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Computational uid dynamics (CFD) has many applications in biomedical engineer-
ing, such as simulating air dynamics in nasal cavities and lags, blood ow in vessels,
and blood ow in hearts. To perform CFD simulations, numerical models of anatomic
structures have to be constructed. The models may be develaa from tomographic
slices of anatomic structures acquired by medical imaging mdalities, such as computed
tomography (CT) and magnetic resonance imaging (MRI). However, anatomic structures
usually are highly irregular in shape. A mesh with large numter of elements is needed
to construct an accurate model of an anatomic structure. Mamally constructing models
would be tedious and error prone. An automatic geometric moeling method is highly
desired.

In this dissertation, an automatic numerical modeling technique for nasal cavities
and a mathematical model for the shape of the electro-olfactgram (EOG) are developed.
Two issues are addressed for numerical nasal cavity modeln The rst issue is that the
slice thickness of CT or MRI is usually much larger than the imaging plane resolution,

and signi cant di erences are observed between adjacent #tes, making it dicult to



construct accurate 3D models directly from acquired image lices. This problem is ad-
dressed by introducing a hierarchical spline-based image gistration method to perform
slice interpolation. The second issue is how to automaticdy generate 3D nite element
CFD mesh from the segmented data. This issue is addressed bye development of
an automatic mesh generation algorithm, called marching veume elements (MVE). The
algorithm is able to generate three-dimensional (3-D) nite dement mesh from volume
data. Six human nasal cavity models and a dog model were devabed with the numerical
modeling technique, and air ow simulations were conductedwith the developed models.
The mathematical model for modeling the shape of electricatesponses of olfactory ep-
ithelium to odorant stimuli is a linear input-output model. T he model is able to predict
the shape of the responses to di erent odorant concentratias for a xed duration of
stimuli. This model has the potential to evaluate olfactory electrical responses and to

estimate kinetics of G-protein cascade within the olfactoryreceptor neuron.
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Chapter 1

introduction and Background

Knowledge of the airow eld in nasal cavities is essential to understand the ba-
sic functions of the nose, such as air transportation and od@nt sensation. With the
advanced medical imaging modalities, such as magnetic resance imaging (MRI) and
computed tomography, detailed anatomic structure informaion may be obtained non-
invasively, making it possible to develop geometrical and omerical models of anatomic
structures for computational uid dynamics (CFD) simulati ons. Two issues have to be
addressed in the construction of 3D geometric models and coputational meshes for
CFD. The rst issue is that the slice thickness is usually mudc larger than the imaging
plane resolution. Large di erences are observed between gkent slices, making it dif-
cult to construct accurate 3D models directly from image slices. The second issue is
how to automatically generate 3D nite element CFD mesh from the segmented data.
Biological structures often have highly irregular shapes ad the mesh can contain a large
number of elements. Manual mesh generation is tedious and &r prone. This disserta-
tion will address these two issues. The rst issue is solved yintroducing a hierarchical
spline-based image registration method to perform interpadtion between slices of large
thickness, which is presented in detail in Chapter 2. The sesnd issue is addressed by
development of an automatic mesh generation algorithm, caéd marching volume ele-
ments (MVE). The algorithm is able to generate three-dimensbnal (3-D) nite element
mesh from volume data. The MVE algorithm is presented in Chager 3. With the image

interpolation scheme and the MVE algorithm, six 3D geometric models of human and



one dog nasal cavity models were constructed from CT scansnd steady state air ow
simulations were conducted on those models with FiDAP (Fluat, Inc. Lebanon, New
Hampshire). The simulation results are presented in Chapte 4.

In addition, a mathematical model is proposed for the shape belectrical responses
of olfactory epithelium or olfactory neurons to odorant stimulia in Chapter 5 in this
dissertation. The model may be used to predict the shapes oftie responses to di erent
odorant concentrations for a xed duration of stimuli.

The main contributions of this dissertaiton are the development of the 3-D auto-
matic mesh generation and the slice interpolation algorithm for geometrical modeling of
anatomic structures for medical image data, the simulationof air ow in human and dog
nasal cavities, and the EOG shape modeling of the olfactory @thelium.

In this chapter, a brief overview of background information, nasal anatomy, modeling

of anatomic structures and review of related work are preseed.

1.1 Background Information

Noses are very important organs for human and animals. It is he front part of
the respiratory system which has many important physiological functions. It provides
a channel for respiratory system inspiration of fresh ambiet air and expiration of the
deoxided air. Through the nose, the dust, bacteria and otherenvironmental pollutants
are Itered before entering the lower respiratory tract, and the inspired air is also warmed
and humidi ed before reaching lungs to prevent damage [71].

Although the nose plays vital physiological functions, sone pathological conditions
may develop. The Itration of environmental pollutants can cause infections and other

lesions in the nasal mucosa. The distribution of these lesits has been shown to relate to



air ow patterns that determine regional uptake of the pollu tions on airway walls [44, 45].
In addition, various anatomical deformaties, such as a dewted septum and nasal polyps,
can obstruct the nasal airway and increase the resistance t@ow [46]. Nasal obstructions
and pattern of air ow have also been shown to a ect olfactory perception [53].

The knowledge of air ow in nasal cavity facilitates understanding of the struc-
ture and function relationship of the nose. The air ow in nasal cavity may be sim-
ulated with computational uid dynamics (CFD). To study air ow in nasal cavities
with CFD, geometric models of the anatomic structures must ke constructed. Accurate
three-dimensional (3D) geometric models may be constructeffom image slices acquired
from tomographic imaging modalities, such as computed tomgraphy (CT) or magnetic
resonance imaging (MRI). There are three basic steps in the @velopment of a geometric

model of anatomic structure:

1. Segmentation the airway channels from the medical image.

2. Extraction of the surface of nasal cavity from the segmentd data.

3. Mesh generation.

To simulate air ow with CFD, a computational domain needs to be descritized
into small elements, called mesh. Since the anatomic structres usually are complex and
highly irregular, large number of elements are required to pesent the anatomic structure
precisely. The problem is how to convert a stack of image sles into a computational
mesh. This is a bottleneck in the application of computatioral methods to biological
structures. An automatic 3-D mesh geneartion algorithm, which can create 3-D nite

element mesh from tomography data, is highly desired.



1.2 Anatomy of Nasal Cavities

In general, the nose of mammal is separated medially by the r&al septum into two
cavities of equal size. Each half of the nasal cavity can be dided into three regions:
vestibule, respiratory and olfactory regions. Although the functionalities of the noses
are about the same among mammals, di erent terminologies a& used for human and
animals. In this section, the nomenclatures of human and dognasal cavity anatomy are

presented, and will be used throughout this dissertation.

1.2.1 Anatomy of Human Nasal Cavity

The nomenclature of the human nasal anatomy used in this dissrtation is the same
as Proctor [71]. The human nasal cavity extends from the nogils to the turbinates. The
cavity is divided into right and left halves by the nasal septum. Each half has a roof, a
oor, medial and lateral walls. The roof is formed by nasal catilages, nasal and frontal
bones, cribriform plate of the ethmoid, and body of the sphewid. The oor is formed
by the palatine process of the maxilla and the horizontal pldae of the palatine bone.
The medial wall is the nasal septum. the lateral wall presens three medial projections
termed nasal chonchae, formerly known as the inferior, midté and superior turbinates.
The nasal cavity can be divided into three portions: vestibue, respiratory and olfactory
regions. The vestibule region is a funnel shaped dilated regn. The funnel leads to
a region referred to as the nasal valve, where the airway is siped like a narrow slit.
The posterior part of the vestibule surface is covered by muasa. Beyond the vestibule
is the respiratory region which comprises most of the nasalavity, which is covered by

pseudostrati ed ciliated columnar epithelium. The main airway in this region is divided



into di erent parts by the turbinates. The airway channels u nder the turbinates are
named after the turbinates above them, which are the inferis, middle, and superior
meatuses respectively shown in Figure 1.1. The slit-shapedegion in the superior part
between the nasal septum and the lateral wall of the main nadgpassage is the olfactory

airway, where the surface is covered with olfactory epithaum.

olfactory slt
superior meatuse

middle meatuse

inferior meatuse

septum

Figure 1.1: Human nasal cavity CT slice and the segmented rilgt cavity

1.2.2 Anatomy of Dog Nasal Cavity

The nomenclature of the dog nasal anatomy used in this disséation references to
Evans [40]. The dog nasal cavity is signi cantly di erent fr om the human. Firstly, nasal
vestibule of dogs is not empty, as it is in man. It is largely obiterated by the large
bulbous end of the alar fold. Secondly, the major portion of ach half of the nasal cavity
is occupied by the nasal turbinates, called dorsal, ventrabnd ethmoidal turbinates, and
the most obvious di erence is the ventral nasal turbinate which is a tightly folded series
of scrolls, as shown in Figure 1.2. Finally, unlike humans, dgs have ethmoturbinates

with both scrolled main portion and a number of smaller pockes and sinuses with narrow



openings to the main portion, and the ethmoturbinates Il th e caudal part of the nasal
cavity. The thin membranous nature of the turbinate region makes it more e ective than
that of the human in removing many of the particles that penetrate the naris. In addition,
the large surface area of the turbinates of the dog should be ore e ective in absorbing
soluble gases than the relative simple human turbinates. D& to presentation of the
delicate scrolled turbinates, the respiratory and olfactay region of dog nasal cavity is
much more complex than human. The passage airway between thdorsal nasal turbinate
and the ventral surface of the nasal bone is called the dorsatasal meatus. The dorsal
nasal meatus con uents with the common nasal meatus. Similato human, the middle
nasal meatus lies between the dorsal nasal turbinate and theorsal part of the ventral
nasal turbinate. The middle portion of the middle meatus is about 1mm wide. It dilates
at its rostral end, and laterally the caudal part of the middl e nasal meatus is divided
by the scrolls of the ethmoid turbinate into several air pas@ges that lie between these
scrolls. The ventral nasal meatus is located between the veral nasal turbinate and the
dorsal surface of the hard maxilla palate. It gradually widens from the nasal vestibule,
and attains a width of about 1 cm at the large nasomaxillary opening. The ventral
meatus continues ventral to the oor plate of the ethmoid bone as the nasopharyngeal
meatus, where the middle, ventral, and common nasal meatuseconverge. The common
nasal meatus is a longitudinal narrow slit on either side of he nasal septum. Laterally,
it is bounded by the ventral nasal turbinate and the nasal bore. The olfactory region
is located primarily on the ethmoturbinates, the caudal haff of the nasal septum, and a
good portion of the roof and lateral walls of the nasal cavity The surface of the olfactory
region is covered by the sensory olfactory epithelium. The lfactory receptor neurons

are located in the olfactory epithelium. Axons from these ofactory receptor cells enter



the skull through the cribriform plate of the ethmoid bone to reach the olfactory bulbs

of the brain where they form rst order synapse [40].

Maxilla Septum Dorsal nasal meatus

Dorsal nasal turbinate

Middle nasal meatus

Ventral nasal turbinate

Common nasal meaus

Ventral nasal meatus

Figure 1.2: A cropped CT slice of dog nasal cavities

1.3 Modeling of Nasal Cavity

To study air ow in nasal cavities, gemometric models of anabmic structures have to
be developed. Many experimental models and numerical modelof human nasal cavities
have been developed to study air ow. But to our knowledge, the study of air ow in

the dog nasal cavity has not been reported.



1.3.1 Overview of Human Nasal Cavity Models
Experimental Models of Human Nasal Cavity

Previously researches used human cadavers to construct themodels. For visual
observation, smoke, dyed water or xenon were used as the ow edium, and the non-
planar septum was replaced by a clear at plastic plate [59, 2, 73, 87, 29, 39]. Swift
and Proctor used a pitot device which was introduced into the ow through the nasal
septum to measure the velocity eld [87]. Girardin et al. model measured the velocity
eld with a laser Doppler velocimetry [29]. Hornumg et al. used xenon to image the
air ow pattern in their model [39]. The radioactive gas was infused at di erent sites in
the nostril, and the distribution of radioactivity was imag ed in the sagittal plane with a
scintillation camera.

With medical imaging technology, researchers developed &ir models non-invasively
based on tomographic slices of anatomic structure scanneditli modalities, such as com-
puted tomography (CT) or magnetic resonance imaging (MRI). Although anatomically
accurate physical models can be reconstructed from the imagslices, it is extremely di -
cult to obtain detailed ow eld due to the small and complica ted nasal structures. The
resolution of the measurements was poor because of the smalize of the cast model.
To overcome these di culties, scaled-up physical models wee developed [79, 31, 32].
Schreck et al. studied air ow with a three times enlarged plastic model of a half-nasal
cavity based on MRI data [79]. Dyed water was used as the ow mdium. Hahn et al.
used a 20 times enlarged nasal cavity model constructed fror@T scans to study air ow
patterns [31, 32]. Air velocities were measured with hot- lament anemometer probes

which were inserted through measurement holes on the expemnent model.



Although experimental models can be used to simulate air ow it is di cult to set
boundary conditions. Moreover, development of an experimetal model is time consum-
ing, and it is hard to be modi ed once it is constructed. Numerical models can be used

to overcome these drawbacks.

Numerical Models of Human Nasal Cavity

Numerical methods have many advantages over physical model First, complete
uid eld information can be obtained with numerical models , which is impractical in
physical models. Second, it is easier to make modi cations ith the numerical model.
With this feature, it is possible to study the air ow changes in the cavities with the
change of anatomic structures. The results can be used by plsjycians to assess or develop
optimal surgical plans. Finally, it is more e cient to devel op a numerical model than a
physical model if an automatic modeling method is available

Computational uid dynamics (CFD) has proven to be an attrac tive method to
solve complex uid ow problems. With computers becoming more powerful and less
expensive, simulation of uid ow with numerical methods be come a ordable and de-
sirable. Recently, numerical models were developed to stydthe uid ow in the nasal
cavities [31, 43, 96, 14]. A 2-D steady laminar ow in the nasalvalve was simulated in
[96]. Elad et al. simulated steady laminar ow with a 3-D simpli ed model [14]. Using
CT data and graph paper, Keyhani et al. developed a 3-D numerial model of human
nasal cavity and steady state air ow simulations were condcted [43].

All the models are either simpli ed or manually constructed. But human nasal

cavities are very complex and highly irregular. It is very di cult to simplify or idealize



the 3-D complex structure. Manual construction of 3-D nasal caity model would be

tedious and error prone. An automatic model reconstructionmethod is highly desired.

1.3.2 Geometric Modeling and Mesh Generation

To conduct numerical simulations of air ow in nasal cavities, Geometric models
of anatomic structures have to be developed. Anatomic strutures, which are often
imaged with computed tomography (CT) or magnetic resonanceimaging (MRI), are
needed to convert into geometric models and computational rashes. The conversion
algorithms are usually refered to as mesh generation algdahims. Biological structures
often have highly irregular shapes. To represent the nasal avity structure precisely,
a large number of elements are required. For these reasons automatic algorithm is
needed for constructing a volume mesh from a CT imaging scanf@ biological structure.
Since usually large data sets are needed for processing, thigorithm should be memory
e cient as well.

Many meshing algorithms have been developed over the yearsuch as Octree tech-
nigues, Delaunay-based techniques and advancing front metids [80, 101, 58, 100, 13, 26,
60, 81, 55, 56, 75, 11, 41]. In octree techniques [80, 101, 58lbes containing geometric
models are recursively subdivided until desired resolutio is reached. The problem with
this technique is that element sizes of adjacent cubes may eimge dramatically, making it
di cult to ensure topological consistency. Delaunay-basedtechniques [100, 13, 26, 60, 81]
are based on the Delaunay criterion, which states that any nde of an element must not
be contained within the circumspheres of any other elements This criterion connects
a set of existing points in space. The main drawback of Delauay techniques is that

objects must be convex and have no interior holes. This usuaflcan not be guaranteed
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for biological structures. If the objects are concave or hag holes, the concave parts
will be eliminated and holes will be meshed as objects. Thefere, the mesh created
by Delaunay techniques may not satisfy the geometric constency requirement. In the

advancing front method [55, 56, 75, 11, 41], tetrahedra are dilt progressively inward

from a triangulated surface. An active front is maintained at where new tetrahedra are
formed. For each triangular facet on the front, an ideal locdion for a new fourth node

is computed. The algorithm selects either the new fourth no@ or an existing node to
form the new tetrahedron. The algorithm can start from an arbitrary surface. One dis-

advantage of the advancing front method is that it is computationally extensive because
it must continuously track and calculate the new front. Anot her drawback is that it does

not take advantage of the structure of gridded data. In addition, the Delaunay-based and
advancing front based algorithm require surfaces of the olgcts provided. For anatomic
structure represented with tomographic slices, the surfae extraction itself is a di cult

task.

1.4 Numerical Simulation of Air ow dynamics in nasal cavities

Simulations of air dynamics in nasal cavities are studied inthis research. The air
ow in nasal cavity may be simulated with Computational uid dynamics (CFD) using
numerical models. There are many kinds of uids ow in biological bodies, such as
blood and air ow in hearts and lungs. Biological bodies deped on these uids to
ful Il important physiological functions. In vivo measure ment of these uid ow is very
di cult if it is not impossible. CFD can play a very important role in simulation of these

uid ows.
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The knowledge of air ow in the nasal cavity may help us undergand the under-
lying biological functions. By developing nasal cavity mocels and conducting air ow
simulations, we can obtain air ow eld information and patt erns in nasal cavity. The
information of air ow in nasal cavity may have lots of applic ations. It can be used to
study how the ordorants are transported to the olfactory epithelium and how the air
ow pattern a ects the olfaction. In addition, to relieve na sal blockage, surgery is often
performed without quantitative information about the air ow pattern. With numerical
simulation methods, an optimal surgery plan may be conductd, and it is possible to

estimate the surgery results by performing simulations afer a surgery.

1.5 Olfactory Response

The nose is not only an important component of respiratory system, but also where
the olfactory system resides in. Human beings and animals hg on olfactory systems
to smell. Human beings view smell as an aesthetic sense, yatrfmost animals smell
is the primary sense to survive. Many animals depend on olfgory system to identify
food, predators and mates. Each individual has a unique, gestically determined scent.
Humans can recognize approximately 10,000 odorant chemitg ranging from pleasant
scent of freshly cut owers to aversive smell of an angry skuk. Many animals have an
even greater sensitivity to odors than human beings do. For ample, blood-hounds are
legendary for their extraordinary ability to discriminate scents [77].

