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ABSTRACT Fluorescence molecular tomography (FMT) plays an important role in in vivo small animal
imaging. However, due to the diffusive nature of photon propagation in biological tissues, FMT suffers from
a low spatial resolution, which limits its capability of resolving the distribution of fluorescent biomarkers.
In this paper, we investigate the effect of functional and structural a priori information on the accuracy
of FMT reconstruction by a hybrid FMT and X-ray computed tomography imaging system. The results
from numerical simulation and phantom experiments suggest that the fluorescence targets embedded in
heterogeneous medium can be localized when structural a priori information is utilized to constrain the
reconstruction process. In addition, both the functional and structural a priori information are essential for
the recovery of fluorophore concentration.

INDEX TERMS Image reconstruction, optical imaging, reconstruction algorithms.

I. INTRODUCTION
Interest in visualizing fluorescent bio-markers in small
animals and humans in vivo has led to the rapid develop-
ment of optical imaging technique, such as fluorescence
molecular tomography (FMT) [1], [2]. Compared with planar
fluorescence reflectance imaging [3], FMT uses physical
model of light propagation in diffuse tissue and allows
reconstructing three-dimensional (3-D) distribution of
fluorophore in living subjects [1], [2]. With the development
of optical probes [3], [4], imaging systems [5]–[7], and recon-
struction algorithms [8]–[20], this new technology has been
successfully applied to basic medical diagnosis [21]–[23] and
drug delivery research [24].

Despite these advances, FMT, as an imaging technique
based on diffusive light, suffers from a low spatial reso-
lution for two main reasons. First, photon field propagat-
ing in biological tissues is highly scattering, which results
in a highly ill-posed reconstruction problem compared to
anatomical imaging, e.g., x-ray computed tomography (XCT)
or magnetic resonance imaging (MRI). Second, the struc-
ture information and optical properties of the imaged object
are difficult to be accurately acquired by optical imaging

system alone. As a result, the mathematical model (forward
model) used to describe the photon migration inside imaged
object is approximate, which further challenges the imaging
problem.
To overcome these limitations, several attempts have

been made [8]–[16]. It has been reported that structural
a priori information (anatomical structure), available from
XCT or MRI, is effective in guiding and constraining
the reconstruction process of FMT. By applying structural
a priori information into FMT processes (e.g., using the
Laplace regularization [7], [12], the Helmholtz regulariza-
tion [13], the weighed segments regularization [8], or the
Laplace with weighed segments regularization [5], [9]), the
reconstruction quality of FMT can be improved. Besides, in
optical tomography, the distribution of fluorophore is com-
puted by minimizing the misfit between the experimental
measurements and the measurements predicated by forward
model. Hence the reconstruction accuracy of FMT can also
be improved if a appropriate functional a priori information
is taken into account [11], [14], [15]. Here, functional a priori
information is defined as the optical properties (absorption
coefficient and scattering coefficient) of the tissues/medium,
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which are used to compute the accurate forward model.
Further, by using functional a priori information combined
with structural a priori information, Lin et al. quantita-
tively recovered the fluorophore’s concentration within the
imaged object [11]. In their work, the optical properties were
explicitly acquired by diffuse optical tomography (DOT).
With DOT technique, theoretically, we could obtain the
accurate optical properties. However, the method increased
the experimental complexity and required the additional com-
putation burden. As a result, there was a tradeoff between
the reconstruction quality and the experimental complexity.
So, it was interesting to investigate whether the use of the
approximate optical properties (e.g., the lookup-table optical
property) was enough to recover the fluorescent distributions,
combined with structural a priori information. To address
the problem, Hyde et al. evaluated the effect of the optical
properties on the FMT reconstruction [10], where they com-
pared the reconstruction performance of FMT obtained by the
different optical properties. However, we should note that the
conclusion was obtained only by the numerical simulation
studies and was not further supported by the experiments.
In addition, as Hyde et al. pointed out, in the reconstruction
processes, structural a priori information was used in a very
simple method.

