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ABSTRACT 
Detecting and segmenting the lung regions in chest X-ray images is an important part in 
artificial intelligence-based computer-aided diagnosis/detection (AI-CAD) systems for chest 
radiography. However, if the chest X-ray images themselves are used as training data for the 
AI-CAD system, the system might learn the irrelevant image-based information resulting in 
the decrease of system’s performance. In this study, we propose a lung region segmentation 
method that can automatically remove the shoulder and scapula regions, mediastinum, and 
diaphragm regions in advance from various chest X-ray images to be used as learning data. 
The proposed method consists of three main steps. First, employ the simple linear iterative 
clustering algorithm, the lazy snapping technique and local entropy filter to generate an 
entropy map. Second, apply morphological operations to the entropy map to obtain a lung 
mask. Third, perform automated segmentation of the lung field using the obtained mask. A 
total of 30 images were used for the experiments. In order to verify the effectiveness of the 
proposed method, two other texture maps, namely, the maps created from the standard 
deviation filtering and the range filtering, were used for comparison. As a result, the pro-
posed method using the entropy map was able to appropriately remove the unnecessary re-
gions. In addition, this method was able to remove the markers present in the image, but the 
other two methods could not. The experimental results have revealed that our proposed 
method is a highly generalizable and useful algorithm. We believe that this method might 
act an important role to enhance the performance of AI-CAD systems for chest X-ray im-
ages.  

 

1. INTRODUCTION 
Chest radiography (chest X–ray) is a commonly used medical imaging for lung diagnosis [1] and 
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provides clues for diseases, such as detecting lung cancer, pneumothorax, and emphysema. The great ad-
vantages of chest X-rays include their low cost, easy operation and fewer false positives; thus it is widely 
used and is considered the best examination for diagnosing pneumonia [2]. However, these diagnoses are 
subjective and largely depend on knowledge and experience of the radiologists. Therefore, the develop-
ment and applications of computer-aided diagnosis/detection (CAD) systems have been actively con-
ducted since the 1980s to improve detection and diagnostic accuracy for the chest diseases. Chest X-ray 
CAD systems have been shown that they can accurately characterize specific respiratory illnesses, reduce 
the workload of radiologists, and enable remote diagnosis [3]. 

In recent years, artificial intelligence (AI)-related technology has been developed dramatically and 
widely utilized in various fields. In the field of diagnostic imaging support research, the development of 
AI-CAD systems using deep learning (DL), which is a function of AI, has been rapidly progressed in the 
form of inheriting the conventional concept of CAD [4, 5]. Among these DL-based studies, some have 
been focusing on lung diseases [6-9]. The literatures discussed pattern detection of interstitial lung disease 
on chest CT images [6, 7] and pneumonia classification on chest radiographs [8]. These studies have ob-
tained highly accurate results. However, if the chest X-ray images themselves are used as training data [8], 
the DL-based networking system might learn the irrelevant image-based information resulting in the de-
crease of system’s performance. 

Detecting and segmenting the lung regions in chest x-ray images is an important part in AI-CAD 
systems [10]. In order to avoid the problem of learning the irrelevant image-based information, there have 
been some reports on pneumonia classification [9, 10] that applied lung mask images prepared in advance 
by clinical experts. The most similar mask was automatically selected by using scale-invariant feature 
transform (SIFT) algorithm from a large number of lung mask images prepared in advance to segment the 
lung region. The SIFT was presented by Lowe [11] and is a feature detection algorithm in computer vision 
to detect and describe local features in images. However, existing masks may have problems with reprodu-
cibility and generalization in various cases. To address this issue, in recent years, there have been many 
reports of DL-based image segmentation methods [12, 13]. However, using DL for pre-processing of the 
training data is highly costly for the DL-based tasks. In the pre-processing of training data, it is desirable to 
exclude only the areas that may cause network incorrect learning and/or may mislead the final judgment 
(classification result) in terms of time consumption and accuracy. To the best of our knowledge, there are 
currently no comprehensive studies that can automatically remove the unwanted part in advance from the 
chest X-ray images before being used for learning. 

