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A Fast and Automated FMT/XCT Reconstruction
Strategy Based on Standardized Imaging Space
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Abstract — The traditional finite element method-based
fluorescence molecular tomography (FMT)/ X-ray computed
tomography (XCT) imaging reconstruction suffers from
complicated mesh generation and dual-modality image data
fusion, which limits the application of in vivo imaging.
To solve this problem, a novel standardized imaging space
reconstruction (SISR) method for the quantitative determination of fluorescent probe distributions inside small
animals was developed. In conjunction with a standardized dual-modality image data fusion technology, and novel
reconstruction strategy based on Laplace regularization
and L1-fused Lasso method, the in vivo distribution can be
calculated rapidly and accurately, which enables standardized and algorithm-driven data process. We demonstrated
the method’s feasibility through numerical simulations and
quantitatively monitored in vivo programmed death ligand 1
(PD-L1) expression in mouse tumor xenografts, and the
results demonstrate that our proposed SISR can increase
data throughput and reproducibility, which helps to realize
the dynamically and accurately in vivo imaging.
Index Terms — Fluorescence molecular tomography,
imaging reconstruction, standardized imaging space.
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I. I NTRODUCTION
N RECENT years, fluorescence molecular imaging (FMI)
has been widely utilized in various pre-clinical and clinical studies including the tumor imaging, the characterization
of immune factor and surgical navigation, which demonstrates advantages such as high specificity and detection
sensitivity with no exposure to radiation [1]–[5]. However,
FMI is also limited to planar imaging that includes no
anatomical or structural information; hence, it is necessary to develop in vivo fluorescence molecular tomography
(FMT) [6], which provide more comprehensive information
for the further characterization of fluorescent probe expression
in vivo [7]–[10].
The traditional finite element method (FEM)-based
FMT/XCT reconstruction process is generally as follows:
1. The excitation light is irradiated to the surface of the
imaging object (take the mouse as an example), and then the
FMI and XCT data of the mouse are collected; 2. Perform
image segmentation on the XCT image to extract the threedimensional (3D) structure image of the mouse; 3. Perform
finite element analysis on the 3D structure image of the mouse
to obtain the finite element tetrahedral mesh of the mouse;
4. Map the FMI to the surface of the mesh to generate the
fluorescent measurement data of the mesh; 5. Based on the
finite element method (FEM), solve the forward and inverse
problems of FMT. The solution of the forward problem is to
predict the surface fluorescent measurement from the known
fluorescent distribution inside, and the solution of the inverse
problem is to solve the equation to obtain the fluorescent
distribution inside the mouse [11]–[13].
From the above description, we can see that the core
of FMT/XCT reconstruction is to generate accurate finite
element meshes for different mice, and then accurately map
FMI to the mesh surface. However, the mesh generation is
usually extremely complicated and requires highly experienced
researchers to perform, which is time-consuming and not
conducive to manipulation. Meanwhile, there is a certain
difference between the FMI plane image and the complex
geometric structure of the mouse surface, which result in a
certain degree of mapping error [14]–[17]. Therefore, FMT
has been practically restricted in many longitudinal in vivo
studies. Compared with mature image reconstruction (such as
XCT and MRI reconstruction), FMT is usually self-built by
individual research groups, and the reconstruction process is
difficult to standardize and automate, which greatly affects its
further application and clinical translation [18]–[21].
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Researchers have noticed this and conducted some in-depth
studies. For example, Ren et al. proposed an intelligent reconstruction tool set based on FEM reconstruction that includes
FMT-related mesh generation, optical parameter calculation,
fluorescence-structure data fusion registration, reconstruction,
and visualization [22]. The MOSE system was also developed
to initially streamline the FMT imaging process [23]. This
system is based on the Monte Carlo (MC) reconstruction
and simulates the transmission process of a large number of
photons inside the imaging object. The results obtained using
this method exhibited good uniformity, and the application
interface was also user-friendly. However, the imaging objects
of these tools are usually phantoms with fixed geometric
shapes, and there are still problems in mesh generation and
inaccurate FMI mapping for in vivo imaging.
In this study, we propose a novel standardized imaging
space reconstruction (SISR) method for FMT/XCT reconstruction, which is based on a standardized dual-modality image
data fusion technology, and novel reconstruction strategy
based on Laplace regularization and L1-fused Lasso method.
By introducing FMI mapping based on marker points and
automatic segmentation, we initially realize the automation
and standardization of FMT prior information acquisition,
which is greatly simplified compared with the traditional nonstandardized image reconstruction (NSIR). Data processing
eliminates the need for cumbersome manual operations, which
enables sensitive and dynamic observation of the in vivo
FMT/XCT reconstruction.
In order to prove that after simplifying the operations of
mesh generation and FMI mapping, SISR can still get better
reconstruction results like traditional NSIR, we performed
the homogeneous single-source and dual-sources simulations,
which show that after reducing the number of cumbersome
manual operations, the proposed SISR can obtain satisfactory
reconstruction results. We then extend the SISR to in vivo
imaging to monitor the programmed death ligand 1 (PD-L1)
molecular distribution in tumors. PD-L1 expression is a
dynamic process, which can result in different responses to
anti-PD-L1 antibody therapy [1], [2]. FMI has been utilized for
the characterization of immune checkpoint molecular expression as PD-L1 and CTLA-4, which demonstrates advantages
as high specificity and sensitivity with no invasive procedures as biopsy followed by immunohistological examination
[4], [5]. Due to the superior imaging property, FMT may
provide more comprehensive information for the characterization of PD-L1 expression in vivo [7]–[10]. The further
application of SISR to obtain PD-L1 molecular expression in
CT-26 tumor-bearing mice showed that PD-L1 molecules can
be accurately visualized in 3D and that the dynamic expression
levels of PD-L1 molecules can be further quantified using this
FMT method.
The structure of this paper is organized as follows. Section II
introduces the methods of the SISR, including SIS generation
and dual-modality image data fusion based on SIS, forward
problem of FMT/XCT and the inverse problem solution based
on Laplace regularization. Section III presents the process
and results of numerical simulations and in vivo experiments.
Section IV presents the discussions and conclusions.
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II. M ETHODS

