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Abstract

There is a contradiction between the evolution rate of materials and the time resolution of SR-CT characterization in the
in situ synchrotron radiation computed tomography (SR-CT) characterization of ultrafast evolution process. The sampling
strategy of the ultra-sparse angle is an effective method for improving time resolution. Accurate reconstruction under sparse
sampling conditions has always been a bottleneck problem. In recent years, convolutional neural networks have shown
outstanding advantages in sparse-angle CT reconstruction given the development of deep learning. However, existing ideas
did not consider the expression of high-frequency details in neural networks, limiting their application in accurate SR-CT
characterization. A novel high-frequency information-constrained deep learning network (HFIC-Net) is proposed in response
to this problem. Additional high-frequency information constraints are added to improve the accuracy of the reconstruction
results. Further, a series of numerical reconstruction experiments are conducted to verify this new method, and the results
indicate that the reconstruction results of HFIC-Net method effectively improve reconstruction quality. This new method
uses only eight-angle projections to achieve the reconstruction effect of the filtered backprojection method (FBP) method
in 360 projections. The results of the HFIC-Net method demonstrate clear boundaries and accurate detailed structures, cor-
recting the misinformation caused by using other methods. For quantitative evaluation, the SSIM used to evaluate image
structure similarity is increased from 0.1951, 0.9212, and 0.9308 for FBP, FBP-Conv, and DDC-Net, respectively, to 0.9620
for HFIC-Net. Finally, the results of actual SR-CT experimental data indicate that the new method can suppress artifacts and
achieve accurate reconstruction, and it is suitable for the in situ SR-CT accurate characterization of ultrafast evolution process.

Keywords Accurate SR-CT characterization - CT reconstruction - Sparse-angle CT reconstruction problem - High-
frequency information constrained - Deep learning
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1 Introduction

Three-dimensional microstructural visualization of ultrafast
evolution process is very important to study material mecha-
nisms. Synchrotron radiation computed tomography (SR-
CT) technology [1-3] can be used to perform in situ high-
resolution internal microstructure characterization [4—10].
Figure la presents a schematic of the in situ observation of
the ultrafast evolution process aided by SR-CT. In this pro-
cess, there is a contradiction between the evolution rate of
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materials and the time resolution of SR-CT characterization.
According to the integrity conditions of Tuy—Smith data, it
is necessary to continuously collect projection data within
the complete 180 angle range during SR-CT acquisition
[11]. This process typically requires a long time; however,
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Fig. 1 (Color online) a Sche-
matic of the in situ observation
of an ultrafast evolution process
with SR-CT. Contradictions
exist between the rapid evolu- “
tion process and SR-CT acquisi-
tion time resolution. b Filtered
backprojection method recon-
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the microstructural evolution of materials develops rapidly.
For example, in laser additive manufacturing, the molten
pool evolves in a matter of milliseconds [12]. In this case,
the internal microstructure changes rapidly during SR-CT
acquisition, generating an incorrect reconstructed tomo-
gram. Therefore, improving the time resolution of the in situ
SR-CT characterization of ultrafast evolution process while
ensuring the accuracy of reconstruction results is important.

Therefore, a contradiction between the evolution time of
materials and the sampling time of the CT system in the CT
characterization for rapid evolution. Reducing the sampling
time of CT systems is an effective means to alleviate this
contradiction [13]. As shown in Fig. 1a, the CT sampling
process involves rotating the sample to obtain a series of
projection data within a 180° range. In this case, reducing
the number of projection images (such as collecting 180
projection images every 1° interval) and using sparse-angle
sampling is an effective approach for shortening CT sam-
pling time [14].

However, under the condition of ultra-sparse sampling,
the quality of reconstruction results obtained using tradi-
tional methods (such as classical filtered back projection
method (FBP) [15]) is not satisfactory. As shown in Fig. 1b,
compared with full-angle sampling, there is error informa-
tion in the internal microstructure. Therefore, studying the
exact reconstruction method under ultra-sparse-angle sam-
pling conditions is necessary to improve the time resolution
of the in situ SR-CT characterization of ultrafast evolution
process and ensure the accuracy of the reconstructed results.
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Taking the widely used ART-TV [16, 17] algorithm as an
example, the gradient descent method is applied to improve
the results obtained by ART to resolve this problem [18]. As
indicated in Fig. lc, reconstruction results obtained using the
ART-TV algorithm indicate that the internal detail structure
is submerged under the condition of ultra-sparse-angle sam-
pling. It is difficult to obtain accurate reconstructed images.
In other words, image quality degradation caused by the lack
of sampling data is difficult to overcome in the ultra-sparse-
angle SR-CT reconstruction problem.

