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ABSTRACT Cerenkov luminescence tomography (CLT) can reproduce the location of the tumor inside the
body and the physiological processes that are related to its biological behavior, it has thus attracted more
attention in the field of imaging technology. The inadequacy of signals that are measured on the body surface
might cause ill-posed problems during image reconstruction, thus affecting the quantitative accuracy of CLT.
This can be improved using a multispectral strategy by providing more measurements. However, current
reconstruction algorithms for multispectral CLT are based on the light transport model that uses a single
equation (a diffusion equation or a 3rd simplified spherical harmonics equation) for each spectrum, which
cannot guarantee the accuracy and efficiency of the reconstruction. In order to make full use of the broad-
spectrum characteristics of Cerenkov luminescence and ensure an accurate and efficient reconstruction,
in this work we apply an adaptively hybrid model to the multispectral CLT, that can automatically select
the light transport equation. Here, the hybrid model was not only applied to different spectra, but also to
different tissues at a certain spectrum. The selection of the light transport equation was accomplished by
automatically comparing the index with a predefined threshold. Our proposed method was evaluated with
numerical simulations and mouse-based experiments and the results showed the feasibility and effectiveness
of the adaptively hybrid model based multispectral CLT.

INDEX TERMS Cerenkov luminescence tomography, multispectral, hybrid method.

I. INTRODUCTION
Cerenkov luminescence imaging (CLI) is a promising small
animal imaging technology that is based on the Cerenkov
luminescence (CL) emission effect [1]–[6] that could be
explained as follows: When the velocity of the charged par-
ticles in the medium is faster than the velocity of light, the
near infrared and visible light would be emitted, and this
phenomenon is called CL emission effect [7]. Based on such
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effect, one can then use an optical method to collect the lumi-
nescent signals upon radionuclide decay so that a seamless
fusion bridge can be established between optical imaging
and nuclear imaging. The problem of limited probes for
translating optical imaging to clinics can be solved with the
use of the widely clinically-used radionuclide probes. Since
Robertson used a CCD camera to collect the CL from a small
animal for the first time in 2009, CLI has been rapidly devel-
oped and widely used in the biomedical field [2], [8]–[11].
Examples include monitoring the expression of thyroid can-
cer cells [12], intraoperative assessment of tumor resection
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margin [13], [14], assessing lymphoma treatment [15] as well
as some preliminary clinical studies [16]–[19]. Using a single
radionuclide probe to realize a dual-modality of optical and
nuclear imaging, CLI has paved the way for a new direction
in the translation of molecular imaging technology. How-
ever, since CLI is a two-dimensional (2D) planar imaging
method, it can neither accurately quantify and analyze the
target molecule nor provide its three-dimensional (3D) spatial
information. This problem can be solved using its 3D deriva-
tive termed the Cerenkov luminescence tomography (CLT).

CLT can reconstruct the distribution of internal radionu-
clides using the surface measurements [20]–[24]. The con-
cept of CLT was first proposed by Li et al. to reconstruct the
3D distribution 18FDG in a homogeneous mouse model [20].
However, due to the fact that the inverse reconstruction is
an ill-posed problem, the quality of the results needs further
improvement. Based on the regularization strategy, there are
two popular ways to reduce the ill-posedness and improve the
quality of the reconstruction results. First, by incorporating
the source permissible region which will greatly reduce the
dimension of the variables to be reconstructed [25], [26], thus
weakening the ill-posedness to a certain extent. The draw-
backs of this method are the very limited improvement of
ill-posedness and that the selection of the source permissible
region is a very difficult problem, which is greatly influenced
by the subjective consciousness of the operators [27], [28].
Second, we can increase the dimensionality of the measured
data through multispectral measurements [29]–[31]. Multi-
spectral strategy is suitable for CLT because the CL emission
has broad spectrum characteristics [2], with a spectrum in the
range of 400 to 900 nm. This method (multispectral CLT,
mCLT) was first applied by Spinelli et al. and the results
showed an improved reconstruction quality [29]. Following
this, Guo et al. proposed amodified weight multispectral CLT
to further improve the accuracy and stability of the recon-
struction [30]. However, both used diffusion equation (DE)
as the forward model to characterize the CL light propaga-
tion. Since DE is not accurate enough for the low scattering
tissue, due to the highly-diffuse hypothesis, it is thus not
suitable for mCLT. To overcome the accuracy problem, Liu
et al. developed a multispectral hybrid CLT, in which the
different orders of the spherical harmonics (SPN) equation
were used to describe the propagation of CL light at different
wavelengths [31]. However, this method has two limitations.
On the one hand, the use of the SPN equation will increase
the reconstruction time cost, especially when the order N is
high, or the multispectral imaging is performed. On the other
hand, the combination of high and low orders of the SPN
equation only occurs in different spectral bands. Therefore,
it is hard to determine in which spectral band can the lower or
higher order equation be used. An additional problem is that
different tissues may exhibit different scattering characteris-
tics within the same spectral band. In this case, the method
proposed in Liu’s work may not be the best solution for
mCLT; using the fixed equation at a spectral band will hinder
the integration of accuracy and efficiency.

