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ABSTRACT

Multiaxial neutron/x-ray imaging and three-dimensional (3D) reconstruction techniques play a crucial role in gaining valuable insights into
the generation and evolution mechanisms of pulsed radiation sources. Owing to the short emission time (~200 ns) and drastic changes of the
pulsed radiation source, it is necessary to acquire projection data within a few nanoseconds in order to achieve clear computed tomography
3D imaging. As a consequence, projection data that can be used for computed tomography image reconstruction at a certain moment are often
available for only a few angles. Traditional algorithms employed in the process of reconstructing 3D images with extremely incomplete data
may introduce significant distortions and artifacts into the final image. In this paper, we propose an iterative image reconstruction method
using cylindrical harmonic decomposition and a self-supervised denoising network algorithm based on the deep image prior method. We
augment the prior information with a 2D total variation prior and a 3D deep image prior. Single-wire Z-pinch imaging experiments have been
carried out at Qin-1 facility in five views and four frames, with a time resolution of 3 ns for each frame and a time interval of 40 ns between
adjacent frames. Both numerical simulations and experiments verify that our proposed algorithm can achieve high-quality reconstruction
results and obtain the 3D intensity distribution and evolution of extreme ultraviolet and soft x-ray emission from plasma.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0177342

I. INTRODUCTION

Significant advances have been made in inertial confinement
fusion (ICF) ignition techniques such as laser ignition"” and
Z pinches’” in recent years. Spatial structure diagnosis of the burn-
ing plasma during the ignition stage of ICF implosions is important
for evaluating the ignition state, verifying physical models, and
improving experimental parameters. Multiaxial passive imaging is
generally adopted to acquire three-dimensional (3D) information of
pulsed radiation sources. Only several two-dimensional (2D) line-
integral projections obtained at a few views are available, owing
to the short durations of pulsed sources and the limitations of
current technology. Projection images from up to four views are
captured at the Omega Laser’ (x-ray), the National Ignition Facil-
ity (NIF)® (deuterium and tritium neutrons), and the Qin-1 facility®

[extreme ultraviolet (XUV)/soft x-ray (SR)]. The reconstruction of a
3D source with a minimal number of 2D projections is a severely ill-
posed problem. Some methods developed in computed tomography,
such as the algebraic reconstruction technique and the expectation
maximization algorithm, have been applied to the reconstruction
of pulsed radiation sources,””'’ but these introduce severe artifacts
into the reconstructed 3D image.

An approach based on basis function expansion has been pro-
posed that increases the possibility of accurate reconstruction of
pulsed radiation source with few-view data. Chen et al.' represented
the radiation source as a sum of multiple 3D Gaussian functions
to perform 3D reconstruction with x-ray pinhole projection data
from three angles at the Gekko XII facility. Li et al.'” leveraged the
zeroth-order L shell to reconstruct the plasma density distribution of
the plasmasphere in the geomagnetic equatorial plane from extreme
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ultraviolet sensor data from the IMAGE satellite. Pecora'” derived an
analytical reconstruction algorithm by decomposing the radiation
source into a linear combination of spherical harmonic functions.
Volegov et al.” applied this analytical algorithm to reconstruct the
x-ray source at the Omega Laser and the deuterium and tritium
neutron source at the NIF. They later developed an analytical recon-
struction method based on cylindrical harmonic decomposition and
used two-axis imaging data to reconstruct the neutron source at
the NIF.® Analytical methods based on basis function expansions
are susceptible to the impact of noise in the measured projections,
and, owing to the limited number of views, the maximum expansion
order is limited, resulting in insufficient function expression capa-
bilities, which are prone to introducing artifacts in the reconstructed
image.'*

Following the realization that convolutional neural networks
(CNNs) have the capacity for application to image processing,”” '
deep learning methods have been considered for use in the post-
processing procedure. Many effective algorithms based on CNNs
rely on training sets containing large amounts of data to adjust the
parameters. Nevertheless, it is difficult to have a large amount of
labeled data in pulsed radiation imaging, owing to the lack of real
3D distribution data. Ulyanov et al.'” proposed the concept of a deep
image prior (DIP). According to this, the CNN structure itself has
universal image prior information. The image can be recovered by
updating parameters of the generator network iteratively without
a training set, which makes it possible to suppress artifacts in the
image.

In this paper, we propose an iterative 3D image reconstruc-
tion algorithm based on cylindrical harmonic decomposition. It can
increase the expansion order of the basis functions and boost the
representation ability of the cylindrical harmonic functions. Fur-
thermore, we propose an image post-processing method based on
the DIP, which reduces artifacts in the reconstructed results through
unsupervised learning.

