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Pleura Detection in Chest Computed Tomography with Application
for Nodule Detection
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Abstract— This paper proposes an efficient algorithm for
detecting pleural objects that come in contact with a nodule. To
reduce complexity, the algorithm recursively performed a
curve-fitting method on each slice of the volume of interest to
locate the object between the parietal and visceral pleurae
surfaces and measured the quality of the fitting curve. When a
nodule contacted the surfaces of the chest wall or diaphragm,
they were automatically separated using the fitting curve. The
algorithm was performed on 864 slices of 40 nodules. The
segmentation results were visually inspected by a consensus of
attending physicians to search for any segmentation errors. The
consensus accepted 93.6 % of the segmentation results.

1. INTRODUCTION

Mortality from lung cancer is reduced by screening
individuals using low-dose computed tomography (CT) [1].
The density characteristic of nodule is commonly represented
as either ground-glass opacity (GGO) or partially GGO in the
screening [2]. The GGO is defined as a hazy increased
attenuation of the lung tissue and does not obscure underlying
bronchioles and blood vessels [3]. The size measurements of
the GGO nodules are diverse among physicians [4] because of
the outline is ambiguous. Computer-aided detection (CADe)
methods for detecting pulmonary nodules in CT images then
becomes a novel challenge.

The relationship between the nodule and the pleural
objects surrounding the lung tissue mainly affects the
performance of the CADe methods. Pleural invasion,
indicating that a nodule contacted and invaded the surface of a
chest wall or diaphragm, occurs in approximately 8% of
patients with a pulmonary malignancy [5]. When a nodule is
adjacent to or contacts the surface of pleural objects,
separation is necessary for analysis. In template-based
methods [6][7], a semicircle for detecting the nodule attached
to the chest wall is defined to search for structures with similar
properties. Based on the contrast between the sensitivity of the
local adaptive segmentation and small local differences, the
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nodules can be separated from the chest wall, despite their
intensities being similar [8]. Based on the combination of
intensity and geometric models, Paik et al. proposed a surface
normal overlap method to identify the lesion on the chest wall

[9].

This study proposes a pleura detection algorithm for
finding the location of the pleura between the lung tissue and
its surrounding structures. When considering the applications
of nodule detection, especially for GGO nodules, pleura
detection can be used as a preprocess. The obvious difference
between pleural objects and lung tissue mainly decided a
threshold for classifying foreground and background objects
in CT images; but, the threshold is generally overestimated for
GGO nodules. The exclusion of pleural objects improved the
performance to measure the threshold for detecting the GGO
nodules. The contact area between the nodule and pleural
objects provided efficient information to evaluate the pleural
invasion.

II. MATERIALS AND BASIC DEFINITIONS

All CT images were shown using the lung window setting
with center -600 HU and width 1600 HU; that is, the CT
attenuations between -1400 and 200 HU were transformed
into gray scale between 0 and 255 for display. The proposed
algorithm was performed using the original CT attenuation
rather than the gray scale.

Two measurements were employed to evaluate the
distance between pixels p(Xi, yi, z;) and q(Xz, Y2, 7). The
Euclidean distance is defined as

dp, @) = (X1 —%)> + (71 —¥2)2 + (21 — 22)2 (1)

and the chessboard distance is defined as

d(p,q) = max (|x; — Xz|, ly1 — y2l, 121 — Z2) ).

For a pixel p(x;, yi, 1), its 26-connected neighbors were
defined as pixels with chessboard distance 1.

