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Abstract

the unknown image on the fly [18]. Either way, one needs
to combine the segmentation results obtained by referring
to different atlases to produce the final solution.
To combine segmentations, most label fusion techniques
implicitly assume that different atlases produce uncorrelated errors with respect to the target segmentation [13].
Under this assumption, according to the law of large numbers, errors produced by using any single atlas can be efficiently reduced when multiple atlases are used. Furthermore, when different atlases produce different segmentation accuracies, more efficiency can be achieved by assigning higher non-negative weights to atlases that are expected
to produce more accurate results. In this regard, image
similarity-based local weighting has been shown to be the
most accurate label fusion strategy [2, 21]. Although the uncorrelated error assumption significantly simplifies the label
fusion problem, it is often invalid in practice [9]. To address
this problem, our main contribution is to propose a regression technique for label fusion.
We apply our method to segment the hippocampus from
MRI and show significant improvements over similaritybased local weighting label fusion.

Automatic segmentation using multi-atlas label fusion
has been widely applied in medical image analysis. To simplify the label fusion problem, most methods implicitly make
a strong assumption that the segmentation errors produced
by different atlases are uncorrelated. We show that violating this assumption significantly reduces the efficiency of
multi-atlas segmentation. To address this problem, we propose a regression-based approach for label fusion. Our experiments on segmenting the hippocampus in magnetic resonance images (MRI) show significant improvement over
previous label fusion techniques.

1. Introduction
Atlas-based segmentation methods label an unknown
image by referring to a labeled image through deformable
registration. Due to its wide applicability, i.e., one can apply it to segment any anatomical structures by registering
it to an atlas, and the wide availability of registration tools,
atlas-based segmentation has been one of the most popular
techniques used in medical image analysis. As an extension,
multi-atlas based segmentation makes use of more than one
reference atlas to compensate potential errors imposed by
using any single atlas. As extensive empirical studies have
verified in the recent literature, e.g. [9, 2], it is more accurate than single atlas based segmentation.
Errors in atlas-based segmentation can be attributed to
dissimilarity in anatomy and/or appearance between the atlas and the target image. Recent research has been focusing
on addressing this problem. For instance, research has been
done on optimally constructing a single atlas from training
data that is the most representative of a population [11].
Constructing multiple representative atlases from training
data has been considered as well, and usually works better
than single-atlas based approaches. Multi-atlas construction can be done either by constructing one representative
atlas for each mode obtained from clustering training images [1] or by simply selecting the most relevant atlases for

2. Label fusion based multi-atlas segmentation
Atlas-based segmentation is motivated by the observation that segmentation strongly correlates with image appearance. A target image can be segmented by referring
to labeled images that have similar image appearance. Accordingly, an atlas contains a reference image and its segmentation. After registering an atlas’s reference image to
the target image via deformable registration, one can directly transfer labels from the atlas to the target image.
Segmentation errors produced by this method are mainly
due to registration errors, i.e. that the registration associates
wrong regions from an atlas to the target image. Under the
assumption that the segmentation errors produced by using
different atlases are uncorrelated, errors obtained from any
single atlas can be efficiently corrected when multiple atlases are used. For example, the majority voting method
[7, 12] simply counts the vote for each label from each registered atlas and chooses the label receiving the most votes.
Let 𝑇𝐹 be a target image and 𝐴1 = (𝐴1𝐹 , 𝐴1𝑆 ), ..., 𝐴𝑛 =
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(𝐴𝑛𝐹 , 𝐴𝑛𝑆 ) be 𝑛 registered atlases. 𝐴𝑖𝐹 and 𝐴𝑖𝑆 denote the 𝑖𝑡ℎ
warped atlas image and the corresponding warped manual
segmentation. The majority voting algorithm produces the
final segmentation 𝑇ˆ𝑆 by:
𝑇ˆ𝑆 (𝑥) = argmax𝑙∈{1...𝐿}

𝑛
∑

𝐼(𝐴𝑖𝑆 (𝑥) = 𝑙)

where 𝜎 and 𝛽 are model parameters.
To reduce the noise effect, one can spatially smooth the
weights for each atlas. In our experiment, we use mean filter
smoothing with the smoothing window 𝒩 , the same neighborhood used for computing the similarity-based weights.
After
∑𝑛smoothing, the weights are re-normalized s.t. for any
𝑥, 𝑖=1 𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥) = 1.

