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Detecting and classifying microparticles in water and other liquid substances is crucial due to their detrimental impact on
ecosystems and human health. This is because particles such as microplastics, micropollutants, or heavy metals in water have
demonstrated a high impact on the health of ecosystems and a high risk when this water is used for human consumption.
Water quality is a critical factor when it comes to human consumption. Currently, some of these pollutants are not correctly
detected during water treatment processes or directly in ecosystems, which can carry health risks for humans and animals.
From this point of view, the development of tools for detecting these particles is still needed, and research for new strategies
for detecting and classifying these microparticles with in situ methods is required. As a contribution to the solution of this
problem, this work presents a microplastic detection and classification methodology that uses an electronic tongue system,
impedance spectroscopy, and machine learning algorithms for detecting and classifying microplastics. Validation is performed
using various sizes of PET (polyethylene terephthalate) microparticles in water to validate the possibility of classification.

Results show the advantages of using the methodology, obtaining high accuracy in the classification process.

1. Introduction

Plastics are some of the most used elements in the industry,
and their use has been extended since their commercial
introduction in the fifties [1]. They are essential in modern
life, and their use is a normal practice in society. However,
despite their advantages for multiple applications and uses,
they are also a problem due to their poor layout. Although
there are currently processes focused on optimizing and
managing plastic waste [2, 3], these materials continue to
be found in different environments, such as bodies of water
[4] or fragile ecosystems, promoting the adsorption of other
contaminants such as cadmium in plants [5], which can
cause significant damage to the trophic chain. In addition
to this, the microplastic particles themselves have a consid-
erable impact on the soil because the organisms that inhabit

it are affected by these materials [6, 7]. Currently, it would be
impossible to ban the use of plastic products in society because
of their extended use; however, searching for new ways to
replace them is a research [8, 9] area with the same purpose
but without affecting the environment. One way to abord this
change is by using educational campaigns oriented toward
reducing the use of single-use plastics. As an example, multiple
countries have banned or created taxes [10, 11] to reduce the
use of single-use plastics because these are some of the main
contaminants in the environment, such as plastic bottles, food
wrappers, plastic supermarket bags, and plastic caps, among
others. Although these campaigns and taxes have made the
reduction possible, this is a long way, and at the moment,
microplastics and plastic debris have been detected around
the world in all the major marine habitats [4, 12], including
wastewater, air, and food [11].
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Different works have been developed for the identifica-
tion and quantification of microplastics from the marine
environment for several years, including the use of different
methods such as visual sorting and the analysis of chemical
and physical characteristics because of the damage to
ecosystems and people [13]. Some studies have demonstrated
that microplastics are constantly inhaled and ingested by
humans, which represents a potential risk to human health
[14, 15]. According to the World Health Organization, in a
report called Microplastics in Drinking Water [11], fragments
and fibers were found in freshwater, with polyethylene tere-
phthalate and polypropylene as the more common contami-
nants. From this point of view, detecting and identifying
microplastics in water and liquid substances is needed. In situ
analysis is desired because it allows an easy and rapid way to
detect microplastics by reducing the time required compared
to traditional laboratory methods, such as Ramman spectros-
copy [16], electron microscopy [17], or selective sampling
methods [13]. One of the alternatives to this analysis is the
electrochemical method [18]. Electrochemical sensors present
some advantages, such as high sensitivity and selectivity,
which can be an opportunity to develop intelligent systems
compared to traditional analysis methods, which require labo-
ratory analysis and experts. However, developing this kind of
system implies instrumentation, electronics, signal processing,
and artificial intelligence knowledge. Specifically, using sys-
tems such as electronic tongues can be considered a good
alternative to this aim.

Several developments exist in the literature where elec-
tronic tongues are used; some of them include detecting
and classifying heavy metals [19], detection of false and gen-
uine honey [20], food quality monitoring [21, 22], quality
control in beverage production [23], chemical deterioration
of foods [24], detection of inadequate characteristics of vir-
gin olive oil [25], and analysis of phenolic compounds
[26], among others [27]. It has been shown that electro-
chemical techniques not only serve to measure the proper-
ties of a chemical reaction but can also be used for the
detection of polymers [28] and contaminants [29]. Addi-
tionally, together with the use of artificial intelligence tech-
niques, it is possible to extract and classify the information
provided by these techniques.

Electrochemical techniques include potentiometry,
amperometry, conductometry, voltammetry, and impedance
measurements. The last uses electrochemical impedance
spectroscopy which allows measuring the electrochemical
properties of an element in a given solution [28]. In terms
of microplastics, electronic tongues, and electrochemical
methods, the following works are available in the literature:
Colson and Michel [30] used impedance spectroscopy and
K-NN for the classification of microplastics with a 95% con-
fidence interval. Samples of neutral-density polyethylene
and biological specimens such as brine shrimp eggs, brine
shrimp nauplii, Volvox globator colonies, marine copepods,
Moina, Daphnia pulex, teff, and poppy seeds were used in
the validation. Developing a sensor and the configuration
setup for detecting microplastics is the aim of this work,
and few details are included about the methodology and
the preprocessing steps. Du et al. [28] used graphene
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electrodes to detect microplastics using spectroscopy imped-
ance. The methodology evaluated included principal compo-
nent analysis and singular value decomposition. Dahl et al.
[16] used Raman spectroscopy for detecting and classifying
microplastics using spectral signatures. The method was
evaluated in three scenarios, including samples from the
sea outside Svolvaer, Lofoten, to determine whether it is pos-
sible to classify microplastics into water- and sea-influenced
pieces. Although these works share common elements with
this work, they are primarily oriented toward validating the
developed sensors and the use of other techniques which
make this work different from those presented herein.

