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ABSTRACT

A method is described to estimate regional lung expansion and related biomechanical parameters using multiple
CT images of the lungs, acquired at different inflation levels. In this study, the lungs of two sheep were imaged
utilizing a multi-detector row CT at different lung inflations in the prone and supine positions. Using the
lung surfaces and the airway branch points for guidance, a 3D inverse consistent image registration procedure
was used to match different lung volumes at each orientation. The registration was validated using a set of
implanted metal markers. After registration, the Jacobian of the deformation field was computed to express
regional expansion or contraction. The regional lung expansion at different pressures and different orientations
are compared.
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1. INTRODUCTION

There is great interest in studying the biomechanical properties of the lung since disease processes, such as
emphysema and fibrosis, can alter the lung biomechanical characteristics and disrupt lung function. The use
of pulmonary imaging technologies as non-invasive methods to study regional lung structure and function are
particularly valuable because lung disease is heterogeneous and significant pathological tissue change may occur
before it can be detected by traditional lung measurements.’: 2

Imaging can be used to study the biomechanical properties of lung tissue. Early work used implanted
parenchymal markers to measure regional lung expansion.>® In [3-6], biplane X-ray imaging was used to
determine the locations of the implanted markers. Using the marker locations at various lung inflation levels,
regional lung behavior can be described. Using this technique, Hubmayr et al. examined the distribution of
regional lung volume during deflation from TLC to FRC* and during mechanical ventilation and spontaneous
breathing in dogs.® Rodarte et al® studied regional lung tissue deformation and tissue strain using implanted
markers, and compared the lung tissue strain in different lobes and in the supine and prone orientations. More
recently, Hubmayr et al.” investigated the regional lung expansion of constricted dogs using the parenchymal
marker technique.

High resolution X-ray computed tomography (CT), which can acquire high spatial and temporal resolution
volumetric pulmonary images within a breath hold, has been widely used for both clinical and research work.
CT images provide detailed information regarding pulmonary structure and structure-function relationships.?
Instead of studying aggregate structures or function, CT imaging can be used to measure regional lung volumes,
regional expansion and other mechanical properties. Coxson et al.® studied total and regional lung volumes
using CT and compared these with quantitative histology, and they concluded that the measurement of the
proportions of tissue and air within the thorax can be used to evaluate lung structure. Hoffman® '° used a
unique X-ray CT scanner, the Dynamic Spatial Reconstructor, to study in vivo lung geometry and function in
prone and supine dogs and sloths. It was shown that a gradient of fractional lung air content in the ventral-dorsal
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direction occurs in supine posture, and but that an approximately uniform air content distribution occurs in
the prone posture. Olson and Hoffman!! determined lung volumes, gradients in lung air content, and maximum
in vivo lung dimensions in pneumonectomized rabbits in prone and supine orientations with an EBCT scanner.
In another study,'? fast dynamic computed tomography has been used to study ventilation induced changes
in lung density distribution. Krishnan et al.'® studied regional lung ventilation by mapping lung regions at
different lung volumes using a warping function determined by manually-selected landmarks. The method
from [13] was used to compute the volume change, air content distribution, and mean density change during
lung inflation.

Magnetic resonance (MR) imaging can also be used to quantitatively measure regional lung tissue density,
pulmonary ventilation distribution, and regional lung function.'® 15 Gee et al.'® registered successive serial MR
images acquired during respiration, and modeled the deformation of the lung tissue as an elastic deformation.
Local lung tissue deformation was quantified using the Lagrangian strain which was derived from the calculated
motion fields.

This paper describes a method to study regional lung expansion by matching lung regions across lung
volume changes through 3D registration. In this approach, multiple CT images of lung acquired at five different
pressures are registered using anatomic landmarks and lung tissue intensities. The registration is validated by
implanted metallic markers. The deformation field derived from the registration is used to compute regional
expansion. The method is demonstrated using CT images of two animals with image data acquired in the prone
and supine orientations.

2. MATERIALS AND METHODS
2.1. Volumetric CT Imaging Data Acquisition

All animal studies were performed using a protocol approved by the University of lowa Animal Care and Use
Committee. Two sheep were used in this study. Metallic markers (0.055 inch in diameter) were surgically
implanted in the lungs of two anesthetized sheep through a sternotomy procedure. Sixty-seven markers were
implanted in sheep 1; 103 markers were implanted in sheep 2. For both animals the markers were implanted
mainly in the left upper lobe and right lower lobe.

