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Abstract—We propose an algorithm for building 3D models the airway tree because of noise and interpolation arsifact
of the airway tree from Computed Tomographic (CT) images. for segments of small diameter. Therefore, any recent girwa
Our procedure rst computes a set of core pointsthat tend to segmentation method (including ours) uses local threshold

concentrate along the centerlines of the airway tree brancbs. . . .
This point set, after a Itering step, is used to build a set of _ N confrast to other airway segmentation algorithms (out-

wall points that concentrate on the walls of the airways. Finally, lined in Section II), our method relies on the spatial distri
a triangulated surface is build from the wall points using a tion of point sets de ned by the input image for estimation
Delaunay-based reconstruction procedure. of the centerlines of airways as well as for reconstructibn o
their walls. By generating these points based on local aisly
of the data, we effectively deal with noise, varying intéysi
inside the airways as well as contrast variation. The outcom
Respiratory diseases are common, particularly in indaistriof the local analysis is conveniently represented as a cloud
areas or large urban agglomerations in developing cowntrief wall points most of which tend to concentrate along the
Pathologies that could affect suf cient lung function inde walls of the airway tree. The set of wall points is converted
tumors, pulmonary embolism, atelectasis, pneumonia, ento a global 3D airway tree model using a Delaunay-based
physema, asthma, bronchiectasis, and many others. Certaiconstruction procedure.
lung diseases can be diagnosed based on the airway walfhe structure of the paper is as follows. First (Section II)
thickness measurements, diameter, branching geometfgrandve discuss previous work on airway tree segmentation from
rate of tapering. Even though airway tree abnormalities c&T images. In Section Il we describe the major stages of our
be detected based on 2D slices, the ability to extract a il Jlgorithm: building the core point set, ltering out outlie
model of the airway tree from a 3D image has several kdy the core point set, construction of the wall point set and
advantages. For example, slice based measurements carmuileling the triangle mesh representation of the airwayrfro
inaccurate if the airway is not perpendicular to the slicisoA the wall point set. Experimental results obtained for clai
information available from the slices is deprived of usefulatasets are discussed in Section IV. We nish with a brief
context, making it harder for a radiologist to keep track discussion of possible future work to improve our algorithm
the generation number of an airway, the structure of neariyy Section V.
airways or the overall shape of a segment. Three dimensional
airway tree segmentation may also turn out to be useful in
simulation and optimization of drug delivery directly toeth
lungs through inhalation [1]. Airway tree segmentation has been an active research area.
In this paper, we describe a method that allows one # number of reconstruction algorithms based on region-
reconstruct a three-dimensional model of the airway treefr growing, morphology and rule-based reasoning have been
a Computed Tomography (CT) lung image. This is a highlgroposed.
nontrivial problem because of the noise and other artifactsThe paper [2] introduces a 3D painting algorithm that ex-
present in a typical CT scan. Even though airways generathacts bronchus area by gradually increasing a region grgwi
appear dark on the CT scan, their intensity can vary acrdégeshold until the segmented area leaks into the lung. Tése a
just before the leak takes place is identi ed as the bronchus
Teéﬁnilzggn;cﬁgr:tsa Wci;tz tE; aﬁ_"gi%‘iz ;‘é%gggg&gredﬁemgia Instit of  grea. Our algorithm also uses leak-bound region growing for
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I. INTRODUCTION