In this study, we propose a lung region segmentation method that can automatically remove the 
shoulder and scapula regions, mediastinum, and diaphragm regions in advance from various chest X-ray 
images to be used as learning data. The proposed method consists of three main steps. First, employ the 
simple linear iterative clustering (SLIC) algorithm [14, 15], the Lazy Snapping technique [16] and local 
entropy filter [17] to generate an entropy map. Second, apply morphological operations to the entropy 
map to obtain a lung mask. Third, perform automated segmentation of the lung region using the obtained 
mask. 

The remainder of this paper is organized as follows: In Section 2, we describe details of each stage of 
the proposed method and the image data used. In Section 3, we present the experimental results. In Sec-
tion 4, we bring the discussion of the results. In Section 5, we draw the conclusion of this work.  

2. METHODS 
Removing the shoulder and scapula regions, mediastinum, and diaphragm regions in advance from 

the chest radiograph is very important for accurate learning and judgment/classification of the AI-CAD 
systems. A chest X-ray image is a two dimensional representation of a three-dimensional structure (blood 
vessels, bronchi, inflamed parts, etc.) in the lung region. The pixel values of the structure are similar to 
that of soft tissues around the mediastinum and thorax. Therefore, it is difficult and inefficient to extract 
only the lung region using the conventional thresholding in terms of pixel values. Figure 1 shows an  
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Figure 1. An example of image thresholding using the Otsu’s method. (a) Original image. (b) Seg-
mentation result by Otsu’s thresholding. The yellow-dashed regions are missing resulting from the 
thresholding. 
 
example of thresholding using the Otsu’s method, a popular non-parametric method in medical image 
segmentation. The Otsu’s method was derived from the viewpoint of discriminant analysis to select a 
threshold automatically from a gray level histogram. This directly deals with the problem of evaluating the 
goodness of thresholds. An optimal threshold is selected by the discriminant criterion, namely, by max-
imizing the discriminant measure [18].  

In the segmentation of a chest X-ray image, how to differentiate the important part as an object from 
the other part is very important. In this study, we focused on the texture of the chest X-ray images and in-
corporated the SLIC algorithm. The SLIC is a typical algorithm of superpixel generation and is one of the 
most prominent superpixel segmentation algorithms [14, 15]. A superpixel can be defined as a group of 
pixels that share similar properties. The SLIC generates superpixels by clustering pixels based on their col-
or similarity and proximity in the image plane. The superpixel reflects the positional relationship of simi-
lar color pixels and can segment the image into a series of structurally meaningful sub-regions. Instead of 
only examining a single pixel in a pixel grid, which carries very little perceptual meaning, pixels that be-
long to a superpixel group share some sort of commonality, such as similar color or texture distribution. 
As a result, superpixels are possible to specify high-quality regions as compared to pixel-by-pixel thre-
sholding. 

We used Lazy Snapping to segment an image into foreground and background regions (regions to 
keep and to cut out, respectively) [16]. Lazy Snapping is an interactive image segmentation technique that 
can separate coarse and fine processing, so that one can easily specify objects and make fine adjustments. 
Using this technique, the graph cut can be speedily implemented. By specifying a region on a superpix-
elized image, it becomes easy to treat the background and the regions one wants to remove as a combined 
background region. Figure 2 shows an example of the original image, the superpixelized image and the 
image with designated regions specified by employing Lazy Snapping technique. 

Image entropy is generally considered as a measure of uncertainty of image gray spatial distribution 
[19, 20] and is related to the complexity contained in a particular neighborhood. In the chest X-ray images, 
the foreground region mainly consists of the lung field (blood vessels, bronchi, inflamed areas) and the 
mediastinum. Thus, the distribution of pixel values in this region is considerably complicated. In this 
study, we employed the entropy filtering [21] for efficient extraction of the smooth portion from an image. 
The entropy filter calculates the entropy value of its neighborhood around corresponding pixel in the in-
put image. Basically, the entropy filter provides randomness of a pixel of an image in its local neighbor-
hood and it is also used in texture characterization. By calculating the neighboring pixels, the degree of 
variation in pixel values in that region can be clearly indicated. 

