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Reconstruction Methods for Optical Molecular Tomography
Alexander X. Cong

ABSTRACT

Molecular imaging plays an important role for development of systems biomedicine,
which non-invasively extracts pictorial information on physiological and pathological
activities at the cellular and molecular levels. Optical molecular tomography is an
emerging area of molecular imaging. It locates and quantifies a 3D molecular probe
distribution in vivo from data measured on the external surface of a small animal around
the visible and infrared range. The reconstruction of diffuse light sources is the central
task of optical molecular tomography, and generally ill-posed and rather complex. The
key element of optical molecular tomography includes the geometrical model, tissue
properties, photon characteristics, transport model, and reconstruction algorithm.

This dissertation focuses mainly on the development optical molecular
tomography methods based on bioluminescence/fluorescence probes to solve some
well-known challenges in this field. Our main results are as follows. We developed a
new algorithm for estimation of optical parameters based on the phase-
approximation model. Our iterative algorithm takes advantage of both the global search
ability of the differential evolution algorithm and the efficiency of the conjugate gradient
method. We published the first paper on multispectral bioluminescence tomography
(BLT). The multispectral BLT approach improves the accuracy and stability of the BLT
reconstruction even if data are highly noisy. We established a well-posed inverse
source model for optical molecular tomography. Based on this model, we proposed a
differential evolution-based reconstruction algorithm to determine the source
locations and strengths accurately and reliably. Furthermore, to enhance the spatial
resolution of fluorescence molecular tomography, we proposed fluorescence micro-
tomography to image cells in a tissue scaffold based on Monte Carlo simulation on a
massive parallel processing architecture. Each of these methods shows better
performance in numerical simulation, phantom experiments, and mouse studies than the

conventional methods.
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Chapter 1. Introduction

Molecular imaging is to non-invasively monitor physiological and pathological activities
in a small-animal model at the cellular and molecular levels [1, 2], specially visualize any
type of cancer processes, including angiogenesis, primary tumor growth, tumor cell
motility and invasion, metastatic seeding and colonization, and the relationship between
the tumor and its microenvironment [3]. With the sensitive, specific, non-ionizing
radiation and cost-effectiveness for detecting molecular targets in animals and humans,
the optical molecular imaging has attracted a remarkable attention [4]. Fluorescent dyes
or bioluminescence and fluorescent reporter proteins are stable molecules and can be
easily targeted to report specific molecular processes in vivo [5-8]. Today, fluorescent
and bioluminescent imaging techniques are most widely applied in preclinical studies [5-
10]. The planar fluorescence/bioluminescence imaging is primarily qualitative and cannot
resolve depth and quantify features. Optical molecular tomography incorporates the
principles of optical tomography with the optical molecular probes as sources of contrast,
and aims at quantification and localization of the internal source distribution of in tissues
using light measurements of various directions on the mouse body surface. This
tomographic imaging offers a superior ability to look deeper optical molecular probes
inside tissues with high contrast and resolution.

Section 1.1. Bioluminescence Imaging

Bioluminescence is generated by the conversion of chemical energy into visible light by
luciferase enzymes. Light-emitting bioluminescent probes, such as firefly, Gaussia, and

Renillaluciferasesn enzymes, release photons when they react with substrate, oxygen and



adenosine triphosphate (ATP). The emission wavelength for the enzyme-substrate
reporter is between 460 and 630 nm, allowing deep tissue penetration. The most common
bioluminescence reporter genes are firefly luciferase (FLuc) and renilla luciferase (RLuc)
[5, 11]. The FLuc is one of the best studied luciferase due to its high quantum yield
(>88%) producing light by catalyzing the oxidation of its small molecule substrate, beetle
D-luciferin (benzothiazole) in an ATP-dependent process. This luciferase emits light at a
peak of 480 nm with a broad emission spectrum extending to 600 nm. Another well-
studied luciferase, RLuc is from the sea pansy, Renillareniformis. RLuc utilizes
coelenterazine as a substrate and emit light with a peak at 480 nm, which does not require
ATP. RLuc has a low enzymatic turnover and quantum yield (6%). RLuc induces flash
kinetics within the first 10 seconds which rapidly decays with time, whereas FLuc has
glow kinetics. Using biological techniques, target cells can be tagged with reporters
encoding several kinds of luciferase enzymes, which generate characteristic photons in a
wide spectrum covering the infrared range. Bioluminescent imaging has proven to be a
valuable tool for monitoring physiological and pathological activities at cellular and
molecular levels in living small animals. Bioluminescence imaging (BLI) is traditionally
in a planar mode as a qualitative tool.

In comparison with other optical biomedical imaging techniques, BLI is unique in
terms of its sensitivity and specificity. Since the biological tissue does not emit photons
while the tissue is not excited by external light, the background noise in bioluminescent
imaging is very low, which results in an excellent signal-to-noise ratio. The
bioluminescent photons cover a red region of the spectrum with a deep penetration depth.

Hence, a significant number of the photons can escape the attenuating environment, and
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be detected using a highly sensitive charge-coupled device (CCD) camera [10, 12, 13]. In
2002, the first bioluminescence tomography (BLT) prototype was conceptualized [14],
and the first BLT prototype was reported that compensates for heterogeneous scattering
properties of a mouse and performs quantitative 3D reconstruction of internal sources
from bioluminescent views measured on the external surface of the mouse in 2003 [15].
A finite-element method based reconstruction algorithm was proposed based on the
heterogeneous diffusion approximation model to recover the light source distribution.
This method established a direct linear relationship between measured surface photon
density and an unknown bioluminescence source distribution, and applied a permissible
source region to enhance numerical stability and efficiency [16]. Adaptive finite element
method was also introduced for BLT reconstructions to reduce the data memory and
improve the computational efficiency comparing with the globally uniform discretization
[17].

Photon migration through the biological tissue is subject to both scattering and
absorption. In the biological tissue the photon scattering dominants over photon
absorption. Part of the diffused light can reach the body surface of the small animal, be
separated into several spectral bands using appropriate filters, and collected by a sensitive
CCD camera. In 2005, a multiple spectral BLT method was proposed to reconstruct
bioluminescent source from multiple spectral measurement. The multiple spectral BLT
can improve the accuracy and stability of the reconstruction with noisy data [18]. Inspired
by compressive sensing techniques, a novel sparse reconstruction method is proposed

based on phase approximation photon propagation model [19].



This tomographic imaging modality still faces several challenges to its accuracy
and stability, especially the multiple source reconstruction problems. The generic BLT
problem is ill-posed, meaning it is sensitive to noise and bears multiple solutions.
Recently, a regularized BLT model that incorporates the number of sources as a
constraint is proposed [20]. The regularized BLT model significantly reduced the number
of variables in the optimization procedure, and more importantly, produced a unique and
stable solution of BLT. The new regularized inverse model and reconstruction techniques
are also suitable to fluorescence and nanoparticle tomographic imaging.

Section 1.2. Fluorescence molecular imaging

The fluorophore molecule is a relatively low-energy in its ground state, and it does not
fluoresce. When an external light signal at a particular wavelength hits a fluorophore
molecule, the molecule would absorb sufficient photon energy, and transits to a higher
energy level. After a brief interval known as the fluorescence lifetime, the fluorophore
goes back to the ground state, and the excess energy is released to emit fluorescence [21,
22]. The emitted fluorescence light is of lower energy and longer wavelength than the
absorbed light. Green fluorescence protein (GFP), obtained from jellyfish
Aequoreavictoria, have been widely used for in vivo imaging of cells [23, 24]. DsRed is a
red fluorescent protein, and distinctively exhibits an excitation wavelength of 560 nm and
an emission wavelength of 580nm [25]. The stability and high intensity of brightness of
DsRed make this novel fluorescent protein a viable option for optical molecular imaging.
Moreover, a far-red fluorescent protein with emission spectra at 635nm, named Katushka,
is also reported recently. The red fluorescent protein is strongly preferable for the

visualization within living tissues and also for combining with other fluorescent proteins
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in multicolor labeling [26-28]. Indocyanine green (ICG) is another useful fluorophore
with near-infrared (NIR) range emission [29, 30]. The relatively low absorption and
scattering of living tissue in the near-infrared (NIR) region of the electromagnetic
spectrum makes near-infrared fluorescence probes important for in vivo imaging.
Targeted probes typically consist of a fluorophore conjugated to a targeting ligand, e.g.,
an antibody that interacts and binds to a biomacromolecular of interest, thus increasing
the fluorophore concentration at the target site. Such an imaging agent can be coupled to
antibodies or proteins and targeted specifically to tumor cells for cancer imaging.

Planar fluorescence imaging is a useful molecular imaging modality and has
proven to be a valuable noninvasive tool for monitoring physiological and pathological
activities at cellular and molecular levels[31]. However, similar to BLI, the photographic
imaging is primarily qualitative and cannot resolve depth and quantify features.
Quantification of signal is useful for localizing a tumor in three dimensions, and helps to
determine the size, volume, and depth of the lesion. The most common fluorescence
imaging devices record the spatial intensity distribution of fluorescence emission
qualitatively. The fluorescence intensity distribution, as an image observed at the tissue
surface, is dependent on the concentration of the fluorophores at the site, the optical
properties of the tissues, and the location of the fluorophores [9, 32-34]. Initial efforts
focused on localization strategies for a fluorescent emission in a homogeneous medium
[35, 36]. Paithankar et al. used a Newton-Raphson algorithm along with a finite
difference numerical method to solve diffusion approximation equations [37]. Eppstein et
al. implemented an approximated Kalman filter-based fluorescence tomography

algorithm [38, 39]. Finite element-based fluorescence tomography algorithms with
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Newton type optimization schemes have been proposed by Roy et al. [40] and Jiang et al.
[41]. Sevick-Muraca et al. have used a finite element-based forward model with
approximate extended Kalman filter to perform fluorescence tomography in clinically
relevant geometries[42]. In 2001, Ntziachristos et al. presented a normalized Born
approximation to facilitates fluorescence reconstructions in turbid, tissue-like media. This
normalization scheme has advantages of reduced sensitivity to theoretical inaccuracies,
and high robustness in imaging even at highly optically heterogeneous backgrounds,
since it is independent of source strengths, detector gains and coupling efficiency to tissue
[43]. This normalization scheme was pivotal to the development of the first in vivo
fluorescence observations of protease up-regulation deep in mouse brains and of tumor
treatment in intact animals using appropriate fluorescent probes [9, 44]. In 2003, based on
the diffusion approximation model, Lee et al. presented a fully adaptive finite element
method with tetrahedral elements for fluorescence molecular tomography (FMT). The
adaptive methods have been shown to improve the computational efficiency and
stabilization of the solution compared with the uniform discretization [45]. In 2005, Cong
et al. developed a dual mode reconstruction algorithm for FMT [46], which simplified the
complex nonlinear inverse problem of FMT to a linear inverse problem for fluorescent
yield and an optimization problem for lifetime. The dual mode strategy helps overcome
the ill-posedness for FMT reconstruction and is important for small animal imaging.

This dissertation focuses on source reconstruction techniques to solve some
challenges in the field of optical molecular tomography. Our main contributions include a
novel phase approximation (PA) model to describe photon propagation in the biological

tissue over the visible/near-infrared spectrum range, a new reconstruction algorithm for
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estimation of optical parameters based on the phase-approximation model, a novel
inverse source model for optical molecular tomography, a differential evolution-based
reconstruction algorithm to determine the source locations and strengths accurately and
reliably, and the first fluorescence micro-tomography technique to image cells in a tissue

scaffold based on Monte Carlo simulation on a massive parallel processing architecture.



Chapter 2. Photon Propagation Modeling

Optical molecular imaging employs photon-emitting biological tracers in a small animal
model to reveal molecular and cellular activities in vivo [3, 4]. The propagation of light
through the biological tissue is a complex course, which experiences both absorption and
scattering simultaneously. Absorption occurs when the energy associated with the photon
frequency matches an energy transition state within the tissue, and hence the photon
energy is absorbed by the tissue. Scattering occurs when light is incident upon the atoms
of the tissue. This causes the atom’s electrons to accelerate and radiate in various
directions, and causes light to deviate from its original path. Light propagation model
describes the interaction of photons with scattering and absorbing media and are essential
for tomographic imaging using visible and near-infrared light [47, 48]. The solution of
the model provides basic insight into the interaction between light and tissue. The models
predict light intensity distribution, which can be subsequently compared with measured
light intensities on the object boundary. Based on the predicted and measured data, image
reconstruction algorithms recover either the spatial distributions of intrinsic optical tissue
properties or the concentrations of light emitting molecular probes inside tissue.