The olfactory region in the nasal cavity is mainly covered bythe mammalian main
olfactory epithelium (MOE). Inspired air carries odorant m olecules to the olfactory recep-

tor neuron dendritic knobs, which are exposed to the enviroment on the MOE surface,
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where odorants bind G-protein-linked transmembrane receptes. This binding initiates
the intracellular signal cascade that results in depolariation and action potential.

Ottoson[66] developed the electro-olfactogram (EOG) to mesure early responses
to odorants in tissue fragments and discovered the slow potdial, which is a gradual
change in the potential di erence, typically negative, across the MOE surface relative
to the recording and reference electrodes. Among the relatkphenomena, Takagi et al.
described positive transient changes to either and chlorafrm [35, 82, 92, 93, 94, 95].
Gesteland et al. reported a purely positive transient with methanol, but in the same
study, also described the interactions of two slow potentids generated after the tissue
is exposed to a succession of two odorants [27]. The latter sbrvation indicates that a
given sensory neuron, which expresses a single odorant rgter type, responds di erently
to di erent odorants, and that an odorant, if it has any e ect on an olfactory receptor
neuron, can either excite or inhibit that cell. Therefore, the slow potentials measured
by EOG are the sum of indivadual sensory cell responses and ercomposed of at least
two opposing processes: one that drives the potential in thgostive direction and one
that drives it in the negative direction. These two antogonistic processes are known to
be based on so called G-protein cascade, the cascade of intatrenzymes that control
ion currents of olfactory neurons [51, 17].

Fig.1.3 shows how the chemical binding signal is convertednto electrical signal.
When odorant molecules are bound on the olfactory receptorgG-protein-coupled re-
ceptors, a cascade of events happen. the receptor activatesG-protein(Golf), which in
turn activates an AC Il type adenylyl cyclases, so called the second messenger. The
cyclase converts the abundant intracellular molecule ATP nto cyclic AMP (CAMP). The

cAMP binds to the intracellular face of a cyclic nucleotide-gated (CNG) channel which
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is an ion channel, enabling the channel to conduct cations sth as Na+(sodium) and
Ca2+(calcium). If enough channels are open for enough timecausing the membrane
potential to become less negative from the resting membraneoltage, the cell reaches
threshold and generates an action potential, which is an elgrical signal. The action

potential is then propagated along the axon, into the olfacory bulb.

olfactory
supporting Sensory
cell ne

Figure 1.3: Signal transduction in olfactory sensory neuras (reprinted from [25]).

A number of theoretical models for olfaction have been propsed. Nachber and Mor-
ton [61] constructed a theoretical model that describes tine response of surface concen-
trations of odorant to various step function presentations adaptation, and dose-response
functions that can be found in olfactory experiments. Hahn B0O] proposed a theoretical
model of olfaction involving many of the major mechanisms ina mass transport of odor-
ant molecules from inspired air to the olfactory receptors. This model involves the major
mechanisms that are found in the odorant transportation. The mechanisms include bulk
ow, lateral transport, sorption, di usion of odorant, and interation of odorant molecules
with the olfactory receptors. The model determined that ow rate of the odorant, length
of the olfactory mucus surface, and solubility of odorant mdecules play important roles

in determination of the odor intensity. This model is consigent with experimental results
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of Hornung and Mozel[38]. These models share, to varying deges, di culty in appli-
cation because several parameters and rate constants regad by the kinetic equations

remain unknown.

1.6 Dissertation Overview and Contributions

In this research, we develop a new technique for constructioof numerical models of
nasal cavities. Numerical models of human and canine nasahbgities are developed with
this technigue, and the models are used to conduct air ow similations with computa-
tional uid dynamics software. The model construction technique includes two parts: the
rst part is a slice interpolation algorithm called hierarc hical spline-based registration
which is able to deal with large dissimilarities between adacent image slices; the second
part is a 3-D automatic mesh generation algorithm called marbing volume elements,
which is able to generate geometric models and computatiodanesh from 3-D volume

data set. In addition, a mathmatical model of the EOG shape isproposed.

1.6.1 Slice Interpolation with Hierarchical Spline-Based Regis tration

The rst contribution is that a hierarchical spline-based re gistration algorithm is
proposed to perform slice interpolation in the construction of nasal cavity models. This
interpolation algorithm is a combination of optical ow tec hnique and block matching
method. The algorithm works in a coarse-to- ne fashion on hiearchical image pyra-
mids which are constructed by recursive decimation of origial images. The algorithm
computes a displacement eld which can warp one image into aather image, and the in-
termediate slices can be obtained by interpolating the compted displacement eld. The

algorithm has the best performance compared to the other stie interpolation techniques
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tested. Satisfying nasal cavity models have been developdaased on this interpolation

technique. Part of this work has been published in [98].

1.6.2 Finite Element Mesh Generation with Marching Volume Elemen t

The second contribution is the development of a new 3-D mesh geration algorithm,
called marching volume elements (MVE). This algorithm is abe to extract surface in-
formation and create nite elment mesh from 3-D volume data dened on a 3-D regular
grid. The algorithm decomposes the 3-D volume domain into smih cubes of the same
size rst, then the surface triangles and volume mesh for edt cube are found by looking
up a prede ned look-up table. The algorithm works on the cubesone by one. Marching
through all the cubes in the volume data will generate desird nite element mesh. The
algorithm has been successfully used to develop numericaladels of nasal cavities from

CT data. Part of this work has been published [99, 97].

1.6.3 Air Flow Simulation within Nasal Cavities

The third contribution is the air ow simulations with nasal cavity models gen-
erated by the MVE algorithm. The MVE algorithm was validated on human studies
rst. After validation on human subjects, a dog nasal cavity model was constructed
with the MVE algorithm, and air ow was simulated with the mod el. Six human and
one dog nasal cavity models were developed from CT scans of iman and dog heads.
Steady state air ow is simulated with FIiDAP (Fluent, Inc. Le banon, New Hampshire).
Air ow in human nasal cavities is steady or quasi-steady stae ow for quiet breath
[14, 43, 71]. The governing equations for steady state air w are the Navier-Stokes

equations [15]. To solve the full set of governing equationsa no-slip and sti boundary
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condition was applied on the surface of the cavity. For simuation of inspiratory ow, a

stress free boundary condition (Neuman boundary) was assigd at the outlet (poste-
rior of the cavity), and a uniform velocity eld was imposed at the external naris. The
simulation results were consistent with other researcherswvork. A comparison study on
the six human models was conducted. To our knowledge this ishie largest study on air
ow simulation of human nasal cavities. Since no experimenal data, and no published
material are available at this time for the dog study, steady state air ow is simulated

in the dog model, though the ow may be highly turbulent. Part of this work has been

published [97].

1.6.4 Olfactory Epithelium Shape Modeling with System Identi cation

The fourth contribution is that a mathematical model for the shape of the olfactory
epithelium or olfactory neurons to odorant stimuli experimentally measured in rats and
dogs is proposed. The linear input-output model combines ecations for the odorant
stimulus input, the disturbance-free output, the measured atput, and the measurement
noise. The model predicts the shape of the responses to di ent odorant concentration
for a xed duration of stimuli. The model has the potential to be used to evaluate
olfactory electrical responses and to estimate kinetics ofs-protein cascade within the

olfactory receptor neuron.

1.7 Dissertation Organization

This dissertation is organized as follows. In Chapter 2 the kerarchical spline-based
interpolation for nasal cavity reconstruction is introduced. In Chapter 3 the marching

volume element (MVE) algorithm is developed. In Chapter 4 ar ow simulation results
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on both human and dog nasal cavity models are presented. In Cipter 5 the mathe-
matical EOG shape model with system indenti ction techniques is developed. Finally,
we conclude the dissertation in Chapter 6 with the summary am a discussion of future

research.
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Chapter 2

Hierarchical Spline-Based Interpolation

Human nasal cavity images created by computed tomography (@) present large
o set and have high dissimilarities between adjacent slice because of thickness of to-
mographic slices is much larger than the imaging plane resotion. Large di erences
are observed between adjacent slices of human nasal cavityt is very di cult to con-
struct an accurate 3D geometric model, which is intented to ke used in computational
uid dynamics (CFD) analysis, directly from the obtained im age slices. Interpolation
techniqgues must be used to recover the lost information beteen adjacent slices. In
our experiments, several algorithms, including linear, shpe-based and adaptive control
grid interpolation(ACGI) algorithms, failed to perform th is task, only the hierarchical
spline-based image registration method was able to produceasisfactory slice interpola-
tion. The algorithm is capable of handling large o sets and high dissimilarities among
images. With this interpolation algorithm, a series of smodh human nasal cavity were

reconstructed.

2.1 Review of Interpolation Methods

Extracting and rendering anatomical objects from computedtomography (CT) or
magnetic resonance imaging (MRI) data has many applicatios in science and medicine.
CT and MRI, however, typically image a three-dimensional (3-D) sample as a sequence
of thick slices, where the slice thickness can be three or mertimes the pixel size in

the image plane. Consequently, before a surface can be exti@d from the data using
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an algorithm such as marching cubes [57], slices must be imgolated between acquired
slices to make the voxel size approximately equal in all thre directions. Without slice
interpolation, the surface reconstructed directly from the acquired image slices will not
be smooth and have block artifacts. As shown in Figure 2.1, te surface of a human
nasal cavity reconstructed from 31 CT slices without slice mnterpolation is not smooth

and has block artifacts. Interpolation algorithms are needkd to solve the problems.

(@) (b)

Figure 2.1: 3D surface of a human left cavity constructed fron 31 CT slices without slice
interpolation. (a) left side of view, (b) right side of view.

Many algorithms for slice interpolation have been developd over the years. Linear
interpolation is the simplest one, where the value of each piel in the intermediate slice
is linearly interpolated from the corresponding pixels in each neighboring slice. The
problem with linear interpolation is that if the object in th e slices have large o set or
small overlap, the interpolated images will be blurred as sbwn in Figure 2.2. In the
gure, the most left and the most right images are the two arti cial original images, the
image in between is obtained with the linear interpolation method. An ideal interpolation
would create a smooth interpolation between the original images, as shown in Figure 2.3.

In contour-based [9, 74, 1, 10] approaches, each acquiredcdiis segmented rst,

then the borders surrounding regions of interest are linkedwith a specied function.
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This function approximates the location of borders in the interpolated image. In shape-
based algorithms [5, 28, 33, 34, 36, 52, 76], each acquireitslis segmented and converted
into a binary image. From each binary image, a distance imagés computed, where each
pixel value is the shortest distance from the pixel to the neaest object boundary. Pixels
inside an object are assigned positive distances and pixetaitside an object are assigned
negative distances. Intermediate images are obtained by tiearly interpolating the two
calculated distance images. The drawback of the shaped-badalgorithm is that ifimages
are poorly segmented, errors will be magni ed during interpolation process. In addition,
since the algorithm relies on local image information for irterpolation, performance can
be poor when the o sets between adjacent slices are large. Ashown in Figure 2.4, the
most left and the most right images are the two arti cial orig inal images, and the image
in between is obtained with a shape-based interpolation methd. If the objects on two
images do not have an overlap at all, the performance of the sipe-based algorithms
will be worse, and an empty intermediate image will be produed. Adaptive controlled
grid interpolation (ACGI) [21] is a block-based method for slice interpolation. The
ACGI algorithm uses block-matching with adaptive block sizeand optical ow techniques
to compute a displacement eld that warps one image to t an adjacent image. The
intermediate images are found by linearly interpolating the displacement eld. ACGI
has been successfully used for interpolating tomographiclises of blood vessels, but it
does not perform well when there is a large di erence betweemdjacent acquired slices
as shown in Figure 2.5. The most left and the most right imagesare the two arti cial
original images, and the image in between is obtained with tle ACGI interpolation

method.
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In this research, the hierarchical spline registration (H3R) algorithm for slice inter-
polation is proposed [4, 90]. The HSR algorithm uses block-ntahing and optical ow
techniques as in ACGI, but HSR uses an image pyramid structue [7], and runs in a
coarse-to- ne fashion on the image pyramid structures. This &gorithm is able to handle

large di erences between two images.

d M B B B

Figure 2.2: Arti cial square blocks interpolated with the | inear interpolation algorithm.

Figure 2.3: An ideal slice interpolation of arti cial squar e blocks.

Figure 2.4: Arti cial square blocks interpolated with a shape-based interpolation algo-
rithm.

2.2 Hierarchical Spline-Based Interpolation Algorithm

As in the ACGI algorithm, the HSR algorithm is also a combination of the optical
ow and block matching method. But there are two major di ere nces between the HSR
and ACGI algorithms. The rst dierence is that the HSR works in a coarse-to- ne
fashion on image pyramids, while the ACGI works on the origiral image. The second
dience is that a xed block size is used in the HSR algorithm, while the block size of

the ACGI algorithm is determined by the estimated error in a local region.

22



4 B B B B

Figure 2.5: Arti cial square blocks interpolated with the a daptive control grid interpo-
lation (ACGI) algorithm.

In the HSR algorithm, optical ow technique is used to nd the connection or
displacement eld between two adjacent slices. Intermedige slices can be found by
interpolating the estimated displacement eld. The basic concept of the method is
shown in Figure 2.6. The optical ow can nd the pixel correspondence in two images.
The use of block matching can reduce the computational costand an image pyramid

structure is adopted to accelerated the optimal searching.
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Figure 2.6: Displacement eld for square images. (a) The targt image. (b) The esti-
mated displacement eld. (c) The source image

Details of the algorithm will be presented in following secions. In section 2.2.1,
the general image registration equation is given. In sectio 2.2.2, a spline-motion model
is introduced to approximate the displacement eld in a block. In section 2.2.3 the
minimization problem is solved with the Levenberg-Marquardt iteration method [70].

The image pyramid structure of the HSR algorithm is presental in Section 2.2.4.

2.2.1 General Equations

The optical ow technique is traditionally used in motion an alysis in computer

vision and video compression [3, 2, 37, 69, 90, 89, 91]. The 4ia assumption of the
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optical ow is that each pixel travels along a unique path from one frame (image) to
another frame (image). The brightness of each pixel shouldemain the same, which is
shown in equation (2.1), wherel 1(x + u;y + v) and | 2(x;y) are two adjacent images.u

and v are the displacement elds.
li(X+ Uy + V)= 1x(Xy) (2.2)

In this research, the slice direction in space domain is treed as an analog of time in
the original optical ow equation. The problem of optical o w technique isto nd u and
v for all pixels simultaneously, so that the rst image will match the second image. The
maximum likelihood solution for this problem is to minimize the squared error shown in
(2.2).

ZZ
E(u;v) = [a(x + u;y + v)  1a(x;y)]%dxdy (2.2)
For digital image data, the integral can be replaced by the smmations over all pixels
(xi; Vi) over the entire image shown in (2.3), whereu; and v; are the displacements of

pixel i in x and y directions respectively, andx; and y; are the coordinates of pixeli.

E(fui;vig) = X Da(xi + uiyi +vi)  La(xi;yi)l? (2.3)

The equation (2.3) is called the sum of squared di erences (SD) [1]. The minimization
problem typically has many local minima. Hierarchical techniqgue can speed up the

optimal search and avoid local minima.
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2.2.2 Spline motion model

The minimization problem in (2.3) is di cult to solve for ord inary medical images,
since the two displacements,u; and v;, for each pixel need to be estimated. For an
image size of 512, there will be 512 512 2 = 524;288 unknowns to be estimated.
Solving a problem of this size requires large memeory and cqmtational power. Blocking
matching is used to reduce the size of the problem. Instead ohding the displacements
for each pixel, displacemnts at coarser grids are calculate as shown in Figure 2.7. The
displacements of other pixels are de ned by a spline-based ntion model controlled by

displacements on the coarser grids.

| | |
! } } ) )

Figure 2.7: Displacements on coarser grid are calculated.

The motion between the coarse grids is assumed to be continus. Any motion model
which produces a continuous displacement eld may be used. nl a motion model, the
displacement elds (u; v) are represented by two-dimensional splines which are contiled
by a smaller number of displacement estimatesu* and ¥ on the coarser grid. The
displacement at pixeli can be written as shown in (2.4) and (2.5), where j(x;y) is the
basis function at pixel j. The basis function is only non-zero over a small region ( nie

support). w; is the value for (x;y) at pixel i. Equation (2.4) and (2.5) state that the
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displacement (;; v;) at each pixel is a weighted combination of (f};¥%).

X X
uxi;yi) = 0 jO5y)= 05w (2.4)

j j

X X
vixi;yi)= % j(y) = W (2.5)

i i
Any coarse grid can be used in the block matching. In this work a regular sub-
sampling of the pixel grid is used as the spline control gridand the basis functions are
spatially shifted versions of each other. In this researchthe bilinear interpolation is used
as the basis function j(x;y), whose value is one at the spline control grid , and zero on

all other control grid points ( nite support). As described in equation (2.4) and (2.5),

the spline-based model ensures a continuous displacementlde

2.2.3 Displacement Field Estimation

With the spline-based motion model in Equation (2.4) and (2.5, the minimization
problem in (2.3) becomes a minimization problem in (2.6) with respect to displacements
f(0;;9)g at the coarse grids.

2 3
X X X ?
E(foi00)= 4106+ owiiyit Gwi)  1(xivi)° (2.6)

Minimization of the least square problem in (2.6) is equivaknt to solving the linear equa-
tion (2.7), where H is the Hessian matrix, g is the gradient vector, u is the displacement
vector.

Hu= g (2.7)
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The gradient g can be calculated in by equation (2.8), whereg; = 11(X; + Uj;yi + V;)
I2(Xi;Yi) is the intensity error at pixel i. Gj = r I1(X; + uj;yi + Vi) is the intensity

gradient of |, at the displaced position for pixeli.
g=[& &1 =2 aGw (2:8)

The Hessian matrix is composed of 2 2 blocks, which are given by

# .

UV v X h '

@| 1(Xi + uiryi + Vi) 2 GiGiTWij Wik
i

@E
@; @

X T
=2 GiGj wij wik + &

Hjc =
I i @ @

(2.9)
The second term in (2.9) is ignored because it is negligibleanpared to the rst term.

If the Hessian matrix is a small matrix and is invertible, Equation (2.7) can be
solved directly. However, since the Hessian matrix usuallyis large matrix, it is too
expensive to solve the equation (2.7) directly. A variant ofLevenberg-Marquardt iterative
minimization technique [70] is used to solve the problem. Irthis technique, the increment

u of the current displacement estimation u is calculated by equation (2.10), where
is a stabilization factor [89] which varies over time, u is an increment vector of the

displacement estimatesu* and ¥ .

