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 Bronchial airway structure and morphology identification is very useful for analysis 
of many lung diseases. Since, the human tracheo-bronchial tree is a dyadic non-symmetric 
branching network which is very complex and its manual tracing is quite tedious and unwieldy. 
Moreover, automatic detection techniques for airway are quite challenging. This is due to its 
complexity and fading off the airway intensity because of the smaller asynchronous branching 
and noise in the image reconstruction. In this paper, an unsupervised approach for segmentation 
of localized airway has been proposed after segmenting the lung region. Firstly, airways are 
segmented out by using 3D region growing techniques with intensity constrained to prevent 
leakages. This results in limited segmentation of airways due to partial volume effect and leakage 
risk. Further, deeper bronchial branches are segmented by applying adaptive morphological 
techniques on 3D segmented lungs. Then, these two results are combined followed by 3D region 
growing to get complete segmentation of airway. The proposed technique is tested on Exact’09 
20 test cases and evaluated by Exact’09 team. The performance of the proposed approach is 
quite reliable in segmenting distal branches with reasonable leakages. The advantage of this 
scheme is that it is easy to implement, fully automated, and time efficient.

Keywords: Airway; Computed Tomography (CT); Medical Image Processing;
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 Lung airway diseases namely cystic 
fibrosis,Bronchiectasis, asthma and Chronic 
Obstructive Pulmonary Disease (COPD) are quite 
important to be treated soon as they cause the 
narrowing and blockage of airway tubes which 
results in breathlessness1. Most of the people 
suffers from both forms of COPD namely, chronic 
bronchitis and emphysema which ultimately results 
in damage of the lung. These diseases are often 
related to morphological changes. Analysis of 
chest with Computed Tomography (CT) gives an 

indication of pathological changes and information 
about airway related diseases. But manual analysis 
of 3D CT volume having 300-500 slices in each 
volume one by one is quite cumbersome and a 
very slow process. However, the tracing of these 
structures can be helpful in planning as well as 
guidance of various surgeries like bronchoscopy, 
laparoscopy and neurosurgery.
 Visual appraisal of tracing and marking 
a number of airways discerned by the human eye 
is quite tedious. Further, it is also not possible to 
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be segmented by a simple algorithm. The main 
reasons for the mentioned problems are noise in the 
image, limited intensity distribution and diseases 
like bronchiolitis, mucus and other anomalies 
which result in non-connected airway segments. 
Moreover, there is no gold standard for identifying 
airways. Its judgement is done by generation 
number (i.e. number of splits in the tree), branch 
number and total tree length2. As image noise/
artifacts have high impact on small airways, the 
problem of leakage causes fusion of airways with 
lung tissues having deeper branches of airways. 
Both semi-automated and automated methods of 
computerized airway segmentation may relatively 
reliable and serve a great value. 
 Segmentation is also very helpful for 
volume estimation and visualization of structure’s 
surface region. The most common method of 
segmentation involves region growing which uses 
large variation in contrast between tracheas and 
surrounding tissues3-6 in direction to initialize the 
location of the seed point. After initialization of 
seed point, either normal or adaptive 3D region 
growing approach is applied as general method 
to segment out large airways from CT dataset. 
This method is fast and efficient only if intensity 
threshold criteria is met. Region growing fails 
in case of small airways because of noise in the 
images and artefacts that causes broken edges. 
This results in airway segmentation leaking into 
lung parenchyma. This also happens due to similar 
voxel intensities of these two structures in deeper 
region of lungs. 
 To extract higher generation airways, 
authors have used morphological, knowledge/
template based, vesselness filter, shape analysis, 
fuzzy logic and recently convolution neural network 
techniques. Morphology based reconstruction 
techniques were used to detect airways and 
connect them7-9. This method is quite efficient but 
performance deteriorates when the slices are not 
perpendicular. In knowledge or template-based 
methods, prior knowledge of anatomical structure10, 
set of predefined masks11-12 or a tree structure13 are 
used to facilitate the search of airways in lung 
section. These techniques are time taking and 
fails to detect very small airways. Other methods 
include enhancement of the tubular structures 
based on vesselness filter14-16. Method proposed 
in16 further improved the basic method14by 

