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Abstract Optical molecular imaging has been rapidly developed
to noninvasively visualize in vivo physiological and pathological
processes involved in normal and suffering organisms at the
cellular and molecular levels, in which advanced optical imaging
technology and modern molecular biology are being combined
to provide a state-of-the-art tool for preclinical biomedical re-
search. Among optical molecular imaging modalities, biolumines-
cence tomography (BLT) has experienced considerable growth
and attracted much attention in recent years for its excellent
performance, unique advantages, and high cost-effectiveness.
This article focuses on the genesis and development of BLT,
especially for its computational methodology, imaging system,
and biomedical application. An overview of the advantages and
challenges of the conventional planar bioluminescence imag-
ing technique is first described in comparison with currently
available molecular imaging modalities. The imaging algorithms
for inverse source reconstruction are classified and summa-
rized according to different a priori knowledge, followed by a
simple depiction of the uniqueness theorems of BLT solution.
Diverse imaging systems for obtaining three-dimensional quan-
titative information of internal bioluminescent sources are then
reviewed. The latest application examples of BLT in tumor study
and drug discovery are introduced and compared with other

mature imaging technologies. Finally, the paper is concluded
and an attractive prospect for BLT is predicted.

Recent advances in bioluminescence tomography:
methodology and system as well as application
Chenghu Qin1,4,**, Jinchao Feng2,**, Shouping Zhu3,**, Xibo Ma1,**, Jianghong Zhong1,
Ping Wu1, Zhengyu Jin5, and Jie Tian1,3,*

1. Introduction

In recent years, development and innovation in the life sci-
ence field have been effectively promoted not only because
of the study of novel computational methodology and new
instrumental systems regarding biomedical imaging, but
also due to the significant breakthroughs in many preclinical
or clinical applications regarding biomedical imaging. Fur-
thermore, with the completion of human genome sequenc-
ing and the advent of the post-genomic era, the traditional
in vitro token observation and conventional biochemical
assay have evolved to in vivo recognition of microscopic
characteristics at cellular and molecular levels, especially
for molecular imaging, which has rapidly developed over
the last decade, overcoming the limit that general imag-
ing modalities can only show anatomical and morphologi-
cal changes caused by fundamental cellular and molecular
diseases. As is well known, integrating molecular biology

and in vivo imaging, molecular imaging can noninvasively
visualize biological events and the follow-up involved in
normal and pathological processes at cellular and molecu-
lar levels, which provides a state-of-the-art technology and
tool for biomedical research in the life science discipline,
such as in the study of tumorigenesis and metastasis, drug
development and evaluation, disease diagnosis and treat-
ment, etc. [1–5].

Compared with traditional imaging technology, molec-
ular imaging can image particular targets and pathways in
living organisms directly, sensitively, and specifically with
the help of molecular probes. Depending on diverse require-
ments of practical applications, different types of imaging
modalities can be employed to provide structural or func-
tional knowledge with differing resolutions on the spatial
and temporal scales, and various sensitivities for measur-
ing properties related to morphology or function. Generally
speaking, molecular imaging modalities can be classified
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as imaging techniques for anatomical structure informa-
tion, such as X-ray computed tomography (CT), magnetic
resonance imaging (MRI), and ultrasound; and imaging
modalities for functional knowledge, such as optical imag-
ing, positron emission tomography (PET), single photon
emission computed tomography (SPECT) and functional
MRI (fMRI) [6]. However, each modality can only image
either anatomical structure or functional processes, and also
has its own strengths and weaknesses. Therefore, a combi-
nation of different imaging modalities that integrates the
strengths of two or more modalities, and eliminates one
or more weaknesses of an individual modality at the same
time, can offer an attractive prospect for precise diagnos-
tics, therapeutic monitoring, and preclinical research using
multiscale image information.

Among the aforementioned molecular imaging modal-
ities, optical imaging and related optical technique-based
multimodality fusion have experienced noteworthy growth
and attracted considerable attention in view of the excel-
lent temporal resolution, simple operation, and high cost-
effectiveness, which can be used for the study of cancer,
drug discovery, and disease diagnosis with the help of exoge-
nous agents that provide detectable signals or endogenous
molecules with optical signatures [7–10]. In particular, opti-
cal imaging used for living small-animal studies has greatly
advanced our understanding of biology and medicine, in
which fluorescence and bioluminescence imaging are two
kinds of the most typical optical imaging techniques [11,12].
Fluorescence imaging requires an external excitation light
to illuminate the small animal and activate the internal flu-
orophore so as to emit photons [12]. For bioluminescence
imaging, one employs the injected substrate luciferin as
the optical probe to specifically combine the expression
of luciferase, and the biochemical reactions can generate
bioluminescent photons in the presence of oxygen, adeno-
sine triphosphate, and Mg2+ when firefly luciferase (Fluc) is
used in the reporter gene transfer [11]. Besides Fluc, there
are several luciferases that can often be utilized for in vivo
small-animal imaging with different emission spectra, such
as click beetle green (CBG), click beetle red (CBR), Renilla
reniformis (Rluc), and Gaussia princeps (Gluc) [13–15].
Furthermore, using other fluorophores, the bioluminescence
resonance energy transfer technique has become an attrac-
tive method to study cellular events, especially for protein–
protein interactions, which broadens the application of bio-
luminescent reporters [13].

For fluorescence imaging, the nonspecific fluorescence
of the skin, food, and hair of the small animal excited by
the external excitation light source will aggravate the back-
ground noise and reduce the signal-to-noise ratio (SNR) of
the measured data. In comparison, bioluminescence imaging
has almost no background autofluorescence in most tissues,
which yields high sensitivity and it can detect as few as
several hundred cells in vivo [16]. However, this biolumi-
nescence imaging belongs to the traditional planar imaging
technique, which can only accomplish qualitative analysis
and cannot obtain three-dimensional (3D) localization in-
formation including the depth of the internal light source
denoting the internal marked targets, and the corresponding

spatial resolution is limited to the order of magnitude of a
millimeter [17]. Furthermore, absolute quantitative infor-
mation of the direct relationship between the detected light
signal and the target organ binding with the specific probes
cannot be determined based on bioluminescence imaging.
Therefore, bioluminescence tomography (BLT) has been
proposed for obtaining 3D localization information of la-
beled targets in biomedical studies based on conventional
planar bioluminescence imaging and appropriate models of
light transfer in biological tissues [18–20].

The goal of BLT is to three-dimensionally locate the
distribution and quantitatively reconstruct the intensity of
the internal light source using the transmitted and scattered
bioluminescent signal on the surface of the small animal. It
is well known that models of photon propagation in biologi-
cal tissues and inversion reconstruction algorithms are two
main research interests in the study of BLT, which have a
marked effect on tomographic imaging performance. The ap-
propriate forward problem models is not only necessary for
simulating photon propagation in biological tissues but also
is the basis of the inversion scheme because it is directly re-
lated to the efficiency and accuracy of the inverse source re-
construction. In biophotonics, there are several popular light
transfer models for BLT, like the radiative transfer equation
(RTE) approximated from Maxwell’s equations [21–23],
the diffusion equation [24–29], and the simplified spherical
harmonics (SPN) approximation [30–34]. The RTE can accu-
rately depict photon propagation in diffusive media [10, 30],
but it is a complicated integro-differential equation, and
the computational time and memory requirements are ex-
tremely expensive [10, 30, 35]. In particular, an analytical
solution of the RTE cannot always be obtained, especially
for 3D irregular objects with complex internal structure and
non-uniform biophysical properties like heterogeneous bi-
ological tissues [10]. Thus, considering the reconstruction
efficiency of the inversion scheme, a commonly used math-
ematical model is the first-order diffusion approximation of
the RTE, but it should be noted that the diffusion equation
is valid under the assumption that light scattering dominates
over absorption, and the validity of the diffusion equation
will be reduced in some special regions, such as near the
source, near the boundary, and for tissues rich in blood ves-
sels [10, 30]. Therefore, in order to balance the accuracy
and efficiency of different transfer models, higher order
approximation models of the RTE, such as the spherical har-
monics (PN) approximation [36–38], the discrete ordinates
(SN) method [39, 40], and the SPN approximation [30–34],
have been developed to improve the performance of inverse
source reconstruction.

Based on a suitable mathematical model, effective
and fast image reconstruction algorithms should be thor-
oughly studied with numerical and experimental valida-
tion [25–27, 41–44]. However, it is well known that the
inverse source reconstruction in optical tomography is
severely ill-posed for the strong scattering property of bi-
ological tissues and the limited boundary measurements
with noise [20]. For BLT, as mentioned above, although
the sensitivity of bioluminescence imaging is better than
that of fluorescence imaging, the ill-posedness of BLT is
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theoretically higher than that of fluorescence molecular to-
mography (FMT) due to the absence of an external exciting
light source [26]. Therefore, sufficient a priori knowledge
needs to be incorporated to ensure the uniqueness and stabil-
ity of BLT solution. The permissible source region method
and multispectral information-based algorithm are two com-
monly utilized strategies to reduce the ill-posedness of bi-
oluminescent source reconstruction [45, 46]. Both strategies
mentioned above can transform the ill-conditioned prob-
lem to well-posedness by reducing the number of variables
to be solved or increasing the number of known bound-
ary measurements [45]. In addition, some regularization
methods and optimization algorithms applied in other fields,
like signal and image processing, astrophysics, etc., have
also been introduced or perfected to enhance the efficiency,
precision, or robustness of bioluminescent source recov-
ery [45, 47, 48].

