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A cryogenic visible calibration and image evaluation facility (VCCIEF) was constructed to assess the
effectiveness of electrical capacitance tomography systems in cryogenic conditions, known as Cryo-ECT.
This facility was utilized to conduct dynamic, real-time imaging trials with liquid nitrogen (LN2). The
actual flow patterns were captured using a camera and contrasted with the imaging outcomes. The
capacitance data collected from these experiments were subsequently processed using three distinct
methods: linear back projection, Landweber iteration, a fully connected deep neural network, and a
convolutional neural network. This allowed for a comparative analysis of the performance of these al-
gorithms in practical scenarios. The findings from the LN2 experiments demonstrated that the Cryo-ECT
system, when integrated with the VCCIEF, was capable of successfully executing calibration, generating
flow patterns, and performing imaging tasks. The system provided observable, clear, and precise phase
distributions of the liquid nitrogen—vaporous nitrogenflow within the pipeline.
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1. Introduction

With the increasing attention on the utilization of space re-
sources, the rise of commercial aerospace, and the continuous
advancement of space exploration, reusable spacecraft and high-
thrust rockets have been continuously developed. The liquid
hydrogen (LH2) and liquid oxygen (LO2) propellants have become
the mainstream choice for space fuels due to their advantages of
high specific impulse, wide thrust range, cleanliness, and no
pollution [1]. During the launch, on-orbit operation, and landing
process of reusable rockets, monitoring the phase distribution of
cryogenic propellants can help obtain their distribution status in
the storage tank, ensuring that the pressure, temperature, and
propellant content in the tank can maintain the normal function of
the rocket engine [2]. However, due to the microgravity environ-
ment in the working environment of rocket engines, liquid pro-
pellants are prone to floating unsteadily in gas—liquid two-phase
states, and traditional pressure or level sensors based on pressure
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or level measurement are ineffective. Therefore, it is necessary to
develop an effective method for inferring the phase distribution of
cryogenic fluids to achieve more accurate, reliable, and real-time
monitoring of the status of cryogenic liquids.

Electrical capacitance tomography (ECT) technology, as a non-
intrusive and non-contact capacitance-based phase distribution
measurement technology, has been widely used in real-time phase
distribution detection in room-temperature application scenarios
[3], such as fluidized-bed [4—6], oil—water transmission pipelines
[7], oil and gas pipelines [8,9], and multiphase flow detection
[10,11], relying on its advantages of high accuracy, high robustness,
low cost, and real-time performance. However, its application in
the field of cryogenic fluid is less, and there are few research results
to obtain the phase distribution image of cryogenic fluid. The
reason is that the low temperature of cryogenic fluid, rapid
freezing, and damage to conventional materials inevitably make
the cryogenic electrical capacitance tomography (Cryo-ECT) sensor
without adaptive design wrinkle and fracture. The difficulties of
material selection, fabrication, and processing in ECT systems and
the intense boiling of cryogenic fluids at room temperature also
pose challenges to calibration, imaging, and evaluation processes.
These difficulties require redesigning a high-precision capacitance
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data acquisition system, a high generalization ability algorithm, and
a cryogenic measurement and observation platform for the Cryo-
ECT system. As for the imaging algorithm, with the development
of ECT technology and improved computer calculation capacity,
machine learning (ML) methods have been widely used in ECT
inversion problems. The applicability of different network models
such as fully connected neural networks [12], convolutional neural
networks (CNN) [13,14], long short-term memory (LSTM) networks
[15], generative adversarial networks (GAN) [16—18], and other
models to ECT problems have been studied. Machine learning al-
gorithms can also be fused to traditional algorithms to optimize
while taking physical information into account [19]. It is already
practical to select and train deep neural networks as real-time
inversion algorithms for ECT systems.

Much preliminary work has been carried out on the Cryo-ECT in
recent years. Xie et al. [20—22] used the room temperature ECT
system and alternative working medium to conduct numerical
simulation and room temperature substitution experiment, veri-
fying cryogenic ECT technology's feasibility. Hunt et al. [23] pio-
neered cryogenic experiments by using an ECT system to measure
the average dielectric constant of liquid nitrogen and performing
content insertion experiments, which is the originator of cryogenic
ECT evaluation. Besides, their research of ECT was examined by LH2
[24], and the first image of LH2 was obtained, which is a critical
event in the direction of future applications of ECT applications
with aerospace storage tanks and so on. Even more recently, their
system has made a great achievement in the commercialization of
ECT by evaluating a spherical cryogenic ECT imaging system that is
already ready for practical use [25]. The sensor performed real-time
liquid nitrogen (LN2) imaging experiments and used imaging al-
gorithms to obtain stereoscopic three-dimensional (3D) images of
LN2. This is a big step in the cryogenic ECT. After that, Gao et al. [26]
and Tian et al. [27] both used the immersion method to realize the
LN2 calibration and measurement in the ECT imaging process, used
the preliminary test method and the pre-trained deep neural
network to image the measured capacitance value, and obtained a
clear and accurate image of liquid nitrogen—vaporous nitrogen
(LN2—VN2) two-phase flow.