The radiative transfer equation well describes the photon propagation in
biological tissues [49, 50]. A number of computational schemes were developed to solve
the radiative transfer equation directly, such as spherical harmonics approximation
method, Monte Carlo simulation [51] and discrete ordinate methods [47, 52]. Although
the Monte Carlo simulation is a proven and popular stochastic method which provides

highly accurate solutions of the radiative transfer equation, the high computational cost



makes it an improper choice for dealing with typical inverse problems in the biomedical
imaging field. The diffusion approximation is a most widely used as a photon
propagation model because of its high computational efficiency, but it only works well in
weakly absorbing and highly scattering media [33, 53, 54], and breaks down with strong

absorbers, near sources, across boundaries, and in the high frequency mode [50, 55].

Section 2.1. Radiative Transfer Equation
The radiative transfer equation (RTE) well describes the photon propagation in biological

tissues [49, 50, 54, 56]. The steady state RTE with an isotropic source is given as:

0- VL, 0)+ (g + 42, )L(r,0) = a1, §f PO W)L (r, 07 + 4Ls(r), reQ 2-1)
s2 7

where L(I’,l)) is the photon radiance at location r in the direction of unit vector v, S(I’)

is the isotropic source, g, is the scattering coefficient, and x, is the absorption

coefficient. The scattering phase function p(l),l)') gives the probability of a photon

coming in the direction v’ being scattered into the direction v, and has the property

ﬁ p(v,v)v' =1. (2-2)

SZ
According to optical molecular imaging experimental conditions, the boundary
conditions at 0Q for the RTE specify that no photons travel in an inward direction at the

boundary,
L(r,0)=0, v-n<0, redQ (2-3)
where N is the outward unit normal at 0Q . The RTE is an integrodifferential equation

consisting of up to five independent variables (three in space and two in direction).

Analytical solutions for the RTE are available for only a few simple geometries. The
9



RTE is often solved by numerical methods. The discrete ordinates method employs a
discrete representation of the directional variation with integrals over total solid angle 4n
obtained via numerical quadrature. Equation (2-1) can then be replaced by a series of
equations, each describing the radiance in a specific direction. The resultant system of
algebraic equations has to be solved iteratively in the presence of scattering media. The
convergence of the iteration method is known to slow down for optically thick media.
The spherical harmonics method converts the integro-differential RTE into relatively
simple partial differential equations, which can be solved by using standard partial
differential equation solver. Monte Carlo method can solve the most complicated
problems by simulating radiative processes such as emission, absorption, and scattering,

but this method is always subject to statistical error and requires great computational cost.

Section 2.2. Diffusion Approximation Model

The diffusion approximation (DA) is the most widely used as a photon propagation
model because of its high computational efficiency and adequate accuracy in highly
scattering and low absorption media [9, 10, 50, 53, 57].

Expanding the photon radiance L(I‘,D) in Eq. (2-1) using spherical harmonics

expansion on basisY," [50, 54].
) |
L(rv)=> > L (r)v"(v) (2-4)
1=0 m=-I

Taking the first order approximation in Eq. (2-4), a diffusion approximation to RTE is

obtained as following:

L(r,0)~ ——d(r)+ ——v- (r) 2-5)

4 4
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where <I>(r) is the photon fluence rate, and is given as

o(r)=ff L(r, v} (2-6)

32

andJ(r) is the photon flux vector, which is defined as

J(r)= ﬁvL(r,v)ﬂo 2-7)

S’l
Inserting Eq. (2-5) into Eq. (2-1), RTE is converted to a coupled equation
#,®(r)+VI(r)=5(r) (2-8)
J(r)=-DV(r) (2-9)

where D = 1/[3(z, + 4 )] is the diffusion coefficient, 4! =(1—g)u, is the reduced

scattering coefficient, and g is the anisotropic scattering factor. Plugging Eq. (2-9) into
(2-8), we obtain diffusion approximation equation:

—V-[D(r)Vo(r)]+ u, (r)o(r)=S(r), req (2-10)
Similarly derivations, the frequency domain diffusion approximation equation has

following form [22, 58]:
_vDVa(r o)+ (ﬂa +'§jq>(r,w)= S(r.o) reo @.11)

where ® is the modulation frequency. Based on boundary condition (2-3) of RTE,
boundary condition of diffusion approximation equation can be derived by an

approximation that the total in ward directed current is zero, that is

jL(r,u)u- ndv=0, redQ (2-12)

v-n<0

11



Considering the boundary refractive index mismatch between tissue and air, a fraction of
the escaping photon will be reflected into domain Q. Taking the internal boundary

reflection into account, Eq. (2-12) can be modified to

j L(r,v)v-ndv = jR L(r,op-ndv, reaQ (2-13)

v-n<0 v-n>0

where R is an empirically obtained parameter describing the internal reflection, and is
given asR=-1.439977 +0.70997 " +0.6681+0.06377, where7 = Ny, /Ny, [47, 53]

By evaluating the integrals, Eq. (2-13) can be further transformed into

q>(r)+2anqa)—(r)=o, rean (2-14)
n

where ( = (1 + R)/ (1 - R) . In case of a source on the boundary, the boundary condition is
given by

cD(r)+2anqa)—r(]r)+S(r):0, redQ (2-15)

Boundary conditions Eq. (2-14) and (2-15) are known as Robin type boundary condition.

Section 2.3. Phase Approximation Model

The radiative transfer equation (Eq. 2.1) is the most accurate for modeling photon
propagation in turbid media and has been adopted for tissue optics. In RTE, the scattering
phase functions describe the scattering characteristics of the medium and significantly
influence the precision of the solution and the efficiency of the computation. As the exact
form of the phase function is currently unknown, the popular Henyey-Greenstein (HG)
[59] and Delta-Eddington functions are usually used to approximate the true scattering

phase functions in biomedical applications [60]. HG function was proven to be the most
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accurate in terms of the angular dependence of single scattering events in the biological
tissues. However, the RTE with the HG phase function is difficult to be simplified
further, and need high computational costs.

An important observation is that the biological tissue scatters photons strongly in
the forward direction [48, 61]. The generalized Delta-Eddington function to approximate
the scattering phase function [62] is defined to describe the photon propagation,

p(v,v')zi(l— f)+Lf S(1-v-v) (2-16)

4 27

where f e[-1,+1] is a free weighting factor measuring the anisotropy of photon
scattering, which we call the anisotropy weight [62, 63]. The phase function is a linear
combination of the isotropic scattering and the strongly peaked forward scattering with

the anisotropy weight f as a coefficient depending on the tissue type. In contrast to the
original Delta-Eddington phase function in which the parameter f takes a fixed value g

being the mean of the cosine of the scattering angles, our generalized Delta-Eddington

phase function defines f as a variable, which is related to the photon absorbing and

scattering coefficients in the biological tissue. The scattering phase function is a linear
combination between the isotropic scattering and the strongly peaked forward scattering.
The new characteristics of the generalized Delta-Eddington function are that the
anisotropy weight can be adjusted according to photon absorption and scattering
properties to obtain an accurate approximation to the true scattering function. With the
new definition of our generalized phase function, the radiative transfer equation can be

significantly simplified into an integral equation in terms of photon fluence rate. For
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simplicity, we call it the phase approximation (PA) model because it is derived from an
approximate phase function.

Substituting Eq. (2-16) to Eq. (2-1) yields:
v-VL(rv)+ 2 L(r,v) = %(ﬁscb(r)+ S(r)). req 2-17)
Vs

where f1, = (1 —f ) «» M, = u, + [, and the photon fluence rate q)(r) is defined in Eq.

(2-6). Equation (2-17) is a first-order differential equation, and has a closed form

r to dtj

solution:

o)=Ll plote - ) e~ ] -

O'—u‘o

(2-18)

R
+L(r— Rn,v)exp[— J-,[tt (r— tn)dtJ
0
where r—RvedQ, R represents the distance from position r to the boundaryoQ.
Integrating Eq. (2-18) over all the solid angles, we get the following integral formula:

= ﬁ ﬁf[ﬂ (r = po)d(r — po)+S(r - pv)]exp[— fﬁt (r —tv)dtJdpdv

(2-19)

R
+ ﬁ L(r- Rv,n)exp[— J‘,&t (r- tl))dt]dl)
s? 0
The reflected radiance L(r — Rv,v) describes the contribution from the reflected photons
on the boundary caused by the refractive index mismatch between biological tissues (

) and air (n_ ), and can be approximated by

tlssue air

L(r — Rv,v) =~ ——<—(r) (2-20)
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where the internal reflection coefficient ry can be calculated from
r, =-1.4399772 +0.70997 " +0.6681+0.06377 , and 7 = N, /N, - Finally, an integral

equation with respect to photon fluence rate ®(r) is obtained by performing a variable

transformation from the polar coordinate to Cartesian coordinate:

®(r)= i”G(r r' )iz, (r)(r)+ S(r)ldr’ —r—d) §G(r,r)o(r)p-ndr’ (2-21)

471+,

where

I
G(r,r)= ; _lr,|2 exp(— j (r —tB)dtJ (2-22)

Unit vectorp = (r — r’)/ r—r’

,and N is the outward unit normal on the boundary surface

at r—RP. Eq. (2-21) is the second kind of integral equation and allows accurate
modeling of photon propagation in biological tissues. In contrast to the diffusion
approximation model derived from the first order approximation of the photon radiance,
the phase approximation model is based on the exact computation of the photon radiance
in the biological tissue [62]. The phase approximation methodology removes the
limitation of scattering dominating photon propagation in the diffusion approximation
model. The new model is highly accurate over a broad range of optical coefficients as
well as near sources and boundaries. While the RTE is a five dimensional computational
problem (three dimensional space and two dimensional direction vector), the phase
approximation model is three dimensional computational problem which is same to that

of the diffusion approximation model.
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Section 2.4. Monte Carlo Simulation

Monte Carlo simulation is a statistics method to solve complex problems by simulating
the statistical behavior of a large number of individual entities and analyzing their
collective features. For example, it can be used to compute highly complex integrals over
irregular domains, such as in the semiconductor industry. The Monte Carlo simulation
technique has been extensively studied in the field of high energy physics to investigate
particle transfer. EGS5 and Geant4 are exemplary software simulation packages
developed for this purpose and have been used in numerous studies. Typically, the
photon scattering in turbid media is very complex. In some photon transport processes,
the number of scattering events for each photon is limited, such as in the case of x-ray
and tissue interaction. For other transport processes, the photon will move in a
pronounced zigzag pattern. For example, biological tissues generally have a relatively
high scattering coefficient for visible light, and the

behavior of the photon can be described by the Q )

average scattering angle without the detailed

Absorbed
photon

scattering profile. Based on key optical parameters

Escaped
photon

including the absorption coefficient, scattering %g N‘Jm:mm

detector
coefficient and anisotropy factor, efficient optical

Monte Carlo simulation is feasible for use in

. . . Reflected photon
biological tissues. xl_l__f“‘/

Monte Carlo (MC) simulation models each ~ Figure 2-1. The Monte Carlo
process of photon propagation in

individual photon’s physical interactions with the tissue

medium as a stochastic process. As a large number of such stochastic processes of photon
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propagation are simulated, the signal detected is statistically meaningful and very close to
the physical experiment counterpart. MC result can be legitimately considered as the low-
noise version of the actual physical measurement. The Monte Carlo process consists of
three parts: the photon absorption, the photon scattering and the internal reflection at the
boundaries, as illustrated in Figure 2-1.

The Monte Carlo method relies on the random sampling of variables from
probability distribution[51]. For random variable y, there is a probability density
function p( X) that defines the distribution of y over the interval (a, b). This variable
may be the angle of deflection that a scattered photon may experience due to a scattering
event, or the variable step size that a photon will take between photon-tissue interaction
sites. To simulate propagation, we need to choose a value for y randomly based on a
pseudo-random number generator. The value is a random variable & , which is uniformly
distributed over the interval (0, 1). The generally non-uniform probability density

function p( ;{) is sampled by solving the following equation for y ,
V4
[p()dx =& for &e(0,1) (2-27)

A photon is uniquely described by five variables: three spatial coordinates for the
position and two directional angles for the direction of travel. However it is convenient to
describe the photon’s spatial position with three Cartesian coordinates and the direction
of travel with three direction cosines. The angle variables describing photon direction do
not change unless the photon’s direction changes. The direction cosines are specified by

taking the cosine of the angle that the photon’s direction makes with each axis. The
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possibility of internal reflection occurs when the photon is propagated across a boundary
into a region with a different index of refraction. The probability that the photon will be
internally reflected is determined by the Fresnel reflection coefficient. The internal
reflectance rate due to the refractive index mismatch at the tissue boundary for

unpolarized incident light is given by the Fresnel’s formulas [2, 3]:

1{sin’(a, —,) tan’(e; —a,)
R =_ i t i t _
(@) 2| sin*(e, +at)+ tan*(e; +a, ) (2-28)

where ; anda, are the incident and transmit angles, respectively. The incident and

transmit angles obey the Snell’s law

sin; n

: — (2-29)
sina, N0

wheren, and n, are the refractive indices for both sides of the boundary, respectively.