Some approaches other than electronic tongues for
microplastic detection are as follows: Sundar [31] used a
low-cost approach based on the integration of several ele-
ments such as computer vision, neural networks, and IoT
communication for the detection of water containing micro-
plastic samples. However, this work had limitations due to
the need for databases to train the neural networks.
Michelaraki et al. [32] proposed the use of a solvatochromic
dye known as Nile red along with fluorescence microscopy
as a labeling technique for detecting microplastics. The sam-
ples were chosen from sedimented soils, and a specific
amount of microplastic particles was added. A process of
decanting and filtering was carried out in solutions with a
high salt density. Optical techniques were used for detection.

In contrast to the mentioned works, the developed meth-
odology aims to introduce an electronic tongue system for
detecting and classifying microplastics. This work is based
on the hypothesis that it is possible to use impedance
spectroscopy to detect and classify microplastics in water
with an electronic tongue. It considers the use of an array
of SPE sensors, which are commercial sensors, and we use
a sensor network that combines different sensors, impedance
analysis, and pattern recognition techniques, as will be
shown in the document. The methodology was validated
under several water conditions to demonstrate that it has
the potential to be used in detecting and classifying polluting
microplastics in freshwater. This paper starts with this intro-
duction. The theoretical background is in Section 2, where
some key concepts are briefly included. Section 3 introduces
the microplastic classification methodology, and the experi-
mental setup and validation are included in Section 4.
Finally, conclusions are aborded in the last section.

2. Theoretical Background

This section presents some basic concepts about the
methods and terms used in this work. The authors suggest
to the readers a review of the references associated with each
subsection to go in-depth into the methods if necessary.

2.1. Microplastics. Microplastics are particles of plastic mate-
rials; these are generated on most occasions by interacting
these elements with their emerging medium. Their size is
less than 5mm [14] and comes from various sources where
waste plastics can be generated, such as the textile and cos-
metics industries, among others [4, 11].
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FIGURE 1: Parts of the hardware used in an electronic tongue.

From an environmental perspective [1], the advantages of
developing a microplastic monitoring system are numerous.

(i) The detection of microplastics in water can provide
insight into the extent of plastic pollution in our
environment and help us identify potential sources
of pollution

(ii) Early detection can then be used to inform policies
and regulations aimed at reducing plastic waste
and preventing pollution

(iii) The detection of microplastics can help to better
understand the potential impact of these particles
on aquatic ecosystems

(iv) This system can be used as an early detection
method

(v) It can help to identify areas that may be at a higher
risk of contamination, which can then be targeted
for further monitoring and remediation efforts

(vi) It can help prevent the spread of pollution and pro-
tect both human health and the environment [5]

2.2. Electronic Tongue System. An electronic tongue system
is a multisensor system [33] that uses sensors, a data acqui-
sition system, multivariate analysis, signal processing, and
pattern recognition algorithms [34]. Generally, it interacts
with the liquid substance through the sensors/actuators by
electrochemical inspection and collects the interaction with
the substance [35]. Because multiple sensors are used in
the inspection, different signals about this interaction are
available, and information about the substance or its compo-
nents can be obtained by processing these signals in a mul-
tivariate way [36]. Figure 1 shows a photo of the electronic
tongue used in this work. It consists of several sensors sub-
merged in the substance to analyze, and a multiplexer is used
for multiplexing the sensors. This is not a need, but in the
case of this configuration, it allows us to connect the poten-
tiostat to 8 channels because it has only one channel. The
system also uses a potentiostat responsible for applying

V. sin (wt)
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T
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—— Analyte
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FIGURE 2: Electrode array in an electronic tongue to calculate the
impedance spectroscopy method.

and collecting the signals and interacting with the sensors.
Finally, a laptop is used to apply the developed algorithms
to analyze the signals obtained by the sensors.

2.3. Support Vector Machine. A support vector machine
(SVM) is a powerful and versatile machine learning algo-
rithm for classification, regression, and outlier detection.
SVMs are based on finding a hyperplane that maximally sep-
arates the different classes in a dataset. The hyperplane is
chosen to maximize the margin between the two classes.
SVMs are particularly useful when the data is nonlinearly
separable, as they can use kernel functions to transform the
data into a higher-dimensional feature space where it can
be linearly separated. SVMs have been successfully applied
in various domains, including image classification, text clas-
sification, and bioinformatics [19].
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FiGUure 3: Impedance plot in the (a) complex plane and (b) diagram Bode.
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FIGURE 4: Microplastic detection and classification methodology.

