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Bioluminescence Tomography Based on
Gaussian Weighted Laplace Prior Regularization
for In Vivo Morphological Imaging of Glioma
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Abstract — Bioluminescence tomography (BLT) is a powerful non-invasive molecular imaging tool for in vivo studies
of glioma in mice. However, because of the light scattering and resulted ill-posed problems, it is challenging to
develop a sufficient reconstruction method, which can accurately locate the tumor and define the tumor morphology
in three-dimension. In this paper, we proposed a novel
Gaussian weighted Laplace prior (GWLP) regularization
method. It considered the variance of the bioluminescence
energy between any two voxels inside an organ had a
non-linear inverse relationship with their Gaussian distance to solve the over-smoothed tumor morphology in BLT
reconstruction. We compared the GWLP with conventional
Tikhonov and Laplace regularization methods through various numerical simulations and in vivo orthotopic glioma
mouse model experiments. The in vivo magnetic resonance
imaging and ex vivo green fluorescent protein images and
hematoxylin-eosin stained images of whole head cryoslicing specimens were utilized as gold standards. The results
demonstrated that GWLP achieved the highest accuracy
in tumor localization and tumor morphology preservation.
To the best of our knowledge, this is the first study that
achieved such accurate BLT morphological reconstruction
of orthotopic glioma without using any segmented tumor
structure from any other structural imaging modalities as
the prior for reconstruction guidance. This enabled BLT
more suitable and practical for in vivo imaging of orthotopic
glioma mouse models.
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I. I NTRODUCTION

I

N VIVO bioluminescence imaging (BLI) utilizes native
light emission from luciferase labeled tumor cells to
observe cancer progression and its biological behaviors in
animal models [1]–[4]. As only viable tumor cells in living
organisms can emit such light, BLI inherently has high
specificity for tracing tumor and interpreting its molecular
activities [1]–[3]. However, due to the light scattering effect,
conventional BLI can only provide two-dimensional (2D)
and qualitative information of tumor region, which does not
linearly reflect the tumor morphology, local aggression, and
distant invasion. This significantly limits its application for
quantitatively studies in oncology. Therefore, huge efforts
have been devoted to developing bioluminescence tomography (BLT), which is ideally supposed to reconstruct the threedimensional (3D) tumor region specifically consisted of viable
tumor cells [1], [4]. This is particularly important for the study
of glioma, as there are controversies that whether the conventional magnetic resonance imaging (MRI), which is the gold
standard in clinical diagnosis, offers sufficient sensitivity and
specificity for identifying glioma regions [5]–[8].
To obtain high quality BLT reconstruction, BLI is typically
fused with CT or MRI, so that the anatomical structure can be
used as the prior information to reduce the challenge of the
ill-posed inverse problem in locating the light source (tumor
position) and outlining its contour (tumor morphology). Thus,
different groups have proposed several approaches for BLT
reconstruction.
One of the major assumptions for BLT reconstruction is that
the light source is sparse, as the tumor region is relatively small
compared with the volume of the organ containing it [9]–[12].
Therefore, various sparse algorithms have been designed to
guide the results under this assumption. These methods either
adopt a sparse regularization term (L 0 , L 1 , L p etc.) [9], [10],
[13]–[16] or use greedy strategies to enhance the sparsity
of results [11], [12]. The other approaches for BLT reconstruction are applying Tikhonov regularization (L 2 ), so that
results are restricted by regularization matrices with different
designs [17]–[19]. These regularization matrices are utilized
to improve the positioning accuracy. Although, these algorithms can locate the tumor position accurately, they have not
achieved accurate reconstruction of the tumor morphology,
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which was considered to be one of the biggest challenges
in BLT.
Furthermore, to the best of our knowledge, only two
in vivo BLT studies have been proposed for glioma imaging [11], [19]. They both use the multispectral hybrid method
and non-negativity prior to reduce the ill-posed problem. Then
Tikhonov regularization and matching pursuit were used to
reconstruct tumor in [19] and [11], respectively. Although
tumor locations are successfully reconstructed in both studies,
the morphological information of tumor is almost completely
lost.
Currently, there are studies of fluorescence molecular
tomography (FMT) report that the glioma morphology can be
adequately preserved [20]–[24]. One FMT strategy involves
the segmentation of the tumor region and other organs (brain,
skull, muscle, etc.) from the structural imaging modalities
(MRI or contrast enhanced CT), so that the tumor morphology
is well defined and used as the key prior information to
reduce the ill-posed problem of optical reconstruction effectively [20]–[23]. These, so called “guided methods” [20],
can be divided into three categories: hard prior, soft prior,
and hierarchal method. Hard prior assumes the source energy
within segmented region is invariable to reduce the illposed problem effectively [20]–[22]. Soft prior assumes the
variance of source energy within each segmented region is
uniform [20], [23], so that the reconstructed sources within
any region can be smoothed. Hierarchal method uses hard
prior to obtain a rough reconstruction. Then, the source energy
of the previous reconstruction is used as a prior to guide the
following reconstruction to improve the accuracy [23]. The
biggest limitation of guided methods is that they heavily relied
on the tumor segmentation from MRI or CT, thus they can not
be used as a reference to validate the accuracy of MRI or CT
in tracing the region of glioma.
The other FMT strategy does not need the structural
information from other modalities (unguided methods). They
normally use Tikhonov regularization with an identity matrix
for the reconstruction [24]. However, the reconstructed tumor
given by unguided methods is inaccurate in neither spatial
location nor morphological information.
For applying BLT as an in vivo imaging reference in the
comparison of MRI in the study of glioma, it is extremely
critical that the accurate reconstruction of tumor location
and morphology can be obtained without using tumor segmentation as the prior. However, current methods for BLT
and FMT inverse problem have not achieved satisfactory
results. In this study, we propose a Gaussian weighted Laplace
prior (GWLP) regularization method that offers superior morphological reconstruction of glioma in BLT.
GWLP assumes that the variance of bioluminescence source
energy between any two voxels inside an organ decreases
with the increasing of their spatial distance (SD) rather than
being constant. Therefore, the weight of SD can be used
directly to build the Laplace regularization matrix, which
we defined as the distance weighted Laplace prior (DWLP)
regularization method, or it can be transferred into Gaussian
distance firstly, and then use the Gaussian distance to build
the Laplace regularization matrix, which we defined as GWLP

