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Abstract
As a molecular imaging technique, bioluminescence tomography (BLT) with
its highly sensitive detection and facile operation can significantly reveal
molecular and cellular information in vivo at the whole-body small animal
level. However, because of complex photon transportation in biological
tissue and boundary detection data with high noise, bioluminescent sources
in deeper positions generally cannot be localized. In our previous work, we
used achromatic or monochromatic measurements and an a priori permissible
source region strategy to develop a multilevel adaptive finite-element algorithm.
In this paper, we propose a spectrally solved tomographic algorithm with a
posteriori permissible source region selection. Multispectral measurements,
and anatomical and optical information first deal with the nonuniqueness of
BLT and constrain the possible solution of source reconstruction. The use of
adaptive mesh refinement and permissible source region based on a posteriori
measures not only avoids the dimension disaster arising from the multispectral
measured data but also reduces the ill-posedness of BLT and therefore
improves the reconstruction quality. Reconsideration of the optimization
method and related modifications further enhance reconstruction robustness
and efficiency. We also incorporate into the method some improvements for
reducing computational burdens. Finally, using a whole-body virtual mouse
phantom, we demonstrate the capability of the proposed BLT algorithm to
reconstruct accurately bioluminescent sources in deeper positions. In terms of
optical property errors and two sources of discernment in deeper positions, this
BLT algorithm represents the unique predominance for BLT reconstruction.

(Some figures in this article are in colour only in the electronic version)
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1. Introduction

Because of its unique characteristic as a small animal molecular imaging modality,
bioluminescence imaging has rapidly developed in recent years. Compared with nuclear
imaging, bioluminescence imaging has an indispensable position in biological study (Contag
and Bachmann 2002, Bhaumik and Gambhir 2002, Massoud and Gambhir 2003). However,
tomographically observing the molecular and cellular activities at the whole-body small animal
level, that is, bioluminescence tomography (BLT) (Wang et al 2003), still faces challenging
problems. Theoretically, three-dimensional reconstruction of bioluminescent sources is an
inverse source problem that has not been greatly investigated. In highly heterogeneous
biological tissues, scattering and absorption of the photon emitted by a bioluminescent
source increases the difficulty of source localization. In addition, although the absence
of external illumination accords a highly sensitive signal, it complicates the tomographic
problem. Therefore, the unique and accurate reconstruction of bioluminescent sources and
the development of a fast and robust tomographic algorithm are topics for further investigation
(Ntziachristos et al 2005).

Based on diffusion approximation theory, the uniqueness theorem shows that the BLT
solution generally is not unique (Wang et al 2004). It is necessary to incorporate a priori
information for accurate BLT reconstruction. Taking into account the surface light power
distribution and the heterogeneous structure of the phantom, the BLT reconstruction method
employing a priori permissible source region was developed (Cong et al 2004, 2005b,
Lv et al 2006). However, it is not always reliable to infer such a permissible region especially
when deeper and/or multiple bioluminescent sources exist in a small animal. In view of the
spectral characteristics of the underlying bioluminescent sources, hyper- and multi-spectral
BLT methods were also proposed (Kuo et al 2004, Chaudhari et al 2005, Alexandrakis
et al 2005, Cong and Wang 2006, Dehghani et al 2006). Note that the assumption of a
homogeneous optical background is inadequate for the spectrally resolved bioluminescence
tomography, especially for deeper bioluminescent source reconstruction in the small animal
(Alexandrakis et al 2005).

An algorithm that allows for fast and robust BLT imaging is essential for practical
application to biological research. Since scattering predominates absorption in most biological
tissues, the diffusion approximation model has been successfully applied in bio-photonics
(Gibson et al 2005). Recently, the analytical method suitable for complex boundaries
(Ripoll et al 2002) and numerical acceleration algorithms (Ye et al 2001, Joshi et al 2004)
improved the computational speed of inversion schemes in fluorescence imaging. As for
BLT, the multilevel adaptive finite-element algorithm was developed using achromatic or
monochromatic measurements and a priori permissible source region which improved the
reconstruction quality and speed (Lv et al 2006). However, with the introduction of spectral
information and the development of the noncontact detection mode (Ripoll et al 2003), the
large-scale data set seriously affects source reconstruction speed despite the fact that it increases
the acquisition of valid information. Using the depth-dependent spectral space transformation,
the dimension of the boundary measured data is greatly reduced and promising reconstruction
results are obtained (Chaudhari et al 2005).

