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Abstract

In this paper, we address the multimodal registration problem from a novel perspective, aiming to predict the
transformation aligning images directly from their visual appearance. We formulate the prediction as a supervised
regression task, with joint image descriptors as input and the output are the parameters of the transformation that
guide the moving image towards alignment. We model the joint local appearance with context aware descriptors that
capture both local and global cues simultaneously in the two modalities, while the regression function is based on the
gradient boosted trees method capable of handling the very large contextual feature space. The good properties of our
predictions allow us to couple them with a simple gradient-based optimization for the final registration. Our approach
can be applied to any transformation parametrization as well as a broad range of modality pairs. Our method learns
the relationship between the intensity distributions of a pair of modalities by using prior knowledge in the form of a
small training set of aligned image pairs (in the order of 1 to 5 in our experiments). We demonstrate the flexibility
and generality of our method by evaluating its performance on a variety of multimodal imaging pairs obtained from
two publicly available datasets, RIRE (brain MR, CT and PET) and IXI (brain MR). We also show results for the
very challenging deformable registration of Intravascular Ultrasound and Histology images. In these experiments, our
approach has a larger capture range when compared to other state-of-the-art methods, while improving registration
accuracy in complex cases.
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2)	Predict	displacements	by	regression.

3)	Update								with			

1)	Generate	Training	data

2)	Train	a	Regression	Model
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Figure 1: Method Overview. Training stage (left): A set of
aligned multimodal images is used to generate a training set of im-
ages with known transformations. From this training set we train
an ensemble of trees mapping the joint appearance of the images to
displacement vectors. Testing stage (right): We register a pair
of multimodal images by predicting with our trained ensemble the
required displacements δ for alignment at different locations z. The
predicted displacements are then used to devise the updates of the
transformation parameters to be applied to the moving image. The
procedure is repeated until convergence is achieved.
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1. Introduction

Multimodal image registration is a fundamental task in
medical image analysis, consisting in the alignment of two
images of a given anatomical location acquired with dif-
ferent modalities. Multimodal registration is an important5

tool in clinical diagnosis, image-guided interventions, med-
ical augmented reality, as well as in the validation of new
imaging modalities [23, 26]. In all these applications mul-
timodal registration plays the key role of bringing and pre-
senting complementary information in a spatially consis-10

tent way. In addition to the challenges of the monomodal
case, multimodal registration has to deal with the poten-
tially large appearance differences that result from each
modality’s acquisition principles. As the relation between
the intensities from the two modalities is unknown and15

often neither linear nor bijective, an open question is the
definition of a general energy function capable of relating
the two modalities and guiding a multi-modal registration
algorithm.

Figure 2: Exemplary energy function E. Left: Continuous, con-
vex and smooth behavior of E w.r.t. a transformation parameter.
Right: Parameter update obtained by obtaining the derivative of
the energy function with respect to a transformation parameter.

For instance, one common approach is to define simi-20

larity energy functions that map the appearance of both
images to a scalar value (Fig. 2. left). Once the func-
tion is defined, the optimal spatial transformation between
the images is computed maximizing the similarity. Under
well-behaved energies (convex, smooth, etc. ), the optimal25

transformation can be reached with simple gradient-based
optimization algorithms, which compute iterative updates
based on the energy gradient with respect to the transfor-
mation parameters (Fig. 2. right).

Unfortunately, explicitly defining a general and well-30

behaved energy function that models the unknown inten-
sity relationship between the two modalities is not straight-
forward. Current multi-modal similarity standards based
on information theory [30], structural information [13, 37]
or metric learning [25, 34] rely on the strong assumption35

that the same structures are visible in both modalities

(Fig. 3). In the latter case, such similarities do not have
an analytical gradient nor guarantee the desired proper-
ties for an optimization energy. Therefore, their gradient-
based optimization calls for local gradient approximations40

or gradient free methods, which require advanced updates
rules and an increased number of evaluations of the simi-
larity metric.

Figure 3: Corresponding CT (left) and MR-T1 (middle) images
of the brain obtained from the RIRE dataset. The highlighted re-
gions are corresponding areas between both images (right). Some
multimodal similarity metrics rely on structural similarities between
images obtained using different modalities, like the ones inside the
blue boxes. However in many cases structures which are clearly visi-
ble in one imaging modality correspond to regions with homogeneous
voxel values in the other modality (red and green boxes).

In this work, we design a multimodal energy function
that: i) is general, since it can create models capturing45

complex relationships between a wide range of modality
pairs by using a small set of aligned examples, ii) can
model such relationships based on global and local appear-
ance, iii) can be easily optimized using a gradient-based
method, and iv) that adapts to different transformation50

parameterizations. We model multimodal registration as
a supervised regression problem, where given a pair of mis-
aligned images we predict updates of the transformation
parameters towards the correct alignment (c.f. Fig. 1).
The joint appearance of the images is represented via a55

multi-modal version of the Haar-like features [7] extracted
from a sampling grid, which allows describing both the
local and global-range context of each point. The regres-
sion task is formalized with gradient boosted trees, capa-
ble of handling the very high-dimensional Haar-like feature60

space, as well as of accurately approximating the transfor-
mation updates. Our work is to the best of our knowl-
edge, the first approach aiming at learning functions that
map multimodal appearance to motion predictions, and
showing how to effectively integrate them into a simple65

optimization scheme.
This paper is based on our previous work [11] but in-

cludes several extensions. First, we modify the method in
order to predict not only the optimal update direction, but
also the magnitude of the update vector in each iteration70

of the gradient-based optimizer. Second, we replace the
regression model from random forest to gradient boosted
trees [9]. We show how these two modifications lead to
faster convergence times during testing as well as to an
accurate registration. In addition, we include an evalua-75

2



tion of the improved properties of our method in terms of
convergence and its training requirements using the IXI
dataset. To demonstrate the generality of our method,
we also extended our experiments to the publicly available
and widely used RIRE dataset [40] for the rigid registra-80

tion of three additional modalities: Computed Tomogra-
phy (CT), Magnetic Resonance (MR) as well as Positron
Emission Tomography (PET). We performed quantitative
comparisons on the convergence of the proposed energy
with a baseline [24] and a state-of-the-art method [13].85

2. Related Work

Borrowing the classification of Sotiras et al. [35], pre-
vious approaches to multimodal-registration fall in one
among three categories. The first category comprises the
information-theoretic (IT) methods like mutual informa-90

tion [21] and its variations [39, 24], which are arguably the
most widely used methods given their simple implemen-
tation and their effectiveness to register different modal-
ities [31]. Assuming that a global mapping between the
intensities of the two modalities exists, such methods look95

for the transformation that maximizes the information of
the intensity distributions. However, they are typically
non-convex and suffer from the discrete approximations
of the densities. Furthermore, IT methods suffer from a
limited capture range and thus require a good initial trans-100

formation in order to converge.
A second family of approaches seeks to reduce the mul-

timodal registration problem to a monomodal one. This
can be done by synthesizing one modality from the other [38,
5] or by building an intermediate representation common105

to the two modalities [37, 13, 12]. Learning has also been
used for both synthesis [36] or to build intermediate repre-
sentations [28]. These methods have been shown to achieve
lower registration errors compared to information theoretic
approaches in a variety of applications [35]. However, they110

are usually designed to register a specific pair of modal-
ities or rely on strong structural similarities between the
modalities to be registered.