In recent years, deep learning has shown outstanding
advantages in the field of image processing given the
development of big data and the improvement in com-
puter performance [19]. Convolutional neural networks
(CNNs) have been widely used in the field of image
super-resolution reconstruction [20-24] and to solve
the problem of sparse-angle CT reconstruction [25-32].
Wang [33] revised the current scenario of deep learning
and CT imaging technology and indicated that the effec-
tive combination can further promote the development of
CT imaging technology. In such deep learning methods,
researchers focus on optimizing the sinogram or tomo-
gram domain using CNNs. Jin et al. proposed the FBP-
Conv [34] method that uses the tomogram reconstructed
by FBP as the input for the neural network, and through
continuous training, the output is as close as possible to
the real label. Dong et al. [35] used a deep neural network
to optimize the sinogram of an incomplete angle in the
sinogram domain and reconstructed it directly with FBP,
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achieving good results. Subsequently, some researchers
started focusing on optimization ideas based on the CT
reconstruction process. For example, Wang et al. [36] uti-
lized deep neural networks to directly map sparse-angle
sinogram to tomogram; this method, referred to as “the
dual-domain constrained network, DDC-Net”, utilized a
deep learning network to optimize in the sinogram and
tomogram domains, achieving positive effects. Li et al.
proposed Quad Net [37], which utilizes FFC transforma-
tion to provide a global receptive field for sinogram res-
toration and image refinement. GloReDi [38] used inter-
mediate-view reconstructed images to provide additional
information for the images while expanding the recep-
tive field. Considering the image details enabled further
enhancements to the potential application of deep neural
networks in accurate SR-CT representation.

A new reconstruction method referred to as the high-fre-
quency information constrained neural network (HFIC-Net)
is proposed in this research to solve the problem of accurate
characterization of ultra-sparse-angle SR-CT. The analysis
of SR-CT imaging system reveals a typical problem: The
detailed information of the tomogram is often submerged
in the projected sinogram. If this high-frequency informa-
tion cannot be identified in the sinogram domain, the lost
details information cannot be recovered in the subsequent
tomogram-domain optimization. Further, in this study, high-
frequency detail constraints are added in to the CNN. The
detailed information of the tomogram contains important
structures, and therefore, the accurate SR-CT characteriza-
tion has strict requirements for detailed information. Thus,
we added “high-frequency information” constraint based on
the DDC-Net idea for improving the expression of detailed
information. A series of numerical reconstruction experi-
ments are conducted to verify the effectiveness of this new
method. The results of the HFIC-Net method are improved
and compared with FBP, FBP-Conv, and DDC-Net. The pro-
posed method uses only eight-angle projections to achieve
the reconstruction effect of the FBP method in 360 projec-
tions. For a quantitative evaluation, the SSIM used to eval-
uate image structure similarity is increased from 0.1951,
0.9212, and 0.9308 for FBP, FBP-Conv, and DDC-Net,
respectively, to 0.9620 for HFIC-Net. Finally, SR-CT experi-
mental images are used to verify this reconstruction method.
The novel HFIC-Net method can restore image details and
suppress artifacts, and therefore, it is considered suitable for
the in situ characterization of SR-CT in ultrafast evolution
processes.

The rest of this paper is organized as follows: In Sect. 2,
the launching point and network structure of this new
method are introduced. Then, in Sect. 3, the effectiveness
of this method is verified using simulated and real SR-CT
data. Finally, the discussion and conclusions are summarized
in Sect. 4.

2 New reconstruction method

Analyzing the principle of SR-CT imaging system is
essential to develop a new method for ultra-sparse-angle
SR-CT reconstruction. A typical problem in the SR-CT
imaging system is discovered through the analysis: the
detailed information of the tomogram is often submerged
in a projected sinogram. If this high-frequency information
is not observed in the sinogram domain, the lost details
cannot be recovered in the subsequent tomogram domain
optimization, which can distort the reconstruction results.
In addition, the idea of adding high-frequency information
constraints in the CNN is proposed. The model and frame-
work of HFIC-Net are introduced; the HFIC-Net arranged
the CNNs in the sinogram and tomogram domains and
trained them via the back propagation of the gradient
descent method.

