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Abstract

Monitoring hydrogen refueling stations (HRS) ensures the safety of their op-
erations as well as meeting the required performance standard for refueling.
Traditionally, table-based or dynamic control of fueling process methods were
used to guide the fueling process. We propose to use machine learning meth-
ods to predict the main performance target of the fueling process; the state of
charge (SOC). Based on initial operating conditions in start-up fueling time,
least absolute shrinkage and selection operator (LASSO) is used to predict
non-dispensing fueling events, normal, and undershot dispensing events. The
computational experiments were conducted on three hydrogen refueling sta-
tions with up to two-years of operational data. The classification accuracy
reached over 85% on three stations. The SOC in future time steps were pre-
dicted using a multi-task regression model. The predicted future SOC within
one minute is accurate on two data-rich stations. In both classification and
regression tasks, the training models built on data-rich stations greatly im-
proved the performance of a station with much less training data. These
results show using machine learning methods on predicting the performance
of fueling events is feasible and satisfactory on HRS. To optimize operation
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strategies, machine learning models can be integrated into the controller of
HRS as an alternative way of controlling the fueling process.

Keywords: Hydrogen Refueling Station, Machine Learning, Multi-task
Learning

1. Introduction

The electrification of transportation has been widely accepted as an effi-
cient means of reducing carbon emission. In the past 20 years, advances in
hydrogen fuel cells have enabled the electrification of transportation thanks
to a significant increase in energy density by weight and volume. Networks
of hydrogen refueling stations (HRS) are being developed across Canada and
in many other countries. With the increase of hydrogen refueling infrastruc-
ture, monitoring these hydrogen refueling stations ensures the safety of their
operations.

A hydrogen refueling station is typically composed of a compressor, stor-
age banks, controller, chiller, and dispenser. As defined in the Fueling Pro-
tocols for Light Duty Gaseous Hydrogen Surface Vehicles SAE J2601, the
fueling process consists of a start-up time, main fueling time, and shutdown
time [1]. A representative fueling profile is shown in Figure 1. During start-
up time (left of the first vertical blue line), the nozzle is connected to the
vehicle, and a connection pulse is initiated consisting of a brief increase and
hold of pressure. The station measures the initial pressure and the capacity
category of the compressed hydrogen storage system (CHSS) of the vehicle
in this start-up time. The initial leak check is performed after the nozzle is
connected and prior to the main fueling time. If the dispenser is properly
connected to the vehicle and there is no pressure decay indicating a leak, the
main fueling begins with the hydrogen flowing into the vehicle tank. During
the main fueling time (between two vertical blue lines), the pressure rises and
the temperature of CHSS increases. At most two leak checks are performed
during the main fueling time to determine if there are any leaks in the system.
The CHSS capacity determined during the start-up time is used to determine
the State of Charge (SOC). SOC is the ratio of CHSS hydrogen density to
the density at Normal Working Pressure (NWP) rated at the standard tem-
perature 15oC [1]. When SOC is above 95% (it can be either the station or
the CHSS SOC, whichever is greater), the hydrogen stops being dispensed to
the vehicle. In this shutdown phase (right of the second vertical blue line),
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the hydrogen in the dispenser hose is vented to release the pressure in the
line.

Figure 1: A representative fueling profile, left panel: station pressure (black) and vehicle
pressure (red); right panel: vehicle temperature.

In this study, the following terms are used and defined to analyse the
HRS dispensing operation:

Fueling event: a fueling process including at least start-up time after
the nozzle is connected to the vehicle, and also main fueling time and
shutdown time if fueling continues.

Dispensing event: a fueling event includes the period when the hydrogen
is dispensed to the vehicle.

Normal dispensing event: a dispensing event in which the SOC reaches
95% and less than 100% at the end of fueling.

Overshot dispensing event: when the vehicle SOC or the station SOC
is over 100% at any time during a dispensing event.

Undershot dispensing event: the vehicle SOC or the station SOC is
under 95% at the end of the dispensing event.