considering the ratio of Hessian eigenvalues to 
remove the dependency on the structure contrast. 
This method suffers drawback of poor response at 
bifurcations and small structures. Analysis of shape 
was carried out by identifying elliptical structure 
of airways and using a graph search technique to 
combine the detected tubes17. To avoid leakages 
and minimize the possibility of falsely detected 
airways, fuzzy rules were proposed in18-20. Further, 
graph refinement approach as a probabilistic model 
is shared in21.
 In comparison to hand crafted traditional 
approachesin7-21, Convolutional Neural Network 
(CNN) based self-learning techniques are 
becoming quite popular. Image classification task 
proposed by22-24was outperformed by25-27 which 
uses weight-sharing techniques to train the filter 
banks. Classification based leakage detection 
and removal was proposed by28 to minimize the 
leakage problem. A 3D U-Net based architecture 
was proposed in29-31 for extraction of airways from 
volumetric image dataset. High quality segmented 
airways from incomplete labelled training datasets 
method was also recommended32. Voxel-by-voxel 
airway segmentation using 2.5D CNN which 
is trained in supervised way is featured in33 and 
CNN with Unet architecture is proposed by34. 
CNN methods require lot of data preparation 
and performance deteriorates for small airways 
especially in low-attenuated areas.
 In this paper,  an automated and 
unsupervised method for airway segmentation 
involving reconstruction morphology and two 
stages of region growing is proposed. The first stage 
of region growing is performed to detect trachea 
and part of airways which are basically large sized. 
The reconstruction morphological technique is 
employed to detect and segment distal airways 
in the localized areas of segmented lung. Then, 
the results of these two approaches are joined and 
further followed by second stage of region growing 
for refining the segmentation result by removing 
non-airway sections. The proposed approach is 
applied on 20 sets of test datasets provided by 
Exact’09 team35during the airway segmentation 
challenge. 
 The rest of the paperis prepared as 
follows. In Section 2, airway anatomy with branch 
details are given. Section 3 describes the materials 
and methodology used for airway segmentation. 
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The results and discussion part are shown in 
Section 4.Further, brief summary and conclusion 
of proposed work with future scope are presented 
in Section 5.
Airway Anatomy
 The respiratory system which helps in 
exchange of air has three major parts: airways, 
lungs and respiratory muscles. Nose, pharynx, 
larynx and trachea comprise of conducting zone 
which are outside the lungs whereas bronchi and 
bronchioles forms respiratory zones which are 
inside the lungs. The length of the trachea is about 
4.5 inchand diameter is 1 inch. Trachea extends 
into two main bronchi which are located inside the 
lungs. Right bronchus is longer than left one. Each 
bronchus partitions into secondary bronchi which 

again branches off to tertiary bronchi. These are 
further subdivided into terminal bronchioles. There 
are around 30,000 bronchioles which lead to alveoli 
via alveoli ducts. There are 23 generations from 
trachea to last order of bronchioles1. Conducting 
zone represent first 16 generations while 17-23 
generations are represented by respiratory zone. 
The airway architecture is illustrated in Fig 
1.The estimation of number of branches in every 
generation is indicated in Table 1.

