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Fluorescence molecular tomography (FMT) allows the detection and quantification of various
biological processes in small animals in vivo, which expands the horizons of pre-clinical research
and drug development. Efficient three-dimensional (3D) reconstruction algorithm is the key to
accurate localization and quantification of fluorescent target in FMT. In this paper, 3D recon-
struction of FMT is regarded as a sparse signal recovery problem and the compressive sampling
matching pursuit (CoSaMP) algorithm is adopted to obtain greedy recovery of fluorescent sig-
nals. Moreover, to reduce the modeling error, the simplified spherical harmonics approximation to
the radiative transfer equation (RTE), more specifically SP;, is utilized to describe light prop-
agation in biological tissues. The performance of the proposed reconstruction method is thor-
oughly evaluated by simulations on a 3D digital mouse model by comparing it with three
representative greedy methods including orthogonal matching pursuit (OMP), stagewise OMP
(StOMP), and regularized OMP (ROMP). The CoSaMP combined with SP; shows an im-
provement in reconstruction accuracy and exhibits distinct advantages over the comparative
algorithms in multiple targets resolving. Stability analysis suggests that CoSaMP is robust to
noise and performs stably with reduction of measurements. The feasibility and reconstruction
accuracy of the proposed method are further validated by phantom experimental data.

Keywords: Tomography; image reconstruction techniques; medical and biological imaging;
inverse problems.
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1. Introduction

Fluorescence molecular tomography (FMT) is a
sensitive and powerful whole body optical imaging
approach. With specific fluorescence probe, FMT
allows noninvasive detection and survey of molec-
ular and cellular processes by accurately recon-
structing three-dimensional (3D) distribution of the
fluorescent targets. Thanks to extensive fluorescent
probe research and improved data acquisition,
FMT receives more and more attention in biomed-
ical research community and expands the horizons
of pre-clinical research and drug development.'™®

As an optical imaging modality, FMT has to
cope with the fact that biological tissue is a highly
scattering and absorbing medium. An accurate
forward model of light transport is essential to re-
construct 3D distribution of the inside targets from
the outside photon density detected on the surface.
The radiative transfer equation (RTE) has been
successfully used as a standard model for describing
light propagation in biological tissues.” Until now,
providing solutions to RTE remains a challenging
task for anisotropic biological tissue with spatially
nonuniform scattering and absorption properties.
Diffusion approximation (DA) to the RTE is one of
the most widely used forward models in cases with
low absorption coefficients or large geometries. Al-
though DA is computationally efficient, it is less
accurate in small animal imaging where the source-
detector separation is small. Therefore, it is neces-
sary to adopt some high-order approximation-based
reconstruction methods to improve FMT recon-
struction. When small tissue geometries and high
light absorption are encountered, simplified spheri-
cal harmonics (SPy) method can accurately model
light propagation and overcome the limitations of
D A‘&S)

The reconstruction of FMT is a severe ill-posed
inverse problem and small perturbation of the
charge-coupled-device (CCD) measurement will re-
sult in significant changes in reconstructed ima-
ges.'" In order to deal with the ill-posedness of FMT
and improve the reconstruction accuracy, regulari-
zation is essential in reconstruction procedure to
generate meaningful and stable numerical solu-
tions.' 2 By utilizing the fact that the fluorescence
targets in many FMT scenarios are sparse in the
sense that they typically occupy a small fraction
of the overall imaging domain, researchers have

proposed various compressed sensing (CS) inspired
reconstruction algorithms for FMT.