Based on the research of imaging theories and recon-
struction algorithms for BLT, laboratory prototype systems
and commercial imaging equipments have been successively
developed. The construction of bioluminescence imaging or
tomography systems not only can contribute to the perfor-
mance verification of the light transfer models and inversion
reconstruction methods, but can also promote the study of
biomedical disciplines like tumor mechanisms and drug
development. Bioluminescence imaging or tomography ex-
periments are generally carried out in a light-tight imaging
chamber to eliminate the leak of transmitted biolumines-
cent light and the interference of ambient light [17, 49]. In
the imaging system, a cooled charge-coupled device (CCD)
camera with a focus lens is necessary for the detection of
the weak optical signal because of its high sensitivity.

As mentioned above, adequate a priori knowledge
should be combined into BLT reconstruction algorithms
because the inverse source recovery is highly ill-posed, so
multiview and multispectral data acquisition devices are
designed in BLT imaging systems [49–52]. Considering the
influence of diverse organs with different optical proper-
ties on photon propagation, heterogeneous BLT imaging
systems have been developed by integrating the anatom-
ical structure information obtained using a micro-CT or
micro-MRI imaging system, and the localization and quan-
tification of the reconstructed sources have been improved
compared with the recovered results based on the homoge-
neous model [25, 26]. In addition, in order to provide phys-
iological and pathological information about living small
animals more comprehensively, a multimodality fusion sys-
tem based on BLT has become the foremost development
trend of molecular imaging instruments to obtain comple-
mentary information with high sensitivity and high spatial
resolution [53]. For example, in existing imaging systems,
micro-CT or MRI is often combined for anatomical struc-
ture, and diffuse optical tomography (DOT) is merged for
the optical properties of various organs [49, 54, 55]. Further-
more, progress in multimodal or multifunctional probes also
propels the evolution of BLT-based multimodality imaging
systems, especially for the probes labeled with multiple
contrast agents which can be detected using optical, MRI,
and nuclear approaches simultaneously [56]. In addition,

imaging systems for clinical diagnosis have been explored
based on approved contrast agents [57].

Although it is well known that planar in vivo biolumi-
nescence imaging technology has been widely applied in
the biomedical field, the intensity and depth of the internal
light source, and the corresponding exact quantitative re-
lation between the surface measurements and the labeled
targets cannot be resolved using the traditional method [17].
With the development of tomographic imaging, BLT has
been introduced into the study of malignant tumors, gene
expression, viruses, bacteria, fluid cells including stem cells,
T cells, lymph cells, and so on [58–61]. However, hereto-
fore, BLT has mainly been used for small-animal imaging
because of transfection of luciferase reporter gene, espe-
cially for oncology and pharmacology [1, 2]. In molecular
oncology, BLT can be utilized to better understand tumori-
genesis, tumor invasion and micro-metastasis, tumor growth
and regression, and changes of cancer cells during cancer
treatment can also be observed and assessed [1]. In situ,
metastatic, and spontaneous tumors in whole small animals
have been noninvasively and quantitatively detected in exist-
ing research, including melanoma and prostate, breast, lung,
liver, cervical, and colon cancer. In drug discovery and in-
vestigation, BLT can be employed for compound screening
and assessing therapeutic efficacy and toxicity, especially
for personalized medicine, and the cost and time of drug
development can be greatly reduced [2]. Moreover, BLT
is also valuable for optimization of drug dose, frequency
of administration, and routes of administration in living
small animals. Finally, it should be noted that BLT is not
applicable for human application currently due to the trans-
genic label using luciferase, but a newly emerging imaging
modality similar to BLT, Cherenkov luminescence tomog-
raphy (CLT), is very promising for clinical diagnosis and
disease therapy with the approved radionuclides in the clin-
ical application [62–65]. These two imaging techniques
do not require an excitation light source, but the energy
of emitted photons in BLT is derived from the biochemi-
cal reaction between luciferase and luciferin under certain
conditions, and CLT is based on the Cherenkov effect of
radioactive probes [66–68]. In the future, BLT and derived
imaging modalities will be more widely used in preclinical
biomedical study and clinical research with advances in
basic theories and key technologies.

This article focuses on the initial genesis and recent
advances in BLT, especially on the computational methodol-
ogy and imaging system as well as biomedical application
of BLT. The above discussion is a brief narration of the
existing progress of the methodology and system as well as
application in the BLT research discipline, and a detailed elu-
cidation will be given in the following sections. An overview
of the advantages and challenges of the conventional pla-
nar bioluminescence imaging technique has been described
in comparison with currently available molecular imaging
modalities. The rest of this paper is organized as follows. In
the next section, the imaging algorithms for inverse source
reconstruction are classified and summarized according to
different a priori knowledge, followed by a simple depic-
tion of the uniqueness theorems of BLT solution. Diverse
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imaging systems for obtaining 3D quantitative information
of the internal bioluminescent source are then reviewed in
Section 3. Some of the latest application examples of BLT
in the study of tumors and drug discovery are introduced
and compared with other mature imaging technologies in
Section 4. Section 5 briefly summarizes BLT-based mul-
timodality fusion. Finally, the paper is concluded and an
attractive prospect for BLT is predicted.

2. Methodology for bioluminescence
tomography

Due to the great potential of the BLT technique in bio-
logical applications, a great effort has been devoted to the
development of methodology for BLT. The aim of the BLT
technique is to reconstruct a unique 3D distribution of the in-
ternal bioluminescent source from boundary measurements.
Indeed, this becomes a task of solving an inverse problem
coupled with an appropriate model of photon transport. The
inverse problem is seriously ill-posed and ill-conditioned.
Thus, even small errors in the measurements or modeling
can cause a large distortion in the reconstructions. Therefore,
computationally feasible forward models that accurately de-
scribe light transport in tissues are needed. Additionally,
image reconstruction algorithms determine the potential of
the BLT technique in practical applications. Thus, it is es-
sential and necessary to develop novel BLT reconstruction
algorithms to realize the full potential of the BLT technique.
To date, BLT reconstruction algorithms have been exten-
sively studied, and efficient reconstruction techniques are
constantly being developed in order to improve the quality
of the reconstructed images. Next, we briefly review the
light transfer models and image reconstruction algorithms
developed for BLT.

2.1. Modeling light transport in tissues

Before BLT reconstruction, a model for light migration
in tissues is required to be formulated. Here, we discuss
different models of photon propagation used in BLT.

Let Ω ⊂ R
3 denote the physical domain. Meanwhile,

let ∂Ω and ŝ ∈ Sn−1 represent the boundary of the domain
and the unit vector in the direction of interest, respectively.
Photon propagation in tissues can be accurately modeled by
the RTE [69]:(

1

c
∂
∂ t

+ ŝ ·∇+μa(r)+μs(r)
)

φ(r, ŝ, t)

= q(r, ŝ, t)+μs(r)
∮

s2

Θ(ŝ, ŝ ′)φ(r, ŝ, t)dŝ ′, r ∈Ω (1)

where φ(r, ŝ, t) is the radiance at point r in the direction ŝ
at time t; c is the speed of light in tissues; μa and μs are the
absorption and scattering coefficients, respectively, which
are wavelength-dependent; q(r, ŝ, t) is the light source at r at
time t traveling in direction ŝ; and Θ(ŝ, ŝ ′) is the scattering

phase function, which describes the probability of photon
scattering from direction ŝ to ŝ ′. It can be regarded as a
probability distribution function, and it satisfies

∫

Sn−1

Θ(ŝ, ŝ ′)dŝ =
∫

Sn−1

Θ(ŝ, ŝ ′)dŝ ′ = 1 . (2)

In BLT, the most commonly used phase function Θ(ŝ, ŝ ′)
is the Henyey–Greenstein scattering function [30, 32]:

Θ(ŝ, ŝ ′) =
1

4π
1−g2

(1+g2−2gcosγ)3/2
(3)

where γ is the angle between the direction ŝ and ŝ ′, and g
is the anisotropy factor which typically varies between 0.5
and 0.95 depending on the tissue type [30].

