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Abstract— Chest X-Ray is one of the most popular imaging
modalities. Chest X-ray has been a subject of various imaging-
related research for years. Among the various research, Lung
segmentation is one of the most prominent ones. Nowadays the
trend of research in segmentation is moving toward deep
learning however traditional segmentation has advantage of
requiring less calculation resources thus still has potential to be
explored. In this paper an alternative non-deep learning
segmentation method using graph-based method to trace border
of the Chest X-Ray lung region is proposed. Chest X-Ray image
was treated as a graph with coordinate of the pixels as vertex
and value of the pixels as edges. First the image was divided into
4 quadrants, then the border of lung region on each quadrant
was traced by finding the minimum spanning tree of the graphs
on each quadrant, then the pixels recorded as the tree was
smoothed and optimized using Savitzky-Golay filter. The results
were analyzed using the confusion matrix by comparing the
proposed method results with manual segmentation by a
radiologist. The proposed method is successfully segment lung
area on lateral view of chest X-Ray with an average accuracy of
0.936. Two sample T-test also employed in order to show that
there is no significant difference between the proposed method
results and manual segmentation by radiologist.
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. INTRODUCTION

Chest X-ray Radiography (CXR) has been widely used as
frequent screening in the detection, diagnosis, quantification,
and treatment monitoring of many lung diseases [1-2].
Although Computed Tomography (CT) is endorsed as gold
standard in lung examination, Chest X-Ray is still effective
and practical for routine use due to very low radiation
exposure, applicability in indicating abnormal formation in
the lung, and widespread availability [3-4]. Furthermore,
technological advancements in digital Chest X-Ray that
enabled the obtaining of high quality image while maintaining
radiation dose have emphasized its importance in radiology.
With these great advantages, image analysis technologies in
supporting Chest X-Ray are even now growing rapidly
improving the diagnostic accuracy, ranging from enhancing
the visibility, detecting and localizing abnormalities, to
automated classification [4-6].

In lungs observation, the combination of two common
views, frontal and lateral views, is applied as the standard
practice in Chest X-Ray. In the frontal view, X-ray beam is
directed through the front (anteroposterior/AP) or reversed
(posteroanterior/PA) aspect of the chest in a standard distance
in standing position [7]. AP position is easier to capture,
especially in bedridden patients, however the interpretation is
more difficult than that of PA position. In the lateral view, the
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X-ray beam is directed similar to that of frontal view, but the
arm positioning needs to be managed in such a way that
glenohumeral joint shadow has the least blockage in the Chest
X-Ray [8].

As manual observation is the standard way in analysing
Chest X-Ray, human factors, such as variability in expertise
experiences and subjectivity, time consuming, and inter-
observer variability, may cause inaccuracies. For this reason,
the needs of automatic analysis in Chest X-Ray-based
Computer-aided Diagnosis, are growing rapidly, not only
supporting radiological works, but also generating humerous
new information that manual observation cannot produce [9].
The segmentation process is one of the pre-processing needed
before other processes can be applied. The segmentation
process changes the representation of objects inside the image
into something more suitable to analyse visually or
computationally. In medical imaging, it was common for the
segmentation process to be applied to images stacks. [9 - 12]

There are various methods and techniques developed for
lung segmentation. The threshold method can be considered
the simplest way to do a segmentation process [11]. Clustering
or cluster analysis methods is an unsupervised image
segmentation method [13]. On the more complex side,
segmentation algorithms can be augmented by using artificial
intelligence procedures, such as shape-based methods,
classification methods, pattern recognition, fuzzy logic, neural
networks, genetic algorithm approach, and deep learning
[9,16-26].

Expansion of Souza method of ribs detection [14] to detect
lung area on chest x-ray images is proposed. Souza presented
an algorithm for automatic detection of posterior (dorsal) ribs
in PA chest radiographs by taking vertical sections through the
lung and determined rib edge points. In this process, he traced
the outer edge of the lung to limit location of vertical section
without the bottom and top edge. Pixels value in an image can
be projected into a signal by the means of summation of the
pixels in an area of the image. In the case of posterior chest x-
ray, the projected signal would show two significant peak in
the roughly centre of left and right lung objects.

This method is expanded by calculating the signature
summation of the x-ray images on different area and use the
minimum value of the pixels as starting point for line tracing
algorithm. The tracing was done following a triangle like
direction. From starting point the line is traced to above and
below rows for inner and outer border, and left and right
column for bottom border . This method captured the outer
left, outer right, inner left, inner right and bottom border of the
lungs.
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Il. EXPERIMENTAL SECTION

A. Chest X-Ray

Chest X-Ray images used in this experiment are collected
from LIDC-IDRI. The Cancer Imaging Archive [15]. In this
paper, the authors choose 30 Posterior-Anterior chest X-Ray
images. The image is picked randomly with the only criteria
is the image was clear enough to be manually segmented by
an expert.