The fueling process in hydrogen refueling stations is a complex process.
Both experimental and analytical studies using simulation models or ther-
modynamic models have been conducted to inspect key parameters of the
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fueling process. The effect of the initial tank temperature, tank properties,
inlet temperature, ambient temperature on the fueling process parameters in-
cluding the SOC, final temperature, final pressure and cooling demand have
been examined. Earlier experimental studies focus on temperature rise dur-
ing the refueling process [2, 3, 4, 5]. Computational fluid dynamics models
[6, 7, 8], and analytical thermodynamics models have been used to study the
evolution of the hydrogen temperature and pressure during fast filling [9, 10].

Simulation models of refueling station components have also been devel-
oped to optimize station compression and storage. Some studies target the
refueling station configurations [11, 12] to improve the fueling and reduce en-
ergy consumption [13, 14]. Other studies focus on fast fueling since shorter
fueling time reduces the amount of energy consumption [9, 15], but fast fuel-
ing leads to a temperature rise [3]. The safe and fast filling strategies based
on the analytical models in numerical studies were summarized [15].

Several studies used the analytical solution of thermodynamic models
to predict the temperature change and final temperature in the hydrogen
refueling process [16, 17, 18, 19, 20, 21]. Although the parameter estimated
from thermodynamic models matched with the simulated models, only a
limited number of factors can be considered in those models.

Many studies have investigated the optimization of the hydrogen filling
process. Zeng et al. proposed a multi-objective iterative optimization model
for a three-stage refueling process and an optimization algorithm for the
filling process [22]. Since the release of SAE J2601, methods using table-
based or formula based on total heat capacity (MC formula) are often used
to optimize the operation strategies and control the fueling process [1]. These
two methods were compared, and the MC formula method greatly reduces
the fueling time since it takes advantage of the active measurement of the
precooling temperature to dynamically control the fueling process [9]. Kuroki
et al. utilized a dynamic simulation model to estimate the key parameters
during the refueling process [23]. On top of the dynamic simulation, Chae
et al. developed a thermodynamic model for real-time responding hydrogen
fueling protocol using real-time simulation and real-time data [24].

We propose to use machine learning methods for monitoring the fueling
process and predicting the SOC value by measuring the temperature and
pressure of all components. Machine learning models have been used to
monitor the health of equipment, diagnosis, prognosis, and fault detection in
many applications [25, 26, 27, 28, 29]. To our knowledge, machine learning
methods have not been used to predict the outcomes of the fueling process to
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optimize operation strategies. SOC is directly related to temperatures and
pressures in the CHSS of the vehicle as well as in the HRS. Many other factors
also affect the SOC and the completion of the fueling process, such as the
communication between car and station, the operation of the high pressure
storage, and the operation of the compressor etc. In other studies using
simulation models or analytical thermodynamic models, only a few factors
that influence SOC or other key performance parameters can be considered.
The machine learning model we propose can include all available sensor values
from HRS, and automatically choose important attributes that contribute
to SOC and also capture the dynamic change of temperature and pressure
during the filling process.

In this study, we collected large amounts of sensor data from three hy-
drogen refueling stations of type H70-T40 with different time spans and built
prediction models to predict the outcomes of the fueling events. We applied
a classification model to classify the categories of the fueling process using
the initial operating conditions. Moreover, we formulated predicting SOC in
several future time slots as a multi-task learning problem. The prediction
model can be used to guide the fueling process, for example, terminating non-
dispensing events early to save energy or adopting top-off fueling to improve
the normal dispensing rate.

2. Methods

In this section, we introduce least absolute shrinkage and selection opera-
tor (LASSO) and multi-response LASSO, and then apply LASSO for variable
selection, classification and regression tasks. Many factors are associated
with SOC, and the main attributes associated with SOC can be identified
from variable selection using LASSO. LASSO is used for classifying the cate-
gories of fueling events based on all attributes. Also, multi-response LASSO
is utilized as a multi-task regression model to predict SOC in the future time
steps.