Considering that the bioluminescent source intensity
is generally assumed to be stable when escaping photons
from the surface of Ω are collected in BLT experiments, the
time term t can be omitted [20]. Therefore, the following
steady-state equation is obtained:

(ŝ ·∇+μa(r)+μs(r))φ(r, ŝ)

= q(r, ŝ)+μs(r)
∮

s2

Θ(ŝ, ŝ ′)φ(r, ŝ)dŝ ′, r ∈Ω (4)

The boundary condition used in the above equation can be
given by

φ(r, ŝ) = R(ŝ ′ ·n)φ(r, ŝ ′) with ŝ ·n < 0 (5)

where R is the reflectivity, with n being the outer surface
normal of the boundary. The boundary measurements at
the tissue boundary are detected from the escaping partial
current or photon boundary flux J+(r):

J+(r) =
∫

ŝ·n>0

[1−R(ŝ ·n)](ŝ ·n)φ(r, ŝ)dφ (6)

Note that Eq. (4) is a complicated integro-differential
equation and the radiance φ is dependent on multiple vari-
ables involving both angular directions and spatial variables;
thus providing solutions to Eq. (4) remains a challenging
problem. In general, analytical solutions to Eq. (4) exist
only for simple tissue geometries with spatially uniform
optical media [69, 70]. Thus, the diffusion approximation
(DA), a lower-order approximation of the RTE, has been
widely used to overcome the limiting constraints for directly
solving Eq. (4) [25, 49]. The DA can be expressed as

−∇ ·D(r)∇Φ(r)+μa(r)Φ(r) = q(r), r ∈Ω (7)

where D(r) is the diffusion coefficient and Φ(r) is the pho-
ton fluence rate. However, the DA cannot satisfy the bound-
ary condition given by Eq. (5) [71]. Therefore, a Robin-type
boundary condition is adopted [72], which is of the form

Φ(r)+2A(r,n,n′)D(r)[v(r) ·∇Φ(r)] = 0, r ∈ ∂Ω (8)
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where ∂Ω is the corresponding boundary of Ω; v(r) refers
to the unit normal vector outward to the boundary ∂Ω; and
A(r,n,n′) is a function to incorporate the mismatch between
the refractive indices n within Ω and n′ in the surround-
ing medium.

Nevertheless, the DA to the RTE is based on the as-
sumption that the condition μa � μ ′s holds, where μ ′s is
the reduced scattering coefficient and is defined as μ ′s =
(1−g)μs. Furthermore, the DA fails to depict photon trans-
port in the region close to the sources [71, 73]. The per-
formance of the DA has been investigated by several re-
searchers [30, 32, 33, 74]. It has also been shown that these
limitations of the DA can lead to large errors in the inverse
source reconstruction [32].

Some attempts have been made in recent years to im-
prove the DA. For example, high-order approximations to
the RTE have been derived and validated [30]. Compared
with the DA, high-order approximation models are more
accurate for describing photon propagation. Currently, the
SN method [75–77], the PN method [71,76,77], and the SPN

method [30], as three usual approximation methods to the
RTE, are used to obtain a more precise solution for RTE
than the DA. With these approximations, the RTE can be
transformed into algebraic systems of coupled differential
equations. For example, N(N+2) and (N+1)2 equations
are obtained for the SN and PN methods, respectively. Herein
N denotes the number of direction cosines and the number
of Legendre polynomials for the SN and PN approximations,
respectively. With increasing N, a high approximation de-
gree can be obtained. Recently, promising results have been
obtained using the SN and PN approaches [74, 78]. How-
ever, one has to solve N(N+2) and (N+1)2 equations for
SN and PN methods, respectively, which requires a large
computational burden and restricts their application. More
recently, the use of the SPN method has been shown to over-
come the limits of the DA, yielding an improved solution.
The SPN method only requires (N+ 1)/2 equations to be
solved. Therefore, the computational time for solving the
coupled equations is reduced and it is less computationally
expensive. Taking the order N = 7 as an example, the SPN

equations can be formulated as four coupled equations, as
as described in Eq. (9) above [30].

In Eq. (9), φn is the composite moment of the fluence
and μan is the nth-order absorption coefficient given by [30]

μan = μa +μs(1−gn) (10)

The corresponding boundary conditions are given as
Eq. (11) on page 6.

The coefficients A1, . . . ,H1, . . . ,A4, . . . ,H4 in Eq. (11)
can be found in the literature [30]. Furthermore, the par-
tial current J+(r) can be obtained from the moments φn,
n = 0, . . . ,7:

J+ =

(
1

4
+ J0

)
φ0 +

(
1

2
+ J1

)
φ1 +

(
5

16
+ J2

)
φ2 + J3φ3

+

(
− 3

32
+ J4

)
φ4 + J5φ5 +

(
13

256
+ J6

)
φ6 + J7φ7

(12)

where the coefficients J0, . . . ,J7 can also be determined us-
ing the formula in [30].

In addition, in order to overcome the limitations of the
DA, several hybrid models that combine the DA with other
models have been proposed. The radiosity-diffusion model
can be used to model light propagation in non-scattering
regions [79]. However, it fails in low-scattering regions. A
model that combines the Monte Carlo (MC) simulation with
the DA was also reported [80–82]. In the MC–DA approach,
a MC simulation was used to simulate light propagation
in the proximity of light sources and the DA was used as
the forward model elsewhere in the domain. Although the
MC simulation can depict light propagation accurately, it
is computationally demanding [83]. This has an important
effect on the computational efficiency of the MC–DA model.
Recently, a RTE–DA hybrid model has been developed [83].
The hybrid model uses the RTE to describe light propagation
in the sub-region where the assumptions of the DA are not
valid, and the DA is utilized in the remaining sub-domains.
The hybrid model can be utilized for highly scattering me-
dia and it corrects the inaccuracy of the diffusion theory
close to the sources. Results demonstrate that the hybrid
RTE–DA model can obtain almost the same accuracy as the
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)
φ2 +

F4

μa3
n ·φ2 +

(
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+G4

)
φ3 +

(
H4

μa5

)
n ·φ3

+
∫

Ω·n<0

S(Ω)

(
429

8
|Ω ·n|7− 693

8
|Ω ·n|5 + 315

8
|Ω ·n|3− 35

8
|Ω ·n|

)
dΩ . (11)

RTE but without increasing the computational burden sig-
nificantly [83].

Despite these light transport models having been used
successfully to describe light transport in BLT, the develop-
ment of new light propagation models, which are compu-
tationally more efficient and provide solutions with higher
accuracy, may be required and will facilitate and improve
the quality of BLT reconstruction. In addition, which partic-
ular light propagation model is used depends on the optical
wavelength of the light and the spatial size of the tissue
domain interacting with the light.

2.2. Computational methods for light transport

In order to perform quantitative BLT, it is necessary to
solve the forward photon migration models to generate a
sensitivity matrix which relates the surface measurements to
the internal bioluminescent sources [10]. Currently, different
solution techniques have been proposed for solving the light
propagation models, including analytical, statistical, and
numerical techniques [10]. Analytical solutions to the RTE
and its various approximations are provided by Green’s
function. Green’s function is the solution when the source is
a δ -function, from which solutions for extended sources can
be derived by convolution [69]. The analytical techniques
are computationally fast, but suffer from the disadvantage
of being limited to some specific cases, such as simple
regular objects with mostly homogeneous optical property
distributions. Although the range of analytical techniques
has been extended to more complex geometries such as

multilayer slabs [10, 84], the use of analytical techniques
in BLT reconstruction should be further studied for 3D
arbitrarily shaped domains with complex internal structure.

The MC method is a commonly used statistical tech-
nique that tracks individual photons as they propagate; there-
fore, the method can solve the RTE and its approximate
models with any desired accuracy and thus is considered as
the “gold standard” [85–89]. The approach is conceptually
simpler to implement and relies on fewer limitations, but at
the expense of computational speed due to the large number
of photons required for reliable statistics [87]. The compu-
tational burden, along with the memory constraints in early
computers, has hindered the wide use of the MC method
as a solution technique of the forward model for BLT re-
construction. Hence, it is usually selected to validate newly
developed propagation models or to provide accurate simu-
lation data for inverse source reconstruction. Recently, there
has been great interest in implementing the MC method
based on the graphic processing unit (GPU) [90–92], and
a significant speeding up can be achieved in comparison
with a single CPU core [93]. Meanwhile, reconstruction
algorithms with the GPU-based MC simulation were suc-
cessfully proposed for FMT, and promising results were
obtained [92,93]. However, reconstruction techniques using
the GPU-based MC simulation have not been explored in
BLT reconstruction.