A radiologist is asked to draw lines around the edge of
lung pleura and ribcage on the posterior-anterior view chest
X-Ray image. These lines are treated as lung border and
every pixel inside the border as the lung area. Later these area
is used as the standard to be compared with the newly
developed segmentation results

B. Lung Segmentation

The proposed method segmentation applied some
principle based on graph theory, by treating the pixels as
vertex, the detected borders of the lung can be described as a
spanning tree of vertex. the inner border of each lung was
taken as the starting value. Next, the outer edge was taken as
the edge of the image from the left side and right side. After
the section was defined, the tracing algorithm for the
minimum spanning tree is applied. The initial tree vertex was
located in the middle row of the radiograph and was then
traced upwards and downwards one row at a time from this
point. During tracing, the searching window was generated,
which centre point is on the location of the vertex in the
previous row. In upward tracing, the minimum spanning tree
vertices was modified at each step to be the maximum of the
computed vertex and the vertex on the previous row, reflecting
the fact that the lung edge bent inwards towards the top, and
also prevented it from being sidetracked when it meted the
clavicle. A similar constraint cannot be applied to the
downward tracing as the lung edge can bend both outwards
and inwards in this direction.

After the minimum spanning tree for the outer edge of the
lung is detected, the minimum spanning tree for the inner edge
of the lung is also traced. Since the inner border of the lung is
superimposed with the mediastinum, a clear inner border is
hard to define. Using Sobel operators, a much clearer border
can be defined. After the border is defined, then the minimum
spanning tree process can be applied for the inner border.
Right and left lungs have some notable differences in the term
anatomy; for example, the left lung has two lung lobes, and
the right lung has three lung lobes. The left lung is longer and
smaller compared to the right lung, which means the right lung
has a shorter and wider shape. The base of the left lung is
closer to the heart than that of the right lung. The left lung has
a solitary bronchus while the right lung has two. Projections
of the left lung are isolated by oblique fissures, while a
horizontal fissure isolates the right lung. The right lung is
heavier than that of the left[33-40].

After the minimum spanning tree of the inner edge of the
lung was detected, tracing window is applied to find the
bottom edge of the lung. The initial vertex was estimated as a
maximum of the intensities on the generated window from the
bottom section at the left and right lung. Then, the minimum
spanning tree of the bottom edge was traced right and left
direction one column at a time from the initial vertex. The
searching window is generated from the centre point on the
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vertex of the tree in the previous column. The visualization of
the proposed algorithm can be seen in Figure 1.
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Fig 1. Quadrants of posterior-anterior view of lung on Chest X-Ray

First input image was pre-processed using histogram
equalization in order to improve the quality of the image as
well as normalize the images pixel range. Next the image was
divided into 2 Region of Interest (ROI) for left and right lung,
then for each area 4 quadrans A,B,C,D is initiated First, the
image is divided into initial areas of Ri1, Ri2, R21, Rz, Ra1, and
Rs2. These initial areas are used to limit the area where the
starting point of border tracing will be decided. In order to
acquire the most optimum starting point, the areas must be
near the outer, inner, and bottom border of the lung and
roughly divided the lung into two parts. The initial area is
decided as a percentage q of height h or width w of each ROI.
The formula to define these areas can be written as follow :

= : w, h _ 4 g
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4
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From the stated initial area, the actual starting points for
outer border of right and left lung S;; and S is chosen as the
minimum pixels in the neighbourhood pixels of initial areas.
For inner and bottom border tracing, in order to find the
starting points, first the image will be processed into with
Sobel operator, then the pixel with minimum value is chosen
as the initial point S2; and S22 for inner border of right and left
lung respectively, and S3; and S for bottom border of right
and left lung respectively.
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As stated above image F(x,y) was divided into four
quadrants for each lung lobes for line tracing purposes. The
division was based on the starting points, as described below

FAl(x,y) = F(x,y);, 0 <x < S,p 0<y<S,
FBl(x,y)= F(x,y);0 <x < 531; 521 <y<h
FCl(x,y) = F(x,y); 531 <x<w 0<y< S11
FDl(x,y) = F(x,y); 531 <x < w; 521 <y<h
FAz(x,y)= F(x,y); 0 <x <S32; 0<y <S22
F(x,y)= F(x,y);0 <x<S,;S5,<y<h
FCZ(x,y)= F(x,y); 532 <x<w 0<y <52‘2

