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Abstract

Objective: The objective of this study is to develop a probabilistic modeling
framework for segmenting structures of interest from a collection of atlases.
We present a label fusion method that is based on minimizing an energy
function using graph-cut techniques.

Methods and materials: We use a conditional random field (CRF) model
that allows us to efficiently incorporate shape, appearance and context infor-
mation. This model is characterized by a pseudo-Boolean function defined
on unary, pairwise and higher-order potentials. Given a subset of registered
atlases in the target image for a particular region of interest (ROI), we first
derive an appearance-shape model from these registered atlases. The unary
potentials combine an appearance model based on multiple features with a
label prior using a weighted voting method. The pairwise terms are defined
from a Finsler metric that minimizes the surface of separation between voxels
whose labels are different. The higher-order potentials used in our framework
are based on the robust P" model proposed by Kohli et al. The higher-order
potentials enforce label consistency in cliques; hence, the proposed method
can be viewed as an approach to integrate high-level information with images
based on low-level features. To evaluate the performance and the robustness
of the proposed label fusion method, we employ two available databases of
T1l-weighted (T1W) magnetic resonance (MR) images of human brains. We
compare our approach with other label fusion methods in the automatic hip-
pocampal segmentation from T1W-MR images.

Results: Our label fusion method yields mean Dice coefficients of 0.829 and
0.790 for the two databases used with mean times of approximately 80 and
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160 seconds, respectively.

Conclusions: We introduce a new label fusion method based on a CRF model
and on ROIs. The CRF model is characterized by a pseudo-Boolean func-
tion defined on unary, pairwise and higher-order potentials. The proposed
Boolean function is representable by graphs. A globally optimal binary la-
beling is found using a st-mincut algorithm in each ROI. We show that
the proposed approach is very competitive with respect to recently reported
methods.
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1. Introduction

The automatic segmentation of subcortical structures in human brain
magnetic resonance (MR) images plays a crucial role in clinical practice.
The extraction of biomarkers from MR images is directed at variations in
subcortical shapes and their volume measurements [1, 2]. This task is very
important but difficult to perform, even by hand. Neuroanatomists often
develop and use complicated protocols in guiding the manual delineation
process |3, 4]. Specifically, hippocampal segmentation is an important tool
for studying neurodegenerative diseases. Hippocampal volume and shape
measures are commonly used as biomarkers for Alzheimer’s disease, epilepsy
and schizophrenia, among other [5]. This structure is difficult to segment
because of its small size, high variability and low contrast in MR images.

Many approaches have been proposed, and most segmentation methods
use deformable surfaces or atlas-based techniques. Deformable methods tend
to explicitly use learned shape variation as a priori information in segmenta-
tion. Various methods for representing shapes and their relationships with
the appearances have been proposed, such as region growing [6], level-set
within a Bayesian framework [7], probabilistic boosting tree |§] or using active
shape-appearance models [9]. Atlas-based segmentation has become a stan-
dard technique for identifying structures from brain MR images. The atlas-
based methods have been demonstrated to outperform other algorithms [10].
The atlas-based approaches are generally based on non-rigid registrations.
In the context of this study, an atlas is an image in one modality with its



respective labeling (typically generated by manual segmentation) [11]. The
atlas-based methods allow a priori knowledge about the appearance and the
shape of the anatomical structures to be introduced in a relatively simple
way: only a registration method and a number of pre-segmented data sets
are required. Barnes et al. [12] proposed registering the most similar atlas
from an atlas set to segment the hippocampus. However, segmentations with
a single atlas are intrinsically biased toward the shape and the appearance
of a subject. Several studies have shown that approaches that incorporate
the properties of a group of atlases outperform those that use a single at-
las [11, [13, 14, 15, [16]. The primary benefit of the multi-atlas segmentation
approach is that the effect of the errors associated with any single atlas prop-
agation can be reduced in the process of combination. The transferred atlases
are used to construct a model for segmenting the target image. This process
is often called label fusion. Therefore, there are two steps in the multi-atlas
based segmentation: (1) image registration and (2) label fusion. We focus
on label fusion in this paper.

The label fusion methods have been classified into two categories: global
weighted voting and local weighted voting. Most existing label fusion meth-
ods are based on global weighted voting, such as majority voting (MV) [13],
STAPLE [17] and weighted voting (WV) [18], which are widely used in med-
ical image segmentation. In these approaches, each atlas contributes to the
resulting segmentation with the same weight for all of its voxels. It is very
sensitive to the registration errors because it does not take into account the
relevance of each sample. Recent works have shown that local weighted vot-
ing methods outperform global weighted voting methods [18, [19, 20].

Two approaches can be used to take into account the information of each
voxel: (i) the atlases are registered non-rigidly into the target image [11, [15,
16] and (ii) the atlases are aligned in the target image and a patch-based
label fusion method is applied [20, 21, 22, 23, 24]. The first approach has
the advantage of forcing the resulting segmentation to have a similar global
shape to those of expert-labeled structures in the atlases. There is a one-
to-one mapping between the target image and each atlas. The label fusion
methods of this approach generally calculate the labeling associated with
the target image via maximum a posteriori (MAP) estimation [15, [19, [25].
In contrast to fusing label maps using non-rigid registrations, the second
approach is based on the nonlocal mean principle [26]. This second approach
increases the number of samples considered during the labeling estimation.
The typical assumption of one-to-one mapping in non-rigid registration-based



techniques is relaxed through the use of local search windows. However, the
labeling is local and independent, without global constraints. In this article,
we focus on the label fusion methods that use non-rigid registrations. We
leave the patch-based labeling methods for future studies.

Approach

The new segmentation algorithms attempt to integrate high-level infor-
mation with image-based low-level features. At the low level, the appearance
of an image patch leads to ambiguities in its labels. For example, in the case
of the hippocampal head, the appearance of this structure is convoluted and
blends with the amygdala. To overcome these ambiguities, it is necessary to
incorporate extra information, such as a priori shape information and con-
textual information. In medical images, context plays a very important role
because the anatomical structures are mostly constrained to relatively fixed
positions. From the Bayesian perspective, context information is carried in
the joint multivariate statistics in the posterior probability, which is often
decomposed into likelihood and prior. In image processing, likelihood and
prior often correspond to appearance and shape, respectively.

