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Automated delineation of anatomical structures in chest radiographs is difficult due to superimposition
of multiple structures. In this work an automated technique to segment the clavicles in posterior-anterior
chest radiographs is presented in which three methods are combined. Pixel classification is applied in two
stages and separately for the interior, the border and the head of the clavicle. This is used as input for
active shape model segmentation. Finally dynamic programming is employed with an optimized cost
function that combines appearance information of the interior of the clavicle, the border, the head and
shape information derived from the active shape model. The method is compared with a number of pre-
viously described methods and with independent human observers on a large database. This database
contains both normal and abnormal images and will be made publicly available. The mean contour dis-
tance of the proposed method on 249 test images is 1.1 ± 1.6 mm and the intersection over union is
0.86 ± 0.10.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

The automatic delineation of normal anatomical structures is a
prerequisite for computerized analysis of medical images. The
analysis of 2D radiographic images, such as chest radiographs, is
a challenging task because superimposed normal and abnormal
structures can make it difficult to discern the boundaries of partic-
ular objects. Detection, recognition and segmentation of these
structures requires incorporating prior knowledge about their
location and appearance. The large variation in both these proper-
ties in medical imaging as a result of variability in normal anatomy
and presence of pathology can be handled through the use of
supervised systems that learn from examples.

In this work we focus on the segmentation of the clavicles in
chest radiographs. The clavicle is a cortical bone connecting the
shoulder blade at the acromion to the breast bone at the sternocla-
vicular joint. Fig. 1a shows the anatomy of the clavicle in a sche-
matic drawing. Fig. 1b shows the clavicle in a chest radiograph.
The 2D projection in a radiograph causes several other structures
to overlap the clavicle. Notably these are the ribs, the mediastinum
and the larger vessels of the pulmonary vessel tree. In this paper
the focus of the segmentation algorithm is the part of the clavicle
contained inside the projection of the lung fields and the mediasti-
num. The lateral parts at the acromial end outside the lung fields
are not considered.
ll rights reserved.
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Obtaining an accurate segmentation of the clavicles is useful for
a number of applications. The segmentation can be used to digi-
tally subtract the clavicle from the radiograph. Several algorithms
have been published that address the suppression of bony struc-
tures (mainly ribs) in chest radiographs. Suzuki et al. (2006) sup-
pressed ribs using an artificial neural network and showed that
their technique increased the visibility of nodules. Loog and van
Ginneken (2006a) presented a general filter framework based on
regression, which has been applied to the suppression of bony
structures on chest radiographs. The method gave promising re-
sults but was not further evaluated on a clinical problem. Recently
it has been shown that commercially available software that sup-
presses bony structures in the chest radiograph can improve the
radiologist’s performance (Freedman et al., 2011; Li et al., 2011).
Clavicle suppression in particular might aid radiologists to detect
pathology in the lung apices, that are known to be difficult areas
due to superimposing structures (Quekel et al., 1999). Performance
improvement can also be expected if the automatic segmentation
is used as input for computer-aided detection and diagnosis
(CAD) systems. Certain lung diseases, such as tuberculosis, mani-
fest themselves especially in the lung apex (van Ginneken et al.,
2002). A good characterization of the structures in that area is
needed to improve pathology detection and reduce false positives.
Accurate localization of the medial parts of the clavicles can also
serve to automatically determine possible rotation of the ribcage,
an important quality aspect of chest radiographs. When chest
radiographs are rotated, false abnormalities might appear in either
or both of the lung fields due to apparent changes in parenchymal
density.
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Fig. 1. Anatomy of the clavicle. (a) Schematic drawing of clavicle with main parts labeled parts. (b) Appearance of clavicles in chest X-ray with surrounding structures
indicated. The corpus and sternal end will be colloquially referred to as respectively the shaft and the head, respectively.
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Only a few papers have addressed the segmentation of the clav-
icles. Yu et al. (2005) used dynamic programming and a nonlinear
shape model to segment the clavicles but no quantitative error
analysis was performed. van Ginneken et al. (2006) segmented
the lung fields, heart and clavicles in chest radiographs from the
JSRT database (Shiraishi et al., 2000) and compared several seg-
mentation techniques. While results comparable to the interob-
server variability were obtained for the heart and lung fields, the
segmentation of the clavicles proved a more difficult task. Seghers
et al. (2007) used a minimal shape and intensity cost path segmen-
tation technique on the same database. The authors obtained a
smaller error on the whole database than reported in van Ginneken
et al. (2006), but individual results for the clavicles were not pro-
vided. Simkó et al. (2009) considered the task of detecting only
the lateral part (diaphysis) of the clavicle. They attempted to find
line shaped structures using the Radon transform on edge-en-
hanced images. The resulting segmentation was subsequently used
to suppress the clavicles. Only a qualitative evaluation of the clav-
icle segmentation was provided.

The combination of different types of independently calculated
information might help in the segmentation of anatomical struc-
tures, especially in difficult cases. We propose a method that com-
bines different type of characteristics from the clavicles, such as
border and head definition, local intensity and shape. These char-
acteristics are extracted from the images by means of pixel classi-
fication (PC) and active shape models (ASM) (Cootes et al., 1995)
and combined using dynamic programming. The advantage of
ASM is that it can only produce plausible shapes, unlike PC which
treats segmentation as a local classification problem and can pro-
duce segmentations of any shape. In the case of confusing border
information, such as overlying ribs or the presence of abnormali-
ties, PC can produce shapes which do not resemble clavicles. A dis-
advantage of ASM is that its mechanism to generate plausible
shapes (through principle component modeling of the training
shapes) also limits how accurate it can outline the borders of a pre-
viously unseen instance of the structure. Especially when the shape
is complex or has a large variability, such as in the case of clavicles,
this problem becomes pronounced. This motivated us to use ASM
to provide a plausible but rough outline of the clavicle and use
multiple dedicated pixel classifiers to refine the outline. Subse-
quently an optimal cost path is calculated that ensures a globally
optimal solution and provides a convenient framework to combine
shape information and multiple pixel classifiers.

