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ARTICLE INFO ABSTRACT
Keywords: Hydrogen fuel cell vehicles are gaining popularity as an alternative to electric vehicles. To support their use,
Deep-learning model research on hydrogen-storage devices and charging stations is being conducted actively. However, high-pressure

Dynamic artificial neural network
Recurrent neural network
Hydrogen storage

Compressed hydrogen

hydrogen dispensing can lead to a temperature increase and potential explosion hazards. Therefore, maintaining
safe hydrogen temperatures during charging is crucial. However, accurately predicting temperature changes in
hydrogen heat exchangers is challenging owing to rapidly changing operating conditions and large temperature
differences. In this study, we adopt a deep-learning-based artificial neural network for predicting temporal
temperature variations in low-temperature hydrogen heat exchangers. Two networks, namely, the deep neural
network (DNN) and recurrent neural network (RNN), are constructed with Bayesian optimization based on the
experimentally measured data from an ultralow-temperature hydrogen heat exchanger to predict temperature.
Both models showed superior prediction accuracies of temperature within 3.11 % of mean absolute error (MAE)
and heat transfer rates of the heat exchanger within 2.53 % of MAE. In particular, DNN modeling is recom-
mended as a universal method for predicting the temperature when previous data are known, and RNN modeling
is recommended for predicting the temperature for successive actions in a compressed-hydrogen system.

hydrogen to be maintained at very high pressures (35-70 MPa) and low
temperatures (—40 °C to —33 °C), which is typically achieved using heat
exchangers. Accordingly, ensuring that the temperature remains within
safe limits for rapid and secure hydrogen charging while avoiding haz-
ardous reactions at elevated pressures and temperatures is crucial.
However, controlling the temperature of hydrogen is challenging owing
to abrupt changes caused by operating conditions such as flow rate,
pressure, and ambient temperature. This can result in sudden changes in
the heat loss to the surroundings. Therefore, most types of hydrogen
equipment include oversized heat exchangers to actively control the
hydrogen temperature. Thus, there is a clear need for high-accuracy
modeling to predict the temporal thermal performances of hydrogen
heat exchangers operating at low temperatures.

There are some reported studies on predicting the thermal perfor-
mance of a hydrogen storage system using computational fluid dynamics
simulations [5,6]. However, prediction through simulation has several
limitations associated with the complex geometry and boundary

1. Introduction

The use of fossil-fuel-based energy has increased significantly
because of rapid industrialization, leading to air pollution caused by the
depletion and excessive use of fossil fuels. To address this problem, in-
ternational environmental regulations are being strengthened to prevent
global warming caused by carbon dioxide emissions. As part of this
effort, there is a growing interest in eco-friendly renewable energy [1,2].
The transportation sector is actively replacing internal combustion en-
gines in vehicles with alternative sources of energy to control carbon
dioxide emissions. Hydrogen fuel cells represent a promising alternative
energy source that can overcome the limitations of conventional battery
electric vehicles (BEVs), such as long recharge times and short driving
ranges [3]. Research is being conducted on various methods for storing
hydrogen in fuel cell vehicles, including compressed gas, cryogenic
storage, and metal hydrides [4]. Compressed gas storage requires
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Nomenclature
c cell state
f forget gate
g current gate
h output of hidden layer
i input gate
m mass flow rate
0 output gate
P pressure
T temperature
x data
w weight
tanh hyperbolic tangent function
Greek symbols
c sigmoid function
Subscripts
exp experimental
in inlet
out outlet
pred prediction
t current second
t-1 previous second