H+ 1) u= g (2.10)

u is estimated with the preconditioned gradient descent metlod in equation (2.11) [89],

where is the step size in the current direction, andd'is the preconditional gradient.



The preconditional gradient § is calculated by equation (2.12):
g = [blockdiag(H)+ 1 ] *g (2.12)

In equation (2.12), block diag(H) is a set of 2 2 block diagonal matrices ofH , and |
is the identity matrix. The optimal value of  is chosen to minimize theE of (2.6) in
the current direction 9. Since the di erence of E in current direction can be calculated
by equation (2.13), by setting E =0, we obtain = (9" g)=(¢" H g).

2
—0'Hg (2.13)

E=E(x 0 E(X 09+

Replacing and ¢ in equation (2.11), we can obtain the increment vector in curent
iteration.

After each iterative step, the displacement eld is updated by Ucurrent = Uprevious +

u, and the Hessian and gradient are updated by the new displageent. The criterion

to terminate the interation can be either the maximum amount of iterations reached or

the minimum SSD obtained.

2.2.4 Hierarchical image structure

The HSR algorithm uses image pyramids to accelerate optimasearch and conver-
gence. An image pyramid is constructed for each CT slice, anthe displacement elds
are found by a coase-to- ne fashion on the image pyramids. The ow eld estimation
algorithm depicted above in section 2.2.3 is used on these iage pyramids. The displace-
ment elds are estimated on coarsest images (the top imagesnothe pyramids) rst. This

displacement eld is then used as initial estimate of the digplacement eld for the next
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higher resolution images. This process continues until théottom image in the pyramid
is reached, which is the original image. The intermediate inages are obtained by interpo-

lating the nal dispalcement elds. The hierarchical image pyramid used is the Gaussian
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Figure 2.8: The structure of Gaussian pyramid.

image pyramid [7], which is constructed with a separable 3 pimt Iter. The kernel of the
Iter is a Gaussian-like low-pass lter [88]. In the hierarchi cal image pyramid, a higher
level image is a decimated version of its adjacent lower levémage. Figure 2.8 shows the
structure of the hierarchical pyramid, and Figure 2.9 showsa 5 level Gassian pyramid
of a human nose CT slice. The bottom image in the pyramid is theoriginal image. To
ensure continuity of the displacement led, adjacent blocks overlap each other by one
pixel, so that the original image should have a size offf 2 +1, n 2t +1), which
is the nest image in the Gaussian pyramid. L is the level of the pyramid. The image
size at next level willbe m 28 1+1, n 2t 1+1). The size of the coarsest image is
(m+1, n+l1). Denoting I,(i;j ) as the levell image, whereL | 1, the image in the

next level can be formed by (2.14).

XX
l+1(i5j) = w(r,o)li(2i+r1; 2] + ¢ (2.14)
r= 1c= 1
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wherew is the Gaussian Iter given by (2.15).

W= 1= 1=2 14 1=4 1=2 1=4 (2.15)

Figure 2.9: An image pyramid of a human nose CT slice.

2.2.5 Implementation considerations

Several parameters need to be determined in the implementan of the HSR al-
gorithm. First, a maximum displacement in each iteration step is set to 1 pixel in our
current algorithm implementation. Too large displacement in one step may prevent
the algorithm from nding the optimal value. The introducti on of limited increment
displacement can reduce the possibility of the overstep sezin the minimum search pro-
cedure. Since the HSR works on Gaussian image pyramids [7] &ncoase-to- ne fashion,
and the displacement at a higher level is used as the initial bplacement estimation in
a lower lever in the Gaussian pyramids, small additional diplacements are expected at
each level. Second, block size has to be chosen. The selectaf block size can a ect both
computational cost and the nal results. Usually, larger block size can result in faster

convergence with larger SSD, while small block size can rekun slower convergence
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with smaller SSD. Too small block size will increase the comytation cost dramatically.
Moreover, noise may become signi cant. Therefore, there is tradeo between compu-
tation cost and selection of block-size. From our experimerg, for regular CT images,
a block size from 6 6 to 16 16 could be chosen. In our implementation, the mean
square di erence (MSD) was used instead of SSD, because SSDaynbe very large and
can over ow. The e ects of block size are illustrated in Figure 2.10, where two 257 257
cut CT images are used, and the computation times and the minnum MSDs are normal-
ized with their maximum values respectively. Finally, a criterion to stop the iteration on
each level needs to be selected. It can be either a minimum SS@ a maximum iteration
times. In our current implementation, a xed number of itera tions on each level was

adopted.
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Figure 2.10: Normalized execution time and mean square errovs. block-size for the
HSR algorithm. The computation time normalized by the maximum computation time.
The mean square error is normalized by the maximum error. Theresults are based on
two cut CT the images with a size of 257 257.
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2.3 Experimental Results

The HSR algorithm was used to interpolate an arti cial data set and real human
nasal-cavity CT slices, and was compared with three other algrithms.

The most left and right columns in Figure 2.11, are two arti c ial images which are
17 17 binary images with a 8 8 square in each of them. The squares have a large
o set in the images. Assuming these two images are cross-séoh images of a bar at
di erent positions, we are trying to estimate the cross-secton images at 1/3, 1/2 and
2/3 of distance between the two orginal images with interpohtion algorithms. The two
arti cial images were interpolated with four algorithms, i ncluding linear, shape-based,
ACGI and HSR interpolation algorithms. For comparison purp oses, the orginal images
are duplicated in each case. Linear interpolation creates lnrred images, as shown in
Figure 2.11(a). The shape-based algorithm is not able to prodce satisfying interpolation
either, as shown in Figure 2.11(b). The results of ACGI algoithm are shown in Figure
2.11(c), which is not good as well. Only the HSR algorithm praluces desirable results,
as shown in Figure 2.11(d). In the calculations, a xed blocksize of 4 4 was used in
both the ACGI and the HSR algorithms. The displacement elds for the ACGI and the
HSR algorithms are shown in Figure 2.12 and Figure 2.13 respéively. The mean square
di erence (MSD) with respect to iteration time of the ACGI an d the HSR algorithms
are shown in Figure 2.14. For ACGI algorithm, the minimum MSD was 0.0119, and
it did not decrease after 20 iterations. The nal MSD for the HSR algorithm was less
than 1:0 10 7. Three level pyramids were used for the HSR algorithm. The lgel 1
image was the original image which was the nest image on the yramid. The image

on the level 2 was a decimated version of the orginal image, anthe image on level 3
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was a decimated version of the image on the level 2, and was thmarsest image on the
pyramid. The displacement eld was estimated on the level 3 rst, and the calculation of

the displacement on level 2 was started from the estimated dipalcement on the level 3,
and this proccess was repeated on the level 1. The intermediaimages were obtained by
interpolating the displacement eld on level 1. The MSD on e&ch level shown in Figure

2.14 was computed based on the images on the level in the pyrads.

)
-

Figure 2.11: Binary square images are interpolated with di erent methods. The images
on the most left side and the most right side are the referencémages. The other
images are created at 1/3,1/2 and 2/3 distance from the refeence images respectively
by di erent methods. (a) linear interpolation. (b) shape-ba sed interpolation. (c) ACGI
interpolation. (d) HSR interpolation.

The HSR algorithm was also used to interpolate human nose CTIges. The results
were compared with the other three interpolation algorithms. As expected, the HSR al-
gorithm produced the best results. Linear interpolation produced blurred intermediate

images, shown in Figure 2.15, where Figure(a) and (c) are twadjacent CT slices, and
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Figure 2.12: Displacement eld for square images. (a) The taget image. (b) The
estimated displacement eld by the ACGI algorithm. (c) The source image
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Figure 2.13: Displacement eld for square images. (a) The taget image. (b) The
estimated displacement eld estimations by the HSR algorithm.
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Figure 2.14. Mean squared di erences vs. iteration times fothe HSR algorithm and the
ACGI algorithm. 4 4 block-sizes are used for each case. For the HSR algorithm, rike
level pyramids are used, where level 1 is the nest, and leveB is the coarsest.
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Figure(b) shows the intermediate slices obtained by lineaiinterpolation at half distance.
Shape-based algorithm created disconnected intermediatemiages, as shown in Figure
2.16, where Figure(a) and (c) are segmented images from Fige 2.15(a) and (c) respec-
tively, and Figure 2.16(b) is interpolated at half distance. ACGI created much better
interpolation than linear and shape-based algorithms as shan in Figure 2.17, where (a)
and (c) are the same as Figure 2.15(a) and (c), and Figure 2.11) is intermediate slices
at half distance. The HSR algorithm produced the most satisying intermediate slice as
shown in Figure 2.18(b). The performances of the ACGI and theHSR estimation for CT
slices were compared in Figure 2.19. For the same xed blockize, the HSR algorithm
converged to a lower MSD than the ACGI algorithm without addi ng much computation
time. Six level pyramids were used for the HSR algorithm. Leel 1 was the nest level,

and level 6 was the coarsest level.

(b) (€)

Figure 2.15: Linear interpolation on human head CT slices. &) and (c) are two adjacent
human head CT slices. (b) is the intermediate slices at half &tance by the linear
interpolation.

By using the HSR algorithm, a human left nasal cavity was recastructed based
on 31 CT slices (The resolutions of the CT scan were: :3125mm  0:3125nm pixel

size, 3nm slice thickness. The regions of interest were found with a seiautomatic
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Figure 2.16: Shape-based interpolation on human head CT slas. (a) and (c) are sega-
mented images. (b) is the intermediate slice at half distane by shape-based interpolation.

@) (b)

Figure 2.17: ACGI interpolation on human head CT slices. (a) and (c) are two adjacent
human head CT slices. (b) is the intermediate slices at half &tance by the ACGI
interpolation.

(@) (b) (©)

Figure 2.18: HSR interpolation on CT slices. (a) and (c) are tvo adjacent human head
CT slices. (b) is the intermediate slices at half distance bythe HSR interpolation.
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Figure 2.19: Mean Squared Dierences vs. lteration for the FBR algorithm and the
ACGI algorithm with human nose CT slices. A block size of 12 12 is used in the
calculations. The time cost is also listed. The algorithms @ run on a PC which has a
Intel Pentium 111 549MHz processor and 1.0 GB of RAM. For the HSR algorithm, six
level pyramids are used, where level 1 is the nest, and leveb is the coarsest.
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segmentation algorithm. Then, the segmented images were ad to create 3D surface
and nite element mesh for CFD. Figure 2.20 shows the 3D surfae of the left side nasal
cavity. The surface is signi cantly better than the surface constructed with the ACGI

algorithm, shown in Figure 2.21.

(@) (b)

Figure 2.20: The HSR algorithm is used to construct 3D surfacef a human cavity with
31 CT slices. 5 intermediate slices are interpolated betweeeach two adjacent CT slices.
() left side of view, (b) right side of view.

(@) (b)

Figure 2.21: The ACGI algorithm is used to construct 3D surfaece of a human left cavity
from 31 CT slices. 5 intermediate slices are interplated beteen each two adjacent CT
slices. (a) left side of view, (b) right side of view.
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2.4 Conclusion

In conclusion, the hierarchical spline-based interpolatiom was employed to perform
human nasal cavity reconstruction in this research. This aporithm has better perfor-
mance in this application compared to other algorithms tesed. The good performance of
the HSR algorithm results from its unique pyramidal structures. The matching algorithm
starts at the coarsest image on the Gaussian pyramid, wherelgbal displacements can
be estimated, and the estimate on a higher level propagatesota lower level. Therefore
this algorithm is able to cope with large o sets and high dissmilarities between images,

and the technique is able to increase the optimal search andvaid local minima.
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Chapter 3

Marching Volume Element Algorithm

In this chapter, a new 3-D nite element mesh generation algoithm, called march-
ing volume elements (MVE), will be introduced. The algorithm is able to generate nite
element mesh from 3-D gridded data. The algorithm is based onhe marching cubes
(MC) algorithm which is an isosurface generation algorithm The MVE algorithm ex-
tends the capability of the MC algorithm to create a volume mesh. The mesh generated

from the MVE algorithm is composed of pyramids, cubes and tetahedra.

3.1 Introduction

Computational uid dynamics (CFD) has many application in b iomedical engineer-
ing, such as simulating air dynamics in nasal cavities and lags, blood ow in vessels and
the heart. To perform CFD simulations, geometric models andcomputational meshes
have to be constructed. The models and meshes may be devel@ab&om tomographic
slices of anatomic structures acquired by medical imaging mdalities, such as computed
tomography (CT) and magnetic resonance imaging (MRI). However, anatomic structures
usually have highly irregular shapes. To construct an accuate model of an anatomic
structure, a mesh with a large number of elements is needed. &hual construction of
models would be tedious and error prone. Because of these sEms an automatic algo-
rithm is highly desired in constructing a volume mesh from CT or MRI data.

Any valid mesh must adhere to geometric and topological coristency requirements

[23, 24]. Geometric consistency requires that the nal meshmust be an acceptable
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approximation to the original geometric representation of the model. Topological con-
sistency on the other hand, refers to the adjacent relationsbetween elements, which
requires that adjacent elements share an identical face witout overlapping, crossing or
penetrating each other.

Many meshing algorithms have been developed over the year$n octree techniques
[80, 101, 58], cubes containing geometric models are recusly subdivided until desired
resolution is obtained. The problem with this technique is that the element sizes of
adjacent cubes may change dramatically, making it dicult t o ensure topological con-
sistency. Delaunay based techniques [100, 13, 26, 60, 8lleabased on the Delaunay
criterion, which says that any node of an element must not be ontained within the
circumspheres of any other elements. This criterion connds a set of existing points in
space. The main drawback of Delaunay techniques is that objs must be convex and
have no interior holes. This usually can not be guaranteed fobiological structures. If
the objects are concave or have interior holes, the concaveapts will be eliminated and
holes will be meshed as the objects. Therefore, the mesh ctted by Delaunay techniques
may not satisfy the geometric consistency requirement. In he advancing front method
[55, 56, 75, 11, 41], tetrahedra are built progressively inard from a triangulated surface.
An active front is maintained at where new tetrahedra are formed. For each triangular
facet on the front, an ideal location for a new fourth node is omputed. The algorithm
selects either the new fourth node or an existing node to fornthe new tetrahedron. The
algorithm can start from an arbitrary surface. One disadvartage of the advancing front
method is that it is computationally extensive because it must continuously track and
calculate the new front. Another drawback is that it does not take advantage of the

structure of gridded data.
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An algorithm closely related to this work is the volume tetrahedrization (VT) al-
gorithm [64], which utilizes the pixel-based data structure The algorithm rst divides
volume data into cubes of the same size. Each cube is then tedkted into 5 tetrahedra
rst. Then the 5 tetrahedra are decomposed into smaller comptational mesh. The
problem of this approach is geometric inconsistency [65]. iBce there are two ways to
tessellate a cube into 5 tetrahedra, as shown in Figure 3.1faand (b), the two ways have
to be used alternatively on adjacent cubes to keep a shared be face meshed in the
same way. Once the tessllation method is selected for the itscube, the tesselations on
all other cubes are de ned. However, there is no rule in the VTalgorithm to decide
which tessellation method is used on the rst cube, and di erent choice for the rst cube
may result in di erent meshes with di erent geometries for a given data set, as a result,

obtained mesh may not be geometrically consistent.

Figure 3.1: Two ways to tessellate a cube into 5 tetrahedra.

In this research, a new volume mesh algorithm, called Marchig Volume Element
(MVE) algorithm, is presented. The MVE algorithm is based upon the Marching Cubes
(MC) algorithm [57] which an isosurface generation algorihm for 3-D grided data. The

MVE algorithm extends the capability of the MC algorithm to ¢ reate volume mesh as

42



well. The MVE algorithm takes advantage of the inherent structure of gridded data.
It creates a unique, geometrically and topologically constent mesh, and can handle
arbitrarily-shaped regions. Another advantage of the MVE algorithm is that the MVE
algorithm is memory e cient. The MVE algorithm operates on | ocal data, and each cube
is meshed individually in such a way that topological consitency with its neighbors is
ensured. As a result, the MVE is memory-e cient and can construct volume meshes
from large data sets that may not be practical to mesh with other techniques.

The rest of this section is organized as follows. The MVE algdgthm is presented
in Section 3.2. A mesh quality improvement scheme is preseatl in Section 3.3. The
e ectiveness of the algorithm is demonstrated with a synthdic data set and a CT scan

of a human nose in Section 3.4. Conclusions are presented ire@&@ion 3.5.

3.2 Marching Volume Elements Algorithm

The MVE algorithm is an automatic 3-D nite elment mesh generation algorithm
for intensity data de ned on a regularly-spaced 3-D grid. The dgorithm is based on the
MC algorithm. The MVE can extract the surface of an object, and mesh the interior
domain into tetrahedra, pyramids and cubes as well. The tetahedral elements form the
boundary layer of the object, cubes occupy the interior of te computational domain,
and pyramids act as transitions from the tetrahedra to cubes In this section, a brief
introduction of MC algorithm will be given rst. Then the amb iguous face problem
of MC algorithm is solved with a bilinear interpolation meth od. The ambiguous face
problem will be explained in Section 3.2.2. Next, cube facedssellation rules used in
the MVE algorithm will be presented. Finally, detailed 3-D mesh scheme of the MVE

algorithm will be presented.
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3.2.1 Major Cases of the MVE algorithm

In this section, the MC algorithm is overviewed rst, then th e MVE is presented.

MC algorithm decomposes volume data into cubes, where eactube has 8 vertices
and each vertex is a voxel. It is assumed that there is a thresbid such that voxel
intensities on one side of the threshold are considered to biside the structure to be
meshed and intensities on the other side of the threshold areutside the structure. By
comparing a vertex value with a threshold, it can be identi ed whether the vertex is inside
or outside of an object. Inside vertex is marked as white, anautside vertex is marked as
black, or vice-versa. Each cube vertex can be inside or outs&d After thresholding, each
cube containing eight nearest-neighbor voxels has its verties classi ed as either inside
or outside the structure for a total of 256 dierent con gura tions. Using rotational
and complementary symmetries, the MC algorithm reduces the256 cases to 15 basic
cases. The triangularization of the 15 basic cases are de mein MC. Two cases are
complementary symmetry if the vertices have opposite colas. For example, a cube with
one vertex outside and seven vertices inside is complememiasymmetric to another cube
with 7 outside and 1 inside. The rotational symmetry means cipes which have the same
topology will be regarded as one case. For example, cubes whi have only one white
vertex are topologically the same.