The third category corresponds to similarity learning
approaches that leverage on a priori information in the115

form of a training set of aligned examples.
Among these, Generative approaches approximate the

joint intensity distribution of the images and minimize the
difference of a new test pair of images to the learned dis-
tribution [33], possibly in a Bayesian Framework [43].120

Discriminative methods, on the other hand, model the
similarity learning problem as the classification of positive
(aligned) and negative (misaligned) examples, discrimina-
tion typically done at the patch level [15, 20, 25]. Different
strategies have been explored to approximate such sim-125

ilarities, including margin-based approaches [20], boost-
ing [25] and most recently, deep learning [34, 3]. In con-
trast to the discriminative approaches above which aim
at discerning between aligned and misaligned patches, we

focus on regressing a motion predictor that guides the reg-130

istration process towards alignment.
In the Computer Vision community, prior work has

used motion predictions for monomodal tracking and pose-
estimation. Jurie et al. [16] proposed a linear predic-
tor for template tracking, which relates the difference be-135

tween the compared images to variations in template po-
sition. Dollar et al. [8] introduced a cascaded regression
approach to learn a mapping from image features to ob-
ject pose parameters. The cascaded approach reduces the
parameter error progressively by means of an ensemble of140

boosted regressors (ferns) that re-computes the features
at each iteration. Xiong et al. [41] provides a generaliza-
tion of the cascaded method of Dollar et al. to solving
non-linear least squared problems via a supervised
descent method in the context of face alignment. In prac-145

tice, [41] implements the supervised descent approach as
a sequence of linear regressors that link the differences
in appearance (SIFT descriptors) to the distance between
landmarks. In this paper, we formulate the multi-modal
registration problem in terms of a quadratic alignment er-150

ror between the two images. We optimize this function
iteratively using a gradient-based scheme. Similar to [41],
we learn to predict the parameter updates at each itera-
tion, although with gradient-boosting trees instead of
linear regressors in order to be able to handle the higher155

dimensionality and larger complexity of the multi-modal
task. This means that a boosted sequence of prediction
takes place at each iteration of the gradient optimization
approach. Such two level regression approach also bears
some similarities to the work of Cao et al. [1], who use160

two levels of gradient boosting regression together with
feature selection and sparse coding to regress the whole
facial shape in a non-parametric manner.

In the context of registration of medical images, Chou et
al. [4] presented an approach for learning updates of the165

transformation parameters in the context of 2D-3D monomodal
registration. Similarly, in [19], Kim et al. proposed the
prediction of a deformation field for registration initial-
ization, achieved by modeling the statistical correlation
between image appearances and deformation fields with170

Support Vector Regression. Hu et al. [14] proposed a re-
gression model which can predict a deformation field given
changes of appearance on monomodal images of the fetal
brain. Similarly to Hu et al., our work uses motion predic-
tion for registration but does it for the multimodal case.175

To the best of our knowledge, our work is the first ap-
proach aiming at predicting motion for the registration of
medical multimodal images.

From a higher-level perspective, our work is also related
to contemporary methods combining learning motion pre-180

dictions with optimization methods, such as the approach
of Ghesu et al. [10] to predict the next search direction
towards an anatomical landmark based on reinforcement
learning or the approach by Yang et al. [42] using a deep
patch-wise network to predict mono-modal image defor-185

mations.
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3. Background: gradient-based optimization

The simplest form of optimization for a smooth and
unconstrained continuous energy is an iterative gradient-
based search [27]. Starting at iteration k = 0 and from190

an initial estimate pk, gradient-based optimization algo-
rithms follow the next steps:

(i) Convergence test: if conditions satisfied stop and use pk

as the solution.

(ii) Compute the search direction vector ∆k ∈ RNp .195

(iii) Compute the step length, a positive scalar αk such that
E(pk − αk∆k) < E(pk).

(iv) Update k = k + 1 and pk = pk−1 − α∆k, and go back
to step (i).

The various algorithms mainly differ in the way to com-
pute the search direction ∆k and the step size αk. Usually,
the update direction is set as the gradient of the energy
function ∆k = ∂E

∂p at the current point pk
1. The step

size may be considered as a hyper-parameter or estimated
with the help of heuristics or approximate optimizations.
One such approximation known as Newton approach, takes
into account the energy’s second derivatives (the Hessian
H(E)) to determine the update:

pk = pk−1 −H(E)−1 ∂E

∂p
. (1)

Newton’s improved convergence rates comes at the price200

of an increased computational cost, as the estimation of
the inverse of the Hessian can be expensive and ill-conditioned,
in particular, for high dimensional problems. Computing
the Hessian can be avoided by using quasi-Newton meth-
ods which approximate the Hessian matrix using an up-205

date rule leading to a faster computation. However such
approximations can require a higher number of iterations
when compared to the full Newton method if the approx-
imation of the Hessian is not accurate.

4. Method210

Multimodal registration is the problem of finding the
optimal transformation W(p) that brings into alignment
a fixed image If : Ωf ⊂ R3 → R and a moving image
Im : Ωm ⊂ R3 → R, each of a different modality. Let
the transformation be described by a vector of parameters
p ∈ RNp . Then, the problem is formalized as that of
finding the optimal displacement vector p∗ such that:

p∗ = arg max
p

E(I, I′p), (2)

where I′p stands for the moving image transformed to a
joint domain Ω ⊂ R3 by W(p), I is the fixed image also

1This is the update direction to find the minimum of the energy
function. The same formulation can be used to maximize an energy
function by using the update rule pk + αk∆k minimizing E.

resampled in Ω, and E is an energy measuring the simi-
larity between I and I′p.

