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Abstract
This paper describes a coarse-to-ﬁne learning based image registration algorithm which has particular advantages
in dealing with multi-modality images. Many existing image registration algorithms [18] use a few designed terms
or mutual information to measure the similarity between
image pairs. Instead, we push the learning aspect by selecting and fusing a large number of features for measuring the similarity. Moreover, the similarity measure is carried in a coarse-to-ﬁne strategy: global similarity measure is ﬁrst performed to roughly locate the component, we
then learn/compute similarity on the local image patches
to capture the ﬁne level information. When estimating the
transformation parameters, we also engage a coarse-toﬁne strategy. Off-the-shelf interest point detectors such as
SIFT [12] have degraded results on medical images. We
further push the learning idea to extract the main structures/landmarks. Our algorithm is illustrated on three applications: (1) registration of mouse brain images of different modalities, (2) registering human brain image of MRI
T1 and T2 images, (3) faces of different expressions. We
show greatly improved results over the existing algorithms
based on either mutual information or geometric structures.

(a) 2D brain image slice

(b) template

Figure 1. Illustration of multi-modality image registration. (a) shows a 2D
image slice of a mouse brain. (b) displays a specially constructed template
to which the brain should register.

Kullback-Leibler distance [6, 10], Jésen-Renyi divergence [11], and cross entropy [30]. Pluim et al. [19] gave
a survey of these measures with the corresponding algorithms.
Despite the successes of the information-theory based
measures, these approaches make independent identical distribution (i.i.d.) assumptions which may not be sufﬁcient in
many situations, especially for multi-modality images. For
example, unsatisfactory results are obtained when we use
mutual information based approaches to register a mouse
brain to a template as illustrated in Fig. (2) (more examples
in Fig. (6)). This is because the intensity patterns differ too
much between corresponding points on the unregistered image and the template. More generally, information-theoretic
measures tend to ignore the spatial structure information in
the images, which are strong cues for registration. Some
recent methods have attempted to take spatial structure into
account [3, 17, 28], but they use a few carefully designed
criterion, which may not be easy to generalize.
Instead, we push the learning aspect to learn the similarity functions by selecting and fusing a large number of
features. The learning process is carried in a coarse-to-ﬁne
strategy. Intuitively, features computed from local image
patches provide ﬁne level correspondence but can only resolve the ambiguity to a certain degree. On the other hand,
similarity measure based on global image scale can quickly
align the structure to a rough position, but it has difﬁculty to
compute accurate transformation. To reduce the complexity
in both training and testing, we only learn ﬁne level similar-

1. Introduction
Registration is an important step in medical image analysis [14]. The goal of image registration is to estimate a
geometric transformation so that two images can be aligned
properly. Registration algorithms often deﬁne a similarity
measure with a distortion penalty, either local or global,
which is then turned into an energy function. The algorithm
then searches over the possible geometrical transformations
to determine the best one which minimizes the total energy.
Fig. (1) shows an image registration task for two modalities.
A 2D slice of a mouse brain image is supposed to register
to a carefully constructed template image where the genetic
information is coded at speciﬁc locations.
Information-theoretic similarity measures are widely
used in the medical image registration community. These
measures include mutual information (MI) [18, 25], the
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Figure 2. (a) is a cropped image from Fig. (1.a). (b)) shows the mutual
information between the two images (a) and Fig. (1.b), which is plotted as
a function of the rotation angle. The correct rotation angle is 30◦ (green
arrow), but the similarity measure has its maximum at −50◦ , with submaximal at 50◦ and −120◦ (red points).

ity on the key structures and landmarks. However, off-theshelf algorithms such as SIFT [12] and Canny detectors [5]
have degraded results on medical images. We further push
the learning idea to extract the main structures/landmarks
by training the BEL detector [8] to capture the main image
structures. In testing, coarse level similarity measure is applied to quickly locate the main image part in the source image, followed by ﬁne level matching. Moreover, we adopt
the coarse-to-ﬁne strategy to compute the transformation
also. The RANSAC algorithm [9] is used to estimate the
afﬁne transformation parameters ﬁrst, followed by computing the detailed non-rigid transformation.
In medical image registration, the importance of applying different criterion on different situations has been
noted [20, 17]. A learning based registration method [21]
was proposed but they did not learn a similarity measure explicitly for multi-modality images, which is more challenging. Wu et al. [26] also used learning techniques for image
registration. However, [26] used several manually carefully
designed rules for measuring the correspondences, whereas
ours is much more general and adaptive, and it fuses a large
number of features (texture and shape) from a big candidate
pool. Also, [26] is focused on images with the same modality, and the source and template have roughly the same size.
Ours is capable of dealing with images of very different
sizes and modalities. An algorithm for learning image similarity in computer vision [29] has some similarity to our approach, but their template and source images are similar and
the details of the algorithm are different. Recently, several
approaches have been proposed [4, 1] which are along the
vein of learning metric for matching. However, Caetano et
al. [4] carefully designed several functions for graph matching. Our ﬁne level measure based on local patches is similar
to that proposed in [1]. However, our approach differs to [1]
in several aspects: (1) their focus was to learn a similarity
function only, not for the overall task of image registration;
(2) coarse-to-ﬁne strategy was not used; (3) they did not
have the structure learning part; (4) their method did not
work on medical images of multi-modalities.
We apply our learning-based registration method to three

