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Abstract. Deformable medical image registration requires the optimi-
sation of a function with a large number of degrees of freedom. Commonly-
used approaches to reduce the computational complexity, such as uniform
B-splines and Gaussian image pyramids, introduce translation-invariant
homogeneous smoothing, and may lead to less accurate registration in
particular for motion fields with discontinuities. This paper introduces
the concept of sparse image representation based on supervoxels, which
are edge-preserving and therefore enable accurate modelling of sliding
organ motions frequently seen in respiratory and cardiac scans. Previous
shortcomings of using supervoxels in motion estimation, in particular in-
consistent clustering in ambiguous regions, are overcome by employing
multiple layers of supervoxels. Furthermore, we propose a new similarity
criterion based on a binary shape representation of supervoxels, which
improves the accuracy of single-modal registration and enables multi-
modal registration. We validate our findings based on the registration of
two challenging clinical applications of volumetric deformable registra-
tion: motion estimation between inhale and exhale phase of CT scans for
radiotherapy planning, and deformable multi-modal registration of di-
agnostic MRI and CT chest scans. The experiments demonstrate state-
of-the-art registration accuracy, and require no additional anatomical
knowledge with greatly reduced computational complexity.

Keywords: supervoxels, sliding motion, multi-modal fusion, pulmonary.

1 Introduction

Registering medical images of three (or more) dimensions with high spatial image
resolution results in a highly complex optimisation problem, which is usually
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impractical to solve directly. A common approach to address this is the use of
coarse-to-fine optimisation schemes. Representing the images by a Gaussian or
spline pyramid [13], in which the spatial resolution is decreased by a certain factor
between pyramid levels, is a popular strategy to tackle the challenges involved
with high resolution data. It involves first solving a relaxed problem using a low-
dimensional data representation and then refining the solution at a finer scale.
A disadvantage of such multi-resolution approaches is the loss of detail at lower
resolutions, which can and does lead to errors that cannot be compensated for at
a finer scale. In addition, most approaches are limited by the use of a Cartesian
grid representation and restricted spatially uniform subsampling. Furthermore,
multi-resolution schemes do not preserve image boundaries and edges, which has
a negative influence when estimating complex motion (with discontinuities).

In this work, we discuss the use of an alternative, low parametric, image rep-
resentation, namely supervoxels. The motivation for the use of supervoxels is
their ability to group voxels, which are close both spatially and visually into
perceptually meaningful clusters. The locations of cluster centres do not have
to lie on a regular grid, making them more versatile than traditional parametric
image representations such as B-splines (with the exception of the recent work
on sparse free-form deformations [12]). Supervoxels are not restricted to be uni-
formly shaped, enabling a better preservation of image edges. Figure 1 shows
an example over-segmentation of an axial slice of a CT scan using 250 super-
pixels and the image reconstruction, obtained by assigning the mean intensity
value of each cluster to each pixel within a superpixel. Note, that although only
2D superpixels are shown all steps in our implementation use 3D supervoxels.
The advantages of preserving image edges and small anatomical detail is shown
in comparison to a low-parametric B-spline representation. The disadvantage is
that because superpixel segmentation relies on a piecewise constant image model,
it shows poor performance in homogeneous or gradually changing image regions,
resulting in inconsistent clustering. This reason has largely restricted the use of
superpixels to image segmentation or classification tasks. These shortcoming will
be addressed in this paper.

2 Related Work Using Supervoxels

Motion estimation or tracking using supervoxels relies on the assumption that
all pixels contained in a cluster have the same (translational) motion. This pre-
condition improves the robustness against image noise, reduces the ambiguity
in homogeneous regions, and substantially reduces the complexity of the opti-
misation problem, in turn simplifying global regularisation of the motion field.
Another advantage of this piecewise constant motion model is that it enables
the preservation of motion discontinuities, so long as they coincide with intensity
steps. In [9], stereo depth estimation is performed based on an over-segmentation
of one of the two views. Employing a segmentation in only one view does not
reduce the space of the potential motion vectors, hence extending this approach
to higher dimensional problems substantially increases the complexity. An alter-
native approach, which is used in this work, is to perform supervoxel clustering
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Fig. 1. Examples of sparse image representations. Image representation using 250 su-
perpixels is able to preserve image edges and small-scale structures. While a recon-
struction using 250 equally spaced coefficients [13] loses most fine details.

