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Abstract
Microplastics are widespread in aquatic and terrestrial environments, yet standard identification
techniques remain slow, labor-intensive, and unsuitable for large-scale or in-situ monitoring. In this work,
we investigate high-frequency ultrasound as a fast, non-destructive alternative for microplastic
detection, material identification, and size estimation. A peak-based extraction method isolated particle-
specific echoes, from which temporal and spectral features were computed. We evaluated several
machine learning methods and introduced a
one-dimensional convolutional neural network (1D-CNN) to classify material types. The proposed 1D-
CNN achieved 99.75% accuracy, outperforming traditional models. Particle size was further estimated
using material-specific multilayer perceptrons, which classified microspheres into four size ranges with
up to 99.97% accuracy. These results show that
high-frequency ultrasound encodes discriminative scattering patterns that can be learned directly from
raw acoustic signals, offering a fast and scalable framework for microplastic characterization with
potential for future real-time or in-situ applications.

Introduction
Plastic pollution has become a global environmental crisis, prompting some to suggest a new geological
epoch,  the “Plasticene”1. As plastics degrade into microplastics (<5 mm) and nanoplastics (<1 µm)2,
their surface area and mobility increase, enabling them to act as vectors for persistent organic pollutants
and heavy metals3. These particles have been detected in remote environments4, as well as in soil5, air6,
and even human tissues7, including the brain, liver, and kidneys8. Their widespread distribution and
bioaccumulation highlight the urgent need for effective detection and monitoring strategies9.

Traditional microplastic (MP) identification techniques, such as Raman10 and FTIR spectroscopy11,
pyrolysis-GC12, and Scanning Electron Microscopy (SEM)13, are 
 time-consuming, manual, and error-prone. While these methods are widely used, they are not well-suited
for large-scale or in situ applications.

Ultrasound has shown promise as an alternative, but its use in microplastic detection remains
underexplored14. Previous studies have demonstrated its potential:  Falou et al.15  and     Baddour et al.16

used high-frequency ultrasound to analyze microsphere backscatter, demonstrating agreement between
theoretical and experimental results. 
 Meanwhile, Blevins et al.17 demonstrated the feasibility of in-situ detection of polyethylene particles at
lower frequencies.

Recent efforts have applied machine learning to improve traditional microplastic analysis workflows18,19,
but these approaches lack a fully automated classification of polymer types and particle size estimation.
Deep learning-based studies have shown some success in polymer identification20, though challenges
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remain in validating mixed samples. Guselnikova et al.21 proposed a pretreatment-free approach using a
self-attention neural network, yet it only identifies polymer types and does not distinguish between
materials or estimate particle size. Meanwhile, Han et al.22 explored shape classification using
photoacoustic imaging and generative models, but their method lacked material identification and
required complex imaging not suited for in-situ use.

Ultrasound imaging offers an advantage by analyzing backscattered signals that carry information about
material-specific properties such as density and acoustic impedance17. The choice of ultrasound
frequency depends on the application: low frequencies (2–5 MHz) are used for deep tissue imaging23,
higher frequencies (>10 MHz) for high-resolution biomedical scans24, and very low frequencies (<1 MHz)

in industrial non-destructive  testing25,26. Recent advances in machine learning have enhanced
ultrasound signal interpretation27,28, enabling applications like tissue characterization and fault
detection. 

Unlike previous work using 40 kHz ultrasound for large object detection29, we utilize 
 high-frequency ultrasound to classify MP material and size solely from backscattered signals. Higher
frequencies enable more accurate identification of material types and particle sizes for MPs due to the
smaller ultrasound wavelengths (on the order of micrometers). The application of high-frequency
ultrasound for characterizing MPs represents a step forward in environmental sensing, offering a non-
destructive, label-free method capable of determining particle properties at a microscale resolution. This
work lays the foundation for real-time, 
 in-situ monitoring of plastic pollution in complex aqueous environments. The proposed framework
achieves an MP classification and size estimation accuracy of 99.75% and 99.97% for microspheres,
respectively. The demonstrated ability to identify and size MPs using ultrasound alone may significantly
reduce the dependence on a labor-intensive process. Such advancements could support policymakers
and researchers in developing evidence-based strategies for managing plastic pollution.

Results
We designed a series of experiments using microspheres of various materials and sizes embedded in
agarose phantoms to evaluate the proposed ultrasound-based framework for MP identification and size
estimation. We developed a pipeline that systematically analyzes ultrasound backscatter data, which
begins with signal acquisition and peak extraction, proceeds with material classification using machine
learning and deep learning models, and concludes with particle size estimation (see the pipeline in
Fig. 1).

