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Suppression of Translucent Elongated Structures:
Applications in Chest Radiography
Laurens Hogeweg*, Clara I. Sánchez, and Bram van Ginneken, Member, IEEE

Abstract—Projection images, such as those routinely acquired
in radiological practice, are difficult to analyze because multiple
3-D structures superimpose at a single point in the 2-D image.
Removal of particular superimposed structures may improve
interpretation of these images, both by humans and by com-
puters. This work therefore presents a general method to isolate
and suppress structures in 2-D projection images. The focus is
on elongated structures, which allows an intensity model of a
structure of interest to be extracted using local information only.
The model is created from profiles sampled perpendicular to
the structure. Profiles containing other structures are detected
and removed to reduce the influence on the model. Subspace
filtering, using blind source separation techniques, is applied to
separate the structure to be suppressed from other structures.
By subtracting the modeled structure from the original image a
structure suppressed image is created. The method is evaluated
in four experiments. In the first experiment ribs are suppressed
in 20 artificial radiographs simulated from 3-D lung computed
tomography (CT) images. The proposed method with blind
source separation and outlier detection shows superior suppres-
sion of ribs in simulated radiographs, compared to a simplified
approach without these techniques. Additionally, the ability of
three observers to discriminate between patches containing ribs
and containing no ribs, as measured by the area under the
receiver operating characteristic curve (AUC), reduced from
0.99–1.00 on original images to 0.75–0.84 on suppressed images.
In the second experiment clavicles are suppressed in 253 chest
radiographs. The effect of suppression on clavicle visibility
is evaluated using the clavicle contrast and border response,
showing a reduction of 78% and 34%, respectively. In the
third experiment nodules extracted from CT were simulated
close to the clavicles in 100 chest radiographs. It was found
that after suppression contrast of the nodules was higher than
of the clavicles (1.35 and 0.55, respectively) than on original
images (1.83 and 2.46, respectively). In the fourth experiment
catheters were suppressed in chest radiographs. The ability of
three observers to discriminate between patches originating from
36 images with and 21 images without catheters, as measured by
the AUC, reduced from 0.98–0.99 on original images to 0.64–0.74
on suppressed images. We conclude that the presented method
can markedly reduce the visibility of elongated structures in
chest radiographs and shows potential to enhance diagnosis.
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I. INTRODUCTION

T WO-DIMENSIONAL projection images are commonly
made for a multitude of purposes and are daily acquired

in large quantities in clinical radiology. Fig. 1 shows some
examples of commonly acquired 2-D projection images. An
identifying property of these images is that multiple 3-D struc-
tures are superimposed at a single point in the 2-D image. This
overlapping effect might partially obscure regions of interest in
the image, reducing their visibility and making correct inter-
pretation challenging for both humans and automated systems.
Therefore, image processing methods aimed at identifying
and removing the effect of superimposed structures in 2-D
projection images have the potential to reduce manual and
computer-based interpretation errors.
Amongmedical projection images, the chest radiograph is the

most commonly performed diagnostic exam in the world [1].
Chest radiography is widely applied to diagnose diseases such
as tuberculosis, pneumonia, and lung cancer. These and other
chest diseases are an important cause of mortality, leading to 10
million deaths annually [2]. Amajor difficulty in the manual and
automatic reading of chest radiographs is the presence of super-
imposed normal structures such as ribs, clavicles, catheters, and
vessels. These structures confuse interpretation and hide abnor-
malities, causing important decision-making errors [3], [4].
Several studies have addressed the problem of analyzing

chest radiographs where the lung fields are obscured by over-
lapping normal anatomy. Giger et al. [5] proposed a method
to improve the detectability of nodules by suppressing the
normal background using an image difference technique, in
which a nodule-suppressed image is subtracted from a nodule-
enhanced image. A similar filtering method that suppresses
elongated objects (ribs) and enhances sphere-like objects (nod-
ules) before classifying nodule candidates was used by Ke-
serci and Yoshida [6]. In both studies the individual effect
of the filtering method on the performance was not reported.
Chen et al. [7] classified automatically selected square regions
in the lung using power spectrum based texture measures. Re-
gions containing high gradient edges with an orientation cor-
responding to ribs were removed. A high classification perfor-
mance of images affected by interstitial lung disease was re-
ported. Loog and van Ginneken [8] 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 results but was not further evaluated
on a clinical problem. Suzuki et al. [9], [10] suppressed ribs
using an artificial neural network and showed that this tech-
nique increased the visibility of nodules [11] and improved the
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Fig. 1. Examples of 2-D projection images. Information about the third dimension is lost in the acquisition process.

quality of temporal subtraction images [12]. Simkó et al. [13]
suppressed clavicles by creating a bone model from a gradient
map smoothed along the clavicle border direction, after which
a clavicle free image was created by subtraction of the model.
They showed promising results of clavicle suppression on re-
ducing false positives in a nodule detection task. Recently it
has been shown that suppression of bony structures in the
chest radiograph can improve the radiologist’s performance to
detect nodules [14]–[16].
In this paper, we propose a method to remove unwanted

structures on 2-D projection images, particularly elongated
structures. Elongated structures, like bones or tubes, are
common in natural images, such as those acquired in medical
imaging. The proposed method uses blind source separation
techniques together with outlier identification to estimate an
intensity model of the unwanted structures and subsequently
remove it from the original image. Common artifact removal
techniques [17]–[19] estimate the structure model by ex-
tracting information from image areas where the artifact is
not present. In contrast, the proposed method does not require
the presence of unaffected areas to remove the structure;
our model is estimated using only the intrinsic properties of
projected structures, such as elongated shape and translucency.
The main goal of this study was to establish a general al-
gorithm for suppressing elongated structures. We thoroughly
evaluate the method in experiments where three different
elongated structures commonly found in chest radiographs are
suppressed, namely ribs, clavicles, and catheters.
The paper is organized as follows. Section II describes isola-

tion and suppression of elongated structures. Experiments and
results are provided in Section III. Discussion and conclusion
are presented in Sections IV and V.

II. METHODS

In this section, we describe a general algorithm for the iso-
lation and removal of an elongated structure of interest in a
2-D projection image from a background with other structures
present. The goal is to estimate a projected image that is sim-
ilar to the projection of the 3-D scene in which the structure of
interest was not present. To achieve this goal the image is de-
composed into an image containing only the structure and one
containing the background.

We assume that the 2-D projected image can be lin-
early decomposed into independent components as follows:

(1)

where is the 2-D image of one component, a structure
of interest in the image. For a case with only one structure of
interest , (1) can be written as

(2)

where is the projection image of the structure only
and is the projection image of the 3-D scene pro-
jected in but without the presence of . To perform this
decomposition two conditions are assumed to be fulfilled: 1)
the structure can be modeled in a 2-D projection and 2) the
structure is translucent. The algorithm focuses on modeling of
elongated structures. The specific appearance of these structures
makes it possible to derive a model for from the local intensity
information only. The condition of translucency is expressed by
the linearity of the composition, i.e., a fully translucent struc-
ture has no nonlinear interactions with other structures in the
imaging process.
To remove translucent elongated structures from natural im-

ages we propose two steps: 1) modeling and reconstruction of
the elongated structure using subspace filtering and 2) suppres-
sion of the identified structure from the original image. The next
two sections describe these steps for one instance of an elon-
gated structure . If multiple instances of elongated structures
are present they can be modeled and removed in succession in
order to obtain a final estimate of .

A. Modeling and Reconstruction of the Structure

The purpose of this step is to isolate/reconstruct the image
response of by filtering out the superimposed responses from
other structures. Assuming that an observed intensity in the
image is a mixture of unknown independent sources, we can
use blind source separation (BSS) techniques to filter out the
unwanted responses. Such an approach has been widely used,
for example in wireless communication [20], speech processing
[21], and EEG analysis [22].
Given a group of observations ,

composed of a mixture of underlying independent sources ,
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Fig. 2. Definition of structure response. Given a structure and an aligned
curve , profiles are sampled perpendicular to the direction of at loca-
tions .

