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A frictionless boundary condition was enforced between the lobe surfaces and the inside
surface of the pleural cavity. A contact boundary condition was enforced at every lobe-lobe
surface. The frictional coefficient at lobe-lobe interfaces was set to f=0 for the frictionless case
and f=1.5 for the high friction case. For clarity, let FE, refer to a lobe sliding FE model with f=0
and Fy 5 refer to a lobe sliding FE model with f=1.5. Material properties were defined using the
Neo Hookean model with an equivalent infinitesimal Young’s modulus value of 70 kPa and
Poisson’s ratio of 0.35; these values are within the acceptable range defined in Chapter 3. The
conversions from equivalent Young’s modulus and Poisson’s ratio values to Neo Hookean input
parameters are outlined in Section 3.1. Displacement boundary conditions were defined at every
node in the pleural cavity meshes. Displacements were interpolated from SSD registration of the
TLC whole lung segmentation to the FRC whole lung segmentation. All rotational degrees of

freedom in the pleural cavity meshes were set to zero.

4.1.4 Whole Lung FEM

Whole lung FE modeling was similar to that reported by Al-Mayah [29]. For clarity,
whole lung FE will be referred to as FEw.. The left and right lungs for every subject were
modeled in separate simulations. The pleural cavity representations were identical to lobe sliding
FEM. A whole lung mesh was obtained by volumetric meshing of the pleural cavity
representations with 4-noded tetrahedral elements in Gambit. A frictionless boundary condition
was enforced between the whole lung mesh and the pleural cavity mesh. Material properties
were defined using the Neo Hookean model with an equivalent infinitesimal Young’s modulus

value of 70 kPa and Poisson’s ratio of 0.35.

4.2 Results
Average landmark error, averaged across all simulations, were FE;=6.18 mm, FE; 5=5.95
mm, and whole lung FE =6.16 mm. FEy,_ resulted in average landmark error significantly higher
than FE; 5 (p<0.001); no other pairs of simulations were statistically different (p>0.05). The

results for all simulations are plotted in Figure 40.
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Figure 40: Average landmark error plotted for FEq, FE; 5 and FE,_ all simulations. A statistical
improvement in average landmark error was found between FE; 5 and FEy,.

Average landmark errors for FE and FE; s, stratified by lobe, are listed in Figure 41.
Average landmark error was significantly lower in the LLL and RLL for FE, than FE; s.
Conversely, average landmark error was significantly lower in the LUL and RUL for FE; 5 than
FEo. No statistically difference was found for the average landmark error in the RML, though
average landmark error in the RML was lower for FE; 5.

The displacement fields from FE,, FE; 5 and FEw, were compared with the displacement
field from lobe-by-lobe DIR. Nodal displacements from FEw,, FE, and FE; 5 were interpolated
to TLC voxel locations. To preserve sliding characteristics, interpolation occurred on a lobe-by-
lobe basis. This means the nodal displacements for a given lobe were interpolated to the voxels
of the corresponding lobe segmentation. The average difference in voxel displacements between
lobe-by-lobe DIR and FEw,, FEq and FE; 5 are listed in Table 12. None of the FE methods
resulted in displacement fields statistically more similar to the lobe-by-lobe DIR predicted

displacement field (p>0.05).
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Figure 41: Average landmark error for FEq and FE; 5 stratified by lobe for all simulations.

Table 12: The average difference in voxel displacement estimated by lobe-by-lobe DIR and all
FE methods.