This paper is organized as follows. In Section 2 the data that was
used for both training and evaluation of the system is described.
The proposed new method for clavicle segmentation is detailed
in Section 3, and various other methods to which the new method
is compared are also described there. Section 5 presents a number
of experiments and results, and these results are discussed in Sec-
tion 6. Section 7 concludes.
2. Data

A set of 548 consecutively obtained posterior-anterior chest
radiograph were selected from a database containing images ac-
quired at two sites in sub Saharan Africa with a high tuberculosis
incidence. All subjects were 15 years or older. Images from digital
chest radiography units were used (Delft Imaging Systems, The
Netherlands) of varying resolutions, with a typical resolution of
1800 � 2000 pixels, the pixel size was 250 lm isotropic.

From the total set of images, 225 were considered to be normal by
an expert radiologist, while 333 of the images contained abnormal-
ities. Of the abnormal images, 220 contained abnormalities in the
upper area of the lung where the clavicle is located. The data was di-
vided into a training and a test set. The training set consisted of 299
images, the test set of 249 images. The development and optimiza-
tion of the method was completely performed on the training
set alone, the test set was only used to calculate the final results.

The database used in the paper will be made publicly available
so that it can be used by other research groups to evaluate their
segmentation methods. Details can be found in the appendix of
this paper.

2.1. Manual segmentation of the clavicles

Manual tracings of the clavicle were used as the reference stan-
dard in this study. The clavicle is a high density object projected
over a low density background (the lung parenchyma). The border
of the clavicle typically appears as a ridge with a higher density
than the inside. Even for human experts it can be difficult to delin-
eate this border precisely. The complex cross-sectional shape of the
clavicle causes multiple shadows on a chest radiograph. Often the
border of the clavicle is partly aligned with the ribs. Especially the
medial part of the clavicle is difficult to trace, because of multiple
overlapping shadows from the vena cava, ribs, and mediastinal
structures. The sternoclavicular joint is not always projected with-
in the lung fields and can be hidden or very difficult to see.

Fixed points were used to determine the shape model for ASM
and to evaluate different parts of the clavicle. The fixed points de-
fine three parts of the border of the clavicle: (1) the lower border,
from fixed point 0–1, (2) the head from fixed points 1–2 and (3) the
upper rib border, from fixed point 2–3. The following instructions
to outline the clavicles were provided to human observers who
provided manual tracings:

1. Start at the lateral inferior border of the clavicle at the
projected crossing of the superior border of the scapula
and the clavicle (fixed point 0).

2. Follow the inferior border until the start of the head (fixed
point 1). The start of the head is defined as the location
where the curvature of the border suddenly changes.
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3. Follow the border until the end of the head (fixed point 2).
The end of the head is defined as the location where the
curvature of the border suddenly changes on the superior
border.

4. Finish the segmentation by following the superior border
until the projected crossing of the superior border of the
scapula and the clavicle (fixed point 3).

The clavicles were outlined by three trained readers who were
instructed by an expert radiologist. One of the readers was used
to set the reference standard. The outlines of the other two readers
are compared with the reference standard in the same manner as
the automatic methods. These readers are referred to as the 2nd
and 3rd observer. To ensure optimal outlines a regular review of
the outlines was performed by the expert radiologist.

3. Methods

The proposed Hybrid Dynamic Programming/Active Shape
Model/Pixel Classification algorithm (HDAP) combines a selection
of existing methods in a structured way to improve on the results
of the individual algorithms. A set of dedicated pixel classifier sys-
tems form the basis of HDAP, active shape modeling (ASM) is used
to generate plausible shapes, and dynamic programming is used to
find the exact boundary. Each of the individual algorithms use the
output of the previous step(s) in the algorithm as their input(s). A
schematic overview of the method is given in Fig. 2. A visual over-
view of its components is given in Fig. 4.

3.1. Pixel classification (PC)

Pixel classification forms the basis of the other methods. In this
methodology the segmentation problem is recast into a pattern
classification task (Jain et al., 2000; Duda et al., 2001). A number
of continuous characteristics (features) are calculated for a number
of samples (positions, pixels) in an image. A classifier is trained
using labeled samples from a database of training images. Exam-
ples of labels are inside/outside clavicle and on/off the clavicle bor-
der. The classifier provides the mapping from features to class
labels. In this work we use classifiers that provide a posterior prob-
ability that indicates how likely a sample should receive a label.
Test images can now be segmented by computing the features
for each position and applying the classifier.

3.1.1. Features and classification
Three types of features were calculated for each sample: texture

features based on Gaussian derivatives, features derived from the
Hessian matrix and position features. First each image is resized
to a width of 1024 pixels. To capture local image structure (Florack
Fig. 2. Flowchart of HDAP. A number of independent dedicated pixel classifiers a
et al., 1996) the output of Gaussian derivative filtered images of
order 0 through 2 (L; Lx; Ly; Lxx; Lxy; Lyy), at scales 1, 2, 4, 8, 16, 32
and 64 pixels were calculated. Hessian matrix derived features de-
rived were used to detect the presence of line like structures (Fran-
gi et al., 1998). Considering the two eigenvalues of the Hessian
matrix k1; k2; jk1j > jk2j two measures were derived: (1)ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðk2

1 � k2
2Þ

q
to extract the lineness of the local image structure

and the largest absolute eigenvalue jk1j to indicate the strength
of the response. The typical location of the clavicles in the image
was captured through a number of spatial features: the ðx; yÞ coor-
dinates in the image resized to a width of 1024 pixels, the normal-
ized ðx; yÞ coordinates inside the bounding box of the unobscured
lung fields, the distance of the pixel to the boundary of the lungs,
and the distance of the pixel to the center of gravity of both lungs.
An automatic lung segmentation algorithm was used to find the
unobscured lung fields (van Ginneken et al., 2006).