BSS techniques allow to recover an estimate of the sources
by identifying a demixing matrix

(3)

Reducing the rank of , in such a manner that unwanted or un-
interesting sources are removed, subspace filtering can be per-
formed [22], [23] and a filtered version of the observations
is reconstructed

(4)

The components in form a local model of the structure,
which is used to separate it from the background structures.
In order to apply BSS to reconstruct the image response of the
structure , we perform the following steps: 1) definition of the
observed structure responses; 2) outlier detection; and 3) sub-
space filtering by means of BSS.
1) Observed Structure Responses: Given a curve segment ,

aligned with the structure , let be
an observed profile with length , sampled through the point

on and perpendicular to its direction (Fig. 2).
Intensity values of the profile are determined by linear interpo-
lation from the original image. We represent the observed struc-
ture responses as a group of profiles evenly spaced along

(5)

can be interpreted as an image patch, with dimensions ,
of the structure that has been straightened so that the cross sec-
tions of the structure align. To separate elongated structures in
2-D projection images from their background, and must
be set to values appropriate for the type of structure being sup-
pressed. To ensure good subtraction the sampling must be dense
enough and the spacing of and individual profile points needs
to be on the order of the pixel spacing or smaller. The length
of the profile is taken greater than the width of the structure to
1) provide sufficient background area to accurately estimate the
background values and 2) account for variations in the width
of the structure. The profile extends distances and , which
do not have to be equal, to both sides [Fig. 3(a)]. Fig. 3(b) and

(c) shows, respectively, the sample locations and the resulting
patch .
To determine the right amount to subtract later on, is pre-

processed to have uniform and zero average background inten-
sity values. The preprocessing is performed first on the whole
image and then per structure patch. Global low frequency varia-
tions, not associated with , are eliminated by subtracting a low
pass filtered version of the input image. In the case of chest ra-
diographs this removes intensity gradients across the lung that
originate from projection of the elliptical shape of the lung in
the caudio-cranal direction.
At the patch level the global correction for low frequency

variations does not guarantee zero average background values.
Therefore, a normalization procedure is performed on which
provides approximate zero intensity values at the borders of the
structure patch, i.e., the endpoints of the sampled profiles. A thin
plate spline [24] (TPS) surface is fitted through the border points
and subtracted from the structure patch. To prevent crossing
structures disturbing the TPS plane excessively, border points
with outlying intensity values ( times the average inten-
sity value of all the border points) were excluded in the fitting
process.
2) Outlier Detection: Many of the common decomposition

techniques that can be used to reconstruct are sensitive to
outliers. In our context, outliers are other structures crossing
corrupting the profiles in . The presence of a significant

number of outliers that dominate over leads to inclusion of
unwanted sources in and consequently in . To avoid the
effect of these unwanted sources, outlier profiles are detected
and remove before performing subspace filtering. Profiles in
are clustered into two sets using -means clustering
[Fig. 3(d)]. As it is impossible for any (unsupervised) method
to recover from more than 50% of outliers in a dataset, the set
with the largest number of elements, defined as , is assumed
to contain the uncorrupted profiles.
3) Subspace Filtering by BSS: A number of techniques have

been developed to perform BSS. The most commonly known
are principal component analysis (PCA) [25], singular value
decomposition (SVD), and independent component analysis
(ICA) [26]. PCA and SVD are closely related techniques which
give linearly uncorrelated sources. ICA imposes a stronger
constraint and produces components which are statistically
independent. Non-negative matrix factorization is another
technique for BSS where the condition is enforced that the
input and the components are non-negative [27]. We assume
that the largest variance in is caused by and therefore use
PCA to perform the BSS.
Letting assume the role of , the observations fromwhich

the sources are computed, (3) is rewritten as

(6)

PCA determines by finding components in the data which
are linearly uncorrelated. These principal components are sorted
according to their variance. Principal components can be com-
puted by performing an eigenvector decomposition of the co-
variance matrix . Assuming the largest variability
in is caused by , the first principal components contain this
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Fig. 3. Visual overview of method, exemplified by segmentation and suppression of one rib in a simulated chest radiograph. (a) Original image with structure
and aligned elongated curve segment . One profile is indicated, extending respectively a distance of and to both sides. (b) Sample locations of all profiles.
(c) Sampled profiles arranged in a straightened image patch. . (d) Map indicating corrupted profiles (shown in black). Only the uncorrupted white profiles
are used to construct the PCA model. (e) Subspace filtered patch. The filtering is performed using the PCA model. (f) Final structure estimation created by applying
smoothing to (f) to further reduce noise. (g) Result of suppression at the patch level. (h) Estimated intensity model of the rib . (i) Final image after
the suppression of the estimated rib model.

information and is created by selecting the first columns
of . can be set to a fixed quantity or be determined by set-
ting a fixed percentage of the variance that should be ex-
plained by the model.
Filtered profiles can be computed using (4) rewritten as

(7)

where is a filtered version of , i.e., an estimate of the pro-
jection patch containing only the structure [Fig. 3(e)]. The
weights for the profiles in are computed by least squares pro-
jection

(8)

Unrealistically small or large intensity values in profiles can
occur in when elements of have large magnitudes.

Therefore the weights are constrained by truncation to a fixed
absolute maximum magnitude before applying (7)

(9)

where is the maximum value. We refer to as the PCAmodel
bound, which can be interpreted as the maximum number of
standard deviations that each fitted component is allowed to de-
viate from the mean value.

B. Suppression

After subspace filtering all profiles in are assumed to con-
tain mainly intensities originating from . To remove any noise
remaining after subspace filtering the filtered structure patch
is smoothed in the direction using a moving average with a
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kernel size of pixels [Fig. 3(f)]. The suppression of the struc-
ture is then performed at the patch level to create a suppressed
patch

(10)

where is a positive matrix which is created from by
setting all element values to 0 [Fig. 3(g)]. The clipping of
the negative values prevents the physically impossible increase
of intensity values in .

is projected back into the coordinate system of the orig-
inal image. In curved structures the sampled profiles typically
do not cover all the positions of the whole structure in the orig-
inal image as the ends of the profiles can be more than one
pixel apart in the original image space [Fig. 3(b)]. This unde-
fined space between the profiles is filled using iterated nearest
neighbor interpolation. In this procedure the intensity of unde-
fined pixels, that are four-connected to defined pixels, are set to
the average of their four-connected defined neighboring pixels.
The procedure is repeated until all undefined pixels have been
filled.
The intensity values of the suppressed patch in the original

image space are used to replace the values in the original image
[Fig. 3(i)]. A fluent transition between the patch and its sur-
roundings is needed to prevent boundary artifacts and is ensured
by multiplying it with a Gaussian blurred mask. The mask is
created from a binary map indicating the sample locations of
the profiles [Fig. 3(b)].

C. Suppression of Multiple Instances

By repeated application of the algorithm, multiple individual
instances of can be removed. The resulting suppressed image
after removal of the first instance is the input for the removal of
the second instance and so on. After removal of all the instances
a solution to (2) has been approximated and two estimates of
the components of the original image are available: con-
taining the background structures and which
contains all the instances of .

III. EXPERIMENTS AND RESULTS

Four sets of experiments were performed to determine the
effectiveness of the algorithm and to analyze the effect of pa-
rameter changes. In the first experiment ribs are suppressed on
chest radiographs simulated from computed tomography (CT)
images and compared to simulated rib-free chest radiographs.
Additionally the suppression quality was visually evaluated by
observers. In the second experiment the effect of suppression is
shown on clavicle visibility. In the third experiment the effect of
suppression on the visibility of nodules simulated near the clav-
icles is shown. In the fourth experiment catheters are suppressed
in chest radiographs and the quality was visually evaluated by
observers.

