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ABSTRACT

Lung cancer has emerged as a severe disease that threatens
human life and health. The precise segmentation of lung re-
gions is a crucial prerequisite for localizing tumors, which
can provide accurate information for lung image analysis. In
this work, we first propose a lung image segmentation model
using the NASNet-Large as an encoder and then followed
by a decoder architecture, which is one of the most com-
monly used architectures in deep learning for image segmen-
tation. The proposed NASNet-Large-decoder architecture can
extract high-level information and expand the feature map to
recover the segmentation map. To further improve the seg-
mentation results, we propose a post-processing layer to re-
move the irrelevant portion of the segmentation map. Experi-
mental results show that an accurate segmentation model with
0.92 dice scores outperforms state-of-the-art performanceﬂ

Index Terms— Lung segmentation, NASNet-Large Net,
Encoder, Decoder

1. INTRODUCTION

Lung cancer is one of the malignant tumors with the fastest
increase in morbidity and mortality and the greatest threat to
human health and life. In the past fifty years, many countries
have reported a marked increase in the incidence and mor-
tality of lung cancer [2]. The lung-related disease is kept on
the list of top ten causes of death in the country in the United
States [3l4]. Therefore, the prevention of lung cancer is im-
portant.

From the definition, lung cancer is a malignant lung tu-
mor that is characterized by uncontrollable growth in the lung
tissue. Clinicians find that the cure rate of early lung can-
cer is over 90%. Hence, the early diagnosis of lung cancer
is essential since it could control the disease, reduce the mor-
tality rate, and increase the patient’s survival rate when the
treatment is more likely curative. Chest radiograph (CXR) is
commonly performed as diagnostic imaging for lung cancer
and Pneumonia diagnosis. However, there are a number of
factors, such as the positioning of the patient and depth of in-

IThis work is written before our previous paper [1].

spiration, that can affect the appearance of the CXR, compli-
cating interpretation further. In addition, clinicians are faced
with reading high volumes of images every shift. It is difficult
for the physician to obtain an accurate diagnosis without the
help of an additional tool. Therefore, it is necessary to de-
velop segmentation tools to improve the effectiveness of the
treatment.

However, designing an effective lung segmentation method
is a challenging problem since the ROIs are often confused
with the lung tissue. A large number of medical image anal-
ysis techniques have been proposed for lung segmentation,
such as threshold method [3, |6, [7], region-based method
[8, 9], genetic method[10], level set method [11} 12} [13]] and
artificial neural network [ 14|15, [16]], etc.

The threshold method is one of the most common and
straightforward segmentation methods in lung segmentation.
It is a region segmentation technology, which divides the gray
value into two or more gray intervals, chooses one or more
appropriate thresholds to judge whether the region meets the
threshold requirement according to the difference between the
target and the background, and separates the background and
the target to produce a binary image. Threshold process-
ing has two forms: global threshold and adaptive threshold.
The global threshold only sets one threshold, and the adap-
tive threshold sets multiple thresholds. The target and back-
ground regions are segmented by determining the threshold
at the peak and valley of the gray histogram [5] 6]]. Level set
methods are also widely used in the segmentation task. The
basic idea of the level set method for image segmentation is
the continuous evolution of curve motion. The boundary of
the image is searched until the target contour is found and then
the moving curve is stopped. Curves are moved along every
three-dimensional section of images to slice different levels
of the three-dimensional surface. The level of the obtained
closed curves of each layer change over time, and finally get
a corresponding shape extraction contour [[11].

Deep neural networks have also been applied in segmenta-
tion and they supersede many traditional image segmentation
approaches. Garcia published a review of deep learning ap-
proaches that aimed to present an overview of deep learning-
based segmentation [[17]. There are several models to address
the segmentation task. Fully convolutional network (FCN)
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Fig. 1: The architecture of NASNet-Large segmentation net.

The encoder consists of the first 414 layers from NASNet-Large

model. There are four blocks in the decoder, and each block contains Upsamling, Conv+ReLu, and BN layer. (Convolution
(Conv), Batch normalization (BN), Rectified linear units (ReLU). The final decoder is fed into a softmax layer for pixel-wise

lung prediction.

