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a b s t r a c t
Accurate and automatic segmentation of the hippocampus plays a vital role in the diagnosis and treatment of nervous system diseases. However, due to the anatomical variability of different subjects, the
registered atlas images are not always perfectly aligned with the target image. This makes the segmentation of the hippocampus still face great challenges. In this paper, we propose a robust discriminative label
fusion method under the multi-atlas framework. It is a patch embedding label fusion method based on
conditional random ﬁeld (CRF) model that integrates the metric learning and the graph cuts by an integrated formulation. Unlike most current label fusion methods with ﬁxed (non-learning) distance metrics,
a novel distance metric learning is presented to enhance discriminative observation and embed it into the
unary potential function. In particular, Bayesian inference is utilized to extend a classic distance metric
learning, in which large margin constraints are instead of pairwise constraints to obtain a more robust
distance metric. And the pairwise homogeneity is fully considered in the spatial prior term based on
classiﬁcation labels and voxel intensity. The resulting integrated formulation is globally minimized by the
eﬃcient graph cuts algorithm. Further, sparse patch based method is utilized to polish the obtained segmentation results in label space. The proposed method is evaluated on IABA dataset and ADNI dataset for
hippocampus segmentation. The Dice scores achieved by our method are 87.2%, 87.8%, 88.2% and 88.9%
on left and right hippocampus on both two datasets, while the best Dice scores obtained by other methods are 86.0%, 86.9%, 86.8% and 88.0% on IABA dataset and ADNI dataset respectively. Experiments show
that our approach achieves higher accuracy than state-of-the-art methods. We hope the proposed model
can be transferred to combine with other promising distance measurement algorithms.
© 2021 Elsevier B.V. All rights reserved.

1. Introduction
As we all known, hippocampus plays a vital role in human
brain. It has been found that the hippocampus is associated with a
variety of brain neural diseases, including Alzheimer’s disease (AD),
geriatric depression, etc. [1]. Different diseases have various degrees of atrophy. For example, patients with AD have signiﬁcant
atrophy in the CA1 and ERC sub-regions of hippocampus, while in
elderly patients with depression, the volume of SUB and CA2 subregions decrease notably. Early detection of changes in the hippocampus is essential for the early prevention and diagnosis of
neural diseases. Hence, the automatic and accurate extraction of
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hippocampus from Magnetic Resonance (MR) images has become
a pivotal task in medical image analysis [2,3].
Due to the irregular shape of the hippocampus and the blurred
boundary with surrounding tissues, the automatic and accurate
segmentation of the hippocampus is a challenging task. The earliest segmentation of speciﬁc anatomical structures is achieved by
expert manual labeling. But there are long-term and error-prone
defects, which limit the application of manual marking in big data
[4–6]. Therefore, the automatic segmentation of MR images has
become a hot topic in medical image analysis. Recently, multiatlas segmentation (MAS) method receives broad attention as its
good performance in medical image segmentation [7–12]. The MAS
method, which integrates the prior knowledge of medical atlas into
the segmentation process and then combines with the eﬃcient label fusion algorithm, can obtain a quite accurate segmentation re-
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sult on brain MR images. Typically, the MAS method consists of
two main steps: (1) atlas image registration, and (2) label fusion
[13]. Speciﬁcally, in the ﬁrst step, the target image and each candidate image are spatially converted into the identical space to build
a spatial correspondence [14,15]. Then in the label fusion step, the
labels from different atlas images are fused to obtain the ﬁnal estimation of the target image [16–18].
In the study of MAS, many scholars work on labeling methods to improve the segmentation performance [19–29]. Since the
anatomical variability of various subjects, there are different degrees of registration errors between atlas images and target image.
However, appropriate label fusion strategies can effectively reduce
the impact of the unavoidable registration error. The existing label
fusion methods for medical image segmentation can be roughly divided into three categories: voting-based labeling methods, patchbased labeling methods, and deep learning-based labeling methods. Majority voting (MV) is one of the widely used voting-based
label fusion methods [19]. It assigns the same weight for all atlas.
There are also other techniques such as STAPLE, which estimates
the weights by rater statistics [20,21]. However, these approaches
are based on one assumption that there is a voxel-to-voxel correspondence between the atlas image and the target image. It makes
the segmentation results sensitive to the registration errors. The
non local patch-based labeling method (PBM) [22] can solve this
problem. In PBM, voting weights are computed between the target image patch and atlas patches in a ﬁxed search region. More
recently, sparse patch-based method (SPBM) shows improved robustness and accuracy of segmentation results. In this approach,
candidate atlas patches with sparse constraints are applied to obtain the weight of the target patch [6,23,24]. Some approaches are
also proposed based on PBM/SPBM to improve the accuracy and
robustness. For example, AR+LKSRC method constructs a probabilistic atlas of deep structures by registration and applies a sparse
representative classiﬁer to reﬁne results around boundaries [25].
There is also another framework that can improve the discriminative power in patch-based label fusion by a manner of using neural
networks to calculate patch embeddings [21]. An appealing aspect
is that deep learning methods can automatically learn high level
features of images through manual design or automatic search of
neural networks. However, the memory complexity of training limits the number of atlases which can be effectively used for segmentation. For example, a correlation method uses only 5 atlas
images for each target image by using convolutional neural networks [21,26]. By contrast, in brain MR image segmentation, usually around 10 atlases are used [27,28]. So we focus on patch-based
label fusion method under multi-atlas framework. It is worth noting that a formula is integrated to embed the patch into the CRF
model in our work.
In the literature, most existing PBM methods [19–28] adopt a
predeﬁned distance metric model to measure the intensity-based
similarity between target patch and atlas patches. This kind of similarity measure can not effectively characterize statistical distributions of image intensities [29]. For example, patches with similar
intensity values may be compatible with different segmentation
labels [30,31]. To alleviate this drawback, a robust discriminative
label fusion method under MAS framework is proposed. Instead of
a pre-ﬁxed distance metric model, a novel metric learning is integrated into CRF model with the graph cuts to enhance the discriminative observation. Furthermore, to fully make use of the prior information of the multi-atlas, SPBM method is adopted to polish
the obtained segmentation in label space. The proposed method
achieves more accuracy segmentation results. The main contributions are as follows:

The proposed method adopts the resampling algorithm in the
coarse registration stage. Compared with rigid registration, resampling does not require any iterative optimization process to
achieve rough alignment between each candidate image and
the target image. Thereby the computational cost is reduced
compared with classical “coarse-ﬁne” registration stage.
(2) A robust discriminative multi-atlas label fusion method is proposed. It is a patch embedding segmentation method on the
basis of CRF model, which integrates distance metric learning
and graph cuts. Speciﬁcally, Bayesian theorem is adopted to extend the classical distance metric learning and large margin
constraints are exploited instead of pairwise constraints. Compared with the ﬁxed (non-learning) distance metrics, it can obtain a more robust distance metric. This well-designed learning
metric is adopted to model the unary potential function of CRF.
The spatial prior term fully considers the pairwise homogeneity of two adjacent nodes and is used in the pairwise potentials
function of CRF. Both parts can enhance the discriminative observations, so this method potentially improves the segmentation performance of the hippocampus.
(3) Furthermore, considering the label map with rich prior information is not fully used, we reﬁne the segmentation results based on SPBM method. In this approach, candidate label patches with sparse constraints are applied to obtain the
weight of the initial segmentation patch. Compared with stateof-the-art methods, the proposed approach can obtain more accurate hippocampal segmentation results.
The rest of the paper is arranged as follows. The fast “coarseﬁne” hybrid registration method and the proposed robust discriminative multi-atlas label fusion method are presented in Section 2;
Section 3 describes the experimental results for the hippocampus segmentation; The discussion and conclusions are given in
Section 4 and Section 5 respectively.

2. Materials and methods
MAS aims to achieve the segmentation of the target subject
by fully utilizing multiple sets of atlas grayscale images and their
corresponding label maps. The proposed segmentation scheme is
based on MAS and involves four main steps: (1) MR images preprocessing, (2) “coarse-ﬁne” hybrid registration, (3) label fusion
based on our robust discriminative multi-atlas label fusion method
and (4) reﬁne segmentation by SPBM in label space. Fig. 1 shows
a ﬂowchart of the proposed overall robust multi-atlas label fusion
method.
When analyzing the structure of the brain, many factors can
interfere with image segmentation, such as the background, the
brain shell, and the gray unevenness of the image. Therefore, it
is essential to pre-process the primitive MR images before segmenting the hippocampus. In our work, skull stripping, N4-based
bias ﬁeld correction and intensity standardization are performed,
thereby standardizing the strength range of experimental data, so
that the subsequent processing can be carried out smoothly. In our
method, 8 most similar MR images are selected for each target
subject from the data set based on the mutual information (MI)
measurement. Then, each candidate image is registered with the
target image by the proposed fast “coarse-ﬁne” hybrid registration.
Next, based on the registered atlases, the target label is inferred by
the proposed robust discriminative multi-atlas label fusion (RDLF)
method. Furthermore, SPBM method is adopted to reﬁne the segmentation results in label space (RRDLF), so as to fully use the
prior information of atlases. The speciﬁc details will be introduced
in the following sections.

(1) A fast “coarse-ﬁne” hybrid registration method is presented
to alleviate the high computational cost of image registration.
2
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Fig. 1. Flow chart of the proposed hippocampus segmentation scheme. The proposed segmentation scheme involves four main steps: (1) MR images preprocessing, (2)
“coarse-ﬁne” hybrid registration, (3) label fusion based on our robust discriminative multi-atlas label fusion method and (4) reﬁne segmentation by SPBM in label space.

Fig. 2. Schematic of resampling. After resampling, the origin, spacing, and size of the input image are changed to become the same as the reference image.

2.1. A fast “Coarse-ﬁne” hybrid registration

to the output pixel will be calculated by inserting values around
the non-integer IR in the input image. By traversing each point in
the reference image, the input image is resampled to the template
space. Thus the problem of inconsistency of space sampling points
between atlas image and the target image is adjusted.
Unlike rigid registration, the resampling operation makes the
atlas images have the same isotropic sampling rate as the reference image, while there is no complicated iterative optimization
process. Meanwhile, the size and center of each candidate image is regulated to be consistent with the target image. Thus, the
roughly alignment can be achieved in a faster way. In order to increase the speed of MAS and reduce the impact of other anatomical structures on hippocampus segmentation, here we deﬁne the
region of interest for the anatomic structure as the smallest bounding box, which contains the research structure (left or right hippocampus) of all training atlases. After that, the standardized object images are cut around the structures of interest. For the ﬁne
registration task, the differential homeomorphic Demons algorithm
[32] is adopted on account of its high eﬃciency, high accuracy and
the ability of dealing with large deformation problems. The overall
framework of our fast “coarse-ﬁne” hybrid registration is shown in
Fig. 3.