(1)

𝑖=1

where 𝑙 indexes through labels and 𝐿 is the number of labels. 𝑥 indexes through image pixels. 𝐼(⋅) is an indicator
function that outputs 1 if the input is true and 0 otherwise.
Majority voting makes a strong assumption that different atlases produce equal quality registrations for the target
image. To address this problem, recent work focuses on developing more accurate registration quality estimations. In
a broader context, most of these label fusion techniques can
be modeled under the maximum a posterior (MAP) inference framework [21]. The posterior label probability given
the target image can be estimated by:
𝑝ˆ(𝑙∣𝑇𝐹 , 𝑥) ≈

𝑛
∑

𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥)𝑝(𝑙∣𝐴𝑖 , 𝑥)

3. Problems raised by violating the assumption
of uncorrelated errors
Given a certain registration accuracy at location 𝑥, the
label posterior probability produced by any single warped
atlas can be modeled as obtained from the true label posterior probability plus some error [24], i.e.:
𝑝(𝑙∣𝐴𝑖 , 𝑥) = 𝑝(𝑙∣𝑇𝐹 , 𝑥) + ℬ(𝐴𝑖 , 𝑥) + 𝜖(𝐴𝑖 , 𝑥)

(5)

where ℬ(𝐴𝑖 , 𝑥) is the bias and 𝜖(𝐴𝑖 , 𝑥) is a zero-mean random error. Averaging over all registrations that produce the
same error distribution, the error produced by 𝐴𝑖 at 𝑥 can
be quantified by:
[(
)2 ]
= ℬ(𝐴𝑖 , 𝑥)2 +𝑉 (𝜖(𝐴𝑖 , 𝑥))
𝐸 𝑝(𝑙∣𝐴𝑖 , 𝑥) − 𝑝(𝑙∣𝑇𝐹 , 𝑥)
(6)
where 𝑉 is the variance of the random error. After combining multiple atlases, the combined error is:
]
[
2
𝐸 (ˆ
𝑝(𝑙∣𝑇𝐹 , 𝑦) − 𝑝(𝑙∣𝑇𝐹 , 𝑦))

(2)

𝑖=1

𝑝(𝑙∣𝐴𝑖 , 𝑥) is the label posterior probability defined by atlas
𝐴𝑖 . Typically, for deterministic atlases that have one unique
label for every image location, 𝑝(𝑙∣𝐴𝑖 , 𝑥) is 1 if 𝑙 = 𝐴𝑖𝑆 (𝑥)
and 0 otherwise. Continuous label posterior probability can
be used as well especially when probabilistic atlases are
involved. Even for deterministic atlases, continuous label
posterior probability still can be derived, see [21] for some
examples. 𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥) is the probability that atlas 𝐴𝑖 has
the correct label for 𝑇𝐹 at location 𝑥, which can be interpreted as a weight assigned to the atlas. As mentioned
above, this term mainly reflects the quality of registration.
One way to estimate this probability is based on local image similarity. When summed square distance (SSD) and a
Gaussian model is used [21], it can be estimated by:
∑ [
]2
𝑇𝐹 (𝑦) − 𝐴𝑖𝐹 (𝑦) /𝜎) (3)
𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥) ∼ 𝑒𝑥𝑝(−

=

𝑛
∑

𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥)2 𝐸

[(

𝑝(𝑙∣𝐴𝑖 , 𝑥) − 𝑝(𝑙∣𝑇𝐹 , 𝑥)

)2 ]

𝑖=1

+2

𝑛
∑

𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥)𝑝(𝐴𝑗 ∣𝑇𝐹 , 𝑥)ℬ(𝐴𝑖 , 𝑥)ℬ(𝐴𝑗 , 𝑥) (7)

𝑖,𝑗=1

The second term measures the error correlation between atlases. Under the assumption that the errors produced by
different atlases are uncorrelated, the correlation terms disappear. By properly assigning larger weights to better registered atlases, one can significantly reduce uncorrelated errors through label fusion. For instance, if all atlases produce
equal quality label probabilities with the same error 𝑒, applying uniform weights, 𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥) = 𝑛1 , produces the
combined error 𝑛1 𝑒.
In reality, segmentation errors produced by different atlases are often correlated. When the errors produced by two
atlases are negatively correlated, i.e. they tend to make opposite mistakes, their correlation term is negative. Combining them is even more effective in reducing errors. The
problem arises when the errors are positively correlated, i.e.
different atlases tend to make similar errors. Intuitively,
when several atlases produce the same wrong label, it is
easier for the wrong label to accumulate higher posteriors