Despite the extensive research conducted on Cryo-ECT, there is a
paucity of literature addressing the evaluation methodologies for
Cryo-ECT systems. The assessment of imaging outcomes necessi-
tates a reference to the actual phase distribution, which is inher-
ently challenging to ascertain for cryogenic fluids. At present, it is
infeasible to capture the phase distribution through an opaque,
closed container, a limitation that Cryo-ECT technology is specif-
ically designed to overcome. A potential resolution involves the
fabrication of containers from transparent materials, thereby
facilitating the documentation of true flow patterns.

One approach entails the direct immersion method, wherein a
cylindrical medium is positioned within the cross-sectional area of
the measurement conduit to establish a predefined flow pattern,
which can then be photographed. Alternatively, the gravimetric
method can be employed to quantify the fluid contained within the
vessel. Nevertheless, the unique characteristics of cryogenic fluids
pose significant challenges. Upon exposure to ambient tempera-
tures, these fluids are prone to boiling, which complicates the
process of recording the intended flow patterns.

In this paper, a visible cryogenic calibration and image evalua-
tion facility (VCCIEF) with a vacuum chamber is designed, fabri-
cated, and used for phase distribution reconstruction experiments
of a Cryo-ECT system. The experimental platform can simulta-
neously meet the installation of a Cryo-ECT sensor and the obser-
vation and recording of cryogenic fluid phase distribution, which is
used to evaluate the accuracy of imaging results of a Cryo-ECT
system. The capacitance data acquisition system (CAU) developed

for cryogenic applications collects and transmits capacitance
values. A sustained LN2 level drop was recorded. The pre-trained
convolutional neural network imaging model is loaded into the
imaging program of the host computer for real-time imaging, and
the data is recorded. After the experiment, the images are calcu-
lated by the other three inversion algorithms and compared with
the convolutional neural network model. The results show that the
VCCIEF can intuitively complete the experiment and evaluation of
the Cryo-ECT system.

2. Cryogenic ECT System

The Cryo-ECT system in this paper is composed of a VCCIEF,
sensors, a CAU, the host computer, and additional equipment
(Fig. 1). The working mediums designed for the system are LH2,
LN2, LO2 (liquid oxygen), and LNG (liquid natural gas). Due to safety
considerations, the experimental working medium in this paper is
LN2.

The research on electrical capacitance tomography systems in
normal temperature and high-temperature application scenarios
has been relatively mature, and conventional sensors have been
able to meet most of the practical requirements. The special char-
acteristics of cryogenic application scenarios present additional
unique challenges for Cryo-ECT systems:

(1) It is difficult to build the test scene. The heat transfer be-
tween the cryogenic fluid and the normal-temperature
environment will lead to violent boiling so that the preset
flow pattern cannot be obtained. At present, the most prac-
tical method is to soak the outside of the pipeline in the same
working medium, and reduce or even eliminate the heat
exchange between the internal working medium and the
outside, so as to complete the full field calibration, flow
pattern setting, and other work. This is clearly an unprofes-
sional and premature implementation.

(2) The extremely low temperature of the working medium will
damage the sensor pipe, electrodes, and other parts, and
even break if the material with the uneven thermal expan-
sion is used. For the detection platform needed for scientific
research to evaluate the imaging quality, the experimental
platform should also be equipped with an observable
observation window and a transparent segment after
meeting the required conditions of electrical capacitance
tomography. It is also difficult to choose the appropriate
structure and material for the design and manufacture of the
experimental platform.

(3) Failure of the sensor after uncontrollable shrinkage of the
material at cryogenic conditions. Due to the difference in the
expansion coefficient, the copper pole piece attached to the
pipe will contract at low temperatures, resulting in folds and

'VCCIEF and
Cryo-ECT sensor

Fig. 1. Cryo-ECT system.
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cavities (Fig. 2), which will cause distortion of the capacitor
constructed by the sensor and invalidate the calculation
model.

(4) The relative permittivity of cryogenic fluid is much smaller

than that of normal-temperature fluid. The measurement
object of the ECT system is the capacitance value of the
working medium between the two electrodes, and the
relative dielectric constant ratio of LN2—VN2 is 1.43, while
the relative dielectric constant ratio of water—air is 78. This
puts forward higher requirements for the measurement ac-
curacy of CAU.

