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1. INTRODUCTION

Microplastic pollution represents a growing environmental 

challenge driven by the global increase in plastic consumption. 

Microplastics generally refer to plastic particles with diameters 

ranging from 1 μm to 5 mm, while plastics smaller than 1 μm 

fall into the nanoplastic regime. Based on their origin, 

microplastics consist of primary and secondary categories. 

Primary microplastics originate from intentional manufacturing 

processes, including cosmetic scrub particles, synthetic fibers, 

and industrial pellets; secondary microplastics emerge from the 

fragmentation of larger plastic products through physical forces 

(e.g., waves, abrasion, and impact), as well as chemical 

processes (e.g., photooxidative chain scission) [1,2].

The chemical stability and high molecular weight of polymer 

chains hinder microplastic degradation and drive long-term 

accumulation in natural environments. Microplastics persist in 

marine, freshwater, and soil systems and modify microbial 

communities, ionic distributions, and local pH, thereby affecting 

plant ecosystems [3]. Aquatic organisms ingest microplastics as 

food analogues and promote trophic transfer across food chains, 

leading to ecological disruption. Microplastics penetrate human 

blood, lung, and placental tissues and induce inflammatory 

responses through micro-scale damage to digestive and 

respiratory mucosa, indicating direct risks to human health [4-6].

Reliable detection of microplastics in complex natural 

environments remains a central challenge for environmental 

monitoring and risk assessment. Conventional analytical 

techniques face practical limitations, such as extensive sample 

pretreatment, long acquisition times, and high-cost 

instrumentation. Portable sensing platforms combined with rapid 

data processing enable on-site analysis and partially overcome 

these limitations. However, most existing approaches target a 

narrow range of polymer types and lack sufficient validation in 
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solid-state samples and heterogeneous natural matrices.

This review summarizes recent diverse technologies and 

tools for microplastic detection and sensing interfaces (Fig. 1). 

The discussion introduces Raman spectroscopy, surface-

enhanced Raman scattering (SERS), Fourier-transform 

infrared (FTIR) spectroscopy, electrochemical impedance 

spectroscopy (EIS), and fluorescence-based sensing schemes. 

Each scheme covers its detection mechanism, advantages, 

limitations, and applications. The concluding section identifies 

platform-level opportunities for next-generation micro/

nanoplastic sensors, including emerging approaches that 

integrate machine learning–enabled data analysis.

2. SENSING INTERFACES FOR MICRO-

AND NANOPLASTICS DETECTION

This review begins with an overview of representative 

interfaces in state-of-the-art micro- and nanoplastics sensing, 

covering Raman spectroscopy, surface-enhanced Raman 

scattering (SERS), Fourier-transform infrared (FTIR) 

spectroscopy, electrochemical impedance spectroscopy (EIS), 

and fluorescence-based approaches.

2.1 Raman Spectroscopy

Raman spectroscopy probes light–matter interactions under 

laser excitation to analyze molecular structure, composition, 

and chemical bonding. The technique enables direct analysis 

of samples without physical state changes or chemical surface 

treatment. This feature simplifies experimental procedures and 

supports rapid analysis. Raman spectroscopy operates in a 

nondestructive manner and preserves the physicochemical 

properties of the sample. The method applies to solid, liquid, 

and gaseous samples. These characteristics enable the 

detection of microplastic-derived materials and contribute to 

the advancement of microplastic analysis [7].

Low microplastic concentration (< 0.1 wt%) and small particle 

size (< 1 μm) limit the sensitivity of Raman-based analysis. Low 

concentrations significantly weaken Raman signal intensity [8]. 

Furthermore, small particles further reduce signal strength and 

complicate spectral acquisition [9]. Samples containing multiple 

microplastic species or coexisting non-plastic materials interfere 

with the isolation of distinct spectral signatures.

2.1.1 Sensing Mechanism

Raman spectroscopy relies on inelastic scattering, which 

occurs when laser light interacts with matter. Such scattering is 

classified into elastic and inelastic processes. Elastic scattering 

involves no energy change before and after the interaction 

between light and matter. Inelastic scattering involves energy 

transfer during the interaction. Raman scattering represents a 

form of inelastic scattering and includes Stokes scattering, in 

which a portion of photon energy converts into molecular 

vibrational energy, and anti-Stokes scattering, in which 

molecular vibrational energy transfers to photon energy [10]. 

Raman shift expresses this energy difference as characteristic 

Raman peaks in wavenumber units (cm-1). Each Raman shift 

corresponds to a specific molecular vibrational mode and 

enables identification of molecular structures and functional 

groups (e.g., C–H, C–C, C=C, etc.). Raman spectroscopy 

exhibits high sensitivity to changes in molecular polarizability 

and performs effectively for symmetric, nonpolar covalent 

bonds. Polar bonds also produce Raman signals, but strongly 

polar bonds respond more sensitively in FTIR spectroscopy. 

Raman spectroscopy shows minimal interference from water 

and supports analysis of solution-phase samples.

Distinct Raman fingerprints enable discrimination of 

polymer-specific microplastics. Common polymers exhibit 

characteristic Raman peaks, including Nylon (1631 cm-1), 

polyethylene terephthalate (PET; 1615 cm-1), polystyrene (PS; 

1603 cm-1), polypropylene (PP; 1465 cm-1), and polyethylene 

(PE; 1294 cm-1), which supports effective identification of 

diverse microplastic types [11,12].

2.1.2 Recent Examples

Portable Raman spectrometers enable the detection of 

microplastics in aqueous environments outside laboratory 

settings and complement conventional benchtop Raman systems 

(Fig. 2(a)) [13]. These portable systems support real-time 

measurements through Wi-Fi and Bluetooth communication 

interfaces and detect low concentrations of microplastics (PS; 

8.47 μm in diameter; 0.015-0.075% w/v in concentration). 