In this work, we describe a multimodal energy E com-215

patible with simple gradient-based optimization algorithms.
The resultant updates, including search direction and step-
size are effectively learned from a training set of aligned
images. The problem is modeled as a supervised regression
task. During the training phase, we learn to predict the220

search direction and step size given the local joint appear-
ance of the two images. During the test phase, we aggre-
gate local predictions towards a global parameter update.
An overview of the method is presented in Fig. 1.

4.1. An optimization-aware energy for registration.225

Without loss of generality2, we consider the transfor-
mation between the two multi-modal images as a discrete
deformation field anchored to the elements of a set of con-
trol points {zi}Nsamples

i=1 on a joint domain Ω (see Fig 4).
Formally, the deformation field is described by param-230

eters p =
[−→
δ (z1), . . . ,

−→
δ (zi), . . . ,

−→
δ (zNsamples

)
]>

, where

each displacement
−→
δ (zi) is a vector in R3 and the number

of parameters equates that of the “control” points times
three, i.e. Np = Nsamples × 3.

Figure 4: The transformation W can be defined by the local dis-

placements
−→
δ (zi) at the grid positions z. These local displacement

vectors
−→
δ (zi) point towards corresponding locations in the fixed and

moving image.

The displacement field connects anatomical correspond-235

ing points zi ∼ z′i in the two images such that z′i =

zi +
−→
δ (zi), with {z′i}

Nsamples

i=1 . We then define the registra-
tion energy function as the sum of distances between the
corresponding points

∑
zi∈Ω ||zi − z′i||2, or equivalently as

the L2-norm of the displacement field:240

E(I, I′p) =
1

2

∑
zi∈Ω

||
−→
δ (zi)||2 (3)

The energy in equation 3 is convex, has a smooth gradient,
and leads to gradient-based parameter updates pointing

2In Sec. 4.2.4 we explain how to generalize the method to other
parameterizations.
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towards the global minimum, and thus favors fast conver-
gence. The global minimum is located at the transforma-

tion for which all the displacement updates
−→
δ (zi) = 0,245

which corresponds to a perfect alignment.
We can easily compute the energy gradient ∂E

∂pi
= ∂E

∂
−→
δ

=
−→
δ (zi) as well as the Hessian given by the 3×3 identity ma-
trix H(z) = I3. Leading to a Newton-like update (Eq. 1):

pk = pk−1 −
∑

zi∈Ω

−→
δ (zi) (4)

Our definition of E is so far based on the assumption
that correspondences zi ∼ z′i are given. In the real reg-
istration setting, correspondences are unknown. However,
instead of addressing the correspondence problem and ex-250

plicitly defining E, we focus on predicting directly from

the images the displacement field {−→δ (zi)}. We interpret
this field in the context of a gradient-based optimization,
as the next search direction and step-size of the parameter
updates towards alignment. Such a formulation is inde-255

pendent of the image intensities of each modality and their
relationship, while allowing for an iterative refinement of
the predictions. Furthermore and as we show later, given
an appropriate predictor, the behavior of the updates will
be close to that of an ideal energy function.260

4.2. Learning Multimodal Motion Predictors

In equation 3, we model the registration energy as

the squared sum of local offsets
−→
δ between corresponding

points in both images. In practice, since for a new pair
of images these offsets are unknown, we estimate them by265

learning a regression function f(z) : Θ(z, I, I′p) 7→ −→δ (z).
The input to f is a feature vector Θ(z, I, I′p) describing the
joint appearance of the point z in both modalities. Here-
after, we denote it Θ(z) for simplicity. In the following
subsections we describe in details the different steps of our270

method:

(i) Creating a training dataset X = {Θ(zn), ~δn}
Npoints

n=1 from
multi-modal images under known misalignments (sec. 4.2.1).

(ii) Defining a descriptor for the joint appearance features
Θ(z) (sec. 4.2.2).275

(iii) Modeling and fitting the regression function f(z) : Θ(z) 7→
−→
δ (z) (sec. 4.2.3).

(iv) Generalizing the motion predictions to other transforma-
tion parameterizations (sec. 4.2.4).

(v) Using predicted parameter updates to solve the multi-280

modal registration problem during test time (sec. 4.2.5).

4.2.1. Generating the Training Set

We assume we are given prior knowledge about the re-
lationship between the intensity distributions of the two
modalities in the form of aligned image pairs. To generate285

the training set X , we apply multiple known transforma-
tions {Wj ,W ′j}Ntransfo

j=1 to the aligned images, mapping the
coordinates of two originally superposed points x ∈ Ωf

Figure 5: Generating a displacement field. The vector ~δ relates cor-
responding points x ∼ x′ after they have been moved to locations
z ∼ z′ by applying transformations {Wj ,W ′j}. During training, vec-

tor ~δ becomes the regression target required at location z to bring
I′p into alignment with I.

and x′ ∈ Ωm to distinct locations in a common image
domain z, z′ ∈ Ω ⊂ R3 (see Fig. 5).290

Because the applied transformations are known, we
can determine the ground truth displacement ~δn ∈ R3

needed to find the originally corresponding point z′n in
the moving image, and bring it into alignment with z,
i.e. ~δn = z′n − zn. With this information and sampling295

Npoints from the transformed images, we build a training
set consisting of pairs of feature vectors Θ and their corre-

sponding offset vector ~δ, i.e. X = {Θ(zn), ~δn}Npoints

n=1 . The
process is illustrated in Fig. 6.

4.2.2. Describing joint appearance with context-aware mul-300

timodal features.

We characterize the joint appearance of a pair of images
around a location z by means of a feature vector Θ(z) ∈
RH . We model Θ(z) with a multi-modal adaptation to
the context-aware Haar-like features [7]. We use such rich305

high-dimensional descriptors to be able to encode the very
large input space consisting of the joint local appearance
of all image regions under all considered transformations.

The feature descriptor Θ(z) is built as a collection of H
scalar features [θ1, . . . , θh, . . . , θH ]>, where each θh is com-310

puted as an operation on a pair of boxes located at given
offset locations relative to the point z. More formally,
θh is characterized by two boxes b1,b2 (c.f. Fig.7-left),
parametrized by:

• Their relative position and size (v1,v2 ∈ R3, w1, h1, w2, h2, d1, d2 ∈315

R) (c.f. Fig. 7, top right). The position and size of
the boxes are allowed to range from a couple of pixels
to half of the size of the image. Using small boxes
close to the sample location z allows the feature vec-
tor to accurately describe the local joint appearance320

around the point. Larger boxes and further positions
instead capture the global context, which is impor-
tant to perform registration when little or no overlap
between images exist or when ambiguities can not be
resolved using local appearance.325
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Figure 6: Generating the training dataset. Pairs of aligned images
are generated and arbitrary known transformations are applied to
them. The region surrounding a point, here depicted with doted
lines, is characterized using the feature vector Θ described in sec-
tion 4.2.2. To each feature vector we assign the displacement ~δ re-
quired to bring the image at location z into alignment. The training
set X is built from the collection of features and their corresponding

displacements, i.e. X = {Θ(zn), ~δn}
Npoints

n=1 .

