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Abstract: Optical sensors have undergone a significant evolution, transitioning from discrete optical
microsystems toward sophisticated photonic integrated circuits (PICs) that leverage artificial
intelligence (AI) for enhanced functionality. This review systematically explores the integration of
optical sensing technologies with Al, charting the advancement from conventional optical
microsystems to Al-driven smart devices. First, we examine classical optical sensing methodologies,
including refractive index sensing, surface-enhanced infrared absorption (SEIRA), surface-enhanced
Raman spectroscopy (SERS), surface plasmon-enhanced chiral spectroscopy, and surface-enhanced
fluorescence (SEF) spectroscopy, highlighting their principles, capabilities, and limitations.
Subsequently, we analyze the architecture of PIC-based sensing platforms, emphasizing their
miniaturization, scalability, and real-time detection performance. The review then introduces the
emerging paradigm of in-sensor computing, where Al algorithms are integrated directly within
photonic devices, enabling real-time data processing, decision-making, and enhanced system
autonomy. Finally, we offer a comprehensive outlook on current technological challenges and future
research directions, addressing integration complexity, material compatibility, and data processing
bottlenecks. This review provides timely insights into the transformative potential of Al-enhanced
PIC sensors, setting the stage for future innovations in autonomous, intelligent sensing applications.

Keywords: sensors; photonic integrated circuits; artificial intelligence; surface-enhanced raman
spectroscopy; surface-enhanced infrared absorption; surface-enhanced fluorescence

1. Introduction

Optical sensing technologies have undergone a dramatic evolution from early discrete
microsystems to today’s highly integrated smart photonic platforms [1]. Traditional optical sensors
often required standalone components (lasers, lenses, detectors) assembled in bench-top or micro-
optical setups, which limited their portability and scalability. The advent of photonic integrated
circuits (PICs) has enabled the miniaturization of these optical systems onto millimeter-scale chips
[2], drastically reducing size, weight, and alignment complexity. By amalgamating light sources,
waveguides, modulators, and photodetectors on a single chip [3,4], PIC-based sensors can be more
compact, energy-efficient, and cost-effective than their bulk optical predecessors. This integration is
especially crucial for portable and wearable applications where size and power are at a premium [5].

At the same time, artificial intelligence (Al) has begun to play a transformative role in sensing
[6-8]: machine learning algorithms are now routinely used to enhance signal processing, perform
pattern recognition on complex optical spectra, and even control sensor operations in real-time.
Marrying PIC technology with Al-driven data analysis has given rise to a new class of smart photonic
sensors that can not only detect environmental or biochemical signals, but also interpret and respond
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to them autonomously [9]. For example, modern point-of-care diagnostic devices have combined
nanophotonic sensor chips with Al-based spectral pattern recognition to identify pathogens within
minutes [10] — a task that previously required lengthy laboratory analysis. Edge intelligence is
emerging[11], whereby intensive computations are done locally at the sensor, enabling immediate
decision-making without reliance on cloud computing. This trend toward on-chip intelligence is
accelerating the development of photonic integrated circuit sensors that are Al-driven smart devices,
capable of real-time sensing and interpretation.

In the following sections, we review the landscape of optical sensor technology leading up to
this convergence (Figure 1). We first overview conventional optical sensing techniques — from
refractive index (RI) sensing, surface-enhanced infrared absorption (SEIRA) spectroscopy, surface-
enhanced Raman spectroscopy (SERS), surface plasmon-enhanced chiral spectroscopy to surface
enhanced fluorescence (SEF) spectroscopy — which laid the groundwork for current systems. We then
discuss representative applications of optical sensors in healthcare, environmental monitoring, and
chemical detection. Next, we describe the architecture of photonic integrated circuits, and introduce
the concept of in-sensor computing, where computational tasks are embedded within the sensor
hardware. Finally, we examine current research frontiers and challenges, and provide an outlook on
the future trajectory toward fully autonomous, miniaturized, and intelligent photonic sensing

systems.
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Figure 1. Optical sensing technologies toward Al-driven smart devices. RI: refractive index, SEIRA: surface-
enhanced infrared absorption, SERS: surface-enhanced Raman spectroscopy, SEF: surface enhanced

fluorescence.

2. Basic Sensing Technologies

Before the era of PICs, a rich variety of optical sensing methodologies were developed in free-
space or fiber-optic formats [12-14]. These conventional optical sensors exploited different light—
matter interaction mechanisms to detect physical, chemical, or biological quantities. Here we provide
a brief overview of several important techniques: RI-based sensors, SEIRA-based sensors, SERS-
based sensors, chiral sensors, and SEF-based sensors. Each of these approaches has distinct principles
and strengths, and they continue to inform the design of integrated photonic sensors.
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2.1. RI Sensing

Surface plasmons offer an exceptionally sensitive route to refractive-index (RI) sensing by
confining the electromagnetic field at the metal-dielectric interface [15-17]. Plasmon-based Rl sensors
combine several attractive features: high sensitivity (Figure 2a) [18,19], calibration-free operation,
real-time monitoring, and non-invasive, label-free detection. By functionalizing the sensor surface
with a thin film of biorecognition elements—for instance, antibodies, aptamers, or molecular
imprints—one can selectively capture target analytes from biological, chemical, or gaseous samples.
Upon binding, these targets alter the local RI near the plasmonic surface, which in turn shifts the
resonance wavelength, amplitude, or phase of the plasmonic mode[20]. Tracking these signal
variations provides kinetic information on molecular interactions, allowing quantitative analysis of
specificity, binding affinity, and reaction dynamics. wo key figures of merit govern plasmonic RI
sensor performance: the RI sensitivity (Swi) and the sensor’s figure of merit (FoM). Sensitivity is
defined as [21]

AL
an M
where An is the change in refractive index and 4A is the corresponding shift in resonance

S =

wavelength. The FoM normalizes this sensitivity by the resonance linewidth, typically expressed as

the full width at half maximum (FWHM), and is given by [22]
FoM = _Sw__
FWHM (2)
Higher values of Szt and FoM both indicate superior sensor performance, reflecting greater

wavelength shifts per RI unit and sharper resonance features for more precise detection.
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Figure 2. Mechanisms of photonic sensing. (a) Rl-based sensing mechanism. (b) SEIRA-based sensing
mechanism. (c) SERS-based sensing mechanism. (d) Chiral sensing mechanism. (e) SEF-based sensing

mechanism.

2.2. Surface-Enhanced Infrared Absorption (SEIRA) Spectroscopy

Infrared spectroscopy offers a uniquely powerful window into biochemical systems by
capturing the distinct vibrational “fingerprints” of their molecular constituents [23-25]. Its intrinsic
chemical specificity, coupled with label-free, non-invasive, real-time measurement capabilities, has
driven breakthroughs in fields ranging from environmental surveillance and defense to chemical
analysis and medical diagnostics. Yet traditional infrared methods suffer from inherently low
sensitivity when probing molecules whose absorption cross-sections are tiny compared to the
micron-scale wavelengths of IR light [26-28].
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Plasmonic nanoantennas remedy this mismatch by funneling and concentrating incident
radiation into nanoscale “hot spots,” where the local electromagnetic field is dramatically intensified.
This strong light-matter coupling enables detection of otherwise weak vibrational features—a
phenomenon known as surface-enhanced infrared absorption (SEIRA) spectroscopy (Figure 2b) [6].
The standard figure of merit for SEIRA performance is the enhancement factor (EF), defined as

EF = Y SEIRA N ref

I ref N, SEIRA (3)
where [sera is the vibrational absorption intensity after plasmonic coupling, Inf is the
corresponding intensity for an uncoupled (pure) molecular sample, Nseira denotes the number of
molecules located within the antenna’s electromagnetic hot spots, and Nrs is the total number of
molecules in the reference measurement. This metric thus captures both the optical “gain” provided
by the antenna and the fraction of molecules experiencing that enhancement.