𝑦∈𝒩 (𝑥)

where 𝒩 (𝑥) defines a neighborhood centered around 𝑥. In
our experiment, we use a cubic neighborhood definition,
specified by a radius 𝑟. The radius specifies the Manhattan
distance from the center of the cubic region, i.e. the voxel
being considered, to the neighborhood boundary. Hence, an
image patch contains (2𝑟 + 1)3 voxels. Note that the registration quality is estimated locally, which accommodates
nonuniform registration qualities over the entire image. The
inverse distance weighting has been applied to estimate this
term as well [2]:
⎤−𝛽
⎡
∑ (
)
2
𝑇𝐹 (𝑦) − 𝐴𝑖𝐹 (𝑦) ⎦
(4)
𝑝(𝐴𝑖 ∣𝑇𝐹 , 𝑥) ∼ ⎣
𝑦∈𝒩 (𝑥)
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𝐴 = [𝐴𝐹 ; (𝐴𝐹 )2 ] and 𝐴𝐹 = [𝑎1𝐹 , ..., 𝑎𝑛𝐹 ] is the matrix of
the local appearances from the registered atlases. 𝑎𝑖𝐹 is a
vector of size 𝑚 × 1 that stores the local image intensity
patch from 𝐴𝑖𝐹 . 𝑃𝑙 = [𝑝(𝑙∣𝐴1 , 𝑥); ...; 𝑝(𝑙∣𝐴𝑛 , 𝑥)] is the vector of the corresponding label posterior probabilities from
all atlases. When enough atlases are used, we can solve 𝛽
via linear least square fitting:

than the correct label, therefore causing errors. Theoretically, when different atlases tend to make similar errors,
their error correlation terms are positive, which increases
the combined error (see (7)). In the worst case, when all
error correlation terms are positive and are greater than the
error produced by the best single atlas, for the best label
fusion result, zero weights have to be applied to all atlases
except the best one. The multi-atlas method reduces to a
single-atlas approach.

𝛽 = (𝐴𝐴𝑡 )−1 𝐴𝑃𝑙

Note that the matrix 𝐴𝐴𝑡 has dimension 2𝑚 × 2𝑚. In practice, the number of atlases used are usually limited. For
instance, for small image patches with dimension 3 × 3 × 3
or 5 × 5 × 5, the patch size is usually greater than the number of atlases used for label fusion. In such cases, the matrix
does not have a full rank and the matrix inverse is not well
defined. To address this problem, we propose the following
approximation to implement the regression analysis.

4. Regression-based label fusion
When errors are positively correlated, simply combining atlases by assigning higher weights to better registered
atlases becomes inefficient. To address this problem, we
propose to estimate the posterior label probability through
regression.
Given the image appearance of a target image at a local
patch 𝒩 (𝑥), our goal is to estimate the label posterior distribution at 𝑥, i.e. 𝑝(𝑙∣𝑇𝐹 (𝒩 (𝑥))). This is a high dimensional
function of local appearance. Each registered atlas provides
one observed value for this function 𝑝(𝑙∣𝐴𝑖𝐹 (𝒩 (𝑥))) =
𝑝(𝑙∣𝐴𝑖 , 𝑥) at one data point 𝐴𝑖𝐹 (𝒩 (𝑥)). One common way
to estimate a function’s values at unobserved data points is
interpolation or regression analysis. Note that the image
similarity-based weighting methods can be interpreted as
applying the nearest neighbor interpolation [19]. However,
as we show above, nearest neighbor interpolation does not
properly handle correlated errors.
Since we work on high dimensional regression problems,
over-fitting is a key issue to be addressed. Hence, we study
low order polynomial regression for label fusion in this paper. To this end, we model the label posterior probability
as a second order polynomial function of image intensities
from the local patch:
∑ [
]
𝛽1𝑥 (𝑦)𝑇𝐹 (𝑦) + 𝛽2𝑥 (𝑦)𝑇𝐹2 (𝑦)
𝑝(𝑙∣𝑇𝐹 (𝒩 (𝑥))) =

𝑝(𝑙∣𝑇𝐹 (𝒩 (𝑥)))

(8)
and
are first order and second order weights,
respectively. Since the regression model is anatomy dependent, the regression weights may be different for different
locations. For a simple notation, we rewrite the equation:

≈
=

𝑡

(12)
𝑡

−1

𝑡

𝛽 𝐴(𝐴 𝐴) 𝐴 𝑇
[𝑃𝑙 ]𝑡 (𝐴𝑡 𝐴)−1 𝐴𝑡 𝑇

(13)
(14)

𝑛
∑

𝑤(𝑖)𝑝(𝑙∣𝐴𝑖 , 𝑥)

(15)