The following sections provide information of the image data used in the experiment, give brief over-
views of SLIC algorithm, Lazy Snapping technique and entropy mapping using entropy filter, and describe 
the architecture of our proposed method. 
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Figure 2. Region designation based on superpixel technique. (a) Original image. (b) superpxielized 
image. (c) Image with designated regions: the red frames and the green frames are automatically 
designated regions of the background and the foreground, respectively. 

2.1. Dataset 

The image data used in this study were the chest X-rays images obtained from a database, Curated 
Dataset for COVID-19 Posterior-Anterior Chest Radiography Images (X-Rays) Version 2, published on 
the internet [22]. The combined curated database was obtained by collating 15 publically available data-
sets. The present dataset contains 1281 COVID-19 X-ray images, 3270 Normal X-ray images, 1656 vir-
al-pneumonia X-ray images, and 3001 bacterial-pneumonia X-ray images. Thus, ethics issues do not arise 
in this work and the requirement to obtain informed consent was waived. A total of 30 images from the 
above described datasets were randomly selected for the experiments. The collected images varied in ma-
trix size ranging from 432 × 452 to 1610 × 1632. 

2.2. Brief Overview of Simple Linear Iterative Clustering (SLIC) Algorithm 

The SLIC is an efficient superpixel generation algorithm based on k-means clustering [14, 15]. It con-
sists of the following three main stages: 

1) Initialization of superpixel center: The seed centers of the superpixels are initialized in the follow-
ing two sub-steps.  

a) Place the seed centers of Superpixels at equal intervals: Determine the center locations of superpix-
els at equal interval, and initialize their parameters (center locations and color information).  

b) Look around the surrounding of each center: The centers are moved to seed locations correspond-
ing to the lowest gradient position in a 3 × 3 neighborhood (in this study). This is to avoid centering a su-
perpixel on an edge, and to reduce the chance of seeding a superpixel with a noisy pixel. 

2) For each pixel in the image, determine which superpixel it belongs to: Based on the color and loca-
tion information of each pixel, the most similar superpixel is determined. Here, in order to enhance 
processing efficiency, a rectangle of a certain size centered on each superpixel is defined, and comparison 
is performed only with pixels within that region. Specifically, the pixels in the range of i iX S x X S− ≤ ≤ + , 

i iY S y Y S− ≤ ≤ +  are scanned with respect to the center (Xi, Yi) of the i-th superpixel Ci. Then, it is de-
termined whether or not the pixel belongs to Ci. Here, S is an approximate value of the diameter of Super-
pixel (S = sqrt(N/K)), N is the number of pixels, and K is the number of superpixels. The value of S is con-
sidered the distance of adjacent seed points. 

3) Update the parameters of each superpixel: The locations and colors of the pixels belonging to each 
superpixel are averaged. Finally, the current center and the recalculated center are compared, and if they 
all match (there is no center updating), the process ends. If they do not match (the center is updated), re-
peat stage 2 of clustering until the algorithm converges. The detailed algorithm of the SLIC can be found 
in [14, 15]. 
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2.3. Brief Overview of Lazy Snapping Algorithm 

The purpose of Lazy Snapping is to easily crop objects from an image. Lazy Snapping is based on 
graphics cutting, and uses interactively drawn lines to specify the regions to be preserved (called the fore-
ground) and to be cut (called the background) in the image [16]. When a user draws foreground and 
background lines on certain regions of the image, the isolated regions will be calculated and displayed for 
each new line. With just a few lines, the user can successfully crop the correct region. Lazy Snapping con-
sists of two main steps, object marking and boundary editing. Object marking works at a coarse scale. It 
uses some marking lines to specify the object of interest. Boundary editing is performed on a finer scale or 
on the enlarged image, which allows users to edit the object boundary by simply clicking and dragging the 
vertices of the polygon.  