Increasing microplastic content instead attenuates Raman signal 

Fig. 1. Schematic illustration of representative interfaces for 

microplastic detection.
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intensity due to light blocking within the sample. The system 

operates at a fabrication cost below $370, substantially lower 

than the average cost of commercial Raman instruments (> 

$15,000). Its compact device size (5.6 cm×5.6 cm×3.1 cm) and         

high portability facilitate deployment in rivers, lakes, and marine 

environments for real-time monitoring applications [14,15].

Electrophoretic separation provides an alternative strategy 

for isolating microplastics in fluidic environments based on 

surface charge characteristics (Fig. 2(b)) [16]. Most 

microplastics possess negatively charged surfaces and migrate 

toward the anode under an applied electric field. A straight 

microfluidic channel with embedded electrodes (1.5 cm×6 cm) 

captures microplastics (PS; 5 μm in diameter; 1.5×103

particles×mL-1 in concentration) with up to ~79% efficiency 

under a DC electric field (10 V) and a controlled flow rate 

(5 mL×h-1). Increased flow rates reduce capture efficiency       

under identical electric field conditions. A loop-based 

recirculation system restores capture performance and 

increases efficiency from ~30% to 62% with a single injection. 

This approach enables microplastic collection from tea bag-

based environmental samples and supports in situ Raman 

analysis without additional pretreatment.

Raman tweezers (RT) integrate Raman spectroscopy with 

optical tweezers to enable single-particle trapping and analysis 

(Fig. 2(c)) [17]. RT analyzes a broad range of microplastic 

compositions (e.g., PP, PS, PE, PET, polyvinyl alcohol [PVA], 

polymethyl methacrylate [PMMA], polyamide-6 [PA6]), particle 

sizes (0.05-20 μm in diameter), and morphologies in distilled 

water and seawater. Optical trapping arises from momentum 

changes during photon reflection and refraction when the particle 

size exceeds the incident wavelength. The numerical aperture 

(NA) of the focusing optics governs trapping stability. In contrast, 

particles much smaller than the incident wavelength experience 

induced dipole formation under an external electric field. These 

dipolar microplastic particles migrate toward the laser focal point 

under the electromagnetic field.

2.2 Surface-Enhanced Raman Scattering

Surface-enhanced Raman scattering (SERS) extends Raman 

spectroscopy to overcome its sensitivity limitations. Raman 

spectroscopy probes molecular vibrational modes through 

inelastic light scattering and provides chemical information. 

Raman signals remain inherently weak and limit analysis of 

low-concentration species (< 0.1 wt%) and small particles (< 1 

μm). SERS addresses these limitations by introducing metallic, 

nanostructured surfaces (e.g., gold and silver). Optical 

excitation of these nanostructures induces localized surface 

plasmon resonance and generates intense electromagnetic 

fields near the metal surface [18]. These localized fields 

Fig. 2. Interfaces of Raman spectroscopy for microplastic detection. (a) (top) Image of portable, prototype Raman spectrometer with a three-

dimensional printed case. (bottom) Raman spectra of microplastics solution. Blue arrow: de-ionized water; red arrow: microplastics (PS; 

concentration : 0.075% w/v). Adapted from Ref. [13]. (b) (top) Illustration of the microplastic capture mechanism by electrophoresis in 

a microchannel. (bottom) Raman spectra of PS with various sizes captured using electrophoretic removal method. Adapted from Ref. 

[16]. (c) (top) Working principle of Raman tweezers. (bottom) Raman spectra of concentration-dependent PS (concentration: 5.68×109-

3.64×1014 particles·mL-1). Adapted from Ref. [17].
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strongly amplify Raman scattering from nearby molecules. 

Signal enhancement factors reach up to ~108 relative to 

conventional Raman spectroscopy. This amplification enables 

detection of trace-level analytes and supports single-molecule 

detection under favorable conditions.

The performance of SERS depends strongly on the 

geometry, size, spacing, and arrangement of metallic 

nanostructures. Variations in substrate structure and 

measurement position introduce signal fluctuations and reduce 

reproducibility. The intensity of the Raman signal also depends 

on molecular proximity and adsorption behavior at the metal 

surface, which limits quantitative analysis. SERS-based plastic 

detection, thus, requires consistent substrate design and well-

defined measurement conditions.

2.2.1 Sensing Mechanism

SERS involves two enhancement mechanisms: electromagnetic

enhancement (EM) and chemical enhancement (CE) [19,20]. 

EM arises when incident light excites collective oscillations of 

free electrons in metallic nanostructures, inducing localized 

surface plasmon resonance (LSPR). The LSPR effect generates 

intense localized electromagnetic fields near the metal surface. 

These fields strongly amplify Raman scattering from plastic 

molecules located within the enhanced field region. EM 

typically yields enhancement factors ranging from several 

thousand to several million and reaches higher amplification 

levels (on the order of 105-109) than CE [21]. EM amplifies 

Raman signals in a largely nonselective manner, whereas CE 

selectively enhances specific Raman peaks associated with 

molecular electronic structure and vibrational modes. CE 

originates from charge transfer interactions between the metal 

surface and plastic molecules. Chemical adsorption of plastic 

molecules onto the metal surface establishes energetically 

allowed electron transfer pathways between the metal Fermi 

level and molecular orbitals. Depending on energy-level 

alignment, electrons transfer from the metal to the molecular 

lowest unoccupied molecular orbital (LUMO) or from the 

molecular highest occupied molecular orbital (HOMO) to the 

metal. These interactions modify the electrical polarization and 

polarizability of plastic molecules, increase Raman scattering 

probability, and enhance detection sensitivity [22].

