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Abstract—In this study, we propose a novel pathological lung
segmentation method that takes into account neighbor prior con-
straints and a novel pathology recognition system. Our proposed
framework has two stages; during stage one, we adapted the fuzzy
connectedness (FC) image segmentation algorithm to perform ini-
tial lung parenchyma extraction. In parallel, we estimate the lung
volume using rib-cage information without explicitly delineating
lungs. This rudimentary, but intelligent lung volume estimation
system allows comparison of volume differences between rib cage
and FC based lung volume measurements. Significant volume
difference indicates the presence of pathology, which invokes the
second stage of the proposed framework for the refinement of
segmented lung. In stage two, texture-based features are utilized to
detect abnormal imaging patterns (consolidations, ground glass,
interstitial thickening, tree-inbud, honeycombing, nodules, and
micro-nodules) that might have been missed during the first stage
of the algorithm. This refinement stage is further completed by
a novel neighboring anatomy-guided segmentation approach to
include abnormalities with weak textures, and pleura regions. We
evaluated the accuracy and efficiency of the proposed method on
more than 400 CT scans with the presence of a wide spectrum of
abnormalities. To our best of knowledge, this is the first study to
evaluate all abnormal imaging patterns in a single segmentation
framework. The quantitative results show that our pathological
lung segmentation method improves on current standards because
of its high sensitivity and specificity and may have considerable
potential to enhance the performance of routine clinical tasks.

Index Terms—Anatomy-guided segmentation, computed to-
mography, fuzzy connectedness, pathological lung segmentation,
random forest.

I. INTRODUCTION

P ULMONARY diseases and disorders are one of the major
causes of deaths and hospitalization around the world. The

American Lung Association estimates that about deaths
occur per year in the United States from lung diseases [1]. For
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noninvasive detection and diagnosis of lung diseases, quantifi-
cation of the disease severity, and therapy/surgery planning, ra-
diological imaging techniques, particularly computed tomog-
raphy (CT), are the current standard in the routine clinics. In par-
allel to the technological advances in imaging, automated com-
puter analysis and decision support systems are often sought by
clinicians and radiologists to further assist their diagnostic tasks.
Specific to radiological quantification of lung diseases, efficient
and robust image analysis tools are required for extracting in-
formation pertaining to lung pathology and morphology in a re-
liable and efficient way. The lung volume of interest containing
abnormalities is often the subject of further analysis and; there-
fore, precise lung segmentation is a precursor to the deployment
of such tools for pulmonary image analysis.
Although current state-of-the-art lung segmentation al-

gorithms work well for certain lung pathologies present in
moderate amounts, they fail to perform when dense patholo-
gies exist. Accurate segmentation of the pathological lung is
challenging since lung pathologies hold appearances different
from the normal lung tissue. Fig. 1 highlights common ab-
normal imaging patterns and pleura pertaining to different lung
diseases. CT scans of patients with severe lung diseases often
include diverse imaging patterns. Thus, it is difficult to adapt
the current state-of-the-art lung segmentation methods due to
their limited ability to be applied to diverse imaging patterns
with dense pathologies. Our aim in this work is to target this
challenge, and provide a generic solution for lung segmentation
from CT scans.

A. Related Work

Most methods reported in the literature evaluated a subset of
pathologies when segmenting lungs. Therefore, a generic solu-
tion that can work in routine clinical environment for a wide
range of pathologies without expert assistance is not available.
Threshold-based methods [2], [3] are often used for their ef-

ficiency. However, such methods have limited applicability as
they fail to consider the intensity variations due to pathologies
or even under normal conditions. Region-based methods, such
as region growing [4]–[6], watershed transform [7], [8], graph
search [9], [10], and fuzzy connectedness (FC) [11], [12], are
found useful in catering for the intensity changes. However,
with the presence of dense pathology in the lung field, the in-
tensity alone is not enough for successful delineation. As an ex-
ample, Fig. 1(c) and (d) shows substantially different intensity
values of consolidation and cavity regions from normal lung
parenchyma. Therefore, these areas are often falsely excluded
by thresholding-based lung segmentation methods.

U.S. Government work not protected by U.S. copyright.
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Fig. 1. Different imaging patterns in pulmonary CT are shown: (a) normal lung (b) GGO (c) consolidation (d) cavity (e) tree-in-bud and micro nodules (f) nodules
(g) pleural effusion (h) honeycomb.

For more advanced methods, the use of prior models has been
found to be beneficial for cases with moderate amount of abnor-
mality. For instance, anatomical shapemodels have been used in
[13]–[18]. Basically, these methods fit a statistical shape model
of an anatomical structure to the image of interest using an op-
timization procedure. However, as commonly known, the pri-
mary drawbacks of the model-based approaches are the require-
ment of large training data with high variations and accurate
anatomical correspondences among the shape instances.
Atlas-based methods, on the other hand, transfer a priori ob-

ject information from a reference image to the target image
through image registration. They have been widely used in ab-
normal segmentation of organs including lungs [5], [19]–[21],
abdomen [22], and brain [23]. Although atlas-based methods
show promising results in lung segmentation, a representative
atlas is often difficult to create due to high shape and inten-
sity variability of the lung pathologies. Furthermore, atlas-based
methods may fail to accommodate small details if registration
is not designed to handle local variations.
Recently, machine learning approaches have gained growing