In this paper, a novel tomographic algorithm employing an adaptive finite-element
method and spectrally resolved measurement is proposed for BLT reconstruction. The most
distinct difference between the current and previous algorithms is the development of an
a posteriori permissible source region strategy. Based on a diffusion approximation model,
this algorithm considers the heterogeneous characteristics of a small animal as well as the
spectral information of the bioluminescent sources as a priori information which adequately
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deals with the nonuniqueness of BLT. The combination of a posteriori permissible region
selection and adaptive mesh evolution not only improves the reconstruction quality and
reduces the ill-posedness of BLT, but also avoids the dimensional disaster arising from using
the spectrally resolved data. The spectral projected gradient-based optimization and related
modifications improve reconstruction efficiency and robustness. Some improvements for
reducing computational burden are also fused into the proposed algorithm. In the numerical
reconstruction, a micro-MRI-based real mouse image is employed to provide the anatomical
information (Segars et al 2004), and the optical properties corresponding to the segmented
tissues also are determined through a priori experimental results (Alexandrakis et al 2005).
Using the multiple-material marching-cubes algorithm (M3C) (Wu and Sullivan 2003), the
surface and volumetric meshes of the whole-body mouse are established at different scale
levels, which provide a series of standard models for simulation and reconstruction. In order
to acquire the measured data, multispectral data are generated through a modified molecular
optical simulation environment (MOSE) that we developed based on Monte Carlo simulation.
A series of bioluminescent source reconstructions shows the merits and potentials of the
proposed tomographic algorithm for practical BLT reconstruction.

The paper is organized as follows. The next section introduces the proposed BLT algorithm
that incorporates spectral information and adaptive finite-element analysis. Experimental
setups, such as disposal of the small mouse phantom, acquisition of the synthetic data and so
on, are also demonstrated in the second section. A series of BLT reconstructions is described
in section 3. Finally, a discussion of relevant issues and a conclusion are provided.

2. Methods

2.1. Diffusion approximation

At present, the reported luciferase enzymes may realize bioluminescent reporters (Zhao et al
2005). When a bioluminescence imaging experiment is performed in a dark environment,
the propagation of photons in biological tissues can be suitably modeled by a steady-state
diffusion equation and Robin boundary condition (Cong et al 2005b, Chaudhari et al 2005).
If the influence of light wavelength λ on tissue optical properties is considered, the following
models are given:

−∇ · (D(x, λ)∇�(x, λ)) + µa(x, λ)�(x, λ) = S(x, λ) (x ∈ �) (1)

�(x, λ) + 2A(x; n, n′)D(x, λ)(v(x) · ∇�(x, λ)) = 0 (x ∈ ∂�) (2)

where � and ∂� are the domain and the corresponding boundary; �(x, λ) denotes the photon
flux density (W mm−2); S(x, λ) is the source energy density (W mm−3); µa(x, λ) is the
absorption coefficient (mm−1); D(x, λ) = 1/(3(µa(x, λ) + (1 − g)µs(x, λ))) is the optical
diffusion coefficient, µs(x, λ) is the scattering coefficient (mm−1), and g is the anisotropy
parameter; v is the unit outer normal on ∂�. In the practical experiment, if the outgoing
flux density is detected with a bandpass filter, the continuous spectral range of bioluminescent
reporters is divided into several bands wbk ∈ [λk, λk+1], k = 1, 2, . . . , K .

2.2. Algorithm

The following mathematical notations demonstrate the proposed algorithm. In adaptive finite-
element analysis, a sequence {T 1, . . . Tl , . . .} of nested triangulations to the given domain �

can be generated by local mesh refinement. NTl
elements and NPl

vertex nodes exist in each
triangulation Tl . A sequence {V1, . . .Vl , . . .} of finite-element spaces also corresponds to the
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Figure 1. The flowchart of the proposed BLT tomographic algorithm.

nested triangulations. Figure 1 shows the flow of the proposed algorithm. Some steps have
been thoroughly explained in a previous publication (Lv et al 2006). A focused discussion
of the proposed algorithm will explain the differences. As a whole, three main changes are
developed for the spectrally resolved BLT algorithm, including a posteriori permissible source
region selection, reconsideration of the optimization method and related modifications, and
some improvements for reducing computational burden.