2.4. K-Nearest Neighbors. K-nearest neighbors (K-NN) is
one of the most basic classification algorithms used in
machine learning.

Its applications are oriented toward pattern recognition
and data mining [37].

K-NN is a nonparametric and instance-based algorithm,
which implies that it does not depend on the functional
model of the data (for example, some datasets have a Gauss-
ian distribution); instead, it identifies and uses the training
instances of the data to use them in the prediction phase.
The algorithm can use different techniques to calculate the
distance of its nearest neighbor to group it in a class. Among
these techniques are the Euclidean distance, Manhattan dis-
tance, or cosine distance. This algorithm has a high compu-
tational cost and can be subjected to noise.

2.5. Principal Component Analysis (PCA). Principal compo-
nent analysis, also known as PCA because of its acronym, is
an algorithm that works in the unsupervised domain [38].
This technique aims to study the variables that make up
the dataset. For this, PCA applies a linear transformation
from n to p variables, where p < n. This procedure reduces
the dimension with a little loss of information generally
associated with redundant information or noise [38, 39].

FIGURE 5: Data acquisition system for the electronic tongue in the
detection and classification of microplastics.

2.6. Q-Statistic and T>-Statistic. When analyzing data, it is
essential to use appropriate statistical tests to ensure
accurate results. Two commonly used statistical tests are
the Q-statistic and the T>-statistic. The Q-statistic is a
goodness-of-fit test to determine if an observed frequency
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FIGURE 6: Data organization and unfolding steps.

distribution matches an expected frequency distribution. On
the other hand, the T2-statistic is a multivariate statistical test
used to compare the means of two or more groups [39]. Both
tests are helpful in different situations and can help researchers
draw meaningful conclusions from their data. However, using
them correctly and interpreting the results carefully is essential
to avoid any potential errors or biases.

2.7. Impedance Spectroscopy. Electrical impedance spectros-
copy (EIS) is a technique that allows the characterization
of the electrical properties of materials and solutions. It
applies a periodic voltage signal, V; sin (¢), to a medium,
such as a solution, between an array of electrodes, as shown
in Figure 2.

The response to this signal, which has a specific phase
shift angle I, sin (wt + ¢), can be measured at a reference
electrode. By varying the frequency of the applied signal,
the system’s response can be analyzed in terms of the imped-
ance variation, which allows for the characterization of the
electrical properties of the analyte.

The impedance (Z) can be expressed in terms of the
input signal and the response measured at the reference elec-
trode, as shown in the following equation.

7 V. V;sin (wt)
I Ijsin(wt+¢)

sin (wt)
Osin (wt +¢)

(1)

The value of the impedance (Z) can be represented by
the Nyquist diagram, which plots the imaginary component
of impedance against its real component, or by the Bode dia-
gram, which shows the magnitude and phase of impedance
as a function of frequency, as shown in Figure 3.

As the electrode array is immersed in water, microplastic
particles are detected by the sensor network, leading to a
change in the electrical properties of the liquid and thus
the impedance. These changes are detected and classified
by AI algorithms to identify microplastic particles.

o -
S1 S2 o060 S8 Water+pollutant 1
(]

Water+pollutant m

o000 S8

FIGURE 7: Data organization of the experiments for the water and
water with pollutants.

Impedance spectroscopy is a method that reflects an
analyte’s behavior as a function of its electrical properties,
such as resistance, reactance, conductance, inductance, or
capacitance [40]. This method can be described as an electri-
cal circuit, and every time it produces a change in the
solution established as an analyte, its behavior could be
modeled as a specific circuit with its transfer function. How-
ever, the variability that can be present in water in the differ-
ent environments in which it is found represents a challenge
when identifying the system to obtain a transfer function
that allows modeling the system and comparing it against
a model that contains microplastic particles. So the use of
algorithms for artificial intelligence lends itself to a great
solution because they do not require any representation or
identification of the system and can work from the point
of view of a pattern recognition system.
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FIGURE 9: Testing process for the electronic tongue.

3. Microplastic Classification Methodology

The methodology for detecting and classifying microplastics
considers, in a general way, four general steps, as shown in
Figure 4. The first step considers data acquisition (Figure 5).
In this case, multiple sensors are submerged in the liquid
samples, with a volume of =420 cm’, and impedance spectros-
copy is applied to determine the spectrum of impedances from
each sensor. Because multiple sensors are used, multiple
different spectrums are obtained. In the case of this work, eight
sensors are considered; however, the number of sensors can
vary according to the possibilities of the data acquisition
system. It is expected that the methodology can be used in
the same manner.