“Coarse-ﬁne” hybrid registration is utilized in most multi-atlas
segmentation algorithms to establish spatial correspondence between the atlas and the target image. The ﬁne registration, generally referring to non-rigid registration, requires that the atlases
and the target image possess the identical spatial sampling point
and the same spatial distance of the sampling points. Therefore, a
coarse registration is necessary before the ﬁne registration process
to reduce the deformation difference of the non-rigid registration.
Rigid registration is the most commonly used coarse processing
method. However, rigid registration is time-consuming, since the
data amount of each 3D medical image is very large and rigid registration needs to iteratively calculate transformation parameters
between dozens of atlas images and target image. Hence, it makes
it diﬃcult to meet clinical needs.
In this article, we propose a fast “coarse-ﬁne” hybrid registration using resampling instead of rigid registration. The resampling
method maps the spatial coordinates of the input image to generate a new image based on the voxel position and voxel spacing
of the reference image. Thus the spatial sampling point and sampling distance of the input image are adjusted. As shown in Fig. 2,
it is a simple schematic of the resampling process with 2D slices
as an example to make it easier to understand. The coordinate of
pixel IR = (IRx , IRy ) of the resampled image in physical space is
P R = (P Rx , P Ry ). Since resampling is performed in spatial coordinates, not pixel/grid coordinates. Therefore, the resampling ﬁlter
adjusts the gray of the output image according to the brightness
value of the spatial position P I of the input image. The coordinate
of the P I point is associated with pixel II = (IIx , IIy ) on the input
image. If II does not fall on the grid position, the value pointing

2.2. Robust discriminative multi-atlas label fusion method
In this subsection, the robust discriminative label fusion
method is elaborated in detail. Fig. 4 depicts the main idea of our
label fusion method. In the proposed multi-atlas framework, we
combine a novel metric learning and graph cuts algorithm by an
effective segmentation scheme based on CRF model. The presented
distance metric learning is used to model the unary potential. It
3
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Fig. 3. The ﬂowchart summarizes the process of the fast “coarse-ﬁne” hybrid registration. In the coarse registration phase, the resampling algorithm is used to adjust the
problem of inconsistent of sampling points, thus realizing the rough alignment of the atlas images and the target image. In the non-rigid registration phase, the differential
homeometry Demons algorithm is applied to obtain accurate registration results.

Fig. 4. Illustration of robust discriminative multi-atlas label fusion method for hippocampus segmentation. The presented distance metric learning method is used to model
the unary potential function (left part). The graph cuts part is designed to model the pairwise potentials function of CRF model (right part).

employs a Bayesian inference to extend a classic distance metric
learning and uses large margin constraints instead of the pairwise
constraints. Spatial prior term is designed to model the pairwise
potentials function of CRF model. This part considers the pairwise
homogeneity in classiﬁcation labels and the pixel intensity. The
resulting segmentation problem is described as a mapping esti-

mation for searching the most likely binary image segmentation,
which allows the solution to be calculated effectively through the
maximum ﬂow or minimum cut optimization process. The speciﬁc
details of the whole model are given as bellows:
Assume that X is the observation vector of the entire image (i.e.
the characteristics of all pixels), and Y = { y1 , y2 , . . . , yi . . .} is the
4
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category label corresponding to all pixels in the image X. For two
types of segmentation problems, the label of the pixel at index i
is yi ∈ Y and yi ∈ {0, 1}, where 0 represents the background and 1
represents the target.
In CRF model, the posterior probability is directly modeled as a
Gibbs distribution according to the Hammersley-Clifford theorem.
When the image observation data X is given, CRF directly models
the posterior probability distribution of the label Y . The formula is
as follows:

P (Y |X ) =

1
exp(−E (Y |X )),
N (X )

Then, the focus is on how to get a robust posterior probability
estimation. The following formula is used to calculate the image
likelihoods of each voxel in target image:

Y

E (Y |X ) =

Vi (yi , xi ) +

i 

1 

ζ

Vi j (yi , y j , X ),



(3)

Vi (yi , xi ) = −lnp(yi |xi ) = −ln

where  is the index set of the voxel x in the image X, and Ni is
the index set of the neighborhood of the voxel xi . Vi (yi , xi ) is the
unary potential function, which is used to describe the probability that the voxel with index i belongs to the label yi . Vi j (yi , y j , X )
is the pairwise potentials function that describes the association
between adjacent points of a voxel and its impact on category determination. ζ measures the relative importance of the energy of
the second-order potential function. In the cases that the feature
vector values of two neighboring pixels are the same but different
labels are assigned, the pairwise potentials function should impose
a larger penalty.

αg Ng (xi , ug , εg ),

P ( A|M ) =



=C

(4)

(5)

density function, which can be expressed as follows:

1
exp(− (xi − μg )T εg−1 (xi − μg )), (6)
2

La(x|0, δ ) =

where ug and εg represent the mean vector and covariance matrix
of all pixels belonging to the gth model. In this paper, we adopt the
Expectation Maximum algorithm to estimate GMM parameters.

=

( 2π ) |εg |
g

p( y i ) .

(9)

prob( pi , p j , pl , yi , y j , yl |M )



exp[−2 × max(1 + di2j − dil2 , 0 )].