Establish the linear relationship between unknown and known variables. In view of
multispectral measurement, a direct relationship between boundary measurable photon
density and unknown bioluminescent source distribution is established using an a posteriori
permissible source region strategy which is distinctly different from our previous algorithm.
Now, only one single-band wbk is considered. On the Tl triangulation to the given domain,
we can obtain the matrix form of equations (1) and (2) using the finite-element method that
follows (Lv et al 2006):

(Kl(wbk) + Cl(wbk) + Bl(wbk))�l(wbk) = Fl(wbk)Sl(wbk). (3)

Let Ml(wbk) = Kl(wbk) + Cl(wbk) + Bl(wbk), where Ml(wbk) is a symmetric positive-
definite matrix. Considering the linear relationship between the unknown source variable
Sl(wbk) and the boundary measured flux density �meas

l (wbk), we have

�meas
l (wbk) = Gl (wbk)Sl(wbk) (4)
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where Gl (wbk) can be established by removing those rows of [Ml(wbk)
−1Fl(wbk)]

corresponding to the nonmeasurable points. Furthermore, the energy percentage of each
spectral band wbk can be determined beforehand by the experimental spectral analysis
of the bioluminescent sources, that is S(wbk) = ω(wbk)S, where ω(wbk) � 0 and∑K

k=1 ω(wbk) ≈ 1, S denotes total photon density. Taking into account the above spectral
distribution and the selection of permissible source region, we have

�meas
l = GlWS

l Sl (5)

where

�meas
l =




�meas
l (wb1)

�meas
l (wb2)

...

�meas
l (wbK)


 , Gl =




ω(wb1)Gl (wb1)

ω(wb2)Gl (wb2)

...

ω(wbK)Gl (wbK)


 . (6)

WS
l is a diagonal matrix for selecting the permissible source region, that is

WS
l = Diag

(
ws

l(11), w
s
l(22), . . . , w

s
l(ii), . . . , w

s
l(NPl

NPl
)

)
,

(7)

ws
l(ii) =

{
0

{
s ′
l(i) < γ (l)

sp s ′ max
l , l > 1

}
1 {l = 1} or

{
s ′
l(i) � γ (l)

sp s ′ max
l , l > 1

}
.

s ′
l(i) and s ′ max

l are the reconstructed results prolonged from the (l − 1)th level and the
corresponding maximum, that is

S ′
l = I l

l−1S
r
l−1 (l � 2). (8)

I l
l−1 is the prolongation operator, γ (l)

sp is the ratio factor, and Sr
l−1 is the reconstructed results

on the (l − 1)th level. By retaining those columns of GlWS
l corresponding to the permissible

source region S
p

l , the following linear system is obtained:

AlS
p

l = �meas
l . (9)

Form the objective function and select effective optimization method. BecauseAl is a severely
ill-conditioned matrix because of the ill-posedness of BLT, the surface measured data with
noise will lead to failure in solving equation (9) directly (Hansen 1999). For the medium- and
large-scale problems, iterative methods are suitable for only the matrix–vector computational
requirement (Hanke and Hansen 1993). Nonetheless, iterative methods sometimes suffer
from slow convergence and instability because of the ill-posed nature. It is necessary to add
a priori information-based constraints into the problem. Iterative methods are not better at
dealing with the beneficial information. In optical tomographic imaging, with respect to the
physical meaning of variable parameters, dealing with a constrained minimization problem
using optimization methods has an important impact on object reconstruction (Roy and Sevick-
Muraca 2000). In BLT, the source density constraint may be used as a priori information.
Therefore, the following lth minimization �l

(
S

p

l

)
is defined with Tikhonov regularization

methods:

min
0�S

p

l �S
sup
l

�l

(
S

p

l

) = {∥∥AlS
p

l − �meas
l

∥∥
�

+ λlηl

(
S

p

l

)}
(10)

where S
sup
l is the lth level upper bound of source density; � is the weight matrix,

‖V ‖� = V T �V ; λl the regularization parameter; and ηl(·) is the penalty function. For
�l

(
S

p

l

)
as a least-squares problem with simple bounds, numerical experiments indicate that
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the efficiency of the algorithm depends largely on how to better manage bound constraints,
especially in large-scale optimization problems (Diniz-Ehrhardt et al 1997). Therefore, the
spectral projected gradient-based large-scale optimization algorithm is modified to solve the
above problem (Birgin and Martinez 2002). In addition, the multilevel characteristic improves
numerical stability and accelerates the convergence speed of this optimization procedure (Lv
et al 2006).