After each propagation step, the photon packet is split into two parts, a fraction is
absorbed and the rest is scattered. The absorption of photon for each step can be express

by

AW = —Ha (2-30)
Ha + M

whereW is the weight of the photon packet. Once the photon packet has reached an
interaction site and its weight decreased, the photon packet with the updated weight is
ready to be scattered. If the phase function has no azimuthal dependence, then the

azimuthal angle ¢ is uniformly distributed between 0 and 27, and may be generated by
multiplying a pseudo-random number & uniformly distributed over the interval zero to
one by 27, ¢=2x&. Scattering in tissue is characterized by the Henyey-Greenstein

phase function, which produces
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P 2
cosf = 1+9° - 179 (2-31)
29 1-g+29¢

where @ is the deflection angle, and g the anisotropy parameter. If a photon is scattered

at an angle (0, ¢) from the direction (v v,V ) in which it is travelling, then the new

x> Vys ¥z

direction (v' V! V’) is specified by

xoVys ¥z

sin @

X

(Vsz cosg—V, sin ¢)+ Vv, cosd

]

1-v;

sin & .
v, = (vyvZ cos¢@ +V, sin ¢)+ v, cos@

S| (2-32)

z
V, =—sin@cos@/1—-V. +V, cosd

iy

After a photon packet is launched, it can be terminated naturally by reflection or
transmission out of the tissues. We programmed MCsim [14], a Monte Carlo simulator,
for the photon propagation for the numerical experiment. Our MC simulator can handle
several types of 3D geometrical phantoms such as cylinders and ellipsoids. By combining
cylinders and ellipsoids, which can represent different mouse organs, the heterogeneous
phantom mimicking the real mouse is created. The MC simulation based on such
heterogeneous numerical phantom is similar to the in vivo mouse experiment. The
efficiency of the MC simulation is enhanced through the parallel computing and fast

random array generation.
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Chapter 3. Optical Parameter Estimation

Optical molecular tomographic imaging is to reconstruct the density distribution of

photon-emitting sources inside tissue from boundary measurements. The reconstruction

of light sources is related to the mouse geometrical model, tissue optical properties,

photon spectrum characteristics, and photon propagation model. The anatomical

information of a small animal can be obtained from structural imaging techniques (i.e. x-

ray CT, MRI) and tissue optical properties can be reconstructed using optical

tomography. These can be used as prior information for the reconstruction of light source

distribution.

Section 3.1. Mouse modeling

Mouse body is soft tissues, and mouse anatomical
shape would vary with a different posture. We need to
design an imaging system with a special mouse holder
to keep the mouse in an identical posture in the entire
imaging procedure. A living mouse in the holder is
individually scanned using Micro-CT (or MIR) to
delineate its anatomy, and be compared with a surface
scan of the same mouse to confirm the consistency of
the body posture. Then, these CT images are
segmented into organ regions of the mouse and
assembled into a geometrical model using computer

graphic techniques. Because the mouse anatomy is
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rather complex, it is difficult to present all the features in a geometrical model. Also, the
computation would become impractical with an overcomplicated geometrical model.
Hence, based on this tomographic image volume and in reference to a high-resolution
atlas which is built independently, we segment the image volume into major organ
regions approximately at ~0.5mm resolution, such as lungs, liver, heart, kidneys,
stomach, bone and muscles. In the early 1987, the Marching Cubes (MC) algorithm was
proposed to extract isosurface from CT/MR image volume for generating geometrical
model. The algorithm visits each cell formed by eight adjacent voxels in the image
volume and performs local triangulation by interpolate new vertices along the cell edges.
The isosurface extraction algorithms only extract surface of a single material for one
sweep of the CT/MR image volume. We have proposed a Multiregional Marching
Tetrahedra (MMT) algorithm to extract surfaces of different anatomical components from
segmented CT/micro-CT images of mice within a single pass. The extracted surfaces are
smoothed and simplified to serve as a proper geometrical model. Our MMT algorithm
can also construct multiple material finite element meshes directly from CT image
volume for finite element numerical computation [73]. Deformation technique is also
used to fast construct geometrical models from a base geometrical model with similar
geometrical shape. This would significantly simplify the geometric modeling task for
widest practical use. At present, a commercial software, such as Amira 4.0 (Mercury
Computer Systems, Inc. Chelmsford, MA), has been developed using the computer
graphic techniques to generate a geometrical model of the mouse from these segmented
CT images [64], as shown in Fig. 3-1. Based on the 3D geometrical model, we can

generate a high-quality finite-element mesh. In this way, a set of standard finite element
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geometrical models has been already established in our Biomedical imaging Division for
different weights and sizes of mice.

Furthermore, a computer controlled laser galvanometer projects parallel laser
lines onto a mouse body and reconstructs the mouse body surface from four directions.
Then, based on the surface shape of the mouse, a finite element geometrical model of a
mouse can be obtained by elastically deforming the known finite element geometrical
models. Although the real mouse may differ from any standard mouse model, the
differences can be minimized using an elastic registration technique, such as an affine
transformation. To deform a selected mouse model in reference to the individual mouse
surface, we specify corresponding points keyed to anatomical landmarks on the model
and real mice. Then, the one-to-one correspondence can be optimally established between
the generated finite element mouse model and a real mouse to generate the finite element
geometrical model. Recently, a dual-modality system that combines optical molecular
imaging and x-ray micro-CT has been developed to simultaneously reveal molecular and
structural information in small animals. Clearly, the dual-modality imaging methodology
can provides correct anatomical information for optical molecular tomography and create
functional images with accurate localization of fluorophore distribution.

Section 3.2. Optical Parameters
Optical properties of biological tissues are typically characterized by the absorption

coefficient u,, the scattering coefficient x,, and the angular scattering probability

distribution (or phase function) P(H)d@ for scattering by an angle between 0 +df and 0
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Absorption Coefficient: The linear absorption coefficient of tissue can be determined
from the concentration and molecular cross section of all chemical species present. In the
ultraviolet region of the spectrum tissue absorption is dominated by proteins. Not only is
the concentration of proteins high, the amino acids phenylalanine, tyrosine, and
tryptophan are efficient absorbers in the 250 nm to 300 nm range. As the wavelength
increases, protein absorption decreases rapidly and other chromophores, especially
hemoglobin, become dominant. Haemoglobin consists of the protein globin bound to four
haem groups. Each haem group contains an iron atom at the centre of aring-like structure.
An iron atom in the ferrous (Fe2+) form will bind physically to an oxygen molecule to
become oxygenated. One haemoglobin molecule with its four iron centres can carry a
total of four molecules of oxygen. In the oxygenated state haemoglobin is known as
oxyhaemoglobin (HbO2). The de-oxygenatedform, with no oxygen molecules attached, is
known as deoxyhaemoglobin (Hb). The individual absorption peaks of hemoglobin and
the change in spectrum with oxygenation can be readily observed in vivo. The infrared
absorption of tissue is dominated by its most abundant chromophore, water. The
vibrational modes of the O-H bond produce a series of peaks with the maximum
occurring at 2.95 microns. The concentration of principal tissue chromophores will vary
from tissue to tissue and other pigments may be significant in organs, such as the liver
and the skin. Fig. 3-2 correctly predicts the order of magnitude of tissue absorption and

the main features of its dependence on wavelength.
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Figure 3-2. Absorption spectrum of three important tissue constituents: protein (bovine
serum albumin at 170 mg/g), oxyhemoglobin (40 M) and water (40 M). The
parallelogram encompasses reported values for the transport scattering coefficient of soft
tissues [61].

Scattering Coefficient: The scattering coefficient g and the scattering cross-section oy
are related as ps = pos, where p is the particle number density in the medium. Scattering
of light in tissue is caused by inhomogeneities such as cell membranes or intracellular
structures. The scattering arises due to a relative refractive index mismatch at the
boundaries between two such media or structures, e.g. between the extracellular fluid and
the cell membrane. Tissue is a complex medium in which the index of refraction varies in
a complex way over different length scales in different tissues. Each microscopic
scattering particle will give rise to its own scattering phase function, which depends on
the physical properties of the object. A single scattering event in tissue can be considered
to arise from an averaged scattering object, representing a distribution of scattering

objects with an averaged phase function. The contribution of each type of object to the
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averaged scattering properties in tissue depends on their individual scattering properties
and their relative concentrations.

Haemoglobin molecules comprise approximately 97% of the cell solids. The
erythrocyte has a biconcave shape, with a main diameter of approximately 8 um and
across-sectional thickness of 1-2 um. The cell is bound by a membrane approximately 8
nm in thickness. Fibrous proteins in the membrane allow the cells enough flexibility to
deform their shape, in order to fit through capillaries of smaller diameters than
themselves. Since there is a refractive index mismatch between the cell membrane and
the surrounding medium, i.e. plasma in whole blood, the red blood cell will scatter light.
The refractive index of the red blood cell is about 1.4 = 0.01 and that of blood plasma is
1.34. The scattering coefficient is very high when compared to low energy x-rays.
Typical values at visible wavelengths are 10 to 50 mm™, corresponding to a mean free
path of 20 to 100 microns. In general, the scattering coefficient is observed to decrease
monotonically as the wavelength increases although few studies have been performed
over a wide spectral range. Generally, the scattering coefficient is orders of magnitude
larger than the absorption coefficient.

Scattering Phase Function: On encountering a scattering particle within a homogeneous
medium, photons travelling in a direction § are scattered into a new direction §. The new

directions generally do not occur with equal probability and can be described by the

angular scattering probability distribution p(§, S ) If the scattering is completely isotropic

A =

then p(S, ) is equal for all angles and g will be equal to zero. As the particle size

increases, however, the intensity distribution increases in the forward direction and the
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scattering phase function for small angles is much higher than for all other angles.
Therefore, the mean cosine g of the scattering angle tends towards a value of unity, the
higher the g value the more forward-peaked the scattering. Biological tissue strongly
scatters photon in the peaked forward, and typical values of the anisotropy parameter for
tissue are 0.9 or higher in the visible. The Henyey—Greenstein scattering phase function is
used often for light propagation in tissues [51, 59]. This model features both forward-
peaked scattering and large-angle scattering. It has been shown to compare well with
experimental measurements. The delta-Eddington approximation was introduced by
Joseph et al. [60] as an extension to the two-term Eddington approximation to study
forward-peaked and large-angle scattering. It is also a two-order approximation to
Henyey—Greenstein scattering phase function [65].

Section 3.3. Phase Approximation Based Identification

Estimation of optical properties of biological tissue is an essential task for optical
imaging applications. In Section 2.3 we introduced the phase approximation model (PA).
Our PA model approximates the phase function in RTE using the generalized Delta-
Eddington phase function instead of the commonly used Henyay-Greenstein function.
The generalized Delta-Eddington phase approximation greatly simplified RTE to PA
model, which has an accuracy comparable to that of the original RTE and can be solved

efficiently. However, the PA model has a unique reduced scattering coefficient /i that

must be determined in order to be practically used in optical imaging applications.
Optical property estimation that is based on the PA model will inherently yield accurate
optical parameters for a wide range of tissue properties. The accuracy of the optical

parameters characterization, however, does not solely depend on the accuracy of the
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forward model; the iterative algorithm could converge prematurely to an inaccurate
solution if the initial guess is not close enough to the true solution. Fortunately,
differential evolution is an effective global search method to find a good starting point
quickly. In this section, we focus on the optical property characterization of a
homogeneous biological tissue under the PA model. We introduce a method for
estimating the optical parameters for the PA model by matching the calculated and
measured photon fluence rates iteratively. The iterative procedures based on gradient-
guided optimization are sensitive to initial guesses. By combining the global search
ability of the stochastic algorithm and the efficiency of the gradient-guided optimization
method, we are able to obtain an accurate, efficient and robust parameter reconstruction.
The optical parameters of tissues can be determined in two ways. If the absorption
coefficient, scattering coefficient and conventional anisotropic factor in the tissue are
known, we can determine the anisotropy weight for the phase approximation model in an
indirect way. In this case, we just need to simulate a homogenous numerical phantom,
like a spherical or cylindrical object with the known absorption coefficient, scattering
coefficient and anisotropic factor. Then, a single parameter optimization can be
performed with respect to the anisotropy weight by matching the computed data based on
the phase approximation model to the Monte Carlo simulation results. On the other hand,
our preferred method is the following direct way. When the absorption coefficient,
scattering coefficient and conventional anisotropic factor in the tissue are all unknown,
we will use the phase-approximation-based optical tomography (POT) to estimate the in
vivo optical parameters of major mouse regions defined in the corresponding geometrical

model. In POT, appropriate laser beams corresponding to nanoparticle spectral range
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will irradiate the mouse body and generate diffuse signals. Typically, lasers excite the
mouse body at various locations so that sufficiently strong light signals transmit through
every major mouse tissue types. The transmitted diffusive light signal is measured on the
opposite side of the mouse body. Hence, we can obtain excitation-diffusion measurement
datasets using the optical imaging system. We further assume that the optical properties
are constant in the same tissue type or organ region. As a result, this POT approach only
deals with a much less number of unknown optical parameters than the traditional DOT
approach does [54, 66, 67], which helps improve the numerical stability of the
reconstruction for optical parameters. Furthermore, the reconstruction of optical

parameters is simplified to a constrained optimization problem.

