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Bioluminescence tomography (BLT) is a promising imaging modality that can provide noninvasive
three-dimensional visualization information on tumor distribution. In BLT reconstruction, the
widely used methods based on regularization or greedy strategy face problems such as over-sparsity,
over-smoothing, spatial discontinuity, poor robustness, and poor multi-target resolution. To deal
with these problems, combining the advantages of the greedy strategies as well as regularization
methods, we propose a hybrid reconstruction framework for model-based multispectral BLT using
the support set of a greedy strategy as a feasible region and the Alpha-divergence to combine
the weighted solutions obtained by L1-norm and L2-norm regularization methods. In numerical
simulations with digital mouse and in vivo experiments, the results show that the proposed frame-
work has better localization accuracy, spatial resolution, and multi-target resolution.
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1. Introduction

Bioluminescence tomography (BLT) is an optical
molecular imaging modality based on the principle
of localizing sources in organisms by surface
measurements, with high sensitivity, low cost, and

noninvasive features.1,2 BLT plays an important

role in preclinical researches, such as gene therapy,

cancer research, and drug development.3–5 In

the imaging process of BLT, the ¯rst step is to

build a light transmission model to describe the
transmission process of bioluminescence in the
organism, and then solve the inverse problem of this
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light transmission model to reconstruct the distri-
bution of bioluminescent sources using the photon
density data of the measured surface near-infrared
light of the organism.6 However, the in°uence of
light scattering and absorption e®ects, as well as the
limitations of boundary measurements, leads to
BLT a severely ill-posed inverse problem, which
poses a challenge to the reconstruction methods.7,8

Many e®ective strategies have been proposed to
alleviate the ill-posedness of BLT. For optimal re-
construction based on the characteristics of BLT, it
is necessary to combine valid prior knowledge to
uniquely reconstruct the sources.9 The most common
strategies used to alleviate the ill-posedness of BLT
are multispectral strategy, feasible region strategy,
etc. For example, the multispectral strategy e®ec-
tively increases the measurements by spectral de-
composition using band-pass ¯lters.10,11 On the other
hand, the feasible region strategy alleviates the ill-
posedness by limiting the number of unknowns.
Generally, the feasible region can be determined
using the surface light distribution, anatomical
structure, and other prior information.12,13 Feng
et al.12 suggested that a rough estimate of the feasible
region can reduce the number of unknown variables
and greatly reduce the reconstruction problem size.
Jiao et al.13 proposed the strategy of extracting the
feasible region with the highest energy at each pro-
jection, which has signi¯cant advantages in terms of
localization error and computation time.

A wide range of reconstruction methods based on
regularization have been proposed and veri¯ed in
BLT. These methods can be roughly divided into
two categories: convex and nonconvex. Typical
convex regularization methods include L1-norm
and L2-norm regularization.14–17 The nonconvex
methods are represented by Lp-norm (0 < p < 1)
and log-sum regularization.18–20 Studies have indi-
cated that the solution of L2-norm tends to produce
an over-smoothing e®ect and result in unfavorable
loss of details such as boundary.21,22 On the contrary,
the solution of the L1-norm and the nonconvex
methods has higher sparsity, but the solving process
is usually complicated and time-consuming.15,20,23

As an alternative sparse signal reconstruction
method, greedy algorithms have been introduced
into BLT,24,25 and some other optical molecular
tomography, such as look ahead orthogonal matching
pursuit (LAOMP),26 sparsity adaptive correntropy
matching pursuit (SACMP),27 and compressive
sampling matching pursuit (CoSaMP).28 It is shown

that the greedy algorithms are very e±cient for low
sparse signals.29 However, the classical greedy
strategies require strict adherence to the restricted
isometry property, and the solution is easily caught
in the local optimum. Thus, BLT based on the
traditional greedy strategies su®er from low mor-
phological recovery and poor multi-target resolu-
tion. It is necessary and possible to further optimize
the solution by improving the support set selection
scheme of greedy algorithms.26–28

In this paper, combining the advantages of the
greedy strategies as well as regularization methods,
we propose a hybrid reconstruction framework
(HRF) for multispectral BLT based on Alpha-
divergence to improve the reconstruction results.
First, the support set of the greedy strategy is used
as a feasible region for reconstructing the source.
Based on this, the solution is obtained by weighting
the L1-norm regularization and L2-norm regulari-
zation using Alpha-divergence. Finally, the global
convergence of the solution and the stability of the
framework is achieved by the iterative optimization
of the weighted solution and the feasible region. The
innovations of HRF are as follows: (1) HRF trans-
forms the support set into a feasible region, avoiding
the heavy dependence on the support set selection
as in the traditional greedy strategies. (2) The
results of the L1-norm regularization and L2-norm
regularization are weighted to avoid over-smooth-
ing and over-sparsity, which optimizes the results
and ensures the generality of the framework. (3)
In addition, weighting factors are de¯ned and
the weighting strategy is decided according to
Alpha-divergence to ensure the reasonableness of
the weighted results.