In contrast to the MC algorithm, complementary symmetry cannot be used to con-
struct a volume mesh in MVE, since the volumes of two complemetary symmetric cases
are not the same. Using rotational symmetry alone, howeverthe 256 con gurations can
be reduced to 23 major cases. These cases are shown in Figur,3®xcept for the cases

of all inside or outside vertices.
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Case 4C Case 5 Case 5C Case 6 Case 6C Case 7 Case 7C
Case 8 Case 9 Case 10 Case 11 Case 12 Case 13 Case 14

Figure 3.2: 21 major cases of the marching volume element adgthm. Letter C denotes
a complementary case. For example, Case 1 and Case 1C are cdamentary cases of
each other. One type of triangularization (thin lines) is shown for each case.

3.2.2 Ambiguous Face Problem and Solution

Without modi cations, MC algorithm has the so called discontinous surface problem
[63]. The fundamental reason of the discontinous surface pblem is the ambiguous face
problem. The ambiguous face problem happens when two diagahvertices have di erent
color with the other two diagonal vertices on the same cube fee, as shown in Figure 3.3.
The two white vertices can be separated as shown in Figure 3(8), or they are connected
as shown in Figure 3.3(b). A choice has to be made on an ambigus face. The MC
algorithm makes the decision randomly. Consequently, the gnerated surface may not
be continuous. Figure 3.4 shows such a situation. Di erent onnections are made by the
MC algorithm on a common ambiguous face of the two adjacent ches. The two white
vertices on the common face are separated in Figure 3.4(a),ub they are connected in
Figure 3.4(b), such that the isosurface on the two cubes are @t continuous. This is the

root of the discontinuous surface problem in the MC algorithm.
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(@) (b)

Figure 3.3: An ambiguous face with two black diagonal verties and two white diagonal
vertices. (a) Two white vertices are separated. (b) Two white vertices are connected.

(b)

Figure 3.4: Example of discontinuous surface created by thé/C algorithm. Cube (a)
and (b) share a common face. The connection of the common facef cube (a) and
(b) are dierent. The two white vertices on the common face of cube (a) are separted.
The two white vertices on the common face of the cube (b) are amnected. This is the
fundamental reason of the discontinous surface problem ofhie MV algorithm.
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Cases 3, 3C, 6, 6C, 7,7C, 10, 12 and 13 in Figure 3.2 are topologlly ambiguous,
since one or more ambiguous faces exist in these cases. Tovealhe ambiguous problem,
multiple subcases are introduced for each of these ambiguswcases. For example, Case
3 in Figure 3.2 has one ambiguous face, and there are two pobk subcases as shown
in Figure 3.5(a) and (b). The number of subcases depends on thnumber of ambiguous
faces. The total number of subcases may be reduced by rotatio For example, Case 10
has two ambiguous faces, so there should be 4 possible subessas shown in Figure 3.6.
But Figure 3.6(b) and (c) are equivalent to each other by rotation, so the 4 subcases
reduce to 3 subcases. All six faces of the Case 13 are ambiggoso the total combination
should be 64 subcases. However, by rotation symmetry, only Il subcases are left, as

shown in Figure 3.7. Table 3.1 summarizes the number of subeas for all ambiguous

cases.
Figure 3.5: Two subcases for Case 3 (3A and 3B) in Figure 3.2.
Table 3.1: Subcases of Ambiguous Cases
Cube Case Number of Number of Number of
Ambiguous Faces| Possible Subcases Remaining Subcases
3,3C,6,6C 1 2 2
10 2 4 3
12 2 4 4
7,7C 3 8 4
13 6 64 11
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(d)

Figure 3.6: Subcases for the Case 10 in Figure 3.2. (a) whiteevtices on two ambiguous
faces are separated. (b) white vertices on one ambiguous facre separated (bottom
face), while white vertices on the other ambiguous face areannected (top face). (c)
white vertices on one ambiguous face are separated (top fagewhile the white vertices
on the other ambiguous face are connected (bottom face). (dhite vertices on two
ambiguous faces are connected. Note (b) and (c) are equivaieby rotation.

The next problem is how to select whether two inside verticeson an ambiguous
face are connected or not. The MVE uses a bilinear method [63p make the decision
and choose the correct subcase. This method is based upon tHeur vertex values
of the ambiguous face, and makes a unique connection decisio It is assumed that
the intensity has a bilinear variation over a cube face, so tle intensity at each point
f(s;):0 s 1,0 t 1lginside the square can be calculated by bilinear interpolatn
of intensities on the four corner points as in (3.1), wherel g, 101, 110 and l1; are the
intensity values of the four corner points.

2 32 3
sh= 1 s § ° i8] (3.1)

li0 111 t
The bilinear function is totally determined by the four vert ex values. For an ambigu-
ous face, two diagonal vertices have larger intensity valug than the other two diagonal
vertex values. Figure 3.8 shows the typical shape of the bitiear function on an ambigu-
ous face, where the intensity value is used as the third dimesion. The intensity values

at the four vertices aref5; 1; 0; 4g in this gure. Intersecting the surface by a plane which
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Figure 3.7: Subcases for the Case 13 in Figure 3.2. (a) Whiteevtices on all ambiguous
faces are connected. (b) White vertices on ve ambiguous faes are connected, while
white vertices on one ambiguous face are separated (front €&). (c) White vertices
on two parallel ambiguous faces are separated (front and b&cfaces), while the white
vertices on the other ambiguous faces are connected. (d) Wita vertices on two adjacent
ambiguous faces are separated (front and right faces), wtdl the white vertices on the
other ambiguous faces are connected. (e) White vertices orhtee adjacent ambiguous
faces are separated (front, right and left faces, notice thdhree faces share two edges),
while the white vertices on the other ambiguous faces are carected. (f) White vertices
on three adjacent ambiguous faces are separated (front, rig and bottom faces, notice
the three faces share three edges), while the white verticesn the other ambiguous faces
are connected. (g) White vertices on three adjacent ambiguos faces are separated (front,
top and bottom faces, notice the three faces share two edgesyhile the white vertices on
the other ambiguous faces are connected. (h) White verticesn two parallel ambiguous
faces are connected (front and back faces), while the whiteeartices on the other four
ambiguous faces are separted. (i) White vertices on two adjant ambiguous faces are
connected (front and right faces), while the white verticeson the other four ambiguous
faces are separted. (j) White vertices on one ambiguous facare connected (front face),
while white vertices on other ambiguous faces are separatedk) White vertices on all
ambiguous faces are separated.
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has a constant intensity value can determine the connectios on the face. As shown in
Figure 3.8, two planes intersect the surface. The rst planehas an intensity value of 3.5.
The second plane has an intensity value of 1.5. The interseitins of the rst plane with
the surface show that the two vertices with higher intensity values should be separated
at the threshold of 3.5. The intersections of the second plae and the surface indicate
that the two vertices with higher intensity values should be separted for the threshold of
1.5. The connection on the surface can be uniquely determirkby a threshold and the
bilinear function, except for the saddle point. The saddle int is a point on the surface
where the connection changes direction. When a threshold els the value at the saddle
point, the two high intensity vertices can be either conneced or disconnected. As long

as a consistent choice is made, the result will be topologidly correct.

Function Value

e
==t SeeaN
NN\
SRS
s

t Direction L
0 o o1 s Direction

Figure 3.8: Bilinear interpolation.
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The value of the saddle point can be calculated with equation(3.1) by replacing
the position of the saddle point (Ssaqdie; tsaddie)- The position of the saddle point can be

found by setting partial derivatives of | (s;t) equal to zeros and solving the equation set

(3.2). 8
3 ey _g
) @s (3.2)
@ls;t) —
@t =0
The solution is given by (3.3).
8
_ log |
2 Ssaddle = m (3.3)
_ log |
tsaddle = To53 s Toy Tio

Therefore, the value of the saddle point can be calculated usg the equation (3.1). The

result is shown in (3.4).

lool11 + lo1l10 (3.4)

| saddle =
loo+ 112 lo1 1o

3.2.3 Face Tessellation Rules

To ensure a topologically consistent mesh, adjacent cubes ust have the same tes-
sellation in their adjointing face. To guarantee the consisency, the MVE algorithm uses
the following rules to determine a cube face tessellation.

Face tesselation rules:

Rule 1: If four vertices are white on a cube face, no tessellatn is necessary as in

Figure 3.9(a).

Rule 2: If there are three white vertices on a cube face, splithe face into three

triangles as in Figure 3.9(b). The three triangles are 1a4, 2b and lba.
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Rule 3: If there are two white vertices on a cube face, and theyare on the same
edge, mesh the face into three triangles as shown in Figure ¥c). The three
triangles are 1ca, 12c and 2bc, and the position of ¢ is the mjubint of the line

connecting a and b.

Rule 4: If there are two diagonal white vertices on a cube facas shown in Figure
3.9(d), two possible solutions exist. This face is tesseltad into two triangles (1ad,
3cb) and one quadrilateral (abcd), or two triangles (1ad and ®b) depending on

the decision made by the bilinear method.

Rule 5: When there is only one white vertex on a cube face, theusface can be

meshed as a triangle lab, which is shown in Figure 3.9(e).

H—O) @
g &2

Figure 3.9: Tessellation rules for di erent cube face con gures.

3.2.4 \Volume Mesh Generation

Adding all the unambiguous cases and the subcases for each higuous case, there
are a total of 48 con gurations. The notation used to de ne each con guration is intro-
duced in Figure 3.10. Numbers from 1 to 8 are used to represete eight cube vertices.
Letters A-L represent the isopoints on edges as shown by smahblack points. An iso-
point exists on an edge if the two edge vertices have di erentolors. In Figure 3.10, the

isopoints are shown in the middle of edges, while the actual gsition of an isopoint is
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calculated by linearly interpolating the two edge vertex intensities. Letter P-U represent
the six cube face points. The positions of the face points arele ned by Rule 3 in the
previous section. The letter O represents a point inside thecube which is shown by the

small gray point.

Figure 3.10: Marching volume element notation. Numbers 1-8 epresent eight cube
vertices. Letter O represents the center point of the cube. ktters A-L represent isopoints
on edges. The centers of faces are represented by letters P-U.

Three typical cases are tessellated step by step in Figure B1, 3.12 and 3.13 for Case
1C, Case 2 and Case 2C, respectively. In each case, the origirtopology is displayed
rst, then an arrow points to the next topology in which the vo lume outside the isosurface
has been cut o, and the isosurface is shown with thin lines. e inside volume is then
meshed into elements step-by-step. In each step the volume isedomposed into either
tetrahedra or a pyramid and the remaining volume.

Figure 3.11 shows the tessellation process of Case 1C. Theahmesh elements for
this case include four tetrahedraf A37D, 178D, DAI7, A617 g, three pyramids f4837D,

2637A, 5687f, and the boundary surface is one trianglef DIAg. Figure 3.12 shows
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Figure 3.11: Volume mesh decomposition for Case 1C.
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Figure 3.12: Volume mesh decomposition for Case 2.
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Figure 3.13: Volume mesh decomposition for Case 2C.
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the tessellation process of Case 2. The nal mesh elements rfdhis case include ve
tetrahedra f2JTB, P2TB, 12TP, 1PID, 1TIP g, and the boundary surface is formed by
four triangles fBJT, BTP, PTI, PID g. The tessellation process for Case 2C is demon-
strated in Figure 3.13, where the nal mesh elements include tetrahedra f DP84, PB73,
DPI8, PBJ7, IP58, PJ67, IT5P, T65P, TJ6P g and 2 pyramids f 4387P, 5687R;, and the
boundary surface is formed by four trianglesf DIP, ITP, PJB, PTJ 0.

The remaining cases are tessellated in a similar manner. Théessellation results
for all 48 con gurations can be organized into a two-level tale, shown in Table 3.2 at
the end of this chapter. The rst level of the table contains entries for the 23 major
cases (the 21 cases in Figure 3.2 plus the all black and all wiei cases). The second level
contains the subcases for each ambiguous case. With this téy an automatic 3D mesh
program can be easily implemented and a valid nite element nesh can be produced

e ciently.

The pseudo code for the automatic volume mesh procedure is stvn below.

Begin (process)

Read in 3D data
Divide the data set into small cubes of eight voxels each
Classify each cube vertex as inside or outside volume
(by comparing the vertex value with threshold)
For each cube
If (all black)
Continue
Elseif (all white)
The cube is a cube element
Else
Determine the major case
If (the major case is ambiguous)
Using the bilinear interpolation method to find the subcase
Lookup surface triangles and volume mesh in the meshing tabl e
Else
Lookup surface triangles and volume mesh in the meshing tabl e
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End

End
End For
Export Boundary (isosurface)
Export Volume Mesh

}

End (process)

In the implementation of the algorithm, a rotation table (Ta ble 3.3) is used de-
termine the major case for each cube con guration. We set themajor cases listed in
Figure 3.2 as standard forms, and the tessellation of the stadard cube forms are de ned
in the Table 3.2. The tessellation for all equivalent con gurations is the same as their
standard form. Table 3.3 lists rotations needed for all the on gurations. In the table,
\Cube ID" is the indenti cation number of a cube con guratio n which is the value of a
binary number of the cube by seting white vertices to \1"s and black vertices to \0"s.
For example, with the vertex notation introduced in Figure 3.10, if only the vertex 4 is
white, the binary number will be \00001000", and the value is 8 in decimal. The \Cube
ID" of this con guration will be 8. Since this con guration i s the same topology as the
\Cube ID" of 1 which is the standard form, this con guration n eeds to be rotated to the
standard form. The original vertex notation of all cube con gurations is \87654321",
and the rotated vertex notation is \56218734" for the \Cube | D" of 8, which is listed in
the \Rotation" column in Table 3.3. This table lists the rotat ions for all cube con gu-
rations. The corresponding major case is listed in the \Maja Case" column, and it is
Case 1 for this example. The column \Comp" shows whether a coguration has more
than four white vertices. It is useful to indicate whether the cube is a complementary
case in the orginal MC algorithm. It is \0" if the number of whi te vertices is more than

4, and it is \0" otherwise. The \Comp" of this example is 1.
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3.3 Mesh Quality Improvement

Although the MVE algorithm can generate a geometrically and topologically con-
sistent mesh, the resulting mesh may contain some poor quaji elements, which can
cause numerical di culties in the solution process [23]. Anideal mesh for computational
analysis is composed of all equilateral shaped elements, veh is extremely di cult or im-
possible to obtain for complicated structures. In practice mesh improvement algorithms
are used to make a mesh as close to an ideal mesh as possible. nylalgorithms have
been developed to improve mesh quality in the literature. Pants are inserted or deleted
to improve the mesh quality [68]. The mesh quality is improved by local reconnection
or face swapping [23, 42]. Grid points are relocated to impree mesh quality without
changing mesh topology [8]. A method is introduced to nd the optimal positions for
each nodes [22]. All these mesh improve algorithms are proged to improve the quality
of tetrahedron mesh.

In MVE, only tetrahedron and pyramid elements need to be improved. The quality
of cube elements do not need to be improved because they arelprused to mesh cubes
with all eight vertices inside the volume, and the vertices ae at voxel locations in the
data grid. Consequently, these elements have maximum qudl because all edge angles
are exactly 90 degrees and, if the data has been interpolatetb isotropic resolution, all
edge lengths are equal.

Two steps described below are used to improve the quality ofdtrahedral and pyra-
midal elements. Inthe rst step, the surface is improved by removing very small polygons
(triangles and quadrilaterals) and very short edges. A minmum edge length is used for

all surface polygons. If the lengths of all edges of a polygoare less than the threshold,
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the polygon is deleted and replaced by the centroid of the pglgon. If only one edge
length is less than the threshold, the short edge is reducedot the middle point of the
edge. The process improves the quality of surface polygonsitivout losing geometric
consistency. After this process, the volume elements whiclshare the deleted elements
are updated. Figure 3.14 shows an example in 2-D where the mesjuality in Figure

3.14(a) is improved by removing the small triangle, as showrin Figure 3.14(b)

(@) (b)
Figure 3.14: A 2-D example of mesh quality improvement: (a) bére improvement. (b)
after improvement.

The second step is to improve the quality of volume elements.A minimum edge
length is used to eliminate the poor quality elements. Tetrdhedra which have very short
edges are eliminated, and the short edges shrink to points.

Special care has to be taken with tetrahedron and pyramid elments. If a tetrahe-
dron to be removed shares a face with a pyramid or a triangle tde deleted is a face of a
pyramid, the tetrahedron or the triangle can not be removed. If an edge to be removed
is an edge of a pyramid and is an edge of the quadrilateral facef the pyramid, the
pyramid will reduce to a tetrahedron. If an edge to be removedis an edge of a pyramid
and is not an edge of the quadrilateral face of the pyramid, tle edge will not be removed

to keep topological consistency.
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3.4 Experiments

In this section, the MVE algorithm is validated with two sets of experiments. In the
rst set, quantitative measures of mesh quality for the MVE m esh are calculated before
and after mesh improvement and, are where possible, compastevith a mesh generated by
GAMBIT (Fluent Inc., Lebanon, New Hampshire). GAMBIT is a co mmercially available
software package that generates a tetrahedral mesh using Dsunay and advancing front
method. GAMBIT cannot directly generate a mesh from 3D medial image data, so
the isosurface generated by MVE algorithm was input to the GAMBIT volume mesh
generation algorithm. In the second set of experiments, GANBIT is not able to mesh
the data set. Only mesh quality for the MVE mesh before and afer mesh improvement
were compared.

The MVE was used to mesh both a simulated object and a human nad cavity
from CT data. Six CT data sets of a mortar (a solid cylinder wit h a hemisphere-shaped
region removed from the top) were simulated with resolutiors of 16 16 8,32 32 16,
64 64 32,128 128 64,192 192 96 and 256 256 128 voxels. A volume
mesh was constructed from each data set with both the MVE algathm and GAMBIT.
Figure 3.15 shows the mortar mesh from the 16 16 8 data set. The computation time
for MVE is compared with GAMBIT in Figure 3.16. For all resolu tions, MVE is faster
than GAMBIT. In addition, GAMBIT was not able to mesh the two h ighest resolution
data sets of the mortar and the human nasal cavity on a Sun Micosystems Ultra 80
with 2Gb memory and a Sparcv9+vis CPU.