A. Standardized Imaging Space Generation and
Dual-Modality Image Data Fusion
In Figure 1, we describe in detail the working principle of
the FMT/XCT dual-modality imaging system, which includes
the generation process of SIS, and the process of dual-modality
reconstruction based on SIS. It can be seen from Figure 1(a)
that in order to image the distribution of the fluorescent probe
in vivo, FMT imaging system (laser and cooled CCD) and
XCT imaging system (X-ray tube and X-ray detector) are
in a straight line with the mouse center. The two systems
are perpendicular to each other, and the intersection point is
the mouse center. When the fluorescent probe injected mouse
is placed at the center of the imaging platform, the excitation light generated by the laser irradiates the surface of
the mouse, activates the fluorescent probe in the mouse to
produce emission fluorescence and propagate to the surface of
the mouse, and then the Cooled CCD camera collects these
fluorescent signals to obtain an FMI image, meanwhile the
XCT system obtain the structural image of the mouse [30].
Due to the sparseness of the in vivo fluorescence signal,
we usually choose the local area of the mouse containing
the fluorescent probe as the reconstructed region of interest
(ROI) [6]. As shown in Figure 1(a), the red area is selected
as the ROI.
In traditional NSIR, it is necessary to extract the FMT/XCT
imaging data of the ROI location, and perform the XCT
image segmentation to obtain a priori structural information
of tissue heterogeneity. The FEM imaging space of NSIR is
then generated utilizing the priori structural information. The
FMI image is pasted to the mesh surface of the NSIR imaging
space by the energy mapping method [6], thereby forming
a dual-modality imaging space. Finally, the dual-modality
reconstruction technique is performed to obtain the 3D in vivo
fluorescent distribution [6]. Because different imaging objects
have different structural priori information, the NSIR image
space is not uniform, and the generation process includes
complex image segmentation, FEM meshing and energy mapping [9]–[12]. These complex operations require extremely
experienced researchers to perform, which is time-consuming
and easy to cause reconstruction errors. Meanwhile, even for
the same imaging object, the different FEM mesh of the NSIR
imaging space can generate different reconstruction results,
which is not conducive to the quantitative analysis of dualmodality reconstruction.
In order to address the above problem, we propose the
SIS for dual-modality reconstruction, and the process is
described as shown in Fig. 1(b). We defined the SIS as a
20 mm × 20 mm × 10 mm cuboid with the same size as the
ROI. Here, an open-source meshing toolbox iso2mesh [31]
was applied for the mesh generation of both SISR and NSIR.
The mesh generation time of SIS and NSI is different due
to different discretization objects, but both are less than
10 minutes. However, generating the discretized object of NSI
requires manual segmentation of the imaged object. Manual
segmentation of 100 mouse XCT slices takes about 2 hours,
and it relies heavily on segmentation experience; generating
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Fig. 1. Flowchart of SISR. (a) Diagram of FMT/XCT dual-modality small animal imaging system. The mice were placed in the center of the imaging
device, FMT imaging equipment (laser, cooled CCD) and XCT imaging equipment (X-ray tube and X-ray detector) are respectively placed along a
quasi straight line, and the quasi straight lines of the two sets of devices are vertical. M: Imaging domain of XCT. F: Imaging domain of FMT. Red cuboid:
The region of interesting (ROI) of dual-modality imaging. (b) Definition and generation of SIS mesh. SIS is defined as a 20mm × 20mm × 10mm
cuboid with the same size as the ROI defined in (a). Then the SIS is discretized into 7942 nodes and 39203 tetrahedral meshes by FEM tetrahedral
meshing. (c) Diagram of SISR. The raw data of FMT and XCT was extracted according to the pre-defined dual-modality ROI. Then the XCT raw data
was smoothed by Gaussian filter, and divided into three tissues (air, soft tissue and bone) through threshold segmentation. The major fluorescence
data was extracted by principle component analysis (PCA). Finally, by calculation the coordinate mapping relationship between dual-modality ROI
and SIS mesh, the pre-processed dual modality data was fusioned with SIS mesh. The dual-modality imaging reconstruction was performed on the
fusioned SIS mesh.