Il. PREVIOUSWORK



Like the algorithm of [2] (and unlike the method presented in
this paper), this method is based on a global threshold which
induces loss of accuracy for small branches of the airwag. tre
The method of [4] takes advantage @fpriori knowledge ;
about the structure of the airway and vascular trees and thei L
interrelationships and is based on a combination of three-
dimensional seeded region growing for large airways, rul@ig. 1. 15,000 lowest uncertainty core points for four CTrecaNotice the
based two-dimensional segmentation of 2D slices to idgntiftreaks of points running along the centerlines of the gisva
airways of small diameter and merging of airway regions to
obtain a 3D tree structure. This approach has been re ned in
[5], where fuzzy logic techniques were used to improve traly, this point set will contain numerous outliers that dat n
speci city of the rule-based approach. The work [6] presen€orrespond to airways (Figure 1).
an airway segmentation algorithm based on morphologicalThe core points are generated based on analysis of all
lters, marking techniques based on the concept of conne@Xis-oriented (i.e. parallel to they, xz or yz plane) two-
tion cost and conditional watershed based segmentatiom. THMensional slices of the input three-dimensional CT séam.
method was applied to segment airways from CT images @fis-oriented slice is a 2D grey-scale image. For each,slice
sheep lungs. Application of 3D mathematical morphology€ examine the evolution of connected components of the set
diffusion limited aggregation, energy-based modelingfaac-  Of pixels obtained by thresholding as the threshold in@sas
tal dimension to reconstruction of airways in human lun{from the minimum to the maximum pixel intensity). Here,
images is described in [7]. An algorithm based on adaptif@resholding the image yields union of pixels whose inteesi
region growing, morphological operations and pre Iteritm do not exceed the threshold. Pixels are de ned as closed axis
increase robustness at the cost of discarding smaller besncoriented rectangles with disjoint interiors, forming artg of
is introduced in [8]. The paper [9] describes a fully autoimatthe image.
method for segmenting the airway tree in three dimensionsSince the airways are low intensity and have tubular shapes,
based on grey-scale morphological Iters applied in twotheir 2D sections are likely to have regular (roughly, eitpl)
dimensional slices. In [10] the authors propose a hybrihape and be topologically simple (more precisely, simply
bronchi segmentation which iterates masked region growirgPnnected, i.e. connected and with no holes), provided the
wave propagation and template matching stages. The papiway's centerline and the section plane intersect “trans
[11] presents an approach based on fuzzy connectivity, ti5&ly’ (i.e. at an angle signi cantly greater thd). Note that
uses small adaptive regions of interest to follow the airwdfie centerline pf any airway segment is intersected at aagle
branches as they are segmented. Parameters for segmentégiast atcos 1(Te) 35 degrees (this is the angle between
in each region of interest are automatically selected so tithe diagonal of a cube and any of its faces) by axis-oriented
leaks are avoided. slices at a dense set of points. For example, if the cengerlin
Finally, let us mention several results on computing oné parallel to thex-axis, it intersects slices parallel to tlye
dimensional skeletons of airways, for example, [12], [13Rlane at the angle dd0 degrees (but does not intersect or is
[14], [15]. This problem is motivated by bronchoscopy pattengent to slices parallel oz or xy planes: this is why we
planning problem or virtual bronchoscopy applications.r Owse slices perpendicular to all three coordinate axes).
core point set can be thought of as a set of samples near th€ore points are computed as centroids of topologically
airway centerlines. Designing a robust algorithm for mtimg simple components resulting from thresholding at the mdmen
the tree structure from the core point set would allow ttheir expansion is slowest (in other words, when they hit a
reconstruct a skeletal representation of the airway tree. \&teep wall). In addition to computing its coordinates, feery

plan to address this problem in future research. core point we attempt to estimate the suitable local thrgsho
de ning the airway area (this is the threshold for which the
I11. ALGORITHM component's expansion is slowest) and an uncertainty nneasu

The algorithm proposed in this paper proceeds in fourster?s]c the core point (in this case, an estimate of the minimum

First, we generate a set obre pointsthat tend to concentrate exi)angmn speeotl for thelzt.comfponer:r: ovir Iltds I'f?t'me)'l
near the centerlines of the intensity valleys (Figure 1)e Th 1) Components resulting from thresholdingo analyze

set of core points is Itered to reduce the number of outlierg1e connectivity of the sets resulting from thresholding: w

(Figure 6). The resulting point set is then used to generaﬁ@lrt from empty set of pixels and insert pixels one by one

wall pointson the walls of these valleys, in particular on thd" order of increasing intensity. B we shall denote the

walls of airways (Figure 7). Finally, a triangulated 3D mbdeunion of pixels inserted so far. Below8;connectivity is used
' determineS and its properties and-connectivity is used

of the airway tree is computed from the wall points (Figure é\ﬁhen dealing with the complement @&. As a result of

using a procedure based on Delaunay tetrahedralization. adding a new pixel t&, the topological structure of connected
] components oS may change: new components may appear,
A. Core points some components may merge and some may change the
The goal of this step is to generate a set of core pointspology (i.e. holes in the components can appear or disappe
forming dense streaks near the centerlines of airways. Gengy holes we mean bounded connected components of the



Fig. 2. A set (union of pixels shown in black) with three holesch one
shaded with a unique pattern). Note that the holes existusecthe pixels ‘

are considered closed: there is no path leading from anytpoira hole F k — ‘ ﬁ
to any point in the unshaded white area (the unbounded coempasf the Y

complement of the black set). For the same reason, there patioleading
from componen® to componen8 in the complement of the set.

(@) (b) (©) O
Fig. 4. Computing 2D contours. Filled disks are centers oflsi in a
connected componeft of the setS (the union of pixels below the threshold),
circles are centers of other pixels and the thick line is theteur de ned by
F . Note that the threshold is calladovalueif used to determine contours.
; By agrid interval we mean an interval connecting the center of a pixel with

the center of one of its four neighbors (on the right, on tte leelow and

(e) ) )]
above).Grid squaresare squares formed by four grid intervals. The contouring
algorithm generates one or two contour intervals for eadth smuareZ with
at least one vertex ifF and at least one vertex outside. The intervals
connect pairs of points on the edges ofin a way depending on which

vertices ofZ are inF and which are not (all4 possible cases are shown
on the bottom). The endpoints of the intervals are computeg@aints with
Fig. 3. Adding a new pixel (shown in grey) t8 (nearby pixels ofS intensity equal to the isovalue, assuming that the intgnsities linearly along
are shown as black squares); In cases (a) and (e), there isputogy the grid intervals.
change (thus, no topological event takes place). In allrothees we have a
topological event; (b) - two components with no holes merge one with no

holes; (c) - a hole in a component disappears; (f) and (g) -poorents with . .
no holes merge into a component with holes; (d) - componeiits holes and addindl (to account for the new pixel). Center of mass can

merge; notice that the number of holes behaves in a way descit the end be obtained by properly weighting (proportionally to theegi