To compare mesh quality, the edge ratio and the equi-angle ske of each element

in the mesh are computed. The edge ratio is de ned as the ratiof the longest edge to
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Figure 3.15: A 3-D surface mesh of a mortar generated by MVE frm a 16x16x8 pixel

simulated CT data set.

Figure 3.16: Mesh computation time versus resolution for bth MVE (line only) and
GAMBIT (line and circle). MVE algorithm is able to mesh all da ta sets, while GAMBIT

can not mesh the two higher resolution data sets.



the shortest edge in an element. The edge ratio ranges from Iotin nity. The highest
quality element is an equilateral element, which has an edgeatio of 1. The equi-angle
skew is de ned as (3.5), where max and nin are the maximum and minimum angles
between the edges of the faces of an element, and, is the equi-angle value for the type
of face, ¢q = 60° for a triangle and 9C° for quadrilateral. By de nition, the equi-angle
skew ranges from 0 to 1. The equi-angle skew is O for an ideal aetent, and poor quality

elements have values close to 1.

( )

_ max eq. eq min
Qequi_angle _skew = Max 180 ; (3.5)
eq eq

Figure 3.17 and 3.18 show histograms of the edge ratio and thequi-angle skew of
the 128x128x64 mortar respectively. Figure 3.17(a) showshie MVE edge ratio before
mesh improvement. Figure 3.17(b) shows the MVE edge ratio @ér mesh improvement.
Figure 3.17(c) shows the edge ratio for the GAMBIT mesh. Figue 3.18(a) and (b)
show the equi-angle skew of the MVE mesh before and after mesmprovement. Figure
3.18(c) shows the equi-angle skew of the GAMBIT mesh. Note thain Figure 3.17(b)
and 3.18(b), most of poor quality elements, which have very Igh edge ratio and equi-
angle skew close to one, have been removed. The GAMBIT mesh &a lower number
of poor-quality elements, but most of its elements have an edg ratio around 1.5 and
an equi-angle skew around 0.3. In contrast, most of the elemés in the MVE mesh are
cubes, which have ideal edge ratios and equi-angle skews. Imdition, GAMBIT was
not able to mesh the two data sets with higher resolution. Forthe 192x192x96 data set,
GAMBIT ran several days without results. For the 256x256x128 data set, GAMBIT ran

out o memory on the system described above.
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The MVE algorithm was also used to mesh a left human nasal caty from 31 CT
slices. The CT data had a slice thickness of 3mm and an in-plangixel size of 0.31mm
x 0.31mm. Before running the MVE algorithm, ve slices were interpolated between
acquired slices using HSR introduced in Chapter 2. All slice (both acquired and inter-
polated) were decimated by a factor of 2 in both in-plane diretions to obtain approx-
imately isotropic resolution. Figure 3.19 shows the cavitysurface. The mesh quality
of human nasal cavity model is shown in Figure 3.20 and Figured.21. Figure 3.20(a)
and (b) show the edge ratio histograms of mesh before and aftéghe mesh improvement
respectively. Figure 3.21(a) and (b) show the equi-angle ske histograms of the mesh
before and after the mesh improvement respectively. The edgratio was highly improved
with large edge ratio elements removed. The equi-angle skewas also improved. Note

that most poor equality elements whose equi-angle skews ardose to one were removed.
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Figure 3.17: Edge ratio histograms for the 128x128x64 mortamesh constructed by (a)
MVE before improvement (b) MVE after improvement (¢) GAMBIT . The MVE mesh
contained 887,504 elements before improvement, 884,624eeients after improvement,
and the GAMBIT mesh contained 3,134,488 elements.
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Figure 3.18: Equi-angle skew histograms for the 128x128x64 ontar mesh constructed
by (a) MVE before improvement (b) MVE after improvement (c) G AMBIT. Note the
vertical axes of plots (a) and (b) have been cropped to improe the detail in the higher
equi-angle skew values. The bar at zero equi-angle skew extentio 50% in plot (a) and
(b). The MVE mesh contained 887,504 elements before improveent, 884,624 elements
after improvement, and the GAMBIT mesh contained 3,134,488elements.

3.5 Conclusion

In this section, the new 3-D mesh generation algorithm, marcing volume ele-
ment(MVE), was presented. This algorithm is able to automatically construct a volume
mesh from three-dimensional (3-D) data de ned on a regularly-paced grid. The result-
ing mesh is composed of tetrahedra, pyramids, and cubes. THAVE takes advantage of
the inherent structure of gridded data by using cubes to meshnterior regions. Tetrahe-
dra are used to mesh the boundary layer, and pyramids are usefbr transition between

tetrahedra and cubes.
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Figure 3.19: Right nasal cavity surface constructed with the MVE algorithm. The
marked region is mainly contains olfactory epithelium.
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Figure 3.20: Edge ratio histograms for the nasal cavity modkeconstructed with MVE
before (a) and after (b) improvement.
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Figure 3.21: Equi-angle skew histograms for the nasal cavitynodel constructed with
MVE before (a) and after (b) improvement.
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The MVE algorithm operates locally on the data. Each cube is neshed individually
in such a way that topological consistency with its neighbos is ensured. As a result,
the MVE is memory e cient and can construct volume meshes from large data sets that
may not be practical to mesh with other techniques. In addition, a relatively simple
algorithm was used to improve the mesh quality.

The MVE algorithm is validated on a synthetic object and demonstrated on a com-
puted tomography (CT) scan of a human nasal cavity. The volume mesh generated
by the MVE algorithm is suitable for computational uid dyna mics simulations. In
Chaper 4, air dynamics simulations will be conducted with hunan nasal cavity models

constructed with the MVE algorithm.
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Table 3.2: Mesh Table for Marching Volume Elements Algorithm

CASE | SURFACE TRIANGLES | TETRAHEDRONS PYRAMIDS
1 AID 1AID
1C DIA A37D,178D,DAI7,A6I7 4837D,2637A,5687I
2 BJT,BTP,PTI,PID 2JTB,P2TB,12TP,1PID,1TIP
2C DIP,ITP,PJB,PTJ DP84,PB73,DPI8,PBJ7,IP58,PJ67,IT5P, T65887P,5687P
TJ6P
3 |A|AID,CLB 1AID,CBL3
B | IDL,DCL,ILA,BAL 1DAI,BC3L,ADLI ABDCL
3C [ A [ ICD,ILC,IBL,IAB DC84,A26B,DCI8,A6IB,ICL8,IB6L, IL58, 5687L
165L
B | BLC,ADI DC84,A26B,DCI8,A6IB,ICB8,I658,1B58, | ABDCI,5687L
BCLS8,5BL8,B56L
4 AID,LGF 1AID,LFG7
4C LFG,DIA D3L4,A2L3,DAL3,A2FL,A26F,DAIL,AFIL,
A6IF,DLG4,DG84,ILGD,IFGL,DGIS8,IG58,
IF5G,I65F
5 QFR,HBR,BQR,IBH,JAB | Q6RF,A2QB,A26Q,IBRH,IR5H,IAQB,IBQR,
IA6Q,I6RQ,165R
5C QRF,HRB,BRQ,IHB,IBA | 1Al4,I1AB4,I1BH4,RQF7,BRH4,43BR, BQR3| 4387R
RQ37,4RH8
6 |A |LGFJTB,BTP,PTD,DTI LFG7,2JTB,P2TB,12TP,1TID,1PTD
B | DGI,DLG,DPL,PBL,IGF, | LFG7,DLIG,ILFG,DTLP,DTIL,ITFL,PBTL,2 | BJLFT
IFT, TFJ JTB,P2TB,12TP,1TID,1TDP
6C | A | BGL,BJG,JFG,ITD,TPD, | DP84,PBL3,P43L,PLG4,PG84,PBLG,DTIS,
PJB,TIP DPT8,PBJG,PJTG,PGT8,GFJT, TJ6F,IT58,
5G8T,5TFG,T65F
B | LFG,TJB,TBP,TPD,TDI DP84,PBL3,P3L4,PLG4,PG84, TBLIGF | BJLFT,
DTI8,DPT8,TG8P, TLGP, TFGL,IT58,5TG8,
5TFG,T65F
7 | A | DKC,LGF,ABJ DCK4,LFG7,A2JB
B | LGF,CBK,BJK,DKA,AKJ | LFG7,DCK4,A2JB,ABJK ABDCK
C | OKC,OCB,0BL,0LG,0GF| CDK4,A2JB,DCOK,ABJO,LFG7,0LFG ABDCO,BJLFO
OFJ,0JA,0AD,0DK
D | CBL,KAD,KJAKGJ,GFJ | DCK4,A2JB,LFG7,AJKB,KIGB ABDCK,BJLFG,
CLKGB
7C | A | CLB,DAK,KAJ,JGK,GJF | CBL3,1A5D,DA5K,5AJK,5G8K,5J6F,5JGK|,
5JFG,
B | ODC,0CL,0LB,0BA,0AJ, | CBL3,CBOL,1A5D,DO5K, DAS0, ABDCO
0JF,0FG,0GK,0KD AJ50,5JF0,5J6F ,KG58,50GK,5FGO
C | OKD,ODC,OCL,OLF,0FG, CBL3,CBOL,ABJO,DO5K,1A5D,DABK, ABDCO,BILFO
OGK,AJB 5AJO,5JFO,5J6F,KG58,50GK,50FG
D | DCK,AJB,FGL CBL3,1A5D,D5KC,AJ5B,5J6F 5LFG,5G8K, ABDC5,BJLF5,
5BLC CLKG5
8 DPS,PBQ,QFR,SRH,SPR,| 1PSD,5RHS,QF6R,P2QB,26RQ,PRQ2,SRP1256R
PQR 12RP
9 DGK,DAG,AFG,AJF 1A5D,J65F,5G8K,5GKD,DA5G,5AFG, 5AJF
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CASE | SURFACE RIANGLES | TETRAHEDRONS PYRAMIDS
10 | A | SKC,PSC,LGQ,GRQ,AIS, | 4CSK,4PSC,Q7GL,RQ7G,1PS4,Q6R7,1AIS, 1P
ASP,QRE,EJQ AS,E6RQ,J6EQ

B | AIS,ASP,QRE,EJQ,SRQ, | SPQC,SCQK,SQGK,SQRG,4CSK,4PSC,Q7GICLKGQ
SQP,CPQ,CQL,SGK,SRG | RQ7G,1PS4,Q6R7,1AIS,1PAS E6RQ,J6EQ

C | CQL,CPQ,KGS,SGR,AQP, 4CSK,4PSC,GQ7L,1PS4,RQ7G,SPQC,SQKE SLKGQ,AJIEQ
AJQ,SRE,SEI QGK,SQRG,Q6R7,1ASP,1AIS,J6EQ,EQ6R,$A

QP,IAQS,SERQ,IESQ
11 HLG,HAL,SAH,DAS,AQL, | 1ASD,1A5S,SA5H,GQ7L,HQGL,AQHL,5AQH
AJQ ,5AJQ,5J6Q,5Q6H,H6GQ,GQ67
12 | A | DKC,RQF,HQR,HBQ,HIB, | DCK4,Q6RF,A2QB,A26Q,5RHI,I65R, IBQH,IQ
ABI RH,IAQB,IA6Q,I6RQ

B | DKA,AKF,AFLIFR,IRH, | DCK4,BQKC,QFKC,AQKB,AFKQ,A2QB,A26| ABDCK
CFK,CQF,CBQ Q,ABFQ,A6IF,IR5H,165R, IBRF

C | RQF,ADI,BHC,CHK,HQR, | DCK4,Q6RF,IBHC,A2QB,A26Q,IR5H,165R, 1§ DIKHC,ABDCI
HBQ QH,IQRH,IAQB,IA6Q,I6RQ

D | FRK,RHK,FKC,DIC,IFC, | DCK4,HCRK,CRFK,IRCH,IFCR,A2QB,A26Q DIKHC
IAF,AQF,ABQ ABFQ,ABIF,IR5H,I65R, I6RF

13 | A | CKD,AJB EIH,FGL 1AID,CBL3,6JFE,8HGK,HBLC, HIBC,EBLH, || DIKHC,ABDCI,
BEH CKLGH,EFHGL,
AJIEB,BILFE

B | EIH,FGL,BKJ,BCK,JKD, | 1AID,3LBC,6JFE,8HGK,DJEK,EJBK,KBLG,K| AJIED,DIKHE,

AJD BEL,HLGK,HELK BJLFE,CLKGB,
EFHGL,

C | OAJ,0JB,0BC,0CK,OKD, | 1AID,3LBC, 6JFE,8HGK,DAIO,EJFO, DIKHO,AJIEO,
ODA,OEI,0IH,0HG,0GL, | HOGK,0BLC BJLFO,CLKGO
OLF,OFE

D | OCK,OKD,ODA,0AJ,0JF, | 1AID,3LBC,6JFE,8HGK,DAIO,OBLC,EJFO, IE DIKHO,AJIEO,
OFG,0GL,0LB,0OBC,EIH | HO,HOGK CLKGO,EFHGO

E | OEI,OID,0DA,0AJ,0JF,0 | 1AID,3LBC,6JFE,8HGK,DAIO,OBLC,EJFO,H AJIEO,CLKGO,
FG,0GL,0LB,0BC,0CK, | OGK EFHGO
OKH,OHE

F | OBC,OCK,OKD,ODA,OAI | 1AID,3LBC,6JFE,8HGK,DAIO,OBLC,EJFO,H DIKHO,EFHGO,
,OIH,0HE,OEJ,0JF,OFG, | OGK CLKGO
OGL,0LB

G | OKD,ODA,OAI,OIH,0HE, | 1AID.BLC3,DAIO,OBLC,EJFO,EJ6F,KGHS, | DIKHO,BJLFO,
OEJ,0JB,0BC,0OCL,OLF, | HOGK EFHGO
OFG,0GK

H | OCL,OLB,0BA,OAI,OID, | 1AID,3LBC,6JFE,8HGK,DAIO,OBLC,EJFO,H ABDCO, BIJLFO
ODC,0GK,0KH,0HE,OEJ| OGK
OJF,OFG,

I | HGK,OID,0DC,OCL,OLF, | 1AID,3LBC, 6JFE,8HGK,DAIO,OBLC,EJFO | ABDCI
OFE,OEJ,0JB,0BA,0Al,

J | HGK,EJF,CID,CLI,LBI, 1AID,3LBC, 6JFE,8HGK,CLBI
BAI

K | AID,HGK,BCL,EJF 1AID,3LBC, 6JFE,8HGK

14 IAS,SAK,ABK,KBG,BQG, | KBSG,SB8K,SABK,SB58,ISB5,IABS,A2QB,
QFG 5BG8,A26Q,5BQG,5QFG,56FQ,IBQ5,IAQB,
165Q,1A6Q,
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Table 3.3: Cube Rotation Table

Cube ID | Rotation | Major Case | Comp Cube ID | Rotation | Major Case | Comp
0 | 87654321 0 1 40 | 76583214 4 1
1| 87654321 1 1 41 | 76583214 6 1
2 | 48513762 1 1 42 | 84375126 6 1
3| 87654321 2 1 43 | 56218734 11 1
4 | 15624873 1 1 44 | 56218734 6 1
5| 87654321 3 1 45 | 78436512 12 1
6 | 85147623 2 1 46 | 67325841 14 1
7 | 56218734 5 1 47 | 14852376 5 0
8 | 56218734 1 1 48 | 43781265 2 1
9 | 76583214 2 1 49 | 48513762 5 1