The main task in the object marking step is to allow the user to conceptually group the foreground 
object against its background. The user can use lines and curves to specify the range of the object of inter-
est without having to track the boundary of the object. The object marking step preserves the boundaries 
of the object as accurately as possible, but there are still some errors, especially around ambiguous and 
low-contrast edge boundaries. Therefore, a simple polygon editing user interface tool is prepared for the 
user to refine the object boundary. The detailed algorithm of Lazy Snapping can be found in [16]. 

2.4. Entropy Mapping Using Entropy Filter 

The Shannon entropy represents an average rate at which information is produced by a stochastic 
data source: 

( )21 log k
N

kkH p p== −∑                                  (1) 

In image processing, local entropy (also called image entropy) is generally considered as a measure of 
uncertainty of image gray spatial distribution. According to Shannon entropy theory, its image entropy 
(IE) with image size M × N (sliding window) can be defined as: 

21 1 logij iji j
M NIE p p= == −∑ ∑ ,                             (2) 

( ) ( )1 1, ,ij i j
M Np I i j I i j= == ∑ ∑ ,                            (3) 

where I(i, j) represents the pixel value (or gray level) at image position (i, j), pij refers to the distribution 
probability of image pixel value at (i, j), IE indicates the image entropy value at image position (i, j). Basi-
cally, the image entropy is to calculate the entropy inside of a sliding window, i.e., the window slides 
through the image with a stride of 1 pixel and image entropy is calculated for each center pixel, based on 
all other neighboring pixels inside the window. After calculating the image entropies in the whole image 
using the predefined window size (mask), we can obtain a local entropy map. It is regarded as a process of 
filtering. The image entropy can detect subtle changes in the local gray level distribution. Therefore, the 
calculated entropy can be used to characterize the texture of the image.  

Image entropy reflects the discrete degree of gray level in the window. Since the gray distribution of 
the slow change region is relatively uniform, the image entropy of the region is small, while the highly 
fluctuated region (un-uniform region), the image entropy of the region is high. In this study, an entropy 
map was computed using a 9 × 9 window. In other word, the size of entropy filter used was 9 × 9. The en-
tropy filter is considered as one of the pre-processing steps in image segmentation. The high brightness 
region on the entropy map corresponds to high non-uniformity neighborhood of the original image. The 
details of local entropy, entropy image and entropy filter can be found in [17, 19-21]. 

2.5. Proposed Method 

Our proposed method was specifically designed for chest X-ray images, which consists of the follow-
ing four steps. In the first step, superpixels of an input image were calculated and divided into 600 small 
regions. In the second step, in addition to the non-existing portion of the subject (the object) in the image 
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(generally referred to as background), the shoulder/scapula area and the diaphragm region were designat-
ed as background region as well. In this step, a Lazy Snapping-based processing was conducted. Generally, 
when applying Lazy Snapping technique, it is necessary to manually designate the foreground and back-
ground regions for each input image. In the proposed method, we modified the Lazy Snapping technique 
to enable specifying the background and foreground regions automatically depending on the position in-
formation of the lung on each input image. Since the size of the image data used in this study was various, 
the background and foreground regions were automatically specified in advance by considering the image 
size information. As a result, only the foreground regions could be automatically extracted.  

The foreground-region of the chest X-ray image is mainly composed of the lung field and the medias-
tinum. The structures (blood vessels, bronchi, and inflamed parts) in the lung field are three-dimensionally 
overlapped and considerably complicated. Moreover, the pixel values of the mediastinum and the soft tis-
sue around the thorax are similar. Therefore, the commonly used thresholding techniques are not appro-
priate (see Figure 1). 

In the third step, in order to address the mentioned issue, we focused on the texture of the fore-
ground-region image, and used the image entropy filter to detect and differentiate the uniformity and 
non-uniformity of image features. Then, thresholding was performed on the obtained entropy map. The 
threshold value was automatically adjusted according to the histogram of the entropy values. In the fourth 
step, a lung mask was generated by morphological operations and then segmentation of the original image 
was performed. The final segmentation was completed by examining the distribution of non-zero pixels 
and conducting thresholding again if necessary. It is worth to mention here that the parameter adjustment 
was fully automatic according to the input image type. The flowchart of the proposed method is illustrated 
in Figure 3. 
 