Numerical Method: With the generalized Delta-Eddington phase function, we have the
following phase approximation equation to RTE with excitation light source on the

boundary of object:

ofr)=-1 [ (W)t - | {r—d)cp(m S(r’)}G(r, fpondr (6)

ol an(l+r,

where f1,(r')=(1— f )y, is the reduced scattering coefficient, and /1 (r')= s, (r')+ 2,(r')

1s the reduced attenuation coefficient.

G(r,r')= v

(g (3 (3-7)

2

!

r-r

and ﬂ:|r_r,

, S(r) is a collimated illumination source on the boundary, and r, is the

internal reflection coefficient that is approximated by

r, =—1.439957 +0.70995" +0.6681+0.06367, 7 =Nye/Nyy - (3-8)

— "ltissue
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To compute the photon fluence rate from Eq. (2-21), the region of interest Q is

discretized into finite elements with N vertex nodes and the photon fluence rate ®(r) is

approximated in terms of nodal-based basis functions i (1) (i=1.2.. N) ,

CD(V)ZZNIQD(W Jo, (r). (3-9)

j=1

Substituting Eq. (3-9) into Eq. (3-6), we obtain the following matrix equation
{®} =M{®}+B{®}+{S}, (3-10)
where {®} consists of photon fluence rate values at the nodes in Q; M, B and {S}

represent the corresponding discrete integral kernels in Eq. (3-6), with the components of

the matrices defined by

M, = [ ()6
(lr—‘irrd)J.goj(r’)G(ri,r’)(B-n)dr’ : (3-11)

i’. =
' 4

e L

Eq. (2-24) can be expressed as

K® =S (3-12)
where K = (I -M- B). The integrals are evaluated using the Gauss-Legendre quadrature
rule. Singular points in the quadrature need to be handled to ensure the numerical

accuracy of the solution. The singularities occur at r, =r’, which are the vertices of each

tetrahedral element. We denote the vertices of a tetrahedron as (X,,,,2,), (X,,¥,.2,),
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(X3’ y3,23),(X4, y4oz4)-

Without losing generality, let us only show

the case

= (X4, Y., Z 4). We integrate over an arbitrary tetrahedron by performing an integral over

the unit orthogonal tetrahedron in volume coordinate (&, #, {) after the transformation,

X(g‘,n,é’): Xy +§(Xl _X4)+77(X2 _X4)+§(X3 - X4)
Y(Em.8)= Yy + &0y =y )+ (Y, = vi)+ S (ys - V)
2(6877774,): Zy +§(Zl - Z4)+77(Zz - Z4)+§(23 - 24)

(3-13)

where the singular point (x4, y4,z4) is mapped to the origin of the volume coordinate

system. To avoid the singular point, the integral is expressed in a spherical coordinate

system:

where

and
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Iterative Optical Parameter Identification: With the correct optical parameters, the
calculated photon fluence rate from the PA model will be a good approximation to the
surface measurement. The optical parameter identification process is to minimize the
difference between model prediction and surface measurement by updating the optical

parameters iteratively, and can be expressed as the following minimization problem:

(o) = argminlfo” ~ @7 .2, (@7 - 0% (u2.))]  319)
where ®@" is the photon fluence rate measurement at the surface and ®° is the photon
fluence rate predicated by the PA model. We use the conjugate gradient (CG) optimizer
to solve Eq. (3-15). The gradient of objective function ¥ is calculated using adjoint

differentiation:

;—TX=2(®m—®p( a,ﬁs))K‘l(é—fW(ua,ﬁs)—%j (3-16)
CG optimization starts from an arbitrary initial guess of optical parameters. However, the
CG minimization procedure is sensitive to the initial optical parameters, and a poor
selection of the initial guess will lead to a local minimum instead of the true solution
[68]. To improve the robustness of the optimization, the CG method can be preceded by a
global search procedure. The global search is used to provide the CG optimizer with a
good initial solution, which is close to the true solution. Thus, the CG method will much
more likely converge to the true solution. Differential evolution (DE) is a population-

based stochastic method for global optimization. In DE, the collection of solution vectors

is called the population which is denoted as

Poo=1hob 1=L2- N, g=12,0,, (3-17)

X,9
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where Np is the population size, and ¢ the number of generations. The solution vector in

this case consists of the optical parameters: X = (,ua, ,[zs) The population is mutated using

the unique differential operator:

(3-18)

V. =X _+ F(xrl’g _sz,g)

1.9 0,9
where F is the difference scale factor, which is the most important control parameter of
DE. The base vector X, , and the difference vectors X,

and X, , are randomly
2>

9 g9 9

selected but ry, r;, and r, should be mutually exclusive. The mutated vector Vig then
exchanges information with a target vector Yy, ; which is selected sequentially from the
population to generate a trial vector U; , : each component in the trial vector inherits from

that of the mutated vector if a binomial trial is a success, i.e. rand [O, 1) <Cr, where Cr is

the crossover rate; otherwise, that component will inherit from the target vector. If the
trial vector is a better solution, i.e., it has a smaller objective function value, then the trial
vector replaces the target vector in the population. Finally, the generation counter is
advanced when the entire population is updated, and the solution vector with the smallest
function value is used as the solution when the maximum generation is reached. The
solution generate by the DE optimization in a small number of iterations is used as the
initial starting point for the CG optimizer. Using this hybridization scheme, we can
enhance the likelihood of finding the true solution when the a priori knowledge on the

optical properties is uncertain.

Experiments and Results: First we characterize the accuracy of our algorithm using

simulated measurements. The simulations are performed on a digital phantom of
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10mmx10mmx>10mm cube with four different optical property configurations. An
illumination source was set on one side of the cube and emitted a pencil beam of 1pyW
into the phantom. Monte Carlo (MC) simulation was used to generate the measurements
on the opposite side of the source. Because of the intrinsic Poisson noise in MC
simulated, no additional noise is added. The simulated measurements are presented in

Figure 3-3.
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Figure 3-3. Simulated measurements of four optical property configurations.

To apply the reconstruction algorithm, we generated a finite element model for
the slab. The finite element model was composed of 1708 nodes and 8665 tetrahedron
with average edge length of 1.0mm. We used a population size of 24, differential scale
factor of 0.8, and crossover rate of 0.9 for the differential evolution optimization and

allow maximum20 generations and selected the single best candidate solution from the
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population as the starting point of the conjugate gradient optimizer. The reconstruction

results are listed in Table 3-1.The relative error for the reconstruction of u, is less
than10% and the error for j, is less than 6%.

Table 3-1. Reconstructed Optical Parameters

True Reconstructed
Uy (mm’l) i (mm") Uy (mm") i (mm’l)
0.01 1.0 0.0098 1.012
0.15 1.0 0.161 0.979
0.15 0.2 0.152 0.197
0.30 2.0 0.273 2.118

Using the optical property identification algorithm, we estimated the optical
parameters of a mouse-shaped phantom (Xenogen Corporation) for different light
spectra. The phantom material was homogeneous and an illumination light source
(Xenogen XPM-2) was embedded. The light source can be treated as a point source and
has a depth of 4.8mm to the bottom surface of the mouse phantom. Using two filters of
515-575nm and 575-650nm, we obtain two sets of measurement of the photons escaping
from the flat surface of the phantom using Xenogen’s IVIS 100 series imaging system,
respectively. A finite element model was established from the microCT image volume of
the mouse-shaped phantom. The finite element model had 3864 nodes and 14708
tetrahedra. The measurements were mapped to the corresponding surface of the finite

element model, as in Figure 3-4.
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Figure 3-4.The measurements (left: GFP, right: DsRed) mapped to the surface nodes of

the mouse finite element model.

To reconstruct the optical parameters under each spectrum, we used a population
size of 24, differential scale of 0.8, crossover rate of 0.5, and maximum generation of 20
for the differential evolution optimization before the CG optimizer. The reconstructed

optical properties are listed in Table 3-2.

Table 3-2. Reconstructed Optical Parameters For Two Illumination Spectra

Spectrum (nm) I, (mm’l) i (mm")
515-575 0.1127 1.625
575 — 650 0.0167 1.551

Optical property estimation based on the PA model will inherently yield accurate optical
parameters for a wide range of tissue properties. The accuracy of the optical parameters
characterization, however, does not solely depend on the accuracy of the forward model;

the iterative algorithm could converge prematurely to an inaccurate solution if the initial
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guess is not close enough to the true solution. Fortunately, differential evolution is an
effective global search method to find a good starting point quickly. The iterative
procedure is robust to noise data and can eliminate the need of initial guess of the optical
parameters. The proposed optical property characterization method, along with the PA

model will improve the accuracy for optical molecular imaging modalities.
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Chapter 4. Finite Element Reconstruction

The reconstruction algorithms of light sources are to localize and quantify molecular
probe distribution in 3-D from light intensity measurement on surface of object. Owing to
the high degrees of absorption and scattering of light through tissue, the reconstruction of
lighting molecular probes is inherently ill-posed, commonly leading to nonunique
solutions and aberrant reconstruction in the presence of measurement noise and optical
parameter mismatches. Researchers have invested considerable effort to obtain stable
solutions for the reconstruction. Tikhonov regularization is often used to alleviate the ill-
posed nature of this problem [16, 69]. We developed a reconstruction method using
multispectral measurements [70]. The numerical experiments show that multispectral

measurements improve the spatial resolution of reconstructed images.
Section 4.1. Source Reconstruction Based on Diffusion Approximation

The diffusion approximation equations (2.1)-(2.2) with respect to®(x) can be

equivalently represented as the following weak form [53],

[ (DO)(V (X)) (V¥ (X)) + 1, (x) @ (x) ¥ (%)) d x

[, @00 (/(2A0en)ax=] 5 (¥ (x)ax 4D

for an arbitrary test function ¥(x). Following the standard finite-element method [20],
Q is discretized with T vertex nodes (N,,N,,..,N;) and N, elements, denoted as Q"
(1=1,2,..,N,), such that Q=UQ" . Then ®(x) can be approximated with a piecewise

polynomial function [53],
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O (x)~ @ (x) =Y 4, (x) when xeQ, 42)

where ¢, is the nodal value of ®(x) on the k-th node N,; and ¢, (x) the nodal basis
function with support over the elements Q" , which have the node N, as a common

vertex, that is supp(p, (X))= o Q" Similarly, the source function S$(x) is

Ny eQ

approximated as [20],
NS
S(x)= Sh(X)=ZSk7/k (x) when xeQ (4-3)
k=1

where S, are the discrete values of S(x), and y, (x) are the interpolation basis functions
(k=1,2,..,N,); N, is the number of interpolation basis functions for the source. Inserting
Egs. (4-2) - (4-3) into Eq. (4-1) and using the nodal basis functions ¢, (x) (k=12,...T) as

the test functions, we obtain the following matrix equation

(K]+[C]+[B]){@} =[M]{®} =[F]{s}, (4-4)

where the components of the system matrices are given by

J D(x V(p, (V(pj (X))dx

Q

.[Q Ha ( )dX
=[o (4-5)

J o, ( )/(2A(x;n,n"))dx

oQ

According to the convergence theorem for the finite element method [9, 21], the solution
of Eq. (4-4) converges to the exact continuous solution of the diffusion equation (1) when

the maximum size of the elements approaches zero. In the inverse source reconstruction,
38



mesh sizes and shape functions should be chosen to balance the accuracy and the

computational efficiency.

