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Abstract

Hydrogen-based technologies have the potential to play an important role in reducing
greenhouse gas emissions and supporting a more sustainable future. A key challenge
for implementing such technologies is the high flammability of hydrogen-air mixtures,
which demands fast and reliable hydrogen sensors. Existing sensing solutions, how-
ever, fail tomeet the required performance targets for response time, accuracy, and sen-
sitivity under technically relevant conditions. Plasmonic hydrogen sensors, which rely
on the change in optical properties of Pd-based nanoparticles as they spontaneously ab-
sorb and desorb hydrogen in ambient conditions, have demonstrated fast detection ca-
pabilities in vacuum. In practical operating conditions, however, the presence of other
gases can alter the surface chemistry of the sensors, increasing response time and re-
ducing their sensitivity and accuracy.

In this thesis, I develop an approach for accelerating plasmonic hydrogen sensors using
deep learning. I show that by learning the relationship between the temporal evolution
of the optical response and the hydrogen concentration, it is possible to speed up the re-
sponse time of a plasmonic sensor andmore quickly discern andquantify small changes
in the hydrogen concentration. I also explore the use of deep learning for accelerating
inverse design of plasmonic hydrogen sensors, optimizing nanoparticle composition
and arrangement to enhance sensitivity.

Keywords: hydrogen sensing, plasmonic sensing, nanoparticles, deep learning, neural
networks
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1
Introduction

Hydrogen plays an increasingly important role as an energy carrier in the global transi-
tion towards renewable energy systems [1–3]. With its high gravimetric energy density,
abundance, and clean combustion process that produces only water as a byproduct, it is
an essential part of a sustainable future. Currently, hydrogen is utilized or considered
for various sectors, including energy storage systems [4], aviation [5], and steel produc-
tion [6].
Despite its potential, hydrogen usage presents several challenges, particularly in pro-

duction, storage, and safety. Today, the majority of hydrogen is produced from fossil
fuels, leading to high greenhouse gas emissions [7]. Low-emission alternatives— such
as hydrogenproduction from fossil fuels combinedwith carbon capture, or greenhydro-
gen produced via renewable-powered water electrolysis — currently account for only a
small fraction of total production. After production, the low volumetric energy density
of hydrogen poses a major challenge for storage, requiring either high-pressure tanks,
cryogenic temperatures, or novel materials for effective containment [8]. Safety is an-
other critical concern. The small molecular size of hydrogen increases the likelihood
of leaks, and hydrogen-air mixtures are highly flammable and can ignite across a wide
concentration range [9]. Given these risks, there is a growing need for reliable hydro-
gen sensing technologies to ensure safe handling and deployment of hydrogen systems.
In this thesis, I focus on the safety aspects of hydrogen usage, specifically through the
development of hydrogen sensors.

1.1 Hydrogen Sensing
Hydrogen sensors are crucial for the early detection of leaks, enabling rapid interven-
tion to prevent fires or explosions and supporting the safe adoption of hydrogen-based

1



Chapter 1. Introduction

Figure 1.1: The performance targets for hydrogen sensors for both automotive and stationary
applications, as set by the U.S. Department of Energy. Adapted from [13].

technologies across various domains. Several hydrogen sensing technologies exist, in-
cluding electrochemical sensors [10],metal oxide sensors [11], and thermal conductivity
sensors [12]. To evaluate sensor performance, the U.S. Department of Energy (DOE)
has established performance targets that set requirements on parameters such as re-
sponse time, detection limit, operational lifetime, and the environmental conditions
under which the sensors must operate reliably, see Fig. 1.1, [9].
Although multiple sensing technologies have demonstrated the ability to meet indi-

vidual performance targets under specific conditions [14–16], no single technology yet
fulfills all requirements simultaneously. A particular challenge lies in combining rapid
responseand lowdetection limitswhilemaintainingperformance inenvironmentswhere
sensor performance is hampered by interfering molecular species [13].
Among the available sensing architectures, those based on palladium (Pd) stand out

due to the ability of Pd to spontaneously absorb and desorb hydrogen under ambient
conditions. This interaction alters the electrical and optical properties of Pd, which
forms the basis for Pd-based hydrogen sensing. Within this class, the fastest and most
sensitive sensors are achieved through nanostructuring. By structuring thematerial at
thenanoscale, it is possible to enhance the interactionbetweenhydrogenand the sensor,
leading to improved response times and higher sensitivity, compared to bulk materials
[13, 17].
While electronic hydrogen sensors are most common, they present safety concerns,

as they can generate sparks that could ignite hydrogen gas [13, 18, 19]. Optical alterna-
tives, such as plasmonic hydrogen sensors, which are the focus of this thesis, eliminate
this risk by detecting changes in optical properties, such as absorption, scattering, or
extinction spectra, arising from the localized surface plasmon resonance (LSPR) sup-
ported by Pd nanostructures. Plasmonic hydrogen sensors have shown great potential
in meeting the DOE targets, and operate by monitoring changes in the optical prop-
erties of metallic nanoparticles as they reversibly sorb hydrogen under ambient condi-
tions. By analyzing changes in the extinction spectrum, it is possible to detect andquan-
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1.2. Enhancing Plasmonic Hydrogen Sensors Using Deep Learning

tify hydrogen levels accurately. Notably, plasmonic hydrogen sensors have achieved re-
sponse times below 1 s for hydrogen pressures of 1mbar in a vacuum chamber [14]. At
atmospheric pressure, a partial pressure of 1mbar corresponds to approximately 0.1 %
hydrogen. Consequently, it is one of the few H2 sensing techniques that have demon-
strated the capability to meet the response time target set by the DOE [13].
Despite these achievements, further developments are necessary to fullymeet the tar-

gets set by theDOE, particularly regarding reliable operation under realistic conditions.
The key challenge is maintaining fast and accurate readings at low hydrogen concentra-
tions in environments containing molecules that interfere with the sensor [13, 20–22].
Since the type and behavior of interfering molecules can vary greatly between environ-
ments, the demands on sensor performance also differ depending on the conditions in
which the sensor is intended to operate. For example, a low but constant concentration
of interfering species can slow down the sensor response by partially blocking hydro-
gen absorption. A high, constant concentration can completely block hydrogen absorp-
tion, rendering the sensor unresponsive to hydrogen. If the concentration of interfer-
ing molecules fluctuates over time, the sensor baseline may drift, the relative response
to H2 can change, and the sensor kinetics may vary, leading to inaccurate readings and
unstable performance. Thus, both the magnitude and temporal variations of interfer-
ing gases must be carefully considered when designing hydrogen sensors for specific
technical environments.
While several strategies have been developed to mitigate these issues, achieving ro-

bust hydrogen sensing across a wide range of realistic conditions remains challenging.
Approaches such as alloying and applying polymer coatings have been proposed to ad-
dress the effects of common interfering gases like CO, O2, H2O, and, NOx [14, 23–26].
However, these methods tend to lose effectiveness at lower hydrogen concentrations,
highlighting the need for further innovation in sensor design and operation. Whilema-
terial improvements remain important, a complementary direction involves using deep
learning to enhance sensor development and performance.

1.2 Enhancing Plasmonic Hydrogen Sensors Using
Deep Learning

My research focuses on how deep learning can be used to accelerate sensor design and
improve signal processing, offering several opportunities to enhance plasmonic hydro-
gen sensors for reliable operation under a broader range of conditions.
Firstly, on the design side, deep learning can be used to accelerate the design of plas-

monic hydrogen sensors. Designing an effective plasmonic hydrogen sensor involves
making several decisions about thenanoparticles thatmakeup the sensor. Thenanopar-
ticles can be identical or vary in their properties, such as size, shape, composition, and
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Chapter 1. Introduction

surface coating. Moreover, the optical response of the sensor can further be tailored by
arranging the nanoparticles into periodic patterns [27, 28]. Previous studies have em-
ployedfinite-difference time-domain (FDTD) simulations, numerically solvingMaxwell’s
equations, combined with optimization algorithms to guide sensor design [27]. How-
ever, theseapproacheshave typically explored relatively constraineddesignspaces, since
FDTDsimulations are computationally expensive,making the explorationof large, com-
plex design spaces impractical. Deep learning can overcome these limitations by train-
ing models to approximate FDTD simulation results, enabling fast evaluation and opti-
mization across larger design spaces, as illustrated in Fig. 1.2a [29–31].
Secondly, for signal processing, deep learning can extract richer information from

the sensor outputs [20, 32–38]. Instead of collapsing spectral data into a single descrip-
tor, as currently done, deep learning models can infer the hydrogen concentration by
leveraging both the spectral features and the time dependence of the full time-resolved
spectra, as illustrated in Fig. 1.2b. This approach can improve both the accuracy and
response time of the sensors.
Thirdly, deep learning can also address sensor-to-sensor variations, which currently

requires time-consuming individual calibrations. By training foundational models ca-
pable of generalizing across multiple sensors, a single model could potentially be ap-
plied to various devices with minimal additional calibration.
In addition, as illustrated in Fig. 1.2e, deep learningmethods can be applied to more

complex sensor readouts, such as systems where the responses of individual nanopar-
ticles are measured separately, and where it is not straightforward how to combine the
signals from different particles to obtain an accurate overall prediction. In such cases,
deep learning models can learn to exploit correlations between the responses of differ-
ent particles, ensuring robust operation even under challenging conditions, such as
baseline drift or sensor response variations caused by interfering gases.
Finally, these approaches can also be applied to commercial plasmonic hydrogen sen-

sors, where full spectral information is often unavailable due to cost constraints, and
only fixed-wavelength photodiode readouts are available.

