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Molecular imaging is capable of revealing cellular andmolec-
ular features of organism and disease in vivo, meeting the
increasing demands in the noninvasive understanding of bio-
logical processes. Computational technologies are essential
for the development of cutting-edge molecular imaging. In
the past, the advancement of molecular imaging computing
has been well recognized and continuously extends the
application potential of molecular imaging.

The papers selected for this special issue represent recent
progress in molecular imaging computing, including appli-
cations, high-performance computing technologies, method
and algorithm improvement, and review. All of these papers
not only provide novel ideas and state-of-the-art technologies
in the field but also facilitate future research for translational
molecular imaging.

Computed tomography (CT) is one of the commonly
used imaging techniques. Now, the use of CT has increased
rapidly. However, it involves radiation doses during a CT
exam, which are harmful to the patient. When the radiation
dose decreases, the relative noise in CT images will increase,
which deteriorate the image quality.Therefore, how to reduce
CT scanning dose of patients while maintaining the same
image quality is a challenging problem. L. Deng et al.
improved a total variation minimization method to enhance
the image quality of CT by incorporating prior images. M. Li
et al. presented an improved smoothed 𝑙

0
-norm regulariza-

tion method to suppress artifacts and to obtain better edge
preservation in reconstructed images.

Optical tomography (OT) is one of the most sensitive
molecular imaging techniques and is especially suited for
preclinical studies. Systematic reviews of OT will improve
researchers’ understanding and skills in utilizing the tech-
nique. B. Zhu and A. Godavarty reviewed technical aspects
of fluorescence-enhanced optical tomography (also called
fluorescence molecular tomography, FMT) including the
principal, measurement approaches, forward model, and
inverse problem.

B. Zhu and A. Godavarty mentioned that the inverse
problem of FMT is severally ill-posed and underdetermined
due to nonuniqueness and a limited number of measure-
ments. To alleviate the ill-posedness of FMT, H. Yi et al.
presented a feasible region extraction strategy based on a
double mesh. To increase computational efficiency, D. Chen
et al. developed a sparsity-constrained preconditioned Kacz-
marz reconstructionmethod. To improve the image quality of
FMT, H. Zhang et al. developed a reconstruction method by
minimizing the difference between 𝐿

1
and 𝐿

2
norms (i.e.,

𝐿
1-2-norm).
Cherenkov luminescence imaging (CLI) is an emerging

imaging modality, which captures visible photons emitted by
Cherenkov radiation labeled with 𝛽-emitting radionuclides
using widely available in vivo optical imaging systems. In
other words, CLI uses optical means to provide information
of medical radionuclides used in nuclear imaging based
on Cerenkov radiation. However, the exceptionally weak
Cerenkov luminescence from Cerenkov radiation is suscep-
tible to lots of impulse noises. In the paper contributed
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by X. Cao et al., a temporal median filter is proposed to
remove this kind of impulse noises. Results of in vivo exper-
iments demonstrated that the temporal median method can
effectively remove random pulse noises induced by gamma
radiation and achieve a robust CLI image.

The image resolution of pure OT or CLT is relatively low
because of the high diffusion of photons in biological tissues.
To improve image resolution, a new hybrid imagingmodality,
X-ray luminescence computed tomography (XLCT), has
been developed. XLCT utilizes X-ray luminescent nanophos-
phors (NPs) as imaging probes. NPs can be excited with a
pencil, fan, or cone beam of X-rays. Cone beam XLCT can
realize fast XLCTwith relatively low scanning time compared
with pencil beamXLCT. However, the reconstruction of cone
beam XLCT is also an ill-posed problem. To alleviate the ill-
posedness of XLCT, D. Chen et al. developed a hybrid recon-
struction algorithm with KA-FEM method. In vivo mouse
experiment was used to evaluate the feasibility of themethod.

Multimodality molecular imaging is now playing an
important role in preclinical and clinical research, which uti-
lizes the strengths of different modalities and yields a hybrid
imaging platform with benefits superior to those of any of
its individual components, considered alone. In the paper
contributed by Y. Liu et al., a dual-modality imaging sys-
tem which combines multispectral photoacoustic computed
tomography and ultrasound computed tomography was
developed to reconstruct functional and structural informa-
tion of human finger joint systems. Phantom and in vivo
results illustrated that the bones, the blood vessels, and the
subcutaneous tissues could be reconstructed using the dual-
modality system.

Jinchao Feng
Wenxiang Cong

Kuangyu Shi
Shouping Zhu

Jun Zhang
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Sparse reconstruction inspired by compressed sensing has attracted considerable attention in fluorescence molecular tomography
(FMT). However, the columns of system matrix used for FMT reconstruction tend to be highly coherent, which means 𝐿1
minimization may not produce the sparsest solution. In this paper, we propose a novel reconstruction method by minimization of
the difference of 𝐿1 and 𝐿2 norms. To solve the nonconvex 𝐿1-2 minimization problem, an iterative method based on the difference
of convex algorithm (DCA) is presented. In each DCA iteration, the update of solution involves an 𝐿1 minimization subproblem,
which is solved by the alternating direction method of multipliers with an adaptive penalty. We investigated the performance of
the proposed method with both simulated data and in vivo experimental data. The results demonstrate that the DCA for 𝐿1-2
minimization outperforms the representative algorithms for 𝐿1, 𝐿2, 𝐿1/2, and 𝐿0 when the system matrix is highly coherent.

1. Introduction

Fluorescence molecular tomography (FMT) has become a
promising molecular imaging modality since it has the
ability to provide localization and quantitative analysis of
the fluorescent probe for preclinical research [1, 2]. However,
FMT reconstruction suffers from high ill-posedness due to
the insufficiency of external measurements, which is caused
by high absorption and scattering in photon propagation
through biological tissues [3].

To alleviate the ill-posedness of FMT, some a priori
information, such as anatomical information, optical prop-
erties, permissible region, and sparsity of target distribution,
has been successfully incorporated in FMT reconstruction
[4–7]. In addition, many regularization techniques have
also been devoted to get an accurate and stable solution.
Conventionally, 𝐿2 norm regularizer is a common penalty
term in spite of its over-smoothness and results with lower
resolution [8]. Another common regularizer is 𝐿0 norm,
which is nondeterministic polynomial (NP) hard and can be
solved by a greedy approach such as the orthogonal matching
pursuit (OMP) [9]. Inspired by compressive sensing (CS)
theory, the 𝐿1 norm regularizer as the convex relaxation of

𝐿0 has become a widely used sparsity-inducing norm for
FMT reconstruction [10–13]. However, 𝐿1 norm regularizer
is not always providing the sparsest solution for the inverse
problem of FMT [14]. This gives way to nonconvex 𝐿𝑝 (0 <𝑝 < 1) norm regularizer, which has been applied to optical
tomography and was found to have better results than 𝐿1
does [15]. Some comparative studies show that nonconvex 𝐿𝑝
(0 < 𝑝 < 1) norm regularizer with 𝑝 near 1/2 performs the
best result among regularizers of 𝐿𝑝 (0 < 𝑝 < 1) norm [16].

Recently, a new nonconvex regularizer named 𝐿1-2 has
been proposed and produced better solution than 𝐿𝑝 (𝑝 =
1/2) norm regularizer when the sensing matrix was large and
highly coherent [17, 18]. The Magnetic Resonance Imaging
(MRI) image recovery tests have also indicated that𝐿1-2 norm
regularizer outperforms 𝐿1/2 and 𝐿1 for highly coherent
matrix [17]. Meanwhile, the columns of system matrix used
for FMT reconstruction are also highly coherent with the
finite element computing framework [19].

In this paper, new 𝐿1-2 norm regularization was proposed
to improve the FMT imaging. In our method, a difference of
convex algorithm (DCA) was presented to solve the noncon-
vex𝐿1-2minimization problem.And the alternating direction
method ofmultipliers (ADMM)with an adaptive penalty was
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used to solve the subproblem with fast convergence for each
DCA iteration.The performance of the proposedmethodwas
validated with simulated data and in vivo experimental data.

The outline of this paper is as follows. Section 2 elaborates
the forward model and 𝐿1-2 norm regularization algorithm.
Section 3 demonstrates the feasibility and effectiveness of the
method with both simulated data and in vivo experimental
data. Finally, we conclude the paper and discuss relevant
issues in Section 4.

2. Methods

2.1. Light Propagation Model. As an approximation to Radia-
tive Transfer Equation (RTE), the Diffusion Approximation
associated with Robin boundary conditions has been widely
used for modeling the light transportation in biological
tissues [20, 21]. For steady-state FMT with point excitation
sources, the coupled diffusion equations can be presented as
follows:

∇ ⋅ (𝐷ex (𝑟) ∇Φex (𝑟)) − 𝜇𝑎,ex (𝑟)Φex = −Θ𝛿 (𝑟 − 𝑟𝑠)
∇ ⋅ (𝐷em (𝑟) ∇Φem (𝑟)) − 𝜇𝑎,em (𝑟)Φem

= −Φex (𝑟) 𝜂𝜇𝑎𝑓 (𝑟) ,
(1)

where subscript ex and em denote excitation light and
emission light, respectively. 𝑟 ∈ Ω is the domain under
consideration.𝐷ex = 1/3(𝜇𝑎,ex +𝜇𝑠,ex) and𝐷em = 1/3(𝜇𝑎,em +𝜇𝑠,em) are diffusion coefficients with 𝜇𝑎,ex, 𝜇𝑎,em as absorption
coefficients for excitation and emission wavelengths, 𝑔 is the
anisotropy parameter, and 𝜇𝑠,ex, 𝜇𝑠,em are the reduced scat-
tering coefficients. Φex and Φem denote the photon density.
𝜂𝜇𝑎𝑓 is the unknown fluorescent yield to be reconstructed.
Using the finite elements method (FEM), (1) can be linearly
discretized as follows:

𝐾exΦex = 𝑏ex
𝐾emΦem = 𝐹𝑋,

(2)

where𝐾ex and𝐾em denote the systemmatrix at excitation and
emission wavelengths, respectively. The symmetric matrix 𝐹
is obtained by discretizing the unknown fluorescent yield dis-
tribution.The final linear relationship between the unknown
fluorescence yield 𝑥 and the measured surface data 𝜙 can be
obtained as follows:

𝐴𝑥 = 𝜙, (3)

where 𝐴 is𝑀 × 𝑁 linear system matrix which is large-sized
and ill-posed.

2.2. Inverse Reconstruction of FMT by DCA-𝐿1-2 Algorithm.
The CS theory provides sufficient conditions for the exact
recovery of the sparse signals from limited number of
measurements. One commonly used concept is the mutual
coherence [17, 22] which is defined as

𝜇 (𝐴) = max
𝑖 ̸=𝑗

𝑎𝑇𝑝 ⋅ 𝑎𝑞𝑎𝑝2 ⋅
𝑎𝑞2

, (4)

where 𝑎𝑝 and 𝑎𝑞 are different columns of 𝐴. The mutual
coherence of system matrix 𝐴 derived by FEM method is
always as high as above 90% [19]. In the highly coherent
regime of CS, 𝐿𝑝 (𝑝 = 1/2) and 𝐿1-2 norm regularizers are
expected to yield the sparest solution that 𝐿1 regularization
always fails to [17, 18].

Recently, a DCA-𝐿1-2 algorithm was proposed and the-
oretical properties of 𝐿1-2 minimization have been proved
in papers [17, 23]. Considering the advantages of 𝐿1-2 min-
imization, we converted linear matrix equation (3) into the
following unconstrained optimization problem:

min
𝑥∈R𝑛

1
2
𝐴𝑥 − 𝜙22 + 𝜆 (‖𝑥‖1 − ‖𝑥‖2) , (5)

where 𝜆 > 0 is a regularization parameter which is
usually empirically selected and ‖𝑥‖1 − ‖𝑥‖2 denotes the 𝐿1-2
regularization operator.

To resolve minimization problem (5), the difference of
convex algorithm (DCA) [24] which is a descent method
without line search was used. Equation (5) can be decom-
posed into DC decomposition as 𝐹(𝑥) = 𝐺(𝑥) −𝐻(𝑥), where

𝐺 (𝑥) = 12
𝐴𝑥 − 𝜙22 + 𝜆 ‖𝑥‖1 ,

𝐻 (𝑥) = 𝜆 ‖𝑥‖2 .
(6)

In (6), ‖𝑥‖2 is differentiable with gradient 𝑥/‖𝑥‖2. An
iterative scheme was used to solve 𝐹(𝑥) as follows:

𝑥𝑛+1 = argmin
𝑥∈R𝑛

1
2
𝐴𝑥 − 𝜙22 + 𝜆 ‖𝑥‖1

− ⟨𝑥 − 𝑥𝑛, 𝑥𝑛
‖𝑥𝑛‖2⟩ .

(7)

In each DCA iteration, there is a 𝐿1-regularized convex
subproblem that needs to be solved:

min
𝑥∈R𝑛

1
2𝑥
𝑇 (𝐴𝑇𝐴)𝑥 + (𝑥𝑇𝜙 + 𝜆 𝑥𝑛

‖𝑥𝑛‖2)
𝑇

𝑥 + 𝜆 ‖𝑥‖1 . (8)

Weuse the augmented Lagrangianmethod and transform
(8) into the following:

𝐿𝛿 (𝑥, 𝑦, 𝑢) = 12𝑥
𝑇 (𝐴𝑇𝐴)𝑥 + (𝐴𝑇𝜙 + 𝜆 𝑥𝑛

‖𝑥𝑛‖2)
𝑇

𝑥

+ 𝜆 𝑦1 + 𝑢𝑇 (𝑥 − 𝑦) + 𝛿2
𝑥 − 𝑦22 .

(9)

The subproblem is solved by minimizing 𝐿𝛿 with respect
to 𝑥, minimizing 𝐿𝛿 with respect to 𝑦, and updating 𝑢
successively. In order to solve (9) with a fast speed of
convergence, an ADMM strategy with an adaptive penalty
[25] was utilized as follows:

𝑥𝑘+1 = argmin
𝑥
𝐿𝛿𝑘 (𝑥, 𝑦𝑙, 𝑢𝑙) ,

𝑦𝑘+1 = argmin
𝑧
𝐿𝛿𝑘 (𝑥𝑙+1, 𝑦, 𝑢𝑙) ,

𝑢𝑘+1 = 𝑢𝑙 + 𝛿𝑘 (𝑥𝑙+1 − 𝑦𝑙+1) ,
𝛿𝑘+1 = min (𝛿max, 𝜌𝛿𝑘) .

(10)
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Initializion: set 𝑥0 = 0, 𝑥1 ̸= 0, 𝜀outer > 0, 𝜀inner > 0, and 𝑛 = 1
While 𝑥𝑛 − 𝑥𝑛−1 > 𝜀outer

set 𝑧 = 𝑥𝑛
‖𝑥𝑛‖2 , 𝑥0 = 0, 𝑥1 = 𝑥

𝑛, 𝑖 = 1, 𝑦𝑖 = 𝑥𝑖, 𝑢𝑖 = 0
While ‖𝑥𝑘 − 𝑥𝑘−1‖ > 𝜀inner𝑥𝑘+1 = (𝐴𝑇𝐴 + 𝛿𝑘𝐼)−1(𝛿𝑘𝑦𝑘 − 𝑧 − 𝑢𝑘)

𝑦𝑘+1 = shrink(𝑥𝑘+1 + 𝑢𝑘𝛿𝑘 ,
𝜆
𝛿𝑘 )𝑢𝑘+1 = 𝑢𝑘 + 𝛿𝑘(𝑥𝑘+1 − 𝑦𝑘+1)𝛿𝑘+1 = min(𝛿max, 𝜌𝛿𝑘)𝑘 = 𝑘 + 1

end
𝑛 = 𝑛 + 1
𝑥𝑛 = 𝑥𝑘

end

Algorithm 1: DCA-𝐿1-2 algorithm for FMT.

In the above iterations, the update of 𝑦 is based on the
soft-thresholding operator, where

(𝑆 (𝑥, 𝑟))𝑖 = sgn (𝑥𝑖)max {𝑥𝑖 − 𝑟, 0} . (11)

Meanwhile, the penalty 𝛿 was updated as an adaptive
form as follows:

𝛿𝑘+1 = min (𝛿max, 𝜌𝛿𝑘) , (12)

where 𝛿max is an upper bound of {𝛿𝑘} and 𝜌 is defined as
follows:

𝜌 = {{{{{
𝜌0, if

𝛿 𝑦𝑘+1 − 𝑦𝑘
𝑥𝑘+1 < 𝜀

1, otherwise,
(13)

where 𝜌0 ≥ 1 is a constant.
Algorithm 1 presents the iterative process of DCA-𝐿1-2

algorithm for FMT reconstruction. To begin with the itera-
tion, the initial value 𝑥1 was set as 𝐿1 subproblem.

3. Experiments and Results

In this section, the simulations both on 3D digital mouse
model and in vivo experiments were used to demonstrate the
potential and feasibility of the DCA-𝐿1-2 algorithm for FMT
reconstruction. To investigate the performance of DCA-𝐿1-2
algorithm, four representative regularizers, including 𝐿1/2,𝐿1, 𝐿2, and 𝐿0, were used for a systematical comparison.
More specifically, iterative reweighted least squares algorithm
(IRLS-𝐿1/2) [26], incomplete variables truncated conjugate
gradient algorithm (IVTCG-𝐿1) [27], Tikhonov regulariza-
tion algorithm (Tikhonov-𝐿2) [28], and OMP algorithm [29]
were compared with the DCA-𝐿1-2 algorithm, respectively, as
the corresponding method for the above regularizers.

The qualities of reconstruction results are quantitatively
evaluated in terms of the absolute location error (LE) [3],
reconstructed fluorescent yield (Recon. FY) [3], normalized
root mean square error (NRMSE) [16], the percentage of

Table 1: Optical parameters for the heterogeneous model.

Organs 𝜇𝑎,ex (mm−1) 𝜇𝑠,ex (mm−1) 𝜇𝑎,em (mm−1) 𝜇𝑠,em (mm−1)
Muscle 0.0052 1.08 0.0068 1.03
Heart 0.0083 1.01 0.0104 0.99
Lungs 0.0133 1.97 0.0203 1.95
Liver 0.0329 0.70 0.0176 0.65
Kidneys 0.0660 2.25 0.0380 2.02
Stomach 0.0114 1.74 0.0070 1.36

nonzero coefficient (PNZ) [16], and time cost. The experi-
ment codes were written in MATLAB and were performed
on a desktop computer with 3.40GHz Intel�Xeon�Processor
E3-1231 and 12GRAM.

3.1. Numerical Simulation Experiments. A 33mm height
torso extracted from a 3Dmouse atlas was utilized to simulate
the heterogeneity of biological tissues [30]. Figure 1(a) shows
the mouse model with six organs. Table 1 lists the specific
optical parameters. A cylinder with a radius of 0.8mm and
a height of 1.6mm was positioned at 17.8, 6.6, and 16.4mm
to mimic the fluorescent target. The actual fluorescent yield
was set to be 0.05mm−1. For excitation, we used 18 excitation
sources being located on the plane of 𝑍 = 16.4mm as
shown in Figure 2(a). The surface data on the opposite side
with a 120∘ field of view (FOV) were measured for each
excitation source. A total of 18 datasets were assembled for
the subsequent reconstruction process.

The forward FEMmesh was discretized into 24231 nodes
and 128300 tetrahedral elements. Meanwhile, the FEM mesh
for inverse reconstruction was discretized into 2601 nodes
and 12752 tetrahedral elements. The mutual coherence of the
system matrix for inverse reconstruction was 99.96%.

Figures 1(b)–1(f) present a comparison of reconstruction
results with 3D views for single fluorescent target. The
corresponding 2D section-views on the excitation plane
are demonstrated in Figures 2(b)–2(f). Table 2 gives the
quantitative results of the five regularization methods.
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Figure 1: The mouse model and the 3D views of the reconstructed results. (a)The mouse model with single target. (b–f)The 3D views of the
reconstructed results where the red cylinder is the real fluorescent target.
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Figure 2: The plane of 18 excitation sources and the 2D views (𝑍 = 16.4mm) of the reconstructed results. (a) The plane of 18 excitation
sources with 120∘ FOV. (b–f) The 2D views (𝑍 = 16.4mm) of the reconstructed results by six comparative methods. The black circle denotes
real position of fluorescent target.
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Table 2: Quantitative results in single target reconstruction experiment.

Methods LE (mm) Recon. FY (mm−1) NRMSE (%) PNZ (%) Time (s)
DCA-𝐿1-2 0.436 0.039 19 1.15 1.32
IRLS-𝐿1/2 0.668 0.032 29 1.86 1.67
IVTCG-𝐿1 1.279 0.005 67 2.47 31.74
Tikhonov-𝐿2 2.169 0.004 79 11.96 21.96
OMP 1.135 0.004 63 9.83 1.21

Table 3: The results of DCA-𝐿1-2 with different excitation sources.

The number of excitation sources LE (mm) Recon. FY (mm−1) NRMSE (%) PNZ (%) Time (s)
18 0.436 0.039 19 1.15 1.67
12 0.497 0.034 21 1.28 1.32
8 0.518 0.029 23 2.34 1.23
4 0.614 0.014 36 3.73 0.89

Table 4: Impact of Gaussian noise on DCA-𝐿1-2.
Noise level (%) LE (mm) Recon. FY (mm−1) NRMSE (%) PNZ (%) Time (s)
5 0.436 0.039 19 1.15 1.67
15 0.437 0.039 19 1.15 1.67
25 0.437 0.038 19 1.15 1.72
35 0.514 0.038 20 1.33 1.78

As shown in Figures 1(b)–1(f), Figures 2(b)–2(f), and
Table 2, reconstruction results of 𝐿1-2 and 𝐿1/2 were remark-
able. Compared to the other three methods, results of DCA-
𝐿1-2 and IRLS-𝐿1/2 have fewer artifacts, lower LE, lower
NRMSE, and lower PNZ.Meanwhile, the Recon. FY byDCA-
𝐿1-2 and IRLS-𝐿1/2 were closer to 0.05mm−1. The proposed
DCA-𝐿1-2 completely outperforms the othermethods, except
for a slightly larger time consumption compared to OMP.

Generally speaking, the quality of FMT reconstruction
is influenced by the number of excitation sources. To test
the stability of the algorithm, different numbers of excitation
sources were used for reconstruction. Table 3 gives the
corresponding reconstructed results with 18, 12, 8, and 4.
Obviously, the decreased number of excitation sources leads
to significant reduction of measurements. Nevertheless, the
results of DCA-𝐿1-2 are generally satisfactory even in the case
of 4 excitation sources.

The quality of reconstructed results is sensitive to mea-
surement noise because of the severe ill-condition of system
matrix. For stability test, four different levels of Gaussian
noise (5%, 15%, 25%, and 35%) were added to the synthetic
measurements. Table 4 shows the reconstruction results
under 4 different noise levels. It shows that the DCA-𝐿1-2
algorithm is quite resilient with Gaussian noise.

3.2. In Vivo Evaluation with Implanted Fluorophore. The
performance of DCA-𝐿1-2 and IRLS-𝐿1/2 was remarkably
compared to the other threemethods in the simulation exper-
iments. In this section, we further evaluated the performance
of the proposed algorithmwith in vivo experimental data [8].

Table 5: Optical parameters of the mouse model at 670 nm and
710 nm.

Organs 670 nm 710 nm
𝜇𝑎,ex (mm−1) 𝜇𝑠,ex (mm−1) 𝜇𝑎,em (mm−1) 𝜇𝑠,em (mm−1)

Muscle 0.075 0.412 0.043 0.350
Heart 0.051 0.944 0.030 0.870
Lungs 0.170 2.157 0.097 2.093
Liver 0.304 0.668 0.176 0.629
Kidneys 0.058 2.204 0.034 2.021

In this experiment, an adult BALB/C mouse with a glass
tube implanted into its abdomen was used.The experimental
data was acquired by a hybrid FMT/Micro-CT system [8].
The glass tube (0.6mm and the height of 2.8mm) was filled
with Cy5.5 solution (with the extinction coefficient of about
0.019mm−1 𝜇𝑀−1 and quantum efficiency of 0.23 at the peak
excitation wavelength of 671 nm) [31].The center of the target
was determined at 21.1, 27.8, and 7.4mm by the Micro-CT.
The fluorescent yield of Cy5.5 was 0.0402mm−1 [32]. For
reconstruction, the CT data was segmented into five major
anatomical components, includingmuscle, heart, lungs, liver,
and kidneys. Table 5 shows the optical properties of different
organs [33].

For inverse reconstruction, the segmented mouse torso
data was discretized into a mesh with 3049 nodes and 14932
tetrahedral elements. Mutual coherence of the system matrix
for inverse reconstruction was 99.87%. Comparison results
between DCA-𝐿1-2 and IRLS-𝐿1/2 are shown in Table 6 and
Figure 3. The 3D views of reconstructed results for in vivo
experiments via DCA-𝐿1-2 are shown in Figure 4.
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Table 6: Quantitative results of in vivo experiments.

Method LE (mm) Recon. FY (mm−1) NRMSE (%) PNZ (%) Time (s)
DCA-𝐿1-2 1.426 0.034 27 0.13 0.53
IRLS-𝐿1/2 1.705 0.019 45 0.26 1.90
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Figure 3: Reconstructed results in vivo experiment on adult BALB/C mouse. (a) The 3D view of the reconstructed results in which the red
glass tube is the implanted fluorescent target and the green target denotes reconstructed results. (b) The 2D views (𝑍 = 7.4mm) of the
reconstructed results. The black circle denotes the real positions of fluorescent target.

4. Discussion and Conclusion

In this paper, novel 𝐿1-2 norm regularization was proposed
to solve the inverse problem of FMT with highly coherent
system matrix. To accurately recover the small fluorescent
target, an iterative method based on DCA algorithm was
presented to solve the nonconvex𝐿1-2minimization problem.

And the ADMM method with an adaptive penalty was used
to get fast convergence for the subproblem.

Simulated data on a 3D heterogeneous mouse model and
in vivo experimental data acquired by a hybrid FMT/Micro-
CT system were used to demonstrate the feasibility of the
DCA-𝐿1-2 algorithm for FMT. The comparative results of
single target show that the DCA-𝐿1-2 algorithm has better
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4: The reconstructed results of in vivo experiments via DCA-𝐿1-2. (a) 3D rendering of the mouse. (b) The reconstructed result
in 3D view. (c) The photon density distribution of the reconstructed result in 3D view. (d–f) The 2D views of the overlapped result with
corresponding CT slices.

performance compared to other typical algorithms based on
𝐿1/2, 𝐿1, 𝐿2, and 𝐿0 norm regularizer. The robustness tests
further illustrate that the DCA-𝐿1-2 algorithm is stable and
robust to measurement noise. In addition, decreasing the
number of excitation sources from 18 to 4, DCA-𝐿1-2 still
yields satisfactory results.

