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Abstract. Most registration algorithms, such as Demons [1], align two
scans by iteratively finding the deformation minimizing the image dissim-
ilarity at each location and smoothing this minimum across the image
domain. These methods generally get stuck in local minima, are neg-
atively impacted by missing correspondences between the images, and
require careful tuning of the smoothing parameters to achieve optimal
results. In this paper, we propose to improve on those issues by choos-
ing the minimum from a set of candidates. Our method generates such
candidates by running the registration algorithm multiple times vary-
ing the setting of the smoothing and the image domain. We iteratively
refine those candidates by fusing them with the outcome of alternative
approaches and locally adapting the smoothing parameters. We imple-
ment our algorithm based on Demons [1] and find alternative minima via
manifold learning [2]. Compared to those two methods, our 600 pairwise
registrations of cardiac MRIs significantly better handle the large shape
variations of the heart and the different field of views captured by scans.
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1 Introduction

General-purpose registrations, such as [1], model deformable image alignment as
a problem of finding the (local) minimum of an energy function. The accuracy of
the search is sensitive to the setting of the optimization method, which commonly
assumes one-to-one correspondence between moving and target scan. Scans, such
as cardiac MRI (see Fig. 1), often vary with respect to the anatomy captured
in their field of view as well as the shape of the anatomy, such as the heart. It
is thus difficult to find the optimal setting for methods off-line. In this paper,
we address this shortcoming of existing tools by refining their solution to the
minimization problem through iteratively fusing the results of multiple searches.

Applications relying on non-rigid registration, such as atlas-based segmen-
tation, contain various coping mechanisms for these issues. The most common
technique is to crop the scan to a specific region, such as in skull stripping, before
refining registration. Accurate cropping is only reliable for certain areas, such
as brain MRI, but even then generally requires manual editing. Alternatively,
researchers register scans multiple times or from multiple subjects and then fuse
the aligned label maps [3].
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(a) Moving (b) Fixed (c) Demons (d) FLOOR

Fig. 1. (c) shows the result of Demon aligning (a) to (b). The artifacts shown in (c)
are caused by missing correspondences. FLOOR’s output (d) much better matches (b).

These mechanisms are less beneficial when directly analyzing deformations,
such as in [4]. Here, the optimal registration setting is often determined via
cross validation [5] hoping the results during training translate to new scans. This
assumption generally does not hold for heterogeneous populations. Alternatively,
graphical models find the global instead of a local minimum [6]. The accuracy of
these methods suffers from the discretization of the deformation map. Finally,
manifold learning [2,7] improves registration by decomposing the problems into
a set of simpler registration tasks. The accuracy of these methods depends on
the size of the training data as well as the accuracy of the solutions to those
simpler tasks. To address the first issue, manifolds are created for image parcels
instead of the entire domain[8,9]. Our proposed method, called Fusing Locally
Optimal Registrations (FLOOR), is a first attempt to advance these learning
techniques with respect to the second issue by iterating between improving the
tasks’ solutions and refining the corresponding manifolds. To the best of our
knowledge, FLOOR is also the first method to improve deformation maps (and
not aligned segmentations as in [3]) by fusing the outcome of several registrations.

FLOOR improves the accuracy of a registration by iteratively reducing the
corresponding minimum based on a set of local optima, called candidates. At
each iteration, FLOOR generates candidates by applying the registration with
different smoothing settings to various parcels of the image and including the
outcome of alternative methods, such as manifold learning. It improves the min-
imum by fusing the candidates, i.e. selecting the deformation at each voxel that
minimizes the energy function. Note, all candidates are local minima of the en-
ergy function but differ in the degree of flexibility, the parcel they are defined
on, and the way they were generated. The approach converges to a smooth de-
formation map after the selection process does not improve candidates.

FLOOR addresses many of the previous issues as it draws from multiple
searches, contains the influence of missing correspondences to parcels instead
of the entire domain, and adapts the stiffness locally and online. If we include
Manifold Learning based Deformation maps (MLD)[2] in the candidate set, the
corresponding manifolds are also likely to be improved at each iteration as they
are trained on refined pairwise registrations. Our implementation of FLOOR
demonstrates this by fusing the results of Demons[1] with MLD. We register
600 pairs of cardiac MRIs. FLOOR not only significantly improves the result of
Demons, such as in Fig. 1, but also of MLD trained on the entire domain.
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2 Fusing Deformation Maps

Non-linear registration approaches generally define the best mapping between
two images F andM as the spatial transformation s that minimizes Sim(F,M◦s),
the dissimilarity between the aligned images, while being smooth according to
the regularizer Reg(s). In other words, s minimizes the energy function