1.3 Research Questions
Among the various opportunities for applying deep learning discussed in the previous
section, the main focus of this thesis is to use deep learning to accelerate the response
of plasmonic hydrogen sensors. The primary objective is to improve on the state-of-
the-art method, referred to as the standard analysis (SA) in this thesis. This method
estimates hydrogen concentration by tracking a single spectral descriptor, such as the
peak maximum, centroid position, or full width at half maximum. The descriptor is
then related to the hydrogen concentration using a calibration function of the form
H2(𝑡) = 𝐴𝑠𝑏(𝑡), where 𝐴 and 𝑏 are fitted parameters, and 𝑠(𝑡) is the selected spectral
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Figure 1.2: Illustration of various applications of deep learning to enhance plasmonic hydrogen
sensing. a) Inverse design: Deep learning predicts the optical properties of arrays with varying
compositions and geometries. By combining this with optimization algorithms, it is possible to
tailor the optical response of the sensor. b) Predicting the H2 concentration from the full time
resolved spectra. c) Application of the approach in (b) during a rapid hydrogen concentration
increase: The standard analysis (blue line) shows a delay in detecting a sharp rise in H2 concen-
tration (black dashed line). Deep learning can leverage the rate of change in the spectrum to pro-
vide faster predictions (red line). d) Application of the approach in (b) during a slow and small
hydrogen concentration increase: Standard analysis (blue line) can initially not detect small rises
in H2 as the prediction is largely influenced by measurement noise. Deep learning can utilizes
the spectral evolution over time to differentiate real concentration changes, providing accurate
and faster predictions (red line). e) Using deep learning to predict the H2 concentration from
the response of nanoparticles of different geometry and composition, to enable accurate predic-
tions in harsh environments.

descriptor. Since this approach collapses the spectrum to a single value and does not
consider temporal trends, valuable information is lost in the analysis. Instead, by us-
ing deep learning to analyze the complete spectral data along with its time dependence,
sensor performance can be significantly improved.
For this purpose, we consider a plasmonic hydrogen sensor operating in an inert envi-

ronment, such as those that are currently used or proposed for enclosing large-scale H2
installations to prevent hydrogen leaks from reactingwith oxygen. These environments
often contain trace amounts of contaminants such as H2O, CO, and NOx, due to the
relatively low purity of the inert gases used. These species can interfere with hydrogen
absorption and slow down the sensor kinetics, resulting in delayed optical responses
and reduced sensitivity.
To explore how deep learning can address these challenges, this thesis considers two

typical scenarios. In the first scenario, the hydrogen concentration increases rapidly,
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Chapter 1. Introduction

as in the case of a severe leak in an enclosed area, and the response of the system will
be delayed, as illustrated in Fig. 1.2c. However, by using the rate of spectral change to
predict the final saturated response, there is potential to effectively reduce the response
time of the sensor. In the second scenario, the hydrogen concentration increases very
slowly, as in the case of a gradual leak in an enclosed area, and the detection and quan-
tification of small amounts of H2 will be hampered by noise in the signal, as illustrated
in Fig. 1.2d. In this case, by considering both the full spectral readout and its tempo-
ral variation, there is potential to improve the signal-to-noise ratio, enabling faster and
more accurate detection andquantificationof small changes inhydrogen concentration.
To this end, the research questions I aim to answer in this thesis are:

Research Questions

Response Time: To what extent can deep learning be used to predict the final satu-
rated response during rapidly increasing hydrogen concentrations, thereby reducing
the effective response time of the sensor?
Limit of Detection and Limit of Quantification: To what extent can deep learning
enhance the detection and quantification of gradual increases in hydrogen concen-
tration by leveraging full spectral and temporal information, thereby reducing the
effective limit of detection (LOD) and limit of quantification (LOQ) of the sensor?

In addition to the main focus on accelerating sensor response, this thesis also ex-
plores the secondary objective of applying deep learning techniques for inverse design
of plasmonic hydrogen sensors. Inverse design is a computational approach where the
desired performancemetrics of a sensor are specified first, and then optimization algo-
rithmsareused to identify optimal sensor configurations. In this context, the secondary
objective of this thesis is:

Research Questions – Inverse Design

Exploring the use of deep learning techniques to accelerate the inverse design pro-
cess of plasmonic hydrogen sensors, enabling the identification of optimized sensor
configurations that meet specific performance criteria.

1.4 Structure of the Thesis
This thesis is organizedas follows. Chapter 2provides an introduction tohowplasmonic
sensors work, detailing the principles and mechanisms behind their operation. Chap-
ter 3 introduces deep learning concepts and techniques relevant to the thesis. Chapter 4
focuses on accelerated hydrogen sensing, exploring how deep learning can enhance the
performance of plasmonic sensors. Chapter 5 focuses on inverse design of plasmonic
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hydrogen sensors, exploring how deep learning can be used for this purpose. Finally,
Chapter 6 concludes the thesis by summarizing the findings and discussing potential
future directions for research.
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2
Plasmonic Hydrogen Sensors

Plasmonic hydrogen sensors rely on two properties of certain metallic nanoparticles,
their ability to spontaneously absorb and desorb hydrogen and that they can support
LSPRs. In this chapter, we discuss these properties and how they can be used for hydro-
gen sensing. We begin by discussing hydrogen absorption and desorption in metals,
with a specific focus on Pd as it is uniquely suited for hydrogen sensing. We then exam-
ine how hydrogen absorption alters the optical properties of Pd, with a particular focus
on the LSPR. Next, we consider how other molecular species may interfere with sensor
performance. Finally, we describe how plasmonic hydrogen sensors are implemented
in practice and analyze the performance of a plasmonic hydrogen sensor operating in
inert gas.

2.1 Palladium-Hydrogen Interactions
Manymetals canabsorb significantamountsofhydrogen through the formationofmetal
hydrides, which alter their electronic and optical properties. Monitoring these changes
enables the determination of the hydrogen content in the metals. Among these metals,
Pd is particularly suited for hydrogen sensing, as it spontaneously absorbs and desorbs
hydrogen under ambient conditions, making the hydrogen content in Pd directly pro-
portional to the H2 concentration in the environment [39, 40].
As illustrated in Fig. 2.1a, when H2 molecules approach a Pd surface, they dissociate

into twoHatoms,which adsorb onto available surface sites, lowering the total energy of
the system. Although surface adsorption is energetically favorable, the number of avail-
able adsorption sites is limited. Even at relatively low hydrogen partial pressures (i.e.,
low H2 concentrations in the environment), the surface sites become saturated. Once
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Figure 2.1: Hydrogen-PalladiumInteraction. (a)The energy landscape of aH2molecule and two
H atoms near a Pd surface. The dashed black line indicates the dissociation path and absorption
into thebulk. (b)Hydrogencontent inPd1–xAux as a functionof environmentalH2 concentration
at room temperature, showing absorption (solid lines) and desorption (dashed lines), alongwith
the corresponding phase diagram.

saturation occurs, the adsorbed H atoms begin to diffuse into the bulk of the Pd, occu-
pying interstitial lattice sites and enabling continued hydrogen uptake [13, 19, 41].
While pure Pd spontaneously absorbs and desorbs H2 under ambient conditions, its

use in sensing applications is complicated by the existence of two distinct phases, the 𝛼-
phase and the𝛽-phase, andafirst-orderphase transitionbetween them. In the𝛼-phase,
hydrogen atoms are sparsely distributed throughout the lattice without significantly al-
tering its structure. As theH2 concentration in the environment increases, effective H–
H interactions become favorable, and the 𝛽-phase, which is characterized by a larger
lattice parameter, starts to form. During this transition, the 𝛼- and 𝛽-phases coexist,
resulting in a rapid and discontinuous increase in the hydrogen content [42, 43].
As shown in Fig. 2.1b, this behavior poses challenges for sensing. Due to the phase

transition, the hydrogen content in Pd is not a simple, monotonic function of the H2
concentration in the environment. Furthermore, because the system must overcome
energy barriers associated with lattice strain when transitioning between the 𝛼- and 𝛽-
phases, hysteresis arises [13, 19, 41]. That is, the hydrogen content depends not only on
the H2 concentration but also on whether thematerial is absorbing or desorbing hydro-
gen. However, as also shown in Fig. 2.1b, these issues can be mitigated by alloying Pd
with Au. In PdAu alloys with more than approximately 15 %Au, the 𝛼- and 𝛽-phases no
longer coexist under ambient conditions [44–47]. This occurs because the addition of
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2.2. Localized Surface Plasmon Resonance

Au to Pd changes the electronic structure of the material, induces lattice strain, and re-
duces the hydrogen binding energy, therebyminimizing the energy barriers associated
with lattice strain during hydrogen absorption and desorption [44, 48]. As a result, the
hydrogen uptake becomes a smooth, monotonic function of H2 concentration.

2.2 Localized Surface Plasmon Resonance
In addition to their ability to absorb hydrogen, metallic nanoparticles such as Pd and
its alloys exhibit a phenomenon known as LSPR.Whenmetallic nanoparticles aremuch
smaller than the wavelength of incident light, they can support LSPRs, where the oscil-
lating electric field of the light drives the conduction electrons to collectively oscillate at
a characteristic frequency known as the plasmon resonance frequency [49].
To better understand LSPRs and their application in sensing, we consider a spheri-

cal nanoparticle of radius 𝑟, with dielectric function 𝜖𝑝(𝜆) in a medium with constant
dielectric function 𝜖𝑚, irradiated by light with an electric field intensity E0, where 𝜆 de-
notes the wavelength of the incident light. The incoming light displaces the conduction
electrons in the nanoparticle, causing them to oscillate. Under the quasistatic approxi-
mation, valid when the particle radius 𝑟 ≪ 𝜆, the spatial variation of the incident field
across the nanoparticle can be neglected. In this limit, the oscillating electric field of
the incoming light induces a dipole in the nanoparticle [50]

p = 𝜖𝑚𝛼(𝜆)E0. (2.1)

The strength of the induced dipole, which governs how the nanoparticle scatters and
absorbs light, depends on the dielectric properties of the surrounding medium, the in-
coming electric field, and the polarizability of the nanoparticle 𝛼(𝜆).
Under the quasistatic approximation, the polarizability is given by

𝛼(𝜆) = 4𝜋𝑟3 𝜖𝑝(𝜆) − 𝜖𝑚
𝜖𝑝(𝜆) + 2𝜖𝑚

, (2.2)

while the corresponding scattering, absorption, and extinction cross sections—which
quantify howmuch of the incident light is absorbed, scattered, or lost from the incom-
ing light due to both processes—are given by

𝜎absorption = 𝑘Im(𝛼) = 4𝜋𝑘𝑟3Im(
𝜖𝑝(𝜆) − 𝜖𝑚

𝜖𝑝(𝜆) + 2𝜖𝑚
), (2.3)

𝜎scattering = 𝑘4

6𝜋 |𝛼|2 = 8𝜋
3 𝑘4𝑟6|

𝜖𝑝(𝜆) − 𝜖𝑚
𝜖𝑝(𝜆) + 2𝜖𝑚

|
2, (2.4)

𝜎extinction = 𝜎absorption + 𝜎scattering (2.5)
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Chapter 2. Plasmonic Hydrogen Sensors

where 𝑘 is the wavevector, 𝑘 = 𝑛2𝜋
𝜆 , with 𝑛 being the refractive index of the medium.