However, the reconstructed fluorescent yield of the pro-
posed method was still smaller than the true value. So new
strategies that may further improve fluorescent yield will be
our future research focuses. Moreover, we will also focus on
investigating the multitargets resolution and new application
of 𝐿1-2 norm regularizer in other imaging modalities in the
near future.

In conclusion, both numerical experiments and in vivo
experiments validated the good performance of 𝐿1-2 regu-
larizer for FMT.Moreover, comparative experiments indicate
that 𝐿1-2 outperforms the iterative reweighted strategies for 𝑙𝑝
with 𝑝 = 1/2 when system matrix is highly coherent.
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Fluorescence molecular tomography (FMT) is an imaging technique that can localize and quantify fluorescent markers to resolve
biological processes at molecular and cellular levels. Owing to a limited number of measurements and a large number of unknowns
as well as the diffusive transport of photons in biological tissues, the inverse problem in FMT is usually highly ill-posed. In this
work, a sparsity-constrained preconditioned Kaczmarz (SCP-Kaczmarz) method is proposed to reconstruct the fluorescent target
for FMT.The SCP-Kaczmarzmethod uses the preconditioning strategy tominimize the correlation between the rows of the forward
matrix and constrains the Kaczmarz iteration results to be sparse. Numerical simulation and phantom and in vivo experiments were
performed to test the efficiency of the proposed method. The results demonstrate that both the convergence and accuracy of the
proposed method are improved compared with the classical memory-efficient low-cost Kaczmarz method.

1. Introduction

Fluorescence molecular tomography (FMT) is an imaging
modality that can localize and quantify fluorescent markers
to resolve biological processes at molecular and cellular
levels. Being minimally invasive, relatively inexpensive, and
portable, FMT has been successfully applied in small animal
research and preclinical diagnostics such as cancer diagnosis,
drug discovery, and gene expression visualization [1–4].

Due to a large number of unknowns and a limited number
of measurements as well as the diffusive transport of photons
in biological tissues, FMT reconstruction is an ill-posed
inverse problem [5–7]. To improve the FMT imaging quality,
both the noncontact FMT technique [8, 9] and the strategy
of multiple excitations can be used to obtain more measure-
ments. Structural a priori information provided by CT or
MRI can also be incorporated into FMT imaging [3, 10–12].
Moreover, reconstruction algorithms can resort to regulariza-
tion strategies and find meaningful and numerically stable
solutions. In [13, 14], the Tikhonov regularization, namely,
𝑙2 norm regularization, is employed for solving the inverse
problem. In [15–17], the sparsity regularization is utilized in
the formof 𝑙1 normpenalty function for FMT reconstruction.
Joint 𝑙1 and TV regularization for FMT reconstruction is

presented in [18]. In [19], a hybrid regularization method
incorporating 𝑙1 and 𝑙2 norm penalty is proposed to recover
the 3D fluorophore distribution. In these techniques, optimal
selection of the regularization parameter is needed to avoid
over- or underregularization. Being a memory-efficient low-
cost numerical solver that avoids bulky matrix computations
in large-scale problems, Kaczmarz algorithm, also known as
algebraic reconstruction technique (ART), iteratively updates
the solution using only one equation at a time and has
been applied in optical tomographic reconstruction [20–22].
During reconstruction, the Kaczmarz method may use the
measurements in the order that they are collected, which
is known as the sequential access order. To speed up the
convergence rate of the Kaczmarz method and give better
results in the first iteration relative to the sequential access
scheme, different access orders have been proposed [23–
25]. The idea of these different access orders is to minimize
the correlation between measurements that are successively
accessed by the iterative projection inversion method. In
[20], the influence of the data access order is investigated
when Kaczmarz method is used to perform diffuse optical
tomography. The study shows that the convergence speed
can be significantly improved by selecting proper projection
access order.
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In FMT, the forward matrix maps the fluorescent targets
to the surface measurements. Generally, the rows of the for-
wardmatrix are correlated because of the correlations among
source-detectormaps from the same projection and the inter-
relations of different projections [26, 27]. In this work, we
present a strategy which computes a preconditioning matrix
to minimize the coherence of the preconditioned forward
matrix.Then theKaczmarzmethodwhich uses the sequential
access order is adopted to solve the preconditioned FMT
reconstruction problem. After preconditioning, the projec-
tions are close to perpendicularity and the convergence rate
of the Kaczmarz method can be speeded up. As most optical
fluorophores are designed to accumulate in relatively small,
specific regions in tissues, such as tumors, and hence the
fluorophore distributes sparsely in the imaging domain, we
propose sparsity-constrained reconstruction method to per-
form FMT and the method is named as sparsity-constrained
preconditioned Kaczmarz (SCP-Kaczmarz) method. Differ-
ent from the existed 𝑙1 norm regularization methods, this
proposed SCP-Kaczmarz method adopts a thresholding step
to the Kaczmarz results to satisfy a user-defined sparsity
value.

The remaining of this paper is organized as follows.
We first describe the mathematical forward model for FMT
imaging, then the SCP-Kaczmarz method is presented for
FMT reconstruction, then the numerical simulation and
physical phantom and in vivo experiments are performed to
evaluate the proposedmethod, and finally the discussion and
conclusion are given.

2. Methods

2.1. ForwardModel for FMT Imaging. When aCWpoint laser
is used as excitation light, the diffusion of excitation and
emission lights through biological tissues can be described
by two coupled diffusion equations with the Robin-type
boundary condition, and the coupled diffusion equations can
be presented as follows [28]:

∇ ⋅ (𝐷𝑥 (𝑟) ∇Φ𝑥 (𝑟)) − 𝜇𝑎𝑥 (𝑟)Φ𝑥 (𝑟) = −Θ𝛿 (𝑟 − 𝑟𝑆) ,

∇ ⋅ (𝐷𝑚 (𝑟) ∇Φ𝑚 (𝑟)) − 𝜇𝑎𝑚 (𝑟)Φ𝑚 (𝑟)
= −Φ𝑥 (𝑟) 𝜂𝜇𝑎𝑓 (𝑟) ,

(1)

where 𝑟 ∈ Ω, Ω being the domain under consideration.
The subscripts 𝑥 and 𝑚 denote excitation light and emission
light, respectively. 𝐷𝑥,𝑚 = 1/3(𝜇𝑎𝑥,𝑎𝑚 + (1 − 𝑔)𝜇𝑠𝑥,𝑠𝑚) is the
diffusion coefficient with 𝜇𝑠𝑥,𝑠𝑚 as the scattering coefficient,
𝑔 is the anisotropy parameter, and 𝜇𝑎𝑥,𝑎𝑚 is the absorption
coefficient. Φ𝑥,𝑚 denotes the photon density. The fluorescent
yield 𝜂𝜇𝑎𝑓 is the unknown parameter to be reconstructed,
which is denoted as 𝑥 hereafter. By using the finite element
method (FEM), the linear relationship between the boundary
measurements 𝜙𝑚 and the desired unknown fluorophore
distribution 𝑥 can be obtained from (1) and is described by

𝜙𝑚 = A𝑥, (2)

where A is the forward matrix, the sizes of 𝜙𝑚, A, and 𝑥 are
𝑀 × 1, 𝑀 × 𝑁, and 𝑁 × 1, respectively. 𝑀 is the number

of surface measurements and𝑁 is the number of unknowns
needed to be determined inside the imaging domain. Usually
𝑀 < 𝑁, and this means that the number of measurements is
smaller than that of the unknowns.

2.2. Sparsity-Constrained Preconditioned Kaczmarz Method.
It is known to us that the convergence of the Kaczmarz
method is affected by the data access order. If the measure-
ments are prearranged in a scheme that the projections are
close to perpendicularity, the convergence of the Kaczmarz
method will be speeded up. In this paper, rather than
changing the sequential data access order, we design a pre-
conditioner to minimize the correlation between the rows of
the forward matrix of FMT and hence to make the Kaczmarz
method converge quickly. Denote the preconditioningmatrix
as W and the preconditioned forward matrix as B, then we
get B = WA, andW can be obtained by solving the following
optimization problem:

min BB
T − I𝑀

F
= min

W

WAATWT − I𝑀
F ,

(3)

where I𝑀 is the 𝑀 × 𝑀 identity matrix and ‖ ⋅ ‖F is the
Frobenius norm.

Considering the singular value decomposition ofAwhich
is described byA = USVT, whereU is𝑀×𝑀 unitary matrix,
S is𝑀 × 𝑁 diagonal nonnegative matrix and V is an𝑁 × 𝑁
unitary matrix. LettingW = (SST)−1/2UT, we can get

BBT = WAATWT

= (SST)−1/2UTUSVTVSTUTU (SST)−1/2 = I𝑀.
(4)

Equation (4) means that the rows of the preconditioned
forward matrix are orthogonal to one another. If the pre-
conditionerW is badly conditioned, we can use the diagonal
loading strategy to mitigate the ill condition and W is
calculated byW = (SST + 𝜆I)−1/2, where 𝜆 ≪ 1 is a constant
[27].

Figure 1 provides a geometric insight into the iterative
progress of the Kaczmarz and the preconditioned Kaczmarz
algorithms. Figure 1(a) presents a geometrical interpretation
of Kaczmarz applied to a 2D problem. Here, each line
represents a hyperplane in the solution space corresponding
to one of the equations, and the solution is the intersection
of the dashed lines. The progress of Kaczmarz is represented
by dark blue dots and arrow lines. As depicted in Figure 1(a),
the points with dots iteratively progress toward the solution
(intersection of the two dashed lines) by orthogonal suc-
cessive projections onto the two lines [22]. In Figure 1(b),
the blue diamond and arrow demonstrate the convergence
of preconditioned Kaczmarz algorithm toward the solution.
Because the forward matrix has been preconditioned, the
two green dashed lines which demonstrate the hyperplanes
corresponding to the two equations are perpendicular. In
theory, only one iteration is needed for the algorithm to
converge to the solution.However, because of the ill condition
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(a) (b)

Figure 1: Geometric interpretations of the Kaczmarz algorithm and the preconditioned Kaczmarz algorithm applied to a 2D problem. (a)
The red dashed lines represent the two equations in the 2D solution space; the blue dots and arrows show the convergence of the Kaczmarz
algorithm to the solution. (b)The green dashed lines represent the two preconditioned equations in the 2D solution space; the blue diamond
and arrow show the convergence of the preconditioned Kaczmarz algorithm to the solution.

of the forward matrix in FMT imaging and the presence of
noise, the two lines are not completely perpendicular.

Multiplying (2) by W on both sides, we can obtain the
distribution of the fluorescent targets by solving

B𝑥 = W𝜙𝑚. (5)

We use the classical Kaczmarz technique to solve (5) and the
unknown 𝑥 is updated by

𝑥(𝑘) = 𝑥(𝑘−1) + BT
𝑖

W𝜙𝑚 − B𝑖𝑥(𝑘−1)
B𝑖BT
𝑖

, 𝑖 = 1, 2, . . . ,𝑀, (6)

where B𝑖 is the 𝑖th row of B.
Considering that the fluorescent target is sparsely dis-

tributed, we add a thresholding step to (6) to make the
sparsity of the Kaczmarz result remain as close as possible to
a preset value. The thresholding procedure is depicted by

𝑥(𝑘)𝑛 =
{
{
{

𝑥(𝑘)𝑛 if 𝑥(𝑘)𝑛 ≥ 𝛽max (𝑥(𝑘))
0 otherwise,

𝑛 = 1, 2, . . . , 𝑁,

(7)

where 𝑥(𝑘)𝑛 is the 𝑛th element of 𝑥(𝑘) and 𝛽 is between 0 and
1 and can be obtained by solving the minimization problem
[29]

𝛽 = arg min sparsity (𝑥
(𝑘) (𝛽)) − 𝜓 . (8)

The thresholding step also guarantees the nonnegativity of the
solution. The minimization problem of (8) can be solved by
using linear searching strategy. And the sparsity of 𝑥 in (8) is
defined as [30]

sparsity (𝑥) =
√𝑁 − (‖𝑥‖1 / ‖𝑥‖2)

√𝑁 − 1
, (9)

where 𝑁 is the size of vector 𝑥 and ‖𝑥‖1 and ‖𝑥‖2 denote
𝑙1 and 𝑙2 norm of 𝑥, respectively. The curve in Figure 2(a)
depicts the variation of sparsity value with the number of
nonzero elements in 𝑥 (assume that 𝑥 has 300 elements and
the nonzeros in 𝑥 are constant, e.g., 1), fromwhich we can see
that the sparsity value ranges from 0 for nonsparse results to 1
for extremely sparse results. Figure 2(b) shows 𝑥with sparsity
value of 1, 0.87, and 0.73, respectively.

So far, the implementation of the proposed SCP-
Kaczmarz method can be summarized as follows:

(1) Initialize 𝑥(𝑘), where 𝑘 = 0, and preset the wanted
sparsity value 𝜓.

(2) Perform singular value decomposition toA and com-
pute the preconditioning matrixW.

(3) Compute the preconditioned measurements 𝑦 =
W𝜙𝑚 and the preconditioned forward matrix B =
WA.

(4) Update 𝑥(𝑘) from 𝑥(𝑘−1) by solving 𝑦 = B𝑥 using the
classical Kaczmarz method.

(5) Keep the large elements of 𝑥(𝑘) and set the other
elements to zero to make the sparsity of the result
equal to the wanted sparsity value 𝜓.

(6) Increase the iteration index 𝑘 by 1 and set 𝑥(𝑘) to be
the initial value; repeat steps (4) to (5) until the stop
criterion is achieved (e.g., when 𝑘 = 𝐾iter or ‖𝑥(𝑘) −
𝑥(𝑘−1)‖2 < 𝜀).

A parameter, named as the wanted sparsity value𝜓, should be
predetermined for the proposed SCP-Kaczmarz method. As
we do not know the true distribution of the fluorescent target
in practice, the ratio of the volume of the fluorescent target
to that of the imaging domain can be first estimated, and
then the corresponding sparsity is calculated as the wanted
𝜓 according to (9) under the assumption that the fluorescent
target is uniformly distributed.
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Figure 2: (a) The variation of sparsity value with the number of nonzero elements in 𝑥. (b) 𝑥 with sparsity value of 1, 0.87, and 0.73.
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Figure 3: (a) The digital atlas torso used in the numerical simulation. (b) The plane of the 5-point excitation sources at 𝑧 = 16.5mm.

2.3. Experiments and Results. To demonstrate the perfor-
mance of the proposed method, numerical simulation and
phantom and in vivo experiments were conducted. In these
experiments, cases with single fluorescent target andmultiple
fluorescent targets were considered. All the reconstructions
were implemented on a personal computer with an 8GB
memory and an Intel-Core i7 CPU. The relative deviation,
Dice coefficient, and sparsity value were calculated to eval-
uate the SCP-Kaczmarz algorithm. The relative deviation is
defined by 𝛿 = ‖𝑥𝑟−𝑥𝑡‖2/‖𝑥𝑡‖2, where 𝑥𝑟 is the reconstructed
target and 𝑥𝑡 is the actual target. The Dice coefficient is
defined by 𝐷 = 2‖𝑥𝑟 ⋅ 𝑥𝑡‖2/‖𝑥𝑟‖22‖𝑥𝑡‖22, where ⋅ is Hadamard
product and the sparsity is defined by (9). In addition, the
computational time and memory consumption of both the
methods were also recorded.

2.4. Numerical Simulation Experiments. In the numerical
simulation, a 3D digital mouse atlas of CT and cryosection

data was utilized to provide anatomical information [31].
Cases with single, two, and three fluorescent targets inside the
mouse atlas were studied, respectively.

2.4.1. Reconstruction of Single Fluorescent Target. In this
section, one fluorescent target inside the digital mouse atlas
was reconstructed and two imagingmodelswere investigated.
The first model is reconstruction of small fluorescent target
while the second one is reconstruction of big fluorescent
target. The small target model is usually used to mimic small
tissue with fluorescent probe, such as the early tumor; the
big target model can be used to recover the biodistribution
of fluorescent probe in organs, which is important in drug
pharmacokinetics study [32].

The small target model is shown in Figure 3(a), where a
spherical fluorescent target (marked in red color) with radius
of 1.5mm was placed at “12.9mm, 9.9mm, and 16.5mm”
in the liver. The optical parameters of the mouse organs
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Table 1: Optical parameters of the mouse organs [19].

Tissue 𝜇𝑎𝑥 (mm−1) 𝜇𝑠𝑥 (mm−1) 𝜇𝑎𝑚 (mm−1) 𝜇𝑠𝑚 (mm−1)
Muscle 0.0052 1.08 0.0068 1.03
Heart 0.0083 1.01 0.0104 0.99
Lungs 0.0133 1.97 0.0203 1.95
Liver 0.0329 0.70 0.0176 0.65
Kidneys 0.0660 2.25 0.0380 2.02
Stomach 0.0114 1.74 0.0070 1.36

including muscle, heart, lungs, liver, kidneys, and stomach
were listed in Table 1 [19]. As illustrated in Figure 3(b),
the fluorescent target was excited sequentially by 5-isotropic
point sources located one mean free path of photon trans-
port beneath the mouse surface on 𝑧 = 16.5mm plane. For
inverse reconstruction, the atlas torso was discretized into
38735 tetrahedrons and 7511 nodes. The sparsity value and
fluorophore distributionwere set to be 0.9 and 0, respectively,
when 𝑘 = 0.

Figure 4 shows the relative deviation, the Dice coefficient,
and the sparsity value obtained during the iteration process of
the SCP-Kaczmarz and Kaczmarz algorithm. From Figure 4
we can see that, after about 20 iterations, the proposed
method converges to the true solution with sparsity value of
0.9476.

Figure 5 shows the 3D targets and 2D slices at 𝑧 =
16.5mm recovered by the SCP-Kaczmarz and Kaczmarz
method after 100 iterations, respectively. The actual target is
indicated by the black circle and the reconstructed results
are normalized by the true intensity. It can be seen that
both methods can locate the target accurately, while the
first one is more appropriate for quantitative analysis and
profile reconstruction. It is known to us that the singular
value decomposition of the forward matrix, needed for
the proposed method to calculate the preconditioner, is
computationally expensive. Fortunately, the SVD only needs
to be performed for one time and can be done before the
iteration starts. So, in this work, we just measure the elapsed
time for the proposed algorithm to iteratively solve the
preconditioned FMT inverse problem by using theMATLAB
functions tic and toc and the SVD time cost is not included.
The time cost is 79 seconds and 100 seconds, respectively,
for the SCP-Kaczmarz method and the Kaczmarz method to
run 100 iterations.The correspondingmemory consumption,
which is calculated by using the MATLAB instruction profile
on memory, is 565040KB and 565016KB. As the memory
is mainly used to store the preconditioned or the original
forward matrix, the two algorithms have similar memory
cost.

The big target model was used to recover the biodistri-
bution of fluorescent probe in heart. The target was excited
sequentially by 5-isotropic point sources located at one mean
free path of photon transport beneath the mouse surface on
the 𝑧 = 7.3mm plane where the heart centered. Figure 6
illustrates the reconstruction results (which are normalized
to the intensity of the actual target) obtained by the SCP-
Kaczmarz and the Kaczmarz method after 100 iterations,

where the actual heart inside the body is hidden for clarity.
We also plotted the recovered intensity at each node of the
discretized atlas torso, as shown in Figure 7, where the 𝑥-
axis denotes the node index and the 𝑦-axis denotes the
intensity.The relative deviation, Dice coefficient, and sparsity
are illustrated in Figure 8. Although the two methods get
different results, the sparsity values are the same after 40
iterations.The computational time of the SCP-Kaczmarz and
Kaczmarz is 80 seconds and 81 seconds, respectively, and both
the memory usages are about 565MB.

2.4.2. Reconstruction of Multiple Fluorescent Targets. In this
section, we used the proposed SCP-Kaczmarz method to
recover multiple targets. As shown in Figure 9(a), two
spherical fluorescent targets with radius of 1mm were placed
at “13mm, 12mm, and 16.5mm” and “13mm, 6mm, and
16.5mm” in the liver of the digital mouse. Figure 9(b)
illustrates the relative deviation (blue solid line), sparsity
(green dashed line), and Dice coefficient (red dotted line)
obtained by the SCP-Kaczmarzmethod and Figure 9(c) is the
recovered slices at 𝑧 = 16.5mm after 100 iterations where
the black circles denote the actual targets.The corresponding
results obtained by the Kaczmarz method are plotted in
Figures 9(d) and 9(e). It can be seen that about 1500 iterations
are needed for the Kaczmarz algorithm to get satisfactory
results. The time for the SCP-Kaczmarz to run 100 iterations
is 72 seconds and that for the Kaczmarz to run 1500 iterations
is 1209 seconds and the corresponding memory cost is about
559 and 557MB, respectively.

To further test the ability of the proposed method to
distinguish multiple targets, we considered three fluorescent
spheres with radius of 1mm placed in the liver of the digital
mouse. As shown in Figure 10(a), the three fluorescent
targets were centered at “11mm, 10mm, and 16.5mm”;
“14mm, 14mm, and 16.5mm”; and “13mm, 6mm, 16.5mm,”
respectively.TheSCP-Kaczmarz results after 100 iterations are
demonstrated in Figures 10(b) and 10(c), and the Kaczmarz
results after 1500 iterations are demonstrated in Figures 10(d)
and 10(e). The actual targets are indicated by black circles in
Figures 10(c) and 10(e). The time cost for 100 SCP-Kaczmarz
iterations and 1500 Kaczmarz iterations is about 78 seconds
and 1327 seconds, respectively. The memory consumption
for the two methods is about 555MB. The results show that
the three targets can be distinguished by the two methods.
However, the proposed new method performs better both
in accuracy and in convergence rate compared with the
Kaczmarz method.



6 BioMed Research International

0 20 40 60 80 100
0

0.2

0.4

0.6

0.8

1

k

Re
la

tiv
e d

ev
ia

tio
n

SCP-Kaczmarz
Kaczmarz

(a)

0 20 40 60 80 100
0

0.2

0.4

0.6

0.8

1

k

D
ic

e c
oe

ffi
ci

en
t

SCP-Kaczmarz
Kaczmarz

(b)

0 20 40 60 80 100
0

0.2

0.4

0.6

0.8

1

k

Sp
ar

sit
y

SCP-Kaczmarz
Kaczmarz

(c)

Figure 4: Results obtained by the SCP-Kaczmarz method (blue solid curves) and the Kaczmarz (red dashed curves) method. (a)The relative
deviation. (b) The Dice coefficient. (c) The sparsity of the reconstructed target.

2.5. Phantom and In Vivo Experiments. In this section,
our homemade dual-modality FMT-Micro-CT imaging sys-
tem [19] was used to perform the phantom and in vivo
experiments. Two phantom experiments were conducted. In
the first experiment, a 20mm cubic phantom made from
polyoxymethylene was placed on the rotational stage of
the imaging system. A small hole with 1mm radius and
2mm height was drilled at “15mm, 7mm, and 9.5mm”

in the phantom. 40 𝜇M of Cy5.5 solution was emplaced
in the hole to be used as the fluorescent target. A 671 nm
CW laser was used as the point source to excite the Cy5.5
solution on each side of the cubic phantom and a 40 nm
bandpass filter centered at 720 nm was set before an EMCCD
camera to collect the fluorescence signal on the phantom
surface. The optical parameters for excitation and emission
wavelengths are 𝜇𝑎𝑥 = 0.0134mm−1 and 𝜇𝑠𝑥 = 9.3mm−1 and
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Figure 5: The reconstructed results of single small target. (a) 3D fluorescent targets and 2D slices at 𝑧 = 16.5mm obtained by the SCP-
Kaczmarz method. (b) 3D fluorescent targets and 2D slices at 𝑧 = 16.5mm obtained by the Kaczmarz method.
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Figure 6: The reconstructed 3D results for big target model. (a) Results obtained by the SCP-Kaczmarz method. (b) Results obtained by the
Kaczmarz method.
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Figure 7: Intensity distribution inside the discretized atlas torso. (a) The true intensity distribution. (b) The recovered intensity by SCP-
Kaczmarz method. (c) The recovered intensity by Kaczmarz method.

𝜇𝑎𝑚 = 0.0114mm−1 and 𝜇𝑠𝑚 = 10.1mm−1, respectively. In
the second experiment, a cylinder phantom with 10mm
radius and 30mm height was used. Two holes with 1mm
radius and 5mmheight were drilled in the cylinder phantom.
The twoholeswere centered at “5mm, 4mm, and 15mm” and
“5mm, −4mm, and 15mm,” respectively. Both holes were
filled with 40 𝜇M of Cy5.5 solution. The 671 nm CW laser
was used as the point source. Five excitation points were
set equivalently along the right half side of the phantom on
𝑧 = 15mm plane.

The cubic phantom is illustrated in Figure 11(a), where
the green cylinder denotes the Cy5.5 solution. The initial
sparsity value was set to be 0.8 for the first iteration. Figures
11(b) and 11(c) show the normalized results at 𝑧 = 9.5mm
by the SC-Kaczmarz and the Kaczmarz method after 200

iterations, respectively, where the true target is indicated by
the white circle and the location errors are about 0.7mm and
1.9mm, respectively. Comparedwith theKaczmarz result, the
intensity of the SCP-Kaczmarz result is larger due to the fact
that the latter one distributes more sparsely. The time cost
is 55 seconds and 58 seconds and the memory cost is about
100MB.

The cylinder phantom is shown in Figure 12(a), where
the green cylinders denote the Cy5.5 solution. Figures 12(b)
and 12(c) show the reconstructed 3D targets and 2D slices at
𝑧 = 15mmby the SCP-Kaczmarzmethod after 100 iterations.
To get acceptable results, 500 iterations were needed for
the Kaczmarz method. Figures 12(d) and 12(e) show the
reconstructed 3D targets and 2D slice at 𝑧 = 15mm by the
Kaczmarz method after 500 iterations. 167 seconds is cost
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Figure 8: The recovered results by the two methods with 100 iterations. (a) The relative deviation. (b) The Dice coefficient. (c) The sparsity.

for the SCP-Kaczmarz algorithm to iterate 100 times and
862 seconds is needed for the Kaczmarz algorithm to iterate
500 times. The memory used by the two methods is about
600MB, where the phantom is discretized into 7851 nodes for
inverse reconstruction.