To describe the inverse source reconstruction method, we rewrite Eq. (4-4) as

|:M11 M12:|{q)m}:|:Fll F12:'{Sp} (4 6)
M-er M22 q)* F21 FZZ S* ’

where ®" represents the measurable nodal photon density on the boundary 6Q, and @”

the photon density on internal nodes. In our experiments, ®"is computed from the

surface flux image captured with a CCD camera. The source vector S is divided into two
parts: S’ in the permissible source region Q. and S” in the forbidden region. Clearly,
S” is zero by definition. Note that the permissible source region Q2. must be selected to

be sufficiently large to contain the actual source region where the reporter genes may

present. The sub-metrics, M,,, M,and M,, of M and F,,, F,, F,, andF,, of F, are
arranged in consistence with S?,S",®™ and ®". Thus, Eq. (4-6) can be reduced to
(Mu_Mlz M;21 MIz)q)m :(FII_MIZ M;; F21)Sp . (4-7)

Since the matrix M is symmetric and positive definite, ®" can be uniquely determined

from
®" =M-S", (4-8)
assuming that the source S® is known, where
M = (M11 -M,,M M/ )71 (F1 | _M12MZF1£)- In an optical imaging experiment, the

photon fluence rate @™ on the object surface can be measured with a CCD camera.
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Hence, The inverse source reconstruction is reduced to solve the linear system of

equation (4-8) with respect to SPfrom measured ®" .

Theoretically, measured photon fluence rate is two-dimensional, light sources
distribute in three-dimensional region, and the inverse source is underdetermined. An
effective way to reduce the number of unknown variables is to impose permissible source
regions [16]. Optical imaging views taken by a CCD camera indicate high-value clusters,
and prominent high-density clusters should be closer to sources than other surface places.
In some cases, permissible source regions can be also outlined based on prior knowledge.
With these hints it is easy to generate permissible source regions where light sources may
exist. Additionally, an adaptive procedure can efficiently determine permissible source
regions: an initial permissible source region can be given to perform the reconstruction
on a low resolution scale, and high values of reconstructed sources will be very likely
located in a neighbor of or within real light sources. Then, the permissible source regions
can be updated in reference to these highly valued nodes. Applying the permissible
source region can significantly reduce the number of unknown variables and enhance the

stability of the reconstruction.

Section 4.2. Multispectral Reconstruction

Bioluminescent spectral analysis experiment shows that the molecular probes typically
emit broader spectral range, and multiple spectral measurements can be performed in the
optical imaging experiment using optical filters [18, 69-71]. The four kinds of luciferase
enzymes hRLuc, CNGr68, Fluc+, and CBRed have different emission peaks at 480 nm,

543 nm, 612 nm, and 615 nm, respectively, as shown in Figure 4-1. Their fusion creates
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broad emission spectra. The spectral properties of the luciferase light source should have
a significant impact on how much of the light is transmitted to the external surface. The
detected photon densities at different energy bins carry more information about the
bioluminescence source than the corresponding integrated signals. In practice, the
spectral distribution of a specific molecular probe can be well measured in Laboratory.
Hence, the proportion factor for each spectral band to total source power can be obtained,
and the source’s total power can be decomposed into a weighted sum of energy from

each spectrum:

S=>wSs (4-9)

Normalized indensity

0 --‘_—'.'—;'—.--_—__'__'___.-_'.'|'_._-- B 1 1 1
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— hBlic e Fluc+
-—-— CBGre -—-— CRBRed

Figure 4-1: Spectral distributions of luciferase enzymes measured using spectrometry.
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The multi-spectral information can enhance the stability and accuracy of reconstruction.

Hence, Eq. (4-8) can be modified to a multi-spectral linear system of equations,

WIMI _q)]m
w,M OR
2ts=| (4-10)
WM, Ky

where M, (k =1, 2,---,T) is system matrix for each spectral band and rely on the
spectrum-specific optical parameters x, and x . Because the measured data are

typically corrupted by noise, it is not optimal to solve Eq. (4-10) directly. In generally,

optimization algorithm is often used to find an optimal solution,
n T
S =argmin Y_ |w,M, - ®7| +aR(S) (4-11)
k=1

where R(S) is a stabilizing function, and a the regularization parameter. Several

standard optimization methods can be used to solve Eq. (4-11), for example, a modified
Newton method and an active set strategy for bound constrained optimization isan
effective method to solve the minimization problem to determine light source distribution
[13, 16].

Section 4.3. Numerical Studies

Single-band reconstruction: The numerical simulation was performed using a
heterogeneous numerical phantom that contains regions resembling lungs, heart, muscle,
and bone. This cylindrical phantom had a diameter of 30mm and height of 26 mm, as
shown in Figure 4-2 (a). The phantom was discredited into 6576 vertex nodes and 11340

prism elements. The two bioluminescent sources were embedded in the left lung, as
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shown in Figure 4-2(b). The first source was located at (—8.66, 3.46, 13.10), while the
second one at (—10.21, —3.17, 13.10). Both sources had photon density of 300pW/mm3.
The permissible region was selected based on a priori knowledge, as shown in Figure 4-
2(c). This region contained 308 elements. The optical parameters averaged over the
spectral range [400 nm, 750 nm] for each type of structure in the heterogeneous phantom
are listed in Table 4-1. The simulated measurement data on the 1024 detector points on
side surface of the phantom were generated according to the finite-element forward

model. Then, the measurement data were corrupted with 20% Gaussian noise to simulate
measurement errors. We set the stabilizing function R(S)=S"S and the regularization

parameter o = 3.0 x 10°°, and then performed the source reconstruction using the single-
band BLT algorithm. The reconstructed locations of the sources are shown in Figure 4-
3(a). The photon densities of the sources are shown in Figure 4-4(a). The quantitative

data on the reconstruction are listed in Table 4-2.

26—

)

" (a) (b) («

Figure 4-2. Heterogeneous mouse chest phantom with regions represent the lungs (L),
bone (B), heart (H), and muscle (M). (a) Phantom geometry; (b) Source distribution in
numerical simulation; (c) Source permissible region in numerical simulation.
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Multiband reconstruction: We performed the proposed multispectral BLT
reconstruction using the same numerical model described in Section 3.2. According to the
literature [19, 20], various optical parameters (absorption, scattering) were assigned to
different regions of the numerical heterogeneous phantom, as listed in Table 3. Three
measurement data sets on the 1024 detector points on the phantom side surface were
similarly generated for spectral ranges [400 nm, 530 nm], [530 nm, 630 nm], and [630
nm, 750 nm], respectively. The data sets were also corrupted with 20% Gaussian noise.
With the same definition for the stabilizing function and the regularization parameter in
above Section, the three simulated spectral datasets were taken into the
multiband/multispectral reconstruction of the source distribution using our method
described in above Section. The reconstructed locations of the sources are shown in
Figure 4-3(b). The photon densities of the sources are shown in Figure 4-4(b). The
multiband reconstruction is quantitatively compared to the single-band reconstruction in
Table 4-2. Both source locations were correctly reconstructed, and the maximum relative
source power error was 35%. The reconstructed results of multispectral BLT are clearly
superior to those of single-spectral BLT. The proposed multiband reconstruction method
greatly increases the measurement information, effectively reduces the ill-posedness of
BLT, and significantly improves the accuracy and stability of the bioluminescent source

reconstruction.

Table 4-1. Optical Parameters of Each Component in the Phantom

Region Uy (mm’l) uL (mm’l)

Muscle 0.0068 1.081
Lung 0.0233 1.974
Heart 0.0104 1.008
Bone 0.0001 0.060
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Table 4-2: Reconstruction results obtained using the single-band and multiband

algorithms.
Single-band reconstruction Multiband reconstruction
Source | Position Relative | Photon density | Position Relative | Photon density
error (pW/mm?®) error (pW/mm®)
Source-1I 183.06 39.0% 195.69 34.8%
Source-II 194.58 35.1% 236.12 21.3%

Figure 4-3: Single-band and multispectral reconstructions. (a) The source distribution
reconstructed using the single-band algorithm, and (b) the counterpart reconstructed

using the multispectral algorithm.
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Figure 4-4: Source densities in the single-band and multispectral reconstructions. (a)
The source density reconstructed using the single-band algorithm, and (b) the

counterpart reconstructed using the multispectral algorithm.
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Chapter 5. Well-posed Inverse Source Model and Reconstruction

In this research, we develop a new inverse source model, and differential evolution-based
reconstruction algorithm to determine the source locations and strengths accurately and
reliably. The new model is well-posed, and has an unique and stable solution [20]. We
developed a differential evolution (DE)-based heuristic reconstruction algorithm to solve
the inverse source problem by incorporating the number of light sources as constraint in
its encoding scheme. DE is based on a spontaneous self-adaptive vector difference
operator, and displayed a superior converging behavior with a high precision.
Furthermore, we proposed an iterative method to estimate the number of isolated sources.
This novel method greatly enhances the accuracy and stability of the reconstruction [20].
Section 5.1. Well-posed Inverse Source Model

Many in vivo studies involve small and isolated bioluminescent sources, such as small
tumor sites in mouse tumor model. The photon propagation in biological tissues is highly
scattering and multiple scattering events occur around 1 mm from the source. So, a small-
size light source is blurred with the multi-scattering event to a sphere from the external
observation. In this case, the actual shape of the source cannot be retrieved from the
measured diffused signal on the surface. The location and power of a bioluminescence
source are the characteristics of interest [12, 72, 73], which can be equivalently
represented as a point source. The distribution of a finite number of light sources is

expressed as follows:

S(r)=2 wolr-r), (5-1)
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where N is the number of light sources, w, is the power of i-th source, r; is the position
of i-th source. We defined a new regularized model as: given the optical parameters s,
and u, of each subdomain Qin domain Q and the number of isolated light sources S
in the interior of the Q, the inverse source problem is to reconstruct the positions
{r, (i=12,---,N)} and powers {w, (i=12,---,N)} of the light sources from the

diffused light signal at the boundary of the object. The solution uniqueness of the inverse

source problem is guaranteed by the following theorem:

N N
Theorem 5.1 ([74, 75]): If S(r)=> wd(r—r;) and S'(r)=> w(r—r/) are two

i=1 i=1
solutions to the inverse source problem, then there is a permutation T of { L,2,---,N }such
thatw/ =w, and r/=r_.
Based on the new model, the traditional inverse source reconstruction can be

converted to the following constrained optimization problem:

min _|AS - ®@| (5-2)
Si; >0, 55, >0
S only includes kK positive nonzero values {sil 5 Sis s Siy } which represent the power of

the point sources, while the remaining components of S are zeros, i.e., the number of
sources is known to be k. The position of a positive nonzero value in the vector S
corresponds to its node index in the finite-element mesh, from which the Cartesian
coordinates of the point sources are obtained. The new reconstruction model based on Eq.
(5-2) has a unique solution, and can effectively overcome the ill-posedness of
bioluminescence tomography. The optimization problem (5-2) is which is non-

deterministic polynomial time hard (NP-hard), and cannot be efficiently solved using
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conventional gradient-based optimization methods. In this work, we present a heuristic
method based on DE optimization technique to solve the optimization problem.
Section 5.2. Differential Evolution Based Solution
The conventional deterministic optimization methods, like gradient-guided optimization
schemes have two major drawbacks for solving the optimization problem presented in
Eq. (5-2): the difficulty to incorporate the complex constraints and the inability to find
the global optimal solution. Although the regularized model (5.2) has a unique global
optimal solution, many local optimal solutions may exist, especially in the presence of
noise, inaccurate optical parameters and physical model. The local optimal solution is
suboptimal and may have poor accuracy; therefore, a powerful global optimizer is desired
to avoid locally optimal solutions of the regularized model. After surveying several
optimization methods, we adopted a DE algorithm. DE is based on a spontaneous self-
adaptive vector difference operator [20, 76-78], and displayed superior convergence
behavior and high numerical precision. Numerous benchmark and real-life problems
reported that the DE often has the fastest and most reliable convergence behavior with a
comparatively small population size [79].

Unlike most deterministic optimization methods, which operate on a single point,
DE operates on multiple points in order to sample globally, encoding each candidate
solution as a real valued vector. This representation gives DE great versatility and the
ability to handle the number of sources constraint intrinsically. Using the inverse source
model, a candidate solution S for the light source reconstruction is expressed as N

quadruples

S:{SI,SZ,---,SN} (5-3)
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wheres; = (X, ¥,, z;, ;) describes the i-th point source location in the Cartesian
coordinate and its power. Each quadruple s; is subjected to the same boundary constraint

s, <s, <5, (5-4)
The point source coordinate is limited by the dimension of the finite-element model and
the source power ranges from zero to an empirically determined value. A collection of
solution vectors {S,S,,---,S,} forms a population of size P that samples the search

space in an evolutionary fashion. The first step of DE is to initialize the population

randomly. Each quadruple S in a solution vector S is initialized as follows:
S=(<X|,Xu>,<y|,yu>,<Z|,Zu>,<W|,Wu>) (5'5)
where <0,0> denotes the uniform distribution between lower and higher values. This

uniformly distributed initial population uses no knowledge of the location of the global
optimum within the boundaries; therefore, the optimization does not depend on initial
starting point. From an evolutionary algorithms point of view, the uniform initialization
introduces diversity to reduce the probability of premature convergence.

