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Abstract. Multi-atlas segmentation has been widely applied in medi-
cal image analysis. This technique relies on image registration to transfer
segmentation labels from pre-labeled atlases to a novel target image and
applies label fusion to reduce errors produced by registration-based label
transfer. To improve the performance of registration-based label transfer
against registration errors, our first contribution is to propose a label
transfer scheme that generates multiple warped versions of each atlas
to one target image through registration paths obtained by composing
inter-atlas registrations and atlas-target registrations. The problem of
decreasing quality of warped atlases caused by accumulative errors in
composing multiple registrations is properly addressed by an atlas selec-
tion method that is guided by atlas segmentations. To improve the perfor-
mance of label fusion against registration errors, our second contribution
is to integrate the probabilistic correspondence model employed by the
non-local mean approach with the joint label fusion technique, both of
which have shown excellent performance for label fusion. Experiments
on mitral-valve segmentation in 3D transesophageal echocardiography
(TEE) show the effectiveness of the proposed techniques.

1 Introduction

Label fusion based multi-atlas segmentation has been widely applied in medical
image analysis. This technique applies deformable image registration to establish
one-to-one correspondence between each pre-labeled training image, called an at-
las, and a novel target image. Then, the segmentation label is transferred to the
target image by warping each atlas based on the correspondence. Each warped
atlas provides one candidate segmentation for the target image. To reduce seg-
mentation errors produced by registration-based label transfer, label fusion is
applied to combine all candidate segmentations into a consensus segmentation.

As empirical studies [1,13] have shown, the performance of multi-atlas segmen-
tation usually can be improved when the number of applied atlases increases.
However, generating atlases with high quality segmentation is time consuming
and labor intensive. Hence, atlases that can be applied in practice are often
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very limited. Under such circumstances, how to effectively apply limited atlases
for optimal segmentation performance is an important problem. To address this
problem, our main contribution is to propose techniques that allow more effective
label transfer and more accurate label fusion.

Most existing multi-atlas segmentation techniques register and warp each atlas
to a target image only once. If the registration fails, the information provided by
the atlas for segmenting the target image may be completely wasted. Since any
single registration may be unreliable, one natural solution to make the solution
more robust to registration failures is to generate multiple registrations and
warps for each atlas.

To address this problem, [7] proposed an atlas propagation approach that
warps each atlas to a novel target image through other novel target images.
To generate multiple warped versions of each atlas for a target image, multiple
registration paths obtained by composing registrations between different novel
target images are applied. Although this approach significantly improves single
atlas segmentation performance [7], the requirement for inter-target registrations
makes it computationally expensive.

To make the idea of atlas propagation through various registration paths more
practical and more effective, our first contribution is to propose warping each
atlas to a target image through registration paths obtained from composing inter-
atlas registrations. This approach has two key advantages: 1) Since inter-atlas
registrations can be computed off-line, this approach does not increase on-line
registration burden. 2) Since the manual segmentation of each atlas is known, it
allows an atlas segmentation guided atlas selection method, which can reliably
detect and remove poor quality warps obtained through composing inter-atlas
registrations.

To fuse the warped atlases, we apply local weighted voting with the joint la-
bel fusion technique [17]. Unlike most other label fusion techniques, which rely
on the assumption of independence between atlases, joint label fusion explicitly
incorporate correlations between atlases in label fusion. As shown in [17], joint
label fusion performed better than label fusion with independent voting weight
estimation. To further improve the performance of joint label fusion against
registration errors, our second contribution is to integrate the probabilistic cor-
respondence model employed by the non-local mean approach, which has proven
to be highly effective for addressing image registration related uncertainties [5,2],
into the joint label fusion approach.

For validation, we apply our method to mitral valve segmentation in 3D trans-
esophageal echocardiography (TEE) and compare with the original joint label
fusion approach. We show that our atlas propagation approach and the enhanced
joint label fusion approach produce significant improvements.