in both images and restrict the motion to corresponding cluster centres, thus
directly matching segments across images. The main challenge here is the in-
consistency of supervoxel clustering across images. [17] attempts to address this
challenge by alternating steps of segmentation and matching to obtain a final
segmentation, which is consistent across images.

The concept we introduce in this paper overcomes the disadvantages of pre-
vious approaches by using multiple layers of supervoxels. Sections 3.1 and 3.2
describe how two volumes (to be registered) are clustered into layers of super-
voxels, which enable a better image representation in ambiguous (homogeneous
or gradually changing intensity) regions, while at the same time preserving im-
portant details and edges. Sec. 3.2 shows that these complementary (not hierar-
chical) 3D layers of supervoxels form a low-parametric image representation with
similar qualities as the popular joint bilateral filter [8] with very low computa-
tional complexity. We make further use of the clustering by introducing a new
similarity criterion between single- and multi-modal scans, using a binary repre-
sentation of the shape of the supervoxel (see Sec. 3.3). Section 3.4 describes the
graph based optimisation, which uses a discretised, sparse displacement space.
For each 3D layer, a separate graph connects supervoxels of the reference image,
which are close both spatially and based on intensity. A combined energy term
(Eq. 7) consisting of a diffusion regularisation term and similarity criterion is op-
timised using belief propagation [3] to obtain piecewise smooth transformations.
The optimal transformations for all layers are then finally combined voxelwise
in the original image domain (see Sec. 3.5).
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3 Methods

3.1 Supervoxel Clustering

Supervoxel clustering performs an over-segmentation of an image that respects
image boundaries. Supervoxels remove the redundant intensity information of
voxels within homogeneous areas, which are likely to belong to the same object.
Supervoxels enable a more compact image representation with little loss of detail.
Due to their flexibility they are also more adaptive to the local shape of the
images. Because they significantly reduce the computationally complexity, they
have attracted a lot of attention in a range of image analysis tasks like stereo
matching [9], optical flow [17], and segmentation [10].

We adapt a very recent algorithm, “simple linear iterative clustering” (SLIC)
[1] for supervoxel clustering. Its complexity is linear w.r.t. the number of pixels N
and therefore easily applicable to large datasets. It clusters voxels based on their
grayscale similarity and spatial Euclidean distance. The algorithm is designed to
create approximately K equally-sized supervoxels S = {S1, S2, . . . , Sk}. It starts
from a set of equally spaced seed cluster centres with distance s ≈ 3

√
N/K. The

distance dik between a voxel pi = [li, xi, yi, zi]
T (where l is intensity value) and

a cluster centre Sk = [lk, xk, yk, zk]
T is given by Eq. 1.

dvik = |lk − li| , dxyzik =
√
(xk − xi)2 + (yk − yi)2 + (zk − zi)2

dik = dvik +
m

s
dxyzik (1)

The weightingm determines the compactness of the clusters, where higher values
result in more regularly shaped supervoxels. It is assumed that the spatial extent
of a supervoxel lies within a compact search region R of spatial extent 3s x 3s
x 3s. Therefore each voxel pi has to be compared only to all centres which are
within R and is afterwards assigned to the closest cluster (see Eq. 3.1):

S(pi) = argmin
Sj∈R

dij (2)

After one pass over all pixels, the cluster centres are recomputed. This process
is iterated until the clusters no longer change, or a fixed iteration number is
reached. The algorithm does not guarantee connectedness within clusters, thus
a simple connectivity enforcing step could be performed afterwards to eliminate
stray labels. This method achieves substantial improvements in computation
time compared to state-of-the-art methods, while yielding similar or better seg-
mentation accuracy [1]. An example output of the method is displayed in Fig.
1, in which we compare the representation of an axial CT slice with the same
number (250) of free parameters, using the supervoxels clustering and then a
cubic B-spline basis function. It can be seen that the supervoxels better preserve
image details and edges.
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. . .