conditions, which incur additional computational time and cost. Deep-
learning-based artificial neural networks (ANNs) provide superior ben-
efits as powerful tools for predicting the thermal and hydraulic perfor-
mances of complex systems without the need for constructing the
geometries and meshes of these systems. Moreover, they have been very
successful for solving complex, nonlinear, dynamic, and multivariable
problems and for tolerating errors, inaccuracies, and missing data [7].
The commonly used ANN architecture for thermal analyses is the deep
neural network (DNN), which has been widely used over the past
decade, especially for predictive modeling of renewable-energy thermal
systems and hydraulic performance [8-14]. In related work, Islamoglu
[9] predicted the heat transfer rate of a natural convection wire on a
tube-type heat exchanger using DNN for modeling the condensers in the
refrigeration system; the heat transfer rate was obtained based on 12
operational and geometrical input parameters and showed good pre-
dictive accuracies of 5.6 % and 7.9 % in terms of the mean absolute error
(MAE) for training and testing, respectively. Lee et al. [10] and Kim et al.
[11] also adopted DNN-based models for heat transfer analyses in micro-
pin fin heat sinks; in their work, the friction factor and Nusselt number of
the pin fin arrays were predicted using various operating conditions
from other research sources. Their results indicated that the DNN model
predicted the friction factor and Nusselt number with MAEs of 14.5 %
and 7.5 %, respectively. In addition, modeling was developed for
renewable energy such as PCM for thermal storage system [12], hy-
bridization based on hydrogen storage [13], passive cooling systems in
nuclear power plants [14], and energy production [15,16]. Recurrent
neural network (RNN) is another type of ANN that is used for time-
dependent learning. Xi et al. [17] used this approach to estimate the
state of charge of lithium-ion batteries with errors less than 1 %.

Most previous DNN-based thermal predictive models were typically
created for steady-state conditions at room temperature; thus, research
on dynamic temperature prediction models has been rarely reported. In
this study, we aim to predict the target temperature of hydrogen and the
temporal thermal performance of a hydrogen heat exchanger during
transient flow operation at low temperatures (—44 °C to 25 °C). To
achieve this, we have utilized DNN and RNN based on time-series data.
These models have been utilized to predict the variation in the target
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temperature of hydrogen over time in a compressed-hydrogen system.
2. Method
2.1. Experimental data from compressed hydrogen cooling facility

We first experimentally measured the transient hydrogen tempera-
tures at different ambient conditions with various mass flow rate
changes over time. A prebuilt safety facility for leakage inspection of
hydrogen vehicle components was modified to control the hydrogen to a
relatively low temperature range of —25 to —50 °C, as shown in Fig. 1
(a), while the simplified schematic used for obtaining the experimental
data used in the neural network modeling is shown in Fig. 1(b).
Hydrogen at room temperature is introduced into the facility from a 50 L
high-pressed tank, and the mass flow is measured using a Coriolis flow
meter (Oval, CA004G13). Thereafter, the temperature is adjusted to a
low range of —25 to —50 °C as it passes through the solid-state heat
exchanger of the cooling unit. This heat exchanger allows efficient
cooling in the form of Alu cold fill (ACF) and optimally transfers the
heat-flow-medium flowing into the evaporator to the coolant to quickly
lower the temperature of hydrogen gas. Thereafter, the cooled hydrogen
is transferred to the target location through a tube in the test facility
(0.75 in. diameter, 5 m long). The temperature and pressure were
measured at the inlet and outlet of the heat exchanger, target, and
sample to determine the temporal changes caused by heat removal and
natural convective heat addition in the heat exchanger.

The inlet and target hydrogen temperatures were measured using
R221 thermocouples (WISE Vietnam, sheathed-type resistance) while
the outlet temperature of the cooling unit and temperatures of the
samples were measured using NTC thermistors [18] implemented in the
cooling unit. The pressure was measured at the inlet of the cooing unit
and the target. The detailed information and accuracies of the experi-
mental measurements in this study are summarized in Table 1.

Table 2 shows the detailed test cases examined in this study. A total
of six cases were tested according to the flow rate, environmental tem-
perature conditions, and various test durations. In Cases 1 to 3, the ex-
periments were conducted while maintaining a constant flow rate of
5-6 g/s with a relatively high ambient temperature of 19 °C. Case 4 was
performed at a constant flow rate of 3-5 g/s and a lower ambient tem-
perature of 12 °C. On the other hand, Cases 5 and 6 were conducted at
variable flow rates of 0-80 g/s at ambient temperatures of 12 and 5 °C,
respectively.

2.2. Modeling approaches

2.2.1. DNN and RNN

The DNN is a feed-forward network composed of neurons, an input
layer, a hidden layer, and an output layer; it enables nonlinear separa-
tion by combining two or more neurons. This architecture calculates the
net input function value by combining the weight (W) set to a random
value in each layer with the input data (X). After combining the weights
and input data (WX), an appropriate bias (b) is added. Then, the acti-
vation function calculates the data (WX + b) to obtain the output value
(Ypred)- The weight is changed in each layer so that the result and actual
value (Yeyp) are within the allowable error ranges. The error value
generated at the output layer is backpropagated to the hidden layer, and
then the weights of the hidden layer are updated according to the error
values generated in the hidden layer. The schematic representation of
the DNN is shown in Fig. 2(a).

