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Plasmonic sensing is a vibrant field where the optical properties of surface plasmons are exploited to create

analytical sensors for biomedical, environmental and food safety applications, among others. Upon

irradiation of light on a plasmon-active nanomaterial, the enhancement of the electric field leads to

augmented scattering, absorption and luminescence of molecules in, respectively, surface-enhanced

Raman scattering (SERS), surface-enhanced infrared absorption (SEIRA) and metal-enhanced fluorescence

(MEF) and to highly sensitive refractometric sensors with surface plasmon resonance (SPR) and localised

surface plasmon resonance (LSPR). The advent of a new generation of artificial intelligence (AI) and

machine learning (ML) tools provides an opportunity to further advance the design, synthesis and

characterisation of plasmonic materials, improve signal processing and image analysis in plasmonic sensing

experiments and to design sensors with better sensitivity, selectivity and robustness. The review will first

build basic knowledge in plasmonic sensing and AI/ML, before discussing opportunities for AI/ML-

augmented sensor design and data analysis, and then discuss applications where AI/ML provided added

benefits in plasmonic sensing. The review will conclude with a perspective on where the field is trending.

1 Introduction

The field of plasmonics encompasses a range of optical tech-
niques that manipulate light with optical nanoantennas, giving
rise to a suite of phenomena that can catalyse reactions,1,2

enable photonic devices,3,4 and sense molecules.5 The excita-
tion of surface plasmons in nanostructures enhances the local
field and probes the dielectric environment in a nanothin layer
of solution in proximity to the plasmonic material. These
attributes give rise to plasmonic sensing, where the higher
local field enhances vibrational spectroscopies (surface-
enhanced Raman scattering (SERS) and surface enhanced
infrared absorption (SEIRA)) and luminescence (metal or plas-
mon enhanced fluorescence (MEF)), while the ability to probe
the dielectric environment leads to surface plasmon resonance
(SPR) and localised surface plasmon resonance (LSPR).6 These
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techniques are highly sensitive, achieving detection down to
single molecules in SERS,7,8 plasmon-enhanced fluorescence,9

and refractometric (and colorimetric) sensing with plasmons.9

Plasmonic nanostructures can be actively controlled and actu-
ated to accomplish different tasks, including sensing10 and the
trapping of analytes or biological entities with plasmonic
tweezers.11

Plasmonic sensing is closely linked to the development of
nanomaterials with tailored properties, enabling the generation of
strong electrical fields for enhanced vibrational and luminescence
spectroscopies or high sensitivity to dielectric changes for refrac-
tometric sensors. These capabilities are largely modulated by the
elemental composition, shape and structure of the plasmonic
material.12 Classical SPR sensors can be designed on thin gold
films13,14 or using LSPR on nanomaterials,15,16 which are also
used for surface-enhanced spectroscopies. While historically
nanoplasmonic sensors have been mostly created from gold
and silver (nano)structures,17–19 there has been increased
research into the generation of 2D materials,20,21 hybrid materi-
als made of transition metal dichalcogenides22 and even com-
posites with metal–organic frameworks.23 Plasmonic structures
can be nanoengineered to be chiral,24,25 offering new opportu-
nities in chiral molecule sensing.

While not exclusive, plasmonic sensing mainly relies on the
principles of SPR/LSPR refractometric sensing13,15,26 or on

SERS27–29 and MEF.30,31 These sensing principles are quite
universal, as molecules can either be directly detected from
their refractive index, vibrational or luminescence signature or
indirectly by engineering plasmonic nanotags active in SPR/
LSPR, SERS or MEF. Hence, plasmonic sensors have been
developed for a broad range of applications,32–35 such as in
clinical/health monitoring,36–38 neuroscience,39 environmental
monitoring,40,41 and food monitoring, including within plat-
forms conducive for field deployment.42,43 Specific applications
can be improved through the use of optical fibres44,45 or
microscopy46 and with sensing schemes involving particle
etching/growth for colorimetric detection,47 sensor arrays for
pattern identification,48 or analyte manipulation in conjunc-
tion with hybrid materials.48 These approaches highlight only a
small subset of the diverse strategies currently being explored
in plasmonic sensing.

Central to this review, artificial intelligence (AI) and machine
learning (ML) play an increasing role in the discovery and
engineering of photonic materials and in the optimisation of
photonic devices.49 ML algorithms are especially useful to extract
correlations in complex, multidimensional, and large datasets,
where classical chemometric approaches fail, with implications
for the synthesis of nanomaterials50 and for data processing.51–54

ML tools can also provide augmented capabilities with plasmonic
property prediction and inverse design of plasmonic devices.55,56
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Applications of ML in plasmonic sensing are vast, with many
examples in biomedical,57–59 environmental58 and food safety
applications.58

2 Principles of plasmonic sensing

Plasmonic materials originate from the concept of the plasmon
wave.62 Collective movement of free electrons in a material can
be quantised in a manner analogous to how light is quantised
into photons. In this context, a plasmon represents a collective
oscillation of the electron charge density relative to the posi-
tively charged ionic core within a metal. While plasmons are
possible in bulk, the propagation or localisation of a plasmon
at the metal-dielectric interface confers interesting sensing
properties. Specifically, plasmonic sensing exploits the strong
optical response of nanostructured and nanothin materials
when interacting with light. The interaction generates stronger
electromagnetic fields that enhance detection sensitivity and
plasmonic sensors can be optimised through careful substrate
design and integration with analytical methodologies. To
understand how AI can be incorporated in plasmonics, it is
necessary to grasp the fundamental physical phenomena of
surface plasmons and surface plasmon resonances, and its
declination in many plasmonic techniques. Discussion on the
theoretical aspects of plasmonics is brief, so readers are direc-
ted to the literature for more comprehensive reviews.26,63,64

Specifically, incident light excites collective oscillations of
conduction electrons, generating surface plasmon (SP) modes
that propagate in a nanothin film of macroscopic dimensions
or are localised in a nanomaterial. This excitation leads to an
exponential decay of the surface plasmon along the interface
and in the metal and dielectric materials,65 confining the
plasmonic wave in a small volume near the interface. The
resonance conditions of these SP modes are governed by the
dielectric constants of the dielectric (es) and metal (em). This
dependence on dielectric constants is particularly important
for sensing applications as, the sensor response to changes in es

is the core principle of transduction for refractive index sensi-
tivity in SPR sensing.

em = e0 + ie00 (1)

Another resonance condition is that the real component of the
metal’s dielectric (e0) must be negative and the imaginary
component (ie00) small (eqn (1)), restricting plasmonic materials
mainly to noble metals as they are to the ones whose dielectric
constants are known to satisfy these conditions. Among them,
gold is the most common due to its chemical stability, bio-
compatibility and operation in the visible range, despite silver
having a sharper, and thus more accurate, plasmon resonance.
However, silver’s oxidation makes it less stable under ambient
conditions.52,66 Other metals like copper and aluminium have
been studied but also suffer from oxidation and are sensitive to
refractive index,66–68 though they can change the tunability of
plasmonic sensors into different spectral regions. Alternatively,
a graphene surface69 can be more sensitive in the near-IR and
can improve adsorption of analyte molecules through p–p
stacking. It can also be combined with silver or gold for more
tuneable properties and has thus attracted attention as a novel
surface modifier for SPR sensors.70–72 The search for novel
plasmonic 2D materials suitable for plasmonic is ongoing, and
provides opportunities to use AI and ML to identify suitable
plasmonic materials and accelerate the discovery of new plas-
monic materials.73 Specific optical configurations and plasmon
excitation strategies lead to a series of plasmonic techniques
detailed below.

2.1 Surface plasmon resonance (SPR)

A nanothin and flat metal surface can support a propagating SP.74

In this configuration, light enters resonance with the SP and this
wave propagates along the metal-dielectric interface. The challenge
in exciting propagating SPs arises from a wavevector mismatch
from incident light (k0) and SP (kSP), prohibiting direct illumina-
tion of SP.75,76 Optical coupling configurations, such as prism-
based approaches (the Kretschmann configuration)77–79 or the use
of gratings,80–83 makes it possible to tune the k0 (eqn (2)) to match
the kSP (eqn (3)). When this occurs, light enters in resonance with
the SP and a dip in the reflectance spectrum is observed at the
same wavelength as the plasmon. The wavelength or incidence
angle of the plasmon resonance shifts with changes in dielectric
constant of a thin film of solution at the metal-dielectric interface
and leads to high sensitivity of surface binding.

k0 ¼
2p
l
n1 sin y (2)

kSP ¼
o
c

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
em lð Þes lð Þ

em lð Þ þ es lð Þ

s
(3)

As such, SPR sensors exploit the propagating SP for highly sensitive
refractometric measurements. Modifying the metal–dielectric
interface with molecular receptors is one strategy to confer the
selectivity of the SPR sensor to a biomolecule, a concept central to
SPR sensors. When molecules adsorb or interact at the interface,
the refractive index is altered, which, in turn, shifts the resonance
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member of the Courtois Institute in
materials science and an IVADO
(research consortium in AI)
researcher, Prof. Masson’s research
focuses on the development of sen-
sors using plasmonic spectroscopies
that are applied in bioanalytical,
food science and neuroscience
applications. His lab conceives new
instrumental modalities for pla-
monics for point-of-need applica-
tions, which integrates chemo-

metrics and machine learning methods for data processing and
process optimization.

Chem Soc Rev Review Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
6/

20
26

 3
:3

5:
20

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cs01522g


Chem. Soc. Rev. This journal is © The Royal Society of Chemistry 2026

condition monitored in the reflectance spectrum. Its sensitivity is
unmatched in molecular binding kinetics studies, as it enables
highly sensitive, label-free, real-time detection of molecular inter-
actions or surface phenomena.45,79–81,84–87

Different instrumental configurations are used in SPR; the
main one uses monochromatic light to monitor the change in
the SPR angle, while polychromatic light can also be used at a fixed
excitation wavelength.79 Each scheme has benefits in terms of
sensitivity, user-friendliness, and portability of sensors, necessary
for the development of point-of-care (POC) devices. SPR imaging
(SPRi) is also possible and builds upon these principles by record-
ing spatially resolved reflectivity data, producing two-dimensional
maps of surface binding events in real time.88 Sensor miniaturisa-
tion can be achieved on optical fibers.78,80,89,90 Common to these
diverse configurations is the generation of large, multidimensional
datasets with information on spatial, spectral and temporal
domains. The complexity of these data, as well as configurational
design, motivates the integration of AI and ML approaches to
enhance signal interpretation, automate pattern recognition and
accelerate discovery in plasmonic sensing (Fig. 1).

2.2 Localised surface plasmon resonance (LSPR)

In some plasmonic materials the plasmon is not able to propa-
gate; plasmonic nanoparticles smaller than the wavelength of

light spatially confine the resonance at the nanoscopic scale.91,92

This LSPR produces a quasi-static electric field strongly confined
near the nanoparticle’s (NP) surface, typically within a range of
10–40 nm.91,93 This phenomenon is commonly illustrated using
metallic NPs (Fig. 2) where the electric field bidirectionally
oscillates in response to the incident light.94

The resulting optical response of the nanoparticles is
expressed as an extinction coefficient, governed by geometrical
parameters of the NP and dielectric properties (eqn (4)).63

E lð Þ ¼ 24pNase3=2s

l ln 10ð Þ
ei lð Þ

er lð Þ þ xesð Þ2þei lð Þ2

" #
(4)

The magnitude of the extinction coefficient is wavelength-
dependent, driven by the real dielectric of the plasmonic metal
(er).

93 It is also highly sensitive to the NP’s size (a), shape (w), and
local dielectric environment (es), making LSPR an exceptionally
tuneable platform for applications in chemical and biosensing.
Predicting the extinction profile of plasmonic nanomaterials is
complex, as w is typically unknown, especially for asymmetric
nanomaterials. While numerical simulations have shown the
ability to provide accurate predictions of the extinction spectra,
this is an area where AI methods could provide a simple
solution.

Fig. 1 Overview of the field of AI for plasmonic sensing. Plasmonic sensing regroups a suite of techniques benefitting from the interaction of light with
nanomaterials. AI and ML provide new approaches to design the plasmonic nanomaterials, to reshape how we conduct research with self-driving
laboratories and improve data interpretation for a series of applications. SERS graph adapted with permission from ref. 60 from American Chemical
Society, copyright 2024. Material Characterisation image is adapted with permission from ref. 61; licensed under CC-BY 4.0. Figure created in BioRender.
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The design of plasmonic substrates for LSPR applications is
central to enhancing performance. These techniques exploit
electromagnetic field enhancements at ‘‘hot spots’’ regions of
intensified local fields typically found at sharp tips, edges,
poles, or interparticle junctions of metallic nanostructures.
Precise control over nanoparticle morphology, composition,
and spatial arrangement is essential for tailoring the optical
response and thereby maximising signal amplification. Accord-
ing to eqn (4) the key factors influencing the LSPR of nano-
particles include: (i) material composition, (ii) local dielectric
environment, and (iii) nanostructure morphology.

2.2.1 Material composition. Noble metals such as gold,
silver, and copper are common LSPR substrates and classically
used in plasmonics due to their favourable dielectric properties
in the UV-Vis-NIR region.92,95 In the simplest case, small metal-
lic spherical particles exhibit strong dipolar resonance when
illuminated by light in this range.94 Research has been initiated
for the use of alternative plasmonic materials, such as transition
metals. These materials do not exhibit strong LSPR enhance-
ment in the UV-Vis-NIR range, hence lower enhancement
(10–103), but could offer potential advantages in cost, stability,
and scalability.96,97 These efforts aim to expand the scope of
plasmonic materials beyond classical noble metals and open
new avenues for material discovery and AI methods that could

help in developing large models capable of predicting the
properties of transition metals.

2.2.2 Local dielectric environment. The dielectric environ-
ment surrounding a plasmonic nanoparticle plays a critical role
in governing the properties of the LSPR. Because LSPRs are
highly sensitive to changes in the local refractive index, even
small perturbations, such as molecular binding events at the
nanoparticle surface, can shift the position of the extinction
peak.98 This principle governs many sensing applications, where
shifts in the LSPR signal serve as an optical readout of surface
interactions,15,28 akin to SPR sensors. Local modification of the
dielectric environment can be achieved through surface coat-
ings, solvent changes, or substrate and ligand interactions, all of
which influence the LSPR response.99,100 However, these same
factors also affect colloidal stability and surface chemistry,
which, in turn, impact the optical behaviour of the system.100

Although the extinction coefficient equation typically assumes
idealised, static conditions, real-world plasmonic systems are
dynamic. Understanding how surface chemistry and particle
interactions modulate the dielectric environment is therefore
essential for designing robust and reliable LSPR-based sensors.28

Deconvoluting these parameters is complex with classical meth-
ods and AI could be used to extract the intricate interplay of this
multifactorial phenomenon.

Fig. 2 Schematic representation of plasmon-enhanced processes. Light excites surface plasmon resonances, which increases electron density at the
metal surface and thereby enhances analytical signal intensity. (a) MEF relies on a spacer between the analyte and the metal surface to minimise
quenching effects while enabling fluorescence enhancement. (b) SERS enhances Raman scattering when analytes are bound to or positioned near a
plasmonic surface, where the light wave polarises the electron cloud. Graph adapted with permission from Hojjat Jodaylami et al.60 from American
Chemical Society, copyright 2024. (c) SPR is excited by transverse magnetic light in a prism, where shifts in the reflected wavelength provide information
on analyte binding. (d) SEIRA uses plasmonic nanostructures (here, nanorod arrays) to generate hotspots that amplify IR absorption signals, with
decreases in absorption indicating analyte presence. Figure created in BioRender.
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2.2.3 Nanostructure morphology. The size and shape of
plasmonic nanomaterials play a critical role in determining their
optical and sensing performance. As nanostructures adopt more
complex morphologies, variations in their optical responses
highlight how shape tuning can enhance functionality.101 This
morphology-optical relationship has been extensively studied, as
summarised in Table 1 (a similar table with silver nanoparticle
protocols can be found in Table S1).102 Quantum confinement
effects and increased surface-to-volume ratios further contribute to
unique plasmonic properties.102 For instance, decreasing nano-
particle size can shift the plasmon resonance frequency, while
introducing anisotropic geometries (e.g., nanorods, nanostars)
leads to intense near-field enhancements at characteristic spectral
positions.103,104 Advancing the design of such nanostructures
allows material scientists to tailor optical properties for targeted
applications. Material composition and the integration of meta-
materials further influence plasmonic performance. These aspects
will be discussed in a dedicated chapter of this review.

As the design of plasmonic substrates grows more complex,
especially in surface-enhanced spectroscopies like SERS and
SEIRA, traditional electromagnetic models such as Mie theory
and Maxwell-based solvers become increasingly limited. These
approaches often assume idealised conditions and quickly
become computationally prohibitive for intricate or non-
traditional structures. AI offers a powerful alternative. By navi-
gating high-dimensional design spaces and identifying struc-
ture–property relationships, AI can accelerate the discovery and
optimisation of LSPR substrates beyond what is feasible in
conventional wet-lab or simulation-based workflows. From both
analytical and physical chemistry perspectives, AI can serve as a
surrogate model to compress computationally expensive simu-
lations. Furthermore, inverse design strategies allow researchers
to specify desired optical outcomes and have AI predict the
corresponding material parameters, even in regions where
physics-based understanding is incomplete. The integration of
AI and plasmonics opens a new frontier: not only improving
sensing platforms but also transforming how we approach the
design and understanding of optical nanomaterials.

2.3. Surface-enhanced spectroscopies

The high electric field generated by the excitation of LSPR has
led to a range of different plasmon-enhanced spectroscopies cap-
able of detecting trace amounts of analytes with high sensitivity
and specificity. For plasmonic molecular sensing applications,
LSPR, SERS, SEIRA and MEF sensors have emerged, all exploiting
near-field plasmonic enhancement to amplify otherwise weak spec-
troscopic signals. While these approaches differ in their physical
readouts and the type of spectral information obtainable, they are
distinguished by their reliance on near-field effects. A generalised
comparative representation of these plasmon-enhanced processes is
found in Fig. 2. Related strategies, including colorimetric LSPR or
waveguide-based devices, generally rely on bulk optical changes
rather than local field amplification and do not always require
advanced ML for analysis. This section focuses on near-field-
enhanced plasmonic methodologies, while sensors whose readout
mechanisms fall outside this paradigm are not discussed here.