2.3. Surface-Enhanced Raman Spectroscopy (SERS)

Raman spectroscopy probes the vibrational and rotational modes of molecules and crystal
lattices through inelastic scattering [29-31]. When a sample is illuminated with a laser or other
monochromatic light, its molecules vibrate and scatter photons at shifted frequencies. By measuring
the frequency shifts and intensities of this scattered light, Raman spectroscopy reveals detailed
information about molecular structure and bonding. However, because spontaneous Raman
scattering is inherently weak and often overwhelmed by much stronger Rayleigh (elastic) scattering,
its sensitivity is limited.

Surface-enhanced Raman scattering (SERS) overcomes this drawback by amplifying the Raman
signal by several orders of magnitude (Figure 2c) [32-34]. In SERS, metal nanostructures—typically
silver or gold nanoparticles—serve as “hot spots” that concentrate and enhance the local
electromagnetic field (electromagnetic enhancement) and facilitate charge transfer between the
substrate and adsorbed molecules (chemical enhancement). A SERS substrate is created by depositing
these nanoparticles onto a surface, dramatically boosting the intensity of the scattered light. The
calculation formula of SERS intensity is,

2
~ 1 | E(a)axt)E(a]det) |
S 0|E0(a)ext)E0 (wdet)

1

()

Among them, the enhancement factor (EF) scales with the square of the ratio between the
enhanced local field strength (E) and the incident field strength (Eo), evaluated at both the excitation
frequency (@ex) and the Raman detection frequency (). Thanks to its ultra-high sensitivity and
molecular selectivity, SERS has rapidly become a powerful tool for detecting trace analytes. Advances
in SERS theory, substrate engineering, and instrumentation have expanded its applications across
biomedical diagnostics, nanomaterial characterization, food safety testing, and environmental
monitoring.

2.4. Surface Plasmon-Enhanced Chiral Spectroscopy

Chiral molecules are those whose structures cannot be superimposed on their mirror images by
any combination of rotations or translations (Figure 2d) [35-37]. As a result, each chiral compound
exists as two distinct, non-overlapping forms called enantiomers. Chirality is a fundamental
characteristic found throughout nature, particularly in biomolecules: for instance, amino acids and
nucleic acids each occur as left- and right-handed versions. Although both enantiomers share
identical elemental composition and functional groups, their chemical behaviors can differ
dramatically. This distinction is especially critical in pharmaceuticals and agrochemicals, where one
enantiomer may be therapeutically active while its counterpart is inert or even harmful.
Consequently, the ability to detect and differentiate between enantiomers is essential across analytical
chemistry, biomedicine, drug manufacturing, and toxicology. Traditional techniques such as optical
rotatory dispersion (ORD) and circular dichroism (CD) spectroscopy are routinely employed to probe
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molecular chirality. However, because the helical pitch of many chiral molecules is much smaller
than the wavelength of visible light, these conventional methods often struggle to capture chiral
signals from minute sample volumes. Recent breakthroughs in nanophotonics offer promising
solutions: for example, engineered metasurfaces with chiral architectures can generate areas of
intense optical chirality and boost CD responses, thereby amplifying otherwise weak chiral
signatures.

2.5. Surface-Enhanced Fluorescence (SEF) Spectroscopy

Fluorescence detection is a cornerstone of life-science research and medical diagnostics because
it offers exceptionally low detection limits and a wide variety of fluorophores, enabling the
simultaneous monitoring of multiple biomarkers [38-40]. However, at low analyte concentrations,
the emitted fluorescence can become exceedingly weak, necessitating sophisticated, costly, and often
bulky equipment to preserve high sensitivity. Such large instruments are impractical for disease
diagnosis in resource-constrained environments. In recent years, plasmonic nanostructures
composed of noble metals have emerged as an elegant strategy to amplify fluorophore signals
without complex hardware. When illuminated, metal nanoparticles support localized surface-
plasmon resonances at their metal-dielectric boundaries, intensifying the nearby electromagnetic
field and boosting the fluorophore’s excitation rate. Simultaneously, an elevated local density of
optical states enhances the fluorophore’s emission probability, shortening its fluorescence lifetime
and raising its quantum yield. By positioning fluorophores in close proximity to conductive metal
surfaces or particles, one harnesses this surface-enhanced fluorescence (SEF) phenomenon (Figure
2e) to achieve much stronger signals with simpler, more compact platforms.

3. Applications of Optical Sensors
3.1. Refractive Index Sensing

Plasmonic refractive-index sensors have become invaluable tools in biological research and
clinical diagnostics owing to their simplicity and affordability. Unlike conventional methods such as
enzyme-linked immunosorbent assays (ELISA) or polymerase chain reaction (PCR), plasmonic RI
sensors enable noninvasive, real-time, label-free, and rapid biomarker quantification. A prominent
example is the detection of prostate-specific antigen (PSA), a key indicator used in prostate cancer
screening[41]. In healthy individuals, PSA levels typically range from 4.0 to 10 ng/mL[42], while
concentrations exceeding 10 ng/mL signal an elevated cancer risk. Early and accurate PSA
measurement is therefore critical. In 2018, Khan et al. designed a gold nanodisc array functionalized
with PSA-specific DNA aptamers (Figure 3a)[43]. By tuning the nanodisc dimensions, they achieved
a localized plasmon resonance at 646 nm. This aptamer-modified platform delivered a sensitivity of
113 nm/RIU, a detection limit as low as 1.49 ng/mL, and a dynamic range spanning 1.7-20.4 ng/mL.

Beyond protein markers, plasmonic RI sensors can also target tumor-derived exosomes —50-150
nm extracellular vesicles present in bodily fluids such as blood, urine, and saliva[44—48]—that
mediate intercellular communication by ferrying molecular cargo[49-51]. Elevated exosome levels
have been correlated with malignancy, making them promising diagnostic biomarkers. However,
traditional exosome assays often demand extensive sample purification and labeling, hindering
device miniaturization and point-of-care deployment[52]. To overcome these challenges, Lm et al.
introduced the nanoplasmonic exosome (nPLEX) assay[53], which employs periodic nanohole arrays
to induce strong surface plasmon resonances. Exosome binding shifts the resonance signal, and
quantitative analysis is performed by monitoring phase or intensity changes; matching the array
periodicity to exosome size further enhances sensitivity. Building on this, Lim and colleagues later
developed the amplified plasmonic exosome (APEX) platform (Figure 3b)[54], which uses localized
optical deposition and in situ enzymatic transformation on bilayer plasmonic nanostructures for
multiplexed exosome profiling. This approach achieves a sensitivity of approximately 200 exosomes
and can distinguish between exosome-bound and unbound amyloid  populations directly in blood,
offering a minimally invasive means to assess cerebral plaque burden in Alzheimer’s disease.
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The COVID-19 pandemic has underscored the urgent need for rapid, reliable diagnostics[55],
particularly in resource-limited settings where shortages of medical infrastructure can hinder
containment efforts and increase morbidity and mortality among vulnerable populations[56,57].
Although numerous antigen- and antibody-based assays have been developed for SARS-CoV-2
detection[58,59], plasmonic RI sensors stand out for their label-free, real-time operation[60-63]. For
instance, Funari and colleagues engineered a gold-nanospike optofluidic platform that exploits
localized surface plasmon resonance (LSPR) to detect anti-spike protein antibodies in plasmon[64].
Antigen—antibody binding alters the local refractive index around the nanospikes, producing a
measurable red shift in the LSPR peak; this system achieves a sensitivity of 183 nm/RIU and a
detection limit of 0.5 pM[65-67]. Similar plasmonic RI approaches have since been applied to the
detection of other viral targets, demonstrating the broad applicability of this technology.

Despite their sensitivity, conventional plasmonic setups often rely on high-performance
spectrometers that are bulky, costly, and complex—obstacles to widespread adoption in point-of-
care and field settings. To address these limitations[68,69], researchers have developed spatial-
multiplexing metasurfaces that encode refractive-index changes as variations in far-field intensity
patterns. By illuminating a gradient or pixelated metasurface with narrowband light and capturing
its position-dependent scattering with a simple camera[70], one can monitor analyte binding events
through real-time intensity shifts, obviating the need for precision spectrometers[71-73]. This
strategy has yielded remarkably sensitive and streamlined sensing platforms. For example, Ansaryan
et al. introduced a label-free nanoplasmonic imaging system that maps single-cell secretions in a
microwell array (Figure 3c)[74]: gold nanohole arrays support the plasmon resonances, and a
complementary-metal-oxide camera records intensity changes driven by molecular attachment.
Coupled with machine-learning-based image analysis, this approach enables high-throughput,
spatiotemporal monitoring of hundreds of individual cells, paving the way for parallelized, real-time
molecular diagnostics.