2.1 Launching point of developing the new
method: Limitations of the current idea

Improving the accuracy of SR-CT reconstruction results
is the premise for further research, given that the detailed
information in the reconstruction results typically contains
important structures. A detailed analysis of the CT imag-
ing principles is necessary to develop a new ultra-sparse-
angle SR-CT optical measurement method. A schematic
of projection acquisition conducted using SR-CT is shown
in Fig. 2a. The mathematical model for generating a pro-
jected sinogram is represented by R, = f, f(x,y)ds, where
R; and f(x, y) represent the projected integral intensity
along the X-ray and target to be detected, respectively. The
sinogram was obtained by integrating the tomogram, and
therefore, some detailed signals in the tomogram f(x, y)
were buried in the sinogram. The curve shown in Fig. 2b
can be obtained by integrating the tomogram f(x, y) along
the X-ray direction. Regions of interest (ROI) are marked
by red arrows in Fig. 2a. The difference between the red
and blue curves in Fig. 2b is whether there are small par-
ticle in the ROIs in the tomogram. The difference between
red and blue curves was of 1.507%, which is indeed mini-
mal. Tiny structural information in the tomogram can eas-
ily be buried in the projected sinogram.

However, accurate representations of detailed informa-
tion have not been considered by current deep learning
ideas. The sinogram is integral to the tomogram along the
X-ray direction, and therefore, high-frequency informa-
tion of internal details can be easily lost. Considering the
idea of a DDC-Net as an example, the lost details can-
not be recovered in subsequent optimization in the tomo-
gram domain if the high-frequency information cannot
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be observed in the sinogram domain. This will lead to
a distorted reconstruction result, limiting its application
potential in accurate SR-CT characterization. Therefore,
adding high-frequency information constraints on deep
neural networks is necessary to improve the representa-
tion of the detailed information.

The gradient transformation of the tomogram can high-
light the expression of detailed information in its sino-
gram. The integral curve in Fig. 2d reflects this charac-
teristic. The contribution of detailed information to the
integral value is indicated by the difference between the
peak values of labeled points that refer to the integral val-
ues with and without the small particle in the ROI region.
Compared with 1.507% in Fig. 2b, the difference ratio of
the green marker points in Fig. 2d is as high as 14.23%.
Therefore, we add “high-frequency information” con-
straints in the neural network to learn the detailed infor-
mation of the tomogram.
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In response to this problem, “high-frequency informa-
tion” constraints are added to drive the learning direction of
the neural network, as shown in Fig. 2e.

The “high-frequency information” constraint is imple-
mented in two steps: perform gradient transformation on
tomogram f{x, y) to obtain G(x, y), and perform radon trans-
formation on the gradient image G(x, y).

In recent years, the continuous development of deep
learning has provided new ideas to solve serious ill-posed
problems such as ultra-sparse-angle SR-CT reconstruc-
tion. The dual-domain learning idea is used considering the
physical process of CT reconstruction. Given this context,
emphasizing the expression of high-frequency information
in a neural network can help improve the accuracy of the
reconstruction results. Therefore, designing a neural network
considering the high-frequency detail information is a pri-
mary task for alleviating the problem of ultra-sparse-angle
SR-CT reconstruction.
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Finally, a novel method suitable for accurate SR-CT char-
acterization under ultra-sparse-angle conditions is proposed.
This method is referred to as HFIC-Net.

2.2 Deployment of high-frequency information
constrained neural network

The HFIC-Net framework is illustrated in Fig. 3. The HFIC-
Net comprises two deep neural networks G, and G,. These
networks drive learning in the sinogram and tomogram
domains, respectively. In the sinogram domain, G, restores
the sparse-angle sinogram to a high-quality sinogram.
Assuming that x € RP*4 as an ultra-sparse-angle sinogram

sram Content Loss 4]

Full sampling
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true sampling X
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information extraction

pares angle
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input for HFIC-Net, it is converted to a fully sampled sino-
gram x’' : ¥’ = G,(x) by mapping G,. Subsequently, x" is
converted to the tomogram domain through the FBP algo-
rithm to obtain the reconstructed result y' @y =f, (x').
Next, high-frequency information on y' is extracted to
obtain x/ : x| = S;()’). Then, mapping G, performs
super-resolution reconstruction on the tomogram, yielding
y=G, ( Jop (x’ ) ) Finally, the loss of the HFIC-Net comprises
sinogram content loss L, , high-frequency information loss
L,, and tomogram content loss L;. G, and G, are updated in
reverse through gradient descent.

