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Abstract—This work introduces a low-cost microwave
(MW) sensor that achieves the highest sensitivity among
MW-based approaches for detecting microplastics (MPs) in
water and provides a mechanism for determining polymer
types in unknown samples. These achievements address
the growing need for sensitive, affordable tools for rou-
tine and reliable monitoring of MPs across environmental
water matrices. We employ an MW spiral resonator operating
at 3.4 GHz to detect and quantify polytetrafluoroethylene
(PTFE), polyvinyl chloride (PVC), and polyethylene terephtha-
late (PET) in water. The design leverages a highly sensitive
spoof surface plasmon polariton (SSPP) mode and a con-
trolled field–sample interaction, enabling tunable coupling
and robustness to variations in sample composition. Under maximum interaction (1.6-mL sample volume), the resonator
detects concentrations as low as 125 ppm for all polymers. To overcome overlapping responses from similar dielectric
properties, we integrate machine learning (ML) to discriminate polymer type. Four algorithms, random forest (RF),
K-nearest neighbors (KNNs), support vector machine (SVM), and logistic regression (LR), were evaluated using
resonance-derived features: frequency shift, minimum amplitude, 3-dB bandwidth, and skewness. LR achieved the best
performance, correctly classifying 100% of samples. After identification, polymer-specific calibration curves are used
to estimate the concentration. These findings establish the platform as a sensitive, selective, and low-cost solution for
MP monitoring in water. By coupling SSPP-enabled sensing with ML-based classification, this work advances the state
of the art in MW environmental monitoring and offers a practical route for addressing MP pollution while enabling both
quantification and identification in a single device.

Index Terms— Classification, machine learning (ML), microplastic (MP), microwave (MW), sensor, spoof surface
plasmon polariton (SSPP).

I. INTRODUCTION

PLASTICS have become deeply embedded in modern
society due to their low cost, durability, and versatility,

enabling widespread use across industries such as packag-
ing, healthcare, and transportation [1]. However, the same

Received 28 January 2026; revised 16 February 2026; accepted 16
February 2026. Date of publication 26 February 2026; date of current
version 2 April 2026. This work was supported in part by the Coor-
dination for the Improvement of Higher Education Personnel (CAPES)
under Grant 001, in part by the National Council of Scientific and
Technological Development (CNPq) under Grant 304208/2021-3 and
Grant 312086/2023-7, and in part by São Paulo Research Foundation
(FAPESP) under Grant 2013/07276-1 and Grant 2023/16111-8. The
work of Vinicius M. Pepino was supported by FAPESP under Grant
2025/09387-2. The associate editor coordinating the review of this arti-
cle and approving it for publication was Prof. Mohammad Hossein Zarifi.
(Corresponding author: Ben-Hur V. Borges.)

Please see the Acknowledgment section of this article for the author
affiliations.

This article has supplementary downloadable material available at
https://doi.org/10.1109/JSEN.2026.3666661, provided by the authors.

Digital Object Identifier 10.1109/JSEN.2026.3666661

properties that make plastics so useful, particularly their
resistance to degradation, also contribute to their long-term
persistence in the environment. Today, global plastic pro-
duction exceeds 359 million tons annually, driven in large
part by single-use applications and inadequate disposal prac-
tices [2]. Common sources of plastic waste include textiles,
tires, water bottles, and personal care products such as
cosmetics [3].

As plastic waste accumulates in natural environments,
it undergoes physical, chemical, and biological degradation
processes that lead to the formation of microplastics (MPs).
These are polymer fragments ranging in size from 1 µm to
5 mm [4] and have been detected in aquatic systems, soil, and
even within living organisms. The growing prevalence of MPs
in the environment has raised serious concerns due to their
potential to disrupt ecosystems and pose risks to human health.
Human exposure occurs primarily through dermal contact,
inhalation, and ingestion, the latter two being the most signif-
icant pathways [5]. Among these, inhalation of airborne MPs
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is considered the main route, followed by the consumption
of seafood and bottled water [6]. The confirmed presence of
MPs in human tissues and their associated health risks [7], [8],
[9], [10] have intensified the need for water-quality monitoring
systems aimed at protecting human health.