The architecture of the RNN was devised to improve the information
storage capacity of the input data to overcome the shortcomings of the
existing DNN, which cannot remember the previous data after con-
verting them to predicted values [19]. To achieve this, the RNN adds a
cyclic connection to each neuron based on the structure of the DNN;
therefore, this architecture allows processing of time-series data in
which dependencies exist between the data in the order of the input. In
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Fig. 1. Systematic diagram of compressed hydrogen system | (a) Total facility for hydrogen stability assessment, (b) Simplified schematic of the test facility for the

experimental data used for modeling.

Output temperature
Target temperature
Target pressure
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R221(S) + A6061
SIGHA-MDG

Table 1
Details of the measuring device.
Part Model Range
Coriolis flow meter CA004G13 - 0-5 kg/min, +0.05 % of full
22AA1134 scale
Input pressure P2584A 0-160 MPa, +1 %
Input temperature R221(S) —100 to 450 °C

—55 to 200 °C
—100 to 450 °C
0-150 MPa, 1 %

Sample (1) NTC thermistor —55 to 200 °C
temperature
Sample (2) NTC thermistor —55 to 200 °C
temperature
Table 2

Test case for each experimental environment condition.

Case Ambient temperature [°C] Time [s] Flow conditions [g/s]
1 19 0-264 5-6
2 19 0-216 5-6
3 19 0-230 5-6
4 12 0-482 3-5
5 12 0-177 0-80
6 5 0-178 0-80

the RNN architecture, the cycles are repeated in temporal order. The
outputs of the hidden layer at the previous time instant (h.;) are back-
fed to the neurons for calculating the outputs of the hidden layer at the
current time instant (hy) combined with the current data (x;) and weights
(W). Thus, the RNN stores prior information in the hidden layer. The
structure of the RNN is briefly expressed as an equation as follows.

h, = tanh {W(hH ) }
Xr

However, conventional RNNs, such as that in Fig. 2(b), have van-
ishing/exploding gradient that abnormally decrease or increase the
gradients when learning data over long periods of time based on the
backpropagation algorithm [20]. To resolve this issue, the long short-
term memory (LSTM) [21] network was proposed as a type of RNN, as
shown in Fig. 2(c). LSTMs are explicitly designed to avoid the problem of
long-term dependencies. In the LSTM, a forget gate, an input gate, and
an output gate are added so that the memory cell is implemented in the
neurons of the hidden layer. The structure of the LSTM can be briefly
expressed as Egs. (2) and (3). An input gate (i), a forget gate (fy), and an
output gate (o) are calculated using the sigmoid function (o) with the
previous outputs of the hidden layer (h;) and current data (x,). The
input gate (i) decides the current data to be stored and combined with
the output of the current gate (g;), while the forget gate (f) decides
which of the previous cell states (c.;) are to be discarded. Thus, the
current cell state update (cy) is performed, and the updated cell states are

€8]
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Fig. 2. Architectures of the neural network models used in this study | (a) DNN, (b) conventional RNN, and (c) long short-term memory (LSTM)-based RNN.

used in the hyperbolic tangent function (tanh) to calculate the output
values (hy) at the output gate (o). Hence, LSTM has been adopted for
RNN modeling.
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Fig. 3. The change of target temperature over time for each case | (a) Cases 1-4 with low and steady state flow rates, (b) Cases 5 & 6 with high and variable
flow rates.
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2.2.2. System modeling process

As shown in Table 2, experimental data were obtained for each case.
The test data are separated at the final 30 s of operation time for each
case, and 70 % of the remaining data are randomly used for the training,
while 30 % of data are used for validation. As shown in Fig. 3, Cases 1-4
are tested at low and steady state flow rates, while Cases 5 and 6 are
tested at high and variable flow rates, showing rapid temperature de-
creases. Also, the test data area used in each case is highlighted in Fig. 4.
The modeling performances using DNN and RNN were compared by
predicting these target temperatures at the final 30 s of operation time.