regularization method. Through this way, the tumor segmentation is not needed as a prior for BLT reconstruction.
To evaluate the performance of both modified Laplace
regularization methods, heterogeneous simulation experiments
and in vivo experiments of imaging orthotopic glioma mouse
models were conducted. Conventional Laplace regularization,
Tikhonov regularization (identity matrix), Fast iterative shrinkage (FIS) thresholding method [10], [25], [26] were used
for comparison, and the tumor segmentation prior was not
applied for all methods. Multispectral hybrid method and
non-negativity prior were used in all the methods to reduce
the ill-posed problem. The GFP fluorescence images and HE
staining results of ex vivo cryoslicing images were used as the
gold standard.
The outline of this paper is listed as follow: Section II
presents the forward and inverse models of the BLT reconstruction. Section III introduces the mathematical details of
GWLP regularization methods. Section IV presents the details
of phantom simulations and in vivo glioma mouse model
experiments, and their results are presented in Section V.
At last, Section VI gives the conclusion and discusses the
advantages and drawbacks of our proposed method.
II. M ODELING

A. Photon Propagation Model
The propagation of photons in biological tissue can be accurately modelled by the radiative transfer equation (RTE) [10],
[27]–[31]. However, because the anatomical information of the
related organ or tissue is provided by CT images with a large
number of voxels, the calculation of RTE is computationally
too expensive to achieve. Thus, RTE is commonly simplified
into diffusion equation (DE), which is the first-order approximate model of RTE [1], [29], [32], [33]. The coupled DEs
with Robin-type boundary condition that is used to describe
the forward process of BLT can then be given by
⎧
⎨−∇ · (D(r )∇φ(r )) + μa (r )φ(r ) = x(r ) r ∈ 
(1)
⎩φ(r ) + 2F(r, n, n  )D(r ) (v(r )∇φ(r )) = 0 r ∈ ∂
D(r ) = (3(μa (r ) + (1 − g)μs (r )))−1

(2)

where ∇ is the gradient operator, and r denotes the location
vector.  is the imaging domain, and ∂ is the corresponding boundary. φ(r ) presents the density of photons at
r in W/mm 2 , and S(r ) denotes the bioluminescent source
W/mm 3 . v(r ) is a normal direction vector outward on ∂,
and F(r, n, n  ) is the refractive index between media n within
 and n  out of . D(r ) is the optical diffusion coefficient,
and g is the anisotropy parameter. μs (r ) and μa (r ) are
scattering coefficient and absorption coefficient in mm −1 ,
respectively. With the application of Galerkin method and
finite element analysis, (1) can be transformed to a linear
relationship between the density of photons on an imaging
object surface and the bioluminescent source inside the imaging object as follows [33], [34]
φs = Ax

(3)
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where φs denotes the photon density on the object surface, and
x is the density of the bioluminescent source. A is the system
matrix of the linear relationship, but it is ill-posed [9], [10].
In order to reduce its illness, multispectral hybrid method is
proposed [11], [17], [19]. Because bioluminescence is a redweighted broad spectrum [27], it can be divided into several
wavelength ranges, and the optical parameters of each spectral
band are different from others. Therefore, their corresponding
system matrixes are uncorrelated with each other. Through
this way, the ill-posed problem can be reduced by their
combinatorial system matrix. The details of the multispectral
hybrid method is given by
φsmult i = Amult i x
⎡
⎤
⎤
⎡
φsλ1
cλ 1 A λ 1
⎢ λ2 ⎥
⎢ cλ 2 A λ 2 ⎥
⎢ φs ⎥
⎥
⎢
mult i
⎥
Amult i = ⎢ . ⎥, φs
=⎢
⎢ .. ⎥
.
⎣ . ⎦
⎣ . ⎦
cλ n A λ n
φsλn
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can be utilized. For imaging glioma, major organs (such as
skull, brain and muscle) are segmented and labeled as subimages. Then, the regularization matrix is constructed using
the structural priors of all sub-images. One of the commonly
used regularization matrices is the Laplace regularization,
also known as the soft prior algorithms, who assumes a
uniform variance of the bioluminescence intensity in each
sub-image [35]. However, the morphological information of
the bioluminescent source is severely lost in unguided BLT
reconstruction because of the over-smoothing effect of this
assumption. Here, we proposed GWLP method to overcome
this problem.