Difference in voxel displacements predicted by lobe-by-lobe DIR and FE

Subject RLL RML RUL LLL LUL Average
FE, 4.7 6.6 5.4 6.1 5.6 5.57
FEis 5.0 7.8 4.8 6.4 4.7 5.50
FEwL 4.9 8.2 4.9 6.6 5.1 5.70

Figure 42 highlights sliding characteristics predicted by FEq by plotting contours of Ymax
on coronal slices. These plots were made from FE, displacement data interpolated to the TLC
voxel grid as described in the previous paragraph. Figure 42 illustrates that ymax IS Significantly
higher along the lobe fissures than throughout the parenchyma. Also, previously described trends
for sliding in FRC-TLC subjects were observed in the FE, displacement field, see Section 2.2.
These include highest sliding at the RML-RLL boundary and decreased sliding in medial and
dorsal regions. Compare Figures 42 and 16 for similarities between FEq predicted sliding and

lobe-by-lobe DIR measured sliding.
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Figure 42: Contour slices for ymax plotted on coronal slices. A slightly more ventral slices is in
the left column and a slightly more dorsal slice is in the left column.
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Average Jacobians, stratified by lobe, are compared between FE,, FE; 5 and lobe-by-lobe DIR in
Figure 43. Since lobe-by-lobe DIR matches the FRC lobe segmentation to the TLC lobe

segmentation with high accuracy, it can be considered the ground truth for average lobe

Jacobian.
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Figure 43: Average Jacobians, stratified by lobe, are plotted based on the measured segmentation
Jacobian, the Jacobian predicted by FE, and the Jacobian predicted by FE; s.
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4.3 Discussion of Displacement Field Accuracy

Image guided radiotherapy (IGRT) is the primary motivation for developing FE lung
models. For this reason, recent publications involving patient specific FE lung models focus on
displacement field accuracy assessed with landmark error. In Chapter 3 a novel patient specific
FE lung model was developed that incorporated lung lobe sliding. The motivation was that
continuum based models could not capture the discontinuity in the displacement field introduced
by lung lobe sliding. However, no statistical difference in any landmark-based metrics was found
between FE models with that allowed sliding and those that did not allow sliding. Qualitative
assessment of the average landmark error suggested that inter-lobar frictional coefficients do not
influence changes in landmark error. However, further qualitative and quantitative evaluation
indicated that changing the frictional coefficient did alter the underlying displacement field; the
changes simply did not affect landmark error.

The lack of landmark error improvement may be due to several reasons: 1) lobe sliding
was poorly modeled, 2) landmark distribution did not sufficiently capture changes in the
displacement field or 3) sliding was muted in tidal breathing due to relatively small deformation.
The latter two limitations are addressed in this chapter by modeling FRC-TLC data sets and
comparing the FE predicted displacement fields with lobe-by-lobe DIR displacement fields.

FRC-TLC data sets have much larger deformation which amplifies characteristics of
deformation. The difference in deformation magnitude is illustrated in Figure 44. The average
Jacobian for the FRC-TLC subjects in this chapter was 1.91 compared to an average Jacobian of
1.18 for the tidal breathing subjects in Chapter 3. In literature, lung lobe sliding measurements
focus on FRC-TLC data sets where large magnitudes in deformation likely increase lobe sliding
magnitude. The downside of modeling FRC-TLC data sets with finite elements is the larger
deformation results in increased computational cost and increases the chance of element
distortion resulting in non-converged solutions. Computation time increased to between 2 and 5

hours per FRC-TLC simulation (compare to 20 minutes to 2 hours for tidal breathing) when run
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across 4-processors. The increased computation time was a consequence of several more steps

and iterations per step required to obtain a converged solution.

Tidal Breathing FRC-TLC

Figure 44: Initial (transparent grey) and final (green) pleural cavity geometries used as FE
boundary conditions in Chapter 3 (left) and 4 (right). The magnitude of deformation
in FRC-TLC data sets is much greater than tidal breathing.

4.3.1 Landmark Error Analysis

Prior to comparison with lobe-by-lobe DIR displacement fields, average landmark error
was assessed; see Figures 40 and 41. Consistent with the results in Chapter 3, no statistical
improvement in landmark error was found between FE, and FE; 5. Statistically, FE; 5 had lower
average landmark error than FEw,_ when averaged across all simulation sets, but the 0.19 mm
average difference suggests improvement was minor and unimportant.