• The modality where the box operates m = {0, 1}
(c.f. Fig. 7-middle-right). If m has the same value
for both boxes we can capture the spatial context
of each point within an image. If the value of m is
different for each box, the feature is able to capture330

the functional relation across modalities.

• An operation 0 between boxes taken from the set :
D = { b1, b2, b1 +b2, b1−b2, |b1−b2|,b1 > b2},
where the overline denotes the mean over the box
intensities.335

Considering the combinatorial nature of the parame-
ters above, we face an infinite-dimensional feature space
RH , which could be inefficient for learning. However, such
high-dimensional feature spaces can be naturally handled
by ensemble trees with axis-aligned splits, which enable340

individual features θh to be computed on the fly during
training instead of precomputing the full vectors Θ(z). In
addition, feature calculation is sped up by using precom-
puted integral volumes.

4.2.3. Displacement prediction with ensemble methods345

In this subsection, we explain how to predict the off-

sets
−→
δ (z) ∈ R3 from the features Θ(z) by approximating

a function f(z) : Θ(z) 7→ −→δ (z). We model f(z) with an

Figure 7: Context-aware features. Each element of the feature vector
Θ(z) is constructed by obtaining a pair of boxes at different positions
relative to a location z (left). These boxes are described by its po-
sition and size (right, top), the modality that they describe (right,
middle) and an operation between boxes (right, bottom).

ensemble of regression trees, given their ability to han-
dle high-dimensional feature spaces. A regression tree is350

a binary tree consisting of a set of nodes and leaves [6].
Each internal node splits the feature space into two parts
according to an axis-aligned test function g(Θ(z), h, T ),
where θh designates one of the dimensions of the feature
vector Θ(z) and T ∈ R is a threshold. Given a subset of355

training samples S ⊂ X arriving to a given node, the split
function creates a partition S = {SL, SR}, where SL cor-
responds to the set θh < T and conversely, SR to the set of
features for which θh > T . Finally, nodes without children
are called leaves, and in the case of regression trees store360

a continuous value, i.e.
−̂→
δ (z) ∈ R3.

During training, a set of labeled examples X = {Θ(zn), ~δn}Npoints

n=1

is passed through all of the trees, and the parameters of
the node splitting functions h, T are optimized to mini-
mize the prediction error. The criteria used to determine
the best split parameters is the minimization of the sample
covariance:

θ∗h, T
∗ = arg min

θh,T
trace (ΣSL

) + trace (ΣSR
) , (5)

where Σ|SL,R| stands for the covariance matrix of the

training offsets {~δk}|SL,R|
k=1 of the features falling in each

subset. Computing the trace instead of the full co-
variance matrix allows a faster computation of the365

splitting criteria.
To preserve the generalization benefits of ran-

domized splits over the forest the parameters are
usually obtained through randomized node opti-
mization. However, given the high dimensional-370

ity of Θ(z), we opt instead for the automatic scale
selection strategy proposed by Peter et al. [29],
which enables us to optimize the value for the box
parameters responsible for the position and scale.
This choice has a positive impact on the perfor-375

mance of our method.
During testing, the prediction of the displacement ~δ

at a given location z is computed by passing the feature

6



vector through the ensemble, and summing the individual
tree predictions. The prediction at each node is performed380

independently, without explicitly taking into account the
spatial position of each grid point.

We considered two approaches for ensemble tree re-
gression. The first approach is a regression forest (RF),
as presented in our previous work [11], where the predic-385

tions of the individual trees are combined through a simple
average f(z) =

∑Ntrees

t=1
1

Ntrees
Tt(z). Here, each tree is in-

dependent of each other, allowing for their parallelization
during both training and prediction.

The second regression approach is based on Gradient
Boosted Trees (GBT), introduced by Friedman et al. [9].
GBT has shown to have lower prediction errors when com-
pared to general random forests when tuned correctly in
a variety of scenarios [2]. The predictor f in GBT is a
weighted sum of functions:

f(z) =

Ntrees∑

t=1

βTt(z), (6)

where each Tt corresponds to a regression tree and β is a
scalar weighting each regression tree. However, Different
to regression forests, where the training of each tree is
independent, in GBT the function f(z) is built sequentially
as:

ft(z) = ft−1(z) + βtTt(z). (7)

At each stage t, a tree in GBT Tt minimizes the squared390

loss between the currently predicted displacement and the
ground truth ||ft−1(zn)−~δn||2, instead of trying to recover

the ~δn directly. Apart from the change in the target value,
each regression tree is trained as before finding the splits
that reduce the sample covariance trace (c.f. Eq. 5). Even395

though GBT requires a sequential training and therefore
individual trees can not be trained in parallel, the sequen-
tial aggregation allows for shallower trees when compared
to the forests, leading also to comparable training times
with lower prediction errors.400

4.2.4. Generalizing to arbitrary transformations

Notice that so far we have chosen ~δn as the regression
targets instead of the transformation parameters. This
choice is compatible with having the transformation parametrized
as a displacement field. However, we now show that by the405

simple chain rule of derivatives, the results of equation 4
can be generalized to other types of transformation while
keeping the learning stage independent of the parametriza-
tion.

Indeed, using the chain rule the gradient of the energy

may be split as ∂E
∂p = ∂E

∂
−→
δ

∂
−→
δ
∂p , where ∂E

∂
−→
δ

are the spatial

derivatives and ∂
−→
δ
∂p corresponds to a Jacobian relating the

displacement to the transformation parameters which we
denote hereafter J(z) for simplicity. The Jacobian is only
dependent on the chosen parametrization and therefore
does not change during the optimization. This means that

we only require computing ∂E

∂
−→
δ

at each iteration in order to

retrieve the update direction. In the same way the Hessian
of E will be computed as :

H =
∂2E

∂
−→
δ

2

∂2−→δ
∂p2

(8)

