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ABSTRACT
The high sensitivity and low cost of fluorescence imaging enables fluorescence molecular tomography (FMT) as a
powerful noninvasive technique in applications of tracer distribution visualization. With the development of targeted
fluorescence tracer, FMT has been widely used to localize the tumor. However, the visualization of probe distribution in
tumor and surrounding region is still a challenge for FMT reconstruction. In this study, we proposed a novel nonlocal
total variation (NLTV) regularization method, which is based on structure prior information. To build the NLTV
regularization term, we consider the first order difference between the voxel and its four nearest neighbors. Furthermore,
we assume that the variance of fluorescence intensity between any two voxels has a non-linear inverse correlation with
their Gaussian distance. We adopted the Gaussian distance between two voxels as the weight of the first order difference.
Meanwhile, the split Bregman method was applied to minimize the optimization problem. To evaluate the robustness and
feasibility of our proposed method, we designed numerical simulation experiments and in vivo experiments of xenograft
orthotopic glioma models. The ex vivo fluorescent images of cryoslicing specimens were regarded as gold standard of
probe distribution in biological tissue. The results demonstrated that the proposed method could recover the morphology
of the tracer distribution more accurately compared with fast iterated shrinkage (FIS) method, Split Bregman-resolved
TV (SBRTV) regularization method and Gaussian weighted Laplace prior (GWLP) regularization method. These results
demonstrate the potential of our method for in vivo visualization of tracer distribution in xenograft orthotopic glioma
models.
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1. INTRODUCTION
Fluorescence molecular tomography (FMT), as a powerful imaging technique in preclinical research, can offer threedimensional distribution of fluorescent probes noninvasively[1, 2]. FMT holds great potential for the research on tracer
distribution visualization, because there is still not an ideal tool for in vivo 3D visualization of fluorescent probes.[3, 4]
To improve the quality of FMT reconstruction, several methods have been proposed. One of the major methods is
adopting assumption that the fluorescence source is sparse compared with the entire reconstruction, so either sparse
regularization terms[5] or greedy strategies[6] were able to be employed. Besides, Tikhonov regularization with different
regularization matrixes[7] have also been widely used. Although most of these methods improved the location accuracy,
there was only few success in the accurate morphological reconstruction.
In this study, we proposed a novel nonlocal total variation (NLTV) regularization method to overcome the oversmoothed effect and improve contrast-to-noise ratio. To build the NLTV regularization term, we consider the first order
difference between the voxel and its four nearest neighbors. Furthermore, we adopted the Gaussian distance between two
voxels as the weight of the first order difference and applied split Bregman method to solve the optimization problem.
NLTV method reconstructed the fluorescence source without using the segmented tumor region prior and obtained
accurate morphological reconstruction of fluorescence distribution.
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To assess the performance of NLTV method, simulation and in vivo experiments in orthotopic glioma models were
implemented. Fast iterative shrinkage (FIS) thresholding method, Split Bregman-resolved TV (SBRTV) regularization
method and Gaussian weight Laplace prior (GWLP) regularization method were used for comparisons. The results of
NLTV method showed significant improvement in shape recovery of the fluorescence distribution.

2. METHODS
2.1 Photon propagation model of FMT
For FMT reconstruction with steady-state excitation, the propagation of photon in biological tissue can be modeled by
the coupled diffusion equations with Robin-type boundary condition[8], which can be expressed as follows:

⎧ ∇ ⋅ ( Dx (r)∇Φ x (r) ) − μax (r)Φ x (r) = −Θδ (r − rl ) r ∈Ω
⎪
⎪∇ ⋅ (Dm (r)∇Φm (r)) − μam (r)Φm (r) = −Φ x (r)ημaf (r) r ∈Ω
⎨
2Dx, m (r)∇Φ x ,m (r) + q Φ x, m (r) = 0
r ∈∂Ω
⎪
⎪
Dx, m = 1/ 3(μax, am + (1 − g)μsx,s m )
⎩

(1)

where ∇ is the gradient operator, and r denotes the location vector inside the imaging domain Ω. rl is the position of
excitation source with the intensity Θ , which is located at one transport mean free path beneath the surface of biological
tissue. Subscripts x and m represent the excitation and emission process, respectively. Φ x , m (r ) is the photon flux density