Sinogram content loss L;: In the sinogram domain, the
mean square error (MSE) loss between the high-quality

Tomogram Content Loss -

gh quality

tomogram y True tomogram y

High frequency

information extraction

32 %32 X 256
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4 Conv, Relu, BN
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Fig.3 (Color online) a Architecture of the proposed HFIC-Net. b Network structures of G, and G, of the HFIC-Net. G, and G, are five-layer
deep neural networks with the same input size and output size as 256 X 256 x 3
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sinogram x" and real label x is used as the sinogram content
loss L,. The richness of the sampled projection information
directly determines the quality of the tomogram. The quality
of reconstructed tomogram can be effectively improved if the
degradation degree of the projected sinogram can be reduced.
Mathematically, the sinogram content loss of HFIC-Net can
be expressed as

N
L© =1 ¥ 6,05 -7, (1)
i=1

where x;, X;, G,, N, and 6 represent the input sparse-angle
projection, real full-angle-projected sinogram, mapping in
the sinogram domain, number of training data pairs, and
training parameters in the entire network, respectively.

High-frequency information loss L, : The high-frequency
information loss is added in the network considering the
importance of internal detail information. The MSE loss
between the high- frequency information feature map x| and
real label x| is used as the high-frequency information loss.
Mathematically, the high-frequency information loss of HFIC-
Net can be expressed as

N
L,(0) = le Y [sw(Gi0.x) —x_,,.”z, 2
i=1

where x;, x_li, G|, Sy, N, and 6 represent the input sparse-
angle projection, real label, mapping in the sinogram
domain, high-frequency information extraction operation,
number of training data pairs, and training parameters in
the entire network.

Tomogram content loss Ly : In the tomogram domain, the
mean square error between the high-quality tomogram y gen-
erated by G, and real label y is used as the tomogram content
loss. Some small errors in the sinogram domain are consid-
erably magnified after FBP reconstruction. Therefore, it is
necessary to achieve further improvements in the tomogram
domain. Mathematically, the tomogram loss of HFIC-Net can
be expressed as

N
L0) = 5 2 [G2(6.in(G10) -7 )
=1

where x;, fbp, ¥;» G|, N, and 0 represent the input sparse-
angle projection, FBP reconstruction, real tomogram, map-
ping in the tomogram domain, number of training data pairs,
and training parameters in the entire network, respectively.

The final objective of the proposed HFIC-Net is defined by
combining these three losses as

Lloss = Ll )+ L2(9) + L3(9) @

Network structure of the HFIC-Net: As shown in Fig. 3b,
G, and G, are composed of an encoding—decoding neural
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network. The coding module is used to extract feature infor-
mation from the input image. The encoder comprises five
convolutional layers; the size of convolution kernel is 4 X 4,
the step size is 2, and the number of channels in each layer
is 64, 128, 256, 512, and 512, respectively. The activation
functions of these five convolutional layers are all Relu.
Batch normalization is performed after the activation of
each layer. The decoder comprises five layers of deconvolu-
tion. The decoding module recombines the acquired feature
information into an image. The first four layers of the con-
volution kernels are 4 X 4 in size, with a step size of 2, and
the number of channels are 512, 256, 128, and 64. The fifth-
layer network convolution kernel is 4 X 4, the step size is 2,
and the number of channels is 3. The activation functions of
these five convolutional layers were all Relu. The output size
of HFIC-Net is the same as the input; both are 256 x 256 X 3.

3 Results and discussion

The effectiveness of the proposed method is verified by
a series of simulated and real SR-CT experimental data.
HFIC-Net can only use eight-angle projections to achieve
the reconstruction effect of the FBP method in 360 projec-
tions. Meanwhile, the HFIC-Net shows outstanding advan-
tages in the accurate reconstruction of image internal details.
This method corrects the error information of reconstruc-
tion. The results of real SR-CT experimental data show that
the ultra-sparse-angle CT reconstruction method proposed
in this paper can alleviate the contradiction between the
evolution rate and SR-CT time resolution in the process of
ultrafast evolution. This new method suppresses artifacts and
ensures the accuracy of the reconstruction results, making
it suitable for the in situ SR-CT accurate characterization of
the ultrafast evolution process.