DE belongs to a class of population-based stochastic optimization methods [20,
76, 77], which share a common structure, as illustrated in Fig. 5.1. DE got its name from
its special vector difference operator, which is of paramount importance to the algorithm.
The vector difference operator has a very simple form

U:Sr0+F'(Srl_Sr2) (5-6)
where U is the generated trial vector, I, is the index of the base vector, I and I, are the

indices of the difference vectors, F is the difference scaling factor. The trial vector may
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replace a target vector with index i. Indices i, r,, I, I, must be mutually exclusive.
The index i is selected in an ordered fashion from 1 to P. The base vector index r, is
selected in order from a permuted sequence 7= {1, 2,0, P}—{i} and the difference

vector indices I, and I, are randomly selected from the set {1,2,---, P}—{i, r,}. The

control parameter of this operator is F, which determines how much perturbation of the
vector difference to add to the base vector. F has an empirically determined bound
between [0, 1], and should use a larger value with a smaller population size and vice
versa. Adding a scaled vector difference to the base vector unavoidably causes some trial
vectors to violate the boundary constraints. In our application, violating the boundary
constraints means the source is outside the object, which leads to a failure in objective
function evaluation. To keep the boundary constraints strict, we can apply a penalty or
use a bounce-back mechanism. The penalty method discards the constraint violated trial
vector, while the bounce-back replaces it with a valid one. We prefer the latter boundary
satisfaction strategy, because it will perform better sampling near the boundary. The
bounce-back is given as follows:

X, +(0, 1>'(Xl,i _Xro,j)’ Uj <X

Uj =19, ; +(0, 1>'(Xu,i _Xr0>j)’ Ui > Xy j (5-7)

u; otherwise

where u; is the j-th element of the trial vector U, X,, j1s the j-th element of the base

vector S, , X ; is the lower bound of the j-th element of a solution vector, X, ;is the

N
upper bound. The beauty of this simple but powerful operator is that it can adjust the step

size of the perturbation without additional computation or input. In the early stage of the
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optimization, the vector differences are large because of the wide spread population. As
the search proceeds, the candidate solution vectors aggregate to promising areas in the
search landscape, so the vector differences become smaller, and the vector difference
operator becomes a fine-tuning operator. Such a spontaneous self-adaptation mechanism
provides the DE algorithm with a balanced exploration/exploitation and high numerical
precision.

DE could use several crossover schemes, such as binomial, exponential, or either-

or. We adopt the most commonly used binomial crossover scheme, which is given by

(5-8)

S, otherwise

{uj, (0,1)<SCROF j = jang

where @) is the crossover operator, CR is the crossover rate. Randomly picking an index

Jrang Prevents the duplication of the target vector when a very low crossover rate is

applied. The binomial crossover mutates the target vector: with zero crossover rate, only

the j..4 —th element in the solution vector is mutated; and with ~ 1 crossover rate, the

target vector is almost entirely being replaced by the trial vector. The high crossover rate
leads to better convergence behavior, but it could expedite the convergence so much that
the search converges prematurely. In contrast, a low crossover rate is unlikely to
experience stagnation, but the population takes longer to converge. To take advantages of
both high and low crossover rates and minimize their shortcomings, we proposed a two-
stage crossover scheme for the DE: in stage one, the algorithm operates with a low
crossover rate, i.e., CR < 0.2, for a certain number of generations, then the algorithm
switches to a high crossover rate state, i.e., CR > 0.8, which speeds up the convergence.

The search is then terminated when a majority, i.e., > 95% of the population converges to
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a single point. The two-stage optimization is especially useful for highly multimodal

landscapes, where an over expedited convergence is often a premature one.
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set the number of sources N < 0
while N < Nyrax or NOT over-represent do
N&N+1
initialize each candidate solution X; = {x;...xp}
evaluate each X;, i=1... P
while NOT termination condition reached do
repeat
T <= permute {1,...,P}
until 7, #4,i=1...P
fori=11t P do
repeat
random select 1, 72 from {1 ..... P}
until r1 #r2 41 # 4
UeX,+F- (X — X,2)
U« X; ® U
evaluate [V
if =(U) < =(X;) then
X, <U
end if
end for
end while
X« miny, {e(X;)}i=1...P
for j=1 10N do
for k=j+1twNdo
if ||x?‘”'" - xf_m | < resolution then
combine sources x°?* and xg‘”t‘
over-represent <= TRUE
end if
end for
end for
end while

Figure 5-1. General structure of

evolutions algorithms.

Algorithm 5-1. DE-based heuristic solution
for the regularized BLT.

We have assumed that the number of point sources used in the reconstruction is

known. In some imaging applications, the number of sources can be estimated directly by

biological means; in other cases, this information is unavailable. We present a method to

estimate the number of sources from the reconstruction results iteratively. When the

assumed number of point sources used in the reconstruction is slightly larger than the
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actual number of sources, several point sources will aggregate to represent a single point
source, this situation we call “over representation”. Given a desired spatial resolution, we
are able to detect the overrepresented source as multiple point sources aggregate within
the desired resolution and can be combined to a single source. The iterative process
consists of performing a series of reconstructions with an increasing number of point
sources; at the end of each reconstruction, if two or more sources are close enough, they
are combined into a single source, hence the overrepresentation is detected and the
correct number of sources is determined. With this algorithm, the regularized BLT
reconstruction only requires a user-determined spatial resolution for the image as
additional a priori information. As a summary, the pseudo code of the DE-based

reconstruction algorithm is provided in Algorithm 5-1, where ¢ is the objective function

HS j —SkH is the distance between source j and k.

Section 5.3. Numerical Studies

Numerical simulation experiments were performed to verify the proposed methodology
using an ellipsoidal digital phantom with semi-principal axes of length 15mm, 7mm, and
7mm. The ellipsoid centered at the origin of a Cartesian coordinate system. The digital
phantom was discretized into 7421 nodes and 38160 tetrahedra with an average edge
length of 1.2 mm. The photon fluence rate on the boundary was generated using Monte
Carlo (MC) simulation [51, 80] and the value is recorded at every surface node of the
discretized ellipsoid phantom. The optical parameters of the digital phantom were set to

u, =0.01 (mm‘l) and u. =1.0 (mm‘l). We discussed two models of source distribution

with two and three point sources, and generated two datasets of boundary measurements
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through, respectively, as shown in Figure 5-2. In the two-source case, the sources
locations were assigned as (0.0, 5.0, 5.0) and (5.0, 0.0, 5.0) in Cartesian coordinates using
millimeter units. In the three-source case, an additional source at (0.0, 0.0, 2.0) was

included. All sources had an equal power of 0.3 14pico-Watt.

Phaton Fluence
Rate (femtoWatt)

Photon Fluence
Rate (femtoWatt

5.00
4.45
3.90
3.35

- 2.80
| 2.25
1.70
1.15
l 0.60

0.05

(a) (b)

Figure 5-2. Simulated boundary photon fluence rate from (a) two point sources (b) three

point sources.

Note that not much difference between Figure 5-2(a) and (b) can be directly
observed, and the number of sources cannot be confidently estimated through the surface
signal. Using the two datasets of boundary measurements, we performed the proposed
reconstruction method to recover the number of sources, source locations, and powers
from the simulated surface measurement with a desired resolution of 1.6 mm. The
reconstructed sources were good agreement to true source distributions, as shown in
Figures 5-3(a) and 5-4(a). The extra sources would aggregate around the true source

when the number of sources assumed in the reconstruction process was greater than the
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actual number. If the separations of aggregated sources were within the desired
resolution, they would be combined as a light source. In this way, the number of point
sources in both source distribution model was correctly identified, as shown in Figures5-
3(b) and 5-4(b). The final reconstruction with the correct number of sources was able to

represent the source distribution accurately within the desired resolution.

(@ (b)

Figure 5-3. Reconstruction results of two bioluminescence sources. (a) Two extra

sources were assumed. (b) Exact number of sources was used.

The reconstructed point source positions and source powers are listed in Tables 5-
1 and 5-2 for the two-source and three-source cases, respectively. The maximum error for
source position was 0.6 mm and the maximum relative error for source power was 8%.
The reconstruction used a population size of 100, a vector difference scale factor of 0.5, a
low crossover rate of 0.2 for the first 100 generations, and a high crossover rate of 0.9
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until convergence. The computation time was 30 and 45 seconds on a workstation with a

2.6 GHz Intel Xeon processor for the two-source and three-source cases, respectively.

15 15
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(a) (b)

Figure 5-4. Reconstruction result of three bioluminescence sources. (a) One extra source

was assumed. (b) Exact number of sources was used.

Table 5-1. Reconstruction Result for Two Point Sources

Source # X (mm) Y (mm) Z (mm) Power (picoWatt)
1 0.098 5.029 4.584 0.336
2 4.5 0.159 4.925 0.293

Table 5-2. Reconstruction Result for Three Point Sources

Source # X (mm) Y (mm) Z (mm) Power (picoWatt)
1 0.098 5.029 4.584 0.329
2 4.5 0.159 4.925 0.301
3 0.074 0.552 1.785 0.289
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Aside from the reconstruction accuracy, we tested the reconstruction robustness
against inaccurate optical parameters. In most BLT applications, the optical parameters of
the biological tissues used in the reconstruction have various degree of inaccuracy.
Inaccurate tissue optical properties could affect the reconstruction accuracy significantly
[81, 82]. We investigated the impact of optical parameter variation on the proposed BLT
model and DE-based reconstruction method by adding +10% perturbation to absorption
and reduced scattering coefficients in a MC simulation. The simulations were performed
on the same ellipsoidal digital phantom with two point sources at (0.0, 5.0, 5.0) and (5.0,
0.0, 5.0), and used similar settings as the previous analysis. The actual absorption

coefficient and reduced scattering are u, =0.01mm™" and x. =1.0 mm™". The results

(see Tables 5-3 and 5-4) show that the proposed reconstruction method is robust against
optical parameter perturbation, especially for source position.

Table 5-3. Effects of absorption coefficient variation on reconstruction results

¢, =0.009 mm™' #, =0.011mm™
Source 1 position error (mm) 0.82 0.43
Source 1 power error (%) 17% 13%
Source 2 position error (mm) 0.53 0.53
Source 2 power error (%) 15% 11%

Table 5-4. Effects of reduced scattering coefficient variation on reconstruction

results
ut=0.9mm™ i =1.1mm"
Source 1 position error (mm) 1.42 0.43
Source 1 power error (%) 23% 19%
Source 2 position error (mm) 0.53 0.53
Source 2 power error (%) 19% 18%
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Based on the model with three-source
distribution, optical parameters and boundary
data same to above description, we further
implement the reconstruction of light sources
using the popular regularization optimization-
based reconstruction method [16-18]. As a
result, the reconstructed light source distribution
has a big difference to true source distribution,
as shown in Figure 5-5. The reason is the ill-
posedness of the conventional inverse model,
which commonly lead to nonunique solutions
and aberrant reconstruction in the presence of
measurement noise and optical parameter

mismatches. Although regularization technique

Figure 5-5. Reconstruction result of
three bioluminescence sources using

conventional regularization method.

may improve the reconstruction, the solution sensitively depends on the regularization

parameters, which small variation of regularization parameter would lead to a big

difference of the reconstructed light source distribution. Moreover, the number of light

sources inside object is not constrained in the conventional reconstruction method, which

often reconstructs multiple light sources with low powers instead of a true light source,

resulting in a total different light source distribution.

Section 5.4. Experiments and Reconstruction Results

We apply the regularized reconstruction method for a phantom study. The phantom

experiment was performed on a mouse-shaped phantom with two embedded LED
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sources, as shown in Figure 5-6. The positions of the LEDs were revealed by computed
tomography (CT) scan of the phantom, shown in Figure 5-7.