2.1. Least Absolute Shrinkage and Selection Operator

Given data (X, y), X = (X1, X2, X3, ..., Xm) and y are the predictors and
response with N samples and M attributes. For a typical linear regression
problem y = β0 + Xβ, the ordinary least squares estimates are obtained by
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minimized squared error.

argmin
N∑
i=1

(yi − β0 −
∑
j

βjxij)
2 (1)

LASSO shrinks some coefficients and sets others to 0, and retains the
good features of both subset selection [30]. The objective function of LASSO
is:

min(β0, β)
1

2N

N∑
i=1

‖yi − β0 − xiβ‖2F +
m∑
j=1

‖βj‖1 (2)

The prior knowledge can be incorporated into LASSO using penalty factor
p for each attribute Xj. Let pj ∈ [0, 1] be the penalty factor for Xj. If there
is strong evidence a Xj is related to Y , a small penalty or no penalty pj = 0
can be set for Xj. Otherwise, we can set pj = 0.5 if some evidence is derived
from prior knowledge. The generalized objective function of LASSO with
penalty factor is represented as:

min(β0, β)
1

2N

N∑
i=1

‖y − β0 − xiβ‖2F +
m∑
j=1

pj[(1− α)‖βj‖22 + α‖βj‖1] (3)

α is the elastic-net penalty, which is set to get a linear combination of
‖βj‖1 and ‖βj‖2. From this equation 3, we can derive three models: LASSO
(α = 1), ridge (α = 0) and elastic net(α = 0.5). Since we are interested in a
small set of predictors in the regression model, LASSO (α = 1) is exclusively
used in this paper.

2.2. Multi-response LASSO

As an extension of LASSO to multiple responses, LASSOm [31] is used
as the multiple-response linear regression model. Consider K response Y =
(Y1, Y2, ..., Yk) ∈ RN×K for N samples, a linear regression model from X ∈
RN×M to Y is given as: Y = β0 +Xβ, Where β0 is a vector, β ∈ RM×K is a
coefficient matrix.

The objective function of LASSOm is:

min(β0, β)
1

2N

N∑
i=1

‖Y − β0 − xiβ‖2F +
m∑
j=1

‖βj‖1 (4)
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2.3. Variable selection using LASSO

A fueling event can be represented as a multivariate time series data
with X in N time steps and M attributes, and SOC as y. LASSO is used
to identify major attributes that are associated with SOC since it sets the
coefficient of many attributes to 0 (Equation 2). By fitting a regression
model, a group of attributes with minimized error can be identified from
Equation 2.

To illustrate the model selection in LASSO, we use HRS fueling data for
demonstration. All attributes are analyzed using LASSO and the factors
that associated with SOC are identified based on predictors in the regression
model with minimized prediction errors (Figure 2). With the increase in the
number of predictors (labels on the top) in the model, mean-squared error
(MSE) decreases until it flattens. In Figure 2, the left vertical line locates the
model (Mmin) with minimized MSE including around 107 predictors, while
the right vertical line pinpoints to another model (M1se) of which the error
is within one standard error of Mmin. M1se model corresponds to only more
than 60 predictors. In our study, M1se is used to reduce the number of main
attributes identified.

Figure 2: Mean-squared errors on cross-validation with the change of parameter in LASSO.
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2.4. Classifying fueling events

As described in Introduction, fueling event is a categorical variable. Pre-
dicting the categories of fueling events is formulated as binary classification
or multi-class classification. In binary classification, fueling events is catego-
rized into dispensing 1 or non-dispensing 0. Dispensing events fall into three
categories: normal, undershot or overshot. Since the overshot fueling events
are rare, dispensing events are classified into normal 1 or undershot 0. For all
fueling events, multi-class classification is performed based on the categories
of non-dispensing, normal and undershot.

