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Abstract — Fluorescence Molecular Tomography (FMT)
is a powerful imaging modality for the research of cancer
diagnosis, disease treatment and drug discovery. Via
three-dimensional (3-D) imaging reconstruction, it can
quantitatively and noninvasively obtain the distribution
of fluorescent probes in biological tissues. Currently,
photon propagation of FMT is conventionally described
by the Finite Element Method (FEM), and it can obtain
acceptable image quality. However, there are still some
inherent inadequacies in FEM, such as time consuming,
discretization error and inflexibility in mesh generation,
which partly limit its imaging accuracy. To further improve
the solving accuracy of photon propagation model (PPM),
we propose a novel compactly supported radial basis
functions (CSRBFs)-based meshless method (MM) to
implement the PPM of FMT. We introduced a series of
independent nodes and continuous CSRBFs to interpolate
the PPM, which can avoid complicated mesh generation.
To analyze the performance of the proposed MM, we carried
out numerical heterogeneous mouse simulation to validate
the simulated surface fluorescent measurement. Then we
performed an in vivo experiment to observe the tomographic
reconstruction. The experimental results confirmed that
our proposed MM could obtain more similar surface
fluorescence measurement with the golden standard
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(Monte-Carlo method), and more accurate reconstruction
result was achieved via MM in in vivo application.

Index Terms — Compactly supported radial basis
function, fluorescence molecular tomography, meshless
method, photon propagation model.

I. I NTRODUCTION

W

ITH no ionizing radiation and low-cost, and rapid
expansion of a variety of innovative, high specific fluorescent molecular probes and markers, fluorescence molecular
tomography (FMT) has been rapidly developed in the past
decades. It has been widely used in preclinical and clinical
researches and applications, such as drug discovery, lymphatic
node research, imaging-guided cancer surgery, early stage
cancer diagnosis, and disease treatment [1]–[6].
FMT aims at three-dimensionally locating the biodistribution of fluorochromes, and quantitatively obtain the intensity
of the internal targeted sources via the emission signals on the
surface of the object. It requires accurate photon propagation
models (PPM) in biological tissues, and fluorescent sources
reconstruction to achieve acceptable tomographic imaging
performance [7]–[8]. For the purpose of tomographic image
reconstruction, PPM needs to be firstly well built to generate appropriate linear equation, which links the boundary
fluorescence measurement and internal unknown fluorescent
source. It is usually described as the forward problem of FMT.
After the achievement of the boundary fluorescence measurement, the internal fluorescent source can be reconstructed by
solving the inverse problem of FMT, which is established
according to the forward model. In conclusion, the appropriate
PPM is a decisive factor of FMT since it directly determines
the accuracy of the tomographic image reconstruction.
For FMT, the PPM can be accurately expressed by the
radiative transfer equation (RTE), which is the approximation
of Maxwell’s equations [9]. Since it is extremely hard to solve
due to its integral differential nature, the commonly alternative
mathematical model is the diffusion equation (DE), in the case
of continuous-wave FMT [7]. Currently, to appropriately solve
the PPM, different techniques including analytical, statistical, and numerical techniques have been proposed [10]–[14].
Among these methods, many researchers pay their attention
to the finite element method (FEM), due to its versatility
and flexibility in analyzing complicate problems [15]–[17].
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However, FEM strictly requires well-designed nodes and
meshes to interpolate the target object. Therefore, it has
some limitations including difficulty in adaptive analysis,
time consumption and significant discretization error in mesh
generation [18]–[20].
On the contrary, the Meshless Method (MM) requires
only a set of nodes and predefined spline functions to
interpolate the object domain and boundary. Since it does
not rely on any point or mesh connectivity, the burdensome
mesh generation can be left out, while the discretization
error is reduced to a certain level. In the past decades, MM
has been developed fast, and it has multiple application in
heat transfer analysis, solid and fluid mechanics, imaging
processing, etc. [21]–[24] MM also obtains high potential
applications in optical molecular imaging, since Qin et.al.
have introduced Galerkin-based MM into Bioluminescence
Tomography (BLT) with attractive results [18].
In this contribution, we focus on the application of MM
in the forward problem of FMT, which is based on the
utilization of the compactly supported radial basis function (CSRBF) [25]–[27]. Different from other meshless interpolating functions such as wide band defined radial basis
functions (RBFs), the interpolation matrices of CSRBFs are
sparse, which applies to the situation of FMT where internal
source is known to be sparse form a priori knowledge. This
leads to efficient algorithms for the computation and evaluation
of interpolants. Another advantage of CSRBF is the principle
of locality which is well known from the classical B-splines.
Since the order of convergence is O(h d+1 ) where h is the
density of the collocation points and d is the spatial dimension,
the CSRBFs are dimension independent [28]–[29]. Hence we
adopt CSRBFs to solve the PPM to improve the solution
accuracy of the forward problem. The image domain was
interpolated by a series of nodes (we call them the centers
of CSRBFs), and the PPM was discretized by fixed CSRBFs.
After obtaining the solution of PPM by the MM, the inverse
problem was exactly solved by conversional L1-norm iteration
shrinkage (L1-IS) [30]. The flexibility, accuracy, robustness,
and the merit of MM are elucidated by numerical simulation
results compared with FEM, and we utilized Monte-Carlo
method as the golden standard [31]. After the numerical
experiments, in-vivo experiment was performed to appraise the
proposed MM in practical tomographic image reconstruction.
This paper is organized as follows. Section II describes the
PPM used in this article, the utilization of CSRBFs, and the
detailed processes of the proposed MM. Section III lists
the detailed content of numerical heterogeneous mouse
simulations and in vivo experiments, and it primarily
describes the experimental results. Finally, Section IV further
discusses the results of the experiments, and makes the
conclusion of this paper.
II. M ETHOD

