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Fig. 1 Network structure of DI-Net. (a) Overall schematic of DI-Net; (b) network structure of

D-Net (M=512, N=768,k=16) and I-Net (M =256, N=256,k=32)
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Fig. 3 Reconstruction results of vascular phantom based on 128 projection views (All color bars stand for amplitudes of pixels on

images). (a) Reference image; (b)—(d) images reconstructed by FBP algorithm, Post-Unet algorithm, and DI-Net

algorithm, respectively; (e)—(g) difference images between the reference image and the images reconstructed by FBP,

Post-Unet, and DI-Net, respectively; (d) quantitative evaluation results of the reconstruction images
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Fig. 4 Reconstruction results of vascular phantom based on 256 projection views (All color bars stand for amplitudes of pixels on
images). (a) Reference image; (b)—(d) images reconstructed by FBP algorithm, Post-Unet algorithm, and DI-Net
algorithm, respectively; (e)—(g) difference images between the reference image and the images reconstructed by FBP,

Post-Unet, and DI-Net, respectively; (d) quantitative evaluation results of the reconstruction images
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Fig. 5 Quantitative evaluation results of different algorithms on the vascular test dataset (To facilitate observation, the

ordinate of the boxplot in the small dashed box is stretched and separately shown in the large dashed box).

(a)(d) MSE; (b)(e) PSNR; (c)(f) SSIM
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Table 1 Mean value of quantitative evaluation results for

different algorithms on the vascular test dataset

N”“:eb;i oF Method MSE PSdN}?/ SSIM
FBP 1.880X10 * 23,18  0.4495

128 Post-Unet 5.005X107" 39,05  0.9919
DI-Net  1.308X107* 44.95 0.9974

FBP 5.700X10°° 25,90  0.7463

256 Post-Unet 6.235X107° 45,50  0.9978
DI-Net  3.640X107° 47.82  0.9984
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TR G BA B R MSE. A2 =5 19 PSNR #i1 SSIM,

K7 iR 256 DSERIA A 45 448 T FBP ., Post-
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Fig. 6 Reconstruction results of mouse slice based on 128 projection views (All color bars stand for amplitudes of pixels on

images). (a) Reference image; (b)—(d) images reconstructed by FBP algorithm, Post-Unet algorithm, and DI-Net

algorithm, respectively; (e)—(g) difference images between the reference image and the images reconstructed by

FBP, Post-Unet, and DI-Net, respectively; (d) quantitative evaluation results of the reconstruction images
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Post-Unet 5.7 1 DI-Net 54 19 H @ E14 5 (e) ~ (g) 2 H E 4 5 FBP & @& F 14 . Post-Unet & & F {4 1 DI-Net i & E {4
Z 18] 4 2208 5 5 Cho J 8 PG S 1 ATl 45 2R
Fig. 7 Reconstruction results of mouse slice based on 256 projection views (All color bars stand for amplitudes of pixels on
images). (a) Reference image; (b)—(d) images reconstructed by FBP algorithm, Post-Unet algorithm, and DI-Net
algorithm, respectively; (e)—(g) difference images between the reference image and the images reconstructed by

FBP, Post-Unet, and DI-Net, respectively; (d) quantitative evaluation results of the reconstruction images
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Fig. 8 Quantitative evaluation results of different algorithms on the mouse slice test dataset.

(a)(d) MSE; (b)(e) PSNR; (c)(f) SSIM
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Table 2 Mean value of quantitative evaluation results for

different algorithms on the mouse slice test dataset

Number of ) hod vse  DSNRZaim
views dB

FBP 0. 0848 28.57 0. 5385

128 Post-Unet 0.0119 37.00 0. 8972

DI-Net 0.0072 39. 26 0.9371

FBP 0.0218 33.77 0.7719

256 Post-Unet 0.0047 40. 38 0.9462

DI-Net 0.0022 43.52 0.9741
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Unet fil DI-Net 3 2 76 Tensorflow &4 I 3t 17
TAE BB VLA EC B 2. 3. 2 Rk, HE.
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Table 3 Comparisons of consuming time for

different algorithms unit:s
Number of views FBP Post-Unet DI-Net
128 0. 10 0.13 0. 20
256 0. 20 0.23 0. 20