From Eq. (2.2), we see that the polarizability is resonantly enhanced at wavelengths
𝜆𝑟 satisfying 𝜖𝑝(𝜆𝑟) ≈ −2𝜖𝑚. This is the key condition for the occurrence of the LSPRand
defines the associated plasmon resonance frequency, 𝑓𝑟 = 𝑐/𝜆𝑟. This resonance leads
to two important effects. First, the local electric field near the nanoparticle surface is
strongly amplified. Specifically, since the field of a dipole at a distance𝑅 scales asEloc ∝
𝛼(𝜆)/𝑅3, an enhanced polarizability leads to a field enhancement. Second, the absorp-
tion, scattering, and extinction cross sections—being proportional to 1/|𝜖𝑝(𝜆) + 2𝜖𝑚|—
exhibit a pronounced peak at the resonancewavelength𝜆𝑟. Importantly, froma sensing
perspective, the position of this peak is dependent on both the dielectric function of the
environment and the dielectric function of the nanoparticle. Therefore, a change in ei-
ther of these properties can be observed as a change in the absorption, scattering or,
extinction spectrum of the particle.
Pd-based plasmonic hydrogen sensors utilize this phenomenon, as the absorption of

Hatoms into interstitial sites of the alloy alters its electronic structure, dielectric proper-
ties, and consequently, the extinction cross section. This is illustrated in Fig. 2.2, where
thedielectric functions from[51] and themodifiedwavelengthapproximationhavebeen
used [52]. Notably, the change in the spectrum ismost pronounced around the plasmon
peak. This is because the optical response of thematerial is particularly sensitive to vari-
ations in the dielectric function near the resonance frequency.
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Figure 2.2: Illustration of how the optical properties change for a Pd70Au30Hx spherewith radius
50 nm in vacuum. a) The real part of the dielectric function for different hydrogen contents. b)
The imaginary part of the dielectric function for different hydrogen contents. c) The extinction
cross section for different hydrogen contents
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2.3 Cross Sensitivity and Sensor Deactivation
Until now, we have focused on the interaction of PdAu alloys and H. However, the envi-
ronments in whichH2 sensors are used also contain othermolecular species, which can
interfere with sensor performance. While Pd based hydrogen sensors inherently have a
high selectivity to H due to metal-hydride formation, other molecular species can still
interfere with the sensor by adsorbing to the surface of the nanoparticles. By adsorb-
ing onto the surface, these species alter the surface chemistry of the nanoparticles and
reduce the number of available adsorption sites, which can reduce the response time of
the sensor and change its relative response toH2. If all adsorption sites becomeblocked,
H2 can no longer adsorb onto the sensor, leading to deactivation [13].
Molecular species which are known to induce this behavior include CO, SOx, H2O,

andNOx all of which are present in air. Furthermore, sinceO2 can interactwith PdHx to
formwater it can also be categorized as a ”poisonous species” [53]. Several studies have
presentedmethods to prevent, or at least partly alleviate this behavior. In [25, 26], it was
shown that the relative response of PdAuCu nanoparticles to large H2 concentrations
remained unchanged in the presence of CO, in contrast to PdAu nanoparticles, which
exhibited a noticeable change. Similarly, in [14, 24, 54] it was shown that by coating the
nanoparticles with polymer filters, the relative response of Pd based nanoparticles to
largeH2 concentrations remainedunchanged even in thepresence ofCO,NO2, CO2 and
CH4. However, in the above cases, the response of the sensor to lowerH2 concentrations
was either not studied, or it was observed that certain contaminatingmolecular species
continued to affect the system by increasing the response time and inducing baseline
drift, making the detection of small H2 concentrations more challenging.

2.4 Plasmonic Hydrogen Sensors In Practice
With the underlying sensing mechanism established, we now turn to the practical im-
plementation of plasmonic hydrogen sensors. In most applications, these sensors are
realized as arrays of nanoparticles, typically fabricated on fused silica substrates [14, 19,
25, 54–56]. The array configuration enhances signal strength and improves measure-
ment reproducibility.
To measure the response of a sensor, it is first placed in a chamber as illustrated in

Fig. 2.3a. During a measurement, the hydrogen concentration and background gas are
typically controlled bymass flow controllers, as shown in Fig. 2.3b, and the transmitted
light through the sample is collected. To analyze a measurement, the extinction spec-
trum 𝐸(𝜆) of the sensor is computed from the transmission spectrum

𝐸(𝜆) = 𝐼0(𝜆) − 𝐼(𝜆)
𝐼0(𝜆) = 1 − 𝑇 (𝜆), (2.6)
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Figure 2.3: Schematic illustration of themeasurement setup. In (a) the reaction chamber and in
(b) the gas mixing system. Adapted from [57].

where the transmittance is defined as𝑇 (𝜆) = 𝐼(𝜆)/𝐼0(𝜆)while 𝐼0(𝜆) represents the light
transmitted through the bare silica substrate, and 𝐼(𝜆) corresponds to the light trans-
mitted through the sensor. Since the particles absorb and scatter light, they reduce the
transmitted intensity. The extent of this reduction is directly related to the extinction
cross section.
To characterize the performance of a hydrogen sensor in terms of readout speed, the

most commonly used metric is the response time, defined as the duration required for
the optical response to reach 90 % of its final value after a sudden change in hydrogen
concentration. To evaluate the response time as a function of H2 concentration the sen-
sor is exposed to stepwise increases/decreases of H2 as shown in Fig. 2.4a. Another way
of assessing the performance involves determining the LOD and LOQ under gradually
changing H2 concentrations, as illustrated in Fig. 2.4b–c. Here, the LOD is defined as
the smallest change in hydrogen concentration that causes the mean predicted value to
deviate from the true hydrogen concentration at the baseline by more than three times
the standard deviation. We define the baseline as a segment of themeasurementwhere
the H2 concentration remains constant, and the standard deviation is calculated based
on this segment. TheLOQ is defined as the lowest hydrogen concentration forwhich the

14



2.5. Operation of a PdAu Plasmonic Hydrogen Sensor in Inert Gas

0 200 400 600 800 1000
0

2 a)

0 200 400 600 800 1000 1200
0

2 b)

0 200 400 600 800 1000 1200
0

2 c)

Time (min)

H
 c

on
ce

nt
ra

tio
n 

(v
ol

.%
)

Figure 2.4: Illustration of typical measurement protocols: a) Stepwise increases/decreases, b)
Linear increases/decreases, c) Exponential increases/decreases.

mean relative prediction error is smaller than 5 %. This relative error is computed over
a 2-minute time window as 1

𝑁 ∑𝑁
𝑡=1

|𝑃𝑡−𝑇𝑡|
𝑇𝑡

, where 𝑃𝑡 is the predicted concentration, 𝑇𝑡
is the true concentration, and 𝑁 is the number of measurements in the time window.
From these definitions, the LOD and LOQ can be interpreted as the smallest concentra-
tions of H2 that the sensor can reliably detect and quantify, respectively.

2.5 Operation of a PdAu Plasmonic Hydrogen Sensor
in Inert Gas

To further illustrate the metrics presented in the previous section and to highlight op-
portunities for improvement beyond the SA, we examine the performance of the SA
when applied to both stepwise and exponential changes in hydrogen concentration, us-
ing the plasmonic hydrogen sensor studied in Paper I. This sensor consists of a quasi-
random array of Pd70Au30 nanodisks with an average diameter of 210 nm and a height
of 25 nm, operated under inert Ar gas. To analyze the response of the sensor, we em-
ploy the SA, fitting the change in the centroid position Δ𝜆𝑐 to the H2 concentration as
H2(𝑡) = 𝑎Δ𝜆𝑏

𝑐.
In Fig. 2.5a-b we illustrate the result of employing the SA to a stepwise-increase to

0.06 vol.% H2. As theH2 concentration increases, the extinction spectrum, centroid po-
sition, and the corresponding prediction by the SA gradually change until the system
reaches thermodynamic equilibrium characterized by the response time 𝑡90, which in

15



Chapter 2. Plasmonic Hydrogen Sensors

0 200 400 600
Time (s)

0.00

0.06

H 2
 (.

 v
ol

 %
) Standard analysis: H2(t) = a b

c (t)
Controlled H2(t)
Response time: t90 = 85 s 

600 700 800 900
Wavelength (nm)

0.2

0.3

In
te

ns
ity

Extinction 
 spectra
Centroid 
 position

t = 0 t = t90

Figure2.5: (a)Theprediction of the SAas the sensor is exposed to a stepwise increase/decrease to
0.06 vol.% H2. (b)The corresponding change in the extinction spectrum, and centroid position.

this case is 85 s. In comparison to the DOE targets presented in Chapter 1, the response
time of the sensor is long. This can be attributed to the low H2 concentration—since
the response time generally increases as the H2 concentration decreases—as well as the
presence of trace contaminants in the inert gas such asH2OandCO,which further slow
down the sensor’s kinetics.
In Fig. 2.6, we show the SA prediction for an exponentially increasing H2 concen-

tration, along with the mean prediction (calculated over a 2min moving window) and
the baseline standard deviation (computed before the increase in concentration). These
metrics are used to compute the LOD and LOQ.The combination of baseline underesti-
mation and a relatively large standard deviation at the baseline results in the LODoccur-
ring after approximately 16min. Likewise, the inaccuracy of the prediction contributes
to a LOQ occurring after approximately 40min.
While straightforward to implement, the SA offers plenty of room for improvement.

