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Abstract
Purpose: Bioluminescence tomography (BLT) can provide in vivo three-dimensional (3D) images
for quantitative analysis of biological processes in preclinical small animal studies, which is superior
than the conventional planar bioluminescence imaging. However, to reconstruct light sources under
the skin in 3D with desirable accuracy and efficiency, BLT has to face the ill-posed and ill-conditioned
inverse problem. In this paper, we developed a new method for BLT reconstruction, which utilized
the mathematical strategies of the split Bregman iterative and surrogate functions (SBISF) method.
Procedures: The proposed method considered the sparsity characteristic of the reconstructed
sources. Thus, the sparsity itself was regarded as a kind of a priori information, and the sparse
regularization is incorporated, which can accurately locate the position of the sources. Numerical
simulation experiments of multisource cases with comparative analyses were performed to evaluate
the performance of the proposed method. Then, a bead-implanted mouse and a breast cancer
xenograft mouse model were employed to validate the feasibility of this method in in vivo experiments.
Results: The results of both simulation and in vivo experiments indicated that comparing with the L1norm iteration shrinkage method and non-monotone spectral projected gradient pursuit method, the
proposed SBISF method provided the smallest position error with the least amount of time consumption.
Conclusions: The SBISF method is able to achieve high accuracy and high efficiency in BLT
reconstruction and hold great potential for making BLT more practical in small animal studies.
Key words: Bioluminescence tomography reconstruction, Optical molecular imaging, Split
Bregman method, Surrogate Functions

Introduction
Optical molecular imaging (OMI) is a powerful tool used in
biomedical research. This noninvasive technology has led to
widespread exploration of biological processes in vivo at
Correspondence to: Kun Wang; e-mail: kun.wang@ia.ac.cn, Jie Tian; email: tian@ieee.org

cellular and molecular levels within intact living organisms.
In particular, the development of OMI could help us fully
understand how to diagnose diseases earlier and hasten drug
development, especially for cancer, which has a global
increase in incidence rate [1–5]. Bioluminescence imaging
(BLI) is a powerful tool used in biomedical cancer research
[6–8]. However, it is also known as a qualitative imaging
technique as it can only provide planar information over 3D
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imaging subjects. Recently, bioluminescence tomography
(BLT) has been able to provide quantitative 3D biodistribution of the bioluminescent photons inside intact
living organisms [9–13], and thus, it attracted more attention
in preclinical small animal studies in oncology. By combining BLI and X-ray computed tomography (CT) modalities,
the BLT technique therefore brings together the merits of
good sensitivity, high resolution, fast speed, and low
instrumentation cost, potentially making it possible for
detecting liver cancer at an early stage [14–17].
Because of the photo scattering effect in tissues, the 3D
tomographic reconstruction of BLI suffers from the challenge of solving the ill-posed inverse problem [10]. The
acquired planar bioluminescence images, as the known
information, only contain the photon distribution or the
photon flux on the surface of the reconstructed target. This
insufficient information makes the BLT reconstruction as a
mathematical process of solving an undetermined system of
linear equations. The other difficulty is that the numerical
computation of reconstruction could be time-consuming and
inefficient due to the large scale of datasets. In order to
obtain a unique solution, many reconstruction algorithms
have been developed and applied to the linear inverse
problem such as multispectral measurement [18, 19] and
permissible source region (PSR) [20, 21]. Although reconstruction results were improved using these methods, related
limitations on practical applications also appeared. The
multispectral methods have some limitations by increasing
measurable information [22], and both the size and position
of the PSR have significant impact on the reconstruction
results [23].
In addition, some regularization methods have been
introduced to enhance the numerical stability and efficiency
for reconstruction. The most popular is Tikhonov regularization (l2-norm) used to solve the linear inverse problem,
which can produce overly smooth solutions. Recently,
sparse regularization (l1-norm) and total variation (TV)
regularization are commonly used in reconstruction. The
advantage of using sparsity regularization is that it can still
perform well when the measurement data sets are very
limited [24, 25]. In recent years, inspired by the ideas behind
the compressed sensing (CS) theory [26], various algorithms
incorporated with l1-norm regularization have been proposed to solve optical tomography problems [27–29], such
as the iterated shrinkage based method with l1-norm (IS_L1)
and the stagewise orthogonal matching pursuit-based
method. In order to solve these regularization methods,
some novel solution algorithms were proposed, such as the
split Bregman method [30, 31]. However, the accuracy and
efficiency of the reconstruction are still challenging issues
for the above methods.
In this paper, we demonstrate an efficient algorithm using
split Bregman iterative and surrogate functions (SBISF) to
solve the sparse regularization problem for reconstruction.
The sparse regularization method can balance the merits of
the sparsity characteristics and accurately locate the position