︸ ︷︷ ︸

CT scan detail of liver multiple layers of supervoxels spatial weight of 20 layers

Fig. 2. Concept of layers of supervoxels for particular region (anterior part of liver) in
axial CT plane, with central voxel pc marked with red cross. Multiple clusterings S are
obtained using different seeds. Shape of supervoxels is used as similarity criterion (see
Sec. 3.3). Linear combination of all clusters of which pc is part of, results in a spatial
weighting similar to the bilateral filter.

3.2 Multiple Layers of Supervoxels

A disadvantage of supervoxel clustering is its inconsistent clustering in homoge-
neous or gradually changing image regions. In the context of motion estimation
this is a major limitation, because it is important which correspondence within
a homogeneous region is selected. One of the main contributions of this work is
to use multiple layers of supervoxels to obtain a piecewise smooth motion model
for accurate deformable registration.

To create multiple layers of supervoxels, the clustering algorithm of Sec. 3.1
is run several times with slightly different initialisation (random offset of seed
locations with maximum magnitude s/2). Image regions with sufficient struc-
tural content (e.g. edges) are not affected by this disturbance and the clustering
is therefore very similar for all layers. Homogeneous or gradually changing areas
do not provide sufficient guidance for the supervoxel, resulting in arbitrarily dif-
ferent clusters for each layer. This means that when a separate optimisation is
performed for each layer of supervoxels, the combination of these transformation
is a smooth average in homogeneous regions, but adheres to discontinuities at
image boundaries. Figure 2 demonstrates this concept. Two different layers of
supervoxels of an axial CT slice are shown. The linear combination of the spatial
layout of supervoxels of different layers for one particular voxel is shown. The
close relation to the joint bilateral filter [8], and the ability to model smooth
regions and at the same time preserve edges can be clearly seen. Furthermore,
the supervoxel based approach enables a low parametric representation for each
layer, which is beneficial for the optimisation, and the complexity of the cluster-
ing is independent of the number or size of the clusters.

3.3 Shape of Supervoxel as Similarity Criterion

The spatial context of a voxel’s intensity has been used in many applications
as it provides a good descriptor of local geometric and anatomical structure [5].



468 M.P. Heinrich et al.

The census transform [16] uses a binary representationB of local shape. For each
voxel pi in an image, B is obtained by comparing its intensity li to the intensities
ln of all voxels in a certain spatial neighbourhood I and setting B(pi, pn) = 1 if
ln < li and B(pi, pn) = 0 if ln ≥ li for all pn ∈ I. It has been shown that these
representations are well suited to define similarity across images, because they
are sensitive to edges, local orientation and invariant to monotonic grayscale
transformations. However, it cannot be employed for multi-modal images where
gradients of corresponding anatomies might be reversed. We therefore propose
to use the shape of supervoxels as a multi-modal similarity criterion. Given a
supervoxel clustering S, the binary vector Bi for a voxel pi is defined as:

B(pi, pn) =

{
1, if S(pi) = S(pn)

0, if S(pi) �= S(pn)
for all pn ∈ I (3)

We show examples of this binary shape representation in Fig. 2. We define the
neighbourhood I to be the subset of the 320 closest points pn (multiples of 64 are
well suited for computation) based on the distance |dxyzin − r| of pn to the surface

of a sphere centred at pi with radius of r = 1
2s

3
√
6/π. The binary representation

has the advantage that the L1 distance between two vectors |Bi − Bj| can be
efficiently evaluated by the Hamming weight (bit count of all pair-wise unequal
binary values [16]). The computation for a vector of size 64 takes less time than
calculating a single absolute difference of two intensities.