Il. METHOD

Expanding the 3D intensity distribution of a pulsed radiation
source in cylindrical harmonic function, we get

M

S(ry=>. sm(p,z)eime, (1)

m=—M

where r = (p,60,z) is a point in the cylindrical coordinate system,
M denotes the maximum expansion order of the cylindrical har-
monic functions, and s, are the expansion coefficients. Considering
that the source intensities are real numbers, we have the following
equation:

sm(p,2) = 55 (ps 2). )

Expanding the source with non-negative m values, we have
M
S(r) =so(p,z) +2. Re{sm(p,z)} cos mb
m=1

M
=2 Im{sm(p,2)} sin mé. (3)
m=1
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Letting sma(p,z) = Re{sm(p,2) } and s, (p,2) = Im{sm(p,2)},
we get

M M
S(r) =s0(ps2) +2, sma(p,z) cos mO—23" s,4(p,2) sin mo-

m=1 m=1
(4)
In the iterative method, the expansion coefficients of the cylindrical
harmonic function decomposition are obtained as

sm = argmin L(Irec, I), (5)

Sm

where I denotes the projections of the experimental measurements
and Iy denotes the projections calculated by the reconstructed
source. The projections can be expressed as

Ireci = PI*,X.{S} 5 (6)

where P;, {} denotes the projection operation, which represents the
projection of the source along the direction p;.
The objective function takes the form

A \4
L(Iree, I) = Z HIreCi(x)y) —Ii(x»y)“; + ”KSHTV’ 7)

2VN,N, &

where V is the number of imaging views, NxN),, is the pixel num-
ber of a projection image, |||, denotes the I, norm and ||, the
total variation,” s is the vector of expansion coefficients, and K is
the transform matrix from coefficients to image.

s can be solved by the following optimization problem:

A =
min E||I—As||§ +|d||,, st d=V[Ks] = o(s), (8)

where A is the product of the projection matrix P and the
transformation matrix K. We convert this into an unconstrained
problem:

A
min 11 - sl + Jdl, + 5 1d- 9913 ©)

The iteration steps are as follows, using the alternating direction
method of multiplier (ADMM) algorithm:”'

ket _ Ao k| k|
= min 21 - As]; + Hd ORTA (10)
dt = shrink(<p(sk+l) + b",i), (11)
1223
bk+1 _ bk + (p(skH) _ dkH. (12)

The problem (10) is solved by a quasi-Newton method called
L-BFGS.”””’ The parameter y is updated adaptively during the
iteration:”*

Yok Apyr 2 1l
His1 = { o (13)
Uik Ak+1 < nAk)
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sz b4
+ \/1?1_2(Hdk+1 B dk”j . ku+l 3 kaz) (14)

wherey>0and 7 €[0,1).

The initial value will affect the result of the iteration under the
condition of incomplete data. In the algorithm, we take the result
of the analytical method of cylindrical harmonic function decom-
position as the initial value of the iterative method. The maximum
expansion order of the analytical method is M, = V. The iterative
method is shown in Algorithm 1.

To enhance the quality of reconstructed images, we reprocess
the iterative results of the cylindrical harmonic decomposition. We
utilize a CNN with coding structure similar to U-Net” to reduce
artifacts from the reconstructed 3D image by unsupervised learning.
The structure of the neural network is illustrated in Fig. 1. The chan-
nels are gradually doubled from 8 to 128 in the contracting path with
downsampling convolutions, while they are halved in the expansive
path. There are two concatenations in the middle of the network
structure. A sigmoid activation function is appended at the final
layer to map the output values to the interval of (0,1). The length
and width of the neural network input are the same as the image size
of the reconstruction result. The input value is random noise with a
Gaussian distribution. The output is an image of the same size as the
input.

The loss function is given by the following formula:

Lt = (leSE(St,S) + (x2L1 (P{St},l) + (x3L1(S[,S[—1)
N,—1

+ay Y. MSE(Si(2),Si(z+1)),

z=1

ALGORITHM 1. Iterative method using cylindrical harmonic decomposition.

Parameters: M, maximum expansion order; K, iteration number;
¢, difference between the projection images of the results in two
adjacent iterations; A, gy, do, bo, parameters of ADMM algorithm;
7,11, adaptive updating parameters.

1: Calculate s, by analytical algorithm, ¢ « 0,5(0) <~ Sm.
2: Compute s (r), ISC) «~ Pi,{S(O)}.
3:fork=1,...,Kdo

4it<—t+1

5:forn,=1:N,;do

6: Obtain s by L-BFGS algorithm.

7: Compute $® (2), set §) (z)=0 ifs® (%) <o0.
8:d; « shrink((p(s(')) +bey, L )

9: bt <~ ht—l + (P(S(t)) - dt
10: Update p,

11: end for
12:if ﬁNngC) - 15:51)22 < g, break;
13: end for

RESEARCH ARTICLE pubs.aip.org/aip/mre

64 128
Input || | —— || — D — D —
" = = 2 = >

Output
fo(m)

|—8—=

—> down:(Conv+BN+LRelLU)x2
up:(upSample+BN+LReLU)x2

skip connection

FIG. 1. Structure of neural network.

where a; € [0,1] are the parameters, MSE(-) denotes the mean-
square error, and L (-) denotes the [; norm. S; = fo () is the output
3D image of the neural network at the tth iteration, # is the random
noise image, fe is the CNN with parameters ©, S is the image of the
iterative reconstructed result, S¢(z) is the 2D image of the output
image at layer z, and N, is the number of layers. The algorithm for
reducing artifacts is shown in Algorithm 2.

