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The cerebellumplays an important role in bothmotor control and cognitive function. Cerebellar function is topo-
graphically organized and diseases that affect specific parts of the cerebellum are associated with specific pat-
terns of symptoms. Accordingly, delineation and quantification of cerebellar sub-regions from magnetic
resonance images are important in the study of cerebellar atrophy and associated functional losses. This paper
describes an automated cerebellar lobule segmentation method based on a graph cut segmentation framework.
Results frommulti-atlas labeling and tissue classification contribute to the region terms in the graph cut energy
function and boundary classification contributes to the boundary term in the energy function. A cerebellar
parcellation is achieved by minimizing the energy function using the α-expansion technique. The proposed
method was evaluated using a leave-one-out cross-validation on 15 subjects including both healthy controls
and patients with cerebellar diseases. Based on reported Dice coefficients, the proposed method outperforms
two state-of-the-art methods. The proposed method was then applied to 77 subjects to study the region-
specific cerebellar structural differences in three spinocerebellar ataxia (SCA) genetic subtypes. Quantitative
analysis of the lobule volumes shows distinct patterns of volume changes associated with different SCA subtypes
consistent with known patterns of atrophy in these genetic subtypes.

© 2015 Elsevier Inc. All rights reserved.
Introduction

The cerebellumplays an important role inmotor control and sensory
integration and is also involved in cognitive functions such as attention,
language, and the regulation of fear and pleasure responses. As in the
cerebrum, cerebellar function is specialized by location (Stoodley and
Schmahmann, 2009; Schlerf et al., 2010; Strick et al., 2009), and there-
fore diseases that affect specific parts of the cerebellum are associated
with specific patterns of symptoms (Bürk et al., 1996; Ying et al.,
2006). Pronounced regional cerebellar atrophy is known to occur in
the spinocerebellar ataxias (SCAs) (Bürk et al., 1996; Ying et al., 2006;
Jung et al., 2012a), while more subtle regional cerebellar atrophy has
been observed in several other neurological diseases such as Parkinson's
disease (Bhattacharya et al., 2002; Wu and Hallett, 2013), Huntington's
disease (Rodda, 1981), (Rub et al., 2013), Alzheimer's disease (Sjobeck
uter Engineering, JohnsHopkins
ore, MD 21218, USA. Fax: +1
and Englund, 2001), andmultiple sclerosis (Kutzelnigg et al., 2007). Ac-
curate delineation of the cerebellum as a whole as well as further
parcellation into lobes and lobules can be used to better understand cer-
ebellar structural change and to diagnose and monitor disease.

Although the cerebellum has a fairly regular structure (Schmahmann
et al., 1999)—known, in particular, to be less variable than the cerebrum
(Lancaster et al., 2000)—it nevertheless remains challenging for both
manual raters and automatic algorithms to consistently and reliably
label the parts of the cerebellum frommagnetic resonance (MR) images.
For example, experts (requiring thousands of hours of training), take
50–60 h to label the whole cerebellum, its lobes, and its lobules
(Bogovic et al., 2013b). Although time and cost can both be reduced by
using multiple inexpert raters (Bogovic et al., 2013b), the time and effort
still remain considerable, and consistency of the results across different
sets of raters may be poor.

The cerebellar cortex consists of a thin sheet of convoluted graymat-
ter (GM) wrapped around white matter (WM) branches emanating
from a central mass of white matter called the corpus medullare (CM).
Parts of the cerebellum including and surrounding specificwhitematter
branches are called lobules and are referred to using roman numerals
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Table 1
Cerebellar lobes and lobules. Left lobule I–IV indicates the union of lobules I through IV.

Lobe Lobule

Left anterior lobe Left lobule I–IV, Left lobule V
Right anterior lobe Right lobule I–IV, Right lobule V
Left middle lobe Left lobule VI, Left lobule VIIA (CRUS I), Left lobule VIIA (CRUS II)
Right middle lobe Right lobule VI, Right lobule VIIA (CRUS I), Right lobule VIIA

(CRUS II)
Left caudal lobe Left lobule VIIB, Left lobule VIIIA, Left lobule VIIIB, Left lobule

IX, Left lobule X
Right caudal lobe Right lobule VIIB, Right lobule VIIIA, Right lobule VIIIB, Right

lobule IX, Right lobule X
Superior vermis Vermis VI, Vermis VII
Inferior vermis Vermis VIII, Vermis IX, Vermis X
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from I to X (Schmahmann et al., 1999). Some of these lobules are them-
selves subdivided and referred to by appending an uppercase letter of
the alphabet; for example, lobule VII is divided into VIIA and VIIB.
Specific groups of lobules are referred to as lobes; for example, lobules
I through V make up the anterior lobe. The boundary between lobes is
called a fissure. Fig. 1 shows manually labeled regions with their
names overlaid onMR images fromdifferent orientations. Allmanual la-
bels are provided by a trained expert according to the manual delinea-
tion protocol in Bogovic et al. (2013b). See Table 1 for the list of lobes
and its lobules used in this paper. Fig. 1 also showsmanually labeled re-
gions overlaid on the MR images of a healthy subject and an ataxia pa-
tient. Note the significant gray matter atrophy in the ataxia patient's
cerebellum.

