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Abstract
Purpose: Fluorescence molecular tomography (FMT) is a novel imaging modality for threedimensional preclinical research and has many potential applications for drug therapy evaluation
and tumor diagnosis. However, FMT presents an ill-conditioned and ill-posed inverse problem,
which is a challenge for its tomography reconstruction. Due to the importance of FMT reconstruction,
it is valuable and necessary to develop further practical reconstruction methods for FMT.
Procedures: In this study, an efficient method using variable splitting strategy as well as
alternating direction strategy (VSAD) was proposed for FMT reconstruction. In this method, the
variable splitting strategy and the augmented Lagrangian function were first introduced to obtain
an equivalent optimization formulation of the original problem. Then, the alternating direction
scheme was used to solve the optimization problem and to accelerate its convergence. To
examine the property of the VSAD method, three numerical simulation experiments (accuracy
assessment experiment, robustness assessment experiment, and reconstruction speed
assessment experiment) were performed and analyzed.
Results: The results indicated that the reconstruction accuracy, the reconstruction robustness,
and the reconstruction speed of FMT were satisfactory by using the proposed VSAD method.
Two in vivo studies, which were conducted by using two nude mouse models, further confirmed
the advantages of the proposed method.
Conclusions: The results indicated that the proposed VSAD algorithm is effective for FMT
reconstruction. It was accurate, robust, and efficient for FMT imaging and was feasibly applied
for in vivo FMT applications.
Key words: Fluorescence molecular tomography, Reconstruction, Variable splitting, Alternating
direction scheme, In vivo imaging
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Fluorescence molecular tomography (FMT) is a novel optical
imaging technique for small animal imaging and preclinical
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research, and it has the ability to resolve in vivo fluorescence
biodistribution three-dimensionally (3D) [1–3]. FMT possesses
the function to find pathological characteristics of tumors in
cellular and molecular levels through in vivo optical imaging
and quantitative analysis, thus promoting the research on tumor
diagnosis and drug therapy evaluation [4–6].
However, FMT is usually highly ill-posed in nature because
there is a large number of unknowns and a limited amount of
photon measurements obtained at emission wavelengths
(limited boundary data). The numbers of available photon
measurements are typically much less than unknowns [7].
Furthermore, FMT is ill-conditioned in nature because the
tomographic image quality is susceptible to noises introduced
by the charge coupled device (CCD) and data model
processing errors [8]. In addition, FMT image reconstruction
is a high complexity mathematical problem and requires lots of
memory space because the data processed from real 3D mouse
model is usually high-dimensional [9]. Therefore, the FMT
reconstruction is still in confrontation with a lot of challenges
such as accuracy, robustness, and efficiency, and tested FMT
reconstruction algorithms are urgently needed to promote the
beneficial use for biomedical applications.
To overcome these challenges and obtain high-quality results
in FMT, it is necessary to include appropriate constraints for the
solution in the reconstruction process [10]. Over the past few
years, several regularization methods were proposed to constrain
the solution space for solving the inverse problem of FMT.
Among these regularization methods, Tikhonov regularization is
commonly used [11–13]. Using Tikhonov regularization makes
the optical reconstruction procedure simpler and can be directly
solved with the usual minimization tools such as the steepest
descent algorithm and the Gauss-Newton algorithm. However,
using Tikhonov regularization often leads to over-smoothed
reconstruction images and it shows shortcomings of sparsity
with fluorescent source distribution. In FMT, fluorescent probes
are usually designed to target tumor regions, which are small and
sparse compared with the mouse body. For this reason, the
internal fluorescent source area is sparsely contrasted with the
whole imaging area. Inspired by this common feature of FMT,
some researchers have incorporated sparsity regularization,
which is widely used in compressive sensing (CS), into FMT,
and other optical imaging modalities to promote the sparsity of
reconstructed fluorescent sources [14–18]. This has resulted in a
set of reconstruction algorithms based on l1-norm regularization
obtaining sparse solutions of FMT [19, 20]. The iterated
shrinkage algorithm [21], the interior-point algorithm, and the
stage-wise orthogonal matching pursuit-based algorithm are
some of them [16, 22, 23].
As there are various challenges in FMT reconstruction,
continued efforts are needed for investigating further efficient
reconstruction methods for more practical applications [24]. In
this paper, a method using variable splitting scheme and
alternating direction scheme (VSAD) with l1-norm regularization was studied, and it demonstrated efficiency for FMT
reconstruction. The variable splitting strategy, as well as the
augmented Lagrangian function, was introduced to the proposed