interest in segmenting abnormal organs due to their strong
abilities to exploit intensity, shape, and anatomy information.
These approaches mostly focus on extracting suitable features
(shape and/or texture) for a predefined classifier such as sup-
port vector machines, random forests, neural networks etc.
Extracted features vary depending on the imaging modality and
the body region. A number of feature sets for classification of
lung pathologies have been proposed: 3-D adaptive multiple
feature method (AMFM) [24], texton-based approach [25],
intensity-based features [26], gray level co-occurrence matrix
(GLCM) [27], wavelet and Gabor transform [28], shape and
context-based attributes [29], [30], local binary patterns (LBP)
[31], and histogram of gradients (HOG) [29]. The most chal-
lenging aspect of these approaches is the selection of feature

set appropriate for the task at hand, which is still an active area
of research, however.

B. Our Contributions
In this paper, we present a novel approach that, to the best of

our knowledge, is the first fully automated pathological lung
segmentation method spanning almost the entire spectrum of
commonly encountered pathologies in pulmonary CT scans.
Moreover, the study has been performed on the largest data set
( CT scans) so far reported in the literature from diverse
sources that contain different amounts and types of abnormali-
ties.We developed a rough but intelligent pathology recognition
system that automatically switches into the refinement step of
the proposed framework when certain type of dense abnormal-
ities are identified. Not only this switching system between the
two stages of the proposed framework decreases the computa-
tional time, but it also allows users to be aware of the context
of the pathologies in a similar fashion to most computer-aided
detection (CAD) systems. The performance of our generic
pathological lung segmentation (PLS) method was evaluated
through: 1) submission to lung segmentation challenge for
evaluation against the current state-of-the-art approaches on an
unbiased platform, where the results were provided by orga-
nizers; and 2) surrogate truths obtained by expert observers’
manual segmentations. The performance analysis was further
divided into four categories: normal controls (no pathologies),
minimum, medium, and large amount of pathologies. Note
that all image sets were divided into subgroups based on the
severity of cases, read and evaluated by participating expert
radiologists prior to computer-based evaluation. We evaluated
the accuracy of the algorithm separately for each category to
demonstrate the robustness of the proposed system.
The remainder of manuscript describes and discusses the de-

tails of the PLS method and its performance. Section II gives
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a glossary of the abnormalities present in pulmonary CT scans
and explains basic principles of the FC image segmentation al-
gorithm. Section III introduces different modules of the pro-
posed PLS technique. The results are presented in Section IV.
Section V discusses performance aspects and future directions
followed by a conclusion in Section VI.

II. BACKGROUND

A. Fuzzy Connectedness Image Segmentation

FC defines the “hanging togetherness” between any two
voxels and within an image [32]. A binary adjacency
relationship determines adjacent voxels in -adjacency.
Then, a path between and can be identified as a sequence
of adjacent voxels . For any two
adjacent voxels and , their local hanging togetherness is
defined using an affinity function . The greater the
affinity is, the more closely related the two voxels are. Then,
for an arbitrary path , the strength of the path is defined as the
minimum affinity along the path

(1)

If P is the set of all possible paths between and , then
FC between them is the strength of the strongest path

P
(2)

The affinity function for two adjacent voxels under is the es-
sential part of FC computation. Commonly, it consists of three
components: distance-based affinity , homogeneity-based
affinity , and object-based affinity as

(3)

A wide range of mathematical functions can be used for affini-
ties [33], [34]. Here, we use Euclidean distance for , and adopt
the following form of and

(4)

and

(5)

where and control the variation, and controls the ex-
pected mean intensity of the target object.
FC segmentation is obtained by generating a fuzzy object O

with regard to a set of seed points S. The fuzzy object
membership value at a voxel is determined by the maximum
FC value to all seed points as

O S
(6)

TABLE I
GLOSSARY OF COMMON ABNORMALITIES IN PULMONARY CT SCANS

The final object is obtained by thresholding over the fuzzy ob-
ject O for strength of connectedness.

B. Glossary of Abnormal Ct Imaging Patterns in Pulmonary
Diseases

Visual patterns associated with abnormal lung anatomy in
CT images carry valuable information for improving diag-
nostic confidence and consistency [35]. Commonly observed
abnormal imaging patterns associated with lung diseases can be
analyzed based on shape, texture, and attenuation information
derived from CT images. The presence of more than one type of
abnormality in the same region of interest can cause difficulty
in understanding and quantifying the nature and extent of the
disease. To enlist the common imaging patterns pertaining to
different lung diseases, Table I provides a glossary of those
patterns with short descriptions. Readers are encouraged to
refer to [36] for further details from a clinical perspective.

III. METHODS

The PLS method consists of two primary stages: 1) the
initial FC segmentation step for normal lung parenchyma,
and 2) the refinement stage triggered by automatic pathology
identification.
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Fig. 2. Flowchart explaining the initial segmentation using FC.

