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Abstract

This paper describes a fully automated segmentation and recognition scheme, which is designed to recognize lung anatomical structures in the
human chest by segmenting the different chest internal organ and tissue regions sequentially from high-resolution chest CT images. A sequential
region-splitting process is used to segment lungs, airway of bronchus, lung lobes and fissures based on the anatomical structures and statistical
intensity distributions in CT images. The performance of our scheme is evaluated by segmenting lung structures from high-resolution multi-slice
chest CT images from 44 patients; the validity of our method was proved by preliminary experimental results.

© 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Due to the development of multi-slice computer tomography
(CT) technology, a modern CT scanner [1,2] can now gener-
ate a large number (500-1000) of slices for each patient’s CT
image scan, covering a large volume of the human body within a
short time. Based on this high performance, radiologists can eas-
ily photograph the whole human chest, abdomen, or torso with
high spatial resolution in a one-time CT scan. Using such high-
resolution CT images, observation of complicated anatomical
structures in the human body and discovery of small abnormal
regions in different organs has become possible. However, CT
image interpretations (viewing 500-1000 slices of CT images
manually in front of a screen or films for each patient) require
a lot of time and energy. Therefore, computer-aided diagnosis
(CAD) systems that can support CT image interpretations are
strongly anticipated.

The typical requirements for a CAD system can be sim-
ply described as “capacity to detect any suspicious regions
automatically and show them to a doctor for judgment”. Two
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basic functions (abnormality detection and visualization of CT
images) are necessary for a CAD system. In order to realize
such functions, a pre-segmentation of the principal human organ
regions and recognition of human structures from CT images
are always necessary. In the case of chest CT imaging, the lung
is the principal region and the lung structure constructed by
lung vessels, bronchus, and lung fissures is an important ref-
erence for lung cancer, pneumonia and diffuse lung diseases
decisions in clinical diagnosis. Recognition of the lung struc-
ture is the most basic and indispensable aspect of successful
CAD, and definitively influences the efficiency of the overall
CAD system. Many research works [3-9] focusing on segment-
ing a special target region such as the lung, bronchus, vessels,
and so on from chest CT images have been reported, few of
them have been found to provide global recognition of anatom-
ical structures of human lungs based on high-resolution CT
images.

This paper describes a fully automated segmentation scheme
for lung-structure recognition based on high-resolution multi-
slice CT images. Instead of developing several independent
algorithms corresponding to different organ region extractions,
our research attempts to recognize the human structures by
segmenting the different organ regions simultaneously, based
on normal anatomical structure of the human chest and sta-
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tistical intensity distributions on high-resolution CT images,
which contain sufficient and precise three-dimensional (3-D)
information on the human chest. The segmentation process
has been designed as a recursion of the region-splitting pro-
cess to identify different organ and tissue regions sequen-
tially, based on a pre-defined order, which is decided based
on the spatial and density relations of the those organ regions
within the lung structure. Instead of using fixed parameters
such as density threshold values for region segmentations, our
method attempts to make dynamic parameter optimizations
to enhance the compatibility and robustness of CAD system
for different CT images. Further, a portion of our processing
procedures is designed following a basic policy of “extrac-
tion — validation — correction” to enhance the reliability of
segmentation results.

This paper is organized as follows. Section 2 simply describes
the anatomical structure of the lung region on CT images
and shows the concrete goal of lung-structure recognition in
our scheme. Section 3 presents the whole policy of our lung-
structure recognition method and describes each part of our
method in detail. We show our experimental results and give
some performance evaluations of our method in Section 4 and
provide a summary of this research in Section 5.

2. Lung structure

The lung, the site of gas exchange, is filled with air that has a
low density (about —1000 HU) on CT images. In addition to air,
pulmonary vessels and bronchi are the principal constituents of
the lung regions.

Lung regions include the left and right lungs. The left lung
is further separated into two lung lobes (upper lobe and lower
lobe) by an oblique fissure. The right lung is separated into three
lung lobes (upper lobe, middle lobe, and lower lobe) by oblique
and horizontal fissures.

The geometry of the bronchial airways in the human chest can
be approximately described as a binary tree structure. The tra-
chea (the root of the airway tree) divides into two main branches
(left primary bronchi and right primary bronchi), which enter
into the right and left lungs. The primary bronchi further divide
into five (two left, three right) lobar bronchi that enter each lung
lobe, respectively. The lobar bronchi divide repetitively and gen-
erate 8—10 segmental bronchi trees in each lung region.

The pulmonary artery and veins are also distributed in a tree
structure like that of the bronchial airway in the lung regions.
The branch of the pulmonary artery always runs parallel to the
bronchi.

Based on the above anatomical knowledge, the goals of our
lung-structure recognition scheme can be simply defined as (1)
segmenting and dividing the regions over the whole lung into
five lung lobes; (2) segmenting the bronchus and recognizing
its anatomical tree structure; (3) extracting and dividing pul-
monary vessels on a lobe-by-lobe basis; and (4) extracting each
inter-lobe fissure — that is, any that are observed to exist on CT
images — and refining the lung lobe regions based on the fissure
segmentation results.