4 4k 1w
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A RO S X G P R R AT B I R A A
8 B0 B OGRS ol A 19 DL O R

0507208-9



BB 3T

B 49% F5HI/2022 £ 3 B/RE

ﬁ!l N

Je A PG deloxt e P A ik — 2P i, L A

H e B A R X R BRI Bl 48 TE B S

DI-Net [ LLYE i i %

FEE B0 52 B s A O A (A

B, BE gy 5 AL 25 R R ], 5 Il
HA LA L BT A9 DI-Net 583 0] LU NG 2% b 40

] B R R 5 LR 1Y 2%

Sty A AT E R

M EMS . TR KR 2 B R g R R L 5 5 Ak
PR LA L . DI-Net B ik py At e e i, H &
AR BA WARA MSE . 8 & #) PSNR Fi1 SSIM,

AR T A AN W T2 PACT PR & #Y —

AT EHES R R L R AR R Y e R AR R Y Ok
FOb I FTER LY DI-Net 23k B s 32 7 7 5 55
Al PACT MG i .o PACT it —2 & il

B TR HESIER .
& % X #k
[1] Wang L V, Hu S. Photoacoustic tomography: in

(2]

(3]

(4]

(5]

(6]

[7]

vivo imaging from organelles to organs[]]. Science,
2012, 335(6075): 1458-1462.
Feng T, Zhu Y H, Morris R,

photoacoustic  and

et al. Functional
assessment  of

BME

ultrasonic
osteoporosis: a clinical feasibility study [J].
Frontiers, 2020, (1): 35-49.

Zhang G P, Deng LL J, Bai Y, et al.

in photoacoustic tomography based on circular array

Recent advances

transducer [J]. Laser & Optoelectronics Progress,

2020, 57(12): 120004.

REMG, X2, FAth, % 5T P M5 AL A

MR R BT AR B o R (1] WOt 5ot ¥

J&, 2020, 57(12): 120004.

Liu Q, Jin T, Chen Q, et al

miniaturized photoacoustic

biomedical field[J]. Chinese Journal of Lasers, 2020,

47(2): 0207019.

X, &R, BRfE, . DN R R AR EY
BRI B T R (1], P E O, 2020, 47(2):

0207019.

Wang T, Liu W, Tian C.

heterogeneity in photoacoustic computed tomography: a

Research progress of

imaging technology in

Combating acoustic

review [ ] ].

Sciences, 2020, 13(3):

Journal of Innovative Optical Health
2030007 .

Gong F, Cheng L, Liu Z. Application of nanoprobes
Laser &.
180004 .

imaging [J].
()ptoelectronics Progress, 2020, 57(18):

in photoacoustic cancer

K,  XURE . 3T 4R AR AT 0GR O 5 1% BF
ﬁm.ﬁﬁﬁﬁﬁ¥%ﬂ%,mmoumy
180004 .

Yu] W, Wang X H, Feng J C, et al. Antimonene

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

0507208-10

nanoflakes as a photoacoustic imaging contrast agent
for tumor in wivo imaging [J]. Chinese Journal of
2020, 47(2): 0207033.

TH#SC, EFM, B, 5. BmYOKE R TR
I S A O 7 AR LT R O, 2020, 47(2)
0207033.
Huang L,

Lasers,

et al. In wivo tumor

Cai W, Zhao Y,

detection with combined MR-photoacoustic-

Journal of Innovative

1650015.

thermoacoustic imaging [J].
Optical Health Sciences, 2016, 9(5):
Jo J, Tian C, Xu G, et al.
for human musculoskeletal imaging and inflammatory
arthritis detection[J]. Photoacoustics, 2018, 12: 82-89.
Liu S D, Wang H, Zhang C X,
photoacoustic sentinel lymph node imaging using
IEEE
Transactions on Bio-Medical Engineering, 2020, 67
(7): 2033-2042.

Wang H, Liu S D, Wang T, et al. Three-

dimensional interventional photoacoustic imaging for

Photoacoustic tomography

et al. In wvivo

clinically-approved carbon nanoparticles [J].

biopsy needle guidance with a linear array transducer

[J]. Journal of Biophotonics, 2019, 12 (12):
€201900212.