method to obtain an equivalent optimization formulation of the
original problem [25–28]. Besides, the alternating direction
scheme was utilized to iteratively minimize the optimization
problem and accelerate its convergence [29]. In our experiments,
the proposed VSAD method was examined by three numerical
simulation studies with multiple fluorescent sources and two
in vivo mouse studies with implanted fluorescent sources. The
results of the five experiments indicated that the sparsity
characteristic of the fluorescent source was assured and the
reconstruction accuracy as well as robustness were satisfactory
when using the proposed VSAD method. In addition, the
proposed method converged quite fast and had strong competitiveness compared with contrast methods.
This article is structured as follows: in the second part,
the photon propagation model and reconstruction methodology of FMT are described mathematically in detail; in part
III, three numerical simulation studies as well as two in vivo
studies were designed to examine the performance of the
VSAD method. Finally, in part IV, experimental results are
discussed and our work concluded.

Materials and Methods
A detailed description of the photon diffusion model and
linear relationship establishment can be found in the
electronic supplementary material (ESM).

Reconstruction Using the Variable Splitting
Scheme as Well as Alternating Direction Scheme
Our goal is to use the method VSAD to reconstruct the
fluorescence yield distribution X in Eq. 7 in ESM. A
common approach to solving Eq. 7 is to utilize the leastsquares formula assembled with a regularization method to
stabilize the solution space. As we mentioned above, the
regions of fluorescent sources in mice are much smaller than
the whole imaging region. Thus, the l1-norm regularization
was adopted to ensure obtaining a sparse solution, leading to
an optimization problem defined as follows:


1
2
ð1Þ
min
kAX −Φk2 þ λkX k1
X
2

In the above formula, λ is a regularization parameter
(λ 9 0). It is utilized to balance the relative weighing
between the terms 1/2║AX–Φ║2 2 and ║X║1.
To achieve the optimization solution which stands for
fluorescent yields of the fluorescent sources, a reconstruction
algorithm named VSAD is introduced in this section to
achieve the optimal solution meeting Eq. 1. In the proposed
VSAD algorithm, some useful schemes (the variable
splitting scheme and alternating direction scheme) were
introduced. Some key steps of our VSAD method were
demonstrated as follows.
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Algorithm: VSAD algorithm


1
Purpose: X opt ¼ arg min
kAX −Φk22 þ λkX k1 .
X
2
Input: Matrix: A, the vector of photon measurement: Φ;
threshold setting: σ; the iteration limit: Nmax; regularization
parameter: λ; penalty factor: μ
Initialization: Y0, d0, r0 = AX − Φ, k = 1
Iteration:
1
X k ∈arg min kAX −Φk22 þ μ =2 kX −Y k−1 −d k−1 k22
X 2
μ
Y k ∈arg min λkY k1 þ kX k −Y −d k−1 k22
Y
2

ðX ; Y Þ ¼ arg min
X ;Y

n 
1

kAX −Φk22 þ λkY k1 þ γT ðY −X Þ þ μ =2 kY −X k22
2

o

ð4Þ
In the above formulas, γT represents the Lagrange
multiplier, and μ ≥ 0 represents the penalty factor.
Then, a straightforward complete-the-squares procedure
is conducted by adding a constant irrelevant to X and Y (and,
also irrelevant to the optimal solution), resulting in an
optimization problem below:


1
μ
2
2
ðX ; Y Þ ¼ arg min
kAX −Φk2 þ λkY k1 þ kY −X −d k2
X ;Y
2
2
ð5Þ

1. dk = dk−1 − (Xk − Yk)
2. rk = AXk − Φ
3. Check the stop condition (i.e., ║rk║2 2 G σ or k = Nmax),
if it is true, then stop iteration of algorithm
4. k = k + 1
Output: Xopt = Xk
In order to explain the basic principle of our VSAD
algorithm, detailed steps of this algorithm are presented and
analyzed below:
Step I Variable splitting is a strategy which needs to create a
new variable (for example, Y) acting as an independent
variable of the original function [28, 30]. It has many
successful applications in the area of signal processing
as well as image analysis [31, 32]. In this study, the
variable splitting strategy is introduced to transform the
unconstrained optimization problem defined in Eq. 8 to
a constrained optimization problem as follows:

where d = γ/μ.
Step III In order to solve Eq. 5, the classical alternating direction
strategy is introduced [29]. In the alternating direction
strategy, the block-Gauss-Seidel technique is employed
to alternatingly minimize Eq. 5 with reference to X and
Y [35], whereas letting the other one unchanged, as
shown in steps (1)–(3) in algorithm 1. If dk has been
obtained, the computing load for obtaining the optimal
approximating solution of steps (1) and (2) in algorithm
1 is an issue yet to be addressed. The experimental
results in T. Goldstein’s study [36] suggest that an
efficient algorithm can be achieved by running only one
nonlinear block-Gauss-Seidel step.
To solve the sub-problem defined by step (1) in algorithm
1, a strictly convex quadratic function F(X) is formed as
follows:
F ðX Þ ¼



1
min
kAX −Φk22 þ λkY k1
X ;Y
2

ð6Þ


subject to Y ¼ X

ð2Þ

It is obvious that the above problem is equivalent to the
original unconstrained optimization problem. The rationale
for using the variable splitting strategy lies in that solving
the constrained optimization problem may be more easily
than solving the equivalent unconstrained problem. [33].
Step II To better solve Eq. 2, the augmented Lagrangian
function is constructed [34], which is defined as
Eq. 3. Afterward, the problem defined by Eq. 2 can
be converted into Eq. 4.
LðX ; Y ; γ; μÞ ¼

1
μ
kAX −Φk22 þ kX −Y k−1 −d k−1 k22
2
2

where Xk denotes the optimal solution (only one nonlinear
block-Gauss-Seidel iteration) of step (1) in algorithm 1.
To solve the sub-problem defined by step (2) in algorithm 1,
the soft-threshold function can be utilized. For each specific Xk,
the minimization in step (2) has a unique solution that is
acquired by:
Y k ¼ softðX k −d k−1 ; μÞ

1
kAX −Φk22 þ λkY k1 þ γT ðY −X Þ
2
þ μ =2 kY −X k22

In order to minimize F(X), we let ∂ F∂XðX Þ be zero, resulting in
an equation as follows:

−1  H

X k ¼ AH A þ μ
A Φ þ μðY k−1 þ d k−1 Þ
ð7Þ

ð3Þ



λ
¼ signðX k −d k−1 Þ⋅max jX k −d k−1 j− ; 0
μ

ð8Þ
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where soft(Xk − dk − 1) represents the soft-threshold function.
Step IV After the sub-problems defined by step (1) and step
(2) in algorithm 1 are solved, Xk and Yk are
obtained. Then, the new dk and the residual rk can
be obtained as follows:

d k ¼ d k−1 −ðX k −Y k Þ

rk ¼ AX k −Φ

ð9Þ

ð10Þ

More instructions about the stop conditions, regularization parameter, iteration limit parameter Nmax, and threshold
parameter σ of the method can be found in the ESM.