This paper is organized as follows. In Sec. 2, the
multispectral BLT model and the framework for
solving BLT reconstruction are explained. In Sec. 3,
experimental settings and the evaluation indicators
are demonstrated. Then, in Sec. 4, numerical
simulations and in vivo experiments validate the
reconstruction performance and preclinical feasibil-
ity of the proposed framework. Finally, we present
the discussion and conclusion in Sec. 5.

2. Method and Material

2.1. The multispectral BLT model

The di®usion equation (DE) is widely used to de-
scribe the light propagation model in BLT studies.
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In the continuous wave mode, the DE and Robin-
type boundary conditions30 can be speci¯ed as

�r � ðDðrÞr�ðrÞÞ þ �aðrÞ�ðrÞ ¼ SðrÞðr 2 �Þ;
�ðrÞ þ 2AðrÞDðrÞðvðrÞ � r�ðrÞÞ ¼ 0ðr 2 @�Þ;

�

ð1Þ
where �ðrÞ describes the source density at the lo-
cation r. � and @� are the domain and its bound-
ary, respectively. SðrÞ represents the spatial
distribution of the internal sources and AðrÞ
denotes the mismatch factor of the boundary. vðrÞ
is the normal vector pointing out of the surface,
and the di®usion coe±cient is DðrÞ ¼ 1=3ð�aðrÞþ
� 0sðrÞÞ, in which the absorption coe±cient and the
reduced scattering coe±cient are represented by �a

ðrÞ and �
0
sðrÞ, respectively.

Equation (1) can be expressed as a Green's
function further. Green's function relates the °u-
ence rate at the object boundary to the distribution
of bioluminescence sources.31 In this study, multi-
spectral measurements are used to improve recon-
struction accuracy. Given the structural information
and optical parameters at di®erent wavelengths, the
following linear model of the multispectral BLT can
be derived by solving Eq. (1) with the ¯nite element
method (FEM)2:

bð�1Þ
bð�2Þ
bð�3Þ

2
4

3
5 ¼

�ð�1ÞGð�1Þ
�ð�kÞGð�2Þ
�ð�kÞGð�3Þ

2
4

3
5½s�; ð2Þ

where bð�Þ is the °uence rate measured at the
boundary at wavelength �. �ð�Þ and Gð�Þ are the
weight and the Green's function for �, respectively
and s is the source distribution.

Simplifying Eq. (2), we can obtain

b ¼ Gs; ð3Þ
where G is a n �mðn� mÞ sensitive matrix
re°ecting the connection between the measured
boundary signal b and the inner bioluminescence
sources s.

2.2. The HRF of BLT reconstruction

For the reconstruction process based on Eq. (3),
regularization techniques or greedy strategies are
indispensable to reconstruct the unknown source
due to the inherent ill-posedness. In this section, we
propose an HRF by combining the advantages of

greedy strategies as well as regularization methods.
In this framework, the support set obtained by the
greedy strategy is regarded as the feasible region
to reduce the problem size and alleviate the ill-
posedness. In this feasible region, the L1-norm and
L2-norm methods are adopted, respectively, to
obtain two solutions with di®erent levels of sparsity,
smoothness, and morphological information. Then
making use of the Alpha-divergence, two solutions
are combined to get a weighted solution in the
current feasible region. Then, a new feasible region
is obtained by calculating the residuals with the
above weighted solution. The weighted solution and
feasible region are iteratively optimized until the
stopping condition is satis¯ed.

