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Abstract 

The identification of bronchi on High-resolution CT (HRCT) images of the lung provides valuable clinical 
information in patients with suspected airways diseases such as bronchiectasis. This paper presents a new 
method for automatic detection of bronchi for sparse HRCT data. Using sparse instead of volumetric data helps 
reduce the amount of data needed to be processed and stored. However, additional effort is required to 
compensate the information loss between the slice gaps. The detection method is based on local intensity 
gradient analysis and rule-based classification. The rules are constructed from high-level knowledge about 
bronchial anatomy. A bronchial tree model is used to guide the detection algorithm about the location and the 
number of expected bronchi on a particular image. The method was evaluated on 67 HRCT images and achieved 
73% sensitivity and 83% precision. 
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1 Introduction 

High-resolution CT (HRCT) images of the lungs are 
particularly valuable for assessing diseases of the 
airways. Most lung diseases produce recognisable 
alterations in the lung anatomy that can be captured 
by thin-slice CT scans [1]. Pulmonary airways, or 
bronchi, are one of the most important structures in 
the lungs. They distribute inhaled air to the alveolus 
where oxygen and carbon-dioxide exchange between 
air and blood takes place. The bronchial tree is 
complemented by a system of arterial blood vessels 
and pulmonary veins which transport the blood from 
and to the heart into the lungs [2]. From clinical point 
of view, the identification of bronchi on Computed 
Tomography (CT) images of the lungs provides 
valuable clinical information in patients with 
suspected airways diseases including bronchiectasis 
and constrictive obliterative bronchiolitis [3]. From 
image processing point of view, bronchi can be used 
as landmarks for image registration because their 
branching pattern is relatively static for the first four 
generation [4]. 

New multidetector spiral CT scanners can produce 
threedimensional (3D) volumetric scans of the human 
airway tree consisting of hundreds of two-
dimensional (2D) sections [5, 6]. A typical 3D image 
can include 400 or more 512x512 0.6-mm sections. 
Such amount of data makes manual bronchi 
identification impractical and introduces challenges 

for an automatic method in terms of both storage and 
computational time. Using sparse HRCT scans, 
HRCT scans that have gaps between two consecutive 
slices, instead of the volumetric scans significantly 
reduces the amount of data the computer has to 
process and store. However, it introduces a new 
challenge in which the detection algorithm has to deal 
with the information that is lost between the slice 
gaps. Figure 1. shows two consecutive sparse HRCT 
images of the lungs with 15mm slice gap. 

Even though volumetric data is becoming the 
standard, currently this is not readily available as it 
requires a 16-slice scanner or better to obtain 
volumetric data with a reasonable breath hold. 
Therefore only sparse data scans are available in 
many clinics. Another consideration is the higher 
radiation dose required to acquire the volumetric data. 

On axial cross-sectional images, bronchi running 
perpendicular to the scan plane (vertically oriented) 
appear as high-attenuation circular rings. They will 
appear as elliptical rings if their orientations are not 
perfectly perpendicular to the plane. In a sparse scan, 
this type of bronchi is more informative than those 
running parallel to the scan plane because the latter 
give little information about its size and orientation on 
single slice. Radiologists usually use this type of 
bronchi for the diagnosis of airway diseases, such as 
bronchiectasis. Figure 2 (left and middle) show 
examples of such bronchi on HRCT images. 



 

Figure 1: Two consecutive sparse HRCT images of 
the lungs (left and middle) and their           
approximate slice locations (right) 

 

Figure 2: Examples of bronchi running near 
perpendicular to scan plane of normal (left) and 

diseased (middle) subjects and examples of other 
similar structures (right) on HRCT 

 

Figure3: Method overview 

In this paper, an automatic identification of bronchi 
running near perpendicular to the scan plane on sparse 
HRCT lung images is presented. The method consists 
of two main stages: 1) potential candidate generation, 
and 2) candidate classification. The first stage 
generates all potential bronchi candidates based only 
on the pixel relationship in the local region. It 
essentially lists all dark rounded objects with bright 
walls. In the later stage, high-level knowledge and the 
limited 3D information available to a sparse scan are 

used to decide which candidates are bronchi. The 
overview of the method is shown in figure 3. 

2 Method 

2.1 Potential Candidate Generation 

2.1.1 Locational Analysis 

The first step of the method is to use anatomical 
knowledge to determine the expected location of 
bronchi to guide the detection algorithm. In a sparse 
scan, it is not feasible to reliably trace the bronchial 
tree given the slice gap is greater than 10mm. This 
means the expected locations of bronchi cannot be 
reliably determined by following the result of the 
previous slice. We apply the following anatomical 
knowledge to restrict the bronchi searching process. 