Following the framework of CS, two major
approaches to recover the unknown sparse targets
are £,(0 < p < 1) minimization and greedy meth-
ods. For example, Baritaux first propose a general
£,(1 < p < 2) regularization method'' and validate
the adequacy of ¢; regularization for FMT recon-
struction. And then several algorithms with #;
penalty function have been reported, including the
iterated shrinkage based algorithm,'® adaptive
support driven reweighted ¢; regularization algo-
rithm,'* incomplete variables truncated conjugate
gradient method (IVTCG),"”” and iteratively
reweighted regularization method.'® More recently,
nonconvex £,(0 < p < 1) regularizations are also
investigated in FMT. By converting /,(0 < p < 1)
minimization into a series of ¢; problems, non-
convex £,(0 < p < 1) methods exhibit good per-
formance in accurately recovering sparse targets
and sparsity enhancement.'”® Although the CS
theory demonstrates that the ¢; approach provides
exact reconstruction in the noiseless case,'”? greedy
methods have more advantages in computational
efficiency, especially for large-scale applications.
Consequently, several greedy reconstructions
based on orthogonal matching pursuit (OMP),*"
stagewise OMP (StOMP)?! and adaptive matching
pursuit (AMP)?? have been applied to FMT.
However, these greedy algorithms do not provide
global convergence guarantees.”” In Ref. 23, Nee-
dell and Tropp developed a stable greedy algo-
rithm, compressive sampling matching pursuit
(CoSaMP), which bridged the gap between ¢;
minimization and greedy methods.?**> So far,
however, there has been little investigation about
CoSaMP in FMT.

The major concern of this paper is to present
effective and robust reconstruction method for
FMT. To improve the efficiency and accuracy of
FMT reconstruction, SP; model is used to describe
light propagation and the iterative CoSaMP algo-
rithm is used to recover the unknown fluorescence
signal. The proposed reconstruction method is
implemented in the framework of finite element
method (FEM). Simulations on a 3D digital mouse
model and experimental evaluation on a physical
phantom were conducted to investigate the perfor-
mance of the CoSaMP algorithm combined with
SP; model in FMT.
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2. Methods
2.1. SP; model

For steady-state FMT with point excitation sources,
the following coupled SP; equations have been ex-
tensively used to depict the photon propagation”?:

1 2
V- —Vo; + pe01 — 5 tep2 = S
Hat 4 ’ 5
-V- \V/ — = 1
T Ve + (9 Hatg Ma2><P2 (1)
2
_z =_Zg,
3/*LaQ01 3

where ¢ 5 is the composite of the Legendre moments
of radiance, p,; = g + (1 — g%)p,, with p, the ab-
sorption coefficient, g the anisotropy parameter, and
1 the scattering coefficient. S is the source term. To
solve the Eq. (1), the Robin-type boundary condi-

tions are widely used on the boundary?":

p
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The coefficients A;, B;,C; and D, are the constant
coefficients related to the refractive indices of the
biological tissue.?®

In the FEM framework, the SP; model can be
linearized and the following matrix-form equation
can be obtained:

i ][
My, My, | | ¢
For the excitation process, the excitation light
source is modeled as isotropic-point sources located at
one-mean-free path of photon transport beneath
the surface. For the emission process § = X, ® =
Vle — 2?"' isthe total fluence, where ¢, and (5, can be
directly obtained by solving Eq. (3) in the excitation
process, and X is the unknown nodal value of the
fluorescent yield to be reconstructed. So in the emis-
sion process, the following equation can be derived:

[Mhpl M1¢2:|[801:|:|:S016 :| %( ) (4)
M2g01 M2¢2 ©2 P2e _§X

The measured quantity is the exiting partial current
J+ which can be calculated by>”

1 0.5+ J
7= (s a)a- (g )e

1 20, —J, J
(v 252 (o

According to Eq. (2), n - Vg, can be represented as a
linear combination of ;. Consequently, the linear
relationship between the measurement J,, and the

unknown fluorescent yield distribution X is estab-
lished:

AX =J} (6)

2.2. FMT reconstruction with
CoSaMP

By exploiting the sparsity characteristic of fluores-
cent signals, one can formulate the inverse problem
of FMT into a ¢; minimization problem and solve
it with linear programing algorithms. Unlike this
conventional method, the sparse target reconstruc-
tion in this paper is accomplished by using iterative
greedy algorithm. As an alternative approach to
sparse recovery, greedy algorithms find approxi-
mate solutions of

min || X||, subject to ||[AX — J}|3 <e? (7)

where || Xy = [{j: X; #0}| < N.