Triggered conditions of mesh refinement and convergence criterion. Although different
objective functions must be treated because of adaptive mesh evolution and a posteriori
permissible source region selection, a final reasonable solution needs to be found which
makes the gradient norm

∥∥g�l

(
S

p

l

)∥∥ approach 0, where g�l

(
S

p

l

) = ∇�l

(
S

p

l

)
. Using the

selected optimization method, we modify related measure criteria. The norm ratio γ (l)
gi

of

the current gradient gi
�l

to the initial one g0
�l

and the iteration number N
(l)
i on each level

are selected as switch indexes. As for the stopping criterion, we use the current gradient
norm

∥∥g
(l)
�l

∥∥ on the lth level, the number l of mesh refinements, or the discrepancy between
the measured and computational boundary nodal flux data to evaluate if the whole procedure
should be terminated. The boundary flux density on one single band is calculated to reduce
computational burden.

Error estimation and local mesh refinement. A posteriori error estimation and local mesh
refinement have been thoroughly explained in Lv et al (2006). Although an a posteriori
permissible source region strategy is proposed in this algorithm, similar disposal methods can
be used after the permissible and forbidden source regions are selected on the lth discretized
level. Note that the computational error distribution on different spectral bands are consistent
with each other because the same diffusion approximation and discretized domain are used
even though their discrepancy is used to improve BLT reconstruction. The error estimation
on a single spectral band is performed in the forbidden source region in order to reduce the
computational burden.

2.3. Materials

Various phantoms have been designed for near-infrared (NIR) imaging studies. However,
different geometries of phantoms lead to different results for the same reconstruction object
because of the ill-posedness of the problem (Pogue et al 1999). In order to optimally
establish and evaluate the tomographic algorithm, it is preferable to choose the phantom
which approaches the final applied geometry. For finite-element-based BLT reconstruction,
the volumetric mesh of the whole-body small animal is necessary. During its generation, the
popular single-material marching-cubes (SMMC) algorithm and its variations are not suitable
for heterogeneity consideration (Lorensen and Cline 1987). Recently, the multiple-material
marching-cubes (M3C) algorithm (Wu and Sullivan 2003) and multiregional marching-
tetrahedra (MMT) method (Cong et al 2005a) have been developed to deal with the
multimaterial domains. In this study, a microMRI-based whole-body mouse volume (MOBY)
was used to evaluate the proposed algorithm (Segars et al 2004). The M3C algorithm with
modified surface mesh smooth and simplification methods, as well as the advancing front
technique, generated different scale meshes of the whole-body mouse phantom (Wu 2001).
One of them is shown in figure 2. In the following experiments, for nonscattering regions of
the mouse brain, only the mouse torso, from the neck to the base of the tail, was used. Its initial
coarse volumetric finite-element mesh included 725 nodes and 3548 tetrahedral elements.



Spectrally resolved bioluminescence tomography with adaptive finite element analysis 4503

Figure 2. The view of the MOBY mouse phantom.

Table 1. Optical properties of biological tissues in mouse in different wavelength ranges.