(10)

Let yi j = 1 denotes a pair of similar data samples with yi = y j ,
and yi j = 0 indicates a dissimilar pair. In the above formula, A is
the training set containing |A| independent triplets (i, j, l ), which
satisﬁes 1 + di2j − dil2 > 0, (yi j )(1 − yil ) = 1, p j and pl belong to the
set of neighbors of pi . The triplets are constructed by KNN method,
in which we select the nearest homogeneous sample and the nearest heterogeneous sample for each sample from the patch library
P L. Here C is a normalizing constant. The function incorporates the
idea of a margin, in which the purpose is to learn a distance metric
that can separate di j and dil by a large margin.
According to the formula in the Bayesian model, the posterior distribution probability P (M|A ) of the transformation matrix
parameter M is satisﬁed P (M|A ) ∝ P (A|M )P (M ). In order to use
Bayesian theorem, a lot of Gaussian distributions are worked to
approximate each single likelihood function. The Gaussian approximation of the known Laplace distribution is described as follows:

g=1

1

αg Ng (xi , ug , εg )

i, j,l  A

where m represents the number of Gaussian model components,
m

αg = 1, αg is a weighting factor, Ng is a Gaussian probability



2

i, j,l  A

g=1

Ng (xi , ug , εg ) =

m


exp− px −pi M

In order to gain a more robust distance M, we develop a new
metric learning method in this work. Following reference [33,34] to
learn a robust distance metric, in this work, the Bayesian inference
is applied to distance metric learning, which estimates the posterior distribution with large margin nearest neighbor constraints.
According to Bayesian inference, prior probability of the distance
matrix parameter M is given as p(M ), and likelihood probability is
deﬁned as p(A|M ). Then the posterior distribution p(M|A ) can be
estimated based on the training data A. For our work, we introduce
a Gaussian prior for the transformation matrix M. According to the
principle of large margin nearest neighbor method, the likelihood
function is deﬁned as:

where xi ∈ X is the feature vector. The gray level of each region
of medical image changes relatively slow and the gray statistical
histogram always shows multi-peak characteristics. Compared with
single Gaussian model, the Gaussian mixture model (GMM) can reduce the misclassiﬁcation of pixels. Hence, we adopt Gaussian mixture model to describe the gray statistical characteristics of MR images:
m


pi  Nk ( px )

g=1

2.2.1. The unary potential
This paper uses Bayesian formula to extend the unary potential
function of the CRF model, and the probability value of voxel features xi that belongs to the corresponding category is used as the
value of the unary potential energy function:

p( x i ) =

(8)

According to d ( px , pi ), k nearest neighbor algorithm is used to select k nearest training samples, and then form a nearest neighborhood set Nk ( px ). So the unary potential energy function is deﬁned
as:

i Ni j Ni

p( x i | y i ) p( y i )
Vi (yi , xi ) = −lnp(yi |xi ) = −ln
,
p( x i )

(7)

2
dxi
= d ( px , pi ) = ( px − pi )T M ( px − pi ).

(2)

Using CRF for image segmentation, assume only the unary potential and the pairwise potentials function are considered, the energy function can be expressed as follows:



2

where px is the target patch with the size of r p × r p × r p . Nk ( px ) is
the neighborhood which is similar to the target patch px . For each
target voxel, voxels are extracted from per atlas image in a ﬁxed
cubic search region with size of rs × rs × rs . Atlas patches which
are centered at these voxels are used to construct a patch library
P L = ( pi , yi )i=1,2,...,N , in which pi is the ith image patch and yi is the
label of its center voxel. Note that M is the distance metric, and the
distance between target patch px and atlas patch pi is computed by
Mahalanobis distance. It’s calculation formula is as follows:

where N is the normalization factor, and E (Y |X ) is the Gibbs energy function. In general, the problem of segmenting an image
can be viewed as the maximum posterior estimation problem of
searching for the most likely label mapping:
Y

exp− px −pi M ,

pi  Nk ( px )

(1)

Y ∗ = arg max P (Y |X ) = arg min E (Y |X ).



p( x i | y i ) ∝

Since:
5

1
|x|
exp−
2δ
δ
 ∞
1
0



2π β

exp(−

x2
1
β
) · δ −2 exp(− 2 )dβ .
2β
2
2δ

(11)
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exp(−2 × max(α , 0 ) ) = exp(−|α| − α )
 ∞
1
α2
=
exp(−
− α)

2β
0
2π β
1
β
· exp(− )dβ .
2
2

important for similarity measurement. To take fully advantage of
these prior knowledge, on the basis of the segmentation result obtained in the previous subsection, we adopt SPBM to further reﬁne
the segmentation in label space. The principle of SPBM is shown
in Fig. 5. In this subsection, we will present the processing of the
segmentation reﬁnement.
The PBM model can be depicted by Eq. (2.3). Suppose vi represents the voxel at location i of the image and vs, j represents the
voxel of the subject s at location j. The ﬁnal label is estimated
based on the weighted label fusion of each selected sample. The
formula is as follows

(12)

So the likelihood function becomes:

P ( A|M ) =



prob( pi , p j , pl , yi , y j , yl |M )

i, j,l  A


=

∞
0



1
2π λi jl

exp(−

2
2
2
1 (1 + di j − dil + λi jl )
)dλi jl , (13)
2
λi jl

N 


where λi jl is essentially an induced parameter. M is the distance
matrix. In our work, the distance function di2j are reformulated in
a linear form, namely:

di2j

= T r[M ( pi − p j )( pi − p j ) ] = γ pi j ,
T

T

voting(vi ) =

B(i, j|X )
0

B(i, j|X ) = exp(−

yi = y j
otherwise,




2

= arg min
Y

i 

Y

(−lnp(yi |xi )) +

1 

(16)

ζ

Vi j (yi , y j , X ),

(18)

