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ABSTRACT The airway tree is one of the most important part in human respiratory system. Airway
segmentation plays a crucial role in pulmonary disease diagnosis, localization and surgical navigation.
We propose a novel method to improve airway segmentation in thoracic computed tomography(CT) using
deep learning. In order to take into account the multi-scale changes of the airway and achieve accurate
airway segmentation, we design an end-to-end Tiny Atrous Convolutional Network (TACNet) based on
3D convolution neural network. In view of the difficulty of classification due to the numerous branches
of airway, two evaluation factors, namely, the angle of airway bifurcation and the buffer length of airway
bifurcation are designed, which are used for airway classification by combining the centerline extraction.
We train TACNet on the inspirator thoracic CT scans with ground truth, which are generated by clinicians
and evaluate on our own clinical data sets and EXACT’09 data sets. Compared with state-of-the-art airway
segmentation algorithms, proposed algorithm in this paper achieve very competitive results in 20 test datasets
of the EXACT’09 challenge. The experimental results show that the algorithm proposed in this paper has
high robustness and advantages regardless of airway segmentation or airway classification. In 20 test datasets
of the EXACT’09 challenge, the average airway tree length detection rate is the best in the public literatures.

INDEX TERMS Airway classification, convolutional neural network, deep learning, semantic segmentation,
CT, medical image.

I. INTRODUCTION
A. BACKGROUND
Airway is an important part of human lung and a primary
channel for enabling airflow between the human body and
the external environment. As the lungs and airway are directly
in contact with the external environment, they are inevitably
affected by stimulants such as haze, pollutants, allergens,
dust and chemicals in the air. Over the last few decades, the
prevalence of respiratory diseases has been increasing [1].
Chronic obstructive pulmonary disease (COPD) has been
predicted by WHO to be one of the leading causes of death
by the year 2020 [2].
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The airway is a hollow cartilaginous tube generally located
as a midline structure displaced slightly to the right and
marks the beginning of the tracheobronchial tree. A series
of airway cartilages joined together by annular ligaments
provides structural integrity from collapse. At the level of
the sternal angle, the airway bifurcates into the right and
left main bronchi. They undergo further branching to pro-
duce the secondary bronchi. Each secondary bronchi sup-
plies a lobe of the lung, and gives rise to several segmental
bronchi. Along with branches of the pulmonary artery and
veins, the main bronchi make up the roots of the lungs.
The segmental bronchi undergo further branching to form
numerous smaller airways-the bronchioles. Human airways
appear as a treelike branching network of tubes that enable
airflow into the lungs through the trachea. From the air-
way to the terminal bronchioles, an airway tree consists of
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approximately generations of branches, beyond which alveoli
begin to appear and ultimately terminate at the alveolar sacs
where most gas exchange occurs [3].

As the airway tree shows unique structural characteristics,
pulmonary disorders are usually associated with morpholog-
ical changes in the lungs and airway [4]. The pathological
changes of the airways are often accompanied by changes
in the anatomical structure of the airway [5]. Therefore,
information about the anatomical structure of the lungs and
airway is often used in the diagnosis of pulmonary disorders
and the evaluation of therapeutic effect fovariety of appli-
cations and constitutes an important part of computer-aided
detection (CAD) of lung diseases in medical imagining.
It enables improved objectivity and repeatability in medical
image diagnosis, increase in diagnostic efficiency, and can
promote the transformation of image quantitative diagnosis
mode [6]. CT image segmentation of pulmonary tracheo-
bronchial tree is the basis of pulmonary function area divi-
sion and pulmonary pathological parameters measurement,
and is also an important part of the application of surgical
navigation. However, due to the effects of motion artefacts,
imaging noise, partial volume effect and lumen mucus, the
density or gray distribution of the lumen in the lung and
airway is very uneven, and the end of the lumen is prone to
local wall rupture, which is easy to diffuse into the pulmonary
parenchyma during bronchioli segmentation. Therefore, pul-
monary airway tree segmentation is a difficult research topic.