In total 59 features were computed. Normalization of each fea-
ture to unit standard deviation and zero mean was performed
beforehand in all cases. To reduce computation time, features were
sampled every 2nd pixel on a regular grid in both the training and
test images so that the resulting segmented images have a width of
512 pixels.

To construct the training set positive (clavicle) samples per
image were randomly sampled (sample rates for each classifica-
tion task are given below). For the negative samples the distance
to the clavicle was used to control the sampling rate (see Sec-
tion 3.1.2). One sixth of the positive and negative samples was
used for the final training set, while the remaining 5/6th was
used to evaluate the effect of feature selection and classifier
selection.
3.1.2. Object body classification
A typical approach for segmentation using pixel classification is

to detect all pixels inside the object (van Ginneken et al., 2006). Po-
sitive examples are selected from the inside of the object of inter-
est and negative examples from outside. The clavicles are only a
small part of the chest radiograph and to prevent the classifier
focusing too much on the background structures the number of
negative examples were sampled depending on the distance to
the clavicle. 80% of the negative examples were sampled randomly
within a distance of 10 mm of the clavicle, the remaining 20% was
sampled from the rest of the image. A similar sample strategy was
successfully used to segment fissures in thoracic computed tomog-
raphy scans (van Rikxoort et al., 2008). The sampling rate for near-
by negative and positive examples was 1.5%.

The computational burden of the classification was reduced by
performing it in two steps. An initial rough classification of the
object body was performed using a kNN-classifier with k ¼ 5 and
re combined using active shape modeling (ASM) and dynamic programming.
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the first five features selected by feature selection. This quick
classification gives a robust initial detection and localization of
the clavicles. A rectangular area around this approximate detection
was determined to restrict the search space for the second classifi-
cation stage. Posterior probabilities p were thresholded with
p ¼ 0:5, the bounding box was determined and dilated by
20 mm. Construction of the training set and classification of sam-
ples in test images was performed only in this search area for
the subsequent precise pixel classifiers.

The output of pixel classifiers typically have a grainy noisy
appearance. To reduce this effect and to obtain a single connected
segmentation for each object (right and left clavicle) the output
was post-processed. The output of the PC was blurred with
r ¼ 0:7 mm and then thresholded with p ¼ 0:5 to obtain a binary
segmentation (van Ginneken, 2006). The two largest connected
components were determined and holes were filled using a mor-
phological closing with a circular kernel (radius = 10 pixels).

3.1.3. Object border classification
The border of the clavicles on chest radiographs has a distinct

appearance from the body, appearing as a sharp dense ridge. In this
work the border was separately classified from the object body to
account for this difference in appearance. The rationale is that sam-
ples, features and classifiers can be independently optimized for
body and border separately. Positive samples, representing the
border, were selected within a distance of n ¼ 2 pixels from the
outline of the clavicles. The negative samples were selected with
a minimum distance of 1:5n pixels to the outline to prevent sam-
pling false negatives as a consequence of the inaccuracy in manual
outlining the border. To focus on the task of distinguishing the ob-
ject border from its direct surroundings, 50% of the background
pixels were selected within 10 pixels from the outline, the other
50% was randomly sampled within the previously determined
approximate clavicle bounding box. The sampling rate for nearby
negative and positive examples was respectively 10% and 50%.
The sampling rules are summarized in Table 1.

3.1.4. Head border classification
The head of the clavicle is a very difficult area to segment auto-

matically and has an appearance that is distinct from the shaft of
the clavicle. A separate classifier was constructed for the head bor-
der. The sample strategy was the same as for the object border
classification, but positive examples were taken only from the out-
line of the head (between fixed points 1 and 2). The sampling rate
for nearby negative and positive examples was 30%.

3.2. Hybrid ASM/PC (HAP)

Active shape modeling (ASM) (Cootes et al., 1995) is a popular
method to segment structures in medical images. We use the
implementation described in Cootes and Taylor (2001) which uses
a global shape model, a multi-resolution appearance model and a
multi-resolution search algorithm. The steps of the algorithm are
shortly repeated here.

The shape of one or more objects is described by n points com-
bined in a vector x ¼ ðx1; y1; . . . ; xn; ynÞ

T . A shape model is trained
Table 1
Sample strategy for border classification.

Distance to border
(pixels)

Class Sampling rate

0–2 Positive 50% of available samples
2–3 – Not sampled
2–10 Negative 10% of available samples
10+ Negative Same number as nearby negative

samples
from a set of training shapes by determining the mean shape and
the principal modes of variations using Principal Component
Analysis (PCA). Gray value profiles are sampled perpendicular to
the object border at each point of the shape. The first derivative
of the profile is calculated and the profile is normalized. The best
position of a point during search is determined by minimizing the
Mahalanobis distance of the derivative profile to the appearance
model created from profiles of corresponding points in the training
set. The fitting of the shape is performed in an iterative scheme
where points are alternately moved to their optimal position
according to the appearance model and then projected on the shape
model. This projection is performed using least square fitting with a
bound on the maximal variation. A multi-resolution appearance
model is used to prevent the search algorithm finding local optima.
Shape alignment is not performed before PCA to increase the ability
of the model to fit a large variability of shapes and locations.

ASM is run on the output of the object body classifier instead of
the original gray values, combining pixel classification and ASM
into a hybrid ASM/PC (HAP) algorithm. The probabilistic output
of the pixel classifier is used directly as input for the ASM method,
without the post-processing described in Section 3.1.2.

The ASM algorithm requires a set of training shapes with corre-
sponding landmarks. The correspondence is provided by employ-
ing the four fixed points indicated during manual annotation (see
Section 2.1). Between these fixed points a constant number of
landmarks were interpolated over the initially annotated contour.
On the lower clavicle border 20 points were interpolated, on the
head 21 points were taken and on the upper clavicle border again
20 points, leading to a total of 65 landmarks per clavicle. The two
clavicles are combined into one shape model containing two ob-
jects, consisting of 130 landmarks. By combining both clavicles in
one model unlikely configurations, such as gross asymmetry, will
be prevented during fitting as these configurations do not typically
occur in (normal) chest radiographs.

