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ABSTRACT

Cherenkov luminescence tomography (CLT) has become a novel three-dimensional (3D) non-invasive technology for
biomedical applications such as tumor detection, pharmacodynamics evaluation, etc. However, the reconstruction of CLT
still remains a challenging task because of the strong absorbing effect and scattering effect of Cherenkov photon transport
process. In this study, we proposed a novel robust sparse reconstruction method named look ahead orthogonal matching
pursuit (LAOMP) algorithm to improve the robustness and accuracy of reconstruction for CLT instead of traditional OMP
algorithm based on a look ahead strategy. To validate the reconstruction performance of LAOMP method, a series of
numerical simulations were conducted. The results showed that LAOMP method obtained the higher robustness and
accuracy in locating the optical sources compared with the OMP and StOMP algorithms.

Keywords: Cherenkov luminescence tomography (CLT), orthogonal matching pursuit (OMP), look ahead orthogonal
matching pursuit (LAOMP), sparse reconstruction, tumor detection

1. INTRODUCTION

Cherenkov radiation is produced when high-energy charged particles pass through a medium at a speed faster than the
speed of light in the medium. [1] This effect is used as optical molecular imaging first in 2009, as a new imaging modality
called Cherenkov luminescence imaging (CLI). [2] CLI has many advantages, including high spatial resolution, low costs
and available clinical radiopharmaceuticals used for positron emission tomography (PET) or single-photon emission
computed tomography (SPECT) such as 8F, 11C, 64Cu, 1311, [3-4] However, 3D distribution of radioactive probes remains
unknown because CLI is a planar imaging technology which can only provide the surface light flux information of targeted
tissue. [5]

Combined with structural imaging modality, CLI technology is extended to 3D tomography by many research groups,
named as Cherenkov luminescence tomography (CLT), which can provide more accurate spatial distribution information
of radionuclides in biological tissues for preclinical and clinical researches. [6-8] Since CLT combines the advantages of
optical imaging and radionuclide imaging, it can be used as a low-cost substitute of PET scan. However, like other optical
molecular imaging modality such as bioluminescence tomography (BLT) and fluorescence molecular tomography (FMT),
the inverse problem of CLT is greatly ill-conditioned and ill-posed because of the strong absorbing effect and scattering
effect of photon in the biological tissues. On the other hand, strong noise interference exists in the reconstruction process
of CLT, which requires highly robust reconstruction algorithm. To acquire more accurate and robust reconstruction of
CLT, it is important to employ the prior information such as weighted multi-spectrum strategy [9], sparse regularization
[10] and so on. However, Tikhonov regularization, the most wildly used method in the inverse problem, will bring in many
pseudo sources, known as over-smoothed problem.

Matching pursuit algorithm is a kind of fast sparse reconstruction algorithm, which is wildly used in optical molecular
tomography. For reconstruction of CLT, Liu et al. propose preconditioning orthogonal matching pursuit (POMP) modified
from traditional matching pursuit algorithm and acquire better reconstruction performance. [11] However, these algorithm
still have insufficient accuracy and robustness. In this study, a novel robust reconstruction algorithm called look ahead
orthogonal matching pursuit (LAOMP) was proposed for CLT reconstruction. Look ahead strategy was used to improve
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the robustness and accuracy of orthogonal matching pursuit for reconstruction of CLT. Numerical simulation experiments
were conducted to validate the reconstruction performance of LAOMP algorithm. The results demonstrated that LAOMP
algorithm had better location accuracy and robustness for reconstruction of CLT compared to other matching pursuit
algorithms such as orthogonal matching pursuit (OMP) and stage-wise orthogonal matching pursuit (StOMP).