In this work, we propose a reconstruction framework for
mCLT based on adaptively hybrid 3rd simplified spherical
harmonics with diffusion (AHSD) equation. In this frame-
work, the AHSD equation was applied to describe CL propa-
gation in the tissues, which fully considered and utilized the
wide spectrum characteristics of the CL signal. Unlike other
existing multispectral methods, the hybrid model used in
this framework was not only applied to different spectra, but
also to different tissues at a certain spectrum. The selection
of the light transport equation was achieved by automati-
cally comparing the index with a predefined threshold. This
method outperforms the existing methods in terms of applica-
bility, maneuverability and the combination of accuracy and
efficiency. The adaptively hybrid model based mCLT was
then evaluated with numerical simulations and mouse-based
experiments to show the feasibility and effectiveness of the
proposed method.

II. METHODS
Biological tissues inside the living body can be divided
into several components based on the anatomical structure,
including the heart, liver, lungs, stomach, kidneys and others.
The optical properties of these components are different even
at the same wavelength. Therefore, using a single equation
or a hybrid equation integrated by wavelength to describe the
light propagation in these tissues would not the best option.
In our previous studies [32], [33], a fully hybrid model that
integrated SPN with DE was developed to accurately and
efficiently achieve this task. Since the 3rd order SPN has the
sufficient accuracy and promising efficiency, the SP3 equa-
tion was used to construct the adaptively hybrid 3rd simplified
spherical harmonics with diffusion (AHSD) equation. The
AHSD equation used in this work can be summarized as
follows [32], [33]:

−∇ · Ck,∇81 (Er)∇81(Er)−∇ · Ck,∇82 (Er)∇82(Er)Er ∈ �

+Ck,81 (Er)81(Er)+ Ck,82(Er)82(Er) = Ck,s(Er)S(Er) (1)

where 8k(Er) (k = 1, 2) represent the luminous flux com-
ponents at node, S(Er) represents the density distribution of
the radioactive tracer, � denotes the domain of the scatter-
ing tissues and Ck,∇81 (Er),Ck,∇82 (Er),Ck,81 (Er),Ck,82(Er) and
Ck,s(Er)S(Er) are the tissues’ optical properties and boundary
related parameters [32]. The adaptively hybrid process was
achieved by automatically comparing the index with a pre-
defined threshold. The index was defined as the ratio of the
reduced scattering coefficientµ′s to the absorption coefficient
µa. The threshold was retrieved from existing literature and
set to 10 [34]–[38]. If the index is larger than the threshold,
the tissue would be classified as a high scattering region and
the DE equation would be used to used to describe the CL
light propagation in it; otherwise, the tissue would be sorted
as a low scattering region and the SP3 would be used. This
classification process can be programmed and automatically
completed, and the selection of different equations is not
determined by wavelength, thus avoiding the problems in
existing methods.
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The luminous flux density at the tissue-medium interface
can be calculated as [32]:

J (Er) = β1(Er)81(Er)+ β2(Er)82(Er)Er ∈ B (2)

where βk(Er) (k = 1, 2) are boundary related constants of a
point Er at the boundary B and can be referenced from [32],
[34] and J (Er) is the exiting partial luminescent flux density.
Combining Eq. (1) and Eq. (2), and using the finite element

discretization, we can establish the relationship between the
expected distribution of the radioactive tracer and the exiting
partial luminescent flux density at the boundary. Eq. (1) can
then be transferred as follows:

J = AS (3)

where A denotes the system matrix obtained by the AHSD
equation with the detailed form listed in [32] and J is the exit-
ing partial luminescent flux density measured on the surface
and S is the source distribution of the radioactive tracer.
As mentioned earlier, the CL light has wide spectral prop-

erties in the range of 400 to 900 nm; thus, the multispectral
strategy is the most suitable for CLT. When we construct
the system matrix at each wavelength based on the AHSD
equation and incorporate the multispectral measurements,
we obtain the following new matrix equation:

A(λ1)
A(λ2)
...