Approximately six weeks after marker implantation, volumetric CT images of the thorax were acquired in
the prone and supine body orientations at five different airway pressures: 0, 8, 16, 24, and 32 cm H2O. Images
were acquired for each airway pressure using a multi-detector row CT scanner (model MX8000 Quad Scanner;
Philips, The Netherlands). The slice thickness was 1.3 mm and slice spacing was 0.6 mm. The reconstruction
matrix was 512 x 512 pixels. In-plane pixel size was approximately 0.47 x 0.47 mm? for sheep 1 and 0.49 x
0.49mm? for sheep 2.

2.2. Image Preprocessing and Preparation for Registration

Before matching lung regions across different lung volumes by 3D registration, a sequence of preprocessing steps
is applied. Figure 1 shows a flow chart of the preprocessing steps.

Lung Lung Boundary Image Size and Tissue Intensity
Segmentation Editing Intensity Scaling
3D Image
3D CT Images . .
Registration
Airway Tree Branchpoint Branchpoint
Segmentation Detection Matching Landmarks

Figure 1. Flow chart showing the image preprocessing steps.
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2.2.1. Image Segmentation

The lung segmentation method from [17] is applied to identify the lung boundary. In order to obtain a smooth
boundary and consistent segmentation results across images acquired at different pressures, the results of the
automatic segmentation were edited as needed.

The airway tree segmentation and analysis are based on the method from [18]. The airway tree is segmented
using an iterative region-grow algorithm and skeletonized using a sequential thinning algorithm. The resulting
skeleton is guaranteed to follow the center of the airways, and the branchpoints are positioned at their anatom-
ically correct locations (Figure 2). The skeletonized tree is converted into a mathematical graph representation,
which is subsequently used for branchpoint matching between different trees.

Figure 2. Airway tree analyses: (left) the segmented airway tree; (right) the skeletonized airway tree with airway
branchpoints marked.

2.2.2. Preparation for Image Registration

To reduce memory requirements during the image registration, we convert the original 16-bit CT data to 8-bit
values using a window of [-1000HU, -400HU]. The image data is downsampled by a factor of two, and padded
to give dimensions that are a power of two. After downsampling and padding, the data sets are of size 256 x
256 x 256 voxels.

2.3. Consistent Landmark and Intensity-based Registration

The internal structure of the lung varies with lung expansion. In order to estimate the deformation of inter-
nal lung tissue, a 3D registration algorithm is used to define correspondences between images with different
airway pressures. In this study, we use the consistent landmark and intensity registration algorithm described
in [19, 20]. By matching corresponding landmarks and matching intensity away from landmarks, the algorithm
produces good correspondences between the images in all the locations, while landmark-only methods may
not get satisfactory registration results in locations far from the registration landmarks. In addition, com-
pared to unidirectional algorithms, consistent registration algorithms jointly estimate the forward and reverse
transformation between two images while minimizing the inverse consistency error.'® 20

The registration method® 2° jointly estimates the forward transformation from template image T() to target
image T) and the reverse transformation from target to template image. The transformations are selected to
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where € is the domain of the image, the mapping h(7) is defined as the transformation that warps the template
image into the shape of the target image, and h(7"%) is the reverse transformation. u(*9)(z) = z — h(4)(z), for
z € Q, represents the displacement field from the template image to the target image, uU9 (z) = z — h(9) (z)
represents the reverse displacement field. The first integral in the cost function defines the cumulative squared
error similarity cost between the deformed template image 7 (h(iJ ) (z)) and the target image and between the
deformed target image 70) (h(:)(x)) and the template image. This term minimizes the squared error intensity
between the images. The second integral is used to regularize the forward and reverse displacement fields to
meet the properties of linear elasticity and so that topological constraints are enforced on the transformation.
The linear differential operator L as follows corresponds to the linear-elastic constraint,

Lu(x) = a7 u(x) + 67 (v - u(z)) + yu(z) (2)

where /2 = (8% /022 +0%/0y* +0?/02?), and (V) = (0/0x+0/0y+0/0z)-(0/0x+0/0y+0/0z). a, B, v are
constants associated with the linear-elastic constitutive law. The third integral in (1) is the inverse consistency
constraint. The inverse consistency constraint is minimized when the forward transformation is the inverse
of the reverse transformation. The inverse consistency constraint ensures that the mapping from template to
target is the reverse of the mapping from target to template, in other words, it is a one-to-one mapping. The
parameters o, p, x are the weights for each part of the cost function. In this study, o = 1, p = 0.00125, x = 600
was used.