2

2

N

(19)

s=1 j Oi

Eq. (18) is similar to the traditional SPBM algorithm, except that
the elements of Ds and G(y ) are label information instead of intensity information. The regularization parameter λ controls the
sparsity of wis, j . Speciﬁcally, the previous item is used to minimize
reconstruction errors. The function of the latter term is a sparse
constraint, where λ is a regularization parameter balancing the
relative contributions of these two terms. Eq. (18) is a l1 − norm
optimisation problem, so the sparse representations can be obtained by using the Lasso method [41]. Once the weighting vectors are calculated, the estimation of the label can be derived using
Eq. (2.3).
3. Experiments
The performance of the proposed methods are evaluated on
two brain MR image datasets for right and left hippocampus segmentation. The experimental results will be introduced in details
in the following paragraphs.
3.1. Dataset

Y ∗ = arg max P (Y |X ) = arg min E (Y |X )


N

s=1 j Oi

where B(i, j|X ) represents the cost of target boundaries. Ii and I j
are the intensity values of voxels with index i and j. If the voxels jumps sharply between Ii and I j , they are considered to belong
to different classes and only small penalties are assigned. dist (i, j )
is the Euclidean distance. The parameter δ represents the noise
estimation. The pairwise potentials function emphasizes homogeneous segmentation between adjacent voxels. It prevents the over
segmentation of sharp edges by weighting the penalty for heterogeneity in terms of intensity similarities of the related voxels.
With the equality
Y

.

i
j Oi ws, j



1  

wis, j  .
min 
Ds wis, j − G(y ) + λ
1
i
ws, j 2 


(15)

1 (Ii − I j )
1
)·
,
2
dist (i, j )
σ2

wis, j ys, j

where Oi is the search area for N selected atlases, ys, j is the label of voxel vs, j . wis, j is the corresponding weight between vi and
vs, j , which is often calculated by the similarity between two voxels. Obviously, the similarity measure in Eq. (2.3) is the core of
the PBM. Inspired by sparse representation in face recognition and
other aspects, adding a sparse constraint to a fusion algorithm
based on non-local averages can get more accurate segmentation
results [31]. Therefore, the following sparse representation model
is adopted to calculate the weight wis, j between two different labels yi and ys, j .

(14)

2.2.2. The pairwise potentials
The pairwise potentials function consists of a spatial prior term,
which considers the pairwise homogeneity based on multi-atlas
voxel intensities and classiﬁcation labels. Following Boykov’s analysis in the article [39], the function is deﬁned as follows:

Vi j (yi , y j |X ) =

j  Oi

N 

s=1

where the γ and pi j are the vectorized forms of matrices M
and ( pi − p j )( pi − p j )T respectively. So the objective can be boiled
down to seeking the optimal γ , whose posterior distribution can
be estimated by employing the factorial variation inference [35–
37]. The main idea is to adopt factorized variational distribution to
approximate the distribution of the posterior probability and then
the goal becomes to minimize the KL divergence until convergence.
The parameter λi jl is initialized in the same way as factorized variational distribution. More detailed information on this part can be
found in reference [37,38]. With the learned Mahalanobis distance
metric M, the unary potential function in our work can be easily
constructed.



s=1

The proposed methods are evaluated on Individual Adult Brain
Atlases (IABA) dataset and Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset, which are widely used for evaluating hippocampus segmentation. IABA dataset1 is launched by the Medical
Brain Research Dataset at Imperial College London. It contains 20
samples, each of which is provided as a T1-weighted MR grayscale
image and a corresponding label map. Experts labeled 67 structures in labeled brain images, such as the hippocampus, thalamus,
cerebellum, and tonsils. Figure 6 is the slices display of the MR

(17)

i Ni j Ni

the original optimization problem can be converted into an energy
minimization problem, which can be optimized in a proper form
by graph cutting algorithm [39,40].
2.3. Reﬁne segmentation result in label space
In Section 2.2, the atlases are utilized to calculate Gaussian mixture model and estimate the posterior probability. Actually, the label information of atlases is rich of prior information and is very

1
http://brain-development.org/brain-atlases/adult-brain-atlases/
individual- adult- brain- atlases/
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Fig. 5. Overview of SPBM which embeds the label structure (take a 2D image as an example, and assume the patch size is 3 × 3 ).

Fig. 6. The axial, sagittal, and coronal slice display of the MR image. The ﬁrst row is the two-dimensional display of the 43rd slice, and the second row is the two-dimensional
display results of the 56th, 70th, 105th slices, respectively. The red part represents the right hippocampus, and the green indicates the left hippocampus. (For interpretation
of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

image available from IBAB dataset. ADNI dataset2 is a large clinical medical image dataset, which enables all data and samples to
be shared with scientists around the world [42–44]. It contains a
lot of annotated MR images, from which we randomly select 105
sets of MR images. Demographic and clinical information of these
subjects are summarized in Table 1.

2

Table 1
Demographic and clinical information of the studied ADNI subjects.

