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Abstract—This paper presents a method for the automatic on dynamic programming is also included. Recently, an algo-
segmentation of the lungs in X-ray computed tomography rithm using marker based watershed transform was proposed
(CT) images. The proposed technique is based on the use of 113 {hat eliminates the tasks of finding an optimal threshold
multiple active contour models (ACMs) for the simultaneous . .
segmentation of both lungs and outlier detection. The technique _and s_e_par_atlng Fhe attached left and right lungs. However, the
starts by grey-|eve| thresh0|ding of the images followed by edge |dent|f|cat|0n Of Intemal and eXtel‘nal mal‘kers Wh|Ch IS based
detection. Then the edge points are organized in strokes and a on morphological operations relies on heuristics. In [2] two
set of weights summing to one'is assigned to each stroke. Theseindependen[ ACM's based on geodesic gradient vector flow
weights represent the soft assignment of the stroke to each of 5.a sed. Although this method works well on concavities it

the ACMs and depend on the distance between the stroke points . - :
and the ACM units, on gradient direction information and also 'S unable to bridge anatomical structures such as the trachea

on the stroke size. Both the weights and the ACMs energy OF bronchi in case of adverse initialization. In this paper
minimization are computed using the generalized expectation- we present a method for the automatic segmentation of the

maximization_ (EM) algorithm. Initialization of the AC;M’S is lungs in thoracic CT images. The proposed technique is
fully automatic. Exp_erlmental results show the effectiveness of based on the use of multiple active contour models (ACMs),
the proposed technique. . . . . .
an algorithm recently proposed in [1] in which multiple

ACM's compete for the boundaries of multiple regions, thus
alleviating the well known problem of ACM'’s initializations.

X-ray computed tomography (CT) is the most commonlyThe algorithm proposed in this paper includes two major
used diagnosis technique for the analysis of the pulmonacgntributions: 1) it uses a different observation model which
region and the number of CT evaluations of the lungs hamakes it less sensitive to initialization and more robust to
been steadily increasing. In most pulmonary CT image analputliers, 2) initialization of the ACM’s is fully automatic. A
sis applications the first step is the segmentation of the lungsew outlier model is developed that takes into account the
Some examples include airway analysis [11], emphysenstrokes size in order to reject the smaller strokes correspond-
detection [10], evaluation of lung ventilation [12] and theing to the smaller nearby anatomical structures. In addition,
detection of lung nodules [14], [15]. Several algorithmghe observation model is also improved and features are
have been proposed for the segmentation of the lungsxtended to include the gradient direction as well as the edge
Most methods start with grey-level thresholding followed byocations. These modifications make the method more robust
region segmentation based on a sequence of morphologitialis allowing a fully automatic initialization which is based
operations [8], [9], [14]. For instance in [9] the step of grey-on the detection of dark circles on a white background with
level thresholding is performed using optimal thresholdinghe Hough Transform. This paper is organized as follows:
to select the threshold automatically. Then connected compsection Il formulates the problem, section Il describes
nents labelling is performed, the background air is eliminatetthe proposed algorithm for lung segmentation, section IV
by deleting regions that are connected to image borders aptesents experimental results and section V concludes the
only the two larger regions are retained. In some images thepaper.
is a superposition of the lungs region which requires an addi-
tional step for their separation. This task of lung separation
is usually one of the most computational intensive. in [9] ]
the left and right contours are separated by identifying th@- Problem Formulation
anterior and posterior junctions by dynamic programming. Lety be the set of all edge points detected in an image and
Lung separation in [8] is performed by a heuristically basetet us assume that is organized in connected components,
region splitting procedure according to a thickness measurealled strokesy’, j = 1,..., N wherey’ = {y{, ..., yJ } is the
Some methods include a priori anatomical knowledge [11ket of edge points belonging to the j-th stroke. The number
[12] which makes them more powerful but at the cost obf ACM’s, L, is assumed to be known and we add an extra
more computational load. For instance in [12] anatomicahodel to account for outliers. We denote it the outlier model,
knowledge stored in a semantic network is used to guide the€**e"  Let 2* be the k-th active contour modek, =
low level image processing and a lung separation step baskd.., L defined by a sequence of 2D poiats i = 1, ..., M*;

. INTRODUCTION

[l. SEGMENTATION WITH MULTIPLE ACTIVE CONTOUR
MODELS



the number of points for each snake is adjusted by insertidgand to be classified as outliers, and the ACM’s will be
and deletion in order to keep the distance between twable to bridge the small outlier strokes. Therefore we used
consecutive points constant and therefore different ACM¥% 7 = exp(—KN7) where K is a positive constant.
may have different number of points* can either be an .