Hence, it is necessary to experimentally evaluate the
roles of a priori information in FMT reconstruction.
In other words, the systemic experimental studies should
be performed to understand whether the use of more accu-
rate optical properties is necessary when structural a priori
information is taken into account, or what degree structural
a priori information can compensate for approximation of the
optical properties. The study will help us in better understand-
ing which kind of experimental strategies is more appropriate
for the use of a priori information in FMT reconstruction.

To address the problem, in this paper, we analyze and
compare the effect of a priori information, including
structural a priori information (anatomical structure) and
functional a priori information (optical properties of
media/tissues), on FMT reconstruction accuracy. First, we
evaluate the effect of structural a priori information on FMT
reconstruction, incorporating accurate optical properties.
In the case, the Laplace regularization and the Laplace with
weighted segments regularization, as structural regularization
term, are used to guide and constrain FMT reconstruction
processes. Second, based on the mismatch and homoge-
neous optical properties (functional a priori information), we
construct the forward models and evaluate their influences
on FMT reconstruction accuracy, where the Laplace with
weighted segment regularization is used in inverse problem
of FMT. The experimental results from numerical simulation
and phantom experiment suggest that when structural a priori
information is utilized to guide and constrain reconstruction
process, the fluorescence targets embedded in heterogeneous
medium can be clearly localized, even if there are great
variances in the optical properties. In addition, both functional
and structural a priori information are essential for the

recovery of the fluorophore concentration. When the
structural a priori information is applied alone or incorpo-
rating the mismatched functional a priori information, the
fluorophore concentration cannot be accurately recovered.
The paper is organized as follows. In Section II, the

methods used are detailed, including the forward model,
inverse problem, and functional and structural a priori
information. In Section III, the experimental materials are
described. The experimental results are shown in Section IV.
Finally, we discuss the results and draw conclusions
in Section V.

II. METHODS
A. FORWARD MODEL
In highly scattering tissue media, the photon migration can
be modeled using the diffusion approximation to the radiative
transport equation. For the continuous wave (CW) mode, the
Green’s function G(r) describing the light transportation due
to a point excitation source δ(r − rs) can be obtained by
solving the following diffusion equation

−∇ · [D(r)∇G(r)]+ µa(r)G(r) = δ(r − rs) r ∈ � (1)

with the Robin-type boundary condition

2ρD(r)
∂G(r)
∂En
+ G(r) = 0 r ∈ ∂� (2)

where � is the domain of the imaged object and ∂� is
the boundary; µa(r) is the absorption coefficient and D(r)
is the diffusion coefficient of the tissue at position r ;
En denotes the outward normal vector to the boundary ∂�,
and ρ is a constant depending upon the optical reflective
index mismatch at the boundary [19]. A collimated point
source spot can be modeled as an isotropic source δ(r − rs),
which is one transport mean free path ltr = 1/µ′s beneath
the illumination surface. With the known optical properties,
the Green’s function can be obtained by solving Eq. (1)
using the finite element method [20]. After obtaining these
Green’s functions, the fluorescence signal, due to an excita-
tion source at rs and a detector at rd , can be expressed by the
first order Born approximation [18]

8m(rd , rs) =
∫
V
Gλfl (rd , rp)n(rp)Gλexc (rp, rs)drp (3)

where rp is the point inside the volume V consid-
ered for reconstruction; n(rp) denotes the fluorescence
yield at point rp; the Green’s function Gλfl (rd , rp)
describes the light propagating from rp to the position of
detector rd at the fluorescence/emission wavelength; the
Green’s function Gλexc (rp, rs) describes the light propagat-
ing from the position of source rs to rp at the excitation
wavelength. To eliminate the effect of source intensities and
detector sensitivities in the experiments, in this paper, the
normalized born approximation is used [17]. The normalized
born ratio Um(rd , rs)/Ux(rd , rs) of the measured fluores-
cence signal over the corresponding excitation signal is

VOLUME 3, 2015 65



X. Liu et al.: Performance Evaluation of a Priori Information of FMT

expressed as follows

Um(rd , rs)
Ux(rd , rs)

= 2

∫
V G

λfl (rd , rp)n(rp)Gλexc (rp, rs)drp
Gλexc (rd , rs)