We performed the experiment using both LEDs as light sources. The LED near
the neck had an intensity of 1.11 x 10'" photons/s and the intensity of the LED at the
abdomen was 1.25 x 10" photons/s. The surface photon fluence was measured using
Xenogen’s IVIS 100 series imaging system. A filter of 515-575 nm was used to limit the
spectrum of the signal, and the corresponding optical parameters of the phantom were

u, =0.091mm™" and x! =1.88 mm™. In contrast to the popular four-view configuration

for BLT, we only captured partial measurements from dorsal and ventral views to
demonstrate the robustness of the reconstruction. The surface measurements were
normalized. A geometrical model of the phantom was constructed from the CT scan
images using Amira 4.0 (Visage Imaging, Inc.). The geometrical model was discretized
into 14844 nodes and 75107 tetrahedra. The partial surface measurements were mapped

to the corresponding boundary nodes of the model, as shown in Figure 5-8.

Figure 5-6. Mouse-shaped phantom from Caliper Life Sciences.

60



Using the same optimization parameter configuration previously presented, the
reconstruction took one minute and ten seconds on the same Intel Xeon workstation. The
reconstructed source locations are shown in Fig. 5-9. The difference between the
reconstructed locations and the LED positions measured on the CT scan images were less
than 2 mm, and the reconstructed source strength ratio was 1.52:1 for the LED in the

abdomen region versus the one near the neck.

(b)

(c) (d)

Figure 5-7.CT scan reveals LEDs’ positions in the phantom. (a) sagittal view of LED 1;
(b) sagittal view of LED 2; (c) axial view of LED 1; (d) axial view of LED 2.
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{a)

Figure 5-8. Partial surface photon fluence rate. (a) dorsal view; (b) ventral view.

Finally, we applied the proposed method to detect tumors labeled with firefly
luciferase reporters in a mouse study. Tumors were induced by injecting the 22Rvl-
luciferase human prostate cancer cell line intracardially into severe combined
immunodeficiency (SCID) mice. After a few weeks, a cancer-bearing mouse was injected
with D-luciferin at a dose of 100u/ per 10g body weight. The surface photon emission of
the bioluminescent reporters, as shown in Figure 5-10, was captured by a highly sensitive
liquid nitrogen-cooled CCD camera (Figure. 5-11) using four views, as in Figure 5-12.
The mouse abdominal section was scanned using micro-CT and a finite-element model
that described the optical property heterogeneity was constructed from the CT image

volume using Amira 4.1 (Visage Imaging, Andover, MA), as shown in Figure 5-13(a).
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The model consisted of 15971 nodes and 87513 tetrahedral elements. The optical

parameters of each organ are listed in Table 4-5 [61].

80r
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(a) (b)

Figure 5-9. Reconstruction results of LED sources. (a) Reconstructed location of
LEDL1. (b) Reconstructed locations of LED2.
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Figure 5-11. Bioluminescence tomography system with liquid nitrogen-cooled CCD

camera.
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(a) (b) (c) (d)

Figure 5-12. Four bioluminescence views. (a) anterior-posterior view (b) right lateral

view (c) posterior-anterior view and (d) left lateral view.

We set the population size to 150. The reconstruction took one minute and forty
seconds on an Intel Xeon workstation. Two tumors, located on top of the kidneys were

found; the tumor locations are presented in Fig. 5-13(b). The reconstructed source powers
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are 14.4 nanoWatt for the bigger tumor and 8.6 nanoWatt for the small tumor. For
verification, the mouse was dissected to locate the tumors (Fig. 5-13(c)): one tumor was
found on each adrenal gland with volumes of 468 mm® on the right and 275 mm® on the
left, which had good agreement with the reconstruction. The reconstruction using the
proposed method is also consistent with previously published reconstruction results on

the same dataset.

Table 5-5. Approximated Optical Parameters for Mouse Organs

Organs Uy (mm_l) 7 (mm‘l)
Muscle 0.23 1.00
Liver 0.45 2.00
Stomach 0.21 1.70
Kidney 0.12 1.20

(] 7
ulmrll

(a) (b) ©)
Figure 5-13. Reconstruction of adrenal gland tumors. (a) Finite-element model of the

abdominal section of the mouse, (b) Reconstructed adrenal gland tumors vs. histological
verification (c).
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In summary, we proposed a regularized inverse source model that incorporates the
number of sources as a constraint and devised a scheme to determine the number of
sources automatically. The regularized inverse source model significantly reduced the
number of variables in the optimization procedure, and more importantly, produced a
unique solution. Furthermore, we adapted the DE method to solve this optimization in a
two stage variation for efficient source reconstruction. The DE integrates the number of
sources constraint directly into its versatile solution vector encoding scheme. DE also has
the ability to locate the global optimum regardless of the initial values, and exhibits a fast
and reliable convergence behavior. Using numerical studies, we demonstrated that the
proposed method is able to accurately localize and quantify light source distribution from
noisy measurements and inaccurate optical parameters. The phantom study further
demonstrated the robustness of the proposed method by locating the LED sources using
measurements that only covered part of the surface. This result suggests that the proposed
reconstruction method could reduce the imaging time and facilitate the hardware design.
The in vivo study presented a practical example of the effectiveness of the method, and
the result showed a good agreement with the histological verification along with
consistency with the previously published results. However, there are several major
limitations to the proposed method. First, the optimization problem has a dimension that
equals to four times the number of sources. The population size and generation of the
optimization problem will increase rapidly as the dimensionality increases; therefore, the
DE optimization method is not suitable for the source distributions that need to be
approximated by too many point sources. Second, although the regularized model is well

applied to small isolated source reconstruction, the regularized model may not work well
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on distributed sources. The application of the proposed model to the distributed source is
worth a systematic study in the future. Third, the iterative method for estimating the
number of point sources needs to solve the reconstruction problem several times, and
only one of the many reconstructions is used as the final result; therefore, when the
number of sources cannot be determined from a priori knowledge, the computational
efficiency will be greatly compromised. We also emphasize that our regularized BLT
model is converted to an optimization with complex constraints. The resulting
optimization problem cannot be adequately solved by a gradient-based optimization
method; therefore, a fair comparison in performance between the DE-based method and

the gradient-based method cannot be easily implemented.
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Chapter 6. Monte Carlo Fluorescence Microtomography

Fluorescence molecular imaging is a very popular method to study biological molecules,
pathways and events in living cells and tissues. With its sensitivity, specificity, non-
invasiveness and cost-effectiveness, fluorescence molecular imaging is widely applied in
preclinical and clinical applications. An important application of optical imaging for
regenerative medicine and tissue engineering is to monitor cell growth and distribution in
the scaffold. Tissue regeneration involves extensive remodeling of cells and scaffolds.
Cells are labeled with GFP and mKate fluorophores and seeded on the scaffolds. Cells
are visualized in the blue, green and red channels with a fluorescent microscope. From
the measured fluorescence data, we further resolve the labeled cell distributions in 3D in
order to monitor cell proliferation and migration in a bioengineered blood vessel using
optical tomography. The visualization of biological processes in living systems has the
main expectation in localization and quantification of molecular changes associated with
a disease at an early stage rather than later when morphological changes have occurred.
Fluorescence molecular imaging is used to visualize the development of bioengineered
blood vessels in bioreactors and after implantation into living animals in real-time for the
applications of regenerative medicine.

The imaging limit of conventional microscopy can be derived from the mean free
path (MFP) of a photon. The MFP describes the average distance that a photon travels
between two consecutive scattering events. The MFP is of the order of 100 um in tissue,
which means that the bulk of photons propagating through a 100-um tissue slice will

experience at least one scattering event, resulting in image blur. Photon scattering
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degrades this ability at increasing depth, and fundamentally limits the penetration
capacity of microscopic imaging. Confocal and multiphoton microscopy have been
developed to image specimens thicker than 10-20 um, and have revolutionized biological
discovery by allowing the noninvasive study of life processes in unperturbed
environments. The increasing need to study biological processes in vivo has driven the
development of photonic methods that can be used to image well beyond the penetration
limits of conventional microscopy. Because of the intense light scattering it becomes
difficult to image fluorescence probe distributions with thicker tissue samples using
current fluorescence microscopy techniques. After propagating over a few hundred
micrometers, fluorescence light would become highly diffusive. The state-of-the-art
microscope operates only at depths less than one transport mean free path length in
tissue. With the intense scattering signal, it becomes difficult to image a fluorescence
probe distribution within a thick biological sample using the current fluorescence
microscopy.

In this chapter, we present a fluorescence tomographic method to reconstruct an
optical molecular probe distribution using a standard fluorescence microscope on a thick
biological sample [83]. The light propagation through the biological tissue is a
complicated process that involves both absorption and scattering. The photon propagation
model governs the interaction between light and tissues, and is essential for tomographic
imaging with visible and near-IR light. The popular diffusion approximation model (DA)
is fairly accurate and efficient in the cases of highly scattering and weakly absorption in a
large tissue sample. However, the DA model suffers from a substantial discrepancy near

either sources or boundaries, which happens to be the case of microscopic imaging [55].
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As introduced in Section 3.5, Monte Carlo simulation (MC) is a statistical technique that
accurately traces photon paths in the biological environment. The MC method is based on
randomly constructing a set of trajectories of photons propagation in tissues while the
step size and direction of each trajectory depends on the absorption and scattering
properties of tissues. The MC method can give an accurate estimation for light
propagation. However, the MC method takes long computation time. MC simulation
could be sped up by the parallel computation, such as CPU clustered supercomputers.
However, traditionally supercomputers are neither readily available nor accessible to
most researchers and clinical users due to the prohibitively high cost of facility
deployment and maintenance. Recently, the massive parallel approach using general-
purpose graphic processing units (GPGPU) has been adopted to speed up the MC
simulation. GPU is well suitable for the problems that can be parallel executed due to its
special architecture. Alerstamet al. showed that GPU-based acceleration could be applied
in the MC simulation to obtain a massive speedup over the traditional CPU
implementation[84]. We implemented a GPU-based Monte Carlo simulator on a multi-
GPU system with the CUDA platform [85, 86]. Using four NVidia Tesla C1050 GPUs,
we are able to archive a speedup of over 800 times compared to the same implementation
on a single Intel Xeon CPU core, enabling the Monte Carlo method to be used in the

inverse process.

Section 6.1. Inverse Monte Carlo Reconstruction
Using the GPU-based Monte Carlo simulation, we developed a Monte Carlo algorithm
for fluorescence tomography. Usually, microscopic imaging focuses on a region of

interest (ROI) in the biological sample and acquires surface fluorescence scattering
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signals emitted from optical molecular probes in the ROIL. The ROI volume can be
discretized into finite volumetric elements. Based on Eq. (4-8), the acquired photon
fluence rate data on the surface of the ROI is a linear combination of fluorescence source
intensities,

®=A-S (6-1)
where @ is a vector of the photon fluence rate measured at each pixel, S a vector of
fluorescence source intensities, and A the discrete Green function. A column vector of A
is constructed from the photon fluence rate at each pixel computed from the GPU-based
Monte Carlo simulator assuming that each potential elemental fluorescence source has
unit intensity.

In practice, the measurable quantity @ in Eq. (6-1) can only be collected on a
partial external surface of an object, either upside or downside of a biological sample,
while the fluorescence sources are distributed in a 3D domain. Clearly, the source
reconstruction is an ill-conditioned problem, which often produces false solutions due to
the existence of multiple solutions and the presence of measurement noise.
Regularization is often used to stabilize the reconstruction. With the use of regularization,
such as Tikhonov regularization, feasible region constraint, and compressive sensing-
based |;-norm regularization, fluorescence tomography shows improvements but the ill-
posedness of the problem remains.

To find a stable solution, here we introduce a well-posed model to regularize the
inverse source problem: given the prior optical parameters of the sample including the
absorption coefficient p,, scattering coefficient us, and anisotropic factor g, then the

positions and powers of luminescent sources can be uniquely determined from the

71



measurable diffused light signal on the boundary of the ROI under the assumption that
the number of isolated luminescent sources n is known in the ROI. Based on this concept,
Eq. (6-1) can be converted to an optimization problem:
min [|AS — @|
S
st. s, >0, k=12,---,n (6-2)

s; =0, je{ilﬂiZ’”"in}
where the vector S only includes n positive nonzero Values{sil Si, ,---,sin}, which

represents the power of the fluorescence sources, and its index {i,,i,, i, | correspond to
the source positions. The new reconstruction model based on Eq. (6-2) has a unique
solution, and can effectively overcome the ill-posedness of fluorescence tomography.