MAteriAls And Methods

 In an input volumetric 3D chest scan, 
let I denote a voxel (x, y, z) and I(x,y,z) denotes 
the intensity value of the voxel. The chest scan I 

Fig. 1. Schematic diagram of airway layout[36]
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consist of stack of isotropic 2-D transverse-plane 
sections denoted by Äx and Äy, which is equal 
to 0.5mm. The section spacing is denoted by Äz 
and ranges from 0.6mm to 1.25mm.The proposed 
scheme commences with preprocessing of images 
to minimize noise artifacts. In general, greyscale 
range in CT images range from -1024 to 700 
Hounsfield units (HU). Lung tissues filled with 
air and airway lumen arein range from -1024 HU 
and -850 HU6.The high-density tissues like airway 
walls and blood vessels are in range between -300 
to -50 HU and harder ones like bones are above 
300HU. The dataset used in proposed work consists 
20 volumetric 3D chest scan of test cases from 
Exact’09 challenge35. 
 The flow diagram of the proposed scheme 
is illustrated in Fig. 2. The 3D chest scan through 
CT generates volumetric images in the form of 
contiguous slices which serves as input data in the 
proposed scheme. The images reconstructed with 
high-spatial frequency gives well defined sharp 
edges of airway outline but mostly noise which 
is a common factor in imaging. At starting, data 

is preprocessed to minimize unwanted noise. In 
the proposed scheme, input data is passed through 
two stages individually. The first stage comprises 
of thresholding and 3D region growing approaches 
in which trachea are detected and conducting 
zones branches are segmented from the input 
data. Whereas in second stage, the airway region 
present inside the lung area is segmented out after 
segmenting the region of interest (i.e. lung). The 
output of these two stages are combined. For 
refining the segmentation result, 3D region growing 
method is applied once again in the combined 
output of the two stages.
trachea detection and 3d region Growing 
(stage i)
 In this stage, first few images of volume 
CT are used as first slice may not start with 
trachea. Using Otsu’s thresholding method, all 
intensity values in image is set as 1 if it is greater 
than globally determined threshold value or as 0 
otherwise. Then, the border is cleared to remove 
outside region. Now,only trachea is present with 
some small region having intensity value of 1. After 

Fig. 2. Flow diagram of the proposed scheme
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table 1. Number of airway branches with 
respect to generation [34]

S.  Generation  Number of 
No. Number Branches

1 0 th 1
2 1st 2
3 2nd 4
4 3rd 8
5 4th 16
6 5th 32
7 6th 64
8 7th 128
9 8th 256
10 9th 512
11 10th 1024
12 11th 2048
13 12th 4096
14 13th 8192
15 14th 16384
16 15th 32768
17 16th 65536
18 17th 131072
19 18th 262144
20 19th 524288
21 20th 1048576
22 21st 2097152
23 22nd 4194304
24 23rd 8388608

removing these small regions, we trace trachea 
whose center coordinates can be found out which 
acts as input seed point for region growing method. 
 The basic 3D region growing with trachea 
location as seed point gives trachea, main bronchus, 
secondary bronchioles and some branches going 
inside the lungs. The 3D region growing is a very 
simple and efficient technique to separate out 
regions having constraint intensities. The main 
idea starts with seed point extracted from trachea 
location. If intensity of voxel Iv(x,y,z) <T, then 
voxel is added with the seed else rejected. This 
condition is checked for six-connected path of 
voxels. Threshold T is a constraint value which is 
decided by following two constraints6 :
• Current voxel grey level should be within 5% 
the classified airway lumen voxel’s mean grey 
level value.
• Six connected neighbors of working voxel should 
have grey level values within 5% of mean airway 
lumen grey level value.
 If the range of threshold T is kept large, 