LASSO fits a generalized linear regression model, and the distribution
of response variable can be Gaussian, multi-Gaussian, binomial, or multino-
mial. In the logistic regression model, response variable follows a binomial
or multinomial distribution. For binary classification, y is a Bernoulli dis-
tribution, which is a special case of the binomial distribution. Supposing
the response variable y takes values in g ∈ 0, 1, the logistic model is repre-
sented as log Pr(g=1|X=x)

Pr(g=0|X=x)
= β0 + βTX. The objective function for the logistic

regression uses the negative binomial log-likelihood:

min(β0, β)− [
1

N

N∑
i=1

yi(̇β0 +XT
i β)− log(1 + eβ0+XT

i β)] +
m∑
j=1

pj‖βj‖1 (5)

In multi-class classification, y is a categorical distribution with g out-
comes. The probability mass function of y is f(y = i|p) = pri, where
p = (pr1, .., prg). pri is the probability of i,

∑g
i=1 pri = 1.

For either binary or multi-class classification, multiple time steps sensor
values during start-up fueling time are used to predict the categories of final
SOC. It is expected that the prediction becomes more accurate with the
increase in number of time steps T .

2.5. Forecasting SOC using multi-task learning

We aim to forecast SOC in future time steps to guide the fueling process.
The SOC values in future time steps are correlated, so we formulate predict-
ing SOC in several time steps as a multi-task learning problem. Multi-task
learning aims to improve the learning of a model by using the information
in multiple related tasks [32]. In variable selection, SOC is considered as a
Gaussian distribution in the LASSO regression model. In multi-task learn-
ing, multiple SOC values follows a multi-Gaussian distribution. Specifically,

8



we predict multiple SOC values in the future as Y in the multi-response
LASSO regression model. Y is k dimensional multi-Gaussian distribution
Y = (Y1, ..., Yk), Y ∼ N(µ, σ). LASSOm fits the multi-response model to
select a group of attributes that minimize multiple predicted SOC (Equation
4).

3. Results

3.1. Datasets

Fueling datasets from S1, S2 and S3 were collected from three stations
(Table 1). Fueling data records analogic, digital and computed values at
about every second during fueling events. The amount of data available for
three stations varies. S1 had infrequent fueling events and a small amount of
data. S2 provided over one and a half years of data with the largest number
of fueling events. Although S3 only had six months of data, the fueling events
on it were more frequent. S2 and S3 are considered data-rich stations.

Table 1: Description of fueling datasets collected from S1, S2 and S3.

Station Start End Items Attributes
S1 June 2017 December 2017 1108 154
S2 August 2018 February 2020 99437 166
S3 January 2019 June 2019 28776 186

3.2. Evaluation

In this study, LASSO is used as a regression or a classification model. All
experiments were performed on five-fold cross validation. In the regression
model for predicting SOC, Root Mean Squared Error (RMSE) is used to
measure the difference between predicted SOC and true SOC. Accuracy is
used to measure the performance of binary and multi-class classification. In
binary classification between dispensing and non-dispensing events, the ac-
curacy shows the percentage of true predicted dispensing and non-dispensing
events among all fueling events. For classification between normal and un-
dershot dispensing, the accuracy describes the predicted true normal and
undershot among all dispensing events. In multi-class classification, the ac-
curacy indicates the overall performance of classifying fueling events into
non-dispensing, normal, or undershot dispensing.
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3.3. Variable selection

We fit regression models on all fueling events and selected major at-
tributes associated with SOC on S2. The top 10 most frequent attributes
associated with station SOC or vehicle SOC respectively on S2 are shown in
Table 2. As expected, the fueling pressure measured at the dispenser outlet
and CHSS pressure are main factors associated with SOC. Other pressure
related attributes such as target dispenser pressure and temperature related
attributes such as coolant temperature are identified as well. At the same
time, sensors indicating valid communication between the vehicle and the
station appear as major factors. The results of variable selection on S1 and
S3 are similar to that of S2 (data not shown).

Table 2: Major factors associated with station and vehicle SOC on S2.