The proposed SCP-Kaczmarz method was also used to
recover the fluorescent target from the in vivo small animal
experimental data [32]. In the experiment, the fluorescent
target was made of a glass tube full of 4000 nM Cy5.5
solution and was implanted into the abdomen of an adult
BALB/C mouse. A 671 nm CW point laser was used to

excite the target at four positions sequentially and the optical
signal on the mouse surface was collected. After the optical
images acquisition, the anesthetized mouse was scanned by
the Micro-CT subsystem. The reconstructed CT slices were
segmented into five components (heart, lungs, liver, kidneys,
andmuscle) and used to provide prior structural information
for the FMT inverse problem. The sparsity value was set to
be 0.7 for the first iteration. The in vivo experiment results
are shown in Figure 13, where (a) is the CT slices, (b) is
the recovered slices by the SCP-Kaczmarz, and (c) is the
recovered slices by the Kaczmarz method. The top row in
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Figure 9: Reconstruction results of two targets. (a) The actual targets. (b) The relative deviation, sparsity, and Dice coefficient obtained by
the SCP-Kaczmarz method. (c) The 2D slices at 𝑧 = 16.5mm obtained by the SCP-Kaczmarz algorithm. (d) The relative deviation, sparsity,
and Dice coefficient obtained by the Kaczmarz method. (e) The 2D slices at 𝑧 = 16.5mm obtained by the Kaczmarz algorithm.
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Figure 10: Reconstruction results of three targets. (a) The actual targets. (b) The relative deviation, sparsity, and Dice coefficient obtained by
the SCP-Kaczmarz method. (c) The 2D slices at 𝑧 = 16.5mm obtained by the SCP-Kaczmarz algorithm. (d) The relative deviation, sparsity,
and Dice coefficient obtained by the Kaczmarz method. (e) The 2D slices at 𝑧 = 16.5mm obtained by the Kaczmarz algorithm.
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Figure 11: Reconstruction of single target in the cubic phantom. (a) The actual fluorescent target. (b) The normalized result by the SCP-
Kaczmarz technique on plane 𝑧 = 9.5mm. (c) The normalized result by the Kaczmarz technique on plane 𝑧 = 9.5mm.

Figure 13 illustrates the cross views and the bottom row
demonstrates the coronal views.WithMicro-CT, the center of
the glass tube is around “21.1, 27.8, and 7.4”mm.The center of
the recovered target by SCP-Kaczmarz is about 1.4mm away
from the glass tube center after 100 iterations. The center of
the recovered target by Kaczmarz is about 1.7mm away from
the glass tube center after 150 iterations. As sparsity constraint
is applied, we can see from Figure 10 that the reconstructed
target by SCP-Kaczmarz is sparser and the amplitude is larger
than the target recovered by Kaczmarz. The time cost is
50 seconds and 80 seconds for the SCP-Kaczmarz method
(100 iterations) and the Kaczmarz method (150 iterations),
respectively, and the memory used in both is about 270MB.

3. Discussion and Conclusion

In this work, we propose a sparsity-constrained precondi-
tioned Kaczmarz method to solve the inverse problem in
FMT. First, a preconditioner is computed to minimize the

correlation between the rows of the FMT forward matrix,
then the classical Kaczmarz method is used to solve the pre-
conditioned inverse problem, and finally the large elements
of the Kaczmarz solution are kept and the other elements are
set to zero to make the result satisfy a preset sparsity value.
The threshold value is obtained by solving a minimization
problem using linear searching strategy. The performance
of the proposed algorithm is demonstrated by numerical
simulation and phantom and in vivo experiments. In numer-
ical simulation, both small target and big target can be
recoveredwith high accuracy by the proposedmethod. As the
correlation between the rows of the forward matrix has been
minimized, the SCP-Kaczmarz method converges to the true
solution rather faster than the classical Kaczmarz method. In
the phantom and in vivo experiment, the proposed algorithm
shows performance improvement both in location accuracy
and in convergence speed relative to the classical Kaczmarz
technique. Furthermore, experiments with two targets and
three targets were performed. The results show that both
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Figure 12: Reconstruction of two targets in the cylinder phantom. (a)The actual targets. (b)The 3D targets and (c) the 2D slices at 𝑧 = 15mm
recovered by the SCP-Kaczmarz method after 100 iterations. (d)The 3D targets and (e) the 2D slices at 𝑧 = 15mm recovered by the Kaczmarz
method after 500 iterations.
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(a) (b) (c)

Figure 13: In vivo experiment results. (a) CT slices where the glass tube is the true target. (b) Recovered slices by the SCP-Kaczmarz method.
(c) Recovered slices by the Kaczmarz method.

the methods can get satisfactory results. However, we find
that the Kaczmarz method converges rather slowly when
recovering more than one target, while the convergence of
the proposed SCP-Kaczmarz is not affected by the number of
targets. The reason may be that the correlation between the
rows of the forward matrix when multiple targets are present
is stronger compared to the case when one target is present.
And the stronger correlation leads to slower convergence of
the Kaczmarzmethod. After preconditioning, the correlation
is minimized and hence the convergence remains the same
for different number of targets. The computational time and
the memory usage are also calculated. The results show that,
under the same number of iterations, the Kaczmarz method
runs a little faster than the SCP-Kaczmarz method, and
they consume similar memory. That is because the memory
is mainly used to store the preconditioned or the original
forward matrix which are of the same size.

A parameter, named the wanted sparsity value, should be
predetermined when using the SCP-Kaczmarz method. As
the number of nodes in the imaging domain is known, we can
estimate the number of nodes the fluorescent target covers
and hence get a sparsity value by (9). However, we found
that the sparsity value has little effect on the reconstruction
result in our experiment. It is known to us that the singular
value decomposition of the forward matrix, needed for the
proposed method to calculate the preconditioner, is compu-
tationally expensive. Fortunately, the SVD only needs to be
performed for one time and can be done before the iteration
starts. No additional computation load will be caused when
the proposed method iteratively solves the preconditioned
FMT inverse problem. In numerical simulation, as the surface
datawas obtained based on the diffusion approximation (DA)
model, which is also used in solving the inverse problem,
the proposed algorithm performs well to reconstruct the
intensity and the shape of the fluorescent target. For real

experiment, we do not know actually the light transport
model. So there is a mismatch between the true model and
the diffusion approximation, and the proposed method does
not perform as well as it does in the simulation experiment.
In the future, we will focus on light transport model based
on higher order approximation (e.g., the SP𝑁 approximation)
and perform in vivo experiment with multiple targets to
further investigate the proposed method.
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Cone beam X-ray luminescence tomography can realize fast X-ray luminescence tomography imaging with relatively low scanning
time compared with narrow beam X-ray luminescence tomography. However, cone beam X-ray luminescence tomography suffers
from an ill-posed reconstruction problem. First, the feasibility of experiments with different penetration and multispectra in small
animal has been tested using nanophosphor material. Then, the hybrid reconstruction algorithm with KA-FEM method has been
applied in cone beam X-ray luminescence tomography for small animals to overcome the ill-posed reconstruction problem, whose
advantage and property have been demonstrated in fluorescence tomography imaging. The in vivo mouse experiment proved the
feasibility of the proposed method.

1. Introduction

X-ray luminescence tomography (XLT) has been put for-
ward as a novel imaging technology for biological imaging
application based on X-ray-excitable phosphor nanoparticles
[1]. These phosphor nanoparticles can produce visible lumi-
nescence light signals irradiated with X-ray which can be
measured by charge coupled device (CCD) [1].The discovery
that both X-ray and visible light can propagate through
tissue and that the nanophosphors agents can trace specific
molecular makes XLT a proper tool for in vivo biomedical
imaging. Nowadays, XLT technology has also been extended
from narrow beam X-ray [1] to cone beam X-ray excitation
[2] and is even applied in endoscopic imaging [3].Meanwhile,
with advanced specific materials for X-ray excitation, it has
also been applied in small animal in vivo imaging [4].

The XLT modality has its unique features over other
optical imaging methods such as bioluminescence and fluo-
rescence imaging [5, 6]. It can excite the nanophosphors from
different angles and avoid a significant autofluorescence in
other optical imaging methods [2]. However, this technology
demands long scanning time under X-ray exposure, which
limits its development of fast in vivo biology processes [5].

Some research groups have improved the XLT imaging time
resolution from different ways. Carpenter et al. proposed
a limited-angle X-ray luminescence tomography method to
complete reconstruction from limited-angles in narrow beam
XLT system [7]. Badea et al. invented a battleship sampling
paradigm to mix sampling and reconstruction in narrow
beamXLT system [8]. In addition, Chen et al. designed a cone
beam XLT imaging system [2] and Chen et al. put forward a
reconstruction method with single view data in cone beam
XLT system [3]. Even though the imaging time in the recon-
struction method with single view data is reported to be less
than 30 s [3], reconstructed result with planar detectors and
a single view is generally insufficient for accurate 3D recon-
struction [9]. The inverse problem of reconstruction is an
ill-posed problem and can be improved by taking images of
the experiment subject from multiple views [10] and using
multispectral data [11].

It is reported that Gd2O2S: Tb has several peaks in the
spectrum excited by X-rays and can be applied in multispect-
ral imaging and reconstruction [12]. The multispectral prop-
erty of this material has also been reported for its advantage
in improving theXLT imaging quality [13]. However, the pen-
etration property of this material under different spectral has
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not been discussed before. In this paper, the spectral property
of the material in different tissues has been studied. The fea-
sibility of conducting experiments in small animal has been
proved through the preliminary results. The hybrid recon-
struction algorithm with Kirchhoff approximation and finite
element method (KA-FEM) has been studied in fluorescence
tomography to overcome the ill-posedness in reconstruction
[14]. Hence, we realize cone beam XLT reconstruction with
KA-FEM method and perform experiments on both tissue
and in vivo mouse. Our reconstructed results show that the
KA-FEM method can be applied in reconstruction to make
XLT imaging feasible for small animal imaging.

2. Method

In the cone beam XLT system, X-rays are emitted from
the X-ray source and travel through the tissues based on
Lambert-Beers’ law. Once the nanophosphors are irradiated
by X-rays, they will emit visible light. The light transport
in biological tissues can be accurately modeled by diffusion
approximation, owing to the highly scattering and weakly
absorbing properties of the soft tissues in the spectral region.
The imaging model can be expressed as follows:

𝑋 (r) = 𝑋0 exp{−∫r

r0
𝜇𝑡 (𝜏) 𝑑𝜏} ,

𝑆 (r) = 𝜀𝑋 (r) 𝜌 (r) ,
− ∇ ⋅ [𝐷 (r) ∇Φ (r)] + 𝜇𝑎 (r) Φ (r) = 𝑆 (r) r ∈ Ω,

(1)

where𝑋0 is theX-ray source intensitywith the initial position
r0 and 𝜇𝑡(𝜏) is the X-ray attenuation coefficient at position𝜏 that can be computed from X-ray transmission data using
an attenuation-based computed tomography (CT) technique.𝑆(r) is the light source. 𝑋(r) is the X-ray intensity, and 𝜌(r)
is the nanophosphor density at position r. 𝜀 is the light
yield, while r is the position vector. Ω is the domain under
consideration, and 𝐷(r) = (3(𝜇𝑎(r) + (1 − 𝑔)𝜇𝑠(r)))−1 is the
diffusion coefficient with 𝜇𝑎(r) as the absorption coefficient,𝑔 as the anisotropy parameter, and 𝜇𝑠(r) as the scattering
coefficient. Φ(r) is the photon flux density.

Meanwhile, it is reported that the resolution of the
reconstructed results can be significantly improvedusing data
measured at different wavelengths [15, 16]. With the surface
data measured at two or more wavelengths, the significantly
different system matrixes can be obtained to enhance the
resolution of the problem.The ratio of the energy distribution
in every spectrum can be measured and the linear relation-
ship between the measured multispectral data Φmeas and the
material distribution 𝑞 can be obtained as follows:

𝐴𝑞 = Φmeas, (2)

where

𝐴 =
[[[[[[
[

𝜔𝜆1𝐴𝜆1𝜔𝜆2𝐴𝜆2...𝜔𝜆𝑚𝐴𝜆𝑚

]]]]]]
]
,

Φmeas =
[[[[[[
[

Φ𝜆1Φ𝜆2...Φ𝜆𝑚

]]]]]]
]
,

𝑚∑
]=1

𝜔𝜆] ≈ 1.
(3)

𝐴𝜆𝑖,Φ𝜆𝑖, and𝜔𝜆𝑖 represent the systemmatrix, themeasurable
photon density, and the relative fraction at which the wave-
length 𝜆𝑖 contributes in the emission spectrum, respectively.𝜔𝜆𝑖 is given as follows:

𝜔𝜆𝑖 = ∫𝜆up𝑖
𝜆lo
𝑖

𝜉 (𝜆) 𝑑𝜆
∫∞
0
𝜉 (𝜆) 𝑑𝜆 , (4)

where 𝜆lo𝑖 and 𝜆up𝑖 denote the lower and upper limits of the
bandpass filter centered on wavelength 𝜆𝑖, respectively, and𝜉(𝜆) is the emission spectrum.

TheKA-FEMmethod is applied to combine the analytical
method and numerical method based on finite element
method to solve the imaging model and form the system
equations [14]. The flow chart of the reconstruction can
be divided into the KA module and the FEM module. KA
method is utilized to produce the region of interest (ROI) and
then FEM is used to reconstruct the final result. In the KA
module, the systemmatrix𝐴𝜆𝑖 can be expressed as 𝐺KA(rs, r,
𝜆i) as follows at the corresponding wavelength 𝜆i [14, 17]:

𝐺KA (rs, r,𝜆i) = 𝑔 (rs, r,𝜆i) + 𝑁∑
𝑝=1

[𝑔 (rp, r,𝜆i)

+ 2𝐶nd𝐷 (𝜆𝑖) 𝜕𝑔 (rp, r,𝜆i)𝜕np
] 𝜕𝐺KA (rs, rp,𝜆i)𝜕np

× Δ𝑆 (rp) ,

(5)

where 𝜕np denotes the outward normal vector at surface
point rp. Δ𝑆(rp) denotes local planar discrete area on the
surface. 𝑔 denotes Green’s function in infinite medium while𝐺KA denotes Green’s function inmediumwith boundary.The
surface values 𝜕𝐺KA(rs, rp,𝜆i)/𝜕np can be obtained by the
method of images [18]:

𝜕𝐺KA (rs, rp,𝜆i)𝜕np

= − [𝑔 (R,Z,𝜆i) − 𝑔 (R,Z + 𝐶nd𝐷 (𝜆𝑖))]𝐶nd𝐷 (𝜆𝑖) ,
(6)

whereZ = (rs−rp)⋅(−np) andR = Z−(rs−rp).The coefficient𝐶nd takes into account the refractive indexmismatch between
both media [19]. Then, preliminary reconstructed results can
be obtained by 𝑙1-norm regularization method, while in the
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Figure 1: Experimental setup for XLT.

FEMmodule the systemmatrix𝐴𝜆𝑖 can be obtained by trans-
forming the model to its weak form and discretizing the
domain with the shape function and is expressed as follows
at the corresponding wavelength 𝜆𝑖 [2]:

𝐴𝜆𝑖 = (𝑀𝜆𝑖−1𝐹) ⋅ 𝜀 ⋅ 𝑋 ⋅ 𝑞, (7)

where

𝑀𝑖,𝑗 = ∫
Ω
(𝐷 (𝜆𝑖) ∇Ψ𝑖 ⋅ ∇Ψ𝑗 + 𝜇𝑎 (𝜆𝑖) Ψ𝑖 ⋅ Ψ𝑗) 𝑑𝑟

+ 12𝜅 ∫𝜕Ω Ψ𝑖Ψ𝑗𝑑𝑟,
𝐹𝑖,𝑗 = ∫

Ω
Φ (r) Ψ𝑖Ψ𝑗𝑑𝑟,

𝑋𝑖,𝑗 = 𝑋𝑖,𝑗 (r) .

(8)

𝜀 is the light yield and 𝑋𝑖,𝑗(r) is the X-ray intensity at each
vertex. 𝜅(r, 𝑛, 𝑛) is the boundary mismatch factor, which
depends on the refractive indices 𝑛 in Ω and 𝑛 in the
surrounding medium. Ψ𝑖 and Ψ𝑗 denote the corresponding
elements of the test function. Finally, the reconstructed result
can be obtained with conjugate gradient least square (CGLS)
method [20].

3. Experiment and Result

The equipment used in our experiments consisted of a cone
beam X-ray source to excite the phosphors, an electron-
multiplying CCD (EMCCD) camera to sample the photon
fluence, and an extra CMOS X-ray detector panel to collect
the transmitted X-rays. This schematic is shown in Figure 1.
In the system, the CT system contains a microfocus X-ray
source (Apogee, Oxford Instruments, UK) and CMOS flat-
panel detector (C7921, Hamamatsu, Japan) with pixel size
of 50 𝜇m covering a 1056 × 1056 digital image matrix. The
EMCCD camera (PIXIS2048, Princeton Instruments, UK)
was mounted at 90∘ toward the X-ray axis with a Nikkor 55-
mm f/2.8D lens (Nikon, Melville, New York). To minimize
theX-ray ionizing radiation to the EMCCD, a lead shieldwith
depth of 4mm was used.

First the depth of penetration and spectral property of our
material were investigated.The experiment was performed by
using porcine tissues, including liver, kidney, fat, and heart as
shown in Figure 2(a). The fresh porcine tissues were frozen
at −20∘C and then cut into slices of various thicknesses using
a microtome with approximately 10mm in width and 40mm
in length. The thicknesses of the porcine tissues were from
2 to 6mm, with a 2mm interval. The material is put into
the plastic capillaries with approximately 2mm in diameter
and 40mm in length as shown in Figure 2(a). The distance
between the material and the X-ray source was 140mmwhile
the distance between the material and EMCCD camera was
285mm.The capillaries were placed under the porcine tissues
of various thicknesses, including 2, 4, and 6mm. The X-
ray source was set to 50 kVp voltage and 1mA current. The
X-ray luminescent photons emitted from the material were
acquired by the CCD camera. A 2 × 2 binning operation was
employed to improve the signal to noise ratio (SNR). During
the luminescence signal collection, the exposure time was set
to 3 s. The image acquisition system was enclosed in a light-
tight environment to avoid the effect of light from outside.
The proper optical filters with corresponding wavelengths
have been selected based on the optical spectra reported in
[12]. The optical signals were imaged at wavelengths of 545,
585, and 620 nm with corresponding optical filter manually.
The experiment was conducted three times to ensure the
accuracy of the measurements.

The luminescent images were obtained as shown in Fig-
ure 2(b). The experiment showed that the material can emit
visible light signals at wavelengths of 545, 585, and 620 nm
corresponding to the spectrum obtained in [12]. The signals
are too weak to detect in our system for the slices with depth
of 8mm.The optical images of thematerial at different depths
and different spectra were acquired and the average of the
luminescence flux density in ROI is calculated. Table 1 shows
the calculation results of different thickness fromdifferent tis-
sues at the wavelength of 620 nm.The color bar in Figure 2(b)
and the results of Table 1 show the gray level of the image.
Hence, the unit is ADU (Analog to Digital Unit), which can
be ignored in both Figure 2(b) and Table 1. Table 1 shows
that the optical signal intensity decreased with the increase
in depth. Preliminary experimental results indicated that the
penetration depthwas different in various porcine tissues and
that the optical signals for the material at a depth of 6mm
could be detected for about 3 gmaterial shown in Figure 2(b).
The results prove that this material can be applied in the
mouse experiment where the sizes of tissues are relatively
small; however, we cannot give the precise measurement
including all the tissues such as bones and lung under present
conditions. Hence, due to the limitation of the material and
system, the radius of the mouse selected in the following
experiment is about 20mmand the sizes of tissues are smaller
than 6mm, which is in the range of the detectable depth.

Then, an in vivomouse experiment was carried out in the
above imaging system to evaluate the proposed cone beamX-
ray luminescence computed tomography strategy. To evaluate
the performance of the proposed method, we implanted a
plastic capillary with a 1mm radius and 2mm height, which
was filled with the Gd2O2S: Tb nanophosphor, into the
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Figure 2: (a) Slices of different porcine tissues (including liver, kidney, fat, and heart) and the material in the plastic capillaries; (b) slice
images under different filters.

Table 1: Calculation results of different thicknesses from different
tissues at the wavelength of 620 nm.

2mm 4mm 6mm
Liver 252.36 18.58 6.95
Kidney 618.96 75.77 27.84
Fat 713.06 272.33 121.79
Heart 420.17 94.15 59.83

mouse with the depth of about 10mm, to simulate tumor
applications. The proper optical filters with corresponding
wavelengths have been selected the same as in the tissue
slices.Thedistance between thematerial and theX-ray source
was 200mm while the distance between the material and
EMCCD camera was 270mm. The micro-CT scanning was
also performed (50 kVp, 1.0mA, 360 views with 1∘ intervals)
in the experiment to get the physical structure and the
corresponding X-ray attenuation coefficient of the mouse.
Then, the X-ray luminescent material was excited by an X-
ray source from four different directions and the luminescent
photons emitted from the phantom were acquired by the
CCD camera as shown in Figure 3(a). During the lumines-
cence signal collection, the exposure time was set to 5 s for
each wavelength separately. The optical signals were imaged
at wavelengths of 545, 585, and 620 nm with a binning factor
of 2. Due to the limitation of the X-ray source, the total
scanning time was about 60 s. The image acquisition system
was enclosed in a light-tight environment to avoid the outside
light effect.

In the XLT reconstruction, the mouse was discretized
into 31189 tetrahedral-elements and 6341 nodes, from the
micro-CT results by AMIRA.We compared ourmethod with
traditional XLT 𝑙1 regularization method [2] to validate the
effectiveness of our proposed method. In the comparison,
two benchmarks were applied to evaluate the reconstruction
results, including location error and the dice coefficient [21].
The homogeneous absorption coefficient and reduced scat-
tering coefficient were used in the reconstruction processes
for three corresponding wavelengths [22]. For the micro-
CT information, the reconstruction was performed using

Table 2: Reconstruction result of the two methods.

Location error (mm) Dice coefficient
Proposed method 1.1mm 0.4
Traditional XLT method 1.8mm 0.1

the filtered back projection (FBP) method [23]. From the
measured data, the distribution of the luminescent material
could be reconstructed by the above mentioned method.The
center of the capillary in the mouse was 21.2, 21.5, or 13
mm and was obtained from the micro-CT reconstruction
result. Figure 3(a) shows the experimental surface data of the
mouse. The color bar in Figure 3(a) shows the gray level of
the image, whose unit is ADU (Analog to Digital Unit) and
is ignored. Figure 3(b) shows the sectional view of the results
with proposed method while Figure 3(c) shows the sectional
view of the results with traditional method in which the black
circle shows the actual material source. Figure 3(b) shows
that the proposed method can better reveal the contour of
the actual source than the traditional one. From Table 2, it
can be seen that the proposed method can achieve smaller
location error and larger dice coefficient than the traditional
one, which means that the reconstruction results are more
similar to the actual source in the proposedmethod. Both the
location error and the dice coefficient in the results can prove
that the proposed method can alleviate the ill-posedness and
achieve good imaging quality. However, the light yield 𝜀 of
the material could not be obtained in our present system
conditions. Hence, the quantity reconstruction results were
not discussed andwill be studied in future.Therefore, the unit
of Figures 3(b) and 3(c) was ignored.

4. Discussion

Based on the above experiments, we have demonstrated that
the proposed cone beam X-ray luminescence tomography
imaging based on KA-FEM method is available to in vivo
small animal imaging.The comparison between the proposed
method and the traditional one shows that the proposed
method can alleviate the ill-posedness and achieve good
imaging quality from both the location error and the dice
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Figure 3: (a) Optical image of in vivo small mouse; (b) sectional view of the results with proposed method; (c) sectional view of the results
with traditional method.

coefficient. Even though the spatial resolution of the recon-
struction is relatively lower than that of the narrow beam
XLT [1], the scanning time in our method could be shortened
within 60 s with four angle scanning procedures while the
reconstruction can be improved by multispectral imaging.
However, the time resolution can be improved if the distance
between the material and the X-ray source become smaller
with larger FOV of themicro-CT system.The time resolution
can also be improved by using a larger voltage or current of
the X-ray source within less than 30 s.

The method applied in [13] has also applied multi-
wavelength information and multilevel mesh strategy in the
reconstruction.However, the structural information has been
used as important information to realize the quantitative
analysis, so the reconstruction error in [13] is smaller than
the proposed one. If the reconstruction is conducted without
the structural information, the FEM-FEM can achieve the
location error of 1mm and the dice coefficient of 0.38, which
is at the same level with the proposed one. Hence, both of
them can improve the quality of XLT imaging. However, the
KA module in our proposed method can realize reconstruc-
tion directly with CT voxel data. This can avoid the tedious
segmentation and gridding work in traditional XLT imaging
and improve the efficiency of the data process and analysis.

Due to the limitation of the personal computer, we cannot
deal with the over-large number of the CT voxel data and
realize the reconstruction, even though itmay be solved in the
future with the development of computer science. As a novel
imaging technology, the imaging depth of XLT is limited by
the material, system, and reconstruction method. It can be
improved by increasing optical signal excited by increasing
the tube voltage and current of X-ray source, using larger
content of material with higher light yield. The influence of
these related aspects is a significant task for our further study.
Meanwhile, we apply homogeneous model in reconstruction
with multispectral data in in vivo experiment. It can be
deduced from Figure 2 that heterogeneous model for XLT
reconstruction may be reasonable because of the difference
in optical parameters of different tissues. Unfortunately, in
our in vivo experiment, a plastic capillary filled with the
Gd2O2S: Tb nanophosphor was implanted into abdomen of
the mouse, which may cause large artifacts in CT image and
make it difficult to realize the accurate tissue segmentation.
With an imprecise tissue segmentation, the reconstruction
error of heterogeneous model is much larger than that
of homogeneous model. The limitation of tissue data and
tissue segmentation cannot fully support the heterogeneous
reconstruction in our XLT experiment. With improvement
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of the segmentation technique and experiment conditions,
we will further conduct the heterogeneous reconstruction to
study the tissue difference in XLT imaging.
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Limited-projection fluorescencemolecular tomography (FMT)has short data acquisition time that allows fast resolving of the three-
dimensional visualization of fluorophorewithin small animal in vivo. However, limited-projection FMT reconstruction suffers from
severe ill-posedness because only limited projections are used for reconstruction. To alleviate the ill-posedness, a feasible region
extraction strategy based on a doublemesh is presented for limited-projection FMT. First, an initial result is rapidly recovered using
a coarse discretizationmesh.Then, the reconstructed fluorophore area in the initial result is selected as a feasible region to guide the
reconstruction using a fine discretizationmesh. Simulation experiments on a digital mouse and small animal experiment in vivo are
performed to validate the proposed strategy. It demonstrates that the presented strategy provides a good distribution of fluorophore
with limited projections of fluorescence measurements. Hence, it is suitable for reconstruction of limited-projection FMT.