(W/mm2) at position r. μax , am and μ sx , sm are the absorption coefficients and scattering coefficients in mm-1, respectively.
Dx , m denotes the diffusion coefficient, and g is the anisotropy parameter. ημaf (r) denotes the fluorescent source to be

reconstructed, where η is the quantum efficiency. q is the optical reflective index.
Based on finite element analysis, Eq.(1) can be transformed into the following equation[9]:
Φ = AX

(2)

where Φ denotes the measured light flux on the tissue surface. A is the system matrix, and X is the distribution of
fluorescent sources in biological tissues.
2.2 Inverse problem of reconstruction

FMT reconstruction is aimed to solve the inverse problem of Eq.(2). Due to the ill-posedness of the inverse problem, the
direct solution does not exist. So a prior information such as total variation regularization term is proposed to obtain the
acceptable solution. The total variation regularization method is introduced to FMT reconstruction and Eq.(2) is
transformed as the regularized least squares equation:
min E (X) =

1
|| AX − Φ ||22 +λ || LX ||TV
2

(3)

where E denotes the objective function, λ is the regularization parameter used to balance the influence between the
fidelity term and the regularization term. L denotes the regularization matrix and it is defined widely as an identity
matrix. || ⋅ ||TV denotes the TV norm. || LX ||TV can be simply converted to the following form based on the finite element
analysis.
min E (X) =

1
|| AX − Φ ||22 +λ | LX |
2

(4)

where | ⋅ | denotes the L1 norm. However, total variation with identity matrix usually causes the over-smoothed effect in
FMT reconstructions. Therefore, the anatomical structure is adopted as the prior information to construct the
regularization matrix to alleviate this problem.
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2.3 Reconstruction based on nonlocal total variation regularization

In this section, we proposed a practical NLTV regularization method, which was inspired by the Gaussian weighted
Laplace prior regularization method for bioluminescence tomography (BLT)[7], to improve the effect of FMT
reconstruction. NLTV regularization method constructs the regularization matrix L with the Gaussian distance of each
couple voxels, and the regularization matrix is given as follows.

LG = (l i , j ) N × N
1
⎧
⎪
−d i2, j
⎪
)
l i , j = ⎨− exp(
2
4R
⎪
⎪⎩
0

(5)
i= j

j ∈ neighbor (i) & i ≠ j

(6)

otherwise

where each element li , j in LG is named as the decay element. di , j is Euclidean distance between voxels i and j.
Neighbor(i) denotes the set of i’s neighbors, we select four nearest neighbors to construct the LG in this study. R is the
radius of the Gaussian kernel, which is a constant for all voxels in the NLTV method.
2.4 The split Bregman method for TV regularization

The split Bregman method[10] was introduced as an efficient tool to solve the TV regularization. Its idea is to introduce
an auxiliary variable. Based on the split Bregman method, we first replace LX with d and yield the constrained problem
min E (X) =

1
|| AX − Φ ||22 +λ | d |
2

s.t. LX = d

(7)

We then approximate Eq.(7) by adding a penalty function term to obtain an unconstrained problem.
min E (X) =

1
|| AX − Φ ||22 +λ | d | + μ || LX − d ||22
2

(8)

where μ is a positive penalization parameter. Finally, we strictly enforced the constraints by applying the Bregman
iteration to obtain two subproblems:
(X k +1 , d k +1 ) = min || AX − Φ ||22 +λ | d | + μ || LX − d − b k ||22
bk +1 = bk + d k +1 − LX k +1

(9)
(10)

In order to further simplify the subproblems, we split the first subproblem into two separate ones, which can be
expressed as follows.
Step1: X k +1 = min || AX − Φ ||22 + μ || LX − d − bk ||22
Step2: d k +1 = min λ | d | + μ || LX k +1 − d − bk ||22

(11)

Step3: bk +1 = bk + d k +1 − LX k +1
As a result, a wide variety of optimization techniques can be applied to solve the problem. In this study, we adopted
conjugate gradient method and fast iteration shrinkage thresholding method to solve above problems.
2.5 In vivo experiment