3. Method and materials

Multi-slice chest CT images from 44 patients, generated by
2 kinds of multi-slice CT scanners (in 10 cases, by Aquilion
of the Toshiba Medical System; in 34 cases by LightSpeed
Ultra of the GE Medical System), are applied as the input
data of our scheme. Each patient was imaged by a common
protocol (120kV/Auto mA, helical pitch: 1.35/1) without any
contrast enhancement, and the images were created using a
normal reconstruction kernel and stored in Digital Imaging
and Communications in Medicine (DICOM) format [10]. After
DICOM format decoding, each patient case of CT images was
expressed as a 512 x 512 x 400-633 matrix that covered the
entire human chest region with an isotropic spatial resolution
about 0.63-0.74 mm and 12-bit density resolution. The output
of our scheme is a 3-D image in which each voxel has been
attached with a pre-defined label that can be used to refer to the
lung structure shown in the previous section.

The basic idea of our method can be simply described as
“using the air-filled region inside the human chest to estimate the
range of various lung regions and using airway tree of the bronchi
to recognize anatomy structures in the lungs”. Our scheme tries
to recognize the details of these human structures gradually as
shown in Fig. 1. The process consists of five main steps: (1) initial
region segmentation of chest CT images, (2) extraction of the
trachea and bronchi and recognizing the branches of the bronchi
tree, (3) extraction of the lung regions and separation of the
left and right lung, (4) extraction of pulmonary vessels, and (5)
division of the lung regions into five lung lobes and extraction of
the inter-lobe fissures. Each of these steps is described in detail
in the next section.

3.1. Initial region segmentation of chest CT images

The goal of this step is to separate human body regions from
background and make an initial classification that divides the
human body region into three components: fat, other tissues
(including bone, organ, vessels, and so on) and air-filled regions,
as shown in Fig. 2. We use a gray-level thresholding method
to identify the regions based on their respective density dis-
tributions. Instead of using fixed threshold values to segment
target regions, our process uses a histogram analysis method
that can determine the optimal threshold value just for the cur-
rent CT image automatically. The details of this step are as
follows.

3.1.1. Preprocessing of CT image

We extract the CT image data slice-by-slice from DICOM
format files and arrange them into a 3-D data array based on
the information inside the DICOM heads. This 3-D data array
is regarded as the original CT image (Fig. 2(a)); it has nearly
isotropic spatial resolution in 3-D.

3.1.2. Threshold value selection

The next step is to decide the optimal threshold value for seg-
menting human tissues from the background that is almost filled
by air. We assume that the total region of a CT image consists
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Fig. 1. Processing flow of lung-structure recognition scheme.

of only two components: air regions and human tissue regions
with different density distributions. We measure the degree of
separation between those two density distributions on a gray-
level histogram using a discriminant analysis [11], and select
the gray level (T in Fig. 3) that has the maximum value of
separation degree as the optimal threshold value for segmenting
human tissues, as distinct from air regions (refer to Fig. 3). Due
to the relation of density distributions among different human
tissues shown in Fig. 4, the fat can be separated from the other
tissues using the CT value of water, which is about 0 (HU). We
use a process to select the optimal gray level (7> in Fig. 3) by
searching for the zero-cross point of differential values on the

histogram — that is, the point nearest to 0 (HU) — and use it to
identify fat regions (Fig. 3).

3.1.3. Gray-level thresholding
Using the selected threshold values 77 and T, we separate
human tissues from background as follows:

VoxelLabel = Air
Else if (Ti<gray level < T2) VoxelLabel = Fat

Else VoxelLabel = Other tissues of
human body

If (gray level <= T1)
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3.1.4. Connected component processing

We use the 3-D connectivity analysis to select the connected
component (18-neighborhood) with the biggest volume from
human tissue regions (gray level >T7) as the real chest region
(Fig. 2(b)) and delete the remaining regions.
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3.1.5. Surface detection and region filling

We extract the outline of the human chest using a 2-D border
following method that traces the external borderline between
human tissue region and air region slice-by-slice. Then, we
simply use the whole region circumscribed by the borderline,
regarding it as the chest region (Fig. 2(c)).

3.1.6. Region subtraction

We identify the air regions inside the human chest by sub-
tracting the air region (black region in Fig. 2(b)) from the chest
region (gray region in Fig. 2(c)) and finally output the latter
(Fig. 2(d)).

3.2. Trachea and bronchus extraction and bronchial tree
recognition

The trachea and bronchus have a tubular structure and are
filled with the air, which means we can identify the tracheal
and bronchial region by extracting the airway tree from the
air region inside the human chest (output of step 1 in Fig. 1).
For extracting the airway tree, many techniques have been
developed [3-5], and 3-D region growing method has been
proven a very effective one, though the extraction accuracy
using 3-D region growing is very sensitive to the threshold
value that is used for controlling the region expansion. Mori
et al. proposed a method to determine the optimal threshold
[5].

