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Adaptive Grouping Block Sparse Bayesian Learning
Method for Accurate and Robust Reconstruction in
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Abstract—Objective: Bioluminescence tomography (BLT) is a
promising modality that is designed to provide non-invasive
quantitative three-dimensional information regarding the tumor
distribution in living animals. However, BLT suffers from inferior
reconstructions due to its ill-posedness. This study aims to
improve the reconstruction performance of BLT. Methods: We
propose an adaptive grouping block sparse Bayesian learning
(AGBSBL) method, which incorporates the sparsity prior, correlation of neighboring mesh nodes, and anatomical structure
prior to balance the sparsity and morphology in BLT. Specifically,
an adaptive grouping prior model is proposed to adjust the
grouping according to the intensity of the mesh nodes during the
optimization process. Results: Numerical simulations and in vivo
experiments demonstrate that AGBSBL yields a high position
and morphology recovery accuracy, stability, and practicality.
Conclusion: The proposed method is a robust and effective reconstruction algorithm for BLT. Moreover, the proposed adaptive
grouping strategy can further increase the practicality of BLT in
biomedical applications.
Index Terms—adaptive grouping, bioluminescence tomography, block sparse Bayesian learning.

I. I NTRODUCTION

B

IOLUMINESCENCE imaging (BLI) is a non-invasive
and non-ionizing molecular imaging technique that enables the visualization of luciferase-labeled tumor cells in living bodies [1]–[3]. Owing to the high sensitivity and specificity
of tumor cells, BLI plays an increasingly important role in
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preclinical research on small animals [2], [4]. However, BLI
can only detect the two-dimensional body surface information,
which is not sufficient to quantify the activity of tumor cells in
the bodies of living animals [1], [3], [5]. Therefore, substantial efforts have been made to evaluate the bioluminescence
tomography (BLT), which can provide three-dimensional (3D)
quantitative results of the internal tumor distribution.
BLT has been widely applied in preclinical research in
the past decade, including glioma imaging [6], gastric cancer
imaging [7], breast tumor monitoring [8], [9], and in vivo
stem cell tracking [10]. In practical biological applications,
light source localization and morphological recovery are the
main problems that need to be considered in BLT. Nevertheless, due to the scattering effect of light and the limitations
of the detected surface photons, BLT is limited by its illposedness, which significantly affects the accuracy of the BLT
reconstruction [2], [11]–[14]. Therefore, methods to alleviate
the ill-posedness and improve the reconstruction accuracy are
vitally important for algorithm designs.
In the past decade, studies on BLT reconstruction mainly
focused on sparse algorithms. This is because, in the early
stages of tumor detection, the tumor region is relatively small
in comparison with the background. Therefore, the sparsity of
the light source was usually employed as prior information.
Various algorithms based on the sparse regularization have
been proposed and applied in BLT reconstruction; they are
mainly based on the L1-norm regularization. These algorithms
can overcome the over-smooth effects of L2-norm methods
and encourage more sparse and stable reconstructed results,
such as the homotopy method [15], Bayesian sparse based
method [11], and LASSO method [16]. Although these algorithms improve the localization accuracy of the tumor, the
recovery of the tumor morphology is not sufficiently accurate
[6].
It is commonly known that the tumor has a characteristic
with a specific morphology. If the morphological information
of the tumor can be accurately recovered, it is of great
significance and can be used to evaluate and predict the
prognosis of the tumor [17]. Recently, many studies on BLT
morphology reconstruction have emerged. They found that
full consideration of the structural distribution characteristics
of the light source when designing algorithms could further
improve the reconstruction performance. For instance, Gao et
al. employed the Gaussian weighted Laplace prior (GWLP)
to regularization to overcome the over-smoothness of a traditional L2-norm method, and achieved an accurate glioma
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morphology recovery in BLT [6]. Guo et al. introduced the
sparsity and spatial correlation of mesh nodes and proposed a
sparse-graph manifold learning method for BLT morphological
reconstruction [17]. In our previous work, a block sparse
Bayesian learning method with the K-nearest neighbor strategy
(KNN-GBSBL) was presented, which considered the sparsity
prior, correlation of neighboring mesh nodes, and anatomical
structure prior of the light source to achieve the morphological reconstruction of BLT [18]. Nevertheless, owing to the
complexity and variety of tumor morphologies, the existing
morphological recovery algorithms are either limited by the
inflexibility of mathematical models or the complexity of
parameters. Therefore, the practicality of these algorithms is
significantly limited.
Furthermore, a series of adaptive finite element methods
[19], [20] and adaptive parameter updating methods [21],
[22] were proposed to enhance the stability and efficiency
of reconstruction. However, owing to the high complexity
of models, adaptive finite element methods are not widely
used. Most adaptive parameter updating methods are based
on the regularization strategy that leads to a lack of flexibility
in mathematical models. Therefore, a flexible and effective
adaptive reconstruction strategy is urgently needed to achieve
a robust and accurate BLT reconstruction.
Therefore, an AGBSBL algorithm is introduced in this
study. We designed an adaptive grouping prior model that
considered the sparsity prior, correlation of neighboring mesh
nodes, and anatomical structure prior of the light source, which
can adaptively adjust the grouping according to the intensity
of the mesh nodes during the optimization process. Subsequently, the inverse problem was solved under the block sparse
Bayesian learning (BSBL) framework [23]. We performed the
numerical simulations and in vivo experiments to evaluate the
performance of AGBSBL. The results revealed that AGBSBL
achieved not only very high position and morphology recovery
accuracy, but also high stability and practicality.
The rest of this paper is arranged as follows: The details of
AGBSBL are demonstrated in Section II. In Section III, we
describe the conditions of the numerical simulations and in
vivo experiments. Section IV demonstrates the results of all
experiments. We discuss the paper in Section V and make a
conclusion in Section VI.
II. M ETHOD
Under the finite element framework, the light source distribution x ∈ RN ×1 and the bioluminescent flux on the object
surface Φ ∈ RM ×1 can be modeled as a linear relation
under the guidance of the photon propagation theory [24],
[25]. Meanwhile, considering the error of the BLT during data
acquisition and processing, we obtain:
Ax = Φ + v