Backscattered signals were acquired using a modified commercial acoustic microscope equipped with a
40 MHz transducer (see Methods). The transducers move across the sample in the x–y plane with a
scanning step size of 10 µm, capturing ultrasound echo signals at each position (Fig. 1a, 1b). Maximum
amplitude projections were generated for the visualization of these 3D tensors in 2D (Fig. 1c, 1d).
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Simultaneously acquired optical microscopy images served as ground truth for validating the peak
extraction method and assessing the accuracy of machine learning models (Fig. 1e). To collect training
data, it was necessary to isolate acoustic signals reflected from microspheres from background noise.
To achieve this, a peak extraction method was developed to identify signals with the highest absolute
amplitude in the time domain, corresponding to the locations of microspheres and their reflections in
maximum amplitude projection images. Peaks were detected using a sliding-window algorithm with an
adaptive prominence threshold based on local image statistics (Fig. 1f, 1g). Manual validation against
optical images confirmed a peak detection accuracy of 96.04% across a range of particle types and
sizes, with the exception of overlapping or closely clustered particles. The detected peaks indicate the
locations of the strongest reflected signals from individual particles. Following optical validation, these
signals were incorporated into the dataset along with their corresponding material type and size labels.

Following the identification of signals reflected from microspheres, a labeled dataset was constructed
with corresponding material types and particle sizes. These signals were analyzed in both the time and
frequency domains to extract key acoustic features indicative of material composition29 and particle
size16.

Each material exhibits distinct feature correlation patterns (Fig. 2). Across all material types, the most
influential features were spectral spread, spectral entropy, and spectral centroid. An ablation study using
the top-ranked features revealed that a subset of 13 features provided the highest classification
accuracy. Spectral skewness and temporal crest factor were identified as the least impactful and were
therefore excluded from the final feature set (Fig. 2e, 2f).

The variations in the correlation matrix (Fig. 2d) suggest that each material possesses unique
descriptive features, reinforcing the rationale for using machine learning to identify such patterns. When
the wavelength of the ultrasound is on the order of the particle's size, complex scattering patterns can be
used to identify the particles. Particles have natural frequencies at which they vibrate strongly when
excited, leading to unique spectral features associated with shape resonances. These resonance
frequencies are related to the particle's size, shape, and material properties. One can identify the
particles based on these resonances by analyzing the backscattered signal. Selected features (see
Supplementary Table 1) collectively represent the signal’s statistical and spectral properties, facilitating
the effective classification and analysis of different materials.

Table 1 summarizes the performance of various learning algorithms for material classification. Among
the machine learning models, the multi-layer perceptron (MLP) achieved the highest accuracy,
outperforming the Random Forest classifier and demonstrating the strength of neural networks for
acoustic signal analysis. The proposed convolutional neural network model outperformed all other
classifiers, achieving an accuracy of 99.75% with a standard deviation  
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Table 1
Classification Model Summary for Different Machine Learning Algorithms. CNN and MLP

achieved the highest average performance across 10 experiments with varying random seeds.
However, CNN outperformed all other models across all metrics, highlighting the advantage of
automatic feature extraction tailored to material type over manually selected signal features

applied uniformly to all materials.
Model Accuracy (%) Precision (%) Recall (%) F1-score (%)

K-Nearest Neighbors30 98.16 ± 0.24 97.84 ± 0.34 98.11 ± 0.21 97.96 ± 0.28

Logistic Regression31 87.56 ± 0.56 86.21 ± 0.64 84.93 ± 0.77 85.51 ± 0.70

Gradient Boosting32 98.01 ± 0.26 97.82 ± 0.33 97.97 ± 0.30 97.89 ± 0.31

Decision Tree33 97.37 ± 0.29 97.11 ± 0.32 97.24 ± 0.37 97.17 ± 0.31

SVM (RBF Kernel)34 97.23 ± 0.29 96.74 ± 0.32 97.20 ± 0.32 96.94 ± 0.32

PCA + Logistic Regression35 66.21 ± 0.44 49.96 ± 0.35 57.82 ± 0.43 53.18 ± 0.30

Voting Classifier36 98.15 ± 0.17 97.95 ± 0.22 98.16 ± 0.19 98.05 ± 0.20

Random Forest37 99.05 ± 0.25 98.85 ± 0.31 99.09 ± 0.25 98.97 ± 0.28

MLP38 99.52 ± 0.16 99.51 ± 0.17 99.53 ± 0.15 99.52 ± 0.15

1D CNN (proposed) 99.75 ± 0.18 99.73 ± 0.26 99.80 ± 0.14 99.76 ± 0.20

of 0.18% across 10 randomly selected train-test splits.