This method is to expand the airway region gradually by
increasing the threshold value until the segmented region leaks
into the lung, and to regard the threshold value just prior to the
region leak as the optimal one. The judgment of region leak is
based simply on observing whether the volume increase of the
segmented airway region goes beyond a limitation (threshold
value) during the repetition of the 3-D region growing process
(refer to Fig. 5). This method is very effective for some ideal
cases such as that shown in Fig. 5(a). However, due to the influ-
ence of noise, motion artifacts or disease, the airway wall is col-
lapsed or discontinuous at some branches shown on CT images.
Those discontinuities in the bronchus wall cause the airway
region to merge into the lung slowly and prematurely during the
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region growing process, and result in airway extraction failure
(Fig. 5(b)).

We propose a new method for airway extraction and recog-
nition. This method, like Mori’s, also uses 3-D region grow-
ing as the basic process. The difference between our method
and that of Mori is that: (I) we validate the regions by ref-
erence to the structure of airway trees (common anatomical
knowledge), which information is used as feedback to avoid or
eliminate the influence of leak during the airway region extrac-
tion. (2) Instead of using one threshold value for extracting the
total airway region, we analyze and segment the airway region
based on a branch-by-branch basis, and decide the optimum
threshold value for each branch individually and specifically.
The processing flow of our method (shown in Fig. 6) includes
two main steps. We describe each of these steps in detail as
follows.

3.2.1. Step 1: Extracting the initial airway region

Based on the results of the initial region segmentation pro-
cess, we select the air region inside the human body (refer to
Fig. 2(d)) in the first slice (nearest to the head) on the 3-D chest
CT image as the seed points of the airway region. Then we
estimate the optimum threshold value using Mori’s method [5],
and use it to extract the airway region by a branch-based 3-D
region growing method [12]. Compared with the region grow-
ing method of Mori [5], this method can recognize the branch
points during the region growing process and output the airway
region into a binary tree structure by attaching to each branch a
unique label. We show each labeled branch in the airway tree in
a different color in Fig. 6(a and b). By matching this labeled air-
way tree with the normal anatomical bronchus tree structure, we
can identify the parent branch of the leak region, which always
has a lot of offshoots or sub-trees. In our process, we use the
following rule to detect and delete the leak regions:

For I = Root node to End nodes of airway tree
{If (NumofOffshoots from I node > 2* AnatomyNum from I node)
{Mark I as the end node of airway tree

Cut off the airway tree in node I and throw off the child branches of I}

Else If (I> MaxDepth of airway tree) /* we set MaxDepth = 8 here */
Cut off the airway tree in node I and throw off the child branches of I}
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Next, we output the refined airway tree as the initial airway
region, as shown in Fig. 6(a).

3.2.2. Step 2: Refine the airway region by
branch-by-branch basis processing

Due to the influence of leak regions in some sub-branches,
the region growing process based on single threshold value in
step 1 has a limited performance for peripheral branch extrac-
tions. Here, we separate the airway region into branch units
based on anatomical bronchus tree structure firstly, and then,
each of the branch units is regarded as the root of a sub-
tree of bronchus. The region growing method as described in
step 1 is used again to refine each sub-tree and extract periph-

eral branches which are not indicated in initial airway region
(Fig. 6(a)).

Finally, we just retain the branch regions within the 12th
node in depth of the airway tree structure as reliable branches
and output it as shown in Fig. 6(b). As another result, we remove
the airway of the bronchus from the air region inside chest, and
regard the remaining air regions as the initial lung region for the
next processing step.

3.3. Lung region extraction

Many investigations for lung region segmentation from CT
images have been reported [6—8]. Almost all of those reports use
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the air region inside the human chest to estimate the shape of
lung regions. However, how to separate the connection between
the mediastinum and the lung region without changing the shape
of the lung surface is a problem that has not yet been completely
solved. We proposed a processing procedure (shown in Fig. 7)
that attempts to extract the lung region and preserve the shape
of lung surface as precisely as possible. As the first step, we
separate the initial lung region (output of Section 3.2) into left
lung and right lung using the following algorithm.

lung surfaces that lie immediately against the diaphragm and the
facies costalis are the lung surfaces that lie immediately adjacent
to the ribs and intercostals space of the thoracic wall. The facies
medialis are the lung surfaces that lie against the mediastinum
anteriorly and the vertebral column posteriorly and contain the
comma-shaped hilum of the lung through which structures, such
as blood vessels and bronchus, enter and leave. Our scheme
uses the curvature and normal vector in each voxel on the lung

FlagOfSeparation=0

FlagOfSeparation =1

If (FlagOfSeparation = 1)

Remove the small connected components by a volume thresholding

Perform a 3-D hole-filling for each connected component region

If (Number of connected components =1){ // left and right lung are fused together//

Repeat 3-D region shrinking until (Number of connected component>1)}

Select the first and second connected component from the larger volume order

Identify the selected 2 regions into left and right lung by comparing their center location

{Deciding the junction lines of left and right lung region using 3-D watershed method

Separating left and right lung region based on junction lines}

Next, we extract the surfaces of the left and right lung regions
by a 3-D border following method and divide the respective lung
surfaces into facies diaphragmatica, facies costalis, and facies
medialis, as shown in Fig. 7(a). The facies diaphragmatica are the

Initial lung regions

I Connected component processing
I

| Extracting lung surface
I

| Dividing lung surface

| Compositing the final lung surface l
I

(b)
Filling the inside region of surface
c)

Fig. 7. (a—c) Processing flow of lung region extraction (step 3 of Fig. 1).