Various automated methods such as FreeSurfer (Fischl et al., 2002),
TOADS (Shiee et al., 2010), and others (Ciofolo and Barillot, 2009)
provide a cerebellum segmentation result as part of their whole-brain
segmentation method. These methods typically provide a whole cere-
bellum segmentation and also segment its gray matter (GM) and
white matter (WM). Several specialized methods for segmenting just
the cerebellum itself have also been developed; one method uses atlas
registration and local image descriptors (van der Lijn et al., 2009) and
another uses an active contour model with a shape prior (Hwang
et al., 2011).

For a parcellation of the cerebellum into lobes and lobules, atlas based
methods are typically used. In thesemethods one ormore atlas brains are
registered to the subject to be segmented and the atlas labels are trans-
ferred to the subject brain. Diedrichsen (2006) developed a spatially un-
biased atlas template of the human cerebellum (SUIT) and later revised
it with a probabilistic atlas (Diedrichsen et al., 2009). Multi-atlasmethods
reduce the bias towards a specific atlas, and have been shown to be effec-
tive combined with various label fusion strategies (Warfield et al., 2004;
Heckemann et al., 2006; Artaechevarria et al., 2009). However, the accu-
racy ofmulti-atlasmethods is limited by the quality of the registration re-
sult, which is in turn affected by the difference in cerebellar geometry of
the atlas and subject. Cerebellar parcellation of subjects with extreme at-
rophy can therefore be expected to be poorwhenusing these approaches,
which is undesirable for quantitative analysis of group structural differ-
ence or studying structural-functional correlations. Various label fusion
strategies have been proposed to solve these problems in different seg-
mentation tasks (Aljabar et al., 2009; Asman et al., 2012; Asman and
H
ea

lt
h

y 
co

n
tr

o
l

A
ta

xi
a 

p
at

ie
n

t

Axial Sagi

CM
VI
CRUS I

CRUS II

I-V

X vermis

IX vermi
VII vermis

X vermis
IX vermis
VIII vermis

Fig. 1.Annotated examples of the cerebellar lobules in three different views. The top and bottom
ataxia patient respectively.
Landman, 2013; Tang et al., 2013), including segmenting cerebellar sub-
structure (Weier et al., 2014). There has been limited work on studies
containing both healthy and patients with cerebellar atrophy. Bogovic
et al. proposed ACCLAIM (Automatic Classification of Cerebellar Lobules
Algorithm using Implicit Multi-boundary evolution) (Bogovic et al.,
2013a), which used a multi-object geometry deformable model driven
by random forest boundary classification. The method demonstrated su-
perior performance in comparison to the SUIT atlas-based labelingmeth-
od and a multi-atlas labeling approach (Warfield et al., 2004), and was
shown to perform well on both healthy controls and cerebellar ataxia
patients.

Themethod described in this paper combines multi-atlas labeling
result and tissue/boundary classification in a graph cut segmentation
framework. In particular, the multi-atlas and tissue classification re-
sults together determine the region terms in the graph cut energy
function while the boundary classifier determines a boundary term
in the energy function. The multi-atlas component ensures the cor-
rect localization of different lobules, and tissue/boundary classifica-
tion promotes accurate delineation of lobule boundaries. The
proposed method is assessed on a cohort of 15 subjects, including
both healthy controls and patients with various degrees of cerebellar
atrophy, for which expert manual labels are also available. The pro-
posed method outperformed both a state-of-the-art cerebellar lob-
ule segmentation method, ACCLAIM, and a state-of-the-art multi-
atlas labeling method, non-local STAPLE (Asman and Landman,
ttal Coronal
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2013), especially on patients with large cerebellar atrophy. To fur-
ther validate the proposedmethod and demonstrate its effectiveness
in group study, it was applied to a cohort of 77 subjects containing
both healthy controls and patients diagnosed with different sub-
types of spinocerebellar ataxia (SCA). Quantitative analysis of the
lobule volumes show distinct patterns of volume changes associated
with different SCA subtypes consistent with known patterns of atro-
phy in these genetic subtypes.