For DNN modeling, to develop a general useful model, as shown in
Fig. 4, the entire data of all cases were used with ambient temperature
labeling for each case. The RNN was constructed individually for each
case since the RNN can only be developed from continuous time-series
data.

All ANN models were trained using TensorFlow (version 2.4.3) and
Numpy (version 1.19.2). These two tools enabled us to handle and train
the multidimensional matrix arrays based on Python (version 3.9). For
both models, min-max normalization was performed during data pre-
processing [22]. For the DNN modeling, the leaky rectified linear unit
(LReLU) [23], which is a modified ReLU [24] function to prevent
convergence to zero, was used as the activation function, which is
expressed as

79 ={ g P 326 @

Initialization was used with the He method for the weights, which
has been known to have good fit for the ReLU series function [25], and
the bias is initialized to zero. The LReLU was used as the activation
function in the hidden layer with the dropout method [26], and the
identity function was used in the output layer. For LSTM modeling, the
existing structure in TensorFlow was used. Both models were updated
with the widely used Adam optimizer [27] during training, which is a
combination of AdaGrad [28] and RMSprop [29]. The early stopping
method, which is also a widely used convention in neural networks, was
used to minimize the number of iterations while avoiding overfitting of
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the training data. This method assesses whether the learning process has
converged and is complete.

2.3. Hyperparameter optimization

Hyperparameter optimization of a model plays an important role in
determining the modeling performance. For both models, the batch size,
learning rate, number of nodes, and number of layers were selected as
the hyperparameters to be optimized, and the value of the dropout was
additionally selected only for the DNN model. To reduce the computa-
tional cost, the optimization and activation functions were fixed as
described above. Hyperopt based on the Bayesian optimization method
[30] was used for optimization; since this method reflects the pre-values
in the optimal value search, it can reduce costs compared to the grid
search approach, which checks all parameters, and increase accuracy
compared to random search. To select a model with excellent perfor-
mance, the K-fold cross validation was performed to compensate for the
limitations with the amount of data [31,32]. After separating the test
data, K-fold cross-validation with K = 10 was used to train and validate
the data.

For DNN modeling, the batch size, learning rate, number of nodes,
number of layers, and dropout were selected as the hyperparameter
targets to be optimized; however, as the number of hyperparameters
increase, it is known to be inefficient to find the optimal values owing to
the variety in the number of cases [33]. Therefore, the optimal range for
the number of layers was first selected to limit the range of depths of the
deep network that affects modeling performance, and good results were
obtained when the number of layers was between 10 and 14. When the
numbers of layers were 10, 12, and 14, about 10 optimal hyper-
parameter sets were derived using Bayesian optimization, and a total of
six sets were selected as the candidates by selecting two sets in each
layer that had the best performances. Finally, to exclude the bias for the
data set, K-fold validation was conducted for the six hyperparameter set.
The performance of predictive accuracy of each model was determined
using the average value of the MAE, which can be obtained as follows:

MAE(%) = %vaf_# X 100 ®)
n exp

The first set was selected with the lowest MAE of the K-fold valida-
tion data (MAE = 3.9 x 1074 %). Information on the six optimized
hyperparameter sets is shown in Table 3.

For RNN modeling, the batch size, learning rate, number of nodes,
and number of layers were selected as the targets for the hyper-
parameters to be optimized, and when the optimal range for the number

(a) DNN (b) RNN
Input Input
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ﬁ1(t_1) ﬁ‘ (t) “.‘(t) For each 6 case
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Fig. 4. Input and output parameters for each model | (a) Universal DNN modeling with 18 input parameters containing information of previous time (t-1), (b) 6 RNN

modeling with 8 input parameters without previous information.
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Table 3
Best hyperparameter sets for DNN modeling.
Set 1(best) 2 3 4 5 6
Ml\?::li?ifation 3.91E- 5.07E- 4.01E- 1.41E- 1.37E- 6.69E-
data [%] 04 04 04 02 03 04
Layer 10 10 12 12 14 14
Batch size 2 4 8 16 8 8
Dropout 0.3 0.3 0.3 0.3 0.2 0.3
Lef;:"g 0.001 0.005  0.0005 00005  0.001  0.001
1 32 128 128 128 64 128
2 32 128 64 32 4 4
3 4 128 64 8 8 32
4 16 32 32 64 4 8
5 32 4 128 32 4 64
6 16 128 8 32 16 32
Nodes 7 32 128 32 4 8 8
8 16 128 32 4 8 64
9 8 32 64 4 8 64
10 64 64 16 32 16 8
11 64 32 32 16
12 8 64 16 16
13 16 4
14 32 8

of layers was first limited in the same way as that of the DNN model, the
results were between 2 and 4. When the numbers of layers were 2, 3, and
4, the best performing hyperparameter set was used for the RNN model
in each case using Bayesian optimization. For each case, the finally
selected hyperparameter set is shown in Table 4.

