Automatic Lung Segmentation: A Comparison of
Anatomical and Machine Learning Approaches.
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Abstract
The aim of this work is to develop an automatic lung segmentation system, capable of segmenting the lung into Apical,
Middle and Basal regions, along the axial plane of the body.
An accurate segmentation of the lung is important for diagnosis of diffuse lung diseases, as well as to characterise and track
particular diseases. In this paper, we compare the two strategies we have developed. The anatomy based approach uses
anatomical landmark detection to define the separation points
between the regions, whilst the machine learning approach
uses lung shape, size and location properties, to classify a
given lung into the appropriate region.
1. I NTRODUCTION
Automatic lung segmentation from High Resolution Computed Tomography (HRCT) images is an important part of
the Computer Aided Diagnosis (CAD) systems for the lung.
Automatic segmentation of the lungs into left and right lungs
is a relatively straight forward task. The task of labelling
separate regions within the lung poses more of a challenge.
The segmentation of the lung into Apical, Middle and Basal
regions is essential for the differential diagnosis of diffuse lung
diseases, as it helps radiologists to characterise the distribution
of the disease patterns.
We have developed an anatomical feature extraction algorithm, which uses the anatomical landmarks to segment the
lung into separate regions. In addition to this, we have also
developed a machine learning approach to segment the lung,
which is much faster and able to work in cases where only a
part of a patient study is available. The anatomical approach
requires the complete patient study in order to extract the necessary landmarks accurately. The machine learning approach
works with the minimal feature set of the extracted lung
boundary properties and image properties, and still provides
results comparable to the anatomical approach.
2. BACKGROUND
The use of HRCT [1] has become a common, non-invasive alternative to surgical biopsies in the diagnosis of lung diseases.

Fig. 1: Lung HRCT with lung boundary marked.

A HRCT study for a patient consists of a sequence of images,
taken at fixed intervals. Our data set is composed of images
taken at 15mm intervals. Figure 1 shows a HRCT image of
the lung.
The digitisation of HRCT images using the Dicom format
[2] has been of great support to the Medical Imaging community in developing Computer Aided Diagnosis (CAD) systems.
CAD systems, such as that for the lung, have been an active
area of research over last two decades [3][4]. The goal of these
systems is to automate as much of the disease detection and
analysis process as possible. Reinhardt et al [5] provide a good
overview of the various techniques and developments within
the field of Pulmonary (Lung) Imaging and Analysis, used by
various CAD systems designed for the Lung.
As part of analysis and interpretation of features within
a lung for possible diseased patterns, the CAD needs to
segment the lung into specific regions. The lungs can be easily
segmented into Left and Right lung. We can further divide

Fig. 3: Trachea splits, just prior to entering the lungs.
Fig. 2: Lung Anatomy, modified from original [11]

each lung into Apical, Middle and Basal regions. This division
occurs along the axial plane of a patient. Figure 2 shows the
anatomical features of the lung, as well as the categorisation
into different lung regions.
Not only is the segmentation of the lung into Apical,
Middle and Basal regions important for differential diagnosis
of diffuse lung diseases, but is also allows us to develop more
intelligent algorithms that target diseases specific to certain
areas of the lung.
All algorithms developed to detect disease features also
carry out lung boundary extraction of some form. Here, the
pixels in the image belonging to the inside of the lung are
segmented from the image as outlined in Figure 1. The most
common way to do this is via thresholding techniques, and the
lung boundary smoothed using morphological techniques [7]
[6]. The extracted lungs are then analysed for the presence of
disease features. As a result, lung boundary extraction is seen
as a fundamental part of a Pulmonary CAD system.
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The radiologists use the hilum as an anatomical landmark that
divides the lung into the three regions. The hilum is defined as
the depression in the lungs where the bronchi, blood vessels,
lymphatics and nerves enter the lungs. Figure 3 shows an
HRCT image showing the hilum as the right bronchus enters
the lung. The concavity in the right lung is known as the hilum.
All images that lie above the hilum are in the Apical region.
The images containing the hilum form the Middle region
and images below the hilum belong to Basal region. These
definitions are used by radiologists on a daily basis. Figure
8 shows an example of an entire study, marked with Middle
lung regions.