A. Rib Suppression in Chest Radiographs Simulated From CT

Ribs are the most common projected structure in chest radio-
graphs, and cause a disturbance over whole the image, which
makes the detection and analysis of abnormalities and other
structures difficult. In this experiment radiographs were simu-

lated from CT images to provide a direct estimate of the sup-
pression quality. The suppression algorithm was run on simu-
lated chest radiographs containing only posterior ribs. The re-
sulting images were compared with simulated rib-free chest ra-
diographs. The effect of applying subspace filtering, outlier de-
tection and several parameters was evaluated.
1) Data: From the publicly available ANODE09 data-

base [28] 20 chest CT scans were selected. All scans in the
ANODE09 database originate from the NELSON study, the
largest CT lung cancer screening trial in Europe. Current and
former heavy smokers, mainly men, aged 50–75 years were
included in this study. Axial images have a size of 512 512
voxels with a resolution of 0.59–0.83 mm and spacing between
axial images 0.7 mm. More details can be found in [29]. The
images for this study where selected to contain no gross abnor-
malities and to be without major rotation of the chest cage.
2) Segmentation and Suppression: Ribs were segmented

from chest CT images using the following procedure. Bony
structures were selected based on the CT intensity values
measured in HU. To prevent artifacts at the transition from
bone to other tissue to every voxel a bone probability
was assigned

An automatic lung segmentation [30] was dilated to encompass
the chest cage containing the ribs. The ribs were segmented by
selecting voxels with inside the dilated lung mask. This
selection will also include parts of the spinal column and the
sternum. Individual ribs were segmented by disconnecting them
from the sternum and the spine using a manually placed 3-D
box. Ribs were then divided in their posterior and anterior sec-
tions by manually defining a vertical plane running through the
widest part of the chest cage.
Simulated chest radiographs were created by an orthogonal

projection over the anterior-posterior axis. Only the volume in-
side the bounding box of the dilated lung mask was projected.
Chest radiographs without ribs were created by replacing the
segmented ribs with a soft tissue equivalent in the
volume. Partial volume rib voxels were assigned
the same intensity value of 40 HU. Two simulated radiographs
per CT case were created: 1) one containing no ribs which was
used as reference (Fig. 4; second row) and 2) one containing
only posterior ribs on which the suppression algorithm was run
(Fig. 4; first row). After projection, image dimensions were in
the range of 346–503 for the -dimension and 381–498 for the
-dimension.
The segmentation of the ribs in the 2-D simulated chest radio-

graph was performed semi-automatically based on the 3-D CT.
Individually segmented 3-D ribs were projected onto the coronal
plane. The centerline of the 2-D rib segmentation was deter-
mined using the convex sets algorithm described in Staal [31].
The curve segment and the simulated radiograph form the input
of the suppression algorithm. Ribs were processed sequentially,
i.e., the output image of the suppression of the first rib is used as
input for the suppression of the second rib, etc. No particular or-
deringwas present in the segmented ribs. and were visually
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Fig. 4. Three examples of rib suppression in simulated chest radiographs. On the first row the input of the algorithm, a simulated chest radiograph with only
posterior ribs, is shown. Second row shows the reference, a chest radiograph simulated without ribs and other bony structures. Third row shows the rib suppressed
image obtained using subspace filtering and outlier detection. Fourth row shows the centerlines that were used as input for the algorithm.

determined from the simulated radiographs and set to 11.25 mm
(15 pixels) at both sides, resulting in mm (31 pixels).
was set to 99%. Optimal values for and were determined

experimentally (as explained in the evaluation section).
3) Evaluation: The suppression was evaluated in two subex-

periments: 1) by quantifying differences between images before
and after suppression and 2) in a observer experiment.

The amount of suppression was quantified using the sum of
squared differences (SSD) between the processed image and the
rib-free image by

(11)
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TABLE I
CONFIGURATIONS EVALUATED FOR THE RIB SUPPRESSION EXPERIMENT

TABLE II
PARAMETERS EVALUATED FOR THE RIB SUPPRESSION EXPERIMENT

where is the sum of squared differences between two
images, the image with only posterior ribs, the rib-free
image, and the result of the suppression algorithm run on
. A value of indicates perfect suppression and

no change. The calculation of was limited to an area in the
upper half of the lung fields with pixels close to the lung border
excluded. The reason for excluding this area is that outside this
area the segmentation of the ribs fails in some cases.
Different algorithm configurations, shown in Table I, were

evaluated: Full system includes subspace filtering and outlier
detection, No outlier detection system uses subspace filtering
but no outlier detection, Only smoothing does not perform sub-
space filtering. Optimal parameter values of the free parameters
and for each system were determined using a grid search

procedure. The optimization was performed in a leave-one-case
out crossvalidation setup where optimal parameters were deter-
mined on 19 cases and applied to one case. Table II shows the
tested parameters and their tested values. In total
combination of settings were tested. Differences between op-
timized configurations were determined by a Wilcoxon signed
rank test for the 20 cases.
Additionally, the suppression was evaluated in an observer

experiment by three observers: one medical doctor with experi-
ence in reading chest radiographs and two certified chest radio-
graph readers. The observers’ ability to discriminate between
patches from images simulated without ribs and from images
containing ribs was determined before and after suppression.
Square patches of 40 40 mm were sampled from inside the
unobscured lung fields. Four patches were sampled from the
three types of source images derived from 20 cases, giving a
total of 240 patches. These patches were presented randomized
in one session to each observer who gave a score on the pres-
ence of a rib in the patch on a scale of 0–100: 0 and 100, respec-
tively, indicating definitely not present and definitely present.
Receiver operator characteristic (ROC) analysis was performed
to determine the observer’s performance. The area under the
ROC curve (AUC) of the two experiment modes was compared
using case-based bootstrapping [32].
4) Results: Fig. 4 shows a number of examples of rib

suppression on simulated chest radiographs. Visually, most
ribs were successfully removed from the simulated radiograph.
Table III compares the amount of suppression achieved by
the tested configurations. Full system shows the highest overall
improvement and is significantly better than the configurations
Only smoothing and No outlier detection. No outlier detection

TABLE III
PERFORMANCE OF THE PROPOSED FULL SYSTEM FOR THE SUPPRESSION OF
RIBS AND COMPARISON WITH OTHER SYSTEM CONFIGURATIONS. SYSTEMS
ARE ORDERED ACCORDING TO , METHODS WHICH SIGNIFICANTLY IMPROVE
OVER THE METHOD BELOW IT ARE INDICATED WITH : OR

: . SIGNIFICANCE IS COMPUTED WITH WILCOXON SIGNED
RANK TEST ON THE 20 CASES

TABLE IV
CONFIGURATIONS AND MOST SELECTED PARAMETERS IN CROSS

VALIDATION FOR THE RIB SUPPRESSION EXPERIMENT

performs worse than Full system but significantly better than
Only smoothing. Table IV shows the parameters that were
most selected in crossvalidation for the tested configurations.
For subspace filtering was most selected in both Full
system and No outlier detection. This value of limits the
model’s components to within 1.0 standard deviation of the
mean and limits the appearance of crossing structures after
filtering. For all three configurations pixels (
mm) was most selected. This scale is approximately the width
of a rib and will remove any remaining small structures, but
not smooth away the evolution of the shape of the rib’s cross
section along the curve segment.
Fig. 5 shows the ROC curves for the three observers for

judging the presence of ribs in patches extracted from rib
free, rib containing, and rib suppressed images. The AUC of
the ROC was significantly reduced from very high values on
original images to moderate values on suppressed images,
respectively from 1.0 to 0.81, 0.99 to 0.75, and 0.99 to 0.84
for observers 1, 2, and 3 with significant differences for all
observers (case-based bootstrapping; ). Before
suppression ribs were detected almost without error by the
observers. After suppression observers can detect ribs or the
remnants in about half of the patches ( %; initial steep
part of the ROC curve) before starting to confuse patches with
and without ribs.