detection of airway lumen can slip into lung 
parenchyma area. T is obtained experimentally by 
observing the range of distribution from manual 
selection and studying the pattern of pixel intensity 
distribution inside airway lumen. Some of the 
output of stage I is shown in Fig 3.
Airway segmentation inside lung region (stage 
ii)
 In this stage, the two lungs are segmented 
out initially for achieving localized detection of 
airway pixel inside the lung area which includes 
distal airways also. For this, optimal thresholding 
is implemented on slices. The selection of threshold 
is adaptively done based on pixel range at the 
background and foreground. Optimal thresholding 
method leads to enhancement of the image. Then, 
the morphological open and close operations are 
applied which results in segmentation of entire two 
lung regions from trachea, main bronchi, outer area 
and background. The label matrix of different areas 
is obtained by connected component analysis. This 
helps in removing unwanted regions and acquiring 
the right and left lungs. The sample results of 
segmented lung in 3D view are shown in Fig.4.
 The CT slices are smoothened with 
4-connected low pass filter to reduce noise 
and followed by gray-scale reconstruction7-8. 
Reconstruction of image is often referred as 
geodesic operator of morphology operation. This 
concept can be applied in both binary and grayscale 
images. 
 (a) Binary reconstruction: In binary 
reconstruction, successive geodesic dilations 
are performed inside a mask Xusing a set Y 
and non-empty connected components of X are 
progressively filled with interaction with Y37. The 
reconstruction of X with Y X is obtained by Eq. 
(1):

 ...(1)

 where;  = ,  

= ,Marker (Y) is 
a subset of mask (X),B is the structuring element, 
Marker Y is the localized area where dilation is 
performed,X is the image operated on,  is dilation 
operator and  denotes intersection.
 (b) Grayscale reconstruction: In grayscale 
image, reconstruction is useful for image filtering, 
segmentation as well as in feature extraction 
tasks. The concept of binary reconstruction can be 
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Fig. 3. Samples output obtained from stage I

Fig. 4. Sample results of 3D Lung Segmentation

Fig. 5. 3D model of airways segmented from inside of the lung region

extended to grayscale. Here, it takes the successive 
thresholds Tk(I) of image I into consideration for 
decomposition of image. With this, the peaks of the 
mask marked by the marker image are extracted 
by reconstruction. Alternately, this transformation 
can be introduced by the use of geodesic dilation. 
 Airways and vessels pictorially represent 
grayscale valleys and peaks in lung images. 
Using grayscale reconstruction technique, the 
local minima in lung images is detected to locate 
airway pixels. As diameter of airways vary from 
few centimeters to millimeters7,when it goes down 
in the lung Then, repeated closing operations are 
implemented with multiscale structure element Bn 

represented by Eq. (2) to achieve marker image.

 ...(2)
 where;B is 4-connected binary structure, 
which is n times dilated. Here,nranges from 1 to 
8.The local valleys are filled by morphological 
closing to get marker image which is expressed as 
Eq. (3).

...(3)
 where; X is original CT image, i is slice 
number, & are dilation and erosion operators 
respectively. The image with highlighted airway 
locations is formed by computing maximum value 
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Fig. 6. Sample results of final 3D airway segmentation

Fig. 7. Results obtained in each stage of proposed scheme for Case 36: (a) simple region growing in stage I, (b) airway 
segmented from lung region in stage II, (c) combination of output of stage I&II, and (d) Final 3D segmented airway

of gray-level from pixel-to-pixel represented by Eq. 
(4).

 ...(4)
 To get potential airway locations, 
grayscale difference image is computed by using 
Eq. (5).

 ...(5)
 The difference image D shows the bright 
clusters of pixels according to their depth and 
locations in original image. But not all of the bright 
clusters are airways, some of them are non-airways 
also. To achieve probable airways, difference image 
D is thresholded with Th. The threshold value (Th) 
is found out by using Eq. (6); in which f is set at 
0.3.
  

...(6)
 The output of this step gives not only 
airways but few non-airway regions too as the 
thresholding can’t give this demarcation strictly. 
Some of the sample output of segmented airways 
present inside the lungs are shown in Fig 5.

