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available sensors developed during the project 
H2-Sense [5] was updated to a Microsoft -Ac-
cess based system. The sensor XEN-5320 from 
Xensor was selected for its fast response, mak-
ing it suitable for leak detection. 

The sensors are distributed across the container
at different levels to determine the hydrogen vol-
ume fraction. As soon as the controlled release 
of hydrogen is stopped, the escape of the hydro-
gen in the containment is determined without ex-
ternal airflow. This will help continuously monitor 
the hydrogen concentration and help find the for-
mation of potential explosion mixtures.

The two corresponding equations are: 
𝜙𝜙𝐻𝐻2(𝑡𝑡) = 𝛽𝛽 · 𝑡𝑡 + 𝑎𝑎 (1) 
𝜙𝜙𝐻𝐻2(𝑡𝑡) = 𝜙𝜙𝐻𝐻2−𝐶𝐶𝐶𝐶𝐶𝐶 · 𝑒𝑒−𝑡𝑡·𝜏𝜏 (2)

where 𝛽𝛽 is the rate of increase of hydrogen con-
centration, φH2 is the hydrogen concentration in
Vol-%, a is the axis intercept, 𝜙𝜙𝐻𝐻2−𝐶𝐶𝐶𝐶𝐶𝐶 is the vol-
ume fraction of the used certified reference ma-
terial in Vol-% (“MXC-Mixture” with 5.55 Vol-% ± 
0.11 Vol-% Hydrogen in Nitrogen, AirLiquide, i.e.
this mixture can be mixed with any amount of air
and will never form an explosive mixture), t is the
time in min and τ is the loss constant / min.

Results
In this study, uncertainty was evaluated using
the GUM (Guide to the Expression of Uncertainty
in Measurement) framework, incorporating both
Type A (statistical) and Type B (systematic) un-
certainties. The expanded uncertainty for hydro-
gen concentration (𝜑𝜑H₂) was determined to be 
0.017% at a 95% confidence level, indicating the 
precision of the sensor measurements. Contrib-
uting factors include uncertainties in container
volume (Vcon = 26.16 m³ ± 0.02 m³), gas ex-
change rate (n = 0.72 h⁻¹ ± 0.05 h⁻¹), and reten-
tion time (𝜏𝜏 = 5020 s ± 370 s). The discrepancy
between theoretical and measured concentra-
tions (Δ𝜑𝜑H₂ = -0.121% ± 0.080%) highlights the 
impact of sensor response variations and envi-
ronmental conditions. Characterisation of these
uncertainties ensures reliable hydrogen safety
monitoring in closed spaces and supports the
development of more robust detection strate-
gies.

Figure 3 (a) shows the increase in the concen-
tration during the hydrogen release and various
alarm levels. Figure 3 (b) shows the distribution
of hydrogen within the container by natural dis-
persion. The sensors closer to the windows
show lesser concentrations, showing faster dis-
sipation near the windows even when closed. 
The accumulation of hydrogen is first seen at the
top of the container, with maximum accumulation
near the leak source.

(a)

(b)

Fig 3: (a) shows the concentration increase in the
container during the controlled release of hydrogen.
(b) Shows the dispersion of hydrogen as detected by

different sensors without any external ventilation

The findings validate the effectiveness of a sen-
sor network for real-time leak detection and pro-
vide critical insights for optimising sensor place-
ment and improving hydrogen safety strategies
in closed environments.
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Summary: Hydrogen (H2) is crucial for replacing fossil fuels and achieving net-zero emissions, but its flammability
and explosiveness pose safety challenges. Rapid H2 leak detection is essential for triggering emergency accidents.
However, H2 sensor response is constrained by material properties and gas flow dynamics, causing response and
detection delays. Our current study explores various available algorithms for H2 sensor response prediction from
early responses with a small time window, accelerating leakage detection. Our findings identify the most efficient
algorithms for real-time implementation, enhancing H2 safety systems.
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Introduction
(H2) plays a significant role in clean energy, but
its storage and transportation pose several chal-
lenges due to leakage and permeation. Leak-
age occurs through structural defects, while per-
meation involves the slow diffusion of hydrogen
through materials. These risks are heightened
in high-pressure storage, increasing the poten-
tial for rapid release and ignition. To address risk
concerns, sensor systems with advanced pre-
dictive algorithms are essential for early hydro-
gen safety, especially leak detection. The al-
gorithms improve detection speed and accuracy
by analyzing transient response signals and es-
timating stable sensor values. Numerous stud-
ies have explored predictive modeling for hydro-
gen sensor response. Shi et al. applied a CNN-
LSTM model to forecast hydrogen concentration
for rapid detection [1]. Hübert et al. developed
a mathematical approximation algorithm to esti-
mate the sensor t90 response time [2]. Osorio-
Arrieta et al. utilized the Gauss-Newton method
to accelerate the measurement time by fitting
transient response curves [3].