B. Suppression of Clavicles in Chest Radiographs

The lung tops are a difficult area to analyze in chest ra-
diographs. Clavicles, ribs, vessels, and mediastinal structures
overlap and create a complicated pattern in which abnormalities
are more difficult to discriminate. The suppression algorithm is
used to remove automatically segmented clavicles and evalu-
ated using measures for interior and border conspicuity.
1) Data: A set of 253 consecutively obtained posterior–ante-

rior chest radiographs were selected from a database containing
images acquired at two sites in sub-Saharan Africa with a high
tuberculosis incidence. The data was previously used to evaluate
our clavicle segmentation algorithm [33] and is publicly avail-
able on crass12.grand-challenge.org. The data comes from a
larger database used for the CAD4TB project, which is aimed at
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Fig. 5. Observers’ ability to discriminate between rib free patches and patches containing ribs on original and suppressed images. The AUC of the ROC is
significantly reduced for all observers comparing original images to suppressed images (case-based bootstrapping; ). (a) Observer 1. (b) Observer 2.
(c) Observer 3.

automatically detecting tuberculosis in chest radiographs [34].
All subjects were 15 years or older. Images from digital chest
radiography units were used (Delft Imaging Systems, Delft, The
Netherlands) of varying resolutions, with a typical resolution of
1800 2000 pixels, the pixel size was 250 m isotropic. The
set consisted of both normal and abnormal chest radiographs.
2) Segmentation and Suppression: Clavicle segmentation is

performed using the algorithm described in Hogeweg et al. [33].
In this method, supervised pixel classifiers are constructed to
segment the interior, the head and the border of the clavicle.
Active shape model segmentation based on the interior segmen-
tation is performed to generate an initial outline. The outline is
refined using dynamic programming. The result of the algorithm
is an outline with known points corresponding to anatomical po-
sitions on the clavicle.
The outline of the clavicle is taken as basis for the suppression

algorithm. The outline is divided into three sections: 1) the lower
border: running from the edge of the lung field to the start of the
head, 2) the head: running from the medial end of the lower
border to the medial end of the upper border and 3) the upper
border: running from the superior end of the head section to the
edge of the lung field. The number of sampled profile points is
different on each side of the sections. For the upper and lower
border mm (140 pixels), the profiles are extended

mm and mm towards respectively the inside
and outside of the clavicle making sure that the profiles reach
over the other border. For the head section mm (20
pixels), with respectively mm and mm towards
the inside and the outside. The other algorithm parameters were
set as pixels, %, and .
3) Evaluation: The visibility of the clavicle before and after

suppression was measured with the Weber contrast of the clav-
icle and with the line response on the border of the clavicles.
The two measures reflect the conspicuity of the low frequency
interior of the clavicle and the high-frequency borders, respec-
tively. The Weber contrast is defined as

(12)

where is the average intensity on the clavicle and the av-
erage background intensity. is measured in a band around
the clavicle with a width of 10 mm. The contrast was measured
only inside the unobscured lung fields, which were manually
outlined.
The line response is derived from the Hessian matrix [35]

calculated at a scale of 0.5 mm. Given the two eigenvalues of
the Hessian matrix with , the line response is
defined as

(13)

where the condition ensures that only positive con-
trast is determined. is measured in a 10-mm-wide band cen-
tered around the border of the clavicle segmentation and was
only computed inside the unobscured lung fields. The measures
were computed on original and clavicle suppressed images, with
higher values indicating higher conspicuity of the clavicle.
4) Results: Fig. 6 shows examples of original and suppressed

clavicles. The interior of the clavicle is mostly suppressed in all
cases, while remnants of the clavicle border can still be observed
in some cases. The first three cases are sorted according to their
relative contrast reduction , where
and are, respectively, the contrast in the original and sup-
pressed image. Analogously the second three cases are sorted
according to the relative line response reduction. Over the whole
dataset of 253 cases both the contrast of the clavicle body with
respect to the surroundings and the line response of the
clavicle border were reduced significantly (Table V).

C. Suppression of Clavicles in Chest Radiographs—Effect
on Simulated Nodules

Nodules were simulated close to the difficult area around the
clavicles and the effect of suppression on nodule conspicuity
characteristics was determined. The simulation of nodules en-
ables evaluation on a large set of cases.
1) Data: Normal chest radiographs were selected from the

dataset described in Section III-B and out of the in total 253
cases 116 contained no abnormalities.
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Fig. 6. Examples of clavicle suppression for six selected cases. First three cases (top two rows) are sorted on relative clavicle contrast reduction (lowest first).
Second three cases (bottom two rows) are sorted on line response reduction (lowest first).

2) Simulation of Nodules: Nodules were simulated in the
chest radiograph by projecting CT-derived templates on the
clavicle. The procedure was previously described in [36] and
is summarized here. Five nodules were obtained from a lung
cancer screening database [37]. To provide good templates
nodules with diameter mm and which were not connected
to the lung wall or large blood vessels were extracted. Nodules
were segmented using the smart opening algorithm [38] and ex-
tracted as a bounding box. Two-dimensional nodule templates
were then created by orthogonal ray casting. By scaling and
rotation the 3-D templates before projection a single 3-D tem-
plate can be used to create multiple 2-D templates. To achieve
realistic simulation of the nodules a conversion function was
used to transform CT units to X-ray units.
Simulated nodules were added to chest radiographs, one per

radiograph, with a random nodule template and rotation. The lo-
cation of the nodules was chosen so that the nodule overlapped
with the clavicle, ranging from a slight to full overlap. The con-
trast of the simulates nodules was set heuristically to a value so
that it does not give unrealistically bright nodules but they were
still visible for a human observer with knowledge of the loca-
tion of the nodule. Clavicle suppression was performed with the
same settings as in Section III-B.
3) Evaluation: Nodule contrast is measured similarly as for

the clavicles using the Weber contrast (12), where is the av-
erage gray level in the nodule region and in the background

region. The simulation of the nodules provides an exact loca-
tion and direct determination of background and nodule regions.
The nodule region is defined as the projected nodule outline.
The background region was defined as a 5 mm band around the
nodule region. Another aspect of nodule visibility is its hetero-
geneity. On a uniform background the intensity values of nod-
ules are more homogeneous than when other structures overlap,
making them more difficult to detect. The heterogeneity was
defined as the standard deviation of the intensity values in the
nodule region.
4) Results: Fig. 7 shows examples of cases with simulated

nodules in original images and with suppressed clavicles. It
can be observed that the clavicles are substantially suppressed,
while the nodules remain visible. Over the whole dataset of 116
cases the contrast of the nodule with respect to the surroundings
was slightly reduced, but the homogeneity of the nodule in-

creased, as indicated by a decrease of heterogeneity (Table V).
Before suppression average clavicle contrast was higher than
average nodule contrast, but after suppression nodule contrast
was more than twice as high. A further analysis of the nodule
contrast showed that in the group with an initial high contrast
(defined as 50% of cases with highest contrast before suppres-
sion) decreased from to ,
but in the remaining cases with initial low contrast it slightly
increased from to .
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TABLE V
CHANGE OF MEASURES OF CLAVICLE AND SIMULATED NODULE CONSPICUITY FROM ORIGINAL TO SUPPRESSED IMAGES. SIGNIFICANCE IS COMPUTED WITH A
WILCOXON SIGNED RANK TEST ON 253 AND 116 CASES FOR CLAVICLES AND NODULES, RESPECTIVELY. LINE RESPONSE AND HETEROGENEITY MEASURE

ARE ONLY REPORTED FOR THE CLAVICLES AND NODULES, RESPECTIVELY, BECAUSE THEY ARE NOT RELEVANT FOR THE OTHER STRUCTURE

Fig. 7. Effect of clavicle suppression on nodule contrast for three selected cases. Top row shows the original image with simulated nodule, middle row shows the
clavicle suppressed image, bottom row indicates the location of the nodule (inner outline) and the background region for measuring contrast (band between inner
and outer outline). Cases are ranked on the relative nodule contrast change from high to low.

