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Abstract. This paper presents a historical automated method (published in 1997) for segmenting lungs in chest CT scans, which we applied
to the challenging dataset of LOLA11. In addition to 3D region growing
and mathematical morphological operator for the lung extraction, the
method also features an explicit anatomical model represented using a
frame-based semantic network, and the use of fuzzy sets to incorporate
anatomical variability. A blackboard architecture is used to facilitate interactions between the different components. The method was originally
developed for thick sliced scans, with a slice thickness between 5 to 10
mm, and was meant to segment scans from both healthy and emphysema subjects. Despite being over 14 years old, the method performs
reasonably well on the dataset of LOLA11, which contains much more
abnormal scans, with a mean overlap of 96.3%.
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Introduction

Segmentation of the lung fields is the first step for most tasks related to the
analysis of the lungs in computed tomography (CT) scans, ranging from the
registration of CT scans [1], segmentation of lung structures [2, 3], to quantification of lung diseases [4]. Most works related in lung segmentation in CT are
region growing based, with the assumption that the lungs are objects of lower
density in comparison to its surroundings, such as those presented in [5–7]. There
are also more advanced methods that try to account for dense anomalies within
the lungs using image registration [8, 9] or shape models [10].
The aim of this paper is to participate in the LObe and Lung Analysis 2011
(LOLA11) with our historic 14-year old method as presented in [11], which is one
of the earlier automated lung segmentation methods, where it will be compared
to the current state of the art methods. The method has been shown to have
strong correlation with lung volumes from PFTs and be highly reproducible in
the setting of emphysema treatment trials [12]. In the next section, we will give a
brief description of the method used. Results from the method will be presented
in Section 3, followed by the conclusion in Section 4.
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Methodology

The overall architecture of our method centers around a blackboard, as shown
in Figure 1(a), where key components interact with each other, which are the
anatomical model, inference engine, and image processing routines.
In the anatomical model, the chest wall and mediastinum, central tracheobronchial tree, and right and left lungs are initially modeled in terms of attenuation threshold, shape, contiguity, volume, and relative position. Figure 1(b)
shows the semantic network used by the anatomical model. Data within a frame
are stored in the form of a series of “slot” as shown in the example for the trachea in Fig 1(c), which gives the volume of the trachea and its distance from the
medial axis as fuzzy sets. Note that the value for the various parameters used
in the model were determined empirically based on CT scans from healthy and
emphysema patients.
The image segmentation is performed by first applying the thresholds, as
indicated in Fig 1(b), on the CT scan. Connected component analysis using a 6
connected neighborhood is then applied on the resulting binary image to extract
individual disconnected regions or image primitives. These image primitives are
“candidates” to be matched with the anatomical model. It is possible that the
anterior junction line separating the right and left lungs can be very thin. Owing
to volume averaging, the CT attenuation of this soft tissue interface may be reduced such that it falls into the range considered to be lung. In order to ensure
proper separation between candidates from the left and right lungs, an additional morphological opening operation using a cylindrical structural element is
applied, where disconnected regions after the opening procedure are also added
as candidates. To ensure more accurate separation between the disconnected
components after the opening operation, the separation is refined for each slice
of the joining region using dynamic programming to extract a 2D maximum cost
path, where the cost of a pixel is its graylevel.
The task of the inference engine is to select the best candidate based on
knowledge stored in the model, i.e., matches image structures to the model.
Membership grades derived from the fuzzy sets are used by the inference engine as confidence scores to quantify how well a candidate satisfies the given
constraints. The overall confidence score for a particular candidate is derived
by taking the minimum of all constraint confidence scores, i.e., a fuzzylogic approach. The candidate with the highest confidence is then selected for matching
to the model.
Table 1. Results of lung segmentation for the 55 scans in LOLA11.
mean SD min Q1 median Q3 max
left lung 0.965 0.101 0.247 0.976 0.986 0.991 0.995
right lung 0.962 0.134
0 0.977 0.987 0.992 0.997
score
0.963

(a)

(b)

(c)
Fig. 1. (a) System architecture. (b) Semantic network describing thoracic anatomy
related to the lungs. (c) Model frame describing the central tracheobronchial tree.
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Results

Our method was used to segment the left and right lungs from the LOLA11
dataset, which consists of 55 CT scans that were obtained using a variety of
scanners and protocols. The entire segmentation process was fully automated,
without the need of any human interaction. Table 1 gives the statistics of the
overlap measures between the segmented lungs of our method with the standard
reference of LOLA11. The overlap measure is defined as the volume of the intersection divided by the volume of the union of the segmented lungs and the
standard references. In order to account for subjectivity and inaccuracy of the
manually drawn borders of the standard reference, a slack border within 2 mm
of a manually drawn border is defined, where voxels within the slack borders
are excluded from the evaluation. Average execution speed of our method was
around 1 minute per case on a 2.34 GHz PC.
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Conclusion

We have applied a historical automated lung segmentation method to the challenging dataset of LOLA11. Despite the fact that the method was originally
developed for thick sliced scans and was meant for segmenting scans from both

healthy and emphysema subjects, reasonably good results were achieved on the
dataset of LOLA11, which contains much more abnormal scans in terms of lung
opacity and structural deformations, with a mean overlap of 96.3%.
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