the discretized object of SIS only requires automatic threshold
segmentation of the XCT image, the time is less than 1min.
The FMT and XCT raw data was preprocessed and merged
into the SIS to perform the dual-modality reconstruction. For
XCT data preprocessing, we firstly performed the Gaussian
smoothing to denoising, and then used automatic threshold
segmentation to divide the CT raw data into sub-tissues,
such as air, soft tissue and bone (Fig. 1(c)). For FMT data
preprocessing, we firstly extracted the FMI image in the ROI
and did a principal component analysis (PCA) to denoising.
The center point coordinates of the SIS was translated to the
center point coordinates of the XCT data, and then the same
translation on the coordinates of each node in the SIS was
performed. According to the spatial position correspondence
between the FMI device and the XCT device obtained in
Fig. 1(a), we correspond the surface center of the SIS with
the center of the FMI preprocessed image and the geometric
relationship, and then map the two-dimensional FMI image
data to the triangular faces of the surface of SIS. For specific
mapping methods, please refer to reference [24].
The preprocessed XCT data were merged into the SIS mesh
following the coordinate mapping rules described below: Let

ri (xr , yr , z r )(i = 1, . . . , N) be the nodes of the SIS mesh, and
N is the number of nodes; p j (x p , y p , z p )( j = 1, . . . , M) is
the nearest pixel of ri in the processed XCT data, M is the
pixel number of the processed XCT data; (x, y, z) is threedimensional coordinates in space. The tissue-specific attribute
of ri was set to the attribute of p j . The FMT data could
also be directly mapped to the surface of the SIS as XCT
data. Since a fixed-position and fixed-size SIS was initially
chosen, FMT/XCT image fusion becomes simpler, and the
acquired optical data can be directly attached to the surface
of SIS. Meanwhile, the SIS can be applied to the geometric
size of various reconstruction objects commonly used by FMT,
and it only needs to perform FEM discretization on SIS
to reconstruct the different objects without constructing the
FEM discretization imaging space corresponding to different
objects.

B. Forward Problem
The transfer process of fluorescence through the heterogeneous biological tissue comprises a different kind of optical
phenomenon, such as light scattering, inter-tissue reflection,
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refraction, diffusion, absorption, and other physical processes.
For FMT imaging, it is usually used to image visible and nearinfrared fluorescence, and the scattering effect and absorption
effect of light in the biological tissue is the role of our main
research. Therefore, the FMT photon propagation model can
be simplified to include only scattering and absorption effects
without considering different tissue reflections. In this paper,
we utilize the diffusion equation (DE) to describe the FMT
photon propagation [18]–[20]:

∇ [Dx (r ) x (r )] − μax (r ) x (r ) = −δ (r − rl )
∇ [Dm (r ) m (r )] − μam (r ) m (r ) = −x (r ) ημa f (r )
(1)
where ∇ is the gradient operator, r ∈  represents the mesh
nodes of SIS, and  represents the SIS. Subscripts x and
m denote the excitation and emission process, respectively.
x,m denotes the photon flux density of the light. Dx,m is
the diffusion parameter, which can be formulated as Dx,m =
1/3(μax,am + (1 − g)μs x,sm ), where g is the anisotropy
parameter of photon propagation, μa and μs are the absorption
coefficient and the scattering coefficient of the heterogeneous
biological tissues, respectively. ημa f is the fluorescent distribution inside the SIS, which is needed to be calculated.
η and μa f is the quantum efficiency and the absorption
coefficient of the fluorescent probe, respectively.  is the
intensity of the excitation light, and δ(r − rl ) is the intensity
of the excitation light source which is at rl . When using the DE
to construct the photon propagation model, it is also necessary
to use the Robin boundary conditions to describe the photon
propagation process on the surface of the imaging object,
which is shown as follow:
→
2D (r ) ∂ (r ) /∂ −
n (r ) + q (r ) = 0 (r ∈ ∂)
x,m