 “Vertical bronchi do not commonly appear in the 
periphery and near the hilum” 

We use our anatomical region characterization 
module [7] to identify the peripheral and near hilum 
regions and then exclude them from the bronchi 
searching space. The region characterization 
technique works well with sparse data. Figure 4 
shows an example of the bronchi searching region 
after applying the module. 

The locational analysis is found to significantly 
reduce the computational time. It is also an effective 
method to avoid detecting others similar structures 
that appear near periphery, such as honeycomb cysts. 

 

Figure 4: Bronchi searching region (highlighted). 

2.1.2 Preprocessing 

Within the region determined in the previous step, the 
image is blurred using a simple median filter to 
reduce noise sensitivity. Percentile Thresholding (P-
tile) [8] is applied to segment a set of relatively low 
density pixels. With P-tile thresholding, the threshold 
is selected according the density distribution of all 
pixels in the lung and, thus, able to handle inter-
subject lung tissue density variability. After removing 
the remaining noise, pre-processing results into a 
binary image of bronchial candidate pixels. 
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2.1.3 Edge and Radius Analysis 

The method for detecting elliptical objects in an 
image uses an approach similar to the one proposed in 
[3]. It is based on finding edges within local polar 
coordinates by analysing local maxima and minima of 
the first derivatives of the image intensity. The centres 
of all circular or elliptical shapes in an image are 
determined as follows. Each pixel becomes a centre of 
a local polar coordinate system in order to investigate 
the intensities of the surrounding pixels. The change 
of intensity in 16 equally spaced directions around the 
centre pixel is analysed. For each direction, two 
positions, where there is maximum change in 
intensity are recorded. Edge analysis is applied to the 
previously prepared images that contain bronchial 
candidate pixels. Gradient analysis results into 
detecting two positions with maximum gradient 
change. The first position, denoted by r1(� ), is closer 
to the central pixel and it represents a candidate for an 
internal radius. The second position r2(� ) is a 
candidate for an external radius. The amount of 
intensity change at r1(� ) and r2(� ) are called e1(� ) and 
e2(� ) and are calculated using equation 1 and equation 
2, respectively. 
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where, I(r, � ) is the original image intensity I(x,y) in 
the local polar coordinates (r, � ). 

After this step, each pixel in the image is described by 
16 sets four-tuples < r1(� ), r2(� ), e1(� ), e2(� )>. 

2.1.4 Heuristic-Based Candidate Ranking 
and Short-listing  

Knowledge of bronchial appearance on HRCT images 
is used to derive a heuristic function for ranking the 
bronchial candidates. The knowledge includes their 
average intensity, size, shape and position. The 
following attributes are used to derive the heuristic 
function. 

Shape related attributes:  
�  dev(r1) – roundness of inner boundary or 

uniformity of inner radii, where “dev” stands 
for standard deviation. 

�  dev(r2) – roundness of outer boundary or 
uniformity of outer radii 

�  dev(r2–r1) – uniformity of the wall thickness 

Size related attributes: 
�  mean(r1) – average of the inner radii 
�  mean(r2) – average of the outer radii 

Intensity related attributes: 
�  I(x, y) – the absolute intensity, in Hounsfield 

unit (HU), of the centre pixel 

�  avg_dark_int(x, y) – the average of low-
intensity pixels (less than -800 HU) in a 3x3 
window around the centre. This represents 
the density of the lumen of that candidate. 

�  mean(e1) – edge strength (contrast) at the 
inner boundary 

�  mean(e2) – edge strength (contrast) at the 
outer boundary 

The heuristic function proposed in [3] was modified 
by adding more attributes and weights. The new 
heuristic function is calculated as weighted sum of all 
attributes (see equation 2). The weights give more 
flexibility to define the importance of each attribute 
differently. For example, we found, empirically, that 
the inner edge strength attribute is the most important 
and its weight is, thus, set to be the highest.  
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where (x, y) is the coordinate of the candidate pixel, 
and 

     att(x,y)={ dev(r1), dev(r2), dev(r2-r2), mean(r1),                
                      mean(r2), I(x,y), avg_dark_int(x,y),  
                      mean(e1), mean(e2) } 

Note. We omit the 16 sets of <r1(� ), r2(� ), e1(� ), 
e2(� )> that are also passed to the function. 