Optical fibers have emerged as a powerful platform for biosensing in early medical diagnostics
due to their low cost, mechanical flexibility, compact form factor, immunity to electromagnetic
interference, and suitability for remote monitoring. However, their inherently modest sensitivity has
posed a major challenge for detecting low-abundance biomarkers. To address this, researchers have
harnessed localized surface plasmon resonance (LSPR) in metallic nanostructures to amplify the
evanescent field at the fiber surface, markedly boosting sensor performance.

Building on these advances, plasmonic optical microfiber biosensors have been shown to detect
individual biomolecules and nanoparticles ranging from roughly 50 to 500 nm in diameter[75-79]. In
a notable extension of this concept, Huang and colleagues engineered a dual-amplification interface
that couples plasmonic enhancement with an aptamer-driven conformational switch (Figure 3d).
This design enables single-molecule sensing of small targets such as dopamine in complex biological
fluids[80] —achieving detection limits down to approximately 1.3 attomolar in cerebrospinal fluid,
1.5 attomolar in whole serum, and 0.5 attomolar in artificial sweat. By simply exchanging the aptamer
sequence, the same platform can be adapted to sense a wide variety of other small molecules and ions
at the single-molecule level[81-84].
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Figure 3. Rl-based sensing applications. (a) RI-based sensors for subtyping of circulating exosome-bound
amyloid f reflects brain plaque deposition[43]. (b) RI-based sensors for label-free immunoassay boosting[54]. (c)
RI-based sensors for high-throughput spatiotemporal monitoring of single-cell secretions[74]. (d) RI-based

sensors for single-molecule and noninvasive dopamine detection[80].

3.2. Surface-Enhanced Infrared Absorption Spectroscopy

Although refractive index (RI) sensors offer user-friendly operation and high sensitivity, they
are inherently limited by the fact that shifts in resonant frequency alone cannot reveal molecular
identity, constraining their ability to distinguish between different analytes. Infrared absorption
spectroscopy addresses this shortcoming by providing chemical-specific information via
characteristic spectral fingerprints. Yet, the inherently low absorption cross-section of most molecules
renders conventional infrared techniques insufficiently sensitive for detecting trace
concentrations[85,86]. Surface-enhanced infrared absorption (SEIRA) spectroscopy overcomes this
barrier by exploiting plasmonic enhancement to amplify weak molecular signals[87-89]. First
observed by Hartstein and colleagues in 1980 using randomly distributed metal island films[90], early
SEIRA platforms suffered from non-resonant enhancement and modest field amplification (typically
on the order of 1071-10"2)[91,92]. The advent of engineered metasurfaces—with their precisely
defined, periodic geometries —has revolutionized SEIRA®-7], enabling higher and tunable resonance
enhancement. Advances in micro- and nanofabrication have yielded a rich variety of metasurface
motifs, including asymmetric crosses[98,99], split-ring resonators[100], and fractal
architectures[101,102], each offering tailored control over electromagnetic fields to boost SEIRA
performance. Nonetheless, these designs often remain constrained by human intuition, favoring
simple two-dimensional geometries over potentially richer, multidimensional configurations[103].

Maximizing the spatial overlap between target molecules and the intense near-field “hot spots”
around nanoantennas is equally crucial for SEIRA sensitivity. A significant portion of the enhanced
field typically resides within the underlying dielectric substrate, limiting direct interaction with
analyte molecules. To address this, researchers have developed nanopedestal platforms by etching
away portions of the dielectric[104-106], thereby elevating the plasmonic elements into free space
and increasing the overlap between molecules and hot spots. Compared to planar nanoantennas,
these nanopedestals can deliver a 2.5-10-fold improvement in SEIRA sensitivity[105], further
augmented by their passive ability to capture and concentrate analytes[107]. Alternatively, coating
nanoantenna surfaces with molecule-enriching layers or functionalizing them with specific probe
ligands has proven effective for selective adsorption of proteins, nucleic acids, and lipids in liquid
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environments. Such chemical tailoring enables dynamic, real-time SEIRA detection of low-
abundance biomolecules, broadening the technique’s applicability in biosensing and diagnostics
(Figure 4a)[85,108-113].

Machine learning has accelerated advances in SEIRA spectroscopy (Figure 4b) [114-116]. For
instance, Kavungal et al. combined an immunoassay with a nanoplasmonic infrared metasurface to
selectively detect proteins implicated in neurodegenerative disorders[117]. By training an artificial
neural network on the sensor’s spectral response, they achieved highly accurate quantification of
complex mixtures containing both oligomeric and fibrillar aggregates. While SEIRA offers powerful
insights into molecular dynamics, conventional infrared spectroscopy often struggles to disentangle
overlapping vibrational bands. To address this, Zhou et al. engineered vertically stacked infrared
nanoantennas that harness the hybridization between localized surface plasmons and surface phonon
polaritons (SPhPs) [118]. Operating within the Reststrahlen band, these SPhPs exhibit extreme
refractive-index sensitivity; when paired with deep-learning algorithms, this platform can
deconvolve strongly overlapping vibrational signatures arising during biological reactions.

In parallel, several strategies have emerged to push SEIRA sensitivity even further. Optimization
of plasmonic loss profiles[119-121] and the synthesis of complex-frequency excitation
waveforms[122] have both demonstrated appreciable gains in signal strength. Meanwhile, molecular-
enrichment coatings have proven highly effective for trace-gas detection[123-127]. For example,
Zhou et al. applied a ZIF-8 film to capture and concentrate gas molecules on the sensor surface,
yielding a significant boost in sensitivity (Figure 4c) [128]. Building on this approach, they
subsequently employed MOF/polymer hybrid films to drive the CO, detection limit down into the
sub-parts-per-million regime[129].

Enhancing spectral bandwidth is another key objective in SEIRA, since broadband
measurements capture richer molecular fingerprints for more precise identification and retrieval. To
this end, a variety of metasurface architectures have been proposed to realize broadband or
multiband plasmonic resonances, including fractal geometries[101,102,130], self-similar
scaffolds[131,132], asymmetric resonators[98], gradient metasurfaces[133,134], and supercell
designs[116]. A common approach is to co-locate nanoantennas tuned to different frequencies within
a single unit cell[135]; however, as antenna density increases, so does inter-antenna coupling.
Supercells—arrays of 16 hook-shaped nanoantenna sub-cells with gradually varying dimensions—
effectively suppress this coupling and yield a continuous resonance spanning 6-9 um (Figure 4d)
[116]. Alternatively, stitching discrete resonances into a contiguous spectrum via spatial multiplexing
establishes a one-to-one mapping between wavelength and position, enabling spectrometer-free
detection[136-139], though at the expense of larger device footprints. To overcome this trade-off, Li
et al. applied coupled-mode theory to design an overcoupled metamaterial absorber that delivers
uniform enhancement across 6-14 um, allowing fingerprint retrieval of 13 analytes with a single
metasurface array for the first time (Figure 4e) [115]. The broadband performance of such
overcoupled resonators has since been further validated by Paggi et al. [140]
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strongly detuned overcoupled plasmonic nanoantennas[115].

