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Abstract—Active shape models (ASMs) are statistical,
deformable models, exhibiting a remarkable performance for
the segmentation of the lung fields in plain chest radiographs.
In this paper we propose a novel approach to improving the
robustness of the original ASM against weak lung field
boundaries, which can cause leaking of the shape's contour into
the lung fields. The ASM is shielded against leaking by the
prior application of a grey-level selective thresholding scheme
that subtracts irrelevant anatomic structures from the
radiograph. The proposed approach copes with affine lung field
projections and features resistance to the presence of dense
external objects used for patient's monitoring and support. Its
advantageous performance is demonstrated on a challenging
set of chest radiographs obtained from patients with bacterial
pulmonary infections.
Index Terms— Active Shape Models, Chest Radiographs,
Bacterial Infection
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I. INTRODUCTION

istorically, one of the first research challenges taken in
the field of medical image processing and analysis is
the segmentation of chest radiographs into regions of
projected anatomic structures. Since the early sixties [7] a
significant effort has been invested to the development of
various methodologies tackling with the delineation of
complex structures such as the lung fields, the ribs, the
clavicles, and the heart [1],[9]. However, there are still many
open issues to be resolved, especially when it comes to a
real-world application level.
In the case of the lung field segmentation, an issue that
has not received much attention is the delineation of the lung
fields in the presence of abnormalities affecting the visibility
of their boundaries. Such abnormalities may appear as a
result of a bacterial pulmonary infection and can make the
lung field boundaries hardly visible even by experienced
physicians [2],[3]. Methodological approaches that cope
with this kind of abnormalities have been based on active
shape models (ASMs) [4],[5], on graph cuts [6], and on
based on Bezier interpolation of salient control points [8].
In [8] it has been pointed out that patients are not always
aligned according to the standard procedures, and
consequently the lung fields may be projected affinely onto
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the radiographic film. In addition external objects used for
their monitoring or support, such as tubes and clips may also
be present, affecting the performance of the current lung
field detection methodologies. This is a usual situation in
intensive care, where portable x-ray devices are used for
capturing radiographs from patients immobilized in bed,
possibly operated, intubated and connected to monitoring
devices [2]. The unsupervised methodology proposed in [8]
addresses these issues; however, it sometimes produces
implausible lung field shapes since it does not pose any
shape constraints.
Among the various lung field segmentation
methodologies [1], the shape-constrained deformability of
ASMs makes them a competent candidate for handling the
segmentation of misaligned lung fields. According to the
original ASM approach [11] the shape of an image region is
represented by the principal components of landmark point
vectors, whereas the grey-level appearance of that region is
limited to its border, and consists of the normalized first
derivative of the grey-level intensity profiles centred at each
landmark that run perpendicular to the region’s contour. This
formulation makes evident that ASMs are quite sensitive to
weak lung field boundaries and to the presence of external
objects which affect the derivatives of the intensity profiles.
In this paper we propose a novel approach to ASM-based
lung field segmentation that copes with the afore-mentioned
issues. The proposed approach utilizes the selective
thresholding scheme originally proposed in [8] so as to: a)
derive the pose of the initial shape model, and b) shield the
ASM from leaking into the lung fields.
The rest of this paper consists of four sections. In section
2 a brief description of the selective thresholding algorithm
is provided. The proposed ASM approach is presented in
section 3. In section 4 the results of its experimental
evaluation are presented, whereas in the last section the
conclusions of this study are summarized.
II. SELECTIVE THRESHOLDING
Let I be a new chest radiograph of size N×M pixels,
which is uniformly sampled from top to bottom with sh nonoverlapping rectangular windows of h×M, pixels, where
h<N. For each sample an average horizontal profile of greylevel intensities is estimated. For each profile a local
maximum is selected as a spinal cord point according to [8].
The selective thresholding algorithm proceeds as follows:
Step 1. Sample the radiograph across spinal cord:
• For each of the sh points detected on the spinal cord
o Acquire a square sample of x2 pixels.