A(λk )

 S =


J (λ1)
J (λ2)
...

J (λk )

 (4)

where A(λi) (i = 1,2,. . . ,k) stands for the system matrix
obtained using the AHSD equation at the wavelength of λi
and J (λi) (i= 1,2,. . . ,k) represents the surface measurements
at the wavelength of λi. Equation (4) can be further summa-
rized as:

AS = J (5)

where A and J have the following expressions:

A =


A(λ1)
A(λ2)
...

A(λk )

 and J =


J (λ1)
J (λ2)
...

J (λk )

 (6)

Equation (5) represents the forwardmodel for mCLT based
on the AHSD equation. The inverse reconstruction of mCLT
based on AHSD can approximately be regarded as a basis
pursuit problem. Taking the sparse distribution of the radioac-
tive tracer into account, finding the solution to Eq. (5) can
thus be converted into solving the following l1-norm-based
regularization problem:

S = argmin
1
2
‖AS− J‖22 + µ |S|1 (7)

where µ is the regularization parameter that was manually
determined by experience throughout the following experi-
ments. In a more advanced version, this regularization param-
eter can also be selected by being iteratively updated [39].

Usually, l0-norm is used to describe the sparse property,
which counts the number of non-zero elements in a given vec-
tor. However, this is a difficult combinational problem and has
exponential complexity. Thus, l1-norm regularization, that is
easier to solve, is usually used to find the solution satisfying
sparsity. Equation (7) is the most basic and commonly used
objective function in optical tomography based on sparse
reconstruction and was solved by the primal-dual interior-
point algorithm in this work [40].

III. EXPERIMENTS AND RESULTS
A. DIGITAL MOUSE BASED SIMULATION
In this section, numerical simulation and in vivo experiments
were conducted to evaluate the feasibility and effectiveness of
the proposed AHSD equation based mCLT method. To make
the calculations more convenient and considering that this
work mainly aims to verify the feasibility and applicability
of the proposed method, three wavelengths were used for
the multispectral reconstruction. To evaluate the reconstruc-
tion results, two popular indicators were used: the distance
between the reconstructed central position and the actual
center of the radioactive tracer (Dis_Err, in units of mm) and
the reconstruction time (Time, in units of second) that records
the construction time of the system matrix. Furthermore, two
other statistical measurements: structural similarity (SSIM)
and root mean square error (RMSE), were used to evaluate
the shape and quantitative distribution recovering abilities of
the reconstruction methods. The detailed physical explana-
tions and mathematical formulas of SSIM and RMSE can
be retrieved from the references [41], [42]. To validate the
accuracy and evaluate the superiority of the proposedmethod,
other methods were selected as references, including the SP3
and DE based methods, a hybrid based model constructed
using SP3 at the lower wavelength and DE at the other two
higher wavelengths (abbreviated as the HSDD) and another
hybrid based model built using SP3 at the two lower wave-
lengths and DE at the other highest wavelength (abbreviated
as the HSSD).

In this simulation, a digital mouse was used to evaluate
the performance of the proposed AHSD based reconstruc-
tion method. To perform multispectral reconstruction, three
wavelengths: 550 nm, 600 nm and 650 nm were utilized.
The selected tissues and their relevant optical properties at
these selected wavelengths are listed in Table 1. The optical
properties were calculated using the formula summarized
in [43]. In order to simulate the radioactive tracer, a light
source was implanted into the adipose at the coordinate posi-
tion of (20,11,20) mm with the radius of the light source
being 1 mm, the initial power equal to 1 nW and a half-
life decay of 110 minutes. The selected organs of the digital
mouse included the heart, lung, stomach, liver, kidney and
adipose, as shown in Fig. 1(a), where the coordinate system
of the reference system is also presented. The digital mouse
was discretized into a fine mesh of 93,112 tetrahedrons and
16,765 nodes, that was used as the forward mesh to calculate
the surface measurements. With regard to accuracy and
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TABLE 1. Optical parameters of different tissues in the digital mouse.
In units of mm−1.