2.2.2 Recent Examples

Under flow conditions within the sample, microplastics 

associate with gold nanorods (GNRs), inducing strong 

plasmonic resonance that amplifies SERS signals [23]. A 785 

nm-laser matches the longitudinal plasmon resonance of 

GNRs and maximizes optical absorption (Fig. 3(a)). Absorbed 

optical energy converts into heat and generates localized 

photothermal heating around the GNRs. A temperature 

Fig. 3. Interfaces of SERS for microplastic detection. (a) (top) Schematic illustration of PS detection utilizing photothermal convection of gold 

Nanorods (GNRs; concentration: 7.0×1011 particles·mL-1). (bottom) Raman spectra of PS obtained under GNR-assisted 3D co-assembly, 

Adapted from Ref. [23]. (b) (top) Conceptual diagram of the DEP-ACEO-Raman-tweezer (DART) substrate for real-time, on-site Raman 

detection of nanoplastic. (bottom) Raman spectra of PS (diameter: 200 nm) at various concentration GNRs from 10 mg·L-1 to 0.01 mg·L-1. 

Adapted from Ref. [24]. (c) (top) Schematic illustration of a SERS-ML-based in-situ MP detection device. (bottom) Average Raman 

spectra of PS (diameter: 1 μm, concentration: 100 μg·mL-1) spiked into various environmental samples (deionized water, tap water, river 

and seawater). Adapted from Ref. [26].
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gradient between the laser focus and the surrounding solution 

drives photothermal convection within the sample. This flow 

transports GNRs and nanoplastic particles (i.e., PS) of various 

sizes (100 nm, 500 nm, and 1 μm) toward the laser focus and 

promotes formation of three-dimensional co-assembly 

structures. Such photothermal convection–driven, three-

dimensional (3D) co-assembly amplifies Raman signals from 

microplastics by up to fourfold and extends the detection range 

to microplastic concentrations as low as 1 ppm.

As an alternative approach, the application of an alternating 

electric field to an aqueous medium induces the active transport 

of nanoplastics and forms high-density electric clustering of PS 

(30-200 nm in diameter) and GNRs [24] (Fig. 3(b)). In a 

nonuniform electric field, differences in dielectric properties 

generate dielectrophoretic (DEP) forces, while ions in the 

electric double layer at the electrode surface interact with the 

tangential component of the electric field to produce AC electro-

osmotic (ACEO) flow. The combination of DEP and ACEO 

drives electric-field-based trapping and focusing of particles. 

The resulting clustered structures enhance Raman signal 

sensitivity and expand detection to trace-level nanoplastics (PS; 

30 nm in diameter; 10 μg×L-1) comparable to concentrations 

reported in seawater (average concentration: 20 μg×L-1) [25].

3D plasmonic gold nanopockets (3D-PGNPs) serve as 

porous, SERS-active substrates that enable simultaneous 

microplastic capture and Raman signal amplification (Fig. 

3(c)) [26]. 3D-PGNPs form through solution-based synthesis 

on cellulose acetate filters and generate strong volumetric 

plasmonic hotspots at microplastic interfaces. Integration of 

3D-PGNP substrates with syringe filter devices captures both 

PS (1 μm in size; 10-1000 μg×mL-1) and PE (1-4 μm in size; 

50-1000 μg×mL-1) efficiently. Raman mapping visualizes the 

spatial distributions of captured microplastics, and a logistic 

regression-based machine learning model classifies particle 

distributions as positive or negative. This approach 

demonstrates the identification of microplastics in real tap 

water, river water, and seawater samples.

2.3 Fourier-Transform Infrared Spectroscopy

Fourier-transform infrared (FTIR) spectroscopy identifies 

molecular structures by measuring absorption signals 

associated with vibrational and rotational modes under mid-

infrared irradiation (2.5-25 μm in wavelength). Each chemical 

bond exhibits characteristic vibrational energies, and FTIR 

captures material-specific spectral fingerprints through 

wavelength-dependent absorption intensity. Most molecules 

absorb infrared radiation, which enables FTIR analysis of 

solid, liquid, and gaseous samples. The technique offers simple 

sample preparation and nondestructive analysis. FTIR supports 

multiple operational modes, including transmission, attenuated 

total reflection (ATR), diffuse reflectance infrared Fourier 

transform (DRIFT), and micro-FTIR. Environmental 

microplastics exhibit broad variation in size, morphology, 

transparency, and surface contamination. Appropriate selection 

of the FTIR mode remains essential for reliable analysis [27].

Both FTIR and Raman spectroscopy provide nondestructive 

analysis but rely on different sensitivity in mechanisms. FTIR 

responds to changes in molecular charge distribution and 

favors polar bonds (e.g., C=O, O–H); Raman spectroscopy 

responds to changes in molecular polarizability and favors 

nonpolar bonds (e.g., C–C, C=C). FTIR performs effectively 

for particles with diameters larger than 20 μm, while Raman 

spectroscopy supports analysis of particles smaller than 1 μm. 

The complementary use of these two techniques improves 

chemical identification across diverse bonding types and 

particle sizes [28].

Low analyte concentration and small particle size constrain 

the analytical performance of FTIR spectroscopy. Low sample 

concentrations (< 0.1 mg×L-) and small particle sizes (< 

20 μm) reduce detection reliability [29,30]. Infrared–particle    

interactions involve both absorption and scattering. Scattering 

behavior follows Rayleigh scattering (i.e., particle size < 

wavelength), Mie scattering (i.e., particle size  wavelength),    

and geometric optical scattering (i.e., particle size > 

wavelength). The average size of environmental microplastics 

often matches mid-infrared wavelengths, which promotes 

dominant Mie scattering. Mie scattering induces diffraction, 

reflection, refraction, and absorption effects that distort 

infrared spectra [31]. In addition, water exhibits strong 

absorption bands (O–H: 3000–3500 cm-1; H–O–H: ~1600 cm-1). 