A. Photon Propagation Model
For continues-wave FMT with point excitation sources,
we described the PPM with the following diffusion equations (DEs), which coupled with a Robin-type boundary
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condition [16]:
⎧
⎪
∇ · (Dx (r )∇x (r )) − μax (r )x (r ) = −δ(r − rl )
⎪
⎪
⎪
⎪
⎪
(r ∈ )
⎨
∇ · (Dm (r )∇m (r )) − μam (r )m (r ) = −x (r )ημa f (r )
⎪
⎪
⎪
(r ∈ )
⎪
⎪
⎪
⎩2D (r )∇ (r ) + v (r ) = 0
(r ∈ ∂)
x,m
x,m
x,m
(1)
where r indicates the node inside the image domain , and
rl is the point excitation source. In this paper, rl is placed on
the boundary of , and it is assumed to be an isotropic point.
 is the excitation intensity. The subscripts x and m indicate
the excitation and emission lights, respectively. μa and μs
indicate the optical absorption and scattering coefficient of
the biological tissue, respectively. D = 1/3(μa + μs ) is
the reduced diffusion coefficient for homogeneous medium.
(r ) is the photon flux densities at node r . ημa f (r ) denotes
the fluorophore distribution to be computed, and v denotes the
optical reflective index.

B. Compactly Supported Radial Basis Functions
In general, the creative study that proposing CSRBFs owns
to Wu [25] and Wendland [26]. For 3-D image processing, a
utility positive-defined CSRBF is indicated below
pi (r ) = (1 − d(r, ri ))n+ ϕ(d(r, ri ))

(2)

i ||
is the
where ri is the center of pi (r ), and d(r, ri ) = ||r−r
R
relative distance for the node r inside the image domain.
R indicates the maximum support distance to define the
support region of pi (r ). In this paper, R is set according to
the density of the nodes, and it is a little bit larger than the
minimal distance of the two nodes. ϕ(d(r, ri )) is a prescribed
polynomial. (•)n+ is a constant positive-defined operator as
follow [32]

(1 − α)n ,
(0 ≤ α < 1)
n
(1 − α)+ =
(3)
0,
(α ≥ 1)