2 A Bayesian View for Multi-atlas Segmentation

First, we give a brief overview for multi-atlas segmentation. Let A = {A1 =
(A1

F , A
1
S), ..., A

n = (An
F , A

n
S)} be n independently constructed atlases, where Ai

F
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is an atlas image and Ai
S is the atlas segmentation. For a target image TF , its

segmentation, TS , can be estimated using the atlases as follows:

p(TS |TF ,A) =

∫
D

p(TS |TF , D)p(D|TF ,A)dD (1)

where D = (DF , DS) is one feasible warp of the atlases into the native space of
TF . DF and DS denote the warped atlas image and the corresponding warped
atlas segmentation, obtained by performing deformable image registration be-
tween one atlas to the target image. p(D|TF ,A) is the probability of observing
the warped atlas D given the target image TF and the atlas set A. One common
way to estimate this probability is based on image similarity between the warped
atlas image and the target image over local patches, under the assumption that
high similarities indicate high probabilities of observing the warps.

Due to the uncertainty in image registration, each atlas may generate multiple
feasible warps for one target image. However, most work only produces one
warp for each atlas, where the warped atlas is often generated by a maximum
a posterior (MAP) registration result produced by some registration algorithm.
Under the assumption that the posterior distribution of feasible warps produced
by one atlas is narrowly peaked around its maximum, this approach usually
can give reasonable solutions when the registration algorithms can reliably find
the MAP solution. However, when the assumption is invalid or the registration
algorithm works poorly, only using the MAP registration warp produced by one
registration algorithm may be inadequate.

By contrast, since the Bayesian approach requires to marginalize over all fea-
sible warped atlases, it is more robust against any single registration failures.
This advantage can be crucial for applications such as mitral valve segmentation
in ultrasound images addressed in this paper, where reliable image registrations
are hard to generate due to poor image quality and large motion induced defor-
mations. Although computing all feasible warped atlases is intractable, it is still
beneficial if multiple feasible warps can be generated for each atlas. In the next
section, we discuss some possible solutions to address this problem.

3 Sampling Strategies for Registration-Based Label
Transfer

3.1 Sampling with Different Registrations

One way to generate additional independently warped atlases using a fixed atlas
set is by applying different registration algorithms with different parameter set-
tings to compute the registrations for warping each atlas. The main limitation
of this approach is that the computational cost for image registration increases
linearly with the number of warped atlases. Given the fact that multi-atlas seg-
mentation is already one of the most computationally expensive segmentation
techniques due to the requirement for one registration between each atlas and a
target image, further increasing registration costs will make this technique less
practical.
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3.2 Atlas Propagation through Various Registration Paths
Obtained from Composing Registrations

As discussed in the introduction, warping one atlas to a target image through
various registration paths constructed by composing registrations is an efficient
approach for generating multiple warps for each atlas because each registration
can be utilized in multiple registration paths for generating new warps. [7] first
applied this idea through composing inter-target registrations and showed its
effectiveness. To make the idea more practical and more effective, we propose to
generate multiple warps through composing inter-atlas registrations.

Let φi→T be the diffeomorphic map between atlas i and a target image com-
puted by some registration algorithm. We call warped atlases obtained from
such single registrations first-order warps. Let φi→j be the estimated diffeo-
morphic map from atlas i to atlas j. Then the composed diffeomorphic map
φi→j→T = φi→j ◦φj→T gives a correspondence map from atlas i to T as well. We
call the warped atlases obtained from composing two independent registrations
second-order warps. Similarly, higher-order warps can be produced from com-
posing lower-order warps, e.g. φi→j→k→T = φi→j ◦ φj→k→T for i �= j �= k �= i.

Advantages. Since pairwise registrations among the atlases can be computed
offline, one advantage is that it can significantly increase the number of warped
atlases without substantially increasing the online computational burden, as only
the registrations from each atlas to the target image are required. Furthermore,
in some cases, high-order warps may improve the accuracy of the warped atlas.
Typically, image registration can be more reliably done when the deformations
between two images are small. When the deformations are large, registration
is more likely to fail. One approach to address this problem is to decompose a
large deformation into a series of small deformations [8]. As shown in [18,4,12],
high-order atlas propagation is one way to achieve this goal. When each of the
first-order registrations required for warping one atlas to a target image can
be reliably estimated, high-order warps obtained by composing these first-order
registrations may produce a more accurate warp than the one obtained from
directly registering the atlas to the target image (see Fig. 1 for one example).