A. Seed Selection and Fc Segmentation
Fig. 2 summarizes the initial lung segmentation process using

FC. For this process, FC requires two seed points: , lo-
cated within the left and right lungs, respectively. In our design,
we automatically set seed locations through a preprocessing
step, we then sampled a set of seeds from the regions obtained
after strict thresholding. That is, for any given CT image ,
we use a thresholding operation T using CT attenuation values
for normal lung parenchyma (Hounsfield Units (HU):
through , mean HU). Thus, T T .
Finally, we set the seed locations and after randomly sam-
pling a few seed candidates, i.e., 3 3 3 seed window (not the
physical size), for each lung from T and select the voxels with
minimum HU value as seeds:

L T

L T (7)

where L denotes the location of the voxel(s), and T T
T . Fig. 3 demonstrates the approximate lung regions where
we sample candidate seeds. Note that we carry out seed sam-
pling over the extracted normal lung parenchyma, not the orig-
inal CT image.
Apart from seeds, FC algorithm also requires approximate

mean and the standard deviation and of the lung re-
gion to be used in affinity functions. These values were em-
pirically set to normal lung parenchyma as HU,

HU after analyzing hundreds of CT images.
Once seeds and affinity parameters for FC are set, delineation is
performed. The output of the FC segmentation is a binary mask
of the lung fields containing both the external airways (trachea

Fig. 3. Automatic seed selection for initial FC segmentation based on voxel
intensity and geometrical knowledge, i.e., the rib cage.

and bronchi) and the left/right lungs. The extent of how well
the initial FC segmentation performs depends on the amount
and the kind of abnormality present in the target image. Fig. 4
illustrates how the performance of FC may deteriorate with an
increase in the extent of pathology. It should be noted that al-
though FC is more robust than region growing, graph-cut, and
other region-based segmentation methods [37], further refine-
ment is often inevitable for cases with dense pathologies.

B. Pathology Presence Test
The goal of the pathology presence test was to check the

quality of initial segmentation and to determine whether any
pathological areas were present in the target lung that need to
be further included in the final lung volumes. The test consisted
of two constraints: 1) the smoothness of the boundary pertaining
to the initially segmented lung volume, and 2) the difference be-
tween segmented and lung volumes estimated from rib cage in-
formation. Since the rib cage tightly bounds the lung field inside
the body region, it can give an approximate value for expected
lung volume. In other words, we used the pathology presence
test to understand if the mild or severe amount of pathology
present in the scan so then advanced machine learning methods
can be used for voxel-based classification as a further step. It
is important to note here that there is no “explicit” volume or
spatial information involved in this test. Once this pathology
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Fig. 4. Images with different pathologies along with overlaid with the respec-
tive initial FC segmentation.

recognition system reveals that the advanced machine-learning
is necessary, then the next stage of our proposed framework is
conducted. The details of those two constraints are explained in
the following.
1) Smoothness Test: This test is based on the observation

that the area per slice of a normal lung has a smooth transition
along the z-axis; whereas in scans with moderate/dense abnor-
malities the 2-D areas change abruptly due to the fact that ab-
normal imaging areas are not captured by the conventional seg-
mentation algorithms. Since segmented lung areas may change
irregularly between slices with the presence of abnormalities,
we can track the abnormal changes in the lung surfaces by con-
ducting a smoothness test. Let denotes the lung area on a
given axial slice , then the change in segmented area in the di-
rection orthogonal to the slice plane can bemonitored by

, for .
To quantify how segmented regions change when min-

imal or no pathology exists in the CT images, we selected
a set of control images , and
calculated the maximal variation for each control image:

, where indicates variation.
Note that the control images were lung scans of healthy sub-
jects containing minimal or no abnormalities. Based on the
smoothness assumption, any abrupt change in the segmented
area indicated the presence of a potential abnor-
mality which triggers the refinement stage. As an example,
Fig. 5 shows a general trend in the area per slice along the
axial plane for a normal lung scan, compared with the area per
slice of a scan with moderate amount of pathology. As can be
seen, abrupt change in the 2-D areas of lung regions may help
detecting presence of mild/severe amount of pathology.

Fig. 5. Plot shows the change in the normalized 2-D segmented area (per slice)
along the axial planes.

Fig. 6. The rib cage (blue) is separated (middle) from the adjacent bones (red)
(left) for volume estimation. Lung fields are enclosed by rib cage (right).

2) Volume Difference Test: Estimated lung volume is used
as an additional constraint for the existence of pathology. The
volume of the lung is estimated based on a regression anal-
ysis that was performed on training scans without abnormalities.
First, the approximate ribcage volume for the training data was
estimated by fitting a 2-D convex hull on the ribcage. Second,
a linear regression analysis was performed. Based on this re-
gressed lung volume information from the ribcage volume, one
may easily conduct a volume difference test using the estimated
lung volume from the initial segmented lung volume determined
by the FC.
A number of approaches in the literature have used ribcage

information to estimate the location of lung parenchyma
[38]–[42]. We used a convex-hull that fit around the rib cage for
a rough lung volume estimation. As observed from Fig. 6, the
rib cage can be used as an anchor to estimate enclosed volume
that is closely associated with lung volume when no or minor
pathology exists.
Fitting a convex-hull to the rib cage structures requires the

rib bony structures to be extracted. Since bone has relatively
high contrast compared to surrounding tissues, thresholding al-
lows identification of bonee structures. We chose the commonly
used thresholding parameter of 300 HU for including all bone
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Fig. 7. 2-D convex-hull (shown in blue) fitting in axial plane for pathology
presence test of the segmentation.

