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The ability to rapidly detect hydrogen gas upon occurrence of a leak is critical for the safe large-
scale implementation of hydrogen (energy) technologies. However, to date, no technically viable
sensor solution exists that meets the corresponding response time targets set by stakeholders at
technically relevant conditions. Here, we demonstrate how a tailored Long Short-term Transformer
Ensemble Model for Accelerated Sensing (LEMAS) accelerates the response of a state-of-the-art
optical plasmonic hydrogen sensor by up to a factor of 40 in an oxygen-free inert gas environment,
by accurately predicting its response value to a hydrogen concentration change before it is physically
reached by the sensor hardware. Furthermore, it eliminates the pressure dependence of the response
intrinsic to metal hydride-based sensors, while leveraging their ability to operate in oxygen-starved
environments that are proposed to be used for inert gas encapsulation systems of hydrogen instal-
lations. Moreover LEMAS provides a measure for the uncertainty of the predictions that is pivotal
for safety-critical sensor applications. Our results thus advertise the use of deep learning for the
acceleration of sensor response, also beyond the realm of plasmonic hydrogen detection.

INTRODUCTION

The ability to detect, quantify and distinguish chemi-
cal species accurately and rapidly is crucial for technolo-
gies requiring swift data capture to support well informed
decision-making, automation and process-monitoring.
Such technologies span a wide range of applications, in-
cluding environmental monitoring [1], biosensing for real-
time disease diagnostics [2], chemical process control [3]
and food quality evaluation [4]. They all have in com-
mon that they critically rely on the development of sen-
sors that are not only precise, sensitive and selective but
also respond rapidly to their target substance and are
able to deliver an accurate quantitative measure of the
concentration of that target.

A domain that is rapidly expanding and where sensing
will play a pivotal role in facilitating safe large scale im-
plementation is hydrogen-based technologies, including
fuel cells for heavy transport, shipping and aviation, en-
ergy storage solutions and green steel production. They
all have in common that they promise substantial reduc-
tions of greenhouse gas emissions. However, this prospect
also generates new demands for active process monitor-
ing and control, and introduces safety concerns owing to
the high flammability of H2-air mixtures. All of these
issues can be effectively addressed by the development of
fast and accurate H2 sensors.

From a sensing environment perspective, two distinct
settings exist, where ambient conditions characterized by
an abundance of oxygen constitutes the most obvious
one. The second setting, which is of significant tech-
nological relevance but much less discussed in the sci-
entific literature to date, is so-called “inert” or “oxygen
starved” environments. They are established to encapsu-
late/enclose large scale H2 installations, such as entire en-

gine rooms on fuel-cell powered ships, or fuel pipes on H2-
powered airplanes, to avoid the formation of flammable
air-H2 mixtures. The rapid detection of even the tiniest
H2 leaks inside these inert gas encapsulation infrastruc-
tures is critical to provide enough time for the implemen-
tation of appropriate measures to eliminate, as well as to
spatially localize, the leak by placing a large number of
sensors at strategic locations inside the system. Specif-
ically, in such installations the system is continuously
flushed by an inert gas, such as N2 or Ar, to eliminate
the presence of molecular oxygen. Importantly, we note
that the inert gas used in such systems will be of low
quality from a purity perspective with respect to species
such as H2O, CO or SOx , for cost reasons. This combi-
nation of lack of O2 and presence of sizable amounts of
“poisoning” molecules that bind strongly to many sensor
surfaces poses a significant challenge because (i) estab-
lished H2 sensors of the catalytic and thermal type re-
quire O2 to work and (ii) because the strong molecular
bonds either block/poison surface sites required for H2

dissociation and/or detection, or facilitate surface reac-
tions that consume hydrogen species and thus prevent
them from being detected [5].

To steer the development of next-generation H2 sensors
that meet the upcoming demands of widely implemented
H2 technologies outlined above, agencies and stakehold-
ers have defined performance targets. The most well-
know ones are defined by the U.S. Department of Energy
(DOE), which identify sensor speed at ambient condi-
tions as one of the key unresolved metrics [6]. To this end,
a small number of studies exist where H2 sensors with re-
sponse times just below 1 s for a 1mbar H2 pulse have
been demonstrated experimentally [7–9]. However, while
indeed important breakthroughs, these demonstrations
were made in an idealized pure H2-vacuum environment
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that constitutes a severe simplification. As the main rea-
son for this simplification we identify the aforementioned
challenge of “poisoning” molecular species in technolog-
ically relevant sensing environments due to their impact
on the surface chemistry of a sensor. Hence, even though
these demonstrations of H2 detection with sub-second re-
sponse in idealized vacuum/pure H2 conditions exist, it
is clear that further advances in this field are necessary
[5].

Traditionally, such advances are attempted by develop-
ing new sensing materials, by nanostructuring the sens-
ing materials and/or signal transducers, and by the re-
finement or modification of fundamental physical sensing
mechanisms [7, 9–14]. Interestingly, however, only very
limited attention has been directed towards harnessing
the potential of tailoring the treatment of output data of
existing sensor platforms with the aim to improve sensor
response, e.g., by machine learning techniques. Accord-
ingly, only few recent studies have leveraged the potential
of machine learning to enhance the accuracy or sensitiv-
ity of different kinds of gas sensors [15, 16], leaving the
potential to enhance sensor response times still largely
unexplored.

In response to and motivated by the high demand for
faster sensors in general and H2 sensors for inert gas envi-
ronments in particular, here, we develop an approach for
accelerating H2-sensing that combines optical nanoplas-
monic sensors based on hydride-forming metal nanopar-
ticles, such as Pd and its alloys with coinage metals
[5, 17, 18], that enable operation in oxygen-starved envi-
ronments, with deep learning. We show that this combi-
nation enables predicting the H2 concentration in an inert
gas (far) more quickly than the conventional approach,
which is limited by the need to reach full thermodynamic
equilibration of the sensor after a change in H2 concen-
tration and hampered by sensor deactivation effects due
to the presence of molecular contaminants.