These problems are addressed accordingly by the following

methods:

(1) AVCCIEF is designed, manufactured, and debugged (Fig. 3). It

greatly reduces the heat exchange between the working
medium in the tube and the outside through the vacuum
chamber, and can easily complete the empty/full field cali-
bration and the dynamic and static flow pattern preset
through the adjustment of the valve and pipeline.

(2) The main body of VCCIEF is made of 304 stainless steel. The

transparent pipe in the test section is made of acrylic, which
is the result of the selection of glass and other organic ma-
terials after trial manufacturing, balancing the processability
and the structural strength at cryogenic conditions. The
manufacturing process of the observation section needs to
eliminate stress to avoid fragmentation after a temperature
change. The electrodes and shields of the sensor are realized
by a flexible printed circuit (FPC) scheme, which effectively
avoids the pole plate wrinkling when increasing the
strength.

(3) For cryogenic scenarios, the design of sensors needs to bal-

ance the strength of the sensor with high-precision mea-
surement results. From an engineering perspective, using
thick metal plates instead of metal electrodes can enhance
the strength of the electrodes, effectively ensuring the
integrity of the electrodes in various application scenarios.
However, thicker metal electrodes can produce more severe
fringe effects, which can reduce the precision and sensitivity
of the sensor. Therefore, in applications where precision is
critical, thinner metal electrodes are often used. The con-
ventional method of using copper foil patches, where large-
area metal electrodes have adhered to pipes, can lead to
problems due to the difference in thermal expansion

Fig. 2. Wrinkles of the patch electrodes after recovery from cryogenic condition.
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Fig. 3. Visible cryogenic calibration and image evaluation facility (VCCIEF): (a) overall
view and (b) sectional view.

coefficients between the two materials. At cryogenic condi-
tions, the metal electrodes can easily wrinkle, form bubbles,
or even detach from the pipes. Distortion of the electrodes
can cause the sensor to fail completely. Alternative electrode
fixation methods must be employed to ensure the structural
integrity of the sensor under cryogenic applications. After
evaluating and testing the thick metal plate, copper foil
patch, cryogenic glue bonding, and other schemes. Fortu-
nately, the FPC can better meet the needs of Cryo-ECT. The
thickness of the polyimide film on both sides of the board is
25 um, which basically does not affect the imaging results,
and it is strongly bonded with the copper layer in the
manufacturing process, which prevents the copper layer
from wrinkle. The copper layer thickness is on the order of
micrometers, which also meets the requirements of Cryo-
ECT thin plates. Thus, the inherent strength of the FPC is
sufficient to overcome the challenges posed by cryogenic
conditions. In addition, the attachment of the FPC to the
pipeline does not depend on adhesive bonding. For each
sensor dimension, a corresponding mounting fixture is
employed, utilizing a crimping method for secure fastening.
This approach ensures optimal adherence of the sensor
to the pipeline during the processes of pre-cooling and re-
warming.

(4) Since the traditional patch scheme cannot even maintain the

integrity of its main structure under cryogenic conditions, we
conducted experiments using a room-temperature substi-
tute working fluid to compare the sampling stability per-
formance between the FPC scheme and the traditional
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scheme. Apart from the electrode scheme, all other condi-
tions such as pipeline dimensions and materials, CAU, and
imaging software were kept identical for both schemes. For
the experiment, a polypropylene particle—air fluid pair was
selected as the substitute working fluid. The relative
permittivity of polypropylene particles is 1.62, which is close
to that of LN2 (1.43) and LNG (1.63). The pipeline has a
diameter of DN70, is made of quartz glass, and has a thick-
ness of 2 mm. The CAU uses a ZJU-ECT capacitance acquisi-
tion card, developed by Institute of Refrigeration and
Cryogenics of Zhejiang University, and all connecting wires
are 1-m-long RG178 coaxial cables with SMA connectors. The
capacitance sampling results for the two schemes are shown
in Fig. 4. The capacitance of a pair of directly opposing
electrodes (electrode 1 and electrode 5) in the 8-electrode
sensor was measured continuously over time to present
the measurement stability of the two sensor configurations.
The results indicate that simply by adopting the FPC scheme
for the electrodes, the system's capacitance measurement
stability can be enhanced by 5 dB.

(5) This is the primary problem encountered in Cryo-ECT
research. High-precision CAU suitable for cryogenic fluids
has been developed and put into use in the previous pre-
liminary research based on normal temperature replacement
working medium.

