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Table 1 Quantitative reconstruction results with different

numbers of network layer

Layer quantity RMSE PSNR/dB SSIM
3 1.51x107° 33.46 0.87
4 1.35X10°° 34.46 0.88
5 1.24X107° 35.38 0.90
6 1.23X10°° 36.05 0.90
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Table 2 Quantitative reconstructed results for different
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Fig. 6 Reconstruction results of two fluorescent targets with different algorithms.

(c) FBP reconstructed images; (d) FBPConvNet reconstructed images;
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(e) ISTA-Net reconstructed images; (f) ADMM-Net
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1507106-6



2505 £ 15 H9/2023 £ 8 B/ EHN,

(a) 10 (o) 40 r
o == 3 |
st 36
L 34 I *
s T m 32t
~ - E
% 6 = 30 F
Z 57 ‘oz’i 28 |
4k 26
gl 24 +
22 +
2| e = =2 20 |
1t L . . é 18 == L L 1
FBP FBPConvNet ISTA-Net* ADMM-Net FBP FBPConvNet ISTA-Net* ADMM-Net
(¢) 100
0.95 *
0.90 %
0.85
2 0801
173}
@ 0.75
0.70
0.65
0.60 [

FBP FBPConvNet ISTA-Net* ADMM-Net

7 TR ik B R SE i 420 . (a) RMSE 5 (b) PSNR;; (¢)SSIM
Fig. 7 Statistic results of different algorithms reconstructed images. (a) RMSE; (b) PSNR; (c) SSIM

Intensity /mm-!
0.0008
- - - - - :
- - - - - )
. . - - - :
0
@ (b) © (C)) ©)

B8 AN [l iy Y 1 5 4 XL e A A8 A ) 3396 T A E e 45 SR (A B bR A s Y B A B3 R 2090 1.2.4 .6 mm) o (a) EL S
(b)FBP 5 3% 1) 8 2 K118 ; (¢ ) FBPConvNet 57 % (19 8 2 K145 5 (d) ISTA-Net 5 3% 9 & & K18 ; (e) ADMM-Net 57 2 i) & 2
&%

Fig. 8 Different algorithms reconstructed two fluorescent targets with different edge-to-edge distances (the edge-to-edge distance of

two targets from the top to the bottom rows is 1, 2, 4 and 6 mm, respectively). (a) Ground truth images; (b) FBP reconstructed

images; (¢) FBPConvNet reconstructed images; (d) ISTA-Net  reconstructed images; (e) ADMM-Net reconstructed images
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Table 3 Quantitative results of reconstructed images with three

and four fluorescent targets with different fluorescence

quantum yield ratios for different algorithms

Ratio Algorithm RMSE PSNR /dB  SSIM
FBP 8.29 X 107 19.69 0.57
Lol FBPConvNet  2.08 X 107° 31.69 0.87
ISTA-Net' 2.45X107° 30.28 0.91
ADMM-Net  1.97 X 10° 32.18 0.94
FBP 9.85 X 10°° 18.19 0.52
B~ FBPConvNet  4.12 X 107° 25.77 0.89
ISTA-Net' 3.36 X 107° 27.52 0.88
ADMM-Net  2.89 X 1077 28.85 0.90

4 4 i

ARSCHR T — A B TR IR R o o) K 4%

ADMM-Net, H F fi# o CELSI K % & 2 0] & .
ADMM-Net 4k 7&K T ADMM R 4 it ] figg Bk, I 4 4%
A CNNIEARKMEI . LHmERENH, 5
FBP .FBPConvNet #1 ISTA-Net 8 k4 b, A SCE 3%
FEARTR G B Rl DL dr i il e e S Hbr . 3
A AR SCERE BT LA X 33 B S 0 A9 H AR, o] DU
HUFHE B BRI R 2 mm, gE— A SCE R, A
AR B B bR AN H AR I 2R e I 2545 201
P A A 5] 56 Y d F 72 0 L R T DL G b A
3AFN A B AR W96 oA, B R 4F a9z ik
o HZE, ADMM-Net [ S8 mE K (3.7X10") , IR
It FBPConvNet 2> 80.7% ,{H lL ISTA-Net £ 98.4% .
FAb BARAE AR R L6 v B T 2 B W 4% 2 ER R 5,
AR S AR R AR, 2455 GPU K
THIA AR A (7] 19X 26 )22 50 1) B 3 P e o) 2 B0 B itk A 7
PEE . AEAR R TAE b, BUXT 5 G 4 P 2R 4T R 4 0T X
W 2 A5 He AT s A I % T AL