3.3. Surface-Enhanced Raman Spectroscopy

Raman spectroscopy serves as an invaluable complement to infrared absorption techniques.
Although both probe molecular vibrations, infrared spectroscopy measures absorption while Raman
relies on inelastic light scattering. Moreover, the strong absorption of mid-infrared light by water
severely limits IR-based measurements in aqueous environments, whereas water’s inelastic Raman
scattering cross section is negligible. Consequently, Raman methods can capture vibrational
fingerprints in high-water-content contexts —such as biological fluids or intracellular milieus—where
infrared fails. Yet, the inherently weak Raman cross sections of most molecules impede detection at
low concentrations. SERS overcomes this limitation by exploiting plasmon-mediated electric-field
amplification (and, in some cases, chemical enhancement) to boost Raman signals of trace analytes.
First observed serendipitously by Fleischmann and colleagues—who noted dramatically increased
Raman intensity of pyridine on roughened silver electrodes—SERS has since evolved into a robust
technique celebrated for its ultra-high sensitivity and molecular specificity, with applications
spanning surface/interface chemistry, life sciences, clinical diagnostics, food safety, and
environmental monitoring.

Surfaces and interfaces underpin critical phenomena in heterogeneous catalysis,
electrochemistry, and photo(electro)chemistry, yet elucidating their molecular-scale behavior
demands techniques with exceptional surface sensitivity. SERS excels in this regard. For example, Yu
et al. introduced a depth-sensitive, plasma-enhanced Raman approach to probe both the
nanostructure and chemical composition of the solid-electrolyte interphase (SEI) on lithium metal
anodes (Figure 5a) [141]. Their dynamic, molecular-level insights into SEI formation and evolution
offer a powerful guide for engineering more stable and higher-performance battery interfaces.
Beyond energy storage, the combination of high spatial resolution and sub-nanometer hot spots in
SERS substrates enables nanoscale chemical mapping and even single-molecule optomechanical
studies.
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The rich vibrational fingerprints accessible via SERS also pave the way for “photonic noses” and
“photonic tongues.” Inspired by biological olfaction, Kim et al. fabricated an array of eight SERS
substrates, each functionalized with a unique self-assembled monolayer, to create a receptor-agnostic
sensing platform. By capturing multifaceted spectral signatures, this artificial-nose design achieves
high-accuracy discrimination of complex biological samples without relying on target-specific
receptors. Similarly, Leong et al. developed a breathalyzer based on SERS for non-invasive COVID-
19 screening, demonstrating 96.2% sensitivity and 99.9% specificity (Figure 5b) [142]. Extending SERS
into liquid sensing, Ling and colleagues engineered a “SERS taster” for multiplexed analysis of wine
aromas (Figure 5c¢) [143]. By integrating multiple non-covalent receptor chemistries and constructing
comprehensive “SERS superprofiles,” they achieved predictive flavor analytics via chemometric
modeling. Together, these advances underscore SERS’s versatility in delivering molecular-level
insights across both dry and liquid environments, and they highlight its central role in next-
generation photonic sensing platforms.

The inherent rigidity of conventional SERS substrates poses a fundamental challenge for
wearable applications on soft, dynamic biological surfaces. To bridge this mechanical mismatch,
recent efforts have focused on engineering flexible, skin-conformable SERS platforms. For example,
Wang et al. developed a stretchable plasmonic metasurface sensor that seamlessly integrates a
flexible SERS-active metasurface with a compliant microfluidic system for continuous sweat
sampling (Figure 5d) [144]. By harvesting analytes directly from epidermal sweat and exploiting each
molecule’s unique Raman fingerprint, this device enables non-invasive, real-time molecular
profiling. Building on this concept, Mogera et al. introduced a plasmonic-paper-based microfluidic
wearable that concurrently quantifies sweat volume, rate, and metabolite concentrations (Figure 5e)
[145]. Their integrated sensor achieves sensitive detection of uric acid down to 1 uM in perspiration,
demonstrating the promise of flexible SERS wearables for personalized health monitoring, point-of-
care diagnostics, and responsive drug delivery systems.

Beyond human health, SERS has found emerging application in plant physiology and
agricultural management. Plants under biotic or abiotic stress secrete signaling metabolites—such as
salicylic acid, extracellular ATP, phytoalexins, and glutathione—that govern defense pathways.
Traditional assays often require destructive sampling, hindering real-time assessment. Addressing
this, Son et al. introduced SERS nanoprobes into the plant apoplast to non-invasively track
endogenous signaling molecules in situ (Figure 5f) [146]. Their approach successfully detected key
stress markers in living nasturtium, wheat, and barley, providing dynamic insights into plant
responses. Moreover, SERS platforms have been leveraged to monitor pesticide residues, illicit
additives, and mycotoxins on harvested produce. Collectively, these advances highlight SERS’s
versatility as a high-sensitivity, surface-specific tool for precision agriculture, where rapid, on-site
analysis can optimize crop health, resource utilization, and yield quality.
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Figure 5. SERS-based sensing applications. (a) SERS-based nanosensor for resolving nanostructure and
chemistry of solid-electrolyte interphase on lithium anodes[141]. (b) Noninvasive and point-of-care SERS-based
breathalyzer[142]. (c) SERS-based nanosensor for multiplex profiling of wine flavors[143]. (d) Wearable
plasmonic-metasurface sensor[144]. (e) SERS-based nose for high dimensionality fingerprinting[145]. (f) SERS-

based nanosensor for the real-time monitoring of multiple stress signalling molecules in plants[146].

3.4. Surface Plasmon-Enhanced Chiral Spectroscopy

Differentiating enantiomeric species is vital across biomedical, pharmaceutical, and chemical
analyses, yet traditional circular dichroism (CD) spectroscopy suffers from intrinsically weak
signals—often on the order of 10°. To overcome this, chiral plasmonic architectures have been
developed to amplify CD responses. In 2018, Zhao et al. introduced planar plasmonic metamaterials
with enantiomorphic patterns that significantly enhance CD detection of diverse proteins (Figure 6a)
[147]. Building on this concept, Kadodwala and co-workers fabricated arrays of metallic “gamma”
motifs in left- or right-handed orientations[148]. These arrays convert incident linearly polarized light
into elliptically polarized modes of fixed handedness; when chiral biomolecules adsorb, the
refractive-index—sensitive plasmon resonance shifts differently under left- versus right-circularly
polarized excitation, yielding a differential signal. Such plasmonic enhancement can boost chiral
sensitivity by up to six orders of magnitude compared to conventional CD. Later, the same group
designed shuriken-shaped metasurfaces that further improve chiral asymmetry and spatial
confinement, enabling sensitive detection of viruses[149], antibodies[150], and peptide
assemblies[151]. All-dielectric nanostructures have also been employed to generate strong, uniform
chiral near fields (Figure 6b—c) [152,153], offering an alternative route to plasmonic approaches.

While most CD measurements reside in the ultraviolet-visible-near-infrared range—where
molecular electronic transitions give stronger signals—these wavelengths often lack the detailed
structural insight needed to distinguish complex chiral mixtures. Extending CD into the mid-infrared
to access vibrational circular dichroism (VCD) addresses this gap by probing chiral vibrational
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transitions[154]. However, VCD signals are inherently 10>-10° times weaker than electronic CD,
limiting sensitivity. Plasmonic platforms offer a solution: Chanda’s team demonstrated a four-order—
of-magnitude enhancement of VCD using an achiral plasmonic substrate[155], and subsequent
tuning of the same system achieved up to 10'3-fold sensitivity gains. To elucidate the mechanism
behind this dramatic amplification, Xu et al. explored the relationship between near-field coupling
and far-field CD. By selectively masking nanogaps in a four-resonator metamaterial and
systematically varying coupling strength, they confirmed that intensified chiral near fields drive the
far-field CD response[156]. Capitalizing on these insights, Xu and colleagues then developed a
plasmonic chiral metamaterial platform for surface-enhanced VCD, demonstrating the first label-free
discrimination of protein secondary structures and the direct analysis of chiral mixtures via enhanced
VCD spectroscopy (Figure 6d) [157]. This work charts a path toward ultra-low—volume, high—
sensitivity chiral detection with molecular structural resolution.