of the source. In view of reconstruction accuracy and
efficiency, the sparse regularization-based reconstruction
problem is solved effectively by the split Bregman iterative
algorithm. The main purpose of this paper is to show that the
proposed algorithm is a very simple but very fast and
accurate method in both theory and practice for the
reconstruction problem involving only matrix multiplication
and scalar shrinkage. The experimental results including
numerical simulation and an in vivo mouse were employed
to evaluate the performance of the proposed method.
In the “Materials and Methods” section, the photon
diffusion model will be described mathematically, and the
internal bioluminescence source reconstruction method is
introduced in detail. In the “Results” section, the performance of the proposed method is evaluated through
numerical simulation experiments. In the “Discussion and
Conclusion” section, a bead-implanted mouse model and a
tumor-bearing mouse model are employed for evaluation, so
that the reliability of the proposed method is further
validated. In the “Discussion and Conclusion” section, we
draw the conclusion and describe further research.

Materials and Methods
In this section, we describe our technique to reconstruct the location
of the tumor using a dual-modality tomography system, which
provides multi-view bioluminescence imaging (BLI) and microcomputed tomography (μCT).

The Imaging System Description
The schematic illustration of the imaging system is given in Fig. 1.
The system was built in a dark room with radiation-proof shielding.
The dual-modality tomography system consisted of an ultrasensitive cooled EM-CCD camera (Andor’s iXon3888, UK, pixel size:
13 μm × 13 μm), a rotating stage with a mouse holding shelf, an Xray generator, and detector for CT image acquisition.

Light Source Reconstruction in BLT
Photon Diffusion ModelIn 1903, Schuster first proposed the
radiative transfer equation (RTE) also known as the Boltzmann
equation, which was used to describe photon propagation in
biological tissues [32–34]. However, RTE is difficult to solve and
is often approximated to a diffusion equation, which provides
solutions that are more computationally efficient. Usually, the RTE
is simplified in the diffusion approximation. Therefore, the
diffusion approximation equation is usually used for BLT [10,
35]. For photon propagation in biological tissues with the optical
properties of high scattering and low absorption, the diffusion
equation is usually adopted to describe the propagation of light
through the mouse [11]. Normally, the bioluminescent light is
considered to be a diffusion-dominant transport process in
biological tissues for its red weighted spectrum [36].
The diffusion equation is the first-order spherical harmonics
approximation for the radiative transfer equation [10, 37], which
can be written as Eq. (1) in the steady-state domain.
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Fig. 1 The dual-modality tomography imaging system. a The schematic illustration of the dual-modality tomography imaging
systems. b A picture of the system set-up, including the cooled EM-CCD, X-ray generator, X-ray detector, and Rotating stage.