Station SOC Description
Disp Nozzle PSI Fuelling pressure as measured by station at the dispenser outlet
Disp Nozzle Valve A binary flag indicates whether the dispenser nozzle valve is on
Veh Tank PSI CHSS pressure (P vehicle)
Disp PSI Target Target pressure (P target)
Disp PSI Target Dyna Target pressure (P target) calculated with Fuelling Command = Dyna
Disp Coolant Outlet Temp Coolant temperature measured at the coolant outlet of the dispenser
sts Comms Valid at Start Valid data communication between vehicle and dispenser
Precool In Temp Temperature measured at the precooler inlet
Disp Flow Meter Flow Mass flow rate of dispensed hydrogen
Disp PSI Ramp Rate Pressure ramp rate (PRR)
Vehicle SOC Description
Veh Tank PSI CHSS pressure (P vehicle)
Disp Nozzle PSI Fuelling pressure as measured by station at the dispenser outlet
Disp Nozzle Valve A binary flag indicates whether the dispenser nozzle valve is on
Flow Controller PSI Target Controller pressure measured before the fuelling pressure reaches target pressure or 100% SOC
Disp PSI Target Dyna Target pressure (P target) calculated with Fuelling Command = Dyna
Precool Disch PSI Discharge pressure of the precooler
Disp PSI Target Target pressure (P target)
Disp PSI Target Dyna Revert Target revert pressure calculated by Dyna command
Disp Coolant Outlet Temp Coolant temperature measured at the coolant outlet of the dispenser
hmi cost per fill Cost of a fill displayed on HMI

The variable selection is also performed on a subset of fueling data to
choose the attributes that are unique to a certain stage of fueling. In the
fueling data, each time step is also labeled with a fueling stage, and higher
stages represent higher SOC. The start-up fueling time includes stages from
0 to 3, the main fueling time are labeled with stages from 4 to 13, and the
shut-down time ends with stage 15. A HRS uses valves to control the open,
close, and switch of low, medium, and high storage banks during the fueling
process. The valve controlling the flow from one of the storage banks to
the dispenser is open during the dispensing process. Six main attributes
identified from variable selection in stages 3 and 4 are shown in Figure 3.
These two plots show two scenarios of non-dispensing events: one with high
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dispenser pressure (left) and another with zero dispenser pressure (right).
Zero dispenser pressure indicates the valve did not open and high dispenser
pressure was caused by the fact that the station and the vehicle were not
properly connected. Variable selection is beneficial for us to understand how
the HRS system works, which variables contribute to the performance of
HRS, and which variables that can be used to improve the performance.

Figure 3: Factors associated with fueling events in stage 3.

3.4. Classification

Classification models are utilized to predict the outcomes of fueling events
based on initial sensor values in start-up and main fueling time. Also, the
experiments of using models from data-rich stations to improve the prediction
on a data-poor HRS are conducted.

3.4.1. Classification of abnormal fueling events

In the experiments of binary and multi-class classifications, we used all
attributes in start-up and main fueling time to predict the categories of final
SOC. The attributes of multiple time steps in initial 3, 4, 5, 10, 15, 20
seconds were utilized. The classification accuracy of binary and multi-class
classifications are shown in Table 3.

The results of classifying non-dispensing and dispensing fueling events
show that accuracy increases with more time steps. It is expected that the
classification accuracy is improved by using more information (sensor values)
in the initial stage of fueling. On S1, the accuracy obviously jumps with some
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fluctuation using 5 or more time steps. The overall performance of S1 is much
lower than that of S2 and S3 since it has a small training data. On S2 and S3,
the overall performance reaches over 90% using three-second data, and the
improvement on more time steps is trivial. It indicates that the classification
models can reliably separate non-dispensing and dispensing events based on
three seconds of sensor data on S2 and S3.

Classifying normal and undershot dispensing events presents similar re-
sults. The performance of S1 is very low, S2 reaches close to 80%, and S3
achieves 88%. The accuracy on S1 drops with more time steps. Conversely,
the performance on S2 and S3 improves slightly with more time steps. The
accuracy of using three-second time steps is comparable to more time steps
on S2 and S3, so using a small amount of sensor data is sufficient to iden-
tify undershot on these two stations. The accuracy of splitting normal and
undershot on three HRS is lower than that of classifying non-dispensing and
dispensing. It shows this task is more challenging since it used the initial
sensor values to predict the final SOC. The profiles of normal and undershot
dispensing events are similar especially at the initial start-up time, and they
differ more at the later stage of fueling.

