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ABSTRACT
Fluorescence molecular tomography (FMT) is a promising multimodality-fused medical imaging technique, aiming at
noninvasively and dynamically visualizing the interaction processes at the cellular and molecular level. However, the
quality of FMT reconstruction is limited by the simplified linear model of photon propagation. In this work, we propose a
novel GCN based Residual connected (GCN-RC) network to improve the quality of FMT morphological reconstruction.
Instead of using a simplified linear model of photon propagation for FMT recon-struction, the method can directly construct
a nonlinear mapping relationship between the photon density of an object surface and its internal fluorescent source. GCNRC network consists of a fully connected(FC) sub-network and a GCN sub-network connected by means of residual
connection. The FC sub-network provides a coarse reconstruction result and GCN sub-network fine-tunes the
morphological quality of reconstructed result. In order to validate the reconstruction performance of GCN-RC, we
performed numerical simulation experiments and in vivo experiments based on tumor-bearing mice. Comparisons were
performed with the L2-based Tikhonov method (Tikhonov-L2), inverse problem simulation (IPS) method and GCN-RC
method. Both numerical simulated and in vivo experimental results demonstrated that GCN-RC achieved improved
reconstruction in terms of both source localization and morphology recovery.
Keywords: fluorescence molecular tomography, Graph convolution network, inverse problem.

1. INTRODUCTION
Fluorescence Molecular Imaging (FMI) is a widely applied optical imaging modality for numerous biomedical
applications[1, 2]. FMI provides millimeter-level spatial resolution and shows the advantages of high detection sensitivity,
high signal intensity, and ease of clinical translation. In recent years, FMI has received extensive attention and becomes
one of the hot topics in the field of optical molecular imaging. However, due to the severe absorption scattering problem
when the photons propagate in the organism [3, 4], FMI can only locate the distribution of fluorescence source from twodimensional space, but cannot obtain the depth information of fluorescence source inside the object. Therefore,
fluorescence molecular tomography (FMT) has been proposed to perform depth reconstruction, which can fuse the tumorspecific molecular information from FMI with anatomical spatial information from Computed Tomography (CT) [5, 6].
In recent years, research on FMT has focused on improving the quality of 3D reconstruction, especially the location
accuracy and morphological reconstruction accuracy. Generally, the main task of FMT is to reconstruct the distribution of
an internal fluorescent sources under the condition that the distribution of its surface photon intensity is known. However,
the complexity of photon propagation model and the ill-posedness of inverse problem still limit the further development
of FMT reconstruction[7]. To solve the problems encountered in FMT reconstruction, researchers have proposed two
reconstruction methods. The first reconstruction method is mainly based on a photon propagation model[8-11]. This method
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uses the 3D spatial information provided by CT as a priori information to build a forward model of photon propagation in
an organism by means of a higher-order spherical harmonic approximation. The solution is usually carried out using a
regularization-based coordinate descent algorithm. Although these methods improved the performance of FMT
reconstruction, the deviation between simplified photon propagation model and actual process of light propagation still
limits the accuracy of FMT reconstruction. The second reconstruction method is mainly based on machine learning [12, 13].
This method establishes the model of inverse photon propagation directly by learning the nonlinear mapping relation
between the surface photon intensity and internal fluorescent source. The solution is usually carried out using multi-layer
perceptron (MLP) algorithm to simulate inverse problem. However, its over-sparse problem limited the morphological
reconstruction. Therefore, the morphological reconstruction of FMT based on machine learning is still an urgent challenge
to be solved.
In this work, we propose a novel GCN based Residual connected (GCN-RC) network to improve the quality of FMT
morphological reconstruction[14]. The method takes advantage of the structural priori feature that fluorescent sources tend
to be distributed in clusters within an organism, and uses GCN to extract spatial features to optimize morphological
reconstruction results. To validate the reconstruction performance of GCN-RC, we conducted numerical simulation
experiments based on digital mouse and also in vivo experiments on tumor bearing mice.