ALGORITHM 2. Artifact reduction via deep image prior.

Parameters: o, standard deviation of Gaussian noise; Ke, epochs;
I, learning rate

17~ 0(0,0.1):

2:fort=1,...,K.do

3:E~N(0,0) n <y +&

4: calculate loss Lt

5: update ® using Adam

6: end for

7:S <—f@(?1)

FIG. 2. The angular distribution of the imaging axes: 1, (90°,180°); 2, (90°,135°);
3,(90°,90°); 4, (90°,45°); 5, (90°,22.5°).

Matter Radiat. Extremes 9, 027801 (2024); doi: 10.1063/5.0177342

© Author(s) 2024

9,027801-3


https://pubs.aip.org/aip/mre

Matter and

— RESEARCH ARTICLE .aip.org/ai
Radiation at Extremes pubs alp-orglapimre

(al)
100

N 0

X -1000 - X !
100 1 00 1550 " o) !
N O N O N O N O

-100 -100 -100 -100

0 0 0 0 0 0
(a3) (b3) (03) (d3)

1OOI l Ia 100I l IH 100l l Ii 100I l IH

FIG. 3. 3D reconstructed results of three different algorithms. (a1)—(a3) Perspective view, 3D view and slice image at x = 0 of simulated data, respectively. (b1)-(b3) Results
of analytical method. (c1)-(c3) Results of iterative method. (d1)—(d3) Results of DIP processing.
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FIG. 4. 3D reconstructed results of three different algorithms with noisy data. (a1)-(a3) Perspective view, 3D view, and slice image at x = 0 of analytical results, respectively.
(b1)—(b3) Results of iterative method. (c1)-(c3) Results of DIP processing.
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I1l. SIMULATION

We reconstructed the simulated data of an aluminum single-
wire Z pinch. Owing to technological limitations, we can currently
only simulate 2D cross-sectional data of the plasma. Axisymmetric
rotation on the sectional data is performed to obtain 3D data. Then,
the 3D data are projected in five horizontal angles. Figure 2 shows
the distribution of these five angles.

We apply the analytical method, iterative method, and the iter-
ative and DIP post-processing algorithm, respectively, to reconstruct
the source. In the iterative method, the maximum expansion order
M =5 and the number of iterations K = 20. The other parameters
are set as follows: A = 1, Yo = 0.01,dp = 0,bp =0,y =2,and 7 = 0.9.
In the DIP procedure, the standard deviation ¢ = 1/30, the epochs
K. = 2400, and the learning rate I, = 0.01. The parameters of the loss
function are setas a1 = 0.9, = 0.1, a3 = 0.1,and a4 = 0.1. The code
in this paper consists of MATLAB and Python code, running on
MATLAB R2022a and Python3.9 software, respectively. The hard-
ware platform is an Intel Xeon Platinum 9242 CPU@2.30 GHz and
a 24 GB NVIDIA RTX3090 GPU. The analytical method and iter-
ative method take ~7 and 30 min, respectively, to get the solutions.

-120 -120
(al) (b.l) 1
100 >
0 0 -
50 & S
-
120 0

12
P
0
120
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The running time of the iterative and DIP post-processing algorithm
is relatively long, with the iterations of the DIP taking most of the
time (2.5 h for 2400 iterations) and a complete reconstruction taking
about 3 h.

The results are shown in Fig. 3. The perspective images show
a significant difference between the 3D distribution of the analytical
results and the simulation data. The results of the iterative method
have vertical artifacts, while results of the iteration with DIP have
fewer artifacts and are closer to the simulated data. To evaluate the
impact of noisy projection data on reconstruction algorithms, 5%
Gaussian noise is added to the projection data, and the reconstruc-
tion results of the three algorithms in this case are shown in Fig. 4. It
can be seen that both the analytical and iterative methods are subject
to strong noise interference, resulting in significant reconstruction
errors, while the iteration with the DIP algorithm can maintain a
high-quality result. The projections of the reconstructed results are
shown in Fig. 5. The analytical results exhibit large errors between
the projections of the reconstruction and simulation data, while the
results of the iteration with DIP exhibits the smallest projection
errors in both data cases. The convergence curve of the iterative

-120
10 10
5 0 5
0 120 0

20 0 120 4120 0 1200 <120 0 120
120 120 w120

10 ¢ el 0 (42 10

0 s O Hl; o 5

— 0 120 0 1208 Sl 1y 0

20 0 120 120 0 120 <120 0 1200 <120 0 120

FIG. 5. Comparison between projections of reconstruction results and simulation data projections. (a1) Projection of simulation data at angle 1. (a2) Projection with noise.
(b1) and (b2) Difference images between simulation data projection and projection of analytical results with and without noisy data. (c1) and (c2) Difference projection images
of iterative results with and without noisy data. (d1) and (d2) Difference projection images of iteration with DIP results with and without noisy data.