10 | 76583214 3 1 50 | 87654321 5 1
11 | 85147623 5 1 51| 87654321 8 1
12 | 56218734 2 1 52 | 43781265 6 1
13 | 78436512 5 1 53 | 48513762 12 1
14 | 67325841 5 1 54 | 73268415 11 1
15 | 56218734 8 1 55 | 65872143 5 0
16 | 23416785 1 1 56 | 34127856 6 1
17 | 73268415 2 1 57 | 62157348 14 1
18 | 78436512 3 1 58 | 87654321 12 1
19 | 34127856 5 1 59 | 26731584 5 0
20 | 15624873 4 1 60 | 15624873 10 1
21 | 73268415 6 1 61 | 12345678 6 0
22 | 85147623 6 1 62 | 21563487 6 0
23 | 56218734 14 1 63 | 12345678 2 0
24 | 26731584 3 1 64 | 41238567 1 1
25 | 62157348 5 1 65 | 87654321 4 1
26 | 32674158 7 1 66 | 48513762 3 1
27 | 48513762 9 1 67 | 87654321 6 1
28 | 65872143 6 1 68 | 15624873 2 1
29 | 23416785 11 1 69 | 51486237 6 1
30 | 67325841 12 1 70 | 84375126 5 1
31| 43781265 5 0 71| 67325841 11 1
32 | 34127856 1 1 72 | 56218734 3 1
33| 84375126 3 1 73 | 67325841 6 1
34 | 84375126 2 1 74 | 87654321 7 1
35 | 73268415 5 1 75 | 85147623 12 1
36 | 85147623 3 1 76 | 12345678 5 1
37 | 76583214 7 1 77 | 78436512 14 1
38 | 41238567 5 1 78 | 78436512 9 1
39 | 67325841 9 1 79 | 21563487 5 0
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Cube ID | Rotation | Major Case | Comp Cube ID | Rotation | Major Case | Comp
80 | 23416785 3 1 120 | 32674158 12 1
81 | 37842651 6 1 121 | 58761432 6 0
82 | 12345678 7 1 122 | 73268415 7 0
83 | 34127856 12 1 123 | 62157348 3 0
84 | 15624873 6 1 124 | 78436512 6 0
85 | 43781265 10 1 125 | 78436512 4 0
86 | 84375126 12 1 126 | 67325841 3 0
87 | 26731584 6 0 127 | 62157348 1 0
88 | 15624873 7 1 128 | 62157348 1 1
89 | 62157348 12 1 129 | 67325841 3 1
90 | 58761432 13 1 130 | 78436512 4 1
91 | 48513762 7 0 131 | 78436512 6 1
92 | 12345678 12 1 132 | 62157348 3 1
93 | 48513762 6 0 133 | 73268415 7 1
94 | 41238567 7 0 134 | 58761432 6 1
95 | 12345678 3 0 135 | 56218734 12 1
96 | 41238567 2 1 136 | 62157348 2 1
97 | 41238567 6 1 137 | 23416785 5 1
98 | 15624873 5 1 138 | 62157348 6 1
99 | 73268415 14 1 139 | 85147623 14 1
100 | 58761432 5 1 140 | 51486237 5 1
101 | 58761432 12 1 141 | 85147623 9 1
102 | 58761432 8 1 142 | 78436512 11 1
103 | 37842651 5 0 143 | 32674158 5 0
104 | 14852376 6 1 144 | 23416785 2 1
105 | 87654321 10 1 145 | 76583214 5 1
106 | 15624873 12 1 146 | 32674158 6 1
107 | 23416785 6 0 147 | 48513762 11 1
108 | 26731584 11 1 148 | 23416785 6 1
109 | 32674158 6 0 149 | 76583214 12 1
110 | 76583214 5 0 150 | 48513762 10 1
111 | 23416785 2 0 151 | 14852376 6 0
112 | 32674158 5 1 152 | 37842651 5 1
113 | 87654321 11 1 153 | 76583214 8 1
114 | 21563487 9 1 154 | 37842651 12 1
115 | 51486237 5 0 155 | 58761432 5 0
116 | 32674158 14 1 156 | 51486237 14 1
117 | 62157348 6 0 157 | 15624873 5 0
118 | 23416785 5 0 158 | 41238567 6 0
119 | 62157348 2 0 159 | 41238567 2 0
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CubelD | Rotation | Major Case | Comp Cube ID | Rotation | Major Case | Comp
160 | 12345678 3 1 200 | 65872143 5 1
161 | 41238567 7 1 201 | 37842651 11 1
162 | 48513762 6 1 202 | 65872143 12 1
163 | 73268415 12 1 203 | 43781265 6 0
164 | 48513762 7 1 204 | 12345678 8 1
165 | 87654321 13 1 205 | 87654321 5 0
166 | 41238567 12 1 206 | 48513762 5 0
167 | 15624873 7 0 207 | 43781265 2 0
168 | 26731584 6 1 208 | 14852376 5 1
169 | 23416785 12 1 209 | 14852376 14 1
170 | 14852376 10 1 210 | 14852376 12 1
171 | 15624873 6 0 211 | 56218734 6 0
172 | 51486237 12 1 212 | 43781265 11 1
173 | 12345678 7 0 213 | 84375126 6 0
174 | 37842651 6 0 214 | 76583214 6 0
175 | 23416785 3 0 215 | 76583214 4 0
176 | 21563487 5 1 216 | 43781265 9 1
177 | 87654321 9 1 217 | 41238567 5 0
178 | 87654321 14 1 218 | 76583214 7 0
179 | 12345678 5 0 219 | 85147623 3 0
180 | 21563487 12 1 220 | 73268415 5 0
181 | 87654321 7 0 221 | 84375126 2 0
182 | 67325841 6 0 222 | 84375126 3 0
183 | 56218734 3 0 223 | 34127856 1 0
184 | 14852376 11 1 224 | 43781265 5 1
185 | 84375126 5 0 225 | 43781265 12 1
186 | 51486237 6 0 226 | 58761432 11 1
187 | 15624873 2 0 227 | 65872143 6 0
188 | 87654321 6 0 228 | 32674158 9 1
189 | 48513762 3 0 229 | 32674158 7 0
190 | 87654321 4 0 230 | 62157348 5 0
191 | 41238567 1 0 231 | 26731584 3 0
192 | 12345678 2 1 232 | 43781265 14 1
193 | 21563487 6 1 233 | 85147623 6 0
194 | 12345678 6 1 234 | 73268415 6 0
195 | 58761432 10 1 235 | 15624873 4 0
196 | 26731584 5 1 236 | 34127856 5 0
197 | 26731584 12 1 237 | 78436512 3 0
198 | 84375126 14 1 238 | 73268415 2 0
199 | 34127856 6 0 239 | 23416785 1 0
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Chapter 4

Numerical Airflow Simulation

4.1 Introduction

The study of air ow in human nasal cavities has been an intereting topic for many
years. Experimental models and numerical models have beenegieloped from human
cadavers [59, 72, 73, 87, 29, 39], CT [31] or MRI [79]. As diseged in Chapter 1, numer-
ical models have many advantages over experimental model$duman nasal cavities are
very complex. Figure 4.1 shows a typical CT slice of human naa cavity at the posterior
region. It is very dicult to simplify or idealize such a comp lex structure. Obviously
2-D models can not represent the 3-D complex structure, and maumal construction of
3-D nasal cavity models would be tedious and error prone. Dog asal cavities are much
more complex than human's. A CT slice of dog nasal cavities athe olfactory region
is shown in Figure 4.2. The dog nasal cavities can not be simpéd as a 2-D model as
well. An accurate 3-D model of dog nasal cavities needs to be oetructed for air ow
simulations.

In this research, geometrical models of human and dog nasalatities were con-
structed, and air ow was simulated in models with computati onal uid dynamics (CFD).
The MVE algorithm developed in Chapter 3 was used to develop asal cavity models.
The MVE algorithm was validated on human subjects rst. Then it was used to develop
a numerical model of dog nasal cavites. Six human models wemonstructed from CT
scans of six human volunteers and steady state air ow simultions were conducted on

the models. A comparison study was performed. To our knowlege, this is the largest
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Figure 4.1: A cropped CT slice of human nasal cavities

number of subjects used in a study of air ow through human nasl cavities. After the
MVE algorithm was successfully applied to model human nasalkavities, a dog nasal
cavity model was constructed, and a steady state air ow simuation was performed with
the model. For human studies, the results were consistent wh other researchers' work
for similar anatomic structures. The same technique was uskto construct a dog nasal
cavity model and study steady state air ow in the nasal cavity model. This is the rst
numerical air ow simulation study on a dog to our knowledge. The validation of the

results are pending until an experimental model is developa.

4.2 Simulation Methods

To develop numerical models from CT data, the following bast steps are needed:
1) The CT image data is interpolated in the slice direction to match slice thickness with

the imaging plane resolution. The HSR algorithm was introduced in Chapter 2. 2) The
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Figure 4.2: A cropped CT slice of dog nasal cavities

nasal airway is segmented using a region-growing algorithm.3) Input the segmented
airway data into the MVE algorithm to generate a 3-D volume mesh. 4) Elements in the
mesh are adjusted or deleted to improve mesh quality. Final}, the constructed compu-
tational meshes were used to simulate air ow with FIiDAP (Flu ent, Inc. Lebanon, New
Hampshire). FiDAP is a commercially-available computational uid dynamics (CFD)
software package. In the above steps, human interaction iseeded in segmentation step

to correct the region-growing algorithm near narrow boundaies.

4.2.1 Image Acquisition

The nasal cavities of six human subjects and one dog subjecteve scanned with
CT. The CT slices of human were acquired by an Picker CT scanne while the CT
slices of the dog were acquired by a GE 9800 CT scanner. For huan scans, the slice
thickness was 3mm, and the in-plane resolution was either 02mm 0.27 mm (human
studies 1, 5, and 6) or 0.31 mm 0.31 mm (human studies 2, 3, and 4). The dog scan

has a slice thickness of 1.5 mm, and the in-plane resolution va0.49 mm 0.49 mm.
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Table 4.1 summarizes these information. In addtion, the nunber of CT slices used to
construct models are listed in Table 4.1. The CT scans of humia studies 1, 2 and 5 were

imcomplete, because naris tip sections of the studies wereissing.

Table 4.1: Resolution of CT Scans and Slice Numbers

Subject | Slice Thickness Resolution Number of Slices
Human 1 3 mm 0.27 mm 0.27 mm 22
Human 2 3 mm 0.31 mm 0.31 mm 24
Human3 3 mm 0.31 mm 0.31 mm 27
Human 4 3 mm 0.31 mm 0.31 mm 28
Human 5 3 mm 0.27 mm 0.27 mm 23
Human 6 3 mm 0.27 mm 0.27 mm 31

dog 1.5 mm 0.49 mm 0.49 mm 82

4.2.2 Image Interpolation and Segmentation

In imaging modalities such as CT and MRI, a 3D object is scannd with a se-
guence of thick slices, where slice thickness is usually tBe or more times of the in-plane
resolution. To obtain a data set with approximately isotropic resolution, slices were
interpolated between acquired slices using the hierarchal spline interpolation (HSI)
algorithm introduced in Chapter 2.

The interpolated image data was then segmented with a regiomgrowing algorithm
to extract the airway. The region-growing algorithm uses the 26-connectivity test. The
region-growing algorithm started from one or more manually gaced seed points within
the airway lumen. A threshold value compared with surrounding 26 pixels of a seed
point in the volume data, if any point in the 26 connections was less than the threshold,
the point was added into the airway. The growing algorithm continued from the new

added points. The region-growing algorithm stopped when theairway failed to increase
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in size. In some cases, particular in narrow airway regionghe region-growing algorithm
steps over the airway and grows into the wrong region. In thee cases, user interaction

is required to correct segmentation errors.

Threshold Selection

To segment the airway from medical image slices, a thresholis needed. The seg-
mentation result is determined by the selection of the thre$old. Since CT data is
guantitative data in HU (Houns eld Units), we can determine the composition of a pixel
based on the HU value of that pixel. For example: air has the lavest value of -1000 HU,
water is 0 HU, tissues are between air and water, and bones havhigher HU values. We
are interested in segmentation of the air way. If the CT data is perfect, we can choose a
threshold of -1000HU and nish the segmentation. However, weare not able to obtain
ideal CT slices in reality. Noise is always present. Noise mabe introduced by many
factors, such as device limitations, image reconstructioralgorithms, and so on. To solve
this problem, the histogram of the CT scan was used to selectite optimal threshold for
each study. The optimal threshold is chosen as a local minimon near -1000 HU on each
histogram of the CT scan. The threshold values of -750, -850, -T0 -700, -820 and -720
HU were chosen for human study 1 to 6 respectively. The CT dataof the dog study was
not calibrated. A threshold of 113 was chosen in the segment&n. It should be pointed
out that there is a common problem, called the partial volume e ect (PVE), associated
with threshold-based segmentation methods. The PVE is a pheamenon existing at tis-
sue bounderies due to volume averaging. The PVE often resudtin misclassi cation of

tissue near the boundary to a di erent type from those of neichboring tissues. But the
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PVE is not a severe problem in this research, since the di erace between HU values of

tissue and air is large.

4.2.3 Geometry Modeling and Mesh Generation

Once the nasal airway was segmented, the nasal cavity surfacwas extracted with
the marching volume element (MVE) algorithm [99]. The MVE al gorithm is able to ex-
tract surface and generate volume mesh for an object de ned Y 3-D gridded data. The
surface is presented by triangles, while the volume mesh isssmposed of tetrahedra, pyra-
mids, and cuboids. After the mesh was constructed, it was rurthrough a mesh quality
improvement algorithm, see Section 3.3 for details about mgh quality improvement.

Six models of right side nasal cavities were constructed fro six CT scans of healthy
human volunteers. The following steps were performed in thenodel construction. First,
5 intermediate slices were interpolated between each two CElices with the HSI algorithm
discussed above. Then, the image data were decimated by 2 irlgme to match the in-
plane resolution with the inter-plane resolution. This operation also reduces the number
of the nal elements and the e ects of noise as well. After de@amation, the 3D data was
rotated by 30 degrees in sagittal plane with respect to normadirection of the sagittal
plane. This operation is needed due to the medical hardwarerhitation, since CT slices
of nose were acquired at about 30 degrees from normal standingp position. After
rotation, the resulting image data was segmented with the rgion-growing algorithm
discussed in the previous section. Finally, the segmentedada was meshed with the MVE
algorithm. The number of elements and the node numbers of thesix cavity meshes are
listed in Table 4.2. Figure 4.5 shows right side of human nadecavity surface of study 4

developed from 28 coronal CT slices. The marked region is thelfactory region which is
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Table 4.2: The Number of Elements for Each Model for Human Stdlies 1-6 and the Dog
Study

Study 1 2 3 4 5 6 dog
Tetrahedra | 484962 | 299408 | 485915| 404109 349134 315216 855480
Pyramids | 70773 | 41840 | 71384 | 54648 | 47816 | 42778 | 95088

Cubes | 157291 40724 | 115141| 88082 | 59764 | 60683 | 54034

Nodes | 333595| 149894 290799 | 236641| 187720| 176188| 356784

covered by olfactory epithelium. The simulation will be presented on the cross-section
planes indicated as numbered lines (from 1 to 6) in this gure

Following the same procedure, a dog nasal cavity model was geloped from coronal
CT scan of a dog. Only 70 of 82 coronal CT slices were used to csinuct the numerical
model, since it is di cult to model the nasal cavity from the rst 12 CT slices. Figure
4.3 shows every other slice of the rst 12 slices, there are nenclosed air way boundaries
on most of these slices. This makes it di cult to determine th e boundary locations and
set the boundary conditions, so the rst 12 slices were remaoed in the modeling process.
Figure 4.4 shows the dog nasal cavity surface reconstructefiom 70 slices. Compared
to surface of the human nasal cavity in Figure 4.5, dog's hadacavities are much more
complex. Dierent colors are used on the surface to indicatedi erent regions in the dog
nasal cavity. The red regions are the sinuses, the magenta geons are the nasal cavity
airways, and the blue region is the olfactory region. To our kowledge, this is the rst

realistic 3-D surface image of a dog nasal cavity.

4.2.4 Governing Equations and Boundary Conditions

Steady state air ow was simulated in both human and dog nasalcavities. From
other researchers' work, the air ow in human nasal cavitiesis steady or quasi-steady

state ow for low ow rates [43, 96, 14]. The air ow in dog nasal cavities may be
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CT slice No. 1 CT slice No. 3
CT slice No. 5 CT slice No. 7
CT slice No. 9 CT slice No. 11

Figure 4.3: Six CT slices of the dog scans
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Figure 4.4: Dog nasal cavity surface reconstructed from 70 T slices. Underneath the
surface is the volume mesh. Red colored region are the sinyamagenta colored regions
are the nasal cavity airways, and the blue colored region istte olfactory region.
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T ——

naris 1 2 3 4 5 6

Figure 4.5: Right nasal cavity surface of study 4. The blue rgion is mainly covered
with olfactory epithelium. The numbered lines indicate the position of planes where
simulation results are displayed.

turbulent. Since many parameters for turbulent ow simulat ions are not availabe at
this time, only steady state air ow is simulated in current study. The parameters for
turbulent air ow in dog nasal cavity have to be obtained from experiments or physical
models. Once the parameters are available, turbulent air av may be simulated with
FiDAP (Fluent, Inc. Lebanon, New Hampshire) as well.

In steady state, the air ow is governed by the Navier-Stokes guations [15] given
by (4.1) and (4.2), whereu is velocity, p is pressure, is the kinematical viscosity of air,
and is the density for air.

r u=20 (4.1)

2u (4.2)
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Equation (4.1) is the governing equation for the conservatbn of mass, and equation (4.2)
is the governing equation for the conservation of momentum.

Replacing the governing equations (4.2) and (4.1) with the dmensionless variables
u,x andp as shown in (4.3), (4.4) and (4.5). The dimensionless form ofoverning
equations (4.6) and (4.7) are obtained, whereU;, is the average air velocity at the
inlet (naris), di is the hydraulic diameter of the nares (4 area=perimeter), and Re =

Uin din = is Reynolds number.

u = u=Up (4.3)

X = x=din (4.4)

p=p(U7) (4.5)

r u=0 (4.6)

uru=r +ir2u 4.7)
: = P+ =e :

Itis clear from the equations (4.6) and (4.7) that the ow is characterized by the Reynolds
number. The usage of dimensionless parameters has many adtageous: (1) Reducing
the potentially large di erences in orders of magnitude that may occur between terms in
the eld equations, (2) Providing a measurement of the relatve importance of the terms
in the equations (dominant physical phenomena), and (3) preiding an estimate of the

order of di culty of the problem [15].
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These dimensionless equations are solved using FiDAP (Flmg, Inc. Lebanon, New
Hampshire). To solve the full set of governing equations, poper boundary conditions
have to be assigned. No-slip and rigid boundary conditions we applied on the cavity
surface of each model [43]. For simulation of inspiratory aw, a uniform velocity eld was
imposed at the external naris, and stress free boundary corition (Neuman boundary)

was assigned at the outlet (posterior of the cavity).

4.2.5 Solution Method

The air ow was simulated using FIDAP (Fluent, Inc. Lebanon, New Hampshire).
The segregated solver provided by FiDAP was employed to sots the nonlinear uid
equations, since the algorithm requires substantially les memory than direct solvers
[15]. Using this approach, the governing equations are sobd sequentially. Because the
governing equations are non-linear, iterative method is use to obtain a converged so-
lution. Since the problem is highly nonlinear, the Reynoldsnumber was incrementally
increased to obtain convergence. To obtain comparable redis with [43] for human stud-
ies, the maximum Reynolds number or 610 was used for all simations. This number is
based upon the hydraulic diameter O = 4 area=perimeter)) of the external naris. Since
we did not have velocity measurement of sni volume, and no pblished quatity value

was available for the dog study, a uniform velocity of In=s was used in the simulation.

4.3 Results

Six human nasal cavity models and one dog nasal cavity model eve developed, and

steady state air ow was simulated with FIDAP. In this sectio n, the simulation results
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in human studies will be presented rst, followed by the simulation results of the dog

study.

4.3.1 Air Flow Simulation in Human Nasal Cavities
Velocity Prole

The complete air ow eld for human study 4 will be presented in this section,
followed by the comparison study of the six human studies. Asindicated by other
investigators, at lower ow rates or when Reynolds numbers éss than 610, the air ow
is laminar [31, 43]. Steady state air ow is simulated with a Reynolds number of 610,
which corresponds to an average velocity of about 1.6, 0.7,.Q, 0.6, 1.3 and 1.7 m/s at
the external naris for studies 1, 2, 3, 4, 5 and 6, respectivgl

The simulated velocity elds of human study 4 are shown in Figure 4.6, 4.7, 4.8, 4.9,
4.10 and 4.11 for the cross-section planes 1, 2, 3, 4, 5 and 6 espively. The locations of
the cross-section planes are indicated on Figure 2, and the pameters of the airway on
each plane are listed in Table 4.3. On each plane, both the sendary motion vectors (in
plane) and the axial velocity contours are presented. Cololis used to show the velocity
magnitude on the planes. Blue color is the lowest speed, rector represents the highest
speed, the other colors are in between. Fifteen contour lireare plotted on each plane.
Each contour line represents an equal increment in speed fro zero at the boundaries to
the maximum value on the plane. The maximum speed and the norralized maximum
axial velocity on each plane are given in the gure caption. The magnitude of the velocity
is calculated by kuk, = (ug + uZ + u2)*=2. The secondary velocity isty + ty.