any slice. Therefore we look for the bifurcated main bronchi
instead to mark off the start of the hilum.
We adopt simple image processing operations to segment
and track the trachea. First a mediastinum mask (shown in
Figure 4) is constructed by XOR operation of the convex hull
of the lungs and the lung mask. The trachea/bronchi regions
are segmented by thresholding the image within the mediastinum at a level of -700 HU (Hounsfield Unit). Component
labelling technique [10] is then used to group the thresholded
pixels into regions. Regions that are smaller than 50 pixels in
area are discarded to reduce any noise and artefacts.
Using features such as the total area and the number of
bronchial regions detected, we can locate the first slice on
which the trachea divides into the main bronchi (Figure 5(c)).
The heuristic rule used in this case was, that if more than
one region is detected with area greater than 250 pixels, then
conclude that the trachea has bifurcated. We also consider
horizontal separation between segmented bronchi to avoid
false positives caused by the oesophagus which may partly
contain air sometimes and become visible on some slices.
(Figure 5(a)) Initially a very conservative limit of 10 pixel
separation is considered. If this constraint is not met, we relax
the horizontal separation to 50 pixels.
Sometimes we cannot reliably detect the bifurcation of the
trachea due to erroneous lung boundary. In such cases the
heuristics described above will fail. The next best estimation
of the start of the hilum can be obtained by locating the carina
if it is present in the given study. We look for the slice with
the largest single trachea region. This slice is more likely to
contain the trachea at the level of the carina, which gives us
the slice where the hilum is first visible. We decided to mark
off the end of the hilum heuristically, when the bronchi are
not visible anymore.

A. Hilum Detection
The hilum appears in only a few slices in the middle lung.
The position of the hilum in a study can be located by
tracking the trachea in the sequence of images and locating
the carina. Carina is the internal ridge in the trachea where the
trachea bifurcates into main bronchi (Figure 2). However, since
HRCT slices are non-contiguous, the carina may not appear on

B. Results and Analysis
The hilum detection process was run and evaluated by a
radiologist on a randomly selected sample of 20 studies with
over 300 images. The algorithm was iteratively refined to
reduce the number of false positives.
For the hilum detection we consider

TABLE 1: A NATOMICAL S EGMENTATION P ERFORMANCE

Measure
(%)
Sensitivity
Specificity
Precision
Accuracy
Error

Apical
99.5
97.5
94.1
98.1
1.9

Region
Middle
88.3
96.1
89.7
94.0
6.1

Basal
93.9
97.4
96.5
95.9
4.1

Fig. 4: Mediastinum Mask

Fig. 6: Separate lung regions. The right lung (marked ’R’) is Apical, whilst
left lung is Middle.

FP + FN
TP + TN + FP + FN
The results are shown in Table 1.
Hilum detection has been very successful with lung segmentation. The approach however has a number of limitations.
Firstly, due to the spacing between the images, we cannot
always detect the hilum accurately.
Secondly, the algorithm relies upon the entire patient study,
composed of all the images in a series spanning the lung.
This can mean anything from 12 images to 400+ images.
This process is computation and resource intensive, which
becomes an important issue when looking at larger data sets
and running the algorithm for all patients. The algorithm fails
for an incomplete study or a part of a study.
Lastly, each of the left and right lungs in a HRCT image
may belong to a different lung region. For example, in Figure
6, the right lung in the image belongs to the apical region,
whilst the left lung belongs to the middle region. The hilum
based algorithm is not able to distinguish between left and
right lung locations.
Error =

Fig. 5: Original (above) and Segmented Trachea/Bronchi (below).
Left to Right: (a) Trachea (with Oesophagus visible) (b) Trachea at the level
of Carina (c) Bifurcated main bronchi

True Positive (TP): The slices labelled by radiologist to
have the hilum and recognised so by our algorithm.
• False Positive (FP): The slices recognised to have the
hilum by our algorithm, but not labelled so by radiologist.
• True Negative (TN): The slices labelled by radiologist not
to have the hilum and recognised so by our algorithm
• False negative (FN): The slices labelled by radiologist to
have the hilum, but not recognised so by our algorithm.
We analysed the results using the following performance
measures.
TN
Specif icity =
TN + FP
TP
Sensitivity =
TP + FN
TP
P recision =
TP + FP
TP + TN
Accuracy =
TP + TN + FP + FN
•
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Since the hilum based segmentation has a number of drawbacks, we considered at whether it was possible to predict the
region that an extracted lung boundary belonged to, given a
limited set of features that are easily measurable. Also, by
using features already extracted or calculated as part of the