Limitations. Since generating high-order warps requires composing multiple
independently estimated registrations, errors produced in estimating these reg-
istrations will accumulate in the composed solution. Hence, it is reasonable to
expect that high-order warps should overall produce less accurate candidate seg-
mentations than low-order warps.

For demonstration, we conducted an empirical study to quantitatively
measure the segmentation accuracy produced by first and second-order atlas warp-
ing. We used one set of 10 atlases used in our mitral valve segmentation experi-
ments (data description in section 5). We computed pairwise deformable image
registration between each pair of the atlases, from which each atlas was warped
to each of the remaining 9 atlases through first-order and second-order warping.
Fig. 2(a) shows the distribution of segmentation accuracy produced by first-order
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Fig. 1. Atlas warping through inter-atlas registration for mitral valve segmentation in
3D transesophageal echocardiography, shown in the septolateral plane of the valve. The
anterior and posterior leaflets are in red and green, respectively. Directly registering
atlas A1 to the target image produces a low quality warp due to large deformations.
However, since the registration between A1 and A2 and the registration between A2

and T can be done more accurately, warping A1 to T through A2 produces a more
accurate warp than directly warping A1 to T .

and second-order warping, respectively. It clearly shows that second-order warp-
ing produces less accurate segmentations than first-order warping.

Atlas selection guided by atlas segmentations. To make label fusion more reliable
with high-order warps, we propose an atlas selection technique that is capable of
removing most of the low quality warped atlases. Since the ground truth segmen-
tation of the target image is unknown, it is difficult to quantitatively estimate
the registration accuracy in the final warped atlases. However, since the manual
segmentation of each intermediate atlas is known, it is possible to quantitatively
evaluate the quality of intermediately warped atlases. For instance, let atlas j be
the last propagating atlas before warping atlas i to a target image. Let Di→j

S be
the segmentation obtained from propagating atlas i’s segmentation to atlas j.
Note that Di→j

S may or may not be obtained through high-order warping. Under
the assumption that the segmentation of atlas i and atlas j are different only due
to random effects in producing manual segmentation, the overlap between the
manual segmentation of atlas Aj and Di→j

S is a good indicator of accumulative
errors for propagating atlas i to atlas j. We measure the Dice similarity coeffi-
cient (DSC) [6] for each label between Di→j

S and Aj
S and compute the average

DSC over all labels. Then a threshold can be applied to remove those atlases
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Fig. 2. Distribution of segmentation accuracy produced by first-order atlas warping
(a) and second-order atlas warping (b) for the mitral valve segmentation problem. (c)
shows the results of second-order warping with atlas segmentation guided atlas se-
lection with a threshold of average Dice similarity coefficient (DSC)=0.5 (see text in
section 3 for more detail). For this mitral valve segmentation problem, reliable image
registrations are hard to generate. The average DSC produced by first-order warping is
0.328. The average DSC produced by second-order warping without/with atlas selec-
tion is 0.209/0.285, respectively. Atlas segmentation guided atlas selection significantly
improves the overall quality of the warped atlases produced by second-order warping.

that propagate poorly. Fig. 2 shows that this approach can significantly improve
the overall quality of high-order atlas warps.

4 Label Fusion

We apply local weighted voting with the joint label fusion algorithm [17] to fuse
warped atlases. Comparing to other label fusion methods, the key advantage
of joint label fusion is that it explicitly considers atlas correlations to reduce
bias in the atlas set. To improve the performance of joint label fusion against
registration errors, we adopt the probabilistic correspondence model employed
by the non-local mean approach to improve the estimation accuracy of atlas
correlations. For self completeness, we briefly summarize the joint label fusion
approach below.

