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Robust Reconstruction of Fluorescence
Molecular Tomography Based on Sparsity

Adaptive Correntropy Matching Pursuit Method
for Stem Cell Distribution

Shuai Zhang, Xibo Ma, Yi Wang, Meng Wu, Hui Meng, Wei Chai, Xiaojie Wang,
Shoushui Wei, and Jie Tian , Fellow, IEEE

Abstract— Fluorescence molecular tomography (FMT),
as a promising imaging modality in preclinical research,
can obtain the three-dimensional (3-D) position information
of the stem cell in mice. However, because of the ill-posed
nature and sensitivity to noise of the inverse problem, it is a
challenge to develop a robust reconstructionmethod, which
can accurately locate the stem cells and define the distribu-
tion. In this paper, we proposed a sparsity adaptive corren-
tropy matching pursuit (SACMP) method. SACMP method
is independent on the noise distribution of measurements
and it assigns small weights on severely corrupted entries
of data and large weights on clean ones adaptively. These
properties make it more suitable for in vivo experiment.
To analyze the performance in terms of robustness and
practicabilityof SACMP, we conductednumerical simulation
and in vivo mice experiments. The results demonstrated
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that the SACMP method obtained the highest robustness
and accuracy in locating stem cells and depicting stem cell
distribution compared with stagewise orthogonal matching
pursuit and sparsity adaptive subspace pursuit reconstruc-
tion methods. To the best of our knowledge, this is the
first study that acquired such accurate and robust FMT
distribution reconstruction for stem cell tracking in mice
brain. This promotes the application of FMT in locating stem
cell and distribution reconstruction in practical mice brain
injury models.

Index Terms— Fluorescence molecular tomography,
inverse problem, sparsity adaptive correntropy matching
pursuit, robust reconstruction.

I. INTRODUCTION

FLUORESCENCE molecular imaging can noninvasively
monitor the stem cells migration, homing and differenti-

ation by detecting the distribution of molecular probe [1]–[5].
However, two-dimensional (2D) surface fluorescence derived
from the inner light sources of organisms after scattering and
absorption, only provide the 2D qualitative information of
stem cell aggregation, which does not reflect its 3D clus-
ter morphology and distant effect. This severely limits its
application for quantitatively stem cell tracking. Therefore,
many research groups have devoted to developing fluorescence
tomography systems and algorithms in order to reconstruct
the 3D distribution of fluorescent probes [6]-[13]. This is
an important technique with great potential for the study
of stem cells, as there are not a definite interpretation for
the mechanism and toxicity of stem cells in organisms in
preclinical and clinical research [14], [15].

To reconstruct accurate FMT light source, FMI is typically
acquired from different angles and fused with CT images so
that anatomical structure can be used as the prior information
to reduce the ill-posedness of inverse problem [11]. However,
the problem still exist because noise introduced during data
acquirement and discretization will severely influence the FMT
reconstruction. Thus there are various challenges to reconstruct
stem cell distribution in living organisms [10], [16]–[18].

One of the major solutions is proposed based on the assump-
tion that fluorescent source is sparse, because the fluorescent
probe distribution is relatively concentrated in some specific
areas compared to the whole organ [18]. Many sparse methods
under the assumption have been developed to improve the
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quality of reconstruction results. Either sparse regularization
terms (L0, L1, L p etc.) [9], [18]–[20] or greedy strategies are
used to ensure sparsity of solutions [21]–[23]. Although, the
algorithms which explicitly adopt sparse-type regularization
can locate the fluorescent source positions accurately, they
usually require lots of iterations to get satisfactory results,
especially when the dimension of the FMT inverse problem is
considerable [24].