of Section IlI-A.1, for example, in (d), each of the two blactmponents has the centers of mass of the adjacent components ang'she
one hole (thus, the total number of holes in the adjacent cots is2),

a=2 andb = 3; the component resulting from adding the grey voxel hagoordinate's- F_ina”y' the topology of a Conr.‘eCted componen
3=2+ b aholes. can be maintained as follows. If &lvertex neighbors op are

outsideS, a new component with no holes (containing only
. p) is introduced. If all4 edge neighbors gf are already irS,
complement — see Figure 2). We shall call these structutahgle gisappears from the component that will congaitter
changes involving the components 8f topological events i is added toS. Otherwise, we can compute the topology of
Examples of topological events as well as voxels which do ngf,¢ component based on the number of adjacent components
induce a topological event when inserted i®@re shown in (denote it bya) and the numbeib of components in the
Figure 3. . intersection of the boundary qf and the setS just before
We keep track of the connected componentsSotising inserting p into it. The number of holes in the component
the disjoint-set datastructure [16, Chapter 21] on the $et Qyntainingp right after it is inserted is equal to the sum of
all pixels. For each pixep that is inserted, we look up the ,,mbers of holes of all adjacent components piusinusa
connected components of those of #ieeighboring pixels (Figure 3).
that are already ir5 and merge them and the pixplinto 2 aAdmissible componentgin admissible component S
a single component. Moreover, for each comporiendf S s 3 component with no holes that does not contain a boundary

maintain: pixel. With each admissible componéhbf S, we maintain its
()  Topology (i.e. the number of holes) &f characteristic at the moment of its slowespansiorsince the
(i) Size (number of pixels irF) last topological event involving that component. Compdsen
(i)  Center of mass of of S are unions of a nite number of pixels and hence their
(iv)  Minimum intensity of a pixel inF growth is a discrete process. A compondhtgrows if a

(v) A binary boundary agindicating whether the com- pixel with one of its8 neighbors inF is added to the set
ponent contains a pixel on the boundary of the slicg (and therefore also td). The area of a component is
All of the above quantities are updated each time a new pixelpiecewise constant function of the threshold and theeefor
p is inserted intdS. Logical OR is performed on the boundanyjts rate of change is not a useful quantity (it is either zero
ags components adjacent tp to obtain the boundary ag or innity). Thus, we measure the expansion speed of an
of the component containing after its insertion intoS. admissible componeml based on the evolution of tlntour
Minimum of intensity minima of the merged componentgle ned by that component rather than the increase of the size
yields the intensity minimum of the new component. Size caf the component itself. We use a 2D variant of the marching
be obtained by summing the sizes of the adjacent componeribes algorithm (described in Figure 4 for completeness) to
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Fig. 6. Core points from Figure 1 after the Itering step.

I points inside the airway are not lost). A nontrivial bounkkli
last pixel added before p this is quite easy to nd for images coming from the same
source and acquired using similar settings.

Fig. 5. Computing the expansion speed of a componehRt whenp is added
to the component. The inner polygonal line is the contouresponding to . . .
isovaluets (intensity at the last pixel added befop} and the outer line is B. Filtering out outliers

the contour corresponding to isovaltg (intensity of p). To compute the . . . .
expansion measure, we divide the area between the two gsnfgiven by The set of core points contains numerous outliers (Figure 1)

the difference of area#\(t2) A(t1)) by t2 ti1 times the length of the However, most of them can be eliminated by exploiting
contour corresponding to isovallfé—;tz (half way between the two shown cgherence between the ‘true' ones. which tend to come in
in the gure). . L . .

streaks running along the centerlines of airways. Thisddad
the following method for discarding most of the outlier core
points. We rst select 15,000 core points of lowest uncettai

As a measure of the expansion speed of a compoRent LetrC]:be th.e S?t of selecte(: p0|'nts. ined
we use the ratio of the rate of change of area enclosed by thd "€ desirable number of points (15,000) was determine
contour de ned byF to its perimeter (roughly speaking, itexpenmentally. The results are qwte stable Wlth respect t
measures the average velocity of the contour under incwgas?:hangeS of that number. Selecting 30,000 points leads to

isovalue). The rate of change of the area between isoval(@49Nly the same results. Selecting less than 15,000 pointj
t, andt, can be approximated using the nite differencdnay cause someasmalll(lf at least 10,000 points are ge}ecte
Alty) A(ty) where A(t) denotes the area enclosed by thQumber of branches to disappear from the reconstruction. We

corﬁo&r de ned by isovalué. We approximate the expansionChose to use a constant number of points since the sizes of

speed betweety andt, as the ratio of that nite difference the scans we worked with did not vary signi cantly (all had

and the perimeter of the contour for the average isov&l@@. between5_7 and 103 Million vqxels). For higher_ resolution
Thus, the expansion speed forbetween the two thresholdsScans: this number should be increased so that it staysIsough
is given by proportional the cube root of the voxel count (a large fi@ati