Experiments and Results
Three numerical simulation experiments and two in vivo experiments were designed to analyze the reconstruction accuracy, the
reconstruction robustness, and the reconstruction speed of the
VSAD method. All mouse experiments were done according to
the guidelines of the Institutional Animal Care and Use
Committee (IACUC) at Peking University (Permit Number
2011-0039). To examine the performance of our VSAD
algorithm, the iterated shrinkage-based algorithm with l1 norm
(IS-L1) [21] and the Gauss-Newton minimization algorithm [17,
37] with L2 regularization were introduced as two contrast
algorithms. The IS-L1 method is a classical FMT reconstruction
algorithm which was proposed by Han et al. [21]. The GaussNewton algorithm is a popular image reconstruction algorithm
and is widely utilized in optical reconstruction problems [14, 17,
38]. All FMT reconstructions were conducted using a desktop
computer which has a 2.40-GHz Intel(R) Xeon(R) CPU and a 16Gbyte RAM.
Before numerical simulation experiments were conducted to
examine the performance of the VSAD algorithm, a heterogeneous numerical mouse phantom was designed. A detailed
description of the heterogeneous mouse phantom designed for
numerical experiments can be found in the ESM.

Accuracy Assessment of the Reconstruction
Results by Using the Proposed Method
The accuracy of the reconstruction results is a key factor for
optical tomography imaging. In this experiment, the accuracy of
the reconstruction results by using the proposed VSAD method
was assessed. This experiment was conducted by using 12 groups
of photon measurement data to reconstruct fluorescent sources in
the designed mouse phantom. The photon measurements were
acquired by using the excitation light sources 1 to 12 in turns to

excite fluorescent sources. In practical optical tomography
imaging by using a CCD detector, the acquired photon
measurement data always mixed with shot noise which approximately obeyed Gaussian distribution. In order to simulate the
actual effect of the shot noise, we incorporated 5 % Gaussian
noise into the acquired fluorescence photon measurement data.
The IS-L1 algorithm and the Gauss-Newton algorithm were
utilized as two comparison algorithms to assess the VSAD
algorithm’s reconstruction accuracy. Figure 1 presented the results
(Gauss-Newton: the first column; IS-L1: the second column;
VSAD: the third column) reconstructed by the abovementioned
three methods. Figure 1a–c presented the 3D images of the
reconstructed fluorescent sources in the mouse model. The second
row of Fig. 1 demonstrated the cross-section views of the
reconstructed fluorescent sources in z = 23.4 mm plane. The true
locations of the sources S1, S2, and S3 were indicated by green
circles. For the purpose of quantitatively examining the results
reconstructed by the three methods, the localization error (LE) and
the fluorescence yield error ratio (FYER) were designed (as
described in ESM). Table 1 demonstrates the quantitative
comparisons between the reconstruction accuracy from the
Gauss-Newton method, the IS-L1 method, and the VSAD
algorithms. From the results presented in Fig. 1 and Table 1, we
can conclude that the IS-L1 method and VSAD method were able
to recover the three designed fluorescent sources in the phantom
precisely (see the LEs for S1, S2, and S3 of IS-L1 method and
VSAD method in Table 1). The results acquired by GaussNewton algorithm were over-smoothed and the reconstructed
source center of S2 had a certain distance deviation from the true
source center (see the LE for S2 of Gauss-Newton method in
Table 1). Moreover, this experiment demonstrated that the
fluorescence yield recovered by our VSAD algorithm exhibited
a higher signal-to-noise ratio than those recovered by the IS-L1
algorithm and Gauss-Newton algorithm, as shown in Fig. 1d–f
(also see the FYERs for S1, S2, and S3 of Gauss-Newton method,
IS-L1 method, and VSAD method in the last three columns of
Table 1).