To illustrate how the weighted sums can encode the 
knowledge, we consider the dev(r1) attribute, which 
refers to the roundness of inner boundary. We know 
that the candidate’s shape should be rounded and the 
standard deviation of its radii should be low. As a 
result, the weight of dev(r1) is set to be negative so 
that the higher the value (not rounded), the more 
negative effect it contributes to the overall score. On 
the other hand, the mean(e1) attribute refers to the 
edge strength. Higher value corresponds to stronger 
edge. The weight of mean(e1) should then be set to be 
positive. The amplitudes of all weights are determined 
empirically. 

The final step is to use a pre-determined threshold to 
short list the candidates. Any candidates that have the 
heuristic score lower than a pre-defined threshold will 
be discarded.  

This is a preliminary short listing process for reducing 
the number candidates passed to the next stage. The 
result of the first stage is a list of dark rounded objects 
with bright walls ranked by their scores. 

2.2 Candidate Classification 

2.2.1 Candidate Short-listing using a 3D 
Model of the Bronchial Tree  

One of the problems with the heuristic ranking 
approach is that it is able only to detect the best N 
candidates and N has to be given [9]. For the bronchi 



detection problem, N is the number of bronchi on an 
image which depends largely on the slice location. 

We use a 3D model of the bronchial tree (vertically 
oriented bronchi only) to automatically determine the 
N. The model is built from a volumetric HRCT scan 
of a subject having no airway diseases. All visible 
vertical oriented bronchi were manually marked. The 
3D visualization of the model is shown in figure 5. 
The model is used to suggest, approximately, how 
many bronchi should be expected for each lung on a 
slice. This process requires a volumetric-to-sparse 
slice matching.  

We use four key slices, namely the slices where the 
lung and the hilum first and last appear, as the 
matching references. To cope with the incompleteness 
of the sparse data, the lung area is also used for the 
matching refinement. To illustrate this, the exact 
location where the lung appear can easily fall within 
the slice gap of a sparse scan and the first slice that 
the lung appear will be slightly below that. It is, thus, 
more reasonable to match the slice with a slice in the 
model having similar lung size instead of the fixed 
first lung slice. See figure 6 for a pictorial example on 
how the slice matching works. 

Considering the large inter-subject anatomical 
variation, the short listing process is chosen to be 
flexible. Relaying too much on the model may cause a 
number of false negatives on an image having more 
bronchi appearances than in the model. On the other 
hand, it may cause a number false positives on an 
image having less bronchi appearances than in the 
model. Two pre-determined thresholds, MIN and 
MAX, are used to respectively avoid under and over 
estimation from the model. The number of bronchial 
candidate after is this step is determined by equation4. 

)),,,(( mod MINMAXNNMinMaxN prevelfinal �
    (Eq. 4)  

,where   
Nmodel is the number of bronchi suggested by the 
model 
Nprev is the number of bronchi from the first short 
listing process  
MIN is the pre-determined minimum number of 
bronchi (=3 per lung) 
MAX is the pre-determined maximum number of 
bronchi (=10 per lung) 

Note: All the number is on a per-lung and per-image 
basis and the values of MIN and MAX were 
determined empirically. 

 

Figure 5: 3D visualization of the lung and manually 
marked vertical bronchi (arrow) 
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Figure 6: Sparse-to-model slice matching 

2.2.2 Rule-based classification to 
distinguish bronchi from other 
structures 

It is not uncommon to see part of low-density lung 
parenchyma surrounded by vessels (See figure 2-
right). Even though this appearance is not very 
difficult to be distinguished by human eyes but the 
edge and radius analysis technique may see them as 
identical objects because of its discrete approximation 
nature. 

A region growing technique and a set of rules are 
used to overcome the problem. They are used to 
determine whether a candidate is completely 
surrounded by walls. For every bronchus candidate, 
we grow from the centre in eight directions until the 
pixel intensity is higher than a set threshold (-
700HU). If the region can grow beyond the 
approximately largest possible size of a bronchus (50 
pixels), it means the candidate is not completely 
surrounded and will be discarded. 

3 Results 

The method was tested and evaluated on high 
resolution CT sparse data, scanned as a part of normal 
clinical practice using standard imaging protocols. 
The images were taken using a SIEMENS scanner, 
with image resolution: 512x512, slice thickness: 1.0 
mm, slice gap: 15 mm (~20 slices per study) and 
exposure time: 750 ms. The data are stored in Dicom 
format as 16-bit greyscale images, with the pixel 
intensity proportional to tissue density. 