Sensor-based approaches for MP analysis have focused on
parameters such as particle count [11], concentration [12],
size distribution [13], and polymer identification [14]. Other
strategies target MP removal [15] or seek to differentiate
MPs from biological materials [16]. The primary technologies
employed for these analyses include Fourier transform infrared
(FTIR) spectroscopy [14], [17], Raman spectroscopy [18],
[19], and microwave (MW) spectroscopy [12], [13], [20], [21],
[22], [23]. FTIR enables rapid, nondestructive identification of
functional groups in liquids [24], but its applicability is lim-
ited by strong water absorption [25] and shallow penetration
depth [26]. Raman spectroscopy overcomes water-related con-
straints [27] and provides molecular fingerprints [28], yet its
weak scattering efficiency [29], susceptibility to fluorescence
interference [30], and high system cost [31] often require
long acquisition times or signal enhancement, restricting its
practical deployment.

MW sensors rely on permittivity-induced perturbations of
planar resonators, which manifest as shifts in the measured
S-parameters [32]. In MP detection, polymers modify the
effective permittivity of the water matrix, leading to changes
in resonance features such as frequency shift (1 f ), attenuation
(1A), and quality factor (1Q). MW sensors present several
noteworthy advantages: label-free operation [33], noncon-
tact measurements [34], and high sensitivity to even minor
dielectric changes [35]. Moreover, they are compact, cost-
effective [36], and readily manufactured using standard printed
circuit board (PCB) fabrication processes. Collectively, these
attributes position MW sensors as strong candidates for detect-
ing low MP concentrations in water while helping to overcome
some of the key limitations inherent to FTIR and Raman-based
methods.

Previous studies have demonstrated the versatility of
MW-based sensing for MP detection across diverse media.
In [20], Nylon 11 was identified in liquid samples as well as
in soil and sand, highlighting the relevance of MW techniques
beyond aquatic environments. In [37], PP and PE particles
were analyzed in distilled water, artificial sewage, and urban
lake water to assess matrix-dependent effects on detection
performance. In [12], 10-µm PP, PMMA, and polyethylene
terephthalate (PET) particles were investigated, showing that
particle shape had no measurable influence on resonance fre-
quency shifts. In [38], an adaptable MW resonator integrating
a microfilter was proposed for on-site PP concentration esti-
mation. A low-cost MW system combining a signal generator
and spectrum analyzer was reported in [21], enabling PP
and PE detection down to 1% concentration without a vector
network analyzer (VNA). In [22], a split-ring resonator was
used to study the effects of particle size, concentration, and
temperature on PE suspensions, achieving a detection limit of
100 000 particles/L. Finally, a real-time MW probe reported
in [23] detected 600-µm PE spheres, albeit at substantially
larger particle sizes than those addressed in most studies.

Despite ongoing efforts to enhance MW sensor perfor-
mance, their sensitivity remains below that of FTIR and
Raman techniques. Moreover, no MW-based approach has
jointly addressed polymer-type identification and concentra-
tion quantification in unknown MP samples. Here, we address
this gap by proposing: 1) a high-sensitivity spoof surface plas-
mon polariton (SSPP) resonator for MP detection in water and
2) a machine learning (ML) strategy for polymer identification
in unknown samples.

SSPP-based resonant sensors enable strong field con-
finement for MW sensing. Label-free detection has been
demonstrated for pollutant monitoring in sewage water [39],
multifunctional sensing of alcohol concentration and paper
thickness [40], and portable gas detection using ultracompact,
consumer-electronics-integrated platforms [41]. Biomedical
applications include glucose sensing in blood phantoms and
aqueous solutions [42], [43], while microfluidic SSPP sensors
have enabled food-quality analysis such as honey adulteration
detection [44]. Recent advances further include flexible SSPP
e-skins for proximity and material identification [45]. Over-
all, these works establish SSPP resonators as a mature and
versatile sensing technology.