structures. Thresholding was followed by a connected compo-
nent analysis in order to retain the largest component and re-
move noise. Although this process provided rib cage, some of
the other bone structures including sternum and spine may also
be often included. However, the scapula should not be included
in our convex-hull fitting around the rib cage because scapula
will falsely increase the estimated volume (Fig. 7). In order to
remove the scapula, we used shape information of the bones-ribs
have a tubular geometry while scapula is plate-like. Based on
this distinguishing information, we utilized Hessian analysis to
extract shape features. As shown in [43], analyzing the second-
order information (Hessian) of a Gaussian convolved image
provides local information of the structure. Specifically, eigen-
value decomposition was performed over the Hessian matrix
and the resulting ordered eigenvalues, i.e., ,
were examined. For tubular structures, it was expected that
was small and the other two were large and of equal sign; while
for plate structures, it was expected that both and were
small and was large. Explicitly, for a bright structure on a
dark background, ribness can be formulated as

(8)

Fig. 8. A flow diagram explaining the automatic cavity segmentation process.

where and
; and plateness can be formulated

as

(9)

where , and ;
The ribness and plateness measurements and above

were calculated at different scales and the maximum re-
sponse was achieved at a scale that matches the size of the struc-
ture. Therefore, by using a multi-scale approach which covers
a range of structure widths and finding the maximum value

, we en-
hanced the local tubular and plate structures.
Let denote the scapula to be excluded and denote the

bones useful for lung volume estimation such that .
can be characterized by high and low responses, while

features high and moderate values. Therefore, thresholding
was applied to extract candidate scapula voxels and
rib voxels . Since and usually cover only
part of the entire rib and scapula, these points were used as seed
points to initiate a geodesic distance transform within
the initial bone segmentation using a fast-marching algorithm
[44]. The final step was to detach the scapula fromwhole bone
segmentation based on the distance map, all voxels satisfying

were excluded from convex-hull
generation.
Once the rib cage was segmented, a 2-D convex-hull was

fitted over the rib cage along the axial axis to estimate the lung
volume. Let denote the set of all candidate voxels on slice
and denote its convex-hull. From a boundary perspec-
tive, can be regarded as the inside of the polygon formed
by deforming a contour, which initially encloses , so that the
deformation simulates that of a rubber band contraction until it
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Fig. 9. Detected cavity (a), its FC segmentation (b), and surface rendition (c)
are given.

becomes taut by the outermost anchor points (Fig. 7). That is,
consists of all possible linear combinations of

as

(10)

for all possible linear combination weighting scheme such
that and .
After rib cage segmentation and convex-hull fitting, the

volume enclosing the convex-hull was estimated. In the refine-
ment step, when indicated by the pathology presence test, the
PLS method used the random forest classification algorithm at
the voxel level. Furthermore, the method has additional mod-
ules for segmenting cavities and pleural diseases due to their
unique appearances. In the following subsections, we describe
the refinement process of the PLS method with its specific
modules: FC based cavity segmentation, random forest-based
pathology identification, and neighboring anatomy guided
pleural effusion detection.
It is important to mention here that the parameters in both

the smoothness test and volume difference test are chosen to
minimize the type-II error, i.e., the probability of rejecting to
proceed to the refinement stage when the target scan needs one
at the expense of the type-I error.

C. Cavity Detection and Segmentation
Cavities occur in multiple lung diseases and are a primary

marker of tuberculosis (TB) infection [45], [46]. Severe cavities
and blebs have a high contrast boundary separating them from
the surrounding lung parenchyma (for a reference see Table I)
and are therefore usually not captured within the initial FC seg-
mentation phase. A separate mechanism has been put in place

Fig. 10. Schematic diagram showing texture classification-based refinement,
highlighting both predictive model learning for RF and the pathology classifi-
cation in the target image based on the learned predictive model.

in the PLS method to ensure that the cavities are detected and
included in the final segmentation. Fig. 8 provides an overview
of the automatic cavity segmentation technique used in the
PLS method. Briefly, we automatically search the candidate
cavity regions by applying thresholding operation with strict
HU level HU) denoting gas-filled regions within
the lung parenchyma. Our search was confine to the regions
enclosed by convex-hull thus eliminating gas-filled regions.
Next, amongst all the regions detected as cavities within the
convex-hull, we select the voxels that had minimum HU values
as seeds with which we initiated the FC segmentation. Fig. 9
shows a detected cavity region in (a), its FC segmentation in
(b), and 3-D surface rendering in (c).