Compared with analytical and statistical techniques, nu-
merical techniques are widely used for BLT reconstruc-
tion because of their high efficiency and good applicability,
including the finite difference method (FDM) [54], finite
element method (FEM) [25], boundary element method
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(BEM) [94], and meshless method (MM) [35]. The FDM
uses regular grids with equidistant grid points to solve the
forward problem. Thus, the FDM is computationally effi-
cient because regular grid calculations take less time than
irregular grid calculations [54]. Generally speaking, it is
difficult for the FDM to deal with complex boundary shapes
and conditions [71]. The FEM is most often chosen for solv-
ing equations describing light transport in tissues, and nowa-
days it is the most popular numerical technique adopted in
BLT. The distinct advantage of the FEM is its versatility
which makes it easily executable on complex heterogeneous
geometries [95]. Therefore, the FEM is more suitable than
other numerical methods. Furthermore, the acquired FEM
matrix is sparse positive-definite, which yields better numer-
ical stability and efficiency and benefits the development of
reconstruction algorithms [38, 96]. However, the FEM suf-
fers from the difficulty of generating an FEM mesh [35]. In
contrast, the BEM only requires the discretization on the sur-
face of the small animal and tissue interface instead of dis-
cretizing the whole small animal [94]. Therefore, the com-
plexity for meshing is greatly reduced compared with the
FEM, but fast and robust meshing technique of 3D objects
with complex geometrical shapes and internal structures
is still a challenge in practice [35]. In order to overcome
the difficulty of 3D meshing, the MM was recently pro-
posed [35]. This technique uses only a set of points without
any point connectivity or element information, so the bur-
densome mesh discretization is avoided. In order to improve
computational efficiency and reduce the memory require-
ments of meshes, adaptive and multilevel techniques have
been used based on the FEM approach [23, 26, 41, 97, 98] as
well as on the MM scheme [27].

After the forward models are solved numerically, a linear
system linking the internal unknown bioluminescent source
and the boundary measurements is then obtained resulting
in a matrix equation:

A ·S = Φ (13)

where A ∈ R
m×n is the sensitivity matrix, m denotes the

number of detector locations on the surface, and n is the
number of possible source locations. S ∈ R

n represents the
unknown bioluminescent source distribution, and Φ ∈ R

m

is the corresponding measurement vector.

2.3. BLT reconstruction algorithms

In practice, the measurable quantity Φ in Eq. (13) can only
be collected on the surface of a small animal. However, pho-
ton propagation is fundamentally a volumetric phenomenon,
so bioluminescent sources are distributed in a 3D domain.
Therefore, the goal of BLT reconstruction is to determine
the 3D bioluminescent source distribution S from bound-
ary measurements Φ based on the formulation of Eq. (13),
and this is a typically inverse problem. It should be noted
that the number of measurements is often substantially less
than the number of unknowns, making the inverse recon-
struction an ill-conditioned problem. Furthermore, the ill-
posedness of source reconstruction is aggravated due to the

multiple scattering of photons. Therefore, meaningless so-
lutions are often produced due to the non-uniqueness of
reconstructed sources and the presence of inevitable mea-
surement noise [20]. Despite the ill-posed nature of BLT
reconstruction in the general case, Wang et al. have theoret-
ically proved that bioluminescent sources can be uniquely
reconstructed under practical constraints [20].

To overcome the ill-posedness of the inverse problem,
multiple types of a priori information are taken into ac-
counted in the reconstruction algorithms. The a priori infor-
mation used in earlier BLT reconstruction is the permissible
source region [25,26,49], which is inferred according to the
surface light power distribution and the heterogeneous struc-
ture of the small animal. The a priori information constrains
the unknown sources in the region where the sources possi-
bly exist. Based on the a priori information, the amount of
unknown source locations can be greatly reduced, and there-
fore the ill-posedness can be alleviated. The effectiveness
of the a priori information has been verified by numerical
and in vivo experiments [25, 26, 42, 45, 49, 99–101]. The ef-
fects on the reconstruction results of the permissible source
region were also fully analyzed [45]. Experimental results
indicate that the size of the permissible source region affects
the reconstructed sources significantly (Fig. 1). The smaller
the permissible source region, the more stable are the recon-
structed results [45]. However, the constraint on the possible
sources cannot be always obtained in advance, especially
when deeper and/or multiple sources exist [41]. Moreover,
the proper size of the permissible source region is difficult
to determine. In view to these problems, an a posteriori per-
missible source region was developed [41] and its feasibility
was investigated using a mouse phantom. Furthermore, an
optimal permissible source region was developed [42]. The
main advantage of the optimal permissible source region
is that it selects the whole object as the initial permissible
source region then updates the permissible region by choos-
ing the most likely elements where the sources can be found
and excluding elements that are small. An adaptive modifi-
cation of the permissible source region is also performed to
make full use of the technique [102, 103].

The spectrum of light emitted by the source that escapes
small animals varies with the depth of the source because

(a) (b) (c)

Figure 1 (online color at: www.lpr-journal.org) Reconstructed
results with different permissible source regions. From (a) to (c),
the size of the permissible source region gradually becomes
larger [45].
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optical properties of tissues are dependent on wavelength.
Therefore, multispectral images can be acquired using a
group of filters, which increases the number of detectable
measurements to help 3D localization of deep sources. If
we consider the light spectrum of the source, Eq. (13) can
be reformulated as

A(λ ) ·S = Φ(λ ) (14)

where A(λ ) and Φ(λ ) are the sensitivity matrix and mea-
sured data at wavelength λ , respectively. Furthermore, as-
suming that measured data are collected in h spectral bins,
we can obtain the multispectral system matrix Amul by as-
sembling the system matrix for all wavelengths. Finally,
a linear equation between the transmitted bioluminescent
signals measured on the external surface of the small ani-
mal and the internal light source for multispectral BLT is
obtained as a similar form:

Amul ·S = Φmul (15)

where

Amul =

⎡
⎢⎢⎢⎣

ω(λ1)A(λ1)

ω(λ2)A(λ2)
...

ω(λh)A(λh)

⎤
⎥⎥⎥⎦ Φmul =

⎡
⎢⎢⎢⎣

Φ(λ1)

Φ(λ2)
...

Φ(λh)

⎤
⎥⎥⎥⎦

and ω(λi), i = 1, . . . ,h, is the energy contribution at wave-
length λi, which can be determined by performing a prior
spectral analysis.

It is now becoming increasingly common to include
multispectral information in BLT reconstruction. Han et
al. [104] provided a theoretical study of the multispectral
BLT model and established a mathematical framework to
study multispectral BLT. The effects of spectrally resolved
measurements were explored and analyzed by Alexandrakis
et al. [105] and Chaudhari et al. [51]. Furthermore, De-
hghani et al. [106] presented a modeling and linear single-
step image reconstruction algorithm for multispectral BLT
and demonstrated reconstructed images from experimental
multispectral data for the first time.

While the multispectral information-based reconstruc-
tion algorithms yield accurate localization of the source and
improve the resolution at various depths, they are extremely
time-consuming and require large amounts of storage mem-
ory. As an example, the computer memory used to store a
mesh consisting of 10814 internal points, 58000 surface
nodes, with four spectral measurements was about 2.5 GB,
and computing each forward model for a single wavelength
took 30 hours on an AMD OPTERON 250 dual CPU com-
puter [51]. To reduce the dimensional disaster arising from
multispectral measurements, singular value decomposition
analysis was used [51]. The algorithm first projects the for-
ward model for each wavelength onto a subspace defined
by a set of spectral basis functions, then applies principal
components analysis to select a smaller subspace carrying
most of the multispectral information. The algorithm is es-
pecially efficient in the case of hyperspectral measurements

(i.e. about 100 wavelengths data). There has been much
effort lately devoted to improving computational efficiency
for multispectral BLT [46, 107]. Ahn et al. investigated sev-
eral representative iterative reconstruction algorithms and
concluded that an on-the-fly approach could reduce the
computational cost [107]. Dehghani et al. developed a fast
reconstruction algorithm using the reciprocity approach and
various results demonstrated that the computational time
was dramatically reduced without any loss of localization ac-
curacy [46]. Additionally, matrix-free-based reconstruction
algorithms are also suitable for BLT to reduce the com-
putational cost and memory requirements [108]. Note that
bioluminescent spectra can be significantly affected by tem-
perature [109, 110], and temperature as a priori information
is particularly attractive for BLT reconstruction because the
accuracy of localization can be improved as well as the
stability of BLT reconstruction algorithms [110].

To perform BLT reconstruction, it is indispensable to
know the optical properties (i.e. absorption and scattering
coefficients) of biological tissues because they affect the be-
havior of light propagation in tissues and have an important
influence on reconstructed sources. Some algorithms were
developed by making an assumption that the whole small
animal is homogeneous. Recent interest in analyzing the ef-
fect of optical property estimation accuracy on tomographic
algorithms has increased [51, 99, 111] and has led to the
general consensus that the assumption of optically homo-
geneous tissues can result in inaccurate source localization.
In other words, reconstruction algorithms with a heteroge-
neous tissue model can lead to better results than those with
a homogeneous tissue model. To acquire heterogeneous tis-
sues, prior knowledge of the anatomy can be incorporated
into BLT reconstruction. Anatomical structure of tissues
can be provided by well-established high spatial resolution
imaging modalities such as micro-CT or micro-MRI [112].
Each segmented tissue was assigned appropriate optical
properties. Various results indicated that the ill-posedness of
BLT was reduced and the accuracy of reconstructed sources
was greatly improved by incorporating the anatomical a
priori information [43, 99, 113]. Nevertheless, optical prop-
erties used in most algorithms are often determined from
ex vivo measurements that may not be representative of the
in vivo conditions. Fortunately, optical properties of tissues
can be acquired by combining another imaging technique,
DOT. Utilization of optical properties provided by DOT
as a priori information allows the quantitative accuracy of
BLT to be improved further. In fact, the idea of combin-
ing CT and DOT modalities to develop BLT reconstruction
algorithms is the so-called multimodality fusion. Detailed
information can be found in Section 5. In addition, obtaining
non-uniform optical tissue parameters is feasible by solving
an inverse optical parameter problem [54].