Existing literature primarily focuses on predict-
ing sensor response using the entire H2 sensor
response. This study focuses on algorithms that
predict H2 entire sensor response from an early
small time window of the sensor response. Our
study evaluates various algorithms’ mathemati-
cal feasibility and practical applicability for sen-
sor response prediction while providing a com-
prehensive overview of methods used in H2 sen-
sor analysis.

Hydrogen Sensor Response Behavior
In gas measurement, a sensor reacts to a
change in gas concentration, resembling a neg-
ative exponential curve as the hydrogen concen-
tration increases [4, 5]. Ideally, the sensor re-

sponse is stable when it reaches the targeted H2
gas concentration. However, sensor response
can be affected by both extrinsic and intrinsic
factors. Extrinsic factors include gas delivery dy-
namics and data acquisition delays. In contrast,
the intrinsic factors related to the sensor’s phys-
ical properties influence the delay between hy-
drogen release and initial signal detection [2]. As
illustrated in Fig. 1, we aim to predict the stable
value of the sensor response (green curve) using
a model (red curve).

Fig. 1: Hydrogen sensor response with key features:
sensor response, a small time window, and the
predicted response

We will follow a structured workflow to predict
H2 sensor response from a small time window.
First, raw time-series sensor responses will be
collected from experiments and real-world use
cases. Next, key variables—including the initial
response, small time window, and stable sensor
response—will be defined. Different prediction
models will be selected based on their accuracy
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and applied to estimate the stable response us-
ing small time data. In this research, we will
present various prediction models in the follow-
ing sections. The models’ outputs will be ana-
lyzed and evaluated, taking into account uncer-
tainties and potential errors in real-world sensor
responses. Finally, we will identify the most ef-
fective model for H2 sensor response prediction.

Classic Approximation (CA)
CA algorithms are based on analytical trans-
fer functions that approximate hydrogen sensors’
transient and steady-state response. They help
estimate key response characteristics such as
time delay and stable values. CA algorithms es-
tablish a clear analytical framework, enhancing
interoperability and providing valuable insights
into sensor dynamics. Different CA models, such
as First-Order Plus Dead Time (FOPDT) and
Second-Order Plus Dead Time (SOPDT), Expo-
nential and Polynomial Curve Fitting explained
in [6] are computationally efficient, requiring min-
imal processing power, which makes them well-
suited for efficient applications.

Statistical Regression (SR)
SR algorithms predict sensor responses based
on past sensor readings, making them prac-
tical for time-dependent predictions. In [7],
various SR algorithms such as Auto-regressive
(AR), Auto-regressive Moving Average (ARMA),
and Auto-regressive Integrated Moving Average
(ARIMA) are discussed, which provide a power-
ful approach for forecasting sensor values using
historical data. These algorithms are particularly
well-suited for time-series forecasting and real-
time sensor response prediction. By leveraging
past sensor readings, they can identify patterns
and trends, making them valuable for long-term
monitoring and adaptive calibration.

Machine Learning (ML)
ML is also a data-driven algorithm for predict-
ing hydrogen sensor responses, leveraging large
datasets for improved accuracy and robustness.
It offers advanced, data-driven solutions for pre-
dicting hydrogen sensor responses, particularly
in complex time-series data analysis. In [7], dif-
ferent ML algorithms such as Support Vector
Machines (SVMs), Random Forest Regression
(RF), Artificial Neural Networks (ANNs), Con-
volutional Neural Networks (CNNs), and Long
Short-Term Memory (LSTM) Networks are dis-
cussed, which leverage large datasets to im-
prove prediction accuracy and robustness. Un-
like traditional classic and statistical algorithms,
ML approaches can handle nonlinear sensor
behaviors, adapt to environmental variations,
and extract hidden patterns from sensor signals.
However, ML models require large, high-quality
datasets for training and can be computation-
ally intensive, making them less suitable for low-
power embedded sensor systems. Despite the
limitations, ML-based sensor prediction models

significantly enhance early leak detection and
adaptive monitoring, making them a powerful
tool in hydrogen safety applications.

Discussion
The H2 sensor response is dynamic and influ-
enced by ambient factors such as temperature,
pressure, and humidity, which introduce uncer-
tainties that should be quantified using appro-
priate error metrics and validation techniques.
Our study starts with classical models (FOPDT,
SOPDT), which estimate stable responses using
a small time window. Furthermore, we will con-
sider ARIMA for accurate prediction by consid-
ering uncertainties. Finally, we train the LSTM
model to enhance real-time H2 sensor response
predictions in large-scale datasets.

Conclusion
In this study, our objective is to predict the H2
sensor response using only a small time window
from the early H2 sensor response. Each model
has its strengths and limitations—some algo-
rithms excel at capturing specific features, while
others offer higher accuracy with lower compu-
tational costs. Therefore, we are exploring the
most efficient and reliable algorithms for quick H2
sensor response prediction. In the future, we aim
to test hybrid algorithm approaches by integrat-
ing CA, SR, and ML models to achieve optimal
prediction accuracy.
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