Multi-class classification aims to determine non-dispensing, normal, and
undershot using sensor data at the beginning of the fueling process. The
performance on three stations improves with more time steps. It reaches
over 80% on S2 and S3, but still performs poorly on S1. Using more than
five-second time steps on S2 is effective, but seems unnecessary on S3.
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Table 3: Classification accuracy on three stations.

Classification Time Steps(s) S1 S2 S3
3 0.640 0.957 0.908

Dispensing 4 0.640 0.957 0.917
vs 5 0.773 0.959 0.920
Non-dispensing 10 0.733 0.961 0.957

15 0.675 0.957 0.950
20 0.861 0.965 0.937
3 0.448 0.783 0.857

Normal 4 0.447 0.799 0.882
vs 5 0.139 0.788 0.862
Undershot 10 0.338 0.785 0.861

15 0.338 0.793 0.861
20 0.139 0.790 0.870
3 0.501 0.676 0.825
4 0.360 0.676 0.794

Multi-class 5 0.440 0.808 0.844
10 0.670 0.801 0.840
15 0.473 0.811 0.847
20 0.697 0.798 0.852

3.4.2. Cold-start classification of abnormal fueling events

Although classification models reach adequate results on S2 and S3, the
performance on S1 is low since its training data is limited. The dispenser
category of S1, S2, and S3 is the same type of H70-T40. Therefore, a clas-
sification model can be trained on S2 and/or S3, and tested on S1. At first,
a new dataset with common attributes is extracted on each station, so the
number of common attributes is reduced to 229. Then, a baseline classifica-
tion model is trained using S1 data and tested on S1. The baseline model
shows the performance of using training data on the local station. Lastly,
new models are trained on S2 and/or S3 data, but tested on S1. These new
models show whether using training data from data-rich stations will improve
the prediction on the local station. The classification results are shown in
Table 4.

On two binary classification tasks, new models (trained on S2 and/or S3
and tested on S1) outperform the baseline models, while the new models only
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perform better on more than four-second time steps in the multi-class classi-
fication. New models do not use any S1 training data, and the performance
of these models is superior. It demonstrates that without any training data
from a new HRS, a prediction model built on other stations can be exploited.
Another interesting discovery is the prediction accuracy of new models using
three or four second sensor data is higher than using more time steps on two
binary classification tasks. This indicates that the initial operating condition
represented by three or four second sensor data is sufficient to capture the
factors that separate dispensing and non-dispensing events or normal and
undershot dispensing events.

Table 4: Classification accuracy using data from other stations.

Train Time Steps S1 S2 S3 S2 & S3
Test (s) S1 S1 S1 S1

3 0.653 0.467 0.600 0.680
Dispensing 4 0.693 0.227 0.760 0.827

vs 5 0.640 0.333 0.800 0.840
Non-dispensing 10 0.773 0.787 0.880 0.827

15 0.817 0.750 0.889 0.847
20 0.601 0.819 0.861 0.847
3 0.417 0.140 0.386 0.772

Normal 4 0.274 0.825 0.281 0.702
vs 5 0.285 0.825 0.281 0.719

Undershot 10 0.286 0.754 0.596 0.702
15 0.338 0.789 0.491 0.702
20 0.141 0.596 0.509 0.754
3 0.585 0.333 0.387 0.453
4 0.659 0.400 0.427 0.533

Multi-class 5 0.599 0.493 0.520 0.653
10 0.581 0.533 0.560 0.587
15 0.589 0.556 0.625 0.625
20 0.576 0.569 0.625 0.542

3.5. Regression

In experiments of predicting SOC, the results of using the regression
model on sensor values in the current single time step are presented first.
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This is followed by forecasting SOC in several future time steps as multi-task
leaning. Lastly, improvement of a data-poor station using the regression
models trained on data-rich stations is described.