Figure 3 illustrates the maximum projection image of samples containing different types of
microspheres. As shown in Fig. 3a-c, the network successfully detects and identifies all microspheres in
samples containing only one type of microsphere with the same size, even those in close proximity to
each other. To further evaluate the method, the model has been tested on mixed samples, as depicted in
Fig. 3d-g. Particles that are not spatially overlapping or in close proximity are accurately detected and
identified, as shown in Fig. 2d. The network also demonstrates the ability to identify particles of the
same size and type that are positioned closely together, as seen in Fig. 3e.

For size estimation, we leveraged the fact that backscatter spectral profiles scale predictably with
particle diameter16. To capture these patterns, material-specific multilayer perceptrons (MLPs) were
trained using labeled signals. Sizes were grouped into four categorical bins (20–28 µm, 38–57 µm, 67–
90 µm, 300–330 µm), and predicted using softmax output layers. This approach achieved 100%
classification accuracy for PE, PMMA, and steel, and 99.97% for glass microspheres.

Discussion
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Machine learning algorithms achieved results comparable to those of the CNN, largely due to the
comprehensive set of features extracted from both the time and frequency domains. However, the CNN
consistently outperformed them across all performance metrics. This superior performance is attributed
to the CNN's ability to learn and extract relevant features directly from the data automatically. Unlike
traditional machine learning models that rely on manually engineered features, convolutional neural
networks (CNNs) automatically learn and extract the most discriminative patterns necessary for
accurate classification.

Challenges arise when a high density of small steel microspheres is present in a confined region. In such
cases, the peak extraction algorithm fails to detect all peaks, and for those detected, the network
struggles with accurate classification (Fig. 3f). Additionally, when two particles of different types are in
close proximity, one may be overlooked if the other has significantly stronger backscattering. For
instance, when PE and glass microspheres are close together, the peak extraction algorithm does not
detect the glass particle due to the stronger backscatter signals of PE (Fig. 3f).

Similarly, when two particles of the same type but different sizes are near each other, the peak extraction
algorithm often fails to detect both. If one signal is significantly stronger, the peak extraction algorithm
tends to identify only the particle with the dominant signal (Fig. 3g). More broadly, scattering patterns
resulting from shape resonance frequencies can be clearly resolved in suspension. In practice,
heterogeneity in particle shape, surface roughness, matrix effects (e.g., high salinity), and aggregation
may blur these acoustic signatures. Non-spherical shapes and overlapping particles may lead to
ambiguous or non-unique scattering responses. It is expected that the methods developed based on
deep learning will be more robust to such heterogeneities than model-based inversion approaches that
use a theoretical forward model

(e.g., Faran scattering theory) and iteratively adjust parameters to minimize the error between the model
and experimental data, thereby estimating microplastic size and material composition.

This approach using CNNs will provide the foundation for future investigations designed to test the
technique's resilience to the heterogeneities mentioned above. Despite potential limitations, the
application of high-frequency ultrasound holds significant promise for identifying microplastics (MPs),
addressing a critical need in environmental science. Due to their small size and diverse composition,
MPs pose a significant challenge to existing detection and characterization methods. Inspired by the
demonstrated relationship between particle size, composition, and acoustic scattering properties in this
study, high-frequency ultrasound can offer a novel approach.

Specifically, by analyzing the scattering patterns of microparticles in suspension, it may be possible to
determine both the size and material composition of individual MP particles. The method can
differentiate between plastic materials, provided there is a sufficient difference in their density and speed
of sound. This technique could enable more accurate quantification of MP pollution in various
environmental matrices, leading to more informed assessments of their ecological impact and the
development of more effective mitigation strategies. Future strategies may incorporate the use of
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acoustic flow cytometry, whereby the scattering of thousands of particles are analyzed in a custom US
system to rapidly acquire the signals from particles flowing in a microfluidic device39.