D. Suppression of Catheters in Chest Radiographs

Catheters commonly occur in chest radiographs acquired in
a hospital setting and their presence complicates the reading
of the images. Catheters were manually segmented and then
suppressed using the algorithm. The quality of the suppression
was judged by three readers in an observer experiment where
they had to discriminate between square patches containing no
catheters and patches containing either catheters or containing
suppressed catheters.
1) Data: From the clinical archives of Radboud University

Nijmegen Medical Centre, The Netherlands, 36 chest radio-
graphs containing catheters overlapping the unobscured lung
fields and 21 chest radiographs without catheters were randomly
selected and anonymized. Images were acquired with digital
chest radiography units (Siemens Healthcare, The Netherlands)
of varying resolutions, with a typical resolution of 2700 2700
pixels and a pixel size of 143 m isotropic. Suppressionwas per-
formed on images downsampled to a fixed with of 1024 pixels.
2) Segmentation and Suppression: Catheters were manually

indicated by drawing the centerline along its whole length. The
centerline was used as input to the suppression algorithm. The
settings for the algorithm were determined in a pilot experiment
by visual inspection of the suppressed images: pixels,

mm (28 pixels), mm, and
.

3) Evaluation: The suppression was evaluated in an ob-
server experiment by three observers: one medical doctor
with experience in reading chest radiographs and two certified
chest radiograph readers. The observers’ ability to discriminate
between patches with and without catheters was examined in
two sessions. In session I patches without catheters and original
patches with catheters were presented, in session II patches
without catheters and patches with suppressed catheters were
shown. Square patches of 30 30 mm were sampled. In chest
radiographs containing no catheters patches were randomly
sampled from inside the unobscured lung fields. In images
containing catheters square patches were sampled along the
trajectory of the catheter inside the lung fields, ensuring that
the center pixel of the patch coincides with the centerline of
the catheter. Three and five patches were sampled from images
with and without catheters, respectively, with a total of 213
patches. These patches were presented randomized to each
observer who gave a score on the presence of a catheter in the
patch on a scale of 0–100: 0 and 100, respectively, indicating
definitely not present and definitely present. The observers were
not aware of the proportion of patches containing catheters
in the study. ROC analysis was performed to determine the
observer’s ability to discriminate between patches with and
without a catheter. The AUC was compared between session I
and II using case-based bootstrapping [32].
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Fig. 8. Examples of catheter suppression inside the lung fields for two cases. Only the part of the catheter inside the lung fields is suppressed.

Fig. 9. Example of four patches with catheters and one without used in the observer experiment. The catheter patches are sorted on average score for presence of
catheter in the suppressed patch of the three observers. The fifth example does not contain a catheter but shows the highest rated normal patch.

4) Results: Fig. 8 shows two examples of catheter suppres-
sion inside the lung fields. Visually, the catheter was removed
successfully by the suppression over the majority of its length.
Fig. 9 shows five examples of patches used in the observer
study. The first four patches contained catheters and are sorted
on average rating by the three observers. The last example

contained no catheter but was rated on average
highest on presence of catheters.
Fig. 10 shows the ROC curves for the three observers for

judging the presence of catheters in patches extracted from
catheter free and catheter suppressed images. The AUC of
the ROC was significantly reduced from very high values on
original images to moderate values on suppressed images,
respectively, 0.98 to 0.64, 0.99 to 0.74, and 0.99 to 0.74 for ob-
servers 1, 2, and 3 with significant differences for all observers
(case-based bootstrapping; ). Before suppression
catheters were detected almost without error by the observers.

After suppression observers can detect catheters or the rem-
nants thereof only in a minority of patches ( %; initial
steep part of the ROC curve) before starting to confuse patches
with and without catheters.

IV. DISCUSSION

A method to suppress translucent elongated structures in 2-D
images has been presented. Key elements of the method are sub-
space filtering of the structure and outlier rejection. The method
was evaluated in four experiments on rib, clavicle, and catheter
suppression in chest radiographs. In this section we first discuss
the results of the four experiments, we subsequentially critically
evaluate the merits of the subspace filtering approach and the
determination of the background, finally we discuss other ap-
plications of the method and consider possible improvements.
In the first experiment it was shown that subspace filtering

using PCA improved suppression of ribs in simulated chest ra-
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Fig. 10. Observers’ ability to discriminate between unaffected patches and patches containing catheters on original and suppressed images. The AUC of the ROC
is significantly reduced for all observers comparing original images to suppressed images (case-based bootstrapping; ). (a) Observer 1. (b) Observer 2.
(c) Observer 3.

diographs, compared to a method using only smoothing. The
use of simulated radiographs allowed us to measure exactly the
amount of suppression, showing a large reduction of the inten-
sity values of the ribs after suppression. In addition an observer
experiment was performed were it was found that the ability
of human observers to detect ribs in patches after suppression
was markedly reduced. Rib centerlines were not automatically
segmented in the project radiograph, but instead derived from
the CT segmentation. This allowed us to determine the suppres-
sion quality without the influence of errors that typically occur
in automatic segmentation techniques. Automatic segmentation
of ribs in radiographs has not been fully solved, but a number
of systems have been proposed in the literature [39]–[44]. Re-
cent other work on suppression of ribs in chest radiographs is
based on statistical regression techniques [10], [8], [45]. In these
methods patches with bony structures are replaced with bone-
less patches by using either massively trained artificial neural
networks [10], [45] or k-nearest-neighbor [8] regression. Both
methods require the availability of dual-energy (DE) bone im-
ages as training material. These types of images are not rou-
tinely acquired in most settings. Our algorithm does not require
the availability of DE images to remove the bony structures. In-
stead, the information needed to suppress the bone is obtained
under only the assumption of the presence of a common profile
pattern along the ribs and the clavicles. This property makes the
method more easily applicable to other domains where removal
of elongated structures is useful.
In the second experiment clavicles were suppressed in chest

radiographs. Clavicle suppression reduced clavicle conspicuity
as measured by the contrast of the whole clavicle with respect
to the background and by the line response on the border of the
clavicle. The contrast of the body was reduced to a large extent.
The line response gives a measure of the ability of the method
to suppress high frequency structures. While the line response
is clearly reduced, visual examination shows remaining clavicle
borders in some cases. A possible reason for this is that PCA, al-
though in principle able to model any structure up to the Nyquist
frequency, has not modeled the border fully. An improvement of
the method would be to modify the modeling and the subspace
filtering to place extra focus on the border of structures, for ex-
ample using weighted PCA. For this experiment a fully auto-

matic segmentation was used providing accurate outlines of the
clavicles [33]. Other segmentation methods for the clavicles are
available as well [46]–[48], [13]. Two other methods to suppress
clavicles have been published [13], [45]. In Chen et al. [45] a
location specific massively trained artificial neural network was
used to suppress the clavicles and good (visually examined) sup-
pression of clavicle body and edges was achieved. As discussed
before, a disadvantage of this algorithm is the need for DE im-
ages as training material. In Simkó et al. [13] a bone model was
created by smoothing along the automatically segmented clav-
icle border, after which the bone model is subtracted. Such a
method, which only uses smoothing to identify the structure,
will not be able to cope with larger disturbances: in our first ex-
periment on rib suppression we have shown that outlier detec-
tion and subspace filtering, which deal with larger disturbances,
significantly contribute to a more accurate suppression.
In the third experiment nodules were simulated in the neigh-

borhood of the clavicles in real chest radiographs. The use of
simulated nodules allows for the exact determination of the lo-
cation of nodules and for creating a larger dataset than would
have been possible using public datasets. Nodule contrast de-
creased slightly after suppression, a similar finding was made
by Suzuki et al. [10], who also found a slight degrading of the
contrast after suppression. Interestingly, we found that nodules
with an initial low contrast showed a slight increase of con-
trast after suppression. This observation can be explained by
the finding that on average the contrast per nodule increased
by 15%; the overall slight reduction in absolute contrast is thus
mainly caused by large nodules. For detection purposes not only
the contrast of the nodule itself, but also the value relative to the
overlapping and surrounding structures is important. We found
that before suppression the contrast of the clavicle, which is the
most conspicuous structure in the upper lung fields, was con-
siderably higher than that of the nodule, but after suppression
nodules had on average a higher contrast than the clavicle. Ad-
ditionally we found that the appearance of the nodule was more
homogeneous after suppression. Both the increase of contrast
with respect to other structures and the increased homogeneity
may aid detection by automatic methods or humans. To achieve
these beneficiary effects a perfect visual suppression of bony
structures is not required. Instead, the suppressed image pro-
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vides extra information compared to the original. Providing both
original and bone suppressed images to the radiologist is the
common mode of operation [14]–[16] and may help automatic
methods as well.
In the fourth experiment human observers judged the quality