The simulation results of the six human nasal cavity models ae compared at about

the same anatomic position. Figure 4.12 and Figure 4.13 showhe secondary velocity
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Table 4.3: The area and the perimeter on cross-section planesd positions of the planes

relative to the naris

Distance from Cross-Sectional| Cross-Sectional
anterior Tip(mm) Area(mm?) Perimeter(mm)
Naris 164.0 46
Plane 1 335 152.0 76
Plane 2 44.0 197.0 141
Plane 3 54.5 2135 167
Plane 4 65.0 2145 161
Plane 5 75.5 219 141
Plane 6 85.0 220 88

vectors (uy; uy) and velocity magnitude iso-contours for the six human studes at the

cross-section plane 5. The cross-section plane 5 is located thte posterior region of the

nasal cavity shown in Figure 4.5. In the contour plots, fteen contour lines are plotted

on each plane. Each contour line represents an equal incremein speed from zero at

the boundaries to the maximum value on the plane.
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Figure 4.6: Secondary velocity vector and axial velocity catours on cross-section planes
1. The Maximum velocity is 4.865 m/s. The maximum axial velodty is 4.805 m/s.

As shown in Figure 4.12 and 4.13, the anatomic structures of e human nasal

cavities and the air ow elds in the cavity models were dier ent from one study to

another. Although the nasal cavities in all six studies shae a similar overall structure,
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Figure 4.7: Secondary velocity vector and axial velocity catours on cross-section planes
2. The Maximum velocity on this plane is 2.865 m/s. The maximum axial velocity is

2.785 m/s.

human

VELOCITY
VECTOR PLOT

SCALE FACTOR
0.2000E+03

REFER. VECTOR

——0.1426E+01

MAX.VEC.PLOT'D
0.2676E+01

AT NODE 0

COLOR CODE
VELOCIT Y

S07E+01

634E+00

PLANE COEFES

ANG -.900E+02

FIDAP 8. 7.2
3ApI0 5
16:10:1 9

human

SPEED
CONTOUR PLOT

-

X

0.57036E+01

PLANE COEFF.S

2
ANG -.900E+02
FIDAP 8 .7.2
31 Mar 05

Figure 4.8: Secondary velocity vector and axial velocity catours for plane 3.The Maxi-
mum velocity on this plane is 2.676 m/s. The maximum axial vebcity is 2.675 m/s.

human

-

x

VELOCITY
VECTOR PLOT

SCALE FACTOR
0.2000E+03

REFER. VECTOR

——0.1426E+01

MAX.VEC.PLOTD
0.2529E401

AT NODE 0

COLOR CODE:
VELOCITY

S07E+01

634E+00

PLANE COEFF.S

FIDAP 8 .7.2
3 Apros

16:10:22

human

—

X

SPEE_D
CONTOUR PLOT
LEGEND

0.1901E+00
0.5704E+00

1
0.2091E+01
0.2472E+01
- 02852E+01
- 03232E+0

- 05513E+01
MINIMUM
0.00 000E+00
0.57036E+01

PLANE COEFES
A 0.000E+0 0
B 0.000E+0 0O
C 0.100E+0 1
D -450E+0 1
VIEW DIRECTION

FIDAP 8. 7.2
3LMar0 5
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signi cation di erences exist between the models, such as e size and the shape of
meatuses and the major airway channels. We thought all the atdies were from normal

volunteers, but study 3 had an obstruction in the common meatise which separated the
air way at that location.

Due to anatomic di erences, the air ow elds were signi can tly di erent from each
other. The air ow eld was controlled by the anatomic struct ure. The air ow was
similar in the anterior part of the main nasal passage, becase the variation is small
in this region. However, the air ow was di erent in the poste rior regions among the
six studies due to large variations in shape there. In the angrior region, the highest
air speeds are along or near the nasal oors, and the secondvier peak occurs in the
middle airways for all models. This is consistent with the results from other researchers
[79, 31, 43, 14]. At the posterior region in general, as the zé of inferior and middle
meatuses increase, air ows towards tip of meatuses, but dierent air ow distributions
were observed for the six studies. In study 1,2,4 and 6, the ghest air speeds appear
near the roots of the middle meatuses, and the middle meatusects as the primary
path of airway, as shown in Figure 4.12 and Figure 4.13, whichis consistent with the
observation of [79, 83]. For study 3 and 5, the highest speedare near the oors of
the inferior meatuses, and the inferior meatuse acts as the ain air channel. This is
similar to the results of [31, 43]. The lowest air speeds ap in the superior regions in
all studies, and the air speeds in the olfactory airway decrase from the inferior to the
superior ends, which are the same as the results of [31, 43].

The axial component of velocity is much larger than the secodary component
through most of the main nasal passages, which is consistemith the results of other in-

vestigators [31, 43]. The secondary motions of ow are indued by curvature, directional
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changes and rapid expansion of the airway [43]. Due to compkity of the anatomical
structure, the secondary ow is very complex. There are seval rapid anatomy changes
from the naris to the posterior of the nasal cavity. Anterior to the turbinates, where the
inferior to superior length of the airway increases, the ow turns towards the horizontal
and the secondary velocities point almost upwards towards hie nasal roof, which is con-
sistent with other investigators [31, 43]. In the anterior part of the main nasal passages,
the size of the inferior and middle meatuses increase dramatally, where the pressure
drops and the uid ows towards the lateral side of the airway, into the superior parts
of meatuses. Near the end of the main nasal passages, thereaisrupt downward turn in
the nasal roof, which results in a downward motion of the uid. The inferior and middle
meatuses decrease in size, which forces the uid ows towarslseptum in these meatuses.

These results are compatible with [31, 43].

Particle Path Simulation

Simulating the transportion of odorant particles through t he nasal cavity to the
olfactory epithelium is important to understand olfactory processes. The ow pattern
in the olfactory slit is of special signi cance, since it a ects the transportion of odorant
molecules to the olfactory epithelium. With the obtained air ow eld, we performed
odorant particle path simulations on study 4, which was clog in shape to the nasal
cavity model in [43]. Three groups of particles were simulagéd. In these simulations,
neutrally buoyant point particles were released at the extenal naris plane, and their
motion through the nasal cavity was tracked with FiDAP (Flue nt, Inc. Lebanon, New
Hampshire). It is assumed that the introduced particles do rot change the uid eld,

which is a valid assumption if the odorant particles are verysmall. The rst group is
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released near the ventral tip, about 1 mm away from the wall. The second group is
released at the midline of the naris. The third group is at the dorsal tip about 1 mm
away from the lateral wall. The particle passing streamlines are shown in Figure 4.14,
4.16 and 4.16 for group 1, 2 and 3 respectively. The exact pasg position at cross-
section planes 1 to 6 for each particle is shown in Figure 4.154.17 and 4.19 for group
1,2 and 3 respectively. As shown in Figure 4.15, some partiek of this group reached
the olfactory region, where they might be detected by the olactory system. All other
particles of group 2 were concentrated in the common and inféor meatuses, no particle
reached the olfactory slit, which is shown in Figure 4.17. Al particles of group 3 ew
through the inferior and middle meatuses shown in Figure 4.9. No particle reached
the olfactory region. This indicates that only particles released at particular positions
within the naris may reach the olfactory system. This resultis consistent with with other

researchers' observation [43].

4.3.2 Air Flow Simulation in Dog Nasal Cavity

After applied the modeling technique with human subjects, the same method is used
to a study for dogs. Steady state air ow was simulated in a dognasal cavity model
constructed from 70 CT slices (No. 13 to No. 82 CT slices). Sice the air ow in sinuses
should be very small, the e ect of the sinuses to the overall elocity eld is expected
to be small. Removing the sinuses can reduce the size of the gislem dramatically in
terms of mesh size. The model with the sinuses removed was wbkén the simulation.
The simulation results are presented in this section. The seondary air ow vectors will
be shown in eight cross-section planes of the airway, and theocresponding CT slices

will be shown as well.
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Figure 4.14: Path routes simulation for group 1 particles fo study 4. The particles were
released about 1 mm away from the ventral tip of the naris wall

Naris Plane 1 Plane 2 Plane 3 Plane 4 Plane 5 Plane 6

Figure 4.15: Group 1 particle passing positions on cross-segnal planes 1 to 6 as shown
in Figure 4.5. The particles were released about 1 mm away fra the ventral tip of the
naris wall.
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Figure 4.16: path routes simulation for group 2 particles. The Particles were released at
middle line of the external naris.
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Figure 4.17. Group 2 particle passing positions on cross-segnal planes 1 to 6 as shown
in Figure 4.5. The Particles were released at middle line oftie external naris.
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Figure 4.18: Path routes simulation for group 3 particles. The particles were released
about 1 mm away from the dorsal tip of the naris wall.
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Figure 4.19: Group 3 particle passing positions on cross-segnal planes 1 to 6 as shown
in Figure 4.5. The particles were released about 1 mm away fra the dorsal tip of the
naris wall.
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The geometric structures of nasal cavities determine the ai ow eld. At the an-
terior section, the two airway channels were relatively sinple and almost symmetric.
The simulated air ow eld were similar, as shown in Figure 4.3.2, 4.3.2 and 4.3.2. The
air ow in the right cavity is much more uniform than in the lef t cavity at the same
cross-section plane. As the geometric di erence became laeg towards posterior regions,
air ow in the two channels were signi cantly di erent, as sh own in Figure 4.3.2. The
air ow became more complex as the geometry became more congd towards the pos-
terior region, shown in Figure 4.3.2, 4.3.2, 4.3.2 and 4.3.21t becomes uniform in the

nasopharyngeal region, as shown in Figure 4.3.2.
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Figure 4.20: The velocity vectors at the No. 15 CT slice of dognasal cavities. (a) the

in-plane velocity vectors. (b) the No. 15 CT slice of the dog(ounted from the naris to
the Nasopharyngeal)

4.4 Discussion

With the automatic mesh generation algorithm, multiple num erical models of nasal
cavities were developed very e ciently. The model construding time is about 4 hours

for each model. On the other hand, it could take several weeksr months to develop a
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Figure 4.21: The velocity vectors at the No. 24 CT slice of dognhasal cavities. (a) the

in-plane velocity vectors. (b) the No. 24 CT slice of the dog(ounted from the naris to
the Nasopharyngeal)
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Figure 4.22: The velocity vectors at the No. 32 CT slice of dognhasal cavities. (a) the

in-plane velocity vectors. (b) the No. 32 CT slice of the dog(ounted from the naris to
the Nasopharyngeal)
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Figure 4.23: The velocity vectors at the No. 40 CT slice of dognhasal cavities. (a) the

in-plane velocity vectors. (b) the No. 40 CT slice of the dog(ounted from the naris to
the Nasopharyngeal)
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Figure 4.24: The velocity vectors at the No. 48 CT slice of dognhasal cavities. (a) the

in-plane velocity vectors. (b) the No. 48 CT slice of the dog(ounted from the naris to
the Nasopharyngeal)
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Figure 4.25: The velocity vectors at the No. 53 CT slice of dognhasal cavities. (a) the

in-plane velocity vectors. (b) the No. 53 CT slice of the dog(ounted from the naris to
the Nasopharyngeal)
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Figure 4.26: The velocity vectors at the No. 66 CT slice of doghasal cavities. (a) the

in-plane velocity vectors. (b) the No. 66 CT slice of the dog(ounted from the naris to
the Nasopharyngeal)
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physical model or construct a numerical model manually. With the six human models,
we conducted comparison study over di erent models with simlar boundary conditions.
To our knowledge, this is the largest study on air ow in human nasal cavities. From
our models and simulation results, it is concluded that although the main characteristics
of the human nasal cavities are similar, larger di erences gist between individuals. The
anatomic di erences can signi cantly a ect the ow pattern s.

Since the air ow eld is highly dependent on the anatomic structure, simulation
results of one study may not be true for another. In addition, various anatomical de-
formities can a ect the nasal airway, such as a deviated septm and airway pathologies.
Other factors that cause anatomy di erences include race, gnder and age etc [43]. This
indicates that subject-speci ¢ airway models should be devioped and simulations need
to be done on the speci ¢ model. With the techniques introdued in this dissertation,
it is practical to develop numerical models and perform CFD ar ow simulations for a

large numbers of studies.
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However, there are some limitations for the current work. To simplify simulations
of the complex air ow in the nasal cavities, assumptions andsimpli cations were made.
The air ow inside the nasal cavity was assumed to be steady, ad a no-slip and rigid
boundary condition were applied. This is a valid assumptiononly for normal quiet
breathing rates [31, 43]. For vigorous snis, the ow should be modeled as unsteady
ow, the nasal wall is not rigid as well, and the cavity shape does not remain constant
either. In reality, there is a mucus layer in the nasal cavity The mucus ow on the
airway surface results in non-zero velocity. Since the mucukayer is very thin, about 10
microns [43], the e ects of the mucus layer are negligible irthe current study. According
to other investigators [31, 43], the sinus and nasal hair ha@ little e ect on the general
air ow in the cavity, therefore the sinus and the nasal hair are not included in our model.

While a constant inspiration is used in our simulation, human respiration is a time
varying process. The eect of a time varying sni pattern on t he olfactory airway
should be studied further. In addition, as reported by expeimental observations and
measurements of other investigators [31, 83, 12], the air @ during sni s in the human
nose is semi-turbulent or turbulent. In the future, turbulent ow through the nasal
cavities needs to be simulated. The parameters of turbulentow will need to be obtained

from experimental models.
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Chapter 5
Modeling Electro-Olfactogram Response Shapes Using System

Identificaiton Techniques

In this chapter, a mathematical model is proposed for the shpe of electrical re-
sponses of olfactory epithelium or olfactory neurons to odant stimuli experimentally
measured in the rat and dog. This chapter begins by introducng the experiment set-
ting and data collection. Then, system indenti cation tech niqgues are presented, and
an output error (OE) model is used to develop the shape tting models. Finally, the
developed models were used to predict the shapes of the respes to di erent odorant
concentrations for a xed duration of stimuli. The model has the potential to evaluate
olfactory electrical responses and to estimate kinetics ofs-protein cascade within the

olfactory receptor neuron.

5.1 Experiments and Data Collection

All procedures for animal experiments conform to the NIH anmal use guidelines
and were approved by the Institutional Animal Care and Use Canmittee at Auburn
University. Electro-olfactogram (EOG) and single-cell voltage-clamp measurements were
performed on freshly harvested olfactory tissue. Rat (n=1Q and dog (n=5) septal ol-
factory mucosa were dissected out and placed in Hank's Balared Salt Solution (Sigma
Chemical Co., St. Louis, MO) minutes prior to each experimen. The tissue was placed
in a perfusion chamber (Warner Instrument Corp., Hamden, CT) such that the basal

portions were immersed in physiological bu er (containing 137 mM NaCl, 5.3 mM KClI,
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4.2 mM NaHCO3, 0.4 mM KH2PO4, 3.4 mM Na2HPO4, and 5.6 mM D-Glucese at pH
7.4), while the epithelial surface with olfactory cilia was exposed to air.

In EOG experiments, glass patch electrodes (World Precisio Instruments, Inc.,
Sarasota, FL) of approximately 24 m tip opening were lled with the same physiological
bu er and connected to a patch-clamp ampli er in order to dete ct EOG responses from
the olfactory epithelium. Once the contact between the eletrode tip and the surface of
the olfactory epithelium was formed, air pus of an odorant mixture containing equal
parts of ethyl butyrate, eugenol, (+) and (-) carvone (Aldric h Chemical Company, Inc.,
Milwaukee, WI) were applied at various concentrations and s$imulus durations.

In single-cell voltage-clamp experiments, the patch electrde (resistance of 8 - 16M)
was lled with a solution containing 110 mM KCI, 4 mM NaCl, 2 mM NaHCO3, 1 mM
MgCI2, 0.1 mM CacCl2, and 2 mM MOPS at pH 7.4. After a stable contact with an
olfactory neuron was made, the surface of the tissue was stiafated with various stimulus
durations (air pu s) of odorant mixture containing equal pa rts of ethyl butyrate, eugenol,
(+) and (-) carvone in vapor above a 16 mM water solution (Aldri ch Chemical Company,
Inc., Milwaukee, WI) [84].

In both experiments, odor responses over the time duration bseveral minutes were
ampli ed by a MultiClamp 700A patch-clamp ampli er (Axon Ins truments Inc., Union
City, CA), ltered at 0.1 to 1 kHz, and subsequently recorded on a computer for storage
and analysis. The responses were analyzed by the pCLAMP datanalysis program (Axon
Instruments Inc., Union City, CA) and exported in ASCII form at for the purpose of

olfactory response modeling. Over 200 single-cell and 100 E®recordings were obtained.
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5.2 System Identi cation

System identi cation is a method to build mathematical models of a dynamical
system based on measured data. The most common models are drence equations
descriptions, such as autoregressive (AR) and moving avage (MA) models, as well
as all types of linear state-space models. These models arenstructed by adjusting
parameters within a given model until its output coincides with the measured output.

The basic concepts of system identi cation can be depictedr Figure 5.1. u, y and e
denote the input, output and disturbance (noise) respecti\ely. The input signal is usually
known, and the output can be measured. The disturbances is essentially unmeasurable,
but its properties can be expressed in terms of power spectra. The only unknown
is the system itself. By assuming that the signals are relatd by a linear system, the
relationship can be set up based on di erent model structures. There are several types
of linear input-output models [54]. The disturbance-free input-output dynamics can be
either AR, MA, or both (ARMA). Linear models also di er in the way of how random
disturbances enter the model. Random disturbances are a éed by the model and the
disturbance-free input-ouput dynamics. In the ARX model, the relationship is written in
discrete-time form given by (5.1). The explicit form is given by (5.2), where u(k) is the
input, y(k) is the measured output, and e(k) is the measurement noise. The parameter
Ny is the amount of delay in samples from input to output in the model. The parameters
Na, Np, and nq and the coe cients ay, ay, ..., an, and by, by, ..., by, are chosen to match

the data.