In this work, some water samples with different condi-
tions of microplastics and other materials will be considered.
These data allow the definition of the baseline and the data
to be compared during the pattern recognition analysis. This
step ends with the storage of the data and their organization.
Figure 6 shows the general scheme of this step. Since n sen-
sors can be used in the acquisition, each sensor collects
information with the impedance measure in x and y; that
is, each sensor provides a matrix of (samples) rows and
two columns (Zx and Zy). As it is shown in Figure 6, n
matrices are collected, and each acquisition obtains a
three-dimensional matrix. To convert this information into

a two-dimensional matrix, the unfolding process is applied,
and a new matrix with dimensions [(samples x n),2] is
obtained. Because each experiment can be repeated k times,
the matrix is organized as [(samples x k x 1), 2]. This proce-
dure is applied to the collected data. The result is a set of
matrices that represent the different types of experiments,
which are composed of drinking water and water with differ-
ent kinds of contaminants (Figure 7). For the case of this
work, a network of eight sensors was used.

The next step implies normalization. This is applied to
consider the data from all the sensors similarly.

In this case, group scaling was considered after evaluat-
ing different normalization methods.

The methodology considers training and testing pro-
cesses. The first step allows us to create the pattern. A
percentage of the data from all the experiments is used.
Figure 8 shows the steps followed by the training process.

Principal component analysis is considered a step for the
analysis and the feature extraction. This method allows for
obtaining a reduced version of the data represented by the
components that retain the dataset’s variance. Analyzing
these components can detect microplastics and elements in
the water samples. A traditional way to do this analysis is
to use score plot. However, when the variability of the data
is high, more than two components are required to represent
the information, and a simple plot in two or three
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F1GURE 10: Steps of the methodology applied for detecting and classifying microplastics in water.

dimensions is not enough. These components are the fea-
tures used as input to the machine learning algorithms.

After the baseline definition and training process, testing
is applied. Figure 9 shows the steps to follow during this pro-
cedure. The classification result can be verified by using the
confusion matrix.

4. Experimental Setup and Validation

To validate the methodology, water and water with different
pollutants were considered as the scenarios to classify, and
an electronic tongue with eight sensors was used to acquire
data from each scenario. Although Section 3 includes a gen-
eral explanation of the methodology, details about sample
preparation and how these are applied to the dataset will
be shown in this section. Figure 10 shows in the second
and third columns the steps previously explained, showing
the cases evaluated in this paper. This figure also includes
information about the sample preparation for the validation
presented herein.

4.1. Microplastic Samples. Microplastic samples are obtained
after shredding plastic materials. From this process, four dif-
ferent sizes were obtained. Details are included in Table 1
and Figure 11.

To determine whether materials other than microplastics
should be classified differently, samples of organic, inert
organic, and inorganic materials were also studied. “Black
earth” was used for the inert organic sample, which con-
tained seed shells. The next sample used was composed of
the remains of ground wood. Finally, for the living organic

TaBLE 1: Size and quantity of polyethylene terephthalate microplastic
samples used in the experiments.

Microplastics Size (m) Quantity
Sample 1 500 ym < 1000 ym l4g
Sample 2 1000 ym < 1500 gm l4g
Sample 3 1500 pm < 2000 ym ldg
Sample 4 2000 ym < 4000 pm l4g

sample, ikura or salmon eggs were used since they have a
size similar to that of microplastics, as shown in Figure 12.

4.2. Data Acquisition. A potentiostat with a sensor network
of eight sensors was used for data acquisition. Using the
impedance spectroscopy (EIE) technique, the measurements
were made to obtain the electrical transfer curves at different
frequencies of the water, the water with the different sizes of
microplastics, and the rest of the contaminants. A PalmSens4
potentiostat and the MUX8-R2 multiplexer were used for the
data acquisition. Figure 5 shows the architecture used.

Figure 13 shows the impedance curve (in the Nyquist
plane) and the Bode diagram in a frequency range from
1Hz to 1 MHz for water.

The different impedance curves in the Nyquist plane
obey the different sensors and the type of material used in
the working electrode. Table 2 shows the types of material
used in the detector working electrode.

The dataset obtained consists of 20 experiments per con-
dition, that is, 20 experiments with drinking water and 20
experiments for each of the contaminants added to the
drinking water sample.
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F1GURE 11: Microplastic samples used in the experimental setup. (a) 500 gm < 1000 ym, (b) 1000 ym < 1500 ym, (c) 1500 ym < 2000 pm,

and (d) 2000 ym < 4000 ym.

F1GURE 12: Organic, inert organic, and inorganic material samples used in the experimental setup.
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FIGURe 13: Impedance values represented in two types of diagrams: (a) Nyquist and (b) Bode.

After unfolding, all data is normalized using group scal-
ing, as mentioned in Section 3.

4.3. Classification Results. The methodology was validated
using three classifiers to compare their performance in two
scenarios. The first scenario involved testing water and water
with microplastics of various sizes to determine if they could
be identified in different classes. The second scenario
involved testing water, water with microplastics of different
sizes, water with microplastics, and a mixture of living
organisms and inert organic and inorganic matter with
microplastic particles of various sizes. These simulated envi-
ronmental conditions are similar to those found in reservoirs
that could contain microplastics. The aim was to verify if the

TABLE 2: Material in the detector working electrode for each SPE
sensor used in the electronic tongue.