(

surfaces for the lung surface division process by the following
seven steps.

(1) Thelocal lung surface for each voxel was mod-
eled with a second-degree polynomial on a
5 x 5 neighborhood and was optimized using
the least squares method.

(2) The normal vector V, mean curvature H, and
Gaussian curvature K for each voxel of lung
surfaces were calculated using the estimated
surface.

(3) The candidate voxel P of facies diaphragmat-
ica was restricted to the condition such that
[—IT/4 <direction of V on P <+I1/4] where the
longitudinal axis of the body was taken as zero
radian.

(4) The largest connected component of the can-
didates on the left/right lung surface was
determined to be the initial left/right facies
diaphragmatica and refined by a region grow-
ing method.

(5) The candidate voxel P of facies costalis was
restricted to the condition such that [H on
P <0] and [K on P>0] and [3-D distance from
P to the bone <3 mm].

(6) The largest connected component of the rest
lung surfaces on the left/right lung surface was
determined to be the candidate of facies medi-
alis.
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(7) A Voronoi division based on the 3-D distances
to the candidates of facies medialis and facies
costalis was used to identify the finial surfaces
of facies medialis and facies costalis on the

left/right lung surface [13].

In order to close the lung hilum, we create an approximate
surface by smoothing the facies medialis using a binary morpho-
logical operator, and then we identify the position of the lung
hilum and create a section surface of lung hilum (Fig. 7(b)) for
the right and left lung, respectively, by use of the following algo-
rithms [13].

3.5. Lung lobe decisions and inter-lobe fissure extractions

Inter-lobe fissures, thin membranes with a thickness of about
1-2 mm, separate the lung region into different lung lobes. The
fissures are not truly visible on each CT image; they appear as a
thin surface pattern with a weak density. Because of the image
noise, motion artifacts of breathing, and occasional presence of
disease, in many cases (about 70% of patients), the inter-lobe
fissures cannot be observed completely on CT images [14,15].
Due to this fact, it is very difficult for a CAD system to extract
the inter-lobe fissure automatically solely on the basis of den-
sity on CT images. Here, we propose an anatomy-based method
to extract lung lobar regions and identify inter-lobe fissures

Section of Lung hilum = Biggest partial surface in S
whose distance to X bigger than T

S=X+B)-B

X : Facies medialis

+ - Minkowski operators

T : A threshold value (set as 2, by experience)

B : Structure element (a ball region with radius = 15 voxel)

Using this method, we can just close the lung hilum and pre-
serve the original lung shape (excepting the hilum) as precisely
as possible [13]. Finally, we fill the inside regions of closed lung
surfaces and output this area as lung regions (Fig. 7(c)).

3.4. Pulmonary vessel extraction

The algorithm used for pulmonary vessel extraction is
similar to the bronchus region extraction method described in
Section 3.2. We first select the human muscle regions inside the
lung region as the seed points for 3-D region growing (Fig. 1).
Then we use a processing flow (similar to the airway extraction
in Fig. 6) to extract the pulmonary vessels by two steps. First,
we extract the initial pulmonary vessels by 3-D region growing
based on a single threshold value which is decided automatically
using a similar process as shown in Fig. 6(step 1), then, we divide
the pulmonary vessels into tree structures and refine each branch
of the pulmonary vessel trees based on a branch-by-branch anal-
ysis. This process is similar to Fig. 6(step 2). Lastly, we separate
a part of initial pulmonary vessels near to the surface of airway
of bronchus and regard it as the bronchial wall by the following
algorithm.

automatically. The basic idea of this method is to recognize the
lobar bronchus and vessels and use those structures to divide
the whole of the lung regions into five lung lobar regions first;
use the boundary between the different lung lobes to estimate the
inter-lobe fissure locations; and then make a precise extraction of
real fissures by detecting the edges around the estimated fissure
locations. The processing flow of this method includes three
main steps, as shown in Fig. 8. The details of each step are as
follows.

3.5.1. Lobar vessel classifications

We classify the cuamulative lung vessels into five lobar groups
(Fig. 8(d)) based on the bronchial tree structure recognized
before. By checking the connection of lung vessels to each lobar
bronchial wall, we can determine the representative voxels of
vessel regions belonging to each lobe region, and determine the
other voxels by searching the minimum distance to each lobar
representative voxel via the vessel tree. The details of this algo-
rithm are shown below.