(4)

A. Conventional Laplace Regularization
(5)

where φsλ denotes the photon density on the surface at λ nm
spectrum, and φsmult i is their combination. Aλ denotes the system matrix at λ nm spectrum, and Amult i is their combinatorial
system matrix. n is the number of the wavelength ranges, and
cλ is the ratio of each spectral energy to the total.

B. Inverse Problem of Reconstruction
Inverse problem is a process which is used to calculate
the density of bioluminescent source x. Because of the linear
relationship described by (3), linear optimization is used in
this process. The result is an optimal approximation of the
true bioluminescent source under the penalty of regularization
items. The Tikhonov regularization is frequently used as one
of regularization items. Combined with different regularization
matrix, known as the prior information, Tikhonov regularization can effectively stabilize the inverse problem and restrict
the reconstruction result. The optimization function is given
by

The Laplace operator, which is used widely in image
processing [20], [36], [37], calculates the variation of the
intensity in images. To penalize the variation of the reconstructed intensity within each sub-image, conventional Laplace
regularization matrix L c is constructed as follows
L c = (li, j ) N×N

(7)

with the value of each element li, j in L c is obtained by
⎧
⎫
1
i= j
⎨
⎬
li, j = −1/n sk , i, j ∈ Sk & i = j
⎩
⎭
0
other wi se
(8)
S = {S1 , . . . , Sk , . . . , S K }
where S is the set of all voxels, and Sk contains the voxels
in the sub-image k. n sk is the number of the voxels in set Sk ,
and Nis the total number of voxels. To explain the oversmoothing effect of the Laplace regularization, a maximum
posteriori (MAP) formula [38] which transformed from (6) is
given by
xM AP

III. S TRUCTURAL P RIORS




= arg max P(φs |x, A)P(x|
, μ= 0)
x


1
λ
2
2
= arg max exp(− Ax − φs 2 ) × exp(− L(x−μ)2 )
2
2
x


−1
λ T
1
2
= arg max exp(− Ax − φs 2 ) × exp(− x
x) (9)
2
2
x

where P(φ|x, A) is the likelihood, and P(x| , μ = 0) is the
prior of posteriori formula. x M A P is the maximum posteriori
approximation, 
and μ is the expectation estimation of x, which
−1
obtained from the transvection of 
L is
is equal to 0.
the covariance matrix of any paired voxels. Therefore, −1
c
constructed by L c can be given as
−1
= (εi, j ) N×N
(10)
c
⎧
⎫
i= j
1 + 1/n sk
⎨
⎬
εi, j = −(n sk + 1)/n 2sk , i, j ∈ Sk & i = j
(11)
⎩
⎭
0
other wi se

Planar bioluminescent images can be registered with
structural imaging modalities, such as CT and MRI, so the
organ-level anatomical information of the imaging object

where the elements εi, j is the covariance between voxels i and j . Equation (11) reveals that there is a negative
correlation between paired voxels in the same sub-image,

x̂ = arg min Amult i x − φsmult i
x

2
2

+ λ Lx22

(6)

where x̂ is the optimal approximation. λ is the regularization
parameter used to balance the influence between the fidelity
term and the regularization term. L is the regularization
matrix and defined widely as an identity matrix. However,
the Tikhonov regularization with identity matrix inevitably
results in a highly scattered photon density of the reconstructed
optical source, and consequently, the high energy volume of
the source over shrinks, but the low energy volume over
expands. This is commonly considered as the over-smoothing
effect. Therefore, the anatomical structure of organs is applied
as a prior to construct the regularization matrix to overcome
this problem.
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where ρ(x − y) is the radial mollifier, and L(x, y, 2y − x) is
the second-order difference of y, defined as
2 f y − f x − f 2y−x
2
1
1
= 2 f y − 2 f x − 2 f2x−y
∇2 fy =
2
dx,y
dx,y
dx,y
dx,y
(13)
where ∇ 2 is the Laplace operator, and dx,y is Euclidean
distance (SD) between voxels x and y. However, because of
the finite element method (FEM), there is likely no 2y − x(the
symmetric voxel of x to y) in a meshed model. Therefore, to
approximate (13), a semi-second-order difference L̃(x, y) is
defined as
1
1
(14)
L̃(x, y) = 2 f y − 2 f x
dx,y
dx,y
Thus, the DWLP regularization matrix L D is given by

Fig. 1. Analysis of covariance distribution. (a) A sketch of the conventional Laplace regularization shows uniform covariance independent of
the spatial distance between any two voxels. (b) A sketch of the proposed
DWLP regularization method shows an inverse relationship between the
covariance and the spatial distance of two voxels. (c) The plot shows
different relationships between decay element of Laplace regularization
matrix and spatial distance using different regularization methods.

but no correlation between two voxels located in different
sub-images. Thus, the BLT reconstruction penalized by conventional Laplace regularization shows smoothed light source
within a sub-image, but has strong differences across the
sub-image boundary. Furthermore, based on (10) and (11), the
covariance is a constant within a sub-image, which leads to
an invariable correlation between the voxels in the sub-image
(Fig. 1a). Thus, the intensity of the reconstructed light source
in a sub-image tends to be equivalent in all voxels, and causes
an over-smoothing effect of the BLT reconstruction.
To overcome this problem, we adopted the spatial distance (SD) (Fig. 1a) as a fundamental element to guide the
covariance of voxels, and built a new regularization matrix
to preserve the morphological information by eliminating the
over-smoothing effect.