4.2.5. Using Multimodal Motion Predictors for Registra-410

tion

Once the regression function f(z) : Θ(z) 7→ −→δ (z) is
trained, we use it to perform multimodal registration on
a pair of previously unseen images If and Im. We fol-
low a standard gradient-based optimization (c.f. Sec. 3),415

where we calculate the search direction vector ∆ and the
optimal step size α at every iteration k. The iterative
procedure is illustrated in Fig. 1. First, a set of testing
points {zm}Ntest

m=1 ∈ Ω is randomly sampled from the fixed
image. We then extract the feature vectors for the point420

set {Θ(zm)}Ntest
m=1 and pass them through the tree ensem-

ble. The output of the ensemble are the predicted local

displacement estimates {~̂δm}Ntest
m=1 . We then compute the

global update (c.f. Eq. 4) by adding the contribution of
each local displacement to the transformation parameters425

∆̂ =
∑Ntest

m=1
~̂δmJ(z). Finally, a convergence test is per-

formed and if necessary the procedure is repeated. In our
case we stop the optimization when the difference of the
energy function between iterations E falls below a thresh-
old ε.430

We have seen in section 4.1 that with perfect displace-
ment predictions, the Hessian estimate of the step length
for our method is α = 1. However, as we expect the pre-
dictions to have some error we reduce the step size by a
factor λ, which we empirically evaluate.435

5. Experiments and Results

To evaluate the performance of our method under dif-
ferent scenarios we perform three series of experiments on
different multimodal datasets.

Our first experiments rely on pairs of multi-modal MR440

images of the brain from the IXI dataset3. The focus is
on studying the amount of data required for training the
regression of the displacement field as well as on demon-
strating the fast convergence of our registration approach.

The second series of experiments evaluates the perfor-445

mance of our method both in terms of registration accu-
racy and capture range for a variety of imaging modality
pairs. To this end, we performed rigid registration on the
publicly available RIRE dataset4 [40], consisting of images
of adult brains obtained using different MR protocols as450

well as CT and PET. We evaluated our algorithm using all
the modality pairs available in the RIRE database, which

3http://brain-development.org/ixi-dataset/
4http://www.insight-journal.org/rire/
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includes: CT-T1, CT-T2, CT-PD, PET-T1, PET-T2 and
PET-PD pairs, showing the generality of our approach.

In the third experiment, we use our method for the de-455

formable registration of two complex modalities: Intravas-
cular Ultrasound images and histological slices [18] (see
Fig. 16). This dataset is particularly challenging, first, be-
cause the images are noisy and have acquisition artifacts,
and second, because the underlying assumptions of most460

similarity metrics, like local structural similarities between
statistics on the intensities of the images, are not valid.
During these experiments, we do a comparative evaluation
of our method with respect to two other similarity met-
rics, namely Normalized Mutual Information (NMI) and465

the Self-Similarity Context descriptor (SSC) [13]. We show
that our learning based approach improves the results of
multimodal registration in terms of accuracy and capture
range. We also provide a detailed analysis of the properties
of our method in terms of smoothness of the optimization470

updates and fast convergence. Finally, for all experiments,
we also compare the behavior of our initial regression using
random forest (LOU ) and the new one based on gradient
boosted trees (LOU2 ), where LOU stands for Learning
Optimization Updates.475

5.1. Implementation details

Our registration framework was implemented using the
Insight Segmentation and Registration Toolkit (ITK) 5.
For all our experiments we performed optimization using
a simple gradient descent optimizer and the same param-480

eterizations were used for all methods. In the case of NMI
we used the Mattes Mutual Information Metric included
on the ITK framework and in the case of SSC we adapted
the implementation provided by the authors to our frame-
work. In all cases the control points to evaluate the similar-485

ity metrics were sampled randomly, taking approximately
a proportion of 0.1 of the total voxels in the image. All
metrics were evaluated using the same number of control
points to ensure a fair comparison. Interpolation between
control points was performed with a b-spline interpola-490

tion.The size of the boxes and offsets for the Haar-like
features was limited to a maximum of half the size of the
image in each dimension.

Images were processed by performing histogram match-
ing to a reference image. This was done in order to reduce495

the amount of possible intensity variations observed during
training and testing.

5.2. Evaluation on the IXI dataset: convergence and amount
of training data

Our first experimental setup is based on the IXI dataset,500

which contains T1, T2 and PD-weighted images of the
brain from healthy subjects. We perform two different
types of experiments. First, we evaluate the registration
accuracy of our method given different training dataset

5https://itk.org/

Figure 8: Comparison of registration error for models trained using
different dataset sizes for LOU and LOU2. The dotted blue line
indicates the median registration error for registration in the same
images using Normalized Mutual Information and the green line
the median registration error for registration using SSC.

sizes (c.f. Sec. 5.2.1). Second, we study the convergence of505

our algorithm in terms of number of iterations required for
convergence as well as for different step sizes α (c.f. Sec. 5.2.2).
For the purpose of these experiments, we extract a dataset
consisting of pairs of corresponding T1-T2 images from 10
subjects. We pre-processed the images with skull-stripping510

and performed histogram matching to a reference image.
We carefully selected pairs of images with little or no mis-
alignment between the T1-T2 images. We further removed
any residual alignment error by aligning manually placed
landmarks in both images.515

5.2.1. Dataset size

Here, we evaluate the number of aligned images re-
quired to build a regression model capable of performing
accurate registrations.

Training: We split our dataset into two groups: 5 im-520

age pairs for training and 5 for testing. We then train 5
different regression models, each with an increasing num-
ber of training images. To each image pair, we apply a
random transformation, sampled from a uniform distribu-
tion in the range of ±size for translations and ±1rad for525

rotations, where size corresponds to the size of the image.
In total 1250 image pairs are generated for each modal-
ity pair and 10% of their voxels are taken at random for
training.

Testing: We perform rigid registration using the 5530

different regression models on the 5 images left out for
testing. In order to assess the robustness of our algorithm
to different initializations, we perform 30 registrations per
image pair, each one at a different initial position for the
moving image in a range between ±size for translations535

and ±1rad for rotations. We evaluate models created us-
ing both our previously presented method using random
forests (LOU) and our new approach based on gradient
boosted trees (LOU2). The results are shown in the box
plots in Fig. 8. For reference, we perform registration on540

the same set of images using NMI and SSC as a simi-
larity metric and using the same simple gradient descent
optimizer and we plot the median registration error as a
dotted line.

8



Figure 9: Behavior of a gradient descent optimizer using different
strategies to calculate parameter updates. (Top) Gradient of NMI.
(Middle) Updates calculated using LOU. (Bottom) Updates from
LOU2. Each plot line corresponds to a different step size α. Our
methods have a faster convergence (∼10 iterations) and a smoother
behavior when compared to NMI.