(1)

A ∈ RM ×N is the system matrix which is built based on the
diffusion approximate equation and Robin-type boundary condition [24], [25]. In fact, there is a certain model error between
the photon propagation process described by mathematical
model (system matrix A) and the real photon propagation

process. In addition, Φ is simulated with the Monte Carlo
method [26] in simulations and obtained through the data
acquisition process in in vivo experiments, and it is prone to
bring noise. Therefore, error vector v ∈ RM ×1 refers to two
aspects of error: model error caused by the system matrix A
and additive noise caused by the Φ.
For BLT reconstruction under Bayesian theory, solving
the inverse problem (1) can be transformed into solving the
maximum a posteriori (MAP) estimation of x [18], [27]:
x̂MAP = arg max{log p(x|Φ)}
x

= arg max{log p(Φ|x) + log p(x)}

(2)

x

where p(x|Φ) represents the posteriori probability of the
unknown source x given the measured Φ. p(Φ|x) and p(x) is
the likelihood probability (measurement model) and the priori
probability (prior model), respectively [18].
The prior model is the most momentous section according
to Bayesian theory [28]. This is because it can easily introduce
a variety of prior information, which can further improve the
reconstruction performance in BLT. It is common knowledge
that during the data processing of BLT reconstruction, CT
data needs to be discretized into a 3D tetrahedral mesh under
the finite element method (FEM); it should be noted that this
discretization is unordered. The source distribution x obtained
by solving (1) is the intensity value corresponding to each
mesh node. Based on the spatial correlation among the mesh
nodes, neighboring nodes tend to have the identical or similar
intensity distribution [6], [18], which can be incorporated as a
priori information. Therefore, considering the sparsity, spatial
correlation among neighboring mesh nodes, and anatomical
structure prior, we designed an adaptive grouping prior model
and proposed an AGBSBL algorithm in this study.
A. Adaptive grouping prior model
The adaptive grouping prior model proposed here can
adjust the grouping according to the intensity of mesh nodes
during the optimization process, which constitutes the major
advantage of AGBSBL over KNN-GBSBL [18]. To visually
illustrate the adaptive grouping model, the i-th node (i =
1, · · · , N ) was used as an example and the simple local mesh
diagram is demonstrated in Fig. 1(a). Two critierons were
applied to realize the adaptive grouping strategy:
1) Criterion 1: Node i can be regarded as a center point
Ci (red node in Fig. 1(b)), which needs to be expanded into
a group with its neighbors in our model. The first criterion is
used to determine the initial neighbors of Ci . Under the FEM
framework, the intensity of each mesh node is closely related
to the tetrahedron in which it is located. As we can see in Fig.
1(b), Ci simultaneously belongs to many tetrahedral elements
(label 1-4); therefore, the initial neighbors of Ci are all defined
as mesh nodes sharing the tetrahedron (all green nodes: a-h).
In this case, the i-th node can be expanded to the i-th group.
Solving the intensity of the i-th node xi becomes solving the
ei ∈ Rni ×1 , where ni represents
intensity of the i-th group x
the length of i-th group (for instance, in Fig. 1(b), ni = 9 and
in Fig. 1(c), ni = 6).
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Fig. 1. A schematic illustration of the adaptive grouping. (a) is an example of a local mesh. (b) represents the initial grouping with criterion 1. The orange
ei . The nodes marked in green are all neighbors in the group x
ei . (c) is the expanded grouping with criterion
dotted ellipse encloses the i-th expanded group x
ei . The nodes marked in green are all neighbors in the group x
ei . The nodes marked in gray
2. The orange dotted ellipse encloses the i-th expanded group x
are the excluded nodes because they do not satisfy criterion 2.

2) Criterion 2: The second criterion provides an expanded
ei defined by the first criterion, as
grouping of the group x
shown in Fig. 1(c). Criterion 2 is defined as that nodes with
intensity not less than the threshold Pi should be grouped tox
gether. In this paper, the threshold Pi is defined as: Pi = nCii ,
where xCi represents the intensity of the center-point Ci in ith group.
The grouping set is obtained by intersecting the two regions
defined by criterion 1 and criterion 2. Finally, the solution x
of the inverse problem (1) is the average of the intensity for
each group:
xi =

sum(e
xi )
ni

i = 1, · · · , N

(3)

The function of the threshold Pi is to remove some inappropriate nodes in the iterative process, therefore, the threshold
should be related to the grouping state. We believe that using
a threshold that changes with the grouping will be better than
using a fixed threshold. In this paper, we assume that the
threshold is related to the number of neighbors in the group
and their corresponding intensity values. The final solution
space is the embodiment of the average state of the entire
group (Eq. (3)). Under extreme conditions, that is, when the
intensity values of the neighbors are all zero, the average state
x
xi )
ei becomes sum(e
→ nCii . Therefore,
of the entire group x
ni
we assume that the intensity of neighbors should at least be
x
Pi = nCii to have an impact on the entire group, that is,
only neighbors that satisfy |e
xi | ≥ Pi will be retained. We
just proposed a way of defining Pi based on our hypothesis
in this paper. In fact, Pi can be defined in other forms,
as long as the principle makes sense and the corresponding
experimental results can be demonstrated. Under the rules we
formulated, we explored the influence of different Pi values
on the reconstruction performance. The experimental results
of this part are included in the supplementary materials.
The advantage of adaptive grouping is to first give a broad
solution space based on the criterion 1. (Considering the problem of computational cost, the initial solution space should not
be too large.) Criterion 2 further refines the solution space on
the basis of criterion 1 and weeds out some invalid neighbors,
so that during the iterative process of the algorithm, it can