Eq. (6-2) is an optimization problem subject to complex constrains, which is NP-
hard, and cannot be solved efficiently using a commonly adopted gradient-based
optimization method. In the work, we developed a differential evolution (DE)-based
heuristic reconstruction algorithm to solve the optimization problem[20, 76]. DE is based
on a spontaneous self-adaptive vector difference operator, and displayed a superior
converging behavior with a high precision. Experience with numerous benchmark and
real-life problems suggests that the DE often has a fast and reliable converging behavior
with a relatively small population size [87]. Each candidate solution in DE is a weighted
combination of the columns in A. Due to the rapid convergence of DE, the optimizer can
delineate the feasible region of the fluorescence sources in a few generations (i.e.,
iterations), and many of the columns in the discrete Green function A are never used.
Taking advantage of this observation, we replace the full Green function construction

with an on-the-fly evaluation scheme: whenever a column in A is needed in a candidate
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solution, and has not been evaluated, that column will be computed by performing the
Monte Carlo simulation. Comparing to the full Green function evaluation, the on-the-fly
scheme saves about 40-70% of Monte Carlo runs, which further speeds up the
reconstruction process.

The constraint on the number of light sources, however, cannot be always
obtained from in advance. We can heuristically determine the number of light sources by
gradually increasing the number of sources and solve the optimization problem in Eq.
(4.2). For each reconstructed source distribution, if two or more sources are so close that
they cannot be isolated within a user-provided spatial resolution, they are combined into a
single source. After the source combination, the source distribution is equivalent to a
previous reconstructed counterpart with a smaller number of sources. Such a number can
always be iteratively and heuristically determined to interpret measured data effectively

and efficiently.

Section 6.2. Experimental Studies

We investigated the accuracy and robustness of the
proposed fluorescence microtomography approach
in experiments on biomimetic tissue scaffolds.
Three poly (D, L-lactide) (PDLA) scaffolds were

fabricated using an electrospinning technique with

thicknesses of 0.65, 0.8, and 1.4 mm, respectively.

Figure 6-1. Microbead

The optical properties were measured using a

distribution in the scaffold.
spectrophotometer (Varian Cary 5000 UV-Vis-
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NIR, GM], Inc.). The absorption coefficient is approximately 0.01(mm™), the scattering

coefficient 15.0 (mm™), and the
anisotropic factor 0.9. Fluorescence

microbeads of 90 micron diameter

(Spherotech Inc.) were laminated and

pressed onto each scaffold sample to

filter
O A

mimic green fluorescence labeled
cells.  The  actual  microbead
distribution was captured under a
fluorescence microscope, as shown in

Figure 6-1, and serves as the control

473nm even illumination field

image. The scaffold was illuminated Figure 6-2. Schematic diagram of the
using a uniform field of blue laser microbead imaging experiment.

light (A = 473nm) to excite the microbeads, and the emission signal captured using an
EMCCD camera with a 1x long working distance lens (Mitutoyo, M Plan 1x), creating a
field of view of 8.192mmx8.192mm same as the size of the EMCCD sensor, as shown in
Figure 6-2. From each set of captured emission signals, we reconstructed the microbead
distribution using the proposed reconstruction method, as shown in Figure 6-3. The
results show no significant difference in localization accuracy over all the scaffold
thicknesses. Fig. 6-3(b), (e) and (h) present maximum position errors of ~250 micron,

~275 micron and ~500 micron respectively. These reconstruction errors were relative to

the size of ROIL, and induced from the measurement noise rather than the ill-posedness of
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the reconstruction. This claim was confirmed in our numerical simulation where a

reduced measurement noise was correlated to improved location accuracy.

Figure 6-3. Scaffold experiment results. (a) An microbead fluorescence emission image from a
0.65 mm thick scaffold; (b) a reconstructed microbead distribution from (a); (c) the projected
fluorescence emission image from (b); (d) a microbead fluorescence emission image from a 0.8
mm thick scaffold; (e) the reconstructed microbeaddistribution from (d); (f) the projected
fluorescence emission image from (e); (g) a microbead fluorescence emission image from a 1.4
mm thick scaffold; (h) the reconstructed microbead distribution from (g); and (i) the projected

fluorescence emission image from (h).
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We also performed the reconstruction of microbead distribution from same
dataset described above for the sample with a 0.65 mm thick scaffold using popular
regularized optimization method and conventional inverse source model. As a result, the
reconstructed microbead distribution has a significant difference to the true distribution,
as shown in Figure 6-4. The conventional inverse source model is ill-posed for
reconstruction of multiple sources, and often produces false solutions due to the existence

of multiple solutions and the presence of measurement noise.

Figure 6-4. Reconstructed microbead distribution (right) from fluorescence emission

image of a 0.65 mm thick scaffold (center) using conventional inverse source model; the
true distribution is on the left.

In summary, we have developed a novel fluorescence microtomography approach
to reconstruct fluorescence reporters in thick biological samples. This tomographic
imaging method is based on a well-posed inverse model we have established, and has a
unique and stable solution. Our experiments have demonstrated that the proposed
fluorescence microtomographic method is able to localize and quantify an optical
molecular probe distribution accurately, up to a spatial resolution of several hundred
microns in relatively thick and highly opaque samples. Using higher powered

microscope, we expect further improvement in spatial resolution.
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Chapter 7. Conclusion

Section 7.1 Main Contributions

Optical molecular imaging is to monitor physiological and pathological activities in
small-animal models at the cellular and molecular levels non-invasively. With its high
sensitivity and low cost, the optical molecular imaging has significant applications in pre-
clinical researches. Optical molecular tomography is to localize and quantify optical
molecular probe distribution in 3D from the measured optical signal on mouse external
surface. The researches mainly focus on photon propagation modeling in biological
tissues and reconstruction algorithms for optical molecular tomography. The main

contributions are summarized as follows.

The optical molecular tomographic imaging relies on the optical parameters of
tissues, which would produce a significant effect on the reconstruction image of
molecular probes [82]. We have proposed a method to estimate the optical parameters for
the phase-approximation (PA) model. Specifically, we have designed an iterative
algorithm to take advantage of both the global search ability of the differential evolution
algorithm and the efficiency of the conjugate gradient method. We demonstrated the
feasibility and merits of the proposed method in both numerical simulation and phantom
experiments. The proposed optical property characterization method, along with the PA
model would improve the accuracy of optical molecular tomographic imaging.

The reconstruction of inverse source problem is ill-posed, commonly leading to
non-unique solutions and aberrant reconstruction in the presence of measurement noise
and optical parameter mismatch. Existing works were mainly based on an ill-posed

inverse source model, and applied the regularization method to improve the
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reconstruction. However, the reconstructed result is very sensitive to regularization
parameter selection; a small variation of regularization parameters would lead to a big
difference of the reconstructed light source distribution. Moreover, the reconstruction of
multiple light sources in an object would face increased challenges. We published the
first paper on multispectral bioluminescence tomography (BLT). The multispectral BLT
approach improves the accuracy and stability of the BLT reconstruction. Furthermore, we
presented a novel inverse source model for optical molecular tomography with the
knowledge of the number of light sources. This new model is well-posed and has a
unique and stable solution. Based on this model, we developed a differential evolution-
based reconstruction algorithm to determine the source location and strength accurately
and reliably. The numerical and phantom experiments, and mouse studies have verified
the proposed approach can achieve accurate and stability solution. To enhance the spatial
resolution of fluorescence tomography into micron scale, we proposed the first optical-
based fluorescence microtomography to image cells in a tissue scaffold based on Monte
Carlo simulation [83]. We demonstrated the efficiency and accuracy of the inverse Monte
Carlo method on a massive parallel processing architecture.

Section 7.2. Software Developments

Scientific research is only meaningful if the results are reproducible. However, many
published research results are not reproducible and independently verifiable. The lack of
reproducibility severely undermines the practical impact and even the authenticity of the
research work. The major problem is that the traditional scientific publication is limited
to the paper medium, which prohibits a complete documentation of the research work.

Computer program source files are often unavailable. Even with the authors’ source
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code, failure to replicate reported results often caused by the lacks of guidance to compile
and execute the program. Availability and compatibility of operating system, compiler
tool chain, and libraries can further hinder the portability of source code distribution.
Such difficulties often dismiss the effort to reproduce, verify and reuse other researchers’
product. In our research, we produced several computer programs to implement the
reconstruction algorithms. The programs are written in C++, and Intel C++ compiler and
Intel Math Kernel library are used. The programs are compiled and executed under Linux
platform. Programs use simple command-line interface.

Typical method of reproducible research involves heavy documentation and
programming guideline. In addition to proper documentation and abiding the guidelines,
we proposed software as a service (SaaS) solution to promote reproducible scientific
computation. Instead of distributing the source code and let end users to deploy the
program locally; we directly deploy our programs on internet cloud servers. Amazon EC2
provides powerful computation oriented instances that fit our intense computation needs.
A web interface to our program will be programmed using JSP and Servlet. Researchers
who need to execute our programs can do so via web interface in a browser. Amazon S2
service can provide adequate storage of the user uploaded and result data. The SaaS
solution will provide a quick and easy way to reproduce results, and potentially increase
the impact of our work.

Section 7.3. Future Topics
Nanoparticles are particularly useful as imaging probes because of their unique
physicochemical properties and their apparent lack of overt toxicity. The surface area to

volume ratio increases as spherical particles decrease in diameter. A high ratio allows for
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greater surface functionality, which can be used to tune particles for tissue or cell
targeting in vivo. A typical nanoparticle with a diameter of 5-10 nm is similar in size to
human albumin and smaller than an immunoglobulin protein. The size of the
nanoparticles can result in wider distribution in vivo because they are less hindered by
biological barriers than larger particles of the same chemical composition. Both the size
and surface properties of nanoparticles are important for their interaction with biological
systems and their distribution in the circulation. These nanoparticles may passively target
tissues or cell types in vivo, or they may be modified with targeting moieties to actively
target diseased cells for cancer targeted imaging and therapy.

Typical carbon nano materials, like carbon nanotubes and graphene, have many
interesting physical and chemical properties that are potentially useful in biological and
biomedical applications [88, 89]. Well-functionalized carbon nanotubes stable in
physiological environments have been shown to be nontoxic to cells in vitro and in vivo
to mice. Carbon nanotubes have been widely used as drug delivery vehicles for in vitro
drug and gene delivery as well as for vivo cancer treatment [90]. In addition, the intrinsic
optical properties of single-walled carbon nanotubes (SWNTs), including resonance
Raman scattering, near-infrared (NIR) photoluminescence, and NIR optical absorption,
can be utilized in biomedical imaging and phototherapy applications.

Recently, biomedical applications of grapheme at the cellular level have been
explored. Nanographene sheet (NGS) functionalized with polyethylene glycol (PEG)
exhibits high solubility and stability in physiological solutions and has been used for in
vitro drug delivery and imaging. By the studies for behaviors of PEGylated NGS in mice

by in vivo fluorescence imaging, one observed surprisingly high tumor accumulation of
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NGS in a few different xenograft tumor models, likely owing to the enhanced
permeability and retention (EPR) effect of cancerous tumors. Using the strong NIR
optical absorption ability of NGS for in vivo photothermal therapy of cancer and
achieved highly efficient tumor destruction by intravenous NGS injection followed by
low power NIR laser irradiation. Highly efficient tumor passive targeting of NGS has
been observed in several different tumor models without utilizing any targeting ligands,
such as antibodies. Many important applications, observing the NGS targeting,
quantifying the NGS accumulation around tumors and the NGS concentration for in vivo
photothermal therapy of cancer, can be achieved using fluorescence tomographic
imaging. Novel contrast agents provide outstanding opportunities to visualize and
analyze specific biological targets, signal pathways, and therapeutic responses [91, 92].
The nanophosphors emit near-infrared (NIR) luminescence light upon x-ray
excitation [93]. As optical probes, these nanophosphors potentially allow sensitive and
specific high-resolution imaging in vivo[94]. Using the nanophosphors, x-ray
luminescence computed tomography (XLCT) was recently proposed as a new molecular
imaging modality [95]. The experiments demonstrated that XLCT could image the cross-
sectional distribution of nanophosphors [96]. XLCT has several advantages comparing to
other optical molecular imaging modalities. First, the anatomy and the nanophosphors
can be imaged in a single scan. Second, the use of x-ray excitation eliminates the
autofluorescence in optical fluorescence imaging. Third, the straight line propagation of
x-rays in a biological object means a localized and deep probing capability, promising to
improve the spatial resolution significantly [95]. Through selective excitation with a

pencil x-ray beam, XLCT can perform in vivo tomographic imaging on a region of
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interest (ROI) to reduce radiation dose and shorten experimental time. This selective
excitation mechanism is similar to x-ray fluorescence computed tomography (XFCT),
which is used to map elements inside samples. XLCT currently works in a pencil beam
scanning mode and need long scanning time. Fan-beam scanning modes can improve the
imaging efficiency, and can accurately localize and reliably quantify the nanophosphor

distribution in the tissue from the surface NIR measurements.
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