FPC 65.3dB
® Patch 60.1 dB

0 200 400 600 800 1000

Samples

(©

Fig. 4. ECT sensor solution: (a) FPC, (b) patch, and (c) capacitance sampling result.

Based on these designs, the VCCIEF system in this paper can
normally complete ECT imaging under cryogenic conditions, and
observe the real flow pattern of the working fluid in the pipeline
through the observation window, so as to evaluate the imaging
quality of the Cryo-ECT system.

The VCCIEF comprises control valves, an LN2 liquid inlet, a
vacuum chamber, the test pipeline, and observation windows. The
air pressure of the internal pipeline of the experimental platform is
controlled by the valve, which acts as the inlet of the VN2 outlet of
the internal LN2 vaporization and the external gas supply end. The
LN2 liquid inlet is thermally insulated to avoid heat leakage at the
inlet, and the external LN2 supply end is connected to the experi-
mental platform through vacuum-insulated pipes and vacuum
joints. The vacuum chamber is connected to the external vacuum
pump to ensure the insulation of the internal pipeline to avoid the
boiling of cryogenic fluid to complete the sensor's full field cali-
bration and measurement process. The test pipe is a transparent
pipe to facilitate recording the phase distribution of the fluid inside
the test pipe through the observation window to evaluate the
inversion imaging results with the Cryo-ECT system, and the inner
diameter of the test pipe is 60 mm.

The sensor comprises flexible electrodes integrated with
sensing electrodes, a shielding ring, and a shielding cover. CAU is
connected to the sensor through a shield line. The CAU in this paper
is a subsystem for capacitive data acquisition and preliminary
processing. Its workflow is described as follows: The control and
processing unit receives signals from the host computer to initiate
the sampling process. The measurement signal generation module
then produces the excitation signals required for the measurement.
The switching module connects the excitation end and the mea-
surement section to the measuring electrodes on the sensor. The
signal measurement module performs the capacitance-to-voltage
conversion. The sampling module collects the voltage signals,
which are then processed by the control and processing unit. This
unit performs digital filtering and demodulation to convert the
voltage signals into capacitance values. Finally, the communication
module sends the processed capacitance values to the host com-
puter via wireless or wired communication. The sampling resolu-
tion of the CAU is 14 bits, with a capacitance measurement range of
2 pF, and the final imaging frequency is 5 Hz.

Before the experiment, the sensor was fixed on the periphery of
the test pipeline. Then, the CAU was connected to the sensor to
complete the initial installation of the experimental system. Purge
the air inside the pipe with pure N, to prevent condensation of
water vapor. Then, the vacuum pump is sealed and connected to the
exhaust port of the experimental platform. The air pressure in the
vacuum chamber is reduced to 10~# Pa at room temperature before
LN2 can be introduced. Since a large amount of LN2—VN2 two-
phase flow will be generated in the nonadiabatic pipe, and LN2 is
required in the full-field calibration process, the additional gas
phase generated will take a lot of time. The LN2 flow rate of the
standard volume tank delivered by the factory is low and unstable,
so it is inappropriate as the LN2 supply end of the experimental
platform. Therefore, the LN2 is transferred to a particular storage
tank in this experiment. The outlet of the storage tank is adiabatic
designed as the experimental platform, and an adiabatic pipe
connects the middle to reduce the gas phase content of the LN2
inlet end of the test pipeline. The tank can increase the outlet flow
through external pressurization to speed up the experiment
process.

At the beginning of the experiment, a pre-cool procedure was
conducted. After slowly introducing LN2 into the test pipe, the LN2
inside the test pipe will produce intense boiling. During this pro-
cess, the parts in contact with the cryogenic fluid, including the test
pipe and the sensor, will have small deformation. Due to the
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adaptive design, the sensor pole plate will not be folded and have a
cavity as in the conventional scheme, but the change in capacitance
value is inevitable. Therefore, ECT's empty and full field calibration
can only be completed after pre-cooling. In addition, the slight
deformation of the internal pipe connection during the pre-cooling
process will slightly destroy the vacuum degree, and the vacuum
chamber pressure will rise to 10~> Pa. The adiabatic characteristics
of the vacuum chamber under this pressure can still be maintained,
and the fluid in the test pipe basically does not produce boiling after
the pre-cooling is completed.

During the experiment, the liquid level inside the test pipeline
can be changed by adjusting the tilt angle of the experimental
platform, pressure valve, and external air source to realize rapid
liquid intake and discharge.