500–550 nm 550–600 nm 600–650 nm 650–700 nm 700–750 nm

Bands µa
a µ′

s
a µa µ′

s µa µ′
s µa µ′

s µa µ′
s

Bone 9.0 × 10−3 3.34 2.2 × 10−3 2.93 6.0 × 10−4 2.61 3.6 × 10−4 2.34 5.9 × 10−4 2.11
Fat 6.2 × 10−4 1.34 2.5 × 10−4 1.28 2.1 × 10−4 1.22 3.4 × 10−4 1.18 1.2 × 10−3 1.14
Heart 9.1 × 10−3 1.28 2.2 × 10−3 1.13 6.9 × 10−4 1.00 5.8 × 10−4 0.91 1.4 × 10−3 0.82
Intestine 1.7 × 10−3 1.47 5.3 × 10−4 1.32 2.8 × 10−4 1.19 3.8 × 10−4 1.09 1.3 × 10−3 0.99
Kidney 1.0 × 10−2 3.04 2.6 × 10−3 2.66 8.6 × 10−4 2.36 8.0 × 10−4 2.11 2.2 × 10−3 1.90
Liver 5.4 × 10−2 0.83 1.2 × 10−2 0.76 3.4 × 10−3 0.70 2.0 × 10−3 0.65 3.0 × 10−3 0.60
Lung 2.7 × 10−2 2.41 7.1 × 10−3 2.30 2.0 × 10−3 2.21 1.4 × 10−3 2.12 2.8 × 10−3 2.04
Pancreas 1.0 × 10−2 3.04 2.6 × 10−3 2.66 8.6 × 10−4 2.36 8.0 × 10−4 2.11 2.2 × 10−3 1.90
Spleen 5.4 × 10−2 0.83 1.3 × 10−2 0.76 3.4 × 10−3 0.70 2.0 × 10−3 0.65 3.0 × 10−3 0.60
Stomach 1.8 × 10−3 1.74 6.0 × 10−4 1.60 3.8 × 10−4 1.48 5.7 × 10−4 1.38 2.0 × 10−3 1.29

a Unit: mm−1.

Many publications have reported the respective measurement results for optical properties
of biological tissues. For data sparsity and incompletion, the reported tissue optical properties
are compiled in the literature (Alexandrakis et al 2005). The absorption (µa) and reduced
scattering (µ′

s) coefficients assigned to each organ as a function of photon wavelength are
estimated on the basis of this compilation. In addition, the main absorbers of near-infrared
(NIR) light in biological tissues are oxy-hemoglobin (HbO2), deoxy-hemoglobin (Hb) and
water. Their influence is also applied to estimate absorption coefficients. However, in vivo
small animal studies bring the difference between individuals in tissue optical properties.
The inevitable optical property discrepancy between in vitro experimental acquisition and
actual physiological values affects the tomographic localization of bioluminescent sources
(Alexandrakis et al 2006).

In all of the simulation experiments, we assumed that the observed PC3M-Luc cells
were tagged with firefly luciferase, and the cells emitted bioluminescent photons in the
spectral range [500 nm, 750 nm] (Coquoz et al 2003). According to current measurement
technology, we could divide the whole emission spectrum into five regions with discrete steps of
50 nm (Dehghani et al 2006). Note that the proposed tomographic algorithm is suitable
for other bioluminescent reporters and tagged targets through the prior measurement of the
emission spectral characteristics even though the specified reporter and target are used here.
The organs defined by MOBY in the mouse torso were further dealt with because information
about their optical properties was absent from current literature data, which were the same
with those in Alexandrakis et al (2005). Detailed information about optical properties of
biological tissues is presented in table 1.

For performance evaluation of the BLT algorithms, the Monte Carlo (MC) method is
considered to synthesize the measured data in view of its precision and inverse crime problem
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(Lv et al 2006). A modification to the MOSE platform that we have developed (Li et al 2004)
was performed, which made the MOSE platform suitable for multispectral simulation. This
platform used the surface mesh of the mouse phantom with about 14 600 triangle facets to
generate the synthetic data. In the simulation, each spectral region of bioluminescent source
was sampled by 1.0 × 106 photons.

In the following experiments, a spherical source with 1.0 mm radius and 1.0 nW total
power was used for verifications. In addition, the upper bound Sl

sup, the weighted matrix �

and the penalty function ηl(X) = XT X were identical with those in Lv et al (2006). The
gradient ratio tolerance ε(l)

g and the maximum iteration number N(l)
max were invariable at each

level, being equal to 1.0 × 10−5 and 5000, respectively. The terminated gradient norm εg ,
the stopping threshold ε�, and the maximum number of mesh refinements Lmax were set to
7.0×10−9, 1.0×10−7 and 3, respectively. At the coarsest mesh level, the whole reconstruction
object was the permissible source region. After mesh refinement, the ratio factor γ (l)

sp was
initially set to 10−4 for selecting the permissible source region. With the increase in l, the
factor was changed by multiplying a factor of 10.0. The same elements refinement ratio as
that in Lv et al (2006) was used here. The reconstruction procedure began with an initial guess
S

(1)
init of 1.0 × 10−6. All reconstructions were implemented on a PC with an Intel processor

(Pentium 4 2.8 GHz) and 1 GB of RAM.