Alt2) A1) of the core points of lowest uncertainty is distributed gon
G toP(ath)’ (1) one-dimensional airway centerlines; the number of coratsoi
2 along the centerlines is likely to stay roughly proportibtta
where byP (t) we denote the perimeter of the contour de nedhe cube root of the number of voxels). A slightly greater
by F and the isovalug. increase may be desired, however, since a signi cant fracti
The ratio (1) is computed whenever a new pigas added of the selected points are outliers, concentrated alongroth
to the componenE, with t, equal to the intensity op and intensity valleys or just scattered in random places. Their
t; — equal to the intensity of the latest pixel that was addddhction within the low uncertainty core points may increas
to F beforep (Figure 5); however, the computation is notogether with the size of the input image.
performed ift; = t, since in this case the formula becomes By | (q; ) we shall denote the interval connecting two
singular. For any admissible componédnf we maintain the pointsq, andg. The distance between a poigt and interval
minimum value of the expansion measurgF) since the | (q; ) is de ned as the distance betweanand the point on
last topological event involving , the corresponding averagethe interval closest tgz. For every poinig2 C we nd a unit
threshold T (F) = % and the centroidM (F) for that vectord for which the number of points i€ that are less than
threshold. Whenever an admissible componEntecomes away from the interval (g; g+ d) is maximum (where and
inadmissible as a result of topological event or adding @Ipix are user-speci ed constants; note that the intel¢gt g+ d)
on the boundary of the image, we instt(F) into the set of connectsq and the point away fromq in the direction of
core points. We also associate thecertainty measurgiven d). If the maximum is greater than a prede ned consthint
by R(F) and theseparating threshold (F) with that point. we mark all points less than away froml (g;g+ d). After
The separating threshold will play the role of a local thiddh all the points inC are processed, we output all marked points.
for our segmentation technique. The resulting point set is called thikered core point sef(see
To reduce the number of core points, we do not generdfgure 6 for examples). Note that for all datasets presented
a core point if all pixels inF have intensity greater than ahere, we used = 10, N =8 and =1 and we assumed
prede ned constant. The constant should be a conservatthat the grid is uniform of siz& (basically, this is because the
upper bound on the intensity inside the airway tree (so thgtid size was not taken into account when computing the core

compute the contours.




of the distribution of the wall points is related to the natio
of local feature sizg19], [20]. Local feature size is de ned
as the distance of a point on the (unknown) surface to be
reconstructed from its medial axis. In [19], the authorsvero
that their algorithm always produces correct results ifr¢he
is a sample no more tha®06 times the local feature size
away from any point of the surface to be reconstructed. In
practice, reconstruction algorithms work very well for nhuc
Fig. 7. Wall points generated using the ltered core pointssshown in \orse sampling densities. In our case, we would like to be abl
Figure 6. .

to correctly reconstruct airway branches that are two oeehr
voxels wide and therefore we should ensure that the sampling

points). These thresholds work very well since centerlioes 'S Well below the grid size. Although optimal sampling rate
airway trees that can be seen on CT scans consist of roug!fiynPOssible to predict since the most desirable outpudts n
straight segments of length at least Therefore, for most <10WN @ priori, our experiments show that usi@go rays
points in C near the airway centerline, one is able to nd©' €Very core point usually provides suf cient samplingaa

an interval of length that closely follows that Cemer”ne_mcr_easmghthat num;)jer does nr?t |mprovedthe loutrr)]ut. _
Core points are likely to be densely distributed along suth a Slnc_g the vgctpr were chosen randomly, there is a
interval. Since the length of the interval 1€, we are likely to possibility of signi cant differences in the output from mu
nd at least 10 points less than away. UsingN = 8 adds a to run. However, even though the wall points do differ from
margin of safety: the point is not rejected if a core pointdas n run _tg rudn, thei’} are (with very h;lgh bprobabmty]z dhenslely
generated for a low number of slices intersecting the ierJiStributed on the airway tree walls because of the large

or if the search for the optimal interval (described belowgs numper of selected d|rept|on vectors. Because of th|s, the
not work well enough. algorithm for reconstructing a surface from these points in

To nd the optimal direction for a point 2 C, we count most cases produces almost identical results. We encahter
points less than away from the interval (q; g+ d) for 100 only one dataset with signi cant variation of the output.€Th

randomly selected direction vectatsnd return the best of the\iariagon can t_)e re:uced by u_sing hmore”t mo rays dper
selected direction vectors. When searching for nearbytppin tere core pqlnt when genergtmg the wal points an more
we restrict the search to points that are less that+ 1 away thanlOOdlrec'glons per core point when ltering the core point
from the midpoint ofl (g; g+ d) using the approximate nearestsets_(See tSr,]ectlon IE)/'B)'f df . int
neighbor data structure of [17], [18] to increase ef ciency Ince the number of rays used for a Specic core poin