D. Pathology Detection via Random Forest Classification

Following cavity detection, the pathology presence test was
repeated. If the resulting smoothness and volume difference
tests still indicated the existence of pathologies, the random
forest classification of lung tissues at the voxel level was
conducted. With voxel-wise classification, it is possible to de-
termine different abnormal imaging patterns within the lungs.
Fig. 10 illustrates the second module of the PLS method in
which we recognize the general abnormal imaging patterns
pertaining to the lung diseases other than pleural and cavity
patterns.
Although machine learning classification methods are very

useful for detecting pathology, it is not trivial to extract dis-
criminative feature sets to drive the detection process. More-
over, assessing every voxel’s class dependency may be compu-
tationally expensive. To address these two challenges, we in-
tegrated rib cage extraction and convex-hull fitting processes
into the random forest classification algorithm in order to restrict
the search space to rib cage area only. For random forest voxel
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TABLE II
EXTRACTED FEATURES FOR VOXEL-WISE CLASSIFICATION OF LUNG TISSUES

classification of lung tissues, we employ feature sets commonly
used in various lung CAD systems: gray-level run length ma-
trix (GLRLM), gray-level co-occurrence matrix (GLCM), and
histogram features. Justification of the use of GLCM, GLRLM,
and histogram features is based on the visual analysis of CT
lung pathologies [47]. Various studies have shown that texture,
intensity, and gradient are the key discriminative features for au-
tomatically detecting abnormal imaging patterns. Thus we de-
signed a patch-wise feature set encompassing texture, intensity,
and gradient for our study.
Briefly, GLCM and GLRLM were calculated using 4-orien-

tations , and for bins [48].
For every voxel within the search region, we extract the features
considering a patch (i.e., ROI) around that voxel with 7 7 7
neighborhood. The complete list of 24 distinct features is shown
in Table II.
Since, our aim in this study was to segment pathological

lungs, we considered all pathological regions as a single label
(i.e., ) rather than sub-categorization of the abnormality
types such as consolidation, ground-glass opacity (GGO), etc.
Assuming FC segmented the normal lung parenchyma in the
initial delineation R , and cavities and pleural effusion
regions are indicated by R and R (segmentation
of pleural effusion regions is discussed in the next section),
respectively, then the pathological regions R which require
voxel classification via random forest method can be defined
as R R R R R . All the voxels
belonging to R were classified into two classes: pathological

or nonpathological regions. In particular, neigh-
boring structures of the lung were considered as nonlung and/or
nonpathological structures and labeled as .
Any machine learning algorithm with the ability to separate

normal lung parenchyma and neighboring anatomical structures
from known abnormal imaging patterns of lung disease can be
used in the refinement process. However, random forest has
been shown to be powerful for this kind of classification tasks

TABLE III
PARAMETER SETTINGS FOR RANDOM FOREST CLASSIFICATION METHOD

IN PATHOLOGY DETECTION

due to its high accuracy, efficiency, and robustness. In training a
random forest classifier, two experienced observers annotated
various pathology patterns from randomly selected CT scans
(21 CT scans from different subjects). A total of 997 nonover-
lapping ROIs were extracted from those annotations such that
507 observations belong to while 490 observations belong to
. A random forest classification model was constructed using

those observations with the corresponding labels. Table III sum-
marizes the set of parameters used for feature extraction and
random forest classifier training.

E. Neighboring Anatomy-Guided Pleural Effusion Detection
The final module of the proposed PLS method was the detec-

tion of pleural abnormalities. Pleural effusion is an accumula-
tion of fluid in the pleural cavity. Similar to cavity formation,
we considered the existence of pleural effusions as a separate
detection problem due to its unique challenges. For example,
pleural fluids usually has similar textural and intensity proper-
ties with the surrounding soft tissues (see Fig. 11 for pleural
effusion and plaque examples). Recent studies [49], [50] on the
discriminative role of CT intensity values in characterizing the
pleural fluid concluded that the CT numbers of pleural effusions
do not hold enough discriminative information to accurately de-
tect/delineate pleural effusions. Existing attempts such as [51]
do not solve the lung segmentation problem because, detection
of the pleural effusion using the existing methods paradoxically
requires a complete lung segmentation prior to its detection. In
contrast, we would like to detect pleural effusion as a part of
pathological lung segmentation.
To address the challenge of pleural fluid detection, we used

neighboring anatomy information of the pleural region as a
stable marker for lung boundary. For neighboring anatomy, ribs,
heart, and liver can also be used as potential markers. Hence,
we extracted the feature sets from the anatomical location of
these organs and their relative positioning information. Note
that the heart, liver, and other neighboring structures are not
segmented but rather considered as a single unit. Their relative
spatial location in normal (healthy) scans were annotated by
participating expert observers using the ROIs in the training
step. in contrast to the pathology classification module, the fea-
ture set here consists of the relative position of the neighboring
organs in rather than the textural features.
In other words, for neighboring anatomy-guided classifica-

tion to detect pleural regions, we use normalized spatial co-
ordinates as feature set. Normalized spatial coordinates in our
method were obtained by dividing the spatial coordinates by the
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Fig. 11. Examples showing different cases highlighting the lung scans with pleural effusion (a)–(b) and the pleural plaque (c).

Fig. 12. Flow chart explaining the neighboring anatomy-guided segmentation
for difficult cases.

estimated total rib cage volume, the latter obtained by using the
convex-hull method. The random-forest algorithm was used to
classify the target region R R R R
R into two classes: pleura and neighboring-anatomy

]. In training the classifier, two expert observers annotated
lung-field and neighboring organs from randomly selected CT
scans (27 CT scans from different data sets) and a random-forest
classifier was constructed using the training data with the corre-
sponding labels. Based solely on the knowledge of anatomical
location, the method divides the region R into and .
The proposed framework for detecting pleural effusion is sum-
marized in Fig. 12.