Brain images present different structures of interest to be segmented. A
region-wise approach is more appropriate [27], which can be achieved by di-
viding the image into multiple anatomically meaningful regions [28]. There-
fore, our task is to segment a given 3D target image into K anatomical
structures, where K is fixed. We assume that it is possible to define a re-
gion of interest (ROI) such that its voxels only belong to a k-structure or
to the background. Partitioning the problem into ROIs improves the results
of registrations and segmentations. Indeed, the multi-atlas approaches have
greater accuracy when the registrations are only made near the object of
interest and not in the entire image [28]. Furthermore, these approaches
convert the complex multi-label problem into feasible binary segmentation
problems. For each ROI, a segmentation is denoted as Sy, and the optimal
solution S} can be obtained by the following Bayesian framework:

Sy = arg rrgaxp([k|5k; O5)p(Sk; O)

where [, is the target image in the k-ROI and p(I;|Sk; ©x) and p(Sk; Oy)
define the image likelihood and the shape prior of the ROI, respectively. The
classification model parameters for the k-ROI are denoted by ©j. In general,
either a generative or discriminative model is used for the image likelihood,



whereas the shape models use the transferred labels from the registered at-
lases combined with simple geometric constraints. In terms of appearance,
generative models have explicit model parameters and are able to capture the
global variability, but they often have simplified assumptions, which limits
their ability to model inhomogeneous patterns. By contrast, in a discrimi-
native appearance model, there are no explicit parameters to estimate. Dis-
criminative models are able to combine many of the local statistics, which
are insensitive to complex and inhomogeneous texture patterns [8]. However,
these models have difficulty in taking the regional information into account.
For this reason, discriminative appearance models are combined with shape
prior models [8, 29, 130].

Considerable research effort has been devoted to developing efficient algo-
rithms for estimating the MAP solution. The simplest approach is to treat
the segmentation as independent voxels and apply the standard classifica-
tion algorithms. This approach is straightforward, but it loses the impor-
tant interdependency information. The other extreme of the solution is to
treat each instance of L as a single label and estimate its posterior probabil-
ity. This implementation is infeasible because the space of the output labels
grows exponentially with the size of the image. Conditional random fields
(CRF) [31]) have been widely used to model the correlations of the structured
labels. The use of a CRF allows appearance, shape and context to be incor-
porated in a single unified model, although there are also other alternative
approaches [29, 132, 133].

However, CRF models are typically defined on the basis of a fixed neigh-
borhood structure and make unrealistic conditional independence assump-
tions, thereby limiting their modeling capabilities. Segmentations using only
unary-pairwise potentials tend to over-smooth, and they also have difficulties
in capturing global shapes. To overcome these drawbacks, CRF models can
be improved through the use of higher-order potentials defined on sets of
voxels or cliques [34]. In this study, a CRF model is used for fusing the reg-
istered atlases, and this model is characterized by an energy function defined
on unary, pairwise and higher-order potentials. The unary potentials of the
CRF model are defined as the negative log of the likelihood of a label being
assigned to a voxel. It is computed from an appearance model and a label
prior. The pairwise edge potentials have the form of a spatial regularizer
that minimizes the surface of separation between two different labels [35].
The conventional unary and pairwise cues are coupled with higher-order po-
tentials that are defined on voxel sets generated using textons (a texton is a
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label given to a voxel that describes the local texture and associated through
an appearance vector [36, 137]). The higher-order potentials enforce label
consistency in image regions, and the proposed method can be considered
an approach to integrate high-level information with image-based low-level
features.

Although the experiments presented in this paper focus on hippocampal
segmentation, the proposed concepts are generic and could be incorporated
into other modalities and applications. We test different label fusion meth-
ods on publicly available MR images of human brains. We show that our
approach produces segmentation results that are as good as or better than
those of other label fusion methods.

The remainder of this paper is organized as follows. In Section 2, the label
fusion method is presented. The hippocampal segmentation experiments are
described in Section 3. Finally, the discussion and conclusions are presented
in Section 4.

2. Label fusion method

We present a label fusion method that is based on minimizing a pseudo-
Boolean function using graph cuts with information on appearance, shape
and context, which are estimated from the registered atlases in the target
image. Other authors have previously used this framework [15, 25, 138,
39]. Our label fusion method has the following differences: a) a genera-
tive/discriminative appearance model based on multiple features extracted
from each voxel and its neighborhood, b) a label prior probability is esti-
mated using a weighted voting method [18], ¢) a spatial regularizer that
minimizes the surface of separation between two different labels [35], and d)
higher-order potentials are used to obtain label consistency in the cliques.

Given a ROl in the target image I, a set of N training atlases {A4;},=1 v =
{I;, Si}i=1. .~ are used for the label fusion method, where I; : Q; C N — R,
n = 3, are the modality images and S; : Q; C N* — {0,1} are the la-
bel maps. In the labeled images, voxels that belong to the k-structure
are designated by the label S(z) = 1, and background voxels are desig-
nated by the label S(z) = 0. We denote ®; : Q@ — €; to be the spatial
mapping from the target image coordinates to the coordinates of the i—th
atlas. For simplicity, we assume that {®;},—1 _n was pre-computed using
a pairwise registration procedure. This assumption allows us to simplify



A= {SZ =S5;09,;, I~Z~ = [;0®;},—1 . as the atlases in the coordinates of the
target image. We seek to minimize an energy function under the Bayesian
formulation, which defines the conditional probability as a discrete random
field S with a neighborhood system &£ and a clique set {Cp}p=1. 5, where
a clique C, C Q is a connected set of voxels whose labels are conditionally
dependent on each other. The neighborhood system & is the set of edges
that connect variables in the random field. The CRF model is defined by the
following pseudo-Boolean function:

e

+ Y Wy (S(2), S(y); 65(1))

37 0, (S(C); 0 (1, A)) 1)

where © = {01, 05, 0} are the model parameters for this ROI. We next define
the form of the three potential functions and their parameters.

2.1. The unary potentials

The unary potentials 1, (S(x);6,(1,A)) use the Bayesian formulation,
which allows a priori information about the shape and appearance of struc-
tures to be segmented to be incorporated. As we experimentally demonstrate,
unary potentials are the most powerful terms in the CRF model.

Image likelihood

We assume that the observed intensities of I are independent random
variables. The image likelihood p(I|S;A) can then be written as a product
of the likelihoods of the individual voxels:

p(118;4) =[] p(I A).
e
The following two approaches are compared: a) a generative appearance
model in which a Gaussian quadratic classifier is defined for each voxel, and
b) a discriminative appearance model based on k-nearest neighbor voting.
We start by developing the generative model.