Raman optical activity (ROA) has recently gained traction as a complementary chiral-
spectroscopy modality, particularly for aqueous samples that strongly absorb in the mid-IR and thus
challenge VCDI[158]. Like ROA, however, its inherently weak signal necessitates enhancement
strategies. Early theoretical groundwork by Efrima in 1983 first established the feasibility of surface-
enhanced ROA and introduced the foundational treatment of substrate-induced modifications to
molecular response tensors. Building on this, Janesko et al. formulated an electromagnetic-
enhancement model that elegantly marries the standard ROA formalism with plasmon-mediated
field amplification[159]. Experimentally, Sun and colleagues exploited silver chiral nanowires as
plasmonic waveguides to boost ROA intensities, enabling clear discrimination of Raman responses
under left- versus right-circularly polarized excitation and thus precise determination of molecular
chirality and conformation[160]. More recently, Ostovar’s team identified a chiral-transfer
mechanism whereby achiral nanoparticles, upon interaction with adjacent chiral species, undergo
symmetry breaking in their excitation fields; this asymmetry between LCP and RCP absorption
manifests as a detectable ROA signal even from nominally achiral substrates[161].

Extending circular-dichroism techniques into the terahertz (THz) regime promises access to both
vibrational and rotational signatures of biomacromolecules, but the lack of efficient THz polarization
modulators has long stymied terahertz circular dichroism (TCD) spectroscopy[162]. Innovations in
nonlinear metasurfaces are now overcoming this barrier: Choi et al. employed kirigami-patterned
plasmonic sheets whose tunable mechanical deformation yields over 80° of polarization rotation
across thousands of actuation cycles, enabling dynamic modulation of THz circular polarization[163].
In parallel, McDonnell and colleagues developed a broadband THz emitter based on Pancharatnam-—
Berry—phase nonlinear metasurfaces, which affords simultaneous control of the emitted wave’s phase
and handedness[164]. Leveraging these modulators, they demonstrated bona fide TCD
measurements, unlocking the capability to detect chiral phonon modes in biomolecular crystals[165]
and opening vistas for THz-enabled studies of biochemical dynamics and medical diagnostics[166].
Looking ahead, tunable chiral metasurfaces assembled via colloidal self-organization (Figure 6f)
[167] offer additional degrees of freedom, heralding a new generation of reconfigurable TCD
platforms.
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Figure 6. Chiral sensing applications. (a) Chirality detection of enantiomers using twisted optical
metamaterials[147]. (b) Accessible Superchiral Near-Fields Driven by Tailored Electric and Magnetic Resonances
in All-Dielectric Nanostructures[152]. (c) Enantioselective sensing by collective circular dichroism[153]. (d)
Expanding chiral metamaterials for retrieving fingerprints via vibrational circular dichroism[157]. (e) On-
demand design of chiral metamaterials[162]. (f) Mechano-tunable chiral metasurfaces via colloidal
assembly[167].

3.5. Surface Enhanced Fluorescence Spectroscopy

Surface-enhanced fluorescence (SEF) harnesses plasmonic near-fields to dramatically amplify
molecular emission, enabling detection and imaging down to the single-molecule level. The
phenomenon was first observed in the 1960s by Drexhage et al., who correlated fluorophore decay
rates with its distance from a metallic film[168]. Building on this, Lakowicz, Geddes, and coworkers
conducted extensive studies throughout the 1980s and "90s, demonstrating that roughened silver
island films could both enhance fluorescence intensity and modify lifetimes[169-174]. With advances
in colloidal synthesis, well-defined noble metal nanoparticles—spheres, rods, shells, and bowties—
have supplanted island films as SEF substrates[175-181]. In a landmark experiment, Kiihn et al. used
a scanning-probe tip to position a single dye molecule adjacent to a solitary gold nanoparticle,
achieving over 20x fluorescence enhancement[182]. Recognizing the need for directional plasmon
modes, later designs employed nanoshells, nanorods, nanopores, and bowtie antennas to concentrate
fields in sub-10 nm gaps, yielding substantially higher enhancements[183-188]. For example, Xiong
and colleagues exploited photonic-crystal cavities to boost quantum-dot emission and suppress
blinking —key improvements for biosensing platforms (Figure 7a) [40]. Kinkhabwala’s team further
pushed enhancement limits by fabricating 14 nm-gap gold bowties via electron-beam lithography,
reporting up to 1,340x fluorescence gains for dyes located in the nanogap.

Single-molecule sensitivity remains a signature application of SEF. In 2007, Lakowicz et al.
detected individual rhodamine molecules on silver island substrates, observing a 7x intensity
increase and reduced lifetime[189]. Orrit’s group subsequently demonstrated wet-chemical synthesis
of gold nanorods that rival lithographic components, achieving >1,000x enhancement of crystal violet
fluorescence with a 2% quantum yield[188]. More recent innovations include plasmonic “add-on”
labels that integrate seamlessly with existing bioassays to boost signal-to-noise and dynamic range
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without altering protocols (Figure 7b) [190]. Lin et al. introduced a multiplexed enhanced-
fluorescence microarray immunoassay (eFMIA) built on nanostructured gold nanoislands, which
macroscopically amplified near-infrared emission of IRDye78 by 202.6x (Figure 7c) [191]. Together,
these advances underscore SEF’s transformative potential for ultra-sensitive fluorescence diagnostics
and high-throughput biosensing.

Detection of amino acids and proteins via SEF holds great promise for early disease risk
assessment, given the fundamental role of amino acids as protein building blocks. Lakowicz and co-
workers pioneered the use of aluminum-nanoparticle substrates for label-free amino-acid sensing,
achieving up to a 3,500-fold enhancement when fluorophores align perpendicularly to the metal
surface[192]. They further demonstrated significant fluorescence boosts for intrinsic tryptophan and
tyrosine emissions on aluminum nanoparticles. Geddes’s group extended SEF to protein detection,
initially profiling erythrin and algal proteins on roughened metallic films and later recombinant
targets. More recently, aptamer-based sensors have emerged as a versatile platform: Chen et al.
engineered a bivalent DNA-aptamer labeled with FITC and anchored to silver nanoparticles,
minimizing dye-nanoparticle separation and yielding a sensitivity three orders of magnitude greater
than conventional homogeneous assays, with an LOD of 1.25 pM[193]. These advances underscore
SEF’s potential for ultra-sensitive biomarker assays and early diagnostic applications.

Beyond static detection, SEF is increasingly applied to monitor single-molecule reaction
dynamics. Li and colleagues utilized a plasmonic nanocavity to co-enhance fluorescence and Raman
signatures of individual rhodamine B isothiocyanate molecules (Figure 7d) [194]. By tracking shifts
in the fluorescence emission band due to conformational changes and simultaneously identifying
transient reaction intermediates via their Raman fingerprints, they achieved real-time, single-
molecule resolution of photochemical cleavage mechanisms. This correlative spectroscopy approach
provides unprecedented insight into reaction pathways at the molecular level[195-197].

SEF’s utility extends to microbiological detection, a critical need in public-health surveillance.
Lakhtakia’s team first reported SEF-based E. coli detection on porous metal-engraved films (Ag, Al,
Au, Cu), achieving ~20x fluorescence enhancement over glass substrates[198]. Knoll et al. improved
upon this by employing mixed-thiol SAMs on gold to support long-range surface plasmons, detecting
E. coli down to <10 CFU/mL across a 10-10° CFU/mL range. The COVID-19 pandemic has further
accelerated SEF viral diagnostics: Hu et al. developed nanostructured gold chips for multiplexed
antibody profiling against SARS-CoV-2 variants, reaching a 20 fM detection limit—over 100x better
than glass[199]. Zhu and co-workers then introduced in-frame gold-nanoparticle arrays paired with
microplate readers to quantify nucleocapsid protein at 44 fg-mL-! within 3 min, and, with single-
molecule counting, pushed sensitivity to 0.84 ag-mL- [200]. These breakthroughs highlight SEF’s
transformative role in rapid, ultrasensitive pathogen detection for disease monitoring and control.
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Figure 7. SEF-based sensing applications. (a) Single quantum dot digital resolution biosensing[40]. (b)

P

Ultrabright fluorescent sensors for the femtomolar detection of analytes[190]. (c) A near-infrared fluorescence-
enhanced plasmonic biosensing microarray[191]. (d) Real-time detection of single-molecule reaction by

plasmon-enhanced spectroscopy[194].