 
Figure 3. Flowchart of the propose method. In the second image from the top on the right, the red 
frames and the green frames are automatically specified as the background regions and the fore-
ground regions, respectively. 
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3. RESULTS 
We constructed an automatic lung region segmentation algorithm that could address various types of 

chest X-ray images. Figure 4 shows an example of superpixels executed in the first step of the algorithm.  
In this study we focused on the texture of the image, thus, the entropy filter was employed. For com-

parison, Figure 5 shows an example of texture maps obtained by using two different filters, i.e., the stan-
dard deviation filter and the range filter, together with the entropy filter. The standard deviation filter is 
usually used to detect the local standard deviation of an image, and the range filter is used to detect the 
local range value (maximum value-minimum value) of the image. Figure 6 is an example of the segmenta-
tion results obtained using the respective methods. 

In the final step of the proposed method, whether the thresholding is necessary to repeat or not was 
automatically determined depending on the pixel values and their distribution. Figure 7 shows some ex-
amples of the final results. Figure 7(a) shows the processing results that the iterative thresholding was au-
tomatically determined as not necessary by the algorithm. The dark blue regions shown in the figure are 
the areas segmented as the foreground, while the yellow regions are the areas removed. Figure 7(b) shows 
the processing results that the iterative thresholding was necessary determined by the proposed method 
(the thin feedback arrow shown in Figure 3). Both the dark blue and light blue regions are the segmented 
regions after first thresholding. The light blue regions are the areas removed after iterative thresholding. 
As a result, only the dark blue regions are left as the foreground. 
 

 
Figure 4. Original image and superpixel image, (a) On the left of the paired images side by side is an 
original chest X-ray image and on the right side is the corresponding superpixeled image. (b) Mag-
nified image of the red frame shown in (a) 
 

 
Figure 5. Three texture feature maps obtained from the entropy filter, standard deviation filter and 
range filter. Areas with great fluctuations are shown with high brightness. (a) Entropy map. (b) 
Standard deviation map. (c) Range map. 
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Figure 6. One original chest X-ray image and three segmented images. On the right sides of the 
paired images are the magnified images of the red-framed areas shown on the left side of the paired 
images. (a) Original image. (b) Resultant image obtained using entropy filtering. (c) Resultant image 
obtained using the standard deviation filtering. (d) Resultant image obtained using the range filter-
ing. 

4. DISCUSSION 
In this paper, we have developed an automatic algorithm for the segmentation of lung fields that can 

meet various types of the chest X-ray images. The superpixels as shown in Figure 4 are small meaningful 
regions been divided from an image, reflecting the color and position of the pixels on the chest radiograph. 
When the number of small regions (number of segments) is large, the different shading on the same object 
can be separated as different regions. In general, over-segmentation is not suitable for the case that consi-
dering the background (the part where the subject does not exist) and the structure around the thorax in 
the chest X-ray image together as a background region. On the other hand, if the number of small regions 
is reduced, there is a risk that a part of the adjacent lung field will be regarded as a background region and 
it might result in the difficulty in appropriate image processing. In this study an image was empirically 
divided into 600 small regions, and the foreground and background regions were specified based on lazy 
snapping technique. By doing it, various types of chest X-ray images could be successfully addressed.  