To analyze the output data of plasmonic hydrogen sen-
sors, which typically consists of time series of scattering
or extinction spectra in the visible light spectral range
[5, 18], the current state of the art (SotA) analysis widely
applied in the field collapses each such measured spec-
trum to a single spectral descriptor, such as the spectral
peak position, the full-width half maximum or the cen-
troid position [19]. In other words, the (potentially) vast
amount of information contained in the full spectrum is
lost in this analysis.

To harness this information with the aim to accelerate
plasmonic H2 sensor response in inert gas environment,
here, we introduce LEMAS, short for Long Short-term
Transformer Ensemble Model for Accelerated Sensing,
which improves the sensor speed by learning the relation-
ship between the time dependence of the full spectrum
and the H2 concentration, while simultaneously assess-
ing uncertainty in the model predictions through model
ensembles. The long short-term transformer (LSTR) ar-

chitecture consists of a long and short-term memory and
has been demonstrated to be well suited for modeling
long time sequences [20]. We demonstrate that LEMAS
reduces the response time of a Pd70Au30 alloy plasmonic
H2 sensor by up to 40 times when exposed to a distinct
H2 pulse down to 0.06 vol.% H2 in an inert gas environ-
ment at atmospheric pressure, in a scenario simulating a
sudden large leak. Furthermore, we illustrate the ability
of LEMAS to rapidly discern and quantify slow gradual
changes in H2 concentration from mere noise in a sim-
ulated scenario of detecting a small leak in an enclosed
inert gas environment. This ability is critical for detect-
ing H2 at as low concentrations as possible as quickly
as possible, allowing sufficient time to apply safety mea-
sures, such as system shutdown, before a safety-critical
H2 concentration is reached. Finally, as an ensemble
model LEMAS enables one to obtain uncertainty esti-
mates, which is of fundamental importance for safety-
critical applications, including but not limited to H2 sens-
ing.

RESULTS AND DISCUSSION

Pd70Au30 alloy plasmonic H2 sensors. As the plas-
monic H2 sensor platform of choice, we selected the well-
established Pd70Au30 alloy system, which we have inves-
tigated in detail earlier [7, 21–24]. This material system is
especially suited for inert gas sensing environments since
its sensing mechanism, the interstitial sorption of hydro-
gen into the lattice of the metal host, does not require
O2 to be present. The Au alloyant serves the purpose
of eliminating the intrinsic hysteresis characteristic for
pure Pd by lowering the critical temperature of the sys-
tem [25–28]. At 30% Au the best compromise between
completely eliminating hysteresis, establishing linear op-
tical response to H2 and maximizing optical contrast per
unit sorbed H2 is reached. Therefore, we nanofabricated
quasi-random arrays of Pd70Au30 alloy nanodisks with a
mean diameter of 210 nm and 25 nm height onto fused
silica substrates using hole-mask colloidal lithography
(Fig. 1a-b), following the procedures described in detail
in our earlier work [29] and in Sect. in Sect. .
The working principle of plasmonic H2 sensors is based

on the localized surface plasmon resonance (LSPR) phe-
nomenon, characteristic for metal nanoparticles irradi-
ated by visible light. In an optical transmission, scat-
tering or extinction spectrum, the LSPR manifests itself
as a distinct peak with a maximum at a specific wave-
length. The spectral position of this peak maximum, as
well as related peak descriptors such as width and in-
tensity, exhibits a linear dependence on the H2 partial
pressure surrounding the particles and on the amount of
hydrogen species absorbed into interstitial lattice sites of
the Pd or Pd alloy host (Fig. 1c-d) [23]. Since the ab- and
desorption of hydrogen into and from these interstitial
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FIG. 1. Pd70Au30 alloy nanoparticle plasmonic sensor
characterization and operating principle. (a) Energy-
dispersive X-ray (EDX) spectrum collected from a single
Pd70Au30 alloy nanodisk in the quasi-random array of such
disks that constitutes the active sensor surface. (b) Zoom-in
of the EDX-spectrum in (a) up to 4.5 keV to focus on the
characteristic Pd and Au peaks. (c) Schematic illustration
of the plasmonic H2 sensing principle, where the sorption of
hydrogen into hydride-forming metal nanoparticles induces a
change in their localized surface plasmon resonance frequency,
which leads to a color change that is resolved in a spectro-
scopic measurement in the visible light spectral range. (d)
Example of the spectral response of the Pd70Au30 alloy plas-
monic sensor used in this work, resolved as a gradual shift in
the extinction spectrum as hydrogen is absorbed the crystal
lattice. Inset: Temporal evolution of the peak centroid po-
sition, one of the spectral descriptors that can be tracked to
enable real time H2 detection.

lattice positions, respectively, occurs spontaneously and
reversibly at ambient conditions, and also in oxygen-free
environments, tracking of the spectral position (as well
as other peak descriptors) of the LSPR peak as function
of H2 partial pressure enables real time H2 detection (in-
set in Fig. 1d). In this work, for what we refer to as the
SotA analysis, we use the centroid position as a spectral
descriptor which we relate to the H2 concentration by a

calibration function (see Sect. in Sect. for details).

Deep learning model selection. We base our choice of
a LSTR model for accelerating the plasmonic H2 sensor
response on several key characteristics of the output data
generated by this type of sensor (see Fig. 2 and Sect. in
Sect. for details). The first important characteristic to
take into account is that the measured extinction spectra
that constitute the raw sensor response over time, exhibit
intrinsic noise (due to intensity fluctuations of the halo-
gen light source and detection noise of the spectrometer
used) that is comparable to the magnitude of changes
induced in the spectra by small variations in H2 concen-
tration. Consequently, a crucial criterion for selecting the
deep learning model is its ability to accurately model long
temporal sequences, enabling the differentiation between
relevant temporal trends in the extinction spectrum and
the inherent noise.