Clearly, a more sophisticated optimization method can laaelusdoes not depend on the distance from the airway wall and the

in the place of the one described above. On the other hal%s,ltlnbm.'otn of the Iie:fd codre poilgtsam%y not be “”'Ior”?f‘ |
our approach is very simple to implement and seems to Wod ¢ 'Eotmds gentﬁra ed as , ESCI’fI © a}rovedare ntcr)] uni ort;n y
very well in practice. istributed on the airway's surface. To reduce the number

of wall points (and therefore the running time and storage
) requirements of the procedure that constructs trianglehmes
C. Wall points airway model from the wall points described in Section IlI-
Wall points are constructed from ltered core points aP) we decimate the wall points as described below. We chose
follows. For each pointg, we randomly selec200 three- to use parameters that lead to sampling density of roughly
dimensional unit length vectors. For each selected vettae one third of the grid size (assuming that the the wall points
follow the ray starting atj in the direction ofd until it reaches before decimation are at least this dense). Our experiments
a point with intensity equal to the separating thresholdjof show that increasing that sampling rate leads to unnegessar
That point is output as a wall point. By itsicertaintywe shall increase in running time and storage requirements withoyt a
mean the uncertainty of (cf Section IlI-A.2). To compute improvement in the quality of the output.
intensity at a point other than samples available from tipgin ~ The decimation procedure works by invalidating some of
3D image (centers of voxels), we use trilinear interpolatié the wall points. Initially, all points are labelled as valid/e
the ray leaves the input 3D image without encountering atpoican the wall points in order of increasing uncertainty. For
with intensity greater or equal to the separating threshokl each poinu that is marked as valid, we invalidate wall points
output the intersection of the ray with the boundary of thether thanu) less than one third of the grid size away from
image. u (by grid size we mean the average spacing between pixels
The above ray following procedure can be implemented @longx ,y andz directions). After all wall points are
a number of ways. We chose a simple implementation trgganned, we output points that have not been invalidated. An
samples the ray at an evenly spaced set of samples, unti#fgient implementation of this process may be based on the
sample of intensity higher than the separating threshold @gproximate nearest neighbor data structure [17], [18].
found. Then, we search for the wall point between that and
the previous sample along the ray using the bisection methéd From wall points to a triangle mesh
Since we are going to reconstruct the airway surface fromOur approach to construction of a triangle mesh model of
the wall points later on (Section IlI-D), the desired depsitthe airway tree from the wall point set is motivated by the




Fig. 8. Top row: initial reconstructions computed from thalMpoints; bottom
row: nal reconstructions of the airways (i.e. largest cented components
of the meshes shown in the top row).

algorithm for building surfaces from unorganized point9][1
[20]. However, the point sets we deal with in this paper ass le
structured than those used in [19], [20]: they contain nuwuasr
outliers and are generally quite noisy (Figure 7).
We rst compute the Delaunay tetrahedralization of of thejg 9 aiway trees reconstructed from ve of the test CTssaEach row
set of all wall points using the Quickhull algorithm [21]. L_e shows the same tree from six different viewpoints. The last shows only

D be the set of the resulting Delaunay tetrahedra. We n(fWNays in the right lung because of incompleteness of thes€h. Note that
’ narrowing of the left upper lobe bronchus can be seen in tleEg@s shown in

select a small number sed pointswith as many as possible e top row. The meshes shown here hage114, 224458 60788, 228946
(but not necessarily all) contained in the airway area. Rer tand 151106 triangles (respectively).

examples shown in this paper, we just ud@dof Itered core
points of lowest uncertainty. However, lowest uncertaitye ) o
points often do not belong to the airway area (for example, WWhen the coarsening process is nished, we compute the
esophagus often contains a number of such points). Thus, mea! reconstruction consisting of all triangles whose exactly
some input images, user intervention might be necessaryQi® incident tetrahedron in the boundary set. Apart from the
select the suitable seed points. airway tree, the initial reconstruction contains a numbgr o
Let O D be the set of all tetrahedra containing at leasMall components that need to be discarded. A commonly
one of the seed points. L& D consist of all tetrahedra S€€N relatively large component is the air in esophagus (for
whose one face is contained in the boundary of the conveX@mple, near the trachea in Figure 8, upper left, or jusiel
hull of the set of wall points (i.e. is a boundary face of théhe bifurcation of the trachea in Figure 8, upper right). The
Delaunay tetrahedralization). Consider the fanfilpf subsets N&l output is computed as the largest connected component
of D consisting ofO, B and one-element sets containinj’f the initial reconstruction. The triangles of the nal @T
all tetrahedra inD but outsideO andB. The familyE is a struction are likely to have small circumradii because éts
subdivisionof D: any two sets irE are disjoint and the union the subdivision which meet at large triangles are likely & b
of all these sets i®. We are going to coarsen the subdivisiof€rged during the coarsening process.
E by iteratively replacing a pair of its sets by their union. Even though the k_)a5|c procedure desc_rlbed above pro_duces
At each stageE will contain exactly one superset @ (the gooq rgsults, we noticed that they can be |m_proved by a simple
airway se} and exactly one superset Bf (the boundary set heuristic to prevent merging large unclassi ed sets with th
Sets inE other than the airway and the boundary set will bBoundary set. If one of the componehtsandL to be merged
calledunclassi ed is the boundary set and the other one is unclassi ed, we do
By a Delaunay trianglewe mean a face of any tetrahedrofot merge them if the siz_e of the unclas_si ed set (measured
in D. An internal Delaunay triangleis a Delaunay triangle &S numbgr _of elements, i.e. tetrahedra) is Iar_ger than a user
that is not contained in the boundary of the convex hull gi€lected limit (we found out that00works well in all cases).
the wall point set. Each internal Delaunay triangle is a fac'® coarsening process can be implemented ef ciently using
of exactly two tetrahedra iD. To perform coarsening, we the disjoint-set datastructure described, for examplg1@j.
scan the internal Delaunay triangles in order of decreasing
circumradius. For each triangle, we determine $étsnd L IV. EXPERIMENTAL RESULTS
of the subdivisiork containing its incident tetrahedra. If these The scans we used in experiments with our algorithm
sets are distinct and at least one of them is unclassi ed, wensisted of abou80 Million voxels on average (individual
replaceK andL by their unionK [ L in E. sets spanned the range betwéahand 103 Million voxels).