F. Automatic Trachea Extraction

Since the trachea is contiguous with the lung, it is also in-
cluded in the lung segmentation procedure. However, trachea
and airways are typically evaluated separately from the lung
parenchyma routinely in clinical practice. Hence, it is of interest

Fig. 13. An example for automatic trachea extraction (left) and trachea removal
(b) is shown.

Fig. 14. Flow diagram explaining the proposed automatic trachea segmenta-
tion method.

to remove the trachea from the segmented lungs. This proce-
dure can be performed simultaneously with lung segmentation,
or as an alternative final step once the segmentation has been
conducted. In our study, instead of increasing the complexity
of lung segmentation, we preferred to keep trachea removal as
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Fig. 15. Flow diagram explaining the hysteresis lung separation approach. (A) Original CT with binary lung segmentation, (B) Hessian analysis enhancing bright
plate-like structures, (C) enhanced plate structure, (D) point groups from separated left and right lung regions by subtracting the dilated plate structures from original
segmentation, (E–F) distance transform from the two point groups, (G) 2-D separation manifold determined by distance transform, and (H) final separation result.

an optional tool for users at the end of the final lung segmen-
tation. To remove the trachea, we first used 2-D Hough trans-
form along the axial plane to detect the tracheal region (i.e., a
circular region in the top slices of the CT scan) followed by
conventional FC segmentation that accepts the voxels inside the
circular region as initial seed points. Meanwhile, the orientation
information for identifying the seed point location was extracted
from the DICOMheader, followed by a smoothing filter and 2-D
Hough transform. Once, the seeding was done, we used FC to
finalize trachea segmentation. Next, we started estimating tra-
chea volume from the first axial slice that we found the trachea
region with the Hough transform. Expected maximum capacity
of trachea (i.e., cm ) [52] and the rate of change of the
volume were used to determine the stopping criteria for trachea
inclusion/exclusion in the final segmentation. Note that main
bronchi were not removed due to the capacity constraint feature
of the trachea removal tool. Fig. 13 illustrates example slices
where the removed trachea was shown in red. A block diagram
explaining the proposed automatic trachea extraction method is
provided in Fig. 14 and the corresponding pseudo-code is given
in Algorithm 1.

G. Left/Right Lung Separation

Lung separation was performed using a hysteresis approach
which utilizes prior information from original lung segmenta-
tion as well as the background gaps [53]. First, Hessian-filtered
original segmentation was bifurcated by subtracting gaps be-
tween potential left and right lungs. Second, a 2-D separation
manifold in 3-D image space was estimated based on the infor-
mation from the distance transform. Finally, the separation man-
ifold was projected back to the origin space where segmented
object was relabeled as left and right lungs. Fig. 15 illustrates
this operation step by step.

IV. EXPERIMENTAL RESULTS

A. Data and Reference Standards
To evaluate the performance of our PLS method, we used

both publicly available and in-house acquired data sets. All
in-house images were acquired at our institute using 64-de-
tector row Phillips Brilliance 64 or GE Medical Systems Light
Speed Ultra. Scans were performed at end-inspiration with
1.0 or 2.0 collimation and obtained at 10 or 20 mm intervals
from the base of the neck to upper abdomen. After obtaining
Institutional Review Board (IRB) approval, retrospective cases
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TABLE IV
DATA DESCRIPTION OF THE CT SCANS USED IN OUR EXPERIMENTS

of human para-influenza (HPIV), necrotic tuberculosis (NTB),
diffuse alveolar hemorrhage (DAH), influenza A (H1N1) were
collected from May 2005 through September 2012. Table IV
summarizes the data sets used in our study.
When biopsy images are not available, manual segmentation

by experts is often accepted as the gold standard. For segmenta-
tion evaluation of in-house CT data, reference standards were
provided by two experienced observers through manual seg-
mentation. The left and right lungs were labeled separately in
order to evaluate each lung individually. Dice similarity coeffi-
cient (DSC) [54], Hausdorff distance (HD) [54], specificity, and
sensitivity evaluation metrics were used for quantitative anal-
ysis. Table V summarizes the quantitative evaluation of all eight

data sets segmented with the PLS algorithm. An average overlap
score of more than 95%was obtained in our analysis of over 400
CT scans.
For qualitative evaluation, Fig. 16 indicates the initial FC

segmentation of the lungs (shown in red) with various patholo-
gies, and our proposed method (shown in green). Results ob-
tained for different abnormal imaging patterns consistently
indicate the superior performance of the PLS method. For
a clinical reference, a summary of how various pathologies
are handled inside our proposed framework is provided in
Table VI. The table clearly demonstrates the effectiveness of
the proposed technique in dealing with most commonly en-
countered pathologies.
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TABLE V
OVERALL PERFORMANCE OF THE PROPOSED LUNG SEGMENTATION APPROACH AVERAGED OVER DIFFERENT DATA SETS AND AVERAGED OVERALL.