3. Results and discussion
3.1. Summary of prediction results with the DNN and RNN models

Fig. 5 shows the summarized MAEs obtained using the DNN and RNN
for each test case in Table 2. Overall, the DNN (0.41 %-1.71 %)
exhibited better predictive accuracies in terms of MAE compared to the
RNN (1.05 %-3.11 %). The DNN predicted better than the RNN for all
cases except Case 1. In particular, for Cases 5 and 6, the MAEs of the
DNN (0.57 %-0.71 %) were substantially lower (by approximately three
times) than those of the RNN (3.10 %-3.11 %). Our DNN model out-
performed one that was utilized in a similar dynamic system in a pre-
vious study [34]. In particular, the previous study reported an MAE of
1.1 %-5 % for the outlet temperature in the absorption chiller, whereas
our DNN model achieved higher predictive accuracy. Moreover, our
RNN model also exhibited better accuracy compared to previous
research that used a many-to-one structure like ours. A study that pre-
dicted temperature and humidity in a solar greenhouse showed MAE
values of 3.9 % and 4.3 %, respectively [35]. The differences between
Cases 1 to 4 and Cases 5 and 6 have effects on the models' prediction
performances. Cases 1 to 4 had relatively small and constant flow rates,
while Cases 5 and 6 had fluctuating flow rates. In the following Sections
3.2 and 3.3, more detailed prediction performances are presented by
comparing the temporal temperature predictions for all test cases.

Journal of Energy Storage 69 (2023) 107866
3.2. Temperature predictions by the DNN and RNN

Fig. 6 shows the comparisons of the temporal temperature pre-
dictions at flow rates of 5-6 g/s and 3-5 g/s. In Fig. 6, Cases 2, 3, and 4
are seen to have higher MAEs with the RNN than the DNN, while a lower
MAE is seen for the RNN than DNN for Case 1. In Fig. 6(a), for Case 1, the
predicted temperature of the RNN is higher than the experimental value,
and it is the only case where RNN has better performance than DNN. On
the other hand, RNN underpredicted the temperatures for Cases 2 and 3
than the experimental values, while DNN overpredicted the tempera-
tures. Case 4 shows that both RNN and DNN predicted lower tempera-
tures. The reason for the worse performance of DNN than RNN in Case 1
is related to the method of modeling the DNN. Owing to the charac-
teristics of the DNN modeling, which includes all cases in one model, the
DNN model has no choice but to predict similar trends with matching
parameters. Cases 1, 2, and 3 were tested at the same ambient temper-
ature of 19 °C, but the initial temperature of the target tank varies from
19 °C for Case 1 to 0 °C for Case 3. Therefore, even if the DNN considers
the effects of the initial temperature of the target, the training data with
the same ambient temperatures (Cases 2 and 3) result in a lower pre-
dicted temperature for Case 1.

Unlike the RNN that is built with successive time series, the DNN has
the advantage that the total data can be learned at once, regardless of
continuity, and used as a universal model. However, this could result in
larger errors if discontinuous time series are included under the same
environmental conditions with different initial temperatures and pres-
sures of the target tank.

Fig. 7 shows the comparisons of temperature predictions for flow
rates of 0-80 g/s. In Fig. 7(a) and (b), the performance of the DNN is
much better than that of the RNN. Because the DNN predicts the target
temperature of the current time (t) based on the input parameter that
has information about the target temperature at the previous time (t-1),
it exhibits excellent temperature prediction even in the presence of flow-
rate fluctuations. On the other hand, the RNN shows good agreement
with the temporal temperature changes when the flow rate changes.
However, the temperature change in the RNN appears to be different
because the flow rate change is not reflected immediately owing to the
relatively large heat capacity of the system. This trend can be observed
during 18-22 s in Fig. 7(a) when the experienced temperature decreases
from —42.5 °C to —43.5 °C and the predicted temperature of the RNN
increases from —41.5 °C to —40 °C.