In general, the intensity distribution is modeled using a mixture of Gaus-
sians [40, 41]. Because there is a one-to-one mapping between the target
image and each atlas, we alternatively use a multivariate Gaussian distribu-
tion for each voxel and for each label |27, 42]. A pool of feature candidates
are extracted from the training images, such as intensity, gradients, cur-
vatures, and entropies. A feature selection process is applied, and G;(x)
denotes the selected feature vector centered at x from I (for further details,
see section B.I.T]). The predicted appearance of a voxel is defined by

1 1 Tyv—1

p(I(2)|1; A) x EIRE (3 (C1@—u@) 2 @(G1 @)~ (@) 2)
where [ € {0,1}, p is the mean vector, and ¥ is the covariance matrix. The
effect of sample size on the feature selection has to be considered. The means
and covariance matrices are estimated using a variable number of samples
#Q,(z), where Q(x) = {i|S;(x) = I}. A minimum number of observations
is required from each of the two classes to ensure that the classification error
is bounded relative to an infinite number of samples. This number depends
on the dimension of the feature space. Let d be the dimension of the feature
space. We have d < %min(#@o(x), #@Q1(x)) for d < 8 [43]. To obtain the
least biased Gaussian parameters, a neighborhood system around the voxel is
used to obtain more samples, N'(z). The Gaussian parameters are computed
from A:

2 yen(a) 2icquy) CLW)
ZyGN(m) #Ql (y)

pu(x) = (3)

and

2 yeN(a) 2uicauy) (CLW) — m(@)(Gy,(y) — ()"
Zye]\/(m) #Qu(y) — 1 .

Furthermore, d is variable in each voxel. The correlation matrix over the
selected features is analyzed for each voxel. It only selects uncorrelated
features during runtime.

Then, a discriminative appearance model that requires low computational
effort is presented. The registered atlas images are convolved using a filter-
bank. A set of feature extraction kernels «; (for further details, see sec-
tion [B.1.1)) is used to produce different feature maps:

Zl (l’) =

(4)
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In this paper, derivatives of Gaussians are adopted to extract features |36, 137)].
The responses for all registered atlas image voxels are whitened separately
(to provide zero mean and unit covariance). These feature vectors are used
to train a k-nearest neighbor (k-NN) appearance model. For computational
efficiency, we use the kd-tree algorithm [44] to perform the nearest neighbor

search. A kd-tree model is constructed with {Fj (z), Si(7)}i=1,.. Nzeq. The

target image is also convolved and whitened. Let F; = {F} () / Si(x) =1}
be the set of feature vectors extracted from the voxels belonging to the reg-
istered atlas images and whose labels are [. Let {F,},¢ Ri(x) C JF1 be the set
whose elements are nearest neighbors to Fj(x) and Rj(x) be the set of the
indices of the feature vectors with label [ that are nearest neighbors to F(x).
The image likelihoods of the individual voxels belonging to the target image
are calculated using the following formula:

pI(@)|lA) o< Y exp (=[|Fi(z) - F3) ()

reR;(x)

Label prior

The label prior probability p(S; A, I) models the joint probability of all
voxels that belong to the ROI in a particular label configuration. Instead,
we assume that the prior probability that voxel x has label [ only depends on
its position, the similarity between I and I; and the transferred atlas labeled
images:

p(S;1,A) =[] p(S(x); 1, A).

e

This assumption is not realistic, but we encode the correlations of the labels
using pairwise and higher-order potentials. For each voxel x and each label
[ € {0,1}, we define:

h(S(x) =11,A)= > m(I,T,x)
1€Q(x)



where m(1, I, x) is a local or global similarity measure between the target
image and the registered atlas image at x and ¢ is an associated gain expo-
nent [18]. The prior probability is defined as

h(S(x) =1;1,A)
Zje{&l} h(S(z) = j; I, A)

Image likelihood and label prior terms are combined to define the unary
potentials ¥, (S(x); 61(1, A)):

p(S(z) =1,A) = (6)

Uo(S(2); 0:(I,A)) = —log (P(f(x)ls(w);A)p(S(x); I,A)) |

p(I(z; A))

2.2. Spatial reqularization

Following the work of Boykov and Kolmogorov [35], a smoothness term
is added to the energy function. These authors decomposed this term,
which is defined from a Finsler metric, into two elements. The first part
minimizes the segmentation surface by a Riemannian metric, and the sec-
ond one takes into account the orientation of the segmentation surface in
the metric. We consider two types of Riemannian metrics from the im-
age: a) D(z) = g(||VI(x)||)I, which is an isotropic metric, and b) D(z) =
g(|IVI(2)|DI+ (1 — g(||VI(2)]])) - u - uT, which is anisotropic, where I is the
identity matrix of size n, g(|VI(2)||) = (exp(—||VI(x)||/7))"/3, v is esti-
mated by the average of ||VI(z)||, and u = ”%Eg”. The cubic root for the
term g() is a mapping between the values in ||VI(z)|| and g(). These pairwise
potentials take the form of a contrast-sensitive Potts model,

if S(x)=95(y),
I (S(x),S(y); 62(1)) :{ 0 det D(s) (z) = S(y)

m otherwise.

The second term uses the flux of a vector field ¥(x) through the segmen-
tation surface. It is assumed that the neighborhood system &£ of the CRF
model is symmetric, that the vector ¥(x) can be decomposed into the set of
edges belonging to £ and that there are no local changes in the vector field.
Under these constraints, the flux of the vector field defines the following
pairwise potentials:

10



0 if S(x)=5(y),

1, (S(), S(y);0a(1)) = T(@)- g5 if S(2)=0,8(y) =1,
—(x) - e i S(x)=1,S5y)=0

2.3. Higher-order potentials

A new higher-order potential is proposed based on the robust P" model [34],
which enforces label consistency softly. This potential uses a clique set from
I, which is obtained using an unsupervised segmentation algorithm based
on textons [36, 37]. The target image is first labeled in textons, and then
the cliques are formed by spatially connecting voxels that have equal textons.
Not all cliques are equally good; some cliques contain voxels with different la-
bels. The probabilities previously calculated for the unary potentials are used
to define the label consistency of each clique. Let C' = {x,...,zs|z; € Q}
be a clique belonging to I. We define the probability that a clique belongs
to a label [ as

p(SI(C); I #sze:c (z;) = U I(z;); I, A).

The non-dominant label of a clique and its probability are inferred from:

lmin = arg min (p(Sl(C)ﬂ Ia A)) )
p 77L17L = p(Slmzn(C)’ I’ A) (7)

Assuming that all of the voxels belonging to a clique are equiprobable to
obtain l,,;,, a new potential is defined as:

0 if S(ZL’Z) =1- lmm, YV, € C,
Yo (S(C);0c(1,A) =< n,,,, if . <p,..#C, (8)
Ymaz if Npin Z plmm#cv

where n;_ . is the number of variables in the clique C' whose labels are [,,;,
and Vmar = p1,,.,,#C. This potential increases linearly with n; . up to Ve
as the robust P" model [34]. However, our potential should be approximated
to a step function around p; , #C, ie., it n; , < p;., #C, then the label
consistency cost is close to 0; otherwise, it is Y4 (see Fig. [). The issue is

11



that this potential is not representable by graphs. To overcome this draw-

back, the voxels are weighted to preserve the consistency of the labeling of the

clique. Let w! > 0 be a weight that is used to specify the relative importance
L.