As a result, these bands interfere with the FTIR analysis of 

microplastics in aqueous environments (e.g., seawater or 

freshwater systems) and require careful interpretation [32].

2.3.1 Sensing Mechanism

The horizontal axis (i.e., x-axis) of an FTIR spectrum 

represents the wavenumber (cm-1), defined as the inverse of 

wavelength, while the vertical axis (i.e., y-axis) represents 

absorbance and reflects the intensity of absorbed light at 

characteristic frequencies. FTIR detects functional groups 

present in polymeric microplastics, including PS, PP, PE, and 

PET. Chemical bonds along polymer chains exhibit 

characteristic absorption bands at specific wavenumber 

regions, such as C=O (1700–1750 cm-1), O–H (3200–3600 cm-1), 

and C–H (2800–3000 cm-1) [33]. These spectral features 

enable discrimination of microplastics through functional 

group identification. The absorbance intensity follows the 

Beer-Lambert law (absorbance concentration) and supports 

quantitative analysis of microplastic concentration [34].





  
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2.3.2 Recent Examples

Understanding the origin and extent of spectral distortion 

improves the reliability of FTIR-based microplastic detection. 

Mie scattering strongly depends on experimental conditions, 

including the fraction of scattered light, aperture size, and 

optical throughput. A high fraction of scattered light redirects 

unabsorbed photons away from the detector, thereby reducing

analytical reliability. 

Aperture size defines the spatial range of collected light, while 

optical throughput represents the ratio of detected light to 

incident light and reflects optical loss and scattering severity. 

Quantitative control of scattered light fraction, aperture size, and 

optical throughput therefore remains essential for accurate FTIR 

analysis. Fig. 4(a) presents microplastic detection using micro-

FTIR that integrates an optical microscope lens with FTIR to 

evaluate scattering behavior as a function of aperture size. The 

analysis detects microplastics (PS; 4.46 μm in diameter) and 

shows increasing spectral distortion with larger aperture sizes 

due to an elevated fraction of scattered light [35]. 

Most FTIR-based microplastic studies rely on controlled 

laboratory conditions. Practical analysis under realistic 

environmental conditions requires further investigation. For 

example, Fig. 4(b) illustrates the detection of synthetic fibers, 

defined as microplastics, in laundry wastewater generated from 

household towel washing. FTIR identifies PE ( 500 μm in 

size) and polyamide (PA; 500 μm in size) across a range of 

particle sizes after purification removes residual detergents 

from the wash water [36]. FTIR spectroscopy also 

characterized microplastics collected from surface seawater in 

the Ross Sea, Antarctica. Filtration of seawater samples 

(volume: ≥2000 L) through stainless-steel sieve (250 μm in 

pore size) enables analysis of the presence and characteristics 

of microplastics (PE and PP: 0.14-4.99 mm in size) [37].

Microplastic detection in food matrices presents greater 

complexity than analysis in aqueous systems. Food matrices 

contain lipids, proteins, organic matter, and pigments that act 

as interfering components and degrade the precision of FTIR 

spectral signals. The combination of thermogravimetric 

analysis (TGA) with FTIR provides an alternative strategy to 

address limitations associated with conventional FTIR-based 

microplastic detection. TGA monitors mass changes as a 

function of temperature under controlled heating conditions 

and evaluates thermal decomposition behavior. The integrated 

TGA–FTIR approach represents a relatively recent analytical 

technique. Standardized protocols remain limited, but the 

method shows strong potential for microplastic analysis in 

complex matrices, including food and cosmetic samples 

[38,39]. For instance, TGA–FTIR enables identification and 

quantification of microplastics across diverse liquid and 

environmental samples (Fig. 4(c)). The technique detects PS (1 

μm in diameter) in beverages (e.g., water, including liquid 

skimmed milk and ground coffee). The approach also 





Fig. 4. Interfaces of FTIR for microplastic detection. (a) (top) Schematic illustration of the transmission mode used in micro-FTIR spectroscopy. 

(bottom) FTIR spectra of PS measured with different aperture sizes (solid lines: measured data; dash lines: theoretical data). Adapted 

from Ref. [35]. (b) (top) Optical screenshot at the detecting point. (bottom) Micro-FTIR spectra of polyamide/nylon and polyester 

(diameter: 1-500 μm). Adapted from Ref. [36]. (c) (top) Schematic illustration of the experimental setup for TGA-FTIR and data 

acquisition. (bottom) Gas-phase FTIR spectra of PS (concentration: 33.94 μg·mL-1) released in water. Adapted from Ref. [40].
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identifies polyvinyl chloride (PVC; < 5 mm in size) and PS

(< 125 μm in size) in environmental samples (mussel tissue, 

seawater, and soil) [40]. Multivariate regression analysis, 

including partial least squares methods, reduces food matrix 

interference and enables quantitative estimation of microplastic 

concentration based on FTIR-derived evolved gas data [41].

Pyrolysis-based analytical techniques provide an additional 

thermal analysis strategy [42]. Pyrolysis-gas chromatography–

mass spectrometry rapidly decomposes complex 

environmental samples, including soil and biological tissues, 

under high-temperature conditions and performs mass 

spectrometric analysis of decomposition products. This 

approach even supports identification of nanoplastics (PS, < 

900 nm in size; PP, < 1000 nm in size).

2.4 Electrochemical Impedance Spectroscopy

Impedance (Z) describes resistance in an alternating current 

(AC) circuit and follows the mathematical expression:

The real part (i.e., Re(Z)) represents the resistive component, 

and the imaginary part (i.e., Im(Z)) represents the reactive 

component, where  denotes the imaginary unit. Unlike       

resistance in direct current circuits, impedance appears as a 

complex quantity that includes both magnitude and phase. 