3.3. Hybrid DP/ASM/PC (HDAP)

We note that the pixel classification method has high accuracy
in areas where the border of the clavicles can be easily discerned.
In areas where the output of the pixel classifier is uncertain an-
other step is needed to integrate the local decisions. Contextual
methods such as applying smoothing, mathematical morphology,
iterated contextual classification (Loog and van Ginneken, 2006b)
or Markov Random Fields (Vittitoe et al., 1999) will generally im-
prove the results by including information of the local surround-
ings but they do not provide a global integration of the available
information.

Optimal path based methods (Bellman, 1962; Montanari, 1971),
on the other hand, can provide this global context by finding the
combination of local decisions that form the best solution given
the evidence provided by the local (pixel classifiers) and global
(shape) information sources. In an appropriate formulation the
optimal path can be easily found using dynamic programming.

To detect the border of the clavicles with dynamic program-
ming the image must be warped in an appropriate coordinate sys-
tem. In the coordinate system we use here the border is an
approximately straight line. The coordinate system is created by
sampling profiles of pixel values from points on the border to the
closest point at the primary medial axis (PMA, see Section 3.3.1)
of the (estimated) object. The spatial sampling frequency is ad-
justed to the length of the profile so that in the transformed coor-
dinate system the distance from PMA to the border is
approximately the same amount of pixels. As dynamic program-
ming must be able to improve the detected border, the profiles
are extended on the outside of the object. A large margin of twice
the PMA-contour distance was chosen as the length of the profiles.
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The result of this transformation is a rectangular optimal path
space with one axis aligned to the clavicle border and the other
axis aligned to the profiles.
3.3.1. Primary medial axis (PMA)
The skeleton of the output of the HAP method is found using the

medial axis transform (Blum, 1967). At the end of elongated ob-
jects the skeleton will typically have short branches emanating
from the corners and running to the main centerline unless the
ends are perfectly spherical. These (shorter) branches are removed
until only one segment remains. The remaining single centerline of
the elongated object is called the primary medial axis (PMA).
3.3.2. Cost function
Any type of image can be projected in the coordinate system of

the optimal path space to form a cost function for the dynamic pro-
gramming. The outputs of the different pixel classifiers described
above and the output of HAP are combined in one cost function

C ¼ Cborder þ aCbody þ bCshapeðrÞ ð1Þ

where C is the final cost function, Cborder the sum of the outputs of
the object border and head border classification, Cbody is the deriva-
tive of the output of the body classification in the profile direction
(in optimal path space) and Cshape represents the influence of the
shape found by HAP (see Fig. 3a–e). The conversion of Cbody by tak-
ing the derivative is needed to convert the original step edge formed
by the border to a ridge in the cost function. The profile of Cshape is
formed by Gaussian blurring (the scale controlled by the parameter
r) the clavicle outline that was obtained using HAP. The parameters
a and b control the relative influence of each of the components.
The optimal path is found by maximizing the cost function (see
Fig. 3f).
4. Experimental

The classifier settings, and the weights in the cost function com-
bination were determined in a number of pilot experiments.
4.1. Feature and classifier selection

The optimal classifier for each of the pixel classifiers was deter-
mined using classifier and feature selection. The following classifi-
ers were evaluated. A kNN-classifier with k ¼ 5; 15; 30; 50; 100,
and 200 and a linear discriminant classifier (LDC) with and without
Principal Component Analysis to reduce the number of features.
For kNN-classification the fast tree-based implementation by Arya
et al. (1998) was used. Previous work indicated that the approxi-
mate solution given by this implementation does not influence
the classification results (van Ginneken et al., 2006). Feature selec-
tion was performed using Sequential Forward Selection (SFFS) (Pu-
dil et al., 1994).

The effect of classifier and feature selection was evaluated using
the area under the ROC curve (Az) on the pixel datasets. LDA clas-
sifiers performed in general much worse than kNN-classifiers. Min-
or differences in Az were found between different values for k.
Improvements in classifier performance (Az) were not directly re-
flected in the segmentation performance measures (X and MCD).
A similar effect was found for the feature selection where small
increases in classifier performance were observed with feature
selection but no increase or even a decrease in segmentation per-
formance. For this reason all subsequent results are shown for a
kNN-classifier (k ¼ 15) using the full set of 59 features and feature
normalization.
4.2. Cost function weights

Cborder andCbody inEq.1bothindicatetheborder likelihoodwiththe
samescaling,thefactoracontrollingtheircombinationwastherefore
set to 1. The influence of the shape model, determined bybandr, was
optimized by doing a grid search on these parameters in the training
set. Forb the values ð0:0;0:05;0:10;0:20; 0:5;1:0Þand forr the values
ð1;2;4;6;8;12Þ were tested. On the training set the combination
ðb;rÞ ¼ ð0:1;4:0Þyielded the best results and these values were used
in subsequent experiments.
5. Results

5.1. Segmentation performance metric

To measure the performance of a segmentation algorithm, a
‘goodness’ index is required. For a two class segmentation problem,
one can distinguish true positive (TP) area (correctly classified as
object), false positive (FP) area (classified as object, but in fact
background), false negative (FN) area (classified as background,
but in fact object), and true negative (TN) area (correctly classified
as background). From these values, measures such as accuracy,
sensitivity, specificity, kappa and overlap can be computed. In this
work we use the intersection divided by union as an overlap mea-
sure, given by

X ¼ TP
TP þ FP þ FN

: ð2Þ

This is a well accepted measure, but one should be aware that
objects that are small or thin or have a complex shape usually
achieve a lower X than larger and more spherical objects (Gerig
et al., 2001). For many purposes the part of the clavicle inside
the lung fields is most relevant, and the overlap was calculated
only inside the convex hull of the automatically segmented lung
fields obtained using van Ginneken et al. (2006).