NC
MCI
AD

http://adni.loni.usc.edu/
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Age

Male/Female

MMSE

Education

75.8±6.8
75.2±7.6
74.0±8.1

17/13
22/15
20/18

29.1±1.1
26.3±2.8
21.9±4.1

15.2±3.1
15.7±2.6
15.9±2.7
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Table 2
Time-consuming of the fast “coarse-ﬁne” registration method for segmentation of hippocampus (s).
Subjects

Resampling

ROI extraction

Non-rigid registration

Warp

No.1
No.2
No.3
No.4
No.5
No.6
No.7
No.8

4
5
4
4
5
5
4
5

1
1
1
1
1
1
1
1

3
3
2
3
2
4
3
3

0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5

Mean

Fuse (Our)

Total

8.88

196

267

Table 3
Time-consuming of classical “coarse-ﬁne” registration method for segmentation of hippocampus
(s).
Subjects

Rigid registration

ROI extraction

Non-rigid registration

Warp

No.1
No.2
No.3
No.4
No.5
No.6
No.7
No.8

406
745
453
450
765
521
517
709

1
1
1
1
1
1
1
1

3
3
4
3
3
2
3
2

0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5

3.2. Evaluation measures

2T ∩ S
T  + S 

Jaccard (S, T ) =

V I (S ∩ T )
V I (S ∪ T )

MD = meanT ∈BE (minS − T 2 ).
S∈BF

575.13

and Tobar [48] and Tong et al. [23] adopt a patch radius of 2 and a
search radius of 3 voxels. In this paper, the patch radius is set to 2
and the search radius is tuned to 3. Regularization parameter λ is
set to be 0.01λmax referring to the penalty parameter λ in SPBM,
where λmax can be obtained automatically by the Lasso algorithm.
And we set the number of the nearest neighbors k = 9 empirically.
Besides, our experiments use VS2010, ITK, CMAKE, VTK open
source platforms, MATLAB and combine with ITK-SNAP to ﬁnally
complete the left and right hippocampus segmentation under Windows 7 environment.

Dice Similarity Coeﬃcient, Jaccard Coeﬃcient and Mean Distance (MD) are commonly applied to measure the performance of
the segmentation approaches for hippocampus. They all measure
the similarity between automatically segmented hippocampus and
gold standard. In this paper, we also adopt these three evaluation
metrics. Given the gold standard T and the automatic segmentation result S, the evaluation measures are deﬁned as:

Dice(T , S ) =

Mean

(20)
3.4. Fast “coarse-ﬁne” registration performance

(21)

One of the major issues in multi-atlas segmentation methods
is the computational burden of image registration. To reduce the
high computational cost, a fast “coarse-ﬁne” hybrid registration is
proposed. Firstly, top 8 atlases are selected based on MI ranking
between target image and atlas images. In order to describe succinctly and clearly, these selected atlases are renumbered from
No.1 to No.8. After the atlas selection, each atlas image is registered to the target image using the proposed registration method
and classical registration method, respectively. Tables 2 and 3 depict the time consuming for one randomly selected target image
on IABA dataset. The ﬁrst to fourth columns display the time spent
in rigid registration or resampling operation, ROI extraction, nonrigid registration, and template warping process. The last column
is the average time of the entire registration process for the selected 8 atlas images. As shown in Tables 2 and 3, the average
time of the presented registration is only 8.88s, while the classical method takes 575.13s, which improves the speed of registration by more than 64 times. Table 2 also displays the time of label fusion and the entire inference time in the last two columns
respectively, which shows the total time consumption of our segmentation framework is 267s.
For 10 randomly selected target images from IABA dataset,
Table 4 shows the comparison segmentation results evaluated by
metric Dice ratio using MV [19] method which is the simplest one.
The results of the ﬁrst line are obtained by the classical method.
The second are generated based on our method. It is observed
that the proposed “coarse-ﬁne” registration method shows signif-

(22)

In above formulas, V I represents the volume size of the segmented region. BE and BF denote the boundary voxels of gold standard and segmented image respectively. The ﬁrst two metrics measure the degree of overlap between automatically segmentation results and gold standard. The boundary difference is characterized
by MD metric, which measures the surface distance between gold
standard and automatically extracted results [45].
In this work, we apply the leave-one-out cross-validation
method, in which one subject is selected as the target, and other
images are used for atlas matching. Then, the differences between
the automatically extracted results and the gold standard are calculated to verify the feasibility of our proposed method.
3.3. Parameter settings
There are mainly four parameters in our proposed method,
including search radius rs , patch radius r p , the number of the
most similar samples k in RDLF, and regularization parameter λ
in RRDLF. In general, r p is associated with the complexity of the
structure, while rs is related to the variability of the structure [46].
We investigated the effects of patch radius r p and search radius rs
in the case of hippocampus segmentation. For example, the parameter settings proposed by Rousseau et al. [47] are that the patch radius is 1 voxels and the search radius is 5 voxels, whereas Platero
8
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Fig. 7. Dice coeﬃcient box-plot of the left and right hippocampus segmentation results of IABA dataset. Red box represents the left hippocampus segmentation result, while
blue indicates right hippocampus segmentation result. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this
article.)

1.7%, 1.5%, and 0.9% (2.6%, 1.7%, 1.2%, 1.1%, and 0.7%) over MV,
PBM, SPBM, DS and DLFF respectively. The average values of Jaccard and MD for segmenting left hippocampus (right hippocampus) are 0.765 and 0.243 (0.771 and 0.222) achieved by RDLF,
which are higher than the second best results achieved by DLFF. As
shown in Table 5, RRDLF increases the Dice values in segmenting
the left and right hippocampus by 0.3% and 0.2% based on RDLF.
In addition to measuring the performance of the method via
evaluation scores, Fig. 9 shows visual segmentation examples using different methods on hippocampus, where green denotes the
gold standard, and red denotes the segmentation results obtained
by different automatic labeling methods. It is known that the
hippocampus is a relatively smooth organizational structure in
biomedicine. As can be seen from these ﬁgures, the shape and size
of the hippocampus extracted by the proposed method are very
close to the gold standard, but smoother than the gold standard.