Figure 5 shows an entropy map used in the proposed method as well as two other types of texture 
maps, namely, the standard deviation map and the range map. These maps represent texture features ob-
tained from information about local variation in pixel intensity. The maps compute the statistics of their 
respective neighboring pixels, and indicate the degree of fluctuation of the pixel values in the correspond-
ing regions. Figure 6 illustrates the results of region extraction using the entropy map, standard deviation 
map and range map. The marker (the letter L) located on the right part of the original image could be re-
moved by image processing using the entropy map (see Figure 6(b)). However, the marker was extracted 
as the foreground when using the other two methods. Moreover, when using the standard deviation map, 
there was a removed area at the apex of the lung (see Figure 6(c)). Our proposed method is highly genera-
lized and can automatically adjust the parameters of the algorithm. The threshold value was determined 
from both the value obtained using the entropy map and the distribution. However, standard deviation 
values often did not work well. On the other hand, the entropy map can represent subtle fluctuations, thus, 
it has the advantage of being easy to determine the threshold value. 
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(a) 

 
(b) 

Figure 7. Example of segmentation results obtained by the proposed method, (a) Results without 
iterative thresholding. (b) Results with iterative thresholding. 
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Figure 8. Segmentation results of an atelectasis patient. (a) Original image. (b) The corresponding 
entropy map. (c) Segmentation result. 
 

Figure 7 shows the segmentation results of the proposed method. The shoulder and scapula, medias-
tinum, and diaphragm areas were removed from the chest X-ray image, and the lung field was extracted. 
However, the 1st to 3rd thoracic vertebras still remained in the foreground, and the left and right lungs 
were often not separated. This is because the thoracic vertebra was not specified as the background when 
Lazy Snapping technique was applied for region designation. The thoracic vertebra overlaps the trachea 
and the trachea connects to the bronchi (structures in the lung field). Thus, it was considered that specify-
ing the thoracic vertebra as the background region was not appropriate. The thoracic vertebra also over-
laps the mediastinum. Such a complicated structural area could be addressed by using the entropy map. As 
a result, the left and right lung separation could be achieved depending on the types of X-ray images. 
Moreover, if the edges of the regions to be segmented are not smooth, we consider that adding a new 
processing technique might cope with this issue. 

There are several limitations in this study. First, as shown in Figure 8, for the case of atelectasis, that 
region was removed after image processing. The atelectasis region was difficult to extract as a lung field 
because the distribution of entropy values of the atelectasis region is similar to that of the diaphragm and 
mediastinum. A solution to this issue needs to be explored. Second, we only conducted qualitative com-
parison to evaluate the performance of the proposed method. Quantitative assessment will be made in our 
further studies. Third, we only used 30 chest X-ray images for experiments. More images should have been 
used in the experiments to demonstrate the robustness of the proposed method. We will increase the 
number of image data in the subsequent studies. 

5. CONCLUSION 
The aim of this study is to improve the efficiency of generation of AI-CAD training data for the chest 

X-ray images. As a preliminary step, in this work, we have proposed a lung field segmentation method that 
can automatically remove the shoulder and scapula regions, mediastinum, and diaphragm regions in ad-
vance from various types of chest X-ray images used as learning data. In the proposed method, after ap-
plying superpixels to automatically specify the regions, the lung fields were extracted from the texture fea-
tures using the entropy map technique. To verify the effectiveness of the proposed method, two other tex-
ture map techniques were used for comparison. As a result, the proposed method using the entropy map 
was able to appropriately remove the unnecessary regions. In addition, this method was able to remove the 
markers present in the image, but the other two methods could not. The experimental results have re-
vealed that our proposed method is a highly generalizable and useful algorithm. We believe that this me-
thod could act an important role to enhance the performance of AI-CAD systems for chest X-ray images. 

ACKNOWLEDGEMENTS 
This work was supported in part by JSPS KAKENHI (Grant-in-Aid for Scientific Research) Grant 

https://doi.org/10.4236/jbise.2021.146024


 

 

https://doi.org/10.4236/jbise.2021.146024 298 J. Biomedical Science and Engineering 
 

Number 18K15641. The author would like thank Professor Du-Yih Tsai for his valuable comments and 
suggestions during the preparation of this paper. 

CONFLICTS OF INTEREST 
The author declares no conflicts of interest regarding the publication of this paper.  