2.2.1. Determine feasible region with

greedy strategy

In this research, we follow the greedy strategy of
orthogonal matching pursuit (OMP)32 to determine
the feasible region. Under a hypothetical assump-
tion that the columns of G are approximated to be
orthonormal, the bioluminescence sources s can be
exactly recovered from its measurements. Greedy
strategy abandons exhaustive search in favor of a
series of locally optimal single-term updates. On the
kth iteration, we can identify these active columns
of G as a feasible region by minimizing the residual
error rk ¼ b�GIksIk . Then, we ¯nd the column of
G that is maximally correlated between the sensi-
tivity matrix and the residual error, which updates
the feasible region, and obtain the temporary solu-
tion stemp through the pseudo-inverse of G. In ad-
dition, a greedy stopping condition is needed, i.e.,
the output is available when the residuals are small
enough or when the number of iterations exceeds
the maximum. The above process is expressed by
the following equation:

ik ¼ argmaxðj2ðv�Ik�1ÞÞdotðGj; rk�1Þ;
Ik ¼ Ik�1 [ ik;
stemp ¼ G?ikb;

8<
:
ðwhen jjrk � rk�1 jj2 > " or k < mÞ;

ð4Þ

where k represents the number of iterations and m
represents the number of columns in G. V denotes
the set of all the column vectors of G, and Ik means
the feasible region determined in the kth iteration,
which is composed by adding the most relevant
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column to the feasible region of the (k� 1)th
iteration. j 2 ðV � Ik�1Þ represents the subscript
index not included in the current feasible region.
dotða; bÞ represents the inner product of a and b,
and ik indicates the most relevant column. G?Ik
denotes the pseudo-inverse matrix ofGIk , whereGIk
is a sensitive matrix corresponding to Ik. stemp is
the temporary solution corresponding to Ik and
used as the initial input for subsequent calculations.
" represents the operation precision, which is set
to 10�5.

2.2.2. Obtaining two regularized solutions

Based on the feasible region determined by Ik, a new
round of BLT reconstruction can be done by solving
the following optimization problem:

s ¼ argmin
s
jjGIks� bjj22: ð5Þ

To deal with the ill-posedness of BLT, proper
regularization is necessary to obtain a stable re-
construction. In order to avoid the defects of too-
sparse or too-smooth caused by using a single
model, we adopt a hybrid model to balance the
results by weighting solutions generated from two
di®erent regularization model. The two regularized
solutions yk and zk are as follows:

yk ¼ argmin
s
jjGIks� bjj22 þ �1jjsjj1;

zk ¼ argmin
s
jjGIks� bjj22 þ �2jjsjj2;

8<
: ð6Þ

where �1 and �2 are the regularization parameters
of the L1 method and the L2 method, respectively.
It is important to notice that the problem to be
solved in Eq. (6) is a scaled-down inverse problem
due to the use of feasible region and the stemp

obtained by Eq. (4) can be input into the inverse
algorithm as the initial solution to accelerate the
convergence of the solution. There are plenty of
algorithms to solve Eq. (6), we chose LSQR33 and
FISTA34 for solving the L2-norm and L1-norm
regularization problems in our research. And the
regularization parameters are empirically chosen,
which are adjusted in the range of 10�3–10�1,
respectively.

2.2.3. Alpha-divergence and solution update

To better combine the reconstruction results,
the Alpha-divergence35 is used to measure the

consistency between two solutions, which is
expressed as

DðykjjzkÞ ¼
Xn
i¼0

1

�ð1� �Þ ðykÞi
ykð Þi
zkð Þi

� �
��1
� 1

� �

þ 1

�
ððzkÞi � ðykÞiÞ; ð7Þ

where � is a real parameter, which is set to 0.5 by
experience, and n is the number of rows in G. It can
be seen that the Alpha-divergence is a convex
function. Consequently, if the distributions match
exactly, it is zero. In other cases, it is always posi-
tive. To ensure the direction of convergence, the
weight wk ¼ 1=ðyk þ zkÞ2 is introduced. Therefore,
the weighted solution sk in the current feasible re-
gion is determined as follows:

sk ¼ wkyk þ ð1�wkÞzk;DðykjjzkÞ � tol;
ð1�wkÞyk þwkzk;DðykjjzkÞ > tol;

�
ð8Þ

where tol means divergence threshold which is se-
lected to update the weighted solution, and for the
experiment in this paper, the value of tol was taken
in the range of 0.2–0.6.

The detailed steps of the HRF based BLT are
described in Table 1.

Table 1. The pseudocode of HRF-based BLT.

Hybrid Reconstruction Framework (HRF)

Input: Sensitive matrix G of size n �m, surface
measurement b, divergence threshold tol.