For a cryogenic pipeline system, calibrating the test section is
relatively straightforward for empty-field calibration; simply
introducing saturated nitrogen vapor after complete pre-cooling is
sufficient. However, full-field calibration presents a challenge. The
direct immersion method, which involves completely submerging
the test section horizontally or vertically into the liquid phase, does
not align with actual operating conditions, as cryogenic fluids
typically only exist within containers. Moreover, without proper
thermal insulation, heat leakage from the container surface can
interfere with the full-field calibration process due to the formation
of surrounding bubbles. This necessitates the use of a vacuum
chamber. Thus, the VCCIEF's vacuum chamber approach simulates
the working environment of the Cryo-ECT sensor and also allows
for convenient empty and full-field calibrations through valve
operations.

The vacuum chamber addresses the issue of creating full-field
calibration conditions, but the visualization feature of the VCCIEF
enhances the verification process. During observations without
thermal insulation, water vapor condensation near the cryogenic
fluid can significantly interfere with the acquisition of the true
liquid surface. Even with methods to isolate water vapor, it is
difficult to clearly obtain the true phase distribution. The VCCIEF
uses transparent materials to construct the test pipeline and has
observation viewports on the vacuum chamber, allowing for multi-
angle observation of the cryogenic fluid inside the pipeline. This
unobstructed recording of the true flow pattern can be compared
with the imaged results to assess the imaging performance of the
Cryo-ECT system.

In addition to this, the VCCIEF also set up an LN2 chamber above
the experimental pipeline, allowing liquid nitrogen to flow into the
pipeline from top to bottom, which can be seen in Fig. 3(b). This
design facilitates the implementation of full-field calibration more
conveniently.

3. Reconstruction Method

The Cryo-ECT system applied an 8-electrode sensor scheme, and
the sampled data in each frame consists of 28 mutual capacitors
generated by the combination of these electrodes in pairs. Each
frame of the phase distribution image is divided into 1836 2D
triangular cells using the finite element method (FEM). The sam-
pling data of each frame and the phase distribution image are
mapped to each other. Generating sampled data from phase dis-
tribution images is known as a forward problem, and vice versa is
an inverse problem. The forward problem is a well-posed problem
that Maxwell's equations can solve, and the accuracy of the solution
depends on the fineness of the meshing, which is considered to be a
solved problem. The inverse problem is underdetermined, and the
solution is not unique, depending on the solution method. The
solution algorithms range from the original linear algorithms, such
as linear back projection (LBP) and iterative algorithms, to the

popular machine learning models in recent years. This paper uses
two classical linear algorithms, LBP and Landweber iterative, with
two pre-trained deep learning models, a fully connected deep
neural network (FCDNN), and a convolutional neural network
(CNN). Since the main creative work of this paper is real-time Cryo-
ECT system imaging, in order to avoid too long a computation time,
this paper does not use a too complex deep network model.

3.1. Linear algorithm
(1) LBP algorithm

A discretized formulation of the forward problem to calculate
the mutual capacitance can be simplified as

C=SE (1)

C is an M x 1 normalized capacitance value vector, and M is the
number of capacitances in a data frame, which is 28 in this work. E
is an N x 1 normalized dielectric permittivity distribution vector,
which is to be calculated in the inverse problem. N is the number of
FEM cells in the computational domain, which is 1836 in this work.
S is an M x N normalized sensitivity.

The LBP algorithm can be established as follows.

E = 5"C[diag(s"1)| B (2)

where I = (1 1---1)". The critical idea of this algorithm is that the
sensitivity field is not a matrix, and C cannot be directly obtained by
multiplying both sides of the equation by $~'. Instead, in this al-
gorithm, S~ is replaced with ST.

The LBP algorithm is the fastest and most universal method for
the ECT inversion algorithm with limited accuracy. It can be used as
a preliminary validation of the system and as an initial value for
other algorithms.

(2) Landweber iteration

The Landweber iterative algorithm is developed based on the
steepest descent method. Its iterative expression can be described
as

Ey 1 = Ex + o ST(C — SEy) 3)

Taking oy, as the independent variable, the minimum value of
|Eg 1 H% appears when the partial derivative is 0 and the optimal
iteration step size [28] is

st .
k

Jss'd;

3.2. Machine learning method

The machine learning (ML) model can directly map the
nonlinearity between the measured capacitance vector C and the
dielectric permittivity distribution vector E.