Inspired by the restricted isometry property,
CoSaMP computes the support of the signal X it-
eratively and reconstruct the signal using the
pseudoinverse.”> To identify the locations of the
largest components in the target k-sparse signal,
CoSaMP uses y = A*J, to serve as a proxy for the
signal because the energy in each set of k compo-
nents of the proxy approximates the energy in the
corresponding s components of X. Consequently,
the largest k entries of the proxy point toward the
largest k entries of the signal X. The algorithm
steps for CoSaMP appears as Algorithm 1.

Although it is computationally difficult to check
the restricted isometry property of system matrix
in FMT, it is possible to recover the sparse
signal stably via CoSaMP. To implement recon-
struction with greedy algorithms, we need to nor-
malize the columns of system matrix A using an
operation A = AW, where W is a diagonal matrix
with 1/||a;||s on the main diagonal. With the
input A, greedy algorithms produce an approximate
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Algorithm 1:CoSaMP

Input: surface fluorescence J;}, systerm matrix A, sparsity level k, iterations n

Output: Indexset I C 1,...,d, X

Initialization: Let the index set X = 0 and the residual r = J .-

Loop until halting criterion true:t > n
1) Compute the proxy vector: y = A*r

(
(
(3
(
(

2) Compute the best 2k support set of the error (index set): I = supp(yax)
) Merge the strongest support sets: I = I U supp(X)

4) Perform a Least-Squares Signal Estimation: by = A}J;;, bre =0

5) Prune X and computer 7 for next round: X = by, r = Jf — AX

solution X. Accordingly, we compute the solution of
Eq. (7) with X = WX.

As shown in Algorithm 1, the CoSaMP algorithm
requires the sparsity level k as part of its input.
Generally, sparse level k is empirically determined
by running CoSaMP several times with a range of
sparsity levels. In FEM based FMT, N denotes the
total number of mesh nodes in the entire region, and
k is the number of nodes involved in the target.
Consequently, the value of k roughly relates to the
target size. By comparing the approximation error
incurred by different sparsity levels, we chose the
sparsity level k to 2, 4 or 8 in the following simu-
lations and experiments.

3. Experiments and Results

To validate our algorithm, we conducted simula-
tions on a 3D digital mouse model?’ and experiment
in a cubic phantom. To evaluate the performance of
the iterative CoSaMP algorithm, we compared it to
several typical greedy algorithms, ie., OMP,
StOMP, and ROMP. In numerical simulations,

(a)

single-target and double-target scenarios were con-
sidered, respectively. Moreover, the robustness and
stability of the proposed greedy method were in-
vestigated with simulations.

3.1. Comparison experiments
3.1.1. FExperiments setup

The digital mouse was simulated based on the
Digimouse.?” The torso part with a height of 35 mm
was chosen as the region to be investigated, includ-
ing heart, lungs, liver, stomach, kidneys, and muscle,
as shown in Fig. 1(a). The optical parameters for
different organs are listed in Table 1.'° Figure 1(b)
illustrates the distribution of 18 excitation sources
used in our simulations, which located at the plane
of z=16.5mm with 20° interval. The boundary
fluence rate was calculated by solving the SP; model
with FEM. For every excitation source, we collected
the surface data on the opposite side with a 120°
field of view (FOV). Hence, a total of 18 datasets
were assembled for the subsequent reconstruction.

Fig. 1. (a) Torso of the mouse atlas model (b) The plane of excitation sources at z = 16.5mm. For each excitation source,

fluorescence is detected at the opposite side with a 120° FOV.
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Table 1. Optical parameters of the mouse organs.

Tissue iy, (mm~t) ul, (mm1) g, (mmt) u, (mm-)

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

3.1.2.  Reconstruction of a single target

In this section, a cylindrical fluorescent target with
0.8 mm radius and 1.6 mm height was placed in the
liver with center at (11.9mm, 6.4mm, 16.4mm).
The fluorescent yield of the fluorescent target was
set to be 0.05mm~!. For the inverse problem, the
digital mouse was discretized into 12376 tetrahedral
elements and 2604 nodes.

It is well known that iterative methods obtain an
approximation close enough to the optimal solution
after an infinite number of iterations. By computing
the relative error [|A - X — J,||/||J .|| caused by the
solution at iteration n, we can compare the con-
vergence speed of these greedy algorithms and de-
termine the optimal iteration number. As shown
in Fig. 2, CoSaMP converged faster than the other
comparative algorithms and yielded a smaller rela-
tive error in most cases.