Although different methods have been proposed for alle-
viating the ill-posedness of BLT by constraining the source
to a smaller region or by introducing multispectral data or by
combining other modalities, these techniques do not elimi-
nate the under-conditioned and ill-posed problem. Moreover,
the measured data are always contaminated with noise. As
a result, small perturbations in the observed measurements
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can lead to large deviations in the reconstructed sources.
In order to restore numerical stability, the regularization
technique has proven to be an effective approach, which
amounts to minimizing the following equation:

Θ(S) = χ(S,Φ)+ γ ·ϑ(S) (16)

Here the functionals χ and ϑ are known as the data fitting
functional and the regularization term, respectively; γ is
the regularization parameter, which determines the compro-
mise between the aforementioned two functionals. A typical
choice of the data fitting functional χ(S,Φ) is ‖KS−Φ‖2

2,
where K is the matrix A in Eq. (13) or Amul in Eq. (15). An
available data fitting functional ‖KS−Φ‖1 has been recently
shown to provide better results [98]. To deal with the ill-
posedness and inhibit noise in the measured data, proper
regularization is crucial. The regularization term commonly
used in BLT algorithms is the conventional l2 norm. l2 reg-
ularization generally tends to penalize large elements and
creates spurious small elements [98]. The merit of the l2
norm is that the associated optimization problem can be ef-
ficiently solved with popular optimization algorithms [114].
The disadvantage is that reconstructed images are always
over-smoothed and lose the localized features.

A good choice of the regularization term should take
a priori knowledge of the inverse problem into account.
In many BLT applications, the domains of bioluminescent
sources are often very small compared with the whole re-
construction domain (such as a mouse). In other words,
the bioluminescent sources are sparsely distributed in
space. This can be considered as valuable a priori infor-
mation for BLT studies. Sparsity-inducing (usually the l1
norm) regularized problems are now receiving an increas-
ing amount of attention in BLT, which allow high-quality
images to be reconstructed from a small number of mea-
surements [23, 44, 45, 98, 114–119]. Numerical, physical,
and in vivo experiments illustrated its superiority over the l2
norm, and the quality of the reconstructed image can be sig-
nificantly improved based on the sparsity characteristic of
the bioluminescent sources. However, l1 norm regularized
problems tend to be effective in recovering sparse sources,
and the bioluminescent source distribution may be sparsified
in the case of non-sparse sources [98].

An available regularization term is the so-called total
variation (TV) regularization. TV regularization was first
introduced by Rudin et al. [120] and has widespread appli-
cations in various fields such as image denoising [121],
DOT [122], photoacoustic tomography [123, 124], and
FMT [125]. The use of TV regularization for BLT has been
investigated in the literature [98]. The main idea behind TV
regularization is to penalize variations of source distribu-
tion and to preserve the boundary of larger regions [98].
However, TV regularization tends to be particularly effec-
tive when source distribution is assumed to be piecewise-
constant. Fortunately, in practical BLT applications, the
bioluminescent sources are generally stable when bound-
ary measurements are acquired. As a result, TV regulariza-
tion is well suited for recovering bioluminescent sources.
It is worth noting that TV regularization-related optimiza-
tions are some of the most difficult optimizations to be

solved computationally due to the non-smooth and non-
differentiable property of the TV regularizer. To perform
the complicated optimization problem, efficient algorithms
were developed by Gao and Zhao [98] and Freiberger et
al. [125]. The split Bregman method is also applied to solve
TV regularization, which allows decoupling one complex
optimization problem into two independent suboptimization
problems that are easily implemented [126]. Using the split
Bregman method, the aforementioned three regularization
terms were performed to evaluate their performances with
a numerical experiment. Corresponding results are shown
in Fig. 2, and detailed information can be found in the lit-
erature [126]. Experimental results reveal that TV regular-
ization can give the best results; however, a comprehensive
analysis and comparison need to be addressed further.

(a) (b)

(c) (d)

(e) (f)

Figure 2 (online color at: www.lpr-journal.org) Reconstructed
images based on different regularization methods with (a, c, e)
10% and (b, d, f) 30% noisy data. Results are shown for (a, b) l2
and (c, d) l1 regularization approaches; (e, f) results with TV regu-
larization. The white circles represent the actual sources [126].

Despite the success of the regularization methods in
BLT studies, the performance of regularized tomographic
algorithms dependent on the regularization parameter (i.e. γ
in Eq. (16)) cannot be ignored. With a small regularization
parameter, the reconstructed source images have highly os-
cillatory artifacts due to noise amplification. Conversely,
with a large regularization parameter, the reconstructed
source images are too smooth. As a consequence, a proper
regularization parameter is crucial. Currently, there are a
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(a) (b)

Figure 3 (online color at: www.lpr-journal.org) Convergence curves for the algorithm in Feng et al. [44], which were validated using
two heterogeneous mouse experiments: (a) numerical mouse experiment; (b) in vivo mouse experiment [44].

number of objective methods proposed for choosing γ for
various inverse problems, such as the well-known L-curve
method, the U-curve method, the cross-validation method,
and the discrepancy principle. More details of these methods
can be found elsewhere [127–133]. However, Vogel [133]
pointed out that the selection method of the regularization
parameter should be chosen depending on the particular
inverse problem. The aforementioned approaches are now
widely applied in optical tomography, such as DOT and
FMT [134–138].

However, few techniques have been applied to BLT and
the selection of the optimal regularization parameter for
BLT remains challenging. In earlier published papers about
BLT, γ is most often determined heuristically by trying a
sequence of different γ to find a reasonably good parameter
that leads to the best results. The disadvantages of heuristic
methods are that they are time-consuming and subjective.
Deterministic algorithms with a fast global convergence are
preferred. Feng et al. proposed an adaptive parameter choice
strategy based on the model function, and the effectiveness
was verified using numerical, physical, and in vivo experi-
ments [44]. Figure 3 illustrates that the algorithm has a good
convergence [44]. In order to reduce the reliance on regu-
larization parameters, Liu et al. developed a dynamically
sparse regularized global method for BLT [119]. A wide
range of regularization parameters was used to investigate
the performance of the tomographic algorithm, and Fig. 4
shows that the reconstructed source was barely affected by
the regularization parameter [119].

In addition, some ad hoc reconstruction algorithms were
developed to perform BLT reconstruction. For example,
Klose presented a stochastic reconstruction methodology
based on transport theory [139]. In comparison with deter-
ministic approaches such as gradient-based algorithms, the
stochastic algorithm provides a mechanism for randomly
probing the global parameter space of all possible source
distributions. The correct location of bioluminescent sources
could be reconstructed in a numerical study. Feng et al. pro-
posed 3D reconstruction algorithms based on the Bayesian

Figure 4 (online color at: www.lpr-journal.org) Reconstruction
results with various regularization parameters. The center is the
corresponding CT slice [119].

approach [113, 115]. The merit of Bayesian-based algo-
rithms is that there is no need for the selection of a regu-
larization parameter. Another advantage of Bayesian-based
approaches is that it is convenient to incorporate multiple
types of a priori information to reduce the ill-posedness
of BLT. More recently, level set algorithms have received
increasing attention in BLT [48, 100]. For example, Liu et
al. [48] developed a BLT reconstruction algorithm based on
the piecewise-constant level set strategy. In the algorithm,
not only can bioluminescent source strengths be recovered,
but also the boundaries of sources are established. As is
well known, fast reconstruction algorithms are preferred
for practical BLT applications. Considering this fact, rapid
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reconstruction algorithms have been developed to improve
computational efficiency [33, 43].

Overall, although significant progress has been made in
BLT reconstruction algorithms, there still remains a variety
of challenges in terms of stably, accurately, and quickly
characterizing the distribution of bioluminescent sources.
Continued effort needs to be devoted to refining BLT recon-
struction algorithms to greatly facilitate the wide use of the
technique for paving the way for routine preclinical use.

3. System for bioluminescence tomography

3.1. From planar imaging to tomographic imaging

As mentioned above, the bioluminescent signals on the sur-
face of a small animal are very weak. In order to satisfy
the requirement of detecting such weak signals, it is nec-
essary to use a highly sensitive photon detector and the
whole experiment has to be carried out in a completely dark
environment. In most bioluminescence imaging systems,
a liquid-nitrogen-cooled or thermoelectricity-cooled back-
illuminated CCD camera is adopted as the photodetector.
The back-illuminated technology provides very high quan-
tum efficiency, usually greater than 80% for the wavelength
range between 500 and 700 nm. The cooled technology
makes the CCD chip work at a very low temperature, usually
−70 ◦C for a thermoelectricity-cooled camera and −110 ◦C
for a liquid-nitrogen-cooled camera. Therefore, the dark
current of the CCD will be significantly reduced, which is
very suitable for long-time exposure. Both high quantum ef-
ficiency and low dark current of the CCD camera are crucial
in detecting weak bioluminescence signals.