Table 4
Dice ratio for our fast “coarse-ﬁne” registration and classical “coarse-ﬁne” registration (mean±std)
Registration method

Left hippocampus

Right hippocampus

Classical “coarse-ﬁne” registration
Fast “coarse-ﬁne” registration

0.83±0.033
0.83± 0.034

0.85± 0.027
0.86± 0.029

icant improvements in speed over classical “coarse-ﬁne” registration without affecting the accuracy of segmentation.
3.5. Segmentation accuracy
To measure the performance of our proposed methods, we
compare our method with MV [19], PBM [22], SPBM [23], DS
[48] and DLLF. Among them, DS is a CRF model based on non-rigid
registration method, DLLF is a convolutional method with deep
learning using VGG-19. We denote the proposed robust discriminative label fusion algorithm RDLF, and denote RDLF with the segmentation reﬁnement process in label space RRDLF.

3.5.2. Experimental results on ADNI dataset
The performance of the proposed methods are also assessed
on ADNI dataset. Figure 10 shows box-plot with the distribution
of Dice for different methods in right and left hippocampus segmentation. Fig. 11 is a visual display of mean Dice average values
of ADNI dataset. As we can see, compared with the conventional
counterparts, the proposed methods have better performance in
general. To better evaluate the performance, Table 6 shows the
mean and standard deviation of Dice, Jaccard and MD across the
target subjects.
As we can be seen from Table 6, the proposed method obtains the highest average Dice scores. RDLF is approximately 1.1%
(0.7%) higher than suboptimal method DLLF for left hippocampus
segmentation (right hippocampus segmentation). The average Jaccard and MD values generated by RDLF are 0.763 and 0.270 for
left hippocampus (0.771 and 0.263 for right hippocampus), which
is superior to each competitive approach (MV, PBM, SPBM, DS and

3.5.1. Experimental results on IABA dataset
The box-plot shown in Fig. 7 illustrates the distribution of Dice
for the proposed methods and the compared approaches on IABA
dataset. For more intuitive observation, Fig. 8 shows the mean
value of Dice ratio. As we can see, the proposed methods outperform other label fusion methods based on Dice metric, due to the
robust discriminative observation given by our model.
To better compare the performance of segmenting both left and
right hippocampus, Table 5 displays the values of Dice, Jaccard and
MD obtained by different methods. From Table 5, the proposed
method achieves the best performance with regard to three evaluation metrics. For instance, with respect to the Dice on the left
hippocampus (the right hippocampus), RDLF improves 3.7%, 3.0%,
9
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Fig. 8. Comparison of the average Dice values for segmenting left and right hippocampus using different methods from IABA dataset. (For interpretation of the references to
color in this ﬁgure legend, the reader is referred to the web version of this article.)
Table 5
The segmentation results of different methods using IABA dataset (mean±std).
Label fusion methods

Hippocampus

Dice

Jaccard

MD (mm)

MV

L
R
L
R
L
R
L
R
L
R
L
R
L
R

0.832±0.020
0.850±0.017
0.839±0.020
0.859±0.011
0.852±0.014
0.864±0.012
0.854±0.015
0.865 ± 0.013
0.860 ± 0.033
0.869 ± 0.016
0.869 ± 0.011
0.876 ± 0.012
0.872 ± 0.016
0.878 ± 0.016

0.732±0.033
0.747±0.029
0.736±0.030
0.756±0.021
0.748±0.027
0.759±0.025
0.752 ± 0.027
0.761 ± 0.026
0.756 ± 0.044
0.767 ± 0.029
0.765 ± 0.026
0.771 ± 0.024
0.772 ± 0.029
0.774 ± 0.028

0.290±0.051
0.263±0.047
0.260±0.044
0.251±0.039
0.247±0.043
0.236±0.040
0.245 ± 0.037
0.224 ± 0.038
0.257 ± 0.048
0.227 ± 0.043
0.243 ± 0.038
0.222 ± 0.036
0.243 ± 0.040
0.221 ± 0.039

PBM
SPBM
DS
DLFF
RDLF
RRDLF

Table 6
The segmentation results of different methods using ADNI dataset (mean±std).
Label fusion methods

Hippocapus

Dice

Jaccard

MD (mm)

MV

L
R
L
R
L
R
L
R
L
R
L
R
L
R

0.854±0.016
0.867±0.018
0.858±0.017
0.873±0.019
0.864±0.022
0.876±0.014
0.868 ± 0.021
0.878 ± 0.010
0.868 ± 0.023
0.88 ± 0.018
0.879 ± 0.020
0.887 ± 0.015
0.882 ± 0.018
0.889 ± 0.018

0.742±0.029
0.753±0.030
0743±0.028
0.758±0.031
0.747±0.035
0.759±0.027
0.753 ± 0.033
0.764 ± 0.023
0.758 ± 0.034
0.767 ± 0.029
0.763 ± 0.02
0.771 ± 0.027
0.767 ± 0.029
0.772 ± 0.029

0.325±0.050
0.296±0.049
0.314±0.042
0.274±0.053
0.283±0.048
0.272±0.047
0.280 ± 0.041
0.265 ± 0.035
0.278 ± 0.055
0.269 ± 0.043
0.270 ± 0.051
0.263 ± 0.048
0.268 ± 0.040
0.262 ± 0.048