SPE sensor Working electrode

Gold
Platinum
Graphite

Silver

Gold-platinum alloy

Gold

Gold

Platinum

0 N N U W
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FIGURE 14: Confusion matrix obtained by using K-NN as classifier.
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FIGURE 15: Iteration number vs. the classification error for the training step using K-NN.
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TaBLE 3: Accuracy comparison for the three algorithms used for
the classification of microplastics.

Algorithm Accuracy Iteration
SVM 81.2% 18
K-NN 86.6% 4
Decision trees 82.4% 20

TaBLE 4: Materials used to pollute the water in addition to the
microplastics.

Used material Composition Amount

Living organic material Salmon eggs l4g

Inert organic material Barth, rice hulls, and l4g
ground wood

Inorganic material River substrate and l4g

yellow sand

electronic tongue system could detect and classify them in a
range of sizes.

4.3.1. Water and Water with Microplastics. Figure 14 shows
the results in the confusion matrix obtained by K-NN when
it is used as a classifier. This type of plot allows a review of
the performance of a machine learning model by comparing
the predicted values with the actual values in a classification
process. The matrix consists of four quadrants: true posi-
tives, false positives, true negatives, and false negatives. True
positives are the cases where the model correctly predicts
positive outcomes, while false positives are the cases where
the model predicts a positive outcome but the actual out-
come is negative. True negatives are the cases where the
model correctly predicts the negative outcomes, while false
negatives are the cases where the model predicts a negative
outcome but the actual outcome is positive. The best result
is expected when all the data is classified along the main
diagonal. It means that, from this process, an accuracy of
100% is obtained because all the data is properly associated
with a class in the machine.

In Figure 14, the first class represents data from the
water without any addition of microplastics, and classes
two to five correspond to the four microplastic sizes added
to the water, as shown in Figure 11. The accuracy obtained
by the methodology using this machine is 86.6%. Accuracy
in a classifier refers to how often the classifier correctly pre-
dicts the correct class or label for a given input. It is usually
calculated as the number of correct predictions divided by
the total number of predictions made by the classifier. A
high accuracy score indicates that the classifier is performing
well and making accurate predictions, while a low accuracy
score suggests that the classifier needs improvement.

Figure 15 shows the iteration number vs. the classifica-
tion error for the training step. Different kernels were used
to avoid overfitting, and parameters such as the kernel scale
and box constraint level in the same iteration cycle were
reviewed using MATLAB’s classification learner toolbox.

International Journal of Distributed Sensor Networks

This figure shows the result obtained in terms of the errors
and iterations during the training process.

Table 3 summarizes the results obtained by the method-
ology with the three classifiers for the identification of water
and water with different sizes of microplastics. According to
these results, the best classification is obtained by the K-NN
classifier with 86.6% accuracy. The methodology with this
classifier achieves this result in a small number of iterations
compared with SVM and decision trees. This result is
important because K-NN allows us to obtain good results
with a small number of iterations, resulting in a lower com-
putational cost.

4.3.2. Microplastic Identification in Different Conditions. To
test the methodology under conditions that closely resemble
natural environments where water can be found, samples of
water were mixed with various materials (see Figure 12) in
equal concentrations to determine if the methodology would
be able to detect the microplastic and, if so, in which envi-
ronments. As in the previous classification process, SVM,
K-NN, and decision trees were evaluated to determine which
classifier allows to obtain better results in classification accu-
racy. To evaluate its performance, living organic material
(composed of salmon eggs), inert organic material (com-
posed of soil, rice hulls, and ground wood), and inorganic
material (a mixture of river substrate and yellow sand) were
used in a volume of water of ~420 cm® of water. The propor-
tion of the samples was 1.4g per kind of material, and
Table 4 shows the types of material used to pollute the water.

Microplastic particles of different sizes were added to a
part of the mixture to see if the system could detect the pres-
ence of these particles. The comparison was also made with
the different microplastic samples and validated to deter-
mine if they could be classified. Figure 16 shows the confu-
sion matrix with the results obtained using SVM. The first
class corresponds to polluted water according to Table 4,
but without microplastic. The second to fifth classes corre-
spond to water with the different sizes of microplastic as
mentioned in Table 1. The last class corresponds to water
with the elements described in Table 4 and microplastics.
Results show that an accuracy of 81.2% was achieved using
SVM. Similarly, the methodology with K-NN was applied,
and the confusion matrix in Figure 17 was obtained. In this
case, the accuracy achieved was 89.2%, improving the results
with SVM and maintaining better results than in the exper-
iments with water and only water and microplastics.

Finally, decision trees were used in the methodology.
Figure 18 shows the results obtained by the confusion
matrix.

In this case, the accuracy achieved was 86.0% which is
less than K-NN. According to the results, the K-NN algo-
rithm had an accuracy of 89.2% which is the best result in
both scenarios. This means that the methodology with this
algorithm can accurately distinguish between water with
and without microplastics and water containing various
added elements.

