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Fig. 1 Simulation experiment for single-source with radius of 1 mm. (a) Digital mouse model containing single-source;
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Fig. 2 Reconstruction results of three algorithms for single-source with different radii:
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Fig. 3 Reconstruction results of three algorithms for single-source with different radii: the profiles of the reconstructed

source along X-axis. (a) R=1 mm; (b) R=1.5 mm; (¢) R=2 mm
F 2 ORI A LR

Table 2 Quantitative results of single-source reconstruction

Method R /mm Reconstruction position center /mm Cp/% E,/mm Ry
PDASC (14.79,10.41,18.08) 85 0.25 20. 36
PDAS 1 (15.61,10.42,17.75) 70 0.67 14.13
HTP (15.08,10. 23,17.56) 47 0.52 15. 32
PDASC (15.31,10.57,18.08) 89 0.33 20. 56
PDAS 1.5 (15.44,10. 28,17. 31) 71 0. 84 14,78
HTP (14.93,10. 39,16.63) 72 0.49 14.91
PDASC (14.79,10.40,18.08) 75 0.24 19. 85
PDAS 2 (16.02,10. 33,17.39) 64 1. 20 14. 87
HTP (14.45,9.80,18.61) 67 1. 08 15. 14
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Fig. 4 Simulation experiment of double-source with spacing of 4 mm. (a) Digital mouse model containing two light

sources; (b)—(d) surface intensity distribution obtained at 610 nm, 630 nm, 650 nm, respectively
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Fig. 5 Reconstruction results of three algorithms for double-source with different spacings: the transverse view at the plane
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Table 3 Quantitative results of double-source reconstruction

Method Target d /mm Reconstruction position center /mm Cp/% E,/mm Ren
S, (14.29,7.77,16.53) 78 0.62
PDASC 16. 52
S, (13.69,12.33,17.21) 09 0.90
S, (12.76,7.59,17.06) 55 1. 24
PDAS 4 10.12
S, (14.47,12.06,16.37) 42 0.96
S, (14.62,8.65,16.73) 34 1.33
HTP 11. 24
S, (13.23,12.08,17.45) 55 1.00
S, (13.68,6.70,16.71) 84 0.52
PDASC 17. 21
S, (13.69,12.32,17.21) 89 0.49
S, (14.18,7.55,16.09) 32 1.07
PDAS 5 10. 54
S, (14.24,12.55,16.55) 43 0.75
S, (13.70,7.28,16.37) 47 0.75
HTP 11.58
S, (13.85,12.84,16.57) 58 0.95
S, (13.87,6.70,16. 35) 65 0.69
PDASC 16. 64
S, (13.93,13.03,16.71) 73 0.60
S, (14.14,6.63,16.42) 62 1.12
PDAS 6 10. 43
S, (13.88,13.79,16.13) 24 0.98
S, (13.57,7.38,16.95) 77 1.56
HTP 10. 86
S, (14.18,13.60,16.91) 17 0.61
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Fig. 7 Surface intensity distribution on the mouse surface

obtained at different wavelengths by in vivo experiment
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Table 4 Quantitative source reconstruction results in vivo
Algorithm Target Reconstruction position center /mm Cn/% E,/mm Ry
S, (9.16,18.21,23.90) 72 0. 64
PDASC 35.74
S, (10.64,16.14,21.02) 81 0.52
S, (9.64,17.74,23.02) 34 1.71
PDAS 23.68
S, (9.93,16.99,21.05) 75 0. 65
S, (9.74,17.69,23. 24) 32 1.61
HTP 25. 87
S, (9.80,17.20,21. 30) 82 0.51
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Bioluminescence Tomography Algorithm Based on Primal Dual Active
Set with Continuation

Yu Jingjing", Li Lingwei, Tang Qin

School of Physics and Information Technology, Shaanxi Normal University, Xi'an, Shaanxi 710119, China