The box plots show that our method is able to accu-545

rately register the test image pairs under a large range
of initializations. The median registration error was com-
parable to the error obtained using NMI and SSC, even
when the number of training images was reduced to a sin-
gle pair of aligned images. Including additional images550

into the training dataset helps our regression model to
reduce the final registration error even further. We also
observe that LOU2 produces slightly lower registration er-
rors when compared to LOU, and that, LOU2 is able to
reduce the registration error using a lower number of train-555

ing images. This can be attributed to the lower prediction
error obtained using Gradient Boosted Trees as an ensem-
ble technique when compared to Random Forests.

5.2.2. Convergence

For our second experiment with IXI, we take the mod-560

els trained on 5 images (last box plot in Fig. 8-right) and
perform rigid registration for a test pair of images with an
arbitrary initial transformation. For clarity, we illustrate
the behaviour of the updates independently for different
parameters. To this end, we perform two separate experi-565

ments. First, we initialize the moving image with a 50mm
translation offset in the axial direction. In the second ex-
periment, we rotate the moving image around the axial
axis by 0.5 radians for LOU and LOU2, but only by 0.25
radians for NMI given its smaller capture range. We show570

in Fig. 9 the evolution of the error over the iterations in

each case and for both our methods and NMI using the
same gradient-based optimizer.

In order to assess the influence of the step size α for
each method, we present three curves with different step575

sizes. The step size shown in the red corresponds to the
step size that presented the lowest final error after a line
search in the parameter α.

We can draw some interesting observations from the
results in Fig. 9. The path across the energy function for580

LOU and LOU2 is smoother and reaches a transformation
close the global optimum in just a few iterations. In gen-
eral LOU and LOU2 were able to find an accurate solution
after no more than 10 iterations compared to the hundreds
required using NMI.585

The longer optimization time can be explained by the
noisy approximations of the gradient of NMI. This noisy
gradient forces the optimization algorithm to use a very
small step size in order to ensure that the optimization
converges to a solution close to the global optimum. For590

this reason, the convergence times for LOU (∼10 seconds)
and LOU2 (∼5 seconds) were an order of magnitude faster
when compared to NMI (∼100 seconds).

5.3. Evaluation on the public dataset (RIRE)

In order to demonstrate the flexibility and generality595

of our multi-modal registration dataset, we train an inde-
pendent regression model for each available modality pair
in the publicly available RIRE dataset (CT-T1, CT-T2,
CT-PD, PET-T1, PET-T2 and PET-PD). Only the sin-
gle pre-aligned image pairs provided in the RIRE dataset600

are used for training. We report the average Target Reg-
istration Error (TRE) as obtained from the online RIRE
evaluation platform and compare the results for both our
LOU and LOU2 methods with respect to Normalized Mu-
tual Information (NMI) and the Self-Similarity Context605

descriptor (SSC) [13].
Training: We follow a similar procedure as for the

IXI experiments. We again generate transformations using
translations ranging from±size and rotations from±1rad.
However, this time we consider the raw images without610

skull stripping. The only pre-processing step is histogram
matching between the test images and the training image
in order to account for differences in the dynamic range of
the images.

Testing: For each testing image pair (in total 33 image615

pairs) in the dataset we perform rigid registration 30 times,
each starting from a different initial misalignment of the
moving image. This initial transformation is sampled at
random from a uniform distribution in the range of ±0.5∗
size for translation in each of the axis and rotations of ±620

0.5 radians.
Results of our evaluation are shown in Figure 11. The

box plots indicate the final registration error after conver-
gence for the four compared methods and all combinations
of image modality pairs. In the case of CT-MR, we ob-625

serve that the final median registration error is compara-
ble across the different methods. When the initialization
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is close to the optimum solution, SSC, LOU and LOU2
lead to comparable low registration error. However, NMI
and SSC result more often in higher registration errors630

when the initial transformation is large. As such trans-
formations are not covered by capture range of the algo-
rithm, the optimizer converges to a local optimum. We
performed Mann-Whitney U statistical tests [22] between
each pair of methods for all modality pairs. Almost all635

of these tests resulted on a significant difference between
methods (p < 0.05) with the exception of the test between
LOU and LOU2 on the CT-PD data where the null hy-
pothesis was not rejected.

LOU and LOU2 are more robust to the initial align-640

ment between the images and converged to a low registra-
tion error for a broader range of initial transformations.In
the case of registering PET- MR images, the registra-
tion error of SSC is higher, which can be attributed to
the poor structural information in PET images. LOU and645

LOU2 result in lower errors for all the PET experiments
. Among our two methods, LOU2 has a broader capture
range resulting in lower registration errors .

In order to asses the accuracy of each one of the meth-
ods for a standard initialization we also performed reg-650

istration for each pair of images with the initial
position given by the RIRE database. Our results
are shown in Table 1 and are also available online
on the RIRE website using the ids shown in Ta-
ble 2. We observe that given a good initialization655

all methods presented a similar final accuracy . The
main advantage of our method in this dataset lies therefore
the increased capture range as observed in Figure 11 and
the fastest convergence times due to the reduced number
of required iterations for convergence. Qualitative results660

of these experiment are also shown on Figure 10 where a
pair of images from the RIRE database are shown before
and after registration using LOU2

Figure 10: Exemplary results of registered images of the RIRE
database using our method (LOU2). In each box the image of the
left corresponds to the initial position given by the RIRE database
and the image of the right corresponds to the image after registra-
tion. Top left: PET-PD; Bottom Left: PET-T2; Top left: CT-T2;
Bottom left: CT-T1.

Table 1: Median TRE obtained after registering the image pairs of
the RIRE dataset without initialization.

NMI SSC LOU LOU2

CT-T1 1.06± 1.16 2.06± 1.17 0.95± 1.30 0.89± 0.90
CT-T2 4.07± 7.74 5.53± 11.67 3.80± 4.17 3.07± 3.62
CT-PD 1.07± 12.46 1.58± 1.43 3.49± 1.91 3.07± 1.89
PET-T1 4.10± 1.83 8.11± 3.21 5.22± 3.48 5.29± 3.70
PET-T2 3.72± 2.66 7.29± 7.75 3.27± 2.91 4.17± 1.91
PET-PD 4.07± 2.11 2.62± 2.81 3.46± 2.39 2.98± 2.24

Table 2: Experiment ID in the RIRE database for the experiments
in Table 1.

NMI SSC LOU LOU2

CT-T1 185750 185753 185752 185751
CT-T2 185754 185755 185808 185756
CT-PD 185762 185763 185764 185759
PET-T1 185769 185771 185804 185777
PET-T2 185773 185772 185784 185785
PET-PD 185767 185766 185801 185800

Figure 11: Final registration error for the RIRE dataset. The width
of the violin plot represents the distribution of the TRE, the red line
indicates the median and the black line the mean. Results are shown
for registration on PET - MR image pairs and CT- MR image pairs.
The plot summarizes the results for all patients from 30 different
initializations.