Firstly, as seen in Fig. 2.5 and Fig. 2.6, the predictedH2 concentrations are slightly inac-
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Figure 2.6: Prediction of the SA as the sensor is exposed to an exponentially increasing H2 con-
centration. Shown are themean SA prediction over a 2min timewindow, the baseline standard
deviation (measured before the rise inH2 concentration), and the corresponding LODand LOQ.

curate. This ismost likely due to drift in the reference spectrum 𝐼0(𝜆), which is recorded
only once, at the start of the experiment. Therefore, changes in light source intensity
over time affect the extinction spectrumand, consequently, the predictedhydrogen con-
centrations. Since the SA relies on a single spectral descriptor and does not account for
the full spectral shape or its evolution over time, it is unable to compensate for suchdrift
or other spectral variations.
Secondly, since theSAdoesnot incorporate temporal information, its predictive accu-

racy is inherently limited. In the case of stepwise increases in hydrogen concentration,
the prediction is constrained by the time required for the system to reach thermody-
namic equilibrium. For exponential increases, the accuracy of the SA, and consequently
the estimated LOD and LOQ, is limited by both the prediction error and noise in the
measured extinction spectrum.
Aswewill demonstrate in Chapter 4, accounting for the full time evolution of the sen-

sor response provides amore robust strategy for rapid and accurate hydrogen detection.
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3
Deep Learning

In the previous chapter, we discussed the operational principles of plasmonic hydrogen
sensors and examined the performance of a typical plasmonic hydrogen sensor in an en-
vironment consisting of inert Ar gas. We now turn to discussing deep learning, which
we will use in Chapter 4 to accelerate the response of a plasmonic hydrogen sensor and
in Chapter 5 to explore its application in accelerating the design process of plasmonic
hydrogen sensors. Deep learning is an area in machine learning, which uses artificial
neural networks with multiple layers, known as deep neural networks, to solve tasks
by learning directly from data. These networks consist of connected layers of so-called
neurons, where each connection has a weight that determines how information flows
through the network. In this thesis, we will use deep learning for two tasks: predict-
ing the H2 concentration from time series of spectra to accelerate the response of plas-
monic hydrogen sensors, and predicting the optical properties of nanoparticle arrays
to accelerate inverse design. Both of these tasks fall under the category of supervised
deep learning. To understand themethods used for this purpose, this chapter first pro-
vides a brief overview of the core components of supervised deep learning. Wewill then
go into more depth by discussing the feed-forward neural network and introduce the
concepts of backpropagation, gradient-based optimization and ensemble models. Af-
ter discussing these topics, we will introduce the key components of the Transformer
architecture and graph neural networks (GNNs).

3.1 Supervised Deep Learning
Supervised deep learning refers to training models using labeled datasets to learn a
mapping from inputs to outputs. To train a supervised deep learningmodel, one begins
bygatheringadataset of known input andoutput values,which isdivided intoa training

19
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set, a validation set, and a test set. It is also necessary to decide on the neural network
(NN) architecture, referring to how the layers of the NN are organized and how the neu-
rons are connected. Next, one needs to determine an appropriate loss function, which
quantifies the performance of themodel by comparing the predicted outputs to the true
outputs, and select an optimizer forminimizing the loss. In addition, it is important to
incorporate regularization strategies, which place constraints on the parameters of the
model. This is done to prevent overfitting, where themodel learns to fit the noise of the
training data instead of capturing the general patterns, thereby improving the models
ability to generalize to unseen inputs. After these choices are made, the model is ready
for training. This involves minimizing the loss function on the training set using the
optimizer, whilemonitoring the performance on the validation set and tuning hyperpa-
rameters such as the number of layers. Finally, the ability of the model to generalize to
unseen data is evaluated using the test set.
The choice of NN architecture, optimizer, and loss function depends on the specific

task and the type of data. For example, convolutional neural networks are primarily
designed to handle spatial data, such as images, but can also be effectively applied to
sequential data, including time series [58]. Graph neural networks are specifically de-
signed for analyzing graph-structured data [59], such as molecules or social networks.
In contrast, recurrent neural networks and Transformers are designed for sequential
data, making them suitable for tasks involving time series or natural language process-
ing [60]. The loss function should be selected based on the nature of the problem. For
classification tasks, cross-entropy loss is commonly used, while for regression tasks,
the mean absolute error (MAE) loss is typical. Similarly, the choice of optimizer de-
pends on theproblem, although various optimization approaches exist indeep learning,
gradient-based techniques remain the most widely used.

3.2 Feedforward Neural Networks
To explain the concepts outlined in the previous section in more detail, we begin with
discussing one of the simplest forms of NNs, fully-connected feedforward neural net-
works (FNNs). They consist of layers of artificial neurons, where each neuron is con-
nected to every neuron in the next layer. As illustrated in Fig. 3.1a each neuron performs
a weighted sum of its input values, adds a bias term, and applies an activation function.
Theweights determine the importance of each feature in the input vector, the bias term
shifts the output independently of the input in order to be able to represent data that
does not pass through the origin, and the activation function𝜙 introduces non-linearity
to the model in order to represent more complex relationships between the input and
output. While the activation function can, in principle, take any form, certain types are
more commonly used in practice, such as ReLU(𝑥) = max(0, 𝑥), tanh(𝑥) = 𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥 , and
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Figure 3.1: (a) Illustration of a single artificial neuron. (b) Illustration of common activation
functions.

sigmoid(𝑥) = 1
1+𝑒−𝑥 . As shown in Fig. 3.1b, all of these activation functions mimic the

inactive/active behavior of biological neurons by switching between inactive and active
states depending on the input [61].
InaFNN,each layer is composedofmultipleneurons, as shown inFig. 3.2. Theoutput

of the 𝑙-th layer can bewritten as𝜙(z𝑙) = 𝜙(W𝑙h𝑙−1 +b𝑙). Here,W𝑙 is theweightmatrix
of layer 𝑙, where the 𝑖-th row contains the weights connecting the neurons of layer 𝑙 − 1
to neuron 𝑖. The vector h𝑙−1 is the output of layer 𝑙 − 1, and its 𝑖-th entry corresponds to
the output of neuron 𝑖. The vector b𝑙 contains the biases for layer 𝑙, where the 𝑖-th entry
is the bias of neuron 𝑖.
For an 𝐿-layer fully-connected FNN with input vector x ∈ ℝ𝑛 and output vector y ∈

ℝ𝑚, we can write the mapping from input to output as a sequence of transformations.
Specifically, the input x is set as h0 ∈ ℝ𝑚0, and the output is obtained as y = h𝐿 ∈ ℝ𝑚𝐿.
Each layer computes

h𝑙 = 𝜙(z𝑙) = 𝜙(W𝑙h𝑙−1 + b𝑙), 𝑙 = 1, 2, … , 𝐿. (3.1)

Here,W𝑙 ∈ ℝ𝑚𝑙×𝑚𝑙−1 and b𝑙 ∈ ℝ𝑚𝑙 are the weights and biases of the 𝑙-th layer, and 𝑚𝑙
is the number of neurons in the 𝑙-th layer [62].

3.3 Backpropagation
Having established how a fully-connected FNN works, we also need to consider how
to train the network. To this end, we consider an 𝐿-layer fully-connected FNN, y =
𝑓FNN(x), with randomly initialized weights and biases. We denote the input values in
the training dataset 𝑋𝑡 = (x𝑡

1, x𝑡
2, ...x𝑡

𝑁 ) and the target values 𝑌 𝑡 = (y𝑡
1, y𝑡

2, ...y𝑡
𝑁 ). By
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Figure 3.2: Illustration of an 𝐿-layer fully-connected feedforward neural network.

training theneuralnetwork,wewish toadjust theweights andbiases such that ̂𝑓FNN(𝑋𝑡) ≈
𝑌 𝑡.
To achieve this, the parameters of the network are adjusted tominimize the loss func-

tion. In this thesis, weworkwith regression tasks andwewill use theMAE loss function

ℒ(𝑓FNN(𝑋𝑡), 𝑌 𝑡) = 1
𝑁

𝑁

∑
𝑖=1

𝓁(𝑓FNN(𝑋𝑡), 𝑌 𝑡) = 1
𝑁

𝑁

∑
𝑖=1

|𝑓FNN(x𝑡
𝑖) − y𝑡

𝑖| , (3.2)

where
𝓁(𝑓FNN(x𝑡

𝑖), y𝑡
𝑖) = |𝑓FNN(x𝑡

𝑖) − y𝑡
𝑖| , (3.3)

is the loss of a single training data point. To train the FNN, the training data is passed to
the model and we obtain predictions, which initially are expected to be inaccurate. To
improve the model, the weights and biases of the network are adjusted in order to min-
imize the loss function, whichmost often relies on gradient-based optimization. These
optimization techniques will be discussed further in Sect. 3.4. Before that, however, we
will focus on how the gradients are computed by the use of a method called backpropa-
gation.
Backpropagation calculates the gradients of the weights and biases recursively start-

ing from the output layer of the network. To illustrate this, we begin by computing the
gradients of the loss function for a single training data point x𝑡

𝑛 with target y𝑡
𝑛 with re-

spect to the weight 𝑊 𝑙
𝑖𝑗 and bias 𝑏𝑙

𝑖 at layer 𝑙 < 𝐿 of the fully-connected FNN. By em-
ploying the chain rule, we obtain