Registration was performed on four resolution levels (0.0625, 0.125, 0.25, and 0.5 of full size). At each
resolution level a maximum of 20 iterations was allowed. The airway branch points detected using method
described in Section 2.2.1 were used as registration landmarks. After airway tree segmentation, branch points
were chosen and manually matched for each pair of volume datasets (0-8, 8-16, 16-24, and 24-32 cm H,O).
During registration the similarity cost, linear elasticity cost, inverse consistency cost, total cost, and registration
landmark cost are plotted to assess algorithm performance.

2.4. Registration Validation

The registration performance was evaluated through three indexes: (1) the landmark error, defined as the
registration error at the registration landmarks; (2) the marker error, defined as the error between the actual
marker location and the marker location predicted by the image registration; and (3) the volume overlap error.
The volume overlap error is a measurement of the overlap of the deformed template image and the target image:

I NI
volume overlap error =1 — [ aeformed 0 Liarged] (3)

‘Ideformed U Itarget |

where Igc formed and Itqrger are the sets of voxels that make up the deformed and target images and |-| represents
area.

2.5. Regional Lung Expansion

Regional lung expansion was evaluated by examining the deformation functions computed during image reg-
istration. Consider the lung deformation function u(x,y,z). The Jacobian J(z,y,z) of the transformation
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The Jacobian measures the differential expansion at position (x,y, z) in the image. If the Jacobian is unity,
there is no expansion or contraction. If the Jacobian is greater than one, there is local tissue expansion; if the
Jacobian is less than one, there is local tissue contraction. To linearize the expansion measurement obtained
via the Jacobian, it is sometimes useful to compare the logarithms of the regional Jacobian rather than the
Jacobian itself.

3. RESULTS
3.1. 3D Image Registration

The landmark error, marker error, and overlap error were calculated to evaluate the registration. Since there
are two sheep being studied, each examined in two orientations (prone and supine) and at five pressures, there
are a total of 16 registration pairs. These pairs and the associated registration errors are presented in Table 1
and Figure 3. The mean landmark error is 1.11 mm, the maximum landmark error is 1.86 mm, the mean
marker error is 1.38 mm, the maximum marker error is 2.58 mm, the mean volume overlap error is 0.04, and
the maximum overlap error is 0.05.

Registration  Study  Orientation Registration Landmark Marker Overlap
Pair Pair (cm HyO)  error (mm) error (mm)  error
1 sheep 1 Supine 0to8 1.86 2.58 0.04
2 sheep 1 Supine 8 to 16 1.34 1.58 0.03
3 sheep 1 Supine 16 to 24 0.76 0.64 0.04
4 sheep 1 Supine 24 to 32 0.87 1.00 0.04
5 sheep 1 Prone 0to8 1.31 3.40 0.05
6 sheep 1 Prone 8 to 16 1.26 1.44 0.04
7 sheep 1 Prone 16 to 24 0.70 0.64 0.04
8 sheep 1 Prone 24 to 32 0.75 0.58 0.04
9 sheep 2 Supine 0to8 1.64 2.38 0.05
10 sheep 2 Supine 8 to 16 1.74 1.89 0.05
11 sheep 2 Supine 16 to 24 1.10 1.16 0.04
12 sheep 2 Supine 24 to 32 1.06 1.34 0.04
13 sheep 2 Prone 0to8 1.41 1.54 0.04
14 sheep 2 Prone 8 to 16 0.76 1.01 0.04
15 sheep 2 Prone 16 to 24 0.64 0.40 0.04
16 sheep 2 Prone 24 to 32 0.55 0.44 0.04

Table 1. Registration Validation: Landmark error, marker error, and overlap error for 16 pairwise registrations.

Figure 4 shows the template image, deformed template, and target image (sheep 1, prone, 0 cm HoO-8 cm
H>O registration pair) to qualitatively illustrate the performance of the registration. The grid pictured on the
right side is a unit grid deformed by the registration displacement field. This deformed grid shows that the
displacement field is smooth and continuous.

The registration was also evaluated by examining the registration costs that make up equation 1. Figure 5
shows registration cost plots for sheep 2, prone orientation, 24 cm Hy0-32 cm H5O at resolution 0.5. The
figure shows that similarity cost and total cost decreases as the number of registration iteration increases, while
the linear elasticity cost increases as the number of iterations increases. However, the landmark error and
inverse consistency cost increase and decrease during registration processing because at each resolution level,
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Figure 3. Graph of the landmark error, marker error and overlap error for the 16 registration pairs listed in Table 1.
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Figure 4. An example of one transverse slice from the template, target, deformed template images. (a) template image:
sheep 1, prone orientation, 0 cm H2O pressure; (b) target image: sheep 1, prone orientation, 8 cm H2O pressure; (c)
deformed template image after applying displacement field to match to the target image; (d) unit grid deformed by the
registration displacement field.
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Figure 5. Registration Performance. The six plots show the similarity cost, linear elasticity, inverse consistency,
maximum and minimum Jacobian value, total registration cost, landmark cost respectively as a function of registration
iteration number.

the landmark based registration and intensity based registration are alternately performed. When the landmark
registration is being performed, the inverse consistency cost may increase and during intensity registration, the
landmark error may increase.