For the purpose of improving the FMT reconstruction
efficiency, some researchers have consideration on the combi-
nation of sparse regularization and compressive sensing (CS)
theory for FMT reconstruction [19], [20], [25]. Under the
framework of the CS theory, the StOMP algorithm that incor-
porate greedy pursuit strategy has been used to solve the
FMT inverse problem [21]. The method can usually achieve
acceptable results after a little calculation time, while the
sparsity factor need to be estimated in advance. However, for
the FMT reconstruction problem in practical, sparsity factor is
unknown and artificial estimation of it generally detract from
the result accuracy. In response to this problem, a method
based on SASP, which estimates and updates the sparsity
adaptively using a bottom-up approach during the iterations,
was proposed to be more suitable for practical biomedical
research [23].

Most conventional matching pursuit (MP) methods estimate
the target sparse vector through solving least squares problem
under the mean square error (MSE) criterion. The prerequisite
for MSE criterion is that the noise distribution conforms to
the Gaussian assumption which largely limits the application
of these methods [26]–[29]. In this study, we propose a
SACMP method for stem cell distribution reconstruction. For
SACMP method, correntropy induced metric (CIM) [27] of the
residual is used instead of MSE for the target sparse vector
estimation [30]. The method is agnostic to noise distribution
and can handle on measurements with Gaussian and non-
Gaussian noise for the FMT reconstruction. In addition, MP
methods usually evaluate the correlation between residual and
all atoms to select the target atoms. Once the measurements are
disturbed by the noise, the selected atoms will be extremely
inaccurate. To alleviate this limitation, we adopt the optimiza-
tion algorithm based on half-quadratic (HQ) theory [31] to
minimize the CIM of the residual and calculate the weight
vector to improve the accuracy of the selected atoms.

In particular, there are some challenges in reconstructing
stem cell distribution for FMT. The number of the stem
cells in mice is fewer and the distribution is more dispersed,
compared to tumor cells in tumor bearing mice. It is a
multiple light sources reconstruction problem with low signal
to noise ratio which resulting in hardly getting robust and
accurate solutions. Therefore, it is necessary to develop a more
robust and accurate reconstruction algorithm. And SACMP
method is proved to alleviate the ill-posedness of the FMT
inverse problem and have better performance on robustness
and accuracy.

To evaluate the performance of SACMP method, numerical
simulation experiments and in vivo experiments of stem cell
distribution in brain injury mice were carried out. StOMP and
SASP methods were used for comparison, and the anatomical

information derived from CT was applied to build the hetero-
geneous mouse model. The MRI results were considered to
be the actual location and distribution of stem cells in mice
and were used as reference of evaluation for all methods.

This paper is organized as follows: Section II introduces
the photon propagation model (PPM), the linear relationship
between inner fluorescence source and surface photon distri-
bution, the reconstruction algorithm based on SACMP and
the evaluation index. Section III describes the contents and
results of numerical simulation experiments and in vivo stem
cell distribution experiments. At last, Section IV presents
discussion, conclusion and future application of our method.

II. METHODOLOGY

A. Photon Propagation Model and
Inverse Problem of FMT

For the continuous-wave FMT of the point excitation
sources, the photon propagation in the biological tissue within
the near- infrared spectroscopy window can be described by
a pair of coupled diffusion equations, plus the Robin-type
boundary condition, which can be expressed as follows [7]:

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

∇ [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 ∈ �)

2Dx,m (r)∇�x,m (r)+ q�x,m (r) = 0 (r ∈ ∂�)
(1)

where r denotes the nodes inside the problem domain �
and rl is the positions of point excitation sources; rl

are placed on one mean free path of photon transport
beneath the surface of �, and here we assume they are
isotropic points. Subscripts x and m denote the excitation
and emission wavelengths respectively. μax,am and μsx,sm

denote the absorption and scattering coefficients; Dx,m =
1/3 (μax,am + (1 − g)μsx,sm) denotes the diffusion coeffi-
cient. � is the excitation intensity and � (r) is the photon flux
density at node r . ημa f (r) is the fluorophore distribution to
be reconstructed where η is the quantum yield, and q denotes
the optical reflective index.