𝜕𝓁
𝜕𝑊 𝑙

𝑖𝑗
= ∑

𝑘

𝜕𝓁
𝜕𝑧𝑙

𝑘

𝜕𝑧𝑙
𝑘

𝜕𝑊 𝑙
𝑖𝑗

= 𝜕𝓁
𝜕𝑧𝑙

𝑖

𝜕𝑧𝑙
𝑖

𝜕𝑊 𝑙
𝑖𝑗

= 𝜕𝓁
𝜕𝑧𝑙

𝑖
ℎ𝑙−1

𝑗 , (3.4)

and
𝜕𝓁
𝜕𝑏𝑙

𝑖
= ∑

𝑘

𝜕𝓁
𝜕𝑧𝑙

𝑘

𝜕𝑧𝑙
𝑘

𝜕𝑏𝑙
𝑖

= 𝜕𝓁
𝜕𝑧𝑙

𝑖
, (3.5)
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where 𝑧𝑙
𝑖 = ∑𝑗 𝑊 𝑙

𝑖𝑗ℎ𝑙−1
𝑗 + 𝑏𝑖 is used to compute the derivatives. The term 𝜕𝓁

𝜕𝑧𝑙
𝑖
can be

calculated by again using the chain rule,

𝜕𝓁
𝜕𝑧𝑙

𝑖
= ∑

𝑘

𝜕𝓁
𝜕𝑧𝑙+1

𝑘

𝜕𝑧𝑙+1
𝑘

𝜕𝑧𝑙
𝑖

= ∑
𝑘

𝜕𝓁
𝜕𝑧𝑙+1

𝑘

𝜕𝑧𝑙+1
𝑘

𝜕ℎ𝑙
𝑖

𝜕ℎ𝑙
𝑖

𝜕𝑧𝑙
𝑖

= ∑
𝑘

𝜕𝓁
𝜕𝑧𝑙+1

𝑘
𝑊 𝑙+1

𝑘𝑖 𝜙′(𝑧𝑙
𝑖), (3.6)

where the expressions 𝑧𝑙+1
𝑖 = ∑𝑗 𝑊 𝑙+1

𝑖𝑗 ℎ𝑙
𝑗 + 𝑏𝑖 and ℎ𝑙

𝑖 = 𝜙(𝑧𝑙
𝑖) are used to compute the

derivatives in the last step [62].
In compact matrix notation with ∇W𝑙𝓁 being a matrix with entries 𝜕𝓁/𝜕𝑊 𝑙

𝑖𝑗, ∇b𝑙𝓁
being a column vector with entries 𝜕𝓁/𝜕𝑏𝑙

𝑖, and∇z𝑙𝓁 being a column vector with entries
𝜕𝓁/𝜕𝑧𝑙

𝑖, these equations can be written as

∇W𝑙𝓁 = ∇z𝑙𝓁 ⋅ (h𝑙−1)𝑇 , (3.7)

∇b𝑙𝓁 = ∇z𝑙𝓁, (3.8)

with
∇z𝑙𝓁 = ((W𝑙+1)𝑇 ⋅ ∇z𝑙+1𝓁) ⊙ 𝜙′(z𝑙) (3.9)

where ⋅ indicates matrix product and ⊙ indicates element-wise multiplication [62].
Fromthese equations, thegradients for all theparameters in theNNcanbe computed.

This is done by starting from the last layer and propagating the gradients backward. In
the case of the MAE loss, with z𝐿

𝑛 being the output of the last layer before applying the
activation function for the input value x𝑡

𝑛, the loss is given by Eq. (3.3), and we obtain

∇z𝐿
𝑛

𝓁(𝑓FNN(x𝑡
𝑛), y𝑡

𝑛) =
𝜙(z𝐿

𝑖 ) − y𝑡
𝑛

|𝜙(z𝐿
𝑛 ) − y𝑡

𝑛|
⊙ 𝜙′(z𝐿

𝑛 ). (3.10)

By inserting this expression into Eq. (3.7) and Eq. (3.8) the gradients of the weights and
biases in the 𝐿-th layer are obtained. By propagating the gradients backwards, insert-
ing Eq. (3.10) into Eq. (3.9), ∇z𝐿−1𝓁 is obtained and the gradients of the weights and
biases for layer 𝐿 − 1 can be computed from Eq. (3.7) and Eq. (3.8). By repeating this
process, layer by layer, the gradients of all weights and biases are obtained. To obtain
the gradients with respect to the full training set or some partition of thereof, we can
simply average over the relevant training data points.

3.4 Gradient-Based Optimization
Knowing how to calculate the gradients of the parameters of a fully-connected FNN,we
are now ready to discuss how to train the network using gradient-based optimization.
The simplest form of gradient-based optimization is gradient descent [62]. Gradient
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Figure 3.3: (a) Illustration of the effect of the learning rate (𝛾) on convergence in gradient de-
scent. (b) Illustration of the difference in convergence behavior between standard SGD and
momentum-based SGD.

descent is an algorithmwhere the parameters of the network, which we here denote as
𝜽 = {𝜃𝑖}

𝑁𝑝
𝑖=1, where 𝑁𝑝 is the number of parameters, are updated iteratively according

to
𝜽𝑡 = 𝜽𝑡−1 − 𝛾∇𝜽ℒ. (3.11)

Here 𝜽𝑡 denotes the parameters at iteration 𝑡, ∇𝜽ℒ is the gradient of the loss with re-
spect to the parameters over the full training set, and 𝛾 is the learning rate that controls
the step size at each iteration. The learning rate is a hyperparameter that needs to be
tuned. As illustrated in Fig. 3.3a an excessively large learning rate can lead to unstable
training, while an excessively small learning rate may cause training to take too long.
To prevent overfitting, it is common to modify the loss function by adding a regular-

ization term, most often L2 regularization. This penalizes large parameter values and
improves the models generalization ability. With L2 regularization, the loss function
becomes

ℒreg = ℒ + 𝜆
2||𝜽||2

2, (3.12)

where 𝜆 is a hyperparameter that controls the strength of the regularization. The pa-
rameters are then updated according to

𝜽𝑡 = 𝜽𝑡−1 − 𝛾∇𝜽ℒreg = 𝜽𝑡−1 − 𝛾(∇𝜽ℒ + 𝜆𝜽𝑡−1). (3.13)

While the above equations in principle give us a simple way of training a NN, com-
puting the gradient over the entire training set at each iteration becomes computation-
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ally expensive for large datasets, and is therefore generally avoided in practice. Instead,
mini-batch stochastic gradient descent is used, where the training dataset is randomly
divided into smaller subsets called batches [63]. The term stochastic refers to the in-
troduction of randomness in gradient computation because the gradient is estimated
using only a subset of the data rather than the entire dataset. At each step, the gradient
is computed based on a batch, and the parameters are updated according to Eq. (3.13),
but using the gradient ∇𝜽ℒbatch computed from the batch instead. This process is re-
peated for a fixed number of epochs, where one epoch corresponds to passing through
the entire training dataset once.
A consequence of not using the entire training dataset to calculate the gradients is

the introduction of noise into the optimization process. This can destabilize training,
as the gradient does not point exactly in the direction that minimizes the loss, making
it harder to converge to the minimum, as illustrated in Fig. 3.3b. To mitigate this issue,
one can, instead of using the instantaneous value of the gradient, accumulate the gradi-
ent as a moving average of past gradients, effectively smoothing out the noise. This
is known as momentum-based optimization. Among the various momentum-based
methods that exist, we employ an optimizer called AdamW in Paper I. AdamW is a vari-
ant of Adam [64], which stands for adaptivemoment estimation. The latter implements
L2 regularization by applying it directly to the parameters instead of adding it to the
gradient estimates. It updates the parameters of the network according to

m𝑡 = 𝛽1m𝑡−1 + (1 − 𝛽1)∇𝜽ℒbatch (3.14)

v𝑡 = 𝛽2v𝑡−1 + (1 − 𝛽2)(∇𝜽ℒbatch)2 (3.15)

m̂𝑡 = m𝑡
1 − 𝛽𝑡

1
(3.16)

̂v𝑡 = v𝑡
1 − 𝛽𝑡

2
(3.17)

𝜽𝑡 = 𝜽𝑡−1 − 𝛾
(

m̂𝑡

√ ̂v𝑡 + 𝜖
+ 𝜆𝜽𝑡−1)

. (3.18)

Here,m𝑡 is the exponentially decaying average of past gradients, and v𝑡 is the exponen-
tially decaying average of the squared gradients. The terms m̂𝑡 and ̂v𝑡 are adjusted ver-
sions ofm𝑡 and v𝑡 to account for their initialization at zero. Without this adjustment,
these values are biased towards zero in the early steps of training. By dividingm𝑡 and
v𝑡 by (1 − 𝛽𝑡

1) and (1 − 𝛽𝑡
2), respectively, where 𝑡 is the iteration number, this bias is

corrected, providing more accurate estimates in the beginning of training. As before
the 𝛾 denotes the learning rate and 𝜆 the regularization strength while 𝜖 is a small con-
stant added to avoid division by zero. The hyperparameters 𝛽1 and 𝛽2 control howmuch
weight is given to the past values of the gradient and gradient squared [65]. Aside from
being a momentum-based optimizer, AdamW is also adaptive, meaning that the learn-
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ing rate of each parameter is adjusted individually during training. This is the conse-
quence of dividing m̂𝑡 by √ ̂v𝑡 + 𝜖 in Eq. (3.18).

3.5 Ensembles
Despite the use of regularization and careful optimization, deep NNs can still suffer
from variance in their predictions, especially when trained on limited data. One com-
mon technique for improving the robustness and generalization ability of models is to
use an ensemble, which consists of multiple models. Typically, themodels in an ensem-
ble differ in one ormore aspects, such as their architecture, hyperparameters, how they
are trained, or a combination of these factors [63, 66]. By combining the predictions of
models in the ensemble, often using averaging, the effect of individual model errors is
reduced. The basic idea is that, while each individual model may have some error, av-
eraging across several models tends to reduce these errors, leading to more stable and
reliable predictions. Furthermore, uncertainty estimates can be obtained by computing
the standard deviation of the predictions across the models in the ensemble.