B. Gaussian Weighted Laplace Prior Regularization
The regularization matrix of DWLP was built by
SD directly. It conducted Laplace regularization matrixes of
different SD and combined them with non-local structure
referred from the non-local gradients method [39], [40].
Non-local gradients method was used widely in image
restoration. It calculates the global gradient of a voxel by
summing up all its gradients with different sizes using radial
mollifiers to ensure the accuracy. Based on this strategy, nonlocal Laplacian (a second-order regularization) was built for
DWLP method, which is given by
 
( L(x, y, 2y − x)ρ(x − y)d x)d y
(12)
F =




L D = (li, j ) N×N
⎧
1
⎨
li, j = −ρ Sk /di,2 j ,
⎩
0
⎛

ρ Sk = 1/⎝
∀g,l∈Sk ,g =l

(15)

⎫
i= j
⎬
i, j ∈ Sk & i = j
⎭
other wi se
⎞
1 ⎠
2
dl,g

(16)

(17)

where ρ Sk is the radial mollifier. In (16), the element li, j
of two voxels in a sub-image is named as decay element
in our approach. Different with the conventional Laplacian
regularization, decay element leads to an inverse relationship
between the covariance and SD for any two voxels in a
sub-image (Fig. 1b).
According to (16), the decay element of DWLP tends to
be infinity with SD closing to zero (Fig. 1c, black curve),
which leads to unstable reconstruction. To overcome this
problem, GWLP regularization method was proposed. The
regularization matrix of GWLP is built by Gaussian Distance
converted from SD. The regularization matrix L G is defined
as
L G = (li, j ) N×N
⎧
1
i= j
⎪
⎨
−di,2 j
li, j = −ρsk exp( 2 ), i, j ∈ Sk & i =
⎪
4R
⎩
0
other wi se
⎛
⎞
2

−dg,l
ρ Sk = 1/⎝
exp(
)⎠
4R 2

⎫
⎪
⎬

(18)

j⎪
⎭

(19)

(20)

∀g,l∈Sk ,g =l

where R is the radius of the Gaussian kernel used to adjust
the convergence level for the relationship of decay element
and SD (Fig. 1c, green, red and blue curves). Because of
the characteristic of the Gaussian curve, (18) is treated as an
approximate window function in GWLP to limit the decay
element for small SD, as well as keeping the profile of a longtail function for large SD. In this study, we used R = 0.4 for
GWLP in morphology reconstruction experiments, because it
showed the similar profile with DWLP at the half-magnitude
range (Fig. 1c, green and black curves). In multi-sources sparse
reconstruction problem, we used R = 0.1 to enhance the
sparse reconstruction capability of GWLP.
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C. Summary of Approach
In order to apply the modified Laplace regularization methods, the bioluminescence images needs to be registered and
mapped to the high-resolution anatomical images [41]. Then
the details of the other steps are described as follow
1) Organs are segmented from CT images and labeled as
sub-images.
2) Calculating DWLP regularization matrix and GWLP
regularization matrix by (16) and (19), and then construct the optimization function (6).
3) The inverse problem of (6) was iteratively calculated
by Fletcher-Reeves conjugate gradient method proposed
in [42] and [43]. Since the non-negativity prior of
bioluminescence [11], [19], calculated intensities of all
voxels are corrected in each loop as follows
x̃ ik = max(x ik , 0)

(21)

x ik

is the i-th element of vector x at the k-th iterative
where
step, and x̃ ik is the corrected vector. The end condition of the
iteration is given by
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TABLE I
D ETAILS OF THE P HANTOM W ITH D IFFERENT S ETTINGS
OF B IOLUMINESCENT S OURCES

TABLE II
O PTICAL PARAMETERS OF R ELATED O RGANS IN S IMULATION
AND In Vivo E XPERIMENTS

r k = A x̃ k − b
rk

2

≤c

(22)

where c is a pre-defined threshold value.
IV. E XPERIMENTAL M ETHODS
To evaluate the performance of new Laplace regularization
methods, the protocols and procedures of numerical simulations and in vivo reconstruction experiments of orthotopic
glioma mouse models are presented in this section. Two
numerical simulations were conducted. The dual bioluminescent sources reconstruction was designed for accessing the
accuracy in tracing the source location. The capsule shaped
bioluminescent source reconstruction was designed for accessing the accuracy in tracing the source morphology. In these
investigations, both DWLP and GWLP were compared with
conventional Laplace regularization and Tikhonov regularization. In this study, Tikhonov regularization stood for Tikhonov
method using identity matrix. To reduce the ill-pose of BLT
inverse problem, we applied multispectral hybrid method for
all reconstruction approaches in all comparisons. The optical
properties were referred from [44] and [45]. Furthermore,
because glioma is a type of intracranial tumor and only invades
inside the brain, the permissible region [10] was limited inside
the brain for all reconstruction methods in mouse model
experiments. All computer processing was accomplished by
a personal computer with a 3.60 GHz Intel Core i7 CPU and
12 GB RAM.