(a) (b)

0.354 ' N VV:I/i'E(EOUt'nOise 5.4 1800 | —— Without noise | |

- " ith noise — Wi i
0.30 ] With noise
5.2

0.25 |
= F50 1200
& 0.20 1 e 2
= —
Z 0.15 (48

010 4 — 45 600

0.054 .IIIIIIIII<=:7=‘

&t N Y L
0.00 : : : . . 0
0 5 10 15 20 600 1200 1800 2400
K

e

FIG. 6. Convergence curve of iterative process (a) and loss curve of DIP (b) with and without noisy data.
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TABLE I. Image assessment indices of sources reconstructed by the analytical
method (AM), the iterative method (IM), and iteration with DIP (IM+DIP). Boldface
denotes that the image assessment index of corresponding algorithm is better than
that of other algorithms.

Algorithm  SSIM  PSNR RMSE(S) RMSE(T)

AM 0.81115 27.596 0.04171 7.7679
Without noise IM 0.95587 39.872 0.01015 1.0324
IM+DIP 0.97949 42.454 0.00754 0.2957

AM 0.75002 26.971 0.04482  8.1900
With noise IM 0.82843 32.365 0.02409  2.3296
IM+DIP  0.95521 39.607 0.01046 0.5068

X-ray imaging intensifier

Au cathode MCP  Phosphor CMOS
Screen

Filters/Pinhole array

FIG. 7. Schematic of XUV/SR pinhole imaging system.®

process and the loss curve of the DIP are shown in Fig. 6. The iter-
ative and DIP processes converge in both cases. The convergence
value is larger with noisy data. Numerical evaluations are used to cal-
culate the indices of the reconstruction results, including structural
similarity (SSIM),*® peak signal-to-noise ratio (PSNR), root mean
square error between 3D reconstruction results and 3D simulation
data [RMSE(S)], and root mean square error between reconstruc-
tion result projections and simulation projections [RMSE(I)]. The
SSIM index of two 3D images X, Y is defined as:

SSIM = [I(X, Y)]*[c(X, V) PP[s(X, Y)]"

RESEARCH ARTICLE pubs.aip.org/aip/mre

where I(X,Y), ¢(X,Y), and s(X,Y) are the luminance comparison
function, the contrast comparison function, and the structure com-
parison function, respectively. «,f,y > 0 are parameters to adjust
the relative importance of these three terms. The results are shown
in Table I. The evaluations show that in both noiseless and noisy
cases, the results of the iteration with the DIP algorithm are better
than those of the iterative method, and remarkably outperform the
analytical algorithm.

IV. EXPERIMENTAL RESULTS

We carried out a five-axis imaging experiment of a single-
wire Z pinch on the double pulse current generator Qin-1 facility,
which couples a ~10 kA 20 ns prepulse generator and a ~450 kA
400 ns main current generator.”””’ Details of the Qin-1 facility
can be found in Ref. 29. We measured the extreme ultraviolet/soft
x-ray (XUV/SR) photons emitted from the Z-pinch plasma at five
angles. Figure 7 illustrates the components of the XUV/SR pinhole
imaging system. The values of the optical image captured by the
CMOS camera are approximately proportional to the number of
photons emitted by the plasma during the gating time (~3 ns) of
the microchannel plate. The principle of the pinhole imaging system
is described in Ref. 6. The system can obtain 2D integral projec-
tions of the x-ray source in five views at four moments in a one-shot
experiment.

A 30 pm silver single wire with a height of 20 mm was used
for Z-pinch imaging in shots 2023 052405 and 2 023 052 406. The
object distance was 300 mm, and the image distance was 224 mm.
The four different imaging moments were T1 =0 ns, T> = 40 ns,
T3 = 80 ns, and T4 = 120 ns. The starting times of the main pulse
current in shots 2 023 052 405 and 2 023 052 406 were To; = —100 ns
and T, = —80 ns, respectively. The raw projection data and the pre-
processed image (pseudocolor image) of angle 1 from shot 2 023 052
405 are shown in Fig. 8. The projection image has four divisions,
with an interval of 40 ns between adjacent divisions. Starting from
Fig. 8(b), time increases in the clockwise direction.

The number of source voxels is 200 x 200 x 460 and the
size of each voxel is about 45 x 45 x 45 ym>. We employ the ana-
lytical method and the iterative method with DIP to perform 3D

(b)-230 200 (¢)-230 200
0“ & ) On Q )
230 0 230 0

~100 0 100 ~100 0 100
(e)-230 200 (d)-230 200
0 n & ) O n & )
230 0 230 0
~1000 100 ~100 0 100

FIG. 8. (a) Raw projection data and (b)—(e) preprocessed images of angle 1 from shot 2 023 052 405.
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FIG. 9. 3D spatial distributions of XUV/SR emission reconstructed by analytical method. (a1)-(a4) Reconstructed 3D images from shot 2023052405 at Ty, ..., Ty,
respectively. (b1)—(b4) Perspective images from shot 2023 052405 at T4, . . ., T4, respectively. (c1)—(c4) Reconstructed 3D images from shot 2023052406 at T, . . ., T4,
respectively. (d1)-(d4) Perspective images from shot 2023052406 at T, . . ., T4, respectively.
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FIG. 10. 3D spatial distributions of XUV/SR emission reconstructed by the iterative method with DIP. (a1)-(a4) Reconstructed 3D images from shot 2023052405 at T+, . . .
T4, respectively. (b1)-(b4) Perspective images from shot 2023 052405 at Ty, . . ., T4, respectively. (c1)—(c4) Reconstructed 3D images from shot 2023 052406 at T+, . . .,
T4, respectively. (d1)-(d4) Perspective images from shot 2023052406 at T, . . ., T4, respectively.
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FIG. 11. Slice images of XUV/SR emission reconstructed by the iterative method with DIP. (a1)—(a4) XUV/SR emission slice images at z = —47 from shot 2 023 052 405 at