3.6 The Transformer Architecture
With the basic deep learning concepts introduced, we now discuss the key components
of the Transformer architecture. The Transformer was originally proposed in [60] for
sequence-to-sequence tasks such as machine translation. Since its introduction, it has
proven highly effective across a wide range of domains, including time series model-
ing [67–69]. Unlike recurrent neural networks, which process sequences sequentially,
Transformers utilize a mechanism called attention, enabling them to process entire in-
put sequences in parallel and model long-range dependencies more effectively than re-
current architectures.
The original Transformer architecture consists of 𝑁 stacked encoder and decoder

units, as illustrated inFig. 3.4. TheTransformer takes two sequences as input, xencoder ∈
ℝ𝑛1×𝑑 and xdecoder ∈ ℝ𝑛2×𝑑, where 𝑛1 and 𝑛2 are the lengths of each sequence, and 𝑑 is
the dimensionality of the feature vectors. The encoder transforms xencoder into a latent
representation z ∈ ℝ𝑛1×𝑑, which is then passed to the decoder to produce the output
y ∈ ℝ𝑛2×𝑑.
Many later Transformer-based architectures use only either the encoder or the de-

coder, depending on the specific application [67–69]. Since the architecture employed
in Paper I consists of Transformer decoder units, we will focus our discussion on the
main components of the Transformer with an emphasis on the decoder. It consists of
the followingcomponents: residual connections (Fig. 3.4a), layernormalization (Fig. 3.4b),
position-wise feedforward networks (Fig. 3.4c), and multi-head attention (Fig. 3.4d,e).
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Figure 3.4: Illustration of the Transformer architecture. Adapted from [60].

Mathematically, a residual connection is expressed as

xresidual = 𝐹 (x) + x, (3.19)

where 𝐹 (x) is the output of a layer and x is the input. These are common in deep learn-
ing as they help mitigate the problem of vanishing gradients, which can occur when
stacking several layers [70]. In the Transformer, the residual connections are followed
by layer normalization,

xnorm = LayerNorm(xresidual). (3.20)

The layer norm is applied individually for each feature vector in the sequence, where
each feature vector, f ∈ ℝ𝑑 , is scaled as

LayerNorm(f) = 𝛾 ⊙ f − 𝜇
√𝜎2 + 𝜖

+ 𝛽, (3.21)
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where

𝜇 = 1
𝑑

𝑑

∑
𝑖=1

𝑓𝑖, (3.22)

𝜎2 = 1
𝑑

𝑑

∑
𝑖=1

(𝑓𝑖 − 𝜇)2, (3.23)

𝛾, 𝛽 ∈ ℝ𝑑 are learnable scale and shift parameters, 𝜖 is a small constant for numerical
stability, and ⊙ denotes element-wise multiplication. The reason for using layer nor-
malization is that it stabilizes trainingwhich in turnmakes the training converge faster
[71]. Thepoint-wise feedforward layer, described in Sect. 3.2, acts on each feature vector
independently. In the Transformer architecture, the FNN block consists of two layers
with a ReLU activation in between and performs the following operation

FNN(f) = ReLU(fW1 + b1)W2 + b2, (3.24)

withW1 ∈ ℝ𝑑×𝑑ff, b1 ∈ ℝ𝑑ff,W2 ∈ ℝ𝑑ff×𝑑, and b2 ∈ ℝ𝑑, where 𝑑ff is a hyperparameter.
The last component of the Transformer decoder unit is themulti-head attentionmod-

ule. Generally, the input to themulti-head attentionmodule consists of three sequences
called queries, keys, and valueswhere the queries andkeys have the same featuredimen-
sion and the values and keys have the same sequence length, q ∈ ℝ𝑛𝑞×𝑑𝑘, k ∈ ℝ𝑛𝑘×𝑑𝑘,
and v ∈ ℝ𝑛𝑘×𝑑𝑣. There are two different variants of multi-head attention used in the
Transformer architecture, self-attention (Fig. 3.4d) and cross-attention (Fig. 3.4e). In
self-attention, the queries, keys, and values are all the same, q = k = v. In cross-
attention, the keys and values are the same, k = v, but the queries are different.
Whilemulti-head attention consists ofmultiple so-calledheads,wewill first consider

the role of a single attention head and for simplicity we assume that 𝑑𝑘 = 𝑑𝑣. In this
case, each feature vector in the sequences is first projected by

Q𝑖 = f𝑖𝑞W𝑄, (3.25)

K𝑖 = f𝑖𝑘W𝐾 , (3.26)

V𝑖 = f𝑖𝑣W𝑉 , (3.27)

where f𝑖𝑞, f𝑖𝑘, f𝑖𝑣 ∈ ℝ1×𝑑 denote the 𝑖-th feature vectors in the query, key, and value se-
quences. The matrices W𝑄,W𝐾 ,W𝑉 ∈ ℝ𝑑×𝑑𝑘, consist of learnable weights and are
shared across all positions in the sequences but are different for queries, keys, and val-
ues.
From the individual projections, the matrices Q ∈ ℝ𝑛𝑞×𝑑𝑘, K ∈ ℝ𝑛𝑘×𝑑𝑘, and V ∈

ℝ𝑛𝑣×𝑑𝑘 are constructed by stacking the projected feature vectors along the first dimen-
sion. Specifically, Q is the matrix whose 𝑖-th row corresponds to the projected query
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vectorQ𝑖, and similarly forK and V. The output of the attention head is then computed
as

Attention(Q,K,V) = softmax (A)V, A = QK⊤

√𝑑𝑘
. (3.28)

Here, softmax is anactivation function that is applied row-wise to thematrixA ∈ ℝ𝑛𝑞×𝑛𝑘,
ensuring that each row sums to 1. Since each row can be interpreted as a probability dis-
tribution, the resulting matrix is referred to as attention weights. By multiplying the
attention weights with the value matrix V, each value vector V𝑖 is updated as weighted
sum of all other value vectors, allowing the model to learn which parts of the input se-
quence it should focus on.
In simple terms, we can interpret Eq. (3.28) as extracting the most relevant parts of

the values based on the correlations between the queries and keys. In self-attention,
where the queries, keys, and values all come from the same input, the attention mech-
anism identifies which parts of the sequence are important relative to the other parts
of the same sequence. In cross-attention, the queries come from one sequence, while
the keys and values come from another, and the attention mechanism identifies which
parts of the second sequence are important relative to the correlation between the two
sequences.
When there are multiple heads, each head has its own learnable projection matrices,

W𝑄,ℎ,W𝐾,ℎ, andW𝑉 ,ℎ, whereℎ denotes the head index. Each head performs attention
independently, allowing themodel to focus on different types of information simultane-
ously. The outputs of all heads are then concatenated and linearly projected to form the
final output. Thismechanismenables themodel to capturemore complexdependencies
in the sequences than would be possible with a single attention head.
Finally, there are two additional considerations needed to complete the discussion

of the Transformer architecture. Firstly, since the Transformer architecture does not
explicitly take the order of the input sequence into account, positional encodings are
added to the input data before to applying attention. These positional encodings are
numerical vectors that encode the position of each feature vector within the sequence.
Theycaneitherbemanuallydefinedusingfixed functions, suchas sineandcosinewaves,
or be learned during training [60, 69].
Secondly, during training, the Transformer decoder is suppliedwith input sequences

and produces output sequences. In many cases, it is important that the entries in the
output sequence do not depend on any future information. To enforce this, a masking
matrixM is added to the matrix A in Eq. (3.28). Themasking matrix is typically a trian-
gular matrix where all entries above the main diagonal are set to −∞. This forces the
attention weights corresponding to future positions to zero after applying the softmax
function, ensuring that each position can only receive information from itself and pre-
vious positions during decoding.
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Figure 3.5: Illustration of a graph with four nodes, each with node features h, and edges with
edge features e.

3.7 Graph Neural Networks
GNNs are a class of deep learning models specifically designed to operate on graph-
structureddata. Unlike traditionalNNs,whichworkwithfixed-size input vectors,GNNs
naturally process data with variable sizes and complex relationships [59]. In a GNN,
each node in a graph is represented by a feature vector, as shown in Fig. 3.5. Themodel
is trained to learn how to aggregate information from its neighbors using the connec-
tions in the graph, which are represented by edges andmay include edge features.
To illustrate how information is processed in GNNs, we consider the message pass-

ing scheme introduced byGilmer et al. [72], using the graph illustrated in Fig. 3.5. For a
single node 𝑣, information is gathered from all its neighboring nodes 𝑁(𝑣), usingmes-
sages that depend on its own node features h𝑣, the node features of its neighbors h𝑤
and the edge features e𝑣𝑤. With 𝑡 indicating the layer number, the message passing
and update equations for layer 𝑡 are defined as

m𝑡+1
𝑣 = ∑

𝑤∈𝑁(𝑣)
𝑀𝑡(h𝑡

𝑣, h𝑡
𝑤, e𝑣𝑤) (3.29)

ht+1v = 𝑈𝑡(h𝑡
𝑣,m𝑡+1

𝑣 ), (3.30)

where 𝑀𝑡 is a message function that determines how information is passed between
the nodes, 𝑈𝑡 is an update function that determines how the node features are trans-
formed using the aggregated messages m𝑡+1

𝑣 . For instance, if we consider the node 𝑎
with neighbors 𝑏 and 𝑑 in Fig. 3.5, the aggregated message ism𝑡+1

𝑎 = 𝑀𝑡(h𝑡
𝑎, h𝑡

𝑏, e𝑎𝑏) +
𝑀𝑡(h𝑡

𝑎, h𝑡
𝑑 , e𝑎𝑑), and the node features are updated as h𝑡+1

𝑎 = 𝑈𝑡(hta,mt+1
a ).
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The type of message function 𝑀𝑡 and update function 𝑈𝑡 to use differ depending on
the specific GNN model. The message function can, for example, be parameterized
in terms of a fully-connected FNN or be a more complex NN architecture. Similarly,
the update function can also vary from addition, concatenation or use transformations
parametrized by NNs.
In the above formulation of the message passing scheme, the edge features are kept

constant. However, they can also be updated duringmessage passing using an edge up-
date function 𝐸𝑡(e𝑣𝑤, h𝑡