FIGURE 1. Physical models used in the simulation and in vivo
experiment. (a) Digital mouse used in the numerical simulation;
(b) Real mouse used in the in vivo experiment.

efficiency, these surface measurements were calculated using
the SP3 equation. For the inverse reconstruction, the digital
mouse was discretized into a coarse mesh of 15,141 tetra-
hedrons and 3,050 nodes. After that, the localization and
distribution of the radioactive tracer were reconstructed using
the AHSD based method and other reference methods.

The reconstruction results obtained using the proposed
and reference methods are shown in Fig. 2. In Fig. 2(a)-
2(e) we show the 3D views of the reconstructed results of
the AHSD, SP3, DE, HSSD and HSDD based reconstruc-
tion methods; their sectional images are shown in Fig. 2(f)-
2(j), respectively. The solid sphere in the 3D views and
the black circle in the sectional images labeled the actual
position of the radioactive tracer, while the colored tetrahe-
drons are the reconstructed sources. Our experiment shows
that the reconstructed images have almost the same quality
using the AHSD and SP3 based reconstruction methods that
is better than the reconstruction quality of the DE, HSDD
and HSSD based methods, with the image reconstructed by
the DE based method having the worst quality. Two other
interesting phenomena can be found in the sectional images.
First, the AHSD based method provided a better distribution
of the reconstructed source, even better than the SP3 based
method. Second, using DE may deteriorate the quality of the
reconstructed images. The more DE was used, especially in
the lower wavelengths, the worse the quality of reconstructed
images would be. This also proved the previously described
problem concerning the difficulty in determining in which
spectral band can the lower or higher order equation be used.
To quantitatively evaluate these images, we calculated the

FIGURE 2. Reconstructed results obtained by the proposed and reference
methods. (a)-(e) 3D views of the reconstructed results obtained by the
AHSD, SP3, DE, HSSD, and HSDD based methods respectively; (f)-(j) The
corresponding XZ sectional images.

FIGURE 3. Quantitative evaluation of the AHSD based method and other
reference methods. (a) the indicator of Dis_Err; (b) the indicator of Time;
(c) the indicator of SSIM; (d) the indicator of RMSE.

indicators of Dis_Err, Time, SSIM and RMSE, as shown
in Fig. 3, where Fig. 3(a) is the indicator of Dis_Err obtained
by the proposed and reference methods, Fig. 3(b) plots the
indicator of Time and Fig. 3(c) and Fig. 3(d) draw the indi-
cators of SSIM and RMSE, respectively. Once more, almost
the same conclusion can be made from these quantitative
indicators. The AHSD and SP3 based methods had the same
Dis_Err value, which was much smaller than the other three
methods. This is because SP3, as a higher order approxima-
tion, has a higher accuracy than DE. The more the SP3 was
used, the smaller the Dis_Err value would be. Comparing the
three hybrid models, AHSD had the best accuracy, HSSD
came in second place and HSDD was the worst. This is
because a single equation is used for the specific spectrum
in the HSSD and HSDD models, and SP3 is more used in
HSSD than in HSDD. The same conclusions can be addressed
from the other two evaluation factors of SSIM (Fig. 3(c)) and
RMSE (Fig. 3(d)). In the quantitative evaluation of shape and
distribution recovery, the result of the SP3 based method was
the best and the result of AHSDwas very close to that of SP3,
followed by HSSD, HSDD and DE based ones.

Moreover, from the perspective of the Time indicator,
theDE basedmethod took the least time, and theAHSDbased
method took less time than the other three reference methods.
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TABLE 2. Optical parameters at different wavelengths of different tissues
in the real mouse based in vivo experiment [33]. In units of mm−1.

This is because DE, as a lower order approximation, runs
faster than the higher order SP3. The more DEwas used in the
hybrid model, the less time it would take. Time was recorded
on a personal computer with 3.2 GHz Intel(R) Core (TM)
i5-6500 CPU and 8.00 GB RAM. The simulation results
collectively demonstrated that our proposed AHSD based
method is indeed an optimal option for multispectral CLT
providing satisfactory accuracy with promising efficiency.