3.2. Regional lung expansion

Figure 6 shows the color-coded tranverse slice images of the log Jacobian of the registration displacement field
for four pressure pairs (0-8, 8-16, 16-24, 24-32 cm H50) for the supine and prone orientations of sheep 1 and
sheep 2. Figure 7 shows the log Jacobian image viewed from the transverse, sagittal, and coronal sections, for
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the 8-16 cm H5O pressure change pair for each sheep, each orientation. Figure 8 shows the mean Jacobian,
averaged across all pixels on a coronal slice, plotted versus position from the non-dependent surface of the lung
for each sheep and each orientation.

. L4
L"UJ
E B = EBEs

- N
[0

(c)

Figure 6. The log Jacobian image for a transverse slice for four pressure pairs. (a) sheep 1, prone orientation; (b) sheep
1, supine orientation; (c) sheep 2, prone orientation; (d) sheep 2, supine orientation.

4. DISCUSSION

All 16 pairwise registrations were judged satisfactory based on the landmark error, marker error, overlap error,
displacement field, and the registration cost information. The image registration procedure was guided by tissue
intensity and the airway branch points (landmarks). The number of landmarks affects the registration accuracy
and computation time. It is not necessarily the case that adding additional landmarks will improve accuracy.
In the regions close to the landmarks, the registration matches corresponding landmarks and interpolates
between the landmark points. In regions away from registration landmarks, the tissue is matched using intensity
information. If there are too many landmarks, the intensity information may not be fully used and registration
accuracy away from the landmarks may suffer. Additionally, adding additional landmarks increases processing
time.

While the bulk of lung segmentation processing is automatic, some manual intervention is occasionally
needed. As an example, Figure 9 shows an automatic segmentation result that required manual editing. Since
the registration processing depends on region intensity and boundary information, it was necessary to man-
ually edit several data sets to force the segmentations to be consistent across all lung volumes and all body
orientations.

The colorcoded log Jacobian images (Figure 6) show that both in supine and prone orientations, the Jacobian
values are greater over the lower pressure ranges than the higher ranges. These results confirm known physiology
that the lung is more compliant at lower volumes than at higher volumes. These images (Figures 6 and 7) also
demonstrate the greater homogeneity of lung expansion in the prone orientation.
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Figure 7. The log Jacobian image viewed from the transverse, sagittal, and coronal sections, for the 816 cm H2O

pressure change pair. (a) sheep 1, prone orientation; (b) sheep 1, supine orientation; (c) sheep 2, prone orientation; (d)
sheep 2, supine orientation.
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Figure 8. Mean Jacobian plots averaged across all pixels on a coronal slice, plotted versus position from the non-

dependent surface. (a) sheep 1, prone orientation; (b) sheep 1, supine orientation; (c) sheep 2, prone orientation; (d)
sheep 2, supine orientation.

The mean Jacobian plots (Figure 8) show that the expansion has a vertical gradient in the supine orientation
while the prone vertical distribution of regional lung expansion is more uniform. Furthermore, in the supine
position the gradient in the gravitational direction diminished as lung volume increased and shifter towards
more dependent regions, reflecting the changing distribution of incremental volume changes as non-dependent
regions become fully expanded and less compliant at lower airway pressures.

5. CONCLUSIONS

We have developed a procedure for calculating regional lung tissue expansion using image registration of multiple
pressure-gated CT images. The results show that there are higher levels of regional lung expansion at the lower
pressure steps (i.e., the start of inspiration) than at the higher pressure steps, consistent with the notion that
the pressure volume curve is sigmoidal with the lung reaching non-compliant limits at higher inflation steps,
and reaching these limits in the non-dependent regions of the supine lung at lower pressure steps. While these
data are confirmatory of data obtainable from other methods, the technique now allows one to demonstrate the
direction of principal strains, the x, y and z components of strain, regional ventilation in details unachievable
by other methods (without introduction of tracer gases). By tracking identical lung regions, one is able to

begin to answer important questions in clinical medicine such as “What is the regional lung response to a given
ventilator regime?”
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Figure 9. Manual editing of the initial lung segmentation mask was sometime necessary to get a consistent segmentation
at all body orientations and pressures. (a) original lung image; (b) mask obtained by automatically segmenting lung;
(c) refined lung mask after editing.
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