𝑣, h𝑡
𝑤) [73–76]. Furthermore, while the aggregation of messages

is performed using summation, this is not strictly necessary. Depending on the specific
GNN architecture, other aggregation functions can be used, such as averaging over the
neighbors, selecting the minimum or maximum value, or performing a weighted aver-
age using learned attention coefficients [77].
So far, we have discussed how information flows through a GNN, but we have not

yet covered how the learned node representations are used for prediction. GNNs can
be employed for various prediction tasks, depending on the type of graph data and the
problemat hand [78]. For node prediction, themodel learns to predict labels for individ-
ual nodes using their updated feature representations. For link prediction, the model
uses the features of two nodes to estimate the likelihood of a connection between them.
Finally, in graph prediction, the representations of all nodes are aggregated to produce
a single representation for the entire graph, commonly using an average, sum or the
maximum or minimum value, which is then used for prediction. In Chapter 5 we will
demonstrate how GNNs can be used to predict the extinction spectrum of a periodic
sensor array, illustrating their use in graph regression problems.
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4
Accelerated Hydrogen Sensing

In this chapter, we present a method for accelerating hydrogen detection by combining
plasmonic sensingwith deep learning. Specifically, we develop an ensemble of transfor-
mer-based deep learning models, all based on the long short-term transformer (LSTR)
architecture introduced by Xu et al. [79], to predict the H2 concentration from a time
series of spectra. We refer to this approach as Long Short-term Transformer Ensem-
ble Model for Accelerated Sensing (LEMAS). We begin by describing the LEMAS model
in detail, followed by a presentation of results from Paper I, demonstrating significant
improvements in response time, as well as enhanced LOD and LOQ.

4.1 LEMAS
LEMAS is an ensemblemodel consisting of severalmodels, all of which are based on the
LSTR architecture, as illustrated in Fig. 4.1. The input to the LSTR is a time series of
pre-processed spectra x ∈ R𝑛×𝑑, where 𝑛 is the length of the time series and 𝑑 is the di-
mension of each spectrum. Here, pre-processing is necessary to account for variations
betweenmeasurements, such as varying strength of the light source and slightly differ-
ent positions of the sensor in the different measurements, which cause different parts
of the sensor array to be measured yielding slight differences in the recorded spectra.
First, each pre-processed spectrum is linearly transformed to a length of 𝑑model and

split into a long-term memory of length 𝑚𝐿 and a short-term memory of length 𝑚𝑠.
In the LSTR encoder, the long-termmemory undergoes a two-stage memory compres-
sion, first into shapeℝ𝑛0×𝑑model and then into shapeℝ𝑛1×𝑑model using token embeddings,
whichare learnableparameterswith shapesℝ𝑛0×𝑑model andshapeℝ𝑛1×𝑑model, respectively.
Secondly, the long-term memory and short-term memory are passed to the LSTR de-
coderwhere relevant features in the short-termmemory are extractedwhile also taking
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Figure 4.1: Illustration of the LSTR architecture, adapted from [79]. The input to the LSTR is
a time series, in this case a time series of spectra, which is split into a long-term memory and
short-term memory. In the decoder the long-term memory is undergoes a two-stage memory
compression to a length of 𝑛1. In the decoder, the short-term memory along with the com-
pressed long-termmemory, is processed. Finally, the output of the decoder is passed through a
series of fully-connected layers to predict the H2 concentration.

the features of the long-termmemory into account. Finally, the output of the LSTR de-
coder is passed through several fully-connected layers, which operate independently on
each feature vector in the processed short-term memory, to predict the H2 concentra-
tion.
Themotivation for choosing the LSTR architecture for accelerating hydrogen sensing

is that it is specifically designed to handle long temporal sequences. This capability is
essential for analyzing the sensor described in Sect. 2.5, where the relevant temporal
trends occur over relatively long time scales and the recorded spectra are often noisy. If
the model is trained using sequences that are too short, it may struggle to distinguish
meaningful temporal trends from noise, such as gradual increases in the H2 concentra-
tion or slow sensor responses.
To obtain LEMAS, we train several models, all of which utilize the same total time

series length. However, we vary the lengths of the long-term and short-term memory
segments for each model. Additionally, each model is trained using 90 % of the avail-
able data, randomly selected. These design choices are intended to promote diversity
in the predictions of the models within the ensemble. By averaging the predictions of
the individual models in LEMAS and calculating their standard deviation, we obtain a
more robust prediction along with an uncertainty measure.
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Figure 4.2: (a) The prediction of LEMAS and the SA for a stepwise increase to 0.06 vol.% H2. (b)
The response time as a function of H2 concentration for LEMAS and the SA.

4.2 Acceleration of the Response Time
Toaccelerate thedetectionofH2 using the sensorpresented inSect. 2.5,we trainLEMAS
using two measurements of stepwise increases/decreases, and evaluate LEMAS on a
test measurement. In Fig. 4.2a, we present the predictions of LEMAS and the SA for
a stepwise increase to 0.06 vol.% H2. Through analyzing the time dependence of the
past spectral evolution LEMAS is able to accurately predict the H2 concentration much
faster than the SA, effectively reducing the response time of the sensor. In Fig. 4.2b, we
show the response timeof LEMASand the SA for all stepwise increases in the test set. As
demonstrated, LEMAS consistently achieves a significantly shorter response time. No-
tably, its response time is nearly independent of the H2 concentration, resulting in the
greatest acceleration at lower H2 concentrations. This improvement is because LEMAS
can rapidly detect the initial changes in the spectrum and accurately map them to the
correct H2 concentration. In contrast, the SA requires waiting for the system to reach
thermodynamic equilibrium, leading to slower detection.

4.3 Improving LOD and LOQ
To improve the LODandLOQof the sensor presented in Sect. 2.5, we train LEMASusing
a single measurement of linear increases and decreases, and evaluate it on a test mea-
surement of exponential increases and decreases. In Fig. 4.3a we illustrate the predic-
tions of LEMASand theSA for a leak occurring very slowly. In contrast to theSA, LEMAS
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Figure 4.3: (a,b)The prediction of LEMAS and the SA for exponentially increasing leak with leak
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as a function leak rate.

accurately predicts theH2 concentration at the baseline and is significantly less affected
bynoise in themeasurement, leading to the LODandLOQbeing reached faster. At large
leak rates, the LODof the SA and LEMAS become similar, as illustrated in Fig. 4.3b. This
occurs because, at high leak rates, the response of the sensor changesmore significantly,
making detection less affected by measurement noise. However, LEMAS still outper-
forms the SA in terms of the LOQ since it is more accurate. These results are further
supported by comparing the LOD and LOQ as a function of leak rate in Fig. 2.6c–d. We
observe that at low leak rates, LEMAS achieves a lower LOD. However, at higher leak
rates, the LOD values of both methods become comparable, while LEMAS consistently
maintains a lower LOQ across all leak rates.
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5
Towards Inverse Design

Havingdemonstratedhowdeep learning can accelerate plasmonic hydrogen sensor per-
formance, in this chapter, we explore how deep learning can accelerate sensor design.
We begin by introducing surface lattice resonancess (SLRs), which allow tuning the re-
sponseofplasmonichydrogensensorsbycontrolling thenanoparticle arrangement. We
then describe how SLRs can be used for inverse design and provide an example of how
deep learning can accelerate this process.

5.1 Plasmonic Surface Lattice Resonances
SLRs are an optical effect that occurs when metallic nanoparticles are arranged in peri-
odic patterns. These resonances occur due to the coupling between the LSPRs of indi-
vidual nanoparticles and in-plane diffraction of the incident light [28].

To better understand how SLRs can be employed for inverse design, we calculate the
extinctioncross sectionof anarrayofnanoparticlesusing the coupleddipole approxima-
tion, also known as the discrete dipole approximation [80–82], where the nanoparticles
are modeled as an array of dipoles. If we consider identical particles and assume that
the induced polarizability in each particle is the same, the effective polarizability of the
array is given by

𝛼array(𝜆) = 1
1

𝛼s(𝜆) + 𝑆
, (5.1)

where 𝛼s(𝜆) is the polarizability of a single nanoparticle and 𝑆 is a geometric factor de-
pendent on the nanoparticle arrangement. In the specific case where the wavevector is
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Figure 5.1: Comparison of extinction cross section for a periodic nanoparticle array and a single
nanoparticle.

perpendicular to the plane of the array, 𝑆 is given by

𝑆 = ∑
𝑗≠𝑖 [

(1 − 𝑖𝑘𝑟𝑖𝑗)(3 cos2(𝜃𝑖𝑗) − 1) exp(𝑖𝑘𝑟𝑖𝑗)
𝑟3

𝑖𝑗

+
𝑘2 sin2(𝜃𝑖𝑗) exp(𝑖𝑘𝑟𝑖𝑗)

𝑟𝑖𝑗 ].

(5.2)

Here, 𝑘 is the wavevector, defined as 𝑘 = 𝑛2𝜋
𝜆 , with 𝑛 being the refractive index of the

medium. Thesummation is over all particle pairs in the array, 𝑟𝑖𝑗 is thedistancebetween
two particles, and 𝜃𝑖𝑗 is the angle between the polarization of the incident light and 𝒓𝑖𝑗
[28, 83, 84].
The extinction cross section is given by Eq. (2.5), using the modified polarizability

𝛼array(𝜆). FromEq. (5.1) andEq. (5.2), it is evident thatmodifying thearrangementof the
particles allows for control over the optical response of the sensor. Such modifications
can, for instance, sharpen the plasmon peak or shift its position. This effect is demon-
strated in Fig. 5.1, where we show the extinction cross sections of a single nanoparticle
and a periodic array.