In addition, the mean absolute contour distance (MCD) is com-
puted. For each point on contour X, the closest point on contour Y is
computed; these values are averaged over all points; this is re-
peated with contours X and Y interchanged to make the measure
symmetric (Gerig et al., 2001). The distances are given in millime-
ter. One pixel corresponds to 0.78–1.22 mm on the images of 512
pixels wide depending on the width of the original image.

For comparisons between methods, paired Student’s t-tests to
test the difference between means were used. Differences are con-
sidered significant if p < 0:05.
5.2. Segmentation results

The proposed HDAP method was compared with a number of
other systems. Performance measures were calculated by consider-
ing the annotations of the first observer as the reference standard.
The annotations of the 2nd and 3rd observer, the tuned version of
the ASM from van Ginneken et al. (2006), as well as the object body
classification with post-processing (PC-postproc) and the hybrid
ASM/PC (HAP) method were evaluated. For ASM the same configu-
ration as for HAP was used, except original gray values instead of
posterior probabilities were used as input. In addition four differ-
ent configurations of HDAP were evaluated to study the effects of
including and excluding various components of the algorithm.
‘HDAP’ is the complete algorithm as described in Section 3.3.
‘HDAP: no border’ only uses shape and the object body
classification to create the cost function in Eq. 1. ‘HDAP: no head’
does not include the dedicated head border classification in the
cost space but does use the object border classification. The



Fig. 3. Composition of cost function in optimal path space. High values indicate a high clavicle border likelihood. (a)–(d) form the components of the cost function (see Eq. 1).
(a)–(c) are derived from pixel classifiers by sampling profiles: (a) is based on Fig. 4c, (b) is based on Fig. 4d, (c) is based on Fig. 4e. (d) Is the ASM fitted shape, based on 4f. The
total cost is shown in (e), where (f) shows the optimal path.

L. Hogeweg et al. / Medical Image Analysis 16 (2012) 1490–1502 1495
‘HDAP: no shape’ variant does not include the term in Eq. 1 that
controls the influence of the contour found by HAP.

Results of the different evaluated methods are shown in Tables
2 and 3 for respectively MCD and X. In Figs. 5 and 6 the same re-
sults are shown graphically as boxplots (McGill et al., 1978). In
both figures and tables the results are ordered according to the
median of the results (best performing first). Methods that show
significant improvement compared to the previously listed method
are indicated with an asterisk.

All the HDAP methods improve significantly compared to the
other automatic methods measured by both MCD and overlap.
From the HDAP methods the no shape variant is the best perform-
ing method, with a slightly higher MCD and overlap than HDAP.
HDAP: no border is the least performing of the variants, indicating
that object border classification is an important part of the algo-
rithm. When the head border classification is included in the cost
function results improve significantly, especially the MCD.

Fig. 7 shows the outlines provided by the reference standard
and five compared segmentations (2nd observer, HDAP: no shape,
HAP, ASM and PC-postproc) for four selected cases. The four cases
are chosen by ranking all results according to the average MCD of
the four shown automated methods and then choosing for display
the 0%, 33%, 66% and 100% percentile, respectively position #1,
#85, #168 and #249. The performance increase as a result of the
border refinement from HDAP to HAP can be clearly seen for all
the cases. The last, worst segmented case, exemplifies one of the
advantages of using HAP instead of ASM. In this radiograph the
lung tops have been cut off due to poor collimation. ASM is not ro-
bust against these kinds of outliers resulting in 0 overlap with the
reference standard, while the object body classification provides
enough information for HAP to provide a reasonable segmentation.

5.3. Evaluation of different parts of the clavicle

The lateral parts of the clavicles are often clearly visible and rel-
atively easy to segment, while the medial part of the clavicle is of-
ten obscured by numerous other structures such as the
mediastinum or large vessels. The first row of Table 4 shows for
the best performing method, HDAP: no shape, how the algorithm
performs for different parts of the clavicle. Shown is the mean
MCD of all the test cases for three different parts of the clavicle
(see Section 2.1).



Fig. 4. Outputs of the algorithm shown for one case. Corresponding cost space images are shown in Fig. 3.

Table 2
Segmentation results for the different methods. The mean contour distance (MCD; in
mm) is given. Methods are ranked according to their median MCD. Methods which
significantly (p < 0:05) improve over the method below it are indicated with an
asterisk.

MCD Mean Stdev Min q1 Median q3 Max

3rd observer 0.48 0.28 0.19 0.32 0.41 0.54 2.48
2nd observer ⁄ 0.49 0.25 0.19 0.34 0.43 0.57 1.94
HDAP: no shape ⁄ 1.09 1.57 0.28 0.57 0.81 1.15 22.74
HDAP ⁄ 1.10 1.57 0.27 0.56 0.82 1.16 22.65
HDAP: no head ⁄ 1.15 1.63 0.25 0.60 0.86 1.25 23.53
HDAP: no border ⁄ 1.49 1.58 0.39 0.92 1.20 1.59 21.44
HAP ⁄ 1.83 1.62 0.56 1.20 1.56 2.01 22.04
ASM 3.62 7.78 0.55 1.35 1.79 2.60 87.57
PC-postproc 2.74 4.46 0.94 1.50 1.86 2.47 44.28

Table 3
Segmentation results for the different methods. The overlap X is given. Methods are
ranked according to their median X. Methods which significantly (p < 0:05) improve
over the method below it are indicated with an asterisk.