The second critical aspect influencing the performance
of the LSTR model, based on the characteristics of the
sensor data, is the pre-processing of the measured extinc-
tion spectra. Such pre-processing is needed due to drift
in the sensor response over time (mainly due to long-term
variations of light source intensity), as well as small vari-
ations in the extinction spectra obtained in different mea-
surements using the same sensor, due to slightly different
placement of the sensor in the measurement chamber for
each independent experiment. Here, we found that using
several pre-processing methods is beneficial for the per-
formance of the LSTR model. Therefore, we used four
different pre-processing techniques (see Eq. and Note S2
for details) and concatenated them into a single array
[30]. As a result, the input data for the deep learning
models was a time series, where each element in the se-
quences consisted of the concatenation of the different
pre-processing techniques (see Fig. 2a).

Another modeling choice that we make is to employ an
ensemble of LSTR models. This choice is motivated by
the safety-critical nature of the hydrogen sensor appli-
cation and yields a more robust prediction, as well as a
measure of uncertainty by aggregating the predictions of
several LSTR models to compute the mean and the stan-
dard deviation (see Sect. in Sect. for details). Combin-
ing these modeling choices, we arrive at LEMAS, char-
acterized by an ensemble of LSTR models that can both
rapidly predict the H2 concentration and provide a mea-
sure of uncertainty from a time series of pre-processed
spectra.

LEMAS model training and testing. Having intro-
duced the architecture of the LEMAS model, we discuss
the training and testing data used for optimizing the sen-
sor response in (i) a large and fast leak scenario and (ii)
a slow gradual leak scenario. These data were generated
by measuring tailored time series of optical extinction
spectra of the sensor localized in a custom-made mea-
surement chamber with small volume to enable rapid gas
exchange at atmospheric pressure to expose the sensor to
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FIG. 2. Long Short-term Transformer Ensemble Model for Accelerated Sensing. Illustration of the deep learning
model used in this work based on the LSTR architecture. (a) The input data to the model consists of a time sequence of the past
evolution of the spectral response of the sensor. In this figure the time sequence consist of 600 time steps corresponding to 198 s.
(b) The time sequence is first split into a long and short-term memory and pre-processed using four different methods, including
wavelength dependent min-max normalization, standard normal variate standardization, global min-max normalization, and
level scaling, before the concatenation of the pre-processed data is being fed to the LSTR. (c) The LSTR firstly compresses the
long-term memory to a fixed length latent representation in the LSTR encoder. Secondly, the LSTR decoder extracts relevant
temporal features in the short term memory while also querying the compressed long-term memory. The extracted temporal
features are then passed through a stack of MLP layers to obtain a prediction of the current H2 concentration.

varying H2 concentrations in inert gas environment (see
Sect. in Sect. and Fig. S1 for details). Specifically,
we used three different H2 profiles for generating the
training data: (i) step-wise increase/decrease of H2 from
0.00 vol.% H2 to 0.06–1.97 vol.% H2 in inert Ar environ-
ment (Fig. S4), (ii) linear increase/decrease of H2 from
0.06 vol.% H2 to 0.09–1.97 vol.% H2 in inert Ar environ-
ment (Fig. S5a) and (iii) exponential increase/decrease
of H2 from 0.06 vol.% H2 to 0.09–1.97 vol.% H2 in inert
Ar environment (Fig. S5b), see Note S1 for details.

For the first case of a large simulated leak charac-
terized by a rapid step-wise increase of H2 concentra-
tion in the sensor surroundings, we trained LEMAS us-
ing two independent measurements of step-wise H2 con-
centration increase/decrease and subsequently tested the
trained LEMAS model on a third measurement not used
for training. For the second case of a simulated small slow
leak, we trained LEMAS on one measurement of linear
H2 concentration increase/decreases and tested the per-
formance of the trained model on one measurement with
exponential H2 increase/decreases (see Sect. for details).

The models trained for optimizing the sensor response
in a large and fast leak scenario used a total input se-
quence length corresponding to the past 3min, whereas
the models trained for optimizing the sensor response
in a slow gradual leak scenario used an input sequence
length corresponding to the past 22min of the sensor his-
tory. These choices were made based on an analysis of
the change in centroid position in the training data and
an estimation of the length of the time sequence needed
to differentiate the slowest occurring process in the sen-
sor output data from the noise in the measurement (see

Fig. S10 and Fig. S11 for details).

Accelerating sensor response to a simulated large leak
in inert Ar environment. To assess the ability of
LEMAS to accelerate the response of a plasmonic H2 sen-
sor, we first consider a scenario where a 0.06% H2 pulse
in inert Ar gas is applied to our device at 30 ◦C (Fig. 3a).
For this analysis, we define the response time t90 as the
first point in time where the sensor response has reached
90% of its new steady state value. Applying first the
SotA analysis that tracks the centroid position, reveals
that it takes on the order of 85 s to reach t90. Deploying
the LEMAS analysis on the same data, shows that it is
able to predict the saturated H2 level after only 3.6 s and
thus long before the response of the system has saturated,
leading to a more than 20-fold reduction of the response
time. This result is corroborated when comparing t90 val-
ues obtained by SotA and LEMAS analysis across a range
of H2 pressure pulses from 0.06 vol.% H2 to 1.97 vol.% H2

(Fig. 3b and Fig. S15).

