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ABSTRACT

Segmentation of the lung field is considered as the first and crucial stage in diagnosis of pulmonary diseases.
In clinical practice, computer-aided systems are used to segment the lung region from chest X-ray (CXR) or
CT images. The task of segmentation is challenging due to the presence of opacities or consolidation in CXR,
which are typically produced by overlaps between the lung region and intense abnormalities caused by pulmonary
diseases such as pneumonia, tuberculosis, or COVID-19. Recently, Convolution Neural Networks (CNNs) have
been shown promising for segmentation and detection in digital images. In this paper, we propose a two-stage
framework based on adapted U-Net architecture to leverage automatic lung segmentation. In the first stage, we
extract CXR-patches and train a modified U-Net architecture to generate an initial segmentation of lung field.
The second stage is the post-processing step, where we deploy image processing techniques to obtain a clear final
segmentation. The performance of the proposed method is evaluated on a set of 138 CXR images obtained from
Montgomery County’s Tuberculosis Control Program, producing an average Dice Coefficient (DC) of 94.21%,
and an average Intersection-Over-Union (IoU) of 91.37%.
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1. INTRODUCTION

Medical imaging is one of the most common and widely used diagnostic techniques employed in modern health-
care. For example, computer tomography (CT) and magnetic resonance imaging (MRI) are successfully used for
screening diseases such as lung cancer and many other pulmonary diseases. Advances in medical imaging have
greatly improved the accuracy of screening for these diseases at earlier stages. However, 3D medical imaging
techniques are still rather expensive and their availability is limited in most parts of the world. Due to this fact,
chest X-rays (CXR) remain the most popular and affordable imaging technique worldwide. CXR can provide
helpful general insights and serve as an initial diagnostic tool. They are especially commonly used in diagnosing
pneumonia, cancer, and other pulmonary diseases including COVID-19.1,2 This year, researchers have intensively
focused on developing new techniques to improve the accuracy of CXR-based detection, especially in connection
with COVID-19.2–4

An important step in any CXR-based detection system is lung region segmentation, i.e., identification of the
lung area in CXR.5 It provides structural information about shape irregularities and size measurements of the
lungs, which can be used to analyze severe clinical conditions. This suggests that good segmentation of the lung
region is essential for accurate analysis and further conclusions. For healthy patients, computer-aided systems
are typically able to provide reliable segmentation results because the contrast between the lung region and the
outer area tends to be strong. However, in patients affected by pulmonary diseases, the lung region appears
to be very obscure in CXR images due to the poor contrast between the lung area and the outer region. This
primarily happens due to an overlap between the lung region and dense abnormalities caused by pneumonia,
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tuberculosis, COVID-19 or other symptoms, which are known as opacities and consolidations.6 For this reason,
the segmentation task in CXR becomes significantly more complex and challenging. Focusing on such scenarios,
the purpose of this work is to present an automatic lung segmentation method that addresses this problem by
implementing a two-stage framework based on the U-Net7 architecture.

2. METHODOLOGY

The proposed framework is summarized in Fig. 1. The methodology is comprised of two major steps. In the first
stage, we collect, pre-process and extract a number of image ”patches” to train the adapted UNet architecture.
The output of this stage is the initial segmentation. Subsequently, this initial segmented image is post-processed
using image processing techniques to obtain the final segmentation. The details of these steps are discussed in
the subsequent subsection.

Figure 1. Our proposed two-stage framework for lung segmentation

2.1 Dataset description

The dataset used in this paper has been collected from Tuberculosis Control Program of he Department of
Health and Human Services of Montgomery County (MC), Maryland, USA. This is one of the public datasets
(https://lhncbc.nlm.nih.gov/publication/pub9931) used to benchmark the task lung segmentation algo-
rithms. It contains 138 posterior-anterior X-rays, of which 80 X-rays are normal and 58 X-rays are abnormal with
manifestation of tuberculosis. The X-rays are available in two different sizes: either 4020× 4892 or 4892× 4020
pixels. The dataset also comes with the corresponding ground truth (masks) which makes it suitable for super-
vised learning process. The masks are binary images consisting of white pixels for the lung region (left and right
lungs) with the black background.

2.2 Pre-processing and Patch Extraction

Since the X-rays in MC dataset are relatively large, we first downscale the images to 1024× 1024 to reduce the
computational cost of training the model. As mentioned earlier, the images appear in two different sizes, direct
resizing of these images could distort the original size proportion. To address this issue, we first place the image
at the center of 4892×4890 background image and later downscale it to the final resolution of 1024×1024 pixels.
After resizing, the X-ray pixel intensity is normalized8 i.e., the pixel values are scaled into the range from 0 to
1, where 0’s represent dark black and 1’s represent white. The values between 0 and 1, represent the shades of
gray. This is useful as the MC data may have different ranges of pixel values and normalizing them help to apply
the same algorithms across the images.