Herein, we designed a spiral SSPP resonator and mapped its
response as a function of sample volume, a key determinant
of sensor–sample coupling. At the optimal 1.6-mL volume,
the device detected polytetrafluoroethylene (PTFE), polyvinyl
chloride (PVC), and PET down to 0.0125% (125 ppm) with
low error, surpassing prior MW-based reports. For polymer
identification, four models, random forest (RF), K-nearest
neighbors (KNNs), support vector machine (SVM), and logis-
tic regression (LR), were trained using four experimentally
measured features: resonance frequency ( fmin), transmission
amplitude (S21,min), 3-dB bandwidth (Bwidth), and skewness
(SKness). LR achieved 100% accuracy on our dataset, correctly
classifying all samples. Together, these results indicate a robust
route to MP detection and classification in water.

This article is organized as follows. Section II describes the
MP sensing concept and sensor design, including a sample
volume analysis. The corresponding results are experimentally
validated in Section III. Section IV details the sample prepa-
ration and the resonator response for PTFE, PVC, and PET,
dispersed in deionized water (DI-W). Section V introduces
the ML models and evaluates their predictive capability for the
three polymers, including a comparison of the proposed sensor
with other MW approaches. Finally, Section VI summarizes
the main findings.

II. MP SENSING METHODOLOGY AND DESIGN

Fig. 1 summarizes our MW workflow for MP analysis in
water, organized in four stages. First, samples are collected
at treatment facilities or directly from natural sources. Sec-
ond, the sample is placed in the sensor and its frequency
response is measured, and the relevant resonance-based fea-
tures ( fmin, S21,min, Bwidth, and SKness) are extracted from
the transmission coefficient. Third, these features are used as
inputs to a supervised classification model to identify the poly-
mer type (PTFE, PVC, or PET) and select the corresponding
regression curve. Fourth, the concentration of the identified
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Fig. 1. Overview of the experimental workflow for MP analysis.
(1) MP samples are prepared and introduced into the sensor setup.
(2) Scattering parameters are measured using a VNA, and the relevant
resonance-based features are extracted. (3) The extracted features
are used as inputs to a supervised classification model for polymer
identification and regression curve selection. (4) Based on the selected
regression curve, the MP concentration is quantified using the reso-
nance frequency shift.

Fig. 2. Proposed spiral resonator and HFSS simulation. (a) Geometry
of the Archimedean spiral resonator coupled to a curved transmission
line. (b) Simulated transmission coefficient, showing two distinct reso-
nance modes.

polymer is quantified based on the resonance frequency shift
using the selected curve.

The proposed sensor uses a spiral resonator whose outer
arms are connected to a 16-tooth, gear-shaped ring resonator.
The structure is excited by a curved transmission line to
maximize coupling, as illustrated in Fig. 2(a). The geometry
evolves from previously published spiral-based sensors [46],
[47], which have shown promising sensing performance. Spiral
resonators provide a highly sensitive near-field region around
their arms, strongly coupled through the continuous metallic
trace. The resonator follows an Archimedean spiral, imple-
mented as four identical spirals rotated by 90◦ relative to
each other. All geometric parameters of the gear and spiral
are provided in the Supplemental Items (SIs), Section A.

The periodic grating on the ring resonator supports an SSPP
mode, whose dispersion is engineered via the parameters rext
and hgvr and is used to satisfy the phase-matching condition
with a whispering gallery mode (WGM), which is naturally
induced in the liquid sample due to its circular geometry.
This SSPP-WGM coupling enhances electric-field confine-
ment in the sensing region, with the resulting sensitivity arising
from perturbations in this interaction, as detailed in the SI,
Section B.

The resonator is not electrically connected to the trans-
mission line, and both are separated by a 150-µm gap to

allow electromagnetic coupling. Electromagnetic simulations
were performed in HFSS considering the FR-4 substrate.
Fig. 2(b) shows the sensor transmission magnitude response,
where each resonance peak corresponds to a different mode.
Although these modes are sensitive to permittivity varia-
tions, the simulation without a test sample does not reflect
realistic MP detection conditions. We therefore introduce a
sample container and systematically vary the sample volume
to quantify its effect on sensor–sample coupling. The 3-D-
printed sample container was added to the model to emulate
the measurement conditions, positioned directly above the
resonator, fully covering it [Fig. 3(a)]. Water at 20 ◦C served
as the analyte, with its permittivity taken from [48].