−∇⋅½DðrÞ∇ΦðrÞ þ μa ðrÞΦðrÞ ¼ S ðrÞ;

r∈Ω;

ð1Þ

where D is the optical diffusion coefficient, and

D¼

1
3½μa þ ð1−g Þμs 

ð2Þ

μa is the absorption coefficient. g is the anisotropy parameter. μs is
the scattering coefficient. r is the position vector. Φ is the photon
flux density. The photon flux density on the skin surface of a mouse
can be measured by CCD and used to trace the signal source
distribution s inside the mouse body. s is the signal source
distribution, which is the variable that needs to be solved. Ω is
the region of biological tissues.
The diffusion equation is accompanied by the Robin boundary
condition [35, 38], which is given by



0
ΦðrÞ þ 2A r; n; n DðrÞ½νðrÞ⋅∇ΦðrÞ ¼ 0; r∈∂Ω

ð3Þ

Given the mismatch between the refractive indices n for Ω and n
′ for the surrounding medium, the measured quantity is represented
by the outgoing photon density on the boundary ∂Ω as follows:

QðrÞ ¼ −DðrÞ½νðrÞ⋅∇ΦðrÞ ¼

Φðr Þ
; r∈∂Ω
2Aðr; n; n0 Þ

ð4Þ

After applying the finite element method (FEM) based on
Eqs. (1) and (3), the linear relationship connecting the measured
boundary flux b and the unknown source density x in a
heterogeneous medium is established as follows [38]:

Ax ¼ b

ð5Þ

where Am × n(m ≤ n) is the system matrix standing for the optical
properties of the heterogeneous mouse model and b is the surface
photon flux density acquired by the ultrasensitive CCD camera of
the system. The ultimate aim of BLT was to recover the
bioluminescent source distribution x in the above linear equation
by an effective optimization strategy [10].

Split Bregman iterative and surrogate functions method
Attributable to insufficient measurements of the highly scattered
photon propagation in soft tissues, the problem is ill-posed.
Therefore, regularization was applied to obtain a unique solution,
which is the process of determining light sources by minimizing a
proper defined objective function. Since normally light sources
inside a target are sparse in small animal tumor model studies, l1norm regularization method was used to solve the ill-posed inverse
problem:

λ
min kxk1 þ kAx−bk22
x≥0
2

ð6Þ

where λ is the positive regularization parameter. The data fidelity
and regularization term can be balanced by λ. Then, we acquired
Eq. (7) by the use of intermediate variable decoupling:

λ
min kd k1 þ kAx−bk22 s:t: d ¼ x
x;d
2

ð7Þ

To solve the optimization problem of the above Eq. (7), we
utilized a split Bregman algorithm with l1-Norm that was proven to
be effective [30, 39]. According to the Bregman iterative
framework, the two simple sub-problems are presented as follows:
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2

λ
μ
xkþ1 ; d kþ1 ¼ arg min kd k1 þ kAx−bk22 þ d−x−uk 2
x;d
2
2
ð8Þ

ukþ1 ¼ uk þ xkþ1 −d kþ1

ð9Þ

" m 
#
2 
m2

 μ
X
ai j 
λ X1
k
n
n
k
U a ðxÞ ≤
αi j bi −
x j −x j −ai x
þ x j −d j þ u j 
2 i¼1
2
αi j
j¼1

ð15Þ

Qðx; xn Þ ¼

"
#

2 
m2
m

 μ
X
ai j 
λ X1
αi j bi −
x j −xnj −ai xn þ x j −d kj þ ukj 
αi j
2 i¼1
2
j¼1

ð16Þ
Equations (8) and (9) are then solved by three simple iterative steps:

2
λ
μ
xkþ1 ¼ arg min kAx−bk22 þ d k −x−uk 2
x≥0 2
2

ð10Þ

It is easy to prove that

U a ðxÞ ≤ Qðx; xn Þ; U a ðxn Þ ¼ Qðxn ; xn Þ; ∇Qðxn ; xn Þ ¼ ∇U a ðxn Þ
ð17Þ

d kþ1 ¼ arg min kd k1 þ
d




μ
d−xkþ1 −uk 2 ¼ shrink xkþ1 þ uk ; 1
2
2
u

ð11Þ

u

kþ1

¼u þx
k

kþ1

−d

ð12Þ

kþ1

where μ is the regularization parameter. Generally speaking, the
reconstruction accuracy is considerably affected by the regularization parameter λ and μ, where slight changes may dramatically have
an impact on the results. The regularization parameter λ = 10n was
selected with different orders of magnitude, with n ranging from 1
to 10; as for the μ = 10n, with n ranging from −10 to 0. High
sampling measurements and real animal-shape geometry modeling
usually lead to a large weight matrix, which results in an inherently
large computational burden for the BLT inverse problem. In order
to reduce the store memory size of the matrix and timesaver, we use
an iterative algorithm to solve Eq. (10). According to the convexity
of function, we transform Eq. (10) to a simple function by the
surrogate functions. This strategy can reduce the calculation
amount of each iteration and guarantees the global convergence
effectively. Where, Eq. (10) can be expressed in the following
forms with patch-based edge-preserving regularization [40] and
surrogate objective functions [41].

U a ð xÞ ¼

2
λ
μ
kAx−bk22 þ d k −x−uk 2
2
2

U a ðxÞ−U a ðxn Þ≤ Qðx; xn Þ−Qðxn ; xn Þ
∇ Q ð xn ; xn Þ ¼ ∇ U a ð xn Þ

so, we can finally solve each iteration values of Q(x; xn), such as
x1, x2 … xn, and



 
0 ≤ U xnþ1 ≤ U ðxn Þ≤ … ≤ U x0

¼

m
X

ðbi −ai xÞ ≤

i¼1

ai j
αi j ¼ X
m2
ai j
j¼1

2

m1 X
m2
X
i¼1 j¼1



 
U a ~x ¼ lim U a ðxn Þ
n→∞

αi j

2
;

ð14Þ

ð20Þ

Thus,


2
m

ai j 
λ X1
μ
α i j bi −
x j −xnj −ai xn þ
αi j
2
x j ≥ 0 2 i¼1


 x j −d kj þ ukj

xnþ1
¼ argmin
j

ð13Þ


ai j 
bi −
x j −xnj −ai xn
αi j

ð19Þ

According to the monotone convergence theorem and the
continuity of Ua(x), it must exist a ~x and make it hold that

xnþ1
j
kAx−bk22

ð18Þ

ð21Þ

"
#
m1
m1


2
X
X
a
i
j
λ
ai j ðbi −ai xn Þ þ λ
xnj þ μ  d kj −ukj
αi j
i¼1
" i¼1 #
¼
m1
X
ai j 2
λ
þμ
αi j
i¼1
ð22Þ

The optimal value of d can be computed using adjusted
shrinkage operators for Eq. (11).
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1
d kþ1 ¼ shrink xkþ1 þ uk ;
μ

ð23Þ

For the stopping condition, we choose ∥ xk + 1 − xk∥/∥xk ∥ 9
ε = 1.0 × 10− 3
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Results
To demonstrate the feasibility of the SBISF algorithm for
BLT, we conducted numerical simulation, an in vivo
experiment on the bead-implanted mouse and in vivo
xenograft mouse experiments.
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Fig. 2 Results of numerical experiments. a 3D view of the phantom. b Cross-section of the phantom in the z = 0 plane. c, f
Reconstruction results based on the IS_L1 method. d, g reconstruction results based on the NSPGP method. e, h
Reconstruction results based on the proposed method. Top row: 3D views of the reconstruction results. Bottom row: the
corresponding slice image reconstruction results in the z = 0 plane.