applications. Firstly, we register a set of mouse brains
to the corresponding template (atlas). This is a challenging case since the images are different. We show that
our method outperforms alternatives which use similarity
measures such as mutual information [25], landmarks by
SIFT [15], and shape context [2]. We also register a set of
T1 and T2 images. In this easier case, our methods performs
as well as the state-of-the-art. In addition, we demonstrate
our system for registering faces of different expressions.

2. The training process
In training, our approach consists of three main steps,
namely, (1) learning salient structures, (2) learning the similarity measure at the coarse level, (3) learning the similarity
measure at the ﬁne level.

2.1. Salient Structure Extraction

(a)

(b)

(c)

Figure 3. (a) Canny edge maps of Fig. (2.a) and Fig. (1.b). (b) SIFT
interest points. (c) Edges extracted by learned BEL detector.

Edge/landmark points contain structural information,
which is important for image registration. The existing
matching algorithms [1, 2, 15] mostly use off-the-shelf algorithms such as Canny edge [5] or SIFT interest point [12]
detectors. Fig. (3.a) and Fig. (3.b) show the salient structures extracted by Canny and SIFT on the source image
and the template respectively. As we can see, interest
points extracted by SIFT are not consistent for the two images, which is a key for a landmark based registration algorithm to succeed. Also, Canny detector outputs too many
non-informative edges which are distractions to the registration process. The reason is probably because existing
edge/interest point detectors are based on some general assumptions about the image gradients and scale-invariance
properties, which may not be adequate and adaptive to speciﬁc domains.
This motivates us to obtain an edge detector through
learning, which enables us to capture the unique underlying
statistics of images we are facing. We use a recently proposed edge detector, the Boosted Edge Learner (BEL) [8].

We assume that all the edge points will appear on the Canny
edge map (with low threshold), and then train a boosting
based classiﬁer to classify the salient edge points and the
rest of the edge points. The input for the training phase of
BEL contains image pairs in which one is an intensity image and the other is a manual label map. BEL then automatically learns a set of features (Haars, gradients at different
scales, etc.) to compute the probability of a pixel being on
the edge or not. Please refer to [8] for details. The BEL
detector performs signiﬁcantly better and Fig. (3.c) shows
the result by a trained BEL detector.

2.2. Learning the similarity measure

The boosting node learns a discriminative function

exp{2 t ht (F (I1 , I2 ))}

.
q(+1|I1 , I2 ) =
1 + exp{2 t ht (F (I1 , I2 ))}
The cascade can be formulated as a special case of probabilistic boosting-tree (PBT) [23], whose goal is to learn an
overall discriminative model by

p̃(y|I1 , I2 ) =
p̃(y|l1 , I1 , I2 )q(l1 |I1 , I2 )
l1

=



p̃(y|ln , ..., l1 ), ..., q(l2 |l1 , I1 , I2 )q(l1 |I1 , I2 ),

l1 ,..,ln

where p̃(y|ln , ..., l1 ) is the empirical distribution at the leaf
node and q outputs the discriminative probability for each
boosting node in the cascade.
2.2.2 ﬁne level

Figure 4. Training positive samples for similarity measure at the coarse
level.