Electrochemical impedance spectroscopy (EIS) in 

electrochemical systems follows the expression:

This representation models physical processes at the 

electrode–electrolyte interface using discrete circuit elements. 

The solution resistance, , reflects the intrinsic resistance of

the electrolyte. The double-layer capacitance, , accounts

for charge separation at the interface. The charge-transfer 

resistance, , describes resistance associated with electron 

transfer across the interface. The Warburg impedance, , 

represents diffusion-controlled resistance related to ion 

transport [43,44].

EIS applies a small-amplitude AC signal between electrodes 

and measures the resulting response to determine impedance. 

The presence, type, and amount of material between electrodes 

modify the impedance response. Resulting changes in 

impedance enable estimation of both material identity and 

quantity within the system. EIS offers low cost, simple 

operation, and effective performance across a wide range of 

applications, including batteries [45,46], disease diagnostics 

[47,48], and environmental sensors [49,50]. The technique 

supports facile in situ measurements and serves as a platform 

for microplastic detection [51-53].

2.4.1 Sensing Mechanism

Microplastic detection using EIS relies on the measurement 

of impedance changes associated with the presence and 

concentration of particles [54,55]. The adsorption of 

microplastics onto the electrode surface alters the electrode–

electrolyte interfacial structure and restricts charge-transfer 

pathways, resulting in increases the  [54]. This increase 

directly affects the overall impedance value. Higher 

microplastic concentrations promote greater particle adsorption 

on the electrode surface, facilitating a corresponding increase 

in impedance [56].

2.4.2 Recent Examples

EIS-based microplastic detection primarily targets 

microplastics suspended in liquid samples by measuring 

impedance differences that vary with microplastic 

concentration. The method introduces microplastic samples 

between electrodes through drop casting or continuous flow 

and records impedance responses during sample passage. One 

representative system arranges gold-plated circuit boards in a 

parallel configuration to form paired electrodes (Fig. 5(a)) 

[57]. A gravity-driven flow containing PE beads (212-1000 

μm in size) and mixed biological specimens passes between 

the electrodes. The system applies AC voltages across a range 

of frequencies and measures the resulting current response. 

Low-frequency signals provide information related to particle 

volume, while high-frequency signals probe internal particle 

properties. The analysis classifies particles using a k-nearest 

neighbors (k-NN) algorithm based on impedance features. The 

study compares classification reliability using a 12-

dimensional k-NN model that incorporates Re(Z) and Im(Z) 

values at 6 frequencies and a 2-dimensional k-NN model that 

uses impedance magnitude changes at two frequencies. The 

platform distinguishes microplastics, organisms, and bubbles 

by assigning weighted similarity scores relative to reference 

impedance datasets.

An alternative strategy employs microrobots that directly 

capture microplastics rather than relying on flow-based sensing 

[58]. The microrobots consist of titanium dioxide (TiO₂)–

derived MXene coated with a platinum (Pt) layer (50 nm in 

thickness) and embedded with maghemite nanoparticles (γ-

Fe₂O₃; < 50 nm in size) (Fig. 5(b)). Ultraviolet (UV) irradiation 

of the Pt/TiO₂ layer excites electrons due to the TiO₂ bandgap 

energy (i.e., 3.8 eV) and generates protons. Electrons migrate 

to the Pt surface and form hydrogen gas. The resulting gas 

concentration gradient generates a driving force that propels 

the microrobots. Positively charged microrobots capture 
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negatively charged microplastics through electrostatic 

attraction and allow magnetic recovery through γ-Fe₂O₃-

derived magnetism. A screen-printed three-electrode system 

with a working (carbon), a counter (carbon) and a reference 

electrode (Ag/AgCl), measures impedance changes associated 

with microplastic capture. 

Peptide-functionalized impedance sensors provide another 

route for microplastic detection (Fig. 5(c)). Peptides (e.g., 

amino acids) coat screen-printed carbon electrodes and interact 

selectively with PS beads (2–250 μm in size). Hydrophobic PS 

beads interact preferentially with hydrophobic amino acids 

such as methionine and proline. Negatively charged polar PS 

binds to charged amino acids such as arginine. This interaction 

mechanism enables peptide-based impedance sensors to 

achieve low limits of detection (e.g., 50 ppb in deionized and 

tap water; 400 ppb in seawater) [52].

Additional approaches employ extracellular polymeric 

substances extracted from cyanobacteria as membrane materials 

[59]. Functional groups on the membrane surface (e.g., sulfate [–

SO4

2-], hydroxyl [–OH], and carboxyl [–COOH] groups) bind 

microplastics through London dispersion forces, electrostatic 

attraction, and hydrogen bonding. These interactions induce 

measurable impedance changes and support microplastic 

detection. Another strategy fabricates graphene electrodes with

honeycomb architectures to increase surface area and promote 

physical adsorption, enabling measurements of microplastic 

concentration (e.g., PS; 0.08-20 μm in size) [56].

Overall, EIS-based approaches detect microplastics by 

sensing impedance changes that arise from physical and 

chemical interactions. The technique provides rapid and 

straightforward identification of microplastic presence and 

concentration. Low cost and compatibility with in situ

measurements further support the potential of EIS platforms 

for future microplastic monitoring applications.

2.5 Fluorescence

Conventional detection methods based on optical 

microscopy rely on visual inspection of microplastics after 

removal of large particles and non-target organic matter from 

samples. This approach offers rapid and simple analysis, but 

suffers from limited reliability. In addition, the method shows 

reduced sensitivity toward small particles (< 1 mm) and 

optically transparent plastics with a risk of misidentification 

[60,61]. This section introduces fluorescence-based strategies 

that address these limitations by labeling particles with 

fluorescent probes and detecting light emitted from the probes.