Koker T, Tang N, Tian C, et al. Cellular imaging by
targeted assembly of  hot-spot SERS and
photoacoustic nanoprobes using split-fluorescent
protein scaffolds[J]. Nature Communications, 2018,
9: 607.

Tian C, Qian W, Shao X, et al. Plasmonic
nanoparticles with quantitatively controlled

imaging of live

2016, 3(12):

bioconjugation for photoacoustic
cancer cells [J]. Advanced Science,
1600237.

Bell A G. On the production and reproduction of
sound by light [J].
1880, (118): 305-324.

Xu M H, Wang L V. Universal back-projection
algorithm for photoacoustic computed tomography
[J]. Physical Review E, 2005, 71(1): 016706.
Finch D, Patch S K. Determining a function from its
mean values over a family of spheres [J]. SIAM
2004, 35(5):

American Journal of Science,

Journal on Mathematical Analysis,
1213-1240.
Deng K X, Cui M X, Zuo H Z, et al.

heterogeneity compensation method in photoacoustic

Speed-of-sound

computed tomographic image reconstruction [ ] ].
Chinese Journal of Lasers, 2021, 48(15): 1507001.
MATRR, e, ZRE, & AR W E R E
HErp R R B A DT (D] R EEOE, 2021, 48
(15): 1507001.

Tian C, Pei M L, Shen K, et al. Impact of system



BB 3T

B 49% F5HI/2022 £ 3 B/RE

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

[31]

factors on the performance of photoacoustic
tomography scanners[J]. Physical Review Applied,
2020, 13(1): 014001.

Shen K, Liu S D, Feng T, et al. Negativity artifacts
in back-projection based photoacoustic tomography

[J]. Journal of Physics D, 2021, 54(7): 074001.

Tian C, Zhang C X, Zhang H R, et al. Spatial
resolution in photoacoustic computed tomography
[J]. Reports on Progress in Physics, 2021, 84:

036701.

Cai C J, Wang X H, Si K, et al. Streak artifact
suppression in photoacoustic computed tomography
using adaptive back projection[J]. Biomedical Optics
Express, 2019, 10(9): 4803-4814.

Provost J, Lesage F. The application of compressed
IEEE
Transactions on Medical Imaging, 2009, 28(4): 585-
594.

Zhang Y, Wang Y Y, Zhang C. Total variation based

gradient

sensing for photo-acoustic tomography []].

descent  algorithm  for  sparse-view
photoacoustic image reconstruction[]J]. Ultrasonics,
2012, 52(8): 1046-1055.

Wang K, Su R, Oraevsky A A, et al. Investigation
of iterative image reconstruction in three-dimensional
optoacoustic tomography[J]. Physics in Medicine and
Biology, 2012, 57(17): 5399-5423.
Voulodimos A, Doulamis N, Doulamis A,

Deep learning for computer vision: a brief review|[]].

et al.

Computational Intelligence and Neuroscience, 2018,
2018: 7068349.

Wang G, Ye ] C, Moueller K, et al.
reconstruction is a new frontier of machine learning
[J]. IEEE Transactions on Medical Imaging, 2018,
37(6): 1289-1296.

Wang G, Ye ] C, de Man B.
tomographic
Machine Intelligence, 2020, 2(12): 737-748.
McLeavy C M, Chunara M H, Gravell R J, et al.
The future of CT: deep learning reconstruction[]].
Clinical Radiology, 2021, 76(6): 407-415.

Ghodrati V, Shao ] X, Bydder M, et al. MR image

reconstruction using deep learning:

Image

Deep learning for

image reconstruction [ J]. Nature

evaluation of
network structure and loss functions[J]. Quantitative
Imaging in Medicine and Surgery, 2019, 9(9): 1516-
1527.

Liang D, Cheng J, Ke Z W, et al. Deep magnetic
resonance image reconstruction: inverse problems
meet neural networks [J]. IEEE Signal Processing
Magazine, 2020, 37(1): 141-151.
Grohl J, Schellenberg M, Dreher K,

learning for biomedical photoacoustic

et al. Deep

imaging: a

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

0507208-11

review[]J]. Photoacoustics, 2021, 22: 100241.
A, Cox B T. Deep

photoacoustic tomography:

Hauptmann learning in
current approaches and
future directions [J]. Journal of Biomedical Optics,
2020, 25: 112903.