MC dataset consists of only 138 X-rays which is insufficient to adequately train the deep learning model.
Hence, we extract the patches from the X-ray images to increase the number of training samples. The patches are
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small images, which are cropped from the original images. In this paper, we used the patch size of 64× 64. The
reason behind choosing this patch size is to fit the adapted UNet architecture while preserving the necessary levels
of details of lung regions. It should be emphasized that, small patch sizes are insufficient for down-sampling
in U-Net architecture and could potentially miss some useful information about the lung region.At the same
time, larger patch sizes reduce the training samples. While cropping the patches from the X-ray images, we also
cropped the patches from the corresponding mask images. This is done to preserve the ground truth for each of
the patches in supervised training process.

2.3 Image Segmentation

In this work, complete X-ray images are segmented based on the patch segmentation technique. The patches are
segmented using the U-Net architecture, which is widely applied in segmenting medical images.9–11 The original
U-Net architecture is utilized for comparatively larger images having the dimension of 512 × 512, 256 × 256 or
128× 128. Usually, in most applications, the U-Net architecture consists of three to four downsample blocks to
contract the input images to the size of 32×32 or 16×16 pixels. The contracted image is then up-sampled in the
same manner. In this paper, our input image size is 64×64 (cropped patches) which is insufficient for contraction
and expansion according to the original U-Net architecture. Hence, we truncated the original U-Net architecture
to maintain a reasonable image size while downsampling the patches. The modified network consists of two
down-sampling blocks. The patches are contracted to 8× 8 pixels and later expanded through two up-sampling
blocks as shown in Fig. 2.

Figure 2. The adapted U-Net architecture for patch segmentation

The network is trained to segment individual patches, which are subsequently merged to obtain the initial
segmentation for the whole X-ray image. This is accomplished by plotting the segmented patches on a 512× 512
background image. More specifically, for any new image, we crop the patches and feed them as an input into
the modified U-Net architecture. This generates segmented patches as the outputs, which are then placed back
at the same location of the cropped region in the background image, and thus, produces the whole segmented
image.

2.4 Post-processing

Since the whole X-ray image is segmented by merging individually segmented patches, the initial segmentation
will invariably contained some noises and inaccuracies. These inaccuracies arise due to the prediction error
for individual X-ray patches. For example, a background patch or some portion thereof could be erroneously
segmented as lung region, as highlighted in Fig. 3 in red mark. Alternatively, a lung region could be segmented as
a background patch, as shown in Fig. 3 in yellow. This issues are sometime inevitable, as some of the background
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and lung region patches are difficult to distinguish when a whole X-ray image is subdivided into small patches.
This problem is addressed in the second step referred to as the post-processing step. This step confines of
several image processing techniques such as image thresholding, erosion, dilation, connected component labeling,
and region filling algorithms. The reader is referred to Refs. 12 and 13 for a detailed description of these
morphological processes.

Figure 3. Illustration of noises and inaccuracies in initial segmentation

To make the post-processing uniform, we first use image thresholding to linearly transform all black pixels to
0 and white pixels to 255. Then the left and the right lung regions are separated by grouping them into two large
connected regions. This is done to avoid any subsequent complication while deploying the erosion and dilation
operation. After separating the lung region, all scattered small noisy ”stains” are removed. However, there could
remain some smalls region connected to the lung contour through tiny edges, as circled in Fig. 3 in green. To
remove such kind of noises, the erosion operation is used to separate this small region and subsequently erase
these regions. The size of the regions is determined by using the connected component labeling algorithm.13

Deploying the erosion operation removes some pixels along the contour of the lung region which shrinks the size
of the actual lung region. To reconstruct the contour, we apply the dilation operation. We set the kernel size of
7× 7 both for erosion and dilation operations based on several experiments with the segmented images. At this
point, the segmented images looks regular and clear without having any major noises. However, there still may
exists some gaps (marked in yellow in Fig. 3) inside the segmented lung region. These gaps are closed by the
morphological closing operation. The kernel size used in the closing operation was set to 23× 23. At the end of
post-processing step, we combine the two separate lung regions (left and right) to obtain the final segmentation.

3. EXPERIMENTAL DESIGN AND TRAINING

As described in Subsec. 2.1, we used 138 X-ray images from the MC dataset in our experiment. The dataset was
divided as 70%-15%-15% for the training, validation and test purposes respectively. Thus, we have only 97, 21
and 20 images for training, validation and test respectively, which is insufficient to train a deep learning model,
especially convolution neural networks (CNNs). Usually, CNNs require a significant number of samples in the
training phase.14 To increase the training sample, we use small patches from the original X-ray instead of whole
images. Patches of size 64 × 64 are cropped from the images with the stride of 32 as described in Subsec. 2.2.
The purpose of using the stride of 32 is to maintain overlapping in any two successive patches. Based on this
patch extraction strategy, we finally get a total of 141,312 patches, among which 99,328 are training patches,
21,504 are validation patches and 20,480 are testing patches. We also have the same number of mask patches as
reported in Tab. 1.