REFERENCES 
1. Qin, C., Yao, D., Shi, Y., et al. (2018) Computer Aided Detection in Chest Radiography Based on Artificial Intel-

ligence: A Survey. BioMedical Engineering OnLine, 17, 113. https://doi.org/10.1186/s12938-018-0544-y 

2. Pneumonia Vaccine Trial Investigators’ Group & World Health Organization ( 2001)  Standardization of Inter-
pretation of Chest Radiographs for the Diagnosis of Pneumonia in Children. 
https://apps.who.int/iris/handle/10665/66956  

3. Mazzone, P.J., Obuchowski, N., Phillips, M., et al. (2013) Lung Cancer Screening with Computer Aided Detec-
tion Chest Radiography: Design and Results of a Randomized, Controlled Trial. PLoS ONE, 8, e59650.  
https://doi.org/10.1371/journal.pone.0059650 

4. Sahiner, B., Pezeshk, A., Hadjiiski, L.M., et al. (2019) Deep Learning in Medical Imaging and Radiation Therapy. 
Medical Physics, 46, e1-e36. https://doi.org/10.1002/mp.13264 

5. Chen, J., Wu, L., Zhang, J., et al. (2020) Deep Learning-Based Model for Detecting 2019 Novel Coronavirus 
Pneumonia on High-Resolution Computed Tomography: A Prospective Study.  
https://doi.org/10.1101/2020.02.25.20021568 

6. Anthimopoulos, M., Christodoulidis, S., Ebner, L., et al. (2016) Lung Pattern Classification for Interstitial Lung 
Diseases Using a Deep Convolutional Neural Network. IEEE Transactions on Medical Imaging, 35, 1207-1216.  
https://doi.org/10.1109/TMI.2016.2535865 

7. Gao, M., Bagci, U., Lu, L., et al. (2018) Holistic Classification of CT Attenuation Patterns for Interstitial Lung 
Diseases via Deep Convolutional Neural Networks. Computer Methods in Biomechanics and Biomedical Engi-
neering: Imaging and Visualization, 6, 1-6. https://doi.org/10.1080/21681163.2015.1124249 

8. Ibrahim, A.U., Ozsoz, M., AI-Turjman, F., et al. (2021) Pneumonia Classification Using Deep Learning from 
Chest X-Ray Images During COVID-19. Cognitive Computation, 1-13.  
https://doi.org/10.1007/s12559-020-09787-5 

9. Rajaraman, S., Candemir, S., Kim, I., et al. (2018) Visualization and Interpretation of Convolutional Neural 
Network Predictions in Detecting Pneumonia in Pediatric Chest Radiographs. Applied Sciences, 8, 1715.  
https://doi.org/10.3390/app8101715 

10. Candemir, S., Jaeger, S., Palaniappan, K., et al. (2014) Lung Segmentation in Chest Radiographs Using Anatom-
ical Atlases with Nonrigid Registration. IEEE Transactions on Medical Imaging, 33, 577-590.  
https://doi.org/10.1109/TMI.2013.2290491 

11. Lowe, D.G. (2004) Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Com-
puter Vision, 50, 91-110. https://doi.org/10.1023/B:VISI.0000029664.99615.94 

12. Hoodai, R., Mittal, A., Sofat, S., et al. (2019) Lung Segmentation in Chest Radiographs Using Fully Convolu-
tional Networks. Turkish Journal of Electrical Engineering and Computer Sciences, 27, 710-722.  
https://doi.org/10.3906/elk-1710-157 

13. Heo, S.-K., Kim, Y., Yun, S., et al. (2019) Deep Learning Algorithms with Demographic Information Help to 
Detect Tuberculosis in Chest Radiographs in Annual Workers’ Health Examination Data. International Journal 
of Environmental Research and Public Health, 16, 250. https://doi.org/10.3390/ijerph16020250 