2. METHODS
2.1 FMT inverse problem
For a steady-state FMT that has the point excitation sources, photon propagation in biological tissues can be described
by the complex integral-differential radiative transfer equation[15]. Based on the finite element analysis and spherical
harmonic approximation, a linear relation between the surface photon intensity and the distribution of fluorescent source
inside the object can be constructed as follows:
(1)
where Φ represents the photon intensity on the object surface. A is the system matrix, and X denotes the distribution of
fluorescent source inside the object. Therefore, the FMT inverse problem can be constructed as follows:
(2)
Machine learning based reconstruction methods can use the non-linear fitting capabilities of deep learning to construct
mapping relationship
between 𝑋 and .
2.2 Data processing of FMT
In this work, the data processing work consists of the following four sections, CT image acquisition, organ segmentation,
tetrahedral meshing and dataset setup, as shown in Fig. 1. The CT imaging acquisition section was carried out on a healthy
mouse to obtain mouse structural data based on the multimodal imaging system, which was developed by the key
laboratory of molecular imaging of Chinese Academy of Sciences[13]. The organ segmentation section focused on
intercepting parts of the brain from CT images of mice, using a combination of region-based growth and manual outlining
to segment the muscle, skull and brain regions from the mouse brain. The tetrahedral meshing section used tetrahedra to
approximate the distribution of mouse tissue structures. Through this approach, a standard mesh for FMT reconstruction
is obtained using a tetrahedral mesh algorithm, which contains 9726 nodes and 51055 tetrahedrons.

Fig. 1 four sections of data processing.

Considering that it would be impractical to collect surface photon intensities by performing thousands of in vivo
experiments, we chose the Monte Carlo (MC) method for the collection of the dataset[16]. MC has been widely used to
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simulate the photon transmission in biological tissue, which can provide both surface photon intensity and gold standard
of fluorescent sources. In the dataset setup section, the collection was performed by using MOSE 2.3[17], which was
developed by the key laboratory of molecular imaging of Chinese Academy of Sciences. We can obtain photon intensity
by entering the standard grid, the optical coefficients of the different organs and the size and position of the fluorescence
source into MOSE. The specific organ optical coefficients are listed in Table I. Finally, we employed MOSE and collected
5811 cases of FMT simulations with different positions of the single fluorescent source to build the single-source sample
set, of which 900 cases were randomly selected as the test set and the rest as the training set.
TABLE I
OPTICAL PARAMETERS OF MAIN ORGANS

Organ
Muscle
Bone
Brain

μax (mm−1 )
0.0201
0.0393
0.0136

μam (mm−1 )
0.0190
0.01321
0.0131

μsx (mm−1 )
4.2735
24.9193
16.4450

μsm (mm−1 )
3.7944
23.4166
14.4301

Furthermore, in order to improve the reconstruction accuracy and generalization ability of the model, we used data
augmentation for the expansion of the dataset. Dual-source samples and big-source samples were assembled by selecting
and adding the corresponding data of single-source samples. The assembled source set was calculated as follows:
𝛷𝑎𝑠𝑠 = ∑𝑖∈𝑆𝑛 𝛷𝑖
(3)

𝑋𝑎𝑠𝑠 = ∑𝑖∈𝑆𝑛 𝑋𝑖
(4)
where 𝛷𝑎𝑠𝑠 and 𝑋𝑎𝑠𝑠 represent the surface photon and the fluorescent source of assembled sample, respectively. 𝑆𝑛 is the
set of selected single-source samples and n is the number of selected samples, 𝛷𝑖 and 𝑋𝑖 represent the surface photon and
the fluorescent source of i-th single-source, respectively. Dual-source samples were created by randomly selecting two
samples (n=2) from the single-source samples. Big-source samples were constructed by centering on a single-source
sample and assembling n nearest single-source samples (n= 2~10).
In total, we constructed 6000 assembled samples (3000 dual-source samples and 3000 big-source samples) from the
single-source training sample. Similarly, we constructed 2000 assembled samples (1000 dual-source samples and 1000
big-source samples) from the single-source test sample.
2.3 GCN-RC network
The GCN-RC network proposed in this paper consists of two parts, the FC sub-network and the GCN sub-network, as
shown in Fig. 2. The FC sub-network input data is the fluorescence vector 𝛷 after max-min normalization. The FC subnetwork utilized multi-layer perceptron networks to construct the mapping relation between 𝛷 and X to locate the
fluorescent source and get coarse reconstruction results. The FC sub-network consists of a four-layer fully connected
network. All hidden layers are equipped with the rectification (ReLU) non-linearity and dropout (probability=20%)
function to reduce the overfitting problem of the network. Besides, to speed up the convergence of the network, a
maximum-minimum normalization is added between each two layers of the network.