Remarkably, LEMAS also achieves a response time
that is practically independent of H2 concentration
whereas the t90 from the SotA analysis quickly increases
with decreasing H2 concentration. We attribute this be-
havior to the fact that LEMAS only requires a certain
number of data points to make its prediction, the avail-
ability of which is dictated by the read-out frequency of
the spectrometer rather than the H2 pressure. By con-
trast, the SotA analysis is limited by the intrinsic kinetics
of the material platform, causing a strong dependence on
the H2 pressure. As a result, LEMAS yields the largest
boost in acceleration in the application critical range of
lower H2 pressures and LEMAS, overcoming one of the
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FIG. 3. Accelerating sensor response to a simulated
large leak in inert gas environment. (a) Comparison of
the prediction of LEMAS and the SotA centroid analysis for
a pulse of 0.06 vol.% H2 in inert Ar environment. By utiliz-
ing the full time-dependent spectrum of the measured sensor
response LEMAS is able to accurately predict the final value
H2 concentration before the sensor physically reaches its new
state in equilibrium with the new H2 concentration level. (b)
Comparison of response times obtained by LEMAS and the
SotA centroid analysis as a function of H2 concentration in
inert Ar environment. Note the significant acceleration by
LEMAS, in particular at the lowest H2 concentrations, and
the elimination of the concentration dependence of the re-
sponse.

most important intrinsic limiting factors of hydride-based
H2 sensors.

Specifically, for the smallest concentrations considered
in our experiment, at 0.1 vol.% H2 and below, the re-
sponse times range between 1.6 s – 3.6 s for the LEMAS
analysis compared to 50 s – 85 s for the SotA analysis.
This corresponds to an 21 – 40 fold improvement com-
pared to the SotA. At the same time, we also note that

even the accelerated response obtained by LEMAS in the
present inert gas conditions, is slower than the state-of
the art in vacuum/H2 environment without acceleration
[7–9]. As the main reasons, we identify the following
points: (i) The traces of poisoning species such as H2O,
CO, etc. present in the Ar inert gas used, significantly
decelerate the sensor, as expected[7] (see Fig. S2 and
Fig. S3 for quantitative mass spectrometric analysis of
the background molecular species present in the Ar inert
gas used). (ii) We have used relatively large nanoparti-
cles, and it is known that reducing size increases sensor
speed due to reduced hydrogen diffusion path lengths[7].
(iii) We have not applied any polymer coatings, which
are known to accelerate sensor response, as well as pro-
tect them from the poisoning molecular species present
in the inert gas [7].

Furthermore, we highlight that the amount of response
time acceleration that LEMAS can produce not only de-
pends on the obvious intrinsic response speed of the ac-
tive sensor material (in our case the PdAu alloy nanopar-
ticles) but also on the sampling rate of the sensor hard-
ware, where a higher sampling rate enables a larger de-
gree of acceleration. For our experiments discussed so far,
we have used a sampling frequency of 3Hz, which was the
the highest rate enabled by the used spectrometer. Con-
sequently, in this specific implementation, LEMAS has
only three data points available to identify a change in
the H2 concentration in less than 1 s. Crucially, the ac-
celeration observed in the present case is thus not limited
by LEMAS but the underlying materials and read-out of
the used light sampling device.

Having established the overall LEMAS concept and
demonstrated its ability to substantially accelerate sen-
sor speed in inert sensing environments, in particular in
the low concentration regime, it is interesting to evaluate
the performance of LEMAS in more detail. To do so, we
select three different H2 concentration pulses, i.e., pulses
to 0.06, 0.08, and 0.10 vol.% H2, and plot the the sen-
sor response predicted by LEMAS as a function of time,
with the standard deviation of the prediction at each time
point indicated in the corresponding graphs (Fig. 4a and
Fig. S16 for all pulses). We also define the sensor settling
time, tLEMAS

s , as the first time point where the predicted
H2 concentration lies within ± 10% of the target H2 con-
centration and the relative standard deviation is smaller
than 10%. This metric complements the response time
by also considering cases where LEMAS either underes-
timates or overestimates the H2 concentration after t90.

First, we note that at the onset of each pulse, there is
a brief interval where LEMAS predicts 0 vol.% H2, while
the actual H2 concentration has already increased. This
behavior occurs since the change in the extinction spec-
trum induced by the presence of H2 is not yet distinguish-
able from the noise level in the measurement. This initial
phase is followed by an interval where a clear change in
the extinction spectrum is detected but where both er-
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FIG. 4. LEMAS prediction accuracy to H2 pulses of different concentration. (a) The prediction and standard
deviation from LEMAS for three selected H2 concentration pulses in the test set. The lower panels display zoom-ins on
the initial response to the pulse. (b) The relative error of the LEMAS predictions for the entire range of H2 concentration
pulses, starting at the response time, tLEMAS

90 , and forward. (c) LEMAS settling and response times as a function of the H2

concentration.

ror (Fig. 4b) and uncertainty are still rather large (red
shaded areas in Fig. 4a). In the final phase, the LEMAS-
predicted H2 concentration settles at the correct value
once the change in the extinction spectrum is sufficiently
distinct, such that all models in the ensemble predict a
similar H2 concentration, and the uncertainty becomes
very small.

Finally, we note that for some pulses (illustrated
by 0.08 and 0.10 vol.% H2 in Fig. 4a) the predicted
H2 concentration is overestimated for a brief interval
past tLEMAS

90 , before the mean prediction settles around
the target value. Consequently, tLEMAS

s is larger than
tLEMAS
90 . Conversely, in other cases (illustrated by the
pulse to 0.06 vol.% H2) the H2 concentration is underes-
timated until tLEMAS

90 , at which point the uncertainty has
also been reduced. As a result, tLEMAS

s equals tLEMAS
90 in

this (and similar) cases. To further examine the overes-
timations we analyze the relative error of the predicted
response, starting from tLEMAS

90 (Fig. 4b). Overall the
relative error tends to be larger for lower H2 concentra-
tion pulses since there is a transient overestimation in
the LEMAS prediction. Consequently, tLEMAS

s is gener-
ally larger for lower H2 concentrations (Fig. 4c). This is
likely the consequence of the early predictions being more
affected by measurement noise, since lower H2 concentra-
tions are associated with slower absorption kinetics and
smaller changes in the extinction spectrum. An impor-

tant implication of these initial over-estimations is that
the accuracy of the sensor initial response can be com-
promised if one relies on a single model, providing further
evidence for the benefit of using an ensemble model, as
we do with LEMAS.