Output: The output to theBLT inverse problem
s.

1: Initialization: Let s0 ¼ �, the residual error

r0¼ b, precision " ¼ 10�5, iteration number
k ¼ 0

2: while jjrk � rk�1jj2 > " or k < m do
3: k kþ 1
4: According to rk�1, use Eq. (4) to determine

the feasible region and obtain the temporary
solution stemp

5: Based on the feasible region, two regulariza-
tionmethods are used for reconstruction to
obtain two regularized solutions yk, zk

6: Use Eq. (7) to obtain the Alpha-divergence
DðykjjzkÞ

7: Calculate the weigh wk and use Eq. (8) to
obtain the weighted solution sk

8: Compute the residual error rk
9: end while
10: s sk.

Y. Liu et al.

2245003-4



3. Experiment Setting

3.1. Numerical simulations

Numerical simulations were designed to verify the
feasibility and performance of the proposed method,
which include single-source reconstruction and
dual-source resolution. To provide anatomical in-
formation of the biological tissues, a 34mm height
torso was extracted from a 3D mouse atlas in the
numerical simulations.36 The optical parameters for
di®erent organs at 610 nm, 630 nm, and 650 nm
wavelengths are shown in Table 2.37

For single-source reconstructions, a spherical
source with di®erent radii of 0.8mm, 1mm, and
1.5mm was placed in the liver. The true source
center was ¯xed at (20.1, 7, 16.8) mm. To generate
simulated measurements, the torso part including the
light source was discretized into a tetrahedral mesh,
and the DE combined with Robin-type boundary
conditions was solved using FEM. The forward
meshes for three groups of single-source simulations
included about 18,000 nodes and 100,900 elements.

To verify the multiple-targets resolving capabil-
ity of HRF, three groups of simulations for dual-
source with di®erent edge-to-edge distances (EEDs)
were conducted. The sources in this section were
spherical sources with a radius of 1mm and the
EEDs included 3mm, 4mm, and 5mm, and the
corresponding coordinates of the dual-source were
(16, 7.5, 17) mm and (21, 7.5, 17) mm, (15, 7.5, 17)
mm and (21, 7.5, 17) mm, (14, 7.5, 17) mm and (21,
7.5, 17) mm, respectively. The forward mesh for
double-source simulation contained about 20,000
nodes and 111,500 elements.

In all simulation experiments, the true intensity of
light sources was set to 1 nW/mm3, and 5% random
Gaussian noise was added into the generated mea-
surements to mimic the inevitable noise and error in
data acquisition. The mesh used for reconstruction

was coarser than the forward meshes, containing
9249 nodes and 50,548 elements. And the corre-
sponding weights for measurements at di®erent
wavelengths were 0.29, 0.48 and 0.23, respectively.38

3.2. In vivo experiments

To further assess the performance of HRF, we fur-
ther performed an invivo experiment. The animal
study was reviewed and approved by the Animal
Ethics Committee of the Northwest University of
China. A 6-week-old female BALB/c nude mouse
was used for the abdominal source implantation
experiment. In the experiment, the mouse was
anesthetized with 3% iso°urane air mixture during
the surgical and imaging procedures. A catheter
approximately 5mm in length and 1.5mm in di-
ameter was implanted in the abdomen of the mouse.
It was ¯lled with about 10�L luminescent solution
to serve as the light source for the subsequent
reconstruction.

The experimental data was acquired by a
homemade Micro-CT/BLT system.39 To acquire
multispectral surface measurements at 610 nm,
630 nm, and 650 nm, three band-pass ¯lters were
used and the EMCCD camera (iXon Ultra, Andor,
Northern Ireland, UK) was operated at �80�C to
reduce the dark current and thermal noise. Only
single-view BLI was acquired for each wavelength.
To obtain the anatomical structure, the X-ray °at
panel detector (C7942CA-22, Hamamatsu Photon-
ics, Hamamatsu Japan) was used for CT imaging
with an X-ray source voltage of 90 kV and power of
27W to obtain 360� projection data, and the
Feldkamp–Davis–Kress (FDK) algorithm was used
for CT reconstruction.

Before BLT reconstruction, some pre-processing
operations were required. The CT data of the mouse
model were discretized into a tetrahedral mesh

Table 2. Optical properties at di®erent wavelengths used in simulations.