14. Achanta, R., Shaji, A., Smith, K., et al. (2012) SLIC Superpixels Compared to State-of-the-Art Superpixel Me-

https://doi.org/10.4236/jbise.2021.146024
https://doi.org/10.1186/s12938-018-0544-y
https://apps.who.int/iris/handle/10665/66956
https://doi.org/10.1371/journal.pone.0059650
https://doi.org/10.1002/mp.13264
https://doi.org/10.1101/2020.02.25.20021568
https://doi.org/10.1109/TMI.2016.2535865
https://doi.org/10.1080/21681163.2015.1124249
https://doi.org/10.1007/s12559-020-09787-5
https://doi.org/10.3390/app8101715
https://doi.org/10.1109/TMI.2013.2290491
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.3906/elk-1710-157
https://doi.org/10.3390/ijerph16020250


 

 

https://doi.org/10.4236/jbise.2021.146024 299 J. Biomedical Science and Engineering 
 

thods. IEEE Transactions on Pattern Analysis and Machine Intelligence, 34, 2274-2282.  
https://doi.org/10.1109/TPAMI.2012.120 

15. Cong, J., Wei, B., Yin, Y., et al. (2014) Performance Evaluation of Simple Linear Iterative Clustering Algorithm 
on Medical Image Processing. Bio-Medical Materials and Engineering, 24, 3231-3238.  
https://doi.org/10.3233/BME-141145 

16. Li, Y., Sun, J., Tang, C.-K. and Shum, H.-Y. (2004) Lazy Snapping. ACM Transactions on Graphics, 23, 303-308.  
https://doi.org/10.1145/1015706.1015719 

17. Entropy Filter, and Area Extracting Method Using the Filter. 
https://patents.google.com/patent/US7460702  

18. Otsu, N. (1979) A Threshold Selection Method from Gray-Level Histograms. IEEE Transactions on Systems, 
Man, and Cybernetics, 9, 62–66. https://doi.org/10.1109/TSMC.1979.4310076 

19. Deng, H., Sun, X., Liu, M., et al. (2016) Infrared Small-Target Detection Using Multiscale Gray Difference 
Weighted Image Entropy. IEEE Transactions on Aerospace and Electronic Systems, 52, 60-72.  
https://doi.org/10.1109/TAES.2015.140878 

20. Bai, X. and Bi, Y. (2018) Derivative Entropy-Based Contrast Measure for Infrared Small-Target Detection. IEEE 
Transactions on Geoscience and Remote Sensing, 56, 2452-2466. https://doi.org/10.1109/TGRS.2017.2781143 

21. Likhachov, N.A. and Likhachov, A.V. (2019) Application of Entropy Filter in the Analysis of X-Ray Images. 
2019 International Multi-Conference on Industrial Engineering and Modern Technologies (FarEastCon), Vla-
divostok, Russky Island, 6-7 October 2019, 1-5. https://doi.org/10.1109/FarEastCon.2019.8933849 

22. Sait, U., Gokul, L., Sunny, P., et al. (2020) Curated Dataset for COVID-19 Posterior-Anterior Chest Radiogra-
phy Images (X-Rays). Mendeley Data, V1. https://data.mendeley.com/datasets/9xkhgts2s6/1 

 
 
 

https://doi.org/10.4236/jbise.2021.146024
https://doi.org/10.1109/TPAMI.2012.120
https://doi.org/10.3233/BME-141145
https://doi.org/10.1145/1015706.1015719
https://patents.google.com/patent/US7460702
https://doi.org/10.1109/TSMC.1979.4310076
https://doi.org/10.1109/TAES.2015.140878
https://doi.org/10.1109/TGRS.2017.2781143
https://doi.org/10.1109/FarEastCon.2019.8933849
https://data.mendeley.com/datasets/9xkhgts2s6/1

	A Novel Method for Automated Lung Region Segmentation in Chest X-Ray Images
	ABSTRACT
	1. INTRODUCTION
	2. METHODS
	2.1. Dataset
	2.2. Brief Overview of Simple Linear Iterative Clustering (SLIC) Algorithm
	2.3. Brief Overview of Lazy Snapping Algorithm
	2.4. Entropy Mapping Using Entropy Filter
	2.5. Proposed Method

	3. RESULTS
	4. DISCUSSION
	5. CONCLUSION
	ACKNOWLEDGEMENTS
	CONFLICTS OF INTEREST
	REFERENCES