A key component in our algorithm is to obtain the similarity functions through learning, which implicitly combines both appearance and structural information. This is
due to the availability of a large candidate feature pool we
allow the learner to select from, such as different types of
Haars [24], gradients, curvatures, all at different scales. To
perform the registration task shown in Fig. (1), we learn
similarity measure at both coarse and ﬁne level. Intuitively,
a coarse level similarity measure should be able to quickly
locate the brain in Fig. (1.a) by capturing the similarity at
a coarse scale. A similarity measure at the ﬁne level then
allow us get the ﬁne level point correspondences.
2.2.1 coarse level
Fig. (4) shows some training positive samples at the coarse
level. We use a cascade approach to train a sequence of
boosting nodes, similar to [24]. The difference is that each
positive/negative sample contains an image pair, (I1 , I2 ).
Let y ∈ {−1, +1} be the label and y = −1 means that
two images are not corresponding to each other and y =
+1 says that the pair is a correct match. Each image is a
35 × 35 patch and we compute around 40, 000 features on
both I1 and I2 . The feature for the classiﬁer is the difference
between the two
Fi (I1 , I2 ) = fi (I1 ) − fi (I2 ),
where fi denotes the ith feature computed on I. We use the
stump weak classiﬁer in boosting

+1 if Fi (I1 , I2 ) ≥ tr
(1)
h(Fi (I1 , I2 ), tr) =
−1 otherwise

The coarse level measure can quickly locate the brain in
the source image by searching over many locations, scales,
and orientations, similar to the procedures in the object detection task [24]. This step takes the brain to roughly the
same orientation and scale of the template. We then manually create correspondences on the landmarks sampled from
the edges by BEL. Much like training the coarse level similarity measure, the corresponding pairs of landmarks in the
source and template are labeled as +1 and any pair which is
not matched to each other should be considered as negative
−1.
The pair points that correspond will be the positive examples for the learning procedure, while the negative examples are the point pairs that do not correspond. For example,
in Fig. (5.a), the point pair (A1, B1) is a positive example
while (A1, C1) is a negative example.
For each point pair, we extract two 29 × 29 image
patches centered at the landmarks. Examples are shown
in Fig. (5.b). We apply a cascade of boosting algorithm
to learn the classiﬁcation model p(y|I1 , I2 ). Fig. (5.c,d)
show examples of the similarity map. The learner automatically selects and combines different features extracted
from the image patches. The features are drawn from a
pool of 25, 000 features, similar to those described in the
coarse learning part. The ﬁrst ﬁve features selected are:
Haar feature (width=16, height=16, top=7, left=7), Angle
of derivative (scale=3), Angle of derivative (scale=1), Haar
feature (width=4, height=16, top=7, left=13), Haar feature
(width=4, height=16, top=7, left=18). We compare the mutual information (MI) similarity measure to our learned similarity measure for the image patches in Fig. (5.a). The
similarity measures are listed in Table 1. Clearly, the MI
measure has high values for both the correct and incorrect
matches. But our learned similarity measure has high values
only for the correct matches.

(a)

(b)

(c)

(d)

Figure 5. (a) Positive and negative examples: (A1,B1) and (A2,B2) are
positive examples while (A1,C1) and (A2,C2) are negative examples; (b)
The ﬁrst four rows show the positive image patches from (a) (template
on the left, image on the right), and the last three rows show the negative
image patches from (a); (c) above: a point sampled from the BEL edge map
of template image; below: In the BEL edge map of unregistered image, the
corresponding point with probabilities after the ﬁrst layer of the cascade.
(d) Same convention as (c), after full cascade.
Image Patch Pair
MI value
Learned similarity

(A1, B1)
2.7
0.89

(A2, B2)
2.9
0.81

(A1, C1)
2.5
0.02

(A2, C2)

cally they do look similar to the positive training pairs.
Therefore, we carry out the process of estimating the transformation parameters also in a coarse-to-ﬁne manner. We
adopt the RANSAC algorithm [9] to ﬁnd the afﬁne transformation parameters for point correspondences. The algorithm randomly samples the points to estimate the parameters by voting, and thus is able to remove the outliers.
Since the RANSAC algorithm has been widely used in the
area of structure from motion and matching, we refer to [9]
for details of the implementation. Fig. (7.f) shows reﬁned
matched points by the RANSAC algorithm, which are much
cleaner than those shown in Fig. (7.e). Based on the reﬁned
matched pairs, we estimate the transformation parameters
using a least-square ﬁtting.
Finally, the overall transformation is a combination of
global afﬁne with local non-rigid thin plate splines transformation, as used in [2].
u(x, y) = a1 + ax x + ay y +

2.8
0.01

Table 1. The MI value between the image patches in Fig. 5(a),
and the similarity (as probability) measure computed after the ﬁrst
layer of PBT.

It is important to understand that the similarity measure
between I1 and I2 will vary if we rotate the unregistered
image. However, this condition is not hard to meet since
we can search for the best matched sub-image in the source
image using the measure learned from the coarse level.