�aðrÞ(mm�1) � 0sðrÞ(m�1)

Organs 610 nm 630 nm 650 nm 610 nm 630 nm 650 nm

Muscle 0.30 0.16 0.12 0.56 0.51 0.47
Heart 0.20 0.11 0.08 1.10 1.01 1.01
Stomach 0.04 0.02 0.02 1.57 1.53 1.48
Liver 1.20 0.65 0.47 0.75 0.72 0.70
Kidney 0.23 0.12 0.09 2.60 2.47 2.36
Lung 0.67 0.36 0.26 2.28 2.25 2.21
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containing 9591 nodes and 48,111 elements, which
is used for the subsequent 2D–3D surface energy
mapping and BLT reconstruction. Figure 1(a)
shows the bioluminescence image (at 650 nm)
overlapped on the white light images. The 2D op-
tical image was registered to 3D surface the obtain
the measurement of surface light at each wave-
length according to the pinhole mapping model.
Figure 1(b) shows part of the tetrahedral mesh of
the mouse model with the implanted source. Be-
cause the implanted catheter can be captured by
CT, the position of the true source center can be
determined according to the CT coordinates, which
was at (23.6, 22.4, 20) mm.

3.3. Framework comparison and

evaluation index

To investigate the potential and feasibility of HRF,
LSQR as an L2-norm regularization method,
FISTA as an L1-norm regularization method, and
OMP as a greedy method are chosen as comparison
methods. To quantify the reconstruction perfor-
mance, the location error (LE), the Dice coe±cient
(DICE), and the time cost (TIME) are used to
evaluate the methods.

LE is used to measure the distance variation
between the reconstructed center and the ground
truth center, whose de¯nition is given by

LE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx� x0Þ2 þ ðy� y0Þ2 þ ðz� z0Þ2

q
; ð9Þ

where ðx; y; zÞ and ðx0; y0; z0Þ are the center coor-
dinates in the reconstructed and true source regions,
respectively.

DICE describes the shape similarity between two
objects:

DICE ¼ 2jX \ Y j=ðjXj þ jY jÞ; ð10Þ
where X and Y are the reconstruction and true
volume of the target area.

4. Experiment Results

4.1. Reconstruction of single-source

Figure 2 shows three-dimensional views of the
single-source reconstruction results and transverse
views at z ¼ 16:8mm. The results of OMP show a
large localization deviation, and that of LSQR have
signi¯cant artifacts and large position bias, which
indicates the over-smoothing e®ect consistent with
the drawback of the L2-norm method. Table 3
presents the average LE, DICE, and TIME of 10
independent runs under 5% noise. The quantitative
results show that the HRF has the best performance
compared to the other three methods, except for the
time cost. Although the computation time of HRF
is longer than that of OMP and LSQR, it is shorter
than that of FISTA.

4.2. Reconstruction of dual-source

The reconstructed images and quantitative results
of dual-source are given in Fig. 3 and Table 4,

Fig. 1. Pre-processing before BLT reconstruction for in vivo experiment. (a) The overlay image of the white light image and
BLI (at 650 nm). (b) The tetrahedral mesh for the mouse model with an implanted source. (c)–(e) Surface light distribution
corresponding to wavelengths of 610 nm, 630 nm and 650 nm, respectively.
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respectively. Among these methods, the perfor-
mance of OMP is the worst. The reconstructed
sources have a signi¯cant deviation from their real
position at EED of 3mm and 4mm. The recon-
structed images of LSQR and FISTA also have
some artifacts. From these results, it can be seen
that the HRF can clearly distinguish two sources

even with 3mm EED. HRF has the best perfor-
mance in terms of both localization accuracy and
shape recovery, although the reconstruction time is
not optimal.

Table 4 summarizes the quantitative results of
localization error, and shape similarity. As shown in
Table 4, from a series of comparison results, the

Fig. 2. Reconstruction results of the single-source with di®erent radii. (a)–(d) are the results of HRF, OMP, LSQR, and FISTA,
respectively. In the 3D view, the turquoise sphere indicates the true source and the red area indicates the reconstruction result. In
the transverse view, the black circle represents the true source on the slice at the source center (z ¼ 16:8mm).

Table 3. Quantitative metrics for single-source reconstruction.

