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Abstract. We previously developed a deformable model for segmenting lung
fields in serial chest radiographs by using both population-based and patient-
specific shape statistics, and obtained higher accuracy compared to other meth-
ods. However, this method uses an ad hoc way to evenly partition the boundary
of lung fields into some short segments, in order to capture the patient-specific
shape statistics from a small number of samples by principal component analy-
sis (PCA). This ad hoc partition can lead to a segment including points with
different amounts of longitudinal deformations, thus rendering it difficult to
capture principal variations from a small number of samples using PCA. In this
paper, we propose a learning technique to adaptively partition the boundary of
lung fields into short segments according to the longitudinal deformations
learned for each boundary point. Therefore, all points in the same short segment
own similar longitudinal deformations and thus small variations within all
longitudinal samples of a patient, which enables effective capture of patient-
specific shape statistics by PCA. Experimental results show the improved per-
formance of the proposed method in segmenting the lung fields from serial
chest radiographs.

Keywords: Statistical model, Active shape model, Hierarchical principal com-
ponent analysis, Scale space analysis.

1 Introduction

Segmentation of lung fields in chest radiographs has been an active topic of research
for over several decades, since chest radiograph is a popular diagnosis model to ob-
serve the dynamical behavior of the heart. However, the low signal-to-noise ratio
(SNR) and the multiplicative nature of the noise (speckle) corrupting the chest radio-
graph make the segmentation of lung fields difficult [1-3]. We previously developed
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an algorithm of segmenting lung fields in serial chest radiographs by using both popu-
lation-based and patient-specific shape statistics, and obtained higher accuracy com-
pared to other methods [4]. However, this algorithm uses an ad hoc way to evenly
partition the boundary of lung fields into some short segments, in order to capture the
patient-specific shape statistics from a small number of samples by using hierarchical
principal component analysis (hierarchical PCA) [5]. In particular, the boundary of
lung fields is evenly partitioned into a number of short segments and then PCA is
performed for each segment, as well as for the set of middle points of all segments.
This ad hoc partition can lead to a segment including points with different amounts of
longitudinal deformations, thus rendering it difficult to capture principal variations
from a small number of samples using PCA.

It would be very attractive to develop an optimal partition technique to replace the
ad hoc partition in our algorithm, thus the variation in each short segment can be
assumed to be linear and thus can be better captured by PCA. In this paper, we de-
velop a learning technique to adaptively partition the boundary of lung fields into
short segments according to the longitudinal deformations learned for each boundary
point. Therefore, all points in the same short segment own similar longitudinal defor-
mations and thus small variations within all longitudinal samples of a patient, which
enables effective capture of patient-specific shape statistics by PCA. Experimental
results show the improved performance of the proposed method in segmenting the
lung fields from serial chest radiographs.

This paper is organized as follows. In Section 2, we first summarize the whole
framework of our previous segmentation algorithm, and then describe a technique to
learn longitudinal deformations from online acquired longitudinal samples and use
them to adaptively partition the boundary of lung fields by using a scale space analy-
sis method. The performance of this improved lung field segmentation method is
demonstrated in Section 3. This paper concludes in Section 4.

2 Method

2.1 Summary of Our Previous Segmentation Algorithm

For segmenting lung fields from serial clinical chest radiographs, we have developed
a deformable segmentation model using both population-based and patient-specific
shape statistics [4]. This model demonstrated better accuracy in segmenting serial
chest radiographs, compared to other model-based segmentation methods. There are
two novelties in this algorithm. First, a more distinctive local descriptor, referred to as
scale invariant feature transform (SIFT) [6], is used to characterize the image features
in the vicinity of each pixel, thus allowing the deformable model to accurately match
correspondences in the image. Second, two types of shape statistics are used to guide
the deformable model. In particular, for segmenting the initial time-point images, the
population-based shape statistics is mainly used to guide the deformable model. As
more subsequent longitudinal images are acquired from the same patient, the patient-
specific shape statistics is collected from the previous segmentation results, and used
to guide the deformable model. This patient-specific shape statistics is updated each
time when a new segmentation result is obtained, and the updated patient-specific
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shape statistics is further used to refine the segmentation of all available time-point
images. When a sufficient number of longitudinal images are acquired and segmented
from the same patient, the patient-specific shape statistics is considered sufficient to
completely capture the variability of lung fields in the specific patient, without the
need of using population-based shape statistics for the segmentation of future time-
point images. Experimental results confirm that the use of this patient-specific shape
statistics yields more robust and accurate segmentation of lung fields for serial chest
radiographs.