Numerical experiments
In this section, the proposed method was evaluated through
numerical simulation experiments. A mouse-mimicking
heterogeneous numerical phantom was shown in Fig. 2a, b.
The cylindrical phantom was 20 mm in diameter and
20 mm in height. Muscle (M), lungs (L), bone (B), and
heart (H) with different morphologies were put inside the
cylinder. Their corresponding optical parameters were also
preset differently for the excitation and emission light,
respectively, and they were listed in Table 1. The phantom
was discretized into 4564 nodes and 24,333 tetrahedral
elements, which included two sources S1 (6.00, 5.00, 0.00)
and S2 (−6.00, −5.00, 0.00). In this paper, in order to
better evaluate the proposed method, we compared it with
the L1-norm iteration shrinkage (IS_L1) method and nonmonotone spectral projected gradient pursuit (NSPGP)
method, which was proposed by Ye et al. [42]. All of the
reconstructions methods were performed on our desktop
computer with 3.09 GHz Intel Core i5 CPU and 3.46 GB
RAM.
The iterated shrinkage method with the L1-norm
(IS_L1) and NSPGP method were able to comparatively
acquire accurate results even with quite limited

measurement data sets. The SBISF method is also a very
effective method based on sparse regularization because of
the introduction of compressed sensing with the split
Bregman iterative method to solve this kind of constrained
optimization problem. The 3D view of the phantom and
cross-section of the phantom in the z = 0 plane with three
reconstruction methods are also shown in Fig. 2c–h,
respectively. From the reconstruction results, it emerges
that IS_L1 has more scattering in the two source regions
and it also needs more time to run as shown in Fig. 2c, f
and in Table 2. It can be seen that the reconstructed
sources of NSPGP are not accurately localized with a
location error of about 0.1 mm as shown in Fig. 2d, g and
in Table 2. In contrast, the proposed method is very
accurate for source reconstruction and the reconstruction
time is very small, which demonstrates that the proposed

Table 1. Optical parameters of biological tissues for the mouse organ
regions
Coefficient
μa [mm−1]
μs′ [mm−1]

Muscle
0.075
2.178

Lungs
0.071
2.305

Bone
0.032
0.586

Heart
0.022
1.129
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Table 2. Quantitative results for two sources by different methods
Methods

Reconstructed position center (mm)

Location error (mm)

Reconstruction time (s)

IS_L1

S1(6.00, 5.00, 0.00)
S2(−6.00, −5.00, 0.00)
S1(6.00, 5.00, 0.00)
S2(−6.00, −5.00, 0.00)
S1(6.00, 5.00, 0.00)
S2(−6.00, −5.00, 0.00)

0.67
0.49
0.27
0.18
0.09
0.05

97.128

NSPGP
Proposed

method is effective.

In Vivo Experiment on the Bead-Implanted Mouse
The experimental nude mouse’s body in this section was
surgically implanted with the luminescent bead. The following
four steps were implemented for the in vivo BLT imaging.
1. Animal model preparation: 4–5-week-old BALB/c nude
mice (N = 1) were purchased from the Department of
Experimental Animals, Peking University Health Science
Center. All animal experiments were performed in
accordance with the guidelines of the Institutional Animal
Care and Use Committee (IACUC) at Peking University
(Permit Number: 2011-0039). The research procedures
were approved by IACUC of Peking University and the
Key Laboratory of Molecular Imaging, Chinese Academy
of Sciences (CAS). All surgeries were performed under

75.66
20.09

sodium pentobarbital anesthesia, and all efforts were
made to minimize suffering. The mouse was intraperitoneally injected with 0.3 ml anesthetic at a 0.15 g/ml
concentration. Then, an irregular-shaped bead emitting
luminescence was embedded into the abdominal cavity of
the mouse. It produced identical luminescent light as
firefly luciferase did, so it simulated a tumor lesion inside
the living mouse. Furthermore, since the bead was
wrapped in a plastic shell, micro-CT could detect its
position inside the mouse body with clear contrast. This
feature made it ideal for evaluating the reconstruction
accuracy of the SBISF algorithm.
2. Data acquisition and pre-data analysis: about 7 min after
the injection of the luciferin, the mouse was placed on
the automatic rotation stage, as delineated in Fig. 1.
Secondly, we began to collect the dual-modality raw
data, respectively. The acquisition time for the entire
procedure was within 10 min. The bioluminescence
signals emitted from the surface of the mouse body were