For different derivative order k = 0, 1, 2, 3, the explicit
formulae of CSRBFs are given in Table I [33]. We set k = 1
in this study for easy calculation, and the function is given as
follow
(4)
pi (r ) = (1 − d(r, ri ))4+ (4d(r, ri ) + 1)
The image description of Eq. (4) is shown in Fig. 1(d).
In this study, we utilize a uniform distributed nodes for
the interpolation, which is shown in Fig. 1. For the boundary
nodes, we use the uniform angle sampling (Fig. 1(a)). For
the choice of the internal nodes, we use the uniform random
sampling (Fig. 1(b)). The proportion of the boundary nodes
and the internal nodes is set to approximately 1:2.
The choice of the support distance R results from a tradeoff:
if R is chosen too small, the interpolation will not be continuous, in which case big holes arise inside the image domain.
Whereas if R is chosen too big, the interpolation matrix will
become dense, in which case the advantages of CSRBF will
be lost. Our strategy for the support distance R is directly
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where ζ(r ) is a test function from Sobolev space. In MM, we
directly use the CSRBF as the test function. Then we have

TABLE I
E XPLICIT F ORMULAE OF S OME CSRBF S

ημa f (r ) ≈

Np


(ημa f )k p(d(r ))

(9)

k=1

where (ημa f )k is the function value at rk .
Second, we substitute Eq. (6) into Eqs. (7) and (8), then we
have
Kx
Km
where

x
m

= Qx
=F


K x (i, j ) =



(Dx (r )∇ pi (r )∇ p j (r )

+ μax (r ) pi (r ) · p j (r ))dr

1
pi (r ) · p j (r )dr
+
 2q ∂
K m (i, j ) =
Fig. 1. Uniform interpolation of CSRBF. (a) The boundary nodes are
uniform angle sampled. (b) The internal nodes are uniform random
sampled. The support distance is chosen related to the maximum
distance of the adjacent nodes. (c) The interpolation using continuous
and independent CSRBFs. (d) The general view of CSRBF defined
by Eq. (4).



R = ρdapd

(5)

where ρ > 1 and dapd = max ||ri - r j ||; ri , r j is a pair of
adjacent points inside the image domain.

C. PPM Solving by MM
According to the theory of CSRBF, the photon flux density (r ) at node r is interpolated by p(r ) in the image
domain [27]:
N

αi pi (r )
(6)
(r ) =

(12)

(Dm (r )∇ pi (r )∇ p j (r )

+ μam (r ) pi (r ) · p j (r ))dr

1
+
pi (r ) · p j (r )dr
2q ∂

Qx ( j ) =
(r − rl ) p j (r )dr

x (r ) pi (r ) p j (r )dr
F(i, j ) =


computed based on the maximal adjacent points distance dapd ,
through the equation

(10)
(11)

(13)
(14)
(15)

Here, K x,m is the N×N-dimensional system matrix to describe
the photon propagation. x,m is the photon flux density coefficient. Q x is the N-dimensional excitation light distribution
vector. F is the N×N-dimensional emission light discretization
matrix.
= [ψ1 , ψ2, . . . , ψ N ] is the generalized emission
intensity coefficient.
Since K m is symmetric and positive [18], the linear relationship between m and
can be uniquely determined
m

= K m−1 F

=A

(16)

The fluorescence distribution X is finally calculated as:
X (r ) =

N


ψi pi (r )

(17)

i=1

i=1

where αi is the intensity coefficient of CSRBF, N is the
amount of the sample nodes.
First, for FMT problem, Eq. (1) is converted to the following
weak form [34]:

(Dx (r )∇x (r )∇ζ (r )) + μax (r )x (r )ζ (r ))dr



1
+
x (r )ζ (r )dr =
δ(r − rl )ζ (r )dr
(7)
∂ 2q


(Dm (r )∇m (r )∇ζ (r )) + μam (r )m (r )ζ (r ))dr



1
m (r )ζ (r )dr =
x (r )ημa f (r )ζ (r )dr
(8)
+
∂ 2q


D. Inverse Problem
As is known to all, high ill-posedness of FMT can extremely
reduce the quality of reconstruction, since the high scattering
of photon propagation through biological tissues, and only
the fluorescence signal over the surface of the object is measureable [35]. To compute a reasonable approximate solution,
a priori information such as sparsity penalty term is typically
introduced in the objective function [7]:
1
(18)
min E( ) = arg min ||A − m ||22 + λR( )
>0
≥0 2
where R( ) is the sparse penalty term. is the regularization
parameter of the penalty term, which balance the optimization
residual term and penalty term. Generally for FMT, R( )
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p

is set to || || p , which is called as general Lp-norm regularization [36]–[37]. Then, the inverse problem is transferred
into:
1
p
(19)
min E( ) = arg min ||A − m ||22 + λ|| || p
>0
≥0 2
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TABLE II
O PTICAL A BSORPTION AND S CATTERING C OEFFICIENTS FOR
N UMERICAL B IOLOGICAL T ISSUES (U NITS OF μa AND μs :mm−1 )

In this paper, we adopt L1-norm iteration shrinkage (L1-IS,
where p = 1) to solve the inverse problem described
by Eq. (19), and the detailed method is described in [30].
III. E XPERIMENTS AND R ESULTS
To analyze the performance of the proposed MM, we have
designed numerical mouse studies to validate the simulated
surface fluorescence distribution, and in vivo mouse studies
to evaluate the tomographic reconstruction. For the numerical
simulation, the Monto-Carlo (MC) method was adopted as the
golden standard, and it was conducted by MOSE 2.3 [31].
The solving procedure of MM and FEM were implemented
using MATLAB, and the mesh generation of FEM was carried
out with AMIRA. For in vivo experiment, the experimental
protocol guidelines were followed totally, which is according
to the Institutional Animal Care and Use Committee (IACUC)
at Peking University (Permit Number: 2011-0039).
To validate the performance of the MM, we utilized the
cosine similarity (CS) and vector correlation (CORR) to
evaluate the solution of PPM compared to the golden standard, Reconstructive accuracy was evaluated using position
error (PE).
CS was adopted to measure the similarity of the surface
fluorescence flux density between MM, FEM and the golden
standard:
Xa × Xg
(20)
C Sa =
||X a || × ||X g ||
where X a is the surface fluorescence flux density achieved by
the method a, and the subscript g refers to the golden standard
method.
CORR was adopted to estimate the correlation of the surface
flux density obtained by MM, FEM and the golden standard:
C O R Ra =

E((X a − E(X a )) × (X g − E(X g )))
√
D(X a ) × D(X g )

(21)

where E(X a ) is the expectation of X a and D(X a ) is the
variance.
PE was adopted to measure the accuracy of the reconstruction results:
(22)
P E = ||Pr − P0 ||2
where Pr is the centroid of the internal reconstructed fluorescence distribution, P0 is the true position of the internal
fluorescent source.

A. Numerical Simulations
To perform the numerical simulation, a trunk-only mouse
model was generated from the micro-CT raw data of an adult
nude mouse. After the extraction of biological tissues and
organs (muscle, lungs, heart, kidneys, and liver), we assembled
them together. The corresponding optical absorption and scattering properties for excitation and emission light are listed

Fig. 2. The general view of the numerical mouse model. (a) and (b)
are the 3-D and cross-sectional views of the model, respectively. The
simulated targeted tumor was implanted inside the liver at the center of
the plane z = 12.5 mm. The point excitation sources were implanted on
the surface of the mouse model with the excitation angles (EA) 0◦ , 90◦ ,
180◦ and 270◦ .