Figure 3 shows the reconstruction results of four
greedy algorithms in single target case. Table 2
summarized the detailed quantitative results, in-
cluding the centers of the reconstructed target, lo-
cation error (LE) and the reconstructed fluorescent
yield. As shown in Table 2 and Fig. 3, although all
the tested algorithms produce a satisfied result in

0.8 : .
——OMP
—=— StOMP
——ROMP
S CoSaMP
1=
1]
@
2
k)
@
o
i T TR SOS Sy
0 I 1 1 1 1
0 5 10 15 20 25 30

Iterations

Fig. 2. Comparison of convergence.

single target case with LE of 0.4mm, CoSaMP
shows a great improvement in reconstructed fluo-
rescence yield and source distribution.

3.1.3. Reconstruction of double target

We also investigated the spatial resolution ability of
the proposed greedy algorithm with double-target
simulations. Obviously, compared to single-target
reconstruction, resolving two close targets is a more
challenging task to an inverse algorithm. In the
following simulation, two cylindrical targets with
uniform size were placed in the liver of the mouse
model with a center to center distance of 4.5 mm.
The center coordinates of the two targets were
(11.9, 10.9, 16.4mm) and (11.9, 6.4, 16.4 mm), re-
spectively. Since the radius of the target was
0.8 mm, the actual edge separation between the two
targets was 2.9 mm. To better test the performance
of the algorithms, we considered two scenarios, i.e.,
the fluorescence yields ratio between the two targets
were 1:1 and 2:1.

In the first case, the fluorescence yields of the
two targets were 0.05 mm~!. Figure 4 and Table 3
show the reconstruction results by the four greedy
algorithms. From the reconstructed results, we ob-
served that the results by OMP and ROMP sig-
nificantly deviate from the actual positions, where
LE of one target is up to 3.89 mm and 4.5 mm, re-
spectively. Both StOMP and CoSaMP can dis-
criminate two targets clearly, but the location
accuracy and reconstructed fluorescent yield by
CoSaMP are superior to that of StOMP. The LE
of Target 2 by CoSaMP is only 0.39 mm, which
is smaller than 1.56 mm by StOMP. Moreover, the
relative error in reconstructed fluorescent yield
by CoSaMP is within 14%, while that by StOMP is
about 38%.

In the second case, the fluorescence yields of the
two targets were 0.10mm~' and 0.05mm~!, re-
spectively. Figure 5 illustrate the transverse view of
the reconstructions at z = 16.4mm and Table 4
presents the quantitative results by the four algo-
rithms. The results of double-targets cases show
that OMP and ROMP are incompetent in multiple
targets reconstruction. StOMP and CoSaMP gen-
erally performed better than the other two algo-
rithms, but CoSaMP outperformed StOMP in the
terms of reconstructed fluorescence yields and lo-
cation accuracy. We observed that the fluorescence
yields ratio between the two reconstructed targets
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Fig. 3. Comparison of the reconstruction results in single fluorescent target case. (a), (e) are the results of OMP; (b), (f) are the
results of StOMP; (c), (g) are the results of ROMP; (d), (h) are the results of CoSaMP. The figures (a)—(d) are the transverse view of
the reconstruction at z = 16.4 mm, the black circle represents the real fluorescent target; (e)—(h) are the 3D views of the results with

node values greater than 70% of the maximum value.

produced by CoSaMP was 1.9:1. In contrast, the
ratio by StOMP was only 1.2:1.

3.2. Stability analysis

We evaluated the stability and robustness of the
CoSaMP algorithm by taking the influence of noise
and the number of excitation sources.

To investigate the influence of measurement
noise to the performance of CoSaMP, we separately
added 10% Gaussian noise and 10% Poisson noise to
the simulated measurements in single-target case.

Twenty independent reconstructions were con-
ducted for each kind of noise. The average recon-
struction result by CoSaMP is shown in Table 5.
We found that only the reconstructed fluorescent
yield was slightly affected by the noise and the lo-
cation accuracy kept invariable.