2.3.1 SERS. Raman spectroscopy probes the vibrational
modes of molecules by measuring the inelastic scattering of
photons as they interact with specific molecular bonds. While it
offers detailed molecular fingerprinting, conventional Raman
suffers from low sensitivity, detecting as few as 1 in 10 million
scattered photons. SERS overcomes this limitation by adsorb-
ing analytes onto plasmonic nanostructures, where localised
electromagnetic fields dramatically boost the Raman signal,
enabling detection down to the single-molecule level.28,29 This
enhancement arises primarily from the LSPR of the metallic nanos-
tructures. In a Raman context, specifically, this increases the like-
lihood of inelastic (Raman) scattering. When analytes are positioned
at or near the surface, this field further polarises the molecules,
enhancing their Raman signal. In addition to the electromagnetic
mechanism, charge-transfer (CT) effects are crucial. They contribute
by increasing the polarisability of the analyte molecule from the
analyte-metal interactions. However, CT enhancement is weaker
than the electromagnetic one in metallic NPs, but dominates in
non-plasmonic (e.g., semiconductor) substrates.125

Optimal enhancement typically occurs when the LSPR over-
laps both the excitation and scattered Raman wavelengths,
although strong SERS signals can still be observed outside this
condition. Precisely adjusting the plasmon wavelength of nano-
particles for optimal enhancement could be accomplished through
the use of self-driving labs (see Section 6.6). Another major source
of enhancement is the presence of hot spots, nanoscale regions of
intense field confinement, usually formed when interparticle gaps
are less than 10 nm.126 These hot spots occupy only a small fraction
of the surface but can dominate the SERS response (accounting for
over 70% of overall SERS intensity)127 and are critical for single-
molecule, digital and dynamic sensing applications reflected in the
rich research environment around them.128–131 Nonetheless, plas-
monic surfaces lacking hot spots can still provide measurable
enhancement.132 The wide tuneability of LSPR, combined with
engineer-able hot spots, makes SERS a uniquely powerful techni-
que. AI approaches offer promising tools for optimising nanos-
tructure design and predicting enhancement patterns, particularly
when tailored specifically to SERS-relevant parameters such as hot
spot geometry, distribution, and spectral overlap.

The resulting SERS spectra are often complicated with back-
ground signals and baseline variations that can complicate
interpretation. A relatively standardised procedure exists for
processing spectra,133 although specific algorithms and their
sequences vary depending on the instruments and methodology
used. Typical steps include x-axis calibration, cosmic ray
removal, baseline subtraction, smoothing, normalisation and
outlier removal. These are commonly implemented using well-
known techniques such as asymmetric least-squares for base-
line removal and Savitzky–Golay filtering for spectral smooth-
ing. However, despite being a critical stage in the analysis,
preprocessing is treated as routine but is susceptible to error
and inconsistency. Each data processing step introduces varia-
bility, and manual tuning can introduce problems with users
introducing bias. AI algorithms could bring significant benefits
to this stage, automating parameter selection, reducing user
bias, and improving spectral quality across acquisition
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Table 1 Summary of protocols for tuning colloidal gold nanoparticles,105–124 highlighting the specific methodologies which control nanoparticle shape and
the associated shape-directing precursors. Protocols for silver nanoparticles can be found in S1. The table compares reaction conditions to resulting
dimensions, surface morphology, and geometry, and correlates these structural features with their LSPR characteristics, including LSPR band position,
linewidth, and mode. This table demonstrates how subtle changes in the synthesis method influence particle size, aspect ratio, edge thickness, tip sharpness,
and polydispersity for the resulting LSPR response, providing practical design guidelines for tuning the optical properties of colloidal noble nanoparticles

Abbreviations: AA: L-ascorbic acid, APTES: (3-aminopropyl)triethoxysilane, APTMS: (3-Aminopropyl)trimethoxysilane, BDAC: benzyldimethylhexadecylam-
monium chloride, CTAB: cetyltrimethylammonium bromide, CTAC: cetyltrimethylammonium chloride, HTAB: n-hexadecyltrimethylammonium bromide,
PVP: poly(vinylpyrrolidone), TES: tetraethoxysilane, TEOS: tetraethyl orthosilicate, TSC: trisodium citrate, TTAB: tetradecyltrimethylammonium.
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conditions. This has been explored in related fields like mass
spectrometry and proteomics134 and will be discussed in more
detail in the review.

Two different types of SERS sensors are prevalent in the
literature: indirect SERS, where Raman reporters are used to
give strong, well-defined Raman signals and direct SERS mea-
suring the analyte’s Raman response. Raman reporters are
highly polarisable molecules with a strong, characteristic
Raman signal, normally with at least one aromatic ring and a
thiol to bind to gold surfaces.135 Indirect SERS is commonly
used in biosensing and for targeted detection, given low
concentration detection limits from the high SERS response
of the Raman dye on the NP. Direct SERS is label-free where the
SERS surface is (generally) unfunctionalised (or functionalised
with molecules with a small Raman cross-section) so that
analytes can be detected without an added label via their
fingerprint spectra. This type of sensor is most useful for the
profiling, identification and classification of complex mixtures
of analytes.

Historically, these complex SERS spectra have been analysed
with basic peak-by-peak analysis and simple ML statistical analysis
techniques such as principal component analysis (PCA), linear
discriminant analysis (LDA), and other tools from the chemo-
metrics toolbox. A recent review highlighted the potential for using
AI, particularly in chemometric analysis of SERS data.136 AI is
already being routinely used for classification, regression, spectral
deconvolution and real-time diagnostics. While also highlighting
these classical algorithms, this review aims to dive deeper into ML
and focus on the possibilities of deeper learning algorithms for
datasets becoming increasingly complex and large, needed to fully
realise the potential of SERS in areas from environmental to
biological to food sciences.

SERS enhancement can also benefit from combination with
electrochemical (EC) methods (EC-SERS). This technique is
rooted in the discovery of SERS on a roughened electrode, where
Raman enhancement was observed.137,138 EC-SERS enables the
quantitative performance of EC to be exploited while ensuring
the identification of the analyte by SERS.139 Moreover, polaris-
ing the EC-SERS electrode can attract or repel molecules, which
can contribute to selective SERS detection or favour the charge
transfer mechanism. This attribute can be leveraged to detect
multiple analytes in a complex sample,140 useful for identifying
drugs,141,142 biomarkers for disease diagnostics,143–146 environ-
mental contaminants,147 and for studying the mechanism of
surface-active processes.148,149 EC can be exploited for deso-
rbing analytes from the enhancing surface, thereby reducing
fouling and providing a method to regenerate the surface.150

Though research to incorporate AI so far has been limited to
regression and classification for analyte quantification,145,146,151

utilising ML can enhance the performance of EC-SERS sensors.
AI represents an opportunity for time-resolved EC-SERS, where
one interprets large time-correlated EC-SERS datasets.152 Alter-
natively, EC-SERS protocols could be optimised into an auto-
mation loop to define the best sequence of EC and SERS. AI
assisted EC-SERS could facilitate analyte identification and
quantification.

2.3.2 SEIRA. SEIRA is based on infrared absorption from
molecular vibrations with changing dipole moments.153 SEIRA
has lower enhancement factors than SERS given the E2

enhancement in SEIRA compared to the E4 enhancement for
SERS. SEIRA enhancement requires plasmonic structures with
resonances in the micrometre spectral range, which is achieved
with metamaterials, restricting to some extent substrate geo-
metry compared to SERS. However, SEIRA is highly reproduci-
ble, making it quantitative, and its inherently high sensitivity
makes it a useful modality in bioanalysis, including for drug-
screening in neuroscience.154 AI could play a key role in
optimising substrate design and in developing multiresonant
platforms to improve multiplexing and sensitivity.155 Using AI
can be useful to tackle challenges due to strong water absorp-
tion in biological samples,156 for improving availability/breadth
of SEIRA substrate architectures, and for more advanced mole-
cular pattern recognition.157

2.3.3 MEF. MEF relies on fluorescence enhancement from the
proximity of a fluorophore to a plasmonic nanomaterial.158–162 The
local field enhancement increases fluorophore excitation and
radiative decay rates, making them brighter and more photo-
stable.163 However, if the fluorophore is too close to the surface
(o5 nm), fluorescence is quenched, restricting the design of MEF
sensor, as the distance between the fluorophore and the surface
(optimal range: 5–90 nm) must be carefully controlled using
spacers. Distance-dependent quenching and enhancement can
enable the design of ON/OFF probes from molecular switches,164

which are particularly useful in biological research. Compared to
regular fluorescence, MEF improves quantum yield, shortens
fluorescence lifetimes, and enhances directional emission. Sub-
strate scope for MEF, though not as high as SERS, is large. Regular
gold- and silver-based structures are the most common,165–172 and
semi-conductor quantum dots are a promising alternative due to
their tuneable optical properties.173–176 Photonic crystals represent
another substrate for enhancing fluorescence and are useful in a
range of settings, particularly in terms of biosensing.177 Given the
many tuneable components (plasmon surface, spacer, and fluoro-
phore), AI has strong potential to assist in the rational design of
MEF systems, as well as for data analysis with more complicated
and multidimensional datasets.

As with SERS, AI could play a transformative role in advan-
cing SEIRA and MEF technologies. While substrate design
stands out as a clear area of opportunity, the broader sensing
performance, ranging from signal optimisation to multiplex-
ing, may also benefit from the thoughtful application of AI.
Though still largely unexplored, this intersection presents an
exciting frontier for improving the accessibility, reproducibility,
and overall impact of plasmon-enhanced spectroscopies.

3 Principles of AI

The potential of AI lies in its ability to uncover subtle and
sometimes unexpected connections in large datasets. AI is
therefore valuable for interpolating, classifying and predicting
trends in complex data. However, AI is agnostic to scientific
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concepts, and its output depends strongly on how it is trained
and applied. Different models ranging from linear regression to
deep neural networks (NN) are suited for different tasks. One
limitation is that none of the models can independently assess
the quality and the validity of their results, making the user
essential in the validation process.178 Effective use of AI, thus
requires understanding of the working principles, strengths
and limitations to ensure robust, interpretable and scientifi-
cally grounded outcomes.

In plasmonic sensing, AI can support research at multiple
levels with tools that bridge understanding of nanoscale struc-
ture, optical response, and analytical performance. A clear
understanding of the key concepts of AI and how they can be
applied to regression, classification, clustering, prediction and
process control or optimisation is crucial for useful incorpora-
tion. The preceding terms refer to what are called the tasks,
meaning the process that the user wishes to automate. In the
next section, selected tasks (regression, classification, cluster-
ing, and intelligent control) and the typical models used to
perform those tasks will be succinctly introduced.

3.1 AI tasks and models

Regression tasks fit a model to describe the dependence
between variables to predict, interpret or quantify your results. It
correlates a numerical value from an input,179 modelled by a
function (the estimator), which, in turn, is obtained by fitting
the n-dimensional training data. Multivariate analysis can be seen
as the most accessible example of ML.180 More complex models
include multiple linear regression, polynomial regression, and
regression trees, among others. The regression models fit the
n-dimensional training data to a n-term linear function, or a
polynomial of chosen degree, respectively. ‘‘Tree’’ models separate
the training data in ‘‘branches’’, where each branch divides a
dimension in at least two segments. During the training process,
these segments are optimised so that starting from the top of the
tree, each branch discriminates the most data points, down to the
‘‘leaves’’ which contain a handful of examples. The output of a
regression tree is usually an interpolation of the two leaves closest
to where the point to estimate sits. In plasmonic sensing, regres-
sion tasks are useful in calibrating complex analytical signals and
extracting the most important features such as the most dominant
vibrational bands. Visual representations of standard regression
models can be found in Fig 3a.

Categorisation of data is important, particularly in high-
dimensional data. Classification tasks is one of them, aiming at
identifying which category a data point belongs to. This approach
is especially useful for categorising, for example, does this food
contain bacteria X. Due to the discrete nature of categories, each
class is encoded as a value or vector. The most common type in
multi-class classification is the one-hot vector, where the category
to which an example belongs to is denoted by a ‘1’ in the vector. It
follows that the vector resembles, for example: [0, 1, 0, 0, 0] if the
data point belongs to the second of five categories. When many
categories exist in the dataset, target encoding can replace this
vector with a single value, determined by the statistical impact it
has on the output. Algorithms for multi-class classification include

k-Nearest neighbours (kNN), decision trees, gradient boosting, and
NN. In kNN, each data point is compared to the k points that are
the closest to its multidimensional position, that is, its position
in ‘‘feature space’’. The category most prominent in the set of
the k closest neighbours will determine the category predicted
for the new data point.181 Decision trees and random forests
(RF) separate data points based on successive quantitative
discrimination criteria, as described above, from branches to
leaves, where each leaf is a category. The gradient boosting
technique combines a succession of tree- or forest-based algo-
rithms to achieve better results. Finally, multi-label classifica-
tion can account for the case where data points belong in more
than one category, and are adaptations based on RF, decision
trees, and gradient boosting.

Clustering algorithms aim to regroup similar data points
together, without prior knowledge about the data, a process
termed unsupervised algorithms, rather than classification tasks
which are supervised. In this case, what emerges is sets of points
sharing commonality in the input data. The clusters obtained have
a more abstract meaning but do distinguish separate groups of
points.182 The widely employed k-means algorithm places k
‘‘means’’ in the feature space, then partitions the space in k
clusters around these means. A centroid is calculated from the
data within each cluster to become the new ‘‘mean’’ of each
cluster. This 2-step loop is repeated until the final clusters are
found, with the most optimal cluster partitions. Another family of
methods uses the density of points in feature space, also called
packing, to group points together. The number of clusters does not
need to be specified, unlike k-means clustering. Density Based
Spatial Clustering of Applications with Noise (DBSCAN) is one of
the only methods in this family used in the wider field of
chemistry.183 They work best in datasets with well-separated
groups, where a ‘‘drop in density’’, or sparse boundary region
exists around the clusters. Clustering tasks can identify to which
general category the sensor output belongs, for example, does the
patient sample have cancer or not?

The last group of AI methods is intelligent control, where a set
of parameters is tweaked in a loop to explore the feature land-
scape and optimise a certain output value (Fig. 3b). While it is
seldom applied directly in analytical methods,184,185 control
theory approaches can be employed to assist in developing
plasmonic sensing platforms,186 whether while connected to a
reactor in real time, or used in between discrete experiments to
steer development. In a typical experiment, one or more values
taken from on-line analysis of a chemical species act as para-
meters for a model, which then calculates the next system
inputs with the objective of optimising some characteristics of
the product, e.g. the LSPR position. Intelligent control methods
can be related to, and specific cases of, regression models that
have been adapted to the practical reality of scarce data,
especially at the beginning of an experiment. One example to
have been applied specifically to a problem related to plasmonic
sensing is the Stable Noisy Optimisation by Branch and Fit
(SNOBFIT)187 used with continuous flow nanoparticle synthesis
to optimise the reaction conditions.188 This topic will be dis-
cussed in detail in Section 6.6.

Chem Soc Rev Review Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
6/

20
26

 3
:3

5:
20

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cs01522g


Chem. Soc. Rev. This journal is © The Royal Society of Chemistry 2026

3.2 Training an AI model

Generally, AI models are trained by iteratively optimising their
parameters until the training input gives a desired output.
Performance metrics must, therefore, be utilised to steer the
parameter adjustment at every training step, called epoch. Loss
functions are performance metrics corresponding to the error
of the model.181 Thus, when they are minimised, the model is

said to have converged, and its training stops. One important
issue in model training is, therefore, ensuring that the loss
function arrives at the global minimum, as opposed to one of
many possible local minima.

For regression tasks, variants of the squared error such as
mean squared error (MSE) and root mean squared error (RMSE)
can be expected to provide satisfactory results in simple

Fig. 3 (a) Generalised representations of various regression models. (i) A multivariate linear regression model fits data points in n dimensions. Only 3 can
be represented in this figure but datasets can contain arbitrary numbers of dimensions. (ii) Logistic regression models fit n dimensions – represented here
on a single axis as a convolution of all dimensions - to a sigmoid probability function going from one state to another. (iii) Cartoon representation of a
tree-based model, with the roots at the top encompassing all data points, which connect to the branches, which themselves connect to the leaves at the
bottom. (iv) Exemplifies this idea with data being separated at each branch according to one of the dimensions, down to the leaves representing a single
entry (b) Illustrative representation of the training phase of the model. After the model’s parameters are initialised, the training dataset is fed into it to
generate a first set of outputs, which are compared to the known correct values. Then the performance metric is calculated from the first output data,
and the model’s parameters are updated to attempt to generate closer outputs to the correct values. This cycle continues until the performance metric
converges to an optimum. (c) Example parameters in both chemical synthesis and AI model training. This analogy of realising several experiments to
achieve optimum results conveys the importance of training multiple AI models with varied hyperparameters.
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datasets. For classification, binary cross-entropy is a calculation
of the uncertainty of the categorical identification based on a
sigmoid fit of the distribution. These are simple, universal
examples of loss functions, but each case should be assessed
and the literature searched to find the most appropriate loss
function for the problem and model at hand. As such, the
dataset size required for these models can be small to moder-
ate. With larger scale and more complex and high-dimensional
datasets, these more classical models can struggle, so deep
learning (DL) models such as NNs are often preferred because
they can automatically learn complex non-linear relationships
and hierarchical features directly from the data.

Artificial neural networks (ANNs) can be built for a large
diversity of tasks and adapted to many types of datasets.189

However, they are known to be more computationally intensive,
as well as require more time and effort to develop and optimise.
They are also data hungry and must be developed only when large
datasets are available. The benefit gained in the assembly of
successive layers of neurons, through which information passes,
is it allows for the emergence of rich mathematical connections,
and therefore, more subtle traits of the dataset can be picked up
on by the model. Central to NNs is the artificial neuron, a simple
mathematical unit with modest capabilities called a ‘‘Processing
Element’’. It is typically composed of a weight affecting each
input connected to itself, and an activation function, which
regulates the net output of the neuron.190 Various activation
functions can be used, and choosing the most suited one is a
part of model development. Training of a NN requires the
adjustment of all the weights and activation functions of all
neurons involved. With many neurons and input features, this
process can become extremely intensive. In the right conditions,
the model converges after ‘‘learning’’ what the data can ‘‘teach’’
it. Due to ANNs being a collection of individual units, these units
can be arranged in an infinitesimal number of ways; each layer
can have a different number of parallel neurons (affecting the
network’s ‘‘width’’), and the number of layers can be altered (this
is the network’s ‘‘depth’’). DL refers to training a NN with more
than two hidden layers. ANN topology development is a discipline
of its own and an active field of research in computer science. For
chemists, it is recommended to search for and imitate successful
architectures, proven for problems like the one at hand.

Just as a chemical experiment is conducted in the laboratory
with varied parameters to find the method best suited to elucidate
a question, experiments are conducted in AI model training to find
the settings best suited to give a proper result. In chemistry, there
are theoretical parameters which will set the hypothesis bound-
aries and experimental parameters which will impact the condi-
tions in which the data is collected. In an AI experiment,
theoretical parameters will be set with the possible performance
boundaries of the model’s output, and empirical parameters, such
as the number of centroids or the type of activation function, are
related to the AI experiment conditions. These experimental para-
meters are not to be confused with a model’s parameters - the
individual weights and values that compose it.

A subset of AI empirical parameters are hyper-parameters.
These numerical values and non-numerical settings will

influence the behaviour and capacity (ability to express complex
relationships) of the model. For instance, most ML and AI
models have one called ‘learning rate’, which controls the degree
of modification of the model’s parameters for a single training
step.191 In general, smaller learning rates will prolong model
training but help with loss function convergence. Adaptative
learning rates are sometimes available, depending on the model
type and specific software package. Hyperparameters are routinely
tested over a wide range of value combinations for each one in a
process called tuning. Computer languages are often equipped to
automatically sample given ranges of these hyperparameters to
find the best ones. The more parameters, the more capacity a
parametric model can develop. Non-parametric models have a
capacity which is independent of the number of parameters, but
that still varies with the model’s functionality, sometimes called
representational capacity. Examples of this in comparison to
chemistry experimental conditions are explored in Fig. 3c.