% i? This step

allows an average voxel to not lose its unitary cost if the label cflanges.

of label [ in z;. Then, these weights are normalized as w! <

Pe(S(C);6c(1,4))

Ymax [

lein #C

Nimin

Figure 1: Behavior of the higher-order potentials with the number of voxels whose labels
are not dominant

Now, g, is replaced by 37, wiming,  (S(x;)), where 6;(S(z;)) is the Kro-
necker delta function that returns 1 if S(z;) = [ and 0 otherwise. Inserting
the weight of each voxel on the consistency of the labeling in (§), the family
of higher-order potentials can be written as

wc (5(0)7 ‘90([, A)) = min {Z wf"””élmm (S(flfz)), Vmam} .

This potential family can be viewed as a weighted version of (8). The weights
can be used to specify the relative importance of different voxels. These
higher-order potentials can be transformed to pairwise potentials through
the addition of one auxiliary binary variable (see Fig. 2)). In the case of
lmin = 0, we have

z€{0,1}

¢c (S(C>7 HC(]7A>> = min {f)/magc + <_7mam + Zw?(SO(S(xZ))) Z} :

If l,,;, = 1, then

z€{0,1}

e (S(C);0c(1,A)) = min {”ymam + <—”ymam + Zw}él(S(xl))) (1- z)} )

12
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Figure 2: Graphs representing the proposed higher-order potentials: a) l,,;, = 0 and b)

lmin =1

We also define the quality of the clique by the formula

2o |1 Fr(z:) — TII%)

g-#C
where Fy(z;) is the feature vector for labeling a voxel with a texton, [ is
an outlier measure of the dispersion of ||Fj(x;) — Y||% for all cliques (i.e.,
{Cy}p=1..B), and T is the centroid of the texton that is assigned to the clique
C'. The function G(C) provides a measure of the compactness of the clique
C. Consequently, Y., and w! (which was normalized) have to be modified
as

G(C) = exp (-

Ymaz = plmm#c ' G(C>
wh Wl GO).

A low level of G(C) indicates that the clique has little consistency and that
this potential does not have an influence on the labeling of the voxels in C'.
Conversely, if G(C) is close to one, the voxels of the clique have a very similar
appearance and these higher-order potentials will force a voxel subset of the
clique to be labeled with the non-dominant label in relation to p;,_. .

The proposed higher-order potential family only affects the cliques whose
voxels have the same appearance. Precisely classifying the voxels in these
cliques is more difficult. In these cases, the higher-order potentials use
p(S,,.. (C);1,A) and the weights w'™". For example, Fig. 2la shows the pro-
posed graph when the non-dominant label in a clique is '0’. For the voxels
whose weights tend to be smaller (w{ — 0), these potentials will favor their

13



labelings as ’0” in relation to p(So(C); I, A). A clique with noise or that is
not homogeneous in appearance makes G(C') tend to 0; thus, its higher-order
potential does not affect its labeling.

2.4. The proposed CRF model

Introducing the three potential functions in (II), the weighting multipli-
ers A = {Ag, A\r, A\c} are tuned such that the effects of the different model
potentials are recombined to obtain the best segmentation results:

) =3 (S( )4 an S U (S(a), S(): 02(D))

€N z,yel

+Ar Y 0, (S(@), S(y); 051 +Aczwcb b); 0c(1,A)). (9)

3. Experiments with brain MR data

To evaluate the performance and the robustness of the proposed label
fusion method, we employ two available databases of T1-weighted (T1W)
MR images: (i) 18 modified images from the Internet Brain Segmentation
Repository (IBSR) [47, 46] and (ii) 50 images of epileptic and nonepileptic
patients with hippocampal outlines (HFH) [47].

The IBSR contains images of healthy patients with expert segmentation
of 43 anatomical structures. The voxel size of these images is 0.9375 x 1.5
x 0.9375 mm?3. In contrast, HFH contains a total of 50 images that were
randomly divided into 25 images used for the training set and 25 used for
the test set. Manual segmentations are only available for the training images.
Images were acquired using two MR imaging systems with field strengths of
1.5 T and 3.0 T; thus, these images have different resolutions (0.78 x 2 x 0.78
mm? and 0.39 x 2 x 0.39 mm3, respectively). Fig. B shows a coronal view
of the TIW MR images together with the manual segmentations of similar
brain locations for comparison. The intensity patterns and textures are quite
different. The T1W MR images show large variations because not all of these
images were acquired using the same scanner.

In the pre-processing of the databases, non-brain regions are removed
from all structural images. Removing non-brain tissue prior to registration
is generally accepted as a means to simplify the inter-subject registration

14



Figure 3: Coronal slices of similar brain locations for comparison: a) IBSR, b) HFH 1.5
T, and ¢) HFH 3.0 T

problem and thus increase the quality of the registrations [48,149]. The images
are skull-stripped using BET [50]. Then, all images are spatially normalized
to a reference atlas using an affine registration. For the IBSR database,
CMTK’s affine registration tool is used [51]. In HFH, an atlas (HFH_021)
is selected as a reference to which all atlases are then co-registered with an
affine transformation using FLIRT with 12 degrees of freedom [52].

After spatial normalization for both of the databases, a region of interest
is defined for each structure studied (left and right hippocampus) as the
minimum bounding box containing the structure for all of the training atlases
expanded by three voxels along each dimension. The patient image is also
processed using a skull-striping filter and an affine transformation into the
common reference space. Then, the normalized patient image is cropped
around the structures of interest. For each ROI, the atlases are ranked based
on their similarity according to the target image using the mutual information
(MI) measure [53]. Then, the selected atlases are registered non-rigidly into
the ROI of the target image. All non-rigid registrations are computed using
Flastiz |54], a publicly available package for medical image registration. The
non-rigid registration of the images is based on the maximization of MI, in
combination with a deformation field parameterized by cubic B-splines [55].
The MI is implemented according to [56], using a joint histogram size of 32 x
32 and cubic B-spline Parzen windows. A unique resolution is employed using
a B-spline control point spacing of 3.0 mm in all directions. To optimize the
cost function, an iterative stochastic gradient descent optimizer is used [57)].
In each iteration, 2000 random samples are used to calculate the derivative of
the cost function. A maximum of 500 iterations of the stochastic optimization
procedure is used. The above-described settings were determined through
trial-and-error experiments on two image pairs. These parameters of the
non-rigid registrations are equally applicable to both databases.

15



The atlas-labeled images are modeled using the logarithm of odds (Lo-
gOdds) formulation, which is based on the signed distance transform [5].
This representation replaces the labels by the signed distances, which are
assumed to be positive inside the structure of interest. We find that the Lo-
g0dds model produces more accurate results compared with trilinear inter-
polation or nearest-neighbor interpolation for transferring the atlas-labeled
images [19].