of the suppression of catheters in chest radiographs. It was found
that the observers’ ability to identify a catheter was markedly
reduced after suppression. In about one third of the patches,
originally containing catheters, the observers could still identify
(remnants) of the catheter. Readers rarely take such a close-up
look at the radiograph as in this experiment, and the overall sup-
pression of the catheter might be sufficient for practical pur-
poses. The reduction in the observers’ ability to detect sup-
pressed structures was higher for the catheters than for the ribs,
and this suggests that the proposed algorithm should be ex-
tended to improve rib suppression, as is discussed below. Sup-
pression of catheters is a new research area; we are not aware
of any previously published method that addresses this topic. In
this experiment we used manual segmentations of the catheters,
but automatic catheter (tip) detection methods in chest radio-
graphs have been developed [49], [50] and could be combined
with the presented algorithm to achieve fully automatic catheter
removal in chest radiographs. The removal of foreign objects,
such as catheters, is also important for automatic processing by
computer aided detection algorithms to prevent false positives
[51].
In the experiments both real and simulated data were used.

In the rib suppression experiment, chest radiographs simulated
from CT provided a reference standard which allowed to exactly
determine the amount of suppression. Simulation of the clavi-
cles from CT is not possible because the position of the arms in
a CT scanner is different from the position in chest radiography,
leading to the clavicles being rotated and not overlapping any-
more with the lung fields on a posterior–anterior simulation. In-
stead highly realistic nodules extracted from CT were simulated
in the clavicle region to provide an accurate measure of the ef-
fect of clavicle suppression on the conspicuity of these lesions,
and provide insight into characteristics relevant to their detec-
tion in a diagnostic task. As an alternative to simulated data,
DE images could be employed. They have as disadvantage that
they are not commonly used in clinical practice and that DE im-
ages acquired using a dual-exposure technique can contain bony
structure artifacts as a result of the misaligned subtraction in the
imaging procedure [52] and are therefore less suited as reference
standard. Another option is to use a digital phantom of known
composition, which would allow to exactly measure the amount
of suppression achieved. A realistic digital phantom of the chest
is difficult to create due to the complexity of the lung structure
and to the best of our knowledge none have been described in
literature. Instead, a simpler phantom could be constructed, but
this makes it difficult to judge the algorithm’s merit in a real ra-
diograph.
Subspace filtering, i.e., the use of decomposition techniques

to remove the noise subspace of a signal, has been done before
using PCA [53], singular value decomposition [54], indepen-
dent component analysis [22], and non-negative matrix factor-
ization (NMF) [27]. A critical step in these methods is to de-
termine which and how many components belong to the signal

and which to the noise. Under the assumption that most of the
variance in the patch originates from the structure of interest,
PCA can directly provide the relevant model by selecting the
linear components with the highest variance. ICA and NMF do
not provide an automatic way to determine the components rep-
resenting the structure and need an extra step to identify the rel-
evance of each component [22], [55].
In certain situations it might be difficult to extract a model

which gives a good segmentation of the structure of interest
based on only the intensity values in the image patch. An ex-
ample of such a situation is the presence of many crossing struc-
tures, such as ribs crossing another rib, or ribs intersecting the
clavicle. In that case a low model dimensionality might not be
sufficient to accurately model the structure, as the first few com-
ponents are used to model the crossing structures. Increasing the
dimensionality can partially solve this problem, but will lead
to an inclusion of a larger amount of crossing structures in the
model. The performance of outlier detection will also be re-
duced as it will be more difficult to decide which profiles are
outliers when their frequency approaches 50% of the dataset.
At 50% outlier frequency any (unsupervised) outlier detection
technique will reach its breakdown point [56]. Potentially this
limitation can be remedied by incorporating a priori informa-
tion about the structure of interest, such as by inclusion of a
model derived from a larger number of instances. Another sit-
uation where the algorithm worked less successfully is when
there is a significant change in the appearance of one structure
over the course of its centerline. This happens to the part of the
ribs close to the chest wall, resulting in a reduced suppression
quality. A solution could be to divide the centerline of the struc-
ture into multiple segments, so that for each segment a separate
model is used.
Estimating the structure of interest through modeling and

outlier removal performs significantly better than through
smoothing alone, as was shown in the first experiment. We
hypothesize that this higher performance was achieved because
the noise that disturbs the structure of interest is not purely
Gaussian. In a Gaussian noise setting positive and negative
disturbances of the structure of interest would cancel out by
an appropriate smoothing procedure. High-frequency vari-
ations in background tissue density from small vessels and
parenchyma can be considered Gaussian and are removed by
smoothing. When larger disturbances, such as big vessels and
other ribs, cross the structure, smoothing will not cancel out
the disturbance but will only distribute it over a larger part of
the structure. This is where modeling of the structure provides
a better estimation. Larger disturbances cannot be fitted by the
model and are not segmented. To ensure limiting the model to
the structure of interest, larger disturbances are excluded from
modeling by rejecting them as outliers.
A key aspect of a method that suppresses structures by sub-

traction is to determine accurately the amount of intensity to
subtract. This requires the background values to be known. The
presented method determines this value from the assumption
that the background values have an average of zero. In reality
background values are not zero and the patch must first be nor-
malized. The background values are obtained from pixels out-
side the structure of interest. If a segmentation of the structure
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of interest is available, the background locations can be easily
found. When an accurate segmentation is not available and only
a centerline is used as input, the background values are found
by sampling profiles that extend well over the expected width
of the structure of interest. Care must be taken to not extend so
far that other instances of the same structure are included in the
patch as this introduces an offset in the background values.
Multiple instances of one type of structure are removed by

successive application of the algorithm. The order of removal
is not important, provided that in each application only the in-
stance and not other structures are removed. In practice this is
not always true and slight differences between different order-
ings can be observed. An example of this successive application
is the suppression of clavicles where first the lower, and later the
upper border are used to guide the suppression. This choice was
made to focus the suppression on the conspicuous borders.
The proposed method presents a general framework that can

be applied to any projection image and to any structure which
meets the assumption of translucency and the presence of a
common pattern along a curve. It is not necessary for the curve
to be located at the center of the structure. As illustrated by the
clavicle suppression, the structure can also be decomposed in
multiple curve segments to meet the working conditions for the
algorithm. Likewise a radial curve can be used to suppress el-
liptical structures.
The resulting structure suppressed images can be used as an

additional image to aid human reading or as input for subsequent
processing steps, such as computer aided detection. Clavicle and
rib suppression have been shown to improve radiologist’s per-
formance in the detection of nodules [15], [16]. Rib suppression
has been shown to improve the measured visibility of nodules
[10], but so far the effect on a fully automatic nodule system has
not been determined yet. Another detection task in chest radio-
graphs where bony structure suppression might be beneficial is
identification of infiltrates such as occurring in interstitial dis-
ease [57] and tuberculosis [58], [34]. A difficult area to interpret
in chest radiographs is the hilar region, where the pulmonary
vessel tree enters the lung. Vessel suppression might reduce the
complexity of the appearance of the lung field and improve ab-
normality detection in this area. While determining the correct
positioning of the catheter in bedside radiographs is a common
task in the hospital, its removal might facilitate the automatic
screening for, or monitoring of, abnormalities.