o For each sample i=1,…,sh:
 Calculate its intensity histogram hi,
 Select a set of histogram components phi
centred at its highest peak.
Step 2. Accumulate the values phi from all samples into a
single histogram H.
Step 3. Find the last non-zero component m of H.
Step 4. Generate an output image T(I) from I as follows:
• Set the intensities of I that correspond to the non-zero
components of H, to zero.
• Set the intensities of I that are larger than m, to zero.
• Set all non-zero intensities to one to obtain a binary
image BT (I ) (Fig.1b).
The intensities that are larger than m are subtracted from I
because they are unlikely to belong to the lung fields since
the spinal cord is generally brighter than both normal lung
parenchyma and consolidations [12]. Such regions may
include dense objects used for patient’s monitoring or
support.
III. ASM AIDED BY SELECTIVE THRESHOLDING
The shape of a lung field can be described by n landmark
points (x1,y1),…,(xn,yn) forming a shape vector
x=(x1,y1,…,xn,yn)T. The ASM approach [11] applies principal
component analysis (PCA) to build a shape model from a set
of training shape vectors of ground truth lung field
boundaries in different chest radiographs. The shape model
is represented by the covariance matrix of the shape vectors
C x from which t eigenvectors φi , i=1,…,t corresponding to
the largest eigenvalues λi , are estimated. The value of t is
determined as the smallest t for which the following
inequality holds [4]:
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ASM is then applied on a new chest radiograph after proper
initialization and evolves to detect the lung field boundaries.
A. Initialization
The proposed approach applies a novel ASM
initalization scheme to obtain the initial position, the
rotation, and the scale of the mean shape of each lung field
so that the ASM algorithm begins to evolve from an initial
model that is close to the target lung field boundaries.
Initially, a set of points belonging to the left and to the
right side of the ribcage are selected according to [8]. The
outer left and right points of the ribcage are interpolated by
Bézier curves and connected, so as to segment I into two
regions. The Bézier curves have been considered for their
intuitiveness and their robustness to outliers [8],[10]. The
segmented image is binarized so that the pixel values under
the curve are equal to one, and the pixel values over the
curve are equal to zero. This is denoted as BI (I ) (Fig. 1c).
The two binary images BI (I ) and BT (I ) are then
combined using BIT (I ) = BI (I ) ∧ BT (I ) to produce a new binary
image BIT (I ) (Fig. 1d), which can be considered as a rough
mask for the two lung fields. This mask is further divided by
L
the spinal cord points into two parts; a left part BIT (I) and a
R
right part BIT (I) , corresponding to each of the two lung
L
R
fields, such that BIT (I ) = BIT (I ) ∨ BIT (I ) .
The centre of mass of each part is chosen for the
positioning of the centre of mass of the mean shape of each
lung field. The centre of mass is estimated by the two first
order geometric moments of the binary image [13]. The
rotation of both mean shapes is determined by the angle θ
between the line obtained with linear regression [14] from
the spinal cord points and the vertical axis of the image.
Given a fixed position and rotation angle of the mean shape
of the left and the right lung field, the corresponding lung
field model is iteratively scaled up until it reaches a
maximum overlap with the shapes of the non-zero regions of
BITL (I) and BITR (I) , respectively. The overlap ω between the
areas of two shapes; a1 and a2 is defined by [15]:

where f v is the desired percentage of shape variation to be
represented by the t principal eigenvectors. The eigenvectors
form the matrix Φ = (φ1 φ2 ... φt ) which is used for the
approximation of a shape x in:
x = x + Φ ⋅ bx

(2)

where x denotes the mean of N training shape vectors, and
b x holds the shape parameters, estimated by b x = Φ T ( x − x) .
In addition to the shape, the ASM models also the local
appearance of the image region around each landmark. The
local appearance model is represented by the mean d i and
the covariance matrix C di of the normalized first derivatives
d i = (d i1 , d i 2 ,..., d i 2 k ) T , k>0, of image intensity profiles
g i = ( g i1 , g i 2 ,..., g i 2 k +1 ) T . The latter are sampled around each
landmark i=1,…,n over the N training shapes. The trained

ω=

a1 ∩ a 2
a1 ∪ a 2

(3)

The translation, rotation and scaling of the shape model
is realized by the well-known geometric transformation
i
applied on each landmark (x, y), whereas initially b x = 0 ,
i=L,R.
B. Evolution
The initialized ASM evolves according to a simple
iterative scheme [11]. Each landmark can move along a
direction perpendicular to the contour by s positions on
either side of the contour, evaluating 2s+1 positions, in total.
The new position ( xi′, yi′) of each landmark i=1,…,n, on the
search direction, is determined as the one minimizing the