Just as important as the choice of model is its validation.
Like a method in analytical chemistry must be validated for a
quantitative application, an AI model must be validated for a
chemical application. The process generally involves: (1) visua-
lisation of the training data;192 (2) definition of the experi-
ment’s conditions;193 (3) choosing the performance metric;179

(4) cross-validation;194 (5) calculation of the model’s accuracy
and robustness;179 (6) optimisation of the model’s complexity
to navigate the bias-variance landscape.

In AI, the bias of a model is the difference between the
estimator, the global function representing the model as a whole,
and the true unknowable function which exists between the
variables of the dataset. Bias decreases as the complexity of the
model increases because it can then capture more of the dataset’s
intricacies. On the other hand, increasing the model’s complexity
will also increase its variance on real data because the added
variables will create a noisier estimator function. The situation of
capturing too much noise is called overtraining, where the noise is
used to create the output. The opposite situation, undertraining, is
when the model’s complexity is insufficient to properly capture the
relationship linking the features. The optimal complexity should
exist somewhere in the middle and must be found to have a good
model.195 Time, effort, trials, and validation are the only remedy.

4 Sensor design

The design, synthesis, and performance optimisation of plas-
monic sensors still largely depend on trial-and-error experi-
ments and the intuition of the experimentalist. Integrating AI
into sensor development design loop marks a shift from using
AI solely for exploratory data analysis to employing it as a
generative tool for discovery.196 While expertise remains essen-
tial in leading and curating high-quality experimental set ups,
we can now rely on AI systems to rapidly identify patterns
within complex datasets during optimisation to converge
towards desired design methodologies.197,198

Plasmonic sensors detect chemical and biological analytes with
high sensitivity via surface interactions, leveraging mechanisms
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such as LSPR, refractive index shifts, SERS, and colorimetric
changes.76,137,199 Their performance depends on finely tuned
nanostructured metallic nanoparticles, patterned films, or hybrid
composites whose geometry, composition, and arrangement influ-
ence optical and sensor responses.91 For example, optimising
nanoparticle spacing and shape can dramatically enhance SERS
signals, while tuning film thickness and the surrounding dielectric
environment modulate refractive index sensitivity.26,137 Therefore,
designing plasmonic nanosensors constitutes a complex, multi-
objective optimisation problem, bridging fabrication parameters
and physical characteristics of materials for an optimised sensing
performance.56 This complexity makes the design space a chal-
lenge to navigate manually and sets up plasmonic sensors as an
ideal candidate for emerging AI-driven approaches.

In plasmonic sensor development, predictive models are lever-
aged for their forward mapping from structure to sensor response,
supporting efficient exploration of the design space.202 They
implement AI in the experimental process for the prediction of
how changes in experimental conditions impact the sensor
response. Soft computational approaches such as NNs have been
trained with NP fabrication variables such as alloy composition,
annealing time, and processing conditions to predict resulting
surface geometry and plasmon resonances, enabling prediction of
Ag/Au layering to shifting LSPR peaks.203 Predictive models offer a
path for evaluating design spaces in a more precise and forward-
thinking way by linking multiparameter design spaces to material
properties. A shortcoming of this approach is that experimental
datasets are often small and noisy, thus simulated data can be
incorporated into the training dataset, where appropriate, to
improve the training of these data-hungry prediction algorithms.
However, using simulated data in ML models poses a risk of poor
transferability as the simulations must accurately capture the
features of experimental data. Otherwise, it introduces bias and
can lead to poor performance of the model. As such, the preferred
route is always training the models on experimental data when
possible. Including physical models in the training of the ML
model can alleviate some of these challenges by considering the
underlying physics of the modelled process.

Numerical simulations play a critical role in linking material
properties to tuneable optical responses. By modelling the
effects of shape, size, and composition on light–matter inter-
actions, simulations facilitate the design of plasmonic struc-
tures for targeted sensing applications. For instance, DL
models trained on boundary element method simulations have
been employed to predict scattering spectra according to nano-
particle geometries.204 Commonly used numerical methods
include the finite element method (FEM) and finite-difference
time-domain (FDTD), which compute optical properties and
electromagnetic (EM) field distributions across complex
nanostructures.205 However, the practical application in sensor
design lies in integrating FEM and FDTD simulation data on
local field distributions into predictive models, enabling well-
informed decisions and linking desired field distributions to
optimise plasmonic sensor performance.

However, the design space for real-time optimisation of
plasmonic sensors introduces an additional layer of complexity:

predictive modelling becomes a continually adaptive process of
discovery. Inverse-design strategies provide the foundation for
this adaptivity, integrating AI-driven predictive models directly
into sensor optimisation strategies (Fig. 4(i)). In this context, AI
seeks to infer the material properties or synthesis pathways
required to achieve a target sensor performance. Predictive, or
surrogate, models approximate the forward mapping of struc-
ture to response, enabling efficient exploration of the design
space.202 As such, inverse design constitutes a broader metho-
dological framework, encompassing predictive modelling, opti-
misation algorithms, and experimental validation to navigate
high-dimensional design spaces. In practice, plasmonic mate-
rial choice is typically constrained a priori by chemical stability,
operating wavelength, and biocompatibility; accordingly, AI-
driven optimisation is most often applied to geometric, struc-
tural, and fabrication parameters rather than unrestricted
material classification. Among the applications outlined below,
the most transformative prospects lie in using AI to optimise
material properties, identify synthesis strategies, and engineer
plasmonic sensors for desired performance metrics. Funda-
mentally, these are inverse design problems, and they offer a
powerful framework for the future of sensor development.

Modern inverse design of plasmonic sensors increasingly
relies on hybrid frameworks with embedded optimisation loops
for rapid convergence of predictive algorithms to achieve
targeted performance metrics, a hallmark of inverse design.
Firstly, softer modelling, such as regression modelling, has
been implemented to predict optical responses of nanomater-
ials, for inverse morphology design of nanocylinders.206 In the
case of more complex tasks, deep neural networks (DNN) have
been incorporated to learn the numerical analysis of signal
amplification and to predict near-field enhancement distribu-
tion across various NP geometries, enabling rapid ML analysis
for comparison and design of material with specific EM field
confinement.207

DNN models serve as efficient surrogates for full FDTD
simulations, enabling accelerated prediction of far- and near-
field optical behaviours of plasmonic NPs. This approach facil-
itates the rapid design and optimisation of electromagnetic field
effects,208 and the inverse design of gold nanostructures with
targeted transmittance profiles and LSPR positions due to the
ML-informed decisions provided during ML led optimisation.209

A key step in simulation-driven design is verifying that optimised
structures are experimentally feasible and stable. ML does not
provide more data, but it distils existing information into more
concise, high-value analyses and recommends the next experi-
mental or design step needed to reach a target outcome. In
plasmonic simulations, designs with high theoretical perfor-
mance may prove impractical due to fabrication or material
limitations. ML models trained on simulation data further
enhance these efforts by providing strong predictive power across
large, multidimensional design spaces.

As the design-space becomes increasingly complex, optimi-
sation algorithms play a central role in navigating high-
dimensional parameter landscapes to achieve target optical or
sensing outcomes. Many examples of the design for highly
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specialised sensor design have embedded ML-optimisation
algorithms in the inverse-design framework. These algorithms,
such as genetic algorithms (GAs), particle swarm optimisation
(PSO), and topology optimisation, are used to refine structural
designs through experimental parameters, aiming to achieve
optimised performance metrics derived from surrogate models
of experimental and/or numerical simulations.196,210 Further,
by integrating surrogates into the optimisation loop, AI can
efficiently tailor sensors for specific molecular targets or optical
functions, reducing trial-and-error and accelerating discovery.

GAs are implemented in plasmonic sensor design to iteratively
refine candidate sensor structures according to fitness metrics
derived from simulations and experimental observations.211

However, the slow convergence and susceptibility of GAs to
local minima motivate the incorporation of surrogate models to
improve search efficiency and enhance design robustness.196

When combined with NNs in a GA-NN framework, this approach
enables rapid prediction and optimisation of structural parameters

such as metal type, geometry, and layer count, to achieve targeted
LSPR responses.212

Further, ANNs have been incorporated in the GA frameworks
for selecting ANN-derived parameter combinations to achieve
desired absorption peak locations while improving intensity,
reproducibility, and Q-factor of Au coating on ZnO nanorods.213

GAs have also been applied to imaging applications, for appli-
cations such as localised plasmonic structured illumination
microscopy (LPSIM), where they optimise plasmonic nanoan-
tenna array geometries with CNNs trained on reconstruction
metrics such as light intensity and noise robustness.214 The
addition of GAs and ML-GA into the inverse design loop offers a
powerful tool for accelerating the optimisation of plasmonic
substrates, enabling rapid identification of plasmonic material
parameters that yield targeted sensing responses.

ML-optimisation frameworks may also include numerical
simulations for multi-objective design spaces, critical for the
development of highly specialised sensing devices. For instance,

Fig. 4 This scheme represents three approaches used for the inverse design of plasmonic sensors. In the first approach, (i) predictive algorithms map
fabrication parameters to plasmonic material properties, including optical response, field enhancement, geometry, morphology, and surface interactions,
enabling forward prediction and performance-guided sensor design. The second approach uses (ii) ML-based optimisation trained on numerical
simulations to improve prediction accuracy and support off-bench optimisation of sensor performance. The third approach represents (iii) hybrid
methods which combine predictive modelling with ML-optimisation, integrating numerical, experimental, and model-generated data into a unified
framework that enhances the reliability and efficiency of inverse-designed plasmonic sensors. Morphology, surface chemistry and catalysis, and
templating arrangements figures in plasmonic material property adapted with permission from ref. 200 figures licensed under AuthorChoice via CC-BY
4.0. Hotspot enhancement image in plasmonic material property adapted with permission from ref. 201 from American Chemical Society, copyright
2010.
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DL-GA optimisers have been applied to FDTD simulations of
Born-Kuhn type nanodimers to optimise their configuration for
enhanced sensitivity in chiral analyte detections.215 PSO com-
bined with FDTD simulations has been incorporated to inversely
designed palladium metasurfaces for highly sensitive hydrogen
detection.216 Further, surface optimisation of nanohole arrays
can be achieved by predicting transmission resonances from
geometric parameters using FDTD simulations, followed by the
inverse design of selective LSPR arrays to enhance nanoscale
sensitivity.217 Similarly, when DL is implemented with experi-
mental conditions and FDTD-simulation reflection spectra pre-
dicted Ag coloration, inverse design of Ag arrays with precise
control over structural colour formations becomes possible.218

Lastly, topology optimisation has been employed to explore and
tailor EM fields in plasmonic materials, enabling targeted and
maximised field enhancement with simulated data. Impressively,
this technique allows for near real-time guided optimisation,
which can be applied to electromagnetic localisation and sensing
applications.219,220 These studies demonstrate the ability to opti-
mise sensor-specific parameters and highlight the need for
numerical simulations to obtain essential data that may not be
accessible through conventional experiments.

These examples illustrate that objective-driven optimisation
is central to inverse design and particularly is well suited for the
multidimensional task of plasmonic sensor development.
Currently, there is no standardised workflow for selecting
computational or experimental strategies in plasmonic sensor
design, though the main concepts discussed in this section are
highlighted in Table 2. Soft computation techniques, such as
GAs, and ANNs have been implemented; however, trends in
recent publications suggest that deeper-learning models may
be required to address high-order optimisation tasks. This
challenge is twofold: it arises from the complexity of the design
objectives in relation to research questions and from limita-
tions in the type and quantity of available data. Optimisation is
particularly important when the goal is to tune experimental
parameters, enhance analyte sensitivity, or refine measurement
protocols; as such, data collection strategies must be tailored to
the specific context.

Among the approaches explored, FDTD and FEM simulations
offer high-fidelity solutions to augment sparse datasets, particu-
larly in hybrid strategies that combine physics-informed modelling
with experimental validation. While simulations are valuable for
validation and surrogate training, they introduce additional steps
into the sensor design workflow. A practical goal is to develop AI
tools that match the predictive power of hybrid simulations and
experimental methods but operate effectively on smaller datasets.
Achieving this requires surrogate-based optimisation and
machine-learning-guided closed-loop feedback between experi-
ments and models (see Section 6.6), suggesting a broader shift
toward adaptive, data-efficient optimisation is a critical step
toward high-throughput plasmonic sensor design. In summary,
a paradigm shift is taking place, as the design of sensors increas-
ingly uses AI to refine the properties of plasmonic materials.

5 Data analysis
5.1 Raw signal processing

As plasmonic sensing techniques, particularly SERS, SPR, and
LSPR, continue to advance toward higher sensitivity, miniaturisa-
tion, and multiplexing, extracting meaningful information from
raw spectral data has become increasingly demanding. This
challenge is particularly evident in dynamic modalities such as
single-molecule SERS or live-cell SPR, where molecular orientation,
binding fluctuations, and nanoscale substrate variations introduce
substantial variability.51,57,221 These modalities generate inherently
complex, high-dimensional and non-linear optical signals that are
often compromised by low signal-to-noise ratios (SNR) due to weak
analyte responses, baseline drifts caused by instrumental or
environmental fluctuations, broadband fluorescence backgrounds
masking vibrational features, and additional variability introduced
by thermal effects or nanoscale heterogeneity of the sensing
substrates.222–224 This complexity is further amplified by the
heterogeneity of raw signal types across plasmonic techniques,
ranging from spectral, temporal, or imaging data, each with
distinct noise characteristics and structural patterns that require
tailored preprocessing strategies.56 Conventional preprocessing

Table 2 Summary of key concepts on using ML-driven strategies for plasmonic sensor design. NB: The association between ML approaches and
plasmonic modalities reflects the typical dimensionality of the underlying design space rather than exclusive applicability

Design stage AI/ML approach Role in the design pipeline Data used
Optimised sensor
parameters

Relevant plasmonic
sensing modalities

Predictive
models

Regression
models; NNs

Forward prediction of
optical and sensing
response from structural
parameters

Experimental measurements;
simulated optical responses

Resonance position,
optical response, sensing
performance

SPR, LSPR, SERS,
SEIRA, MEF

Numerical
simulation
driven design

DNNs Surrogate modelling of
computational EM
simulations

FDTD and FEM simulation
datasets

Near-field enhancement,
scattering and absorption
spectra

LSPR, SERS, SEIRA

Inverse
design

CNN and DNN Mapping desired optical
response to structural
design parameters

Simulated and experimental
optical field distributions

Nanoantenna geometry,
array configuration, signal
robustness

LSPR, SERS

Optimisation
algorithms

GAs (with optional
ANN), PSOs and
topology
optimisation

Global and multi-objective
optimisation of plasmonic
structures

Fitness functions derived from
EM simulations and ML
predictions; FDTD simulations

Geometry, spacing,
material distribution,
metasurface configuration

SPR, LSPR, SERS,
SEIRA
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pipelines, which typically include calibration, denoising, baseline
correction, normalisation, dimensionality reduction, and valida-
tion, can mitigate noise but remain fundamentally constrained
by linear assumptions and manually tuned parameters. This
makes them prone to suppressing diagnostically important
weak signals, especially in noisy and multiplexed plasmonic
measurements.222,224,225 In contrast, AI methods, particularly
DL architectures, offer adaptive and data-driven approaches
that can learn noise statistics and signal patterns directly from
raw data, enabling robust preprocessing, including denoising,
signal extraction and feature recognition, across heterogeneous
spectral datasets.226–228 Recent studies illustrate several distinct
strategies for raw or near-raw signal processing with AI, which
may be roughly grouped into (i) direct classification or regres-
sion from raw spectra using deep networks; (ii) integration of
denoising or baseline correction modules such as autoencoders
or multi-scale CNN architectures into end-to-end pipelines; and
(iii) hybrid designs that retain minimal classical preprocessing
but AI models are trained to accommodate residual artefacts.

The first and fundamental challenge in raw signal proces-
sing is denoising. Plasmonic spectra, particularly in SERS and
SPR, are often dominated by stochastic noise, detector fluctua-
tions, and photon shot noise that obscure subtle analyte peaks.
Classical approaches such as Savitzky–Golay smoothing,
Wiener and Fourier filters, wavelet transforms, and polynomial
curve fitting have been widely used to suppress random fluc-
tuations and enhance peak visibility. While effective in redu-
cing broad noise patterns, these methods depend heavily on
user-defined parameters (e.g., filter size, polynomial order, or
wavelet basis), and they often compromise signal fidelity by
distorting peak shapes or removing diagnostically important
weak vibrational features.51,225 This parameter sensitivity makes
them less reliable in heterogeneous plasmonic datasets where
the noise characteristics are non-stationary and sample-
dependent. Recent advances in DL have introduced more adap-
tive denoising frameworks that learn directly from examples.
CNNs,226,229,230 encoder–decoder models such as autoencoders
(AEs),227 multi-scale CNNs like U-Nets,224,231–234 Residual Net-
works (ResNets),224 peak extraction protocol,235 and generative
adversarial networks (GANs),236,237 can learn the statistical struc-
ture of noise and spectral peaks directly from raw data, enabling
end-to-end reconstruction of clean spectra without manual inter-
vention. Another approach used a noise2noise architecture based
on data augmentation and a U-net, where denoising was achieved
with an original signal-to-noise as low as 1.12,238,239 while a CNN-
based denoising networks achieved up to 10.24 dB improvement
in SNR compared to wavelet filtering in Raman spectra.226

Similarly, GAN architectures have demonstrated the ability to
reconstruct high-SNR single-cell Raman spectra from short acqui-
sitions, enabling nearly tenfold faster measurements without
sacrificing spectral fidelity or identification accuracy.237 In plas-
monic microscopy, DL architectures, including hybrid U-Net and
residual CNN architectures, have further demonstrated the ability
of DL to enhance weak nanoparticle scattering signals by lever-
aging spatiotemporal correlations, underscoring the adaptability
of these approaches across modalities.240

Beyond noise, fluorescence and scattering backgrounds intro-
duce slowly varying baselines that overlap with weak plasmonic
peaks, complicating quantitative analysis. Traditional correction
techniques include polynomial fitting,241 wavelet decomposi-
tion,242 and penalised least-squares approaches such as asym-
metric reweighted penalised least squares (arPLS)243 and adaptive
smoothness penalised least squares (asPLS).244 While effective for
smooth baseline variations, these methods are highly sensitive to
the choice of polynomial order, wavelet basis, and smoothing
coefficients, which introduces subjectivity and reduces reprodu-
cibility, particularly across heterogeneous datasets.222,224 More-
over, they often risk under- or overfitting, either leaving residual
baseline artefacts or inadvertently distorting spectral peaks that
are critical for accurate quantification. In contrast, DL-based
frameworks treat baseline subtraction as a supervised learning
problem. Recent advances have introduced transformer-based
models,245 triangular deep convolutional networks,223 physics-
aware CNNs for parameter prediction,246 and NN-driven iterative
curve-fitting approaches,247 each designed specifically for baseline
correction. These architectures automatically learn and remove
background trends while preserving spectral peak integrity, elim-
inating the need for manual parameter tuning. More advanced
architectures such as cascaded CNN frameworks (ResNet, U-
Net)224 and convolutional autoencoders227 have been shown to
simultaneously perform denoising and baseline correction in a
single inference step, improving reproducibility and throughput
in biomedical Raman spectroscopy. Some AI-driven pipelines
now bypass baseline correction entirely, enabling direct recogni-
tion of raw Raman and SERS spectra.248 Notably, multiscale CNN
(MsCNN) has achieved over 97% accuracy in classifying hepatitis B
serum spectra without any baseline subtraction,249 underscoring
the potential of such architectures to handle background varia-
bility as part of their feature extraction process.