(4)

where the Green’s function Gλexc (rd , rs) describes the light
propagating from rs to rd at the excitation wavelength; 2 is
a calibration parameter which accounts for the unknown gain
and attenuation factors of the system. When the volume V is
sampled on a 3-D grid, Eq. (4) is described as follows

Um(rd , rs)
Ux(rd , rs)

= 2

N∑
p=1

Gλfl (rd , rp)n(rp)Gλexc (rp, rs)
Gλexc (rd , rs)

1V (rp)

(5)

where1V (rp) is the volume of the discretized voxel centered
at rp and N is the total number of the discretized voxels. For
all source-detector pairs, the forward model can be written as
a linear system

u =Wn (6)

whereW, with a size of Ndata ×Nvoxels, is the weight matrix.
Ndata is the total number of all source-detector pairs and
Nvoxels is the total number of voxels.

B. INVERSE PROBLEM
Generally, the weight matrix W is poorly conditioned,
making direct inversion impossible. An estimation of the
fluorophore distribution can be found by least-squares
minimization of the difference between the measured fluo-
rescence signal u and the fluorescence signal û, predicted
by the forward model û =Wn̂ with n̂ being the estimated
fluorophore’s concentration. The objective function Q to be
minimized is given as follows

Q =
∥∥Wn̂− u

∥∥2 + λ2 ∥∥Ln̂∥∥2 (7)

where λ is the regularization parameter used to control the
degree of regularization, and its value is determined by the
L-curve analysis [25]; L is the regularization matrix, which
is used to stabilize the problem. The most common type of
regularization is the Tikhonov regularization, with L = I,
leading to

Q =
∥∥Wn̂− u

∥∥2 + λ2 ∥∥n̂∥∥2 (8)

For standard Tikhonov regularization, the minimiza-
tion of Eq. (8) can be solved using a least-squares
algorithm (LSQR) [26]. For the more general problem,
if the regularization matrix L is invertible, Eq. (7) can be
transformed to standard form by substituting n̂ = L−1n̄

Q =
∥∥∥WL−1n̄− u

∥∥∥2 + λ2 ‖n̄‖2 (9)

The minimization of Eq. (9) yields a result for n̄, which can
then be transformed back to n̂ by n̂ = L−1n̄.

C. STRUCTURAL A PRIORI INFORMATION
The structural a prior information (anatomical structure),
available from XCT or MRI, can be included in the inverse
problem by shaping the regularization matrix L. Here, two
different types of regularization are used: (i) the Laplace
regularization and (ii) the Laplace with weighted segments
regularization.

1) LAPLACE REGULARIZATION
The Laplace regularization is a method derived from
the Laplace equation. This method smoothes the solution
within individual segments, while allowing discontinuities
across segment borders. According to [12] and [13], the
regularization matrix is given as follows

Lij =


−

1
Nm
, if i and j in the same region m

1, if i = j

0, otherwise
(10)

where Nm is the total number of voxels in segment m.

2) LAPLACE WITH WEIGHTED SEGMENTS REGULARIZATION
Generally, XCT image has a higher resolution than FMT.
Hence in tissue boundaries, each FMT voxel may occupy
more than one anatomic region. To apply anatomical infor-
mation in the inverse problem more accuracy, in this
paper, the Laplace with weighted segments regularization
is used [8], [9]. The corresponding regularization matrix is
given as follows

Lij =


−ai

M∑
m=1

cimcjm
Nm

, if i and j in the same region

ai
M∑
m=1

cim, if i = j

0, otherwise

(11)

where Nm is the total number of voxels in region m; cim is the
volume percentage of voxel i that is contained in region m;
ai is the voxel weight, which is determined in a data driven
way without user intervention [8]. The derivation of ai is
detailed in the Appendix. After obtaining the correspond-
ing regularization matrix, the minimization of Eq. (9) is
performed by LSQR [26].