4.1 Joint Label Fusion

Joint label fusion models segmentation errors produced by each warped atlas as
TS,l(x) = Di

S,l(x)+δi(x). TS,l(x), D
i
S,l(x) ∈ {0, 1} are the observed votes for label

l produced by the target image and the ith warped atlas, respectively. Hence,
δi(x) ∈ {−1, 0, 1} is the observed label difference. The correlation between the
segmentation errors produced by any two atlases at location x are captured
by a dependency matrix Mx, with Mx(i, j) = p(δi(x)δj(x) = 1 | TF , D

i
F , D

j
F )

measuring the probability that atlas i and j produce the same label error for
the target image. The expected label difference between the consensus solution
obtained from weighted voting and the target segmentation is:
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Eδ1(x),...,δn(x)

[
(TS,l(x) −

n∑
i=1

wi
xD

i
S,l(x))

2 | TF , D
1
F , ..., D

n
F

]
= wt

xMxwx (2)

where wi
x is the voting weight for atlas i at location x and t stands for transpose.

To minimize the expected label difference, the optimal voting weights can be

solved by wx =
M−1

x 1n

1tnM
−1
x 1n

, where n is the number of warped atlases and 1n =

[1; 1; ...; 1] is a vector of size n.

4.2 Robust Estimation of Pairwise Atlas Correlations

To estimate the pairwise atlas dependency matrix Mx, [17] applies an image
similarity based model over local patches as follows:

Mx(i, j) ∼ 〈|Di
F (N (x)) − TF (N (x))|, |Dj

F (N (x)) − TF (N (x))|〉β (3)

where |Di
F (N (x)) − TF (N (x))| is the vector of absolute intensity difference be-

tween a warped atlas and the target image over a local patch N (x) centered at
x and 〈·, ·〉 is the dot product. β is a model parameter.

To make the estimation more robust against registration errors, [17] applies
a local search algorithm to find the patch from each warped atlas within a
small neighborhood Ns(x) that is the most similar to the target patch in the
target image. Under the assumption that more similar patches are more likely
to be correct correspondences, instead of the original corresponding patches in
the warped atlases, the searched patches are applied for label fusion. However,
since image similarities over local patches are not always reliable indicators of
registration errors, the searched most similar patch may still give an incorrect
correspondence. To address the unreliability in choosing any single candidate
corresponding patch for label fusion, we propose to consider all feasible corre-
sponding patches. We achieve this goal by integrating the non-local mean patch-
based label fusion technique [5,2], which is shown to be effective for handling
the unreliability in determining the correct correspondence, into the above atlas
correlation estimation method (3).

First, a probability model is applied to represent the correspondence between
each warped atlas and a target image. For each voxel x in the target image, the
probability that a voxel xi in the warped atlas i is the correct corresponding
voxel is estimated by:

p(xi|x,Di
F , TF ) =

{
1
Zi

x
e−

‖Di
F (N(xi)−TF (N(x)))‖22

σ if xi ∈ Ns(x);

0 otherwise,
(4)

where a Gaussian model is applied to transfer image similarity into a probability
measure. In our experiments, we normalize the intensity vector obtained from
each local image intensity patch, such that the normalized vector has zero mean
and a constant norm and σ is fixed to be 0.1. Zi

x is a normalization factor.
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Combining this probability correspondence representation model and the patch-
based atlas correlation model in (3), we estimate the probability that two atlases
produce the same segmentation error for the target image by:

Mx(i, j) ∼
∑

xi∈Ns(x)

∑
xj∈Ns(x)

p(xi|x,Di
F , TF )p(x

j |x,Dj
F , TF )

〈|Di
F (N (xi))− TF (N (x))|, |Dj

F (N (xj))− TF (N (x))|〉β (5)

In comparison to the local search algorithm, the key difference in (5) is that
each patch within the searching area are considered as a potential match, but
weighted by the estimated probability of being the correct match. Hence, it is
more robust to the errors produced by the hard decision made by selecting the
correspondence based on local image similarities.

5 Experiments

We apply our approach to segment the mitral valve in 3D transesophageal
echocardiography (3D TEE). The mitral valve supports physiologically normal
cardiac function by maintaining unidirectional blood flow across the left heart.
Common valve diseases, such as ischemic and degenerative mitral regurgita-
tion, are associated with pathological alterations in mitral leaflet and annular
morphology. 3D examination of these morphological abnormalities, which vary
substantially between individuals, is critical to the diagnosis and personalized
surgical treatment of mitral valve disease. 3D TEE is the most practical imaging
modality for 3D mitral valve assessment in the operating room and has been
effectively used in both research and clinical settings to visualize and quantify
mitral leaflet and annular geometry in vivo [11,15,16]. Segmentation of the mitral
valve from 3D TEE is crucial for quantitative assessment.