E = ML(C) (5)

In this paper, the imaging of ECT is regarded as a supervised
regression problem, and each deep learning network model is
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trained by the forward problem calculation. For imaging scenarios
involving just a single flow pattern, using this kind of flow pattern
to train the network can undoubtedly obtain the best improvement
of reconstruction results in theory. However, the actual imaging
scenario is not the preset single-flow type. Due to the noise of the
measurement system, non-standard flow patterns, and other fac-
tors, the characteristics of capacitance data measured by real im-
aging may be very different from those trained by the deep learning
model. So the model needs to have good generalization ability.
Apart from the structure of the model, the configuration of training
samples is also an important way. The sample set of the deep
learning model involved in this paper uses 60000 sets of
capacitance—permittivity sample pairs, involving flow patterns
including stratified, 1 bar, 2 bar, 3 bar, column, loop flow, and their
anti-phase flow patterns.

(1) Fully connected deep neural network

The fully connected deep neural network (FCDNN) is a basic
neural network structure known as a Densely Connected Neural
Network. In an FCDNN, each layer of neurons is fully connected to
all neurons in the previous layer, which means that each neuron
receives the output of all neurons in the last layer as input and
produces its output signal to pass to the next layer. The basic
principle of the fully connected neural network is to train through
the backpropagation (BP) algorithm. By constantly adjusting the
weights and biases of the neurons, the error between the network
output and the actual value is minimized.

The FCDNN in this paper is a 6-layer network consisting of an
input, output, and four hidden layers (Fig. 5). The input layer re-
ceives capacitance data of 28 x 1. This usually represents a gray-
scale image, which has a width of 28. This is followed by four fully

Fig. 5. Scheme of FCDNN.

connected layers, each of which is followed by a ReLU function for
adding nonlinearity. The number of nodes in these layers is 50, 200,
500, and 2000, respectively. After the last fully connected layer, a
dropout layer is added with a dropout probability of 0.5. This means
that each node in that layer has a 50% chance of being randomly
“switched off” during training, which helps prevent overfitting.
Finally, the output layer has 1836 nodes. Before the output layer, a
sigmoid activation function is added.

(2) Convolutional neural network

The convolutional neural network (CNN) extracts features of
input images through convolution operation and has shown good
feature learning ability in the field of ECT imaging. The basic
structure of the CNN includes an input layer, convolutional layer,
pooling layer, fully connected layer, and output layer, which is
shown in Fig. 6. Among them, the convolutional layer is the core of
the convolutional neural network, which extracts the features of
the input data through convolution operation. Pooling layers are
used to reduce the dimensionality of the data, reducing computa-
tion and the risk of overfitting. The fully connected layer is used to
integrate the features extracted by the convolutional layer and the
pooling layer to output the final imaging result. Through the
transformation of different convolution kernels, the network
combines the low-level features into a high-level feature repre-
sentation and can learn and extract the internal laws and patterns
of the input capacitance data.

Convolutional neural networks also need to use back-
propagation and optimization algorithms to continuously adjust
the weights and biases of neurons during the training process to
minimize the error between the output and the actual value.

For the convolutional neural network trained in this paper, first,
the 28 x 1 capacitance data vector needs to be converted into 3D
data, that is, the size of the input layer is defined to be 28 x 1 x 1.
After that, there are multiple modules. The first layer of each con-
volutional module is a convolutional layer, which is followed by a
ReLU activation layer. The filter size of the convolutional layer is
3 x 1, and the number of filters per convolutional layer is increasing
(from 5 to 500). Zeros are added to the edges of the input data
through the padding mechanism so that the size of the output
feature map is the same as the input. Following each activation
layer is a pooling layer with a pooling window size of 2 x 1 and a
step size of one. Since the step size is 1, this means that the pooling
operation does not actually reduce the height of the feature map,
but only a bit in the width, which may also remain the same due to
the Padding mechanism. After multiple convolutional and pooling
layers, the network contains three fully connected layers with
2000, 5000, and 1836 nodes. After that, a sigmoid activation layer is
used. Because the sigmoid function limits the output between
0 and 1, it conforms to the grayscale range of the ECT output image.

This paper uses the Adam method as the optimizer for both
network models.

4. Numerical Experiment

In order to evaluate the performance of each algorithm and
determine whether it can be used in the actual LN2—VN2 real-time
imaging scene, a numerical simulation experiment was carried out
after the models were trained. The experiment simulates the im-
aging results of each preset flow pattern. Since it is a numerical
experiment, the imaging results can be compared with the preset
flow pattern to obtain three quantitative parameters: correlation
coefficient (CC), image error (IE), and void fraction error (VFE) [27].
The closer the CC is to 1, the smaller the IE and VFE are, and the
closer the imaging results are to the preset flow pattern. The
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Fig. 6. Scheme of CNN.
Flow patiern  Real flow LBP Landweber  FCDNN CNN imaging results are shown in Fig. 7, where red represents LN2 and

blue represents VN2, while the presentation of these quantitative
comparison data is shown in Figs. 8—10. These parameters are
classified according to different flow patterns in the test set and
averaged to show the imaging differences of the algorithm on
different flow patterns. Through them, the imaging effect of the
algorithm can be measured from multiple dimensions.