𝑖=1

Hence, as previous label fusion techniques, our regressionbased method applies weighted-voting as well. One main
difference is that the weights computed by our method
can be either positive or negative, while the weights used
by other similarity-based weighting approaches are nonnegative. When the errors produced by different atlases are
positively correlated, applying negative weights to some of
the atlases allows to cancel out the positively correlated errors between these negatively weighted atlases and other
positively weighted atlases, which results in smaller combined error (see equation (7)). Furthermore, most similarity
based weighting methods rely on some pre-selected weighting models, e.g. (3). The optimal model parameter, e.g. the

(9)

𝛽 = [𝛽1𝑥 (𝑦1 ); ...; 𝛽1𝑥 (𝑦𝑚 ); 𝛽2𝑥 (𝑦1 ); ...; 𝛽2𝑥 (𝑦𝑚 )] and 𝑇 =
[𝑇𝐹 (𝑦1 ); ...; 𝑇𝐹 (𝑦𝑚 ); 𝑇𝐹 (𝑦1 )2 ; ...; 𝑇𝐹 (𝑦𝑚 )2 ], where 𝑦𝑖 ∈
𝒩 (𝑥) for 𝑖 = 1, ..., 𝑚 and 𝑚 is the size of the local image patch 𝒩 (𝑥). 𝑡 stands for matrix transpose.
Using the observations obtained from the registered atlases, one can estimate 𝛽 by solving the following linear
equations:
𝛽 𝑡 [𝐴𝐹 ; (𝐴𝐹 )2 ] = 𝛽 𝑡 𝐴 = [𝑃𝑙 ]𝑡

𝛽𝑡𝑇

𝑝(𝑙∣𝑇𝐹 (𝒩 (𝑥))) ≈

𝛽2𝑥 (⋅)

𝑝(𝑙∣𝑇𝐹 (𝒩 (𝑥))) = 𝛽 𝑡 𝑇

=

(14) is obtained by substituting (10). When 𝑛 = 2𝑚,
𝐴(𝐴𝑡 𝐴)−1 𝐴𝑡 is an identity matrix. (14) gives the accurate solution. When 𝑛 < 2𝑚, (14) approximates the label
posterior probability via least square fitting. With this approximation, we transfer the problem of solving inverse of a
large matrix [𝐴𝐴𝑡 ]2𝑚×2𝑚 into solving inverse of a smaller
matrix [𝐴𝑡 𝐴]𝑛×𝑛 . If this smaller matrix is still near singular, one can add an identity matrix weighted by a small positive number 𝜆 to it. Adding a weighted identity matrix can
be interpreted as penalizing large weights that exploit correlations beyond some level of precision in the data sampling
process [20].
In (14), each registered atlas has one single weight computed by 𝑤𝑛×1 = (𝐴𝑡 𝐴)−1 𝐴𝑡 𝑇 , i.e.:

𝑦∈𝒩 (𝑥)

𝛽1𝑥 (⋅)

(11)

(10)
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standard deviation in the Gaussian model, is usually determined empirically. By contrast, our method automatically
determines the optimal weights.
To see that our approximation applies linear least square
fitting, note that 𝑤 is the linear least square fitting solution
of the following linear equations when 𝑛 < 2𝑚:
𝑛
∑

2

𝑤(𝑖)[𝐴𝑖𝐹 (𝒩 (𝑥)); 𝐴𝑖𝐹 (𝒩 (𝑥)) ] = [𝑇𝐹 (𝒩 (𝑥)); 𝑇𝐹 (𝒩 (𝑥))2 ]

𝑖=1

(16)

We compute weights such that both the original target image and its squared image can be linearly interpolated by the
warped atlas reference images and their squared images, respectively. In other words, the weighted local appearance of
the warped atlases center around the local appearance of the
target image. Since atlas-based segmentation relies on the
assumption that segmentations are strongly correlated with
appearances, putting the local target image at the center of
the weighted warped local atlas images can be interpreted
as an effort of putting the local segmentation of the target
image at the center of the weighted warped local atlas segmentations, therefore the weighted segmentation errors are
uncorrelated.

Figure 1. Illustration of label fusion on a toy example. The target
segmentation, 𝑇 , is shown on the top left corner, followed by five
registered atlases, 𝐴1 to 𝐴5 . For simplicity, we use binary label
posteriors and assume that the images have the same appearance
patterns as the segmentations. Error correlations are all positive,
indicating a strong positive correlation between the label errors
produced by the atlases. As a result, majority voting (MV) produces a result biased towards atlas 𝐴1 and 𝐴4 . Similarity-based
Gaussian weighting label fusion (LW) reduces to single-atlas segmentation, i.e. only the most similar atlas, 𝐴3 , has a non-zero
weight. To compensate the overall bias towards 𝐴4 , when linear
regression is applied, only 𝐴4 receives a negative weight to cancel out the consistent errors among all atlases. For LW and our
method, the atlas weights computed for the center pixel are also
used for non-center pixels in this example.