The average landmark errors in the FRC-TLC models were much higher than the tidal
breathing models in Chapter 3 and those reported in literature. This is attributed to a significant

increase in landmark displacements. Average landmark displacement in the FRC-TLC data sets



91

was 27.8 mm compared with 13.3 mm average landmark displacement in the tidal breathing data
set in Chapter 3. To account for differences in landmark displacements, landmark error was
normalized with observed landmark displacements to obtain ‘landmark error improvement’, LEI.
Let U, vk be the picked landmark displacement vector and U, ge be the FE predicted landmark

displacement vector for the " landmark. LEI is given by the equation below.

N
Zn:l | Un,LMK - Un,FE|

LEI =1—
Zg=1|Un,LMK|

A value of LEI greater than 0 indicates the predicted final landmark location is closer to
the picked final landmark location than the initial landmark location. In other words, the
simulation moved the landmark closer to its actual final location than where it started. A value
less than 0 indicates the predicted final landmark location is farther from the picked final
landmark location than the initial landmark location. The maximum value for LEI is 1, indicating

the predicted final landmark location and picked final landmark location was at the same point.

LEI for FEo, FE; 5 and FE, averaged over all simulation sets was 0.79. This means the
FE predicted final landmark location is 79% closer to the picked final landmark position, relative
to the initial landmark position. This compares favorably with LEI estimates from Chapter 3
(LEI between 0.54 and 0.69 within acceptable parameter ranges) as well as estimates from
literature: Werner et al. (LEI = 0.50) [27] and Al-Mayah et al. (LEI = 0.20) (from [29] assuming

a data set similar to their previous study in [11]).

4.3.2 Comparison of lung FE and lobe-by-lobe DIR
Landmarks may not be well distributed enough to capture the differences between FEg
and FE; s. Therefore, FE results were compared to lobe-by-lobe DIR to investigate FE
performance away from landmarks. Lobe-by-lobe DIR typically reports landmark errors under 1

mm. While lobe-by-lobe DIR accuracy may not be confirmed away from landmarks, for the
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purpose of this comparison it is assumed that lobe-by-lobe DIR performs better than FE at all
points and may be used as the gold standard for comparison.

FEo, FE15 and FEw. were compared to the lobe-by-lobe displacement field. In order to
make the comparison, the displacement vectors for all FE methods were interpolated to the TLC
voxel grid using inverse distance interpolation. At a given voxel, the magnitude of the difference
in the lobe-by-lobe DIR displacement vector and the FE displacement vector defines the error at
the voxel. Errors are then averaged over the lobes and whole lung; results listed in Table 12.

The displacement field for FE, was more similar to that of DIR than FE; s in the LLL,
RLL and RML. FE, displacements were closer to lobe-by-lobe DIR displacements by 0.30 mm
in the LLL, 0.33 mm in the RLL and 1.34 mm in the RML,; the differences were not statistically
significant. Conversely, the displacement field for FE was less similar to that of lobe-by-lobe
DIR than FE; 5 in the LUL and RUL. FE; 5 displacements were closer to lobe-by-lobe
displacements by 0.93 mm in the LUL and 0.66 mm in the RUL. Again, these differences were
not statistically significant.

The lack of statistical significance in the error improvement was not due to similarities in
the FEq and FE; 5 displacement fields. Landmark error and the comparison with lobe-by-lobe
DIR stratified by lobe highlight regional differences in the displacement fields between FE, and
FE.s. However, the regionally assessed error metrics do suggest FE; s and FE,_ are similar.
Furthermore, statistics indicate FE; s may be systematically better than FE, . The lack of
statistical improvement in the error metrics between FEq and FE; s is therefore due to
inconsistencies. Inconsistencies may arise in the subject population or in the influence of
assumptions used by the FE model.

Population inconsistencies include all unaccounted for variations in the subject
population. For instance, the lung material was modeled as a homogeneous, isotropic Neo
Hookean material and all subjects were assigned the same material parameters. It is likely that
variations material properties exist subject-to-subject, as well as lobe-to-lobe. For instance, in

some subjects the RML may be stiffer than the RUL while the opposite is true in other subjects.
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Inconsistent differences between actual material parameters and the homogeneous material
parameters used in the study may lead to inconsistent errors in the displacement field. Also, lobe
boundary conditions may vary across subjects. It is assumed that the mediastinum and carina
loosely couple the lobes together. This coupling may play a larger role in governing lobe
deformations in some subjects. A better handle on population inconsistencies may only be
clarified with a large population study set.