3.4 MRF-Based Optimisation

Discrete optimisation methods have become very popular for deformable regis-
tration, due to their flexibility, computational efficiency and guarantees of opti-
mality [4]. Our aim is to find the best correspondence for each supervoxel Sp ∈ S
of the reference scan, in terms of similarity and subject to a global regularisa-
tion. This optimisation problem is solved independently for each 3D layer in
the reference scan. The combination of several optimal transformations and the
reverse mapping into the voxelwise image domain is detailed in Sec. 3.5. The set
of potential displacement labels fp = {f1

p , f
2
p , . . .} is defined for a supervoxel Si

as the sparse set of all supervoxel locations within a rectangular search window
W (centred around xp) in any layer of the moving image (see Fig. 3 for a visual
example). Each label f j

p corresponds to a spatial displacement Δx(f j
p ) = xp−xj

between reference and moving scan. The similarity cost of a label fp based on
the intensities I and I ′ (normalised to [0,1]) of reference and moving scan re-
spectively is then defined as:

D(fp) = |I(xi)− I ′(xi +Δx(fp))| (4)

Likewise, the similarity criterion based on the local shape of supervoxels, which
was introduced in Sec. 3.3, can now be defined for a certain label fp:

D̄(fp) =
∑

n∈I
|B(xp, n)−B′(xp +Δx(fp), n)| (5)
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Fig. 3. Concept of supervoxel matching across scans. Cluster centres are denoted by
white crosses. Left: Edges of kNN spanning graph in the reference image are shown
with yellow dashed lines, edges which are also part of the Euclidean minimum spanning
tree (EMST) with red lines. The possible displacements for a voxel of interest (purple
circle) within a rectangular window in moving image are shown in red. Note that all
3D layers of the the moving image are considered simultaneously, resulting in more
cluster centres.

In order to enforce spatial regularity of the displacements of all supervoxels,
a graph is introduced, which connects all clusters that are close both spatially
and in intensity. A diffusion regularisation term R(fp, fq) is defined between two
displacements fp and fq of two clusters, which penalises the squared Euclidean
distance of displacements divided by the distance of the supervoxels (see Eq. 1):

R(fp, fq) =
||Δx(fp)−Δx(fq)||2
s
m |lp − lq|+ ||xp − xq|| (6)

Notice that the regularisation between clusters with different appearances is
reduced. This enables the preservation of discontinuities, which are likely to
coincide with image boundaries. Since the cluster centres are non-uniformly dis-
tributed across the image grid, conventional neighbourhood connections do not
apply. We employ two steps to obtain a suitable graph representation. First, a
k-nearest neighbour (kNN) graph with edges E is extracted based on the super-
voxel cluster distances (see Eq. 1). The value of k is incrementally increased until
a spanning graph (connecting all supervoxels in the reference image) is found.
For large numbers of supervoxels K the näıve nearest neighbour search with K2

complexity would be impractical, so we employ an accelerated (∼50x) search
using the vantage-point tree (see [15] for details).

The global energy term to be minimised is a weighted combination of intensity
similarity D, shape similarity D̄ and a diffusion regularisation term:

E(f) = (1− α)
∑

p∈S

D(fp)

︸ ︷︷ ︸
intensity similarity

+ α
∑

p∈S

D̄(fp)

︸ ︷︷ ︸
shape similarity

+ λ
∑

(p,q)∈E
R(fp, fq)

︸ ︷︷ ︸
diffusion regularisation

(7)
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Using the kNN graph, this energy can be minimised with a number of discrete
optimisation methods (see [7] for an overview). Similar to [6], we make a further
approximation to employ belief propagation on a tree (BP-T), which guarantees
a global optimum of the energy on this relaxed graph. By iteratively removing
edges with highest distance between clusters (and therefore smallest influence on
the regularisation) we find a Euclidean minimum-spanning-tree, which is shown
with red lines in Fig. 3.