X Mean Stdev Min q1 Median q3 Max

3rd observer 0.93 0.04 0.70 0.92 0.94 0.95 0.97
2nd observer ⁄ 0.93 0.04 0.73 0.92 0.94 0.95 0.97
HDAP: no shape ⁄ 0.86 0.10 0.03 0.83 0.88 0.91 0.96
HDAP ⁄ 0.85 0.10 0.03 0.83 0.87 0.91 0.95
HDAP: no head ⁄ 0.85 0.10 0.02 0.82 0.87 0.91 0.96
HDAP: no border ⁄ 0.80 0.10 0.05 0.77 0.82 0.86 0.93
HAP ⁄ 0.77 0.10 0.05 0.74 0.78 0.83 0.92
PC-postproc ⁄ 0.73 0.11 0.18 0.70 0.75 0.80 0.89
ASM 0.69 0.19 0.00 0.65 0.75 0.80 0.90
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The lower and upper border are most accurately segmented
with an average error of approximately 0.5 mm. The head section
of the clavicle is much harder to segment and has an error of about
2.5 pixels. To see if the adding of the head border classifier im-
proved performance the second row shows the results for the
HDAP: no head method. The addition of the head border classifica-
tion improves the MCD on the head by about 0.16 mm (0.2 pixels)
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on average. Results for HAP are shown in the last row and indicate
that the addition of dynamic programming improves result by
approximately 0.5 pixels for the lower and upper border and by
0.25 pixels for the head.

The right part of the table shows the same results for the subset
of images in the test set containing abnormalities in the upper lung
area (n = 103). The mean MCD for the lower and upper border is
only slightly higher compared to the results for all images, while
errors increase more in the head. MCD for images containing
abnormalities in other parts of the lung (n = 49) were similar to
those of normal images.
5.4. Effects of ASM and DP

Fig. 8 shows the effects of the different components of HDAP on
the MCD. Each point in the plot is a radiograph, if a point lies on the
identity line no improvement was observed between the two com-
pared methods, if the point is above the line the error has in-
creased, if it is below the line the error has decreased. Fig. 8a
shows the change of error when ASM is applied to the pixel classi-
fication output (HAP). In most cases the error decreases, indicating
the ability of HAP to correct for some of the errors made by PC-
postproc. A number of cases show a large reduction in the error.
Even with perfect PC output HAP will still make errors as a result
of the limited capability of the model to fit complex shapes. To
demonstrate this, reference outlines were directly fitted to the
shape model providing an upper bound for ASM/HAP. A mean
MCD and overlap of respectively 0:93� 2:11 mm and
0:86� 0:050 were found, indicating the need to refine the contour
provided by HAP.

Fig. 8b shows the same type of scatter plot for the change in er-
ror when adding dynamic programming (from HAP to HDAP). For
the large majority of cases the error decreases again. Cases with
a large error when using HAP also typically have a large error after
applying HDAP, indicating that HDAP especially improves on cases
where the true border has been found already approximately.
6. Discussion

A hybrid segmentation algorithm, HDAP, has been presented to
segment the clavicles in chest radiographs and has been evaluated
on a large database of normal and abnormal radiographs. Two
main conclusions can be drawn from the results: (1) the addition
of dynamic programming to a combination of other algorithms sig-
nificantly improves the segmentation performance compared to
the previous state-of-the-art algorithm (2) the automated segmen-
tation of clavicles in chest radiographs is a difficult problem and
does not yet achieve the same performance as human observers.
In this discussion the merits of the presented HDAP algorithm will
be pointed out first, including a comparison with previously pub-
lished work. Then possible reasons for the lower performance com-
pared to human readers are discussed. Finally a number of
recommendations for future research are given.
6.1. Optimal path searching as contour refinement

Searching for an optimal path in a cost space in order to seg-
ment objects is an approach with some favorable properties. By
modifying the cost space in an appropriate way it is easy to encode
extra information into the algorithm (Timp and Karssemeijer,
2004). The use of dynamic programming to locate the optimal path
ensures a global solution to the problem. HDAP provides a double
integration of local and global information. First local cues pro-
vided by the object body classification are integrated with shape
knowledge using HAP and subsequently additional local cues pro-
vided by different pixel classifiers are added. For the sake of sim-
plicity and elegance it might be argued that one should focus on
using and optimizing one individual algorithm instead of combin-
ing an array of methods. It is unlikely though that one single algo-
rithm can robustly deal with all kinds of variation encountered in
medical image segmentation.

The basic problem in all combinations of methods is to retain
the good parts of each method and discard the bad parts. In the
case of segmentation it can be expected that certain algorithms
perform better at localizing certain parts of the object or perform
better for certain cases. In general it is very difficult to determine
for a single specific case whether a method has succeeded (at spe-
cific locations) or not. If a procedure would exist to detect errors in
method for particular cases it is often also possible to correct these
errors. A few of such attempts have been performed. In an applica-
tion to segment breast masses on ultrasound (Cui et al., 2009)



Fig. 7. Examples for selected methods. Shown from left to right are respectively the #1, #85, #168 and #249 cases ranked to the average MCD of the displayed methods (from
top to bottom). Indicated below each example are the MCD (in mm) and the overlap X.

Table 4
Mean contour distance (MCD; in mm) on the different sections of the clavicle. Values given are mean ± standard deviation. The first row shows the best performing method. The
second row indicates the performance difference when the head border cost function is not used. For comparison the results of HAP are also shown.

Method All images Images with abnormalities in upper lung area

Lower border Head Upper border Lower border Head Upper border

HDAP: no shape 0.49 ± 1.27 2.84 ± 3.33 0.61 ± 1.64 0.60 ± 1.79 3.56 ± 4.36 0.63 ± 1.50
HDAP: no head 0.49 ± 1.24 3.00 ± 3.33 0.59 ± 1.61 0.60 ± 1.76 3.72 ± 4.31 0.61 ± 1.41
HAP 1.18 ± 1.15 3.39 ± 3.06 1.08 ± 1.72 1.27 ± 1.43 4.03 ± 3.97 1.10 ± 1.40
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defined a goodness-of-fit criterion for points on a contour found
using a snake model. If the points were not properly located, a sec-
ond specialized fitting stage was used to improve the segmenta-
tion. van Rikxoort et al. (2009) used error detection based on
shape statistics derived from a training set of failed segmentation
results to switch to a more advanced (and computationally more
expensive) segmentation algorithm in case of a failure. In the gen-
eral case, when such a procedure does not exist, some sort of aver-
aging or majority voting can be used (Warfield et al., 2004; van
Ginneken et al., 2006; Artaechevarria et al., 2009).

