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ABSTRACT
In this paper a novel articulated atlas for the fully automated

segmentation of the skeleton from head & neck CT datasets is

presented. An individual atlas describing the shape and appea-

rance is created for each individual bone. Principal Compo-

nent Analysis is used to learn spatial relations between those

atlases resulting in a unified articulated atlas. Transformati-

ons are parameterized using the matrix exponential to enable

linear combinations required for learning. The adaptation to

test images considers appearance, distance to bone structures

and the trained articulation space.

For evaluation, an atlas created from 10 manually labeled

training images has been applied to 46 clinically acquired

head & neck CT datasets. Visual inspection showed that in

74% of the cases, the adaptation process was successful. In a

second experiment leave-one-out validation was used to quan-

tify the segmentation accuracy. The successfully adapted ca-

ses resulted in an average volume overlap error of 30.67 and

an average symmetric surface distance of 0.76 mm.

Index Terms— Bone Segmentation, Articulated Atlas,

Statistical Shape Models

1. INTRODUCTION

Due to its high contrast, bone can easily be segmented in CT

images. Sometimes however, it is not only required to know if

a voxel belongs to either bone or not bone, but also to which

bone (e.g. skull, mandible, C3) the voxel belongs. An exam-

ple for that is a landmark based image registration scheme

based on corresponding segmented bones in both images. As

the shapes of bones can become quite complex and different

bones are close to each other (e.g. the vertebrae in the spine),

it is not an easy task to distinguish neighboring bones from

each other. Thus model knowledge is required.

One possibility to separate bone structures is to incorporate

prior knowledge of an organ shape into the segmentation pro-

cess: As an example, Kirschner et al. [1] used Statistical Sha-

pe Models (SSMs) to segment single vertebrae. However, this

approach is too local for our scenario, as we are interested in

This work is partially funded within the NeoMark project (FP7-ICT-

2007-2-224483) by the European Commission.

segmenting multiple structures simultaneously. Relative pose

of mulitple organs can be modeled by means of articulated

models. One way to build articulated models is to explicitly

model valid transformations between structures (e.g. the joint

between femur and pelvis [2] or various types of joints for the

atlas based segmentation of mice form CT data [3]). Alterna-

tively, relative pose can be learned from training examples [4].

In this paper, we follow the latter approach, and learn the

space of relative pose – the articulation – of bones in the

head & neck region. Our articulated model is combined with

atlases for each individual bone, which is used to segment the

bones with high accuracy.

2. ARTICULATED ATLAS

The articulated atlas (AA) consists of several items i, one for

each individual bone, i.e. the skull, the mandible and the ver-

tebrae. For each item a probability image, an average gray va-

lue image and a relative transform with respect to the center

of the atlas is given. Principal component analysis (PCA) is

used to create a model describing possible item articulations.

2.1. Parameterization of the transformations

The transformation of each item has 7 degrees of freedom,

3 for translation, 3 for rotation and 1 for isotropic scaling,

i.e. a similarity transformation. To enable the PCA, the trans-

formations should be parameterized with a unique and line-

ar 7-dimensional vector. Whereas this is straightforward for

translation and scaling, commonly used parameterizations for

rotations – such as euler angles or versors – are non linear.

Alexa [5] tackled this problem by using the matrix exponen-

tial to describe transformations:

Ta(x) = exp

⎛
⎜⎜⎝

a1 a2 a3 a4
a5 a6 a7 a8
a9 a10 a11 a12
a13 a14 a15 a16

⎞
⎟⎟⎠ · y , (1)

where a is the parameter vector, y is the point in homoge-

neous coordinates that is to be transformed and the matrix

exponential is given by exp (A) =
∞∑
k=0

Ak

k! . Note that this
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Fig. 1. Training of the articulated atlas.

kind of parameterization has the properties we would expect

from a linear parameterization: T0 corresponds to the identity

transform; T−a is Ta’s inverse; Tn·a executes Ta n times suc-

cessively (e.g. if Tr is a rotation of 1 degree around a certain

axis, Tn·r is a rotation of n degrees around the same axis).

We exploit these properties to restrict the possible transfor-

mations to translations, rotations and scaling only:

Tp(y) = exp(p0S + p1Rx + p2Ry + p3Rz

+ p4Tx + p5Ty + p5Tz) · y , (2)

where Td corresponds to a small translation in direction d,

Ra to a small rotation around axis a and S to a small scaling.

The 7 dimensional vector p describes the transformation of a

single item. The whole articulated atlas with m items can thus

be characterized with 7m-dimensional parameter vector x.

2.2. Articulated Atlas Creation

The creation of the articulated atlas (see Fig. 1) is based on n
annotated CT datasets. In each training instance j ∈ [0..n−1]
all voxels of each item were manually assigned to a unique la-

bel.