Abstract

Objective To overcome the ill-posedness of the bioluminescence tomography (BLT) reconstruction problem and
obtain stable reconstruction results, researchers combined different prior information and regularization techniques
to design various reconstruction algorithms. Among them, biological tissue structure information, a permissible
source region, multi-spectral measurement information, and light source distribution sparseness are priori
information widely used in reconstruction. The reconstruction algorithm based on regularization is divided into
convex and non-convex optimization methods according to whether the objective function is non-convex. Although the
regularization models of these reconstruction algorithms are different, the regularization parameter play a significant
role in the reconstruction process, which directly affects the reconstructed image quality. Thus, the selection of the
optimal parameters has always been a challenging problem for research. In this study, we proposed a multi-spectral
BLT reconstruction method based on primal dual active set with continuation (PDASC) algorithm. The proposed
method combines the primal dual active set (PDAS) algorithm with continuity technology, which can automatically
adjust the regularization parameter to obtain a globally optimal solution.

Methods In this study, the iterative algorithm, PDASC, contains inner and outer iterations. The inner iteration
part is the PDAS algorithm, which determines the active set based on the primal and dual variables. It then updates
the primal and dual variables by solving the least square problem of the active set. The outer iteration combines the
continuity technology of the regularization parameter. In the PDASC algorithm, the stopping criterion in the
continuity technology directly affects the determination of the regularization parameter. Thus, it is essential to select
an appropriate stopping criterion. If the noise level is known, we can choose the deviation principle as the stopping
criterion. However, it is not easy to accurately estimate the noise level in actual situations. Thus, we choose the
Bayesian information criterion that can adjust the regularization parameter to control the size of the active set and
obtain a globally optimal solution.

Results and Discussion To verify the performance of the proposed PDASC algorithm in BLT, we designed
multiple sets of simulation experiments compared with PDAS and HTP algorithms on the digital mouse model. The
proposed algorithm was further examined with a mouse in vivo experimental data. The simulation results of the non-
homogeneous digital mouse model showed that the Dice coefficient based on the PDASC algorithm can reach or exceed
65% , the positioning error is within 0.9 mm, and the contrast noise ratio is greater than 16.52 in single and double
light source experiments (Table 2 and Table 3). These quantitative indicators validate that PDASC algorithm has the
smallest reconstruction error, the highest quality of the reconstructed image, and the best reconstruction results of
the shape and volume of the real light source (Table 2 and Table 3). For the double-source case, the PDASC
algorithm has the highest shape fit of the reconstructed image and the best source-resolving ability (Fig. 5). The
performance of PDASC algorithm on the three indicators for the in wvivo experiment is also consistent with the
simulations ( Table 4). Above results indicate that the proposed PDASC algorithm is promising in practical tumor
detection applications.

Conclusions In this study, we proposed a multi-spectral BLT reconstruction algorithm based on primal dual active
set with continuation. The proposed algorithm combines the PDAS with the continuation technology for the
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regularization parameter, which can automatically adjust the regularization parameter to obtain the global optimal
solution. Besides, the use of multi-spectral information reduces the ill-posedness of reconstruction. Multiple sets of
simulations on a digital mouse confirm the effectiveness and stability of the proposed algorithm. The in wvivo
experimental results show the potential of the algorithm in practical applications. Although the proposed algorithm is
better than the compared algorithms, it cannot fit the shape or contour of the light source perfectly. With the
continuous development of deep learning, deep imaging algorithms have also appeared in the field of optical molecular
imaging. Most of these algorithms are currently based on end-to-end neural networks, such as K-nearest neighbor
local connection network, 3D deep encoder-decoder network, and stacked auto encoders neural network. By
establishing the nonlinear mapping relationships between surface fluorescence and light source distributions, the
deviation caused by the simplified linear model is avoided. However, the size of the training dataset, which plays a
significant role in the depth imaging algorithm will directly affect the reconstruction performance. Thus, the focus of
our future study is to determine how to combine the model with the network to solve the ill-posedness of BLT
reconstruction.

Key words medical optics; bioluminescence tomography; primal dual active set with continuation algorithm;
source reconstruction; sparse reconstruction; inverse problem
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