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Highlights

CAutomated pleural line identification: A method was introduced to automatically identify pleural lines in lung )

ultrasound images, ensuring diagnosis speed and accuracy.

« High reliability: An average of 90.45% identification rate of pleural lines was achieved in a comprehensive
experiment on 890 ultrasound videos, highlighting its broad applicability and reliability.

o Efficient integration: The algorithm’s rapid processing (1.36 seconds for a 5-second video) makes it suitable for
seamless integration into ultrasound instrument software, aiding clinicians in diagnosing conditions like pneumo-

\thorax more efficiently. Y,

Abstract

In ultrasound imaging, the pleura is visualized as echo reflection formed by the echoes of the interface between
the pleura and the lung surface. Three major signs of pleura determines whether the patient has pneumothorax.
In this paper, we propose a method to identify pleural line for the diagnosis of pneumothorax. Firstly, the gray
threshold of ultrasonic image is properly classified by pre-experiment. Secondly, possible pleural line regions are
identified based on threshold classification. Thirdly, the region of pleural line is identified based on the known
characteristics of pleural line. The last step is to consider whether it is necessary to modify the threshold to ac-
curately identify the pleural line region. Moreover, we tested 890 ultrasound samples, which included three cat-
egories: lung sliding, lung point, and lung sliding disappearance. Each category of samples was divided into two
subsets, typical and atypical. The average identification rate reached 90.45%. According to the test results, the
advantages and disadvantages of the proposed method as well as the further improvement direction were ana-
lyzed. This method for identifying pleural line can serve as the groundwork for developing automatic algorithm for
diagnosing pneumothorax.

Keywords: Pleural line identification, lung ultrasound, pneumothorax, automatic identification algorithm, image
processing

Introduction

The pleura is a thin, smooth serous membrane
adhering to the inner chest wall and the lung
surface. In ultrasound images, the pleura, also
known as the pleura line, is presented as echo
reflection formed by the echoes of the interface
between the pleura and the lung surface. Serv-
ing as a key anatomical marker, the pleural line
plays an important role in chest ultrasound,
and it is the basis for the evaluation of several
basic signs in chest ultrasound, such as pleural
sliding sign, seashore sign, stratospheric sign,

A-lines, and B-lines. Disappearance of pleural
line and static, rough, thickened or irregular
pleural line are all abnormal signs [1, 2]. The
pleural line is associated with the diagnosis
and interventional treatment of many pulmo-
nary diseases, such as pneumothorax, pulmo-
nary atelectasis, pleural effusion, pleural hem-
orrhage, pleural tumor, and ultrasound-guided
thoracic drainage [3, 4]. Especially in the di-
agnosis of pneumothorax, the identification of
pleural line plays a key role [1-4].

In ultrasound diagnosis of pneumothorax, there
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are mainly three signs of pleural line: (1) com-
plete presence of lung sliding, namely normal
pleural sliding sign, which shows that the pleu-
ra moves with breathing; (2) partial presence
of lung sliding, which is characterized by partial
movement of the pleura, and the junction of
pneumothorax with and without lung sliding is
lung point; (3) disappearance of lung sliding,
namely abnormal pleural sliding sign, which
shows that the pleura does not move. The
above signs are the main basis for the diagno-
sis of pneumothorax. The evaluation of pleural
sliding sign and lung point sign is based on the
accurate identification of pleural line [1, 2, 5-9].
Therefore, identifying the pleural line is of great
significance in the ultrasonic diagnosis of pneu-
mothorax.

At present, the identification of pleural lines
mainly relies on the clinicians’ observation and
experience, which leads to certain limitations
[10-12]. (1) Inexperienced clinicians may easily
mistake the pleural line for myofascial or the
interface between muscle and adipose layer.
(2) Some pleural lines may exhibit irregular
shapes in ultrasonic examinations, leading to
a time-consuming identification process that
demands experienced clinicians for accurate
recognition. (3) Using manual observational
methods to identify pleural line lacks objec-
tivity. Automatic pleural line identification can
detect the position of pleural line quickly and
quantitatively without the use of human labor.
The results can be applied not only for pneumo-
thorax diagnosis but also for intelligent diagno-
sis of other pulmonary diseases.