Robustness Assessment of the Results by Using the
Proposed Method to Reconstruct Limited Photon
Measurement
The number of groups of the photon measurement data was
an important factor which could affect the image quality of
optical tomography problem. Generally speaking, fewer
photon measurements would make the imaging results
worse. In order to further examine the robustness of results
by using our VSAD method, we reduced the number of the
photon measurement data sets to simulate a much worse
situation. Sometimes, using fewer number of photon
measurements without increasing the exposure time of each
single measurement for a faster data acquisition is necessary
in FMT applications that the overall imaging time has to be
limited. For example, when measurement time is too long,
part of the fluorescent probe may be metabolized and this
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Fig. 1 Accuracy assessment of the reconstruction results by using the Gauss-Newton method (a, d: the first column), the ISL1 method (b, e: the second column) as well as the VSAD method (c, f: the third column) with the designed heterogeneous
phantom. Twelve groups of photon measurement data were utilized in this accuracy evaluation experiment. The first row (a, b,
and c) demonstrated the 3D images of reconstructed fluorescent sources. The second row (d, e, and f) demonstrated the
cross-section views of reconstructed fluorescent sources in z = 23.4 mm plane. The actual locations of the sources S1, S2, and
S3 were marked by green circles.

could impact the reconstruction results of fluorescence yield.
One of the solutions is to shorten the measurement time
which will reduce the amount of the photon measurement
data. This means that fluorescent sources were needed to be
reconstructed from limited amount of photon measurement
data. In this study, we only used three groups of photon
measurement data. They were acquired by just using the
excitation light sources 1, 5 as well as 9. It means that we
only used three groups of photon measurement data and the
corresponding FMT reconstruction methods to recover the
fluorescent sources S1, S2, and S3. Five percent Gaussian
noise was also added to these groups of photon measurement
data by post-processing. The reconstruction results of the
fluorescent sources by using our proposed method and the
other two contrast methods (Gauss-Newton method and ISL1 method) were exhibited in Fig. 2. Quantitative analyses

of the results acquired by using the three reconstruction
methods were listed in Table 2.
Robustness assessment of the results by using the VSAD
method and two contrast methods can be summarized from
Fig. 2 and Table 2. From the first column of Fig. 2, we can
conclude that the center of the fluorescent sources S2
reconstructed by the Gauss-Newton method had a large
deviation. The FYERs of the sources S1, S2, and S3
acquired by the Gauss-Newton method were the largest
among the three methods. These can be clearly found from
Table 2. From the second column of Fig. 2, we can conclude
that the center of the source S2 reconstructed by the IS-L1
method was unacceptable (also see the LE of S2 in Table 2).
This was mainly caused by only using limited photon
measurement data. The third column of Fig. 2 demonstrated
the results acquired by our VSAD method. The locations of
the three sources were reconstructed accurately by our

Table 1. Quantitative comparisons between the reconstruction accuracy from the Gauss-Newton method, the IS-L1 method, and the VSAD algorithms using
the excitation light sources 1 to 12
Source no.

LE (mm)
(Gauss-Newton)

LE (mm)
(IS-L1)

LE (mm)
(VSAD)

FYER
(Gauss-Newton)

FYER
(IS-L1)

FYER
(VSAD)

S1
S2
S3

0.661
0.856
0.501

0.661
0.366
0.501

0.661
0.366
0.501

64.76 %
77.33 %
86.91 %

22.41 %
24.57 %
38.79 %

21.05 %
5.01 %
38.03 %
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Fig. 2 The robustness assessment experiment by using the Gauss-Newton method, the IS-L1 method, and our VSAD method
to reconstruct limited photon measurement data set. The first column (a, d) exhibited the fluorescent sources achieved by using
the Gauss-Newton method. The second column (b, e) exhibited the fluorescent sources achieved by using the IS-L1 method.
The third column (c, f) exhibited the fluorescent sources reconstructed by our VSAD method.

VSAD method. The fluorescence yields reconstructed by the
VSAD method were satisfactory, and the outcome can be
perceived obviously from Table 2 (see the FYERs of S1, S2,
and S3 in the last column).