in Table II [38]–[39]. Since a sparse tumor inside mouse is
usually spherical, a hypothetical tumor was implanted at the
center of the liver, which is shown in Fig. 2. The diameter
of the tumor was set to 2 mm. We utilized four isotropic
excitation light sources which were implanted on the surface
of the model orthogonal angle (Fig. 2(b)). We performed the
transmission mode to get the fluorescent signal, and the fieldof-view was set to 160◦ opposite to the excitation light source.
1) The Choice of the Support Distance: To get the
appropriate support distance of MM, we set a series of ρin
ascending order (ρ = 1.5∼8). In this section, 2500 nodes
were utilized to interpolate the image domain. The excitation
angle (EA) was set to 180◦. Corresponding to different support
distance, the solving results are shown in Fig. 3, and the
quantitative indices are listed in Fig. 4.
From the experiment results, we can find that when ρ
changed from 1.5 to 6, the solutions tended to be stable,
and the fluorescent spot gradually enhanced and closed to the
golden standard. When ρ >= 6, the area of fluorescent spot
tended to increase and split, while the similarity was reduced.
Through the quantitative analysis, the computation time was
increase, and the CS and CORR reached the peak at ρ = 6.
As a conclusion, the support distance should not set too small
or too large, which will influence the solution accuracy and
efficiency. In consideration of the tradeoff, we set ρ = 6.
2) The Influence of the Node Number: To evaluate how
the node number in MM will affect the accuracy in solving
PPM, we have set a series of sample group, in which the
node number increases (N = 1000 ∼ 5500). According to
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Fig. 3. Different solutions of MM corresponding to different ρ. The upper
left corner shows the result of the golden standard, and the following
images show the corresponding solutions from ρ = 1.5 to ρ = 8 .
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Fig. 6. Quantization of the solutions of MM corresponding to different
numbers of sample nodes N. The similarity of the solution reaches the
peak at N = 2500.

Fig. 4. Quantization of the solutions of MM corresponding to different
support distance. The similarity of the solutions is in steady state when
ρ = 3.5 ∼ 6.5, and reach the peak at ρ = 6.

Fig. 7. The solving results of the PPM via MC, FEM and MM, respectively.
The first, second and third rows list the 3-D visualization of the surface
fluorescence distribution achieved by MC, MM and FEM, respectively.

Fig. 5. Different solutions of MM corresponding to different numbers of
sample nodes N. The upper left corner shows the result of the golden
standard, and the following images show the corresponding solutions
from N = 1000 to N = 5000.

Section 1), we set the support distance to ρ = 6. The excitation
angle was also set to 180◦. Corresponding to the different
sample node number, the results are shown in Fig. 5, and the
quantitative indices are listed in Fig. 6.
With the number of the nodes increases, the solving results
both yielded increased high similarity with the golden standard (>0.84). But the fluorescent spots appeared the bifurcation except that N = 2500, and the location of fluorescent
spot at N = 2500 was qualitatively more closed to the golden
standard. The CS and CORR at N = 2500 were both the
highest. In addition, the computation times were increased

with the number of the nodes increase. As a conclusion, the
number of nodes also need to be an appropriate value to ensure
the accuracy and efficiency.
3) The Improvement of the Proposed MM: To evaluate
the performance of the proposed MM compared with the traditional FEM, we respectively solved the PPM via MM, FEM
and MC. For FEM, we adopted two indispensable strategies to
perform the mesh generation, fine mesh generation and mesh
simplification. First, a fine mesh was generated to discretize
the image domain, and the time cost is 15.73 s. Then we used
a rough mesh including 2502 nodes and 13850 tetrahedrons
to perform the simulation, and the time cost is 15.17 s. For
MM, 2500 nodes were used to interpolate the image domain,
and the support distance was set to ρ = 6. The computation
time of the interpolation is 3.58 s.
The solving results of the three methods are shown in Fig. 7,
and the qualification indices are listed in Table III. Intuitively,
the fluorescent spots of MM were more closed to the golden
standard, but the results of FEM appeared to be strip, and had a
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TABLE III
Q UANTIZATION OF THE S OLVING R ESULTS
O BTAINED BY MM AND FEM