5.2 Inverse Design of Plasmonic Hydrogen Sensors
In the context of H2 sensing, SLRs can be employed to enhance sensitivity or adjust the
position of the plasmon peak. However, optimizing the sensor design for this purpose
is challenging. For instance, in a periodic array, multiple parameters can be adjusted:
The number of particles in each unit cell, the position of the particles within the unit
cell, the composition and geometry of individual nanoparticles, as well as the choice of
coating material and its thickness.
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Due to the complexity of this design space, a trial-and-error approach is impracti-
cal. Instead, numerical simulations combined with optimization algorithms provide a
feasible solution. In Nugroho et al. [27], FDTD simulations were combined with parti-
cle swarm optimization to design a periodic array, with the objective of maximizing a
figure of merit (FoM) defined as

FoM =
𝜆PdH0.125
peak − 𝜆Pd

peak

FWHMPd
. (5.3)

This FoMquantifies the sensitivity of the sensor bymeasuring the shift in the extinction
peak due to H absorption, divided by the full-width half-maximum. Alternative objec-
tives can also be defined depending on specific applications. For instance, in the case
of a commercial sensor thatmeasures the extinction spectrum using a photodiode, one
could maximize the change in extinction specifically within the region detected by the
photodiode.

5.3 Deep Learning for Inverse Design of Plasmonic
Hydrogen sensors

While Nugroho et al. [27] demonstrated that SLRs can be used to optimize the sensitiv-
ity of a plasmonic hydrogen sensor, their approach was limited to a single composition
and a single particlewithin the unit cell. Expanding the design space provides an oppor-
tunity for further optimization, enabling a broader search for configurations that could
enhance sensor performance.
However, as the design space grows, relying solely on numerical methods, like FDTD

simulationspairedwithoptimizationalgorithms, becomes computationally intractable.
This is because a larger design space requires more function evaluations for the opti-
mization algorithm to converge, making the process increasingly impractical.
One solution is to train a deep learning model to approximate FDTD simulations.

Once trained, this model can quickly predict the extinction spectrum of a design, re-
placing the need for time-consuming simulations during the optimization step [29–31].
In the context of inverse design of plasmonic hydrogen sensors using SLRs, this trans-
lates to training a deep learningmodel tomap the structural configuration of a unit cell,
defined by its lattice vectors a1 and a2, alongwith𝑁 particles of varying geometries and
compositions, to an extinction spectrum.
As a specific case, we consider a rectangular unit cell defined by lengths 𝐿𝑥 and 𝐿𝑦,

containing 𝑁 identical nanodisks. The nanodisks are characterized by their radius,
height, the surrounding dielectric medium, and their dielectric function, which is di-
rectly related to their composition Pd1−𝑥Au𝑥. For simplicity, wemodel these nanodisks
as oblate ellipsoids and use the coupled dipole approximation to generate training data.
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Graph construction

a)
b)

Figure 5.2: (a) Illustration of a periodic array with a single particle in the unit cell. The circle
indicating the cutoff radius used for graph construction. (b) Illustration of the corresponding
graph used as input to the GNN, where periodic boundary conditions are represented by self-
edges that connect the particle to its periodic replicas within the cutoff radius.

To effectively train a deep learning model on this data, the model must account for
the varying number of particles in the unit cell and, given that the sensor is large (as we
assume here), also account for the periodic boundary conditions of the array. This can
be achieved using a GNN, where the system is represented as a graph. In this represen-
tation, the nanoparticles are treated as nodes, each characterized by its geometric and
material properties, while the edges encode the relative positional differences between
particles. To accuratelymodel the periodic nature of the array, periodic boundary condi-
tions are incorporated by including self-edges representing interactions between each
particle and its periodic replicas, as illustrated in Fig. 5.2 [73].
To demonstrate this approach, we use a GNN, trained on data generated using the

coupled dipole approximation, to optimize the change in the extinction cross section at
a specific wavelength. This optimization is performed using differential evolution [85].
Specifically, we focus on a wavelength of 760 nm and define the FoM as

FoM = |𝜆PdH0.125
760 nm − 𝜆Pd

760 nm|. (5.4)

Fig. 5.3a displays the extinction spectra and the FoM for the optimized sensor design
by theGNN, as illustrated in the inset. As shown, thedifference between the two spectra
is largest at 760 nm, where both spectra exhibit a peak. To validate the accuracy of the
GNN predictions, Fig. 5.3b shows the extinction spectra calculated using the coupled
dipole model for the optimized sensor design obtained by the GNN. The strong agree-
ment between the predicted and calculated spectra confirms the reliability of the GNN.
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Figure 5.3: (a) Extinction cross sections for Pd and PdH0.15, calculated for the optimized sen-
sor design identified by the GNN.The inset illustrates the optimized nanoparticle arrangement,
with each nanoparticle having a radius of 85 nm, a height of 31 nm, and a composition of pure
Pd. (b) Extinction cross sections calculated using the coupled dipole model for the optimized
geometry obtained by the GNN.

These results highlight the potential of deep learning to accelerate sensor design, but
further work is needed for practical application. For the optical response of the gener-
ated sensor designs to agree with reality, the GNN should be trained using data gen-
erated from a more accurate method, such as FDTD. However, because performing
FDTD simulations is significantly more computationally expensive than using the cou-
pled dipole approximation, it is essential to consider how to make the GNNmore data-
efficient. Additionally, the optimization process must be assessed for convergence be-
cause the optimality of the solution is currently unquantified. Lastly, here we consid-
ered arrays of identical particles, while such arrays are commonly used for H2 sensing,
more optimal solutions may be found by considering nanoparticles with varying geom-
etry and composition.
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6
Conclusions and Outlook

This thesis explored the use of deep learning to enhance the performance of plasmonic
hydrogen sensors, focusing on two key aspects: accelerating hydrogen sensing and op-
timizing sensor design. Specifically, in the context of accelerating hydrogen sensing, I
aimed to answer the following research questions:

Research Questions

Response Time: To what extent can deep learning be used to predict the final satu-
rated response during rapidly increasing hydrogen concentrations, thereby reducing
the effective response time of the sensor?
Limit of Detection and Limit of Quantification: To what extent can deep learning
enhance the detection and quantification of gradual increases in hydrogen concen-
tration by leveraging full spectral and temporal information, thereby reducing the
effective LOD and LOQ of the sensor?

In Sect. 2.5, we examined the performance of a plasmonic hydrogen sensor in terms
of response time, LOD, and LOQ. Building on the findings from Paper I, presented in
Chapter 4, we demonstrated that utilizing an ensemble of deep learning models sub-
stantially improved the performance of the sensor. Specifically, this approach enabled
substantial reductions in the effective response time of the sensor, making it nearly in-
dependent of the H2 concentration. This was achieved by leveraging information about
the changes in the past spectral evolution to accurately predict the saturated response of
the system before it was physically reached. This approach also achieved a notable re-
duction in the LOD, particularly in scenarios where the H2 concentration changed very
slowly, and achieved a reduction in the LOQ for all cases studied. This is because, by
utilizing the time dependence of the spectrum LEMAS is less sensitive tomeasurement
noise andmore accurate in its predictions.
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These results indicate that deep learning, specifically LEMAS, offers a viable approach
for enhancing the performance of plasmonic hydrogen sensors. By reducing the effec-
tive response time of the sensor, deep learning provides a way to achieve a fast sen-
sor even when its physical response time is slowed by the presence of other molecular
species. Furthermore, it also provides a faster method for detecting and quantifying
small changes in H2.
In the context of optimizing sensor design, this thesis also aimed at the following

objective:

Exploring the use of deep learning techniques to accelerate the inverse design pro-
cess of plasmonic hydrogen sensors, enabling the identification of optimized sensor
configurations that meet specific performance criteria.

In Chapter 5 we demonstrated the potential of using deep learning to guide an opti-
mization algorithm to perform inverse design of plasmonic hydrogen sensors. By train-
ing a GNN on data generated using the coupled dipole approximation, and combining
that with an optimization algorithm, we showed that it was possible to optimize a spe-
cific performancemetric by tuning the arrangement, composition and geometry of the
nanoparticles. However, this work is still in progress, and several considerations must
be addressed before concluding that deep learning can accelerate the design of plas-
monic hydrogen sensors. These considerations include training the model with data
generated from a more accurate method, analyzing optimization algorithms and their
convergence, and exploring periodic arrays of nanoparticles with varying geometries
and compositions.

6.1 Outlook
In this thesis, I focused on the specific task of accelerating a H2 sensor in an inert gas
environment and accelerating the design process of plasmonic hydrogen sensors. How-
ever, as mentioned in Sect. 1.2, several future directions can be explored to further en-
hance plasmonic H2 sensors. One immediate avenue is to further investigate the use
of deep learning for improving sensor performance in more challenging environments
than those considered here. Specifically, this includes environments with higher con-
centrations of other molecules that also vary over time. In such cases, analyzing the
response of a single sensor chipmay not be sufficient because, as discussed in Sect. 2.3,
the presence of other gases can alter the response time and shift the baseline. Conse-
quently, both the SA and LEMAS may struggle to account for these variations because
they lack direct information about the surrounding environment.
A promising approach for addressing this issue is to use deep learning techniques to

analyze a single sensor composed of several nanoparticles with different compositions,
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where individual nanoparticle readouts are available. Alternatively, a device consisting
of multiple sensor chips, each containing identical nanoparticles of different composi-
tions, can be employed. By using deep learning to identify and account for variations
in environmental conditions based on the correlations amongmeasured responses, and
integrating this approachwith LEMAS, there is potential to develop a sensor that is both
fast and accurate, even in the presence of contaminating gases.
Another avenue is to develop models that require minimal recalibration for new sen-

sor devices. In this work, we considered a quasi-random array when applying both the
SA and LEMAS. However, applying either of these two approaches to a different sensor
with the sameparticle composition andgeometrymay require recalibration because the
measured response may differ due to the quasi-random arrangement of the nanopar-
ticles. To minimize the need for recalibration through deep learning, a potential ap-
proach is to train a foundational model using data from multiple sensors with varying
characteristics, or even simulated data. This foundationalmodel can then befine-tuned
on amuch smaller dataset specific to a new sensor device, thereby reducing the need for
generating data for calibration.
Finally, applying the developed methods to support both the design and analysis of

commercial sensors could bridge the gap between advancements in research and prac-
tical deployment.
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