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Abstract. Extraction of lung tumors is a fundamental step for further quantitative analysis of the tumor, but is challenging for
juxta-pleural tumors due to the adhesion to the pleurae. An automatic algorithm for segmentation of juxta-pleural tumors
based on the analysis of the geometric and morphological features was proposed. Initially, the lung is extracted by means of
thresholding using 2D Otsu’s method. Next a center point is suggested to find a starting point and endpoint of outward facing
pleura. A model based on the variation of incline angle was adopted to identify potentially affected regions, and to full seg-
ment juxta-pleural tumors. The results were compared with the manual segmentation by two radiologists. Averaged for ten
experimental datasets, the accuracy calculated by Dice index between the results of the algorithm and by the two radiologists
is 91.2%. It indicates the proposed method has comparable accuracy with the experts (the inter-observer variability is 92.4%),
but requests much less manual interactions. The proposed algorithm can be used for segmenting juxta-pleural tumors from
CT images, and help improve the diagnosis, pre-operative planning and therapy response evaluation.
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1. Introduction

Segmentation of lung cancer from CT images is a crucial and challenging task, and is an important
pre-condition for computer-aided diagnosis systems. In recent years, various methods have been pro-
posed for lung and lung tumor segmentation and recognition including thresholding methods, deform-
able boundary-based methods, shape-based methods and edge-based methods [1].

Among the segmentation techniques, automatic thresholding methods are most widely used, owing
to their simple implementation and low time complexity [2]. In [3], an iterative thresholding-based
technique is introduced to acquire an initial lung area. The morphological opening and closing opera-
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tions were used to refine this initial segmentation. In [4], an adaptive fuzzy threshold is used to seg-
ment the lungs from CT data followed by smoothing of the segmented lung contour through Gaussian
smoothing.

Besides thresholding, active contour models have been applied extensively to image segmentation.
There are several desirable advantages of active contour models over classical image segmentation
methods, such as edge detection and region growing methods [5]. In [6], a 2D parametric deformable
model approach is employed to extract the lung fields. In their framework, the deformable boundary is
initialized based on a threshold estimated from CT data, and the lung borders are used as an external
force to constrain the deformable model evolution. In [7], the lungs were segmented using a 3D Active
Shape Model (ASM) matching process and a globally optimal surface finding method to obtain a re-
fined and smoothed segmentation.

Lung tumors often distort the surrounding anatomical structures such as the pleural surface and vas-
culature. It is especially true for juxta-pleural tumors where a significant portion of the neoplasm is
connected to the pleural surface [8]. Several methods have been suggested to detect the juxta-pleural
pathological areas in chest CT images. In [9,10], the methods are proposed that used a boundary cor-
rection algorithm based on the convex hull operation and ray casting. Its novelty lies in the fact that it
corrects the lung border in a geometric way and can reliably include juxta-pleural nodules and pulmo-
nary vessels. Kim et al. [11] used a contour-following method that tracked the segmented lung boun-
daries to detect a seed area with texture features of an actual juxta-pleural nodule. However, texture
features alone do not sufficiently define juxta-pleural nodules. Tumors can be segmented more accu-
rately by their position and geometric features. Gurcan et al. [12] designed a method for the indenta-
tion detection that computes the ratio between the geodesic distances of two points on the border and
the Euclidean distance of the line segment formed by the same two points. Korfiatis et al. [13] com-
bined the wavelet edge highlighting and a 3D grey level thresholding using minimum error technique
[14]. Moreover, level set model had been considered an important kinds of methods to lung tumor
segmentation [15,16].

In this paper, an automated lung and juxta-pleural tumor segmentation algorithm is proposed, using
morphological feature analysis of lung wall and shape analysis-based methods. A point of reference is
introduced that is used in the morphological features analysis of the lung wall, named “center point” in
this work.

