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Internet of Things (IoT) brings telemedicine a new chance. This enables the specialist to consult the patient’s condition despite
the fact that they are in different places. Medical image segmentation is needed for analysis, storage, and protection of medical
image in telemedicine. Therefore, a variety of methods have been researched for fast and accurate medical image segmentation.
Performing segmentation in various organs, the accurate judgment of the region is needed in medical image. However, the removal
of region occurs by the lack of information to determine the region in a small region. In this paper, we researched how to reconstruct
segmentation region in a small region in order to improve the segmentation results. We generated predicted segmentation of slices
using volume data with linear equation and proposed improvement method for small regions using the predicted segmentation. In
order to verify the performance of the proposed method, lung region by chest CT images was segmented. As a result of experiments,
volume data segmentation accuracy rose from 0.978 to 0.981 and from 0.281 to 0.187 with a standard deviation improvement
confirmed.

1. Introduction
Telemedicine is defined by the World Health Organization
(WHO) as “the practice of medical care using interactive
audiovisual and data communications. This includes the
delivery of medical care services, diagnosis, consultation,
treatment, as well as health education and the transfer of medical data” [1]. In 1906, Wilhelm Einthoven experimented the
first telemedicine by transmitting electrocardiogram (ECG)
recordings through telephone [2–4]. Since then, telemedicine
has become routine practice for specialists to review remote
patients’ radiology and neurosurgery image [5, 6]. If we
use telemedicine, the information of patient’s condition is
checked using mobile device remotely as shown in Figure 1.
As a new generation information technology, Internet
of Things (IoT) brings telemedicine a new chance, which

applies sensors and network to traditional medical devices,
and therefore is able to assign the intelligence to them and
implement deeper communication and interaction between
patients and remote specialists [7–10]. Besides patients’ benefit, IoT even helps entire health industry, in which wide
scope of medical devices are connected to existing health
network, patient crucial life signal is captured by sensors and
transmitted to remote medical center, and the doctor is able
to remotely monitor patient condition and provide medical
suggestion and aiding [11, 12].
By the improvement of the performance of medical
imaging equipment, in accordance with the acquisition of
high-resolution digital images, computer image analysis is
being actively applied in the field of medical diagnosis and
treatment. Recently, through various researches, computeraided diagnosis (CAD) system showed the results that can
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Figure 1: Example of telemedicine system.

enhance effect of diagnosis and treatment by assisting the
specialists [13]. Especially, the field of medical imaging is
growing rapidly by new ways to extract or visualize the
organ tissue information from diagnostic medical images
obtained by a variety of medical imaging equipment such as
X-ray, computerized tomography (CT), magnetic resonance
imaging (MRI), ultrasound, and Positron emission tomography (PET) [14]. Ritter et al. divided the major issues in
the field of medical image processing into image enhancement, image segmentation, image registration, quantification, visualization, and computer-aided detection [15]. Image
segmentation of these is important image processing that
needs to be ahead of a variety of medical image processing
such as image registration, quantification, visualization, and
computer-aided detection. Image segmentation is utilized for
not only preprocessing stage of other images’ processing but
also image compression and protection of medical image.
Medical images with high-resolution have difficulties in
storage and transmission because they have large data size. So,
compression of medical images is needed for effective storage
and transmission. We have to protect medical images to
prevent making bad uses of them. However, region of interest
(RoI) of medical image should not be damaged in processing
of compression and protection. Medical image segmentation
is needed to compress and protect medical images without
the damage of RoI. However, image segmentation is difficult
for a radiologist to manually segment the large size of data,
and because of the similarity of the biological characteristics
of human organs, accurate medical image segmentation is
not easy. So, in the field of medical image segmentation,

many researchers are studying a variety of ways to obtain fast
and accurate automatic segmentation methods for medical
images.
Many methods such as threshold method, watershed,
region growing, active shape models (ASM), clustering, and
level-set method have been researched for medical image
segmentation [16–22]. In performing segmentation, accurate
judgment is necessary in order to exactly extract the region
of interest from medical images in the presence of other
organs. For example, if you want to segment the lung region
in chest CT images, the bronchi can be a segment that exists
within a chest CT image. In case sufficient information is
obtained from the region of the lungs and bronchial region,
the segmentation can be performed accurately distinguishing
the two regions. On the other hand, in case the size of the
region, as shown in Figure 2, is small, the region could not
be determined as lung region by the lack of information for
selecting the lung region.
In this paper, we researched how to improve the performance of exact segmentation of a small region with volume
data which is a bunch of medical images. First, we perform
initial segmentation. Small regions are damaged or removed
in the initial segmentation process. Damaged or removed
small regions need reconstruction to improve performance of
segmentation. Therefore, we generate predicted segmentation
of slices using volume data with linear equation and proposed
improvement method for small regions using the predicted
segmentation. Using chest CT images among the medical
images, we improved the segmentation result and evaluated
the performance through the proposed method.
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Figure 2: The small lung regions.