Fig. 3 Three slices of the micro-CT mouse data, where the yellow square marks the location of the luminescent bead. a
Coronal view. b Transverse view. c Sagittal view. d 3D views of the reconstruction results using the SBISF algorithm.
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Table 3. Optical parameters for each organ in the heterogeneous cylindrical phantom
Coefficient

Muscle

Lungs

Bone

Heart

μa [mm−1]
μs′ [mm−1]

0.0089
0.467

0.0195
2.209

0.0009
2.609

0.0064
1.007

captured in several different views by the cooled EMCCD camera. Then, the cone-beam micro-CT projection
data with 360° views were scanned using the X-ray
generator and detector. The luminescent bead can be
distinguished in the CT images, as shown in Fig. 3a–c,
where the yellow square marks the location of the
luminescent bead.

3. Three-dimensional reconstruction of the internal photon
distribution: After collecting the raw data, they were also
used for 3D mouse micro-CT reconstruction, CT slice
segmentation, 3D volume discretization, 2D optical and
3D CT image registration and flux projection. Because
the mouse body is not homogeneous for photon propagation, different optical properties of organs and tissues,

Fig. 4 Cross-sectional views of the reconstruction results of in vivo experiment using IS-L1, NSPGP, and SBISF. a, d, and f are
the cross-sectional views of the reconstruction results obtained by IS-L1, NSPGP, and SBISF, respectively. They are compared
with the corresponding micro-CT slices b, c, and e. The red square markers denote the real position of the luminescent bead.
The comparisons revealed that the proposed SBISF provided the most accurate reconstruction of the luminescent bead.
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Table 4. Quantitative results for one source by different methods
Methods

Actual source location (mm)

Reconstructed position center (mm)

Position error (mm)

Reconstruction time (s)

IS_L1
NSPGP
Proposed

(19.01, 24.00, 3.68)
(19.01, 24.00, 3.68)
(19.01, 24.00, 3.68)

(16.99, 23.90, 3.7)
(19.01 23.6, 4.38)
(19.01 23.8, 4.38)

4.09
0.65
0.53

26.3
4.33
4.25

including absorption and scattering coefficients, were
given in Table 3. Finally, the reconstruction based on the
SBISF algorithm was performed to localize where the
luminescent bead was inside the mouse body, which is
shown in Fig. 3d.
We used the finite element method to solve the BLT
inverse problem and used three different reconstruction
methods (the IS_L1 method, NSPGP method, and

proposed method) to perform the BLT reconstruction.
The 3D rendering of the experimental mouse and the
location of the luminescent bead are shown in Fig. 4. The
cross-sectional views of IS-L1 are given in Fig. 4a, Fig. 4d
has the cross-sectional views of NSPGP, and Fig. 4f shows
the cross-sectional views of SBISF in the case when λ = 10
and μ = 1. The red squares denote the real position of the
luminescent bead. Quantitative analysis for the performance of the three methods is shown in Table 4, which is

Fig. 5 The reconstruction results of the SBISF algorithm. a The 3D mouse body surfaces with bioluminescent flux and 3D light
source reconstructions obtained by the SBISF algorithm. b The coronal, sagittal and transverse slices were extracted from the
SBISF algorithm, respectively. c The transversal slice of the results reconstructed by the IS_L1 method, NSPGP method, and
proposed method.
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also conducted by the actual position center, reconstructed
position center, position error and computation time.
Similar to the heterogeneous phantom experiments, better
reconstruction results were achieved by the proposed
SBISF algorithm. This means that the proposed method
could achieve reliable luminescent targets in biological
application.