B. RELATED WORK
In recent years, there have been many automatic or semi-
automatic segmentation methods of lung and airway tree
based on CT images. Peng Shuangquan [7] proposed a
3D lung-airway tree segmentation method which combines
region growth with morphological gray reconstruction. This
method used threshold segmentation and morphological
closed operation to realize lung airway tree segmentation.
The method based on active contour is introduced into the
segmentation of lung and trachea, and the rough segmentation
results are obtained in 3D images. Then, the separated parts
of the rough segmentation results are connected by gray
reconstruction method. Finally, the bronchial tree is extracted
by using 3D region growing. He Ruihua et al. [8] designed a
fully automatic segmentation method for 3D bronchial tree
based on active contour model. Fabija ska et al. [9] used two
passes of 3D seeded region growing to address problem of
pulmonary airways investigation based on high-resolution
multi-slice spiral CT chest scan. Zijian B et al. [10] pro-
posed a new machine-based learning method to extract air-
way and non-airway voxel samples using optimized sampling
procedures, and used random forest classifier to determine
whether each voxel belongs to Airway class. Irving et al. [11]
proposed a method of airway and main bronchus segmen-
tation based on threshold and region growth was proposed.
The bronchus was accurately segmented by morphological
filtering and reconstruction, and the leak was removed by
edge dilation. Lo et al. [12] presented a method for airway

tree segmentation that uses a combination of a trained airway
appearance model, vessel and airway orientation informa-
tion, and region growing. In EXACT’09 Pulmonary Airway
Segmentation Challenge Competition, Lo et al. [13] pro-
posed 15 airway segmentation algorithms, most of which are
based on region growth, morphological processing, and some
other medical image segmentation algorithms. Xu et al. [27]
proposed a computational framework to accurately quantify
airways through a novel hybrid approach for precise seg-
mentation of the lumen. Lee et al. [29] used multi-scale
filtering and support vector machine (SVM) classification
to automatically segment the airway regions on 3D vol-
ume chest computed tomography (CT) scans. Lo et al. [31]
presented a method for airway tree segmentation that uses
a combination of a trained airway appearance model, ves-
sel and airway orientation information, and region grow-
ing. Weinheimer et al. [32] presented a method for fully
automated extraction of airways from volumetric computed
tomography (CT) images based on a self-adapting region
growing process. These methods based on traditional image
processing have some limitations in segmentation accuracy
and robustness.

In 2012, due to the proposal of AlexNet [14], deep learning
began to be widely used in the field of computer vision, espe-
cially the proposition of FCN [15], U-Net [16], V-Net [17],
and the application of convolutional neural network (CNN) in
image segmentation appeared in large quantities. In the aspect
of lung and airway segmentation, [18]–[20] and others have
proposed CNN-based methods [21].

Jihye Yun et al. [22] designed a 2.5D-based pixel-level
airway segmentation model for leak detection. The network
structure improved the detection rate of airway, and the false
positive rate was relatively low, but the network was realized
by iteration. Charbonnier et al. [28] also presented a method
to improve a given airway segmentation by detecting leaks in
the segmented airways using ConvNets. Qin et al [33], [34]
proposed AirwayNet and AirwayNet-SE mainly based on
voxel-connectivity aware approach to perceive the tree-like
pattern and comprehend the connectivity of airway. These
methods have achieved good results in airway segmentation,
but there is still room for further improvement. At the same
time, these methods do not mention the realization of airway
classification.

Therefore, in view of the shortcomings of existing solu-
tions, this paper proposes a lung CT airway tree segmentation
and classification method based on deep learning, and carries
out experimental tests on clinical data set and EXACT’09
public data set. Quantitative evaluation is carried out by using
EXACT’09 official evaluation index andDice similarity coef-
ficient. The number of branches detected at each level, the
detection rate and the correct detection rate at segment level
are given. The main structure of this paper is as follows:
Section 2 mainly describes data sources and annotations;
Section 3 details the segmentation and classification methods
proposed in this paper; Section 4 is the experiments result;
Section 5 is the conclusion.
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FIGURE 1. Marking Airway gold standard using ITK-SNAP.