A number of intelligent algorithms have been
developed for automatic pleural line identifica-
tion. Moshavegh et al. used the random walk-
based segmentation method proposed by
Grady to compute confidence map. The pleural
line is delineated on the confidence map by
thresholding the confidence map to be higher
than the global threshold of the entire map [13,
14]. Anantrasirichai et al. proposed a linear res-
toration method of speckle image [15]. Based
on Radon transform and sparse regularization,
the linear pleural line can be accurately extract-
ed. However, this method still has limitations in
identifying irregular pleural lines. Furthermore,
Chen et al. proposed an automatic pleural line
identification method based on Radon trans-
form [16]; however, this method is limited to
the use of ultrasound video for verification, and
the effect of identifying pleural lines for videos
not within this range is unknown. Carrer et al.
proposed an automatic pleural line identifica-
tion algorithm based on hidden Markov model
and Viterbi algorithm [17]. The algorithm can
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be used to accurately extract the pleural lines
in most videos, but it still misestimates the gray
threshold of some ultrasound images with low
contrast. The above-mentioned traditional algo-
rithms still have a long way to further improve
the accuracy. Although the accuracy of neural
network and other machine learning algorithms
is significantly better than that of traditional
algorithms, such as the identification of abnor-
malities in ultrasound lung images proposed
by Veeramani, machine learning algorithms
still need a lot of data training to ensure their
accuracy [18-20]. However, medical related re-
sources are limited and private, so it is difficult
to obtain data. Therefore, it is still necessary
to study the traditional algorithms to further
improve the pleural line identification rate.
In this study, we analyzed and compared the
pleural lines in B-mode ultrasound videos of
pneumothorax patients and non-pneumothorax
patients. Based on the characteristics of linear
strong echo in ultrasonic identification of pleu-
ral line, an automatic identification algorithm
for pleural line in pneumothorax diagnosis is
proposed in order to improve the accuracy of
pleural line identification, so as to improve the
work efficiency of clinicians and the accuracy
and efficiency of diagnosis.

Methods

The gray threshold was determined to be 100
by pre-experiments. Based on the area S with
pixel gray values greater than 100 in the gray
histogram of an ultrasound video, the gray
threshold Y of the pleural line area was de-
termined, which was taken as a variable that
could be adjusted. Because the pleural line
is smooth, uniform and linear with high echo,
the correct pleural line region can be extracted
based on this characteristic. The adequacy of
the threshold value can be evaluated by calcu-
lating the extracted pleural line area, thereby
determining whether any adjustments to the
threshold value are necessary. This process
establishes a closed loop of identification sys-
tem, thereby extracting the correct pleural line
region. A flowchart of the proposed pleural line
identification method is shown in Figure 1.

Threshold classification

In ultrasound videos, pleural lines usually have
high brightness (gray value) due to differences
in acoustic impedance between the pleura and
the lung surface interface. Theoretically, as
long as the appropriate gray threshold is set,
the pleural line regions in ultrasound video can
be separated and extracted. Nevertheless, in
practice due to different ultrasonic equipment,
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Table 1. Gray threshold classification
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Figure 1. Flowchart of pleural line identification.

diagnostic frequency and other factors, it is
impossible to set one gray threshold applicable
to all videos, as shown in Figure 2. Therefore,
before the extraction of pleural line area, it is
necessary to carry out a regular threshold clas-
sification, so that specific gray thresholds can
be set for target videos to extract pleural line.
Particularly, the threshold classification is not
based on biophysical basis, but on the global
gray value of the images.

Results of pre-experiments showed that the
area with pixel values larger than the thresh-
old was positively correlated with the selected
threshold. The larger the area in which pixel
values exceed the threshold, the larger the
bright line’s area in the image, necessitating
the setting of a higher gray threshold. By ob-
serving gray histograms of different videos, it
was found that the pixel value threshold of 100
was proper for extracting regions incorporating
pleural lines, so the threshold of 100 was set
as the classification standard. Based on this
threshold, the regions with pixel values greater
than 100 were obtained, and the pixel value
thresholds were classified. The classification
results are shown in Table 1. Additionally, the
threshold was slightly larger so that the area
would be slightly smaller, simplifying subse-
quent steps, where the focus is on determining
whether to decrease the threshold instead of
increasing it.
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classified based on areas of
these regions, as shown in
Table 1.

Then each frame of a 5-second ultrasonic video
was processed as follows.

Step 1: Process the initial image (Figure 3A) as
follows. Obtain the binary image. The gray value
greater than the initial threshold y was set to
1, and the gray value less than the threshold
y was set to 0. All connected regions were ex-
tracted with pixel values greater than the gray
threshold y (Figure 3B). Then, the threshold y
was adjusted according to all the connected ar-
eas and the relationship between the area and
the threshold obtained in Table 1. As shown
in Figure 3C, the binary graph was extracted
based on the modified threshold y.

Step 2: Remove the non-pleural line regions.
The noise regions were deleted according to
their small areas, and the attribute set of the
remaining regions were obtained. The attribute
set contained the measured values of several
attributes of each 8-connected object in the
binary image, including the center of mass and
the range of the horizontal and vertical coordi-
nates of the region. Only the potential pleural
line area was left (Figure 3D).