gradually improve the accuracy of spatial distribution. Furthermore, as criterion 1 depends on the connection of the mesh,
the initial grouping changes as the mesh changes. However,
criterion 2 introduces the constraint of intensity (threshold Pi )
to ensure a stable grouping. Through the proposed prior model,
the groups can be adaptively calculated and the block sparse
prior can be effectively integrated into (2). Finally, the BLT
reconstruction is solved under the BSBL framework [18], [23].
B. Solving inverse problem under BSBL framework
Under the BSBL framework [23], from the perspective of
ei ∈ Rni ×1
algorithm design, we assume that each block x
satisfies a parameterized multivariate Gaussian distribution
(We only give the assumption from the point of algorithm
here, without considering the non-negativity of BLT):
ei ∼ N (0, γi Bi )
x

i = 1, · · · , N

(4)

where γi is a non-negative parameter used to control the
ei , Bi ∈ Rni ×ni is a symmetric and positive
sparsity of x
definite matrix that is used to obtain the correlation within i-th
e obeys the Gaussian
group. Moreover, we can assume that x
e ∼ N (0, Σ0 ), where
distribution x
Σ0 = diag{γ1 B1 , · · · , γN BN }

(5)

The Gaussian weighted distance prior strategy was incorporated in the calculation of Bi [6], [18]:
Bi = Toeplitz([bi,j ]j∈U (i) )

i = 1, · · · , N

(6)

with

bi,j


1




d2
= exp(− i,j )

4R2


0,

i = j;
i, j ∈ Sk , j ∈ U (i), i 6= j;

(7)

otherwise

where [bi,j ]j∈U (i) is a vector that represents the correlation
between the i-th center point and its neighbors. U (i) denotes
the neighbourhood of node i, and Sk represents the node-set
of the k-th organ. Furthermore, the derivation of R is detailed
in [6]. The Euclidean distance between node i and j is denoted
by di,j .

4

For the construction of the measurement model, the error
vector v is assumed to obey the Gaussian distribution: v ∼
N (0, λI), λ is a nonnegative parameter [23].
According to the prior model and measurement model, the
posteriori probability distribution is also Gaussian N (µ, Σ)
with [18], [23]
−1 e T e −1
Σ = (Σ−1
A A)
0 +λ

(8)

eTΦ
µ = λ−1 ΣA

(9)

M×

N
P

ni

e ∈ R i=1 denotes the expanded system matrix.
where A
e T represents the transpose of A.
e The MAP estimate of x
e can
A
are
estimated:
be obtained after the parameters λ, {γi , Bi }N
i=1
∗
eMAP = arg max{log p(e
x
x|Φ; λ, {γi Bi }N
i=1 )} = µ

(10)

e
x

where µ∗ denotes the optimal mean of the posterior. To
estimate the parameters, the cost function must be obtained
[23]:
Z
L(Θ) = 2 log p(Φ|e
x; λ)p(e
x; {γi Bi }N
x
i=1 )de
= − log|h| − ΦT h−1 Φ

(11)

where Θ represents the parameters that need to be estimated:
e
eT
λ, {γi , Bi }N
i=1 . h is defined as h = λI + AΣ0 A . In this
study, λ is treated as a regularizer [18], [29], [30].
Zhang et al. derived a fast and satisfactory learning rule for
γi based on the bound optimization method [23]:
s
eTi B−1
ei
x
i x
γi ←
(12)
T
∗
−1
e
e i Bi )
Tr((Ai ) (h ) A
e ∗A
e T and Σ∗ , Σ0 |γ=γ ∗ (γ ∗ is given
where h∗ = λI + AΣ
0
0
in advance). Algorithm 1 demonstrates the algorithm flow of
AGBSBL. We need to point out that due to the zero-mean
ei , the negative
multivariate Gaussian prior assumptions of x
values may appear during the iteration process, but we should
consider the non-negativity of the BLT reconstruction after the
algorithm ends.
III. E XPERIMENTS
In this part, we discribe the numerical simulations [31]
and in vivo mice experiments to assess the reconstruction
performance of AGBSBL. Three existing algorithms: SBR
(sparse Bayesian method) [11], GWLP (an improved L2norm method) [6], and KNN-GBSBL [18] were used for
comparison. A desktop computer with an Intel(R) Core(TM)
i9-9900 CPU (3.60 GHz) and a 64-GB RAM was used to run
all programs.
A. Numerical simulations
The head of the digital mouse was used for numerical
simulations, as shown in Fig. 2(a). It can be divided into three
organs: the brain, skull, and muscle. Each organ has its own
optical parameters at the wavelength of 650 nm, which are
detailed in [32], [33]. The bioluminescence distribution on

Algorithm 1 Algorithm flow of AGBSBL
Input: A, Φ, λ; T = 10.
Output: The light source x;
1: Initial grouping: Calculate the initial group index vector
Di and the initial length of every group ni (i = 1, . . . , N )
with criterion 1.
e0 = 0, Σi0 = eye(ni )(∀i), γ = ones(N, 1),
2: Initialize: x
t = 0.
3: Calculate the intra-block correlation matrix Bi (i =
1, . . . , N ) according to (6) and (7).
4: while t ≤ T do
5:
t = t + 1;
6:
for i = 1 to N do
7:
Calculate Σi and µi based on (8) and (9);
eti = µi ;
8:
Calculate x
9:
Calculate Pi ;
10:
Update the index vector Di according to |e
xti | ≥ Pi ;
11:
Update the length of the group ni ;
12:
Update the intro-block corralation matrix Bi according to Di ;
13:
end for
14:
for i = 1 to N do
15:
Calculate γi based on (12);
16:
Calculate Σi0 based on the (5);
17:
end for
18: end while
19: Return the solution x based on (3), and consider the nonnegative property of x.