TABLE IV
O PTICAL A BSORPTION AND S CATTERING C OEFFICIENTS OF THE
B IOLOGICAL T ISSUES AT 670 nm (E XCITATION ) AND 710 nm
(E MISSION ) (U NITS OF μa AND μs :mm- 1 )

Fig. 8. The data processing of the FMT based on a multi-modality
imaging system.

certain deviation. The quantization indices of MM, such as CS
and CORR, were both higher than the FEM. It means that the
proposed MM have made a certain improvement compared to
the conventional FEM. Different from the results of FEM, the
variation of the fluorescence signal of MM was more gentle,
and the lower-intensity signal was kept well. This leads to
a more similar result to MC. Since DE cannot accurately
depict photon transport in the region close to the source, and
it has also been investigated that there are some limitations of
DE [10], [40], both the solving results of MM and FEM exist
errors.

B. In Vivo Experiment
For further validating the application of MM at in vivo
situation, a healthy adult Kunming mouse was used to conduct
the animal experiment. We implanted a plastic fluorescent bead
filled with 2000 nM cy5.5 solution inside the left hypogastrium of the mouse. After anesthetizing the mouse with 2%
isoflurane, the in vivo experiment was implemented using a
multi-modality imaging system [41].
The micro-CT system was conducted by a cone-beam 90 kV
UltraBright Micro-Focus X-ray generator (Oxford Instruments) along with an X-ray flat panel sensor (Hamamatsu
Photonics). Feldkamp–Davis–Kress algorithm was applied to
convert the original micro-CT data into 3-D volume [42].
For FMT system, the fluorescent bead was excited via
a 671 nm continuous wave laser, with an excitation light
power of 0.02 watts. The multi-view fluorescence images were
acquired by a near-infrared charged-coupled device camera
(Princeton Instruments). The transmission mode was adopted
to obtain the fluorescent signal. The field-of-view was set
to 160◦ opposite to the laser. The excitation angles were
set to 0◦ , 90◦ , 180◦ and 270◦.
The fluorescence images and micro-CT image were preprocessed for the reconstruction of FMT. To build the
heterogeneous mouse model, five main kinds of biological

Fig. 9. The reconstructed internal fluorescent sources of the in vivo
experiment based on MM and FEM, which are compared with microCT image. The first row and second row list the results of MM and
FEM, respectively. The first and second columns list the 3-D visualization
and cross-sectional of the reconstructed fluorescent sources. The third
column lists the corresponding micro-CT cross-sectional image. The
actual locations of the fluorescent bead are clarified by the red square
markers.

