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a  b  s  t  r  a  c  t

This work  proposes  a functionality  for computerized  tomography  (CT)  based  investigation  of  diffuse  lung
diseases  diagnosis  that  enables  the  evaluation  of  the  disease  from  lung  anatomical  structures.  Automated
methods  for  segmenting  several  anatomy  structures  in chest  CT  are  proposed:  namely  the  lobe  lungs,
airway  tree  and  pulmonary  vessel  tree.  The  airway  and  pulmonary  vessel  trees  are  segmented  using  a
failure  tracking  and  recovery  algorithm.  The  algorithm  checks  intermediary  results  consistence,  back-
track  to  a history  position  if  a  failure  is  detected.  The  quality  of  the  result  is improved  while  reducing
the  processing  time  even  for subjects  with  lung  diseases.  The  pulmonary  vessels  are  segmented  through
the  same  algorithm  with  different  seed  points.  The  seed  for  the  airway  tree segmentation  is within  the
tracheal  tube,  and  the  seed  for  the pulmonary  vessels  segmentation  is  within  the  heart.  The  algorithm  is
tested  with  CT images  acquired  from  four  distinct  types  of subjects:  healthy,  idiopathic  interstitial  pneu-
monias  (IIPs),  usual  interstitial  pneumonia  (UIP)  and chronic  obstructive  pulmonary  disease  (COPD).  The
main  bronchi  are  found  in  the  segmented  airway  and  the  associated  lung  lobes  are  determined.  Combin-
ing the  segmented  lung  lobes  and  the diffuse  lung  diseases  classification,  it is possible  to  quantify  how
much  and  where  each  lobe  is  injured.  The  results  were  compared  with  a conventional  3D  region  growing
algorithm  and  commercial  systems.  Several  results  were  compared  to medical  doctor  evaluations:  inter-
lobe fissure,  percentage  of  lung  lobe  that  is injured  and  lung and  lobe  volumes.  The  algorithm  proposed
was  evaluated  to be  robust  enough  to  segment  the  cases  studied.

©  2013  Elsevier  Ltd.  All rights  reserved.

1. Introduction

Segmentation of the pulmonary lobes is important to locate
parenchymal disease inside the lungs and to quantify its distribu-
tion. The segmentation issue becomes even more challenging with
regard to the high variability of the computerized tomography (CT)
image in clinical practice due to the use of different CT scanners
and protocols. One might think that the first step for lung structure
recognition is to extract inter-lobe fissures and use them to divide
the lung regions. However, the inter-lobe fissures are very thin sur-
faces with light density in CT images and difficult to be observed
from original CT images even by human experts [1].

The left lung is divided into two lobes, upper and lower, by an
inter-lobe fissure. The right lung is divided into three lobes, upper,
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middle and lower, by two  inter-lobe fissures. Pulmonary fissures
are often only incomplete or not clearly visible in the CT image
because of severe lung diseases and low image resolution. Previ-
ous approaches to lobe segmentation can be roughly divided into
two groups: direct and indirect. The former approaches consist of
methods that search for the fissures based on gray-level informa-
tion present in the image [2–5], while the latter approaches consist
of methods that use information from other anatomical structures
to approximate the location of the fissures [6,7]. Different tech-
niques were used by the direct methods; Zhang et al. [4] presented
a method for automatic segmentation of the oblique fissures using
an atlas-based initialization procedure, in which the anatomic atlas
is created by manually delineating the fissures on a number of
subjects. Wiemker et al. [2] proposed an automatic segmentation
approach based on 3D filtering of the image data. More recently, van
Rikxoort et al. [5] described a nearest-neighbor classifier approach
to identify voxels on the fissures.

Among the indirect approaches, Kuhnigk et al. [6] proposed a
method for the indirect estimation of the lobes, using information
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from the segmented vasculature. In a similar approach, Zhou et al.
[7] reported a method based on the Voronoi division of the lungs
using the lobar bronchi. Neither indirect approach was  evaluated
by their authors. The approach proposed herein is classified as indi-
rect. As a secondary objective, we also propose a 3D segmentation
algorithm that can extract the airways and lung vessels. Such lung
anatomical structures are used to determine the fissure location.

3D segmentation of the airway from multi-slice CT is useful for
analyzing airway compression and obstruction caused by pathol-
ogy. The expected benefits are related to diagnosis improvement
of airway pathologies, preoperative planning and follow-up. Accu-
rate lung segmentation allows the detection and quantification of
abnormalities within the lungs. It is a challenging problem due to
the inhomogeneity of the bronchial lumen and bronchial wall gray
levels along different subdivision orders. Several methods have
been presented in the literature for this task. The methods proposed
can be classified into three main categories: (1) 2D/3D techniques
detect potential airway sections on 2D axial images and then per-
form the selection of the candidates which will provide the 3D
reconstruction [8]. (2) 3D region growing techniques act directly
on the 3D image. They combine thresholding and 3D propaga-
tion procedures in order to generate an airway tree reconstructed
set, connected to a seed defined inside the trachea. With these
techniques, the reconstruction accuracy depends directly on the
threshold setting. Adaptive thresholding cannot ensure a reliable
reconstruction due to the inhomogeneity of the airway lumen
along the tree structure [9]. (3) Hybrid methods combine 3D region
growing and 2D segmentation approaches to detect more airway
candidates and to obtain smoother edges. Even if they provide bet-
ter results [10], the main limitation of these techniques remains
their inability to reconstruct high order bronchi: the 2D and 3D
segmentation phases being independent, their common limitations
are inherited by the hybrid method.