1. Introduction

Fluorescence molecular tomography (FMT) is a promising
optical imaging tool to quantitatively determine the fluoro-
phore distribution in animals [1, 2]. Because of its high sensi-
tivity, low cost, and noninvasion, FMT has been successfully
applied in cancer diagnosis, drug development, and thera-
peutics assessment [3–5]. FMT is accomplished by excitation
of the fluorophore (such as fluorescent protein or fluorescent
dyes) with lasers and collection of fluorescence light emitted
from the fluorophore. The distribution of the fluorophore
would be reconstructed from the fluorescent measurements
collected by imaging system with an appropriate mathemati-
cal model [6–12].

The inverse problem of FMT involves reconstruction
of the spatial fluorophore distribution inside the imaging
domain from the collected data on the surface at the emission
and excitation wavelengths. The reconstruction is severely ill
posed due to the strong scattering of near-infrared photons
propagation in biological tissues [13]. To alleviate the ill-pos-
edness and get robust reconstructed images, great efforts have

been made on reconstruction algorithms and imaging sys-
tems. Different regularization schemes have been proposed,
for example, the frequently employed Tikhonov regulariza-
tion and sparsity regularization, to improve the accuracy [14,
15]. Some a priori information, like anatomical information,
optical properties, and permissible region, is incorporated in
reconstruction. Anatomical information (provided by X-ray
computed tomography, XCT [8], or by magnetic resonance
imaging, MRI [16]) can be employed in the forward model
of photon propagation or further inserted in the inversion
problem in the form of priors to improve the regularization of
the problem [17, 18]. A quantitative three-dimensional recon-
struction of FMT can be implemented where the distribution
of optical properties is obtained by diffusion optical tomog-
raphy (DOT) [19]. Liu et al. present further studies on the
effect of functional and structural a priori information on the
accuracy of FMT [20]. Feasible region could reduce the scale
of matrix equation of the inverse problem significantly, and it
is also helpful for improving the quality of final results [21–
28]. In [21, 22], the feasible region can be derived from the
near-infrared measured boundary data. A region-shrinking
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strategy is utilized to make the feasible region gradually
shrink from the whole imaging domain to a small region in
[24]. In addition, feasible region can also be extracted from
the previously computed procedure, and a mesh refinement
scheme is further used in the feasible region [25–27]. This
adaptive mesh scheme provides a good performance in
reconstruction.

To obtain more measured data on the boundary, hybrid
FMT/XCT imaging geometries collecting tomographic data
over 360∘ projections have been reported and disseminated to
researchers [8, 29]. However, collecting high spatial-sampling
data at 360∘ projections usually require long time (roughly
need 5min∼45min, [1]), which is not suited for the visualiza-
tion of fast biology processes in vivo. To address this problem,
limited-projection-angle FMT or limited-projection FMT
provides an effective way [30–32]. Limited-projection-angle
FMT does not require rotating gantries but provides a subset
of the information available to 360∘ system, which shorten
the experimental time [30, 31]. Limited-projection FMT
means the fluorophore is recovered using as few projections
as possible, which accelerates data collection and reduces
animal stress [32]. The challenge for limited-projection FMT
is reducing the ill-posedness to obtain accurate and stable
reconstructed images.

In this study, we developed a feasible region extrac-
tion method based on a double-mesh strategy for limited-
projection FMT. Reconstruction for the inverse problem by
𝑙1-norm regularization is implemented with a coarse discret-
ization mesh and a fine discretization mesh, separately. But
the initial result with the coarse discretization mesh provides
a rough region of fluorophore, which can be considered as
a feasible region to guide the reconstruction on the fine
mesh.Then the matrix scale on the fine mesh can be reduced
largely. Furthermore, the final result on the fine mesh can be
improved due to the feasible region.

The outline of this paper is summarized as follows.
The photon propagation model in biological tissues and the
proposed reconstruction strategy are introduced in Section 2.
Numerical simulation experiments on a 3D digital mouse
model and real small animal experiments are presented to
validate our reconstruction strategy in Section 3. Discussion
and conclusions are presented in Section 4.

2. Methods

2.1. Photon Propagation Model. Since the near-infrared pho-
ton propagation in biological tissues has the characteris-
tics of high scattering and low absorption, the diffusion
approximation to radiative transport equation (RTE) canwell
describe photon propagation through biological tissues [33].
In a continuous-wave (CW) form, the following coupled
diffusion equations with Robin boundary condition are used
to represent the photon propagation [33–35]:

∇ ⋅ (𝐷𝑥 (𝑟) ∇Φ𝑥 (𝑟)) − 𝜇𝑎𝑥 (𝑟) Φ𝑥 (𝑟) = −Θ𝛿 (𝑟 − 𝑟𝑠)
∇ ⋅ (𝐷𝑚 (𝑟) ∇Φ𝑚 (𝑟)) − 𝜇𝑎𝑚 (𝑟) Φ𝑚 (𝑟)

= −Φ𝑥 (𝑟) 𝜂𝜇𝑎𝑓 (𝑟)
(𝑟 ∈ Ω) ,

(1)

where subscript 𝑥 and 𝑚 denote excitation light and emis-
sion light, respectively. 𝐷(𝑟) and 𝜇𝑎(𝑟) denote the diffusion
coefficient and absorption coefficient of tissues. Φ(𝑟) is the
photon density. The unknown fluorescence yield 𝜂𝜇𝑎𝑓(𝑟) is
the parameter to be reconstructed, which is denoted as 𝑋(𝑟)
in the following part of this article. Using finite element
method to solve (1) [36], for total 𝑆 excitation point sources,
we have the following final weighted matrix:

Φ𝑚 = 𝐴𝑋, (2)

where 𝐴 is 𝑛 × 𝑝 matrix, which establishes the linear relation-
ship between the emitted fluorescence photon flux Φ𝑚 ∈ 𝑅𝑛
on the surface and the unknown fluorescence yield distribu-
tion 𝑋 ∈ 𝑅𝑝. The aim of FMT is to estimate 𝑋 from the
boundarymeasurementsΦ𝑚 with (2). More detailed descrip-
tions can be found in [37].

2.2. Proposed Reconstruction Method. Limited-projection
FMT means the fluorophore is recovered using some projec-
tions, very few. So, the size of boundary measurements Φ𝑚 is
much smaller than the size of variable𝑋 (related to the nodes
or tetrahedrons in the discretization mesh, typically the size
around 103∼105) in (2). It is a hard work to solve (2) directly;
then this paper has developed a feasible region extraction
strategy based on a double mesh for limited-projection FMT.
Reconstruction for the inverse problem is implemented with
a coarse discretization mesh and a fine discretization mesh,
separately. First, a preliminary result is obtained rapidly on a
coarse discretizationmesh using 𝑙1-norm regularization.This
initial result has low resolution due to the coarse discretiza-
tion mesh, but it can be selected as a feasible region of
fluorophore. To get a high resolution recovered image, a fine
discretizationmesh is utilized for the reconstruction problem
although it results in enlarged variable 𝑋. To reduce the size
of 𝑋, the feasible region has guided the reconstruction on
the fine discretization mesh using 𝑙1-norm regularization.
Here, 𝑙1-norm regularization is utilized based on the fact that
the fluorophore is located in a certain area of interest in most
FMT applications. It is in sparse pattern compared with
the imaging domain [38]. The flow chart of the proposed
reconstruction strategy is shown in Figure 1.

2.3. Quality Evaluation. To evaluate the quality of recovered
images, center localization error (CLE), normalized root
mean square error (nRMSE), relative error (RE), and contrast
to noise ratio (CNR) are adopted in this study [39–41]. CLE
is defined as

CLE = [(𝑥 − 𝑥0)2 + (𝑦 − 𝑦0)2 + (𝑧 − 𝑧0)2]1/2 , (3)

where (𝑥, 𝑦, 𝑧) is reconstructed center coordinate and
(𝑥0, 𝑦0, 𝑧0) is the actual center coordinate of fluorophore.
nRMSE is defined as

nRMSE =
√(∑𝐾𝑖=1 (𝑋recon (𝑖) − 𝑋true (𝑖)))2 /𝐾

(𝑋max
recon − 𝑋min

recon) , (4)

where 𝐾 denotes the total number of the nodes. 𝑋recon(𝑖) and
𝑋true(𝑖) are the recovered values and the truth values on the
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Figure 1: The flow chart of the proposed reconstruction method
based on a double-mesh strategy.

𝑖th nodes, respectively. 𝑋max
recon and 𝑋min

recon are the maximum
and minimum recovered values. RE is defined as

RE =
𝑋recon − 𝑋true

𝑋true
, (5)

where 𝑋recon and 𝑋true are the reconstructed and true fluo-
rescence yield of fluorophore. CNR is defined as

CNR = (𝜇ROI − 𝜇ROB)
√(𝜔ROI𝜎2ROI + 𝜔ROB𝜎2ROB) , (6)

where 𝜇ROI is themean value fluorescence yields in the region
of interest (ROI) and 𝜇ROB is the mean value of fluorescence
yield within the region of background (ROB). 𝜔ROI and 𝜔ROB
are the number of the nodes in theROI andROB, respectively.
𝜎2ROI and 𝜎2ROB are the variances of fluorescence yields in the
ROI and ROB. In general, a high-quality reconstructed image
possesses CLE, nRMSE, and RE value close to 0 and a high
CNR value.

3. Experiments and Results

In this section, numerical simulation experiments with a
3D digital mouse and real small animal experiments were
designed to demonstrate the potential and feasibility of the
proposed strategy for limited-projection FMT. We employed
the incomplete variables truncated conjugate gradient

Table 1: Optical parameters of themouse organs (units of 𝜇𝑎 and 𝜇𝑠:
mm−1).

Organs 𝜇𝑎𝑥 𝜇𝑠𝑥 𝜇𝑎𝑚 𝜇𝑠𝑚
Muscle 0.0052 1.08 0.0068 1.03
Heart 0.0083 1.01 0.0104 0.99
Lungs 0.0133 1.97 0.0203 1.95
Liver 0.0329 0.70 0.0176 0.65
Kidneys 0.0660 2.25 0.0380 2.02
Stomach 0.0114 1.74 0.0070 1.36

method to solve (2), which has been demonstrated as an
effective 𝑙1-norm regularization method in FMT [39].

3.1. Numerical Simulation Experiments. In this section,
numerical simulation experiments were carried out on a 3D
digital mouse model [42]. In general, the torso section of the
mouse with a height of 35mmwas selected as the investigated
region, which was composed of six organs: (1) muscle, (2)
heart, (3) lungs, (4) liver, (5) stomach, and (6) kidneys. The
specific optical properties are listed in Table 1 [36, 43].

Our reconstructions code written in MATLAB is con-
ducted on a personal computer with a 3.40GHz Intel�Xeon�
CPU E3-1231 v3 and 8GB RAM. A small sphere with a radius
of 1mm was to imitate the fluorophore, and it was located
in the liver with the center coordinate (12.9mm, 8.4mm,
15.9mm). The actual fluorescence yield of fluorophore was
set to be 0.05mm−1. For the forward problem, the torso
model of digital mouse was discretized into 115,126 tetrahe-
dral elements and 21,127 nodes to calculate the boundary
measurements with the finite element method. The coarse
mesh in the inverse has 2,993 nodes and 14,802 tetrahedral
elements while the fine mesh has 8,101 nodes and 44,005
tetrahedral elements.

To demonstrate the possibility of the double-mesh strat-
egy for limited-projection FMT, we investigated the FMT
reconstruction with different projections. In fact, the influ-
ence of limited-projection on FMT has been studied compre-
hensively in [32]. Then a relationship between the recovered
results with double-mesh strategy and projection numbers (3,
6, 9, and 12) has been presented. Excitation sources were posi-
tioned uniformly in a circle, and the field of view (FOV) of the
detection with respect to each excitation source was 120∘ [39].
Here, the feasible region of fluorophore is determined from
the initial results on the coarse mesh by choosing nodes with
a threshold of 50% of the largest reconstructed fluorescence
yield. Figure 2 shows the 3D views of recovered results based
on the double-mesh strategy with 3, 6, 9, and 12 projections.
The corresponding quantitative results according to CLE,
nRMSE, RE, CNR, and time cost (including the time spent in
assembling the stiffness matrix and reconstruction) are pre-
sented inTable 2 and Figure 3. It is obvious that CLEs of 3, 6, 9,
and 12 projections are smaller than 0.8mm.There is no doubt
the projection number of three costs the least time. From
Table 2 and Figures 2(a) and 3(b)–3(d), the proposed strategy
could provide acceptable values in nRMSE, RE, and CNR
with 3 projections compared to other three cases. In [32], it
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Figure 2: 3D views of the reconstructed results with 3, 6, 9, and 12 projections, respectively.

Table 2: Quantitative results for 3, 6, 9, and 12 projections measure-
ments.

Projections CLE (mm) nRMSE RE CNR Time cost (s)
3 0.433 0.0236 10% 0.1406 102.77
6 0.687 0.0301 26% 0.2176 202.60
9 0.675 0.0248 6% 0.2328 281.09
12 0.695 0.0279 10% 0.0975 387.87

is suggested that the projection number of 3 is preferred for
fast FMT experiment.Then it indicates that the double-mesh
strategy has the potential for limited-projection FMT.

In order to further investigate the performance of the
presented strategy, the reconstructed results with the double-
mesh strategy (Figures 4(b) and 4(e)) are compared to the
single mesh-based reconstruction (Figures 4(a) and 4(d)
based on coarse mesh and Figures 4(c) and 4(f) based on fine
mesh). Figures 4(a), 4(b), and 4(c) show the cross-sectional
views (𝑧 = 15.9mm), and Figures 4(d), 4(e), and 4(f) show
the corresponding coronal view of the recovered tetrahedral
element. It is obvious that the recovered image based on fine
mesh is not accurate from Figures 4(c) and 4(f), even worse
than the image in the coarse mesh. But the image quality is
improved greatly after using the feasible region provided by
the preliminary result based on coarse mesh, as shown in
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Figure 3: The quantitative results with 3, 6, 9, and 12 projections. (a) CLE (mm), (b) nRMSE, (c) RE, (d) CNR, and (e) time cost (s).
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Figure 4: Reconstruction results with a coarse mesh, the double-mesh strategy, and the fine mesh based on 𝑙1-norm regularization. (a, b, c)
show the cross-sectional views (𝑧 = 15.9mm) of the fluorophore, and the black circles denote the real position of fluorophore. (d, e, f) show
the corresponding coronal view of the recovered tetrahedral element, and the sphere is the fluorophore.

Figures 4(b) and 4(e). Figure 5 shows recovered results
according to CLE, nRMSE, RE, CNR, and time cost for
three cases. The RE on the coarse mesh is large as shown in
Figure 5(c), which means that the preliminary result is not
accurate compared with the true fluorophore although it has
the smallest computational time as shown in Figure 5(e). But
the rough region is accurate enough to be selected as the
feasible region to guide the finemesh reconstruction.The fine
discretization mesh can provide better spatial resolution of
image, but fine mesh brought more variables in FMT which

would aggravate the ill-posedness. This is the reason that the
recovered imagewith fine discretizationmeshhas large values
in CLE, nRMSE, and RE and small one in CNR. However,
these parameters have been improved greatly after utilizing
the feasible region which is provided by coarse mesh. It is the
feasible region that improves the quality of results on the fine
mesh. This is the key of the double-mesh strategy.

3.2. In Vivo Implanted Experiments. In this section, we
further assess the performance of the developed strategy
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Figure 5: CLE (a), nRMSE (b), RE (c), CNR (d), and time cost (e) of recovered results for three mesh levels.

with in vivo small animal experimental data, which comes
from [39]. A glass tube was implanted into the abdomen
of an adult BALB/C to mimic the fluorescent target. It
contains Cy5.5 solution (with the extinction coefficient of
about 0.019mm−1 𝜇M−1 and quantum efficiency of 0.23 at
the peak excitation wavelength of 671 nm [44]) with 0.6mm

radius and 2.8mm height. The true fluorescence yield of
Cy5.5 is 0.0402mm−1. The fluorescence data and anatomical
information were collected by a noncontact continuous-wave
FMT/micro-CT imaging system [39]. With micro-CT, the
true center of the glass tube was (21.1 mm, 27.8 mm, 7.4mm).
The CT data were segmented into five major anatomical
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Figure 6: The reconstructed results with coarse mesh (a, b, c), double mesh (d, e, f), and fine mesh (g, h, i), respectively.

components, including heart, lungs, liver, kidneys, and mus-
cle. The optical parameters for these five components at the
excitation and emission wavelengths were calculated based
on literature [43], shown in Table 3. Four excitation sources
were positioned uniformly in a circle, which provided four
projections of fluorescence measurements. The coarse mesh
in the inverse has 3823 nodes and 18,504 tetrahedral elements
while the fine mesh has 8,065 nodes and 43,481 tetrahedral
elements.

Figure 6 shows the recovered results overlaid with CT
data.The red region (the dashed arrow) denotes the recovered
tube, and the white ellipse is the true tube (the solid arrow).
Figures 6(a), 6(d), and 6(g) are transversal slices, Figures 6(b),
6(e), and 6(h) are sagittal slices, and Figures 6(c), 6(f), and
6(i) are coronal views. Figures 6(a), 6(b), and 6(c) are recon-
structed with coarsemesh by 𝑙1-norm regularizationmethod,
and its 3D view is shown in Figure 7(a). The recovered center
of the tube is (21.4 mm, 29.1 mm, 8.5mm) with CLE of
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Figure 7: Recovered results in 3D views with coarse mesh (a), double mesh (b), and fine mesh (c). The red cylinder is the glass tube and the
blue region is recovered target.

Table 3: Optical parameters of the mouse organs at 670 nm and
710 nm (units of 𝜇𝑎 and 𝜇𝑠: mm−1).

Organs 𝜇𝑎𝑥 𝜇𝑠𝑥 𝜇𝑎𝑚 𝜇𝑠𝑚
Muscle 0.075 0.412 0.043 0.350
Heart 0.051 0.944 0.030 0.870
Lungs 0.170 2.157 0.097 2.093
Liver 0.304 0.668 0.176 0.629
Kidneys 0.058 2.204 0.034 2.021

1.73mm. Figures 6(d), 6(e), and 6(f) present results of the
double-mesh strategy with 3D view in Figure 7(b).The recov-
ered center of the tube is (20.4 mm, 28.6 mm, 7.0mm), with
CLE of 1.14mm. Figures 6(g), 6(h), and 6(i) are reconstructed
with fine mesh by 𝑙1-norm regularization method. It is obvi-
ous that there is a large error between the recovered and the
true tube by the visual. It is consistent with 3D views in Fig-
ure 7(c). In fact, its CLE is 4.32mm,which ismuch larger than
that of the previous two. Figure 7 is corresponding results for
the three cases in 3D views, as shown inside the circle region.
The red cylinder is the true target while the blue region is
recovered target. The reconstructed result with fine mesh has
the largest location error in the visual, which is consistent
with Figures 6(g)–6(i). Furthermore, a spurious target also
appeared, as shown in Figures 6(g) and 7(c), which may be
caused by the ill-posedness of the problem. The reconstruc-
tion time for the coarse mesh, double mesh, and fine mesh is
39.71 s, 178.66 s, and 184.76 s.

4. Discussion and Conclusions

In this paper, we developed a feasible region extraction
strategy based on a double mesh for limited-projection FMT.

A preliminary result is rapidly obtained on a coarse dis-
cretization mesh, which is not accurate and has low reso-
lution. But the rough region is accurate enough to provide
a feasible region of fluorophore, which is very helpful to
improve the reconstruction on a fine discretization mesh and
reduce the computational cost of the reconstruction. First, we
investigated the possibilities of reconstruction with limited-
projection measurements. The relationship between image
quality and projection number in the numerical experiments
has shown that the proposed strategy can provide acceptable
results according to CLE, nRMSE, RE, CNR, and time cost
(including the time spent during assembling the stiffness
matrix and reconstruction) with three projections. In addi-
tion, it is interesting that projection number of nine provides
the smallest values in nRMSE and RE but biggest value in
CNR compared to other three cases from Figure 3. It seems
to show that projection number of nine is preferred for FMT
with the double-mesh strategy. Second, the performance of
the double-mesh strategy is compared to the reconstruction
with single coarse mesh and fine mesh, respectively. It is
noted that the image quality with fine discretization mesh
is not good according to CLE, nRMSE, RE, and CNR. But
these parameters have been improved greatly after utilizing
the feasible region. Because 𝑙1-norm regularization provides
a sparse result which includes only a few number of nodes
with values, small nRMSE is obtained with coarse mesh.That
is why coarse mesh and double mesh obtain similar nRMSE
fromFigure 5(b). In vivo small animal experiment has further
demonstrated that the presented strategy has a potential in
reconstruction of fluorophore with limited projections of
fluorescence measurements.

This study has only focused on the single fluorescent tar-
get reconstruction model, while two or more targets’ recon-
struction model can be found in FMT applications. So our
future work will focus on this research. In addition, the
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proposed method contains two reconstruction processes,
namely, reconstruction on a coarse discretization mesh and
on a fine discretization mesh. As we all know, the time for
assembling stiffness matrix using finite element method is
very large, which accounts for above 90% of the reconstruc-
tion time. To further reduce the computational cost, we will
pay a great attention to the acceleration method on assem-
bling the stiffness matrix of FEM. In conclusion, our strategy
is suitable for limited-projection FMT.
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Fluorescence-enhanced optical imaging using near-infrared (NIR) light developed for in vivomolecular targeting and reporting of
cancer provides promising opportunities for diagnostic imaging. The current state of the art of NIR fluorescence-enhanced optical
tomography is reviewed in the context of the principle of fluorescence, the different measurement schemes employed, and the
mathematical tools established to tomographically reconstruct the fluorescence optical properties in various tissue domains. Finally,
we discuss the recent advances in forward modeling and distributed memory parallel computation to provide robust, accurate, and
fast fluorescence-enhanced optical tomography.

1. Introduction

Over the past two decades, there has been a considerable
interest in the use of near-infrared (NIR) light for deep tissue
imaging. Briefly, NIR optical imaging takes advantage of the
wavelength range of around 650–900 nm, wherein the major
tissue chromophores such as hemoglobin, lipid, and water
exhibit their lowest absorption coefficients [1]. Additionally,
the interference from tissue autofluorescence is minimized in
this wavelength regime, which can further enhance optical
imaging contrast [2]. NIR optical imaging is based on the
principle of launching NIR light onto the tissue surface
and detecting the scattered and attenuated NIR signal. The
normal tissues are differentiated from the diseased tissues
based on the inherent differences (termed as endogenous
contrast) in the optical properties (in terms of absorption and
scattering coefficient) of the tissue medium, thus providing
physiological information about the tissue. For example, the
clinical application ofNIR optical imaging technique towards
breast cancer diagnosis is based on the intrinsic absorp-
tion contrast originating from the tumor angiogenesis and
the hypervascularization of tumor periphery [3]. However,
the angiogenesis-mediated absorption contrast approaches
cannot effectively detect the early cancer and assessment

of sentinel lymph node staging, metastatic spread, and
multifocality of breast disease [4]. By the use of exogenous
NIR fluorochromes and reporter probes, NIR optical imaging
technique can overcome these limitations.

Fluorescence-enhanced optical imaging involves the use
of fluorescent contrast agents in order to enhance the
optical contrast between normal and diseased tissues. In
fluorescence-enhanced optical imaging process, when NIR
light at the excitation wavelength is launched onto the tissue
surface, the photons propagate into the tissues, during which
they are minimally absorbed and preferentially scattered.
Upon encountering a fluorescent molecule, the photons
excite the fluorescent molecules from their ground state to
a higher orbital level. After residing at the higher energy
orbital for a period defined as the fluorescence lifetime, the
fluorescentmolecule emits fluorescent signal of greater wave-
length than the incident NIR light. The quantum efficiency
of the fluorescent emission (𝜙) is the fraction of excited dye
molecules, or activated fluorophores, which relax radiatively.
The emitted fluorescent signal along with the perturbed
excitation signal propagates in the tissue, before they are
detected at the tissue surface. Fluorescence-enhanced optical
imaging can potentially offer a high specificity and sensitivity
in detecting the early cancer and assessment of sentinel lymph

Hindawi Publishing Corporation
BioMed Research International
Volume 2016, Article ID 5040814, 10 pages
http://dx.doi.org/10.1155/2016/5040814

http://dx.doi.org/10.1155/2016/5040814


2 BioMed Research International
In
te
ns
ity

Source

Detector

(a)

In
te
ns
ity

DetectorSource

(b)

In
te
ns
ity

Source

Detector

ACs

ACd

DCs DCd

𝜃

(c)

Figure 1: Different measurement approaches in optical imaging: (a) continuous wave, (b) time-domain photonmigration, and (c) frequency-
domain photon migration.

node staging, metastatic spread, and multifocality of breast
disease and provide information about the environment
of the fluorophore molecules as well as their location by
appropriate analysis of reemitted fluorescence signal.

Many fluorescence optical imaging techniques are avail-
able for imaging surface (∼1mm) and subsurface (∼4mm)
fluorescent events (microscopic and macroscopic imaging
modalities with respect to the resulting resolution). The
microscopic fluorescence imaging techniques mainly consist
of confocal reflectance imaging, multiphoton microscopy,
and multiphoton laser scanning microscopy [5]. Owing to
the restricted field of view (less than 1mm in diameter),
the microscopic imaging techniques are the most inefficient
means to image the small size tissue. Macroscopic fluo-
rescence reflectance imaging (FRI) techniques offer simple
photographic methods, in which an array is used for point
delivering of laser energy and point collecting of generated
fluorescence; or an expanded excitation beam is employed
for area illumination and an array detector or an area
detector (CCD or CMOS camera) is used for capturing the
generated fluorescence on whole small animal or the large
size tissue [6, 7]. Appropriate combination of filters is gener-
ally introduced to separate the generated fluorescence from
strong background excitation light [2, 8]. FRI technique has
several limitations, including nonuniformity of the expanded
excitation beam, incapability to quantify the fluorochrome,
and low imaging quality contaminated by intrinsic light from
different tissue layers. Hence, this technique is suitable for
imaging of superficial structure andmay engender feint if one
has not accounted for nonlinear effect dependence on lesion
depth and tissue optical properties [9]. In order to resolve
and quantify fluorochromes deeper into tissue, tomographic
approaches are necessary.This review is focused on themath-
ematical tools developed towards two-/three-dimensional
(2D/3D) fluorescence-enhanced optical tomography.

2. Measurement Approaches

In general, diffuse (nonfluorescence) or fluorescence-en-
hanced optical imaging is performed using one of the three
measurement approaches: (i) the continuous wave (CW)
domain, (ii) the time-domain photon migration (TDPM),

and (iii) the frequency-domain photon migration (FDPM)
(see Figure 1) [10, 11].