The results of the use of these classifiers are summarized in
Table 5. From the results, it is also possible to determine that
all the algorithms have some difficulties when classifying some
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Test (SVM)

True class

1 2 3 4 5 6
Predicted class

FIGURE 16: Confusion matrix for microplastic detection under different water scenarios when SVM is used as classifier.

Test (KNN)

True class

1 2 3 4 5 6
Predicted class

FiGure 17: Confusion matrix for microplastic detection under different water scenarios when K-NN is used as classifier.
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Test (tree)

True class

1 2 3

4 5 6

Predicted class

Ficure 18: Confusion matrix for microplastic detection under different water scenarios when decision tree is used as classifier.

TaBLE 5: Comparison of the algorithms in terms of accuracy and
iterations.

Algorithm Accuracy Iteration
SVM 86.7% 26
K-NN 89.2% 15
Decision trees 86.0% 8

sizes of microplastic particles. This is because of the way
sensors are distributed in the experiment and the interaction
with the different materials. In this sense, it is necessary to
evaluate the option of using new sensors or methods to ensure
the contact of the sensors with the microplastics.

5. Conclusions

This work presented the results of developing a system for
detecting and classifying microplastics in water samples. The
approach combines SPE sensors, impedance analysis, and pat-
tern recognition strategies with excellent results. Two scenar-
ios were used to validate the methodology, showing that
microplastics can be found in all the scenarios. This method-
ology was evaluated only with PET as a microplastic at differ-
ent sizes. However, it is expected that it cannot change with
other kinds of microplastics because it was possible to classify
other elements in the water samples. Of course, this validation
requires more experiments and evaluation to determine dif-
ferences with the data used in this work.

In general, K-NN presented better results in the classifica-
tion process. Although the number of iterations was higher

than that of decision trees in the second scenario, this is not
a big change in the number of iterations. It is important to
migrate the methodology in the future to an embedded system
because of the time-consuming and computational resource
consumption.

Laboratory conditions, including organic and inorganic
materials, have allowed for a more accurate emulation of natu-
ral conditions and a better understanding of the water in natu-
ral environments. These elements provided new classes in the
machines, showing the differences in data from the water and
the water with microplastics. Interestingly, the microplastics’
size significantly impacts the results and how the sensors inter-
act with the water for detection. Although the sensors are better
equipped to detect a larger quantity of microplastics, the meth-
odology’s true significance lies in identifying microplastics in
water regardless of their quality for human consumption.

Since this work does not focus on measuring phenomena
related to oxidation-reduction (redox) processes, a stimulus
Vpe that could cause this phenomenon was not applied.
Hence, open-circuit measurements were not carried out to
determine the potential E° in the solution used. However,
the degradation of the working electrodes in the sensor net-
work due to the long-term accumulation of ions poses a risk.
Therefore, future work will propose implementing algorithms
that monitor the stability of the sensors to address this issue.

Although the methodology presented has not been tested
on another type of microplastic, it could work if the micro-
particles pass sufficiently close to the sensor, so one of the
limitations is given by the size of the effective area of the sen-
sors as well as the density and volume provided by the
microparticles that are intended to be detected. It is also
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important to clarify that more studies are needed to validate
whether the proposed methodology manages to classify dif-
ferent types and sizes of microplastic. Multiclassification
should be explored to allow the possibility of simultaneously
detecting different types and sizes in a sample of water.

Abbreviations

PCA:
SVM:

Principal component analysis
Support vector machines

K-NN: K-nearest neighbor.

Data Availability

Data is available on request.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This work is financially supported by the Universidad
Nacional de Colombia through projects with Hermes num-
bers 57399 and 57400.

References

[1] R. C. Hale, M. E. Seeley, M. J. L. Guardia, L. Maj, and E. Y.

(3

(4

(5

—_—

]

]

—_

Zeng, “A global perspective on microplastics,” Journal of Geo-
physical Research: Oceans, vol. 125, article e2018JC014719,
2020.

B. Debnath, A. B. M. M. Bari, S. M. Ali, T. Ahmed, I. Ali, and
G. Kabir, “Modelling the barriers to sustainable waste manage-
ment in the plastic-manufacturing industry: an emerging
economy perspective,” Sustainability Analytics and Modeling,
vol. 3, article 100017, 2023.

N. Ahmed, “Utilizing plastic waste in the building and con-
struction industry: a pathway towards the circular economy,”
Construc- tion and Building Materials, vol. 383, article
131311, 2023.

K. L. Law, “Plastics in the marine environment,” Annual
Review of Marine Science, vol. 9, pp. 205-229, 2017.

S. Huang, T. Guo, Z. Feng et al.,, “Polyethylene and polyvinyl
chloride mi- croplastics promote soil nitrification and alter
the composition of key nitrogen functional bacterial groups,”
Journal of Hazardous Materials, vol. 453, article 131391, 2023.
L. Tian, C. Jinjin, R. Ji, Y. Ma, and X. Yu, “Microplastics in
agricultural soils: sources, effects, and their fate,” vol. 25, Arti-
cle ID 100311, 2022.