Because water permittivity dominates the stack, the sample
volume primarily governs the sensor response. An initial
height, hsample = 3.2 mm, sufficient for homogeneous filling
(∼1.2 mL), yields the magnitude response in Fig. 3(b), where
four resonances are observed (black curve with square sym-
bols). The first two correspond to the resonances in Fig. 2(b),
shifted due to liquid loading, whereas the third and fourth arise
as higher order SSPP modes enabled by the presence of water
(further analysis is provided in the SI). To assess dielectric sen-
sitivity, a perturbation of 1ε′

= −5 was applied in the whole
band while keeping dielectric losses constant. The resulting
response is shown by the red curve with circular symbols,
highlighting the corresponding frequency shifts. As observed,
the third and fourth resonances exhibit higher sensitivity and
were therefore selected for analysis. For volume comparison,
narrow sweeps around each resonance were simulated, see
Fig. 3(c) and (d), for hsample = 3.0–3.3 mm. The 2.9-GHz
mode was essentially invariant (low sensitivity), while the
3.3-GHz mode shifted markedly with volume. Therefore,
considering the high sensitivity, enhanced quality factor, and
the coupled-mode-based sensing mechanism, the analysis was
focused exclusively on the resonance centered at 3.3 GHz. The
best performance occurred at hsample = 3.1 mm (∼1.2 mL),
yielding the deepest attenuation and the highest Q across all
tested volumes.

Fig. 4 shows the electric-field distribution, with maximum
intensity near the water surface and gradual decay with depth,
while the xy plane views confirm strong confinement between
the transmission line and resonator. This behavior supports MP
detection via permittivity-induced resonance perturbations.
The distinct substrate field pattern confirms SSPP excitation
by the grating and the associated coupling mechanism (see SI,
Section C). Sensor fabrication and experimental validation are
the next steps.

III. SENSOR FABRICATION AND EXPERIMENTAL
VALIDATION

The sensor was fabricated via electronic prototyping, using
an LPKF milling machine (model S-103), with 1.6-mm-thick
FR-4 (εr = 4.4 − j0.08) as the substrate material. Two SMA
connectors were soldered to each port. A cylindrical sample
container was also fabricated, featuring walls made of 3-D-
printed resin (εr = 2.7 − j0.08) and a base consisting of a
150-µm glass layer (εr = 5.5 − j0) [49]. The container is
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Fig. 3. Simulation-based sensitivity analysis of the spiral resonator using pure water. (a) Sensor geometry and container dimensions. (b) Simulated
transmission coefficient for a 3.2-mm-high water sample with and without dielectric perturbation (∆ε′ = −5), used for sensitivity assessment. (c) and
(d) Sensitivity fine-tuning for different sample volumes at the third and fourth resonances.

Fig. 4. Simulated electric-field distribution at z = 3.1 mm. Top: xz and
yz cross sections; bottom: xy intensity maps. Strong field confinement
within the liquid indicates high dielectric sensitivity.

16.4 mm tall, with the inner diameter of 22 mm and the outer
diameter of 24 mm.

The fabricated structure is shown in Fig. 5(a), where the
element appears connected to a ZVA-40 Rohde and Schwarz
VNA in Fig. 5(b), in order to replicate the same conditions
implemented in the simulations. Fig. 5(c) compares the mag-
nitude of the transmission coefficient for three configurations:
the simulated response (black curve with square symbols),
the experimental response without the container (red curve
with circular symbols), and the experimental response with the
container (blue curve with triangular symbols). A good corre-
spondence between the simulated and experimental approaches
is observed. The presence of the container causes a redshift
of approximately 100 MHz in the sensor resonance, while no
significant attenuation effects were detected compared with the
experimental curve.