2.1. Continuous Wave-Based Measurement Approach. In a
CW-based measurement approach, the incident excitation
energy from a source (i.e., source intensity) is constant over
timescale of milliseconds or modulated at low frequency
(a few kHz) and the reemitted fluorescence energy from
exogenous agents is likewise constant (see Figure 1(a)). As the
excitation light travels through the absorption and scattering
medium, it is exponentially attenuated with respect to the
incident light. The amount of fluorescence generated from a
fluorochrome within the tissue is proportional to the product
of the fluorochrome concentration, quantum efficiency, and
the local excitation fluence. The propagation of NIR light
through tissue is well described by diffusion equation derived
from the radiative transport equation [12, 13]. Coupled
diffusion equations are employed in order to predict the
fluorescence light generation and propagation in tissue, and
the equations are given by

∇ ⋅ (𝐷𝑥 ( ⃗𝑟) ∇Φ𝑥 ( ⃗𝑟)) − (𝜇𝑎𝑥𝑖 + 𝜇𝑎𝑥𝑓) ( ⃗𝑟) Φ𝑥 (⇀𝑟 )
= −𝑆𝑥 (⇀𝑟 ) ,

∇ ⋅ 𝐷𝑚 (⇀𝑟 )∇Φ𝑚 (⇀𝑟 ) − (𝜇𝑎𝑚𝑖 + 𝜇𝑎𝑚𝑓) (⇀𝑟 )Φ𝑚 (⇀𝑟 )
= 𝜙𝜇𝑎𝑥𝑓 (⇀𝑟 )Φ𝑥 (⇀𝑟 ) ,

(1)

where Φ represents the fluence and 𝜇𝑎 is the absorption
coefficient (cm−1), where the subscripts 𝑥 and𝑚 correspond
to excitation and emission wavelength, respectively, and the
subscripts 𝑖 and𝑓 denote the chromophores (i.e., the endoge-
nous chromophores in tissues) and fluorophores or exoge-
nous fluorescing agents, respectively; 𝑆𝑥 is the excitation
photon source; ⃗𝑟 is the positional vector at a given point. The
excitation fluence, Φ𝑥, couples the diffusion equations (1).
The optical diffusion coefficients at the excitation wavelength𝐷𝑥 and emission wavelength𝐷𝑚 are given by

𝐷𝑥,𝑚 ( ⃗𝑟) = 13 [𝜇𝑎𝑥,𝑚 ( ⃗𝑟) + 𝜇𝑠𝑥,𝑚 ( ⃗𝑟)] , (2)

where 𝜇𝑠 is the reduced optical scattering coefficient (cm−1).
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The CW-based measurement approach is relatively sim-
ple and requires an inexpensive instrumentation setup.
However, this method cannot image the fluorescence decay
kinetics (lifetime) nor resolve the scattering and absorption
properties of tissue [9].These limitations can be overcome by
using time-dependent measurement approaches (TDPM and
FDPM) as described below.

2.2. Time-Domain Based Measurement Approach. In a time-
domain based measurement approach, ultrafast (with dura-
tion range from picosecond to femtosecond) laser pulses
are employed to illuminate the tissue and the generated
fluorescent signals are detected by a streak camera, time-
gated CCD camera, or time-correlated single photon count-
ing device. When a light pulse is launched onto the tissue, its
profile will be broadened with nanosecond “time-of-flight”
(see Figure 1(b)). The generated fluorescence pulse before
being recorded is further broadened owing to the lifetime
of the fluorochrome and latterly its propagation inside the
scattering tissue. As a result, the recorded fluorescence can
be regarded as a function of time at different locations within
tissue. In TDPM measured approach, the coupled diffusion
equations describing the generation and propagation of a
fluorescent wave can be written as [14–17]

∇ ⋅ (𝐷𝑥∇Φ𝑥 ( ⃗𝑟, 𝑡))
− (𝜇𝑎𝑥𝑖 + 𝜇𝑎𝑥𝑓) ( ⃗𝑟) Φ𝑥 (⇀𝑟 , 𝑡) = 1𝑐𝑥

𝜕Φ𝑥 (⇀𝑟 , 𝑡)𝜕𝑡
− 𝑆𝑥 (⇀𝑟 , 𝑡) ,

1𝑐𝑚
𝜕Φ𝑚 (𝑟, 𝑡)𝜕𝑡 − ∇ ⋅ 𝐷𝑚 ( ⃗𝑟) ∇Φ𝑚 (𝑟, 𝑡)
+ (𝜇𝑎𝑚𝑖 + 𝜇𝑎𝑚𝑓) ( ⃗𝑟) Φ𝑚 (𝑟, 𝑡)
− 𝜙𝜇𝑎𝑥𝑓 ( ⃗𝑟)𝜏 ∫𝑡

0
exp[−(𝑡 − 𝑡)𝜏 ]Φ𝑥 (𝑟, 𝑡) 𝑑𝑡 = 0,

(3)

where 𝑐𝑥 and 𝑐𝑚 represent the velocity of light at excitation
and emission wavelengths (cm/sec), respectively; 𝑡 and 𝑡
denote the photon traveling time (sec) in the tissue and𝜙 represents the quantum efficiency. The coupled diffusion
equations above assume that fluorochrome exhibits first-
order single-exponential fluorescent decay kinetics with a
constant fluorescence lifetime 𝜏. In the case of multiexponen-
tial decay kinetics and reabsorption, a similar fluorescence
photon density equation can be derived by incorporating the
average fluorescence lifetime [18].

In comparison to the CW-based approach, TDPM
approach is capable of discriminating the fluorescence decay
kinetics from the changes in fluorochrome concentration.
On the downside, the signal-to-noise ratio (SNR) of TDPM
approach suffers significantly and the cost and complexity of
the instrumentation are relatively high [9].

2.3. Frequency-Domain BasedMeasurementApproach. In a fre-
quency-domain based measurement approach, a modulated-
intensity light source at radio frequencies ranging from 30
to 200MHz is employed [2, 19]. FDPM is directly related
to TDPM through the Fourier transform. As the intensity-
modulated light propagates through the high scattering
tissue, it becomes amplitude attenuated and phase-shifted
relative to the incident light. Before reaching detectors,
the generated fluorescence is further attenuated and phase-
shifted owing to the quantum efficiency, lifetime of the
fluorochrome, and absorption and scattering properties of
the intervening tissue (Figure 1(c)). In FDPM, the coupled
diffusion equations for light propagation at a given modula-
tion frequency of light are given by [14–16]

− ∇ ⋅ [𝐷𝑥 (⇀𝑟 )∇Φ𝑥 ( ⃗𝑟, 𝜔)]
+ [(𝜇𝑎𝑥𝑖 + 𝜇𝑎𝑥𝑓) ( ⃗𝑟) + 𝑖𝜔𝑐𝑥 ]Φ𝑥 ( ⃗𝑟, 𝜔) = 𝑆𝑥 ( ⃗𝑟) ,

− ∇ ⋅ [𝐷𝑚 ( ⃗𝑟) ∇Φ𝑚 ( ⃗𝑟, 𝜔)]
+ [(𝜇𝑎𝑚𝑖 + 𝜇𝑎𝑚𝑓) ( ⃗𝑟) + 𝑖𝜔𝑐𝑚 ]Φ𝑚 (⇀𝑟 , 𝜔)
= 𝜙𝜇𝑎𝑥𝑓 11 − 𝑖𝜔𝜏Φ𝑥 (⇀𝑟 , 𝜔) ,

(4)

where 𝜔 corresponds to the modulation frequency of prop-
agating light. The fluence at excitation and emission wave-
length is given by Φ𝑥 = 𝐼AC,𝑥 exp(𝑖𝜃𝑥) and Φ𝑚 = 𝐼AC,𝑚(𝑖𝜃𝑚),
respectively, where 𝐼AC is the amplitude and 𝜃 is the phase
shift at excitation and emission wavelengths, respectively.

The FDPM-based instrumentation can be operated in a
non-light-tight environment due to the fact that the ampli-
tude of the detected fluorescence is insensitive to the ambient
light [20]. FDPM-based approach can also discriminate fluo-
rescence decay kinetics (similar to TDPM-based approach).
In addition, FDPM approach has an added advantage of
considerably high SNR with respect to TDPM approaches,
due to steady-state measurements of a time-dependent light
propagation process [21, 22]. This approach also retains the
signal dependency on fluorescence lifetime (as in TDPM),
which is otherwise missing in CW-based approach.

2.4. Boundary Conditions. The light propagation models
using either of the measurement approaches can be solved
by applying appropriate boundary conditions in the finite
medium. The three major boundary conditions include (i)
the partial current boundary condition, (ii) the extrapolated
boundary condition, and (iii) the zero-boundary condition.

2.4.1. Partial Current Boundary Condition. The partial cur-
rent boundary condition, which is representative of the real
physical system, states that the photon leaving the tissue
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surface never returns, and the Fresnel reflections at the air-
tissue interface are determined using a reflection parameter
[23]. The boundary condition is given by

Φ𝑥,𝑚 ( ⃗𝑟, 𝑤; ⃗𝑟, 𝑡) + 2𝛾𝐷𝑥,𝑚 ( ⃗𝑟) 𝜕Φ𝑥,𝑚 ( ⃗𝑟, 𝑤; ⃗𝑟, 𝑡)𝜕�⃗� = 0, (5)

where 𝛾 is the index-mismatch parameter, which is a function
of the effective refractive index at the boundary surface; �⃗� is
the unit surface vector normal to the imaging plane; 𝜔 and 𝑡
correspond to the frequency and time domain, respectively.

2.4.2. Extrapolated Boundary Condition. The extrapolated
boundary condition is a simplified form of the partial current
boundary condition [13, 24, 25] and can be implemented by
setting the fluence rate to zero at an extrapolated boundary
located at a distance, 𝑧𝑏, outside the domain:

Φ𝑥,𝑚 ( ⃗𝑟, 𝑤; ⃗𝑟, 𝑡) = 0 at 𝑧 = 𝑧𝑏. (6)

An approximate value for 𝑧𝑏 was estimated to include the
Fresnel reflection at the surface and is given in terms of the
index-mismatch parameter and diffusion coefficient as [26]

𝑧𝑏 = 2𝛾𝐷𝑥,𝑚 ( ⃗𝑟) . (7)

2.4.3. Zero Fluence Boundary Condition. In the zero fluence
boundary condition, the fluence at and outside the boundary
is set to zero:

Φ𝑥,𝑚 ( ⃗𝑟, 𝑤; ⃗𝑟, 𝑡) = 0 at 𝑧 = 0. (8)

This is a simpler boundary condition mathematically and it
is good approximation for biological tissues, but it does not
accurately represent the real physical system [13, 26].

3. Mathematical Tools in Fluorescence-
Enhanced Optical Tomography

The coupled diffusion equations are used along with one
of the boundary conditions above, in order to solve for the
parameter of interest. The optical tomography problem is
solved in three steps. As a first step, the interior optical
propertymapof the tissuemedium is assumedknown and the
coupled diffusion equations are solved for the fluence at either
wavelength (termed as forward problem). As a second step,
the fluence obtained from the forward model is compared to
the acquired boundary surface measurements (experimental
or simulated), in order to validate the light propagation
model employed for fluorescence-enhanced optical tomog-
raphy; in other words, model validation is performed on
known phantoms. As a third and final step, the acquired
boundary surface measurements are used along with the
coupled diffusion equations in order to estimate the interior
optical property map (termed as inverse problem); in other
words, inversions are performed assuming that the phantom
properties are unknown. In an actual experimental study
containing unknown phantoms, the acquired boundary sur-
face measurements are used along with the light propagation

model in order to solve the inverse problem (i.e., third
step) directly. Details of the forward and inverse problem in
fluorescence-enhanced optical tomography are described in
the following sections.

3.1. Forward Problem. In the forward problem of fluores-
cence-enhanced optical tomography, one may assume that
the optical properties of the entire tissue medium are known
in order to predict the boundary surface measurements (in
either of the threemeasurement approaches described in ear-
lier sections). The fluence governed by the coupled diffusion
equations can be estimated using empirical, analytical, and
numericalmethods as described in the following subsections.

3.1.1. Empirical Method. In the empirical method, the entire
domain is generally discretized into cubic elements (3D) or
square elements (2D) and each element corresponds to a
weight. Many investigators have utilized model systems to
empirically measure the weights. For instance, Fantini et al.
[27] have studied the variations of themeasured signals when
a small point-like absorbing target was introduced into an
otherwise homogenous medium. By moving the small target
to each element, a set of weights for a particular source-
detector pair was generated empirically. In the case of a semi-
infinite medium, this set of weights takes up the shape of
a banana function. The multiplication of the weights with
the optical properties (assumed known) of the entire tissue
medium in turn provides the fluence values. To date, empir-
ical methods have not been implemented for fluorescence-
enhanced optical tomography studies. However, these meth-
ods provide more realistic predication of the fluence and
have potential for their application in fluorescence-enhanced
optical tomography studies.

3.1.2. Analytical Method. In CW and FDPM domains, the
coupled diffusion equations can be reduced to their related
Helmholtz equations by making suitable assumptions and
approximations, such as the Born or Rytov approximation
[28]. Using Green’s function theorem, one can easily obtain
an integral expression for the emission fluence:

Φ𝑚 ( ⃗𝑟𝑠, ⃗𝑟𝑑)
= ∫
Ω
𝐺𝑓 ( ⃗𝑟𝑑, ⃗𝑟) 𝜙𝜇𝑎𝑥𝑓 ( ⃗𝑟)𝐷𝑚 ( ⃗𝑟) (1 − 𝑖𝜔𝜏)Φ𝑥 ( ⃗𝑟, ⃗𝑟𝑠) 𝑑Ω,

(9)

where Ω is the volume of integration, ⃗𝑟𝑑 and ⃗𝑟𝑠 are the
location of point detector and source, respectively, and ⃗𝑟 is
the point location in the region of interest. For an infinite
geometry, Green’s function is 𝐺𝑓( ⃗𝑟𝑑, ⃗𝑟) = exp(𝑖𝑘𝑚|⇀𝑟 𝑑 −⃗𝑟|)/4𝜋| ⃗𝑟𝑑 − ⃗𝑟|, where 𝑘𝑚 is the wave number. For the regular
boundaries, such as slab or semi-infinite geometry, Green’s
function can also be derived analytically by using an angular
spectrum algorithm [29] or a plane-wave expansion [30].
Although empirical and analytical methods are direct and
fast, they are applicable for regular boundaries. For arbitrary
boundary shapes, it is difficult to incorporate these irregular
shapes into the solution of the coupled equations analytically,
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and hence numerical methods (such as the finite difference
method, the finite element method, or the boundary element
method) are employed at the cost of computation speed.

3.1.3. Numerical Methods

(1) Finite Difference Method. In the finite difference method
(FDM), the entire domain is discretized into square (2D) or
cubic (3D) elements, respectively, and each node of every
element is assumed a known parameter. The mesh is finely
resolved in order to minimize the discretization error at the
cost of increasing dimensionality of the problem. Hence, the
forward problem becomes computationally intense in the
case of large 3D domain. This problem can be overcome by
using multigrid finite difference methods over single grid
method [31–34]. In the multigrid FDM, several sizes of gird
are employed simultaneously, such as using a coarse grid to
provide an initial guess to the solution on successive finer
grids. The process is continued until the desired resolution
is reached. Not only is the multigrid method faster than
the single grid method, but also the method reduces the
discretization errors, while maintaining the resolution of the
reconstructed image [31, 35].

(2) Finite Element Method.The finite element method (FEM)
[36–38] is suitable for any geometry involving the dis-
cretization of the entire domain into triangle elements (2D)
or tetrahedral, pyramidal, and hexahedral elements (3D).
However, unlike the finite difference methods, FEM can be
employed on curvilinear domains, such as the physiological
tissue shapes, which minimizes the discretization errors and
reduces the computational time in the inverse problem upon
appropriate coding [36–39]. Typically, the finite element
method is formulated using the Galerkin approximation,
where the second-order coupled diffusion equations are
converted to first-order differential equations. The solutions
of these first-order differential equations are in turn approx-
imated as a linear function in space within each finite
element. The challenges are in generating a finite element
mesh for an irregular object with complex internal structure
and developing a robust, efficient 3D meshing technique.
An adaptive finite element method has been proposed, in
which the maps of the forward/adjoint variables and the
unknown parameters are discretized separately in adaptively
refined meshes, enabling computationally efficiency during
tomographic reconstructions [40, 41].

In both the finite difference and finite element method,
discretization of the mesh plays a significant role in minimiz-
ingmodelmismatch errors (difference between experimental
measurements and predicted measurements obtained from
the forward model) and eventually impacting the quality and
accuracy of image reconstructions.

(3) Boundary Element Method. In the boundary element
method (BEM), the entire domain is divided into a finite
number of spatially coherent 3D regions, each ofwhich can be
regarded as homogeneous. One only needs to discretize the
boundaries of these subdomains into nodes and 2D elements.
Imposing the constraints of compatibility and equilibrium

on shared boundaries between subdomains, one can employ
analytical solutions inside each subdomain. In comparison to
FEM, BEM requires significantly fewer nodes and elements
and is subject to less discretization error. In experimental
fluorescence-enhanced optical imaging studies, BEM gave
more accurate and stable solutions of the excitation and
emission equations (i.e., forward problem) in comparison
to the solutions using FEM [42, 43]. The forward problem
offers a unique solution of the coupled diffusion equations.
By employing the forward model of the coupled diffusion
equation and the experimentally measured data on boundary
surface, we can solve the inverse problem, giving rise to 3D
tomographic reconstructions.

3.2. Inversion Problem. Unlike the forward problem, the
inverse problem of fluorescence-enhanced optical tomogra-
phy is a complicated problem to be solved. Herein, sparse
boundary surface measurements obtained experimentally
for 3D tissue phantom domain are used to reconstruct the
unknown parameters or optical properties at every point of
the entire 3D domain. Typically, the number of unknowns
(optical properties) is significantly greater than the total
number of boundary surface measurements, and the inverse
problem is underdetermined. Hence, the solutions are “ill-
posed” which means that the solution is nonunique and
unstable, especially in the presence ofmeasurement error that
is actually acquired in themeasurement set.There are various
iterative approaches available to solve the inverse problem in
optical tomography, which can mainly be categorized as (i)
singular value decomposition method, (ii) algebraic recon-
struction technique, (iii) Newton’s optimization method,
(iv) Bayesian reconstruction techniques, and (v) conjugate
gradient method.

3.2.1. Singular Value Decomposition Method. The singular
value decomposition (SVD) can be directly derived from
the theory of linear algebra. By use of SVD approach, the
weight matrix 𝑊 obtained by solving the coupled diffusion
equations, using analytical solution or empirical method
described above, can be decomposed into three matrixes 𝑈,𝑆, and 𝑉. The columns of matrix 𝑈 represent the detection-
space modes of 𝑊 and are orthogonal, 𝑆 is a diagonal
matrix, and the columns of matrix 𝑉 represent the image-
space modes of𝑊 and are orthogonal. Since matrix𝑊must
be square before performing inversion operation, one first
simply pads thismatrixwith rows of zeros or columns of zeros
and then inverses the matrix𝑊 according to

𝑊 = 𝑈 ⋅ diag (𝑠𝑗) ⋅ 𝑉𝑇,
𝑊−1 = (𝑉𝑇)−1 ⋅ diag (𝑠𝑗)−1 ⋅ 𝑈−1,
𝑊−1 = 𝑉 ⋅ diag( 1𝑠𝑗) ⋅ 𝑈𝑇.

(10)

If the matrix is singular, the corresponding eigenvalue 𝑠𝑗
equals zero and 1/𝑠𝑗 can be set to zero. Using a smoothing
algorithm, that is, 𝑠𝑗 → 𝑠𝑗 + 𝜎/𝑠𝑗, where herein 𝜎 is a free
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parameter and can be optimized empirically, one can improve
the quality of image reconstructions. SVD method has been
employed for reconstructing the distributions of fluorescing
agent in small animals (mice) using CW measurements [44,
45]. The SVD approach involves the computation of the
matrix inversion leading to long computing times in case of
large 3D tissue geometries/volumes.Therefore, this approach
is limited to small tissue geometries, small animals, or in cases
where lower-resolution conditions are sufficient.

3.2.2. Algebraic ReconstructionTechnique. The algebraic recon-
struction technique (ART) and its generations are widely
used to solve the linear system of equations. In order to
locate the solution, an initial guess of solution is first made in
hyperplanes with𝑁 dimension.This initial guess is projected
onto the first line of the hyperplanes. The resulting point
on the first line is reprojected onto the second line, and so
on, until the 𝑁th line. These 𝑁’s movements constitute one
iteration, then projecting back onto the first line and so forth.
If there exists a unique solution, the iteration will always
converge to that point.The prediction of emission fluenceΦ𝑚
is as follows:

Φ𝑚 = 𝑊𝑋, (11)

where 𝑋 denotes unknown optical properties and the
unknown parameters can be updated as follows:

𝑋𝑗
𝑘+1

= 𝑋𝑗
𝑘
+ 𝜂 ⋅ Φexp 𝑡 − ∑𝑁mesh

𝑙=1
𝑊𝑘𝑙𝑋𝑙𝑘∑𝑁mesh

𝑙=1

𝑊𝑘𝑙2 ⋅ 𝑊𝑘𝑗, (12)

where 𝑙, 𝑗 = 1, . . . , 𝑁mesh and 𝑁mesh represents the total
number of elements in the 2D and 3D domain of interest;𝑘 = 1, . . . , 𝑁source ⋅ 𝑁detector ⋅ 𝑁iteration;𝑁source and𝑁detector are
the number of sources and detectors, respectively;𝑁iteration is
the number of iterations; Φexp 𝑡 represents the experimental
fluence. The relaxation parameter 𝜂 is introduced in order
to reduce the effect of noise in ART reconstruction and this
parameter can bemade as a function of iteration number.The
iterative procedure continues as a loop, until convergence is
obtained. A simultaneous iterative reconstruction technique
(SIRT) involves moving the starting point to the 𝑁 lines,
respectively, and the obtained 𝑁 solutions are averaged as
a new input. SIRT offers an improved image quality in
comparison to the images obtained using the ART but at the
expense of a relatively slow convergence.

The ART and SIRT have been widely employed in
fluorescence-enhanced optical tomography studies [39, 46–
53]. Intes et al. [54] proposed a method to enhance conver-
gence rate by selecting appropriate projection access order in
ART. In comparison to the SVD method, the ART method
allows imposition of hard constraints on the reconstructed
optical parameters (e.g., absorption coefficient can be set to
zero for a negative value) and hence greatly improves the
quality of image reconstructions.

3.2.3. Newton’s Optimization Approaches. The inverse prob-
lem can be solved by the method of least squares. Here,

we define the error function as the sum of square of errors
between the measured Φ𝑖exp 𝑡 and the calculated Φ𝑖𝑚 value of
fluence, at detector 𝑖 = 1, . . . ,𝑀:

𝐹 (𝑋) = 𝑀∑
𝑖=1

[Φ𝑖exp 𝑡 − Φ𝑖𝑚]2 = 𝑀∑
𝑖=1

[𝑓𝑖 (𝑋)]2 , (13)

where 𝑀 = 𝑁source ∗ 𝑁detector (i.e., total number of source-
detector pairs) and 𝑓𝑖 refers to a residual of the difference
between the measured value and the calculated value. The
gradients of the error function with respect to the property,𝑋, and Taylor’s expansion of function 𝐹 around a small
perturbation of optical property, Δ𝑋, yield the function𝑌(Δ𝑋), which is minimized:

𝑌 (Δ𝑋) = 𝐹 (𝑋 + Δ𝑋) − 𝐹 (𝑋)
= 2𝐽𝑇𝑓 (𝑋) ⋅ Δ𝑋 + 2
⋅ Δ𝑋𝑇 [𝐽𝑇𝐽 + 𝑀∑

𝑖=1

𝑓𝑖 (𝑋) ∇2𝑓𝑖 (𝑋)] ⋅ Δ𝑋,
(14)

where 𝐽 is a Jacobian matrix, given by 𝜕(ΔΦ𝑖)/𝜕𝑋𝑗. If the
second term on the right-hand side of (14) is neglected,
the equation represents first-order Newton’s method and its
minimization leads to Gauss-Newton’s method:

∇𝑌 (Δ𝑋) ⇒ 0 = 𝐽𝑇𝐽 ⋅ Δ𝑋 + 𝐽𝑇𝑓 (𝑋) ,
𝐽𝑇𝐽 ⋅ Δ𝑋 = −𝐽𝑇𝑓 (𝑋) . (15)

In first-order Newton’s method and Gauss-Newton’s method,
the solution is not stable. To stabilize the solution of the
inverse problem and make it more tolerant to measurement
error, one of the following optimization approaches is typi-
cally used.

(i) Levenberg-Marquardt Algorithm. Regularization approach-
es play an important role in the development of algorithms,
such as Levenberg-Marquardt algorithm. By introducing a
regularization parameter 𝜆 in Gauss-Newton’s method, the
Levenberg-Marquardt algorithm of optimization becomes

[𝐽𝑇𝐽 + 𝜆𝐼] ⋅ Δ𝑋 = −𝐽𝑇𝑓 (𝑋) . (16)

The choice of the regularization parameter is generally
arbitrary or through a priori information. Regularization
results in a more stable solution to the inverse problem
and also improved tolerance to measurement error. The
Levenberg-Marquardt algorithm performs poorly in a large
residual problem and hence is limited to a small residual
problem. Truncated Newton’s method was proposed in order
to overcome this limitation.

(ii) Gradient-Based Truncated Newton’s Method. Roy and
Sevick-Muraca [55] developed a gradient-based truncated
Newton’s method by retaining the second term on the right-
hand side of (14) and setting the gradient of function 𝑌(Δ𝑋)
to zeros. The equation can be written as

[𝐽𝑇𝐽 + 𝑀∑
𝑖=1

𝑓𝑖 (𝑋) ∇2𝑓𝑖 (𝑋)] ⋅ Δ𝑋 = −𝐽𝑇𝑓 (𝑋) . (17)
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For the large residual problem, truncated Newton’s method
is more robust than Gauss-Newton’s and the Levenberg-
Marquardt algorithms. This method has demonstrated the
feasibility to reconstruct fluorescence lifetime and absorption
coefficient in 3D and slab geometries, using simulated data
(containing noise, such that it mimics experimental data)
[56]. Roy et al. also proposed gradient-based truncated
Newton’s method along with the penalty/modified barrier
function to minimize the objective function for the large-
scale problem, called PMBF/CONTN (penalty barrier func-
tion with simple bounds constrained), and this method
has been demonstrated for fluorescence-enhanced FDPM
tomography [57, 58].