Foxy)= Flx,y); S, <x<w;§_<y<h

From the starting point, the next point in the upper, down,
left or right direction is chosen, with the value of pixels is
applied as the distance of the edges, n number of pixels are
compared to find the minimum distance and the pixel with
minimum distance was accepted as part of the detected edges.
In Figure 2, a graph representation of pixels was presented. Sn
was the starting point, and IVwas the vertex, and £ was the
edge. The graph was constructed based on pixels, and the
vertex was synonymous with the coordinate of the pixels,
while the edge was synonymous with the value of pixels. On
figure 2, the lines with the arrow are the spanning tree of the
graph. Meanwhile, the gray nodes were the candidate of the
lung borders, and the black nodes were the selected node that
detected as the lung border. The white nodes were the other
unrelated pixels. Lets denote S, as the starting vertex, and £,
as the minimum distance between the selected vertex and the
next iteration. n value was chosen as a range of 5 based on
observation, which results in the most optimal segmentation
because the broader range might give erroneous smoothing.
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Fig 2. Graph representation of Pixels
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In regards to Figure 3.5, E11 is the outer border of the right
lung, which is the combination of traced border of Eca: and
Eac1, with Ecas is the border traced from Si1; on the direction
going from Cy to Ay, and Eac is the border traced from Si1 0n
the direction going from A; to C;. Similarly Ez is the inner
border of the right lung, which is the combination of traced
border of Epg: and Egp1, with Epeg; is the border traced from
Sz1 0n the direction going from D1 to By, and Egps is the border
traced from Sy; on the direction going from By to Di. The
bottom border of right lung denoted Es; is the combination of
traced border of Epci and Ecps, with Epcy is the border traced
from Sa; on the direction going from D1 to Cy, and Ecp; is the
border traced from Ss; on the direction going from C;to Ds.

Meanwhile, E1, is the outer border of the left lung, which
is the combination of traced border of Epg; and Egpz, with
Epeg: is the border traced from Si, on the direction going from
D, to By, and Egpy is the border traced from S;» on the
direction going from B2 to D». Similarly E2, is the inner border
of the left lung, which is the combination of traced border of
Eca2 and Eacz, With Ecaz is the border traced from Sz, on the
direction going from C; to A, and Eacz is the border traced
from Sy on the direction going from A, to C,. The bottom
border of right lung denoted Es, is the combination of traced
border of Epc, and Ecpa, With Epc; is the border traced from
S3, on the direction going from D2 to C», and Ecp> is the border
traced from Sz, on the direction going from C, to D,.

After outer, inner, and bottom border is detected for left
and right lung. The results are smoothed using a border
smoothing procedure. Finally, the detected border is
integrated, and the lung area is extracted for both left and right
lung. The result of the procedure is an image of the lung area
as the foreground object and empty background. The
flowchart for the proposed method is shown in figure 3.
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Fig 3. Lung Segmentation Flowchart
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I1l. RESULTS AND DISCUSSION

The result measured qualitatively and quantitatively, in
order to measure quantitatively a gold standard provided by a
radiology expert is compared with the results of the proposed
algorithm. Chest X-Ray image used in this experiment is taken
from LIDC-IDRI. The Cancer Imaging Archive
(http://doi.org/10.7937/K9/TCIA.2015.LO9QLISX).  The
experiments were conducted in a personal computer with
Windows 8.1 operating systems, Intel i-5 processor, and 8GB
RAM. The algorithm was developed on Matlab 2014a using
image processing toolbox.

Figure 4 and 5 show the result of the segmentation process,
Figure 4(a) show the histogram equalization results of input
image, 4(b) show the detected starting point for outer side of
left and right lung, starting point for inner side of left and right
lung, and starting point for bottom side of left and right lung.
4(c) show the graph traced along the outer, inner, and bottom
side of left and right lung, this graph the smoothed using
Savitzky-Golay filter and the result is shown on 4(d). Lastly
the area of left and right lung is extracted using the resulting
graphs as guideline with the pixels inside detected borders are
assigned as the area of lung, the results can be seen on figure
5.

The segmentation results are compared to the gold
standard provided by a radiology expert. The expert manually
segment lung area from lung Chest X-Ray images, then the
results is used as a mask and compared to the proposed
segmentation results. The process is shown on Figure 6. Pixels
that is part of object segmented by both radiology expert and
the proposed method is considered as True positive (TP),
meanwhile pixels that segmented by the method but not by
radiology expert is considered False Positive (FP). True
negative (TN) is when pixels is detected as background by
both radiology expert and the method, and finally False
negative (FN) is when the method detect pixels as background
but it was detected as object by the expert. Using this
information accuracy of the proposed method can be
calculated.