D. FUNCTIONAL A PRIORI INFORMATION
In optical tomography, the reconstruction accuracy of FMT
can be further improved if functional a priori information
is taken into account [11], [14], [15]. Based on this con-
sideration, in this paper, we also investigate the effect of
functional a priori information on reconstruction accuracy
of FMT. Here, functional a priori information is defined as
the optical properties of heterogeneous medium, which are
used to compute forward model. In detail, to construct the
heterogeneous forward model, the XCT data are first seg-
mented into a number of the individual organs/tissues. Then,
the appropriate absorption and scattering coefficients are
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assigned to each segmented anatomical regions, respectively.
Finally, the heterogeneous forward model is generated by
solving the diffusion equation with the finite element method
(COMSOL Multiphysics 3.3, COMSOL, Inc., Burlington,
MA, USA).

E. ERROR ANALYSIS
To better evaluate the effect of different optical properties
(forward models) on FMT reconstruction accuracy, in the
paper, the relative error is used and defined as follows

RelativeError = 100

√√√√∑
i

(
xmismatchi − xaccuratei

xaccuratei

)2

(12)

where xmismacthi is the reconstructed fluorophore concentra-
tion at pixel i obtained by the mismatched optical properties
and xaccuratei is the reconstructed fluorophore concentration at
pixel i obtained by the accurate optical properties.

III. MATERIALS
A. FMT/MICRO-XCT IMAGING SYSTEM
Experiments were performed with a hybrid FMT/XCT imag-
ing system previously developed by our laboratory [5]. The
sketch of the system is shown in Fig. 1.

FIGURE 1. The hybrid FMT/micro-XCT imaging system.

Briefly, the imaged object was placed on a custom-built
rotating stage which allowed rotation and shifting of the
target. For optical imaging, the small light spot from a
300WXenon lamp (Asahi Spectra, Torrance, CA, USA) trav-
eled through a 780 ± 5nm band pass filter (Asahi Spectra,
Torrance, CA, USA) to provide the excitation light. The
photons propagating through the imaged object were
detected by a 14-bit electron multiplying charge coupled
device (EMCCD) camera (Andor, Belfast, Northern Ireland),
coupled with a 35 mm, F1.6 lens (Pentax, Tokyo, Japan).
Around the rotational stage, a micro-XCT system was con-
structed by an x-ray source (Oxford Instrument, CA, USA),
a CMOS flat panel detector (Hamamatsu, Shizuoka, Japan),
and a host PC equipped with a PCI-1422 frame grabber.

FIGURE 2. Schematic diagram of simulation study. (a) The 3-D mouse
geometry model used in the numerical simulation with a length of 2.6 cm
from the neck to the base of the liver. The actual boundaries of different
organs are depicted with different colors (surface: gray; heart: cyan;
lung: magenta; liver: green; spleen: blue; stomach: yellow; bones: black).
(b) The plane of excitation sources at z=1.3 cm. In this paper, 360◦ full
angle fluorescence tomography is performed with 24 projections in
15◦ step. The red points 1-24 in (b) depict the discrete excitation sources
for the 24 projections. For each excitation location, fluorescence
measurements are acquired from the opposite side within 150◦ field of
view. (c) The locations of five fluorescence inclusions in the liver.

B. NUMERICAL SIMULATION
In the numerical simulation, a virtual mouse atlas was used
to provide 3-D anatomical information [27], which could be
downloaded from http://neuroimage.usc.edu/Digimouse.html.
Here, we selected the mouse torso from the neck to the
base of the liver [see Fig. 2(a)] as the investigated region,
which is a challenging region for optical reconstruction
due to the presence of the highly scattering lung and the
highly absorbing liver. The optical properties (absorption and
scattering coefficients) from [28] (see Table 1) were assigned
to corresponding anatomical regions to simulate photons
propagation in heterogeneous tissues. The optical properties
outside of these tissues were regarded as homogeneous.

TABLE 1. Optical properties of tissues in mouse at 700-800 nm [28].