2. METHODS
2.1 Photon transmission model and inverse problem

Generally, without considering the influence of time, the steady-state radiation transfer equation (RTE) is used to mimic
the transmission process of photons in biological tissues. However, it is too difficult to solve the steady-state RTE directly
because of the coupling of direction and position of the solid angle. Based on spherical harmonic function theory, the
steady-state RTE can be approximately simplified to diffusion equation by the first order spherical harmonic function.
Joint the boundary condition, the diffusion equation can be formulated as [12]

{—V[D(T) VO] + pa(r) - @ (1) = S(r)

O(r) + 2A(n)(v(r) . D(r)) =0, r€eaQ (2-1)

Where V, r Q, dQ denote the vector differential operator, position coordinate, biological tissues and the surface of
biological tissues respectively. ®(r) is the light flux at position r € Q. S(r) is the isotropic source radionuclide
distribution, and D (r) is the optical diffusion coefficient defined as

1
Pl = 3 e + A= 9) - 1)
Where u, (1) represents light absorbing coefficient, g is the medium anisotropy factor, u,(r) is light scattering coefficient.
us(r) = (1 — g) - us(r) is also known as the reduced scattering coefficient. The continuous DE model must be discretized
for numerical implementation on the computer. In practical terms, the finite element method (FEM) framework is often
applied for the discretization of DE model in CLT such that DE model can be depicted as a system of linear equations as
follows

(2-2)

Ax=Db (2-3)

Where A is the photon transmission systematic matrix, x is the optical density distribution of radionuclide, and b is the
light flux at the boundary. In numerical simulation experiments or in vivo experiments, the light flux at the boundary b can
be measured by optical signal acquisition device and the systematic matrix is calculated according to the heterogeneous
structural mesh and optical coefficients such as absorbing coefficient, scattering coefficient and anisotropy factor. The
inverse problem is to solve optical density distribution x after knowing the systematic matrix and the light flux at the
boundary. Because the number of rows in matrix A is less than the number of columns, Eq. (3) is underdetermined.
Therefore, sparse prior is usually adapted for solving the inverse problem, formulated as follows

{ min||x|lo (2-4)

[|[Ax — b||, < ¢

Where ||x||,, denotes p-norm of x, ¢ is a relatively small quantity.
2.2 Look ahead orthogonal matching pursuit

To apply orthogonal matching pursuit algorithm for solving the inverse problem of CLT, Eq. (3) is normalized by bringing
in the diagonal matrix A, where the i-th element of A is set as

1
A =—— (2-5)
CONAG
Then we can transform Eq. (3) as follows
Ny =b
N = AA (2-6)
y=A1x
Hence, the inverse problem of CLT can be redefined as
{ min||y|lo (2-7)
INy = bll, <&
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x = Ay
Since the problem is NP-hard problem, it is too difficult to find the exact solution with traditional optimization methods.
Herein, OMP algorithm can be used as a kind of greedy algorithm to find the approximate solution. Firstly, we define
the residual vector as

T = b - leylk (2-8)
Where I, is the support set which contains the index of the selected column. The residual vector and the support set are
initialed as
T'O = b
2-9
L= (2:9)

In each iteration, the OMP algorithm finds the column of N that is maximally correlated to the regularized residual vector,
formulated as

I = arg max(jew- p_,)) 4ot (N, 1e_1) (2-10)
Ik = Ik—l U ik

Where U denotes the index of all column, dot(a, b) represents the inner product of a and b. The iteration stops when the
number of elements in the support set reaches the sparsity level. In fact, The OMP suffers from the obvious drawback that
one a particular column has been selected from the highest amplitude value of the matched filter, there is no way it can be
removed. Therefore, the wrong columns are probable to be selected in the support set, which results in the reconstruction
error correspondingly. The LAOMP algorithm is similar to the OMP algorithm in the fact that they both establish the
support set by every iteration. However, the LAOMP algorithm takes into account the effect of adding that the selected
column to the current support set on the final reconstruction accuracy by using the look ahead residue function. The lower
residue means a better reconstruction performance in the view of the LAOMP method. [13] In each iteration, L highest
amplitude components of the inner product of N and the residue vector r are put into the temp set

T, = max(dot(Ny_1,_,,7-1),L) (2-11)

Where T}, is the temp set in the k-th iteration, and max(N, L) means seeking the L largest elements in the vector N. All the
elements in the support set are put into the look ahead residue function to calculate the final residues after K (sparsity level)
iterations for selecting the best element, represented as

i = arg minjer, _, (Look_ahead _residue(N;)) (2-12)
Iy = I—1 U i
The process of calculating the final residue in the look ahead residue function is similar to the OMP algorithm. Therefore,
the LAOMP algorithm for CLT can be summarized as Algorithm 1.