Figure 3| Material type prediction of samples containing single and mixed microspheres. a-c, The
network accurately identifies microsphere types in single-material samples, even in cases of overlapping
particles. As each sample contains only one particle type, ground-truth optical images were not required
for validation.

d, Representative acoustic and optical images of mixed-material samples, showing successful
identification of all particles. e, The network correctly predicts particle types even when particles of the
same size and type are closely spaced. f, Performance degrades in densely packed regions, where
overlapping particles reduce detection accuracy; g, In some cases, smaller particles adjacent to larger
ones are missed due to the dominant backscatter signal of the larger particle.

Methods

Ultrasound Imaging System
Backscattered signals, generated when ultrasound waves interact with materials of varying acoustic
properties, provide insights into a sample’s structure and composition. This study utilized a modified
commercial acoustic microscope (Kibero GmbH, Saarbrücken, Germany) equipped with simultaneous
optical imaging to acquire both backscattered signals and optical images, following the signal
acquisition mechanism described by Strohm et al.39. Additional specifications of the modified acoustic
microscope are provided in the Supplementary Appendix.

Sample Preparation
To evaluate the proposed detection and classification framework, microspheres of plastic (PMMA, PE)
and non-plastic (steel, glass) materials were used. Polyethylene (PE), steel, and glass microspheres were
purchased from Cospheric LLC (Santa Barbara, CA, USA). PMMA microspheres were obtained from
Lab261 (Palo Alto, CA, USA). The microspheres were acquired in four nominal size ranges: 20–28 µm,
38–57 µm, 67–78.5 µm, and 300–330 µm. Particles were embedded in a 2% agarose gel phantom. To
ensure uniform distribution, plastic microspheres were mixed directly into the gel. For denser particles,
such as glass and steel, a two-layer design was employed to prevent settling, thereby allowing all
particles to remain in the acoustic focal plane (Fig. 1a).

Frequency Requirements
The selection of ultrasound frequency is critical, as it directly determines the minimum particle size that
can be reliably detected. Higher frequencies are required to detect smaller particles due to their shorter
wavelengths and enhanced sensitivity to fine-scale structures.
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Using ultrasound with wavelengths approximately the same size as the object offers a unique advantage
for identifying material composition and structural characteristics due to enhancedFig. 4| Scattering
spectra of microspheres composed of different materials, computed over the 0–100 MHz range using
Faran’s theory. The model predicts the first resonance peak for PMMA microspheres at 37.5 MHz,
establishing this frequency as the minimum threshold for reliable detection. Spectral analysis indicates
that lower frequencies produce insufficient scattering, limiting their effectiveness for detecting 20 µm
particles.

sensitivity to wave-object interactions.

To explore the appropriate range of ultrasound frequencies for easier discrimination between the size
and composition of MPs, the extended version of Faran’s theory by Hickling40,41 is utilized. This theory
describes the scattering of acoustic waves upon encountering a spherical object, where the scattered
wave is influenced by the object’s size, the properties of the surrounding medium, and the observation
angle. The governing equation accounts for the interaction of different frequency components with the
sphere, resulting in phase shifts and intensity variations. According to Faran’s theory, the scattered
pressure field  is given by:

1

where ​ denotes the initial ultrasound pressure, and  is the distance to the observation point. The ​

is the Legendre polynomial of order n. The wave number is defined as , where  is the
frequency and c is the speed of sound. The parameter a is the radius of the scattering object, and  is
a phase angle. This angle depends on the dimensionless quantity , the properties of the coupling
fluid, and the Poisson's ratio of the cell. The equation models both shear and compressional wave
components in the sample.

Faran’s scattering theory was used to evaluate the frequency-dependent backscattered response over
the range of 0–100 MHz (Fig. 4). This spectral analysis revealed that 20 µm PMMA microspheres
produce their first detectable shape resonance at approximately 37 MHz, establishing 40 MHz as a
practical lower bound for detecting all particle types in this study. Below this frequency, the scattering
strength decreases by approximately 50 dB, resulting in a significantly reduced signal-to-noise ratio
(SNR) and making reliable detection increasingly difficult. In contrast, other microsphere types exhibit
their primary resonances at lower frequencies. Accordingly, a center frequency of 40 MHz is sufficient to
enable the detection of all microsphere types examined in this study. This choice is further supported by
finite-element simulations of microsphere scattering behavior, which confirm shape resonances and
surface modes in this frequency range42. As every other microsphere used in this study exhibited

Ps

Ps(θ, f) =

∞

∑
n=0

[(−i)
n
(2n + 1) sin ηn exp(−iηn)Pn(cos θ)] × exp(−ikr)

P0

akr

P0 r Pn

k =
2π f

c f

η n

ka



Page 9/18

resonance at even lower frequencies, a 40 MHz transducer was selected to ensure consistent detection
across all microspheres.