Inconsistencies due to finite element model assumptions include errors in assumptions
that lead to inconsistent results. For instance, the cavity in the lobe segmentation formed where
the pulmonary artery and vein enter the lung was artificially filled in and assigned a lobe based
on a filling algorithm. The procedure for cavity filling and lobe assignment was consistent across
all subjects. However, the influence of cavity filling may affect some subjects more than others.
Also, the pleural cavity was smoothed by the same smoothing protocols in all subjects. However,
smoothing may influence the FE displacement fields more dramatically than others. Likewise,
lobe segmentations and models were smoothed. While the smoothing protocol was consistent,
the influence of lobe smoothing on the final displacement fields may not be consistent. A better
handle on inconsistencies due to finite element modeling assumptions would require individual
investigation of modeling assumptions and possibly a large subject population to rule out
population inconsistencies. Consistent assumptions need not mean consistent consequences of
the assumptions. Further investigation is warranted.

It is clear that at its current state FE, provides no improvement to displacement field

accuracy when compared to FE; 5 and FEw, .

4.4 Discussion of FE Predicted Physiological Lung Phenomenon

Image guided radiotherapy (IGRT) is the primary motivation for the development of
finite element lung models in recent years. For this reason, evaluation of the FE models is
concerned solely around displacement field accuracy, be it regional or global accuracy measures.

Limiting the role of FE analysis to displacement field accuracy (how the lung deforms) for use in
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IGRT precludes contributions of FE to the field of lung research. Image-based analysis
techniques will always overshadow physics-based models of lung displacement simply because
all displacement field error metrics for in-vivo lungs are based on image information, thereby
biasing accuracy towards image-based analysis. While image-based techniques are better at
determining how the lung deforms, they cannot elucidate mechanisms of lung deformation. For
instance, Xenon-CT and DIR both indicate a gravitational dependence in ventilation but cannot
determine why the gravitational dependence exists. Finite element modeling serves as a platform
to test hypotheses into why the lung deforms as it does. With regards to FE lung models,
displacement field accuracy is important but only part of the solution. Equally important is the
ability for the FE model to capture observed physiological phenomena. The remaining paper
investigates the ability of the developed finite element models to accurately capture lung lobe

sliding magnitude as well as regional variations in ventilation.

4.4.1 Lobe Sliding Predicted By FEg

The lobes of the lung slide relative to each other during breathing. In Section 2.2, lung
lobe sliding was measured from deformable image registration data using the metric ymax, S€e
Section 2.2 for a further background on lobe sliding in literature and for the definition of ymax. A
few consistent characteristics of lung sliding emerged. Namely, the most sliding consistently
occurred at the boundary between the RML and the RLL and very little sliding occurred at the
boundary between the RUL and the RML. Also, sliding increased away from the carina or
mediastinum. The hypothesis is that the carina and/or mediastinum loosely couple the lobes
which limit the amount of sliding in the medial and dorsal lung. The measureable amount of lobe
sliding observed in Chapter 3 motivated the incorporation of lobe sliding into an FE lung model.
Successful modeling of lobe sliding may shed light on the mechanism behind sliding.