x,m

x,m

(2)
where ∂ is the boundary of the biological tissues in SIS,
q is a constant indicates the deviation of the optical refraction coefficient on the boundary of the biological tissues. In
FEM-based FMT/XCT reconstruction, the Eq. (1) and Eq. (2)
are coupled and solved by FEM, and the forward problem of
the FMT/XCT reconstruction can be obtained:
AX = 

(3)

where  denotes the detected fluorescent signal, A denotes
the system matrix, and X denotes the fluorescent distribution
which needs to be calculated. Eq. 3 describes the forward
propagation process of photons inside the imaging object.
Since the amount of information of the surface light spot
is much smaller than the imaging space, the linear equation
has no definite analytical solution. The reconstruction method
based on the photon propagation model is usually to solve the
inverse problem corresponding to the linear equation.

C. Inverse Problem Solution
It is known that photons propagate through biological tissues
with high scattering, and can only measure the fluorescent
signal on the surface of animal. Therefore, obtaining the
unknown fluorescence intensity distribution which is deep in

the organism is a highly ill-posed problem, and only a reasonable approximate solution can be calculated [12]. Generally,
it is necessary to introduce the structural prior information
into the sparse penalty term. The objective function of FMT
reconstruction is as follows [19]:
1
p
min E(X) = arg min AX − 22 + λ L X p .
X
X ≥0 2

(4)

p

where L X p is called general Lp-norm regularization with
a regularization matrix [19]. λ is the weight coefficient to
adjust the impact of penalty term on reconstruction. The
regularization matrix L is constructed using the structural
priors of all segmented organs. To penalize the variation of
the reconstructed intensity within each organ, the Laplace
regularization matrix L = (li, j )N × N is constructed as
follows:
⎧
1
i= j
⎪
⎨ 1
i, j ∈ Sk &i = j
(5)
li, j = −
⎪
⎩ n sk
0
other wi se
where S is the set of all voxels, and S k contains the voxels in
the organ k. nsk is the number of voxels in set S k , and N is the
total number of voxels. Here, in order to reduce the amount of
calculations, we assume that there is no fluorescent distribution
in the air; then, the Laplace regularization coefficients of the
elements of air can be set to zero. At the same time, we tried
to regularize A and  or not, and finally found that the regularized reconstruction result is more accurate in positioning
accuracy and Dice coefficient. Therefore, we use regularized A
and  for reconstruction. In this study, some classic and stateof-art L1-based (p = 1) and L2-based (p = 2) reconstruction
methods, such as L1-norm iteration shrinkage (L1-IS) [12],
Thikhonv reconstruction [25] and the fused Lasso method
(FLM) [21] were performed to verify SISR. For details of
each reconstruction method, please refer to the corresponding
citations.
III. E XPERIMENTS AND R ESULTS
In this section, we designed numerical mouse simulations
to verify and analyze the performance of SISR, and we further
applied the SISR to 3D in vivo visualization of PD-L1 molecular expressions in mouse tumor xenografts. In this study,
the procedures of the proposed SISR and the compared NSIR
were implemented using MATLAB. For NSIR, the numerical
mouse was divided into muscle, liver, heart, lung, and other
sub-organizations. All processes of both experiments were
implemented on a workstation with a 2.40-GHz Intel Xeon(R)
E5-2640 v4 CPU and 128-GB RAM. According to the reports
in the literature [13], [17], [21], [32] and the simulation results
of different mesh densities in this article, the resolution of
FMT is usually greater than 0.5mm. In order to ensure the
density of the mesh generation and meet the actual FMT
requirements, we set the minimum distance of the mesh nodes
to 0.5mm-1mm. The SIS was discretized into 40,058 nodes
and 213,113 elements. The density was chosen according to
the numerical experiment of different mesh densities. Both the
simulation experiment and the in vivo experiment use the same
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mesh density. Meanwhile, we counted the number of nodes in
the SIS that did not belong to the air, which was 8,617. So for
NSIR, we discretized the heterogeneous mouse model into
8,501 nodes and 36,681 elements according to the mesh density described in SIS discretization. The L1-IS, Tikhonov and
FLM was performed to reconstruct the numerical fluorescent
source, and the FLM was utilized in in vivo experiments. The
regularization parameters for different solving methods that
obtained the best reconstruction results were set as follows:
λ = 1 × 10−5 for L1-IS; λ = 1 × 10−3 for L2; λ = 1 × 10−3 ,
λ2 = 1 × 10−5 for FLM. We define the iterative stopping
criterion of the three methods as: Let X k−1 be the intermediate
result obtained in the k − 1th iteration, and X k be the result
obtained in the kth iteration. If x k − x k−1  ≤ 1 × 10−4 ,
the algorithm stops. The maximum number of iterations for
the three methods is 5000.
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TABLE I
O PTICAL A BSORPTION AND S CATTERING C OEFFICIENTS
FOR B IOLOGICAL T ISSUES