Equation (1) can be solved by finite element method through
discretizing the domain with finite element meshes and it can
be linearized to the following equations:

Kx�x = Sx (2)

Km�m = G X (3)

Where Kx and Km denote the system matrices of the excitation
and emission propagation; and Sx is the discrete excitation
source. Discretizing the unknown fluorescent target, we can get
the matrix G(i, j) = ∫

��x(r)ϕi (r)ϕ j (r)dr , where ϕi (r) and
ϕ j (r) denote the base functions for node i and j , while vector
X denotes reconstructed target. Since Km is symmetrical and
positive matrix [32], (3) can be formulated into the following
Matrix-form equation:

�m = K −1
m G X = DX (4)
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By removing the immeasurable entries in �m and the corre-
sponding rows in D, we obtain

�meas
m = AX (5)

The matrix A, of size Ndata × Nvoxels , is ill-posed, causing
difficulties in the following reconstruction. �meas

m ∈ R{Ndata ×1}
is the measure vector and X ∈ R{Nvoxels ×1} is vector to be
solved. Ndata is the measurements number, and Nvoxels is
the number of finite element nodes. Derivation details can be
found in [10], [11], [13], and [16].

As described above, the linear relationship between the
fluorescent sources inside the tissue and the surface pho-
ton density has been established. Due to the ill-posedness
of the inverse problem, the direct solution does not exist.
So a priori information such as sparsity term is proposed to
obtain the acceptable approximate solution. The L1 regular-
ization method is introduced to FMT reconstruction and (5) is
expressed as the regularized least squares equation:

min E (X) = 1

2

∥
∥AX − �meas

m

∥
∥2

2 + λ ‖X‖1 (6)

where E denotes the objective function, λ is the regularization
parameter used to balance the influence between the fidelity
term and the regularization term. We can regard the columns of
A as a set of base vectors and X is the coefficient vector. FMT
sparse reconstruction can be considered to be the selection of
as few base vectors as possible, so that the vector �meas

m is
represented by a linear combination of these base vectors, and
the coefficients of these base vectors represent the unknown
fluorescence source distribution. So FMT reconstruction can
be seen as a basis pursuit problem, with the following form:

min ‖X‖1 subject toAX = �meas
m (7)

B. Reconstruction Based on Sparsity Adaptive
Correntropy Matching Pursuit

In this section, we proposed a robust SACMP method along
with the HQ optimization algorithm for the FMT reconstruc-
tion.

1) Correntropy Induced Metric: For SACMP, CIM is used to
evaluate the residual during the iteration. Here correntropy [27]
is used to measure the similarity of two variables and it is
constructed as follows

V (Z ,Y )= E [κσ (Z −Y )] =
∫ ∫

κσ (Z −Y ) pZY (z, y) dzdy

(8)

where pZY (z, y) denotes the joint probability density func-
tion (PDF) of Z and Y , κσ (t) denotes Gaussian kernel with
bandwidth σ shown as

κσ (t) = 1√
2πσ

ex p
(
−t2/2σ 2

)
, t ∈ R (9)

In practical, we usually do not know the PDF of Z and Y and
only some samples {(zi , yi )}m

i=1 are available, m denotes the
number of samples. So the correntropy is estimated using the
samples by the formula shown as

V̂ (Z ,Y ) = 1

m

m∑

i=1

κσ (zi − yi ) (10)

Extended to vectors v1, v2 ∈ R
m , the CIM [27] is defined as

C I M(v1, v2) =
(
κσ (0)− V̂ (v1, v2)

) 1
2

= C

(
m∑

i=1

(1 − gσ (v1 (i)− v2 (i)))

) 1
2

(11)

with gσ (t) = exp
(−t2/2σ 2

)
, t ∈ R and C =√(

1/
(√

2πσm
))