Normalisation is another critical step, which is designed to
standardise sample-specific scaling effects and enable reliable
comparisons across heterogeneous datasets. Classical approaches
such as mean centring, orthogonal signal correction, min-max
scaling, and z-score standardisation are still common but often
limited by sensitivity to outliers or distributional assumptions.250

In practice, normalisation should be carefully tailored to data
characteristics and analytical objectives rather than applied as a
one-size-fits-all preprocessing step. Recent advances in DL have
expanded this toolbox. One-dimensional CNNs (1D-CNNs) can
learn modality-specific scaling functions while jointly correcting
baselines and extracting features. GANs refine spectra through
adversarial training, producing high-fidelity normalised signals at
the expense of computational cost. Variational AEs (VAEs) harmo-
nise scaling in latent space while quantifying reconstruction
uncertainty, a valuable property for error-aware sensing, although
the risk of peak over smoothing persists. By embedding normal-
isation into learned feature hierarchies, deep models adapt to
nonlinearities, substrate heterogeneity, and inter-instrument varia-
bility more effectively than handcrafted methods.

Plasmonic signals often evolve dynamically over time because
of physical and biological factors, such as analyte binding,
fluctuations in local environments, or heating effects from

Chem Soc Rev Review Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
6/

20
26

 3
:3

5:
20

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cs01522g


Chem. Soc. Rev. This journal is © The Royal Society of Chemistry 2026

illumination. Traditional approaches rely on baseline subtrac-
tion, curve fitting, or peak alignment algorithms to track
spectral trajectories, but these often fail when confronted with
heterogeneous temporal responses. This challenge is especially
pronounced in dynamic sensing modalities, where analyte
fluctuations occur on millisecond timescales and generate
highly variable peak intensities. ML provides a fundamentally
different perspective by treating signal tracking as a temporal
modelling problem rather than a static correction problem.
Architectures such as CNNs with dilated convolutions, recurrent
neural networks (RNNs), long short-term memory (LSTM) units,
and neural ordinary differential equation (neural-ODE) models
have all been explored to capture temporal correlations in
spectral data. These methods outperform classical drift correc-
tion by simultaneously modelling both short-term fluctuations
and long-term baseline evolution, allowing automated tracking
of analyte peaks even when signals are partially obscured.
Another important strength of these models lies in their ability
to estimate uncertainty in predictions, which helps flag unreli-
able intervals, a critical advantage for real-time sensing applica-
tions in biological and diagnostic sensing, where continuous
feedback is essential for accurate interpretation. The integration
of domain-adversarial learning has also been proposed to adapt
models transferable across substrates and instruments, thereby
minimising batch effects that traditionally compromise
reproducibility.57,250,251

Dimensionality reduction, signal extraction and feature
engineering usually mark the final step of the preprocessing
pipeline. Classical statistical techniques provide interpretable
axes but often struggle with overlapping peaks and nonlinear
correlations. In such cases, deep models like autoencoders,
VAEs, and CNN-based embeddings can capture nonlinear and
hierarchical patterns more effectively than linear projections.
They tend to generate latent spaces that are simultaneously
denoised and baseline-corrected, which, in turn, can simplify
later analysis. These representations often accelerate down-
stream classification and regression steps and, at the same
time, enhance reproducibility across various instruments. In
parallel, feature engineering shifts the focus from purely unsu-
pervised compression toward task-specific descriptor design.
Traditional strategies extract peak intensities, ratios, or widths
based on chemical knowledge, whereas DL models can perform
this step implicitly by learning hierarchical filters that capture
both local vibrational markers and broader spectral trends.

DL methods, while computationally more demanding and
requiring large datasets for training, offer superior accuracy
and adaptability to complex, nonlinear spectral variations by
learning features directly from data. In practice, the choice
between traditional and DL approaches largely depends on the
specific noise characteristics, the amount of available data, and
computational resources. In recent years, there has been a
gradual move towards more data-driven and adaptive methods
for robust spectral analysis.51,224,227 Classical techniques still
work well for small-scale, homogeneous datasets, while DL
scales better to large, heterogeneous, and high-dimensional
plasmonic or spectroscopic data. The ongoing convergence of

these approaches suggests that hybrid workflows, where classical
normalisation handles the initial correction and DL performs the
fine-tuning, seem to offer a practical balance toward reproducible,
high-throughput spectral analysis in noisy, heterogeneous plasmo-
nic environments.223,224,252,253 Taken together, these approaches
will favour more thorough signal preprocessing to improve data
quality.

5.2 AI for classification purposes

Classification is fundamental to the analytical value of plasmonic
sensors, mainly for SERS because it transforms complex vibra-
tional fingerprints into meaningful chemical or biological
insights that can guide decision-making in diagnostics and
sensing. Although SERS offers exceptional sensitivity, even reach-
ing the single-molecule regime,129 raw spectra are often marked
by considerable variability arising from fluctuations in hot-spot
distributions, variations in molecular orientation, and diverse
environmental interferences.130 These factors compromise analy-
tical reproducibility and make simple band assignments inade-
quate for reliable interpretation.254 To address these challenges,
reproducible and automated classification frameworks are
needed, ones capable of distinguishing highly similar spectra
and extracting reliable information from complex datasets.255

Thus, classification is not merely an auxiliary step but the
essential process that elevates SERS from a striking physical
phenomenon into a practical and reproducible tool for chemical
and biomedical sensing. Traditional chemometric approaches
such as PCA, LDA, SVM, and RF have provided useful tools for
dimensionality reduction and classification, yet they generally
depend on extensive preprocessing, handcrafted feature extrac-
tion, and linear separability assumptions that limit robustness
when confronted with noisy, overlapping, or heterogeneous
spectra.254 These methods also struggle with large-scale, multi-
class problems where intra-class variability rivals inter-class
differences, leading to reduced robustness and reproducibility.
Thus, the limitation is not only accuracy but also scalability and
adaptability. For SERS, and more generally plasmonic sensing, to
achieve true clinical and analytical impact, classification frame-
works must advance toward architectures that are inherently self-
adapting, data-driven, and capable of extracting insight from
spectral heterogeneity rather than being compromised by it. In
particular, AI and ML enhance the selectivity of plasmonic
sensors in complex biological or environmental samples by
detecting subtle, multivariate spectral patterns, learning charac-
teristic fingerprints of individual analytes, and separating over-
lapping signals from backgrounds or co-existing species, thereby
enabling reliable discrimination even when conventional band-
based analysis fails.

DL represents a decisive break from classical paradigms. Its
significance lies less in marginal accuracy gains over chemo-
metrics and more in its ability to embed preprocessing, feature
extraction, and classification into a single end-to-end framework.
This integrated design treats spectral variability not as an obsta-
cle but as an informative signal, allowing the models to learn
discriminative patterns even from noisy, overlapping, or
fluorescence-masked spectra. CNNs have emerged as the leading
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DL architecture for SERS classification because their structure
naturally fits the one-dimensional layout of spectral data. In
Raman spectroscopy, chemical information is contained within
narrow vibrational bands that must be distinguished from back-
ground signals. The convolutional filters in a CNN act as localised
detectors, capturing these fine spectral features, while deeper
layers integrate them into broader patterns that reflect long-range
correlations across the spectrum.256 Unlike PCA-based workflows
that rely on predefined dimensionality reduction and linear
separation, CNNs can learn hierarchical representations directly
from the data: first detecting sharp local peaks, then combining
them into characteristic spectral signatures, and ultimately into
global class distinctions. Studies have repeatedly shown that
CNN-based classifiers outperform conventional PCA-SVM or
PCA-LDA on the same SERS datasets, even when trained on
minimally pre-processed spectra.257,258 1D-CNNs extend these
advantages by analysing spectral sequences directly, eliminating
the need for 2D conversions and reducing computational
demands. Their ability to preserve subtle spectral details while
maintaining high efficiency makes them particularly suited to
large-scale or resource-constrained SERS applications, where they
deliver reliable performance even under noisy or overlapping
conditions.259,260 These types of algorithms also offer opportu-
nities for bidirectional flow between vibrational spectra and
molecular representations,261,262 where molecular structure can
be predicted from the spectra and vice versa.

While conventional CNNs tend to lose efficiency as their
depth increases, ResNets overcome this limitation through
identity-based skip connections that allow gradients to flow
directly across layers. This design mitigates the vanishing
gradient problem and enables the training of much deeper
architectures, which is critical for capturing the complex and
high-dimensional vibrational information encoded in SERS
spectra. By organising convolutional layers into residual blocks,
ResNets progressively extract both local spectral patterns and
broader correlations across the entire wavenumber range. As a
result, they provide enhanced sensitivity to subtle spectral
variations that may correspond to chemical or biological differ-
ences. Importantly, these architectures not only outperform
shallow classifiers on large SERS datasets but also demonstrate
strong resilience to experimental variability, including intensity
fluctuations, baseline drifts, and hotspot heterogeneity, mak-
ing them particularly effective for practical diagnostic and
sensing applications.255,258

Another critical methodological development in advancing
beyond conventional CNNs has been the introduction of trans-
fer learning. Deep architectures, such as CNNs and ResNets, are
often constrained by the limited availability of well-annotated
spectral datasets, particularly in biomedical and environmental
applications, where collecting thousands of spectra across
diverse conditions is rarely feasible. Transfer learning mitigates
this issue by leveraging models pretrained on large-scale spec-
tral or even image datasets and adapting them to the SERS
domain. In these scenarios, pretrained models on extensive
Raman or hyperspectral databases can be fine-tuned to classify
disease-specific signatures, thereby improving generalisation

and reducing the risk of overfitting. The strength of transfer
learning lies in its ability to reuse early convolutional layers that
already capture universal spectral characteristics, such as peak
localisation, noise suppression, and baseline trends, while
allowing the deeper layers to specialise in identifying task-
specific biomarkers, such as cancerous versus healthy serum,
bacterial strains, or environmental contaminants.263,264

Transfer learning has enabled pretrained networks to be
adapted for SERS studies with limited data, yet significant
challenges remain. DL models are inherently data-intensive,
whereas many SERS studies rely on relatively small or imbal-
anced sample sets. To mitigate this issue, researchers have
begun applying data augmentation techniques such as noise
injection, spectral shifting or warping, and GAN-based spectrum
synthesis to expand training datasets. Oversampling strategies
like the Synthetic Minority Oversampling Technique (SMOTE),
although common in broader ML applications, have only
recently been explored within SERS analyses.265 However, reli-
ance on synthetic data introduces new concerns regarding
model overfitting and reproducibility of results across labora-
tories and instrumentation. In parallel, model interpretability
remains a key limitation, with current visualisation tools high-
lighting spectral regions that contribute most to classification
decisions but not fully explaining plasmonic enhancement or
analyte-substrate interactions that shape those spectral features.

Beyond data augmentation, a new direction in SERS analytics
involves the use of generative modelling. GANs have been
employed to synthesise realistic SERS spectra, helping to balance
uneven datasets, enhancing model robustness, and reducing
overfitting in studies with small or skewed sample distributions.
In the DeepATsers framework, GAN-generated spectra expanded
a limited dataset of 126 SARS-CoV-2 protein spectra into more
than 780 synthetic samples, boosting classification accuracy from
roughly 60% to nearly 98%, illustrating how generative models
can effectively enrich limited spectral datasets and enhance
generalisation.257 More recently, the role of generative modelling
has broadened beyond augmentation towards the inverse design
of SERS substrates and adaptive sensing, where synthetic spectra
and physics-informed NNs are used not only to simulate experi-
mental variability but also to guide material optimisation and
data acquisition strategies.266,267

Hybrid models have emerged as an important evolution in
SERS classification, designed to combine handcrafted spectral
processing with DL to achieve greater robustness in complex
datasets. By integrating statistical dimensionality reduction
(e.g., PCA, wavelet transforms) with NNs, or combining shallow
ML classifiers (SVM, RF, k-NN) with deep architectures, hybrid
systems balance interpretability, robustness, and accuracy. For
instance, PCA-CNN pipelines have been shown to effectively
compress high-dimensional spectral inputs prior to convolu-
tional processing, reducing overfitting and computational
cost.253 Other frameworks, such as multi-feature fusion CNNs,
integrate raw spectra with engineered features to balance
interpretability and predictive performance, achieving diagnos-
tic accuracies exceeding nearly 90–95% as seen in immune
disease screening and multi-cancer detection.255,258 Beyond
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feature-level fusion, recent studies have explored multi-task hybrid
networks capable of simultaneous classification, quantification,
and anomaly detection, aligning decision boundaries more closely
with concentration gradients in SERS datasets.268,269 Collectively,
these hybrid strategies represent a practical direction for translat-
ing SERS into reliable diagnostic platforms, enabling robust
feature extraction from complex spectra while preserving interpret-
ability and generalisability across diverse biomedical and environ-
mental applications.

DL models are often criticised as ‘‘black boxes’’, achieving
remarkable accuracy but offering little explanation of the
spectral features that guide their predictions. This lack of inter-
pretability limits clinical translation, where regulatory agencies
and physicians require traceable connections between vibrational
fingerprints and biochemical meaning to establish trust. This
opacity is particularly problematic in plasmonic sensing, such as
SERS and SEIRA, where diagnostic decisions must ultimately be
justified in terms of molecular vibrational signatures. For such
systems, high accuracy is necessary but insufficient; classifiers
must also provide interpretable evidence linking their outputs to
physically meaningful vibrational bands and realistic biochem-
ical mechanisms. This requirement has catalysed a shift from
pure outcome-driven modelling toward mechanistic interpret-
ability, as emphasised in recent AI-SERS reviews and application
studies that explicitly frame model transparency as a prerequisite
for clinical translation and regulatory acceptance.59,270 Another
approach leveraged the combination of RF for feature visualisa-
tion and a characteristic amplifier to detect weak signals.271

Recent efforts have begun to address this gap by integrating
explainable AI (XAI) with SERS. 1D CNNs were combined with
gradient-weighted class activation mapping (Grad-CAM) to
classify 13 respiratory virus types with over 98% accuracy, while
simultaneously highlighting Raman shift regions that consistently
governed viral differentiation across solvents and clinical
samples.259 Likewise, DL was employed with explainable outputs
for Alzheimer’s disease diagnosis, validating that the model’s
discriminative focus aligned with amyloid-b and metabolite peaks
central to disease pathology.272 SERS-based models have begun to
incorporate other formal explainability tools, including gradient-
based methods such as Grad-CAM and Integrated Gradients,
attention-based visualisation in convolutional and transformer
architectures, and perturbation-driven schemes that probe how
spectral components affect model confidence.259,272,273 More
recent frameworks extend this toolbox with Local Interpretable
Model-agnostic Explanations (LIME) and SHapley Additive
exPlanations (SHAP) to analyse the contribution of local spectral
neighbourhoods or individual wavenumber features in both
classification and quantification settings.274–276 In parallel, logic
explained networks (LEN) and related rule-based models have
been explored as global surrogates for DL predictions, while
methods such as layer-wise relevance propagation (LRP),
although not yet widely deployed in SERS, are well established
in other domains and illustrate how pixel/feature-level relevance
maps could be extended to vibrational spectra.274,275 A compar-
ison between regular black-box AI and explainable AI workflows
can be found in Fig. 5. Across these studies, the emerging

consensus is that accuracy alone is insufficient to be credible
in clinical or regulatory contexts. SERS–AI systems must demon-
strate that the spectral features they exploit are chemically
plausible, stable across matrices, and robust under realistic
experimental variability.59,270,274–276

In several SERS platforms, interpretability is no longer
treated as a cosmetic, post-hoc visualisation step but as an
analytics tool for interrogating and refining the sensing strategy
itself. In SERS classifiers designed for multiplex viral detection,
exosome-based cancer stratification, and polymicrobial infection
diagnosis, Grad-CAM, Integrated Gradients, attention maps, and
related saliency methods are used to assess whether DL models
consistently focus on vibrational regions that match known bio-
chemical assignments across substrates, patients, and biological
replicates.259,272,273,277 Perturbation-based approaches, including
spectral component filtering, feature ablation, and SHAP-derived
importance scoring, quantify how removing or rescaling specific
Raman bands alters model predictions, thereby distinguishing
features that genuinely drive discrimination from those that reflect
confounding factors or substrate artefacts.275,276 Importantly, these
analyses also expose limitations such as different explainers can
yield partially inconsistent maps, and highlighted ‘‘important
peaks’’ are not always stable across cohorts or measurement
conditions, raising concerns about overfitting to narrow training
distributions or hidden confounders.274–276 As a result, interpret-
ability is increasingly viewed as a design constraint that must
inform substrate engineering, data acquisition, preprocessing, and
architecture selection from the outset, rather than a justification
applied at the end. Only through this integration can plasmonic AI
systems evolve from high-performing black boxes into trustworthy
diagnostic tools capable of supporting mechanistic claims, bio-
marker hypotheses, and the transparency demanded by clinical
regulation.

5.3 Image analysis

In plasmonics, multidimensional images are relatively straight-
forward to acquire, yet extracting meaningful information from
it presents a significant challenge. Beyond conventional 2D and
3D images, each pixel in an image can contain full spectral
information, effectively adding up to a fourth dimension or
even a fifth dimension (time) that extends beyond a simple
binary image. When appropriately analysed, such data can
support a wide range of applications, from material character-
isation to the interpretation of plasmon-enhanced signals and
their deployment in biomedical and other sensing contexts.
Plasmonic sensors can be used for imaging where 2D, or even
3D, surfaces are scanned and analysed pixel-by-pixel to resolve
spatial variations in signal intensity and distribution. This
spatial mapping is key for identifying nanoparticle hotspots,
characterising substrate uniformity, and visualising how ana-
lytes interact with plasmonic materials. Equally important is
temporal data analysis, where spectra are collected as a func-
tion of time to capture dynamic behaviour, whether following
single-molecule events, monitoring chemical reactions, or
probing transient biological processes. Often, basic analytical
methods like intensity maps, ratiometric comparisons, and
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K-means clustering are used, but there is plenty of space in this
field for improvements and more in-depth analysis, which
could come from the thoughtful incorporation of AI.

Plasmonics offers several imaging modalities, such as hyper-
spectral Raman on or near SERS surfaces, plasmonic scattering
imaging (PSI), and surface plasmon resonance imaging (SPRi).
Traditionally, these techniques can involve long acquisition times
and lower image quality compared to fluorescence imaging.
However, their major benefit is the increased information rich-
ness that can be obtained from a sample, particularly in label-free
and hyperspectral formats. AI can seriously improve two main
aspects: image reconstruction and image analysis. Reconstruction
enables higher-resolution images from low-resolution data, while
AI-driven analysis, including better denoising and dimension

reduction algorithms as well as more effective data upscaling,
as highlighted above, can be used for better feature detection.