1507106-9



(1]

(2]

(5]

(6]

(7]

(9]

[10]

[12]

& * X #
Pogue B W, Feng J C, LaRochelle E P, et al. Maps of in vivo
oxygen pressure with submillimetre resolution and nanomolar
sensitivity enabled by Cherenkov-excited luminescence scanned
imaging[J]. Nature Biomedical Engineering, 2018, 2(4): 254-264.
Zhang R X, D'souza A V, Gunn J R, et al. Cherenkov-excited
luminescence scanned imaging[J]. Optics Letters, 2015, 40(5):
827-830.
Jia M J, Braza P, Jarvis L A, et al. Multi-beam scan analysis with
a clinical LINAC for high resolution Cherenkov-excited molecular
luminescence imaging in tissue[J]. Biomedical Optics Express,
2018, 9(9): 4217-4234.
Jia M J, Bruza P, Andreozzi J M, et al. Cherenkov-excited
luminescence scanned imaging using scanned beam differencing and
iterative deconvolution in dynamic plan radiation delivery in a
human breast phantom geometry[J]. Medical Physics, 2019, 46(7):
3067-3077.
JiaMJ, Cao X, GunnJ R, et al. Tomographic Cherenkov-excited
luminescence scanned imaging with multiple pinhole beams
recovered via back-projection reconstruction[J].
2019, 44(7): 1552-1555.
Cao X, Jiang S D, Gunn J R, et al. Single pixel hyperspectral

Optics Letters,

Cherenkov-excited fluorescence imaging with LINAC X-ray sheet
scanning and spectral unmixing[J]. Optics Letters, 2020, 45(22):
6130-6133.

Feng J C, Bruza P, Dehghani H, et al. Cherenkov-excited
luminescence sheet imaging (CELSI) tomographic reconstruction
[J]. Proceedings of SPIE, 2017, 10049: 1004912.

Daubechies 1, Defrise M, de Mol C. An iterative thresholding
algorithm for linear inverse problems with a sparsity constraint[J].
Communications on Pure and Applied Mathematics, 2004, 57(11):
1413-1457.

Boyd S, Parikh N, Chu E, et al. Distributed optimization and
statistical learning via the alternating direction method of multipliers
[7]. Foundations and Trends® in Machine Learning, 2011, 3(1): 1-
122.

TRSCfE, AR, B, % 3L T Unet ¥ Cherenkov # & 1956
T2 E A [T]. P EWOE, 2021, 48(17): 1707001.

Zhang W Q, Feng J C, LiZ, et al. Reconstruction for Cherenkov-
excited luminescence scanned tomography based on Unet network
[J]. Chinese Journal of Lasers, 2021, 48(17): 1707001.

Jin K H, McCann M T, Froustey E, et al. Deep convolutional
problems in imaging[J]. IEEE
Transactions on Image Processing, 2017, 26(9): 4509-4522.
ISTA-Net:

inspired deep network for image compressive sensing[C] /2018

neural network for inverse

Zhang J, Ghanem B. interpretable optimization-

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

2505 £ 15 H9/2023 &£ 8 B/ E M,

IEEE/CVF Conference on Computer Vision
Recognition, June 18-23, 2018, Salt Lake City, UT, USA. New
York: IEEE Press, 2018: 1828-1837.

PREHE, B0, W), % 25T L B o @on; i 2 e 4 1844
R[] Al TR R, 2013, 30(1): 162-165.

Chen Y Y, Wang X, Yang D, et al. An image reconstruction

and Pattern

algorithm based on L,-norm for magnetic induction tomography[J].
Journal of Biomedical Engineering, 2013, 30(1): 162-165.