We argue that HDAP uses a special kind of averaging where evi-
dence is accumulated from different types of pixel classifiers by
adding them in the cost space. In general increasing the number
of components in a system is expected to increase robustness as
long as the errors of the individual components are not too large
and are complementary to each other, a result well known from
the field of classifier combination (Kuncheva, 2002). For this partic-
ular application of segmenting the clavicles especially detecting
the border separately of the object proved to yield a large perfor-
mance improvement.

The idea of refining an initial rough object detection has been
explored before in Brejl and Sonka (2000). A shape variant Hough
transform was used to solve the problem of generating an initial
detection and outline of the object of interest. A border appearance
model was then created by sampling profiles perpendicular to the
border and calculating a number of features from them. The fit val-
ues of border points (based on Mahalanobis distance) in a test im-
age is then used in an active snake model to refine the initial



Table 5
Comparison of results in this paper with van Ginneken et al. (2006). For a fair
comparison only images containing no abnormalities in the lung top (148/249) are
used to calculate the mean MCD.

Method van Ginneken et al. (2006) This work

ASM 2.04 3.52
Hybrid ASM/PC 2.78 1.60
PC-postproc 2.90 1.92
HDAP: no shape – 0.89
2nd observer 0.68 0.44
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Fig. 8. Effect of steps in HDAP on MCD. The left scatterplot shows the change in MCD from the output of the post-processed body pixel classification (PC-postproc) to HAP,
each point being one case. For most cases an improvement of the MCD is observed. The right image shows a similar plot for the change from HAP to HDAP, in almost all the
cases an improvement in MCD occurs.
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outline. While similar in overall approach of the problem there are
some important differences with our work. The initial detection of
HDAP is based on the appearance of the texture of the object and
not only on the appearance of the border. This adds improved
robustness when the border detection provides confusing results
in individual images or when it is difficult to generate an accurate
border appearance model. The generation of the cost space for bor-
der refinement also differs; HDAP uses cost functions derived from
a set of dedicated pixel classifiers which can be easily expanded by
choosing different training sets for different sections.
6.2. Comparison with previous approaches to clavicle segmentation

In previous work on the segmentation of clavicles in chest
radiographs (van Ginneken et al., 2006) the set-up for the ASM
was different as also the heart and the lungs were included in
the model. Adding the lungs to the shape model might give a ben-
efit in some cases, but due to the inherent limitation of flexibility of
shape models it is not expected that performance will actually in-
crease. The database used in this work is also different from the
JSRT database used in van Ginneken et al. (2006). The JSRT data-
base is a lung nodule database and in only a few cases the clavic-
ular area is affected by the presence of a nodule. Instead, the
database used in this work contained a considerable number of
abnormal images.

To be able to compare the results, Table 5 shows results for the
images containing no abnormalities in the lung top. The mean MCD
for ASM is higher in this work than in van Ginneken et al. (2006).
The use of (severely) abnormal training images can be an explanation
for this. Also the ‘‘tuned’’ parameters for ASM were actually tuned on
the database from van Ginneken et al. (2006). These issues were not
further investigated because ASM only serves as a reference method.
HAP shows higher performance than ASM here, while on the JSRT
database the reverse is observed. This change can be a consequence
of the higher robustness of HAP against pathology and the better per-
formance of the object body classification. Most importantly, HDAP
(all variants including no shape, the best one), shows errors smaller
than the other methods on either of the two databases.

HDAP shows some similarities to the method proposed by Yu
et al. (2005). These authors used a method that alternates the
application of nonlinear shape model fitting and dynamic pro-
gramming contour refinement to the segmentation of both lungs
and clavicles in chest radiographs. While they stress the impor-
tance of nonlinear shape models compared to standard PCA, their
method fails to improve over standard ASM for the lung fields. A
reason for this could be that the cost function in their search space
is based only on intensity differences (to find the edges) instead of
on multiple specialized border detectors as in HDAP. No numerical
results are given in Yu et al. (2005) for the accuracy of the segmen-
tation of the clavicles.

Simkó et al. (2009) developed a method to detect the diaphysis
(shaft) of the clavicle using an initial detection with a Radon trans-
form and a subsequent contour refinement using active contour
fitting. Only qualitative results on the segmentation accuracy were
reported. These authors also showed the ability of suppressing the
previously automatically detected clavicle to reduce the number of
false positives of a nodule detection system applied to the publicly
available JSRT database (Shiraishi et al., 2000).

Seghers et al. (2007) used a combination of local (point) appear-
ance models and local shape information based on the orientation
vector between two consecutive points to generate a cost space.
By using dynamic programming to find the optimal path in this
space, the problem of generating plausible shapes with control
points at plausible locations is solved at once. This method, called
minimum intensity and shape cost path (MISCP), has the important
advantage that no iterated methods, such as ASM, which suffer
from local minima, are used. The immediate drawback of this is that
no global shape information is encoded and that the method might
produce unrealistic results when individual points cannot be de-
tected reliably. Using the PC output as input for ASM in HDAP lar-
gely solves the problem of local minima during fitting. Also the
border refinement in HDAP ensures a precise segmentation over
the whole border of the object instead of only at a number of fixed
points as in MISCP.

6.3. Improving HDAP

The mostly linear relation between the MCD of HAP and HDAP
(Fig. 8) indicates that if the initial border is located too far away
from the real border, HDAP cannot improve on HAP. The maximal



Fig. 9. Examples of head border segmentation. The green line is the outline provided by the reference standard, the red line from the best performing method HDAP: no
shape. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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correction that HDAP can achieve is determined by the length of
the profiles in optimal path space. This length was set to double
the original distance between border and centerline (PMA) of the
object, but was not optimized. If the initial pixel classification con-
tained very large errors, HAP cannot improve over PC-postproc.