Final 3d Airway segmentation
 The airways segmented from stage I gives 
preliminary results with trachea, main bronchi and 
secondary bronchi. The stage II is performed to 
get much deeper airway branches imbibed in both 
the lung regions. The results of these two stages 
are combined to get airway tree. The combined 
airway in this stage contains many false positive 
cases which were detected in stage II. Therefore, 
3D region growing approach is performed once 
again to exclude those false segmented regions to 
get the refined segmentation result. The sample of 
final segmentation result of 3D airway volume are 
shown in Fig. 6.

results And discussion

 The proposed approach has been employed 
for automatic segmentation of 3D airways. This 
approach is tested on publicly available twenty 
test cases of Exact’09 challenge. For evaluation, 
seven measures namely tree length, tree length 
detected,branch count, branch detected, leakage 
count, leakage volume and false positive rate are 
used to assess the airway segmentation scheme. In 
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Fig. 8. Detected airways of all 20 test sets. The rendering shows a projection of true positive in green and false 
positive in red

the branch length and count assessment, trachea is 
excluded. For leakage measures, both main bronchi 
and trachea are excluded. The result obtained in 
each stages of proposed scheme for Case 36 are 
shown in Fig. 7. This can be observed that after 
combining the results of two approaches of stages 
I & II, we get airway with many false cases as 
shown in Fig 7(c). Most of these false cases are 
removed by performing region growing once again. 
The final result is shown in Fig7(d). The result of 
3D airway segmentation obtained from proposed 
scheme is evaluated by Exact’09 team in terms of 
above-mentioned measures and tabulated in Table 
2.Fig. 8 shows tree branches detected by proposed 
approach along with true positive and false positive 
rendering.

 While comparing the performance of 
proposed scheme with reference standard presented 
by Exact’09 team35, it is found that the tree length 
detected (%) and branch detected (%) of Cases 
21, 27, 35, 37, and 38, is quite comparable. When 
considering Case 38, the result obtained from 
proposed scheme are same as reference standard 
in terms of branch detected (%) and tree length 
detected (%). From Fig. 8, it can be observed 
that Case 24, 26, and 27 have less false positive. 
Therefore, the false positive rate and leakage 
volume is found to be small. Hence, the leakage 
data are acceptable in such cases but somewhat 
found to be on higher side in other cases. This is 
primarily due to the lower dose (noisy) and different 
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Fig.9. Visual comparision of airway segmentation performed by simple region growing and proposed approach

severity level abnormalities in Exact’09 datasets. 
Moreover, segmentation of very small bronchioles 
is indeed a difficult task as the quality of image 
is affected by radiation dose, slice thickness and 
reconstruction kernel. The diminishing size of 
small bronchioles and gradual reduction in intensity 
variation between airway lumen and airway walls 
in deeper section of the lungs leads to blurring 
effect. 
 The longer lengths of branches have been 
segmented from proposed scheme when compared 
with what retrieved from simple region growing 
method in addition to greater number of branch 
count. The side-by-side visual comparison of 
airway segmentation result for all twenty test cases 
with single region growing method and proposed 
scheme is depicted in Fig 9. 
 Nevertheless, the results of the proposed 
scheme from unsupervised approach serves as 
a rivetingdatum for further improvements that 

can be done with more elaborative approaches. 
However, this usually requires more program 
coding (with its maintenance costs), physical 
models, parameter changes (with its overfitting 
difficulties) and run-time. The charm of the 
proposed algorithm strengthens from the fact that 
it’s fully automatic, simple in implementation, quick 
runtime and requires no training process. CNN 
techniques28,31-34 requires lot of data preparation 
and are computationally expensive. Further, no 
parameter tuning has been done as in8. We worked 
on online provided data of Exact’09 which consists 
of all types of data achieved from different sites as 
compared to9,8,15.
 Airway tree segmentation is a difficult 
task from volumetric CT images of clinical-quality 
or low-dose. The anatomy-concerned reasons 
are airway obstructions related and movements 
induced by heartbeat. Airway wall’s grey level 
values changes substantially as moving gradually 
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table 2. Result obtained from proposed scheme for twenty cases in the test set of Exact’09 datasets

Case  Branch  Branch  Tree length  Tree length  Leakage  Leakage  False positive 
No. count detected (%) (cm) detected (%) count volume (mm3) rate (%)