Mahalanobis distance between the vector of the normalized
first derivatives estimated from the 2s+1 pixel intensity
profile centred at each of the possible new landmark
positions ( xij′ , yij′ ) , i=1,…,n, j=1,…,2s+1, and di . After all
the landmarks are updated, the shape model is fitted to the
new landmarks.
The proposed approach to ASM evolution takes into
account that the lung fields lie in a contiguous region of nonzero pixels in BT (I ) and prohibits the model to evolve
towards these regions in I. This way leaking inside the lung
fields can be avoided. The initialization of the model as
described in the previous subsection, and the incorporation
of multiresolution local appearance models helps the
algorithm to avoid trapping into irrelevant regions.
Moreover, the a priori shape information included in the
ASM helps the algorithm to achieve a plausible delineation
of the lung fields even if part of them remains joint with
their surroundings, or artifacts are present, in BT (I ) .
The proposed ASM evolution algorithm proceeds as
follows:
Step 1. Update landmark positions:
• For each possible new landmark position ( xij′ , yij′ ) ,
i=1,…,n, j=1,…,2s+1:
o Calculate a profile of normalized first derivatives
d′ij = (d ij1 , d ij 2 ,..., d ij 2 k ) T on I, centred at this
landmark position perpendicular to the contour.
o From all d′ij , such that T (I ( xij′ , yij′ ) ) = 0 , find
μ min (d′i ) = min (μ (d′ij ) ) .
j =1,..., 2 s +1
o ( xi′, yi′) = ( xij′ , yij′ ) is the new position of landmark i.
Step 2. Fit the current shape model to the updated
landmarks:
T
• Set x′ = ( x1′ , y1′ ,..., xn′ , yn′ ) .
• Calculate the new model parameters for x′ by
solving Eq. (2) for b x′ .
• Constrain each component bl < c λl of b x′ , c>0,
l=1,…t, to ensure plausible shapes.
Step 3. Repeat steps 1 to 3 until a proportion of pclose of
points ends up within s/2 of its previous position, or Mmax
iterations are reached.
Step 4. Move to the next resolution level.
Step 5. Repeat steps 1 to 5 until the finest resolution level
Rmax is reached.

Ω=

TP
TP + FP + FN

(4)

where TP stands for true positive (the area classified as lung
by both the proposed methodology and the expert), FP for
false positive (area classified as background by the expert
and as lung by the proposed methodology) and FN for false
negative (area classified as lung by the expert and as
background by the proposed methodology). This measure is
more suitable measure of segmentation performance than the
accuracy used in [8], since the latter counts TN pixels as
correctly detected, providing deceptively high results in
cases of relatively small target objects.
The results from the application of the proposed and the
original ASM approach on the available dataset are
illustrated in Fig. 2. The average values of Ω presented in
this figure are estimated by the leave-one-out crossvalidation scheme. The last column presents the average
value of Ω obtained with the unsupervised Bézier
interpolation method proposed in [8]. Indicative
segmentations obtained with the three methodologies tested
are illustrated in Fig. 3. This figure shows clearly that the
proposed methodology avoids contour leaking, whereas it
achieves more plausible delineation than the Bézier
interpolation method without missing the costophrenic
angles. Moreover, it should be noted that in our experiments
the region of the lung fields overlapped by the heart is not
excluded because it may also contain abnormal findings [3].

(a)

(b)

IV. RESULTS
The experimental evaluation of the proposed approach
was performed on a set of 58 anonymous chest radiographs
obtained with a portable x-ray device from critically ill
patients with pulmonary bacterial infections manifested as
consolidations. The radiographs were digitized at 8 bits per
pixel and have been downscaled to fit a 256×256-pixel
bounding box. The parameters considered include w=h=9,
x=32, fv=0.98, Rmax=3, Mmax=30, s=2 and c=2.
The performance of the proposed methodology was
assessed in terms of Ω , a widely accepted measure of
accuracy for binary segmentation tasks [9]:

(c)
(d)
Fig. 1. Images obtained from the intermediate steps of the proposed
BT (I ) , (c) BI (I ) , (d)
approach. (a) Radiograph I, (b)
BIT (I ) = BITL (I ) ∨ BITR (I ) , where BITL (I ) and BITR (I ) contain the left and the right
part of B IT (I ) respectively, as these parts are divided by the grey points
corresponding to the spinal cord.
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Fig. 2. Comparative results obtained with the three lung field segmentation
methodologies tested.
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Fig. 3. Representative segmentations of the lung fields from the radiograph
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original ASM approach, and with (c) the Bezier interpolation methodology
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