(c) (d)

Fig 4. Image processing process from (a) Histogram Equalization (b) Border
detection starting point (c) Border detected before smoothing procedure (d)
Border detected after smoothing procedure
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Fig 5. Extracted area of lung
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Fig 6 Comparison of segmentation result to manual segmentation

The proposed method emphasized the starting point
of the traced graph and the initial area of R with height = q
and width = % for inner-outer border / posterior- anterior

border and height = % and width = q for the bottom border with

g as the percentage of ROI height or width, w as the ROI
width, and h as the ROI height. In the experiment for every X-
Ray image, six different initial areas have experimented in
order to find the best initial area that can be used to acquire
the best starting point. The difference in the initial area
depends on the percentage of q = [5, 10, 15, 20, 25, 30].
Various traditional and modern lung segmentation methods
including machine learning and deep learning methods is used
as comparison [19-26]. The results of the experiment can be
seen on table 1.

Table 1. Comparison of accuracy of segmentation results

No Algorithm Accuracy
1 | The proposed algorithm (R = 5) 0.9365
2 | The proposed algorithm (R = 10) 0.936
3 | The proposed algorithm (R = 15) 0.9365
4 | The proposed algorithm (R = 20) 0.9335
5 | The proposed algorithm (R = 25) 0.9285
6 | The proposed algorithm (R = 30) 0.9195
18 | Deep Neural Network [16] 0.9697
16 | Deep Structured Learning [19] 0.948
17 | CNN [20] 0.942
7 | Region-based active contour method using prior | 0.88
shape and low-level features [21]
8 | Edge Detection and Morphology [22] 0.8095
12 | Low order adaptive region growing [23] 0.963
10 | Hybrid ASM-PC [24] 0.934
11 | Hybrid AAM-PC [24] 0.933
13 | Fuzzy Curve [25] 0.927
14 | ASM-SIFT [26] 0.920
15 | ASM [26] 0.903
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In the case of real data, it is harder to acquire the gold
standard for comparison. While the confusion matrix can
show how close the segmentation results of the proposed
algorithm to radiology expert manual segmentation, it is not
necessarily shown how close the segmentation results to the
real objects. It is possible to have high accuracy but low
precision by having segmented area that include all targeted
area eventhough the shape is not similar. two-sample t-test is
applied to the segmentation results in order to confirm that
there is no significant difference between the proposed
algorithm segmentation results compared to manual
segmentation results by radiology experts. The alpha used in
the test is 0.01, and the Pearson's Correlation (r) of the test
results for the right side of the lung can be observed on table
2, and the Pearson's Correlation (P) of the test results for the
left side of the lung can be observed on Table 3

Table 2 Pearson’s Correlation (r) of the right lung region

r r r
) Region Eccentricity | Orientation
5 0.33 0.07 0.96
10 0.38 0.20 0.91
15 0.38 0.21 0.92
20 0.47 0.28 0.71
25 0.35 0.49 0.44
30 0.35 0.42 0.51

Table 3 Pearson's Correlation (r) of the left lung region

q r r r
Region Eccentricity | Orientation
5 0.28 0.77 0.35
10 0.29 0.70 0.50
15 0.29 0.95 0.56
20 0.30 0.97 0.60
25 0.45 0.67 0.44
30 0.53 0.49 0.38

The null hypothesis stated that there is no significant
difference between region, eccentricity, and orientation of the
lung regions segmented using the proposed algorithm and the
lung region segmented manually by an expert. By comparing
alpha with Pearson's Correlation (r) of the region, eccentricity,
and orientation, a decision whether to accept or reject the null
hypothesis can be made. In this research, it is decided that
alpha= 0.01. From the table, it can be seen that all score of r
for the region, eccentricity, and orientation in the right and left
lung is higher than 0.01. The conclusion is that the null
hypothesis is accepted for the region, eccentricity, and
orientation on the right and left lung for every R.

IV. CONCLUSION

The modern trend of research about the segmentation of
lung regions is moving toward the application of machine
learning for the segmentation of lung regions. In this research
an alternative approach for segmentation of lung regions is
proposed. The proposed algorithm modifies a part of
Souza[14] method for ribs detection and adds graph principle
to the equation to create a triangle-shape based border tracing
for lung regions. Graph theory is successfully applied to trace
the border of lung area. The proposed method solve Souza
method problem of never ended tracing by tracing from three
different sides with each sides become the limit of the others
side. The proposed method also improve Armato[15] method
by simplify the calculation by divided the ROI into only 4
area. The methods show promising results based on accuracy.
Compared to the conventional segmentation algorithm
proposed method also has relatively higher accuracy.
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Unfortunately compared to machine learning based
algorithms, the proposed algorithm still has less accuracy.
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