However, to capture patient-specific shape statistics from a small number of longi-
tudinal samples, the boundary of lung fields is currently partitioned into short seg-
ments using an ad hoc way. This ad hoc partition can lead to a segment including
points with different amounts of longitudinal deformations, thus rendering it difficult
to capture principal variations from a small number of samples using PCA. To over-
come this limitation, we develop a learning technique to adaptively partition the
boundary of lung fields into short segments according to the learned longitudinal
deformations for each boundary point. This results in each short segment having simi-
lar longitudinal deformations, thus enabling the effective capture of patient-specific
shape statistics by PCA. The details of our proposed technique are provided in the
next subsection.

2.2 Adaptive Boundary Partition Using the Learned Longitudinal Deformations

To demonstrate the importance of learning the longitudinal deformations to guide the
adaptive partition of lung field boundary, we first summarize our previous ad hoc
partition method and point out its limitations by giving a visual example. Then, we
will provide the details of our learning-based method for achieving adaptive partition
of lung field boundary according to the learned longitudinal deformations.

Ad hoc boundary partition for capturing patient-specific shape statistics
At time-point #, we have -1 previously segmented images and a current time-point
image I,. We can use the ¢-1 segmentation results from the images /,,..../,,, as the
training samples, to capture the patient-specific shape statistics. For effectively cap-
turing the shape statistics from a small number of longitudinal samples of the same
patient, we adopt a hierarchical representation of shape statistics, namely Hierarchi-
cal PCA. In particular, we partition the contours along the boundaries of lung fields
into G overlapping segments, each of which consists of g contour points. The top
level of the contours consists of G middle points of G segments, reflecting the spatial
relationships between different segments, while the bottom level has G segments,
each with g contour points to capture local shape changes. If g is comparable with the
number of longitudinal samples, i.e., 7-1, statistical variation of each segment might
be well captured by this number of samples. Thus, by computing the local shape sta-
tistics for each segment and also the global shape statistics for the G middle points of
G segments, we might be able to capture both local and global shape variation infor-
mation from the longitudinal samples using G+1 PCA models.

Fig. 1(a) shows an example of evenly partitioning the boundaries of lung fields into
9 segments by our previous method. Also, the longitudinal variation of each boundary
point is visualized by an ellipse that indicates both the directions and the amounts of
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Ad hoc partition

(b)

Fig. 1. Tllustration of the importance of performing adaptive boundary partition, to allow each
segment to have the points with similar longitudinal deformations

longitudinal deformations. It can be observed that there exist large longitudinal de-
formations for the bottom parts of lungs. The locations of points C and G are not
reasonably placed in partition of boundaries of lung fields into nine segments. In
particular, the segments CD and FG include points with different longitudinal defor-
mations, which make it difficult to capture the statistical variations from a small num-
ber of samples by PCA. On the other hand, by using the learning technique developed
in this paper, we can obtain optimal partition of boundaries according to the learned
longitudinal deformations. For example, four segments are partitioned in Fig. 1(b),
each having points with similar longitudinal deformations.