To evaluate the effect of structural a priori information
(anatomical structure) and functional a priori informa-
tion (optical properties of media/tissues) on the recon-
struction accuracy, five fluorescence targets (approximately
1.6 mm in diameter, 3 mm in height) were embedded at
a non-overlapping location within the liver [see Fig. 2(c)].
Additionally, 10% Gaussian noise was added to the synthetic
measurement data to simulate the actual case.
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FIGURE 3. Schematic diagram of phantom experiment. (a) The 3-D view
of the phantom. (b) The top view of the phantom. Two cylinders (outer
diameter ∼8.5 mm) are placed into a larger cylinder (outer diameter
∼3 cm) to produce the heterogeneous phantom. The background optical
properties are µa = 0.3 cm−1 and µ′s = 10.0cm−1. The optical properties
for the two 8.5 mm diameter cylinders [the two green cylinders in (a)] are
µa = 1.0 cm−1 and µ′s = 10.0 cm−1. Five glass tubes [outer diameter
∼4.5 mm, the yellow cylinders in (a)] filled with 1 µM ICG solution are
placed inside the cylinder phantom, as fluorescence targets. The red
points in (a) depict the positions of the discrete point sources, located at
z=2.2 cm. Tubes 1-5 in (b) depict the locations of five fluorescence targets
in the phantom. Tube I and tube II in (b) depict the locations of the two
8.5 mm diameter cylinders which contain the more absorptive fluid.

C. PHANTOM EXPERIMENT
The phantom experiment was performed by the hybrid
FMT/XCT imaging system (see Fig. 1). In the experiment,
two transparent glass cylinders [outer diameter ∼8.5 mm,
see the green cylinders of Fig. 3(a)] were placed into a
larger transparent glass cylinder (outer diameter ∼3.0 cm) to
produce heterogeneous phantom, as shown in Fig. 3.
The background optical properties were assigned as
µa= 0.3 cm−1 and µ′s = 10.0 cm−1, similar to the bulk
optical properties of mouse tissues. The optical properties
µa= 1.0 cm−1 and µ′s = 10.0 cm−1 were assigned to the
two 8.5 mm diameter cylinders, in order to simulate the
highly absorptive tissues of small animals (e.g., the liver).
Five transparent glass tubes [outer diameter ∼4.5 mm, see
Fig. 3(b)] filled with 1 µM ICG solution were immerged in
the phantom, as fluorescence targets. The total excitation light
power delivered on the phantom surface was about 3 mW.

For optical imaging, 24 fluorescence images and excitation
light images were acquired every 15◦. When collecting the
fluorescence images, an 840±6nm band-pass filter (Semrock,
Rochester, NY, USA) was placed in front of the EMCCD
camera.When collecting the excitation light images, a neutral
density filter (Daheng, Beijing, China) of 1% transmittance
was used to prevent possible highlight damage to EMCCD.
After fluorescence imaging, XCTwas performed to obtain the
structure information of the imaged object. In XCT scanning,
the x-ray source voltage and current were set to 45kV and
1mA, respectively.

In this paper, the reconstructed slices of FMT and XCT
were co-registered based on the axis of rotation. To pro-
vide the height information for co-registration, a steel anchor
point, which could be imaged in both imaging systems, was
plastered on the mouse surface. The detailed information for
the registration could be found in our previous work [5].

IV. RESULTS
A. EVALUATING THE EFFECT OF STRUCTURAL A PRIORI
INFORMATION ON FMT RECONSTRUCTION IN
NUMERICAL SIMULATION
The structural a priori information is one of the important
factors that affect the FMT reconstructions. To evaluate the
effect, in the numerical simulation, the reconstructions were
performed using respectively: (i) the Tikhonov regularization,
(ii) the Laplace regularization, and (iii) the Laplace with
weighted segments regularization. The standard Tikhonov
regularization did not depend on structural a priori informa-
tion, while both (ii) and (iii) were taking into account struc-
tural a priori information. Noted that the accurate optical
properties (functional a priori information) was used in above
all reconstructions.

FIGURE 4. The reconstructed results (z=1.3 cm) obtained by different
structural regularizations. (a) Tikhonov regularization. (b) Laplace
regularization. (c) Laplace with weighted segments regularization.
(a) does not include structural a priori information. Both
(b) and (c) include structural a priori information acquired by the
segmentation of XCT. Note that the accurate optical properties (functional
a priori information) are used in all reconstructions. The actual
boundaries of different organs are depicted with different colors
(surface: red; liver: green; bones: yellow).