the surface was simulated with Monte Carlo method using
molecular optical simulation environment [26]. A discretized
tetrahedral mesh with 11,018 nodes and 61,699 tetrahedral
elements was used for the inverse problem, as shown in Fig.
2(b).
Five simulations were conducted to verify the stability and
accuracy of our proposed AGBSBL algorithm in terms of feasibility, noise, depth of light source, mesh nodes density, and
dual-source reconstruction. First, a shallow ellipsoid-shaped
source reconstruction with a depth of 1.4 mm was employed to
verify the feasibility and anti-noise ability of AGBSBL (radius
of the x-, y- and z-axis: 0.8 mm, 1 mm, 0.7 mm) as shown
in Fig. 2(c). The deeper ellipsoid-shaped source reconstruction
with a depth of 3.4 mm was conducted to investigate the ability
of the deep-tumor reconstruction and mesh nodes density
reconstruction (radius of the x-, y- and z-axis: 0.8 mm, 1 mm,
0.7 mm) as shown in Fig. 2(d). Furthermore, two dual-source
simulations with two spherical sources (radius: 0.6 mm, edgeto-edge distance (EED): 2 mm and 1 mm) were performed to
assess the dual-source reconstruction capability of AGBSBL,
as shown in Fig. 2(e)-(f). The source setting of all numerical
simulations is listed in Table. I.
B. In vivo experiments
In vivo BLT experiments in the orthotopic glioma mouse
model were performed to assess the performance of AGBSBL.
We conducted all animal experiments under the protocols
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ficed; we then used a freezing microtome (CM1950, Leica,
Germany) to obtain the frozen sections of all the mice.
Hematoxylin-eosin (H&E) staining was performed on the
frozen sections to acquire the pathological images. These ex
vivo images were used as the gold standard for validating the
in vivo BLT reconstructions.
In addition to orthotopic glioma mouse models, we also
implanted capillary (made of polytetrafluoroethylene: an inner
diameter of 1 mm and an outer diameter of 1.4 mm) with
chemical solution [37] in the abdomen of mouse to explore
morphological reconstruction performance of AGBSBL. The
length of the tube was about 5 mm and the depth was about
2 mm. We used the segmentation of the tube from CT images
as the ground truth and compared it with the reconstruction
results.
C. Evaluation index

Fig. 2. Numerical simulations setting. (a) A digital mouse head model; (b)
the used tetrahedral mesh; (c) the ellipsoid source simulation with a depth
of 1.4 mm; (d) the ellipsoid source simulation with a depth of 3.4 mm; (e)
the dual-source sphere simulation with an EED of 2 mm; (f) the dual-source
sphere simulation with an EED of 1 mm.

To quantitatively analyze the performance of the BLT reconstruction, the position error (PE) was utilized to evaluate
the position accuracy. PE represents the barycenter deflection
between the reconstructed light source and the actual light
source:
n
X
xi nodei ,
(13)
W (x) =
i=1

P E =k W (xr ) − W (xt ) k .

(14)

TABLE I
S OURCE SETTINGS OF ALL NUMERICAL SIMULATIONS
Simulations

Center (mm)

Depth/EED (mm)

Feasibility verification
Anti-noise test
Depth test
Mesh nodes density test

(15,19,16)
(15,19,16)
(13,19,16)
(13,19,16)

1.4
1.4
3.4
3.4

Dual-source
reconstruction

s1:(14,17,16)
s2:(14,20.2,16)
s1:(14,17.9,16)
s2:(14,20.1,16)

2
1

approved by the Institutional Animal Care and Use Committee
(IACUC) at the Chinese Academy of Sciences. Three BALB/c
nude mice (6–8 weeks old) were used to build orthotopic
glioma models [34]. Maximum efforts were made to reduce
the suffering of all mice during the experiments.
During the data collection, 200 µL D-Luciferin (15
mg/mL) were injected into each mouse. Eight minutes after
the injection, BLI and CT data were collected using an
optical multimodality imaging system developed by our group
[35]. Then, optical images were captured using an electronmultiplying charge-coupled device camera (iXonEM + 888,
ANDOR, UK) with 20 s exposure and binning 4. Similarly, we
applied 650 nm bandpass filters to acquire the optical images
from each mouse. Additionally, the 3D anatomical structures
were segmented from the CT data including the brain, skull,
and muscle. As the head of a mouse can be regarded as a rigid
object, anatomical information acquired from the CT data was
easily registered for BLT reconstruction and comparison [36].
After in vivo multimodality imaging, the mice were sacri-