At the beginning of the bioluminescence technique be-
ing applied to in vivo imaging of small animals, planar
imaging was employed in view of its simplicity, immediacy,
and high throughput. Commercial products for biolumines-
cence imaging are widely used in biomedical study [11].
However, the limitation of planar imaging is obvious. Be-
cause of the nonlinear relationship of light intensity with
optical properties of tissues and the distance traveled [140],
planar bioluminescence imaging can only provide qualita-
tive or relative quantification information. In other words,
the signals are related to depth and sample type [1].

In order to perform 3D tomographic imaging of biolu-
minescence distribution, there are two issues to be consid-
ered. Firstly, BLT reconstruction is severely ill-posed, so
only a single-view detection in a single spectrum may not
be able to ensure the quality of 3D reconstruction. Thus,
many imaging strategies, such as multiview imaging and
multispectral imaging, have been adopted to obtain biolumi-
nescent signals as much as possible. We review the related
development in the following subsection. Secondly, biolu-
minescence imaging cannot generate structural information,
so the surface topography of small laboratory animals such
as mice or rats needs to be acquired through other modali-
ties to provide boundary conditions for BLT reconstruction.
The surface information can be obtained by either computer
vision technology with multiview photographic images or a

laser scanner. In addition, the surface topography can also
be obtained using micro-CT or micro-MRI systems. Fur-
thermore, micro-CT or micro-MRI can provide not only
the surface topography, but also the anatomical structure
data of a small animal, which is beneficial for improving
the results of BLT through heterogeneous reconstruction.
We discuss the integration of BLT and other modalities in
Section 5. Furthermore, as regards absolute quantitative de-
termination of the bioluminescence distribution in tissues,
a quantitative calibration procedure is also needed. In the
literature [141], the absolute intensity calibration of CCD
cameras and the whole imaging system for planar imaging
has been discussed. In the present paper, we also discuss the
absolute intensity calibration of BLT reconstruction based
on the combination of CCD camera adjustment and the free
space propagation theory of diffuse light.

3.2. Multiview imaging and multispectral imaging

According to popular understanding, the development of
BLT reconstruction based on planar bioluminescence imag-
ing is similar to the evolution of X-ray CT relative to ra-
diography [142]. Therefore, it is very natural to think of
acquiring multiview data for BLT reconstruction around
samples. In the prototype BLT system of Wang’s group [49],
a mouse was mounted on a rotation stage in front of a high-
sensitivity CCD camera, and four views around the mouse
with 90◦ intervals were acquired by turning the rotation
stage, as shown in Fig. 5. The design of such a system is
simple and easy to achieve, and has been adopted by many
other groups. In such a rotation-stage-based multiview sys-
tem, the time used for scanning is proportional to the number
of detection views, and the bioluminescent source intensity
in tissues may change with time. For the sake of saving
time, some plane-mirror-based multiview data acquisition
systems have been designed. Besides saving scanning time,
another advantage of these plane-mirror-based schemes is
the convenience of integrating these schemes into the avail-
able commercial planar bioluminescence imaging systems.
Meanwhile, multiview data are acquired simultaneously,

Figure 5 (online color at: www.lpr-journal.org) Photograph of
rotation-stage-based multiview set-up [49].
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(a)

(b)

Figure 6 (a) Schematic diagram of a plane-mirror-based set-up
for multiview acquisition. (b) Sample image obtained from the CCD
camera using this set-up [51].

so the intensity change of bioluminescent signals can be
ignored. Figure 6a shows a schematic diagram of a plane-
mirror-based set-up for multiview acquisition, and Fig. 6b
shows a sample image obtained from a CCD camera using
this set-up [51]. From Fig. 6b we can see that the bottom and
side views are scaled compared with the top view because
of differing optical path lengths, which should be corrected
prior to 3D reconstruction. In addition, we can see that these
four views are not in the same imaging plane and the depth
of field of the CCD camera is limited, so the bottom view
is obviously blurred in this imaging. A large lens aperture
(small number aperture setting) is usually required to collect
the very weak bioluminescent signals. However, the larger
the lens aperture, the smaller the depth of field. Thus, the
size of the depth of field will limit the application of such a
plane-mirror-based set-up.

Besides multiview imaging, another widely used biolu-
minescent signal acquisition strategy is multispectral imag-
ing. The optical properties of biological tissues (absorption
and scattering) vary with the spectrum. For this reason,
multispectral imaging has been widely used in many fields
of optics. The spectrum of bioluminescent signals is wide
enough to be divided into several narrow bands. The optical
parameters of the whole spectrum can be regarded as the
weighted average of several spectral bands. Therefore, di-
viding the whole spectrum into several spectral bands not
only provides more measurement data, but also improves
the accuracy of the optical parameters.

It has been demonstrated that a bioluminescent source
can be reconstructed using several spectral band data even
acquired from a single view. In order to acquire spectrally
resolved detection data, filters with different wavelength
centers are usually consecutively utilized to eliminate the
bioluminescent photons outside of the corresponding wave-
length range. Therefore, multispectral data are easy to ob-

tain using a commercial planar optical imaging system. In
fact, some commercial imaging systems integrate spectrally
resolved measurements to perform 3D inverse reconstruc-
tion [143]. Figure 7 illustrates the principle of the spectrally
resolved method [17]. The red and green circles represent
two monochromatic sources with the same intensity but
different frequencies which are embedded in tissues. Since
green light is absorbed more by tissues than red light, the
deeper the embedded source, the larger the intensity ratio
detected outside of biological tissue. Using this characteris-
tic, the source distribution can be estimated via multispec-
tral data.

Figure 7 (online color at: www.lpr-journal.org) Principle of
multispectral imaging. The red and green circles indicate two
monochromatic sources with the same intensity but different fre-
quencies which are embedded in biological tissues. Since green
light is absorbed more by biological tissues than red light, the
deeper the embedded source, the larger the intensity ratio de-
tected outside of biological tissues [17].
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It is obvious that multispectral measurements and multi-
view detections can be integrated together in a BLT system.
It will take a long time if the multiview and multispectral
data are acquired sequentially. Wang et al. [142] proposed
an imaging system design which is able to capture multiview
and multispectral data simultaneously.

3.3. Quantitative calibration

The purpose of BLT reconstruction is to provide not only
the 3D position of the bioluminescent source, but also the
quantitative distribution. In order to determine the absolute
quantitative distribution, we need to calibrate the CCD cam-
era with a standard source, and the surface flux density of
small animals should be recovered from the images captured
by the CCD camera. The free space propagation theory of
diffuse light [144, 145] is often employed to address this is-
sue.

For simplicity, we use a simple model to describe dif-
fuse light propagation from the small-animal surface to the
CCD chip in this paper. For more complex cases, we refer
the reader to other literature [144–148]. Figure 8 shows an
imaging model of diffuse light propagation through an opti-
cal lens. A surface differential dS with outwards normal n̂
at position r is imaged at point r′ on the CCD chip through
the optical lens. In this model, we just consider the point-
to-point mapping between r and r′ for those angles that fall
within the lens aperture Ω. The power measured at point
r′ is equivalent to the power at r emitted from the surface
differential dS that is irradiated into the solid angle Ω. Thus,

P(r′) = σP(r) = σdS
∫
Ω

L(r, ŝ)n̂ · ŝdΩ (W) (17)

where σ is the energy loss coefficient during imaging. L(r, ŝ)
is the radiance with units of W/(mm2 sr) at r for a given
direction ŝ which flows within a unit solid angle dΩ. The
solid angle can be represented by the differential area dA at
aperture R as

dΩ =
m̂ · ŝ
|R− r|2 dA (18)

where m̂ is the normal unit of the differential area dA.

Figure 8 Imaging model of diffuse light propagation.

If we assume that the radiance from a certain surface
point is isotropic, then the Lambertian approximation can
be introduced in the above model. We have L(r, ŝ) = L(r).
Thus, the outgoing photon flux on the surface of the object is

Q(r) =
∫

(2π)+

L(r)n̂ · ŝdΩ = πL(r) (W/m2) (19)

Considering that the object distance is much larger than
the aperture size, we can neglect the effect of the light
direction into this lens aperture. Then, we have

P(r′) = σAQ(r)cosθ
cosθd

π |r−OB|2
dS (20)

where A is the area of the lens aperture, cosθ = (n̂ · ŝ),
and cosθd = (m̂ · ŝ).