4.1. Error analysis
Since we attempt to model the relationship between image appearance and segmentation labels, the errors produced by our method can be categorized into two classes:
1) the appearance-label model selection error, i.e., the errors caused by employing the polynomial function to model
the appearance-label relationship and 2) the model fitting
error, i.e., the target image can not be perfectly represented
as a linear combination of the atlas reference images.
The model fitting errors usually can be alleviated by employing enough atlases for label fusion. The actual number
of atlases required for accurate model fitting depends on
the complexity of the appearance-label model. Typically,
more complex appearance-label models require more atlases. Hence, when limited atlases are used, to avoid significant model fitting errors one should use simple appearancelabel models, like ours. However, segmentation labels usually correlate to image appearances in a more ambiguous
fashion. Due to the factors such as the limitations in the
imaging process and employing local image appearance for
label fusion, most local appearance patterns may have more
than one plausible segmentation and vice versa. Under
these circumstances, the performance of our method also
depends on how well the polynomial model captures the relationship between appearances and segmentation labels.

the foreground label patterns of the target image and the
warped atlases on a local patch with size 3 × 3 have the
structures shown in Fig. 1. For simplicity, we consider deterministic atlases. The label posterior produced by each
atlas is either 1 or 0. The registration quality is assumed to
be constant within the patch. Furthermore, suppose that the
image appearances have the same patterns as the foreground
labels such that image appearances indeed linearly correlate
to segmentation labels.
The pairwise correlations of label posterior errors between the atlases are all positive, indicating a consistent bias
in the atlases. Also note that 𝐴1 and 𝐴4 have the largest
combined inter-atlas error correlations, indicating that they
contain the most common segmentation errors produced by
all atlases. As a result, the segmentation obtained from majority voting has a structure more similar to 𝐴1 and 𝐴4 , with
five mislabeled pixels. Due to the strong error correlation,
the optimal image similarity based weighting label fusion
approach reduces to the single-atlas based segmentation, i.e.
applying zero weights to all atlases except the most similar atlas 𝐴3 . Applying our regression technique, only atlas
𝐴4 receives a negative weight. This allows to cancel some

4.2. A toy example
Fig. 1 demonstrates applying our regression approach
to a toy example in 2D. In this binary segmentation problem, we have five atlases. After registration, suppose that
1116

of the consistent errors among all the atlases. Correspondingly, our method gives the best solution on this local patch
with two mislabeled pixels. Since the polynomial model accurately captures the appearance-label relationship for this
example, the errors are purely due to the model fitting error.

as a similarity-ranking based linear combination of the remaining images as follows:

4.3. Improving the robustness of model fitting

where 𝐹𝜋𝑗 (𝑖) is the 𝑖𝑡ℎ most similar image to 𝐹𝑗 from the
remaining images and 𝜋 𝑗 (1), ..., 𝜋 𝑗 (𝑛) is a permutation of
1, ..., 𝑗 − 1, 𝑗 + 1, ..., 𝑛 + 1.
Under this formulation, each image provides a set of
linear constraints for solving the weights 𝑤. Simultaneously solving all these linear equations produces the desired weights. The main advantage of employing similarityranking based weights is that it significantly increases the
training data through a cross validation process, therefore
the results are less sensitive to noises.

𝐹𝑗 =

Similarity-ranking based regularization

Note that our regression approach represents the target image as a linear combination of the registered atlas images. It
is reasonable to expect that the atlases whose reference images are more similar to the target image will contribute differently from those whose reference images are less similar
to the target image. Such similarity-ranking based weighting strategy has been explored in the classifier combining
literature, [10, 16]. To alleviate the over-fitting problem, we
propose to accommodate this prior knowledge to regularize
our regression weights. To this end, we rewrite equation
(16) as follows:
𝑇 =

𝑛
∑

𝑤(𝑖)𝐴𝜋(𝑖)

𝑤(𝑖)𝐹𝜋𝑗 (𝑖)

(18)

𝑖=1

Since we face a high dimensional regression problem,
the computed weights may be sensitive to outliers/noises
caused by registration errors. In this section, we propose
two techniques to reduce the model fitting error.
4.3.1