A. Numerical Simulation
A cylindrical heterogeneous phantom (radius = 1 cm,
height = 2 cm) mimicking a mouse head with different organs
was constructed in this simulation study. Dual bioluminescence sources and a capsule shaped source were set inside

Fig. 2. The simulated heterogeneous phantom with the dual-tumor (left)
and the capsule shaped tumor (right) settings.

the brain (Fig. 2), respectively, for accessing the tumor reconstruction accuracy with respect to position and morphology.
The details of the tumor source settings are listed in Table. I,
and the optical properties of each organ are listed in Table. II.
Furthermore, 0%, 5% and 10% Gaussian noise were applied
to the dual-source study to evaluate the anti-noise performance
of different methods. Then, the photon propagation model
and optical source reconstructions were established using
finite element method. In the forward process, the phantom
was discretized to 10273 nodes and 54627 tetrahedrons for
the dual-source setting, and 9850 nodes and 52474 tetrahedrons for the capsule shaped source setting. In the inverse
process, the phantom was discretized to 9336 nodes and 49260
tetrahedrons.
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To evaluate the impact of robustness using different parameters (regularization parameter λ and Gaussian kernel radius R)
on GWLP, λ test and R test were designed on the capsule
shaped source phantom. Furthermore, nodes density test was
also designed to test the performance of GWLP on phantom
with different nodes number.
To quantify the reconstruction performance, barycenter
position error (BCPE) was calculated in the dual-source simulation. It can measure the distance deviation between the
barycenter of a reconstructed region and the real region. The
definition of BCP and BCPE is given by

P j /N S
BC P =
j ∈S

BC P E = BC Pr − BC Pt 2

(23)

where BC P is the barycenter position of the source region S.
P j presents the coordinate vector of the j-th point in S. N S is
the number of them. ·2 is the operator of Euclidean distance.
BC Pr and BC Pt present the BCP of the reconstructed and real
region, respectively.
Besides that, sensitivity coefficient (SC), positive predictive value (PPV) and dice similarity coefficient (DSC) were
quantified in the capsule shaped source simulation in order to
measure the morphological reconstruction accuracy [46], [47].
They were defined as
P PV = NT R /NT
SC = NT R /N R
DSC = 2 × NT R /(NT + N R )

Fig. 3. Dual-source BLT reconstruction using different methods. (a) The
3D rendering and (b) one axial slice of the reconstructed tumor sources
for comparing these methods. White circle: true source region.

(24)

where NT is the number of voxels in real region. N R is the
number of voxels in reconstructed region. NT R is the number
of overlapped voxels. Note that, in this simulation, the voxels
were actually the discretized elements obtained from the FEM.

B. In-Vivo Experiment
To evaluate the in vivo performance of DWLP and GWLP
methods, green fluorescent protein (GFP) labeled U87MGGFP-fLUC cells were used to establish the orthotopic glioma
mouse models following the protocols of [48]. Five female
BALB/c nude mice (4-6 weeks old) were prepared (Vital River
Laboratory Animal Technology Co., Ltd., Beijing, China),
and 1 × 106 U87MG-GFP-fLUC cells were injected into the
brain of each mouse (0.5 mm anterior and 2 mm lateral
to the bregma, 2.5 mm deep from the dural surface). After
11 days, three tumor-bearing mice were obtained successfully.
All animal experiments were conducted in compliance with the
guidelines of the Institutional Animal Care and Use Committee
of Chinese PLA General Hospital, and all necessary efforts
were taken to minimize the suffering of the mice.
The raw data of BLI and CT was obtained simultaneously
using a pentamodal imaging system developed in our laboratory [49], and MRI scan (1.5t, M3TM, Aspect Imaging, Israel)
was performed subsequently.
During the entire imaging acquisition, each mouse was
anesthetized with isoflurane - oxygen mixed gas (500 ml/min,
Matrx VMR Small Animal Anesthesia Machine, Matrx, USA).

D-Luciferin (200 μL, 15 mg/mL) was administrated into the
mouse model eight minutes before imaging. The bioluminescent images were acquired by a thermoelectric cooling
electron multiplying charge coupled device (EMCCD) cameras
(iXonEM+888, ANDOR, UK) with multiple angles (0°, −90°
and 90°), 20 seconds exposure, aperture F1.8, and binning 4.
Four bandpass filters (wavelength: 590 ± 5 nm, 610 ± 6 nm,
630 ± 6 nm, 630 ± 6 nm, Semrock, USA) were used at each
imaging angle, separately, for multispectral information.
Besides optical images, CT data was also acquired to
provide the prior anatomical information. Brain, skull, and
muscle were segmented, and their optical properties are listed
in Table. II. Then, axial slices of T2-weighted MR images were
acquired using following parameters: TR 6000 ms, TE 50 ms,
slice thickness 0.7 mm, and slice spacing 0.2 mm. Because the
brain and skull of a mouse can be regard as rigid objects, the
3D anatomical information of the mouse head obtained from
both CT and MRI was registered for quantitative analysis [50].
After the in vivo multimodality imaging acquisition, mice
were sacrificed and stored in a −80°C refrigerator. Eight
hours later, cryo-slices of each mouse head were obtained
by a freezing microtome (CM1950, Leica, Germany). Since
tumor cells were labeled with GFP, the region of the tumor
in cryo-slices can be captured by the planar FMI using a
Live Cell Imaging System (AF6000 Modular System, Leica,
Germany). Theseex vivo fluorescent images together with the
hematoxylin-eosin (H & E) staining of the cryo-slices were
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Fig. 4. Comparison of the dual-source reconstruction with noise interference. (a) 5% and (b) 10% Gaussian noise was added in the simulation,
respectively, and the reconstructed axial slices are demonstrated for
comparison. Each test was performed in triplicate.