Materials and methods

Materials and image preprocessing

T1-weighted magnetization prepared rapid gradient echo (MPRAGE)
images of 92 subjects were acquired on a 3.0 T MR scanner (Intera, Phil-
lips Medical Systems, Netherlands). The parameters of the MPRAGE are:
132 slices, axial orientation, 1.1 mm slice thickness, 8° flip angle, TE =
3.9 ms, TR= 8.43ms, FOV 21.2 × 21.2 cm, matrix 256 × 256 (resolution:
0.828125 × 0.828125 × 1.1 mm). 15 of the 92 subjects, containing both
healthy controls (HCs) and patients, were manually delineated by an ex-
pert with over 5000 h of training, using the protocol described in Bogovic
et al. (2013b). Table 1 lists the lobules that were delineated, grouped by
lobes. Table 2 summarizes the demographic information of each diagnosis
group, in the expert delineated subject set and in the set with no expert
delineation.

The MR images were preprocessed using FreeSurfer version 5.3.0
(Fischl et al., 2002). As part of this procedure, each MR scan was trans-
formed into the MNI space (Evans et al., 1992, 1993) and a skull-
stripped and intensity normalized image Is was generated along with an
initial tissue classification of the cerebellum into gray matter (GM) and
white matter (WM). We then cropped Is to contain only the cerebellum,
and the cropped image I was used in all subsequent processing. For the
15 subjects with manually delineated labels, the labels were transformed
from the native image space into the same space as the preprocessed im-
ages so that the images and their corresponding manual labels are
aligned.

Graph cut segmentation framework

Let∈Ω be a voxel location in a set of discrete voxel locationsΩ in the
image domain. An image segmentation is a label assignment A(x) that
maps each voxel location x to an integer label k ∈ {0, 1, 2, …, K}. In our
formulation, 0 represents background and each non-zero integer repre-
sents a finest-grain anatomical structure (see Table 1). The number of
structures to be segmented is 26 (i.e., K = 26).

Graph cut methods (Boykov et al., 2001; Boykov and Funka-Lea,
2006) are widely used in various image segmentation tasks for their ro-
bustness and accuracy. It casts the energy-based image segmentation
problem in a graph structure and finds the optimal solution by efficient
min-cut algorithms. A typical graph cut energy function E(A) includes a
region term (unary potential) and a boundary term (pairwise
Table 2
Demographic information on both the set of 15 subjects with expert delineation and the
set of 77 subjects without expert delineation. Key: N is the number of subjects; m/f is
the male/female ratio; Age is the mean age; SD is the standard deviation of the age; HC
stands for healthy control; CB stands for people who have symptoms of cerebellar dys-
function but no genetic diagnosis; SCA2, SCA3 and SCA6 are in turn spinocerebellar ataxia
type 2, type 3, and type 6.

Expert delineated No expert delineation

N (m/f) Age (SD) N (m/f) Age (SD)

HC 6 (2/4) 54.3 (14.7) 44 (19/25) 56.5 (12.9)
CB 3 (1/2) 54.3 (8.0) – (–/–) – (–)
SCA2 – (–/–) – (–) 4 (3/1) 48.8 (8.8)
SCA3 – (–/–) – (–) 7 (2/5) 51.7 (9.3)
SCA6 6 (2/4) 55.3 (12.6) 22 (6/16) 58.8 (8.4)
potential), evaluated for the label assignment A(x). In our approach,
the graph cut energy function is formulated as

E Að Þ ¼ λl

X
x∈Ω

R1 x;A xð Þð Þ
zfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflffl{Lobul region term

þλc

X
x∈Ω

Rc x;A xð Þð Þ
zfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflffl{Cerebellum region term

þ
X

x; yð Þ ∈ Γ
A xð Þ ≠ A yð Þ

B x; yð Þ;
zfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflffl{Boundary term

ð1Þ

where the constants λl and λc weight the two region terms relative to
the boundary term. Γ is the set of all unordered 26-connected neighbor-
hood voxel pairs. The lobule region term Rl(x, A(x)) specifies the cost of
assigning a lobule label A(x) to a voxel x. It is computed based on a
multi-atlas labeling result, and controls the overall shape of thefinal seg-
mentation. The cerebellum region term Rc(x, A(x)) specifies the cost of
assigning cerebellar (A(x) ≠ 0) or non-cerebellar label (A(x) = 0),
i.e., background, to a voxel x. It is computed based on a cerebellar tissue
classification result and aims to refine the lobule-background boundary.
The boundary term B(x, y) specifies the cost of assigning a pair of neigh-
boring voxels (x, y) with different lobule labels. It is computed using a
boundary voxel classification result and it refines both the lobule-
lobule and the lobule-background boundaries. The definition of these
energy terms is the key to a good segmentation, which we will describe
in detail in the following sections.