·C is a constant which is independent of v1

and v2. So CIM-based loss function can be defined as follows

Lσ (e) := 1

m

m∑

i=1

�σ (ei ) := 1

m

m∑

i=1

σ 2 (1 − gσ (ei )) (12)

where e = [e1, e2, . . . , em ] ∈ R
m is the error vector. When e

is very small, above equation can be written

�σ (ei ) = σ 2 (1 − gσ (ei )) = e2
i + o

(
e2

i

)
(13)

where o
(
e2

i

)
represents a function which is close to zero

faster than e2
i when ei → 0. Under this circumstance, (13) is

approximate to MSE criterion. The large impulsive noise will
cause fast increase of MSE and accordingly severely influence
the performance of the whole algorithm. In contrast, CIM-
based loss function grows slowly and the upper bound of the
loss function is σ 2. So the method based on CIM is more
robust in processing measurements with impulsive noise and
outliers than the methods based on MSE [27].

2) Sparsity Adaptive Correntropy Matching Pursuit: Based on
above CIM-based loss function, SACMP method is proposed
in the framework of conventional matching pursuit. First, the
initial residual is set as r0 = y and the index set is initialized as
0 = φ, φ is a null set. In each subsequent iteration, we select
some column vectors of matrix A that most correlated with
the current residual as the candidate atoms. Then we solve
the CIM minimization problem to get a new approximation
solution as follows

Xk = arg min
X∈�n,sup p(X)⊂k

Lσ (y − AX) (14)

In order to solve (14), we designed the optimization algo-
rithm based on half-quadratic (HQ) theory [31]. Because
�σ (ei ) is a convex function, (14) can be solved using some
other optimization methods such as fixed point and gradient
descent methods. However, the HQ optimization has special
advantages for our problem. In addition to the approximate
solution Xk , we can also get the weight vector wk which
indicates the entries importance of the measurement vector
y. In each subsequent iteration, the weight matrix is modified
to further improve the performance of SACMP in terms of
robustness and accuracy. According to the convex optimization
theory [33], we can obtained a convex function φ(s), s ∈ R

for gσ (t) = exp(−t2/2σ 2) which has the following form

gσ (t) = sup

{
st2

σ 2 − φ (s) , s ∈ R−
}

(15)

gσ (t) reach to supremum at s = −gσ (t), then both sides
of (15) multiplied by −σ 2 at the same time. After denoting

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on April 27,2020 at 14:02:33 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: ROBUST RECONSTRUCTION OF FMT BASED ON SACMP METHOD FOR STEM CELL DISTRIBUTION 2179

r = −s and defining functionψ (r) := σ 2φ (−r), we can get
the following equation

−σ 2gσ (t) = inf
{

r t2 + ψ (r) , r ∈ R+
}

(16)

gσ (t) reach to infimum at r = gσ (t). Substituting (16)
into (14), deleting the constants and reorganizing the equation
simply, (14) is transformed into the form

min
X ∈ R

n, w ∈ R
m+

sup p (X) ⊂ k

J (X, w) =
∥
∥
∥
√

diag (w) (y − AX)
∥
∥
∥

2

2

+
m∑

i=1

ψ (w (i)) (17)

where diag (w) is a diagonal square matrix consisting of
elements of vector w on the main diagonal. According to the
HQ theory [31], (17) can be solved by the following iteration
process

ŷ = AX (t)

σ (t+1) =
(

1

2m

∥
∥y − ŷ

∥
∥2

2

) 1
2

(18)

w(t+1) (i) = gσ
(
y (i)− ŷ (i)

)
, i = 1, 2, . . . ,m (19)

X (t+1) = arg min
X∈Rn,sup p(X)⊂k

∥
∥
∥
∥

√

diag
(
w(t+1)

)
(y − AX)

∥
∥
∥
∥

2

2

(20)

where t denotes the number of iterations. From (18), the kernel
size is automatically updated in the iteration process. Accord-
ing to (16) and (20), the algorithm is bound to converge after
finite number of iterations [31]. In theory, (20) is a weighted
least squares problem and the solution can be represented by
the following form:

X (t+1)
∣
∣
∣
k

=
(

AT diag
(
w(t+1)

)
A
)−1

AT diag
(
w(t+1)

)
y

(21)

and X (t+1)|c
k

= 0, c
k is the complementary set, X (t+1) is

solved in the set k , the elements in the vector corresponding
to the set k are nonzero and the rest are zero. We will get
the solutions Xk and wk of (17) according to above methods.
It is worth mentioning that the weight vector represents the
degree of noise interference for measurement vector elements.
When some elements are heavily contaminated by noise,
the corresponding weights decrease dramatically to suppress
the effect of noise. Based on this, we update the residual in
the following form:

rk = √
diag (wk) (y − AXk) (22)

The sparse vector is finally calculated until the cut-off condi-
tions are satisfied. We summarize the complete procedure of
the proposed method in Algorithm 1.

Fig. 1. The views of the heterogeneous mouse for numerical simulation
studies. (a) and (b) is the 3-D and axial sectional views of the model
respectively. Two simulated target source 1 (S1) and source 2 (S2) are
implanted inside the brain and the centers of two sources are both in the
z = 9.5 mm plane.

C. The Evaluation Index

To quantify the reconstruction performance, position
error (PE) and relative intensity error (RIE) were calculated
in the dual-source simulation experiments to measure the
distance variation and intensity variation between the recon-
structed region and real region, and Dice index was calculated
in in vivo stem cell distribution experiments in order to
measure the reconstruction accuracy of distribution shape.

The define of PE and RIE are given by

PE = ‖ Pr − P0 ‖2 (23)

RIE = |Ir − I0|
I0

(24)

where Pr and P0 are the center coordinates of reconstructed
and actual fluorescent sources respectively, Ir denotes the
maximum fluorescence yield of reconstructed sources and I0
denotes the actual fluorescence yield of sources. Dice index is
adopted to measure the shape similarity between two objects:

Dice = 2 |X ∩ Y |
|X | + |Y | (25)

where X and Y are the reconstructed region and true region.
The degree of similarity between them gradually increases
when Dice value ranges from 0 to 1.

III. EXPERIMENTS AND RESULTS

In this section, we designed the numerical simulation studies
and in vivo stem cell distribution studies to analyze the
FMT reconstruction performance of SACMP method and
made a comparison with StOMP and SASP methods in terms
of accuracy, stability and practicability. All the MATLAB
programs ran on desktop computer with Intel(R) Core(TM)
i7-6700 CPU (3.40 GHz) and 16GB RAM.

A. Numerical Simulation Study

The numerical simulation studies were first used to assess
the performance of the proposed method and the Digimouse
atlas [34] was used to construct the heterogeneous simulation
model. The simulation model is shown in Fig. 1a, including

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on April 27,2020 at 14:02:33 UTC from IEEE Xplore.  Restrictions apply. 



2180 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 37, NO. 10, OCTOBER 2018

Fig. 2. The reconstruction results of the numerical simulation studies. (a) - (d) are the 3D rendering and axial slices of the reconstructed tumor
sources with the data adding 15% Poisson, Salt & Pepper, Exponent, and Gaussian noise of StOMP, SASP and SACMP methods respectively. Red
circle: two real sources region.

three different organs: muscle, bone and brain. Two fluores-
cence sources S1 and S2 with 2 mm diameters were implanted
into the brain. After combining different organs, the digital
mouse was meshed as 8152 nodes and 43114 tetrahedral ele-
ments in the forward process. And the phantom was discretized
to 7832 nodes and 41235 tetrahedrons after simple mapping
between nodes in the inverse process. The excitation and emis-
sion fluorescence wavelengths are set as 680 nm and 750 nm
respectively. The optical absorption and scattering parameters
of the three organs were given in Table 1 [35]. The white dot in
Fig. 1b were the isotropic point excitation light sources which
were located in one mean optical free path from the surface
in the z = 9.5 mm plane. During each excitation, we acquired
the surface fluorescence signal within 160 degree area from
the opposite side of excitation light source (shown in Fig. 1b).
After eight times of excitations, we can obtain eight measure

TABLE I
OPTICAL ABSORPTION AND SCATTERING COEFFICIENTS

(UNITS OF µa AND µs : mm−�)

data sets to reduce the ill-posedness of the FMT inverse
problem.