Adaptive partition for capturing patient-specific shape statistics

To adaptively partition the boundaries of lung fields into a number of short segments,
we first learn the statistical variations for each point in the boundaries. We particu-
larly use a PCA to capture the longitudinal deformation for each point from all avail-
able longitudinal samples of a specific patient. For example, for a patient image
shown in Fig. 2(a), longitudinal deformation for each point is shown by a correspond-
ing ellipse in Fig. 2(b). The long and short axes of the ellipse represent the major and
the secondary directions of longitudinal deformation, and the size of ellipse represents
the amount of longitudinal deformation. Figs. 2(c) and (d) show respectively the
amounts of principal longitudinal deformation for each boundary point on the bounda-
ries of right and left lungs. This information can be used as a reasonable foundation
for adaptive partition of boundaries of lung fields.

However, the curves of principal longitudinal deformation (Figs. 2(c) and 2(d))
have many local details, as also shown in Figs. 3(b) and (d) by blue dashed curves.
For determining the best partition positions, a scale space analysis technique, which
can decide the parts to be smoothed out and the amount of smoothing, is used to ap-
proximate each curve by smoothing out only small details [7]. In this way, the ap-
proximated curve represents the global shape of a given curve. For example, as shown
in Figs. 3(b) and (d), with the increase of scale, the curvature of the approximated
curve becomes more even and constant, as demonstrated by pink, light blue, red and
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Patient Image Longitudinal Deformation of Each Point on a Patient

&

(a) (b)
Principal Longitudinal Deformation Principal Longitudinal Deformation
on Each Point of Right Lung on Each Point of Left Lung

(©) (d)

Fig. 2. Demonstration of longitudinal deformation of each point on the boundaries of right and
left lungs of a patient

green curves, respectively. Then, the inflection points, i.e., the zero-crossings of sec-
ond derivatives of the curve, can be used to judge the best partition positions of opti-
mal subparts of the curve. When we plot the inflection points at every scale on the
scale space, we can obtain so-called the finger print patterns. For example, in Figs.
3(a) and (c), different colors correspond to different scales, and as the scale increases
from pink to light blue, red and green, the number of the inflection points decreases.
Note, the scale space is spanned by the original position and the scale, for easy com-
parison across results from different scales.

It is known that the inflection points disappear only when two or more inflection
points meet together in the scale space. Therefore, the finger print pattern closes up-
ward as shown in Figs. 3(a) and (c). We define a shape segment as a part of a given
contour between two inflection points which meet together when they disappear. As
the scale increases, the number of shape segments decreases, and finally no shape
segment remains. In Figs. 3(b) and (d), green curves correspond to the largest scale
we used, and the green triangles indicate the inflection points which partition the
curve into segments, i.e., with stronger and weaker longitudinal deformations. Finally,
when we map these inflection points to the original contours of lung fields, we can
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Finger Printer Pattern of Inflection Points Gaussian Scale Space of Longitudinal Deformation
along Boundary of Right Lung on a Patient with Inflection Points on Right Boundary
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Fig. 3. Detecting the inflection points on the scale space of the leaned longitudinal deformation
curves, for optimal boundary partition. This figure is best viewed with color.

acquire the optimal partition positions as blue triangles in Fig. 2(b). The advantage of
using this adaptive partition technique for better capturing the patient-specific shape
statistics is demonstrated in the experiments below.

3 Experiments

Various experiments are performed to evaluate the performance of our improved
algorithm in segmenting the serial frontal chest radiographs of 39 patients. Most of
these 39 patients have up to 17 monthly scanned images, each with 256x256 pixels.
The lung fields of all these serial images have been manually delineated by a human
observer, thus these manual segmentation results can be used as a golden standard to
evaluate the segmentation results obtained by our method and all other methods in
[4]. Two quantitative measures are used to evaluate the performance of the segmenta-
tion algorithm, i.e., the average overlay percentage and the average contour distance
between automated segmentation result and manual segmentation result [4].