used as the gold-standard to evaluate the accuracy of in vivo
BLT and MRI.
V. R ESULTS

A. Dual-Source Reconstruction Simulation
Fig. 3 demonstrates the results of the dual-source BLT
reconstruction without Gaussian noise (0% noise level) using
different regularization methods. The 3D rendering and the
tomographic slice crossing the two sources (Z = 10 mm) are
illustrated for each method. Apparently, the barycenter of each
reconstructed source given by either Tikhonov or conventional
Laplace regularization method deviated from the center of
its corresponding true source. DWLP reduced the positioning
error, but the two reconstructed sources overlapped each other,
which compromised the resolution for distinguishing the two
sources. Comparing with them, GWLP achieved the best
reconstruction performance with the smallest positioning error
and no overlapping of the two adjacent sources (Fig. 3).
Fig. 4 demonstrates the comparison of the dual-source BLT
reconstruction using different methods with the influence of
5% and 10% Gaussian noise, respectively. For each noise
level, the reconstruction was repeated three times, but the
same phenomenon was consistently observed as it showed
in Fig. 3. GWLP provided the smallest positioning error and
successfully separated the two sources in all tests of both noise
levels.
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Fig. 5. Quantitative comparison of BCPE in the dual-source simulation.
(a) BCPEs of different methods regarding to the noise level for Source
1 (S1). (b) Similar comparison for Source 2 (S2). (c) The comparison of
the dual-source total BCPEs for each method in different noise levels.

The quantitative analysis of the BCPE in Fig. 5 further
proved these observations. For Source 1, the BCPEs of DWLP
and GWLP methods were smaller than the Tikhonov and
Laplace regularization methods in all noise levels (Fig. 5a).
For Source 2, the BCPEs of GWLP were much smaller
than the rest three methods in all noise levels (Fig. 5b).
After combining measurements of both sources, the BCPEs
given by GWLP were much smaller than them offered by
the conventional Tikhonov or Laplace methods (Fig. 5c),
which significantly improved the reconstruction accuracy
(P < 0.05 for GWLP vs. Tikhonov or Laplace in all noise
levels).
Besides these results, the different performance of GWLP
and FIS in the dual-source reconstruction simulation were
compared and demonstrated in the Supplementary Material
Section S.I.A. Supplementary materials are available in the
supplementary files / multimedia tab.

B. Capsule Shaped Source Reconstruction Simulations
Fig. 6 demonstrates the performance of different approaches
in the reconstruction of the capsule shaped source. The
ideal reconstruction was not only aimed to locate the simulated tumor, but also to preserve the morphology of the
tumor region. However, neither conventional Tikhonov nor
Laplace regularization method achieved satisfactory reconstruction. The location was off the target, and the shape of the
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Fig. 7. Quantitative comparison of the source shape preservation. The
sensitivity coefficient (a), positive predictive value (b), and dice similarity
coefficient (c) of different regularization methods were compared in
bar charts, respectively. Their mathematical definitions were given in
Eq. (24).
Fig. 6.
Capsule shaped source BLT reconstruction using different
methods. (a) The 3D rendering and (b) one sagittal slice of the reconstructed tumor sources for comparing these methods. White rectangle:
true source region.

reconstructed source was very different from the pre-defined
region (Fig. 6 first and second rows). The over-smoothing
situation was improved by the DWLP method. The reconstructed source showed a larger overlap area with the predefined region, but the morphological information of the
capsule shaped tumor source was still heavily lost (Fig. 6 third
row).
Compared with these methods, GWLP provided better
reconstruction performance in both tumor localization and
morphology preservation (Fig. 6 fourth row). The reconstructed and the true sources overlapped each other, and the
capsule shaped morphology was also reasonably obtained.
In order to compare their performances quantitatively, we
calculated the SC, PPV and DSC, respectively. The results
revealed that the SC of GWLP was about 61%, 51%, and
11% higher than that of Tikhonov, Laplace, and DWLP
methods (Fig. 7a). The PPV of all approaches were relatively
low (Fig. 7b), but the GWLP method still showed about 3%
larger PPV than the other methods. Consequently, GWLP
scored 73% in DSC, which was about 6% to 27% larger than
the others (Fig. 7c).
The results and quantitative comparisons of GWLP regularization method and FIS method were provided in the Supplementary Material Section S.I.B. Supplementary materials are
available in the supplementary files / multimedia tab.
Fig. 8 demonstrates the performance of GWLP in the
capsule shaped source phantom with different Gaussian

