handpicked the feature pairs
that seem to correspond to each other well. This results in
seven feature pairs, and we transform the moving image us-
ing the transformation recovered by these feature pairs (see



(I)

(II)
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Figure 7: Registering brain images with tumor. (I.a) The fixed image. (I.b) Salient region features detected on the fixed image. (I.c).
The moving image. (I.d) Salient region features on the moving image. (I.e-f) The first corresponding feature pair chosen. (II.a-b) The
corresponding feature pairs chosen by the algorithm upon convergence. (II.c-d) The registration result: (II.c) the fixed image, and (II.d) the
transformed moving image. (II.e-f) Comparison of the edge superimposed maps: (II.e) edges from the original moving image superimposed
on the fixed image, and (II.f) edges from the transformed moving image superimposed on the fixed image.

Fig. 8, II.c-e). In the last row III of Fig. 8, we show the fea-
ture correspondences automatically chosen by the method.
There are only three best feature pairs chosen, and the trans-
formation result can be seen in Fig. 8(III.c-e). Comparing
the edge superimposed map in Fig. 8(II.d) and that in Fig.
8(III.d), one can see that the three feature pairs chosen by the
method in fact produce better transformation than using all
the seven handpicked feature pairs. The comparison can be
seen more clearly from the two zoom-in views of the edge
superimposed maps: Fig. 8(II.e)vs.Fig. 8(III.e).

5. Discussions and Conclusions
In our current implementation of the geometric configural
constraints, it is worth noting that the measure for the “good-
ness” of a candidate feature correspondence is based on its
likelihood value and whether its addition will increase the
global image “alignedness”. On one hand, this permits us
to efficiently recover the few best feature correspondences
and to detect a convergence without explicitly setting hard
thresholds. On the other hand, the strictness of the constraint
also eliminates feature pairs that essentially correspond to
each other individually (e.g. some handpicked good feature
pairs in Fig. 8, row II, which are not chosen by the algo-
rithm), but could deteriorate the overall global image align-
ment once added to the joint correspondence.

To conclude, we have presented a novel image registra-
tion method based on the region component and configural
matching using scale-invariant salient region features. The
proposed method possesses characteristics of both feature-
based and intensity-based methods. While the overall frame-
work is based on finding correspondences between features,
all the feature correspondence likelihoods and decisions are
made according to intensity-based similarity measures be-
tween region features and images. The method is efficient

in that it recovers a transformation using sparse salient re-
gion feature correspondences. It is also very robust because
it exploits strict global geometric constraints when finding a
joint correspondence between multiple feature pairs.

In our future work, we will extend our algorithm to
deal with more complicated transformation models such as
affine, projective transformations as well as non-rigid defor-
mations in both 2D and 3D. It is also interesting to inves-
tigate schemes to couple the joint correspondence detection
and transformation model prediction. The goal is to iden-
tify as many good feature correspondences as possible, and
fully utilize these correspondences to predict an appropriate
transformation model for registration, then to estimate the
transformation parameters.
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