The optimal sample volume was confirmed experimentally
using a LabMate Pro micropipette (LMP1000) to control DI-W
addition. Starting at 1.2 mL, increments of 0.1 mL were
made up to 1.8 mL. As shown in Fig. 5(d) (3.0–3.6 GHz),
resonance near 3.3 GHz achieved Q ≈ 12, the highest among

Fig. 5. Fabrication, measurement setup, and experimental valida-
tion of the SSPP sensor. (a) Fabricated resonator. (b) Measurement
setup. (c) Simulated and measured transmission magnitude responses.
(d) Measured response for varying water volumes.

the tested volumes, and the lowest transmission amplitude
at 1.6 mL, confirming the best sensing condition. The low
Q is associated with the high field confinement in water,
which is inherently lossy. The observed discrepancies between
numerical and experimental results, such as the sample volume
and resonant frequency, arise from effects not captured in the
numerical model, including setup-related uncertainties, e.g.,
glass thickness nonuniformities, container misalignment, and
glue layer variations, variations in the complex permittivity of
water, and capillary effect along the container walls. Next, the
sample preparation protocol and its influence on the sensor
performance are addressed.

IV. MP SAMPLE PREPARATION, DETECTION, AND
QUANTIFICATION

MPs of PTFE, PVC, and PET were produced from pure
polymers by washing, mechanical scraping with sandpaper,
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and sieving (smallest aperture 149 µm). Particle morphology
was verified by scanning electron microscopy (SEM, Leo
440). For concentration control, MPs were weighed on an
analytical balance (i-ThermoGA64M, Bel Engineering) and
dispersed in DI-W. To stabilize the dispersion (and avoid par-
ticle agglomeration), sodium dodecyl sulfate (SDS, anionic),
Tween 20 (nonionic), and a commercial neutral detergent were
assessed. In addition, 0.1% (w/v) surfactant solutions in DI-W
had their complex permittivity compared. The commercial
neutral detergent was adopted as the reference since its real
and imaginary parts of the permittivity closely match those
of the other surfactants. Details on polymer selection, sample
preparation procedures, and surfactant analysis are provided
in Section D of the SI.

The MP sensing setup, Fig. 5(b), employed a fixed 1.6-mL
sample volume of DI-W with 0.1% neutral detergent as
reference. Measurements started at 0.8% MP concentration
(a suitable starting point to properly cover the concentration
range of interest for MP analysis), with particle sizes <250 µm
(the majority being smaller than this value, as shown in
Fig. S5), with successive dilutions prepared by replacing half
of the solution with fresh medium and thoroughly mixing with
a micropipette. Dilutions proceeded until no further resonance
changes were observed, reaching a detection threshold of
0.0125% (125 ppm), the lowest reported for MW sensors.
After each sequence, the container was cleaned with DI-W
and cotton before restarting. Air bubbles from surfactant
agitation were allowed to dissipate before measurements. The
SI provides additional details on the measurement time and
sedimentation time in Section E. Each MP type (PTFE, PVC,
and PET) was tested independently, with four repetitions per
concentration, totaling 84 transmission curves. All measure-
ments were performed using the same VNA, with an IF
bandwidth of 100 Hz, 501 points, a sweep time of 8 s, and
with no averaging applied.

Fig. 6(a)–(c) shows that the average transmission magni-
tude, obtained from four repeated measurements, increases as
the concentration decreases, followed by a clear resonance
blue shift. Moreover, it shows that each polymer occupies a
distinct resonance range set by its permittivity. Fig. 6(d)–(f)
shows the minimum transmission magnitude, where the error
bars represent the standard deviation for each concentration.
The average standard deviations were 1.49 dB (PTFE), 1.69 dB
(PVC), and 2.25 dB (PET), with the highest variability at
0.8%. For PTFE and PET, 0.8% and 0.4% overlapped, while
PVC showed more linear behavior. Although the sensor oper-
ates at a low Q, resonance frequencies, see Fig. 6(g)–(i),
displayed very low deviations (≈2 MHz for PTFE and PVC,
and 3 MHz for PET) under repeated measurements at the
same concentration and no overlap with adjacent levels, con-
firming frequency as a more precise and reliable parameter
than magnitude. Therefore, the frequency shift is primarily
governed by the mixture’s effective permittivity, whereas the
variability associated with particle geometry, orientation, and
spatial distribution is embedded within the frequency disper-
sion observed across multiple measurements performed at a
fixed concentration [50].