Fig. 4 shows the relationship between the individual atlases and their
performance in segmenting the target images. The DICE coefficient [59] is
selected as a measure of the segmentation overlaps. The results are shown as
the distributions of DICE (SZ, Sgr), where Sg is the ground-truth segmenta-
tion of the target image and ¢ is the order of the atlas in the database from
the similarity to the target image.
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IBSR: Right Hippocampus
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Figure 4: Relationship between the individual atlases and their performance in segmenting
the target image. The graph illustrates the DICE distribution in segmenting by label
propagation for a given rank (MI) and for an individual atlas, DICE(S;, Sg), where Sg
is the ground-truth segmentation of the target image and i is the order of the atlas in the
database from the similarity to the target image .

After the atlases are ranked and registered, we employ a leave-one-out
validation strategy to determinate the number of atlases that are fused to
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the target image [11]. The number of fused atlases depends on the label
fusion method. Section B.1.2] shows how to determine the number of atlases
to fuse. Finally, the registered atlases are fused, the labeling is calculated
based on graph cuts, and an inverse affine transformation is applied to return
the segmentation into the native space of the target image. Fig. Bl shows a
flow chart that summarizes the processing of the images.

& Reference atlas 3
Normalized atlases

Atlases - i o ROIs of the normalized
S.kull Affine ) - Definition of atlases
stripped transformations ROIs -
ROl coordinates
Target image g — -
Skull hettl Affine ROI cropped
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stripped | transformation o pp ROI of the
target image
(a)
Number of atlases to be fused
Registered atlases
Output
ol Atla_s - B—Spll_ne - Label fusion el _Afflne
selection (Elastix) (graph-cuts) inverse
Segmentation (b)
of the ROI

Figure 5: Flow chart summarizing the processing of the patient images: (a) Spatial normal-
ization and definition of the ROIs. (b) Segmenting of the ROIs using image registrations
and label fusion methods.

3.1. Setting CRF parameters

Given the CRF model in ([@) and its parameters, the optimal labeling is
found by applying the min-cut/max-flow algorithm of [60]. The parameters
of the model for a ROI © = {6;, 05, 0} are first learned by piecewise training
and then recombined with the weighting multipliers A = {Ag, Af, Ac}. The
CRF model is only trained for voxels whose labels have uncertainty such that
the computational burden is reduced. A voxel is uncertain in its label when
the atlas-labeled images are transferred and this voxel receives votes from
different classes.

In the following subsections, we investigate the effects of different aspects
of the model and then present the full quantitative and qualitative results
for our approach and for other label fusion methods.
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3.1.1. Learning the potentials

Image likelithood. We compare a generative appearance model and a discrim-
inative appearance model. Using the generative model of (2)), a pool of
candidate features has to be defined. For each T1W MR image, the fol-
lowing features are calculated: intensity, gradients, Laplacians, curvatures
and local entropies in different scales. Spatial derivatives are implemented
by Gaussian-derivative filters. Some of these features are not invariant in
gray level, and thus, an intensity normalization is applied to the registered
atlas images using the histogram matching algorithm [61]. Given a set of
extracted features from each voxel, a feature selection process is required.
Because we use Bayesian classifiers and the result of the assignment is two
labels, i.e., binary classification, an estimation of the Bayes error is given
by the Bhattcharyya distance. Due to the ability to predict error using the
Bhattcharyya distance, it is possible to determine the minimum number of
features required for the classification tasks [62]. Then, each proposed subset
of features by the Bhattcharyya distance is tested. The subset that maxi-
mizes the Dice coefficient using the generative classifiers will be used as the
selected feature vector. These features are the intensity, the gradient norm
with derivatives of Gaussians at scale 2 and the local entropy using a neigh-
borhood kernel of size 9 x 3 x 9. To estimate the statistical parameters of
the generative appearance model and because the number of samples for any
label is low, a neighborhood system N (z) is tuned and applied to equations
@) and ). N (x) is defined by a sphere with center = and radius of 1 mm.
During runtime, a matrix of correlation coefficients is calculated in each voxel
over the selected features. The scalar features, whose correlation coefficients
are less than 0.6 in absolute value, are considered independents, and they are
used in the unary potentials. Therefore, the dimension of the feature space
is variable for each voxel and can be d = 3,2 or 1.

Regarding the discriminative model, a 12-dimensional filter bank is ap-
plied to the registered atlases, generating a kd-tree model [44]. The registered
atlas images are convolved with Gaussians at scales of 1, 2 and 4; derivatives
of Gaussians at scales of 2 and 4; and Laplacians of Gaussians at scales of
1, 2 and 4 [37]. Given the 12-D responses of a voxel belonging to the target
image, the training vectors in the kd-tree that are nearest are found. These
vectors are used to calculate the distances to each label, and then equation
(@) is applied to obtain p(I(z)|l;A). The amount of training data in the
discriminative model is often biased toward the background class. A classi-
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fier learned using these data will have a prior preference for this class. To
normalize for this bias, we weight each training example by the inverse class
frequency. The classifiers trained using this weighting tend to provide better
performance [63].

Label prior. In the weighted voting method for estimating the label prior
probabilities, similarity measures are needed between regions of the target
image and each registered atlas image, i.e., m(I,I;,z) in (B). Because a
statistical relationship is assumed among the intensities of these images, MI
is used as the similarity measure. The gain exponent is set to ¢ = 4 [18]. A
semi-global strategy is used to calculate the weight for each registered atlas.
This strategy is most appropriate when the contrast between neighboring
structures is low, as in the case of the hippocampus [18]. A binary mask is
used to measure this similarity between the target image and the registered
atlases. This mask is constructed by joining all transferred labeled images.
A voxel is considered in the binary mask if at least a vote of the foreground
class is received.

Spatial reqularization. In the pairwise potentials and considering 3D grid-
graphs with 6 neighborhood systems in £, VI(z) is calculated by derivatives
of Gaussians at scale 1 and applied to the Riemann potentials. The two
types of the image-based Riemannian metrics have been implemented. The
anisotropic metrics provided better results than the isotropic one, but the im-
provements were insignificant. Therefore, we selected the anisotropic metrics
in the results to be shown.

The vector field, which is used to determine the orientation of the surface
between labels, is the same used in the Riemannian metrics, i.e., v(x) =
VI(z). The flux requires determining whether the object is dark or bright
according to the background. We estimate whether a voxel is dark by the sign
of the Laplacian of Gaussian at scale 2, whereas unary potentials are used to
infer whether this voxel belongs to the object. The flux term is implemented
via edges to the terminals allowed given an arbitrary vector field, and this
potential can be submodular [35].