2.3. Registration
After the similarity measure is learned, we sample 500
points from the edge map of the template image, denoted as
{(ui , vi ) : i = 1, ..., 500}. Given an unregistered image,
we search for the sub-image which best matches with the
template. Searching is performed on all the locations, different scales, and rotations of the source image. Once the
best match is found, we then rotate and re-scale it to roughly
the same size as the template. We then run the learned BEL
detector to obtain the edge map points {(xj , yj )}. Computing the similarity measure learned at the ﬁne scale for each
pair of image patches based on the landmarks I(ui , vi ) and
the edge points I(xj , yj ) gives
p(+1|I(ui , vi ), I(xj , yj )).
If we set up a threshold, we can obtain a list of matched
points to each landmark on the template. The ﬁfth column
of Fig. (7) shows those matched points.
Using learned similarity measure on the patch pairs, we
obtain a list of matched ones, some of which however
should not correspond to each other. This is because lo-

n


wiu U (||(xi , yi ) − (x, y)||),

i=1

v(x, y) = b1 + bx x + by y +

n


wiv U (||(xi , yi ) − (x, y)||),

i=1
n

i=1

wi = 0 and

n


wi xi =

i=1

n


wi yi .

i=1

where U (r) = r2 log r2 is the kernel function, and
(a1 , b1 , ax , bx , ay , by ) are the parameters for the afﬁne
transformation.

2.4. Outline of the Algorithm
The outline of the algorithm is given below:
Training: Given a set of unregistered images and template images: (1) Train a coarse level similarity measure
based on roughly aligned (cropped, rotated, and re-scaled)
image with the template as shown in Fig. (4). (2) Train a
BEL edge detector on the roughly aligned brain image to
detect salient edges. (3) Learn similarity measure on the
manually annotated image patch pairs, as shown in Fig. (5).
Registration: Given an source image and a template image to which the source image should register: (1) Search
for the sub-image which best matches the template using
the similarity learned at the coarse level. (2) Perform a
rough alignment by cropping, rotating, and re-scaling the
sub-image to the same orientation and size of the template.
(3) Use learned BEL edge detector to extract salient edges.
(4) Search for the matched points on the extracted edges to
the landmarks on the template. (5) Use the RANSAC algorithm to remove the outliers. (6) Use least-square ﬁtting
to estimate the afﬁne transformation parameters. (7) Use
thin plate splines transformation to obtain the ﬁnal detailed
registration.

3. Experiments
We apply the proposed algorithm on three applications:
(1) mouse brain image registration of different modalities,
(2) human brain image registration of T1 and T2, and (3)
face expression matching.

3.1. Mouse brain registration

Figure 6. Results by mutual information based registration algorithm [25]
and shape context [2] on the extracted salient structures. The ﬁrst row
shows the result if we register the entire source image to the template using [25]. The second displays transformed images if we use the detected
brain images. The third row shows the registered result by shape context
on the extracted landmarks of template (blue dots) and of source image
(red dots).

We ﬁrst show the results on a problem of mouse brain
registration. In this experiment, we have 25 unregistered/template image pairs of mouse brains. We used 12
pairs for training and the remaining 13 for testing. In this
dataset, the unregistered image and template image have
different modalities and the template image is noisy with
missing parts. Each image represents a slice in a sequence
of maps. There are multiple templates and a template can
match to several images. Having a single template is a special case and it is actually simpler than this situation. It
takes about half day to manually annotate the correspondences and the training stage requires about 5 hours on a
PC with 2.4 GHz CPU and 1.0GB memory. Standard code
optimization can reduce the training time signiﬁcantly.
Fig. 7 shows some of our results. Visually, the coarsely
registered results are already quite close to the template images. To see the details clearly, we overlapped the registered image and the template image as shown in Fig. (7.c).
Fig. (7.d) is a detailed registered version of the brain in
Fig. (7.c). Fig. (7.e) shows the matched pairs using learned
ﬁne level similarity measure and Fig. (7.f) are the matches
after the RANSAC algorithm.
To compare our algorithm to some state-of-the-art registration algorithms, we use the mutual information based