This paper is organized as follows. In Section 2, proposed
improvement method is described. Experiment result is
given in Section 3 and conclusion for this paper is made in
Section 4.

2. Proposed Improvement Method Using
Volume Data and Linear Equation
2.1. Chest CT Image. The screening of the lungs is important
since lung cancer death rate is high among cancers. Among
the chest imaging methods, radiograph is a common early
screening method which has the advantages of low dose
and low cost. In radiograph which expresses a chest on a
single image, shadow is generated according to anatomical
structures such as ribs and heart. Because radiograph consists
of a single image, it is difficult to distinguish pulmonary
vascular and lung nodules. By contrast, detection sensitivity
of lung nodule using CT is higher than radiograph since
CT generates images with volume data. Nation Cancer
Institute published the result of research which lowers lung
cancer death rate using CT rather than using radiographs in
screening [23].
Chest CT images of human body use the 12-bit images
instead of general 8-bit images. Generally 300∼500 chest
CT images region is obtained from a patient, and it varies
depending on the performance of the CT scan equipment.
Figure 3 shows the representation of three-dimensional modeling of lungs. Because the top and bottom parts of the lungs
have diminishing structure becoming smaller and smaller,
the lung region of the top and bottom is small. It is difficult

Figure 3: Representation of 3D lung modeling.

to determine and segment lung region because the small
region of the top and bottom of the lungs does not have many
features of the lung.
Chest CT images of the dataset consist of axial chest image
slices as shown in Figures 4(a) and 4(b). The bundle of axial
chest CT images comprising dataset of chest image is able to
generate a volume data. Also, it is able to generate the coronal
chest image through the volume data as shown in Figure 4(c).
Through coronal chest CT image, we can find that shape
of lung image does not consist of dramatic changes but
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(a) The dataset of chest CT images

(b) Axial chest CT image

(c) Coronal chest CT image

Figure 4: The configuration of chest CT dataset.

naturally connected slices. It means that the previous form
of lung slices and the next slices are similar to each other and
there are natural connections. Using such chest CT images of
volume data, predictions of small lung region can reconstruct
segmentation results. Accordingly, the performance of lung
segmentation was improved.
2.2. Linear Equation. The connection form of the coronal
plane of the lungs does not have a complex shape. And
dramatic changes do not occur because a space between slices
is narrow. Therefore, in this paper, segmentation region of
next slice is predicted using information of reference slice. To
predict region change of next slice, we do not use a method
that projects reference slice to next slice but use a method that
predicts change of region using linear equation. In addition,

because the information of the next slice is predicted using
reference slices, lung region was predicted without using
higher-order linear equations, but by the first linear equation
which has less computation. The first equation or linear
equation is an equation with the highest order term of the
order of 1. The first equation may have more than one
variable. Linear equations with two variables are actually
linear functions as shown in Figure 5. In addition, this is
called “equation of the straight line” because it is a straight
line in the coordinate plane and associated with the geometric
properties of the straight lines.
If given two different points (𝑥1 , 𝑓1 ) and (𝑥2 , 𝑓2 ), the
equation of a straight line is defined as follows:
𝑓1 = 𝑎𝑥1 + 𝑏,
𝑓2 = 𝑎𝑥2 + 𝑏.

(1)
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Figure 5: The graph of linear equation.
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Figure 6: Principles of prediction using linear equations.