4. Photonic Integrated Circuits and In-Sensor Computing
4.1. Photonic Integrated Circuits (PICs)

The rapid downsizing of electronic components to the submicron scale has brought about
remarkable increases in computing power, coupled with significant cost reductions. As the
microelectronics industry continues its journey towards smaller devices, it becomes increasingly
plausible that both physical and economic constraints associated with top-down silicon technology
will soon impose limitations on further progress. To overcome these limitations and meet the
anticipated demands of future society, revolutionary breakthroughs, rather than incremental
advances, are imperative. A promising avenue involves a paradigm shift from electronic signals to
light. However, utilizing electromagnetic waves as information carriers in optical signal-processing
devices and integrated circuits faces a formidable challenge — the limited integration and
miniaturization available. This challenge is intricately linked to the diffraction limit of light in
dielectric media, preventing the confinement of electromagnetic waves into nanoscale regions
significantly smaller than the wavelength of light. Addressing this issue requires innovative
approaches, and one captivating method involves leveraging the unique properties of plasmonic
nanomaterials. Consequently, proposals for photonic components and electronic circuits based on
localized plasmonic resonance have surfaced, demonstrating potential in tackling the scalability and
performance challenges associated with future plasmonic integrated circuits (Figure 8a). This
approach holds the promise of achieving all-optical processing of optical signals, thereby enhancing
speed, bandwidth, and the overall capacity of information technology. Simultaneously, it presents an
opportunity to reduce costs and power consumption, aligning with the evolving needs of future
communication, computing, sensing, and other fields. This section provides an overview of recent
strides in integrated electronic circuits grounded in plasmonic properties, encompassing plasmonic
lasers, plasmonic gates, plasmonic modulators, plasmonic detectors, and plasmonic switches.

Optical logic gates are a part of the field of optical computing, which utilizes the principles of
optics and photonics to manipulate light and perform logical operations similar to their electronic
counterparts. Fang and colleagues reported a new method of optical modulation and logic based on
organic/metal nanowire heterojunctions[201]. By coupling exciton polaritons in organic nanowires
and surface plasmons in metal nanowires, the intensity of the output signal can be modulated (Figure
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8b). The organic/metal nanowire heterojunctions are selectively grown on the end of silver nanowires
by physical vapor transport (Figure 8b-LII). By changing the polarization direction of the incident
laser, the absorption coefficient of the organic nanowire is adjusted, which affects the number of
exciton polaritons in the organic nanowire and thus the intensity of the surface plasmons excited at
the heterojunction, ultimately achieving modulation of the output signal intensity of the metal
nanowire. 1 and 0 are defined according to the intensity of scattered plasmons. These four images
(Figure 8b-III-VI) represent the four combinations of Boolean logic inputs: (1, 1), (1, 0), (0, 1), and (0,
0). In essence, a basic logic gate comprises two input ports (I1 and 12) and one output port (O). The
gate's functionality is determined by the scattered plasmon intensity at the O port under varying
input conditions (Figure 8b-VII). Utilizing an intensity threshold, such as 0.4 au (T1), enables the
realization of OR and AND logic operations. For instance, with the intensity threshold set at 0.4 au,
MM=112=1)yields O=1, (I1 =1, 12 =0) results in O =1, and (I1 = 0, 12 = 1) produces O =1,
demonstrating the OR gate behavior.

As for the light source in photonic circuits, it is required to be tunable and miniaturized. The
Burstein-Moss (BM) effect is a phenomenon in which the apparent band gap of a semiconductor is
increased as the absorption edge is pushed to higher energies as a result of some states close to the
conduction band being populated. The BM effect has been used to realize lasers by increasing the
carrier concentration in the semiconductor material, which in turn increases the population of
electrons in the conduction band. For instance, Liu and colleagues reported on a novel method to tune
the lasing wavelength of a single semiconductor nanowire by using the plasmon-enhanced BM effect
(Figure 8¢)[202]. The hybrid device consists of a single CdS nanowire placed on a thin SiO: layer over
a Au film (Figure 8c-I). By varying the thickness of the SiO2 layer, the coupling strength between the
plasmons and the excitons is controlled, and thus the magnitude of the BM shift. They demonstrated
that the lasing wavelength of the CdS nanowire laser can be tuned from 504 nm to 483 nm at room
temperature by using the plasmon-enhanced BM effect. They also showed that the PL intensity and
decay rate of the CdS nanowire are increased by the plasmonic coupling, indicating enhanced
quantum efficiency.

Modulators in photonic circuits are also required to be miniaturized. Resonant modulators can
be very compact. a device with a footprint as small as 78 um? has already been demonstrated [203].
Plasmon can further miniaturize the resonant device size. Melikyan and colleagues developed a high-
speed plasmonic phase modulator (PPM) that can encode information in the phase of surface
plasmon polaritons at a bit rate of 40 Gbit s and the device length is only 29 pm (Figure 8d) [204].
The PPM consists of two metal tapers that perform the photonic-to-plasmonic mode conversion and
a phase modulator section located between them (Figure 8d-I). The metal taper narrows with an
angle of 15° and is used as an interface between the silicon photonics and plasmonics. Light guided
through the silicon nanowire efficiently excites the plasmonic resonant via the metal taper. The
plasmonic resonance is then guided into the phase modulator section, which consists of two metal
pads separated horizontally by a nanometre-scale vertical slot. The slot is filled with a nonlinear
organic material, the refractive index n of which can be changed via the Pockels effect by applying a
static electric field U/wgap (modulating voltage U, gap width wgap). By modulating the refractive index
of the polymer in the slot, the information is encoded in the phase of the plasmonic resonance. At the
end of the modulator section, the plasmonic resonance is back-converted into a photonic mode. With
appropriate lumped elements (Figure 8d-II), the PPM operates across a 120-nm-wide wavelength
range centred at 1,550 nm. It also has a flat modulation frequency response up to at least 65 GHz and
a thermal stability up to 85 °C.

In terms of plasmonic detectors, the issues mainly focus on ohmic losses and integration
challenge. First, the plasmonic signals are attenuated by the scattering and absorption of electrons in
the metal layers, limiting the signal transfer distances to the sub-centimeter range. Then, the
plasmonic detector needs to be compatible with electronic and photonic circuits, and to overcome the
size mismatch between the plasmonic modes and the conventional optical modes. One promising
solution is the integration of a metal-insulator-metal (MIM) waveguide with an inherently fast
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nanoslit metal-semiconductor-metal (MSM) photodetector, as demonstrated by Neutens and
colleagues (Figure 8e-I)[205]. The MSM detector acts as both a contact and a coupler for the plasmons.
The detector has a very fast photoresponse and a high signal-to-noise ratio, making it suitable for
high-bandwidth applications. According to the polarization-dependent and spectral measurements,
the detector has a e decay lengths of 3.5 um for a free-space wavelength of 660 nm to 9.5 um for 870
nm (Figure 8e-II).