Reconstruction Speed Assessment for the
Proposed Method
Reconstruction speed is also an important factor for effective
FMT reconstruction methods. In this numerical experiment,
reconstruction speed assessment was conducted by using the
VSAD method and two contrast methods (IS-L1 method and
Gauss-Newton method) to reconstruct data sets with different
sizes. These data sets were generated by meshing the heterogeneous mouse phantom exhibited in Supplementary Fig. 1 (as
described in the ESM) and they had large dimensions. Five
groups of data sets were generated in this experiment, and their
sizes were listed in the second column of Table 3. These sizes
were calculated according to the finite element grids of the

phantom. In order to unify the assessment criteria, zero vector
was utilized to initialize the unknowns for solving. The results of
the reconstruction speed assessment for the VSAD method and
the other two contrast methods were listed in Table 3. The last
three columns of Table 3 demonstrated the reconstruction time
of the three methods. Every time value listed in Table 3 was the
average of 10 reconstruction time acquired by the reconstruction
methods (listed in the first row of Table 3).
The reconstruction speed assessments for the VSAD
method are summarized in Table 3. Figure 3a shows the
evolution curve of the reconstruction time of the three
methods. It was observed that the reconstruction speed of the
proposed VSAD method was the fastest among the three
methods while the Gauss-Newton method was the slowest
(see the third and last columns in Table 3). When the data
size of the finite volume mesh increased, the reconstruction
time of the three methods also increased. However, the
increasing proportion of the VSAD method was smaller than
those of the other two contrast methods, as shown in Fig. 3a.

Table 2. Quantitative evaluation of the reconstruction results by using our VSAD method as well as two other contrasting methods using the excitation light
sources 1, 5, and 9
Source no.

LE (mm)
(Gauss-Newton)

LE (mm)
(IS-L1)

LE (mm)
(VSAD)

FYER
(Gauss-Newton)

FYER
(IS-L1)

FYER
(VSAD)

S1
S2
S3

0.661
1.958
0.501

0.661
1.958
0.501

0.661
0.366
0.501

79.08 %
74.54 %
88.96 %

31.40 %
43.15 %
71.21 %

41.17 %
25.94 %
41.18 %
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Table 3. Reconstruction speed assessment for the VSAD method and other
two contrast methods
Number

Data size of the
finite volume mesh

Gauss-Newton (s)

IS-L1 (s)

VSAD (s)

1
2
3
4
5

1341
2164
3002
4011
5034

14.17
26.54
44.25
69.84
109.70

10.40
20.78
33.61
51.98
82.04

2.94
3.84
5.23
6.91
9.23

×
×
×
×
×

5778
9642
13,739
18,843
23,938

This means that the advantage of our method becomes more
obvious along with the rapid increase of data volume.
Figure 3b shows the evolution curve of the residual. We can
see that when using the VSAD method, the residual has a
more rapid decrease. It was updated to a small value within
only a few iterations. This can explain why the proposed
method has a high efficiency.

In Vivo Mouse Studies
In vivo biomedical application is an important part for FMT
imaging and other optical tomography imaging. And we know
that in vivo experiments are more demanding than simulation
experiments. In this part, we designed two in vivo mouse
experiments and conducted FMT imaging to examine the
reconstruction accuracy and robustness of the VSAD method.
Two 5-week-old nude mice that were bought from the Peking
University School of Medicine were utilized. Two plastic
fluorescent beads, which were filled with fluorescent dye
(cy5.5), were implanted into the abdomen of the mice. The
fluorescent beads served as the fluorescent sources inside the
mice and were easily detected by micro-X-ray computer
tomography (CT), which was of great benefit to the accuracy
assessment of our reconstruction method. The in vivo experiments were conducted by using a hybrid FMT/μ-CT system
designed and developed by our laboratory [39]. This dualmodality imaging system mainly consists of the following parts:
a cooled Princeton CCD detector (PIXIS: 1024B, USA), a