The dependence of the reconstruction results on
the number of excitation sources was also investi-
gated. The measurable data reduces with the de-
creasing of the number of excitation sources, and
the ill-posedness of FMT reconstruction will ac-
cordingly increase. In previous simulations, the

Table 2. Reconstructed results of single fluorescent target.

Method Recon. position center (mm) LE (mm)  Recon. fluo yield (mm™1)
OMP (11.8,6.3,16.0) 0.40 0.016
StOMP (11.8,6.3,16.0) 0.40 0.023
ROMP (11.8,6.3,16.0) 0.40 0.016
CoSaMP (11.8,6.3,16.0) 0.40 0.038
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Fig. 4. Comparison of the reconstruction results in double fluorescent targets case. (a), (e) are the results of OMP; (b), (f) are
based on StOMP; (c), (g) are the results of ROMP and (d), (h) are based on CoSaMP. The figures (a)—(d) are the transverse view of
the reconstruction at z = 16.4 mm, the black circle represents the real fluorescent target; (e)—(h) are the 3D views of the results with

node values greater than 70% of the maximum value.

measurement is acquired every 20° and a total of
18 data sets were assembled for the reconstruc-
tion. In this subsection, we decrease the number of
excitation sources from 18 to 12, 6, 3 and the
measurement is obtained every 30°, 60°, 120°.
The detailed reconstruction results with reduced
measurements are presented in Table 6. The

results reconstructed from measurements with 12,
and 6 excitation nodes are satisfied. However,
when the excitation nodes reduce to 3, the
reconstructed target deviated from the actual
center. In addition, the reconstructed fluorescent
yield gradually declined with the decrease of ex-
citation sources.

Table 3. Reconstructed results of double targets with same fluorescence yields.

Method  Fluo yield (mm~!) Recon. position center (mm) LE (mm) Recon. fluo yield (mm™1)
OMP 0.05 (12.5,9.7,17.2) 1.54 0.016
0.05 (10.4,3.9,19.8) 4.50 0.025
StOMP 0.05 (12.6,10.7,16.8) 0.79 0.031
0.05 (10.7,7.4,16.4) 1.56 0.034
ROMP 0.05 (15.4,11.7,17.7) 3.89 0.031
0.05 (11.3,6.7,16.3) 0.62 0.033
CoSaMP 0.05 (12.5,10.7,16.8) 0.79 0.048
0.05 (11.7,6.4,16.7) 0.35 0.043
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Table 4. Reconstructed results of double targets with different fluorescence yields.
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Reconstruction results in the case of two targets with different fluorescence yields. The true fluorescence yields of the two

Method  Fluo yield (mm~!) Recon. position center (mm) LE (mm) Recon. fluo yield (mm™')
OMP 0.10 (9.9,14.8,18.6) 5.01 0.003
0.05 (12.5,7.7,16.2) 1.55 0.014
StOMP 0.10 (11.8,9.7,16.8) 1.23 0.156
0.05 (11.7,6.8,16.8) 0.75 0.126
ROMP 0.10 (12.4,8.9,16.9) 2.02 0.048
0.05 (12.0,6.7,15.6) 0.81 0.028
CoSaMP 0.10 (12.0,10.3,16.8) 0.78 0.089
0.05 (12.3,6.4,16.7) 0.77 0.046
Table 5. Reconstruction results by CoSaMP with noisy measurements.
Noise type  Recon. position center (mm) LE (mm) Recon. fluo yield (mm 1)
Gaussian (11.8,6.3,16.0) 0.40 0.028
Poisson (11.8,6.3,16.0) 0.40 0.026
Table 6. Reconstruction results by CoSaMP with different numbers of excitation sources.
Excitation sources Recon. position center (mm) LE (mm) Recon. fluo yield (mm™1)
18 (11.8,6.3,16.0) 0.40 0.038
12 (12.4,6.6,16.5) 0.57 0.013
6 (12.6,6.6,16.4) 0.68 0.011
3 (13.0,6.8,16.6) 1.21 0.009

3.3. Physical experiments

The performance of CoSaMP algorithm combined
with SP; model was further evaluated with phan-
tom experiment data. In this experiment a poly-
oxymethylene cubic phantom with a side length of