Modeling assumptions are very important when interrogating FE models for
physiological relevance. No coupling mechanism was modeled between the lobes except the

inter-lobar frictional coefficient; neither the mediastinum nor carina was modeled. Material
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property distribution was homogeneous and isotropic. No displacement or force boundary
conditions were prescribed to any node on the lobe meshes; the lobe boundary conditions were
completely governed by lobe-lobe and lobe-pleural cavity contact. With these assumptions in
mind, the lobe displacements were resampled to the TLC voxel grid and sliding was
parameterized with ymax. Coronal slices, contoured with ymax, are shown in Figure 42. First,
notice that ymax IS much greater in the fissures than in the bulk tissue, indicating ymax IS
dominated by lobe sliding as relatively little actual tissue shear existed in the FE model. The
ventral slice contours illustrate the relative magnitude of sliding on the boundaries. The most
sliding occurred at the boundary between the RML and RLL and the least amount of sliding is
observed at the boundary between the RUL and RML and in the dorsal region of the LUL and
LLL boundary. This is consistent with the trends in sliding observed from lobe-by-lobe DIR in
Section 2.2. Qualitative assessment of the ventral and dorsal slices suggest slightly lesser sliding
toward the medial lung than the lateral lung; both the carina and mediastinum are located
medially. Figure 45 plots ymax in a 3D perspective for Subject 2. This was accomplished by only
showing voxel coordinates with ymax > 0.75. Figure 45 further illustrates the trends observed in
Figure 42. These plots illustrate that characteristics of sliding are reasonably captured by the FEq
model. No sliding was observed in the FE; 5 model, see Figure 46 for a sample coronal slice,
contoured with Ymax.

The fact that lobe sliding was modeled using this FE paradigm with its assumptions has
implications on the mechanisms of actual lobe sliding. Lobe sliding can be predicted from the
mechanical interaction of the lobes and pleural cavity. Homogeneous material properties were
used indicating heterogeneous material properties are not necessary for lobe sliding to occur.
Airflow was not modeled indicating airflow distribution does not drive lobe sliding. The fact that
a gradient in ymax existed in the FE models, with lesser sliding near the carina, when no lobe
coupling or boundary conditions to limit lobe sliding in this region was applied suggests the
sliding gradient observed from CT scans in Section 2.2 and Ding et al. [4] may not be a result of

lobe coupling at the carina. Instead, the gradient in sliding magnitude along the fissures was
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modeled by considering solely lobe and pleural cavity initial geometries and pleural cavity
deformation. Future studies involving lobe sliding finite element models should be pursued to

further elucidate the mechanical contributors to lung lobe sliding.

Figure 45: Sliding magnitude predicted by FE for Subject 1 shown on a 3D plot. This figure was
obtained by eliminating all voxels in the volume that had a ymax less than 0.75. A
slight lateral to medial gradient in sliding is observed in the right lung.
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Figure 46: A contour slice showing ymax plotted on a coronal slice for FE; 5. This illustrates that
FE1 5 almost completely eliminated lobe sliding.
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4.4.2 Regional Variations in Lung Ventilation Predicted by FE

Regional variations in lung ventilation have traditionally been associated with two
factors: 1) gravity acting on the lung 2) pleural cavity shape change. There is a larger body of
evidence supporting the gravitational theory as opposed to pleural cavity shape change.

Gravitational dependence, explained by West [1], operates on the assumption that
regional lung elasticity follows a pressure volume curve similar to that of the whole lung, see
Figure 1. In the range of FRC-TLC the lung becomes stiffer as the pressure increases. Gravity
acts on lung tissue which increases the intrapleural pressure in the direction of gravity. The
increase in intrapleural pressure is caused by the lung weight as the higher pressure is necessary
to support the lung tissue above. In the context of negative pressure breathing, the intrapleural
pressure at lower gravity is less negative. In the range of FRC-TLC lung volumes, the lower lung
is always at a more compliant position on the pressure volume curve. West and Matthews
explored the influence of lung weight on regional ventilation in an idealized lung [16]. Changes
in pleural cavity shape were not considered and non-linear material properties were used to
simulate decreased compliance at higher lung volumes. The study supported the theory of
gravitational dependence in the idealized model. This paper was followed up by studying the
influence of lung weight and pleural cavity shape change on regional stresses in an idealized
finite element lung model [68]. The result of the follow-up study supported the notion that
gravity was primarily responsible for regional distributions in lung stresses (volume change) and
altering pleural cavity shape had relatively little effect.