Improving sensor response to a simulated small and
slow leak in inert Ar environment. In a practical appli-
cation in inert gas environment, H2 sensors are not only
required for the rapid detection of large leaks with fast
and essentially instantaneous increase of H2 concentra-
tion, but also in scenarios where a small leak will lead to
a slow increase in H2 concentration in an enclosed envi-
ronment over time. Technically, this translates into the
challenge of being able to as quickly as possible discern a
tiny sensor signal from noise. To address this scenario in
the LEMAS framework, we define the limit of detection
(LOD) of a sensor as the minimal amount of H2 required
for the mean H2 prediction to change by more than three
times the standard deviation of the H2 prediction at a
baseline where the H2 concentration is kept constant. In
other words, the smallest H2 required to discern (but not
quantify) the presence of hydrogen gas with a confidence
of 3σ. Furthermore, we define the limit of quantifica-
tion (LOQ) as the minimal amount of H2 for which the
mean relative error of the H2 prediction is less than 5

%. The mean absolute relative error 1
N

∑N
t=1

∣∣∣Pt−Tt

Tt

∣∣∣ is
calculated over a time window of 2min, where N is the
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FIG. 5. Small leak detection and quantification. (a-b) Time evolution of the H2 concentration obtained using the SotA
centroid analysis and LEMAS, respectively, for exponentially increasing H2 concentration in inert Ar environment for leak rates
of (a) 1.32× 10−3 vol.% H2 min−1 and (b) 5.73× 10−2 vol.% H2 min−1. The correspondingly obtained limit of detection (LOD)
and limit of quantification (LOQ) are also indicated. (c-d) LOD and LOQ as a function of leak rate. Note that at the smallest
leak rate the LOD is not reached for the SotA centroid analysis.

total number of time steps across the window, Pt is the
predicted H2 value for time step t and Tt is the true H2

value for time-step t.

We then assess the sensor response to a first sce-
nario with a very small exponential leak rate of 1.32 ×
10−3 vol.% H2 min−1 using both the centroid-shift based
SotA analysis and LEMAS (Fig. 5a). This analysis re-
veals that the LEMAS-predicted H2 concentrations con-
tain considerably less noise compared to the SotA anal-
ysis. In the SotA analysis the noise in the H2 signal is
initially comparable to the change in H2 concentration.
As a result, the LOD is reached faster, i.e., at lower H2

concentrations, for LEMAS analysis due to its ability to
faster discern changes in the H2 concentration. We also
note that the LEMAS analysis generally delivers a more
accurate response, where the predicted H2 concentration
values are closer to the target values, resulting in the
LOD being reached earlier for LEMAS.

We also perform a similar analysis of a second sce-
nario with a higher exponential leak of rate 5.73 ×

10−2 vol.% H2 min−1 (Fig. 5b; see also Fig. S17 for the
SotA and LEMAS-predicted H2 concentrations for all ex-
ponential leak rates). Consistent with the previous anal-
ysis, LEMAS demonstrates a significantly lower LOQ, at-
tributed to its overall higher accuracy. However, despite
LEMAS exhibiting less noise than the SotA analysis the
LOD of the two approaches are very similar. This can be
understood by noting that, in contrast to the previous
case, here the fluctuations in the prediction of the SotA
analysis are much smaller than the change in H2 due to
the higher exponential leak rate.

These results are further corroborated when comparing
the LOD and LOQ obtained by the SotA and LEMAS
analysis methods, respectively, across a range of exponen-
tial leak rates from 6.52×10−3 vol.% H2 min−1 to 6.52×
10−2 vol.% H2 min−1 (Fig. 5c-d). From Fig. 5c we
identify that for exponential leak rates at 3.44 ×
10−2 vol.% H2 min−1 and below LEMAS has a signifi-
cantly lower LOD than SotA. At larger exponential leak
rates, the LOD for the LEMAS and SotA analysis be-
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comes approximately equal. This occurs because, at
larger rates, the change in H2 is sufficiently large, such
that the initial change in the sensor signal is much larger
than the intrinsic noise. Consequently, the ability of
LEMAS to discern small signals from noise does not sig-
nificantly contribute to decreasing the LOD. At lower
leak rates, however, LEMAS indeed makes it possible to
extract a discernible signal earlier, at lower leaked con-
centrations, thereby significantly increasing the time win-
dow from triggered sensor response to the leak having
reached the flammability limit of 4 vol.% H2. Finally,
in Fig. 5d, we see that LEMAS has a lower LOD for
all investigated leak rates, which is a consequence of the
higher accuracy obtained through LEMAS (see Note S3).
In summary, these results underscore on one hand the ef-
fectiveness of LEMAS in detecting small and slow leaks
earlier, as it consistently achieves a lower LOD than the
SotA analysis at small rates. On the other hand, they
demonstrate that LEMAS consistently outperforms the
SotA analysis in terms of leak quantification, as reflected
in its lower LOQ across all rates.