The primary function of an optical switcher is to selectively route optical signals from one input
port to one or more output ports. Plasmonic optical switchers leverage the unique properties of
plasmonic materials to provide advantages such as subwavelength-scale operation, high-speed
performance, enhanced light-matter interaction, integration with electronics, miniaturization,
tunable properties, and potentially lower energy consumption. These devices operate on the
nanoscale, enabling compact and efficient optical circuits, while their rapid response to surface
plasmon resonances supports ultrafast switching for applications requiring high-speed data
transmission. Additionally, the tunability of plasmonic materials and their integration with electronic
components contribute to the adaptability and versatility of these optical switchers. For instance, the
resonance coupling between gold nanorods and photochromic dye molecules can be used to switch
the light, as demonstrated by Ming and colleagues (Figure 8f)[206]. The switch consists of gold
nanorods deposited on glass slides, coated with mesostructured silica thin films containing
photochromic dye molecules. The structure is designed to enable plasmonic-molecular resonance
coupling. The switch operates by monitoring the scattered light from single gold nanorods. UV light
illumination induces a reversible change in the dye molecules, which affects the plasmon resonance
wavelength and intensity, enabling the switching action (Figure 8f-LII). The modulation depth of the
resonance coupling-based single-nanorod plasmonic switch reaches 7.2 dB, and the number of the
photochromic molecules that are actively involved in the switching process is estimated to be ~17000.
The estimated laser power and energy required for operating a single-nanorod plasmonic switch are
~13 pW and ~39 pJ, respectively.
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functionality on small wafer footprints[207]. (b) Plasmonic logic gates as basic components of digital
circuits[201]. I: TEM image of the device. II: SEM image. III-VI: Photoluminescence microscopy images using
four distinct combinations of polarized inputs. The polarisation directions of the two laser beams are denoted
by red arrows. The values 1 and 0 were assigned based on the intensities of the scattered surface plasmon
polaritons. VII, VIII: A fundamental logic gate featuring dual inputs and a single output signal is constructed.
The optical logic operations, encompassing AND and OR gates, are succinctly summarized, along with the
scattering spectra of plasmons at the O-terminal under excitations denoted in (III-VI). T1 and T2 denote the
thresholds for the OR and AND gates, respectively. (c) Plasmonic laser as a nanolight source[202]. I: Schematic
representation of the laser. II: Working mechanism. (d) Plasmonic modulator as an adaptor[204]. I: Schematic
representation of the modulator. II: Lumped element model of the modulator. (e) Plasmonic detector as an
interface to an electric circuit[205]. I: Schematic representation of the detector. II: Spectral responses of the
detectors. (f) Plasmonic switcher[206]. I: A schematic illustration depicting a plasmonic switch that operates
through resonance coupling between a solitary gold nanorod and photochromic dye molecules. II: Contour plot

showing the on-off switching. III: TEM image of the plasmonic nanorod.
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4.2. In-Sensor Computing

As sensors become more advanced and numerous, the challenge is no longer just detecting a
signal, but making sense of overwhelming amounts of data in real time. This is where the concept of
in-sensor computing comes into play — blurring the boundary between sensing and computing. In
traditional systems, a sensor captures data (e.g. an analog optical signal), which is then digitized and
sent to a separate processor (CPU/GPU or cloud server) for analysis. This paradigm faces bottlenecks,
especially for high-bandwidth data like images or spectra, because of the latency and energy cost of
transferring data and performing electronic processing. In-sensor computing instead aims to perform
initial processing or even full pattern recognition within the sensor hardware, before the data is fully
digitized or transmitted. In other words, the sensor itself becomes a primitive computer, executing,
for example, feature extraction or neural network inference on the analog signals it receives.

Photonic integrated circuits offer exciting opportunities for in-sensor computing because they
can potentially handle computations at the speed of light with low latency. One approach uses the
physics of the photonic device to compute a function of the input. For example, a network of
interferometers can multiply and accumulate optical signals, effectively acting as an analog linear
algebra engine (useful for neural network operations). Specifically, Liu et al. present a silicon-on-
insulator mid-infrared (MIR) waveguide platform that not only functions as a high-sensitivity
“photonic nose” for volatile organic compound (VOC) detection, but also exemplifies the emerging
paradigm of in-sensor computing by tightly coupling on-chip light-matter interaction with machine-
learning inference (Figure 9a). By designing a suspended spiral waveguide clad with subwavelength-
grating (SWG) support structures, they achieve both low propagation loss—by removing the
underlying oxide layer —and an exceptionally large external confinement factor (up to 85.9%), which
directly enhances the evanescent-field interaction length with analytes. Finite-difference-time-
domain simulations guided the optimization of SWG period and duty cycle, yielding a figure of merit
(ratio of confinement factor to loss) of 0.77, a balance critical for maximizing sensitivity without
incurring prohibitive attenuation. Experimentally, the platform demonstrates rapid, linear responses
to single-component gases: for isopropyl alcohol (IPA) and acetone, absorbance scales linearly across
a wide range of concentrations (up to 95% of each gas’s lower explosion limit), with response times
under 4 s and limits of detection near 200 ppm after 34 s of averaging. These results validate the
waveguide’s ability to faithfully transduce molecular absorption into optical intensity changes at
high speed, a prerequisite for edge-based sensor analytics. To realize in-sensor computing
capabilities, they integrate two machine-learning models into their sensing workflow. A one-
dimensional convolutional neural network (1D-CNN) is trained on broadband MIR absorption
spectra (3.65-3.80 pm) to classify 19 predefined binary mixing ratios of IPA and acetone, achieving
93.6% accuracy on unseen data. Beyond classification, a multilayer perceptron (MLP) regressor
decomposes each mixture spectrum into its two pure-component spectra, enabling quantitative
concentration predictions with an average root-mean-square error of 2.44 vol% across all mixtures.

Other approaches combine optoelectronic elements so that detection and weighting operations
occur simultaneously; a recent demonstration showed a waveguide-integrated graphene
photodetector whose responsivity can be tuned, thereby implementing a tunable weight for optical
signals in a photonic computing architecture[208]. Specifically, Liu et al. introduce a fully waveguide-
integrated photonic in-sensor computing unit that extends neuromorphic processing into the MIR
domain, exploiting the rich molecular “fingerprints” present between 3.65 and 3.8 um (Figure 9b).
Fabricated on a standard silicon-on-insulator platform, the core of their design is a suspended silicon
waveguide coupled to a few-layer graphene photodetector whose photoresponsivity can be tuned
via an applied bias voltage. By patterning subwavelength-grating supports, they achieve both low
propagation loss and a high external confinement factor, critical for maximizing light-matter
interaction with analytes and for assuring sufficient optical power at the detector interface. The
device’s operational principle hinges on bias-controlled photoconductive gain: under a DC bias
sweeping from -0.4 to +0.4 V, the graphene layer displays 16 clearly distinguishable responsivity
states, equivalent to 4 bits of weighting precision. To validate the platform’s versatility, three distinct
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neuromorphic tasks are executed entirely at the optical frontend. First, an array of four waveguide-
photodetector channels implements 2 x 2 convolution kernels for edge detection on MNIST digit and
fashion-item images. Second, the photodetector processes electronic resistive-sensor outputs for
hand-gesture recognition. Here, five voltage signals from a resistive glove are mapped to bias
voltages, while a constant optical input encodes learned weight patterns. Finally, leveraging the
intrinsic spectral selectivity of the MIR waveguide, the authors perform gas-mixture classification in
real time. A set of 19 binary mixtures of volatile organic compounds is spectrally encoded onto the
waveguide, and individual detectors carry out weighted summation via bias tuning.
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Figure 9. Photonic integrated circuit-based sensors. (a) Al-enhanced mid-infrared photonic waveguide sensor
for gas-mixture detection[209]. Analogous to the human olfactory system, where receptors transduce odorants
and the brain interprets identity and strength, this edge-based “photonic nose” acquires absorption spectra, and
a cloud-based machine-learning model infers component identities and concentrations. (b) Waveguide-
integrated mid-infrared optoelectronic processing unit[208]. Mid-IR light is split into multiple waveguide
channels, each encoding a sensory signal. A bias-tunable graphene photodetector multiplies these optical

signals, which are then summed and forwarded to an electrical post-processor for classification.

In addition to single in-sensor computing, hybrid near-sensor edge computing system shows
more possibilities. For instance, Ren et al. reported a fully integrated “near-sensor edge computing”
(NSEC) platform built on a CMOS-compatible bilayer aluminum nitride/silicon (AIN/Si) photonic
integrated circuit (Figure 10). The system cleverly combines two complementary photonic building
blocks—AIN microring resonators (MRRs) for feature extraction and Si Mach-Zehnder
interferometers (MZIs) for neural-network-style weighting—in a compact chip, enabling real-time,
low-power Al at the sensor edge. Fabricated on an 8-inch silicon-on-insulator wafer with a 220 nm Si
device layer, the process proceeds through deep-UV lithography, etching, SiO, planarization, AIN
deposition, and precise patterning of both AIN and Si layers to form a dual-layer waveguide. Inter-
layer adiabatic couplers achieve ultra-broadband, low-loss (0.04 dB per transition) coupling between
Si and AIN, while AIN MRRs exhibit a DC tuning efficiency of 0.26 pm V-! via the Pockels effect. The
Si MZIs, equipped with TiN microheaters, realize a 30 dB modulation depth with Vrt = 5.6 V.
Together, these photonic components sustain high optical quality (Q = 65 700 for MRRs) and precise
phase control, laying the hardware foundation for on-chip photonic computing.