Image reconstruction using AI can improve the spatial
resolution of images constructed from low-resolution and sparse
data such as those data obtained from hyperspectral Raman (A
general workflow for this can be found in Fig. 6(a)). Though this
is not a very well-studied area, there are some examples where AI
has been used for super-resolution plasmonic imaging, includ-
ing CNNs being used in plasmonic dark-field microscopy (with
U-Net based architecture, Fig. 6(b))278 and CNN in plasmonic
terahertz focal-plane array279 or GAN-based models being devel-
oped for obtaining plasmonic scattering images (PSI).280 In non-
plasmonic fields this is better explored, with a GAN able to
reconstruct high-resolution Raman images (Fig. 6(c)).281 Other

Fig. 5 Comparison of black-box artificial intelligence (AI) and white-box explainable artificial intelligence (XAI) workflows. Black-box AI models generate
predictions without revealing how decisions are made. White-box and explainable artificial intelligence (XAI) frameworks incorporate pre-modelling
explainability, inherently interpretable or partially interpretable models, and post-modelling explanation techniques, such as Gradient-weighted Class
Activation Mapping (Grad-CAM), Shapley Additive Explanations (SHAP), and Local Interpretable Model-agnostic Explanations (LIME), to produce
transparent and understandable outputs. This comparison highlights the typical trade-off between predictive performance and interpretability, where
high-performance models often exhibit limited transparency, and XAI methods aim to reconcile this balance for trustworthy decision-making. Created in
BioRender.

Chem Soc Rev Review Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
6/

20
26

 3
:3

5:
20

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cs01522g


Chem. Soc. Rev. This journal is © The Royal Society of Chemistry 2026

algorithms have shown good potential for use in plasmonic
imaging, including more advanced CNNs,282 content aware
image restoration (CARE)283–286 that can drastically improve
imaging times. Super-resolution optical fluctuation imaging
(SOFI)287,288 and stochastic optical reconstruction microscopy
(STORM)280,289 can be combined DL algorithms for blinking
experiments such as single particle imaging and digital SERS
to get even higher resolutions.290 Additionally, residual dense
block (RDB) based algorithms291–294 can be used for capturing
deeper features, particularly in feature extraction. Transformer-
based models are also becoming more popular295–297 and would
be useful for reconstruction from more sparse data due to their
long-range pixel interactions.

Another, often less computationally intensive, methodology to
improve image quality is the use of denoising algorithms. They can
be carried out by spectral smoothing in the preprocessing stages
(as described above in Section 5.1), or on the final image.298 Two
key improvements in the denoising space have been demonstrated
in the Peak2Peak algorithm238 are (i) the introduction of regular-
isation in the denoising module, which acts as an on/off switch for
denoising when balanced against the loss function and (ii) the
integration of data augmentation to improve self-supervised fea-
ture learning for peak selection from noise (including augmented
false-noise examples). Additionally, the algorithm provides visua-
lisation of these stages and can be broadly applied to other black
box Zero-Shot Noise-to-Noise (N2N) denoising algorithms, which
are particularly useful in this field because they require no pre-
training and can be carried out on single images.238,299–301

As well as using AI to improve image quality, it can be used
for image segmentation (a computer vision technique to parti-
tion images into multiple segments for object detection and
medical analysis, etc.) and feature detection and therefore
broader image analysis. Many algorithms have been found to
be useful for this:302 Mask R-CNN (regional-based convolutional
neural network) that outputs an object’s class and a mask to
efficiently detect objects within an image;303 and U-Net is also
well suited for solving image segmentation challenges, instead
of the normal pooling operators, up-sampling operators are
used to increase resolution of the output.304,305 A particularly
strong example of this is AtomAI, useful in electron and scan-
ning probe microscopy data at an atomic level, and thus could
be extremely useful in material characterisation tasks, with
image-to-spectrum learning tasks possible.306,307 For feature
extraction, RDB algorithms can be very good at finding deep
connections between certain features and YOLOv8 is a leading
algorithm for object detection, outperforming state-of-the-art
detection models308 and have been used for detecting SERS
nanoparticles and oligomerisation. This algorithm also shows
promise in live imaging, nanoparticle-cell interactions and
more.309 Also in plasmonics, a CNN was used for the analysis
of a lateral flow immunoassay (LFIA) with SERS based on the
ResNet-18 architecture,310 a CNN used to reconstruct and then
identify analytes in SPRi311 and a CNN combined with an RNN
that can predict the optical response of a property of a material
from an image.312 Combining different algorithms of different
types can improve analysis with great results.313,314

Fig. 6 Methods for improving image resolution by image reconstruction using ML. (a) Schematic of potential processes – input low-resolution images
to the trained neural network – usually a CNN, U-net or GAN. Additional information on the chemical or physical properties of the image can be input,278

or simply Zero-Shot. A super-resolution image will be output. Image validation can also be carried out – for example with a discriminator network to
compare the image against a pre-collected high-resolution image.281 (b) COS-7 cell with regular plasmonic dark field image compared with network
processed deep learning assisted plasmonic dark field microscopy (DAPD) image through a CNN. Figure reproduced from ref. 278; figure licensed under
CC-BY-NC-ND 4.0. (c) Raman image of a murine osteosarcoma cell processed with a generative adversarial network significantly improves image quality
and imaging time compared to higher-resolution Raman imaging. Figure adapted with permission from ref. 281 from the American Chemical Society,
copyright 2025.
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One standout use of AI in image analysis is being able to
turn smartphones into portable and affordable imaging tech-
nology. One challenge with smartphones is the lower quality of
the camera compared to the chilled cameras used in the higher-
end systems. Temperature cooling decreases the noise level and
improves image quality. Nonetheless, their use has been
demonstrated several times so far with environmental315,316

and clinically relevant samples.317,318 In addition, a plasmonic
biosensor for detecting pg mL�1 levels of proteins was devel-
oped using an algorithm that integrates both GAN and CNN to
analyse smartphone camera images.319 Smartphone-based ima-
ging can revolutionise POC devices by making complex data
acquisition accessible, but will necessarily need AI to improve
image quality and to extract meaningful results.

Beyond spatial imaging, the time dimension is crucial in any
live and dynamic monitoring of a system. Data analysis becomes
complex, especially when dealing with complicated spectra and
intensity fluctuations that are not clearly correlated with specific
molecular concentrations. In some cases, these intensity fluc-
tuations are essential, such as super-resolution blinking experi-
ments, where variations in intensity help construct a single
high-resolution image. Often temporal resolution itself carries
valuable information. Recurrent Neural Networks (RNNs), espe-
cially those incorporating LSTM cells are well suited to this type
of sequential data.320 Hidden Markov models have already been
applied in plasmonic imaging to monitor dynamic cell
membrane cluster interactions on cell surfaces321 and show
promise for broader applications. Temporal convolutional net-
works (TCNs) are powerful for modelling sequential signals.322

Additionally, gradient boosting, used widely in image
classification,323–325 has demonstrated strong performance in
time-series analysis and could be highly valuable for time-
resolved plasmonic data.326

Certain imaging modalities depend on both spatial and
temporal resolution. Digital SERS is a key example of this,
where single molecules are detected at specific locations across
an array through high intensity signal fluctuations.327 Spatial
analysis reveals heterogeneity and hot spot activity, and tem-
poral analysis provides information on transient binding
events, single molecule kinetics and dynamics. To date, ML
has seen limited applications in digital SERS beyond standard
algorithms. One notable example is the use of Gaussian process
regression (GPR) alongside a PCA-LDA algorithm for digital
SERS virus monitoring.328 Beyond this, however, there remains
significant potential for ML to enhance the sensitivity and
specificity of digital SERS analysis, particularly with RNNs,
gradient boosting and the other algorithms discussed in this
section. Additionally, transformer models may also prove use-
ful in this domain due to their application in temporal and
spatiotemporal tasks, for instance, TimeSFormer329 enables
spatiotemporal feature learning and could offer significant
advantages in analysing digital SERS datasets.

A wide range of algorithms are now available for image
analysis, as outlined above, providing a strong foundation for
plasmonic imaging. However, because this field is still in its
early stages, there is significant scope for creativity in selecting

and adapting methods. For instance, localisation of nano-
particles in noisy images might benefit from techniques devel-
oped for challenging recognition tasks, such as exoplanet
detection, where such techniques are more common.330–332

Likewise, when spatial resolution is less critical than segmenta-
tion, such as for tracking disease progression in tissue, algo-
rithms used for large-scale environmental monitoring (e.g.,
satellite tracking of wildlife populations)333 could offer valuable
inspiration. As AI continues to permeate every aspect of image
analysis, the breadth of available tools is expanding rapidly,
presenting exciting opportunities to repurpose and innovate
within plasmonics.

5.4 Refractometric analysis

Refractometric sensors, such as SPR or LSPR, generate spectral
data that requires analysis to generate time traces (sensor-
grams) from raw signals, then, these sensorgrams are further
processed to extract binding affinity or analyte concentrations.
These processes are typically done in sequence, where the
plasmon resonance is extracted with some algorithms finding
the peak maximum (or minimum) intensity, polynomial mod-
elling of the plasmon resonance or using centroid methods.
Then, the constructed sensorgram is split in different steps (i.e.
washes, binding, regeneration, etc.) and further analysed to
model the response to a binding algorithm (Langmuir and
Hill’s models are common) to extract biomolecular interac-
tions. ML methods have become increasingly important in
refractometric sensing because they provide automated inter-
pretation of sensor outputs and improve robustness under
variable conditions.334,335 Given that responses are often non-
linear, and biomolecular interactions can diverge from binding
models, AI can contribute to deciphering hidden patterns and
improve data interpretation.

Supervised ML methods have become particularly valuable
in refractometric sensing since they can associate sensor out-
puts with known molecular features for the extraction of
parameters such as binding kinetics. Rather than relying on a
single algorithm, recent work demonstrates that different
supervised models excel at different aspects of the sensing
process. For instance, feedforward neural networks (FNNs)
can learn complex nonlinear relationships and have been used
to predict binding affinities and classify analytes based on
descriptors. However, their performance typically depends on
the availability of large training datasets. CNNs, by contrast,
leverage their ability to capture spatial and temporal patterns
within sensorgrams (kinetic behaviours), enabling tasks such
as distinguishing washing steps from binding events and
detecting outliers.336–338 Regression-based approaches, includ-
ing Gaussian process regression (GPR), RF and support vector
regression (SVR) have proven effective when the goal is to
model how variables such as molecular weight and concen-
tration influence sensor response.339 These models are parti-
cularly useful when working with small or medium-size
datasets. More specialised architectures have also emerged:
Context Aggregation Networks (CAN)340,341 are well adapted to
refractometric methods, since it can process and filter sensor
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images. Meanwhile, DNN342,343 offers a flexible alternative that can
be tailored in depth and neuron density to accommodate the data
availability and complexity of a given sensing application.

Unsupervised ML can uncover hidden patterns in SPR
sensorgrams without requiring labelled data, clustering data
into categories. When combined with PCA, non-negative matrix
factorisation (NMF) enables the dataset to be distilled into a
lower-dimensional space that highlights the most relevant
structural and temporal features in the sensor data.344

Research on this combination remains limited, though it could
significantly benefit refractometric sensing by enabling cleaner
isolation of kinetic contributions, reducing noise-driven varia-
bility, and uncovering low-intensity features that enhance the
interpretation of complex binding events. K-means clustering is
especially interesting in SPR since it can cluster analytes based
on binding kinetics.345

These unsupervised strategies increasingly merge with
supervised approaches to build hybrid workflows capable both
of structural discovery and predictive modelling. Integrating
models such as CNNs and FNNs, enables sensorgram classification
and outcome prediction. FNN architectures, including spectral
parameter multi-layer perceptron neural network (SPMLP), have
been developed specifically for superlattice verification in plasmo-
nic biosensors. Using them has led to improved performance in
distinguishing subtle signal patterns, while CNNs remain widely
adopted in optical biosensing due to their strong capabilities in
pattern recognition and image-based analysis.338,343,346–349 Addi-
tional workflows further extend this hybrid strategy. Another
promising workflow is the combination of PCA and NMF, as the
two methods complement each other. PCA will understand the
data structure, while NMF will reduce temporal features. Signals
obtained from various steps can be treated as ‘regimes’ using a
temporal sensorgram descriptor (TSD) coupled to a k-NN algorithm
which evaluates similarity-based distances.350

Refractometric sensors have been proposed to detect a
broad range of analyte in portable and POC formats.45 AI is
especially useful in this context,52,340,351–353 where key attributes
where AI can help are rapidity, sensitivity, portability and ease of
use,45 and automated interpretation of results without requiring
an expert.348 Another advantage of ML is its ability to handle
outliers arising from temperature variations, sample complex-
ity, background noise and user-dependent errors. In SPR, unde-
sirable variations in response can come from non-specific
binding, variation in ligand density, bubbles and complex
sample matrices. Background refractive index changes can
cause issues for the quantification of molecules. GPR offers a
solution to this problem, having been shown to model refractive
index changes with high sensitivity.354 Binding kinetics depend
strongly on the analyte and on the surface chemistry, so ML
models must disentangle true kinetic signatures from experi-
mental artefacts when applied to refractometric sensing. This
requirement becomes particularly evident in systems where
data acquisition is noisier, such as smartphone-based SPR
platforms.350,355,356

AI can also markedly enhance both signal processing and
data classification for refractometric sensors.357,358 For

instance, in fibre-based SPR sensors, incorporating Gradient
Boosting Regression (GBR) has enabled the detection of can-
cerous cells with strong accuracy, demonstrating how ML can
reinforce sensitivity in complex refractometric platforms.359

However, despite these advances, numerous refractometric
biosensors still rely on conventional data processing and could
greatly benefit greatly from ML frameworks designed for spe-
cific sensing architectures.360,361 This potential is evident in
emerging multi-component systems such as organ-on-a-chip
(OoC) devices for evaluating drug-induced liver toxicity.360

These devices combine cell culture modules with SPR-based
measurements but still require a specialist operator; integrat-
ing ML could streamline the analysis and help transition such
devices towards bedside implementation. A similar need
appears in multiplex diagnostics, where AI can assist in
complex pattern recognition, as shown by an LSPR POC setup
capable of detecting and discriminating multiple cancer bio-
markers in human serum.362 The same trend extends to wear-
able systems: encapsulated nanosensors designed for wound
monitoring, for instance, illustrate how ML can support con-
tinuous, real-time interpretation of physiological signals.363

ML can be a black box, which may not always be suitable for
critical decision-making contexts, where users must be able to
verify data quality. This is especially critical for the translation of
POC sensors, where interpretability and reliability of the results
are crucial factors to consider when integrating ML models into
devices operated by minimally trained users. In such settings,
users must rely on AI-driven devices trusting data integrity, as
such transparent ML models could help reduce scepticism and
foster trust and acceptance. This need for interpretability has
contributed to a growing interest in XAI algorithms.342,354 These
techniques work together by linking visual features and fitting to
interpretative models, enabling users to understand how specific
inputs influence the output. In refractometric sensing, this
combined framework has been applied to estimate and interpret
metal layer thickness in a fibre-optic SPR system, demonstrating
how XAI can support trustworthy analysis in practical POC
configurations. Across these diverse architectures, the unifying
theme is that ML does not simply ‘add another layer of analysis’
but actively reshapes how refractometric biosensors are operated,
interpreted, and deployed, reducing reliance on expert users
while enabling more robust and adaptable sensing.

6 Applications of AI in plasmonic
sensing
6.1 Plasmonic tongues and noses

The human nose and tongue function with arrays of non-
chemically selective receptors whose pattern is interpreted by
our brain to be associated with flavours and smells. The concept
of artificial noses and tongues mimics this concept, using an
array of sensors/receptors that can be used for sensing applica-
tions, notably in the food and beverage industry;364 a concept
that can be generalised for other sensing applications.365

Chemical arrays facilitate the exploration of a sensing space
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with little prior knowledge on the exact chemicals to be mea-
sured and leverage AI tools to extract patterns from the complex
output generated by a sample on the sensor. Central to their
working principles is the fabrication of individually addressable
sensors that can be chemically functionalised or not, to produce
a different response on each sensing element within the sample,
generating a complex pattern necessitating advanced data pro-
cessing algorithms to extract correlations.366

While a series of optical transducers can be used in sensor
arrays,367,368 many rely on plasmonic techniques. On one hand,
surface-enhanced techniques such as SERS369,370 or SEIRA371

provide rich vibrational data that can help in establishing mole-
cular patterns associated with the sample, while on the other
hand, refractometric techniques such as SPR,372 LSPR,373 or
SPRi374 benefit from the simplicity of image or colour analysis to
create sensor arrays. Transduction in surface-enhanced plasmonic
techniques originates from the complex spectral information of
SERS and SEIRA. In the case of refractometric techniques, the
plasmon shift can be read from the direct interaction of the
analyte with the sensor array,372,373 from the aggregation of the
nanoparticles in suspension,375–377 or a colour change generated
indirectly by the reshaping or resizing of the metallic nanoparticle
from the interaction of the analyte with a metal salt that will cause
nanoparticle growth or etching.378,379 The multiple transduction
possibilities of plasmonic techniques make them versatile in the
design of chemical noses and tongues.

Chemical selectivity of plasmonic noses and tongues mainly
originates from the combination of distinct spectral responses
on the array and data processing, but chemical selectivity can be
imparted on the sensor array to increase the spectral difference
between each address on the sensor array with specific or non-
specific interactions. For example, the surface can be modified
with DNA strands,380 organic,381 inorganic,382 or metal–organic
framework (MOF)370 materials and self-assembled monolayers
(SAM) to provide different partition coefficients for the analytes
contained in the sample on each addresses to generate different
spectral signatures interpretable by the data processing algo-
rithm. Imparting chemical selectivity allows for the design of
multiple iterations of chemical noses and tongues for applica-
tions in the food industry,373,375,376,383,384 in the detection of
gases and volatile compounds,370–372,381,382,385,386 metal ions,387

small organic molecules, such as organophosphates,377 drugs,388

and neurotransmitters,378 proteins,380,389 or bacteria and
cells.379,389,390

Given the many confounding factors intricated in the sensor
array response, the information generated is generally uninter-
pretable by the experimentalist, therefore must be interpreted
with ML algorithms. In many applications of plasmonic noses
and tongues, classification and clustering methods including
PCA,372,373,384 HCA,380 and LDA389 are commonly used alone or in
combination369,377,378,382,388 to separate output into distinct
classes. For example, more than 50 volatile organic compounds
were separated in the response space of principal components,
allowing the comparison of an electronic nose to human
olfaction.391 The advent of NN algorithms capable of extracting
information from more complex or abstract datasets should

further improve the discriminative power of plasmonic noses
and tongues; exemplified recently for gas sensing.392

While the potential of plasmonic noses and tongues is
already demonstrated, their translation into fully operational
devices will require a series of improvements. Data processing
algorithms are especially susceptible to sensor drift,366 more so if
the training model only included curated data with perfectly
functioning sensors. In those cases, once the sensor fails or
deviates from a normal response, the algorithm may misinterpret
the data and generate a false outcome. Another source of
improvement concerns the orthogonality of the sensor response
and its susceptibility to cross-sensitivity with multiple species. An
ideal plasmonic nose or tongue response would massively differ
in each sensing element to provide the high orthogonality
necessary to improve discrimination.364 However, many examples
of plasmonic tongues used derivatives of SAM or DNA with
potentially colinear responses to chemicals. Molecular receptor
selection is key to achieve high discrimination power, and AI can
play a role in doing so, as shown recently for the detection of
structurally similar molecules.393 Using a high number of com-
pletely orthogonal chemistries will be necessary to increase the
discrimination power of plasmonic noses and tongues, though
this has the potential to increase the complexity of the readout
processes. A compromise could be found in extensively calibrat-
ing the sensor arrays. Additionally, ML algorithms capable of a
higher level of abstraction could be used to minimise the number
of orthogonally responding sensors needed to increase the dis-
crimination power. Taken together, the current innovations and
future development of plasmonic arrays should lead to a series of
applications in key societal challenges related to human health,
environmental sensing, food sensing and industrial applications.