Fluorescence arises when specific molecules absorb incident 

light and transition to an excited energy state, followed by 

emission of lower-energy light during relaxation to the ground 

Fig. 5. Interfaces of EIS for microplastic detection. (a) (top) Gold-plated circuit boards used for impedance measurements. (bottom) Changes 

in impedance of plastic samples, seeds and organisms (measured frequency: 10 kHz and 1.1 MHz). Adapted from Ref. [57]. (b) (top) 

Screen-printed, carbon electrode with MXene (Ti3C2Tx)-derived microrobots. (bottom) Changes in Nyquist plots of multiple substrates 

(measured frequency: 100 to 105 Hz). Adapted from Ref. [58]. (c) (top) Sensor setup based on a Peptide (Ahx-MPAVMSSAQVPR)-

coated carbon electrode. (bottom) Changes in Nyquist plots of PS particles at different concentration (measured frequency: 0.1 to 1 

MHz). Adapted from Ref. [52].
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state. Absorption of external light promotes electrons to higher 

energy levels within the molecule. Partial energy dissipation 

occurs through nonradiative pathways such as heat release. 

Subsequent photon emission stabilizes the molecule in the 

ground state. Energy loss prior to emission shifts the emitted 

light toward longer wavelengths relative to the absorbed light, 

producing observable fluorescence [62].

2.5.1 Sensing Mechanism

Fluorescence-based detection typically begins with labeling 

microplastic particle surfaces using fluorescent probes (e.g., 

Nile Red, fluorescein isothiocyanate, and rhodamine B) [63]. 

Nile Red (i.e., 9-diethylamino-5-benzo[α]-phenoxazinone), 

one of the most widely used fluorescent dyes, adsorbs onto 

microplastics through hydrophobic interactions. This absorbs 

light in the wavelength range of 450-510 nm ( ) and emits 

fluorescence at 515-590 nm ( ) [64,65].

Fluorescein isothiocyanate (FITC; : 450-490 nm; : 

510-550 nm) binds to microplastic surfaces through covalent 

interactions between its isothiocyanate group (–N=C=S) and 

surface –NH₂ groups present on microplastics [64-66]. 

Rhodamine B ( : 550 nm; : 570 nm) typically 

carries a positive charge and exhibits hydrophobic character. 

The dye binds to negatively charged microplastics through 

electrostatic attraction and associates with hydrophobic plastics 

through hydrophobic interactions [64,67-69].

Direct imaging and fluorescence microscopy analyze and 

quantify fluorescent signals emitted from selectively labeled 

microplastics [70]. Fluorescence-based detection offers low 

cost, rapid staining, and fast signal acquisition. The approach 

also provides stronger signal intensity than conventional 

optical microscopy.

2.5.2 Recent Examples

Fluorescence-based detection generally consists of a system 

that induces and captures fluorescence signals and an 

analytical module that processes the detected signals. Fig. 6(a) 

presents a microplastic detection system that operates through 

sample aspiration [71]. The system integrates a light source 

and a detector to form an optical sensing unit. Vertical 

alignment of the optical components enables detection of 

scattered fluorescence signals. The system analyzes samples 

through a discontinuous flow sequence that involves repeated 

aspiration, detection, and release. A communication module 

transmits fluorescence detection signals via LoRa, enabling

remote, real-time monitoring. Experimental measurements 

using PS beads (500 μm in size) over 30 min record 167 

counts – the system correctly identifies 165 particles, with 

minor errors (i.e., two particles of 250 μm).

Fig. 6(b) illustrates a continuous flow-based detection 

ex

em

ex em

ex  em 

Fig. 6. Interfaces of fluorescence for microplastic detection. (a) (top) Structure and configuration of an optical sensor for detection using pulsed 

laser excitation and photomultiplier tube (PMT) detector. (bottom) Sensing data from the microplastic monitoring system in real-time. 

Adapted from Ref. [71]. (b) (top) Schematic illustration of a sensor system designed for portable monitoring of microplastics in water, 

based on UV LED (wavelength: 254 nm). (bottom) Fluorescence intensity of NR and NR-GO-stained PE. Adapted from Ref. [72]. (c) 

(top) Three-dimensional rendering of an attachment for an opto-mechanical smartphone. (bottom) Microplastic concentrations measured 

in spiked (i.e., microplastic-added) and non-spiked (i.e., natural) samples. Adapted from Ref. [73].
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platform. The system utilizes a pump for sample aspiration and 

captures microplastics with a filter (300 μm in pore size) [72]. 

A camera system detects fluorescence intensity from the filter 

surface after staining captured microplastics with a Nile Red-

graphene oxide (NR-GO) composite. Preparation of NR-GO 

involves mixing graphene oxide powder with a Nile Red 

solution. Compared with Nile Red alone, NR-GO provides 

uniform dispersion on microplastic surfaces and enhances 

hydrophobic interactions with polymeric materials. This 

interaction produces stronger fluorescence signals. Emission 

wavelength analysis reveals color variations that correlate with 

surface polarity. Nonpolar PE (300 μm in size) and PP (300 

μm in size) emit yellow fluorescence ( : 560-570 nm). PET 

(300 μm in size) with strongly polar functional groups (i.e., 

ester groups; –COO–) emits red–orange fluorescence ( : 

610-620 nm). PVC (250 μm in size) and PS (900 μm in size) 

with intermediate surface polarity emit orange fluorescence 

( : 590-600 nm).