Higher-order potentials. The higher-order potentials require a clique set of
the target image. The cliques are also obtained from voxels whose labels
have uncertainty. For this purpose, we use textons [36, 37]. An unsuper-
vised clustering method is performed using the above 12-D responses from
registered atlas image voxels. We employ the Euclidean distance k-means
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clustering algorithm, which can be made faster through the use of an accel-
erated version with simple patches @] This algorithm returns the cluster
centroid locations. Each centroid is assigned to a texton. Next, each voxel of
the target image is labeled with a texton using the nearest cluster centroid.
A clique is formed by spatially connecting voxels that have equal textons.
We investigated changes in the number of textons. The number of cliques
remained approximately invariant when the number of textons is low. A
high number of textons increased the computational cost without resulting
in significant improvements. Thus, we used 10 textons in our experiments.
Fig [@ shows an example of cliques obtained using a ROI belonging to HFH
with 10 textons.

L -| -

\:.L(; Qﬁ-f}
e

Figure 6: From a coronal view of a ROI belonging to HFH, the obtained cliques are shown
using 10 textons. Each clique is labeled with a color. The upper row plots some slices
of the left hippocampus. The lower row presents the slices with the overlapped cliques in
colors.

The non-dominant label of each clique and its probability are inferred
from (7). The weights w! are obtained using the minimum Euclidean dis-
tance between the i-voxel of the clique and voxels whose labels do not have
uncertainty, e.g., w} is the minimum distance from i-voxel to another that
belongs to the k-structure without uncertainty. Then, these weights are nor-
malized w! %iCG(C).

Finally, the four terms of the CRF model are combined by weighting
multipliers A = {Agr, Af, Ac¢'}, and they are tuned by Dice evaluation. These
multipliers are varied in certain ranges, and their effects are measured from
the overlap between the resulting segmentation and the ground truth. The
multiplier vector is adjusted to provide the highest Dice coefficient values.
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3.1.2. The number of fused atlases

The number of fused atlases depends on the label fusion method. We
compare five label fusion methods: STAPLE, MV, WV and the two meth-
ods that we derive from our proposal (i.e., with the generative or discrim-
inative appearance model). STAPLE estimates the performance of each
transferred atlas-labeled image iteratively. STAPLE treats the label fu-
sion as a maximum-likelihood problem and solves it using the expectation-
maximization algorithm [17]. In MV, the transferred atlas-labeled images
are equally weighted. For each voxel, the label with largest agreement from
all registered atlases is assigned as the final label. A natural extension of
MYV is to improve from simple averaging to adaptive weighted averaging.
In [18], various weighting strategies were categorized into two groups: (i)
global weighted voting and (ii) local weighted voting. These authors also
showed that the global weighted method outperforms the local solution when
segmenting low-contrast brain structures. We apply to WV the same param-
eters with respect to our proposal in label prior (semi-global, MI and ¢ = 4).

Once the parameters of the label fusion methods are defined, we employ
a leave-one-out validation strategy to determinate the number of atlases that
are fused to the target image for each label fusion method [11]. In our label
fusion methods, we only use the unary potentials in the proposed CRF model.
The unary potentials depend on the number of fused atlases. By contrast, the
pairwise potentials depend exclusively on the target image, and the higher-
order potentials depend on the quality of the unary potentials, the cliques
and the target image. Using this procedure, we decouple the determination
of the number of the atlases to be fused and the tuning of A in our proposal.

In all label fusion methods, the atlases are ranked using the MI mea-
sure between the target image and each atlas image. The ¢-first atlases are
non-rigidly registered into the target image. Fig. [ shows how the segmen-
tation accuracy varies with the number of fused atlases. Each plotted point
shows the average DICE coefficient in segmenting all of the target images for
the number of fused atlases. We observe a difference between fusion meth-
ods that only use the transferred labeled atlases (STAPLE and MV) and
those that employ all information of the registered atlases and the target
image (WV and our unary potentials). As previously reported in [18], the
STAPLE-based fusion rule does not necessary lead to higher Dice coefficients
compared to the majority voting rule. Our unary potentials outperform WV,
particularly with the discriminative appearance model. We observe that our

21



IBSR: Left Hippocampus IBSR: Right Hippocampus

STAPLE

Mean DICE evolution

0741

8 10 12 14 16 18 } 2 a 6 8 10 12 14 16 18
Number of fused atlases Number of fused atlases

HFH: Left Hippocampus HFH: Right Hippocampus

e L d

:

Mean DICE evolution

s o~ Q\&’&b/e\o :

°
o o
> &

O

|
L L
°
o o
> &

o
o
&

o

o

&

5 0 5
Number of fused atlases Number of fused atlases

Figure 7: Relationship between the segmentation accuracy and the number of fused atlases.
Plots show the mean DICE in all target images against the different number of fused
atlases and for the five label fusion methods: STAPLE, MV, WV, unary potentials using
the generative model (GN) and the discriminative model (DS).

appearance models are able to work with the label prior model and improve
the segmenting results.

From this experiment, we fix the number of the fused atlases for each
label fusion method as follows: a) STAPLE: 5, b) MV: 5, ¢) WV: 15, d)
Generative CRF: 15, and e) Discriminative CRF: 15.

3.1.3. The effects of different potentials

We investigate the segmentation results on the IBSR and HFH databases
when the potentials of the proposed CRF model are modified. We compare
between the generative and discriminative appearance models combined with
the other potentials.

Table [I] presents the quantitative segmentation results for the generative
and discriminative models on the IBSR and HFH databases. Five com-
binations of the proposed CRF model are evaluated: a) only with unary
potentials, b) unary and pairwise potentials without the influence of flux,
¢) unary and pairwise potentials with the influence of flux, d) unary and
higher potentials and e) the full CRF model. The weighting multipliers are
also reported for each case in the table. There are several conclusions. (1)
The unary potentials are the most powerful in the classification task. (2)
The pairwise and higher potentials improve the segmentations, making them
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Table 1: Average values and standard deviations of the DICE coefficients for all train-
ing images belonging to IBSR/HFH data using the generative/discriminative appear-
ance models with different combinations of potentials: a) Ag = Ay = A¢ = 0, b)
Af = Ac¢ = 0, Ag = {0.5,0.25,0.5,0.5}, ¢) A\¢ = 0, Ag = {0.5,0.25,0.75,0.5},
A = {0.05,0.025,0.025,0.025} d) Ap = Ay = 0, A\c = {0.2,0.2,0.75,0.25}, ) Ag =
{0.5,0.2,0.75,0.4}, Ay = {0.05,0.025,0.025,0.02}, A\c = {0.5,0.2,0.25,0.6}. The four el-
ements of A are the values that correspond to the use of the generative/discriminative
appearance models for IBSR and HFH data, respectively.