2. Materials and methods
2.1. Initial segmentation of lung boundary and selection of a center point

At first, two potential thresholds (T; and T,) are automatically determined from histogram analysis
of CT images. As shown in Figure 1, T; is the minimum value in concave section between of two high
convex, and T, is the point owing the minimum gradient on the right half boundary of the second con-
vex. Based on T; and T,, two optimal thresholds (T;,, and T,,;) can be obtained according to 2D Ot-
su’s method. The 2D-Otsu method has a better performance, especially for images with low SNR and
low contrast, by utilizing the gray level and spatial information of the pixels [17].

Ty 1s used to segment the lung field and get the lung boundary. Ty, is aimed to get the point in
vertebrae region with the highest vertical coordinate, named “center point”. Due to the anatomical na-
ture, this vertebrae area usually appears near the center in the lung CT image. From the binary image



J.R. Yong et al. / Automatic segmentation of juxta-pleural tumors from CT images 3139

obtained by thresholding of T,,,,, the center point is used to determine the endpoint of the lung boun-
dary in the resampling of lung wall. The point is obtained through the following process:
1. Obtain coordinates of all objects (i.e. all white connected sets) in the binary image.
2. Obtain objects in the center band of the binary image.
3. Examine the size (i.e., number of coordinates) in these objects, and select the largest object.
4. Obtain the top point coordinate of the selected object; this point will be referred to as the center
point (Figure 2).

2.2. Resampling of the lung boundary

In this section, the lung boundaries of pleura are divided evenly into smaller parts (nodes) with
equal length for incline angle analysis of each node. The lung boundary resampling is performed from
the point with the highest y-coordinate of each pulmonary boundary to the nearest point of the outside
boundary from the center point. In this paper, the resampling interval was set to 20 pixels based on
experimental results. Several lung boundaries that were broken by this method are shown in Figure 3.

Fig. 1. Selection of thresholds in histogram of CT image and binary images by thresholding, T;is used for initial pulmonary
area segmentation, and T, is used for selection of a center point.

Center point

Fig. 2. Initial pulmonary boundary and center point.
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Fig. 4. Analysis of incline angle on chest CT images. (a) Incline angle for regular CT lung boundary, (b) Incline angle in a
pathological lung.

2.3. Morphological feature analysis of lung wall

In the resampled lung boundary, the incline angle in each node is studied. In here, the incline angle
(a) of a node is defined as the value of the angle between the line segment of two consecutive points
on the edge and a reference direction. The incline angle of each node is calculated using the following
expression.

o; = arctan((Xpe1 — %) /Vier — Vi) ) (1

where (X;, y;) is the coordinate of resampling points in the each lung wall.

In the investigation on typical CT images, the incline angle is relatively even and constant (Figure
4.a). Analysis of pathological CT images shows a more complicated pattern due to the variation in the
shape, as shown in Figure 4(b).

2.4. Automatic localization and segmentation of juxta-pleural tumor areas

2.4.1. Finding of juxta-pleural tumor area

An important portion of the lung segmentation process is to identify the regions with increased
changes in their incline angles. In this section, the areas where the changes occur are identified by
means of a simple threshold Ty, gz



J.R. Yong et al. / Automatic segmentation of juxta-pleural tumors from CT images 3141

n-1

Tangle = (Z lot 41 — o) /2 (2)
i=1

where n is number of nodes, a; is the incline angle in each node, Tpgieis used to acquire start (or be-
gin) and end points of sections with excessive change.

l:)begin = {ilai —Qj_q1 > Tangle (i = 1"’“)} 3)

The end point of a section with excessive change is identified using the following conditions:

Pong = {i — 1|oj — 01 = i~i + 3) < Tangre} 4

While selecting the end point of change section, the node interval between of Py g, and Pey,q has to
be more than two nodes.

2.4.2. Segmentation of juxta-pleural tumor area

The juxta-pleural tumor sections are identified on the initial pulmonary boundary. The tumor is se-
parated from the wall by forecasting the lung shape. In this paper, the following method for the predic-
tion of the actual lung shape is used. First, the prediction angle in the starting location of the section
with change is computed, and the further angles are extrapolated from that to arrive at the end point of
the suspected section, see Figure 5.