3.5.1. Predicting SOC using LASSO

In Section 3.3, a regression model is fit using LASSO to identify major
attributes associated with SOC, and this model can also be used to predict
SOC using the station SOC or vehicle SOC as the target response variables.
All attributes in current time step T0 or merged with previous time steps
in PT1 ∼ PT5 are used to predict SOC. The results on S2 show that the
performance of just using the current time step is low, and is much improved
when combined with previous time steps (Table 5). Figure 4 shows a segment
of the predicted SOC (red) and true SOC (black). The gap between the
predicted SOC and station SOC is larger using the current time step than
the merged time steps. The prediction is more accurate on vehicle SOC;
however, using attributes from more than one time steps only slightly reduced
the prediction error (Table 5).

Table 5: RMSE of predicted station and vehicle SOC on S2.

Knowledge Time Steps Station SOC Vehicle SOC
T0 12.20 9.63

PT1∼T0 6.47 4.82
PT2∼T0 6.25 4.81

No PT3∼T0 6.23 4.78
PT4∼T0 6.19 4.76
PT5∼T0 6.19 4.74

Yes T0 12.16 9.61

In addition, the experiment of using prior knowledge to predict SOC was
also performed. SOC is directly related to dispenser pressure and vehicle
tank pressure, so these two attributes are used as prior knowledge. The
penalty factors for these two attributes are set as 0 in the linear regression
model of LASSO (Equation 3). RMSE of predicted station SOC and vehicle
SOC using the current time step (the last row in Table 5) are very close
to the model without prior knowledge (the first row in Table 5). Using
prior knowledge does not have a big impact on predicting SOC due to its
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Figure 4: A segment of predicted SOC (red) and true SOC (black), top: predicted station
SOC using the current time step; middle: predicted station SOC using the current and one
previous time steps; bottom: predicted vehicle SOC using the current and one previous
time steps.
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association with many other attributes. As shown in Figure 2, more than 60
attributes exist in the regression model M1se.

3.5.2. Multi-task learning for predicting SOC

Predicting SOC in future time steps is considered a multi-task learning
problem. SOC at the following 10, 20, 30, 40, 50 and 60 seconds were pre-
dicted using LASSOm on the sensor values in current time step T0 as well
as the previous three time steps PT3 ∼ PT1. The results of multi-task
learning for predicting SOC are described in the third column in Table 6. As
expected, the RMSE of predicted SOC gradually gets worse with the increase
of gap between the current and future time steps. RMSE on S2 and on S3
are quite low, while the prediction error is high on S1. On all three stations,
the prediction is worst when predicting SOC at 60 seconds. Using multiple
time steps, the prediction error is slightly reduced.

The performance of regression models depends upon the amount of avail-
able training data. Since predicting future SOC is a difficult task on three
stations, the performance of using models from other stations is tested. The
results are shown in the fourth column in Table 6. The baseline models
were built on one station and tested on that station (Third Column); while
new models were built on another station, but tested on the current station
(Fourth Column). On S1, the model trained on S2 outperforms the base-
line model trained on S1. The performance of predicting SOC on S2 already
reached low RMSE, so the model trained on S3 does not surpass the baseline.
On S3, models trained on S2 boosted the performance of SOC prediction at
10, 20 and 60 seconds. Using new models on multiple time steps had limited
success to predict SOC at the 10, 20, and 60 seconds compared with a single
time step.
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Table 6: Forecasting SOC using multi-task learning.