: C. Prior Model
open or closed contour. We will assume that the strokes

detected in the image are independent: We adopt the following prior:
= J 1
p(y|x) l;[p(y |x) ( ) logp(x) = ; Eint(xk) + #Zk Einter(xka xl) (7)

and that the distribution of each stroke is a mixture of L+1 ) o
densities: where E,(z*) is a regularization energy that expresses the

, - N assumption that each contour is smooth &g, (", z!) is
P 12) =D arp(y?|2*) + dounierp(y? |z°*")  (2)  another regularization energy that expresses the interaction

k between different active contours. FaY,;(z*) we used:
where theay's are the mixing proportions verifying; > 0 x ek 2
y Qoutlier = 0 andz Ak + Qoutlier = 1. Eint (x ) - Z (HiCZ T T || B ZO) (8)
]C 1
Our aim is to estimate the L ACM’s using the MAP

where [y is the desired spacing between successive shake
elements, set by the user. Settihg # 0 prevents the

2" = arg max p(zly) = arg max [log p(y|z) + log p()] active contour from shrinking collapsing into a point. For
x x 3) Biner (2, 2) we used:

criterion:

As discussed in [1] this can not be solved analytically so the Einter (2, 21) = |zl — zk|? 9)
EM algorithm is used. o ) zl:zm: o = 21)

B. Observation Model where p(d) is a distance measure that can be tailored to
i(lj_a particular application. Any kind of geometrical relation
etween contours can be defined, for example the contours

can attract or repel each other, they may be required not to
intersect or to be concentric.

, . 1 ,
By _ B TT L k
p(v/la*) = [ [ p(wila®) = ] 1 MF Z%(y%’xi) ) b. Estimation of the multiple ACM’s

This model is related to the elastic net model [3] and In the EM algorithm it is assumed that y is incomplete

associates every edge point with a given snake elemeﬁeta %%}PhaiFhE ({:E[n pletZeLg?}fa;R;Hgg;g{gi%:ﬁ??ﬁs;el
Yoo =1z n2 ]

This model is less sensitive to initialization than the previous d th ek 21 h Keyi
model used in [1]. Since in the thresholded images the lun gnerated the stro keaj = 1 means t "?“ ;tro & was
appear as black regions against a white background we %nerated by model®. The complete log likelihood is given
directional snakes [4] and define the contribution of each”" & ik
feature to the potential function introduced as follows: logp(y, 2|z) = Z ;Zj log p(y’|z") (10)
J

{ o (Yo xi) = Nlyg, xf, 0°1) IGN(x?)_HG(%” <7/2 |nstead of maximizing (3), the EM algorithm alternates

0 otherwise between two steps. In the E-step it finds the conditional
expectation of the complete log likelihood with respect to
the unknownz given the observed data and the current
estimate,t .

We assume each stroke has i.i.d. edge points, each m
elled by a mixture ofM* densities centered in the snake
elements:

where N(y, u, R) denotes the normal density function with
meany and covariance Ry (z¥) is the contour’s outward
normal direction at snaxet? and fs(y/) is the gradient
direction at edge poing/. This approach makes sure that Q(z,z)=FE {1ng(yvz|x)|y, 5} (12)
only those edge points with the correct gradient direction
will attract the ACM's. For the case of the outlier model,
the contribution of each feature to the potential is a constant.
Previously we used the same constant for every stroke,
#o(|30]?) and our outlier model had the ability to classify
the strokes that were distant from all the ACM’s as outliers.

We now propose using a different value for each strake, Wherewy is a set of weights summing to one assigned to
each stroke. The weights] represent the soft assignment

p(y |z ey = [T p(dlae ey = [ NV? = (NV7)"  of strokey? to the active contour”. The weights are given
n n by:
. . . . © * : K o~ app(y’|z*)
If V7 is set inversely proportional to the size of the cor- wy, =p(z; =1y, x) = LA ey (13)
responding strokeN7, then the smaller strokes will also ;O‘mp(y‘ ™)

Qz,z)=F

Xj: Ekj 2Flog [ap(y? |2 )]1

. , (12)
=2 2w log [awp(y?|2")]
i k



In the M-step the estimation of the active contour is obtained bright background and therefore exploits the geometrical
by the maximization of: relationship between the center coordinatesb) and the
—~ ~ edge directionp obtained in the edge detection stage. This
Uz, z) = Q(z, 7) + logp() (14) " relationship, together with the knowledge of the expected
The maximization is performed by the gradient algorithm: range of radii, makes it possible for every edge pginty)
i . to vote in the parameter space across a line segment normal
oty = oy —7Va(Q(a, 7)) (15) : is defi :
t+1 t — Ve ) to the tangent. The line segment is defined by the points
where V, represents the gradient. This equation can ber,y) and(z1,y1) which are calculated as follows:

rewritten as follows: 1 = T + Tmax c08(Q)

‘T)lfg+1 = If - 'Yint.fint — Yext fext - ’Yinter.finter (16) n=y + Tmax Sln(¢)
Where fox (25, fint (2¥) aNd finter (=) are external, internal where r,,, is the maximum value allowed for the radius.
and interaction forces. More details are given in [1]. The circles are foynd by searching thg 3D accumulatqr space

for two peaks with the samé coordinate for the circle
I1l. PROPOSED ALGORITHM FOR THE SEGMENTATION OF center and also the same radius. This search for the maxima
THE LUNGS is exhaustive but it is fast since the number of cells is

The first step of the proposed algorithm is gray-levefiuite small because of the coarse parameter quantization.
thresholding using Otsu’s [7] method which computes thénitialization can be located either inside, outside or across
optimal threshold that maximizes between-class variatioth€ lungs region.