Fig. 4 The chief components of the dual-modality FMT/μCT system.

steady-state laser with 671-nm central wavelength (Beijing
Viasho Technology Co. Ltd.), some filters and splitting prisms,
an Oxford X-ray tube, a Hamamatsu X-ray detection device, an
X-Y 2-D translation stage, and a universal stage. The component
architecture diagram of the hybrid FMT/CT imaging system was
exhibited in Fig. 4. To improve the quantum efficiency, the CCD
detector was cooled to −70° in the whole process. It is the same
with the numerical simulation experiments—the in vivo FMT
imaging was performed under the mode of transmission.
The main procedure of the in vivo FMT imaging
experiment, including the data acquisition and the data
preprocessing, can be found in ESM. The optical properties
of these main organs were computed according to the
Alexandrakis et al. study and were presented in Table 4 [40].
The micro-CT data of the first nude mouse, including the
slice images and the 3D rendering data, were demonstrated in
supplemental Fig. 2 (as described in ESM). The first three subimages marked the true location (the central was 52.83, 52.91,
and 13.00 mm of the plastic fluorescence bead) and the last
sub-image showed the 3D rendering of the micro-CT data of

Fig. 3 The evolution curve of the reconstruction time and the residual. a The evolution curve of the reconstruction time of the
Gauss-Newton method, the IS-L1 method, and the proposed method. b The evolution curve of the residual.
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Table 4. Optical properties of the main organs of the nude mouse
Material

Muscle (m−1)

Lungs (m−1)

Heart (m−1)

Liver (m−1)

Kidneys (m−1)

Bone (m−1)

μax
0

84.9
427.3

191.8
2172

57.4
962

304
668

64.4
2248

59.3
2490

0

56.3
379.2

126.6
2124

38.3
905

176
629

43
2109

39.3
2340

μsx
μam
μsm

the mouse torso. Once the data acquisition and the data
preprocessing were completed, we used the preprocessed data
and the FMT reconstruction methods to reconstruct the
fluorescent source implanted in the two nude mice. The VSAD
method and contrast methods (Gauss-Newton method and ISL1 method) were all utilized. The reconstruction results for the
first mouse experiment were presented in Fig. 5, exhibiting the
3D views of the reconstructed fluorescent source by these three
methods and the 3D rendering of the mouse CT data, which
was presented as a contrast image. Figure 5b was the 3D result
reconstructed by the Gauss-Newton method, Fig. 5c was the
3D result reconstructed by the IS-L1 method, and Fig. 5d was
the 3D result reconstructed by the VSAD method. The
accuracy assessment for the above three methods was exhibited
in Fig. 6. The CT slice images located in the same plane with
the fluorescent bead center were compared to the reconstructed
fluorescent images. The reconstruction accuracy and reconstruction speed of the three methods were calculated and listed
in Table 5. For the second mouse, the reconstruction results of
the VSAD method and the contrast methods are presented in
supplementary Fig. 4 (as described in ESM). The accuracy and
efficiency assessment are shown in Table 6.
From the above results, we can conclude that the source
locations recovered by the VSAD method and the IS-L1 method
were both satisfactory. However, the artifact results appeared
around the fluorescent source reconstructed by the IS-L1
method. The fluorescent source achieved through using the
Gauss-Newton method was over-smoothed, and the source
location recovered by it had a certain deviation from the true
source center. The speed advantage of the VSAD method is
obvious when compared with the contrast methods, as presented
in Tables 5 and 6. The above results indicated that the VSAD

method is strongly competitive and was able to be used in
practical FMT imaging.