For this multiple label assignment problem, we use the α-expansion
optimization strategy (Boykov et al., 2001; Boykov and Funka-Lea,
2006) which successively segments all α and non-α voxels (where α
represents a particular label) using the max-flow/min-cut algorithm
and then iterates over each label (assigned as the α label) until the
label assignments converge.

Fig. 2 shows the diagram of the proposed method. First the MR
image is preprocessed as described in the section ‘Materials and image
preprocessing’. Then, multi-atlas registration and label fusion are car-
ried out to obtain the lobule region term. Tissue classification is per-
formed to obtain the cerebellum region term and boundary
classification is performed to obtain the boundary term. Finally, the
graph cut energy function is minimized to produce the final segmenta-
tion result. In the following subsections, we describe in detail the spec-
ification and computation of each energy term in our graph cut
formulation.

Lobule region term

In this section, we define an energy term based on amulti-atlas label-
ing result, which serves as a coarse segmentation of the cerebellar lobules.
Multi-atlas labeling methods register a set of labeled images to the test
subject, transfer their labels, and then decide on a single label at each
voxel given the set of transferred labels. Various approaches have been
proposed for label fusion—e.g., majority voting (Rohlfing et al., 2001),
similarity weighted voting (Artaechevarria et al., 2009; Isgum et al.,
2009; Coupé et al., 2011), and statistical fusion (Warfield et al., 2004;
Asman and Landman, 2011; Landman et al., 2012). Statistical methods
like STAPLE (Warfield et al., 2004) and its variants (Asman and
Landman, 2011; Landman et al., 2012) compute a probabilistic estimate
of the true segmentation and the rater performances, and are among
the very best performers in the label fusion task. In this work, we use
the non-local STAPLE (NL-STAPLE) algorithm proposed by Asman and
Landman (2013). NL-STAPLE models the registered atlases as collections
of volumetric patches containing both intensity and label information. It
uses the non-local criteria (Coupé et al., 2011; Buades et al., 2005) to im-
prove results that are otherwise flawed by imperfect registration results.

Each atlas is made up of a preprocessed image I together with a
registered expert delineation. To carry out multi-atlas labeling, each of
the atlas images is deformably registered to the subject image using
the symmetric image normalization method (SyN) (Avants et al.,
2008) implemented in the Advanced Normalization Tools (ANTS)
(Avants et al., 2011). We use mean square intensity difference as the
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similarity term in registration. The optimization in registration is per-
formed over two resolutions with a maximum of 10 iterations at the
coarse level and 10 at the full resolution. The atlas label is transformed
to the subject space using the corresponding deformation field. The
transformed labels from all atlases are then fused using NL-STAPLE to
produce Am(x), a multi-atlas subject label.

This multi-atlas labeling result represents a state-of-the-art cerebel-
lar segmentation result by itself, but here we use it as a preprocessing
step to help specify the lobule region term in our graph cut energy. In
particular, given themulti-atlas labeling result Am(x) we define the lob-
ule region term as

Rl x;A xð Þð Þ ¼ min
y∈ΦA xð Þ

x−yk k; ð2Þ

where ΦA(x) = {y ∈ Ω|Am(y) = A(x)} is the region labeled A(x) in the
multi-atlas labeling result. Evaluated at each voxel x, the term
Rl(x, A(x)) yields the distance to region ΦA(x), If A(x) actually agrees
with Am(x), then the term Rl(x, A(x)) = 0. When A(x) ≠ Am(x), the
term increases as x gets farther away fromΦA(x). Consequently, this lob-
ule region term encourages the final segmentation result to agree with
the multi-atlas labeling result.

Cerebellum region term

In this section, we define an energy term that refines the boundary of
the cerebellum. Neither the FreeSurfer nor multi-atlas labeling provides
accurate boundary between the and non-cerebellum region. FreeSurfer
consistently under-estimates the cerebellum region, i.e., it labels cerebel-
lar lobule voxels as background. Multi-atlas labeling, on the other hand,
tends to over-estimate the cerebellum region, i.e., it labels background
voxels as cerebellar lobule voxel, especially when the cerebellum has ex-
perienced atrophy, such as that which occurs in spinocerebellar ataxia.
This occurs even when atrophied cerebellum are included among the
atlases used to provide the multi-atlas labeling result. A better result can
be achieved by directly carrying out a cerebellum segmentation step. Sev-
eral approaches for whole cerebellum segmentation have been proposed
(Ciofolo and Barillot, 2009; Hwang et al., 2011). To differentiate cerebel-
lum from non-cerebellum region, these methods typically use intensity
and texture information together with prior information about the posi-
tion and shape of the cerebellum. In our work, both image and spatial in-
formation are used to train a voxelwise cerebellar tissue classifier. This
result is then used to define the cerebellum region term in our graph
cut energy function.