A. Criteria for the Quantitative Evaluation of the
Reconstruction
In this study, dice coefficient (Dice), contrast-to-noise
ratio (CNR) and position error (PE) of the reconstruction result
were utilized to quantitatively analysis the performance of
SISR. The computation time T was utilized to describe the
efficiency of the reconstruction.
Dice is defined as follows:


2  Ra ∩ R g 


(6)
Di ce =
|Ra | +  Rg 
where Ra is the fluorescent ROI of the reconstruction, and
Rg refers to the ground truth. The value of Dice is between
[0, 1]. A larger Dice proves that the reconstruction area has a
high similarity with the ground truth, and vice versa. When
Dice = 1, the reconstruction area is exactly the same as the
ground truth.
CNR is defined as follows:
μ f − μB
(7)
CNR = 
w f σ 2 f + wB σ 2 B
where μf and μB are the mean intensity of the reconstructed
fluorescent area and background, respectively; σ f and σ B are
the standard deviation of the reconstructed fluorescent area
and background, respectively; ω f and ω B are the weight
coefficient. After obtaining the reconstruction result, we define
the nodes with a light intensity greater than 30% of the
maximum value as the fluorescence area, and the other nodes
as the background. Suppose the total number of nodes is N,
the number of nodes in the fluorescence area is N f , and the
number of nodes in the background is N B , then ω f = N f /N,
ω B = N B /N. The higher the CNR, the higher the discrimination between the reconstruction result and the background,
and the fewer reconstruction artifacts.
PE is defined as follows:
P E = Pr − P0 2

(8)

where Pr is the centroid of the fluorescent area, P0 is the
centroid of ground truth. IF P E = 0, it is considered that the
fluorescent area has no deviation from ground truth.

Fig. 2. Image of the numerical mouse model used in standardized and
non-standardized image reconstruction. (a) 3D visualization of the model
used in non-standardized image reconstruction. (b) Cross-sectional view
of the analog tumor. The white dots denote the intersection of the laser
beam and the surface of the digital mouse.

B. Numerical Experiments
In numerical simulations, we utilized digital mice with
multiple types of analog spherical tumors to build simulation
models, and the fluorescent propagation coefficient of different
organs were assigned according to Table I [27]. The excitation
laser intensity was set to 0.02 watts, and we assume that there
is only one intersection between the laser and the surface of
the digital mouse. In simulating the process to collect the
fluorescent signal on the surface of the digital mouse, the fieldof-view of charge-coupled device (CCD) was set to 160◦. 5%
Gaussian noise was superimposed to the surface fluorescence
signal. We excited the analog tumors at four directions of the
digital mouse, and the angle between adjacent laser beams is
90◦, as shown in Fig. 2(b). In this study, we assumed that there
was either one small tumor (model 1) or two small tumors
(model 2) in the liver, and only kept the torso as the imaging
area, as shown in Fig. 2(a). In the single source experiment,
the diameter of the spherical tumor was set to 1mm. In the
double sources experiment, the diameter of the tumors was set
to 0.75mm, and the edge-to-edge distance was set to 6 mm.
The numerical simulation results of single source reconstruction for both SISR and NSIR are presented in Fig. 3.
The quantitative analyses of the two methods are listed in
Table II. It can be seen from the quantitative analysis of
the reconstruction results that, the SISR-FLM (SIS-based
reconstruction utilizing the FLM method) perform best, and it
obtained the most accurate reconstruction result with highest
CNR. Also based on the FLM algorithm, the performance
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Fig. 3. Single-source reconstruction results of SISR and NSIR via
L1-IS, L2 and FLM, respectively. 3D: three-dimensional visualization of
the reconstruction results. 2D: cross-sectional view of the reconstruction
results. Each column lists the different reconstruction results of the three
methods from left to right. The white circle in the cross-sectional view
denotes the actual source location.