The above equation builds a linear relationship between
the object surface photon flux intensity Q(r) and the en-
ergy value P(r′) per unit time measured by the CCD chip.
The energy will be converted to CCD output counts in an
analog-to-digital unit (ADU) by the CCD camera digitizer.
In order to determine the quantitative relationship between
the flux density of the small-animal surface and the CCD
output counts, we need to use a standard source to perform
calibration. In general, an absolutely calibrated integrating
sphere is employed as the standard source. By imaging the
output aperture of the integrating sphere and adjusting the
output intensity of the sphere with a suitable step, we will
obtain a series of measurement data corresponding to differ-
ent integrating sphere outputs. The quantitative conversion
relationship between physical units of the surface flux den-
sity in W/m2 and the CCD output counts in the ADU can
be determined by linear fitting. It should be noted that the
relationship depends on the experimental conditions such as
f-stop, CCD binning setting, and object position. Therefore,
we should perform CCD calibration for different experimen-
tal conditions to ensure the accuracy of BLT reconstruction.

4. Application of bioluminescence
tomography

There has been a tremendous growth in the use of biolumi-
nescence technology for in vivo imaging of small experi-
mental animals. This is in part due to the popularity of the
bioluminescence technology, and also in part because of
its extremely high sensitivity compared with conventional
imaging techniques.

For bioluminescence technology, the reporter genes that
encode for enzymes (known as luciferases) need to be intro-
duced to certain cells or gene fragments under investigation
that can catalyze a light-producing reaction in the presence
of their specific substrate. This reaction usually requires
the participation of oxygen and adenosine triphosphate as a
source of energy, and the reporter genes are often found in
organisms such as fireflies, glow worms and jellyfish [149].
The most commonly used reporter gene for bioluminescence
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technology is the one that encodes for firefly luciferase [150].
Before a bioluminescence imaging experiment, the animal
should be injected with the substrate for the enzyme. In the
case of firefly luciferase, the substrate is D-luciferin, and
this kind of small molecule can rapidly distribute through-
out the whole body of the small animal after intravenous
or intraperitoneal injection. In cells, the reaction of the lu-
ciferase enzyme expressed by the luciferase reporter gene
and D-luciferin can generate oxyluciferin with the emis-
sion of light (peak at 560 nm). Therefore, it is evident that
bioluminescence technology does not need any excitation
by external light and there are almost no autofluorescence
signals to contend with.

As described in the above sections, bioluminescence
technologies including bioluminescence imaging and BLT
have been widely applied in tumor and drug research [1,2,8].
For drug research, combining innovative molecular biol-
ogy and chemistry, bioluminescence imaging has been used
to image protein interactions [151–154], protease activ-
ity [155–157], and protein degradation [158–160] in entire
mouse physiological systems for large-scale screening of
compounds which may be potential future drugs. In addition,
bioluminescence imaging has been used in antitumor effi-
cacy assessment and it has been proven to be more accurate
and easy to use than the traditional manual measurement
of tumor volume [161]. At the same time, bioluminescence
imaging has been used in many aspects of cancer research
including tumor detection, tumor metastasis [162], tumor
angiogenesis [2], and induced apoptosis [1,163]. In addition
to drug and tumor research, bioluminescence imaging has
been applied in other disease research including bacterial
infectious diseases [164], peripheral artery disease [165],
graft-versus-host disease [166], and so on.

In recent years, bioluminescence imaging has been
widely applied in many aspects of drug and disease research.
However, as mentioned above, bioluminescence imaging
can only present an accurate two-dimensional location of a
subcutaneous tumor which largely limits its application in
the detection of internal labeled targets, such as in the liver,
bone, or lungs. As a 3D tomographic imaging modality, BLT
has shown its advantage in determining the bioluminescent
source distribution inside a phantom and is gradually being
applied to in situ cancer research.

In general, the BLT imaging experiment is divided into
two steps: the first is the collection of multiview or mul-
tispectral bioluminescent photons and the second is the
acquisition of anatomical structure information. For the de-
tection of multiview or multispectral bioluminescent light
on a mouse surface, the mouse is usually fasted overnight
prior to the experiment to prevent food from interfering with
the bioluminescence results. We can obtain multiview or
multispectral bioluminescent data for the following BLT
reconstruction after injecting anesthetic and substrate. Gen-
erally, more than three-view light distributions are recorded
to fulfill the inverse source reconstruction, and the multi-
view detection data can be acquired simultaneously [50] or
at different times [101] using a rotation stage. The anatomi-
cal structure information can be obtained using MRI [51]
or small-animal CT (micro-CT) [101, 167]. Similarly, BLT

has gradually been used in many aspects of cancer research.
The accuracy of bioluminescent source reconstruction has
been greatly improved after years of development and this
3D tomographic imaging technique has proven to be ca-
pable of reconstructing the source distribution using phan-
tom experiments. Furthermore, in order to better simulate
real experimental environments, many groups have done
bioluminescence experiments using real mice in which a
luminescent bead was implanted [32, 96, 99, 119]. Based on
the research discussed above, Chatziioannou’s group [167]
has applied BLT in experiments of xenograft mouse models
bearing a colon tumor MC38fluc and proved that this imag-
ing modality was confident by comparing the corresponding
reconstructed results with those of micro-PET. Chaudhari et
al. [51] have applied the BLT technique in the detection of
the U87MG brain tumor mouse model with hyperspectral
and multispectral measurements, and obtained confident re-
sults through reconstruction of six horizontal planes of the
bioluminescent data overlaid on co-registered MRI slices.
The corresponding experimental results are shown in Fig. 9.

Figure 9 (online color at: www.lpr-journal.org) Reconstruction
of six horizontal planes of bioluminescence data overlaid on co-
registered MRI slices. The red contour indicates the boundary of
the tumor on the corresponding slices. The threshold was set to
display bioluminescence data greater than or equal to 10% of the
maximum reconstructed voxel value [51].

Tian’s group has employed the BLT technique in the
early detection of HCCLM3 liver cancer using in situ
mouse models [101] and improved the detection accu-
racy of liver cancer based on the calibrated BLT method
(shown in Figs. 10 and 11). In addition, based on the the-
ory of Cherenkov, Cherenkov luminescence can be de-
tected using a bioluminescence imaging system, and many
groups have utilized this technology in the detection of tu-
mors [63, 64, 66]. Therefore, with the development of BLT,
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Figure 10 (online color at: www.lpr-journal.org) Reconstructed
bioluminescence distribution at different angles based on the
heterogeneous mouse without calibrating the bioluminescent in-
tensity. The dark blue (half-moon-shaped) area is the liver. Num-
bers 1–4 label the obvious differences in comparison with the
reconstruction results based on the calibrated bioluminescent
intensity [101].

Figure 11 (online color at: www.lpr-journal.org) Reconstructed
bioluminescence distribution at different angles based on the het-
erogeneous mouse after calibrating the bioluminescent intensity.
The dark blue (half-moon-shaped) area is the liver [101].

this technology and its derived imaging technologies (such
as CLT) will play a major role in tumor prevention and
treatment research, and are expected to become standard
imaging modalities in preclinical and clinical studies in the
near future.

5. Bioluminescence tomography-based
multimodality fusion

For all imaging techniques, no one particular imaging
modality can provide information on all aspects of struc-

tural, functional, and molecular imaging simultaneously [6],
so multimodality fusion is becoming increasingly popu-
lar [24, 168–172]. For BLT reconstruction, multimodality is
not only useful, but also essential.

One of the most important purposes of BLT multimodal-
ity fusion is to provide structural information for BLT recon-
struction. Tomographic reconstruction cannot be performed
if there is no surface topography of a small animal, because
the boundary conditions cannot be determined in this case.
Integrating a laser scanner into the BLT system is a feasi-
ble strategy since the laser scanner is able to provide the
surface topography by scanning the animals. This strategy
has been implemented in commercial systems. It is simple
and easy to implement, but the laser scanner cannot provide
any inner structural information of the animals. Registration
of the topography to a standard mouse atlas can address
this issue partially, but the accuracy is limited due to differ-
ences in morphology and position, especially for soft tissues.
Integrating BLT with micro-CT or micro-MRI is a more
popular modality fusion strategy. Both micro-CT and micro-
MRI can provide high-resolution anatomical structure data.
Moreover, the surface topography can be extracted from the
anatomical structure data. More importantly, we can also
utilize the anatomical structure data as a priori knowledge
in the inverse source reconstruction and improve imaging
quality based on the heterogeneous method. As mentioned
in Section 2, BLT is an ill-posed inverse problem, and the
introduction of a priori knowledge is able to reduce the
ill-posedness of 3D tomographic reconstruction. Although
CT and MRI are not able to provide optical parameters of
tissues directly, yet they can provide the accurate position
of various tissues. It should be noted that a contrast agent is
required for CT imaging. Thus, we can indirectly determine
the optical parameters of various organs by consulting re-
lated documents in the biophotonics field. Fusing BLT with
DOT is an attractive direction because DOT can measure bio-
logical tissues directly. Zhang et al. [173] have demonstrated
that computational results of BLT are improved effectively
by integrating DOT information into BLT reconstruction
during their DOT-guided BLT experiments. Another more
attractive fusion strategy is to build a BLT/DOT/micro-CT
tri-modality system [174]. In such a system, micro-CT pro-
vides high-resolution anatomical structural information and
DOT measures the optical parameters of biological tissues.
Using the aforementioned information as a priori knowl-
edge, we can perform high-quality BLT reconstruction to
provide more accurate molecular information. A combined
tri-modality FMT/DOT/CT system for quantitative FMT
has been reported [175]. The phantom experimental results
show that the fluorophore concentration can be more ac-
curately recovered when both DOT optical properties and
X-ray CT structural a priori information are utilized. We be-
lieve that a similar tri-modality system for BLT will appear
in the near future.

