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Abstract: Chest computed tomography (CT) images and their quantitative analyses have become increasingly

important for a variety of purposes including lung parenchyma density analysis, airway analysis, diaphragm mechanics

analysis, and nodule detection for cancer screening. Lung segmentation is an important prerequisite step for automatic

image analysis. A novel lung segmentation method to minimize the juxta-pleural nodule is presented in this work, which

is a notorious challenge in the applications.
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I. INTRODUCTION

Pulmonary or chest computed tomography (CT) images
have been used for a variety of purposes, such as lung
parenchyma density analysis [1, 2], airway analysis [3, 4],
diaphragm mechanics analysis [5, 6] and nodule detection
for cancer screening [7]. Recently, with the aid of
computing technology, it has become feasible to conduct
automatic quantitative analyses. In addition, collaboration
among engineers, clinicians, and data scientists has led to
the development of accurate automated screening programs
for clinical use. Lung segmentation, a step required prior to
chest CT imaging analysis, is a crucial starting point for all
lung-related quantitative analysis.

I1. PROPOSED WORK

The main contributions of this study are: We proposed a
Bayesian approach for automatic juxta-pleural nodule
identification in the lung segmentation stage from chest CT
scans. We presented a concave point detection and
circle/ellipse Hough transform to minimize false positives.
We tested our proposed method from 16,873 images (84
subjects). Among the images, 314 images included juxta-
plerual nodules.

We further validated the method from different databases,
which included 1,766 images in total. Among the images,
125 included juxta-pleural nodules. We presented the
extension capability that accurate lung contour
segmentation results can be provided from any global
contour results by applying to our proposed method
framework.
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A. Collection of input data:

For the clinical data, we collected chest CT digital imaging
and communications in medicine (DICOM) images of 84
anonymous subjects, including 42 subjects with juxta-
pleural nodules. Each scan included 150 to 215 image
frames, and there were 16,873 images in total. Among the
images, 314 included juxta-pleural nodules.

B. Global Lung Contour Extraction with the Chan-
Vese model:

To segment the lung contour, we first applied the CV model
to chest CT images. After applying with the CV model on
the chest CT image, the nodules or vessels inside the lung
parenchyma are also segmented. To separate them from the
lung contour, we selected the two longest contours, which
correspond to left and right lungs. Fig. 1 shows the CV
model-based lung segmentation results from four chest CT
images. For the CV model-based lung segmentation, we
chose the generally used parameters of v=0 and A1= 12=1.
The parameter of u=0.01 was chosen by providing the
highest accuracy. As u increases, the results tend to be
roughly segmented. All of the parameters were applied to
the entire images in this paper.

The CV model method provided mostly accurate lung
wall segmentation results, as shown in Figs. 1(a) and (b). In
particular, in Fig. 1(b), the juxta-pleural nodule is included
within the segmented lung contour. On the other hand, in
Fig. 1(c), the juxta-pleural nodule is outside the segmented
lung contour. This is because the pixel intensities of the
juxta-pleural nodule and the adjacent surrounding tissue
nearly overlap. The juxta-pleural nodule outside the lung
contour ultimately results in missed nodules and incorrect
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quantitative analyses. In the following subsections, we
adopted a Bayesian approach to minimize this juxta-pleural
nodule issue.

©

Fig 1. Lung segmentation results using Chan-Vese (CV)
model. (2) Most lung contours can be accurately segmented.
(b) A correct segmentation results in the presence of a
juxta-pleural nodule. (¢) An incorrect segmentation results
in the presence of a juxta-pleural nodule; the incorrect part
is pointed by an arrow.

C. A Bayesian approach to juxta-pleural nodule
candidate detection:

Given the N successive chest CT image frames, we denote
the lung contour state vector of the n-th image by CFn (i.e.
CF1, CF2, ... CFN). Note again that the frame represents
the spatially sliced image from top to bottom. The state
vector CFn is assumed to evolve according to the following
system model as

CF = fu(CE7Hw™) 1)

D. Elimination of false positives:

For classifying the nodule candidates as true nodules or
false positives, we first investigated whether each candidate
contour included any concave point from the center point of
CGn. Let us denote the set of contour points of each nodule
candidate by

PrO = {PrP:j=12,..Jand i=12,..1}
2
E. Feature Extraction:

Features are extracted and passed to the selected classifier
to help in raising the accuracy of classification. Different
features are used including shape features, texture features,
statistical features and intensity features.
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I1l. PERFORMANCE MEASURES

The performance of our proposed method was evaluated
using five metrics: the disc similarity coefficient (DSC),
modified Hausdorff distance (MHD), sensitivity, specificity,
and accuracy. To compute the five metrics, we first
calculated the true positive (TP), false positive (FP), true
negative (TN), and false negative (FN) values. TP (FP) is
the number of positive pixels labelled correctly
(incorrectly). TN (FN) is the number of negative pixels
labeled correctly (incorrectly). We used an example to
quantize the parameters in Fig. 2. In Fig. 2 (a), the gold
standard contour (purple) and the estimated contour (blue)
are shown, and the corresponding TP, FP, TN, and FN are
shown in Fig 2(b). Each estimated contour was evaluated
with each gold standard contour for all images.

- Compare

(@) (b)

Fig 2. (a) Example of the gold standard contour (purple) and
estimated contour (blue), and (b) the corresponding true positive
(TP), true negative (TN), false positive (FP), and false negative
(FN).

Based on the four parameters, the DSC can be calculated as

DSC= 2TP| 2TP+FP+FN 3)
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Fig 3. Receiver operating curve (ROC) curve with 1 minus
specificity versus sensitivity in 0.01 increments from 0 to 1.

The other metrics of sensitivity, specificity, and accuracy
were calculated as

Specificity=TN/TN+FP 4)
Accuracy=TP+TN/TP+TN+FP+FN (5
Sensitivity=TP/TP+FN (6)
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TABLE 1. Results of the comparison of K = 1 and 2 on all chest
CT images (N=16,873). The DSC, MHD, sensitivity, specificity,
and accuracy were evaluated and compared. Mean and standard
deviation are summarized.

Method K=1 K=2
DsC mean 0.9709 0.7323
std 0.0511 0.1152
MHD mean 0.5006 1.4270
std 0.5771 0.5586
Sensitivity | mean 0.9585 0.7755
std 0.0722 0.0697
Specificity | mean 0.9981 0.7322
std 0.0012 0.1329
Accuracy mean 0.9954 0.7321
std 0.0129 0.1517

IV. CONCLUSION

We have proposed a novel lung contour extraction
algorithm capable of detecting juxta-pleural nodules. The
algorithm is based on the CV model followed by a Bayesian
approach to detect juxta-pleural nodule candidates and
eliminate false positives through concave points detection
and circle/ellipse Hough transform. In the images that
included juxta-pleural nodules, our method exhibited a DSC
of 0.9712, MHD of 0.4504, sensitivity of 0.9711, specificity
of 0.9637, accuracy of 0.9667, and juxta-pleural nodule
detection rate of 96.8%.
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