3. Experimental result and analysis

In this section, the proposed algorithm is evaluated by means of experiments. For the evaluation, 50
abnormal cases containing at least one juxta-pleural nodule per case were selected. Figure 6 shows
several examples of the separated nodes and their inclination angles.

The proposed method is analyzed compared to the manual segmentation by two experienced radiol-
ogists. The analysis results are shown in Table 1.

2 6
3 5
4 \ N new pointl .
v \ new point2
\dar
(a) (b) b % o

Fig. 5. Prediction of the next node of the pulmonary boundary in the juxta-pleural tumor area, (a) Initial resampling nodes,
(b) Prediction process.
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Fig. 6. Resampling nodes and their incline angles.
Tablel
Dice index of the results between the algorithm and radiologists
Al.gorithm Rad.iologist Oyerlapl Dice index1 Rad.iologist OYerlapZ Dice index2 Evaluate Radiol(?gist
INo (pixel num- |1 (pixel (pixel num- (%) 2 (pixel (pixel num- %) accuracy l./ Radiolo-
ber) inumber) ber) inumber) ber) (%) gist 2 (%)

1 3134 3133 2960 94.46 3107 2741 87.84 91.15 90.87
2 1462 1591 1448 94.86 1483 1357 93.65 04.26 96.29
3 1674 1497 1462 92.21 1551 1403 87.01 89.61 92.98
4 1686 1594 1603 97.74 1752 1572 91.45 94.60 96.41
5 1543 1634 1458 91.78 1757 1475 89.39 90.59 93.31
6 2612 2638 2612 99.5 2842 2609 95.67 97.59 94.49
7 816 745 688 88.15 785 683 85.32 86.74 95.61
3 2662 2638 2617 98.75 2848 2609 94.7 96.73 94.97
9 805 659 641 87.57 610 570 80.57 84.07 82.58
10 2946 2691 2349 83.34 2896 2631 90.07 86.71 87.81
Ave | - - 92.24 - - 89.57 91.20 92.40

Tablel shows experimental results of 10 cases of juxta-pleural lung tumors. Segmented tumor area
is described by the number of pixels. The results are evaluated using the Dice index defined below.

2x(ANB)
A+B

Dice index = ( ) *100% %)

It is found that, averaged for ten experimental datasets, the accuracy calculated by Dice index be-
tween the results of the algorithm and by the radiologists is 91.2%. It indicates the proposed method
has comparable accuracy with the experts (the inter-observer variability is 92.4%), but requests much
less manual interactions.

4. Discussion

In this paper, a new segmentation method for juxta-pleural tumors based on analysis of the incline
angle of pulmonary wall is presented and a prediction model for the lung form is proposed. The seg-
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mentation algorithm of the juxta-pleural tumor area based in the incline angle analysis of the lung
boundary suggested in this paper is widely applicable to CT images. In this present study, only images
of an axial plane in the lung CT volume have been investigated and evaluated. Future work will in-
clude improvements to this process and expansion to 3D volumes, and build an efficient CAD system
for medical diagnosis and treatment.

5. Conclusion

In this paper, the following problems were addressed:

a. In the initial segmentation of chest CT image, the method of generating the candidate threshold is
proposed to reduce the computational complexity.

b. A center point is proposed to determine the endpoint of lung boundary.

c. According to the incline angle change of a lung wall, an automatic localization and segmentation
method for juxta-pleural tumor areas is proposed.

d. The tumor area is segmented using a prediction model on based shape analysis of the lung wall.

This automated juxta-pleural tumor localization and segmentation method utilizes CT intensity dis-
tribution and morphological features. Comparisons between the results from the algorithm and the ra-
diologists have shown a Dice coefficient of 91.2% in average.
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