CAD system, we can eliminate unnecessary computational
overheads.
A. Feature selection - Lung Boundary
As described in Section 2, lung boundary extraction is a
fundamental step in disease detection algorithms. Therefore,
we focused our efforts at the extracted lung boundary, the
boundary’s properties and information from the image header
such as the patient and scanning properties. The image header
information is defined as part of the Dicom image encoding
standard [2]. Here the aim of the machine learning strategy
was to determine if there was a strong correlation between
the location, size and shape of the lung to specific regions of
the lung.
It is important to note that the shape and size of the lungs
can vary significantly across patients. For example, a child’s
lungs would be smaller than an adult’s lung. So the patient
information, which can lend some insight into the expected
lung shape, was included as part of the feature list.
The feature list for each lung boundary is as follows:
• Lung - left or right lung.
• Curvature - The average curvature of the contour.
• CentroidX - X coordinate of the lung’s centroid
• CentroidY - Y coordinate of the lung’s centroid
• Area - area of the lung
• Perimeter - perimeter of the lung
• A P Ratio - area/perimeter.
• Delta Area - rate of change in area (with respect to
previous image).
• Delta Delta Area - Rate of change in delta area (with
respect previous image).
• Image Range - image number / number of images in
study.
• Patient’s Sex - the sex of the patient - Male or Female
• Patient’s Age - the age of the patient in years.
• Table Height - The height of the table on which the
patient lies, during the scan.
• Position - of the patient during the scan. The possible
values within our data set is Head First Prone or Feet
First Supine.
• Location - The region that a given lung belongs to. i.e.
Apical, Middle or Basal. A radiologists provided these
labels for every lung boundary.
Each of the features can either be calculated from the
extracted lung boundary, or retrieved from the Dicom Header
of the image. Only the Lung and Location attributes needed
human intervention. The left vs right Lung labelling was done
by the authors, whilst a radiologist provided the correct labels
for Location.
B. Results and Analysis
We used the C4.5 [9] implementation in the Weka toolkit [8]
for classification. The C4.5 algorithm was chosen as it offers
a simple tree structure that is human readable. This allows
us to get a better insight into the reasoning for the predicted
classification.

TABLE 2: M ACHINE L EARNING S EGMENTATION R ESULTS

Measure
(%)
Sensitivity
Specificity
Precision
Accuracy
Error

Apical
98.7
98.1
95.2
96.6
3.3

Region
Middle
87.8
94.3
85.6
92.5
7.5

Basal
95.4
96.2
95.4
95.9
4.1

The experiments were run across 20 separate patient studies
and 678 instances of lung boundaries, with the target class of
Location.
For each of the three locations of Apical, Middle and Basal,
we consider:
• True Positive (TP): The lung instances correctly classified
to belong to that specific location.
• False Positive (FP): The lung instances incorrectly classified to belong to that specific location.
• True Negative (TN): The lung instances correctly recognised not to belong to that specific location.
• False negative (FN): The lung instances incorrectly classified, to not belong to that specific location.
The results of the classifier with 10-fold cross validation are
shown in Table 2. We used the same performance measures
as defined in Section 3-B.
The performance of the machine learning approach is lower
than the anatomical approach, though only slightly. The results
are however comparable, considering the significant speed
up and benefits of this approach. We analysed the results to
determine the possible explanations for the performance.
The position of the patient during the scan can play an
important role in the shape and location of the lung within
a study. We ran an experiment to predict the Left and Right
lung to see whether patient position had a significant impact
on the results. The machine learner was able to predict with
99.9% accuracy the correct label for left and right lung using
the CentroidX and Position attributes. This indicates that the
learner is able to deal with the patients position appropriately.
Further analysis of the cases for which the machine learner
failed, showed that nearly 99% were borderline cases. These
cases lie at the border of two regions. Figure 7 shows one
such case. Here the preceding Figure 7(a) and subsequent
Figure 7(c) lung boundaries for the right lung, were correctly
classified. The lung boundary for Figure 7(b), however was
classified as Middle instead of Apical. There were no cases
for which Apical and Basal lung boundaries were confused
with each other.
In order to validate this, we went through the results and
allowed for deviation for borderline cases. So the scope of True
Positives was increased to include borderline misclassification.
The resulting confusion matrix is shown in Table 3. The
confusion matrix is indicative of the raw performance of the
machine learner as well as the class distribution for location.
Another likely explanation for confusion at the border is
the 15mm gap between the images of a study. As a result
there is a significant range of distribution, within which the

TABLE 3: C ONFUSION M ATRIX WITHOUT B ORDERLINE C ASES

Apical
190
0
0

Predicted
Middle
2
187
4

True
Basal
0
2
293

Apical
Middle
Basal

borderline cases can lie, that the 20 studies were not able to
cover completely. We feel this problem could be addressed by
increasing the training set or alternatively, using more finegrain HRCT studies.
Overall, the machine learning approach was able to provide
a faster and simpler approach to lung region segmentation,
with comparable results. It is also able to provide differential
segmentation for left and right lungs, that the anatomical
approach could not provide.
5. C ONCLUSION
We have developed and compared an Anatomy based segmentation algorithm with a Machine Learning based segmentation
of lungs into corresponding regions. Though the anatomical
segmentation performs slightly better, it strongly relies upon
correct extraction of the hilum. The machine learning approach
is able to exploit the physical consistencies of lung boundaries and the shape of the entire lung to provide a faster
segmentation option with comparable results. The machine
learning approach can also work with a subset of the patient
study and avoid processing overheads of tracking the trachea
through the studies to detect the hilum. This is a significant
advantage when dealing with patient studies that contain over
400 images.
The success of the machine learning approach does hint
that a numerical or statistical model for the lung could be
developed. We think that the future directions of this work
should involve the merging of the two techniques to address
the misclassification of borderline cases.
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