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Abstract: Hydrogen energy vehicles are being increasingly widely used. To ensure the safety of
hydrogenation stations, research into the detection of hydrogen leaks is required. Offline analysis
using data machine learning is achieved using Spark SQL and Spark MLlib technology. In this study,
to determine the safety status of a hydrogen refueling station, we used multiple algorithm models to
perform calculation and analysis: a multi-source data association prediction algorithm, a random gra-
dient descent algorithm, a deep neural network optimization algorithm, and other algorithm models.
We successfully analyzed the data, including the potential relationships, internal relationships, and
operation laws between the data, to detect the safety statuses of hydrogen refueling stations.

Keywords: data acquisition; energy safety; hydrogen safety

1. Introduction

The world needs to embrace the transition to clean energy. The Intergovernmental
Panel on Climate Change (IPCC) reports that climate change is one of the main challenges
facing our modern society [1]. The carbon dioxide (CO2) emissions of fossil-fuel-powered
vehicles are currently responsible for approximately one-quarter of the total emissions
of greenhouse gases into the atmosphere. The development of sustainable mobility has
become a key mandate for reducing the impact of global climate change. It is therefore
essential to examine the use of renewable fuels instead of fossil fuels to reduce greenhouse
gas emissions, e.g., [2–4], to achieve sustainable transportation. Hydrogen energy can
meet these requirements of sustainable development. Hydrogen refueling stations will be
built for the high-level development of hydrogen programs, and hydrogen will need to be
transported from the source to the station. Most of the hydrogen storage measures have
been independently developed by two Chinese hydrogen refueling stations using advanced
technology: compression devices, equipped with an engine and a central system. However,
the costs of constructing hydrogen power plants and hydrogen compressor hydrogenation
equipment are relatively high. Among the construction costs for hydrogenation power
plants, the total cost of a single hydrogen compressor is the highest, followed by the safety
and maintenance costs.

Through a literature review and investigation of some hydrogenation stations, we
found that the safety monitoring of hydrogenation stations involves manual data moni-
toring based on a set safety threshold for the hydrogen concentration or pressure in the
container, rather than real-time dynamic monitoring during vehicle hydrogenation. Start-
ing with this problem, we studied the safety problems in real-time monitoring for vehicle
hydrogenation to ensure the safety of the hydrogenation station in operation. It has high
technical practicability and application value [5].

The characteristics of hydrogen determine the compatibility of hydrogen and materials;
that is, for hydrogen systems in high-pressure environments, the careful selection of metal
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materials is required, which is closely related to the safety of hydrogen in use, such as
in hydrogen storage bottles, pipes, valves, instruments, and pipe fittings. When the
temperature and voltage of the material reach certain values, hydrogen is easily dissociated
and forms ultra-small-diameter hydrogen atoms that penetrate into the metal material.
After entering the metal material, the hydrogen atoms are oxidized and converted into
hydrogen molecules in the internal material, and react with the carbon element in the
internal material, resulting in decarbonization and producing methane. Acetylene produces
oxidation resistance and stress resistance inside the material, slowly reducing the plasticity
and yield hardness of the material, causing cracks and fractures. Therefore, hydrogen
refueling stations present certain safety hazards [6].

The explosive concentration range of hydrogen is 18.3~59.0v%, and the combustion
range is 4.0~75.0v%. The literature records the combustion concentration range of hydrogen
(4.0~75.0v%) as the explosive concentration range, which amplifies the explosiveness of
hydrogen. When hydrogen combusts, the calorific value per unit volume and the explosive
energy per unit volume are relatively low. The anti-fatigue performance of hydrogen
regarding the explosive energy per unit volume is 57% that of gasoline. When the specific
gravity of air is 3.4~4.0 (air = 1), the specific gravity of gasoline vapor is 1, and that of
hydrogen is only 0.0695. When gasoline leaks into the air, it accumulates on the ground.
Hydrogen and natural gas are flammable and explosive gases. Compared with hydrogen,
it’s easily diffuses upward into the air and has good mechanical properties in a confined
space. Hydrogen is not more dangerous than natural gas [7]. It is important to analyze the
data and the potential relationship, internal relationship and operation law between the
data using various algorithm models to determine the safety status of hydrogen refueling
stations [8].

2. Hydrogen Safety Algorithm
2.1. Hydrogen Safety Algorithm

A PLC imports many types of hydrogen refueling station data; if a simple linear
regression algorithm is used, it will consume a lot of time and negatively impact the
model’s results. Therefore, the stochastic gradient descent method was adopted, the
temperature was the prediction target, and the characteristic data were used for data
correlation fitting [9].