In contrast to pipe- and motor-driven aspiration systems, 

simplified fluorescence analysis platforms also employ 

smartphones. A smartphone integrates an external setup that 

includes a 3D-printed housing, four LEDs, an emission filter, 

an external lens, and a battery (Fig. 6(c)) [73]. LEDs (450-495 

nm in wavelengths) excite fluorescence from NR-stained 

microplastic surfaces. The smartphone camera images the 

emitted fluorescence, and analytical algorithms quantify 

microplastic count and spatial distribution. The system 

completes analysis within an hour per sample and applies to 

both artificial samples and real environmental samples.

Fluorescence-based detection also employs pyrene to 

visualize luminescence from PS beads (2.15, 2.29, and 

2.37 μm in size) [74]. Pyrene exhibits polarity-dependent 

fluorescence behavior and functions as a nonpolar probe. The 

dye adsorbs onto PS surfaces through hydrophobic interactions 

and generates strong fluorescence signals. In contrast, pyrene 

shows weak adsorption and low fluorescence intensity on sand 

and silica substrates. This selectivity reduces false-positive 

detection arising from non-plastic materials and improves 

identification of true microplastic distributions.

Despite these advantages, fluorescence-based sensing 

presents intrinsic limitations. The approach relies on selective 

binding of fluorescent probes to specific microplastic types, 

including Nile Red-PP [75] and fluorescein-PS [65]. In 

addition, naturally fluorescent microplastics (e.g., PMMA, 

: 633 nm) and organic compounds (chlorophyll a, : 

430 nm; phenolic compounds, : 320–370 nm), introduce 

a risk of misidentification [76]. These constraints highlight the 

need for further discussion and refinement of fluorescence-

based microplastic detection strategies.

2.6 Machine Learning Assisted Detection

Machine learning (ML) techniques effectively handle large-

scale data detection and classification and support applications 

across diverse fields [77,78]. In microplastic research, ML 

methods organize and classify data obtained from conventional 

detection techniques and serve as tools to predict microplastic 

type and concentration. This section summarizes 

representative examples that integrate ML with previously 

introduced detection platforms.

One application combines ML with Raman spectroscopy to 

analyze five types of nanoplastics, including PS and PMMA 

(spheres; 360 nm, 500 nm, and 1 μm in diameter), PE and 

polytetrafluoroethylene (PTFE) (pellets; ≤ 1 μm in diameter), 

and PVC (pellets; 0.3-1 μm in diameter) (Fig. 7(a)) [79]. 

Nanoplastics generate weak Raman signals and exhibit high 

noise levels [80]. To address this limitation, the analysis 

applies a random forest model. The random forest algorithm 

constructs multiple independent decision trees based on    

random feature selection and generates predictions through 

majority voting. The workflow also incorporates a Peak 

Extraction and Retention (PEER) algorithm to preserve 

informative peaks and remove noise prior to training. The 

model assigns weights to characteristic Raman peaks specific 

to each polymer and classifies microplastics accordingly. 

Higher weights indicate features that contribute more strongly 

to classification. Evaluation using unknown samples yields an 

average accuracy of 98.8%, an average sensitivity of 98.5%, 

and an average specificity of 100%. In addition to random 

forest models, one-dimensional convolutional neural networks 

(1D CNNs) extract features from one-dimensional spectral 

data and quantify the concentration of PE particles (10, 25, 48, 

150, 270, and 500 μm in size) [81]. Other studies apply k-NN 

models that classify samples based on similarity to reference 

datasets and distinguish fourteen types of microplastics, 

including PE, PP, PS, PMMA, PET, PVC, PTFE, polyurethane 

(PU), acrylonitrile butadiene styrene (ABS), polyoxymethylene 

(POM), polycarbonate (PC), and silicone [82].

FTIR spectroscopy also generates spectral datasets and 

supports ML approaches similar to those used for Raman 

analysis. Convolutional neural networks train on μFTIR 

datasets (Fig. 7(b)) [83]. Comparative evaluation across 

different input features and ML models uses the F1-score as a 

performance metric. Models based on similarity learned 

embeddings with multi-similarity loss (SLE-MultiSim) exhibit 

higher average F1-scores and lower variance than alternative 

approaches. Pairwise controlled manifold approximation 

(PaCMAP) visualizes high-dimensional spectral similarities in 

a reduced-dimensional space. Polymers with similar chemical 

characteristics cluster closely, while microplastics with distinct 

em
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properties spatially separate.

Additional studies apply 1D CNN models to identify 

microplastic types [84] or combine ATR-FTIR and Raman 

spectroscopy prior to 1D CNN analysis [85]. These integrated 

approaches achieve higher classification accuracy than single-

modality spectral analysis. Classification of ATR-FTIR data 

from real marine samples using k-NN models reports an 

agreement rate of 90.5% [86]. 

Studies that integrate ML with EIS primarily employ support 

vector machine (SVM) models. SVM defines an optimal 

decision boundary that maximizes the margin between classes. 

One representative study fills a cylindrical cell with deionized 

water and flows particles of PP (2, 3, and 4 mm in diameter), 

PA, PU, POM, PTFE, and glass (4 mm in diameter). EIS 

measurements generate Nyquist plots under controlled flow 

conditions. Increasing microplastic concentration reduces the 

semicircle radius in the Nyquist plot. This feature guides SVM 

model design and enables the development of a low-cost, field-

deployable sensor. The SVM model predicts microplastic 

material and size an average accuracy of 85% [87]. Other 

studies compare SVM with k-NN and decision tree models 

[88]. These analyses perform EIS measurements to obtain 

Nyquist plots for PET particles (0.5-1, 1-1.5, 1.5-2, and 2-4 

mm in size), as well as organic samples (e.g., salmon egg), 

inert organic samples (e.g., black earth and ground wood), and 

inorganic samples (e.g., sand). The study evaluates model 

performance across mixed solutions for each sample set.