6.2 Clinical and disease sensing

Plasmonic sensors have potential as clinical biosensing plat-
forms exploiting real-time sensing and enhanced detection
sensitivity for both in vitro and in vivo,394–396 as well as
diagnostic assays carried out on plasmonic substrates.397 Their
incorporation into lab-on-a-chip technologies and portable and
wearable sensors pushes the field towards useful POC
devices.398,399 Clinical diagnostics often deals with very large
datasets that critically need robust statistical validation and
reproducibility for accurate decision making. Of course, AI is
extremely beneficial for large and complex dataset processing
and live analysis and is already being used extensively in this
field.400 This section aims to highlight the areas in which
clinical sensing has been achieved with a focus on emerging
applications facilitated by the incorporation of AI.

6.2.1 Bacteria analysis. The antibiotic resistance endemic
is one of the leading global health challenges. One of the most
effective ways to better manage and mitigate this endemic is to
minimise the use of broad-spectrum antibiotics by utilising
rapid, high-sensitivity bacterial analysis in clinics, though these
technologies are still in development. For the most part,
bacteria detection is a classification challenge (is bacteria X
present in a complex matrix); the use of DL algorithms can
facilitate this with analysis of large multidimensional datasets.
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This has proven possible with various algorithms, including with
a CNN based on a ResNet architecture the mitigated the need for
sample culture and classified 30 bacterial and yeast varieties and
identified potential antibiotic treatments with 497% accuracy
from clinical samples with low SNR with Raman spectroscopy.256

Chemical taxonomy has been proposed for classification by
extraction of functional groups using a combination of SVM
and RF layers for structural elucidation401 and bacterial detection
from extracellular matrix.402 More recently, inverse structure-to-
spectra prediction using an XGBoost regressor has been devel-
oped, moving beyond the DFT standard in this field,403 and while
this is widely applicable in different fields, it has profound
potential for application in clinical contexts. Groups are also
beginning to incorporate more explainability and interpretability
into their bacterial detection and classification using SHAP,404

and attention-based visualisations.277

The other major improvement needed in clinical bacterial
analysis is the development of accessible and rapid testing
methodologies. This is more common for single pathogen
detection, and highly sensitive results can be achieved,405,406

however clinical utility would be improved with the ability to
classify across a broader diagnostic panel. If classification
algorithms are sufficiently sensitive and simple, reliable meth-
odologies can be used for substrate development that keep
costs low for POC use, such as a paper-based SERS chip used in
combination with a multi-branch adaptive attention CNN for
classification that can identify pathogens in an hour.407 In
other cases, the algorithms themselves can produce sufficiently
accurate results more rapidly than standard techniques,408 but
require more user-friendly diagnostic platforms. Conversely
some more innovative configurations, including systems that
exploit the plasmonic surface’s inherent bactericidal activity,
would benefit from using ML for faster processing speeds and
enhanced multiplexing to maximise their practical utility.409 An
alternative, yet still rapid, method for classification is by
analysing multidimensional images of bacteria with a spectral
transformer algorithm, based on a vision transformer (ViT) and
compact convolutional transformers, combined with a data
augmentation algorithm.410 This was shown to improve com-
putation time and classification accuracy compared to the CNN
mentioned previously.256 Though they did not use plasmonic
materials, this image-based classification algorithm410 could be
readily applied to similar plasmonic datasets, and integrated
into more clinically deployable instrumentation. Technology is
improving rapid bacterial classification, but broader clinical
accessibility remains essential. Automation of these plasmonic
platforms could substantially reduce user error and bias and
limit users from potential exposure to dangerous pathogens.

6.2.2 Biomarker detection. Clinical diagnoses often rely on
biomarker detection. Generally, biomarkers are metabolites
and biomolecules indicative of the health status of an individual.
Biofluid analysis is certainly the most accessible route for sensing
biomarkers in clinical tests. With SERS in particular, background
biological noise from these complex matrices varies from patient-
to-patient and rendering signal processing difficult. Various NNs,
such as CNN411 and ANN,412 have demonstrated the potential to

simplify these complex biofluid backgrounds and classify and
stage diseases with high classification accuracies. ML models
were also shown to extract highly sensitive structural information
of biomarkers with SPR sensors in complex matrices. A key
example of this is the use of kNN and neural net (nnet) to assess
biomarker cross-reactivity from undiluted serum, allowing more
comprehensive understanding of complex biomarker interac-
tions and differentiation of structurally similar biomarkers.413

Metabolomic screening offers detailed information on an indivi-
dual’s disease state and is most commonly conducted using
nuclear magnetic resonance or mass spectrometry.414,415 With
rapid progress in analytical technologies and large language
model (LLM) development,416 the field is moving toward more
powerful frameworks for disease prediction and stratification. An
exemplary methodology, deep spectral component filtering
(DSCF), has been proposed to utilise SERS data for metabolic
profiling with zero-shot denoising, strong explainability for expli-
cit biomarker identification and trace level quantification of
analytes from biofluid samples; and it is, more generally, an
excellent foundation model for spectral analysis with DL.275

The extracellular environment also provides abundant bio-
marker information, where SERS spectra can be simplified and
classified with various ML algorithms,417,418 and live monitoring
made possible with dynamic SERS measurements.419 Though
not currently tested directly from biofluids, a DNN has been
used to both detect and quantify different aggregation states of
the same structural protein biomarker related to various neu-
rodegenerative diseases with a SEIRA enabled microfluidic
device.420 As this technology progresses, it is becoming a valu-
able tool for drug and biomarker discovery and diagnostics.154

Extracellular vesicles (EVs), such as exosomes, are a rich
source of biomarkers and other biological information that
virtually all cells release into the extracellular space for cell
signalling and waste removal.421 Recently, they have been
proposed for diagnostic and therapeutic applications, particularly
in combination with plasmonic nanosensors.397 Classification
algorithms are the most broadly used for determining EV origin,
and identifying their components. SVM in particular has been
able to accurately detect and stage breast cancer,422 and coronary
artery disease,423 and to detect early-stage lung cancer, where the
combination with a CNN was able to increase classification
confidence.424 In another simple but effective example, another
CNN was used to distinguish between various types of cancer
using the SERS fingerprint spectra of exosomes.425 After isolating
the exosomes from serum, the spectra were first classified in a
binary scheme (healthy vs. cancer), then analysed with an MLP
network to determine the origin of the EVs, successfully distin-
guishing six (broad) cancer types. Building on this, another group
integrated a similar workflow (binary classification followed by
MLP analysis to distinguish between 10 cancer types) into a SERS
chip to remove the labour- and time-intensive exosome isolation
process (Fig. 7(b)).426 Their model’s interpretability also enabled
the discovery of a new pan-cancer biomarker demonstrating its
potential for future biomarker discovery efforts. Collectively,
these studies show that ML-driven EV analysis is rapidly progres-
sing from simple binary discrimination toward multi-class
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diagnostic insight. Next-generation models incorporating
explainability,273 and integrated sensing platforms426 will sub-
stantially expand the clinical utility of EV-based plasmonic
sensors. Overall, these developments illustrate how NNs can
overcome biological complexity to deliver sensitive, specific, and
clinically meaningful biomarker analyses.

6.2.3 Tissue and cell analysis. There are other areas where AI
could make an impact. In cell analysis, flow cytometry is currently
the most common technique for both in vitro and ex vivo cell
analysis. Although fluorescence-based cytometry dominates, sev-
eral studies have proposed SERS-tagged flow cytometry,427,428

offering improved analytical accuracy and greater multiplexing
capacities than fluorescence. AI is steadily becoming mainstream
in this field: a recent review outlines a structured framework for
thoughtful AI incorporation into fluorescence, which is equally
applicable in SERS-flow.429 Additional perspectives focused on
single-cell analysis emphasise forward-looking priorities that
remain highly relevant, including enhancing Raman portability
and sensitivity for low-cost POC use, developing self-driving
laboratory platforms for automated screening, and advancing
algorithms capable of integrating Raman with complementary
omics data, objectives that are fully aligned with the priorities

highlighted in this review.430 In addition to the implementation of
AI, experimental workflows are needed to achieve Raman-based
flow cytometry. A recent paper made a significant advance in this
direction, using acoustofluidic principles to focus bacteria in a
narrow stream of fluid for Raman detection.431

AI is also increasingly influential in tissue-level imaging,
particularly for image reconstruction, analysis, and segmenta-
tion as well for feature extraction for clinical imaging with
plasmonic techniques. For high-quality tissue imaging (be it
ex vivo, wide-area mapping, or real-time dynamic monitoring)
advanced reconstruction algorithms are becoming essential.
These methods compensate for weak or noisy optical signals,
correct artefacts from rapid acquisition, and enhance spatial
and molecular contrast that would otherwise be lost in raw data.
It also provides better image stitching, where the contrast may
differ at the edges of an image and mimic the image output of
tissue staining. In the context of static diagnostic imaging,
histopathology remains the gold standard. However, the field
is beginning to incorporate spectroscopic imaging to capture
molecular information that conventional staining cannot pro-
vide. Drawing inspiration from stimulated Raman scattering
(SRS), this technique has been combined with a self-supervised

Fig. 7 Some exemplary workflows from selected citations: (a) SERS deep learning framework development pipeline. Illustrated are the SERS
measurement process applied (A) and the computational framework pipeline. Benchmark comparisons of alternative methodology are presented on
the right. Preprocessing methods (B) are marked in orange and light red, quantification methods (C) are marked in blue, and explainability methods (D) are
marked in dark red. Figure adapted with permission from ref. 274, licensed under CC-BY 4.0. (b) Diagram showing the process of cancer identification via
AI-SERS. Comparison of average SERS spectra and heatmaps of serum exosomes from non-cancer controls and cancer patients (based on 25 spectra per
group). Schematic of multi-cancer classification heatmap of the classification probabilities derived from spectra for eleven classes (ten cancer types and
non-cancer group). Figure adapted with permission from ref. 426, licensed under CC-BY 4.0.
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DL algorithm to reconstruct SRS data into tissue maps, convin-
cingly showing image output that resembles H&E staining.432

Alternatively, a DenseNet-based learning method was used for
spectral feature extraction-based image segmentation at subcel-
lular resolution,433 and Raman used for tissue age analysis with
DL combined with MCR-ALS.434 SERS holds the potential to
further improve the multiplexing capacity of spectral imaging to
reveal more complex biochemical information.435 Alternatively,
SEIRA is emerging as a viable clinical approach,436 and could
similarly benefit from strategies that have advanced conventional
IR, such as DL based models used to predict breast cancer
reoccurrence from mid-IR histopathological imaging.437 Although
the field is not yet at the point of widespread clinical deployment,
the pace and direction of development indicate that such capabil-
ities are becoming increasingly attainable.

6.2.4 Future advances in clinical sensing. Full clinical
translation of plasmonic sensing remains elusive. One potential
translational application is surgical margin assessment. Live
and rapid intraoperative tissue identification is becoming pos-
sible with the incorporation of AI, as shown with a pH respon-
sive SERS chip for intraoperative glioma detection within a few
seconds using a simple one-layered CNN.438 Another example of
this, though using normal Raman spectroscopy not SERS, has
shown live and in situ tumour detection for human brain
surgery. In this case, a spectroscopic probe is placed in contact
with the brain tissue and identification of tumour tissue was
done in seconds to assist the surgeon in tumour resection.439 In
another example, pre-processing algorithms allowed for live
spectral quality assessment, and when combined with a linear
SVM, it was applied to classify cancerous tissues from healthy
ones within seconds.440 These examples are widely applicable in
the plasmonics field, beyond intraoperative surgery, as live
spectral quality assessment and rapid diagnostics is ubiquitous.

Recent advances in combining plasmonic techniques with
ML are beginning to overcome longstanding barriers to clinical
adoption. The introduction of automation in analysis could be
a game changer for POC applications. Another challenge in
clinical sensing is clinical sample availability, currently limiting
the size of datasets necessary for accurate model training. To
circumvent that, data augmentation has been proposed,410,441

demonstrated with a NN to extract SERS spectra of viruses over
a range of concentrations, which the dataset was then augmen-
ted by adding realistic residuals to the extracted SERS
spectra.442 The authors used this augmented dataset to train
their classification model and then quantified viruses in saliva
samples with 91.9% accuracy. Carefully using NN-based data
augmentation could improve model performance, provided the
data remains representative, as there is a risk of introducing
unrealistic features in the training dataset. Another limitation
of NNs is the inability to interpret which spectral features drive
classification, which could be overcome with more explainable
AI. To support this, the quantification of serotonin was shown
in urine samples using SERS with a CNN and vision transfor-
mer model. This model revealed the features at the origin of
classification decisions using a new Context Representative
Interpretable Model Explanation (CRIME), based on a LIME

framework (Fig. 7(a)).274 The implementation of explainable AI
could drastically reduce the black-box limitations of current ML
models, an essential step for clinical decision-making. Looking
ahead, advances in data augmentation, the development of
larger and more representative Raman datasets, improved
multiplexing strategies, and integration into self-driving or
real-time analytical frameworks will be key for enabling genu-
inely translational, AI-driven plasmonic diagnostics.

6.3 Environmental and plant sensing

Environmental science is another field where the coupling of AI
with plasmonic analytical techniques holds potential in mon-
itoring aquatic environments, air quality, agriculture, among
others. Continuous or frequent monitoring of molecular para-
meters can provide detailed information on the impact of
pollutants and stressors on the environment. The high volume
of data generated by real-time monitoring, imaging, and sen-
sing benefits greatly from ML and AI. To exemplify that, multi-
ple studies have recently used these algorithms for the
observation of microplastics,443–445 of pollutants,446,447 for soil
analysis,448–450 and in large panel pesticide detection.451–454

Some fundamental examples of this are demonstrated in Fig. 8.
Several key factors must be considered for the application of

AI in environmental and plant sensing. The selection of the
appropriate algorithm and complexity level depends on the task
at hand. Simpler, well-proven statistical methods such as ANOVA
or ANCOVA combined with discriminant analysis can yield
quality results for simpler datasets,455 which can be beneficial
for the field deployment of plasmonic sensors. It is thus common
to see chemometrics methods used hand in hand with AI models,
which have been exemplified by a PCA456 upstream of a classifi-
cation model for the detection of trace explosives.457 Others have
shown that multi-layer perceptrons can also be considered for
simple data modelling in both classification and regression tasks
before applying DL models.458 However, if resources are to be
invested in training a more complex model, there is an opportu-
nity to make certain models serve double duty. As a recent
example, a SERS sensor leveraged a single support vector-based
model for both classifying and quantifying pesticides.459

Models of increasing complexity, such as CNNs, are now
commonly employed in the classification of environmental
spectral data and are often combined with other metrics, such
as the spectral angle, which maps information to a reference
spectrum,460,461 similarity indices, which measure the difference
in spectral intensities,462 or normalised weighted cross-correla-
tion.463 One notable example of a regression task in environ-
mental analysis was the quantitative analysis of chlormequat
and paraquat residues, rendered viable at low concentrations
with AI.464 In that study, SVR and k-NNR were compared with
two ANNs (MobileNet465 and CNNAC

466), the ANNs afforded more
consistent performance, exemplifying that DL models are more
suited for large and complex spectral datasets. Interestingly, the
best performing model was interestingly the implementation of
a MobileNet,464 a family of networks initially created for com-
puter vision. This aligns with the growing trend of utilising
computationally intensive models for spectral processing.
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Plant life observation is an emergent field of sensing; there-
fore, protocols must be developed to translate the vast knowl-
edge gathered from human health sensing to plant monitoring.
Easing this transition is the fact that AI algorithms are agnostic
to the type of cell or organism sensed. A recent review discusses
the main families of Raman spectroscopic processing for
agricultural applications.467 Since then, avenues to push exist-
ing sensing methods and extract more information from data-
sets made with current methods have appeared. There have
been many novel approaches in plant contaminant analysis
that were made possible by AI.468 One of the opportunities
demonstrated is the integration of capillary force-enhanced
dynamic SERS,469 and the implementation of 3D SERS
imaging.470 Dynamic SERS and imaging have also been adapted
for plant health monitoring, where it was used for the detection
of plant infections471–473 and to monitor specific indicators of
general plant health based on plasmonic sensing,474,475 repre-
senting important developments.

Despite these advances, there are still areas where the
community would benefit from adding AI to their panel of
tools. The most important is in the determination of specific
and intrinsic characteristics of plants.476 Successful studies of

sex determination,477 ecological character,478 and intercom-
munication479 were reported, while transposition to phenotyp-
ing and genotyping is expected for important plant species, as it
was recently done for mammalian cells.430

Because plant cells represent a different environment than
animal cells, adapting technologies developed for other appli-
cations is a central avenue to enabling plasmonic techniques to
become a pillar in plant science. Challenges with the use of
nanoparticles in plants have yet to be fully solved. The main
one is optimising the nanoparticles themselves for uptake by
various parts of the organism,480 and ensuring colloidal stabi-
lity in plants for the duration of the experiment.481 There is still
a need to develop NP surface chemistry specifically tuned for
minimising nonspecific interactions in plants. As our collective
understanding of the biofouling of nanoparticles in all living
tissues expands, it now appears that plant cells have different
requirements than animal cells in terms of effective surface
chemistry to avoid fouling from plant biomolecules such as
proteins.482 Efficacious strategies to mitigate biofouling speci-
fically in plant environments remain to be achieved.

Raman-based techniques are more present in the current
literature than other approaches, such as SPR in plant analysis,

Fig. 8 Selected figures from cited articles demonstrating use of ML for environmental classification (a) Schematic illustration of a plasmonic sensor
deployed for the multiplex classification of 4 pesticides in a ground apple matrix. It features as its ML method the multinomial logistic regression, a variant
of logistic regression adapted for cases where more than two discrete states or categories must be represented. Reproduced with permission from ref.
454 licensed under CC-BY 4.0. (b) The schematic diagram of a spectra processing pipeline centred around a DNN used to both identify and quantify
organic pollutants in water. Figure adapted with permission from ref. 446 licensed under CC-BY 4.0.
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since vibrational spectra inherently contain more information.
Though instrumental design tends to restrict its use for whole
plant organ measurements, there is great potential for fast,
specific analysis of biomolecules to be found with SPR sensing.
The utilisation of SPR sensors to measure species of interest to
botanists represents a certain gap in current plant sensing
technology.