3.3. Heat transfer rate predictions by the DNN and RNN

Fig. 8(a—d) shows the comparisons of the experimentally determined
heat transfer rates based on predictions by the DNN and RNN models for
four constant flow-rate conditions. The calculated heat transfer rate is
determined using the inlet temperature and mass flow rate based on the
predicted target temperature. The heat transfer rate is calculated by
multiplying the difference between the inlet and target temperature
with the mass flow rate. Since the total heat transfer rate of a system is a
function of its mass flow rate, most changes in the heat transfer rate
follow a trend with respect to the mass flow rate. As with the temper-
ature predictions, the DNN showed good performances with excellent
MAEs for all cases except Case 1. Contrary to the concerns that the

Table 4
Best hyperparameter sets of the RNN model for each of six cases.
Case 1 2 3 4 5 6
Layer 3 4 4 4 3 3
Batch size 2 14 18 6 6 6
Learning rate 0.00085 0.001 0.0009 0.002 0.0009 0.001
1 28 256 256 128 36 256
Nodes 2 28 256 256 128 36 256
3 22 256 256 128 46 22
4 22 18 8
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performance of the RNN would deteriorate as the time point of the test
data is farther away than the time point of the training data, the MAE in
Case 1 decreased over time and the MAEs for Cases 2, 3, and 4 were
constant over time.

Fig. 9 shows the comparisons of the temporal variations of the
experimentally determined heat transfer coefficients based on pre-
dictions by the DNN and RNN models under variable flow rate

conditions. Owing to the flow rate change, the total heat transfer rates
abruptly changed from 0 to 30 kW with time for Cases 5 and 6. As shown
in Fig. 9, the DNN shows good agreement with the experimentally
measured target temperatures for Cases 5 and 6, and the heat transfer
rates are also predicted well by the DNN for these cases. The RNN ex-
hibits a relatively high MAE at the start of the test but begins to decrease
after 20 s as the flow rate decreases. Both the DNN and RNN are thus
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able to predict the total heat transfer rates based on the target prediction
temperatures within 3 % of MAEs for all cases.

4. Conclusions

This study developed DNN and RNN models to predict the ultra-low
temperature of hydrogen passing through a heat exchanger under 6
different operating environments. The performance of DNN prediction
of the target temperature is better than that of the RNN for all cases
except Case 1. The performance of RNN predictions of the target tem-
peratures in Cases 5 and 6, which operated at variable flow rates, was
worse than those in Cases 1 to 4, which operated at constant flow rates.

DNN modeling shows more advantageous performance with a vari-
able flow rate in that it predicts the target temperature at the current
time (t) by considering the target temperature at the previous time (t-1)
as an input parameter. In other words, DNN modeling has the disad-
vantage that it cannot predict the target temperature at the current time
(t) without that at the previous time (t-1), and RNN modeling can be
used to overcome this limitation. The RNN can predict the target tem-
perature at the current time (t) under different operating conditions
without the influence of the value at the previous time (t-1).

In summary, both DNN and RNN models can predict the target
temperatures of hydrogen within 3.11 % MAE and heat transfer rates of
the heat exchanger within 2.53 % MAEs. DNN modeling is recom-
mended as a universal method for predicting the temperature when
previous data are known, and RNN modeling is recommended for pre-
dicting the temperature for successive actions in a compressed hydrogen
system using a cooling heat exchanger.

The proposed approach could be highly beneficial for com-
pressed-hydrogen systems by providing a reliable means to estimate
hydrogen temperature before designing the entire system. This allows
users to have accurate information about their setup. Additionally, the
quick prediction time of the ANN model is advantageous for engineers
who need to compare different solutions in various environments,
eliminating the need for detailed physical dynamic models that are time-
consuming to use for simulations. However, to use this model univer-
sally, adding experiments for ambient temperatures ranging from
—30 °Cto 40 °C is necessary to ensure the usefulness of the modeling. In
addition, to further improve the proposed methodology, future works
will focus on performing comparative analyses across different types of
equipment and incorporating more advanced deep-learning techniques
for modeling updates.
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