Based on these results, the resonance frequency shift was
selected as the primary sensing metric. The average sensitivity
S̄ was calculated using the following equation:

S̄ =
|1 fmin(MHz)|

1C(%)

(1)

where 1 f min represents the change in resonance frequency
relative to the reference concentration of 0.8%, considering
its average value and 1C is the variation in MP concen-
tration. The calculated average sensitivities were S̄PTFE =

91.81 MHz/%, S̄PVC = 95.11 MHz/%, and S̄PET =

125.08 MHz/%, indicating that the sensor exhibits the high-
est average sensitivity to PET concentrations. The complete
differential sensitivity curves, obtained from the fit curves,
are provided in the SI, Section F. Additionally, using the
procedure defined in the SI, Section G, their limit of detections
(LODs) are L O DPTFE = 0.0347%, L O DPVC = 0.0156%,
and L O DPET = 0.0381%. Determining these parameters is
essential for defining the sensor’s operational limits. While
the sensor demonstrated excellent performance in quantify-
ing PTFE, PVC, and PET, this work also advances beyond
quantification by proposing a strategy for polymer-type iden-
tification, as detailed next.

V. POLYMER-TYPE IDENTIFICATION USING ML MODELS

In MW sensing, different analytes may produce highly sim-
ilar electromagnetic responses, leading to ambiguous readings
that cannot be reliably resolved using single-parameter met-
rics. To overcome this limitation, multivariate feature-based
approaches have been successfully employed in fault-tolerant
MW sensing architectures to enhance robustness, resolu-
tion, and selectivity [51], [52]. In contrast to these works,
where intelligent processing primarily targets metrological
performance improvement, the present study applies ML
to polymer-type identification in MP samples, which is a
prerequisite for accurate concentration estimation based on
regression models. Therefore, we trained four ML models,
namely, RF, KNN, SVM, and LR, using four scattering-based
features obtained from experimental data features: fmin,
S21,min, Bwidth, and SKness, where Bwidth indicates the −3-dB
bandwidth around the resonance notch. SKness denotes the
sample skewness of the resonance profile vector x =

[x1, . . . , xN ] [53], with xi representing the measured S21
magnitude in dB, and is defined as

SKness =

1
N
∑N

i=1 (xi − x̄)3(
1
N
∑N

i=1 (xi − x̄)2
)3/2 (2)

where x̄ refers to the arithmetic mean of the resonance profile
samples and N is the number of sampled points. The feature
set was intentionally restricted to these four variables to avoid
performance degradation due to underparameterization and to
avoid excessive dimensionality when adding more features.
To evaluate the models’ performance, the scikit-learn library
in Python was employed. The pipeline began with a standard
scaler for Z -score normalization. To further reduce overfitting,
a stratified fivefold cross-validation with ten repetitions was
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Fig. 6. Averaged experimental S-parameters of the spiral sensor and corresponding fit curves for minimum amplitude and resonance frequency
as a function of MP concentration (0.0125%–0.8%) for PTFE, shown in (a), (d), and (g); PVC, shown in (b), (e), and (h); and PET, shown in
(c), (f), and (i).

applied. The dataset was expanded fivefold by adding Gaussian
noise with a standard deviation set to 10% of each fea-
ture’s original range, a configuration empirically established to
improve generalization while maintaining consistency with the
sensor’s underlying physics. The dataset was split evenly, with
50% of the real samples used for training and validation, and
the remaining 50% reserved for testing. Further discussions
on the feature analysis, model testing parameters, and data
augmentation procedures are provided in the SI, Section H.

For the performance assessment of the models, three metrics
were adopted: validation accuracy (Acc,val), test accuracy
(Acc,test), and an additional metric referred to as adapted
accuracy (Acc,adapt), defined as

Acc,adapt(%) =
Acc,val + Acc,test

2

(
1 −

∣∣Acc,val − Acc,test
∣∣

100

)
.