Fig. 2 Structure of GCN-RC network.
In order to overcome the over-sparse problem of FC sub-network, GCN-RC network utilized GCN sub-network to fine
tune the morphological reconstruction results of FC sub-network. The GCN sub-network input data consists of two parts,
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the graph weighted adjacency matrix of standard mesh and the feature vector. The nodes on the graph are the nodes of
interest in the standard mesh and the edges are the edges of the tetrahedron mesh. Besides, the whole graph is undirected
and weighted adjacency matrix calculated as follows:

1,

wi , j = length( pi − p j ),

0,

if i = j
if edgei , j = 1

(5)

if edgei , j = 0

Where 𝑤𝑖,𝑗 represents the edge weights between the i-th node and the j-th node, 𝑒𝑑𝑔𝑒𝑖,𝑗 = 1 means there is an edge
between the i-th node and the j-th node, otherwise there is no edge. In order to make full use of surface photon intensity
and improve the generalization ability of the model, we encode the surface photon intensity and coarse reconstruction
result into the feature vector. We define ℎ𝑖0 as the initialized feature vector of the i-th node. The initialized feature vector
contains the coarse reconstruction result which represents the probability that the i-th node is part of fluorescent source,
and k-nearest body surface fluorescence intensity which represents the fluorescence intensity of the k-nearest body surface
nodes to the i-th node.
After obtaining feature vector ℎ𝑖0 for each node, we feed them into the GCN sub-network. The GCN sub-network
consists of a three-layer GCN network. Each graph-based convolutional layer is defined as:

hil +1 = w0 hil +  w1hil

(6)

i Ni

Where ℎ𝑖𝑙 is the feature vector attached on node i at layer l, 𝑤0 and 𝑤1 are learned parameter of layer l, with 𝑤1 being
shared by all edges, 𝑁𝑖 is the neighbouring node of node i.
Ultimately, the output of the GCN-RC network is the residual value between two sub-network. The reconstruction loss
is defined as follow:

L =  X FC − X true

2
2

+ (1 −  ) X final − X true

2
2

(7)

Where 𝑋𝐹𝐶 and 𝑋𝑓𝑖𝑛𝑎𝑙 represent the output of FC sub-network and GCN-RC network, respectively. 𝑋𝑡𝑟𝑢𝑒 is the ground
truth. ‖𝑋𝐹𝐶 − 𝑋true ‖22 and ‖𝑋final − 𝑋true ‖22 represent loss of positioning accuracy and loss of morphological accuracy
respectively. Adjusting parameter 𝜆 can balance the ratio of the two losses.
The network was implemented by Pytorch 1.4.0 on Python 3.6.5 and trained with batch size of 64, and Adam optimizer
with default parameters. The learning rate was set to 0.0001. The parameter k of k-nearest body surface nodes was set to
32. The hardware configuration of the computer is a CPU of Intel Core i7 3.4 GHz, RAM of 32GB and a GPU of
GTX1080Ti.
2.4 Evaluation index
In this work, we use barycenter error (BCE), percentage of non-zero components (PNZ), and the Dice coefficient to
quantitatively assess the reconstruction performance.