(iii) Active Constrained Truncated Newton Method. Follow-
ing truncated Newton’s method, Roy and Sevick-Muraca
developed an active constrained truncated Newton’s method
for simple-bound optical tomography, which requires less
computational time and storage resource [59]. Based on
the physics of the problem, the recovered parameter of
fluorescent optical properties (e.g., absorption coefficient
or fluorescence lifetime) in fluorescence-enhanced optical
tomographymust be positive. In the first iteration, the optical
property map is recovered and the parameter estimates will
be plus and minus a small bounding parameter, if they lie
between an upper and lower bounds. The estimated parame-
ter in first iteration severs as an input for next iteration, and
the process continues until convergence is reached.The reso-
lution and the performance of tomographic imaging depend
on the bounding parameter. Simulated studies verified that
active constrained truncated Newton’s method may offer a
more logical approach than unconstrained optimization for
reconstruction of fluorescence optical properties on large 3D
tissue phantom containing contrast agents [59].

3.2.4. Bayesian Reconstruction Techniques. Eppstein and
coworkers proposed a novel Bayesian reconstruction tech-
nique, called the Approximate Extended Kalman Filter
(AEKF) algorithm, by using actual measurement error statis-
tics to govern the choice of varying regularization parameters
[34, 60]. Here, Newton’s solution is formulated as

Δ𝑋 = [[𝐽𝑇 (𝑄 + 𝑅)−1 𝐽 + 𝑃−1𝑥𝑥 ]−1 ⋅ 𝐽𝑇 (𝑄 + 𝑅)−1]
⋅ 𝑓 (𝑋) , (18)

where 𝑄 represents the system noise covariance resulting
from the inherent model mismatch between the forward
model and actual physics of the problem; 𝑅 denotes the
covariance of the measurement error; and 𝑃𝑥𝑥 is the recur-
sively updated error covariance of the unknown parameters𝑋, which is estimated from the measurement error, 𝑓(𝑋).
In 3D fluorescence-enhanced optical tomography, the AEKF
approach has been employed for reconstruction of the fluo-
rescence absorption coefficients [19, 60–66] and fluorescence
lifetime [67] using FDPM-based measurements.

An APPRIZE (Automatic Progressive Parameter-Reduc-
ing Inverse Zonation and Estimation) algorithm is a com-
bination of the AEKF and [68] and a data-driven zonation

(DDZ) technique, which is used for accelerating the conver-
gence. By using cluster analysis and random field union, the
spatially adjacent voxels with the similarly updated estimates
are merged into larger stochastic parameter “zones.” Thus,
the number of unknown parameters, 𝑋, decreases in a data-
driven fashion. This APPRIZE algorithm has been used for
3D tomographic reconstruction studies in simulated and
experimental slab phantoms, demonstrating the effectiveness
of DDZ [61, 68]. Compared to the traditional Newton
iterativemethod, the AEKFmethod and its combinationwith
DDZ technique are more accurate and orders of magnitude
faster way.

3.2.5. ConjugateGradient Techniques. ANewton-likemethod
poses an insurmountable computational burden as the
dimension of problem region becomes large. Therefore, it
is reasonable to consider gradient-based algorithms, such as
conjugate gradient descent (CGD) [69]. Here, the objective
function Ψ is defined as

Ψ = 12
𝑁source∑
𝑖=1

𝑁detector∑
𝑗=1

(Φ𝑖,𝑗exp 𝑡 − Φ𝑖,𝑗𝑚𝜎𝑖,𝑗 )
2

(19)

resulting in a total number of measurements𝑀 = 𝑁source ×𝑁detector. Equation (19) can be denoted in vector form as

Ψ = 12 (Φ⃗exp 𝑡 − Φ⃗𝑚)𝑇 𝑅−2 (Φ⃗exp 𝑡 − Φ⃗𝑚) = 12 �⃗�𝑇�⃗�, (20)

where Φ𝑖,𝑗exp 𝑡 corresponds to the 𝑗th experimental measure-
ment from 𝑖th source with standard derivation, 𝜎𝑖,𝑗; 𝑏𝑖,𝑗 =𝜎−1𝑖,𝑗 (Φ𝑖,𝑗exp 𝑡 − Φ𝑖,𝑗𝑚 ) is the residual data for this source-detector
pair (𝑖, 𝑗); and 𝑅 is the data-space correlation matrix having
the following form:

𝑅 = diag (𝜎1,1, 𝜎1,2, . . . , 𝜎𝑁source ,1, . . . , 𝜎𝑁source ,𝑁detector) . (21)

In order to solve the optimization problem, the 𝑘th compo-
nent of the objective function’s gradient is written as

𝜕Ψ𝜕𝑥𝑘 =
𝑁source∑
𝑖=1

𝑁detector∑
𝑗=1

(Φ𝑖,𝑗exp 𝑡 − Φ𝑖,𝑗𝑚𝜎2𝑖,𝑗 )(𝜕Φ𝑖,𝑗𝑚𝜕𝑥𝑘 ) (22)

whose vector form is

�⃗� = −𝑀∑
𝑖=1

𝐽𝑖𝑇�⃗�𝑗 = −𝐽𝑇�⃗�, (23)

where Jacobianmatrix, 𝐽, has the size of𝑀×𝑁𝑇 and𝑁𝑇 is the
number of unknown coefficients of the optical properties. In
order to find the minimum of the objective function, that is,𝜕Ψ/𝜕𝑥𝑘, a set of conjugate search directions is generated and a
one-dimensional line minimization along the current search
direction is performed at each iteration step. CGD method
has been employed for 2D/3D studies on phantoms [70–
73]. In comparison to the Newton-type method, the gradient
method only needs to compute the gradient �⃗� according to
(23), avoiding the construction and inversion.
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4. Conclusions

This review is limited to the frequently utilized approaches
of the coupled diffusion equations in modeling the excitation
and emission light propagation in tissues and the absorption
of fluorescent agents (not fluorescence lifetime due to the fact
that there are few contrast agents designed with “tuneable”
lifetimes) in the inversion imaging. The diffusion equation
is an approximation of the radiative transfer equation (RTE)
despite its known inaccuracy in high absorption domains
[74–77]. Large reconstruction localization errors and artifacts
from diffusion equation-based reconstruction significantly
affect the acquisition of quantitative biological information
[78, 79].There have been a few attempts to use theRTE and/or
its high-order approximations but with low implementation
efficiencies [80–82]. Because of the tremendous computa-
tion dimension in the RTE simulation, distributed memory
parallel computation is needed. Traditional solutions have
included central processing unit (CPU) based moderately
parallel system with shared memory access (multiprocessor
and multicore implementation). However, the large-scale
distributed parallel systems are limited by data transformer
between nodes. More recently, the parallel architecture of
graphics processing units (GPU) has been utilized for the
acceleration of general purpose computations for the solu-
tion of sparse linear system [83]. With these advances in
improving computation efficiency, more accurate and fast
fluorescence-enhanced optical tomography will become pos-
sible, and this will accelerate its clinical translation.
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We developed a homemade dual-modality imaging system that combines multispectral photoacoustic computed tomography and
ultrasound computed tomography for reconstructing the structural and functional information of human finger joint systems.The
fused multispectral photoacoustic-ultrasound computed tomography (MPAUCT) system was examined by the phantom and in
vivo experimental tests. The imaging results indicate that the hard tissues such as the bones and the soft tissues including the blood
vessels, the tendon, the skins, and the subcutaneous tissues in the finger joints systems can be effectively recovered by using our
multimodality MPAUCT system. The developed MPAUCT system is able to provide us with more comprehensive information of
the human finger joints, which shows its potential for characterization and diagnosis of bone or joint diseases.

1. Introduction

Photoacoustic computed tomography (PACT), also called
optoacoustic computed tomography, is able to visualize
the structural and functional information about biological
tissues with excellent acoustic resolution and high optical
contrast [1–3]. PACT is concerned with an inverse problem,
in which the spatial distribution of the optical absorption
can be reconstructed based on the measured acoustic pres-
sures along the tissue boundary. To date, PACT has been
extensively explored for the detection of breast cancer, for
probing brain functioning in small animals, and for assessing
vascular and skin diseases [4–6]. In addition, PACT is
able to recover the tissue physiological properties by using
spectrally resolved photoacoustic (PA) measurements. The
multispectral PACT (MPACT) can reveal spatially resolved
physiological andmolecular information by using the known
spectral characteristics of specific chromophores [7–10]. In
addition, ultrasound computed tomography (USCT) also
has the capability to recover the structure information
of biological tissues, which can be complementary to the
MPACT that has demonstrated its advantages for functional

imaging. The final aim of the present study is to develop
and validate a dual-modality imaging technique, namely,
MPAUCT that combines MPACT and USCT for in vivo
imaging the progression of finger joint osteoarthritis and
psoriatic arthritis.

Osteoarthritis (OA) is the most common arthritic condi-
tion worldwide and is estimated to affect nearly 60 million
Americans.The prime features of OA include the progressive
degeneration of articular cartilage, subchondral bone remod-
eling, osteophyte formation, and a variable degree of synovitis
[11, 12]. In addition, psoriasis is a common hyperkeratotic
skin disease that affects 7.5 million Americans [13, 14].
About 10 percent to 30 percent of people with psoriasis
also develop psoriatic arthritis (PA). PA is an inflammatory
arthritis associated with psoriasis that affects peripheral
synovial joints and entheses and the axial skeleton [13, 14].
Interestingly, recent phantom and clinical studies show that
PACT with/without USCT has been performed as a potential
and effective tool for imaging human finger joints [15–19]. For
instance, Wang et al. developed a dual-modality PACT-US
system that could identify the bones and delineate tendons
from other soft tissues, though they could not recover most
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of the blood vessels in the finger joint [15]. In addition, Xi and
Jiang demonstrated a three-dimensional PACT system that
utilized cylindrical scanning in data collection and virtual-
detector concept in image reconstruction to generate a high-
resolution image of the human finger joint [16]. Likewise, this
imaging technique could not identify most of the soft tissues
and blood vessels. Furthermore, a group in University of
Twente conducted a PACT investigation on a healthy human
finger joint in order to image the blood vessels with a focus
on vascularity across the interphalangeal joints [17, 18]. In
this study, we present a novel homemade MPAUCT system
for dual-modality imaging of human finer joints systems.The
multispectral and multimodality imaging methods are able
to recover the different structural and functional information
within the finger joints systems including the bones, the skins
and the subcutaneous tissues, the tendons, and the majority
of the blood vessels. More importantly, the mutual comple-
mentation of MPACT and USCT will provide us with more
comprehensive information in studying human finger joint
systems, which shows the potential for the characterization
and diagnosis of finger joint diseases such as osteoarthritis
and psoriatic arthritis.

2. Materials and Methods

2.1. The Developed MPAUCT Imager for Finger Joint Imaging.
The schematic of the MPAUCT imaging system is shown
in Figure 1(a). A pulsed light from OPO is pumped by the
Nd:YAG laser (Surelite I-10, Continuum) with the wave-
lengths of 680∼1064 nm, pulse durations of 5∼10 ns, and
frequency rate of 20Hz. The laser from Nd:YAG has the
wavelengths of 532 nm and 1064 nm, in which the laser at the
wavelength of 532 nm is used for pumping the OPO crystal,
and the OPO crystal can generate the wavelengths range
within 680∼1064 nm at different crystal angle.

The laser beam from OPO is separated into two parts
that transport in different paths; then the two-light beams
pass through convex lens 1 and convex lens 2 and finally
are focused into two fiber optics bundles. The two paths
delivered by two fiber optics bundles are further divided into
8 light beams (each beam has the energy density of 8mJ/cm2)
to illuminate the cross sections of the fingers/finger joints.
The optical fiber bundles were custom-made silica fibers
with one input fiber and four output fibers. In addition, the
core diameter of each fiber is 600 um, the NA is 0.23, the
transmission wavelengths range within 580∼1200 nm, and
the transmittance can research over 65%.The finger holder is
fabricated by the aluminum alloy (Figure 1(b), which consists
of three parts: two annuli with different sizes and one joint
lever that connect the two annuli).

The 8 optical fibers and two unfocused ultrasound trans-
ducers (3.5MHz central frequency; bandwidth range within
3.44∼6.60MHz; V309, Olympus NDT) are fastened on the
holder. The holder and the sink are placed on the rotator.
The pulser/receiver (5073PR, OLYMPUS) has the dual-mode
with the functions of ultrasonic emission and reception, so
the PA andUS signals are finally received and amplified by the
pulser/receiver apparatus. The output signals are shown on

Table 1: Optical properties used for the finger joint phantom test.

Wavelength
(nm) Optical properties Background Target 1 Target 2

700

Absorption
coefficient (mm−1) 0.01 0.14 0.12

Scattering
coefficient (mm−1) 1 2 2

760

Absorption
coefficient (mm−1) 0.01 0.143 0.122

Scattering
coefficient (mm−1) 1 2 2

the oscilloscope with the average of 16 times and then stored
on the computer for further data processing.

2.2. Delay-and-Sum Beam Forming Algorithm. To form the
PA and US images of an object, an image reconstruction
algorithm is required. A simple, yet very effective method
is the delay-and-sum beam forming algorithm that is com-
monly used in radar signal processing. The image expression
in the case of near-field for PA and US imaging can be stated
as

𝑆

𝑓
(𝑡) =

∑
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𝑤
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𝑖
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where 𝑆𝑓(𝑡) is the image output at a particular focus point
𝑓, 𝑆

𝑖
(𝑡) is the time signal from 𝑖th receiver, 𝛿𝑓

𝑖
is the delay

applied to this signal, and𝑤𝑓
𝑖
is an amplitudeweighting factor,

which is used to enhance the beam shape, to reduce side lobe
effects, or to minimize the noise level. The summed signal
is typically normalized to make the output independent of
the actual set of transducers. The different is PA signals pro-
cessing without any deconvolution and filtering, whereas the
ultrasound images reconstruction used is with the filtering
and deconvolution.

2.3. Phantom and In Vivo Experimental Tests. In this section,
we conducted phantomand in vivo tests using our homemade
MPAUCT system. For the phantom test as shown in Figure 2,
a cylindrical solid phantom was used as the background
medium. And two cylindrical “bones” (the diameter: 4mm;
the height: 6mm) were immersed into the phantom. The
“cartilage” located between the two “bones” had the height
size of 2mm. The optical properties of the phantom and the
“bones”were provided in Table 1.The “cartilage”was assumed
to have the same optical properties with the background
phantom. The background phantom materials utilized were
composed of Intralipid as scatterer and India ink as absorber
with agar powder (1-2%) for solidifying, whereas the two
cylindrical bone targets also consisted of the same materials
but had higher absorption and scattering contrasts compared
to the background phantom [20]. In addition, the actual
acoustic contrast can easily be accessed by using the following
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Figure 1: (a) Experimental configuration of the MPAUCT dual-modality imaging system. OPO: optical parametric oscillator, OSC:
oscilloscope, P/R: pulser/receiver, BS: beam splitter, CL: convex lens, FOB: fiber optics bundle, FH: finger holder, S/TH: sink/transducer
holder, RT: rotary table, T: transducer, and OF: optical fiber. (b) Schematic of the finger holder.
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Figure 2: Schematic of the test geometry for the finger joint phantom.
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Figure 3: Reconstructed MPACT images of the finger joint phantom at the wavelength of 700 nm (a) and 760 nm (b). (c) Reconstructed
USCT image of the finger joint phantom. The top is bone 1; the bottom is bone 2.
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Figure 4: (a) The photography of the finger joint measurement configuration. (b)–(e) Reconstructed cross-sectional MPACT images of a
human subject finger at the wavelengths of 680 nm, 720 nm, 760 nm, and 800 nm, respectively. (f) Reconstructed cross-sectional USCT image
along the same plane of the same finger joint systems. SK: skin, SU: subcutaneous tissue, VE: blood vessels, TE: tendon, and PH: phalanx.
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Figure 5: Reconstructed cross-sectional MPACT images of a human subject finger at the wavelengths of 720 nm (a) and 800 nm (b). (c)
Reconstructed cross-sectional USCT image along the same plane of the same finger joint systems. (d) Coregistered MPAUCT images of the
human finger joint systems generated by MPACT/USCTmerging. SK: skin, SU: subcutaneous tissue, VE: blood vessels, TE: tendon, and PH:
phalanx.

Table 2: Average longitudinal velocities for the different phantoms
[21].

Velocity Agar Porcine Fat turkey
breast Bovine liver

vs (m/s) 1489.3 1501.6 1576.3 1590.0

longitudinal velocities in Table 2 for the different tissues
including the agar phantom we used.

For the in vivo experiment test, we reconstructed the
proximal interphalangeal (PIP) finger joint of a healthy
volunteer by using our MPAUCT imaging system. PA data
along each cross-sectional plane (slice) of the PIP finger joints
systems were acquired for the subject at the wavelength of
680 nm, 720 nm, 760 nm, and 800 nm. One set of PA data
for each wavelength was taken at 240 positions with the
angular step size of 1.5 degrees using two transducers with the
central frequency of 3.5MHz.The data acquisition and image
reconstruction for each slice took about 2∼3 minutes.The PA
data and US data were acquired along the same slice so that
we could easily compare the reconstruction information from

MPACT images andUS images and then generate themerged
MPAUCT images.

3. Results and Discussion

From the reconstruction results in Figures 3(a) and 3(b),
we discovered that the “bones” were clearly identified for
the finger joint phantom at the wavelengths of 700 nm and
760 nm by using the MPAUCT imaging system. Specifically,
compared with the PACT images, we observed from the
USCT findings in Figure 3(c) that there was a significant drop
in the imaging contrast between the “bones” and the phan-
tom. It is due to the fact that the acoustic contrast between
them was much lower compared to the optical contrast.
Interestingly, the USCT images also showed strong boundary
effects compared to the MPACT images. In addition, it
should be pointed out that the acoustic contrast is due to
the difference of themechanical properties including acoustic
velocity or elastic modulus between the different media. In
this study, the ultrasound image is poorly reconstructed for
the phantom test because the acoustic contrast between the
target (bones) and the backgroundmedia is nearly equivalent
to one.
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Figure 4 shows the MPACT images and USCT images of
the human PIP finger joint systems recovered by using our
MPAUCT imaging system. We discovered that the MPACT
images along a cross-sectional slice of the PIP finger joint
systems (marked with dotted red curve) were successfully
recovered and plotted in Figures 4(b)–4(e) for the wavelength
of 680 nm, 720 nm, 760 nm, and 800 nm, respectively. It was
observed from Figure 4 that the soft tissues including skin,
subcutaneous tissue, and the tendon were clearly identified
for all the wavelengths, as shown in Figures 4(b)–4(e).
More importantly, we found from Figures 4(b)–4(e) that the
majority of the blood vessels were also recovered (marked
by red dotted circles) for all the four wavelengths by using
our dual-modal imaging system. By contrast, the hard tissue
such as the phalanx was only photoacoustically recovered
at the wavelength of 680 nm, whereas the phalanx images
became blurred for the other three wavelengths due to the
change of optical absorption of bone tissues at different
wavelengths. For instance, the chromophores of the bones
at different wavelengths show different optical absorption
contrasts according to the optical absorption spectra [11].
In particular, our findings suggested that the identified
structural information including the tendon showed good
agreement with the previous results as well as the anatomy
of finger joint system [11, 15–19].

Finally, Figure 4(f) displayed the reconstructed USCT
image along the same slice of the MPACT images, where
we discovered that the soft tissues including the skins and
subcutaneous tissues were clearly recovered. What is more,
the phalanx could be reconstructed with the higher contrast
and higher resolution by USCT compared to that from the
MPACT.

In summary, we have developed a homemade MPAUCT
dual-modality imaging system that can effectively recon-
struct the human finger joint systems including the skins, the
blood vessels, the tendon, and the bone simultaneously. The
preliminary results in Figure 5 generated from the in vivo
test indicated that the MPAUCT system can be implemented
with the same hardware and can exhibit both the optical
and ultrasound contrast mechanisms. More importantly, the
developed MPAUCT system is able to provide us with more
comprehensive information of the humanfinger joints, which
shows its potential for characterization and diagnosis of bone
or joint diseases. Further investigations are warranted to use
of high central frequency and focused transducers to improve
the imaging resolution.
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Low-dose computed tomography (CT) reconstruction is a challenging problem in medical imaging. To complement the standard
filtered back-projection (FBP) reconstruction, sparse regularization reconstruction gains more and more research attention, as
it promises to reduce radiation dose, suppress artifacts, and improve noise properties. In this work, we present an iterative
reconstruction approach using improved smoothed 𝑙

0
(SL0) norm regularization which is used to approximate 𝑙

0
norm by a family

of continuous functions to fully exploit the sparseness of the image gradient. Due to the excellent sparse representation of the
reconstruction signal, the desired tissue details are preserved in the resulting images. To evaluate the performance of the proposed
SL0 regularization method, we reconstruct the simulated dataset acquired from the Shepp-Logan phantom and clinical head slice
image. Additional experimental verification is also performed with two real datasets from scanned animal experiment. Compared
to the referenced FBP reconstruction and the total variation (TV) regularization reconstruction, the results clearly reveal that the
presentedmethod has characteristic strengths. In particular, it improves reconstruction quality via reducing noise while preserving
anatomical features.

1. Introduction

X-ray computed tomography has been widely used clinically
for disease diagnosis, surgical guidance, perfusion imaging,
and so forth. However, the massive X-ray radiations during
CT exams are likely to induce cancer and other diseases in
patients [1, 2]. Therefore, the issue of low-dose computerized
tomography reconstruction has been raised and attracted
more and more research attention. As far as we know,
there are two low-dose strategies widely studied for dose
reduction: (1) lowering X-ray tube current values, measured
by milliampere (mA) or milliampere-seconds (mAs), or
lowering X-ray tube voltage, measured by kilovolt (KV),
and (2) lowering the number of sampling views during
CT inspection. The strategy of regulation by mA or KV
usually produces high noisy projection data. Thus, when the
exposure dose is reduced, the images reconstructed using

methods such as FBP suffer from increased artifacts and
noise [3]. Diagnostic mistakes may appear in this case.
The latter approach may also induce image artifacts due to
limited sampling angles. As a result, the diagnostic value
of the reconstructed images may be greatly degraded if
inappropriate reconstruction approaches are applied.

To solve these problems, statistical reconstruction algo-
rithms [4–9] attempt to produce high quality images by
better modeling the projection data and the imaging geom-
etry, which have shown superior performance compared to
FBP-type reconstructions. Another path has been recently
opened by compressed sensing (CS) with existing range
of applications in medical imaging, for example, magnetic
resonance imaging (MRI), bioluminescence tomography,
optical coherence tomography, and low-dose CT reconstruc-
tion [10–24]. The CS theory reveals the potential capability
of restoring sparse signals even if the Nyquist sampling
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theorem cannot be satisfied. Although the restricted isometry
property (RIP) condition is not often satisfied in practice,
CS-based reconstruction can yield more satisfying results
than the traditional FBP algorithms in CT reconstruction
[25]. Among several choices of sparse transforms, the gradi-
ent operator is motivated by the assumption that a preferable
solution should be of bounded variation. It is known as
total variation (TV) regularization, which favors solutions to
be predominantly piecewise constant. TV has been widely
used in the CT reconstruction community. However, TV-
regularized images may suffer from loss of detail features and
contrast, resulting in the staircasing artifacts. It is well known
that 𝑙
0
norm regularization can provide a sparser representa-

tion than the TV regularization (𝑙
1
norm) [26, 27]. However,

the application of 𝑙
0
norm in image reconstruction is often

a nondeterministic polynomial-time (NP) hard problem. In
addition, 𝑙

0
norm is a nonconvex function in discontinuous

form.
𝑙
0
norm is defined as the total number of its nonze-

ros elements and has stronger effects in promoting sparse
solutions, but this minimization issue is NP hard to solve
in general. Then, a spontaneous question can be whether
preferable results will be achieved if we use regularization
forms between 𝑙

1
normand 𝑙

0
norm. In thiswork, we present a

smoothed 𝑙
0
(SL0) norm regularizationmodel for sparse-view

X-ray CT reconstruction. This SL0 regularization permits a
dynamic regularization modulation and can achieve a good
balance between the regularizations based on 𝑙

1
norm and

𝑙
0
norm. The paper is organized as follows. In Section 2,

the SL0 norm model is firstly described and then the
detailed optimization algorithm and the parameters setting
are given. Section 3 includes the experiments conducted on
the projection data from the Shepp-Logan phantom, the
head slice image, and the scanned mouse. The reconstructed
results demonstrate that the proposed SL0 regularization
produces better images with legible anatomical features and
preferable noise characteristic compared to those using TV
regularization. Finally, the discussions and conclusions are
given at the end of this paper.

2. Methods

2.1. Problem Formulation. The idea of SL0 norm originates
from the effort ofminimizing a concave function that approx-
imates 𝑙

0
norm [26]. In order to address the discontinuity of

𝑙
0
norm, we then try to approximate this discontinuous func-

tion via a feasible continuous one and minimize it by means
of a minimization algorithm for continuous functions (e.g.,
steepest decent method). The continuous function which
is used to approximate 𝑙

0
norm should have a modulation

parameter (say 𝜎), which determines approximation degree.
Then the family of the cost functions is defined as

𝑓
𝜎 (𝑠) = 1 − 𝑒

−|𝑠|/2𝜎
, (1)

noting that

lim
𝜎→0

𝑓
𝜎
(𝑠) =

{

{

{

0 if 𝑠 = 0

1 if 𝑠 ̸= 0,

(2)

or it can be approximately expressed as

𝑓
𝜎 (𝑠) ≈

{

{

{

0 if |𝑠| ≪ 𝜎

1 if |𝑠| ≫ 𝜎.

(3)

Then SL0 norm is defined as

𝐹
𝜎
(𝑠) =

𝑁

∑

𝑖=1

𝑓
𝜎
(𝑠
𝑖
) . (4)

In (4),𝑁 is the length of reconstructed signals. From (2) and
(3), we can obviously observe that when 𝜎 → 0, the SL0 norm
tends to be equivalent to 𝑙

0
norm. Therefore, we can find the

minimal 𝑙
0
norm solution via minimizing 𝐹

𝜎
(𝑠) (subject to

𝐴𝑠 = 𝑝) with a very small 𝜎 value. As can be seen, the value
of 𝜎 determines the smoothness of the function 𝐹

𝜎
(𝑠). The

larger the value of 𝜎 is, the smoother 𝐹
𝜎
is, resulting in worse

approximation to 𝑙
0
norm; and the smaller the value of 𝜎 is,

the closer the performance between 𝐹
𝜎
and 𝑙
0
norm is.