Before running out procedure, we equalized the mean irtiensi
of slices of the input image: for every slice we divided the
intensity of every voxel in the slice by the mean intensity
of that slice. We applied this step because neighboringslic
signi cantly varied in intensity for some of the test scams f
no clear reason.

Examples of airway trees obtained for the test datasets are
shown in Figure 9 and Figure 11 (right tree in each pair).

Images leading to the trees shown in the rst two rows of

Figure 9 have been acquired using a Siemens Sens@#ionFig. 10. Points near the airway centerline speci ed manyuatterlaid with
CT scanner (Forcheim, Germany) and are of spatial resalutifye airway model computed using our algorithm (the dark ehalotice that
0:4mm_04mm 0:6mm . The other trees shown in this gure i S4Ew! [ Sonselent wih the manualy shec o¢ poistoton 1 s
were obtained from images acquired with a Siemens Sensatiinput image, or is able to recover them only partially.

16 scanner (spatial resolutio?:6mm  0:6mm  1mm).
Three trees shown in Figure 11 (bottom) were reconstructed
from publicly available high resolution scans obtainedniro
[22] (datasets namebigecanonixObelixand Tragicomixwith
spatial resolution®:47mm  0:47mm  0:5mm, 0:74mm
0:74mm  1mm and 0:59mm  0:59mm  1mm, respec-
tively).

The parameters used in the algorithm (such as the number of
selected core points, number of direction vectors used when
computing the wall points or when ltering the core point
set and others) were set based on experiments with six lower
resolution scans (among these, the datasets leading tortee t
trees on the bottom of Figure 9). The same parameters wéig 11. Comparison of our results with the output of [2]. &reutput by

; - ; et our algorithm is the shown on the right for each pair. In theecahown in
used to extract all trees shown inall gures in this pape ¢ the top right corner, a large part of the tree is missing in iéseonstruction

for the bottom row of Figure 15. obtained using the method of [2]. However, this is also theecahere we
The average running time of our prototype implementatiorpserved high variations of the output from run to run (Fegas). Images in

was abouB minutes on a 2GHz Pentium M laptop. We founépe bottom row show trees obtained from datasets availabla {22].

out that the dependence of the running time on the size of the

input image was close to linear. The breakdown of the running

time between the consecutive stages of the algorithm (gedra

over all datasets we experimented with) was as follows:

- Computation of the core points (Section I11-A)0%

- Filtering the core point set (Section 111-BY:0%

- Computation of the wall points (Section [1I-CJ%

- Computing the triangle mesh (Section 111-D)3%, \ \
about a quarter of which was spent on computing the ook branches reconsiructed as
Delaunay tetrahedralization compenents disconnected from he

The tlme_ required fqr computanon of the core points depengﬁ 12.  Two examples of leaks and several airways recoctsluas
on the size of the input image; however, the other parts 9€ onnected from the airway tree and therefore missing filoe nal result.
the algorithm operate on the set of core or wall points and

therefore their running time is not directly related to tlees

of the input image. Thus, for larger datasets, the percentag . branches missed because
of time spent on computation of core points was larger than of stenosis
for smaller datasets. The peak memory usage we observed

(when computing the Delaunay tetrahedralization needed fo ~—_ = a streak of core points outside

. - . the airway tree (resulting
construction of triangle mesh from wall points) was ab800 from air in esophagus)
Meqabytes' core points inside airways
~— but outside the reconstructed

tree

A. Quality of reconstruction

To assess correctness of the output, we obtained a mar]gjgl

. . . .I 13. Filtered core points and wall points overlaid withet nal
segmentation of the tree shown in the second row of Figuradonstruction. Notice that the branches of the outputareeshorter than the

by selecting about 10,500 points scattered near the camsrl qureSDOPding hstreakls of ltered PorebpointS- AIfSO_, twogtar brancf(lg_s are
. : : . lssing rom the nal reconstruction because of signi castenosis (Figure

of thg airways. The ;elected pomt; overlaid with the rgco@l).

struction obtained using our algorithm are shown in Figure



Fig. 15. Trees output bg0 runs of our algorithm for one of the test datasets for difienearameter values. Upper rod00 direction vectors for core point
set ltering and 200 for construction of wall points; lower ron200 direction vectors for core point set Itering ar6DO for construction of wall points.

may affect the quality of the nal reconstruction no matter
how they are classi ed.