𝐵𝐶𝐸 = ‖𝑃𝑟 − 𝑃0 ‖2 ，𝑃𝑁𝑍 =

|𝑋∩𝑌|
|𝑌|

2|𝑋∩𝑌|

，𝐷𝑖𝑐𝑒 = |𝑋|+|𝑌|

(8)

Where Pr and P0 represent the reconstructed tumor centers and ground truth center, respectively, X is the confidence of
reconstructed region and Y is the confidence of ground truth region. The greater value of PNZ and Dice means the better
reconstruction performance, with one as the upper limitation; while the smaller BCE means the better locating performance,
with the zero as the lower limitation .

3. EXPERIMENTS AND RESULTS
In order to prove the feasibility and advantage of our proposed method, numerical simulation experiments and in vivo
mouse experiment were implemented in this section. Contrast methods including Tikhonov-L2 and IPS were utilized for
comparison[11, 12].
We compared the performance of GCN-RC network with Tikhonov-L2 and IPS methods by reconstructing different
samples in validation set. The performance of different methods in small-source reconstruction and big-source
reconstruction were shown in TABLE Ⅱ and TABLE Ⅲ respectively.
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Both tables showed that GCN-RC network obtained the minimum BCE maximum Dice and maximum PNZ, which
proved the capability of GCN-RC network in achieving accurate source localization and morphological reconstruction. As
shown in Fig. 3, The GCN-RC network can also achieve better reconstruction results in dual-source reconstruction.
TABLE Ⅱ
QUANTITATIVE RESULTS (MEAN) OF SMALL-SOURCE
RECONSTRUCTION IN VALIDATION SET

Method
BCE(mm)
PNZ
Dice

Tikhonov-L2
0.352
35.5%
28.1%

IPS
0.201
64.7%
72.5%

GCN-RC
0.143
72.3%
76.1%

TABLE Ⅲ
QUANTITATIVE RESULTS (MEAN) OF BIG-SOURCE
RECONSTRUCTION IN VALIDATION SET

Method
BCE(mm)
PNZ
Dice

Tikhonov-L2
0.372
40.1%
34.3%

IPS
0.237
60.7%
69.8%

GCN-RC
0.151
68.3%
74.4%

Fig. 3 The qualitative and quantitative analysis of Tikhonov-L2, IPS and GCN-RC reconstruction
performance in dual-source reconstruction.

Furthermore, we implemented our method on orthotopic glioma bearing mice to validate the reconstruction performance
on real condition. The orthotopic glioma mouse models were established following the protocols of Meng[18], and 200 μL
orthotopic glioma targeting Tf-IRDye800 fluorescence probe were injected into the mice through tail vein. We utilized an
820±25 nm bandpass filter to collect the emitted light under continuous wave excitation at 750 nm to obtain FMI images
of mice. Meanwhile we also collected CT images of mice to get structure information based on the multimodal imaging
system. MRI imaging was performed to have orthotopic glioma information in mice, and H&E images of mice was also
performed as the gold standard of probe distribution.
As shown in Fig. 4, we used MRI-H&E fused images as the gold standard of probe distribution. The reconstruction
results of Tikhonov-L2 method were over-smooth and have difficulties in locating the source. The reconstruction results
of IPS method appear over-sparse. In contrast, our GCN-RC network can achieve more accurate source localization and
morphological reconstruction. In general, in vivo experiment potentially highlighted the pre-clinical application of GCNRC network on FMT reconstruction.
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Fig. 4 In vivo FMT reconstruction of orthotopic glioma bearing mice. (a) FMI and MRI-H&E fused images. (b)-(d)2D transverse sections
of FMT and FMT-MRI fused images obtained using three methods.

4. CONCLUSIONS
In this work, we propose a new FMT reconstruction method based on graph convolution networks. To solve the problem
of over-sparse reconstruction by IPS method, we use residual learning and graph convolutional networks to fine-tunes the
coarse reconstruction results of IPS. Simulation experiments demonstrated the enhanced performance on reconstruction
accuracy and morphological similarity of GCN-RC than IPS and Tikhonov-L2. Moreover, in vivo experiments also
demonstrated that GCN-RC network can achieve more accurate source localization and morphological reconstruction on
FMT reconstruction. Our method is promising to be applied to preclinical and clinical applications in cancer diagnosis and
treatment.
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