Extraction of vessels in CT is a key component for the diag-
nosis of vascular diseases, such as stenosis, hypertension and
embolism. The vessel tree is also an important cue for registering
images of the same patient. Another role of vessel tree extrac-
tion is an aid to improve detection of other structures, such as
lung nodules, which has shown to help reduce false positives
[11,12]. Different approaches have been used to segment lung ves-
sels. Kirbas and Quek [12] divided vessel segmentation algorithms
and techniques into six main categories: (1) pattern recogni-
tion techniques, (2) model-based approaches, (3) tracking-based
approaches, (4) artificial intelligence-based approaches, (5) neural
network-based approaches, and (6) miscellaneous tube-like object
detection approaches.

Although the correct diagnosis of diffuse lung disease is very
important, it is one of the most difficult tasks for radiologists,
because the contrast of lesions is often low and the patterns of opac-
ities are very complex. Diffuse lung disease represents a large and
heterogeneous group of disorders. In the management of patients
with diffuse lung diseases, it is important to define the extent of
disease present, particularly if the patient is being monitored for
disease progression or response to treatment. Since lung diseases
are commonly nonuniform in their distribution, physiologic mea-
surements may  underestimate the extent of lung diseases. The
method chosen for feature extraction is clearly critical to the suc-
cess of texture classification. In this work, diffuse lung diseases are
classified using the algorithm proposed by Asakura et al. [13], which
was already tested by several hospitals with different CT scanners
and protocols [14].

This work investigates an anatomical classification technique
for lung structures and integrates it with the diffuse lung dis-
ease classification approach proposed by Asakura et al. [13], such
system was already tested by several hospitals with different CT
scanners and protocols [14]. This work is structured as follows.

Section 2 explains the improved algorithm to classify diffuse lung
diseases. Section 3 briefly explains the system proposed to inte-
grate the determined lung structures with classified diffuse lung
diseases. The algorithm proposed to segment airway, pulmonary
vessel and lungs is also explained. Section 4 presents some results;
the conclusions and future works are in Section 5.

2. Classification of diffuse lung diseases

Texture classification has been a significant research topic in
image processing, particularly in medical image analysis, and many
features have been proposed to represent texture. Five major
categories of features for texture identification have been pro-
posed: statistical, geometrical, structural, model based and signal
processing [15]. In order to classify diffuse lung diseases the algo-
rithm proposed by Asakura et al. [13] was  improved such that
images from multiple CT scanners can be processed using the same
database. Fig. 1 shows the flow of the improved approach.

Initially, a calibration process is executed for all images to nor-
malize the standard deviation (see Fig. 1). Every pixel from the
CT images is linearly interpolated between the values obtained
from water and air phantoms. The CT images from subjects and
phantoms are obtained on the same day. The user defines a set
of patterns associated to each diffuse lung disease, called learned
patterns. Similarities between the learned patterns and regions in
the CT image are evaluated using a Gaussian histogram normalized
correlation method and a local noise model of the chest CT images.
Since the fluctuation of the CT distributes in a shape similar to a
Gaussian distribution [16], the local noise of a CT pixel is assumed
to be spatially random with the Gaussian distribution.

After the application of the Gaussian convolution filter, the
normalized correlations between the estimated distribution of CT
regions and those of learning patterns with the diseased classes are
calculated by the following equation
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where A(˛) and A(ˇ) are the histograms of the learning pattern ˛
and the CT region ˇ, and � is the noise model standard deviation. In
this paper, � = 23.35 HU (Hounsfield Units) is used. This expression
allows the comparison of regions in the CT images with the learned
patterns.

Furthermore, because of gravity the blood flow can undergo
variations that can globally influence the CT image. To reduce such
influence, the user divides the lung into nine regions and defines
learned patterns for each one of these nine regions (see Fig. 2).
Finally, if the learned patterns are directly used; they might present
some discontinuities. To overcome this possibility, depending on
the region of the CT image analyzed, an interpolation is executed.

The classifier has been used in different applications: evaluating
the utility CT imaging to understand the response to pirfenidone
therapy [17], the use of CT images to evaluate the relation between
the severity of idiopathic pulmonary fibrosis (IPF) and the incidence
of pneumothorax [18], among others.

3. Proposed system

The proposed system architecture is shown in Fig. 3. The sys-
tem proposed segments the lung 3D CT image into lung boundary,
airway tree and lung vessel tree. The airway tree is anatomically
classified into 5 lobes. The lung vessel tree is also classified using
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