The parameters α and Pmaxof StOMP method were set as
0.8 and 100, which were same as the values used in [21].
For SASP method, according to [23], the threshold ε and the
maximum iteration number Nmax were set as 0.07 × norm(y)
and 25, where norm(y) denoted the Euclidean length of
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Fig. 3. Quantitative comparisons of PE in the numerical simulation experiments. (a) PEs of three methods regarding to the noise level and type for
S1. (b) The same comparisons for S2. (c) The dual-source total PE of each method in different noise levels and types.

the observation vector y. In the proposed method, we ended
the iteration when the residual rk is smaller than a certain
threshold ε or the iteration number reaches to maximum Nmax.
In the experiments, the parameters ε and Nmax were optimized
according to the experimental experience. The high noise
level will cause serious calculation error and the threshold
values should be adjusted accordingly. We empirically set the
threshold ε as (0.02, 0.05, 0.07, 0.1, 0.13)× norm(y) for the
0%, 5%, 10%, 15% and 20% noise tests. In our experiments,
we can obtain satisfactory results using the proposed method
under these threshold values. The maximum iteration number
Nmax was set as 30 and each of reconstruction processes using
our method stopped within 30 iterations.

Fig. 2 demonstrates the reconstruction results of StOMP,
SASP and SACMP methods with the measure data adding
15% Poisson, Salt & Pepper, Exponent and Gaussian noise
respectively. The 3D rendering and the axial slice crossing
the centers of two fluorescent sources (Z = 9.5 mm) are
illustrated for each method in different noise types. Compared
with StOMP and SASP methods, SACMP provides the best
performance with the smallest PE and RIE in the tests of four
different types of noise. These superiorities of SACMP are
more obvious in the test of non-Gaussian noise.

The quantitative comparisons of PEs in Fig. 3 further
confirm these observations. The real fluorescence position
centers of S1 and S2 are (13.1, 20.5, 9.5 mm) and (13.1, 17.0,
9.5 mm). For S1, SACMP achieves much smaller PEs for the
test of non-Gaussian noise and the similar performance for the
test of Gaussian noise (Fig. 3a). For S2, the PEs of SACMP
are smaller than that of the other two methods (Fig. 3b).

After combining the PEs of S1 and S2, the PEs derived from
SACMP are greatly smaller than that obtained by conventional
StOMP and SASP methods except for the tests of Gaussian
noise (Fig. 3c). The results showed that SACMP significantly
improve the reconstruction accuracy when the measurements
contaminated by non-Gaussian noise (P < 0.05 for SACMP
vs StOMP or SASP).

The quantitative comparisons of RIEs for each method
with different types and levels of noise are shown in Fig. 4.
The actual fluorescence yields of S1 and S2 are both set as
0.8 mm−1. Fig. 4a demonstrates that the RIEs of SACMP
are smaller than that given by the rest of methods on dealing
with the four types of noise. For S2, the RIEs of SACMP and
SASP are similar when data is added Exponent and Gaussian
noise (Fig. 4b). Overall speaking, the SACMP achieve the
most accurate performance in term of RIE for different levels
and types of noise. The PE and RIE of reconstruction results
showed that the SACMP method has the highest accuracy and
robustness on handling with both Gaussian and non-Gaussian
noise issue.

Fig. 5 demonstrates the performance of SACMP in the
double-source phantom experiments with different number
of mesh nodes (Fig. 5a) and different step sizes (Fig. 5b).
Obviously, large number of node will produce more accurate
reconstruction result, but the amount of computation will
increase rapidly. Both PE and RIE are better when the number
of nodes increases, while the performance keep relatively
stable as the node number reach more than 7832.