The theory behind the influence of pleural cavity shape change on regional ventilation is
simple. An isotropically deformed body may have uniform changes in volume (consider the
reduction of volume of a body under hydrostatic pressure). However, the pleural cavity does not
deform uniformly during breathing. During inhalation, the pleural cavity increases in height
more than it increases in cross-sectional diameter as diaphragm displacement is much larger than
the chest wall displacement. VVawter et al. investigated the role of this type of anisotropic

deformation on an idealized lung model. It was determined that this type of anisotropic
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deformation played an insignificant role in determining regional ventilation when compared with
the influence of gravity [68]. Vawter investigated the influence of global anisotropic deformation
by applying a uniform anisotropic deformation to the entire model and it should be noted that
lung lobes were not modeled. However, regional anisotropic deformation of the pleural cavity
also exists. During inhalation the diaphragm flattens which changes the shape of the inferior
pleural cavity alone. Also, during inhalation the lung wraps further around the mediastinum [69]
which changes the shape of the ventral pleural cavity alone. Local changes in pleural cavity
shape may govern regional variations in ventilation. Companion papers by Margulies et al. [69]
and Liu et al. [62] quantified chest wall shape changes in dog lungs between FRC and TLC and
its influence on regional deformation, respectively. To determine the influence on regional
ventilation, 2D transverse slices were considered. First, the TLC section was isotropically
reduced to the corresponding FRC area. Finite element modeling deformed the shrunk TLC area
to match the shape of the FRC area, yielding internal displacement fields and, consequently, an
estimate of regional ventilation based on element area changes. Liu concluded that pleural cavity
shape change substantially influence regional ventilation, however, the influence of gravity had
to be incorporated to match observed regional ventilation in the prone position.

Amelon et al. demonstrated a consistent patterns in lobe averaged Jacobians in FRC-
TLC human subjects in the supine position [35], see Section 2.1. As expected for supine human
subjects, more volume change occurred in the lower lobes than the upper lobes. This follows the
gravitational dependent theory as the lower lobes sit inferior and dorsal compared to the upper
lobes and middle lobe. Average Jacobian values were calculated from the deformed FE, and
FE1.5 simulations on a lobe basis for comparison with this regional ventilation phenomenon.
Figure 43 shows good agreement between trends in regional ventilation between measured lobe
Jacobians and FE predicted lobe Jacobians. There is a difference in the magnitudes of lobe
Jacobians between measured volume change, FE, and FE; s which may be attributed to
geometrical smoothing in the FE models and filling of the segmentation cavity where the

pulmonary artery and vein enter the lung, Figure 22. However, differences in lobe Jacobians
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between upper and lower lobes quantify the degree of variation in regional ventilation. Volume
change in the upper lobes was significantly higher than the corresponding lower lobes for
measured volume change, FEq and FE; 5 (p<0.001). On average, measured volume change
indicated a 68% percent increase in volume change in a given lower lobe compared to its
corresponding upper lobe. On average, FE, predicted percent volume change in the lower lobes
was 81% greater than the upper lobes while FE; 5 predicted a 57% difference in percent volume
change. Variation in lobe Jacobians between upper and lower lobes were significantly lower in
FE1 5 when compared with FE, (p<0.05) and measured volume change (p<0.05). Variation in
lobe volume changes between upper and lower lobes was not statistically different between FE,
and measured volume change (p=0.057). FE, overestimated the variation in regional ventilation
while FE; s underestimated the variation in regional ventilation. Using regional ventilation as a
performance measure suggests the frictional coefficient should have been somewhere between 0
and 1.5.

It must be noted that regional variations in ventilation was found in both FE models
without modeling gravity or incorporating lobe weight in any manner. The simulations were also
run as quasi-static which prevents effects due to inertia. Homogenous material properties with
stiffness nearly independent of strain were used. The results indicate overwhelming evidence that
pleural cavity geometry shape change does account for significant regional variations in
ventilation. Furthermore, lobe sliding amplified the degree of predicted variation in regional
ventilation. We can definitively conclude that the combination of pleural cavity shape change,
lobe geometry, and lobe sliding cause significant regional variations in ventilation independent

of the inclusion of gravity.