Now, we recall the total variation (TV) norm of a 2-
dimensional array (𝑥

𝑖,𝑗
), 1 ≤ 𝑖, 𝑗 ≤ 𝑛, which is defined as 𝑙

1

norm of the magnitudes of the discrete gradient:

‖𝑥‖TV = ∑

𝑖,𝑗


(𝐷𝑥)
𝑖,𝑗


, (5)

where (𝐷𝑥)
𝑖,𝑗

= (𝑥
𝑖+1,𝑗

−𝑥
𝑖,𝑗
, 𝑥
𝑖,𝑗+1

−𝑥
𝑖,𝑗
); 𝑥 is the attenuation

coefficients to be reconstructed. If we use the proposed SL0
norm to enhance the sparsity of the image gradient, then the
superior reconstruction behaviormay be achieved.Therefore,
to reconstruct the discrete X-ray linear attenuation coeffi-
cients, we consider the following constrained optimization
problem:

𝑥
∗
= arg min

𝑥

𝐹
𝜎
(𝑥) = arg min

𝑥

∑

𝑖,𝑗

(1 − 𝑒
−‖(𝐷𝑥)𝑖,𝑗‖/2𝜎) ,

s.t. 𝐴𝑥 − 𝑝
 ≤ 𝜀,

𝑥
𝑖,𝑗

≥ 0,

(6)

where 𝐴 is the system matrix, used to model the CT imaging
system; 𝑝 is the log-transformed projection measurements; 𝜀
is the tolerance used to enforce the data fidelity constraint,
and it refers to X-ray scatter, electronic noise, scanned
materials, and a simplified data model. Sidky and Pan [11]
have indicated that the best image root-squared-error is
achieved when chosen 𝜀 is around the actual error in the
projection data. In practice, the real noise level of a system is
usually unknown.Therefore, the optimal value of 𝜀 is selected
when the reconstructed image with less artifacts and clearer
anatomical structures is achieved.

2.2. Optimization Algorithm. In order to address the optimal
solution of the proposed minimization problem, we try to
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assess the optimality of the solutions by analyzing theKarush-
Kuhn-Tucker (KKT) conditions of (6) [28], which are the nec-
essary conditions for optimality in nonlinear programming
and can be derived through Lagrangian theory:

𝑥
∗
= arg min

𝑥

𝐿 (𝑥, 𝜆, 𝜂)

= arg min
𝑥

{𝐹
𝜎
(𝑥) + 𝜆 (

𝐴𝑥 − 𝑝
 − 𝜀) −

𝑛

∑

𝑖=1

𝜂
𝑖
𝑥
𝑖
} ,

(7)

and the partial derivative of the above Lagrangian function
can be expressed as

𝜕𝐿 (𝑥, 𝜆, 𝜂)

𝜕𝑥
= 0 ⇐⇒

∇𝐹
𝜎 (𝑥) + 𝜆

𝐴
𝑇
(𝐴𝑥 − 𝑝)

𝐴𝑥 − 𝑝


−
⇀
𝜂 = 0,

(8)

where the complimentary slackness is

𝜆 (
𝐴𝑥 − 𝑝

 − 𝜀) = 0,

𝜂
𝑖
𝑥
𝑖
= 0

(9)

and the nonnegativity is

𝜆 ≥ 0,

𝜂
𝑖
≥ 0.

(10)

In conclusion, the optimal solutions can be firstly satisfied
with the projection data fidelity constraint, and then corre-
sponding 𝜆 should satisfy 𝜆 > 0. Meanwhile, we intend to
acquire the nonzero values of 𝑥

𝑖
, and then corresponding 𝜂

𝑖

should satisfy 𝜂
𝑖
→ 0. To obtain the solutions meeting the

above conditions, we need to solve the following optimization
problem:

𝜂
∗
= arg min{



∇𝐹
𝜎
(𝑥) + 𝜆

𝐴
𝑇
(𝐴𝑥 − 𝑝)

𝐴𝑥 − 𝑝




}

s.t. 𝜆 > 0.

(11)

Sidky and Pan [11] present an optimization approach
composed by an iterative projection operator called
projection-onto-convex-sets (POCS) and adaptive steepest
descent procedure, which is suitable for dealing with large
size constrained optimization problems. In this paper,
a similar strategy is applied here. We choose POCS to
be the iterative operator, which is an efficient iterative
algorithm that can find images that satisfy the given convex
constraints. POCS combines the ART technique and the
image nonnegativity enforcement, and the proposed SL0
regularization is minimized via an iterative gradient descent
of the cost function. The images are updated sequentially
through the alternation of the POCS and gradient descent
until the Karush-Kuhn-Tucker (KKT) conditions are

satisfied. In practice, in order to reduce the computation
time, we relax the KKT conditions or stop after a predefined
iterative number. Under the current version of the proposed
reconstruction algorithm, there is no rigidly theoretical
proof on the convergence properties of the optimization
procedure. However, the reconstructed results in the
following experiments show that they are actually close to
the optimal solution.

2.3. Parameters Selection. The implementation of the pro-
posed SL0 regularization algorithm involves the choices of
a series of parameters shown in Figure 1. The regularization
parameter 𝜎 plays a crucial role in improving reconstruction
quality. While we take a small value of 𝜎, the function 𝐹

𝜎
is

highly unsmooth and includes many local minimums; hence
finding its minimization is not easy. However, as 𝜎 increases,
𝐹
𝜎
becomes smoother and includes less local minimums, and

hence it is easier to minimize 𝐹
𝜎
. In general, if we use a larger

value of 𝜎 during the whole iterative process, the smoother
reconstruction results can be achieved but the tissue details
are worse. On the other hand, if we use a smaller value
of 𝜎 during the whole iterative process, the optimization
process may get trapped into local minimum, which will
lead to artifacts and noisy reconstructions. Hence, our idea
is to solve a sequence of optimization problems. At the first
step, we solve (6) using a larger value of 𝜎 (such as 𝜎

0
).

Subsequently, we reduce 𝜎
0
by multiplying a small factor 𝜌

and then solve (6) again using 𝜎
1

= 𝜌𝜎
0
. This time we

initialize the reconstruction acquired in the last iteration.
Due to the fact that 𝜎 decreases gradually, for each value of
𝜎, the minimization algorithm starts with an initial solution
close to the previous optimal value of 𝐹

𝜎
(this is because

both 𝜎 and 𝐹
𝜎
have only slightly varied and consequently

the minimization of new 𝐹
𝜎
is potentially close to previous

𝐹
𝜎
). Hence, it is sufficient that the optimization algorithm is

capable of escaping from getting trapped into local optimality
and reaching the real minimum value for the small 𝜎 values,
which offers the proximate 𝑙

0
norm solution. In our tests,

we select 𝜎
0

= 0.7 and 𝜌 = 0.9 for all cases studied in
this work. At the same time, the selection of 𝜎 should satisfy
𝜎min ≥ 0.01.

The parameters that control ART and the steepest gra-
dient descent of objective function involve ART relaxation
factor 𝜆, which starts at 1.0 and slowly decreases to 0 as the
iteration progresses; the steepest gradient descent relaxation
factor Δ starts at 0.2 and slowly decreases to 0 as the iteration
progresses. The decreasing factors 𝛼 and 𝛽 are the keys to
control the respective step lengths for ART and SL0 steepest
descent. In the following experiments, we select 𝛼 = 0.95

and 𝛽 = 0.98. The stopping criterion is reached if ‖𝑥𝑘+1 −
𝑥
𝑘
‖
2
/‖𝑥
𝑘
‖
2

< 0.01 or the iterative process is stopped after
a predefined maximum iteration number. In this paper, the
maximum iterations of POCS are set to 30 and the maximum
iterations of SL0 steepest descent are set to 20.

The above values are determined via experimental results,
but we do not guarantee them to be optimal. However, the
test results below demonstrate that the above parameters are
satisfactory.
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Stop criterion

Yes

Δ := 𝛽 · Δ

𝜆 := 𝛼 · 𝜆

dg > dp and xc not feasible?

POCS descent step

ART: x := x + 𝜆 ·

Nonnegativity: xi = 0 if xi < 0

Image update: dp =

Store current image: xc = x

If iteration = 1 Δ := Δ · dp

If iteration = 1 𝜎 = 𝜎0 else 𝜎 = 𝜎 · 𝜌

Image update: dg =

dx = ∇xF𝜎(x), dx = dx/‖dx‖, x := x − Δdx

SL0 descent step

Return xc

Initialize parameters
x = 0, 𝜆 = 1, Δ = 0.2, 𝛼 = 0.95, 𝛽 = 0.98, 𝜎0 = 0.7, 𝜌 = 0.9

‖xnew − xold‖

‖xnew − xold‖

Ai((pi − Ai · x)/(Ai · Ai))

Figure 1: Flowchart of the proposed SL0 algorithm.

3. Experiments and Results

3.1. Data Acquisition. In order to characterize the superiority
of the proposed SL0 regularization, we first study the perfor-
mance of the proposed constrained optimization using the
Shepp-Logan phantom and human head slice image.We used

the Shepp-Logan phantom 𝐼: [0, 256]× [0, 256] → [0, 2]with
several ellipses standing for various anatomical tissues (see
Figure 2(a)). The phantom was forward projected by MAT-
LAB’s radon routine with 720 projections over 2𝜋 rotation,
yielding an angular spacing of 0.5∘.The second sample dataset
was a human head slice obtained from a clinical diagnostic
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(a) (b)

Figure 2: From left to right are Shepp-Logan phantom and human head slice image, respectively, which are the ground truth for
reconstructions comparison. And the display windows are [1.0 1.1] and [−200 200]HU, respectively.

CT device in our cooperative hospital (see Figure 2(b)). The
projection data were generated according to the fan-beamCT
geometry. The forward projection parameters were defined
as follows: the source-to-axis distance was 42.5 cm and the
distance of source-to-detector was 82.1 cm. The projection
data of each view included 874 bins and the size of each
element was 0.5mm × 0.5mm. And a total of 720 views were
simulated during 2𝜋 rotation.The images to be reconstructed
were composed by 512 × 512 pixels with 0.4mm × 0.4mm.
Furthermore, in order to evaluate the performance under
noisy projection data, we simulated the noisy measurements
according to the following model [29, 30]:

𝐼
𝑖
= Poisson{𝐼

0
⋅ exp(−∫

𝐿 𝑖

𝜇 (𝑙, 𝐸
𝑘
) 𝑑𝑙)}

+Normal (0, 𝜎2
𝑒
) ,

(12)

where 𝐼
𝑖
was the measured X-ray intensity in bin 𝑖 and 𝐼

0

was the incident intensity. 𝜇(𝑙, 𝐸
𝑘
) was the energy-dependent

attenuation map; 𝜎
2

𝑒
was the background electronic noise

variance. In the simulation, we selected 𝐼
0

= 5.0 × 10
5 and

𝜎
2

𝑒
= 10. A monochromatic spectrum was assumed and the

photon energy was set to 80 keV. Then the noisy projection
data were obtained via logarithm transform.

In the second study, we evaluate the performance using
two actual datasets from the scanned mouse experiments in
our lab. The X-ray tube voltage and tube current were set
to 50 kV and 1mA, respectively. The projection data were
acquired under fan-beam mode. The distance between the
detector and the center of rotation was 436.6mm, while the
source-to-axis distance was set to 221.9mm. A total of 360
projections were acquired over 2𝜋 rotation. The number of
radial bins per view was 880, and the size of each bin was 0.15
× 0.15mm2. The reconstructed image size was 512 × 512 with
an isotropic pixel size of 95.7𝜇m2.

3.2. Results. We first start our evaluation with the Shepp-
Logan phantom dataset, where the ground truth image is
available. The images of the reconstruction are shown in
Figure 3, where (a), (b), and (c) are for FBP, TV regularization,
and SL0 regularization, respectively. Among them, FBP is
applied to the entire projection data. However, we only
select 120 views (equally spaced over 2𝜋 rotation) for TV
regularization and SL0 regularization. As can be seen in
(a), (b), and (c) in Figure 3, we cannot observe significant
difference between the reconstructions. In order to make the
otherness of reconstructed results highlighted, the differences
between the reconstructed images and the original image
(OI) of the Shepp-Logan phantom are calculated. We can
see in Figure 3 ((d), (e), and (f)) that the proposed SL0
regularization algorithm leads to the best image quality with
effectively preserved margin details.

For the head slice dataset, the reconstructed images are
shown in Figure 4 for all three reconstruction methods. The
total of 720 views is completely selected for FBP recon-
struction, and only 180 views of them are used for TV
and SL0 regularization reconstruction. (a), (b), and (c) in
Figure 4 illustrate the reconstructed results through FBP, TV,
and SL0 using noiseless projections. Compared to the head
slice sample, FBP reconstruction produces obvious image
artifacts, but TV and SL0 reconstructions well reflect the
sample image even with apparently undersampled measure-
ments. (d), (e), and (f) in Figure 4 show the reconstructed
results through FBP, TV, and SL0 using simulated noisy
projections. When compared to the head slice sample, FBP
and TV reconstructions introduce significant artifacts and
the images appear to be very noisy. In this case, SL0 is
superior to FBP and TV with vastly suppressed artifacts
and better preserved image structures. Furthermore, we also
compute the difference between the reconstructed image and
the original image (OI) of the human head slice and the
results are illustrated in Figure 5. It can be observed from
Figure 5 that the SL0 produces minor differences between
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FBP

(a)

TV

(b)

SL0

(c)

FBP

(d)

TV

(e)

SL0

(f)

Figure 3: The results of Shepp-Logan phantom study. In (a), (b), and (c), from left to right, the reconstruction images are FBP, TV
regularization, and SL0 regularization, respectively. And the display window is [1.0 1.1]. In (d), (e), and (f), the difference images between
FBP, TV, and SL0 reconstructions and the ground truth are shown. And the display window is [−0.01 0.01].

the reconstructed images and the reference image when
compared to those of FBP and TV, which agrees with the
observations from Figure 4.

To further quantify the performance of the proposed SL0
method with FBP and TV methods, there are two criterions
to evaluate the reconstructed image. One is the normalized
mean absolute deviation (NMAD), defined as

NMAD (%) =

∑
𝑖,𝑗


𝑥
𝑖,𝑗

− 𝑥
truth
𝑖,𝑗



∑
𝑖,𝑗


𝑥
truth
𝑖,𝑗



× 100. (13)

And the other one is the signal-to-noise ratio (SNR), defined
as

SNR = 10 × lg(
∑
𝑖,𝑗

(𝑥
truth
𝑖,𝑗

)
2

∑
𝑖,𝑗

(𝑥
𝑖,𝑗

− 𝑥
truth
𝑖,𝑗

)
2
) . (14)

The values of the two criterions are presented in Table 1.
Among these three algorithms, FBP produces the worst
results with highest NMADs and lowest SNRs. In Shepp-
Logan phantom experiments, both TV and SL0 generate
the superior performances with teeny NMADs, which indi-
cate that the reconstructions are comparatively close to
the ground truth. In head slice image experiments, the
quality of all the reconstructions is decreased with the
simulated Poisson noise. However, in comparison to FBP
and TV, SL0 generates the optimal results under all the
situations, which are consistent with the observations in
Figures 3, 4, and 5.

Finally, in Figure 6, we present the reconstructed results
for scannedmouse data.Thewhole projection data are chosen
for FBP reconstruction and only half of them are used for TV
and SL0 regularization reconstruction. The reconstruction
images are shown in Figure 6 for all the three reconstruction
algorithms. A small area of interest is highlighted with
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Figure 4: The results of human head slice simulation study. In (a), (b), and (c), from left to right, the reconstruction images are FBP,
TV regularization, and SL0 regularization using noiseless projections. And the display window is [−200 200]HU. In (d), (e), and (f), the
corresponding reconstructed images with simulated noisy projection data are shown. And the display window is [−200 200]HU.

Table 1: Comparing criterions of the results reconstructed by different algorithms (Shepp-Logan and head slice).

FBP TV SL0
NMAD (%) SNR (dB) NMAD (%) SNR (dB) NMA (%) SNR (dB)

Shepp-Logan phantom 1.23 36.49 3.6𝑒 − 02 67.70 6.1𝑒 − 04 93.87
Head slice image (noiseless) 3.13 28.09 0.27 47.68 0.25 49.98
Head slice image (Poisson) 3.36 27.75 0.95 38.47 0.47 42.20

a magnification factor of 2, and the zoomed images of this
region are shown in the corresponding upper right corner. As
can be seen, severe noise can be observed in the FBP results
and the images appear to be blurry near to margin details.
Compared to FBP, better preserved soft tissue edges and
obviously reduced noise level can be observed in TV results.
We can see in Figure 6 that the proposed SL0method leads to
the significantly improved image quality with effective noise
suppression and tissue structure preservation in comparison
to FBP and TV.

4. Discussion

In this paper, we propose smoothed 𝑙
0
norm optimization

algorithm that exploits the gradient sparseness for low-dose
CT imaging. The results demonstrate that the proposed
method can effectively reduce noise and produce significantly
improved images. Compared to TV regularization method,
it is advantageous in terms of improved tissue edge prop-
erties, as well as lower level artifacts and image noise. The
approximation of 𝑙

0
norm scheme via a family of continuous
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Figure 5: The difference between the reconstructed image and the original image (OI) of the human head slice. From top to bottom, there
are noiseless and simulated noisy scenarios in turn. From left to right, the reconstruction algorithms are FBP, TV, and SL0, respectively. The
display window is [−70 70]HU.

functions allows us to fully exploit the sparse assumption
imposed on image gradient (IG) and generate a feasible
method for sparse-view CT reconstruction.

The sequentially updated 𝜎 values originate from the
effort to find a measure that better approximates 𝑙

0
norm

than the traditional TV regularization method (𝑙
1
norm).

By altering parameter 𝜎, we can obtain better control of the
IG sparsity, which produces the superior anatomical features
over the TV minimization. The regularization parameter 𝜎

plays a vital role in improving reconstruction quality. In order
to acquire the better 𝜎 selection, we perform a series of
reconstruction experiments with different 𝜎 values. As can be
seen through Figures 7(a)–7(e), when we take 𝜎 = 0.01, the
cost function 𝐹

𝜎
tends to give the closer behavior to 𝑙

0
norm,

but the reconstructed image is the worst with severe artifacts
and noise. However, as 𝜎 increases, the reconstruction images
appear to improve gradually with obviously reduced noise
level. In Figures 7(a)–7(e), we can also observe that the

reconstructions with singular 𝜎 value during the whole
iterative process cannot adequately suppress artifacts and
preserve tissue structures (see the regions indicated by the
red circles). In order to obtain the preferable reconstruction,
the motivation of solving a sequence minimization strategy
through orderly decreased 𝜎 value seems to be a suitable
choice if both artifacts and noise suppression and margin
details preservation are pursued. In the test, we select the
initial value of 𝜎 as 0.7 and the decreased factor 𝜌 as 0.9. In
Figures 7(a)–7(f), we can clearly observe that the sequential
optimization via 𝜎 = 𝜌𝜎 can lead to the optimal image quality
with effectively suppressed artifacts and significant improved
edge properties. Additionally, we also show line profiles along
the marked yellow lines for ROIs of 𝜎 = 0.01, 0.5, and 1.0
and proposed scenarios in Figures 8(a) and 8(b). It can be
observed from Figure 8 that the proposed 𝜎 selection can
produce image with less artifact and noise, which agrees with
the observation in Figure 7.



BioMed Research International 9

FBP

(a)

TV

(b)

SL0

(c)

FBP

(d)

TV

(e)

SL0

(f)

Figure 6: Results of scanned mouse datasets. From top to bottom, there are two different slices reconstructions. From left to right, the
reconstruction images are FBP, TV regularization, and SL0 regularization, respectively. The red arrows denote a small area of interest and
corresponding zoomed images of ROI are placed at the top right. And the display window is [0 1.5].

A limitation of the proposed SL0 approach lies in
the sparsity assumption on the IG, which is an ordinary
problem for all the sparsity-driven iterative methods in CT
reconstruction. For most numerical or physical phantoms,
the reconstructed images are piecewise smooth and the
sparsity assumption on the IG is valid. However, this will
affect SL0 for human or animal slice reconstruction when
images only have a merely low level of sparseness on the
IG. Fortunately, the parameter 𝜎 allows us to expediently
control the aggressiveness in encouraging sparsity with TV
as 𝜎 regulates. Another potential problem is that when a
512 × 512 image is to be reconstructed, the SL0 algorithm
takes around 65 s to finish one loop on a 2.67GHz PC with
4GB RAM under MATLAB R2011a. There are several ways
to improve computational efficiency. One way is to select the
conjugate gradient (CG) method to solve the reconstruction
problems [28]. The CG algorithm is an improved steepest
descent algorithm, with the descent direction determined
by the current descent direction as well as the previous
searching direction. In addition, the proposed algorithm can

be accelerated via GPU-based technique to fulfill the clinical
requirements [31].

5. Conclusion

In this work, we studied sparse regularization for X-ray
low-dose CT imaging using a smoothed 𝑙

0
norm (SL0)

model. We investigated SL0 and compared its results with
TV regularization and FBP on a numerical phantom and
a clinical head slice as well as on two real datasets from
scanned animal experiments. From the results, we have seen
that the proposed SL0 regularization has yielded improved
reconstructionswith better performance in edge preservation
and noise suppression compared to the other two methods.
Nevertheless, practical application of the proposed approach
still needs further validation using more actual clinical data.
In the future, we will focus on addressing the limitations of
our research described above. Furthermore, we will try to
extend the SL0 regularization to handle other incomplete data
reconstruction problems [32].
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(a) 𝜎 = 0.01 (b) 𝜎 = 0.1 (c) 𝜎 = 0.5

(d) 𝜎 = 0.7 (e) 𝜎 = 1.0 (f) 𝜎 = 𝜌𝜎

Figure 7: Results of reconstruction using different 𝜎 parameters. (a)–(e) are the reconstructions with singular 𝜎 value during the whole
iterative process. (f) is the reconstructed image with the decreased 𝜎 value. The red circles denote a small area of interest and corresponding
zoomed images of ROI are placed at the top right. The initial 𝜎 equals 0.7 and 𝜌 equals 0.9. And the display window is [0 1.5].
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Figure 8: Line profiles of ROI in Figure 7. (a) Transversal profiles of ROI. (b) Vertical profiles of ROI.
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Cerenkov luminescence imaging (CLI) can provide information of medical radionuclides used in nuclear imaging based on
Cerenkov radiation, which makes it possible for optical means to image clinical radionuclide labeled probes. However, the
exceptionally weak Cerenkov luminescence (CL) from Cerenkov radiation is susceptible to lots of impulse noises introduced by
high energy gamma rays generating from the decays of radionuclides. In this work, a temporal median filter is proposed to remove
this kind of impulse noises. Unlike traditional CLI collecting a single CL image with long exposure time and smoothing it using
median filter, the proposedmethod captures a temporal sequence of CL images with shorter exposure time and employs a temporal
median filter to smooth a temporal sequence of pixels. Results of in vivo experiments demonstrated that the proposed temporal
median method can effectively remove random pulse noises induced by gamma radiation and achieve a robust CLI image.

1. Introduction

Cerenkov luminescence imaging (CLI) has the ability to
optically visualize radioactive decay signals from medical
isotopes using optical imaging instruments and attracts
more and more attention. CLI utilizes a type of electromag-
netic radiation called Cerenkov radiation produced when
a charged particle travels faster than the speed of light
through an insulating medium [1, 2]. CLI collects molecular
information by detecting Cerenkov luminescence (CL) in
a continuous spectrum from the ultraviolet through the
visible spectrum emitted during Cerenkov radiation. CLI
can offer Cerenkov radiations of many clinically available
radionuclides for positron emission tomography (PET) and
single photon emission computed tomography (SPECT) with
relatively lower cost optical devices. Compared to PET and
SPECT, CLI has the potential for bridging the information
acquired from nuclear and optical imaging.

Robertson et al. first performed CLI on mice using
positron-emitting radiotracers [3]. Furthermore, several
research groups independently showed the feasibility of CLI

for disease targeting and drug tracking in small animals [4–
9]. Using an optical tomographic reconstruction method,
researchers have obtained tomographic images using CL
termed as Cerenkov luminescence tomography (CLT) [10–
15]. Intraoperative or endoscopic imaging based on CL is also
reported [16–19]. It is very encouraging that CLI has been
used for clinical imaging of human body [20, 21].

However, the very weak CL from Cerenkov radiation of
radionuclides is susceptible to high level of impulse noises
introduced by high energy gamma rays. To obtain strong
enough CL signals for imaging, traditional CLI collects one
image of CL with long exposure time about several minutes.
At the same time, a great number of gamma rays may reach
the CCD sensor and produce heavy random impulse noises.
So, using shorter exposure time is beneficial to reduce the
random impulse noises induced by gamma radiation on the
premise of obtaining observable CL signals.

In the current study, single CL image acquisition with
minute-long exposure time is substituted by a temporal
sequence of CL images with second-long exposure time
to suppress these random impulse noises. Accordingly, a

Hindawi Publishing Corporation
BioMed Research International
Volume 2016, Article ID 7948432, 9 pages
http://dx.doi.org/10.1155/2016/7948432

http://dx.doi.org/10.1155/2016/7948432


2 BioMed Research International

Median filter

I(t1)

I(x−1,y−1,t1)

I(x−1,y,t1)

I(x−1,y+1,t1)

I(x,y−1,t1)

I(x,y,t1)

I(x,y+1,t1)

I(x+1,y−1,t1)

I(x+1,y,t1)

I(x+1,y+1,t1)

I(t𝑛)

I(x−1,y−1,t𝑛)

I(x−1,y,t𝑛)

I(x−1,y+1,t𝑛)

I(x,y−1,t𝑛)

I(x,y,t𝑛)

I(x,y+1,t𝑛)

I(x+1,y−1,t𝑛)

I(x+1,y,t𝑛)

I(x+1,y+1,t𝑛)

I(t𝑁)

I(x−1,y−1,t𝑁)

I(x−1,y,t𝑁)

I(x−1,y+1,t𝑁)

I(x,y−1,t𝑁)

I(x,y,t𝑁)

I(x,y+1,t𝑁)

I(x+1,y−1,t𝑁)

I(x+1,y,t𝑁)

I(x+1,y+1,t𝑁)

M(x,y)

· · · · · ·

Figure 1: Schematic diagram of temporal median filter.
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Figure 2: Numerical simulation of CL image. (a) The digital mouse and CL source location. (b) The simulated CLI image. (c) The fusion
image of simulated CL and CT data. (d) The fusion image of simulated CL with impulse noises and CT data.

temporal median (TM) filter is proposed to remove the
high level impulse noises induced by gamma radiation in
CLI. Unlike traditional median filter smoothing pixels within
spatial domain, TMfilter smooths pixels within time domain,
which is more effective to remove this kind of additive
random noises.