Fig. 4 depicts the tomographic images obtained with
different structural regularizations. Fig. 4(a) shows the recon-
structed result with standard Tikhonov regularization, which
does not use structural a priori information. Figs. 4(b) and (c)
show the reconstructed results obtained by the Laplace
method and the Laplace with weighted segments method,
where structural a priori information from the segmentation
of XCT is used in reconstruction processes. In the case,
structural a priori information used is the heart, lung, liver,
spleen, stomach, bones, fluorescence inclusions, and other
tissues.
The results suggest that even if the accurate optical prop-

erties are known, without structural a priori information, it
is difficult to clearly localize the distributions of five flu-
orescence targets in the liver. In contrast, when structural
a priori information is utilized to guide and constrain the
FMT reconstruction process, the five fluorescence targets
embedded in the liver can be localized accurately.

B. EVALUATING THE EFFECT OF FUNCTIONAL A PRIORI
INFORMATION ON FMT RECONSTRUCTION IN
NUMERICAL SIMULATION
As mentioned above, the reconstruction accuracy of FMT
can be improved if functional a priori information is
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used in reconstruction processes. Considering that there
might be some extent of variances between the calculated
and the true optical properties in experiments (especially
in in vivo experiments), in this case, the optical prop-
erties with ±10% ∼ ±50% mismatch in µ′s and µa and
the homogeneous optical properties (µ′s = 10.0 cm−1

and µa = 0.3 cm−1) were used to evaluate the effect of
functional a priori information on FMT reconstruction.
In reconstruction processes, the forward model was gen-
erated by assigning the above optical properties to the
heart, the lungs, the liver, the spleen, the stomach, and the
bone, respectively. Since the optimal reconstructed results
could be obtained by the Laplace with weighted segments
regularization [see Fig. 4(c)], here, the reconstructions were
performed with the Laplace with weighted segments regular-
ization method for all of the forward models.

FIGURE 5. The reconstructed results obtained using the Laplace with
weighted segments regularization, incorporating homogeneous and
mismatched optical properties. (a) The reconstructed results of the optical
properties (µ′s = 10.0 cm−1 and µa = 0.3 cm−1). (b) and (e) The
reconstructed results of the heterogeneous optical properties with
±10% mismatch in µ′s and µa. (c) and (f) The reconstructed results of the
heterogeneous optical properties with ±20% mismatch in µ′s and µa.
(d) and (g) The reconstructed results of the heterogeneous optical
properties with ±50% mismatch in µ′s and µa. For all optical properties,
reconstructions are performed with the Laplace with weighted segments
regularization.

Fig. 5 depicts the reconstructed results with different for-
ward models. Fig. 5(a) shows the reconstructed result when a
homogeneous model (µ′s = 10.0 cm−1 and µa = 0.3 cm−1)
is applied in reconstruction processes. Figs. 5(b)-(d) show the
reconstructed results obtained when both µ′s and µa increase
by 10%, 20%, and 50%, respectively. Figs. 5(e)-(g) show the
reconstructed results obtained when both µ′s and µa decrease
by 10%, 20%, and 50%, respectively. Further, the effect of
functional a priori information on reconstruction accuracy
is evaluated quantitatively through the relative error, summa-
rized in Table 2.

The results suggest that the five fluorescence inclusions
embedded in the liver can be correctly localized by using
the Laplace with weighted segments regularization, even if

TABLE 2. The relative errors in different tubes obtained by different
forward models combined with the Laplace with weighted segments
regularization (numerical simulation).

there are great variances in the optical properties. However,
it can also be found that the fluorophore concentration can-
not be accurately recovered when the mismatched functional
a priori information is used in reconstruction processes.

C. EVALUATING THE EFFECT OF STRUCTURAL A PRIORI
INFORMATION ON FMT RECONSTRUCTION IN
PHANTOM EXPERIMENT
Similarly to the numerical simulation, in the phantom exper-
iments, the Laplace regularization and the Laplace with
weighted segments regularization, as structural regularization
term, were used in reconstruction processes to evaluate the
effect of structural a priori information on FMT reconstruc-
tion. Here, the structural a priori information used in the
reconstruction was the tubes, the phantom, and other region.