Step 3: Extract the pleural line based on the
characteristics. The pleural line is usually long
and almost runs through the whole frame
width. Moreover, the pleural line is always
located at a moderate height of the image. Ac-
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Original ultrasound image

Binary image

A

Figure 2. Threshold classification explanatory figure. The gray threshold for both figures were set to be the same,
making it impossible to accurately separate the pleural line later. (A) The pleural line is incompletely extracted
due to the too high threshold (under segmentation); (B) Other highlighted areas adhering to pleural line area are

extracted as pleural line due to the too low threshold (over segmentation).

cording to the characteristics of pleura line, the
values of the upper and lower fifths of the bina-
ry image were set to O, which could exclude the
regions with very low possibility of pleura line.
Referring to the attribute set obtained from step
2, the regions with transverse lengths less than
two-fifths of the image width were excluded.
Because the muscular fascia above the pleural
line usually has a high gray value, the lowest
connected region is preliminarily determined
as the pleural line region. The area of this re-
gion was calculated to determine whether it
belonged to pleural line. If the area is too small,
the threshold value must be too high. Then, the
threshold value was reduced by 20 to repeat
the above two steps (Figure 3E).

Step 4: Superimpose the results of the 5
frames of binary images on one image. As
shown in Figure 4A, the darker the color, the
more likely this region is to be a pleural line
region. The region with lighter color is the
movement of pleural line in the direction of
non-pleural line caused by factors such as
probe instability, which should be eliminated. In
the superimposed image, only a superimposed
value greater than 2 was left. Finally, the con-
nected component with the largest area was
determined as the pleural line region (Figure
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4B).
Experiments
Materials

Imaging samples used in this study were all
from the Department of Ultrasound of the Third
People’s Hospital Affiliated to Soochow Univer-
sity. SONIMAGE HS2color ultrasound diagnostic
instrument of Konica Minolta was used for ul-
trasonic examinations, with a probe frequency
of 4-18 mhz. During ultrasonic examinations,
the subjects were in supine or sitting position.
The second intercostal longitudinal section of
the central clavicular line and the transverse
section of the intercostal space were taken as
the routine sections, and the ultrasonic probe
was placed perpendicular to the patient’s skin
during the examinations. The machine was
adjusted so that the pleura could be clearly
displayed. Video acquisition, pleural line iden-
tification, annotation, typical or atypical judg-
ment, and pneumothorax diagnosis were all
performed by clinicians with more than 5 years
of experience in ultrasound diagnosis. These
samples cover three categories: lung sliding,
lung point, and lung sliding disappearance.
Each category of samples was divided into two
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Figure 3. lllustration of pleural line extraction process. (A) Original image; (B) Binary image; (C) Binary image
based on y; (D) Image of possible pleural line; (E) Image of recognized pleural line.

=
=

Figure 4. Processed diagram of stacking results (The
inside circle is the enlarged image). (A) Superimpos-
ing the images; (B) Result image after removing re-
gions generated by motion.

subsets, typical and atypical, according to the
significance of signs determined by ultrasound
clinicians. A total of 890 5-second B-mode lung
ultrasound videos were collected, including
261 lung sliding videos, 331 lung point videos,
298 lung sliding disappearing videos. The 890
videos included 715 typical ones and 175
atypical ones. The study was approved by the
Ethics Committee of Changzhou First People’s
Hospital. All patients provided written informed
consents. The study is retrospective.

Experiments
In order to verify the performance of the
proposed pleural line identification method,

clinicians with over 5 years of experience in ul-
trasound diagnosis tried to identify the pleural
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line using this method. The clinicians manually
delineated the pleural line area on the super-
imposed image, as shown in Figure 5A. The
image delineated by the clinicians was saved
as a binary image, and the delineated region
was set as the gold standard of the pleural line
region, with £10 pixels as the allowable error
range. In Figure 5B, the black region is the
delineated region, and the gray region is the
allowable error range. The image was used as
the gold standard for determining the position
of the pleural line in the corresponding 5-sec-
ond ultrasound video. The pleural line region
image obtained by the proposed pleural line
identification method was compared with the
gold standard. Within the allowable range of
error, a 95% agreement was found between the
proposed method and the gold standard.

Results

A total of 890 ultrasound videos were analyzed
by the proposed pleural line identification meth-
od in 1,212.62 seconds, and the pleural lines
of 805 ultrasound videos were identified cor-
rectly. The average identification rate reached
90.45%. The detailed identification rates of
pleural lines in various ultrasound videos are
shown in Figure 6. The identification success
rate of each category was calculated by the
formula: success recognition rate = number of
successful recognition times / total number of
samples under this classification * 100%.