In a two-equation model, J(θ) changes downward in Equation (1); the algorithm ends
at the point at which θ cannot continue to decrease. The loss function corresponds to
the granularity of each sample in the training set, and the above batch gradient descent
corresponds to all the training samples in Equations (2) and (3). The following describes
the various measures in sklearn: the mean square error (MSE) is the average of the cost
function of minimizing the sum of squares (SSE) in the linear regression model fitting
process. The stochastic gradient descent of the loss function of each sample is minimized.
Although not every iteration of the loss function is toward the global optimal direction [10],
the overall direction is toward the global optimal solution, and the final result is often close
to the global optimal solution [11].

The formula is as follows:

θi = θi −
δ

δθ
− J(θ) = θi − α(hθ(x)− y)xi (1)

J(θ) =
1
m ∑m

i=1
1
2
(yi − hθ(xi)

2
=

1
m ∑m

i=1 cos t
(
θ,
(

xi, yi
))

(2)

cos t(θ, (xˆi, yˆi)) = 1/2(yˆi − x_i))ˆ2 (3)

1
m ∑m

i=1 (yi −
.

yi)
2 (4)
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2.2. High-Pressure Hydrogen for Fuel Cell Vehicles

The hydrogen storage cylinder is usually refueled to a pressure level of 35 or 70 MPa.
After the dispenser terminates the refueling, the warm fuel tank slowly cools down as heat
is transferred to its cooler surroundings. The decreasing gas temperature is accompanied
by a pressure decrease, and this decrease continues until the gas temperature is equal to
the ambient temperature. The “settled” pressure is less than the pressure immediately after
refueling. If this pressure is less than the nominal working pressure (NWP), the tank has
been underfilled [12].

It can be seen that the estimation of the tank volume is an important link in the
compensation algorithm, which can be derived from the actual gas state equation:

PV = ZmRT, (5)

where V represents the volume of the hydrogen tank, Z is the compressibility factor, m
is the mass of hydrogen, and R is the universal gas constant. After the filling of a small
amount of H2, the amount of H2 injected into the tank is:

∆m = V (P2/Z2T2 − P1/Z1T1)/R, (6)

where the subscript 1 represents the parameter before the filling and the subscript 2 represents
the parameter after the filling, therefore, [p1,p4] [13]:

V = R∆m/(P2/Z2T2 − P1/Z1T1), (7)

In (7), only Z2 and T2 are unknown, and Z2 is a function of P2 and T2, so T2 prediction
will provide an accurate value for V. According to the above formula, the tank volume is
calculated, and according to the value of the tank volume, if the pressure is less than the
nominal working pressure (NWP), the current hydrogen storage tank needs to be charged
or the gas tank needs to be replaced.

2.3. Operating Restrictions When Refueling Hydrogen Tanks

For security reasons, ISO 15869 stipulates that the hydrogen temperature cannot
exceed 85 ◦C. The precooled temperature should not be less than −40 ◦C. Too fast filling
will result in a significant temperature rise, so the maximum mass filling rate is prescribed
as 60 g/s (equivalent to 10 kg/180 s) [14]. On the other hand, if the filling rate is too slow,
the filling time will exceed 5 min. Since the temperature rise is significant and should be
controlled, many researchers have studied the temperature behavior of hydrogen tanks
during fast filling. With no control, the gas temperature is likely to exceed 85 ◦C [15].

3. Analysis and Results
3.1. Hydrogen Data Analysis

By analyzing the types of hydrogenation data, we can obtain the important factors
affecting hydrogen safety. A total of 1.206 million pieces of experimental data were used,
and each set of data included nine different hydrogen data types related to hydrogenation
safety, obtained by correlation analysis [16].

Any missing values were filtered out as abnormal data. Because missing data cause
serious deviations in subsequent calculations, it is important to clean up and summarize
the data before analysis, as shown in Table 1.

Through multiple linear correlation calculations, it was found that temperature had
the greatest influence on the safety factor.
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Table 1. Hydrogen data description.

Name Stddev Max

Pressure_in_a 65.337 350.0
Pressure_out_a 160.751 420.0

Temp_out_a 15.320 68.0
Pressure_in_b 30.446 192.0
Temp_out_b 10.078 67.0

High_pressure_out 32.632 412.0
Mid_pressure_out 41.676 414.0

Safe_state 0.219 2.0
Hydrogenation time 2.449 9

3.2. Hydrogenation Process of Hydrogen Station

This work analyzed the hydrogenation data for the abovementioned hydrogen re-
fueling station, and the hydrogenation process is described, which will be beneficial for
matching the weight coefficient of the entire data and improving the accuracy of the algo-
rithm [8,9]. The hydrogen refueling process for the hydrogen refueling station is shown in
Figure 1.