Two types of features are used to distinguish cerebellar voxels from
non-cerebellar voxels in a preprocessed image I. The first type of fea-
tures are image features including the intensity, the magnitude of the
image gradient, and the trace and determinant of the Hessian matrix
of the intensity. The second type of features are spatial features includ-
ing the spatial coordinates relative to the centroid of the estimated
corpus medullare (CM) and the signed distance of the voxel to the
boundary of the estimated CM. The estimated CM is obtained by apply-
ing amorphological opening operation (using a circular structuring ele-
ment of diameter 5 pixels) to the cerebellar WM mask obtained from
the FreeSurfer segmentation result. This opening operation removes
WM branches inside the lobules, yielding a better estimate of the CM.
A feature vector u(x) comprising the values of these eight features is
constructed for each voxel x.

We use random forests (Breiman, 2001) to perform the classification
of cerebellar and non-cerebellar voxels given the feature vector u(x).
Random forests have been shown to achieve robust and accurate classi-
fication while avoiding over-fitting (Breiman, 2001). To form the train-
ing samples, voxels were sampled from the two classes, cerebellar and
non-cerebellar tissue, among the images of the training subjects
(which are the same set of labeled subjects used in themulti-atlas label-
ing step described in section ‘Lobule region term’). To generate the
training samples, 1000 voxels were randomly sampled from each class
of each subject. For the random forest configuration, an ensemble of
500 decision trees were constructed, and each decision node within a
decision tree used a random subset of two of the eight input features.

Let Ac(x) be the class output by the random forest classifier at voxel x
where Ac(x)= 1 represents a cerebellar voxel and Ac(x)= 0 represents
a non-cerebellar (background) voxel. We use this to define the cerebel-
lum region term used in our graph cut energy as follows

Rc x;A xð Þð Þ ¼ miny ∈ Ψ0 x−yk k; if A xð Þ ¼ 0
miny ∈ Ψ1 x−yk k; if A xð Þ≠0

�
; ð3Þ

whereΨ0 = {y ∈Ω|Ac(y) = 0} is the region classified as non-cerebellum
by the random forest classifier andΨ1 = {y ∈ Ω|Ac(y) = 1} is the region
classified as cerebellum. The cerebellum region term Rc(x, A(x)) acts in a
fashion very similar to the lobule region term Rl(x, A(x)) in that it penal-
izes labels that disagree with the preliminarily estimated labels (in this
case by the random forest classifier) by the distance from the region
with agreeing label. For example, if the label A(x) is a cerebellar lobule
label (i.e., A(x) ≠ 0) and the random forest classifies x as cerebellar
voxel (i.e., Ac(x) = 1) then Rc(x, A(x)) = 0. However, if A(x) is a
cerebellar lobule label but the random forest classifies x as a non-
cerebellar voxel (i.e., Ac(x) = 0), the term is non-zero and increases
with its distance toΨ1, the region classified as cerebellum by the random
forest classifier. In this way, when this term is included in the graph cut
energy, as in Eq. (1), thefinal labeling is encouraged to agreewith the ran-
dom forest classification of cerebellar and non-cerebellar tissue.

Boundary term

A boundary term is used to further refine the lobule boundaries. Lob-
ule boundaries are typically characterized by high image gradients (at
boundaries between lobule and non-cerebellar tissue) or high second
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order directional derivatives (at boundaries between different lobules). In
order to encourage our graph cut segmentation algorithm to make cuts
that favor such boundaries between labels, we trained another random
forest classifier to identify boundary voxels, including both lobule–back-
ground and lobule–lobule boundaries.

The same input feature vector u(x) as in the section ‘Cerebellum
region term’ was used, and the same set of atlas images as the multi-
atlas labeling was used in training. A multiclass classifier was trained to
output the class label l∈ {1, 2, 3}. l=1 indicates a boundary voxel, defined
as any voxel having any neighboring voxel (within a 26-voxel neighbor-
hood) with a different label. So a boundary voxel can lie between any
pair of lobules or between a lobule and the background. l = 2 indicates
a lobule voxel, which is a cerebellar (non-background) voxel that is not
a boundary voxel, and l = 3 indicates a non-cerebellar (background)
voxel that is not a boundary voxel. A random forest classifier with the
same configuration as in the section ‘Cerebellum region term’was trained.
The training samples were formed by sampling 1000 voxels from each
class on each training subject. As before, 500 decision trees were used
and each decision node considered a random subset of two of the eight
input features.