3. Results

3.1. Single versus multiple spectral reconstruction in different depths

The achromatic or monochromatic measurement-based tomographic algorithm cannot achieve
desirable results for deeper source reconstruction (Alexandrakis et al 2005). When the
bioluminescent source was located at half-radius position from the mouse surface, we selected

Ps = {(x, y, z)|2 � x � 32, 17 � y � 32, 28 � z � 34, (x, y, z) ∈ mouse phantom}
as the permissible source region through the light power distribution on the mouse surface.
Using the monochromatic synthetic data in [600 nm, 650 nm], the corresponding reconstructed
results are shown in figure 3(a) based on our previous algorithm (Lv et al 2006). Despite the
fact that the a priori permissible source region strategy was utilized, the BLT reconstruction
became undesirable because of the deep position of the reconstructed source. Furthermore,
using the proposed algorithm and monochromatic measurement, BLT reconstructions were
performed when the sources were placed at half-radius and center positions. Figures 3(b)
and (c) demonstrate the reconstructed results via two mesh evolutions. With the absence of
a priori information, BLT reconstruction on a coarse mesh did not roughly localize the source
position, leading to imprecise, even inaccurate, localization on a fine mesh.

The multispectral measurement-based BLT reconstruction showed preferable results for
sources at half-radius and center positions by the combination of adaptive mesh evolution and
a posteriori permissible source region selection, as shown in figures 4(a) and (c). Two adaptive
mesh refinements were performed in the whole reconstruction procedure, and figure 5 shows
the evolution of surface mesh and reconstructed results with the bioluminescent source placed
at half-radius position. The corresponding change of the objective function �l

(
S

p

l

)
and the L2

direction gradient norm
∥∥g�l

(
S

p

l

)∥∥ are displayed in figures 4(b) and (d). Although the value of
the objective function increased as the selection of a posteriori permissible source region and
adaptive mesh evolution, the norm of the direction gradient always dropped sharply, which was
a reasonable response for the whole optimization procedure and BLT reconstruction. From the
above comparisons, it is obvious that the proposed algorithm is superior to our previous method,
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Figure 3. BLT reconstruction with monochromatic synthetic data in [600 nm, 650 nm].
(a) Transverse view of the reconstructed results for a spherical source located at half-radius
position in the mouse phantom using the a priori permissible source region strategy. Parts (b)
and (c) are the counterparts when the sources are respectively located at half-radius and center
positions using a posteriori permissible source region selection. For the best display, the cross
section perpendicular to the z-axis direction is about 1 mm off the actual source’s center. The black
circle represents the actual source position.

especially for reconstructing a deep source. Nevertheless, spectrally resolved measurement is
indispensable and provides more sufficient a priori information.

3.2. Reconstruction comparisons between fixed versus a posteriori selective source spaces

In the domain discretization-based BLT reconstruction, the achievable resolution and the
position and shape of the reconstructed source are relevant to the scale of discretization.
Generally, when the fine mesh of the phantom is used, we obtain more desirable results in
view of the flexibility of small discretized elements. However, the finer the discretized mesh
is, the longer the time to reconstruction and the more ill-posed the BLT problem becomes.
A possible solution, which can be obtained in certain optimization methods, is not likely to
be the physically desirable solution because of the ill-posed nature of BLT. Figure 6 shows
the reconstructed results on three different discretized scale meshes when the bioluminescent
source was located at half-radius position in the mouse phantom and the same multispectral
synthetic data were used. The quantitative information of BLT reconstructions is shown
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Figure 4. Spectrally resolved BLT reconstruction with the proposed algorithm. (a) and
(c) Transverse views of the reconstructed results with actual sources placed at half-radius and
center positions in the mouse phantom respectively. The cross section perpendicular to the
z-axis direction is through the actual source’s center. (b) and (d) Quantitative information of
the reconstruction procedure corresponding to (a) and (c). Dashed dot lines denote the value
change of objective function �l(S

p

l ) and solid lines denote the L2 norm change of direction
gradient g�l

(S
p

l ).