TABLE II
Q UANTIZATION OF THE S OLVING R ESULTS (M ODEL 1)

of NISR is not satisfactory. The increase of mesh nodes
causes the calculation speed of SISR to be slower than that of
NISR, at the expense of general improvement in reconstruction
accuracy. To further analyze the reasons, we believe that as
the number of mesh nodes increases, the sparseness of the
unknowns of the inverse linear equation of FMT (Eq. 3)
will increase, which is conducive to the reconstruction algorithm based on sparse priors to obtain more accurate results.
At the same time, SISR can ensure that the accuracy of
photon propagation is not lost when the number of nodes
increases, and the reliability of the reverse linear equation is
guaranteed. The results of single source reconstruction indicate
that after simplifying many complex operations and standardization, SISR can reconstruct a more satisfied single-light
source.
The simulation experiment results of dual-light source
reconstruction also proved this conclusion. The experimental
results of dual-source simulations are presented in Fig. 4.
The quantitative analysis of the two methods are listed in

Fig. 4. Double-source reconstruction results of SISR and NSIR via
L1-IS, L2, and FLM, respectively. 3D: three-dimensional visualization of
the reconstruction results. 2D: cross-sectional view of the reconstruction
results. Each column lists the different reconstruction results of the three
methods from left to right. The white circles in 2D views denote the actual
source location.
TABLE III
Q UANTIFICATION OF THE S OLVING R ESULTS (M ODEL 2)

Table III. The NSIR based on the L1-IS and L2 methods
showed difficulty in reconstructing the deep dual-light source
area, while the SISR could more accurately reconstruct the
deep dual-light source area. Both FLM-based NSIR and SISR
obtained superior dual-light source reconstruction results, but
the reconstruction performance of SISR was the best. Analysis
of these experimental results shows that an imaging space
based on high-precision geometrical features of mouse organs
combined with a relatively new reconstruction method can
effectively improve the reconstruction accuracy. In the duallight source FMT reconstruction experiment, the fluorescence
generated by the two light sources will interfere with each
other. As a result, the reconstruction accuracy of the two light
sources is usually lower than that of a single light source.
The reconstruction results based on L1-IS and L2 are also
confirmed this. However, the reconstruction accuracy of duallight source based on FLM is higher than that of single light
source. In our analysis, this is because FLM is based on group
sparse prior features, which leads to it being able to find two
different light source groups more accurately, and iterative
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Fig. 5. Double-source reconstruction results of different mesh densities, respectively. N: the number of the mesh nodes. 3D: three-dimensional
visualization of the reconstruction results. 2D: cross-sectional view of the reconstruction results. Each column lists the different reconstruction results
of the three methods from left to right. The white circles in 2D views denote the actual source location.

calculations within the groups, the reconstruction accuracy
of its dual light source is higher. At the same time, due
to the diameter of the single light source is larger than the
diameter of the dual light source, so the sparseness of the
reconstruction of the single light source is weaker than that of
the dual light source, so the accuracy of the dual light source
reconstructed by FLM is higher than that of the single light
source. In summary, SISR can effectively reconstruct duallight source simulations.
We further discussed the impact of using different finite element mesh densities on SIS reconstruction. With the position
and size of the simulated light source unchanged, we designed
10 sets of dual-light source reconstruction experiments with
different mesh densities, and the number of mesh nodes are
25539, 30580, 35236, 40058, 45565, 50165, 55557, 60221,
65075 and 70552. In this experiment, we use the FLM method
for reconstruction, and the regularization parameters were λ =
1 ×10−3 , λ2 = 1 ×10−5 . The reconstruction results are shown
in Fig. 5, and the quantitative results are shown in Table IV.
Analyzing the experimental results, it can be seen that all
mesh densities can reconstruct two light sources. Except for
the two sets of results of N = 30580 and N = 65075, the PE
of the reconstruction results of all dual sources is less than
0.3mm, reflecting a higher reconstruction accuracy. As the
mesh density increases, the reconstruction time also increases.
However, the reconstruction accuracy does not increase as the
mesh density increases. Synthesizing the reconstruction results
of each mesh density, we finally choose N = 40058 as the

TABLE IV
Q UANTIFICATION OF THE S OLVING R ESULTS W ITH
D IFFERENT M ESH N ODES

optimal mesh density, because the Dice coefficient of this set
of experimental results is the highest, reaching 87.64%, and
it also guarantees better light source position reconstruction
accuracy and CNR.