The model is trained for 55 time epochs. We use the adaptive learning rate optimization algorithm (Adam15)
and binary cross-entropy loss function to train the network. To avoid any possible overfitting issues, the data
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Table 1. Split the dataset for training, validation and testing.

Dataset Training Validation Test Total

MC Dataset 97 21 20 138

X-ray patches 99,328 21,504 20,480 141,312

Mask patches 99,328 21,504 20,480 141,312

were augmented using the Keras data generation function. We apply 5% shearing and zooming, and apply the
horizontal flipping to each batch of patches. Here, the batch size was set to 64. The model is trained on a 3.6
GHz Intel(R) Core (TM) i7-7700 CPU, 16GB RAM and a single NVIDIA GTX 1080 Ti Graphics Processing
Unit (GPU). It took 8 hr 20 min to complete the entire training. After training over 55 epochs, we obtained
the training accuracy of 98.65% and validation accuracy of 97.89%. Notice that, here, the accuracy refers to the
segmentation of small patches, instead of the whole X-ray images. The training accuracy and loss are shown in
Fig. 4

Figure 4. Training history (a) training accuracy (b) training loss

After completing the training process, we tested using individual patches with the trained model. Some
segmentation samples are shown is shown in Fig. 5.

Figure 5. Segmentation result of x-ray patches (a) original x-ray patches (b) ground truth mask (c) predicted mask

Obviously, the trained model can segment the patches with moderate accuracy. However, some segmented
masks appeared to be incorrect, as circled in Fig. 5. We use this trained model to predict the ”labels” patches
for any particular test image and later merge them together to obtain the initial segmentation for the whole
X-ray image.
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4. RESULT AND DISCUSSION

This section describes the segmentation result for the whole X-ray images. As mentioned earlier, to obtain the
complete segmentation, we first crop the patches (64× 64) from any particular image. The patches are labelled
using the model trained in Sec. 3. Later, the predicted masks are plotted and merged together to generate the
initial segmentation. Some segmentation results are shown in Fig. 6 (column (b)).

Figure 6. Segmentation result for the whole X-ray (a) original X-ray (b) segmentation before post-processing (c) seg-
mentation after post-processing (d) ground truth mask (e) DC/IoU value

It is observed that, integrating the segmented patches can generate excellent segmentation results with
minimal error in good scenarios, where the lung region is visually apparent (1st and 2nd row in Fig. 6). In
problematic cases as shown in the 3rd and 4th rows in Fig. 6, the segmentation results are suboptimal due to
the presence of unavoidable prediction errors, such as tiny scattered white pixels, extraneous non-lung region
connected with the lung boundary or even some little gaps in the lung segmented region. These issues are resolved
using the post-processing step as described in Subsec. 2.4. The segmentation results after the post-processing
are shown in Fig. 6 (column (c)).

Segmentation results are quantitatively evaluated with two performance metrics - Dice Coefficient (DC) and
Intersection-Over-Union (IoU). These two metrics are mostly used to evaluate the performance of semantic
segmentation.16 IoU is the area of the overlap between the predicted segmentation (segp) and the ground truth
(seggt) divided by the area of union between the predicted segmentation and the ground truth. It is defined as

IoU =
area(segp ∩ seggt)

area(segp ∪ seggt)
, (1)
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The dice Coefficient is two times the area of the overlap between the predicted segmentation and the ground
truth divided by the sum of the area of the predicted segmentation and the ground truth. It is expressed as

DC =
2 · area(segp ∩ seggt)

area(segp) + area(seggt)
, (2)

The value of both metrics ranges from 0 to 1 (0-100%) with 0 representing no overlap and 1 indicating perfect
overlapping segmentation. We calculated the DC and IoU values for all of test X-ray images. Then, we averaged
them and obtained the overall DC value of 94.21% and IoU value of 91.37%. Fig. 6 (column (e)) shows the DC
and IoU values for corresponding segmented images.

5. CONCLUSION

In this work, we proposed a two-stage framework based on adapted U-Net architecture and image processing
techniques. In the first stage, we extracted small patches from the original images and used them to train
the adapted U-Net architecture. The U-Net architecture was modified to utilize small cropped patches. The
second stage is mainly represented by a post-processing step, which includes some traditional image processing
techniques such as erosion, dilation, connected component labelling and region-fill algorithms. The combination
of two stages was shown to generate promising lung segmentation results. It is worth to emphasize that, this
framework can efficiently utilize small datasets for training convolution neural networks. In our experiment, we
achieved the value of 94.21% and 91.37% for Dice coefficient and intersection-over-union, respectively. In the
future, we intend to extend and improve our methodology to utilize limited number of x-ray for the COVID-19
cases and thus, contribute to improved X-ray based diagnosis.
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