PBM
SPBM
DS
DLFF
RDLF
RRDLF

DLFF). Generally, the proposed method RDLF signiﬁcantly outperforms other methods in three evaluation metrics. Based on RDLF,
RRDLF increases the Dice value by 0.2% to 0.3%, which is beneﬁt
from the full use of label information by SPBM method.
The visualization results for left and right hippocampus are
shown in Fig. 12. The labeling results produced by the proposed
methods are smoother than the gold standard. It is more biologically feasible for smooth results. However, the gold standard is
manually labeled, there may be discontinuity errors between adja-

cent slices. Therefore, the proposed segmentation method can preserve the shape and size of hippocampus well.
4. Discussion
In this work, a novel multi-atlas patch based label fusion
method is developed for the segmentation of hippocampus. Most
previously PBM methods select candidate patches adopting a predeﬁned distance metric to measure the intensity-based similarity.
10
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Fig. 9. Visual comparison of hippocampus segmentation results obtained by different methods on IABA dataset. Top to bottom: the slices display of the axial, sagittal, coronal
and 3D visualization results. Left to right: gold standard, MV, PBM, SPBM, DS, DLFF, RDLF and RRDLF.

However, this kind of similarity measurement can not effectively
characterize statistical distributions of image intensities. Besides
most existing labeling fusion methods are typically based on the
assumption that image patches with similar intensity share the
same label. Nevertheless, this assumption is invalid in some situations, since similar patches may possess different labels. These
make the segmentation results of hippocampus sensitive to the
registration errors and the anatomical structure variability between
different subjects.
To alleviate these drawbacks, the proposed method learns mapping functions between the patch and the label by robust distance
metric learning. Meanwhile, with the spatial prior part, the pairwise homogeneity in classiﬁcation labels and the pixel intensity is
fully considered, thus to reduce the probability of misclassiﬁcation.
With the integrated formula of the objective function, the segmentation can be optimized by an effective graph cuts algorithm. As

we all know, the label information of atlases is rich of prior information and is very important for similarity measure. To take fully
advantage of these prior knowledge, SPBM is used to reﬁne the obtained segmentation results in label space. This approach turns out
to be very eﬃcient in estimating the ﬁnal label of hippocampus.
In this study, the performance of the proposed method is compared with ﬁve multi-atlas based methods (MV, PBM, SPBM,DS,
DLFF), in terms of Dice ratio, Jacard index and MD metrics on IABA
and ADNI datasets. As shown in our experimental results, RDLF
achieved the Dice of 86.9% and 87.6% on IABA dataset and Dice
of 87.9% and 88.7% on ADNI dataset. The comparison results show
that the proposed methods outperform current competitive methods in accordance with Dice, Jaccard and MD. Moreover, the labeling performance of RRDLF achieves a slight improvement on
three evaluation metrics (e.g. the improvement of Dice value by
0.2% to 0.3%). The experiments on both IABA dataset and ADNI
11
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Fig. 10. Dice coeﬃcient box-plot of the left and right hippocampus segmentation results of ADNI dataset. Red box represents the left hippocampus segmentation result,
while blue indicates right hippocampus segmentation result. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of
this article.)

Fig. 11. Comparison of the average Dice values for segmenting left hippocampus and right hippocampus using different methods from ADNI dataset. (For interpretation of
the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

dataset show that the proposed method can acquire more promising performance for hippocampus segmentation. The experimental
results demonstrate that RDLF signiﬁcantly outperforms the competing methods. The reasons for the improvement are: (1) distance
metric learning learns a more robust distance metric. It makes image patches which belongs to the same structure close to each
other, while image patches of different structures are perfectly separated, and (2) spatial prior term fully considers the pairwise homogeneity to further improve classiﬁcation accuracy. Experimental
results also exhibit that RRDLF helps improve the labeling perfor-

mance for hippocampus segmentation. Since the target segmentation result is sparsely reconstructed in label space by RRDLF, so the
label information is further used in overall labeling process.
In addition, one of the main issues in the multi-atlas segmentation is the computational cost for image registration. To alleviate
this drawback, we also proposed a fast “coarse-ﬁne” hybrid registration at the same time. Since resampling does not require any
iterative optimization process compared with rigid registration, as
a result, the computational burden is reduced. Experimental results show it improves the speed of registration by more than 64
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Fig. 12. Visual comparison of hippocampus segmentation results obtained by different methods on ADNI dataset. Top to bottom: the slices display of the axial, sagittal,
coronal and 3D visualization results. Left to right: gold standard, MV, PBM, SPBM, DS, DLFF, RDLF and RRDLF.

times compared to classical “coarse-ﬁne” hybrid registration, which
demonstrates the feasibility of this strategy.

eral model, which can easily combine machine learning and deep
learning algorithms to segment the hippocampus. In the future
work, we are interested in developing more robust statistical label fusion strategy, and applying the proposed framework to automatically classify patients with AD and/or MCI from hippocampus
segmentations extracted in brain MR image to better satisfy the
clinical needs.

5. Conclusions
In this paper, an automatic labeling method is developed to
segment the hippocampus from brain MR images. It is a patch
embedding multi-atlas label fusion method based on CRF model
that combines distance metric learning and graph cuts. The proposed label fusion strategy is evaluated on IABA dataset and ADNI
dataset. Experimental results show that the proposed algorithm
outperforms other competing hippocampus segmentation methods. Meanwhile, to avoid the high computational burden of image
registration, a fast “coarse-ﬁne” hybrid registration method is proposed, which can improved the speed of registration effectively.
We hope that the proposed model can be developed into a gen-
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