Clearly, the problems discussed above are a result of poor
distribution of the wall points, e.g. large number of outier
areas where wall points are not distributed densely enouagh o
the airway walls for the reconstruction algorithm to cl&gsi
the Delaunay tetrahedra correctly. The poor distributibthe
wall points can, in turn, be a result of poor distribution of
the core points. Gaps in the streaks of core points along the
Fig. 14. Consecutive slices through the CT scan (croppedhecatea of centerline of an airway (which can be caused by low intensity
interest) showing two examples of airway stenosis regyitinbranches of the of the airway walls in the input image), may cause low density
airway tree (shown in Figure 13) missing from the output. €ach example, . . . ’
the upper row shows the slice images and the lower row showssame ©Of Wall points in in the part of the airway wall near the gap and
slices with the output tree scan-converted into them (shiownhite). Arrows —cause problems described above. For thin airways, problems
point to the airway areas missing from the output. Note thathie second gecyr even for small gaps. This is the main reason why all
example the connection between the missing branch and stef¢he tree b h fth | ' . fth hott
can hardly be seen in the input image. ranches of t e na reconstruction of the treg are sho ant

the corresponding streaks of ltered core points (Figurg. 13

il
~a

10. One can see that the reconstruction is correct for lowSince core points are obtained based on local analysis of the
generation airways (in this case, up to generati)n The input image, some of them may not correspon(_j to airways. In
accuracy decays as the generation increases. Our algoriff¥&ny €xamples shown here, streaks of core points correspond
was able to reconstruct a few airways of generatlénbut Ng to air in the esophagus were found (an example is shown
no airways of generatiofhl. in Figure 13). In all cases, they gave rise to small connected
We also compared the output of our algorithm with th€omponents of the initial reconstruction and therefore ewer
results obtained using the thresholding approach of [2jf NOt included in the nal output. However, in some cases, they

11). Our algorithm produces more complete trees with longBl2y become blobs connected to the airway tree. Improving
branches. the core point set would clearly help avoid such problems.

The dataset that was hardest to deal with contained a number

B. Problems and shortfalls of airway narrowings (the resulting tree is shown in the top

Problems of our approach we observed in our experimemtav of Figure 9). We found two large branches that were
are illustrated in Figures 12, 13, 14 and 15. Recall that tmeissed by our algorithm because of stenosis (Figure 13)e$li
nal reconstruction is obtained by deciding which tetraled through the input CT scan showing airway bifurcations that
of the Delaunay tetrahedralization of the set of wall pointhe procedure failed to capture are shown in Figure 14. Also,
are contained in the airway tree. Erroneous decisions leadthis is the only scan we encountered for which the variance
wrong or suboptimal results. If tetrahedra that are outside of the result from run to run (due to random choices made
tree are classi ed as belonging to the tree one encounterdy our algorithm) was signi cant for the parameters used
“leak’: the output tree contains regions outside the troe@ay throughout this paper (Figure 15). However, the resultp &0
tree. Examples of leaks are shown in Figure 12. The duary signi cantly if the number of direction vectors usedrfo
problem is that some tetrahedra that are inside the trueagirwltering of the core point set (Section IlI-B) and constrian
tree are classi ed as being outside. In some cases, this mafthe wall point set (Section I1I-C) are increased fra@0Dand
lead to gaps in airway branches and missing branches in 2@ to 200and500, respectively (this parameter change leads
nal reconstruction (Figure 12, right). Theoretically,ig also to roughly 30 per cent increase in the running time and does
possible that a signi cant portion of a tetrahedron is imside not affect the output for any other dataset we experimented
airway and a signi cant portion is outside. Such tetrahednaith).



V. DISCUSSION

(20]

We described an algorithm for airway segmentation from

CT scans, combining the topological analysis of 2D slices
and simple point-based 3D reconstruction algorithms. &h

are several future research directions that look intargstiVe

would like to be able to reconstruct the one-dimensionad tr
structure from noisy point clouds such as the sets of conetpoi

T1]

f12)

or ltered core points obtained in this paper. We would also

like to improve the reconstruction by designing better rite
for the core point set (for example, lters taking into acoou

the uncertainty information available for core points).

[13]

Clearly, we will be looking for opportunities to validate[!
the output of our algorithm in a more complete way, in
particular assessing how well it captures the airway wallgs]
Such a validation (at least for scans performed on animals)
may be based on comparing our results with dissection gesult
A more straighforward approach could use scans of airw#e]

phantoms.

7
We also think that the idea of running our algorithm severgl ]
times and combining the results (which are likely to vary

slightly, especially for high generation airways) to obtai
better quality reconstruction is worth examining.

(28]

Finally, the procedure for building a triangle mesh recori9]
struction from the set of wall points seems to be suboptimal
and, in some cases, lose information about smaller airwgy
branches. We are planning to investigate ways of Itering
the wall point set as well as variants of the reconstructictgl]

algorithm customized to work with in our setting, for exampl
attempting to take advantage of the expected tubular tr[ee

structure of the output.