There are three kinds of schemes for BLT integration
with other modalities. In the first scheme, other completely
separate imaging systems, such as micro-CT and MRI, are
used and multimodality imaging is achieved via image reg-
istration [176, 177]. Fiducial markers are usually used for
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registration. Based on the pinhole model in the computer
vision discipline, Beattie et al. studied the registration of
planar bioluminescence to magnetic resonance and X-ray
CT [177]. The advantage of this scheme is obvious: there
is little limitation in the imaging system, and thus it can be
implemented in many available commercial or laboratory
prototype imaging systems. However, the disadvantage is
the accuracy of registration, especially for soft tissues whose
shape is easily influenced by the changes of position and
morphology during scanning.

The second scheme is to integrate other modality hard-
ware with the BLT system. Figure 12 shows a schematic
diagram of a BLT/micro-CT dual-modality system, and the
corresponding photograph of the system in our laboratory
is shown in Fig. 13. The BLT and micro-CT subsystems
share the same rotation stage. Therefore, the animals do not
need to be moved between BLT and micro-CT experiments,
which avoids possible shape changes of the animal body as
in the first scheme. In addition, the geometry position of
the BLT subsystem and the micro-CT subsystem is known,
which can be used to simplify the registration of biolumi-

Figure 12 Schematic diagram of BLT/micro-CT dual-modality
system [17].

Figure 13 (online color at: www.lpr-journal.org) Photograph of
BLT/micro-CT dual-modality system [101].

nescent and CT images. In this dual-modality system, the
small animal has to be mounted on the rotation stage ver-
tically, and it is inconvenient for imaging experiments. A
gantry-based BLT/micro-CT system, much like the clinical
CT scanner, is being designed in our laboratory and it will
be applied in experiments soon. Similarly, a gantry-based
hybrid FMT system has been reported recently [178, 179],
in which an optical imaging system and X-ray CT system
are mounted on the same rotation gantry.

The third scheme is very attractive and also more chal-
lenging, in which the BLT and other modality system share
the same detector. A typical case is the optical PET (OPET)
system, designed by the UCLA Crump Institute for Molecu-
lar Imaging [105, 180]. In the OPET system, a scintillation
array with an open end and photomultiplier tube is used
as the detector, which is able to capture both high-energy
gamma-rays and visible photons. In PET imaging, the crys-
tal absorbs the gamma-rays and releases fluorescence pho-
tons. In optical imaging, the crystal plays the role of the light
guide for visible photons. Since there are no collimating
lenses for optical photon coupling, the imaged object has to
be in contact with or close to the crystal in OPET scanning.

Broadly speaking, the second scheme is able to provide
better fusion results and it is more convenient to use than the
first one. Even though the third scheme seems appealing, the
performance of this scheme is limited by the development
of the detector. Therefore, in our opinion, the second inte-
grating scheme should be more popular in the near future.

6. Conclusions and perspectives

In the past few years, molecular imaging has been rapidly
developed and widely used in the field of biology and
medicine, and some imaging technologies like MRI and
ultrasound have been relatively mature, but the correspond-
ing study of some imaging modalities is still in its infancy,
such as optical imaging. As an important imaging modality,
optical imaging uses light to noninvasively obtain functional
information derived from tissue composition and biomolec-
ular processes in the living small animal at the cellular and
molecular levels, and has significantly promoted biomed-
ical investigation based on progress of the computational
method, imaging system, and key technologies including
smart specific probes. Among many optical imaging tech-
niques, although BLT is mainly applied for living small-
animal imaging and cannot be used in the clinic presently,
its ability to evaluate the measured target with positioning
and quantitative information has attracted increasing atten-
tion and it has been applied in the preclinical field, especially
in drug discovery and cancer research.

In this review, we have presented an overview of the
methodology and instrumentation developed for BLT, and
the latest applications based on appropriate computational
methods and imaging systems. Above all, we have tried
to systematize different classes of inversion algorithms for
BLT according to diverse a priori knowledge employed to
reduce the ill-posedness of inverse source reconstruction
and ensure the uniqueness of BLT solution, and particularly

www.lpr-journal.org © 2013 by WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim



110

LASER & PHOTONICS
REVIEWS

C. Qin et al.: Recent advances in bioluminescence tomography

discussed the strengths and weaknesses of each approach.
Moreover, we have classified and summarized a variety of
BLT imaging systems, including not only commercialized
devices for the acquisition of planar light signals on object
surfaces, but also laboratory prototypes for 3D tomographic
reconstruction. By means of effective methods and systems,
typical application examples of BLT in tumor study and drug
discovery have also been introduced and compared with
other mature imaging technologies. Furthermore, following
the development trend of molecular imaging, a summary
of representative BLT-based multimodality fusion has also
been given in this paper. In particular, the corresponding
progress of BLT reported in this review not only reflects
the scientific interest and hard work of the contributors
and their groups, but also indicates the scientific challenges
and guides the development direction of BLT in the years to
come. As described above, although the research of BLT has
made tremendous progress and reached wide application, in
our opinion, BLT is still far from being fully exploited, and
greater efforts should be deployed in the following aspects
to achieve fast and substantial development:

1. New-style molecular probes for BLT or substi-
tutable imaging technology for BLT should be further in-
vestigated. As is well known, bioluminescent light is the
product of the biochemical reaction between the injected
luciferin and the imaging target genetically engineered to
stably express luciferase, so at present BLT-based imaging
modalities are not yet feasible for human application. We
consider that there are two strategies to solve this problem:
either developing new-style optical probes and advanced la-
beling techniques suitable for clinical application or seeking
other imaging modalities to realize the function of BLT. It
is worth mentioning that the aforementioned new imaging
modality, CLT, uses approved radiotracers to generate lumi-
nescent light and is very promising for clinical diagnosis and
therapy, especially for melanoma, breast, and lymph tumors.

2. Endoscopic bioluminescence tomography (EBLT)
should be studied as a means to overcome the limit of imag-
ing depth, which not only has scientific significance, but
also has practical value in the detection of deep targets. In
the biophotonics field, the penetration depth of emitting pho-
tons is generally several centimeters, so disease in deeper
organs cannot be directly visualized using optical imaging
technology. With the help of the approaches in conventional
interventional treatment, an interventional needle or a small
vessel can penetrate the skin or pass through the existing
channels of the body to a diseased organ, and then a minia-
ture optical scanner can reach effective detection distance
and collect light signals for inverse source reconstruction.
However, the corresponding research into EBLT has only
just begun, but we believe that EBLT and the derived imag-
ing modalities will eventually grow into major and practical
optical imaging techniques.

3. Computational methodology and imaging system
of BLT should be further improved in both precision and
efficiency. A variety of mathematical models and reconstruc-
tion algorithms have been proposed for either improvement
of imaging precision or advancement of computation effi-
ciency. However, the conventional single photon transfer

models like the RTE, diffusion equation, and SPN depict
light propagation in tissues without consideration of the
effect of different organs with distinctive optical parame-
ters on the photon transfer model. Therefore, a new hybrid
transfer model should be developed not only to differentiate
the optical behavior of different organs, but also to bal-
ance the accuracy and efficiency of different single-transfer
models. As for the BLT imaging system, multimodality fu-
sion has become the development mainstream in order to
acquire more biomedical information while reducing the
intrinsic ill-posed nature of the optical inversion problem.
High-throughput tomographic reconstruction and conve-
nient small-animal holders applicable to various imaging
instruments have also attracted marked attention in system
design and manufacture. Furthermore, there are some chal-
lenges that remain to be resolved in the post-processing
of the raw image data, such as automatic segmentation of
the anatomical structure and space registration of different
modalities. We think that the next generation of imaging
systems will be of excellent performance and high cost-
effectiveness as well as having point-and-shoot operation.

In conclusion, from the above discussion, we can see
that many challenges are still ahead, but the existing studies
of BLT have provided significant advances in computational
methodology and imaging system as well as biomedical ap-
plication, which directly promote the development of the life
science field and potentially influence other disciplines such
as molecular biology, biochemistry, computational mathe-
matics, optics, and medical imaging devices. Through this
review, we expect that BLT-based multimodality fusion tech-
nology or the derived imaging modalities can become effec-
tive diagnostic tools for malignant diseases in the clinical
setting based on significant breakthroughs in specific probes,
reconstruction algorithms, and platform systems.
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