MEAN AND STANDARD DEVIATION (STD) IS PROVIDED FOR EACH INDEX

TABLE VI
SUMMARY OF THE PATHOLOGIES (ALONGWITH NORMAL LUNG PARENCHYMA)

SEGMENTED BY DIFFERENT MODULES OF THE ALGORITHM

B. Statistical Comparison and Inter- and Intra-Observer
Agreements

Compared to the initial FC segmentation, we observed sig-
nificant improvement in the overlap score with the PLS method
when applied to the HPIV data set which contained the widest
range of abnormalities compared with other data sets. The sta-
tistically significant improvement with the use of
the PLS method was observed in the data set (see Fig. 17).
To quantify the inter- and intra-observer agreements, we

compared the DSC values of the manually delineated CT
scans. Fig. 18 shows the box-plots for intra-observer (a) and
inter-observer (b) agreements. For intra-observer agreements,
both observers were asked to repeat the manual segmentation of
randomly chosen CT scans after a week of initial delineation,
and segmentation variations were computed through DSC
values. These results demonstrate that the difference between
the overlap scores obtained using the PLS method compared
to the manual segmentation are not statistically significant and,
large intra- and inter-observer differences increase in the pres-
ence of heavy abnormalities. Automatic delineation methods

TABLE VII
OVERLAP SCORES FOR THE AUTOMATED LUNG SEGMENTATION FOR THE 55
SCANS IN LOLA11, (A) PLEURAL FLUID INCLUDED INSIDE THE LUNG FIELD.,

(B) PLEURAL FLUID EXCLUDED FROM THE LUNG FIELD

such as the PLS method can be very useful in obtaining precise
results in such cases.

C. Comparison to the State-of-the-Art Methods
To analyze the effectiveness of the PLS method and for an

independent evaluation and direct comparison of the proposed
PLS method with other state-of-the-art techniques, we tested
our algorithm using the publicly available LObe and Lung
Analysis 2011 (LOLA11) Challenge data set. Submitted
results were evaluated against a reference standard using
overlap measures by the organizers and published online. The
results were reported in terms of minimum, mean, median,
and maximum overlap over the 55 scans for left and right
lung separately. The final score was the mean over all scans.
The evaluation provided for our algorithm was reproduced
in Table VII. For comparison purpose, scores of other algo-
rithms that joined the segmentation challenge are presented in
Table VIII with a short description of each method. Further
details of the methods can be found on the challenge website.
Since the medical imaging community lacks consensus on

whether pleural fluid should be considered as a part of lung
field or not, we segmented the LOLA data set including pleural
1Available online: http://lola11.com/
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Fig. 16. Example axial slices of segmentation results on HRCT lung scans with different pathologies. Red segmentation shows the results using the FC while
the corresponding green segmentation shows results using our proposed method. (a) Pulmonary fibrosis. (b) Pulmonary fibrosis. (c) Multifocal consolidation.
(d) Honeycombing. (e) GGO. (f) Intralobular lines. (g) Pleural effusion. (h) Pleural plaque. (i) Consolidation with bronchocentric distribution. (j) Cavity.

field as a part of lung (Table VII (a), a score of 0.968 was ob-
tained) and excluding the pleural field as an additional experi-
ment in which we obtained a score of 0.955. Although not all
segmentations evaluations were available on LOLA11’s web-
site, a few available screenshots revealed that there were some

inconsistency in creating ground truth by the organizers and this
may eventually affect the ranking of the methods. For instance,
screenshots of the LOLA image #37 from the website was repro-
duced in Fig. 19. The figure shows a reference ground truth and
our method’s segmentation such that the areas marked by circle
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Fig. 17. DSC of the segmentation evaluation of HPIV data set through (a) ini-
tial FC segmentation, and (b) the proposed PLS method.

Fig. 18. Box-plots of dice coefficients for intra-observer (a) and inter-observer
(b) agreement are demonstrated.

are falsely included in the wrong lung (i.e., left lung were falsely
labeled as right lung) while the same region was correctly la-
beled with our algorithm (b). Fig. 19(c) (d)– (e) indicated the
incorrect label assignment of LOLA data set, as also confirmed
by our participant radiologists. As a result, computed overlap
measures for this particular CT scan was lower than what we ex-
pected because of the false calculation of the overlap measure.

D. Evaluation of the Pathology Presence Test
Regarding the successful detection rate for minimal, mild,

and severe cases, we first divided the whole data sets into
three different groups by expert scores: none/minimal
number of scans , mild number of scans ,
and severe number of scans . In all severe cases, our
pathology recognition system decides to switch into the ma-
chine learning classification phase (i.e., 100% detection rate).
In evaluation of 268 mild cases, our algorithm only missed four

TABLE VIII
LOLA11 SEGMENTATION CHALLENGE RESULTS WITH A SHORT DESCRIPTION

OF THE SUBMITTED METHODS

scans to be evaluated in the machine learning phase; therefore,
a successful detection rate of 98% was observed. Among 53
cases with none/minimal pathology, our algorithm has chosen
12 scans to be analyzed in the machine learning step, although
the next step was not necessary. This additional selection was
due to the fact that we tuned our pathology recognition system
to have a tendency to switch into machine learning step when
estimated volume and initial lung volume difference lies in the
decision border. Note that with the expense of type II error only
contributes to an increase in the computational cost (i.e., inclu-
sion of machine learning step for cases which do not really need
this step), we reduced the type I error considerably. It should
be also emphasized that some inconsistencies in machine
learning classification phase might occur when CT images are
low resolution or poor quality and as a result of this, extracted
texture features can be less effective in finding the correct class
labels for the voxels. In such cases, our complementary third
step (i.e., neighboring anatomy guided refinement) diminishes
inconsistencies.