Yang Y, Sun J, Li H B, et al. ADMM-CSNet: a deep learning
approach for image compressive sensing[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2020, 42(3): 521-538.
Li Y J, Tian J, Cong W X, et al. A multilevel adaptive finite
element algorithm for bioluminescence tomography[J]. Optics
Express, 2006, 14(18): 8211-8223.

Dehghani H, Eames M E, Yalavarthy P K, et al. Near infrared
optical tomography using NIRFAST: algorithm for numerical
model and image reconstruction[J]. Communications in Numerical
Methods in Engineering, 2008, 25(6): 711-732.

Ramirez J] M, Martinez-Torre J I, Arguello H. LADMM-Net: an
unrolled deep network for spectral image fusion from compressive
data[J]. Signal Processing, 2021, 189: 108239.

Esser E, Zhang X Q, Chan T F. A general framework for a class
of first order primal-dual algorithms for convex optimization in
imaging science[J]. STAM Journal on Imaging Sciences, 2010, 3
(4): 1015-1046.

SRR, 2 TRk, 5 g 0 . il O S 48 TR Al B i o L), R
PRI 27 BE 41z, 2008, 23(4): 47-49.

Zhang S 1., Li W B, Tang G F. Study on filtered back projection
algorithm of image reconstruction[J]. Journal of Xianyang Normal
University, 2008, 23(4): 47-49.

TG, R, AT, AR SR T L R AL A DDA R R O Y
AW F A [T] P EOE, 2020, 47(2): 0207027.

Feng J C, Chang D, Li Z, et al. Cherenkov-excited luminescence
scanned tomography reconstruction based on approximate message
passing[J]. Chinese Journal of Lasers, 2020, 47(2): 0207027.

XU, sk, JRARAE | pist 22 AR IT 06 FR Y 22 )RR T S 4R G e 5
WFELT]. M2, 2014, 43(4): 419-425.

Liu P, Zhang Y,
neighbouring relation matching approach for multi-scale areal
feature[J]. Acta Geodaetica et Cartographica Sinica, 2014, 43(4):
419-425.

Huynh-Thu Q, Ghanbari M. Scope of validity of PSNR in image/
video quality assessment[J]. Electronics Letters, 2008, 44(13):
800-801.

Wang Z, Bovik A C, Sheikh H R,
assessment: from error visibility to structural similarity[J]. IEEE
Transactions on Image Processing, 2004, 13(4): 600-612.

Gong J H. Root mean square error and

et al. Image quality

A Reconstruction Algorithm for Cherenkov-Excited Luminescence
Scanning Imaging Based on Unrolled Iterative Optimization

Geng Mengfan'*, Zhang Hu'*, LiZhe"”", Hu Ting"”, Jia Kebin'“, Sun Zhonghua'”,

Feng Jinchao"*
'Beijing Key Laboratory of Computational Intelligence and Intelligent System, Faculty of Information Technology,

Beijing University of Technology, Beijing 100124, China;

’Beijing Laboratory of Advanced Information Networks, Beijing 100124, China

Abstract

Objective

Cherenkov-excited luminescence scanning imaging (CELSI) is an emerging optical imaging technology that provides a

new tool for tumor diagnosis and treatment. However, CELSI image reconstruction is ill-posed and underdetermined because of light
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scattering in biological tissues and limited boundary measurements. Regularization techniques have been widely adopted to alleviate
the ill-posedness of the CELSI reconstruction. However, these methods typically exhibit poor image quality. To date, deep-learning-
based reconstruction algorithms have attracted significant attention in optical tomography. To enhance the image quality of CELSI,

we develop a reliable and effective deep learning reconstruction algorithm based on unrolled iterative optimization.