4.5 Conclusion

Limiting success of FE based solely on displacement field accuracy is not prudent use of
finite element modeling. Sliding magnitude was quantified from lobe sliding FE models and

compared favorably with sliding measured from deformable image registration. Models that
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prohibited sliding could not capture the discontinuity in the displacement field. This indicates
that the FE, more accurately captured the characteristics of lung lobe sliding. Additionally,
regional ventilation was quantified and compared at the lobe level between lobe sliding FE, FE
prohibiting lobe sliding, and regional volume change measured from CT scans. The variation in
lobe ventilation measured from CT scans was substantial and remarkably consistent across
subjects. FE, overestimated the variation in lobe ventilation while FE; s underestimated the
variation in lobe ventilation. This indicates that lung lobe sliding does influence variations in
lobe ventilation. While landmark error cannot distinguish differences between the models, the
physiological interpretations are vastly different. Lung FE models should be pursued in the

future to help shed light on the mechanisms behind lung deformation.
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APPENDIX A: MANUAL LOBE SEGMENTATION PROCESS

The following outlines the steps for manual segmentation of single lobe using Slicer4.
Manual segmentation is the masking of the entire lobe where care is taken to accurately segment
the fissure. Accuracy on the pleural cavity — lobe boundaries is unimportant as long as the entire
lobe is contained within the segmentation. The process is conducted for the right upper lobe,
right lower lobe, and left upper lobe.

1. Quickly scan saggittal and coronal views to find in which view the fissures are most
distinguishable. Pay particular attention to the right horizontal fissure as this is often
the most difficult to identify.

iv.

Once the best view is selected (call ViewA), switch to the view not chosen
(call ViewB). Identify 6-8 slices, roughly evenly spaced and spanning a large
majority of the volume, where confident segmentation may occur. Segment
the lobe on these slices.

. Switch back to ViewA. The segmentation in ViewB will appear as a guide for

segmenting in ViewA. Segment slice-by-slice in ViewA while confident in
fissure segmentation accuracy.

For all remaining slices in ViewA, where confident segmentation cannot
occur, revert back to ViewB. Select slices in ViewB where the segmentation
will appear in the un-segmented slices of ViewA. If the fissure cannot be
identified, use ViewA as a guide for segmentation and visually interpolate the
boundary when necessary. Often, enough of ViewA will be segmented such
that segmentation in ViewB is trivial.

Switch back to ViewA and continue segmenting. Continue to switch between
ViewA and ViewB until all slices in ViewA are segmented.

b. Post-processing manual lobe segmentation

These steps occur after the RUL, RLL and LLL have been segmented.
Subtract the RUL, RLL and LLL from the whole lung mask. Perform two
simple region grows in the right and left lungs to obtain the RML and LUL,
respectively.

The masks will be very noisy in ViewB. To remove the noise, perform the
following protocol on each lung lobe (five total). Dilate one voxel, erode 2
voxels, dilate 1 voxel.

Renumber the lobe mask ID according to the following convention: RLL=1,
RUL=2, RML=3, LLL=4, LUL=5. Combine the lobe masks into a single
image using ‘image label combine’ within Slicer. If there is overlap between
individual lobe masks then assign based on the following priority (RML,
RUL, RLL, LUL, LLL). This priority is based roughly on lobe size, small to
large.
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v. There will be voxels occupied by the whole lung mask that are not occupied
by the complete lobe mask. To fix this, the following pseudo-code is used to
fill the unclaimed voxels, programmed in Matlab.

1. Cycle through all voxels within the whole lung mask that are not
claimed by any lobe.

2. Look at the neighboring 6 voxels. If one lobe occupies more of the
neighbors than any other lobe then that voxel is assigned to the
corresponding lobe. If there is a tie, then leave the voxel unclaimed. If
no neighbors are claimed by lobes then leave voxel unclaimed.