E. Computational Efficiency
A switch named pathology-presence test has been put in place

to assess if the target scan requires further refinement. One of the
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Fig. 19. Reference segmentation from the LOLA challenge (a) and segmentation using our proposed method (b) is shown along with the coronal (c), axial (d), and
sagittal (e) plane views of the segmented image (lola11-37). The part of right lung mistakenly included in the left in reference segmentation by LOLA is marked
in coronal, axial, and sagittal planes, (a) Reference segmentation from LOLA Challenge, (b) Segmentation using the Proposed Method, (c) Coronal plane view,
(d) Axial plane view, (e) Sagittal plane view.

primary purposes of the switch is to make the segmentation plat-
form computationally efficient by avoiding unnecessary steps.
Therefore, the amount of time required to segment a particular
scan depends largely on the amount of abnormality present in-
side the scan as well as the size the scan. For our workstation
(Intel Xeon 3.10 GHz, 128 GB ram), the amount of time ranges
from less than a minute (512 512 71 normal scan) to 15 min
on average (512 512 792, severe parenchymal pathology
and the presence of pleural pathology). A recent study to explore
the use of supervoxel based near optimal key-point sampling to
further reduce the computational cost of the PLS method is pre-
sented in [61].

V. DISCUSSION

For CAD applications such as detection, classification, and
quantification, accurate lung segmentation is an extremely
important preprocessing step. Conventional techniques in lung
segmentation rely only on contrast differences between the
lung field and the surrounding tissues thus failing to segment
areas with pathologies. Notably, lung scans containing signif-
icant amount of pathologies and other abnormalities are much
more prevalent in daily clinical environment than ones without
pathologies. Therefore, expert manual segmentation is still
considered to be the most reliable option for pathological lungs.
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Fig. 20. Artificial objects such as breast implants may affect the accurate
ribcage extraction and manual interaction can be necessary for correcting the
failure of pathology presence test.

Additionally, with improvement in quality and affordability,
the use of noninvasive imaging methods will become more
common in routine clinical practice, generating a significant
amount of data will be impractical to evaluate manually.
Our pathological lung segmentation technique has been

tested on over 400 CT scans, completed on more than 280
patients with a variety of comorbidities and demographic
backgrounds (Table IV). By testing on versatile data, we made
our best effort to cover the most prevalent cases in the routine
clinical environment. We also believe that due to the fully auto-
mated nature of our technique, additional pre-/post-processing
steps may be necessary for certain scan types. For instance,
noise induced variabilities needs to be investigated further and
rare cases of extreme noise may demand that denoising steps
be performed prior to delineation.
Since our proposed technique assumes certain characteristic

structure to the ribs for volume estimation and seed selection,
patients without fully developed bones such as in children and
patients with an abnormal or fractured rib cage may require
some parameter adjustments in the proposed method’s pipeline.
Issues such as these will be examined in our future work.
The PLS has other limitations and there are cases where dif-

ferent modules of the proposed system may fail. For instance,
excessive noise, external objects, and very rare clinical cases
may cause the PLS to perform poorly. Some of failures cases
are described and illustrated below.
Excessive noise: The PLS does not have a denoising mecha-

nism built into it. Although our method is robust to a vast range
of streaking and noise artifacts, excessive ranges of these arti-
facts may affect the performance of our method. Nevertheless,
onemay readily preprocess images prior to delineation step with
the PLS.
External objects: External objects such as tubes and medical

implants may effect the performance of the method as illustrated
in Fig. 20 (breast implants), and Fig. 21 (tube).
Rare clinical cases: Subcutaneous emphysema occurs when

gas or air is present in the subcutaneous layer of the skin
(Fig. 22). The rare cases of CT scan with subcutaneous emphy-
sema may result in the leakage of segmentation by the initial
FC stage to air pockets within the subcutaneous layer.
In this paper, we are not developing new feature sets or novel

machine learning algorithms. Instead, we are developing and
testing the complete pathological lung segmentation system on

Fig. 21. Air and fluid-containing tubes and other cavity-like artificial objects
such as the one shown may affect the performance of the PLS system.

Fig. 22. Abdominal CT scan of a patient with subcutaneous emphysema
(shown by an arrow).

a large variety of cases with novel infrastructure. Neverthe-
less, our system can be further strengthened with more pow-
erful machine learning classifiers and/or more discriminating
higher order textural features. In its current form, the PLS is
a promising tool to be used in routine clinics for pathological
lung volume assessment as well as pathology recognition.

VI. CONCLUSION
We present a novel method for fully automated lung seg-

mentation with and without abnormalities. To the best of
our knowledge, the proposed method is the first fully auto-
mated-generic technique covering a wide range of pathologies
and pleura without any human assistance. The core of our
method is the FC initial segmentation. Our method is equipped
with multiple refinement stages including machine-learning
classification to handle pathologies; further, a novel neigh-
boring anatomy-guided learning mechanism to handle extreme
cases such as pleural effusion was introduced. The robustness
and the effectiveness of our proposed method was tested on
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more than 400 lung scans acquired through various sources
containing a wide range of abnormalities. The results obtained
using the proposed method are tested in the most rigorous way
possible, obtaining the overlap score of greater than 95%. The
exhaustive testing confirm the accuracy and the effectiveness
of the presented method.
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