T4, ..., Ty, respectively. (b1)—~(b4) XUV/SR emission slice images at z = 113 from shot 2023 052405 at T4, . . .,

reconstruction from the experimental data. The results of the ana-
lytical method, with maximum expansion order M, = 5, are shown
in Fig. 9. The analytical algorithm can roughly reconstruct the con-
tour of the radiation area, and some hot spots are visible along the z
axis. However, there remain massive burr-like artifacts in the recon-
struction results, with the shape and distribution of the hot spots
greatly disturbed. The internal 3D radiation distribution is severely
degraded. The analytical method is unable to obtain high-quality
reconstructed images.

In the iterative algorithm, the maximum expansion order
M =30 and the number of iterations K = 20. The standard devia-
tion of random noise with Gaussian distribution was set to 1/30.
The parameters of the network were updated by 2400 iterations
using the Adam’’ optimization method with learning rate set to 0.01.
Figure 10 shows 3D spatial distributions of XUV/SR emission from
the two shots at four moments reconstructed by the iterative method
with DIP. Slice images at z = —47 from shot 2023052405 and at
z =113 from shot 2023052405 are shown in Fig. 11. The plasma
is in the Z-pinch run-in phase of accelerating inward implosion at
T,. At this time, XUV/SR radiation has already been generated, and
there are some hot spots with strong radiation along the z axis. At
time T, which is near the stagnation phase, the plasma is com-
pressed to a small size and forms a thin cylindrical structure, with its
radiation reaching maximum. T3 and T; are in the plasma collapse
phase after stagnation, the radiation weakens, and the 3D distribu-
tion gradually becomes irregular. Compared with shot 2 023 052 405,
the hotspot in shot 2023 052406 is more evenly distributed on the
z axis and has a higher overall compression rate. It can be seen from
the z-slice images at the strongest radiation spot that near the stag-
nation phase, the hotspot in shot 2 023 052 406 is closer to a circular
shape and is more uniform than that in shot 2 023 052 405.

V. DISCUSSION

The projection angle is not limited to a distribution in the same
plane by the proposed algorithm. The iterative method still works
when the imaging angle is not horizontally distributed. It is also
applicable for other projection modes, such as cone beam. Our algo-
rithm has a good suppressive effect on noisy data. Prior knowledge

T4, respectively.

about plasma and imaging could be added in iteration, such as noise
characteristics and image smoothness.

The inclination angle of pinhole imaging in our experiment is
~1/15, and in the single-wire Z-pinch experiment, the radial size of
the plasma pinch process before the stagnation phase with which
we are concerned is also very small. Therefore, we adopt the paral-
lel beam imaging mode to approximate the pinhole imaging.’’ The
alignment of multi-axis imaging systems directly affects the regis-
tration of imaging data from various angles. Currently, we manually
register data from five angles based on the features in projections,
which introduces a certain degree of error to 3D reconstruction.
Self-absorption on the photons emitted by the plasma in our Z-pinch
experiment occurs when the wavelength is in the XUV band. The
algorithm currently does not take account of the influence of this
attenuation, which is also a possible factor leading to reconstruction
errors.

In the future, we will conduct experimental calibration on the
center of multi-axis imaging, improve the synchronization accuracy
of the system, and calibrate the response of different axis imaging
devices to obtain high-precision imaging data. We will consider the
impact of attenuation to reduce reconstruction errors and obtain
more accurate and reliable information of the reconstructed source.

ACKNOWLEDGMENTS

This paper was supported partially by a grant from NNSFC No.
12027811. We would like to thank the research group of Professor
Wu Jian from Xi’an Jiaotong University for providing support and
assistance.
AUTHOR DECLARATIONS
Conflict of Interest

The authors have no conflicts to disclose.

Author Contributions

Jianpeng Gao: Conceptualization (equal); Formal analysis (equal);
Investigation (equal); Methodology (equal); Software (equal); Writ-
ing - original draft (equal). Liang Sheng: Conceptualization (equal);

Matter Radiat. Extremes 9, 027801 (2024); doi: 10.1063/5.0177342
© Author(s) 2024

9,027801-9


https://pubs.aip.org/aip/mre

Matter and

Radiation at Extremes

Formal analysis (equal); Methodology (equal); Validation (equal);
Writing - review & editing (equal). Xinyi Wang: Data cura-
tion (equal); Methodology (equal); Visualization (equal). Yanhong
Zhang: Data curation (equal); Methodology (equal). Liang Li: Data
curation (equal); Funding acquisition (equal); Methodology (equal);
Resources (equal); Software (equal); Supervision (equal); Writing —
review & editing (equal). Baojun Duan: Funding acquisition (equal);
Resources (equal); Software (equal); Supervision (equal); Validation
(equal); Writing - review & editing (equal). Mei Zhang: Data cura-
tion (equal); Methodology (equal); Validation (equal); Writing —
review & editing (equal). Yang Li: Formal analysis (equal); Valida-
tion (equal). Dongwei Hei: Funding acquisition (equal); Resources
(equal); Supervision (equal); Writing - review & editing (equal).