Where nodei and xi represent the 3D coordinate and the
intensity of the i-th node on the mesh, respectively. xr is the
vector of reconstructed source and xt is the vector of the true
source.
Dice coefficient is used to evaluate the similarity between
the reconstructed tumor region X and the real tumor region
Y:
T
2|X Y |
,
(15)
Dice =
|X|+|Y |
where X represents the region of the actual tumor and Y is
the region of the reconstructed tumor. A higher Dice index
indicates a higher similarity between the two regions in both
the location and morphology.
IV. R ESULTS
The numerical simulations and in vivo experiments were
used to assess the stability and practicality of the proposed
AGBSBL algorithm in terms of the position accuracy and
shape recovery. This section is structured as follows: First,
the feasibility verification was conducted. The second part of
the section presented the simulations on the stability of noise,
depth of light source, mesh points density, and dual-source
reconstruction. The final part displays the results of the in
vivo experiments.
A. Feasibility verification
To assess the feasibility of AGBSBL, experiments with
different parameter values for λ were performed. With the
empirical parameter range, λ was set to 0.01, 0.1, 0.5, 1, 5,
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10, 20, and 50. Take the shallow ellipsoid-shaped source simulation (Fig. 2(c)) as an example, the quantitative analysis for
AGBSBL with different λ values was shown in Fig. 3. These
results indicated that the accuracy of both indicators improved
as λ increased, whereas the opposite trend appeared when λ
exceeded 10. According to the results, we used the λ = 10 for
AGBSBL, where the two indicators PE and Dice were optimal.
It needed to be pointed out that we only used the above
experiment model as an example to describe the parameter
selection process. In fact, in different experimental models, we
need to perform the parameter selection experiment to select
the optimal parameter λ. In addition, we explored the influence
of noise on the selection of optimal λ. The experimental
content of this part is shown in the supplementary materials.
The parameters for SBR (a = 1, b = 103 ), GWLP
(λ = 0.1), and KNN-GBSBL (K = 75, λ = 10) were also
determined on the basis of their relevant protocols [6], [11],
[18]. Furthermore, since GWLP required a optical intensity
threshold for visualization and quantification [6], whereas
other methods did not, two color bars were employed (GWLP:
0.45 to 1; other methods: 0 to 1) for all experiments.
Moreover, we compared the reconstruction performance of
AGBSBL with the other three methods in terms of the location
and the morphology recovery capability, as shown in Fig.
4. The reconstructed results were also displayed in 3D and
axial views to provide more details (Fig. 4(a)). It can be
found that the four methods can achieve good localization and
morphological recovery. However, SBR and GWLP appeared
in the sparse results. Nevertheless, KNN-GBSBL and AGBSBL had a better overlap with the real source. Quantitative
analysis confirmed our observation. AGBSBL offered the
smallest PE and best Dice among the four approaches, with
0.21 mm and 0.73, respectively. The results demonstrated
that AGBSBL had superior location accuracy and morphology
recovery capability.

Fig. 4. Reconstruction comparisons for feasibility verification. (a) The results
of the 3D and axial views. (b) The results of the quantitative analysis. The
red mark denotes the actual source position and shape.

Fig. 5. Quantitative analysis for the anti-noise performance test.

Fig. 3. Quantitative analysis with different values of λ. The blue stars mark
the optimal values of PE and Dice.

B. Stability verification
1) Anti-noise performance test: The surface measurement
was added a 10% Gaussian noise to evaluate the anti-noise

ability of the AGBSBL algorithm. For each method, the reconstruction was repeated five times. The quantitative analysis
was expressed as mean ± standard deviation (SD), as shown in
Fig. 5. In comparison with the no-noise condition, the additive
noise in the BLT reconstruction affected the reconstruction
results. It can be found that AGBSBL achieved the best
reconstruction performance, regardless of noise (PE=0.23 ±
0.03 mm, Dice = 0.66 ± 0.03). The results of the anti-noise
performance test revealed that AGBSBL was stable to the
influence of noise.
2) Depth performance test: To evaluate the stability of
AGBSBL to the depth of the light source, we conducted the
simulation with a source depth of 3.4 mm. The results are
shown in Fig. 6(a). SBR reconstruction gained good location
of source, however, it was limited by over-sparsity. GWLP
failed to locate the source accurately and thus presented a
smooth and shallow result. KNN-GBSBL obtained a more
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0.09 ± 0.03 mm and Dice = 0.64 ± 0.06 compared to that of
the KNN-GBSBL (PE=0.2 ± 0.15 mm and Dice=0.56 ± 0.11).
The results revealed that AGBSBL was robust to the change
of meshes and ensured the accuracy of the reconstruction,
which also improved the practicality of the algorithm in BLT
reconstruction.
4) Dual-source reconstruction: To assess the performance
of AGBSBL for the reconstruction of dual sources, we performed simulations with different EEDs, as shown in Fig.
9. As we can see from the results, all methods were able
to reconstruct the two sources with EED=2 mm (Fig. 9(a)).
However, GWLP showed the worst result that the sources were
relatively smooth and were distributed in the direction of the
skull. The other three methods all accurately located the two
light sources. The quantitative analysis (Table. II: The bold
values represent the optimal values.) showed that AGBSBL
achieved the highest positioning accuracy. SBR and GWLP
failed to distinguish two sources with the EED=1 mm. KNNGBSBL and AGBSBL distinguished two sources successfully
and AGBSBL also achieved the best performance. The results
proved the superiority of AGBSBL in terms of tracing and
distinguishing dual sources with small EED.
Fig. 6. Reconstruction comparisons for the depth performance test. (a) The
results of the 3D and axial views. (b) The results of the quantitative analysis.
The red mark denotes the actual position and shape.

superior result compared with SBR and GWLP in both position and morphology. Besides, AGBSBL further alleviated
the artifact of KNN-GBSBL to achieve better morphological
recovery. The results of the quantitative analysis (Fig. 6(b))
was consistent with our observations. AGBSBL achieved the
best reconstruction with the largest overlap with the actual
source. The results of the depth performance test illustrated
that AGBSBL had the best stability and accuracy, even for
the deep light source.
3) Mesh nodes density test: In general, the accuracy of the
reconstruction results was affected by the number of mesh
nodes. In our previous study (KNN-GBSBL) [18], the number
of neighbors within a group (the length of each group K) was
fixed and determined in advance by the selection experiment.
However, as proposed in this study, AGBSBL can adaptively
determine the length of each group based on the connection
of meshes. Therefore, AGBSBL can theoretically reduce the
sensitivity to mesh changes better than KNN-GBSBL.
Thereby, we performed the mesh nodes density test to
verify the stability of AGBSBL when the mesh changes, and
compared it with KNN-GBSBL. In this test, we set K = 75
for KNN-GBSBL (refer to [18]), and AGBSBL adaptively
determined the length of each group. The reconstruction
results under different number of mesh nodes are displayed
in Fig. 7. It demonstrated that for both AGBSBL and KNNGBSBL, the reconstruction results were indeed affected by
the change of meshes. Furthermore, AGBSBL could reduce
the reconstructed artifact, compared with KNN-GBSBL, thus
achieving a superior reconstruction. We statistically compiled
the quantitative indexes under different meshes. The quantitative results (Fig. 8) showed that the AGBSBL obtained the
most accurate and robust reconstruction results with a PE =