Discussion and Conclusion
In this article, a reconstruction method using variable splitting
scheme, alternating direction scheme, and l1-norm regularization
was demonstrated as efficient for fluorescence molecular
tomography. Some useful schemes were utilized in this VSAD
method to guarantee and accelerate its convergence. These
schemes were summarized as follows: (1) the variable splitting
scheme and the augmented Lagrangian function were first
introduced in the proposed VSAD method to obtain an equivalent
optimization formulation of the original problem. The rationale
for using this strategy lies in that solving the constrained
optimization problem may be more easily than solving the
original unconstrained problem. (2) The alternating direction
scheme was then utilized to iteratively minimize the optimization
problem and accelerate its convergence. This strategy makes the
reconstruction method simple to solve but fast and accurate.
The reconstruction accuracy, robustness, and speed of the
VSAD method were examined by using three numerical
simulation studies and two in vivo mouse studies. The results of
the five experiments indicated that the sparsity characteristic of the
fluorescent source was assured by using the VSAD method, and it
had strong competitiveness compared to the contrast methods.
More detailed observations are (1) accuracy assessment of the
results reconstructed by the VSAD method was performed by
numerical simulation studies on a designed mouse phantom with
three fluorescent sources. The results indicated that the proposed
method had the ability to recover the locations of the three

Fig. 5 a The 3D rendering of the mouse CT data as well as the 3D results of fluorescent sources. b The results acquired by the
Gauss-Newton method. c The results acquired by the IS-L1 method. d The results acquired by the VSAD method.
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Fig. 6 Accuracy assessment by using the micro-CT slice images (b, e, and f) and the reconstructed fluorescent slice images
(c, d, and g). These slice images were all obtained from the same imaging plane. a The 3D rendering of the mouse micro-CT
data, in which the red circle marked the true location of the fluorescent bead. c, d, f The fluorescent slice results achieved
through using the Gauss-Newton method, the IS-L1 method, and the VSAD method, respectively.

Table 5. Accuracy assessment and speed assessment of the VSAD method and the contrast methods in mouse no. 1
Method

True location center (mm)

Reconstructed location center (mm)

Location error (mm)

Reconstruction time (s)

Gauss-Newton
IS-L1
Proposed

(52.83, 52.91, 13.00)
(52.83, 52.91, 13.00)
(52.83, 52.91, 13.00)

(52.74, 51.22, 13.18)
(53.07, 52.24, 12.67)
(53.07, 52.24, 12.67)

1.70
0.78
0.78

82.27
48.97
3.35

fluorescent sources accurately. (2) Reconstruction efficiency
assessment of the VSAD method was performed by numerical
simulation studies using five groups of high-dimensional data sets.
The assessment results demonstrated that the residual was updated
to a small value within only a few iterations when using the
proposed VSAD method. And among the assessed methods, the
proposed method was the fastest and becomes more competitive
along with the increase of data size. (3) Robustness assessment of

the results by using the VSAD method to reconstruct limited
photon measurement data was also performed. The assessment
results showed that the locations and fluorescence yields of the
fluorescent sources reconstructed by the proposed method were
satisfactory. (4) Furthermore, two in vivo mouse studies were
performed and the results demonstrated that accurate and efficient
reconstruction of in vivo fluorescent source by the proposed
VSAD method can be achieved.

Table 6. Accuracy and efficiency assessment of the VSAD method and the contrast methods in mouse no. 2
Method

True location center (mm)

Reconstructed location center (mm)

Location error (mm)

Reconstruction time (s)

Gauss-Newton
IS-L1
Proposed

(44.40, 43.40, 18.00)
(44.40, 43.40, 18.00)
(44.40, 43.4, 18.00)

(44.78, 41.32, 18.07)
(44.45, 42.94, 18.64)
(44.70, 42.93, 18.39)

2.12
0.79
0.68

79.21
47.03
3.21

Ye J. et al.: Reconstruction of Fluorescence Molecular Tomography

Our subsequent studies will focus on using tumor model mice
and multispectral cryoslicing imaging to examine the property of
our proposed reconstruction method. Multimodal biomedical
imaging and multimodal image reconstruction will also be one
of our research focuses. Besides, trying to develop strategies to
find the optimal or near-optimal regularization parameter
automatically will be one of our future research directions too.
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