Discussion

The results of this study indicate that the pro-
posed identification method exhibits good accu-
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Figure 5. Pleural line obtained by gold standard. (A) The clinician manually outlined the pleural line. (B) The final

pleural line as gold standard.
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Figure 6. The identification rate of pleural line.

racy, universality and reliability. (1) The pleural
line region identified by the proposed method
and the pleural line delineated by the clinicians
had an agreement of over 95%, indicating the
high accuracy of the proposed method. (2) In
general, the method has a good identification
rate for the videos with lung sliding and lung
point, but the identification rate of lung sliding
disappearance video was 80.87%, which is
lower than the average identification rate of
90.45%. That is, the method can better identify
the pleura line in cases of lung sliding and lung
point, with a certain universality. (3) When test-
ing the typical and atypical ultrasound videos,
there was a difference in the identification rate
between typical and atypical ultrasound videos
in the category of lung sliding disappearance,
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disappearance

which may be caused by the small number of
atypical test sets. However, with a larger num-
ber in the atypical subsets, there were no sig-
nificant differences in the identification rate of
pleura line between typical and atypical ultra-
sound videos in the categories of lung sliding
and lung point. Generally, the algorithm has a
certain reliability.

The identification rate of the pleural lines in
the ultrasound videos with the disappearance
of lung sliding is slightly lower. This may be at-
tributed to the absence of lung sliding, because
long and bright linear strong echo lines are of-
ten associated with the pleural line. This echo
line looks very similar to the pleura line, so the
method is prone to misjudgment (Figure 7A).
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Figure 7. Wrong identification of pleural line. The green arrows point to the correct pleural line area, and the red
arrows point to the wrongly identified pleural line area. (A) Error condition 1; (B) Error condition 2.

However, there were only 12 ultrasound videos
of atypical lung sliding disappearance, so the
results with low recognition rate may not be
representative. Besides, the identification rate
of pleural lines in ultrasound videos of lung slid-
ing was slightly low than that of lung point. This
may be due to the fact that some flow point on
the pleural line diluted the highlighted state
of the pleural line during lung sliding. It may
also be related to equipment, frequency and
other factors, resulting in unclear pleural lines
in some videos, making the identification more
difficult. Pleura line is then mistakenly iden-
tified as muscle fiber, myofascial membrane
and other tissues with high gray values in ultra-
sound, as shown in Figure 7B. In general, the
identification rate of typical videos was even
slightly lower than that of atypical videos, which
means whether the sign is typical has little in-
fluence on the identification performance of the
proposed pleural line identification method.

In a clinical context, clinicians require extensive
experience and advanced skills to accurately
identify pleural lines. The proposed method can
be used to identify pleural lines accurately and
rapidly, thus improving the diagnostic efficiency
and reducing eye fatigue. The method pro-
posed in this paper can assist clinicians lack of
clinical experience to identify pleural lines, and
at the same time accumulate experience and
improve confidence. However, the identification
rate of the method is not very high in cases of
lung sliding disappearance, so a secondary
manual identification may be needed for this
type of video in clinical use.

The method described in this paper provides a
basis for the research on automatic diagnosis
of pneumothorax and other pleural diseases.
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Accurate identification of pleural lines can
enhance the diagnosis efficiency of pleural dis-
eases such as pneumothorax, pleural effusion,
pleural bleeding, and pleural tumor.

However, there are still some limitations in this
method. There are only a few atypical samples
in case of lung sliding and disappearance of
lung sliding, so more clinical data are need-
ed to verify the performance of the proposed
method. The identification rate of pleura line
in case of lung sliding disappearance is low, so
the algorithm needs to be further improved. For
example, by learning more about the charac-
teristics of the pleura lines, more precise rules
can be set for the extraction of pleura line.

In our future research, we will combine more
clinical applications and data to comprehen-
sively verify the universality of the proposed
algorithm and improve its identification rate.
Meanwhile, the algorithm will be integrated into
the software system of the ultrasound main-
frame to form an automatic recognition module
for pleural lines. This will enable the ultrasound
device to automatically or manually activate
this module, to facilitating automatic recogni-
tion of pleural line.

Conclusion

In pulmonary ultrasound, the identification of
pleural line is the most basic and important.
This paper presents an automatic pleural
line identification method for the diagnosis
of pneumothorax. The algorithm realizes fast
and accurate automatic identification of pleu-
ral line regions in ultrasound videos by proper
gray threshold classification based on the
high brightness of pleural lines in ultrasound
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videos. In the verification experiment using
890 ultrasound videos of three categories, the
results showed that the average identification
rate of pleural lines was 90.45%, which verifies
the universality and reliability of the proposed
method. The algorithm took an average of 1.36
seconds to process a 5-second ultrasound vid-
€0, proving its fast speed. As a means to assist
clinicians to detect pleural line, it can be inte-
grated into the software system of ultrasound
instruments to reduce the pressure of clinicians
and improve the diagnosis efficiency of diseas-
es such as pneumothorax.
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