It is interesting to see what features are most important in classifying
cerebellar tissue and boundary voxels. In the random forest algorithm, the
importance of an input feature u for a class l is computed as the percent
decrease in classification accuracy for l when the out-of-bag data for u is
permuted while all other features are left untouched (Breiman, 2001;
Liaw andWiener, 2002). Fig. 3 shows the feature importance for the cer-
ebellar tissue class and the boundary class output by our two random for-
est classifiers, respectively (see the section 'Cerebellum region term' and
the present section). The classifiers were both trained on the 15 expert
delineated subjects (Table 2).We can see that the two classifiers produce
similar patterns of feature importance, both relying heavily on image in-
tensity and signed distance to the CM.However, the cerebellar tissue clas-
sifier places much higher importance on image intensity and signed
distance to the CM than that of the boundary classifier, while the bound-
ary classifier places higher importance on the image gradient andHessian
features.

Rather than using the final hard classification (of l = 1, 2, or 3), we
used the outputs from the decision trees to generate a probability of
class assignment. Let hi(u(x)) be the class prediction made by the i-th
decision tree given a voxel x with feature vector u(x). Then the proba-
bility x belongs to class l can be computed as

p lju xð Þð Þ ¼ 1
500

X500

i¼1
δ hi u xð Þð Þ−l½ �; l∈ 1;2;3f g; ð4Þ
Intensity

Hessian Det.
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Fig. 3. Feature importance output by the cerebella
where δ[l] is the delta function. Fig. 4 shows a training image and its 3-
class labeling (derived from a manual labeling result) and a test image
with the probability of boundary class output from the trained random
forest.

We then define the boundary term as

B x; yð Þ ¼ 1−max p 1ju xð Þð Þ; p 1ju yð Þð Þf g; ð5Þ

which yields a small value when either one of the two neighboring
voxels has high boundary class probability and a largy value when nei-
ther voxel is likely to be a boundary voxel. When this boundary term is
used in Eq. (1), the optimal cut is encouraged to be positioned along
highly probable boundary voxels.

Energy minimization

After the energy terms described in sections ‘Lobule region term’,
‘Cerebellum region term’, and ‘Boundary term’ are computed, the
graph cut energy function in Eq. (1) is minimized using the α-
expansion algorithm (Boykov et al., 2001). We used the multi-label en-
ergy optimization library available online at http://vision.csd.uwo.ca/
code/.We chose λl= λc=1.0 in Eq. (1) empirically according to exper-
imental observations. The algorithm produces highly similar results
when λl and λc are selected in the range [0.5, 5].

Experiments

Accuracy evaluation

In this experiment, 15 subjects with expert delineated labels were
used to perform a leave-one-out validation study. In this study, each
subject was used as a test subject while the remaining 14 subjects
were used in the multi-atlas labeling phase and also as training data
for both the cerebellum tissue and boundary classifiers. In this way,
results were computed for each of the 15 subjects and statistical perfor-
mance measures were computed across these 15 subjects. See Table 2
for a summary of the diagnosis and demographic information on the
15 subjects. Three segmentation approaches were compared:
ACCLAIM (Bogovic et al., 2013a), NL-STAPLE (as described in the section
‘Lobule region term’), and the proposedmethod. To quantitatively eval-
uate the segmentation results, we first examined the overlap between
the true and automatically obtained labels for each lobule using the
radient z

Gradient M
ag.

Signed dist. to CM

Relative x

Relative y

Relative z

Cerebellar tissue classifier
Boundary classifier

r tissue classifier and the boundary classifier.

http://vision.csd.uwo.ca/code/
http://vision.csd.uwo.ca/code/
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Dice similarity coefficient (DSC). The DSC of a segmented region R
against its manual delineation T is computed as

DSC ¼ 2 R∩ Tj j
Rj j þ Tj j ;

where | ⋅ | represents the volume of a region.
Fig. 5 shows the statistics of the DSC between the manual and auto-

matic labels. For the proposed method, most of the lobules had mean
DSC above 0.70, and many were above 0.80 (CM, lobule I–IV, lobule
VI, sub-structures of lobule VII, VIII vermis, and lobule IX). The worst
mean DSC values were still above 0.60, and these occurred in lobules
with relative small volumes such as lobules V and X. These structures
also had a larger variation inDSC. Comparing the three segmentation al-
gorithms, NL-STAPLE and theproposedmethod outperformedACCLAIM
in most of the lobules, with higher mean DSC for all the lobules and
smaller DSC variance for almost all the lobules. The proposed method
outperformed NL-STAPLE in most of the lobules, especially the lobules
in the middle and caudal portions of the cerebellum (lobules XII, IX,
and X).