Three new methods are proposed in this paper, which include atlas prop-
agation through composing inter-atlas registrations (AP), atlas segmentation
guided atlas selection (AS) and non-local mean based robust atlas correlation
estimation (NL). To evaluate the performance of each proposed method, in ad-
dition to the overall performance produced by combining the three components,
we also evaluated the effectiveness of each component. The tested methods in-
clude LWJoint-NL, LWJoint-AP, LWJoint-AP-AS, LWJoint-AP-AS-NL, where
the method’s name shows how different methods are combined. In our experi-
ments, we only included first and second-order warps for AP. For atlas segmen-
tation guided atlas selection, since the empirical study on atlases in Fig. 2.(c)
shows that a threshold 0.5 average DSC can effectively remove most poor quality
warped atlases, we fixed the threshold to be 0.5 average DSC.

Data Acquisition and Manual Segmentation. Twenty patients undergo-
ing cardiac surgery were imaged pre-operatively using real-time 3D TEE. This
cohort included 6 subjects with normal mitral valve anatomy and function, and
14 subjects with mild to severe mitral valve disease. All studies were performed
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after induction of general anesthesia and before initiation of cardiopulmonary
bypass. Electrocardiographically gated full-volume images were acquired with
the iE33 platform (Philips Medical Systems, Andover, MA) using a 2 to 7 MHz
transesophageal matrix-array transducer over four consecutive cardiac cycles.
The frame rate was 17 to 30 Hz, and the imaging depth was 12 to 16 cm. From
each subject’s data series, 3D TEE images of the mitral valve at mid-diastole
were selected for analysis. These 3D TEE images were exported in Cartesian
format (224×208×208 voxels), with an approximate isotropic resolution of 0.6
to 0.8 mm. The 20 images selected for analysis were uploaded to ITK-SNAP [19],
an open source software package for medical image segmentation. An expert ob-
server manually segmented the anterior and posterior leaflets in their entirety,
associating the two leaflets with separate labels.

Experimental Setup. For cross-validation evaluation, we randomly selected
10 images to be the atlases and the other 10 images for testing. Each atlas was
registered to each test image, as well as to each other atlas. Global registration
was performed using the FSL FLIRT tool [14] with 12 degrees of freedom and
using the default parameters (normalized mutual information similarity metric;
search range from -5 to 5 in x, y and z). Deformable registration was performed
using the ANTS Symmetric Normalization (SyN) algorithm [3], with the cross-
correlation similarity metric (with radius 2) and a Gaussian regularizer with σ =
3. The cross-validation experiment was repeated 10 times. In each experiment,
a different set of atlases and test images were randomly selected. The results
reported below are averaged over the 10 experiments.

The baseline performance is produced by joint label fusion (LWJoint) without
high-order warps. As described in section 4, LWJoint has three free parameters:
r, the radius of the local appearance window N used in similarity-based Mx

estimation; rs, the radius of the local searching windowNs; and β, the parameter
used for estimating atlas correlation in (3). For each cross-validation experiment,
the parameters are optimized by exhaustive search among a range of values in
each parameter (r ∈ {1, 2, 3} ; rs ∈ {0, 1, 2, 3}; β ∈ {0.5, 0.75, ..., 2}) using
the atlases in a leave-one-out strategy. We measure the average DSC between
the automatic segmentation of each atlas obtained via the remaining atlases
and the manual segmentation of that atlas, and find the optimal parameters
that maximize this average DSC. For the 10 cross-validation experiments, the
most frequently selected parameters are (r,rs,β)=(2,3,1). The same parameters
selected for LWJoint were also applied for other LWJoint-based methods.