Male BALB/c nude mice were purchased from the Beijing Vital River Laboratory Animal Technology Co. Ltd. All
animal experiments were implemented under the guideline approved by the Institutional Animal Care and Use
Committee at Peking University. All animal experiments were implemented under isoflurane gas anaesthesia and all
efforts were made to alleviate the pain of the mice. To build the orthotopic glioma models, 5×105 U-87MG cells in 6μl
PBS were injected into the brain of mouse. After 7 days, the tumor-bearing mice were injected with fluorescent probe
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through the tail vein. After 6 hours, the fluorescence images and CT data were collected utilizing a pentamodal imaging
system designed by our group[11] and the MRI scan was implemented subsequently.
After the in vivo triple-modality imaging, frozen sections of mouse head were collected utilizing freezing microtome.
Meanwhile, the ex vivo near fluorescence (NIRF) images of frozen sections were acquired using a Live Cell Imaging
System. Lastly, these specimen were stained by hematoxylin and eosin (H&E) for verifying the actual tumor area.
2.6 The evaluation index

To quantitative evaluate the accuracy of FMT reconstruction in shape recovery, contrast-to-noise ratio (CNR) and Dice
index were used as the quantitative index. The definition of CNR is presented as follows:
CNR =

μ ROI − μ ROB
2
2
ωROI σ ROI
− ωROBσ ROB

(12)

2
where μ ROI and μ ROB are the mean intensity of the region of interest (ROI) and region of background (ROB), σ ROI
and
2
σ ROB
are the respective variances. ωROI and ωROB are the ratios of ROI and ROB relative to the whole region. Dice
index is defined as follows:

Dice =

2 | X∩ Y |
|X|+|Y|

(13)

where X and Y represent the point sets of the reconstructed region and the actual region, respectively. High Dice index
reveals a better similarity of the two regions in both location and morphology.

3. RESULTS
In this study, we assessed the performance of NLTV regularization method using numerical simulation studies and in
vivo probe distribution studies. Different from using regular spherical sources, we adopted a chestnut shaped source in
the simulation model (Fig.1). Fig.2 presents the reconstruction results of four methods. In quantitative analysis, the dice
similarity coefficient (DSC) and contrast-to-noise ratio (CNR) of the proposed method were 58% and 9.18, which were
higher than that of FIS reconstruction (18% and 2.4), SBRTV reconstruction (49% and 8.81) and GWLP reconstruction
(44% and 4.65). Furthermore, Fig.3 presents the reconstruction results of in vivo FMT of orthotopic glioma bearing
mouse model. NLTV regularization method successfully overcame the over-smooth problem in FMT reconstruction.
Comparing with the other three methods, NLTV offered a much larger area of high signal intensities. More importantly,
it obtained more fluorescent information from the deeper tissue, which was close to the real distribution of fluorescent
probes in the NIRF images of frozen section (Fig.3(b)).

Figure 1: The 3D view (a) and the axial sectional view (b) of simulation model with the chestnut shaped source.
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Figure 2: FMT reconstructions of the chestnut shaped source using different methods. The 3D rendering, transverse view, coronal
view, and sagittal view of the source given by FIS, SBRTV, GWLP and NLTV, respectively.

Figure 3: In vivo FMT of orthotopic glioma bearing mouse model. (a) Comparison of reconstructed fluorescence sources using four
methods in the same axial slice of FMT and FMT-MRI. (b) H&E stained cryoslicing images and their corresponding near infrared
fluorescence images of frozen sections.
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4. CONCLUSION
The high sensitivity and low cost of fluorescence imaging enables fluorescence molecular tomography (FMT) as a
powerful noninvasive technique in applications of tracer distribution visualization. To achieve accurate morphology
recovery of tracer distribution, we proposed a novel nonlocal TV regularization method which is based on the prior
information of structure. To build the NLTV regularization term, we consider the first order difference between the voxel
and its four nearest neighbors. Furthermore, we adopted the Gaussian distance between two voxels as the weight of the
first order difference and applied split Bregman method to solve the optimization problem. In numerical simulation
experiments, as shown in Fig.2, the reconstructed results based on NLTV method achieved more accurate morphological
reconstruction compared with the other three methods. Furthermore, in vivo experiments of xenograft orthotopic glioma
models were designed to evaluate the practicability of the proposed method. The reconstruction results indicated that
NLTV method could achieve accurate tracer distribution which is validated by ex vivo fluorescence imaging. In all, the
proposed method provided a potential way for visualization of tracer distribution in vivo.
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