ML can also integrate with fluorescence-based microplastic 

detection [89]. A fluorescence-based platform analyzes 

airborne microplastics using SwisensPoleno, which an 

atmospheric monitoring platform that simultaneously records 

particle images and fluorescence signals (Fig. 7(c)). The 

dataset includes 15 particle types, comprising 5 microplastics 

(i.e., PA, PE, PET, PMMA, and PP), 6 pollen species (i.e., 

Beech, Birch, Hazel, Grass, Pine, and Ragweed), and 4 

additional particles (i.e., Ash, Dust, Glass, and Water). 

Convolutional neural networks train on particle images, while 

multilayer perceptron (MLP) models train on fluorescence 

signals. Uniform manifold approximation and projection 

(UMAP) analyzes fluorescence signal distributions and 

visualizes clustering in reduced-dimensional space. 

Fluorescence signals alone enable discrimination at the 

particle-group level but show limited resolution for individual 

particle identification within clusters. Combined use of 

fluorescence and imaging improves classification accuracy to 

approximately 98%.

Fig. 7. Machine Learning (ML) assisted analysis and classification of MPs. (a) (top) Visualization of random forest model (gray lines: features 

of particle categories; darker shade: more important features). (bottom) Particle identification using a random forest model based on 

Raman spectroscopy. Adapted from Ref. [79]. (b) (top) Architecture of the underlying convolutional neural network (CNN) model. 

(bottom) Pairwise controlled manifold approximation (PaCMAP) visualization of the embeddings. Adapted from Ref. [83]. (C) (top) 

Architecture of a ML model (blue: the CNN model using holographic images as input; red: the multilayer perceptron (MLP) model using 

relative fluorescence spectra; black: concatenated model which using CNN and MLP model). (bottom) Uniform manifold approximation 

and projection (UMAP) analysis of relative fluorescence spectra. Adapted from Ref. [89].
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3. CONCLUSIONS

Micro- and nanoplastic detection continues to evolve from 

laboratory-based analytical methods toward integrated sensing 

platforms designed for complex environmental systems. As 

summarized in this review, existing techniques—including 

vibrational spectroscopy, electrochemical impedance analysis, 

and fluorescence-based sensing—offer complementary 

strengths in chemical specificity, sensitivity, and operational 

simplicity. Table 1 compares the major sensing interfaces in 

terms of sensitivity, quantification capability, and polymer 

specificity. The comparison highlights that spectroscopic 

methods offer strong chemical identification but limited 

quantitative capability, while EIS enables concentration-

dependent sensing without intrinsic polymer specificity. Each 

approach addresses distinct aspects of the micro- and 

nanoplastics challenge, yet none alone satisfies the 

requirements for comprehensive environmental monitoring 

across diverse matrices, particle sizes, and polymer types.

Recent progress highlights a clear transition from single-

modality measurements toward platform-level integration. 

Portable and in situ sensing systems increasingly combine 

selective interfaces, signal amplification strategies, and 

compact hardware to support real-time analysis outside 

controlled laboratory settings. These advancements mark an 

important step toward scalable monitoring frameworks that 

align with environmental and regulatory demands.

Machine learning further reshapes micro- and nanoplastic 

sensing by transforming raw spectral, electrical, and optical 

signals into robust classification and quantification outputs. 

Data-driven models reduce operator dependence, improve 

discrimination among chemically similar polymers, and 

enhance performance in heterogeneous samples. Continued 

progress in this area depends on standardized datasets, 

transparent model validation, and closer integration between 

sensing hardware and analytical algorithms.

Despite these advances, significant technical challenges 

remain for practical environmental deployment. Real-world 

samples contain complex mixtures of organic, inorganic, and 

biological components that interfere with selective detection 

and reduce measurement reliability. Variations in sample 

preparation, measurement conditions, and data interpretation 

across studies further hinder direct comparison and delay the 

establishment of standardized protocols. In addition, sensor 

performance under long-term and repeated use remains 

insufficiently validated, particularly under continuous field 

operation. These effects complicate conventional 

spectroscopic analysis, particularly for highly sensitive 

techniques such as SERS. Machine learning–assisted spectral 

analysis offers a practical route to address mixed-matrix 

complexity by extracting discriminative features from 

overlapping signals and enabling probabilistic classification 

of coexisting polymers. Integration of SERS with data-driven 

models therefore provides a promising strategy for reliable 

microplastic identification in heterogeneous environmental 

samples.

Therefore, future sensing platforms should prioritize 

multimodal detection, robustness against environmental 

variability, long-term operational stability, and sensor 

reusability. Designs that maintain consistent performance over 

repeated measurement cycles and extended deployment 

periods will play a central role in scalable monitoring. 

Advances in materials design, device engineering, and data 

analytics collectively support a shift from proof-of-concept 

Table 1. Comparison of sensing interfaces for micro- and nanoplastic detection.

Interfaces Key strengths Sensitivity Quantification
Specificity

(polymer)
Major limitations

Raman

spectroscopy

Label-free

chemical

identification

Moderate Limited High

Weak intrinsic signal;

Limited sensitivity for nanoplastics;

Indirect quantification

SERS
Trace-level

detection
Very high Limited High

Substrate-dependent signal variability;

Reproducibility challenges;

Limited standardization

FTIR

Established

microplastic

analysis

Moderate Limited High
Spatial resolution limit for nanoplastics;

Water interference

EIS

Simple and

low-cost

sensing

High

(concentration)

Possible

(relative)
Low

Lack of chemical specificity;

polymer-type ambiguity

Fluorescence

Rapid

imaging and

counting

High Limited Moderate

Requirement for fluorescent staining;

Dye nonspecificity;

Background fluorescence
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demonstrations toward practical, reliable, and sustainable 

environmental monitoring of micro- and nanoplastics.
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