In the step sizes test, the reconstruction results with different
step sizes from 1 to 5 are demonstrated in Fig. 5b. The
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Fig. 4. Quantitative comparisons of RIE in the numerical simulation experiments. (a) RIE of three methods regarding to the different levels and
types of noise for S1. (b) The same comparisons for S2.

Fig. 5. Quantitative comparisons of the parameters test with PE (red)
and RIE (green). (a) The nodes density test. (b) The step size test.

Fig. 6. The data processing scheme of the FMT based on multi-modality
imaging system.

figure shows that the PE and RIE increase while the step size
changes from S = 1 to S = 5. A smaller step size will achieve
higher reconstruction accuracy. Correspondingly, the number
of iterations will increase significantly. Without decreasing
reconstruction accuracy severely, we set step size as 2 with
the consideration of the reconstruction efficiency.

Fig. 7. The real position of fluorescence source in brain and the
reconstruction results of the StOMP, SASP and SACMP methods. The
area surrounded by brown curve is the real position and the colorbar is
normalized. (a) The rainbow color superimposed on MR image slices are
the reconstructed results (b, c, d).

B. In Vivo Experiment
To further evaluate the practical performance of the

SACMP algorithm, we carried out in vivo mesenchymal stem
cells (MSCs) distribution experiments in brain. In this work,
the MSCs were incubated with the multimode biological probe
for two hours before transplantation [36]. The excitation and
emission fluorescence wavelengths of probe are 680 nm and
750 nm respectively. The female nude mice (6 weeks) were
purchased from Peking University Laboratory Animal Center.
Then we build a traumatic brain injury animal model in the
left hemisphere and the labeled stem cells were injected into
the contralateral hemisphere subsequently [37]. 7 days post
injection, some MSCs migrated to the contralateral hemisphere
injury area, and the fluorescence images of the multimode
probe and CT anatomical data were collected using the mul-
timodal imaging system developed by our group [38], then
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Algorithm 1 SACMP
Input: matrix A, vector y and stopping criterions (threshold
ε and the maximum number of iterations Nmax).
Output: an estimate solution X̂ and weight vector ŵ of FMT
problem.
Initialization: the residual r0 = y, the index set 0 = φ,
the iterator number k = 0, step size S = 2, sparsity factor
K = S.
while rk > ε and k < Nmax do
1: k = k + 1;
2: selection. In matrix A, select K columns which are most
correlated with the residual

λk = arg max
i=1,2,...,n

|〈rk−1, ai 〉|

3: Amplification.Add the selected columns to the index set

k = k−1 ∪ {λk}
4: Estimation.The CIM minimization problem is solved
according to the formulas

w(t+1) (i) = gσ
(
y (i)− (

AXt) (i)
)
, i = 1, 2, . . . ,m

X (t+1) = arg min
X∈Rn,sup p(X)⊂k

∥
∥
∥
∥

√

diag
(
w(t+1)

)
(y − AX)

∥
∥
∥
∥

2

2

5: Update the residual.

rk = √
diag (wk) (y − AXk)

6: Update the sparsity factor K .
if rk > rk−1 then

K = K + S, rk = rk−1, k = k−1

end if
end while
Output:The sparse solutionX̂ = Xk and the weight vector
�
w = wk .

the MR signals of the multimodal probe was acquired by
the small animal magnetic resonance imaging system (1.5t,
M3TM, Aspect Imaging, Israel). All animal experiments were
performed under the guidelines approved by the Institutional
Animal Care and Use Committee (IACUC) at Peking Uni-
versity, and we have tried our best to alleviate the suffering
of animals. During the data acquisition, the mice were anes-
thetized by isoflurane-oxygen mixed gas (500 ml/min, Matrx
VMR Small Animal Anesthesia Machine, Matrx, USA).