One of our driving hypothesis is that the prior knowl-
edge used in our learning-based approach should serve to665

increase the capture range for multimodal registration. To
demonstrate this hypothesis is verified, we compute our
predicted updates for different initial misalignments and
compare them with the gradient-based updates of NMI.
The update plots are shown in Fig. 12 for one pair of PET-670
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MR images and in Fig. 13 for one CT-MR pair.
For NMI, the updates based on the similarity gradi-

ent tend to be smooth for the range of parameters close
to the optimal transformation, but noisy when the trans-
formation parameters are far from the optimal alignment.675

This behavior causes the NMI gradient-based registration
algorithm to fail when the initialization is far from the
optimal solution. Furthermore, the optimal step size for
NMI is small6, leading the gradient-ascent algorithm to
converge in a larger number of iterations when compared680

to our method.
For the learning-based methods, LOU and LOU2 , the

optimization updates generated by our metric are smoother
for all modality pairs. Additionally, in the case of LOU2,
the predicted step size conforms to the ideal optimal step685

(c.f. Fig. 2) for a wide capture range. The fact that the
update is proportional to the distance to the optimal solu-
tion, allows the gradient-based algorithm to converge with
the fewest iterations. The differences among the updates of
different are most notable for the PET-MR pair (Fig. 12),690

most probably given the lack of structural similarity be-
tween the modalities. Similar behavior was observed for all
converged instances of the algorithm given different image
pairs and initializations.

6Found through line search seeking to maximize the capture range
of NMI while keeping a comparable error to our method

Figure 12: Comparison of estimated parameter updates using differ-
ent methods for PET-MR pairs: NMI, updates calculated using the
gradient of NMI with respect to transformation parameters; LOU,
updates calculated using our approach presented on [11]; LOU2:
updates calculated using the presented method. The updates with
our method are smoother and the estimated step size is close to the
optimal.
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Figure 13: Comparison of estimated parameter updates using differ-
ent methods for CT-MR pairs: NMI, updates calculated using the
gradient of NMI with respect to transformation parameters; LOU,
updates calculated using our approach presented on [11]; LOU2:
updates calculated using the presented method. The updates with
our method are smoother and the estimated step size is close to the
optimal.

5.3.1. Feature relevance695

We analyze which features are more relevant for the
registration task by analyzing how many times each fea-
ture type is selected in the training process. In figure 14
we observe the frequency at which different types of fea-
tures were selected at different trees in a gradient boost-700

ing ensemble trained for the registration of CT and T1
images of the brain. The histograms of the first column
correspond to the first trained tree of the ensemble, while
the second and third columns correspond to the 30th and
100th tree respectively.705

We can observe that in general features with short off-
sets and small boxes are favored by the ensemble of regres-
sion trees. However, features corresponding to long range
appearance are still useful and are considered by the trees.
We observed that in general, early trees tended to select a710

broader range of scales, while trees corresponding to later
stages of the boosted ensemble selected mostly short range
features. This behavior occurs because long range features
are useful to perform a rough initialization for images with
large initial misalignments but are less useful for the pos-715

terior fine alignment of the images. The first few trees of
the ensemble are therefore able to perform a rough align-
ment of the images and later trees added to the ensemble
reduce the final registration error.

In the third row of Figure 14 we also show the720

proportion of times that trees select boxes from
either the fixed or the moving image, or both im-
ages simultaneously. By observing the histograms
we can conclude that our method extracts infor-
mation within a single image to determine the rel-725

ative position of each control point in the image
and simultaneously obtains information from both
images to determine the relationship of the intensi-
ties of both modalities. Interestingly while the first
trees tend to select all features in an even distri-730

bution, further trees tend to rely more on features
that take both modalities into account at the same
time.

In the bottom row of Figure 14 we show which op-
erations between boxes are selected. All operations seem735

to have equal importance on the first trained trees with
the exception of the binary operation between boxes. The
low importance of binary operations between boxes can be
explained by the high importance of the relationship be-
tween the intensity values of both modalities. Later trees740

tend to prefer operations between boxes instead of oper-
ations using a single box. This is related to the previous
observation that trees trained on the later stages of the
ensemble require more information on the local intensity
relationship between images in order to reduce registration745

error.

Figure 14: Histograms showing the distribution of the selected fea-
tures during the training of a boosting ensemble for CT-T1 registra-
tion. The top row corresponds to the size of the offsets, the second
row to the size of the boxes, the third row to the image where the fea-
tures are extracted from and the fourth row to the operation between
boxes.

5.4. IVUS-Histology Deformable Registration

For our third set of experiments, we perform deformable
multi-modal registration in a dataset of IVUS and histol-
ogy image pairs. Registration of IVUS and histology pairs750

is important for the characterisation of artherosclerotic tis-
sues [17]. To build the training set we align the IVUS
and histological slices using the method presented in [17],
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which is based on the alignment of manually-segmented
structures. We then generate 100 transformations of each755

aligned pair by deforming the images using a B-spline with
random parameters in a range between ±20 for the B-
spline coefficients , leading to a training set of 5 initially
aligned images and 500 transformed images. We train our
model following the same settings as for the RIRE experi-760

ments, but this time using a mask around the region actu-
ally containing tissue in the histological image. Please note
that the synthetic transformations have only been used for
training purposes, but testing was performed on pairs of
histology and IVUS images withouth any additional trans-765

formations applied to them.
We quantitatively compare our approach against other

methods by measuring the overlap (DICE) of segmented
stenosis regions both in IVUS and the histology images.
Even though using overlap measures is not the ideal mea-770

sure to assess registration accuracy, it is still reliable for
distinguishing between reasonable from inaccurate regis-
trations [32]. For testing, we use again gradient-based op-
timization and we parametrize the transformation with a
3rd-order B-spline with 5 nodes per dimension distributed775

uniformly along the image. We do a 2-fold cross-validation
evaluation with the 10 image pairs. The DICE scores af-
ter registration are shown in Fig. 15. Here, NMI and SSC
present, in general, lower overlap measures when compared
to our two supervised methods. Reasons for the compa-780

rably lower scores are the complex relationship between
the intensities of both modalities which is difficult to cap-
ture by the joint histogram of mutual information, and
the lack of structure which can be leveraged on by SSC.
Our supervised approaches, on the other hand, result in785

much larger DICE values, indicating more accurate regis-
tration. After performing a Mann-Whitney U test between
our method, SSC and NMI, our approach proved to yield a
statistical significant improvement in the registration error
(p < 0.05) . The median registration error was similar be-790

tween our two approaches, but the Gradient Boosted trees
of LOU2 reduces the maximum registration error. Visual
examples of the experiment are illustrated in Figure 16,
where we show overlays of IVUS and histology pairs before
and after registration as well as the generated deformation795

fields.