E(s) � Sim(F,M ◦ s) + 1

σ2
Reg(s), (1)

where σ controls the flexibility of the deformation andE(·) is defined with respect
to the image domain Ω. We now briefly review the Demons algorithm [1], which
finds a local minimum for a specific instance of this equation. We then derive
FLOOR, which iteratively refines those results by spatially varying σ, confining
E(·) to parcels and fusing them with alternative deformation maps.
Demons: The method defines both terms of Eq. 1 with respect to L2-norm || · ||,
where Sim(F,M ◦ s) � ||(F −M ◦ s)||2 and Reg(s) � ||�s||2. The algorithm
determines the local minimum s of E(·) by iteratively minimizing for s and an
approximation of s, called c, according to

E(s, c) �
∑

x∈Ω

(
||F (x) −M(x+ c(x))||2 + ||c(x) − s(x)||2 + 1

σ2
||�xs||2

)
. (2)

�xs is the gradient of s at x. Given s, it first updates c at each voxel x ∈ Ω:

c(x)←arg min
t(x)∈R3

||F (x) −M(x+ t(x))||2 + ||t(x)− s(x)||2, (3)

which has a closed form solution. Keeping c fixed, the methods updates s by
applying c to a Gaussian kernel K(σ) with the width depending on σ, i.e.

s← K(σ) � c. (4)

The algorithm iterates between Eq. 3 and Eq. 4 until convergence.

FLOOR: Demons assumes the degree of stiffness of the deformation controlled
by σ and the error measured by Sim(·, ·) is uniformly defined across the do-
main Ω. The method also does not improve the results once it converges to a
local optimum. These assumptions generally reduce Demons accuracy when, for
example, missing correspondences in one region impact the deformation in the
remaining image domain. FLOOR drops these assumptions by iteratively fusing
and improving the results of Demons based methods (see Algorithm 1).

FLOOR drops the assumption of the uniform stiffness across Ω by replacing σ
in Eq. 2 with σ(·), a smoothly varying map. At each voxel x ∈ Ω, σ(·) is confined
to a small range S, such as S = [0.5, 4.5] . Given that σ(·) should be specific to
the corresponding image pair, we assume that our approach is initialized with a
set of candidates C � {C1, . . . , CM} where each candidate Ci � (ci, σi) consists
of a deformation map ci that minimizes Eq. 2 for the specific smoothing map
σi. We furthermore assume that all of those candidates are close to the true
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deformation s and smoothing map σ(·). Thus, ||ci(x) − s(x)||2 ≈ 0 in Eq. 2 so
that we omit the term in Eq. 3 and improve the estimate of c(·) at x ∈ Ω via

(c′(x), σ′(x))← arg min
Ci∈C

||F (x) −M(x+ ci(x))||2. (5)

If we assume that σ′(x) is constant in close proximity of x, i.e. is locally smooth,
then c′(x) is equal to s(x). To enforce smoothness, we first compute σ′(·) over
Ω and then smooth σ′(·) similar to Eq. 4 via σ̂ ← K(γ) � σ′ with γ being
the smoothing parameter specific to the smoothing map. Next, we replace the
Gaussian kernel in Eq. 4 with one whose width at x ∈ Ω is defined by σ̂(x):

s(x)← K(σ̂(x)) �x c′. (6)

where �x is the convolution at x. We call this process fusing deformation maps.
Next, we drop the assumption of misalignment being uniformly accounted for

across the domain Ω by fusing candidates, who are optimal solutions with re-
spect to specific image parcels. Specifically, we first parcellate Ω into overlapping
regions O � {Ω1, . . . , ΩN} so that Ωi ⊂ Ω, Ωi∩(O\{Ωi}) �= ∅, and ∪Ni=1Ωi = Ω.
If we now replace Ω in Eq. 2 with Ωi then the deformation map s of Eq. 4 is
also only defined for Ωi and not impacted by the mismatches between the images
outside of Ωi. We then create the candidates of C by applying Demons to Eq.
2 confined by samples taken from O and the smoothing interval S. Now fusing
those candidates according to Eq. 5 and Eq. 6 results in a deformation map over
Ω that is the minimum solution with respect to maps defined on overlapping
parcels instead of the entire image domain. Unlike the original outcome of Eq.
4, the impact of missing correspondences on s are thus locally confined.

Finally, we incorporate in FLOOR deformation maps from other registration
algorithms, which are initialized by the current set C. An example of such an
algorithm is MLD[2]. We apply MLD to each collection of candidates, which
register a group of images using the same smoothing setting and parcel. For
each set, MLD encodes the manifold as a kNN graph with each node representing
an image and the weight of the edges between nodes defined by the similarity
measure of Eq. 5. MLD’s solution to Eq. 2 is then based on the manifold’s
geodesic path from M to F . The “geodesic” deformations are added to C and
s is updated according to Eq. 5 and Eq. 6. We then learn the manifold based
on the new set of s defined over the group of images. We repeat the process
of updating s and the manifold until convergence. Note, the algorithm has to
converge as each iteration reduces the minimum of Eq. 5.