Radius/mm Method Reconstruction center/mm LE/mm DICE TIME/s

0.8 HRF (20.34, 6.77, 16.39) 0.40 0.69 8.12
OMP (21.15, 7.12, 16.95) 1.07 0.56 0.12
LSQR (20.49, 7.11, 16.87) 0.41 0.46 1.37
FISTA (20.49, 7.12, 16.90) 0.42 0.43 217

1.0 HRF (19.78, 6.91, 16.80) 0.33 0.61 7.45
OMP (19.88, 6.27, 16.56) 0.79 0.54 1.55
LSQR (20.08, 7.38, 16.36) 0.58 0.42 0.93
FISTA (20.06, 7.37, 16.35) 0.59 0.41 158

1.5 HRF (20.43, 7.02, 16.59) 0.39 0.56 6.73
OMP (19.82, 6.75, 16.20) 0.71 0.50 0.16
LSQR (19.89, 6.45, 16.97) 0.62 0.51 1.61
FISTA (20.52, 6.99, 16.76) 0.43 0.53 111

HRF for model-based multispectral BLT based on Alpha-divergence

2245003-7



Fig. 3. Reconstruction results of the dual-source with di®erent EEDs. (a)–(d) are the results of HRF, OMP, LSQR, and FISTA,
respectively. In the 3D view, the turquoise sphere indicates the true source and the red area indicates the reconstruction result. In
the transverse view, the black circle represents the true source on the slice at the center of the source (z ¼ 17mm).

Table 4. Quantitative metrics for dual-source reconstruction.

EED/mm Method Reconstruction center/mm LE/mm DICE TIME/s

3 HRF (20.79, 7.20, 16.97) 0.36 0.67 3.40
(15.83, 7.46, 17.16) 0.24 0.57

OMP (20.89, 5.98, 16.06) 1.78 0 0.42
(15.80, 6.89, 15.75) 1.40 0.22

LSQR (21.10, 7.03, 17.17) 0.51 0.44 1.84
(15.97, 6.97, 16.92) 0.53 0.40

FISTA (21.06, 7.09, 17.15) 0.44 0.67 448
(16.84, 6.56, 17.09) 1.26 0.50

4 HRF (20.71, 7.23, 16.80) 0.43 0.57 3.63
(14.96, 7.47, 16.82) 0.18 0.67

OMP (20.89, 5.98, 16.06) 1.78 0 0.33
(14.25, 6.95, 16.97) 0.93 0.21

LSQR (21.12, 7.01, 17.17) 0.53 0.36 1.19
(14.83, 6.72, 17.03) 0.79 0.33

FISTA (21.11, 7.02, 17.17) 0.52 0.57 423
(14.83, 6.72, 17.03) 0.80 0.33

5 HRF (20.71, 7.21, 16.79) 0.45 0.57 2.31
(13.67, 7.28, 17.15) 0.42 0.75

OMP (20.42, 7.54, 17.44) 0.73 0.22 0.94
(13.98, 7.61, 16.62) 0.40 0.33

LSQR (21.09, 7.01, 17.19) 0.52 0.57 1.09
(13.80, 7.17, 17.08) 0.39 0.60

FISTA (20.83, 7.01, 16.83) 0.54 0.67 387
(13.49, 7.43, 17.08) 0.52 0.57
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HRF has the largest DICE and the smallest LE. In
addition, for the EED of 3mm, as shown in Table 4,
the average LE and DICE of HRF reach 0.30mm
and 0.62mm, respectively, which are satisfactory
results in terms of localization accuracy, and shape
recovery ability. For the EEDs of 3mm and 4mm,
the reconstructed result of OMP is hardly distin-
guishable and completely deviates from the true
source, resulting in the worst results for DICE and
LE in Table 4.

4.3. In vivo experiment

The quantitative results of in vivo experiment are
shown in Table 5. Figure 4 shows the 3D views,

sagittal (y ¼ 22:4mm), coronal (x ¼ 23:6mm), and
transverse (z ¼ 20mm) views, respectively. From
the 3D view and 2D view, it can be seen that the
HRF is more accurate in source position recon-
struction, which is also proved by the LE in Table 5.
As can be seen from Table 5, the results of in vivo
and simulation experiments are consistent, and the
DICE of the HRF is much higher than that of OMP,
LSQR, and FISTA, reaching 75%. This is because
the reconstructed area of the HRF is more consis-
tent with the actual area as seen from the 3D view,
and the reconstructed part almost completely cov-
ers the source. The reconstructed positions of the
LSQR and FISTA deviate from the actual position
and are tilted toward the animal surface, with LEs
of 0.89mm and 0.63mm, respectively.