Using (1), a random coordinate (𝑥, 𝑓) on the line can be
obtained as the following equation:
𝑎=

𝑓2 − 𝑓1
,
𝑥2 − 𝑥1

𝑏 = 𝑓2 − (
𝑓=(

𝑓2 − 𝑓1
) 𝑥2 ,
𝑥2 − 𝑥1

(2)

𝑓2 − 𝑓1
) (𝑥 − 𝑥1 ) + 𝑓1 .
𝑥2 − 𝑥1

That is, given (𝑥1 , 𝑓1 ) and (𝑥2 , 𝑓2 ), (𝑥𝑛 , 𝑓𝑛 ) is able to be
predicted through the linear equations. As shown in Figure 6,
after contour information of lung is extracted in the 𝑛th and
𝑛 + 1th slices of chest CT images, the coordinates similar to
the actual contours coordinates can be obtained if the outline
of the results of the 𝑛 + 2th second installment is predicted
through the linear equation.
2.3. Improvement of Segmentation. Figure 7 is a flow chart
of the whole, reconstructing the segmentation results to
improve performance of segmentation. First, perform initial
segmentation of lung region of each slice of chest CT image

dataset. In order to set the reference slices, measure the
dispersedness of each slice and select two consecutive slices
with the lowest dispersedness. After selecting anchor points
on the contours of the reference slices, adjust results for the
segmentation.
In order to apply linear equations to segment region,
the coordinate information of contour should be extracted.
Using the coordinate information of all contour points is
not efficient. So, after setting the anchor point at regular
intervals, linear equations between the anchor points should
be obtained. As shown in Figure 8(a), set the anchor points
on contour of the initial segmentation results of 𝑛 and 𝑛 + 1th
slices at regular intervals. Then, correlation pairs of anchor
points are selected using the distance anchor points between
𝑛 and 𝑛 + 1th slices. Here, the pair of the shortest distance will
become a correlation pair of anchor point. Figure 8(b) shows
the difference between the initial (dotted line of red) and
predicted (line of blue) segmentation results. After searching
for a pair of fixed points of the shortest distance between the
two results, use the initial segmentation results if they exist
within a certain distance. On the other hand, if the initial
segmentation results do not exist within a certain distance,
adjust segmentation results using the predicted results as the
final result.
Lung region can be generated on lung slices in which
the region does not exist using a linear equation to predict
the contour of the segmentation results. Lung candidate
region information was generated by the threshold in order
to solve this problem, and the predictions were applied. Using
reference image 𝑚𝑛 and 𝑚𝑛+1 , generate 𝑃𝑛+2 segmentation
prediction. Here, 𝑚𝑛 is initial segmentation result of 𝑛th
slice. Then, predicted segmentation 𝑃𝑛+2 is combined with
𝑚𝑛+2 to improve segmentation result of 𝑚𝑛+2 . As a result of
combining 𝑃𝑛+2 and 𝑚𝑛+2 , we generate 𝑀𝐿 . 𝑀𝐿 is able to be
included artificial regions, since 𝑃𝑛+2 is not real result but
predicted result. In order to reduce error such as artificial
regions, segmentation information 𝑇𝑛+2 using threshold was
used. 𝑇𝑛+2 is initial segmentation information which contains
all the regions of lung and bronchi. 𝑇𝑛+2 is combined with
𝑀𝐿 using AND operation. Therefore, the errors that generate
a lung region in slice which has not real lung region do not
occur in final segmentation result 𝐼𝑛+2 . This can be expressed
as the following equation:
𝑃𝑛+2 = 𝐹 (𝑚𝑛 , 𝑚𝑛+1 ) ,
𝑀𝐿 = 𝑃𝑛+2 + 𝑚𝑛+2 ,

(3)

𝐼𝑛+2 = 𝑀𝐿 ∩ 𝑇𝑛+2 .
In order to obtain such linear equations at least two
reference slices are needed. Objects having simpler shapes
are the lower probability of segmentation fault. Therefore,
we used the dispersedness which can express the simplicity
of the form in a numerical value to automatically select the
reference slice. By the perimeter of the image (𝑝), and the
region of the image (𝑎), the dispersedness can be summarized
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Figure 7: The flow chart of proposed segmentation method.

n

Table 1: Experiment result.
n+1

Segmentation without
proposed method

Segmentation with
proposed method

0.978
0.281
0.979
0.980

0.981
0.187
0.982
0.981

𝑆
Standard
𝑄1
Median

n+2

(a) Building a linear equation

VESSEL12 DB was calculated using the following equation
[26]:
Score =
(b) Initial results and the predicted results

Figure 8: Calibration process using a linear equation.

as follows [24]. The lower dispersedness means the object
with the simpler shape:
𝐷=

𝑝2
.
𝑎

(4)

The results of performing segmentation improvement
generate rough segmentation results because interval occurs
between anchor points set for the linear equation. Therefore,
an extension of the segmentation results fit to the object
is necessary. In this paper, the segmentation results using
the level-set segmentation method were extended to fit the
object.