For each voxel i of initial pulmonary vessels {

{Di= Minimum distance to the surface of airway of bronchus
If (D; <th) D;i->bronchial wall region // th: a threshold value //}

Refine the bronchial wall region using 3-D connected component processing

Pulmonary vessels region = initial pulmonary vessels - bronchial wall region
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Get each lobar bronchus from the bronchial tree

ForI=1to51{// 1:lobar identification number

Regard this voxel as a seed point of lobe I}

For each voxel of lung vessels

Search for the nearest seed point A from current voxel

If voxel belongs to lung vessels and connects with I lobar bronchi wall

{Get the 3-D distances between current voxel and each seed point via lung vessels

Attach current voxel with the same lobe identification number of A }

3.5.2. Dividing lung regions into five lung lobes

We have classified the bronchus and vessels into five lobar
groups by the above steps. Based on that information, we divide
the whole lung into five lobar regions using a Voronoi division
algorithm. More specifically, we firstly set each lobar vessel and
bronchus group as the “skeleton” of the corresponding lung lobar
region, and then measure the 3-D distances from the “skeleton”
of each lobar region to each voxel of the lung region using the
3-D Euclidean distance transformation method [16]. Finally, we
classify each voxel of the lung region into a specific lung lobe
whose “skeleton” is nearest to it.

3.5.3. Inter-lobe fissure extractions

Using the extraction results of the five lobar regions, we define
the boundary surface between the different lobar regions as the
initial locations of inter-lobe fissures (Fig. 8(f)).

Due to the accuracy of lung vessel and bronchus extractions,
the positioning of initial fissures may, in many cases, suffer a
small shift in comparison to the real fissures. Here, we limit the
scope around the initial fissures and do a further extraction of
fissures by detecting the surface pattern based on density distri-
bution on the original CT images. More specifically, we expand
the initial fissures using a 3-D morphologic filter with a ball
structure and generate a slab region with a thickness of 10 mm
around the initial fissures; use an 18-neighborhood Laplacian
filter (mask size: 1.5 mm) to enhance the original CT image; and
then extract the edge elements based on zero-crossing detection
within the generated slab regions. Lastly, we select a connected
component which has the biggest projection area on the sur-
face of a corresponding initial fissure from of edge elements
and adjust it to a smooth surface pattern by a morphological
operator. We regard these smooth surface patterns as the final
results of inter-lobe fissures (Fig. 8(g)). At last, we use the inter-
lobe fissures to re-separate lung regions into five lobar regions
again by a 3-D connected components processing (Fig. 8(h)). If
the lung region re-separation is not successful, we decide that
the inter-lobe fissures are incomplete and regard the lung lobar
regions decided by the initial lung fissures as the final results.

4. Results and discussion
We assessed the performance of our automated human chest

structure recognition method using chest multi-slice CT images
from 44 patients. Excluding the three cases which had serious

2

(a) Lung regions (b) Lung vessels (c) Bronchus

v

Lobar vessel identification

(d) Lobar vessels

:

Voronoi division using 3-D Euclidean transformation
T

Lobar boundary
]

estimations
(e) Initial lung lobes (f) Lobar boundary
|
Fissure extractions |
Lung lobe
refinements

(h) Final lung lobes (g) Lung fissures

Fig. 8. (a-h) Processing flow of lung lobe and fissure extractions (step 5 of
Fig. 1).
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e g

Fig. 9. A user interface for visual evaluation on accuracy of the segmentation
results (green) in CT images. “For interpretation of the references to color in
this figure legend, the reader is referred to the web version of the article”.

pneumonia or pulmonary emphysema, the remaining patients
had almost normal lung structures that could be confirmed by
physicians from CT images.

Human tracings of target regions were used as the gold stan-
dard of evaluation of region extraction accuracy of a CAD system
from a CT image. However, in the case of a high-resolution CT
image that includes 400—633 slices, it is very time consuming
to draw the tracings slice-by-slice and difficult to maintain high
accuracy of the human tracings in 3-D. Here, we developed a spe-
cial user interface for accuracy evaluation to reduce this burden
[17]. This interface can show the segmentation regions semi-
transparently on a CT image (Fig. 9). The human expert can use
this tool to give an evaluation intuitively and quickly by viewing
the segmentation results from 3-direction slice-by-slice and 3-D
shape of segmentation regions (Fig. 9). In our experiments, we
used this interface to evaluate the accuracy of automatic extrac-
tion results of chest, fat, vessel, and lung regions. We selected
seven patient cases and made a human sketch of body surface,
lung surface and lung fissures as the gold standard (the human
sketches were decided by one of the authors (Dr. T. Kiryu)
who is a radiologist on chest diagnosis). We made a quanti-
tative evaluation by comparing the segmentation result with the
gold standard. Two methods had been mainly used for accuracy
evaluation.

(a) Coincidence degree had been used for mass regions evalu-
ation:

ANM
AUM

Coincidence degree =

A: mass region extracted automatically; M: mass region
extracted manually.

(b) Average shortest Euclidian distance (ASED) had been used
for surface pattern evaluation:

> ies1 SED(, 52)
Vv

s1, s2: surface patterns; SED(i, s2): the shortest Euclidian dis-
tance from pixel i to a surface s2; V: area (voxel number) of
surface s1.

Beside of the ASED, we also defined SSED (standard devi-
ation (S.D.) of the shortest Euclidian distance for each pixel
in extracted surface to a target surface) and MSED (maxi-
mum value of the shortest Euclidian distance for each pixel in
extracted surface to a target surface) to measure the coincidence
between two surface patterns.