CONCLUSIONS

In this work, we have leveraged plasmonic H2 sen-
sors with deep learning to address a crucial challenge in
H2 sensing: the need for faster H2 detection in techni-
cally relevant conditions. We have focused on the so far
relatively unexplored but technically important applica-
tion area of inert gas environments planned to be used
to encapsulate/enclose large scale H2 installations, such
as fuel pipes on H2-powered airplanes or entire engine
rooms on fuel-cell powered ships, to avoid the formation
of flammable air-H2 mixtures. For this application area
of H2 detection, hydride-forming plasmonic sensors are
particularly well-suited, since they do not require molec-
ular oxygen for their operation — in contrast to, e.g., cat-
alytic or thermal H2 sensors, which are most commonly
used today.
From the deep learning perspective, we have devel-

oped LEMAS, short for Long Short-term Transformer
Ensemble Model for Accelerated Sensing, which acceler-
ates sensor response by learning the relationship between
the time dependence of the full spectral response of the
plasmonic sensor and the H2 concentration to predict
the final sensor response before it is reached physically,
while simultaneously assessing uncertainty in the model
predictions through model ensembles. To obtain accu-
rate models for the ensemble and mitigate artifacts from
measurement noise, drift, and variations between differ-
ent measurements, we found it crucial to use a sufficiently
long time series and combine the result of several differ-
ent pre-processing approaches, such as wavelength de-
pendent min-max normalization, standard normal vari-
ate standardization, global min-max normalization, and

level scaling.
In summary, our results demonstrate the ability of

deep learning concepts to significantly accelerate sensor
response times and to enhance quantification of H2 leaks
by enabling their detection earlier and therefore at lower
leaked concentrations. This, in turn, is important from
a practical application perspective, since it provides a
longer time window for the implementation of appropri-
ate measures for handling the leak. Specifically, we have
demonstrated (i) that LEMAS is able to accelerate the
response time of a plasmonic H2 sensor by a factor of 20
to 40 in an inert gas environment for H2 concentrations of
0.1 vol.% H2 and below, and (ii) that it effectively elimi-
nates the intrinsic H2 concentration dependence of metal
hydride-based sensors. This is an important result be-
cause the characteristic increase of sensor response time
for decreasing H2 concentrations constitutes one of the
long-standing unresolved limitations in H2 sensor tech-
nology.

Taken together, our findings underscore the significant
potential of deep learning for overcoming current limi-
tations in H2 sensor performance, such as slow response
in technologically relevant sensing environments like the
inert gas environment investigated here. Furthermore,
while our investigation primarily focused on plasmonic
H2 sensors, it is important to emphasize that the insights
gained from this study hold broader implications for sen-
sor technology in general as they illustrate a relatively
unexplored generic concept for accelerating sensors by
means of deep learning.

Methods

Hydrogen sensing experiments. The measurements
were conducted in a custom-built reactor chamber that
is comprised of a customized DN 16 CF spacer flange
(Pfeifer Vacuum), equipped with a gas in- and outlet,
and two fused-silica viewports (1.33” CF Flage, Accu-
Glass). The effective chamber volume is ca. 1.5mL. The
gas flow rates were controlled by mass flow controllers
(El-Flow Select series, Bronkhorst High-Tech) (Fig. S1).
The sample inside the chamber was illuminated using an
unpolarized halogen white light source (AvaLight-HAL,
Avantes) and an optical fiber equipped with a collimat-
ing lens. The transmitted light was collected and an-
alyzed using a fiber-coupled fixed-grating spectrometer
(SensLine AvaSpec-HS1024TEC, Avantes). The temper-
ature was controlled with a heating coil wrapped around
the chamber and a temperature controller (Eurotherm
3216) in a feedback loop manner, where the sample sur-
face temperature inside the chamber was continuously
used as input.

All measurements were performed at 30 ◦C in Argon
background, with a constant gas flow of 300mL/min.
The hydrogen concentration in all of the following
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measurements was in the range of 0.06 vol.% H2 –
1.97 vol.% H2 (detailed description of the different pulse
schemes as found in Note S1). The sampling frequency
of the spectrometer was set to 3Hz.
SotA analysis. In this work, we used the centroid po-

sition as a spectral descriptor. The centroid position
is defined as λc =

∑
λ λI(λ)/

∑
λ I(λ), where λ is the

wavelength in nm and I(λ) is the intensity at wavelength
λ. To enable comparison between the SotA analysis and
LEMAS on the test measurements we fit a calibration
function, using the measured H2 concentration in the
training measurements, as

H2(∆λc) = a∆λb
c, (1)

where ∆λc is the change centroid position, taken from
the smallest centroid position in each measurement. The
values of the parameters a and b are determined by min-
imizing the mean absolute percentage error between the
measured H2 and H2(λc). We fit two different calibration
functions, one for the data consisting of of step-wise in-
crease/decrease of H2 and one for the data consisting of of
linear/exponential increase/decrease of H2 (see Note S3
for details).
Data pre-processing. Before the data was fed into the

deep learning model it was pre-processed using four dif-
ferent methods, and the concatenation of these meth-
ods was fed as input to the deep learning model. Each
measurement was pre-processed individually by using the
initial sequence of 5 pulses of 1.97 vol.% H2, for each
measurement, to estimate the minimum/maximum/and
mean intensity. The scaling methods were (i) wavelength
dependent min-max normalization: for each wavelength
subtracting the estimated minimum intensity at the cor-
responding wavelength and dividing by the difference
between the estimated maximum intensity of all wave-
lengths and the estimated minimum intensity measured
at the specific wavelength, (ii) standard normal variate
standardization: scaling each spectrum using its mean
and standard deviation, (iii) global min-max normaliza-
tion: subtracting the estimated minimum intensity and
dividing by the difference between the estimated max-
imum and minimum intensity in and (iv) level scaling:
subtracting and dividing each spectrum in the measure-
ment by the estimated mean intensity.
Deep learning model. The deep learning architec-