Type IBSR HFH

Generative Discriminative Generative Discriminative
a) Unary LH 0.805 4= 0.042 0.822 + 0.044 0.749 £+ 0.076 0.778 4+ 0.065
Potentials RH 0.814 4+ 0.055 0.828 + 0.055 0.759 + 0.060 0.795 + 0.034
b) Unary + LH 0.810 4 0.042 0.825 4+ 0.042 0.757 £ 0.078 0.780 + 0.066
Riemann RH 0.821 4+ 0.049 0.830 + 0.056 0.772 £ 0.060 0.797 + 0.035
¢) Unary + LH 0.810 4= 0.042 0.826 + 0.042 0.758 £ 0.078 0.779 4+ 0.066
Pairwise RH 0.821 4+ 0.049 0.830 + 0.055 0.774 £+ 0.060 0.797 + 0.034
d) Unary + LH 0.809 4 0.039 0.826 4+ 0.043 0.751 £ 0.076 0.780 + 0.066
H. potentials RH 0.817 4+ 0.052 0.831 + 0.056 0.763 £ 0.058 0.797 + 0.034
¢) Proposed LH 0.814 4+ 0.039 0.826 + 0.042 0.759 £ 0.076 0.781 4+ 0.066
CRF model RH 0.820 + 0.050 0.831 + 0.055 0.775 £ 0.060 0.798 + 0.032

more accurate and robust. These potentials result in the object contour be-
ing more accurately delineated. (3) The pairwise potentials that take into
account the orientations of the segmentation surfaces do not result in sig-
nificant improvements. (4) The performance of the proposed higher-order
potentials is comparable to that of the pairwise potentials. (5) The full
CRF model provides slight improvements to any of the previous combina-
tions of the proposed CRF model. (6) To further generalize the model,
the weighted multipliers A are tuned to the same values for both the left
and right hippocampus. Note that the values of A are similar between the
two databases: (i) with the generative appearance model, the values are
Argsr = {0.5,0.05,0.5} and Ayrg = {0.75,0.025,0.25}), and (ii) with the
discriminative appearance model, the values are A;psg = {0.2,0.025,0.2}
and Agrg = {0.4,0.02,0.6}). The proposed CRF model is shown to be
robust to variability in the databases.

Fig.®shows the hippocampal segmentation results for the best, one mean,
and the worst subject using the proposed CRF with the discriminative ap-
pearance model.
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Figure 8: Left and right hippocampal segmentation for the subject with the best Dice
coefficient (top), a mean Dice coefficient (middle), and the worst case (bottom) obtained
using our proposed CRF model with the discriminative appearance model. The manual
segmentations are shown in red, and the segmentations obtained with our method are
shown in blue.

3.2. Results

Given the number of fused atlases and the parameters of the label fusion
methods, Table 2] presents the quantitative segmentation results for each
label fusion method and each ROI on the IBSR and HFH databases.

Statistical significance is evaluated using the Wilcoxon signed-rank test,
where a p—value < 0.05 shows significant improvement. Given the DICE
coefficient distributions of the full CRF model with the discriminative ap-
pearance model as references, the p—values are shown in Table [ for the
DICE coefficient distributions corresponding to the other label fusion meth-
ods. These values indicate significant improvement between our approach
and other conventional approaches. Furthermore, note that there is no sig-
nificant improvement when the discriminative model is replaced by the gen-
erative model.

Figure [0 presents the qualitative results of the five label fusion meth-
ods in terms of surface renderings of the left and right hippocampus for a
subject. We have selected a representative patient for each database. Each
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Table 2: Average values and standard deviations of the DICE coefficients for all training
images belonging to IBSR/HFH data using the following approaches: STAPLE, MV, WV,
full CRF with the generative appearance model and the discriminative model.

Type IBSR HFH
LH || 0.793 £0.040 | 0.726 +0.120
STAPLE RH || 0.804 £ 0.057 | 0.742 4+ 0.063
Majority LH || 0.791 +0.040 | 0.714 £ 0.127
Voting RH || 0.798 £0.052 | 0.739 +0.074
Weighted LH || 0.805 4 0.042 | 0.744 4+ 0.067
Voting RH || 0.817 £0.053 | 0.760 4 0.060
Generative LH | 0.814 +0.039 | 0.759 + 0.076
CRF model RH || 0.820 £ 0.050 | 0.775 4+ 0.060
Discriminative LH || 0.826 +£0.042 | 0.781 £ 0.066
CRF model RH || 0.831 £0.055 | 0.798 4+ 0.032

Table 3: p—values using the DICE coeflicient distributions of the full CRF model with the
discriminative appearance model as a reference.

Approach IBSR HFH
LH || p=0.006 | p=0.008
STAPLE RH || p=10.08 p = 0.0002
MV LH || p=10.007 | p=0.0006
RH || p=0.02 p = 0.0004
LH || p=10.025 | p=0.01
wv RH || p=0.14 p = 0.008
. LH || p=0.12 p=0.25
Generative RH || p = 0.15 p =014
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segmentation strategy is compared to the manual gold standard labels. False
positive voxels are drawn in green, and false negative voxels are shown in red.
Visually, one can observe less red and green regions in the fusion results, indi-
cating better segmentations. Our approach presents fewer false positives and
negatives compared to other fusion methods. These images also indicate that
the resolutions and manual protocols are different in each database , ]

IR IRIFIE,
RINIRIRIN

Figure 9: Results for the (a) STAPLE, (b) majority voting, (c) weighted voting, (d)
generative approach and (e) discriminative approach. The images show surface renderings
of the left and right hippocampus in the same patient for each database. The first row
corresponds to a subject belonging to IBSR data, and the second row corresponds to HFH
data. The manually labeled structures are rendered in purple and blue. Green regions
indicate false positives, and red regions indicate false negatives.

The evaluation of the test images belonging to the HFH database is per-
formed by an external team by submitting the results to a web site ﬂﬁ] The
given evaluations are of the entire hippocampus (see Table @]). These results
are consistent with the values obtained in the training images of the HFH
database.

Comparing segmentation results between different reported methods is
always difficult. The quality of the databases used for validation, the anatom-
ical definition of the structure, the quality of expert segmentations, the pop-
ulations studied and the different measures reported all make comparison of
the results difficult. With these caveats in mind, we compare our segmen-
tation results with other approaches that used the same databases. Liu et
al. @] developed an auto context model to segment the sub-cortical struc-
tures from T1W MR images. Their technique combines a discriminative
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Table 4: Average values and standard deviations of the DICE coefficients for all 25 test im-
ages belonging to HFH data using the proposed CRF model with the following appearance
models: a) generative and b) discriminative.

Type Dice

Generative LH+RH | 0.760 £ 0.053
Discriminative LH-+RH | 0.778 £ 0.047

model for appearance with a label prior term. They tested their approach
on IBSR data and compared their approach with FreeSurfer [42], which has
been widely in this field. They reported average Dice coefficients of 0.75
and 0.74 for the hippocampus in FreeSurfer and their approach, respectively.
The IBSR data were also used for the weighted voting method proposed by
Artaechevarria et al. [18]. The best average Dice coefficients were 0.74 and
0.76 for the left and right hippocampus, respectively.