3. Continue to cycle through all unclaimed voxels until no change is
made for a given iteration.

4. Cycle through the remaining unclaimed voxels an additional time. This
time, if there is a tie then assign based on the following priority (RML,
RUL, RLL, LUL, LLL). Repeat until no unclaimed voxels exist.
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APPENDIX B: MESH CONSTRUCTION FROM IMAGE SEGMENTATION

Each lung half will be simulated separately. Therefore, the mesh construction protocol
was repeated separately for the left and right lungs. To obtain all meshes required for a complete
lung (both halves) 7 independent bodies must be meshed corresponding to the right pleural
cavity (RPC), the left pleural cavity (LPC), and the five lobe meshes. Mimics was used to
construct surface models from the image masks. The surface models were then meshed in
Gambit. The following lays out the steps to go from an image mask to an acceptable finite
element mesh.

To simplify the process within Mimics, and to reduce memory usage, only one lung half is
loaded at a time. The following process is described for the right lung. The process is identical
with the left lung, but with one fewer lobes.

1. Load the image mask into Mimics. Since each lobe has a different value, threshold to
obtain a mask for the RUL, RML, RLL and entire right lung. The entire right lung mask
will herein be referred to as the right pleural cavity (RPC) mask.

2. For each lobe, use the open operation with size of 1 voxel (26-connectivity). Confine the
open operation to the RPC mask.

3. Create a 3D surface model of each lobe. Enter the Remesh Module.

4. Remeshing occurs in several steps. During remeshing, set the element quality to a low
value (0.2) and set the geometrical approximation to 0.3.

vi. Smoothing process for the RPC
1. Remesh to max element size of 6.
2. Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.

Remesh to max element size of 6.

Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.

Remesh to max element size of 6.

Smooth with Lagrangian smoothing, 3 iterations.

Remesh to max element size of 12.

8. Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.

vii. Smoothing process for individual lobes

1. Remesh to max element size of 3.

Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.

Remesh to max element size of 6.

Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.

Remesh to max element size of 6.

Smooth with Lagrangian smoothing, 3 iterations.

Remesh to max element size of 12.

Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.

No ok
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1. Exit the Remesh Module. The lobes will now be overlapping from smoothing; gaps between
lobes may also exist. The following procedure helps to minimize the overlap and fill gaps.
c. Create a 3D mask from all the remeshed surface models.
d. This following procedure is conducted on each lobe in the following order (RML,
RUL, RLL)
Dilate the mask 1 voxel (dilation confined to RPC mask)
Subtract each other mask from the newly dilated mask
g. Repeat steps e-f for 3 total iterations. On the fourth iteration dilate 2 voxels instead of
one. This helps ensure the lobes collectively occupy a similar volume as the RPC.
Then, conduct a region grow on each lobe to ensure there are no stray points.
2. Create 3D models of the RPC, RLL, RUL and RML.
3. Remesh the RPC, RLL, RUL and RML by entering the Remesh Module. Smoothing at this
stage is necessary to remove voxelation, but also helps obtain a slightly smoother geometry.
h. For the RPC
I. Remesh to max element size of 6.
ii. Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.
iii. Remesh to max element size of 6.
iv. Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.
v. Remesh to max element size of 6.
vi.  Smooth with Lagrangian smoothing, 3 iterations.
I. For each lobe model
I. Remesh to max element size of 3.
ii. Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.
iii. Remesh to max element size of 6.
iv. Smooth with Lagrangian smoothing (non-shrinking), 20 iterations.
v. Remesh to max element size of 6.
vi. Smooth with Lagrangian smoothing, 3 iterations.
4. Exit the Remesh Module and export the remeshed RPC, RLL, RUL and RML surface models
in *.stl format.
a. Load the *.stl surface models into Gambit
b. For the RPC
i. Remesh the surface using triangles of element size 6
c. Foreach lobe
i. Create a virtual volume by stitching the mesh faces. There should only be 1
face. If multiple faces exist then there was a problem in the surface model
ii. Mesh the surface using triangles of size 6.
iii. Mesh the virtual volume using tetrahedrals of element size 6.
d. Export all meshes.
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