Peak Extraction
The backscattered signals, captured in the time domain by transducers using the time-of-flight approach,
provide crucial information about the medium they traverse. By analyzing the signals and their Fourier
transform, salient features such as energy, peak amplitude, and signal attenuation can be extracted,
offering insights into the material’s characteristics29 and size16.

Backscattered signals stem from microspheres of varying material types and sizes. Stronger signals,
characterized by higher SNR, provide more reliable and accurate information about the backscattered
material. Several methods exist for peak extraction. A commonly used approach is threshold-based
detection43, which is computationally efficient but highly sensitive to noise and relies on manually

selected thresholds. Another approach is derivative-based peak extraction44, which identifies peaks by
detecting changes in slope. However, this method often detects all global and local peaks without
considering their prominence, making it prone to misclassifying noise as peaks. Machine learning
methods have also been applied for peak extraction45. These techniques can be highly effective but
require a sufficient amount of labeled data to train the network, ensuring it can generalize to unseen peak
structures. In this study, a sliding-window-based approach is proposed, augmented with signal
smoothing based on the data’s standard deviation. This method effectively isolates the signals with the
highest maximum amplitude from the 3D array while minimizing the impact of noise and irrelevant
peaks.

To extract the peaks from the amplitude image, first, the maximum amplitude is identified as shown in
the 3D visualization (Fig. 1f). Then, a sliding window approach was applied to identify prominent maxima
based on a prominence threshold defined as , where  is an adjustable parameter for
each acoustic image and  represents the standard deviation within the sliding window region. The
peak extraction process is detailed in Supplementary Algorithm 1.

Features Extraction
The reference dataset consists of signals in the time domain along with their material and size labels.
The frequency-domain representations of these signals are then computed using the Fast Fourier
Transform (FFT)46. By extracting features that characterize both the temporal and spectral domains, it
becomes feasible to infer the composition of the scattering medium47. In this study, a total of 15
features were extracted, with 4 derived from the temporal signals and 11 from the spectral signals, as
summarized in Supplementary Table 1. These features were subsequently used as inputs to machine
learning models for predicting the material type of the microspheres.

(μ + α ρ s) α

ρ s
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Material Identification using Machine Learning
To identify the type of material using its echo signal, various machine learning methods can be applied.
For this purpose, the backscattered signals from different materials have been used as labeled training
data. For this purpose, the backscattered signals from different materials were used as labeled training
data (see Supplementary Appendix for labeling details). Different classification algorithms were applied
to the labeled data, as shown in Table 1. All algorithms were executed with 10 different random seeds,
and their mean and standard deviation were reported. The MLP had two layers of 80 neurons, and the
Voting Classifier was set with soft voting on ensembles of Linear Regression, Random Forest, and
Gradient Boosting to get their best performance. The results show that these features can be descriptive
of the type of material and also the capability of learning methods in material classification. Among
machine learning algorithms, MLP and Random Forest outperformed the others using all extracted
features.

To further improve classification performance and eliminate the need for handcrafted features, we
implemented a one-dimensional convolutional neural network (1D CNN) trained directly on the Fourier
Transform of the backscattered signals. The network architecture, described in detail in the
Supplementary Appendix, was designed to extract temporal patterns from each signal using multiple
convolutional layers with varying kernel sizes and pooling strategies. Global max pooling and dropout
layers were used to retain critical features and minimize overfitting. The final dense layers performed
softmax-based classification across four material types.

Training and Evaluation
All models were trained using the signals extracted from microspheres in the acoustic images.
Reflections from individual microspheres were identified using the proposed peak detection and labeling
method. To capture the signals reflected from each microsphere, a 5 × 5 spatial array of signals was
constructed, centered on the point of the strongest absolute global maximum in the maximum projection
image. In total, 25 signals per particle were extracted and stored in the dataset from each maximum
projection image. A total of 8,045 signals were extracted and categorized into four classes: PMMA
(1,525 signals), steel (2,210 signals), PE (1,195 signals), and glass (3,115 signals). For classification,
peak extraction was performed to isolate the backscattered signals from each microsphere, which was
then fed into the trained model for prediction. To assess the model’s generalization ability and prevent
overfitting, test images containing particles not seen during training were used in the evaluation phase.