A(Qy(k) = B(qu(k ng)+ e(k) (5.1)
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y(k)+ay(k 1)+ ::+an,y(k na)= bu(k ng)+ i+ bu(k ng npt+1)+ e(k) (5.2)
u y
—P Unknown >

Figure 5.1: System identi cation input-output con guratio n

By rearranging Equation 5.2, a model known as output error (CE) [54] model can be
obtained. This model is a combination of a disturbance-free esponse model and white
measurement noise at output. The OE model is described by théollowing pair of linear
di erence equation given by (5.3), whereu(k) is the input, yg (k) is the disturbance-free
output, y(k) is the measured output, ande(k) is the measurement noise. The parameter
ng is the amount of delay in samples from input to output in the model. The rst
equation relatesyg (k) at time instant k to ng past outputs yg (k) and ny inputs
u(k ngq ). The parametersn,, np, and ng and the coe cients aj, ay, ..., an, and by,

e, ..., by, are chosen to match the data.

ya (k)= awyg(k 1) i an,ye(k na)+ biu(k ng)+ i+ bu(k ng np+1)

y(K) = ya (k) + e(k)
(5.3)

5.3 Fitting Eog Shape with OE Model

The EOG and single-cell responses were modeled by the OE moddiscussed in

the previous section. OE models were t to the rat measured E@5, rat single-cell, and
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dog EOG responses using the following procedures. First, feach of the three response
types, two sets of stimuli and measured responses were seked. These responses were
typical responses chosen from the single-cell and EOG recdrys. One set was called the
t data set and the other was called the validation data set. The stimulus concentration
and duration were the same for both the t and validation data sets. The responses were
Itered by a low-pass Bessel Filter with cuto frequency at 100 Hz and downsampled
to obtain a sampling rate of 200 Hz. Next, for each response fye, models with a range
of orders (n; = 1-10, n, = 1-10, ng  np, and ng = 1-60) were chosen to the t data
using prediction error method [54]. Each model was then simiated. The response was
compared to the validation data set. The parametersn,, n,, and ngq were chosen to

minimize the mean-square error between the model response drthe validation data.

5.4 Experimental Results

Results of the EOG in vivo experiments revealed characterigc odorant-elicited re-
sponses marked by a negative change in measured voltage (orspmnse) that was fol-
lowed by an upward recovery (o -response). The negative chage in voltage was rapid
and started soon after application of the odorant, while therecovery (o -response) was
signi cantly slower. The delay in the negative voltage charge, also called the latent
period, is due to di usion of the odorant through the olfactory mucus as well as binding
of odorant molecules to receptors and conformational chargg of proteins of the primary
enzymatic cascade. These characteristics, which are typét in all EOG responses, were
observed in both the rat, and dog EOGs.

Single-cell voltage-clamp experiments on rat olfactory tisse revealed characteris-

tic odorant-elicited membrane depolarization and repolarzation. The depolarizations,
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which are observed upon odorant application, re ect the ragd negative current. The
current is measured as the inside of the neuron becomes moregitive due to the net
movement of ions across the membrane. The repolarization rects the slower recovery
of the neuron back to a resting state where it can once again bstimulated.

Models were t to typical rat single-cell (ng=5, ny=1, nyg=52), rat EOG ( n;=8,
ny,=2, ng=50), and dog EOG (n;=9, ny,=4, ng=11) responses. The coe cients of these
models are shown in Table 5.1. Figure 5.2 shows, for all threenodels, the measured
response from the validation data set and the response obtaed by simulating the linear
model to the same input. The input signal for each case is a s@ue pulse with an
amplitude of 16mM and duration of 500ms, 200ms, and 100ms fothe rat single-cell,
rat EOG, and dog EOG respectively. The arrow in each plot desjnates the start of the
input pulse. There can be signi cant changes in response anljpude from experiment
to experiment due to distribution of olfactory neurons, state of viability, and individual
variability of the specimen. Predicting these changes is bgond the capabilities of the
linear model, but the model can predict the shape of the respase. As a result, both the
measured and simulated responses are normalized so that thpeak response is -1.

To assess the ability of the models to predict the response tmther inputs, the
response of the rat EOG model was computed for stimulus conegrations of 1mM and
4mM and a duration of 200ms. The measured and simulated respes are normalized,
and are shown in Figure 5.3(a) and Figure 5.3(b). The respors of the dog EOG model

to a 16mM stimulus of 500ms duration is shown in Figure 5.3(c)
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Table 5.1: Coe cients for the rat single-cell, rat EOG, and dog EOG models. Blank
entries denote a coe cient of zero.The aj coe cients have no units. The rat single-cell

bj coe cients have units of mM . Rat and dog EOG bj coe cients have units of M

Normalized Response

Rat Single Cell Rat EOG Dog EOG
j aj bj aj bj aj bj
1]-0.2264 -0.2392 -2.0612 -0.0629 -1.8212 -0.0087
2 |-0.7116 1.2455 0.0515| -0.3223 0.0306
3]-0.7817 -1.8707 0.4379 0.0297
4] 05265 3.2592 3.2789 -0.0794
5| 0.1942 -1.7635 -2.4238
6 1.3074 -0.8460
7 -2.0357 -0.3558
8 0.9192 1.7538
9 -0.7016
Time in Seconds “Time in Seconds " Time in Seconds
(@) (b) (©)

1

Figure 5.2: Normalized measured (solid line) and normalizeé simulated (dashed line)
responses from a rat single-cell (a), rat EOG (b), and dog EOG ¢) to a 16mM stimulus.
The measured responses are the validation data. The arrow d®tes the start of the
stimulus. The stimulation duration was (a) 500ms, (b) 200ms (c) 100ms.

Normalized Response

Normalized Response
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Time in Seconds
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Time in Seconds
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Normalized Response

1000

()

T500 2000 2500 3000 3500 40c
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Figure 5.3: Normalized measured (solid line) and normalizeé simulated (dashed line)
responses: (a) rat EOG response to a 200ms, 1mM stimulus; (bat EOG response to a
200ms, 4mM stimulus; (c) dog EOG response to a 500ms, 16mM stulus. The arrow
denotes the start of the stimulus.
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5.5 Discussion

Linear, time invariant models were used to t EOG and single-cell data which are
measured from rats and dogs. The t accuracy for the dog EOG wa better than that
of rat EOG and rat single-cell. One factor that a ects the t qu ality is the stimulus
duration. The dog EOG has the shortest stimulus duration followed by the rat EOG
and rat single-cell. From a system identi cation standpoint, the best stimulus would
be an impulse (Dirac delta function) since this stimulus woud excite all modes in the
system [86]. This signal does not exist in nature, but, in geeral, the closer a stimulus
signal is to an impulse, the better the model t will be. Consequently, the dog EOG t
accuracy is the better than others since the stimulus duraton used in the experiment is
the shortest.

The OE models we t to the EOG and single-cell responses assumthat the sys-
tem dynamics are linear and time-invariant, which is a reasomble rst step toward the
development of more realistic models. The actual responsgehowever, are nonlinear and
time-varying. In particular, the OE models cannot model phenomena such as nonlinear
dose-dependency [85] and adaptation [48]. These e ects canebobserved to a certain
extent in Figure 5.3(c). The dog EOG model, which was t using a 100ms stimulus, is
simulated with a 500ms stimulus. Increasing the stimulus duwation e ectively increases
the concentration of the stimulus (dose). Nonlinear dose dpendency as well as short-
range adaptation e ects in the longer duration stimulus cause di erences in the shapes
of the simulated and actual responses. Our experimental regts in Figure 5.3(a) and
Figure 5.3(b) suggest, however, that the OE models can predt the shape of the response

to di erent odorant concentrations when the stimulus duration is not changed.
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The properties of the odorant-evoked current responses obsed in our experiments
correspond well to those obtained in slices of olfactory ephelium and isolated olfactory
neurons [19, 20, 49, 18]. It is well established that, in manyertebrate species, odorants
evoke a rapid formation of second messengers (CAMP) in olfégary transduction [6], and
activation of sensory currents in olfactory receptor neuras depends on a G protein-
mediated cCAMP second messenger system [62, 16, 17]. A riseimernal cCAMP causes
opening of CAMP-gated cation channels [62] resulting in inwed cation current. Calcium
in ux through the cation selective channels triggers an addtional component of inward
current carried by chloride ions through the Ca2+- activated Cl- channels [47, 50]. Thus,
odorant stimulation leads to a depolarization of the olfactory receptor neuron provided by
two inward current components. This fast depolarization canponent corresponds to the
initial rapid decrease of the neuron current shown in Figure5.2(a). After currents reach
their peak, they decline due to hydrolysis of second messeats [6, 51]. Thus kinetics
of the decreased and increased components of the ododoranircent response re ects
kinetics of synthesis and hydrolysis of second messengerddaking a model based on
kinetic properties of all components of olfactory enzymatc cascade including activation
of receptor, G-protein, adenylyl cyclase, phosphodiesterse, and second messenger gated
ion channel, would be an enormously di cult task simply due to lack of experimental
parameters of the olfactory cascade [51].

By using the model described in this work, one can quantify eperimental odorant
responses, estimate kinetics of synthesis and degradatiasf second messengers that are
primarily responsible for the shape of the olfactory respose. The model can also describe
a latent period in the olfactory response, on-response, and gesponse [67]. The model

described here does not describe odor discrimination and agtation but can be used
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to evaluate shapes of olfactory electrical responses and tstimate kinetics of G-protein

cascade.
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Chapter 6

Conclusion

In this dissertation, a numerical technique for modeling of nasal cavities and a
mathematical model for the shape of the electro-olfactogram(EOG) were developed.
The nasal cavity modeling technique includes two major pars: the rst part is the
hierarchical spline-based registration algorithm which isable to handle large di erences
between adjacent image slices of nasal cavities; the secorghrt is a new 3-D nite
element mesh generation algorithm, called marching volumelements (MVE), which has
the capability of constructing volume mesh from volume datade ned on 3-D regular grid.
Six human nasal cavity models and a dog model were developednd air ow simulations
were conducted with the developed models. In addition, we deeloped a mathematical
model to estimate the shape of electrical responses of olfacy epithelium to odorant
stimuli. In this chapter, the main contributions of these algorithms are summarized and

some directions for future work are suggested.

6.1 Hierarchical Spline-Based Interpolation

In Chapter 2, a hierarchical spline-based registration (HSR algorithm is proposed
to perform slice interpolation for reconstruction of nasal cavity models from computed
tomography (CT) image slices. This interpolation algorithm is a combination of the
optical ow technique and the block matching method. The optical ow technique is
traditionally used in motion analysis in computer vision and video compression. This

technique is able to nd the correspondences of pixels in segnce of images. The use
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of the block matching method reduced the computation time ofthe problem. The HSR
algorithm works in a coarse-to- ne fashion on hierarchical inage pyramids constructed by
recursive decimation of original images. The basic idea offte algorithm is trying to nd

a displacement eld which can warp one image into another imge, and the intermediate
slices can be obtained by interpolating the displacement é¢d. The algorithm converges

fast and is able to avoid local minima.

6.1.1 Main Results

1. The performance of the HSR algorithm was compared with otler interpolation
techniques on two binary arti cial images. The results showed that the HSR algo-

rithm produced the best result.

2. The performance of the HSR algorithm was compared with otler interpolation
techniques on CT slices of human nasal cavities. The algottitm is able to handle

large o sets and di erences between adjacent CT slices.

3. The human nasal cavity surfaces reconstructed from the HB interpolated data

were much smoother than the results of the other techniquesdsted.

6.1.2 Future Work

As far as computation cost is concerned, the HSR algorithm isnuch more expensive
than linear interpolation or shape-based interpolations. The accuracy and the perfor-

mance of the HSR algorithm are highly dependent on the chosemblock size. Smaller
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block size results in lower estimation error, while too smdlblock will increase the com-
putation cost dramatically and the algorithm becomes sendive to noise. Alternatives

to block matching need to be investigated.

6.2 Marching Volume Element Algorithm

In Chapter 3, a new 3-D mesh generation algorithm is developedThis algorithm is
able to extract surface information and create nite elment mesh from 3-D grided data
set. The algorithm decomposes a 3-D volume domain into smallubes of the same size
rst, then the surface triangulation and volume tesselation for each cube can be found
by looking up a prede ned look-up table. Marching through all the cubes in the volume
data will generate desired boundary triangles and 3-D nite dement mesh. Because the
algorithm only works on local data set, it is memory e cient, and is able to manage

large data set.

6.2.1 Main Results

1. The performance of the MVE algorithm was compared with GAMBIT (Fluent,
Inc. Lebanon, New Hampshire) on an arti cial mortar which was a solid cylinder
with a hemisphere shaped region removed from the top. Six dierent resolutions
(16 16 8,32 32 16,64 64 32,128 128 64, 192 192 96 and
256 256 128) of the mortar were meshed with both the MVE and GAMBIT.
The MVE algorithm was able to mesh all the data sets, but GAMBIT couldn't
mesh the two largest data sets on our computer (Sun Microsygtms Ultra 80, 2G

memory, Sparcv9+vis CPU).
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2. By removing very small elements or the elements which haverery short edges,
the mesh quality is improved. Experiments on both arti cial data and CT data
showed that the worst elements in the mesh were removed, thuhe mesh quality

was improved.

3. Numerical models of six human and one dog nasal cavities we developed from
CT scans with the MVE algorithm. Air ow simulations were con ducted with the

models.

6.2.2 Future Work

1. The nite element mesh generated by the MVE algorithm may contain bad quality
elements. The existence of bad quality elements may cause ogputation di culties
in the solution stage, so the mesh quality needs to be improwk before numerical
simulations. The mesh improvement scheme currently used caremove some bad
quality elements, however, the improvement is not optimal. Future work should
employ mesh improvement algorithms to obtain the optimal mesh, such as nding
the best position for each node, changing connections in adgent elements and so

on.

2. More accurate results can be obtained with a ne mesh. Howeer, a ne mesh also
results in high computation cost. Since the computer resoure has limitations, a
compomise has to be made. The optimal goal is to maximize theanputational
precision with the lowest computation cost. Adaptive mesh nmay be a good solution.
In the adaptive mesh, smaller elements are used at where high gradient elds are

expected, and larger elements are used at where lower gradie elds are expected.
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Making the MVE algorithm adaptive or developing a new adaptive mesh algorithm

is a topic for future work.

6.3 Numerical Air ow Simulation

In Chapter 4, numerical models of six human and dog nasal caties were constructed
with the MVE algorithm from CT scans, and steady state air ow were simulated with
FiDAP (Fluent, Inc. Lebanon, New Hampshire). We validated our method on human
subjects rst. Once a valid technique was obtained on human tudies, we applied the
same technique to the dog study. In the simulations, a stres$ree boundary condition
(Neuman boundary) was assigned at the outlet (posterior of he cavity), and a uniform
velocity eld was imposed at the external naris. The simulation results on human studies
were consistent with other researchers' work. A comparatie study on six human models
was conducted. To our knowledge this is the largest study on ia ow simulation of
human nasal cavities. The study of the air ow simulation in dog nasal cavity was the
rst numerical air ow simulation in an anatomically correc t nasal cavity model. Since
no experimental data and published material for dog study ae available at this time,
the justi cation of our result is left to future researchers when experimental results are

obtained.

6.3.1 Main Results

1. Six anatomically correct human nasal cavity models were dveloped from CT scans
of six human volunteers. The models were successfully used simulate air ow

with CFD. The results showed that air ow in nasal cavity is hi ghly dependent on
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the anatomic structure. This indicates that the study of air ow in nasal cavity

should be subject-speci c. The result of one study may not be tue for another.

2. A dog nasal cavity model was constructed from CT slices of dg nose, and steady
state air ow was simulated with the model. To our knowledge, this is the rst

realistic dog nasal cavity model.

6.3.2 Future Work

1. In our current work, we set a constant air ow at the naris in the simulations.
This can not present the reality sni practice which is a complex dynamic process.
But the dynamic simulation of air ow with a large mesh requir es huge memory
and storage space. With advance in technology, dynamic simations of air ow in

nasal cavity models may be possible in the future.

2. Some researchers [31, 83, 12] pointed out that the air ow dring sni s in the hu-
man nose is semi-turbulent or turbulent, particularly for vi gorous sni. Future's
work should simulate turbulent ow through the nasal caviti es, but the parame-
ters required for turbulent ow simulations must be obtained with experimental

methods.

6.4 Modeling Electro-Olfactogram Response Shapes Using System | denti -

caiton Techniques

In Chapter 5, a mathematical model for the shape of the olfacbry epithelium or
ofactory neurons to odorant stimuli experimentally measued in the rat and dog is pro-

posed. This is a linear input-output model which describes tle relationship among the
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odorant stimulus input, the disturbance-free output, the measured output, and the mea-
surement noise. The parameters of the model were obtained byting a general equation
to the measured Electro-Olfactogram (EOG) response. The modl predicts the shape
of the responses to di erent odorant concentrations for a xed duration of stimuli. The
model has the potential to evaluate olfactory electrical responses and to estimate kinetics

of G-protein cascade within the olfactory receptor neuron.

6.4.1 Main Results

1. Electro-olfactogram (EOG) and single-cell voltage-clamp neasurements were per-
formed on freshly harvested olfactory tissue of dog and rat.Odor responses over
the time course of several minutes were ampli ed by a MultiClamp 700A patch-
clamp ampli er (Axon Instruments Inc., Union City, CA), It ered at 0.1 to 1 kHz,

and subsequently recorded on a computer for storage and latenalysis.

2. A general mathematic model is obtained to estimate the shpe of the Electro-
olfactogram (EOG) to odorant stimulus. The EOG is the overall response of the
olfactory cascades of neurons to stimulus. The olfactory cgcades include activation
of receptor, G-protein, adenylyl cyclase, and the second mesnger gated ion chan-
nel. Development of a model including all these processes wial be a very di cult
task. Our approach circumvents this di culty by tting gene ral equations to the
measured response data instead of modeling individual prasses involved in these
responses. The advantage of this model is that all olfactorycascade processes
are implicitly included in the model, although the processe themselves may be

unknown.
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6.4.2 Future Work

1. The EOG model developed in this research simplied the ofatory response as
a linear model, which is valid only for a small region of concetration and xed
duration of odorant stimulations. The linear model has limitations to estimate the
nonlinearities of olfaction, such as odorant adaptation, nhabitation, and etc. In the

future, nonlinear models should be developed to describe #hnonlinear processes.

2. In this research, the transportation of odorant particles in the nasal cavities was
tracked with simulated ow eld. In the future, we may simula te the odorant
particles transportation as multi-phase ows in which characteristics of odorant
particles, such as particle size and water solubility, are ncluded. With this air-
odorant ow model, it is possible to esimate the interaction of the odorants with

the olfactory epithelium for various sni patterns and ambi ent odorants.

3. In the future, we should combine the olfactory response mael with the air- ow
model. The combination of the air-odorant ow model with the n onlinear olfac-
tory model can be used to estimate olfactory response to the rabient odorant

concentration.
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