K. Ko, H. Chung, W. Kim, and M.-]. Kim, “Effects of different
sizes of polystyrene micro(nano)plastics on soil microbial
communities,” vol. 30, Article ID 100460, 2023.

L. Donaldson, “New eco-friendly material could replace plastic
packaging,” Materials Today, vol. 55, p. 3, 2022.

H. Lin, O. Kehinde, C. Lin et al., “Mechanically strong micro-
nano fibrillated cellulose paper with improved barrier and
water-resistant properties for replacing plastic,” International
Journal of Biological Macromolecules, vol. 263, Part 1, article
130102, 2024.

(10]
(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

[19]

(20]

(21]

(22]

(23]

(24]

(25]

[26]

13

T. P. Wagner, “Reducing single-use plastic shopping bags in
the USA,” Waste Management, vol. 70, pp. 3-12, 2017.
WHO, Microplastics in drinking-water, World Health Organi-
zation, 2019.

Z.1i, Y. Yang, X. Chen et al., “A discussion of microplastics in
soil and risks for ecosystems and food chains,” Chemosphere,
vol. 313, p. 137637, 2023.

V. Hidalgo-Ruz, L. Gutow, R. C. Thompson, and M. Thiel,
“Microplastics in the marine environment: a review of the
methods used for identification and quantification,” Environ-
mental Science and Technology, vol. 46, no. 6, pp. 3060-3075,
2012.

A. D. Vethaak and J. Legler, “Microplastics and human
health,” Science, vol. 371, no. 6530, pp. 672-674, 2021.

J. Domenech, B. Annangi, R. Marcos, A. Herndndez, and
J. Catalan, “Insights into the potential carcinogenicity of
micro- and nano-plastics,” Mutation Research/Reviews in
Mutation Research, vol. 791, article 108453, 2023.

E. M. Dahl, A. O. Stien, A. J. Sorensen, and E. J. Davies,
“Identification of marine plastics using Raman spectros-
copy,” in OCEANS 2019 MTS/IEEE Seattle, Seattle, WA, USA,
2019.

E. M. Hoppener, M. S. Shahmohammadi, L. A. Parker,
S. Henke, and J. H. Urbanus, “Urbanus, Classification of
(micro)plastics using cathodolumi- nescence and machine
learning,” Talanta, vol. 253, article 123985, 2023.

I. M. Marx, A. C. Veloso, S. Casal, J. A. Pereira, and A. M.
Peres, “Sensory analysis using electronic tongues,” in Innova-
tive food analysis, pp. 323-343, Academic Press, 2020.

J. X. Leon-Medina, D. A. Tibaduiza, J. C. Burgos, M. Cuenca,
and D. Vasquez, “Classification of As, Pb and Cd heavy metal
ions using square wave voltammetry, dimensionality reduc-
tion and machine learning,” IEEE Access, vol. 10, 2022.

J. X. Leon-Medina, D. Acosta-Opayome, C. A. Fuenmayor,
C. M. Zuluaga-Dom’inguez, M. Anaya, and D. A. Tibaduiza,
“Intelligent electronic tongue system for the classification of
genuine and false honeys,” International Journal of Food Prop-
erties, vol. 26, no. 1, pp. 327-343, 2023.

M. M. Ali and N. Hashim, “Non-destructive methods for
detection of food quality,” in Future Foods: Global Trends,
Opportunities, and Sustainability Challenges, pp. 645-667,
Academic Press, 2021.

J. Tan and J. Xu, “Applications of electronic nose (e-nose) and
electronic tongue (e-tongue) in food quality-related properties
determination: a review,” Artificial Intelligence in Agriculture,
vol. 4, pp. 104-115, 2020.

R. M. Aadil, G. M. Madni, U. Roobab, U. U. Rahman, and
X. A. Zeng, “Quality control in beverage production: an over-
view,” in Quality Control in the Beverage Industry: Volume 17:
The Science of Beverages, Academic Press, 2019.

L. Liu and F. Kong, “Measuring chemical deterioration of foods,”
in Chemical changes during processing and storage of foods: impli-
cations for food quality and human health, pp. 637-679, Aca-
demic Press, 2020.

C. Apetrei, M. Ghasemi-Varnamkhasti, and I. M. Apetrei,
“Olive oil and combined electronic nose and tongue,” in
Electronic noses and tongues in food science, pp. 277-289,
Academic Press, 2016.

X. Ceté and M. Del Valle, “Phenolic compounds analyzed with
an electronic tongue,” in Electronic noses and tongues in food
science, pp. 235-244, Academic Press, 2016.