From these results, it can be observed that the imaging perfor-
mance of the four algorithms improves with the complexity of the
algorithm in most cases at all levels, but the simple FCDNN may be
the worst in terms of the imaging metrics for a specific flow pattern.
This may be because the structure of FCDNN is too simple in deep
neural networks to perform sample fitting well. On the contrary,
CNN has confirmed its superiority in image imaging at all levels and
can cover various flow patterns with superior imaging performance
such as 3 bar and loop. It is used as the actual LN2—VN2 imaging
algorithm.
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Fig. 7. Reconstructed images for different algorithms in numerical experiment. Fig. 9. IE of algorithms in each flow pattern.
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5. Experiment Results

A dynamic cryogenic experiment was conducted in this work on
the proposed Cryo-ECT system.

Firstly, N is used for purging at room temperature, and then a
small amount of LN2 is introduced into the internal pipeline of
the test bed for pre-cooling. At this time, the surface of LN2 will
boil vigorously, and continuous rising bubbles are generated on
the side of the transparent pipeline. When LN2 in the tube is no
longer boiling, it indicates that the pre-cooling step has been
completed. At this time, the inside of the experimental pipeline is
filled with saturated VN2, and the empty field calibration step is
carried out.

After the inside of the test pipeline is fully filled with LN2,
which is the full field calibration procedure, after pressure
adjustment, the recording begins. The LN2 liquid level surges,
relying on the external N2 source at room temperature to provide
pressure, and the LN2 inside the experimental pipeline is quickly
drained until the pipeline is pure VN2. The algorithm used for
real-time inversion by the imaging software is a pre-trained CNN
model with an imaging frequency of 5 Hz. The recorded time
series data is saved as a.txt file, and the change in the cavitation
rate is calculated according to the inversion results of the CNN
model. The cavitation rate-time change diagram is drawn, as
shown in Fig. 11.

The time series data recorded by void fraction (VF) change
during a drainage event is saved as a.txt file. The change of VF is
calculated according to the inversion results of the CNN model, and
the VF—time change diagram is drawn, as shown in Fig. 11. The
stable VF = 0 segment at the beginning is the full field stage, and
the final close to 100% is the empty field. The intermediate VF rising
stage is the VN2 discharge stage. Because the draining process
through the external pressure is not stable, the VF curve's slope is
inconsistent.

In addition to this, the LBP, Landweber, and FCDNN methods
were used for secondary imaging after the experiment. At the same
time, according to the timestamp, look up the camera recorded at
that time and compare it with the imaging results.

The real flow pattern, the CNN real-time imaging results, and
the secondary imaging results are shown in Fig. 12. In previous
publications, the real image is mapped to the cells of the
computational domain and then compared with the inversion
image under the flow pattern quantitatively and qualitatively.
The accuracy of the inversion image is indicated by image
analysis parameters such as correlation coefficient and image
error.

Since this experiment is a dynamic test, the real flow pattern is
not a stationary stratified flow like the static test, with fluctuations
and surge, which cannot be directly mapped into the computa-
tional domain as in the previous operation. Therefore, only real
dynamic images and imaging results of each algorithm at a few
moments are shown in this paper.

Although there is no precise comparison of quantitative param-
eters, the difference in performance of the individual algorithms on
the Cryo-ECT system is intuitive. Among these imaging methods, the
CNN model is undoubtedly the most accurate. The performance of
the traditional linear algorithm is based on physical information, and
it is reliable in most conditions. Even if the most precise imaging
results cannot be obtained, it still performs well in the preliminary
judgment. The drawback is the unavoidable artifacts at the periphery
of the computational domain, which can be in the gas or liquid
phases. The other is the relatively fuzzy phase interface boundary.

The reliability of the machine learning method depends on the
generalization ability under the model parameter setting and the
quality of the training sample. It will produce good results in the
range of model fitting, such as P1, P2, and P5 in the FCDNN results.
Its error will be uncontrollable and produce relatively chaotic re-
sults, such as P3 in FCDNN results, or identify as other popular, such
as P7 in FCDNN, combining laminar flow patterns and artifacts to
identify as 1 bar flow.