We show a portion of the lung-structure segmentation results
(5 successful cases in Fig. 10 and 3 cases of failure in Fig. 11) by
displaying the principal sub-structures (airway tree of bronchus,
lung vessels, lung lobes, lung fissures) of the lung region in 3-
D and 2 representative slices of CT images overlapped by the
extracted inter-lobe fissures. Further detailed structures in each
result image are shown in different colors for ease of identifica-
tion.

Our segmentation scheme using a sequential region-splitting
process to recognize the different organ and tissue regions
sequentially and precisely based on the anatomical structure of
the human chest has been proved effective from our experimental
results. We confirmed that our method could recognize, correctly
and stably, the lung structure from 41 patient cases in which
the normal lung structure could be almost identified visually
on CT images. For the remaining patient cases (two cases with
heave pneumonia, one case with abnormal airway structure),
the anatomy lung structure could not be distinguished clearly
even by an expert physician. In such cases, our method simply
stopped the recognition process and output a warning message.
In the following section, we give detailed performance evalua-
tions for each processing step of our scheme.

ASED =

4.1. Initial region classification

We confirmed that our method shown in Fig. 2 could identify
the region of air and perform extraction of the human chest accu-
rately and stably for all (44) of the patients. We compared the
extracted chest region to the manual sketch for 7 cases and con-
firmed the coincidence degrees of each case varied from 99.41
t0 99.91% (the mean value was 99.57% and standard deviation
was 0.35%). Further, we measured the ASED for each voxel
on the chest surface to the manual sketch and found the val-
ues varied around the mean value of 0.32 mm with a standard
deviation of 0.15 mm (Table 1). We verified the density thresh-
olding values (Fig. 12), which were decided automatically for
adapting the different patient cases by our method (Fig. 3), and
confirmed that the selected threshold value was the optimum
one for each patient case. From the above results, we confirmed
that our thresholding value selection method is necessary and
effective for adapting to differences among inputted CT images.
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(b)

(c)

(d)

(e)

|Airway tree Lobar vessels Lung lobes Inter-lobe fissures 1 slice of L-lung | 1 slice of R- lung

Fig. 10. Segmentation results of lung structures. (a—e) Five patient cases.

Airway tree | Lobar vessels Lung lobes Inter-lobe fissures 1 slice of L-lung 1 slic of R-lung

Fig. 11. Segmentation results of lung structures. (a—c) Three patient cases. (*.©) Misidentifications due to incomplete fissure in original CT images.
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Table 1
The accuracy evaluations for the segmentation results of chest region using
manual tracings

Case no. Accuracy of the chest region segmentation
C" (%) ASED (mm) SSED (mm) MSED (mm)

1 99.41 0.29 0.16 442
2 99.76 0.28 0.19 7.95
3 99.91 0.20 0.17 9.08
4 99.65 0.24 0.16 3.13
5 99.63 0.31 0.18 4.00
6 99.76 0.23 0.15 3.75
7 98.85 0.66 0.96 7.13
Mean 99.57 0.32 0.28 5.64
S.D. 0.35 0.15 0.30 2.36

C": Coincidence degree between the segmentation results and the manual trac-
ing.

4.2. Airway extraction and airway tree recognition

Our method identified the airway regions successfully for
all (44) the patients, and recognized the anatomical tree struc-
ture from 98% (43/44) of patients successfully, as shown in
Figs. 10 and 11, respectively. The tree structure recognition pro-
cess failed in one patient case because the airway of this patient
had an abnormal tree structure; it differed quite a bit from the
standard anatomical structure. We confirmed that the trachea
and lobar bronchus were completely extracted and recognized
correctly from 43 patients. Due to the limitation of image quality
and patient’s personality, the situations of segmental branches
in CT images were varied largely in different cases. The num-
bers of segmental bronchi that were extracted in each lobar
region are shown in Table 2. About 17.5 branches in the seg-
mental bronchial tree were extracted in each lobar region for
each patient. The standard deviation of the extracted segmental
branches was about 12. This result showed the approach of our
method (extraction — recognition — adjusting) could enhance
the flexibility for different cases and was effective to enhance
the reliability of extraction results.

4.3. Lung region extraction

The basic policy of our method for lung region extraction is
to identify the air region within chest and use it to estimate lung
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Fig. 12. Threshold values decided automatically for different CT images.