Item shape training: Each model item i is extracted from

each training instance. All extracted instances of each model

item are transformed to a common coordinate system using a

similarity transform in order to maximize the volume overlap.

An average image is created from the aligned binary images,

approximating a probability image pj : D ⊂ R
3 �→ [0, 1] for

an item.

Training vector description: For each training instance j,

first the global location and orientation is obtained. This is do-

ne by rigidly aligning a reference label image to the training

label instance, thereby maximizing the overlap. Then the pro-

bability image of each item is aligned to the corresponding

item in the label image. The resulting absolute transformati-

ons are set into relation to the instance’s global location and

orientation and a 7-dimensional parameter vector pi can be

obtained for each of the m items. The resulting 7m dimensio-

nal vector xj uniquely describes the articulation of the trai-

ning instance j, independent from its global position and ori-

entation.

Articulation training: The space of all possible articulations

can be described by applying the PCA on the training articula-

tion matrix X = (x1, ..,xn), like in a SSM. Note that the fun-

damental difference between the AA and a SSM is that cor-

relations between linearly parameterized transformations are

exploited instead of correlations between model points. An

arbitrary articulation x can then be described with a k � 7m
dimensional vector b:

x = x̄+A · b+ r , (3)

where x̄ is the average articulation of all training instances xj ,

A is a matrix consisting of the eigenvectors of the covariance

matrix C = 1
n−1X̄X̄T , and X̄ = (x0 − x̄, . . . ,xn−1 − x̄).

The more likely an articulation x is, the smaller the magnitu-

de of b and r will be.

Intensity training: The absolute transformation of each mo-

del item in each training instance is known. Based on that, a

box around each item is extracted from all training CT da-

tasets and back transformed to the item’s probability image

coordinate system. An average intensity image gj : D ⊂
R

3 �→ R is then created for each item.

2.3. Atlas adaptation

The atlas adapted to a CT image I : R3 �→ R by minimizing

an energy functional depending on the 6 dimensional external

parameter vector t describing the global translation and rota-

tion and the 7m dimensional articulation parameter vector x:

E(x, t) = Ei(x, t)+αEbd(x, t)+βEmd(x)+γEar(x) . (4)
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(a) Distance to bone voxels
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(b) Average pose atlas in the

image center before adaptation
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(d) Incorrect segmentation due to adap-

tation to wrong vertebrae

Fig. 2. Adaptation of the articulated atlas to head & neck CT datasets.

Ei ensures gray value similarity between the test image and

the trained intensities of the atlas items, Ebd ensures that the

atlas items are close to high CT intensities (i.e. bones), Emd

reduces overlap of neighboring items and Ear ensures that the

atlas is within or at least close to the trained articulation space.

α, β and γ are weights controlling the relative impact of each

term. Energy optimization is done with a simple gradient de-

scent optimizer, first finding the optimal external parameters

t and then jointly finding articulation and external parameters

x, t. Initially the center of the model is moved to the center of

the test image.

Intensity Term: Gray value similarity is measured using a

weighted mean squared error:

Ei(x, t) =
∑
∀j

∑
∀y∈D

(Gσ∗pj)(y)
(
gj(y)− I((Tt ◦ Txj )(y))

)2

where G is the Gaussian kernel. The Gaussian smoothing of

the item’s probability image ensures that not only gray values

within the model item but also in the neighborhood have an

impact on the energy functional.

Bone Distance Term: The test image is thresholded with a

threshold of 200 HU resulting in a rough segmentation of all

bony structures. Then the largest connected component is ex-

tracted and the distance image BD : R3 �→ R
+
0 is created (see

Fig. 2). Based on that, the bone distance term is computed:

Ebd(x, t) =
∑
∀j

∑
∀y∈D

pj(y) ·DB((Tt ◦ Txj )(y) . (5)

This term pushes the model to bony structures in the image

ensuring convergence even if the model’s initial position is

far away from its final position.

Model Distance Term: The overlap between neighboring at-

las items is measured by:

Emd(x) =
∑
∀j

∑
∀y∈D

∑
∀k∈N(j)

pj(y)pk(T
−1
xk

◦ Txj
(y)) , (6)

where N(j) is the set of all neighboring atlas items of j. This

term supports the articulation restriction by preventing that

neighboring items erroneously converge to the same entity

during the adaptation process. This risk is particularly high for

neighboring items with similar appearance (e.g. vertebrae).