3.1 Training configuration and performance
evaluation

The HFIC-Net was verified using simulation and real experi-
mental data. All training work was conducted on Inter(R)
Core(TM) i7-8700 3.20 GHz CPU and NVIDIA RTX 2070
GPU. All experiments were run in the environment of
Python3.7, with CUDA10.0 and CUDNN-v7.4 for accelera-
tion, and the TensorFlow deep learning framework to imple-
ment the proposed method. We applied the Adam optimizer
for the HFIC-Net. The learning rate was fixed at 0.0002, and
the exponential decay rates for the moment estimates in the
Adam optimizer were f; = 0.5 and f, = 0.999. The weight
balance parameters of different losses were set to 1.

If the HFIC-Net method was used in in situ CT analysis in
a training environment based on Inter(R) Core(TM) i7-8700
3.20 GHz CPU and NVIDIA RTX 2070 GPU, it would incur
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the following computation cost: (1) Preprocessing time for
forming the dataset: This part of the time referred to the
time required to generate low-quality projected sinograms,
high-frequency information constraints, and sinogram
labels. This part of the time was approximately 354 s. (2)
HFIC-Net training time: The training time for the HFIC-Net
was approximately 33 h. The actual computational cost of
deploying HFIC-Net would be approximately 33 h more than
that when not using this method.

Quantitative parameters were adopted to evaluate the
HFIC-Net. The parameters were used for evaluating the
difference between the reconstructed and original images,
including (1) structural similarity index (SSIM), (2) nor-
malized mean square criterion D, and (3) normalized aver-
age absolute distance criterion R [39, 40]. These parameters
were, respectively, calculated as

SSIM = (2t-7+C,)(20,,+ C,)

_ ’ 5
(t2+72+C1)(05+03+C2) ©)

N N 2
t -
D= Zu:l Zv:l ( u,y ru,v) ’ (6)

Zf:l 21\1:1 (tu,v - ;)2

iy = Tuy

N N
R= Zu=1 Zv=1
oL
u=1 v=1

where 1, , represents the pixel value of the original image;
r,, represents the pixel value of the reconstructed image; 1
and r represent the average of all pixel values in an image;
N represents the total number of pixels in the image; ¢, and
o, represent the standard deviations; and ¢, represents the
covariance. Constants C; and C, are set as in [40]. Param-
eter SSIM is a criterion for structural similarity between the
reconstructed and original images, and the value range is
[0, 1]. The larger the value, the higher is the reconstruction

)

tM 5y

s )

(b) FBP (8 angles) |

(a) Original image

accuracy. Parameters D and R are used to evaluate the rela-
tive errors of reconstruction. Parameter D indicates a large
deviation in few points of the reconstructed image, while R
indicates a small deviation in most points of reconstructed
image. The smaller the parameter values of D and R, the
higher is the reconstruction quality.

3.2 Reconstruction results of simulation data

3.2.1 Comparison with other methods based on simulation
data

The effectiveness of the HFIC-Net was verified through
numerical experiments with simulation data. The simulation
data were a series of randomly generated particle images:
6400 randomly generated images were used as the training
set, and another 100 images were generated as the testing set.
A complete sinogram was sampled in the range of 180° to
be used as a label for the sinogram domain. Then, an ultra-
sparse-angle sinogram of 8 projections was used as the input
of HFIC-Net, and high-quality model images were used as
the label for tomogram domain. Finally, the reconstruction
tomogram was output.

The effectiveness of the new method was verified by com-
paring the simulation data test results with those of the most
commonly used FBP method (Table 1). SSIM increased
nearly 500% by the HFIC-Net compared to the result of the
FBP with eight angles. In addition, the HFIC-Net can only
use eight-angle projections to achieve the reconstruction
effect of the FBP method in 360 projections. Figure 4c, d

Table 1 Quantitative evaluation (100 testing images)

FBP (8 angles) FBP (360 angles) HFIC-Net

(8 angles)
arg.SSIM 0.1951 0.5319 0.9620
avg.D 1.2968 0.2783 0.0978
avg .R 1.2890 0.2192 0.0492

(c) FBP (360 angles)

(d) HFIC-Net (8 angles)

Fig.4 (Color online) a Original image. b FBP reconstruction results at eight angles. ¢ FBP reconstruction results at 360 angles. d HFIC-Net

reconstruction results at eight angles

@ Springer
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appears to be almost consistent. A comprehensive quantita-
tive evaluation revealed that the SSIM of the image structure
similarity increased from 0.1951 of the eight-angle FBP to
0.9620. Further, in terms of image relative error, the HFIC-
Net was superior or equivalent to that of the full-angle FBP.