III. METHODS

Fig. 1 shows the flowchart of the proposed algorithm for
automatically detecting pleural objects. The proposed
algorithm consists mainly of three basic units. First, the user
browsed the CT image series along the axial view and defined
a volume of interest (VOI). Based on all CT attenuations in the
VOI, an optimal threshold was derived using Otsu’s method
[10] to classify the pixels into foreground and background
binarized groups. The foreground pixels were grouped into
objects according to 26-connected neighbors. Second, one of
the formed objects was defined as the main object. Third, a
pleura detection algorithm was recursively applied to verify
the main object. The detected pleural object was deleted and
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Figure 1. Overview of the pleura detection algorithm.
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excluded from the objects in VOI, and a new main object was
selected. The algorithm was stopped if the main object did not
contain the pleura. The details of main object detection and
pleura detection are described below.

A. Main object detection

An object with the largest radius of all the formed objects
from the initial partition was defined as the main object. A 3D
distance map with the same VOI size was constructed to
describe the morphology characteristics of all the objects. For
each pixel in the VOI, the chessboard distance to the nearest
background pixel was calculated as its distance value for
constructing the 3D distance map. For each object, the
contained pixel with the largest distance value was defined as
the center of the object and the distance is defined as the
radius.

B. Pleura detection

The algorithm for pleura detection was derived based on a
curve-fitting method and the measurement of the quality of the
fitting curve. The curve was defined by a quadratic function

3).

and used to distinguish the location of the pleura between the
lung tissue and its surrounding objects. A nodule was
separated from the contacting surface of the pleura if they
were connected. To reduce the computational complexity, the
binarized VOI was decomposed into continuous 2D planes
along the axial direction. In each plane, the pixels located in
the surface of the main object were grouped into a set S.
According to the coordinates of pixels in S, the coefficients of
the curve function, a, b, and ¢, were calculated using the least
squares method. The average Euclidean distance from all
pixels of S to the fitting curve was calculated to measure the
curve fit quality.

y=ax?+bx+c

The pleura detection algorithm is described in pseudo code
as follows:

Step 1) Find the sets S for the inputted plane and S’ for the
rotated inputted plane.

Step 2) Fit two curves using the S and S’ sets and measure the
fitting qualities. If the fit quality of the S’ curve is
superior to the other curve, replace the set S and its
inputted plane by the set S’ and its rotated inputted

)
False

plane.

Step 3) While (the average Euclidean distance in the quality
measurement > 1)

{

Step 4) The pixels in the inputted plane are partitioned into
two groups G1 and G2 by the curve. For each group, the
probability for predicting as a foreground area is
measured as

Number of pixels in the intersection of main object and Gj

P(Gi) =

where i=1 or 2

Number of pixels in Gj ’

.

The group with the higher probability is predicted as the
foreground area, and the other is a background area.

Step 5) The pixels in set S and in the main object are deleted
if they are located in the predicted background area.

Step 6) According to the modified S, a new fitting curve is
derived.

}

Fig. 2 shows the pleura detection processes conducted on
three nodules. Because the axis of symmetry on the parabola
of the fitting curve is parallel to the y-axis, two curves were
fitted onto the inputted plane and the rotated plane, as
described in Step 2. The curve with the best quality was
adopted in the later analysis. For pleura detection, the final
predicted foreground area acquired in Step 4 was used to
verify the presence of the pleural object. The main object did
not contain a pleura if it was almost entirely deleted, indicating
the P(G;) was relatively low (R1 of Fig. 2). In contrast, a
pleural object would be preserved in the predicted foreground
area (R2 of Fig. 2). The pixels subtracting the original main
object from the pleural object were regrouped and defined as
new objects, and the detected pleural object was excluded
from the VOI. Thereafter, the process repeated the previous
method for selecting a new main object. When the inputted
plane only contained a pleural object, the main object would
be empty. The proposed pleura detection was flexible even if
the nodule contacted several objects (R3 of Fig. 2). A nodule
that contacted the chest wall and diaphragm was selected as
the main object, and the chest wall was detected and
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Figure 2. Examples for detecting pleura in an inputted ROI. R1: A nodule is surrounded by lung tissue. R2: A pleura-tagged
nodule. R3: A nodule was located between the chest wall and diaphragm. The chest wall and diaphragm were detected and
excluded in the first (upper row) and second round (lower row), respectively. C1: Inputted 2D ROI. C2: The main object. Blue
= main object, black = set S. C3: Two possible fitting curves (red) were fitted for the set S of the inputted plane and the set S’
of the rotated plane. C4: An iteration of the process for deleting the pixels of the main object and set S located in the predicted
background (upper row), and fitting a new curve by the modified set S (lower row), is shown in a column. Multiple iterations
were performed repeatedly until the stop criteria were met. C5: The remaining object was used to verify the existence of