TABLE II
Q UANTITATIVE ANALYSIS OF DUAL - SOURCE SIMULATIONS UNDER
DIFFERENT EED S

EED (mm)

Indexes (mm)

SBR

GWLP

KNNGBSBL

AGBSBL

2 mm

PE1
PE2
Total

0.18
0.23
0.41

0.68
0.73
1.41

0.4
0.34
0.74

0.17
0.22
0.39

1 mm

PE1
PE2
Total

1.16
1.34
2.5

1.13
1.44
2.57

0.7
0.45
1.15

0.46
0.25
0.71

C. In vivo experiments
We conducted the in vivo experiments to evaluate the
practicality of our proposed AGBSBL method. Three orthotopic glioma-bearing mouse models were reconstructed, as
shown in Fig. 10. The reconstructed BLT results (color area)
were merged with the CT data and displayed in 3D view.
Furthermore, the reconstructed tomographic slice with the
largest tumor region (white dotted line) was projected unto the
corresponding H&E stained cryo-slice, which was regarded
as the gold standard for evaluating the glioma location and
the morphology recovery. The respective tumor region and
the overlapped tumor region of reconstructed image and H&E
image can be calculated. Finally, the PE and Dice index can
be also calculated through (14) and (15).
Similar to the simulations, the results of SBR were visibly
over-sparse in all three mice. Although SBR obtained a good
location of the tumor, it lost most of the morphological information. The other three methods showed a better performance
compared with that of the SBR in morphological recovery. It
can be seen from the H&E image that the tumor in mouse
1 was relatively small and shallow, which highlighted the
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Fig. 7. Reconstruction comparisons for the mesh nodes performance test under different numbers of mesh nodes.

Fig. 8. Quantitative analysis of the mesh nodes performance test.

sparsity of the tumor distribution. Therefore, the three methods obtained good location and morphological reconstruction
results. As for mouse 2, the tumor was also relatively shallow
but it took on more complex shapes. In this case, GWLP
also showed a trend of horizontal growth pattern, similar to
mouse 1. The reconstruction region of KNN-GBSBL was
smaller than the actual tumor region. Nevertheless, the result
of AGBSBL overlapped the most with the pathological image.
Furthermore, mouse 3 presented a deep but regular tumor
morphology, which was the most difficult to reconstruct of
the three mice. It can be found that GWLP was also attached
to the object surface, whereas reconstruction in the deep tumor
was deficient. KNN-GBSBL and AGBSBL reconstructed a
similar but irregular shape but were able to recover most of the
tumor. This is because of their superior ability to locate deep
tumors. The results of the quantitative analysis were consistent
with our observations, as shown in Table III (The bold values
represent the optimal values.). The average PE and Dice of
AGBSBL were 0.1 and 0.84, respectively, which were higher
than those of the other three methods. All in all, SBR showed
the characteristic of over-sparsity. GWLP achieved a tendency
to overly reconstruct the tumor region attached to the object
surface, whereas the reconstruction in the deep tumor was
deficient. The results revealed the practicality of AGBSBL in
the morphological reconstruction of the tumor distribution in
glioma mouse models.

Fig. 9. 3D rendering and transverse view (z = 16 mm) of the dual-source
simulations. (a)-(b) Results of the dual-source with the EED varying from 2
mm to 1 mm.

We further implemented a mouse experiment with a single
tube source to evaluate the performance of AGBSBL. Fig.
11(a) showed the bioluminescence data on the surface. Fig.
11(b) showed the 3D distribution of the real source, which
was segmented from the CT images. The reconstructed results
were displayed in Fig. 11(c). The 3D view showed a part of the
mouse body, corresponding to the black dashed frame in Fig.
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Fig. 10. Results of the in vivo experiments of three orthotopic glioma-bearing mouse models. 3D rendering and their corresponding pathological H&E images
were compared between the four methods.
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Fig. 11. In vivo experiment of single tubular light source. (a) is the surface photon distribution. (b) shows the real source in 3D view, which was segmented
from the CT images. (c) represents the 3D rendering results ( A partial body marked by the black dotted frame in (b).) and the X-Y view results. The red
outline indicates the location and shape of the real source.