Table 2
The numbers of the extracted segmental bronchi in each lobar region

43 cases Number of bronchus

Right lung Left lung

Lobus Lobus Lobus Lobus Lobus

superior medius inferior superior inferior
Mean 20.9 8.8 16.7 22.6 18.8
S.D. 11.0 10.5 7.4 18.7 12.5
Maximum 67.0 56.0 40.0 108.0 72.0
Minimum 3.0 1.0 6.0 7.0 6.0

surface. We found that this policy was effective for 95% (42/44)
patients. In the remaining two patient cases, the lung regions
were filled by inflammation that appeared as high-density fibrous
regions. Although the air regions inside the lungs were extracted
successfully by our method, the information was insufficient to
estimate the lung surface precisely. For 42 patient cases, we con-
firmed that the lung regions from the left and right lung were
identified and separated successfully. We evaluated the accuracy
of the lung region extraction by calculating ASED, SSED and
MSED for each pixel on the lung surface (excepting lung hilum)
to the manual sketch using seven patient cases and confirmed the
mean value between extracted lung surface to the manual sketch
was 0.44 (mm) in case of left lung, and 0.62 (mm) in case of
right lung (Table 3). Beside of the left lung region in cases 5
and 6, which a nodule on the lung wall caused a big value of
MSED, the maximum distance between extracted lung surface
and manual sketch was about 4.5 mm in left lung and 8.9 mm in
right lung (Table 3). Using the evaluation tool shown in Fig. 9,
we found that our method closed lung hilum successfully and
preserved the shape of the other lung surfaces precisely. It can
be considered that lung surface dividing and limiting the loca-
tion of lung hilum for smoothing are necessary for lung region
extraction.

Table 3
The accuracy evaluations for the segmentation results of lung region using man-
ual tracings

Case no.  Accuracy of the lung region segmentations

Right lung Left lung

ASED SSED MSED ASED SSED MSED

(mm) (mm) (mm) (mm) (mm) (mm)
1 0.63 0.36 2.80 0.32 0.20 6.16
2 0.63 0.41 8.71 0.54 2.71 19.20
3 0.72 0.28 3.42 0.34 0.25 8.22
4 0.65 0.29 3.95 0.49 0.37 10.16
5 0.69 0.31 2.80 0.42 0.56 96.25%
6 0.38 0.20 4.10 0.51 4.18 116.76%
7 0.68 0.41 5.69 0.44 0.27 6.76
Mean 0.62 0.32 4.49 0.44 1.22 10.10
S.D. 0.11 0.07 2.10 0.08 1.58 5.32

2 The errors were caused by lung nodules on lung wall.
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Table 4
The accuracy evaluations for the segmentation results of lung lobes using manual
tracings

Table 6
The accuracy evaluations for the final segmentation results of lung fissures using
manual tracings

7 cases Coincident degree of lobar volume (%) 7 cases ASED (mm)
Right lung Left lung Right lung Left lung
Lobus superior Lobus medius Lobus superior Oblique fissure Horizontal fissure Oblique fissure
Mean 98.54 97.21 98.62 98.49 98.46 Mean 0.52 0.30 0.68
S.D. 0.69 0.87 0.67 0.30 0.50 S.D. 0.23 0.08 0.29
Maximum 99.27 98.13 99.23 99.13 99.19 Maximum 1.00 0.41 1.01
Minimum 97.55 96.12 97.27 98.25 97.59 Minimum 0.32 0.20 0.31

4.4. Lung vessel extraction

Except in 2 patient cases with pneumonia, the lung ves-
sel regions were identified correctly from the 42 patients
(Figs. 10 and 11). However, some lesion regions (lung cancer,
inflammations, etc.) were misclassified as a part of the lung ves-
sels. A further validation of vessel extraction results is necessary
and should be incorporated into our method in the future.

4.5. Lung lobe region extractions

For the 41 patients whose lung regions and airway of
bronchus were extracted and recognized correctly, our method
divided the left and right lungs into 5 lobar regions success-
fully (Figs. 10 and 11). In order to test the performance of our
method, we tracked inter-lobe fissures slice-by-slice and sepa-
rated the lung region into five lobar regions manually from seven
patient cases whose inter-lobe fissures could be observed clearly
and completely on CT images. We compared each automated
extraction result of lobar regions with the manual segmenta-
tion results by measuring coincidence degree. The coincidence
degree for each lobar region was shown in Table 4. We confirmed
that the results extracted automatically and the manual results
were extremely consistent with a high coincidence degree about
98%. This indicates that our approach—*lung lobar region iden-
tification based on anatomy structure of the airway tree”—was
successful. We measured the ASED from approximated lobar
boundaries to the manual fissures, and find the ASEDs to each
fissure were about 1.8-2.8 mm (refer to Table 5). Due to this
fact, we think, even in the cases of incomplete inter-lobe fissure
on original CT images, our method could provide a reason-

Table 5
The accuracy evaluations for the initial segmentation results of lung fissures
(boundary of the lung lobes) using manual tracings

7 cases ASED (mm)
Right lung Left lung
Oblique fissure Horizontal fissure Oblique fissure
Mean 1.83 2.70 2.77
S.D. 0.76 3.04 1.01
Maximum 3.11 9.50 3.82
Minimum 1.15 1.24 1.35

ably approximate anatomical result of lung lobar identification
(Fig. 11).

4.6. Inter-lobe fissure extractions

Using the human tracings of inter-lobe fissures in the above
section as a reference standard, we evaluated the accuracy of
fissure extractions by our method for seven patient cases. We
measured ASED from extracted fissures to the reference stan-
dard as the error of extraction. The ASED of each fissure, shown
in Table 6, confirmed that our method can extract inter-lobe fis-
sures precisely with an error of approximately 0.5 mm from the
reference tracings. We confirmed that our method could identify
inter-lobe fissures successfully from the CT images that have a
normal lung structure and complete inter-lobe fissure as shown
in Fig. 10. For cases in which the fissure is incomplete on CT
images (Fig. 11), our method simply regarded the approximated
lobar boundaries as the inter-lobe fissures and issued a warning
of incompleteness.