3.5 Linear Combination of Optimal Transformations

Once the optimal transformation is found for each 3D layer in the reference im-
age, the final deformation field can be obtained as a linear combination of all
transformations. For each voxel pi the resulting displacement is found by aver-
aging over all displacement vectors of the particular supervoxel of which pi is
part in the respective 3D layer. This results in a spatial weighting of displace-
ment vectors, which is similar to the bilateral filter, as displayed in Fig. 2. The
advantage is that this linear combination can both preserve discontinuities in
the motion field and model gradually changing motion magnitudes.

4 Experiments

We perform experiments on two clinical 3D datasets to demonstrate the suitabil-
ity of our contributions. First, the benefits of using multiple layers of supervoxels
to model piecewise smooth, edge-preserving deformations is evaluated on 4D-CT
scans. Second, the similarity criterion based on the shape of supervoxels is ap-
plied successfully to the multi-modal fusion of chest CT and MRI scans.

4.1 Inhale-Exhale Volumetric CT Registration

Sliding motion is a particular challenge when estimating motion of lung CT
scans acquired at different phases of the breathing cycle, which is clinically use-
ful for radiotherapy of lung cancer and the assessment of breathing disorders.
Most approaches to this problem have used a manual or automatically detected
segmentation of the thoracic cage [11], [14]. Our approach relies solely on the
over-segmentation from the supervoxel clustering to preserve motion boundaries
and requires no further manual interaction. We perform our experiments on the
extreme phases (inhale and exhale) of 4D respiratory CT scans of 5 lung cancer
patients. The dataset has been made publicly available by the DIR-lab, Univer-
sity of Texas, manually annotated with 300 landmark per scan pair [2]. We use
the most challenging cases #6-10, which have a very large diaphragm displace-
ment and particularly strong sliding motion at the lung/rib cage interface.

With a slice thickness of 2.5 mm, the volumes have strongly anisotropic voxel-
sizes, so the axial resolution was resampled to 1.5 mm. The scans were slightly
cropped to exclude regions outside the body. We found that around 15000 su-
pervoxels are sufficient to represent the details of these images, which yields
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Fig. 4. Example of deformable registration of an inhale-exhale CT scan pair. Overlay
before and after registration is shown in green (inhale phase) and magenta (exhale
phase). Uniform clustering approximates the traditional coarse-scale representation.
Our approach using layers of supervoxels outperforms this for the matching of small
vessels (see white circle) and the preservation of sliding motion (see black arrows). The
quantitative evaluation shows a significantly lower registration error of our method
using absolute intensity differences and a further improvement when employing the
binary shape similarity criterion.

an average distance of 5 voxels between cluster centres. The supervoxel com-
pactness parameter m is chosen empirically as 20 (for an intensity range of [0,
255] and similar to [1]). We restrict the spatial extent of the (sparsely sampled)
displacement space to ±9 voxels in the axial plane and ±15 voxels in proximal-
distal direction (to cover the expected respiratory motion). For each 3D layer of
supervoxels the computation takes roughly 5 sec. for the clustering, 1 sec. for
similarity evaluation and graph extraction and 4 sec. for the BP-T optimisation
using a C++ implementation on a quad-core CPU. We used 20 layers of super-
voxels, tuned all parameters on a single scan pair and found their setting to be
relatively insensitive. For the regularisation parameter λ = 1

8 is chosen, but dou-
bling or halving the value leads to a deviation of less than 10% in accuracy. The
registration quality was examined visually and evaluated quantitatively using
300 manually annotated landmarks per scan pair.

Four different variations of our proposed method were tested to assess the indi-
vidual influence of our contributions. The initial average landmark displacement
was 10.6±7.5 mm. First, our method was applied using only a single layer of
supervoxels, similar to previous work on supervoxel matching. It yielded unsat-
isfactory results, as only the outer lung boundaries are aligned. Second, multiple
layers were used and the image-adaptivity of the supervoxels was substantially
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Fig. 5. Example of multi-modal fusion using the presented method. The sagittal and
axial planes of a CT/MRI scan pair are shown. The MRI scan is displayed with
greyscale intensities, while the CT scan is shown in pseudo-colours (red indicates high
intensities and blue low intensities). A clearly improved alignment can be seen after
deforming the CT scan with the estimated deformation field.