System control is the safety hub of the hydrogen refueling station, with the function
of checking all the current sensor data. When the real-time data exceed the predicted
safety threshold or a developing trend suggests that they may exceed the safety value, an
early warning is required to shut down the filling port and compressor of the hydrogen
refueling station.
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Figure 1. Hydrogenation process.

According to the hydrogenation process of the hydrogenation station shown in the
figure above, the sensor collects five external data: the “time point” (indicated by the times-
tamp), “compressor pressure value”, “hydrogen pressure”, “hydrogenation temperature”,
and “hydrogenation rate” at the filling port of the hydrogenator. Obtaining four fitting
curves is helpful for early warnings for the trend and upper limit for hydrogenation safety
in the actual external environment. Since the ultimate goal is to refuel the vehicle, it is
necessary to analyze the hydrogen data when refueling the vehicle and reflect whether the
current hydrogen refueling process needs to adjust the flow or air pressure according to
these data to reduce the risk during hydrogenation.

The equipment studied in this work belongs to a 70 MPa gas filling station. As
shown in the data analysis table in Figure 2 below, one can observe multiple fitting curves
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between the compressor’s interior’s pressure and the vehicle hydrogenation time. When
the pressure of the compressor rises to 30 MPa, it can be said that the filling machine of
the external vehicle has begun to work. As the pressure of the hydrogen storage tank
and the compressor gradually stabilized, the compressor began to further pressurize. In
the “car temperature” graph on the right, it can be observed that the car temperature also
rose. By simulating more than 100,000 hydrogenation data, combined with hydrogenation
safety assessments, the vehicle’s maximum hydrogenation upper limit temperature was
determined to be 55 ◦C. If the temperature of the vehicle is higher than 55 ◦C during
hydrogenation, the sensor should provide an early warning to cool the vehicle or reduce
the hydrogenation flow.
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The flow data for the filling machine are important reference data. According to
the flow data for the filling machine, we can further judge whether there is an abnormal
phenomenon in the current filling system. This study analyzed the sensor data, and divided
the large-scale vehicles and the small- and medium-sized vehicles according to the fitting
trend process for the filling machine. In Figure 3, the left graph shows the flow of the
large vehicle filling machine. According to the multiple linear regression fitting, under the
premise of ensuring that the incoming data had no safety hazards, the current flow rates of
the filling ports of large vehicles ranged from 0 to 40, and there were two peaks. The overall
data show a blocky peak shape. If the flow rate exceeds 40, there may be an abnormal
situation in the current filling port, and the filling should be stopped and checked manually.
For small and medium-sized cars, the maximum number of lines was 35, and there was
only one peak, after which the rate stabilized and gradually decreased. If the peak value is
exceeded, there may be an abnormal situation at the current filling port. The filling should
be stopped, and manual verification should be carried out.

3.3. Results

According to the data summarized in Figure 1 and Table 1, the hydrogenation data and
hydrogenation process were analyzed in detail. The hydrogenation cylinder pressurizes
the gas to the high-pressure hydrogen storage cylinder and the medium-pressure hydrogen
storage cylinder through the compressor; the two hydrogen storage cylinders do not work
at the same time. Temperature sensors are distributed at the outlet of the compressor to
detect the outlet temperature.
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In this study, pyspark MLlib was used to analyze the algorithm, and the “safe
state” was set as the prediction target; the rest of the data were set as the characteris-
tic values [17,18]. The data were divided into a training set and test set for a numerical
simulation. Finally, according to the stochastic gradient descent algorithm provided above,
a minimum point convergence can be obtained, to find the optimal function x. In the
algorithm, the data source of the input layer is related to the entire hydrogenation process.
The model includes tanked hydrogen trucks, two hydrogen compressors, high-pressure
compressors, and medium-pressure compressors, as well as a final gas dispenser and gas
filling trucks. All the data are linked by the same time stamp, and there are temperature
and pressure sensors in all the devices. The filling flow also involves the filling port.
Monitoring the filling flow rate can most intuitively indicate whether the current external
hydrogenation environment is safe. Using the pyspark MLlib algorithm for data analysis,
the predicted safety factor and related feature label data can be obtained [19].