For more comprehensive comparison, we also produced results by majority vot-
ing (MV), image similarity based local weighted voting with the inverse weighting

model wi
x = 1

Z(x)exp
(
−∑

y∈N (x)

[
Di

F (y)− TF (y)
]2

/σ
)
(LWInverse) [1,10] and

the Gaussian weighting model wi
x = 1

Z(x)

(∑
y∈N (x)

[
Di

F (y)− TF (y)
]2)−β

(LW-

Gaussian) [13]. The weighting model parameters, σ and β, are optimized along
with r and rs using the atlases through the leave-one-out strategy as well.
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Table 1. The performance of mitral valve segmentation in terms of Dice similarity
coefficient produced by each method

method anterior leaflets posterior leaflets

MV 0.348±0.229 0.250±0.187

LWInverse 0.573±0.144 0.422±0.172

LWGaussian 0.576±0.159 0.411±0.183

LWJoint 0.609±0.157 0.453±0.179

LWJoint-NL 0.616±0.150 0.464±0.174

LWJoint-AP 0.615±0.150 0.468±0.176

LWJoint-AP-AS 0.619±0.131 0.482±0.164

LWJoint-AP-AS-NL 0.623±0.126 0.490±0.158

Results. Table 1 summarizes the performance of each automatic segmentation
method. The results are given in DSC between manual segmentation and auto-
matic segmentation. Due to the large mitral valve deformations across different
subjects and high noises in the TEE images, most warped atlases produced by
image registration are in low qualities. Hence, the results produced by MV have
low accuracy. Image similarity based local weighted voting produced significantly
better segmentation accuracy than MV. Among the three baseline local weighted
voting methods, LWJoint produced the best results.

Overall, each of the three methods proposed in this paper produced promi-
nent improvements. The non-local mean based robust atlas correlation estima-
tion technique consistently improved the accuracy of LWJoint with/without
high-order atlas warps. The overall improvements produced by combining the
three methods, i.e. LWJoint-AP-AS-NL, over LWJoint are statistically signif-
icant, with p<0.05 on the paired Students t-test. Fig. 3 shows some results
produced by LWJoint and the full proposed method.

To report the mean surface distance between manual and automatic segmen-
tation, for each voxel on one segmentation surface, we search for the closest
voxel on the other segmentation surface and calculate the Euclidean distance
between them. To make the measurement symmetric, the point-to-surface dis-
tance is calculated in two directions, from the automatic segmentation to manual
segmentation surfaces and vice versa, and the average distance is taken as the
final measurement for surface distance. When the mitral valve segmentation is
evaluated as a whole, the average surface distances produced by MV, LWInverse,
LGaussian, LWJoint and LWJoint-AP-AS-NL are 3.84 mm, 2.07 mm, 1.86 mm,
1.66 mm and 1.52 mm, respectively.

In the literature, [9] is the only existing work addressing fully automatic mi-
tral valve segmentation. This work is based on discriminative learning and model
fitting and was evaluated through a three-fold cross-validation on a set of 1516
TEE volumes. The mean point-to-surface distance between reference segmen-
tation and automatic segmentation is 1.54 mm, which is comparable to that
produced by our full method. However, we only used 10 training images, which
is significantly fewer than those used in [9].
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manual LWJoint LWJoint-AP-AS-NL

Fig. 3. Mitral valve segmentation. The anterior and posterior leaflets are shown in
red(bright) and green(gray) in automatic(manual) segmentation, respectively.

6 Conclusions and Discussion

To improve the performance of label fusion based multi-atlas segmentation, we
proposed a robust label transfer technique that can efficiently generates multiple
warps for each atlas through registration paths obtained from composing inter-
atlas registrations. To address the potential risk caused by accumulative errors
in composing multiple registrations, we also proposed an atlas selection method
that is guided by atlas segmentations to remove poorly warped atlases. To im-
prove the performance of joint label fusion, we proposed a new technique for
robust estimation of atlas correlations. The proposed methods were validated
in a mitral valve segmentation problem using 3D transesophageal echocardio-
graphy and produced significant improvements over the state of the art label
fusion algorithm. Using significantly fewer manually labeled images for train-
ing, our mitral valve segmentation accuracy is also comparable to previous fully
automatic mitral valve segmentation work.

In our current experiments, we only included second-order atlas warps for
label fusion and we used a fixed threshold for atlas segmentation guided atlas
selection. In future work, higher-order warps will be included. A study on the
impact of the threshold choice on the performance will be studied as well.
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