3. Experimental Results
In this paper, to improve the performance of segmentation
Vessel Segmentation in the Lung, 2012 (VESSEL12) DB
using experiments, was carried out. The VESSEL12 was held
as a workshop of International Symposium on Biomedical
Imaging 2012 (ISBI2012) introduced through the Grand Challenges in Medical Image Analysis [25]. VESSEL12 DB consists
of a total of 20 chest CT image dataset and segmentation
mask dataset which is lung region segmentation information.
Chest CT images in VESSEL12 dataset are composed of 512 ×
512 × 12 bit images. The segmentation mask file consists of
a 512 × 512 × 8 bit and lung region was classified as 0, 1.
One dataset consists of an average of 430 slices and a total of
8,593 chest CT image slices. Dice’s overlap methods were used
to measure lung region segmentation performance. Result
of lung segmentation 𝐴 and segmentation mask image 𝐵 in

2 (𝐴 ∩ 𝐵)
.
(𝐴 + 𝐵)

(5)

Figure 9 shows the appearance that did not segment small
lung region and the result of the proposed method reconstructs the segmentation results. Before using the proposed
method, small lung region was removed in the segmentation
results as shown in Figure 9(b), in the lung segmentation
process and lung region determination process. However,
the segmentation improvement method using volume data
and linear equations shows segmentation result restoring the
small lung region as shown in Figure 9(c).
Level-set method was used as the method to initial
segmentation for medical images; DRLS was used for the
speed function of the level-set method [27]. Table 1 shows the
performance of the segmentation method with and without
the proposed method. Score for chest CT imaging of a
volume data (S) was measured using Dice’s overlap, standard
deviation of score (Std), and first quartile (Q1), and median
for each slice was measured. Q1 is the median of the lower
half of the data set. This means that about 25% of the
numbers in the data set lie below Q1 and about 75% lie
above Q1. Compared to the conventional method, score of
the proposed method was improved from 0.978 to 0.981 and
the standard deviation was improved from 0.281 to 0.187.
Also, we confirmed to improve performance of segmentation
of each slice through reduced Q1 and median. Because the
size of the improved segmentation region through proposed
improvement method was small, the overall accuracy of the
impact was small. But, as shown in Figure 9, even in the slice
of which lung region is too small to perform lung region
segmentation, lung region segmentation was performed.

4. Conclusions
As the performance of medical imaging equipment is improving, medical diagnostic using a computer-assisted image
analysis is becoming more important. Telemedicine and IoT
enable that specialist can consult the patient’s condition
despite they are in different place. Also, as the specialist uses
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(a) Original CT image

(b) Initial segmentation result

(c) Result of proposed method

Figure 9: Result of lung segmentation improvement.

CAD auxiliary, researches published about what can enhance
effect of diagnosis and treatment by using CAD accessorily. In
order to effectively use the medical images, many researchers
have been researching a variety of methods for fast and
accurate segmentation of medical images. In performing
segmentation, accurate judgment of region is necessary in
order to exactly extract the region of interest from medical
images in the presence of other organs. However, the damaged or removed regions occur by the lack of information
to determine the interest region in a small region. Damaged
or removed small regions need reconstruction to improve
performance of segmentation in medical images. Because the
top and bottom parts of the lungs have diminishing structure
becoming smaller and smaller, the lung region of the top and
bottom is small. It is difficult to determine and segment lung
region because small region of the top and bottom of the lungs
does not have many features of the lung.
In this paper, we researched how to reconstruct the
performance of exact segmentation of small region with

volume data and linear equation. The performance of segmentation can be improved through reconstruction of small
lung region. Through coronal lung image, we can find that
shape of lung image does not consist of dramatic changes but
naturally connected slices. Therefore, linear equations using
two reference slices can predict the segmentation region of
the next slice. Using dispersedness of initial segmentation
results, two reference slices were selected, and then anchor
points were set on the contour of initial segmentation region
in the slices. After obtaining a linear equation using a pair
of anchor points in the two slices, segmentation region of
the next slice of the reference slice was predicted. By the
combination of the predicted results and the initial segmentation result, segmentation of small region was reconstructed.
As a result of experiment, we could confirm restructuring
damaged or removed small lung regions in chest CT images.
And performance of segmentation was improved from 0.978
to 0.981. In particular, the standard deviation of the slices of
the volume data is improved 18.7% from 0.281 to 0.187, and

8
even improvement of segmentation performance in each slice
was confirmed.
In the future, we plan to perform image segmentation using a variety of medical imaging DB and conduct
researches to detect lesions which exist within the segmented
region.
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