By improving the pairwise registrations, we also expect the accuracy of the
manifolds to be improved. FLOOR thus address an issue of current manifold
learning techniques, whose accuracy depend on the initial, pairwise registrations,
by iteratively fusing pairwise with manifold-based deformation maps. This idea
applies to many other registration algorithms. The fusing of deformation maps
as proposed by FLOOR is simple as long as one can first find the minimum
locally and then modify the corresponding deformation map to comply with
global constraints.
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Algorithm 1. Fusing Locally Optimal Registrations(S,O)

Create a set of candidates C by running Demons varying σ ∈ S and Ω ∈ O

repeat
STEP 1: Train MLDs for a set of images based on C. Add the results to C

STEP 2: Find the best candidate (c′, σ′) according to Eq. 5 and smooth σ′

STEP 3: Update s via Eq. 6 and add to C

until s converges

3 Experiments on Cardiac MRI Dataset

We analyze the accuracy of FLOOR on the pairwise registrations of 25 cardiac
MRIs at end-diastole. We measure the accuracy for the 600 registrations (25×24)
by the Dice score [10] between the aligned and corresponding manual segmenta-
tions of the right ventricle blood pool (RV), the left ventricle myocardium (MY)
and blood pool (LV) (see Fig. 2(a)). RV and LV have similar intensity patterns
and MY is relatively thin. Thus, the Dice score with respect to these structures
is a good indicator for the quality of deformations. For comparison, we measure
the accuracy of different implementations of FLOOR.

Data Set: The set consists of short-axis MRIs at end-diastole of 15 healthy and
10 Tetralogy of Fallot (TOF) subjects. Registering these scans is difficult due to
missing correspondences, low image quality, and the irregular ventricular shapes
of TOF hearts (see Fig. 1). The resolution of each scan is 1.25× 1.25× 8mm3.
To speed up registration, we crop scans to 12 slices showing the ventricles and
120× 120 inplane voxels centered at the heart. Scans are bias corrected [11] and
linearly aligned to a template [12]. Finally, an expert segmented LV, RV and MY
in each scan via [13]. Note, these maps are only used for the Dice computation.

Parameters: Parameters of FLOOR are the parcellationO, the set of smoothing
parameters S, and the size K of the neighborhood of the kNN graph generated
by MLD. Out of convenience, we parcellate the scans into 3× 3× 2 overlapping
parcels as shown in Fig. 2(b). Each parcel is of size 55 × 55 × 7 voxels with
the overlapping regions shown in red and blue. The set of smoothing widths is
S = {0.5, 1.5, 2.5, 3.5, 4.5} as Demons achieves the highest overall accuracy for
σ = 2.5. Note, we now refer to σ as the actual width of the Gaussian kernel of
Eq. 4 and not the weight of Eq. 2, which indirectly defines σ. Thus, the larger σ
the less flexible the resulting deformation. Finally, we choose K = 10, which is
double the neighborhood size of the thinnest connected kNN graph.

Implementations: As a baseline, we apply Demons [1] to the entire image
with fixed σ = 2.5 and train MLD on the resulting 600 pairwise registrations
(called GMLD). Next, we run Algorithm 1 omitting Step 1, i.e. not generating
candidates via MLD. Specifically, we fuses the outcome of Demons applied to the
entire image domain with the different smoothness parameter σ of S (sDemon),
applied to the different parcels of O but with fixed σ = 2.5 (pDemon), and by
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(a)Segmentation (b)Parcels (c)Fused Deformation (d)Smoothing Map

Fig. 2. (a) Expert segmentation (LV: white, RV: light grey, MY: dark grey) of Fig.
1(b). (b) The image is divided into 3 × 3 × 2 parcels with the colors indicating the
number of overlapping parcels. (c) shows the y-displacement of the fused deformation
map and (d) the smoothing map (σ(·)) generated by FLOOR. Both maps are smooth.

running Demons with different σ as well as on different parcels (fDemon). Finally,
we run FLOOR as specified in Alg. 1. pFLOOR applies Demons and learns a
MLD for each of the parcels of O with fixed σ = 2.5 . fFLOOR applies Demons
and learns a MLD for different smoothing setting as well as parcels. It also learns
a new MLD based on the updated (600) deformations until convergence.

Comparison: We now review Table 1, which lists each implementation’s av-
erage Dice score (Avg) and standard deviation (std), denoted by Avg ±std%,
across all pairwise registrations for each structure and across structures, i.e. 600
×3 scores. Note, we call improvements significant if the p-value is below 1% for
the unpaired t-test of the scores of two implementations across all image pairs.