DATA AVAILABILITY

The data that support the findings of this study are available
from the corresponding authors upon reasonable request.

REFERENCES

VA, B. Zylstra, O. A. Hurricane, D. A. Callahan, A. L. Kritcher, J. E. Ralph, H. F.
Robey, J. S. Ross, C. V. Young, K. L. Baker, D. T. Casey, T. Doppner, L. Divol,
M. Hohenberger, S. Le Pape, A. Pak, P. K. Patel, R. Tommasini, S. J. Ali,
P. A. Amendt, L. J. Atherton, B. Bachmann, D. Bailey, L. R. Benedetti, L.
Berzak Hopkins, R. Betti, S. D. Bhandarkar, J. Biener, R. M. Bionta, N. W. Birge,
E. J. Bond, D. K. Bradley, T. Braun, T. M. Briggs, M. W. Bruhn, P. M. Celliers,
B. Chang, T. Chapman, H. Chen, C. Choate, A. R. Christopherson, D. S. Clark,
J. W. Crippen, E. L. Dewald, T. R. Dittrich, M. J. Edwards, W. A. Farmer, J. E.
Field, D. Fittinghoff, J. Frenje, J. Gaffney, M. Gatu Johnson, S. H. Glenzer, G. P.
Grim, S. Haan, K. D. Hahn, G. N. Hall, B. A. Hammel, J. Harte, E. Hartouni,
J. E. Heebner, V. J. Hernandez, H. Herrmann, M. C. Herrmann, D. E. Hinkel,
D. D. Ho, J. P. Holder, W. W. Hsing, H. Huang, K. D. Humbird, N. Izumi, L. C.
Jarrott, J. Jeet, O. Jones, G. D. Kerbel, S. M. Kerr, S. F. Khan, J. Kilkenny, Y. Kim,
H. Geppert Kleinrath, V. Geppert Kleinrath, C. Kong, J. M. Koning, J. J. Kroll,
M. K. G. Kruse, B. Kustowski, O. L. Landen, S. Langer, D. Larson, N. C. Lemos,
J. D. Lindl, T. Ma, M. J. MacDonald, B. J. MacGowan, A. ]J. Mackinnon, S. A.
MacLaren, A. G. MacPhee, M. M. Marinak, D. A. Mariscal, E. V. Marley, L. Masse,
K. Meaney, N. B. Meezan, P. A. Michel, M. Millot, J. L. Milovich, J. D. Moody,
A.S. Moore, ]. W. Morton, T. Murphy, K. Newman, J. M. G. Di Nicola, A. Nikroo,
R. Nora, M. V. Patel, L. J. Pelz, J. L. Peterson, Y. Ping, B. B. Pollock, M. Ratledge,
N. G. Rice, H. Rinderknecht, M. Rosen, M. S. Rubery, J. D. Salmonson, J. Sater,
S. Schiaffino, D. J. Schlossberg, M. B. Schneider, C. R. Schroeder, H. A. Scott,
S. M. Sepke, K. Sequoia, M. W. Sherlock, S. Shin, V. A. Smalyuk, B. K. Spears,
P. T. Springer, M. Stadermann, S. Stoupin, D. J. Strozzi, L. J. Suter, C. A.
Thomas, R. P. J. Town, E. R. Tubman, C. Trosseille, P. L. Volegov, C. R. Weber,
K. Widmann, C. Wild, C. H. Wilde, B. M. Van Wonterghem, D. T. Woods, B. N.
Woodworth, M. Yamaguchi, S. T. Yang, and G. B. Zimmerman, “Burning plasma
achieved in inertial fusion,” Nature 601(7894), 542-548 (2022).

2A. L. Kritcher, D. T. Casey, C. A. Thomas, A. B. Zylstra, M. Hohenberger,
K. Baker, S. Le Pape, B. Bachmann, S. Bhandarkar, J. Biener, T. Braun, D. Clark,
L. Divol, T. Doppner, D. Hinkel, C. Kong, D. Mariscal, M. Millot, J. Milovich,
A. Nikroo, A. Pak, N. Rice, H. Robey, M. Stadermann, J. Sevier, D. Strozzi,
C. Weber, C. Wild, B. Woodworth, J. Edwards, D. A. Callahan, and O. A.
Hurricane, “Symmetric fielding of the largest diamond capsule implosions on the
NIF,” Phys. Plasmas 27(5), 052710 (2020).