II. DATA AND GROUND TRUTH
A. DATA
The proposed TACNet was trained and evaluated on a ran-
domly selected set of 100 clinical thoracic CT scans and
EXACT’09 challenge public dataset. Clinical datasets were
collected from Shao Yifu Hospital affiliated to Medical Col-
lege of Zhejiang University, Zhejiang People’s Hospital and
Guizhou People’s Hospital in May 2016, August 2017 and
October 2018, respectively. All scans were reconstructed to
512×512 matrices with DICOM format, with in-plane voxel
sizes between 0.3mm and 0.65mm, slice thickness between
0.5mm and 2.0mm, aged 18-85 years, weighing 40-108 kg
and clinical diagnosis included pulmonary nodules, pneumo-
nia, bronchiectasis, pneumothorax, emphysema. The public
dataset EXACT’09 officially provided 40 cases of CT data,
CASE01-CASE20 for training and CASE21-CASE40 for
testing. The data was obtained from different research teams,
CT scanning equipment, reconstruction algorithm, radiation
dose and so on. The thickness range was 0.6mm-1.25mm.
In clinical dataset, 80% of the cases were randomly selected
for training, 10% for validation and 10% for test.

B. GROUND TRUTH
Except for EXACT’09 data, all clinical data was subjected
to semi-automatic labelling to obtain gold standard. The par-
ticipants in labelling are radiologists who had worked in the
radiology department for more than 10 years. ITK-SNAP
[23] is the software used by radiologists to label the gold
standard as shown in Figure 1. The marking is carried out in
two rounds. Markers in the first round are randomly assigned.
After each task is completed, all marking results are summa-
rized. The second round is mainly to find out the areasmarked
in dispute. Therefore, all markers are required to make a
second discrimination and pass the marking task. The voting

method is used to determine these disputed areas, and finally
all the marking results are summarized to obtain the final gold
standard mask.

III. METHOD
The methods of airway segmentation and classification pro-
posed in this paper include data pre-processing, airway
segmentation, post-processing and airway classification as
shown in Figure 2.

A. DATA PREPROCESSING
All data used in this paper are diverse, such as in the thickness
of the slices. At the same time, because the volume of the
overall data of lung CT images is very large and the actual
computer memory capacity is limited, all data needed to be
pre-processed before segmentation. The pre-processing used
in this paper includes: (1) Interpolation: The thickness of
DICOM data collected from medical imaging equipment is
different in different dimensions. In order to standardize the
data, it is necessary to interpolate medical data. In this paper,
bilinear interpolation method is used to interpolate lung
DICOM data to the smallest spacing. (2) Lung segmentation
and crop: The main purpose of lung segmentation is to obtain
the region of interest (ROI) of the lung. The bounding box is
obtained according to the size of lung parenchyma in different
cases. This bounding box serves as the ROI for subsequent
airway segmentation. At the same time, the heart, the air area
outside the body and non-pulmonary areas such as ribs were
removed. (3) Setting sliding window grids: Considering the
memory consumption of the computer, the size of input data
is set as 96× 96×96. We use a sliding block method in each
CT to obtain the input data. (4)Data augmentation: Data aug-
mentation is mainly used to enhance the generalization ability
of the model, while preventing model from over-fitting. Since
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FIGURE 2. Flow chart of airway segmentation and classification.

FIGURE 3. TAC network structure.

the airway branch of the lung is a tubular structure of different
thicknesses and presents an inverted tree structure as a whole,
the operation of translation and scaling is mainly adopted.

B. SEGMENTATION NETWORK MODEL
The name of our model is TACNet (Tiny Atrous Convolu-
tional Network), since the main convolution operation we use
in the network is Atrous convolution. The network architec-
ture is illustrated in Figure 3. The role of Atrous convolution
includes the following two aspects: (1) Enlarge the receptive
field, (2) Capture multi-scale context information. Due to the
tree-like structure of the airway, the size from the main tra-
chea to the bronchi gradually decreases, as shown in Figure 4.
If ordinary convolution operations and the traditional U-Net
[16] network structure are used, the feature map will be
down-sampled multiple times. Although the receptive field
increases, it will cause the size of the feature map to decrease.
Many smaller bronchi will disappear in the feature map or
become no longer obvious after multiple down-sampling,
so we adopted a method of Atrous convolution to adjust the
network structure. The purpose is to ensure that the feature
map does not shrink in size while ensuring the receptive field.
Our network does not have a pooling layer during the entire
design process, and TACNet maintains the original resolution
after each layer as shown in Figure 3.