Methods In this paper, a deep learning reconstruction algorithm is introduced based on unrolled iterative optimization, which takes
the acquired sinogram image as network input and directly outputs the high-quality reconstructed images through end-to-end training.
First, the image reconstruction of CELSI is reformulated as a /, norm optimization problem based on sparse regularization technique.
Second, the alternating direction method of multipliers (ADMM) based neural network algorithm (ADMM-Net) is adopted to
minimize the optimization problem, which converts each iteration into convolution neural network (CNN) processing layer and deploys
multiple processing layers cascaded into a deep network. Each processing layer consists of a reconstruction layer, a nonlinear layer,
and a multiplier update layer. We linearize the reconstruction layer to avoid matrix inversion. The nonlinear transformation function in
the nonlinear layer consists of five convolutional operators with three rectified linear unit (Rel.LU). The first convolution operator
comprises 32 filters with the size of 3 X 3, and the other convolution operators consist of 32 filters with the size of 3 X 3 X 32. Note
that all the parameters in the ADMM-Net are end-to-end updated through gradient backpropagation, including the step size and
regularization parameter in the reconstruction layer, the shrinkage threshold in the nonlinear layer, as well as the nonlinear
transformation function. To evaluate the effectiveness of ADMM-Net, numerical simulation experiments were performed, and the
performance was compared with the traditional FBP algorithm, two deep learning algorithms (FBPConvNet and ISTA-Net"). Root
mean square error (RMSE), peak signal-to-noise ratio (PSNR), and structural similarity (SSIM) are used as quantitative metrics.

Results and Discussions First, the influence of the number of layers on the reconstruction performance is evaluated. Our results
show that a better image quality can be obtained when the number of layers increases (Table 1). However, a large number of layers
increases the computational cost. To balance the quality of the reconstructed images and computational cost, the number of layers is
chosen empirically as five. Furthermore, experiments are performed using a single fluorescent target. Compared with the other three
algorithms, reconstructed images with fewer artifacts are obtained for the proposed ADMM-Net (Fig. 5). The quantitative results
show that the average values of PSNR and SSIM yielded by our algorithm are 33.75 dB and 0.86, respectively, and compared with
the other three algorithms, ADMM-Net achieves the average reduction of 81.5% , 16.3%, and 25.2% in RMSE, improvement of
77.8%, 5.1%, and 8.6% in PSNR, and increases of 47.2%, 4.5%, and 2.7% in SSIM (Table 2). The ability of ADMM-Net to
distinguish between two targets is also tested. When the edge-to-edge distance between the two fluorescent targets is 2 mm, the
FBP, FBPConvNet, and ISTA-Net algorithms fail to separate the two fluorescent targets, whereas ADMM-Net successfully
distinguishes the two fluorescent targets (Fig. 8). The plot of the profiles again confirmed that ADMM-Net can achieve satisfactory
results in terms of the reconstructed positions, sizes, and quantum yields of the fluorescent targets (Fig. 9). Finally, the
generalizability of ADMM-Net is verified by reconstructing three and four fluorescent targets with different ratios of fluorescence
quantum yields. Our results reveal that the FBP, FBPConvNet, and ISTA-Net™ algorithms cannot accurately recover the
distribution of fluorescent targets. In contrast, the proposed algorithm exhibits a good generalization performance and can accurately
recover the distributions of three and four targets (Fig. 11).

Conclusions This paper proposes a deep learning reconstruction algorithm for CELSI based on unrolled iterative optimization
(ADMM-Net), which combines the structure of the iterative update steps of the ADMM algorithm with a CNN. The performance is
evaluated through numerical simulation experiments. As a result, compared with the FBP, FBPConvNet, and ISTA-Net"
algorithms, the proposed algorithm can yield better results with fewer artifacts and higher quantitative accuracy when reconstructing
single fluorescent targets with different contrasts. Moreover, the proposed algorithm can distinguish between two fluorescent targets
with high image quality, even when the edge-to-edge distance is 2 mm. Our results also demonstrate that our algorithm has a good
generalization performance and can reconstruct three and four fluorescent targets accurately, even when the model is trained on a

dataset with only one or two targets.

Key words medical optics; biotechnology; Cherenkov-excited luminescence scanned imaging; image reconstruction techniques;

alternating direction method of multipliers; deep learning; unrolled optimization
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