The reconstruction quality of the HFIC-Net was com-
pared with that of the FBP-Conv, DDC-Net, and SART-
FDTV-ASD [41] methods. The results of one of the 100
testing model with eight angles by several methods are
illustrated in Fig. 5. Under the eight-angle sampling condi-
tions, although the result of FBP-Conv, SART-FDTV-ASD,
and DDC-Net methods was considerably better than that of
FBP, the details of the reconstruction results were biased.
The reconstruction quality of the HFIC-Net was improved
compared to those of the other methods. Image details were
preserved, and internal artifacts were significantly sup-
pressed. Figure 5g-(although the result of FBP-Conv, k)
shows an absolute difference between results of each method
and the original image to demonstrate the effect of the new
method more clearly. The difference between the results of
the HFIC-Net and original image was minimal. Figure 51
and m shows the profiles along the blue and red solid lines

Original

(a) Original

DDC-Net &

FDTV-ASD

VV L8
P (8 angles)

Fig.5 (Color online) a Original image. b—f FBP, FBP-Conv, DDC-
Net, SART-FDTV-ASD, and HFIC-Net reconstruction results at eight
angles, respectively. g-k represent the absolute differences of b—f
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FBP === FBP-CONV
" SART - mmmmmm HFIC-Net

in Fig. 5a, respectively. Through visual inspection, the gray
distribution value of the HFIC-Net method is the closest
to the original image. The results of the other algorithms
indicated by the red arrow indicate error information, which
is far from the real label. The comparison results indicate
that the proposed new method has advantages in detail
characterization.

For a quantitative analysis, the average calculation results
of 100 testing images are listed in Table 2. The reconstruc-
tion results of HFIC-Net are better than those of FBP-Conv,
DDC-Net, and SART-FDTV-ASD. The parameter SSIM is
increased from 0.1951, 0.7937, 0.9212, and 0.9309 of FBP,
SART-FDTV-ASD, FBP-Conv, and DDC-Net to 0.9620,

Table 2 Quantitative evaluation (100 testing images)

FBP  FBP-Conv DDC-Net SART- HFIC-Net
FDTV-ASD
avg.SSIM  0.1951 0.9212 0.9309 0.7937 0.9620
avg.D 1.2968 0.1247 0.1448 0.2786 0.0978
avg.R 1.2890 0.0465 0.0851 0.1439 0.0492

(m)

200

150 .

100

50
== Original

FBP wss=== FBP-CONV

DDC-Net s SART- mmmmmm HF|C-Net
FDTV-ASD

(e) SART-FDTV-ASD (f) HFIC-Net

1)) (k)

with respect to the original image, respectively. 1 Profiles along the
blue solid line in Fig. 5a. m Profiles along the red solid line in Fig. Sa
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(a)

(c) FBP (8 angles) (d) FBP-Conv

(b)

(¢) DDC-Net

(f) SART- (2) HFIC-Net

FDTV-ASD

Fig.6 (Color online) a Original image. b Local enlarged region of the original image. c—g Correspond to the results of FBP, FBP-Conv, DDC-
Net, SART-FDTV-ASD, and HFIC-Net for ROI, respectively. Red arrows mark major areas of visual difference

Table 3 Quantitative evaluation of ROI

Table 4 Quantitative evaluation of ROI

FBP  FBP-Conv DDC-Net SART-FDTV- HFIC-Net
ASD
SSIM 0.3679 0.4144 0.4000 0.4247 0.7318
D 1.6070 1.2445 1.4716 1.2590 0.7691
R 0.2214 0.1343 0.1693 0.1437 0.0737

respectively. The parameter D was decreased from 1.2968,
0.2786, 0.1247, and 0.1448 of FBP, SART-FDTV-ASD,
FBP-Conv, and DDC-Net to 0.0978, respectively. HFIC-Net
achieved a good performance for parameter R that empha-
sized the small error of most points.