The proposed TACNet model consists of nine convolution
layers and no pooling layers. The first layer and the last layer
use 3 × 3 ×3 convolution. Atrous convolution[24] kernel
size 3 × 3 ×3 with dilated rate of 2 is used in the second
and seventh layers, and 3 × 3 ×3 atrous convolution with
dilated rate of 4 is used in the third and sixth layers. The

FIGURE 4. Multi-scale tracheal structure (size from large to small).

first eight layers are mainly used for feature extraction to
obtain the semantic information of CT images. At the same
time, a concatenation with the shadow layer feature map
and the deep layer output is performed to fuse the semantic
information of different scales and feed into the next layer.
In particular, the output of the third layer and the output of the
fifth layer are joined together as the input of the sixth layer,
the output of the second layer and the output of the sixth layer
are joined together as the input of the seventh layer, and the
output of the first layer and the output of the seventh layer are
joined together as the input of the eighth layer. The number
of channels from the first layer to the seventh layer is 32, the
number of channels in the eighth layer is 16, the number of
channels in the ninth layer is 1, the batch regularization and
a rectified linear unit (Relu) are used after each convolution
layer. The input of the network is 96 × 96 ×96. Because
the diameter of the main airway and left and right bronchus
outside the lung is larger and need larger receptive field. The
dilated rate of Atros convolution is set to 8 in the sixth layer,
and the remaining part remains unchanged.

C. POST PROCESSING
The results obtained by model segmentation inevitably have
some non-airway regions, which are mainly due to (1) in
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FIGURE 5. The post-processing flow.

some cases, there are different severity lesion areas in the
lung, such as emphysema, bullae, etc., so the segmenta-
tion results will inevitably have isolated false positive areas;
(2) part of the lung edges obtained by clipping will also be
predicted as false positives which need to be removed. There-
fore, a post-processing method for analyzing the connected
region and extracting the largest connected region is used to
obtain the final airway segmentation result.

The post-processing method mainly includes the following
steps: (1) Set a threshold on the output of TACNet to obtain the
binary segmentation result. We set threshold t = 0.5 in this
paper. The output segmentation result of the model is a rough
segmentation result that needs post-processing, as shown
in Figure 5(a). This result contains many scattered or false
positive areas outside the airway, which is not satisfactory.
(2)Connected region analysis. For each connected region that
is independent in three-dimensional space, we label it with
a corresponding independent label. In this process, the label
number is disordered. Themask of the independent connected
region is shown in Figure 5(b). (3) Sort the independent
regions by volume and extract the largest connected region.
Wekeep the largest connected region in the three-dimensional
space, and set the other parts as the background to get the final
valid airway segmentation result. As shown in Figure 5(c-d).

D. CLASSIFICATION OF AIRWAY
Airway classification is mainly used to locate intrapulmonary
lesions, navigate and evaluate the length and integrity of air-
way segmentation. Airway classification plays a vital role in
both quantitative and qualitative analysis of airway branches.
The airway tree is modelled mainly based on the theoretical
airway segmentation models proposed in [13], [25], [26].

In this paper, the main process of airway classification is
as follows:

After the previous post-processing, we got the single label
segmentation result of the airway, as shown in Figure 5(d).
Then we will extract the centerline of the airway to get the
tree-like centerline of the airway. As shown in Figure 6(a).
The centerline of the airway at this time is a connecting line
composed of a single pixel.

Next, we build a tree-shaped data structure for the cen-
terline. The set of all points on the centerline of the airway
is denoted as P. The initial seed point S is selected as the

uppermost point of the airway in the human body coordinate
system. Then we traverse the point on the centerline in the
26 neighborhoods of the seed point. (a) If there is only one
child point in the current neighborhood, the child point will
be labeled the same label as the seed point. (b) If there are
more than two child points in the current neighborhood, the
seed point will be marked as a bifurcation point, and the label
of the two child points will be added one. Then the current
seed point will be removed from the set P, and the child point
will be set as a new seed point S to continue traversing on
the centerline. If there are multiple child points, they will be
set as seed points respectively. The centerline classification
algorithm process is shown in Figure 7. The classification
result of the airway centerline after traversal is shown in
Figure 6(b).

Then for all the pixels of the single-label airway, each point
will be matched with the nearest neighbor on the classified
centerline. When the distance between the current point and a
point on the centerline is the closest, the label of current point
is set as the label of the nearest neighbor on the centerline
until all pixel targets are traversed. The airway tree after the
traversal is shown in Figure 6(c).