Figure 5. (a), (b) and (c) The evolution of surface mesh and reconstructed results when the source
is placed at half-radius position. The mesh denotes the surface mesh of the mouse phantom.

in table 2. Although the time cost gradually decreased with the reduction of the number
of elements, surface measured points and optimization variables, the reconstructed results
were similarly undesirable through the whole region-based reconstruction and use of a priori
information. When the reconstruction procedure started from the coarse mesh, with the
goal-oriented mesh refinement and a posteriori permissible source region selection, desirable
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Figure 6. The whole region-based BLT reconstruction without adaptive mesh refinement and
a posteriori permissible source region selection on the fixed mesh of different discretized scales.
The discretized scale becomes gradually coarse from (a) to (c). The cross section is through the
actual source’s center. Detailed information about the mesh and reconstruction can be found in
table 2.

Table 2. Quantitative comparison between the fixed mesh of three different discretized scales
and the adaptive evolution mesh. BLT reconstruction was accomplished with a PC with an Intel
processor (Pentium 4 2.8 GHz) and 1 GB of RAM.

Cases Elements Measured points Variables Refinements Time cost (min.)

Figure 6(a) 25 471 1018 4922 0 107.0
Figure 6(b) 19 472 975 3904 0 66.0
Figure 6(c) 14 109 678 2803 0 22.0
Figure 4(a) 7104 187 110 2 4.0

results were obtained along with a remarkable reduction of time cost, as shown in figure 4(a)
and table 2.

3.3. Optical property errors consideration

Optical properties of mouse tissues as a priori information are essential for reducing the
ill-posedness of BLT and for dealing with the nonuniqueness of BLT (Wang et al 2004,
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Figure 7. BLT reconstruction with the proposed algorithm in view of optical property errors.
Parts (a) and (b) are the reconstructed results corresponding to +50% and −50% optical property
errors for all tissues when the bioluminescent source is located at half-radius position in the mouse
phantom; (c) and (d) are the counterparts when the source is located at the mouse’s center. Two
local mesh refinements were implemented in BLT reconstruction. The cross section is through the
actual source’s center.

Alexandrakis et al 2005). The complex tissues of in vivo small animals require simultaneous
optical property measurements. The diffuse optical tomography (DOT) technique, as a fusion-
imaging modality, is appropriate for BLT. Currently, the quantification accuracy of DOT
reconstruction can achieve a 10–50% error range depending on various factors (Ntziachristos
et al 2001). Here, ±50% errors for all tissues were considered for BLT reconstruction.
When the bioluminescent source was placed at half-radius position in the mouse phantom, the
desirable reconstructed results for the underestimation and overestimation of optical properties
were similar with that in figure 4(a) based on normal ones, as shown in figures 7(a) and
(b). As the source depth increased, the optical property errors increasingly affected the
BLT reconstruction (Alexandrakis et al 2006). However, using the proposed tomographic
algorithm, the source reconstruction at the mouse’s center acquired desirable results when
±50% optical property errors were considered for all tissues, as shown in figures 7(c) and
(d). Although the center position of the reconstructed source had the maximum offset of
about 1 mm compared with the actual one, the ring-like shape results did not appear in this
BLT reconstruction (Alexandrakis et al 2006) which presented the algorithm’s capability for
tolerating optical property errors.



Spectrally resolved bioluminescence tomography with adaptive finite element analysis 4509

Figure 8. Spatial resolution evaluation of BLT reconstruction in view of adjustment to a posteriori
permissible source region selection. (a) The reconstructed results with 4 mm edge-to-edge distance
between two sources when the ratio factor γ

(l)
sp is initially set to 10−4; (b)–(d) are the corresponding

results when γ
(l)
sp is initially set to 10−3. The edge-to-edge distances between two sources are

4 mm, 3 mm and 2.75 mm, respectively. For the best display, the cross section is adjusted within
±1 mm off the actual source’s center.

3.4. Spatial resolution evaluation versus selection of permissible source region

As the source depth increases, more scattering will take place before the photons reach the
surface of the small animal which is one of major difficulties in determining bioluminescent
source distribution. It is especially difficult when two or more close sources exist in
deep positions within the small animal body as an accurate accounting of the number of
sources cannot be reconstructed even if the anatomical and multispectral information are used
(Alexandrakis et al 2005). In this experiment, two spherical sources of equal intensity were
placed on either side of the mouse phantom center with an edge-to-edge distance of 4 mm.
They could not be resolved with the proposed tomographic method with a default parameter
setting. The reconstructed results are shown in figure 8(a). However, when the selection
factor γ (l)