The typical computation time of our scheme (Fig. 1) was
about 105 min for one CT case using a computer (CPU: AMD
Opteron (TM) Model 242), and the individual time for process-
ing steps 1-5in Fig. 1 was 11, 40, 4, 10, and 40 min, respectively.
We are doing some works that can be expected to reduce the com-
putation time using a PC cluster based on the message passing
interface (MPI) library.

Lung region segmentation based on CT values of air used in
this research was a well-known approach that has been reported
in many research works [6,7]. The threshold value used in Ref.
[6] was optimized by minimizing the variety of the mean density
difference between air and human tissue regions after gray-level
thresholding. This method has a similar effect to the [11] when
the density distributions of air and body regions are not over-
lapped together. Lung contour smoothing has been introduced
in some research works to close the lung hilum based on binary
2-D or 3-D morphology operations [18]. However, the binary
morphology operation such as big ball rolling process always
causes an excessive smoothing effect which deteriorates the
extraction precision of lung surface. In order to solve this prob-
lem, a method was proposed to indicate the approximate range
of lung hilum and close it using morphology operations [19].
However, this method needs the anatomical structure of airway
tree to estimate the locations of lung hilums firstly. Our method
(dividing lung surfaces, detecting the lung hilum locations, and
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only smoothing the surface of lung hilum) can avoid accuracy
deteriorations caused by smoothing the entire lung surface, and
this process need not any other information for assistance except
of lung surface itself [13]. The junction between left and right
lungs after gray-level thresholding was also a problem in lung
region segmentation. A popular solution was to separate left and
right lungs and find the anterior and posterior junction using a
binary morphological dilation [18]. Instead of binary morpho-
logical dilation, we used a 3-D watershed method to find the
junction lines and separate the left and right lung regions based
on gray-level information of lung regions. This method has been
proved more accurate than the method based on binary morpho-
logical dilation.

The lung fissure identification and lobar extraction were
reported in Refs. [20-26]. An approximation method to deter-
mine the lung segments based on the anatomical bronchial tree
using CT images was proposed by Refs. [20,21]. However, due
to the facts that the segmented bronchial tree (corresponding to
the sixth- or seventh-order bronchi) cannot be recognized sta-
bly without any leak even based on high-resolution CT images,
we found that the information of bronchial tree was not enough
for automated lobe segmentation from CT images [22]. On the
other hand, another approach to extract lung fissure and lobe
using the lung vessels was proposed by Refs. [23,24]. This
method was based on the hypothesis that the lung vessels do not
exist around the lung fissures locations. However, this hypoth-
esis was not always true in many cases; some improvements
of this research works added the information of bronchial tree
for fissure identification [25,26]. The basic idea of our method
for lung fissure and lobe extraction was based on anatomical
bronchial tree which was similar to Refs. [20,21], the differ-
ence was that we used the lung vessels running together with
the each lobar bronchial tree to improve the accuracy of fissure
location estimation and decided the lung fissures based on real
gray-scale information [27]. Atlas-based fissure identification
[28] may be a new direction for lung lobe segmentation using
CT images, however, high-precision registration the of anatom-
ical lung structure in CT images which is necessary not only for
atlas generation but also for atlas-based segmentation had not
be resolved completely till now.

The algorithms based on Hessian matrix analysis [29] proved
very useful for vessel extraction. However, this algorithm needs
a lot of the computation time. Our approach tries to extract the
lung vessels roughly by aregion growing algorithm and improve
the accuracy by deleting the bronchial wall regions from it.
This method did not cost a lot of computation time, however,
depended on the accuracy of bronchial wall extractions.

5. Conclusion

We have developed a full-automatic classification scheme to
recognize lung structures from high-resolution chest CT images.
Our method divides the whole CT image into target organ
and tissue regions sequentially, in a manner closely based on
their anatomical relationships and statistical intensity distribu-
tion among different organ and tissue regions. The policy “region
extraction — structure recognition — detail correction” is intro-

duced as a basic rule of our processing flow, and the principal
parameters of each process are self-optimized automatically and
dynamically for purposes of adapting to different patient cases.
We applied our method to high-resolution CT images from 44
patients and confirmed that our classification scheme could cor-
rectly and stably provide stratified recognition results of lung
structures for 41 patients and failed in 3 patient cases (2 cases had
serious pneumonias, 1 case had an abnormal tree structure of air-
way due to the serious pulmonary emphysema). The recognition
results of this research provided the possibility to make a further
analysis or visualization of vessel, bronchus and other abnormal-
ity such as pulmonary emphysema in a lobe-by-lobe base which
is request by clinic medicine. In the future, we will attempt to
classify the pulmonary vessels into artery and vein groups and
recognize the anatomical structure of the mediastinum.
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