To summarise, investigative studies of the molecular
makeup of plants using plasmonic sensors are a current frontier
where AI is being applied with increasing frequency.483 As the
field is nascent, it leaves ample opportunities to develop sensors
for environmental and plant analysis. This growth will require
the implementation of AI in plasmonic environmental sensing,
as it remains sparsely used. Early studies have shown its
undeniable potential,484 which will only be expanded by further
implementing AI and ML in plasmonic sensing for environ-
mental and plant analysis.

6.4 Food sensing

Food sensing with plasmonics has benefitted from the integra-
tion of AI, reshaping the ability to monitor safety, authenticity,
and quality across many food systems. Plasmonic techniques
provide extraordinary sensitivity by amplifying weak vibrational
and refractive signals, yet their spectra are often obscured by
noise, fluorescence, and overlapping peaks arising from hetero-
geneous food matrices. Traditionally, chemometric approaches
such as PCA, PLSR, SVM, and RFR have formed the analytical
foundation for plasmonic sensing of food. These models effec-
tively reduce spectral complexity and build calibration models
that link signal intensity to analyte concentration. They are
valued for their interpretability, simplicity, and low computa-
tional demand, and have been widely applied to SERS-based
studies ranging from milk adulteration, pesticide detection, and
other food safety challenges. However, their reliance on feature
selection and linear assumptions constrains their ability to
handle the nonlinearities and high dimensionality intrinsic to
plasmonic spectral data. This limitation underscores the growing
need for advanced AI models capable of autonomously learning
complex spectral representations and improving the robustness
and generalisability of food analysis with plasmonics.51,57

A dominant trend in this field has been the use of DL to
push detection limits into ultra-trace regimes while preserving
robustness against complex matrix interferences. End-to-end
CNNs trained directly on SERS spectra have achieved quantita-
tive detection of pesticides, veterinary drugs, and mycotoxins at
ppb and sub-ppb levels across diverse food matrices, including
fruits, vegetables, oils, fish, and grains, without requiring
extensive preprocessing.269,485–488 These models autonomously
learn discriminative spectral features directly from raw data and
remain robust even under significant background interference.
This data-driven adaptability has enabled researchers to demon-
strate detection of thiram in fruit peels,489 malachite green in
fish,487 and aflatoxins in oils486 at concentrations aligned with
or below regulatory thresholds. More recently, transformer-
based and attention-based architectures have further extended
these capabilities by capturing long-range dependencies across

spectra, improving model generalisation when peaks broaden
or overlap, and enhancing interpretability through saliency
mapping that highlights chemically meaningful vibrational
bands.269,488,490

Beyond achieving low concentration sensitivity, DL has also
enabled multiplexing and the ability to detect and quantify
multiple analytes in a single measurement. Food samples often
contain mixtures of pesticides, antibiotics, and preservatives
that generate overlapping spectral signatures, where traditional
chemometric approaches often collapse to disentangle component
contributions. In contrast, DL architectures demonstrated remark-
able proficiency in resolving these convoluted spectra. For
instance, pseudo-Siamese CNNs have been used to quantify mixed
antibiotics in human milk at ppb levels,491 while hybrid ensemble
models combining CNNs with neural regularisation strategies
have successfully resolved ratios of co-occurring antibiotics in
aquatic foods.492 These data-driven frameworks advance plasmo-
nic sensing toward comprehensive multi-contaminant profiling
without extensive preprocessing or sequential testing. Similarly,
decision-level fusion integrating SERS and fluorescence data ana-
lysed by CNNs delivered R2 exceeding 0.99 for simultaneous
determination of preservatives and heavy metals in mushroom
samples, substantially outperforming single-modality baselines.493

Pathogen detection represents another frontier where DL
has transformed plasmonic sensing. Bacterial and fungal spec-
tra acquired through plasmonic techniques are often subtle,
masked by background signals, and difficult to classify using
classical tools. DL overcomes these challenges by automatically
extracting subtle spectral-biochemical correlations that differ-
entiate closely related pathogens with high accuracy. CNN-
based classifiers trained on thousands of SERS spectra from
swabs and contaminated food items have achieved near-perfect
accuracy in identifying common pathogens such as E. coli,
Salmonella, and Listeria.494 More advanced architectures, such
as NAS-optimised U-Nets augmented with attention mechan-
isms, have further expanded this capability, accurately distin-
guishing dozens of subspecies across multiple genera with
accuracies exceeding 90%.495 Beyond accuracy, these models
enhance interpretability by mapping Raman features linked to
biochemical markers of specific pathogens. The implications
for food safety are substantial: DL models trained on large,
heterogeneous datasets can be deployed in portable SERS plat-
forms, enabling real-time pathogen surveillance across supply
chains.496 Although SERS remains the most widely studied
modality, related plasmonic techniques, including SEIRA,
LSPR, and SPR, have also incorporated DL models, enabling
accurate sugar quantification, milk adulteration detection, and
improved mycotoxins or adulterants analysis in milk through
data-driven spectral interpretation.497,498

Beyond pathogen detection, DL also strengthens applica-
tions in authenticity and adulteration monitoring. Multiplex
SERS fingerprinting combined with NN models has been
employed to authenticate agricultural products,499 and to iden-
tify dye adulteration in herbal products such as saffron and
curcuma500 with high reliability. The development of flexible
plasmonic substrates further enhances this synergy by ensuring
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conformal contact with irregular food surfaces, thereby improv-
ing spectral reproducibility and enabling DL-based regression
models to achieve high predictive accuracy.489,501 These examples
illustrate the co-evolution of substrate engineering and AI in
enhancing both sensitivity and robustness. In parallel, DL has
accelerated multimodal sensing, where plasmonic techniques are
coupled with complementary modalities such as fluorescence
spectroscopy and Fourier-transform near-infrared (FT-NIR)
spectroscopy. By extracting synergistic spectral features from
heterogeneous datasets, DL models deliver more reliable predic-
tions than single-modality systems.493,502 This integrative cap-
ability underscores AI’s emerging role as a unifying analytical
layer, making multimodal plasmonic sensing practical for real-
world monitoring where traditional single-modality approaches
often fail.

Equally important are the modelling strategies that make DL
truly deployable in real-world food monitoring scenarios. Multi-
task architectures have been introduced in SERS analysis to
simultaneously handle detection, classification, and quantification,
aligning decision boundaries with concentration gradients.269,488

To enhance model resilience, data augmentation techniques,
including spectral shifting, noise injection, and band superposi-
tion, are increasingly used to improve CNN robustness against
instrumental drift and environmental variability.499 Transfer learn-
ing and domain adaptation further reduce data demands by
enabling pretrained spectral models to be fine-tuned on a limited
number of new samples,503 while ensemble strategies add an
additional layer of reliability through uncertainty quantification,
flagging low-confidence predictions in heterogeneous food
matrices.51 Collectively, these developments represent a pivotal
shift in plasmonic food sensing, from proof-of-concept laboratory
studies toward practical, deployable diagnostic platforms. DL not
only reduces reliance on expert-driven preprocessing but also
allows the development of portable and flexible sensing systems
that can operate directly in the field. DL models trained on large,
augmented datasets overcome this variability, enabling accurate
detection without manual corrections.

Looking ahead, key challenges remain, particularly in model
interpretability, calibration transfer across substrates and instru-
ments, and the need for large, standardised spectral repositories.
While attention-based tools and data augmentation offer partial
solutions, emerging paradigms such as physics-informed NNs
and federated learning are likely to play a critical role in trans-
parent, transferable, and trustworthy models. AI is no longer
peripheral but central to food sensing with plasmonics, driving
the transition from laboratory studies to field-ready diagnostics
that meet global food safety and quality demands.57

6.5 Materials characterisation

Extensive characterisation of plasmonic nanomaterials is
required to ensure consistent synthesis and integrity of the
nanoparticles. Electron microscopy (EM) is the benchmark for
imaging plasmonic nanomaterial morphology, but its reliance on
intensive sample prep, expensive equipment, slow imaging and
experimentalist-centred image analysis makes it impractical for
real time or dynamic environments. AI-driven approaches are

emerging as faster, more scalable alternatives, offering predictive
insights without the constraints of traditional EM protocols. For
example, DL has been applied to denoise EDX tomography data,
enabling high-resolution elemental mapping of nanomaterials
with reduced radiation dose and acquisition time.504 DL can
denoise electron microscopy images by enhancing contrast and
resolution with NNs, and is especially useful for nanostructure
imaging with low-energy electron microscopy, where resolution
can be improved to sub nanometre, comparable with STEM.505

In addition to EM, optical techniques are frequently used to
characterise plasmonic nanoparticles. Among them, dark-field
imaging is commonly employed in plasmonics as the scattering
of nanoparticles can be measured in real time, which can be
facilitated by a CNN for rapid structural characterisation.506

Similarly, NNs have been trained to process the LSPR signals
from differential wide-field imaging (DWI) in complex biological
environments.507

ML analysis of imaged nanostructures can reduce reliance
on computationally heavy physics-based simulations. For exam-
ple, DL has been used to efficiently evaluate plasmon coupling
of electrostatically deposited NP, offering insights into surface
interaction and correlating plasmonic properties with observed
colour features on the deposited surfaces.508 Such approaches
bring forward this reduced reliance on simulation-heavy spec-
tral analysis, making plasmon coupling a more accessible and
insightful approach to characterising nanomaterials. Further-
more, AI enables the use of alternative characterisation techni-
ques that rely on complex image patterns, such as the CLoCK
method. This technique allows high-throughput analysis of
single-particle dimensions such as; length, width, and aspect
ratio of gold nanorods (AuNRs), with accuracy approaching that
of electron microscopy.509

Beyond physical characterisation, applications exist for the
use of plasmonic imaging methods coupled with AI. One of
them concerns the characterisation of plasmonic NP arrays,
which is especially important for developing functional optical
tags, such as those used in anti-counterfeit labelling. NNs are
applied to dark-field imaging data to accurately identify and
authenticate specific NP arrays. This is achieved by extracting
key structural parameters such as array size, well width, well
spacing, and cell count from the dark field images. In this case
ML provides a robust framework for translating these features
into reliable tag verification, enabling practical and scalable
array characterisation.510

AI is also being applied to extract physical parameters from
spectral data and particle motion, expanding the scope of mate-
rial characterisation. ML and NNs have been used to analyse
spectral data from techniques such as XANES and extinction
spectroscopy, enabling precise size and shape characterisation of
nanoparticles.206,511,512 This is particularly valuable, as tradi-
tional spectral interpretation often relies on empirical judgments
that can lack precision. AI also facilitates the extraction of
dynamic properties. For instance, rotational diffusion coefficients
of single nanorods can be determined using frequency-domain
DL methods, which are applicable to viscosity measurements in
biomolecular condensates.513 Collectively, these approaches
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underscore the growing role of AI in enabling scalable, real time,
and cost-effective optical characterisation, offering viable alter-
natives to traditional EM and opening new avenues for single-
particle analysis in complex environments.

6.6 Feedback loops to self-driving labs

Feedback loops in plasmonic sensing represent a frontier in
adaptive experimentation. Traditionally, scientists have relied
on intuition-driven trial-and-error experiments guided by man-
ual observation, or one-factor at a time experimentation.514 A
simple illustrative example is the iterative gold salt adjustment
in Turkevich–Frens nanoparticle synthesis, where subsequent
additions of gold salt are informed from the feedback of the
UV-Vis-NIR until a desired size is reached.105,515 However, as
the design space expands from material synthesis to substrate
preparation and sensing, human-intuition guided loops
become increasingly complex, constraining interpretation and
optimisation. To overcome this bottleneck, AI-driven systems
offer a path toward scalable, autonomous feedback, especially
in the context of emerging self-driving labs (SDL) with chemical
sensing in this loop.516 In the context of plasmonic sensing,
these feedback loops could be beneficial in optimising various
aspects of sensor design (transducer properties, surface chem-
istry, performance optimisation), in quality control of sensors,
and while sensors are being used to ensure proper functioning
and calibration. Different approaches developed in other fields
include self-optimisation, Bayesian optimisation (BO) and rein-
forcement learning (RL) could also be applicable to plasmonic
sensing and researchers in the field could draw inspiration
from them.

6.6.1 Self-optimisation. A transformative leap in experimental-
based scientific discovery is the incorporation of self-optimising
systems with AI/ML guiding these feedback loops. In self-
optimisation, algorithms iteratively evaluate the output of a
function (i.e. sensing performance, plasmon wavelength, SERS
intensity, among others) at different input values (i.e. reagent
stoichiometry, sample dilution factor, laser power, among
others) until a target maximum or minimum is reached, while
also selecting optimal infill points to enhance the model’s
accuracy.50,514 The central challenge in selecting a proper algo-
rithm is balancing exploration and exploitation, where each
experiment feeds fresh data into the model, allowing for sharper
predictions to be made, and guiding researchers ever closer to
optimal conditions.517 Therefore, the choice of efficient optimi-
sation algorithms becomes essential in finding a path of auton-
omously splitting the plasmonic substrates development and/or
sensing conditions as input values for desired sensor outputs
(such as sensitivity and reproducibility).518 One example in
plasmonic sensing used this approach to optimise the illumina-
tion of a nanoplasmonic sensor to minimise refractive index
prediction, offering a glimpse of what will be possible when
using these types of tools.519

BO stands out as a prominent self-optimising strategy
designed to minimise both experimental effort and material
consumption.518 Based on Bayesian statistics, the predictive model
estimates the system’s behaviour iteratively based on past

observations, and through pattern recognition from the acquisi-
tion function BO will continually refine the certainty of predictions
to steer experimentation toward optimal conditions.520,521 This
balance is achieved through the selection of appropriate surrogate
models, which mimic the design space and the selection of proper
infill points for new experimental conditions to be predicted for
model accuracy improvement to converging desired reward.50 The
success of BO relies on several factors, including the quality of the
acquisition function, the smoothness of the predictive model (or
response surface) and the dimensional complexity of the design
space.522 Uncertainty guided response surfaces play a crucial role,
as they help BO in balancing exploration of unknown regions with
exploitation of known promising predictions. BO could be a
powerful experimentation tool for guiding plasmonic sensing
discovery and optimisation, particularly due to its efficiency in
handling sparse datasets and streamlining experimental decision
making. This sets the stage for BO’s implementation across diverse
plasmonic sensing/sensing-related workflow, as illustrated in the
following examples.523

On the side of material development, BO was integrated to
deepen the understanding of gold nanorod (AuNR) growth
dynamics and reactions.524 This self-optimisation strategy
incorporates consulting the BO model to design the next set
of experiments for converging a desired UV-Vis-NIR spectrum.
Using a Gryffin framework, they explored the growth parameters
of AuNS, and targeted different methodologies for synthesising
particles with similar UV-Vis-NIR spectra. Five growth protocol
parameters were added as inputs and the UV-Vis-NIR spectra as
the output. This strategy uncovered additional growth pathways
under conditions that may have been traditionally seen as
unfavourable (such as high ascorbic acid concentrations and
high temperatures). Hence, BO was used as a predictive tool to
reveal previously overlooked parameters and alternative growth
mechanisms.

An exemplary application of BO in plasmonic sensing is
demonstrated by Giordano et al., who employed a multi-
objective BO framework to fabricate high-performance SERS
substrates.525 Their approach used BO to guide the silver coat-
ing on SERS substrate, gold nanostars, to maximise SERS
intensity and signal uniformity across the substrate. By incor-
porating spin speed and blade velocities as inputs, the BO
converged towards target outputs of high SERS signal intensity
and reproducibility. The authors accelerated the optimisation
processes for two different coating protocols of spin speed and
flow coating, by factors of 8.8x and 1.6x, respectively. In this
case BO accelerated the optimisation of SERS substrates with
high enhancement and reproducibility, underscoring its value
as an intelligent substrate tuning strategy.

Despite its strength in iterative feedback, BO faces limita-
tions in high-dimensional spaces, a challenge that shapes its
practical utility in complex plasmonic sensing schemes. BO
acts as a high bias/low variance classifier, reducing the need for
extensive hyperparameter tuning and large datasets.186 Both
examples succeeded as they worked in low-dimensional design
spaces, but in the case of larger design spaces, BO’s effective-
ness tends to decline due to increasing computational costs
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and model complexity.520,522 Therefore, such problems which
may need higher dimensionality design spaces, such as those
involving simultaneous control of substrate methodology,
inline material characterisation, and inline sensitivity optimi-
sation, may benefit from alternative algorithms better suited to
navigating expansive design landscapes.

RL is a dynamic decision-making problem-solving paradigm
built for real-time decision-making, for systems that require
continuous interaction with complex environments.526 RL typi-
cally operates within the framework of Markov Decision Pro-
cesses (MDPs), or trial-and-error exploration, where intelligent
agents interact with the environment by performing actions
and observing the resulting changes in system states. These
agents evaluate how closely each new state aligns with a desired
reward; thus, the agent refines future actions to converge on a
reward function.527–529 A key strength of RL is its ability to
exploit delayed rewards, where agents can associate current
actions with outcomes that occur much later.528 This temporal
flexibility enables RL to navigate high-dimensional, complex
tasks, which pose challenges for traditional ML feedback-loop
algorithms. RL’s decision-making architecture makes it parti-
cularly well suited for integration within the context of a closed-
loop laboratory.528 Moreover, RL’s real-time adaptability pro-
vides a powerful framework for autonomous learning and
discovery, allowing agents to explore and refine behaviours in
real time for efficient learning and discovery.

A compelling example of RL in autonomous nanomaterial
discovery is AlphaFlow.528 AlphaFlow is a closed-loop platform
designed to optimise the synthesis of core–shell semiconductor
nanoparticles. By integrating modular microfluidic processors,
AlphaFlow autonomously designs and executes experiments
without prior knowledge of the system or reaction conditions.
It performs reactions in 10 mL microdroplets and continuously
monitors them using inline spectral techniques, such as photo-
luminescence and absorption spectroscopy. AlphaFlow explored
over 1012 possible reaction sequences and autonomously per-
formed hundreds of microdroplet reactions per day over a 30-
day continuous run, more than what 100 human chemists could
perform in that time. As a result, AlphaFlow can efficiently and
iteratively refine synthesis strategies, uncover novel synthesis
routes, and eliminate unnecessary steps. Crucially, it leverages
RL’s delayed reward system, where the agent evaluates long-
term outcomes of sequential actions, learning to associate early
decisions with final product quality and system performance.

Although AlphaFlow was originally designed for quantum
dots, its methodology and integration with RL offer a powerful
framework for optimising plasmonic nanomaterials, particu-
larly in real-time material tuning and sensing applications.
Inline detectors serve as real-time environment assessment,
guiding the selection of the most promising next steps toward a
desired optical outcome.56 This technology allows RL agents to
learn experimental parameters to maximise a reward’s link to
the detector’s readout for characterising the nanomaterial’s
properties. In plasmonic sensing, RL’s strength lies in planning
sequences of decisions (or actions) that optimise the final
performance of the sensor, including parameters such as

selectivity and sensitivity. Further, RL can be leveraged for
optimising sensor readouts by incorporating the sensor read-
out into the RL feedback loop. RL has the potential to associate
NP methodologies, sample preparation and instrument opti-
mising strategies to design sensors with optimal behaviour.530

Fault detection is another possible use of RL in sensing, where
the algorithm monitors the sensor output to detect abnormal-
ities. While it has not been shown yet in plasmonic sensing,
other types of sensors have integrated this approach.531 This
provides groundwork from performance prediction to material
design for plasmonic nanosubstrates, and potential full auto-
mation with self-driving labs for chemical sensing.