FIGURE 6. The reconstructed results with different regularizations in
phantom experiment. (a) Tikhonov regularization. (b) Laplace
regularization. (c) Laplace with weighted segments regularization.
(e), (f), and (g) The reconstructed fluorescence images overlaid onto the
corresponding slices from XCT. The red curves in (a)-(c) and (e)-(g) depict
the phantom boundary obtained by back-projecting the 72 white light
images, which are used to further validate the accuracy of registration.
(d) and (h) The 3-D rendering of the reconstructed images using different
views. The red regions in (d) and (h) indicate the reconstructed
ICG distributions, obtained by the Laplace with weighted segments
regularization. Note that accurate optical properties are used
in all reconstructions.

Fig. 6 shows the reconstructed tomographic images,
obtained by using different structural regularizations but
incorporating accurate optical properties. Fig. 6(a) shows
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the reconstructed result with the Tikhonov regularization.
Figs. 6(b) and (c) show the reconstructed results using
the Laplace method and Laplace with weighted segments
method, respectively. The fusion results of FMT and XCT
are shown in Figs. 6(e)-(g). Figs. 6(d) and (h) depict the
3-D rendering of the reconstructed images using different
views. The red regions in Figs. 6(d) and (h) indicate the
reconstructed ICG distributions, which are obtained by the
Laplace with weighted segments regularization. As expected,
the experimental results indicate that it is difficult to identify
the location of five tubes in the phantom without structural
a priori information. In contrast, when structure information
is utilized to guide and constrain the FMT reconstruction, the
five tubes can be correctly localized.

D. EVALUATING THE EFFECT OF FUNCTIONAL A PRIORI
INFORMATION ON FMT RECONSTRUCTION IN
PHANTOM EXPERIMENT
In the phantom experiments, we also constructed different
forward models by various functional a priori information
and evaluated their capability in FMT reconstruction. Sim-
ilarly to the numerical simulation study, the optical proper-
ties with ±10%, ±20%, and ±50% mismatch in both µ′s
and µa and homogeneous model (µ′s = 10.0 cm−1 and
µa= 0.3 cm−1) were used to simulate the cases in in vivo
application, where the optical properties might have a com-
bination of positive and negative mismatch in µ′s and µa. For
all forward models, the reconstructions were performed with
the Laplace with weighted segments regularization.

FIGURE 7. The reconstructed results obtained by the Laplace with
weighted segments regularization, incorporating homogeneous and
mismatch optical properties. (a) The reconstructed results of the
homogeneous optical properties (µ′s = 10.0 cm−1 and µa = 0.3 cm−1).
(b)-(d) The reconstructed results of the heterogeneous optical properties
with +50%, +20%, and +10% mismatch in µ′s and µa. (e)-(g) The
reconstructed results of the heterogeneous optical properties with −10%,
−20%, and −50% mismatch in µ′s and µa. For all optical properties,
reconstructions are performed using the Laplace with weighted segments
regularization.

Fig. 7 depicts the reconstructed results with different for-
ward models. Fig. 7(a) shows the reconstructed result when
the homogeneous model is applied. Figs. 7(b)-(d) show the
reconstructed results obtained when both µ′s and µa increase
by 50%, 20%, and 10%, respectively. Figs. 7(e)-(g) show the

reconstructed results obtained when both µ′s and µa decrease
by 10%, 20%, and 50%, respectively.
The results suggest that the five bubbles embedded in

the phantom can be correctly localized using the Laplace
with weighted segments regularization, even if there exists
the variances in optical properties. However, similar to that
indicated in the numerical simulation, the fluorophore con-
centration cannot be accurately recovered if accurate optical
properties are not available (see Table 3).

TABLE 3. The relative errors in different tubes obtained by different
forward models combined with the Laplace with weighted segments
regularization (phantom experiment).