This new method shows outstanding advantages in local
detail representation. The ROI of red rectangle in Fig. 6a is
enlarged in Fig. 6b to further demonstrate the performance
of this new method. Figure 6¢—f corresponds to the results of
different algorithms for ROI, respectively. The major areas
of visual difference are marked by red arrows. In Fig. 6c, the
reconstruction results of FBP had almost no effective infor-
mation. Local detail structure information is submerged. In
Fig. 6d—f, the reconstruction results are wrong, i.e., original
small particles disappear. In Fig. 6g, the HFIC-Net recon-
struction result demonstrated clear edges and accurate struc-
tures. The comparison results indicated that the proposed
new method has advantages in detail characterization.

Config SSIM D R

FBP-Conv 0.9212 0.1247 0.0456
FBP-Conv+ L, loss (DDC-Net) 0.9309 0.1448 0.0851
FBP-Conv+ L, loss 0.9272 0.1190 0.0442
FBP-Conv + L, loss + L, loss (HFIC-Net) 0.9620 0.0978 0.0492

Table 3 lists the quantitative evaluation indicators of
local details. The new method has significant advantages in
terms of SSIM. The parameter SSIM increases from 0.3679,
0.4000, 0.4144, and 0.4247 of FBP, DDC-Net, FBP-Conv,
and SART-FDTV-ASD to 0.7318, respectively. The param-
eter D decreases from 1.6070, 1.4716, 1.2590, and 1.2445
of FBP, DDC-Net, SART-FDTV-ASD, and FBP-Conv
to 0.7691, respectively. The parameter R decreases from
0.2214,0.1693, 0.1437, and 0.1343 FBP, DDC-Net, SART-
FDTV-ASD, and FBP-Conv to 0.0737, respectively.

3.2.2 Ablation Study

FBP-Conv was used as the baseline for adding compo-
nents to further evaluate the effectiveness of each module
in HFIC-Net. The configuration involving comparison
includes the following four groups: (1) Baseline FBP-
Conv, (2) dual-domain DDC-Net without high-frequency
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information constraints, (3) FBP-Conv constrained by only
high-frequency information in a sinogram domain, and (4)
HFIC-Net.

Quantitative results in Table 4 confirmed that adding
high-frequency information constraints to the HFIC-Net
method was beneficial for optimizing the quality of sparse-
angle CT reconstruction. SSIM significantly improved
compared to the baseline FBP-Conv method. Compared to
not adding high-frequency information constraints, SSIM
increased from 0.9309 to 0.9620, confirming the effective-
ness of adding high-frequency information constraints.

Thus, this proposed new method showed superior perfor-
mance in detail restoration and artifact reduction and can be
considered an accurate reconstruction method.

3.3 Validation of real experimental data

The HFIC-Net method was applied to the reconstruction of
actual SR-CT experimental projection data to evaluate the
effectiveness of the new method in practical applications.
The experiment was conducted at the BL13W1 beamline
of Shanghai Synchrotron Radiation Facility (SSRF). The

real experimental data comprised a series of tomograms of
particle samples. The training set consisted of 4300 tomo-
grams, and another 50 were selected as the testing set to
verify the training results. The number of sparse sampling
angles was § .

Compared to other methods, HFIC-Net also shows certain
advantages. The results of one of the 50 testing model with
eight angles obtained using several methods are shown in
Fig. 7. Compared with the other algorithms, the new method
improves the quality of reconstruction with a clear bound-
ary and complete structure. The reconstruction results of
FBP have serious truncation artifacts under the eight-angle
sampling conditions, and the detailed structural information
is distorted. Compared with the FBP reconstruction results,
the artifacts of FBP-conv, SART-FDTV-ASD, and DDC-Net
method are significantly suppressed and the visual effect is
improved. Unfortunately, in terms of the detailed structure,
there exists considerable error information. The reconstruc-
tion quality of the HFIC-Net is improved when compared to
the quality obtained using the other methods. Image details
are also preserved, and the internal artifacts are significantly
suppressed. Figure 7g—k shows the absolute difference

(a) Original

FDTV-ASD

(c) FBP-Conv

Fig.7 (Color online) a FBP reconstruction results at 180 angles. b—f
FBP, FBP-Conv, DDC-Net, SART-FDTV-ASD, and HFIC-Net recon-
struction results at eight angles, respectively. g-k are the absolute
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differences of b—f with respect to the original image, respectively. 1
Profiles along the blue solid line in Fig. 7a. m Profiles along the red
solid line in Fig. 7a
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between the results of each method and the original image
to demonstrate the effect of new method more clearly. Fig-
ure 71, m indicates the profiles along the blue and red solid
line in Fig. 7a, respectively. Through visual inspection, the
gray distribution value of the HFIC-Net method is the clos-
est to the original image. The results of other algorithms
indicated by the red arrow had error messages, which is far
from the real label. The comparison results demonstrate
that the proposed new method showed advantages in detail
characterization.