[18] is one of the earliest work for deep learning based image
segmentation problem, which performs end to end segmenta-
tion. It is a convolution network for the dense prediction that
does not need to pass through from the full connection layer.
This method leads to the possibility of segmenting images of
any size effectively, and it is much faster than the patch classi-
fication method. Almost all of other more advanced methods
follow this architecture. However, there are several limita-
tions of FCN model, such as the inherent spatial invariance
causes the model fails to take into account of useful global
context information and its efficiency in high-resolution sce-
narios is worse and is not available for real-time segmenta-
tion. Another problem that causes the difficulty using CNN
networks in segmentation is the existence of pooling layers.
The pooling layer not only enlarges the sensing field of the
upper convolution layer but also aggregates the background
and discards part of the location information. However, the
semantic segmentation method needs to adjust the category
map accurately, so it requires to retain the location informa-
tion abandoned in the pooling layer. Later encoder-decoder
architecture is widely used in the segmentation. Segnet
and U-net [20] are representative encoder-decoder architec-
tures. It first selects a classification network such as VGG-16,
and then removes its fully connection layer to produce low-
resolution image representation or feature mapping. This part
of the segmentation network is usually called an encoder. A
decoder is part of the network, which can learn how to de-
code or map these low-resolution images to the prediction
at the pixel level. The difference between different encoder-
decoder architecture is the design of the decoder. Another
type of methods uses dilated convolutions layers and removes
the pooling layer structure. Chen et al. proposed Deeplab
model, which used the dilated convolutions, and it used the
fully connected conditional random field to realize the atrous
spatial pyramid pooling (ASPP) in the spatial space [21].

In this paper, we provide a lung segmentation model us-
ing one of the common encoder-decoder architectures for im-
age segmentation with a deep learning model called NASNet-
Large-decoder. This architecture can erase unnecessary in-
formation provided in lung images. Our network achieves an
accurate segmentation result with a 0.92 dice score.

Our contributions are in three folds:

1. We are the first to define a NASNet-Large-decoder net
to segment the chest radiography images;

2. To remove the irrelevant small segmented parts, we are
the first to propose a post-processing layer, which is
able to filter out the false segmented section in predic-
tion images;

3. Experiments results demonstrate that the proposed
model achieves the highest dice and IoU score over
state-of-the-art.

This paper is organized as follows: in section [2] the
NASNet-Large-decoder net architecture is summarized; we
present the segmentation results in section[3} In section [ we
discuss the advantages and disadvantage of proposed model
and conclude in section 3

2. METHOD

In this section, we first introduce the proposed segmentation
net and then describe a post-processing layer for filter out the
irrelevant segmented section in the prediction image.

2.1. NASNet-Large segmentation net

The NASNet-Large segmentation net contains an encoder
and decoder, which is followed by a classification layer.



The architecture is shown in Fig[l] There are two signifi-
cant differences in our model comparing with Segnet, which
employs the pre-trained vggl6 network for encoder. Our
NasnetLarge-decoder net uses the first 414 layers of Nas-
netLarge net (which is a well-trained classification net on
ImagNet) as the encoder to decompose images [22]. We do
not use the pre-trained weighted but retrain the layers using
the new data to fit the NasnetLarge net in our experiment
since our dataset is significantly different from the ImageNet.
Another one is that the decoder is different and there are no
pooling indices in our model since the NasnetLarge net can
produce detailed information for the decoder.

An appropriate decoder in the decoder network can up-
sample its input feature map using the max-pooling layer.
The decoding technique is illustrated in Fig[I] There are four
blocks in the decoder. Each block first begins with an up-
sampling layer, which can expand the feature map, and then
feature maps are followed by convolution and rectified lin-
ear units. A batch normalization layer is then applied to each
of these maps. The first decoder, which is closest to the last
encoder, can produce a multi-channel feature map. This is
similar to the Segnet, which can generate a different num-
ber of sizes and channels as their encoder inputs. The final
output of the last decoder is fed to a trainable soft-max clas-
sifier. And the output of this softmax layer is a K channel
image of probabilities where K is the number of classes (two
in our problem). The predicted segmentation corresponds to
the class with maximum probability at each pixel.

2.2. Post-processing layer

However, there are some small parts that are not the true lung
in the prediction result. We then propose a post-processing
layer, which can filter the irrelevant part in the image. The
first step of the post-processing layer is to classify the pre-
dicted image into several partsﬂ and we then select the first
two largest areas (the lung area) as the final segmented lung.
As shown in the left image in Fig[2] the red box is the wrong
prediction of the image (false negative). After the post-
processing, the red box is removed. Therefore, the prediction
result will be improved if we filter out these irrelevant parts
in images.