In addition, two evaluation factors(the bifurcation angle of
the current airway and the bifurcation length of the current
airway) are introduced to refine the branch of the airway.
These two evaluation factors are used to accurately determine
the current branch series of the airway. The bifurcation angle
of the current airway and the bifurcation length of the current
airway are calculated separately.

1) THE ANGLE OF AIRWAY BIFURCATION
Bifurcation angle refers to the angle between the current
branch and the previous branch. For example, in Figure 6(b),
the angle 6 P1P2P3 represents the angle between the branch
in label3 and the previous branch in label2. Because the
airway presents an inverted tree structure as a whole, and
there are some small branches growing around the left and
right bronchi, the angle between the current branch and the
previous branch can be used to determine that the branch is
the upper trachea.

2) THE BUFFER LENGTH OF AIRWAY BIFURCATION
Bifurcation buffer length refers to the distance between the
current bifurcation point and the next bifurcation point.
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FIGURE 6. Airway centerline extraction and classification.

FIGURE 7. Centerline classification algorithm flowchart.

For example, in Figure 6(b), the distance between P1 and
P2 represents the length of the tracheal branch between the
two points. Because the centerline needs to be extracted in
airway classification, the branches originally belonging to the
same level could be divided into different bifurcation points,
which results in the overall error of airway classification of
this branch. Therefore, the introduction of bifurcation buffer
length is used to tackle this problem.

IV. EXPERIMENTS
A. EXPERIMENTAL SETUP
The proposed model trains 500 generations on NVIDIA
GeForce GTX 1080 with 8GB memory. The Dice similarity
function is used in the training loss function. The initial
learning rate is set to 0.001. We use SGD(stochastic gradient
descent) algorithm as the optimizer. The training set contains
80 data, the validation set contains 10 data, and the test set
contains 10 data.

B. QUANTITATIVE EVALUATION METRICS
The performance of model segmentation is tested on clinical
data test set and EXACT’09 test data set, and the performance
of classification is tested on clinical data test set. Quantitative
evaluation metrics of segmentation test include Dice similar-
ity coefficient as expressed in Formula (1) and EXACT’09

official evaluation indicators. The similarity coefficient is
based on the labelling results of clinical experts. The eval-
uation metrics of EXACT’09 for implementation and use
are listed in Table 1. Classification performance evaluation
mainly refers to the evaluation metrics standard in [13]. The
detection rate of each airway level and the classification
accuracy of segmental bronchus are evaluated by thoracic
radiologists with more than 10 years of clinical experience.

Dice =
2|X ∩ Y |
|X | + |Y |

(1)

where X represents the ground truth mask and Y represents
the predicted mask result. The coefficient 2 in the molecule is
due to the repeated calculation of common elements between
X and Y by denominator.

C. AIRWAY SEGMENTATION INTEGRITY EXPERIMEN
This experiment is mainly used to verify the integrity of air-
way segmentation. The 10 airway ground truth used in the test
are obtained by using the method in Section 2. Table 2 gives
the complete results of this experiment, in which the average
Dice is 0.9032. The average number of airway branches is
215.7, and the detection rate of airway branches is 86.63%.
The total length of airway tree is 394.9 cm, with an average
leak of 8207.9 voxel pixels and the false positive rate is
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FIGURE 8. Number of bronchial detection at different levels.

FIGURE 9. Number of bronchial detection at different levels.

1.44%. The first and third row in Figure 10 are visualization
of comparisons between segmentation results and doctor’s
gold standard, in which the green area is the overlap area
between the segmentation result and the ground truth, and the
red area is the false positive leakage area relative to the gold
standard.

D. AIRWAY CLASSIFICATION EXPERIMENT
This experiment is mainly used to verify the detection rate of
bronchus and classification accuracy at each level. The rate
of detection in each level is determined by the clinicians.

In 10 cases, the detection results of each level of bronchus
are shown in Figure 8. In Figure 8, the abscissa represents the
level of the airway branch (the level of the branch equals to
the label of the classified airway), and the ordinate represents
the number of branch levels. And ref in red indicates the
average number of bronchus in the gold standard in the total
test data set, seg in yellow indicates the average number of
bronchus in the classified results in the total test data set.
The detection rate is set to seg/ref. Main airway (label 1), left
and right bronchus (label 2) and lung bronchus (label 3) are
classified correctly and the detection is complete, the average
number of correct classification of bronchial bronchus (label
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FIGURE 10. Segmentation and classification results in our own test data, (1) green: true positive, red: false positive, in 1st and 3rd row. (2) colormap refer
to Figure6, in 2nd and 4th row.