TABLE III
Q UANTITATIVE ANALYSIS OF THREE ORTHOTOPIC GLIOMA - BEARING

V. D ISCUSSION

MICE EXPERIMENTS

In this study, a novel AGBSBL method was proposed
to achieve the positional and morphological reconstruction
of BLT. We designed a prior model based on the BSBL
framework which can implement adaptive grouping according
to the intensity of the mesh nodes during the optimization
process. The results of the simulations and in vivo experiments
showed that AGBSBL could achieve high accuracy, stability,
and practicality.
To verify the performance of AGBSBL, we conducted numerical simulations and in vivo experiments. SBR, GWLP, and
KNN-GBSBL were used as comparisons. In simulations, we
evaluated the stability and accuracy of AGBSBL in terms of
noise, light source depth, mesh nodes density, and dual-source
reconstruction. All results revealed that AGBSBL not only
presented robust reconstruction results but also obtained the
most accurate positional and morphological recovery performance. Furthermore, in vivo orthotopic glioma and implanted
tube light source experiments were performed to evaluate the
practicality of AGBSBL for glioma position and morphology
reconstruction. Consistent with the numerical simulations, AGBSBL obtained the best positional and morphological recovery. The results also demonstrated the potential of AGBSBL
for BLT reconstruction in preclinical researches.
SBR [11] is a typical sparse algorithm. Although it has high
positioning accuracy, it has no advantage in morphological
reconstruction. As a proposed morphological reconstruction
algorithm, GWLP [6] needs to set an optical intensity scale
(0.45), which results in different reconstruction behaviors under different scenarios and limits the stability of GWLP in BLT
reconstruction. Although KNN-GBSBL [18] can achieve accurate localization and morphological reconstruction without
setting threshold of optical intensity scale, it needs to conduct
a parameter selection experiment under different experimental
conditions to determine the grouping parameter K, which
is very time-consuming. Compared with KNN-GBSBL [18],

Method

Indexes

Mouse 1

Mouse 2

Mouse 3

Mean±SD

SBR

PE
Dice

0.46
0.15

0.19
0.36

0.5
0.26

0.38±0.17
0.26 ±0.1

GWLP

PE
Dice

0.1
0.75

0.13
0.82

0.41
0.66

0.21±0.17
0.74±0.08

KNNGBSBL

PE
Dice

0.14
0.82

0.19
0.69

0.2
0.77

0.18±0.03
0.76±0.07

AGBSBL

PE
Dice

0.05
0.86

0.11
0.86

0.14
0.81

0.1±0.05
0.84±0.03

11(b). Similar to the above experiments, SBR gained a sparse
result. In the case of relatively shallow tumor location, GWLP
achieved good localization and morphological recovery. From
the quantitative analysis results (Table. IV), GWLP realized
the minimum positioning error and the Dice coefficient was
up to 0.54. The result of KNN-GBSBL, however, was still
relatively round and did not recover the shape of the long
tube very well. AGBSBL showed the best result, which had
the largest overlap with the real light source. And the results
of quantitative analysis were consistent with our observations
and AGBSBL achieved the highest Dice with 0.62.

TABLE IV
Q UANTITATIVE ANALYSIS OF SINGLE TUBULAR LIGHT SOURCE IN VIVO
EXPERIMENT.

Indexes

SBR

GWLP

KNNGBSBL

AGBSBL

PE
Dice

0.29
0.21

0.25
0.54

0.34
0.48

0.33
0.62
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AGBSBL simplifies the experimental flow which omits the
parameter selection experiment for parameter K and increased
the practicality and stability of the algorithm in preclinical
researches. The biggest advantage of AGBSBL is that it can
achieve adaptive grouping. According to the intensity of mesh
nodes during the optimization process, AGBSBL constantly
adjusts the neighbors within a group adaptively so that the
stability and accuracy of the algorithm can be guaranteed
under different experimental situations. Compared with the
comparison algorithms, AGBSBL achieved BLT reconstruction with high accuracy, stability, and practicality.
Regardless of the superior performance of AGBSBL in BLT
reconstruction, the method still had some limitations. First,
AGBSBL increased the computational time by adaptively
adjusting the neighbors of each group during the iteration
process. Secondly, although we do not need to select the
parameter K, we still need to optimize the parameter λ.
In future research, we will focus on overcoming these two
limitations.
VI. C ONCLUSION
In conclusion, we proposed an AGBSBL algorithm that
utilizes the sparsity prior, correlation of neighboring mesh
nodes, and anatomical structure prior to achieve a robust and
accurate source location and morphology reconstruction for
BLT. AGBSBL does not need to determine the length of
each group by experiment but adaptively adjusts the neighbors
in each group according to the intensity of the mesh nodes
during the optimization process. All experiments revealed that
AGBSBL eliminated reconstruction artifacts, thus obtaining
results with accurate position and good morphology recovery
accuracy, as well as high stability and practicality. Therefore,
we believe that this novel method can promote the application
of BLT for molecular imaging research of various tumorbearing mouse models and theoretical research on optical
tomography.
R EFERENCES
[1] V. Ntziachristos et al., “Looking and listening to light: the evolution of
whole-body photonic imaging,” Nature Biotechnology, vol. 23, no. 3, p.
313, 2005.
[2] G. Wang et al., “Uniqueness theorems in bioluminescence tomography,”
Medical Physics, vol. 31, no. 8, pp. 2289–2299, 2004.
[3] H. Guo et al., “A hybrid clustering algorithm for multiple-source
resolving in bioluminescence tomography,” Journal of Biophotonics,
vol. 11, no. 4, p. e201700056, 2018.
[4] T. F. Massoud et al., “Molecular imaging in living subjects: seeing
fundamental biological processes in a new light,” Genes & Development,
vol. 17, no. 5, pp. 545–580, 2003.
[5] M. A. Naser et al., “Algorithms for bioluminescence tomography incorporating anatomical information and reconstruction of tissue optical
properties,” Biomedical Optics Express, vol. 1, no. 2, pp. 512–526, 2010.
[6] Y. Gao et al., “Bioluminescence tomography based on gaussian weighted
laplace prior regularization forin vivomorphological imaging of glioma,”
IEEE Transactions on Medical Imaging, vol. 36, no. 11, pp. 2343–2354,
2017.
[7] H. Hu et al., “Real-time bioluminescence and tomographic imaging of
gastric cancer in a novel orthotopic mouse model,” Oncology Reports,
vol. 27, no. 6, pp. 1937–1943, 2012.
[8] S. Mollard et al., “In vivo bioluminescence tomography for monitoring
breast tumor growth and metastatic spreading: comparative study and
mathematical modeling,” Scientific Reports, vol. 6, p. 36173, 2016.