3. RESULTS

3.1. Datasets and parameters

Our lung segmentation data is from RSNA pneumonia de-
tection dataset. The whole dataset can be downloaded from

https://www.kaggle.com/c/rsna—-pneumonia-\

detection—-challenge. To remove the unrelated fea-
tures, we focus on the lung segmentation, the lung is manually

2The major step of the post-processing step is using the connectedCom-
ponentsWithStats function in OpenCV.
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Fig. 2: The post-processing of prediction result. The left one
is the prediction result from the proposed net, and the right
one is the post-processing result using the proposed post-
processing layer. The red box is an irrelevant feature.

Fig. 3: An example lung image in the training dataset (left:
raw image; middle: ground truth mask image; right: mask
overlay with raw image).

segmentecﬂ There are 800 training images and 200 test im-
ages in this dataset. Fig.|3|shows an example of lung image
in the training dataset.

Our experimentation is based on Keras, which is a high-
level neural networks API, written in python, and is able to
run on top of either TensorFlow or Theano, and runs seam-
lessly on CPU and GPU. In addition, our network was trained
on a graphics processor NVIDIA TITAN Xp equipped with
12Gb of memory in order to exploit its computational speed.
Hence, we run our code on a GPU in order to greatly acceler-
ate the execution with the Tensorflow backend. The network
parameters are set to:

1. Batch size: 4
2. Step size: 5

3. Number of epochs: 100

3.2. Metrics

To evaluate the performance of our NASNet-Large segmen-
tation net, we use the dice coefficient index as a similarity
metrics to indicate the goodness of the segmentation results
since the dice score is currently widely used in the segmenta-
tion task. Furthermore, we also report the IoU score. The two
metrics are defined in the following formula:

3The dataset is available at:
YoushanzZhang/Lung_Segmentation)

https://github.com/
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Fig. 4: Ground truth VS. prediction results. The first row is
the ground truth mask overlay with the raw image, and the
second row is the prediction result overlay with the raw im-
age.
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where A is ground truth mask, and B is the prediction mask.

Dice =2 % IToU

Table 1: Segmentation results comparison

Methods IoU Dice score
Segnet [19] 0.82 0.87
U-Net 0.84 0.88

Deep-Lab 0.85 0.89
Nastnetlarge-net 0.86 091
Nastnetlarge-net-Post 0.87 0.92

3.3. Segmentation results

As shown in Fig[] it compares the predicted segmented lung
image with the ground truth image in the test dataset. The pre-
diction image is close to the real mask, which demonstrates
the high performance of our model. We also compare pre-
diction results with state-of-the-art methods. Tab. [l lists the
comparison results of different models (Notice that the met-
rics are only reported on the lung area and exclude the back-
ground area). Our Nastnetlarge-net has a higher IoU and dice
score than other models, and we also observe that the post-
processing layer outputs the highest scores, which illustrates
that the post-processing layer is useful in the segmentation
tasks.

4. DISCUSSION

One of the distinct advantages of our model is that it achieves
a higher dice and IoU score. And there are two reasons: the

Fig. 5: Two failures in our model. The first row is caused by
the light parts and the second row is caused by the dark parts.

designed NASNet-Large segmentation net is suitable for im-
age segmentation, and the post-processing layer filters out
the unnecessary parts in the image, which improves the seg-
mented results. Although our model achieves a 0.92 dice
score, it still fails in some cases. As shown in Fig. E[ we
observe that the segmentation results are worse in these two
situations. There are also two reasons, and one is that there
is no similar image in the training dataset, which leads to low
performance. Second is that our model is not robust enough
to deal with some unusual images. Compared with the nor-
mal training images as shown in Fig. [3| two worse raw images
(in Fig. E[) are either too light (first row) or too dark (second
row), and it is even difficult for a human to distinguish the
lung area and other tissues. A straightforward solution is to
include more similar images in the training images.

5. CONCLUSION

In this paper, we are the first to present a lung segmenta-
tion using the NASNet-Large-decoder architecture, and we
get an accurate segmentation with a 0.92 dice score. A post-
processing layer is employed to remove the unnecessary part
of the prediction map. The proposed model can also be ap-
plied to a wide area of different medical image segmentation
tasks. Our objective in the next stage is to design a more ro-
bust encoder and decoder model for application in all different
cases.
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