In order to objectively evaluate the performance of our algorithm, we compare the
following five segmentation methods. Method 1 is our complete method, which uses
SIFT features, population-based shape statistics, and patient-specific shape statistics
captured by Adaptive boundary partition. Method 2 uses ad hoc boundary partition to
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replace Adaptive boundary partition in Method I to capture patient-specific shape
statistics. Method 3 is similar to Method 2, except that Method 3 uses global PCA,
without partition on the patient lung field boundaries, to directly estimate patient-
specific shape statistics. In addition, the ASM SIFT, which is our method without
using patient-specific shape statistics, and the ASM Intensity, which is the standard
ASM algorithm [3, 4], are also compared in this paper.

The average overlay percentages and the average contour distances of all the five
methods are shown in Table 1 and Table 2, respectively. It can be observed that the
average overlay percentage of Method 1 (95.0%), Method 2 (94.9%) and Method 3
(94.8%) that use patient-specific shape statistics are much higher than that of ASM
SIFT (91.0%) and ASM Intensity (87.3%). Similar conclusion can be drawn for the
average contour distance in Table 2. All of these results indicate that the methods
using the patient-specific shape statistics (Methods 1~3) outperform those without
using patient-specific shape statistics (ASM SIFT and ASM Intensity). On the other
hand, the use of SIFT features improves the segmentation performance, e.g., ASM
SIFT is better than ASM Intensity.

Furthermore, by comparing the results obtained by Methods 1-3 in Tables 1 and 2,
it can be observed that the use of boundary partition (Method 1-2) performs better
than no partition on patient’s lung field boundaries (Method 3), when used to capture

Table 1. Average overlay percentage between manual segmentation and automated segmentation
by five methods on the serial chest radiographs database of 39 patient.s (%)

Algorithm Mean +std  Minimum  Median Maximum
Method 1 95.0+1.2 90.3 95.2 97.0
(Adaptive boundary partition)
Method 2 94.9+1.3 88.4 95.0 97.0
(Ad hoc boundary partition)
Method 3 94.8+1.4 88.2 95.1 96.9
(No boundary partition)

ASM SIFT 91.0+1.7 85.0 914 94.8

ASM Intensity 87.3+4.9 76.9 89.2 93.7

Table 2. Average contour distance between manual segmentation and automated segmentation
by five methods on the serial chest radiographs database of 39 patients. (Unit in pixel)

Algorithm Mean +std  Minimum  Median  Maximum
Method 1 1.05+0.26 058 1.01 2.12
(Adaptive boundary partition) )
Method 2 1.10+0.31 0.62 1.06 2.72
(Ad hoc boundary partition) )
Method 2 1.10£0.30 0.62 1.07 2.75
(No boundary partition)
ASM SIFT 2.06+0.46 1.06 1.97 3.76

ASM Intensity 3.07x1.35 1.32 2.45 6.05
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the patient-specific shape statistics from a small number of longitudinal samples of
the same patient.

Finally, the use of adaptive partition (Method 1) produces better segmentation re-
sults than the use of ad hoc partition (Method 2). For example, the average overlay
percentage is increased from 94.9% to 95.0%, and standard deviation is reduced from
1.3% to 1.2%. In the meanwhile, the minimum overlay percentage is increased from
88.4% t0 90.3%. Similarly, we can see the average contour distance is decreased from
1.10 to 1.05 pixels, and the standard deviation is decreased from 0.31 to 0.26 pixel. In
the meanwhile, the minimum, median, maximum contour distances are all greatly
decreased by using adaptive boundary partition.

4 Conclusion

We have developed an improved method for segmenting boundaries of lung fields
from serial chest radiographs. The better performance is achieved by the improved
collection of patient-specific shape statistics using adaptive boundary partition ac-
cording to the learned longitudinal boundary deformations. In the current paper,
only the amount of principal longitudinal deformation is used to guide the boundary
partition. In the future, we will include both the direction and the amount of princi-
pal longitudinal deformations to guide the partition of lung field boundaries. This
can potentially make each resulting segment have not only similar amount of longi-
tudinal deformation but also similar direction of longitudinal deformation, thus
enabling better capture of patient-specific shape statistics for guiding the lung field
segmentation.
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