V. CONCLUSION

A general method to segment and suppress elongated struc-
tures in 2-D projection images was presented. The method only
requires a curve aligned to the structure of interest and min-
imal a priori knowledge to perform this task. Subspace filtering,
based on blind source separation techniques, was used to iso-
late the structure from the background. The method was evalu-
ated on three tasks—removing ribs, clavicles, and catheters in
chest radiographs—and showed a marked reduction of the con-
spicuity of these structures. Experiments with simulated nodules
showed an increase of contrast with respect to the clavicles and
potential to enhance diagnosis. Future work will focus on addi-
tional modeling to further improve suppression.

REFERENCES

[1] F. A. Mettler, M. Bhargavan, K. Faulkner, D. B. Gilley, J. E. Gray, G.
S. Ibbott, J. A. Lipoti, M. Mahesh, J. L. McCrohan, M. G. Stabin, B. R.
Thomadsen, and T. T. Yoshizumi, “Radiologic and nuclear medicine
studies in the United States and worldwide: Frequency, radiation
dose, and comparison with other radiation sources—1950–2007,”
Radiology, vol. 253, pp. 520–531, 2009.

[2] World Health Org., Global tuberculosis control, surveillance, planning,
financing WHO Rep. 2008, 2008.

[3] L. G. Quekel, A. G. Kessels, R. Goei, and J. M. V. Engelshoven, “Miss
rate of lung cancer on the chest radiograph in clinical practice,” Chest,
vol. 115, pp. 720–724, 1999.

[4] P. K. Shah, J. H. M. Austin, C. S. White, P. Patel, L. B. Haramati, G.
D. N. Pearson, M. C. Shiau, and Y. M. Berkmen, “Missed non-small
cell lung cancer: Radiographic findings of potentially resectable lesions
evident only in retrospect,” Radiology, vol. 226, pp. 235–241, 2003.

[5] M. L. Giger, K. Doi, H. MacMahon, and C. E. Metz, “Computerized
detection of pulmonary nodules in digital chest images: Use of mor-
phological filters in reducing false positive detections,” Med. Phys.,
vol. 17, pp. 861–865, 1990.

[6] B. Keserci and H. Yoshida, “Computerized detection of pulmonary
nodules in chest radiographs based on morphological features and
wavelet snake model,”Med. Image Anal., vol. 6, pp. 431–447, 2002.

[7] X. Chen, K. Doi, S. Katsuragawa, and H. MacMahon, “Automated se-
lection of regions of interest for quantitative analysis of lung textures
in digital chest radiographs,” Med. Phys., vol. 20, pp. 975–982, 1993.

[8] M. Loog and B. van Ginneken, “Bony structure suppression in chest
radiographs,” in Computer Vision Approaches to Medical Image Anal-
ysis. New York: Springer, 2006, vol. 4241, Lecture Notes in Com-
puter Science, pp. 166–177.

[9] K. Suzuki, H. Abe, F. Li, and K. Doi, “Suppression of the contrast of
ribs in chest radiographs by means of massive training artificial neural
network,” in Proc. SPIE Med. Imag., 2004, pp. 1109–1119.

[10] K. Suzuki, H. Abe, H. MacMahon, and K. Doi, “Image-processing
technique for suppressing ribs in chest radiographs by means of mas-
sive training artificial neural network (MTANN),” IEEE Trans. Med.
Imag., vol. 25, no. 4, pp. 406–416, Apr. 2006.

[11] S. Chen and K. Suzuki, “Computerized detection of lung nodules by
means of “virtual dual-energy” radiography,” IEEE Trans. Biomed.
Eng., vol. 60, no. 2, pp. 369–378, Feb. 2013.

[12] K. Suzuki, S. G. Armato, III, R. Engelmann, P. Caligiuri, and H.
MacMahon, “Temporal subtraction of ‘virtual dual-energy’ chest
radiographs for improved conspicuity of growing cancers and other
pathologic changes,” in Proc. SPIE Med. Imag., 2011, pp. 79 630F–79
630F-6.

[13] G. Simkó, G. Orbán, P. Máday, and G. Horváth, “Elimination of clav-
icle shadows to help automatic lung nodule detection on chest radio-
graphs,” in Proc. 4th Eur. Conf. Int. Fed. Med. Biol. Eng., 2009, vol.
22, pp. 488–491.

[14] S. Oda, K. Awai, K. Suzuki, Y. Yanaga, Y. Funama, H. MacMahon,
and Y. Yamashita, “Performance of radiologists in detection of small
pulmonary nodules on chest radiographs: Effect of rib suppression with
a massive-training artificial neural network,” Am. J. Roentgenol., vol.
193, pp. W397–W402, 2009.

[15] M. T. Freedman, S.-C. B. Lo, J. C. Seibel, and C. M. Bromley, “Lung
nodules: Improved detection with software that suppresses the rib and
clavicle on chest radiographs,” Radiology, vol. 260, pp. 265–273, 2011.

[16] F. Li, T. Hara, J. Shiraishi, R. Engelmann, H. MacMahon, and K. Doi,
“Improved detection of subtle lung nodules by use of chest radiographs
with bone suppression imaging: Receiver operating characteristic anal-
ysis with and without localization,” Am. J. Roentgenol., vol. 196, pp.
W535–W541, 2011.

[17] A. A. Efros and T. K. Leung, “Texture synthesis by non-parametric
sampling,” in Proc. 7th IEEE Int. Comput. Vis. Conf., 1999, vol. 2, pp.
1033–1038.

[18] M. Bertalmio, L. Vese, G. Sapiro, and S. Osher, “Simultaneous struc-
ture and texture image inpainting,” IEEE Trans. Image Process., vol.
12, no. 8, pp. 882–889, Aug. 2003.

[19] A. Criminisi, P. Perez, and K. Toyama, “Region filling and object
removal by exemplar-based image inpainting,” IEEE Trans. Image
Process., vol. 13, 9, pp. 1200–1212, Sep. 2004.

[20] X. Wang and H. Poor, “Blind multiuser detection: A subspace ap-
proach,” IEEE Trans. Inf. Theory, vol. 44, no. 2, pp. 677–690, Mar.
1998.



HOGEWEG et al.: SUPPRESSION OF TRANSLUCENT ELONGATED STRUCTURES: APPLICATIONS IN CHEST RADIOGRAPHY 2113

[21] F. Asano, S. Ikeda, M. Ogawa, H. Asoh, and N. Kitawaki, “Combined
approach of array processing and independent component analysis
for blind separation of acoustic signals,” IEEE Trans. Speech Audio
Process., vol. 11, no. 3, pp. 204–215, May 2003.

[22] S. Vorobyov and A. Cichocki, “Blind noise reduction for multisensory
signals using ICA and subspace filtering, with application to EEG anal-
ysis,” Biol. Cybern., vol. 86, pp. 293–303, 2002.

[23] A. Cichocki, S. Shishkin, T. Musha, Z. Leonowicz, T. Asada, and T.
Kurachi, “EEG filtering based on blind source separation (BSS) for
early detection of alzheimer’s disease,” Clin. Neurophysiol., vol. 116,
pp. 729–737, 2005.

[24] F. L. Bookstein, “Principal warps: Thin-plate splines and the decompo-
sition of deformations,” IEEE Trans. Pattern Anal. Mach. Intell., vol.
11, no. 6, pp. 567–585, Jun. 1989.

[25] K. Pearson, “On lines and planes of closest fit to systems of points in
space,” Philos. Mag., vol. 2, pp. 559–572, 1901.

[26] P. Comon, “Independent component analysis, a new concept?,” Signal
Process., vol. 36, pp. 287–314, 1994.

[27] D. D. Lee and H. S. Seung, “Learning the parts of objects by non-
negative matrix factorization,” Nature, vol. 401, pp. 788–791, 1999.