B. IN VIVO EXPERIMENT
The application potential of the proposed AHSD based
method was then demonstrated with a living mouse based in
vivo experiment. In this experiment, an athymic male nude
mouse, approximately five to six weeks old, was used as
the imaging mouse model. All procedures were performed
in accordance with the guidance of the Air Force Military
Medical University animal protocol. An artificial radioactive
source was implanted into the liver of the living mouse to
be used as the Cerenkov luminescent source. The artificial
source was made of a glass vessel filled with approximately
400 µCi 18F-FDG and had a diameter of 1 mm and a length
of 5 mm. After gas anesthesia, the mouse was put into
the imaging chamber of the small animal imaging system
(IVIS Kinetic, PerkinElmer) for multispectral imaging. The
CL images at the wavelengths of 570 nm, 620 nm and
670 nm were collected and used for the reconstruction. The
micro-computed tomography (µCT) scans were performed
using our homemade µCT system after the CL images were
collected. The µCT system is composed of an X-ray tube
(Oxford Instruments, Series 5000) and a flat panel detector
(Hamamatsu, C7921CA-02). It should be noted that no con-
trast agent was injected during the µCT scan, making it diffi-
cult to clearly see the internal anatomy. Thus, theµCT images
were registered onto a multi-atlas to obtain the anatomical
structure on which heterogeneous reconstruction can be per-
formed [44]. Fig. 1(b) shows the anatomical structure and
related reference coordinate system. The obtained organs and
the relevant optical parameters at the selected wavelengths
are listed in Table 2. Similarly, the optical properties were
calculated using the formula that is summarized in [43].

Before performing the reconstruction, the collected multi-
spectral CL images were first mapped onto the surface of

FIGURE 4. Reconstructed results obtained by the proposed and the
reference methods. (a)-(e) 3D views of the reconstructed results obtained
by the AHSD, SP3, DE, HSSD, and HSDD based methods, respectively;
(f)-(j) Corresponding sectional images.

FIGURE 5. The values of the Dis_Err indicator obtained by the AHSD
based method and the other reference methods.

the mouse [45]. Fig. 4 presents the reconstructed results
obtained by the proposed method in Fig. 4(a) and the other
four reference methods in Fig. 4(b)-4(e). The central posi-
tion of the implanted source can be retrieved from the
reconstructed µCT images at the coordinate position of (51,
42, 33.5) mm. This in vivo experiment leads to a similar
conclusion as the previous simulation. The AHSD based
method has well recovered the position and distribution of the
artificial radioactive source, with almost the same quality as
that obtained by the SP3 based method. Both of them have
appropriately found the center of the artificial radioactive
source. On the other hand, the HSSD and HSDD methods
came second regarding performance, and finally came the
DE based method. These insights can also be seen from the
perspective of the Dis_Err indicator, as shown in Fig. 5.
Similar to the above simulation results, since SP3 has a
better accuracy than DE, the more wavelengths the SP3 was
used in the reference methods, the better performance or the
smaller Dis_Err could be obtained. Because the AHSD equa-
tion uses the hybrid model both in a specific spectral band
and between different spectral bands, the accuracy of AHSD
based method is better than that of HSSD and HSDDmodels.
Taken together, these results confirmed the applicability of
the AHSD based method for multispectral CLT of in vivo
animal imaging.

IV. DISCUSSION AND CONCLUSION
In this work, we presented an adaptively hybrid 3rd sim-
plified spherical harmonics with a reconstruction method
based on the diffusion (AHSD) equation for multispectral
CLT (mCLT), which fully considered and well utilized the
wide spectrum characteristics of the CL signal. We showed
that when applied to different spectra and different tissues at
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a certain spectrum, the AHSD based method provides better
performance and wider applicability than the existing meth-
ods based on a single or hybrid equation. The performance
and advantage of the AHSD based reconstruction method for
multispectral CLT were evaluated using the digital mouse
based simulation and artificial radioactive source based in
vivo experiment. By combining advanced spectral unmixing
methods [46], [47], that can effectively obtain multispectral
CL images, we believe that the AHSD based reconstruction
method will be suitable for multispectral CLT and will further
promote various preclinical applications of CLT. In addi-
tion, Eq. (7) can be replaced by some advanced reconstruc-
tion models to obtain better results. Prospective studies will
further focus on the biomedical applications of the AHSD
based method.
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