3S. A. Slutz, M. R. Gomez, S. B. Hansen, E. C. Harding, B. T. Hutsel, P. F. Knapp,
D. C. Lamppa, T.]. Awe, D. ]. Ampleford, D. E. Bliss, G. A. Chandler, M. E. Cuneo,
M. Geissel, M. E. Glinsky, A. J. Harvey-Thompson, M. H. Hess, C. A. Jennings,
B. Jones, G. R. Laity, M. R. Martin, K. J. Peterson, J. L. Porter, P. K. Rambo, G. A.
Rochau, C. L. Ruiz, M. E. Savage, J. Schwarz, P. F. Schmit, G. Shipley, D. B. Sinars,
I. C. Smith, R. A. Vesey, and M. R. Weis, “Enhancing performance of magnetized
liner inertial fusion at the Z facility,” Phys. Plasmas 25(11), 112706 (2018).

RESEARCH ARTICLE pubs.aip.org/aip/mre

“C. Liang, L. Zhou, F. Sun, J. Zeng, M. Li, Z. Wang, Z. Li, and X. Peng, “A repetitive
800 KA linear transformer drivers stage for Z-pinch driven fusion-fission hybrid
reactor,” Laser Part. Beams 33(3), 535-540 (2015).

5S. A. Slutz and R. A. Vesey, “High-gain magnetized inertial fusion,” Phys. Rev.
Lett. 108(2), 025003 (2012).

SW. Xinyi, S. Liang, Z. Mei, L. Yang, Z. Yanhong, G. Jianpeng, Z. Jizhen,
L. Yongtang, C. Ziwei, J. Yuan, and Z. Qingmin, “Two-axis XUV/SR imaging sys-
tem with temporal-spatial resolution for wire array Z-pinch on Qin-1,” J. Instrum.
17(06), P06011 (2022).

7P. L. Volegov, C. R. Danly, F. E. Merrill, R. Simpson, and C. H. Wilde,
“On three-dimensional reconstruction of a neutron/x-ray source from very few
two-dimensional projections,” ]. Appl. Phys. 118(20), 205903 (2015).

8D. J. Schlossberg, R. M. Bionta, D. T. Casey, M. J. Eckart, D. N. Fittinghoff,
V. Geppert-Kleinrath, G. P. Grim, K. D. Hahn, E. P. Hartouni, J. Jeet, S. M. Kerr,
A. J. Mackinnon, A. S. Moore, and P. L. Volegov, “Three-dimensional diagnos-
tics and measurements of inertial confinement fusion plasmas,” Rev. Sci. Instrum.
92(5), 053526 (2021).

°Y. W. Chen, N. Miyanaga, M. Yamanaka, M. Nakai, T. Yamanaka, and S. Nakai,
“Three-dimensional imaging of laser-imploded targets using X-ray computed
tomography technique,” in 1996 IEEE Nuclear Science Symposium (IEEE, 1996),
Vol. 1, pp. 283-286.

TOM. Nakai, S. Shinohara, M. Katayama, Y. W. Chen, S. Kobayashi, N. Miyanaga,
K. A. Tanaka, K. Nishihara, M. Yamanaka, T. Yamanaka, and S. Nakai,
“Development of x-ray emission computed tomography for ICF research,” Rev.
Sci. Instrum. 61(10), 2783-2785 (1990).

"Y.-W. Chen, T. Kohatsu, S. Nozaki, and R. Kodama, “Heuristic reconstruction
of three-dimensional laser-imploded targets from x-ray pinhole images,” Rev. Sci.
Instrum. 74(3), 2236-2239 (2003).

'21.. Li, Z. Chen, R. Xu, and Y. Huang, “A new inversion method of plasma density
distribution of plasmasphere in the geomagnetic equatorial plane from IMAGE
data,” Adv. Space Res. 48(12), 2036-2042 (2011).

3L, M. Pecora, “3D tomographic reconstruction from 2D data using spherical
harmonics,” IEEE Trans. Nucl. Sci. 34(2), 642-650 (1987).

%], Gao, L. Sheng, B. Duan, X. Wang, D. Hei, and H. Chen, “Three-dimensional
iterative reconstruction of pulsed radiation sources using spherical harmonic
decomposition,” Rev. Sci. Instrum. 93(11), 113551 (2022).

"5K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in 2016 IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR) (IEEE, 2016), pp. 770-778.

T8K. H. Jin, M. T. McCann, E. Froustey, and M. Unser, “Deep convolutional neu-
ral network for inverse problems in imaging,” IEEE Trans. Image Process. 26(9),
4509-4522 (2017).

7M. Tan and Q. Le, “EfficientNet: Rethinking model scaling for convolutional
neural networks,” in Proceedings of the 36th International Conference on Machine
Learning (JMLR, 2019), Vol. 97, pp. 6105-6114.

187, Liu, H. Mao, C. Y. Wu, C. Feichtenhofer, T. Darrell, and S. Xie, “A ConvNet
for the 2020s,” in 2022 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (IEEE, 2022), pp. 11966-11976.

9D. Ulyanov, A. Vedaldi, and V. Lempitsky, “Deep image prior,” Int. ]. Comput.
Vision 128(7), 1867-1888 (2020).