5. Discussion and Conclusion

In this paper, to improve the accuracy of BLT re-
construction, an HRF for model-based multispec-
tral BLT based on Alpha-divergence is proposed. It
combines the advantages of the greedy strategy and

Table 5. Quantitative metrics of in vivo reconstructions.

Method Reconstruction center/mm LE/mm DICE TIME/s

HRF (23.99, 22.45, 19.91) 0.40 0.75 0.13
OMP (24.18, 22.68, 20.06) 0.65 0.20 0.08
LSQR (23.62, 21.51, 19.98) 0.89 0.13 0.07
FISTA (23.69, 21.78, 20.03) 0.63 0.16 81.9

Fig. 4. Reconstruction results of in vivo experiment, where the true source area in the sagittal (y ¼ 22:4mm), coronal
(x ¼ 23:6mm), and transverse (z ¼ 20mm) views is delineated with blue line. (a)–(d) are the results of HRF, OMP, LSQR, and
FISTA, respectively.
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regularization methods. It embeds a hybrid opti-
mization process into the iteration steps of OMP by
taking the support set as a feasible region and using
a hybrid approach to optimize the solutions derived
by two di®erent methods under the feasible region.
With the alternative update of the feasible region
and the weighted solution, the HRF overcomes the
limitations of using a single regulation method or
greedy strategy. It weighs the results of L1-norm
and L2-norm methods to avoid over-smoothing and
over-sparsity. Moreover, the weighting factors are
de¯ned and the weighting strategy is determined
according to the Alpha divergence, which ensures
the reasonableness of the weighted solutions.

The results of single-source simulations showed
that the HRF performed best in LE and DICE,
which re°ected the advantages of the HRF in lo-
calization accuracy and morphological recovery. For
the dual-source experiment with EEDs of 3–5mm,
HRF maintained the best performance, which indi-
cated the advantage of HRF in improving spatial
resolution. The preliminary result of in vivo exper-
iment shows that the reconstructed area of HRF
could better approximate the actual target distri-
bution. The slightly higher time cost of HRF is
mainly because two regularization algorithms are
embedded in the solution process of OMP to obtain
better reconstruction. There is no doubt that the
inner iteration increases the complexity of the re-
construction. However, the greedy strategy in HRF
provides a priori information about the feasible re-
gion and the initial solutions for the subsequent
regularization-based reconstruction, so the size of
the inverse problem is reduced and the inner itera-
tion process is accelerated. In general, although the
computation time of HRF is longer than that of
OMP and LSQR, it is acceptable and shorter than
that of FISTA. This demonstrated that HRF had
great potential for practical applications.

Basically HRF belongs to model-based recon-
struction framework, and the quality of the recon-
structed images is inevitably a®ected by the forward
model and the FEM mesh used for reconstruction.
For the mesh, if it is too sparse, the location accu-
racy and the shape of the reconstructed light source
will be a®ected, and if the mesh is too dense, it will
increase the ill-posedness and computational bur-
den. In addition, the selection of parameters is an
important in°uencing factor. The parameters in
HRF can be divided into the following categories,
(i) tol, (ii) regularization parameters, (iii) stopping

conditions for the iterative steps. Among them, the
key parameters are tol and the regularization
parameters. The tol is a threshold value that relates
to the Alpha-divergence of two solutions. Generally,
the more similar the solutions obtained by the two
methods, the smaller the tol value will be. In this
implementation the tol is determined empirically,
ranging from 0.2 to 0.6. As is well known, the choice
of regularization parameter is important for an
ill-posed inverse problem. Currently, the regulari-
zation parameters used in this work are manually
adjusted. The adaptive method for parameter
choice based on the generalized cross-validation
criterion or using the L-curve method can poten-
tially improve the results.

In fact, the hybrid framework is quite °exible, the
two regularization methods used in HRF are not
limited to L1-norm regularization methods or L2-
norm regularization methods. In addition, the HRF
is general and extensible to the similar imaging
modalities, such as FMT and XLCT, which is
worthy of further investigation.

In conclusion, we propose a new HRF to reduce
the ill-posedness of BLT and improve the recon-
struction quality. Compared with the comparison
methods, HRF has the advantages of accurate lo-
calization, excellent robustness, and high practi-
cality. It is believed that this new framework will
further facilitate various preclinical applications of
BLT and promote the development of optical mo-
lecular tomography in theoretical research.
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