Out of all implementations, GMLD received the lowest score (72.9%), which
was slightly lower than Demons. The decrease in accuracy indicates that the
neighborhood size K was too small. Increasing K did not greatly improve the
score until we set it close to 25, which means that every image pair is directly
connected, i.e. the results are equivalent to Demons. An alternative explanation
for the low score of GMLD is the number of training samples (25), which was
too small to properly learn the manifold over the entire image domain. This is
a common problem in medical imaging [8,9] and a motivation behind FLOOR.

The score increases by simply fusing the results of Demons, when run with
different smoothing parameters (sDemon). There is significant improvement for
pDemon and fDemon, who both apply Demons to different parcels. These results
indicate that for our data set the overall accuracy of Demons is mostly impacted
by missing correspondences in the background and not the uniform smoothness
setting of the deformation map. The way our approach addresses this problem
is by running Demons on different parcels so that not all of the results are
corrupted by the same missing correspondences during the fusion process (Step
2 in Algorithm 1). The corruption free maps most likely will be chosen over the
corrupted ones resulting in a more accurate registration.

Finally, the scores further improve when including MLDs such as for pFLOOR
vs. pDemon. Unlike for GMLD, whose manifold is based on the entire image
domain, the training set is now large enough to properly learn the manifold for
specific parcels. fFLOOR receives the highest average scores with 77.9 % after
the first iteration and converges to 79.2 % after three iterations. This score is
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(a) Demons (b) GMLD (c) fDemon (d) fFLOOR

Fig. 3. Average across 24 binary maps of MY aligned to Fig. 1(b) with (d) being best

Table 1. Average and standard deviation of Dice scores of 600 registrations for each
individual structure and across all 3 structures. fFLOOR achieves the highest scores

GMLD Demon sDemon pDemon fDemon pFLOOR fFLOOR

LV 84.9 ± 0.07 85.3 ± 0.06 86.5 ± 0.06 88.3 ± 0.04 88.6 ± 0.04 88.7 ± 0.04 89.7 ± 0.04

MY 58.6 ± 0.11 59.7 ± 0.10 58.0 ± 0.09 65.1 ± 0.08 64.4 ± 0.08 65.8 ± 0.08 68.1 ± 0.08

RV 75.2 ± 0.09 75.8 ± 0.09 76.5 ± 0.09 78.5 ± 0.08 78.9 ± 0.08 79.1 ± 0.08 79.7 ± 0.08

ALL 72.9 ± 0.14 73.6 ± 0.13 73.7 ± 0.13 77.3 ± 0.11 77.6 ± 0.11 77.9 ± 0.12 79.2 ± 0.11

significantly better than fDemon. Thus, manifold learning really improves the
results of FLOOR as it provides alternative candidates that locally minimize
Demons energy function. Furthermore, fFLOOR produces smooth deformation
and smoothing maps as also shown in Fig. 2(c-d). The smooth deformation
maps indicate that our method correctly fuses the different candidates produced
by fFLOOR. The variation in the smoothing width map support our claim that
optimal regularization parameter differ across the image. We end the comparison
noting that fFLOOR was significantly better than the state of the art represented
by 5.6 % improvement over Demons and 6.3 % over GMLD.

Our findings based on the average Dice score also translates to the scores of the
individual structures. Most noticeable are the differences of the implementations
with respect to MY, for which the average score of fFLOOR was 68.1% which
is 3.7% higher than fDemon, 8.4% higher than Demons, and 9.5% higher than
GMLD. The MY is smaller than RV and LV so that the Dice score is most
sensitive to deformation errors. This is also reflected by the average maps shown
in Fig. 3. The maps are the results of aligning 24 cases to the scan of Fig. 1 (b)
and then applying the deformations to the corresponding MY segmentations.
The map produced by fFLOOR shows the least amount of variation across the
24 aligned segmentations. The map of fDemon varies a little bit more but far
less than the maps of Demons and GMLD. These results further confirm our
intuition behind FLOOR that iteratively fusing the deformation maps of pairwise
registration with parcel-specific manifolds further improves registration.

4 Conclusion

We derived FLOOR, an algorithm for improving registrations by fusing mul-
tiple solutions to the corresponding minimization problem. FLOOR generated
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such solutions, called candidates, by applying known methods, such as Demons,
varying the regularization and registration regions. FLOOR can also include can-
didates from other methods, such as MLD, in an iterative fashion. Compared
to those original methods, the 600 pairwise registrations of cardiac MR scans of
FLOOR were much more accurate in dealing with the large shape variations of
the heart and the difference in the field of views across scans. We expect similar
results when adapting FLOOR to other registration methods and scans.
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