20N. Dey, L. Blanc-Feraud, C. Zimmer, P. Roux, Z. Kam, J. C. Olivo-Marin, and
J. Zerubia, “Richardson-Lucy algorithm with total variation regularization for 3D
confocal microscope deconvolution,” Microsc. Res. Tech. 69(4), 260-266 (2006).

21s. Boyd, “Distributed optimization and statistical learning via the alternat-
ing direction method of multipliers,” Found. I rends® Mach. Learn. 3(1), 1-122
(2010).

2], Nocedal, “Updating quasi-Newton matrices with limited storage,” Math.
Comput. 35(151), 773-782 (1980).

2D, C. Liu and J. Nocedal, “On the limited memory BEGS method for large scale
optimization,” Math. Programm. 45(1-3), 503-528 (1989).

245, H. Chan, X. Wang, and O. A. Elgendy, “Plug-and-play ADMM for image
restoration: Fixed-point convergence and applications,” IEEE Trans. Comput.
Imaging 3(1), 84-98 (2017).

Matter Radiat. Extremes 9, 027801 (2024); doi: 10.1063/5.0177342
© Author(s) 2024

9, 027801-10


https://pubs.aip.org/aip/mre
https://doi.org/10.1038/s41586-021-04281-w
https://doi.org/10.1063/5.0004221
https://doi.org/10.1063/1.5054317
https://doi.org/10.1017/s0263034615000579
https://doi.org/10.1103/physrevlett.108.025003
https://doi.org/10.1103/physrevlett.108.025003
https://doi.org/10.1088/1748-0221/17/06/p06011
https://doi.org/10.1063/1.4936319
https://doi.org/10.1063/5.0043853
https://doi.org/10.1063/1.1141830
https://doi.org/10.1063/1.1141830
https://doi.org/10.1063/1.1537861
https://doi.org/10.1063/1.1537861
https://doi.org/10.1016/j.asr.2011.08.027
https://doi.org/10.1109/tns.1987.4334688
https://doi.org/10.1063/5.0105279
https://doi.org/10.1109/tip.2017.2713099
https://doi.org/10.1007/s11263-020-01303-4
https://doi.org/10.1007/s11263-020-01303-4
https://doi.org/10.1002/jemt.20294
https://doi.org/10.1561/2200000016
https://doi.org/10.1090/s0025-5718-1980-0572855-7
https://doi.org/10.1090/s0025-5718-1980-0572855-7
https://doi.org/10.1007/bf01589116
https://doi.org/10.1109/tci.2016.2629286
https://doi.org/10.1109/tci.2016.2629286

Matter and

Radiation at Extremes

250. Ronneberger, P. Fischer, and T. Brox, “U-Net: Convolutional networks
for biomedical image segmentation,” in 18th International Conference on Medi-
cal Image Computing and Computer-Assisted Intervention (MICCAI) (Springer-
Verlag, 2015), Vol. 9351, pp. 234-241.

267 Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image quality assess-
ment: From error visibility to structural similarity,” IEEE Trans. Image Process.
13(4), 600-612 (2004).

277. Jiang, J. Wu, Z. Chen, W. Wang, Z. Wang, Y. Lu, H. Shi, X. Li, and A. Qiu,
“Improvement of Faraday rotation and its application in preconditioned single-
wire Z-pinch plasma,” IEEE Trans. Plasma Sci. 51(4), 944-952 (2023).

287, Jiang, J. Wu, Z. Chen, W. Wang, Z. Wang, Y. Lu, Y. Zhao, H. Shi, and
X. Li, “Experimental study of the mechanism of prepulse current on

RESEARCH ARTICLE pubs.aip.org/aip/mre

Z-pinch plasma using Faraday rotation diagnosis,” Phys. Rev. E 107(5), 055201
(2023).

2%] Wu, Y. H. Lu, F. J. Sun, X. W. Li, X. F. Jiang, Z. G. Wang, D. Y. Zhang,
A. C. Qiu, and S. Lebedev, “Preconditioned wire array Z-pinches driven by a
double pulse current generator,” Plasma Phys. Controlled Fusion 60(7), 075014
(2018).

30D, P. Kingma and J. Ba, “Adam: A method for stochastic optimization,” in
International Conference on Learning Representations (ICLR), 2015.

31p. Volegov, C. R. Danly, D. N. Fittinghoff, G. P. Grim, N. Guler, N. Izumi,
T. Ma, F. E. Merrill, A. L. Warrick, C. H. Wilde, and D. C. Wilson, “Neutron
source reconstruction from pinhole imaging at National Ignition Facility,” Rev.
Sci. Instrum. 85(2), 023508 (2014).

Matter Radiat. Extremes 9, 027801 (2024); doi: 10.1063/5.0177342
© Author(s) 2024

9, 027801-11


https://pubs.aip.org/aip/mre
https://doi.org/10.1109/tip.2003.819861
https://doi.org/10.1109/tps.2022.3233030
https://doi.org/10.1103/physreve.107.055201
https://doi.org/10.1088/1361-6587/aac4fe
https://doi.org/10.1063/1.4865456
https://doi.org/10.1063/1.4865456