tissues including muscle, lungs, heart, liver and kidneys were
extracted from the 3-D volume though a combination of artificial and automatic methods [43]. The optical properties of the
biological tissues were allocated according to Table IV [44].
After the biological tissues extraction, the image domain was
discretized into 2513 nodes and 13825 tetrahedrons for FEM,
while 2500 nodes were used for MM. The time cost of
mesh generation is 37.29 s, and the time cost of MM nodes
generation is 3.29 s. The support distance was set to ρ = 6.
A 3-D surface flux mapping strategy was adopted to merge
the fluorescence signal with the interpolating nodes [45]. The
architecture of the multi-modality imaging system and the data
processing procedure are shown in Fig. 8.
After the data preparation, the MM and FEM were both
performed to solve the PPM of FMT. Then the L1-IS method
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was utilized to perform the tomographic reconstruction. For
the purpose of fair comparison, the regularization parameters
used in the inverse problem of MM and FEM were both set
to 1.0 × 103 [30].
The internal fluorescent sources obtained based on MM and
FEM are shown in Fig. 9, which are compared by the microCT image. The first and second rows show the reconstruction
results based on MM and FEM, respectively. The first column
lists the 3-D views and iso-surface images of the fluorescent
sources, and the second column lists the cross-sectional views.
Since the fluorescent bead is cavity, it can be easily imaged by
micro-CT. We could find that the reconstruction results based
on MM and FEM were both satisfactory. The result of MM
was more condensed with smooth surfaces, while the reconstruction artifact was less than FEM. The PEs of the results
were computed to qualified the accuracy of the reconstruction,
and the result is PE M M = 0.44 mm, PE F E M = 0.68 mm. As a
conclusion, the PPM solving by the proposed MM can improve
the accuracy of the tomographic reconstruction of FMT in in
vivo application.
IV. D ISCUSSION AND C ONCLUSION
Since FMT has significant advantages in specific targeting
the biological tissues at cellular and molecular levels, it has
been rapidly developed in recent years. Currently, the studies
in the numerical methods to solve the PPM is central to the
imaging quality of FMT. However, the conventional FEMbased numerical techniques have some limitation due to the
inherent weakness of complex mesh computing, such as time
consuming and discretization error, particularly in the case
of complex biological geometries. To further improve the
accuracy of FMT, more powerful numerical techniques should
be developed. In this article, we proposed a novel compactly
supported radial basis function-based meshless method for
solving the PPM. By introducing CSRBFs to continuously and
independently interpolate the image domain, the proposed MM
can further improve the solution accuracy of PPM in biological
tissues.
To find the optimal key parameters of MM, both the support
distance and the number of sample nodes were tested. The
solutions are shown in Section III A 1) and 2). We conclude
from the experiments that when the number of sample nodes
is fixed to N = 2500, optimal tradeoff between computation
accuracy and efficiency is achieved when the support distance
is set to ρ = 6. In turn, if the support distance is fixed, the
optimal number of sample nodes is N = 2500.
In comparison with conventional FEM, the MM algorithm has made a certain improvement. In Section III A 3),
four groups of excitation were performed, then the PPM
was solved by FEM and MM. The solving results of the
two method were compared with the golden standard. It is
shown that the fluorescent spots predicted by MM were more
closed to the golden standard. Meanwhile, the variation of the
fluorescence signal of MM was more gentle, and the lowerintensity signal was kept well. This is mainly owing to the
non-linearity of CSRBFs and continuous interpolation of the
image domain via MM. Different from FEM, the intensity

at a certain point inside the image domain is interpolated
by multiple CSRBFs, which can ensure the continuity of
the photon propagation and improve the accuracy of PPM.
Furthermore, to estimate the validity of MM in improving
the tomographic reconstruction for biological application, an
in vivo mouse experiment with interior fluorescent illuminant
was performed. The barycenter of the reconstruction result
of MM was more closed to the real emission light source
inside the mouse, and there were less artifacts in the result
of MM. It demonstrated that the MM algorithm can achieve
more accurate FMT result.
For the future, some valuable points should be researched
further. First, the optimal node collocation and support distance are difficult to choose. We obtain the optimal choice
according to the experiment results in this work, and more
efficient strategies should be developed, such as the adaptive collocation method. Second, in this work we implanted
a hypothetical point-shaped tumor in numerical simulation
and in vivo experiment, since the early-stage tumor inside
the mouse is usually spherical. There are various shapes of
emission targets, such as multiple non-point source targets like
tube targets, square targets and irregular targets. It should be
note that the emission targets might be too large to satisfy
our sparsity assumption. These more complicated situations
should be studied to improve the proposed method. Third,
the interpolated function often yields some unwanted artifacts
and spurious level sets. Since there are inherent shortcomings
of DE to describe the PPM, it is difficult to distinguish the
errors caused by the interpolating artifacts or the DE. More
improvement should be done to reduce the artifacts between
different interpolating units. Finally, since there are some
limitations in DE, the MM can be further utilized in solving
more high challenged PPM such as SPn, to further improve
the accuracy of FMT.
In conclusion, we have made a primary research on a
novel CSRBF-based meshless method to interpolate PPM in
biological tissues. The performance of the proposed method
has been analyzed with numerical mouse simulations and
in vivo mouse experiments. The preliminary results show that
the proposed MM has huge potential in FMT.
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