C. In Vivo Experiments
In this study, SISR was further applied for in vivo FMT
imaging of PD-L1 positive expressing mouse CT26 colorectal
tumor. Five-week old male Balb/c mice were obtained from
the Department of Experimental Animals, Peking University
Health Science Center. CT26 colorectal tumor cells were
obtained from the American Tissue Type Culture Collection
(Manassas, VA, USA), and they were cultured in RPMI
1640 medium (Hyclone, Thermo Scientific, USA) containing
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Fig. 6. FMT/XCT imaging system.

10% fetal bovine serum (Hyclone) at 37 ◦ C and 5% CO2 .
CT26 tumor cells (1 × 106 ) were implanted subcutaneously
into the backs of the mice. The tumors were ready for
imaging when the tumor volume was approximately 100 mm3.
We randomly divided the mice into experimental and control groups. For the experimental group, two mice were
intratumorally injected with 10 μg IFN-γ (Biolengend, USA)
at a concentration of 0.4 μg/μl for four consecutive days to
upregulate the expression of PD-L1. For the control group,
one mouse was intratumorally injected with an equal volume
of PBS. In this study, all animal experiments were conducted
in accordance with the approval of the Institute of Automation, Chinese Academy of Science (license number SYXK
2020-0049).
The PD-L1-IRDye800CW imaging probe was synthesized
and characterized according to the method described in our
previously published work [4], [28]. The in vivo biodistribution
and tumor targeting specificity of PD-L1-IRDye800CW were
imaged dynamically for in vivo FMT using a FMT/XCT system developed by the Key Lab of Molecular Imaging, Chinese
Academy of Sciences (Fig. 6) [29]. The XCT system consisted
of an x-ray tube (UltraBright, Oxford Instrument, USA) and an
x-ray detector (CMOS flat-panel detector, Hamamatsu, Japan).
The XCT images were reconstructed based on the method
described by Yan et al. [30]. The FMT system consisted of
a multispectral continuous wave laser including white light /
671nm / 780nm (DingSuo Technologies, Guangzhou, China),
and an ultrasensitive CCD camera (iKon-M934 EMCCD
Camera, Andor, UK). The dual-modality imaging data were
collected at different time points (4, 12, and 24 h) after
intravenous injection of a PD-L1-IRDye800CW probe into
the CT26 xenografted tumor-bearing mice. Finally, the MRI
(1.5t, M3, Aspect Imaging, Israel) of the mouse was implemented to provide the ground truth of the tumors. After
data acquisition, the ROI structure data and fluorescence data
were integrated into the SIS based on the method described
in Section II(A).
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Fig. 7.
FMT imaging of PD-L1 expression on subcutaneous
CT26 xenografted tumor model. (a) 3D rendering of tumor bearing mouse
and fluorescence signal of SISR. The area represented by the white
dashed box and the enlarged image in the red box above are the results
of the 3D reconstruction of PD-L1 molecular expression. The mouse was
initially segmented into heart, lungs, liver, bone and body. (b) Transverse
slice of SISR overlaid on corresponding XCT slice. (c) Transverse slice of
the corresponding MR image. The areas outlined in red represent tumor
areas reconstructed by MRI. (d) Hematoxylin and eosin (H&E) staining
of the tumor region. (e) IHC of PD-L1 expression of the tumor region.
Scale bar = 700 µm. The red box highlights the distribution of cells with
PD-L1 expression stained in brown.