85U801 7 SUOWIWIOD 8AIERID 8|qeal|dde au Aq peusenob a1e sapne VO ‘8sn Jo sejn 10} Ariqi8ulUQ AB]IA UO (SUONIPUOD-PUR-SLUBW0Y A 1M AfeIq 1 U UO//SANY) SUONIPUOD Pue SWie | 8y} &8s *[202/20/62] Uo Akid1TauljuO A8]iM BI0Wo|0D 8UeIyd0D Aq GE9862S/720Z/SSTT 0T/10p/W0 A 1M Atelqpuluo//Sdny wolj pepeojumod ‘T ‘%20z ‘Usp



14

(27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

Y. Tahara and K. Toko, “Electronic tongues-a review,” IEEE
Sensors Journal, vol. 13, no. 8, pp. 3001-3011, 2013.

H. Du, G. Chen, and J. Wang, “Highly selective electrochemi-
cal impedance spectroscopy-based graphene electrode for
rapid detection of microplastics,” Science of the Total Environ-
ment, vol. 862, article 160873, 2023.

C. Magro, E. P. Mateus, ]. M. Paz-Garcia, S. Sério, M. Raposo,
and A. B. Ribeiro, “Electronic tongue coupled to an electro-
chemical flow reactor for emerging organic contaminants real
time monitoring,” Sensors, vol. 19, no. 24, p. 5349, 2019.

B. C. Colson and A. P. Michel, “Flow-through quantification of
microplastics using impedance spectroscopy,” ACS Sensors,
vol. 6, pp. 238-244, 2021.

S. Sundar, “A novel low-cost approach for detection, classifica-
tion, and quantification of microplastic pollution in freshwater
ecosystems using IoT devices and instance segmentation,” in
2022 IEEE MIT Undergraduate Research Technology Confer-
ence (URTC), Cambridge, MA, USA, 2022.

M. Michelaraki, O. Joseph, S. Karnik, S. Devalla, K. Madanan,
and R. Prabhu, “Potential for Nile red dye-based analysis of
microplastics from oceanic samples,” in Global Oceans 2020:
Singapore — U.S. Gulf Coast, Biloxi, MS, USA, 2020.

P. Ciosek and W. Wroblewski, “Sensor arrays for liquid sens-
ing - electronic tongue systems,” Analyst, vol. 132, no. 10,
p. 963, 2007.

J. X. Leon-Medina, M. Anaya, F. Pozo, and D. Tibaduiza,
“Nonlinear feature extraction through manifold learning in
an electronic tongue classification task,” Seusors, vol. 20,
no. 17, p. 4834, 2020.

F. Winquist, R. Bjorklund, C. Krantz-Riilcker, I. Lundstrém,
K. Ostergren, and T. Skoglund, “An electronic tongue in the
dairy industry,” Sensors and Actuators B: Chemical, vol. 111,
Pp. 299-304, 2005.

M. Scampicchio, D. Ballabio, A. Arecchi, S. M. Cosio, and
S. Mannino, “Amperometric electronic tongue for food analy-
sis,” Microchimica Acta, vol. 163, pp. 11-21, 2008.

D. Tibaduiza, M. Torres, J. Vitola, M. Anaya, and F. Pozo,
“Non-linear damage classification based on machine learning
and damage indices,” in IWSHM 2017: 11th International
Workshop on Structural Health Monitoring, Stanford, Califor-
nia, 2017.

M. Anaya, Design and validation of a structural health moni-
toring system based on bioinpired algorithms, Universitat Poli-
técnica de Catalunya, 2016.

D. A. Tibaduiza, L. E. Mujica, M. Anaya, J. Rodellar, and
A. Guemes, “Principal component analysis vs. independent
component analysis for damage detection,” Proceedings of the
sixth European workshop on Structural Health Monitoring,
vol. 2, 2012.

A. C. Lazanas and M. L. Prodromidis, “Electrochemical imped-

ance spectroscopy-a tutorial,” ACS Measurement Science Au,
vol. 3, no. 3, pp. 162-193, 2023.

International Journal of Distributed Sensor Networks

85UB017 SUOWIWIOD BRI 8ol jdde auy Aq peusenob 8Je sajone WO 88N JO SaInI 10} A1 8UIUO /8|1 UO (SUOPUOD-PUe-SWB}/I0D A8 1M *Ale.d 1 [BU1|UO//SANY) SUORIPUOD PUe SWiB | 84} 89S *[7202/20/62] U0 A%iqiT 8uljuo AB|IM BIqWo|0D 8URIH00D AQ SE98625/7202/SGTT OT/I0P/W0D A8 1M Aled | |Bul|uo//Sdny WO papeojumoq ‘T ‘¥Z0e ‘Usp



	Microplastic Identification Using Impedance Spectroscopy and Machine Learning Algorithms
	1. Introduction
	2. Theoretical Background
	2.1. Microplastics
	2.2. Electronic Tongue System
	2.3. Support Vector Machine
	2.4. K-Nearest Neighbors
	2.5. Principal Component Analysis (PCA)
	2.6. Q-Statistic and T2-Statistic
	2.7. Impedance Spectroscopy

	3. Microplastic Classification Methodology
	4. Experimental Setup and Validation
	4.1. Microplastic Samples
	4.2. Data Acquisition
	4.3. Classification Results
	4.3.1. Water and Water with Microplastics
	4.3.2. Microplastic Identification in Different Conditions

	5. Conclusions
	Abbreviations
	Data Availability
	Conflicts of Interest
	Acknowledgments