Therefore, the application of machine learning methods in Cryo-
ECT should use a model with strong enough generalization. Obvi-
ously, FCDNN generally has poorer generalization ability than CNN,
as verified by experimental results. The reason is that each neuron
in FCDNN is connected to all neurons in the previous layer, leading
to a large number of parameters and a tendency to overfit, espe-
cially when training data is limited. Although various mechanisms
are employed to avoid this, the results of the cryogenic experiments
show otherwise. In contrast, CNN significantly reduces the number
of parameters through the design of convolutional and pooling
layers. The convolutional kernels in the convolutional layers share
weights across different positions of the input data, which not only
reduces the number of parameters but also enables the model to
better capture the relationships between input capacitance data.
Additionally, the pooling layers reduce the size of feature maps
through down-sampling, lowering model complexity and extract-
ing invariant features.

The imaging results of CNN are also not perfect, and a relatively
choppy phase interface can be seen. The reasons are as follows:
Firstly, the mesh size is not small enough, so this problem will not
be noticed when the phase interface is blurred, but the transition
band of the CNN imaging result is small, and the shortcomings of
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Fig. 11. Calculated VF change during a water drainage event.
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Fig. 12. Photos and reconstructed images for different algorithms.

the triangular mesh interface cannot be fully fitted under the
laminar flow pattern will be more obvious. Secondly, there is noise
in the capacitance data obtained from the actual sampling.

6. Conclusions

The VCCIEF designed and fabricated in this work is a successful
platform. This scheme can serve as a mounting platform for a Cryo-
ECT system, used for testing and evaluation of the Cryo-ECT system
during the research and development phase. The platform over-
comes the problem of difficult observation of the liquid surface of
cryogenic fluids that existed in previous studies using direct im-
mersion methods or other methods. The design of the vacuum
chamber effectively avoids the frosting of the observation interface
or the obstruction by opaque materials. This allows for precise and
timely synchronous recording of the real liquid surface and imaging
results during the imaging process, which can be used to assess the
performance of the Cryo-ECT system installed on the platform. The
construction of the pipeline system also effectively reduces the
contact opportunities between the testing process and the cryo-
genic working fluid, thereby significantly enhancing safety. In
summary, VCCIEF can complete the procedures of empty field
calibration, full field calibration, dynamic flow pattern setting, and
flow pattern recording in the imaging process of LN2—VN2 two-
phase flow ECT.

The Cryo-ECT system assessed in this paper also effectively ad-
dresses the structural failure of traditional ECT sensors at cryogenic
conditions, solving the availability of Cryo-ECT from a hardware
perspective. Moreover, the adaptive design of the CAU improves the
measurement accuracy.

The Cryo-ECT system, together with VCCIEF, completed this
experiment's real-time dynamic imaging of cryogenic fluid phase
distribution and recorded an LN2 draining process starting from the
full field. The calculated VF value can correspond to the process, and

the inversion image can also correspond to the real phase distri-
bution. The performance of the traditional linear algorithm and two
machine learning models on cryogenic fluid imaging is also
compared, which shows the superiority of the CNN model in the
actual imaging of Cryo-ECT. The imaging results also show that
machine learning methods are mature and accurate enough for the
Cryo-ECT system. Meanwhile, the traditional linear algorithm can
not be abandoned, and the imaging results of different algorithms
can be displayed simultaneously as multiple observations in the
actual imaging, ensuring that a single algorithm is misleading to the
measurement results. Among them, the result of the traditional
linear algorithm is an important basis for judgment.

The Cryo-ECT imaging process also reflects the need for
improvement of the experimental platform. The LN2 inlet of the
experimental platform requires special vacuum insulation joints
and pipes and LN2 transfer, which takes up more preparation time.
Additional equipment can be reduced by using built-in LN2 storage
tanks and controlling the flow of internal pipes through valves. The
integration of CAU is not enough, and imaging still needs a com-
puter platform. The use of embedded processing units and imaging
systems will reduce the scale of electronic equipment and facilitate
the promotion and use in the engineering stage. These are the next
improvement work.

These findings underscore the importance of having a robust
experimental platform during the instrument's development
phase, the efficacy of employing a vacuum jacket for Cryo-ECT
performance assessments, and the demonstrated superiority of
CNN in actual Cryo-ECT imaging scenarios. Our results also high-
light that CNN outperforms traditional linear algorithms in imaging
quality, making it a reliable addition to imaging software for
enhanced Cryo-ECT system performance.

The following conclusion can be drawn.

(1) To meet the full-field calibration conditions, the Cryo-ECT
facility must be designed with vacuum insulation.

(2) FPC electrodes perform better than traditional patch solu-
tions at low temperatures and can meet cryogenic
conditions.

(3) Compared with traditional algorithms based on sensitivity
fields and FCDNN, CNN has better imaging accuracy.
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