The 3D visualization and the cross-sectional views of
PD-L1 molecular expression based on SISR are shown
in Fig. 7 and Fig. 8, respectively. The same FMT/XCT
slice was compared with the same MRI slice, H&E, and
PD-L1 immunohistochemical staining (IHC), on which the
tumors were concentrated. The data showed that SISR can
robustly reconstruct the 3D PD-L1-IRDye800CW probe distribution area in CT26 tumors and quantitatively analyze the
PD-L1 positive expressing cells (Fig. 7(a) and 6(b)), but the
MRI images only provided the general anatomical area of
subcutaneous tumors with no PD-L1 molecular expression
information inside tumors (Fig. 7(c)). In vivo SISR data was
consistent with the corresponding tumor H&E and PD-L1 IHC
gold standards (Fig. 7(d) and 6(e)).
The dynamic PD-L1-IRDye800CW expression in CT26
tumors at different time points with different treatments was
also monitored and quantified using SISR (Fig. 8). In this
study, M1 and M2 tumors were treated with IFN-γ , which
can increase the tumor PD-L1 molecular expression. The
M3 mouse tumor was treated with PBS and used as a control.
As depicted in Fig. 8, the fluorescent signal of the probe
for each tumor gradually increases at the tumor site from
4 h to 24 h, which reflects the dynamic biodistribution of
the PD-L1-IRDye800CW imaging probe and tumor targeting
effects in vivo. Moreover, the PD-L1 fluorescent signal in
M1 and M2 was relatively higher than M3, and the expression
levels could be quantified using SISR. The in vivo observation
was also demonstrated by H&E and PD-L1 IHC. In summary,
SISR can quantitatively analyze the molecular expression of
immune targets in three dimensions in vivo. The in vivo
PD-L1 targeted imaging experiment validated the robustness
of SISR for in vivo applications, which implies that SISR can
be effectively applied to pre-clinical biomedical research and
may possess clinical translation potential.
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Fig. 8. Transverse slice of SISR of PD-L1 overlaid on the corresponding XCT slice at different time points of three CT26 tumor bearing mice with a
PD-L1-IRDye800CW imaging probe. The corresponding H&E and PD-L1 DAB images of the tumors were also provided. M1 and M2 are the IFN-r
threated mouse models, and M3 is the PBS-threated control model. AFI: Average fluorescent intensity. MFI: Maximum fluorescent intensity.

IV. D ISCUSSION AND C ONCLUSION
The traditional FMT/XCT multi-modality research is mostly
aimed at the improvement of imaging hardware performance,
and the breakthrough of the accuracy and efficiency of reconstruction algorithm, often neglecting the preprocessing of
multi-modality raw data. In the introduction section, we elaborated on the impact of raw data preprocessing on the accuracy
and efficiency of FMT/XCT image reconstruction. In order
to further improve the quality of dual-modality imaging,
we proposed a novel SISR method that utilizes standardized
data processing methods to replace the complex and heavy
manual processing methods in traditional reconstruction to
further improve the reconstruction accuracy and imaging efficiency. Simulation experiments show that SISR can greatly
improve the imaging efficiency while ensuring that the 3D
reconstructed image has a higher Dice coefficient and a lower
position error, which is more suitable for practical applications. we further performed SISR for in vivo PD-L1 molecular expression reconstruction in mouse tumor xenografts

through FMT/XCT. Compared with traditional NSIR, SISR
can achieve the same excellent reconstruction performance,
while greatly simplifying the data preprocessing process,
improving the imaging efficiency, and achieving the quantification of fluorescence signals for FMT/XCT. Moreover,
to our best knowledge, this study is the first time to perform
FMT/XCT of PD-L1 immune target visualization in vivo using
SISR, which can achieve in vivo 3D imaging and quantify
PD-L1 molecular expression. This might provide a novel
method for the guidance of immunotherapy in clinics.
SISR can be utilized not only in FMT/XCT, but it is
also suitable for use in other multi-modality systems such
as bioluminescence tomography and Cherenkov luminescence
tomography/XCT & MRI. The SISR operation is simple, and
it combines various automatic methods in biomedical image
processing. It can dynamically adjust the preprocessing mode
for different structural image data in multimodal images,
which makes it suitable for widespread manipulation and
industrialization. Compared with the current methods, SISR
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has three outstanding advantages. It can provide (i) efficient
and dynamic visualization in vivo fluorescent target expression
across different animals, (ii) algorithm-driven fusion of fluorescence data and XCT data, and (iii) operator-independent
and standard data analysis of FMT/XCT.
In this study, SISR was performed via three conventional
methods: L1-IS, Tikhonov, and L1-FLM. More effective
reconstruction methods for FMT can be combined with SISR
to achieve better performance. In recent years, artificial intelligence (AI) reconstruction methods have been widely used
in medical image reconstruction, such as CT, MRI, PET, and
photoacoustic imaging [26], [30]. For FMT/XCT reconstruction, because traditional NSIR does not have a standardized
imaging space, the image data format of the reconstruction
results obtained by different imaging objects cannot be unified,
which limits the application of AI in FMT/XCT. Based on
SISR, all imaging objects are unified in one imaging space,
further improving data uniformity, which is more conducive
to AI reconstruction. During the simulation experiment of
SISR, we used different mesh densities to reconstruct the
simulated dual light source. In this experiment, we found
that different mesh densities, and the resulting differences in
mesh division methods, will cause great differences in the
FMT reconstruction results. In future research, we will study
the influence of different mesh generation methods on FMT
reconstruction, and try to introduce the meshless method [11]
into SISR to find a more suitable spatial discretization method
for FMT.
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