kernel radius R (Fig. 8a), different regularization parameter λ
(Fig. 8b) and different number of mesh nodes (Fig. 8c). Their
quantitative comparison is showed in Fig. 9.
In the λ test, the high energy volume of reconstruction
was smaller than the pre-defined region with λ = 10−6 and
larger than the pre-defined region with λ = 10−2 . With the
regularization parameter λ increased from 10−6 to 10−2 , the
high energy volume of the source expanded gradually and
the shape of the result with λ = 10−4 provided the best
morphological information of the capsule shaped source. The
DSC of λ = 10−4 in fig. 9b also higher than the others.
In the R test, the results with different Gaussian kernel
radius R from 0.05 to 1.6 were all similar to the pre-defined
region. However, the reconstructed results were shrunk with
R = 10. Fig. 9a demonstrates that the sensitivity was increased
and positive predictive value was decreased while the Gaussian
kernel radius changing from R = 0.05 to R = 0.4. Thus, the
dice similarity coefficient was stable with R increase. All the
quantified indexes were stable with R increased from 0.4 to
1.6 but decreased with R = 10.
In the nodes density test, GWLP demonstrated different
performances of providing the morphological information with
different number of nodes (Fig. 8c). Overall speaking, the
reconstruction was better with more nodes, which was also
revealed in the quantitative comparisons (Fig. 9c). Both positive predictive value and dice similarity coefficient were better
when the node number researched 9336 or more, while the
sensitivity kept relatively stable whenever how many nodes
were applied for the reconstruction.
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Fig. 8. Capsule shaped source BLT reconstruction using GWLP method
with different parameters. (a) One sagittal slice of the reconstructed
tumor sources with radius of the Gaussian kernel R from 0.1 to 10.
(b) One sagittal slice of the reconstructed tumor sources with regularization parameter λ from 10−2 to 10−6 . (c) One sagittal slice of the
reconstructed tumor sources with nodes number of mesh from 3383
to 13443.

C. In Vivo
In vivo BLT reconstruction was performed on three orthotopic glioma mouse models (Fig. 10). The planar BLI and
nature light images were first taken and merged together.
Meanwhile, the mouse was scanned by a micro-CT using a
self-made hybrid optical-CT imaging system [49] to obtain
the anatomical structure of its head (Fig. 10a). After that, the
mouse was scanned by a MRI system to acquire the in vivo
imaging reference. The CT data was semi-automatically segmented into brain, skull and muscle areas, and then discretized
into finite element meshes with surface bioluminescence
density mapping on them (Fig. 10a).
The 3D rendering of a detected glioma given by the GWLP
reconstruction (Fig. 10b blue area) and MRI segmentation
(Fig. 10b red area) were mapped into the CT data, respectively. They showed the same spatial location and the similar
morphology inside the brain (Fig. 10b). This suggested that
the proposed GWLP regularization method achieved accurate
BLT reconstruction in both spatial orientation and morphology
preservation.
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Fig. 9. Quantitative comparisons of the parameter test with sensitivity
coefficient (black), positive predictive value (green) and Dice similarity
coefficient (red). (a) The Gaussian kernel radius R test, (b) The regularization parameter λ test. (c) The nodes density test.

To further verify its robustness, all regularization methods
were applied on the three mice, and the same BLT slice
was compared with corresponding MR, GFP fluorescent, and
H&E stained cryoslicing images (Fig. 10c and d). The results
revealed that the conventional Tikhonov and Laplace methods
demonstrated a systematic over-smoothing reconstruction and
lost the major morphological information of the tumor in all
mice. The DWLP method showed a better performance in
Mouse 2 and 3, but the over-smoothing effect was still distinct
in Mouse 1. Different from them, the tumor area reconstructed
by the GWLP method showed an excellent consistency with
the tumor area visualized from in vivo MRI and ex vivo
cryoslicing in all three mice. It was not just that the contour
of the GWLP reconstructed tumor matched the references, but
also the area of the high intensity region was apparently larger
than the area given by the other three methods (Fig. 10c)
in each mouse, which suggested that the over-smoothing
effect was successfully minimized in GWLP, and the tumor
morphology was preserved to the largest extent. Therefore,
the in vivo experiment proved that the GWLP method was
superior to other methods in both accuracy and robustness, which was consistent with our numerical simulations.
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Fig. 10. In vivo glioma reconstruction experiment. (a) presents the measurement of BLI, organ segmentation and surface photon density mapping.
(b) shows 3D rendering of BLT, MRI and their fusion in CT. (c) shows the axial slices of BLT and BLT-MRI reconstructed by different methods.
(d) presents GFP fluorescence imaging and HE staining results of cryoslicing images.