In the first “feature-extraction” phase, contact-separation triboelectric nanogenerator (TENG)
sensors mounted on gloves and socks serve as self-powered electrical inputs. The TENG outputs—
spike-like voltages proportional to applied force—drive the AIN MRRs, which integrate the input
over time (equivalent to an optical integrator) and map continuous mechanical dynamics onto the
resonance-shifted optical output. For glove-based gesture recognition, four MRR channels capture
bending at the thumb and three fingers, and a simple fully connected neural network trained on these
photonic features attains 100 % accuracy over 13 American-Sign-Language gestures. Similarly, four
TENG sensors in socks, placed under the forefoot and heel, produce resonance shifts up to 18 pm
under 50-800 N loads; sampling at an optimal probe wavelength yields seven gait-cycle states that a
neural network classifies with 99 % accuracy

Phase 2 integrates the photonic feature extractor with a 4 x 4 photonic neural network (PNN) on
the same chip. Four parallel laser paths feed the MRRs, whose outputs enter the Si MZI array. By
applying precise voltages to the thermo-optic heaters, the MZIs implement matrix—vector
multiplications in the optical domain; outputs are combined and photodetected for digital nonlinear
activation and backpropagation during training. Detailed noise characterization—0.02 SD for MRRs
and 0.016 SD for MZIs—reveals Gaussian distributions, enabling a 4-bit quantization scheme that
aligns weight states above the noise floor. Under this scheme, the on-chip PNN achieves 96.77 %
accuracy for real-time glove-gesture inference and 98.31 % for sock-gait analysis, compared to 74.56
% and 59.2 % in the unquantized analog case.

Beyond these demos, the authors envision mixed-reality and metaverse applications: low-
latency (< 10 ns), ultra-low-energy (< 0.34 pJ per inference) photonic Al interfaces for VR/AR control
and fall detection, all executed on-chip without cloud dependence.
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Figure 10. Photonic integrated circuit-based sensors. (a) Al-enhanced mid-infrared photonic waveguide sensor
for gas-mixture detection[209]. Analogous to the human olfactory system, where receptors transduce odorants
and the brain interprets identity and strength, this edge-based “photonic nose” acquires absorption spectra, and
a cloud-based machine-learning model infers component identities and concentrations. (b) Waveguide-
integrated mid-infrared optoelectronic processing unit[208]. Mid-IR light is split into multiple waveguide
channels, each encoding a sensory signal. A bias-tunable graphene photodetector multiplies these optical

signals, which are then summed and forwarded to an electrical post-processor for classification.

5. Challenges, Conclusions and Outlook
5.1. Challenges

While the progress in PIC sensors and Al-driven sensing is impressive, several challenges
remain on the road to fully autonomous, miniaturized intelligent sensors. Overcoming these barriers
is the focus of intense research. In this section, we summarize key technological barriers and
emerging research directions aimed at addressing them.

Integration complexity and packaging: Integrating diverse optical, electrical, and fluidic
components on a single platform is non-trivial. Many cutting-edge sensors (like the bottle resonator
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example) still require hybrid assembly of parts with extremely tight tolerances. Aligning fibers or
free-space optics to chips, integrating light sources (lasers) on-chip, and combining microfluidics for
sample delivery are all challenges that can increase complexity and cost. Achieving fully integrated
sensors (with on-chip light generation, sensing, and readout) is an ongoing goal. Packaging—the
protective housing and interface of the chip with the outside world—can introduce losses or
variability that degrade performance.

Materials and spectral coverage: The material platforms used in photonic integration each have
limitations. For instance, silicon photonics (using silicon-on-insulator waveguides) works well in the
near-infrared (around 1.3-1.55 um) but silicon is opaque to visible wavelengths and much of the mid-
infrared beyond ~8 um. For sensing applications, different spectral bands are important: visible for
fluorescence, mid-IR for molecular absorption, etc. Thus, new materials like silicon nitride (which can
handle visible to near-IR) or chalcogenide glasses and germanium (for mid-IR) are being explored.
Integrating active materials is also a challenge — silicon is not optically active (can’t emit light
efficiently), so adding lasers or amplifiers may require III-V semiconductors (InP, GaAs) bonded or
co-grown on silicon. This heterogenous integration adds complexity. Moreover, many sensors benefit
from functional materials (e.g. graphene, lithium niobate, piezoelectric films) to achieve tunability or
higher performance.

Signal processing and data handling bottlenecks: As sensors become more sensitive and multi-
modal, they generate larger volumes of data. A single spectroscopic sensor array or imaging sensor
can produce a firehose of information. Transmitting this raw data to a central location for processing
(or even just to the edge of the chip) can overwhelm bandwidth and power budgets. This is one
motivation for in-sensor or near-sensor computing. However, implementing sophisticated
processing on-chip is challenging. All-optical computing schemes, while ultrafast, are often limited
in complexity or reconfigurability (it's non-trivial to implement deep neural networks purely with
linear optics, and nonlinear optical processing is still primitive at chip-scale). Electronic co-processors
on the sensor chip could pick up the slack, but integrating high-performance electronics with
photonics has thermal and noise implications.

5.2. Conclusions and Outlook

This review has outlined the sensing principles and applications of optical microsystems, and
show how these microsystems — whether based on refractive index shifts, vibrational spectroscopy,
or fluorescence — provided the foundation of knowledge and techniques that PIC sensors build upon.
By integrating these optical elements on-chip, we attain leaps in scalability and the possibility of
pervasive deployment. The incorporation of Al and in-sensor computing is arguably as revolutionary
as the hardware advances.

Looking forward, we anticipate several developments. First, many PIC sensors will transition
from the lab to the field. Just as integrated electronics went from demonstration chips to ubiquitous
devices, integrated photonic sensors will begin to appear in everyday objects. We may see disposable
photonic biosensor chips in at-home test kits for health diagnostics, wearable optical sensors tracking
metabolites or vital signs non-invasively, and smartphone-integrated spectrometers for things like
food scanning or air quality checking. The cost per sensor is likely to drop as semiconductor fabs start
producing them in large volumes, especially if standardization efforts bear fruit. Second, the synergy
with AI' will deepen. Rather than Al being an add-on (in the cloud or on a paired smartphone), future
sensors might include specialized on-chip Al accelerators (perhaps optical ones) that make them
intelligent at the core. We foresee “smart pixels” and “smart waveguides” — sensing elements that
inherently perform computations like pattern recognition. This could blur the line between sensor
and computer, giving rise to a class of devices that are both. Third, autonomy will be a defining
feature. Powered by energy harvesting (solar, RF, or even powering via photonic power delivery
through fiber), a sensor node could operate indefinitely, communicating wirelessly its high-level
findings. Swarms of such sensors might continuously map environmental parameters, and networks
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of medical sensors might continuously keep track of a patient’s health, with Al spotting anomalies
and alerting in real-time.

Of course, realizing this vision requires continued interdisciplinary effort. Advances in material
science will be needed to integrate new functionalities onto photonic chips. Progress in
nanofabrication will dictate how complex and precise our PIC sensors can become (for instance,
nanometer-scale features for plasmonics or sub-wavelength meta-optics on-chip). On the Al side,
algorithms will need to be tailored to work with sensor hardware constraints — for example,
developing neural network models that can run on analog optical hardware or be robust to the analog
noise in sensor signals. There is also a significant role for system engineering: figuring out how to
reliably package, power, network, and maintain thousands or millions of these sensors in the field.
Issues like security (ensuring sensor data and decision-making are trustworthy) will also need
attention as these devices become critical to infrastructure and personal healthcare.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

PIC Photonic integrated circuits

SEIRA Surface-enhanced infrared absorption

RI Refractive index

SERS Surface-enhanced Raman spectroscopy

SEF Surface enhanced fluorescence

CD Circular dichroism

ELISA Enzyme-linked immunosorbent assays

PSA prostate-specific antigen

LSPR Localized surface plasmon resonance
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