𝑛
∑

4.3.2

Reducing extrapolation via local searching

When the warped atlas images are scattered around the target image, the target image is located within the reference
range defined by the atlases. The posterior label distribution can be reliably estimated via interpolating label distributions obtained from the atlases. When the warped atlases are strongly biased, most warped atlases deviate from
the target segmentation in a consistent way and the target image may be completely outside the reference range.
Our method is more akin to extrapolation. Extrapolation
is based on a strong assumption that the fitted regression
model is still valid outside the reference range defined by
the training samples. Hence, extrapolation is usually more
prone to errors than interpolation. To alleviate such unreliability caused by extrapolation, we propose to use the most
similar image patches from each atlas for label fusion.
Note that the goal of image-based registration is to correspond the most similar image patches between the registered images. However, the correspondence obtained from
registration may not give the maximal similarity between all
corresponding regions. For instance, deformable image registration usually needs to balance the image matching constraint and the regularization prior on deformation fields.
A global regularization constraint on the deformation fields
is necessary to clarify the ambiguous appearance-label relationship arising from employing small image patches for
matching. However, enforcing a global regularization constraint on the deformation fields may compromise the local
image matching constraint. In such cases, the correspondence that maximizes the appearance similarity between the
warped atlas and the target image may be within a small
neighborhood of the registered correspondence.
Motivated by this observation, instead of using the original registered correspondence, we propose to remedy the
risk of extrapolation by searching for the correspondence,

(17)

𝑖=1

where 𝜋(1), ..., 𝜋(𝑛) is a permutation of 1, ..., 𝑛. 𝐴𝜋(𝑖) =
𝜋(𝑖)
𝜋(𝑖)
[𝐴𝐹 (𝒩 (𝑥)); (𝐴𝐹 (𝒩 (𝑥)))2 ] is the appearance vector
of the 𝑖𝑡ℎ most similar atlas to the target image 𝑇 =
2
[𝑇𝐹 (𝒩 (𝑥)); 𝑇𝐹 (𝒩 (𝑥)) ], measured by SSD. Now, the regression weights assigned to atlases are associated with
their similarity rankings.
To estimate these similarity-ranking based weights,
again we use the atlases. Since all atlases are registered
to the same target image, these registrations also establish the pairwise correspondence between the atlases via
the target image. Hence, the image patches 𝑇𝐹 (𝒩 (𝑥)) and
𝐴𝑖𝐹 (𝒩 (𝑥)) for 𝑖 = 1, ..., 𝑛 all represent the same anatomy
structure. Following the logic that one can estimate the label
posterior probability for the target image using the atlases,
given the label posterior probability of the target image, we
should be able to regress the label posterior probability for
any atlas using the target image and the remaining atlases as
well. For this purpose, we still need represent the warped atlas reference image as a linear combination of the target image and the remaining warped atlas reference images. For a
simpler notation, let the appearance vectors of the target image and the warped atlases be represented by 𝐹1 , ..., 𝐹𝑛+1 .
Similar to equation (17), any image 𝐹𝑗 can be represented
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that gives the most similar appearance matching, i.e. minimal SSD distance, within a small neighborhood centered
around the registered correspondence in each atlas. The locally searched optimal correspondence is:

For cross-validation evaluation, we randomly select 20
images to be the atlases and another 20 images for testing.
Image guided registration is performed by the Symmetric
Normalization (SyN) algorithm implemented by ANTS [3],
which was a top performer in a recent evaluation study [14],
between each pair of the atlas reference image and the testing image. The cross-validation experiment is repeated 10
times. In each cross-validation experiment, a different set
of atlases and testing images are randomly selected from
the ADNI dataset.
We focus on comparing with similarity-based local
weighting methods, which are shown to be the most accurate label fusion methods in recent experimental studies,
e.g. [2, 21]. We use majority voting (MV) and the STAPLE algorithm [23] to define the baseline performance. For
each method, we use binary label posteriors obtained from
the deterministic atlases. For similarity-based label fusion,
we apply Gaussian weighting (3) (LWGau) and inverse distance weighting (4) (LWInv).
Our method has two parameters, 𝑟 for the local appearance window used in regression analysis, 𝑟𝑠 for the local
searching window used in reducing the risk of extrapolation. For each cross-validation experiment, the parameters are optimized by evaluating a range of values (𝑟 ∈
{1, 2, 3, 4}; 𝑟𝑠 ∈ {0, 1, 2, 3}) using the atlases in a leaveone-out cross-validation strategy. We measure the average
overlap between the automatic segmentation of each atlas
obtained via the remaining atlases and the reference segmentation of that atlas, and find the optimal parameters that
maximize this average overlap. Similarly, The optimal local searching window and local appearance window are determined for LWGau and LWInv as well. In addition, the
optimal model parameters are also determined for LWGau
and LWInv, with the searching range 𝜎 ∈ [0.05, 0.1, ..., 1]
and 𝛽 ∈ [0.5, 1, ..., 10], respectively.
For robust image matching, instead of using the raw image intensities, we normalize the intensity vector obtained
from each local image intensity patch such that the normalized vector has zero mean and unit variance. To reduce the
noise effect, we spatially smooth the weights computed by
each method for each atlas. We use mean filter smoothing with the smoothing window 𝒩 , the same neighborhood
used for local appearance patches.
Fig. 2 shows some parameter selection experiments for
LWGau in the first cross-validation experiment. The results
are quantified in terms of Dice overlaps [6] between automatic and reference segmentations of the atlases. The Dice
overlap between two regions, 𝐴 and 𝐵, measures the vol2∣𝐴∩𝐵∣
. For this cross-validation exume consistency as ∣𝐴∣+∣𝐵∣
periment, the optimal parameters for LWGau are 𝜎 = 0.05,
𝑟=2, 𝑟𝑠 = 2. Note that local searching only slightly improves the performance for LWGau. Similar results are observed for LWInv as well.

[
]2
(19)
𝑥𝑖 = argmin𝑥′ ∈𝒩 ′ (𝑥) 𝐴𝑖𝐹 (𝒩 (𝑥′ )) − 𝑇𝐹 (𝒩 (𝑥))
𝑥𝑖 is the location from 𝑖𝑡ℎ warped atlas with the best image matching for location 𝑥 in the target image within the
local area 𝒩 ′ (𝑥). Again, we use a cubic neighborhood definition, specified by a radius 𝑟𝑠 . 𝒩 ′ and 𝒩 may represent
different neighborhoods and they are the only free parameters in our method. Instead of the registered corresponding
patch 𝐴𝑖 (𝒩 (𝑥)), we apply the searched patch 𝐴𝑖 (𝒩 (𝑥𝑖 ))
to produce the fused label ∑
at 𝑥 for the target image, i.e.
𝑛
𝑖
𝑖
𝑖
𝑖
(2) becomes 𝑝ˆ(𝑙∣𝑇𝐹 , 𝑥) ≈
𝑖=1 𝑝(𝐴 ∣𝑇𝐹 , 𝑥 )𝑝(𝑙∣𝐴 , 𝑥 ).
Note that a similar local searching technique was recently
proposed by [5] to reduce noise effects for similarity-based
local weighting label fusion.
With more similar data for regression, the local searching can significantly reduce the risk of extrapolation. In
this regard, larger searching neighborhoods are more desirable. However, using larger local searching windows
also compromises the regularization prior on the deformation fields. This drawback makes the appearance-label relationship more ambiguous on local patches, resulting greater
model selection errors. Hence, avoiding model-fitting errors and avoiding model-selection errors can not be satisfied simultaneously. It is reasonable to expect an optimal
searching range that balances these two factors.

5. Experiments
In this section, we apply our method to segment the
hippocampus using T1-weighted MRI. The hippocampus
plays an important role in memory function. Macroscopic
changes in brain anatomy, detected and quantified by magnetic resonance imaging (MRI), consistently have been
shown to be predictive of Alzheimer’s disease (AD) pathology and sensitive to AD progression [22]. Accordingly, automatic hippocampus segmentation from MR images has
been widely studied.
We use the data in the Alzheimer’s Disease Neuroimaging Initiative (ADNI, www.loni.ucla.edu/ADNI). Our study
is conducted using 3 T MRI and only includes data from
mild cognitive impairment (MCI) patients and controls.
Overall, the data set contains 139 images (57 controls and
82 MCI patients). The images are acquired sagitally, with
1 × 1 mm in-plane resolution and 1.2 mm slice thickness.
To obtain manual segmentation, we first apply a landmarkguided atlas-based segmentation method [17] to produce the
initial segmentation for each image. Each fully-labeled hippocampus is manually edited by one of the authors following a previously validated protocol [8].
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Figure 2. Visualizing some of the parameter selection experiments
for LWGau using leave-one-out on the atlases for the first crossvalidation experiment. The figures show the performance of LWGau with respect to the Gaussian weighting function (left), local
appearance window (middle) and local searching window (right),
respectively when the other two parameters are fixed (the fixed
parameters are shown in the figure’s title).
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0.836±0.084
0.846±0.086
0.886±0.027
0.885±0.027
0.892±0.025