5.5. Amount of training data

Similar to the experiments performed on the
IXI dataset, we evaluated the differences on the
performance of our trained models depending on800

the amount of aligned images used to generate
the training set. As the IVUS-Histology dataset
presents a bigger variation both in terms of appear-
ance and deformations, we expect that increasing
the dataset size has a bigger impact in registration805

accuracy when compared to previous experiments.
We therefore evaluated 5 different models, each
one trained using different number of aligned im-
ages ranging from 1 to 5. In Figure 17 we can

Figure 15: Results of the multi-modal deformable registration of
IVUS-Histology images. The registration success of the different
methods is measured by means of the DICE score, indicating the
overlap between the IVUS and Histology tissue masks after regis-
tration. The boxplot shows the results of a 2-fold cross-validation
experiment on ten images.

Figure 16: Results of the IVUS-Histology deformable registration ex-
periment. On the top box the example with the highest DICE score
after registration using LOU2 (DICE = 0.81), and in the bottom box
an example with a low DICE score after registration (DICE=0.65).
On top of each box the IVUS and histology images prior to regis-
tration and the deformation field obtained after the first iteration of
LOU2. The red and blue boxes show corresponding regions in both
images. In the bottom left part of the box, an overlay of the images
before registration is shown. The arrows point towards the same re-
gions in the boxes on the top. On the bottom right of each box, we
show the overlay of the registered images using our method (LOU2),
with the arrows indicating how the previously mismatching regions
overlap after registration.

observe the results of this evaluation. Similar to810

our previous experiments, increasing the number
of images improved the registration accuracy in the
IVUS-Histology dataset. We can observe that our
method is able to perform a more accurate reg-
istration when compared to NMI and SSC even815

after a single training image is included. However
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adding extra images on the training set allowed our
method both to reduce the number of registration
outliers as well as to reduce the final registration
error.820

Figure 17: Results of the multi-modal deformable registration of
IVUS-Histology images using LOU2 as a function of the number of
aligned images used for training. We can observe an increase of
registration accuracy. The blue dotted line represents the median
DICE score obtained after registration using NMI and the red line
the DICE score after registration with SSC.

6. Conclusions

In this work, we have a presented a novel approach
to solving the multimodal registration problem based on
a supervised regression and a gradient-based optimizer.
Different to prior methods based on similarity design or825

learning, we directly target the prediction of the optimizer
updates. To this end, we first show how the updates are
related to the displacement field aligning the two images.
We then demonstrate that using a training set of image
pairs under known misalignments it is possible to train a830

regressor predicting the displacement fields from changes
in the joint visual appearance of the images. Finally, we
described how the predicted displacements can be general-
ized to other transformation parameterizations, and how
the transformation updates can be inscribed within a sim-835

ple gradient-based optimizer.
In the experimental evaluation, we have shown the flex-

ibility and generality of our method to work on scenarios
with very different modality pairs. Our method achieves
comparable registration accuracy for several modality pairs840

were other methods have proven to be successful (for ex-
ample, CT to MR). However, we have also shown that
the same method is able to accurately register difficult
pairs of modalities, such as IVUS to histology, for which
other multimodal registration methods tend to fail (IVUS845

to Histology). Indeed, the supervised regression allows our
method to deal with modalities displaying very different
appearances and with weak structural similarities.

Our method requires sets of aligned images to train
our supervised method. Nevertheless, we have observed850

that LOU and LOU2 are able to perform reliable registra-
tions even when the training set size is very small. For
example, the low reported errors in the RIRE experiments
resulted from our model being trained on a single pair of
aligned images transformed 100 times. The extra effort of855

generating such training sets can be justified in large scale
studies, or when the ability of our method to perform reg-
istration on complex modality pairs is required (i.e. when
other metrics fail). Adding extra pairs of aligned images
to the training set enhances the accuracy of our method860

over other multimodal registration approaches, but it is
not a requirement if focusing on our method’s large cap-
ture range for comparable registration errors.

We have also shown that our method can eas-
ily be adapted to work with different parametriza-865

tions. By modeling our transformation using a
displacement field we were able to easily integrate
both a rigid registration parametrization and a de-
formable b-spline parametrization. Although this
has not been throughly explored on this work, an870

additional advantage to parametrize our transfor-
mation as a displacement field is that a spatial reg-
ularization term could be easily applied to the dis-
placement fields estimated by our regression model.
Such a regularization term could prove important875

for the success of our method in scenarios where
larger deformations are expected. At this point,
it is important to mention that generating train-
ing sets for a highly deformable registration set-
ting is not trivial and is an issue that has not yet880

been throughly explored in the supervised learn-
ing of similarity metrics. Generating training sets
for deformable registration that are both realistic
and extensive is an area to be addressed in order
to extend our method to other scenarios and is an885

interesting area for future research.
The experiments have also shown that our method has

an increased capture range and a faster convergence than
the compared approaches. This is the result of modeling
our metric as a motion prediction problem which takes the890

optimization into account. In the case of rigid registration,
our method was able to converge in a maximum of 10 it-
erations, while 50 iterations were enough for an accurate
deformable registration of the IVUS-Histology database.
In both cases, the registration was successful even when895

the initial transformations were far from the optimal solu-
tion.

Our experiments mainly focused on registration
on imaging settings on which acquisition protocols
can be controlled and remain fairly homogeneous.900

However an open challenge still to be addressed by
our method and other learning based approaches
is that of highly variable environments, such as
deformable registration of multimodal images in
an intraoperative setting or registration of US im-905

ages acquired at arbitrary positions and acquisi-
tion angles. The main reasons we have not yet
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tackled this challenge are the requirement to gen-
erate ground truth data which can be used to train
our regression models and the difficulty of model-910

ing the large difference in appareance which occur
in an intra operative scenario. However our exper-
iments so far have shown that our method is able
to handle multiple modalities as well as different
parametrization, which encourage us to further ex-915

plore solutions which can tackle more challenging
cases.

In the future, we plan to test our method in other
scenarios where prior knowledge is required to improve
registration accuracy, for instance, for the registration of920

intra-operative 2D ultrasound images to pre-operative MR
for surgical navigation. We also believe the approach can
contribute to mono-modal and volume-to-slice registration
problems.
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