The test data was prepared from 67 images of 18 
patient studies. The chosen images are in the lower 
lung region, where more vertical bronchi appear. All 
visible bronchi are manually identified and used as 



the ground truth. The total number of the identified 
bronchi is 711. The data was verified by an 
experienced radiologist. 

We run the automatic bronchi detection on the same 
data and compare the result with the ground truth. An 
example of automatically detected bronchi is shown 
in figure 7. We classify the bronchi into three groups 
based on their size for more-detailed analysis. The 
size is determined by the bronchial lumen area, in 
pixels. While realizing that the lumen area does not 
reflect the actual size of a bronchus if its orientation is 
not perfectly perpendicular to the scan plane, it is 
much more robust than using the minor diameter, 
which is orientation invariant. Moreover, since we are 
only interested in the bronchi running near 
perpendicular to the scan plane, lumen area is thus a 
reasonable approximation of the size. We defined 
small bronchi as having lumen area less than 20 
pixels, large bronchi as having lumen area greater 
than 50 pixels, and medium bronchi as the rest. The 
size thresholds were selected so that the three groups 
have similar number of samples. The performance of 
the automatic algorithm on the three groups of 
bronchi is shown in table 1. It is important to note that 
about half of the marked bronchi was used during the 
method development (e.g. parameter tuning). It is 
then considered as training data to avoid bias in the 
evaluation. The two performance measures, namely 
Sensitivity and Precision, are calculated using the 
following formulae.  

FNTP
TP

ysensitivit
�
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       FPTP
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4 Related Work 

Most of recent work reported in the literature for the 
automatic detection of bronchi is based on volumetric 
data. [4, 10-16]. There are some earlier works on 
bronchi detection on individual 2D HRCT images [3, 
17].  

Our work is different from both groups in that it is 
designed to work with 3D sparse data. It is more 
general than those requiring complete volumetric data 
since it accepts any. Even though it is able only to 
detect vertically oriented bronchi, it is far more 
efficient in terms of computation and space required 
to store data. 

Table 1: Performance of the method                       
(Tn = training set, Ts = test set)  

TP FN FP Sensitivity% Precision%  

Tn Ts Tn Ts Tn Ts Tn Ts Tn Ts 

Small 68 64 41 58 17 14 62 49 80 81 

Medium 129 125 22 28 20 24 85 80 87 84 

Large 81 78 14 11 7 15 85 87 92 84 

Total 278 267 77 97 44 53 78 73 86 83 

 
Figure 7: Bronchi detection results (marked by “+”) 

and one false negative (arrow) 

Compared with the individual-image approaches [3, 
17], our approach uses high-level knowledge and 3D 
information, as much as available, to guide the 
detection algorithm and to classify the result of the 
detection algorithm. 

Knowledge-based approach for bronchial tree 
detection has been previously used in Sonka et.al 
[18].  They have used knowledge about bronchial 
anatomy (e.g. a bronchus has an adjacent artery) and 
its CT appearance (e.g. bronchi appear as dark object 
surrounded by white walls), represented as a set of 
rules. However, our approach differs in the way 
bronchi are detected and in the way knowledge is 
used. We also introduce a way to use regional 
information to get more precise area of bronchial 
appearance.  

Recently a system for identifying anatomic 
compartments of the lungs has been developed [19]. 
This system also uses anatomical knowledge and it is 
able to segment and display the bronchial tree. 
However, none of the previous approaches [18-19] are 
designed to work with sparse data. With the 
volumetric data, as they use, the locations of bronchi 
can be determined by the locations of the previously 
detected bronchi in the adjacent slices. In the sparse 
data that is not the case. 

5 Conclusion 

We have presented a novel method for automatic 
detection of vertically oriented bronchi on sparse 
HRCT images of the lung. The method is based on 
local intensity gradient analysis and rule-based 
classification. Anatomical knowledge is used to guide 
the detection algorithm about the location and the 
number of expected bronchi on a particular image. 
This guidance is found to be helpful for detecting 
bronchi on a sparse scan. It improves the performance 
in term of both accuracy and computational time. The 
result of the automatic detection was compared with 
the 711 manually identified bronchi from 67 images 
of 18 subjects, which is verified by a radiologist. It 
achieves 73% sensitivity and 83% precision on the 
unseen data. Additionally, most of the false negatives 
occur with small bronchi which radiologists also have 
difficulties to identify them. 
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