Moreover, in Mouse 2, the tumor to surrounding tissue contrast
offered by MRI (1.5t, T2) was not as clear as the contrast
in the other two mice. The tumor contour was blurred near
the nucleus accumbens septi (Fig. 10c, Mouse 2). However,
GWLP offered a complete boundary of the tumor, and the
tumor region was comparable to that in the corresponding
croyslicing images (Fig. 10d). This demonstrated the potential
benefit of BLT in glioma imaging, if the morphological
information can be reconstructed without using the tumor
segmentation from MRI as the prior.
Results of the comparison between the GWLP regularization method and FIS method for the in vivo BLT reconstruction
are presented in the Supplementary Material Section S.II.
Supplementary materials are available in the supplementary
files / multimedia tab.
VI. D ISCUSSION AND C ONCLUSION
In this study, we presented a novel GWLP regularization
method for the non-invasive in vivo BLT reconstruction of

the glioma inside a mouse brain. It was designed to trace
the bioluminescent source location and to reconstruct the
source morphology in 3D, without using the tumor region
segmentation from any other structural imaging modalities
as the prior for guidance. GWLP assumed that the variance of the bioluminescence energy between any two voxels
inside an organ was not a constant, but had a non-linear
inverse relationship with their SD. However, instead using the
weight of SD to build the new Laplace regularization matrix
(the DWLP method) directly, GWLP converted SD into
Gaussian distance for building the regularization matrix to
improve the robustness of the BLT reconstruction.
The biggest advantage of GWLP was that the oversmoothing effect of the conventional Laplace or Tikhonov
regularization method was successfully overcome, thus the
morphological information of the bioluminescent source
was preserved maximally after the reconstruction. This was
achieved by only adopting organ level structural prior (brain,
skull, muscle, etc.) rather than using tissue level prior
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(primary tumor tissue and/or its metastases) for reconstruction
guidance. Through a series of simulations, GWLP demonstrated the best performance in both tracing the location and
defining the geometry of the bioluminescent source in the
comparison with Tikhonov, Laplace, and DWLP methods.
In comparisons between GWLP and FIS methods
(Supplementary Material), FIS provided more accurate spatial
localization of the targets than GWLP did in the dual-source
simulation. However, GWLP demonstrated better performance
for morphological reconstruction in both simulation scenarios
and the in vivo glioma BLT reconstruction experiment.
Furthermore, we also evaluated the sensitivity of GWLP
to the regularization parameter λ, Gaussian kernel radius R,
and nodes density. In R test, GWLP showed good robustness
with R varying from 0.1 to 1.6. However, the over-smoothing
effect was obvious with R reaching 10, which caused apparent
loss of the morphological information. In λ test, the results of
GWLP gradually changed from over shrunk to over expended
with λ increased, and GWLP offered the best reconstruction
with λ = 10−4 . In the nodes density test, GWLP preserved
more accurate morphological information of the target, when
the number of nodes researched 9336 or more.
We further validated the efficacy of GWLP by conducting
the in vivo multimodality imaging (BLT, CT, and MRI) of
orthotopic glioma mouse models, and utilized GFP fluorescent images and H&E staining of the ex vivo whole mouse
head cryoslicing specimen as the references for evaluation.
Similar with our simulation experiments, GWLP minimized
the negative influence of the over-smoothing effect and
revealed an outstanding performance in glioma reconstruction.
While other methods lost the major morphological information
of the tumor tissue, GWLP showed highly agreements with
the in vivo MRI and ex vivo references in the tumor region
definition. To the best of our knowledge, this is the first study
that achieved such accurate BLT reconstruction of orthotopic
glioma morphology without using any segmented tumor structure from CT or MRI as prior for inverse guidance.
In the presence of oxygen, ATP, luciferin, and other factors, viable tumor cells tagged with reporter genes can emit
luminescent signal [1]–[3]. Therefore, BLT is expected to be
a tumor-specific and quantifiable in vivo imaging technology
to study tumor biology in various mouse models, including
glioma models [10], [18], and [51]. However, in previous
studies [11], and [19], because of the optical scattering effect
and the resulted ill-posed inverse problem, the glioma region
reconstructed from BLT only was able to indicate the tumor
location, but lost its 3D morphology. This heavily limited the
practicability of BLT. Our study demonstrated that this challenge was successfully solved by the proposed GWLP method.
Both simulation and in vivo experiments proved that GWLP
achieved superior tumor morphology preservation comparing
with other conventional regularization methods. Moreover, the
in vivo experiment also indicated the advantage of using BLT
for glioma imaging. When MRI was insufficient to identify
the tumor-to-normal-tissue contrast of glioma, BLT provided
a high tumor-specific optical contrast and complemented the
interpretation of the glioma region from the multimodality non-invasive measurements. This would not be possible,
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if the tumor morphology reconstruction was not achieved
in BLT.
There are two major limitations of GWLP. First, it is only
applicable when tumor and its metastases are all located inside
one organ. Once it metastasizes into different organs, the
assumption of distance weighted prior cannot be established.
Therefore, GWLP is particularly suitable for imaging glioma,
who locates only inside brain. Second, because GWLP uses
the Fletcher-Reeves conjugate gradient method to iterative
calculate the inverse problem, it takes about two minutes to
accomplish one BLT reconstruction using a personal computer
with ordinary configuration, which is relatively slow. Our
future work will focus on these three limitations and find
proper solutions.
In conclusion, we proposed a novel GWLP regularization
method for solving the inverse problem in BLT. Comparing
with conventional methods, it can improve the reconstruction
accuracy in both tumor localization and tumor morphology
preservation. This enabled BLT more suitable and practical
for in vivo imaging of orthotopic glioma mouse models.
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