TABLE 1. Description for measurement.

4) is 18.67, the detection rate is 93.35%, the average number
of subsegmental bronchi (label 5) is 36.3, the detection rate
is 86.4%. The airway after the segmental bronchus has a
large number of branches and is very thin, making statistics
difficult, so the subsequent statistical results are for reference
only.

Figure 9 shows the left and right segment bronchus
classification accuracy. If the corresponding bronchus level
is classified correctly, it will be regarded as ‘RIGHT’, if the
classification is wrong, it will be regarded as ‘WRONG’,
and if it is not segmented, it will be regarded as ‘NOT
COMPLETE’. When evaluating, we count the results of
the left and right lung bronchus separately. Then we calcu-
late an overall classification accuracy score based on this
statistics result. In this experiment, the average bronchus
classification accuracy rate is 85.56%. In Figure 9, the ‘L’
on the abscissa represents Left Lung, and ‘R’ represents
Right Lung. ‘S’ represents the bronchus level. For example,
‘S1’ represents the bronchus labeled in 1, ‘S2’ represents the
bronchus labeled in 2, and so on.

The second and fourth rows in Figure 10 show the airway
classification results of 10 test data. In second and fourth
rows, different colors represent different level of airway
which can refer to the colormap in Figure 6.

E. EXPERIMENTS ON OPEN DATA SET FOR AIRWAY
SEGMENTATION
In order to further test the performance of the segmentation
model algorithm, we test our model on 20 test datasets pub-
lished in EXACT’09 Challenge. The 20 test datasets have
different scan thickness, reconstruction algorithm and inter-
stitial lung disease with different severity. The model test
results include seven performance metrics mentioned in [13].
Table 3 summarizes the performance of different algorithms
on the 20 test data of the EXACT’09 Challenge, from which
we can see the proposed network has the best performance in
many aspects, such as branch count, branch detected and tree
length, compared with other algorithms. Table 4 summarizes
the computed performance measures of our method in the 20
test cases of EXACT’09. Figure 12 is the result of comparison
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FIGURE 11. Segmentation results in EXACT’09 test data (green: true positive, red: false positive).

FIGURE 12. EXACT’09 comparison results from 15 segmentation Algorithms.

with 15 algorithms which is officially given by EXACT’09
after submitting our segmentation results. Among them, the
detection rate of airway branch is 84.9%, the detection rate

of airway tree length is 84.5% and the false-positive rate is
14.29%. Although the false-positive rate is slightly higher,
the airway tree length is considerably higher. The degree of
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TABLE 2. Result on our own test data.

TABLE 3. Comparison of our method and the EXACT’09 methods.

detection rate exceeds all other 15 algorithms. Table 3 shows
the specific comparison between our algorithm and other
scholars’ performance on the EXACT’09 dataset [22]. Since
EXACT’09 did not publicly provide the gold standard of

marking, all the results of the test set were submitted to
the clinician for judgement. The judgement results show
that most of the red areas at the end of airway branch in
Figure 11 are identified as bronchus. But in fact, only a small
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TABLE 4. Performance of the proposed Method on EXACT’09 challenge data.

amount of themain airway lateral segmentation results should
be judged as false positives. Therefore, it can be concluded
that the true false positive rate must be less than the evaluation
results given by EXACT’09.

V. CONCLUSION
In this paper, we propose a novel network named TACNet
for airway segmentationmainly based onAtrous convolution,
which is able to produce competitive results on EXACT’09
public datasets. This model mainly uses Atrous convolution
without downsampling to effectively solve the problem of
airway scale changes. And we further propose an iterative
algorithm to classify the airway based on the tree structure
of the airway. Two evaluation factors, named the angle of
airway bifurcation and the buffer length of airway bifurcation
are designed to evaluate the quality of classified airway.
The official statistics of EXACT’09 show that our results
currently have the best performance on this data set. Based
on the method proposed in this paper, follow-up studies on
the measurement of airway related parameters such as airway
wall thickness, airway diameter and area can be carried out.
Combining the complete lung and lung lobes segmentation,
it has great application prospects in digital medical treatment.
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