The slightly higher MCD on the upper clavicle border (see Ta-
ble 4) can be explained by the presence of a double ridge which
is often seen on the superior side of the clavicle but not on the infe-
rior. For human observers it is relatively easy to choose the correct
line if the clavicle border is traced from medial to lateral. HDAP
sometimes chooses the wrong line when there is a more optimal
path for the dynamic programming. This problem could be partly
solved by adding a term to the cost function which prevents sud-
den changes in the smoothness of the optimal path. In practice,
such corrections are typically not easily made without introducing
errors in the segmentation of other images.

The error at the head of the clavicle is considerably larger than
the errors at the diaphysis of the clavicle. In some cases HDAP can
locate the border of the clavicle at the head very precisely (Fig. 9a);
in other cases the algorithm fails even when a clearly visible edge
can be seen (Fig. 9b). Finally in a considerable part of the cases the
medial edge of the clavicle is hidden behind the mediastinal struc-
tures and both HDAP and the human observers fail to agree on
where the border should be (Fig. 9c). How to improve the perfor-
mance of automated segmentation methods in such difficult areas
as the head of the clavicle is an open question. Human observers
likely include much more context information in their reasoning.
This context knowledge is provided by general knowledge, specific
domain knowledge and their ability to reason about that knowl-
edge and weigh alternative options. Encoding a comprehensive
part of this knowledge in a computer system has so far proven very
difficult.
6.4. Computation time

HDAP was implemented on a 3 GHz Intel Core 2 Duo with single
threaded C++ code. The total computation time for one case is
about 18 min. Most of the time is spent in the calculation of the
features for the images (about 13 min), followed by the pixel clas-
sifiers (about 5 min). The combination of the information through
HAP and HDAP costs only a few seconds of the total time. Running
time is high but our implementation was not optimized. A more
in-depth feature selection analysis could reduce the number of
features that need to be calculated, e.g. Gaussian derivatives
calculated at large scales are expensive to compute but mostly
contribute to the localization of the clavicle and not to the exact
determination of the border. A large speedup can also be obtained
by using a recursive implementation of Gaussian derivatives
(Deriche, 1993). Alternatively, efficiently computed filter families
such as Haar wavelets could be used (Viola and Jones, 2001).
Speedup for pixel classification can be obtained by parallelizing
the classification or by adopting faster classifiers with similar
performance. Also a number of specific strategies can be adopted
to reduce the number of samples that need to be classified, such
as multi-resolution schemes (van Ginneken et al., 2006) or sparse
pixel classification (Dam and Loog, 2008).

6.5. Application to other tasks

While the proposed method is applied to the specific task of
clavicle segmentation it can be generalized so that it can be applied
to other segmentation tasks in (medical) images as well. Using a
common framework (an optimal path formulation in our case) to
combine global and local information sources is the core concept.
The specific configuration and types of subcomponents to be used
depend on the nature of the task. We expect that especially tasks
where local cues can be ambiguous will benefit from an integration
of global and local information.

In chest radiographs other tasks of interest are lung field seg-
mentation and rib segmentation. In normal images an automatic
lung field segmentation algorithm has been shown to perform as
well as a human observer (van Ginneken et al., 2006). For chest
radiographs containing (severe) abnormalities it is not known
whether similarly good segmentation results can be obtained,
but a hybrid algorithm such as HDAP might be a good approach
there too. A variation of HDAP could also be applied to rib segmen-
tation where typical errors made by local methods, such as pixel
classification (Loog and van Ginneken, 2006b), might benefit from
global methods (shape modeling) and vice versa. A direct applica-
tion of ASM to the ribs is not possible though as the number of
shape components (ribs projecting onto the lung field) are variable.
7. Conclusions

A new method (HDAP) to automatically segment the clavicles in
chest radiographs has been presented. HDAP combines three
segmentation frameworks: pixel classification applied in two
stages and separately for the interior, the order and the head of
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the clavicle, followed by active shape model segmentation and, fi-
nally, dynamic programming using an optimized cost function. The
method is compared with a number of previously described state-
of-the-art methods and simplified versions of the proposed meth-
od. The large database that was used for training and testing the
method is made publicly available to facilitate future comparisons
with other methods. Results were analyzed quantitatively with a
number of standard measures and compared to two independent
human observers.

The main conclusion is that a combination of several existing
techniques (multiple pixel classifications, active shape modeling
and dynamic programming) leads to an algorithm that handles
ambiguous input (due to pathology, projected structures, etc.) well
and significantly outperforms previously proposed methods. Dy-
namic programming is a convenient way to combine information
from a number of algorithm components. Yet, the problem cannot
be considered solved, as the errors of the automatic methods are
larger than the inter-observer variability. Still, results might be suf-
ficient, especially in normal images, to use the segmentation for
subsequent steps such as clavicle suppression, measuring rotation
of the rib cage and computer-aided detection of abnormalities in
the lung apices.
8. Appendix

8.1. Public dataset and challenge

The release of the images and annotations is part of our ongoing
effort to improve the quality and progress of medical image analy-
sis research by enabling fair comparisons of algorithms through
public datasets and challenges. The dataset can be found at the
website of the challenge Chest Radiograph Anatomical Structure
Segmentation (CRASS) (http://crass12.grand-challenge.org). The
chest radiographs and manual outlines of the clavicles of the train-
ing set are provided. For the test set only the radiographs are pro-
vided and the outlines are kept secret. New segmentation results
on the test set can be uploaded to the website and will be evalu-
ated automatically. Submitted results are automatically evaluated
using similar measures as reported in this paper. An automated re-
port and ranking among other methods will be publicly available
for each submitted result.
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