T0 PT3∼T0 T0 PT3∼T0
Train Future S1 S1 S2 S2
Test Time Step(s) S1 S1 S1 S1

10 8.4 7.7 3.8 5.9
20 16.5 15.5 9.0 15.8
30 23.1 22.3 14.5 25.2
40 32.1 29.3 20.0 32.4
50 41.7 38.4 18.0 34.0
60 50.0 47.2 90.4 25.8

Train Future S2 S2 S3 S3
Test Time Step(s) S2 S2 S2 S2

10 1.8 1.7 21.6 3.0
20 2.4 2.3 18.7 4.1
30 2.9 2.7 17.8 4.9
40 3.4 3.2 19.5 5.6
50 3.6 3.4 21.2 6.1
60 25.1 25.6 33.2 22.8

Train Future S3 S3 S2 S2
Test Time Step(s) S3 S3 S3 S3

10 4.6 4.0 2.3 2.2
20 5.5 4.9 4.6 3.8
30 6.6 5.4 7.7 5.7
40 8.1 6.2 9.2 7.6
50 8.8 6.9 10.1 8.2
60 32.9 30.0 27.6 26.2

4. Discussion

This paper proposes to predict the performance of fueling events using
the machine learning model LASSO. It is used for variable selection, classi-
fication, and regression. LASSO has been widely used in many applications
for its effectiveness and efficiency in identifying major factors [27, 28, 29].
LASSO was one of the main methods used for variable selection in many
process control applications reviewed in [27]. We also tested other machine
learning models such as XGBoost [33] in classification and regression tasks.
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The performance of XGBoost is comparable to LASSO. The main purpose
of this study is not to compare the performance of different machine learning
approaches, but to promote applying machine learning methods in predict-
ing the performance of fueling processes and incorporating machine learning
models into control systems of HRS in the future.

Multi-task learning for SOC forecasting reached reasonable performance
within one minute. Usually a normal fueling process lasts over three minutes,
so it is desirable to predict the final SOC using the initial sensor values. The
performance of predicting SOC has deteriorated at 60 seconds, so predicting
the final SOC will be much more challenging.

5. Conclusions

This study proposes using the machine learning model LASSO for classi-
fying non-dispensing, normal or undershot dispensing events based on initial
operating conditions, and forecasting SOC in future time steps in on-line
monitoring scenarios.

Fueling data was collected from three stations: S1, S2 and S3, but only
small amounts of data were available on S1. LASSO was able to identify vari-
ables associated with SOC on HRS. Fueling events fall into non-dispensing,
normal and undershot dispensing categories. In binary classification tasks of
between non-dispensing and dispensing, and between normal and undershot
dispensing, LASSO reached over 85% accuracy on S2 and S3, and the per-
formance of S1 was improved by using the prediction models of S2 and/or
S3. The results indicates the machine learning method can reliably predict
fueling events even on a new HRS.

Multi-task regression models are proposed for SOC forecasting. The mul-
tiple co-related future SOC are considered in the regression model. Forecast-
ing SOC at subsequent 10, 20, 30, 40, and 50 seconds reached satisfactory
results on S2 and S3, but performed poorly on S1. Using training data from
other stations greatly improved the performance on S1. Using prediction
models from other stations it is possible to transfer the knowledge from oth-
ers to a new HRS. This mechanism enables the experience gained over the
operation of the first several stations to benefit the operation of new stations.

If the machine learning method is integrated in the controller of HRS,
the prediction models can be used for optimizing operation strategies. Ad-
ditionally, the models can be incrementally updated with new data, and the
performance would improved overtime with more training data. Predicting
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the outcomes of fueling event based on the first several seconds of sensor data
using classification models can be used to activate some fueling procedures
such as top-off fueling. Forecasting SOC in future time steps using regres-
sion models is suitable for real-time monitoring fueling processes to ensure
the safe operation of HRS.

This work focused on predicting SOC in the fueling process. Predicting
the final SOC in the subsequent three minutes is a realistic but challenging
problem. More studies are needed to examine the effect of dynamic opera-
tional conditions on other parameters such as the final temperature and final
pressure using prediction models. Other prediction models besides LASSO
estimating the non-linear relationship between the evolution of temperature
and pressure in fueling process and filling time, or ultimately, energy con-
sumption, will be explored in the future. We advocate adopting machine
learning methods to improve the performance of HRS. With the increase in
commercial operation of HRS and growth of hydrogen refuelling infrastruc-
ture, highly efficient and reliable HRS are needed to promote more clean
energy.
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