In order to evaluate the overall performance of segmentation on a
subject, we computed the average volume weighted DSC (ADSC) over
all lobules for each subject. The ADSC is computed as

ADSC ¼
XN

i¼1
Tij jDSCiXN

i¼1
Tij j

where DSCi is the DSC of the i-th lobule, and |Ti| is the volume of the i-th
lobule computed from the manual delineation. N is the total number of
lobules.

Table 3 lists the ADSC of each subject in the leave-one-out experi-
ment, grouped into three groups: 1)HCs,which have no cerebellar atro-
phy; 2) SCA6 patients, with atrophy varying frommild to severe; 3) CBs,
which are patients with symptoms of cerebellar dysfunction but no ge-
netic diagnosis or other diagnosis. In this particular 15 subject cohort, all
the CBs happened to have severe cerebellar atrophy. TheWilcoxon two-
sided signed rank test was carried out to compare the ADSCs of the 15
subjects produced by the proposed method and the other two, at a 5%
(a) (b)

(c) (d)

Fig. 4. Example training and prediction result of the boundary classifier. (a) Preprocessed MR
yellow indicates boundary voxels, blue indicates lobule voxels and otherwise non-cerebellar v
the random forest classifier overlaid with the image in (c).
confidence interval. The test results indicated that the proposedmethod
improved the segmentation results over the other two methods signif-
icantly in terms of ADSC, with a p-value of 1.2 × −4 when compared
with ACCLAIM and 3.3 × −3 when compared with NL-STAPLE. The
mean and standard deviation (std) of ADSC for each group were also
computed, as listed in Table 3. The proposed method has the highest
mean ADSC among the three algorithms in each group. The ADSCs of
the proposed method and NL-STAPLE were similar in the HC group.
The ADSCs of the proposed method were higher than NL-STAPLE for
all the subjects in both SCA6 and CB groups. The improvements were
most prominent in the CB group where subjects have large cerebellar
atrophy. Fig. 6 shows example segmentation results generated by the
three algorithms.We can see that NL-STAPLE and the proposedmethod
outperformedACCLAIM for both lobule location and boundary accuracy.
The proposed method showed improvements over NL-STAPLE at the
lobule boundaries, being able to capture the deep sulci and fissures.

Volumetric analysis in SCA

In this experiment, we applied the proposed segmentation method
to 77 subjects (with no expert delineation) to study the region-
specific cerebellar atrophy patterns in ataxia patients and to further val-
idate the proposed method. The 15 expert labeled subjects were used
for training. We studied three subtypes of SCA based on the volumetric
measurements of the parcellated regions of interest (ROIs) from our
method. The demographic information of the different groups is sum-
marized in Table 2. In order to compare the degrees of atrophy across
different ROIs, we evaluated a relative ROI volume computed as follows.
Let vr,s be the volume of ROI r in subject s. Let υr; HC be the average vol-
ume of ROI r over all healthy subjects. The relative ROI volume of ROI r
for subject s is computed as

~υr;s ¼ υr;s

υr;HC
:

Fig. 7 shows the statistics of the relative ROI volumes of gross ana-
tomical divisions, while Fig. 7 shows the statistics of relative ROI vol-
umes of cerebellar lobules. A two-sided Wilcoxon rank sum test was
carried out between the relative ROI volumes of each ataxia type and
1.0

0.5

0.0

image of a subject used for training. (b) Voxel class overlaid with the image in (a), where
oxels. (c) Preprocessed MR image of a test subject. (d) Boundary probability output from
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Fig. 5. Box plots of Dice similarity coefficient comparing ACCLAIM, NL-STAPLE, and the proposed method.

Table 3
The average volume weighted dice similarity coefficient (ADSC) for each subject in the
leave-one-out experiment, grouped by diagnosis. See Table 2 for a key of the diagnoses.

Method Healthy control

1 2 3 4 5 6 Mean ± std.

ACCLAIM 70.9 77.0 66.0 73.9 79.1 77.2 74.2 ± 4.9
NL-STAPLE 82.4 82.6 83.2 76.0 84.3 82.5 81.8 ± 2.9
Proposed 82.1 82.5 83.8 76.2 84.2 83.0 82.0 ± 2.9

Method SCA6

1 2 3 4 5 6 Mean ± std.

ACCLAIM 77.2 79.0 73.9 73.2 76.5 73.6 75.6 ± 2.3
NL-STAPLE 82.2 82.6 80.4 80.1 74.4 79.0 79.8 ± 3.0
Proposed 83.1 82.7 80.5 81.9 75.5 79.4 80.5 ± 2.8

Method CB

1 2 3 Mean ± std.