Yang C C, Lan H R, Gao F, et al. Review of deep
learning for photoacoustic imaging [J]. Photoacoustics,
2021, 21: 100215.

Lan H R, Jiang D H, Yang C C, et al. Y-Net:
hybrid deep
photoacoustic tomography in wivo [J]. Photoacoustics,
2020, 20: 100197.

Kim M W, Jeng G S, Pelivanov I, et al. Deep-

learning

learning image reconstruction for

image  reconstruction for  real-time

photoacoustic system [J]. IEEE Transactions on
Medical Imaging, 2020, 39(11): 3379-3390.

Hauptmann A, Lucka F, Betcke M, et al. Model-
based
photoacoustic tomography[J]. IEEE Transactions on
Medical Imaging, 2018, 37(6): 1382-1393.

Antholzer S, Haltmeier M, Schwab J. Deep learning

learning for accelerated, limited-view 3-D

for photoacoustic tomography from sparse data[]].
Inverse Problems in Science and Engineering, 2019,
27(7): 987-1005.

Davoudi N, Dedn-Ben X L, Razansky D.
learning optoacoustic tomography with sparse data
[J]. Nature Machine Intelligence, 2019, 1(10): 453-
460.

Guan S, Khan A A, Sikdar S, et al. Fully dense
UNet for 2-D
artifact removal[J]. IEEE Journal of Biomedical and
Health Informatics, 2020, 24(2): 568-576.

Feng J C, Deng J G, Li Z, et al. End-to-end Res-

Deep

sparse photoacoustic tomography

Unet based reconstruction algorithm for
photoacoustic imaging [ J ]. Biomedical Optics
Express, 2020, 11(9): 5321-5340.

Tong T, Huang W H, Wang K, et al. Domain

transform network for photoacoustic tomography
from limited-view and sparsely sampled data []J].
Photoacoustics, 2020, 19: 100190.

Davoudi N, Lafci B, Ozbek A, et al. Deep learning
of image-and time-domain data enhances the visibility
of structures in optoacoustic tomography[J]. Optics
Letters, 2021, 46(13): 3029-3032.

Boink Y E, Manohar S, Brune C. A partially-learned
algorithm for joint photo-acoustic reconstruction and
segmentation [ J]. IEEE Transactions on Medical
Imaging, 2020, 39(1): 129-139.

Li H S, Schwab J, Antholzer S, NETT:

solving inverse problems with deep neural networks

[J]. Inverse Problems, 2020, 36(6): 065005.

et al.



48P 3L H 49 %5 5 5 HI/2022 £ 3 B/HREEL

[45] Wang W, Xia X G, He CJ, et al. A deep network Thermoacoustic tomography and the circular Radon
for sinogram and CT image reconstruction EB/OL]. transform: exact inversion formula[]]. Mathematical
(2020-01-20) [2021-05-04]. https://arxiv. org/abs/ Models and Methods in Applied Sciences, 2007, 17
2001.07150. (4): 635-655.

[46] Ronneberger O, Fischer P, Brox T. U-net: [48] Staal J, Abramoff M D, Niemeijer M, et al. Ridge-
convolutional  networks for  biomedical image based vessel segmentation in color images of the
segmentation[ M]//Navab N, Hornegger J, Wells W retina[ J]. IEEE Transactions on Medical Imaging,
M, et al. Medical image computing and computer 2004, 23(4): 501-509.
assisted intervention-MICCAI 2015. Lecture notes in [49] Treeby B E, Cox B T. k-Wave: MATLAB toolbox
computer science. Cham: Springer, 2015, 9351: for the simulation and reconstruction of photoacoustic
234-241. wave fields[J]. Journal of Biomedical Optics, 2010,

[47] Haltmeier M, Scherzer O, Burgholzer P, et al. 15(2): 021314.