algorithm [25] in the widely used ITK package. We ﬁrst
perform the registration on the original image and the ﬁrst
row of Fig. (6) shows the overlayed registered image to the
template, which has a very big offset to the right solution.
To further compare the learned ﬁne level similarity with the
mutual information measure, we use the same program, but
on the roughly aligned image by the ﬁrst step of our algorithm. The second row of Fig. (6) displays the overlayed images, which are still not quite satisfactory. Since the salient
structure extraction is also an important step in our algorithm, we applied the shape context algorithm [2] which
uses the shape information solely on the extracted structures. The third row of Fig. (6) shows the matched points.
The results are not as good as those given by the learning
based method, in that our learned similarity measure exploits a much richer feature pool than the mere structure
information employed by shape context. We also tested the
SIFT detector based registration algorithm [15] which completely miss the right orientation of the template due to the
reasons mentioned before: SIFT detector can not consistently detect the salient interest points for the medical images we are dealing with. Table (2) shows the error measure in terms of the average distance from the transformed
salient points to the correct landmarks. We compare the
mean errors by MI based algorithm on the roughly aligned,
shape context on the extracted structures, and our overall
proposed method. The errors for MI based algorithm on the
original image and SIFT based registration algorithm [15]
are much bigger and thus, are not included in the comparison.
MI based (on roughly aligned)
43.6

shape context
13.6

proposed algorithm
7.3

Table 2. Average distance of the registered image to the template.

3.2. T1-T2 Brain Image Registration
We also tested our algorithm on a set of T1-T2 image
pairs. We used 3 image pairs as training data and 2 as testing data for illustration. Fig. (8) shows the results and our
method performs equally well as [25] and [15].

Figure 8. Results on the T1-T2 brain image pairs. (a) shows the
original images. (b) are the template images. (c) are the registered
image by our algorithm and (d) show the overlay. (e) and (f) are
the results by [25] and [15] respectively.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 7. Registration results on the 2D mouse brain images. (a) shows the original image. (b) displays the template image. (c) gives the coarsely registered
image with the template (afﬁne model). (d) is a detailed registered version (thin plate splines model) of (c). (e) shows the matched pairs based on the learned
similarity measure. (f) illustrates the corresponding patches after RANSAC (afﬁne model).

It is worth to mention that our framework is not constrained by 2D and it automatically fuses shape and texture
features (either 2D or 3D). We plan to include 3D registration in the future to further illustrate the advantage of this
algorithm.

3.3. Face registration
We also applied our algorithm on registering two faces of
the same person but with different expressions. A subset of
FERET database [16], which includes 25 individuals, was
used to demonstrate our learning based similarity measure.
We used 15 image pairs for training and the remaining 10
for testing. Since frontal faces can be reliably detected in
most cases [24], we can use a face detection algorithm directly. Also, we use the edges extracted by Canny directly

in this case. Therefore, the major task in this application
is to learn the similarity measure between the local image
patches. In the stage of registration, we run Canny edge
detector on two frontal faces of the same person. Again,
500 points are sampled from the edge map of the template,
which are used to search for their corresponding points on
the source image. We note that our similarity measure (after
thresholding) is sufﬁcient to give accurate correspondence
results in this case. Then a thin plate splines transformation
is obtained from the correspondences and the source image
is ﬁnally morphed to the template image. Fig. (9) shows
some results. There is a rich body of work in the face expression analysis domain [22, 27, 7] but our main purpose of
this experiment is to show the effectiveness of the proposed
learning based method in term of automatic registration.

We thank Alan Yuille for valuable discussions.
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Figure 9. Registering faces of different expressions. (a) shows the source
image and (b) is the template image. (c) displays the registered image from
the source to the template. (d) shows the matched points from our learning
based similarity measure (after thresholding).

4. Conclusions and Future Work
In this paper, we have presented a new image registration
method through coarse-to-ﬁne learning. Unlike the standard information-theoretic based methods, which predeﬁne a similarity measure, our similarity measure is learned
from a set of manually annotated images. This provides
more ﬂexibility in registering images in different modalities, which is hard for existing approaches.
The method was applied to register a set of mouse brains
and corresponding templates. This is a challenging registration problem because the two types of images are from
different modalities and have different intensity properties.
We showed that our method gives good registration results
while the other methods performed poorly. On the easier
task of registering T1-T2 image pairs, our method performs
as well as the alternatives. We also show its application on
registering faces with different expressions.
The disadvantages of our algorithm are that there are a
couple of training processes involved and it requires training for each different types of data. In the future, we will
use more training images and test our algorithm on a larger
testing dataset. Also, a more thorough comparison with the
existing registration algorithms will be conducted. In this
paper, we only illustrated the system on 2D images. Our
learning-based approach is general, and we are planning to
apply it to registering 3D images as well.
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