Based on the above values, the data in the training set can be used to predict the
possible periodic values of each piece of equipment in the hydrogenation station during
the hydrogenation process and predict whether the current state or future state is abnormal
or dangerous according to the generated values. Predict the current state or future state, as
shown in Figure 4.

In order to obtain an unbiased estimation of model performance, it is important to use
unknown data to evaluate the test in the training process. Therefore, the data set needs
to be divided into a training data set and a test data set. The former is used to train the
model, and the latter is used to evaluate the generalization performance of the model on
unknown data.

According to the feature results predicted by pyspark MLlib, the data were prepro-
cessed, and the outlet temperatures of compressors A and B were extracted and stored in
the cloud database for further analysis [20,21].

At the same time, the outlet temperatures of compressors A and B were transmitted
from the back end to the front end, and the direction of data flow was displayed using
the Echart function. When there is a fluctuation, it means that the filling machine is
working for the vehicle and needs to be pressurized before filling. The following high-
pressure temperature prediction and medium-pressure temperature prediction are the
inlet temperatures of the high-pressure hydrogen storage tank and the medium-pressure
hydrogen storage tank connected to compressors A and B, respectively, which are important
characteristic indicators of system safety. Therefore, the calculation method, high-pressure
temperature and medium-pressure temperature are visually monitored. As shown in
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Figure 5, we extracted the predicted feature data and filtered out the predicted equipment
temperature of the compressor for visualization. The horizontal axis is the start time, and
its unit is seconds.
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The algorithm can predict real-time data based on historical data and provide early
warnings based on the set safety threshold. If the predicted data exceed the safety threshold,
an early warning is given to prevent danger. As relatively confidential places in China,
hydrogen refueling stations have certain requirements for privacy. More detailed data that
threaten confidentiality are therefore not suitable for display and analysis; therefore, this
system does not take them into consideration.
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Because different hydrogen refueling stations have different design drawings and
general hydrogen refueling methods, the design of the large-screen display system for this
system is different, so it cannot be flexibly applied to various hydrogen refueling stations
and has certain limitations and shortcomings of inflexibility. The above shortcomings are
not unable to be remedied or improved, but they require time and effort to address, as well
as data and equipment support, especially regarding data requirements.

According to the research results, the use of machine learning can improve the accuracy
with which the possible development of hydrogen leakage accidents is predicted. The
optimization of the model is inseparable from the accuracy and comprehensiveness of the
data. Considering the environment of hydrogen refueling stations on a large scale and
introducing potential dangerous scenarios into algorithm analysis will greatly improve the
prediction and research of hydrogen safety analysis.

Finally, the multiple linear regression model z = H(w) for the outlet temperature of
compressor A is obtained, z is the outlet temperature of compressor A, β1 is the state of
compressor A (1 means on; 2 means off), β2 is the inlet pressure of compressor A, and β3
is the pressure of compressor A. For the outlet pressure, β4 is the state of compressor B
(1 means on; 2 means off), β5 is the inlet pressure of compressor B, and β6 is the output
pressure of compressor B. β7 is the output temperature of compressor B, as shown in
Theorem 8:

z = −6.84β1 − (2.443e + 08)(β2 − β5) + 0.054β3 + 1.74β4 − 0.06β6 + 0.804β7 + 15.346 (8)

Using multiple linear regression and spark milib for big data machine learning analy-
sis, the obtained parameter values can be used for the linkage analysis of relevant hydro-
genation machines in the process of vehicle hydrogenation. Finally, Z is the temperature of
compressor A. When the temperature reaches a certain threshold, the current equipment
should be treated with a decompression gradient to ensure safety. These parameters are
flexible and changeable. They can be improved according to the workflows of different
hydrogenation station equipment. Finally, this logic can be written into the central con-
trol machine for automatic control and reduce labor costs and human omissions. It is
believed that the idea presented in this paper can be better developed in follow-up studies,
providing greater assurance of safety in the hydrogenation process.

4. Discussion

Through the model established above, the equipment’s real-time data input model was
compared with the prediction results, and the equipment control strategy was obtained.
Taking temperature as an example, the operating temperature of the equipment was
predicted according to the model, and the control strategy was specified to ensure that the
equipment operated within a safe temperature range, ensuring safe operation.

To verify the credibility and validity of the results, gradient decision tree regression
prediction was used to mine and analyze the important feature values of the data. The
data were divided into a training set and test set in a 7:3 ratio. From the visualization
system, various feature values were further predicted. To test the effect of model prediction,
we simulated the predicted results and the actual target. Figure 6 shows the target gas
temperature sorting results for the equipment. The test results are in line with the predicted
results, which further proves that the model has practical application value.
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