Reconstruction Results of the In Vivo Xenograft
Mouse Experiments
Unlike the experimental mouse introduced in the “In Vivo
Experiment on the Bead-Implanted Mouse” section, the
nude mouse in this section was a subcutaneous xenograft
model, which was established by injecting 1 × 106 cells/ml
MDA-MB-231-luc cell suspension 150 μL into the right
upper flanks of BALB/c nude mice. After 9 days, the tumorbearing mouse models were employed for the imaging
study. The mouse was intraperitoneally injected with 0.3 ml
anesthetic at a 0.15 g/ml concentration. About 10 min later,
0.3 ml D-luciferin (Biotium, CA, Fremont, USA)) was
intraperitoneally injected. Then, after 7 min, bioluminescent
photons were emitted from the tumor lesion during the
oxidation reaction only on the condition that luciferase met
luciferine. After collecting the dual-modality raw data, the
morphological structure of the mouse body surface was
obtained by semi-automatic segmentation using MITK
(http://mitk.org/wiki/MIT) during the off-line imaging analysis. The optical images were mapped onto the surface of the
volumetric mesh in terms of space and energy. Then, the
homogeneous mouse model was discretized into a volumetric mesh containing 4513 modes and 21,586 tetrahedral
elements. Finally, the reconstruction based on the SBISF
algorithm was performed to localize the tumor.
The 3D mouse body surfaces with bioluminescent flux
and 3D light source reconstructions obtained by the SBISF
algorithm in the case when λ = 10 and μ = 1 are shown in
Fig. 5a. Within the X-Y-Z coordinates, the coronal, sagittal
and transverse slices were extracted from the 3D BLT
datasets and are shown in Fig. 5b. It can be perceived that
the flux covered the tumor and the reconstructed center
position in the tumor center position.
Fig. 5c shows the results reconstructed by the IS_L1 method,
NSPGP method and proposed method. Comparisons of the
results for the above three methods are presented in X-Y
coordinates and the coronal slice. It can be perceived that the
bioluminescent source reconstructed by the IS_L1 method was
widely scattered and could not be accurately localized with a
location error. The NSPGP method had too much convergence
and had a lower contrast compared to the background. However,
the results of the proposed method were better than those
methods because the bioluminescent source reconstructed by the
proposed method was more concentrated.
The above results revealed that the proposed method was
able to reconstruct the bioluminescent source accurately and

had the potential to detect the lesions for practical
biomedical applications.

Discussion and Conclusion
Bioluminescence imaging is a powerful preclinical research tool
for various disease studies in small animal models. It is well
known that the quality of reconstructed images largely depends
on the reconstruction algorithm. In this paper, we proposed an
effective algorithm with split Bregman iterative and Surrogate
Functions (SBISF) method for reconstruction. High sampling
measurements and real animal-shape geometry modeling usually
lead to a large weight matrix, which results in an inherently large
computational burden for the BLT inverse problem. We use
SBISF method to minimize the sparse regularization problem.
According to the convexity of function, we use the surrogate
functions simplify the functions. This strategy can reduce the
calculation amount of each iteration is and guarantees the global
convergence effectively. Then, the SBISF method is exploited to
minimize the sparse regularization problem, which requires little
computation time and can accelerate the convergence process so
as to further achieve fast and accurate source reconstruction. The
numerical simulation and two in vivo mouse experiments were
used to evaluate the performance of the proposed method and the
other two methods. The experiment results indicate that IS_L1
method produced sparse source and created the largest errors,
whereas NSPGP method is not efficient for reconstruction. In
contrast, the proposed method is more accurate and efficient for
reconstruction. The proposed SBISF method is proven to be
accurate, robust and highly efficient for bioluminescent source
reconstruction. Future work will focus on studying the reason
why the error is relatively big of the second coordinate location
reconstructed for in vivo experiments and further improve the
proposed method for more practical applications such as early
detection of tumor and evaluation of treatment.
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