The fluorescence images were acquired by an elec-
tron multiplying charge coupled device (EMCCD) cam-
era (iXonEM+888, ANDOR, UK) with 5 seconds exposure
and binning 4 using 750±10 nm bandpass filter. The anatomi-
cal structures including muscle, bone and brain were acquired
and their optical parameters were listed in Table 1 [27]. Then
the semi-segmented organs were discretized into finite element
meshes and the surface fluorescence density was mapped
onto these meshes. The MR images were acquired with the
parameters: TR 6000 ms, TE 50 ms, slice thickness 0.5 mm,
and slice spacing 0.2 mm. The MR signals of the probe can be

received as the actual distribution of stem cells, so we can use
it to evaluate the performance of our reconstruction method. It
should be pointed out that the head of mouse can be regarded
as rigid object which is benefit to registration between CT and
MR data [39]. Fig. 4 shows the whole data processing scheme
of in vivo experiment.

The area depicted by brown curve is considered to be the
real distribution of stem cells (Fig. 5a). The figure shows that
the reconstructed result based on SACMP match best with
the real fluorescence area in shape and position among all
the three methods. The Dice index of the SACMP, SASP
and StOMP methods for this experiment are 0.78, 0.55 and
0.31 respectively. The results indicate that the SACMP method
has considerable application prospect for brain stem cell
distribution experiments.

IV. DISCUSSION AND CONCLUSION

In this paper, we proposed a SACMP reconstruction method
to non-invasively detect the transplanted stem cells in brain.
The biggest superiority of SACMP is that the sensitivity
to non-Gaussian noise of the conventional MP method is
successfully overcome, thus the location and distribution shape
of stem cell are accurately reconstructed. This is achieved by
using CIM criterion instead of MSE criterion of the residual
in the iteration of algorithm, then HQ optimization algorithm
is used to minimize the CIM and calculate the weight vector
to improve the accuracy of the selected atoms.

Simulation studies demonstrated that the reconstruction
results of SACMP method had better performance than StOMP
and SASP methods on dealing with data contaminated by non-
Gaussian noise. And the three methods have similar perfor-
mance on measurements when the noise obey the Gaussian
distribution. The experimental results are consistent with our
theoretical description of it in section II. With the non-
Gaussian noise increasing, the superiority of our method over
the other two methods is more obvious. It is worth noting
that even we add 20% noise to the data, the method still have
acceptable results.

To further evaluate the practicability of SACMP method,
the FMT reconstruction results of the in vivo stem cells
distribution in traumatic brain injury mice were obtained and
the MRI images of the multimodal probe were used as the
reference of evaluation. The reconstructed result of SACMP
had the biggest Dice index which means the reconstructed
stem cell distribution shape match better with the actual mor-
phology. To the best of our knowledge, this is the first study
that acquired such accurate and robust FMT reconstruction of
stem cell distribution in mice brain.

For in vivo stem cell distribution problem, the fluorescent
source in animal body is weak which can be easily disturbed
by all kind of noise, for example external interference light,
excitation light and so on. Meanwhile, the CCD camera will
generate photon noise, dark current noise and read noise
during the image acquisition. The noise distribution of measure
data is so complex that Gaussian distribution approximation
will not represent it accurately and this will necessarily intro-
duce serious error. Robustness of SACMP to noise makes it
more suitable for stem cells distribution problems. The in vivo
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experiment results also demonstrated that our method had bet-
ter performance than the other two conventional MP methods.

However, during an iteration, the number of selected atoms
will affect the stability of the weight vector, but the mechanism
is not yet clearly clarified. One of our future work will focus
on proposing proper methods to reduce the limitation. Another
potential avenue would be the promotion of application of CIM
in algorithms which use the MSE criterion.

In conclusion, we proposed a SACMP method for the
inverse problem of FMT. Comparing with the conventional
MP methods, it had better performance in terms of accuracy,
robustness and practicability. This enabled FMT more feasible
and effective for stem cell distribution in practical mice brain
injury models.
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