pleural objects in ROL

eliminated in the first round. The nodule that was in contact
with the diaphragm was selected as the main object, and the
diaphragm was detected and eliminated in the second round.
Thereafter, the nodule was separated from the chest wall and
the diaphragm and selected as the main object in the last
round.

1IV. EXPERIMENTAL RESULTS

It was difficult to obtain a consistent gold standard for
defining the borders of pleural objects in CT images because
of the inter-observer and intra-observer differences between
the manually outlined objects. The segmentation results of the
proposed algorithm were visually inspected by the attending
physicians for any segmentation errors. The inspection mainly
concerned the separation between nodule and pleural objects
rather than the integrity of the pleural surface.

The database contained 64 CT image series of patients
who underwent a health examination. The X-ray tube current
used in the examination ranged from 20 to 50 mA. The slice
thickness in each series was either 0.625 mm or 1.25 mm. A
total of 96 nodules were detected in 64 patients. Of the 96
original nodules, 40 nodules in 864 images were included in
the experiment because they were adjacent to (less than 3 cm)
or contacted the surface of the chest wall or diaphragm. In

total, 93.6% of the segmentation results were accepted in the
inspection.

Fig. 3 shows two examples for separating the nodule from
the contacted surface of pleural objects. The first nodule
contacted the surface of chest wall (Fig. 3(a)). The second
nodule contacted the surfaces of the chest wall and diaphragm
(Fig. 3(b)). The proposed algorithm successfully separated the
nodule from the pleural objects in each 2D plane, irrespective
of contiguousness or isolation. In both nodules, volume
rendering was provided to show the complexity of the nodule
that contacted the pleural objects.

V. DISCUSSION

The proposed algorithm detected the parietal and visceral
pleurae surface that slid smoothly against each other during
respiration. Even if the nodule came in contact with the
surface of the pleural objects, they were separated by the
fitting curve. The contacted area between the nodule and
pleural objects enabled the objective assessment of the pleural
invasion for evaluating the patient outcomes. In the current
widely-used methods for evaluating pleural invasion, the
assessment criteria are developed using a thick 2D CT image,
and the evaluation depends highly on physician experiences.
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Figure 3. The results of pleura detection in continuous ROIs are shown in 2D and 3D views. (a) A pleura-tagged nodule. (b) A
nodule was located between the chest wall and diaphragm.

Figure 4. The exclusion of pleural objects improved the detection of the GGO nodule. The original image slices are shown in
the first row. The detected main object (blue) is shown in the second row. The GGO component of the nodule was classified in
the background. When the pleural object was excluded from VOI, a new threshold was derived using the CT attenuations of
the remaining main object and background pixels. The new threshold detected the entire GGO nodule from the background.

The exclusion of pleural objects enabled the detection of
the GGO nodule based on the CT attenuations shown in Fig. 4.
In user-defined VOI, the CT attenuations of pleural objects
were obviously higher than those of lung tissue, vascular
networks, bronchioles, and nodules. When a threshold was
derived using all CT attenuations of VOI, the threshold was
mainly determined by the pleural objects and lung tissue, and
may be overestimated for GGO nodule detection. Thus, the
pleural objects could be excluded from VOI to derive a new
optimal threshold using the remaining foreground objects and
lung tissue. The new threshold could be used to detect the
slight differences between the GGO nodule and lung tissue.
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