sp was initially set to 10−3, the two bioluminescent sources were distinguished via
two mesh refinements even though the reconstructed source density had a large difference
and the reconstructed position of one source had a slight offset, as shown in figure 8(b). In
order to further verify the influence of the selection of permissible source region on the spatial
resolution, we configured a set of experimental models with two sources which were placed
on either side of the mouse phantom center and gradually approached each other. Figure 8(c)
presents the reconstructed results with a 3 mm edge-to-edge distance between two sources.
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Despite the fact that the reconstructed position of one source had a distinct offset, two sources
could be resolved from the reconstructed results. However, no matter how the initial selection
factor γ (l)

sp was adjusted in the tomographic algorithm, the BLT reconstruction could not resolve
both sources in the 2.75 mm case. Figure 8(d) shows the reconstructed results with the same
parameter setting as in the 3 mm case. From the above BLT reconstructions, it is clear that the
selection of a posteriori permissible source region affects the spatial resolution capability of
BLT to a large extent. Although a posteriori permissible source region selection is developed
in this tomographic algorithm, a novel method is necessary to further explore the permissible
source region.

4. Discussion and conclusion

In this paper, we have proposed a novel tomographic algorithm to reconstruct the
bioluminescent source distribution. In the numerical verification, fast reconstruction speed,
numerical robustness and stability of our tomographic algorithm are adequately explored in
terms of deeper source reconstruction, optical property and geometric errors. Reconstruction
comparisons between a priori and a posteriori permissible source region selections with
single and multispectral measurements show the predominance of this algorithm. Even if
the selection of a posteriori permissible source region needs to be adjusted, the acquisition of
spatial resolution which cannot be obtained in the general case further confirms our algorithm’s
potential for BLT reconstruction. In addition, the algorithm can be properly evaluated by using
the real mouse phantom and Monte Carlo-based synthetic data.

Compared with other molecular imaging modalities, bioluminescence imaging has played
a pioneer role in preclinical studies because of the extensive application of bioluminescence in
biology. As the transition from the verification experiment of simple phantoms to biological
research using in vivo small animals is performed, the rapid increase of measured data sets
and disposal of actual small animal models have brought big challenges to the reconstruction
speed, quality, robustness and stability of the tomographic algorithm. The reconstructed
results (figure 6) have shown that the whole region BLT reconstruction on the fixed discretized
mesh is undesirable despite the fact that strong a priori information and a fine mesh are used,
which is likely due to the severe ill-posedness of BLT. Multiscale reconstruction provides a
graceful strategy for improving BLT reconstruction. The multigrid tomographic algorithm as
a multiscale technique uses the coarse grid correction strategy to improve the quality of DOT
reconstruction (Ye et al 2001). But the contradiction between the discretized scale choice of
the used mesh and the computational burden for actual small animal reconstruction will be
increasingly distinct with the use of uniform refined mesh and the initial reconstruction from
the finest mesh. Whereas, the adaptive finite-element algorithm not only has the favorable
coarse grid correction feature, but also improves reconstruction time and memory cost because
the reconstruction strategy is based on the adaptive from-coarse-to-fine mesh sequence. Source
reconstruction as a target localization of interest further benefits from a posteriori source space
selection after the uniqueness problem is solved.

In the BLT prototype, employment of anatomical information and real-time optical
properties allows for the imaging fusion of three different modalities, namely microCT/MRI,
DOT and BLT. The high tolerance of optical property errors makes this algorithm more
appropriate for the practical multimodality BLT system. Although a standard mouse phantom
may be established beforehand for anatomical information through advanced dissection
techniques or imaging modalities with high spatial resolution, as the basal a priori information
for DOT and BLT reconstruction, the disposals of image volume, such as image segmentation,
registration, volumetric mesh generation and so on, need to be further developed for improving
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BLT reconstruction. The acquisition technique of near-infrared optical signals requires
refinement in view of the complex surface geometry of small animals and noncontact
detection (Ntziachristos et al 2005). In addition, the movement and breathing of in vivo
small animals will likely produce an effect on BLT reconstruction because of the ill-posed
nature. New methods need to be explored for dealing with these problems. In conclusion,
many practical factors need further consideration for experimental BLT reconstruction. Our
tomographic algorithm provides a significant imaging method and leads to high-performance
BLT investigations in view of reconstruction quality, robustness, stability and speed.
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