[9] N. Hartung et al., “Mathematical modeling of tumor growth and
metastatic spreading: validation in tumor-bearing mice,” Cancer Research, vol. 74, no. 22, pp. 6397–6407, 2014.
[10] M. Chehade et al., “Co-registration of bioluminescence tomography,
computed tomography, and magnetic resonance imaging for multimodal
in vivo stem cell tracking,” Tomography, vol. 2, no. 2, p. 158, 2016.
[11] J. Feng et al., “Bayesian sparse-based reconstruction in bioluminescence
tomography improves localization accuracy and reduces computational
time,” Journal of Biophotonics, vol. 11, no. 4, p. e201700214, 2018.
[12] X. Zhang et al., “A novel sparsity reconstruction method from poisson
data for 3d bioluminescence tomography,” Journal of Scientific Computing, vol. 50, no. 3, pp. 519–535, 2012.
[13] X. He et al., “Sparse reconstruction for quantitative bioluminescence
tomography based on the incomplete variables truncated conjugate
gradient method,” Optics Express, vol. 18, no. 24, pp. 24 825–24 841,
2010.
[14] J. Yu et al., “Systematic study of target localization for bioluminescence
tomography guided radiation therapy,” Medical Physics, vol. 43, no. 5,
pp. 2619–2629, 2016.
[15] R. Gong et al., “A homotopy method for bioluminescence tomography,”
Inverse Problems in Science and Engineering, vol. 26, no. 3, pp. 398–
421, 2018.
[16] J. Yu et al., “Fast source reconstruction for bioluminescence tomography
based on sparse regularization,” IEEE Transactions on Biomedical
Engineering, vol. 57, no. 10, pp. 2583–2586, 2010.
[17] H. Guo et al., “Sparse-graph manifold learning method for bioluminescence tomography,” Journal of Biophotonics, p. e201960218, 2020.
[18] L. Yin et al., “Improved block sparse bayesian learning method using knearest neighbor strategy for accurate tumor morphology reconstruction
in bioluminescence tomography,” IEEE Transactions on Biomedical
Engineering, vol. 67, no. 7, pp. 2023–2032, 2020.
[19] Y. Lv et al., “A multilevel adaptive finite element algorithm for bioluminescence tomography,” Optics Express, vol. 14, no. 18, pp. 8211–8223,
2006.
[20] R. Han et al., “A source reconstruction algorithm based on adaptive hpfem for bioluminescence tomography,” Optics Express, vol. 17, no. 17,
pp. 14 481–14 494, 2009.
[21] X. Cao et al., “An adaptive tikhonov regularization method for fluorescence molecular tomography,” Medical & Biological Engineering &
Computing, vol. 51, no. 8, pp. 849–858, 2013.
[22] H. Meng et al., “Adaptive gaussian weighted laplace prior regularization
enables accurate morphological reconstruction in fluorescence molecular
tomography,” IEEE Transactions on Medical Imaging, 2019.
[23] Z. Zhang et al., “Extension of sbl algorithms for the recovery of block
sparse signals with intra-block correlation,” IEEE Transactions on Signal
Processing, vol. 61, no. 8, pp. 2009–2015, 2013.
[24] M. Schweiger et al., “The finite element method for the propagation
of light in scattering media: boundary and source conditions,” Medical
Physics, vol. 22, no. 11, pp. 1779–1792, 1995.
[25] G. Wang et al., “In vivo mouse studies with bioluminescence tomography,” Optics Express, vol. 14, no. 17, pp. 7801–7809, 2006.
[26] N. Ren et al., “Gpu-based monte carlo simulation for light propagation
in complex heterogeneous tissues,” Optics Express, vol. 18, no. 7, pp.
6811–6823, 2010.
[27] J. C. Ye et al., “Optical diffusion tomography by iterative-coordinatedescent optimization in a bayesian framework,” JOSA A, vol. 16, no. 10,
pp. 2400–2412, 1999.
[28] G. Zhang et al., “Cone beam x-ray luminescence computed tomography
based on bayesian method,” IEEE Transactions on Medical Imaging,
vol. 36, no. 1, pp. 225–235, 2016.
[29] S. D. Babacan et al., “Bayesian group-sparse modeling and variational
inference,” IEEE Transactions on Signal Processing, vol. 62, no. 11, pp.
2906–2921, 2014.
[30] S. Ji et al., “Bayesian compressive sensing,” IEEE Transactions on
Signal Processing, vol. 56, no. 6, p. 2346, 2008.
[31] B. Dogdas et al., “Digimouse: a 3d whole body mouse atlas from ct
and cryosection data,” Physics in Medicine & Biology, vol. 52, no. 3,
p. 577, 2007.
[32] S. L. Jacques, “Optical properties of biological tissues: a review,”
Physics in Medicine & Biology, vol. 58, no. 11, p. R37, 2013.
[33] G. Alexandrakis et al., “Tomographic bioluminescence imaging by
use of a combined optical-pet (opet) system: a computer simulation
feasibility study,” Physics in Medicine & Biology, vol. 50, no. 17, p.
4225, 2005.
[34] M. F. Kircher et al., “A brain tumor molecular imaging strategy using
a new triple-modality mri-photoacoustic-raman nanoparticle,” Nature
Medicine, vol. 18, no. 5, p. 829, 2012.

12

[35] K. Wang et al., “Optical molecular imaging frontiers in oncology: the
pursuit of accuracy and sensitivity,” Engineering, vol. 1, no. 3, pp. 309–
323, 2015.
[36] F. Maes et al., “Multimodality image registration by maximization of
mutual information,” IEEE Transactions on Medical Imaging, vol. 16,
no. 2, pp. 187–198, 1997.
[37] W. Cong et al., “Practical reconstruction method for bioluminescence
tomography,” Optics Express, vol. 13, no. 18, pp. 6756–6771, 2005.