This new method also demonstrated advantages in local
detail representation. The ROI indicated by the red rectangle
in Fig. 8a was enlarged in Fig. 8b to further demonstrate the
performance of this new method. Figure 8c—g corresponded
to the results of different algorithms for ROI, respectively.
The main differences between results of these methods and
original images were marked by the red arrows. In Fig. 8c,
the detailed structure information of FBP reconstruction
is almost completely lost. In Fig. 8d—f, the reconstruction
results are wrong: there is no particle gap. In Fig. 8g, the
HFIC-Net reconstruction result demonstrates clear edges and
accurate structures. The comparison results demonstrate that
the proposed method can realize accurate reconstruction.

With the rapid development of deep learning, some
researchers have begun to construct deep neural network
based on CT reconstruction process to overcome the bottle-
neck problem of in situ SR-CT characterization of ultrafast
evolution process. The deep neural networks are arranged
in the sinogram and tomogram domains, and some progress
had been achieved. However, a good visual effect does
not indicate the accurate reconstruction of a tomogram.

(c) FBP (8 angles) (d) FBP-Conv  (¢) DDC-Net

Therefore, we added a “high-frequency information con-
straint,” which can reflect the expression of real detail infor-
mation based on DDC-Net to improve the high preservation
of reconstructed results.

The proposed HFIC-Net achieved the best score on quan-
titative evaluations such as SSIM. The HFIC-Net recovers
accurate structure and weak detail information under ultra-
sparse-angle conditions. Figure 8 shows that the HFIC-Net
method accurately reconstructed the gaps between parti-
cles. This weak but important information was crucial for
analyzing the mechanism of material evolution; however,
other methods easily lost these details. In conclusion, the
HFIC-Net method had advantages in image detail restora-
tion, which is expected to aid in improving the accuracy of
SR-CT characterization under ultra-sparse-angle conditions.

4 Conclusion

A novel high-frequency information constraint network
called HFIC-Net was proposed to solve the ultra-sparse-
angle reconstruction problem of in situ SR-CT during rapid
evolution. In this method, high-frequency information loss
considering detailed structural constraints was added based
on the “sinogram—tomogram domain” joint optimization.
The effectiveness of this new method was verified by numer-
ical simulation and real SR-CT experimental data.

1. Three commonly used image quality evaluation param-
eters were used in the numerical experiment of simula-
tion data to evaluate the reconstruction results of eight

"4

(f) SART- (g) HFIC-Net

FDTV-ASD

Fig.8 (Color online) a FBP reconstruction results at 180 angles. b Local enlarged region of Fig. 8a. c—g Results of FBP, FBP-Conv, DDC-Net,
SART-FDTV-ASD, and HFIC-Net at eight angles for ROI, respectively. Red arrows mark major areas of visual difference
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angles of sparse sampling tomogram. SSIM, D, and R
were used to evaluate the reconstruction quality. This
new method only uses eight-angle projections to achieve
the reconstruction effect of the FBP method with 360
projections. The quantitative results indicated that add-
ing high-frequency information constraint improved the
similarity of the image structure.

2. Adding “high-frequency information” loss had a posi-
tive effect on the accurate reconstruction of HFIC-Net.
In the ROI of the tomogram, the reconstruction result
obtained using the DDC-Net method had error informa-
tion, whereas the new method had complete and clear
details. This new method had advantages in detail res-
toration and artifact reduction.

3. An actual experimental data test was conducted to evalu-
ate the effect of HFIC-Net in practical application. The
new method improved the quality of the tomogram and
had advantages in restoring particles details and accurate
characterization.

In future work, HFIC-Net can combine the current advanced
deep learning approaches to provide richer information con-
straints for deep neural networks. In addition, its applica-
bility in in situ experimental environments can be further
evaluated. Adaptive learning can also be used to meet the
applicability under different imaging conditions and material
sample systems.

In conclusion, the HFIC-Net proposed in this paper is
suitable for the in situ characterization of SR-CT in ultrafast
evolution process.
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