Jafari-Khouzani et al. [47] developed the HFH data. They evaluated two
approaches on the HFH database: (i) Parser [8] and (ii) classifier fusion and
labeling (CFL) [11]. Brain Parser uses Adaboost to select and fuse a set
of features from the training data to obtain the discriminative appearance
model. It is combined with a generative shape model. Jafari-Khouzani et al.
reported an average Dice coefficient of 0.64 for the hippocampus. In CFL, the
selected atlases are co-registered to the target image, and their transferred
labels are fused using the vote rule. The authors reported a Dice coefficient
of 0.75 for the hippocampus. Therefore, our results are as good as or even
better than those previously reported. Table B shows the results reported in
the literature obtained on the IBSR and HFH datasets. These comparatives
show that the proposed approach is very competitive with respect to recently
reported methods.

Table [6] presents the average values and standard deviations of the com-
puting times in seconds for all training images. We only report the times
for non-rigid registrations of the images and label fusions. The computa-
tional complexity is primarily due to the registration of the selected atlases
into the target image. The computational time for segmentation increases
linearly with the number of atlases that have to be registered. However,
due to the availability and low cost of multi-core processors, this approach
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Table 5: Comparison of the proposed method with other segmentation methods using the
mean DICE coefficient on IBSR and HFH data.

Proposed | Brain Parser | CFL
CRF model 8, 47] [11, 47]
LH-RH | 0.781-0.798 0.64 0.75
Proposed Fischl Liu Artaechavarria
CRF model | et al [42] | et al [29] et al [18]
LH-RH | 0.826-0.831 0.75 0.74 0.74-0.76

Table 6: Average values and standard deviations of the computing times in seconds for all
training images ([Dual CPU] Intel Xeon E5520 @ 2.27 GHz)

Type IBSR HFH
Renistration L | 80-18 £ L74 | 41.63 061
CEISIation  py | 31.82+1.99 | 39.28 + 0.69
Label LH | 9.46 £ 1.09 | 39.53 % 6.93
fusion RH | 9.21+0.76 | 38.06 & 5.98

is becoming more feasible. The task of non-rigid registrations has been par-
allelized. The registration of the 15 first atlases in a ROI requires less than
45 seconds. The computing times of the registration tasks have a weak de-
pendence on the image resolution because B-Spline uses an isotropic grid
with the same physical units (i.e., the spacing is specified in millimeters). By
contrast, the computational cost of the label fusion method depends on the
image resolution. Our approach takes an average of approximately 80 and
160 seconds for fusing labels (included non-rigid registrations) of both the
left and right hippocampus on images belonging to IBSR and HFH, respec-
tively. The code of the label fusion methods is not yet optimized; thus, the
computing times can be easily reduced. The scripts used in this study are
available at https://www.nitrc.org/projects/1f_crf/.
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4. Discussion and conclusion

We introduce a label fusion method that is based on a CRF model and on
ROIs. After dividing the image into anatomically meaningful regions, a CRF
model is used to fuse the registered atlases in each ROI. The CRF model is
characterized by a pseudo-Boolean function defined on unary, pairwise and
higher-order potentials. The unary potentials combine an appearance model
based on multiple features with a label prior using a weighted voting method.
We compare a generative appearance model with a discriminative appearance
model. The discriminative appearance model provides better results than the
generative model, but it does not result in significant improvements. During
the experiments, our appearance models are able to work with the label
prior model and improve the segmentation results. Unary potentials were
determined to be the most powerful term in the CRF model. An image-based
Riemannian metric and the orientation of the segmentation surface are used
to define pairwise potentials. The defined anisotropic Riemannian metric is
selected to provide experimental results that are better than those provided
by the isotropic metric. The orientation term of the segmentation surface
is solved by estimating whether the object is darker or brighter than the
background. The signs of the Laplacians of Gaussians and unary potentials
are used to infer whether a voxel is dark or bright and whether it belongs
to the object. Unary and pairwise potentials are coupled with higher-order
potentials. The proposed higher-order potentials enforce label consistency in
the cliques according to the estimations of unitary potentials and Euclidean
distances. The cliques are clustered by spatially connecting voxels that have
equal textons. After inferring the probabilities of each label in a clique, this
potential family attempts to split the voxels of this clique between the labels
related to these probabilities and the Euclidean distances between the voxels
of this clique and the labeled regions without uncertainty:.

These higher-order potentials only work if the cliques are homogeneous
in appearance terms. Precisely, these cliques have greater difficulty in being
correctly classified because the appearance models are not able to discern
between labels. On the other hand, the cliques are only extracted in voxels
where there are discrepancies among the transferred labeled atlases. These
drawbacks are overcome by adding extra information through the higher-
order potentials: (i) collective estimations that the cliques belong to a label
using the unary potentials and (ii) the Euclidean distances between voxels of
a clique and the labeled regions without uncertainty.
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The proposed higher-order potentials are representable by graphs. An
auxiliary binary variable is added to the graph for each clique. In our exper-
iments, the performance of the new higher-order potentials is comparable to
that of the pairwise potentials. Finally, a globally optimal binary labeling is
found using a st-mincut algorithm in each ROI.

During our experiments, we applied the same parameters of the non-
rigid registrations to both databases. To further generalize the proposed
CRF model, the weighted multipliers A were tuned to the same values for
both the left and right hippocampus. Note that the values of A are similar
between the two databases. The proposed CRF model is shown to be robust
to variability in the databases.

We compare our approach with other label fusion methods in the auto-
matic hippocampal segmentation from T1W-MR images. We demonstrate
that the proposed approach is very competitive with respect to recently re-
ported methods.The scripts used in this study are available
at https://www.nitrc.org/projects/1f_crf/.

The label fusion problem using the proposed CRF model reveals several
points. (1) The k-NN appearance model could be replaced by other discrimi-
native approaches, such as sophisticated randomized trees or boosting-based
classifiers. Preliminary results on random forest [65] have shown similar
results but with a higher computational cost (note that the discriminative
model must also be trained at runtime). (2) With our experiments, we can
not draw definitive conclusions regarding the proposed higher-order poten-
tials. Although their performances are comparable to those of the pairwise
potentials, more experiments are required for validation. This potential fam-
ily may exhibit better performance in other contexts. (3) Although the label
prior term imposes a prior shape, these constraints are reflected in a unary
potential. The prior shape constraints should also be formulated in pairwise
and higher-order potentials [66, [67]. We leave this issue for future work.

Another outstanding issue is the patch-based labeling approach. We be-
lieve that both approaches, label fusion methods using non-rigid registrations
and patch-based labeling methods, are complementary and could work to-
gether to improve the results based on multi-atlas segmentation.
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