ACCLAIM 71.5 67.9 72.5 70.6 ± 2.4
NL-STAPLE 72.9 73.1 80.3 75.4 ± 4.2
Proposed 77.2 77.5 81.2 78.6 ± 2.2
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the HCs for each ROI, at a 5% confidence interval. The Wilcoxon rank
sum test had a null hypothesis that the ROI volumes of the two groups
have equalmedians, against the alternative that they do not. The test re-
sults are marked at the bottom of the box-plots in Figs. 6 and 7, where
one star (p-value between 0.01 and 0.05) indicates the volume differ-
ence between the patient and healthy group is statistically significant,
and two stars (p-value less than 0.01) indicates the difference has
strong statistical significance.

As shown in Figs. 7 and 8, SCA6 exhibited a global atrophy in com-
parison to the HCs, with significant atrophy across all lobules. The aver-
age relative ROI volumes against HCs were between 0.6 and 0.8 for CM,
the lobules in the anterior andmiddle lobes, and between0.7 and 0.9 for
the lobules in the posterior lobes. SCA2 showed significant atrophy of
CM, the middle lobes, and the superior vermis with relative sparing of
the posterior-inferior regions of the cerebellum. The above results
were consistent with the observations reported in Jung et al. (2012a,
2012b). For SCA3, significant atrophy was found in the CM region and
near significant atrophy was found in the anterior lobes. The fact that
no significant volume decrease was found in other ROIs partially agreed
with (Bürk et al., 1996), which reported significant volume decrease in
SCA3 against HCs in cerebellar vermis, and no significant volume change
in cerebellar hemisphere.
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Conclusion and discussion

This paper proposed a fully automated cerebellar lobule segmen-
tation method that combines a multi-atlas labeling result and tissue/
boundary classification in a graph cut framework. The multi-atlas
component ensures the correct localization of different lobules, and
tissue/boundary classification promotes accurate delineation of lob-
ule boundaries. The method was validated using a leave-one-out
Cerebellum

CM Left anterior

Right anterior

Left m
iddle

Right m
iddle

Left

** *** ** * * * * * ** *** * * * * *

Fig. 7. Box plots of relative lobe volumes for h
experiment on 15 expert delineated subjects including both healthy
controls and patients with various degrees of cerebellar atrophy. The
proposed method yielded accurate results in three groups of subjects
with mild to severe cerebellar atrophy, with mean ADSC 82.0% for
control group, 80.5% for SCA6 group, and 78.6% for CB group. The pro-
posed method outperformed two state-of-the-art cerebellum seg-
mentation methods, especially on subjects with moderate to large
cerebellar atrophy.
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Although the proposed method outperformed the other two
methods in identifying cerebellar atrophy, the segmentation results
were still biased towards the majority of the training data, in our
case, subjects with zero to moderate atrophy. The segmentation
tended to over-estimate cerebellum tissue in subjects with large at-
rophy, resulting in a lower dice in the CB group.

Experiments on a larger cohort demonstrated the effectiveness of
the proposed method for ROI volumetric analysis of the cerebellum.
The proposedmethodwas applied to label the cerebellar lobules of a co-
hort consisting of healthy controls and patients with different SCA
subtypes. Quantitative analysis of the ROI volumes showed significant
regional volume decreases in all SCA subtypes and distinct patterns of
atrophy for each subtypes. The observed atrophy patterns for different
SCA subtypes are consistent with previous findings (Jung et al., 2012a,
2012b), in which cerebellar lobules were manually labeled by experts.
The run time of the algorithm for one subject is ~7 h on a computer
with 48GB Ram and 12 cores each with a 2.7 Ghz Intel processor. It in-
cludes ~6 h of FreeSurfer processing, ~40 min for multi-atlas registra-
tion and label fusion, and ~20 min for computing the graph cut energy
terms and optimization. One way to reduce the algorithm runtime is
to replace the FreeSurfer processing part by other brain MR image anal-
ysis software that provides cerebellar tissue segmentation, e.g. TOADS
(Shiee et al., 2010), which take ~3 h to produce a whole brain segmen-
tation. Since it can take 50–60 h for an expert rater to label the cerebellar
lobules, the proposed method has potential for MRI based volumetric
studies involving large numbers of subjects. Due to the data-driven na-
ture of multi-atlas methods and learned tissue/boundary classifiers, the
proposedmethod can be applied to any cerebellar parcellation protocol
and any image modality, providingmanually labeled training data with
the same protocol and image modality.
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