reduced (m = 2000) resulting in a very uniform clustering and a target regis-
tration error (TRE) of 4.72±3.5 mm. Figure 4 demonstrates the main problem
of this approach, which is similar to a traditional coarse-scale image represen-
tation. The motion field is smooth across the interface at which discontinuous
sliding motion occurs (see black arrows). Additionally small details (lung ves-
sels) are lost due to uniform smoothing, resulting in an inaccurate alignment of
them (see white circle). Third, our approach was tested using only intensity-
based similarity (α = 0 in Eq. 7), achieving a significant improvement and a
TRE of 2.87±1.9 mm. Finally, the shape similarity D̄ was included with a
weighting of α = 4

5 . Adding this structural image information, with negligible
computational complexity, has clear advantages to match fine image details and
further reduces the registration error to 1.94±1.3 mm. Figure 4 demonstrates
the accurate alignment of our approach and the well-preserved sliding motion at
the thoracic cage.

4.2 Multi-modal Fusion of MRI and CT Chest Scans

Additionally, we applied our method to five pairs of longitudinal diagnostic MRI
and CT scans from patients with lung diseases. The additional challenges here
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are lower scan quality in the MRI, large slice thicknesses of up to 8 mm, and
pathological changes. The volumes have been manually cropped to a similar field
of view (compensating global translation) and resampled to form isotropic voxels
of 2x2x2 mm3. The parameter settings were kept the same as before, except now
only the shape similarity criterion was used α = 1, since there is no direct relation
of intensities between CT and MRI. The number of supervoxels was set to 15000
as before, which resulted in a spacing of 7 voxels. The search space is defined to
be ±10 voxels in all dimensions. Figure 5 shows a successful multi-modal fusion
of MRI in greyscale with the deformed CT as pseudo-colour overlay. A small
number of anatomical landmarks (12 per scan) has been manually annotated by
a radiologist, this tasks, however, is very difficult and resulted in a large intra-
observer error (≥ 5mm). The landmark distance could be reduced significantly
(p =0.028) from 10.43±7.1 mm to 7.33±4.3 mm for this challenging fusion.

5 Conclusion

We have presented a novel concept for sparse image representation with applica-
tion to deformable registration and fusion. Using multiple layers of supervoxels,
each representing the grouped voxels with one constant intensity and motion vec-
tor, enables a very efficient piecewise smooth transformation model with very
low computational complexity. We have demonstrated that our approach is able
to deal well with complex lung motion containing both smooth deformations and
discontinuities. Our resulting TRE of 1.94 mm for the registration of inhale-
exhale CT compares favourable with the published results of [11] and [14], which
specifically address the challenge of sliding motion using a segmentation mask,
and achieve a TRE of 2.68 mm and 2.09 mm for these particularly challeng-
ing scan pairs (#6-10 of [2]). It is worth noting that they found similar results
(TRE 4.27 and 4.23 mm) when not using a lung segmentation compared to
our uniform clustering variant, which confirms the advantages of the presented
image-adaptive supervoxel clustering. Our second contribution, the formulation
of a binary shape representation based on the clusters as a similarity criterion,
improves accuracy of single-modal registration and enables multi-modal fusion.

While our results already demonstrate state-of-the-art performance for the
given tasks, further improvements are possible (e.g. by employing twice as many
layers of supervoxels, the TRE of the 4DCT registration is reduced to 1.75 mm –
at the cost of higher computational complexity). Making use of the symmetry of
the registration problem by enforcing inverse consistency would further improve
the robustness. The use of an optimisation strategy, which can include a larger
set of edges (e.g. loopy BP [3]) is likely to perform better. Rather than resampling
the scans to avoid large anisotropy of voxel-sizes, isotropic supervoxels could be
calculated directly using world instead of voxel coordinates. Finally, this con-
cept has potential use in many other image analysis tasks, such as probabilistic
segmentation and parameter map estimation.
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