ture that was used in this work was a long short-term
transformer (LSTR) [20] which operates as illustrated
in Fig. S14. Each temporal feature consisting of the
concatenation is linearly mapped to a vector of size
dmodel = 256. Subsequently, positional encoding is added
and the data is split into a short-term memory and long-
term memory.Here, we down-sample the long-term mem-
ory using a stride of 4. Firstly, the long-term memory
undergoes a two stage memory compression through the
LSTR encoder, using a set of learnable token embed-
dings of dimensions dmodel × n1 and dmodel × n0. Here,

we used n0 = 8 and n1 = 4 and the encoder consisted
of 4 transformer decoder units. Secondly, the LSTR de-
coder extracts relevant temporal features in the short-
term memory, while also querying the encoded long-term
memory to retrieve useful information from the history
of the sensor. Here, the decoder consisted of 8 trans-
former decoder units. The extracted temporal features
are then passed through nmlp = 8 MLP layers of di-
mension dmlp = 512 to obtain H2 concentration predic-
tions. Here all the transformer decoder units performed
multi head attention as in with h = 8 heads and the
dk = dq = dv = dmodel/h = 32, and the dimension of the
MLP inside the transformer decoder units was dff = 512.
Furthermore, in the LSTR encoder, masked multi-head
attention was performed such that during training the
H2 concentration corresponding to each time step in the
short term memory could be used for supervision during
training.

Ensembles The constructed ensembles comprised ten
models, each varying in the lengths of short-term and
long-term memory. This variation was designed to in-
duce diversity in the predictive capabilities of the mod-
els within the ensemble. Specifically, two models were
designated for each combination of long and short-term
memory lengths, while ensuring a consistent total input
sequence length across all models.

For the ensemble tailored for leak detection, the pre-
ceding 4000 time steps constituted the input. By con-
trast, the ensemble model, which was aimed at minimiz-
ing response time, utilized the previous 600 time steps
as input. For both ensembles, the selected lengths for
short-term memory were 20, 40, 60, 80, and 100 time
steps, respectively. This approach was adopted to en-
hance the generalization capabilities the ensemble. It is
important to note that apart from the variation in mem-
ory lengths, all models shared identical hyperparameters
(see Table S1).

To make the prediction of the ensemble more robust
to potential outliers, we only included predictions that
fall between the first and third percentile to compute the
ensemble prediction and uncertainty.

Deep learning training The models were implemented
using TensorFlow [31] and were trained for 100 epochs
on Nvidia A100 graphical processing units using the
AdamW [32] optimizer with weight decay 5 × 10−5, a
batch size of 128, and mean-absolute-error loss. The
learning rate was increased linearly from zero to 5×10−5

during the first 15 epochs then decaying to zero follow-
ing a cosine curve. To analyze the impact of different
pre-processing methods we used the first half of the data
from measurement Fig. S4a and Fig. S4c as training data
and the other half as validation data (see Note S2). For
the first case of a large simulated leak characterized by a
rapid step-wise increase of H2 concentration in the sen-
sor surroundings, we trained LEMAS using the data from
measurement Fig. S4a and Fig. S4c as training data and
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the data from measurement Fig. S4b as test data. For
the second case of a simulated small slow leak, we trained
LEMAS the data from measurement Fig. S5a as training
data and data from measurement Fig. S5b as test data.
Furthermore, during the training phase, each model in
the ensemble was exposed to a distinct subset of the
training data, comprising a random 90% of the total
dataset.
Sample fabrication. Quasi-random PdAu alloy (nom-

inal 70:30 at. %) nanodisk arrays with 210 nm average
disk diameter and 25 nm height, were fabricated using
Hole-Mask Colloidal Lithography (HCL) [33]. The met-
als were deposited layer-by-layer via electron beam evap-
oration, onto 1 cm× 1 cm fused silica substrates (Siegert
Wafer GmbH). Subsequent annealing was performed at
500 ◦C for 18 h under a flow of 4 vol.% H2 in Ar to in-
duce alloy formation. A more detailed description of the
nanofabrication procedure can be found in our earlier
work [34].
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Supplementary Notes

Supplementary Note S1: Hydrogenation protocols

The hydrogenation protocols were as follows: 5 pulses of 1.97 vol.% H2 concentration were introduced
at the beginning of each measurement, in order to activate the nanodisks. For the step wise hydrogen
profile (Fig. S4), 3 different measurements were performed which consisted of a logarithmic distribu-
tion of H2 pulses (14 steps increase/decrease, 0.06 vol.% H2 minimum and 1.97 vol.% H2 maximum
concentration), where the pulse durations were set to 5min, 10min and 15min. The time between
pulses was 30min for all measurements.

For the linear hydrogen profile (Fig. S5a), the H2 concentration was slowly increased linearly to
a maximal concentration. For each of the ramp up/down cycles, the maximum concentrations were:
0.09, 0.13, 0.19, 0.28, 0.41, 0.61, 0.90, 1.33, 1.97 vol.% H2.The ramp-up/down duration was 1 hour.
The maximal concentrations were increasing after each ramping up/down and therefore the hydrogen
increase rate was changing as well. For the exponential hydrogen profile (Fig. S5b) the H2 concentration
was increased exponentially to a maximal concentration instead of linearly. The duration of the ramp-
up/down was 1 hour and the same maximum concentrations were used.

Supplementary Note S2: Data pre-processing

Due to variations in the spectra from different measurements (see Fig. S12), it was necessary to pre-
process the data before training a model (see Data pre-processing of the main paper). Initially, we
only considered one pre-processing method (wavelength dependent min-max normalization), however,
as seen by the blue curve in Fig. S13 this caused errors in the model predictions, which are likely due
to the pre-processed spectra for similar H2 concentration being relatively similar. Sequentially, we
therefore added standard normal variate standardization (orange curve in Fig. S13), global min-max
normalization (green curve in Fig. S13) and level scaling (red curve in Fig. S13). By using all four
pre-processing methods the model accuracy increases substantially.