[28] Automatic nodule detection 2009 (ANODE09), 2009 [Online]. Avail-
able: http://anode09.isi.uu.nl/

[29] B. van Ginneken, S. G. Armato, B. de Hoop, S. van de Vorst, T.
Duindam, M. Niemeijer, K. Murphy, A. M. R. Schilham, A. Retico,
M. E. Fantacci, N. Camarlinghi, F. Bagagli, I. Gori, T. Hara, H. Fujita,
G. Gargano, R. Belloti, F. D. Carlo, R. Megna, S. Tangaro, L. Bolanos,
P. Cerello, S. C. Cheran, E. L. Torres, and M. Prokop, “Comparing
and combining algorithms for computer-aided detection of pulmonary
nodules in computed tomography scans: The ANODE09 study,” Med.
Image Anal., vol. 14, pp. 707–722, 2010.

[30] E. M. van Rikxoort and B. van Ginneken, “Automatic segmentation of
the lungs and lobes from thoracic CT scans,” in Proc. 4th Int. Workshop
Pulmonary Image Anal., 2011, pp. 261–268.

[31] J. J. Staal, “Segmentation of elongated structures in medical images,”
Ph.D. dissertation, Utrecht Univ., Utrecht, The Netherlands, 2004.

[32] C. M. Rutter, “Bootstrap estimation of diagnostic accuracy with pa-
tient-clustered data,” Acad. Radiol., vol. 7, pp. 413–419, 2000.

[33] L. Hogeweg, C. I. Sánchez, P. A. de Jong, P. Maduskar, and B. van
Ginneken, “Clavicle segmentation in chest radiographs,” Med. Image
Anal., vol. 16, pp. 1490–1502, 2012.

[34] L. Hogeweg, C. Mol, P. A. de Jong, and B. van Ginneken, “Rib
suppression in chest radiographs to improve classification of textural
abnormalities,” in Proc. SPIE Med. Imag., 2010, vol. 7624, pp. 76
240Y1–76 240Y6.

[35] A. F. Frangi, W. J. Niessen, K. L. Vincken, andM. A. Viergever, “Mul-
tiscale vessel enhancement filtering,” in Medical Image Computing
and Computer-Assisted Intervention. New York: Springer, vol. 1496,
Lecture Notes in Computer Science, pp. 130–137.

[36] P. R. Snoeren, G. J. S. Litjens, B. van Ginneken, and N. Karssemeijer,
“Training a computer aided detection system with simulated lung
nodules in chest radiographs,” in Proc. 3rd Int. Workshop Pulmonary
Image Anal., 2010, pp. 139–149.

[37] J. H. Pedersen, H. Ashraf, A. Dirksen, K. Bach, H. Hansen, P. Toen-
nesen, H. Thorsen, J. Brodersen, B. G. Skov, M. Dossing, J. Mortensen,
K. Richter, P. Clementsen, and N. Seersholm, “The danish random-
ized lung cancer CT screening trial—Overall design and results of the
prevalence round,” J. Thoracic Oncol., vol. 4, pp. 608–614, 2009.

[38] J. M. Kuhnigk, V. Dicken, L. Bornemann, A. Bakai, D. Wormanns,
S. Krass, and H. O. Peitgen, “Morphological segmentation and partial
volume analysis for volumetry of solid pulmonary lesions in thoracic
CT scans,” IEEE Trans. Med. Imag., vol. 25, no. 4, pp. 417–434, Apr.
2006.

[39] P. de Souza, “Automatic rib detection in chest radiographs,” Comput.
Vis. Graph. Image Process., vol. 23, pp. 129–161, 1983.

[40] G. F. Powell, K. Doi, and S. Katsuragawa, “Localization of inter-rib
spaces for lung texture analysis and computer-aided diagnosis in digital
chest images,” Med. Phys., vol. 15, pp. 581–587, 1988.

[41] S. Sanada, K. Doi, and H. MacMahon, “Image feature analysis and
computer-aided diagnosis in digital radiography: Automated delin-
eation of posterior ribs in chest images,” Med. Phys., vol. 18, pp.
964–971, 1991.

[42] Z. Yue, A. Goshtasby, and L. V. Ackerman, “Automatic detection of
rib borders in chest radiographs,” IEEE Trans. Med. Imag., vol. 14, no.
3, pp. 525–536, Sep. 1995.

[43] M. De Bruijne andM. Nielsen, “Multi-object segmentation using shape
particles,” in Information Processing inMedical Imaging. NewYork:
Springer, 2005, pp. 59–127.

[44] M. Loog and B. van Ginneken, “Segmentation of the posterior ribs in
chest radiographs using iterated contextual pixel classification,” IEEE
Trans. Med. Imag., vol. 25, no. 5, pp. 602–11, May 2006.

[45] S. Chen and K. Suzuki, “Bone suppression in chest radiographs by
means of anatomically specific multiple massive-training ANNs,” in
Proc. 21st Int. Conf. Pattern Recognit., 2012, pp. 17–20.

[46] T. Yu, J. Luo, and N. Ahuja, “Shape regularized active contour using
iterative global search and local optimization,” in Comput. Vis. Pattern
Recognit., 2005, vol. 2, pp. 655–662.

[47] B. van Ginneken, M. B. Stegmann, and M. Loog, “Segmentation of
anatomical structures in chest radiographs using supervised methods:
A comparative study on a public database,”Med. Image Anal., vol. 10,
pp. 19–40, 2006.

[48] D. Seghers, D. Loeckx, F. Maes, D. Vandermeulen, and P. Suetens,
“Minimal shape and intensity cost path segmentation,” IEEE Trans.
Med. Imag., vol. 26, no. 8, pp. 1115–1129, Aug. 2007.

[49] B. M. Keller, A. P. Reeves, M. D. Cham, C. I. Henschke, and D. F.
Yankelevitz, “Semi-automated location identification of catheters in
digital chest radiographs,” in Proc. SPIE Medical Imag., Mar. 2007,
vol. 6514, pp. 65 141O–65 141O.

[50] B. Ramakrishna, M. Brown, J. Goldin, C. Cagnon, and D. Enzmann,
“An improved automatic computer aided tube detection and labeling
system on chest radiographs,” in Proc. SPIE Med. Imag., 2012, vol.
8315, pp. 83 150R–1.

[51] L. Hogeweg, C. Sánchez, J. Melendez, P. Maduskar, A. Story, A. Hay-
ward, and B. van Ginneken, “Foreign object detection and removal to
improve automated analysis of chest radiographs,”Med. Phys., vol. 40,
no. 7, p. 071901, 2013.

[52] J. E. Kuhlman, J. Collins, G. N. Brooks, D. R. Yandow, and L. S. Brod-
erick, “Dual-energy subtraction chest radiography: What to look for
beyond calcified nodules,” Radiographics, vol. 26, pp. 79–92, 2006.

[53] P. Laguna, G.Moody, J. Garcia, A. Goldberger, and R.Mark, “Analysis
of the ST-T complex of the electrocardiogram using the Karhunen-
Loeve transform: Adaptive monitoring and alternans detection,” Med.
Biol. Eng. Comput., vol. 37, pp. 175–189, 1999.

[54] P. K. Sadasivan and D. N. Dutt, “SVD based technique for noise re-
duction in electroencephalographic signals,” Signal Process., vol. 55,
pp. 179–189, 1996.

[55] C. F. Beckmann and S. M. Smith, “Probabilistic independent compo-
nent analysis for functional magnetic resonance imaging,” IEEE Trans.
Med. Imag., vol. 23, no. 2, pp. 137–152, Feb. 2004.

[56] P. J. Huber, Robust Statistics. New York: Wiley, 1981.
[57] Y. Arzhaeva, M. Prokop, D. M. J. Tax, P. A. de Jong, C. M. Schaefer-

Prokop, and B. van Ginneken, “Computer-aided detection of interstitial
abnormalities in chest radiographs using a reference standard based on
computed tomography,” Med. Phys., vol. 34, pp. 4798–4809, 2007.

[58] B. van Ginneken, S. Katsuragawa, B. M. ter Haar Romeny, K. Doi,
and M. A. Viergever, “Automatic detection of abnormalities in chest
radiographs using local texture analysis,” IEEE Trans. Med. Imag., vol.
21, no. 2, pp. 139–149, Feb. 2002.