Size Estimation
The backscatter response for spheres with identical mechanical properties but varying sizes follows the
same curve, with differences appearing as a stretch along the frequency axis proportional to the sphere’s
diameter16. To utilize this characteristic, material-specific MLPs have been trained for each material
type. The MLP architecture consists of an input layer, two hidden layers with ReLU activation, and an
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output layer. Given the manufacturer-specified size ranges of the microspheres, they have been
categorized into bins: 20–28µm, 38–57µm, 67–90µm, and 300–330µm. By framing the size estimation
as a classification problem, the output layer with softmax activation predicts probabilities for each size
class, enabling precise categorical classification.
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Figure 1

Overview of the MP analysis pipeline, including sample preparation, signal acquisition, peak extraction,
material classification, and size estimation. a-b, Acoustic imaging was performed using a
single-element transducer positioned above the sample, with scanning controlled by a motorized
translation stage. Optical images were acquired using an IX71 microscope, enabling ground-truth
validation of acoustic data. c, Backscattered ultrasound signals were recorded in the time domain,
forming a 3D tensor where x and y represent spatial coordinates and the third dimension corresponds to
time (time of flight). Maximum amplitude projections were used for the visualization of signals in 2D. d,
Each pixel in the projection image represents the maximum amplitude of a backscattered signal, with the
corresponding temporal signal stored for downstream analysis. e, Optical microscopy images were
acquired from the same sample regions to serve as ground truth for validating peak extraction and
machine learning predictions.
 f-g,Peak extraction was performed using a sliding-window method with a data-adaptive prominence
threshold (μ + ασₛ), where α is user-defined and σₛ is the local standard deviation. h, Fast Fourier
Transform (FFT) is applied to the backscattered signals from particles extracted in the previous step.
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The FFT transform of these signals is then used to train a 1D convolutional neural network (CNN) for
material classification. The network architecture learns hierarchical temporal features through
progressively smaller convolution kernels and max-pooling layers, enabling direct classification from raw
acoustic waveforms. i, Size estimation was performed using material-specific MLPs, trained to classify
microspheres into four discrete size bins (20–28 μm, 38–57 μm, 67–90 μm, and 300–330 μm) using
softmax-based output probabilities.

Figure 2

Feature extraction from the temporal and spectral domains of the strongest backscattered signals. a,
The peak extraction algorithm identifies the locations of highest maximum-amplitude backscattered
signals, indicating the presence of potential objects. b, Temporal signal amplitudes are analyzed at the
identified peak locations. c, The FFT is applied to the temporal signals to obtain their spectral
representations, from which spectral features are extracted. d, The correlation matrix between features
and material types shows that each material exhibits distinct associations with specific features. For
example, glass is most strongly correlated with spectral centroid (Cens) and spectral entropy (ents),
while PMMA is correlated with spectral crest factor (cfs) and spectral kurtosis (kurs). e, Feature
importance analysis based on correlations with material labels indicates that spectral spread (sprs) is
the most important feature, whereas the temporal crest factor is the least important. f, A Random Forest
model was trained using subsets of 1 to 15 features, ranked by importance, to determine the minimum
number of features required. The results show that using 13 features yields the highest classification
accuracy, indicating the optimal feature set for material type prediction.
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Figure 3

Material type prediction of samples containing single and mixed microspheres. a-c, The network
accurately identifies microsphere types in single-material samples, even in cases of overlapping
particles. As each sample contains only one particle type, ground-truth optical images were not required
for validation.
d, Representative acoustic and optical images of mixed-material samples, showing successful
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identification of all particles. e, The network correctly predicts particle types even when particles of the
same size and type are closely spaced.  f, Performance degrades in densely packed regions, where
overlapping particles reduce detection accuracy; g, In some cases, smaller particles adjacent to larger
ones are missed due to the dominant backscatter signal of the larger particle.

Figure 4

Scattering spectra of microspheres composed of different materials, computed over the 0–100 MHz
range using Faran’s theory. The model predicts the first resonance peak for PMMA microspheres at 37.5
MHz, establishing this frequency as the minimum threshold for reliable detection. Spectral analysis
indicates that lower frequencies produce insufficient scattering, limiting their effectiveness for detecting
20 μm particles.

Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

SupplementaryInformation.docx

https://assets-eu.researchsquare.com/files/rs-8174921/v1/506d119e8cbdf3cdd25c3bf1.docx