V. DISCUSSION AND CONCLUSION
Fluorescence molecular tomography plays an important role
in biomedical research since it can non-invasive, quantitative,
3-D image the distribution of fluorophore in living subjects.
However, FMT, as an imaging technique based on diffusive
light, suffers from a low spatial resolution. In this paper, we
have analyzed and compared the effect of a priori informa-
tion, including structural a priori information (anatomical
structure) and functional a priori information (optical proper-
ties of media/tissues), on the reconstruction accuracy of FMT.
As evident in the reconstructed results, even if the accu-

rate forward model (functional a priori information) was
used in FMT reconstruction processes, it was difficult to
clearly localize the distributions of five inclusions embed-
ded in the liver (simulation study) and in the phantom
(phantom experiment), if structural a priori information
was not taken into account [see Fig. 4(a) and Fig. 6(e)].
This was probably caused by the diffusive nature of photon
migration in biological tissues and the ill-posed character-
istic of the inverse problem. In contrast, when structural
a priori information was utilized to guide and constrain the
reconstruction process, as was done in the Laplace regulariza-
tion and the Laplace with weighted segments regularization,
the five fluorescence inclusions could be correctly localized
[see Figs. 4(b) and (c), Figs. 6(f) and (g)]. Even when the vari-
ances in optical properties was significant, e.g., 50% overes-
timate and underestimate discrepancies in µ′s and µa, the five
fluorescence inclusions could still be localized if structural
a priori information was available (see Figs. 5 and 7).
On the other hand, the simulation and experiment results

also suggested that the structural a priori information alone
was insufficient to recover fluorophore concentration, if
functional a priori information were not taken into account.
As demonstrated in the simulation study, the relative errors
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in the fluorescence target 1 were 32.44% for the
−50% mismatched model, 9.97% for the −20% mismatched
model, and 27.01% for the homogeneous model, respectively
(see Table 2). Similarly, in the phantom experiment, the
relative errors in the fluorescence target 1 was 19.08% for
the −50% mismatched model and 6.52% for the −20%
mismatched model, respectively (see Table 3). It indicated
that with increasing variances in µ′s and µa, there was an
increase in the relative errors resulting from improper forward
models.

Based on these results, we believe that the use of structural
a priori information could correctly resolve the locations
of fluorescence targets embedded in heterogeneous medium,
even if there are great variances in the optical properties.
On the other hand, we also think that both functional and
structural a priori information are essential for the recov-
ery of fluorophore concentration. When structural a priori
information is applied alone or incorporating mismatched
functional a priori information, the fluorophore concentration
cannot be accurately recovered.

It should be also noted that in this study, the forward
model describing light propagation in heterogeneous medium
is generated using the first-order diffusion approximation to
the radiative transport equation. In some particular regions,
such as low scattering or higher absorption tissues, the dif-
fusion equation fails to work properly. Hence the radiative
transport equation [29] or high order spherical harmonics
method [30] should be considered to further improve the
accuracy of forward model. In addition, we also admit that a
thorough investigation of the achievable spatial resolution for
reconstruction is not yet conducted in the work. Systematic
studies in the field will be performed in our future work.

In conclusion, using numerical simulation and phantom
experiments, we have analyzed and compared the effect of
structural and functional a priori information on FMT recon-
struction accuracy. This study will help us in better guiding
the experimental design for the application of a priori infor-
mation in FMT reconstruction. Future work will be focused
on applying a priori information in improving FMT imaging
performance in vivo.

APPENDIX
CALCULATION OF ai
The voxel weights ai are calculated by multiplying the
weights factor wm by the segmentation matrix C

ai =
m∑
i=1

ci,mwm (13)

where C = (ci,m), with a size of Nvoxels × Nsegments, is a
segmentation matrix. Nsegment is the number of anatomical
segments; ci,m is the volume percentage of voxel i that is
contained in segmentation region m; The weight factor wm
is obtained by the following equation

wm =

√
(1+ β) max c
cm + β max c

(14)

where the parameter β is set to 0.066 for all experiments
according to [9]. c is a mean fluorescence intensity for each
anatomical region, which is obtained by solving Eq. (15) with
algebraic reconstruction technique (ART) with non-negative
constraints

W̃c = u (15)

where W̃ =WC, with a size of Ndata ×Nsegments and u is the
measured fluorescence signal.
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