20 mm was utilized and the experimental data was
acquired by a prototype FMT imaging system.'®
The 4000nM Cy5.5 solution with peak excitation
wavelength of 671 nm was injected into a small hole
(radius 1mm and height 2mm) drilled in the
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(a) The 3D view of the single fluorescent target in the cubic phantom. (b) The x—y view on the z = 10 mm plane, where the
white dots represent the excitation point source positions. (¢) The surface data acquired by CCD at four different views. (d) Inverse
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Fig. 7. Reconstructed results of phantom data. (a)—(d) are the transverse views of the reconstruction by OMP, SSOMP, ROMP
and CoSaMP on the plane of z = 9.5 mm. The black circle in transverse view represents the true target. (e)—(h) are the 3D isosurface
views of the results with top 80% of the maximum value, where the red cylinder represents the true position of Cy5.5 solution and
the blue zone is the reconstructed target.

1650024-9



J. Innov. Opt. Health Sci. 2016.09. Downloaded from www.worldscientific.com
by 103.240.126.9 on 10/21/18. Re-use and distribution is strictly not permitted, except for Open Access articles.

X. He et al.

phantom to serve as the fluorescent target. The
cubic phantom and the source setting is shown in
Figs. 6(a) and 6(b), where the center coordinates of
the target was (16, 8, 9.5mm). The optical para-
meters used for excitation wavelength (671 nm) and
emission wavelength (710 nm) were the same ones
in Ref. 15. The fluorescent target was excited by
point sources from four different positions at the
plane of z = 10 mm. The surface data were acquired
with CCD camera from four views by rotating the
phantom with an angular increment of 90°, as
shown in Fig. 6(c). Figure 6(d) shows the corre-
sponding photon distribution on surface with 2D to
3D mapping.

For reconstruction, the cubic phantom was dis-
cretized into a 3D tetrahedral mesh with 14,780
elements and 2989 nodes. Figure 7 shows the 3D
isosurface views of the reconstruction results with
top 30% of the maximum value. The reconstructed
Cy 5.5 solution by CoSaMP centered at (16.0, 7.4,
10.2mm), with a LE of 0.92mm and fluorescence
yield of 0.003 mm ~! which is better than OMP with
1.42mm and 0.0011mm~!, StOMP with 1.44mm
and 0.0014mm~!, ROMP with 1.12mm and
0.0008 mm !,

4. Discussion and Conclusion

In this paper, FMT reconstruction was regarded as
a sparse recovery problem and solved it efficiently
by an iterative greedy algorithm. Moreover, SP;
approximation to RTE was combined to improve
the modeling accuracy.

Two groups of comparison simulations were
designed to evaluate the reconstruction methods in
terms of localization accuracy and fluorescent yield.
From the compared results, we found that CoSaMP
and StOMP generally performed better than
OMP and ROMP in all of the testing cases. The
results of double-target cases clearly demonstrated
that OMP and ROMP were incompetent in multi-
ple targets reconstruction. Moreover, CoSaMP
outperformed StOMP in terms of reconstructed
fluorescence yields, location accuracy and multiple
target resolving.

To further evaluate the stability and robustness
of CoSaMP, the influence of measurement noise
and the number of excitation source were taken
into consideration. Simulation results showed that
measurement noise hardly affected location accu-
racy of CoSaMP. Only the reconstructed fluorescent

yield went down with the increase of noise. In
another hand, although measurement decrease
caused by reducing excitation nodes also affected
the reconstructed fluorescent yield, the reconstruc-
tion results were generally acceptable. For example,
the location accuracy slightly declined when the
excitation nodes reduced from 18 to 6.

The focus of this paper is to investigate the re-
construction ability of CoSaMP for FMT. For this
reason, some widely used strategies for improving
reconstruction are not incorporated in our imple-
mentation, which include permissible region and
multilevel FEM strategy, etc. The simulation and
phantom experimental results demonstrate that
CosaMP can efficiently reconstruct the sparse tar-
get from incomplete and inaccurate measurements
even without these strategies. Our future work will
combine the advantages of greedy reconstruction
algorithm and these auxiliary strategies to further
improve the quantitative results.
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