Supplementary Note S3: SotA analysis

To obtain the calibration curve for the step-wise increases we used the measurement illustrated in
Fig. S4a. For each pulse, we extracted the steady-state centroid shift as well as the H2 concentration
(Fig. S6). The motivation behind only using the steady-state centroid shift is that a unique mapping
between the centroid shift and the H2 concentration does not exist during the transient state. Then
we minimized the mean absolute relative error and obtained a = 0.334 and b = 2.91 (see Eq. (1)).
In Fig. S6 we illustrate the use of the obtained calibration function for predicting the H2 concentra-
tion on the measurement used for testing LSTR Ensemble Model for Accelerated Sensing (LEMAS)
(Fig. S4a). The mean absolute relative error of the state-of-the-art (SotA) analysis for this measure-
ment is 14.73× 10−3 vol.% H2, which is higher than the mean absolute relative error of LEMAS being
1.048× 10−3 vol.% H2, showing that LEMAS has a higher accuracy.

To obtain the calibration curve for the linear/exponential increases we used the measurement
consisting of linear increases/decreases (Fig. S5a). Here, we used the entire measurement to obtain
a calibration curve, as the H2 concentration changes slower than the response time of the system
(Fig. S8). Then we minimized the mean absolute relative error and obtained a = 0.40 and b = 2.51. In
Fig. S9 we illustrate the use of the obtained calibration function for predicting the H2 concentration
on the measurement used for testing LEMAS (Fig. S5b). The mean absolute relative error of the SotA
analysis for this measurement is 13.43×10−3 vol.% H2, which is higher than the mean absolute relative
error of LEMAS being 7.4× 10−3 vol.% H2, confirming again that LEMAS has a higher accuracy.
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Supplementary Figures

Figure S1: Experimental setup. Schematic illustration of the (a) reaction chamber and (b) gas
mixing system. Adapted with permission from Ref. 1.
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Figure S2: Gas background quadrupole mass spectrometer measurements. The gas flows
of 100% Ar (blue, left y-axis) followed by 100% H2 (red, left y-axis) and temperature (black, right y-
axis) during the quadrupole mass spectrometer (QMS) measurements of the concentrations of possible
trace gases in the mixture. The temperature was first increased to 400 ◦C in 100% Ar flow, to desorb
possible absorbed gases in the flow reactor. This was followed by one 15 minutes 100% H2 pulse, and
again one pulse of 100% Ar. The QMS measurement was started at time 0, marked by the dashed
line.
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Figure S3: Gas background quadrupole mass spectrometer measurements. The concentra-
tions of Ar and the trace gases during the Ar and H2 pulses in Fig. S2. The concentrations of the trace
gases at the end of the Ar pulse at 8000 s were 99.7% Ar, 0.26% H2O, 0.027% CO or N2, 31 ppm O2,
18 ppm NO, and 6.6 ppm NO2.
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Figure S4: Step wise hydrogenation measurements. Hydrogenation protocol for the step wise
increase/decrease, alongside the measured centroid shift. (a) 5min, (b) 10min, (c) 15min of pulse
duration followed by 30 minutes between each pulse for all measurements.

Figure S5: Linear and exponential hydrogenation measurements. Hydrogenation protocol
for the (a) linear and (b) exponential increase/decrease alongside the measured centroid shift. The
ramp-up/down duration for each cycle was 1 h.
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Figure S6: Calibration function for step-wise increases/decreases. Experimental data used
from measurement Fig. S4a to fit the calibration function for the step-wise increases and the obtained
calibration function.

Figure S7: Calibration function applied to the test data. Calibration function obtained from
Fig. S6 used on the test data, measurement Fig. S4b.
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Figure S8: Calibration function for linear/exponential increases/decreases . Experimental
data used from measurement Fig. S5a to fit the calibration function for the linear/exponential increases
and the obtained calibration function.

Figure S9: Calibration function applied to the test data. Calibration function obtained from
Fig. S8 used on the test data, measurement Fig. S5b.

Figure S10: Time series length for models optimized for accelerating sensor response.
Change in centroid position during the slowest occurring process in the training data, namely the
desorption from 0.06 vol.% H2 in measurement Fig. S4c. A time series comprising 600 time steps is
chosen here to allow the model to estimate the rate of change in the spectrum, which is a prerequisite
for accurately describing this process.
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Figure S11: Time series length for models optimized for leak detection. The change in
centroid position in the beginning of the leak with the smallest leak rate in Fig. S5a, compared to the
mean and standard deviation of the centroid position before the leak has started (indicated by the
double-headed arrow). Through using a time series comprising 4000 time steps the model should, in
the worst case, be able to differentiate the leak occurring with the smallest slope from the noise in the
sensor output data approximately 10min after the leak has started.

Figure S12: Different pre-processing methods. Illustration of the effect of different pre-
processing methods on model prediction as well as raw data for spectra from measurement Fig. S4a
(blue) and Fig. S4c (orange) at 0 vol.% H2.
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Figure S13: Impact of using different pre-processing methods. Predicted H2 concentration
on the two last step-wise increases in measurement Fig. S4c for models trained on the first half of
measurement Fig. S4a and Fig. S4c, using different combinations of pre-processing methods.

Figure S14: Schematic illustration of the deep learning architecture used in this work.
Adapted from Ref. 2.

10



Figure S15: Comparison of LEMAS and SotA analysis for step-wise increases in test
data.
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Figure S16: Initial prediction of mean and standard deviation by LEMAS for step-wise
increases in test data.

12



Figure S17: Comparison of LEMAS and SotA analysis for exponential leak rates in test
data.
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Supplementary Tables

Table S1: Hyperparameters used for all models.

Parameter Value

nenc 8
ndec 4
n0 8
n1 4

dmodel 256
dff 512

num heads 8
head size 32

Temporal stride on long term memory 4
nmlp 8
dmlp 512

Dropout rate 0.1
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