Dual-Domain Neural Network for Sparse-View Photoacoustic
Image Reconstruction

Shen Kangl'z, Liu Songde”, Shi Junhui®, Tian Chao'*
' School of Engineering Science, University of Science and Technology of China, Hefei, Anhui 230026, China;

* Key Laboratory of Precision Scientific Instrumentation of Anhwi Higher Education Institutes,
Hefei, Anhui 230026, China;
* Zhejiang Lab, Hangzhow, Zhejiang 311121, China

Abstract

Objective Photoacoustic computed tomography (PACT) is a fast-evolving noninvasive biomedical imaging technique
that shows great potential for basic life sciences and clinical practice. To generate high-quality photoacoustic (PA)
images, imaging systems need to employ a dense array of ultrasonic detectors. However, due to economic
constraints, fabrication complexity, and real-time data processing requirements, ultrasonic detectors are usually
arranged sparsely. Such sparsity cannot satisfy the essential conditions of stable image reconstruction and results in
significant artifacts in reconstructed images. To address this issue, we develop an innovative PACT image
reconstruction algorithm based on a dual-domain neural network.

Methods The proposed network (Fig. 1), which we refer to as DI-Net, consists of a data-domain network
(D-Net), a back projection layer and an image-domain network (I-Net). Both D-Net and I-Net are designed based on
U-Net, a convolutional neural network that is developed for biomedical image segmentation. Based on U-Net, an
instance normalization, a skip connection, and a leaky rectified linear unit are used to enhance the performance of
the DI-Net. The back projection layer is a sparse matrix with fixed parameters that allows for gradient propagation
from I-Net to D-Net. First, the D-Net maps sparse-view PA data into dense-view PA data in the data domain. Then,
the back projection layer transforms the dense-view PA data into a PA image. Finally, the reconstructed image is
further enhanced in the image domain by the I-Net. The performance of DI-Net is evaluated through numerical
simulations and in vivo experimental data that contains 128-views and 256-views undersampled data. In addition, to
further demonstrate the effectiveness of the network, two popular algorithms, i.e., filtered back projection (FBP)
and Post-Unet, are compared with the proposed DI-Net.

Results and Discussions We first numerically test the performance of DI-Net using a synthetic vascular phantom
dataset. The reconstruction results of 128 views show that the image reconstructed by FBP is significantly
contaminated by the streak-type artifacts due to sparse-view sampling. Although both the Post-Unet and the DI-Net
can reconstruct artifact-free images, some details are lost in the image reconstructed by the Post-Unet while the DI-
Net completely recovers these details. Quantitative evaluation results demonstrate that the DI-Net provides image
quality with the lowest mean square error (MSE), and the highest peak signal-to-noise ratio (PSNR) and structural
similarity index measure (SSIM) (Fig. 3, Fig. 5, and Table 1). When the number of views is 256, streak-type
artifacts caused by sparse-view sampling are reduced but are still clearly visible in the images reconstructed by FBP,
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while Post-Unet and DI-Net effectively suppress these artifacts and reconstruct high-quality images. Due to the
increasing number of views, Post-Unet completely reconstructs the details; however the quantitative accuracy of the
reconstructed image is lower than that of the DI-Net (Fig. 4, Fig. 5, and Table 1). We further experimentally
evaluated the performance of the DI-Net using an in vivo mouse slice dataset. Similar to the numerical simulations,
experimental results also demonstrate the effectiveness of the proposed algorithm. Specifically, in the case of 128
views, the image reconstructed by FBP contains significant artifacts that occlude real PA structures, resulting in the
loss of image details. Compared with FBP, Post-Unet demonstrate better performance; however, not all PA
structures are recovered. DI-Net can achieve accurate reconstruction and the reconstructed image is consistent with
the reference image (Fig. 6, Fig. 8, and Table 2). In the case of 256 views, although the three algorithms
reconstruct the PA structures, the image generated by DI-Net more closely resembles the reference image and has
the lowest MSE and the highest PSNR and SSIM values (Fig. 7, Fig. 8, and Table 2).

Conclusions In this paper, we describe an innovative PACT image reconstruction algorithm based on DI-Net, a
dual-domain neural network. Both numerical simulations and in vivo experiments are used to evaluate the
performance of the proposed DI-Net. The imaging results reveal that DI-Net can effectively suppress streak-type
artifacts caused by undersampling and the reconstructed images are comparable with the reference image. The
imaging results also demonstrate that the proposed DI-Net provides better image quality compared with the widely-

used FBP algorithm and the popular Post-Unet algorithm.

Key words biotechnology; photoacoustic tomography; image reconstruction; neural network; sparse views
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