Case 21 113 56.8 56.0 50.7 40 1209.4 14.45
Case 22 54 14.0 37.7 11.4 34 2172.6 22.29
Case 23 33 11.6 25.7 9.9 16 319.7 4.85
Case 24 48 25.8 46.4 28.5 5 41.5 0.37
Case 25 110 47.0 83.0 32.9 48 4956.7 21.58
Case 26 20 25.0 14.0 21.3 2 3.0 0.19
Case 27 48 47.5 33.8 41.7 14 66.3 1.25
Case 28 65 52.8 45.0 41.0 13 719.4 9.96
Case 29 86 46.7 56.5 40.9 20 310.1 3.87
Case 30 94 48.2 63.3 41.4 22 1102.3 13.86
Case 31 112 52.3 76.0 43.3 29 1210.3 9.88
Case 32 104 44.6 85.1 39.1 40 2622.7 16.73
Case 33 78 46.4 56.6 38.5 27 1020.0 14.36
Case 34 250 54.6 180.2 50.4 154 2310.4 9.12
Case 35 140 40.7 104.2 33.7 54 677.3 5.02
Case 36 120 33.0 111.3 27.0 50 1330.7 11.62
Case 37 54 29.2 42.0 23.6 17 2376.2 20.99
Case 38 36 36.7 27.8 41.8 14 2478.6 31.35
Case 39 111 21.3 94.3 23.0 51 605.5 5.82
Case 40 110 28.3 97.0 25.1 48 1879.5 11.00
Mean 89.3 38.1 66.8 33.3 34.9 1370.6 11.43
Std. dev. 51.0 13.8 38.6 11.7 32.4 1208.7 8.26
Min 20 11.6 14.0 9.9 2 3.0 0.19
1st quartile 48 25.8 37.7 23.6 14 319.7 4.85
Median 90 42.7 56.6 36.1 28 1155.9 10.48
3rd quartile 113 52.3 97.0 41.8 50 2376.2 20.99
Max 250 56.8 180.2 50.7 154 4956.7 31.35

deep through airway generations. The walls of the 
airways are mostly in the range of 0 to -200 HU in 
the trachea part. But further down the tree, the gray 
values in the 5th or 6th generation (for example) are 
found to be in the range of -300 to -800 HU. This 
variation occurs due to the limited volume effect 
affected by the X-ray beam collimation and also 
because the airway walls get thinner in the deeper-
generation airways which gets more sensitive 
during the CT scanner’s sampling process.
 

conclusion

 A simple, robust, time efficient and 
unsupervised approach for airway segmentation 
based on localized search of airway regions inside 
segmented lung region is proposed in the paper. A 
3D region growing algorithm provides the primary 
branches of airways which is followed by airways 

segmentation inside the two lung lobes. Then, 
these results are combined and again 3D region 
growing is appliedin order to reject non-airways 
detected in the process. The performance of the 
proposed work is tested on Exact’09 test cases. The 
proposed approach includes automatic algorithm 
for achieving precise seed location in trachea. One 
of the difficulties in a generalized segmentation 
algorithm is that the chest CT scans are acquired 
from different sites using different CT scanners, 
scanning protocols, and reconstruction parameters. 
CT scans also suffer from noise and low contrast, 
particularly at peripheral branches. This creates a 
challenge for automatic methods to balance the 
extraction of deeper airway branches and avoid 
the leakage of airway region into the surrounding 
lung parenchyma. The evaluations on Exact’09 
platform is used for comparative analysis only as 
there is no gold standard for airway segmentation 
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till date. Though the proposed approach is found to 
be quite promising, stable and time efficient across 
scanning parameter variations, the absence of small 
parenchymal leakages is still not guaranteed. The 
proposed scheme can be extended for distal and 
peripheral branches identification for further scope 
of research. This may lead to improve the existing 
results in future by integrating with the proposed 
algorithm.
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