6.6.2 Self-driving laboratories. SDLs are an emerging inter-
disciplinary approach which integrate automated experimental
hardware with data-driven decision-making to achieve automated
closed-loop optimisation and discovery.526,532 SDLs operate on a
spectrum of autonomy from ML-feedback loop, where synthesis
and characterisation data are used to guide the next set of
experimental conditions, while hardware is then used for auton-
omously performing and continuing this feedback loop until a
desired optimised target is achieved. The integration of engineered
hardware and software is rapidly advancing the capabilities of
chemical sensing. SDLs span a spectrum of complexity and
autonomy from simple setups using automated syringe pumps
and inline detectors for real-time measurements,56,532 to advanced
task-specific robotic systems such as benchtop units and mobile
laboratory robots. The current landscape for SDL implementation
is largely defined by piece-wise systems with limited autonomy,
but research is increasingly pushing toward closed-loop workflows
enabled by SDL.533 Robotic lab assistants have demonstrated the
potential of using robotics to perform multi-step experimental
tasks and autonomously interact with the human in the loop for
verbal cues of performing a task.534 In the context of plasmonic
sensing, SDLs could automate substrate fabrication, sample
preparation, and instrument operation.516 Semi-closed-loop
workflows serve as a critical launch pad toward fully autono-
mous, self-motivated discovery platforms capable of transform-
ing chemical sensing.

Fluidic hardware coupled with (semi)-closed-loop workflows
has been key to accelerating SDL and NP discovery.516 Contin-
uous flow synthesis enables precise reagent control, real-time
characterisation, and adaptive decision-making.516 Fluidic hard-
ware streamlines experimentation through integration into
closed-loop optimisation, linking growth reagent parameters to
optical properties via inline detectors. This feedback-driven auto-
mation allows SDLs to autonomously tune reagents and refine
colloidal NP synthesis strategies. For instance, one platform
employed a continuous-flow reactor combined with inline UV-
Vis-NIR spectroscopy to autonomously explore multiple synthesis
routes for gold nanoparticles.535 Using ML models, including RF,
Gaussian Process, and SVR, the SDL established predictive
relationships between reaction conditions and optical outcomes,
accelerating convergence toward a target LSPR. Building on these
capabilities, the AFION (Autonomous Fluidic Identification and
Optimisation Nanochemistry) platform further exemplifies the
SDL paradigm by integration microfluidic with controlled
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photochemical nanoparticle tuning.536 AFION targets specific
optical properties in real time, guiding synthesis pathways
dramatically. In just 30 experiments over 30 hours, AFION
successfully produced eight distinct nanoparticle morphologies,
including gold nanorod, Au/Ag core-shells, and tetrapods. Thus,
underscoring its strength in autonomous feedback driven synth-
esis and high-throughput morphology exploration.

Robotics have also been integrated to autonomously synthesise
gold NPs. For example a system equipped with automated liquid
handling, inline UV–Vis spectroscopy and ML for synthesis, was
able to autonomously discover five AuNP morphologies.537

Through their ML-driven decision making, the investigators com-
bined the analysis of extinction spectrum simulations with experi-
mental data to train predictive models that could forecast the
outcomes of new synthesis conditions. The robot algorithms-
controlled reaction conditions and performed B1000 experi-
ments. This system brings to light the opportunity of robot lab
assistants to perform more labour-intensive experiments.

Tracking the evolution of autonomy of SDLs from modular,
piece-wise systems to integrated closed-loop workflows reveals new
opportunities for sensing. Advanced SDL for sensing could orches-
trate substrate synthesis, sample-substrate preparation, and
application-specific optimisation within a unified framework. A
representative example is a two-step workflow: (i) automation of
the synthesis of NP and inline characterisation, followed by (ii)
inline characterisation analysis for the selection of new growth
parameters for material discovery. Spectral features, such as LSPR
shape and intensity, are directly correlated to the size, distribution
and morphology of the colloidal NP, allowing for close to immedi-
ate interpretation, feedback and refinement. To push the bound-
aries of SDL capabilities, multi-step workflows offer tandem
exploration, moving beyond NP colloidal optimisation toward
integration into sensing applications.56 SDLs enable rapid explora-
tion of multidimensional experimental spaces and can be evolved
from property tuning to functional material discovery for chemical
sensing. By controlling every step, from sensor fabrication to
deployment, SDLs offer the potential for on-demand sensor pro-
duction, addressing challenges in stability, reproducibility and
calibration issues encountered with batch-prepared sensors with
limited shelf-life.

Future research should bridge the spectrum of automation,
with (semi) closed-loop workflows serving as a critical launch
pad toward fully autonomous self-motivated discovery
platforms.533 To extend towards self-motivated system, SDLs
must expand how input-data is accessed. This could involve
incorporating toolset, such as LLMs to extract metadata from
literature figures, experimental protocols, and open-access
repositories538–540 and implementing this in fully integrated
SDLs.541 Establishing common data schemas and validation
protocols will ensure accessible inputs are machine-ready and
interoperable across discovery tools. Closing the loop on auton-
omous discovery requires feeding these insights back into the
system for iterative optimisation without manual intervention.

The ability to implement SDLs in sensing research work-
flows will require a series of advances, as only a few examples
have been reported with plasmonic sensing. The first one will

be to design sensors compatible with integrated computing
workflows, where the sensor output can be fed in the algorithm.
Not all plasmonic sensing technologies have reached this level
of computer automation and it poses a limitation in the
adoption of SDL and other ML-driven optimisation protocols.
Establishing boundaries remains necessary, as there are tech-
nical limitations to the various instruments used in plasmonic
sensing. For example, pumps have limited ranges of delivery
volumes and flow, lasers function well in a range of powers and
detectors have limitations in acquisition rates, wavelength
ranges and so on. Implementing these boundaries is necessary
to avoid optimisation in a space that is technologically impos-
sible to achieve. Finally, algorithms will need to be openly
available to the community to increase the accessibility of these
tools to researchers in the field. The potential of these
approaches is vast, and one can envision fully autonomous
decision-making plasmonic sensors, similar to what is now
possible with unmanned aerial vehicles for gas detection.542

7 Outlook

The present review offers a concise overview of the opportu-
nities emerging from the integration of sensor design with
advanced, AI-driven data-processing methodologies across a
diverse set of applications. Data processing and sensing are
inherently interconnected, as the overall performance of a
sensor relies on the accurate extraction of information from
its response. This interdependence has shown limitations, as
recent advances in sensor design have led to larger and more
complex datasets that challenge the capabilities of classical
algorithms. Taking examples from SERS, where spectral wan-
dering and intensity fluctuations are distinct spectral patterns
in single-molecule spectroscopy that cannot be efficiently cap-
tured by traditional methods. Similarly, the substantial data
volumes generated in SERS imaging experiments now exceed
the practical limits of traditional data-processing approaches.
In this context, the emergence of ML and AI provides timely
and powerful alternatives to classical data processing methods.

Despite these promising developments, AI-enabled plasmo-
nic sensing remains in its early stages, with substantial room
for advancement. Many of the studies highlighted in this review
are still at the proof-of-principle level, and significant progress
will be necessary to translate these approaches into practical
tools for end users. Such translation will require improvements
in sensitivity and specificity to increase the performance of the
sensors; enhanced explainability of the spectral features used
for decision-making as AI algorithms can be somewhat of a
black box; and improved integration of AI can be achieved with
sensor-design workflows. Another challenge is the detection of
weak signals in a large background. ML excels at analysing
strong spectral features, but sometimes the analytical signal of
interest is not the dominant feature in the spectra. A recent
approach proposed spectral unmixing, with a self-supervised
algorithm, spectral separate network (SSNet),543 which was
then applied for the detection of antibiotics.544 At the same
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time, these are merely examples of conceptual and methodo-
logical gaps that need to be filled.

Other research avenues could benefit from AI and ML in
plasmonic sensing. A major and current challenge in the field is
achieving reliable calibration in complex and dynamic environ-
ments. The community increasingly aims to develop sensors
capable of operating in clinical biofluids or in environmental
samples, enabling continuous monitoring of diseases or environ-
mental stressors, among other promising applications. Across
these use cases, sensors are routinely exposed to matrices and
environmental conditions that can induce fouling, temperature
fluctuations, or degradation of sensor components, all of which

contribute to drift in the sensor response. These factors presently
limit the deployment of sensors for long-term monitoring, as
conventional calibration schemes often fail once the sensor
response deviates from its laboratory-derived calibration. Because
the stressors affecting sensor performance are multifactorial, tradi-
tional calibration approaches are often inadequate for compensat-
ing such drift. ML, by contrast, is well suited to capturing complex
relationships between environmental perturbations and sensor
responses, offering powerful, yet still relatively underexplored,
strategies to correct drift and enhance calibration robustness.

Another fundamental challenge arises when advanced ML
algorithms are repurposed for quantitative measurements.

Fig. 9 Flow chart for the use DL in plasmonic data analysis.
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Many of these algorithms were originally developed for classi-
fication or decision-making tasks, and their direct application
to quantitative sensing introduces significant risks. Improper
model selection, inadequate training, or overfitting can lead to
erroneous sensor outputs. Exacerbating this issue is the limited
interpretability of many ML models that may prevent users
from recognising such errors, thereby undermining the relia-
bility of quantitative decisions. Potential solutions include
embedding quantitative constraints directly into ML architec-
tures or employing hybrid approaches in which ML models
extract features or preprocess data prior to applying established
quantitative algorithms. While these strategies are promising,
the deployment of ML for quantitative sensing remains an area
requiring substantial further development.

Decision-making capabilities in ML are expected to become
increasingly important as plasmonic sensors move toward real-
world deployment. One envisioned application is the continuous
monitoring of drug concentrations, where closed-loop systems
could automatically adjust dosages in response to sensor outputs
and thereby improve disease management. However, ensuring
data quality is particularly challenging when ML-based systems
are involved, and maintaining proper sensor function will be
critical for safe operation. A faulty sensor response that mimics
a low drug concentration, for instance, could lead to inappropriate
dose adjustment and potentially dangerous overdoses. Conse-
quently, the integration of explainable AI into sensor design and
data-processing pipelines will be essential to evaluate response
quality, detect anomalies, and ensure trustworthy decision-
making. Decision making is also a hallmark of sensor develop-
ment. This is an area where SDL can assist the scientist by using
AI-driven optimisation algorithms for maximising performance of
plasmonic sensors by integrating experiments and feedback loops.

While AI offers significant opportunities for plasmonic
sensing, several limitations remain. Many current sensor scien-
tists lack substantial training in chemometrics and ML, and
programming expertise is often minimal. Consequently, impro-
per model selection and training can compromise the quality and
reliability of sensor outputs. Moreover, ML approaches typically
require large, high-quality datasets, yet DL algorithms are some-
times inappropriately applied to small datasets, increasing the
risk of overfitting. Another common misconception is that ML
can compensate for low-quality data. While ML can extract
meaningful correlations from low signal-to-noise datasets, per-
formance is substantially improved when high-quality data are
available. Generating such data generally requires measurements
conducted across multiple days, instruments, reagents, and
operators to capture typical sources of analytical variability. These
standard practices, well established in analytical method devel-
opment, enhance the robustness and translatability of ML
models to practical applications. Fig. 9 presents a conceptual
workflow to guide critical evaluation of whether DL is appropriate
for a given plasmonic data analysis task.

In summary, the adoption of AI in plasmonic sensing is
poised to reshape research practices and is likely to be needed
for the translation of plasmonic technologies.545 This paradigm
shift has the potential to redefine how research is conducted,

for example through the emergence of self-driving laboratories,
which may transition the role of the sensor scientist from
predominantly hands-on experimental work to one centred on
data interpretation and critical analysis. Beyond enabling hard-
ware control and task automation in sensor design and opera-
tion, AI has already transformed data interpretation within the
field of plasmonic sensing. While its use was relatively marginal
less than a decade ago, a substantial proportion of recent
publications now incorporate AI or ML techniques for data
processing. This trend appears irreversible, and it is likely that
the vast majority of future contributions to the field will rely on
such methods. However, this integration must be approached
rigorously. Like any analytical tool, AI and ML possess inherent
limitations, and understanding these constraints is essential for
their responsible and effective use. When supported by appro-
priate training data, rigorous controls, and thorough method
validation, these approaches offer considerable opportunities to
advance plasmonic sensing. As the ML field continues to evolve,
researchers will need to remain attentive to emerging algo-
rithms (such as LLM)546 and methodological advances that
may further enhance sensor capabilities. Ultimately, although
AI has the capacity to automate numerous tasks, human intui-
tion, creativity, and critical reasoning will remain indispensable
to the continued advancement of plasmonic sensing.
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F. Jug, Three-Dimensional Electron Microscopy, 2019, vol.
152, pp. 277–289.

285 M. Weigert, U. Schmidt, T. Boothe, A. Müller, A. Dibrov, A. Jain,
B. Wilhelm, D. Schmidt, C. Broaddus, S. Culley, M. Rocha-
Martins, F. Segovia-Miranda, C. Norden, R. Henriques,
M. Zerial, M. Solimena, J. Rink, P. Tomancak, L. Royer,
F. Jug and E. W. Myers, Nat. Methods, 2018, 15, 1090–1097.

286 X. Xiao, W. Zhang, Y. Chang, S. Cao, W. He, H. Fang and
L. Yan, IEEE Trans. Geosci. Remote Sens., 2023, 61, 5524119.

287 W. Vandenberg, M. Leutenegger, S. Duwé and P. Dedecker,
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T. Livache, Talanta, 2014, 130, 49–54.

385 C. Qu, H. Fang, F. F. Yu, J. N. Chen, M. K. Su and H. L. Liu,
Chem. Eng. J., 2024, 482, 148773.

386 X. G. Zhang, Z. Q. Liu, X. Y. Zhong, J. Liu, X. H. Xiao and
C. Z. Jiang, J. Phys. D:Appl. Phys., 2021, 54, 255306.

387 Y. X. Pan, X. Liu, L. B. Qian, Y. X. Cui, X. B. Zheng,
Y. R. Kang, X. Fu, S. P. Wang, P. Wang and D. Wang, Sens.
Actuators, B, 2022, 352, 130971.

388 N. Mohseni, M. Bahram and T. Baheri, Sens. Actuators, B,
2017, 250, 509–517.

389 D. Li, Y. Dong, B. Li, Y. Wu, K. Wang and S. Zhang, Analyst,
2015, 140, 7672–7677.

390 X. Yang, J. Li, H. Pei, Y. Zhao, X. Zuo, C. Fan and Q. Huang,
Anal. Chem., 2014, 86, 3227–3231.

391 A. Fournel, M. Mantel, M. Pinger, C. Manesse, R. Dubreuil,
C. Herrier, T. Rousselle, T. Livache and M. Bensafi, Sens.
Actuators, B, 2020, 320, 128342.

392 K. C. Lee, I. C. Cho, M. G. Kang, J. Jeong, M. Choi, K. Y. Woo,
K. J. Yoon, Y. H. Cho and I. Park, ACS Nano, 2023, 17, 539–551.

Review Article Chem Soc Rev

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
6/

20
26

 3
:3

5:
20

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cs01522g


This journal is © The Royal Society of Chemistry 2026 Chem. Soc. Rev.

393 E. X. Tan, Y. X. Leong, S. H. Lim, M. W. K. Chng,
I. Y. Phang and X. Y. Ling, Nat. Commun., 2025, 16, 7095.

394 E. K. Herkert and M. F. Garcia-Parajo, ACS Photonics, 2025,
12, 1259–1275.

395 S. H. Cho, S. Choi, J. M. Suh and H. W. Jang, J. Mater.
Chem. C, 2025, 13, 6484–6507.

396 H. Chang, W. Hur, H. Kang, B.-H. Jun, H. Chang, W. Hur,
H. Kang and B.-H. Jun, Light: Sci. Appl., 2025, 14, 1.

397 S. Lee, N. A. M. Moussa and S. H. Kang, Nanomaterials,
2025, 15, 1153.

398 S. Sloan-Dennison, K. M. Scullion, B. Clark, P. Fineran,
J. Mair, S. Laing, N. C. Shand, C. Rathmell, D. Creasey,
D. Bingemann, J. Faircloth, M. Zieg, E. Varghese, C. J.
Weir, J. W. Dear, K. Faulds and D. Graham, Nat. Commun.,
2025, 16, 6223.

399 C. Jin, Z. Wu, J. H. Molinski, J. Zhou, Y. Ren and
J. X. J. Zhang, Mater. Today Bio, 2022, 14, 100263.

400 S. Subburaj, C. Liu and T. Xu, Chem. Commun., 2025, 61,
18464–18489.

401 E. X. Tan, S. X. Leong, W. A. Liew, I. Y. Phang, J. Y. Ng,
N. S. Tan, Y. H. Lee and X. Y. Ling, Nat. Commun., 2024,
15, 2582.

402 S. X. Leong, E. X. Tan, X. Han, I. Luhung, N. W. Aung,
L. B. T. Nguyen, S. Y. Tan, H. Li, I. Y. Phang, S. Schuster
and X. Y. Ling, ACS Nano, 2023, 17, 23132–23143.

403 J. R. T. Chen, E. X. Tan, J. Tang, S. X. Leong, S. K. X. Hue,
C. S. Pun, I. Y. Phang and X. Y. Ling, J. Am. Chem. Soc.,
2025, 147, 6654–6664.

404 D. Kalatzis, A. I. Katsafadou, D. Chatzopoulos, C. Billinis
and Y. Kiouvrekis, Micro, 2025, 5, 46.

405 W. Sun, J. Nan, H. Xu, L. Wang, J. Niu, J. Zhang and
B. Yang, Nano Lett., 2024, 24, 8784–8792.

406 G. Rong, Y. Xu and M. Sawan, Biosensors, 2023, 13, 860.
407 L. Bi, H. Zhang, C. Mu, K. Sun, H. Chen, Z. Zhang and

L. Chen, J. Hazard. Mater., 2025, 494, 138694.
408 Y. Liu, Y. Gao, R. Niu, Z. Zhang, G.-W. Lu, H. Hu, T. Liu

and Z. Cheng, Anal. Chim. Acta, 2024, 1332, 343376.
409 Y. Wu, J. Chen, L. Bi, Z. Zhang, X. Wang, L. Fu, Q. Yang,

J. Choo and L. Chen, Adv. Sci., 2025, 13, e16240.
410 B. L. Thomsen, J. B. Christensen, O. Rodenko, I. Usenov,

R. B. Grønnemose, T. E. Andersen and M. Lassen, Sci. Rep.,
2022, 12, 16436.

411 L. Bai, G. Fang, J. Li, W. Hasi and S. Han, Spectrochim. Acta,
Part A, 2026, 346, 126768.

412 X. Xie, W. Yu, L. Wang, J. Yang, X. Tu, X. Liu, S. Liu,
H. Zhou, R. Chi and Y. Huang, Spectrochim. Acta, Part A,
2024, 314, 124181.

413 A. S. Malinick, D. D. Stuart, A. S. Lambert and Q. Cheng,
Biosens. Bioelectron.: X, 2022, 10, 100127.
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