(3)

Ranging from 0% to 100%, the adapted accuracy penalizes
models with large discrepancies between validation and test
performance, particularly those that overfit training data. This
is evident for RF and KNN in Fig. 7(a), where shorter bars
indicate poor generalization. SVM shows moderate penaliza-
tion, while LR performs best, confirming the metric’s value for
robustness evaluation. Despite its simplicity, LR outperformed
all other models, suggesting that the relationship between
features and polymer classes is largely linear and separable
without complex boundaries.

To further examine separability, principal component analy-
sis (PCA) was applied to LR outputs. Fig. 7(b) shows the 2-D
projection of sensor features, where PTFE (red), PVC (blue),
and PET (green) are clearly distinguished by the classifier.
PCA 1 explains 87.97% and PCA 2 8.03% of the variance,
indicating that most class-discriminative information lies in a

Fig. 7. Performance of ML models for MP classification. (a) Accuracy
for RF, KNN, SVM, and LR. (b) PCA projection of LR shows distinct
separation among classes.

single dimension, consistent with LR’s strong performance.
Although dimensionality reduction is feasible, all features
were retained to maximize accuracy. The optimal LR used
a regularization strength of 100 with the saga solver and
1000 iterations to ensure convergence. These results indicate
that our approach is robust to determine the polymer type.
Figure S10 in the SI, Section H, summarizes the complete
polymer identification process.

Table I summarizes MW sensors for MP detection in water.
The proposed sensor operates in the mid-frequency range, bal-
ancing sensitivity and precision, and relies on the transmission
coefficient, simplifying electronics by avoiding circulators.
It belongs to the common MP-dispersed category and, while
not requiring the smallest volume, the 1.6-mL sample is prac-
tical for water analysis. The device ranks first in the number
of MPs analyzed and, unlike most works with fixed sizes,
used heterogeneous samples up to 250 µm, with many below
50 µm, better reflecting real conditions. Sensitivity reached
158.7 MHz for 1% MP concentration, while the measured
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TABLE I
COMPARISON OF RECENTLY PUBLISHED MP SENSORS USING MW TECHNOLOGY

range encompasses the lowest concentration levels reported
for MW-based sensors. Additionally, four ML techniques were
applied to classify MP type, addressing a key challenge in MW
sensing. These results position the sensor at the state of the
art, outperforming existing alternatives.

VI. CONCLUSION

This work demonstrated a highly sensitive MW sensing plat-
form for MP quantification and polymer identification in water,
enabled by SSPP-based field confinement and ML-learning-
assisted classification. Operating at 3.4 GHz, the proposed
sensor achieved concentration levels as low as 125 ppm under
maximum field–sample interaction (1.6 mL). Using resonance-
derived features, the proposed approach enables accurate
polymer discrimination, with LR achieving 100% classifi-
cation accuracy for PTFE, PVC, and PET samples. From
an application-oriented perspective, the proposed approach
offers a practical route for controlled water analysis, including
laboratory screening, bottled water assessment, and periodic
monitoring in water treatment facilities, where sample condi-
tions can be properly regulated.

The current laboratory implementation, based on a vec-
tor network analyzer, prioritizes measurement fidelity and
experimental validation. Building upon this solid founda-
tion, future implementations may leverage compact hardware
architectures, such as microprocessor-based platforms and
software-defined radio, to enable portable, scalable, and
energy-efficient sensing solutions. Controlled sample volume
can be reliably ensured using standard laboratory practices,
while the ML framework, demonstrated here with three poly-
mer classes, is inherently scalable to larger datasets and more
complex classification tasks.

Future work will focus on integrating low-power RF readout
electronics, evaluating robustness under realistic water matri-
ces, and expanding the dataset to include a broader range
of polymer types and larger sample sets. In this context, the
proposed sensing architecture opens a clear pathway toward
low-cost, user-friendly devices tailored for practical deploy-
ment in this application domain.
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