Algorithm 1.

Step 1. Input the surface light flux b and the systematic matrix A

Step 2. Normalize the systematic matrix by diagonal matrix A
Ny =b,N =AAy =A"1x

Step 3. Initial y, =0, 1, = b, I, = @, U = range (1, col(N)), k=0
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Step 4. Repeat
k=k+1
T, = max(dot (NU—Ik-l' rk_l), L)
i = arg minjer, (Look_ahead_residue(N;))
I, = L,_1 Ui
Until k > K
Step 5. Calculate y = N;*b, x* = AN;"b
Step 6. Output x*

3. EXPERIMENTS AND RESULTS

In order to validate the reconstruction performance of the LAOMP algorithm, a series of simulation experiments were
conducted. The digital mouse model was employed in the numerical simulation experiments. As the optical source was set
at the abdomen part, about 30mm of trunk was cut off from the digital mouse. As a heterogeneous model, the trunk was
divided into seven tissues manually according to the threshold of voxel, including bone, heart, stomach, liver, kidney, lung,
muscle. At the wavelength of 650nm, the medium anisotropy factor g, the light absorbing coefficient u, (1) and the reduced
light scattering coefficient u(r) of different tissues were listed in Table 1.

Table 1. Optical coefficient of different tissues at the wavelength of 650nm

Organs g pa(r)(mm™"  pg(r)(mm™)
Bone 0.93 0.0017 1.1930
Heart 0.90 0.0080 1.0066

Stomach 0.93 0.0254 1.4798
Liver 0.93 0.0473 0.7000

Kidney 0.90 0.0090 2.3585
Lung 0.93 0.0265 2.2091

Muscle 0.97 0.0118 0.4674

A spherical shape Cherenkov source with radius 0.5mm was set at the center (9.0mm, 20.0mm, 13.0mm) inside the
liver and the intensity of source was set to 1nw (Figure 1(a)). Then a mesh with 15824 nodes and 85029 tetrahedrons was
generated from the heterogeneous trunk of digital mouse by Amira 5.2 (Figure 1(b)). With the optical coefficients and the
generated mesh, the systematic matrix can be calculated by finite element method and the surface light flux was calculated
by Monte Carlo method with MOSE v2.1 developed by our lab (Figure 1(c)). [14]
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Figure 1. The results of the forward process with the digital mouse model. (a) The trunk part of heterogeneous digital
mouse divided into seven different tissues, (b) the mesh generated from the trunk and (c) the surface light flux.

0

Based on the systematic matrix and the surface light flux obtained by MC simulation, the LAOMP algorithm was
used to solve the inverse problem and reconstruct the optical source for CLT. At the same time, OMP algorithm and StOMP
algorithm were conducted to reconstruct the optical source as the contrast group. The reconstructed results were shown in
Figure 3. The slice at axis Z=13.0mm was selected to show the results of different algorithm. The true source was displayed
with the white cycle (Figure 2(a)). Figure 2(c)-(d) were the reconstructed results by LAOMP algorithm, OMP algorithm
and StOMP algorithm respectively. It showed that the result of LAOMP algorithm had the most similar position and shape
with the true source compared with other two method.

X
Intensity

Figure 2. Reconstruction results of different algorithm. (a) The true source, (b) the results of LAOMP algorithm, (c) the
results of OMP algorithm and (d) the results of StOMP.
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4. DISCUSSION AND CONCLUSIONS

In this study, a novel algorithm named LAOMP algorithm was proposed to solve the inverse problem of CLT
reconstruction. Compared with OMP algorithm and StOMP algorithm, proposed method selected the column more in a
more cautious way by the look ahead strategy and obtained more accurate and robust reconstruction for CLT. Meanwhile,
the shape could also be restored well according to LAOMP algorithm. It is believed that LAOMP can replace other OMPs
as the fast reconstruction algorithm for CLT.
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