0.829±0.069
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0.875±0.030
0.873±0.030
0.882±0.028

afford larger local searching windows. Note that applying larger appearance windows yields smoother local appearance similarity variations, therefore results in smoother
local weights for label fusion. Over-smoothing the local
weights for label fusion by using larger local appearance
windows reduces the label fusion accuracy.
Table 1 shows the results produced by each method.
Overall, LWGau and LWInv produce similar results, both
significantly outperform majority voting and the STAPLE
algorithm. Our method outperforms similarity based local weighting approaches by 0.7% of Dice overlap, which
is substantial because when segmenting from scratch, our
manual rater produces average intra-rater segmentation
overlap of 0.90. Our improvement is statistically significant as well, with 𝑝 < 0.0001 on the paired Student’s t-test
for each cross-validation experiment. Fig. 4 shows some
segmentations produced by LWGau and our method.

0.888

0

left

MV
STAPLE
LWGau
LWInv
LWReg

Table 1. Results in terms of Dice overlap produced by each
method.

ours, r=1
ours, r=2
ours, r=3
ours, r=4

0.894

method

3

Local searching radius (rs)

Figure 3. Leave-one-out performance by our method on the atlases
for the first cross-validation experiment when different appearance
and searching windows are used.

For our regression-based label fusion, we apply a conditioning identity matrix with weight 𝜆=0.01. Fig. 3 shows
the performance of our method when applied on the atlases
in a leave-one-out fashion in the first cross-validation experiment. Comparing to LWGau, local searching yields more
improvement for our method. Most improvement is obtained by applying searching windows with 𝑟𝑠 = 1. This
result indicates that by using more similar patches for regression, local searching significantly reduces the risk of
extrapolation. Overall, our method produces ∼ 1% Dice
improvement over LWGau and LWInv on the atlases in this
cross-validation experiment.
As discussed above, although using larger local searching neighborhoods reduces the chance of extrapolation, it
also increases the ambiguity in the appearance-label relationship. For small image patches with 𝑟 = 1, the
appearance-label relationship is the most ambiguous. Good
appearance matchings using small patches do not necessarily indicate good label matchings. Applying larger local
searching windows makes the appearance-label relationship
even more ambiguous. Hence, using large local searching windows with 𝑟𝑠 > 1 significantly reduces the performance. Using larger image patches reduces ambiguity
in the appearance-label relationship, i.e., good appearance
matchings using large patches are more likely to indicate
good label matchings. Hence, using larger patches we can

image

LWGau

LWReg

Figure 4. Sagittal views of hippocampus segmentations produced
by LWGau and our method. Red: manual; Blue: automatic; Pink:
overlap between manual and automatic segmentation.

Comparing to the state of the art [4, 5, 15] present the
highest published hippocampus segmentation results. All
these methods are based on similarity-based local weighting label fusion. The experiments in [4, 5] are conducted
in a leave-one-out strategy on data set containing 80 control subjects. They report average Dice overlaps of 0.887
and 0.884 respectively. For controls, we produce Dice overlap of 0.896 ± 0.021. [15] uses a template library of 55
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atlases. However, for each test image, both the original
image and its flipped mirror image are used. Hence, [15]
effectively uses 110 atlases for label fusion. [15] reports
results in Jaccard index (𝐽𝐼(𝐴, 𝐵) = ∣𝐴∩𝐵∣
∣𝐴∪𝐵∣ ) for the left
side hippocampus of 10 controls, 0.80 ± 0.03, and 10 MCI
patients, 0.81 ± 0.04. Our results for the left hippocampus
are 0.820 ± 0.033 for controls and 0.795 ± 0.042 for MCI
patients. Overall, using significantly fewer atlases, we produce results compare favorably to the state-of-the-art.

[9]

[10]

[11]

6. Conclusions

[12]

We proposed a regression-based label fusion technique.
Unlike previous image similarity based local weighting
techniques, our method does not assume that the segmentation errors produced by different atlases are uncorrelated.
To ensure robust regression in high dimensional space, we
proposed a similarity-ranking based regularization technique and a local searching technique. To validate our
method, we conducted segmentation experiments on a hippocampus segmentation problem. In our experiment, our
method significantly outperformed the state of the art label
fusion technique, the similarity-based local weighting label
fusion method. Using significantly fewer atlases, our hippocampus segmentation results still compare favorably to
the state of the art in published work.

[13]
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