2. Material and Methods

2.1. TemporalMedian Filter. Figure 1 shows the schemeof TM
filter. 𝑁 CLI images are consecutively collected, and 𝐼(𝑥,𝑦,𝑡

𝑛
)

is the gray value at pixel location (𝑥, 𝑦) for CLI image 𝐼(𝑡
𝑛
)

collected at 𝑡𝑛 time point.
We select 9 pixels containing eight neighbor pixels of
𝐼(𝑥,𝑦,𝑡

∗
) and 𝐼(𝑥,𝑦,𝑡

∗
) itself for each CLI image collected at 𝑡∗

time point, and then 9𝑁 pixels for𝑁 CLI images are used to
construct a 1-D vector:

𝑈(𝑥,𝑦) = [𝐼(𝑥−1,𝑦−1,𝑡
1
), . . . , 𝐼(𝑥,𝑦,𝑡

𝑛
), . . . , 𝐼(𝑥+1,𝑦+1,𝑡

𝑁
)] . (1)

To get the median of 𝑈(𝑥,𝑦), we sort 𝑈(𝑥,𝑦) in ascending order
and obtain a new 1-D vector:

𝑅(𝑥,𝑦) = [𝑟(𝑥,𝑦,1), . . . , 𝑟(𝑥,𝑦,𝑛), . . . , 𝑟(𝑥,𝑦,9𝑁)] , (2)

where 𝑅(𝑥,𝑦) (𝑟(𝑥,𝑦,1) ≤ ⋅ ⋅ ⋅ ≤ 𝑟(𝑥,𝑦,𝑛) ≤ ⋅ ⋅ ⋅ ≤ 𝑟(𝑥,𝑦,9𝑁)) are
the elements of𝑈(𝑥,𝑦). The final filtered pixel value at location
(𝑥, 𝑦) is the value at the middle position in 𝑅(𝑥,𝑦):

𝑀(𝑥,𝑦) = 𝑟(𝑥,𝑦,⌈9𝑁/2⌉), (3)

where ⌈9𝑁/2⌉ is the rounded up nearest integer of 9𝑁/2. 𝑁
is the number of CLI images for a temporal sequence, which
also means the sequence length in time domain.

2.2. Numerical Simulation. A Monte Carlo simulation using
MOSE software based on digital mouse atlas is conducted
to get the CL image. A point light source mimicking CL
source generated from medical isotopes is subcutaneously
embedded on back of the digital mouse with the depth about
5mm as shown in Figure 2(a). The optical parameters 𝜇𝑎
and 𝜇𝑠 of each organ under the wavelength of 620 nm are
adopted from [22]. Figure 2(b) is the simulatedCL image, and
Figure 2(c) is the fused image with mouse atlas. Two levels of
randomnoises were added into theCL image to simulate dark
noises of CCDwith low values and impulse noises induced by
gamma radiation with high values (Figure 2(d)).

2.3. Materials. 18F-FDG was provided from the Department
of Nuclear Medicine, Xijing Hospital, Fourth Military Med-
ical University. Animal was cared for in accordance with a
protocol approved by the Xidian University Animal Care and



BioMed Research International 3

1000

900

800

700

600

500

400

300

200

100

0

ROI

(a)

1000

900

800

700

600

500

400

300

200

100

0

(b)

1000

900

800

700

600

500

400

300

200

100

0

(c)

1000

900

800

700

600

500

400

300

200

100

0

(d)

1000

900

800

700

600

500

400

300

200

100

0

(e)

Filter window size 

RM
SE

45

40

35

30

25

20

15

10

5

5 6 7 8 9 10 11 12 13 14 15

(f)
Filter window size 

RM
SE

 o
f R

O
I

5 6 7 8 9 10 11 12 13 14 15

180

160

140

120

100

80

60

40

(g)

Figure 3:The traditional denoising method for simulated CLI. (a) Simulated CLI image. (b) Simulated CLI image with noises. (c–e) Filtered
CLI images using median filter with filter window size = 5, 10, and 15. (f, g) Root mean squared error of the filtered CLI image and ROI of
that.

1000

900

800

700

600

500

400

300

200

100

0

(a)

1000

900

800

700

600

500

400

300

200

100

0

(b)

1000

900

800

700

600

500

400

300

200

100

0

(c)

7

6

5

4

3

2

1

RM
SE

M
ed

ia
n 

fil
te

r

TM
 fi

lte
r0

(d)

Figure 4: A comparison between median filter and TM filter. (a) CLI image with no noise. (b) Result of median filter. (c) Result of TM filter.
(d) Comparison of RMSE for the two methods.
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Figure 5: The traditional denoising method for CLI. (a) Original CLI image captured with 60 s exposure time. (b–d) Filtered CLI images
using median filter with filter window size = 5, 10, and 15. A large filter window size achieves a smooth CLI image with less impulse noises.
(e, f) Quantitative analysis of the relations between signal values in region of interest (ROI) marked with red circle and region of background
(ROB) marked with red rectangle. The signal values in both ROI and ROB decrease with the increase of filter window size.

Use Committee. AKunmingmouse with abdomen unhairing
using depilatory cream was used as the imaging object. A
pseudotumor was provided using 100 uCi of 18F-FDG with
the volume 20 uLmixedwith 20 uLmatrigel (BDBiosciences,
Sparks, MD) injected to abdomen of the mouse.

2.4. Optical Imaging. All CLI images were acquired using a
home-made in vivo animal optical imaging system, which
includes an Andor Ixon Ultra 897 EMCCD with a Schneider
25mm f/0.95 lens. After the mouse was anesthetized with
intraperitoneal injection of 100 uL anesthetic, the mouse was
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Figure 6: Original CLI images and mean and standard deviation of a CLI image sequence containing 30 CLI images with exposure time of
10 s. (a) is the photograph of the mouse from supine view, and the red dashed box indicates the location of pseudotumor. (b) is detailed view
of red dashed box for number 1, 6, 11, 16, 21, and 26 CLI images. (c) is mean image of the CLI image sequence. (d) is the standard deviation
image for the CLI image sequence.
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Figure 7: A randomly chosen original CLI image from a sequence of 30 CLI images with exposure time of 10 s for each one (a), result of
median filter fused with white light image (b), and result of TM filter fused with white light image (c).

put into a light-tight chamber of the imaging system and the
collection of CLI images started.

3. Results and Discussion

3.1. Results of Numerical Simulation. Figure 3(a) is the sim-
ulated CL image, and Figure 3(b) is that with noises. The
traditional median filter is usually used for removing these

impulse noises [18, 20]. Figures 3(c)–3(e) are filtered CLI
images using median filter with different filter window sizes.
With the increase of filter window size, less noises remain
in the filtered CLI image, but pixel values in region of
interest (ROI) have more deviations. Root mean squared
error (RMSE) of the filtered CLI image and ROI of that can
clearly demonstrate this trend. It means that the median filter
can effectively filter out impulse noises but can introduce
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Figure 8: Mean image of 30 CLI images filtered using median filter (a), standard deviation image of 30 CLI images filtered using median
filter (b), and filtered CLI image using TM filter (c). The top is the enlarged image corresponding to the red rectangle region.
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Figure 9: The influence of sequence length to TM filter. (a), (b), and (c) are results of TM filter for𝑁 = 5,𝑁 = 10, and𝑁 = 30, respectively.
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Figure 10: The results for TM filter with different exposure time 𝑇. (a), (b), and (c) are 𝑇 = 10 s, 𝑇 = 5 s, and 𝑇 = 2 s, respectively.

large errors for ROI of CL signals, when large filter window
size is employed.On the contrary, themedian filter with small
filter window can keep ROI of filtered CLI image with the
same value as that of simulated CL image, but with lots of
impulse noises.

Figure 4 summarizes the results of median filter and TM
filter for numerical simulations. Result of median filter has a
few low background noises and large deviation in ROI.Quan-
tified analysis using RMSE for the twomethods has also illus-
trated that TM filter can acquire a high quality image for CLI.

3.2. Impulse Noises in CLI Image. CL signals are so weak
that a long exposure time is necessary for CLI. During the
long exposure process, a great number of gamma rays may
reach CCD sensor and produce heavy random impulse
noises. Figure 5(a) is an original CLI image captured with
60 s exposure time. Although 18F-FDG locates in region
of the pseudotumor (ROI marked with red circle), lots of
impulse noises intersperse among other locations in and
out of the mouse without 18F-FDG as a result of the reach
of gamma rays with arbitrary directions. Figures 5(b)–5(d)
are filtered CLI images using median filter with different
filter window sizes. The filtered CLI image with small filter
window size contains lots of noises but the pixel values in
region of signal are close to that of the original CLI image

(Figure 5(b)). While a large filter window size can obtain an
enough smooth filtered CLI image, the pixel values in region
of signal are much smaller than that of the original CLI
image (Figure 5(d)). Figures 5(e) and 5(f) are the quantified
results of pixel values in ROI marked with red circle and
ROB marked with red rectangle in the original CLI image.

Figure 6 shows CLI images of pseudotumor in the mouse
with a short exposure time of 10 s captured at different time
points. From 6 selective CLI images, we can see that the
distributions of CL are generally in agreement, but differences
exist in the details. The mean and standard deviation images
can further illustrate these differences. The difference in
capture time is not the main reason, because the interval
time between each CLI image is less than 1 s. The fast gel-
forming BDmatrix can prevent 18FDG diffusing. So the high
level impulse noises produce these differences. The standard
deviation image also shows that the impulse noises are almost
the same level as the CL signals.

3.3. Result of TM Filter. A sequence of 30 CLI images with
exposure time of 10 s for each one was used to test TM
filter. To compare with median filter, we randomly chose
a CLI image from the sequence shown in Figure 7(a). It is
clearly seen that random impulse noises induced by gamma
radiation have higher intensities than that of CL signals from
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high 18FDG concentration area. Figure 7(b) is the result of
median filter, which has lots of low background noise that
emerged with the smooth process of median filter. The result
of TM filter almost has no noise shown in Figure 7(c).

To further illustrate noise suppression of TM filter, we
investigate the background region outside of the mouse after
filtering. If TM filter is effective for suppressing these impulse
noises, there will be no noises in the background region of
the filtered CL image. Due to median filter works on a single
CLI image, we obtain mean and standard deviation images of
30 filtered CLI images usingmedian filter as shown in Figures
8(a) and 8(b) to compare with TM filter. In Figure 8(a), there
seem to be no noises in the background region after average
of 30 filtered CLI images using median filter, but noises
can be clearly seen in the enlarged image of the region of
background marked with red rectangle. More noises emerge
from the standard deviation image of 30 filtered CLI images
using median filter in Figure 8(b). The filtered CLI image
using TM filter in Figure 8(c) almost has no impulse noises,
and particularly we find no noise in the enlarged background
image.

3.4. Sequence Length for TM Filter. Generally, a large
sequence containing more CLI images has greater ability to
remove random impulse noises, but that will cost more time
for data acquisition. Figure 9 shows the influence of sequence
length to the TM filter. The proposed TM filter can maintain
the distributions and values of CL signals even when the
number of CLI images decreases to𝑁 = 5.

3.5. Exposure Time for Each CLI Image. Short exposure time
is helpful in reducing the random pulse noise induced by
gamma radiation, but CL signals cannot be collected using
unduly short exposure time when radioactivity is rather
low. In this experiment, the radioactivity of 18F-FDG in
the pseudotumor was 100 uCi. We use different lengths of
exposure time to investigate the characteristic of TM filter.
Figure 10 summarizes results of TM filter with exposure time
of 𝑇 = 10 s, 𝑇 = 5 s, and 𝑇 = 2 s, respectively. The intensity
and area of CL signals decrease with the exposure time 𝑇.
Even though the exposure time𝑇 is shortened to 2 s, TMfilter
can still obtain a satisfactory result.

4. Conclusions

In this work, a TM filter is proposed to remove the ran-
dom impulse noises induced by high energy gamma rays
generated from radioactive decay of medical nuclides. This
method synthesizes characteristics of randomness and pulse
for randompulse noises inCL images and employs a temporal
median-like filter in a temporal sequence of CL images.
Several simulation and in vivo experiments were presented to
verify the proposed TM filter, and these results demonstrated
that TM filter can effectively remove random impulse noises
induced by gamma radiation and achieve a robust CL image.
Several key properties of TM filter were also investigated
based on in vivo experimental data to fully understand
robustness and usability of this method.

In terms of extremely weak CL signal, traditional CLI
collects a single CL image with minutes-long exposure time,
which often contains lots of random impulse noises due to the
arrival of gamma rays to CCD sensor. With the increase of
the exposure time, the original CL image contains more and
more impulse noises. In order to filter out these randompulse
noises, traditionalmedian filter with a large filter window size
is employed. The filtered CL image of this single acquisition
strategy shows instability and oversmoothness.The proposed
method can overcome these drawbacks by collecting a tem-
poral sequence of CLI images with seconds-long exposure
time and a TM filter. With a multiple CLI images strategy,
the proposed method is useful for suppressing these random
pulse noises and getting robust CLI image.The smooth effect
of TM filter is to work on pixels of CLI images collected at
different time points located in the same coordinate, so the
proposed method avoids smoothing CLI image on spatial
domain when removing the random pulse noises. Finally, the
proposed method can acquire high quality CLI images with
high robustness.

To concentrate on the validity of TM for CLI, we perform
an in vivo experiment based on a pseudotumor model. The
nonspecific distributions of medical nuclides often make the
actual CLI applications contain complicated circumstances.
So the proposedmethod needs to be tested by different actual
CLI applications.
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Compressive Sensing (CS) theory has great potential for reconstructing Computed Tomography (CT) images from sparse-views
projection data and Total Variation- (TV-) based CT reconstruction method is very popular. However, it does not directly
incorporate prior images into the reconstruction. To improve the quality of reconstructed images, this paper proposed an improved
TV minimization method using prior images and Split-Bregman method in CT reconstruction, which uses prior images to obtain
valuable previous information and promote the subsequent imaging process. The images obtained asynchronously were registered
via Locally Linear Embedding (LLE). To validate themethod, two studies were performed. Numerical simulation using an abdomen
phantom has been used to demonstrate that the proposed method enables accurate reconstruction of image objects under sparse
projection data. A real dataset was used to further validate the method.

1. Introduction

Research on how to reduce Computed Tomography (CT)
scanning dose of patients while the image quality is not dete-
riorated has very important significance not only in theory
but also in practical applications [1].The dose depends on the
number of projections, tube voltage, tube current and tube
current-exposure time product, X-ray filters, organ shields,
and so on. In our study we assume that other factors are
fixed during the scanning, except the number of projections.
Comparing with traditional CT reconstruction approaches
[2–4], algorithms based on Compressive Sensing (CS) [5–
10] are more popular with the conditions of incomplete
projections. But they still can be improved by bringing in
prior images.

Generally, patients are not scanned only once; repeat-
ing CT scans contained some same structural information.
Normally, the information embedded in previous scanning is
called prior knowledge which is valuable for reconstructing
better images with low-dose in the following CT scanning
[11–15]. The same object can be scanned at different time
to monitor the changes of the object. At the first time the

object should be scanned with normal views to produce CT
images with high quality. Then the subsequent scanning will
be carried out under the low-dose circumstance, that is, few-
views projections. As the previous normal-dose scans and
low-dose scan are not performed simultaneously or even not
with the same scanner, the prior images and reconstructed
images cannot be utilized directly because of rigid or nonrigid
object motion and other differences among these scans.
Registration is necessary and how to register them is a huge
challenge.

In this paper, we propose an improved Total Variation
(TV) minimization method using prior images and Split-
Bregman [16] method in CT reconstruction (PISPTV) which
tries to take fully advantage of prior images in order to
get high-quality CT images with the conditions of incom-
plete projections. The images obtained asynchronously are
registered via Locally Linear Embedding (LLE) and Split-
Bregman method is used to solve the optimization problems.
We introduce the proposed algorithm in the next section,
show the results in the third section, and conclude the paper
in the last section.
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2. Theory and Method

2.1. CS-Based CT Reconstruction. For CT reconstruction
algorithm based on CS, TV algorithm which is proposed by
Sidky and Pan [6] is popular. Briefly, it can be defined as

min 
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2.2. Proposed Algorithm. We propose an improved TVmini-
mization method using prior images and Split-Bregman [16]
method which can be defined as follows:
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where ⃗
𝑓PI represents a prior image obtained by a conven-

tional algorithm such as Algebraic Reconstruction Technique
(ART) [3] from previous normal-view projections and
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where ℎ is the parameter to control the sensitivity.
Split-Bregman method is used to solve (3); it contains

three iteration steps.
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where 𝑘 is the iteration index of Split-Bregman method, 𝜆, 𝜇,
and 𝛾 are tuning parameters, and ⃗

𝑑 and ⃗
𝑏 are intermediate

variables.

Equation (6) is solved by the steepest descentmethod [17]
and the derivative of (6) is
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The ART method is used to get initial image of iteration.
Equation (7) can be computed as (10) using the shrinkage
operator:
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2.3. Calibration with LLE. Prior images are obtained by
ART-TV algorithm from previous normal-view projections.
Because the previous normal-dose scans and low-dose scan
are not acquired simultaneously or even not scanned using
the same scanner, the reconstructed images ⃗

𝑓 and ⃗
𝑓PI(𝑡)

generally are not the same because of rigid or nonrigid
object motion and other differences among these scans. In
practiceweneed to register these reconstructed images before
further processing, and X-ray CT Geometrical Calibration
via Locally Linear Embedding (LLE) which was provided by
Chen et al. [18] can be used. In thismethod, an important step
is to calculate the projection matrix which is affected by the
geometric parameters; that is,

A = 𝐴 (
⃗

𝐷) , (11)

where ⃗
𝐷 is a parameter vector containing source-object dis-

tance, object-detector distance and detector offset distance,
detector tilt angle, projection angle, and so on.The geometric
parameters are estimated by the following equation:
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�⃗� is the measured projection data, and ̃
�⃗�
𝑠
(𝑠 = 1, 2, . . . , 𝑆)

is the corresponding reprojection data during CT recon-
struction. 𝑆 is the number of reprojections. The geometric
calibration problem is solved by dimensionality reduction via
LLE. Specifically, the LLE consists of three steps.

Step 1. Consider the following:
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are the same at that for (15). Therefore, the real parameter
estimation can be refined by searching for the 𝑅 nearest
reprojected projection vectors and updating the parameter
vector with the weight coefficients and the corresponding
sampled parameters.

2.4. Implementation of Proposed Algorithm. Specifically, our
method is flowcharted in Figure 1 and the implementa-
tion steps of our proposed algorithm which is shown in
Algorithm 1 contain two loops; the outside loop operates
ART which is labeled by 𝑛 and the total number of outside
iterations is 𝑁iter. The inside loop operates PISPTV which is
labeled by 𝑘 and the total number of inside iterations is𝐾. ⃗

𝑓PI
is a prior image obtained by a conventional algorithm such as
ART and ART-TV from previous normal-view projections.
The prior images are registered via LLE, respectively (the
estimated parameter vectors are obtained via LLE before). ⃗

𝐷

is an estimated parameter vector obtained by LLE and it is
used to register this reconstructed image.

3. Simulation and Experiment

To evaluate the performance of our proposed algorithm, the
numerical and experimental datasets were used. The ART-
TV and our proposed algorithm (PISPTV) were used for
comparison. For fairness, both of them were implemented
using the Split-Bregman technique. In our study, we selected
𝛼 = 0.15, 𝜆 = 100, 𝜇 = 50, and 𝛾 = 800. Image quality was
assessed with the relative Root Mean Square Errors (RMSE)
and Structure Similarity (SSIM) [19].

Scanning from normal-dose

Scanning from low-dose

Getting the estimated parameters of 
normal-dose scans via LLE

Getting the estimated parameters of low-dose 
scan via LLE 

Image reconstructions of normal-dose 
scans via ART-TV

Image reconstruction of low-dose scan via PISPTV 

Figure 1: Flowchart for PISPTV reconstruction.

RMSE is the most widely way applied to evaluate image
quality, and it is defined as

RMSE =
√

1

𝐼 × 𝐽

∑
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, (16)

where 𝑓
𝑖,𝑗
is the pixel value of original image ⃗

𝑓 and 𝑓∗
𝑖,𝑗
is the

pixel value of reconstructed image ⃗
𝑓

∗

.
SSIM is defined as
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where ⃗
𝑓 and ⃗

𝑓

∗

are the mean of ⃗
𝑓 and ⃗

𝑓

∗

, respectively.
𝜎
�⃗�
and 𝜎
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∗ are the variance of ⃗

𝑓 and ⃗
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, respectively. 𝜎
�⃗��⃗�
∗

is the covariance of ⃗
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, 𝑐
2
, and 𝑐

3
are small

positive constants which are included to avoid instability
when denominator in (18) is very close to zero. 𝛿, 𝜍, and 𝜂

are used to adjust the weight of luminance 𝑙( ⃗
𝑓,

⃗
𝑓

∗

), contrast
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% Initialization
Given𝑀, ⃗

𝐴
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% Main iteration loop
% ART Updating
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end
% Image Updating
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% Exit Criterion
if ‖𝐴 ⃗
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2 then
exit

end
end

Algorithm 1: Implementation steps of PISPTV reconstruction.

𝑐(
⃗

𝑓,
⃗

𝑓

∗

), and structures V( ⃗
𝑓,

⃗
𝑓

∗

). In our study, we selected
𝛿 = 𝜍 = 𝜂 = 1, 𝑐

1
= 2 × 10

−8, c
2

= 1 × 10

−8, and
𝑐
3
= c
2
/2 = 5 × 10

−7.
The value of SSIM is between −1 and 1. When two images

are the same, the SSIM between them is 1.

3.1. Simulation Study. In this study, an abdomen phantom
as shown in Figure 2 was used. The size of phantom image
was 256 × 256. In order to reflect changes of projections in
different scan, we added circular patches with different size in
the phantom as shown in Figure 3 (their radii were 8 pixels, 10
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Figure 2: Abdomen phantom.

pixels, and 12 pixels, resp.).The number of prior images was 2.
In the first scanning, Figure 3(a) was reconstructed by ART-
TV algorithm from 180 projections. In the second scanning,
Figure 3(b) was reconstructed by ART-TV algorithm from
90 projections. In the current scanning, Figure 3(c) was
reconstructed by PISPTV algorithm from 30 projections.
We assumed they were registered in simulation study. The
iteration numbers were 50; the reconstructed images are
shown in Figure 4.

It can be observed that the image reconstructed by
PISPTV is visually much better than that by ART-TV.
The differences between Figures 4(a) and 4(d) are clearly
identified, which means that PISPTV can produce high-
quality image with much less streak artifacts than the ART-
TV. Figures 4(c) and 4(f) are the difference images obtained
by reconstructed imageminus original image.We can see that
the difference between ⃗

𝑓PISPTV and ⃗
𝑓original is much smaller

than the difference between ⃗
𝑓ART-TV and ⃗

𝑓original.
Furthermore, we zoom in one part of the reconstructed

images as shown in Figure 5. In order to enhance the contrast
ratio, all images are shown in the window [0.3, 0.7] while the
total grey value is between 0 and 1. We find ⃗

𝑓PISPTV contains
less artifacts, and the inner distribution near edge is more
uniform than ⃗

𝑓ART-TV.
Table 1 lists the RMSE and SSIM calculated from recon-

structed abdomen phantom with ART-TV and PISPTV. It
is obvious that the RMSE of reconstructed image using
PISPTV method is much smaller than that of reconstructed
image using ART-TVmethod; the SSIM is much bigger.Thus
PISPTV method can reconstruct image with higher quality.

3.2. Experimental Study. In this study, we tested our algo-
rithms on a real dataset from a chip which was acquired
by a Micro CT scanner (provided by Nuclear Technology
Application Research Center, High Energy Physical Institute,
ChineseAcademy of Science).The tubewas operated at 70 kV
and 100mA. Both the nominal source-object distance and
object-detector distance were 38 cm, the number of detector

Table 1: RMSE and UQI of reconstruction images.

Methods Abdomen Real data
ART-TV PISPTV ART-TV PISPTV

RMSE 0.0303 0.0106 0.0414 0.0107
SSIM 0.9877 0.9985 0.9696 0.9971

elements was 1024, and the length of detector was 13.0048 cm.
Both detector tilt angle and detector offset distance were zero.
The calibrated rotation center offset was −0.3847 cm. The
number of projection angles was 900 in the angular range
[0, 2𝜋]. These parameters were used to register images. To
demonstrate the performance of our proposed approach, we
reduced the number of views to 100 which was about 1/9 of
original projection number. And as shown in Figure 6(a), we
evaluated the reconstructed image using ART-TV with 900-
projection data as a standard image. The number of prior
images was 3; they were images reconstructed previously
by ART-TV algorithm from 900, 450, and 225 projections,
respectively. The iteration numbers were 10, and the recon-
structed images are shown in Figure 6.

In Figure 6, it is clear that comparing to ART-TV,
PISPTV has better performance. We zoom in one part of
the reconstructed images as shown in Figure 7. In order to
enhance the contrast ratio and see the artifacts problem, the
images are shown in the window [0.01, 0.1] while the total
grey value is between 0 and 1. We find that the reconstructed
image using ART-TV method contains more artifacts. The
profiles of line 350 in different reconstructed real images
are plotted in Figure 8. We can see that the ART-TV profile
fluctuates larger than the PISPTV profile, which means that
the PISPTV reconstruction is much closer to standard image.
And as shown inTable 1, its RMSE is lower and SSIM is higher.
These observations suggest that our method is powerful for
sparse CT reconstruction data.

4. Conclusion

In conclusion, we propose an improved TV minimization
method using prior images and Split-Bregmanmethodwhich
uses prior images to obtain valuable previous information
and promote the subsequent imaging process. Split-Bregman
method is used to solve the optimal problems. Simulated
abdomen phantom and a real dataset are used to validate
the method. In the simulation study, different sized circular
patches were added to reflect the changes of projections in
different scanning. Due to the difficulty of getting real data
with these clinical and changes, this kind of comparison will
be carried out in further study. For experimental research, X-
ray CT Geometrical Calibration via LLE is used to register
different reconstructed images. The results demonstrate that
the proposed method can reconstruct high-quality images
from few-views data and has a potential for reducing the
radiation dose in clinical application.
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(a) First scanning abdomen phantom (b) Second scanning abdomen phantom (c) Current scanning abdomen phantom

Figure 3: Different scanning abdomen phantoms.

− =

− =

f(a) ART-TV reconstruction ( ！２４-４６) f(b) Original image ( ＩＬＣＡＣＨ；Ｆ) f f(c) Difference image ( ！２４-４６ − ＩＬＣＡＣＨ；Ｆ)

f(d) PISPTV reconstruction ( ０）３０４６) f(e) Original image ( ＩＬＣＡＣＨ；Ｆ) f f(f) Difference image ( ０）３０４６ − ＩＬＣＡＣＨ；Ｆ)

Figure 4: Reconstructed abdomen phantoms for comparison.
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(a) Original image (b) ART-TV reconstruction (c) PISPTV reconstruction

Figure 5: One magnified part of abdomen phantoms for comparison.

(a) Standard image (b) ART-TV reconstruction (c) PISPTV reconstruction

Figure 6: Reconstructed real images for comparison.

(a) Standard image (b) ART-TV reconstruction (c) PISPTV reconstruction

Figure 7: One magnified part of reconstructed real images for comparison.
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Figure 8: The profile of line 350 in different reconstructed real images.
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