The thresholding operation usually separates the lungs agd
the outer chest walls and in some images also the trachea, - )
esophagus or bronchi. Usually there are small white spots!n the case of lung superposition, after the algorithm’s
inside the lungs regions corresponding to blood vessels. Aftépnvergence there will be a separation between the ACM's
thresholding, the edges of the binary image are detected ah@cause there are no edges at the lungs junction and both
sets of connected edge points (strokes) are detected. THBGS are competing for the same strokes. Therefore, in order
nearby smaller anatomical structures and the white spd@ connect the ACM's at the junction, we add interaction
inside the lungs originate strokes that we wish to discarlprces between the ACM's. We use the long range attraction
as outliers (Fig. 1). At this point the directional informationforces and short range repulsion forces also used by [6]

of the edges is also calculated and will be used to improwhich are derived from the intermolecular dynamics potential
the segmentation performance. function known as the Lennard-Jones function:

fiter(@f, @) = Allrig| ™" = Brig| ™"

17

Lung Superposition

where ||r;;|| is the distance between snaxel and z
and n, m, A and B are constants. We use the default A = B
=1.0, m =1, n = 3. An example of lung separation is given
in section IV.

IV. RESULTS

This section presents examples to illustrate the perfor-
mance of the proposed method. The input data consists of
stacks of chest CT slices with X-ray attenuation ranging from
-1024 to 3071 Hounsfield units, corresponding to a 12 bit
Fig. 1. Edge detection step. a) Original image b) Corresponding edge§lu@ntization. Images are 512x512 with slice thickness of 1.0

millimeters. Edges were obtained with the Canny edge detec-

For the simultaneous segmentation of both lungs twPr and strokes were obtained with a connected components

ACMs are used (L=2). In case there are other thoracig@belling algorithm. The external forces acting on each model
structures of interest in the images, the trachea for examphit were multiplied by independent gains as suggested in

more ACMs can be used. [5] in order to speed up convergence. The gain facters
o and~i,ter Were chosen manually. The first example illustrates
A. Initialization performance of the algorithm in the middle pulmonary region

The initialization is fully automatic. Since the competitionand shows the robustness of the method with respect to the
between the multiple ACMs makes them quite robust we aiiaitialization. Fig. 2 a) and b) shows the initial contours and
able to use a crude initialization with two parallel circlesthe final contours obtained by the algorithm. Although there
with the same radius. These two circles are found with this a large degree of intersection between the two ACM's
Hough Transform (HT) using a very coarse quantizatioproduced by the automatic initialization step, still the method
for the circles center coordinatgs,b) and also for the is able to recover due to the competition between the two
radiusr. The circle detection tries to find dark circles onACM's. In addition the algorithm is able to classify the



trachea as an outlier as well as the spurious strokes located
inside the lungs.

V. CONCLUSIONS

This paper proposes a method for the automatic segmenta-

tion of the lungs in X-ray computed tomography (CT) images

[1]
Fig. 2. Lung segmentation in the middle pulmonary region. a) Automatic
initialization b) Final Segmentation.

(2]

The second example illustrates the performance of the
algorithm in the lower pulmonary region and shows that the®!
method can deal with pronounced concavities and different
shapes for each lung. Fig.3 a) and b) show the initial contour&!!
on the left and the final contours on the right.

(5]
(6]

(7]

(8]

(9]

- e . e

Fig. 3. Lung segmentation in the lower pulmonary region. a) Automati¢10]
initialization b) Final Segmentation.

The third example illustrates the performance of the algo[}l]
rithm in the case of lung superposition. Fig.4 a) shows the
segmentation results obtained without interaction forces a

Fig.4 b) shows the final segmentation with joined contours
after the use of interaction forces between the ACM’s. 13

[14]

[15]

Fig. 4.
Final Segmentation.

Lung superposition. a) Segmentation before interaction forces b)

using multiple active contour models and an outlier model.
The method segments both lungs simultaneously and also
accounts for outlier features detected in the image. No user
intervention in required to initialize the contour since the
initialization is fully automatic. Optionally more thoracic
structures other than the lungs can be segmented. Future
work will include the extension of the proposed methods
to 3D for the analysis of the complete CT data set.
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