REFERENCES
[1] COPHIT Project, “EU COPHIT Project:
pulmonary  delivery in  humans of inhaled
www-waterloo.ansys.com/european _projects/cophit/
K. Mori, J. Hasegawa, J. Toriwaki, H. Anno, and K. KatatiRRecogni-
tion of bronchus in three-dimensional x-ray ct images wippleations
to virtualized bronchoscopy system,” Rroceedings of ICPR'961996,
pp. 528-532.

(2]

(3]

length, and branching angle of airway tree structunesitu,” Computer-

ized Medical Imaging and Graphicsol. 19, no. 1, pp. 145-152, 1995.

[4] M. Sonka, W. Park, and E. A. Hoffman, “Rule-based detettiof

intrathoracic airway trees,IEEE Transactions on Medical Imaging

vol. 15, no. 3, pp. 314-326, 1996.

[5] W. Park, E. A. Hoffman, and M. Sonka, “Segmentation ofattioracic

airway trees: a fuzzy logic approachEEE Transactions on Medical

Imaging vol. 17, no. 4, pp. 489-497, 1998.

F. P. eteux, C. |. Fetita, A. Capderou, and P. Grenier, &lmg,
segmentation, and caliber estimation of bronchi in higholg®n
computerized tomographyJournal of Electronic Imagingvol. 8, no. 1,
pp. 36-45, 1999.

(6]

(7]

Computer-optimise
therapies,”

C. Fetita and F. Préteux, “Bronchial tree modeling amtir8construc-

D. Bardz, D. Mayer, J. Fischer, S. Ley, A. del Rio, S. Thus. P.
Heussel, H.-U. Kauczor, and W. Strar, “Hybrid segmentation and
exploration of the human lungs,” ifroc. IEEE Visualization 2002003,
pp. 177-184.

J. Tschirren, E. A. Hoffman, G. McLennan, and M. SonHatrathoracic
airway trees: Segmentation and airway morphology analysia low-
dose ct scansJEEE Transactions on Medical Imagingol. 24, no. 12,
pp. 1529-1539, 2005.

R. D. Swift, A. P. Kiraly, A. J. Sherbondy, A. L. Austin,.EA. Hoffman,
G. McLennan, and W. E. Higgins, “Automatic axes-generaf@rvirtual
bronchoscopic assessment of major airway obstructid@athputerized
Medical Imaging and Graphigsvol. 26, no. 2, pp. 103-118, 2002.

A. P. Kilary, J. P. Helferty, E. A. Hoffman, G. McLennaand W. E.
Higgins, “Three-dimensional path planning for virtual bahoscopy,”
IEEE Transactions on Medical Imagingol. 23, no. 9, 2004.

G. de Dietrich, “A modular algorithm for automatic sigpositioning
in tubular organs,” inProceedings of Medical Imaging and Augmented
Reality: First International Workshop, MIAR 2002001, pp. 163-176.
G. de Dietrich and A. J.-P. Braquelaire, “A framework tabular organs
segmentation,” inProceedings of The 12-th International Conference
in Central Europe on Computer Graphics, Visualization arohiputer
Vision'2004, WSCG 2004 (posterd004, pp. 41-44.

T. Cormen, C. Leiserson, and R. Rivestfroduction to Algorithms
McGraw-Hill, 1990.

S. Arya and D. M. Mount, “Approximate nearest neighbareges in
xed dimensions,” in Proc. 4th ACM-SIAM Sympos. Discrete Algo-
rithms 1993, pp. 271-280.

S. Arya, D. M. Mount, N. S. Netanyahu, R. Silverman, andu, “An
optimal algorithm for approximate nearest neighbor saagsh Journal
of the ACM no. 45, pp. 891-923, 1998.

N. Amenta, S. Choi, T. K. Dey, and N. Leekha, “A simple @ithm
for homeomorphic surface reconstructiorifiternational Journal on
Computational Geometry and Applicationl. 12, pp. 125-141, 2002.
T. K. Dey and S. Goswami, “Tight cocone : A water-tightfage recon-
structor,” Journal of Computing and Information Science in Enginegrin
vol. 30, pp. 302-307, 2003.

C. B. Barber, D. P. Dobkin, and H. T. Huhdanpaa, “The Khidl algo-
rithm for convex hulls,”ACM Transactions on Mathematical Software
vol. 22, no. 4, pp. 469-483, 1996.

22] J. Abel, “The resource for medical image processing loa internet,”

S. A. Wood, J. D. Hoford, E. A. Hoffman, E. A. Zerhouni, and
W. Mitzner, “A method for measurement of cross sectionahasegment

tion,” in Proceedings SPIE Conference on Mathematical Modeling,

Estimation and Imaging, San Diego, Cyol. 4121, 2000, pp. 16-29.
A. Kiraly, W. Higgins, E. Hoffman, G. McLennan, and J. Reardt,
“Three-dimensional human airway segmentation methodsvidual

(8]

bronchoscopy,”Academic Radiologyvol. 9, no. 10, pp. 1153-1168,

2002.

D. Aykac, E. A. Hoffman, G. McLennan, and J. M. Reinhartieg-
mentation and analysis of the human airway tree from thigeedsional
x-ray ct images,1IEEE Transactions on Medical Imagingol. 22, no. 8,
pp. 940-950, 2003.

El

www.medical-image-processing.info