Articulation Restriction Term: The range of possible trans-

formations is restricted to transformations within or close to

the learnt space of transformation. We model the probability

density of the shapes by an approximate Gaussian distributi-

on using the approach of Moghaddam and Pentland [6]. The

articulation restiction term then becomes

Ear(x) =

k∑
i=1

b2i (x)

λi
+

n− k − 1∑n−1
j=k+1 λj

‖r(x)‖2 , (7)

where the λi, λ1 ≥ . . . ≥ λn−1 > 0 are the non-zero ei-

genvalues of C. The first term is the Mahalanobis distance

in the linear subspace U spanned by the first eigenvectors A,

and the second term approximates the Mahalanobis distance

in the subspace complementary to U . The latter term ensures

that articulations are not completely restricted to the linear

subspace U , which increases the flexibility of the model.

2.4. Label Extraction

Once the model is adapted to the test image, each of its vo-

xels needs to be assigned to either background or to a unique

atlas item label l. This is done based on the atlas items’ pro-

babilities at the voxel’s location z and on the voxel’s image

intensity I(z):

l(z) = argmax
∀j

pb(I(z)) · pj(T−1
xj

◦ T−1
t (z)) , (8)

where pb is the probability of being a bone voxel for a given

image intensity. In case the probability product pb · pi drops

below a certain threshold, l(z) is instead set to special label

reserved for background.
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all cases successful adaptions

VOE ASD VOE ASD

Skull 24.71 0.84 22.49 0.71
Mandible 30.72 1.16 31.36 1.16
Atlas 41.51 1.16 35.30 0.85
Axis 34.13 1.01 28.30 0.78
C3 43.64 1.33 30.82 0.71
C4 47.86 1.79 29.57 0.65
C5 50.51 2.15 31.01 0.70
C6 49.76 2.43 29.76 0.66
C7 47.51 2.53 28.20 0.69
Th1 48.08 2.74 29.68 0.83
Th2 50.24 3.26 33.40 0.99
Average 45.92 2.04 30.67 0.76
Std. Dev. 8.88 0.81 3.26 0.16

Table 1. Volume overlap error (VOE) and average symmetric

surface distance (ASD) in mm for all test cases (left column)

and only the successfully adapted cases (right column)

3. EXPERIMENTS & RESULTS

The evaluation was based on a set of 56 clinically acquired

head & neck CT datasets from 40 oral cancer patients. The

inter slice resolution ranged between 1.0 and 2.0 mm and so-

me of the images had strong imaging artifacts. Some patients

had an abnormal anatomy due to surgery and/or osteoporosis.

For 10 representative instances of this set the skull, the man-

dible, the cervical vertebrae and the upper two thoracic ver-

tabras were manually labeled. Those images along with their

right/left flipped versions form the training set from which the

articulated atlas was created.

This atlas was then applied to the remaining 46 CT scans

using the same set of adaptation parameters. α, β and γ we-

re choosen so that all energy terms have the same order of

magnitude. As ground truth segmentation was not available,

only qualitative results can be reported. Visual inspection of

the segmentation result shows that in 34 cases (74%) all at-

las items had proper location and rotation. In 7 cases (15%)

on atlas vertebrae covered two vertebrae in test image or vice

versa, so that all subsequent atlas items were shifted by one

vertebra (see Fig. 2(d)). In the remaining 5 cases (11%) the

adaptation process failed completely. Note that some of the

erroneous cases could be recovered by either changing the

adaptation parameters or by manually changing the initial po-

sition of the model.

In a second experiment leave-one-out cross validation was

performed. 10 different atlases from only 9 of the 10 items

were built and applied to the remaining item. The segmenta-

tion result was compared to ground truth for each atlas item

individually using the volumetric overlap error (VOE) and the

average surface distance (ASD). For all items combined the

VOE was 45.92 and the ASD was 2.04 mm on the average.

As in 3 cases some atlas vertebrae converged to the wrong

vertebra in the test image, these results are not meaningful.

Thus the results for the correct adaptations only were mea-

sured separately (30.67 average overall VOE and 0.76 mm

average overall ASD). See Table 1 for details.

4. CONCLUSION & OUTLOOK

In this paper we presented a novel articulated atlas for the

joint segmentation of multiple rigid structures. Shape and in-

tensities of individual items are learnt along with the spatial

relation (articulation) to each other. With an average ASD of

0.76 mm for correctly adapted instances, the articulated atlas

turns out to be suitable for the fully automated segmentation

of individual bones from head & neck CT datasets.

In contrast to deformable models, the dimensionality of the

optimization problem is a lot lower and the initialization is

less critical. The biggest challenge remaining is that in some

cases, atlas items may adapt to wrong structures. In the future

this shall be addressed by either modifying the adaptation pro-

cess or the inclusion of further structures to the atlas (e.g. the

ribs, the lungs) to provide a more global context. Furthermore

we plan to rebuild the head & neck skeleton atlas using more

training images, thereby hoping to increase the accuracy. Fi-

nally we aim at applying the articulated atlas to other parts of

the body, e.g. the thorax.
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